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Message from the General Chair

Welcome to the 2022 meeting of the North American Association for Computational Linguistics! Due
to the COVID-19 pandemic, NAACL-2021 was held virtually, and NAACL-2022 is the first major NLP
conference that is run as an hybrid conference in North America. It is my pleasure to welcome many of
you who are joining us in Seattle, as well as those who chose to participate in the conference virtually.

COVID safety is important to us and we will do whatever we can to help you enjoy the in-person confe-
rence despite the difficulties we all experience coming back to normality. At the same time, thanks to the
virtual conference platform put together by Underline, we hope that our virtual attendees will experience
the conference almost as if they are in Seattle and enjoy the conference.

NAACL-2022 decided, along with ACL-2022, to experiment with a new reviewing process, based on
“rolling review” (ARR). While we believe that, eventually, this process will converge to an efficient
review process that would benefit our community, pioneering such a process is not without difficulties.
This would not have been possible without the incredible effort, devotion, thoughtfulness, patience, and
many work hours put by our program chairs, Marine Carpuat, Marie-Catherine de Marneffe, and Ivan
Vladimir Meza Ruiz, and the help from the ACL-2022 program chairs, Smaranda Muresan, Preslav
Nakov, Aline Villavicencio. This process necessitated developing a new software package to support our
publication, an effort that was done in collaboration with ACL-2022, and I am thankful to Ryan Cotterell
who led this effort.

Among other innovations we installed in NAACL-2022 is a reproducibility track, where we attempted
to incentivize authors to release models, code, and other information necessary to reproduce the main
results and findings of their papers. We hope that this effort, led by Niranjan Balasubramanian, Jesse
Dodge, Annie Louis, Daniel Deutsch and Yash Kumar Lal, will be followed in future conferences. Other
initiatives include incorporating a “Responsible NLP Research” checklist into the submission process, a
new special theme on “Human-Centered Natural Language Processing”, and many innovative activities
led by our very active and thoughtful Diversity and Inclusion Committee, led by Diana Galván, Snigdha
Chaturvedi and Yonatan Bisk, with Pranav A and Luciana Benotti as advisors.

Organizing a conference as large as NAACL, especially under the constraints of the times we live in,
requires the support of a large number of volunteers who care deeply about our community and are
willing to spend a lot of time and effort in this long process. It is an honor to coordinate such a team. I
would like to thank the members of the organizing committee for their dedication, creativity, and hard
work.

First, it is hard to imagine the amount of thought, care, and time, our program chairs Marine Car-
puat, Marie-Catherine de Marneffe, and Ivan Vladimir Meza Ruiz put into all aspects of organizing
this conference – resulting in an exciting and high quality scientific program.

Many other volunteers have worked hard to make this conference a success and it would not be possible
to name all of them here. I will only list the chairs of the main committees whose dedication, creativity,
hard work and lively communication contributed to making NAACL-2022 a successful event:

• The diversity & inclusion committee chaired by Diana Galván, Snigdha Chaturvedi and Yonatan
Bisk, with advisors Pranav A and Luciana Benotti.

• The industry track chairs, Rashmi Gangadharaiah, Anastassia Loukina and Bonan Min, and advi-
sors Owen Rambow and Yunyao Li.

• The tutorial chairs, Cecilia Alm, Miguel Ballesteros and Yulia Tsvetkov.

• The demonstration chairs, Hannaneh Hajishirzi, Qiang Ning and Avi Sil.
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• The workshop chairs, Dan Goldwasser, Yunyao Li and Ashish Sabharwal.

• The student research workshop chairs, Daphne Ippolito, Liunian Harold Li, Maria Leonor Pacheco
and advisors, Danqi Chen and Nianwen Xue.

• The publication chairs, Ryan Cotterell, Danilo Croce and Jordan Zhang.

• The reproducibility chairs, Niranjan Balasubramanian, Jesse Dodge, Annie Louis, Daniel Deutsch
and Yash Kumar Lal.

• The sponsorship chair, Byron Wallace.

• The volunteer chair, Daniel Khashabi.

• The publicity chairs, Nanyun (Violet) Peng, Emily Sheng, Sameer Singh.

• The virtual infrastructure chairs, Deepak Ramachandran, Martín Villalba, and Rishita Anubhai.

• The website chairs, Ice Pasupat and Vered Shwartz.

Many thanks to Chris Callison-Burch, the ACL Sponsorship Director, for helping the NAACL-2022
Sponsorship chair, Byron Wallace, managing the relations between the sponsors and NAACL-2022.

I am also very grateful to the chairs of previous years’ conferences, who were always ready to help and
share their experience, and to the members of the ACL and NAACL Executive Committees for their
support, feedback and advice.

As usual, special thanks go to Priscilla Rasmussen and to Jennifer Rachford who has stepped into the role
of the ACL business manager just in time to help us with NAACL-22. They have been our local organi-
zers and have dealt with all aspects of organizing and managing the conference, from room assignment,
to food, to COVID tests.

Finally, I would like to thank all authors, invited speakers and panelists, area chairs and reviewers, the
volunteers organizing and chairing sessions, and all attendees, in-person and virtual, for making this a
scientifically exciting and socially engaging conference.

Welcome and hope you all enjoy the conference!

Dan Roth
University of Pennsylvania and AWS AI Labs
NAACL-2022 General Chair
June 2022
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Message from the Program Chairs

Welcome to the 2022 Annual Conference of the North American Association for Computational Lingui-
stics! For the first time, NAACL-HLT 2022 is a hybrid conference. After two years of exclusively virtual
conferences due to the COVID-19 pandemic, we are pleased that attendees and presenters will be able to
join us in person in Seattle and from all over the world online for this year’s edition.

Review Process NAACL 2022 invited the submission of long and short papers featuring substantial,
original, and unpublished research in all aspects of Computational Linguistics and Natural Language
Processing (NLP). Our paper review process was organized in a hierarchical structure similar to recent
years. We recruited 62 senior area chairs (SACs) for 26 areas, following the areas defined for NAACL
2022. There were two paths for submitting papers: special theme papers were directly submitted to the
NAACL OpenReview site, and other main conference papers were reviewed through a new ACL-wide
centralized reviewing process. In coordination with the ACL 2022 organizers, we experimented with the
ACL Rolling Review (ARR) introduced as part of an initiative to improve efficiency and turnaround of
reviewing for ACL conferences. Within this system, reviewing and acceptance of papers to publication
venues was done in a two-step process: (1) centralized rolling review via ARR, where submissions recei-
ve reviews and meta-reviews from ARR reviewers and action editors; (2) commitment to a publication
venue (e.g., NAACL 2022), so that Senior Area Chairs and Program Chairs make acceptance decisions
for a submission using the ARR reviews and meta-reviews. During the first phase of the review pro-
cess, we served as guest Editors in Chief for the ACL Rolling Review and worked to ensure that all
papers submitted received at least three review and one meta-review, while balancing the reviewing load
for reviewers and action editors. NAACL SACs acted as guest senior area chairs in the ARR system,
by helping monitor review progress and supporting the 408 action editors and 3379 reviewers in their
work. While the new reviewing mechanism was not as smooth as one could have hoped for, all papers
submitted to ARR received at least three reviews and a meta-review, so that authors could decide to
commit it to NAACL 2022 if they wanted to. The ACL Executive Committee, based on feedback from
the community, will decide whether the advantages of a centralized rolling review system outweigh the
disadvantages, taking into account the fast growth of our research field. Once papers were committed
to the NAACL OpenReview site, SACs were in charge of making acceptance recommendation per area,
taking into account the submission itself, (meta-)reviews, as well as comments to SACs provided by the
authors and ethics reviews when applicable.
In coordination with Jesse Dodge, Anna Rogers, Margot Mieskes, Amanda Stent, and the ACL Ethics
Committee, we incorporated a “Responsible NLP Research” checklist into the submission process, de-
signed to encourage best research practices in our field, from an ethics and reproducibility perspective.
The ARR Responsible NLP Research checklist is largely based on the NeurIPS 2021 paper checklist,
the reproducible data checklist from Rogers, Baldwin, Leins’s paper “Just What do You Think You’re
Doing, Dave? A Checklist for Responsible Data Use in NLP”, and the NLP Reproducibility checklist
introduced by Dodge, Gururangan, Card, Schwartz and Smith in “Show Your Work: Improved Reporting
of Experimental Results”. Authors were asked to follow the ACL code of ethics and to fill the checklist
to ensure that best practices are put in place. Reviewers were asked to consult the checklist when deci-
ding whether the paper requires ethics review. Based on input from reviewers and action editors, SACs
flagged papers that required an in-depth ethics review, which was handled by a committee of 11 ethics
reviewers. The ethics chairs provided guidance and office hours to help SACs decide when ethics review
was required. The ethics reviews were integrated in the final acceptance recommendation by SACs and
decisions by PCs.

Special Theme We highlighted “Human-Centered Natural Language Processing” as the special theme
for the conference. As NLP applications increasingly mediate people’s lives, it is crucial to understand
how the design decisions made throughout the NLP research and development lifecycle impact people,
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whether there are users, developers, data providers or other stakeholders. For NAACL 2022, we invi-
ted submissions that address research questions that meaningfully incorporate stakeholders in the design,
development, and evaluation of NLP resources, models and systems. We particularly encouraged submis-
sions that bring together perspectives and methods from NLP and Human-Computer Interaction. Given
their interdisciplinary nature, theme papers were reviewed through a dedicated process by reviewers with
expertise in NLP and in Human-Computer Interaction. We received 52 submissions to the special theme,
of which 14 have been accepted to appear at the conference.

Submission Statistics The ACL Rolling Review received 196 submissions in December and 1897 in
January, which were the two submission deadlines between the ACL and NAACL commitment deadli-
nes. Of these 2103 submissions, 56% (1073) were committed to NAACL 2022 for the senior program
committee to make an acceptance decision. We accepted a total of 442 papers (358 long papers and
84 short papers), representing 21.96% of papers submitted to ARR in December and January and to
the NAACL special theme, and 41.19% of papers committed to NAACL (including the special theme
papers). As a reference point, NAACL-HLT 2021 received 1797 submissions and accepted 477 papers,
including 350 long and 127 short, for an overall acceptance rate of 26%. From the accepted papers,
and based on the nominations from SACs, the best paper committee selected best papers, as well as a
small number of outstanding papers with the goal of recognizing diverse types of contributions (inclu-
ding contributions to the special theme on human-centered NLP; innovation in model design, training or
evaluation; resource or dataset contribution).
Additionally, 209 submissions (183 long and 26 short) were accepted for publications in the “Findings
of ACL: NAACL 2022” (or Findings for short), an online companion publication for papers that are
not accepted for publication in the main conference, but nonetheless have been assessed by the program
committee as solid work with sufficient substance. A total of 5 accepted Findings papers were withdrawn.
Findings paper were given the option to be presented as posters during the main conference: 183 took
this opportunity and will be presented either in person or virtually.
NAACL 2022 will also feature 15 papers that were published at Transactions of the Association for
Computational Linguistics (TACL) and 3 papers from the journal of Computational Linguistics (CL).

Program Format The conference program was designed to allow for presentation and attendance in
person in Seattle and virtually from all over the world. Oral sessions will consist of presentations done
either in person or virtually. The Q&A session for each paper will alternate between in-person and online
questions, with a volunteer helping monitor the online questions. All oral sessions will be live-streamed
and recorded. All main conference posters will be presented with a 5-minute video pitch available online
and with a virtual Q&A session, where papers will be grouped by topic to foster discussion. In addition,
authors who attend the conference in Seattle will present their poster in person during traditional poster
sessions. Finally, asynchronous interaction between authors and attendees will be made possible before,
during and after the conference on the Underline platform. We also chose to start the conference early in
the morning to overlap with normal waking hours in distant time zones.
The program includes several plenary sessions, which we hope will provide thought-provoking perspec-
tives that will enrich discussions during the conference and beyond. In addition to a session for best
paper awards, we are delighted to have keynote talks by Batya Friedman (University of Washington) and
Manuel Montes-y-Gómez (National Institute of Astrophysics, Optics and Electronics of Mexico). Dan
Roth (University of Pennsylvania and Amazon) will moderate a discussion on the role of linguistics and
symbolic representations in NLP, with panelists Chitta Baral (Arizona State University), Emily Bender
(University of Washington), Dilek Hakkani-tur (Amazon), and Christopher D. Manning (Stanford Uni-
versity). The industry track, demonstrations track and the student research workshop will have dedicated
sessions during the main conference to round up the program, including a plenary panel on careers in
NLP organized by the industry track chairs.
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Gratitude NAACL would not have been possible without the hard work of many volunteers. We
are very grateful to all who contributed to make the conference possible, especially given the ongoing
challenges raised by the COVID-19 pandemic.
We would like to start by thanking all the authors who submitted their work to the ACL Rolling Review
and NAACL 2022. We could only accept a small fraction of submissions but hope that most papers
received valuable feedback.
Next, we would like to thank all members of the Program Committee – who are too numerous to be all
named here, but are listed elsewhere in the proceedings:

• The senior area chairs, who were incredibly responsive throughout the reviewing process and
patiently helped improve the new reviewing infrastructure.

• ARR action editors and reviewers. Special thanks to those who stepped in at the last minute to
serve as emergency reviewers. This was tremendously appreciated!

• The special theme area chair, Jeff Bigham, and all reviewers, with a special note of appreciation
for those who contributed their time and expertise even though they do not usually publish in NLP
conferences.

• The ethics Chairs, Kai-Wei Chang, Dirk Hovy and Diyi Yang, for designing a process to encourage
consistent evaluation of ethical considerations during the review process, and their timely input to
ensure the integration of ethics review in acceptance recommendations and decisions.

• The ethics reviewers: Yonatan Bisk, Kevin Bretonnel Cohen, Francien Dechesne, Jack Hessel, Jin-
Dong Kim, Anne Lauscher, Dave Lewis, Margot Mieskes, Xanda Schofield, Lyle Ungar, Jingbo
Xia.

• The outstanding reviewers and action editors who were nominated by the senior area chairs for
writing reviews that were particularly helpful in the decision making process. They are recognized
by name later in this volume.

Experimenting with a new reviewing system on the large scale required by NAACL would not have been
possible without the following people:

• Amanda Stent and Goran Glavaš, as ARR Editors-in-Chiefs, for their tireless work in support of
the ARR December and January cycles.

• Graham Neubig, Dhruv Naik and Nils Dycke, as ARR Tech Team for these two cycles.

• Celeste Martinez Gomez, Melisa Bok, and Nadia L’Bahy, as OpenReview Tech Team.

• Elijah Rippeth for his help coordinating the special theme submissions.

The following committees helped shape the conference in countless ways:

• The best paper committee: Thamar Solorio (Chair), Isabelle Augenstein, Gemma Bel Enguix,
Alona Fyshe, Shafiq Joty and Emily Prud’hommeaux who enthusiastically read and recommended
papers for awards in a short time frame.

• The diversity & inclusion committee chaired by Diana Galván, Snigdha Chaturvedi and Yonatan
Bisk, with advisors Pranav A and Luciana Benotti.

• The industry track chairs, Rashmi Gangadharaiah, Anastassia Loukina and Bonan Min, and advi-
sors Owen Rambow and Yunyao Li.

• The tutorial chairs, Cecilia Alm, Miguel Ballesteros and Yulia Tsvetkov.

• The demonstration chairs, Hannaneh Hajishirzi, Qiang Ning and Avi Sil.

x



• The workshop chairs, Dan Goldwasser, Yunyao Li and Ashish Sabharwal.

• The student research workshop chairs, Daphne Ippolito, Liunian Harold Li, Maria Leonor Pacheco
and advisors, Danqi Chen and Nianwen Xue.

• The publication chairs, Ryan Cotterell, Danilo Croce and Jordan Zhang.

• The reproducibility chairs, Niranjan Balasubramanian, Jesse Dodge, Annie Louis, Daniel Deutsch
and Yash Kumar Lal.

• The sponsorship chair, Byron Wallace.

• The volunteer chair, Daniel Khashabi.

• The publicity chairs, Nanyun (Violet) Peng, Emily Sheng, Sameer Singh.

• The virtual infrastructure chairs, Deepak Ramachandran, Martín Villalba, and Rishita Anubhai.

• The website chairs, Ice Pasupat and Vered Shwartz for their exceptional reactivity and thorough
checks of the conference schedule.

Finally, we would not have been able to organize this conference without the guidance, advice and
cooperation of the following people:

• Damira Mrsic, Jernej Masnec, and Sol Rosenberg from Underline, who have been very prompt at
answering all our questions and very helpful in setting up the virtual platform.

• Priscilla Rasmussen and Jenn Rachford who make all the logistics of the conference possible.

• Smaranda Muresan, Preslav Nakov, Aline Villavicencio, the Program co-Chairs of ACL 2022 who
shared with us their materials and recent experience, and provided moral support.

• Anna Rumshisky, Thamar Solorio and Luke Zettlemoyer, as previous Program co-Chairs of NAA-
CL, who answered many questions and provided invaluable guidance.

• TACL Editorial Assistant Cindy Robinson, and CL Editor-in-Chief Hwee Tou Ng for coordinating
TACL and CL presentations with us.

• And last but not least, our General Chair, Dan Roth, whose guidance and support throughout the
process were truly invaluable: his quiet strength, big picture thinking, and respect for all the parties
involved were a soothing balm and an inspiration.

We hope you will enjoy the NAACL 2022 conference!

Marie-Catherine de Marneffe, Marine Carpuat and Ivan Vladimir Meza Ruiz
NAACL 2022 Program Committee Co-Chairs
June 2022
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ke, Chuang Fan, Feifan Fan, Lu Fan, Anjie Fang, Wei Fang, Yihao Fang, Yuwei Fang, Hossein
Fani, Amir Feder, Hao Fei, Nils Feldhus, Mariano Felice, Jiazhan Feng, Junlan Feng, Shi Feng,
Shi Feng, Shikun Feng, Xiachong Feng, Yansong Feng, Emmanouil Fergadiotis, James Ferguson,
Daniel Fernández-González, Patrick Fernandes, Elisa Ferracane, Javier Ferrando, Francis Ferra-
ro, Thiago Ferreira, Olivier Ferret, Besnik Fetahu, Anjalie Field, Alejandro Figueroa, Katja Fi-
lippova, Catherine Finegan-Dollak, Nicholas FitzGerald, Margaret Fleck, Lucie Flekova, Antske
Fokkens, Marina Fomicheva, José Fonollosa, Tommaso Fornaciari, Paula Fortuna, Eric Fosler-
Lussier, George Foster, Mary Ellen Foster, James Foulds, Thomas François, Anette Frank, Stella
Frank, Alexander Fraser, Kathleen Fraser, Marjorie Freedman, Dayne Freitag, Markus Freitag,
Andre Freitas, Lea Frermann, Daniel Fried, Guohong Fu, Jie Fu, Jinlan Fu, Peng Fu, Tsu-Jui Fu,
Xingyu Fu, Xiyan Fu, Yao Fu, Yoshinari Fujinuma, Kotaro Funakoshi, Adam Funk

Jana Götze, Carlos Gómez-Rodríguez, Matteo Gabburo, Saadia Gabriel, David Gaddy, Marco
Gaido, Andrea Galassi, Mark Gales, Leilei Gan, Yujian Gan, Zhe Gan, Kuzman Ganchev, Su-
deep Gandhe, Ashwinkumar Ganesan, Balaji Ganesan, Debasis Ganguly, William Gantt, Ge Gao,
Jie Gao, Jun Gao, Shen Gao, Tianyu Gao, Yifan Gao, Yingbo Gao, Matt Gardner, Dinesh Garg,

xxi



Muskan Garg, Sarthak Garg, Siddhant Garg, Albert Gatt, Manas Gaur, Dipesh Gautam, Shen Ge,
Yubin Ge, Ruiying Geng, Ariel Gera, Mor Geva, Demian Ghalandari, Sepideh Ghanavati, Sarik
Ghazarian, Sarik Ghazarian, Marjan Ghazvininejad, Mozhdeh Gheini, Ahmed Ghoneim, Deepa-
nway Ghosal, Debanjan Ghosh, Sourav Ghosh, Sucheta Ghosh, Daniel Gildea, Salvatore Gior-
gi, Voula Giouli, Adrià Gispert, Mario Giulianelli, Michael Glass, Goran Glavaš, Alfio Gliozzo,
Ameya Godbole, Vaibhava Goel, Nazli Goharian, Tejas Gokhale, Sujatha Das Gollapalli, Mar-
cos Goncalves, Lovedeep Gondara, Heng Gong, Hongyu Gong, Samuel Gonzalez-Lopez, Jeffrey
Good, Rob Goot, Karthik Gopalakrishnan, Vera Gor, Philip Gorinski, Isao Goto, Cyril Goutte,
Kartik Goyal, Naman Goyal, Pawan Goyal, Tanya Goyal, Mario Graff, Christophe Gravier, Yu-
lia Grishina, Milan Gritta, Loïc Grobol, Karol Grzegorczyk, Jia-Chen Gu, Jing Gu, Jian Guan,
Saiping Guan, Shuo Guan, Yi Guan, Marco Guerini, Lin Gui, Vincent Guigue, Liane Guillou,
Camille Guinaudeau, Kalpa Gunaratna, Chulaka Gunasekara, James Gung, Tunga Gungor, Jiang
Guo, Jiaqi Guo, Junliang Guo, Ruocheng Guo, Yinpeng Guo, Zhijiang Guo, Abhirut Gupta, Pra-
khar Gupta, Rahul Gupta, Shashank Gupta, Sparsh Gupta, Vivek Gupta, Izzeddin Gur, Suchin
Gururangan, Joakim Gustafson, Ximena Gutierrez-Vasques, Ido Guy
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Keynote Talk: Shaping Technology with Moral Imagination:
Leveraging the Machinery of Value Sensitive Design

Batya Friedman
Information School, University of Washington

Abstract:

Monday, July 11, 2022 - Room: Columbia A/C/D & 302 Beckler - Time: 9:15-10:15

Abstract: Tools and technologies are fundamental to the human condition. They do no less than create
and structure the conditions in which we live, express ourselves, enact society, and experience what it
means to be human. They are also the result of our moral and technical imaginations. Yet, with our
limited view, it is not at all obvious how to design and engineer tools and technology so that they are
more likely to support the actions, relationships, institutions, and experiences that human beings care
deeply about – a life and society of human flourishing.

Value Sensitive Design (VSD) was developed as an approach to address this challenge from within te-
chnical design processes. Drawing on over three decades of work, in this plenary talk I will provide an
introduction to value sensitive design foregrounding human values in the technical design process. My
remarks will present some of value sensitive design’s core theoretical constructs. Along the way, I’ll pro-
vide some examples of applying value sensitive design to robots for healthcare and to bias in computing
systems as well as demonstrate one toolkit—The Envisioning Cards—in the context of a design activity.

As time permits, I will turn to a discussion of structure, scale and time: we act within existing structure
in the now, from which futures unfold across time and scale. I will unpack these observations and their
implications for artificial intelligence and machine learning technologies. Thinking longer-term and sy-
stemically, I will bring forward a range of potential challenges and offer some constructive ways forward.
My comments will engage individual lives, society writ large, what it means to be human, the planet and
beyond.

Please have scratch paper and a pencil handy for the design activity.

Bio: Batya Friedman is a Professor in the Information School and holds adjunct appointments in the Paul
G. Allen School of Computer Science & Engineering, the School of Law, and the Department of Human
Centered Design and Engineering at the University of Washington where she co-founded the Value Sen-
sitive Design Lab and the UW Tech Policy Lab. Dr. Friedman pioneered value sensitive design (VSD), an
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established approach to account for human values in the design of technical systems. Her work in value
sensitive design has resulted in robust theoretical constructs, dozens of innovative methods, and practical
toolkits such as the Envisioning Cards. Value sensitive design has been widely adopted nationally and
internationally where it has been used in architecture, biomedical health informatics, civil engineering,
computer security, energy, global health, human-computer interaction, human-robotic interaction, infor-
mation management, legal theory, moral philosophy, tech policy, transportation, and urban planning,
among others. Additionally, value sensitive design is emerging in higher education, government, and
industry as a key approach to address computing ethics and responsible innovation. Today, Dr. Friedman
is working on open questions in value sensitive design including multi-lifespan design, and designing for
and with non-human stakeholders – questions critical for the wellbeing of human societies and the planet.

Dr. Friedman’s 2019 MIT Press book co-authored with David Hendry, Value Sensitive Design: Shaping
Technology with Moral Imagination, provides a comprehensive account of value sensitive design. In
2012 Dr. Friedman received the ACM-SIGCHI Social Impact Award and the University Faculty Lectu-
rer award at the University of Washington, in 2019 she was inducted into the CHI Academy, in 2020 she
received an honorary doctorate from Delft University of Technology, and in 2021 she was recognized as
an ACM Fellow. She is also a stone sculptor and mixed media artist. Dr. Friedman received both her
B.A. and Ph.D. from the University of California at Berkeley.
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Keynote Talk: NLP in Mexican Spanish: One of many stories
Manuel Montes-y-Gómez

National Institute of Astrophysics, Optics and Electronics (INAOE)

Abstract:

Wednesday, July 13, 2022 - Room: Columbia A/C/D & 302 Beckler - Time: 16:15-17:15

Abstract: Spanish is one of the most widely spoken languages in the world, however, the development
of language technologies for it has not been in the same proportion. This is particularly true for some of
its Latin American variants, such as the Mexican Spanish. This talk will focus on presenting the develo-
pment of NLP for Mexican Spanish, emphasizing one of its many research stories related to the analysis
of social media content.

This talk will present some data on the languages spoken in Mexico and on the development of the area
of Natural Language Processing in our country, and will describe a research project that combined the
efforts of several groups: the identification of abusive language in Mexican tweets. The talk will conclu-
de by exposing some calls for collaboration, with the intention of increasing and improving the research
in Mexican Spanish as well as in the many indigenous languages spoken in Mexico.

Bio: Manuel Montes-y-Gómez is Full Professor at the National Institute of Astrophysics, Optics and
Electronics (INAOE) of Mexico. His research is on automatic text processing. He is author of more
than 250 journal and conference papers in the fields of information retrieval, text mining and authorship
analysis.

He has been visiting professor at the Polytechnic University of Valencia (Spain), and the University
of Alabama (USA). He is also a member of the Mexican Academy of Sciences (AMC), and founding
member of the Mexican Academy of Computer Science (AMEXCOMP), the Mexican Association of
Natural Language Processing (AMNLP), and of the Language Technology Network of CONACYT. In
the context of them, he has been the organizer of the National Workshop on Lanuage Technologies (from
2004 to 2016), the Mexican Workshop on Plagiarism Detection and Authorship Analysis (2016-2020),
the Mexican Autumn School on Language Technologies (2015 and 2016), and a shared task on author
profiling, aggressiveness analysis and fake news detection in Mexican Spanish at IberLEF (2018-2021).
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Panel: “The Place of Linguistics and Symbolic Structures”

Tuesday, July 12, 2022 - Room: Columbia A/C/D & 302 Beckler - Time: 9:15-10:15

The widespread adoption of neural models in NLP research and the fact that NLP applications increasin-
gly mediate people’s lives have prompted many discussions about what productive research directions
might look like for our community. Since NAACL is a meeting of a chapter of the Association for
Computational Linguistics, we would like to highlight specifically the role that linguistics and symbolic
structures can play (or not) in shaping these research directions.

Moderator: Dan Roth, University of Pennsylvania & AWS AI Labs
Bio: Dan Roth is the Eduardo D. Glandt Distinguished Professor at the Department of CIS, UPenn, the
NLP Lead at AWS AI, and a Fellow of the AAAS, ACM, AAAI, and ACL. In 2017 Roth received the
John McCarthy Award. Roth has published broadly in ML, NLP, KRR, and learning theory, and has
given keynote talks and tutorials in all ACL and AAAI major conferences. Roth was the Editor-in-Chief
of JAIR until 2017, and the program chair of AAAI’11, ACL’03 and CoNLL’02.

Emily M. Bender, University of Washington
Bio: Emily M. Bender is a Professor of Linguistics at the University of Washington and the Faculty
Director of UW’s Professional Master’s in Computational Linguistics. Her research interests include
computational semantics, multilingual grammar engineering, the interplay between linguistics and NLP,
and societal impacts of language technology. She is the author of two books which present linguistic
concepts in a manner accessible to NLP practitioners: Linguistic Fundamentals for Natural Language
Processing: 100 Essentials from Morphology and Syntax (2013) and Linguistic Fundamentals for Natu-
ral Language Processing II: 100 Essentials from Semantics and Pragmatics (2019; with Alex Lascarides),
as well as the co-author of recent influential papers such as Climbing towards NLU: On Meaning, Form,
and Understanding in the Age of Data (ACL 2020) and On the Dangers of Stochastic Parrots: Can Lan-
guage Models Be Too Big? (FAcct 2021).

Dilek Hakkani-Tür, Amazon Alexa AI
Bio: Dilek Hakkani-Tür is a senior principal scientist at Amazon Alexa AI, focusing on enabling natural
dialogues with machines. Prior to joining Amazon, she was a researcher at Google, Microsoft Resear-
ch, International Computer Science Institute at UC Berkeley and AT&T Labs-Research. Her research
interests include conversational AI, natural language and speech processing, spoken dialogue systems,
and machine learning for language processing. She received best paper awards for publications she
co-authored on conversational systems from IEEE Signal Processing Society, ISCA and EURASIP. Re-
cently, she served as a program chair for NAACL 2020, the editor-in-chief of IEEE Transactions on
Audio, Speech, and Language Processing and an IEEE Distinguished Industry Speaker. She is a fellow
of ISCA and IEEE.

Chitta Baral, Arizona State University
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Bio: Chitta Baral is a Professor in the School of Computing and AI at Arizona State University. His
research interests include Knowledge Representation and Reasoning (KR & R), Natural Language Un-
derstanding (NLU), Image/Video Understanding; and their applications to Molecular Biology, Health
Informatics and Robotics. Chitta is the author of the book “Knowledge Representation, Reasoning and
Declarative Problem Solving” and a past President of KR Inc. His current research focus is on levera-
ging decades of research in KR & R for better understanding of natural language and images/videos.
Towards that end he has worked on a framework for translating natural language to formal representa-
tions (NL2KR); abducing missing knowledge and knowledge hunting; exploring NLU challenges where
reasoning with knowledge, reasoning about actions, and commonsense reasoning are crucial; exploring
the use of natural language as a knowledge representation and instructional formalism; and exploring the
role of reasoning and knowledge in enhancing generalizability, robustness, and few-shot learning.

Christopher D. Manning, Stanford University
Bio: Christopher Manning is a professor of linguistics and computer science at Stanford University,
Director of the Stanford Artificial Intelligence Lab (SAIL), and an Associate Director of the Stanford In-
stitute for Human-Centered AI (HAI). He is a leader in applying deep neural networks to natural language
processing (NLP), including work on neural machine translation, tree-recursive models, natural language
inference, summarization, parsing, question answering, and the GloVe word vectors. Manning founded
the Stanford NLP group (@stanfordnlp), teaches and has co-written textbooks for NLP (CS 224N) and
information retrieval (CS 276), co-developed Stanford Dependencies and Universal Dependencies, ma-
nages development of the Stanford CoreNLP and Stanza software, is the most-cited researcher in NLP,
and is an ACM, AAAI, and ACL Fellow and a Past President of ACL.
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Panel: “Careers in NLP”

Monday, July 11, 2022 - Room: Columbia A/C/D & 302 Beckler - Time: 13:15-14:15

The Careers in NLP Panel is a standing feature of NAACL Industry Track. The panel is addressed to
graduate students and junior researchers as well as their supervisors and mentors, although all NAACL
participants are welcomed. The panellists will discuss the diversity of career paths in NLP: from more
research-oriented NLP scientist roles to careers in product.

Moderator: Yunyao Li, Apple Knowledge Platform
Bio: Yunyao Li is the Head of Machine Learning, Apple Knowledge Platform, where her team builds the
next-generation machine learning solutions to help power features such as Siri and Spotlight. Previously
she was a Distinguished Research Staff Member and Senior Research Manager at IBM Research - Al-
maden. She is particularly known for her work in scalable NLP, enterprise search, and database usability.
She has built systems, developed solutions, and delivered core technologies to over 20 IBM products
under brands such as Watson, InfoSphere, and Cognos. She has published over 80 articles with multiple
awards and a book. She was an IBM Master Inventor, with over 50 patents filed/granted. She is an ACM
Distinguished Member. She was a member of the inaugural New Voices program of the US National
Academies (1 out of 18 selected nationwide) and represented US young scientists at World Laureates
Forum Young Scientists Forum in 2019 (1 of 4 selected nationwide).

Yang Liu, Amazon, Alexa AI
Bio: Yang Liu is currently a principal scientist at Amazon, Alexa AI. Her research interest is in spee-
ch and language processing. She received her BS and MS from Tsinghua University, and Ph.D. from
Purdue University. Before joining Amazon, she was the head of LAIX Silicon Valley AI lab, a research
scientist at Facebook, visiting scientist at Google, a faculty member at the University of Texas at Dallas,
and researcher at ICSI in Berkeley. She received NSF CAREER award and Air Force Young Investiga-
tor Program award. She is currently a member of the IEEE SLTC committee, a senior area editor for
IEEE/ACM Transactions on Audio, Speech and Language Processing, an action editor for TACL. She
was one of the program chairs for EMNLP 2020, and has served regularly as an area chair and reviewer
in the past NLP conferences. She is a fellow of IEEE and ISCA.

Timo Mertens, Grammarly
Bio: Timo Mertens is the Head of Machine Learning & NLP Products at Grammarly. In his role, he
oversees the teams that design and build products that use machine learning and natural language proces-
sing. These technologies empower Grammarly to offer a digital writing assistant that helps millions of
users write more clearly and effectively every day. Timo has focused on the intersection between machi-
ne learning and delivering impactful products throughout his career, spanning academia—with a Ph.D.
in Speech Recognition—and industry, where he’s held product leadership positions across Microsoft,
Google, and Dropbox.
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Thamar Solorio, University of Houston and Bloomberg LP
Bio: Thamar Solorio is a Professor of Computer Science at the University of Houston (UH) and she
is also a visiting scientist at Bloomberg LP. She holds graduate degrees in Computer Science from the
Instituto Nacional de Astrofísica, Óptica y Electrónica, in Puebla, Mexico. Her research interests inclu-
de information extraction from social media data, enabling technology for code-switched data, stylistic
modelling of text, and more recently multimodal approaches for online content understanding. She is the
director and founder of the Research in Text Understanding and Language Analysis Lab at UH. She is
the recipient of an NSF CAREER award for her work on authorship attribution, and recipient of the 2014
Emerging Leader ABIE Award in Honor of Denice Denton. She is currently serving a second term as an
elected board member of the North American Chapter of the Association of Computational Linguistics.

Luke Zettlemoyer, University of Washington and Meta
Bio: Luke Zettlemoyer is a Professor in the Paul G. Allen School of Computer Science & Engineering
at the University of Washington, and a Research Scientist at Meta. His research focuses on empirical
methods for natural language semantics, and involves designing machine learning algorithms, introdu-
cing new tasks and datasets, and, most recently, studying how to best develop self-supervision signals
for pre-training. His honors include being named an ACL Fellow as well as winning a PECASE award,
an Allen Distinguished Investigator award, and multiple best paper awards.
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Abstract

Humans use natural language, vision, and con-
text to resolve referents in their environment.
While some situated reference resolution is triv-
ial, ambiguous cases arise when the language is
underspecified or there are multiple candidate
referents. This study investigates how prag-
matic modulators external to the linguistic con-
tent are critical for the correct interpretation of
referents in these scenarios. In particular, we
demonstrate in a human subjects experiment
how the social norms applicable in the given
context influence the interpretation of referring
expressions. Additionally, we highlight how
current coreference tools in natural language
processing fail to handle these ambiguous cases.
We also briefly discuss the implications of this
work for assistive robots which will routinely
need to resolve referents in their environment.

1 Introduction

Humans interacting in natural language need to
resolve referential expressions often referring to
referents in their environment; utterances like pick
up the green box or pick it up, for instance, high-
light some referring expressions that point to a ref-
erent. These expressions appear in various forms,
from clear and specific—the green box—to under-
specified and ambiguous—it. But reference res-
olution, especially situated reference resolution,
also requires vision and pragmatic context to dis-
ambiguate references. In the linguistically under-
specifed example of pick it up, a listener may have
to look for the candidate objects in the environment
to figure out what it refers to. Additionally, the so-
cial setting can modulate what referent is intended,
given the same referring expression and objects in
the environment; in a dining room, for instance, a
spoon on the ground may be the more likely candi-
date than a pencil. In this paper we investigate the
role of pragmatic modulators like this in reference
resolution.

The psycholinguistics literature has leveraged
eye tracking to infer what referents humans resolve
in various contexts (Tanenhaus et al., 1995; Spivey
et al., 2001). Pragmatic modulators outside of the
linguistic content can further constrain the referen-
tial domain and affect referent interpretation, such
as task-relevant constraints (Hanna and Tanenhaus,
2004). There is a gap, however, in understanding
how other pragmatic modulators, such as social
norms and conventions affect the interpretation of
referents. For example, while there has been work
on modeling what social norms are activated in
various contexts and settings (Malle et al., 2020),
it is unclear how norms guide humans to interpret
referring expressions. Similarly, conventions such
as standing on the right side of an escalator while
walking on the left, or sitting in the back of cab, can
have modulatory influence on reference resolution
and object selection.

The aim of this paper is to demonstrate the role
of pragmatic modulators, especially social norms,
in guiding situated reference resolution. First we
provide background on reference resolution and
context, with a focus on situated reference resolu-
tion in particular. Then, we show how referents are
guided by social norms in certain contexts through
a human-subjects experiment. We proceed to com-
pare results from this experiment—the referents
selected given the situational context and referring
expressions—against several coreference tools that
attempt to resolve these referents. Lastly, with an
eye towards assistive robots, we conclude by out-
lining an approach for teaching robots to leverage
social norms and context for object selection.

2 Background

2.1 Reference Resolution in NLP

Reference resolution is a key task in natural lan-
guage processing. State-of-the-art approaches in
NLP—through significant strides in deep learning—
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perform well on text-based reference resolu-
tion by learning important syntactic and seman-
tic features. Indeed, coreference phenomenon
are naturally guided by several linguistic phe-
nomena as discussed in (Jurafsky and Martin,
2009). Among them are gender agreement, num-
ber agreement, person agreement, recency, bind-
ing constraints, verb semantics, and selectional
restrictions—features often useful for coreference
models in NLP such as CoreNLP (Finkel et al.,
2005). A more recent end-to-end neural model,
part of AllenNLP (Lee et al., 2017), moves away
from traditional engineered features and syntac-
tic information and instead relies on word embed-
dings within and around potential coreferent men-
tion spans as well as the distance between spans,
among other approaches.

However, while powerful models encode impor-
tant linguistic cues for reference interpretation, and
use word embeddings to capture word similarity,
they fail to take into account contextual knowledge
(Emami et al., 2018). This renders current NLP
tools insufficient for situated reference resolution.

Recently, coreference tasks such as the Wino-
grad Schema Challenge (WSC), proposed by
Levesque et al. (2012), challenge coreference mod-
els to handle world knowledge and common sense
reasoning. The KnowRef dataset (Emami et al.,
2018), a coreference corpus of natural texts, pro-
vides a new benchmark for coreference resolution
that requires systems to reason about context. The
coreference task created sentences stripped of lin-
guistic cues from syntax, gender agreement, and
number agreement, forcing systems to rely on con-
text and world knowledge. Emami et al. (2018)
fine-tuned a BERT model on the KnowRef dataset
to improve its accuracy over other state-of-the-art
models. This shows that reference resolution sys-
tems can encode world knowledge and common
sense reasoning to an extent when trained on these
Winograd Schema type datastets. Yet these pow-
erful models remain opaque and do not explicitly
model the pragmatic constraints of social norms
and conventions.

3 Pragmatic Constraints and Social
Norms

Work on multi-modal reference resolution gets
closer to modeling pragmatic constraints, mainly
by moving beyond text and considering gesture
and context to help disambiguate referring expres-

sions (Matuszek et al., 2014; Whitney et al., 2016;
Chai et al., 2004). Whitney et al. (2016), in addi-
tion to speech and gesture, incorporates contextual
knowledge to improve the accuracy of their model
on a dataset where people refer to objects on a
table. The model exploits information from the
kitchen domain and uses recipes as a knowledge
base to understand tools and ingredients that typi-
cally belong together. Chai et al. (2004) also uses
domain knowledge in a graph-matching algorithm
for multi-modal referring expressions with a map
showing houses and prices. The guiding context,
here, is conversational history and domain knowl-
edge about house pricing.

Within the psycholinguistics literature, Hanna
and Tanenhaus (2004) use eye-tracking in a cook-
ing simulation to show that pragmatic constraints
have modulatory influence on the interpretation
of referring expressions. In this experiment, par-
ticipants followed a confederate cook’s instruc-
tions for a recipe, where the cook used the the
definite noun phrase the cake mix to signal po-
tential referents in the cooking space. The ad-
dressee’s domain of interpretation changed with
the task-based constraints—cued perceptually with
the cook’s hands being empty or full. As the ad-
dressees monitor the speaker, they tend to interpret
the referent in the cook’s area when the cook’s
hands were full and the referent in their own area
when the cook’s hands were empty. The results
support constraint-based models, where speaker
constraints are taken into account for interpretation
alongside linguistic ones; indeed, this study high-
lights how a definite referring expression can point
to a few possible candidate objects in a restricted
domain, just based on its linguistic form, yet people
can disambiguate which referent is being referred
to from the pragmatic context. While this study
focuses on speaker-based constraints, there is still a
lack of knowledge about the modualtory influence
of social norms and conventions in interpreting re-
ferring expressions.

A promising step in this direction are attempts
to computationally model social norms with the
ultimate aim of creating norm competent artificial
agents (Malle et al., 2020). Malle et al. (2020)
experimentally collected responses from humans to
generate social norms for eight contexts, including
a library, boardroom, bathroom, and restaurant,
among others. While social norms can be elusive
and challenging to define, since they vary by cul-
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ture and appear on various levels of demand, Malle
et al. (2020) follows Janoff-Bulman et al. (2009)
in viewing social norms as prescriptions and
prohibitions and giving attention the gradability of
these norms by mapping the deontic force—how
strong or weak these norms are to be followed—to
the collected prescriptions and prohibitions. Malle
et al. (2020) define norms more formally as such:

A norm is an instruction, in a given community,
to (not) perform an action in a given context,
provided that a sufficient number of individuals in
the community (i) demand, to a certain degree, of
each other to follow the instruction and (ii) do in
fact follow it.

We will adopt this definition for social norms in
this study, which formalizes the idea of prescrip-
tions and prohibitions being followed by many peo-
ple. We also broaden the definition of social norms
to include descriptive norms and conventions, al-
though Bicchieri (2005) makes a more fine-grained
distinction between social norms, conventions, and
descriptive norms. We do not consider moral norms
or legal obligations in the present paper.

Equally important, this study offers an approach
for teaching norms to robots for guiding actions and
balancing norms with goals. They outline an en-
riched Markvov Decision Process (MDP) approach
that uses a starting norm base, which are predefined
norms collected in the experiment, and refines it
through human interaction and feedback. We look
at this proposal optimistically for, in a similar vein,
teaching embodied agents the specific behavior of
performing situated reference resolution.

A referring expression can appear in a variety
of linguistic forms, but pragmatics, regardless of
the linguistic form, has the potential to modulate
the meaning of the sentence and referent entirely.
This will be true for humans that use natural lan-
guage with robots as well. Imagine a situation
where someone commands an assistive robot in a
home: take it away. The robot can use the natural
language and vision input to scan the area for poten-
tial referents of it. If a shoe and a spoon are salient
objects on a dining room table, the convention of
a shoe not belonging on a table would make the
shoe the more likely candidate. Alternatively if a
shoe and a spoon are salient objects on the floor of
a bedroom, the spoon would likely be the referent.

Marrying the work on pragmatic constraints on

reference resolution and social norms, we conduct
an experiment where humans are tasked with iden-
tifying the referent of an ambiguous referring ex-
pression across various contexts and, thus, various
social norms and conventions.

This experiment relates to previous work that
leverages crowd sourcing for collecting anaphora
annotations and judgments (Poesio et al., 2019,
2013; Chamberlain et al., 2008; Kicikoglu et al.,
2019). Although this body of work focuses on a
game-with-a-purpose (GWAP) approach to crowd
sourcing (Von Ahn, 2006), our study does not gam-
ify our annotation task but it does avoid using
linguistic and annotation terminology for partic-
ipants. Poesio et al. (2019), specifically, collects
several judgements and disagreements over am-
biguous cases of anaphora. Similarly, our study
captures the reasons and explanations people make
when resolving a referent, although there is no adju-
dication process. Through overall decisions and ex-
planations, we are then able to study the agreement
and interpretations over our ambiguous scenarios.

4 Experiment and Results

Here, we report the details of an online vignette-
based human-subjects experiment designed to ex-
plicate the potential role of social norms in resolv-
ing references in context. We recruited 50 par-
ticipants on Prolific (see https://prolific.
co), an online participant recruitment site which
is known to provide better results on tasks like
ours. Participants were free to leave the study at
any point, their data was anonymized, and they re-
ceived adequate payment for the study. A consent
form was presented at the beginning of each study
with information on how their data would be used.
We restricted our recruitment to people living in
the United States and at the time of the study and
native speakers of English.

Each participant was presented with eight text
vignettes where each vignette described a scene
within a daily-life context. Each scene contains
four pieces of information: an explicit mention of
the setting (The scene takes place in a library), a
description of the background—that is, the objects
and people in the scene—an underspecified refer-
ring expression (e.g., remove it), and an actor in
the scene acting on an object. There are always
two salient referents that are potential candidates
for the referring expression. Participants must de-
termine whether the referent chosen by the actor in
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Contexts Items Hypothesized Norms

Library head seat, side seat do not interrupt someone at the library; give space to others
Boardroom head seat, side seat do not sit at the head of the table

Taxicab front seat, back seat you should sit in the front seat
Friend’s Car front seat, back seat you should sit in the back seat

Dining Room shoe, spoon a shoe should not be on a dining table
Leather Shop shoe, spoon a spoon should not be on a non dining table

Bookstore magazine, toothbrush a toothbrush should not be on the floor of a bathroom
Bathroom magazine, toothbrush a magazine for display should not be on the ground

Table 1: Overview of contexts in the experiment, the items mentioned in the reference task, and some hypothesized
norms activated in each context.

the scene was the correct one.
With the information still in view, participants

are asked to select the best explanation for their
answer and are provided a multiple choice listing
of five potential explanations and one open text
response option labeled other. These reasons in-
clude: typical for the setting, object is mentioned
first, object is mentioned more recently, time sensi-
tive option, more convenient option, and other. We
included reasons that could explain that the correct
referent was the one that was intended, rather than
subjective options that potentially frame the ques-
tion as a personal preference. We also offered a text
response if none of the options fit.1 We summarize
the contexts, candidate objects, and a hypothesized
norm associated with each context in Table 1.

Each context, some of which are inspired by
Malle et al. (2020), are assumed to activate their
own inventory of norms to help disambiguate the
referring expression. Our hypothesized norms are
partly based on intuition but also inspired by pre-
vious work on norms and behavior. Aarts and Di-
jksterhuis (2003), for instance, conducted a survey
with undergraduates to confirm the normative be-
havior of acting silently in a library setting. This
norm is applied to our study in a library scene:
there is an open seat at a table right next to someone
and a seat further away from someone. Although
there is no mention to noise, seating right next to
someone else—a stranger—is potentially noisy and
interruptive. Additionally, similar to the norm of
not littering (Cialdini et al., 1991), we focused on

1The experimental design of a posthoc explanation of
whether the referent was “correct” was chosen after initial
pilot experiments showed that asking subjects for the correct
referent rather than providing them with the choice of the
actor in the scene led to a confound: subjects often choose the
referent they would have chosen instead of hypothesizing the
referent the actor in the given context would have selected.

prohibitions of objects not belonging in certain con-
texts; a shoe is not supposed to be on a clean dining
room table and a toothbrush should not be on the
bathroom floor. We posit other norms that tend
to influence frequent behavior such as sitting with
your friend in their car, as opposed to the backseat,
and sitting in the back of a taxicab.

Similar to Winograd schema datasets, each refer-
ring expression is stripped of linguistic surface cues
such as gender, number, and person that would give
away the referent. Instead, these scenes are set up
so that subjects in the experiment have to rely on
information outside of the text to help them make
a decision. The only linguistic cue we maintain in
the study, however, is recency, where we change
the ordering of the referents. These scenes include:
library, boardroom, taxicab, friend’s car, dining
room, leather shop, bookstore, home bathroom.

Each scene has a complementary scene that
shares the same referents; the library and board-
room share two seats, the taxicab and friend’s car
share two seats, the dining room and leather shop
share a shoe and a spoon, and the bookstore and
home bathroom share a toothbrush and a magazine.
The purpose of creating complementary scenes
with the same referent was to demonstrate how,
when the referring expression is constant, the con-
text, and thus the social norms and conventions
associated with it, modulate the interpretation of
the referent. We posit, for instance, that people will
select the seat in the back of the cab as opposed to
the front of the cab. This would be guided by the
norm of sitting in the back of a cab. Alternatively,
people would most likely choose to sit in the front
seat in a friend’s car and not the back seat, also for
conventional reasons.

The following excerpts show examples of the
scenes participants read during the experiment. The
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one below is for the dining room context:

The scene takes place in a dining room.
There is a shoe and a spoon sitting on a
dining room table. Dinner is about to be
served.

Someone says, “remove it.”

Someone else removes the shoe from the
table.

This next example, describing a leather shop,
shows a complementary scene using the same can-
didate objects of the shoe and spoon and the same
definite referring expression, remove it.

The scene takes place in a leather shop.
There is a spoon and a shoe sitting on a
worktable. Nothing else is on the table.
A customer is coming into the store.

Pointing to the worktable, someone in the
room says, “remove it.”

The employee removes the spoon.

While each participant sees all eight scenes,
there are two conditions where the ordering of the
referents mentioned in the text are flipped. Condi-
tion A lists the intended (correct) referent last and
condition B lists the intended referent first. In the
dining room scene, for instance, condition A lists
the spoon first and then the shoe and condition B
lists the shoe first and then the spoon. We create
these conditions to test whether people are biased
by the recency of referents and to also evaluate
these texts on coreference tools which may be bi-
ased by recency in performing reference resolution.

The results in Table 2 show how many people
agreed that the selected referent was correct or in-
correct in a “yes-no” question. Overall, the major-
ity of people agreed that the referent selected was
the correct one across all scenes, and the frequency
distributions seem consistent across both condi-
tions. Stronger agreement trends towards scenes
with seats as referents—that is, the library, board-
room, taxicab, and friend’s car. The scenes with the
most disagreement were the bookstore and home
bathroom scenes, which used a toothbrush and mag-
azine as candidate objects. For these scenes, we
hypothesized contexts with a prohibition type norm
where it is unacceptable for a toothbrush and a mag-
azine to be on the ground. But these were, perhaps,
less airtight scenarios. In a home bathroom, maga-
zines can be stowed in the corner for casual reading,

A B
Contexts yes no yes no Total

Library 21 3 22 4 43-7
Boardroom 23 1 26 0 49-1

Taxicab 24 0 26 0 50-0
Friend’s Car 23 1 25 1 48-2

Dining Room 23 1 25 1 48-2
Leather Shop 20 4 21 5 41-9

Bookstore 16 8 20 6 36-14
Bathroom 23 1 23 3 46-4

Table 2: Counts for yes or no in response asking whether
the referent identified is correct. Results reported for
conditions A and B where each condition is a different
ordering of the referents mentioned in the text (e.g. ...
shoe and spoon ... v.s. ... spoon and shoe ... )

but a toothbrush has a its place in a cabinet or cup
holder. In a bookstore, a magazine should belong
on the shelf along with other books and magazines,
but a stray toothbrush in a public space can be left
alone, unless a norm of not littering is competing.
The explanations people chose offer some more
clarity to this picture.

Table 3 provides an overview of the reasons peo-
ple gave for their agreement or disagreement with
the selected referent. One obvious trend that stands
out is that Convention (displayed as typical for the
setting in the study) outnumbers the other reasons
across all scenes and conditions. Where there was
high consensus on the correct referent for the seat
related scenes, there was a commensurate high rate
of selecting the conventional explanation. For the
library scene, however, we see a tension between
conventional explanation and a convenient choice
for choosing a seat at the head of the table rather
than a seat next to someone else. For some, it
seems, the convention of keeping distance from a
stranger at a library, as not to cause a disruption, is
either not activated or is overruled by convenience.

Then there are the bookstore and home bath-
room scene that have a lower consensus and,
thus, a higher count of alternative explanations.
Interestingly, when people disagree that the
selected object was correct, their explanations
suggest a normative reason is stronger in the
other direction. For example, if a magazine is
more conventional in a bookstore (prescription)
a toothbrush is unconventional and suggests
a prohibition norm. We present a sample of
explanations for these scenes:
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Convention Last First Time Sensitive Convenient Other
Library A 10 2 0 0 9 3
Library B 10 0 0 0 9 7

Boardroom A 20 0 0 0 2 2
Boardroom B 23 0 1 0 1 1

Taxicab A 23 0 0 0 0 1
Taxicab B 25 0 1 0 0 0

Friend’s Car A 19 0 0 0 5 0
Friend’s Car B 17 0 1 0 8 0

Dining Room A 16 0 1 0 1 6
Dining Room B 22 0 0 0 1 3
Leather Shop A 12 1 0 1 1 9
Leather Shop B 17 0 1 1 4 3

Bookstore A 13 1 2 0 1 7
Bookstore B 16 1 3 1 0 5
Bathroom A 16 0 1 3 1 3
Bathroom B 11 1 5 3 0 6

Table 3: Counts for best explanation for correct or incorrect referent selected. The shortened label Convention
corresponds to the typical for the setting option in the experiment; Last to object is mentioned more recently;
First to object is mentioned first; Other to other with free text response; Time Sensitive to time sensitive option;
Convenient to more convenient option

Bookstore:
toothbrush doesn’t belong...
the toothbrush is the more out-of-place object, and
therefore, it is implied to have that removed rather
than the magazine
the toothbrush does not match the set-
ting/misplaced

Home Bathroom:
object is irrelevant to the setting and should be
removed

We also note that for these scenes and others
in the study, some of the explanations people
articulate can be classified as norms even though
they did not select the normative option in the
multiple choice:

Home Bathroom:
The toothbrush should not be on the floor tooth-
brush does not belong on the floor

Boardroom:
The boss usually sits at the head of the table.

Library:
The head of the table doesn’t have anyone sitting

next to it.

Although it was unclear for some that typical for
the setting subsumed the normative or conventional
explanations, the fact that people gave normative
explanations support that reasoning even more.

To summarize this experiment, given the same
two referents, people interpreted one referent as
correct in one context and the other as correct in
another context, each according to specific norms
that are activated in that context. This suggests that
social norms activated by the context had enough
modulatory influence to determine the interpreta-
tion of an ambiguous referring expression favored
by the norm. As a consequence, not knowing the
norms that apply in these context will likely lead to
incorrect interpretations of referential expressions
as other factors not necessarily congruent with the
norm-based interpretation will be used for refer-
ence resolution, as the next section on current NLP
tools will demonstrate.

4.1 Evaluating NLP Tools

To complement our empirical study, we evaluated
several coreference and natural language process-
ing tools on our experimental scenes to determine if
they achieve human performance for norm-guided
reference resultion tasks. These include Neural-
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NLP Tool Context C Answer
NeuralCoref Dining Room A coordination ✗

Dining Room B coordination ✗
Leather Shop A [the worktable] ✗
Leather Shop B [the worktable] ✗
Bookstore A coordination ✗
Bookstore B coordination ✗
Bathroom A non-referential ✗
Bathroom B non-referential ✗

CoreNLP Dining Room A [dinner] ✗
Dining Room B [a shoe] ✓
Leather Shop A [the room] ✗
Leather Shop B [the room] ✗
Bookstore A [a toothbrush] ✗
Bookstore B [a magazine] ✓
Bathroom A [a magazine] ✗
Bathroom B [a toothbrush] ✓

AllenNLP Dining Room A coordination ✗
Dining Room B [a shoe] ✓
Leather Shop A coordination ✗
Leather Shop B coordination ✗
Bookstore A coordination ✗
Bookstore B coordination ✗
Bathroom A coordination ✗
Bathroom B coordination ✗

GPT-3: Dining Room A coordination ✗
Curie Dining Room B coordination ✗

Leather Shop A coordination ✗
Leather Shop B coordination ✗
Bookstore A non-referential ✗
Bookstore B coordination ✗
Bathroom A coordination ✗
Bathroom B coordination ✗

GPT-3: Dining Room A coordination ✗
Davinci Dining Room B [the spoon] ✗

Leather Shop A coordination ✗
Leather Shop B coordination ✗
Bookstore A [toothbrush] ✗
Bookstore B [toothbrush] ✗
Bathroom A [toothbrush] ✓
Bathroom B [toothbrush] ✓

Table 4: Evaluation of coreference tools on contexts
that use a definite reference. The dining room scene and
leather shop scene both use the referring expression re-
move it; the bookstore scene and home bathroom scene,
similarly, use the referring expression pick it up. We
report whether these tools can detect if it is referential
and refers to the correct object.

Coref, an extension of SpaCy (Honnibal and John-
son, 2015) and based on (Clark and Manning,
2016), Stanford CoreNLP (Finkel et al., 2005), Al-
lenNLP (Lee et al., 2017). We also evaluated the
GPT-3 base models, Davinci and Curie, by OpenAI,
(Brown et al., 2020) designed for text generation
and question-answering tasks. For this experiment,
we specifically focus on the scenes that use a defi-
nite referring expression such as pick it up, in the
bookstore and home bathroom scenes, and remove
it, in the dining room and leather shop scenes. For
the GPT-3 models, we prompt the Davinci model
with the phrase which one but do not prompt the
Curie model with a question. We made this deci-
sion to probe the different capabilities of these mod-
els; for the Curie model, we chose not to prompt
it to see if would coherently generate the rest of
the text and the resolve the correct referent likely
to follow from the referring expression in the com-
mand (e.g. pick it up, remove it); for the Davinci
model, we tested the question-answering capabil-
ities by providing a question. This evaluation did
not use a similar question as the main study—Was
this the correct object?— as understanding a yes-
no response is more opaque and we wanted to see
if it could return the referents. We also note that
all of these models were used off the shelf without
fine tuning.

Results are summarized in Table 4 where we
list the referents that the tools selected to match
the referring expression. We represent an entity
in brackets and also note when the referent is the
coordination of the two referents (e.g. a shoe and a
spoon) or the referring expression was interpreted
as non-referential. A check mark ✓denotes the cor-
rect referent and an ✗denotes the incorrect referent.

The experimental conditions have a role, here,
since the recency or distance of the referent serves
as a traditional feature for coreference models in
NLP. Swapping the ordering of the referents en-
sures that if a model resolves the correct referent, it
is consistent and is more likely taking into account
the context then the surface structure. This swap-
ping method is similar to (Emami et al., 2018)’s
evaluation of BERT on the KnowRef test set for
consistency.

In the results, there are only three cases where
the coreference models choose the right referent.
CoreNLP and AllenNLP both correctly link [a
shoe] and it in the dining room scene. For this
condition (condition B), shoe is mentioned first in
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the text. Although, once the objects are switched,
the models choose the wrong object—CoreNLP
selects [dinner] (none of the candidate referents)
and AllenNLP selects both the shoe and the spoon
in a coordination. CoreNLP seems to do the best
by selecting another correct referent: [a magazine]
in the bookstore scene. But it fails yet again once
the objects are swapped.

The GPT-3 models perform poorly overall but
the Davinci model, prompted by which one, gets
closer to the right answer by picking out individual
referents more often than the Curie model. Davinci
is consistently incorrect in the bookstore scene but
consistently correct in the bathroom scene, yield-
ing the only correct result when the referents are
switched. The correct referent selected in the bath-
room, the toothbrush, was also selected in the book-
store for both conditions. This suggests that the
model is biased towards picking the toothbrush
over the magazine more generally.

For most of the tools doing reference resolution
on these scenarios, we see a theme of referring
back to the coordination of the two referents, when
only one referent should be selected. Therefore, it
is clear these results do not match human intuition
for this specific reference resolution task and, more
importantly, fail to understanding social norms in
order to consistently infer the correct referent.

5 Discussion & Future Implementations

The coreference task performed by humans and the
NLP tools show a striking difference in outcomes.
Given the same context and text, people tended to
agree on the correct referent. Since the examples
were stripped of linguistic cues that would give
away the referent, people relied on context and
social norms based on the reasons they selected
and the written explanations they provided. No-
tably, however, the inconsistent agreement across
all scenes can be reconciled with the fact that so-
cial norms and conventions are not equally shared
across all people. This is supported, in part, by the
written responses too. Additionally, these results
also suggest that not every norm is weighed the
same; the deontic force—how strongly the norm
is to be followed—potentially influences how the
norm guides a behavior or interpretation and com-
petes with other norms. Admittedly, a limitation
of our study is that we do not explicitly categorize
our hypothesized social norms and conventions in
a gradable fashion, but future work will consider

deontic force for a more fine-grain understanding
of social norms.

NLP tools, on the other end, tell a different story.
Many of the tools specifically designed for coref-
erence resolution failed to consistently select the
correct referent. The more powerful NLP engines,
such as GPT-3 model, also performed poorly. This
shows that relying on such a system to resolve ref-
erences in these contexts would be problematic.
The Davinci model when prompted by the question
which one? justifies its response with an explana-
tion of grammatical appropriateness: If we use the
noun that appears in the context, it is clear that
the speaker is referring to the toothbrush. There
is no other “it” in the sentence... We would never
say, “Pick up the magazine." This is why it’s im-
portant to know whether the noun is the subject
or object of a sentence. This explanation echoes
something meaningful about grammar, yet is faulty
and unclear. Rather, this argument is produced
from statistical correlations the system extracted
from large corpora. Furthermore, the system has
no understanding of norms or how to apply them.
The potential danger, here, is that simply employ-
ing deep learning systems without giving them a
sense of norms will lead such systems to also vi-
olate norms. While the consequences of breaking
norms can range in severity, at the most extreme
end, they can include harm to other people.

A norm aware reference resolution system, there-
fore, will not only help to disambiguate referents
but help a system know what not to do. This is
especially important with embodied agents whose
actions in the real world will be influenced by its
reference resolution capabilities and natural lan-
guage understanding.

5.1 Implementation in Embodied Agents

Inspired by our experimental results, we outline
a potential methodology for robots to use social
norms and conventions in performing situated ref-
erence resolution. In order to make the inferences
necessary for selecting the correct referent in our
scenarios, a novel pragmatic component must be
tightly integrated with vision and natural language
processing in a robotic cognitive architecture. All
three inputs will simultaneously contribute to the
interpretation of a referring expression.

A pragmatic component will serve as a knowl-
edge base specifically for social norms and it would
require a baseline representation of norms, which
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can be collected experimentally for a particular do-
main (Malle et al., 2020). Upon hearing natural
language input from a co-located speaker, a robot
will begin incrementally processing the natural lan-
guage and look for a referring expression. At the
same time, the visual system will scan the environ-
ment for two purposes: to search for perceptually
salient objects that potentially match the referring
expression and to trigger the setting to activate a set
of norms. For example, spotting a fork, plate, or ta-
ble, the robot can infer with greater probability that
it is located in a dining room and cue an inventory
of social norms operationalized as prescriptions
and prohibitions. Some of these prescriptions, in-
formally, might be: food or drinks are allowed on
the table or you are allowed to sit at the dinner
table. Alternatively, some prohibitions might be X
items should not be on the dining table or food and
drink should be contained on the dinner table.

Incremental processing will allow the robot to
gradually look for potential referents in the scene
and, if it finds potential candidates to match the
referring expression, it will also consider the joint
probability of each referent given the social norms.
The social norms activated from the setting should
contribute to the interpretation from the start, not
only when an ambiguous situation arises, since
they can modulate the interpretation at any point;
as seen from our experimental results, regardless of
the linguistic form of the referring expression, the
social norms can flip the interpretation of the refer-
ent when everything else is constant. An advantage
to using an inventory of social norms in this way
is that they can eliminate potential referents right
away. The strength of the norm, roughly corre-
sponding to their deontic force, must be considered
for a fine-grained application of norms as some
norms will compete with each other. Additionally,
it will be critical to understand what norms may or
may not be overruled as not to cause harm to hu-
man users. While norm activation begins early on,
it can continually update through visual and natural
language input. If the robot is uncertain about the
setting, for instance, it can ask clarifying questions
to gain more information. This approach seems
applicable in preventing harm where it might be
better in many instances to ask questions in uncer-
tain contexts than to overstep boundaries.

To walk through a situated reference resolution
scenario, and use a scenario from our experiment,
imagine someone commanding the robot: remove it.

Even if the speaker pauses after the verb remove, in-
cremental processing begins to parse the utterance
and the robot visually scans the environment for the
setting and salient objects. The robots activates the
norms stored in the social norm knowledge base
and continues processing the input. Once the utter-
ance is completely processed, the expression, it, is
linked to either a shoe or a spoon. With no other cue
from the linguistic input, the prohibition of shoes
on dining room tables pushes the interpretation to-
wards removing the shoe. The norm is determined
to be strong enough for the robot to act and so it
proceeds to remove the shoe. Thus, the robot suc-
cessfully uses its norm knowledge base in tandem
with its vision and natural language processing abil-
ities, to handle what appears on the surface to be
an underspecified referring expression.

6 Conclusions

We conducted a human subjects study to demon-
strate how social norms can guide reference res-
olution. Given a text vignette and a referring ex-
pression stripped of linguistic cues, the majority
of subjects confirmed the intended referent in each
context and relied on knowledge of conventions
to make their decision. In contrast, several NLP
tools evaluated on the same examples consistently
failed to select the correct referent. We argue that
these NLP tools critically lack an understanding
of conventions and social norms and should not
be completely relied on for reference resolution as
they can also violate norms.

Finally, we integrate our findings into designing
a methodology for teaching robots to use social
norms and conventions to perform situated refer-
ence resolution. In future work, we experiment
with using visual scenes for activating norms and
evaluate larger NLP models with fine-tuning to our
task. Lastly, we will implement our methodology
into a cognitive architecture and look more closely
at how the gradability of social norms influences
reference resolution.
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Abstract

This paper introduces TRUncated ReinForcement
Learning for Language (TrufLL), an original
approach to train conditional language models
without a supervised learning phase, by only us-
ing reinforcement learning (RL). As RL methods
unsuccessfully scale to large action spaces, we
dynamically truncate the vocabulary space using
a generic language model. TrufLL thus enables to
train a language agent by solely interacting with
its environment without any task-specific prior
knowledge; it is only guided with a task-agnostic
language model. Interestingly, this approach
avoids the dependency to labelled datasets and
inherently reduces pretrained policy flaws such as
language or exposure biases. We evaluate TrufLL
on two visual question generation tasks, for
which we report positive results over performance
and language metrics, which we then corroborate
with a human evaluation. To our knowledge, it
is the first approach that successfully learns a
language generation policy without pre-training,
using only reinforcement learning. 1

1 Introduction

Since the development of generic language models
trained on massive unlabelled text corpora (Radford
et al., 2019; Brown et al., 2020), state-of-the art
language processing systems rely on sequential
transfer learning (Ruder, 2019). The pretrained
Language Model (LM) is fine-tuned on the down-
stream task using a standard supervised learning (SL)

1Code is available at https://github.com/
AMDonati/RL-NLP

Agent

VQA model

boycar tallthe

Truncation

run

Language
Model

What is the tall boy
holding ? 

What is the ...

Bat

Bat r=1

Agent

Truncation with LM

Bat

Figure 1: (left) In a conditional language generation task as
VQG, TrufLL truncates the vocabulary space by using a language
model. Here, ’run,’ and ’the’ are syntactically incorrect and thus
truncated. Yet, ’car’ is not trimmed as the LM is not visually
grounded. (right) In a VQG training loop, the agent generates a
question given an image-answer pair, which is then fed to a VQA
model predicting an expected answer. If both answers match,
the agent is rewarded.

objective (Wu et al., 2019; Peters et al., 2019). Yet,
such an approach suffers from several issues (Chen
et al., 2020): (i) catastrophic forgetting when a model
forgets previously learned knowledge and overfits
to target domains, (ii) computational inefficiency
from fine-tuning billion-parameters networks, and
(iii) the need of supervised datasets. Moreover,
task-specific language models learned with SL suffer
from well-studied text degeneration issues (Holtzman
et al., 2019), such as the exposure bias (Bengio et al.,
2015), language biases (Saleh et al., 2020; Jaques
et al., 2020), or a lack of diversity (Li et al., 2015).

On the other hand, text generation can be naturally
framed as a sequential decision making problem, with
the sequence of words seen as successive actions over
a vocabulary. Thus, some researchers have recently
focused on learning language models using instead
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Reinforcement Learning (RL) (Strub et al., 2017; Das
et al., 2017; Narasimhan et al., 2015). RL methods
allow acquiring language through interactions within
rich and diverse environments (Luketina et al., 2019),
help understanding language acquisition and language
pragmatics (Lazaridou et al., 2016; Bisk et al., 2020).
"Reward is enough" (Silver et al., 2021) highlights
the necessity of using RL for AI systems to acquire
language in its full richness. Indeed, (i) language may
be intertwined with other modalities of action and ob-
servation, (ii) the utility of language varies according
to situations and behaviours, (iii) it is consequential
and purposeful, and (iv) some linguistic problems
are better solved dynamically, through experience
(such as using a diplomatic tone in a speech.) In
addition, RL allows optimizing a non-differentiable
learning signal, hence handles more diverse objective
functions, and also avoids some of the text degener-
ation issues previously mentioned. So far, RL-based
text-generation tasks have relied on a pre-training
phase to ease learning: the policy language model
is trained with SL on the task dataset, before being
fine-tuned with policy gradient methods (Sutton et al.,
1999) on the task at hand. Those approaches often
require human-labelled datasets. Besides, combining
pre-training and fine-tuning phases either barely
change the policy distribution, or induces language
drift (Lazaridou et al., 2020; Lu et al., 2020b), i.e the
generated language drifts semantically or syntactically
from natural language.

In this paper, we aim at learning a conditional
language model using RL without a pre-training
phase, so that (i) we get free from datasets with human
annotations, and (ii) we avoid the text generation
flaws induced by the common methods. While
appealing, such an approach requires overcoming
the hurdle of the combinatorial language action space,
a vocabulary usually containing more than 10,000
words. Yet, while large and discrete, a language
action space contains a specific structure, made of
all the syntactical and semantics rules of a given
language. TrufLL leverages such structure to drive the
exploration of the RL-based language agent during
training. At each time step of the text generation
process, TrufLL truncates its effective action space
to a small subset of words provided by a pretrained
task-agnostic language model. Such an approach
injects a generic prior linguistic knowledge into the
RL algorithm, is usable on tasks lacking in-domain
labeled data, and can be easily transferred to new
RL-based text generation tasks. Thus, TrufLL can

be applied to any language generation task given a
generic LM and a reward. We here evaluate it on two
Visual Question Generation (VQG) tasks, the syn-
thetic CLEVR dataset (Johnson et al., 2017), and the
natural language VQAv2 dataset (Goyal et al., 2017).
Unlike alternative RL without pre-training approaches,
TrufLL manages to ask meaningful and valid ques-
tions on large vocabularies, exhibiting success rate
and language metrics close to pretrain models with
labeled data, while producing more original language.

2 Background

Language Generation as an RL Problem. We
cast the word-based text generation task as a Markov
Decision Process to apply RL methods (Sutton et al.,
1998). In this setting, a language model agent gen-
erates a sequence of words w<t=(w0,w1,...,wt−1)
drawn from a vocabulary V, given an initial context
c associated with a reward rt. Translation, text sum-
marization or image captioning are examples of such
tasks respectively using a source sentence, a text arti-
cle, or an image as a context (c). During this process,
the agent may be rewarded with language scores (Ran-
zato et al., 2016), human preferences (Stiennon et al.,
2020) or task completion scores (Strub et al., 2017).

Formally, a language generation agent is defined
by a policy πθ (a distribution over V) parametrized by
θ, first initialized with the context c. At each time step
t, the agent samples a new word wt from its policy
πθ(wt|w<t, c). It moves to a new state (w<t+1, c)
and receives a reward rt=r(w<t,c,wt), where r is a
reward function relative to the language task. The RL
language agent aims to learn a policy that maximizes
Eπθ [

∑T
t=0 rt],

2 while generating the sequence of
words w<T , where Eπθ is the expectation under πθ,
and T the maximal length of the words sequence.

Policy Gradient This optimization process
may be performed through Policy Gradient (PG)
algorithms (Sutton et al., 1999). In the language
literature, REINFORCE (Williams, 1992) has been
used as a simple Monte Carlo approximation of this
gradient (Strub et al., 2017; Li et al., 2016).Yet, in
this paper, we use a Proximal Policy Optimization
approach (PPO) (Schulman et al., 2017) to have a
lower variance and better convergence rate; PPO clips
the gradient estimate to have smooth policy updates.
For all 0≤t≤T , let st=(w<t,c) and at=wt be the
state and action at time t. Policy gradient methods

2We cast the language modelling as an episodic problem with
γ=1 and omit the discount factor in the paper for clarity.
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minimize the objective:

Lpg(θ)=Eπθ

[
T∑

t=0

logπθ(at|st)Ât
]
,

where Ât is an estimator of the advantage func-
tion, here defined as Ât =

∑T
u=t ru − Vϕ(st)

with Vϕ(s) an estimator of the value function
Vπθ(s) = Eπθ [

∑T
u=t r(su, au)|st = s]. PPO then

keeps track of the previous policy πθold before the PG
update to compute the training objective:

Lppo(θ)=Eπθold

[
T∑

t=0

ρθt Ât∧clip(1−ϵ,ρθt ,1+ϵ)Ât
]
,

where for all real numbers a, b, a∧ b = min(a,b),
ρθt = πθ(at|st)/πθold(at|st), ϵ is a hyper-parameter
controlling the magnitude of the policy updates, and
clip(a,x,b) is the function that clips x in interval [a,b].
The expectation is estimated in practice using a Monte
Carlo approach, with an empirical average over a
finite batch of episodes, i.e a succession of transitions(
st,at∼πθold(.|st),rt

)
from an initial state s0 to a ter-

minal state sT . Finally, the training loss is completed
first with a value-based loss to learn the baseline Vϕ
that reduces the gradient variance; it computes for
each timestep t of an episode the mean squared error
|∑T

u=tru−Vϕ(st)|2.3 Secondly, the loss is completed
with an entropy term to soften the policy distribution,
which computes for each timestep t of an episode
H(πθ(at|st)), whereH is the entropy function.

3 TrufLL

We here aim at making RL methods feasible in the
language setting by dynamically reducing the action
space, i.e., by restricting the language agent to select
a word within a subset of the vocabulary at each time
step. We detail below the action space’s truncation
model and the associated RL algorithm to learn the
language agent.

3.1 Dynamic Vocabulary Truncation

TrufLL combines two distinct language models,
which share the same vocabulary V: a RL language
agent πθ and a pretrained language model fLM . At
each timestep t, TrufLL restricts the vocabulary space
of the RL language agent with:

V−t ={w|w∈V,gtrunc(w|w<t)=1},
3Note that other TD-based losses are applicable (Sutton et al.,

1998; Schulman et al., 2016; Espeholt et al., 2018).

where gtrunc is a truncation function based on fLM
which either associates 0 or 1 with each word in
the vocabulary given the past words w<t. From a
language modelling perspective, the vocabulary space
of the language agent is reduced from V to V− where
|V−|≪|V|, with |·| the cardinal of a finite set. From a
RL perspective, the RL agent follows a truncated pol-
icy π−θ which only samples actions over the subsetV−.
In practice, such a policy is computed using a masked
softmax function over the truncated vocabulary V−t :
π−θ (.|w<t,c)=softmax(m∗logitsπθ(w<t,c)) where
m=1 when gtrunc(w|w<t)=1 otherwisem=−∞.

3.2 Truncation Functions
We here list the different truncation functions gtrunc
explored through the paper.

Top-k words: This function selects the k words
with the highest probability given by fLM(.|w<t):

gtop(k)(wt|w<t;k)=1wt∈top(k)(fLM(.|w<t)).

Probability threshold (α): This function only
keeps words having a probability fLM(.|w<t) greater
than α:

gpth(α)(wt|w<t;α)=1fLM(wt|w<t)>α.

Top-p: This function is based on nucleus sam-
pling (Holtzman et al., 2019), and it keeps the most
likely words contained in a probability mass p of
fLM(.|w<t). Formally, we define Vpt as:

Vpt = argmin
|Vt|,Vt⊂V

{w|w∈Vt,
∑

w∈Vt
fLM(w|w<t)>p},

and readily, gtop(p)(wt|w<t;p)=1wt∈Vpt .

Sample (k): This function randomly samples k
words from the language model with replacement to
directly build the truncated vocabulary:

gsample(k)(wt|w<t;k)=1wt∈{wi∼fLM(.|w<t)i∈J1,...,kK}.

Only top(k) provides a fixed number of words at
each time step. pth(α), top(p), and sample(k) have
a dynamic truncation, whose size at t depends on the
language model entropy.

3.3 Task-Specific vs. Generic LM
We benchmark two types of language models for trun-
cation. On the one hand, we use an external language
model pretrained on a large task-agnostic language cor-
pora. Such a model provides a generic linguistic prior
to the RL agent exploration process, solely encoding
syntactic and semantic information. On the other hand,
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we use a task-related language model pretrained on
the supervised dataset associated with the task. Such
a model provides a task-specific linguistic prior to the
RL language agent, and captures language pragmatics.
We emphasize that this paper aims at leveraging task-
agnostic language models as they discard the need for
task-specific data. For the sake of completeness, we
also study the truncation with the task-related LM as
an additional benchmark to assess our approach.

4 Experimental Setting

We here list the experimental setting and detail the
network and hyperparameters in Appendix A.4.

4.1 Visual Question Generation

We showcase TrufLL on the task of Visual Question
Generation (VQG) (Mostafazadeh et al., 2016), which
is a form of Visual Jeopardy! ™ (Ferrucci, 2012).
There, the language agent observes an image-answer
pair and has to generate a question that results in a
similar answer, as illustrated in Figure 1. Such a task
presents multiple advantages. First, by combining vi-
sion, scene understanding and language generation, it
requires high-level reasoning and exhibits a large spec-
trum of language difficulties. Secondly, the success
criterion is naturally non-differentiable, hence a natu-
ral fit for RL methods. Such a criterion, unlike metrics
based on ground-truth sentences, allows generating di-
verse grounded questions given an image-answer pair.

Formally, the initial context c is composed of
the image-answer pair (I,A). The RL agent then
generates a sequence of words w<t of maximum
length T . We then provide the generated question to
a pretrained VQA model. This model takes as inputs
the image I, the generated question w<t and outputs
a predicted answer Â. Finally, the agent receives a
reward r(wt,w<t,c) based onA and Â.

4.2 Datasets

We evaluate TrufLL on the CLEVR and VQAv2
datasets to simulate large-scale VQG datasets. The
two datasets have been originally created for the
task of Visual Question Answering (VQA), i.e. for
multi-modal classification algorithms predicting an
answer given an image-question pair.

CLEVR The CLEVR VQA dataset (Johnson et al.,
2017) is made of template questions on synthetic im-
ages, which contain simple objects with four distinct
properties (shape, material, color, size). The vocab-
ulary contains 86 words and 28 potential answers,
making it a valuable proof of concept for assessing

TrufLL. Both language models are single-layer
LSTMs (Hochreiter and Schmidhuber, 1997) with
512 units, and 512 word embedding dimension. The
task-specific LM is trained over the full train dataset
of CLEVR questions. The external language model
is trained on the mixture of CLOSURE (Bahdanau
et al., 2019) and CLEVR-Dialog (Kottur et al., 2019)
datasets. Although those two datasets share the
CLEVR vocabulary, their language distribution differs
from vanilla CLEVR. Finally, we use a pretrained
GT-Vector-NMN (Bahdanau et al., 2019) to compute
the reward r(wt,w<t,c)=1A=Â,t=T−1, where 1 is
the indicator function.

VQAv2 The VQAv2 dataset (Goyal et al., 2017) is
made of natural language and open-formed questions
on images from the MS-Coco Dataset (Lin et al.,
2014). It has a vocabulary of 14,810 words and
3,149 answers. The task-specific language model is
a one-layer LSTM with 512 units and a 512 word em-
bedding dimension, pretrained over the full training
dataset of VQAv2 questions. The External Language
Model is Open-AI’s GPT-2 (Radford et al., 2019). The
original language model outputs a probability distribu-
tion over 50,257 tokens, but we use a masked softmax
function to restrict the probability distribution to the
14,810 tokens of the VQAv2 dataset. Unlike most
NLP tasks relying on pretrained generic language
models, we do not fine-tune it on the task dataset.
Instead, we leverage the few-shot generalization
capabilities of GPT-2, by feeding the language model
with the prompt "Here are a few examples:" followed
by 100 random questions q<100 from the dataset. The
truncation is then based on the probability distribution
fgpt2LM (.|q<100,w<t). Finally, we used a pretrained Vil-
BERT to compute the reward (Lu et al., 2020a). Given
the large number of answers, we use as reward a de-
creasing function of the rank of the reference answer
rk(A): r(wt,w<t,c)=1rk(A)≤10,t=T−1e−rk(A)/2, as
further explained in Appendix A.5.

In these two settings, we acknowledge that the task
dataset is still used to train the VQA models. Please
note that the VQA modules are only used to model
the environment, i.e. to provide a positive/negative
feedback to the agent. In other settings, TrufLL
would still work if we replace the VQA model
by any language interface: text-game (e.g. Zork),
expert-systems, or humans. Here, we only use the
VQG framework as a proof of concept that natural
language can be learned through pure interaction
given any task reward. Other language generation
applications are discussed in Section 5.3.
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4.3 Baselines
In this paper, we aim to show that a RL language
agent can be trained from scratch, i.e. without the
usual pre-training phase by solely interacting with
another language system, the VQA model, when
supported by truncation methods. The truncation
with the task-related LM is referred to as TrufLL
(Task-LM), while the one with the External LM is
referred as TrufLL (Ext-LM). We first emphasize the
difficulty of training an RL language agent without
a supervised pre-training phase through two baselines.
We trained a simple on-policy PPO algorithm
without any action space pruning, and refer to it as
scratch. Then, we added a Kullback-Leibler (KL)
regularization term to the loss, λKLKL(πθ||fLM),
with λKL > 0, to incorporate language prior to
the agent as in (Jaques et al., 2017, 2019). We
refer to it as scratch + KL-task when distilling
the task-specific language model, and scratch +
KL-ext with the external language model. Finally,
we include two baselines with a pre-training phase.
We trained a language agent on the task-dataset with
a log-likelihood objective, and refer to it as pretrain.
Then, we fine-tune the pretrained language agent with
PPO without truncation, and refer to it as pretrain +
RL fine-tune. These two baselines should be viewed
as gold standards as they rely on task-related data;
additionally, pretrain + RL fine-tune is today the
state-of-the-art method for learning RL-based LM.

4.4 Metrics and Evaluation Methods
Evaluating text generation is an open-research
problem in language literature. We decompose
automatic language evaluation into three categories
to assess different facets of language, and perform
as well a human evaluation study.

Performance metrics. We measure the task-
completion score or recall @ 1 which states whether
the target answer A is the top answer of the VQA
models, and the recall @ 5 (R@5), which assesses
whether A is in the 5 top answers. These scores
measure the task-solving abilities of the agent, but
they are also conditioned by the VQA model abilities.

Language Metrics. First, we used n-grams metrics,
BLEU (Papineni et al., 2002), METEOR (Banerjee
and Lavie, 2005) and CIDEr (Vedantam et al., 2015),
to measure the similarity between the generated
question and the reference questions in the evaluation
set. While those scores can capture syntactic and
semantic properties of language, they also fall short
when dealing with open-form language, e.g. an

identical answer may arise from two non-overlapping
but syntactically correct questions. Thus, we also com-
pute two metrics assessing the quality of the language
independently of reference questions, the perplexity
of the question given an external LM (ppl-e), and its
perplexity given the task-related LM (ppl-t).

Diversity Metrics. We here estimate a self-BLEU
(sBLEU) score (Zhang et al., 2017) over 10 questions
generated on the same image-answer pair. Although
such score detects potential mode collapse, i.e., when
the language utters identical sequences of words, it
also values babbling, i.e., outputting random words.
We thus also measure the probability mass of the ten
most frequent words (Choshen et al., 2020), and refer
to it as peakiness (peak).

Human Evaluation. On the VQAv2 task, we also
performed human evaluation by surveying 53 partic-
ipants on the first 50 questions produced by some of
the models at test time. The study (further detailed
in Appendix C) is based on pairwise comparison of
question samples produced by the concurrent algo-
rithms according to four criteria. First, we evaluated
the language quality of the question samples, by
asking the participants to select the most syntactically
and semantically correct question among the two
samples of the questions pair. Secondly, we evaluated
language grounding, i.e adequacy of the sample to the
image-answer pair, by asking the participants to select
the question most suitable given the two elements.
Thirdly, we evaluated the language originality and
diversity, by asking participants to select the question
the most different from the dataset reference question.
Finally, we evaluated the number of syntax errors
by asking participants to tick the question if it is
grammatically incorrect. Examples of questions asked
during the study are included in the Appendix C.

4.5 Sampling methods for text generation

When generating text from a trained language model,
the quality and diversity of samples depend on
the decoding algorithm (Zhang et al., 2020). We
consider three text generation methods. greedy uses
the argmax of the policy, while sampling uses the
multinomial distribution. Finally, we sampled ten
text sequences from the policy, and selected the one
with the lowest perplexity according to the external
language model, and refer to it as lm-ranking. This
process has been used recently in Text-to-Image
Generation tasks (Ramesh et al., 2021).
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Method Score R@5 BLEU Meteor CIDEr ppl-t (↓) ppl-e (↓) sBLEU (↓) peak.(↓)
Pretrain 0.30 0.71 0.19 0.38 0.83 3.1 31 0.44 0.96
Pretrain + RL fine-tune 0.44 0.86 0.17 0.34 0.70 4.0 35 0.46 0.95

Scratch 0.17 0.47 0.05 0.08 0.10 109 106 0.14 0.26
Scratch + KL-task 0.14 0.38 0.15 0.30 0.53 92 102 0.34 0.94
Scratch + KL-ext 0.17 0.44 0.14 0.27 0.43 104 28 0.37 0.95

TrufLL (Task-LM) 0.56 0.90 0.17 0.32 0.66 3.4 23 0.95 1.00
TrufLL (Ext-LM) 0.48 0.93 0.08 0.18 0.34(±0.10) 103 3.0 0.95 1.00

Table 1: CLEVR metrics on 5k test episodes with 50k train episodes on 20k Images. Scores are averaged over the three decoding
procedures mentioned in Section 4.5 and over 5 seeds; standard deviations are displayed when greater than 0.01 for accuracy metrics.
We here report the models with the highest task-success:, i.e. the scratch+KL baselines with λKL=0.1, and the truncation model
with a probability threshold, pth(α=0.05). Best values are underlined, best values without task-data (from scratch) are in bold.

Human There is a blue thing that is the same shape as the big cyan metallic object ; what is its size? A:Small

pretrain There is a red metallic object that is the same size as the yellow rubber block ; what is its size?
pretrain + RL What size is the thing that is the same color as the matte cube ? □✓
scratch size sphere small blue or a yellow green large else in cylinders cubes color and how matte objects cube
scratch+KL-task How big is the shiny cylinder ?
scratch+KL-ext How many other objects in the are of same color as that shiny object ?

TrufLL (Task-LM) How big is the thing that is to the right of the big matte thing ? □✓
TrufLL (Ext-LM) What is the size of the thing that is right of the big cyan thing and is the same shape? □✓

Human What color is the cat A:Black

pretrain What color is the cat’s collar? □✓
pretrain + RL What color is the cat? □✓
scratch AmazingAmazingAmazingAmazingAmazingAmazingAmazing
scratch+KL-task What color is their hat of the fingers of this?
scratch+KL-ext The the first time is a bit of the way

TrufLL (Task-LM) What color is her outfit? □✓
TrufLL (Ext-LM) What color can these cats look like in real life? □✓

Figure 2: Samples on CLEVR and VQA: the checkbox indicates that the question generates the correct answer.

5 Results

5.1 CLEVR results

Quantitative performance: In Table 1, vanilla
RL from scratch fails to have a decent performance
even with synthetic language. Besides, adding a KL
regularisation term does kick-start the learning pro-
cess. Yet, as soon as we apply the dynamic truncation,
TrufLL matches the pretrained baselines performance
when using the external LM, and even outperforms
them with the task-specific LM. In this synthetic VQG
setting, TrufLL seems to be a viable and promising
procedure to learn a RL language agent without a
supervised training phase. Pretrained baselines have
high language scores when assessed with dataset-
based metrics, e.g BLEU or task-perplexity. Yet, they
also remain close to the original dataset distribution
with a medium external perplexity. Noticeably,
TrufLL with the task-specific LM follows the same
pattern. On the other hand, TrufLL with the external
LM reports poor dataset-based language scores, while
maintaining a low external perplexity. Therefore,
TrufLL seems to correctly capture the language distri-
bution of the initial LM. As the performance score is
high when using an external LM, it suggests that our
approach can learn a policy on a language task with-

out the need of a task-related dataset. Less positively,
TrufLL diversity metrics suggest potential mode
collapse, with a high peakiness and self-BLEU score.

Qualitative performance: We display qualitative
samples in Figure 2 and Appendix D. On the one hand,
the pretrained baselines generate either a question in-
consistent with the visual context, or which fails to an-
swer the expected answer. They inaccurately capture
the pragmatics of the task. On the other hand, TrufLL
generate adequate questions, resulting in the expected
answer. Interestingly, they are often grounded with
different objects of the image. It is remarkable that
TrufLL with a generic LM still manages to capture the
necessary subtleties of VQG, without any prior task
knowledge. Despite a peaky distribution, TrufLL has
moderate repetitions across images, and is mostly over-
confident. As for the scratch+KL samples, they are ei-
ther not grounded, or showcase degenerated language.

Truncation function in CLEVR: In Table 2, we
evaluate the different truncation functions defined in
Section 3. While all truncation methods report similar
task performance, the dynamic truncation functions,
i.e. pth(α), top(p) and sample(k), outperform the
top(k) regarding language metrics. Interestingly, the
sample(k) one, which generates a stochastic truncated
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Trunc. Score BLEU CIDEr ppl-e(↓) sBLEU(↓)
TrufLL (Task-LM)
top(k) 0.50 0.12 0.32 100 0.93
pth(α) 0.54 0.17 0.65 24 0.95
top(p) 0.51 0.17 0.69 12 0.96
sample(k) 0.50 0.18 0.73 16 0.89

TrufLL (Ext-LM)
top(k) 0.52 0.06 0.15 151 0.94
pth(α) 0.48 0.08 0.34(±0.10) 3.0 0.95
top(p) 0.45 0.10 0.40(±0.17) 3.3 0.92
sample(k) 0.41 0.13 0.46(±0.16) 2.7 0.92

Table 2: CLEVR task: Truncation functions with parameters:
top(k=10), pth(α=0.05) top(p=0.85), sample(k=20).
Best values are underlined, best values for each TrufLL
algorithms are in bold.

action space, while having a lower performance, yields
to the most correct and diverse language, with higher
language scores and a lower self-BLEU. A stochastic
action space might be harder to explore efficiently
for reaching good task-solving abilities, but might
strengthen the agent language generation properties.

5.2 VQAv2 task

In CLEVR, we observe that TrufLL seems a promis-
ing approach to learn a language policy without a
supervised training phase, by solely interacting with
another language system. We scale our approach to
natural language with large vocabulary (15k tokens)
through the VQAv2 dataset.

Quantitative performance: Table 3 reports the
VQAv2 results, for which TrufLL and the baselines
present a similar trend than on CLEVR. First, the
scratch baselines keep failing to learn a valuable
policy, with performance scores and n-grams metrics
close to zero. Although TrufLL does not outperform
the performance of the pretrained baselines anymore,
it still leads to similar performances, and satisfactory
language scores. The similarity between TrufLL
(Task-LM) and TrufLL (Ext-LM) results suggests
that the truncation approach is viable when using a
generic LM whose original vocabulary distribution
differs from the task. Interestingly, TrufLL displays
a self-BLEU score similar to the pretrained baselines.
This suggests that the poor diversity behavior
observed on CLEVR is likely attributable to the small
vocabulary and synthetic language distribution.

Qualitative performance: In Figure 2 and Ap-
pendix D, we display question samples for all models.
TrufLL and the pretrained baselines successfully
generate a question giving the expected answer
("Black"), while the RL from scratch baselines fail,
and even showcase degenerated language. Pretrained
baselines tend to output a question closer to the
reference question whereas TrufLL outputs original

questions which differs from the VQA distribution,
yet consistent with the context.

Human Evaluation: Figure 3 details the Human
Evaluation results. Among the RL from scratch
baselines, we selected scratch+KL-task as the only
model producing sometimes meaningful questions.
Yet, it fails to generate correct and grounded language;
it is thus not a viable approach despite its diverse
output. In line with the automatic metrics, the
supervised baselines produce the best language,
while being accurately grounded. Yet, they exhibit
significantly less diversity with the reference lan-
guage; this suggests in particular that pretrain+RL
fails to go beyond the initial task-data distribution.
Finally, unlike TrufLL (Task-LM) which suffers
from syntactic errors, TrufLL (Ext-LM) produces
language that qualitatively competes with pretrain
models (53%), with a similar ratio of syntactic
uncorrect samples. Although its questions are less
grounded, they are diverse, which suggests that they
follow a different distribution from the initial VQA
dataset. It confirms that TrufLL (Ext-LM) could be
an alternative approach as it has an excellent trade-off
between language quality, diversity, and grounding.

Decoding procedure: In Table 4, we evaluate the
text sampling procedures described in Section 4.5.
While greedy decoding produces the best outcome for
pretrained models, lm-ranking provides an excellent
trade-off between task performance and language
quality with RL-based methods. As PG solely
optimizes the task success ratio, this may reduce
overall language quality, the re-ranking thus retrieves
the best syntactically sentences a posteriori.

5.3 Discussion

Removing the truncation at evaluation with off-
policy RL. So far, TrufLL directly learns the trun-
cated policy over the truncated vocabulary V−t in an
on-policy scheme. Hence, the algorithm requires the
truncation, and a fortiori the language model, at test
time. In this section, we investigate if we can directly
learn a policy over the full vocabulary, and thus remov-
ing the truncation at test time. In such a setting, we
adopt an off-policy training scheme, where the trajec-
tories used to learn the behavior πθ at training time are
sampled under a different policy, the truncated policy
π−θ . Thus, we need to unbiased the PG by using an
importance sampling term between the exploratory
policy π−θ and the behavior policy πθ (Degris et al.,
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Method Score R@5 BLEU Meteor CIDEr ppl-t (↓) ppl-e (↓) sBLEU (↓) peak.(↓)
Pretrain 0.38 0.59 0.30 0.40 0.93 12 24 0.80 0.99
Pretrain + RL fine-tune 0.41 0.63 0.31 0.41 0.98 21 50 0.78 0.99

Scratch 0.01 0.04 0.00 0.00 0.00 107 106 0.75 1.00
Scratch + KL-task 0.11 0.29 0.24 0.27 0.24 102 102 0.27 0.74
Scratch + KL-ext 0.01 0.05 0.06 0.04 0.01 106 103 0.10 0.20

TrufLL (Task-LM) 0.35 0.56 0.21 0.15 0.11 24 102 0.78 0.99
TrufLL (Ext-LM) 0.34 0.52 0.18 0.15 0.04 102 24 0.83 0.99

Table 3: VQAv2 metrics on 20k test episodes with 100k train episodes. Scores are averaged over the three decoding procedures.
scratch+KL has λKL=0.05, the truncation for TrufLL with (Task-LM) and TrufLL (Ext-LM) are respectively pth(α=0.005) and
pth(α=0.0075). Best values are underlined, best values without task-data are in bold.
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Diversity/Originality

Pairwise comparisons: % of questions chosen for the model in bold (rows) when compared to the concurrent model (columns).

pretrain (2) pretrain+RL (3) scratch+KL-task (5) TrufLL (Task-LM) (4) TrufLL (Ext-LM) (1)
Syntax errors 16% 17% 27% 24% 15%

Figure 3: VQAv2 results for Human Evaluation study detailed in Section 4.4. The three matrices on top are pairwise comparisons:
each cell displays the proportion of questions chosen for the models in the row (bold) when compared to the concurrent model in
the column. The table at the bottom displays the proportion of incorrect questions coming from each model among all incorrect samples.
In all figures, bracket numbers indicates the model rank per criteria, from 1="best" to 5="worst".

Method Text-gen Score BLEU CIDEr ppl-e

greedy 0.40 0.32 1.01 51
pretrain sampling 0.37 0.30 0.88 62

lm-ranking 0.37 0.14 0.87 54

greedy 0.42 0.32 1.05 55
pretrain + RL sampling 0.40 0.30 0.92 71

lm-ranking 0.40 0.31 0.99 26

greedy 0.36 0.20 0.11 366
TrufLL (Task-LM) sampling 0.35 0.20 0.11 337

lm-ranking 0.34 0.21 0.11 95

greedy 0.36 0.18 0.04 25
TrufLL (Ext-LM) sampling 0.34 0.18 0.04 28

lm-ranking 0.33 0.19 0.15 20

Table 4: VQAv2: Ablation on the sampling methods. Overall
best values are underlined, TrufLL best values are in bold.

2012). Formally, the off-policy PPO loss is defined by:

Loffppo(θ)=Eπ−θ
[
min(ρ̄θtAt,clip(1−ϵ,ρ̄θt ,1+ϵ)At)

]
,

where ρ̄θt =
πθ(at|st)
πθold(at|st)

πθold(at|st)
π−θold

(at|st)
is the new ratio.4

Table 5 displays the on-policy and off-policy
results on both VQG tasks for TrufLL (task-LM),
and is further detailed in Appendix B.3. We also

4Note that we did not simplify the expression to highlight the
importance sampling ratio.

monitor the probability mass of the policy attributed
to the truncated action space (sumVA). The policy
only samples words within the truncated action space
when sumVA = 1, without needing the truncation.
On CLEVR, the TrufLLoff has lower - yet close
- performance on language and task scores than
TrufLL. As its sumVA ratios are very close to 1,
the agent has learned to generalize over the full
vocabulary. However, the approach does not manage
to sufficiently scale to VQAv2. It could be improved
with regularisation techniques and the use of TruFLL
within state-of-the-art off-policy RL algorithms. We
leave such possibilities to future works.

Algo Score BLEU CIDEr ppl-e sBLEU sumVA

CLEVR
TrufLL 0.56 0.17 0.06 103 0.78 N.A
TrufLLoff 0.50 0.14 0.43 104 0.88 0.96

VQAv2
TrufLL 0.35 0.21 0.11 104 0.36 N.A
TrufLLoff 0.07 0.03 0.01 104 0.05 0.08

Table 5: On-policy vs. off-policy scores: when training with
an off-policy loss, we remove the truncation at test time.
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Additional experiments. We sweep over truncation
hyper-parameters in Table 6 of Appendix B. In
Table 8, we observe that rewarding an agent with a
BLEU score is sub-optimal in both language and task
scores on CLEVR. In VQA, we apply temperature
scheduling on the LM to perform fine-grained
truncations in Table 9 of B.2. Finally, we explore
TrufLL with a pre-training phase in Table 10.

Generalization of the approach. TrufLL learns
conditional language models able to solve specific
Natural Language Generation tasks given a context c.
For solving such tasks, it only requires the context, a
reward function that scores the language generated by
the RL agent with respect to the task, and eventually
a few natural language demonstrations fed as input
prompt to the generic language model used in the
truncation algorithm. Hence, the method is transfer-
able to a wide variety of NLG tasks, without requiring
upfront large-scale labelled datasets. Additionally, the
RL framework allows to optimize non-differentiable
objectives, making TrufLL a natural choice to learn
end-to-end task-oriented dialogs, such as (De Vries
et al., 2017; Das et al., 2017). Other interesting tasks
for TrufLL include the ones typically found in Vision
and Language Representation Learning (Lu et al.,
2020a), such as Image Captioning, Grounding Refer-
ring Expressions (generation of a referring expression
over a specific bounding box of an image), Caption-
based Image Retrieval (generation of a caption that
discriminates an image between a set of images).
Reward functions for such tasks can be based on
similarity scores between the generated language and
the associated image or image region, which can be
computed using pretrained language representations
such as BERT (Devlin et al., 2019) or multi-modal
pretrained systems such as ViLBERT (Lu et al.,
2019). The context can be any kind of data structure
(natural language, database, video, etc): if it is a
linguistic input, TrufLL can be applied for instance
to text summarization, paraphrase generation (with
reward functions based on similarity scores between
the context and the generated language) or text-based
games (Ammanabrolu and Riedl, 2018).

6 Related work

RL and NLP Tasks. Following (Singh et al., 2002;
Lemon and Pietquin, 2007), recent RL-based task-
oriented dialogues (De Vries et al., 2017; Das et al.,
2017; Lewis et al., 2017; Narasimhan et al., 2015)
have been developed, where the policy language
model is generally pretrained with SL followed RL

fine-tuning. Yang et al. (2018); Fan et al. (2018)
focused on tackling VQG tasks with RL, respectively
on CLEVR and on the VQG dataset. Yet, the former
uses slot filling with template questions, while the
later computes a mixed objective with a MLE loss
using ground-truth sentences. Bahdanau et al. (2016);
Rennie et al. (2017) use RL to train language models
as an alternative to SL to prevent typical text degen-
eration issues, but within training algorithms relying
on ground-truth examples from labelled datasets.

RL methods for Language Action Spaces. Sev-
eral RL algorithms have been developed to tackle
large discrete action spaces. Hence, Dulac-Arnold
et al. (2015); Tennenholtz and Mannor (2019); Chan-
dak et al. (2019) embed the actions into a continuous
action space, and then use classic RL algorithms to
learn a policy over this continuous space. Zahavy
et al. (2018); Seurin et al. (2020) proposes Q-learning
algorithms with an elimination signal to eliminate for-
bidden actions. Closer to our work, a few algorithms
(Ammanabrolu and Riedl, 2018) use the structure
of language to prune the action space of text-based
games, but within value-based algorithms, which are
less scalable to large vocabularies. Similarly to Tru-
fLL, CALM (Yao et al., 2020) combines a pretrained
language model to prune the action space with a Deep-
Q network, aka DRNN (He et al., 2016). Yet, its trun-
cation language model remains fine-tuned on the RL
dataset. Besides, CALM is only evaluated on a vocab-
ulary of 697 tokens, and on 4-words action sequences.

Learning Language Models from scratch.
(Ziegler et al., 2019; Garg et al., 2021) finetune
pretrained GPT-2 models with RL for language
generation tasks without task-related data, only using
reward signals. Yet, they still face optimization and
computational challenges (Parisotto et al., 2020).

7 Conclusion

We proposed TrufLL, an original approach to learn
a natural language generation (NLG) task using
RL, without the usual pre-training phase requiring
supervised datasets. To our knowledge, this is the
first RL-based algorithm dedicated to learning a
word-based text-generation task, which does not
rely on a pre-training phase while scaling to large
vocabularies. Although it comes with its limitations,
the truncated RL algorithm provided by TrufLL gets
free from labelled data in task-oriented language
models, presents interesting language generation
properties, and provides a generic and transferable
method to learn any NLG problem.
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A Dataset and training details

A.1 Evaluation Metrics
For the BLEU and METEOR scores, we used the NLTK5 implementations with the smoothing function number
2 for the BLEU score. For the CIDEr score, we used the nlg-eval implementation6.

A.2 Answer filtering
For each dataset, we remove yes and no question-answer pairs which frequency largely exceeds other answers,
to avoid any bias in the question generation process, as usually done in the VQG litterature (Mostafazadeh
et al., 2016).

A.3 Dataset split
For CLEVR (resp. VQAv2), the RL language agent is trained for 50k (resp. 100k) episodes over the first 20k
images (resp. all the images) of the training dataset, and is then evaluated on the first 5k (resp. 20k) images
of the validation set. Besides, we uniformly sample the answer in the set of reference answers for each image
to reduce the bias in the distribution of answers. Finally, questions are limited to 20 (resp. 10) words.

A.4 Language Agent Networks and Training
For CLEVR (resp. VQAv2), we used a single-layer LSTM with 64 (resp. 256) units for the policy network.
At every time step, the LSTM input is then the concatenation of the word embedding of dimension 32 (resp.
128), the answer embedding of dimension 32 (resp. 128), and the image representation. For CLEVR, the image
representation is extracted from a pretrained ResNet50 and projected into a tensor of size (32,7,7) before being
flattened. For VQAv2, the image representation is the average of 200 bounding box features of dimension
1048, extracted from a faster R-CNN (Ren et al., 2015).

We optimize the full lossL=LPPO+αLV F+βLE withα=0.5, β=0.01 and a PPO clipping ratio ϵ=0.02
(resp. 0.01) for CLEVR (resp. VQAv2). We use Adam optimizer (Kingma and Ba, 2014) with a learning rate
(lr) of 10−3 for TrufLL and the scratch baseline, 10−5 (resp. 10−6) for RL algorithms with a pre-training phase
on CLEVR (resp. VQAv2), and 5∗10−4 for models including a KL regularization term. We use a batch size (bs)
of 128 for all models except the ones with KL regularization, for which we use a batch size of 64. Finally, for
the RL from scratch baselines, we perform gradient clipping (gladclip) of 1 (resp. 5) for CLEVR and VQAv2.

Such hyper-parameters were selected, after conducting an extensive hyper-parameter search. The
following values were tested: β ∈ {0.01, 0.02, 0.05, 0.1}, ϵ ∈ {0.01, 0.02, 0.05, 0.1, 0.5, 0.9}, lr
∈{10−6,10−5,10−4,5∗10−4,10−3,5∗10−3,10−2,5∗10−2}, gradclip ∈{None,1,5,10,100}, bs ∈{32,64,128}.

Additionally, we also tested for VQAv2 policy networks with 64, 256 and 1024 units, with respectively
32, 128 and 512 word embedding dimensions. We kept the network size giving the best performances, i.e.
policy network of 256 units and 128 word embedding dimension.

A.5 Reward formula for VQAv2
In this section, we detail the reward function used for the VQAv2 task. r(wt,w<t,c)=1rk(A)≤10,t=T−1e−rk(A)/2,
with rk(A) the rank of the ground-truth answer given by the VQA model, when predicting the actual answer
from the terminal state (c,w<T ). Formally, it is defined as:

rk(A)=rank(VQA(c,w<T )[A]),
with VQA(c,w<T ) the probability distribution given by the VQA model over the set of answers, and rank
the function which ranks the probability of answerA within VQA(c,w<T ) probability distribution.

B Additional experiments

B.1 CLEVR
Table 6 displays the complete ablation on the truncation functions with parameters sweep. The ’sizeVA’ variable
indicates the average size of the truncated action space for each truncation function. Table 7 displays the

5https://www.nltk.org/
6https://github.com/Maluuba/nlg-eval
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ablation over the three decoding procedures defined in Section 4.5. Such an ablation presents a similar pattern
than VQAv2 results described in section 5.2.

Finally, Table 8 reports CLEVR metrics when using the BLEU score as the reward. While on such a task
TrufLL still exhibits promising language scores, the n-grams metrics remain lower than the pretrained baselines.
This illustrates that using a language similarity score as a reward signal is much less interesting than a reward
based on a task completion score.

Table 6: CLEVR task: Ablation on the truncation functions with parameters sweep. Best values are in bold.

trunc. Score BLEU CIDEr ppl-e(↓) sBLEU(↓) Size VA

TrufLL (Task-LM)
top(k=10)) 0.50 0.12 0.32 102 0.93 10
top(k=20) 0.45 0.10 0.24 103 0.87 20
pth(α=0.05) 0.55 0.18 0.63 25 0.96 4.4
pth(α=0.1) 0.47 0.18 0.87 6.7 0.98 2.4
pth(α=1/V) 0.50 0.16 0.49 41 0.97 6.6
top(p=0.85) 0.52 0.17 0.69 10.4 0.96 4.6
top(p=0.9) 0.51 0.17 0.69 11.5 0.96 5.1
sample(k=20) 0.50 0.18 0.73 18.9 0.86 5.4
sample(k=30) 0.50 0.18 0.73 16.1 0.89 6.1

TrufLL (Ext-LM)
top(k=10)) 0.52 0.06 0.15 102 0.94 10
top(k=20) 0.48 0.05 0.12 102 0.89 20
pth(α=0.05) 0.48 0.08 0.34 3.03 0.95 3.3
pth(α=0.1) 0.45 0.17 0.74 2.2 0.99 2.1
pth(α=1/V) 0.44 0.11 0.37 3.7 0.96 5.7
top(p=0.85) 0.45 0.10 0.39 3.2 0.92 4.1
top(p=0.9) 0.48 0.15 0.57 2.8 0.97 4.3
sample(k=20) 0.45 0.14 0.50 2.4 0.92 4.1
sample(k=30) 0.43 0.13 0.46 2.7 0.92 4.6

Table 7: CLEVR task: Ablation on sampling methods. Best overall values are underlined, while best values for TruFLL are in bold.

method text-gen score BLEU CIDEr ppl-e

greedy 0.32 0.22 1.01 14
pretrain sampling 0.29 0.17 0.76 58

lm-ranking 0.28 0.18 0.73 20

greedy 0.53 0.18 0.73 24
pretrain + RL sampling 0.40 0.16 0.68 39

lm-ranking 0.40 0.17 0.68 5

greedy 0.57 0.17 0.65 39
Task-LM sampling 0.55 0.17 0.66 24

lm-ranking 0.51 0.16 0.65 9

greedy 0.48 0.09 0.34(±0.11) 3.0
Ext-LM sampling 0.48 0.10 0.35(±0.11) 3.1

lm-ranking 0.48 0.06 0.34(±0.11) 2.9

B.2 VQAv2

Temperature scheduling: On the CLEVR task, we observed that dynamic truncations outperform static
ones such as top(k): indeed, they better take into account the inherent variability of the language structure
at the sentence-level. When scaling up to the 15k words of the VQAv2 task, we also dynamically decrease
the truncation size through training, by applying a decreasing temperature schedule on the language model.
While temperature scaling (Bahdanau et al., 2015) is usually used at test time to control the smoothness of
the language model distribution, temperature schedules during training of language models have been used in
several settings (Jang et al., 2016; Zhang et al., 2018; Wang et al., 2020). Formally, fLM(wi|w<t) distribution is
computed as softmax(xi)=e

−xi/τ/
∑

je
−xj/τ , with xj the LM logits and τ the temperature, which decreases

from τmax to τmin by a factor TF every Tu training step. In Table 9, both TrufLL (Task-LM) and TrufLL
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Table 8: CLEVR, BLEU reward. Scores are averaged over the three decoding procedures detailed in Section 4.5 and over 5
seeds, standard deviation are displayed whenever greater than 0.01 for accuracy metrics. We here report the models with the highest
task-success, i.e. the scratch with KL regularization baseline with λKL=0.1, and the truncation model with a probability threshold,
pth(α=0.05). Baseline and Metrics are respectively detailed in Section 4.4 and 4.3. Best overall values are underlined, while best
values for models without task-data (i.e RL from scratch algorithms) are in bold.

Method Score R@5 BLEU Meteor CIDEr ppl-t (↓) ppl-e (↓) sBLEU (↓) peak.(↓)
pretrain 0.30 0.71 0.19 0.38 0.83 3.1 31 0.44 0.96
pretrain + RL fine-tune 0.34 0.80 0.20 0.38 0.83 3.8 12 0.56 0.96

scratch 0.03 0.19 0.06 0.09 0.09 108 106 0.13 0.14
scratch + KL-task 0.09 0.33(±0.15) 0.15 0.31 0.58(±0.23) 3.8 63 0.34 0.95
scratch + KL-ext 0.06 0.30(±0.23) 0.13 0.25 0.42 103 3.6 0.37 0.96

scratch + Truncation-task 0.17 0.51 0.18 0.37 0.80 2.6 17 0.63 1.0
scratch + Truncation-ext 0.07 0.36 0.16 0.29 0.49 102 2.3 0.60 1.0

(Ext-LM) benefit slightly from truncation with a temperature schedule compared to a vanilla truncation. The
former displays the best performance/language scores trade-off for the schedule "τ : 3 > 1. & Tu=5,000", while
the latter has the best metrics trade-off for "τ : 1.5 > 1. & Tu=5,000".

Finally, Figure 4 displays the evolution of the training return for TrufLL and the baselines. As expected,
the pretrain+RL fine-tune baseline return does not evolve much, confirming that the policy distribution almost
does not shift through the fine-tuning phase. The training curves of TrufLL present a steady increase in the
return until reaching convergence, confirming that our approach, by guiding the exploration of the action space,
provides a sufficient learning signal. On the other hand, the scratch+KL baselines stay stuck to a low training
return. This suggests that the KL regularization term, while encouraging the policy distribution to resemble
the language model distribution, fails to capture the task pragmatics, which requires generating a language
that is visually grounded.

Table 9: VQA task: Ablation on the temperature schedules. "no temp. sch" is a classic truncation without temperature scheduling.
We then report different schedules τ :τmax>τmin, Tu, with τmax, τmin, Tu, and Tf =0.75 as defined in section B.2. Best values
are in bold.

.

Scheduling Score BLEU CIDEr ppl-e(↓) sBLEU(↓)
TrufLL (Task-LM)
no temp. sch 0.35 0.20 0.11 102 0.78
τ : 1.5 > 1. Tu=5,000 0.34 0.18 0.11 102 0.79
τ : 3 > 1. Tu=5,000 0.35 0.22 0.13 102 0.76
τ : 1.5 > 1. Tu=15,000 0.31 0.23 0.23 102 0.73
TrufLL (Ext-LM)
no temp. sch 0.34 0.18 0.04 25 0.83
τ : 1.5 > 1. Tu=5,000 0.33 0.19 0.05 20 0.83
τ : 3 > 1. Tu=5,000 0.32 0.15 0.05 35 0.82
τ : 1.5 > 1. Tu=15,000 0.29 0.16 0.08 38 0.68

B.3 Additional discussion

TrufLL with a pre-training phase. Although TrufLL aims at providing a robust method to learn a language
model (almost) from scratch, we investigate whether such algorithm can be complementary to RL algorithms
with a pre-training phase. Therefore, when using the task-related dataset, we evaluate TrufLL from a pretrained
policy, and we refer to it as TrufLLpretrain.

In table 10, while on CLEVR, TrufLLpretrain marginally improves the results of the pretrain+RL fine-tune
baseline, the combination of TrufLL with a pre-training phase leads to performance degradation on VQAv2.
This suggests that on a large vocabulary task, the language distribution learned by the SL pretrained policy
is significantly different from the one learned with TrufLL.

On-policy TrufLL versus off-policy TrufLL. To ease off-policy learning, we propose to add a KL-
regularization term in the RL loss (Jaques et al., 2017, 2019; Wu et al., 2019), and refer to it as TrufLLoff,KL.
Intuitively, it encourages the policy to stay close to the language model’s distribution, with a distribution support
attributing negligible probabilities to words outside the truncated action space.
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Figure 4: VQAv2: Training curves. Reward is a rolling average over 5000 timesteps.

Table 10: TrufLLpretrain results on the 2 tasks. Additionally, we report the results for the pretrain+RL fine-tune baseline as a
comparison. Best values are in bold.

Algo Score BLEU CIDEr ppl-e sBLEU

CLEVR
pretrain+RL 0.44 0.17 0.70 35 0.46
TrufLLpretrain 0.61 0.18 0.77 22 0.84

VQAv2
pretrain+RL 0.41 0.31 0.98 50 0.78
TrufLLpretrain 0.33 0.27 0.42 35 1.0

Table 11 displays the full results of on-policy versus off-policy scores for TrufLL (Task-LM) and TrufLL
(Ext-LM) on the two tasks. The full results emphasize the challenges of the approach for the large vocabulary
of VQAv2. Indeed, on the off-policy setting for such a task, the exploding values for e-ppl suggest that the
optimized language agent samples incoherent words taken outside the truncated action space, as corroborated
by the low values of the sumVA ratio.

Interestingly, while on CLEVR, TrufLLoff,KL trades off task performance for language quality when
compared to TrufLLoff , on VQAv2, it mainly provides a better learning signal for the complete (large)
vocabulary. In such a setting, it hence improves the global scores of the off-policy version of TrufLL, and
enables a much better generalization at test time of the global policy over the full vocabulary. Yet, keeping
truncation at test time remains crucial with large vocabulary. Note that for VQAv2, the poor performances
of TrufLLoff,KL on the external LM is mainly due to numerical instability challenges when using GPT-2 as
the target policy of the KL regularization term.

Additionally, on-policy versus off-policy scores split per sampling procedure are displayed in table 12:
unsurprisingly, greedy decoding for TrufLLoff outperforms the two sampling-based methods, that are more
penalized by the imperfect generalization of the optimized policy over the full vocabulary.
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Table 11: On-policy vs. off-policy scores for different variants of TrufLL: when training with an off-policy loss, we remove the
truncation at test time. TrufLLoff,KL is evaluated with λKL=0.05. Best values are in bold.

Algo Score BLEU CIDEr ppl-e sBLEU sumVA

CLEVR
TrufLL (Task-LM)

TrufLL 0.56 0.17 0.06 103 0.78 N.A
TrufLLoff 0.50 0.14 0.43 104 0.88 0.96
TrufLLoff,KL 0.39 0.17 0.71 69 0.48 0.95

TrufLL (Ext-LM)

TrufLL 0.48 0.08 0.34 3.03 0.95 N.A
TrufLLoff 0.41 0.10 0.35 105 0.88 0.95
TrufLLoff,KL 0.35 0.15 0.60 20 0.55 0.96

VQAv2
TrufLL (Task-LM)

TrufLL 0.35 0.21 0.11 104 0.36 N.A
TrufLLoff 0.07 0.03 0.01 104 0.05 0.08
TrufLLoff,KL 0.12 0.24 0.25 10³ 0.26 0.71

TrufLL (Ext-LM)

TrufLL 0.34 0.18 0.04 24 0.83 N.A
TrufLLoff 0.09 0.04 0.01 104 0.05 0.07
TrufLLoff,KL 0.0 0.15 0.02 103 0.19 0.47
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Table 12: On-policy vs. off-policy scores per decoding procedure: when training with an off-policy loss, we remove the truncation
at test time. TrufLLoff,KL is evaluated with λKL=0.05. Best values are in bold.

method text-gen score BLEU CIDEr e-ppl

CLEVR
TrufLL (Task-LM)

greedy 0.57 0.17 0.65 39
TrufLL sampling 0.55 0.17 0.66 24

lm-ranking 0.51 0.16 0.65 8.8
greedy 0.52 0.17 0.58 71

TrufLLoff sampling 0.49 0.16 0.59 105

lm-ranking 0.48 0.17 0.58 19
greedy 0.56 0.18 0.78 24

TrufLLoff,KL sampling 0.31 0.16 0.62 102

lm-ranking 0.31 0.18 0.74 5.8

TrufLL (Ext-LM)

greedy 0.48 0.09 0.34 3.1
TrufLL sampling 0.48 0.10 0.35 3.1

lm-ranking 0.48 0.06 0.34 2.9
greedy 0.42 0.10 0.38 4.4

TrufLLoff sampling 0.40 0.10 0.35 106

lm-ranking 0.40 0.10 0.34 15
greedy 0.48 0.16 0.70 2.1

TrufLLoff,KL sampling 0.27 0.13 0.48 55
lm-ranking 0.30 0.16 0.61 2.0

VQAv2
TrufLL (Task-LM)

greedy 0.36 0.20 0.11 366
TrufLL sampling 0.35 0.20 0.11 337

lm-ranking 0.34 0.21 0.11 95
greedy 0.09 0.04 0.02 103

TrufLLoff sampling 0.05 0.03 0.01 106

lm-ranking 0.06 0.03 0.01 104

greedy 0.16 0.29 0.46 38
TrufLLoff,KL sampling 0.08 0.19 0.09 104

lm-ranking 0.12 0.24 0.22 102

TrufLL (Ext-LM)
greedy 0.48 0.09 0.34 3.1

TrufLL sampling 0.48 0.10 0.35 3.1
lm-ranking 0.48 0.06 0.34 2.9

greedy 0.11 0.05 0.01 102

TrufLLoff sampling 0.07 0.03 0.01 105

lm-ranking 0.08 0.04 0.01 104

greedy 0.00 0.18 0.05 27
TrufLLoff,KL sampling 0.00 0.13 0.01 103

lm-ranking 0.00 0.16 0.02 102
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C Human Evaluation details

For the Human Evaluation study, we designed one form per participant, with three sections evaluating
respectively the language quality, language grounding and diversity criteria. Given the five evaluated models,
there are ten different model pairs: each section of the form contains 10 pairwise comparison covering all the
possible model pairs for the criteria. Each pairwise comparison is sampled uniformly over the 50 first question
samples generated by the algorithms at test time. The evaluation of syntax errors was made within the diversity
section: for each questions pair, we asked participants to tick the questions if they are grammatically incorrect.
Figure 5 displays one pairwise comparison example for the three sections, and a full form example is available
at the following url: https://forms.gle/kkL38x31wF7A9YKx5.

(a) Language Quality pairwise comparison

(b) Language Grounding pairwise comparison

Figure 5: Examples of pairwise comparison for each evaluated criteria.
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(c) Diversity/Originality with reference question. Pairwise comparison and evaluation of syntax errors.

Figure 5: Examples of pairwise comparison for each evaluated criteria. (cont.)

D Additional VQG Samples

Figure 6 and Figure 7 display the 10 first dialog samples produced at test time on CLEVR, while figures 8,
9, and 10 display the 15 first dialog samples produced at test time on VQAv2.
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Human the big yellow object is what shape ? A:sphere

pretrain there is a small thing that is the same color as the small rubber cylinder ; what is its shape?
pretrain + RL What is on the person’s head?

scratch yellow on or an material ?
scratch+KL-task what number of other things are the same shape as the small gray thing ?
scratch+KL-ext does that tiny object have objects to its left ?

TrufLL (Task-LM) what shape is the big thing that is to the right of the big matte thing ?
TrufLL (Ext-LM) what is the shape of the big object that is behind the big yellow thing and is the same color?

Human what number of other objects are the same size as the red rubber thing ? A:3

pretrain how many other things are there of the same size as the purple rubber thing ?
pretrain + RL what number of objects are either large green metallic objects or tiny objects

that are behind the tiny purple metallic thing?

scratch many tiny cubes things things things things things both things as things that
scratch+KL-task what number of other objects are there of the same material as the tiny cyan thing ?
scratch+KL-ext are there any blue objects ?

TrufLL (Task-LM) what number of objects are either big objects in front of the small yellow object or big matte objects?
TrufLL (Ext-LM) how many objects in front of the big object ?

Human what number of other things are there of the same material as the large green object? A:3

pretrain how many other things are there of the same size as the purple rubber cylinder ?
pretrain + RL what number of objects are either tiny cyan things or big cyan things ?

scratch many tiny cubes things things things things things both things as things that
scratch+KL-task what number of other objects are the same shape as the small yellow object ?
scratch+KL-ext how many things does that large thing have to its behind ?

TrufLL (Task-LM) what number of other things are there of the same size as the green cylinder ?
TrufLL (Ext-LM) how many objects in front of the in the cylinder ?

Human what number of other things are there of the same shape as the small purple metallic thing ? A:1

pretrain what number of other objects are the same color as the tiny rubber cylinder ?
pretrain + RL what number of purple objects are either small matte objects or big matte blocks ?

scratch many gray in big purple purple purple many or many gray matte matte
scratch+KL-task what number of other things are the same color as the large rubber cylinder ?
scratch+KL-ext how many other things in the are of same color as the large cylinder ?

TrufLL (Task-LM) how many tiny things have the same color as the large rubber thing ?
TrufLL (Ext-LM) how many other things in the are of the same color as that large thing ?

Human what shape is the big matte object that is on the right side ofthe big cyan matte object ? A:cylinder

pretrain the cyan matte thing that is the same size as the brown object is what shape ?
pretrain + RL what shape is the cyan matte object that is behind the cylinder ?

scratch many yellow big either either that that that more that metal ?
scratch+KL-task what number of other things are the same shape as the small gray thing ?
scratch+KL-ext what number of blocks are in the things in the ?

TrufLL (Task-LM) how many tiny things have the same color as the large rubber thing ?
TrufLL (Ext-LM) what is the shape of that large thing ?

Figure 6: Samples on CLEVR.
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Human what is the size of the other rubber cylinder that is the same color as the big cylinder ? A:small

pretrain there is a purple object that is the same size as the purple rubber cylinder ; what is its shape?
pretrain + RL what size is the gray ball that is right of the purple sphere ?

scratch that greater tiny as shiny both are a tiny it either ball right
scratch+KL-task there is a big thing that is the same color as the big matte cylinder ; what is its shape?
scratch+KL-ext how material is the yellow ?

TrufLL (Task-LM) how big is the thing that is to the right of the big matte thing ?
TrufLL (Ext-LM) what size is the object that is behind the large red thing ?

Human There is a shiny thing that is both right of the small matte thing and behind the large yellow cube;
what size is it ? A:small

pretrain there is a big thing that is the same color as the small rubber cylinder ; what is its shape
pretrain + RL there is a brown matte object to the right of the cyan object ; what shape is it ?

scratch many yellow big either either that that that more that metal ?
scratch+KL-task what number of other things are the same shape as the small gray thing ?
scratch+KL-ext what is the material of that block ?

TrufLL (Task-LM) what shape is the big thing that is to the right of the big cyan thing ?
TrufLL (Ext-LM) what is the shape of that large thing ?

Human there is a object that is the same color as the rubber cylinder ;what is its shape ? A:sphere

pretrain there is a small thing that is the same color as the small rubber cylinder ; what is its shape?
pretrain + RL what shape is the thing that is the same color as the cylinder ?

scratch many yellow yellow and cube shape behind cubes shape less small equal shape small equal large large ?
scratch+KL-task how many other things in the color are of same material as the green shiny object ?
scratch+KL-ext how many spheres anything ?

TrufLL (Task-LM) what is the shape of the small cyan thing ?
TrufLL (Ext-LM) And shape ?

Human what is the color of the small thing that is the same shape asthe large gray object ? A:green

pretrain there is another rubber object that is the same shape as the small brown object ; what color is it?
pretrain + RL what is the color of the tiny rubber thing ?

scratch many sphere less how an
scratch+KL-task what number of other objects are the same shape as the tiny blue object ?
scratch+KL-ext what size is that cylinder ?

TrufLL (Task-LM) what is the color of the tiny matte thing ?
TrufLL (Ext-LM) what color is the small thing ?

Human what number of shiny objects are cyan spheres or tiny balls ? A:4

pretrain how many other things are there of the same size as the brown rubber thing ?
pretrain + RL how many other things are there of the same size as the cyan rubber thing ?

scratch many yellow do do do either do either do balls
scratch+KL-task what number of other things are there of the same shape as the small gray thing ?
scratch+KL-ext how many other things are of same color as ball ?

TrufLL (Task-LM) how many other things are the same material as the small cyan cylinder ?
TrufLL (Ext-LM) how many other things in the material of the small thing that is the same material as green thing ?

Figure 7: Samples on Clevr.
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Human How many trains? A:1

pretrain How many trains are in the picture?
pretrain + RL How many trains are shown?

scratch AmazingAmazingAmazingAmazingAmazingAmazing
scratch+KL-task How many people are in the picture?
scratch+KL-ext The the same way of the same way of the

TrufLL (Task-LM) How many windows are here?
TrufLL (Ext-LM) How many different ways would we take them to reach

Human What is the man wearing over his shirt? A:nothing

pretrain What is in front of the person?
pretrain + RL What is written on the person’s right?

scratch AmazingAmazingAmazingAmazingAmazing
scratch+KL-task Is this child old or unloaded?
scratch+KL-ext The the first thing of the world’s a few

TrufLL (Task-LM) How many different shapes have been used and used by
TrufLL (Ext-LM) How many planes can be seen on top?

Human Is the fence in the background metal or wood? A:metal

pretrain What kind of dog is on the dog?
pretrain + RL What kind of dog is this?

scratch AmazingAmazingAmazingAmazingAmazing
scratch+KL-task What is 150 seated over theware?
scratch+KL-ext The the same way of the same way to be

TrufLL (Task-LM) Which item has more aggressive up their legs?
TrufLL (Ext-LM) How many different species have been captured and tagged here

Human What is the title of the red book? A:harry potter

pretrain What is the cat inside of?
pretrain + RL Is the cat inside or outside?

scratch AmazingAmazingAmazingAmazingAmazing
scratch+KL-task What color is the man’s shirt?
scratch+KL-ext The way of the world’s a lot of the

TrufLL (Task-LM) Which item appears higher into one and lower?
TrufLL (Ext-LM) What was that?

Human What color is the fire hydrant? A:red

pretrain What color is the hydrant?
pretrain + RL What color is the hydrant?

scratch AmazingAmazingAmazingAmazingAmazing
scratch+KL-task What color is the man’s bat?
scratch+KL-ext The the first thing is a good thing that the

TrufLL (Task-LM) Which color is this fire?
TrufLL (Ext-LM) What color will your feet color look?

Human How many wheels does the truck have? A:3

pretrain How many people are in front of the bus?
pretrain + RL How many slices ofists are on the plate?

scratch AmazingAmazingAmazingAmazingAmazing
scratch+KL-task Is summer out or cloudy next to Winchester?
scratch+KL-ext The the most recent of the most recent years of

TrufLL (Task-LM) How many pieces are here?
TrufLL (Ext-LM) How many different objects have been used?

Figure 8: Samples on VQA.
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Human What is on top of the round dome? A:flag

pretrain What is on the top right mean?
pretrain + RL What is on the front of this event?

scratch AmazingAmazingAmazingAmazingAmazing
scratch+KL-task What zombie is on the mouse?
scratch+KL-ext The the first thing is a bit of the first

TrufLL (Task-LM) Where could one travel park located?
TrufLL (Ext-LM) What color will your shoes look?

Human Where is the chain link fence? A:background

pretrain What is he holding?
pretrain + RL What is he fire hydrant?

scratch mazingAmazingAmazingAmazingAmazing
scratch+KL-task Who is closest to the paint?
scratch+KL-ext The the first thing is a great deal with the

TrufLL (Task-LM) Which item represents than both ends and lower?
TrufLL (Ext-LM) How much food has it given him?

Human What activity are these people doing? A:surfing

pretrain What is the person doing?
pretrain + RL What is the person doing?

scratch noodles noodles noodles noodles noodles noodles
scratch+KL-task How many umbrellas are visible?
scratch+KL-ext The the first thing is the same way of the

TrufLL (Task-LM) Which game does he play?
TrufLL (Ext-LM) What was that for?

Human What color is the umbrella? A:black

pretrain What color is the cat?
pretrain + RL What color is the cat?

scratch AmazingAmazingAmazingAmazingAmazing
scratch+KL-task What color is the man’s shirt?
scratch+KL-ext The the other way of the past time, and

TrufLL (Task-LM) Which item doesn’t both turn?
TrufLL (Ext-LM) What color of clothing did he get?

Human How many planes are shown? A:1

pretrain How many jets are there?
pretrain + RL How many jets are there?

scratch AmazingAmazingAmazingAmazingAmazingAmazing
scratch+KL-task How many skater does Green cents have?
scratch+KL-ext The the first thing is the first time, and

TrufLL (Task-LM) How many surf worthy are here?
TrufLL (Ext-LM) How many different ways should one ask if she wants

Human What is this animal called? A:horse

pretrain What is the animal on?
pretrain + RL What animal is shown on the ground?

scratch AmazingAmazingAmazingAmazingAmazingAmazingAmazing
scratch+KL-task What has to make of the pies that, should
scratch+KL-ext The the next week of the next week, the

TrufLL (Task-LM) Which item doesn’t turn?
TrufLL (Ext-LM) What was that?

Figure 9: Samples on VQA.

36



Human What color spot does the horse have? A:white

pretrain What color is the animal?
pretrain + RL What color is the door?

scratch AmazingAmazingAmazingAmazingAmazingAmazing
scratch+KL-task What color is the ATM basketball?
scratch+KL-ext The the same thing that the same way of the

TrufLL (Task-LM) Which color is his socks?
TrufLL (Ext-LM) What color will your shoes look?

Human What color is the girls pants? A:blue

pretrain What color is the man’s blue?
pretrain + RL What color are the bird’s pants?

scratch AmazingAmazingAmazingAmazingAmazingAmazing
scratch+KL-ext The the first thing is a lot of the same

TrufLL (Task-LM) Which color is this fire?
TrufLL (Ext-LM) What color of clothing did he get?

Human What is on the woman’s head? A:helmet

pretrain What is on the girl’s head?
pretrain + RL What is on the person’s head?

scratch AmazingAmazingAmazingAmazingAmazingAmazing
scratch+KL-task Who is behind the horse?
scratch+KL-ext The the same thing that the most important to the

TrufLL (Task-LM) Which item doesn’t turn?
TrufLL (Ext-LM) What was that?

Figure 10: Samples on VQA.
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Abstract

The state-of-the-art adaptive policies for simul-
taneous neural machine translation (SNMT)
use monotonic attention to perform read/write
decisions based on the partial source and target
sequences. The lack of sufficient information
might cause the monotonic attention to take
poor read/write decisions, which in turn neg-
atively affects the performance of the SNMT
model. On the other hand, human translators
make better read/write decisions since they can
anticipate the immediate future words using
linguistic information and domain knowledge.
In this work, we propose a framework to aid
monotonic attention with an external language
model to improve its decisions. Experiments on
MuST-C English-German and English-French
speech-to-text translation tasks show the future
information from language model improves the
state-of-the-art monotonic multi-head attention
model further.

1 Introduction

A typical application of simultaneous neural ma-
chine translation (SNMT) is conversational speech
or live video caption translation. In order to achieve
live translation, an SNMT model alternates be-
tween performing read from source sequence and
write to target sequence. For a model to decide
whether to read or write at certain moment, either a
fixed or an adaptive read/write policy can be used.

Earlier approaches in simultaneous translation
such as Ma et al. (2019a) and Dalvi et al. (2018)
employ a fixed policy that alternate between read
and write after the waiting period of k tokens. To
alleviate possible long delay of fixed polices, re-
cent works such as monotonic infinite lookback
attention (MILk) (Arivazhagan et al., 2019), and
monotonic multihead attention (MMA) (Ma et al.,
2019c) developed flexible policies using monotonic
attention (Raffel et al., 2017).

∗⋆Work done while at Samsung Research
†Equal contribution

Figure 1: The finetuned XLM-RoBERTa language
model predicts German words using the prefix as in-
put.(Green: Correct, Red: Incorrect, Black: Neutral).

While these monotonic attention anticipates tar-
get words using only available prefix source and
target sequence, human translators anticipate the
target words using their language expertise (linguis-
tic anticipation) as well as contextual information
(extra-linguistic anticipation) (Vandepitte, 2001).
Inspired by human translation experts, we aim to
augment monotonic attention with future informa-
tion using language models (LM) (Devlin et al.,
2019; Conneau et al., 2019).

Integrating the external information effectively
into text-to-text machine translation (MT) systems
has been explored by several works (Khandelwal
et al., 2020; Gulcehre et al., 2015, 2017; Stahlberg
et al., 2018). Also, integrating future information
implicitly into SNMT system during training is ex-
plored in Wu et al. (2020) by simultaneously train-
ing different wait-k SNMT systems. However, no
previous works make use of explicit future informa-
tion both during training and inference. To utilize
explicit future information, we explored to inte-
grate future information from LM directly into the
output layer of the MMA model. However, it did
not provide any improvements (refer to Appendix
A), thus motivating us to explore a tighter integra-
tion of the LM information into SNMT model.

In this work, we explicitly use plausible future
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Figure 2: Overview of the proposed language model augmented monotonic attention for SNMT.

information from LM during training by transform-
ing the monotonic attention mechanism. As shown
in Figure 1, at each step, the LM takes the prefix
target (and source, for cross-lingual LM) sequence
and predicts the probable future information. We
hypothesize that aiding the monotonic attention
with this future information can improve MMA
model’s read/write policy, eventually leading to
better translation with less delay. Several experi-
ments on MuST-C (Di Gangi et al., 2019) English-
German and English-French speech-to-text transla-
tion tasks with our proposed approach show clear
improvements of latency-quality trade-offs over the
state-of-the-art MMA models.

2 Monotonic Attention with Future
Information Model

2.1 Monotonic Attention

In simultaneous machine translation (SNMT) mod-
els, the probability of predicting the target token
yi ∈ y depends on the partial source and target
sequences (x≤j ∈ x, y<i ∈ y). In sequence-to-
sequence based SNMT model, each target token yi
is generated as follows:

hj = E(x≤j) (1)

si = D(y<i, ci = A(si−1, h≤j)) (2)

yi = Output(si) (3)

where E(.) and D(.) are the encoder and decoder
layers, and ci is a context vector. In monotonic
attention based SNMT, the context vector is com-
puted as follows:

ei,j =MonotonicEnergy(si−1, hj) (4)

pi,j = Sigmoid(ei,j) (5)

zi,j ∼ Bernoulli(pi,j) (6)

When generating a target token yi, the decoder
chooses whether to read/write based on Bernoulli
selection probability pi,j . When zi,j = 1 (write),
model sets ti = j, ci = hj and generates the target
token yi. For zi,j = 0 (read), it sets ti = j + 1 and
repeats Eq. 4 to 6. Here ti refers to the index of
the encoder when decoder needs to produce the ith

target token. Instead of hard alignment of ci = hj ,
Raffel et al. (2017) compute an expected alignment
in a recurrent manner and propose a closed-form
parallel solution. Arivazhagan et al. (2019) adopt
monotonic attention into SNMT and later, Ma et al.
(2019c) extend it to MMA to integrate it into the
Transformer model (Vaswani et al., 2017).

2.2 Monotonic Attention with Future
Information

The monotonic attention described in Section 2.1
performs anticipation based only on the currently
available source and target information. To aug-
ment this anticipation process using future informa-
tion extracted using LMs, we propose the following
modifications to the monotonic attention.

Future Representation Layer: At every de-
coding step i, the previous target token yi−1 is
equipped with a plausible future token ŷi as shown
in the Figure 2. Since the token ŷi comes from
an LM possibly with a different tokenizer and vo-
cabulary set, applying the model’s tokenizer and
vocabulary might split the token ŷi further into mul-
tiple sub-tokens {ŷ1i , ŷ2i , · · · , ŷmi }. To get a single
future token representation s̃i ∈ Rd from all the
sub-tokens, we apply a sub-token summary layer:

s̃i = Γ({ŷ1i , ŷ2i , · · · , ŷmi }) (7)

The Γ represents a general sequence representation
layer such as a Transformer encoder layer or a sim-
ple normalized sum of sub-token representations.
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We enrich s̃i at every layer l of the decoder block
by applying a residual feed-forward network.

s̃li = FFN(ỹl−1i ) (8)

Monotonic Energy Layer with Future Informa-
tion: Despite the fact that we can add the plau-
sible future information to the output layer (Ap-
pendix A) or append it to the target token represen-
tation yi−1, the MMA read/write decisions happen
in Eq. 4. Therefore, we integrate s̃i into the Eq. 4
instead.

The integration is carried out by modifying Eq.
4 - Eq. 5. We compute the monotonic energy for
future information using the enriched future token
representation s̃i available at each layer:

ẽi,j =MonotonicEnergy(s̃i, hj) (9)

We integrate the future monotonic energy function
into Eq. 5 as follows:

p̃i,j = Sigmoid(ei,j + ẽi,j) (10)

After computing p̃i,j , we compute ci similar to
MMA model.

This way of integration of future information
allows the model to condition the LM output us-
age on the input sequence. The model can control
the relative weightage given to the LM output by
varying the ẽi,j . In case of insufficient source in-
formation in the low latency regime, we expect the
model’s decision policy to rely more on ẽi,j .

Inference: During inference, the start token does
not contain any plausible information. After pre-
dicting the first target token, for every subsequent
prediction of target token yi, we invoke the LM to
predict the next plausible future token and integrate
this new information into Eq. 10.

3 Experiments and Results

3.1 Experimental Settings
Datasets and Metrics: We conduct our experi-
ments on the MuST-C English(En)-German(De)
and English(En)-French(Fr) speech-to-text (ST)
translation task. The speech sequence is repre-
sented using 80-dimensional log-mel filter bank
features. The target sequence is represented as sub-
words using a SentencePiece (Kudo and Richard-
son, 2018) model with a unigram vocabulary of
size 10,000. We evaluate the performance of the
models on both the latency and quality aspects. We

use Average Lagging(AL) as our latency metric
and case-sensitive detokenized SacreBLEU (Post,
2018) to measure the translation quality, similar
to (Ma et al., 2020). The best models are chosen
based on the dev set results and reported results are
from the MuST-C test (tst-COMMON) sets.

Language Models We use two language mod-
els to train our proposed modified MMA model.
Firstly, we use the pretrained XLM-RoBERTa
(Conneau et al., 2019) model from Huggingface
Transformers1 model repository. Since the LM out-
put can be very open-ended and might not directly
suit/cater to our task and dataset, we finetune the
head of the model using the MuST-C target text
data for each task.

We also train a smaller language model (SLM),
which contains 6 Transformer decoder layers, 512
hidden-states and 24M parameters. We use the
MuST-C data along with additional data augmen-
tation to reduce overfitting. The SLM helps to
remove the issues related to vocabulary mismatch
as discussed in the Section 2.2.

Implementation Details: Our base model is
adopted from Ma et al. (2020). We use a pre-
decision ratio of 7 , which means that the simultane-
ous read/write decisions are made after every seven
encoder states. We use λ or λlatency to refer to
the hyperparameter corresponding to the weighted
average(λavg) in MMA. The values of this hyperpa-
rameter λ are chosen from the set {0.01, 0.05, 0.1}.
The Γ layer in Eq. 7 computes the normalized sum
of the sub-token representations. For SLM, it sim-
ply finds the embedding since it shares the same
vocabulary set. All the models are trained on a
NVIDIA v100 GPU with update_freq set to 8.

Simultaneous Translation Models: Even
though future information can be integrated
explicitly into the fixed policy approaches such as
Wait-K (Ma et al., 2019b), we choose monotonic
attention as our baseline due to its superior
performance (Arivazhagan et al., 2019; Ma et al.,
2019c). We train a baseline based on Ma et al.
(2020) work, called as MMA model. The MMA
model encoder and decoder embedding dimensions
are set to 392, whereas our proposed model’s
encoder and decoder embeddings are set to 256
to have similar parameters (≈ 39M ) for a fair
comparison. We train two models using the

1https://huggingface.co/transformers/
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Figure 3: LM prediction weight vs λ

modified MMA based on two LMs (XLM, SLM),
referred as MMA-XLM and MMA-SLM.

3.2 Results
We first analyze how the LM predictions are being
utilized by the our model. In order to measure the
relative weight given to model’s internal states ver-
sus the predictions from the LM, we compare the
norm of the monotonic energies corresponding to
the LM predictions epred (Eq. 9) and the previous
output tokens eoutput (Eq. 4). Let us define LM
prediction weight as follows:

LMpw =

( ∥epred∥
∥eoutput∥

)
(11)

In Figure 3, we plot the variation of LMpw (av-
eraged) vs. λ. We use two additional values of
λ ∈ {0.005, 0.001} to obtain this plot. We can
observe that as the latency requirements become
more and more strict, the model starts to give more
weightage to the predictions coming from the LM.
This shows that the model learns to utilize the in-
formation coming from LM predictions based on
latency requirements.

Next, we discuss the performance improvements
obtained from our proposed approach. By vary-
ing the λ, we train separate models for different
latency regimes. Moreover, the quality and latency
for a particular model can also be varied by control-
ling the speech segment size during the inference.
Speech segment size or step size refers to the du-
ration of speech (in ms) processed corresponding
to each read decision. We vary these hyperparame-
ters for all the three models, namely MMA, MMA-
XLM and MMA-SLM.

The BLEU-AL curves for all the models have
been provided in Figure 4 and BLEU-AL num-
bers for all models are included in Appendix F
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Figure 4: BLEU vs Average Lagging results for MMA,
MMA-XLM and MMA-SLM models.

for reference. We vary the step sizes in intervals
of 80ms from 120 ms to 520 ms in order to get
performances corresponding to different latency
regimes. We can observe that the LM-based mod-
els using both XLM and SLM provide a significant
performance improvement over the baseline MMA
model. We observe improvements in the range of
1-2 BLEU scores consistently across all the latency
regimes (λ = 0.1, 0.05, 0.01). The MMA using
SLM language model performs slightly better than
MMA using XLM language model. This is due to
SLM’s higher accuracy on the next token predic-
tion task as compared to XLM, 30.15% vs. 21.5%
for German & 31.65% vs. 18.45% for French. The
high accuracy of SLM is attributed to its training
on in-domain data.

4 Conclusion

In this work, we provide a generic framework to
integrate the linguistic and extra-linguistic infor-
mation into simultaneous models. We rely on lan-
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guage models to extract this plausible future in-
formation and propose a new monotonic attention
mechanism to infuse this information. Several ex-
periments on speech-to-text translation tasks show
the effectiveness of proposed approach on obtain-
ing superior quality-latency trade-offs, compared to
the state-of-the-art monotonic multihead attention.
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A LM at MMA Output Layer

We explored a naive approach of integrating LM
information into the MMA. In this approach, we in-
tegrate the future information obtained from the
LM directly into the output layer of the MMA
model. We refer to this experiment as ‘LM Rescor-
ing(LMR)’, and the corresponding model is called
MMA-LMR.

As observed in Figure 5, MMA-LMR has infe-
rior performance compared to the MMA model.
Since the LM information integration is only done
at the output layer of the model, the MMA model
cannot easily discard the incorrect information
from LM. This motivates us to tightly integrate
the LM information into the simultaneous model.

B Language Models

As mentioned earlier, we train two different lan-
guage models (LMs) and use them to improve the
anticipation in monotonic attention based Simulta-
neous models.

B.1 XLM-Roberta(XLM-R)
XLM-R Large model 2 was trained on the 100 lan-
guages CommonCrawl corpora total size of 2.5TB
with 550M parameters from 24 layers, 1024 hid-
den states, 4096 feed-forward hidden-states, and
16 heads. Total number of parameters is 558M. We
finetune the head of the XLM-R LM model using
the Masked Language Modeling objective which
accounts for 0.23% of the total model parameters,
i.e., 1.3M parameters.

B.2 Smaller Language Model
Since the LM predictions are computed serially
during inference, the time taken to compute the

2https://huggingface.co/xlm-roberta-large

LM token serves as a bottleneck to the latency re-
quirements. To reduce the LM computation time,
we train a smaller Language Model (SLM) from
scratch using the Causal Language Modeling ob-
jective. SLM is composed of 6 Transformer de-
coder blocks, 512 hidden-states, 2048 feed-forward
hidden-states & 8 attention heads. It alleviates
the need for the sub-token summary layer since
it shares the vocabulary and tokenization with the
MMA models. The train examples are at the sen-
tence level, rather than forming a block out of multi-
ple sentences(which is the usual case for Language
Models).

Since the target texts contain lesser than 250k
examples, we use additional data augmentation
techniques to upsample the target data. We also use
additional data to avoid overfitting on the MuST-C
target text. Details have been provided in B.2.1.

B.2.1 Data Augmentation
Up-Sampling: To boost the LM performance
and mitigate overfitting, we use contextual data
augmentation (Kobayashi, 2018) to upsample the
MuST-C target text data by substituting and insert-
ing words based on LM predictions. We use the
NLPAUG 3 package to get similar words based on
contextual embeddings. From the Hugging Face
Repository, we use two different pretrained BERT
(Devlin et al., 2019) models for German bert-base-
german-dbmdz-cased & bert-base-german-dbmdz-
uncased and bert-base-fr-cased for French. We
upsample German to 1.13M examples and French
to 1.38M examples.

Additional Data: We also use additional data
to avoid overfitting. For German we use the
Newscrawl(WMT 19) data which includes 58M
examples. For French, we use Common Crawl and
Europarl to augment 4M extra training examples.

We observe that both upsampling and data aug-
mentation help us to reduce the overfitting on the
MuST-C dev set.

B.3 Token Prediction

For each output token, the LM prediction is ob-
tained by feeding the prefix upto that token to the
LM model. These predictions are pre-computed
for training and validation sets. This ensures par-
allelization and avoids the overhead to run the LM
simultaneously during the training process. During

3https://pypi.org/project/nlpaug/
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Figure 5: BLEU vs Average Lagging results for MMA and MMA-LMR models. Each model is trained with
different λ = 0.1, 0.05, 0.01 values. Each BLUE-AL point obtained by varying step size and λ.

inference, the LM model is called every time a new
output token is written.

C Dataset

The MuST-C dataset comprises of English TED
talks, the translations and transcriptions have been
aligned with the speech at sentence level. Dataset
statistics have been provided in the Table 1.

D Effect of LM Size on Latency-Quality

We train several SLM models with varying sizes in
our experiments and choose the best model based
on the top-1 accuracy. As we increase the number
of layers in the LM model from 2 to 4 to 6 layers,
the SLM and the proposed MMA with future infor-
mation models have shown performance improve-
ments. However, increasing the number of layers
greater than 6 does not yield any performance im-
provements. We also notice this degradation of
performance with the XLM model while varying
the number of hidden layers in the LM head.

E Training Details

We follow the training process similar to Ma et al.
(2020) training process. We train an English ASR
model using the source speech data. Next, we
train a simultaneous model without the latency loss
(setting λlatency = 0) after initializing the encoder
from the English ASR model. After this step, we
finetune the simultaneous model for different λs.
This training process is repeated for all the reported

models and for each task. The details regarding the
hyperparameters for the model have been provided
in Table 2.

F BLEU-AL Numbers

As mentioned in the results section of the main pa-
per, we vary the latency weight hyperparameter (λ)
to train different models to obtain different latency
regimes. We also vary the step-size/speech seg-
ment size during inference. In total, we obtain 18
different data points corresponding to each model.
In Table 3, we compare the results obtained using
MMA, MMA-XLM and MMA-SLM under similar
hyperparameter settings. It will help the reader to
quantify the benefits obtained from our proposed
approach.
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Task # Hours
# Sentences

# Talks
# Words

Train Dev Test Source Target
English-German 408 225k 1,423 2,641 2,093 4.3M 4M
English-French 492 269k 1,412 2,632 2,510 5.2M 5.4M

Table 1: Dataset Statistics(# - Number of)

MMA MMA-XLM/CLM
Hyperparameter
encoder layers 12 12

encoder embed dim 292 256
encoder ffn embed dim 2048 2048
encoder attention heads 4 4

decoder layers 6 6
decoder embed dim 292 256

decoder ffn embed dim 2048 2048
monotonic ffn embed dim – 2048
decoder attention heads 4 4

dropout 0.1 0.1
optimizer adam adam
adam-β (0.9, 0.999) (0.9, 0.999)

clip-norm 10.0 10.0
lr scheduler inverse sqrt inverse sqrt
learning rate 0.0001 0.0001

warmup-updates 4000 4000
label-smoothing 0.0 0.0

max tokens 40000 40000
conv layers 2 2
conv stride (2,2) (2,2)
#params ≈ 39M ≈ 39M

Table 2: Model Hyperparameters

λ Model step size (AL(msec) / BLEU)
120 200 280 360 440 520

English-German Task

0.1
MMA 378 / 3.54 887 / 7.17 1317 / 9.72 1671 / 11.54 1935 / 12.95 2376 / 13.98

MMA-XLM 348 / 5.03 848 / 8.77 1269 / 10.4 1631 / 12.78 1961 / 14.22 2272 / 15.34
MMA-SLM 748 / 8.83 1192 / 10.43 1566 / 12.43 1857 / 13.82 2156 / 14.29 2421 / 15.44

0.05
MMA 775 / 6.5 1220 / 10.08 1683 / 11.72 1891 / 12.92 2484 / 13.85 2441 / 14.51

MMA-XLM 766 / 7.76 1200 / 10.84 1654 / 13.2 1873 / 13.72 2655 / 16.36 2456 / 15.90
MMA-SLM 1250 / 12.12 1588 / 13.53 1899 / 14.68 2171 / 15.18 2424 / 15.72 2665 / 15.99

0.01
MMA 1841 / 13.33 2183 / 14.24 2455 / 14.58 2683 / 15.11 2839 / 16.05 3079 / 16.18

MMA-XLM 1846 / 14.83 2167 / 15.57 2439 / 16.13 2662 / 16.21 2855 / 16.87 3085 / 17.24
MMA-SLM 2047 / 14.43 2039 / 15.33 2420 / 16.87 2503 / 16.87 2786 / 17.01 2871 / 17.35

English-French Task

0.1
MMA 471 / 6.77 924 / 13.2 1299 / 17.37 1667 / 19.78 1975 / 20.77 2269 / 22.28

MMA-XLM 478 / 7.54 902 / 14.48 1284 / 17.74 1607 / 21.02 1972 / 22.17 2251 / 22.79
MMA-SLM 460 / 7.89 701 / 14.86 1313 / 18.40 1604 / 21.23 1971 / 22.50 2211 / 22.91

0.05
MMA 806 / 12.9 1209 / 18.13 1533 / 20.57 1825 / 22.30 2137 / 22.95 2390 / 23.98

MMA-XLM 796 / 14.06 1184 / 19.19 1512 / 21.25 1807 / 23.17 2117 / 23.75 2363 / 24.78
MMA-SLM 794 / 14.20 1197 / 19.79 1504 / 21.44 1878 / 23.5 2122 / 24.27 2341 / 24.96

0.01
MMA 1728 / 22.84 1725 / 23.6 2204 / 25.07 2416 / 25.44 2632 / 25.56 2824 / 25.81

MMA-XLM 1713 / 23.11 1701 / 24.89 2116 / 26.24 2420 / 26.19 2631 / 26.07 2796 / 26.17
MMA-SLM 1725 / 23.33 1704 / 25.16 2217 / 26.54 2412 / 26.63 2631 / 26.57 2812 / 26.55

Table 3: BLEU vs Average Lagging results for MMA, MMA-XLM and MMA-SLM models on English-German
and English-French tasks. The models are trained using different latency loss weights (λ = 0.1, 0.05, 0.01).
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Abstract
Automatic text summarization has enjoyed
great progress over the years and is used in
numerous applications, impacting the lives of
many. Despite this development, there is lit-
tle research that meaningfully investigates how
the current research focus in automatic summa-
rization aligns with users’ needs. To bridge
this gap, we propose a survey methodology
that can be used to investigate the needs of
users of automatically generated summaries.
Importantly, these needs are dependent on the
target group. Hence, we design our survey in
such a way that it can be easily adjusted to in-
vestigate different user groups. In this work
we focus on university students, who make ex-
tensive use of summaries during their studies.
We find that the current research directions of
the automatic summarization community do
not fully align with students’ needs. Moti-
vated by our findings, we present ways to mit-
igate this mismatch in future research on au-
tomatic summarization: we propose research
directions that impact the design, the develop-
ment and the evaluation of automatically gen-
erated summaries.

1 Introduction

The field of automatic text summarization has ex-
perienced great progress over the last years, espe-
cially since the rise of neural sequence to sequence
models (e.g., Cheng and Lapata, 2016; See et al.,
2017; Vaswani et al., 2017). The introduction of
self-supervised transformer language models like
BERT (Devlin et al., 2019) has given the field an
additional boost (e.g., Liu et al., 2018; Liu and
Lapata, 2019; Lewis et al., 2020; Xu et al., 2020).

The—often implicit—goal of automatic text
summarization is to generate a condensed textual
version of the input document(s), whilst preserving
the main message. This is reflected in today’s most
common evaluation metrics for the task; they focus
on aspects such as informativeness, fluency, suc-
cinctness and factuality (e.g., Lin, 2004; Nenkova

Output 
factors

Purpose 
factors

Input 
factors

This figure shows the 
classical approach 
for textual 
summarization. 
Unstructured textual 
input is transformed 
into shorter textual 
output. 

The usual approach 
for textual 
summarization uses 
unstructured textual 
input and output.

?

(a) Most current automatic text summarization techniques.
Left: input document. Right: summary.

Output 
factors

Purpose 
factors

Input 
factors

Incorporating 
context factors 
For a useful 
summary, we take 
users’ wishes into 
account and might 
have a more 
structured input and 
output.

Aware 
of 
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wishes 

More 
useful 

summary

(b) Example of summarizing while taking users’ wishes and
desires into account. Left: input document. Right: summary.

Figure 1: Example of most current summarization tech-
niques vs. summarization while incorporating the users
in the process.

and Passonneau, 2004; Paulus et al., 2018; Narayan
et al., 2018b; Goodrich et al., 2019; Wang et al.,
2020; Xie et al., 2021). The needs of the users of
the summaries are often not explicitly addressed,
despite their importance in explicit definitions of
the goal of automatic summarization (Spärck Jones,
1998; Mani, 2001a). Mani defines this goal as: “to
take an information source, extract content from it,
and present the most important content to the user
in a condensed form and in a manner sensitive to
the user’s or application’s needs.”

Different user groups have different needs. Inves-
tigating these needs explicitly is critical, given the
impact of adequate information transfer (Bennett
et al., 2012). We propose a survey methodology
to investigate these needs. In designing the survey,
we take stock of past work by Spärck Jones (1998)
who argues that in order to generate useful sum-
maries, one should take the context of a summary
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into account—a statement that has been echoed by
others (e.g., Mani, 2001a; Aries et al., 2019). To
do this in a structured manner, Spärck Jones intro-
duces three context factor classes: input factors,
purpose factors and output factors, which respec-
tively describe the input material, the purpose of
the summary, and what the summary should look
like. We structure our survey and its implications
around these factors. In Figure 1 we give an ex-
ample of incorporating the context factors in the
design of automatic summarization methods.

Our proposed survey can be flexibly adjusted to
different user groups. Here we turn our focus to
university students as a first stakeholder group. Uni-
versity students are a particularly relevant group to
focus on first, as they benefit from using pre-made
summaries in a range of study activities (Reder
and Anderson, 1980), but the desired characteris-
tics of these pre-made summaries have not been
extensively investigated. We use the word pre-
made to differentiate such summaries from the ones
that users write themselves. Automatically gener-
ated summaries fall in the pre-made category, and
should thus have the characteristics that users wish
for pre-made summaries.

Motivated by our findings, we propose impor-
tant future research directions that directly impact
the design, development, and evaluation of auto-
matically generated summaries. We contribute the
following:
C1 We design a survey that can be easily adapted

and reused to investigate and understand the
needs of the wide variety of users of automati-
cally generated summaries;

C2 We develop a thorough understanding of how
automatic summarization can optimally ben-
efit users in the educational domain, which
leads us to unravel important and currently un-
derexposed research directions for automatic
summarization;

C3 We propose a new, feasible and comprehensive
evaluation methodology to explicitly evaluate
the usefulness of a generated summary for its
intended purpose.

2 Related work

In Section 1 we introduced the context factors as
proposed by Spärck Jones (1998). Each context
factor class can be divided into more fine-grained
subclasses. To ensure the flow of the paper, we
list an overview in Appendix A. Below, we explain

and use the context factors and their fine-grained
subclasses to structure the related work. As our
findings have implications for the evaluation of
automatic summarization, we also discuss evalua-
tion methods. Lastly, we discuss the use-cases of
automatic summaries in the educational domain.

2.1 Automatic text summarization

Input factors. We start with the fine-grained in-
put factor unit, which describes how many sources
are to be summarized at once, and the factor scale,
which describes the length of the input data. These
factors are related to the difference between single
and multi-document summarization (e.g., Chopra
et al., 2016; Cheng and Lapata, 2016; Wang et al.,
2016; Yasunaga et al., 2017; Nallapati et al., 2017;
Narayan et al., 2018b; Liu and Lapata, 2019). Scale
plays an important role when material shorter than
a single document is summarized, such as sentence
summarization (e.g., Rush et al., 2015). Regarding
the genre of the input material, most current work
focuses on the news domain or Wikipedia (e.g.,
Sandhaus, 2008; Hermann et al., 2015; Koupaee
and Wang, 2018; Liu et al., 2018; Narayan et al.,
2018a). A smaller body of work addresses different
input genres, such as scientific articles (e.g., Cohan
et al., 2018), forum data (e.g., Völske et al., 2017),
opinions (e.g., Amplayo and Lapata, 2020) or di-
alogues (e.g., Liu et al., 2021). These differences
are also closely related to the input factor subject
type, which describes the difficulty level of the in-
put material. The factor medium refers to the input
language. Most automatic summarization work
is concerned with English as language input, al-
though there are exceptions, such as Chinese (e.g.,
Hu et al., 2015) or multilingual input (Ladhak et al.,
2020). The last input factor is structure. Especially
in recent neural approaches, explicit structure of
the input text is often ignored. Exceptions include
graph-based approaches, where implicit document
structure is used to summarize a document (e.g.,
Tan et al., 2017; Yasunaga et al., 2017), and summa-
rization of tabular data (e.g., Zhang et al., 2020a)
or screenplays (e.g., Papalampidi et al., 2020).
Purpose factors. Although identified as the most
important context factor class by Spärck Jones
(1998)—and followed by, for example, Mani
(2001a)—purpose factors do not receive a substan-
tial amount of attention. There are some exceptions,
e.g., query-based summarization (e.g., Nema et al.,
2017; Litvak and Vanetik, 2017), question-driven
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summarization (e.g., Deng et al., 2020), person-
alized summarization (e.g., Móro and Bieliková,
2012) and interactive summarization (e.g., Hirsch
et al., 2021). They take the situation and the audi-
ence into account. The use-cases of the generated
summaries are also clearer in these approaches.
Output factors. We start with the output factors
style and material. The latter is concerned with
the degree of coverage of the summary. Most gen-
erated summaries have an informative style and
cover most of the input material. There are excep-
tions, e.g., the XSum dataset (Narayan et al., 2018a)
which constructs summaries of a single sentence
and is therefore more indicative in terms of style
and inevitably less of the input material is covered.
Not many summaries have a critical or aggrega-
tive style. Aggregative summaries put different
source texts in relation to each other, to give a topic
overview. Most popular summarization techniques
focus on a running format. Work on template-
based (e.g., Cao et al., 2018) and faceted (e.g.,
Meng et al., 2021) summarization follows a more
headed (structured) format. Falke and Gurevych
(2017) build concept maps and Wu et al. (2020)
make knowledge graphs. The difference between
abstractive and extractive summarization is likely
the best known distinction in output type (e.g., Nal-
lapati et al., 2017; See et al., 2017; Narayan et al.,
2018b; Gehrmann et al., 2018; Liu and Lapata,
2019), although it is not entirely clear which output
factor best describes the difference.
In Section 5 we use the context factors to identify
future research directions, based on the difference
between our findings and the related work.

2.2 Evaluation

Evaluation methods for automatic summarization
can be grouped in intrinsic vs. extrinsic meth-
ods (Mani, 2001b). Intrinsic methods evaluate
the model itself, e.g., on informativeness or flu-
ency (Paulus et al., 2018; Liu and Lapata, 2019).
Extrinsic methods target how a summary performs
when used for a task (Dorr et al., 2005; Wang et al.,
2020). Extrinsic methods are resource intensive,
explaining the popularity of intrinsic methods.

Evaluation methods can also be grouped in auto-
matic vs. human evaluation methods. Different
automatic metrics have been proposed, such as
Rouge (Lin, 2004) and BERTScore (Zhang et al.,
2020b) which respectively evaluate lexical and
semantic similarity. Other methods use an au-

tomatic question-answering evaluation methodol-
ogy (Wang et al., 2020; Durmus et al., 2020). Most
human evaluation approaches evaluate intrinsic fac-
tors such as informativeness, readability and con-
ciseness (DUC, 2003; Nallapati et al., 2017; Paulus
et al., 2018; Liu and Lapata, 2019)—factors that are
difficult to evaluate automatically. There are also
some extrinsic human evaluation methods, where
judges are asked to perform a certain task based
on the summary (e.g., Narayan et al., 2018b). So
far, usefulness1 has not been evaluated in a feasible
and comprehensive manner, whereas it is an im-
portant metric to evaluate whether summaries fulfil
users’ needs. Therefore, we bridge the gap by in-
troducing a feasible and comprehensive evaluation
methodology to evaluate usefulness.

2.3 Automatic summarization for education

Summaries play a prominent role in education.
Reder and Anderson (1980) find that students who
use a pre-made summary score better on a range
of study activities than students who do not use
such a summary. As the quality of automatically
generated summaries increases (e.g., Lewis et al.,
2020; Xu et al., 2020), so does the potential to use
them in the educational domain, especially given
the increasing importance of digital tools and de-
vices for education (Luckin et al., 2012; Hashim,
2018). With these developments in mind, it is crit-
ical that educators are aware of the pedagogical
implications; they need to understand how to best
make use of all new possibilities (Hashim, 2018;
Amhag et al., 2019). The outcomes of our survey
result in concrete suggestions for developing meth-
ods for automatic summarization in the educational
domain, whilst taking students’ needs into account.

3 Survey Procedure and Participants

Here we detail our survey procedure. For con-
creteness, we present the details with our intended
target group in mind. The context factors form the
backbone of our survey and the setup can be easily
adjusted to investigate the needs of different target
groups. For example, we ask participants about
a pre-made summary for a recent study activity,
but it is straightforward to adapt this to a different
use-case that is more suitable for other user groups.

1We follow the definition of the English Oxford
Learner’s Dictionary (www.oxfordlearnersdictionaries.
com/definition/english/) for usefulness: “the fact of be-
ing useful or possible to use”, where useful is defined as “that
can help you to do or achieve what you want”.
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(a) Study levels.

(b) Study backgrounds.

Figure 2: Participant details.

3.1 Participants

We recruited participants among students at univer-
sities across the Netherlands by contacting ongoing
courses and student associations, and by advertise-
ments on internal student websites. As incentive,
we offered a ten euro shopping voucher to ten ran-
domly selected participants.

A total of 118 participants started the survey and
82 completed the full survey, resulting in a 69.5%
completion rate. We only include participants who
completed the study in our analysis. Participants
spent 10 minutes on average on the survey. In
the final part of our survey we ask participants to
indicate their current level of education and main
field of study. The details are given in Figure 2.

3.2 Survey procedure

Figure 3 shows a brief overview of our survey pro-
cedure. A detailed account is given in Appendix B.
We arrived at the final survey version after a
number of pilot runs where we ensured participants
understood their task and all questions. We ran the
survey with SurveyMonkey (surveymonkey.com).
A verbatim copy is included in Appendix C and
released under CC BY license.2

Introduction. The survey starts with an introduc-
tion where we explain what to expect, how we
process the data and that participation is voluntary.
After participants agree with this, an explanation
of the term pre-made summary follows. As we
do not want to bias participants by stating that the
summary was automatically generated, we explain
that the summary can be made by anyone, e.g.,
a teacher, a good performing fellow student, the
authors of the original material, or a computer. Re-
call that an automatically generated summary is
a pre-made summary. Hence, our survey identi-
fies the characteristics an automatically generated
summary should have. We also give examples of

2https://github.com/maartjeth/survey_
useful_summarization

types of pre-made summaries; based on the pilot
experiments we noticed that people missed this in-
formation. We explicitly state that these are just
examples and that participants can come up with
any example of a helpful pre-made summary.
Context factors. In the main part of our survey we
focus on the context factors. First, we ask partici-
pants whether they have made use of a pre-made
summary in one of their recent study activities. If
so, we ask them to choose the study activity where
a summary was most useful. We call this group the
Remembered group, as they describe an existing
summary from memory. If people indicate that they
have not used a pre-made summary in one of their
recent study activities, we ask them whether they
can imagine a situation where a pre-made summary
would have been helpful. If not, we ask them why
not and lead them to the final background ques-
tions and closing page. If yes, we ask them to keep
this imaginary situation in mind for the rest of the
survey. We call this group the Imagined group.

Now we ask the Remembered and Imagined
groups about the input, purpose and output factors
of the summary they have in mind. We ask ques-
tions for each of the context factor subclasses that
we discussed in Section 2. At this point, the two
groups are in different branches of the survey. The
difference is mainly linguistically motivated: in the
Imagined group we use verbs of probability instead
of asking to describe an existing situation. Some
questions can only be asked in the Remembered
group, e.g., how helpful the summary was.

In the first context factor question we ask what
the study material consisted of. We give a num-
ber of options, as well as an ‘other’ checkbox. To
avoid position bias, all answer options for multi-
ple choice and multiple response questions in the
survey are randomized, with the ‘other’ checkbox
always as the last option. If participants do not
choose the ‘mainly text’ option, we tell them that
we focus on textual input in the current study3 and
ask whether they can think of a situation where the
input did consist of text. If not, we lead them to
the background questions and closing page. If yes,
they proceed to the questions that give us a full
overview of the input, purpose and output factors
of the situation participants have in mind. Finally,
we ask the Remembered group to suggest how their
described summary could be turned into their ideal

3Different modalities are also important to investigate, but
we leave this for future work to ensure clarity of our results.
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Figure 3: Overview of the survey procedure.

summary. We then ask both groups for any final
remarks about the summary or input material.
Trustworthiness and future features questions.
So far we have included the possibility that the
summary was machine-generated, but also explic-
itly included other options so as not to bias partici-
pants. At this point we acknowledge that machine-
generated summaries could give rise to additional
challenges and opportunities. Hence, we include
some exploratory questions to get an understanding
of the trust users would have in machine-generated
summaries and to get ideas for the interpretation of
the context factors in exploratory settings.

For the first questions we tell participants to
imagine that the summary was made by a com-
puter, but contained all needs identified in the first
part of the survey. We then ask them about trust in
computer- and human-generated summaries. Next,
we ask them to imagine that they could interact
with the computer program that made the summary
in the form of a digital assistant. We tell them
not to feel restricted by the capabilities of today’s
digital assistants. The verbatim text is given in Ap-
pendix C. We ask participants to select the three
most and the three least useful features for the digi-
tal assistant, similar to ter Hoeve et al. (2020).

4 Results

For each question we examine the outcomes of all
respondents together and of different subgroups
(Table 1). For space and clarity reasons, we present
the results of all respondents together, unless inter-
esting differences between groups are found. We
use the question formulations as used for the Re-
membered group and abbreviate answer options.
Answers to multiple choice and multiple response
questions are presented in an aggregated manner
and we ensure that none of the open answers can
be used to identify individual participants.

4.1 Identifying branches

Of our participants, 78.0% were led to the Remem-
bered branch and of the remaining 22.0%, 78.2%
were led to the Imagined branch. We asked the few
remaining participants why they could not think of
a case where a pre-made summary could be useful
for them. People answered that they would not

1 All respondents together
2 Remembered branch vs Imagined branch
3 Different study fields
4 Different study levels
5 Different levels of how helpful the summary

was according to participants, rated on a
5-point Likert scale (note that only the re-
membered group answered this question)

Table 1: Levels of investigation. We did not find signif-
icant differences for each, but add all for completeness.

trust such a summary and that making a summary
themselves helped with their study activities.

4.2 Input factors

Figure 4 shows the input factor results. We high-
light some here. Textual input is significantly more
popular than other input types (Figure 4a),4 stress-
ing the relevance of automatic text summarization.
People described a diverse input for scale and unit
(Figure 4b), much more than the classical focus
of automatic summarization suggests. Most input
had a considerable amount of structure (Figure 4e).
Structure is often discarded in automatic summa-
rization, although it can be very informative.

4.3 Purpose factors

Figure 5 shows the purpose factor results. Partic-
ipants indicated that the summary was helpful or
very helpful (Figure 5f), which allows us to draw
valid conclusions from the survey.5 We now high-
light some results from the other questions in this
category. For the intended audience of the sum-
maries, students selected level (4) and (5) (“a lot
(4) or full (5) domain knowledge is expected from
the users of the summary") significantly more often
than the other options (Figure 5d). Although per-
haps unsurprising given our target group, it is an
important outcome as this requires a different level
of detail than, for example, a brief overview of a
news article. People used the summaries for many
different use-cases (Figure 5e), whereas current re-
search on automatic summarization mainly focuses
on giving an overview of the input. We show the
results for the Remembered vs. Imagined splits,

4This is based on people’s initial responses and not on the
follow up question if they selected another option than ‘text’.

5Because we do not find significant differences in the over-
all results when we exclude the few participants who did not
find their summary helpful and we do not find many correla-
tions w.r.t. how helpful a summary was and a particular context
factor, we include all participants in the analysis, regardless
of how helpful they found their summary, for completeness.
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(a) Medium: The study material con-
sisted of (MC)

(b) Scale / Unit: What was the length of
the study material? (MC)

(c) Genre: What was the genre of the
study material? (MC)

(d) Subject Type: How would you clas-
sify the difficulty level of the study ma-
terial? (MC)

(e) Structure: How was the study mate-
rial structured? (MR)

Figure 4: Results for the input factor questions. Specific input factor in italics. Answer type in brackets: MC
= Multiple Choice, MR = Multiple Response. ** indicates significance (�2), after Bonferroni correction, with
p ⌧ 0.001. If two options are flagged with **, these options are not significantly different from each other, yet
both have been chosen significantly more often than the other options.

as the Imagined group chose refresh memory and
overview more often than the Remembered group
(Fisher’s exact test, p < 0.05). Although not signif-
icant after a Bonferroni correction, this can still be
insightful for future research directions. Lastly, par-
ticipants in the Imagined group ticked more boxes
than participants in the Remembered group: 3.33
vs. 2.57 per participant on average, stressing the
importance of considering many different use-cases
for automatically generated summaries.

4.4 Output factors

Figure 6 shows the results for the output fac-
tor questions. Textual summaries were signifi-
cantly more popular than other summary types
(Figure 6a), which again stresses the importance of
automatic text summarization. Most participants in-
dicated that the summary covered (or should cover)
most of the input material (Figure 6c). For the out-
put factor style we find an interesting difference be-
tween the Remembered and Imagined group (Fig-
ure 6d). Whereas the Remembered group described
significantly more often an informative summary,
the Imagined group opted significantly more of-
ten for a critical or aggregative summary. Most
research on automatic summarization focusses on

informative summaries only. For the output fac-
tor structure (Figure 6b), people described a sub-
stantially richer format of the pre-made summaries
than adopted in most research on automatic sum-
marization. Instead of simply a running text, the
vast majority of people indicated that the summary
contained (or should contain) structural elements
such as special formatting, diagrams, headings, etc.
Moreover, the Imagined group ticked more answer
boxes on average than the Remembered group:
4.17 vs. 3.56 per participant, indicating a desire
for structure in the generated summaries, which is
supported by the open answer questions.

Open answer questions. We asked participants in
the Remembered group how the summary could be
transformed into their ideal summary and 86.9%
of these participants made suggestions. Many of
those include adding additional structural elements
to the summary, like figures, tables or structure
in the summary text itself. For example, one of
the participants wrote: “An ideal summary is good
enough to fully replace the original (often longer)
texts contained in articles that need to be read for
exams. The main purpose behind this is speed of
learning from my experience. More tables, graphs
and visual representations of the study material and
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(a) Situation (1): What was the goal of
this study activity? (MC)

(b) Situation (2): Who made this pre-
made summary? (MC, Only if Remem-
bered)

(c) Situation (3): The summary was
made specifically to help me (and poten-
tially my fellow students) with my study
activity (LS, Only if Remembered)

(d) Audience: For what type of people
was the summary intended? (LS)

(e) Use (1): How did this summary help
you with your task? (MR)

(f) Use (2): Overall, how helpful was
the pre-made summary for you? (LS,
Only if Remembered)

Figure 5: Results for the purpose factor questions. Specific purpose factor in italics. Answer type in brackets: MC
= Multiple Choice, MR = Multiple Response, LS = Likert Scale. ** indicates significance (�2), after Bonferroni
correction, with p ⌧ 0.001, * with p < 0.05. † indicates noteworthy results where significance was lost after
correction for the number of tests. If two options are flagged, these options are not significantly different from
each other, yet both were chosen significantly more often than the other options.

key concepts / links would improve the summary,
as I would faster comprehend the study material.”
Another participant wrote: “– colors and a key for
color-coding – different sections, such as defini-
tions on the left maybe and then the rest of the page
reflects the structure of the course material with
notes on the readings that have many headings and
subheadings.”

Another theme is the desire to have more exam-
ples in the summary. One participant wrote: “More
examples i think. For me personally i need exam-
ples to understand the material. Now i needed to
imagine them myself”.

Some participants wrote that they would like
a more personalized summary, for example: “I’d
highlight some things I find difficult. So I’d per-
sonalise the summary more.” Another participant
wrote: “Make it more personalized may be. These
notes were by another student. I might have fo-
cussed more on some parts and less on others.”

4.5 Trustworthiness and future features

Of all participants, 48.0% indicated that it would
not make a difference to them whether a summary

is machine- or human-generated, as long as the
quality is as good as a human-generated one. This
last point is reflected in which types of summaries
participants would trust more. People opted signifi-
cantly more often for a human-generated one. For
the future feature questions, adding more details
to the summary and answering questions based on
the content of the summary were very popular. We
give a full account in Appendix D.

5 Implications and Perspectives

5.1 Future research directions

Our findings have important implications for the
design and development of future automatic sum-
marization methods. We present these in Table 2,
per context factor. Summarizing, the research de-
velopments as summarized in Section 2 are en-
couraging, yet given that automatic summarization
methods increasingly mediate people’s lives, we
argue that more attention should be devoted to its
stakeholders, i.e., to the purpose factors. Here we
have shown that students, an important stakeholder
group, have different expectations of pre-made
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(a) Format (1): What was the type of
the summary? (MC)

(b) Format (2): How was the summary
structured? (MR)

(c) Material: How much of the study
material was covered by the summary?
(LS)

(d) Style: What was the style of this
summary? (MC)

Figure 6: Results for the output factor questions. Spe-
cific output factor in italics. Answer type in brack-
ets: MC = Multiple Choice, MR = Multiple Response,
LS = Likert Scale. ** indicates significance (�2 or
Fisher’s exact test), after Bonferroni correction, with
p⌧ 0.001, * with p < 0.05.

summaries than what most automatic summariza-
tion methods offer. These differences include the
type of input material that is to be summarized, but
also how these summaries are presented. Presum-

Input Factors

Stronger focus on developing methods that can:
• handle a wide variety and a mixture of differ-

ent types of input documents at once;
• understand the relationships between differ-

ent input documents;
• use the structure of the input document(s).

Purpose Factors

• Explicitly define a standpoint on the purpose
factors in each research project;

• Include a comprehensive evaluation method-
ology to evaluate usefulness. We propose this
in Section 5.2.

Output Factors

Stronger focus on developing methods that can:
• output different summary styles, e.g., infor-

mative, aggregative or critical. Especially the
last two require a deeper understanding of
the input material than current models have;

• explicitly model and understand relation-
ships between different elements in the sum-
mary and potentially relate this back to the
input document(s).

Table 2: Implications for future research directions.

ably, this also holds for other stakeholder groups
and thus we hope to see our survey used for differ-
ent target groups in the future.
Datasets. To support these future directions we
need to expand efforts on using and collecting a
wide variety of datasets. Most recent data collec-
tion efforts are facilitating different input factors –
the purpose and output factors need more emphasis.
Our findings also impact the evaluation of summa-
rization methods. We discuss this next.

5.2 Usefulness as evaluation methodology

Following Spärck Jones (1998) and Mani (2001a),
we argue that a good choice of context factors is
crucial in producing useful summaries for users.
It is important to explicitly evaluate this. The few
existing methods to evaluate usefulness are very
resource demanding (e.g., Riccardi et al., 2015)
or not comprehensive enough (e.g., DUC, 2003;
Dorr et al., 2005). Thus, we propose a feasible and
comprehensive method to evaluate usefulness.

For the evaluation methodology, we again use
the context factors. Before the design and devel-
opment of the summarization method the intended
purpose factors need to be defined. Especially the
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fine-grained factor use is important here. Next, the
output factors need to be evaluated on the use fac-
tors. For this, we take inspiration from research on
simulated work tasks (Borlund, 2003). Evaluators
should be given a specific task to imagine, e.g., writ-
ing a news article, or studying for an exam. This
task should be relatable to the evaluators, so that
reliable answers can be obtained (Borlund, 2016).
With this task in mind, evaluators should be asked
to judge two summaries in a pairwise manner on
their usefulness, in the following format: The [out-
put factor] of which of these two summaries is most
useful to you to [use factor]? For example: The
style of which of these two summaries is most use-
ful to you to substitute a chapter that you need to
learn for your exam preparation? It is critical to
ensure that judges understand the meaning of each
of the evaluation criteria – style and substitute in
the example. We provide example questions for
each of the use and output factors in Appendix E.

6 Conclusion

In this paper we focused on users of automatically
generated summaries and argued for a stronger em-
phasis on their needs in the design, development
and evaluation of automatic summarization meth-
ods. We led by example and proposed a survey
methodology to identify these needs. Our survey
is deeply grounded in past work by Spärck Jones
(1998) on context factors for automatic summariza-
tion and can be re-used to investigate a wide variety
of users. In this work we use our survey to investi-
gate the needs of university students, an important
target group of automatically generated summaries.
We found that the needs identified by our partici-
pants are not fully supported by current automatic
summarization methods and we proposed future
research directions to accommodate these needs.
Finally, we proposed an evaluation methodology to
evaluate the usefulness of automatically generated
summaries.

7 Ethical Impact

With this work we hope to take a step in the right
direction to make research into automatic summa-
rization more inclusive, by explicitly taking the
needs of users of these summaries into account. As
stressed throughout the paper, these needs are dif-
ferent per user group and therefore it is critical that
a wide variety of user groups will be investigated.
There might also be within group differences. For

example, in this work we have focussed on students
from universities in one country, but students at-
tending universities in other geographical locations
and with different cultures might express different
needs. It is important to take these considerations
into account, to limit the risk of overfitting on a
particular user group and potentially harming other
user groups.
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A Overview context factors

Input Factors Purpose Factors Output Factors
Form Situation Material

Structure: How is the input text
structured? E.g., subheadings,
rhetorical patterns, etc.

Tied: It is known who will use
the summary, for what purpose
and when.

Covering: The summary covers
all of the important information
in the source text.

Scale: How large is the input
data that we are summarizing?
E.g., a book, a chapter, a single
article, etc.

Floating: It is not (exactly)
known who will use the sum-
mary, for what purpose or when.

Partial: The summary (inten-
tionally) covers only parts of
the important information in the
source text.

Medium: What is the input lan-
guage type? E.g., full text, tele-
graphese style, etc. This also
refers to which natural language
is used.

Audience Format

Genre: What type of literacy
does the input text have? E.g.,
description, narrative, etc.

Targetted: A lot of domain
knowledge is expected from the
readers of the summary.

Running: The summary is for-
matted as an abstract like text.

Subject Type Untargetted: No domain knowl-
edge is expected from the read-
ers of the summary.

Headed: The summary is struc-
tured following a certain stan-
dardised format with headings
and other explicit structure.

Ordinary: Everyone could un-
derstand this input type.

Use Style

Specialized: You need to speak
the jargon to understand this in-
put type.

Retrieving: Use the summary to
retrieve source text.

Informative: The summary con-
veys the raw information that is
in the source text.

Restricted: The input type text
is only understandable for peo-
ple familiar with a certain area,
for example because it contains
local names.

Previewing: Use the summary
to preview a text.

Indicative: The summary just
states the topic of the source text,
nothing more.

Unit Substitutes: Use the summary to
substitute the source text.

Critical: The summary gives a
critical review of the merits of
the source text.

Single: Only one input source is
given.

Refreshing: Use the summary
to refresh ones memory of the
source text.

Aggregative: Different source
texts are put in relation to one
another to give an overview of a
certain topic.

Multi: Multiple input sources
are given.

Prompts: Use the summary as
action prompt to read the source
text.

Table 3: Overview of different context factors classes defined by Spärck Jones (1998), with descriptions of the
factors within these classes.
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B Survey overview

Used pre-made summary?

Can you think of situation?Consisted of…?

Yes No

Text Other

Recall text?

Yes No

Goal?

Input?

Purpose?

Output?

Anything else?

NoYes

Why?Consisted of…?

Text Other

Recall text?

Yes No

Goal?

Input?

Purpose?

Output?

Anything else?

Difference human vs machine?

Digital assistance features?

Background?

Thank you!

1

2

3

4

1

2

3

4

Remember a 
pre-made summary

Imagine a 
pre-made summary

Future feature 
questions

Closing questions

Figure 7: Overview survey design.

C Verbatim survey overview

Table 4: A complete overview of the survey. This table includes the explanation that participants received, as well
as all the questions and the answer options. If a question was the start of a branch, the direction of the branch has
been written behind the answer options in italic. (This was never shown to the participants.) Note that the survey
was performed in SurveyMonkey.6 The survey had a lay-out as provided by SurveyMonkey, i.e., it consisted of
different pages and colors were used to highlight certain important parts in texts.

6http://surveymonkey.com
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Question Nr. Question and Answer Options

Q1 Introduction and Instructions
Thank you for taking the time to fill out this survey! Before you start, please take the
time to read these instructions carefully. If you still have any questions after reading
the instructions, please send them to m.a.terhoeve@uva.nl.

We will give away 10 bol.com vouchers of 10 euros each among the participants. If
you would like to take part in the raffle, you can leave your email address at the end of
this survey.

Goal of the study
The goal of this survey is to get insight in how summaries help or can help you when
studying.

What the survey will look like
In what follows you will get questions that aim to develop an understanding for:

• For which types of study material it is useful to have summaries

• How these summaries can help you with your task

• What these summaries should look like

We expect this survey to take approximately 10 minutes of your time.

Use the next button to go to the next page once you have filled out all the questions on
the page. Use the prev button to go back one page.

About your privacy
We value your privacy and will process your answers anonymously. The answers of all
participants in this survey will be used to gain insight in how pre-made summaries can
be helpful for different types of studying activities. The answers will be presented in a
research paper about this topic. This will be done either in an aggregated manner, or
by citing verbatim examples of the answers. Again, this will all be done anonymously.

I agree that I have read and understood the instructions. I also understand that
my participation in this survey is voluntarily.

⇤ I agree
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Question Nr. Question and Answer Options

Q2 Important! Some background knowledge you need to know
Throughout this survey we make use of the term pre-made summary. It is very
important that you understand what this means. On this page we explain this term, so
please make sure to read this carefully.

Definition pre-made summary
One type of summary is one that you make yourself. Another type of summary is one
that has been made for you. In this survey, we focus on this latter type and we call
them pre-made summaries.

Who makes these pre-made summaries?
These pre-made summaries can be made by a person, for example your teacher, your
friend, a fellow student or someone at some official organisation, etc. The pre-made
summaries can also be made by a computer.

What kinds of summaries are we talking about?
There are no restrictions on what these pre-made summaries can look like. On the
contrary, that is one of the things we aim to find out with this survey! But, to give
some examples, you could think of a written overview of a text book, highlights in text
to draw your attention to important bits, blog posts, etc. These are really just examples
and don’t let them limit your creativity! You can come up with any example of a
pre-made summary that is helpful for you.

Yes, I understand what a pre-made summary is!
⇤ Yes

Q3 Please think back to your recent study activities. Examples of study activities can be:
studying for an exam, writing a paper, doing homework exercises, etc. Note that these
are just examples, any other study activity is fine too.

Did you use a pre-made summary in any of these study activities?
⇤ Yes – participants are led to Q6
⇤ No – participants are led to Q4

Q4 Can you think of one of your recent study activities where a pre-made summary
would have been useful for you?
⇤ Yes – participants are led to Q25
⇤ No – participants are led to Q5
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Question Nr. Question and Answer Options

Q5 Why do you think a pre-made summary would not have helped you with any of
your recent study activities?
Open response – participants are led to Q48

Start branch of participants who described an existing summary

If you have multiple study activities where you used a pre-made summary, please take
the one where you found the pre-made summary most useful.

Q6 The original study material consisted of
⇤ Mainly text – participants are led to Q8
⇤ Mainly figures – participants are led to Q7
⇤ Mainly video – participants are led to Q7
⇤ Mainly audio – participants are led to Q7
⇤ A combination of some or all of the above – participants are led to Q7
⇤ I do not know, because I have not seen the study material – participants are led to

Q7
⇤ Other (please specify) – participants are led to Q7

Q7 For now we narrow down our survey to study material that is mostly textual. Do
you recall any other recent study activity where you made use of a pre-made
summary and where the original study material mainly consisted of text?
⇤ Yes – participants are led to Q8
⇤ No – participants are led to Q48

Q8 What was the goal of this study activity?
⇤ Studying for an exam
⇤ Writing a paper / essay / report / etc.
⇤ Doing homework exercises
⇤ Other (please specify)

Q9 Who made this pre-made summary?
⇤ A teacher or teaching assistant
⇤ A fellow student
⇤ An official organisation
⇤ The authors of the original study material
⇤ A computer program
⇤ I am not sure, I found it online
⇤ Other (please specify)
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Question Nr. Question and Answer Options

Now some questions will follow about what the study material that was summarized
looked like.

Q10 What was the length of the study material?
⇤ A single article
⇤ Multiple articles
⇤ A single book chapter
⇤ Multiple book chapters from the same book
⇤ Multiple book chapters from various books
⇤ A combination of the above
⇤ I do not know because I have not seen the study material, only the summary
⇤ Other (please specify)

Q11 How was the study material structured? (Multiple answers possible)
⇤ There was no particular structure - e.g. just one large text
⇤ The text contained a title or titles
⇤ The text contained subheadings
⇤ The text consisted of different chapters
⇤ The text consisted of different sections and / or paragraphs
⇤ I do not know because I have not seen the study material, only the summary
⇤ Other (please specify)

Q12 What was the genre of the study material?
⇤ Mainly educational (such as a text book (chapter))
⇤ Mainly scientific (such as an academic article, publication, report, etc)
⇤ Mainly nonfiction writing (such as (auto)biographies, history books, etc)
⇤ Mainly fiction writing (such as novels, short fictional stories, etc)
⇤ Other (please specify)

Q13 How would you classify the difficulty level of the study material?
⇤ Ordinary: most people would be able to understand it
⇤ Specialized: you need to know the jargon of the field to be able to understand it
⇤ Geographically based: you can only understand it if you are familiar with a certain

area, for example because it contains local names

Now we will ask some questions about the purpose of the pre-made summary that you
used.

Q14 The summary was made specifically to help me (and potentially fellow students)
with my study activity.

Strongly
disagree

Disagree Neither
agree nor
disagree

Agree Strongly
agree

I don’t
know

⇤ ⇤ ⇤ ⇤ ⇤ ⇤
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Question Nr. Question and Answer Options

Q15 For what type of people was the summary intended? Your score can range from
(1) Untargetted, to (5) Targetted.

Untargetted:
No domain

knowledge is
expected
from the

users of the
summmary.

Targetted:
Full domain
knowledge is

expected
from the

users of the
summmary.

(1) (2) (3) (4) (5)

⇤ ⇤ ⇤ ⇤ ⇤

Q16 How did this summary help you with your task? (Multiple answers possible)
⇤ The summary helped to retrieve parts of the original study material
⇤ I used the summary to preview the text that I was about to read
⇤ I used the summary as a substitute for the original study material
⇤ I used the summary to refresh my memory of the original study material
⇤ I used the summary as a reminder that I had to read the original study material
⇤ The summary helped to get an overview of the original study material
⇤ The summary helped to understand the original study material
⇤ Other (please specify)

Q17 What was the type of the summary?
⇤ Lecture notes
⇤ Blog post
⇤ Highlights of some kind in the original study material
⇤ Abstractive piece of text, such as a written overview of a text book, an abstract of a

paper, etc.
⇤ Short video
⇤ A slide show
⇤ Other (please specify)
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Question Nr. Question and Answer Options

Q18 How was the summary structured? (Multiple answers possible)
⇤ The summary was a running text, without particular structure
⇤ The summary consisted of highlights in the original study material, without

particular structure
⇤ The summary itself contained special formatting, such as bold or cursive text,

highlights, etc
⇤ The summary contained diagrams
⇤ The summary contained tables
⇤ The summary contained graphs
⇤ The summary contained figures
⇤ The summary contained headings
⇤ The summary consisted of different sections / paragraphs
⇤ Other (please specify)

Q19 How much of the study material was covered by the summary?
None of the

study
material was

covered

Almost none
of the study
material was

covered

Some of the
study

material was
covered

Most of the
study

material was
covered

All of the
study

material was
covered

(1) (2) (3) (4) (5)

⇤ ⇤ ⇤ ⇤ ⇤

Q20 What was the style of this summary?
⇤ Informative: the summary simply conveyed the information that was in the original

study material
⇤ Indicative: the summary gave an idea of the topic of the study material, but not

more
⇤ Critical: the summary gave a critical review of the study material
⇤ Aggregative: the summary put different source texts in relation to one another and

by doing this gave an overview of a certain topic
⇤ Other (please specify)
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Question Nr. Question and Answer Options

Q21 Overall, how helpful was the pre-made summary for you? Your score can range
from (1) Not helpful at all, to (5) Very helpful.

Not helpful
at all

Very helpful

(1) (2) (3) (4) (5)

⇤ ⇤ ⇤ ⇤ ⇤

Q22 Imagine you could turn this summary into your ideal summary. What would
you change?
Open response

Q23 Is there anything else you want us to know about the summary that we have not
covered yet?
Open response

Q24 Is there anything else you want us to know about the original study material
that we have not covered yet?
Open response – participants are led to Q40

Start branch of participants who described an imagined summary

Please take one of these study activities in mind and imagine you would have had a
pre-made summary.

Q25 The original study material consisted of
⇤ Mainly text – participants are led to Q27
⇤ Mainly figures – participants are led to Q26
⇤ Mainly video – participants are led to Q26
⇤ Mainly audio – participants are led to Q26
⇤ A combination of some or all of the above – participants are led to Q26
⇤ Other (please specify) – participants are led to Q26

Q26 For now we narrow down our survey to study material that is mostly textual. Do
you recall any other recent study activity where you could have used a pre-made
summary and where the original study material mainly consisted of text?
⇤ Yes – participants are led to Q27
⇤ No – participants are led to Q48
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Question Nr. Question and Answer Options

Q27 What was the goal of this study activity?
⇤ Studying for an exam
⇤ Writing a paper / essay / report / etc.
⇤ Doing homework exercises
⇤ Other (please specify)

Now some questions will follow about what the study material that could be
summarized looked like.

Q28 What was the length of the study material?
⇤ A single article
⇤ Multiple articles
⇤ A single book chapter
⇤ Multiple book chapters from the same book
⇤ Multiple book chapters from various books
⇤ A combination of the above
⇤ Other (please specify)

Q29 How was the study material structured? (Multiple answers possible)
⇤ There was no particular structure - e.g. just one large text
⇤ The text contained a title or titles
⇤ The text contained subheadings
⇤ The text consisted of different chapters
⇤ The text consisted of different sections and / or paragraphs
⇤ Other (please specify)

Q30 What was the genre of the study material?
⇤ Mainly educational (such as a text book (chapter))
⇤ Mainly scientific (such as an academic article, publication, report, etc)
⇤ Mainly nonfiction writing (such as (auto)biographies, history books, etc)
⇤ Mainly fiction writing (such as novels, short fictional stories, etc)
⇤ Other (please specify)

Q31 How would you classify the difficulty level of the study material?
⇤ Ordinary: most people would be able to understand it
⇤ Specialized: you need to know the jargon of the field to be able to understand it
⇤ Geographically based: you can only understand it if you are familiar with a certain

area, for example because it contains local names
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Question Nr. Question and Answer Options

Now we will ask some questions about the purpose of the pre-made summary that
would have been helpful.

Q32 For what type of people should the summary ideally be intended? Your score
can range from (1) Untargetted, to (5) Targetted.

Untargetted:
No domain

knowledge is
expected
from the

users of the
summmary.

Targetted:
Full domain
knowledge is

expected
from the

users of the
summmary.

(1) (2) (3) (4) (5)

⇤ ⇤ ⇤ ⇤ ⇤

Q33 How would this summary help you with your task? (Multiple answers possible)
⇤ The summary would help to retrieve parts of the original study material
⇤ I would use the summary to preview the text that I was about to read
⇤ I would use the summary as a substitute for the original study material
⇤ I would use the summary to refresh my memory of the original study material
⇤ I would use the summary as a reminder that I had to read the original study material
⇤ The summary would help to get an overview of the original study material
⇤ The summary would help to understand the original study material’,
⇤ Other (please specify)

Now we will ask some questions about what the summary should look like and cover.

Q34 What would be the ideal type of the summary?
⇤ Lecture notes
⇤ Blog post
⇤ Highlights of some kind in the original study material
⇤ Abstractive piece of text, such as a written overview of a text book, an abstract of a

paper, etc.
⇤ Short video
⇤ A slide show
⇤ Other (please specify)
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Question Nr. Question and Answer Options

Q35 What is the ideal structure of the summary? (Multiple answers possible)
⇤ The summary should be a running text, without particular structure
⇤ The summary should consist of highlights in the original study material, without

particular structure
⇤ The summary itself should contain special formatting, such as bold or cursive text,

highlights, etc.
⇤ The summary should contain diagrams
⇤ The summary should contain tables
⇤ The summary should contain graphs
⇤ The summary should contain figures
⇤ The summary should contain headings
⇤ The summary should consist of different sections / paragraphs
⇤ Other (please specify)

Q36 How much of the study material should be covered by the summary?
None of the

study
material

should be
covered

Almost none
of the study

material
should be
covered

Some of the
study

material
should be
covered

Most of the
study

material
should be
covered

All of the
study

material
should be
covered

(1) (2) (3) (4) (5)

⇤ ⇤ ⇤ ⇤ ⇤

Q37 What should the style of this summary be?
⇤ Informative: the summary should simply convey the information that was in the

original study material
⇤ Indicative: the summary should give an idea of the topic of the study material, but

not more
⇤ Critical: the summary should give a critical review of the study material
⇤ Aggregative: the summary should put different source texts in relation to one

another and by doing this give an overview of a certain topic
⇤ Other (please specify)
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Question Nr. Question and Answer Options

Q38 Is there anything else you would want us to know about your ideal summary
that we have not covered yet?
Open response

Q39 Is there anything else you would want us to know about the original study
material that we have not covered yet?
Open response

Look out questions

Now, let’s assume the pre-made summary was generated by a computer. You can
assume that this machine generated summary captures all the needs you have identified
in the previous questions.

Q40 Would it make a difference to you whether the summary was generated by a
computer program or by a human?
⇤ Yes – participants are led to Q41
⇤ No – participants are led to Q43

Q41 Please explain the difference.
Open response

Q42 Which type of summary would you trust more:
⇤ A summary generated by a human, for example a teacher or a good performing

fellow student
⇤ A summary generated by a computer
⇤ No difference

Q43 Please explain your answer.
Open response

Q44 Which type of summary would you trust more:
⇤ A summary generated by a human, for example a teacher or a good performing

fellow student
⇤ A summary generated by a computer
⇤ No difference
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Question Nr. Question and Answer Options

Now imagine that you can interact with the computer program that made the summary,
in the form of a digital assistant. Imagine that your digital assistant made an initial
summary for you and you can ask questions about it to your digital assistant and the
assistant can answer them. Answers can be voice output, but also screen output, e.g. a
written summary on the screen. In the next part we would like to investigate how you
would interact with the assistant. Please do not feel restricted by the capabilities of
today’s digital assistants.

Q45 Please choose the three most useful features for a digital assistant to have in this
scenario.
⇤ Summarize particular parts of the study material with more detail
⇤ Summarize particular parts of the study material with less detail
⇤ Switch between different summary styles (for example highlighting vs a generated

small piece of text)
⇤ Explain why particular pieces ended up in the summary
⇤ Provide the source of certain parts of the summary on request
⇤ Search for different related sources based on the content of the summary
⇤ Answer specific questions based on the content of the summary

Q46 Please choose the three least useful features for a digital assistant to have in this
scenario.
⇤ Summarize particular parts of the study material with more detail
⇤ Summarize particular parts of the study material with less detail
⇤ Switch between different summary styles (for example highlighting vs a generated

small piece of text)
⇤ Explain why particular pieces ended up in the summary
⇤ Provide the source of certain parts of the summary on request
⇤ Search for different related sources based on the content of the summary
⇤ Answer specific questions based on the content of the summary

Q47 Can you think of any other features that you would like your digital assistant to
have to help you in this scenario?
Open response

Background questions

Thank you for filling out this survey so far! We would still like to ask you two final
background questions.

Q48 What is the current level of education you are pursuing?
⇤ Bachelor’s degree
⇤ Master’s degree
⇤ MBA
⇤ Other, please specify
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Question Nr. Question and Answer Options

Q49 What is your main field of study?
Open response

Thank you!

You have come to the end of our survey. Thanks a lot for helping out! We very much
appreciate your time.

Q50 If you would like to participate in the raffle to win a voucher, please fill out your
e-mail address below. We will only use this e-mail address to blindly draw 10
names who win a voucher and to contact you if your name has been drawn.
Open response
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D Full results trustworthiness and future
feature questions

In this section we report the results for the ex-
ploratory questions that we asked about the trust-
worthiness of a summary generated by a machine
versus a human, as well as the results for the ques-
tions about features for summarization with a digi-
tal voice assistant.

We find that participants are divided on the ques-
tion whether it would make a difference to them
whether the summary was generated by a machine
or a computer. If we look at all participants to-
gether, we find that 48.0.% of the participants an-
swered that it would make a difference, whereas
52.0% answered that it would not. However, if we
split the participants based on study background,
an interesting difference emerges (Figure 8a). Par-
ticipants with a background in STEM indicated
significantly more often that it would not make a
difference to them, whereas the other groups of
students indicated the opposite. Almost all partici-
pants who answered that it would make a difference
said that they would not trust a computer on being
able to find the relevant information, i.e., all seemed
to favor the human generated summary. Only one
participant advocated for the computer-generated
summary as a “computer is more objective.” Al-
most all participants who said it would not matter
to them did add the condition that the quality of
the generated summary should be as good as if a
human had generated it. One person wrote: “If
the summary captures all previously discussed el-
ements it is effectively good for the same purpose.
So then it does not matter who generated it.” This
comment exactly captures the motivation of the
setup of our survey.

This caution regarding automatically generated
summaries is confirmed by the question in which
we asked which type of summary participants
would trust more – a human-generated one or a
machine-generated one. People chose the human-
generated summary significantly more often (Fig-
ure 8b). This also holds for the participants with
a STEM background, which aligns with the re-
sponses to the open questions we reported earlier
– apparently participants do not fully trust that the
condition they raised earlier would be satisfied,
namely that only if the machine was just as good
as the human, it would not matter for them whether
the summary was generated by a machine or a hu-
man.

The results for the most and least useful features
for a digital assistant in a summarization scenario
are given in Figure 8c and 8d. Adding more details
to the summary and answering questions based
on the content of the summary are very popular
features, whereas summarizing parts of the input
material with less detail is not.

Lastly, we asked participants whether they could
think of any other features that they would like their
digital assistant to have in the outlined scenario. A
number of participants answered that they would
like the digital assistant to generate questions based
on the summary, so that they could test their own
understanding. For example, one participant said:

“Make questions for me (to test me)” and another
participant had a related comment: “Maybe the the
digital assistant could find old exam questions to
link to parts of the summary where the question
is related to, so that there is a function to test if
you’ve understood the summary.” Another line of
answers pointed towards giving explicit relations
between the input material and summary, for ex-
ample: “Show links between subject materials and
what their relation is” and another person wrote:

“Dynamic linking from summary to original source
is a great added value of generating a summary”.

E Examples evaluation questions

Here we give additional examples for the evalua-
tion questions that can be used for our proposed
evaluation methodology. The phrase “a document
that is important for your task" should be substi-
tuted to match the task at hand. For example, in
the case of exam preparations, this could be re-
placed with “a chapter that you need to learn for
your exam preparation". Only the questions with
the intended purpose factors should be used in the
evaluation.

Purpose factor Use & Output factor Style:
• The style of which of these two summaries is

most useful to you to retrieve a document that is
important for your task?

• The style of which of these two summaries is
most useful to you to preview a document that is
important for your task?

• The style of which of these two summaries is
most useful to you to substitute a document that
is important for your task?

• The style of which of these two summaries is
most useful to you to refresh your memory about
a document that is important for your task?
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(a) Would it make a difference to you
whether the summary was generated by
a computer program or by a human?
(MC)

(b) Which type of summary would
you trust more? (MC)

(c) Please choose the three most useful
features for a digital assistant to have in
this scenario. (MR)

(d) Please choose the three least useful
features for a digital assistant to have in
this scenario. (MR)

Figure 8: Results for the future feature questions. Answer type in brackets. MC = Multiple Choice, MR = Multiple
Response. ** indicates significance (�2 or Fisher’s exact test), after Bonferroni correction, with p⌧ 0.001.

• The style of which of these two summaries is
most useful to you to prompt you to read a source
text that is important for your task?

Purpose factor Use & Output factor Format:
• The format of which of these two summaries is

most useful to you to retrieve a document that is
important for your task?

• The format of which of these two summaries is
most useful to you to preview a document that is
important for your task?

• The format of which of these two summaries is
most useful to you to substitute a document that
is important for your task?

• The format of which of these two summaries is
most useful to you to refresh your memory about
a document that is important for your task?

• The format of which of these two summaries
is most useful to you to prompt you to read a
source text that is important for your task?

Purpose factor Use & Output factor Material:
• The coverage of which of these two summaries

is most useful to you to retrieve a document that
is important for your task?

• The coverage of which of these two summaries
is most useful to you to preview a document that
is important for your task?

• The coverage of which of these two summaries
is most useful to you to substitute a document
that is important for your task?

• The coverage of which of these two summaries is
most useful to you to refresh your memory about
a document that is important for your task?

• The coverage of which of these two summaries
is most useful to you to prompt you to read a
source text that is important for your task?
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Abstract

Currently available grammatical error correc-
tion (GEC) datasets are compiled using essays
or other long-form text written by language
learners, limiting the applicability of these
datasets to other domains such as informal
writing and conversational dialog. In this pa-
per, we present a novel GEC dataset consisting
of parallel original and corrected utterances
drawn from open-domain chatbot conversa-
tions; this dataset is, to our knowledge, the
first GEC dataset targeted to a human-machine
conversational setting. We also present a de-
tailed annotation scheme which ranks errors
by perceived impact on comprehension, mak-
ing our dataset more representative of real-
world language learning applications. To
demonstrate the utility of the dataset, we use
our annotated data to fine-tune a state-of-the-
art GEC model. Experimental results show the
effectiveness of our data in improving GEC
model performance in a conversational sce-
nario.

1 Introduction

In recent years, both researchers and businesses
have attempted to build effective educational chat-
bots to help language learners improve their con-
versational skills in a second language (primarily
English) (Huang et al., 2021). However, many
such systems, such as GenieTutor Plus (Huang
et al., 2017), use rule-based dialog engines, and
thus do not take advantage of recent developments
in dialog generation using Transformer models,
which have vastly improved the quality of mod-
ern chatbots (Liang et al., 2020). Extant dialog
systems for conversational language learning can
be broadly classified into two types. In the first
type, the chatbot serves as a teacher and repeatedly
asks the user questions to test acquisition of spe-
cific words, syntax, and other pedagogical targets.

∗Authors contributed equally to this work.

In the second type, the chatbot serves as a conver-
sational partner, encouraging users to chat with it
and, in some cases, providing corrective feedback
to learners (Fryer et al., 2020). It is this latter type
we hope to improve using our proposed dataset.

Grammatical error correction (GEC) models are
needed to generate appropriate corrective feed-
back for this second type of educational chatbot.
However, nearly all current GEC datasets focus on
written essays, a domain which differs markedly
from conversational speech in both syntax and
style. As a result, datasets drawn from writ-
ten sources, such as student essays, produce poor
results when applied to dialog (Davidson et al.,
2019). There currently exists one dataset of error-
annotated conversational utterances by English
second language learners on which researchers
can train and evaluate conversational GEC mod-
els, the Teacher-Student Chatroom Corpus (Caines
et al., 2020); this data is generated in the context
of human-human interaction, specifically interac-
tions between a teacher and a second language
learner student. However, no similar conversa-
tional dataset focuses on the human-machine con-
versational setting. In this work we seek to address
this gap in the available data by developing a high-
quality, error-annotated dataset of learner dialog
collected from an online educational chatbot.1 To
appropriately annotate our data for language learn-
ing applications, we introduce a 3-level grammati-
cal error classification structure in order to catego-
rize errors based on severity. Our motivation for
this error classification structure is to give users
the opportunity to first focus on improving their
most serious grammatical errors. To demonstrate
the utility of the proposed dataset, we fine-tune
and evaluate a state-of-the-art GEC model using
our newly developed dataset.

1Data is available at https://github.com/
yuanxun-yx/eracond
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2 Related Work

As with many NLP tasks, the current state-of-the-
art in grammatical error correction involves using
large Transformer-based language models such as
BERT (Devlin et al., 2019), RoBERTa (Liu et al.,
2019), and XLNet (Yang et al., 2019). To evalu-
ate the utility of our dataset, we use Omelianchuk
et al. (2020)’s GECToR model, which reframes
GEC as a sequence labelling task rather than a
monolingual machine translation task. GECToR
achieves SoTA results on the test corpus used
for the BEA 2019 Shared Task on Grammati-
cal Error Correction (Bryant et al., 2019). Other
promising supervised GEC models include those
of Stahlberg and Kumar (2021) and Rothe et al.
(2021), who achieve SoTA results on the JFLEG
(Napoles et al., 2017) and CoNLL-2014 (Ng et al.,
2014) GEC datasets, respectively. Both mod-
els combine innovative synthetic data generation
methods with large pretrained transformer lan-
guage models.

Recent work related to the development of
datasets for grammatical error correction include
Napoles et al. (2019) who presents a dataset of na-
tive and non-native English writing. Trinh and Ro-
zovskaya (2021) proposes a new parallel dataset
of Russian student writing. These datasets add to
the growing number of GEC datasets available to
the research community. However, as previously
mentioned, no GEC dataset that contains chatbot-
based human-machine conversational data, in En-
glish or any other language, is currently available.
We seek to begin closing this gap with the present
research.

3 Data Collection

3.1 Data Collection Process

We collected 186 dialogs containing 1735 user ut-
terance turns of open-domain dialog data by de-
ploying BlenderBot (Roller et al., 2020) on Ama-
zon Mechanical Turk (AMT) via LEGOEval. (Li
et al., 2021). We decided to deploy BlenderBot,
because it is open-sourced and because it has rel-
atively good coherence, and is known for its en-
gagement and human-like conversational quali-
ties.

The AMT crowd-workers who conversed with
our bot are L2 English speakers of at least in-
termediate proficiency. The workers were asked
to converse with our chatbot for at least 10 turns

(a turn is defined as a bot/user utterance pair) ei-
ther about movies or the COVID-19 pandemic; we
chose these because of their universal experience
and subjectivity of the two topics, resulting in a
rich and diverse set of utterances in the dataset.
Workers interacted with the bot using a typed in-
terface, similar to a messaging app. We plan to
expand this to an ASR-driven system as well as to
additional conversational topics in future work.

3.2 Data Annotation

After collecting open-domain dialog data, we
manually revised each user utterance to correct
any non-standard or ungrammatical English us-
age. A subset of the dialogs are corrected by two
annotators to provide multiple corrected targets for
system evaluation–the remaining dialogs are cor-
rected by a single annotator. Both annotators are
graduate student native speakers of English.

3.2.1 Annotation scheme
We followed an annotation method similar to that
proposed in Náplava et al. (2022), in which we
asked annotators to revise any sentences contain-
ing ungrammatical elements. Our goal was to
apply the minimum number of edits needed to
make the utterance conform to standard written
English while remaining as faithful to the source
as possible. With this goal in mind, we de-
signed our annotation scheme to conform to the
rules of standard written English with two ex-
ceptions: internet shorthand and slang, and short
responses which are incomplete sentences; both
forms, while not acceptable in formal written En-
glish, are frequently considered acceptable in the
context of informal dialog. We also made flu-
ency edits (Napoles et al., 2017) of semantic and
sentence construction errors, particularly those re-
lated to lexical choice, omission, and word order.
For example, the source line “The movie tell about
a poor girl that meet a prince and in love for him”,
suffers from non-native-like word choice. We cor-
rected this utterance to “the movie tells about a
poor girl that meets a prince and falls in love with
him”. We made these corrections with the in-
tention of creating ground truth utterances which
are as semantically and syntactically similar to the
source as possible.

3.2.2 Inter-annotator agreement
We took several steps to ensure that annotators
were meeting the goal of revising ungrammatical
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and disfluent sentences while retaining the seman-
tic content of the source dialog. During our anno-
tation training phase, we had both annotators cor-
rect an identical set of 26 dialogs. The annotators
then reviewed each other’s annotations on this sub-
set and noted specific area of disagreement, which
were then discussed with the lead researchers who
provided specific instructions on how to resolve
these discrepancies. Annotators then repeated the
annotations of the same 26 dialogs to ensure that
the provided instructions were being followed.
During this process, we also asked annotators to
note any changes which they believed changed
the underlying semantics of a given dialog, so
that such changes could be eliminated in subse-
quent passes. At each stage, we calculated inter-
annotator agreement (as described below), and
only continued with the annotation of the remain-
ing 160 dialogs once our second-pass agreement
levels were on-par with previously reported GEC
corpora such as Trinh and Rozovskaya (2021).

For many ungrammatical sentences, there are
multiple acceptable ways to correct the error. As a
result GEC annotations can be quite variable, and
traditional methods of calculating inter-annotator
agreement are not informative (Rozovskaya and
Roth, 2019). We therefore utilized two metrics
for calculating inter-annotator agreement. The
first, originally proposed by Rozovskaya and Roth
(2010), asks each annotator to review and cor-
rect the corrections of the other annotators, and
then calculates the percent of sentences which are
unchanged on this second pass; these figures are
shown as “Judged correct” in Table 1. The sec-
ond method, used in work such as Trinh and Ro-
zovskaya (2021) calculates the F0.5 by setting one
annotator as reference and the other as hypothesis;
these figures are also provided in Table 1.

Ref Judged
Correct TP FP FN Prec Rec F0.5

0 95.9% 59 109 57 0.351 0.509 0.374
1 96.2% 59 57 109 0.509 0.351 0.467

Table 1: Annotator agreement by F0.5 score. Only
dialogs with two annotators are compared. The first
column indicates which annotator is selected as refer-
ence. The “Judged Correct” column indicates second-
pass agreement between annotators.

3.3 Error Types

One of our key goals in developing an error cor-
rection model using the proposed dataset is to en-

Level Impact on
Meaning Error Types

1 Trivial Punctuation (excl. apostrophe) &
Casing

2 Moderate
Acronyms, Abbreviations, Non-
English Internet Slang, & Apos-
trophe

3 Significant SV Agreement, Verb Form, Word
Confusion, etc.

Table 2: Categorization of grammatical errors.

able users to focus on specific language skills on
which they wish to improve. Since we are dealing
with online chat conversations, our data is more
casual than the more formal written data seen in
previous GEC datasets. Moreover, because our
data consists of human-machine conversations in-
volving English language learners of intermediate
level, users are assumed to know basic English
grammar. Therefore, we wanted to give users the
flexibility of choosing to limit feedback, such as
only receiving feedback on major lexical and syn-
tactic errors. Specifically, we want to avoid over-
whelming users with an excessive number of pro-
posed corrections, and to enable users to improve
their conversational skills by first focusing on their
most serious errors. Importantly, suggesting an
excessive number of corrections could overwhelm
a less proficient user or possibly irritate a more
proficient participant, resulting in reduced user
enjoyment and engagement (Koltovskaia, 2020).
To that end, we organized our annotated correc-
tions into a 3-level structure based on a perceived
ranking of how errors impact the ability of inter-
locutors to understand what the user is saying, as
shown in Table 2. As such, we focus primarily on
lexical, syntactic and usage errors (Ferris, 2011;
Touchie, 1986), while leaving mechanical errors
to the lowest-priority category. Error priority tags
are attached to each edit proposed by the annota-
tors automatically in a post-processing step using
a modified version of the ERRANT toolkit (Bryant
et al., 2017).

For Level 1, our logic is that conversational
partners are generally still able to understand a
message when it is missing sentence-final punc-
tuation or when a word is not properly capital-
ized. Because they are of at least intermediate En-
glish proficiency, participants can be assumed to
know the underlying rules related to punctuation
and capitalization; their errors result rather from
inattentiveness (Sermsook et al., 2017) and the in-
formal nature of the conversational genre (Cohen
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Example Message Error
1 yes, johnny depp, and brad pitt Punctuation & Casing
2 Ok, what are you talking about? Kkkkkk Non-English Internet Slang
3 I also like SF movies. It makes me think differently. Acronym
4 What’s your fav movie right now? Abbreviation
5 IT SEEMS DRAMATIC. ILL WATCH. Apostrophe
6 She is not on the line now. Maybe its nighttime there. Apostrophe

7 I’d say you could help Zhou Yu. He’s either unable to create a non-broken hit or he’s cheating,
exploring low-wage workers. What do you think? Word Confusion

8 It just don’t work SV Agreement

9 I have a friend from the US. We have a conversation and I don’t know the word bangus in English. So
it was hard for me to communicate with her. Verb Form

Table 3: Examples user utterances with error type from ErAConD dataset.

and Robbins, 1976). Consider Ex.1 in Table 3: the
syntactic structure of the sentence makes it clear
that the user is listing names of actors despite the
lack of capitalization and punctuation.

For Level 2, our logic is that interlocutors are
likely able to understand a message despite usage
of acronyms, abbreviations, non-English internet
slang, or a missing apostrophe. An example of
such non-English internet slang is shown in Ex. 2
in Table 3. The use of such forms in text-based
online conversation is to be expected, since these
types of abbreviations are common in all student
writing (Purcell et al., 2013; Thangaraj and Ma-
niam, 2015). However, such cases could poten-
tially lead to misunderstanding, especially when
conversing with someone of a different genera-
tion or linguistic background. Therefore, we cate-
gorize these non-standard forms as moderate “er-
rors” (though they are not errors in the traditional
sense). We do not consider these non-standard
forms as significant because our assumption is that
the writer intentionally chose to use these forms
for brevity and in the spirit of informality common
in online chat (Forsythand and Martell, 2007).

Finally, we include errors which are likely to
result misunderstanding or misinterpretation of a
message in Level 3 . As we can see in Ex. 7 in
Table 3, the user incorrectly uses the term non-
broken instead of unbroken, and exploring instead
of exploiting. These lexical errors, particularly the
latter, are likely to result in misinterpretation of the
speaker’s intended meaning. Similarly, the user
makes a subject-verb agreement error in Ex. 8 and
a verb tense error in Ex. 9. In the former, the
user mistakenly uses a plural verb for a singular
subject, while in the latter, the user uses a present
tense verb when a past tense verb is needed. Be-
cause these errors relate to some of the most fun-
damental rules in English grammar, such errors
must be addressed promptly. Thus, we treat these
errors as “significant” in our annotation scheme.

4 Dataset Statistics

Dialogs 186
User turns 1735
User sentences (source) 2454
Word tokens (source) 24616
Word types 2860
Error annotations 2346.5
Level 3 error annotations 684.5
# of turns per dialog 9.33
# of sentences per turn (source) 1.41
# of tokens per turn (source) 14.19
# of error annotations per turn 1.35
# of Level 3 error annotations per turn 0.39
# of Level 3 error annotations per 100 tokens 2.78

Table 4: Overview of ErAConD dataset.

Table 4 reports statistics related to the com-
position of the ErAConD dataset. All statistics
are based on user turns; we omit turns generated
by our dialog system, as these are not relevant
to training a GEC system to provide feedback to
users. Additionally, we exclude utterances which
include only stop phrases (i.e. “stop”, “good-
bye”, etc.) since these are intended to terminate
the conversation. Our 3-level structure is reflected
in our modified ERRANT (Bryant et al., 2019)
toolkit and M2 format. Error type tags are gen-
erated from annotated parallel data automatically
with our modified version of ERRANT2, and re-
lated figures are averaged across multiple anno-
tators. Inspired by Rozovskaya and Roth (2021),
our version of ERRANT also enables users to pro-
vide grammatically equivalent edits (i.e. changing
“I’m” to “I am”), so that ERRANT can recognize
them as identical edits.

As shown in Table 4, Level 3 edits account for
29.17% of all errors, which supports the necessity
of our proposed categorization feature. The er-
ror distribution in our dataset is comparable to that
of essay-based GEC datasets, according to statis-

2Code is available at https://github.com/
yuanxun-yx/errant
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tics provided in Bryant et al. (2019), with the ex-
ception of spelling and morphological (inflection)
errors, which are substantially higher. While the
higher rate of spelling errors is unsurprising in a
conversation dataset, the difference in morpholog-
ical errors warrants further investigation.

5 Grammar Error Correction Model

To demonstrate the utility of our proposed dataset
in improving GEC for the open-domain dialog
setting, we use the ErAConD dataset to fine-
tune a state-of-the-art GEC model, GECToR
(Omelianchuk et al., 2020), which we then test on
held-out dialog data. Our results show that ErA-
ConD is useful for adapting GEC models to open-
domain dialog.

5.1 Training process

To train a model catered to conversations, we
fine-tune the GECToR model3 proposed by
Omelianchuk et al. (2020) on our collected data.
The GECToR model is a grammatical error cor-
rection model that generates a set of encoded edit
operations to correct the input text rather than di-
rectly outputting corrected text. In other words,
rather than outputting superficially corrected text,
the model outputs the operations necessary to con-
vert the uncorrected text to its corrected version.
This set of encoded edit operations can then be
applied to the original uncorrected text in a post-
processing step to generate the final corrected out-
put (Omelianchuk et al., 2020). The GECToR
model training pipeline starts with a large pre-
trained language model (i.e. XLNet or RoBERTa)
that is then fine-tuned on both synthetic and col-
lected data. To test our proposed dataset, we fur-
ther fine-tune this GECToR model on our data.

We only choose to fine-tune the GECToR model
using Level 3 edits in our dataset and ignore the
Level 1 and 2 edits so that our model can perform
better in real-world pedagogical settings. As pre-
viously mentioned, overwhelming students with
trivial errors, such as punctuation and capitaliza-
tion, can decrease user enjoyment and engagement
(Koltovskaia, 2020). In future work, we plan to
train the GECToR model on targeted conversa-
tional data across all stages of the pipeline, and
determine which errors to present to the user in
a post-processing step. We also plan to integrate

3https://github.com/grammarly/gector#
pretrained-models

conversational context.

5.2 Result and Analysis

Setting TP FP FN Prec Rec F0.5

XLNet 72.4 444.6 147.2 0.140 0.330 0.158
FT XLNet 27.1 13.2 191.1 0.683 0.124 0.352

Table 5: Performance of GECToR with each setting.
Scores are averaged among 5 runs. Table 7 provides de-
tailed score of every run. XLNet is the baseline GEC-
ToR model based on XLNet, and FT XLNet is the fine-
tuned GECToR using level 3 edits.

Table 5 indicates the efficacy of our data in
terms of improving the performance of the GEC-
ToR model. The fine-tuned model outperforms the
original in terms of F0.5, a metric commonly used
in GEC (Omelianchuk et al., 2020). The signifi-
cant increase in F0.5 score results from a massive
reduction of false positives. In other words, after
we fine-tune GECToR on our dataset, the model
produces far fewer edits, which helps improve the
precision greatly. This is of particular importance
in a GEC model, as model precision is consid-
ered more important than recall in GEC tasks since
false positives could lead to serious confusion in
language learners.

Due to the limited size of the dataset, and the
uneven distribution of errors in user utterances, we
use 5-fold cross-validation to ensure the reliability
of our results. We report the average of five cross-
validation runs. One note, we modified ERRANT
to allow equivalent edits, our reported results on
all models might be slightly higher than original
ERRANT-based results.

6 Conclusions and Future Work

We provide the first high-quality, fine-grained
error-correction conversation dataset between En-
glish second language learner and an educational
chatbot. To demonstrate the utility of our dataset,
we train and evaluate a SoTA GEC model on the
dataset, resulting in a significant improvement in
overall model performance for conversational set-
ting. This project lays the groundwork for future
work on conversational grammatical error correc-
tion (such as adding other dialog domains and
incorporating information about the native lan-
guages of users) and customized educational di-
alog system for second language learners.
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7 Ethical Considerations

Collecting these dialogs for our dataset is dif-
ficult in that it requires substantial commitment
from participants. In order to provide as large
of a dataset as possible, we utilized the services
of Amazon Mechanical Turk as previously men-
tioned. Given ethical concerns in recent years
regarding data acquisition through crowdworkers,
we verified that the crowdworkers assigned to
our tasks were compensated fairly and treated hu-
manely.

The annotators also examined the dataset to en-
sure that it does not contain personally identifi-
able information (which was anonymized) or po-
tentially offensive content (which was removed).
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A Appendices

A.1 Annotation Exceptions
Even though they violate the rules of standard En-
glish, we left the following types of errors un-
changed in our annotated dataset:

1. Utterances that are not complete sentences.
For example, response utterances such as Yes,
Very good, and Me too are considered correct
in our annotation due to their prevalence in
informal dialog, although they are not correct
in formal writing.

2. Use of common English internet slang and
shorthand expressions. Slang and shorthand
expressions such as lol (“laugh out loud”) and
u (short for “you”) are not only distinctive to
online chat conversations, but also reflective
of their casual nature. Additionally, they may
be language, culture, and even sub-culture
specific. While these terms may not be suit-
able to a more formal register, they are gen-
erally acceptable in the context of informal
dialog (Forsythand and Martell, 2007); thus,
we do not classify such usage as errors.

A.2 Dataset Statistics
As described in Section 4, Table 6 shows the type
distribution of edit type in ErAConD. Type labels
were generated using our version of ERRANT.
Levels of edits were first generated by ERRANT,
and then manually checked to label Type 2 ed-
its that are hard to be recognized by code (non-
English Internet slangs, acronyms and abbrevia-
tions). To take all annotators into consideration,
the number of edits was averaged among multiple
annotators.

The statistics give us several important insights.
First, the number of “significant” errors is slightly
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Level Type Number %

1
PUNCT 824.5 63.28
ORTH 478.5 36.72
Total 1303.0 55.45

2

SPELL 0.5 0.14
PUNCT 229.5 63.31
PREP 1.0 0.28
OTHER 124.5 34.34
NOUN:POSS 3.5 0.97
NOUN 2.0 0.55
DET 0.5 0.14
ADJ 1.0 0.28
Total 362.5 15.43

3

WO 9.5 1.39
VERB:TENSE 37.5 5.48
VERB:SVA 19.0 2.78
VERB:INFL 1.0 0.15
VERB:FORM 37.5 5.48
VERB 40.0 5.84
SPELL 115.5 16.87
SPACE 11.0 1.61
PRON 34.0 4.97
PREP 69.0 10.08
PART 4.0 0.58
OTHER 110.0 16.07
NOUN:POSS 3.5 0.51
NOUN:NUM 35.5 5.19
NOUN:INFL 2.5 0.37
NOUN 35.5 5.19
MORPH 28.0 4.09
DET 57.0 8.33
CONTR 4.0 0.58
CONJ 3.5 0.51
ADV 15.0 2.19
ADJ:FORM 2.5 0.37
ADJ 9.5 1.39
Total 684.5 29.13

Table 6: Error type distribution.

higher than in written GEC datasets, such as NU-
CLE. This result shows that grammatical errors
are relatively rare in both the conversational and
written domain. Additionally, the average length
of each sentence is significantly shorter than writ-
ten GEC datasets. Finally, the error rate data sup-
ports our tiered categorization of errors, as the fre-
quency of errors would be much higher than non-
conversational datasets if all less significant errors,
such as capitalization and punctuation, were in-
cluded.

A.3 Experimental Results

Table 7 is the full version of Table 5. Some de-
tails of experiment are mentioned at Section 5.2.
20% of the dialogs were chosen randomly for the
test set and the rest were used for training. Then
5-fold cross-validation was applied and the whole
process was run 5 times in total, so as to observe
the reliability of our results. We used the rec-
ommended parameters of XLNet to train and test

GECToR. From the table we can see that the vari-
ance of performance among these runs is small.
The distribution of Level 3 edits in test and train
sets for each run is also represented in Table 8.
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Run No. Setting TP FP FN Prec Rec F0.5

1 XLNet 54 395 157 0.120 0.256 0.135
FT XLNet 21.4 6.8 184.6 0.759 0.104 0.336

2 XLNet 71 506 134 0.123 0.346 0.141
FT XLNet 24.4 11.0 179.6 0.690 0.120 0.353

3 XLNet 77 437 168 0.150 0.314 0.167
FT XLNet 25.4 14.6 219.6 0.637 0.104 0.313

4 XLNet 74 404 146 0.155 0.336 0.173
FT XLNet 22.6 10.4 196.4 0.686 0.103 0.321

5 XLNet 86 481 131 0.152 0.396 0.173
FT XLNet 41.6 23.2 175.4 0.642 0.192 0.437

Avg. XLNet 72.4 444.6 147.2 0.140 0.330 0.158
FT XLNet 27.1 13.2 191.1 0.683 0.124 0.352

Table 7: Performance of GECToR with each setting in 5 runs.

Type 1 2 3 4 5
Test Train Test Train Test Train Test Train Test Train

WO 1.03 1.48 1.23 1.42 1.14 1.45 1.74 1.32 0.87 1.49
VERB:TENSE 8.28 4.73 5.33 5.51 5.68 5.43 2.17 6.15 6.11 5.35
VERB:SVA 4.14 2.41 2.46 2.84 2.27 2.90 0.43 3.25 3.06 2.72
VERB:INFL 0.34 0.09 0.00 0.18 0.38 0.09 0.00 0.18 0.00 0.18
VERB:FORM 4.83 5.65 5.33 5.51 4.55 5.70 5.22 5.53 6.55 5.26
VERB 6.21 5.75 4.92 6.04 6.06 5.79 6.09 5.79 4.37 6.14
SPELL 15.17 17.33 17.21 16.80 17.42 16.74 19.13 16.42 18.78 16.49
SPACE 1.38 1.67 1.64 1.60 3.03 1.27 1.30 1.67 0.87 1.75
PRON 8.97 3.89 4.51 5.07 4.92 4.98 3.04 5.36 3.93 5.18
PREP 9.31 10.29 11.07 9.87 10.23 10.05 8.70 10.36 13.97 9.30
PART 1.38 0.37 0.82 0.53 0.38 0.63 0.00 0.70 1.31 0.44
OTHER 16.90 15.85 16.39 16.00 15.53 16.20 17.83 15.72 10.48 17.19
NOUN:POSS 0.00 0.65 0.41 0.53 0.38 0.54 0.87 0.44 0.44 0.53
NOUN:NUM 5.52 5.10 8.61 4.44 5.30 5.16 7.39 4.74 6.55 4.91
NOUN:INFL 0.34 0.37 0.41 0.36 1.52 0.09 0.87 0.26 0.87 0.26
NOUN 1.38 6.21 5.74 5.07 3.41 5.61 4.78 5.27 2.62 5.70
MORPH 2.41 4.54 2.05 4.53 3.79 4.16 5.65 3.78 3.49 4.21
DET 7.59 8.53 7.38 8.53 9.47 8.05 7.83 8.43 11.79 7.63
CONTR 0.00 0.74 0.41 0.62 0.38 0.63 1.30 0.44 0.87 0.53
CONJ 0.34 0.56 0.41 0.53 0.00 0.63 0.87 0.44 0.00 0.61
ADV 2.07 2.22 1.64 2.31 2.65 2.08 2.61 2.11 1.31 2.37
ADJ:FORM 0.34 0.37 0.82 0.27 0.38 0.36 0.43 0.35 0.87 0.26
ADJ 2.07 1.20 1.23 1.42 1.14 1.45 1.74 1.32 0.87 1.49

Table 8: Level 3 error type distribution (%) in train and test sets of 5 runs.
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Abstract

Generating diverse, interesting responses to
chitchat conversations is a problem for neu-
ral conversational agents. This paper makes
two substantial contributions to improving di-
versity in dialogue generation. First, we pro-
pose a novel metric which uses Natural Lan-
guage Inference (NLI) to measure the seman-
tic diversity of a set of model responses for
a conversation. We evaluate this metric us-
ing an established framework (Tevet and Be-
rant, 2021) and find strong evidence indicat-
ing NLI Diversity is correlated with semantic
diversity. Specifically, we show that the con-
tradiction relation is more useful than the neu-
tral relation for measuring this diversity and
that incorporating the NLI model’s confidence
achieves state-of-the-art results. Second, we
demonstrate how to iteratively improve the se-
mantic diversity of a sampled set of responses
via a new generation procedure called Diver-
sity Threshold Generation, which results in an
average 137% increase in NLI Diversity com-
pared to standard generation procedures.

1 Introduction

Dialogue models often struggle to produce engag-
ing utterances in conversations, tending to generate
responses which are common in the training data,
such as “OK,” “Yeah,” or “I don’t know” (Li et al.,
2016). While these responses are appropriate for a
wide variety of contexts, their over-production can
result in a dull conversation (See et al., 2019).

An evaluation task has emerged that consists
of measuring the diversity of chitchat model re-
sponses over a test set. While some past work uses
human evaluation to measure model response di-
versity according to engagingness, specificity, or
interestingness (Li et al., 2016; See et al., 2019;
Ghandeharioun et al., 2019), several automated
metrics have also been proposed to measure diver-
sity of model responses. Some metrics measure
lexical diversity, typically via n-gram overlap (Li

Figure 1: Illustration of NLI Diversity using human
responses from DailyDialog++. Contradictions are
weighted by 1, entailments by -1, and neutrals by 0,
so the score is (2× 1) + (3× 0) + (1×−1) = 1.

et al., 2016) or computing the BLEU score (Zhu
et al., 2018) among model responses generated
from the test set. Other past work attempts to mea-
sure semantic diversity via repurposing sentence
similarity metrics (Tevet and Berant, 2021; Zhang
et al., 2020a; Cer et al., 2017).

We propose a new metric aimed at measuring se-
mantic diversity by leveraging a Natural Language
Inference (NLI) model to score a set of multiple
dialogue model responses for a single conversation,
as illustrated in Figure 1. NLI is a three-way clas-
sification task to determine whether one sentence
entails, contradicts, or is neutral toward a second
sentence. We hypothesize that a diverse set of re-
sponses for a conversation captures contradictory
ways one could respond, which can be measured
by the NLI model. We aggregate the contradiction,
neutral, and entailment predictions among pairs of
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responses from the set and combine the predictions
into a new diversity metric, called NLI Diversity.

We additionally explore two modifications of
NLI Diversity. First, because the neutral predic-
tion may be indicative of diversity, we propose
Neutral NLI Diversity, where neutral predictions
are weighted the same as contradiction predictions.
Second, since our Baseline NLI Diversity method
does not take into account the confidence of the
model’s prediction, we propose Confidence NLI
Diversity, which aggregates the probability mass of
the model’s predicted class instead of aggregating
the number of predictions for each class.

We assess NLI Diversity using Tevet and Be-
rant (2021)’s diversity metric evaluation frame-
work, finding that NLI Diversity is highly corre-
lated both with human judgments of diversity and
with the diversity parameter, a gold standard di-
versity value used to generate the set of responses.
Confidence NLI Diversity achieves state-of-the-art
performance in terms of correlation with semantic
diversity. Also, through an ablation study, we find
positive, neutral, and negative correlations between
human judgments and the number of contradiction,
neutral, and entailment predictions, respectively.

We next explore the use of a dialogue model to
generate a set of candidate responses with a mini-
mum target level of semantic diversity, such as 10
Contradictions. Our new generation procedure, Di-
versity Threshold Generation, iteratively improves
a set of model responses until this intended thresh-
old is reached. If a set of sampled responses does
not meet the intended threshold, the lowest-scoring
response is thrown out and a new response is sam-
pled until the diversity threshold is reached. We
show this procedure results in a more diverse set
of responses than the original sampled set, often
with only a few resampled responses. Results of
automated analysis shows relevancy is maintained
from initial to final sets of responses.

In summary, our contributions are:
• A novel diversity metric, NLI Diversity, eval-

uated using Tevet and Berant (2021)’s frame-
work, that measures semantic diversity and
interrogates the relationship between Contra-
diction and Neutral predictions and diversity,

• Confidence NLI Diversity, a diversity metric
which obtains state-of-the-art performance on
semantic diversity,

• A new dialogue generation procedure, Diver-
sity Threshold Generation, which continues

sampling responses until an intended diver-
sity threshold, defined using NLI Diversity, is
reached,

• Experimental results indicating dialogue mod-
els are able to generate diverse responses us-
ing Diversity Threshold Generation with min-
imal loss in relevancy.

2 Related Work

Past work has explored lexical and semantic diver-
sity metrics as well as ways of evaluating these
metrics. We also draw from work in NLI and gen-
erating diverse sets of hypotheses.

2.1 Measuring Model Response Diversity

Traditionally, a model’s diversity has been mea-
sured in terms of its predictions over the test set (Li
et al., 2016), which we call Test Set Diversity. In
this setup, the model predicts one response for each
conversation in the test set (containing n conver-
sations), resulting in n predictions. The diversity
measure is computed over these n predictions, re-
sulting in a score over the entire test set.

The notion of diversity we investigate, however,
measures the model’s ability to generate a set of
responses for a single conversation (Zhang et al.,
2019; Tevet and Berant, 2021), which we call Multi-
Response Diversity. Instead of generating one re-
sponse for each of the conversations in the test
set, we evaluate a model’s ability to generate m
responses for each of the n conversations.

As shown by Tevet and Berant (2021), metrics
which have been proposed in the Test Set Diversity
setting can still be applied in the Multi-Response
Diversity setting, however, by treating each set of
m responses as its own “test set” and averaging
over the n total sets.

2.2 Diversity Metrics

Lexical diversity metrics measure differences in
word choice, as opposed to diversity of content. Li
et al. (2016) propose distinct-n, which measures
the number of unique n-grams generated divided by
the total number of n-grams generated in the Test
Set Diversity setting. Some past work has applied
this metric to the Multi-Response Diversity setting
(Tevet and Berant, 2021). Cao and Clark (2017)
propose examining the percent of unique responses
over the test set. Other past work has proposed
using BLEU score over a set of model responses in
the Test Set Diversity setting (Zhu et al., 2018).
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Semantic diversity metrics, on the other hand,
compare diversity of the content present in each
response. Many of these measures are adapted
from semantic similarity scores, since lower simi-
larity can indicate higher diversity (Tevet and Be-
rant, 2021). BERTScore measures the similarity of
BERT embeddings for each token in two sentences
(Zhang et al., 2020a). Bert-STS assigns a score
based on the semantic similarity of two sentences
(Tevet and Berant, 2021). The Sent-BERT met-
ric computes cosine similarity between BERT sen-
tence embeddings (Reimers and Gurevych, 2019).
Larson et al. (2019) propose identifying diverse
paraphrases by identifying embedding outliers.

Other past work has used human evaluation to
measure a model’s diversity. Li et al. (2016) ask
humans to choose the better of two responses based
on specificity to the past conversation. See et al.
(2019) ask humans to rank dialogue responses on
a variety of factors, including interestingness and
inquisitiveness. Tevet and Berant (2021) compare
participants’ ability to judge diversity of a set of
responses in two ways: (i) by ranking one response
as more diverse than a second response and (ii)
by judging the diversity of a single response on a
Likert scale, finding that participants were equally
able to judge diversity in both conditions. They also
find that human judges are better at distinguishing
semantic diversity than lexical diversity.

Other past work has incorporated diversity met-
rics into the dialogue dataset creation pipeline.
Stasaski et al. (2020) propose a method which mea-
sures the diversity of a crowdworker’s contribu-
tions compared to a corpus, using that information
to determine when to stop collecting data from the
worker. This results in a more diverse dataset.

2.3 Evaluation of Diversity Metrics

Tevet and Berant (2021) propose a framework to
examine the reliability of diversity metrics. They
propose the notion of a diversity parameter, which
is used to generate a set of model responses, e.g.,
the p-value in nucleus sampling, which specifies
the vocabulary probability distribution cutoff used
to restrict sampling to the most-likely words whose
combined likelihood ≥ p. If p is higher, the set of
responses should have higher diversity, and vice-
versa. This diversity parameter is treated as a gold
standard for a set of responses’ diversity. Diver-
sity metrics assign scores in the Multi-Response
Diversity condition and are evaluated in terms of

correlation to the diversity parameter. They further
propose two datasets to evaluate diversity metrics:
one which includes model responses and contains
varying levels of lexical diversity and one which is
human-created and maintains high lexical diversity
to allow focused evaluation of semantic diversity.

2.4 Natural Language Inference

Natural Language Inference is a task aimed at pre-
dicting whether one sentence contradicts, entails,
or is neutral towards a second sentence. Models for
NLI are typically trained using one of two datasets:
Stanford Natural Language Inference (SNLI) (Bow-
man et al., 2015) or Multi-Genre NLI (MNLI)
(Williams et al., 2018). More recent datasets in-
clude FEVER (Thorne et al., 2018; Nie et al.,
2019), adapted from a fact-checking dataset, and
ANLI (Nie et al., 2020), collected in an adversar-
ial human-in-the-loop procedure. With the rise of
transformer architectures, models have achieved
high performance on NLI tasks (Liu et al., 2019).

In a dialogue setting, NLI has been used to im-
prove consistency between a persona and model
responses over the course of a conversation by inte-
grating an NLI-based reward into a reinforcement
learning training procedure (Song et al., 2020).

To our knowledge, however, NLI has not been
used to measure the diversity of model responses in
either the Test Set Diversity or the Multi-Response
Diversity setting.

2.5 Generating Diverse Sets of Hypotheses

While work has only recently begun to explore the
task of generating multiple dialogue responses to a
conversation (Zhang et al., 2019; Tevet and Berant,
2021), past work has explored generating diverse
sets of hypotheses in some other application ar-
eas. Carbonell and Goldstein (1998) explored using
Maximal Mutual Relevance to reduce redundancy
without sacrificing relevancy in document selection
for summarization. Batra et al. (2012) proposed a
greedy iterative algorithm to generate diverse, prob-
able hypotheses for multiple vision tasks. Most
related to our work is Gimpel et al. (2013), which
applied Batra et al. (2012)’s approach to machine
translation, generating a set of translations instead
of a single translation. In contrast to Gimpel et al.
(2013), by holding the sampling procedure constant
throughout the iterative process, our method can ex-
plore the extent to which diversity can be increased
without altering standard decoding practices.
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3 NLI Diversity Metric

We propose three diversity metrics in the Multi-
Response Diversity setting which leverage the pre-
dictions of an NLI model. Two metrics (Baseline
and Neutral) aggregate the NLI model’s class pre-
dictions and one metric (Confidence) aggregates
the weight of these predictions.

3.1 Baseline NLI Diversity

We propose a new metric, called Baseline NLI
Diversity, which uses an NLI model’s predic-
tions to measure diversity. More formally, for a
given conversation, c, and a dialogue generation
model M , a set of utterances u1, ..., un is pro-
duced by the model. Each pair of utterances is
compared in both directions using an NLI model,
NLI(u1, u2), NLI(u2, u1), ..., NLI(un, un−1).

The NLI model predicts a distribution over
the three potential classes: contradiction, neu-
tral, and entailment. We take the argmax over
these classes, resulting in a list of NLI predictions,
NLIpreds(NLI(u1, u2), ..., NLI(un−1, un)) of
size n(n − 1). To produce an overall diversity
score for NLIpreds(u1, ..., un), we assign each of
these classes a value representing their diversity,
denoted NLIscore(NLIpreds(u1, ..., un)).

We hypothesize that larger numbers of entail-
ment predictions found in a set of model-generated
utterances is indicative of a lack of diversity; simi-
larly, larger number of contradiction predictions is
indicative of a larger amount of diversity. Because
we want a higher value of NLIscore to indicate
higher diversity, we assign values as:

NLIscore =





1 if contradiction
0 if neutral
-1 if entailment

The sum of the NLIscore values for the set of ut-
terances results in the final NLI Diversity score,
formally defined as:

Baseline NLIDiversity =
∑

ui,uj∈u1,...,un
NLIscore(NLIpred(NLI(ui, uj))

While the Baseline NLI Diversity metric aggre-
gates all classes, we also investigate the separate
number of entailment, contradiction, and neutral
predictions in NLIpreds, denoted # Entailment, #
Contradiction, and # Neutral, respectively.

3.2 Neutral NLI Diversity
Our primary hypothesis is that contradictions indi-
cate diversity and entailments indicate lack of diver-
sity. Because it is unclear what the role of neutrals
might be, we explore a version of NLI Diversity
which weights neutral and contradiction predic-
tions as equally diverse. This metric is the same as
Baseline NLI Diversity except the NLIscore used
to assign values is:

NLIscore_neutral =





1 if contradiction
1 if neutral
-1 if entailment

3.3 Confidence NLI Diversity
Because the prior two NLI Diversity metrics do not
incorporate the confidence of the NLI model’s class
predictions, we explore an additional metric which
incorporates this value. Letting confclass(u1, u2)
represent the model’s probability mass assigned to
the predicted NLI class after softmax, the func-
tion is defined as: NLIscore_confidence =





1× confcon(u1, u2) if contradiction
0 if neutral
-1× confent(u1, u2) if entailment

Intuitively, instead of assigning a 1 value for a
contradiction prediction, this metric assigns the
probability of the contradiction class. Likewise,
instead of a -1 for an entailment prediction, this
metric assigns the negative probability mass of the
entailment class.

4 Evaluation of NLI Diversity

We evaluate NLI Diversity by computing the cor-
relation between the metric and both human labels
and diversity parameter labels. Below we first de-
scribe the models and data and then present the
results of the evaluation.

4.1 Models
We explore two NLI models: a Roberta-large
model (Liu et al., 2019) fine-tuned on the Multi-
Genre NLI (MNLI) Corpus (Williams et al., 2018)1

and a Roberta-large model fine-tuned on a combi-
nation of MNLI, SNLI, FEVER, and ANLI2, both

1https://huggingface.co/
roberta-large-mnli

2https://huggingface.co/ynie/
roberta-large-snli_mnli_fever_anli_R1_
R2_R3-nli
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decTest Mixed Lexical Diversity;
Mixed Semantic Diversity;
Model Generated

Examples:
temp 0.28 “I think he is the most awe-

some guy ever”
“He is the most awesome guy
ever”

temp 0.55 “The unemployment rate is
lower than what it is”
“No but it does make it more
likely to be higher than what
it is”

conTest High Lexical Diversity;
Mixed Semantic Diversity;
Human Generated

Examples:
high lexical
and

“Sorry, but I don’t agree.”

low semantic “I think you are wrong about
that.”
“Dont be so judgemental, try
to see

high lexical
and

things her way.”

high seman-
tic

“You are right that is insane.”

Table 1: Descriptions of diversity datasets from Tevet
and Berant (2021). Corresponding temperature param-
eter (higher is more diverse) or semantic and lexical
diversity levels accompany each example.

containing 300M parameters. We refer to these
models as NLI Diversity – MNLI and NLI Diver-
sity – Combined, respectively. We do not employ
additional fine-tuning of these models.

4.2 Data

There are two different English datasets released
to evaluate diversity metrics in Tevet and Berant
(2021): conTest and decTest, described in Table
1. The conTest dataset is human-created and cap-
tures content, or semantic, diversity independent
of lexical diversity. Low-diversity examples in this
dataset have high lexical diversity but low seman-
tic diversity. This dataset was created by asking
crowdworkers to generate sets of utterances with
either low or high semantic diversity using varied

language, in order to keep a high level of lexical
diversity constant across both conditions.

The decTest dataset includes model-generated
responses, with diversity controlled by a decoding
parameter, such as a temperature parameter. The
dataset can include duplicate responses, and does
not attempt to mediate lexical diversity; therefore,
low-diversity examples in this dataset may reflect
low lexical as well as low semantic diversity.

While the original dataset includes multiple gen-
eration tasks, we evaluate on the dialogue task,
respGen, which is drawn from Reddit conversa-
tions (Hashimoto et al., 2019)3. There are 200
conversations for each of conTest and decTest for
the respGen task, with multiple responses for each
conversation (5 for conTest, 10 for decTest).

4.3 Diversity Parameter Correlation

The diversity parameter from Tevet and Berant
(2021) represents either a parameter directly used
to generate responses via a dialogue model, such
as p in nucleus sampling, or a binary value indi-
cating whether crowdworkers were instructed to
generate a high- or low-diversity set of responses.
A measure which is able to capture diversity will be
positively correlated with this diversity parameter.

Table 2 shows Spearman’s correlations between
NLI Diversity and the diversity parameter. On the
conTest semantic diversity dataset, Confidence NLI
Diversity achieves the highest correlation of all
metrics (0.62) and approaches human performance.
Baseline NLI Diversity performs comparably to
the top-performing automatic metric from Tevet
and Berant (2021), at 0.59 correlation. We note the
95% confidence intervals overlaps between Base-
line NLI Diversity, Confidence NLI Diversity, Sent-
BERT, and human judgements, indicating a lack of
significant differences (see Appendix A). Although
Neutral NLI Diversity does relatively poorly on
conTest (0.24), it is the highest-performing NLI
metric on decTest (0.72), suggesting that incor-
porating neutral predictions may capture lexical
instead of semantic diversity.

A histogram of Confidence NLI Diversity val-
ues for low and high semantic diversity sets of
responses is shown in Figure 2. We note the lack
of large overlap between the distributions of low
and high semantic diversity data. In addition to

3In the data released from Tevet and Berant (2021), these
files are called con_test_200_with_hds_resp_gen.csv and
dec_test_200_with_hds_resp_gen.csv for conTest and decTest,
respectively.
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decTest conTest
Metric ρ ρ

Human Performance (ab-
sHDS)

0.81 0.63

distinct-n 0.89 0.34
cos-sim 0.89 0.33
BERT-STS 0.81 0.46
Sent-BERT 0.80 0.59
BERTScore 0.87 0.49

Baseline NLI Diversity –
MNLI

0.58 0.59

Baseline NLI Diversity –
Combined

0.39 0.59

Neutral NLI Diversity 0.72 0.24
Confidence NLI Diversity 0.44 0.62

Table 2: Spearman’s ρ correlations between NLI Diver-
sity metrics and the diversity parameter. Results above
the double line are reproduced from Tevet and Berant
(2021). Both the best automatic metric and human per-
formance for each dataset are in boldface.

the correlation results in Sections 4.3 and 4.4, this
result indicates the Confidence NLI Diversity met-
ric distinguishes between low and high semantic
diversity.

The higher correlation to the diversity parameter
leads us to choose NLI Diversity - MNLI instead
of Combined for all further experimentation.

4.4 Human Correlation

In this subsection, we examine the NLI Diversity
metric’s correlation to the human annotations col-
lected by Tevet and Berant (2021). Each set of
responses in conTest and decTest is scored by 10
annotators from 1 (not diverse at all) to 5 (very
diverse) with half-point increments. We compute
correlation with respect to the averaged rating.

In addition to NLI Diversity, we explore the pre-
diction counts for each category. We expect that a
higher # Entailment value will be negatively cor-
related with diversity because the more pairs of
responses that entail each other, the more similar
the set of responses is. Similarly, we expect that
a higher # Contradiction value will be positively
correlated with diversity. Since the NLI Diversity
metric incorporates both # Entailment and # Con-
tradiction, we would expect this metric to be highly
correlated with human judgments as well.

Figure 2: Histogram of Confidence NLI Diversity for
high and low semantic diversity examples.

Metric decTest
ρ

conTest
ρ

Baseline NLI Diver-
sity

0.48 0.63

Neutral NLI Diver-
sity

0.69 0.40

Confidence NLI Di-
versity

0.41 0.64

# Contradiction 0.26 0.46
# Neutral 0.05 −0.08
# Entailment −0.48 −0.65

Table 3: Spearman’s ρ correlation between NLI Diver-
sity metrics (MNLI) and human judgments. Negative
values indicate higher # Entailment is negatively cor-
related with diversity.

Spearmean’s ρ rank correlation results between
our metrics and the human diversity scores are
shown in Table 3. The highest-performing cor-
relation for lexical diversity is the Neutral NLI
Diversity (0.69). The highest-performing semantic
diversity correlation is Confidence NLI Diversity
(0.64). Additionally, Baseline and Confidence NLI
Diversity correlations are stronger when evaluating
with the conTest dataset than the decTest dataset
(an increase of 0.48 to 0.63 for Baseline MNLI and
0.41 to 0.64 for Confidence NLI), indicating these
metrics are more correlated with human ratings of
semantic diversity than lexical diversity.

Across both datasets, # Entailment is negatively
correlated with diversity, # Neutral does not have
a strong correlation, and # Contradiction is posi-
tively correlated, as hypothesized. This supports
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our motivation to use NLI as a diversity metric.

5 Diversity Threshold Generation

We have verified that NLI Diversity is both able to
capture semantic diversity and aligns with human
judgements. We can additionally use NLI Diver-
sity to define a straightforward desired diversity
threshold, divthresh for a set of model-generated re-
sponses, u1, ..., un. For example, we might intend
there to be 10 Contradictions within the set. We
propose a generation procedure, Diversity Thresh-
old Generation, designed to iteratively increase the
diversity of a set of responses for a conversation.

For a conversation, Diversity Threshold Genera-
tion begins by sampling n responses. We score the
diversity of these responses using a diversity met-
ric, div_metric(u1, ..., un). If the diversity score
falls above divthresh, the process is finished.

If, however, the score falls below divthresh,
we identify the model response which con-
tributes least to the diversity score by calculat-
ing div_metric(u1, ..., un−1) for each sub-group
of model responses of size n − 1. We discard
the model response not present in the highest-
scoring subgroup and resample a new response.
We re-calculate div_metric(u1, ..., un) and if
div_metric(u1, ..., un) > divthresh, the process
finishes. We continue resampling until the maxi-
mum cutoff of S is reached.

6 Evaluation of Diversity Threshold
Generation Method

6.1 Models and Datasets

We experiment with two neural dialogue mod-
els, DialoGPT (700M parameters) (Zhang et al.,
2020b)4 and BlenderBot 1.0 (300M parameters)
(Roller et al., 2021)5. We use the default Trans-
formers implementation for each model (Wolf et al.,
2020) and do not fine-tune them. Runtime was be-
tween 3 and 36 hours on one Titan-X GPU.

All experiments involve the dialogue model M
generating 5 responses for each conversation. The
maximum number of samples, S, is set to 20. All
experiments are averaged over 10 trials for stability.

We evaluate each model on the development set
of two public English conversational datasets : Dai-
lyDialog++ (1,028 conversations) (Sai et al., 2020;

4https://huggingface.co/transformers/
model_doc/dialogpt.html

5https://huggingface.co/transformers/
model_doc/blenderbot.html

Li et al., 2017) and EmpatheticDialogues (2,763
conversations) (Rashkin et al., 2019). DailyDia-
log++ includes 5 human-written responses per con-
versation, allowing for multi-reference comparison.
We split each EmpatheticDialogues conversation
at a random turn (consistent for all experiments)
for generation. Since BlenderBot supports up to
128 positional embeddings, we pass in the last 128
tokens of the conversation for this condition.

6.2 Metrics

We evaluate three diversity metrics: two semantic
diversity metrics, Baseline NLI Diversity (Section
3) and Sent-BERT (Reimers and Gurevych, 2019;
Tevet and Berant, 2021), and one lexical diversity
metric, distinct-n (Li et al., 2016; Tevet and Berant,
2021). For Sent-BERT, we compute the average
negative cosine similarity between BERT sentence
embeddings for each pair of responses. Like Tevet
and Berant (2021), for distinct-n, we compute the
average distinct n-grams from n ∈ 1, 2, 3, 4, 5.

Because Baseline NLI Diversity is more human-
interpretable than Confidence NLI Diversity, we
use this version for experimentation. For all NLI
Diversity experiments, divthresh is achieved when
# Contradictions is greater than 10 out of a total
of 20 pair-wise comparisons. For both Sent-BERT
and distinct-n, however, we do not have a human-
specifiable threshold. We use empirical thresholds
measured from the sets of 5 human responses for
each conversation in DailyDialog++. We choose
the 90th percentile for divthresh (0.98 and -0.179
for distinct-n and Sent-BERT, respectively).

We decode using nucleus sampling (p = 0.9),
as it has been shown to increase response diversity
(Holtzman et al., 2020). However our method could
be applied with other decoding procedures.

In order to robustly evaluate Diversity Threshold
Generation, we measure both (i) whether Diversity
Threshold Generation is able to generate more di-
verse sets of responses than was originally sampled
and (ii) whether the increased diversity comes at the
expense of decreased relevancy of the responses.

6.3 Diversity Results

We aim to measure whether the diversity of the 5 re-
sponses from M increases using Diversity Thresh-
old Generation, compared to the initial 5 sampled
responses. Diversity of the starting and ending sets
of utterances is measured by Baseline NLI Diver-
sity, distinct-n, or Sent-BERT. We also report the
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Met-
ric

Mo-
del

Data-
set

Start-
ing
Div.

End-
ing
Div.

Num.
Sam-
pled

B
as

el
in

e
N

L
I DG

Daily 4.11 10.24 6.3

Emp 3.68 10.11 7.1

BB
Daily −5.55 2.51 14.4

Emp −8.90 −1.72 16.5

D
is

tin
ct

-n

DG
Daily 0.95 0.98 5.4

Emp 0.43 0.52 20.0

BB
Daily 0.61 0.80 20.0

Emp 0.52 0.71 20.0

Se
nt

-
B

E
R

T DG
Daily −0.26 −0.16 5.2

Emp −0.28 −0.16 5.8

BB
Daily −0.62 −0.40 19.0

Emp −0.71 −0.52 19.7

Table 4: Diversity results of using Diversity Threshold
Generation (with a divthresh of 10 # Contradictions for
NLI, 0.98 for distinct-n, and -0.164 for Sent-BERT).
Num. sampled has a maximum value of 20; DG is the
DialogGPT model; BB is BlenderBot.

number of sampled utterances required to reach
divthresh.

Results for Diversity Threshold Generation are
shown in Table 4. For every condition, we see an
increase from starting to ending diversity; for NLI
Diversity, this results in an average 137% increase.
For most conditions, distinct-n requires more sam-
ples than Sent-BERT and Baseline NLI Diversity.

We can use the results of Diversity Threshold
Generation to probe differences in the models.
In our experimental setup, DialoGPT generates
more diverse utterances across all conditions than
BlenderBot. The models change by similar pro-
portions from starting to ending diversity using the
NLI metric. However, the starting diversity for
BlenderBot is far lower than DialoGPT; the neg-
ative value for BlenderBot indicates that a large
number of entailment predictions were present in
the starting response set.

We can also examine differences between the
datasets. For instance, we observe lower starting
diversities for the Empathetic Dialogues dataset
than for DailyDialog++ for both models. Addi-
tionally, the number of samples required for Em-
patheticDialogues is consistently higher than for
DailyDialog++. This is likely because divthresh

for both datasets was calculated using human re-
sponses from DailyDialog++, since EmpatheticDia-
logues does not include multiple human responses.

Sampled responses can be seen in Appendix B
and results reporting the average overlap from start-
ing to ending sets of responses is in Appendix C.
Appendix D includes results using beam search in-
stead of nucleus sampling, and Appendix E reports
the stability of Diversity Threshold Generation.

6.4 Relevance Results

Since past work has documented a tradeoff between
diversity and relevancy (Zhang et al., 2018), we
also report results for the relevancy of the start-
ing and ending sets of responses for Diversity
Threshold Generation. We use two established
relevancy metrics: BLEU Score (Papineni et al.,
2002)6 and BERTScore (Zhang et al., 2020a)7. We
show results on DailyDialog++, which has mul-
tiple human-generated responses for comparison,
which is more correlated to human judgements than
single-reference evaluation (Gupta et al., 2019).

Results are shown in Table 5. The key takeaway
is that the relevancy values remain virtually un-
changed when using the Diversity Threshold Gen-
eration procedure, according to both BLEU score
and BERTScore. The average percent difference is
0.08% for BertScore and 1.1% for BLEU.

7 Discussion

Limitations. While NLI Diversity is highly-
correlated with human judgements of diversity, it
is limited by the NLI model chosen. Compared to
Sent-BERT, the dataset used to train the NLI model
is limited in scope. While our experiments showed
that an NLI model trained on more datasets (Com-
bined) did not perform better than MNLI, future
work can more explicitly explore the effect of more
generalized data on NLI Diversity.

This work is limited by automatic evaluation
metrics for diversity and relevance. Future work
should conduct additional human validation of
model responses. More work could also be done
to examine cases where the model was not able
to generate diverse set, such as when humans also
find creating a diverse set of responses difficult.

Future Work. Our results showed Confidence
NLI Diversity was highly correlated with both

6https://www.nltk.org/_modules/nltk/
translate/bleu_score.html

7https://github.com/Tiiiger/bert_score
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Metric Model Starting
BERT
Score

Ending
BERT
Score

Start-
ing
BLEU

End-
ing
BLEU

NLI
DG 0.862 0.862 0.317 0.318
BB 0.868 0.867 0.367 0.368

Distinct-
n

DG 0.862 0.861 0.319 0.306
BB 0.867 0.867 0.366 0.367

Sent-
BERT

DG 0.863 0.862 0.318 0.313
BB 0.868 0.867 0.366 0.366

Table 5: Results comparing starting and ending sets of responses from Diversity Threshold Generation to sets of
human responses using two relevancy metrics, BERTScore and BLEU score.

human judgements and the diversity parameter,
achieving state-of-the-art performance on a seman-
tic diversity dataset. The ablation study deepened
this finding, showing that NLI contradiction predic-
tions are especially correlated with diversity. Fu-
ture work can leverage this finding, e.g., by word-
ing crowdworker instructions to ask for generation
contradictory, rather than diverse, responses.

Our results also show that dialogue generation
models are able to improve the diversity of a sam-
pled sets of responses using Diversity Threshold
Generation. Diversity Threshold Generation can be
used to evaluate future models’ capacity to generate
multiple diverse responses.

Future work should compare the resulting di-
verse responses in a conversational context. Studies
could be conducted where chatbot users or dialogue
writers can choose the way they want the model to
respond, similar to Clark and Smith (2021).

8 Conclusion

We propose a novel semantic diversity metric, NLI
Diversity, which is highly correlated to human judg-
ments. Confidence NLI Diversity achieves state-of-
the-art results on measuring semantic diversity. We
propose Diversity Threshold Generation to incen-
tivize production of diverse sets of responses for
a conversation. This results in more diverse sets
of responses than originally sampled for multiple
models, datasets, and metrics while maintaining
relevancy, and can also be used to investigate a
model’s ability to produce diverse responses.
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Figure 3: Spearman’s Correlation with 95% Confi-
dence Intervals.

Metric Model Dataset Utterance
Overlap

N
L

I DG
Daily 2.63
Emp 2.42

BB
Daily 1.78
Emp 1.73

D
is

tin
ct

-
n

DG
Daily 2.89
Emp 0.87

BB
Daily 1.51
Emp 1.65

Se
nt

-
B

E
R

T DG
Daily 3.11
Emp 3.0

BB
Daily 1.56
Emp 1.64

Table 6: Average utterance overlap from starting to end-
ing set of responses using Diversity Threshold Genera-
tion on multiple models, datasets, and diversity metrics.

A Confidence Interval Analysis

We perform experimentation using bootstrapping
to determine confidence intervals for conTest cor-
relations to the diversity parameter. We sample a
dataset of 110 elements (50% of the original con-
Test dataset’s size) from conTest with replacement
and compute corresponding Spearman’s correlation
values using the sampled dataset for Sent-BERT,
Baseline NLI Diversity, Confidence NLI Diversity,
and human judgements. We repeat this process
1,000 times for stability and calculate 95% Confi-
dence Intervals. The full conTest correlation value
plotted with these intervals can be seen in Figure
3. While the Confidence Interval values overlap

between all 4 conditions, the Confidence NLI Di-
versity distribution closely matches the human dis-
tribution.

B Sampled Responses

Table 7 shows randomly-sampled examples from
the DailyDialog++ dataset, created using Diversity
Threshold Generation with the DialoGPT model
and NLI Diversity as the intended div_metric.

C Average Utterance Overlap

We measure the number of utterances which occur
in both the starting and ending sets of responses,
called utterance overlap. A high utterance overlap
represents a set of responses which did not need
to be significantly changed to reach divthresh. For
example, an utterance overlap of 4 indicates that
only 1 response needed to be resampled (poten-
tially multiple times) from the starting set to reach
divthresh. Results are seen in Table 6. Keeping in
mind that higher Average Overlap indicates less
resampling was needed, we note higher overlap for
DialoGPT than BlenderBot 1.0 (with the exception
of distinct-n and EmpatheticDialogues).

D Beam Search

We evaluate beam search’s ability to generate di-
verse utterances using Diversity Threshold Gen-
eration for DailyDialog++ and NLI Diversity. To
compare nucleus sampling to beam search, we gen-
erate 25 beams and consider these responses from
most to least probable, i.e. if the 5 most likely
beams do not satisfy the diversity threshold, we re-
move the lowest-scoring beam and replace it with
the 6th most likely beam. We find the starting NLI
Diversity for beam search is -5.05, the ending di-
versity is 5.35, and an average of 10.97 sampled
utterances is required. While the NLI Diversity
does improve from the starting to ending set of
responses, beam search has a much lower ending
diversity than nucleus sampling. While past work
has confirmed that nucleus sampling is more lexi-
cally diverse than beam search using Self-BLEU
(Holtzman et al., 2020), our results confirm that
nucleus sampling is also able to generate more se-
mantically diverse utterances.

E Stability of Procedure

We investigate the stability of Diversity Threshold
Generation by measuring the number of samples
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Context Starting Responses SD Ending Responses ED
Speaker 1: Am I too abrupt? Did
I scare you? Or you don’t want ...
Speaker 2: No! I have been ex-
pecting this moment for a long
time . I mean my answer is’ yes’.
Speaker 1: Oh, I’m so happy . I
will try my best to love you and
protect you . I promise.

• Aww, stop, we both know you’re
going to try to love me, you
know?

• Thanks
• I’m blushing. I love you. Thank

you.
• Yayy, you are making me love

you.
• I love you. It’s a good feeling.

2 • Aww, stop, we both know you’re
going to try to love me, you
know?

• I love you. Thank you, your a
nice man.

• Thank you so much. It’s okay.
I think you are a good woman.
You are awesome.

• And I will try. And you are my
best friend. Thank you, Sarah.

• You can have it all

10

Speaker 1: Hello? This is Mike
here . May I have a word with
Grace?
Speaker 2: She ’ s not at her desk
at the moment . Is there any mes-
sage I can give her?
Speaker 1: Yes . Please tell
her that tickets to Phantom of the
Opera will be delivered in two
days . My number is 6521684 0,
extension 236.
Speaker 2: Ok . I ’ ll let her know
as soon as possible.

• I replied to the ticket. Hope it is
still available.

• Thank you! May I please have
the same?

• Will you guys be playing the
show again for the next three
days?

• Thank you. She is relieved now.
• I am at my desk.

4 • Thank you! May I please have
the same?

• Will you guys be playing the
show again for the next three
days?

• Thank you. She is relieved now.
• I am at my desk.
• No, I m not going to be your

wife. I am sure her voice is won-
derful.

10

Speaker 1:Is this the right
counter to check in for this flight?
Speaker 2: Yes, it is . Please put
your luggage on this scale.
Speakaer 1: OK . Is the plane on
schedule?
Speaker 2: Yes, it is . How many
pieces of hand luggage do you
have?

• I don’t understand your ques-
tion.

• I’m worried that airline is cut-
ting a deal, and I’d like to avoid
this

• I have a box of 100 hand luggage
with hand luggage.

• I have about 60.
• You will be getting a ticket for

the trip.

7 • I don’t understand your ques-
tion.

• I have a box of 100 hand luggage
with hand luggage.

• I have about 60.
• You will be getting a ticket for

the trip.
• Just one, but I was planning on

taking a plane home.

11

Speaker 1: Betty, would you
please read this letter of applica-
tion I’ve just written? I’d like to
have your opinion.
Speaker 2: I’d be glad to tell you
what I think.
Speaker 1: Good! I’m interested
in your advice.

• I was in a discussion on the in-
ternet with a bunch of people.

• I’ve sent you a private message,
so if you have any questions or
feel like you could use the re-
sources, feel free to send them
my way.

• Are you an American citizen?
• If you have any specific ques-

tions about it, I’m happy to an-
swer them.

• I’ll be in touch!

3 • Are you an American citizen?
• I’ll be in touch!
• Would you like to hear some-

thing about the business side of
things?

• I’d like to recommend you to
look at the application, there are
lots of important things about
it.It.does.nothing to prove any-
thing to you.

• You are so adorable. I love that.

10

Speaker 1: Okay, I ’ ll take it .
By the way, do you have delivery
service?
Speaker 2: You don ’ t need to
carry the furniture home because
we have delivery service.
Speaker 1: Do you charge for de-
livery?

• What do you have to worry
about? We deliver everything.
We take a percentage for any de-
livery charges.

• You can have free shipping if
you want

• I have a 5 dropoff fee that I pay
for.

• In the beginning
• No. We just get it for free.So, no.

9 • What do you have to worry
about? We deliver everything.
We take a percentage for any de-
livery charges.

• You can have free shipping if
you want

• I have a 5 dropoff fee that I pay
for.

• No. We just get it for free.So,
no.

• No, there is no charge. I have
never actually met the person
who bought it.

14

Table 7: Starting and ending responses with corresponding NLI Diversity for DialoGPT, randomly sampled from
the DailyDialog++ dataset. SD = Starting NLI Diversity; ED = Ending NLI Diversity.
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Figure 4: Histogram of number of samples required be-
fore reaching intended number of contradictions. Each
bar color represents a different run of the experiment.

required before reaching divthresh across multiple
runs of the experiment. We present results for NLI
Diversity, DailyDialog++, and DialoGPT and ob-
serve similar trends across all other conditions.

Figure 4 reports the number of resampled utter-
ances required before reaching the intended num-
ber of contradictions. Each bar color represents a
different run of the experiment. We do not observe
a large difference in number of resamples required
between runs of the same condition, indicating that
the method is stable. The last bucket contains sets
of responses which reached the maximum number
of samples, S = 20, indicating divthresh could not
be reached.
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Abstract

In recent years, NLP has advanced greatly
along with the proliferation of pre-trained lan-
guage models. The pre-trained language mod-
els are also properly adapted to downstream
tasks when there is sufficient labeled data.
However, in real-world applications, we often
encounter the deficiency of labeled data. When
only given a few instances for a new task, ex-
tracting task-aware features from a pre-trained
language model regardless of the adaptation is
a promising alternative. In the study, we pro-
pose a novel embedding transfer method, called
LEA, for leveraging pre-trained language mod-
els with even only few-shot instances. LEA
derives meta-level attention aspects using our
new meta-learning framework. We evaluate
our method on five text classification bench-
mark datasets. The results show that the novel
method robustly provides the competitive per-
formance compared to recent few-shot learning
methods.

1 Introduction

A deficiency of supervised data is often experi-
enced in real-world NLP applications. Few-shot
learning aims to yield an AI-driven NLP model
capable of recognizing unseen tasks using a few
labeled data. Meanwhile, fine-tuning pre-trained
models (PTMs) (Howard and Ruder, 2018; Devlin
et al., 2019; Lan et al., 2019; Liu et al., 2019) has
been the most successful approach in recent years
of NLP. Unfortunately, it is still challenging to uti-
lize PTMs (Lee et al., 2019) in few-shot learning.

To address this subtle problem (Sun et al., 2019),
we propose a meta-knowledge driven self-attentive
embedding transfer method, called LEA (LEarning-
to-Attend), based on a novel meta-learning frame-
work, through which meta-level attention aspects
are derived by encoding how to attend for given
tasks. LEA is an efficient and practical method that
facilitates the utilization of large-sized PTMs in
few-shot learning.

There are the two common transfer learning
paradigms in NLP: feature-based transfer (Cer
et al., 2018) and fine-tuning (Houlsby et al., 2019).
Our approach belongs to the feature-based transfer.

LEA includes two key ideas: (1) construction of
a meta-level attention aspects dictionary and (2) in-
ference of the task-specific attention aspects upon
the arrival of a new task. The former is a process
by which useful meta-level attention aspects across
tasks are derived based on a particular PTM via
our meta-learning framework. The latter refers to
as a task-adaption process, where a subset of task-
specific attention aspects is inferred by determining
the top-k most relevant attention aspects from the
meta-level attention aspects dictionary. While LEA
can be applied to a wide variety of downstream
tasks, we demonstrate LEA on few-shot text classi-
fication problems in the paper.

2 Related Work

Few-shot text classification: In (Geng et al.,
2019), INDUCTION is proposed to build class-
wise embedding to represent each class using a
particular dynamic routing algorithm coalesced
with meta-learning. In (Bao et al., 2019), DS is
introduced to keep track of underlying word distri-
butions across all available classes and to specify
important lexical features for new classes.
Meta-learning: As a metric learning-based
method, (Snell et al., 2017) suggested a deep neu-
ral network, called a prototype network (PROTO),
through which class representations are composed
using a learning similarity metric for members
of the same class. In (Sung et al., 2018), sim-
ilar to PROTO, a deep neural network, called a
relation network, is proposed to learn a non-linear
distance metric rather than the Euclidean distance.
In addition, LEO (Rusu et al., 2018) learns a low-
dimensional latent embedding of the model param-
eters such that the classifiers are generated from the
latent space into which the tasks are mapped. Frog-
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GNN (Xu and Xiang, 2021) focuses on all query-
support pairs and proposes a multi-perspective ag-
gregation based graph neural network to explicitly
reflect intra-class similarity and inter-class dissimi-
larity.

3 Background

3.1 Problem Setup
Few-shot text classification is a task in which a
classifier must be adapted to accommodate new
classes using only a few labeled examples. In the
literature, this is called a C-way K-shot problem
in which K-labeled examples are given for each
of the C number of classes. In a meta-learning
setting, tasks are divided into a meta-training set
(Str), meta-validation set (Sval), and meta-test set
(Stest) as disjoint sets of classes.

3.2 Model-Agnostic Meta-Learning
Our proposed meta training strategy follows the
overall procedure of optimization-based meta-
learning (Finn et al., 2017). For a parametric model
fθ, MAML seeks to find task-specific parameters
θi for any new task τi sampled from a particular dis-
tribution of tasks. For a particular task τi ∼ p(τ),
the task dataDτi consist ofDtrτi andDvalτi during the
meta-training phase. MAML alternates between
two update processes during meta-training: (1)
task-adaptation and (2) meta-optimization.

Task adaptation (or inner update): Each task
learner updates its own parameters through a gra-
dient descent using the loss evaluated based on its
own training dataDtrτi with the initial parameter θm
given by the outer meta-optimization process. The
task-adaptation process is formulated as in Equa-
tion 1.

θ
′
τi ← θm − α▽θm Lτi

(
fθm ,Dtrτi

)
, (1)

Meta-optimization (or outer update): The meta-
learner updates its parameters through a gradient
descent using the loss evaluated by Dvalτi with re-
spect to the task-specific parameters θ

′
τi . The meta-

optimization process is formulated as in Equation
2:

θm ← θm−β▽θm

∑

τi∼p(τ)
Lτi
(
fθ′τi

,Dvalτi

)
, (2)

where Lτi denotes a loss function for a task
τi, and the inner and outer updates are applied
through their own standard gradient descent with

Figure 1: The overall architecture of LEA.

fixed learning rates α and β, respectively, which
are given as hyperparameters.

In the meta-testing phase, the meta-learner pro-
vides the initial parameters for task-specific model
learners. Subsequently, each task learner is indi-
vidually tailored to find the optimal parameters θ

′
τi

by applying the above task adaptation process. In
this meta-testing, the dataset of task τi is given as
Dτi =

(
Dtrτi ,Dteτi

)
.

3.3 Pre-Trained Models
We conducted all experiments with BERT (Devlin
et al., 2019) and RoBERTa (Liu et al., 2019) as the
underlying PTMs in the study. Given a text input,
a dummy token (CLS) is added to the beginning of
the input, and another token (SEP) is added to the
end of a sentence. The PTMs end up with providing
the corresponding embedding vectors (i.e., denoted
as [CLS] and [SEP]) for the artificial tokens as well
as embeddings for original tokens for the input text.
For downstream classification tasks, the special
embedding vector [CLS] is typically used to make
a prediction as the representative of an text instance.
In this study, the [CLS] vector plays an important
role in probing the distinctive properties for an
incoming task. In manufacturing a task-specific
embedding, we especially utilize the token-level
output embeddings of the individual tokens of the
jth text instance under a particular task τi, which
we denote as Hτi

j = [hτij,1, . . . , h
τi
j,L]. Likewise, the

corresponding [CLS] embedding is denoted as cτij .

4 Proposed Method

The overall architecture of LEA is shown in Figure
1. It represents our meta learning framework for
the task-specific feature extraction. It is trained in
an end-to-end manner using our proposed meta-
learning strategy. The meta training alternates two
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Algorithm 1 Our Proposed Meta-Training
Require: Meta training set Str ∈ τ
Require: Learning-rates α (inner-update), β (outer-update)
Output: WA: Meta-attention-aspects
Output: Wg ,Wn: Noisy top-k gating network parameters
Output: θm, θe, θr, θa: model parameters
1: Randomly initialize WA,Wg ,Wn

2: Randomly initialize θm, θe, θr, θa
3: Let ϕ = {WA,Wg ,Wn, θm, θe, θr, θa}
4: while not converged do
5: for number of tasks in batch do
6: Sample task instance τi ∼ Str
7: Decide top-k weights gτi using cτi
8: Generate τi-attention aspects W τi

A using gτi
9: Generate document embeddings (Etrτi , Evalτi

) using Hτi

10: Initialize θ
′
τi

= θm
11: for number of adaptation steps do

12: Compute Task-Adaptation loss Ltrτi
(
f
θ
′
τi

, Etrτi
)

13: Perform gradient step w.r.t. θ
′
τi

14: θ
′
τi
← θ

′
τi
− α▽

θ
′
τi

Ltrτi
(
f
θ
′
τi

, Etrτi
)

15: end for
16: Compute Meta-Optimization loss Lvalτi

(f
θ
′
τi

)

17: end for
18: Perform gradient step w.r.t ϕ

19: ϕ← ϕ− β ▽ϕ
∑
τi
Lvalτi

(
f
θ
′
τi

, Evalτi

)
+ λ · Ω

20: end while

processes: (1) deriving all valid meta-attention as-
pects across tasks (namely, meta-optimization), and
(2) choosing a task-specific subset from all the
meta-attention aspects for each task (called, task
adaptation). The high-level operation is described
in Algorithm 1.

4.1 Meta Attention Aspects Dictionary
In this study, the meta-level knowledge dictionary
maintains all attention aspects derived across tasks
τi ∼ p(τ). The concept was inspired by (Lin et al.,
2017). The meta-attention aspects in the dictionary
are established throughout the meta-optimization
process during which it seeks to learn how to attend
according to the distribution of tasks. Herein, we
define a matrix WA ∈ RAN×u as the meta-level
attention aspect dictionary. In addition, AN and
u are the total number of attention aspects and
dimension of the attention aspect, respectively.

4.2 Top-k Attention Aspects Selection through
Gate Network

When a novel task τi is given, its related attention
aspects, denoted by W τi

A , are selectively obtained
by assigning the corresponding weights to mem-
bers of the meta-level attention aspects WA in the
task-adaptation process. Here, W τi

A ∈ Rk×u indi-
cates the selected k attention aspects of the task τi.

Note that k and K are different in that the former
is the number of topmost relevant attention aspects,
whereas the latter, indicates as K-shot, refers to
the number of samples in few-shot learning. To do
so, we assess the relevance of the task among the
meta-level attention aspects WA. First, each task is
fed into an encoding process, which is formulated
as follows:

eτin =
1

NK2

K∑

kn=1

N∑

m=1

K∑

km=1

fθr
(
fθe(c

τi
kn

), fθe(c
τi
km

)
)
,

(3)

where eτin is the representative embedding for the
particular class n under a given task τi, fθr indi-
cates the relation network (Sung et al., 2018), and
fθe is an encoder network that transforms the dele-
gate embedding [CLS] (denoted as cτij for the case
of the jth text instance of a specific task τi) of a
text instance in PTMs (Devlin et al., 2019; Lan
et al., 2019; Liu et al., 2019). As a result, the class
embedding eτin is enforced to encode the pairwise
relationship with other classes.

Using the aforementioned class embedding, we
attempt to selectively (i.e., top-k) collect task-
specific attention aspects for a given task by em-
ploying a gating mechanism (Shazeer et al., 2017).
The gating output vector is calculated through the
following formulation:

gτin = softmax (G(eτin ;Wg,Wn, k)) , (4)

where gτin is the gating output vector whose num-
ber of dimensions must be the same as the size of
the meta-attention-aspects dictionary. The gating
process G produces a sparse output vector by be-
ing parameterized with {Wg ∈ RAN×AN ,Wn ∈
RAN×AN , k}, where the remaining values except
for the k elements are forced to become zeros, and
the top-k weights are finally generated through a
softmax function.

As a result, we can extract the top-k task-specific
attention aspects for the task τi. This is formulated
as follows:

W τi
A = ((WA)

T gτin )
T . (5)

4.3 Task-Specific Self-Attentive Document
Embedding

Here, we perform the self-attentive feature extrac-
tion using the aforementioned top-k task-specific
attention aspects for a task. We then apply it into
the generation of document embeddings for text
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Table 1: Results of 5-way 1-shot classification.
20 Newsgroup HuffPost Reuters RCV1 Amazon

MAML (Finn et al., 2017) 43.58% 35.27% 43.82% 36.69% 48.12%
PROTO (Snell et al., 2017) 34.78% 28.62% 46.78% 34.40% 36.42%
LEO (Rusu et al., 2018) 36.42% 28.75% 35.37% 32.26% 39.54%
INDUCTION (Geng et al., 2019) 43.04% 35.62% 42.73% 36.24% 36.33%
DS (Bao et al., 2019) 41.79% 25.52% 52.32% 44.35% 46.32%
Frog-GNN (Xu and Xiang, 2021) - 54.1 % - - 71.5 %

LEA
BERTBASE 53.47% 48.43 % 71.64% 51.96% 63.6%
RoBERTaBASE 45.97% 42.16% 63.2% 45.16% 67.61%
fastText 54.07% 46.15% 69.01% 42.83% 66.53%

Note: The highest performance in each dataset is highlighted in Bold.

Table 2: Results of 5-way 5-shot classification.
20 Newsgroup HuffPost Reuters RCV1 Amazon

MAML (Finn et al., 2017) 52.73% 44.22% 56.96% 40.47% 63.71 %
PROTO (Snell et al., 2017) 55.07% 45.56% 51.22% 44.05% 49.54 %
LEO (Rusu et al., 2018) 52.17% 42.25% 54.07% 47.42% 52.47 %
INDUCTION (Geng et al., 2019) 53.11% 44.22% 48.00% 45.76% 40.96 %
DS (Bao et al., 2019) 52.5% 37.01% 80.80% 68.52% 70.43 %
Frog-GNN (Xu and Xiang, 2021) - 69.6% - - 83.6%

LEA
BERTBASE 65.88% 71.6% 83.07% 73.81% 82.69 %
RoBERTaBASE 59.20% 68.35% 85.38% 69.08% 85.12 %
fastText 60.18% 65.75% 89.01% 71.13 % 83.51 %

Note: The highest performance in each dataset is highlighted in Bold.

classification. For a text input, we utilize the corre-
sponding embedding vectors for the individual to-
kens, which are denoted as Hτi

j = [hτij,1, . . . , h
τi
j,L]

for the jth text example of the task τi. This is
formulated as follows:

Eτij =W τi
AH

τi
j , (6)

where Eτij ∈ Rk×L is the self-attentive document
embedding of the jth input of the task τi, and
Hτi
j ∈ Ru×L is a set of token embedding vectors

for the jth instance with L tokens in the task τi.
For the text classification, we sum Eτij column-

wise and then feed it into a fully connected neural
network (denoted as FCθ′τi

) with the parameters

θ
′
τi , which are optimized in the task-adaptation step

to make the final predictions.

4.4 Meta-Training Objectives
As noted in Algorithm 1, LEA alternates the fol-
lowing two update steps: (1) task adaptation (or
inner-update) and (2) meta-optimization (or outer-
update). The former proceeds as follows:

θ
′
τi ← θ

′
τi − α▽θ′τi

Ltrτi
(
fθ′τi

, E trτi
)
, (7)

where θ
′
τi indicates the task model parameters, and

Ltrτi is the classification loss by relying on E trτi de-
rived from Dtrτi .

During the meta-optimization step, the groups
of parameters {WA,Wg,Wn, θm, θe, θr, θa} are
trained in the outer loop with Dvalτi . This is for-
mulated as follows:

ϕ← ϕ−β▽ϕ

∑

τi

Lvalτi

(
fθ′τi

, Evalτi ,
)
)+λ·Ω (8)

Figure 2: The 5-way 5-shot prediction accuracy depend-
ing on the number of top-k attention aspects.

where, Ω, as a regularization, includes the term
that encourages all attention aspects to have equal
importance (Shazeer et al., 2017), and λ is its asso-
ciated coefficient as usual.

5 Experimental Results

We evaluated LEA on five text datasets — 20 News-
group(Lang, 1995), Huffpost headline(Misra and
Grover, 2021), Reuters-21578(Lewis., 1997), RCV-
1(Lewis et al., 2004), and Amazon product reviews
(He and McAuley, 2016) — and compared it with
current state-of-art methods. We conducted two
different experiments: 5-way 1-shot and 5-way 5-
shot all over datasets. The details of the datasets
are introduced in Appendix A.1.

5.1 Baselines

In this experiment, we evaluate and compare LEA
with six state-of-art methods as follows: Here,
MAML (Finn et al., 2017) denotes the represen-
tative optimization-based meta-learning algorithm,
PROTO (Snell et al., 2017) indicates the proto-
type network, LEO (Rusu et al., 2018) denotes the
meta-learning algorithm using latent embedding op-
timization, INDUCTION indicates the induction
network (Geng et al., 2019), DS (Bao et al., 2019)
denotes few-shot text classification algorithm using
the underlying word distributions, and Frog-GNN
(Xu and Xiang, 2021) denotes the multi-perspective
aggregation based graph neural network.

5.2 Overall Performance

We performed all experiments on a frozen
BERTBASE (Devlin et al., 2019) as a represen-
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(a) (b) (c)

Figure 3: t-SNE plot of task-specific embedding space after task adaptation. (a) Embedding space of seven top-level
domains. (b) Same as (a) but highlighted by the four classes in ‘recreation’ domain. (c) Same as (a) but highlighted
by the four classes in ‘science’ domain.

tative PTM for LEA and all baselines. As in LEA,
DS is given the [CLS] embedding and the token em-
beddings from BERT’s last layer, whereas the other
algorithms used the [CLS] embedding of BERT.
For the comparison with Frog-GNN, we referred
to the reported results from (Xu and Xiang, 2021).
We additionally applied LEA on RoBERTaBASE
(Liu et al., 2019) and fastText (Bojanowski et al.,
2017) to verify the applicability of LEA. All perfor-
mance scores are reported as the average for three
repetitions.

As shown in Table 1 and 2, LEA exhibits the
competitive performance in both the 5-way 1-shot
and 5-way 5-shot, compared to the state-of-the-arts
for all the datasets. Namely, the results demonstrate
that LEA quickly recognizes how to attend for new
tasks using the established meta-attention aspects
and provides a robust performance in few-shot text
classification problems.

5.3 Hyperparameter Study: Effect of the
Number of Top-k Attention Aspects

We also investigate the impact of the number (i.e.,
k) of task-specific attention aspects. This spe-
cific study was conducted on the same frozen
BERTBASE as the underlying PTM with the 5-way
5-shot experiment for the all datasets. We fixed
the size of the meta attention aspects dictionary to
150 and measured the performances by gradually
scaling the k up to 1, 10, 20, 30, 50, 75, 150. As
shown in Figure 2, all the datasets exhibit their
best performance when setting the top-k attention
aspects to 20. This empirical result indicates that
each task derives its optimal document embedding

by referring only to the most relevant subset rather
than exploiting all meta-level attention aspects.

5.4 Task-Specific Document Embedding
Visualization

In addition, we plots the task-specific document
embeddings and observe the relationships among
classes on 20 Newsgroups dataset. To qualitatively
characterize the task-specific document embedding
space, we split 20 Newsgroup into seven top-level
domains, that is, ‘atheism’, ‘computer’, ‘for-sale’,
‘recreation’, ‘science’, ‘religion’, and ‘talk’ and pro-
jected them via t-SNE as shown in Figure 3a. Fig-
ure 3b shows the relationships between the ‘recre-
ation’ domain composed of four classes and the
rest on the space. Figure 3c shows the relationships
between the four classes of the ‘science’ domain
and the others on the space. These plots demon-
strate that LEA produces a structured task-specific
embedding space after our task-adaptation step.

6 Conclusion

We hypothesized that a type of task-specific self-
attentive mechanism might improve few-shot learn-
ing performance, especially when it is prohibitive
to fine-tune a large-sized PTM. We have attempted
to design a novel embedding transfer method for
deriving a meta-level attention aspects dictionary
to enable a new task to simply borrow the most
relevant attention aspects from the dictionary. As a
result, we proposed a novel meta-learning frame-
work for the learning-to-attend and showed that
LEA is an effective method that facilitates the uti-
lization of large-sized PTMs in few-shot learning.
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Table 3: Architecture details
Module Name Architecture Shape of (input, output) The number of Params
Encoder (Eq.3, fθe ) linear (768, 200) 153.6K

Relation Network (Eq.3, fθr ) 2-layer MLP with ReLU

First layer : (2 × 200, 2 X200)
ReLU
Second layer : (2 × 200, 150)
ReLU

700K

Gating Network (Eq.4, fθr ) linear (150, 150) 22.5K
Meta Attention Aspects (Eq.5, WA ) matrix (150, 768) 115.2K
Task-Specific Attention Aspects (Eq.6, Eτij ) linear (20, 768) 15.36K

Task Classifier 1-layer MLP with ReLU
First layer : (768, 300)
ReLU
output layer : (300, 5)

231.9K

A Appendix

A.1 Datasets
We introduce the datasets and the split (i.e.,
train/val/test) which had been maintained in our
experiments.

20 Newsgroups is a collection of discourses in
newsgroup posts for 20 topics (Lang, 1995).

Huffpost Headlines is a collection of news head-
lines published in the Huffington Post from 2012
to 2018 (Misra and Grover, 2021). It is composed
of 41 topics.

Reuters-21578 is composed of documents that
appeared on the Reuters newswire in 1987 (Lewis.,
1997). In addition, we use the ApteMod version
and discard documents with more than one label to
avoid ambiguity, and thus 31 classes remain.

RCV-1 is a set of newswire stories published by
Reuters journalists from 1996 to 1997 (Lewis et al.,
2004) and comprises 71 topic classes.

Amazon data is a real-world dataset collected
from Amazon.com as a set of customer reviews
from 24 types of product categories(He and
McAuley, 2016). Our goal is to match reviews
to their own corresponding product categories.

To train and evaluate the models, we divided
each of the aforementioned datasets into a meta-
training set (Str), meta-validation set (Sval), and
meta-test set (Stest) as disjoint sets of classes
within the experimental setting. In this work, we
used the same split of classes as in (Bao et al., 2019)
for the Huffpost headline(Misra and Grover, 2021),
Reuters-21578(Lewis., 1997), and RCV-1(Lewis
et al., 2004) datasets. Hence, the Huffpost headline
is divided into 20, 5, and 16 disjoint classes for
meta-training, validation, and test sets.

In terms of Reuters-21678, 15, 5, and 11 disjoint
classes are used for meta-training/validation/test
sets and 37, 10, and 24 disjoint classes for RCV-1.
In Amazon product data, we split the data using
rules in (Bao et al., 2019), and its training and

Table 4: Data Splitting
Dataset # of tr. cls. # of val. cls. # of test cls.
20 Newsgroup 10 5 5
HuffPost 20 5 16
Reuters 15 5 11
RCV-1 37 10 24
Amazon 10 5 9

Table 5: Hyperparameters for training process
Hyperparameters

meta-training set
# of tasks 8
# of queries 15

meta-validation set
# of tasks 15
# of queries 15

meta-test set
# of tasks 15
# of queries 15

α (learning rates in Eq.7) 1
β (learning rates in Eq.8) 0.001
λ (regularization weight in Eq.8) 0.0001
number of adaptation steps 40

validation sets are used for meta-training set. As
a result, Amazon product data is divided into 15,
and 9 disjoint classes for meta-training and test
sets and meta-validation set is not used in Amazon
product data. For the 20 Newsgroup dataset, we
randomly selected 20 topic classes, and the meta-
training set, meta-validation set, and meta-test set
contained 10, 5, and 5 disjoint classes, respectively.
We summarize the above information in Table 4.

A.2 Implementation Details

We share the breakdown of LEA’s implementa-
tion. In the encoding process of our experiments,
the 768-dimensional [CLS] vector, which is of the
same size of the output of the pre-trained BERT-
base-uncased, is linearly transformed through fθe
into a 300-dimensional vector. The relation net-
work, fθr is composed of two-layers neural net-
work with ReLU activation and input size is two
times of encoder outputs and the size of output
is the number of meta-attention-aspects, i.e., 150.
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(a)

(b)

(c)

(d)

Figure 4: Visualization of attention weights generated by our model. The texts in (a) and (b) are different samples
under a topic Corporate and Industrial. (c) and (d) are related to Markets and Economics.

The gating network, Wg is linear transformation
and its size is the number of meta-attention-aspects.
For each task classifier, that is, fθ′τi

, it is designed
as single-layer fully connected neural network. We
set the size to 150 for the meta-attention-aspects
dictionary, and importantly fixed the number of
top-k attention aspects to 20. Table 3 summarizes
the above model parameters.

A.3 Training Details and Hyperparameter
Tuning

In our work, we train all experiments on a single
NVIDIA A100 32G GPU. During the meta-training
process, we sampled four tasks with 15 queries
from Str, and it leads to performing task adaptation
four times per each meta-optimization update and
early stop when the validation loss fails to improve
for 20 steps. In validation and test process, we
sampled 30 tasks with 15 queries from Sval and
Stest, and only performed task adaptation using
K-shots. After that, the performance of the adapted
task model is obtained using queries. We used
the Adam optimizer with learning rates of 0.1 and
0.001 in the inner and outer updates, that is, α and
β in , respectively. In addition, the coefficient λ
of the regularization term was set as 0.0001. We
summarize the hyperparameters in Table 5.

A.4 Case Study: Visualization of Attention
Weights on Text

Herein, we visualize the heatmaps in some cases to
investigate how to assign attention weights to text.
Figure 4b demonstrates a termination of stock sale

pact, and Figure 4a shows a company growth in
terms of consumer products. These were extracted
under the Corporate and Industrial topic in the
RCV-1 dataset and some seminal words such as
“agreement”, “contractual” and “receivership” are
highlighted to appear in the topic. Figure 4c shows
that the Turkish market was closed related to the
Market topic, and its relevant words such as “Turk-
ish,” “markets,” and “closed” are highly attended
as expected. Figure 4d talks about the authority of
platinum and gold coins under the Economics topic,
and the words “US,” “Mint,” “authority,” “gold,”
“platinum,” and “coin” are hence highlighted. As
shown in these cases, LEA properly captures im-
portant words under a certain topic and assigns
attention weights to a given text.
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Abstract

Large-scale pre-trained language models have
attracted extensive attentions in the research
community and shown promising results on var-
ious tasks of natural language processing. How-
ever, the attention maps, which record the at-
tention scores between tokens in self-attention
mechanism, are sometimes ineffective as they
are learned implicitly without the guidance of
explicit semantic knowledge. Thus, we aim
to infuse explicit external knowledge into pre-
trained language models to further boost their
performance. Existing works of knowledge in-
fusion largely depend on multi-task learning
frameworks, which are inefficient and require
large-scale re-training when new knowledge is
considered. In this paper, we propose a novel
and generic solution, KAM-BERT, which di-
rectly incorporates knowledge-generated atten-
tion maps into the self-attention mechanism. It
requires only a few extra parameters and sup-
ports efficient fine-tuning once new knowledge
is added. KAM-BERT achieves consistent im-
provements on various academic datasets for
natural language understanding. It also out-
performs other state-of-the-art methods which
conduct knowledge infusion into transformer-
based architectures. Moreover, we apply our
model to an industry-scale ad relevance applica-
tion and show its advantages in the real-world
scenario.

1 Introduction
Language models pre-trained by a large text cor-
pus have shown superior performances on a wide
range of natural language processing tasks. Many
advanced models based on the transformer archi-
tectures achieve state-of-the-art results on various
NLP benchmarks. Existing literature (Jawahar
et al., 2019; Hewitt and Manning, 2019) shows
that pre-training enables a model to capture syntac-
tic and semantic information in the self-attention
mechanism. However, the attention maps, which

∗The work was done when the author visited Microsoft.

record the attention scores between tokens in a self-
attention mechanism, are sometimes ineffective as
they are learned implicitly without the guidance of
explicit semantics (Jain and Wallace, 2019). If the
knowledge can be leveraged in a reasonable way
to guide the self-attention mechanism, we have a
good chance to improve the quality of attention
scores as well as the performance of downstream
applications.

Recently, there have been multiple attempts for
incorporating knowledge into transformer archi-
tectures. ERNIE (Zhang et al., 2019) and KE-
PLER (Wang et al., 2019) utilize both large-scale
textual corpora and knowledge graphs to train a rep-
resentation model in a multi-task learning frame-
work. They need to be retrained from scratch when
injecting new knowledge, which is inefficient and
can not benefit from existing pre-trained check-
points. K-Adapter (Wang et al., 2020) integrates
additional neural models to capture different kinds
of knowledge. It enables adaptation based on pre-
trained language models. However, it does not
instruct the self-attention mechanism directly and
introduces a relatively large number of parameters
to the original model.

In this paper, we propose a novel and generic
self-attention mechanism enhanced by explicit
knowledge to address problems mentioned above.
First, we show a failure case of query-ad matching,
which motivates us to inject explicit knowledge into
self-attention mechanism. In Figure 1, the attention
map of a query-ad pair is visualized, and the goal
is to judge if the query and ad text are semantically
relevant. As shown in the figure, BERT misclas-
sifies this pair as irrelevant, probably because it
does not understand the query word “glipizide”,
which rarely appears in the pre-training corpus. In
fact, “glipizide” is a kind of medicine and highly
related to the word “Pharmacy” in ad text, so this
case should be classified as relevant. In this case,
if we know “glipizide” is semantically correlated
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Figure 1: Visualization of attention map from vanilla BERT for a case of query-ad matching
to “Pharmacy” as prior knowledge, we can enrich
the attention maps accordingly. In addition, terms

“Fred” and “Meyer” are from the same entity, so
the attention scores between these two terms should
be relatively high. Based on this fact, we believe
that simply using language models pre-trained by
a general corpus is not enough to meet the satisfac-
tion of a specific application. Thus, our motivation
is to inject explicit knowledge into the transformer
architecture, which guides the pre-trained language
model to perform better adaptation in an efficient
fine-tuning procedure.

To address the above motivation, we pro-
pose a novel architecture, namely KAM-BERT
(Knowledge-assisted Attention Maps for BERT).
First, it constructs semantic attention maps based
on corresponding relevance functions defined by
various kinds of semantic knowledge. Specifically,
we consider three kinds of semantic knowledge
to guide the self-attention mechanism, i.e., entity,
phrase segmentation, and term correlation. En-
tity and phrase segmentation indicate the cohesion
of continuous terms, while term correlation can
help to enrich the semantic representation of a sen-
tence. Then, the knowledge infusion procedure is
completed by concatenating these attention maps
with vanilla self-attention and then performing 2D-
convolution for integration. Finally, the result atten-
tion maps are served as inputs for value projection,
and the rest part is the same as a standard trans-
former. The KAM-BERT model can be fine-tuned
on existing pre-trained checkpoints in a plug and
play mode, which is highly efficient in practice.

As illustrated in Section 4, we compare KAM-
BERT with BERT and other knowledge-enhanced
SOTAs on various natural language understand-
ing tasks, where KAM-BERT shows consistent
superiority. Especially, we lift the average score
of BERT-Base from 77.5 to 78.7 on the GLUE
benchmark. We also demonstrate the advantage of
KAM-BERT for knowledge injection on LAMA,

a probing benchmark to analyze the factual and
commonsense knowledge contained in a model.
Furthermore, KAM-BERT is successfully applied
to the query-ad relevance scenario in a commercial
search engine and shows significant lift in AUC
score.

The major contributions of this paper are sum-
marized as follows:

• First, we propose a novel self-attention mech-
anism enhanced by semantic attention maps,
which incorporates knowledge from entity,
phrase segmentation, and term correlation.
Ablation study will demonstrate the effective-
ness of these kinds of semantic attention maps.

• Second, KAM-BERT requires little extra
memory and computation cost compared to
vanilla BERT and other SOTAs. It can be fine-
tuned efficiently on existing language mod-
els for a given application. We have success-
fully applied it to improve the performance
of query-ad relevance in a commercial search
engine.

• Last but not least, the proposed framework is
generic and flexible for infusing various kinds
of knowledge into the transformer architec-
ture. Except for the three kinds of knowledge
considered in this paper, we will also show-
case how to incorporate other kinds of infor-
mation, such as a knowledge graph. It opens
up new opportunities for further exploration.

2 Related Works
After the NLP landmark models Trans-
former (Vaswani et al., 2017) and BERT (Devlin
et al., 2019), many efforts have been devoted to
pre-training representation models for natural
language and utilizing them to benefit specific
NLP tasks. Most of them capture semantic infor-
mation in the self-attention mechanism implicitly,
while recent works demonstrated that injecting
explicit knowledge significantly enhanced the
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performances of downstream tasks. ERNIE (Zhang
et al., 2019) makes a preliminary attempt to utilize
knowledge graph to improve the performance
of knowledge-driven tasks. LIBERT (Lauscher
et al., 2019) injects pairs of words with synonym
and hyponym relations in WordNet. SenseBERT
(Levine et al., 2020) considered word-supersense
knowledge by predicting the supersense of the
masked word. KnowBERT (Peters et al., 2019)
incorporates knowledge bases into BERT through
Knowledge attention and re-contextualization.
WKLM (Xiong et al., 2019) replaces entity
mentions in the original document with names
of other entities of the same type, and is trained
to distinguish the correct entity mention from
random ones. These models are supposed to be
retrained when injecting new kinds of knowledge.
K-Adapter (Wang et al., 2020) addresses this
problem by plugging multiple ways of adapters
for different kinds of knowledge. Notably, most
of methods above need to be pre-trained from
scratch while our method do not. Instead, we
inject multiple kinds of knowledge directly into the
self-attention maps and support efficient adaptation
on a pre-trained language model.

3 KAM-BERT

As illustrated in Figure 2, KAM-BERT injects mul-
tiple kinds of knowledge into transformer-based
pre-trained models in the form of multi-channel
semantic attention maps. Different kinds of knowl-
edge can be extracted independently and infused
together into one self-attention map in the trans-
former architecture. KAM-BERT can be fine-tuned
directly from an existing checkpoint of BERT,
while additional parameters are initialized ran-
domly and learned in the fine-tuning stage. Thus,
it is quite efficient and flexible to incorporate new
kinds of knowledge into the model.

Below we first describe the standard self-
attention mechanism. Then, we will introduce the
generic definition of semantic attention maps, as
well as the methodology of multi-channel knowl-
edge infusion which integrates semantic attention
maps into transformer models. At last, the genera-
tion of different kinds of semantic attention maps
will be presented. Note that the time complexity
of KAM-BERT is on-par with a vanilla BERT. A
detailed analysis can be found in the supplementary
material.

3.1 Self-Attention
The representation of a text sequence can be writ-
ten as X ∈ RN×C , where N denotes the sequence
length and C is the word embedding dimension
size. A standard Transformer block is composed
of a self-attention layer and a position-wise feed-
forward layer, while each attention map is gen-
erated by a self-attention layer without any other
prior knowledge introduced.

The self-attention mechanism plays an important
role in the transformer-based model. In a vanilla
Transformer, the self-attention map Ai

sa of layer
i is calculated by the dimension-normalized dot-
product operation.

Ai
sa =Self-Attention(X) =

QK⊤√
d

(1)

where d is the dimension of representation vectors.
In a vanilla transformer, Ai

sa is then normalized by
softmax and fed into position-wise feed-forward
layers. In KAM-BERT, the self-attention map Ai

sa

is infused with semantic attention maps to calculate
the final attention matrix, which will be described
in the following sub-sections.

3.2 Semantic Attention Maps
Given a sequence of tokens {x0, x1, ..., xn−1}, the
semantic attention map can be defined in a generic
form M ∈ Rn×n, where Mi,j ∈ [0, 1] denotes the
attention score from token i to token j, and n is the
number of tokens in the current sentence. Then, for
a specific kind of knowledge, we need a correspond-
ing relevance function to calculate the attention
score, i.e., Mi,j = Relevance(xi, xj). Note that
if xi denotes a sub-word as in the BERT model, we
defineMi,j = Relevance(W (xi),W (xj)), where
W (xi) denotes the entire word which contains
the sub-word xi. For example, BERT will con-
vert a sequence "I like tacos !" into a sequence of
sub-words, i.e., {I, like, ta, ##cos, !}, where "ta"
and "##cos" are sub-words from “tacos”, so both
W (ta) and W (##cos) denote the word "tacos".
In Section 3.4, we will introduce three kinds of
semantic attention maps considered in this paper
and the generation method for other knowledge-
assisted attention maps.

3.3 Multi-Channel Knowledge Infusion
In order to incorporate external knowledge into
self-attention, we concatenate semantic attention
maps with vanilla self-attention, and then infuse
them into a single multi-head attention map us-
ing multi-channel 2D-convolutions. Applying 2D-
convolution to a self-attention map is first pro-
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Figure 2: Overview of KAM-BERT calculation flow. (a) is our KAM-BERT architecture, (b) (c) and (d) are specific
knowledge-assisted attention maps calculated from entity, phrase segmentation and term correlation. We illustrate
the first two transformer blocks here.
posed by (Wang et al., 2021) and shows advan-
tages in both NLP and CV tasks. Here we use
2D-convolution to infuse different kinds of knowl-
edge.

First, we perform Channel Wise Concatenation
(CWC): the vanilla self-attention map Ai

sa will be
concatenated with each semantic attention map Mi

separately along the channel dimension. Then, a
multi-channel 2D-convolution is applied to gener-
ate an knowledge-infused attention map, denoted
by Ai

sem. The entire process can be formulated as
below.

Ai
sem = Conv(CWC(Ai

sa|M1..k)) (2)

where M1..k is a set of semantic attention maps
obtained by k different kinds of knowledge, includ-
ing but not limited to the three ones considered in
this paper; To infuse different types of knowledge,
we apply a standard 2D convolution operation, the
output dimension of which is the same as that of
Asa. If Asa hasm attention heads, then Asem will
also has m attention heads. We adopt 3× 3 kernel
for the convolution empirically as it performs better
than 1× 1 and 5× 5 kernels according to (Wang
et al., 2021).

At last, we adopt a hyper-parameter α to balance
the importance of Ai

sa and Ai
sem.

Ai = Softmax(α ·Ai
sem + (1− α) ·Ai

sa)
(3)

After softmax activation, we get the final self-
attention map Ai with m heads for the i-th layer.

Given the self-attention map, the rest components
are identical to a vanilla Transformer, which can
be calculated as

hi
j = Ai

jV
i,Hi = (

m⊕

j=1

hj)WO, j ∈ m. (4)

In detail, we use the obtained attention map Ai

to multiply the value matrix V in the attention
mechanism to get the representation hj of the j-th
attention head. Next, the outputs of all attention
heads from each layer will be concatenated along
the embedding dimension. Finally, we multiply
this result with a linear transformation matrix WO

to get the output representation of the i-th KAM-
BERT layer. Besides, we add a skip connection
from the result attention map in the i-th layer to the
self-attention map of the i+ 1 layer to enhance the
flow of information between layers.
3.4 Generation of Semantic Attention Maps
The knowledge we inject into KAM-BERT in-
cludes entity information, phrase segmentation in-
formation, and term correlation information. We
consider these three types of knowledge because
they reflect language semantics from different per-
spectives. Entity and phrase represent coherence
between adjacent words while term correlations
build a semantic bridge for related words which
may be far away or even unseen in the current
sentence. The first two kinds of knowledge are
presented as labeled sequences, and the last one is
presented as relationship between tokens. As de-
fined in Section 3.2, a specific kind of knowledge
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can be transferred to semantic attention maps once
the corresponding Relevance function is defined.
In the following paragraphs, we will demonstrate
how to define Relevance functions for the three
types of knowledge used in this paper. Also, we
need to emphasize that the proposed framework
is generic and is feasible to incorporate other se-
mantic information like a knowledge graph. Thus,
we will discuss how to generate other knowledge-
assisted attention maps as our future work.

Entity Attention Map Named Entity Recogni-
tion (NER) (Nadeau and Sekine, 2007) is a stan-
dard task for natural language processing which
has been studied for years. Mathematically, a
entity extractor transforms the sequence of to-
kens {x0, x1, ..., xn−1} into a sequence of labels
{label0, label1, ..., labeln−1}, where labeli falls
into one of three classes, denoting non-entity words,
starting words in entities and other words in entities.
Based on the labeled sequence, the Relevance
function for entity attention map can be defined
as

Relevance(Wi,Wj) =

{
1 Wi ≡E Wj

0 otherwise
(5)

where A ≡E B denotes A and B belong to the
same entity.

Phrase Segmentation Attention Map Similar
to the entity attention map, one can highlight the
term correlations within the same phrase segmenta-
tion to emphasize the locality inductive bias. Syn-
tax tree is a generic source to extract phrases in
different semantic levels, which can be generated
by a trained syntax parser. In a syntax tree, each
internal node represents a phrase segment for a
specific level. For example, we can select the par-
ents of leaf nodes in the syntax tree as the root of
each sub-tree which represents a phrase. We define
the distance of an internal node i to the leaf node
as level(i). Thus, the relevance function can be
computed by

Relevance(Wi,Wj) =

{
1 Wi ≡T Wj

0 otherwise
(6)

where A ≡T B denotes that A and B belong to the
same sub-tree at level(i).

Term Correlation Attention Map In compu-
tational linguistics, Pointwise Mutual Information
(PMI) has been widely used for finding associa-
tions between words (Arora et al., 2016). In our
work, we adopt PMI to measure the semantic cor-
relations between terms. The PMI of a pair (x, y)
from discrete random variables (X,Y ) quantifies

the discrepancy between the probability of their
coincidence given joint distributions and individual
distributions. We define the PMI-based relevance
function as

PMI(x; y) = log
p(x, y)

p(x)p(y)

Relevance(Wi,Wj) =PMI(Wi;Wj)/Z

(7)

where Z denotes the normalized factor of PMI ma-
trix. In our experiments, PMI is calculated us-
ing a large web corpus. We calculate the prob-
ability p(x, y) of a word pair appearing jointly,
and the probability of single word appearance
is denoted as p(x) and p(y). Finally, we use
log p(x, y) − log p(x) − log p(y) to compute the
PMI score.

To better incorporate semantic knowledge into
attention maps, we further enrich each attention
map by adding top k terms which do not appear
in the current sentence but hold the highest av-
erage PMI scores with terms in the original sen-
tence. Note that we should expand the selected
k words to K subwords for BERT. Then the sub-
words will be appended to the original sentence.
After augmentation, the input sentence has N +K
words and the shape of an attention map becomes
(N + K) × (N + K), where N and K denote
the number of original terms and auxiliary terms
respectively (see an example in Fig. 2(d)). In or-
der to align the shapes of different attention maps
(including the vanilla self-attention map), we add
zero-padding for smaller ones. After passing one
transformer layer, the output sequence length is
still N +K. Note that the auxiliary words are only
utilized to enrich the semantics of original word
representations, which is done within each trans-
former layer. Thus, we trim the output sequence
length to N before taking it as input to the next
transformer layer (while a new round of augmenta-
tion will be done in the next layer).

Other Knowledge-assisted Attention Maps.
The KAM-BERT framework is generic and can
be extended to other kinds of knowledge in future
works. For each semantic type, we can define a
specific Relevance function to transfer the corre-
sponding information into semantic attention maps.
For example, we can define the relevance function
for a Knowledge Graph (KG) as:

Relevance(Wi,Wj) =

{
1 E(Wi) ≡KG E(Wj)

0 otherwise
(8)
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where E(Wi) is the corresponding entity of word
or sub-wordWi in a KG, andA ≡KG B represents
that both A and B exist and are adjacent in a KG.
4 Experiments
We briefly introduced the extraction of semantic
information in Section 4.1. Then we report experi-
mental results on natural language understand and
question answering tasks in Section 4.2 and 4.3
respectively. In Section 4.4, we show evaluation
on LAMA, a benchmark especially designed to
study how much semantic knowledge is contained
in a language model. Experiments on query-ad
relevance is described in Section 4.5. At last, we
present ablation study in Section 4.6 .
4.1 Semantic Information Extraction
We use Stanza library (Qi et al., 2020) to extract
NER information and syntax information. Stanza
NER takes one sentence as input and returns the
start and end indices of the corresponding named
entity in the sentence. While Stanza Parser can
extract the corresponding syntax tree for each sen-
tence. We use query-ad logs from a commercial
search engine to calculate PMI matrix. These steps
gain the knowledge required to generate the seman-
tic attention maps mentioned in Section 3.4.
4.2 GLUE Benchmark
The GLUE benchmark offers a collection of tools
for evaluating the performance of models across a
diverse set of NLP applications. It contains single-
sentence classification tasks (CoLA and SST-2),
similarity and paraphrase tasks (MRPC, QQP and
STS-B) and pairwise inference tasks (MNLI, RTE
and QNLI). We use the default train/dev/test split
for each dataset. The hyper-parameters are cho-
sen based on the validation set (refer to appendix
for details). After the model is trained, we make
predictions on the test data and send the results
to GLUE online evaluation service1 to get testing
scores. Note that the original WNLI dataset in the
GLUE benchmark is problematic, which causes the
evaluation results to be 65.1. In order to make a fair
comparison, most papers (Devlin et al., 2019; Liu
et al., 2019; Yang et al., 2019) choose to ignore the
results of WNLI when calculating GLUE average
score.

The scores on all datasets in GLUE benchmark
are listed in Table 1. We report test scores on
BERT-Base, BERT-Large, RoBERTa related mod-
els and their corresponding enhanced models. The
performances of BERT-Base, BERT-Large and

1https://gluebenchmark.com

RoBERTa-Large are reproduced using the official
checkpoints provided by corresponding authors.

As shown in the table, our models outperform
all corresponding baselines. KAM-BERT-Base
achieves an average GLUE score of 78.7, lifting 1.2
scores from standard BERT-Base model with only
a few extra parameters introduced to the baseline
model. Particularly, the improvements on CoLA
datasets are fairly large, showing that our knowl-
edge integration method has good generalization
performance for natural language inference and
understanding. ERNIE have also added external in-
formation such as entity and knowledge graph, but
it needs much more time for a joint re-training. As
for BERT-Large and its counterpart KAM-BERT-
Large, the average improvement on GLUE bench-
mark is 0.9. We can see that the improvement
becomes smaller when the model grows larger, be-
cause larger models often capture more semantic
knowledge in the pre-training phrase. But incorpo-
rating explicit knowledge is still indispensable for
achieving a superior performance.
4.3 Question Answering
We conduct experiments on two kinds of ques-
tion answering tasks, i.e., commonsense QA
and open-domain QA. Commonsense QA aims
to answer questions with commonsense. We
adopt CosmosQA for evaluation, which requires
commonsense-based reading comprehension for-
mulated as multiple answer selection. Open-
domain QA aims to answer questions using ex-
ternal resources such as collections of documents
and webpages. We consider two public datasets for
this task, i.e., Quasar-T and SearchQA.

The results of CosmosQA are shown in Table 2.
Compared with BERT-Large, KAM-BERT-Large
achieves 10.6% improvement in accuracy. KAM-
RoBERTa-Large further improves the accuracy of
RoBERTa-Large by 5.4%, which indicates that our
models has better knowledge inference ability. For
open-domain QA, our model also achieves better
results compared to corresponding baselines. This
because that KAM-based models can make full use
of the infused knowledge. At the same time, one
can notice that KAM-based models have fewer pa-
rameters than K-Adaptor, demonstrating its effec-
tiveness for knowledge infusion. WKLM (Xiong
et al., 2019) forces the pre-trained language model
to incorporate knowledge from a knowledge graph.
This makes WKLM to achieve a better score on
QA tasks, but KAM-BERT performs even better
than WKLM.
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Table 1: Comparison of different model backbones on GLUE benchmark
Model #Params Avg CoLA SST-2 MRPC STS-B QQP MNLI-m/-mm QNLI RTE WNLI

BERT-Base 109.5M 77.5 50.1 92.6 88.7/84.3 85.7/84.6 71.0/88.9 83.6/83.2 89.4 67.9 65.1
ERNIE 114M 77.5 52.3 93.5 88.2/– 83.2/– 71.2/– 84.0/83.2 91.3 68.8 65.1
SenseBERT 133M 77.9 54.6 92.2 89.2/85.2 83.5/82.3 70.3/88.8 83.6/– 90.6 67.5 65.1
CorefBERT 110M 77.6 51.5 93.7 89.1/– 85.8/– 71.3/– 84.2/83.5 90.5 67.2 65.1
KAM-BERT-Base 112M 78.7 53.7 93.2 89.2/85.0 86.1/84.8 71.2/89.4 84.3/83.5 90.6 67.9 65.1

BERT-Large 345M 80.5 60.5 94.9 89.3/85.4 87.6/86.5 72.1/89.3 86.8/85.9 92.7 70.1 65.1
KAM-BERT-Large 350.4M 81.4 61.5 95.3 91.4/88.1 88.5/87.3 72.5/89.5 87.1/86.6 93.0 72.0 65.1

RoBERTa-Large 355M 83.9 63.8 96.3 91.0/89.4 89.4/87.9 72.7/90.1 89.5/89.7 94.2 84.2 65.1
KEPLER 360M 84.4 63.6 94.5 89.3/– 91.2/– 91.7/– 87.2/86.5 92.4 85.2 65.1
KAM-RoBERTa-Large 361M 84.6 65.1 96.6 92.4/90.7 90.2/88.4 73.2/90.5 89.8/89.7 94.6 85.4 65.1

Table 2: Results for Question Answering

Model #Params SearchQA Quasar-T CosmosQA

BERT-Large 345M 51.7/61.9 40.4/46.1 68.5
WKLM 348M 58.7/63.3 43.7/49.9 –
WKLM+Ranking 348M 61.7/66.7 45.8/52.2 –
KAM-BERT-Large (Ours) 347M 62.3/67.2 47.0/53.5 69.3

RoBERTa-Large 355M 59.0/65.6 40.8/48.8 80.6
RoBERTa + multitask 355M 59.9/66.7 44.6/51.2 81.2
K-Adapter 384M 62.0/67.3 46.3/53.0 81.8
KAM-RoBERTa-Large (Ours) 361M 64.4/68.6 46.6/53.4 81.9

Table 3: Results for knowledge probing benchmark
LAMA

Model SQuAD Google-RE T-REx ConceptNet

BERT-Large 14.1 9.8 31.1 15.6
KAM-BERT-Large 14.5 10.1 32.2 16.0

RoBERTa-Large 15.9 11.3 33.7 17.1
KAM-RoBERTa-Large 16.3 11.9 34.5 17.3

4.4 LAMA Benchmark
To further verify whether KAM-BERT better inte-
grate internal knowledge into pre-trained language
models, we conduct experiments on LAMA, a
widely used benchmark for knowledge probing.
LAMA examines models’ abilities on recalling re-
lational facts by cloze-style questions. The first
place micro-averaged accuracy is used as evalua-
tion metrics. The evaluation results are shown in
Table 3. KAM-BERT consistently outperforms cor-
responding baselines on all tasks. It indicates that
KAM-BERT can generate better attention maps
with semantic guidance.

4.5 Query-Ad Relevance
Query-ad relevance measures how relevant a search
ad matches with a user’s search query. Very of-
ten queries and ads have words with special mean-
ings, which are not easily understood well by tra-
ditional NLP techniques but can benefit from the
knowledge-assisted mechanism proposed in this
work. Besides, user queries and ads text often con-
tain noises, so evaluation on query-ad relevance
task would test our model’s robustness and resis-
tance of noise. We compare BERT and KAM-
BERT on a large-scale internal dataset of a com-
mercial search engine. As shown in Table 5, our
model outperforms corresponding baselines by a
large margin, which is statistically significant un-
der 95% confidence interval. One thing to call
out is that, although NER and syntax parsing re-
sults are nosier comparing to the ones in academic
datasets, we still have good improvements on this

Table 4: Results for Ad Relevance

α CoLA SearchQA Google-RE

0.0 51.2 59.6/63.8 8.2
0.1 53.0 60.1/64.9 8.6
0.2 53.7 60.7/65.3 8.7
0.4 53.5 60.4/65.0 8.6

Table 5: Hyper-parameter Analysis

Model #Params #FLOPs AUC

BERT-Base 110M 6.3G 73.54
KAM-BERT-Base (Ours) 112M 6.8G 75.95

BERT-Large 345M 11.7G 81.77
KAM-BERT-Large (Ours) 348M 12.2G 83.97

RoBERTa-Base 125M 6.5G 85.87
KAM-RoBERTa-Base (Ours) 127M 6.9G 86.63

dataset. This indicates the way we combine those
knowledge together makes our model more robust
to noisy inputs.

4.6 Model Analysis
In this section, we explore the sensitivity of hyper-
parameter α, and then conduct ablation experi-
ments on three types of added knowledge.

Hyper-parameter Analysis The optimal α
value after grid search is 0.2, which means that
the original attention maps still dominate the token
relationships. We chose three tasks from different
fields to do ablation study for α. Our model is
KAM-BERT-Base, and its performance is shown
in Table 4. In three different tasks, setting α to 0.2
achieves the best results. An intuitive understand-
ing is that when α is small, external knowledge
plays an unimportant role and cannot participate in
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Table 6: Ablation study

Model Avg CoLA SST-2 MRPC STS-B QQP MNLI-m/-mm QNLI RTE WNLI

BERT-Base 77.5 50.1 92.6 88.7/84.3 85.7/84.6 71.0/88.9 83.6/83.2 89.4 67.9 65.1
KAM-BERT-Base 78.7 53.7 93.2 89.2/85.0 86.1/84.8 71.2/89.4 84.3/83.5 90.6 67.9 65.1
–KAM-BERT w/o PMI 78.0 52.1 93.0 89.0/84.9 83.5/81.7 71.0/89.1 84.1/83.4 90.2 67.9 65.1
–KAM-BERT w/o Phrase 78.1 53.0 93.1 89.0/84.6 83.2/81.5 71.1/89.1 84.2/83.3 90.5 67.9 65.1
–KAM-BERT w/o Entity 77.7 51.7 92.8 88.9/84.7 82.8/81.0 71.1/88.9 83.8/83.3 89.7 67.9 65.1
–KAM-BERT w/o Conv 78.0 53.1 93.0 89.1/84.9 83.1/81.2 70.8/88.9 84.2/83.3 90.2 67.9 65.1

the entire training process well. With the gradual
increase of α, the intervention of external knowl-
edge on the attention map will increase, and the
attention relationship in the original sequence will
be gradually lost, resulting in the decline of model
performance.

Ablation Study For a comprehensive under-
standing of our model design, we conduct abla-
tion study with the following settings in Table 6.
(1) KAM-BERT w/o PMI: the PMI-based attention
maps are removed; (2) KAM-BERT w/o Phrase:
the phrase-based attention maps are removed; (3)
KAM-BERT w/o Entity: the entity-based attention
maps are removed. (4) KAM-BERT w/o Convolu-
tion: the convolution layers for knowledge-assisted
attention map integration are removed. Instead,
we merge all the attention maps through average
aggregation.

The average scores of all ablation experiments
are better than BERT, but are relatively worse than
KAM-BERT, demonstrating all the components
are beneficial for the final performance. At the
same time, we observe that after deleting the en-
tity attention map, the score of KAM-BERT drops
drastically from 78.7 to 77.7. This shows that the
gain brought by entity information is the greatest.
In addition, the convolution layer is indispensable
for achieving a superior performance.

4.7 Case Study

In Figure 3, we visualize an example of query-ad
relevance, where the query is “buy glipizide” and
ad text is “Fred Meyer Pharmacy Near Me”. The
darker color in the figure represents a higher at-
tention score. Figure 3(a) is the attention map of
vanilla BERT without adding explicit knowledge.
When encountering rare words like “glipizide”,
the self-attention mechanism cannot do a good job
to decide which terms should “glipizide” attend
to. But in Figure 3(b), the attention map of KAM-
BERT uses term correlations to learn that “glip-
izide” is a medicine, so it focuses on the medicine-
related tokens like “Pharmacy” and “antidiabetic”.

Pharmacy

of
fine
Arts

located

The
Academy is

The
Academy

of

Fine

Arts

is

located

in

in of
fine
Arts

located

The
Academy is

The
Academy

of

Fine

Arts

is

located

in

in

�a�BERT

�c�BERT �d�KAM-BERT

�b�KAM-BERT

Fred
Meyer

Pharmacy Me

glipizide
<sep>

Near

glipizide

<sep>

Fred

Meyer

Near

Me

buy

buy

Fred
Meyer

Pharmacy Me

glipizide
<sep>

Near

glipizide

<sep>

Fred

Meyer

Near

Me

buy

buy

Pharmacy

Figure 3: Visualization of attention maps in BERT and
KAM-BERT.

Figure 3(c) and 3(d) are the attention maps for the
sentence “The Academy of Fine Arts is located
in Northern Maidan.” We only visualize the key
parts due to space limitation. Figure 3(c) shows
the attention map for vanilla BERT, and 3(d) is the
attention map for KAM-BERT. It can be observed
that the terms in the same entity are highly cor-
related with each other in KAM-BERT, which is
more reasonable than vanilla BERT.

5 Conclusion

In this paper, we proposed KAM-BERT, a flex-
ible and efficient approach to inject knowledge
into transformer-based pre-trained models. Exten-
sive experiments on GLUE and LAMA benchmark
show that our approach outperforms all BERT-
Style baselines and achieves new SOTA on QA
tasks, suggesting that our models indeed integrate
knowledge in an effective manner and have good
generalization ability. In future work, we hope to
investigate more types of knowledge which can be
effectively integrated in our framework.
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Abstract

The use of contrastive loss for representation
learning has become prominent in computer
vision, and it is now getting attention in Natu-
ral Language Processing (NLP). Here, we ex-
plore the idea of using a batch-softmax con-
trastive loss when fine-tuning large-scale pre-
trained transformer models to learn better task-
specific sentence embeddings for pairwise sen-
tence scoring tasks. We introduce and study a
number of variations in the calculation of the
loss as well as in the overall training proce-
dure; in particular, we find that a special data
shuffling can be quite important. Our experi-
mental results show sizable improvements on a
number of datasets and pairwise sentence scor-
ing tasks including classification, ranking, and
regression. Finally, we offer detailed analy-
sis and discussion, which should be useful for
researchers aiming to explore the utility of con-
trastive loss in NLP.

1 Introduction

Recent years have seen a revolution in Natural Lan-
guage Processing (NLP) thanks to the advances in
machine learning. A lot of attention has been paid
to architectures, especially for deep learning, as
well as to loss functions. Notably, loss functions
based on similar ideas were proposed in unrelated
papers in different machine learning fields under
different names. This can cause difficulties when
solving new problems or when designing new ex-
periments based on previous results. To a greater
extent, this applies to “universal” loss functions,
which can be applied in different machine learning
areas and tasks such as Computer Vision (CV), Rec-
ommendation Systems, and NLP. An example of
such loss function is the batch-softmax contrastive
(BSC) loss, which we will discuss below. For many
NLP tasks, it is important to obtain representations
of sentences for semantic matching problems, since
they can be used for further analysis, e.g., for find-
ing the best answer to a question.

Sentence BERT is a recent popular approach
for this (Reimers and Gurevych, 2019): it can
be trained with different loss functions, and we
show that the choice of a loss function is impor-
tant. Moreover, we show that it will not be optimal
to take the “standard” batch-softmax contrastive
loss, which is used for training SimCSE (Gao et al.,
2021), a recent alternative to Sentence BERT, and
we suggest ways to improve its efficiency. Our
contributions can be summarized as follows:

• We study the use of a batch-softmax con-
trastive loss for fine-tuning large-scale trans-
formers to learn better task-specific embed-
dings for pairwise sentence scoring tasks.

• We introduce and study a number of novel
variations in the calculation of the loss such
as symmetrization, incorporating labeled neg-
atives, aligning scores on the similarity ma-
trix diagonal, normalizing over the batch axis,
as well as in the overall training procedure,
e.g., shuffling, trainable temperature, and se-
quential pre-training.

• We demonstrate sizable improvements for a
number of pairwise sentence scoring tasks
such as classification, ranking, and regression.

• We offer detailed analysis and discussion,
which would be useful for future research.

• We release our code at https://github.
com/aschern/BSC-loss

2 Related Work

The contrastive loss was proposed by Hadsell et al.
(2006) as metric learning that contrasts Euclidean
distances between embeddings of samples from
one class and between samples from different
classes. Weinberger et al. (2006) suggested the
triplet loss, which is based on a similar idea, but
uses triplets (anchor, positive, negative), and aims
for the difference between the distances for (an-
chor, positive) and for (anchor, negative) to be
larger than a margin.
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N -pair loss was presented as a generalization of
the contrastive and the triplet losses as a way to
solve the problem of extensive construction of hard
negative pairs and triplets (Sohn, 2016). A batch
of N pairs of examples from N different classes
is sampled, and the first element in each pair is
considered to be an anchor. Thus, for each anchor,
there are one positive andN´1 negative pairs. The
loss contrasts the distances simultaneously using
the softmax function over dot-product similarities.
The approach was used successfully in CV tasks.

The same method of Multiple Negative Rank-
ing for training Dot-Product Scoring Models was
applied to ranking natural language responses to
emails (Henderson et al., 2017), where the loss
uses labeled pairs. A similar idea, called Negative
Sharing, was used to reduce the computational cost
when training recommender systems (Chen et al.,
2017). Wu et al. (2018) presented an approach
with N -pairs like logic, as a Non-Parametric Soft-
max Classifier, replacing the weights in the softmax
with embeddings of samples from such classes. It
was also proposed to use L2 normalization and tem-
perature. Yang et al. (2018) used Multiple Negative
Ranking to train general sentence representations
on data from Reddit and SNLI. Logeswaran and
Lee (2018) presented a Quick-Thoughts approach
to learn sentence embeddings, which constructs
batches of contiguous sets of sentences, and for
each sentence, contrasts the next sentence in the
text and all other candidates.

A lot of subsequent work focused on maximiz-
ing Mutual Information (MI). van den Oord et al.
(2018) presented a loss function based on Noise-
Contrastive Estimation, called InfoNCE. It models
the “similarity” function that estimates the MI be-
tween the target (future) and the context (present)
signals, and maximizes the MI between temporally
nearby signals. If this “similarity” function ex-
presses the dot-product between embeddings, the
InfoNCE loss is equivalent to the N -pair loss up to
some constants. It was also shown that InfoNCE
is equivalent to the Mutual Information Neural Es-
timator (MINE) up to a constant (Belghazi et al.,
2018), which maximizes a lower bound on MI.
Deep InfoMax (DIM) (Hjelm et al., 2019) improves
MINE, and can be modified to incorporate some
autoregression as InfoNCE. However, the effective-
ness of loss functions such as DIM and InfoNCE
might be primarily connected to MI, rather than to
deep metric learning (Tschannen et al., 2020).

The idea gained a lot of popularity in the field
of Computer Vision with the advent of SimCLR (a
Simple framework for Contrastive Learning of vi-
sual Representations), which introduced NT-Xent
(normalized temperature-scaled cross-entropy loss)
(Chen et al., 2020). It uses self-supervised learn-
ing, where augmentations of the same image are
used as positive examples and augmentations of
different images are used as negative examples.
Thus, the task is as follows: for each example in a
batch, find its paired positive augmentation. Here,
the N -pairs loss is modified with a temperature
parameter and with an L2 normalization of embed-
dings to the unit hypersphere. The loss was further
extended for supervised learning as SupCon loss
(Khosla et al., 2020), which aggregates all posi-
tive examples (from the same class) in the softmax
numerator.

Subsequently, similar kinds of loss functions
were also introduced to the field of Natural Lan-
guage Processing (NLP). Gunel et al. (2021) com-
bined the SupCon loss with the cross-entropy loss
and obtained state-of-the-art results for several
downstream NLP tasks using RoBERTa. Giorgi
et al. (2021), Fang and Xie (2020) and Meng et al.
(2021) used NT-Xent to pre-train Transformers,
considering spans sampled from the same docu-
ment, sentences augmented with back-translation
as positive examples, and sequences corrupted with
MLM. Luo et al. (2020) proposed to use NT-Xent
in a self-supervised setting to learn noise-invariant
sequence representations, where sentences aug-
mented with masking were considered as positive
examples. Finally, Gao et al. (2021) introduced
the SimCLR loss to NLP under the name SimCSE
(Simple Contrastive Learning of Sentence Embed-
dings), where sentences processed by a neural net-
work with dropout served as augmentations of the
original sentences. Here, we explore various ways
to use a similar loss function for pairwise sentence
scoring tasks.

While the above-described loss functions have
different names, they are all based on similar ideas.
Below, we will use the name Batch-Softmax Con-
trastive (BSC) loss, which we believe reflects the
main idea best. In our experiments below, we will
use the “modern” variant of the loss: with tem-
perature, normalization, and symmetrization com-
ponents (described in more detail in Section 3.1).
These components were not used for NLP in com-
bination before.
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Figure 1: For the set of positives pairs pqi, aiq,
e.g., question–answer, for each qi, the BSC loss con-
trasts the scores between qi and ai (positive examples)
vs. between qi and aj for all j ‰ i (negative examples)
using softmax. Here ‚ denotes the dot-product.

We further introduce a number of novel and im-
portant modifications in the definition of the loss
and in the training procedure, which make it more
efficient, and we show that using the resulting loss
yields better task-specific sentence embeddings for
pairwise sentence scoring tasks.

3 Method

3.1 Batch-Softmax Contrastive (BSC) Loss

Pointwise approaches for training models for pair-
wise sentence scoring tasks, such as mean squared
error (MSE), are problematic as the loss does not
take the relative order into account. For instance,
for two pairs with correct target scores (0.4, 0.5),
the loss function would equally penalize answers
like (0.3, 0.6) and (0.5, 0.4). However, the first pair
is better, as it keeps the correct ranking, while the
second one does not. This is addressed in pairwise
approaches, e.g., in triplet loss, where the model
directly learns an ordering. Yet, there is a problem
for constructing pairs or triplets in the training set,
as it is hard to find non-trivial negatives examples.

Unlike traditional pairwise loss functions, the
BSC loss treats all other possible pairs of examples
in the batch as “negatives.” That is, only positive
pairs are needed for training. Consider a batch
X of pairs from a question-answering dataset. In
general, let Qmˆn and Amˆn be the matrices of
embeddings produced by a query model and an an-
swer model. We define the loss function as follows:

LBSCpXq “ L0pXq ` L1pXq
“ ´mean

ˆ
log

ˆ
diag

ˆ
softmax

ˆ
QAT

τ

˙˙˙˙

´ mean

ˆ
log

ˆ
diag

ˆ
softmax

ˆ
AQT

τ

˙˙˙˙

(1)

Here, softmax is applied by rows (Figure 1), and
τ is the temperature. Both components can be
rewritten, e.g., L0pXq can be written as follows:

´ 1

mτ

mÿ

i“1

qTi ai`
1

m

mÿ

i“1

log
mÿ

j“1

exp

ˆ
qTi aj
τ

˙

(2)

Mathematically, this loss function is similar to
the one presented in (Chen et al., 2020). The differ-
ence is that we do not use augmentations, and we
do not compare qi to qj (or ai to aj) due to their
different nature: we want to compare a question to
an answer, not a question to a question or an answer
to an answer. Thus, we apply the symmetrization
in the formula. So, the difference from SimCSE
(Gao et al., 2021) is that we compare not only qi to
all aj , but also ai to all qj in the batch.

Note that, although a frequent short answer may
fit multiple questions in a batch, such pairs are con-
sidered as “negative” examples in the loss. How-
ever, the loss learns Mutual Information (Tschan-
nen et al., 2020), that is ppqi, aiq{pppqiqppaiqq, and
thus it is robust to this false negatives problem.

Early research has already shown the importance
of properly configuring and using some BSC loss
settings. For example, low temperatures are equiv-
alent to optimizing for hard positives/negatives
(Khosla et al., 2020), while L2 normalization of
vectors to the unit hypersphere along with temper-
ature effectively weighs different examples (Chen
et al., 2020). We further propose a number of im-
portant modifications that can have a major impact
on the performance for a number of tasks.

3.2 Batch Construction
In computer vision, it is common to use a batch
size of 5,000, which in turn would naturally be
very likely to contain some hard negative examples.
In NLP, fine-tuning Transformers with large batch
sizes requires very large amounts of memory. Thus,
much smaller batches are used in practice, and it
becomes important to make sure these batches do
contain some hard negative examples. We achieve
this by fixing the content of the batches at each
training epoch. Note that this is much simpler than
mining hard negatives, as we only need to increase
the likelihood that there would be a hard negative
example present in the batch, but we do not need to
know which particular example in the batch would
be hard. Inside the batch, this would be controlled
by the temperature parameter.
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Example-based shuffling The key idea of this
method is to batch several groups, so that within
each group all pairs are similar based on their first
or their second elements. In this way, each positive
pair would be accompanied by hard negatives from
the same group and by simpler negatives from the
remaining examples inside the batch (which come
from other groups). We use the k-nearest neigh-
bors for an input example to form a group for it,
and Faiss (Johnson et al., 2021) to quickly find
these nearest neighbors in the embedding space.
Let the pairs be grouped by their first elements qi.
Algorithm 1 summarizes the proposed method.

Algorithm 1 Example-based shuffling

Input: sequence D, group size s
initialize R Ð rs Ź sequence to store the result
initialize U Ð ∅ Ź set of used examples
randomly shuffle D
for e in D do

if e R U then
find the n nearest neighbors of e from D
choose the top s´ 1 that are not in U
add them and e to R and also to U

return reversed R

Note that in this approach we use two stages
in kNN to limit the range of possible candidates
and thus to reduce the computational costs (both
in terms of time and memory). We first extract
the top-n neighbors (for some large n, e.g., 500),
and then we take the top-k from them, so that no
duplicates appear in the final sequence (for some
small k “ 7). The time complexity of such a check
is O(1). If all such neighbors are already used, then
only the considered example will be added to the
resulting sequence. This case will often arise for
the last examples, and thus batches will consist of
simple 1-element groups. Therefore, we reverse
the sequence to start with these simple batches, as
in curriculum learning.

By default, we assume that there should be one
positive example for each question/answer (on the
diagonal of the matrix), and thus identical neigh-
bors could be optionally filtered. Still, if there
are the same qi in the batch X , the loss definition
(eq. 1) does not change. Indeed, let Pq “ ti | qi “
q, pqi, aiq P Xu, then @i, j P Pq : pqi, ajq form a
positive pair. According to Khosla et al. (2020),
for each q, all q̃ P Pq should be placed in the soft-
max numerator and then averaging over all such q̃
should be performed outside the logarithm.

Thus, in L0pXq (eq. 2) only the first sum would
change as follows:

ÿ

iPPq
qTi ai ù

ÿ

iPPq

1

|Pq|
ÿ

jPPq
qTi aj

“
ÿ

jPPq

1

|Pq|
ÿ

iPPq
qTaj “

ÿ

jPPq
qTj aj (3)

In L1pXq:

ÿ

iPPq
qTi ai ù

ÿ

iPPq

1

|Pq|
ÿ

jPPq
qTj ai

“
ÿ

iPPq

1

|Pq|
ÿ

jPPq
qTai “

ÿ

iPPq
qTi ai (4)

In order to select the groups even better, we con-
sider task-specific embeddings. To this end, we
apply the current model to encode all pairs at each
epoch.

Algorithm 2 Shuffling by words

Input: sequence D, group size k, shingle size t
for e in D do

e.shingle Ð random subset of t words
of e (ignoring stop-words)

sort D by e.shingle
initialize gID Ð random uint64 Ź group ID
initialize s Ð 0 Ź current group size
initialize prev Ð first element of D
for e in D do

if e.shingle ‰ prev.shingle then
gID Ð random uint64

if s ě k then
gID Ð random uint64
s Ð 0

e.gID Ð gID
s Ð s` 1
prev Ð e

sort D by e.gID
return D

Fast shuffling For extremely large datasets,
example-based shuffling is time-consuming even
with Faiss; thus, we propose several effective op-
tions to perform a less-thorough shuffling. We
choose some attribute by which we will group the
examples, that is, we guarantee some closeness of
the examples. Thus, the examples are close if they
share the same words, the same cluster number or
the same nearest neighbors.
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First, consider the case of words and grouping
by the first elements of the pairs (the case of sec-
ond elements is the same). Algorithm 2 presents
the shuffling process. We choose a random word
or phrase (shingle) in each element and sort the
dataset by these shingles. Since examples with
the same shingles will be in a sequence, we assign
group IDs sequentially. We split a group if it is too
large. Then we shuffle (sort) the dataset by group
IDs. The resulting algorithmic complexity is equal
to the complexity of two sorts of the dataset.

To produce a shuffle by clusters, we apply the
same algorithm, where each sentence is replaced by
its cluster number. Thus, each individual shingle is
of size t “ 1. To make a shuffle by nearest neigh-
bors, we create shingles by “sentences,” where the
words are the positions of the top-k nearest neigh-
bors in the input sequence (for some small value
of k). All these approaches, including k-means
clustering, can be effectively implemented using
MapReduce and parallel computations.

3.3 Labeled Negatives
Usually, when the data size is small, hard nega-
tive examples may be hard to obtain even with
data shuffling, e.g., when all examples are semanti-
cally distant. Nonetheless, if the dataset contains
a labeled negative pair with some anchor, then its
elements are semantically close by traditional rules
of dataset construction. Thus, using such a pair
inside the batch, where this anchor is present, will
add the necessary hard negative example.

The only change that is added in the loss function
is the masking of negative examples—we have no
guarantees that the selected negative example is
closer to the anchor than the rest of the examples
inside the batch. Let yi be a binary label, where
yi “ 1 if the i-th pair is positive. Then, we have

L0pXq “ ´ 1

mτ

mÿ

i“1

1ryi “ 1sqTi ai

` 1

m

mÿ

i“1

1ryi “ 1s log
mÿ

j“1

exp

ˆ
qTi aj
τ

˙
(5)

3.4 Combo Loss
Theoretically, it is beneficial to use several loss
functions for training if they are calculated on the
same batch (and thus do not require additional com-
putations). That is, joint training of BSC and MSE
losses combines the advantages of pointwise and
of pairwise approaches.

This ensures that for positives examples, the val-
ues on the diagonal of the dot-product matrix are
not only greater than the rest, but are also close
to 1 or to some target similarity. Note that here
LMSEpXq “ 1

m

řm
i ppqTi aiq ´ yiq2 for target pos-

itive similarities yi, and thus we do not force all
other similarities to zero. At the same time, the
BSC loss adds new examples (i.e., “negative” pairs)
to the training set.

In order to use the BSC loss when training a
model for tasks with non-binary labels, we modify
the indicator function in equation (5) as 1ryi ą ts,
where t is a configurable binarization threshold.
Then, we use their convex combination with a con-
figurable hyperparameter µ P p0, 1q:

LpXq “ µLBSCpXq ` p1 ´ µqLMSEpXq (6)

3.5 Normalization
L2 normalization of matrices A and B means that
aTi bj will be equivalent to cosine similarity. The
embeddings can also be normalized by the batch
dimension (by coordinates), which can bring ad-
ditional regularization. In our experiments, we
confirm the importance of this, e.g., new represen-
tations can be calculated with L2 normalization by
coordinates or in a min-max scale.

4 Datasets

NLP tasks that compare pairs of sentences can be
roughly divided into three general categories: re-
gression (predicting a similarity score), classifi-
cation (e.g., similar vs. dissimilar), and ranking
(search for the best matches). They differ only by
the quality assessment functions, and thus they all
can benefit from the above losses.

Note that it is important to calculate the sentence
representations for ranking tasks in advance, as
when independently calculating the embeddings
of the individual elements in the pairs, the infer-
ence time of the model becomes linear instead
of quadratic. Therefore, we use Sentence-BERT
(SBERT), which is trained as a Siamese BERT
model, and offers a way to obtain state-of-the-art
sentence embeddings, which have been proven use-
ful for a number of tasks (Reimers and Gurevych,
2019; Thakur et al., 2021). At inference time, we
first use SBERT to obtain independently a repre-
sentation for the individual sentences, and then we
calculate the cosine similarities between the corre-
sponding embeddings as we construct pairs as part
of the process of ranking.
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We use a variety of public English datasets and
tasks for the evaluation. In particular, we have four
ranking tasks (ranking answers to non-factoid ques-
tions, ranking questions by their similarity with
respect to other questions, ranking comments by
their similarity to a given question, ranking fact-
checked claims by their relevance with respect to an
input claim), two binary classification tasks (para-
phrases identification, and duplicate question iden-
tification), and one regression task (semantic sen-
tence similarity).

Antique The dataset contains 2,626 non-factoid
questions with answer choices (Hashemi et al.,
2020), asked by users on Yahoo! Answers. There
are a total of 34,011 question–answer pairs: 27,422
for training and 6,589 for validation. Each answer
is annotated with a relevance score with respect to
the question on a scale from 1 to 4 (where 4 de-
notes the highest relevance), and the task is to rank
the answers by their relevance. To model relevance
as a cosine similarity, we normalize the scores to
the r0, 1s interval. We use Mean Reciprocal Rank
(MRR) as the main evaluation measure.

CQA-A This dataset was used in SemEval-2017
Task 3 on Community Question Answering sub-
task A (Nakov et al., 2017). The goal is to rank
the first ten answers in a question thread on Qatar
Living, so that good answers are ranked higher
than bad ones. We used the clean part of the
dataset, which consists of 14,110 and 2,440 labeled
question–comments pairs for training and devel-
opment, respectively. The evaluation measure is
Mean Average Precision (MAP). This dataset con-
tains important metadata, e.g., the date and time of
the comment, and sorting the comments by time
yields a strong baseline; yet, we only use the text.
To train the model with the triplet loss, we group
the pairs by the first element (anchor).

CQA-B This dataset was developed for
SemEval-2017 Task 3, subtask B (Nakov et al.,
2017), whose goal was to rank ten potentially re-
lated questions by their similarity with respect to
an input question. These questions were retrieved
from the Qatar Living forum using Google and the
input question as a query. We use the clean part
of the dataset, which consists of 19,990 training
and 5,500 development labeled question-question
pairs. The main evaluation measure here is MAP.
There is additional information, e.g., the rank of
the retrieved question in the Google search results,
which we do not use.

PFCC-S Shaar et al. (2020) presented a dataset
for detecting Previously Fact-Checked Claims on
Snopes (PFCC-S), aimed at facilitating the solution
of a fact-checking problem: given an input claim,
it asks to rank claims that have been previously
fact-checked, so that claims that can help verify
the input claim are ranked as high as possible. The
dataset has 800 positive input–verified claim pairs
for training and 200 such positive pairs for test-
ing, and they are to be matched against a database
of 10,369 verified claims. The evaluation is per-
formed in terms of a HasPositive@k metric, which
checks whether there is a positive match among
the first k results in the ranked list. There are no
negative examples in the dataset, but about eight
million such pairs can be created. Thus, in order to
train models using MSE or triplet loss, we sampled
negatives according to the following scheme. First,
we encoded all sentences using SBERT (we used
the model pretrained on STSb and NLI). Then, we
selected the first element in each positive pair as an
anchor and we sorted all other examples by their
similarity to this anchor. The assumption is that
positive examples will be concentrated in the begin-
ning, e.g., among the top-100. Thus, we selected
negatives starting from 101 on, logarithmically: on
positions 100`2k, k P N. As a result, we obtained
many hard negative examples and a small number
of easy ones. Finally, we oversampled the positive
pairs to correct the balance of positive and negative
examples.

Microsoft Research Paraphrase Corpus
(MRPC) It was created by Dolan et al. (2004) and
contains 5,800 pairs of sentences, extracted from
online news sources. Each pair was labeled with
a tag indicating whether the sentences are para-
phrases (semantically equivalent). There are 3,668,
407, and 1,725 pairs in the training, development,
and test subsets. As it is a binary classification task
with class imbalance, it is evaluated in terms of F1.

Quora Question Pairs (QQP) Quora presented
a dataset containing over 500,000 sentences with
over 400,000 lines of potential duplicate questions.
Each line has a binary label indicating whether the
line truly contains a duplicate pair. Due to the sam-
pling method, which returns mostly positive pairs,
the authors supplemented the dataset with negative
pairs composed of “related questions.” Following
Thakur et al. (2021), we sampled randomly 10,000
examples for training, and we used F1 score as the
main evaluation measure.
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Semantic Textual Similarity Benchmark
(STSb) The STS benchmark comprises a selection
of English datasets used in the STS tasks organized
in the context of SemEval between 2012 and 2017
(Cer et al., 2017). The benchmark comprises 8,628
sentence pairs. The pairs were annotated with sim-
ilarity scores on a scale from 0 to 5 (with 5 indi-
cating complete equivalence). There are a total of
5,749, 1,500 and 1,379 pairs in the training, in the
development, and in the testing split, respectively.
The main evaluation measure is Spearman’s rank
correlation. As for the Antique dataset, here we
also normalized the scores to the r0, 1s interval and
then we binarized them based on a threshold of 0.6.

5 Experimental Setup

Below, we describe our baselines and hyper-
parameter settings.

5.1 Baselines

We used BERT-base uncased in all our experiments
to be able to perform direct comparison for tasks
such as MRPC, QQP, and STS to previous work
(Reimers and Gurevych, 2019; Thakur et al., 2021).

We considered SimCSE (sup-simcse-bert-base-
uncased checkpoint) (Gao et al., 2021) as an un-
supervised baseline as it uses the base version of
the BSC loss, which we modified. Below, by BSC
we will denote using optimal settings in the tables,
and variants like BSC - random shuffle would mean
that instead of these optimal settings, we applied
random shuffling.

5.2 Hyperparameters Setting

We set the number of warm-up steps to 10% of
the total steps, and we limited the input sequence
length to 90 subtokens. We used a batch size of
30 in all tasks, except for Antique and QQP, where
we used 50. Note that an order of magnitude larger
batch sizes would probably yield better results, but
they would also require much more memory. We
tried learning rates from {5e-6, 1e-5, 2e-5, 3e-5},
and we selected (on dev) 3e-5 for CQA-B and 2e-5
for all other experiments. We used the AdamW
optimizer with the bias correction for the CQA
tasks, and without bias correction for the rest. We
trained the model for five epochs for Antique, CQA-
A and STSb, for six epochs for QQP, MRPC and
PFCC-S, and for seven epochs for CQA-B, saving
a checkpoint after each one, and we selected the
best checkpoint on the development set.

As recommended by Thakur et al. (2021), due to
instability, we did seed optimization, running each
experiment five times and selecting the best one
(on dev). To train with the BSC loss, we used min-
max normalization by coordinates with τ “ 1.2 for
PFCC-S and QQP, standard L2 normalization with
τ “ 0.055 for CQA-A, τ “ 0.07 for CQA-B, and
τ “ 0.1 for all other tasks (to find the optimal τ , we
made it trainable for one run). We applied example-
based shuffling to train with the BSC loss. We used
a group size of four in MRPC, of five in CQA-B,
and of eight in all other tasks. We iterated over µ
values from the set t0.1, 0.5, 0.9u, and we chose
µ “ 0.1 to train the combo approach for CQA-A,
MRPC, QQP and STSb tasks, and µ “ 0.9 for the
other experiments.

Our experiments demonstrated that there is only
a minor impact of changing the values of these hy-
perparameters. For example, the maximum quality
drop from µ (0.1 vs. 0.5) is 0.4%, i.e., almost at
the noise level, while we obtained gains of up to
10% when using our proposed modifications.

We trained the triplet loss variant from (Reimers
and Gurevych, 2019) with margin “ 0.6 for
PFCC-S, and margin “ 0.5 for all other tasks.
As we have no answers for the test set in MRPC,
and no test sets in Antique and PFCC-S, we split the
training set into 9:1 to tune the hyper-parameters.
The time for training SBERT with the BSC loss
(or combo loss) was almost equal to the time for
training with the standard MSE loss. The most
complex example-based shuffling only adds 8% to
the training time. Note that it is several times faster
than triplet loss, as only positive examples are used
for training, and thus the dataset becomes several
times smaller. We ran all experiments on a GeForce
GTX 1080 GPU Ti. Training SBERT-base took up
to ten minutes per epoch depending on dataset size.

6 Results

Below, we describe the evaluation results.
Antique The results are shown in Table 1. Our

best approach of combo-training the MSE and the
BSC losses outperforms all other variants and the
approach proposed in (Hashemi et al., 2020), where
specific negative sampling and a triplet loss were
used. Besides, the best BSC configuration achieves
higher scores than MSE. We can see the impor-
tance of using predefined hand-crafted negative
examples, which brings additional difficult cases
and increases MRR by 0.02.
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Approach / Metric MRR P@1 nDCG@1

MSE 0.781 0.660 0.769
BSC 0.804 0.680 0.754
BSC - positives 0.784 0.655 0.744
BSC - random shuffle 0.799 0.670 0.754
Combo BSC + MSE 0.822 0.710 0.773

SimCSE (unsup.) 0.681 0.525 0.686
Hashemi et al. (2020) 0.797 0.709 0.713

Table 1: Results for Antique.

Approach / Metric MAP MRR MAP MRR

MSE 0.869 0.911 0.471 0.513
BSC 0.801 0.867 0.495 0.534
BSC - clusters shuffle 0.787 0.859 0.493 0.534
BSC - random shuffle 0.763 0.828 0.487 0.530
BSC - w/o shuffle 0.816 0.884 0.481 0.532
Combo BSC + MSE 0.872 0.912 0.496 0.540
Triplet loss 0.857 0.917 0.475 0.529

SimCSE (unsup.) 0.684 0.735 0.439 0.478
Nakov et al. (2017) 0.884 0.928 0.472 0.501

Table 2: Results for CQA-A and CQA-B.

CQA-A The results for CQA subtask A are
shown in Table 2. A comparison with (Nakov et al.,
2017) is not very fair, as we did not use the meta-
data, e.g., the comment position, which was cru-
cial for the best systems. Besides, we use SBERT,
which is inferior to a fine-tuned BERT. Neverthe-
less, our best approach of combo training with
MSE and BSC losses yielded competitive results.
We further compared different shuffling strategies.
The data is ordered by questions, and keeping this
order turns out to be best. That is, the model learns
to distinguish positive answers for each question
from manually selected negative ones and from an-
swers to other questions. Also, note that random
shuffling completely eliminates this structure, and
MAP drops by 6% absolute. Fast shuffling by 300
clusters, an advanced version of shuffling by words,
improves these results. Example-based shuffling
finds a data order similar to the initial one, and the
quality does not degrade much.

CQA-B The evaluation results for CQA-B are
shown in Table 2. Again, we did not use the ques-
tion position, which is a critically important fea-
ture for the best systems. We can see that the BSC
loss achieved the best score, noticeably outperform-
ing MSE and triplet losses. The experiments also
demonstrate the importance of data order when
training with the BSC loss. Since the dataset is
small, the model overfits when the original data
order is fixed.

Approach / Metric HP@1 HP@5 HP@50

MSE 0.362 0.508 0.709
BSC 0.673 0.844 0.899
BSC - 1-dim norm 0.588 0.764 0.899
BSC - no norm 0.608 0.744 0.884
BSC - random shuffle 0.663 0.794 0.915
Triplet loss 0.668 0.794 0.899

SimCSE (unsup.) 0.412 0.693 0.849
Shaar et al. (2020) 0.402 0.653 0.784

Table 3: Results for PFCC-S.

Approach / Metric MRPC (F1) QQP (F1)

MSE 89.08 74.29
BSC 86.73 73.13
Combo BSC + MSE 89.46 75.07

SimCSE (unsup.) 85.43 68.65
Thakur et al. (2021) 87.89 (88.55) 74.97 (79.77)

Table 4: Results for MRPC and QQP.

PFCC-S Table 3 shows the results for PFCC-
S (HP@k stands for HasPositives@k). Note that
the scores from (Shaar et al., 2020) are for the
pre-trained SBERT without fine-tuning. We ob-
served that even when using oversampling to im-
prove class imbalance, fine-tuning with MSE per-
formed worse than their results. Here, we used only
positives examples to train with BSC, and normaliz-
ing by the zero dimension. Overall, the approaches
using BSC and triplet loss were comparable. How-
ever, the dataset size for training with the BSC
loss was much smaller, which is also true for MSE.
Thus, the BSC loss is faster, and preferable.

MRPC Table 4 shows the results for MRPC.
MSE outperformed the BSC loss, but combo
achieved a slightly higher F1 score.

QQP The results for QQP are shown in Table 4.
We also show results for SBERT and augmented
SBERT (in parentheses) from (Thakur et al., 2021).
They trained SBERT with MSE using another ran-
dom training sample, but nonetheless, the F1 score
is close to ours. The combo approach outperformed
separate training with BSC or MSE.

STSb Table 5 shows the results for STS. It is
the only task where combo with the BSC loss was
worse than MSE. This could be due to hard nega-
tives not appearing in the batch in any of the shuf-
fling procedures. Moreover, we observed only
marginal improvement when fine-tuning with a
BSC model initially trained with MSE. However,
if it was pretrained with BSC up to overfitting, fine-
tuning it with MSE yielded sizable improvements.
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Approach / Metric ρˆ 100

MSE 84.80
BSC 83.26
Combo BSC + MSE 84.59
Fine-tuning MSE with BSC 84.95
Fine-tuning BSC with MSE 85.71

SimCSE (unsup.) 84.25
Reimers and Gurevych (2019) 84.86

Table 5: Results for STSb: Spearman rank correlation.

7 Discussion

We highlight the following observations:

• Combo-training with BSC and MSE losses
generally yields the best results (the only ex-
ception is STSb), and it outperforms the triplet
loss with advanced negative sampling.

• The order in which the data is presented for
training can be critical, as we have seen in the
cases of CQA-A and CQA-B.

• The use of labeled negative examples gener-
ally improves the results by 1-2% absolute.

• Embedding normalization during training is
important. Moreover, it is useful to normalize
to the zero dimension (e.g., for PFCC-S).

• A temperature τ of order 0.1 should be used
with the standard normalization, and τ of or-
der 1-3 for coordinate normalization.

• A suboptimal setup may hurt performance by
over 10%, as was demonstrated for (i) filtering
out negative examples for which no positives
were given in the dataset (Table 1), (ii) us-
ing poorly formed batches (highest impact in
Table 2), (iii) suboptimal normalization (Ta-
ble 3), and (iv) wrong temperature value.

• BSC is more suitable for ranking tasks (An-
tique, CQA, and PFCC-S), but it can help for
other tasks (classification and regression tasks,
e.g., for MRPC, QQP, and STSb) if applied as
pre-training or in joint training with MSE.

Selecting a loss function is important. For in-
stance, if the model optimizes Pearson correlation,
it achieves a score of 85.57 on the STS task. Thus,
it outperforms almost all considered approaches.
Moreover, the combination of such a loss with BSC
allows the model to achieve an F1 score of 89.88
in the MRPC task (a classification task).

Finally, we would like to draw a parallel between
our work and Augmented SBERT (Thakur et al.,
2021). When using the BSC loss, some negatives
are implicitly added to the dataset. Augmented
SBERT adds new examples too and retrieves them
using BM25 or Semantic Search samplings. These
methods are comparable to our fast shuffling by
words (n-grams) and to example-based shuffling,
respectively. Moreover, the task-specific model is
used to encode the data in both cases. However, we
do not need to label such pairs with another model
(cross-encoder) due to the BSC loss definition.

8 Conclusion and Future Work

We explored the idea of using a batch-softmax con-
trastive loss for fine-tuning large-scale pre-trained
transformers to learn better task-specific sentence
embeddings for pairwise sentence scoring tasks.
We introduced and studied a number of variations
in the calculation of the loss as well as in the over-
all training procedure. Our experimental results
have shown sizable improvements on a number of
datasets and pairwise sentence scoring tasks includ-
ing ranking, classification, and regression.

In future work, we want to explore new varia-
tions of the loss, and to gain better understanding
of when to use which variation. We further plan
experiments with a larger set of NLP tasks.

Ethics and Broader Impact

We would like to warn that the use of large-scale
Transformers requires a lot of computations and
the use of GPUs/TPUs for training, which con-
tributes to global warming (Strubell et al., 2019).
This is a bit less of an issue in our case, as we
do not train such models from scratch; rather, we
fine-tune them on relatively small datasets. More-
over, running on a CPU for inference, once the
model is fine-tuned, is perfectly feasible, and CPUs
contribute much less to global warming.
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Abstract

News article revision histories provide clues

to narrative and factual evolution in news ar-

ticles. To facilitate analysis of this evolution,

we present the first publicly available dataset of

news revision histories, NewsEdits. Our dataset

is large-scale and multilingual; it contains 1.2

million articles with 4.6 million versions from

over 22 English- and French-language newspa-

per sources based in three countries, spanning

15 years of coverage (2006-2021).1

We define article-level edit actions: Addition,

Deletion, Edit and Refactor, and develop a high-

accuracy extraction algorithm to identify these

actions. To underscore the factual nature of

many edit actions, we conduct analyses show-

ing that added and deleted sentences are more

likely to contain updating events, main content

and quotes than unchanged sentences.

Finally, to explore whether edit actions are pre-

dictable, we introduce three novel tasks aimed

at predicting actions performed during version

updates. We show that these tasks are possible

for expert humans but are challenging for large

NLP models. We hope this can spur research in

narrative framing and help provide predictive

tools for journalists chasing breaking news.

1 Introduction

Revision histories gathered from various natural

language domains like Wikipedia (Grundkiewicz

and Junczys-Dowmunt, 2014), Wikihow (Faruqui

et al., 2018) and student learner essays (Zhang and

Litman, 2015) have primarily been studied to ex-

plore stylistic changes, such as grammatical error

correction (Shah et al., 2020) and argumentation

design (Afrin et al., 2020). However, deeper ques-

tions about content updates and narrative evolution

are underexplored: Which facts are uncertain and

likely to be changed? Which events are likely to

1We release the dataset and all code used in modeling and
evaluation: https://github.com/isi-nlp/NewsEdits.
git

Figure 1: We identify sentence-level operations – Edit,

Addition, Deletion and Refactor – between two versions

of a news article (merges, shown here, and splits are

a special cases of Edits). We propose tasks aimed at

predicting these operations on article versions. We char-

acterize aspects of additions, deletions and edits. We

hope NewsEdits can contribute to research on narrative

and factual development patterns.

update? What voices and perspectives are needed

to complete a narrative?

Existing edits corpora do not address these ques-

tions due to the nature of previously studied do-

mains: as shown in Yang et al. (2017), the distribu-

tion of edits in other domains, like Wikipedia, tend

to focus on syntax or style edits. In this work, we in-

troduce a novel domain for revision histories, news

article revision histories which, we show, covers

the updating of events. Many edits in news either

(1) incorporate new information (2) update events

or (3) broaden perspectives (Section 3).

Our dataset, NewsEdits, contains 1.2 million ar-

ticles with 4.6 million versions. We develop a

document-level view for studying revisions and

define four edit actions to characterize changes be-

tween versions: sentence Addition, Deletion, Edit

and Refactor (i.e. the sentence is moved within a

document). We introduce algorithms for identify-

ing these actions. We count over 40 million Edits,

Additions, Deletions or Refactors in NewsEdits.

We argue that news is an important, practical

medium to study questions about narrative, factual
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and stylistic development. This is because, we hy-

pothesize, there are consistent patterns in the way

articles update in the breaking news cycle (Usher,

2018). To prove this hypothesis, we show that

updates are predictable. We design three tasks:

(1) “predict whether an article will be updated,”

(2) “predict how much of an article will updated,”

(3) “predict sentence-level edit actions.” We show

that current large language model (LLM)-based

predictors provide a strong baseline above random

guessing in most tasks, though expert human jour-

nalists perform significantly better. Our insights

are twofold: (a) article updates are predictable and

follow common patterns which humans are able to

discern (b) significant modeling progress is needed

to address the questions outlined above. See Sec-

tion 4.6 for more details.

Finally, we show that the NewsEdits dataset can

bring value to a number of specific, ongoing re-

search directions: event-temporal relation extrac-

tion (Ning et al., 2018; Han et al., 2019a), article

link prediction (Shahaf and Guestrin, 2010), fact-

guided updates (Shah et al., 2020), misinformation

detection (Appelman and Hettinga, 2015), headline

generation (Shen et al., 2017) and author attribu-

tion (Savoy, 2013), as well as numerous directions

in computational journalism (Cohen et al., 2011;

Spangher et al., 2020) and communications fields

(Spangher et al., 2021b).

Our contributions are the following:

1. We introduce NewsEdits, the first public

academic corpus of news revision histories.

2. We develop a document-level view of

structural edits and introduce a highly scal-

able sentence-matching algorithm to label sen-

tences in our dataset as Addition, Deletion,

Edit, Refactor. We use these labels to conduct

analyses characterizing these operations.

3. We introduce three novel prediction tasks

to assess reasoning about whether and how

an article will change. We show that current

large language models perform poorly com-

pared with expert human judgement.

2 The NewsEdits Dataset

NewsEdits is a dataset of 1.2 million articles and

4.6 million versions. In Section 2.1, we discuss the

sources fromwhich we gathered our dataset. In Sec-

tion 2.2, we discuss the categories of edit-actions

designed to characterize changes between versions,

and in Section 2.3, we discuss the algorithm we
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Figure 2: Number of versions per article, by outlet.

built to identify these edit-actions.

2.1 Data Collection

We collect a dataset of news article versions. An

article is defined by a unique URL, while a version

is one publication (of many) to that same URL.

We combine data from two online sources that

monitor news article updates: NewsSniffer2 and

Twitter accounts powered by DiffEngine.3 These

sources were chosen because, together, they tracked

most major U.S., British and Canadian news out-

lets (Kirchhoff, 2010). Our corpus consists of arti-

cle versions from 22 media outlets over a 15-year

timescale (2006-2021), including The New York

Times, Washington Post and Associated Press. Al-

though the median number of updates per article is

2, as shown in Figure 2, this varies depending on

the outlet. More dataset details in Appendix E.

2.2 Edit-Action Operations

Since we are interested in how an entire news ar-

ticle updates between versions, we focus on sen-

tence edits (document-level actions), not word edits

(sentence-level actions). Identifying that sentences

are added and deleted (vs. updated), can help us

study the degree of change an edit introduces in the

article (Daxenberger and Gurevych, 2012, 2013;

Fong and Biuk-Aghai, 2010).

Thus, we define the following sentence-level

edit-actions, shown in Figure 1: Addition, Deletion,

Edit and Refactor. Additions should contain novel

information and Deletions should remove informa-

tion from the article. Edits should be substantially

similar except for syntactic changes, rephrased and

minimally changed or updated information. Spe-

cial cases of the Edit operation result in sentences

that are merged or split without substantial changes.

See Section 2.3 for more details.

Refactors are intentionally moved in an article.4

2https://www.newssniffer.co.uk/
3https://github.com/DocNow/diffengine
4As an example, in Figure 1, the addition of Sentence 2

in versiont+1 shifts Sentences 3, 4, 5 down. These are not
refactors, just incidental moves caused by other operations.
However, Sentences 5, 6 in versiont are shifted upwards in
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BERT-Based Subsequence Matching BLEU-Based

Method F1-Score Method F1-Score Method F1-Score

Hungarian
TB-mini 88.5 ngram-1 86.0 BLEU-1 86.7
TB-medium 88.7 ngram-2 88.7 BLEU-2 89.2
RB-base 88.6 ngram-3 88.5 BLEU-3 88.8

Max
TB-mini 89.0 ngram-4 88.2 BLEU-1,2 88.8
TB-medium 89.5 BLEU-1,2,3 89.1
RB-base 89.4

Table 1: F1 scores on validation data for matching algorithms. Left-hand group shows embedding-based methods

(TinyBert (TB) and RoBERTa (RB)) with Maximum or Hungarian matching. Middle group shows ngram methods.

Right-hand group shows BLEU for different ngram weightings (1,2 and 1,2,3 are uniform weightings over unigrams,

bigrams and trigrams).

Refactors are important because, based on the in-

verse pyramid 5 (Pöttker, 2003) of article structure,

sentences that are higher in an article are more im-

portant (Scanlan, 2003). Thus, Refactors give us

insight into the changing importance of sentences

in a narrative.

2.3 Edit-Action Extraction

To extract these edit-actions, we need to be able

to construct a bipartite graph linking sentences be-

tween two versions of an article (example graph

shown in Figure 1). If an edge exists between a

sentence in one version and a sentence in the other,

the sentence is an Edit (or Unchanged). If no edge

exists, the sentence is an Addition (if the sentence

exists in the newer version only) or Deletion (if it

exists in the older version only). We identify Refac-

tors based on an algorithm we develop: in short, we

identify a minimal set of edges in the graph which

causes all observed edge-crossings. For details on

this algorithm, see Appendix F.

In order to construct this bipartite graph, we

need a scalable, effective, sentence-similarity algo-

rithm. There is a wide body of research in assessing

sentence-similarity (Quan et al., 2019; Abujar et al.,

2019; Yao et al., 2018; Chen et al., 2018). How-

ever, many of these algorithms measure symmetric

sentence-similarity. As shown in Figure 1, two sen-

tences from the old version can be merged in the

new version.6 The symmetric similarity between

these three sentences would be low, leading us to

label the old sentences as Deletions and the new

one an Addition, even if they were minimally edited

versiont+1, which is movement that is not caused by other
operations. We label this as a Refactor.

5An inverse pyramid narrative structure is when the most
crucial information, or purpose of the story, is presented first
(Scanlan, 2003).

6E.g. “ipsum. Lorem”→ “ipsum; and Lorem”. Conversly,
one sentence can also be split.

(for concrete examples, see Table 14). This violates

our tag definitions (Section 2.2). So, we need to

measure one-way similarity between sentences, al-

lowing us to label merged and split sentences as

Edits. Our algorithm is an asymmetrical version of

the maximum alignment metric described by Kaji-

wara and Komachi (2016):

Simasym(x,y) = 1∣x∣
∣x∣∑
i=1

max
j

φ(xi,y j)
where φ(xi,y j) ∶= similarity between words xi in

sentence x and y j in sentence y.
We test several word-similarity functions, φ .

The first uses a simple lexical overlap, where

φ(xi,y j) = 1 if lemma(xi) = lemma(y j) and 0 oth-
erwise.7 The second uses word-embeddings, where

φ(xi,y j) = Emb(xi) ⋅Emb(y j), and Emb(xi) is the
embedding derived from a pretrained language

model (Jiao et al., 2020; Liu et al., 2019).

Each φ function assesses word-similarity; the

next two methods use φ to assess sentence sim-

ilarity. Maximum alignment counts the number

of word-matches between two sentences, allowing

many-to-many word-matches between sentences.

Hungarian matching (Kuhn, 1955) is similar, ex-

cept it only allows one-to-one matches. We com-

pare these with BLEU variations (Papineni et al.,

2002), which have been used previously to assess

sentence similarity (Faruqui et al., 2018).

2.4 Edit-Action Extraction Quality

Although our sentence-similarity algorithm is un-

supervised, we need to collect ground-truth data

in order to set hyperparameters (i.e. the similarity

threshold above which sentences are considered

a match) and evaluate different algorithms. To

7We extend this to non-overlapping ngram matches.
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Total Num. % of Sents.

Edits 26.6 mil. 17.6 %
Additions 10.2 mil. 6.8 %
Deletions 5.4 mil. 3.6 %
Refactors 1.6 mil. 1.1 %

Table 2: Summary Statistics for Sentence Operations
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Figure 3: Dynamics of edit actions.

do this, we manually identify sentence matches

in 280 documents. We asked two expert annota-

tors to identify matches if sentences are nearly the

same, they contain the same information but are

stylistically different, or if they have substantial

overlap in meaning and narrative function. See Ap-

pendix G for more details on the annotation task.

We use 50% of these human-annotated labels to set

hyperparameters, and 50% to evaluate match pre-

dictions, shown in Table 1. Maximum Alignment

with TinyBERT-medium embeddings (Jiao et al.,

2020) (Max-TB-medium) performs best.8

3 Exploratory Analysis

We extract all edit actions in our dataset using meth-

ods described in the previous section. Statistics on

the total number of operations are shown in Table

2. In this section, we analyze Additions, Deletions

and Edits to explore when, how and why these edit-

actions are made and the clues this provides as to

why articles are updated. We leave a descriptive

analysis of Refactors to future work.

Insight #1: Timing and location of additions,

deletions and edits reflect patterns of break-

ing news and inverse pyramid article structure.

How do editing operations evolve from earlier to

later versions, and where do they occur in the news

article?

In Figure 3a, we show that edit-actions in an ar-

ticle’s early versions are primarily adding or updat-

ing information: new articles tend to have roughly

20% of their sentences edited, 10% added and few

deleted. This fits a pattern of breaking news lifecy-

8For more details and examples, see Appendix F.

Add. Del. Unchang.

Contains Event 38.5 39.3 31.4
Contains Quote 48.4 50.0 39.2

Discourse: Main 4.4 4.9 3.6
Discourse: Cause 29.0 30.2 23.6
Discourse: Distant 63.5 61.4 68.1

Table 3: % Additions, Deletions or Unchanged sen-

tences that contain Events or Quotes, or have news

discourse role: Main (main events), Cause (immedi-

ate context) or Distant (history, analysis). F < .01,
n = 7,368,634.

cles: an event occurs, reporters publish a short draft

quickly, and then they update as new information

is learned (Hansen et al., 1994; Lewis and Cushion,

2009). We further observe, as is demonstrated in

Figure 6 in the appendix, that updates occur rapidly:

outlets known for breaking news9 have a median

article-update time of < 2 hours.
An article’s later lifecycle, we see, is determined

by churn: ≈ 5% of sentences are added and 5%
are deleted every version. As seen in Figure 3b,

additions and edits are more likely to occur in the

beginning of an article, while deletions are more

likely at the end, indicating newer information is

prioritized in an inverse pyramid structural fashion.

Insight #2: Additions and deletions are more

likely to contain fact-patterns associated with

breaking news (quotes, events, or main ideas)

than unchanged sentences. In the previous sec-

tion, we showed that the timing and position of

edit-actions reflects breaking news scenarios. To

provide further clues about the semantics of edit-

actions, we sample Additions, Deletions and un-

changed sentences and study the kinds of infor-

mation contained in these sentences. We study

three different fact-patterns associated with break-

ing news: events, quotes and main ideas (Ekström

et al., 2021; Usher, 2018). To measure the preva-

lence of these fact-patterns, we sample 200,000 doc-

uments (7 million sentences) from our corpus and

run an event-extraction pipeline (Ma et al., 2021),

quote-detection pipeline (Spangher et al., 2020),

and news discourse model (Spangher et al., 2021a).

As shown in Table 3, we find added and deleted sen-

tences have significantly more events, quotes and

Main-Idea and Cause discourse than unchanged

sentences. (See Appendix B for more details.)

Insight #3: Edited sentences often contain up-

dating events. The analyses in the previous sec-

9E.g. Associated Press, New York Times and Wash. Post
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Event Chains

(attack, killed), (injured, killed), (shot, dead), (shot, killed),
(attack, injured), (injured, died), (election, won), (meeting,
talks), (talks, meeting), (elections, election), (war, conflict)

Table 4: Selection of top event extracted from edited

sentence pairs across article versions.

tions have established that edit-actions both are

positioned in the article in ways that resemble, and

contain information that is described by, breaking

news epistemologies (Ekström et al., 2021). A re-

maining question is whether the edit-actions change

fact-patterns themselves, rather than simply chang-

ing the style or other attributes of sentences.

One way to measure this is to explore whether

edit-actions update the events in a story (Han et al.,

2019b). We focus on pairs of edited sentences. We

randomly sample Edits from documents in our cor-

pus (n= 432,329 pairs) and extract events usingMa

et al. (2021)’s model. We find that edited sentence

pairs are more likely to contain events (43.5%) than

unchanged sentences (31.4%). Further, we find that

37.1% of edited sentences with events contain dif-

ferent across versions. We give a sample of pairs

in Table 4. This shows that many within sentence

operations update events.

Taken together, we have shown in this analysis

that factual updates drive many of the edit opera-

tions that we have constructed to describe NewsEd-

its revision histories. Next, we will measure how

predictable these update patterns are.

4 Predictive Analysis on NewsEdits

As shown in Section 3, many edit-actions show

breaking news patterns, which Usher (2018) ob-

served follow common update patterns. Now, we

explore how predictable these operations are, to

address whether future work on the fundamental

research questions addressed in Section 1 around

narrative design is feasible.

In this section, we outline three tasks that involve

predicting the future states of articles based on the

current state. These tasks, we hypothesize, outline

several modeling challenges: (1) identify indica-

tors of uncertainty used in news writing10 (Ekström

et al., 2021), (2) identify informational incomplete-

ness, like source representation (Spangher et al.,

2020) and (3) identify prototypical event patterns

(Wu et al., 2022). These are all strategies that ex-

10E.g. “Police to release details of the investigation.”

pert human evaluators used when performing our

tasks (Section 4.6). The tasks range from easier

to harder, based on the sparsity of the data avail-

able for each task and the dimensionality of the

prediction. We show that they are predictable but

present a challenge for current language modeling

approaches: expert humans perform these tasks

much more accurately than LLM-based baselines.

In addition to serving a model-probing and data-

explanatory purpose, these tasks are also practical:

journalists told us in interviews that being able to

perform these predictive tasks could help news-

rooms allocate reporting resources in a breaking

news scenario.11

4.1 Task Description and Training Data

Construction

We now describe our tasks. For all three tasks,

we focus on breaking news by filtering NewsEdits

down to short articles (# sents ∈ [5, 15]) with low
version number (<20) from select outlets.12

Task 1: Will this document update? Given the

text of an article at version v, predict if ∃v+1. This
probes whether the model can learn a high-level

notion of change, irrespective of the fact that dif-

ferent edit-actions have different consequences for

the information presented in a news article.

For Task 1, y = 1 if a newer version of an ar-

ticle was published and 0 otherwise. We sample

100,000 short article versions from NewsEdits, bal-

ancing across length, version number, and y.
Task 2: How much will it update? Given the text

of an article at version v, predict in the next version
how many Additions, Deletions, Edits, Refactors

will occur. This moves beyond Task #1 and re-

quires the model to learn more about how each

edit-action category changes an article.

For Task 2, y = counts of sentence-level labels
(Num. Additions, Num. Deletions, Num. Refac-

tors, Num. Edits) described in the previous sec-

tions, aggregated per document. Each count is

binned: [0,1), [0,3), [3,∞) and is predicted sep-
arately as a multiclass classification problem. We

sample 150,000 short article versions balancing for
sources, length and version number.

Task 3: How will it update? For each sentence in

version v, predict whether: (1) the sentence itself

11See Appendix A for more details.
12The New York Times, Associated Press,Washington Post,

BBC, Independent, Guardian and Reuters were used, as they
are more known for breaking news (Usher, 2018). See Ap-
pendix E for more details.
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Figure 4: Architecture diagram for the model used

for our tasks. Word-embeddings are averaged using

Self-Attention to form sentence-vectors. A minimal

transformer layer is used to contextualize these vectors

(+Contextual Layer). In Tasks 1 and 2, self-attention is

used to generate a document-embedding vector.

will change (i.e. it will be a Deletion or Edit) (2)

a Refactor will occur (i.e. it will be moved either

up or down in the document) or (3) an Addition

will occur (i.e. either above or below the sentence).

This task, which we hypothesize is the hardest task,

requires the model to reason specifically about the

informational components of each sentence and

understand nuance about structure and form in a

news article (i.e. like the inverse pyramid structure

(Pöttker, 2003)).

For Task 3, y = individual sentence-level labels.
Labels are derived for the following subtasks men-

tioned above: (1) Sentence Operations is a categor-

ical label comprising: [Deletion, Edit, Unchanged],

expressed as a one-hot vector. (2) Refactor is a cate-

gorical label comprising: [Up, Down, Unchanged],

also expressed as a one-hot vector. (3) Addition

Above and Addition Below are each binary labels

expressing whether > 1 sentences was added above
or below the target sentence. Because some sen-

tences had Additions above and below, we chose

to model this subtask as two separate classification

tasks. We sample 100,000 short article versions,

balancing for sources, length and version number.

For each task, the input X is a document repre-

sented as a sequence of sentences. For each eval-

uation set, we sample 4k documents balancing for
class labels (some labels are highly imbalanced and

cannot be balanced).

4.2 Modeling

We benchmark our tasks using a RoBERTa-based

architecture shown in Figure 4. Spangher et al.

(2021a) showed that a RoBERTa-based architec-

ture (Liu et al., 2019) with a contextualization layer

outperformed other LLM-based architectures like

Reimers and Gurevych (2019) for document-level

understanding tasks (further insight given in Sec-

tion 4.6).

In our model, each sentence from document d
is fed into a pretrained RoBERTa Base model13 to

obtain contextualized word embeddings. The word

embeddings are then averaged using self-attention,

creating sentence vectors. ForTask 3, these vectors

are then used directly for sentence-level predictions.

For Tasks 1 and 2 these vectors are condensed fur-

ther, using self-attention, into a single document

vector which is then used for document-level pre-

dictions. The sentence vectors are optionally con-

textualized to incorporate knowledge of surround-

ing sentences, using a small Transformer layer14

(+Contextualized in Tables 5, 6, 7).

We experiment with the following variations.

For Task 2, we train with less data (n = 30,000
version pairs) and more data (n = 150,000 version
pairs), balanced as described in Section 4.1, to test

whether a larger dataset would help the models gen-

eralize better. We also experiment, for all tasks,

with freezing the bottom 6 layers of the RoBERTa

architecture (+Partially Frozen) to probe whether

pretrained knowledge is helpful for these tasks. Ad-

ditionally, we experiment giving the version num-

ber of the older version as an additional input fea-

ture alongside the text of the document (+Version).

Finally, for Tasks 2 and 3, we attempt to

jointly model all subtasksusing separate prediction

heads for each subtask but sharing all other lay-

ers. We use uniform loss weighting between the

tasks. Spangher et al. (2021a) showed that various

document-level understanding tasks could benefit

by being modeled jointly. For our tasks, we hypoth-

esize that decisions around one operation might af-

fect another: i.e. if a writer deletes many sentences

in one draft they might also add sentences, so we

test whether jointly modeling has a positive effect.

We do not consider any feature engineering on

the input text, like performing event extraction (Ma

et al., 2021), even though results in Section 3 show

that certain types of edit-actions are more likely

to contain events. We wish to establish a strong

baseline and test whether models can learn salient

features on their own. For more discussion on mod-

13We used Wolf et al. (2020)’s version, found here https:
//huggingface.co/roberta-base.

14Specifically, we initialize a 2-layer, 2-headed GPT2 trans-
former block to perform autoregressive contextualization.
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Num. Additions Num. Deletions Num. Edits Num. Refactors

Mac F1 Mic F1 Mac F1 Mic F1 Mac F1 Mic F1 Mac F1 Mic F1

Most Popular 19.8 25.0 25.6 47.8 21.9 32.0 39.2 64.5
Random 32.5 33.9 30.2 36.4 31.7 35.1 25.8 35.1

Baseline (n = 30,000) 22.1 27.9 25.6 46.5 21.4 30.6 35.2 64.5
(n = 150,000) 29.7 36.3 25.7 48.1 22.4 32.8 39.2 64.6
+Partially Frozen 52.2 54.0 44.8 59.0 49.3 53.1 44.3 65.6

+Contextual 50.7 52.2 41.0 57.4 50.8 54.8 45.0 64.3
+Version 52.0 54.5 45.3 59.8 49.9 53.7 43.8 63.1
+Multitask 46.7 50.2 28.2 48.4 42.1 49.5 40.3 55.1

Human 66.4 69.3 64.6 67.5 65.9 75.6 71.3 70.7

Table 5: Task 2 Benchmarks: Baseline model performance for document-level update tasks. Counts of Added,

Deleted, Edited and Refactored sentences are binned into roughly equal-sized “low” ([0,1) sentences), “medium”
([0,3) sentences), “high” ([3,∞) sentences) bins. Macro and Micro F1 calculated across bins. (Scores shown are

median of 1,000 bootstrap resamples of the evaluation dataset.)

Additions Sentence Operations Refactors
Above (F1) Below (F1) Mac. F1 Mic. F1 Mac. F1 Mic. F1

Most Popular 0.0 0.00 18.1 20.2 34.7 53.3
Random 11.8 14.4 28.0 38.3 24.7 34.7

Baseline 8.3 0.1 36.5 61.9 35.2 54.2
+Partially Frozen 3.5 0.0 35.4 60.9 35.4 54.6
+Version 0.1 0.0 30.3 59.0 41.6 57.2

+Multitask. 0.0 0.0 27.5 57.8 39.5 54.8

Human 38.6 46.7 63.8 63.5 45.6 91.5

Table 6: Task 3 Benchmarks: Baseline model performance for sentence-Level tasks. Addition tasks are: “Was a

sentence added below the target sentence?”, “Was a sentence added above the target sentence?” Sentence Operations

columns are three operations that occur on the target sentence: “Deletion”, “Editing”, “Unchanged”. Refactor is

binned into whether the target sentence is “Moved Up”, “Moved Down” or “Unchanged”. (Scores shown are median

of 1,000 bootstrap resamples of the evaluation dataset.)

F1 F1

Most Popular 56.6 Baseline 60.8
Random 50.6 +Partially Frozen 66.0
Human 80.1 +Contextual 61.7

+Version 77.6

Table 7: Task 1 Benchmarks: Baseline model perfor-

mance for next-version prediction task. Label is binary.

(Scores are median of 1,000 bootstrap resamples of the
evaluation dataset.)

eling choices and hyperparameter values, see Ap-

pendix D.

4.3 Human Performance

To evaluate how well human editors agree on edits,

we design two human evaluation tasks and recruit

5 journalists with ≥ 1 year of editing experience at
major U.S. and international media outlets.

Evaluation Task 1: We show users the text of an

article and ask them whether or not there will be

an update. Collectively, they annotate 100 articles.

After completing each round, they are shown the

true labels. This evaluates Task 1.

Evaluation Task 2: We show users the sentences

of an article, and they are able to move sentences,

mark them as deleted or edited, and add sentence-

blocks above or below sentences. They are not

asked to write any text, only mark the high-level

actions of “I would add a sentence,” etc. Collec-

tively they annotate 350 news articles. After each

annotation, they see what edits actually happened.

The raw output evaluates Task 3 and we aggregate

their actions for each article to evaluate Task 2.

They are instructed to use their expert intuition and

they are interviewed afterwards on the strategies

used to make these predictions. (See Appendix G

for task guidelines and interviews).

4.4 Results

As shown in Tables 5, 6, and 7, model-performance

indicates that our tasks do range from easier (Task

1) to harder (Task 3). While our models show

improvements above Random, andMost Popular
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Topic (↑) F1 Topic (↓) F1 y (Add) F1

U.S. Pol. 38.1 Local Pol. 66.8 [0, 1) 16.2
Business 48.4 War 61.8 [1, 5) 59.7
U.K. Pol. 50.4 Crime 58.3 [5, 100) 0.9

Table 8: Error Analysis: LDA (first two columns):

Documents belonging to some topics are easier to pre-

dict than others. By label (last column): medium-range

growth is easier to predict.

in almost all subtasks, a notable exception is Task

3’s Addition subtasks, where the models do not

clearly beat Random. We note that this was also

the most difficult subtask for human evaluators.

We observe that +Partially Frozen increases per-

formance on Task 2, boosting performance in all

subtasks by ≈ 10 points. In contrast, it does not

increase performance on Task 3, perhaps indicat-

ing that the subtasks in Task 3 are difficult for

the current LLM paradigm. Although adding ver-

sion embeddings (+Version) boosts performance

for Task 1, it does not seem to measurably increase

performance for the other tasks. Finally, perform-

ing Task 2 and 3 as multitask learning problems

decreases performance for all subtasks.

In contrast, human evaluators beat model perfor-

mance across tasks, most consistently in Task 2,

with on average performance 20 F1-score points

above Baseline models. On Task 3, human perfor-

mance also is high relative to model performance.

We observe that, despite Additions in Task 3 being

the hardest task, as judged by human and model

performance, humans showed a ≈ 40 point increase
above model performance. Humans are also bet-

ter at correctly identifying minority classes, with a

wider performance gap seen for Macro F1 scores

(i.e. see Sentence Operations, where the majority

of sentences are unchanged).

4.5 Error Analysis

We perform an error analysis on theTask 2 task and

find that there are several categories of edits that are

easier to predict than others. We run Latent Dirich-

let allocation on 40,000 articles, shown in Table

8.15 We assign documents to their highest topic and

find that articles covering certain news topics (like

War) update in a much more predictable pattern

than others (like Business), with a spread of over
26 F1-score points. Further, we find that certain

edit-patterns are easier to differentiate, like articles

that grow between 1-5 sentences (Table 8). This

15Topic words shown in Appendix C.

show us ways to select for subsets of our dataset

that are more standard in their update patterns.

The class imbalance of this dataset (Table 2) re-

sults in theMost Popular scoring highly. To miti-

gate this, we evaluate on balanced datasets. Class

imbalanced training approaches (Li et al., 2020;

Spangher et al., 2021a) might be of further help.

4.6 Evaluator Interviews

To better understand the process involved with suc-

cessful human annotation, we conducted evaluator

interviews. We noticed that evaluators first identi-

fied whether the main news event was still occur-

ring, or if it was in the past. For the former, they

tried to predict when the event would update.16 For

the latter, they considered discourse components

to determine if an article was narratively complete

and analyzed the specificity of the quotes.17 They

determined where to add information in the story

based on structural analysis, and stressed the im-

portance of the inverse pyramid for informational

uncertainty: information later in an article hadmore

uncertainty; if confirmed, it would be moved up in

later versions.18 Finally, they considered the emo-

tional salience of events; if a sentence described an

event causing harm, it would be moved up.19

Clearly, these tasks demand strong world-

knowledge and common sense, as well and high-

level discourse, structural and narrative aware-

ness.20 Combining these different forms of reason-

ing, our results show, is challenging for current lan-

guage models, which, for many subtasks, perform

worse than guessing. +Multitask performance ac-

tually decreases performance for both Task 2 and

Task 3, indicating that these models learn features

that do not generalize across subtasks. This con-

trasts with what our evaluators said: their decision

to delete sentences often used the same reasoning

as, and were dependent on, their decisions to add.

However, we see potential for improvement in

these tasks. Current LLMs have been shown to

identify common arcs in story-telling (Boyd et al.,

2020), identify event-sequences (Han et al., 2019b)

and reason about discourse structures (Spangher

16The longer the timespan, the more information they pre-
dicted would be added between drafts.

17E.g. Generic quotes, say a public announcement, would
be updated with specific, eye-witness quotes.

18One evaluator called this a “buried cause”.
19See Appendix G for full interviews.
20Evaluators told us they “thought like the AP.” The AP, or

the Associated Press, has a styleguide (Goldstein, 1953) that
many outlets use to guide their writing.
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et al., 2021a; Li et al., 2021). Further, for the

ROCStories challenge, which presents four sen-

tences and tasks the model with predicting the fifth

(Mostafazadeh et al., 2017, 2016), LLMs have been

shown to perform scene reconstruction (Tian et al.,

2020b), story planning (Yao et al., 2019; Peng

et al., 2018), and structural common sense reason-

ing (Chen et al., 2019). These are all aspects of

reasoning that our evaluators told us they relied

on. Narrative arcs in journalism are often standard

and structured (Neiger and Tenenboim-Weinblatt,

2016), so we see potential for improvement.

5 Related Work

A significant contribution of this work, we feel, is

the introduction of a large corpus of news edits into

revision-history research and the framing of ques-

tions around sentence-level edit-actions. Despite

the centrality of news writing in NLP (Marcus et al.,

1993; Carlson et al., 2003; Pustejovsky et al., 2003;

Walker et al., 2006), we know of no academic cor-

pus of news revision histories. Two works that

analyze news edits to predict article quality (Ta-

mori et al., 2017; Hitomi et al., 2017) do not release

their datasets.21 WikiNews22 articles and editor-

annotations have been used for document summa-

rization (Bravo-Marquez and Manriquez, 2012),

timeline synthesis (Zhang and Wan, 2017; Minard

et al., 2016), word-identification (Yimam et al.,

2017) and entity salience (Wu et al., 2020). How-

ever, we are not aware of anywork usingWikiNews

revision histories. We did not include WikiNews

because its collaborative community edits differ

from professional news edits.

Since at least 2006, internet activists have tracked

changes made to major digital news articles (Her-

rmann, 2006). NewsDiffs.org, NewsSniffer and
DiffEngine are platforms which researchers have

used to study instances of gender and racial bias

in article drafts,23 (Brisbane, 2012; Burke, 2016;

Jones and Neubert, 2017; Fass and Main, 2014)

shifting portrayals of social events, (Johnson et al.,

2016) and lack of media transparency (Gourarie,

2015). These tools collect article versions from

RSS feeds and the Internet Archive. Major newspa-

21Datasets could not be released due to copyright infringe-
ment, according to the authors in response to our inquiry.

22https://en.wikinews.org/wiki/Main_Page
23http://www.newsdiffs.org/

diff/192021/192137/www.nytimes.
com/2013/03/31/science/space/
yvonne-brill-rocket-scientist-dies-at-88.html

pers24 and thousands of government websites25 are

being analyzed. We use DiffEngine and NewsSnif-

fer to construct NewsEdits.

Wikihow (Anthonio et al., 2020; Bhat et al.,

2020) and Source Code Diffs (Tan and Bockisch,

2019; Shen et al., 2019; Tsantalis et al., 2018; Silva

and Valente, 2017; Marrese-Taylor et al., 2020; Xu

et al., 2019) use revision histories from domains and

for purposes different than ours. Many tasks have

benefited from studyingWikipedia Revisions, like

text simplification (Yatskar et al., 2010), textual

entailment (Zanzotto and Pennacchiotti, 2010), dis-

course learning (Daxenberger and Gurevych, 2013)

and grammatical error correction (Faruqui et al.,

2018). However, most tasks focus on word-level

edit operations to explore sentence-level changes.

Ours focuses on sentence-level operations to ex-

plore document-level changes. Research in Stu-

dent Learner Essays focuses on editing revisions

made during essay-writing (Leacock et al., 2010;

Wang et al., 2020; Zhang, 2020; Zhang and Litman,

2015). Researchers categorize the intention and

effects of each edit (Zhang et al., 2017; Afrin et al.,

2020), but do not try to predict edits.

6 Conclusion

In this work, we have introduced the first large-

scale dataset of news edits, extracted edit-actions,

and shown that many were fact-based. We showed

that edit-actions are predictable by experts but chal-

lenging for current LM-backed classifierss. Going

forward, we will develop a schema describing the

types of edits. We are inspired by the Wikipedia

Intentions schema developed by Yang et al. (2017),

and are working in collaboration with journalists to

further clarify the differences. This development

will help to clarify the nature of these edits as well

as focus further directions of inquiry.
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8 Ethical Considerations

8.1 Dataset

We received permission from the original own-

ers of the datasets, NewsSniffer and DiffEngine.

Both sources are shared under strong shar-

ing licenses. NewsSniffer is released under

an AGPL-3.0 License,26 which is a strong

“CopyLeft” license. DiffEngine is released

under an Attribution-NoDerivatives 4.0
International license.27

Our use is within the bounds of intended use

given in writing by the original dataset creators,

and is within the scope of their licensing.

8.2 Privacy

We believe that there are no adverse privacy impli-

cations in this dataset. The dataset comprises news

articles that were already published in the public

domain with the expectation of widespread distri-

bution. We did not engage in any concerted effort

to assess whether information within the dataset

was libelious, slanderous or otherwise unprotected

speech. We instructed annotators to be aware that

this was a possibility and to report to us if they saw

anything, but we did not receive any reports. We

discuss this more below.

8.3 Limitations and Risks

The primary theoretical limitation in our work is

that we did not include a robust non-Western lan-

guage source; indeed, our only two languages were

English and French. We tried to obtain sources in

non-Western newspapers and reached out to a num-

ber of activists that use the DiffEngine platform to

collect news outside of the Western world, includ-

ing activists from Russia and Brazil. Unfortunately,

we were not able to get a responses.

Thus, this work should be viewed with that im-

portant caveat. We cannot assume a priori that all

cultures necessarily follow this approach to break-

ing news and indeed all of the theoretical works

that we cite in justifying our directions also focus

on English-language newspapers. We provide doc-

umentation in the Appendix about the language,

source, timeline and size of each media outlet that

we use in this dataset.

One possible risk is that some of the information

contained in earlier versions of news articles was

updated or removed for the express purpose that it

26https://opensource.org/licenses/AGPL-3.0
27https://creativecommons.org/licenses/by-nd/4.0/

was potentially unprotected speech: libel, slander,

etc. We discussed this with the original authors of

NewsSniffer and DiffEngine. During their years of

operation, neither author has received any requests

to take versions down. Furthermore, instances of

First Amendment lawsuits where the plaintiff was

successful in challenging content are rare in the

U.S. We are not as familiar with the guidelines of

protected speech in other countries.

Another risk we see is the misuse of this work on

edits for the purpose of disparaging and denigrating

media outlets. Many of these news tracker websites

have been used for noble purposes (e.g. holding

newspapers accountable for when they make stylis-

tic edits or try to update without giving notice). But

we live in a political environment that is often hos-

tile to the core democracy-preserving role of the

media. We focus on fact-based updates and hope

that this resource is not used to unnecessarily find

fault with media outlets.

8.4 Computational Resources

The experiments in our paper require computational

resources. All our models run on a single 30GB

NVIDIA V100 GPU, along with storage and CPU

capabilities provided by AWS. While our experi-

ments do not need to leverage model or data par-

allelism, we still recognize that not all researchers

have access to this resource level.

We use Huggingface RoBERTa-base models for

our predictive tasks, and release the code of all the

custom architectures that we construct at https:
//github.com/isi-nlp/NewsEdits.git. Our
models do not exceed 300 million parameters.

8.5 Annotators

We recruited annotators from professional journal-

ism networks like the NICAR listserve.28 All the

annotators consented to annotate as part of the ex-

periment, and were paid $1 per task, above the

highest minimum wage in the U.S. Of our five an-

notators, three are based in large U.S. cities, one

lives in a small U.S. city and one lives in a large

Brazilian city. Four annotators identify as white and

one identifies as Latinx. Four annotators identify as

male and one identifies as female. This data collec-

tion process is covered under a university IRB. We

do not publish personal details about the annota-

tions, and their interviews were given with consent

28https://www.ire.org/training/conferences/
nicar-2021/
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and full awareness that they would be published in

full.
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A Dataset: Broader Scope

We expect that NewsEditswill be useful for a range

of existing tasks for revision corpora, such as edit

language modeling (Yin et al., 2018) and grammat-

ical error correction (Grundkiewicz and Junczys-

Dowmunt, 2014). We also think NewsEdits can

impact other areas of NLP research and computa-

tional journalism, including:

1. Resource Allocation in Newsrooms News-

rooms are often tasked with covering multiple

breaking news stories that are unfolding simul-

tanesouly (Usher, 2018). When multiple stories

are being published to cover breaking news, or

multiple news events are breaking at the same

time, newsrooms are often forced to make de-

cisions on which journalists to assign to con-

tinue reporting stories. This becomes especially

pronounced in an era of budget cuts and local-

journalism shortages (Nielsen, 2015). We inter-

viewed 3 journalists with over 20 years of ex-

perience at major breaking news outlets. They

agreed that a predictive system that performed

the tasks explored in Section 4 would be very

helpful for allowing editors track which stories

aremost likely to change themost, allowing them

to keep resources on these stories.

2. Event-temporal relation extraction (Ning

et al., 2018) and Fact-guided updates (Shah

et al., 2020). As shown in Tables 3 and 4, added

and edited sentences are both more likely to con-

tain events, and event updates. We see potential

for using these sentences to train revise-and-edit

(Hashimoto et al., 2018) models.

3. Misinformation: Journalists often issue for-

mal Corrections when they discover errors in

their reporting (Appelman and Hettinga, 2015).29

We found 14,301 corrections in added sentences

across the same sample with a custom lexicon.30

This might be used to help compare malicious

campaigns with honest errors (Ferrara, 2017).

4. Headline Generation (Shen et al., 2017).

Across a sample of 2 million version pairs, we

count 376,944, or 17% that have a headline up-

date. Headlines have been used to predict emo-

tional salience (Gupta and Yang, 2019). Model-

ing edits that result in headline changes can help

differentiate salient from non-salient edits.

29An example of misinformation vs. disinformation (Stahl,
2006)

30In other words, the corrections were not present in previ-
ous drafts of the article. See Appendix E.1.4 for examples.

5. Authorship Attribution is the task of pre-

dicting which authors were involved in writing

an article. We found 2,747 Contributor Lines31

added to articles. This can provide a temporal

extension to author-attribution models such as

Savoy (2013).

6. Identifying Informational Needs: Source

inclusion (Spangher et al., 2020) and discourse

structures (Choubey et al., 2020; Spangher et al.,

2021a) of static articles have been studied. We

see this corpus as being useful for studying when

these narrative elements are added.

Directions that we have not explored, but possi-

bly interesting include: style transfer (Fu et al.,

2018), detecting bias in news articles (Mehrabi

et al., 2020), cross-cultural sensitivity (Tian et al.,

2020a), insertion-based article generation (Lu and

Peng, 2021), and framing changes in response to

an unfolding story (Spangher et al., 2021b).

B Exploratory Analysis Details

Insight #2 in Section 3 was based on several exper-

iments that we ran. Here we provide more details

about the experiments we ran.

Events: We sample of 200,000 documents (7 mil-

lion sentences) from our corpus32 and use Event-

plus (Ma et al., 2021) to extract all events. We find

added/deleted sentences have significantly more

events than unchanged sentences.

Quotes: Using a quote extraction pipeline

(Spangher et al., 2020), we extract explicit and im-

plicit quotes from the sample of documents used

above. The pipeline identifies patterns associated

with quotes (e.g. double quotation marks) to dis-

tantly supervise training an algorithm to extract

a wide variety of implicit and explicit quotes with

high accuracy (.8 F1-score). We find added/deleted

sentences contain significantly more quotes than

unchanged sentences.

NewsDiscourse: We train a model to identify three

coarse-grained discourse categories in news text:

Main (i.e. main story) Cause (i.e. immediate con-

text), and Distant (i.e. history, analysis, etc.) We

use a news discourse schema (Van Dijk, 1983) and

a labeled dataset which contains 800 news articles

labeled on the sentence-level (Choubey et al., 2020).

We train a model on this dataset to score news

31Contribution acknowledgement. Appendix E.1.4 for ex.
32We balance for newspaper source, article length (from 5

to 100 sentences), and number of additions/deletions (from
0% of article to 50%)
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articles in our dataset.33 Then, we filter to Addi-

tion, Deletion, etc. sentences. We show that added

and deleted sentences are significantly more likely

than unchanged sentences to beMain or Cause sen-

tences, while unchanged sentences are significantly

more likely to be Distant.

C Error Analysis: Continued

As discussed in Section 4.5, we perform Latent

Dirichlet Allocation (Blei et al., 2003) to soft-

cluster documents. In Table 9, we show the top

k = 10 words for each topic i (i.e. β i
1,...k where

β i
1 > β i

2 > ... > β i
k).

D Experiment Details

D.1 Modeling Decisions

For Task 1, we sample documents in our training

dataset, balancing across versions and y and exclude
articles with more than 6,000 characters. However,

because of the imbalanced nature of the dataset, we

could not fully balance.

As is seen in Table 2, +Version, the version num-

ber of the old version had a large effect on the per-

formance of the model, boosting performance by

over 10 points. We believe that this is permissi-

ble, because the version number of the old article

is available at prediction time. Interestingly, the

effect is actually the opposite of what we would

expect. As can be seen in Figure 5, the more ver-

sions an article has, the more likely it is to contain

another version. This is perhaps because articles

with many versions are breaking news articles, and

they behave differently than articles with fewer ver-

sions. To more properly test a model’s ability to

judge breaking news specifically, we can create a

validation set where all versions of a set of articles

are included; thus the model is forced to identify

at early versions whether an article is a breaking

news story or not.

For Task 2, we first experiment with different re-

gression modeling heads before reframing the task

as a classification task. We test with Linear Re-

gression and Poisson Regression, seeking to learn

the raw counts. However, we found that we were

not able to improve above random in any subtask

and reframed the problem as a binned classification

problem.

33We achieve a macro F1-score of .67 on validation data
using the architecture described in Spangher et al. (2021a).
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Figure 5: Percentage of the training dataset for Task

1 which contains y = 1, or where another version of the
article has been published.

D.2 Hyperparameters and Training

For all tasks, we used pretrained RoBERTa Base
from Wolf et al. (2020). We used reasonable de-

faults for learning rate, dropout and other hyperpa-

rameters explored in Spangher et al. (2021a), which

we describe now. For all tasks, we used AdamW as

an optimizer, with values β1 = .9, β2 = .99, ε =1e−8.
We used batch-size = 1 but experimented with dif-
ferent gradient accumulations (i.e. effective batch

size) ∈ [10,20,100]. We did not find much impact

to varying this parameter. We used a learning rate

of 1e-6 as in Spangher et al. (2021a). Early in ex-

perimentation, we trained for 10 epochs, but did not

observe any improvement past the 3rd epoch, so

we limited training to 5 epochs. We used a dropout

probability of .1, 0 warmup steps and 0 weight

decay. The embedding dimensionality for the pre-

trained RoBERTa Base we used is 768, and for all

other layers, we used a hidden-dimension of 512.

For deriving sentence embeddings, we tested

several different methods. We tested both using

the <sep> token from RoBERTa and averaging

the word-embeddings of each word-piece, as in

Spangher et al. (2021a), but found that a third

method—using self-attention over the word embed-

dings, or a learned, weighted average—performed

the best. We concatenated a sentence-level po-

sitional embedding vector, as in Spangher et al.

(2021a), with a max cutoff of 40 positional embed-
dings (i.e. every sentence with an index greater

than 40 was assigned the same vector.)

E Dataset Details

Here, we give additional details on the dataset, start-

ingwith relevant analyses and endingwith technical

details that should guide the user on how to access

our dataset.
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U.S.
Politics

U.K.
Politics

Police
Crime

Aviation Tragedy War Criminals
Crime

School Violence
Crime

(topic 0) (topic 2) (topic 5) (topic 6) (topic 7) (topic 9) (topic 12) (topic 13) (topic 18)

mr government police people family killed court school police
president party man airport died people year year officers
trump mr old plane hospital attack old world people
minister labour year aircraft old al mr new area
prime council arrested reported man forces man people incident
house minister woman agency service attacks murder city local
donald leader officers officials rescue group police time scene
obama new men news year military years years shot
white people suspicion air police city told day shooting
new secretary london flight death security guilty event injured

Table 9: Topic Model: Top Topics, selected on the bases of the number of documents they are most-expressed in.

Labels are assigned by the researchers post-hoc. Several topics appear to be subsets of a broader Crime topic: we

note the superclass Crime in parentheses. The specific Crime topic mentioned in the main body is the Violence

topic (Topic 18)
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Figure 6: Average time between version updates. We

break sources into four primary groups with similar up-

date distributions.

E.1 Additional Analysis

E.1.1 Amount of time between Versions

The amount of time between republication of an

article varies widely across news outlets, and has

a large role in determining what kinds of stories

are being republished. As can be seen in Figure

6, we group sources into 4 categories: (1) Figure

6a, those that update articles over weeks (tabloids

and magazines), (2) Figure 6b, those that update

articles on a daily basis, on median, (3) Figure 6c,

those that update 2-3 times a day, and (4) Figure 6d,

those that update hourly, or breaking news outlets.

We are especially interested in rapid updates,

because, by limits imposed by this timescale on how
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Figure 7: Dynamics of news discourse composition

size across time. d refers to discourse label, v refers to
version and a, del refer to is_added, is_deleted

much information can be gathered by journalists,

these updates are more likely to contain single units

of information, updates and quotes. Thus, in our

experiments, we focus on The New York Times,

Independent, Associated Press,Washington Post,

and BBC. We also include Guardian and Reuters

because they typically compete directly with the

previously mentioned outlets in terms of content

and style, even if they do not publish as frequently.

E.1.2 Discourse Across Time

We are interested in the dynamics of articles over

time. Although this analysis is still ongoing,

we seek to understand how, as the article grows

through time, the types of information included in

it changes.We show in Figure 7a and 7b that in
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Unchanged said, trump, people, president, concerns,
government, year

Add/Del says, senate, law, death, wednesday,
monday, tuesday

Table 10: Top Words in Additions/Deletions vs. top

words in unchanged sentences.

later versions and longer articles34 sentences are

dominated by Distant discourse.

Interestingly, later versions are also more likely

to have Main and Cause discourse added. Based

on our annotator interviews, we surmise that this

is because, for breaking news, a journalist is fre-

quently trying to assess the causes behind the story.

In early drafts, we also see Main sentences being

removed. This is due to, as the story is updating in

early versions, theMain event is most likely to be

changing.

E.1.3 Top Words

Top Words: We characterize added and deleted

sentences by their word usage in Table 10. Words

indicating present-tense, recent updates are more

likely: day-names like “Monday” or “Tuesday” and

the present-tense verb “says” (compared with the

past-tense “said” in unchanged sentences).

E.1.4 Collection of Corrections, Authorship

To identify instances of Corrections in added sen-

tences, we used the following lexicon:

“was corrected”, “revised”, “clarification”, “ear-

lier error”, “version”, “article”

Here are some examples of corrections:

• CORRECTION: An earlier version of this

story ascribed to Nato spokesman Brig Gen

Carsten Jacobsen comments suggesting that

after Saturdayś shooting, people would have

to be “looking over their shoulders” in Afghan

ministries.

• CORRECTION 19November 2012:An earlier

version of this story incorrectly referred to

“gargoyles”, not “spires”.

• Correction 7 March 2012: An earlier version

of this story mistakenly said Rushbrook’s car

had been travelling at 140mph at the time of

the crash.

To identify instances of Contributor Lines, we

use the following lexicon:

“reporting by”, “additional reporting”, “con-

tributed reporting”, “editing by”

34Version Number has spearman’s correlation r = .335 with
article length.

Here are some examples of contributor lines:

• Additional reporting by Simon Browning.

• ’The article relied heavily on reporting by

Reuters and the BBC, and it cited Reuters

in saying that during a visit in October 1989

by Pope John Paul II to South Korea, China

had prevented the pope’s airplane from flying

through Chinese airspace.

• The revelation comes after reporting by The

New York Times last week showing that the

head of communications at the N.I.H.’s parent

agency, the Department of Health and Human

Services, also accused federal scientists of us-

ing the coronavirus to try to defeat Mr. Trump.

• Additional reporting byDaniel Strauss in Rich-

mond, Virginia, Richard Luscombe in West

Palm Beach, Florida, and Ed Pilkington in Es-

sex Junction, Vermont.

E.2 Dataset Tables and Fields

Our dataset is released in a set of 5 SQLite ta-

bles. Three of them are primary data tables, and

two are summary-statistic tables. Our primary

data tables are: articles, sentence_diffs,
word_diffs; the first two of which are shown in
Tables 12a and 12b (word_diffs shares a simi-

lar structure with sentence_diffs). We compile

two summary statistics tables to cache statistics

from sentence_diffs and word_diffs; they
calculate metrics such as NUM_SENTENCES_ADDED
and NUM_SENTENCES_REMOVED per article.35

The sentence_diffs data table’s schema is

shown in Table 12 and some column-abbreviated

sample rows are shown in Table 14. As can be seen,

the diffs are calculated and organized on a sentence-

level. Each row shows a comparison of sentences

between two adjacent versions of the same arti-

cle.36 Every row in sentence_diffs contains

index columns: SOURCE, A_ID, VERSION_OLD,
and VERSION_NEW. These columns can be used to
uniquely map each row in sentence_diffs to two
rows in article.37

35These summary statistic tables make it convenient to, say,
filter sentence_diffs in order train a model on all articles
that have one sentence added; or all articles that have no sen-
tences removed.

36So, for instance, article A, with versions 1, 2 where each
version has sentences i, ii, iii, would have 3 rows (assuming
sentences were similar): A.1-2.i, A.1-2.ii, A.1-2.iii.

37One mapping for sentence_diffs.VERSION_OLD
= article.VERSION_ID and one mapping for
sentence_diffs.VERSION_NEW = article.VERSION_ID.
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Source # Articles # Versions Start End Ctry. Lang. Coll.

BBC 307,616 1,244,490 2006-08 2021-01 U.K. En. NS
Guardian 231,252 852,324 2012-01 2021-01 U.K. En. NS
Nytimes 87,556 395,643 2012-08 2020-12 U.S. En. NS
Telegraph 78,619 124,128 2017-01 2018-09 U.K. En. NS
Fox 78,566 117,171 2017-01 2018-09 U.S. En. DE
CNN 58,569 117,202 2017-01 2018-09 U.S. En. DE
Independent 55,009 158,881 2014-01 2018-05 U.K. En. NS
CBC 54,012 387,292 2017-08 2018-09 Ca. En. DE
Dailymail 50,639 166,260 2017-01 2018-09 U.K. En. DE
BBC 42,797 99,082 2017-01 2018-09 U.K. En. DE
La Presse 40,978 73,447 2017-08 2018-09 Ca. Fr-Ca. DE
Torontostar 33,523 310,112 2017-08 2018-07 Ca. En. DE
Globemail 32,552 91,820 2017-08 2018-09 Ca. En. DE
Reuters 31,359 143,303 2017-01 2018-09 U.K. En. DE
National Post 22,934 63,085 2017-08 2018-09 Ca. En. DE
Associated Press 22,381 97,314 2017-01 2018-09 U.S. En. DE
Washington Post 19,184 68,612 2014-01 2020-07 U.S. En. NS
Toronto Sun 19,121 46,353 2017-08 2018-09 Ca. En. DE
Calgary Herald 7,728 33,427 2017-08 2018-09 Ca. En. DE
The Rebel 4,344 19,383 2017-08 2018-09 Ca. En. DE
Canada Land 65 101 2017-12 2018-09 Ca. En. DE

Table 11: A summary of the number of total number of articles and versions for different media outlets which

comprise our dataset. Also shown is the original collection that they were derived from (DE for DiffEngine, and NS

from NewsSniffer), and the date-ranges during which articles from each outlet were collected.

E.3 TAG columns in sentence_diffs

The columns TAG_OLD and TAG_NEW in

sentence_diffs have specific meaning:

how to transform from version to its adjacent

version. In other words, TAG_OLD conveys where
to find SENT_OLD in VERSION_NEW and whether

to change it, whereas TAG_NEW does the same for
SENT_NEW in VERSION_OLD.
More concretely, consider the examples in Table

14b, 14a and 14c. As can be seen, each tag is 3-part

and has the following components. Component 1

can be eitherM,A, orR.Mmeans that the sentence

in the current version wasMatched with a sentence

in the adjacent version,Ameans that a sentence was

Added to the new version andRmeans the sentence

was Removed from the old version.38 Component

2 is only present forMatched sentences, and refers

to the index or indices of the sentence(s) in the

adjacent version.39 Additionally, Component 3 is

also only present if the sentence isMatched. It can

be either C or U. C refers to whether the matched

sentence was Changed and U to whether it was

Unchanged.

Although not shown or described in detail, all

M sentences have corresponding entry-matches in

38i.e. an Added row is not present in the old version and a
Removed row is not present in the new version. They have
essentially the same meaning and we could have condensed
notation, but we felt this was more intuitive.

39I.e. in TAG_OLD, the index refers to the SENTENCE_ID of
SENT_NEW

word_diffs table, which has a similar schema and
tagging aim.

A user might use these tags in the following

ways:

1. To compare only atomic edits, as in

Faruqui et al. (2018), a user could filter

sentence_diffs to sentences where M..C

is in TAG_OLD (or equivalently, TAG_NEW).
Then, they would join TAG_OLD.Component_2
with SENTENCE_ID. Finally, they would select
SENT_OLD, SENT_NEW.40

2. To view only refactorings, or when a sentence

is moved from one location in the article to an-

other, a user could filter sentence_diffs to

only sentences containing M..U and follow a

similar join process as in use-case 1.

3. To model which sentences might be added,

i.e. p(sentencei ∈ articlet+1∣sentencei ∉ articlet),
a user would select all sentences in SENT_OLD,
and all sentences in SENT_NEW where A is in

TAG_NEW.
4. To model the inverse of use-case 3, i.e. which

sentences would be removed, or p(sentencei ∉
articlet+1∣sentencei ∈ articlet), a user would se-
lect all sentences in SENT_NEW, and all sentences
in SENT_OLD where R is in TAG_OLD.

40or simply look in the word_diffs table.
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Column Name Type Column Name Type Column Name Type

SOURCE index TITLE text CREATED text

A_ID index URL text ARCHIVE_URL text

VERSION_ID index TEXT text NUM_VER-

SIONS

int

(a) DB schema for the article table. SOURCE, A_ID and VERSION_ID are the primary key columns.

Column Name Type Column Name Type Column Name Type

SOURCE index V_NEW_ID index TAG_OLD text

A_ID index SENTENCE_ID index SENT_NEW text

V_OLD_ID index SENT_OLD text TAG_NEW text

(b) DB schema for the sentence_diffs table (word_diffs is similar). Table compares version pairs of articles.
The rows in the table are on the sentence-level; V_OLD_ID refers to the index of the old version, V_NEW_ID refers
to the index of the new version. TAG_OLD gives information for how to transition from the old version to the new
version; TAG_NEW is the inverse.

Table 12: Schemas for two databases central to our content organization scheme.

E.4 Comparison With Other Edits Corpora

Here, we give a tabular comparison with other edits

corpora, showing our

F Algorithm Details

In this section, we give further examples further

justify our asymmetrical sentence-matching algo-

rithm. The examples shown in Tables 14b, 14a

and 14c illustrate our requirements. The first exam-

ple, shown in Table 14b, occurs when a sentence

is edited syntactically, but its meaning does not

change.42 So, we need our sentence-matching al-

gorithm to use a sentence-similarity measure that

considers semantic changes and does not consider

surface-level changes. The second example, shown

in Table 14a, occurs when a sentence is split (or in-

versely, two sentences are merged.) Thus, we need

our sentence matching algorithm to consider many-

to-one matchings for sentences. The third example,

shown in Table 14c, occurs when sentence-order

is rearranged, arbitrarily, throughout a piece. Fi-

nally, we need our sentence-matching algorithm to

perform all pairwise comparisons of sentences.

F.1 Refactors

To identify which sentences were intentionally

moved rather than moved as a consequence of other

document-level changes, we develop an iterative

algorithm based on the idea that a refactor is an

intentional sentence movement that creates an edge-

crossing. Algorithm 2 givens our algorithm.

In English, our algorithm represents sentence

42Syntactic changes: synonyms are used, or phrasing is
condensed, but substantially new information is not added

input :Article versions vold , vnew, Match

Threshold T
output :maps mold→new, mold←new
initialize;

mold→new, mold←new = {}, {};

// match vold → vnew

for (i,si) ∈ vold do

d =maxs j∈vnew Simasym(si,s j)
j = argmaxs j∈vnew

Simasym(si,s j)
mold→new [i] = j×1[d > T ]

end

// match vold ← vnew

for ( j,s j) ∈ vnew do

d =maxsi∈vold Simasym(s j,si)
i = argmaxsi∈vold

Simasym(s j,si)
mold←new [ j] = i×1[d > T ]

end

Algorithm 1: Asymmetrical sentence-

matching algorithm. Input vold , vnew are lists

of sentences, and output is an index mapper.

If a sentence maps to 0 (i.e. d < T ), there is
no match. Simasym is described in text.

matches between two article versions as a bipar-

tite graph. We use a Binary Tree to recursively

find all edge crossings in that graph. This idea is

based off of the solution for an SPOJ challenge

problem: https://www.spoj.com/problems/
MSE06H/.43 We extend this problem to return the

set of all edge crossings, not just the crossing num-

ber.

Then, we filter edge crossings to a candidate

43Solution given here: https://github.com/
akhiluanandh/SPOJ/blob/master/MSE06H.cpp.
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Corpus # Revisions Language Source Goal

WiKed Error

Corpus

12 million changed sen-

tences

English Wikipedia Grammatical Error

Correction (GEC)

WikiAtomic-

Edits

43 million “atomic ed-

its”41
8 lan-

guages

Wikipedia Language Model-

ing

WiCoPaCo 70,000 changed sentences French Wikipedia GEC and Sentence

paraphrasing

WikiHow-

ToImprove

2.7 million changed sen-

tences

English WikiHow Version prediction,

article improve-

ment

NewsEdits 36.1 million changed sen-

tences, 21.7 million added

sentences, 14.2 million re-

moved sentences. 72 mil-

lion atomic edits.

English

and

French

22 media out-

lets

Language model-

ing, event sequenc-

ing, computational

journalism

Table 13: A comparison of natural langauge revision history corpora.

set, applying the following conditions in order and

stopping when there is only one edge crossing left:

(1) edges that have the most number of crossings

(2) edges that extend the most distance or (3) edges

that move upwards. In most cases, we only apply

the first and then the second conditions. In very

rare cases, we apply all three. In rarer cases, we

apply all three and still have multiple candidate

edges. In those cases, we just choose the first edge

in the candidate set. We continue removing edges

until we have no more crossings.

G Annotation-Task Descriptions

G.1 Task: Sentence Matching

We give our annotators the following instructions:

The goal of this exercise is to help us

identify sentences in an article-rewrite

that contain substantially new informa-

tion. To do this, you will identiy which

sentences match between two versions of

an article.

Two sentences match if:

1. They are nearly the same, word-for-

word.

2. They convey the same information

but are stylistically different.

3. They have slightly different infor-

mation but have substantial overlap in

meaning and narrative function.

Examples of Option 3 include (please see

the “Examples” section for real exam-

ples):

1. Updating events.

• (Ex) The man was presumed miss-

ing. → The man was found in his

home.

• (Ex) The death count was at 23. →

50 were found dead.

• (Ex) The senators are still negoti-

ating the details. → The senators

have reached a deal.

2. An improved analysis.

• (Ex) The president is likely seek-

ing improved relations. → The

president is likely hoping that hard-

liners will give way to moderates,

improving relations.

• (Ex) The storm, a Category IV,

is expected to hit Texas. → The

storm, downgraded to Category III,

is projected to stay mainly in the

Gulf.

• (Ex) Analysts widely think the

shock will be temporary. → The

shock, caused by widespread ship-

ping delays, might last into Decem-

ber, but will ultimately subside.

3. A quote that is very similar or

serves the same purpose.

• (Ex) “We knew we had to get it

done.” said Senator Murphy. →

“At the end of the day, no one could

leave until we had a deal” said Sen-

ator Harris.

• (Ex) “It was gripping.” said the by-
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Sent
Idx

Old
Tag

Old Version New Version New
Tag

1 M
1
C

The Bundesbank would only refer to an in-

terview Mr. Weidmann gave to Der

Spiegel magazine last week, in which he

said, “I can do my job best by staying

in office.”

The Bundesbank would only refer to an in-

terview published in Der Spiegel maga-

zine last week, in which Mr. Weidmann

said, “I can carry out my duty best if

I remain in office.”

M
1
C

(a) Demo 1: Word-Level atomic edit corrections applied when a sentence-level match is found, using the difflib
Python library.

Sent
Idx

Old
Tag

Old Version New Version New
Tag

1 M
1 2
C

DALLAS—Ebola patient Thomas Eric Dun-
can told his fiancee the day he was diagnosed
last week that he regrets exposing her to the

deadly virus and had he known he was car-
rying Ebola, he would have “preferred to stay
in Liberia and died than bring this to you,” a
family friend said

DALLAS—Ebola patient Thomas Eric Dun-
can told his fiancee the day he was diagnosed
last week that he regrets exposing her to the
deadly virus .

M
1

2 Had he known he was carrying Ebola, he
would have “preferred to stay in Liberia and
died than bring this to you,” a family friend
said.

M
1
C

(b)Demo 2: A sentence that is split results in the addition of a new sentence, but is matched with the previous dependent
clause. Minimal word-level edits are applied.

Sent
Idx

Old
Tag

Old Version New Version New
Tag

1 M
2
U

“The mother, this was the first time seeing
her son since he got to the States.

“She has not seen him for 12 years, and the
first time she saw himwas through amonitor,”
said Lloyd.

M
2
U

2 M
1
U

She has not seen him for 12 years, and the
first time she saw himwas through amonitor,”
said Lloyd.

“The mother, this was the first time seeing
her son since he got to the States.”

M
1
U

3 “She wept, and wept, and wept.” A

(c) Demo 3: Two features shown: (1) Refactoring, or order-swapping, makes sentences appear as though they have
been deleted and then added. Swapped sentences are matched through their tags. (2) The last sentence is a newly
added sentence and is not matched with any other sentence.

Table 14: Here we show demos of three tricky edge-cases and how our tagging scheme handles them. Old Tag
annotates a Old Version relative to changes in the New Version (or “converts” the Old Version to the New
Version). New Tag is the inverse. Tag components: Component 1: M, A, R.Whether the sentence isMatched,

Added, or Removed. Component 2: Index. If Matched, what is the index of the sentence in version that it is

matched to. Component 3: C, U. IfMatched, is the sentence Changed or Unchanged.

stander. → “I couldn’t stop watch-

ing.” said a moviegoer.

Two sentences do not match if:

1. They contain substantially different

information.

2. They serve different narrative func-

tions.

3. There is a much better match for

one sentence somewhere else in the

document.

Things to keep in mind:

• Two sentences might match even

if they are in different parts of the

document.

• One sentence can match with mul-

tiple other sentences, because that

sentence might be split up into mul-

tiple sentences, each with similar in-

formation as parts of the original.

• Sentences don’t have to match.

– Substantially new information,

perspectives or narrative tools

might be added in a new ver-

sion.

– Substantially old information,

perspectives or narrative tools

might be removed from an old

version.
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input :Sentence matches, i.e. edges e between doc i and doc j, as a list of tuples:
ei = (si1,si2),e j = (s j1,s j2)....

output :Minimal set of edges r that, when removed, eliminate all crossings.
// Subroutine identifies all edge crossings in e′ and returns mapping

c = {ei→ [e j,ek...],e j → ...} from each edge to all its crossings.
c = getEdgeCrossings(e)
while ∣c∣ > 0 do

// Find candidate set: all edges with maximum crossings.
m =maxi ∣c[e′i]∣
e′ = e′i where ∣c[e′i]∣ =m
if ∣e′∣ > 1 then

// Filter candidate set: all edges ∈ e′ that extend the maximum
distance.

d =maxi ∣e′i[0]−e′i[1]∣
e′ = e′i where ∣e′i[0]−e′i[1]∣ = d
if ∣e′∣ > 1 then

// Filter candidate set: all edges ∈ e′ that move up.
e′ = e′i where e′i[1]−e′i[0] < 0

else
else

end

// Take first element of e′ as the candidate to remove.
t = e′[0]
r.push(t)
// Remove t from c and from all c[e′i] lists that contain it.
c = removeEdge(t)

Algorithm 2: Identifying Refactors. We define refactors as the minimal set of edge crossings in a

bipartite graph which, when removed, remove all edge crossings.

Annotators completed the task by drawing lines

between sentences in different versions of an article.

An example is shown in Figure 8. We use high-

lighting to show when non overlapping sequences

in the inbox, using simple lexical overlap. If the

user mouses over a text block, they can see which

words do no match between all textblocks on the

other side. Although this might bias them towards

our lexical matching algorithms, we do not see them

beaking TB-medium. This was very helpful for

reducing the cognitive overload of the task.

G.2 Task: Edit Actions

In this task, workers were instructed to perform edit

operations to an article version in anticipation of

what the next version would look like. We recruited

5 workers: journalists who collectively had over a

decade of experience working for outlets like The

New York Times, Huffington Post, Vice, a local

outlet in Maine, and freelancing.

We gave our workers the following instructions.

You will be adding, deleting and mov-

ing sentences around in a news article

to anticipate what a future version looks

like.

• Add a sentence either below or

above the current sentence by

pressing the Add ↑ or Add ↓ but-

tons. Adding a sentence means that

you feel there is substantially new

information, a novel viewpoint or

quote, or necessary background in-

formation that needs to be present.

• Move a sentence by dragging it

around on the canvas. Moving

a sentence, (or what we’re calling

refactoring) means that the impor-

tance of a sentence should be either

increased or decreased within the

article. Please note: refactors are

rare!

• Delete a sentence by hitting the

Delete button. Deleting an Added

sentence just reverses that action—
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Figure 8: Example of Sentence Matching Task. All lines represent sentences that have been matched. When the

user hits “Submit”, additional coloring is added to the unmatched sentences, which represent Addition (green, right)

and Deletion (red, left) sentences.

we will not record this. Deleting

a sentence that is present means

you feel it needs to be (a) substan-

tially rewritten (ergo: a new sen-

tence should also be Added), or (b)

the sentence no longer applies given

new information that was added.

• Edit a sentence by hitting the Edit

button. Editing a sentence means

that the wording might change a lit-

tle bit due to other changes happen-

ing around the sentence or events

within the sentence being updated.

• Leaving a sentence unchanged

means that you don’t really expect

the sentence to change at all in the

next version of the article.

When you’re ready to submit, please hit

Worker Id Num Tasks Completed

ASQL7ZBXI7WF6 101
A2E8P5A3IKROKB 92
A17GX84A96WF6C 31
A1685VEOIJIUMR 13
A2USH7VYFMU1ME 5
A30BGCC8EC1NW 3

Table 15: Count of Tasks Completed per worker

the Submit button and please check to

see what the actual edits were so you can

improve for next task!

G.3 Annotator Analysis

We seek here to characterize the performance of

different expert annotators. We see in Table 15 that

there are three workers which do over 30 tasks each.
We characterize the per-task accuracy by counting

the number of edit-operations per document, and
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Figure 9: Example of Editing Task. The gray boxes on the left serve as a reference for how the original article was

written. The sandbox on the right is where annotators actually perform the task. The first sentence has been Edited,

two sentences have been Added, the third has been Deleted and the fourth has been Refactored downwards.

Worker Id Accuracy Across Tasks

A2E8P5A3IKROKB 76.6
A30BGCC8EC1NW 58.3
ASQL7ZBXI7WF6 46.0
A17GX84A96WF6C 38.7
A2USH7VYFMU1ME 35.0
A1685VEOIJIUMR 30.8

Table 16: Accuracy across document tasks (i.e. % bins

correct across document-level subtasks: Added, Edited,

Deleted, Refactored).
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Task Index

0.4

0.6

0.8
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A1685VEOIJIUMR
A17GX84A96WF6C
A2E8P5A3IKROKB
A2USH7VYFMU1ME
A30BGCC8EC1NW
ASQL7ZBXI7WF6

Figure 10: Worker Accuracy over time, by task

seeing if they got the same number as the true num-

ber of edits (each expressed as a binned count i.e.

low: [0,1) operations, medium: [1,3) operations,
high: [3,∞) operations).
We show that there is a wide variety of perfor-

mances, in Table 16, with some workers getting

over 75% of the operations correct and others get-

ting ≈ 30% correct.

Interestingly, we see that there is a learning pro-

cess occurring. In Figure 10, we see that workers

get better over time as they do more tasks. This

indicates that the training procedure of letting them

see the edits that actually happened is successful at

teaching them the style and patterns the edits will

take.

G.4 Annotator Interview 1

This annotator was involved in the Editing task.

They edited 50 stories.

1. What was your general thought process?

Well, my first general though was: “how do I do

this update?” Then I thought back to the instruc-

tions, and really tried to predict how the AP44

would update.

I then had to decide what timespan I’d use—in

general, I assumed a 24 hour update window, but

sometimes it was different. If the story updates

2 hours after news breaks vs. 2 days, it will look

very different

Sometimes, I would read the story, try to fig-

ure out what the story was about, ask what was

missing, what I’d include in a story if I was re-

porting it fully. A lot of times what I felt were

missing were more causal analysis, more quotes,

more perspectives.

As I was going through, I almost always de-

cided to edit the lede, and was almost always

correct with that. Most leads, I thought, could be

44The AP, or The Associated Press, sets many standards for
journalistic writing and reporting cycles.
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more efficient, they could incorporate more de-

tails from further down in the story into the lede.

Also, as stories unfolded, the actor responsible

for the event becomes clear, that information will

get added to the lede. For example, a building

collapses in Manhattan -> faulty beam causes the

building collapse. This detail often only becomes

apparent afterwards.

What I realized doing this was that there are

different genres of breaking news article, and

genre matters a lot for how it gets updated. These

are the following categories:

(a) Stories where the future is contingent, and

you’re making predictions in realtime.

ex) A sailor went missing off the isle of

Mann. This story is fundamentally about an

unknown – will he be discovered or not? This

is one of the harder ones to figure out how

to update. How it plays out determines how

it will be updated. If the search goes on for

a long time, you’ll have more details, you’ll

have quotes from his family, conditions on

the water. If he’s found, this stuff becomes

irrelevant. You’ll have information about how

he gets found, then you’ll have information

about how many people get updated.

ex) A story was about “Trump is about to

make a speech”. “Trump expected to speak”.

I updated it as if event didn’t happen yet. But

the real update actually contained him speak-

ing. Stories about when multiple futures can

happen, without knowing the timescale of the

update, are difficult to predict.

I determined whether an event was unfold-

ing by looking for several clues. I looked for

certain words: “expected”, “scheduled”, etc.

Usually this signals an event-update. I looked

for stories where there’s a ton of uncertainty.

Another clue was that the only sources are

official statements (ex. “Officials in Yemen

say something happened”.) The space of pos-

sible change increases. You’re going to get

conflicting reports, eye-witnesses contradict-

ing official statements.

Some articles included direct appeals to

readers—“don’t use the A4 if you’re travel-

ing between London, etc.” For crime articles:

“if you have any information, please contact

agency.” This kind of direct appeal is not rel-

evant in the next version.

(b) Past stories when the event is totally in the

past.

For these stories, I looked for vagueness of

the original article to determine what would

be updated. If it’s more specific, for exam-

ple, with exact death toll numbers, informa-

tion about specific actors and victims, the less

it’s going to be updated. For these stories,

my tendency was to add at least 1-2 sentences

of context towards the end of every story. If

you’re writing for Reuters, you might not need

that.

In general, I wanted to see some back-

ground, people involved.

The quotes you’re getting, are they press re-

leases or are they directly from people? If they

more official statements and press releases,

then you’ll see more updates in the form of

specific victim quotes.

One general note: most breaking stories were

about bad things. Disasters, crashes, missing

people, etc. For a bombing, there’s a pretty pre-

dictable pattern of expansion. Death toll will

get added, more eyewitness accounts. It has an

expansionary trajectory.

2. How did you determine if a sentence needed

to be added? I decided to add anywhere I saw

vagueness. I added a lot towards the beginning,

right after the nut graf is where I added the most

sentences. If I saw a sentence taken from a press

release, I added after that, assuming that the jour-

nalist would get a more fleshed-out quote from

someone.

Often I added [sentences] at the end to add

context. I never added something before the lead.

Maybe a story has two ideas, then I’d add

sentences to the second half to flesh out a second

idea.

Sometimes I thought about different cat-

egories of information—quotes, analysis,

etc.—and it was obvious if some of that was

missing.

3. How did you determine if a sentence needed

to be deleted?

I very rarely thought things needed to be

deleted

One of the challenges of the experiment was

that it was hard to indicate how to combine sen-

tences. I got around this by hitting “edit” for

sentences that needed to be combined. Then I’d

delete ones below, assuming that the edited sen-

tence would include a clause from the sentence
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below it.

Structural sentences and cues got deleted often.

Sentences like “More follows”, etc. Nothing

integral to the substance of the story.

I noticed that almost always, [informational

content of sentences that had been deleted] had

been reincorporated.

4. How did you determine if a sentence needed

to be moved up/down?

I did this by feel, what seemed important. One

example: A building collapse in Morocco. A

sentence way towards the end had a report about

weak foundations, that needed to be brought up.

This indicated that the journalist became more

confident about something

The inverted pyramid so widely used, in a

breaking news it’s fairly easy to weight the im-

portance of different elements. Thus, I rarely felt

the need to move items upwards.

Sometimes I saw examples of when what was

initially a small quote from official was expanded

in a later version. Then, it was brought up be-

cause the quote became more important. But

usually, my instinct would not be to move quotes

from officials up.

5. Did it help to see what actually happened after

you finished the task?

Usually there was 1-2 things that we had done

that were basically the same.

A couple of times, [I] was satisfied to see

that the updated story made the same decision to

switch sentences around.

6. Any general closing thoughts?

Most interesting thing was to see how formally

constrained journalists and editors are, and how

much these forms and genres shape your thought

and your work.

There are assumptions get baked into the gen-

res about who’s credible, what kinds of things

carry weight, sorts of outcomes deserve special

attention, a whole epistemic framework.

Even though there’s a lot of variation, there’s

a fair amount of consistency.

I was disappointed that, especially for rapidly

expanding stories, the edits were mainly causes

and main events. I saw very few structural,

causal analyses added to breaking stories. There

was some analysis that got added to one story

about bombings in the Middle East, but still, not

a whole lot about how the specific conflict origi-

nated.

G.5 Annotator Interview 2

This annotator was involved in both the editing task

and the version-prediction task. They annotated

over 100 examples of the first task, and 50 of the

second.

1. What was your general thought process while

doing the edits task?

First, before starting, I made the assumption

that every story would need edits, because I think

everything could always use more work. In real-

ity, if the article wasn’t updated the way it was,

I was representing one option. My process was:

(a) Read the whole story, don’t make any

changes at first.

(b) Then, I would think about what I thought

was the most important sentence.

(c) I would often pull that high up into the lede,

and then I’d add a sentence before or after.

The factors that determined themost important

part of the article were:

(a) Some indication of harm done or the most

recent development. I always took “harm

done” as the most important part of a story.

For example: Death count—20 people were

killed in some explosion vs. a bomb went off

here. Moved the “20 people killed” higher

because that was a harm ex. Officials are in-

vestigating whether so-and-so doctored docu-

ments.

(b) Then, I would add/delete and edit based on

these. So, I would create a new sentence and

edit the next sentence to give more context.

2. How did you determine if a sentence needed

to be added?

So, after identifying the lede that I described

previously, I went through and looked through

what parts I felt needed more context or a quote.

Getting quotes was very important. Often I iden-

tified events that I thought warranted a reaction,

acknowledgment, information from a source. If

these weren’t there, I added a sentence. I didn’t

keep a checklist of these elements (i.e. “quote”,

“context”, etc.) It was more a gut feeling about

what it needed. If I were going back and doing

it again, I would write out a checklist.

Often, especially when the news was unpre-

dictable, I would often add a sentence in the be-

ginning saying “I don’t know what this sentence

is going to be, but it’s going to be something”.

In other words, I was adding context to what the

unknown would be. I was able to do this pretty
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successfully, to predict what context would hap-

pen around the unpredictable event.

Where I tried to add more information to flesh

out certain unknowns:

(a) If an official said something that needed to

be followed up on, I would delete these and

add new sentences

(b) I had hoped that the reporter would get that

information themselves through eyewitnesses,

court documents, etc.

(c) Sometimes an official would give filler

quotes like: “we’ll have more information

later this afternoon”. These would be replaced

with the actual update.

(d) Context: I would add historical context.

How often has something been occurring in

this area, etc. Many of real updates did have

these contextual sentences.

3. How did you decide whether a sentence

needed to be edited?

After I decided what would be moved up, I

looked at details (dates, people, etc.). Sentences

with details were the ones that were most likely

to be edited.

4. How did you determine if a sentence needed

to be deleted?

I deleted sentences that were redundant. I iden-

tified filler quotes (e.g. officials saying they’ll

get more information soon.). These would be

deleted when, presumably, more information did

come in. Sometimes a quote was redundant to

a sentence that was already there. One of the

challenges was deciding when to delete or edit a

sentence.

5. How did you determine if a sentence needed

to be moved up/down?

I almost always moved sentences upwards, to

the top. As we discussed previously, the top then

needs to have room for an update. Again, as we

discussed previously, I used harm and recent de-

velopments as a metric to decide where to move.

The context was also moved around based on

when the events took place.

I also tried to focus on recent develop-

ments. For example: “Officials are investigat-

ing whether so-and-so doctored documents”. I

would move that to the top. I pulled up the active

part of the article to express what was actually

happening.

6. What things did you get wrong?

I was really bad at predicting stories that were

“delete all”, “replace all”. I struggled more with

stories that were about political leaders speaking

at an event or speaking at a conference, because

these ended up going different ways. Sometimes

they made a big announcement that would make

headlines, but it was hard to known beforehand

what that announcement would be.

For crime, or spot news, it was clearer that

an event was unfolding and would have specific

updates. By “spot news”, I mean stories about

crimes, fires, rescues, weather events/disasters,

etc. – something unexpected as opposed to ar-

ticles about events that have been planned, like

the example of a political figure speaking at a

conference. It was these unexpected events that

actually followmore predictable paths when they

unfold.

I saw a lot of discrepancies between sentences

I chose to edit, and then the actual result was

that they got deleted. For example, the death

toll was in a sentence, and I’d edit that sentence,

but they chose to add a sentence with the same

information. The sentence matching algorithm

didn’t do a good job with informational units that

were not at the sentence level.

7. How did you assess uncertainty in an article?

Often it was topic-based. I can’t think of key

indicators that I used to assess uncertainty.

8. Was really helpful after I made the edits to

see what actually happened?

I tried to balanced this with what my natural in-

stincts were. I did get better over time. I did feel

more confident over time. The changes would

be more in my decisions to edit vs. add/delete.

In my head, I had the same end result in mind,

but they edited it and I added a new sentence. I

never felt I was widely off

9. Did you see a lot of analytical pieces? Or

mainly breaking news?

I saw a mix of stuff that was analytical vs. fac-

tual. There were certainly more breaking news

events, events that were going to happen and

change on the same day. However, I did see

some day 2 stories. Sometimes, they were up-

dates that were part of an ongoing investigation.

The breaking stories and spot news, crime, were

the easiest to do. Those ones seem much more

formulaic.

10. What was your general thought process while

doing the versioning task? How did you identify

versions that updated?
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This one was trickier because I would assume

that everything would be updated, everything

would be improved. The mindset change that I

made was “Will this story itself be edited, or will

they write a followup with more information?”

Once I made this separation this became easier

11. What patterns did you observe in this task?

The timing of when I thought an update would

occur ended up mattering a lot. I paid closer at-

tention to stories that would have updates within

the same day or a short period of time. The

longer the time-periods between updates, the

more likely a new piece would be published in-

stead of an update.

Again, crime and spot news it was clear — the

person was on the scene at this minute, they’d

get more information.

The other giveaways were “so and so is ex-

pected to deliver remarks later this afternoon.” It

wasn’t quite a preview of the event but it would

clearly be updated

The other thing that made me choose to mark

a story as “would be updated” is if there was a

key perspective missing or if there was no quotes

at all. By “key perspective”, I mean, a key quote

from a participant that is usually present in this

type of story. For a crime, for example, this

included: Law enforcement perspective, witness,

family. In general, it means that both sides are

represented.

12. Were there examples that you thought would

update that didn’t?

There were some with stock figures, quarterly

earnings, that I initially thought would be up-

dated, but I had seen the examples that were

filled out, but I’d be more accepting that this

was a final report and that it’s not going to have

any quotes. I became better at identifying which

types of pieces wouldn’t have context or quotes.

13. Anything I may have missed?

I tried to flag a couple of articles that trans-

ferred over inaccurately. Sometimes there were

cases of where one article published to the same

URLwas something completely different. Some-

times there were calls for subscribing to newslet-

ters or related story links. I deleted ones that

were repetitive. This might have influenced re-

sults on some articles. These structural updates

were annoying.

14. Could you see solving this kind of prediction

task as being useful in a newsroom?

I could see it being used as a people manage-

ment tool. Newsrooms are desperate for any

kind of methodology to guide the decisions they

make. Deciding who should attack a new story,

and who should stay put working on their old

piece would help a lot!
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Abstract

While neural networks demonstrate a remark-
able ability to model linguistic content, cap-
turing contextual information related to a
speaker’s conversational role is an open area of
research. In this work, we analyze the effect of
speaker role on language use through the game
of Mafia, in which participants are assigned ei-
ther an honest or a deceptive role. In addition
to building a framework to collect a dataset of
Mafia game records, we demonstrate that there
are differences in the language produced by
players with different roles. We confirm that
classification models are able to rank deceptive
players as more suspicious than honest ones
based only on their use of language. Further-
more, we show that training models on two aux-
iliary tasks outperforms a standard BERT-based
text classification approach. We also present
methods for using our trained models to iden-
tify features that distinguish between player
roles, which could be used to assist players
during the Mafia game.

1 Introduction

Correct interpretation of language must take into
account not only the meaning of utterances, but
also characteristics of the speaker and the context
in which their utterances are produced. Modeling
the impact of this context on language is still chal-
lenging for NLP systems. For example, differences
in language identification accuracy, speech recog-
nition word error rates, and translation quality have
been observed on the basis of attributes such as a
speaker’s gender, race, dialect, or role (Blodgett
and O’Connor, 2017; Tatman and Kasten, 2017;
Tatman, 2017; Stanovsky et al., 2019). Moreover,
these systems systematically underperform on data
generated by those in the minority, having impli-
cations for the ethics and fairness of using these
technologies.

∗Equal contribution.

This work explores language used for deception:
a type of speaker context that is particularly chal-
lenging to model because it is intentionally hidden
by the speaker. To do so, we collect and release a
set of records for the game of Mafia, in which each
player is assigned either an honest or a deceptive
role. Then, we develop models that distinguish
players’ roles based only on the text of the play-
ers’ dialog. We describe two auxiliary tasks that
improve classification accuracy over a BERT-based
text classifier.

The novel contributions of this paper include:

1. A methodology for collecting records of on-
line Mafia games and a dataset collected from
460 human subjects,

2. Three classification models that can distin-
guish between honest and deceptive players,

3. An approach for identifying features of the
game dialog text that can be used to help iden-
tify deceptive players during the game.

The task of identifying deception in dialog is far
from solved. Our classification methods, while not
accurate enough to reliably identify deceptive play-
ers in a game, do show that the text of a dialog in
the setting we study does contain information about
the roles of the participants, even when those par-
ticipants are motivated to hide those characteristics
by deceiving the listener. Although the models and
results described in this work only apply to a par-
ticular game setting rather than dialog in general,
the approaches we describe are general in character
and therefore may inform future work on determin-
ing speaker roles from the contents of dialog.

2 Background & Related Work

The game of Mafia is particularly well-suited for
the goal of determining whether the deceptive par-
ticipants in a conversation can be identified from
the contents of their utterances.
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2.1 Deception in Language

Humans are a largely collaborative species. How-
ever, people sometimes have goals that incentivize
them to deceive others. Understanding what cues
and interaction styles people adopt when behaving
deceptively will be crucial to both developing au-
tomated detection and a greater understanding of
the complex interactions that people use in decep-
tion and revelation. Previous work indicates that
people struggle with telling apart lies from truth,
especially with deceptive statements (Bond Jr and
DePaulo, 2006). This raises the question of what
strategies deceptive actors use to avoid detection, as
well as what strategies honest actors use to discover
deceivers.

Deception is a difficult topic to study, however,
because of its inherent complexity: multiple people
with different motivations are trying to evaluate
one another, while contending with group obliga-
tions and accusations, over a period of time that
involves planning, taking actions, and responding
to others’ actions. Moreover, there is a distinction
between a falsehood, which is a statement that is
not true, a lie, which is a statement that the speaker
does not believe, and deception, which is the act
of convincing another person to hold a false be-
lief. Whereas falsehoods and lies are properties
of statements, deceptive intent is a characteristic
of the speaker. Therefore, though deceptive speak-
ers may tell falsehoods and lies, they might also
provide truthful statements, and vice versa for hon-
est speakers, thus rendering the truth conditions
of individual utterances as unreliable indicators of
deception. We are interested in how people solve
these dual problems of deceiving and detecting de-
ception, which requires a paradigm wherein we
can observe all agents’ actions and communication
while simultaneously knowing agents’ underlying
incentives and goals. We thus turn to a game with
a rich history of deception research: Mafia.

Previous work on detecting deception from lin-
guistic cues has explored scenarios that either
mimic or are taken directly from real-world inves-
tigations of potentially deceptive actors. Derrick
et al. (2013) showed that deceptive parties take
longer to formulate responses and use fewer words
in the context of chat-based communication. Bur-
goon et al. (2003) similarly found that deceivers
sent briefer chat messages. Fuller et al. (2011)
demonstrated the effectiveness of training classi-
fiers to identify deceptive language in relation to

crimes, and found that word quantity was a particu-
larly useful feature. Fornaciari and Poesio (2013)
also found surface-level features useful in detecting
deceptive statements in a criminal context, specifi-
cally through the investigation of Italian court doc-
uments, while Mihalcea et al. (2013) found that
written lies were easier to detect than transcripts of
spoken ones. Abouelenien et al. (2014) took a mul-
timodal approach to deception detection, finding
that non-contact approaches were able to match or
exceed the performance of those that were more
invasive.

2.2 The Game of Mafia

Researchers have also examined deception in
games, focusing on settings such as Diplomacy or
negotiation over a set of items (Lewis et al., 2017;
Niculae et al., 2015). In addition, there has been
some work exploring the effects of biased voting on
group decision making (Kearns et al., 2009). The
game of Mafia specifically has attracted attention,
and researchers have analyzed data from various
online game communities. Zhou and Sung (2008)
discovered differences between deception across
cultural communities by analyzing data from an
online Chinese Mafia game, Pak and Zhou (2011)
used social network analysis to detect deceivers
using the epicmafia.com website, and de Ruiter
and Kachergis (2018) collected and trained mod-
els on a dataset from the online Mafiascum forum.
Researchers have also studied the game of Were-
wolf, a variant of Mafia. Chittaranjan and Hung
(2010) used audio information to classify decep-
tive parties, while Demyanov et al. (2015) used
video information. Braverman et al. (2008) and
Migdał (2010) developed a mathematical model of
the Mafia game, assuming that all votes are cast
at random, which allowed them to analyze how
mafia and bystander win rates varied with role dis-
tribution in a highly controlled version of the game.
Bi and Tanaka (2016) showed that under certain
conditions, the strategy of mafia pretending to be
bystanders is suboptimal.

Most of the deception-oriented games that have
been studied in the natural language processing lit-
erature provided individual incentives to the play-
ers. Mafia allows for the study of patterns of decep-
tion that arise when incentives are only at the group
level. In addition, whereas using datasets of online
Mafia games presents a rich source of deceptive
language, the complicated rule sets of games on
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these forums makes it challenging to isolate spe-
cific strategies that participants use to engage in
and detect deceptive behavior. In contrast to work
using video or audio, we assume that players do not
have access to any audiovisual clues about others’
roles in order to focus on the role of language. This
work takes these factors into account by studying a
controlled environment that nonetheless supports
the use of complex strategies for deceiving and
detecting deceptive behavior.

3 Dataset

A total of 460 English-speaking participants based
in the United States were recruited from Ama-
zon Mechanical Turk using the experiment plat-
form Dallinger1. Between 4 and 10 participants
were recruited for each Mafia game: 1 to 2 par-
ticipants were designated mafia, and the rest were
bystanders. Forty-four of these Mafia games are
included in the final analysis. Participants were
paid $2.50 for completing the task, plus bonuses
for time spent waiting for other participants to ar-
rive in a chatroom to begin the experiment. Waiting
was paid at $5/hour.

Upon recruitment, participants were shown a
consent form, per IRB approval, followed by an
instructional video and accompanying transcript
describing how to play the text-based Mafia game
using an interface we developed (see Appendix).
After they completed a quiz demonstrating they
understood the information, they entered a waiting
room until the desired number of participants was
reached. Participants were then assigned a role
(mafioso or bystander) and fake name, after which
they began playing the game.

The game dynamics were as follows. Each mafia
member was aware of the roles of their fellow
mafia members and thus, by process of elimina-
tion, knew the roles of the bystanders. However,
the bystanders did not know the true role of anyone
else in the game. The goal of the mafia was to
eliminate bystanders until the number of mafia was
greater than or equal to that of the bystanders. The
goal of the bystanders was to identify and eliminate
all of the mafia members. Since the incentive struc-
ture was set up such that bystanders benefited from
true beliefs about who the mafia members were,
whereas mafia members benefited from false be-
liefs, bystanders were thus motivated to be honest
actors, whereas mafia members were motivated to

1http://github.com/dallinger/Dallinger

M B T
Total #players 87 334 421

Avg #players per game 1.98 7.59 9.57
Std #players per game 0.15 1.21 1.28

Total #utt 770 1392 2162
Avg #utt per game 17.5 31.64 49.14
Std #utt per game 10.45 17.2 24.44

Total #players w/ utt 84 265 349
Perc players w/o utt 0.042 0.958 1

Table 1: Dataset statistics. # is short for number of.
M and B denote the mafioso and bystander classes,
respectively, while T denotes the total number for both
groups. The last row shows the distribution of roles
among the players with no utterances throughout the
game. Note that nearly all of the no-utterance players
are bystanders.

be deceptive actors in the Mafia game. The game
proceeded in phases, alternating between night-
time and daytime (Figure 1). During the night-
time, mafia members could secretly communicate
to decide on who to eliminate, after which they dis-
cretely voted, and the person with the majority vote
was eliminated from the game. If there was a tie,
one of the people involved in the tie was randomly
chosen to be eliminated. During the daytime, every-
one was made aware of who was eliminated during
the nighttime, and then all players could openly
communicate to decide who to eliminate. All the
players then voted publicly, and the person with the
majority vote was eliminated and announced to be
a bystander or mafioso. Thus, during the nighttime
mafia could secretly communicate and eliminate
anyone, whereas during the daytime mafia could
participate in the voting and communication pro-
tocols in the same way as bystanders. The game
proceeded until there was a winning faction accord-
ing to the goals described above.

From these experiments, we collected a dataset
consisting of both mafia and bystander utterances
over the course of each game, as well as the partic-
ipants’ voting behavior. Dataset statistics appear
in Table 1. Figure 2 displays a snippet of the day-
time dialog from one Mafia game. As shown, many
utterances are either social interactions (eg. "hi ery-
body") or discussions about what to do in the game,
such as accusations or comments about voting (eg.
"I bet it’s Mandy...").

Upon further inspection of the data, we can ob-
serve several strategies used by mafia members to
deceive bystanders:
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Figure 1: Mafia experiment screenshot during (left) first nighttime phase, with participant as a mafioso, and (right)
first daytime phase, with participant as a bystander (note that mafia messages are not visible to the bystander).

1. Mafia members may suggest that there is not
enough information to decide on who to elim-
inate, despite their knowledge of everyone’s
roles (eg. “Should we wait to eliminate some-
one?” / “It’s a little early to tell.” / “It’s a shot
in the dark.”),

2. Mafia members may raise suspicion about an-
other player, despite knowing that said player
is a bystander (eg. hmm ok analyzing this
conversation....I think bianca was a little to
flippant in how she was like "sucks to be an-
drew" haha / I’m going to vote bianca. she’s
so casual with life and death),

3. Mafia members may invent a false motive and
assign that motive to another player, despite
knowing that the player is a bystander (eg. It
might be Jonathan Kim... killing off Erin who
accused him "yesterday").

4 Approach

Given our mafia dataset, there are several tasks
that one might address, for example, predicting
participants’ daytime voting behavior or generat-
ing mafia members’ nighttime dialog. As our aim
is to identify deceptive actors, however, we focus
on predicting participants’ roles, i.e. bystander
or mafioso. Due to the asymmetry in the knowl-
edge available to each group and the goals which
incentivize bystanders to increase true belief and
mafia members to reduce it, the bystanders are said
to take on an honest role in the game, whereas
the mafia members take on a deceptive role. To
focus on the relationship between language and

deception, we ignore voting behavior and consider
just the daytime dialog in the game, as only the
mafia members were able to converse during the
nighttime. As shown in Table 1, since most of the
players with no utterances are bystanders, we only
consider players who make at least one utterance
throughout the game.

To investigate whether linguistic information can
be used to identify players’ roles, we train and eval-
uate classifiers that predict the role of a particular
player. Since we have a small dataset, we chose
to fine-tune pre-trained Transformer models rather
than train them from scratch (Vaswani et al., 2017).
To predict the role for a player p, we construct an
input representation r(C, p) of the full game dia-
log C that encodes the player of interest p. We
develop three approaches which differ in both the
dialog representation function r and the modeling
approach.

4.1 Standard Classification

Our baseline approach uses a standard BERT-based
text classifier (Devlin et al., 2018). To classify
player p via the full record of the game C, let
boolean variable Mp be true if p is a mafioso.
Let Tp be the concatenation2 of utterances made
by p. We train BERT parameters θM to predict
P (Mp|Tp; θM ).

This approach, which provides as input to the
classifier only the utterances of the player to be
classified, outperformed an alternative representa-
tion r(C, p) that included the entire record of all
utterances by all players.

2Utterances are concatenated with an end-of-sentence de-
limiter after each utterance.
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Figure 2: Example messages (utterances) in a game. creation_time is the time at which the message was sent. The
contents consists of the name of the sender, as well as the message, separated by a colon and space.

4.2 Auxiliary Tasks

Limiting the input representation r to contain only
the speech of the player p being classified is not
ideal; correctly interpreting a dialog requires con-
sidering all other players’ statements as well. We
introduce two auxiliary tasks that involve the entire
game dialog C:

1. Given all of the prior utterances, is a bystander
or a mafia member more likely to have pro-
duced the current utterance? (Utterance Clas-
sification)

2. Given all of the prior utterances, what cur-
rent utterance would a player produce, given
that they are a bystander or a mafia member?
(Utterance Generation)

We develop a BERT-based classification model
for task 1 and fine-tune the GPT-2 language model
for task 2 (Radford et al., 2019). Then, we use each
of these auxiliary models to classify the role of a
particular player p in the game.

4.2.1 Utterance Classification
To classify player p using the auxiliary task of utter-
ance classification, let boolean variable Si be true
if utterance Ci was made by a mafioso (rather than
a bystander). Let C be the full record of utterances
in the game and C≤i be the concatenation of all
utterances C1 . . . Ci. We train BERT parameters
θS to predict P (Si|C≤i; θS). Finally, let Ip be the
set of indices of utterances by player p. M relates
to S in that if Mp is true, then Si is true for all
i ∈ Ip. We thus calculate

P (Mp|C; θS) ∝
∑
i∈Ip P (Si|C≤i; θS)

N
,

where N = |Ip|.

Figure 3: Data processing for fine-tuning BERT. The
original data is shown on the left-hand side, while the
right-hand side shows the processed data containing two
versions of each utterance, one assuming that the target
player is a mafioso and one assuming that they are a
bystander, with the prior conversation context preceding
each and labels corresponding to whether the assumed
role matches the actual role of the player.

4.2.2 Utterance Generation

To classify player p using the auxiliary task of ut-
terance generation, we fine-tune GPT-2 to gener-
ate utterance Ci conditioned on prior utterances
C<i and the role Si of the speaker that produced
Ci. From Bayes’ rule, we have P (Mp|C) ∝
P (Mp)P (C|Mp). To estimate P (C|Mp), let Cp
include all Ci for i ∈ Ip. We make the simplifying
assumption that P (C|Mp) ∝ P (Cp|Mp), which
assumes that the utterances made by players other
than p are independent of the role of player p. Then,
if Mp is true, Si is true for all i ∈ Ip, and so,

P (Cp|Mp; θC) =
∏

i∈Ip
P (Ci|C<i, Si; θC).

Using the full dialog C, the final probability of
player p being mafioso is calculated as follows:

P (Mp|C) =
P (Mp)P (Cp|Mp; θC)∑

R∈{M,¬M} P (Rp)P (Cp|Rp; θC)
(1)
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Figure 4: Data processing for fine-tuning GPT-2. The
original data is shown on the left-hand side, while the
right-hand side shows the processed data containing a
version of the corresponding utterance with the prior
conversation context preceding.

Figure 5: Prediction pipeline for our fine-tuned GPT-
2 model. Similar to the pipeline used to produce the
training utterances, for prediction, there are now two
versions of each, one assuming that the target player is
a mafioso and one assuming that they are a bystander.
The losses for each utterance of the target player are
summed together in order to calculate the mafia and
bystander probabilities as described in Equation 1.

4.3 Data Processing

To train models for utterance classification (us-
ing BERT) and utterance generation (using GPT-
2), we perform data processing procedures on the
games’ original dataset to create input represen-
tations r(C, p) for each player p and obtain our
training datasets as shown in Figures 3 and 4. The
left side of each figure shows a snippet of a game’s
data, where "Mafioso" and "Bystander" denote the
true roles of the players. The utterances to the right
of each figure are training examples used for fine-
tuning the BERT and GPT-2 models. Structuring
the data in this way provides both the prior context
of utterances and the current utterance that hap-
pened within this context. This not only gives us
the information needed for the auxiliary tasks, but
also provides us with more training examples, as
we only have 44 games and only 421 players in to-
tal, with only 2162 total utterances. Moreover, this
mimics the real game scenario from the bystander
view in that they can only confirm their own role,
but no one else’s, which is the appropriate setting
for us in which to detect deception.

Figure 5 shows the pipeline for using the GPT-

2 model to predict players’ roles. Let us assume
that the target player for whom we want to predict
their role is Mafioso 1. From the original game
log on the left, we first perform the data process-
ing scheme from Figure 4 twice, assuming that the
target player is a mafioso (top of Figure 5) and a
bystander (bottom of Figure 5). Using our trained
GPT-2 model, we then obtain a loss for each utter-
ance denoted by L1 through L4. Summing all the
losses for each role, as they denote log probabil-
ities, we calculate P (Mp|C) and P (¬Mp|C) via
Equation 1. The target player’s role as predicted
by the model is finally given by comparing the two
probabilities. A similar process is used to calcu-
late P (Mp|C) and P (¬Mp|C) for the utterance
classification BERT model.

5 Experiments

We train three fine-tuned models on the corpus of
Mafia game records and compare their performance
to a random baseline. The specifications for the
baseline and models can be found below, and the
results are shown in Table 2.

5.1 Random Baseline

This random classifier classifies each player as a
mafioso or a bystander with probabilities equal to
the prior distribution of each class, estimated as the
ratio of roles across all training games. This serves
as a baseline to be compared to for all other meth-
ods. In the game setting, this mimics a bystander
player with only public information of how many
mafia and bystanders are in the game.

5.2 Standard Classification

We initialize the model by loading a pre-trained
BERT Base model (12 layers, 768 hidden dimen-
sion size, 12 attention heads). We train with a
maximum sequence length of 256, which is suf-
ficient for our post-processed dataset, setting the
batch size to 16, the learning rate to 1e-5, and the
maximum number of epochs to 25.

5.3 Utterance Classification

We initialize the model by loading a pre-trained
BERT Base model (12 layers, 768 hidden dimen-
sion size, 12 attention heads). We train with a
maximum sequence length of 512, which is suf-
ficient for our post-processed dataset, setting the
batch size to 5, the learning rate to 5e-5, and the
maximum number of epochs to 25.
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Avg Rank Avg Rank/Game Accuracy Maf F1-score Bys F1-score
Random 19.0 3.4 0.62 0.26 0.74
Std Class 17.9 3.0 0.69 0.4 0.79
Utt Class 14.5 1.8 0.74 0.50 0.83
Utt Gen 11.4 2.0 0.74 0.50 0.83

Table 2: Experiment results on the validation set for random baseline (Random), standard classification (Std Class),
utterance classification (Utt Class), and utterance generation (Utt Gen) approaches. Methods that use auxiliary
tasks (Utt Class and Utt Gen) outperform other methods in terms of average ranking overall and per game while
also maintaining higher accuracy and F1-score for each class.

5.4 Utterance Generation

We initialize the model by loading a pre-trained
12-layer GPT-2 model with an embedding size of
768. For the dataset, we set the maximum length
of each sentence to be 512, which is sufficient for
our dataset after post-processing. During training,
we set the batch size to be 5 and the learning rate
to be 1e-5. We train the model for a maximum of
100 epochs.

5.5 Metrics

These approaches each estimate a probability
P (Mp|C) that a player p is a mafioso given the
full record of game texts C. In Mafia, bystanders
do not declare who is and is not a mafioso, but
instead vote each day to eliminate one of the play-
ers. Because the act of voting involves choosing
one player among them all, a natural metric for
evaluating the usefulness of a model is to order
all players p from greatest to least P (Mp|C), their
probability of being a mafioso under the model,
and then to compute the average rank of the true
mafia members. Therefore, the first metric in Ta-
ble 2 is the average ranking of all mafia members
when each player is ranked by P (Mp|C) across
the entire validation set composed of 5 games. It
is also natural to consider player ranking within a
single game, so we calculate the average ranking of
mafia members within each game as a second met-
ric. Smaller average ranking for mafia members
means that the model is able to assign mafia players
a high P (Mp|C) relative to bystanders, which is
desired.

In addition, we evaluate the accuracy of the clas-
sifiers and the F1-score for each class. To calculate
these metrics, we first assign the mafioso label to
the top k players with the highest P (Mp|C) and the
rest of the players with the bystander label, where
k is the known number of mafia among all valida-
tion games (k = 10 in our case). Aside from the

ranking metrics, these give further information of
the models’ quality after utilizing available game
information.

5.6 Results and Analysis

We trained all models on 39 training games and
evaluated on the remaining 5 validation games. The
evaluation results are shown in Table 2. We have
a total of 49 players in the validation games, but
only considered the 39 players who had spoken
at least one utterance throughout the game when
calculating the metrics. Players with no utterances
are almost exclusively bystanders and are therefore
easy to classify without considering language.

First, we see that it is possible to achieve an
average rank that is smaller than the random base-
line, which demonstrates that there is information
in the dialog about the roles of players, despite
the fact that mafia members seek to hide their role
while conversing. However, standard classification
is comparable to random. Next, we observe that
both models using auxiliary tasks outperform the
standard classifier in rank-based metrics, which
demonstrates that the auxiliary tasks provide useful
inductive bias for the mafia classification task. Ad-
ditionally, the accuracy is similar for all approaches,
including random classification, which indicates
that there is not enough information in the text of
a Mafia game for these models to determine play-
ers’ roles reliably. If the goal of the game were
to guess the role of each player individually, then
always guessing bystander (i.e. the majority class)
would be the best strategy. However, since the
goal for the bystanders is to vote to eliminate a
mafia member each round, the utterance classifica-
tion and utterance generation approaches, which
achieve the lowest average mafia ranking per game
and overall, respectively, are the most favorable.

Note that the precision for the mafia is much
lower than that of the bystanders for all models.
This is due to the usual lack of information avail-
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Prompt Generated Utterance

lets kill P1.
M: sorry P1 :(
B: hello all

who thinks
P3 is Mafia?

M: No i’m a bystander
B: No idea

That sounds
suspicious...

M: P6 is mafia
B: Why yall want to eliminate me?

hi team.
Hello!. Hi.

M: Who is the mob person?
B: hello

Table 3: Utterances generated by our GPT-2 model
given different prompts. M and B are shorthand for
Mafioso and Bystander respectively, and P1, P3, and P6
denote the names of other players in the game.

able to predict that any player is a mafioso, which
makes finding the mafia a much harder task than
finding bystanders.

6 Discussion

The decoding ability of the GPT-2 model provides
us a more straightforward way to understand what
the model has learned. Given a prompt sentence,
we can use our fine-tuned GPT-2 model to gener-
ate what a mafioso and a bystander would say. A
few examples are shown in Table 3. From these
examples, we inspect the following features that
the model might be capturing to distinguish be-
tween mafia and bystanders: Feature 1: Referring
to other players. Feature 2: Expressing confusion.
Feature 3: Referring to others for elimination pur-
poses. Feature 4: Asking for suggestions on who
to eliminate.

To confirm that our fine-tuned GPT-2 model cap-
tures some of the above features, we hand-label
these features on 5 training games and 1 valida-
tion game, obtain each player’s feature vector, and
see whether there exists a correlation between the
model’s predicted P (Mp|C) for validation players
and the similarity of their feature vectors compared
to the training set mafioso and bystander players.
These feature vectors are shown in Table 4, where
each entry denotes the average number of features
per player of each role. As an example, for the
first column, each mafioso player says 2 utterances
having Feature 1 throughout the game on average,
while each bystander player says 1.06 utterances
having Feature 1 on average. We define the first
row as a vector v1 and the second row as v2 for
future references.

Feat 1 Feat 2 Feat 3 Feat 4
Mafioso 2.00 0.00 1.30 0.40

Bystander 1.06 0.27 0.65 0.10

Table 4: The average count per role for each of four
hand-labeled features (number of references to other
players, level of confusion, number of references to
other players for elimination, and number of requests
for who to eliminate) as identified by our GPT-2 model
on 5 training games.

F1 F2 F3 F4 D(u) Pred Truth
P0 4 0 2 0 -5.9 0.98 B
P1 2 0 2 0 -2.1 0.93 M
P2 5 0 5 0 -11.7 0.78 M
P3 2 0 2 0 -2.1 0.63 B
P4 4 2 1 1 -4.1 0.47 B
P5 3 0 2 0 -4.0 0.43 B
P6 0 0 0 0 4.2 0.42 B
P7 1 0 1 0 1.0 0.40 B
P8 0 0 0 0 4.2 0.00 B
P9 0 0 0 0 4.2 0.00 B

Table 5: Features of each player (P0 to P9) in a vali-
dation game. For each row, F1 to F4 give the feature
vector u for the respective player. D(u) gives the sim-
ilarity of u compared to the training feature vectors v1
and v2. Players are sorted by Pred, the probability
P (Mp|C) given by our GPT-2 model, and Truth gives
the true label for each player (M for Mafioso, B for By-
stander). Since P8 and P9 have no utterances throughout
the game, as per our heuristic, they are predicted to be
bystanders with P (Mp|C) = 0.

Table 5 shows the hand-labeled feature vectors
for all 10 players in a validation game (first 4
columns, F1 to F4) ranked by the model’s pre-
dicted P (Mp|C). We define a metric function
D(u) = ∥u − v1∥2 − ∥u − v2∥2 for a validation
player’s feature vector u. The smaller D(u) is, the
closer u is to v1 than v2, and hence the more mafia-
like they are with respect to players in the training
games. We can see that for players of higher rank,
theirD(u) are negative with larger magnitudes. Re-
ferring to the true labels in the rightmost column
(M for Mafioso and B for Bystander), the first row
also explains how our model can fail to predict the
true role of some players: even though this player
is a bystander, they act more like the mafia than
other bystanders according to these hand-labeled
features because they are regularly referencing and
accusing other players.
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7 Limitations & Potential Risks

We find that we are able to train models to help dif-
ferentiate players with different roles in the game
of Mafia based only on their language use, as well
as to identify features that may distinguish between
these roles. We also noticed that the mafia were
twice as likely to win the Mafia game than were the
bystanders. These findings lead us to believe that
the bystanders may benefit from being provided
hints based on our model’s predictions and iden-
tified features. However, there are several ethical
considerations in regards to using these methods.
First, as our model is trained on this particular ver-
sion of mafia, the specific models trained would
not apply to other cases of deceptive language use.
Applying these models to out-of-domain data, or
even adapting this general approach to new settings,
may yield unexpected results. Our experimental
results only establish the effectiveness of our ap-
proach on the game of Mafia. Future work must
evaluate these approaches on other deception de-
tection tasks before they can be safely deployed in
real-world scenarios. Next, information that may
aid bystanders in detecting deception may also aid
mafia members in being deceptive. Though mafia
members may attempt to use it for this purpose,
because our model is trained to increase true belief,
which is directly in line with the bystander goal
to identify the truth and against the mafia goal to
obscure it, our approach is inherently more useful
to bystanders. However, since the models we eval-
uate are far from perfectly accurate, there is a risk
that users using these models for hints would rely
too much on their output and thereby be misled.
More work should be done to increase the model’s
performance in order to mitigate this risk.

8 Conclusion

How one uses language depends not only on the
content they wish to convey, but also on the context
within which they convey it, and speaker attributes
such as conversational role contribute to such con-
text. In this work, we leveraged an environment for
which roles are explicitly labelled in order to make
progress toward the task of deception detection, an
essential task to protect users in our increasingly
virtual world.
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A Mafia Instructions

Below is a transcript of the instructions that were
provided to participants before playing the Mafia
game in our experiments:

"In this experiment, you will play a version of
the party game "Mafia". You are going to play
the game of Mafia (also known as Werewolf) with
other participants. You are either part of the mafia
(a mafioso) or a bystander. The mafia will know
who is in the mafia, but the bystanders will not.
There will always initially be more bystanders than
mafia. There will be one or more mafia members.
The goal of the mafia is to eliminate the bystanders
one by one until the mafia are equal in number to
them. The goal of the bystanders is to correctly
guess the identity of the mafia and eliminate them
all before the mafia win. There are two phases to
this game, nighttime and daytime; at the end of
each, a participant is eliminated from the game:

1. In the nighttime phase, only the mafia can
converse and decide who they want to elimi-
nate. Specifically, if you are a mafioso, you
will talk in a chatroom, then use a drop-
down menu to select who you want to remove.
Mafia will have 1 minute to do this. If there is
more than one mafioso and the mafia disagree
about who to eliminate, one of the mafia’s
choices will be selected randomly. If you are
a bystander, you will wait out this time, as you
are sleeping during the night.

2. Everyone is awake during the daytime phase.
The participant who was eliminated during
the night will be announced: if you were elim-
inated, you will be sent to the end of the game
and compensated. The remaining participants
will converse (for 2 minutes and 30 seconds)
and decide who to eliminate, where the goal of
the bystanders is to eliminate a member of the
mafia, and the goal of the mafia is to eliminate
a bystander. By the end of this time, everyone
needs to select a name from the drop-down
menu. (If there are multiple mafia, the mafia
will be reminded of each others’ names in sep-
arate text on this page.) The participant with
the most votes will be eliminated, except in
the case of a tie, in which a randomly-selected
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vote will be eliminated. The eliminated par-
ticipant and their identity (bystander or mafia)
will be announced, and that participant will be
sent to the end of the game and compensated.

The game will continue, alternating between night-
time and daytime, until either all of the mafia are
removed (bystanders win!) or there are equal num-
bers of mafia and bystanders (mafia win!)"
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Abstract

Although sequence-to-sequence models often
achieve good performance in semantic pars-
ing for i.i.d. data, their performance is still
inferior in compositional generalization. Sev-
eral data augmentation methods have been pro-
posed to alleviate this problem. However, prior
work only leveraged superficial grammar or
rules for data augmentation, which resulted in
limited improvement. We propose to use sub-
tree substitution for compositional data aug-
mentation, where we consider subtrees with
similar semantic functions as exchangeable.
Our experiments showed that such augmented
data led to significantly better performance
on SCAN and GEOQUERY, and reached new
SOTA on compositional split of GEOQUERY.
We have publicly released our code at https:
//github.com/GT-SALT/SUBS .

1 Introduction

Semantic parsing transforms natural language ut-
terances to formal language. Because meaning rep-
resentations or programs are essentially composi-
tional, semantic parsing is an ideal testbed for com-
positional generalization. Although neural seq2seq
models could achieve state-of-the-art performance
in semantic parsing for i.i.d. data, they failed at
compositional generalization due to lack of reason-
ing ability. That is, they do not generalize well to
formal language structures that were not seen at
training time. For example, a model that observes
at training time the questions “What is the popula-
tion of the largest state?” and “What is the largest
city in USA?” may fail to generalize to questions
such as “What is the population of the largest city
in USA?”. This leads to large performance drops
on data splits designed to measure compositional

⋆Equal Contribution. Jingfeng Yang proposed subtree
substitution data augmentation for compositional semantic
parsing, implemented augmentation and LSTM/BART parsers,
and ran SCFG/GECA baselines. Le Zhang induced span trees
and ran span-based semantic parsing baseline.

generalization (compositional splits), in contrast to
the generalization abilities of humans.

To improve compositional generalization in se-
mantic parsing (compositional semantic parsing),
prior work focused on incorporating inductive bi-
ases directly to models or data augmentation. From
the model perspective, some work used neural-
symbolic models (Chen et al., 2020), generated
intermediate discrete structures (Herzig and Be-
rant, 2020; Zheng and Lapata, 2020), or conducted
meta-learning (Lake, 2019). From the data perspec-
tive, Jia and Liang (2016) proposed to recombine
data with simple synchronous context-free gram-
mar (SCFG), despite not for compositional gener-
alization. Andreas (2019) used some simple rules
for data augmentation, where tokens with the same
context were considered as exchangeable. Such
techniques are still limited since they only lever-
aged superficial grammars or rules, and failed when
there are linguistically rich phrases or clauses.

To fill this gap, we propose to augment the train-
ing data of semantic parsing with diverse compo-
sitional examples based on induced or annotated
(semantic and syntactic) trees. Specifically, we
propose to exchange subtrees where roots have
similar meaning functions. Since we consider all
hierarchies in all trees, deep structures and complex
phrases or clauses are considered for data augmen-
tation, which is key for compositional generaliza-
tion. For instance, in Figure 1, if we exchange sub-
trees with “largest” as meaning function of its root,
composition of “population of the” and “largest
city in the smallest state in the USA” results in a
new augmented structure “population of the largest
city in the smallest state in the USA”. Although
certain substructure substitution methods were ex-
plored in other NLP tasks (Shi et al., 2021), subtree
substitution with fine-grained meaning functions
has been under-explored. Our experiments showed
that such augmented data led to significantly better
performance on SCAN (Lake and Baroni, 2018)
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Figure 1: Subtree substitution results in an augmented example. Natural Language: What is the population of the
largest city in the smallest state in the USA ? Formal Language: answer ( population_1 ( largest (
city ( loc_2 ( smallest ( state ( loc_2 ( countryid ( usa ) ) ) ) ) ) ) ) ).

and GEOQUERY, and reached new SOTA on com-
positional split of GEOQUERY.

2 Methods

Span trees Suppose training set is {(xi, zi)}Ni=1,
where xi is a natural language utterance and zi is
the corresponding program. An utterance x can be
mapped to a span tree T , such that program(T )= z,
where the deterministic function program(·) maps
span trees to programs (Herzig and Berant, 2020).

As shown in Figure 1, a span tree T is a tree
where each node covers a span (i, j) with tokens
xi:j = (xi, xi+1, · · · , xj). A span subtree can be
viewed as a mapping from every span (i, j) to a
single category c ∈ C, where C is a set of domain-
specific categories representing domain constants,
which include entities (e.g. countryid#usa in Figure
1) and predicates (e.g. loc_2 in Figure 1). The final
program can be computed from the span tree deter-
ministically by the function program(·). Concretely,
program(T ) iterates over the nodes in T bottom-up,
and generates a program zi:j for each node cover-
ing the span (i, j). For a terminal node, zi:j = c.
For an internal node, zi:j is determined by com-
posing the programs of its children, zi:s and zs:j
where s is the split point. As in Combinatory Cate-
gorical Grammar, composition is simply function
application, where a domain-specific type system
is used to determine which child is the function and
which is the argument. Span trees can be induced
by a hard-EM algorithm or semi-automatically an-
notated. We refer the reader to Herzig and Berant

(2020) to see how to obtain span-trees.

2.1 Subtree Substitution (SUBS)
As shown in Figure 1, we consider span subtrees
with similar semantic functions as exchangeable.
Formally, func(·) maps a subprogram to a semantic
category, and subtrees with the same semantic cat-
egories have similar semantic functions. For two
data points (x1, z1) and (x2, z2), if func(z1i1:j1) =
func(z2i2:j2), we obtain a new augmented (x′, z′):

x′ = x1:i1 + x2i2:j2 + x1j1:, z
′ = z1\z1i1:j1/z2i2:j2

Definition of func(·) may vary in different dataset.
One straightforward way is to extract the outside
predicate in zi:j as its semantic category, which is
used on GEOQUERY, such as func(largest (
state ( all ) ) )) = largest.

2.2 Semantic Parsing
After getting augmented data by subtree substi-
tution, we then combine augmented data and the
original training data to train a seq2seq semantic
parser, where we choose LSTM models with atten-
tion (Luong et al., 2015) and copying mechanism
(Gu et al., 2016), or pretrained BARTLarge (Lewis
et al., 2020) as the seq2seq model architecture.

3 Experiments and Results

Dataset We first use SCAN (Lake and Baroni, 2018)
as a diagnostic dataset to test the performance
of subtree substitution in compositional semantic
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RIGHT AROUNDRIGHT

LSTM 0.00 1.00 (2800 updates)
LSTM + SUBS 1.00 1.00 (800 updates)

Table 1: Accuracy of diagnostic experiments on SCAN.

Question Query

Herzig and Berant (2020) 0.78 0.75

LSTM 0.75 0.58
+ SCFG (Jia et al., 2016) 0.80 0.68
+ GECA (Andreas, 2019) 0.77 0.60
+ SUBS (ours, induced tree) 0.79 0.72
+ SUBS (ours, gold tree) 0.81 0.79

BART 0.91 0.85
+ SUBS (ours, induced tree) 0.91 0.85
+ SUBS (ours, gold tree) 0.93 0.88

Table 2: Exact-match accuracy on i.i.d. (Question) and
compositional (Query) splits of GEOQUERY dataset.

parsing. SCAN is a synthetic dataset, which con-
sists of simple English commands paired with se-
quences of discrete actions. We use the program
version of Herzig and Berant (2020). For instance,
“run right after jump” corresponds to the pro-
gram “i_after ( i_run ( i_right ) ,
i_jump )”. Also, semi-automatically annotated
span trees from Herzig and Berant (2020) are used
for subtree substitution. To test compositional se-
mantic parsing, we use the Primitive right (RIGHT)
and Primitive around right (AROUNDRIGHT) com-
positional splits from Loula et al. (2018), where
templates of the form Primitive right and Primi-
tive around right (respectively) appear only in the
test set. In these templates, Primitive stands for
jump, walk, run, or look. For simplicity, func(·)
is defined only on i_right and i_left, where
func(i_right) = func(i_left) = direction.
That is, all “i_right” and “i_left” appear as
leaf nodes in span trees and they are exchangeable.

We use GEOQUERY dataset to test the perfor-
mance of subtree substitution in both i.i.d. and
compositional generalization for semantic parsing.
GEOQUERY contains 880 questions about US geog-
raphy (Zelle and Mooney, 1996). Following Herzig
and Berant (2020), we use the variable-free FunQL
formalism from Kate et al. (2005). The i.i.d. split
(Question), which is randomly sampled from the
whole dataset, contains 513/57/256 instances for
train/dev/test set. The compositional split (Query)

contains 519/54/253 examples for train/dev/test set,
where templates created by anonymizing entities
are used to split the dataset, to make sure that all
examples sharing a template are assigned to the
same set (Finegan-Dollak et al., 2018). As for
span trees, we use semi-automatically annotated
span trees (gold tree) released by Herzig and Be-
rant (2020). Alternatively, we use the span trees
induced by Herzig and Berant (2020)’s span-based
semantic parsing, without any human labour.

3.1 Diagnostic Results
Results of diagnostic experiments on SCAN dataset
are shown in Table 1, where we use LSTM parser
without data augmentation as the baseline. We can
see that on the RIGHT split, LSTM seq2seq seman-
tic parser could only achieve zero exact-match ac-
curacy without any data augmentation techniques,
which means that the model’s compositional gen-
eralizibility on the RIGHT split is very poor. After
adding our augmented data with subtree substitu-
tion, we achieve an exact-match accuracy of 100%.
Actually, we got 6660 augmented examples besides
the original 12180 training examples. Among all
augmented examples, 3351 examples are in the
test set, which means 74.87% of 4476 test exam-
ples are recovered by subtree substitution. On the
AROUNDRIGHT split, using LSTM seq2seq seman-
tic parser could already achieve 100% exact-match
accuracy, which means that the model learned from
Primitive right and Primitive opposite right gen-
eralize to Primitive around right well in our pro-
gram format “i_primitive ( i_around (
i_right ) )”. After adding our augmented ex-
amples, the parser converged to 100% exact-match
accuracy faster, where our method requires around
800 updates to converge while baseline model re-
quires 2800 updates with the same batch size 64.

3.2 Main Results
Table 2 shows the results of experiments on GEO-
QUERY dataset, where we examined both seq2seq
LSTM and BARTLarge parsers. LSTM and BART
parsers without any data augmentation are simplest
baselines. We also compare with other two data
augmentation methods as additional baselines, re-
combining data with simple SCFG (Jia and Liang,
2016) or using simple rules for Good Enough Data
Augmentation (GECA) (Andreas, 2019), which
were proven useful for compositional semantic
parsing. We can see that on the Question split,
adding augmented data from (gold) subtree sub-
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training instances augmented instances avg att l max att l avg prg l max prg l

GECA 519 804 8.85 18 15.96 29
SUBS 519 29039 10.43 26 19.33 43

avg seg l max seg l avg att seg l max att seg l avg prg seg l max prg seg l

GECA 1.93 4 - - - -
SUBS 5.99 25 3.98 13 8.01 25

Table 3: Complexity of augmented examples on the Query split of GEOQUERY dataset, which is measured by
maximal (max) and average (avg) lengths (l) of exchanged segments (seg) and resulted utterances(att)/programs(prg).

50 100 200 519

BART 0.64 0.72 0.79 0.85
BART + SUBS 0.67 0.79 0.85 0.88

Table 4: Effect of numbers of training examples on composi-
tional split of GEOQUERY.

stitution leads to improvements for both LSTM
and BART seq2seq models, suggesting that subtree
substitution as data augmentation helps i.i.d gener-
alization for semantic parsing. On the Query split,
(gold) subtree substitution achieves more substan-
tial improvements over seq2seq baseline models
(absolute 21% and 3% improvements of the exact-
match accuracy for LSTM and BART respectively),
achieving state-of-the-art results. Moreover, our
methods are also better than the two data augmen-
tation baselines. Therefore, subtree substitution
is a simple yet effective compositional data aug-
mentation method for compositional semantic pars-
ing. With (induced) subtree substitution, SUBS still
achieves improvements for LSTM models.
Analysis of Augmented Data We further examine
why subtree substitution could achieve much better
performance by analyzing its augmented data. As
shown in Table 3, GECA only identifies and ex-
changes very simple structures, where the average
and maximal length of exchanged segments are
1.93 and 4. A closer look at these augmented data
shows that nearly all of these segments are simple
entities (e.g. STATE: “Illinois”, “Arizona” etc.)
or other Nouns (e.g. “area”, “population” etc.).
In contrast, subtree substitution can identify and
exchange much more complex structures, where
the average and maximal length of exchanged seg-
ments are 5.99 and 25. For example, largest city
in the smallest state in the USA and largest state
are identified as exchangeable. As a result, sub-
tree substitution could produce more complex ut-
terance and program pairs, where the average and
maximal length of these resulted utterances are
10.43 and 26, compared with the average (8.53)

and maximal (18) length of utterances returned by
GECA. Moreover, subtree substitution could gen-
erate much more augmented instances, because it
can identify more complex structures besides those
simple ones identified by GECA. Compared with
SCFG, SUBS could also identify complex struc-
tures automatically with subtrees, while SCFG only
handle simple phrases defined by rules.
Effect of Training Data Size Table 4 shows
that with more training examples, models’ perfor-
mances improve. In all settings, using (gold) sub-
tree substitution boosts the performance of BART.
When there are 100 and 200 training examples, the
improvement is more significant, demonstrating
the effectiveness of SUBS in the few-shot setting.

4 Related Work
Several data augmentation methods have been in-
troduced for (compositional) semantic parsing. Jia
and Liang (2016) recombined data by SCFG, and
Andreas (2019) used some simple rules to exchange
tokens with the same context. However, they lever-
aged only superficial grammars or rules, which
has limited capacity to identify complex structures.
Akyürek et al. (2020) learned to recombine and
resample data with a prototype-based generative
model, instead of using rules. Certain substructure
substitution methods have been explored for data
augmentation in other NLP tasks (Shi et al., 2021).
Dependency tree cropping and rotation within sen-
tence was used in low-resource language POS tag-
ging (Şahin and Steedman, 2019) and dependency
parsing (Vania et al., 2019). Dependency tree swap-
ping was explored in low-resource language depen-
dency parsing (Dehouck and Gómez-Rodríguez,
2020), and Universal Dependency features was
used for zero-shot cross-lingual semantic parsing
(Yang et al., 2021). However, subtree substitu-
tion with fine-grained meaning functions has not
been examined. Some rule-based data augmenta-
tion methods were also explored in table semantic
parsing (Eisenschlos et al., 2020; Yang et al., 2022).
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To the best of our knowledge, we are the first to
explore tree manipulation for semantic parsing.

5 Conclusion
This work proposed to use subtree substitution to
compositionally augment the data of semantic pars-
ing to help the compositional generalization. Our
method achieved significant improvements over
seq2seq models, other data augmentation methods
and span-based semantic parsing.
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Gözde Gül Şahin and Mark Steedman. 2019.
Data augmentation via dependency tree morph-
ing for low-resource languages. arXiv preprint
arXiv:1903.09460.

Haoyue Shi, Karen Livescu, and Kevin Gimpel. 2021.
Substructure substitution: Structured data augmenta-
tion for nlp. arXiv preprint arXiv:2101.00411.

Clara Vania, Yova Kementchedjhieva, Anders Søgaard,
and Adam Lopez. 2019. A systematic comparison
of methods for low-resource dependency parsing on
genuinely low-resource languages. arXiv preprint
arXiv:1909.02857.

Jingfeng Yang, Federico Fancellu, Bonnie Webber, and
Diyi Yang. 2021. Frustratingly simple but surpris-
ingly strong: Using language-independent features
for zero-shot cross-lingual semantic parsing. In Pro-
ceedings of the 2021 Conference on Empirical Meth-
ods in Natural Language Processing, pages 5848–
5856.

173



Jingfeng Yang, Aditya Gupta, Shyam Upadhyay,
Luheng He, Rahul Goel, and Shachi Paul. 2022.
Tableformer: Robust transformer modeling for table-
text encoding. arXiv preprint arXiv:2203.00274.

John M Zelle and Raymond J Mooney. 1996. Learning
to parse database queries using inductive logic pro-
gramming. In Proceedings of the national conference
on artificial intelligence, pages 1050–1055.

Hao Zheng and Mirella Lapata. 2020. Compositional
generalization via semantic tagging. arXiv preprint
arXiv:2010.11818.

A Training Details

We adapted OpenNMT (Klein et al., 2017) for
LSTM model with attention and copying mech-
anism, while used fairseq (Ott et al., 2019) to im-
plement BART model.

We manually tune the hyper-parameters. For
LSTM models, we use one-layer bidirectional
LSTM in the encoder side and one-layer unidirec-
tional LSTM in the decoder side. We use dropout
with 0.5 as dropout rate and Adam optimizer with
a learning rate of 0.001. We use MLP attention
and reuse attention scores as copying scores. On
GEOQUERY, the batch size is set to 1 sentence
without augmented data and set to 64 sentences
with augmented data. On SCAN, all batch sizes are
64 sentences. For BART models, we use BART
large models. We use Adam as optimizer with a
learning rate 1e-5. We use dropout and attention
dropout with 0.1 as dropout rate. Also, we use label
smoothing with a rate 0.1. Batch sizes are 1024
tokens. Besides, we employ a weight-decay rate
0.01. All the parameters are manually tuned based
on the dev performance.

We train all models on NVIDIA A100 SXM4 40
GB GPU. We set the max training epoch to be 100
and select the best performed epoch according to
dev performance. Training process on each clause
or whole sequence could be finished within 3 hours.

For baselines with other data augmentation meth-
ods, we reran GECA and SCFG on this FunQL for-
malism of GEOQUERY and these splits with anno-
tated span trees. That’s why our results are a little
different from the reported results in the original
paper. We got similar results with their source code
and our code on our data, in order to make sure that
there is no problem with our results and code.

We got the same denotation accuracy as reported
by Herzig and Berant (2020), but we reported exact-
match accuracy on Table 2 for fair comparison.
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Abstract

The scientific claim verification task requires
an NLP system to label scientific documents
which SUPPORT or REFUTE an input claim,
and to select evidentiary sentences (or ratio-
nales) justifying each predicted label. In this
work, we present MULTIVERS, which predicts
a fact-checking label and identifies rationales in
a multitask fashion based on a shared encoding
of the claim and full document context. This ap-
proach accomplishes two key modeling goals.
First, it ensures that all relevant contextual in-
formation is incorporated into each labeling
decision. Second, it enables the model to learn
from instances annotated with a document-level
fact-checking label, but lacking sentence-level
rationales. This allows MULTIVERS to per-
form weakly-supervised domain adaptation by
training on scientific documents labeled using
high-precision heuristics. Our approach out-
performs two competitive baselines on three
scientific claim verification datasets, with par-
ticularly strong performance in zero / few-shot
domain adaptation experiments. Our code and
data are available at https://github.com/
dwadden/multivers.

1 Introduction

The proliferation of scientific mis- and dis-
information on the web has motivated the release
of a number of new datasets (Saakyan et al., 2021;
Sarrouti et al., 2021; Wadden et al., 2020; Kotonya
and Toni, 2020) and the development of modeling
approaches (Pradeep et al., 2021; Li et al., 2021;
Zhang et al., 2021) for the task of scientific claim
verification. The goal of the task is to verify a given
scientific claim by labeling scientific research ab-
stracts which SUPPORT or REFUTE the claim, and
to select evidentiary sentences (or rationales) re-
porting the findings which justify each label.

A common approach to this task is to first ex-
tract rationales from the larger document context,
and then make label predictions conditioned on the

Ibuprofen worsens COVID-19 symptoms

Covid-19 and avoiding Ibuprofen. 
…
a potential increased risk of COVID-19 
infection was feared with ibuprofen use
...
At this time, there is no supporting evidence 
to discourage the use of ibuprofen

Claim:

Label: REFUTES

Evidence abstract:

Figure 1: A claim from the HealthVer dataset, refuted
by a research abstract. The sentence in red is a rationale
reporting a finding that REFUTES the claim. However,
this finding cannot be interpreted properly without the
context in blue, which specifies that the finding applies
to Ibuprofen as a treatment for COVID. MULTIVERS
incorporates the full context of the evidence-containing
abstract when predicting fact-checking labels.

selected rationales. This “extract-then-label” ap-
proach has two important drawbacks, which we
aim to address in this work. First, the rationales
may lack information required to make a prediction
when taken out-of-context; for instance, they may
contain acronyms or unresolved coreferences, or
lack qualifiers that specify the scope of a reported
finding (Figure 1 provides an example). Second,
the “extract-then-label” approach requires training
data annotated with both sentence-level rationales
and abstract-level labels. While sentence-level ra-
tionale annotations are costly and require trained
experts, abstract-level labels can be created cheaply
using high-precision heuristics, e.g., the titles of
research papers sometimes make claims that are
supported by their abstracts.

Motivated by these challenges, we introduce
MULTIVERS (Multitask Verification for Science):
Given a claim and evidence-containing scientific
abstract, MULTIVERS creates a shared encoding of
the entire claim / abstract context, using the Long-
former encoder (Beltagy et al., 2020) to accommo-
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date long sequences. Then, it predicts an abstract-
level fact-checking label and sentence-level ratio-
nales in a multitask fashion, enforcing consistency
between the outputs of the two tasks during de-
coding. This modeling approach ensures that label
predictions are made based on all available con-
text, and enables training on instances derived via
weak supervision for which abstract-level labels
are available, but sentence-level rationales are not.

In experiments on three scientific claim verifi-
cation datasets, we find that MULTIVERS outper-
forms two state-of-the-art baselines, one of which
has more than 10x the parameters of our system.
In addition, we show that training MULTIVERS
on weakly-labeled in-domain data substantially im-
proves performance in the zero / few-shot domain
adaptation settings. The ability to achieve reason-
able performance given limited labeled data is es-
pecially valuable in specialized domains, due to the
high cost of collecting expert annotations.

In summary, our contributions are as follows:
1. We introduce MULTIVERS, a multitask sys-

tem for full-context scientific claim verification.
MULTIVERS improves fully-supervised fact-
verification performance by an average of 11%
on three datasets over two state-of-the-art base-
lines, with improvements of 14% and 26% in
the few-shot and zero-shot settings.

2. We present weak supervision heuristics to as-
sign fact-checking labels to two large scientific
datasets, and show that training on these an-
notations more than doubles zero-shot domain
adaptation performance.

3. Through ablations and analysis, we demonstrate
that our multitask modeling approach achieves
our goals of incorporating full-document con-
text into label predictions, and facilitating zero /
few-shot domain adaptation.

2 Background

2.1 The scientific claim verification task
We use the definition of scientific claim verification
from the SCIFACT task (Wadden et al., 2020), and
provide a brief overview of the task here. Other
works have cast scientific claim verification as a
sentence-level natural language inference (NLI)
task; in §4.1, we describe how we process these
datasets to be compatible with the task as consid-
ered in this work.

Task definition Given a claim c and a collec-
tion of candidate abstracts which may contain

evidence relevant to c, the scientific claim veri-
fication task requires a system to predict a label
y(c, a) ∈ {SUPPORTS,REFUTES,NEI1}, which
indicates the relationship between c and a for each
candidate a. For all abstracts labeled SUPPORTS

or REFUTES, the system must also identify ratio-
nales R(c, a) = {r1(c, a), . . . , rn(c, a)}, where
each ri(c, a) is a sentence from a that either entails
or contradicts the label y(c, a).2 The rationales may
not be self-contained, and may require additional
context from elsewhere in the abstract to resolve
coreferential expressions or acronyms, or to deter-
mine qualifiers specifying experimental context or
study population.3 Examples of these situations are
provided in Figure 1 and Appendix A.3.

Evaluation The SCIFACT task reports four evalu-
ation metrics. We have found that two of these met-
rics are sufficient to convey the important findings
for our experiments: (1) abstract-level label-only
evaluation computes the model’s F1 score in iden-
tifying abstracts that SUPPORT or REFUTE each
claim. Predicting the correct label y(c, a) is suf-
ficient; models do not need to provide rationales.
(2) Sentence-level selection+label evaluation com-
putes the point-wise product of the model’s F1
score in identifying the rationales R(c, a), with
the model’s abstract-level label y(c, a); this metric
rewards precision in identifying exactly which sen-
tences contain the evidence justifying the label. In
this work, we refer to these two metrics as “abstract”
and “sentence” evaluation respectively.

Retrieval settings For open scientific claim ver-
ification, the system must retrieve candidate ab-
stracts from a corpus of documents. In the abstract-
provided setting, candidate abstracts for each claim
are given as input. We describe the retrieval set-
tings for all datasets in §4.1.

Supervision settings We consider three supervi-
sion settings. In the zero-shot domain adaptation
setting, models may not train on any in-domain fact-
checking data, though they may train on general-
domain fact-checking data and other available sci-
entific datasets. In the few-shot domain adaptation
setting, models may train on 45 claims from the tar-
get dataset. In the fully-supervised setting, models

1NEI stands for “Not Enough Info”.
2This rationale definition is simplified slightly from the

one presented in Wadden et al. (2020).
3This convention is consistent with related tasks in ratio-

nalized NLP for biomedical literature, such as Lehman et al.
(2019) and DeYoung et al. (2020).
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may train on all claims from the target dataset.
While most existing work on scientific fact-

checking has focused on the fully-supervised set-
ting, some recent work has examined the zero-shot
setting. Lee et al. (2021) use language model per-
plexity as a measure of claim veracity. Wright
et al. (2022) generate claims based on citation sen-
tences, and verify each generated claim against the
abstracts mentioned in the claim’s source citation.
Given the high potential impact of fact verifica-
tion systems for specialized domains, combined
with the substantial cost of creating these datasets,
we believe that the development of techniques for
zero / few-shot domain adaptation represents an
important area for continued research.

2.2 Scientific claim verification datasets
Several scientific claim verification datasets have
been released in the past few years. COVIDFact
(Saakyan et al., 2021) and HealthVer (Sarrouti
et al., 2021) verify COVID-19 claims against sci-
entific literature. PUBHEALTH (Kotonya and Toni,
2020) verifies public health claims against news
and web sources. SCIFACT (Wadden et al., 2020)
verifies claims made in citations in scientific papers.
CLIMATE-FEVER (Diggelmann et al., 2020) veri-
fies claims about climate change against Wikipedia.
In this work, our focus is verifying claims against
scientific literature. We therefore perform experi-
ments on the COVIDFact, HealthVer, and SCIFACT

datasets. Preprocessing details and summary statis-
tics for these datasets are included in §4.1.

2.3 Models
Motivated in part by the SCIVER shared task (Wad-
den and Lo, 2021) and leaderboard, a number of
models have been developed for SCIFACT (the fo-
cus of the shared task). The two strongest systems
on the shared task were VERT5ERINI (Pradeep
et al., 2021) and PARAGRAPHJOINT (Li et al.,
2021), which we adopt as baselines. More recently,
ARSJOINT (Zhang et al., 2021) achieved perfor-
mance competitive with these two systems.4

Given a claim c and candidate abstract
a, these models make predictions in two
steps. First, they predict rationales R̂(c, a) =
{r̂1(c, a), . . . , r̂n(c, a)} likely to contain evidence.
Then, they make a label prediction ŷ(c, fR(R̂(c, a))
based on the claim and predicted rationales, where
fR is a function which creates a representation of
the predicted rationales.

4Recent progress can be found on the SciFact leaderboard.

While existing models share this general ap-
proach, they use different functions fR to construct
rationale representations. For VERT5ERINI, ratio-
nale selection and label prediction are performed by
two separate T5-3B models, and fR concatenates
the text of the selected rationales. As a result, the
label predictor may not have access to all context
needed to make a correct label prediction. PARA-
GRAPHJOINT and ARSJOINT attempt to address
this issue by encoding the claim and full abstract
(truncating to 512 tokens), and using these represen-
tations as the basis for both rationale selection and
label prediction. The function fR consists of self-
attention layers over the (globally-contextualized)
token representations of the predicted rationales.
Thus, PARAGRAPHJOINT and ARSJOINT can in-
corporate abstract-level context into label decisions.
However, the mechanism by which this occurs is
more complex than for our proposed system and
requires rationale supervision for all training in-
stances.

3 The MULTIVERS model

We propose the MULTIVERS model for full-
context claim verification. In §3.1, we describe our
modeling approach. Rather than predicting ratio-
nales R̂(c, a) followed by the overall fact-checking
label ŷ(c, fR(R̂(c, a))), we predict ŷ(c, a) directly
based on an encoding of the entire claim and ab-
stract, and enforce consistency of R̂(c, a) with
ŷ(c, a) during decoding. A similar idea has been
shown to be effective on sentiment analysis and
propaganda detection with token-level rationales
(Pruthi et al., 2020). In §3.2, we explain how our
approach facilitates few-shot domain adaptation
using weakly-labeled scientific documents.

3.1 Full-context claim verification
Long-document encoding Given a claim c and
candidate abstract a consisting of title t and sen-
tences s1, . . . , sn, we concatenate the inputs sepa-
rated by </s> tokens. The </s> token following
each sentence si is notated as </s>i :

<s> c </s> t </s> s1 </s>1 . . . sn </s>n

The model input sometimes exceeds the 512-token
limit common to transformer-based language mod-
els like BERT (Devlin et al., 2019) and RoBERTa
(Liu et al., 2019); see Table 1 for details on how
frequently this occurs. Therefore, we use the Long-
former model (Beltagy et al., 2020) as our encoder.
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We assign global attention to the <s> token, as
well as all tokens in c and all </s> tokens.

Multitask rationale selection and label predic-
tion Given the full-context Longformer encoding,
we predict whether sentence si is a rationale via a
binary classification head, consisting of two feed-
forward layers followed by a two-way softmax, on
top of the globally-contextualized token </s>i .

Similarly, we predict the overall fact-checking
label ŷ(c, a) by adding a three-way classification
head over the encoding of the <s> token. Since
the <s> token is trained with global attention, the
model makes predictions based on a representation
of the entire claim and abstract.

During training, we compute the cross-entropy
losses for the label and rationale predictions, and
train to minimize the multitask loss:

L = Llabel + λrationaleLrationale (1)

where λrationale is tuned on the dev set.
At inference time, we first predict ŷ(c, a) to be

the label with the highest softmax score. If the
predicted label is NEI, we predict no rationales.
If the predicted label is either SUPPORTS or RE-
FUTES, then we predict rationales as all sentences
with an assigned softmax score of greater than 0.5.
If no sentences have a rationale softmax over 0.5,
then we predict the highest-scoring sentence as the
sole rationale. In §6.2, we show that this ability to
condition the rationale predictions on the label pre-
diction (as opposed to conditioning the label on the
predicted rationales) leads to substantial improve-
ment in the zero-shot domain adaptation setting.

Candidate abstract retrieval For datasets that
require retrieval of candidate abstracts, we rely
on the VERT5ERINI (Pradeep et al., 2021) re-
trieval system, which achieved state-of-the-art per-
formance on the SCIVER shared task (SCIVER

used the SCIFACT dataset for evaluation). This
model first retrieves abstracts using BM25 (Robert-
son and Zaragoza, 2009), then refines the predic-
tions using a neural re-ranker based on Nogueira
et al. (2020), which is trained on the MS MARCO
passage dataset (Campos et al., 2016).

3.2 Training for domain adaptation
Three types of data are available to train scien-
tific claim verification systems. (1) In-domain
fact-checking annotations are the “gold standard”,
but they are expensive to create and require ex-
pert annotators. (2) General-domain fact-checking

datasets like FEVER (Thorne et al., 2018) are abun-
dantly available, but generalize poorly to scientific
claims (see §6.1). (3) Scientific documents – ei-
ther unlabeled or labeled for different tasks – are
abundant, and high precision heuristics (described
in §4.2) can be used to generate document-level
fact-checking labels y(c, a) for these data.

We train MULTIVERS as follows: we first pre-
train on a combination of general-domain fact-
checking annotations, combined with weakly-
labeled in-domain data.5 Then, we finetune on
the target scientific fact-checking dataset. The mul-
titask architecture of MULTIVERS is well-suited
to this strategy, since the model can be trained on
data with or without rationale annotations. When
no rationales are available, we set λrationale = 0 in
the loss function and train as usual. By contrast,
training an “extract-then-label” model on weakly-
supervised data requires creating rationale annota-
tions R(c, a), which is quite noisy (see §4.2).

4 Datasets
4.1 Scientific claim verification datasets
We experiment with three scientific claim verifi-
cation datasets. Table 1 provides a summary of
important dataset characteristics. Preprocessing
steps and additional statistics can be found in Ap-
pendix A. HealthVer and COVIDFact were orig-
inally released in an NLI format, pairing claims
with (out-of-context) evidentiary sentences. We
convert to our task format by identifying the ab-
stracts in the CORD-19 corpus (Wang et al., 2020)
containing these sentences.

We use the following terminology: an atomic
claim makes an assertion about a single property
of a single entity, while a complex claim may make
assertions about multiple properties or entities.

SCIFACT Claims in SCIFACT (Wadden et al.,
2020) were created by re-writing citation sentences
occurring in biomedical literature into atomic
claims, which were verified against the abstracts of
the cited documents. REFUTED claims were cre-
ated by manually negating the original claims. Ab-
stracts that were cited but which annotators judged
not to contain evidence were labeled NEI. SCI-
FACT requires retrieval of candidate abstracts.

HealthVer (Sarrouti et al., 2021) consists of
COVID-related claims obtained by extracting snip-
pets from articles retrieved to answer questions

5We use “pretraining” as shorthand for “training on the tar-
get task with out-of-domain and/or weakly-supervised labels.”

178



Dataset Domain Claim source Open Has
NEI

Claim
complexity

Negation
method

Train
claims

Eval
claims

> 512
tokens

HealthVer COVID TREC-COVID ✗ ✓ Complex Natural 1,622 230 14.9%
COVIDFact COVID Reddit ✗ ✗ Complex Automatic 903 313 12.4%
SCIFACT Biomed Citations ✓ ✓ Atomic Human 1,109 300 27.4%

FEVER Wiki Wikipedia - ✓ Atomic Human 130,644 - 33.2%
PUBMEDQA Biomed Paper titles - ✓ Complex Automatic 58,370 - 12.1%
EVIDENCEINFERENCE Biomed ICO prompts - ✓ Atomic Automatic 7,395 - 42.7%

Table 1: Summary of datasets used in experiments. The top group of datasets are scientific claim verification
datasets, and the bottom group are for pretraining. Datasets with a ✓ for “Open” require that candidate abstracts be
retrieved from a corpus; those with a ✗ provide candidate abstracts as input. Datasets with a ✓ for “Has NEI” require
three-way (SUPPORTS / REFUTES / NEI) label prediction, while those with an ✗ are (SUPPORTS / REFUTES) only.
The “> 512 tokens” column indicates the percentage of claim / abstract contexts that exceed 512 tokens.

from TREC-COVID (Voorhees et al., 2020), ver-
ified against abstracts from the CORD-19 corpus
(Wang et al., 2020). Claims in HealthVer may be
complex. REFUTED claims occur naturally in the
article snippets. HealthVer provides candidate ab-
stracts for each claim, but some of these candidates
do not contain sufficient information to justify a
SUPPORTS / REFUTES verdict and are labeled NEI.

COVIDFact (Saakyan et al., 2021) collects
claims about COVID-19 scraped from a COVID-19
subreddit, and verifies them against linked scien-
tific papers, as well as documents retrieved via
Google search. Claims in COVIDFact may be
complex, and candidate abstracts for each claim
are provided. All candidates either SUPPORT or
REFUTE the claim. Claim negations were created
automatically by replacing salient words in the orig-
inal claims, and as a result the labels y(c, a) are
somewhat noisy (see Appendix A).

4.2 Pretraining datasets
We briefly describe our pretraining datasets and
the weak supervision heuristics used to construct
them. Detailed descriptions of these heuristics can
be found in Appendix A.1.

FEVER (Thorne et al., 2018) consists of claims
created by re-writing Wikipedia sentences into
atomic claims, verified against Wikipedia articles.

EVIDENCEINFERENCE (Lehman et al., 2019;
DeYoung et al., 2020) was released to facilitate un-
derstanding of clinical trial reports, which examine
the effect of an intervention on an outcome, rela-
tive to a comparator (“ICO” elements). The dataset
contains ICO prompts paired with (1) labels indi-
cating whether the outcome increased or decreased
due to the intervention, and (2) rationales justifying
each label. We use rule-based heuristics to convert

these prompts into claims – for instance “[interven-
tion] increases [outcome] relative to [comparator]”.

PUBMEDQA (Jin et al., 2019) was released to
facilitate question-answering over biomedical re-
search abstracts. We use the PQA-A subset, which
is a large collection of abstracts with “claim-like” ti-
tles – for instance, “Vitamin B6 supplementation in-
creases immune responses in critically ill patients.”
We treat the paper titles as claims and the matching
abstracts as the evidence sources.

To train models requiring rationale supervision,
we create weakly-supervised rationales by select-
ing the sentences with highest similarity to the
claim as measured by cosine similarity of Sentence-
BERT embeddings (Reimers and Gurevych, 2019).
These annotations are not used to train MUL-
TIVERS. To estimate the precision of our rationale
labeling heuristic, we predict rationales in the same
fashion for our supervised datasets and compute
the Precision@1 with which this method identi-
fies gold rationales. The scores are relatively low:
49.4, 48.8, and 43.4 for SCIFACT, COVIDFact, and
HealthVer respectively.

5 Experimental setup

We describe our model training procedure, the sys-
tems against we compare MULTIVERS, and our
ablation experiments.

5.1 Model training

Our complete training procedure consists of pre-
training on the three datasets from §4.2, followed
by finetuning on one of the target datasets from
§4.1. We conduct experiments with three different
levels of supervision. For zero-shot experiments,
we perform pretraining only. For few-shot exper-
iments, we pretrain followed by finetuning on 45
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target examples. For fully-supervised experiments,
we pretrain and then train on all target data.

Following Li et al. (2021), we found that nega-
tive sampling was important to achieve good pre-
cision on SCIFACT, which requires document re-
trieval. We train with 20 negative samples per claim
and retrieve 10 abstracts per claim at inference time.
Appendix C.3 shows results without negative sam-
pling. For the other datasets, no negative sampling
was used. Additional details including batch sizes,
learning rates, number of epochs, etc. can be found
in Appendix B.

During model development, we experimented
with training on all three target datasets combined
before predicting on each one, but found that this
did not improve performance; see Appendix C.4.

5.2 Baseline systems
We use PARAGRAPHJOINT and VERT5ERINI as
baselines. VERT5ERINI is the largest model,
with 5.6B parameters. MULTIVERS and PARA-
GRAPHJOINT are comparably-sized, with 440M
and 360M parameters, respectively.

In the fully-supervised setting, we compare
against both baselines. For prediction on SCIFACT,
we use publicly available model checkpoints as-
is. For training on HealthVer and COVIDFact,
we use the code provided by the authors, start-
ing from the available checkpoints trained on SCI-
FACT. Model hyperparameters (learning rate, batch
size, epoch number, etc.) for all systems including
MULTIVERS were tuned based solely on SCIFACT

and not adjusted further. Additional details can be
found in Appendix B.4.

Evaluation in the few-shot and zero-shot set-
tings requires pretraining and finetuning as de-
scribed in §5.1. Due to the expense of pretraining
T5-3B, we do not perform these experiments for
VERT5ERINI, and compare only against PARA-
GRAPHJOINT (which shows comparable perfor-
mance in the fully-supervised setting). We pretrain
PARAGRAPHJOINT on the data described in §4.2.

5.3 Ablations
Since PARAGRAPHJOINT and VERT5ERINI differ
from MULTIVERS along a number of important
dimensions (e.g. model architecture, number of pa-
rameters, and base encoder), we conduct ablations
to characterize the performance contributions of
three key components of MULTIVERS.

Pretraining data We compare the results of three
different pretraining strategies. For FEVERSCI, we

pretrain on all available data as described in §5.1.
For FEVER, we pretrain on FEVER only. For No-
Pretrain, we perform no pretraining.

Base encoder We compare the performance
achieved using LongFormer as the encoder for
MULTIVERS, compared to the results when we
swap in RoBERTa but keep other settings identical.
We use Longformer-large and RoBERTa-large.

Modeling approach We compare three model-
ing approaches: (1) The Multitask approach is the
method used by MULTIVERS as described in §3.1.
(2) The Pipeline approach consists of two separate
Longformer modules. The first selects rationales
as described in §3.1, but with Llabel removed from
Eq. 1, and the second module predicts a label given
the text of the rationales selected by the first mod-
ule as input. When pretraining on PUBMEDQA, we
train on the rationales chosen by Sentence-BERT
as described in §4.2. (3) The Multitask train /
Pipeline inference (MT / PI) approach takes the
model trained using the Multitask approach, and
performs inference using the Pipeline approach.
Specifically, MT / PI is trained to make label pre-
dictions based on full abstracts, but must make test-
time label predictions based on predicted rationales
only. By contrast, the Pipeline model makes label
predictions based on gold and predicted rationales
at train and test time, respectively.

6 Experimental results

We compare MULTIVERS performance relative to
our baseline systems, and present ablation results.

6.1 Main Results
Table 2 compares the performance of MULTIVERS
against PARAGRAPHJOINT and VERT5ERINI. A
few trends are apparent. First, MULTIVERS out-
performs the baselines on all datasets, with rel-
ative improvements — averaged over the three
datasets and two evaluation methods — of 26%,
14%, and 11% in the zero-shot, few-shot, and fully-
supervised settings respectively. We examine pos-
sible causes of this improvement in §6.2. Second,
while all models score within roughly six points
of each other on HealthVer and SCIFACT, variabil-
ity is much greater on COVIDFact. We suspect
that this is due to the automatically-generated na-
ture of COVIDFact negations. Third, we observe
that HealthVer appears to be the most challenging
dataset of the three. Few-shot abstract-level F1
scores for COVIDFact and SCIFACT are generally
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HealthVer COVIDFact SCIFACT
Abstract Sentence Abstract Sentence Abstract Sentence

Setting Model P R F1 P R F1 P R F1 P R F1 P R F1 P R F1

Zero PARAGRAPHJOINT 72.3 14.4 24.0 22.9 2.7 4.9 51.3 37.9 43.6 31.5 16.0 21.3 52.9 32.4 40.2 36.4 14.9 21.1

MULTIVERS 60.6 20.5 30.7 25.0 4.6 7.8 48.8 45.7 47.2 32.7 18.5 23.6 49.0 44.6 46.7 39.0 21.6 27.8

Few PARAGRAPHJOINT 62.7 41.6 50.0 46.0 29.3 35.8 73.3 60.6 66.3 44.3 30.6 36.2 44.4 51.4 47.6 33.0 35.1 34.0

MULTIVERS 63.6 47.9 54.7 41.9 31.0 35.7 71.3 68.1 69.7 39.5 35.4 37.4 76.4 54.1 63.3 51.7 40.3 45.3

Full
VERT5ERINI 71.3 74.0 72.6 65.6 61.2 63.3 76.6 52.7 62.4 44.8 27.2 33.9 64.0 73.0 68.2 60.6 66.5 63.4
PARAGRAPHJOINT 75.0 68.3 71.5 69.9 60.6 64.9 71.5 68.1 69.8 41.4 40.3 40.8 75.8 63.5 69.1 68.9 54.6 60.9

MULTIVERS 78.9 76.3 77.6 71.4 67.0 69.1 77.3 77.3 77.3 41.5 46.1 43.7 73.8 71.2 72.5 67.4 67.0 67.2

Table 2: Performance of MULTIVERS and baselines. In the fully-supervised setting, we compare to PARA-
GRAPHJOINT and VERT5ERINI, which exhibit comparable performance. In the zero and few-shot settings, we
compare to PARAGRAPHJOINT only due to the high cost of pretraining VERT5ERINI. We report performance using
abstract-level and sentence-level evaluation as defined in §2.1.

within 10 F1 of their fully-supervised values, while
the gap is roughly 20 F1 for HealthVer. This may
be due to the high complexity of HealthVer claims.

6.2 Ablations
The results of all ablations are shown in Table 3.
We report abstract and sentence-level F1 scores in
the main text; full results can be found in Table 9
in Appendix C.

In-domain pretraining substantially improves
zero / few-shot performance In Table 3a, we
compare the performance of models pretrained on
FEVERSCI, FEVER, and No-Pretrain. In the zero-
shot setting, removing scientific data during pre-
training results in a relative performance decrease
of 65%, averaged over the three datasets and two
evaluation methods. The decrease is driven primar-
ily by very low recall (see Table 9a).

In the few-shot setting, FEVER pretraining
scores within 4% of FEVERSCI, while No-Pretrain
results in a 39% decrease relative to FEVERSCI.
This suggests that training on a handful of target
examples is sufficient to recalibrate a model trained
for a different domain, but not to learn the task from
scratch. In the fully-supervised setting, FEVER

pretraining is only slightly worse than FEVERSCI,
while No-Pretrain lags by roughly 9%. Overall,
the results indicate that pretraining always helps,
and pretraining on weakly-labeled in-domain data
helps especially when target data are scarce.

Longformer improves performance on datasets
with long documents Table 3b compares the per-
formance of MULTIVERS when Longformer and
RoBERTa are used as the base encoder. Using
Longformer consistently helps on SCIFACT, but

does not help on the other two datasets. This is
unsurprising, since 27% of SCIFACT instances ex-
ceed the RoBERTa token limit, compared to less
than 15% for the other two datasets (Table 1).

Multitask modeling improves zero / few-shot
performance Results comparing our three dif-
ferent modeling approaches are shown in Table
3c. In the zero-shot setting, we find that Multitask
performs best, with both MT / PI and Pipeline ex-
hibiting performance drops greater than 50%. The
Multitask approach of predicting rationales con-
ditioned on the predicted label leads to improved
recall (see Table 9c). Similarly, in the few-shot
setting, both Pipeline and MT / PI perform roughly
10% worse than Multitask. Collectively, the results
indicate that Multitask makes the best use of the
available data when target annotations are limited.

We also find that MT / PI outperforms Pipeline
in the zero-shot setting. This supports our intu-
ition from §3.2 that, while training on weakly-
supervised document-level labels improves zero-
shot performance, training on weakly-supervised
sentence-level rationales (as for Pipeline) leads to
worse performance than not training on these ratio-
nales (as for MT / PI).

In the fully-supervised setting, Multitask per-
forms best on SCIFACT, while Pipeline slightly
outperforms Multitask on HealthVer and COVID-
Fact. MT / PI performs substantially worse than
the other approaches on all datasets. We investigate
these findings further in §7.1; our results indicate
that Pipeline may, in effect, be trained to make
predictions based on insufficient evidence.
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Pretraining HealthVer COVIDFact SCIFACT

Zero FEVERSCI 30.7 / 7.8 47.2 / 23.6 46.7 / 27.8
FEVER 1.3 / 0.7 25.2 / 11.2 23.9 / 11.8

Few
FEVERSCI 54.7 / 35.7 69.7 / 37.4 63.3 / 45.3
FEVER 53.4 / 31.9 74.4 / 42.1 54.5 / 39.0
No-Pretrain 39.4 / 27.0 67.8 / 22.6 24.2 / 10.8

Full
FEVERSCI 77.6 / 69.1 77.3 / 43.7 72.5 / 67.2
FEVER 77.1 / 70.3 77.4 / 43.3 67.9 / 61.7
No-Pretrain 74.5 / 69.7 69.7 / 36.6 63.3 / 58.4

(a) Effect of pretraining data. In-domain pretraining is very
effective in the zero- and few-shot settings. In the zero-shot
setting, “No-Pretrain” metrics are not shown since this would
correspond to no training at all.

Encoder HealthVer COVIDFact SCIFACT

Zero Longformer 30.7 / 7.8 47.2 / 23.6 46.7 / 27.8
RoBERTa 34.2 / 9.2 48.3 / 26.2 45.2 / 25.9

Few Longformer 54.7 / 35.7 69.7 / 37.4 63.3 / 45.3
RoBERTa 51.2 / 36.9 72.1 / 41.0 50.5 / 34.0

Full Longformer 77.6 / 69.1 77.3 / 43.7 72.5 / 67.2
RoBERTa 78.8 / 72.7 78.2 / 43.4 67.6 / 62.3

(b) Effect of base encoder. Longformer improves performance
on SCIFACT, which has the largest fraction of instances ex-
ceeding the RoBERTa token limit.

Approach HealthVer COVIDFact SCIFACT

Zero
Multitask 30.7 / 7.8 47.2 / 23.6 46.7 / 27.8
Pipe 3.2 / 0.9 19.0 / 10.5 22.5 / 12.8
MT / PI 4.5 / 1.8 26.7 / 13.5 28.3 / 17.7

Few
Multitask 54.7 / 35.7 69.7 / 37.4 63.3 / 45.3
Pipe 52.8 / 29.5 68.3 / 38.2 53.0 / 39.9
MT / PI 46.7 / 32.3 59.3 / 34.1 56.2 / 41.1

Full
Multitask 77.6 / 69.1 77.3 / 43.7 72.5 / 67.2
Pipe 78.4 / 69.2 77.6 / 47.7 70.9 / 66.2
MT / PI 70.6 / 64.3 73.3 / 44.0 60.3 / 57.0

(c) Effect of model architecture. The Multitask approach
performs best in the zero- and few-shot settings. We examine
the fully-supervised setting in detail in §7.1.

Table 3: Ablations examining the effects of pretraining
data, base encoder, and modeling approach. Entries are
formatted “{Abstract-level F1} / {Sentence-level F1}”.

7 Analysis

7.1 Fully-supervised Pipeline performance

In §6.2, we found that the Pipeline approach (but
not the MT / PI approach) performed on par with
the Multitask approach in the fully-supervised set-
ting. To understand this finding, we collected
detailed annotations for 128 claim / evidence in-
stances from the SCIFACT test set. For each in-
stance, an annotator indicated whether the anno-
tated rationales were “self-contained” — i.e. suffi-
cient to justify the fact-checking label when taken

Self-
contained

Context-
dependent

Approach P R F1 P R F1 %∆

Multitask 86.1 82.9 84.5 90.3 60.9 72.7 -14.0%
Pipeline 92.4 89.0 90.7 82.4 60.9 70.0 -22.8%
MT / PI 91.8 54.9 68.7 100.0 13.0 23.1 -66.4%

Count 82 46

Table 4: Performance of the Multitask, Pipeline, and MT
/ PI modeling approaches on SCIFACT instances with
rationales that are self-contained (can be interpreted in
isolation) or context-dependent (must be interpreted in
the context of the abstract). Evaluation is performed in
the abstract-provided setting. We report abstract-level
metrics; sentence-level results are similar. The %∆
indicates the drop in F1 score on context-dependent
instances relative to self-contained instances. Multitask
suffers the smallest performance loss, while MT / PI
suffers the largest.

in isolation, or “context-dependent” — i.e. only
sufficient when taken in the context of the abstract.
Figure 1 and Table 8 provide examples; see Choi
et al. (2021) for a detailed discussion of different
forms of context-dependence.6

Table 4 compares the performance of the
three modeling approaches on instances with self-
contained vs. context-dependent evidence. We
find that all approaches have lower performance
on context-dependent instances relative to self-
contained instances, but the size of the perfor-
mance drop varies widely. The Multitask approach
performs 14.0% worse on context-dependent in-
stances, while the Pipeline approach performs
22.8% worse. Most interestingly, MT / PI per-
forms 66.4% worse, driven predominantly by low
recall. The MT / PI model frequently (and cor-
rectly) predicts that context-dependent rationales
are not sufficient to justify a SUPPORTS / REFUTES

decision. These findings suggest that (1) the Mul-
titask approach is, as expected, best at verifying
claims with context-dependent evidence, and (2)
the Pipeline approach has, in effect, over-fit to
context-dependent rationales and learned to make
predictions based on insufficient evidence.

7.2 Performance upper bound

To determine an “upper bound” on the achievable
performance of scientific fact-checking models, we

6Unlike Choi et al. (2021), we do not include the presence
of acronyms as “context-dependent,” since an acronym can
be matched with its expansion based on surface-level textual
features. See Appendix C.2 for further analysis of acronyms.
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Abstract Sentence

P R F1 P R F1

VERT5ERINI 90.7 74.3 81.7 79.6 62.2 69.8
PARAGRAPHJOINT 87.2 64.4 74.1 76.7 55.1 64.1
MULTIVERS 87.4 75.2 80.9 80.5 70.3 75.0

Human 94.8 84.1 89.1 67.4 67.4 67.4

Table 5: Performance on SCIFACT in the “abstract-
provided” setting. Models exceed human agreement as
measured by sentence-level F1, but not abstract-level.

assign 151 claim-evidence pairs from SCIFACT for
independent annotation by two different annotators.
We estimate human-level performance by treating
the first annotator’s results as “gold,” and the sec-
ond annotator’s results as predictions. For compar-
ison, we make predictions using MULTIVERS and
our two baseline models, with candidate abstracts
provided as input. The results are shown in Table 5.
Existing systems already exceed human agreement
for sentence-level evaluation, but not abstract-level,
indicating that experts tend to agree on the overall
relationship between claim and abstract, but may
disagree about exactly which sentences contain the
best evidence. This constitutes another reason not
to rely solely on selected rationales when predict-
ing a fact-checking label: the choice of rationales
is itself somewhat subjective.

In addition, these results suggest that one key
subtask of scientific claim verification — namely,
predicting whether an evidence-containing abstract
SUPPORTS or REFUTES a claim — may be nearly
“solved” in the setting where (1) the claims are
atomic and (2) roughly 1,000 in-domain labeled
claims are available for training.

8 Related work

Background on scientific claim verification is cov-
ered in §2; we discuss other relevant work here.
Nye et al. (2020) have previously observed that
document-level context is often required to prop-
erly interpret scientific findings.

DeYoung et al. (2020) use an “extract-then-label”
pipeline for the original EVIDENCEINFERENCE

task. Multitask label prediction and rationale se-
lection was proposed by Pruthi et al. (2020) and
applied to sentiment analysis and propaganda de-
tection. As in this work, the authors condition on
the predicted label when predicting rationales. An-
other alternative to supervised rationale selection
is to treat rationales as latent variables (Lei et al.,
2016; Paranjape et al., 2020).

Long-document encodings for fact verification
have been explored by Stammbach (2021), who use
Big Bird (Zaheer et al., 2020) for full-document ev-
idence extraction from FEVER. Domain adaptation
for scientific text has been studied in a number of
works, including Gururangan et al. (2020); Beltagy
et al. (2019); Lee et al. (2020); Gu et al. (2021).
In those works, the primary focus is on language
model pretraining. Here, we focus on training on
the target task using out-of-domain and weakly-
labeled data.

9 Conclusion

This work points to a number of promising future
directions for scientific claim verification. These
include applying the approach presented here to de-
velop scientific claim verification models for new
scientific sub-domains or other specialized fields
given a handful of labeled examples, and extending
the task definition to verify claims against longer
contexts (e.g. full scientific papers) or larger cor-
pora. Our task formulation also offers an oppor-
tunity to study the effects of rationale decontex-
tualization (Choi et al., 2021), especially in cases
where models may be making predictions based on
insufficient evidence.

In presenting the MULTIVERS system, we ad-
dressed two challenges associated with scientific
claim verification: incorporating relevant informa-
tion beyond rationale boundaries by modeling full-
document context, and facilitating zero / few-shot
domain adaptation through weak supervision en-
abled by a multitask modeling approach. Our ex-
periments show that MULTIVERS outperforms ex-
isting systems across several scientific claim veri-
fication datasets. We hope that the task, data, and
modeling resources presented in this paper will
encourage further work and progress towards the
broader goals of identifying and addressing scien-
tific mis- and disinformation.

10 Ethical considerations and broader
impact

One long-term goal of research on scientific claim
verification is to build systems that can automati-
cally identify mis- and dis-information, which we
believe would be socially beneficial given the cur-
rent prevalence of mis- and dis-information online.

In the shorter term, this work presents two po-
tential risks. First, automated systems for scientific
fact-checking are not mature enough to inform real-
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world medical decisions. We will include a dis-
claimer with released software to this effect. Sec-
ond, bad actors could potentially use this work to
develop disinformation generators trained to “fool”
automated fact-checkers. While this risk cannot
be ruled out, we believe that the benefits of pub-
lishing this work and making our models available
to the community to facilitate further research out-
weigh the risks that this work will be misused by
malicious actors.
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A Data processing and statistics

A.1 Data preprocessing

SCIFACT We use SCIFACT in its original form,
as it was released by the paper authors (Wadden
et al., 2020).

HealthVer The HealthVer (Sarrouti et al., 2021)
data release available at https://github.com/

sarrouti/HealthVer appears in NLI format, pair-
ing claims with evidence-containing sentences;
the documents from which the sentences were
extracted are not provided. We match evidence-
containing sentences to their abstracts in the
CORD-19 corpus (Wang et al., 2020) using a sim-
ple substring search, after normalizing for capital-
ization and whitespace differences. Evidence for
which no match was found in the corpus is dis-
carded.

We then segment the abstracts into sentences.
Any sentence in the abstract with a string overlap
of > 50% with the evidence provided in the origi-
nal data is marked as a rationale. A small number
of claims in HealthVer had both supporting and
refuting evidence in the same abstract; we remove
these claims as well to conform to our task defini-
tion. Modeling conflicting evidence is a promising
direction for future work.
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COVIDFact The COVIDFact data available
at https://github.com/asaakyan/covidfact is
released in a similar format to HealthVer. Like
HealthVer, we perform string search over CORD-
19 to identify the abstracts containing evidence,
and use the same procedure for assigning rationale
labels to sentences from the abstract. COVIDFact
also includes evidence from sources scraped from
the web that are not contained in CORD-19, such
as news articles. These sources are not provided
with the data release; we discard evidence from
non-CORD-19 sources7.

Refuted claims in COVIDFact are generated
automatically by replacing words in the original
claim. Based on a manual inspection, we found this
process to generate a truly refuted claim roughly a
third of the time; in most other cases, it generated
a claim that was either ungrammatical or for which
the provided evidence was irrelevant. A few cases
are provided in Table 6.

FEVER We use the FEVER dataset as-is.

EVIDENCEINFERENCE The EVIDENCEINFER-
ENCE dataset consists of “ICO” (intervention / com-
parator / outcome) prompts, paired with labels in-
dicating whether the intervention leads to an in-
crease, decrease, or no change in the outcome with
respect to the comparator. The dataset is avail-
able at https://evidence-inference.ebm-nlp.
com/. We use templates to convert these prompts to
claims. See Figure 2 for an example. Rationale an-
notations are provided for this dataset. Additional
examples of templates are below; the full list will
be included in the code release. Refuted claims are
generated by swapping “increase” and “decrease”
templates.

• Increase: [intervention] raises [outcome] rel-
ative to [comparator]

• No change: [intervention] and [comparator]
have very similar effects on [outcome]

• Decrease: [intervention] results in a decrease
in [outcome], relative to [comparator]

PUBMEDQA We use the PQA-A subset released
at https://pubmedqa.github.io/, which is fil-
tered for “claim-like” titles. We generate negations
by identifying titles with the phrases “does not”,

7Upon request, the paper authors did kindly provide us
with scraped evidence documents. Unfortunately, we did
not have time to re-run our experiments on these additional
sources.

Intervention

metronidazole

Comparator

placebo

Outcome

pre-term birth

Label

decreased

Treatment with metronidazole decreases pre-term 
birth relative to placebo

Figure 2: An example showing how an evidence infer-
ence prompt (top) can be converted into a claim (bottom)
using templates. A refuted claim could be generated by
substituting “increases” for “decreases” in the prompt
text.

“do not”, “are not”, “is not”. “Does not” and “do
not” are removed and the relevant verbs are mod-
ified to have the correct inflection; for instance
“smoking does not cause cancer” is converted to
“smoking causes cancer”. Similarly, “are not” and
“is not” are replaced by “are” and “is”.

To generate rationales needed to train pipeline
models on PUBMEDQA, we employ the following
procedure. First, we encode the claim and all ab-
stract sentences using the all-MiniLM-L6-v2
model from the Sentence-Transformers package
https://www.sbert.net/. Then, we rank ab-
stract sentences by cosine similarity with the claim
and label the top-k sentences as rationales, where
k is randomly sampled from {1, 2, 3} with a 4:2:1
frequency ratio (this matches the distribution of k
in SCIFACT).

A.2 Dataset statistics
Table 7 provides counts showing the number of
claim / evidence pairs with each label (SUPPORTS,
REFUTES, NEI), in each of our target datasets.
Note that a given claim may be (and often is) paired
with more than one abstract containing evidence.
HealthVer is the largest dataset. COVIDFact is
the smallest, in part due to the aggressive evidence
filtering described in §A.1.

A.3 Examples of context-dependent rationales
Table 8 provides an example of a context-
dependent rationale (as defined in §7.1), as well
as an example of a rationale with an undefined
acronym. The latter occurs when an acronym ap-
pears in a rationale but its full expansion does not;
an analysis of undefined acronyms is included in
Appendix C.2. The code and data release will con-
tain full annotations indicating which of the 128
human-annotated examples described in §7.1 are
context-dependent, and which contain undefined
acronyms.
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Original claim Automatic negation Comment

Sars-cov-2 reactive t cells . . . are likely
expanded by beta-coronaviruses

Sars-cov-2 reactive t cells . . . are not
expanded by beta-coronaviruses Successful negation

Regn-cov2 antibody cocktail prevents
and treats sars-cov-2 . . .

On-cov2 antibody cocktail prevents
and treats sars-cov-2 infection . . .

Ungrammatical; “On-cov2” isn’t a
scientific entity.

. . . immunity is maintained at 6
months following primary infection

. . . immunity is maintained at 6 weeks
following primary infection

Not refuted; The original claim entails the
negation. Immunity at 6 months implies
immunity at 6 weeks.

Table 6: Automatic negations from COVIDFact. Some are successful, in the sense that the attempted negation
contradicts the original claim. Others are either ungrammatical or are entailed by the original claim.

Fold Dataset SUPPORTS NEI REFUTES

Train
SCIFACT 508 485 265
COVIDFact 299 - 641
HealthVer 2384 2384 1464

Eval
SCIFACT 113 127 109
COVIDFact 102 - 215
HealthVer 374 304 225

Table 7: Evidence distribution by dataset.

A.4 Annotators
In §7, we report an analysis based on annotations
performed on the SCIFACT dataset. These annota-
tions were performed by students and / or profes-
sional annotators associated with the authors’ re-
search institutions. Annotators were paid between
$15 and $20 / hour.

B Modeling details

B.1 Implementation
We implement MULTIVERS using PyTorch Light-
ning (https://www.pytorchlightning.ai/),
which relies on PyTorch (https://pytorch.
org/).

B.2 Model training
Pretraining For pretraining, we train for 3
epochs on FEVER, EVIDENCEINFERENCE, and
PUBMEDQA, with the data randomly shuffled. We
train on 4 negative samples (i.e. abstracts contain-
ing no evidence) per claim, which we find improves
precision. We train on 8 NVIDIA RTX 6000 GPUs
with a batch size of 1 / gpu (effective batch size
of 8), using a learning rate of 1e − 5, using the
PyTorch Lightning implementation of the AdamW
optimizer with default settings. We initialize from
a Longformer-large checkpoint pretrained on the
S2ORC corpus (Lo et al., 2020).

Finetuning For finetuning, we train for 20
epochs on the target dataset (SCIFACT, HealthVer,

or COVIDFact). For SCIFACT, we train on 20 neg-
ative samples / claim. To create “hard” negatives
— i.e. abstracts that have high lexical overlap with
the claim — we create a search index from 500K
abstracts randomly selected from the biomedical
subset of the S2ORC corpus. For each claim, we
obtain negative abstracts by using the VERT5ERINI

retrieval system from §3.1 to retrieve the top-1000
most-similar abstracts from this index, removing
abstracts that are annotated as containing evidence,
and randomly sampling 20 abstracts to be used as
negatives during training.

Since HealthVer and COVIDFact do not have
a retrieval step, they do not require negative sam-
pling, and we train on the original datasets as-is.

Retrieval For SCIFACT, we performed dev set
experiments retrieving 10, 20, or 50 abstracts /
claim, and found that 10 was the best. We use
that in our final experiments.

B.3 Model hyperparameters
No organized hyperparameter search was per-
formed. We consulted with the authors of the Long-
former paper for suggestions about good model pa-
rameters, and generally followed their suggestions.

The loss function in Section 3.1 requires a
weight λrationale. This is set to 15 for all final experi-
ments. We informally experimented with values of
1, 5, and 15; no organized hyperparameter search
was performed. We selected the learning rate from
the values [9e− 5, 5e− 5, 1e− 5].

We performed all experiments with the
same random seed, 76, used by invoking the
seed_everything function in PyTorch Light-
ning.

All reported results are from a single model run.

B.4 Baselines
VERT5ERINI For prediction on SCI-
FACT, we use the checkpoint available at
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Category Example

Context-
dependent

Claim: Errors in peripheral IV drug administration are most common during bolus administration

Context: OBJECTIVES: To determine the incidence of errors in the administration of intravenous
drugs . . .

Evidence: . . . Most errors occurred when giving bolus doses
Explanation: The evidentiary sentence reporting the finding does not specify the type of error.

Undefined
acronym

Claim: Hematopoietic stem cells segregate their chromosomes randomly.
Context: we tested these hypotheses in hematopoietic stem cells (HSCs). . .
Evidence: . . . indicated that all HSCs segregate their chromosomes randomly.
Explanation: HSCs is an acronym for Hematopoietic stem cells.

Table 8: Examples from the SCIFACT dataset showcasing rationales that are context-dependent (top example), or
include an undefined acronym (bottom example).

https://github.com/castorini/pygaggle/

tree/master/experiments/vert5erini. For
COVIDFact and HealthVer, we follow the instruc-
tions in that repository to convert the data to the
required format, and train using the available
training code as-is, beginning from the available
SCIFACT checkpoint. We used Google Cloud TPU
for training and inference.

PARAGRAPHJOINT We use the code
available at https://github.com/jacklxc/

ParagraphJointModel. For predictions on
SCIFACT, we make predictions using the publicly
available checkpoint. For the other two target
datasets, we use the training code in the repo
without modification.

We used PARAGRAPHJOINT as our baseline for
zero / few-shot learning experiments, and hence
also performed pretraining on PARAGRAPHJOINT.
The repository provides code to train on the FEVER

dataset, which we used for pretraining with EVI-
DENCEINFERENCE and PUBMEDQA added to the
data.

C Additional results and analysis

C.1 Full ablation results
In Table 3, we presented F1 scores for ablations
comparing pretraining data, model architecture,
and encoder used. Table 9 presents the full results,
including precision and recall.

C.2 Performance on rationales with undefined
acronyms

In §7.1, we examined the difference in perfor-
mance on instances with self-contained vs. context-
dependent evidence. Here, we show the results of
evaluation on instances containing an undefined
acronym vs. cases without one. We find that unde-
fined acronyms do not pose a challenge for Multi-

task and Pipeline, but do cause a small performance
drop on MT / PI.

C.3 Negative sampling

In §5.1 we described how, for SCIFACT, we trained
on 20 negative abstracts per claim. The effect
of training on these additional negative samples
is shown in Figure 11. In the abstract-provided
setting, negative sampling is not very beneficial.
However, when the model must select evidence
from retrieved abstracts, precision drops off dra-
matically without negative sampling. This is worth
noting since it suggests that performance reported
when models are provided with “gold” candidate
abstracts may not offer an accurate estimate of the
accuracy these systems would achieve when de-
ployed in a real-world setting, which could require
systems to verify claims over hundreds of thou-
sands of documents.

C.4 Cross-dataset generalization

In §5, we discussed how the available scientific fact-
checking datasets differ in a number of important
respects. Here, we explore whether models trained
on one system are able to generalize to another
despite these differences. We train MULTIVERS
on each of our three datasets and then evaluate its
performance on the other two. We also train a ver-
sion of MULTIVERS on all three datasets together,
and evaluate on each one. Since COVIDFact has
no NEI instances, during evaluation we remove
all NEI instances from the other two datasets, and
evaluate in the abstract-provided setting.

The results are shown in Table 12. The sentence-
level evaluation results (Table 12b) indicate that
none of the datasets generalize well to each other
in their ability to identify rationales. The situation
is better for abstract labeling (Table 12a). SCIFACT

and HealthVer each generalize reasonably well to
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HealthVer COVIDFact SCIFACT
Abstract Sentence Abstract Sentence Abstract Sentence

Pretraining P R F1 P R F1 P R F1 P R F1 P R F1 P R F1

Zero FEVERSCI 60.6 20.5 30.7 25.0 4.6 7.8 48.8 45.7 47.2 32.7 18.5 23.6 49.0 44.6 46.7 39.0 21.6 27.8
FEVER 80.0 0.7 1.3 66.7 0.4 0.7 95.8 14.5 25.2 63.5 6.2 11.2 83.8 14.0 23.9 64.9 6.5 11.8

Few
FEVERSCI 63.6 47.9 54.7 41.9 31.0 35.7 71.3 68.1 69.7 39.5 35.4 37.4 76.4 54.1 63.3 51.7 40.3 45.3
FEVER 56.4 50.8 53.4 34.8 29.4 31.9 74.4 74.4 74.4 39.3 45.3 42.1 72.4 43.7 54.5 48.8 32.4 39.0
No-Pretrain 38.5 40.4 39.4 28.5 25.7 27.0 67.8 67.8 67.8 24.9 20.7 22.6 20.0 30.6 24.2 9.5 12.7 10.8

Full
FEVERSCI 78.9 76.3 77.6 71.4 67.0 69.1 77.3 77.3 77.3 41.5 46.1 43.7 73.8 71.2 72.5 67.4 67.0 67.2
FEVER 77.5 76.6 77.1 70.8 69.8 70.3 77.5 77.3 77.4 40.6 46.5 43.3 64.3 72.1 67.9 57.1 67.0 61.7
No-Pretrain 75.0 74.0 74.5 71.8 67.8 69.7 69.7 69.7 69.7 35.3 38.1 36.6 64.9 61.7 63.3 62.7 54.6 58.4

(a) Effect of pretraining data.

HealthVer COVIDFact SCIFACT
Abstract Sentence Abstract Sentence Abstract Sentence

Encoder P R F1 P R F1 P R F1 P R F1 P R F1 P R F1

Zero Longformer 60.6 20.5 30.7 25.0 4.6 7.8 48.8 45.7 47.2 32.7 18.5 23.6 49.0 44.6 46.7 39.0 21.6 27.8
RoBERTa 59.5 24.0 34.2 25.4 5.6 9.2 49.3 47.3 48.3 35.2 20.9 26.2 45.5 45.0 45.2 34.4 20.8 25.9

Few Longformer 63.6 47.9 54.7 41.9 31.0 35.7 71.3 68.1 69.7 39.5 35.4 37.4 76.4 54.1 63.3 51.7 40.3 45.3
RoBERTa 55.0 47.9 51.2 39.0 35.0 36.9 72.5 71.6 72.1 39.7 42.5 41.0 59.0 44.1 50.5 36.8 31.6 34.0

Full Longformer 78.9 76.3 77.6 71.4 67.0 69.1 77.3 77.3 77.3 41.5 46.1 43.7 73.8 71.2 72.5 67.4 67.0 67.2
RoBERTa 77.8 80.0 78.8 73.4 72.0 72.7 78.2 78.2 78.2 40.8 46.3 43.4 67.1 68.0 67.6 62.7 61.9 62.3

(b) Effect of base encoder.

HealthVer COVIDFact SCIFACT
Abstract Sentence Abstract Sentence Abstract Sentence

Approach P R F1 P R F1 P R F1 P R F1 P R F1 P R F1

Zero
Multitask 60.6 20.5 30.7 25.0 4.6 7.8 48.8 45.7 47.2 32.7 18.5 23.6 49.0 44.6 46.7 39.0 21.6 27.8
Pipe 58.8 1.7 3.2 29.4 0.5 0.9 67.3 11.0 19 57.4 5.8 10.5 80.6 13.1 22.5 72.2 7.0 12.8
MT / PI 60.9 2.3 4.5 41.7 0.9 1.8 78.5 16.1 26.7 57.7 7.6 13.5 80.9 17.1 28.3 75.5 10.0 17.7

Few
Multitask 63.6 47.9 54.7 41.9 31.0 35.7 71.3 68.1 69.7 39.5 35.4 37.4 76.4 54.1 63.3 51.7 40.3 45.3
Pipe 56.3 49.7 52.8 32.6 27.0 29.5 69.4 67.2 68.3 40.6 36.0 38.2 54.8 51.4 53.0 43.7 36.8 39.9
MT / PI 67.0 35.9 46.7 44.5 25.3 32.3 72.6 50.2 59.3 40.2 29.7 34.1 85.3 41.9 56.2 54.7 33.0 41.1

Full
Multitask 78.9 76.3 77.6 71.4 67.0 69.1 77.3 77.3 77.3 41.5 46.1 43.7 73.8 71.2 72.5 67.4 67.0 67.2
Pipe 78.7 78.1 78.4 70.2 68.3 69.2 79.9 75.4 77.6 48.2 47.2 47.7 68.5 73.4 70.9 64.5 68.1 66.2
MT / PI 77.6 64.8 70.6 70.0 59.5 64.3 77.7 69.4 73.3 43.6 44.4 44.0 80.5 48.2 60.3 70.5 47.8 57.0

(c) Effect of model architecture.

Table 9: Full ablation results.

each other, but not to COVIDFact. COVIDFact
generalizes well to SCIFACT, but not to HealthVer.
In general, SCIFACT appears the “easiest” dataset
to generalize to; this could be explained by the fact
that SCIFACT claims were written to be atomic and
therefore simple to verify.

Finally, a model trained on all datasets combined
manages to achieve reasonable performance across
all three datasets, though falling short of the per-
formance of models trained specifically for each
individual dataset.

No undefined
acronym

Undefined
acronym

Approach P R F1 P R F1 %∆

Multitask 88.1 73.8 80.3 86.0 77.1 81.3 1.2%
Pipeline 89.9 77.5 83.2 88.6 81.2 84.8 1.9%
MT / PI 97.1 42.5 59.1 85.0 35.4 50.0 -15.4%

Count 80 48

Table 10: Performance of different modeling approaches
on instances with vs. without an undefined acronym.
We perform evaluation on the same data as reported in
Table 4.
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Retrieval
Neg.
sample

Abstract Sentence

P R F1 P R F1

Abstract-
provided

✗ 81.9 85.6 83.7 69.5 69.7 69.6
✓ 85.2 75.2 79.9 79.0 70.3 74.4

Open ✗ 38.9 80.6 52.5 35.4 65.1 45.9
✓ 73.8 71.2 72.5 67.4 67.0 67.2

Table 11: Effect of negative sampling on SCIFACT.

Eval→ HealthVer COVIDFact SCIFACT

Train ↓ F1 ∆ F1 ∆ F1 ∆

HealthVer 86.1 0.0 50.2 -24.0 73.4 -15.8
COVIDFact 50.6 -35.6 74.1 0.0 76.1 -13.1
SCIFACT 70.5 -15.7 54.6 -19.6 89.2 0.0

Combined 83.0 -3.2 64.3 -9.8 87.8 -1.3

(a) Abstract-level evaluation. SCIFACT and HealthVer gener-
alize fairly well to each other. COVIDFact generalizes well to
SCIFACT, but not HealthVer.

Eval→ HealthVer COVIDFact SCIFACT

Train ↓ F1 ∆ F1 ∆ F1 ∆

HealthVer 74.2 0.0 28.0 -12.6 39.7 -32.4
COVIDFact 14.6 -59.5 40.6 0.0 41.6 -30.6
SCIFACT 20.5 -53.7 33.9 -6.7 72.1 0.0

Combined 71.4 -2.8 39.8 -0.9 70.5 -1.6

(b) Sentence-level evaluation. None of the datasets generalize
particularly well to each other. HealthVer generalizes better to
SCIFACT than vice versa.

Table 12: Cross-dataset generalization performance.
The rows and columns indicate the training and eval-
uation datasets, respectively. The ∆ values indicate
the loss in performance from evaluating on a dataset
different from the one the model was trained on. The
“Combined” row indicates training on all datasets com-
bined.

190



Proceedings of the 2022 Conference of the North American Chapter of the Association for Computational Linguistics:
Human Language Technologies, pages 191 - 205

July 10-15, 2022 ©2022 Association for Computational Linguistics

Do Deep Neural Nets Display Human-like Attention in Short Answer
Scoring?

Zijie Zeng, Xinyu Li, Dragan Gašević and Guanliang Chen∗
Centre for Learning Analytics, Monash University

Melbourne, Victoria, Australia
{Zijie.Zeng, Xinyu.Li, Dragan.Gasevic, Guanliang.Chen}@monash.edu

Abstract

Deep Learning (DL) techniques have been in-
creasingly adopted for Automatic Text Scoring
in education. However, these techniques often
suffer from their inabilities to explain and jus-
tify how a prediction is made, which, unavoid-
ably, decreases their trustworthiness and hin-
ders educators from embracing them in prac-
tice. This study aimed to investigate whether
(and to what extent) DL-based graders align
with human graders regarding the important
words they identify when marking short an-
swer questions. To this end, we first conducted
a user study to ask human graders to manually
annotate important words in assessing answer
quality and then measured the overlap between
these human-annotated words and those identi-
fied by DL-based graders (i.e., those receiving
large attention weights). Furthermore, we ran
a randomized controlled experiment to explore
the impact of highlighting important words de-
tected by DL-based graders on human grading.
The results showed that: (i) DL-based graders,
to a certain degree, displayed alignment with
human graders no matter whether DL-based
graders and human graders agreed on the qual-
ity of an answer; and (ii) it is possible to fa-
cilitate human grading by highlighting those
DL-detected important words, though further
investigations are necessary to understand how
human graders exploit such highlighted words.

1 Introduction

Automatic Text Scoring refers to the task of apply-
ing computational techniques to score written text
based on certain grading criteria (Alikaniotis et al.,
2016). Since its inception (Page, 1966), Automatic
Text Scoring has been actively investigated and ap-
plied to assist educators in scoring student-written
text, e.g., short answer questions and essays, which
are often referred to as Automated Short Answer
Scoring (ASAS) (Brew and Leacock, 2013) and Es-
say Scoring (Rodriguez et al., 2019). Driven by the

∗ Corresponding author.

great success of Deep Learning (DL) techniques
in various NLP tasks, researchers have endeavored
to apply them to construct ASAS systems in re-
cent years (Xia et al., 2020; Sung et al., 2019b,a),
some of which displayed performance compara-
ble to human graders. For instance, (Xia et al.,
2020) showed that the average performance of an
attention-based bidirectional LSTM model could
be up to 0.71 (measured by the metric Quadratic
Weighted Kappa) in the ASAS competition orga-
nized by the Hewlett Foundation, which can be
deemed as achieving a substantial agreement with
human graders.

Though being effective, DL-based ASAS sys-
tems have been widely plagued by the inability to
explain how the quality of an answer is graded.
The lack of understanding the underlying work-
ing mechanism of these systems, beyond question,
may stop educators from adopting them in teach-
ing practice as there remain concerns that the use
of such ASAS systems might unintentionally en-
courage students to produce formulaic writings,
i.e., writing that is often lengthy and involve com-
plex words, but not much quality content (Wil-
son et al., 2021; Chen and Cheng, 2008; Wang
et al., 2013). Inspired by the research efforts in the
broader NLP communities, i.e., those focusing on
dissecting complex deep neural net architectures
and explaining how they work (Serrano and Smith,
2019; Wiegreffe and Pinter, 2019; Jain and Wal-
lace, 2019; Xie et al., 2020; Sun et al., 2021), in
the study presented in this paper we aimed to gain
a better understanding of how DL-based ASAS
systems work. Specifically, we investigated (i) the
alignment between DL-based graders and human
graders in terms of the words they think are im-
portant in the task of Short Answer Scoring and
(ii) whether the important words identified by DL-
based graders can be of use to human graders in the
marking process. Formally, this study was guided
by the following two Research Questions:

191



RQ1 To what extent do DL-based graders align
with human graders regarding the words that
are important in assessing answer quality?

RQ2 Can the important words identified by DL-
based graders be used to facilitate human
graders to perform marking?

We conducted two user studies to answer RQ1
and RQ2. For RQ1, with the dataset provided by
the Hewlett Foundation, we constructed relatively
simple but effective BERT-based graders (i.e., cou-
pling BERT with a single classification layer for
prediction), whose performances were comparable
to those reported in recent studies (Xia et al., 2020;
Surya et al., 2019). To locate words that were es-
sential in determining answer quality, we extracted
weights allocated to different input words in the
self-attention layers of BERT. Then, we ran a user
study to ask human graders to not only score an
answer but also annotate the words they believed
were important in contributing to or hurting the an-
swer quality. We measured the alignment between
BERT-based graders and human graders with the
aid of the Jaccard coefficient. Building upon the
results of RQ1, we further implemented a random-
ized controlled trial to investigate whether display-
ing the important words identified by BERT-based
graders can help human graders improve marking
accuracy and efficiency to answer RQ2.

In summary, our work contributes to the research
on Automated Text Scoring with the following
main findings: (i) text spans contained in an answer
that increase the answer quality, compared to those
decreasing answer quality, are more likely to be
identified by human graders; (ii) there exists a cer-
tain level of alignment between DL-based graders
and human graders regarding the words they think
are important in assessing answer quality no mat-
ter whether they agree on the quality score of an
answer; and (iii) the important words detected by
DL-based graders can be potentially used to facili-
tate human grading, though more research efforts
are required to understand how these words are to
be utilized by human graders.

2 Related Work

2.1 Automated Short Answer Scoring
As a sub-branch of Automatic Text Scoring, ASAS
aims to leverage statistical and machine learning
techniques to assess the quality of short answers
authored by students in education (Burrows et al.,

2015; Xia et al., 2020). Given its important role
played in supporting educators to scale up their
teaching practices (e.g., to meet the need of mark-
ing up to tens of thousands of answers submitted
by students and provide informative feedback in a
Massive Open Online Course (Pappano, 2012) in
a relatively short amount of time), ASAS has been
drawing attention from researchers since its incep-
tion (Page, 1966). Typically, ASAS can be tackled
as either a classification problem (Xia et al., 2020)
or a regression problem (Sahu and Bhowmick,
2020). As surveyed in (Bonthu et al., 2021), the
approaches used to tackle ASAS often fall into two
categories. One is based on traditional machine
learning techniques such as SVM (Gleize and Grau,
2013; Mohler et al., 2011; Higgins et al., 2014),
K-means (Sorour et al., 2015), Linear Regres-
sion (Nau et al., 2017; Heilman and Madnani, 2015;
Higgins et al., 2014), and Random Forests (Higgins
et al., 2014; Ramachandran et al., 2015; Ishioka
and Kameda, 2017), all of which heavily rely on the
input of manually-crafted features. For example,
Sultan et al. (2016) devised a set of features which
were based on a lexical similarity (i.e., similarities
between words identified by a paraphrase database
(Ganitkevitch et al., 2013)) and monolingual align-
ment (Sultan et al., 2014), and input the designed
features to a ridge regression model to obtain the
score of an answer. The other category is based
on DL techniques, such as Bi-LSTM (Xia et al.,
2020; Kim et al., 2018) and BERT (Sung et al.,
2019b), which, in contrast to traditional machine
learning approaches, often demonstrate superior
performance without the need to engineer human-
crafted features. For instance, Sung et al. (2019b)
proposed a fine-tuned BERT model for short an-
swer scoring, which outperformed human experts
in classifying short answers collected in the subject
of psychology.

It has been documented that the use of certain
Automated Text Scoring systems in education tends
to promote formulaic writing among students, i.e.,
producing lengthy and complex but not quality con-
tent (Wilson et al., 2021; Chen and Cheng, 2008;
Wang et al., 2013). As a result, there remain con-
cerns about the ability of these ASAS systems in
supporting teachers and instructors (Wilson et al.,
2021). To alleviate this issue, some studies were
proposed to investigate how ASAS systems work
to reach a decision (Higgins et al., 2014), which
mainly focused on the ASAS systems powered by
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traditional machine learning approaches. As an ex-
ample, Higgins et al. (2014) demonstrated that in-
cluding syntactically-informed features could boost
the predictive performance of an ASAS model, en-
hancing the model’s ability to identify high-quality
responses written by students. To our knowledge, it
remains largely unexplored the interpretation abil-
ity and reliability of ASAS systems powered by
up-to-date DL techniques. An exception is pre-
sented by (Manabe and Hagiwara, 2021), in which
a toolkit named EXPATS is introduced to enable
people to visualize not only models based on tradi-
tional machine learning techniques but also those
based on DL techniques as well as the predictions
produced by these models. Our work distinguished
itself from previous studies by collecting human-
annotated data to inspect how an answer was evalu-
ated by an ASAS system, i.e., comparing the over-
lap between the important answer words identified
by DL-based graders and human graders, to shed
light on the extent to which DL-based graders acted
like human graders in the marking process.

2.2 Interpretability of Deep Learning Models
in NLP

The interpretability and explainability of a predic-
tive model have been widely acknowledged as an
essential factor in helping human users understand
the validity of a prediction and decide whether to
adopt the model for practical use (Jacovi and Gold-
berg, 2020; Belinkov et al., 2020). In this strand of
research, one common method is called test-based
(Li et al., 2015; Jain and Wallace, 2019; Sun et al.,
2020; Lei et al., 2016), which interprets a predic-
tion by identifying relevant parts of input data that
drive the prediction, e.g., words contained in a long
sentence that play major roles in determining the
overall sentimental polarity of the sentence. When
it comes to the application of DL-models equipped
with attention mechanism (Bahdanau et al., 2014)
for NLP tasks, researchers often regard the weights
assigned by the attention layer to different parts
of input text as indicators of their importance to
the model prediction (Mohankumar et al., 2020;
Yang et al., 2016; Wang et al., 2016). However,
it remains disputable to use attention weights to
measure the importance of input text (Wiegreffe
and Pinter, 2019; Serrano and Smith, 2019; Jain
and Wallace, 2019). For instance, by manipulating
attention weights in well-trained models to analyze
their influences upon predictions in text classifi-

cation, Serrano and Smith (2019) concluded that
attention weights can only noisily predict the over-
all importance of different input text to a model
prediction and thus should not be regarded as an
optional measure for strict importance ranking. On
the contrary, Wiegreffe and Pinter (2019) claimed
that the feasibility of attention-as-explanation de-
pends on the concrete definition of explanation. In
line with this claim, when inspecting a Transformer-
based model for non-factoid question answering,
Bolotova et al. (2020) extracted the self-attention
weights assigned to words in an answer to mea-
sure their importance. Similarly, Zou and Ding
(2021) analyzed the self-attention weights in three
Transformer-based models to investigate whether
these models displayed human-like attention in the
task of goal-directed reading comprehension. Sim-
ilar to these studies, we treated the self-attention
weights in a BERT-based model as proxies to re-
veal the importance of different input text, but in
the task of ASAS.

2.3 Human Grading

It has been documented that human grading can be
affected by various factors, e.g., students’ ethnic-
ity (Hinnerich et al., 2011; Van Ewijk, 2011) and
gender (Protivínský and Münich, 2018), and the
order of answers to be graded Yen et al. (2020). For
instance, Protivínský and Münich (2018) showed
that teachers’ grading was biased towards female
students in subjects of mathematics and the native
language (Czech), and the observed grading dif-
ference was likely due to the different levels of
non-cognitive skills (e.g., engagement in the class-
room) displayed by female and male students. In
a different vein, Yen et al. (2020) demonstrated
that human graders spent much less time if they
were presented with answers sorted according to
their similarities with the marking rubric. Previous
research on text reading showed that highlighting
can facilitate people to remember and comprehend
reading materials (Fowler and Barker, 1974; Lorch,
1989; Lorch et al., 1995; Dodson et al., 2017; Sil-
vers and Kreiner, 1997). Inspired by this, we were
interested in investigating whether it can facilitate
human graders to score answer quality by high-
lighting words that DL-based graders identified as
important in ASAS.
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3 Methods

This study was approved by the Human Research
Ethics Committee at Monash University (Project
ID 30074). In the following, we first describe the
task and dataset based on which we examined the
alignment between DL-based graders and human
graders, followed by the construction of the DL-
based graders. Then, we detailed the setup of the
two user studies we implemented to answer RQ1
and RQ2.

3.1 Task, Dataset, and DL-based Graders

This study focused on the ASAS challenge orga-
nized by the Hewlett Foundation in Kaggle1, whose
dataset contains over 17, 000 answers written by
students of Grade 10 in the US to 10 different
question prompts. The subjects of these question
prompts include such subjects as science, biol-
ogy, and English. Notice that each of the question
prompts and the corresponding collected answers
have their own unique characteristics, e.g., differ-
ent marking rubrics, scoring scale (some are on
[0, 2] and the others are on [0, 3]), whether rele-
vant source material was provided, and the average
length of answers (ranging from 40 to 60 words). It
is worth noting that each of the answers contained
in the original dataset was double-scored, i.e., be-
ing rated by two independent human graders, and
we denoted these scores as Ground-truth Score1
and Ground-truth Score2, respectively, in this study.
As specified in the challenge, Ground-truth Score1
is the final score an answer received and also the
score that a model should aim to predict. As for
Ground-truth Score2, it can be used as a measure
of reliability. For instance, researchers can measure
the agreements (i) between a model and Ground-
truth Score1 and (ii) between Ground-truth Score1
and Ground-truth Score2, and then calculate the
difference between the two agreements to gain a
rough understanding of the gap between the con-
structed model and human graders.

In line with previous studies (Xia et al., 2020;
Surya et al., 2019; Sung et al., 2019b), we tackled
ASAS as a classification problem, i.e., classifying
answers to different quality groups. Inspired by
the great success of BERT (Devlin et al., 2018) in
various NLP tasks, we also used it to construct
DL-based graders to score an answer automati-
cally. The model structure is relatively simple,

1https://www.kaggle.com/c/asap-sas

i.e., we only coupled BERT with a single classi-
fication layer for prediction and then adapted the
model to capture the unique characteristics of this
task by fine-tuning on the graded answers. Given
the unique characteristics of the different question
prompts contained in the dataset, we decided to
build a BERT-based grader for each of the question
prompts. For each question prompt, we randomly
split the answers in the ratio of 8:1:1 as training, val-
idation, and testing sets. The details of the construc-
tion process are provided in Appendix A. As sug-
gested by the challenge requirement, we used the
metric Quadratic Weighted Kappa (QWK) to mea-
sure the performance of DL-based graders, which
ranged from 0.660 to 0.891 for the 10 question
prompts. As our goal was to investigate that, when
a DL-based model was able to achieve a substantial
level of performance in assessing answer quality,
whether and to what extent it aligned with human
graders in the marking process. Thus, we chose
only the three question prompts (i.e., Prompt 1, 5,
and 6, which were all graded on a scale of [0, 3])
in which DL-based graders achieved the best pre-
diction performance (i.e., with QWK 0.831, 0.860,
and 0.891, respectively) for the two user studies, as
described below.

3.2 Study One

For RQ1, we designed a study to collect answer
annotations from human graders, i.e., important
words or text spans that human graders believe to
increase or decrease the quality of an answer.

Participants. For Study 1, we recruited a total of
20 participants (7 females, 13 males), all of whom
had received at least a master’s degree, were pro-
ficient in English, and were employed by Monash
University. In particular, all the participants had
certain years of prior teaching experience, i.e., 13
participants less than 3 years, four had 3∼5 years,
and three more than 5 years of experience. All
participants were informed of the purpose of this
study (and also Study 2) and signed consent forms
before participating in the studies.

Study Setup. For each question prompt, we ran-
domly selected five answers from each quality level
(i.e., scores in the scale of [0, 3]) from the testing
data set, which resulted in a total of 60 answers. In
particular, we developed a grading system to allow
participants to not only score an answer but also an-
notate the words or text spans that they thought im-
portant in determining the quality levels. When an-
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notating an answer, the participants were required
to annotate not only the text spans that increasing
answer quality but also those decreasing answer
quality, which were correspondingly denoted as
Positive and Negative text spans in later analysis.
We provided the screenshots of the grading system
in Appendix C. Each of the 20 participants was
required to attend a 90-minute session to grade 30
answers so that we collected a total of 600 assess-
ment scores and annotations from our participants.
Every answer was graded by 10 participants. In
particular, we assigned the selected answers to the
participants in a way that each participant was re-
quired to score answers of every quality level. After
completion, we compensated each participant with
a gift card worth $75 AUD for their time (i.e., $50
AUD per hour, which is comparable to the hourly
rate for people with a master’s degree in Australia).

Procedure. To ensure the quality of the collected
data, we expected the participants to undertake ade-
quate training to understand how they should mark
before moving to the actual answer scoring and
annotation. Therefore, the grading system we de-
veloped provided two modes for participants, i.e.,
Practice for pre-task training and Actual Task for
actual data collection. Only after finishing the ac-
tivities scheduled in Practice, the participants were
allowed to start the Actual Task. Both Practice and
Actual Task required a participant to evaluate an an-
swer by following the steps described below. The
main difference lied in the sources from which the
presented answers were selected, i.e., validation set
for Practice and testing set for Actual Task.

(1) Material Reading. A participant was asked
to read a prompt, an article relevant to the
prompt (if available in the original dataset),
marking rubric, and exemplar answers with
scores assigned by human graders (i.e.,
Ground-truth Score1).

(2) Pre-task questionnaire. The participant
was asked to indicate their familiarity, in-
terestingness, and perceived difficulty of the
question prompt by answering three ques-
tions on a rating scale of [1, 5], which were
provided in the Appendix B.

(3) Answer assessment. An answer was pre-
sented for the participant to rate its quality.
Note that the marking rubric was displayed
along with the to-be-graded answer to facili-
tate the participant to mark.

(4) Answer annotation. The participant was
instructed to highlight words and text spans
that they identified as important in determin-
ing answer quality.

Grading Alignment Measurement. Here, we in-
troduce how we detected the words that DL-based
graders paid attention to in the marking process
and further measured the overlap between these
words and those annotated by the human partici-
pants in Study 1. Similar to the work by Bolotova
et al. (2020), we extracted the words by calculating
weights assigned to each token in the self-attention
layers of the adopted BERT model. Specifically, for
a token t contained in an answer Ans, its attention
weight is calculated as follows:

Atn_Score(t) =
∑

i∈Answi→t
|Ans| (1)

Here, |Ans| denotes the length of Ans, and
wi→t denotes the attention weight assigned by to-
ken i to token t, which can be retrieved and cal-
culated in the attention layers of BERT. In more
detail, there were 12 attention heads in the adopted
BERT model; we first averaged the weights con-
tained in these attention heads and then retrieved
wi→t in the averaged attention head. In brief, for
a token in an answer, we summed up the attention
weights from each token contained in the answer
to the target token and then normalized the sum
by the answer length to obtain the importance of
the target token. Then, we could select the top
K words with the largest attention weights as the
set of important words identified by BERT-based
graders. As suggested by Bolotova et al. (2020), we
determined the value of K with the aid of a linear re-
gression model, which took the length of an answer
as the only input to predict the number of important
words it should output. The regression model was
trained based on the human-annotated data we col-
lected in Study 1. Then, we followed the approach
adopted by Bolotova et al. (2020) and measured
their grading alignment by calculating the Jaccard
coefficient between the two sets of important words
identified by a human grader and a BERT-based
grader. We also followed Qu et al. (2019) to ex-
clude stop words from the set of important words
before calculating the Jaccard coefficient. The stop
words were detected with the aid of NLTK toolkit2.
We first calculate the Jaccard coefficients over all

2https://www.nltk.org/
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< answer, human grader > data pairs collected in
this study and then averaged them as the final mea-
sure of the alignment between BERT-based graders
and the human graders.

3.3 Study Two

For RQ2, we conducted a randomized controlled
experiment to investigate whether human grading
could be facilitated by observing highlighted im-
portant words detected by DL-based graders.

Participants. We randomly invited 10 out of the
20 participants who had taken part in Study 1 for
Study 2. As for the prior teaching experience, seven
out of the 10 participants were with less than 3
years, two were between 3 to 5 years, and one with
more than 5 years of experience.

Study Setup. The 10 participants were randomly
assigned to two groups, i.e., 5 in the control group
and 5 in the experimental group. Only the partici-
pants in the experimental group were displayed
with the highlighted words detected by BERT-
based graders. We randomly selected 36 answers
from the testing data for participants to mark. It
is worth noting that these answers were unseen to
the participants in Study 1, and these answers cov-
ered all quality levels in all question prompts. Each
participant was required to attend a 45-minute ses-
sion to assess a total of 24 answers. Each answer
was assessed by the same number of participants
from the control group and the experimental group.
Similar to Study 1, every participant was required
to score answers of all quality levels. After com-
pletion, each participant received a gift card worth
$40 AUD to compensate for their time.

Procedure. The procedure of Study 2 only con-
sisted of two main steps from the procedure of
Study 1 and the participants did not need to receive
pre-task training again, as described below.

(1) Material Reading. Similar to Study 1, we
presented participants with all relevant ma-
terials to help them get familiar with the task
requirement.

(2) Answer Assessment. In this step, the par-
ticipants in the control group were displayed
with answers without any highlighted words.
As for the answers presented to participants
in the experimental group, the important
words contained in these answers, i.e., those
detected by applying DL-based graders as
described in Section 3.2, were highlighted.

It is noteworthy that the participants were
informed about (i) the nature of these high-
lighted words (i.e., important words de-
tected by DL-based graders) and (ii) the
reliability of these highlighted words (i.e.,
some might be helpful for assessing answer
quality while the others are not). We used
the linear regression constructed in Section
3.2 to determine the number of words that
should be highlighted to a participant.

(3) Post-task questionnaire. This step was
only for the participants in the experimental
group after completing the whole study. The
participants were asked to answer two ques-
tions on a rating scale of [1, 5] with regard
to the usefulness of the highlighted words
for marking.

With the completion of the study, we compared
the grading performance of the participants in the
two groups from two perspectives. One is accu-
racy, which was calculated as the QWK between
the participant-provided scores and the ground-
truth scores. Here, we regarded that a participant-
provided score matched the ground-truth data if it
matched either Ground-truth Score1 or Ground-
truth Score2 in the original dataset; otherwise,
we simply regarded Ground-truth Score1 as the
ground-truth. The other is efficiency, which was
calculated as the average amount of time that par-
ticipants spent in scoring answers. The amount of
time that a participant used in assessing an answer
was computed as the time difference between the
moment when the participant entered the screen
of the grading system to assess the answer and the
moment when the participant clicked to move to
grade the next answer.

4 Results

Recall that all answers used in this study were as-
sessed on a grading scale of [0, 3]. For the fol-
lowing analysis, we aggregated and denoted the
answers whose Ground-truth Score1 is 0 or 1 in the
original dataset as Low quality, and those of score
2 or 3 as High quality.

4.1 Results on RQ1

Table 1 details the fractions of answers with differ-
ent types of annotations, i.e., positive/negative text
spans that increased/decreased answer quality. We
observed that 89.3% answers were annotated by our
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Table 1: The fraction of answers received different
types annotations from the participants in Study 1.

Qulity Level Low High ALL

% Answers with positive annotations 53.7 95.3 74.5
% Answers with negative annotations 52.3 32.7 42.5
% Answers with annotations 81.3 97.3 89.3

participants, among which 74.5% received positive
annotations while only 42.5% received negative
annotations. This indicates that text spans con-
tributing to answer quality were more likely to be
determined and identified by human graders than
those lowering answer quality. This is corroborated
by the results in both high-quality and low-quality
answer categories. For instance, the fraction of an-
swers with positive and negative annotations were
95.3% and 32.7%, respectively. We can make sim-
ilar observations in low-quality answers, but the
difference was only 1.4%.

Table 2 describes the alignment between BERT-
based graders and human graders involved in Study
1, i.e., the Jaccard coefficients between the two sets
of the important words identified by them when
performing marking. As a baseline for comparison,
we selected important words based on randomly-
assigned weights and measured their overlap with
the important words annotated by human graders
(as detailed in the column RANDOM). By comparing
the results of RANDOM and ALL, we can conclude
that there existed some agreement between BERT-
based graders and human graders. When consid-
ering both positive and negative annotations, the
alignment reached the value of 0.252 (about 69%
more than that of randomly-annotated important
words, i.e., 0.149). Also, we noticed that the align-
ment in high-quality answers was more than that
in lower-quality answers (0.275 vs. 0.224). When
considering only positive/negative annotations for
measurement, there was a higher level of alignment
in positive annotations than negative annotations
(0.251 vs. 0.174). This suggests that DL-based
graders and human graders were more likely to
agree with each other regarding what makes a good
answer than what makes a bad answer. This finding
is related to what we observed in Table 1, i.e., hu-
man graders made more positive annotations than
negative annotations in Study 1. These findings
together imply that, to a certain degree, there do
exist similarities between the BERT-based graders
and human graders in the grading process.

It should be noted that (i) only 40 out of the 60
answers used in Study 1 were correctly assessed
by BERT-based graders and (ii) only 342 out of the
600 (about 57%) collected assessment scores pro-
vided by our participants were in agreement with
the ground-truth (i.e., matching to either Ground-
truth Score1 or Ground-truth Score2 in the original
dataset). To further investigate grading alignment
in different conditions (e.g., BERT-based graders
and human graders simultaneously failed to assess
the quality of an answer), we further divided the
collected data into two groups for analysis, i.e.,
G1 consisting of answers for which human graders
and BERT-based graders simultaneously delivered
correct/incorrect answer scores and G2 consisting
of the other data for which either human graders
or BERT-based graders failed to produce correct
assessments, as detailed in Table 2. The G1 align-
ment was similar to those calculated by taking
all answers into account (i.e., the ALL column).
To our surprise, there also exists an overall align-
ment of 0.248 between BERT-based graders and
human graders in G2. This means, even in the situ-
ations where human graders were able to correctly
assess the quality of an answer but BERT-based
graders failed to do so (or the opposite), there is
some overlap between the human-annotated and
DL-detected important words. This implies that, in
certain cases, even human graders and DL-based
graders disagreed on the score value of an answer,
they did reach a partial agreement on the words that
were important for assessing the answer’s quality.

4.2 Results on RQ2

It should be pointed out that 25 out of the 36 se-
lected answers for our participants to grade in Study
2 were accurately scored by BERT-based graders.
The reasons we also included the inaccurately-
scored answers are two-fold. Firstly, our ultimate
goal is to use important words located by BERT-
based graders to facilitate human grading in prac-
tice. As a DL-based grader is unlikely to derive
correct predictions all the time in real-world scenar-
ios, it is very likely that some of the DL-identified
plausibly-important words will be presented to hu-
man graders in certain cases. Secondly, as demon-
strated in Study 1, when BERT-based graders dis-
agreed with human graders regarding an answer’s
quality, they still had moderate overlap between
the important words they identified. Thus, we were
interested in investigating whether human graders
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Table 2: The overlap between human graders’ different types of annotations (i.e., Positive or Negative) with the
important words detected by BERT-based graders. The column ALL includes all collected data for analysis; G1
includes only the answers that were simultaneously correctly/incorrectly assessed by the two types of graders, and
G2 includes the other data in which either BERT-based graders or human graders did not match to the ground-truth
scores. Paired t-tests were applied to examine the difference between Random and ALL regarding the same type of
annotation while unpaired t-tests were adopted to examine the difference between Random and (G1, G2) regarding
the same type of annotation. Significant results were marked with either ∗∗ (if p < 0.001) or ∗ (if p < 0.01).

RANDOM ALL G1 G2

Annotation type Pos Neg Pos & Neg Pos Neg Pos & Neg Pos Neg Pos & Neg Pos Neg Pos & Neg
Low quality 0.128 0.123 0.136 ** 0.235 ** 0.176 ** 0.224 ** 0.268 * 0.176 ** 0.233 ** 0.205 0.178 ** 0.210
High quality 0.155 0.116 0.160 ** 0.261 ** 0.170 ** 0.275 ** 0.256 * 0.173 ** 0.273 ** 0.267 0.165 ** 0.278
Average 0.146 0.120 0.149 ** 0.251 ** 0.174 ** 0.252 ** 0.260 ** 0.174 ** 0.254 ** 0.241 * 0.172 ** 0.248

Table 3: The participants’ grading performance in
Study 2. The difference between the two groups re-
garding their average time spent grading one answer
(measured in seconds) was tested to be significant with
paired t-test (p < 0.01).

Metrics Control Experimental

QWK 0.71 0.74
Avg. time per answer 42.17 54.83

could be facilitated by observing (not necessarily
correct) important words identified by BERT-based
graders. The grading performances of the partici-
pants are given in Table 3, i.e., QWK for accuracy
and the average amount of time spent in scoring an
answer for efficiency. The results showed that, by
highlighting important words detected by BERT-
based graders, we could facilitate human grading
in terms of grading accuracy. However, contrary
to our expectation, the Experimental participants
spent roughly 12 more seconds in scoring an an-
swer than the Control participants. This is proba-
bly because, as being informed that the highlighted
words were identified by a DL-based model and
not necessarily useful in discerning answer quality,
the participants allocated more time in scrutiniz-
ing the answer text to judge its quality. This was
partially supported by their responses to questions
in the post-task questionnaire, i.e., an average rat-
ing of only 3.0 (out of 5.0) was reported regarding
whether the participants considered the highlighted
words as actually important, but an average rat-
ing of 3.8 (out of 5.0) was reported regarding the
usefulness of the highlighted words for marking.

5 Discussions and Conclusion

Given the increasing popularity of DL-based Au-
tomatic Text Scoring systems in education, this
work investigated the interpretability of these sys-

tems regarding their alignment with human graders
in the task of ASAS. Through two well-designed
user studies, we demonstrated that (i) there exists
certain alignment between DL-based graders and
human graders in terms of the important words they
identified for assessing answer quality; and (ii) it is
possible to utilize the important words detected by
DL-based graders to facilitate human grading.

Though several interesting findings have been
enabled, it is not the time yet to advocate that
we should incorporate such DL-identified impor-
tant words into ASAS systems to facilitate human
grading due to the following limitations in our
study. Firstly, as observed in Study 1, DL-based
graders displayed certain agreement with human
graders, even in the circumstances of being un-
able to correctly assess the quality of an answer.
It remains unknown what types of words (or con-
cepts) DL-based graders agree/disagree on with
human graders. For example, would it be possi-
ble that both types of graders tend to hold similar
misconceptions (e.g., identifying the same type
of plausibly-correct words)? This calls for future
research to characterize and analyze the different
types of important answer spans identified by DL-
based graders and human graders under different
circumstances. By doing this, we can potentially
derive more insights on how to further improve the
prediction performance of DL-based graders. Sec-
ondly, and more importantly, it remains unknown
the sense-making process the human graders follow
to make use of the DL-detected important words.
As showed in Study 2, the human graders in the
Experimental group neither agreed nor disagreed
that the DL-highlighted words were important, but
they considered the DL-highlighted words were of
value and delivered better grading accuracy (at the
cost of a lower grading efficiency). Would it be
the case that the highlighted words provoke more
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in-depth thinking and understanding of an answer
among human graders and thus enabling them to
better assess the answer quality? This motivates
us to conduct further studies to investigate human
graders’ marking process in using DL-highlighted
words in the future.
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A BERT-based Grader Construction

We constructed our DL-based graders based on
the well-known pre-trained language model BERT
(Devlin et al., 2018). Similar to (Sung et al.,
2019b), we implemented the BERT-based graders
by adopting the pre-trained bert-base-cased model
(12 layers, 768 neurons in each hidden layer, 12
attention heads, and a total of 110M parameters)
with a sequence classification layer on top pro-
vided by the Python package Transformers3. Then,
we fine-tuned the whole model on the training set
of each question prompt. It should be noted that
only the student-authored answers were used as
input to train the model. During model training,
the batch size was set to 16, and we selected the
number of epoch from {1, 2, 3, 4, 5} and the learn-
ing rate from {1e − 5, 5e − 5, 1e − 4}. For the
optimizer, we used Adam with decoupled weight
decay (i.e., AdamW). To determine the best val-
ues for the hyperparameters mentioned above, we
trained the models with different combinations of
parameter values and selected the best model based
on its performance on the validation set for each
question prompt. The run time for fine-tuning
each BERT-based grader is roughly 1.5 hours (5
epochs, with NVIDIA Tesla P4 GPU). Table 4 de-
tails the parameter choices for each constructed
model and their corresponding performance (mea-
sured by QWK). By comparing QWK1 and QWK2
reported in Table 4, the difference between which
can be regarded as the gap between human graders
and the constructed BERT-based graders, we can
conclude that the BERT-based graders achieved
a substantial level of predictive performance in
most of the question prompts. Note that the
codes for constructing the models can be accessed
via https://github.com/douglashiwo/
AttentionAlignmentASAS.

B Pre-/Post-task Questionnaires

In Study 1, before scoring answers to a question
prompt, the participants were required to answer
the following three questions to indicate their in-
terest, familiarity, and perceived difficulty of the
question prompt on a rating scale of [1, 5]:

• To what extent are you interested in the
prompt topic? (with 1 being not interested
at all and 5 being very interested)

3https://github.com/huggingface/transformers
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Table 4: Performances of the constructed BERT-based
graders in different question prompts. QWK1 de-
notes the QWK between the Ground-truth Score1 and
Ground-truth Score2 provided in the orignal dataset,
while QWK2 denotes the QWK between the Ground-
truth Score1 and the predictions generated by our
BERT-based graders.

Prompt ID QWK1 QWK2 Learning rate Epoch

1 0.950 0.860 5e-5 4
2 0.900 0.716 1e-5 5
3 0.681 0.291 1e-5 5
4 0.683 0.729 5e-5 5
5 0.962 0.891 5e-5 5
6 0.952 0.831 5e-5 5
7 0.959 0.731 5e-5 3
8 0.866 0.660 5e-5 2
9 0.782 0.730 5e-5 3
10 0.887 0.719 1e-5 4

• To what extent are you familiar with the
prompt topic? (with 1 being not familiar at all
and 5 being very familiar)

• How would you describe the difficulty level
of the prompt topic to students of Grade 10 in
the US (i.e., the second year in high school)?
(with 1 being very easy and 5 being very diffi-
cult)

In Study 2, the participants in the Experimental
group were required to answer the following two
questions to share their opinions regarding the high-
lighted important words detected by BERT-based
graders on a rating scale of [1, 5]:

• To what extent do you think the text high-
lighted by our automatic model grader are
actually “important” in determining the qual-
ity of an answer? (with 1 being not important
at all and 5 being very important)

• To what extent do you think the text high-
lighted by our automatic model grader helps
you grade answers? (with 1 being not helpful
at all and 5 being very helpful)

C The Developed Grading System

Figure 1 shows the screen of the developed grading
system in which participants scored an answer in
Study 1. Figure 2 shows the screen of the devel-
oped grading system in which participants anno-
tated an answer after assigning a score value to the
answer in Study 1. Figure 3 shows the screen of the

developed grading system in which participants in
the Experimental group scored an answer in Study
2; the screen that participants in the Control group
is similar to Figure 3 but without any answer words
being highlighted.
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Figure 1: The screen of the developed grading system for a participant to score an answer in Study 1: 1 shows
the marking rubric to participants; 2 shows the instruction and an answer to be graded; 3 shows the score scale
(i.e., [1, 3]); and 4 shows a participant’s overall progress in the study (i.e., how many answers the participant has
graded and how many more needs to be graded). After clicking the Next button, the participant will enter the next
screen to annotate important words contained in the same answer.
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Figure 2: The screen of the developed grading system for a participant to annotate an answer in Study 1: 1 gives
annotation instruction to a participant; 2 displays the same answer that the participant scored in the previous
screen; and 3 allows a participant to remove to all existing annotations and start the annotation from scratch
again, and the participant is informed that annotation is not mandatory if she believes that there is nothing con-
tributing/hurting the quality of the answer.
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Figure 3: The screen of the developed grading system for a participant in the Experimental group to score an
answer in Study 2: 1 shows the marking rubric to participants; 2 shows the instruction and an answer to be
graded; 3 shows the score scale (i.e., [1, 3]); 4 shows a participant’s overall progress in the study (i.e., how
many answers the participant has graded and how many more needs to be graded); and particularly, 5 highlights
the important words detected by BERT-based graders developed in our work. After clicking the Next button, the
participant will be directed to assess the next answer.
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Abstract

Knowledge-grounded dialogue systems are
challenging to build due to the lack of training
data and heterogeneous knowledge sources.
Existing systems perform poorly on unseen
topics due to limited topics covered in the train-
ing data. In addition, it is challenging to gener-
alize to the domains that require different types
of knowledge sources. To address the above
challenges, we present PLUG1, a language
model that homogenizes different knowledge
sources to a unified knowledge representation
for knowledge-grounded dialogue generation
tasks. We first retrieve relevant information
from heterogeneous knowledge sources (e.g.,
wiki, dictionary, or knowledge graph); Then
the retrieved knowledge is transformed into
text and concatenated with dialogue history to
feed into the language model for generating
responses. PLUG is pre-trained on a large-
scale knowledge-grounded dialogue corpus.
The empirical evaluation on two benchmarks
shows that PLUG generalizes well across dif-
ferent knowledge-grounded dialogue tasks. It
achieves comparable performance with state-
of-the-art methods in the fully-supervised set-
ting and significantly outperforms other ap-
proaches in zero-shot and few-shot settings.

1 Introduction

Recent work has shown that conversational mod-
els can be trained in an end-to-end fashion (Gao
et al., 2019; Roller et al., 2020; Zhang et al., 2019;
Adiwardana et al., 2020). Though such models
can generate coherent and natural responses con-
sistent with conversation history, there is still a
clear gap between conversational AI agents and hu-
mans. The primary reason is that existing dialogue
systems lack knowledge of the subject and thus
cannot deep dive into specific topics with humans.

∗Work was done when Yu Li was interning at MSR
1Pre-trained Language model with a Unified knowledge

representation for knowledge-Grounded dialogues.

Dataset Knowledge % Topics

Open-domain
Wizard of Wikipedia articles 0.02%
CMU_DoG articles 0.04%

Recommendation
REDIAL tables 15.0%
OPENDIALKG graph 7.5%

Table 1: Knowledge representation and topic cover-
age statistics of existing knowledge-grounded dialogue
datasets. % Topics means the portion of topics or facts
in the knowledge database covered by the dataset.

In order to better incorporate knowledge into dia-
logue, knowledge-grounded dialogue systems have
become increasingly popular.

Knowledge-grounded dialogue generation aims
to generate informative and meaningful responses
based on both conversation context and external
knowledge sources. Thus far, researchers have col-
lected knowledge-grounded dialogues for various
tasks using crowdsourcing platforms, for instance,
open-domain dialogues (Dinan et al., 2019; Zhou
et al., 2018) and conversational recommendation
dialogues (Li et al., 2018; Moon et al., 2019; Hay-
ati et al., 2020). Workers are asked to base their
replies on knowledge from structured knowledge
bases (Moon et al., 2019; Tuan et al., 2019) or un-
structured documents (Dinan et al., 2019; Zhou
et al., 2018; Feng et al., 2020). Taking advantage
of recent advances in large-scale language mod-
els (Raffel et al., 2019; Lewis et al., 2020a; Guu
et al., 2020), researchers have also built knowledge-
grounded dialogue systems by fine-tuning such lan-
guage models in an end-to-end fashion (Shuster
et al., 2021; Zhao et al., 2020b; Li et al., 2021).

However, there are two critical challenges in
these existing methods. First, it is expensive and
time-intensive to collect knowledge-grounded dia-
logues. As shown in Table 1, most of the datasets
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only cover a small portion of the knowledge base.
Thus, systems which only fine-tune with small
training sets generalize poorly on unseen topics
in the same knowledge base. Additionally, the for-
mats of knowledge sources vary in different tasks,
making the approaches unable to transfer to other
domains with different knowledge sources. For ex-
ample, REDIAL (Li et al., 2018) adopts a movie
database as the knowledge source to recommend
movies. Techniques on this task exploit the graph
structure. It is not easy to adapt such techniques to
document-grounded conversation tasks like Wizard
of Wikipedia (Dinan et al., 2019).

In this work, we present PLUG, a model that can
unify different knowledge formats for knowledge-
grounded dialogue generation. First, we con-
vert different knowledge formats (e.g., knowledge
graph, knowledge base, and passages) to unstruc-
tured text, each using a different retriever. Then
we use a pre-trained language model to process
them into a unified representation to incorporate the
knowledge into dialogue generation. We pre-train
PLUG on different knowledge-ground dialogue cor-
pora, including a large-scale open-domain conver-
sation dataset from Reddit. This allows PLUG to
learn knowledge in various formats from different
tasks, and thus transfer to any knowledge-grounded
dialogue task with few-shot learning techniques.

We evaluate the effectiveness of PLUG by ap-
plying it to an open-domain knowledge-grounded
dialogue benchmark, Wizard of Wikipedia (Dinan
et al., 2019), and a knowledge-grounded conversa-
tional recommendation benchmark, REDIAL (Li
et al., 2018). PLUG achieves results comparable to
the state-of-the-art method under a fully-supervised
setting. It outperforms other methods on both tasks
under zero-shot and few-shot settings, demonstrat-
ing that PLUG can be grounded on world knowl-
edge in different knowledge sources and generalize
to different downstream tasks.

Our contributions are three-fold: (1) We pro-
pose a novel knowledge-based pre-trained lan-
guage model, PLUG, that can be applied to any
knowledge-grounded dialogue tasks; (2) Our model
achieves slightly better results than state-of-the-
art models in fully-supervised settings and shows
promising improvements over the current state-
of-the-art in zero-shot and few-shot settings; (3)
We present extensive experiments to explore the
bottlenecks of the task and the future direction of
knowledge-grounded dialogues.

2 Approach

We describe our approach in this section. Figure 1
gives a diagram of our proposed method. We first
introduce the background of knowledge-grounded
dialogues and the backbone language model in Sec-
tion 2.1. Then, we formalize the task and introduce
the details of PLUG in Section 2.2. Finally, we
explain the training process of our PLUG, which
includes the pre-training dataset selection and the
data pre-processing processes in Section 2.3.

2.1 Background: Knowledge-Grounded
Pre-training

Traditional knowledge-grounded dialogue includes
three steps: information extraction, knowledge pre-
diction, and response generation. Previous work fo-
cuses on developing separate modules (Zhou et al.,
2020b). Inspired by the recent success of apply-
ing a large-scale pre-trained language model on
task-oriented dialogue systems (Peng et al., 2020;
Hosseini-Asl et al., 2020), we explore the possibil-
ity of using a unified knowledge representation in
a large-scale language model. In order to properly
manage the task in a sequence-to-sequence setup,
we choose T5 (Raffel et al., 2020) as our backbone.

T5 is a sequence-to-sequence pre-trained Trans-
former (Vaswani et al., 2017) model for transfer
learning. It is trained by converting various lan-
guage tasks into text-to-text tasks. After fine-tuning
on a dialogue dataset, T5 can generate fluent and
coherent responses. Nevertheless, responses are
often too generic because they are not grounded on
specific knowledge. PLUG is built on the T5 model
but grounded on real-world knowledge during train-
ing, making it inherit T5’s capability of producing
good responses but include more knowledge.

2.2 PLUG
We formulate a knowledge-grounded dialogue as:

D = {C,R,S} (1)

where C = {Ci}ni=1 is a dialogue context, and
R = {Ri}ni=1 is the response in a dialogue that has
n turns. S is the external knowledge source for
task t. For each dialogue turn, we can formulate a
knowledge-grounded dialogue generation task on a
single domain d as p(Ri|Ci,S).

As shown in Figure 1, each task has its own
knowledge source (e.g., documents, databases,
and knowledge graphs). In order to make all
knowledge-grounded dialogue generation tasks
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Figure 1: A diagram of PLUG. PLUG homogenizes different knowledge sources in different tasks to a unified
knowledge representation. Then it learns to ground response generation on the unified knowledge representation.

able to fit in the text-to-text encoder-decoder frame-
work, we follow T5 to feed each dialogue turn
into the language model simply by concatenating
the context Ci = {c1, c2, ..., cm}, and essential
knowledge triples Ki = {k1, k2, ..., kn} as a token
sequence. The essential knowledge is extracted
from the knowledge source S and represented as
text of triples. We train the model to predict the re-
sponses token sequence R = {r1, r2, ..., rk}. The
probability of the responses is formulated as:

p(Ri|Ci) =
k∏

t=1

p(rt|Ci,Ki, r1, ..., rt−1) (2)

We will explain how we select and process pre-
training datasets in the following sections.

2.3 Model training process
We pre-trained the PLUG model using two datasets,
Reddit Conversation (Galley et al., 2018) and Open-
DialKG (Moon et al., 2019). We will first present
the three-step data cleaning process of Reddit Con-
versation in Section 2.3.1, then we will introduce
OpenDialKG in Section 2.3.2.

2.3.1 Reddit Conversation
Reddit Conversation Galley et al. (2018) is a large-
scale open-domain conversation dataset. It extracts
the conversation threads grounded on a document
from the Reddit data.2 We only keep the conver-
sations grounded on Wikipedia passages for pre-
training to recognize better the knowledge used
in the dialogue. Since vanilla document-based di-
alogue in the dataset does not have a knowledge

2Reddit data dumps: https://files.pushshift.io/reddit/

label for each dialogue turn, we apply a hierarchi-
cal information extraction method to obtain the
essential knowledge in each turn. Our information
extraction method includes three steps: knowledge
retrieval, statistical ranking, and semantic ranking.

Knowledge Retriever. We use a knowledge re-
triever to retrieve all relevant knowledge in a sin-
gle turn’s response. We first extract the title of
the grounding Wikipedia passage in the dialogue.
Then, we retrieve knowledge triples from a large-
scale knowledge graph, DBpedia (Lehmann et al.,
2015). Specifically, we query the DBpedia via a
public SPARQL endpoint3 and then collect triples
whose subject or object is in the Wikipedia pas-
sage in the dialogue. For example, we keep
triples <Barack Obama, alma mater, Columbia
University> and <Michelle Obama, spouse, Barack
Obama> for the dialogue about Barack Obama. To
carry sufficient knowledge to refine in the next step,
we retrieve 500 triples for every passage.

Statistical Ranking. After retrieving adequate
knowledge, we rank the corresponding triples to
refine the knowledge. Specifically, we get the TF-
IDF (term frequency-inverse document frequency)
value for all the retrieved triples. To find the triples
related to the context, we concatenate the dialogue
history and the response as the query. Then we com-
pute the cosine similarity between the query and
every triple. Because every triple has the Wikipedia
passage name as the subject or object, a higher co-
sine similarity score means the query has more
similar text with the distinguished text in the triple.

3https://dbpedia.org/sparql
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We rank the query-document similarity score and
only keep the top-50 triples in this step.

Semantic Ranking. The TF-IDF-based cosine
similarity score only counts words overlapping be-
tween triples and the query. It will introduce triples
whose overlapping words are not meaningful in the
context and response. Additionally, the Reddit Con-
versation dataset is obtained from Reddit conversa-
tion threads. It involves many responses that are not
grounded on any knowledge. In order to find the
triples that have the best semantic similarity with
the response and filter out ungrounded responses,
in this step, we estimate the semantic similarity
score with Sentence-Bert (Reimers and Gurevych,
2019). We rerank the 50 triples from the second
step based on the score. Additionally, we abandon
the dialogue turns whose best semantic similarity is
lower than a threshold because the response cannot
find proper knowledge, while we want to pre-train
the model with knowledge-grounded turns.

2.3.2 OpenDialKG
To generalize our model to various tasks, we also
employ OpenDialKG to enrich our pre-training
dataset. OpenDialKG consists of two types of
tasks, recommendations and chit-chat, across four
domains. Unlike the Reddit Conversation dataset,
which needs to find the knowledge grounding in
every turn, the original OpenDialKG has a Knowl-
edge graph path label for each dialogue, and a
triple label for each dialogue turn. The response is
grounded on the labeled triple during data collec-
tion. Thus, we use the triple in the dataset as the
essential knowledge in our pre-training examples.

3 Experiments

We demonstrate our approach on two differ-
ent downstream tasks: open-domain knowledge-
grounded dialogue and conversational recommen-
dation. Besides the fully-supervised learning set-
ting, we also explore the performance of our ap-
proach in few-shot and zero-shot settings. We de-
scribe our implementation details in Section A in
Appendix.

3.1 Datasets and Knowledge Sources
We test our approach on Wizard of Wikipedia
(WoW; (Dinan et al., 2019)) and REDIAL (Li et al.,
2018). Basic dataset statistics are listed in Table 2.

Wizard of Wikipedia. This dataset (Dinan et al.,
2019) is collected on Amazon Mechanical Turk.

Dataset Train Valid Test

WoW 18,430
Seen - 981 965

Unseen - 967 968
REDIAL 8,004 1,001 1,001

Table 2: Number of conversations in Wizard of
Wikipedia (WoW) and REDIAL

Each conversation happens between a “wizard”
who has access to knowledge about a specific topic,
and an “apprentice” who is interested in the topic.
The wizard’s response is grounded on a Wikipedia
article in each turn. The data is split as a training
set, a validation set, and a test set. The test set has
two subsets: Test Seen and Test Unseen. Test Seen
contains conversations whose topics are seen in the
training set, while topics in Test Unseen are not
seen in the training or validation set. To extract the
essential knowledge in each dialogue turn, we first
keep the top five passages retrieved by the TF-IDF
retriever in Shuster et al. (2021). Then we use an
Open Information Extraction (OpenIE) annotator4

to extract the top three triples from the passages
as our essential knowledge. The pre-processing is
conducted with the code published on ParlAI.5

REDIAL. REDIAL (Li et al., 2018) is also col-
lected on Amazon Mechanical Turk. Two crowd-
workers, a “movie seeker” and “movie recom-
mender,” are randomly paired. The recommender
has access to a movie database and can recom-
mend movies based on movie information, such
as actors and movie genres. There are 6,924 dif-
ferent movies mentioned in 51,699 movie slots in
the dataset. We follow Li et al. (2018) to split the
dataset into training, validation, and test sets. Since
recommenders use movie-related knowledge when
they recommend movies to seekers, we use it as the
essential knowledge for a given turn in this dataset.
We experiment with three knowledge sources: (1)
We query the movie names mentioned in the dia-
logue context and retrieve similar movies from the
knowledge graph DBpedia, mentioned in Section
2.3, and then input the similar movies in a triple for-
mat as the essential knowledge. (2) We query the
movie names mentioned in the context and retrieve
movie comments from MovieLens.6, then use the
keywords in the comments as the essential knowl-
edge. (3) We use the output of the recommender

4https://nlp.stanford.edu/software/openie.html
5https://github.com/facebookresearch/ParlAI
6https://grouplens.org/datasets/movielens/
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module in KGSF (Zhou et al., 2020a), which is the
state-of-the-art system on this dataset.

3.2 Baselines
We compare the known best models from different
datasets in the following experiments. For the Wiz-
ard of Wikipedia dataset, we choose the retrieval-
augmented generation (RAG) model from Shuster
et al. (2021). It retrieves wiki documents and gen-
erates responses based on the documents. We com-
pare PLUG with this document-based generation
method to see the impact of our essential knowl-
edge format. We choose the RAG model also using
T5 as the baseline for a fair comparison.

For the REDIAL dataset, we choose the current
state-of-the-art: KBRD (Chen et al., 2019) and
KGSF (Zhou et al., 2020a) as our baselines. Both
use a recommender module to predict the recom-
mendation item in the next turn and a generation
model to generate the response. All baseline re-
sults are from Zhou et al. (2021). To investigate the
best performance of our approach, We also use the
recommender from KGSF as a knowledge source
in our system and compare it with other knowledge
sources we mentioned in Section 3.1. As an ab-
lation study, we also explore the performance of
vanilla T5 on both tasks to see the performance
gain brought by our pre-training process.

3.3 Metrics
For evaluation, we report the performance with
standard automatic metrics: BLEU-4 (B4) (Pap-
ineni et al., 2002), ROUGE-L (RL) (Lin, 2004), and
unigram overlap (F1) of the generated responses.
Besides that, for the Wizard of Wikipedia dataset,
we follow Shuster et al. (2021) to report the over-
lapping unigrams between the model’s generation
and the knowledge on which the human grounded
during dataset collection (KF1), attempting to cap-
ture whether a model is speaking knowledgeably.
On the other hand, for the REDIAL dataset, we fol-
low previous work (Chen et al., 2019; Zhou et al.,
2020a; Wang et al., 2021) to report distinct-n (Dist-
n) at the sentence level to evaluate the diversity of
the model’s generation. We also evaluate whether
the ground truth movie recommendation can be
found in the generated response and report it as the
recommendation item recall in responses (Rec).

3.4 Fully-Supervised Results
We first evaluate PLUG with all training examples
in the training sets to compare its performance with

other state-of-the-art systems. Additionally, we
experiment with using golden knowledge in the
input to explore the upper bound of our method.

Table 3 shows the Wizard of Wikipedia Test
Seen and Test Unseen results. We can see that
PLUG with retrieved knowledge achieves better
BLEU-4, ROUGE-L, and F1 scores than the RAG
method and the model without adding knowledge
in the input, on both seen and unseen topics. It
suggests that our essential knowledge format helps
the model generate responses to ground knowledge
better. We also observe that PLUG outperforms the
model without pre-training on all metrics, which
means our pre-training can boost this task.

We list REDIAL’s results in Table 4. We com-
pare our approach to the state-of-the-art systems
and T5-Large models without pre-training. Addi-
tionally, we include a comparison to models with
different knowledge sources as described in Section
3.1. It shows that our best model (PLUG+KGSF)
achieves the new state-of-the-art results on the rec-
ommendation item recall metric and distinct met-
rics. This result is understandable given that our
approach is built upon pre-trained language mod-
els. Similarly, we also observe noticeable perfor-
mance gains for the pre-training on this task. How-
ever, compared to systems with currently available
knowledge sources, it is immediately apparent that
the system with golden knowledge outperforms the
current state-of-the-art on all metrics by a large mar-
gin. This huge gap implies that current knowledge
retrievers are the main bottleneck for the conversa-
tional recommendation task. We will discuss more
details in Section 3.7.

Overall, we observe noticeable improvement
brought by pre-training on both tasks, but it is less
significant than expected. It implies that the knowl-
edge grounding pattern in the response is limited;
a complete training set is more than enough for the
T5-Large model to learn the generation task. We
will discuss more details in zero-shot and few-shot
settings in the following subsections.

3.5 Zero-Shot and Few-Shot Results

We focus on zero-shot and few-shot settings be-
cause it is more realistic to evaluate dialogue sys-
tems. Specifically, we randomly sample 10/50/500
dialogues with different topics from the training
sets and observe performance on the complete test
sets. We also evaluate under a zero-shot setting.
We experiment with knowledge retrieved by exist-
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Test Seen Test Unseen
Model BLEU4 ROUGE-L F1 KF1 BLEU4 ROUGE-L F1 KF1

RAG-T5-Large (Shuster et al., 2021) 3.8 22.1 21.9 25.9 2.8 20.4 20.5 21.9
T5-Large-w/o Knowledge 4.1 18.0 18.3 19.2 2.1 15.4 21.4 13.9
T5-Large-Retrieved Knowledge 5.8 21.8 25.8 22.6 3.4 19.2 22.7 17.6
T5-Large-Golden Knowledge 11.3 30.8 35.6 46.8 8.7 28.4 33.0 43.6

PLUG-Retrieved Knowledge 6.0 22.3 26.5 22.4 3.5 19.5 23.3 18.6
PLUG-Golden Knowledge 11.5 31.1 36.0 47.8 8.8 29.0 33.4 46.0

Table 3: Fully-supervised results on Wizard of Wikipedia Test Seen and Test Unseen Sets.

Figure 2: Zero-shot and few-shot results on Wizard of Wikipedia Test Seen and Test Unseen sets.

Model B4 RL DIST2 DIST4 Rec

KBRD 1.8 16.5 0.48 0.67 0.7
KGSF 2.3 13.1 0.49 1.28 0.9

T5-Large
+w/o KG 3.7 18.3 0.72 1.10 3.4
+Golden 10.4 32.7 1.17 1.60 83.5
+KGSF 3.7 17.4 1.13 2.02 4.7

PLUG
+w/o KG 3.9 19.6 0.78 1.31 3.7
+Golden 10.6 33.5 1.26 1.81 84.3
+DBpedia 3.3 18.3 0.45 0.66 0.8
+MovieLens 3.4 17.8 0.91 1.34 2.4
+KGSF 3.8 18.0 1.51 2.84 5.3

Table 4: Fully-supervised results on REDIAL.

ing retrievers on both tasks to set a realistic set-
ting. We compare our models to those without pre-
training to explore how our pre-training benefits
the model’s few-shot learning capability. Wizard
of Wikipedia’s experiments results are in Figure 2,
and REDIAL’s results are in Figure 3. Note that for
Wizard of Wikipedia, topics in original Test Seen
set may not be seen during training in this setting
since we only use a small portion of data in the
original training set. We use original Test Seen and
Test Unseen sets to compare with fully-supervised
results. As can be seen in Figure 2 (a)-(c), 3 (a)-
(b), PLUG maintains a higher BLEU-4, ROUGE-L,
and F1 scores on both tasks when training with
less than 500 dialogues. It means PLUG obtains
knowledge-grounded generation ability from pre-
training and can generalize to different tasks.

Figure 2 (d) shows that models without pre-
training achieve a higher knowledge F1 score un-
der a zero-shot setting for the Wizard of Wikipedia

dataset. In contrast, it achieves a deficient per-
formance on the language quality-related met-
rics, which implies that models only copy knowl-
edge words but generate gibberish responses with-
out training. Nevertheless, PLUG still gener-
ates knowledge-grounded responses with a lower
knowledge F1 score out-of-the-box. This result
also suggests that we should only consider knowl-
edge F1 scores when the model has decent scores
on language quality metrics.

For the REDIAL dataset, Figure 3 (d) shows that
there is not as much improvement in recommenda-
tion item recall brought by pre-training when com-
pared to BLEU-4 and ROUGE-L on a zero-shot set-
ting. However, we observe a noticeable difference
between PLUG and the T5 model, which means
PLUG learns to generate with grounded knowledge
faster than the T5 model. The unusually high DIST-
4 of T5 in Figure 3 (d) is caused by diverse but
irrelevant responses. It is also demonstrated by low
BLEU-4 and ROUGE-L scores in Figure 3 (a) and
Figure 3 (b), and the decrease of DIST-4 when we
increase the training data size.

3.6 Human Evaluation
We conduct a human evaluation on Wizard of
Wikipedia to assess the overall quality of the re-
sponses of our model compared to T5 and RAG7.
Specifically, we randomly select 100 responses for
each model with the same context from Test Seen
and Test Unseen. For the few-shot setting, we use
the models trained with 50 dialogues. We hire

7We use the published FiD RAG DPR model at
https://parl.ai/projects/hallucination/
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Figure 3: Zero-shot and few-shot results on REDIAL.

workers on Amazon Mechanical Turk to rate mod-
els’ responses on a 0 - 2 scale with three metrics:
Fluency, Coherence, and Knowledge. The order of
the systems shown to workers is shuffled to avoid
confounding practice effects. Three different work-
ers evaluate each dialogue turn. Table 5 reports
average metrics scores. We observe that responses
from our fully-supervised model are more fluent
and coherent than those from RAG, which benefits
from our simple but effective essential knowledge
representation. We can also see significant improve-
ment on all metrics for PLUG under a zero-shot
setting compared to the T5 model. Performance
improvement under the few-shot setting is less than
in the zero-shot setting, but PLUG still outperforms
T5 on all metrics, which aligns with the result in
automatic evaluation. Interestingly, we observe
that responses from the model trained with 50 dia-
logues have already been very fluent and coherent,
which is even higher than those from the fully-
supervised model. However, responses from the
fully-supervised model contain the most appropri-
ate knowledge, which suggests that the model has
learned how to generate high-quality responses in
a few-shot setting, but it continues to learn how to
ground on knowledge with more training samples.

Model Fluency Coherence Knowledge

RAG 1.06 1.08 1.19

T5-Large
- Zero-shot 0.87 0.98 0.98
- Few-shot 1.26 1.35 1.31

PLUG
- Zero-shot 1.20∗∗ 1.34∗∗ 1.25∗∗

- Few-shot 1.29∗ 1.42∗ 1.39∗∗

- Fully-supervised 1.24∗∗ 1.37∗∗ 1.46∗∗

Table 5: Human evaluation results of different mod-
els on Wizard of Wikipedia. We test T5 baselines and
RAG model against PLUG with **p < 0.01, *p < 0.05.

3.7 Discussion and Analysis

To investigate the enormous performance gap be-
tween models with golden knowledge and retrieved

knowledge in Table 4, we compare the performance
of models with different knowledge sources on the
REDIAL dataset. Specifically, we mix the golden
movies information and the retrieved movie in-
formation retrieved in the training/validation/test
set to simulate knowledge sources with differ-
ent recall performances. We experiment with
0/20/40/60/80/100 percent of the golden knowl-
edge. 0 means all training samples includes re-
trieved knowledge (a flawed knowledge source),
100 means all training samples include golden
knowledge (a perfect knowledge source). To have a
more realistic setting, we compare the performance
of PLUG and T5 under the few-shot setting (trained
on 50 dialogues), as shown in Figure 4.

We find that the performance gain for both mod-
els is linear with respect to the performance of
the knowledge source, whereas PLUG has a better
boost on the BLEU-4 score and recommendation
recall score. The curve with a higher slope shows
the potential benefit from our pre-training method
when better knowledge sources are available in the
future. Furthermore, the gap on DIST-4 between
PLUG and T5 is almost the same as golden knowl-
edge increases, but the DIST-4 of T5 surprisingly
drops when no golden knowledge is available. It
means that T5 requires a better knowledge source
in the training set to generate diverse responses
under a few-shot setting, while PLUG has learned
that ability in the pre-training process and gener-
ates diverse responses out-of-the-box. We also note
that the performance boost with a better knowl-
edge source is much more than the generation tech-
nology in previous work. This massive gap may
shed light on the research direction of knowledge-
grounded dialogue tasks for future efforts.

4 Related Work

Knowledge-grounded dialogue is becoming an in-
creasingly important topic, with datasets proposed
to model its occurrence on different tasks. Dia-
logues in these datasets are based on various for-
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Figure 4: Analysis of models with different knowledge sources on REDIAL.
.

mats of knowledge, such as documents in open-
domain conversations (Ghazvininejad et al., 2018;
Dinan et al., 2019; Gopalakrishnan et al., 2019),
movie database in movie recommendation con-
versations (Li et al., 2018; Hayati et al., 2020),
or knowledge graph in recommendation conversa-
tions(Moon et al., 2019; Liu et al., 2021b).

One of the principal challenges in knowledge-
grounded conversations is incorporating knowledge
into dialogue systems. Recent work investigates
different techniques of learning a better knowledge
representation to fuse knowledge in the response
generation process. Ghazvininejad et al. (2018)
separately encoded the dialogue history and docu-
ments to infuse the response with external world
facts. Chen et al. (2019); Wang et al. (2021); Zhou
et al. (2020a) joined a knowledge graph represen-
tation in a response generation module. Zhu et al.
(2017) combined the knowledge from the database
with the user intent and fed it into the decoder. Un-
like these studies, we use a single encoder for both
dialogue context and knowledge.

In order to improve the systems’ performance
on unseen topics and train knowledge-grounded
dialogue in a low-resource setting, researchers in-
vestigate pre-training methods for the knowledge-
grounded tasks. Zhao et al. (2020a) pre-trained
the dialogue generation model with ungrounded
dialogues and the knowledge encoder with the
Wikipedia dump separately. Li et al. (2020) pro-
posed a pre-trained latent variable model to learn
the way that the knowledge is expressed in the re-
sponse. Liu et al. (2021a) built a document encoder
and a dialogue context encoder, then pre-trained
them separately in multiple stages. The knowledge
encoder in these studies is pre-trained separately
and only accepts the same knowledge format, while
we pre-train our model with essential knowledge
in the text format, thus fitting different knowledge
sources in the downstream tasks. Madotto et al.
(2020) independently trained adaptors (Houlsby

et al., 2019) for different types of knowledge. In
comparison, we use a unified essential knowledge
representation in our model. Zhao et al. (2020b)
and Guu et al. (2020) pre-trained language models
with knowledge selection modules but only focused
on document-based generation, limiting their mod-
els to document-based knowledge sources.

Inspired by the success of pre-trained language
models for a variety of natural language process-
ing tasks (Devlin et al., 2019; Radford et al., 2019;
Yang et al., 2019; Ma et al., 2021), another line
of work investigates learning knowledge through
language models’ parameters (Petroni et al., 2019;
Rosset et al., 2020; Roberts et al., 2020). In our
pre-training process, we aim to learn extra knowl-
edge and, more importantly, learn how to generate
response grounding on the essential knowledge.

Two recent studies are most closely related to
our work. Chen et al. (2020) proposed a pre-trained
model for data to text tasks. They unified the knowl-
edge format in the pre-training data and down-
stream tasks, however only depend on the graph
structure and do not work on knowledge-grounded
dialogues. Shuster et al. (2021) applied the docu-
ment retrieval augmentation method (Lewis et al.,
2020b) on open-domain knowledge-grounded dia-
logues. However, they do not do pre-training and
rely on Wikipedia documents in the decoder, limit-
ing their model to document-based dialogues. We
use unified essential knowledge instead of docu-
ments in our pre-training, making our model more
generalizable. Our approach can be seen as gen-
eralizing both lines of work, and showing for the
first time that a pre-trained model is effective for
various knowledge-grounded tasks with different
knowledge formats.

5 Conclusion and Future Work

We present a knowledge-grounded pre-trained lan-
guage model PLUG that can be applied to various
knowledge-grounded dialogue tasks. It subsumes
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different knowledge sources into a simple but ef-
fective unified essential knowledge representation.
Evaluation results on two benchmarks indicate that
our model performs better in zero-shot and few-
shot settings and can generalize to different knowl-
edge grounded tasks.

As future work, we would like to augment
our pre-training datasets with more knowledge
sources, and apply our method to other knowledge-
grounded tasks such as question answering. An-
other interesting direction would be to develop bet-
ter information retrievers since experiments show
that the retriever is the main bottleneck in the
knowledge-grounded dialogues.
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A Implementation Details

We process the Reddit monthly submissions and
comments dump from 2011 to 2017, consisting of
over 894k knowledge-grounded dialogue turns. As
detailed in Section 2.3.1, we set the threshold as
0.35 in the semantic ranking. After filtering with
our hierarchical information extraction method,
over 321k dialogue turns remain. All dialogue
turns in the OpenDialKG dataset are used in the pre-
training. Each dialogue turn is processed to form a
sequence of tokens consisting of three segments: di-
alogue context, essential knowledge, and response.
We keep the top-three triples/keywords as our es-
sential knowledge in pre-training and downstream
tasks. PLUG is implemented with Huggingface
Pytorch Transformers8 (Wolf et al., 2020) and ini-
tialized with the 800M-parameter T5 model. We
use Adam (Kingma and Ba, 2014) with weight
decay for pre-training. Training examples are trun-
cated to ensure a maximal length of 512. Models
are pre-trained on 8 Nvidia V100 GPUs until we
observe no progress on validation data or up to 20
epochs. The best configuration of hyper-parameters
is selected through cross-validated grid-search.

B Ethical Considerations

It is essential to consider potential ethical issues
in knowledge-grounded dialogue systems. In our
work, PLUG is pre-trained on a large-scale dataset
Reddit Conversation, which is crawled from the
internet. We follow Galley et al. (2018) to filter out
dialogues that have profanity content. However,
it is still possible to include inappropriate content
in the pre-training dataset. In processing the Red-
dit Conversation dataset during pre-training, we
have carefully designed rules to remove knowl-
edge that has profanity words. Additionally, the
T5 model may have seen inappropriate content in
its pre-training tasks, and it may generate wrong
responses even if we input appropriate knowledge.
Considerable additional work is needed to detect
profanity content when we generate with a pre-
trained language model. In addition to these ethical
considerations, we have sought to better conduct
our human evaluation by transparently communi-
cating with crowd-workers about data use and study
intent and compensating workers at a reasonable
hourly wage.

8https://github.com/huggingface/transformers is licensed
under the Apache License 2.0

C Human Evaluation Interface

Figure 5 shows the interface of an example in our
human evaluation.
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Figure 5: Screenshot of human evaluation interface.
.
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Abstract

User sessions empower many search and rec-
ommendation tasks on a daily basis. Such
session data are semi-structured, which en-
code heterogeneous relations between queries
and products, and each item is described
by the unstructured text. Despite recent ad-
vances in self-supervised learning for text or
graphs, there lack of self-supervised learn-
ing models that can effectively capture both
intra-item semantics and inter-item interac-
tions for semi-structured sessions. To fill
this gap, we propose CERES, a graph-based
transformer model for semi-structured ses-
sion data. CERES learns representations
that capture both inter- and intra-item seman-
tics with (1) a graph-conditioned masked lan-
guage pretraining task that jointly learns from
item text and item-item relations; and (2)
a graph-conditioned transformer architecture
that propagates inter-item contexts to item-
level representations. We pretrained CERES
using ∼468 million Amazon sessions and find
that CERES outperforms strong pretraining
baselines by up to 9% in three session search
and entity linking tasks.

1 Introduction

User sessions are ubiquitous in online e-commerce
stores. An e-commerce session contains customer
interactions with the platform in a continuous pe-
riod. Within one session, the customer can issue
multiple queries and take various actions on the
retrieved products for these queries, such as click-
ing, adding to cart, and purchasing. Sessions are
important in many e-commerce applications, e.g.,
product recommendation (Wu et al., 2019a), query
recommendation (Cucerzan and White, 2007), and
query understanding (Zhang et al., 2020).

This paper considers sessions as semi-structured
data, as illustrated in Figure 1. At the higher level,
sessions are heterogeneous graphs that contain in-
teractions between items. At the lower level, each

Product 1
Title: Harrys Razor
Type: Personal Care

Product 2 
Title: Harrys Potter
Type: DVD

Product 3
Title: Harrys Potter
Type: Book

Viewed Viewed Purchased

Rewrite RewriteQ1: "Harry" Q2: "Harry Potter" Q3: "Harry Potter
Book"

Figure 1: Illustration of a customer session. A session
consists of two types of items: queries and products.
The customer searched for 3 keywords sequentially and
interacted with the products returned by the search en-
gine.

graph node has unstructured text descriptions: we
can describe queries by search keywords and prod-
ucts by titles, attributes, customer reviews, and
other descriptors. Our goal is to simultaneously
encode both the graph and text aspects of the ses-
sion data to understand customer preferences and
intents in a session context.

Pretraining on semi-structured session data re-
mains an open problem. First, existing works on
learning from session data usually treat a session
as a sequence or a graph (Xu et al., 2019; You
et al., 2019; Qiu et al., 2020b). While they can
model inter-item relations, they do not capture the
rich intra-item semantics when text descriptions
are available. Furthermore, these models are usu-
ally large neural networks that require massive la-
beled data to train from scratch. Another line of re-
search utilizes large-scale pretrained language mod-
els (Lan et al., 2019; Liu et al., 2019; Clark et al.,
2020) as text encoders for session items. However,
they fail to model the relational graph structure.
Several works attempt to improve language models
with a graph-structured knowledge base, such as in
(Liu et al., 2020; Yao et al., 2019; Shen et al., 2020).
While adjusting the semantics of entities according
to the knowledge graph, they fail to encode general
graph structures in sessions.

We propose CERES (Graph Conditioned
Encoder Representations for Session Data), a pre-
training model for semi-structured e-commerce ses-
sion data, which can serve as a generic session
encoder that simultaneously captures both intra-

219



item semantics and inter-item relations. Beyond
training a potent language model for intra-item se-
mantics, our model also conditions the language
modeling task on graph-level session information,
thus encouraging the pretrained model to learn how
to utilize inter-item signals. Our model architec-
ture tightly integrates two key components: (1)
an item Transformer encoder, which captures text
semantics of session items; and (2) a graph condi-
tioned Transformer, which aggregates and propa-
gates inter-item relations for cross-item prediction.
As a result, CERES models the higher-level inter-
actions between items.

We have pretrained CERES using 468,199,822
sessions and performed experiments on three
session-based tasks: product search, query search,
and entity linking. By comparing with publicly
available state-of-the-art language models and
domain-specific language models trained on alter-
native representations of session data, we show that
CERES outperforms strong baselines on various
session-based tasks by large margins. Experiments
show that CERES can effectively utilize session-
level information for downstream tasks, better cap-
ture text semantics for session items, and perform
well even with very scarce training examples.

We summarize our contributions as follows: 1)
We propose CERES , a pretrained model for semi-
structured e-commerce session data. CERES can
effectively encode both e-commerce items and
sessions and generically support various session-
based downstream tasks. 2) We propose a new
graph-conditioned transformer model for pretrain-
ing on general relational structures on text data. 3)
We conducted extensive experiments on a large-
scale e-commerce benchmark for three session-
related tasks. The results show the superiority
of CERES over strong baselines, including main-
stream pretrained language models and state-of-
the-art deep session recommendation models.

2 Customer Sessions

A customer session is the search log before a fi-
nal purchase action. It consists of customer-query-
product interactions: a customer submits search
queries obtains a list of products. The customer
may take specific actions, including view and pur-
chase on the retrieved products. Hence, a session
contains two types of items: queries and products,
and various relations between them established by
customer actions.

We define each session as a relational graph
G = (V, E) that contains all queries and products
in a session and their relations. The vertex set
V = (Q,P) is partitioned into ordered query set
Q and unordered product set P . The queries Q =
(q1, . . . , qn) are indexed by order of the customer’s
searches. The edge set E contains two types of
edges: {(qi, qj), i < j} are one-directional edges
that connect each query to its previous queries; and
{qi, pj , aij} are bidirectional edges that connects
the ith query and jth product, if the customer took
action aij on product pj retrieved by query qj .

The queries and products are represented by tex-
tual descriptions. Specifically, each query is rep-
resented by customer-generated search keywords.
Each product is represented with a table of tex-
tual attributes. Each product is guaranteed to have
a product title and description. In this paper, we
call “product sequence” as the concatenation of
title and description. A product may have addi-
tional attributes, such as product type, color, brand,
and manufacturer, depending on their specific cate-
gories.

3 Our Method

In this section we present the details of CERES.
We first describe our designed session pretraining
task in Section 3.1, and then describe the model
architecture of CERES in Section 3.2.
3.1 Graph-Conditioned Masked Language

Modeling Task
Suppose G = (V, E) is a graph on T text items as
vertices, v1, . . . , vT , each of which is a sequence
of text tokens: vi = [vi1, . . . , viTi ], i = 1, . . . , T .
We propose graph-conditioned masked language
modeling (GMLM), where masked tokens are pre-
dicted with both intra-item context and inter-item
context:

pGMLM(vmasked) =
∏

jth masked
P(vij |G, {vik}kth unmasked),

(1)

which encourages the model to leverage informa-
tion graph-level inter-item semantics efficiently in
order to predict masked tokens. To optimize (1),
we need to learn token-level embeddings that are
infused with session-level information, which we
introduce in Section 3.2.2. Suppose certain tokens
in the input sequence of items as masked (detailed
below), we optimize the predictions of the masked
tokens with cross entropy loss. The pretraining
framework is illustrated in Figure 3.

220



Input Session

Transformer

Intra-item Token
Embeddings Item 1

Item N Intra-item Token
Embeddings 

Graph Neural
Network

Session-level Item
Embeddings

Session Graph

Cross-attention
Transformer

Inter-item Token
Embeddings 

Inter-item Token
Embeddings 

Item Transformer Encoder Graph-Conditioned Transformer

Figure 2: Model illustration. CERES first produces intra-item embeddings in the Item Transformer Encoder.
Then, the Graph-Conditioned Transformer aggregates and propagates session-level information to obtain inter-
item embeddings.

Input Item Tokens

Item Transformer Encoder

Graph-Conditioned
Transformer

Intra-item Embeddings

Inter-item Embeddings
LM Head

LM Head

Masked Token Labels

LM Loss+

Figure 3: Pretraining framework illustration. CERES
learns both inter-item and intra-item embeddings for
item tokens for Masked LM and Graph-Conditioned
Masked LM. In practice, we find it beneficial to opti-
mize both.

Token Masking Strategy. To mask tokens in
long sequences, including product titles and de-
scriptions, we follow (Devlin et al., 2018) and
choose 15% of the tokens for masking. For short
sequences, including queries and product attributes,
there is a 50% probability that a short sequence will
be masked, and for those sequences 50% of their
tokens are randomly selected for masking.

3.2 Model Architecture

To model the probability in (1), we design two
key components in the CERES model: 1) a
Transformer-based item encoder, which produces
token-level intra-item embeddings that contain con-
text information within a single item; and 2) a
graph-conditioned Transformer for session encod-
ing, which produces session-level embeddings that
encodes inter-item relations, and propagates the
session information back to the token-level. We
illustrate our model architecture in Figure 2.

3.2.1 Item Transformer Encoder
The session item encoder aims to encode intra-item
textual information for each item in a session. We
design the item encoder based on Transformers,
which allows CERES to leverage the expressive
power of the self-attention mechanism for model-
ing domain-specific language in e-commerce ses-
sions. Given an item i, the transformer-based item

encoder compute its token embeddings as follows:
[vi1, . . . ,viTi ] = Transformeritem([vi1, . . . , viTi ])

vi = Pool([vi1, . . . , viTi ]),
(2)

where vij is the embedding of the jth token in the
ith item, and vi is the pooled embedding of the ith
item. At this stage, {vij}, {vi} are embeddings
that only encode the intra-item information.

Details of Item Encoding. We detail the encoding
method for the two types of items, queries and
products, in the following paragraphs.

Each query qi = [qi1, . . . , qiTi ] is a sequence
of tokens generated by customers as search key-
words. We add a special token at the beginning
of the queries, [SEARCH], to indicate that the se-
quence represents a customer’s search keywords.
Then, to obtain the token-level embedding of the
queries and the pooled query embedding by taking
the embedding of the special token [SEARCH].

Each product pi is a table of K attributes:
p1, . . . , pK , where p1 is always the product se-
quence, which is the concatenation of prod-
uct title and bullet description. Each attribute
pki = [pki1, p

k
i2, . . .] starts with a special token

[ATTRTYPE], where ATTRTYPE is replaced with
the language descriptor of the attribtue. Then,
the Transformer is used to compute token and sen-
tence embeddings for all attributes. The product
embedding is obtained by average pooling of all
attribute’s sentence embeddings.

3.2.2 Graph-Conditioned Session
Transformer

The Graph-Conditioned Session Transformer aims
to infuse intra-item and inter-item information
to produce item and token embeddings. For
this purpose, we first design a position-aware
graph neural network (PGNN) to capture the inter-
item dependencies in a session graph to produce
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Item Token EmbeddingsLatent Conditioning Tokens

Figure 4: Illustration of cross-attention over latent con-
ditioning tokens. The item token embeddings perform
self-attention as well as cross-attention over latent con-
ditioning tokens, thus incorporating session-level in-
formation. Latent conditioning tokens perform self-
attention to update their embeddings, but do not attend
to item tokens to preserve session-level information.

item embeddings. The effect of PGNN is ana-
lyzed in Section 4.4. Then conditioned on the
PGNN-learned item embedding, we propose a
cross-attention Transformer, which produces in-
fused item and token embeddings for the Graph-
Conditioned Masked Language Modeling task.

Position-Aware Graph Neural Network. We
use a GNN to capture inter-item relations. This
will allow CERES to obtain item embeddings that
encode the information from other locally corre-
lated items in the session. Let [v1, . . . ,vN ] denote
the item embeddings produced by the intra-item
transformer encoder. We treat them as hidden states
of nodes in the session graph G and feed them to
the GNN model, obtaining session-level item em-
beddings [vh1 , . . . ,v

h
N ].

The items in a session graph are sequential ac-
cording to the order the customers generated them.
To let the GNN model learn of the positional infor-
mation of items, we train an item positional embed-
ding in the same way BERT (Devlin et al., 2018)
trains positional embeddings of tokens. Before
feeding the item embeddings to GNN, the pooled
item embeddings are added item positional embed-
dings according to their positions in the session’s
item sequence. In this way, the item embeddings
{vi}i∈V are encoded their positional information
as well.

Cross-Attention Transformer. Conditioned on
PGNN, we design a cross-attention transformer
which propagates session-level information in
PGNN-produced item embeddings to all tokens
to produce token embeddings that are infused with
both intra-item and inter-item information.

In order to propagate item embeddings to tokens,
we treat item embeddings as latent tokens that can
be treated as a “part” of item texts. for each item i,
we first expand vhi to K latent conditioning tokens
by using a multilayer perceptron module to map
vhi to K embedding vectors [vhi1, . . . ,v

h
iK ] of the

same size. For each item i, we compute its latent
conditioning tokens by averaging all latent tokens
in its neighborhood. Suppose N(i) is the set of all
neighboring items in the session graph, itself in-
cluded. In each position, we take the average of the
latent token embeddings in N(i) as the kth latent
conditioning token, vhik, for the ith item. Then, we
concatenate the latent conditioning token embed-
dings and the item token embeddings obtained by
the session item encoder:

[vhi1, . . . ,v
h
iK ,vi1, . . . ,viNi ]. (3)

Finally, we compute the token-level embeddings
with session information by feeding the concate-
nated sequence to a shallow cross-attention Trans-
former. The cross-attention Transformer is of the
same structure as normal Transformers. The dif-
ference is that we prohibit the latent conditioning
tokens from attending over original item tokens
to prevent the influx of intra-item information po-
tentially diluating session-level information stored
in latent conditioning tokens. Illustration of cross-
attention Transformer is provided in Figrue 4.

We use the embeddings produced by this cross-
attention Transformer as the final embeddings for
modeling the token probabilities in Equation (1)
and learning the masked language modeling tasks.
During training, the model is encouraged to learn
good token embeddings with the Item Transformer
Encoder, as better embeddings {vij}Nij=1 is neces-
sary to improve the quality of {vcij}Nij=1. The
Graph-Conditioned Transformer will be encour-
aged to produce high-quality session-level embed-
dings for the GMLM task. Hence, CERES is en-
couraged to produce high-quality embeddings that
unify both intra-item and inter-item information.

3.3 Finetuning

When finetuning CERES for downstream tasks, we
first obtain session-level item embeddings. The
session embedding is computed as the average of
all item embeddings. To obtain embedding for a
single item without session context, such as for
retrieved items in recommendation tasks, only the
Item Transformer Encoder is used.

To measure the relevance of an item to a given
session, we first transform the obtained embed-
dings by separate linear maps. Denote the trans-
formed session embeddings as s and item embed-
dings as y. The similarity between them is com-
puted by cosine similarity dcos(s,y). To finetune
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the model, we optimize a hinge loss on the cosine
similarity between sessions and items.

4 Experiments

4.1 Experiment Setup

Dataset. We collected customer sessions from
Amazon for pretraining and finetuning on down-
stream tasks. 468,199,822 customer sessions are
collected from August 1 2020 to August 31 2020
for pretraining. 30,000 sessions are collected from
September 2020 to September 7 2020 for down-
stream tasks. The pretraining and downstreaming
datasets are from disjoint time spans to prevent data
leakage. All data are cleaned and anonymized so
that no personal information about customers was
used. Each session is collected as follows: when a
customer perform a purchase action, we backtrace
all actions by the customer in 600 seconds before
the purchase until a previous purchase is encoun-
tered. The actions of customers include: 1) search,
2) view, 3), add-to-cart, and 4) purchase. Search
action is associated with customer generated query
keywords. View, add-to-cart, and purchase are as-
sociated with the target products. All the products
in the these sessions are gathered with their product
title, bullet description, and various other attributes,
including color, manufacturer, product type, size,
etc. In total, we have 37,580,637 products. The
sessions have an average of 3.24 queries and 4.36
products. Queries have on average 5.63 tokens,
while product titles and bullet descriptions have
averagely 17.42 and 96.01 tokens.

Evaluation Tasks and Metrics. We evaluate all
the compared models on the following tasks: 1)
Product Search. In this task, given observed cus-
tomer behaviors in a session, the model is asked
to predict which product will be purchased from a
pool of candidate products. The purchased prod-
ucts are removed from sessions to avoid trivial in-
ference. The candidate product pool is the union of
all purchased products in the test set and the first
10 products returned by the search engine of all
sessions in the test set.

2) Query Search. Query Search is a recommen-
dation task where the model retrieves next queries
for customers which will lead to a purchase. Given
a session, we hide the last query along with prod-
ucts associated with it, i.e. viewed or purchased
with the removed query. Then, we ask the model
to predict the last query from a pool of candidate

queries. The candidate query pool consists of all
last queries in the test set.

3) Entity Linking. In this task we try to under-
stand the deeper semantics of customer sessions.
Specifically, if customer purchases a product in a
session, the task is to predict the attributes of the
purchased product from the rest contexts in the
session. In total, we have 60K possible product
attributes.

Baselines. The compared baselines can be catego-
rized into three groups:

1) General-domain pretrained language mod-
els which include BERT (Devlin et al., 2018),
RoBERTa (Liu et al., 2019), and ELECTRA (Clark
et al., 2020). These models are state-of-the-art
pretrained language models, which can serve as
general-purpose language encoders for items and
enable downstream session-related tasks. Specifi-
cally, the language encoders produce item embed-
dings first, and compose session embeddings by
pooling the items in sessions. To retrieve items
for sessions, one can compare the cosine similarity
between sessions and retrieved items.

2) Pretrained session models which are pre-
trained models on e-commerce session data. Specif-
ically, we pretrain the following language models
using our session data: a) Product-BERT, which
is a domain-specific BERT model pretrained with
product information; b) SQSP-BERT, where SQSP
is short for Single-query Single-Product. SQSP-
BERT is pretrained on query-product interaction
pairs with language modeling and contrastive learn-
ing objectives. They are used in the same manner
in downstream tasks as general-domain pretrained
language models. The detailed configurations are
provided in the Appendix.

3) Session-based recommendation methods
including SR-GNN (Wu et al., 2019b) and
NISER+ (Gupta et al., 2019), which are state-of-
the-art models for session-based product recom-
mendation on traditional benchmarks, including
YOOCHOOSE and DIGINETICA; and Nvidia’s
MERLIN (Mobasher et al., 2001), which is the best-
performing model in the recent SIGIR Next Items
Prediction challenge (Kallumadi et al., 2021)

To evaluate the performance on these tasks, we
employ standard metrics for recommendation sys-
tems, including MAP@K, and Recall@K.

4.2 Implementation Details
The implementation details for pretraining and fine-
tuning stages are described as follows.

223



Pretraining details. We developed our model
based on Megatron-LM (Shoeybi et al., 2019). We
used 768 as the hidden size, a 12-layer transformer
blocks as the backbone language model, a two-
layer Graph Attention Network and three-layer
Transformer as the conditioned language model
layers. In total, our model has 141M parameters.
The model is trained for 300,000 steps with a batch
size of 512 sessions. The parameters are updated
with Adam, with peak learning rate as 3e− 5, 1%
steps for linear warm-up, and linear learning rate
decay after warm-up until the learning rate reaches
the minimum 1e− 5. We trained our model on 16
A400 GPUs on Amazon AWS for one week.
Finetuning details. For each downstream task,
we collected 30,000 sessions for training, 3000 for
validation and 5000 for testing. For each of the pre-
trained model, we finetune them for 10 epochs with
a maximal learning rate chosen from [1e-4, 1e-5,
5e-5, 5e-6] to maximize MAP@1 on the validation
set. The rest of the configuration of optimizers is
the same as in pretraining.

4.3 Main Results
4.3.1 Product Search
Table 1 shows the performance of different meth-
ods for the product search task. We observe that
CERES outperforms domain-specific methods by
more than 1% and general-domain methods by over
6% in MAP@1. The second best performing model
is Product-BERT, which is pretrained on product
information alone.

We also compared with session-based recom-
mendation systems. SR-GNN and NISER+ model
only session graph structure but not text seman-
tics; hence they have limited performance because
of the suboptimal representation of session items.
While MERLIN can capture better text semantics,
its text encoder is not trained on domain-specific
e-commerce data. While it can outperform general-
domain methods, its performance is lower than
Product-BERT and CERES. The benefits of joint
modeling of text and graph data and the Graph-
Conditioned MLM allow CERES to outperform
existing session recommendation models.

4.3.2 Query Search
Table 2 shows the performance of different meth-
ods on Query Search. Query Search is a more dif-
ficult task than Product Search because customer-
generated next queries are of higher variance. In
this challenging task, CERES outperforms the best

domain-specific model by over 7% and general-
domain model by 12% in all metrics.

4.3.3 Entity Linking

Table 3 shows the results on Entity Linking. Sim-
ilar to Query Search, this task also requires the
models to tie text semantics (queries/product at-
tributes) to a customer session, which requires a
deeper understanding of customer preferences. It is
easier than Query Search as product attributes are
of lower variance. However, the product attributes
that the customer prefer rely more on session in-
formation, as they may have been reflected in the
past search queries and viewed products. In this
task, CERES outperforms domain-specific models
and general-domain models by averagely 9% in
MAP@1 and 6% in MAP@32 and MAP@64.

4.4 Further Analysis and Ablation Studies

In this section we present further studies to under-
stand: 1) the effect of training data sizes in the
downstream task; 2) the effects of different com-
ponents in CERES for both the pretraining and
finetuning stages. following observations:

CERES is highly effective when training data
are scarce. We compare CERES with two
strongest baselines (BERT, and Product-BERT)
when the training sample size varies. Figure 5
shows the MAP@64 scores of these methods on
Product Search and Query Search when training
size varies. Clearly, the advantage of CERES is
greater when training data is extremely small. With
a training size of 300, CERES can achieve a decent
performance of about 37.55% in Product Search
and 36.37% in Query Search, while the baseline
models cannot be trained sufficiently with such
small-sized data. This shows that the efficient uti-
lization of session-level information in pretraining
and fine-tuning stages make the model more data
efficient than other pretrained models.
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Figure 5: Effect of sample size on Product Search and
Query Search. x-axis represents the training data size
and y-axis represents MAP@64.

224



Method map@1 recall@1 map@32 recall@32 map@64 recall@64
SR-GNN 36.313 37.284 50.683 99.592 60.413 99.689
NISER+ 37.193 38.144 52.855 98.293 62.371 99.111
MERLIN 89.744 90.166 93.067 98.98 93.075 99.33
BERT 85.096 84.688 89.172 99.082 89.18 99.301
RoBERTa 79.647 78.963 83.207 95.396 83.25 97.494
Electra 85.897 86.32 89.841 99.344 89.845 99.519
Product-Bert 91.026 91.71 93.856 99.563 93.856 99.563
SQSP-Bert 85.577 85.795 90.049 99.038 90.057 99.301
CERES 92.628 93.094 94.848 99.551 94.853 99.65

Table 1: The performance of different methods for Product Search, after fine-tuning with 30,000 training sessions.
Method map@1 recall@1 map@32 recall@32 map@64 recall@64
BERT 47.276 47.627 60.143 92.553 60.214 95.417
RoBERTa 26.603 26.323 37.722 74.468 37.839 80.196
Electra 32.853 32.788 47.512 90.426 47.632 95.663
Product-BERT 52.724 52.973 66.035 95.99 66.065 97.463
SQSP-BERT 45.833 46.29 60.195 92.881 60.26 95.499
CERES 59.936 60.284 72.329 97.463 72.331 97.627

Table 2: The performance of different methods for Query Search, after fine-tuning with 30,000 training sessions.

Graph-Conditioned Transformer is Vital to
Pretraining. Without the Graph-Conditioned
Transformer in pretraining, our model is essen-
tially the same as domain-specific baselines, such
as Product-BERT, which are trained on session data
but only with intra-item text signals. While SQSP-
BERT has access to session-level information when
maximizing the masked language modeling objec-
tive, the lack of a dedicated module for GMLM
results in worse performance, as shown in the main
experiment results.

We could train the Graph-Conditioned Trans-
former from scratch in the finetuning stage. We
present a model called CERES w/o Pretrain, which
attaches the Graph-Conditioned Session Trans-
former to Product-BERT as the Item Transformer
Encoder. As shown in Figure 6, this ablation
method achieves MAP@64 scores of 89.341%
in Product Search, 64.890% in Query Search,
and 74.031% in Entity Linking, which are be-
low Product-BERT. This shows that the pretrain-
ing stage of the Graph-Conditioned Transformer
is necessary to facilitate its ability to aggregate
and propagate session-level information for down-
stream tasks.

Graph-Conditioned Transformer Improves
Item-level Embeddings. We also present CERES
w/o Cond, which has the same pretrained model
as CERES, but only uses the Item Transformer
Encoder in the finetuning stage. The Item
Transformer Encoder is used to compute session
item embeddings that contain only item-level
information, and then takes the average of these
embeddings as session embedding. As shown in
Figure 6, CERES w/o Cond acheives 94.741%,
72.175%, and 81.03% respectively in Product

Product Search Query Search Entity Linking0

20

40

60

80

M
AP

@
64

MAP@64 for Ablation Models
CERES
CERES w/o Cond
CERES w/o Pretrain
CERES w/o GNN

Figure 6: Results on three tasks on ablation models. y-
axis represents MAP@64. CERES w/o Cond is CERES
without the Graph-Conditioned Transformer in the fine-
tuning stage. CERES w/o Pretrain is CERES without
pretraining the Graph-Conditioned Transformer, but in-
stead training it from scratch in the finetuning stage.
CERES w/o GNN is CERES pretrained without the
GNN module.

Search, Query Search, and Entity Linking,
observing a drop of 0.1% to 0.2% in performance
compared with CERES. The performance drop
is minor and CERES w/o Cond still outperforms
baseline pretrained language models. Hence, the
Graph-Conditioned Transformer in the pretraining
stage helps the Item Transformer Encoder to learn
better item-level embeddings that can be used for
more effective leveraging of session information in
the downstream tasks.

Graph Neural Networks Improve Representa-
tion of Sessions. In CERES w/o GNN, we pretrain
a CERES model without a Graph Neural Network.
Specifically, CERES w/o GNN skips the neighbor-
hood information aggregation for items, and uses
item-level embeddings obtained by the Item Trans-
former Encoder directly as latent conditioning to-
kens. We train and finetune this model with the
same setup as CERES. Without GNN, the model’s
performance is consistently lower than CERES,
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Method map@1 recall@1 map@32 recall@32 map@64 recall@64
BERT 55.609 55.353 66.386 90.511 66.481 95.073
RoBERTa 66.506 65.754 74.516 93.248 74.561 95.438
Electra 62.321 62.365 62.985 68.296 63.122 74.318
Product-Bert 66.827 66.393 74.611 94.404 74.641 96.046
SQSP-Bert 63.942 64.872 72.232 91.241 72.307 94.891
CERES 75.481 75.456 81.121 95.255 81.16 96.898

Table 3: The performance of different methods for Entity Linking, after fine-tuning with 30,000 training sessions.

achieving 93.453%, 71.231%, 80.26% MAP@64
in three downstream tasks, observing a 1.13% per-
formance drop. This shows that GNN’s aggrega-
tion of information can help item-level embeddings
encode more session-level information, improving
performance in downstream tasks.

Model Efficiency. CERES has additional few
GNN and Transformer layers attached to the end of
the model. The additional layers bring ∼20% addi-
tional inference time compared to standard BERT
with 12 layers and 768 hidden size.

5 Related work

Pretrained language models such as BERT (Devlin
et al., 2018), BART (Lewis et al., 2019), ELEC-
TRA (Clark et al., 2020), RoBERTa (Liu et al.,
2019) have pushed the frontiers of many NLP tasks
by large margins. Their effectiveness and efficiency
in parallelism have made them popular and general-
purpose language encoders for many text-rich appli-
cations. However, they are not designed to model
relational and graph data, and hence are not the
best fit for e-commerce session data.

Researchers have also sought to enhance text
representations in pretrained models with knowl-
edge graphs (Shen et al., 2020; Liu et al., 2020;
Yao et al., 2019; Sun et al., 2020, 2021). While
these models consider a knowledge graph struc-
ture on top of text data, they generally use entities
or relations in knowledge graphs to enhance text
representations, but cannot encode arbitrary graph
structures. This is not sufficient in session-related
applications as session structures are ignored.

Many works have been proposed to learn pre-
trained graph neural networks. Initially, methods
were proposed for domain-specific graph pretrain-
ing (Hu et al., 2019a,b; Shang et al., 2019). How-
ever, they rely on pre-extracted domain-specific
node-level features, and cannot be extended to ei-
ther session data or text data as nodes. Recently,
many works have been proposed to pretrain on gen-
eral graph structure (Hu et al., 2020; You et al.,
2020; Qiu et al., 2020a). However, they cannot
encode the semantics of text data as nodes.

Contextual information in sessions have been

shown beneficial to various related recommenda-
tion tasks, such as product recommendation (Wu
et al., 2019b; Dehghani et al., 2017; Jannach and
Ludewig, 2017; Gupta et al., 2019) and query
rewriting (Li et al., 2017; Cucerzan and White,
2007). Many existing session-based recommenda-
tion methods seek to exploit the transitions between
items (Yap et al., 2012; Rendle et al., 2010; Wang
et al., 2018; Li et al., 2017) and considering ses-
sions as graphs (Xu et al., 2019; Ruihong et al.,
2021; Wang et al., 2020).

6 Limitations and Risks

This paper limits the application of CERES to ses-
sion data with text descriptions. CERES has the po-
tential of being a universal pretraining framework
for arbitrary heterogeneous data. For example, ses-
sions can include product images and customer
reviews for more informative multimodal graphs.
We leave this extension for future work.

Session data are personalized experience for cus-
tomers and could cause privacy issues if data are
not properly anonymized. In application, the model
should be used to avoid exploitation or leakage of
customers personal profiles and preferences.

7 Conclusion

We proposed a pretraining framework, CERES,
for learning representations for semi-structured e-
commerce sessions. We are the first to jointly
model intra-item text and inter-item relations in ses-
sion graphs with an end-to-end pretraining frame-
work. By modeling Graph-Conditioned Masked
Language Modeling, our model is encouraged to
learn high-quality representations for both intra-
item and inter-item information during its pretrain-
ing on massive unlabeled session graphs. Further-
more, as a generic session encoder, our model
enabled effective leverage of session information
in downstream tasks. We conducted extensive
experiments and ablation studies on CERES in
comparison to state-of-the-art pretrained models
and recommendation systems. Experiments show
that CERES can produce higher quality text rep-
resentations as well as better leverage of session
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graph structure, which are important to many e-
commerce related tasks, including product search,
query search, and query understanding.
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Attribute Value
Title Pour-over Coffee Maker

Bullet Description Just coffee maker.
Color N/A
Brand Chemex

Manufacturer Chemex
Product Type Coffee Maker

Table 4: Example Product Table. Each product is
guaranteed to have a title. Most products have bul-
let descriptions, which can be split into multiple en-
tries. Products could have other attributes, such as
color, brand, product type, etc. as well.

A Details on Session Data

A.1 Product Attributes.

A product is represented with a table of attributes.
Each product is guaranteed to have a product title
and bullet description. In this paper, we regard
the product title as the representative sequence of
the product, called “product sequence”. A product
may have additional attributes, such as product
type, color, brand, and manufacturer, depending on
specific products.

A.2 Alternative Pretraining Corpora

In this section we introduce alternative pretrain-
ing corpora that encode information in a session,
including products and queries, but not treating
sessions as a whole.

A.2.1 Product Corpus

In this corpus, we gathered all product information
that appeared in the sessions from August 2020 to
September 2020. Each product will have descrip-
tions such as product title and bullet description,
and other attributes like entity type, product type,
manufacturer, etc. Particularly, bullet description
is composed of several lines of descriptive facts
about the product. All products without titles are
removed. Each of the remaining product forms a
paragraph, where the product title comes as the first
sentence, followed by the entries of bullet descrip-
tions each as a sentence, and product attributes.

An example document in this corpora is as fol-
lows:

[Title] product title
[Description] description
[Product Type] product type
[Color] color

A.2.2 Single-Query Single-Product (SQSP)
Corpus

In this corpus, we treat each session as a document
and each query-product pair as a sentence. A query-
product pair in the document are the pairs of queries
and products that are either viewed or clicked with
the given queries. A query-product pair looks like
the follows:

[SEARCH] search keywords
[TITLE] product title
[DESCRIPTION] description
[ENTITY_TYPE] entity type

where the first [SEARCH] special token indicates
a field of query keywords, and [TITLE] indicates
fields of product information starting with product
tittles. In this corpus, we model the one-to-one
relation between queries and products.

A.2.3 Session Corpus
In this corpus, we treat each session as a document
and sequentially put text representations of items
in a session to the document with special tokens in-
dicating the fields of items. An example document
looks like the follows:

[SEARCH] keywords 1
[SEARCH] keywords 2 [CLICK]
[TITLE] product 1
[SEARCH] keywords 3
[PURCHASE]
[TITLE] product 2

In this example, the customer first attempted to
search with keywords 1 and then modified the key-
words to keywords 2. The customer then clicked on
product 1. At last, the customer modified his search
to keywords 3 and purchased product 2. In this cor-
pus, session information is present in a document,
but the specific relations between elements are not
specified. The comparison of different datasets are
in Table 5.

A.3 Alternative Pretraining Methods
We introduce the alternative pretraining models.

• Product-Bert. It is pretrained on the Product
Corpus. Specifically, we treat each product
in the Product Corpus as an article. Product
titles is always the first sentence, followed by
paragraphs of bullet descriptions, which can
contain multiple sentences. Then, each addi-
tional product attribute is a sentence added
after the bullet descriptions.
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Corpus Product Info Query Info Relational Session Context
Product 3 7 7 7

SQSP 3 3 3 7

Session-Corpus 3 3 7 3

Session-Graph 3 3 3 3

Table 5: Comparision of different pretraining dataset. Product Corpus has access only to product information.
SQSP models on the queries and query-product relations, without access to session context. Session Corpus has
access to contextual information in a session, but does not model on relations between objects. Session-Graph has
access to all information and models on the relational nature of nodes in the session graph.

Product Bert is trained for 300,000 steps, with
a 12-layer transformer with a batch size of
6144 and peak learning rate of 1e-3, 1% linear
warm-up steps, and 1e−2 linear weight decay
to a minimum learning rate of 1e-5.

• SQSP-Bert. It is pretrained on SQSP Cor-
pus. The SQSP Bert uses the same Trans-
former backbone as Product Bert. Given each
query-product pair, SQSP feeds the text pair
sequence to the Transformer for token embed-
dings for masked language modeling loss. In
addition to language modeling, for each query-
product pair, we sample a random product for
the query as a negative query-product pair.
The text pair sequence of the negative sample
is also fed to the Transformer. Then, a dis-
criminator is trained in the pretraining stage
to distinguish the ground-truth query-product
pairs and randomly sampled pairs. The dis-
criminator’s classification loss should serve as
a contrastive loss.

SQSP Bert is trained with the same configura-
tion of Product Bert.

B Details on Evaluation Metrics

Mean Average Precision. Suppose that for a ses-
sion, m items are relevant and N items are retrieved
by the model, the Average Precision (AP) of a ses-
sion is defined as

AP@N =
1

min(m,N)

N∑

k=1

P (k)rel(k), (4)

where P (k) is the precision of the top k re-
trieved items, and rel(k) is an indicator function
of whether the kth item is relevant. As we have at
most one relevant item for each session, the above
metric reduces to 1

r , where r is the rank of the rele-
vant item in the retrieved list, and k =∞ when the
relevant item is not retrieved. MAP@N averages

AP@N over all sessions,

MAP@N =
1

|S|
∑

s∈S

1

rs
(5)

where rs is the rank of the relevant item for a spe-
cific session s. MAP in this case is equivalent to
MRR.

Mean Average Precision by Queries (MAPQ).
Different from MAP, MAPQ averages AP over last
queries instead of sessions. SupposeQ is the set of
unique last queries, and S(q), q ∈ Q is the set of
sessions whose last queries are q, then the average
precision for one query q is

1
∑k

i=1 rel(k)

N∑

k=1

min(1,

∑
rs≤k rel(k)

k
) (6)

then we sum over all queries to obtain MAPQ@N.

Mean Reciprocal Rank by Queries (MRRQ).
MRRQ averages MRR over session last queries
instead of sessions.

MRRQ@N =
1

|Q|
∑

q∈Q
max
s∈S(q)

(rs) (7)

Recall. Recall@N calculates the percentage of
sessions whose relevant items were retrieved
among the top N predictions.
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Abstract

Analyzing ideology and polarization is of criti-
cal importance in advancing our grasp of mod-
ern politics. Recent research has made great
strides towards understanding the ideological
bias (i.e., stance) of news media along the left-
right spectrum. In this work, we instead take a
novel and more nuanced approach for the study
of ideology based on its left or right positions
on the issue being discussed. Aligned with
the theoretical accounts in political science, we
treat ideology as a multi-dimensional construct,
and introduce the first diachronic dataset of
news articles whose ideological positions are
annotated by trained political scientists and lin-
guists at the paragraph level. We showcase
that, by controlling for the author’s stance, our
method allows for the quantitative and tempo-
ral measurement and analysis of polarization
as a multidimensional ideological distance. We
further present baseline models for ideology
prediction, outlining a challenging task distinct
from stance detection.

1 Introduction

Political ideology rests on a set of beliefs about the
proper order of a society and ways to achieve this
order (Jost et al., 2009; Adorno et al., 2019; Camp-
bell et al., 1980). In Western politics, these world-
views translate into a multi-dimensional construct
that includes: equal opportunity as opposed to eco-
nomic individualism; general respect for tradition,
hierarchy and stability as opposed to advocating
for social change; and a belief in the un/fairness
and in/efficiency of markets (Jost et al., 2009).

The divergence in ideology, i.e., polarization,
is the undercurrent of propaganda and misinfor-
mation (Vicario et al., 2019; Bessi et al., 2016;
Stanley, 2015). It can congest essential democratic
functions with an increase in the divergence of
political ideologies. Defined as a growing ideo-

* Equal contribution ordered by first name.

Two
dimensions:
trade and
economic
liberalism

The U.S. aim is to create a monetary sys-
tem with enough flexibility to prevent bar-
gain-hungry money from rolling around
the world like loose ballast on a ship dis-
rupting normal trade and currency flows.
Nixon goals: dollar, trade stability. This
must be accompanied, Washington says,
by reduction of [trade] barriers ...

One
dimension:
trade
protectionism

The controls program, which Mr. Nixon
inaugurated Aug. 15, 1971, has helped
to reduce inflation to about 3 percent
yearly, and to boost annual U.S. eco-
nomic growth to more than 7 percent...

Table 1: Excerpts from news article #730567 in
COHA (Davies, 2012). The first paragraph advocates
for liberalism and the reduction of trade barriers. It also
has a domestic economic dimension. The second para-
graph, on the contrary, advocates for protectionism and
a domestic controls program.

logical distance between groups, polarization has
waxed and waned since the advent of the Ameri-
can Republic (Pierson and Schickler, 2020).1 Two
eras—post-1896 and -1990s—have witnessed dele-
terious degrees of polarization (Jenkins et al., 2004;
Jensen et al., 2012). More recently, COVID-19, the
murder of George Floyd, and the Capitol riots have
exposed ideological divergences in opinion in the
US through news media and social media. With the
hope of advancing our grasp of modern politics, we
study ideology and polarization through the lens of
computational linguistics by presenting a carefully
annotated corpus and examining the efficacy of a
set of computational and statistical analyses.

In contrast to studying the bias or the stance of
the author of the text via linguistic framing (Kulka-
rni et al., 2018; Kiesel et al., 2019; Baly et al., 2019,
2020; Chen et al., 2020; Stefanov et al., 2020), we

1We distinguish ourselves from work that considers other
types of polarization, e.g., as a measure of emotional dis-
tance (Iyengar et al., 2019) or distance between political par-
ties (Lauka et al., 2018).
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study the little explored angle that is nonetheless
critical in political science research: ideology of
the issue (e.g., policy or concept) under discus-
sion. That is, in lieu of examining the author’s
stance, we focus on addressing the at-issue content
of the text and the ideology that it represents in the
implicit social context. The nuanced co-existence
of stance and ideology can be illustrated in the
following excerpt:

“Republicans and Joe Biden are making a huge
mistake by focusing on cost. The implication is
that government-run health care would be a good
thing–a wonderful thing!– if only we could afford
it." (The Federalist, 9/27/2019)

The author is attacking a liberal social and eco-
nomic policy; therefore, the ideology being dis-
cussed is liberal on two dimensions—social and
economic, while the author’s stance is conservative.
Moreover, our novel approach acknowledges that
ideology can also vary within one article. In Ta-
ble 1, we show an example in which one part of an
article advocates for trade liberalism, while another
advocates for protectionism.

Together, author stance and ideology inform us
not only that there is bias in the media, but also
which beliefs are being supported and/or attacked.
A full analysis of polarization (that reflects a grow-
ing distance of political ideology over time) can
then be derived if diachronic data for both au-
thor stance and ideology were available. However,
while there has been data for the former (with arti-
cles from recent years only) (Kiesel et al., 2019), to
date, there has been no temporal data on the latter.

In this paper, we present a multi-dimensional
framework, and an annotated, diachronic, stance-
neutral corpus, for the analysis of ideology in text.
This allows us to study polarization as a state of
ideological groups with divergent positions on a
political issue as well as polarization as a process
whose magnitude grows over time (DiMaggio et al.,
1996). We use proclaimed center, center-left and
center-right media outlets who claim to be objec-
tive in order to focus exclusively and more objec-
tively on the ideology of the issue being discussed,
without the subjectivity of author stance annota-
tion. We study ideology within every paragraph2

of an article and aim to answer the following ques-
tion: which ideological dimension is present and to
which ideological position does it correspond to on
the liberal-conservative spectrum.

2We use automatically segmented paragraphs since the
raw texts were not paragraph-segmented.

Our extensive annotation manual is developed
by a political scientist, and the data then annotated
by three linguists after an elaborate training phase
(Section 3). After 150 hours of annotation, we
present a dataset of 721 fully adjudicated annotated
paragraphs, from 175 news articles and covering an
average of 7.86 articles per year (excerpts shown
in Tables 1, 2, and 3). These articles originate
from 5 news outlets related the US Federal Bud-
get from 1947-1975 covering the center-left, cen-
ter, center-right spectrum: Chicago Tribune (CT),
Christian Science Monitor (CSM), the New York
Times (NYT), Time Magazine (TM), and the Wall
Street Journal (WSJ).

With this data, we reveal lexical insights on the
language of ideology across the left-right spectrum
and across dimensions. We observe that linguistic
use even at word level can reveal the ideology be-
hind liberal and conservative policies (Section 4).
Our framework also enables fine-grained, quantita-
tive analysis of polarization, which we demonstrate
in Section 5. This type of analysis, if scaled up
using accurate models for ideology prediction, has
the potential to reveal impactful insights into the
political context of our society as a whole.

Finally, we present baselines for the automatic
identification of multi-dimensional ideology at
the paragraph level (Section 6). We show that
this is a challenging task with our best baseline
yielding an F measure of 0.55; exploring pre-
training with existing data in news ideology/bias
identification, we found that this task is dis-
tinct from, although correlated with, labels au-
tomatically derived from news outlets. We con-
tribute our data and code at https://github.

com/bernovie/political-polarization.

2 Setup

Many political scientists and political psycholo-
gists argue for the use of at least a bidimensional
ideology for domestic politics that distinguishes
between economic and social preferences (Carsey
and Layman, 2006; Carmines et al., 2012; Feld-
man and Johnston, 2014).3 We start with these

3It is important to distinguish between ideology and sev-
eral other concepts. (1) Partisanship (party identity) (Camp-
bell et al., 1980): a partisan person changes their ideology
when their party changes its ideology, whereas an ideologi-
cal person changes their party when their party changes its
ideology. Partisanship is easily conflated with party ID us-
ing a unidimensional conceptualization of ideology, but not
with a multi-dimensional one. (2) Moral foundations: Haidt
et al. (2009) gave an evolutionary explanation of how human
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two dimensions while adding a third dimension,
“Foreign”, when the article tackles foreign issues.

Specifically, our annotation task entails exam-
ining a news article and annotating each dimension
(detailed below) along three levels—liberal, con-
servative, neutral—for each paragraph. The neutral
level for every dimension is reserved for paragraphs
related to a specific dimension but either (a) con-
tain both conservative and liberal elements that
annotators were unable to ascertain an ideological
dimension with confidence, or (b) do not portray
any ideology. We additionally provide an irrele-
vant option if a dimension does not apply to the
paragraph. The three dimensions are:
Social: While the (1) socially conservative aspect
of this dimension is defined as respect for tradition,
fear of threat and uncertainty, need for order and
structure, concerns for personal and national secu-
rity, and preference for conformity, its (2) socially
liberal counterpart has been associated with a be-
lief in the separation of church and state, tolerance
for uncertainty and change (Jost et al., 2009).
Economic: Similarly, while the (3) economically
conservative aspect of this dimension refers to moti-
vations to achieve social rewards, power, and pres-
tige such as deregulation of the economy, lower
taxes and privatization (i.e., being against deficit)
spending and advocating for a balanced budget,
its (4) economically liberal counterpart refers to
motivation for social justice and equality such as
issues related to higher taxes on rich individuals
and businesses and more redistribution.
Foreign: After piloting the bidimensional approach
on 300 articles, we find that using only 2 dimen-
sions conflates two important aspects of ideology
related to domestic economy and foreign trade.
Tariffs, import quotas, and other nontariff-based
barriers to trade that are aimed at improving em-
ployment and the competitiveness of the US on
the international market did not map well onto the
bidimensional framework. After consulting several
senior political scientists, we adopted a third di-
mension that dealt with the markets as well as the
relations of the US with the rest of the world. While

morals, values and traits such as freedom, safety, harm, care,
reciprocity, in-group loyalty, authority, equality are formed.
Since, some scholars have used these traits to predict ideology
whereas others have attempted to understand what traits unites
people with the same ideology. (3) Framing: frames are used
in many ways in political science. They can refer to different
ways scholars describe the same information or when scholars
talk about different aspects of a single problem (Chong and
Druckman, 2007).

the (5) globalist counterpart of this dimension ac-
counts for free-trade, diplomacy, immigration and
treaties such as the non-proliferation of arms, its (6)
interventionist aspect is nationalist in its support
for excise tax on imports to protect American jobs
and economic subsidies and anti-immigration.

With the annotated data, we demonstrate quan-
titative measures of polarization (Section 5) and
introduce the modeling task (Section 6) of auto-
matically identifying the ideology of the policy
positions being discussed.

3 Data collection and annotation

Raw data Since polarization is a process that
needs to be analyzed over time (DiMaggio et al.,
1996), our annotated articles are sampled from a
diachronic corpus of 1,749 news articles across
nearly 3 decades (from 1947 till 1974). Articles in
this corpus are from political news articles of Desai
et al. (2019) from the Corpus of Historical Ameri-
can English (COHA, Davies (2012)) covering years
1922-1986. These 1,749 articles are extracted such
that: (1) they cover broad and politically relevant
topics (ranging from education and health to econ-
omy) but still share discussions related to the fed-
eral budget to make our annotations tractable4; (2)
balanced in the number of articles across 5 news
outlets with center-left, central, and center-right
ideology (c.f. Section 5): Chicago Tribune (CT),
Wall Street Journal (WSJ), Christian Science Mon-
itor (CSM), the New York Times (NYT), and Time
Magazine (TM). A detailed description of our cu-
ration process is in Appendix A.

The raw texts were not segmented into para-
graphs, thus we used Topic Tiling (Riedl and Bie-
mann, 2012) for automatic segmentation. Topic
Tiling finds segment boundaries again using LDA
and, thus, identifies major subtopic changes within
the same article. The segmentation resulted in arti-
cles with 1 to 6 paragraphs. The average number
of paragraphs per article was 4.

Annotation process Our team (including a polit-
ical science graduate student) developed an annota-
tion protocol for expert annotators using definitions
in Section 2. The annotation process is indepen-
dently reviewed by four political science professors
from two universities in the US who are not authors

4Because federal budget stories touch on all aspects of
the federal activity, this topic appeals to both liberal and con-
servative media and thus can provide a good testing ground to
showcase our proposed ideological annotation method.
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Two
dimensions:
socially and
economically
liberal

... Secretary of Defense Robert S. [Mc-
Namara] threw his full support today be-
hind the Administration’s drive against
poverty. ...Mr. Mc-Namara said : “It is
the youth that we can expect to be the
most immediate beneficiaries of the war
on poverty." He said he was endorsing
the “entire program" both as a citizen and
as a member of the Cabinet. His endorse-
ment came as his fellow Republicans in
Congress continued to hammer away at
parts of the Administration’s antipoverty
program. . . .

Two
dimensions:
socially and
economically
conservative

The antipoverty program, the Republi-
cans insisted, would undercut the author-
ity of the Cabinet members by making
Sargent Shriver a "poverty czar." “I don’t
see how you can lie down and be a door-
mat for this kind of operation. "...

Table 2: Excerpts from article #723847 in COHA. Be-
cause the first paragraph calls for minimizing income
inequality, it is socially liberal; and because advocating
for such a program call for an budgetary expenditure, it
is also has an economic liberal dimension. The second
paragraph advocates for the exact opposites of the posi-
tions in the first paragraph. Therefore, it is socially and
economically conservative. Sentences most relevant to
these labels are highlighted.

of this paper; the research area of two of them is
ideology and polarization in the US. We will re-
lease our full annotation interface, protocol, and
procedure along with the data upon publication.

We sampled on average 7.86 articles per year for
annotation, for a total of 721 paragraphs across 175
articles. We divided the annotation task into two
batches of 45 and 130 articles, the smaller batch
was for training purposes.

In addition to the political science graduate stu-
dent, we recruited three annotators, all of whom are
recent Linguistics graduates in the US. The train-
ing sessions consisted of one general meeting (all
annotators met) and six different one-on-one meet-
ings (each annotator met with another annotator
once). During initial training, the annotators were
asked to highlight sentences based on which the
annotation was performed.

After the annotations of this batch were final-
ized, the annotators met with the political science
student to create ground truth labels in cases of
disagreement. Then, the three annotators received
the second batch and each article was annotated
by 2 annotators. This annotation was composed
of two stages to account for possible subjectivity.
In stage 1, each annotator worked on a batch that

Zero
dimension

. . . “The committee is holding public hear-
ings on President Eisenhower’s Economic
Report, which he sent to Congress last week.
The Secretary’s [Humphrey] appearance be-
fore the group provided an opportunity for
political exchanges.

One
dimension:
econom-
ically
liberal

Senators Paul H. Douglas of Illinois, J. W.
Fulbright of Representative Wright Patman
of Texas, all Democrats, were active in ques-
tioning Mr. Humphrey. The Democrats as-
serted that the Administration’s tax reduc-
tion program was loaded in favor of business
enterprises and shareholders in industry and
against the taxpayer in the lowest income
brackets. . . .

One
dimension:
economi-
cally
neutral

Senator Fulbright .. declare[d] that the prob-
lem was to expand consumption rather than
production. ... “Production is the goose that
lays the golden egg,“ Mr. Humphrey replied.
“Payrolls make consumers."

Table 3: Excerpts from article #716033 in COHA. The
first paragraph is void of ideology. In the second para-
graph the topic is anti tax reduction on businesses, thus
it is economically liberal. The third paragraph is simulta-
neously economically conservative and liberal because
one speaker is advocating for decreasing tax on busi-
nesses and asserting that production gives an advantage
to businesses, the other is advocating for decreasing tax
on the poor because they need the income and asserting
that healthy businesses are the ones who pay salaries for
the low income bracket worker.

overlapped with only one other annotator. In stage
2, the two annotators examine paragraphs that they
disagree, and met with the third annotator acting
as consolidator to adjudicate. Tables 1. 3 and 2 are
examples of adjudicated annotation in the data.

Agreement To assess the inter-annotator agree-
ment of stage 1, we report Krippendorf’s α (Hayes
and Krippendorff, 2007) for each dimension for the
135 articles after training and before any discus-
sion/adjudication: economic (0.44), foreign (0.68),
social (0.39). The agreements among annotators
for the economic and foreign dimensions are mod-
erate & substantial (Artstein and Poesio, 2008),
respectively; for social, the ‘fair’ agreement was
noticed during annotation, and additional discus-
sion for each paragraph was then held. Afterwards,
25 more articles were independently annotated and
assessed with an α of 0.53. Although the agree-
ments were not perfect and reflected a degree of
subjectivity in this task, all dimensional labels were
adjudicated after discussions between annotators.
In total, creating this dataset cost ∼150 hours of
manual multi-dimensional labeling.
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#Docs Econ. Soc. Fgn. Total

CSM 37 115 63 82 260
CT 14 48 33 16 97
NYT 60 219 114 130 463
TM 52 134 60 89 283
WSJ 12 42 21 21 84
Total 175 558 291 338 1187

Table 4: Dimensional label counts across all 721 para-
graphs in the adjudicated data (there can be multiple
dimensions per paragraph).

Qualitative analysis of text highlights For the
25 articles used in training, all annotators high-
lighted the sentences that are relevant to each di-
mension they annotated. This helped annotators to
focus on the sentences that drived their decision,
and provided insights to the language of ideology,
which we discuss here. On average, 21%–54% of
the sentences in a paragraph were highlighted.

We found entities such as “President" and
"Congress" were the most prevalent in the high-
lights, and they tackled social and economic issues
combined. This is not surprising as it suggests
that when the media quotes or discusses the “Presi-
dent" and “Congress", they do so with reference to
more complex policy issues. In contrast, individual
congresspeople tackled mostly economic or social
issues. This also is not surprising as it suggests
that individual congresspeople are more concerned
with specific issues. Interestingly, “House" and
“Senate" almost always figured more in social is-
sues. This suggest that when news media speaks
about a specific chamber, they do so associating
this chamber with social issues. Finally, party af-
filiation was infrequent and was mostly associate
with social issues.

4 Ideology analyses

The number of paragraphs per dimension in total
is: Economics (558), Social (291), Forign (338),
across the 175 articles. In Table 4 we tabulate this
for each of the news outlets. Figure 1 shows the
dimensional label distributions per outlet for each
dimension. Expectedly, the dimensional labels of-
ten diverge from proclaimed ideology of the news
outlet.

We also analyze the percentage of articles that
contain at least one pair of paragraph labels that
lean in different directions; for instance, a para-
graph with a label of globalist (i.e., liberal) in the
foreign dimension and another paragraph with a

Figure 1: Dimensional label distribution per outlet.

Figure 2: Co-occurrence matrices on the paragraph level
(left) and article level (right)

label of conservative or neutral in the fiscal dimen-
sion. The percentage of such articles is 78.3%. Out
of these articles, we examine the average propor-
tion of neutral, liberal, and conservative paragraph
labels, and find neutral labels have the highest share
(43.27%), followed by liberal (33.20%) and conser-
vative (23.53%). In Figure 2 (right), we visualize
the percentage of articles where two dimensional
labels co-occur within the same article. The figure
indicates that ideology varies frequently within an
article, showing that a single article-level label will
not be fine-grained enough to capture variances
within an article.

In Figure 2 (left) we also show paragraph-level
label co-occurrence. Unlike the article-level, the
co-occurrences are less frequent and we are more
likely to observe co-occurrences along the same
side of ideology. Still, we see interesting nuances;
for example, on both the paragraph and the arti-
cle level, the economic dimension is often neutral,
and this tends to co-occur with both liberal and
conservative positions in other dimensions.

Lexical analysis To understand ways ideology is
reflected in text, we also look into the top vocab-
ulary that associates with conservative or liberal
ideology. To do so, we train a logistic regression
model for each dimension to predict whether a
paragraph is labeled conservative or liberal on that
dimension, using unigram frequency as features.
In Table 5 we show the top most left-leaning (L)

235



E
co

no
m

ic C: mr (5.2), tax (5.0), truman (3.7), business (3.3),
billion (3.2)
L: school (-4.3), education (-3.3), commission (-3.2),
senator (-3.0), plan (-2.5)

So
ci

al C: defense (7.5), tax (4.6), air (4.4), billion (3.9),
missile (3.8)
L: federal (-3.6), wage (-3.6), would (-3.5), policy
(-3.2), labor (-2.9)

Fo
re

ig
n C: defense (6.9), force (5.3), north (5.2), air (5.0),

vietnam (4.6)
L: aid (-9.3), economic (-5.5), foreign (-5.3), ger-
many (-4.3), make (-4.1)

Table 5: Words with the most positive and negative
weights from a logistic regression model trained to pre-
dict liberal/conservative ideology for each dimension.

or right-leaning (R) vocabulary with their weights.
The table intimately reproduces our annotation of
ideology. For example, words like federal and Sen-
ator allude to the fact that the topic is at the federal
level. The importance of education and labor to
liberals is also evident in the economic and so-
cial dimensions in words like school, education,
and wage. The importance of the topic of taxation
and defense is evident in conservative ideology in
words such as tax, business, missile, and force.

5 Polarization

In this section, we demonstrate how our frame-
work can be used to analyze ideological polariza-
tion, quantitatively. To say that two groups are
polarized is to say that they are moving to opposite
ends of an issue on the multi-dimensional ideologi-
cal spectrum while, at the same time, their respec-
tive political views on ideological issues converge
within a group, i.e. socially liberals become also
economically liberal (Fiorina and Abrams, 2008).
In political science when ideology is multidimen-
sional, polarization is often quantified by consider-
ing three measures that capture complementary as-
pects (Lelkes, 2016): (1) sorting (Abramowitz and
Saunders, 1998) (the extent to which the annotated
ideology deviates from an outlet’s proclaimed ideo-
logical bias); (2) issue constraint (Baldassarri and
Gelman, 2008) (a correlational analysis between
pairs of ideological dimensions); (3) ideological
divergence (Fiorina and Abrams, 2008) (the mag-
nitude of the distance between two groups along
a single dimension). Together these measures de-
scribe changes in the ideological environment over
time: a concurrent increase in all three measures
indicates polarization in media.

Figure 3: The evolution of the sorting measure, ag-
gregating conservative/neutral/liberal outlets. Moving
further away from the zero means articles deviate more
from the proclaimed ideology of their outlets.

Limitations: We use only the fully adjudicated
data and refrain from using model predictions,
since our baseline experiments in Section 6 show
that predicting ideology is challenging. Hence, the
analysis are demonstrations of what our framework
enables, which we discuss at the end of this section,
and the conclusions are drawn for our annotated ar-
ticles only. We group our data in four-year periods
to reduce sparsity.

Measure 1: Sorting We adapt the sorting prin-
ciple of Abramowitz and Saunders (1998) to our
data and investigate the difference between the pro-
claimed ideological bias of a news outlet and the
ideology of annotated articles from the outlet. To
obtain the bias Bj of a news outlet j, we average
the ratings of each news outlet across common
sites that rates media bias (Adfontes, Allsides, and
MBFC), yielding: CSM (-0.07), CT (0.15), NYT
(-0.36), TM (-0.4), WSJ (0.32) (c.f. Table 8 in
Appendix B for ratings from each site).

To obtain the overall ideology I(j)i of article i
from outlet j, we take the average of liberal (-1),
neutral (0), and conservative (1) labels across its
paragraphs in all three dimensions. Thus, for each
4-year time period with m articles for outlet j, the
sorting measure would be the absolute distance of
article vs. outlet ideology |avgmi=1(I

(j)
i )−Bj |/Bj .

In Figure 3, we plot the sorting measure, aver-
aged across news outlets of the same proclaimed
ideological bias. The figure shows that in our sam-
ple of articles, the left-leaning news outlets were
closest to their proclaimed ideological bias mea-
sure over time, whereas the neutral outlets were
more liberal before 1957 and after 1964. The right-
leaning outlets were more conservative at that time
than their proclaimed ideological bias.

Measure 2: Issue constraint This measure
refers to the tightness between ideological dimen-
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Figure 4: The evolution of the issue constraint mea-
sure, stratified by pairs of dimensions. Higher values
mean some dimensions correlate more strongly than
others. Due to the lack of articles that simultaneously
contains social & economic dimensions (1st graph), and
economic & foreign dimensions (3rd graph) from con-
servative outlets their respective blue lines start in 1958.

sions over time (Baldassarri and Gelman, 2008) so
as to assess, for example, if socially liberal dimen-
sions are more and more associated with economic
liberal dimensions for the news outlets. Concretely,
for each article we derive its ideology along a single
dimension as the average of paragraph annotations
along that dimension. We, then, calculate the Pear-
son correlation between the article ideology of each
pair of dimensions, over all articles from one outlet
in the same period.

Results in Figure 4, again averaged across news
outlets of the same ideological bias, show that for
right-leaning media, the correlation between any
two dimensions in the annotated data are largely
positive (e.g., economically conservative were also
socially conservative) until 1967 or 1970. However,
for proclaimed left-leaning and neutral outlets, the
correlations fluctuates especially when considering
the foreign dimension.

Measure 3: Ideological divergence This mea-
sures the distance between two ideological groups
on a single dimension (Fiorina and Abrams, 2008).
We follow Lelkes (2016) and calculate the bimodal-
ity coefficient (Freeman and Dale, 2013; Pfister
et al., 2013) per dimension over articles from all
news outlets over the same time period. The bi-
modality coefficient ranges from 0 (unimodal, thus
not at all polarized) to 1 (bimodal, thus completely

Figure 5: The evolution of the ideological divergence
measure stratified by dimension. The dotted line refers
to the bimodality threshold (Lelkes, 2016). Higher val-
ues mean the ideology of an article along that one di-
mension is bimodal.

polarized).
Figure 5 shows the evolution of the ideologi-

cal divergence measure of every dimension. A
bimodality measure assesses whether this diver-
gence attained the threshold for the cumulative dis-
tribution to be considered bimodal. Ideological
distance, as a result, refers to the three bimodal
coefficients. We note, for example, that the foreign
dimension crossed this threshold between 1956 and
1968. This means that proclaimed left-leaning and
right-leaning outlets grew further apart on foreign
issues during this time period.

Discussion Taken together, the graphs indicate
that the years between 1957 and 1967 are the most
noteworthy. During this period, from our sample of
articles, we see that polarization was only present
in conservative news media because it (1) sorted,
as it was significantly more conservative than its
composite bias measure, (2) constrained its issues,
as evidence by high positive correlation values, and
(3) became increasingly bimodal, as the ideologi-
cal distance between their positions and those of
their liberal counterpart on foreign issues increased
over time. While this conclusion applies to only
the set of articles in our dataset, the above analy-
sis illustrates that our framework enables nuanced,
quantitative analyses into polarization. We leave
for future work, potentially equipped with strong
models for ideology prediction, to analyze the data
at scale.

6 Experiments

We present political ideology detection experi-
ments as classification tasks per-dimension on the
paragraph level.

We performed an 80/10/10 split to create the
train, development, and test sets. The development
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and test sets contain articles uniformly distributed
from our time period (1947 to 1974) such that no
particular decade is predominant. To ensure the
integrity of the modeling task, all paragraphs be-
longing to the same article are present in a single
split. The number of examples in the splits for each
dimension for the adjudicated data are as follows:
for the economic dimension, we had 450 training,
50 development, and 58 test examples. For the
social dimension, we had 253 for training, 13 for
development, and 25 for testing. For the foreign
dimension, we had 266 for training, 33 for devel-
opment, and 39 for testing.

6.1 Models

Recurrent neural networks We trained a 2-layer
bidirectional LSTM (Hochreiter and Schmidhuber,
1997), with sequence length and hidden size of 256,
and 100D GloVe embeddings (Pennington et al.,
2014).

Pre-trained language models We used BERT-
base (Devlin et al., 2019) from HuggingFace (Wolf
et al., 2020) and trained two versions, with and
without fine-tuning. In both cases we used a cus-
tom classification head consisting of 2 linear layers
with a hidden size of 768 and a ReLU between
them. To extract the word embeddings we followed
Devlin et al. (2019) and used the hidden states from
the second to last layer. To obtain the embedding
of the whole paragraph5 we averaged the word em-
beddings and passed this vector to the classification
head.

To find the best hyperparameters we performed
a grid search in each dimension. For the economic
dimension, the best hyperparameters consisted of a
learning rate of 2e-6, 6 epochs of training, a gamma
value of 2, no freezing of the layers, a 768 hidden
size, and 10% dropout. For the social dimension,
the best hyperparameters were a learning rate of
2e-5, 12 epochs, a gamma of 4, no freezing of the
layers, a 768 hidden size, and 10% dropout. Finally,
for the foreign dimension the best hyperparameters
consisted of a learning rate of 2e-5, 6 epochs, a
gamma of 2, no freezing of the layers, a 768 hidden
size, and a 10% dropout.

Focal loss. To better address the imbalanced la-
bel distribution of this task, we incorporated focal
loss (Lin et al., 2017), originally proposed for dense
object detection. Focal loss can be interpreted as a

599% of the paragraphs in the dataset have ≤512 tokens.

Econ Social Foreign Average

Majority 0.30 0.23 0.25 0.26

BiLSTM 0.44 0.37 0.33 0.38
BERT no-ft 0.46 0.31 0.53 0.44

+pre-training 0.42 0.32 0.46 0.40
BERT ft 0.64 0.50 0.52 0.55

+pre-training 0.56 0.47 0.46 0.49
-focal loss 0.61 0.50 0.50 0.54

Table 6: Macro F1 of the models averaged across 10 runs.

dynamically scaled cross-entropy loss, where the
scaling factor is inversely proportional to the con-
fidence on the correct prediction. This dynamic
scaling, controlled by hyperparameter γ, leads to a
higher focus on the examples that have lower con-
fidences on the correct predictions, which in turn
leads to better predictions on the minority classes.
Since a γ of 0 essentially turns a focal loss into
a cross entropy loss, it has less potential to hurt
performance than to improve it. We found the best
γ values to be 2 or 4 depending on the dimension.

Task-guided pre-training. We also explored su-
pervised pre-training on two adjacent tasks that
can give insights to the relationship between tasks.
We used distant supervision that labeled the ide-
ological bias of each article according to that of
its news outlet from www.allsides.com (Kulkarni
et al., 2018). This procedure allowed us to use the
unannotated articles. 6

6.2 Results

Table 6 shows the macro F1 for each configura-
tion, averaged across 10 runs with different ran-
dom initializations. The fine-tuned BERT model,
with no task-guided pre-training shows the best
performance across all 3 ideology dimensions. It
is important to note that all the models do better
than randomly guessing, and better than predicting
the majority class. This shows that the models are
capturing some of the complex underlying phenom-
ena in the data. However, the classification tasks
still remain challenging for neural models, leaving
plenty of room for improvement in future work.

The BERT ft -focal loss setting ablates the ef-
fect of focal loss against a weighted cross entropy
loss. with weights inversely proportional to the
distribution of the classes in the dimension. This

6We also experimented with pre-training on the dataset
from Chen et al. (2020). However, because their dataset starts
from 2006 (outside of our time domain), this setting performed
poorly.
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loss helped get a bump in the macro F1 score of
around 0.1 for each dimension compared to an un-
weighted cross entropy loss. However, the focal
loss gave further improvements for 2 of the 3 di-
mensions. Although task-guided pre-training im-
proved the BERT (no fine-tuning) model for 1 of
the 3 dimensions, it led to worse performance than
BERT (fine-tuned). The improvement on the no
fine-tuning setting indicates that there is a potential
correlation to be exploited by the ideology of the
news outlet, but such labels are not that informative
for multi-dimensional prediction. We hope that
this dataset provides a testbed for future work to
evaluate more distant supervision data/methods.

7 Related work

In contrast to our multi-dimensional approach that
examines the ideology of the issue being discussed
instead of the author stance, much of the recent
work in computational linguistics has been ded-
icated to the latter (detection of ideological bias
in news media) while collapsing ideology to one
dimension (Budak et al., 2016; Kulkarni et al.,
2018; Kiesel et al., 2019; Baly et al., 2019, 2020;
Chen et al., 2020; Ganguly et al., 2020; Stefanov
et al., 2020). The proposed computational mod-
els classify the partiality of media sources without
quantifying their ideology (Elejalde et al., 2018).

Other researchers interested in the computational
analysis of the ideology have employed text data
to analyze congressional text data at the legisla-
tive level (Sim et al., 2013; Gentzkow et al., 2016)
and social media text at the electorate level (Saez-
Trumper et al., 2013; Barberá, 2015).

In political science, the relationship between
(news) media and polarization is also an active
area of research. Prior work has studied media
ideological bias in terms of coverage (George and
Waldfogel, 2006; Valentino et al., 2009). Prior
(2013) argues there is no firm evidence of a direct
causal relationship between media and polarization
and that this relationship depends on preexisting
attitudes and political sophistication. On the other
hand, Gentzkow et al. (2016) have established that
polarization language snippets move from the legis-
lature in the direction of the media whereas (Baum-
gartner et al., 1997) have shown that the media has
an impact on agenda settings of legislatures.

8 Conclusion

We take the first step in studying multi-dimensional
ideology and polarization over time and in news
articles relying on the major political science the-
ories and tools of computational linguistics. Our
work opens up new opportunities and invites re-
searchers to use this corpus to study the spread
of propaganda and misinformation in tandem with
ideological shifts and polarization. The presented
corpus also provides the opportunity for studying
ways that social context determines interpretations
in text while distinguishing author stance from con-
tent.

This work has several limitations. We only focus
on news whereas these dynamics might be differ-
ent in other forms of communication such as social
media posts or online conversations, and the leg-
islature. Further, our corpus is relatively small
although carefully annotated by experts. Future
work may explore semi-supervised models or ac-
tive learning techniques for annotating and prepar-
ing a larger corpus that may be used in diverse
applications.
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A Data curation

A diachronic corpus is required to measure and ana-
lyze polarization over time (DiMaggio et al., 1996).
We collect and annotate data across a long period
to address the issue of distributional shifts across
years (Desai et al., 2019; Rijhwani and Preotiuc-
Pietro, 2020; Bender et al., 2021) and help build
robust models that can generalize beyond certain
periods.

Additionally, the raw data on top of which we
annotate needs to satisfy the following constraints:
(1) for human annotation to be tractable, the articles
should share some level of topical coherence; (2)
for the data to be useful for the larger community,
the content should also cover a range of common
discussions in politics across the aisle; and (3) the
articles should come from a consistent set of news
outlets, forming a continuous and ideologically bal-
anced corpus.

We start with the diachronic corpus of political
news articles of Desai et al. (2019) which covers
years 1922-1986, the longest-spanning dataset to
our knowledge. This corpus is a subset of news
articles from the Corpus of Historical American
English (COHA, Davies (2012)). To extract top-
ically coherent articles, we investigate the topics
and articles across multiple LDA (Blei et al., 2003)
runs varying the number of topics (15, 20, 30, 50),
aiming to arrive at a cluster of topics that share
common points of discussion and collectively will
yield a sizable number of articles each year from
the same news outlets.

The LDA models consistently showed one
prominent topic—the federal budget—across 5
news outlets with balanced ideology (c.f. Table 8):
Chicago Tribune (CT), Wall Street Journal (WSJ),
Christian Science Monitor (CSM), the New York
Times (NYT), and Time Magazine (TM). Because
federal budget stories touch on all aspects of the
federal activity, this topic appeals to both liberal
and conservative media and thus can provide a good
testing ground to showcase our proposed ideolog-
ical annotation method. In addition to the core
federal budget topic (topic 5 of Table 7), we also
include other topics such as health and education
that are integral parts of ideological beliefs in the
United States, and when discussed at the federal
government level, are typically related to the fed-
eral budget. The top vocabulary of the cluster
is shown in Table 7. In an effort to purge arti-
cles unrelated to the federal budget, we selected

Topic1:
Trade

bank, market, farm, loan, export, agricul-
tur, farmer, dollar, food, debt

Topic2:
Business

incom, tax, revenu, profit, corpor, financ,
treasuri, pay, sale, bond

Topic3:
Education

school, univers, educ, student, colleg, pro-
fessor, institut, teacher, research, graduat

Topic4:
Defense

nuclear, missil, weapon, atom, test, energi,
strateg, bomb, space, pentagon

Topic5:
Economy

budget, billion, economi, inflat, economic,
deficit, unemploy, cut, dollar, rate

Topic6:
Health/Race

negro, hospit, medic, health, racial, south-
ern, discrimin, doctor, contra, black

Topic7:
Industry

compani, contract, plant, steel, coal, wage,
railroad, corpor, manufactur, miner

Table 7: Top words from topics selected in our cluster,
from the 50-topic LDA model that yielded the most
well-deliminated topics.

only those that contain words such as “federal” and
“congress”, and excluded those that mention state
budget, and letters to editors. (Note that during an-
notation, we also discard articles that are unrelated
to the federal budget.) After this curation, the total
number of articles is 5,706 from the 5 outlets.

To account for the sparsity of articles in the first
decades and their density in later decades, we nar-
rowed down the articles to the period from 1947
to 1974. We believe this period is fitting because
it includes various ideological combinations of the
tripartite composition of the American government,
Congress and presidency.10 The total number of
articles in the final corpus of political articles on
the federal budget from 1947 to 1974 is 1,749.

B Proclaimed ideology of news outlets

Adfontes Allsides MBFC Average

CSM -.06 0.00 -.16 -.07
CT -.04 NA .34 .15
NYT -.20 -.5 -.4 -.36
TM -.10 -.5 -.6 -.4
WSJ .15 .25 .58 .32

Table 8: Ideological bias of news outlets from common
references of media bias. We use the average in our
analyses.

10For example, between 1947-49, Congress was Republi-
can and the President was a Democrat while the story flipped
between 1955-57.
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Abstract

Pretrained language models have significantly
improved the performance of downstream lan-
guage understanding tasks, including extractive
question answering, by providing high-quality
contextualized word embeddings. However,
training question answering models still re-
quires large amounts of annotated data for spe-
cific domains. In this work, we propose a coop-
erative self-training framework, RGX, for auto-
matically generating more non-trivial question-
answer pairs to improve model performance.
RGX is built upon a masked answer extraction
task with an interactive learning environment
containing an answer entity Recognizer, a ques-
tion Generator, and an answer eXtractor. Given
a passage with a masked entity, the generator
generates a question around the entity, and the
extractor is trained to extract the masked en-
tity with the generated question and raw texts.
The framework allows the training of ques-
tion generation and answering models on any
text corpora without annotation. We further
leverage a self-training technique to improve
the performance of both question generation
and answer extraction models. Experiment
results show that RGX outperforms the state-
of-the-art (SOTA) pretrained language models
and transfer learning approaches on standard
question-answering benchmarks, and yields the
new SOTA performance under given model size
and transfer learning settings.

1 Introduction

Recent studies have shown that language model pre-
training provides high-quality text representations
and significantly improves neural networks’ perfor-
mance on a variety of natural language processing
(NLP) tasks (Peters et al., 2018). Based on the
popular Transformer architecture (Vaswani et al.,
2017), various language models have been pro-
posed (Devlin et al., 2018; Liu et al., 2019; Clark

∗* Work is not related to the employment of the second
and fourth authors at Meta and Amazon

Knowledge
Base

Tang Dynasty … Chengdu became 
nationally known as a supplier of armies and 
the home of Du Fu, who is sometimes called 
China’s greatest poet.

AER Agent

a supplier of armies and the home of Du Fu

QG Agent

What was Sichuan known for in the 
ancient world before 957?

QAE Agent
A supplier of armies

Figure 1: The pipeline of semi-supervised question an-
swering (machine reading comprehension) by RGX.
AER (answer entity Recognition) agent recognizes
answer entity from a given passage; QG (question
Generation) generates a question based on the passage
and entity; QAE (question-answering eXtractor) ex-
tracts answer from the question and passage.

et al., 2020). These models are pretrained to pre-
dict a masked word in a given context from large
corpora, and generate a contextual representation
that encodes semantic and syntactic information.
After finetuning, these representations significantly
improve performance on downstream NLP tasks.
Although masked language modeling is a powerful
self-supervised learning technique, annotation on
large-scaled data is still necessary for finetuning
on difficult downstream tasks, including extractive
question answering (QA)1 where a large number
of labeled question-answer pairs are required as a
training corpora.

Previous studies showed that the QA models
can be improved by training on synthetic question-
answer pairs, namely self-training (Sachan and
Xing, 2018; Puri et al., 2020; Shakeri et al., 2020;
Bartolo et al., 2021). The core step of these work is
pretraining a question-answer pair synthesis model
on a seed corpus, and apply the generator on target

1Also referred to as machine reading comprehension. The
two terms are used interchangeably in this paper.
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domains to obtain synthetic training data. The QA
model learns domain knowledge after finetuning on
the synthetic data, and thus the domain adaptation
is improved. However, the gap between the pre-
training (i.e., seed) and the target corpus still exists,
in terms of domain knowledge, question difficulty,
and language style. The gap affects the quality of
the synthetic training data.

We thus propose a framework that allows co-
operative self-training for both QA pair synthesis
and question answering to better adapt the syn-
thesis models to the target domain and improve
the learning of the QA models. In the framework,
we construct a cooperative environment where a
question generator and an answer extractor work
together to solve a masked entity prediction prob-
lem. We first leverage an entity recognizer to mask
out an entity in a provided passage. The ques-
tion generator then outputs a question based on
the masked passage. With the generated question
and the original, unmasked passage, we train the
answer extractor to select the correct answer spans,
which are the masked entity. The extractor is also
the final model used for extractive QA. To extract
the spans accurately, the generator has to provide
a good question, and the extractor should select
the most likely tokens. We apply an expectation-
maximization algorithm to select high-quality QA
pairs and update both question generation and an-
swer extraction models to improve the quality of
synthetic data and the accuracy of the self-trained
QA model based on synthetic QA pairs. We call
our algorithm RGX since it incorporates an an-
swer entity Recognizer, a question Generator, and
a question-answering eXtractor. The RGX pipeline
is illustrated in Figure 1.

With RGX, we can train a QA model for any un-
labeled target domain given the corresponding text
corpora and a labeled QA corpus in a seed domain
(either the same or different from the target). By
training QA models on synthetic QA data gener-
ated by RGX and evaluating the trained model on
human-labeled evaluation data, we show that RGX
outperforms SOTA approaches in QA benchmark
datasets when domain specific human labels are
not available during finetuning. In this work, we
make the following contributions:

1. We propose a cooperative self-training frame-
work, RGX, which contains an answer entity
recognition, question generation, and answer
span extraction to automatically generate non-

trivial QA pairs on unlabeled corpora.

2. We design a expectation-maximization (EM)
synthetic QA selection that identifies difficult
but answerable questions without supervision
to incrementally train the QA model with chal-
lenging examples, and an answer entity recog-
nition (AER) based maximum mutual infor-
mation (MMI) inference method for question
answering.

3. Experiments show that our method signifi-
cantly outperforms SOTA pretrained QA mod-
els and self-training QA baselines.

2 Related Work

Reinforcement learning and self-training have
emerged recently for learning language genera-
tion in addition to maximum likelihood training.
To optimize text generation models directly with
non-differentiable objective functions, Rennie et al.
(2017) proposed self-critical sequence training
(SCST) using a policy gradient (Kakade, 2001; Sil-
ver et al., 2014). On the other hand, self-training
has been shown to be effective in many tasks, such
as machine translation (He et al., 2019), image clas-
sification (Xie et al., 2020), and structured database-
grounded question answering (Xu et al., 2020).

In the domain of question answering, a question
generator can be used for joint answer prediction
(Tang et al., 2017; Duan et al., 2017), and synthetic
QA data are used for in-domain data augmenta-
tion (Sachan and Xing, 2018; Puri et al., 2020;
Liu et al., 2020; Klein and Nabi, 2019) and out-
of-domain adaptation. Lewis et al. (2019b) and
Lee et al. (2020) introduced models for question
answering under unsupervised/zero-shot settings.
Shakeri et al. (2020) proposed generating synthetic
question-answer pairs with an end-to-end model
simultaneously. Bartolo et al. (2021) improved
the question synthesis by training with difficult
QA cases from the AdversarialQA corpus (Bar-
tolo et al., 2020) and fine-grained answer synthesis
by multi-model voting. We include more related
studies in Appendix A.

In this work, we mainly compare our method
with latest baselines, Shakeri et al. (2020) and
Bartolo et al. (2021) that reported results on out-
of-domain adaptation. Besides improved QA per-
formance, our framework, RGX, differs from the
previous work in the following aspects: (1) Our
method features reinforced finetuning of the QA
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… champion of the National
Footbal League (NFL) …

Answer Entity
Recognition … champion of the [MASK] (NFL) … Question

Generation

What does NFL stand for?

What does NFL stand for? </s> … champion
of the National Footbal League (NFL) …

Question
AnsweringNational Footbal LeagueEM

Extraction training signals

Generation training signalsSimple Questions

Difficult Questions

Wrong Questions

}
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Figure 2: The cooperative learning pipeline for question answering. The pipeline starts from a passage and follows
the steps: (1) recognizing a potential answer entity, (2) generating a question asking about the answer entity, and
(3) answering the question by extracting the answer span in the passage.

Synthesizer, (2) Our framework supports and im-
proves maximize mutual information inference in
test time, and (3) Our work did not use complicated
data annotation, e.g. AdversarialQA.

3 RGX Framework

In this section, we first introduce (1) the QA syn-
thesis pipeline, (2) cooperative self-training for
both QA synthesis and question answering, and
(3) an improved maximum mutual information in-
ference strategy. The self-training pipeline of RGX
is shown in Figure 2.

3.1 Data Synthesis

Given a passage p, our goal is generating a set of
questions q and answers a for the self-training of
the QA model. The RGX model first recognize
potential answer entities (AE) in p with an answer
entity recognition (AER) model, and then gener-
ate question based on the recognized AEs with a
question generation (QG) model, and fine-grain the
AEs with a pretrained question-answering extrac-
tion (QAE) model.

3.1.1 Answer Entity Recognition (AER)

Latest QA synthesis models, QAGen2S (Shakeri
et al., 2020) and SynQA (Bartolo et al., 2021), di-
rectly generate questions from passages by model-
ing Pqg(q|p). In RGX, we first recognize all poten-
tial answer entities in a passage before generating
questions for (1) increasing question diversity and
coverage, and (2) modeling the mutual information
between question generation and answering mod-
els in test time. The AER model in trained on the
seed QA corpus.

We found that using an off-the-shelf named en-
tity recognition (NER) model pretrained on the
CONLL 2003 shared task (Bender et al., 2003)
performs poorly as a AER model (shown in our ex-
periments). To learn an effective recognizer, given
a passage p and an annotated answer entity e, we
select the sentence s containing e from p and train
language models to recognize e in s. We tried two
models for this task: a BIO sequence tagging model
(AER-Tag) and a extractive AER model, which is
similar to an extractive question answering model,
for easier decoding. The model predicts the start
and end positions of the answer entity e. With
this method, we get potential answer entities by
probabilities of all candidate spans.

3.1.2 Masked Question Generation
With AER, we replace the answer entity e in the
passage p with a [MASK] token and obtain the
masked passage p∗. We then build a question gen-
erator Q (denoted as QG interchangeably) that out-
puts answerable questions q in natural language
with the concatenation of p∗ and e as input, i.e.,
q = Q([p∗, e]). We adopt the BART sequence-to-
sequence model (Lewis et al., 2019a) as the archi-
tecture of Q in our implementation, and we train Q
on the question-answer pairs in the seed corpus by
maximizing the likelihood of annotated questions.

3.1.3 Answer Extraction as Fine-grained AER
The answer extraction model A (denoted as QAE,
question-answering extractor) takes generated ques-
tion q and the original passage p as inputs. Follow-
ing the standard extractive QA method, we predict
the answers by

Ist, Ied = A([q, p]) (1)
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where Ist and Ied stand for the start and end po-
sitions of e in p, respectively. We train the QAE
model to predict Ist and Ied separately with cross
entropy losses.

Besides being trained with synthetic QA pairs
and evaluated for the final QA performance, the
QAE model is also a part of the data synthesis
pipeline. After generating questions with the QG
model, we use a pretrained QAE model to answer
the generated questions. The QAE model recog-
nizes better answers spans than the AER model
since it takes questions as additional inputs. As a
result, the final synthetic dataset is constructed by
selecting generated questions and their correspond-
ing QAE outputs. However, we still found the AER
model necessary for generating diverse questions.

3.2 Cooperative Self-training
Although the pretrained models can generate syn-
thetic QA pairs from corpora in unseen domains,
there is always a domain shift from the seed QA
corpus for pretraining to the target. To efficiently
adapt the pretrained models to the new domains,
we propose a cooperative self-training algorithm
that allows finetuning on the target corpora without
additional annotations. The finetuning is based on
a three-agent (AER, QG, QAE) cooperative frame-
work, RGX. The pipeline is illustrated in Figure 2
and comprises the following steps:

1. Produce a masked passage by replacing an answer entity
selected by AER with the ‘[MASK]’ token.

2. Generate a question asking about the masked entity.

3. Feed the generated question and the original passage
into the QAE to predict an answer span.

4. Optimize the QAE model with selected QA pairs.

5. Optimize the QG model with selected QA pairs.

In the proposed pipeline, all the AER, QG, and
QAE models need pretraining to provide a reason-
able start point for the cooperative self-training.
However, the domain gap between the pretraining
and the target corpus causes performance degra-
dation. To mitigate the gap, we propose to mea-
sure the quality of generated questions and incor-
porate the measurement in loss functions. The
quality is defined in two folds, correctness and
difficulty. Firstly, the question should be fluent
and answerable, and secondly, it should not be
too trivial. To automatically select high-quality
generated QA pairs, we introduce a expectation-
maximization (EM) method based on QAE losses
that learns the question quality without supervision.

3.2.1 Synthetic QA Selection with EM

To select synthetic QA pairs for finetuning, we
first divide the generated questions based on the
QAE loss for each question into three groups: low-,
medium-, and high- loss questions. We can inter-
pret questions with low loss as simple ones that
the QAE model can easily answer. Medium-loss
questions are challenging for the QAE, while those
with high loss usually contain noise (e.g., contain-
ing grammatical errors or asking about incorrect
answers). If we train the answering model with all
questions, the training signal would be very noisy
due to the high-loss questions. If we only reward
questions that are correctly answered, the generator
will converge to a trivial local optima. Thus, we
train the QG and QAE model with the low- and
medium- loss questions, namely simple and chal-
lenging questions. For the entire pipeline to be
fully-automatic, we classify a given QA pair into
one of the three types described above. Note that
simply setting the thresholds as hyper-parameters
is difficult since the loss decreases as the QAE
model varies with different passages and domains.
In order to find the thresholds adaptively, we apply
an expectation-maximization (EM) algorithm to
bucket synthetic QA pairs for each passage.

We finetune both QG and QAE models with the
selected simple and challenging QA pairs. After
the training, re-running the RGX pipeline with the
finetuned question generation model leads to im-
proved data synthesis. Training the QAE model on
the updated synthetic dataset can significant outper-
form the previous finetuned QAE model.

3.2.2 Maximum Mutual Information QA

Li and Jurafsky (2016) proposed a maximum mu-
tual information (MMI) decoding method for ma-
chine translation, and Tang et al. (2017) proposed
a MMI method for jointly learning question gener-
ation and answering models. There is no previous
study to our knowledge that applies MMI inference
in test time of question answering that improves the
final performance, because (1) modeling P (q|p, a)
for all possible answers (spans) a is too inefficient,
and (2) Unlike the QAE model that receives loss
signals from all words in a given passage, the QG
model does not receive loss signal from the pas-
sage directly, so Pqg(q|p, a) it is less accurate for
ranking answer spans.

However, the AER and self-training strategy en-
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able efficient MMI inference for QA,

a = argmax
a

[α logPqg(q|p, a)+β logPqa(a|p, q)]

In test time, we run the RGX pipeline for each pas-
sage without additional training to get fine-grained
AEs and corresponding questions. On the other
hand, we take the top span predicted by the QAE
model, and the top-k answer entities spans recog-
nized by the RGX pipeline. In practice, we fix
β = 1. We used an adaptive α value by comparing
the synthetic question generated by the QG model
and the input question. For each answer entity a,
we calculate

α = max(1− abs(qinput
qgen

− 1), 0.1)

This value normalizes the question probability
p(q|p, a) estimated by the QG model, since gener-
ated questions from some answer entities is easier
than other spans in the same passage, which makes
the QG model assign all natural questions a relative
low perplexity.

4 Experiments

In this work, we train three modules for building
the cooperative self-training environment RGX,
i.e., the answer entity recognizer (AER), the ques-
tion generator (QG), and the question-answering
extractor (QAE). We used a BERT (Devlin et al.,
2018) model for AER, a BART (Lewis et al., 2019a)
model for QG, and an ELECTRA (Clark et al.,
2020) model for AER and QAE. To compare with
the results reported in Shakeri et al. (2020) and
Bartolo et al. (2021), we (1) pretrain question gen-
eration and answering models on the seed corpora,
(2) generate synthetic QA data on the target do-
mains, (3) finetune QA models with synthetic data,
and (4) evaluate the finetuned QA model on human-
labeled evaluation sets. The source code and demo
are publicly available2.

4.1 Data
In our experiment work, we leveraged Natural
Questions (Kwiatkowski et al., 2019) and SQuAD
v1.1 (Rajpurkar et al., 2016) as the seed corpora for
pretraining all modules introduced above. To evalu-
ate the performance of the proposed RGX on ques-
tion answering tasks with different difficulty levels,
we conduct experiments on both SQuAD v1.1 (Ra-
jpurkar et al., 2016) and MRQA (Fisch et al., 2019)

2https://github.com/luohongyin/RGX

out-of-domains (BioASQ, TextbookQA, RACE,
RelationExtraction, DuoRC, and DROP). In the
following sections, we use the term SQuAD to rep-
resent the SQuAD v1.1 corpus. For self-training,
we sample 3000 passages from the training set of
each corpus for data synthesis. More details about
the data are provided in Appendix B

4.2 Implementation Details
Pretraining. We pretrain the AER, QG, and QAE
models on NaturalQuestions and SQuAD (i.e., the
seed) corpora. For NaturalQuestions, we only use
the data points containing a short answer. For Co-
operative training, we follow the steps described in
Section 3.2 for the cooperative training phase.
Self-training. We apply self-training for QG and
QAE by finetuning the models on selected syn-
thetic QA pairs using the same method as pretrain-
ing. The AER model is fixed after pretraining. The
QAE model is finetuned using the official Hugging-
face (Wolf et al., 2019) training scripts for question
answering. We will open-source the RGX frame-
work if the submission is accepted.
Hyperparameters. There are three phases of
model training in this work: pretraining on the
seed corpora, cooperative adaptation with self-
training on the target corpora, and final fine-
tuning on the synthetic data. We adopt most
of the hyper-parameters reported in the original
BERT (Devlin et al., 2018), BART (Lewis et al.,
2019a), and ELECTRA (Clark et al., 2020) pa-
pers. We select the final finetuning learning rates
from {3e− 5, 4e− 5, 5e− 5} and report the high-
est performance. All the other hyper-parameters
are the same as reported in the corresponding pa-
pers. For all the phases, we fix eps = 1e− 6 and
sw = 2000, where sw is the number of warm-up
steps, and we apply no weight decays. We use
BART-large (406M parameters) and ELECTRA-
large (335M parameters) models for our experi-
ments. We run our experiments on 2 Tesla V100
GPUs. Training the QAE models on augmented
data takes about 4 hours.

4.3 Experiment Results
We assess the performance of RGX with both semi-
annotated and zero-annotated evaluation on unseen
domains using exact match (EM) and F1 scores.
The exact match metric assesses the percentage of
predicted spans that are exactly the same as labeled
answers, while the F1 score measure the overall
token-level overlap between predicted and labeled
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answers. In our semi-annotated setting, we use
the annotated answer entities in the target corpora
but utilize QG to generate questions for obtaining
the training question-answer pairs. The labeled
questions are not used. We employ no annotation
from the target corpora for the out-of-domain task
but automatically construct the question-answer
training pairs with entities and questions inferred
by AER and QG on the corpora.

4.3.1 Semi-annotated Evaluation
The model performance with the pretrained
QA model, RGX, and SOTA trained with full-
supervision is shown in Table 1.

Models EM F1

Source domain: NQ, Target domain: SQuAD
ELECTRA-large (NaturalQuestions) 67.8 80.3
RGX 83.1 90.7

–w/o Coop. ST 81.2 89.1
ELECTRA-large (SQuAD) 89.7 94.9

Table 1: The performance of the question answering
models in the semi-annotated setting. RGX stands for
our cooperative training approach, and Coop. ST stands
for cooperative self-training.

Table 1 shows that RGX yields improvement
over the pretrained model, approaching the SOTA
performance of the fully trained ELECTRA-large-
discriminator model. The experiment result sug-
gests that the cooperative learning strategy im-
proves the question generation model with human-
annotated answer entities.

4.3.2 Out-of-domain Evaluation
We also evaluate the models in unseen domains,
where we do not use any annotated QA for finetun-
ing. We train the QAE models based on the syn-
thetic training data and evaluate the models on the
target domains. We compare RGX with latest self-
training QA methods, QAGen2S (Shakeri et al.,
2020) and SynQA (Bartolo et al., 2021). Since
QAGen2S did not report full MRQA results, we
implemented our own version. We first present
the RGX performance and the results reported by
the authors QAGen2S and SynQA, and then con-
duct ablation study by training different language
models on RGX synthetic QA data.

The full evaluation results on MRQA out-of-
domains are shown in Table 2, and the experiment
setting comparison is shown in table 3. The re-
sults show that the models trained with the RGX
framework achieve significantly higher EM and F1

scores on most domains, comparing to both pre-
trained QA models and self-training baselines. The
results showed that the RGX model achieves 7.7
and 3.0 average F1 improvement over ELECTRA,
the SOTA pretrained language model for QA, by
pretraining on NQ and SQuAD respectively. The
improvement over previous SOTA self-training QA
methods, QAGen2S and SynQA, is also significant
on both pretraining corpora, although SynQA ap-
plies complicated adversarial QA annotation. The
largest gain we got is adapting NQ model to Text-
bookQA domain, increasing 18.0 EM and 19.4
F1 scores. Note that our model still outperforms
all baselines without MMI. The performance on
the DROP benchmark drops since DROP requires
multi-step reasoning, but the synthetic generation
model tends to generate safe question-answer pairs.
We also found that without selecting harder ques-
tions with SEM in RGX, the performance is sig-
nificantly lower. These facts indicate that the QA
model needs hard training examples for better per-
formance, and explains the good performance of
SynQA on DROP. For the same reason, the per-
formance drop led by removing EM from RGX
is significantly larger when the QG model is pre-
trained on SQuAD, since SQuAD questions are
more coherent with the context than NQ, and se-
lecting simple questions for RGX training will en-
courage the model to generate trivial questions,
which is harmful for the QA training.

4.4 Analysis

4.4.1 Answer Entity Recognition

We first compare the performance of different AER
models and strategies by setting NQ as the source
domain and SQuAD 1.1 as the target domain in
Table 4. The results showed that the choice of
AER model and strategy significantly influences
the final QA performance. The low performance
of the NER model trained on CONLL shared task
suggests the importance of our AER module. We
notice that the improvement from the cooperative
learning over the pretrained models is higher in
the zero-annotation setting than the semi-annotated
task. The observation indicates that the model
trained with RGX is more robust against the auto-
matically recognized answer entities. More details
about the AER methods are shown in Appendix C.

The AER method also enables and improves the
maximum mutual information (MMI) inference in
test time. Table 2 shows that MMI achieves the
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Model
Domain

BioASQ
Bio

TextbookQA
Book

RACE
Exam

RelExt.
Wiki

DuoRC
Movie

DROP
Wiki

Avg

EM F1 EM F1 EM F1 EM F1 EM F1 EM F1 EM F1
Source Domain: NaturalQuestionswiki, Method: Extraction

ELECTRA 41.9 59.0 31.9 41.5 32.4 43.4 67.7 81.8 40.0 48.5 39.3 51.1 42.2 54.2
QAGen2S 43.2 64.1 39.9 51.7 33.7 45.5 71.6 84.4 43.8 53.2 24.2 37.1 42.7 56.0
RGX (Ours) 50.3 70.1 49.9 60.9 40.3 52.4 76.1 87.2 47.8 58.4 27.6 42.1 48.7 61.9

– w/o MMI 49.7 69.1 49.4 60.6 39.7 51.5 75.4 86.7 46.9 57.5 27.1 41.7 46.8 61.2
– w/o EM 48.2 67.9 47.4 59.8 38.3 50.5 74.1 86.2 46.6 56.9 26.1 40.9 46.8 60.4
– w/o CST 45.4 66.4 41.9 53.8 35.1 47.2 72.7 85.4 45.5 54.9 24.6 37.9 44.2 57.6

Source Domain: SQuADwiki (SQuAD+AQA+Wiki for SynQA), Method: Extraction
ELECTRA 58.7 73.1 43.0 53.6 38.3 52.5 79.0 88.4 53.1 64.2 48.3 60.8 53.4 65.4
QAGen2S 56.8 71.7 48.0 56.5 43.4 54.9 73.4 84.8 53.3 64.6 42.2 54.5 52.8 64.5
SynQA 55.1 68.7 41.4 50.2 40.2 54.2 78.9 88.6 51.7 62.1 64.9 73.0 55.3 66.1
RGX (Ours) 60.3 74.8 51.2 61.2 44.9 58.7 79.2 88.6 57.4 66.2 47.6 60.9 56.8 68.4

– w/o MMI 59.2 73.6 50.1 60.4 46.3 57.6 78.9 88.5 56.2 65.7 46.9 60.6 56.3 67.7
– w/o EM 52.1 64.0 50.6 58.9 35.4 48.3 75.6 85.9 55.6 64.9 40.7 53.2 51.7 62.5
– w/o CST 57.5 72.1 48.6 57.0 43.8 55.2 74.3 85.3 53.9 65.3 43.0 55.1 53.5 65.0

Source Domain: SQuADwiki, Method: Prompt Tuning + Seq2seq Generation
T5 54.6 71.1 37.9 61.9 15.0 53.1 74.5 86.5 48.2 65.2 40.4 51.9 45.1 64.9
T5 + RGX 55.1 71.6 41.1 64.2 15.5 55.1 75.9 87.1 49.5 66.2 42.9 53.8 46.7 66.3

Table 2: The QA performance evaluation on the out-of-domains of the MRQA benchmark. All models used are
pretrained on the human-labeled training set from the source domains, and the QA models are finetuned on synthetic
data generated based on the unannotated passages of the target domains. The finetuned QA models are evaluated on
human-generated evaluation data for each target domains with the exact match (EM) and F1 scores. MMI stands for
maximum mutual information inference, EM stands for involving difficult questions with EM selection, and CST
stands for cooperative self-training.

QAGen2S SynQA RGX

Pretraining XQ SQ+AQA XQ
Synthesis Target Wikipedia Target
Finetuning XQ+Syn SQ+AQA+Syn XQ+Syn
AER Model None None ELECTRA
Coop. ST No No Yes
QA Num. 1M 1.5M 0.3M

Table 3: Comparison of different self-training meth-
ods. XQ stands for “NaturalQuestions (NQ) or SQuAD
(SQ)”. QA Num. stands for the number of synthetic QA
pairs used for self-training.

best performance, and we also show that the MMI
accuracy is hurt without AER. Table 5 shows that
MMI grounded on AER constantly outperform the
ELECTRA model, but grounding on top-k seri-
ously hurts the EM scores. Some invalid answer
predictions leads to low question generation per-
plexities, which makes MMI inference noisy. Table
6 shows that the QG model generated more diverse
questions based on the AER outputs.

4.4.2 Synthetic QA Selection with EM
Previous experiments showed that selecting non-
trivial synthetic QA pairs is essential for RGX to
achieve high performance. Table 2 shows that the
performance of cooperative self-trained RGX is
much lower than the pretrained baseline without

Models EM F1

Source domain: NQ, Target domain: SQuAD
Pretrained NQ 67.8 80.3
RGX + NER 27.4 35.4
RGX + AER-Tag 71.4 82.4
RGX + AER-LM 72.7 85.9
RGX + AER-EM 79.2 89.4
Supervised ELECTRA-large 89.7 94.9

Table 4: Comparison of different AER strategies. NER
stands for the BERT named entity recognition model
trained on the CONLL 2003 shared task. AER-Tag
stands for a BIO-based tagging strategy, AER-LM
means selecting synthetic QA pairs with lowest QAE
losses. AER-EM is the EM-based QA selection strategy
applied in our full model.

EM. If selecting QA pairs with low perplexities
instead of EM, the QA diversity is significantly
lower as shown in Table 6, thus makes the QAE
model overfit to simple training cases and hurts
the QA accuracy. We show questions about the
same answer entity being classified into simple,
challenging, and difficult types by EM in figure
3. The data points in the plot represents the losses
of synthetic QA pairs and the predicted QA type.
Based on the highlighted answer entity, question
1 and 2 are predicted as correct questions, while
question 3, which has a relatively high QAE loss,
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ELECTRA Top-k+MMI AER+MMI

EM F1 EM F1 EM F1
BioASQ 58.7 73.1 57.8 72.9 59.9 74.0
TextbookQA 43.0 54.6 44.6 54.9 45.3 55.4
RACE 38.3 52.5 38.1 52.4 39.7 54.1
RelExt 79.0 88.4 78.6 88.3 79.2 88.6
DuoRC 53.1 64.2 52.6 64.3 53.8 65.1
DROP 48.3 60.8 46.7 60.8 49.7 61.5

Table 5: Comparison between maximum mutual infor-
mation inference performance grounded on AER results
and top-k (k = 20) predictions of the QA model.

Models Mean Len. Std Len. Vocab

Ground-truth 11.29 3.72 988703
Semi-anno. RGX 10.54 1.91 923191

–w/o Coop. ST 10.49 2.48 919105
Zero-anno. RGX 10.53 1.94 873300

–w/o Coop. ST 10.57 2.63 789924
–w/o AER 10.60 1.87 743454
–w/o EM 10.18 1.62 692301

Table 6: The vocabulary sizes and lengths of Annotated
and generated questions on SQuAD under both semi-
and zero-annotated settings in unseen domains

is regarded as a wrong question. Note that we only
generate one question for each span recognized by
the AER model, but different questions might be
re-directed to the same AE after QAE fine-graining.

4.4.3 Cooperative Self-training

We found that the cooperative self-training method
improves domain adaptation ability of self-trained
QA models by increasing both accuracy and diver-
sity of QA synthesis.
Accuracy. We also evaluate the quality of the gen-
erated QA pairs without a downstream task by as-
sessing the answer entity hit rate and the BLEU
scores of generated questions using the evaluation
sets of each domain. The results are shown in

Domain RGX w/o Coop. ST RGX

Hit BLEU Hit BLEU
BioASQ 68.1 5.9 75.8 12.7
TextbookQA 43.7 7.5 58.2 13.2
RACE 8.3 5.2 12.3 6.8
RelExt. 47.4 2.8 54.2 3.3
DuoRC 53.5 6.7 60.0 7.5
DROP 73.5 12.3 75.3 9.3

Table 7: Evaluation of the answer hit rates and question
BLEU scores of the synthetic data. Hit rate stands for
the percentage of human-labeled answer entities in the
evaluation passages that are successfully covered by the
selected synthetic data generated by RGX.

Context: Despite differences in the spectrum of mutations in CN or CyN,
type or localization of mutation only partially determine the clinical phenotype.

Q1: What determines the clinical phenotype of a person with a mutation?
Q2: What determines the clinical phenotype of a mutation?
Q3: What is the only way to determine the clinical phenotype of a mutation?

Q1_loss = 1.37

Q2_loss = 4.38

Q3_loss = 10.72

Figure 3: Generated questions about the same answer
entity classified into different types by EM. Questions
Q1 is answered by the QAE model confidently, while
the Q2 is considered more challenging than Q1 since
less information is provided. Q3 is an unanswerable
questions given the context passage.

Table 7, indicating that RGX find mores human-
annotated answer entities, and the generated ques-
tions have higher BLEU scores on all domains. The
evaluation results show that the synthetic QA pars
generated by RGX covers more human annotated
answer entities, and the generated questions are
more similar to human annotations than the pre-
trained question generation model. We also found
that tuning the generation model for more than 1
iterations does not result in further improvement,
since keeping training language models with their
own outputs leads to difficult optimization.
Diversity. We compare the lengths and vocabulary
sizes of the questions and summarize the statistics
in Table 6, which shows that the ground-truth ques-
tions are longer and more diverse in vocabulary
than the generated ones. However, the cooperative
self-training, together with AER and EM, improves
the vocabulary diversity. We observe a correlation
between the vocabulary size and the QA perfor-
mance reported in Table 1 and 4, presumably be-
cause the QAE model requires diverse knowledge
for training. Thus, we believe generating more di-
verse QA pairs with good quality will be a critical
next step to improve RGX.
Case Study. An example of a SQuAD passage is
shown in Table 8. We list the annotated and gen-
erated question-answer pairs by different models.
The table shows that the models can recognize rea-
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Architecturally, the school has a Catholic character. Atop the Main Building’s gold dome is a golden statue of the Virgin
Mary. Immediately in front of the Main Building and facing it, is a copper statue of Christ with arms upraised with the
legend ”Venite Ad Me Omnes”. Next to the Main Building is the Basilica of the Sacred Heart. Immediately behind the
basilica is the Grotto, a Marian place of prayer and reflection. It is a replica of the grotto at Lourdes, France where the
Virgin Mary reputedly appeared to Saint Bernadette Soubirous in 1858. At the end of the main drive (and in a direct line
that connects through 3 statues and the Gold Dome), is a simple, modern stone statue of Mary.

Annotated Pretrained RGX

Saint Bernadette Soubirous a Marian place of
prayer and reflection

a Marian place of
prayer and reflection

To whom did the Virgin Mary allegedly
appear in 1858 in Lourdes France? what is the grotto at st bernadette’s? what is the grotto in st bernadette

school?

a copper statue of Christ the grotto at Lourdes,
France Venite Ad Me Omnes

What is in front of the Notre Dame
Main Building?

where is the grotto located at st
bernadette school?

what is the message on the statue in
front of st bernadette school?

the Main Building Immediately behind the
basilica is the Grotto 1858

The Basilica of the Sacred heart at
Notre Dame is beside to which structure? what is the grotto in st peter’s school? when was the grotto at lourdes built?

a Marian place of
prayer and reflection

copper statue of Christ
with arms upraised

a simple, modern
stone statue of Mary

What is the Grotto at Notre Dame? what is it a statue of christ? what is the statue at st bernadette
school?

a golden statue of
the Virgin Mary a replica the grotto at Lourdes,

France

What sits on top of the Main
Building at Notre Dame?

is the grotto at st bernadette school
in paris a replica of which European
landmark?

what is the replica of st bernadette’s
school in paris?

Table 8: An example of a passage in the training set of the SQuAD corpus. We list the annotated question-answer
pairs, and the question-answer pairs generated by the models pretrained on NQ and finetuned by RGX. The bold
texts are annotated or recognized answer entities. Adapting from NQ is difficult since the questions in NQ do not
strictly coherent with a given context. More generation examples are shown in Appendix D.

sonable answer entities other than the annotated
ones, and RGX generates more natural QAs.

5 Conclusion

We propose a cooperative self-training frame-
work, RGX, consisting of an answer entity Rec-
ognizer, a question Generator, and an answer eX-
tractor, for question generation and answering. We
also introduce in the framework an expectation-
maximization method that measures the quality of
generated questions for reinforced finetuning of
the question generation models. Experiments show
that RGX significantly outperforms pretrained and
self-trained model baselines while adapted to un-
seen domains, suggesting that RGX is a promising
framework for making extractive question answer-
ing methods more scalable and less dependent on
human annotation.
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A More Related Work

Representation learning has been an important
topic in NLP area since neural language models
were proposed (Bengio et al., 2003). Based on
word co-occurrence, Mikolov et al. (2013) and Pen-
nington et al. (2014) proposed language embedding
algorithms to model word-level semantics. Recent
studies have focused on pretraining contextualized
word representations with large-scaled corpora (Pe-
ters et al., 2018). State-of-the-art representation
models are pretrained with the masked language
modeling task (Devlin et al., 2018; Liu et al., 2019;
Clark et al., 2020) using the Transformer architec-
ture (Vaswani et al., 2017).

Different variants of masked language models
have been investigated to improve performance in
downstream tasks. Joshi et al. (2020) leveraged a
masked span generation task instead of word pre-
diction. Fei et al. (2020) and Shen et al. (2020)
proposed models that learns better syntax knowl-
edge with syntactic distances (Shen et al., 2018)
and heights (Luo et al., 2019). Henderson et al.
(2019) and Humeau et al. (2019) showed that pre-
training language models on dialog corpora per-
form better on dialog-related downstream tasks, as
compared to pretraining on Wikipedia. A span se-
lection pretraining objective is proposed in Glass
et al. (2019) to reduce the gap between the pre-
training and downstream finetuning stages and to
improve the performance on the QA task. Some
applications of generated questions are shown in
(Lewis et al., 2021; Jia et al., 2021).

In contrast to self-training methods that usually
adopt a teacher-student learning strategy, coopera-
tive learning pipelines contain several agents work-
ing together to learn as much knowledge as pos-
sible. A typical cooperative learning framework
is generative adversarial networks (GAN) (Good-
fellow, 2016; Goodfellow et al., 2014), where a
generator is optimized to confuse a discriminator,
and a discriminator is trained to distinguish real
examples from generated ones. Sequence GAN
is further designed for learning diverse text gen-
eration (Yu et al., 2017). Unlike the adversarial
learning method where two networks work for
opposite goals, other studies proposed learning
environments in which different agents learn the
same objective functions for language emergence
(Lazaridou et al., 2016; Mordatch and Abbeel,
2018; Havrylov and Titov, 2017), including sim-
ple natural language, compositional language, and

Dataset Num. Synthetic QA

BioASQ 123121
TextbookQA 133773
RACE 115847
RelExt. 52142
DuoRC 250698
DROP 100394

Table 9: Number of synthetic QA of each MRQA do-
main.

symbolic language.

B Data

The SQuAD v1.1 is the easiest QA corpus used in
this paper. The dataset contains 107, 785 question-
answer pairs on 536 articles, which are split into
passages. Each question is labeled with an answer
that can be extracted from the given passage.

The Natural Questions dataset is a large-scale
corpus designed for open-domain question answer-
ing. The dataset is more challenging than SQuAD.
All questions are collected from human search
queries and are annotated with long and abstractive
answers. Some of the questions are also labeled
with a short answer for learning answer-span ex-
traction or reading comprehension. Focusing on
the machine reading comprehension task, we select
106, 926 questions labeled with both long and short
answers from the dataset for experiments.

For each target domain in MRQA, we collect the
corresponding training data and sample 3000 pas-
sages for QA synthesis. The number of synthetic
QAs varies based on the length of input passages,
and is shown in Table 9.

C Answer Entity Recognition Details

In this section, we describe details of the AER
methods, which are not covered in detail in previ-
ous sections. All AER models are pretrained on
the Natural Questions corpus. To solve the sparsity
problem, in other words, the passages are long but
not all potential question-answer pairs are anno-
tated, we train all following AER models by using
the sentence containing the annotated answer en-
tities as inputs, instead of the whole passage. If a
sentence in the passage does not contain an anno-
tated answer entity, we do not use it for training.

In this work, we introduce two types of AER
methods, tagging based AER (AER-tag) and extrac-
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tion based AER (AER-Search and AER-Coop). We
describe their training and how we use the trained
model to recognize answer entities in our experi-
ments.

C.1 AER-Tag
C.1.1 Training
We apply a BIO tagging model for answer entity
recognition in the AER-Tab method. We train the
model to classify all tokens in the input sentence
into three classes,

• B(egin) - the first token of the annotated an-
swer entity

• I(nsize) - other tokens of the annotated answer
entity

• O(utside) - tokens that are not a part of the
annotated answer entity

C.1.2 Evaluation
Given an input passage, we run the trained BIO
tagging model on each of its sentences and greed-
ily predict answer entities. There might be more
than one answer entities predicted in each sentence,
and we only use the answer entities start with a
predicted B tag.

C.2 AER-LM
C.2.1 Training
For AER-LM method, we need to pretrain an
extraction-based AER model. We also take a sen-
tence of L tokens containing an annotated answer
entity as an example. Using an extraction model,
which is similar as our question answering model,
we train the model to predict the start and end loca-
tion of the annotated answer entity. The model out-
puts a start score and an end score for each token,
and predicts the start/end locations by selecting the
tokens that are assigned with highest scores. The
model is trained with cross-entropy loss, by regard-
ing the extraction task as two L-class classification
tasks.

C.2.2 Evaluation
In evaluation, we first run the model on each sen-
tence of the input passages and calculate the start
and end scores for each token. For each span
(xi, xi+1, . . . , xj) that is not longer than Lspan to-
kens, we calculate the span score with

sij = sist + sjed (2)

where sist is the start score of the first token of span
(i, j), and sjed is the end score of the last token of
the span. In practice, we set Lspan = 10.

To re-rank all possible answer entities, we select
top N0 = 40 spans according to sij for each pas-
sage. For all selected answer entities, we generated
questions with a pretrained question generator and
collect the generation perplexity of the questions.
We select Nsearch = 5 question-answer pairs with
lowest perplexities for the final question-answering
finetuning.

C.3 AER-Coop
In AER-Coop, we use the same extraction training
method applied in AER-Search, and we also use
the sij scores to select the topN0 = 40 preliminary
answer entities for further search. The difference
is that we search for final answer entities cooper-
atively with the pretrained question generator and
question answering extractor.

With the question generator and question answer-
ing extractor, we re-rank the recognized answer
entities with the following score

scij = γ · Ic − p (3)

where γ is a large, positive coefficient, p is the per-
plexity of generated question based on span (i, j),
and Ic = 1 if the generated question is correctly
answered, and otherwise Ic = 0.

C.4 Answer Entity Overlapping
We found the extraction-based AER model leads
to overlapping problems, since a large start or end
score assigned to a token leads to many candidate
answer entities start or end at the token. In practice,
if an answer entity is selected by the AER-Search
and AER-Coop method, we no longer consider any
other answer entities that overlap with the selected
ones.

D RGX Examples

In this section, we show some examples of our full
model. The examples are contained in Table 10.
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The National History Museum of Montevideo is located in the historical residence of General Fructuoso Rivera. It exhi-
bits artifacts related to the history of Uruguay. In a process begun in 1998, the National Museum of Natural History (1837)
and the National Museum of Anthropology (1981), merged in 2001, becoming the National Museum of Natural History
and Anthropology. In July 2009, the two institutions again became independent. The Historical Museum has annexed eight
historical houses in the city, five of which are located in the Ciudad Vieja. One of them, on the same block with the main
building, is the historic residence of Antonio Montero, which houses the Museo Romantico.
When was the national history museum of montevideo founded?

In the 1920s, John Maynard Keynes prompted a division between microeconomics and macroeconomics. Under Keynesian
economics macroeconomic trends can overwhelm economic choices made by individuals. Governments should promote
aggregate demand for goods as a means to encourage economic expansion. Following World War II, Milton Friedman
created the concept of monetarism. Monetarism focuses on using the supply and demand of money as a method for con-
trolling economic activity. In the 1970s, monetarism has adapted into supply-side economics which advocates reducing
taxes as a means to increase the amount of money available for economic expansion.
Monarism focuses on the relationship between the?

Starting in 2006, Apple’s industrial design shifted to favor aluminum, which was used in the construction of the first Mac-
Book Pro. Glass was added in 2008 with the introduction of the unibody MacBook Pro. These materials are billed as env-
ironmentally friendly. The iMac, MacBook Pro, MacBook Air, and Mac Mini lines currently all use aluminum enclosures,
and are now made of a single unibody. Chief designer Jonathan Ive continues to guide products towards a minimalist and
simple feel, including eliminating of replaceable batteries in notebooks. Multi-touch gestures from the iPhone’s interface
have been applied to the Mac line in the form of touch pads on notebooks and the Magic Mouse and Magic Trackpad for
desktops.
Who is the designer of the macbook pro?

The city’s total area is 468.9 square miles (1,214 km2). 164.1 sq mi (425 km2) of this is water and 304.8 sq mi (789 km2) is
land. The highest point in the city is Todt Hill on Staten Island, which, at 409.8 feet (124.9 m) above sea level, is the
highest point on the Eastern Seaboard south of Maine. The summit of the ridge is mostly covered in woodlands as part
of the Staten Island Greenbelt.
Where is the highest point in new york city?

In 1922, the number of supporters had surpassed 20,000 and by lending money to the club, Barça was able to build the
larger Camp de Les Corts, which had an initial capacity of 20,000 spectators. After the Spanish Civil War the club started
attracting more members and a larger number of spectators at matches. This led to several expansion projects: the
grandstand in 1944, the southern stand in 1946, and finally the northern stand in 1950. After the last expansion, Les Corts
could hold 60,000 spectators.
What is the capacity of barcelona’s stadium?

On 1 November 2013, international postal services for Somalia officially resumed. The Universal Postal Union is now
assisting the Somali Postal Service to develop its capacity, including providing technical assistance and basic mail
processing equipment.
Who is responsible for supporting the somali postal service?

In addition to membership, as of 2010[update] there are 1,335 officially registered fan clubs, called penyes, around the
world. The fan clubs promote Barcelona in their locality and receive beneficial offers when visiting Barcelona. Among
the best supported teams globally, Barcelona has the highest social media following in the world among sports teams,
with over 90 million Facebook fans as of February 2016. The club has had many prominent people among its support-
ers, including Pope John Paul II, who was an honorary member, and former prime minister of Spain José Luis
Rodrı́guez Zapatero. FC Barcelona has the second highest average attendance of European football clubs only behind
Borussia Dortmund.
Who was an honorary member of barcelona football club?

In April 1758, the British concluded the Anglo-Prussian Convention with Frederick in which they committed to pay him
an annual subsidy of £670,000. Britain also dispatched 9,000 troops to reinforce Ferdinand’s Hanoverian army, the first
British troop commitment on the continent and a reversal in the policy of Pitt. Ferdinand had succeeded in driving the
French from Hanover and Westphalia and re-captured the port of Emden in March 1758 before crossing the Rhine with
his own forces, which caused alarm in France. Despite Ferdinand’s victory over the French at the Battle of Krefeld and
the brief occupation of Düsseldorf, he was compelled by the successful manoeuvering of larger French forces to with-
draw across the Rhine.
What did france pay to the prussian monarchy?

Executives at Trump Entertainment Resorts, whose sole remaining property will be the Trump Taj Mahal, said in 2013
that they were considering the option of selling the Taj and winding down and exiting the gaming and hotel business.
What is the future of the trump taj mahal?

Vehicles typically include headlamps and tail lights. Headlamps are white or selective yellow lights placed in the front of
the vehicle, designed to illuminate the upcoming road and to make the vehicle more visible. Many manufactures are turn-
ing to LED headlights as an energy-efficient alternative to traditional headlamps. Tail and brake lights are red and emit
light to the rear so as to reveal the vehicle’s direction of travel to following drivers. White rear-facing reversing lamps in-
dicate that the vehicle’s transmission has been placed in the reverse gear, warning anyone behind the vehicle that it is
moving backwards, or about to do so. Flashing turn signals on the front, side, and rear of the vehicle indicate an intended
change of position or direction. In the late 1950s, some automakers began to use electroluminescent technology to back-
light their cars’ speedometers and other gauges or to draw attention to logos or other decorative elements.
When did they start putting back up lights in cars?

Table 10: Examples of recognized answer entities and generated questions with the full RGX model257
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Abstract

There has been a growing interest in inter-
preting the underlying dynamics of Transform-
ers. While self-attention patterns were initially
deemed as the primary option, recent studies
have shown that integrating other components
can yield more accurate explanations. This
paper introduces a novel token attribution anal-
ysis method that incorporates all the compo-
nents in the encoder block and aggregates this
throughout layers. Through extensive quanti-
tative and qualitative experiments, we demon-
strate that our method can produce faithful and
meaningful global token attributions. Our ex-
periments reveal that incorporating almost ev-
ery encoder component results in increasingly
more accurate analysis in both local (single
layer) and global (the whole model) settings.
Our global attribution analysis significantly
outperforms previous methods on various
tasks regarding correlation with gradient-based
saliency scores. Our code is freely available at
https://github.com/mohsenfayyaz/GlobEnc.

1 Introduction

The stellar performance of Transformers (Vaswani
et al., 2017) has garnered a lot of attention to ana-
lyzing the reasons behind their effectiveness. The
self-attention mechanism has been one of the main
areas of focus (Clark et al., 2019; Kovaleva et al.,
2019; Reif et al., 2019; Htut et al., 2019). How-
ever, there have been debates on whether raw at-
tention weights are reliable anchors for explain-
ing model’s behavior or not (Wiegreffe and Pinter,
2019; Serrano and Smith, 2019; Jain and Wallace,
2019). Recently, it was shown that incorporating
vector norms should be an indispensable part of any
attention-based analysis1 (Kobayashi et al., 2020,

⋆ Equal contribution.
1We also have shown the unreliability of weights due to

norm disparities in probing studies (Fayyaz et al., 2021).
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Figure 1: Aggregated attribution maps (NENC) for the
[CLS] token for fine-tuned BERT on SST2 dataset (sen-
timent analysis). Our method (GlobEnc) is able to accu-
rately quantify the global token attribution of the model.

2021). However, these norm-based studies incor-
porate only the attention block into their analysis,
whereas Transformer encoder layer is composed of
more components.

Another limitation of the existing analysis tech-
niques is that they are usually constrained to the
analysis of single layer attributions. In order to
expand the analysis to multi-layered encoder-based
models in their entirety, an aggregation technique
has to be employed. Abnar and Zuidema (2020)
proposed two aggregation methods, rollout and
max-flow, which combine raw attention weights
across layers. Despite showing the outcome of their
method to be faithful to a model’s inner workings
in specific cases, the final results are still unsatis-
factory on a wide range of fine-tuned models.

Additionally, gradient-based alternatives (Si-
monyan et al., 2014; Kindermans et al., 2016; Li
et al., 2016) have been argued to provide a more ro-
bust basis for token attribution analysis (Atanasova
et al., 2020; Brunner et al., 2020; Pascual et al.,
2021). Nonetheless, the gradient-based alternatives
have not been able to fully replace attention-based
counterparts, mainly due to their high computa-
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tional intensity.
In this paper, we propose a new global token

attribution analysis method (GlobEnc) which is
based on the encoder layer’s output. In GlobEnc,
the second layer normalization is also included in
the norm-based analysis of each encoder layer. To
aggregate attributions over all layers, we applied
a modified attention rollout technique, returning
global scores.

Through extensive experiments and comparing
the global attribution with the input token attribu-
tions obtained by gradient-based saliency scores,
we show that our method produces faithful and
meaningful results (Figure 1). Our evaluations on
models with distinct pre-training objectives and
sizes (Devlin et al., 2019; Clark et al., 2020) show
high correlations with gradient-based methods in
global settings. Furthermore, with comparative
studies on each aspect of GlobEnc , we find that:
(i) norm-based methods achieve higher correla-
tions than weight-based methods; (ii) incorporat-
ing residual connections plays an essential role in
token attribution; (iii) considering the two layer
normalizations improve our analysis only if cou-
pled together; and (iv) aggregation across layers
is crucial for an accurate whole-model attribution
analysis.

In summary, our main contributions are:

• We expand the scope of analysis from atten-
tion block in Transformers to the whole en-
coder.

• Our method significantly improves over exist-
ing techniques for quantifying global token
attributions.

• We qualitatively demonstrate that the attribu-
tions obtained by our method are plausibly
interpretable.

2 Background

In encoder-based language models (such as BERT),
a Transformer encoder layer is composed of several
components (Figure 2). The core component of the
encoder is the self-attention mechanism (Vaswani
et al., 2017), which is responsible for the informa-
tion mixture of a sequence of token representations
(x1, ...,xn). Each self-attention head computes a
set of attention weightsAh = {αhi,j |1 ≤ i, j ≤ n},
where αhi,j is the raw attention weight from the
ith token to the jth token in head h ∈ {1, ...,H}.
Therefore, the output representation (zi ∈ Rd) for
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Figure 2: The internal structure of a Transformer en-
coder layer. We show on the diagram the components
that are incorporated by each token attribution analysis
method. Our method incorporates the whole encoder
(NENC) except for the direct effect of the fully connected
feed-forward module. Diagram inspired by Alammar
(2018).

the ith token of a multi-head (with H heads) self-
attention module is computed by concatenating the
heads’ outputs followed by a head-mixing WO

projection:

zi = CONCAT(z1i , ...,z
H
i )WO (1)

where each head’s output vector is generated by
performing a weighted sum over the transformed
value vectors v(xj) ∈ Rdv :

zhi =
n∑

j=1

αhi,jv
h(xj) (2)

Norm-based attention. While one may inter-
pret the attention mechanism using the attention
weightsA, Kobayashi et al. (2020) argued that do-
ing so would ignore the norm of the transformed
vectors multiplied by the weights, elucidating that
the weights are insufficient for interpretation. Their
solution enhanced the interpretability of attention
weights by incorporating the value vectors v(xj)
and the following projectionWO. By reformulat-
ing Equation 1, we can consider zi as a summation
over the attentions heads:

zi =
H∑

h=1

n∑

j=1

αhi,j v
h(xj)W

h
O︸ ︷︷ ︸

fh(xj)

(3)
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Using this reformulation2, Kobayashi et al. pro-
posed a norm-based token attribution analysis
method, N := (||zi←j ||) ∈ Rn×n , to measure
each token’s contribution in a self-attention mod-
ule:

zi←j =
H∑

h=1

αhi,jf
h(xj) (4)

They showed that incorporating the magnitude of
the transformation function (fh(x)) is crucial in
assessing the input tokens’ contribution to the self-
attention output.

Residual connections & Layer Normalizations.
Kobayashi et al. (2021) added the attention block’s
Layer Normalization (LN#1) and Residual con-
nection (RES#1) to its prior norm-based anal-
ysis to assess the impact of residual connec-
tions and layer normalization inside an attention
block. NRES := (||z+i←j ||) ∈ Rn×n is the analy-
sis method which incorporates the attention block’s
residual connection. The input vector x is added to
the attribution of each token to itself to incorporate
the influence of RES#1:

z+i←j =
H∑

h=1

αhi,jf
h(xi) + 1[i = j]xi (5)

They proposed a method for decomposing LN3 into
a summation of normalizations:

LN(z+i ) =

n∑

j=1

gz+i (z
+
i←j) + β

gz+i (z
+
i←j) :=

z+i←j −m(z+i←j)

s(z+i )
⊙ γ

(6)

wherem(.) and s(.) are the element-wise mean and
standard deviation of the input vector (cf. §A.1).
The decomposition can be applied to the contribu-
tion vectors:

z̃i←j = gz+i (

H∑

h=1

αhi,jf
h(xi) + 1[i = j]xi) (7)

Accordingly, we can compute the magnitude
NRESLN := (||z̃i←j ||) ∈ Rn×n , which represents

the amount of influence of an encoder layer’s input

2W h
O is a head-specific slice of the original WO projec-

tion. For more information about the reformulation process,
see Appendix C in Kobayashi et al. (2021)

3γ ∈ Rd and β ∈ Rd are the trainable weights of LN.
Similar to Kobayashi et al. (2021) we ignore β.

token j on its output token i. Based on this formu-
lation, a context-mixing ratio could be defined as:

ri =
||∑n

j=1,j ̸=i z̃i←j ||
||∑n

j=1,j ̸=i z̃i←j ||+ ||z̃i←i||
(8)

Experiments by Kobayashi et al. (2021) revealed
considerably low r values which indicate the huge
impact of the residual connections. In other words,
the model tends to preserve token representations
more than mixing them with each other.

3 Methodology

Our method for input token attribution analysis has
a holistic view and takes into account almost ev-
ery component within the encoder layer. To this
end, we first extend the norm-based analysis of
Kobayashi et al. (2021) by incorporating the en-
coder’s output LN#2. We then apply an aggre-
gation technique to combine the information flow
throughout all layers.

Encoder layer output ̸= Attention block output.
While the RES#1 and the LN#1 from the attention
block are included in the analysis of Kobayashi
et al. (2021), the subsequent FFN, RES#2, and out-
put LN#2 are ignored (see Fig. 2). Hence, NRESLN
might not be indicative of the entire encoder layer’s
function. To address this issue, we additionally in-
clude the encoder layer components from the atten-
tion block outputs (z̃i) to the output representations
(x̃i). The output of each encoder (x̃i) is computed
as follows:

z̃+i = FFN(z̃i) + z̃i

x̃i = LN(z̃+i )
(9)

We apply the LN decomposition rule in Eq. 7 to
separate the impacts of residual and FFN output:

x̃i =

n∑

j=1

(
gz̃+i (FFN(z̃i←j)) + gz̃+i (z̃i←j)

)
+ β

(10)
Given that the activation function between the two
fully connected layers in the FFN component is
non-linear (Vaswani et al., 2017), a linear decom-
position similar to Eq. 7 cannot be derived. As
a result, we omit FFN’s influence on the contri-
bution of each token and instead consider RES#2,
approximating x̃i←j as gz̃+i (z̃i←j). Nevertheless,
it should be noted that the FFN still preserves some
influence on this new setting due to the presence of
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s(z̃+i ) in gz̃+i (z̃i←j). Similarly to Eq. 7, we can in-
troduce a more inclusive layerwise analysis method
NENC := (||x̃i←j ||) ∈ Rn×n from input token j

to output token i using:

x̃i←j ≈ gz̃+i (z̃i←j) =
z̃i←j −m(z̃i←j)

s(z̃+i )
⊙ γ

(11)

Aggregating multi-layer attention. To create an
aggregated attribution score, Abnar and Zuidema
(2020) proposed describing the model’s attentions
via modelling the information flow with a directed
graph. They introduced attention rollout method,
which linearly combines raw attention weights
along all available paths in the pairwise attention
graph. The attention rollout of layer ℓ w.r.t. the
inputs is computed recursively as follows:

Ãℓ =

{
ÂℓÃℓ−1 ℓ > 1

Âℓ ℓ = 1
(12)

Âℓ = 0.5Āℓ + 0.5I (13)

Āℓ is the raw attention map averaged across all
heads in layer ℓ. This method assumes equal contri-
bution from the residual connection and multi-head
attention (See Fig. 2). Hence, an identity matrix is
summed and renormalized, giving Âℓ.

For aggregating the layerwise analysis methods,
we use the rollout technique with minor modifi-
cations. As many of the methods already include
residual connections, we only use Eq. 12 (replac-
ing Âℓ with the desired method’s attribution ma-
trix in layer ℓ) to calculate the rollout of a given
method. However, for methods that do not assume
the residual connection, we define a corresponding
“Fixed” variation using Eq. 13 that incorporates
a fixed residual effect (ri ≈ 0.5). We refer to
our proposed global method—aggregating the
NENC across all layers by the rollout method—as
GlobEnc. In what follows we report our exper-
iments, comparing GlobEnc with several other
settings.

4 Experiments

In this section, we introduce the datasets and the
token attribution analysis methods used in our eval-
uations, followed by the experimental setup and
results.

4.1 Datasets
All analysis methods are evaluated on three differ-
ent classification tasks. To cover sentiment detec-
tion tasks we use SST2 (Socher et al., 2013), MNLI
(Williams et al., 2018) for Natural Language Infer-
ence and Hatexplain (Mathew et al., 2021) in hate
speech detection.

4.2 Analysis Methods
We use two categories of explainability approaches
in our work: Weight-based and Norm-based.4 The
Weight-based approaches employed in our experi-
ments are as follows:

• W : The raw attention maps averaged across
all heads (SeeAℓ in §2).

• WFIXEDRES : Abnar and Zuidema’s assump-
tion; add an identity matrix as a fixed residual
toAℓ (see Âℓ in Eq. 13).

• WRES : The corrected version ofW in which
accurate residuals are added based on the
context-mixing ratios of NENC:

r̂i =

∥∥∥
∑n

j=1,j ̸=i x̃i←j
∥∥∥

∥∥∥
∑n

j=1,j ̸=i x̃i←j
∥∥∥+ ∥x̃i←i∥

(14)

In order to enforce WRES to have a context-
mixing ratio equal to r̂i, it is essential to
zero-out the diagonal elements (the tokens’
attentions to themselves) of Āℓ and renormal-
ize it:

A′ℓ = (I − diag
(
Āℓ

)
)−1(Āℓ − diag

(
Āℓ

)
)

WRES :=diag (r̂1, · · · , r̂n)A′ℓ
+diag (1− r̂1, . . . , 1− r̂n) I

(15)

The Norm-based analysis methods, namely N ,
NRES and NRESLN were discussed in detail in §2.
Our proposed norm-based method NENC was ex-
plained in §3. For an ablation study, we introduce
NFIXEDRES which isN , corrected with a fixed resid-
ual similar toWFIXEDRES

5.

N̂ =

(
||zi←j ||∑
j ||zi←j ||

)
∈ Rn×n

NFIXEDRES := 0.5 N̂ + 0.5 I

(16)

4Note that in most of our experiments, we use all these
methods within the rollout aggregation technique.

5The only difference is that we need to normalizeN before
adding an identity matrix.
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In §4.5, we will demonstrate our comparative
studies between the aforementioned methods and
GlobEnc.

4.3 Gradient-based Methods for Faithfulness
Analysis

Gradient-based methods are widely used as alter-
natives for attention-based counterparts for quanti-
fying the importance of a specific input feature
in making the right prediction (Li et al., 2016;
Atanasova et al., 2020). In this section we dis-
cuss the specific gradient-based methods we use,
namely saliency, HTA, and our adjusted HTA.

4.3.1 Saliency
Gradient-based saliency is based on the gradient
of the output (yc) w.r.t. the input embeddings (e0i ).
One of the most accurate variations of the saliency
family is the gradient×input method (Kindermans
et al., 2016) where the input embeddings is multi-
plied by the gradients. Thus, the contribution score
of input token i is determined by first computing
the element-wise product of the input embeddings
(e0i ) and the gradients of the true class output score
(yc) w.r.t. the input embeddings. Then, the L2
norm of the scaled gradients is computed to derive
the final score:

Saliencyi =

∥∥∥∥
∂yc
∂e0i
⊙ e0i

∥∥∥∥
2

(17)

4.3.2 HTA x Inputs
To determine an upper bound on the information
mixing within each layer, we use a modified ver-
sion of Hidden Token Attribution (Brunner et al.,
2020, HTA). In the original version, HTA is the
sensitivity between any two vectors in the model’s
computational graph. However, inspired by the
gradient×input method (Kindermans et al., 2016),
which has shown more faithful results (Atanasova
et al., 2020; Wu and Ong, 2021), we multiply the
input vectors by the gradients and then apply a
Frobenius norm. We compute the attribution from
hidden embedding j (eℓ−1j ) to hidden embedding i
(eℓi) in layer ℓ as:

cℓi←j =

∥∥∥∥∥
∂eℓi
∂eℓ−1j

⊙ eℓ−1j

∥∥∥∥∥
F

(18)

Computing HTA-based attribution matrices is an
extremely computation-intensive task (especially
for long texts) due to the high dimensionality of hid-
den embeddings. Hence, we only use this method

for 256 examples from the SST-2 task’s validation
set. It is worth noting that extracting the HTA-
based contribution maps for the aforementioned
data took approximately 2 hours, whereas comput-
ing the maps for the entire analysis methods stated
in §4.2 took only 5 seconds.6

4.4 Setup

We employ HuggingFace’s Transformers library7

(Wolf et al., 2020) and the BERT-base-uncased
model. For fine-tuning BERT, epochs vary from 3
to 5, and the batch size and learning rate are 32 and
3e-5, respectively.8 We also carried out the main
experiment on BERT-large and ELECTRA (Devlin
et al., 2019; Clark et al., 2020) where the results
are reported at §A.2.

After rollout aggregation of each analysis
method, we obtain an accumulated attribution ma-
trix for every layer (ℓ) of BERT. These matrices
indicate the overall contribution of each input token
to all token representations in layer ℓ. Since the
classifier in a fine-tuned model is attached to the
final layer representation of the [CLS] token, we
consider the first row (corresponding to [CLS] at-
tributions) of the last layer attribution matrix. This
vector represents the contribution of each input to-
ken to the model’s final decision. As a measure of
faithfulness of the resulting vector with the saliency
scores, we report the Spearman’s rank correlation
between the two vectors.

4.5 Results

Table 1 shows the Spearman correlation of saliency
scores with the aggregated attribution scores from
[CLS] to input tokens at the final layer. In order
to determine the contribution of each component
of encoder layer to the overall performance, we
report the results for attribution analysis methods
discussed in §4.2. Our results demonstrate that in-
corporating the vector norms, residual connection,
and both layer normalizations yields the highest
correlation (NENC). In what follows, we discuss
the impact of incorporating various parts in the
analysis.

4.5.1 On the role of vector norms
As also suggested by Kobayashi et al. (2020), vec-
tor norms play an important role in determining

6Conducted on a 3070 GPU machine.
7https://github.com/huggingface/transformers
8Recommended by Devlin et al. (2019).
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Attention Rollout

SST2 MNLI HATEXPLAIN

Weight-based (W) −0.11 ± 0.26 −0.06 ± 0.22 0.12 ± 0.26
w/ Fixed Residual (WFIXEDRES)

9 −0.24 ± 0.26 −0.05 ± 0.26 0.13 ± 0.28
w/ Residual (WRES) 0.19 ± 0.26 0.27 ± 0.25 0.53 ± 0.24

Norm-based (N ) 0.44 ± 0.20 0.47 ± 0.16 0.43 ± 0.22
w/ Fixed Residual (NFIXEDRES) 0.48 ± 0.20 0.55 ± 0.16 0.48 ± 0.22
w/ Residual (NRES) 0.73 ± 0.13 0.75 ± 0.10 0.66 ± 0.17
w/ Residual + Layer Norm 1 (NRESLN) −0.21 ± 0.26 −0.06 ± 0.26 0.08 ± 0.28
w/ GlobEnc: [Residual + Layer Norm 1, 2] (NENC) 0.77 ± 0.12 0.78 ± 0.09 0.72 ± 0.17

Table 1: Spearman’s rank correlation of attribution based importance (aggregated by rollout) with saliency scores
for the validation set for the BERT model fine-tuned on SST-2, MNLI, and HateXplain. In fixed residual cases, the
context-mixing ratio is roughly 0.5, and in weight-based w/ residual (WRES), it is corrected with context-mixing
ratio of (NENC). The numbers are the average on all the validation set examples ± the standard deviation.
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Figure 3: Spearman’s rank correlation of aggregated at-
tribution scores with saliency scores across layers. The
99% confidence intervals are shown as (narrow) shaded
areas around each line. NENC achieves the highest cor-
relation in almost every layer.

attention outputs. This is highlighted by the signif-
icant gap between weight-based and norm-based
settings across all datasets in Table 1.

We also show the correlation of the aggregated
attention for all layers in Figure 3. The norm-based
settings (N and NRES) attain higher correlation
than the weight-based counterparts (W andWRES)
almost in all layers, confirming the importance of
incorporating vector norms.

9As mentioned in §4.2, this analysis method is based on
the original experiment by Abnar and Zuidema (2020). Our
experiments on SST2 differ from theirs in two aspects: (i)
we opted for gradient×input saliencies, while they used the
sum of gradients (sensitivity) (ii) instead of BERT, they used
a DistillBERT fine-tuned model (Sanh et al., 2019). However,
their reported results in their sepcific setup (Spearman Corr. =
0.14) still yields significantly lower results than GlobEnc.

4.5.2 On the role of residual connections

Kobayashi et al. (2021) showed that in the encoder
layer, the output representations of each token is
mainly determined by its own representation, and
the contextualization from other tokens’ plays a
marginal role. This is in contrary to the simplifying
assumption made by Abnar and Zuidema (2020)
who used a fixed context-mixing ratio of 0.5 (as-
suming that BERT equally preserves and mixes the
representations). This setting is shown as weight-
based with fixed residual (WFIXEDRES) in Table 1.
We compare this setting againstWRES (see §4.2).
WRES is similar to WFIXEDRES (in that it does not
take into account vector norms) but differs in that
it considers a dynamic mixing ratio (the one from
NENC). The huge performance gap between the
two settings in Table 1 clearly highlights the im-
portance of considering accurate context-mixing
ratios. Therefore, it is crucial to consider the resid-
ual connection in the attention block for input token
attribution analysis.

To further demonstrate the role of residual con-
nections, we utilize the introduced method in §4.2,
where we modified the norm-based attentions with
fixed residual (r ≈ 0.5). The comparison of norm-
based without any residual (N ) and with a fixed
residual (NFIXEDRES) shows a consistent improve-
ment for the latter across all the datasets. This
provides evidence on that having a fixed uniform
context-mixing ratio is better than neglecting the
residual connection altogether.

Finally, when we aggregate the norm-based anal-
ysis with an accurate dynamic context-mixing ratio
(NRES), we observe the highest correlation up to
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Figure 4: Single layer Pearson correlation of HTA maps
with attribution maps. The 99% confidence intervals are
shown as shaded areas around each line. NRESLN shows
considerably less association with HTA.

this point, without layer normalization.

4.5.3 On the role of layer normalization
In Table 1 we see a sudden drop in correlations for
NRESLN. Although this method considers vector
norms and residuals, incorporating LN#1 in the en-
coder seems to have deteriorated the accuracy for
token attribution analysis. To determine whether
this deterioration of correlation in aggregated attri-
butions is also present in individual single layers,
we compare the HTA maps as a baseline with the
attribution matrices extracted from different anal-
ysis methods. Figure 4 shows the correlation of
HTA attribution maps with the maps obtained by
NRES, NRESLN, and NENC methods. The results
indicate that NRESLN exhibits a significantly lower
association.

The question that arises here is that how incor-
porating an additional component of the encoder
(LN#1) in NRESLN degrades the results (compared
toNRES). To answer this question, we investigated
the learned weights of LN#1 and LN#2. The outlier
weights10 in specific dimensions of LNs are shown
to be significantly influential on the model’s perfor-
mance (Kovaleva et al., 2021; Luo et al., 2021). It
is interesting to note that based on our observations,
the outlier weights of the two layer norms seem to
be the opposite of each other. Figure 5 demon-
strates the weight values in layer 11 and also the
correlation of the outlier weights across layers. The
large negative correlations confirm that the outlier
weights work contrary to each other. We speculate
that the effect of outliers in the two layer norms is

10We identify the dimensions where the weights are at least
3σ from the mean as outliers (Kovaleva et al., 2021).
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Figure 5: The Pearson correlation between outlier
weights of LN#1 and LN#2 across layers. The weight
values for layer 11 are shown as well.

L1 L6 L12 MAX

In
di

v. N −.50 ± .18 +.28 ± .23 +.40 ± .21 +.41 ± .21
NRES −.48 ± .18 +.29 ± .24 +.41 ± .19 +.41 ± .19
NENC −.47 ± .18 +.29 ± .24 +.41 ± .19 +.41 ± .19

R
ol

lo
ut N −.50 ± .18 +.44 ± .20 +.44 ± .20 +.44 ± .20

NRES −.48 ± .18 +.70 ± .14 +.73 ± .13 +.73 ± .13
NENC −.47 ± .18 +.74 ± .14 +.77 ± .12 +.78 ± .12

Table 2: Spearman’s rank correlation of attribution-
based scores (individual and aggregated by rollout)
with saliency scores for the validation set for the BERT
model fine-tuned on SST-2. The results are reported for
layers 1, 6, 12, and the maximum of all layers. Utilizing
rollout aggregation achieves higher correlations than
individual layers.

partly cancelled out when both are considered.
As shown in Figure 2, the FFN and the sec-

ond layer normalization are on top of the atten-
tion block. However, NRESLN does not incorpo-
rate the components outside of the attention block.
As described in §3, in our local analysis method
NENC we incorporate the second layer normaliza-
tion in the transformer’s encoder (Figure 2), thus
considering the whole encoder block (except FFN).
Overall, our global method, GlobEnc, yields the
best results among all the methods evaluated in
our experiments. In general, Table 1 suggests that
incorporating each component of the encoder will
increase the correlation; however, the two layer
normalizations should be considered together.

4.5.4 On the role of aggregation
We carried out an additional analysis to verify if
incorporating vector norms, residual connection
and layer normalizations in individual layers is ade-
quate for achieving high correlations, or if it is also
necessary to aggregate them via rollout. Table 2
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shows the correlation results in different layers for
raw attributions (without aggregation) and for the
aggregated attributions using the rollout method.
Applying rollout method on attribution maps up to
each layer results in higher correlations with the
saliency scores than the raw single layer attribution
maps, especially in deeper layers. Therefore, atten-
tion aggregation is essential for global input token
attribution analysis.

An interesting point in Figure 3, which shows
the correlation of the aggregated methods through-
out the layers, is that the correlation curves flatten
out after only a few layers.11 This indicates that
BERT identifies decisive tokens only after the first
few layers. The final layers only make minor ad-
justments to this order. Nevertheless, it is worth
noting that the order of attribution does not nec-
essarily imply the model’s final decision and the
final result may still change for the better or worse
(Zhou et al., 2020).

4.5.5 Qualitative analysis

To qualitatively answer if the aggregated attribu-
tion maps provide plausible and meaningful in-
terpretations, we take a closer look at the attribu-
tion maps generated by GlobEnc. Figure 1 shows
the GlobEnc attribution of the model trained on
SST-2. Each layer demonstrates the [CLS] token’s
aggregated attribution to input tokens up to the
corresponding layer. The example inputs are “a
deep and meaningful film.” and “big fat waste of
time.”, both correctly classified by the model. In
both cases, GlobEnc focuses on the relevant words
for sentiment classification, i.e., “meaningful” and
“waste”. An interesting observation in Figure 1 is
that in the first few layers, the [CLS] token mostly
attends to itself while other tokens have marginal
impact. As the representations get more contextual-
ized in deeper layers, the attribution correctly shifts
to the words which indicate the sentiment of the
sentence.12 More examples from MNLI and SST2
datasets, including misclassified examples are avail-
able at §A.3. Our qualitative analysis suggests that
GlobEnc can be useful for a reasonable interpreta-
tion of attention mechanism in BERT, ELECTRA,
and possibly any other transformer-based model.

11WRES is the only exception with a constant increase; this
method is gradually and artificially corrected byNENC context
mixing ratios.

12Complete attention maps in Figure A.3 show that, simi-
larly to [CLS], other tokens also focus on sentiment tokens.

5 Related Work

While numerous studies have used attention
weights to analyze and interpret the self-attention
mechanism (Clark et al., 2019; Kovaleva et al.,
2019; Reif et al., 2019; Htut et al., 2019), the use
of mere attention weights to explain a model’s in-
ner workings has been an active topic of debate
(Serrano and Smith, 2019; Jain and Wallace, 2019;
Wiegreffe and Pinter, 2019). Several solutions have
been proposed to address this issue, usually through
converting raw attention weights to scores that pro-
vide better explanations. Brunner et al. (2020) used
the transformation function fh(xj) to introduce
effective attentions—the orthogonal component of
the attention matrix in fh(xj) null space—to ex-
plain the inner workings of each layer. However,
this technique ignores other components in the en-
coder and is computationally expensive due to the
SVD required to compute the effective attentions.
Kobayashi et al. (2020) incorporated the modified
vector and introduced a vector norms-based analy-
sis. This was later extended by integrating residual
connections and layer normalization components to
enhance the accuracy of explanations (Kobayashi
et al., 2021). But, as discussed in §4.5, relying
solely on LN#1 does not produce accurate results.

While these methods can be employed for single-
layer (local) analysis, multi-layer attributions are
not necessarily correlated with single-layer attribu-
tions due to the significant degree of information
combination through multi-layer language mod-
els (Pascual et al., 2021; Brunner et al., 2020).
Various saliency methods exist for explaining the
model’s decision based on the input (Li et al., 2016;
Bastings and Filippova, 2020; Atanasova et al.,
2020; Wu and Ong, 2021; Mohebbi et al., 2021).
However, these approaches are not primarily de-
signed for computing inter-token attributions. To
fill this gap, Brunner et al. (2020) proposed HTA,
which is based on the gradient of each hidden em-
bedding in relation to the input embeddings. In
§4.3.2, we extend HTA to incorporate the impact
of the input vectors. However, HTA is extremely
computationally intensive. Attention rollout (see
§3) and attention flow—which involve solving a
max-flow problem on the attention graph—are two
aggregation approaches introduced by Abnar and
Zuidema (2020), in which raw attention weights
(with equally weighted residual weights) are ag-
gregated within multiple layers. We showed that
attention rollout does not perform well on the raw
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attention maps of language models fine-tuned on
downstream tasks and that this problem can be re-
solved by utilizing attribution norms.

6 Conclusions

In this work, we proposed a novel method for single
layer token attribution analysis which incorporates
the whole encoder layer, i.e., the attention block
and the output layer normalization. When aggre-
gated across layers using the rollout method, our
technique achieves quantitatively and qualitatively
plausible results. Our evaluation of different analy-
sis methods provided evidence on roles played by
individual components of the encoder layer, i.e.,
the vector norms, the residual connections, and the
layer normalizations. Furthermore, our in-depth
analysis suggested that the two layer normaliza-
tions in the encoder layer counteract each other;
hence, it is important to couple them for an accu-
rate analysis.

Additionally, using a newly proposed and im-
proved version of Hidden Token Attribution, we
demonstrated that encoder-based attribution analy-
sis is more accurate when compared to other partial
solutions in a single layer (local-level). This is con-
sistent with our global observations. Quantifying
global input token attribution based on our work
can provide a meaningful explanation of the whole
model’s behavior. In future work, we plan to apply
our global analysis method on various datasets and
models, to provide valuable insights into model
decisions and interpretability.
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A Appendix

A.1 LN Formulation
m(a) := 1

d

∑
k a

(k),

s(a) :=
√

1
d

∑
k(m(a)− a(k) + ϵ)2

where ϵ is a small constant

A.2 More Models
In this section we provide the results for BERT-
large and ELECTRA-base. For both models, our
method outperforms the previous analysis methods.
The results are reported in Tables A.1 and A.2.

A.3 More Examples
Aggregated attributions by different methods
throughout layers is shown in Figure A.2. Our
proposed method shows more plausible results.

Aggregated attribution map for layer 12 is shown
in Figure A.3. In this figure, the effect of each
token can be seen on all other tokens and not just
the [CLS] token.

More examples for MNLI dataset are shown for
BERT-base in Figure A.4, for BERT-large in Fig-
ure A.6, and for ELECTRA in Figure A.5. More-
over, misclassified examples of SST2 dataset are
shown in Figure A.1.
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BERT-large Attention Rollout

SST2 MNLI HATEXPLAIN

Weight-based (W) −0.38 ± 0.16 −0.61 ± 0.14 −0.41 ± 0.25
w/ Fixed Residual (WFIXEDRES) −0.25 ± 0.19 −0.48 ± 0.19 −0.21 ± 0.30
w/ Residual (WRES) −0.10 ± 0.21 0.33 ± 0.23 0.09 ± 0.30

Norm-based (N ) 0.44 ± 0.24 0.13 ± 0.27 0.48 ± 0.25
w/ Fixed Residual (NFIXEDRES) 0.49 ± 0.24 0.26 ± 0.25 0.49 ± 0.30
w/ Residual (NRES) 0.77 ± 0.11 0.66 ± 0.12 0.73 ± 0.16
w/ Residual + Layer Norm 1 (NRESLN) −0.07 ± 0.23 −0.35 ± 0.24 0.06 ± 0.32
w/ GlobEnc: [Residual + Layer Norm 1, 2] (NENC) 0.83 ± 0.08 0.77 ± 0.09 0.76 ± 0.17

Table A.1: Spearman’s rank correlation of attribution based importance (aggregated by rollout) with saliency scores
for the validation set for the BERT-large model fine-tuned on SST-2, MNLI, and HateXplain. The numbers are
the average on all the validation set examples (1024 examples for MNLI dataset due to resource limitations) ± the
standard deviation.

ELECTRA-base Attention Rollout

SST2 MNLI HATEXPLAIN

Weight-based (W) −0.37 ± 0.19 −0.31 ± 0.22 0.02 ± 0.29
w/ Fixed Residual (WFIXEDRES) −0.37 ± 0.19 −0.24 ± 0.23 0.01 ± 0.29
w/ Residual (WRES) −0.10 ± 0.22 0.08 ± 0.25 0.20 ± 0.27

Norm-based (N ) 0.18 ± 0.21 0.12 ± 0.21 0.21 ± 0.26
w/ Fixed Residual (NFIXEDRES) 0.23 ± 0.22 0.32 ± 0.23 0.28 ± 0.26
w/ Residual (NRES) 0.54 ± 0.17 0.54 ± 0.14 0.44 ± 0.21
w/ Residual + Layer Norm 1 (NRESLN) −0.24 ± 0.23 −0.16 ± 0.24 −0.07 ± 0.28
w/ GlobEnc: [Residual + Layer Norm 1, 2] (NENC) 0.64 ± 0.15 0.68 ± 0.12 0.47 ± 0.22

Table A.2: Spearman’s rank correlation of attribution based importance (aggregated by rollout) with saliency scores
for the validation set for the ELECTRA-base model fine-tuned on SST-2, MNLI, and HateXplain. The numbers are
the average on all the validation set examples ± the standard deviation.
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Figure A.1: Aggregated NENC attribution maps (GlobEnc) for the [CLS] token for fine-tuned BERT on SST2
dataset (sentiment analysis). These examples were misclassified by the model.
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Figure A.2: Aggregated attributions via rollout with different methods across layers. The model is fine-tuned on
SST2 dataset and the attention of the CLS token is shown in each layer.
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[SEP]
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[SEP]
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[SEP]
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[SEP]
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[SEP]
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[SEP]
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[SEP]
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[SEP]
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Figure A.3: Aggregated attributions via rollout with different methods in layer 12. The model is fine-tuned on SST2
dataset. Each row indicates how much other tokens impact the token written on the row.
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Figure A.4: Aggregated NENC attribution maps (GlobEnc) for the [CLS] token for fine-tuned BERT on MNLI
dataset.
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Figure A.5: Aggregated NENC attribution maps (GlobEnc) for the [CLS] token for fine-tuned ELECTRA on MNLI
dataset.
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Figure A.6: Aggregated NENC attribution maps (GlobEnc) for the [CLS] token for fine-tuned BERT-large on MNLI
dataset.
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Abstract
Aspect sentiment triplet extraction (ASTE) is
a challenging subtask in aspect-based senti-
ment analysis. It aims to explore the triplets
of aspects, opinions and sentiments with com-
plex correspondence from the context. The
bidirectional machine reading comprehension
(BMRC) can effectively deal with ASTE task,
but several problems remains, such as query
conflict and probability unilateral decrease.
Therefore, this paper presents a robustly op-
timized BMRC method by incorporating four
improvements. The word segmentation is ap-
plied to facilitate the semantic learning. Ex-
clusive classifiers are designed to avoid the in-
terference between different queries. A span
matching rule is proposed to select the aspects
and opinions that better represent the expec-
tations of the model. The probability gen-
eration strategy is also introduced to obtain
the predicted probability for aspects, opinions
and aspect-opinion pairs. We have conducted
extensive experiments on multiple benchmark
datasets, where our model achieves the state-
of-the-art performance.1

1 Introduction

Aspect-based sentiment analysis (ABSA) is an im-
portant research area of natural language process-
ing (NLP), which aims to mine fine-grained opin-
ions and sentiments based on a specific aspect. In
recent years, it has attracted extensive attention of
researchers (Hu and Liu, 2004). ABSA includes
three basic subtasks: aspect term extraction (Yin
et al., 2016; Li et al., 2018; Ma et al., 2019), opin-
ion term extraction (Liu et al., 2015; Wu et al.,
2021), and aspect level sentiment classification
(Wang et al., 2016; Chen et al., 2017; Jiang et al.,
2019; Zhang and Qian, 2020).

Substantial progress has been achieved in re-
cent studies, integrating multiple subtasks into a

*Corresponding Author
1We make our code publicly available at https://

github.com/ITKaven/RoBMRC

more complex task (Chen and Qian, 2020; He et al.,
2019; Luo et al., 2019; Zhao et al., 2020). Among
them, aspect sentiment triplet extraction (ASTE)
(Peng et al., 2020) becomes a subject of great in-
terest, which is also the goal of our work. Many
research efforts have been made (Xu et al., 2021;
Mao et al., 2021; Chen et al., 2021), for example,
using bidirectional machine reading comprehen-
sion (BMRC) for ASTE. It handles the task effec-
tively, but problems still remain. In the structure
of BMRC, the shared classifiers may lead to query
conflicts based on specific context, thus affecting
the model performance. Some important strategies
are also ignored, such as word segmentation, span
matching and probability generation.

In this paper, we present a robustly optimized
BMRC method for ASTE. The task is transformed
into a machine reading comprehension problem.
The complex correspondence between the aspect
and opinion is processed through bidirectional
query based on specific context. Such relationship
can be effectively used to make their extraction
mutually beneficial, thus facilitating better predic-
tion of various sentiments. In order to deal with
the ASTE task more efficiently, we incorporate the
word segmentation and exclusive classifiers, and
improve the span matching where the priority rule
of the combination of probability and position re-
lationship has been added. We also optimize the
generation of probability to avoid its unilateral de-
crease. Our contributions can be summarized as
follows:

• Exclusive classifiers are designed in BMRC,
so as to avoid the interference between dif-
ferent question answering steps and the query
conflict.

• We further advance the prediction perfor-
mance by adding word segmentation, improv-
ing span matching and probability generation.

• Extensive experiments are conducted on
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The portions are small but being that the food was so good makes up for that.

negative positive

Figure 1: The illustration of ASTE task.

benchmark datasets, where our model
achieves the state-of-the-art performance.

2 Methodology

In this section, we briefly review the ASTE task
and BMRC model, and then introduce our four
improvements in detail.

2.1 Problem Formulation

Given a sentence W = {w1, w2, ..., wM} with M
tokens, ASTE task is to identify the collection of
triplets T = {(ai, oi, si)}|T |i=1, where ai, oi, si and
|T | denote the aspect, the opinion expression, the
sentiment, and the number of triplets, respectively.
For the sentence shown in Figure 1, the collection
T is {(portions, small, negative), (food, good,
positive)}.

2.2 BMRC

BMRC can put forward the corresponding query ac-
cording to the context, and the model then outputs
the desired answer.
Forward Query BMRC will query all the aspects
based on context; Then, according to the aspect
of each prediction, all opinions describing it are
queried from the context.
Backward Query BMRC will query all the opin-
ions based on context; Then, according to the opin-
ion of each prediction, all aspects describing it are
queried from the context.
Sentiment Prediction Once the aspect-opinion
pairs are obtained, the sentiment queries can be
constructed to predict the sentiments of the corre-
sponding pairs according to the context.

After that, the sentiments and aspect-opinion
pairs are combined into triplets. The whole process
is illustrated in Figure 2.

2.3 Word Segmentation

We use the tokenizer based on wordpiece in BERT
(Devlin et al., 2019) to segment words into sub-
words. Wordpiece is a common technique for word
segmentation in NLP tasks.

The role of word segmentation has been inves-
tigated. Suppose the word "walking" is fed into
the model, unless it appears many times in the
training corpus, the model may fail to handle the
word well. When similar words like "walked",
"walker" or "walks" show up, without word seg-
mentation, they will be treated as completely dif-
ferent words. However, if they are subdivided into
"walk ##ing", "walk ##ed", "walk ##er", and "walk
##s", their sub-word "walk" contains the same se-
mantics which is quite common during training. In
this sense, the model is able to learn more informa-
tion through word segmentation.

2.4 Exclusive Classifiers
Bidirectional queries are performed in BMRC, and
the model needs to perform multiple different types
of queries based on context. For example, the
aspect query in forward query is different from
the opinion query in backward query. The former
queries all the aspects in the context, while the lat-
ter queries all the opinions in the context, requiring
different entities. Another example is the aspect
query in the forward query and the aspect query in
the backward query. Although the entities of the
two queries are the same, the latter conveys opin-
ion information and searches for all the aspects
described by it, while the former does not carry any
context information, namely, all the aspects in the
context.

In the original BMRC, all queries share one clas-
sifier. However, if different types of queries use the
same classifier, it cannot serve any part very well.
These different types of queries will interfere with
each other and cause the query conflict. By adding
exclusive classifiers, each different type of query
can use a unique classifier, as shown in Figure 3,
which can effectively avoid the problem of query
conflict and greatly improve the performance of the
model.

2.5 Span Matching
Recently, there is a lot of work to deal with ABSA
tasks based on span extraction (Hu et al., 2019;
Xu et al., 2021), so does BMRC. After obtaining
the predicted value of each position as the start or
end position of span through binary classifiers, the
predicted value is converted into probability using
softmax function (Chen et al., 2021).

When predicting the span, many start and end
positions may be predicted. The rule to match them
is very important, which will seriously affect the
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The portions are small but being that the food was so good makes up for that.

Query𝑨→𝑶
N : What aspects?

Answer: portions, food
Query𝑶→𝑨

N : What opinions?
Answer: small, good

Query𝑨→𝑶,𝟏
R : What opinions 

given the aspect portions ?
Answer: small

Query𝑨→𝑶,𝟐
𝑹 : What opinions 

given the aspect food ?
Answer: good

QueryO→𝑨,𝟏
R : What aspects 

given the opinion small ?
Answer: portions

QueryO→A,𝟐
𝑹 : What aspects 

given the opinion good ?
Answer: food

Query𝟏
𝑺: What sentiment given the aspect portions and the opinion small ?

Answer: negative

Query𝟐
𝑺: What sentiment given the aspect food and the opinion good ?

Answer: positive

{portions, small, negative} , {food, good, positive}

Input Review

Non-restrictive 
Extraction Query

Restrictive 
Extraction Query

Sentiment 
Classification 

Query

Output Triplets

Forward Query Backward Query 

Figure 2: The BMRC framework.
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Figure 3: Exclusive classifiers for different queries.

performance of the model. The matching should
consider the probability of start and end positions,
as well as the relationship between the positions.
The former represents the optimistic degree of the
model for the position, and the latter is the judg-
ment that the start and end positions of span are
as close as possible; the priority of probability is
higher. So, the overview of our span matching rule
is: make each end position match the start position
with the highest probability after the previous end
position. If there is a start position with the same
probability, select the one whose position is closest
to the end position.

2.6 Probability Generation
Once the bidirectional queries and span matching
are completed, the aspects, opinions and pairs with
corresponding relationship are obtained. In BMRC,
the probability product of the start and end posi-
tions is taken as the probability of the span, and the
probability of pair is the probability product of as-
pect and opinion. In this way, the probability of pair
decreases unilaterally and cannot well represent
the prediction of the pair by the model. For exam-
ple, the probability of the four positions of pair is
0.9, while the probability of pair is 0.94 = 0.6561,
which seems not so reasonable.

By probability generation, we can effectively
solve the problem of unilateral decrease in the prob-
ability of span and pair, so that their probability can
better reflect the expectation of the model. The op-
erations are shown in Equation 1 and 2, where we
balance the probability of span and pair so that their
probability is within the interval of the two related
probabilities. It enables us to avoid the unilateral
decrease of probability, but keep more appropriate
to the expectation of the model.

P (span) =
√
P (spanstart) ∗ P (spanend) (1)

P (pair) =
√
P (pairasp) ∗ P (pairopi) (2)
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Figure 4: Span matching and probability generation architecture.

In the above equations, P (?) represents the pre-
diction probability of ?. The span represents an
aspect or opinion, spanstart and spanend represent
its start and end positions. The pair represents an
aspect-opinion pair, pairasp and pairopi represent
the aspect and opinion in the pair. For the conve-
nience of comparison, the calculation method of
P (spanstart) and P (spanend) is consistent with
BMRC (Chen et al., 2021).

The effects of span matching and probability
generation are shown in Figure 4.

3 Experiment

In this section, we introduce information about the
experiments, including datasets, evaluation metrics,
baselines, experimental results, and ablation study.

3.1 Datasets

We evaluate the model performance on ASTE-Data-
v1 (Peng et al., 2020) and ASTE-Data-v2 (Xu
et al., 2020), which are popular benchmark datasets
for ASTE task. They are derived from Laptop14,
Rest14, Rest15, and Rest16 of SemEval shared
challenges (Pontiki et al., 2014, 2015, 2016). The
ASTE-Data-v2 datasets are the refined data of the
previous ASTE-Data-V1 datasets2.

2https://github.com/xuuuluuu/
SemEval-Triplet-data

3.2 Evaluation Metrics

We use precision (P), recall (R) and F1 scores as
evaluation metrics to gauge the performance. A
triplet prediction is correct only if the aspect, opin-
ion and sentiment are predicted correctly.

3.3 Results

We focus on the ASTE task. The experimen-
tal results on ASTE-Data-v1 and ASTE-Data-v2
datasets are shown in Tables 1 and 2, respectively.
In order to make a fair comparison with baselines,
our F1 scores appear at least three times in the
experiments.

It is worth noting that we have achieved state-of-
the-art performances on both ASTE-Data datasets,
indicating that our improvements further advance
the performance of BMRC in dealing with ASTE
task. On the Laptop14, Rest14, Rest15, and Rest16
datasets of ASTE-Data-v1, the F1 scores of our
model are increased by 2.97, 4.20, 5.61 and 5.52 re-
spectively, compared with the original BMRC. As
for ASTE-Data-v2, we also increase the F1 scores
of the Strong baseline Span-ASTE (Xu et al., 2021)
by 2.74, 0.77, 2.36 and 2.90, respectively. This
indicates that our improvement is very significant.
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Model
14res 14lap 15res 16res

P R F1 P R F1 P R F1 P R F1

Peng-two-stage (Peng et al., 2020) 44.18 62.99 51.89 40.40 47.24 43.50 40.97 54.68 46.79 46.76 62.97 53.62
JET-BERT (Xu et al., 2020) 67.97 60.32 63.92 58.47 43.67 50.00 58.35 51.43 54.67 64.77 61.29 62.98

Dual-MRC (Mao et al., 2021) 71.55 69.14 70.32 57.39 53.88 55.58 63.78 51.87 57.21 68.60 66.24 67.40
BMRC (Chen et al., 2021) 71.32 70.09 70.69 65.12 54.41 59.27 63.71 58.63 61.05 67.74 68.56 68.13

Span-BART (Yan et al., 2021) 72.46 57.59 60.11 69.98

Ours 73.84 75.98 74.89 66.66 58.36 62.24 66.96 66.37 66.66 71.14 76.34 73.65

Table 1: Experiments on the ASTE-Data-v1 datasets. The best P, R and F1 scores are in bold.

Model
14res 14lap 15res 16res

P R F1 P R F1 P R F1 P R F1

JET-BERT (Xu et al., 2020) 70.56 55.94 62.40 55.39 47.33 51.04 64.45 51.96 57.53 70.42 58.37 63.83
Span-BART (Yan et al., 2021) 65.52 64.99 65.25 61.41 56.19 58.69 59.14 59.38 59.26 66.60 68.68 67.62
Span-ASTE (Xu et al., 2021) 72.89 70.89 71.85 63.44 55.84 59.38 62.18 64.45 63.27 69.45 71.17 70.26

Ours 72.51 72.73 72.62 68.13 57.09 62.12 65.90 65.36 65.63 69.98 76.65 73.16

Table 2: Experiments on the ASTE-Data-v2 datasets.

Improved Stack
14res 14lap 15res 16res

P R F1 P R F1 P R F1 P R F1

BMRC 73.42 66.70 69.89 69.53 52.11 59.57 64.06 55.87 59.69 70.37 66.53 68.39
+ Word Segmentation 72.89 68.71 70.74 72.70 51.01 59.95 64.30 59.79 61.96 74.24 67.31 70.61
+ Exclusive Classifiers 73.74 69.51 71.56 72.02 53.59 61.45 66.51 60.61 63.43 72.52 71.40 71.96

+ Span Matching 74.65 69.91 72.20 73.11 53.59 61.84 66.44 62.88 64.61 71.50 73.73 72.60
+ Probability Generation 72.51 72.73 72.62 68.13 57.09 62.12 65.90 65.36 65.63 69.98 76.65 73.16

Table 3: The performance of our four improvements on the ASTE-Data-v2 datasets.

3.4 Ablation Experiments

Firstly, we experiment the model without improve-
ment on the ASTE-Data-v2. The model is a re-
production based on BMRC, and then gradually
superimposes the four improvements of word seg-
mentation, exclusive classifiers, span matching and
probability generation to conduct ablation exper-
iment. This arrangement corresponds to the se-
quence before and after they contact the data, that
is, the data will first pass through word segmenta-
tion and enter the model, the prediction value is
obtained from the exclusive classifiers, and then
span matching is carried out according to it. Fi-
nally, the probability generation is used to generate
probabilistic representations of aspects, opinions
and pairs. The datasets and various parameters of
the five experiments are the same. In order to make
a fair comparison with baselines, our F1 scores ap-
pear at least three times in the experiments. The
ablation experimental results are shown in Table
3. Each improvement advances the performance
of the model, demonstrating their advantages and
effectiveness.

4 Conclusion

In this paper, we propose several improvements
on the basis of BMRC for ASTE task, which can
effectively deal with the complex correspondence
among aspect, opinion and sentiment. In order
to deal with the problems of the original BMRC,
we add exclusive classifiers and three strategies,
including word segmentation, span matching and
probability generation. The proposed method is
expected to handle complex ASTE task more ef-
ficiently. Extensive experiments are conducted to
demonstrate the advantages of our improvements.
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Abstract

Discovering latent topics from text corpora has
been studied for decades. Many existing topic
models adopt a fully unsupervised setting, and
their discovered topics may not cater to users’
particular interests due to their inability of
leveraging user guidance. Although there exist
seed-guided topic discovery approaches that
leverage user-provided seeds to discover topic-
representative terms, they are less concerned
with two factors: (1) the existence of out-of-
vocabulary seeds and (2) the power of pre-
trained language models (PLMs). In this paper,
we generalize the task of seed-guided topic
discovery to allow out-of-vocabulary seeds.
We propose a novel framework, named SEE-
TOPIC, wherein the general knowledge of
PLMs and the local semantics learned from the
input corpus can mutually benefit each other.
Experiments on three real datasets from differ-
ent domains demonstrate the effectiveness of
SEETOPIC in terms of topic coherence, accu-
racy, and diversity.1

1 Introduction

Automatically discovering informative and coher-
ent topics from massive text corpora is central to
text analysis through helping users efficiently di-
gest a large collection of documents (Griffiths and
Steyvers, 2004) and advancing downstream appli-
cations such as summarization (Wang et al., 2009,
2022), classification (Chen et al., 2015; Meng et al.,
2020b), and generation (Liu et al., 2021).

Unsupervised topic models have been the main-
stream approach to topic discovery since the pro-
posal of pLSA (Hofmann, 1999) and LDA (Blei
et al., 2003). Despite their encouraging perfor-
mance in finding informative latent topics, these
topics may not reflect user preferences well, mainly
due to their unsupervised nature. For example,
given a collection of product reviews, a user may
be specifically interested in product categories

1The code and datasets are available at
https://github.com/yuzhimanhua/SeeTopic.

Table 1: Three datasets (Cohan et al., 2020; McAuley
and Leskovec, 2013; Zhang et al., 2017) from different
domains and their topic categories (i.e., seeds). Red:
Seeds never seen in the corpus (i.e., out-of-vocabulary).
In all three datasets, a large proportion of seeds are out-
of-vocabulary.

Dataset Category Names (Seeds)

SciDocs
(Scientific

Papers)

cardiovascular diseases
chronic kidney disease

chronic respiratory diseases
diabetes mellitus

digestive diseases
hiv/aids

hepatitis a/b/c/e
mental disorders

musculoskeletal disorders
neoplasms (cancer)

neurological disorders

Amazon
(Product
Reviews)

apps for android
books

cds and vinyl
clothing, shoes and jewelry

electronics

health and personal care
home and kitchen

movies and tv
sports and outdoors

video games

Twitter
(Social
Media
Posts)

food
shop and service

travel and transport
college and university

nightlife spot

residence
outdoors and recreation
arts and entertainment

professional and other places

(e.g., “books”, “electronics”), but unsupervised
topic models may generate topics containing dif-
ferent sentiments (e.g., “good”, “bad”). To con-
sider users’ interests and needs, seed-guided topic
discovery approaches (Jagarlamudi et al., 2012;
Gallagher et al., 2017; Meng et al., 2020a) have
been proposed to find representative terms for each
category based on user-provided seeds or category
names.2 However, there are still two less concerned
factors in these approaches.

The Existence of Out-of-Vocabulary Seeds. Pre-
vious studies (Jagarlamudi et al., 2012; Gallagher
et al., 2017; Meng et al., 2020a) assume that all
user-provided seeds must be in-vocabulary (i.e.,
appear at least once in the input corpus), so that
they can utilize the occurrence statistics or Skip-
Gram embedding methods (Mikolov et al., 2013)
to model seed semantics. However, user-interested
categories can have specific or composite descrip-
tions, which may never appear in the corpus. Table
1 shows three datasets from different domains: sci-

2In this paper, we use “seeds” and “category names” inter-
changeably.
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entific papers, product reviews, and social media
posts. In each dataset, documents can belong to one
or more categories, and we list the category names
provided by the dataset collectors. These seeds
should reflect their particular interests. In all three
datasets, we have a large proportion of seeds (45%
in SciDocs, 60% in Amazon, and 78% in Twitter)
that never appear in the corpus. Some category
names are too specific (e.g., “chronic respiratory
diseases”, “nightlife spot”) to be exactly matched,
others are the composition of multiple entities (e.g.,
“hepatitis a/b/c/e”, “neoplasms (cancer)”, “clothing,
shoes and jewelry”).3

The Power of Pre-trained Language Models.
Techniques used in previous studies are mainly
based on LDA variants (Jagarlamudi et al., 2012) or
context-free embeddings (Meng et al., 2020a). Re-
cently, pre-trained language models (PLMs) such
as BERT (Devlin et al., 2019) have achieved signif-
icant improvement in a wide range of text mining
tasks. In topic discovery, the generic representation
power of PLMs learned from web-scale corpora
(e.g., Wikipedia or PubMed) may complement the
information a model can obtain from the input cor-
pus. Moreover, out-of-vocabulary seeds usually
have meaningful in-vocabulary components (e.g.,
“night” and “life” in “nightlife spot”, “health” and
“care” in “health and personal care”). The opti-
mized tokenization strategy of PLMs (Sennrich
et al., 2016; Wu et al., 2016) can help segment
the seeds into such meaningful components (e.g.,
“nightlife”→ “night” and “##life”), and the contex-
tualization power of PLMs can help infer the cor-
rect meaning of each component (e.g., “##life” and
“care”) in the category name. Therefore, PLMs are
much needed in handling out-of-vocabulary seeds
and effectively learning their semantics.

Contributions. Being aware of these two factors,
in this paper, we study seed-guided topic discovery
in the presence of out-of-vocabulary seeds. Our
proposed SEETOPIC framework consists of two
modules: (1) The general representation module

3One possible idea to deal with composite seeds is to split
them into multiple seeds. However, there are many possible
ways to express the conjunctions (e.g., “/”, “()”, “,” and “and”
in Table 1), which may require manual tuning. Besides, simple
chunking rules will induce splits that break the semantics
of the original composition (e.g., “professional and other
places” may be split into “professional” and “other places”).
Moreover, even after the split, some seeds are still out-of-
vocabulary. Therefore, we propose to use PLMs to tackle
out-of-vocabulary seeds in a unified way. In experiments, we
will show that our model is able to tackle composite seeds.
For example, given the seed “hepatitis a/b/c/e”, we can find
terms relevant to “hepatitis b” and “hepatitis c” (see Table 4).

uses a PLM to derive the representation of each
term (including out-of-vocabulary seeds) based on
the general linguistic knowledge acquired through
pre-training. (2) The seed-guided local representa-
tion module learns in-vocabulary term embeddings
specific to the input corpus and the given seeds.
In order to optimize the learned representations
for topic coherence, which is commonly reflected
by pointwise mutual information (PMI) (Newman
et al., 2010), our objective implicitly maximizes
the PMI between each word and its context, the
documents it appears, as well as the category it
belongs to. The learning of the two modules is
connected through an iterative ensemble ranking
process, in which the general knowledge of PLMs
and the term representations specifically learned
from the target corpus conditioned on the seeds can
complement each other.

To summarize, this study makes three contri-
butions. (1) Task: we propose to study seed-
guided topic discovery in the presence of out-of-
vocabulary seeds. (2) Framework: we design a uni-
fied framework that jointly models general knowl-
edge through PLMs and local corpus statistics
through embedding learning. (3) Experiment: ex-
tensive experiments on three datasets demonstrate
the effectiveness of SEETOPIC in terms of topic
coherence, accuracy, and diversity.

2 Problem Definition

As shown in Table 1, we assume a seed can be
either a single word or a phrase. Given a corpus D,
we use VD to denote the set of terms appearing in
D. In accordance with the assumption of category
names, each term can also be a single word or a
phrase. In practice, given a raw corpus, one can
use existing phrase chunking tools (Manning et al.,
2014; Shang et al., 2018) to detect phrases in it.
After phrase chunking, if a category name is still
not in VD, we define it as out-of-vocabulary.

Problem Definition. Given a corpus D =
{d1, ..., d|D|} and a set of category names C =
{c1, ..., c|C|} where some category names are out-
of-vocabulary, the task is to find a set of in-
vocabulary terms Si = {w1, ..., wS} ⊆ VD for
each category ci such that each term in Si is se-
mantically close to ci and far from other categories
cj (∀j 6= i).

3 The SEETOPIC Framework

In this section, we first introduce how we model
general and local text semantics using a PLM mod-
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ule and a seed-guided embedding learning module,
respectively. Then, we present the iterative ensem-
ble ranking process and our overall framework.

3.1 Modeling General Text Semantics using a
PLM

PLMs such as BERT (Devlin et al., 2019) aim to
learn generic language representations from web-
scale corpora (e.g., Wikipedia or PubMed) that
can be applied to a wide variety of text-related
applications. To transfer such general knowledge
to our topic discovery task, we employ a PLM to
encode each category name and each in-vocabulary
term to a vector. To be specific, given a term w ∈
C ∪VD, we input the sequence “[CLS] w [SEP]”
into the PLM. Here, w can be a phrase containing
multiple words, and each word can be out of the
PLM’s vocabulary. To deal with this, most PLMs
use a pre-trained tokenizer (Sennrich et al., 2016;
Wu et al., 2016) to segment each unseen word into
frequent subwords. Then, the contextualization
power of PLMs will help infer the correct meaning
of each word/subword, so as to provide a more
precise representation of the whole category.

After LM encoding, following (Sia et al., 2020;
Thompson and Mimno, 2020; Li et al., 2020), we
take the output of all tokens from the last layer and
average them to get the term embedding ew. In
this way, even if a seed ci is out-of-vocabulary,
we can still obtain its representation eci .

3.2 Modeling Local Text Semantics in the
Input Corpus

The motivation of topic discovery is to discover
latent topic structures from the input corpus. There-
fore, purely relying on general knowledge in the
PLM is insufficient because topic discovery results
should adapt to the input corpus D. Now, we in-
troduce how we learn another set of embeddings
{uw|w ∈ VD} from D.

Previous studies on embedding learning assume
that the semantic of a term is similar to its local
context (Mikolov et al., 2013), the document it
appears (Tang et al., 2015; Xun et al., 2017a), and
the category it belongs to (Meng et al., 2020a).
Inspired by these studies, we propose the following
embedding learning objective.

J =
∑

d∈D

∑

wi∈d

∑

wj∈C(wi,h)
p(wj |wi)

︸ ︷︷ ︸
context

+
∑

d∈D

∑

w∈d
p(d|w)

︸ ︷︷ ︸
document

+
∑

ci∈C

∑

w∈Si

p(ci|w)
︸ ︷︷ ︸

category

,
(1)

where

p(z|w) = exp(uTwvz)∑
z′ exp(u

T
wvz′)

, (z can be wj , d, or ci). (2)

In this objective, uwi (and vwj ), vd, vci are the
embedding vectors of terms, documents, and cate-
gories, respectively. C(wi, h) is the set of context
terms of wi in d. Specifically, if d = w1w2...wL,
then C(wi, h) = {wj |i − h ≤ j ≤ i + h, j 6= i},
where h is the context window size.

Note that the last term in Eq. (1) encourages
the similarity between each category ci and its rep-
resentative terms Si. Here, we adopt an iterative
process to gradually update category-representative
terms. Initially, Si consists of just a few in-
vocabulary terms similar to ci according to the
PLM. At each iteration, the size of Si will increase
to contain more category-discriminative terms (the
selection criterion of these terms will be introduced
in the next section), and we need to encourage their
proximity with ci in the next iteration.

Directly optimizing the full softmax in Eq. (2)
is costly. Therefore, we adopt the negative sam-
pling strategy (Mikolov et al., 2013) for efficient
approximation.

Interpreting the Objective. In topic modeling
studies, pointwise mutual information (PMI) (New-
man et al., 2010) is a standard evaluation metric
for topic coherence (Lau et al., 2014; Röder et al.,
2015). Levy and Goldberg (2014) prove that the
Skip-Gram embedding model is implicitly factoriz-
ing the PMI matrix. Following their proof, we can
show that maximizing Eq. (1) is implicitly doing
the following factorization:

UT
w[Vw;Vd;Vc] = [Xww;Xwd;Xwc], (3)

where the columns of Uw, Vw, Vd, Vc are uwi ,
vwj , vd, vci , respectively (wi, wj ∈ VD, d ∈ D,
ci ∈ C); Xww, Xwd, and Xwc are PMI matrices.

Xww =

[
log
( #D(wi, wj) · λD
#D(wi) ·#D(wj) · b

)]

wi,wj∈VD

,

Xwd =

[
log
( #d(w) · λD
#D(w) · λd · b

)]

w∈VD, d∈D
,

Xwc =
[
xw,ci

]
w∈VD, ci∈C , where

xw,ci =

{
log |C|

b
, if w ∈ Si,

−∞, if w ∈ Sj (∀j 6= i).

(4)

Here, #D(wi, wj) denotes the number of co-
occurrences of wi and wj in a context window in
D; #D(w) denotes the number of occurrences ofw
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in D; λD is the total number of terms in D; #d(w)
denotes the number of times w occurs in d; λd is
the total number of terms in d; b is the number of
negative samples. (For the derivation of Eq. (3),
please refer to Appendix A.)

To summarize, the learned local representations
uw are implicitly optimized for topic coherence,
where term co-occurrences are measured in context,
document, and category levels.

3.3 Ensemble Ranking

We have obtained two sets of term embeddings
that model text semantics from different angles:
{ew|w ∈ C ∪ VD} carries the PLM’s knowledge,
while {uw|w ∈ VD} models the input corpus as
well as user-provided seeds. We now propose an
ensemble ranking method to leverage information
from both sides to grab more discriminative terms
for each category.

Given a category ci and its current term set Si,
we first calculate the scores of each term w ∈ VD.

scoreG(w|Si) = 1

|Si|
∑

w′∈Si

cos(ew, ew′),

scoreL(w|Si) = 1

|Si|
∑

w′∈Si

cos(uw,uw′).

(5)

The subscript “G” here means “general”, while “L”
means “local”. Then, we sort all terms by these
two scores, respectively. Each term w will hence
get two rank positions rankG(w) and rankL(w).
We propose the following ensemble score based on
the reciprocal rank:

score(w|Si) =
(
1

2

( 1

rankG(w)

)ρ
+
1

2

( 1

rankL(w)

)ρ)1/ρ

.

(6)
Here, 0 < ρ ≤ 1 is a constant. In practice, in-
stead of ranking all terms in the vocabulary, we
only check the top-M results in the two ranking
lists. If a term w is not among the top-M ac-
cording to scoreG(w) (resp., scoreL(w)), we set
rankG(w) = +∞ (resp., rankL(w) = +∞). In
fact, when ρ = 1, Eq. (6) becomes the arith-
metic mean of the two reciprocal ranks 1

rankG(w)

and 1
rankL(w)

. This is essentially the mean recip-
rocal rank (MRR) commonly used in ensemble
ranking, where a high position in one ranking list
can largely compensate a low position in the other.
In contrast, when ρ → 0, Eq. (6) becomes the
geometric mean of the two reciprocal ranks (see
Appendix B), where two ranking lists both have
the “veto power” (i.e., a term needs to be ranked
as top-M in both ranking lists to obtain a non-zero

Algorithm 1: SEETOPIC

Input: A text corpus D = {d1, ..., d|D|}, a set of
seeds C = {c1, ..., c|C|}, and a PLM.

Output: (S1, ...,S|C|), where each Si is a set of
category-discriminative terms for ci.

1 Compute {ew|w ∈ C ∪ VD} using the PLM;
2 // Initialize Si;
3 S1, ...,S|C| ← ∅;
4 for n← 1 to N do
5 for i← 1 to |C| do
6 wn ← argmax

w∈VD\(S1∪...∪S|C|)
cos(ew, eci);

7 Si ← Si ∪ {wn};
8 // Update Si for T iterations;
9 for t← 1 to T do

10 Learn {uw|w ∈ VD} from the input corpus D
and the up-to-date representative terms
S1, ...,S|C| according to Eq. (1);

11 scoreG(w|Si) and scoreL(w|Si)← Eq. (5);
12 score(w|Si)← Eq. (6);
13 S1, ...,S|C| ← ∅;
14 for n← 1 to (t+ 1)N do
15 for i← 1 to |C| do
16 Si ← Eq. (7);
17 Return (S1, ...,S|C|);

ensemble score). In experiment, we set ρ = 0.1
and show it outperforms MRR (i.e., ρ = 1) in our
topic discovery task.

After computing the ensemble score score(w|Si)
for each w, we update Si. To guarantee that each
Si is category-discriminative, we do not allow any
term to belong to more than one category. There-
fore, we gradually expand each Si by turns. At the
beginning, we reset S1 = ... = S|C| = ∅. When it
is Si’s turn, we add one term Si according to the
following criterion:

Si ← Si ∪ { argmax
w∈VD\(S1∪...∪S|C|)

score(w|Si)}. (7)

3.4 Overall Framework
We summarize the entire SEETOPIC framework in
Algorithm 1. To deal with out-of-vocabulary cat-
egory names, we first utilize a PLM to find their
nearest in-vocabulary terms as the initial category-
discriminative term set Si (Lines 1-7). After ini-
tialization, |Si| = N (∀1 ≤ i ≤ |C|). Note that
for an in-vocabulary category name ci ∈ VD, itself
will be added to the initial Si as the top-1 similar
in-vocabulary term.

After getting the initial Si, we update it by T it-
erations (Lines 8-16). At each iteration, according
to the up-to-date S1,S2, ...,S|C|, we relearn embed-
dings uw, vw, vd, and vci using Eq. (1) (Line 10).
The two set of embeddings, {ew|w ∈ C ∪ VD}
(computed at Line 1) and {uw|w ∈ VD} (up-
dated at Line 10), are then leveraged to perform
ensemble ranking (Lines 11-12). Based on the
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ensemble score score(w|Si), we update Si using
Eq. (7) (Lines 13-16). After the t-th iteration,
|Si| = (t+ 1)N (∀1 ≤ i ≤ |C|).
Complexity Analysis. The time complexity of
using the PLM is O((|C| + |VD|)αPLM), where
αPLM is the complexity of encoding one term via
the PLM. The total complexity of local embed-
ding isO(TλD(h+|C|)b) because in each iteration
1 ≤ t ≤ T , every w ∈ D interacts with every other
term in the context window of size h, its belong-
ing document, and each category ci ∈ C, and each
update involves b negative samples. The total com-
plexity of ensemble ranking is O(T |VD||C||Si|) as
in each iteration 1 ≤ t ≤ T , we compute scores
between each w ∈ VD and each w′ ∈ Si (∀ci ∈ C).

4 Experiments

4.1 Experimental Setup
Datasets. We conduct experiments on three pub-
lic datasets from different domains: (1) SciDocs
(Cohan et al., 2020)4 is a large collection of sci-
entific papers supporting diverse evaluation tasks.
For the MeSH classification task (Coletti and Ble-
ich, 2001), about 23K medical papers are collected,
each of which is assigned to one of the 11 common
disease categories derived from the MeSH vocabu-
lary. We use the title and abstract of each paper as
documents and the 11 category names as seeds. (2)
Amazon (McAuley and Leskovec, 2013)5 contains
product reviews from May 1996 to July 2014. Each
Amazon review belongs to one or more product cat-
egories. We use the subset sampled by Zhang et al.
(2020, 2022), which contains 10 categories and
100K reviews. (3) Twitter (Zhang et al., 2017)6

is a crawl of geo-tagged tweets in New York City
from August 2014 to November 2014. The dataset
collectors link these tweets with Foursquare’s POI
database and assign them to 9 POI categories. We
take these category names as input seeds.

Seeds used in the three datasets are shown in
Table 1. Dataset statistics are summarized in Ta-
ble 2. For all three datasets, we use AutoPhrase
(Shang et al., 2018)7 to perform phrase chunking
in the corpus, and we remove words and phrases
occurring less than 3 times.

Previous studies (Jagarlamudi et al., 2012; Meng
et al., 2020a) have tried some other datasets (e.g.,
RCV1, 20 Newsgroups, NYT, and Yelp). However,
the category names they use in these datasets are

4
https://github.com/allenai/scidocs

5
http://jmcauley.ucsd.edu/data/amazon/index.html

6
https://github.com/franticnerd/geoburst

7
https://github.com/shangjingbo1226/AutoPhrase

Table 2: Dataset Statistics.

Dataset SciDocs Amazon Twitter
#Documents 23,473 100,000 135,529

#In-vocabulary Terms
(After Phrase Chunking)

55,897 56,942 17,577

Avg Doc Length 239.8 119.0 6.7
#Seeds 11 10 9

#Out-of-vocabulary Seeds
(After Phrase Chunking)

5 6 7

all picked from in-vocabulary terms. Therefore,
we do not consider these datasets for evaluation in
our task settings.

Following (Sia et al., 2020), we adopt a 60-40
train-test split for all three datasets. The training
set is used as the input corpus D, and the testing
set is used for calculating topic coherence metrics
(see evaluation metrics for details).

Compared Methods. We compare our SEETOPIC
framework with the following methods, includ-
ing seed-guided topic modeling methods, seed-
guided embedding learning methods, and PLMs.
(1) SeededLDA (Jagarlamudi et al., 2012)8 is a
seed-guided topic modeling method. It improves
LDA by biasing topics to produce input seeds
and by biasing documents to select topics relevant
to the seeds they contain. (2) Anchored CorEx
(Gallagher et al., 2017)9 is a seed-guided topic
modeling method. It incorporates user-provided
seeds by balancing between compressing the in-
put corpus and preserving seed-related informa-
tion. (3) Labeled ETM (Dieng et al., 2020)10 is
an embedding-based topic modeling method. It in-
corporates distributed representation of each term.
Following (Meng et al., 2020a), we retrieve repre-
sentative terms according to their embedding sim-
ilarity with the category name. (4) CatE (Meng
et al., 2020a)11 is a seed-guided embedding learn-
ing method for discriminative topic discovery. It
takes category names as input and jointly learns
term embedding and specificity from the input cor-
pus. Category-discriminative terms are then se-
lected based on both embedding similarity with
the category and specificity. (5) BERT (Devlin
et al., 2019)12 is a PLM. Following Lines 1-7 in
Algorithm 1, we use BERT to encode each input
category name and each term to a vector, and then
perform similarity search to directly find all repre-

8
https://github.com/vi3k6i5/GuidedLDA

9
https://github.com/gregversteeg/corex_topic

10
https://github.com/adjidieng/ETM

11
https://github.com/yumeng5/CatE

12
https://huggingface.co/bert-base-uncased
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Table 3: NPMI, LCP, MACC, and Diversity of compared algorithms on three datasets. NPMI and LCP measure
topic coherence; MACC measures term accuracy; Diversity (abbreviated to Div.) measures topic diversity. Bold:
the highest score. Underline: the second highest score. ∗: significantly worse than SEETOPIC (p-value < 0.05).
∗∗: significantly worse than SEETOPIC (p-value < 0.01).

Methods
SciDocs Amazon Twitter

NPMI LCP MACC Div. NPMI LCP MACC Div. NPMI LCP MACC Div.
SeededLDA 0.056∗∗ -0.616 0.156∗∗ 0.451∗∗ 0.070∗∗ -0.753 0.147∗∗ 0.393∗∗ 0.013∗∗ -2.254∗∗ 0.195∗∗ 0.696∗∗

Anchored CorEx 0.106∗∗ -1.090∗∗ 0.264∗∗ 1.000 0.134∗∗ -0.982∗ 0.333∗∗ 1.000 0.090∗∗ -2.192∗∗ 0.233∗∗ 1.000
Labeled ETM 0.334∗ -0.775∗∗ 0.458∗∗ 0.961∗ 0.308∗∗ -1.051∗∗ 0.585∗∗ 1.000 0.305∗ -1.098∗∗ 0.268∗∗ 0.989

CatE 0.345∗ -0.725∗∗ 0.633∗∗ 1.000 0.317∗∗ -0.844∗∗ 0.856∗ 1.000 0.356 -0.827 0.483∗∗ 1.000
BERT 0.313∗∗ -0.841∗∗ 0.740∗∗ 0.891∗∗ 0.294∗∗ -1.093∗∗ 0.832∗∗ 1.000 0.313∗∗ -1.044∗∗ 0.627 0.944∗∗

BioBERT 0.309∗∗ -0.852∗∗ 0.938 0.982∗∗ – – – – – – – –
SEETOPIC-NoIter 0.341∗∗ -0.768∗∗ 0.887 1.000 0.322∗∗ -0.986∗∗ 0.892 1.000 0.318 -1.004∗∗ 0.618 1.000

SEETOPIC 0.358 -0.634 0.909 1.000 0.342 -0.696 0.904 1.000 0.320 -0.907 0.633 1.000

sentative terms. (6) BioBERT (Lee et al., 2020)13

is a PLM. It is used in the same way as BERT.
Since BioBERT is specifically trained for biomedi-
cal text mining tasks, we report its performance on
the SciDocs dataset only. (7) SEETOPIC-NoIter
is a variant of our SEETOPIC framework. In Algo-
rithm 1, after initialization (Lines 1-7), it executes
Lines 9-16 only once (i.e., T = 1) to find all repre-
sentative terms.

Here, all seed-guided topic modeling and em-
bedding baselines (i.e., SeededLDA, Anchored
CorEx, CatE, and Labeled ETM) can only take
in-vocabulary seeds as input. For a fair compar-
ison, we run Lines 1-7 in Algorithm 1 to get the
initial representative in-vocabulary terms for each
category, and input these terms as seeds into the
baselines. In other words, all compared methods
use BERT/BioBERT to initialize their term sets.

Evaluation Metrics. We evaluate topic discovery
results from three different angles: topic coherence,
term accuracy, and topic diversity.

(1) NPMI (Lau et al., 2014) is a standard metric in
topic modeling to measure topic coherence. Within
each topic, it calculates the normalized pointwise
mutual information for each pair of terms in Si.

NPMI =
1

|C|

|C|∑

i=1

1(|Si|
2

)
∑

wj ,wk∈Si

log
P (wj ,wk)

P (wj)P (wk)

− logP (wj , wk)
, (8)

where P (wj , wk) is the probability that wj and wk
co-occur in a document; P (wj) is the marginal
probability of wj .14

(2) LCP (Mimno et al., 2011) is another standard
metric to measure topic coherence. It calculates the
pairwise log conditional probability of top-ranked

13
https://huggingface.co/dmis-lab/biobert-v1.1

14When calculating Eqs. (8) and (9), to avoid log 0, we
use P (wj , wk) + ε and P (w) + ε to replace P (wj , wk) and
P (w), respectively, where ε = 1/|D|.

terms.

LCP =
1

|C|

|C|∑

i=1

1(|Si|
2

)
∑

wj ,wk∈Si
j<k

log
P (wj , wk)

P (wj)
. (9)

Note that PMI (Newman et al., 2010) is also a stan-
dard metric for topic coherence. We do observe
that SEETOPIC outperforms baselines in terms of
PMI in most cases. However, since our local em-
bedding step is implicitly optimizing a PMI-like
objective, we no longer use it as our evaluation
metric.

(3) MACC (Meng et al., 2020a) measures term ac-
curacy. It is defined as the proportion of retrieved
terms that actually belong to the corresponding
category according to the category name.

MACC =
1

|C|

|C|∑

i=1

1

|Si|
∑

wj∈Si

1(wj ∈ ci), (10)

where 1(wj ∈ ci) is the indicator function of
whether wj is relevant to category ci. MACC re-
quires human evaluation, so we invite five anno-
tators to perform independent annotation. The re-
ported MACC score is the average MACC of the
five annotators. A high inter-annotator agreement
is observed, with Fleiss’ kappa (Fleiss, 1971) being
0.856, 0.844, and 0.771 on SciDocs, Amazon, and
Twitter, respectively.

(4) Diversity (Dieng et al., 2020) measures the
mutual exclusivity of discovered topics. It is the
percentage of unique terms in all topics, which cor-
responds to our task requirement that each retrieved
term is discriminatively close to one category and
far from the others.

Diversity =
|⋃|C|

i=1 Si|∑|C|
i=1 |Si|

. (11)

Experiment Settings. We use BioBERT as the
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PLM on SciDocs, and BERT-base-uncased as the
PLM on Amazon and Twitter. The embedding
dimension of uw is 768 (the same as ew); the
number of negative samples b = 5. In ensem-
ble ranking, the length of the general/local ranking
list M = 100; the hyperparameter ρ in Eq. (6) is
set as 0.1; the number of iterations T = 4; after
each iteration, we increase the size of Si by N = 3.
We use the top-10 ranked terms in each topic for
final evaluation (i.e., |Si| = 10 in Eqs. (8)-(11)).
Experiments are run on Intel Xeon E5-2680 v2 @
2.80GHz and one NVIDIA GeForce GTX 1080.

4.2 Performance Comparison

Table 3 shows the performance of all methods. We
run each experiment 3 times with the average score
reported. To show statistical significance, we con-
duct a two-tailed unpaired t-test to compare SEE-
TOPIC and each baseline. (The performance of
BERT and BioBERT is deterministic according to
our usage. When comparing SEETOPIC with them,
we conduct a two-tailed Z-test instead.) The signif-
icance level is also marked in Table 3.

We have the following observations from Table
3. (1) Our SEETOPIC model performs consistently
well. In fact, it achieves the highest score in 8
columns and the second highest in the remaining 4
columns. (2) Classical seed-guided topic modeling
baselines (i.e., SeededLDA and Anchored CorEx)
perform not well in respect of NPMI (topic coher-
ence) and MACC (term accuracy). Embedding-
based topic discovery approaches (i.e., Labeled
ETM and CatE) make some progress, but they still
significantly underperform the PLM-empowered
SEETOPIC model on SciDocs and Amazon. (3)
SEETOPIC consistently performs better than SEE-
TOPIC-NoIter on all three datasets, indicating the
positive contribution of the proposed iterative pro-
cess. (4) SEETOPIC guarantees the mutual exclu-
sivity of S1, ...,S|C|. In comparison, SeededLDA,
Labeled ETM, and BERT cannot guarantee such
mutual exclusivity.
In-vocabulary vs. Out-of-vocabulary. Figure
1 compares the MACC scores of different seed-
guided topic discovery methods on in-vocabulary
categories and out-of-vocabulary categories. We
find that the performance improvement of SEE-
TOPIC upon baselines on out-of-vocabulary cat-
egories is larger than that on in-vocabulary ones.
For example, on Amazon, SEETOPIC underper-
forms CatE on in-vocabulary categories but outper-
forms CatE on out-of-vocabulary ones; on Twit-
ter, the gap between SEETOPIC and baselines be-
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Figure 1: MACC of seed-guided topic discovery meth-
ods on in-vocabulary categories and out-of-vocabulary
categories.
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Figure 2: Parameter study of SEETOPIC measured by
topic coherence.

comes much more evident on out-of-vocabulary
categories. Note that all baselines in Figure 1 do
not utilize the power of PLMs, so this observation
validates our claim that PLMs are helpful in tack-
ling out-of-vocabulary seeds.

4.3 Parameter Study
We study the effect of two important hyperparame-
ters: ρ (the hyperparameter in ensemble ranking)
and T (the number of iterations). We vary the
value of ρ in {0.1, 0.3, 0.5, 0.7, 0.9, 1} (SEETOPIC
uses ρ = 0.1 by default) and the value of T in
{1, 2, 3, 4, 5} (SEETOPIC uses T = 4 by default,
and SEETOPIC-NoIter is the case when T = 1).
Figure 2 shows the change of model performance
measured by NPMI and LCP.
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Table 4: Top-5 representative terms retrieved by different algorithms for three out-of-vocabulary categories from
SciDocs, Amazon, and Twitter. 3: at least 3 of the 5 annotators judge the term as relevant to the seed. 7: at most
2 of the 5 annotators judge the term as relevant to the seed.

Method Top-5 Representative Terms
Dataset: SciDocs, Category Name: hepatitis a/b/c/e

SeededLDA patients (7), treatment (7), placebo (7), study (7), group (7)
Anchored CorEx expression (7), gene (7), cells (7), genes (7), genetic (7)

Labeled ETM
hepatitis b virus hbv dna (3), serum hbv dna (3), serum alanine aminotransferase (7),

alanine aminotransferase alt (7), below detection limit (7)

CatE
chronic hepatitis b virus hbv infection (3), hepatitis b e antigen hbeag (3), hepatitis b virus hbv dna (3),

normal alanine aminotransferase (7), hbeag-negative chronic hepatitis b (3)

BioBERT
hepatitis b virus hbv dna (3), chronic hepatitis b virus hbv infection (3), hepatitis b e antigen hbeag (3),

hepatitis b virus hbv infection (3), chronic hepatitis c virus hcv (3)

SEETOPIC-NoIter
hepatitis b virus hbv dna (3), hepatitis b e antigen hbeag (3), chronic hepatitis b virus hbv infection (3),

hepatitis b surface antigen hbsag (3), hbeag-negative chronic hepatitis b (3)

SEETOPIC
chronic hepatitis b virus hbv infection (3), hbeag-negative chronic hepatitis b (3), hepatitis c virus hcv-infected (3),

hepatitis b virus hbv dna (3), chronic hepatitis c virus hcv (3)
Dataset: Amazon, Category Name: sports and outdoors

SeededLDA use (7), good (7), one (7), product (7), like (7)
Anchored CorEx sports (3), use (7), size (7), wear (7), fit (3)

Labeled ETM cars and tracks (3), tracks and cars (3), search options (7), championships (7), cool bosses (7)
CatE outdoorsmen (3), outdoor activities (3), cars and tracks (3), foot support (3), offers plenty (7)
BERT cars and tracks (3), outdoor activities (3), outdoorsmen (3), sports (3), sporting events (3)

SEETOPIC-NoIter outdoorsmen (3), outdoor activities (3), cars and tracks (3), indoor soccer (3), bike riding (3)
SEETOPIC canoeing (3), picnics (3), bike rides (3), bike riding (3), rafting (3)

Dataset: Twitter, Category Name: travel and transport
SeededLDA nyc (7), new york (7), line (3), high (7), time square (3)

Anchored CorEx new york (7), post photo (3), new (7), day (7), today (7)
Labeled ETM tourism (3), theview (3), file (7), morning view (3), gma (7)

CatE maritime (3), tourism (3), natural history (7), scenery (3), elevate (7)
BERT maritime (3), tourism (3), natural history (7), olive oil (7), baggage claim (3)

SEETOPIC-NoIter maritime (3), tourism (3), natural history (7), scenery (3), navy (7)
SEETOPIC wildlife (3), scenery (3), maritime (3), highlinepark (7), aquarium (3)

According to Figures 2(a) and 2(b), in most
cases, the performance of SEETOPIC deteriorates
as ρ increases from 0.1 to 0.9. Thus, setting ρ = 0.1
always leads to competitive NPMI and LCP scores
on the three datasets. Although ρ = 1 is better
than ρ = 0.9, its performance is still suboptimal in
comparison with ρ = 0.1. This finding indicates
that replacing the mean reciprocal rank (i.e., ρ = 1)
with our proposed Eq. (6) is reasonable. According
to Figures 2(c) and 2(d), SEETOPIC usually per-
forms better when there are more iterations. On
SciDocs and Twitter, the scores start to converge
after T = 4. Besides, more iterations will result
in longer running time. Overall, we believe setting
T = 4 strikes a good balance.

4.4 Case Study

Finally, we show the terms retrieved by different
methods as a case study. From each of the three
datasets, we select an out-of-vocabulary category
and show its topic discovery results in Table 4. We
mark a retrieved term as correct (3) if at least 3 of
the 5 annotators judge the term as relevant to the
seed. Otherwise, we mark the term as incorrect (7).

For the category “hepatitis a/b/c/e” from Sci-

Docs, SeededLDA and Anchored CorEx can only
find very general medical terms, which are relevant
to all seeds in SciDocs and thus inaccurate; Labeled
ETM and CatE find terms about “alanine amino-
transferase”, whose elevation suggest not only hep-
atitis but also other diseases like diabetes and heart
failure, thus not discriminative either; BioBERT
and SEETOPIC, with the power of a PLM, can ac-
curately pick terms relevant to “hepatitis b” and
“hepatitis c”. For the category “sports and out-
doors” from Amazon, SeededLDA and Anchored
CorEx again find very general terms, most of which
are not category-discriminative; Labeled ETM and
CatE are able to pick more specific terms such
as “cars and tracks”, but they still make mistakes;
BERT, as a PLM, can accurately find terms that
have lexical overlap with the category name (e.g.,
“outdoorsmen”, “sporting events”), meanwhile such
terms are less diverse; SEETOPIC-NoIter starts to
discover more concrete terms than BERT (e.g., “in-
door soccer”, “bike riding”) by leveraging local
text semantics; the full SEETOPIC model, with an
iterative updating process, can find more specific
and informative terms (e.g., “canoeing”, “picnics”,
and “rafting”). For the category “travel and trans-
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port” from Twitter, both BERT and CatE make
mistakes by including the term “natural history”;
SEETOPIC-NoIter, without an iterative update pro-
cess, also includes this error; the full SEETOPIC
model finally excludes this error and achieves the
highest accuracy in the retrieved top-5 terms among
all compared methods.

5 Related Work

Seed-Guided Topic Discovery. Seed-guided topic
models aim to leverage user-provided seeds to dis-
cover underlying topics according to users’ inter-
ests. Early studies take LDA (Blei et al., 2003)
as the backbone and incorporate seeds into model
learning. For example, Andrzejewski et al. (2009)
consider must-link and cannot-link constraints
among seeds as priors. SeededLDA (Jagarlamudi
et al., 2012) encourages topics to contain more
seeds and encourages documents to select topics
relevant to the seeds they contain. Anchored CorEx
(Gallagher et al., 2017) extracts maximally informa-
tive topics by jointly compressing the corpus and
preserving seed relevant information. Recent stud-
ies start to utilize embedding techniques to learn
better word semantics. For example, CatE (Meng
et al., 2020a) explicitly encourages distinction
among retrieved topics via category-name guided
embedding learning. However, all these models
require the provided seeds to be in-vocabulary,
mainly because they focus on the input corpus only
and are not equipped with general knowledge of
PLMs.
Embedding-Based Topic Discovery. A number
of studies extend LDA to involve word embed-
ding. The common strategy is to adapt distribu-
tions in LDA to generate real-valued data (e.g.,
Gaussian LDA (Das et al., 2015), LFTM (Nguyen
et al., 2015), Spherical HDP (Batmanghelich et al.,
2016), and CGTM (Xun et al., 2017b)). Some
other studies think out of the LDA backbone. For
example, TWE (Liu et al., 2015) uses topic struc-
tures to jointly learn topic embeddings and improve
word embeddings. CLM (Xun et al., 2017a) col-
laboratively improves topic modeling and word
embedding by coordinating global and local con-
texts. ETM (Dieng et al., 2020) models word-topic
correlations via word embeddings to improve the
expressiveness of topic models. More recently, Sia
et al. (2020) show that directly clustering word em-
beddings (e.g., word2vec or BERT) also generates
good topics; Thompson and Mimno (2020) further
find that BERT and GPT-2 discover high-quality
topics, but RoBERTa does not. These models are

unsupervised and hard to be applied to seed-guided
settings. In contrast, our SEETOPIC framework
joint leverages PLMs, word embeddings, and seed
information.

6 Conclusions and Future Work

In this paper, we study seed-guided topic discov-
ery in the presence of out-of-vocabulary seeds. To
understand and make use of in-vocabulary com-
ponents in each seed, we utilize the tokenization
and contextualization power of PLMs. We pro-
pose a seed-guided embedding learning framework
inspired by the goal of maximizing PMI in topic
modeling, and an iterative ensemble ranking pro-
cess to jointly leverage general knowledge of the
PLM and local signals learned from the input cor-
pus. Experimental results show that SEETOPIC
outperforms seed-guided topic discovery baselines
and PLMs in terms of topic coherence, term accu-
racy, and topic diversity. A parameter study and a
case study further validate some design choices in
SEETOPIC.

In the future, it would be interesting to extend
SEETOPIC to seed-guided hierarchical topic dis-
covery, where parent and child information in the
input category hierarchy may help infer the mean-
ing of out-of-vocabulary nodes.
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A The Embedding Learning Objective

In Section 3.2, we propose the following embed-
ding learning objective:

J =
∑

d∈D

∑

wi∈d

∑

wj∈C(wi,h)

exp(uTwivwj )∑
w′∈VD

exp(uTwivw′)

︸ ︷︷ ︸
Jcontext

+

∑

d∈D

∑

w∈d

exp(uTwvd)∑
d′∈D exp(uTwvd′)

︸ ︷︷ ︸
Jdocument

+

∑

ci∈C

∑

w∈Si

exp(uTwvci)∑
c′∈C exp(uTwvc′)

︸ ︷︷ ︸
Jcategory

.

(12)

Now we prove that maximizing J is implicitly
performing the factorization in Eq. (3).

Levy and Goldberg (2014) have proved that max-
imizing Jcontext is implicitly doing the following
factorization.

uTwivwj = log
( #D(wi, wj) · λD
#D(wi) ·#D(wj) · b

)
,

i.e., UT
wVw = Xww.

(13)

We follow their approach to consider the other two
terms Jdocument and Jcategory in Eq. (12). Using
the negative sampling strategy to rewriteJdocument,
we get
∑

w∈VD

∑

d∈D
#d(w)

(
log σ(uTwvd)+bEd′

[
log σ(−uTwvd′)

])
,

(14)

where σ(·) is the sigmoid function. Following
(Levy and Goldberg, 2014; Qiu et al., 2018), we
assume the negative sampling distribution ∝ λd.15

Then, the objective becomes
∑

w∈VD

∑

d∈D
#d(w) log σ(u

T
wvd) +

∑

w∈VD

#D(w)
∑

d′∈D

b · λd′
λD

log σ(−uTwvd′).
(15)

For a specific term-document pair (w, d), we con-
sider its effect in the objective:

Jw,d = #d(w) log σ(u
T
wvd)+#D(w)

b · λd
λD

log σ(−uTwvd).
(16)

Let xw,d = uTwvd. To maximize Jw,d, we should
have

0 =
∂Jw,d
∂xw,d

= #d(w)σ(−xw,d)− #D(w) · b · λd
λD

σ(xw,d).

(17)

15In practice, the negative sampling distribution ∝ λ
3/4
d ,

but related studies (Levy and Goldberg, 2014; Qiu et al., 2018)
usually assume a linear relationship in their derivation.
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That is,

e2xw,d−
( #d(w) · λD
#D(w) · b · λd

−1
)
exw,d− #d(w) · λD

#D(w) · b · λd
= 0.

(18)

Therefore, exw,d = −1 (which is invalid) or
exw,d = #d(w)·λD

#D(w)·b·λd . In other words,

uTwvd = xw,d = log
( #d(w) · λD
#D(w) · b · λd

)
,

i.e., UT
wVd = Xwd.

(19)

Similarly, for Jcategory, the objective can be
rewritten as

∑

w∈VD

∑

ci∈C
1w∈Si log σ(u

T
wvci) +

∑

w∈VD

1w∈S1∪...∪S|C|

∑

c′∈C

b

|C| log σ(−u
T
wvc′).

(20)

Following the derivation of Jdocument, we get

uTwvci = xw,ci = log
( 1w∈Si |C|

1w∈S1∪...∪S|C| · b
)
,

i.e., UT
wVci = Xwc.

(21)

Putting Eqs. (13), (19), and (21) together gives
us Eq. (3).

B The Ensemble Ranking Function

In Section 3.3, we propose the following ensemble
ranking function:

score(w|Si) =
(
1

2

( 1

rankG(w)

)ρ
+
1

2

( 1

rankL(w)

)ρ)1/ρ

.

(22)

Now we prove this ranking function is a general-
ization of the arithmetic mean reciprocal rank (i.e.,
MRR) and the geometric mean reciprocal rank:

lim
ρ→1

score(w|Si) = 1

2

( 1

rankG(w)
+

1

rankL(w)

)
;

lim
ρ→0

score(w|Si) =
( 1

rankG(w)
· 1

rankL(w)

)1/2
.

(23)

The case of ρ→ 1 is trivial. When ρ→ 0, we aim
to show that

lim
ρ→0

log score(w|Si) = log
( 1

rankG(w)
· 1

rankL(w)

)1/2
.

(24)

In fact, let rG = 1
rankG(w)

and rL = 1
rankL(w)

.

lim
ρ→0

log score(w|Si) = lim
ρ→0

log
(1
2
rρG +

1

2
rρL

)1/ρ

= lim
ρ→0

log
(
1
2
rρG + 1

2
rρL
)

ρ

= lim
ρ→0

1
2
r
ρ
G

log rG+ 1
2
r
ρ
L

log rL
1
2
r
ρ
G
+ 1

2
r
ρ
L

1

=
limρ→0

(
rρG log rG + rρL log rL

)

limρ→0

(
rρG + rρL

)

=
log rG + log rL

2

= log(rG · rL)1/2.
(25)

The third line is obtained by applying L’Hopital’s
rule.
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Abstract

Discovering latent topics from text corpora has
been studied for decades. Many existing topic
models adopt a fully unsupervised setting, and
their discovered topics may not cater to users’
particular interests due to their inability of
leveraging user guidance. Although there exist
seed-guided topic discovery approaches that
leverage user-provided seeds to discover topic-
representative terms, they are less concerned
with two factors: (1) the existence of out-of-
vocabulary seeds and (2) the power of pre-
trained language models (PLMs). In this paper,
we generalize the task of seed-guided topic
discovery to allow out-of-vocabulary seeds.
We propose a novel framework, named SEE-
TOPIC, wherein the general knowledge of
PLMs and the local semantics learned from the
input corpus can mutually benefit each other.
Experiments on three real datasets from differ-
ent domains demonstrate the effectiveness of
SEETOPIC in terms of topic coherence, accu-
racy, and diversity.1

1 Introduction

Automatically discovering informative and coher-
ent topics from massive text corpora is central to
text analysis through helping users efficiently di-
gest a large collection of documents (Griffiths and
Steyvers, 2004) and advancing downstream appli-
cations such as summarization (Wang et al., 2009,
2022), classification (Chen et al., 2015; Meng et al.,
2020b), and generation (Liu et al., 2021).

Unsupervised topic models have been the main-
stream approach to topic discovery since the pro-
posal of pLSA (Hofmann, 1999) and LDA (Blei
et al., 2003). Despite their encouraging perfor-
mance in finding informative latent topics, these
topics may not reflect user preferences well, mainly
due to their unsupervised nature. For example,
given a collection of product reviews, a user may
be specifically interested in product categories

1The code and datasets are available at
https://github.com/yuzhimanhua/SeeTopic.

Table 1: Three datasets (Cohan et al., 2020; McAuley
and Leskovec, 2013; Zhang et al., 2017) from different
domains and their topic categories (i.e., seeds). Red:
Seeds never seen in the corpus (i.e., out-of-vocabulary).
In all three datasets, a large proportion of seeds are out-
of-vocabulary.

Dataset Category Names (Seeds)

SciDocs
(Scientific

Papers)

cardiovascular diseases
chronic kidney disease

chronic respiratory diseases
diabetes mellitus

digestive diseases
hiv/aids

hepatitis a/b/c/e
mental disorders

musculoskeletal disorders
neoplasms (cancer)

neurological disorders

Amazon
(Product
Reviews)

apps for android
books

cds and vinyl
clothing, shoes and jewelry

electronics

health and personal care
home and kitchen

movies and tv
sports and outdoors

video games

Twitter
(Social
Media
Posts)

food
shop and service

travel and transport
college and university

nightlife spot

residence
outdoors and recreation
arts and entertainment

professional and other places

(e.g., “books”, “electronics”), but unsupervised
topic models may generate topics containing dif-
ferent sentiments (e.g., “good”, “bad”). To con-
sider users’ interests and needs, seed-guided topic
discovery approaches (Jagarlamudi et al., 2012;
Gallagher et al., 2017; Meng et al., 2020a) have
been proposed to find representative terms for each
category based on user-provided seeds or category
names.2 However, there are still two less concerned
factors in these approaches.

The Existence of Out-of-Vocabulary Seeds. Pre-
vious studies (Jagarlamudi et al., 2012; Gallagher
et al., 2017; Meng et al., 2020a) assume that all
user-provided seeds must be in-vocabulary (i.e.,
appear at least once in the input corpus), so that
they can utilize the occurrence statistics or Skip-
Gram embedding methods (Mikolov et al., 2013)
to model seed semantics. However, user-interested
categories can have specific or composite descrip-
tions, which may never appear in the corpus. Table
1 shows three datasets from different domains: sci-

2In this paper, we use “seeds” and “category names” inter-
changeably.
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entific papers, product reviews, and social media
posts. In each dataset, documents can belong to one
or more categories, and we list the category names
provided by the dataset collectors. These seeds
should reflect their particular interests. In all three
datasets, we have a large proportion of seeds (45%
in SciDocs, 60% in Amazon, and 78% in Twitter)
that never appear in the corpus. Some category
names are too specific (e.g., “chronic respiratory
diseases”, “nightlife spot”) to be exactly matched,
others are the composition of multiple entities (e.g.,
“hepatitis a/b/c/e”, “neoplasms (cancer)”, “clothing,
shoes and jewelry”).3

The Power of Pre-trained Language Models.
Techniques used in previous studies are mainly
based on LDA variants (Jagarlamudi et al., 2012) or
context-free embeddings (Meng et al., 2020a). Re-
cently, pre-trained language models (PLMs) such
as BERT (Devlin et al., 2019) have achieved signif-
icant improvement in a wide range of text mining
tasks. In topic discovery, the generic representation
power of PLMs learned from web-scale corpora
(e.g., Wikipedia or PubMed) may complement the
information a model can obtain from the input cor-
pus. Moreover, out-of-vocabulary seeds usually
have meaningful in-vocabulary components (e.g.,
“night” and “life” in “nightlife spot”, “health” and
“care” in “health and personal care”). The opti-
mized tokenization strategy of PLMs (Sennrich
et al., 2016; Wu et al., 2016) can help segment
the seeds into such meaningful components (e.g.,
“nightlife”→ “night” and “##life”), and the contex-
tualization power of PLMs can help infer the cor-
rect meaning of each component (e.g., “##life” and
“care”) in the category name. Therefore, PLMs are
much needed in handling out-of-vocabulary seeds
and effectively learning their semantics.

Contributions. Being aware of these two factors,
in this paper, we study seed-guided topic discovery
in the presence of out-of-vocabulary seeds. Our
proposed SEETOPIC framework consists of two
modules: (1) The general representation module

3One possible idea to deal with composite seeds is to split
them into multiple seeds. However, there are many possible
ways to express the conjunctions (e.g., “/”, “()”, “,” and “and”
in Table 1), which may require manual tuning. Besides, simple
chunking rules will induce splits that break the semantics
of the original composition (e.g., “professional and other
places” may be split into “professional” and “other places”).
Moreover, even after the split, some seeds are still out-of-
vocabulary. Therefore, we propose to use PLMs to tackle
out-of-vocabulary seeds in a unified way. In experiments, we
will show that our model is able to tackle composite seeds.
For example, given the seed “hepatitis a/b/c/e”, we can find
terms relevant to “hepatitis b” and “hepatitis c” (see Table 4).

uses a PLM to derive the representation of each
term (including out-of-vocabulary seeds) based on
the general linguistic knowledge acquired through
pre-training. (2) The seed-guided local representa-
tion module learns in-vocabulary term embeddings
specific to the input corpus and the given seeds.
In order to optimize the learned representations
for topic coherence, which is commonly reflected
by pointwise mutual information (PMI) (Newman
et al., 2010), our objective implicitly maximizes
the PMI between each word and its context, the
documents it appears, as well as the category it
belongs to. The learning of the two modules is
connected through an iterative ensemble ranking
process, in which the general knowledge of PLMs
and the term representations specifically learned
from the target corpus conditioned on the seeds can
complement each other.

To summarize, this study makes three contri-
butions. (1) Task: we propose to study seed-
guided topic discovery in the presence of out-of-
vocabulary seeds. (2) Framework: we design a uni-
fied framework that jointly models general knowl-
edge through PLMs and local corpus statistics
through embedding learning. (3) Experiment: ex-
tensive experiments on three datasets demonstrate
the effectiveness of SEETOPIC in terms of topic
coherence, accuracy, and diversity.

2 Problem Definition

As shown in Table 1, we assume a seed can be
either a single word or a phrase. Given a corpus D,
we use VD to denote the set of terms appearing in
D. In accordance with the assumption of category
names, each term can also be a single word or a
phrase. In practice, given a raw corpus, one can
use existing phrase chunking tools (Manning et al.,
2014; Shang et al., 2018) to detect phrases in it.
After phrase chunking, if a category name is still
not in VD, we define it as out-of-vocabulary.

Problem Definition. Given a corpus D =
{d1, ..., d|D|} and a set of category names C =
{c1, ..., c|C|} where some category names are out-
of-vocabulary, the task is to find a set of in-
vocabulary terms Si = {w1, ..., wS} ⊆ VD for
each category ci such that each term in Si is se-
mantically close to ci and far from other categories
cj (∀j 6= i).

3 The SEETOPIC Framework

In this section, we first introduce how we model
general and local text semantics using a PLM mod-
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ule and a seed-guided embedding learning module,
respectively. Then, we present the iterative ensem-
ble ranking process and our overall framework.

3.1 Modeling General Text Semantics using a
PLM

PLMs such as BERT (Devlin et al., 2019) aim to
learn generic language representations from web-
scale corpora (e.g., Wikipedia or PubMed) that
can be applied to a wide variety of text-related
applications. To transfer such general knowledge
to our topic discovery task, we employ a PLM to
encode each category name and each in-vocabulary
term to a vector. To be specific, given a term w ∈
C ∪VD, we input the sequence “[CLS] w [SEP]”
into the PLM. Here, w can be a phrase containing
multiple words, and each word can be out of the
PLM’s vocabulary. To deal with this, most PLMs
use a pre-trained tokenizer (Sennrich et al., 2016;
Wu et al., 2016) to segment each unseen word into
frequent subwords. Then, the contextualization
power of PLMs will help infer the correct meaning
of each word/subword, so as to provide a more
precise representation of the whole category.

After LM encoding, following (Sia et al., 2020;
Thompson and Mimno, 2020; Li et al., 2020), we
take the output of all tokens from the last layer and
average them to get the term embedding ew. In
this way, even if a seed ci is out-of-vocabulary,
we can still obtain its representation eci .

3.2 Modeling Local Text Semantics in the
Input Corpus

The motivation of topic discovery is to discover
latent topic structures from the input corpus. There-
fore, purely relying on general knowledge in the
PLM is insufficient because topic discovery results
should adapt to the input corpus D. Now, we in-
troduce how we learn another set of embeddings
{uw|w ∈ VD} from D.

Previous studies on embedding learning assume
that the semantic of a term is similar to its local
context (Mikolov et al., 2013), the document it
appears (Tang et al., 2015; Xun et al., 2017a), and
the category it belongs to (Meng et al., 2020a).
Inspired by these studies, we propose the following
embedding learning objective.

J =
∑

d∈D

∑

wi∈d

∑

wj∈C(wi,h)
p(wj |wi)

︸ ︷︷ ︸
context

+
∑

d∈D

∑

w∈d
p(d|w)

︸ ︷︷ ︸
document

+
∑

ci∈C

∑

w∈Si

p(ci|w)
︸ ︷︷ ︸

category

,
(1)

where

p(z|w) = exp(uTwvz)∑
z′ exp(u

T
wvz′)

, (z can be wj , d, or ci). (2)

In this objective, uwi (and vwj ), vd, vci are the
embedding vectors of terms, documents, and cate-
gories, respectively. C(wi, h) is the set of context
terms of wi in d. Specifically, if d = w1w2...wL,
then C(wi, h) = {wj |i − h ≤ j ≤ i + h, j 6= i},
where h is the context window size.

Note that the last term in Eq. (1) encourages
the similarity between each category ci and its rep-
resentative terms Si. Here, we adopt an iterative
process to gradually update category-representative
terms. Initially, Si consists of just a few in-
vocabulary terms similar to ci according to the
PLM. At each iteration, the size of Si will increase
to contain more category-discriminative terms (the
selection criterion of these terms will be introduced
in the next section), and we need to encourage their
proximity with ci in the next iteration.

Directly optimizing the full softmax in Eq. (2)
is costly. Therefore, we adopt the negative sam-
pling strategy (Mikolov et al., 2013) for efficient
approximation.

Interpreting the Objective. In topic modeling
studies, pointwise mutual information (PMI) (New-
man et al., 2010) is a standard evaluation metric
for topic coherence (Lau et al., 2014; Röder et al.,
2015). Levy and Goldberg (2014) prove that the
Skip-Gram embedding model is implicitly factoriz-
ing the PMI matrix. Following their proof, we can
show that maximizing Eq. (1) is implicitly doing
the following factorization:

UT
w[Vw;Vd;Vc] = [Xww;Xwd;Xwc], (3)

where the columns of Uw, Vw, Vd, Vc are uwi ,
vwj , vd, vci , respectively (wi, wj ∈ VD, d ∈ D,
ci ∈ C); Xww, Xwd, and Xwc are PMI matrices.

Xww =

[
log
( #D(wi, wj) · λD
#D(wi) ·#D(wj) · b

)]

wi,wj∈VD

,

Xwd =

[
log
( #d(w) · λD
#D(w) · λd · b

)]

w∈VD, d∈D
,

Xwc =
[
xw,ci

]
w∈VD, ci∈C , where

xw,ci =

{
log |C|

b
, if w ∈ Si,

−∞, if w ∈ Sj (∀j 6= i).

(4)

Here, #D(wi, wj) denotes the number of co-
occurrences of wi and wj in a context window in
D; #D(w) denotes the number of occurrences ofw
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in D; λD is the total number of terms in D; #d(w)
denotes the number of times w occurs in d; λd is
the total number of terms in d; b is the number of
negative samples. (For the derivation of Eq. (3),
please refer to Appendix A.)

To summarize, the learned local representations
uw are implicitly optimized for topic coherence,
where term co-occurrences are measured in context,
document, and category levels.

3.3 Ensemble Ranking

We have obtained two sets of term embeddings
that model text semantics from different angles:
{ew|w ∈ C ∪ VD} carries the PLM’s knowledge,
while {uw|w ∈ VD} models the input corpus as
well as user-provided seeds. We now propose an
ensemble ranking method to leverage information
from both sides to grab more discriminative terms
for each category.

Given a category ci and its current term set Si,
we first calculate the scores of each term w ∈ VD.

scoreG(w|Si) = 1

|Si|
∑

w′∈Si

cos(ew, ew′),

scoreL(w|Si) = 1

|Si|
∑

w′∈Si

cos(uw,uw′).

(5)

The subscript “G” here means “general”, while “L”
means “local”. Then, we sort all terms by these
two scores, respectively. Each term w will hence
get two rank positions rankG(w) and rankL(w).
We propose the following ensemble score based on
the reciprocal rank:

score(w|Si) =
(
1

2

( 1

rankG(w)

)ρ
+
1

2

( 1

rankL(w)

)ρ)1/ρ

.

(6)
Here, 0 < ρ ≤ 1 is a constant. In practice, in-
stead of ranking all terms in the vocabulary, we
only check the top-M results in the two ranking
lists. If a term w is not among the top-M ac-
cording to scoreG(w) (resp., scoreL(w)), we set
rankG(w) = +∞ (resp., rankL(w) = +∞). In
fact, when ρ = 1, Eq. (6) becomes the arith-
metic mean of the two reciprocal ranks 1

rankG(w)

and 1
rankL(w)

. This is essentially the mean recip-
rocal rank (MRR) commonly used in ensemble
ranking, where a high position in one ranking list
can largely compensate a low position in the other.
In contrast, when ρ → 0, Eq. (6) becomes the
geometric mean of the two reciprocal ranks (see
Appendix B), where two ranking lists both have
the “veto power” (i.e., a term needs to be ranked
as top-M in both ranking lists to obtain a non-zero

Algorithm 1: SEETOPIC

Input: A text corpus D = {d1, ..., d|D|}, a set of
seeds C = {c1, ..., c|C|}, and a PLM.

Output: (S1, ...,S|C|), where each Si is a set of
category-discriminative terms for ci.

1 Compute {ew|w ∈ C ∪ VD} using the PLM;
2 // Initialize Si;
3 S1, ...,S|C| ← ∅;
4 for n← 1 to N do
5 for i← 1 to |C| do
6 wn ← argmax

w∈VD\(S1∪...∪S|C|)
cos(ew, eci);

7 Si ← Si ∪ {wn};
8 // Update Si for T iterations;
9 for t← 1 to T do

10 Learn {uw|w ∈ VD} from the input corpus D
and the up-to-date representative terms
S1, ...,S|C| according to Eq. (1);

11 scoreG(w|Si) and scoreL(w|Si)← Eq. (5);
12 score(w|Si)← Eq. (6);
13 S1, ...,S|C| ← ∅;
14 for n← 1 to (t+ 1)N do
15 for i← 1 to |C| do
16 Si ← Eq. (7);
17 Return (S1, ...,S|C|);

ensemble score). In experiment, we set ρ = 0.1
and show it outperforms MRR (i.e., ρ = 1) in our
topic discovery task.

After computing the ensemble score score(w|Si)
for each w, we update Si. To guarantee that each
Si is category-discriminative, we do not allow any
term to belong to more than one category. There-
fore, we gradually expand each Si by turns. At the
beginning, we reset S1 = ... = S|C| = ∅. When it
is Si’s turn, we add one term Si according to the
following criterion:

Si ← Si ∪ { argmax
w∈VD\(S1∪...∪S|C|)

score(w|Si)}. (7)

3.4 Overall Framework
We summarize the entire SEETOPIC framework in
Algorithm 1. To deal with out-of-vocabulary cat-
egory names, we first utilize a PLM to find their
nearest in-vocabulary terms as the initial category-
discriminative term set Si (Lines 1-7). After ini-
tialization, |Si| = N (∀1 ≤ i ≤ |C|). Note that
for an in-vocabulary category name ci ∈ VD, itself
will be added to the initial Si as the top-1 similar
in-vocabulary term.

After getting the initial Si, we update it by T it-
erations (Lines 8-16). At each iteration, according
to the up-to-date S1,S2, ...,S|C|, we relearn embed-
dings uw, vw, vd, and vci using Eq. (1) (Line 10).
The two set of embeddings, {ew|w ∈ C ∪ VD}
(computed at Line 1) and {uw|w ∈ VD} (up-
dated at Line 10), are then leveraged to perform
ensemble ranking (Lines 11-12). Based on the
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ensemble score score(w|Si), we update Si using
Eq. (7) (Lines 13-16). After the t-th iteration,
|Si| = (t+ 1)N (∀1 ≤ i ≤ |C|).
Complexity Analysis. The time complexity of
using the PLM is O((|C| + |VD|)αPLM), where
αPLM is the complexity of encoding one term via
the PLM. The total complexity of local embed-
ding isO(TλD(h+|C|)b) because in each iteration
1 ≤ t ≤ T , every w ∈ D interacts with every other
term in the context window of size h, its belong-
ing document, and each category ci ∈ C, and each
update involves b negative samples. The total com-
plexity of ensemble ranking is O(T |VD||C||Si|) as
in each iteration 1 ≤ t ≤ T , we compute scores
between each w ∈ VD and each w′ ∈ Si (∀ci ∈ C).

4 Experiments

4.1 Experimental Setup
Datasets. We conduct experiments on three pub-
lic datasets from different domains: (1) SciDocs
(Cohan et al., 2020)4 is a large collection of sci-
entific papers supporting diverse evaluation tasks.
For the MeSH classification task (Coletti and Ble-
ich, 2001), about 23K medical papers are collected,
each of which is assigned to one of the 11 common
disease categories derived from the MeSH vocabu-
lary. We use the title and abstract of each paper as
documents and the 11 category names as seeds. (2)
Amazon (McAuley and Leskovec, 2013)5 contains
product reviews from May 1996 to July 2014. Each
Amazon review belongs to one or more product cat-
egories. We use the subset sampled by Zhang et al.
(2020, 2022), which contains 10 categories and
100K reviews. (3) Twitter (Zhang et al., 2017)6

is a crawl of geo-tagged tweets in New York City
from August 2014 to November 2014. The dataset
collectors link these tweets with Foursquare’s POI
database and assign them to 9 POI categories. We
take these category names as input seeds.

Seeds used in the three datasets are shown in
Table 1. Dataset statistics are summarized in Ta-
ble 2. For all three datasets, we use AutoPhrase
(Shang et al., 2018)7 to perform phrase chunking
in the corpus, and we remove words and phrases
occurring less than 3 times.

Previous studies (Jagarlamudi et al., 2012; Meng
et al., 2020a) have tried some other datasets (e.g.,
RCV1, 20 Newsgroups, NYT, and Yelp). However,
the category names they use in these datasets are

4
https://github.com/allenai/scidocs

5
http://jmcauley.ucsd.edu/data/amazon/index.html

6
https://github.com/franticnerd/geoburst

7
https://github.com/shangjingbo1226/AutoPhrase

Table 2: Dataset Statistics.

Dataset SciDocs Amazon Twitter
#Documents 23,473 100,000 135,529

#In-vocabulary Terms
(After Phrase Chunking)

55,897 56,942 17,577

Avg Doc Length 239.8 119.0 6.7
#Seeds 11 10 9

#Out-of-vocabulary Seeds
(After Phrase Chunking)

5 6 7

all picked from in-vocabulary terms. Therefore,
we do not consider these datasets for evaluation in
our task settings.

Following (Sia et al., 2020), we adopt a 60-40
train-test split for all three datasets. The training
set is used as the input corpus D, and the testing
set is used for calculating topic coherence metrics
(see evaluation metrics for details).

Compared Methods. We compare our SEETOPIC
framework with the following methods, includ-
ing seed-guided topic modeling methods, seed-
guided embedding learning methods, and PLMs.
(1) SeededLDA (Jagarlamudi et al., 2012)8 is a
seed-guided topic modeling method. It improves
LDA by biasing topics to produce input seeds
and by biasing documents to select topics relevant
to the seeds they contain. (2) Anchored CorEx
(Gallagher et al., 2017)9 is a seed-guided topic
modeling method. It incorporates user-provided
seeds by balancing between compressing the in-
put corpus and preserving seed-related informa-
tion. (3) Labeled ETM (Dieng et al., 2020)10 is
an embedding-based topic modeling method. It in-
corporates distributed representation of each term.
Following (Meng et al., 2020a), we retrieve repre-
sentative terms according to their embedding sim-
ilarity with the category name. (4) CatE (Meng
et al., 2020a)11 is a seed-guided embedding learn-
ing method for discriminative topic discovery. It
takes category names as input and jointly learns
term embedding and specificity from the input cor-
pus. Category-discriminative terms are then se-
lected based on both embedding similarity with
the category and specificity. (5) BERT (Devlin
et al., 2019)12 is a PLM. Following Lines 1-7 in
Algorithm 1, we use BERT to encode each input
category name and each term to a vector, and then
perform similarity search to directly find all repre-

8
https://github.com/vi3k6i5/GuidedLDA

9
https://github.com/gregversteeg/corex_topic

10
https://github.com/adjidieng/ETM

11
https://github.com/yumeng5/CatE

12
https://huggingface.co/bert-base-uncased
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Table 3: NPMI, LCP, MACC, and Diversity of compared algorithms on three datasets. NPMI and LCP measure
topic coherence; MACC measures term accuracy; Diversity (abbreviated to Div.) measures topic diversity. Bold:
the highest score. Underline: the second highest score. ∗: significantly worse than SEETOPIC (p-value < 0.05).
∗∗: significantly worse than SEETOPIC (p-value < 0.01).

Methods
SciDocs Amazon Twitter

NPMI LCP MACC Div. NPMI LCP MACC Div. NPMI LCP MACC Div.
SeededLDA 0.056∗∗ -0.616 0.156∗∗ 0.451∗∗ 0.070∗∗ -0.753 0.147∗∗ 0.393∗∗ 0.013∗∗ -2.254∗∗ 0.195∗∗ 0.696∗∗

Anchored CorEx 0.106∗∗ -1.090∗∗ 0.264∗∗ 1.000 0.134∗∗ -0.982∗ 0.333∗∗ 1.000 0.090∗∗ -2.192∗∗ 0.233∗∗ 1.000
Labeled ETM 0.334∗ -0.775∗∗ 0.458∗∗ 0.961∗ 0.308∗∗ -1.051∗∗ 0.585∗∗ 1.000 0.305∗ -1.098∗∗ 0.268∗∗ 0.989

CatE 0.345∗ -0.725∗∗ 0.633∗∗ 1.000 0.317∗∗ -0.844∗∗ 0.856∗ 1.000 0.356 -0.827 0.483∗∗ 1.000
BERT 0.313∗∗ -0.841∗∗ 0.740∗∗ 0.891∗∗ 0.294∗∗ -1.093∗∗ 0.832∗∗ 1.000 0.313∗∗ -1.044∗∗ 0.627 0.944∗∗

BioBERT 0.309∗∗ -0.852∗∗ 0.938 0.982∗∗ – – – – – – – –
SEETOPIC-NoIter 0.341∗∗ -0.768∗∗ 0.887 1.000 0.322∗∗ -0.986∗∗ 0.892 1.000 0.318 -1.004∗∗ 0.618 1.000

SEETOPIC 0.358 -0.634 0.909 1.000 0.342 -0.696 0.904 1.000 0.320 -0.907 0.633 1.000

sentative terms. (6) BioBERT (Lee et al., 2020)13

is a PLM. It is used in the same way as BERT.
Since BioBERT is specifically trained for biomedi-
cal text mining tasks, we report its performance on
the SciDocs dataset only. (7) SEETOPIC-NoIter
is a variant of our SEETOPIC framework. In Algo-
rithm 1, after initialization (Lines 1-7), it executes
Lines 9-16 only once (i.e., T = 1) to find all repre-
sentative terms.

Here, all seed-guided topic modeling and em-
bedding baselines (i.e., SeededLDA, Anchored
CorEx, CatE, and Labeled ETM) can only take
in-vocabulary seeds as input. For a fair compar-
ison, we run Lines 1-7 in Algorithm 1 to get the
initial representative in-vocabulary terms for each
category, and input these terms as seeds into the
baselines. In other words, all compared methods
use BERT/BioBERT to initialize their term sets.

Evaluation Metrics. We evaluate topic discovery
results from three different angles: topic coherence,
term accuracy, and topic diversity.

(1) NPMI (Lau et al., 2014) is a standard metric in
topic modeling to measure topic coherence. Within
each topic, it calculates the normalized pointwise
mutual information for each pair of terms in Si.

NPMI =
1

|C|

|C|∑

i=1

1(|Si|
2

)
∑

wj ,wk∈Si

log
P (wj ,wk)

P (wj)P (wk)

− logP (wj , wk)
, (8)

where P (wj , wk) is the probability that wj and wk
co-occur in a document; P (wj) is the marginal
probability of wj .14

(2) LCP (Mimno et al., 2011) is another standard
metric to measure topic coherence. It calculates the
pairwise log conditional probability of top-ranked

13
https://huggingface.co/dmis-lab/biobert-v1.1

14When calculating Eqs. (8) and (9), to avoid log 0, we
use P (wj , wk) + ε and P (w) + ε to replace P (wj , wk) and
P (w), respectively, where ε = 1/|D|.

terms.

LCP =
1

|C|

|C|∑

i=1

1(|Si|
2

)
∑

wj ,wk∈Si
j<k

log
P (wj , wk)

P (wj)
. (9)

Note that PMI (Newman et al., 2010) is also a stan-
dard metric for topic coherence. We do observe
that SEETOPIC outperforms baselines in terms of
PMI in most cases. However, since our local em-
bedding step is implicitly optimizing a PMI-like
objective, we no longer use it as our evaluation
metric.

(3) MACC (Meng et al., 2020a) measures term ac-
curacy. It is defined as the proportion of retrieved
terms that actually belong to the corresponding
category according to the category name.

MACC =
1

|C|

|C|∑

i=1

1

|Si|
∑

wj∈Si

1(wj ∈ ci), (10)

where 1(wj ∈ ci) is the indicator function of
whether wj is relevant to category ci. MACC re-
quires human evaluation, so we invite five anno-
tators to perform independent annotation. The re-
ported MACC score is the average MACC of the
five annotators. A high inter-annotator agreement
is observed, with Fleiss’ kappa (Fleiss, 1971) being
0.856, 0.844, and 0.771 on SciDocs, Amazon, and
Twitter, respectively.

(4) Diversity (Dieng et al., 2020) measures the
mutual exclusivity of discovered topics. It is the
percentage of unique terms in all topics, which cor-
responds to our task requirement that each retrieved
term is discriminatively close to one category and
far from the others.

Diversity =
|⋃|C|

i=1 Si|∑|C|
i=1 |Si|

. (11)

Experiment Settings. We use BioBERT as the
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PLM on SciDocs, and BERT-base-uncased as the
PLM on Amazon and Twitter. The embedding
dimension of uw is 768 (the same as ew); the
number of negative samples b = 5. In ensem-
ble ranking, the length of the general/local ranking
list M = 100; the hyperparameter ρ in Eq. (6) is
set as 0.1; the number of iterations T = 4; after
each iteration, we increase the size of Si by N = 3.
We use the top-10 ranked terms in each topic for
final evaluation (i.e., |Si| = 10 in Eqs. (8)-(11)).
Experiments are run on Intel Xeon E5-2680 v2 @
2.80GHz and one NVIDIA GeForce GTX 1080.

4.2 Performance Comparison

Table 3 shows the performance of all methods. We
run each experiment 3 times with the average score
reported. To show statistical significance, we con-
duct a two-tailed unpaired t-test to compare SEE-
TOPIC and each baseline. (The performance of
BERT and BioBERT is deterministic according to
our usage. When comparing SEETOPIC with them,
we conduct a two-tailed Z-test instead.) The signif-
icance level is also marked in Table 3.

We have the following observations from Table
3. (1) Our SEETOPIC model performs consistently
well. In fact, it achieves the highest score in 8
columns and the second highest in the remaining 4
columns. (2) Classical seed-guided topic modeling
baselines (i.e., SeededLDA and Anchored CorEx)
perform not well in respect of NPMI (topic coher-
ence) and MACC (term accuracy). Embedding-
based topic discovery approaches (i.e., Labeled
ETM and CatE) make some progress, but they still
significantly underperform the PLM-empowered
SEETOPIC model on SciDocs and Amazon. (3)
SEETOPIC consistently performs better than SEE-
TOPIC-NoIter on all three datasets, indicating the
positive contribution of the proposed iterative pro-
cess. (4) SEETOPIC guarantees the mutual exclu-
sivity of S1, ...,S|C|. In comparison, SeededLDA,
Labeled ETM, and BERT cannot guarantee such
mutual exclusivity.
In-vocabulary vs. Out-of-vocabulary. Figure
1 compares the MACC scores of different seed-
guided topic discovery methods on in-vocabulary
categories and out-of-vocabulary categories. We
find that the performance improvement of SEE-
TOPIC upon baselines on out-of-vocabulary cat-
egories is larger than that on in-vocabulary ones.
For example, on Amazon, SEETOPIC underper-
forms CatE on in-vocabulary categories but outper-
forms CatE on out-of-vocabulary ones; on Twit-
ter, the gap between SEETOPIC and baselines be-
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Figure 1: MACC of seed-guided topic discovery meth-
ods on in-vocabulary categories and out-of-vocabulary
categories.
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Figure 2: Parameter study of SEETOPIC measured by
topic coherence.

comes much more evident on out-of-vocabulary
categories. Note that all baselines in Figure 1 do
not utilize the power of PLMs, so this observation
validates our claim that PLMs are helpful in tack-
ling out-of-vocabulary seeds.

4.3 Parameter Study
We study the effect of two important hyperparame-
ters: ρ (the hyperparameter in ensemble ranking)
and T (the number of iterations). We vary the
value of ρ in {0.1, 0.3, 0.5, 0.7, 0.9, 1} (SEETOPIC
uses ρ = 0.1 by default) and the value of T in
{1, 2, 3, 4, 5} (SEETOPIC uses T = 4 by default,
and SEETOPIC-NoIter is the case when T = 1).
Figure 2 shows the change of model performance
measured by NPMI and LCP.

297



Table 4: Top-5 representative terms retrieved by different algorithms for three out-of-vocabulary categories from
SciDocs, Amazon, and Twitter. 3: at least 3 of the 5 annotators judge the term as relevant to the seed. 7: at most
2 of the 5 annotators judge the term as relevant to the seed.

Method Top-5 Representative Terms
Dataset: SciDocs, Category Name: hepatitis a/b/c/e

SeededLDA patients (7), treatment (7), placebo (7), study (7), group (7)
Anchored CorEx expression (7), gene (7), cells (7), genes (7), genetic (7)

Labeled ETM
hepatitis b virus hbv dna (3), serum hbv dna (3), serum alanine aminotransferase (7),

alanine aminotransferase alt (7), below detection limit (7)

CatE
chronic hepatitis b virus hbv infection (3), hepatitis b e antigen hbeag (3), hepatitis b virus hbv dna (3),

normal alanine aminotransferase (7), hbeag-negative chronic hepatitis b (3)

BioBERT
hepatitis b virus hbv dna (3), chronic hepatitis b virus hbv infection (3), hepatitis b e antigen hbeag (3),

hepatitis b virus hbv infection (3), chronic hepatitis c virus hcv (3)

SEETOPIC-NoIter
hepatitis b virus hbv dna (3), hepatitis b e antigen hbeag (3), chronic hepatitis b virus hbv infection (3),

hepatitis b surface antigen hbsag (3), hbeag-negative chronic hepatitis b (3)

SEETOPIC
chronic hepatitis b virus hbv infection (3), hbeag-negative chronic hepatitis b (3), hepatitis c virus hcv-infected (3),

hepatitis b virus hbv dna (3), chronic hepatitis c virus hcv (3)
Dataset: Amazon, Category Name: sports and outdoors

SeededLDA use (7), good (7), one (7), product (7), like (7)
Anchored CorEx sports (3), use (7), size (7), wear (7), fit (3)

Labeled ETM cars and tracks (3), tracks and cars (3), search options (7), championships (7), cool bosses (7)
CatE outdoorsmen (3), outdoor activities (3), cars and tracks (3), foot support (3), offers plenty (7)
BERT cars and tracks (3), outdoor activities (3), outdoorsmen (3), sports (3), sporting events (3)

SEETOPIC-NoIter outdoorsmen (3), outdoor activities (3), cars and tracks (3), indoor soccer (3), bike riding (3)
SEETOPIC canoeing (3), picnics (3), bike rides (3), bike riding (3), rafting (3)

Dataset: Twitter, Category Name: travel and transport
SeededLDA nyc (7), new york (7), line (3), high (7), time square (3)

Anchored CorEx new york (7), post photo (3), new (7), day (7), today (7)
Labeled ETM tourism (3), theview (3), file (7), morning view (3), gma (7)

CatE maritime (3), tourism (3), natural history (7), scenery (3), elevate (7)
BERT maritime (3), tourism (3), natural history (7), olive oil (7), baggage claim (3)

SEETOPIC-NoIter maritime (3), tourism (3), natural history (7), scenery (3), navy (7)
SEETOPIC wildlife (3), scenery (3), maritime (3), highlinepark (7), aquarium (3)

According to Figures 2(a) and 2(b), in most
cases, the performance of SEETOPIC deteriorates
as ρ increases from 0.1 to 0.9. Thus, setting ρ = 0.1
always leads to competitive NPMI and LCP scores
on the three datasets. Although ρ = 1 is better
than ρ = 0.9, its performance is still suboptimal in
comparison with ρ = 0.1. This finding indicates
that replacing the mean reciprocal rank (i.e., ρ = 1)
with our proposed Eq. (6) is reasonable. According
to Figures 2(c) and 2(d), SEETOPIC usually per-
forms better when there are more iterations. On
SciDocs and Twitter, the scores start to converge
after T = 4. Besides, more iterations will result
in longer running time. Overall, we believe setting
T = 4 strikes a good balance.

4.4 Case Study

Finally, we show the terms retrieved by different
methods as a case study. From each of the three
datasets, we select an out-of-vocabulary category
and show its topic discovery results in Table 4. We
mark a retrieved term as correct (3) if at least 3 of
the 5 annotators judge the term as relevant to the
seed. Otherwise, we mark the term as incorrect (7).

For the category “hepatitis a/b/c/e” from Sci-

Docs, SeededLDA and Anchored CorEx can only
find very general medical terms, which are relevant
to all seeds in SciDocs and thus inaccurate; Labeled
ETM and CatE find terms about “alanine amino-
transferase”, whose elevation suggest not only hep-
atitis but also other diseases like diabetes and heart
failure, thus not discriminative either; BioBERT
and SEETOPIC, with the power of a PLM, can ac-
curately pick terms relevant to “hepatitis b” and
“hepatitis c”. For the category “sports and out-
doors” from Amazon, SeededLDA and Anchored
CorEx again find very general terms, most of which
are not category-discriminative; Labeled ETM and
CatE are able to pick more specific terms such
as “cars and tracks”, but they still make mistakes;
BERT, as a PLM, can accurately find terms that
have lexical overlap with the category name (e.g.,
“outdoorsmen”, “sporting events”), meanwhile such
terms are less diverse; SEETOPIC-NoIter starts to
discover more concrete terms than BERT (e.g., “in-
door soccer”, “bike riding”) by leveraging local
text semantics; the full SEETOPIC model, with an
iterative updating process, can find more specific
and informative terms (e.g., “canoeing”, “picnics”,
and “rafting”). For the category “travel and trans-
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port” from Twitter, both BERT and CatE make
mistakes by including the term “natural history”;
SEETOPIC-NoIter, without an iterative update pro-
cess, also includes this error; the full SEETOPIC
model finally excludes this error and achieves the
highest accuracy in the retrieved top-5 terms among
all compared methods.

5 Related Work

Seed-Guided Topic Discovery. Seed-guided topic
models aim to leverage user-provided seeds to dis-
cover underlying topics according to users’ inter-
ests. Early studies take LDA (Blei et al., 2003)
as the backbone and incorporate seeds into model
learning. For example, Andrzejewski et al. (2009)
consider must-link and cannot-link constraints
among seeds as priors. SeededLDA (Jagarlamudi
et al., 2012) encourages topics to contain more
seeds and encourages documents to select topics
relevant to the seeds they contain. Anchored CorEx
(Gallagher et al., 2017) extracts maximally informa-
tive topics by jointly compressing the corpus and
preserving seed relevant information. Recent stud-
ies start to utilize embedding techniques to learn
better word semantics. For example, CatE (Meng
et al., 2020a) explicitly encourages distinction
among retrieved topics via category-name guided
embedding learning. However, all these models
require the provided seeds to be in-vocabulary,
mainly because they focus on the input corpus only
and are not equipped with general knowledge of
PLMs.
Embedding-Based Topic Discovery. A number
of studies extend LDA to involve word embed-
ding. The common strategy is to adapt distribu-
tions in LDA to generate real-valued data (e.g.,
Gaussian LDA (Das et al., 2015), LFTM (Nguyen
et al., 2015), Spherical HDP (Batmanghelich et al.,
2016), and CGTM (Xun et al., 2017b)). Some
other studies think out of the LDA backbone. For
example, TWE (Liu et al., 2015) uses topic struc-
tures to jointly learn topic embeddings and improve
word embeddings. CLM (Xun et al., 2017a) col-
laboratively improves topic modeling and word
embedding by coordinating global and local con-
texts. ETM (Dieng et al., 2020) models word-topic
correlations via word embeddings to improve the
expressiveness of topic models. More recently, Sia
et al. (2020) show that directly clustering word em-
beddings (e.g., word2vec or BERT) also generates
good topics; Thompson and Mimno (2020) further
find that BERT and GPT-2 discover high-quality
topics, but RoBERTa does not. These models are

unsupervised and hard to be applied to seed-guided
settings. In contrast, our SEETOPIC framework
joint leverages PLMs, word embeddings, and seed
information.

6 Conclusions and Future Work

In this paper, we study seed-guided topic discov-
ery in the presence of out-of-vocabulary seeds. To
understand and make use of in-vocabulary com-
ponents in each seed, we utilize the tokenization
and contextualization power of PLMs. We pro-
pose a seed-guided embedding learning framework
inspired by the goal of maximizing PMI in topic
modeling, and an iterative ensemble ranking pro-
cess to jointly leverage general knowledge of the
PLM and local signals learned from the input cor-
pus. Experimental results show that SEETOPIC
outperforms seed-guided topic discovery baselines
and PLMs in terms of topic coherence, term accu-
racy, and topic diversity. A parameter study and a
case study further validate some design choices in
SEETOPIC.

In the future, it would be interesting to extend
SEETOPIC to seed-guided hierarchical topic dis-
covery, where parent and child information in the
input category hierarchy may help infer the mean-
ing of out-of-vocabulary nodes.
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A The Embedding Learning Objective

In Section 3.2, we propose the following embed-
ding learning objective:

J =
∑

d∈D

∑

wi∈d

∑

wj∈C(wi,h)

exp(uTwivwj )∑
w′∈VD

exp(uTwivw′)

︸ ︷︷ ︸
Jcontext

+

∑

d∈D

∑

w∈d

exp(uTwvd)∑
d′∈D exp(uTwvd′)

︸ ︷︷ ︸
Jdocument

+

∑

ci∈C

∑

w∈Si

exp(uTwvci)∑
c′∈C exp(uTwvc′)

︸ ︷︷ ︸
Jcategory

.

(12)

Now we prove that maximizing J is implicitly
performing the factorization in Eq. (3).

Levy and Goldberg (2014) have proved that max-
imizing Jcontext is implicitly doing the following
factorization.

uTwivwj = log
( #D(wi, wj) · λD
#D(wi) ·#D(wj) · b

)
,

i.e., UT
wVw = Xww.

(13)

We follow their approach to consider the other two
terms Jdocument and Jcategory in Eq. (12). Using
the negative sampling strategy to rewriteJdocument,
we get
∑

w∈VD

∑

d∈D
#d(w)

(
log σ(uTwvd)+bEd′

[
log σ(−uTwvd′)

])
,

(14)

where σ(·) is the sigmoid function. Following
(Levy and Goldberg, 2014; Qiu et al., 2018), we
assume the negative sampling distribution ∝ λd.15

Then, the objective becomes
∑

w∈VD

∑

d∈D
#d(w) log σ(u

T
wvd) +

∑

w∈VD

#D(w)
∑

d′∈D

b · λd′
λD

log σ(−uTwvd′).
(15)

For a specific term-document pair (w, d), we con-
sider its effect in the objective:

Jw,d = #d(w) log σ(u
T
wvd)+#D(w)

b · λd
λD

log σ(−uTwvd).
(16)

Let xw,d = uTwvd. To maximize Jw,d, we should
have

0 =
∂Jw,d
∂xw,d

= #d(w)σ(−xw,d)− #D(w) · b · λd
λD

σ(xw,d).

(17)

15In practice, the negative sampling distribution ∝ λ
3/4
d ,

but related studies (Levy and Goldberg, 2014; Qiu et al., 2018)
usually assume a linear relationship in their derivation.
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That is,

e2xw,d−
( #d(w) · λD
#D(w) · b · λd

−1
)
exw,d− #d(w) · λD

#D(w) · b · λd
= 0.

(18)

Therefore, exw,d = −1 (which is invalid) or
exw,d = #d(w)·λD

#D(w)·b·λd . In other words,

uTwvd = xw,d = log
( #d(w) · λD
#D(w) · b · λd

)
,

i.e., UT
wVd = Xwd.

(19)

Similarly, for Jcategory, the objective can be
rewritten as

∑

w∈VD

∑

ci∈C
1w∈Si log σ(u

T
wvci) +

∑

w∈VD

1w∈S1∪...∪S|C|

∑

c′∈C

b

|C| log σ(−u
T
wvc′).

(20)

Following the derivation of Jdocument, we get

uTwvci = xw,ci = log
( 1w∈Si |C|

1w∈S1∪...∪S|C| · b
)
,

i.e., UT
wVci = Xwc.

(21)

Putting Eqs. (13), (19), and (21) together gives
us Eq. (3).

B The Ensemble Ranking Function

In Section 3.3, we propose the following ensemble
ranking function:

score(w|Si) =
(
1

2

( 1

rankG(w)

)ρ
+
1

2

( 1

rankL(w)

)ρ)1/ρ

.

(22)

Now we prove this ranking function is a general-
ization of the arithmetic mean reciprocal rank (i.e.,
MRR) and the geometric mean reciprocal rank:

lim
ρ→1

score(w|Si) = 1

2

( 1

rankG(w)
+

1

rankL(w)

)
;

lim
ρ→0

score(w|Si) =
( 1

rankG(w)
· 1

rankL(w)

)1/2
.

(23)

The case of ρ→ 1 is trivial. When ρ→ 0, we aim
to show that

lim
ρ→0

log score(w|Si) = log
( 1

rankG(w)
· 1

rankL(w)

)1/2
.

(24)

In fact, let rG = 1
rankG(w)

and rL = 1
rankL(w)

.

lim
ρ→0

log score(w|Si) = lim
ρ→0

log
(1
2
rρG +

1

2
rρL

)1/ρ

= lim
ρ→0

log
(
1
2
rρG + 1

2
rρL
)

ρ

= lim
ρ→0

1
2
r
ρ
G

log rG+ 1
2
r
ρ
L

log rL
1
2
r
ρ
G
+ 1

2
r
ρ
L

1

=
limρ→0

(
rρG log rG + rρL log rL

)

limρ→0

(
rρG + rρL

)

=
log rG + log rL

2

= log(rG · rL)1/2.
(25)

The third line is obtained by applying L’Hopital’s
rule.
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Abstract

The rapid development of social networks, elec-
tronic commerce, mobile Internet, and other
technologies has influenced the growth of Web
data. Social media and Internet forums are valu-
able sources of citizens’ opinions, which can be
analyzed for community development and user
behavior analysis. Unfortunately, the scarcity
of resources (i.e., datasets or language mod-
els) has become a barrier to the development
of natural language processing applications in
low-resource languages. Thanks to the recent
growth of online forums and news platforms of
Swahili, we introduce two datasets of Swahili
in this paper: a pre-training dataset of approxi-
mately 105MB with 16M words and an anno-
tated dataset of 13K instances for the emotion
classification task. The emotion classification
dataset is manually annotated by two native
Swahili speakers. We pre-trained a new mono-
lingual language model for Swahili, namely
SwahBERT, using our collected pre-training
data, and tested it with four downstream tasks
including emotion classification. We found that
SwahBERT outperforms multilingual BERT, a
well-known existing language model, in almost
all downstream tasks.

1 Introduction

Nowadays, online social networking has revolu-
tionized interpersonal communication. The influ-
ence of social media in our everyday lives, at both
a personal and professional level, has led recent
studies to language analysis in social media (Zeng
et al., 2010). Especially, natural language process-
ing (NLP) tools are often used to analyze textual
data for various real-world applications; mining
social media for information about health (De Gen-
naro et al., 2020), diseases analysis (e.g., COVID-
19 (Gao et al., 2020), Ebola (Tran and Lee, 2016)),
identifying sentiment and emotion toward prod-
ucts and services, and developing dialog systems
(Zhou et al., 2020). Language models have recently

drawing much attention as they are known to be ef-
fective in many NLP tasks (e.g., text classification,
entailment, sequence labeling), but they commonly
require a huge amount of data for pre-training and
fine-tuning; some models are designed for few-shot
learning that does not require much labeled data
for fine-tuning, though they still require plenty of
pre-training data. As it is expensive and difficult
to get the labeled and unlabeled data, the majority
of the data are in high-resource languages (HRLs)
(e.g., English, Spanish). Unfortunately, other than
about 20 HRLs languages, approximately 7,000
low-resource languages (LRLs) in the world are
left behind, where most of LRLs are spoken and
little written (Magueresse et al., 2020). Africa and
India are the main hosts of LRLs, where some lan-
guages are spoken by more than 20 million people
(e.g., Hausa, Oromo, Zulu, and Swahili). As more
data on social media in LRLs, qualified datasets,
and publicly available language models will bring
many advantages in various fields, such as edu-
cation (Obiria, 2019), healthcare (de Las Heras-
Pedrosa et al., 2020), entertainment (Ahn et al.,
2013), and business.

Swahili, a Bantu language, is one of the two offi-
cial languages (the other being English) of the East
African countries such as Tanzania (Petzell, 2012),
Kenya, and Uganda. It has been widely spread
in African countries not only as a lingua franca
but also as a second or third language across the
African continent and broadly in education, admin-
istration, and media. With the rapid development
of social networks, electronic commerce, mobile
Internet, and other technologies, Swahili is also
spreading in online places that result in the growth
of Web data. For example, JamiiForum is a popular
online platform in Tanzania, and it provides a place
to discuss different issues, including political, busi-
ness, educational, and lifestyle; this means more
collected textual data of Swahili is available.

By making use of the online textual data of
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Swahili, there are several studies for different tasks
(e.g., sentiment classification (Obiria, 2019; Noor
and Turan, 2019; Seif, 2016), news classification
(David, 2020)). Recently, language models have
drawn much attention from the industry and aca-
demic world, as the language models brought much
better performance (e.g., accuracy) than other ex-
isting models. There are few studies that employed
the language models for Swahili: named entity
recognition (NER) (Adelani et al., 2021) and senti-
ment classification (Martin et al., 2021). Although
these studies have shown successful results, they
are limited in that they just borrow the language
models (e.g., multilingual Bidirectional Encoder
Representations from Transformer (mBERT) (De-
vlin et al., 2019), Cross-lingual Model-RoBERTA
(XLM-R) (Conneau et al., 2020)) pre-trained with
other resources (i.e., other languages); in other
words, their language models are pre-trained for
multiple languages but not dedicated for Swahili.
Although such multilingual language models have
shown great generalization power across multiple
languages, several studies (Bhattacharjee et al.,
2021; Tanvir et al., 2021; Vilares et al., 2021) re-
ported that the monolingual models often outper-
form these multilingual models. There was no
study that proposed a monolingual language model
for Swahili (i.e., Swahili-specific language model),
and the main reason is that Swahili is one of the
LRLs, so the existing studies commonly suffered
from lack of available data.

In this paper, we focus on the Swahili language.
To the best of our knowledge, this is the first study
that collects a pre-training dataset and uses it for
pre-training of the Swahili-specific language model.
We also provide a manually annotated dataset for
the emotion classification task. The contributions
are summarized as follows.

• Pre-training dataset: we collected Web data
from different sources (news sites and so-
cial discussion forums) for pre-training the
Swahili language model.

• Emotion dataset: we introduce a new Swahili
dataset for multi-label emotion classification
with six Ekman’s emotions: happy, surprise,
sadness, fear, anger, and disgust.

• Swahili language model: we pre-trained the
Swahili language model and compared its per-
formance with other language models on sev-
eral downstream tasks (e.g., emotion classifi-

cation, news classification, and named entity
recognition (NER)).

2 Background

Most African countries have minority languages
that are used by specific ethnic groups (approx.
158 in Tanzania 1). However they speak different
national and official languages of their countries,
including native and colonial that can be used in
public services such as education, politics, and the
media. Swahili is a Bantu language widely spo-
ken in sub-Saharan Africa and acts as the common
tongue for most East African (Lodhi, 1993; Amidu,
1995). Many Swahili vocabularies are derived from
loanwords, the vast majority from Arabic, but also
English, Hindi, Portuguese, and other Bantu lan-
guages 2. As the language grows, new formal and
informal vocabularies emerge. The formal vocabu-
laries are used in official documents, whereas the
informal vocabularies are mostly used by young
adults and on social media platforms (Momanyi,
2009).

Structurally, it is considered an agglutinative lan-
guage with polysemous features. Its morphology
depends on prefixes and suffixes which are sylla-
bles (Shikali et al., 2019). A single word is gen-
erated with morphemes (i.e., stem, prefixes, and
affixes) that will have corresponding inflectional
forms. Nouns are divided into classes on the basis
of their singular and plural prefixes. Despite its
popularity, a limited amount of textual data is avail-
able and it is one of the low-resource languages
(LRLs). Although there have been a few studies
that illustrate the value of NLP (Martin et al., 2021;
Obiria, 2019; Gelas et al., 2012), they commonly
suffered from the lack of available data.

2.1 Existing dataset of Swahili
To overcome the problem of limited language re-
source, they have been few datasets for different
tasks: new classification dataset, NER dataset, sen-
timent classification dataset, and emotion classifi-
cation dataset.

2.1.1 News classification dataset
This dataset 3 is created and shared by a data sci-
ence competition platform Zindi (David, 2020) . It
contains a total of 23,266 instances collected from
different news websites in Tanzania. There are 6

1https://www.tanzania.go.tz/home/pages/228
2https://en.wikipedia.org/wiki/Swahili_language
3https://zenodo.org/record/4300294?ref=hackernoon.com

304



categories of news: kitaifa (national), kimataifa (In-
ternational), biashara (finance), michezo (sports),
afya (health), and burudani (entertainment). The
amount of each category is 10,242 (national), 1,905
(International), 2,028 (finance), 859 (health), 6,003
(sports), and 2,229 (entertainment); so this dataset
is highly imbalanced. Kastanos and Martin (2021)
applied a deep learning model called Text Graph
Convolutional Network (Text GCN) on this dataset
and achieved an F1 score of 75.67% for the news
classification task.

2.1.2 Sentiment classification dataset

Obiria (2019) collected 886 posts from Twitter and
Facebook to analyze the student opinion in Kenyan
universities and achieved an accuracy of 83% on
binary classification task using support vector ma-
chine (SVM) (Hearst et al., 1998). Noor and Turan
(2019) extracted 1,087 Twitter texts about demone-
tization in Kenya and performed ternary sentiment
classification with Naive Bayes. They applied var-
ious feature extraction methods and obtained an
accuracy of 70.8%. Recently, Martin et al. (2021)
used a cross-lingual model, mBERT, to perform
binary sentiment classification on a social media
dataset that they manually annotated, and achieved
an accuracy of 87.59%. None of the above datasets
are publicly available.

2.1.3 Named entity recognition dataset

This dataset, namely MasakhaNER 4 (Adelani
et al., 2021), is created for ten African languages,
including Swahili. The news texts are collected
from local news sources and annotated using
ELISA tool (Lin et al., 2018) by native speakers
of each language. The dataset contains a total
of 3,006 instances and covers four entities: per-
sonal name (PER), location (LOC), organization
(ORG), and date & time (DATE) as inspired by
the English CoNLL-2003 corpus (Tjong Kim Sang
and De Meulder, 2003). The number of entities
of each type is 1,702 (PER), 2,842 (LOC), 960
(ORG), and 940 (DATE). They compared three
models (e.g., CNN-BiLSTM-CRF, mBERT, and
XLM-R) on the NER task, and mBERT and XLM-
R achieved 89.36% and 89.46% of an F1 score,
respectively.

4https://github.com/masakhane-io/masakhane-
ner/tree/main/data

2.2 Language models
Over the years, models for word representation
have been developed and have shown that they are
capable of capturing the semantics and syntactic
dependencies between words: Word2Vec (Mikolov
et al., 2013), Glove (Pennington et al., 2014), and
FastText (Bojanowski et al., 2017). As these mod-
els do not incorporate context of words, many
context-aware language models based on Trans-
former (Vaswani et al., 2017) were introduced (e.g.,
Bidirectional Encoder Representations from Trans-
former (BERT) (Devlin et al., 2019) and XLM-R
(Conneau et al., 2020)). These language models
are trainable with a monolingual or multilingual
dataset. For example, multilingual BERT (mBERT)
is trained with a dataset of 104 languages and a
shared vocabulary.

Although mBERT has shown its potential in
some previous work, several studies reported some
limitations of mBERT especially to LRLs: (1) the
limited scale of pre-training data (only Wikipedia
was used) (Conneau et al., 2020); (2) the small
vocabulary size for specific language (Wang et al.,
2019). To overcome that, XLM-RoBERTA mod-
ifies mBERT by increasing the amount of pre-
training data, which increases the shared vocab-
ulary between different languages. It provides
a strong improvement over mBERT, however, it
is outperformed by monolingual models (Tanvir
et al., 2021; Bhattacharjee et al., 2021) due to bet-
ter representation of morphological language such
as Swahili. This is a good improvement since the
model can learn morphological information. An-
other limitation is the nature of pre-training cor-
pora. Most available corpora are extracted from
Wikipedia, Bookcorpus, or news blogs which may
not be compatible with the task that covers multi-
domain such as social media data. In this work,
we collect our data from different sources across
several domains for our new language model.

3 Dataset

In this section we describe our collected dataset for
pre-training and the downstream task of emotion
classification. We open our datasets for future use
in various studies 5.

3.1 Pre-training dataset
The existing available corpora for Swahili are
very small, for example, the Open Super-large

5https://sites.google.com/view/swahbert/home
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Crawled Aggregated coRpus (OSCAR) database
contains about 25 megabytes of the corpus. Using
crawler tools, we scraped our own data from dif-
ferent sources such as news Web sites, forums, and
Wikipedia. The news Web sites include UN news 6,
Voice of America (VoA) 7, Deutsche Welle (DW)
8 and taifaleo 9. We collected data from JamiiFo-
rums, which is one of the most popular social media
websites in Tanzania founded in 2006. The forum
has provided a discussion platform for the public
to discuss different issues, including political, busi-
ness, educational, and lifestyle. Since JamiiForums
is a discussion platform, most of its contents are
either passages of information or short comments.
We collected the passages with more than four logi-
cally connected sentences. We removed URL links,
usernames, non-textual content (e.g., HTML tags)
and filtered out non-Swahili characters (e.g., Latin,
Chinese). The size of dataset is about 105MB with
16M words, where a sentence has an average of 27
subword tokens. Most of these platforms contain
data that range from 5 to 10 years. The contribution
(in percentage) of each source was taifaleo (39.4),
UN news (28.6), JamiiForum (10.2), Wikipedia
(9.5), VoA (7.2), and DW (5.1).

3.2 Emotion classification dataset

Existing non-Swahili datasets typically use anno-
tation schemes based on Ekman (Ekman, 1992),
Plutchik (Plutchik, 1980) or with multiple cate-
gories (Demszky et al., 2020). For example, there
are English datasets with multiple emotion cate-
gories: Affective Text (Strapparava and Mihalcea,
2007) with 11 categories, CrowdFlower with 14 cat-
egories, GoEmotions (Demszky et al., 2020) with
27 categories and others (Oberländer and Klinger,
2018). In this paper, to construct a new Swahili
dataset for emotion classification, we chose to use
6 emotion categories from Ekman’s (Ekman, 1992)
scheme: anger (hasira), surprise (mshangao), dis-
gust (machukizo), joy (furaha), fear (woga), and
sadness (huzuni). Our dataset is collected from two
source types: social media platforms of Swahili
and existing emotion datasets of English. The so-
cial media platforms include YouTube, JamiiFo-
rum 10 and Twitter The conversations and com-
ments on these platforms cover different topics,

6https://news.un.org/
7https://www.voaswahili.com/
8https://www.dw.com/sw/idhaa-ya-kiswahili/s-11588
9https://taifaleo.nation.co.ke/

10https://www.jamiiforums.com/

Item Value
# of examples 12,976
# of labels 7 (including ‘neutral’)

# of text per labels

joy: 2,439
disgust: 3,227
anger: 1,772
sadness: 2,339
fear: 1,116
surprise: 2,305
Neutral: 863

# of labels per examples
1: 92.09%
2: 7.45%
3: 0.46%

Ratio of source

Dailydialog: 13.26%
Emotion cause: 13.08%
ISEAR: 2.26%
Social media: 71.40%

Appx. ratio of taxonomy
Politics: 15%
social issues: 80%
pandemic: 5%

Table 1: Statistics of Emotion classification dataset.

such as politics, disease outbreaks, and aspects
of daily life. We reviewed the dataset and re-
moved profanity towards a specific person or eth-
nic group. For example, in the sentence ‘[name]
is very stupid, she doesn’t act like a leader at all,’
we replaced the target name with pronoun. We
also selected three existing English datasets with
relevant topic coverage and converted them into
Swahili using Google translator. The three datasets
include: (1) Dailydialog (Li et al., 2017) that re-
flects daily communication and covers various top-
ics about our daily life, (2) Emotion Cause (Ghazi
et al., 2015), and (3) ISEAR (Scherer and Wallbott,
1994) collected from participants from varying cul-
tural backgrounds who complete questionnaires
about their experiences and reactions. The Swahili
emotion texts obtained from the Google translator
were checked and corrected thoroughly by a native
Swahili speaker.

For the dataset collected from forums of Swahili,
two native Swahili speakers were assigned to anno-
tate the emotion labels. These speakers agreed to
the consent of serving as annotators and were given
an instruction of annotation. They were asked to
select one or multiple suitable emotion labels that
were expressed in the text, and labeled ‘neutral’ for
unsure texts. The statistics summary is presented
in Table 1. We also calculated annotator agree-
ment using Cohen’s kappa metric, which computes
a score of agreement level between two annota-
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tors who each classify N items into C mutually
exclusive categories. The scores for each label are
joy (0.835), disgust (0.845), anger (0.763), sadness
(0.733), fear (0.694), and surprise (0.806). Figure
1 is a heatmap that shows the degree of relation-
ship between emotions. The emotion pair with
high intensity (e.g. hasira (anger) and machukizo
(disgust)) has a positive correlation in multi-label
emotion.

Figure 1: Pearson correlation matrix for the multi-
emotion.

4 SwahBERT

With the collected dataset, we pre-trained the mono-
lingual BERT for Swahili, namely SwahBERT 11.
The SwahBERT basically has the same architecture
as the original BERT. This section describes the
process of pre-training and fine-tuning of Swah-
BERT.

4.1 Tokenizer

In mBERT, not all languages have equal content
size (Wu and Dredze, 2020), and some languages
are dominated; for example, Swahili is only less
than 1% of the approximately 120K vocabulary
of mBERT. Although it might benefit from high
resource languages as Swahili has the same typol-
ogy (word order) and many loanwords, it would
definitely be better to generate a Swahili-specific
tokenizer. That is, the multilingual tokenizer often
splits the words without considering morphological
boundaries (e.g., stem, prefixes, and suffixes), like
the sentence in Table 2, so the individual subword
units do not have a clear semantic meaning. Swahili
is morphologically rich language and polysynthetic
language; for example, a word alimpikia (cooked

11https://sites.google.com/view/swahbert/home

for) has a lexical morph {-pika}, four grammatical
morphs {a-,-li-, -m-, -i-} and two in the verb skele-
tal morphological frame which has the root {-pik-},
and bantu end vowel {-a} (Choge, 2018). In this
paper, to incorporate such linguistic complexity,
we try monolingual tokenizers for Swahili with dif-
ferent vocabulary sizes (e.g., 32K, 50K, and 70K)
using the WordPiece algorithm 12.

4.2 Training

SwahBERT has 12 encoder blocks and 768 hidden
units. We employ two unsupervised pre-training
tasks: Masked Language Modeling (MLM) and
Next Sentence Prediction (NSP) as described in
(Devlin et al., 2019). We conduct experiments by
varying the vocabulary size and number of training
and warmp steps. Following the pre-training pro-
cess of (Devlin et al., 2019), we pre-trained Swah-
BERT in two-phases: uncased was firstly trained
for 600K steps using an input length of 128, and
then further trained for an additional 200K steps
using an input length of 512. Cased models were
trained for 600K and 900K steps initially, and an ad-
ditional 200K and 100K steps in the second phase.
The batch size is 32 and 6 for the two-phases, re-
spectively, and the parameters were optimized us-
ing the Adam optimizer (Kingma and Ba, 2014)
with a warmup over the first 1% of the steps to a
peak learning rate of 1e-4.

Table 3 gives the results of pre-training, where
it took around 105 hours to complete all phases
using two GeForce GTX 1080 Ti GPUs. The best
result was obtained with a vocabulary size of 50K
for uncased models, while a vocabulary size of 32K
was the best for cased models. Compared to the
mBERT that has a vocabulary size of 119K, the
best vocabulary size of SwahBERT seems small.
This is consistent with the vocabulary sizes of other
monolingual BERT models; for example, 32K for
English, 50K for Estonian, and 30K for Dutch.
With the pre-trained models, we put an additional
layer on top of the models and fine-tuned them
in a supervised way with the labeled datasets for
downstream tasks.

5 Experiments

We tested our model on downstream tasks and com-
pared with other models. We put an additional
linear layer and an output layer on top of the pre-
trained language models, where all models are im-

12https://github.com/kwonmha/bert-vocab-builder
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Vocabulary Tokenization
mBERT wa ##nan ##chi wa ##nata ##raj ##ia fur ##sa ke ##dek ##ede

SwahBERT(32K) wananchi wanatarajia fursa ke ##de ##ke ##de
SwahBERT(50K) wananchi wanatarajia fursa kede ##ke ##de
SwahBERT(70K) wananchi wanatarajia fursa kedekede

Table 2: Tokenization of the sentence ‘Wananchi wanatarajia fursa kedekede ’ (Citizens expects more opportunity)
by using mBERT and SwahBERT tokenziers.

Steps vocab size MLM acc NSP acc loss
800K 32K (uncased) 73.37 99.50 1.1822
800K 50K (uncased) 76.54 99.67 1.0667
800K 70K (uncased) 73.38 100.0 1.2131
800K 32K (cased) 76.94 99.33 1.0562
1M 32K (cased) 73.81 98.17 1.2732

Table 3: Accuracy and loss of pre-training.

tasks Total Train Development Test
Emotion 12,976 9,732 1,297 1,947
News 23,266 18,612 2,327 2,327
Sentiment 7,107 5,330 710 1,067
NER 3,006 2,104 300 602

Table 4: The number of instances of the datasets of
downstream tasks.

plemented with HuggingFace PyTorch library. Dur-
ing the fine-tuning, the parameters are optimized
using the Adam optimizer (Kingma and Ba, 2014)
with an initial learning rate of 5e-5 and ϵ parameter
of 1e-8. The batch size was set to 32. Table 5 sum-
marizes the averaged F1 scores of language models
for different downstream tasks, where all language
models are with uncased vocabularies except for
SwahBERTcased. Except for the NER task, the
SwahBERT outperformed the mBERT for all tasks.
The statistic of the datasets is summarized in Table
4, where the emotion classification dataset is intro-
duced in this paper. Among the tasks, all models
achieved much better performance in the news clas-
sification task, and this might be explained by the
fact that the data source of this task is online news
documents that may have similar characteristics to
the pre-training dataset that is collected from on-
line forums. In the following subsections, detailed
results of each task will be described, where the
best scores were obtained from three independent
experiments.

5.1 Emotion Classification

We use our new dataset for this task and split the
dataset into training (75%), development (10%),

tasks SwahBERT SwahBERTcased mBERT
Emotion 64.46 64.77 60.52
News 90.90 89.90 89.73
Sentiment 70.94 71.12 67.20
NER 88.50 88.60 89.36

Table 5: F1 scores (%) of language models on down-
stream tasks, where NER indicates named entity recog-
nition.

and test (15%) sets. As shown in Table 5, there
is an improvement of 3.94% F1 score from Swah-
BERT (64.46) compared to mBERT (60.52). The
model exhibits the best performance on emotions
like joy (0.80), sadness (0.71), and surprise (0.68),
as exhibited in Table 6; this is consistent with the
fact that these emotions have a lower correlation
with other emotions, allowing the models to more
easily classify them. For the neutral (0.25) case,
we found that there were many instances of in-
complete or uncertain expressions, and this caused
confusion with other emotions. This is reasonable
as ‘neutral’ might not even exist because people
are always feeling something (Gasper et al., 2019).
For example, ‘Hivi aliyekudanganya hivyo nani?’
(who lied to you that anyway?) was predicted as
disgust, while ‘Nani aliyekudanganya?’ (who lied
to you?) was classified as neutral. As mentioned
in (Öhman et al., 2020), such uncertain texts are
usually not self-contained since they are reactions
to other posts; that is, the emotion will be different
whether we consider its context information or not.

Post: Vifo vya Corona kila kukicha (Corona
cases increases everyday) [sadness], <sad-
ness>
Com1: Acha tuu (Yeah...) [sadness], <neu-
tral>
Com2: Kila mtu anaongea lake.. (Everyone is
quick to talk what they wish) [disgust], <neu-
tral>
Com3: Popote, mimi na barakoa yangu (any-
where, with my mask) [fear], <neutral>
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SwahBERT mBERT
labels P R F1 P R F1

joy 0.88 0.73 0.80 0.74 0.71 0.72
anger 0.61 0.43 0.51 0.70 0.32 0.44

sadness 0.68 0.74 0.71 0.69 0.65 0.67
disgust 0.61 0.61 0.61 0.54 0.56 0.55
surprise 0.73 0.64 0.68 0.74 0.66 0.70

fear 0.65 0.61 0.63 0.65 0.56 0.60
neutral 0.30 0.22 0.25 0.33 0.11 0.16

Table 6: Results of emotion classification, where P, R,
and F1 indicate precision, recall, and F1 score, respec-
tively.

The annotators made the labels based on the
context, whereas the language models predicted
labels without the context, and this caused the per-
formance degradation. The example in the box
demonstrates how emotions can be affected by con-
textual information, where emotion with context
is represented in [emotion] and emotion of non-
context is <emotion>.

5.2 News Classification

We used the existing news classification dataset,
and it is split into three sets with a ra-
tio of 80%:10%:10% which is equivalent to
18,612:2,327:2,327 instances. As this dataset has
six news categories, this task is a classification on
six classes: kitaifa (national), kimataifa (Interna-
tional), biashara (finance), michezo (sports), afya
(health), and burudani (entertainment). Table 7
shows the results of SwahBERT and mBERT mod-
els. Compared to the existing study of (Kastanos
and Martin, 2021) that achieved 75.56% of F1 score
using graph convolutional networks (GCN), we ob-
served the improvement of 14.06% and 15.23% F1
scores with mBERT and SwahBERT, respectively.
The performance for the ‘health’ class is relatively
lower than others, and the reason might be the data
imbalance; the ‘health’ class has a much smaller
amount of instances than other classes, as described
in subsection 2.1.1.

5.3 Sentiment Classification

As there is no publicly available dataset for this
task, we used our emotion dataset by convert-
ing some emotion categories into three sentiment
classes: positive, negative, and neutral, where we
mapped ‘joy’ to positive, ‘disgust’ to negative, and
‘neutral’ was unchanged. For the neutral class, we
extracted additional instances from ‘surprise’ emo-

SwahBERT mBERT
labels P R F1 P R F1
national 0.91 0.92 0.92 0.91 0.91 0.91
sports 0.96 0.97 0.97 0.94 0.98 0.96
entert. 0.89 0.94 0.91 0.85 0.93 0.89
business 0.94 0.85 0.89 0.91 0.82 0.86
Internat. 0.90 0.89 0.90 0.91 0.84 0.88
health 0.50 0.41 0.45 0.47 0.44 0.45

Table 7: News classification results, where P, R, F1
indicate precision, recall and F1-score.

SwahBERT mBERT
labels P R F1 P R F1

negative 0.70 0.70 0.70 0.65 0.69 0.67
positive 0.82 0.83 0.82 0.75 0.82 0.79
neutral 0.59 0.60 0.59 0.58 0.48 0.53

Table 8: Sentiment classification results, where P, R, F1
indicate precision, recall, and F1 score.

tion because ‘surprise’ can be mapped mid-way
of negative and positive (Marmolejo-Ramos et al.,
2017). We split the dataset into three sets with ra-
tio 75%:10%:15% equivalent to 5,330:710:1,067.
Results are presented in Table 8. We found that
SwahBERT outperformed the mBERT with a gap
of 3-6% of F1 scores. As we observed in the re-
sults of the emotion classification task, the overall
performance of sentiment classification task for
the ‘neutral’ class was much lower than the other
classes.

5.4 Named Entity Recognition
We used MasakhaNER (Adelani et al., 2021)
dataset for this task, and it has 70%:10%:20% ratio
for training, development, and test set. As shown
in Table 5, we did not observe performance im-
provement of SwahBERT against the mBERT of
(Adelani et al., 2021). The biggest reason of this
will be the small size of the dataset compared to
other downstream tasks, as shown in Table 4. That
is, the small NER dataset was not enough for Swah-
BERT to learn the underlying patterns for NER
task, so there was no performance improvement
compared to the multilingual language model. We
believe that the NER performance of SwahBERT
will increase as we keep gathering more NER data.

6 Discussion

We constructed two datasets for the low-resource
Swahili language: for the downstream task of
emotion classification and pre-training of the new
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Figure 2: Histogram of downstream task datasets, where the x-axis represents vocabulary words of SwahBERT.

Swahili-specific BERT model. For pre-training
purposes, we managed to collect a corpus of about
105 MB. Although the size of our corpus is quite
smaller than that of rich-resource languages (e.g.,
English), the pre-trained SwahBERT has shown
great improvement on the downstream tasks. This
result is consistent with other previous studies. For
example, Micheli et al. (2020) found that well-
performing language models can be obtained with
a little size of corpora of 100MB. Similarly, in
(Martin et al., 2020), experimental results with the
language models pre-trained with the 4GB dataset
were comparable to those pre-trained with 138GB
dataset. However, we believe that plenty of qual-
ified datasets will help to increase the power of
language models.

As demonstrated in the experimental results,
SwahBERT is generally superior to mBERT in al-
most all downstream tasks. We believe that our tok-
enizer with Swahili vocabulary has the biggest con-
tribution to the results. The tokenizer of mBERT
works by sharing vocabulary over multiple lan-
guages, and this tokenizer tends to split the words
without taking into account morphological bound-
aries (e.g., stem, prefix, and postfix), as shown
in Table 2, even though Swahili is a morphologi-
cally rich language. The tokenizer of SwahBERT
accommodates most single words (e.g., wanatara-
jia (expects), fursa (opportunity)) as one and thus
helps the model to get better representation.

We examined the characteristics of the datasets
by frequency histograms of vocabulary words in the
same order as depicted in Figure 2. The emotion

Tasks Cosine similarity
News 98.616
NER 52.465
Emotion 84.445
Sentiment 81.543

Table 9: Similarity scores between pre-training dataset
and datasets of downstream tasks.

classification dataset and the sentiment classifica-
tion dataset have a similar curve of histogram, and
the NER dataset and the news classification dataset
seem similar to each other. This explains that
the language models (e.g., SwahBERT, mBERT)
achieved similar performance (e.g., 88.5% to 90.9%
F1 scores) for the news classification and NER
tasks, and similar performance (e.g., 60.52% to
71.12% F1 scores) for the emotion classification
and sentiment classification tasks. Another interest-
ing point is that SwahBERT showed no improve-
ment in the NER task compared to mBERT. The
main reason for this, of course, is the small amount
of NER dataset, but we further examined more de-
tails by similarity scores between the pre-training
dataset and downstream task datasets, as shown
in Table 9. The similarity score is computed us-
ing a cosine similarity function on word frequen-
cies in datasets. Note that the NER dataset has a
much lower score than others, which implies that
language models have a smaller chance to learn
linguistic patterns for the NER task. This can be
resolved if we collect more data for the NER task.
We also believe that collecting more qualified data
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for different tasks in low-resource languages (LRL)
will significantly contribute to various future NLP
applications (e.g., social network services, news
recommendations, etc.).

7 Conclusion

In this study, we introduced our pretraining corpus
and annotated dataset for the emotion classification
task. The emotion classification dataset contains
7 emotion classes, including neutral, and has ap-
proximately 13K instances. We also performed pre-
training of monolingual BERT for Swahili, namely
SwahBERT, and experimentally compared it with
the multilingual BERT (mBERT). The SwahBERT
outperformed the mBERT in almost all downstream
tasks, where the downstream tasks include emotion
classification, news classification, sentiment clas-
sification, and NER. Although SwahBERT exhib-
ited superior performance with a relatively smaller
pre-training corpus, a more qualified pre-training
corpus will definitely contribute to the develop-
ment of better language models. Therefore, with
the growth of the digital platforms for Swahili, we
will continue to use the available sources, including
native Swahili speakers as annotators, and collect
more data from different domains. We hope that
this study will facilitate the development of other
methodologies and pre-trained language models
(e.g., XLM-R) and also aid in social services (e.g.,
user emotion analysis on forum texts).
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Abstract

The rapid development of social networks, elec-
tronic commerce, mobile Internet, and other
technologies has influenced the growth of Web
data. Social media and Internet forums are valu-
able sources of citizens’ opinions, which can be
analyzed for community development and user
behavior analysis. Unfortunately, the scarcity
of resources (i.e., datasets or language mod-
els) has become a barrier to the development
of natural language processing applications in
low-resource languages. Thanks to the recent
growth of online forums and news platforms of
Swahili, we introduce two datasets of Swahili
in this paper: a pre-training dataset of approxi-
mately 105MB with 16M words and an anno-
tated dataset of 13K instances for the emotion
classification task. The emotion classification
dataset is manually annotated by two native
Swahili speakers. We pre-trained a new mono-
lingual language model for Swahili, namely
SwahBERT, using our collected pre-training
data, and tested it with four downstream tasks
including emotion classification. We found that
SwahBERT outperforms multilingual BERT, a
well-known existing language model, in almost
all downstream tasks.

1 Introduction

Nowadays, online social networking has revolu-
tionized interpersonal communication. The influ-
ence of social media in our everyday lives, at both
a personal and professional level, has led recent
studies to language analysis in social media (Zeng
et al., 2010). Especially, natural language process-
ing (NLP) tools are often used to analyze textual
data for various real-world applications; mining
social media for information about health (De Gen-
naro et al., 2020), diseases analysis (e.g., COVID-
19 (Gao et al., 2020), Ebola (Tran and Lee, 2016)),
identifying sentiment and emotion toward prod-
ucts and services, and developing dialog systems
(Zhou et al., 2020). Language models have recently

drawing much attention as they are known to be ef-
fective in many NLP tasks (e.g., text classification,
entailment, sequence labeling), but they commonly
require a huge amount of data for pre-training and
fine-tuning; some models are designed for few-shot
learning that does not require much labeled data
for fine-tuning, though they still require plenty of
pre-training data. As it is expensive and difficult
to get the labeled and unlabeled data, the majority
of the data are in high-resource languages (HRLs)
(e.g., English, Spanish). Unfortunately, other than
about 20 HRLs languages, approximately 7,000
low-resource languages (LRLs) in the world are
left behind, where most of LRLs are spoken and
little written (Magueresse et al., 2020). Africa and
India are the main hosts of LRLs, where some lan-
guages are spoken by more than 20 million people
(e.g., Hausa, Oromo, Zulu, and Swahili). As more
data on social media in LRLs, qualified datasets,
and publicly available language models will bring
many advantages in various fields, such as edu-
cation (Obiria, 2019), healthcare (de Las Heras-
Pedrosa et al., 2020), entertainment (Ahn et al.,
2013), and business.

Swahili, a Bantu language, is one of the two offi-
cial languages (the other being English) of the East
African countries such as Tanzania (Petzell, 2012),
Kenya, and Uganda. It has been widely spread
in African countries not only as a lingua franca
but also as a second or third language across the
African continent and broadly in education, admin-
istration, and media. With the rapid development
of social networks, electronic commerce, mobile
Internet, and other technologies, Swahili is also
spreading in online places that result in the growth
of Web data. For example, JamiiForum is a popular
online platform in Tanzania, and it provides a place
to discuss different issues, including political, busi-
ness, educational, and lifestyle; this means more
collected textual data of Swahili is available.

By making use of the online textual data of
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Swahili, there are several studies for different tasks
(e.g., sentiment classification (Obiria, 2019; Noor
and Turan, 2019; Seif, 2016), news classification
(David, 2020)). Recently, language models have
drawn much attention from the industry and aca-
demic world, as the language models brought much
better performance (e.g., accuracy) than other ex-
isting models. There are few studies that employed
the language models for Swahili: named entity
recognition (NER) (Adelani et al., 2021) and senti-
ment classification (Martin et al., 2021). Although
these studies have shown successful results, they
are limited in that they just borrow the language
models (e.g., multilingual Bidirectional Encoder
Representations from Transformer (mBERT) (De-
vlin et al., 2019), Cross-lingual Model-RoBERTA
(XLM-R) (Conneau et al., 2020)) pre-trained with
other resources (i.e., other languages); in other
words, their language models are pre-trained for
multiple languages but not dedicated for Swahili.
Although such multilingual language models have
shown great generalization power across multiple
languages, several studies (Bhattacharjee et al.,
2021; Tanvir et al., 2021; Vilares et al., 2021) re-
ported that the monolingual models often outper-
form these multilingual models. There was no
study that proposed a monolingual language model
for Swahili (i.e., Swahili-specific language model),
and the main reason is that Swahili is one of the
LRLs, so the existing studies commonly suffered
from lack of available data.

In this paper, we focus on the Swahili language.
To the best of our knowledge, this is the first study
that collects a pre-training dataset and uses it for
pre-training of the Swahili-specific language model.
We also provide a manually annotated dataset for
the emotion classification task. The contributions
are summarized as follows.

• Pre-training dataset: we collected Web data
from different sources (news sites and so-
cial discussion forums) for pre-training the
Swahili language model.

• Emotion dataset: we introduce a new Swahili
dataset for multi-label emotion classification
with six Ekman’s emotions: happy, surprise,
sadness, fear, anger, and disgust.

• Swahili language model: we pre-trained the
Swahili language model and compared its per-
formance with other language models on sev-
eral downstream tasks (e.g., emotion classifi-

cation, news classification, and named entity
recognition (NER)).

2 Background

Most African countries have minority languages
that are used by specific ethnic groups (approx.
158 in Tanzania 1). However they speak different
national and official languages of their countries,
including native and colonial that can be used in
public services such as education, politics, and the
media. Swahili is a Bantu language widely spo-
ken in sub-Saharan Africa and acts as the common
tongue for most East African (Lodhi, 1993; Amidu,
1995). Many Swahili vocabularies are derived from
loanwords, the vast majority from Arabic, but also
English, Hindi, Portuguese, and other Bantu lan-
guages 2. As the language grows, new formal and
informal vocabularies emerge. The formal vocabu-
laries are used in official documents, whereas the
informal vocabularies are mostly used by young
adults and on social media platforms (Momanyi,
2009).

Structurally, it is considered an agglutinative lan-
guage with polysemous features. Its morphology
depends on prefixes and suffixes which are sylla-
bles (Shikali et al., 2019). A single word is gen-
erated with morphemes (i.e., stem, prefixes, and
affixes) that will have corresponding inflectional
forms. Nouns are divided into classes on the basis
of their singular and plural prefixes. Despite its
popularity, a limited amount of textual data is avail-
able and it is one of the low-resource languages
(LRLs). Although there have been a few studies
that illustrate the value of NLP (Martin et al., 2021;
Obiria, 2019; Gelas et al., 2012), they commonly
suffered from the lack of available data.

2.1 Existing dataset of Swahili
To overcome the problem of limited language re-
source, they have been few datasets for different
tasks: new classification dataset, NER dataset, sen-
timent classification dataset, and emotion classifi-
cation dataset.

2.1.1 News classification dataset
This dataset 3 is created and shared by a data sci-
ence competition platform Zindi (David, 2020) . It
contains a total of 23,266 instances collected from
different news websites in Tanzania. There are 6

1https://www.tanzania.go.tz/home/pages/228
2https://en.wikipedia.org/wiki/Swahili_language
3https://zenodo.org/record/4300294?ref=hackernoon.com
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categories of news: kitaifa (national), kimataifa (In-
ternational), biashara (finance), michezo (sports),
afya (health), and burudani (entertainment). The
amount of each category is 10,242 (national), 1,905
(International), 2,028 (finance), 859 (health), 6,003
(sports), and 2,229 (entertainment); so this dataset
is highly imbalanced. Kastanos and Martin (2021)
applied a deep learning model called Text Graph
Convolutional Network (Text GCN) on this dataset
and achieved an F1 score of 75.67% for the news
classification task.

2.1.2 Sentiment classification dataset

Obiria (2019) collected 886 posts from Twitter and
Facebook to analyze the student opinion in Kenyan
universities and achieved an accuracy of 83% on
binary classification task using support vector ma-
chine (SVM) (Hearst et al., 1998). Noor and Turan
(2019) extracted 1,087 Twitter texts about demone-
tization in Kenya and performed ternary sentiment
classification with Naive Bayes. They applied var-
ious feature extraction methods and obtained an
accuracy of 70.8%. Recently, Martin et al. (2021)
used a cross-lingual model, mBERT, to perform
binary sentiment classification on a social media
dataset that they manually annotated, and achieved
an accuracy of 87.59%. None of the above datasets
are publicly available.

2.1.3 Named entity recognition dataset

This dataset, namely MasakhaNER 4 (Adelani
et al., 2021), is created for ten African languages,
including Swahili. The news texts are collected
from local news sources and annotated using
ELISA tool (Lin et al., 2018) by native speakers
of each language. The dataset contains a total
of 3,006 instances and covers four entities: per-
sonal name (PER), location (LOC), organization
(ORG), and date & time (DATE) as inspired by
the English CoNLL-2003 corpus (Tjong Kim Sang
and De Meulder, 2003). The number of entities
of each type is 1,702 (PER), 2,842 (LOC), 960
(ORG), and 940 (DATE). They compared three
models (e.g., CNN-BiLSTM-CRF, mBERT, and
XLM-R) on the NER task, and mBERT and XLM-
R achieved 89.36% and 89.46% of an F1 score,
respectively.

4https://github.com/masakhane-io/masakhane-
ner/tree/main/data

2.2 Language models
Over the years, models for word representation
have been developed and have shown that they are
capable of capturing the semantics and syntactic
dependencies between words: Word2Vec (Mikolov
et al., 2013), Glove (Pennington et al., 2014), and
FastText (Bojanowski et al., 2017). As these mod-
els do not incorporate context of words, many
context-aware language models based on Trans-
former (Vaswani et al., 2017) were introduced (e.g.,
Bidirectional Encoder Representations from Trans-
former (BERT) (Devlin et al., 2019) and XLM-R
(Conneau et al., 2020)). These language models
are trainable with a monolingual or multilingual
dataset. For example, multilingual BERT (mBERT)
is trained with a dataset of 104 languages and a
shared vocabulary.

Although mBERT has shown its potential in
some previous work, several studies reported some
limitations of mBERT especially to LRLs: (1) the
limited scale of pre-training data (only Wikipedia
was used) (Conneau et al., 2020); (2) the small
vocabulary size for specific language (Wang et al.,
2019). To overcome that, XLM-RoBERTA mod-
ifies mBERT by increasing the amount of pre-
training data, which increases the shared vocab-
ulary between different languages. It provides
a strong improvement over mBERT, however, it
is outperformed by monolingual models (Tanvir
et al., 2021; Bhattacharjee et al., 2021) due to bet-
ter representation of morphological language such
as Swahili. This is a good improvement since the
model can learn morphological information. An-
other limitation is the nature of pre-training cor-
pora. Most available corpora are extracted from
Wikipedia, Bookcorpus, or news blogs which may
not be compatible with the task that covers multi-
domain such as social media data. In this work,
we collect our data from different sources across
several domains for our new language model.

3 Dataset

In this section we describe our collected dataset for
pre-training and the downstream task of emotion
classification. We open our datasets for future use
in various studies 5.

3.1 Pre-training dataset
The existing available corpora for Swahili are
very small, for example, the Open Super-large

5https://sites.google.com/view/swahbert/home
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Crawled Aggregated coRpus (OSCAR) database
contains about 25 megabytes of the corpus. Using
crawler tools, we scraped our own data from dif-
ferent sources such as news Web sites, forums, and
Wikipedia. The news Web sites include UN news 6,
Voice of America (VoA) 7, Deutsche Welle (DW)
8 and taifaleo 9. We collected data from JamiiFo-
rums, which is one of the most popular social media
websites in Tanzania founded in 2006. The forum
has provided a discussion platform for the public
to discuss different issues, including political, busi-
ness, educational, and lifestyle. Since JamiiForums
is a discussion platform, most of its contents are
either passages of information or short comments.
We collected the passages with more than four logi-
cally connected sentences. We removed URL links,
usernames, non-textual content (e.g., HTML tags)
and filtered out non-Swahili characters (e.g., Latin,
Chinese). The size of dataset is about 105MB with
16M words, where a sentence has an average of 27
subword tokens. Most of these platforms contain
data that range from 5 to 10 years. The contribution
(in percentage) of each source was taifaleo (39.4),
UN news (28.6), JamiiForum (10.2), Wikipedia
(9.5), VoA (7.2), and DW (5.1).

3.2 Emotion classification dataset

Existing non-Swahili datasets typically use anno-
tation schemes based on Ekman (Ekman, 1992),
Plutchik (Plutchik, 1980) or with multiple cate-
gories (Demszky et al., 2020). For example, there
are English datasets with multiple emotion cate-
gories: Affective Text (Strapparava and Mihalcea,
2007) with 11 categories, CrowdFlower with 14 cat-
egories, GoEmotions (Demszky et al., 2020) with
27 categories and others (Oberländer and Klinger,
2018). In this paper, to construct a new Swahili
dataset for emotion classification, we chose to use
6 emotion categories from Ekman’s (Ekman, 1992)
scheme: anger (hasira), surprise (mshangao), dis-
gust (machukizo), joy (furaha), fear (woga), and
sadness (huzuni). Our dataset is collected from two
source types: social media platforms of Swahili
and existing emotion datasets of English. The so-
cial media platforms include YouTube, JamiiFo-
rum 10 and Twitter The conversations and com-
ments on these platforms cover different topics,

6https://news.un.org/
7https://www.voaswahili.com/
8https://www.dw.com/sw/idhaa-ya-kiswahili/s-11588
9https://taifaleo.nation.co.ke/

10https://www.jamiiforums.com/

Item Value
# of examples 12,976
# of labels 7 (including ‘neutral’)

# of text per labels

joy: 2,439
disgust: 3,227
anger: 1,772
sadness: 2,339
fear: 1,116
surprise: 2,305
Neutral: 863

# of labels per examples
1: 92.09%
2: 7.45%
3: 0.46%

Ratio of source

Dailydialog: 13.26%
Emotion cause: 13.08%
ISEAR: 2.26%
Social media: 71.40%

Appx. ratio of taxonomy
Politics: 15%
social issues: 80%
pandemic: 5%

Table 1: Statistics of Emotion classification dataset.

such as politics, disease outbreaks, and aspects
of daily life. We reviewed the dataset and re-
moved profanity towards a specific person or eth-
nic group. For example, in the sentence ‘[name]
is very stupid, she doesn’t act like a leader at all,’
we replaced the target name with pronoun. We
also selected three existing English datasets with
relevant topic coverage and converted them into
Swahili using Google translator. The three datasets
include: (1) Dailydialog (Li et al., 2017) that re-
flects daily communication and covers various top-
ics about our daily life, (2) Emotion Cause (Ghazi
et al., 2015), and (3) ISEAR (Scherer and Wallbott,
1994) collected from participants from varying cul-
tural backgrounds who complete questionnaires
about their experiences and reactions. The Swahili
emotion texts obtained from the Google translator
were checked and corrected thoroughly by a native
Swahili speaker.

For the dataset collected from forums of Swahili,
two native Swahili speakers were assigned to anno-
tate the emotion labels. These speakers agreed to
the consent of serving as annotators and were given
an instruction of annotation. They were asked to
select one or multiple suitable emotion labels that
were expressed in the text, and labeled ‘neutral’ for
unsure texts. The statistics summary is presented
in Table 1. We also calculated annotator agree-
ment using Cohen’s kappa metric, which computes
a score of agreement level between two annota-
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tors who each classify N items into C mutually
exclusive categories. The scores for each label are
joy (0.835), disgust (0.845), anger (0.763), sadness
(0.733), fear (0.694), and surprise (0.806). Figure
1 is a heatmap that shows the degree of relation-
ship between emotions. The emotion pair with
high intensity (e.g. hasira (anger) and machukizo
(disgust)) has a positive correlation in multi-label
emotion.

Figure 1: Pearson correlation matrix for the multi-
emotion.

4 SwahBERT

With the collected dataset, we pre-trained the mono-
lingual BERT for Swahili, namely SwahBERT 11.
The SwahBERT basically has the same architecture
as the original BERT. This section describes the
process of pre-training and fine-tuning of Swah-
BERT.

4.1 Tokenizer

In mBERT, not all languages have equal content
size (Wu and Dredze, 2020), and some languages
are dominated; for example, Swahili is only less
than 1% of the approximately 120K vocabulary
of mBERT. Although it might benefit from high
resource languages as Swahili has the same typol-
ogy (word order) and many loanwords, it would
definitely be better to generate a Swahili-specific
tokenizer. That is, the multilingual tokenizer often
splits the words without considering morphological
boundaries (e.g., stem, prefixes, and suffixes), like
the sentence in Table 2, so the individual subword
units do not have a clear semantic meaning. Swahili
is morphologically rich language and polysynthetic
language; for example, a word alimpikia (cooked

11https://sites.google.com/view/swahbert/home

for) has a lexical morph {-pika}, four grammatical
morphs {a-,-li-, -m-, -i-} and two in the verb skele-
tal morphological frame which has the root {-pik-},
and bantu end vowel {-a} (Choge, 2018). In this
paper, to incorporate such linguistic complexity,
we try monolingual tokenizers for Swahili with dif-
ferent vocabulary sizes (e.g., 32K, 50K, and 70K)
using the WordPiece algorithm 12.

4.2 Training

SwahBERT has 12 encoder blocks and 768 hidden
units. We employ two unsupervised pre-training
tasks: Masked Language Modeling (MLM) and
Next Sentence Prediction (NSP) as described in
(Devlin et al., 2019). We conduct experiments by
varying the vocabulary size and number of training
and warmp steps. Following the pre-training pro-
cess of (Devlin et al., 2019), we pre-trained Swah-
BERT in two-phases: uncased was firstly trained
for 600K steps using an input length of 128, and
then further trained for an additional 200K steps
using an input length of 512. Cased models were
trained for 600K and 900K steps initially, and an ad-
ditional 200K and 100K steps in the second phase.
The batch size is 32 and 6 for the two-phases, re-
spectively, and the parameters were optimized us-
ing the Adam optimizer (Kingma and Ba, 2014)
with a warmup over the first 1% of the steps to a
peak learning rate of 1e-4.

Table 3 gives the results of pre-training, where
it took around 105 hours to complete all phases
using two GeForce GTX 1080 Ti GPUs. The best
result was obtained with a vocabulary size of 50K
for uncased models, while a vocabulary size of 32K
was the best for cased models. Compared to the
mBERT that has a vocabulary size of 119K, the
best vocabulary size of SwahBERT seems small.
This is consistent with the vocabulary sizes of other
monolingual BERT models; for example, 32K for
English, 50K for Estonian, and 30K for Dutch.
With the pre-trained models, we put an additional
layer on top of the models and fine-tuned them
in a supervised way with the labeled datasets for
downstream tasks.

5 Experiments

We tested our model on downstream tasks and com-
pared with other models. We put an additional
linear layer and an output layer on top of the pre-
trained language models, where all models are im-

12https://github.com/kwonmha/bert-vocab-builder
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Vocabulary Tokenization
mBERT wa ##nan ##chi wa ##nata ##raj ##ia fur ##sa ke ##dek ##ede

SwahBERT(32K) wananchi wanatarajia fursa ke ##de ##ke ##de
SwahBERT(50K) wananchi wanatarajia fursa kede ##ke ##de
SwahBERT(70K) wananchi wanatarajia fursa kedekede

Table 2: Tokenization of the sentence ‘Wananchi wanatarajia fursa kedekede ’ (Citizens expects more opportunity)
by using mBERT and SwahBERT tokenziers.

Steps vocab size MLM acc NSP acc loss
800K 32K (uncased) 73.37 99.50 1.1822
800K 50K (uncased) 76.54 99.67 1.0667
800K 70K (uncased) 73.38 100.0 1.2131
800K 32K (cased) 76.94 99.33 1.0562
1M 32K (cased) 73.81 98.17 1.2732

Table 3: Accuracy and loss of pre-training.

tasks Total Train Development Test
Emotion 12,976 9,732 1,297 1,947
News 23,266 18,612 2,327 2,327
Sentiment 7,107 5,330 710 1,067
NER 3,006 2,104 300 602

Table 4: The number of instances of the datasets of
downstream tasks.

plemented with HuggingFace PyTorch library. Dur-
ing the fine-tuning, the parameters are optimized
using the Adam optimizer (Kingma and Ba, 2014)
with an initial learning rate of 5e-5 and ϵ parameter
of 1e-8. The batch size was set to 32. Table 5 sum-
marizes the averaged F1 scores of language models
for different downstream tasks, where all language
models are with uncased vocabularies except for
SwahBERTcased. Except for the NER task, the
SwahBERT outperformed the mBERT for all tasks.
The statistic of the datasets is summarized in Table
4, where the emotion classification dataset is intro-
duced in this paper. Among the tasks, all models
achieved much better performance in the news clas-
sification task, and this might be explained by the
fact that the data source of this task is online news
documents that may have similar characteristics to
the pre-training dataset that is collected from on-
line forums. In the following subsections, detailed
results of each task will be described, where the
best scores were obtained from three independent
experiments.

5.1 Emotion Classification

We use our new dataset for this task and split the
dataset into training (75%), development (10%),

tasks SwahBERT SwahBERTcased mBERT
Emotion 64.46 64.77 60.52
News 90.90 89.90 89.73
Sentiment 70.94 71.12 67.20
NER 88.50 88.60 89.36

Table 5: F1 scores (%) of language models on down-
stream tasks, where NER indicates named entity recog-
nition.

and test (15%) sets. As shown in Table 5, there
is an improvement of 3.94% F1 score from Swah-
BERT (64.46) compared to mBERT (60.52). The
model exhibits the best performance on emotions
like joy (0.80), sadness (0.71), and surprise (0.68),
as exhibited in Table 6; this is consistent with the
fact that these emotions have a lower correlation
with other emotions, allowing the models to more
easily classify them. For the neutral (0.25) case,
we found that there were many instances of in-
complete or uncertain expressions, and this caused
confusion with other emotions. This is reasonable
as ‘neutral’ might not even exist because people
are always feeling something (Gasper et al., 2019).
For example, ‘Hivi aliyekudanganya hivyo nani?’
(who lied to you that anyway?) was predicted as
disgust, while ‘Nani aliyekudanganya?’ (who lied
to you?) was classified as neutral. As mentioned
in (Öhman et al., 2020), such uncertain texts are
usually not self-contained since they are reactions
to other posts; that is, the emotion will be different
whether we consider its context information or not.

Post: Vifo vya Corona kila kukicha (Corona
cases increases everyday) [sadness], <sad-
ness>
Com1: Acha tuu (Yeah...) [sadness], <neu-
tral>
Com2: Kila mtu anaongea lake.. (Everyone is
quick to talk what they wish) [disgust], <neu-
tral>
Com3: Popote, mimi na barakoa yangu (any-
where, with my mask) [fear], <neutral>
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SwahBERT mBERT
labels P R F1 P R F1

joy 0.88 0.73 0.80 0.74 0.71 0.72
anger 0.61 0.43 0.51 0.70 0.32 0.44

sadness 0.68 0.74 0.71 0.69 0.65 0.67
disgust 0.61 0.61 0.61 0.54 0.56 0.55
surprise 0.73 0.64 0.68 0.74 0.66 0.70

fear 0.65 0.61 0.63 0.65 0.56 0.60
neutral 0.30 0.22 0.25 0.33 0.11 0.16

Table 6: Results of emotion classification, where P, R,
and F1 indicate precision, recall, and F1 score, respec-
tively.

The annotators made the labels based on the
context, whereas the language models predicted
labels without the context, and this caused the per-
formance degradation. The example in the box
demonstrates how emotions can be affected by con-
textual information, where emotion with context
is represented in [emotion] and emotion of non-
context is <emotion>.

5.2 News Classification

We used the existing news classification dataset,
and it is split into three sets with a ra-
tio of 80%:10%:10% which is equivalent to
18,612:2,327:2,327 instances. As this dataset has
six news categories, this task is a classification on
six classes: kitaifa (national), kimataifa (Interna-
tional), biashara (finance), michezo (sports), afya
(health), and burudani (entertainment). Table 7
shows the results of SwahBERT and mBERT mod-
els. Compared to the existing study of (Kastanos
and Martin, 2021) that achieved 75.56% of F1 score
using graph convolutional networks (GCN), we ob-
served the improvement of 14.06% and 15.23% F1
scores with mBERT and SwahBERT, respectively.
The performance for the ‘health’ class is relatively
lower than others, and the reason might be the data
imbalance; the ‘health’ class has a much smaller
amount of instances than other classes, as described
in subsection 2.1.1.

5.3 Sentiment Classification

As there is no publicly available dataset for this
task, we used our emotion dataset by convert-
ing some emotion categories into three sentiment
classes: positive, negative, and neutral, where we
mapped ‘joy’ to positive, ‘disgust’ to negative, and
‘neutral’ was unchanged. For the neutral class, we
extracted additional instances from ‘surprise’ emo-

SwahBERT mBERT
labels P R F1 P R F1
national 0.91 0.92 0.92 0.91 0.91 0.91
sports 0.96 0.97 0.97 0.94 0.98 0.96
entert. 0.89 0.94 0.91 0.85 0.93 0.89
business 0.94 0.85 0.89 0.91 0.82 0.86
Internat. 0.90 0.89 0.90 0.91 0.84 0.88
health 0.50 0.41 0.45 0.47 0.44 0.45

Table 7: News classification results, where P, R, F1
indicate precision, recall and F1-score.

SwahBERT mBERT
labels P R F1 P R F1

negative 0.70 0.70 0.70 0.65 0.69 0.67
positive 0.82 0.83 0.82 0.75 0.82 0.79
neutral 0.59 0.60 0.59 0.58 0.48 0.53

Table 8: Sentiment classification results, where P, R, F1
indicate precision, recall, and F1 score.

tion because ‘surprise’ can be mapped mid-way
of negative and positive (Marmolejo-Ramos et al.,
2017). We split the dataset into three sets with ra-
tio 75%:10%:15% equivalent to 5,330:710:1,067.
Results are presented in Table 8. We found that
SwahBERT outperformed the mBERT with a gap
of 3-6% of F1 scores. As we observed in the re-
sults of the emotion classification task, the overall
performance of sentiment classification task for
the ‘neutral’ class was much lower than the other
classes.

5.4 Named Entity Recognition
We used MasakhaNER (Adelani et al., 2021)
dataset for this task, and it has 70%:10%:20% ratio
for training, development, and test set. As shown
in Table 5, we did not observe performance im-
provement of SwahBERT against the mBERT of
(Adelani et al., 2021). The biggest reason of this
will be the small size of the dataset compared to
other downstream tasks, as shown in Table 4. That
is, the small NER dataset was not enough for Swah-
BERT to learn the underlying patterns for NER
task, so there was no performance improvement
compared to the multilingual language model. We
believe that the NER performance of SwahBERT
will increase as we keep gathering more NER data.

6 Discussion

We constructed two datasets for the low-resource
Swahili language: for the downstream task of
emotion classification and pre-training of the new
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Figure 2: Histogram of downstream task datasets, where the x-axis represents vocabulary words of SwahBERT.

Swahili-specific BERT model. For pre-training
purposes, we managed to collect a corpus of about
105 MB. Although the size of our corpus is quite
smaller than that of rich-resource languages (e.g.,
English), the pre-trained SwahBERT has shown
great improvement on the downstream tasks. This
result is consistent with other previous studies. For
example, Micheli et al. (2020) found that well-
performing language models can be obtained with
a little size of corpora of 100MB. Similarly, in
(Martin et al., 2020), experimental results with the
language models pre-trained with the 4GB dataset
were comparable to those pre-trained with 138GB
dataset. However, we believe that plenty of qual-
ified datasets will help to increase the power of
language models.

As demonstrated in the experimental results,
SwahBERT is generally superior to mBERT in al-
most all downstream tasks. We believe that our tok-
enizer with Swahili vocabulary has the biggest con-
tribution to the results. The tokenizer of mBERT
works by sharing vocabulary over multiple lan-
guages, and this tokenizer tends to split the words
without taking into account morphological bound-
aries (e.g., stem, prefix, and postfix), as shown
in Table 2, even though Swahili is a morphologi-
cally rich language. The tokenizer of SwahBERT
accommodates most single words (e.g., wanatara-
jia (expects), fursa (opportunity)) as one and thus
helps the model to get better representation.

We examined the characteristics of the datasets
by frequency histograms of vocabulary words in the
same order as depicted in Figure 2. The emotion

Tasks Cosine similarity
News 98.616
NER 52.465
Emotion 84.445
Sentiment 81.543

Table 9: Similarity scores between pre-training dataset
and datasets of downstream tasks.

classification dataset and the sentiment classifica-
tion dataset have a similar curve of histogram, and
the NER dataset and the news classification dataset
seem similar to each other. This explains that
the language models (e.g., SwahBERT, mBERT)
achieved similar performance (e.g., 88.5% to 90.9%
F1 scores) for the news classification and NER
tasks, and similar performance (e.g., 60.52% to
71.12% F1 scores) for the emotion classification
and sentiment classification tasks. Another interest-
ing point is that SwahBERT showed no improve-
ment in the NER task compared to mBERT. The
main reason for this, of course, is the small amount
of NER dataset, but we further examined more de-
tails by similarity scores between the pre-training
dataset and downstream task datasets, as shown
in Table 9. The similarity score is computed us-
ing a cosine similarity function on word frequen-
cies in datasets. Note that the NER dataset has a
much lower score than others, which implies that
language models have a smaller chance to learn
linguistic patterns for the NER task. This can be
resolved if we collect more data for the NER task.
We also believe that collecting more qualified data
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for different tasks in low-resource languages (LRL)
will significantly contribute to various future NLP
applications (e.g., social network services, news
recommendations, etc.).

7 Conclusion

In this study, we introduced our pretraining corpus
and annotated dataset for the emotion classification
task. The emotion classification dataset contains
7 emotion classes, including neutral, and has ap-
proximately 13K instances. We also performed pre-
training of monolingual BERT for Swahili, namely
SwahBERT, and experimentally compared it with
the multilingual BERT (mBERT). The SwahBERT
outperformed the mBERT in almost all downstream
tasks, where the downstream tasks include emotion
classification, news classification, sentiment clas-
sification, and NER. Although SwahBERT exhib-
ited superior performance with a relatively smaller
pre-training corpus, a more qualified pre-training
corpus will definitely contribute to the develop-
ment of better language models. Therefore, with
the growth of the digital platforms for Swahili, we
will continue to use the available sources, including
native Swahili speakers as annotators, and collect
more data from different domains. We hope that
this study will facilitate the development of other
methodologies and pre-trained language models
(e.g., XLM-R) and also aid in social services (e.g.,
user emotion analysis on forum texts).
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Abstract

Many scientific papers such as those in arXiv
and PubMed data collections have abstracts
with varying lengths of 50–1000 words and
average length of approximately 200 words,
where longer abstracts typically convey more
information about the source paper. Up to re-
cently, scientific summarization research has
typically focused on generating short, abstract-
like summaries following the existing datasets
used for scientific summarization. In domains
where the source text is relatively long-form,
such as in scientific documents, such summary
is not able to go beyond the general and coarse
overview and provide salient information from
the source document. The recent interest to
tackle this problem motivated curation of scien-
tific datasets, arXiv-Long and PubMed-Long,
containing human-written summaries of 400-
600 words, hence, providing a venue for re-
search in generating long/extended summaries.
Extended summaries facilitate a faster read
while providing details beyond coarse infor-
mation. In this paper, we propose TSTR, an
extractive summarizer that utilizes the introduc-
tory information of documents as pointers to
their salient information. The evaluations on
two existing large-scale extended summariza-
tion datasets indicate statistically significant
improvement in terms of ROUGE and average
ROUGE (F1) scores (except in one case) as
compared to strong baselines and state-of-the-
art. Comprehensive human evaluations favor
our generated extended summaries in terms of
cohesion and completeness.

1 Introduction

Over the past few years, summarization task has
witnessed a huge deal of progress in extractive (Nal-
lapati et al., 2017; Liu and Lapata, 2019; Yuan
et al., 2020; Cui et al., 2020; Jia et al., 2020; Feng
et al., 2018) and abstractive (See et al., 2017; Co-
han et al., 2018; Gehrmann et al., 2018; Zhang
et al., 2019; Tian et al., 2019; Zou et al., 2020)

[Introductory] Neural machine translation (@xcite), directly applying a
single neural network to transform the source sentence into the target
sentence, has now reached impressive performance (@xcite […] Motivated
by recent success in unsupervised cross-lingual embeddings (@xcite), the
models proposed for unsupervised NMT often assume that a pair of
sentences from two different languages can be mapped to a same latent
representation in a shared-latent space (@xcite) […] Although the shared
encoder is vital for mapping sentences from different languages into the
shared-latent space, it is weak in keeping the uniqueness and internal
characteristics of each language, such as the style, terminology and sentence
structure. […] For each language, the encoder and its corresponding
decoder perform an AE, where the encoder generates the latent
representations from the perturbed input sentences and the decoder
reconstructs the sentences from the latent representations. Experimental
results show that the proposed approach consistently achieves great success.

[Non-introductory] […] To further enforce the shared-latent space, we
train a discriminative neural network, referred to as the local discriminator,
to classify between the encoding of source sentences and the encoding of
target sentences. […] the shared encoder is weak in keeping the unique
characteristic of each language. This confirms our intuition that the shared
layers are vital to map the source and target latent representations to a
shared-latent space. […] This shows that the proposed model only trained
with monolingual data effectively learns to use the context information and
the internal structure of each language […] The models proposed recently
for unsupervised NMT use a single encoder to map sentences from different
languages to a shared-latent space. […] The experimental results reveal that
our approach achieves significant improvement and verify our conjecture
that the shared encoder is really a bottleneck for improving the
unsupervised NMT.

Figure 1: A truncated human-written extended sum-
mary. Top box: introductory information, bottom
box: non-introductory information. Colored spans are
pointers from introductory sentences to associated non-
introductory detailed sentences.

settings. Many scientific papers such as those in
arXiv and PubMed (Cohan et al., 2018) posses ab-
stracts of varying length, ranging from 50 to 1000
words and average length of approximately 200
words. While scientific paper summarization has
been an active research area, most works (Cohan
et al., 2018; Xiao and Carenini, 2019; Cui and Hu,
2021; Rohde et al., 2021) in this domain have fo-
cused on generating typical short and abstract-like
summaries (Chandrasekaran et al., 2020). Short
summaries might be adequate when the source text
is of short-form such as those in news domain;
however, to summarize longer documents such as
scientific papers, an extended summary including
400–600 terms on average, such as those found in
extended summarization datasets of arXiv-Long
and PubMed-Long, is more appealing as it conveys
more detailed information.
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Extended summary generation has been of re-
search interest very recently. Chandrasekaran
et al. (2020) motivated the necessity of generating
extended summaries through LongSumm shared
task 1. Long documents such as scientific papers
are usually framed in a specific structure. They start
by presenting general introductory information 2.
This introductory information is then followed by
supplemental information (i.e., non-introductory)
that explain the initial introductory information in
more detail. Similarly, as shown in Figure 1, this
pattern holds in a human-written extended sum-
mary of a long document, where the preceding sen-
tences (top box inside Figure 1) are introductory
sentences and succeeding sentences (bottom box
inside Figure 1) are explanations of the introduc-
tory sentences. In this study, we aim to guide the
summarization model to utilize the aforementioned
rationale in human-written summaries. We con-
sider introductory sentences as those that appear
in the first section of paper with headings such as
Introduction, Overview, Motivations, and so forth.
As such, all other parts of paper and their sentences
are considered as non-introductory (i.e., supple-
mentary). We use these definitions in the reminder
of this paper.

Herein, we approach the problem of extended
summary generation by incorporating the most
important introductory information into the sum-
marization model. We hypothesize that incorpo-
rating such information into the summarization
model guides the model to pick salient detailed
non-introductory information to augment the final
extended summary. The importance of the role
of introduction in the scientific papers was earlier
presented in (Teufel and Moens, 2002; Armağan,
2013; Jirge, 2017) where they showed such infor-
mation provides clues (i.e. pointers) to the objec-
tives and experiments of studies. Similarly, Boni
et al. (2020) conducted a study to show the impor-
tance of introduction part of scientific papers as
its relevance to the paper’s abstract. To validate
our hypothesis, we test the proposed approach on
two publicly available large-scale extended summa-
rization datasets, namely arXiv-Long and PubMed-
Long. Our experimental results improve over the
strong baselines and state-of-the-art models. In
short, the contributions of this work are as follows:

1https://ornlcda.github.io/SDProc/
sharedtasks.html

2We will exchangeably use (non-)introductory information
and (non-)introductory sentences in the rest of this paper.

• A novel multi-tasking approach that incorpo-
rates the salient introductory information into
the extractive summarizer to guide the model
in generating a 600-term (roughly) extended
summary of a long document, containing the
key detailed information of a scientific paper.

• Intrinsic evaluation that demonstrates statis-
tically significant improvements over strong
extractive and abstractive summarization base-
lines and state-of-the-art models.

• An extensive human evaluation which reveals
the advantage of the proposed model in terms
of cohesion and completeness.

2 Related Work

Summarizing scientific documents has gained a
huge deal of attention from researchers, although
it has been studied for decades. Neural efforts
in scientific text have used specific characteris-
tics of papers such as discourse structure (Cohan
et al., 2018; Xiao and Carenini, 2019) and citation
information (Qazvinian and Radev, 2008; Cohan
and Goharian, 2015, 2018) to aid summarization
model. While prior work has mostly covered the
generation of shorter-form summaries (approx. 200
terms), generating extended summaries of roughly
600 terms for long-form source documents such
as scientific papers has been motivated very re-
cently (Chandrasekaran et al., 2020).

The proposed models for the extended summary
generation task include jointly learning to predict
sentence importance and sentence section to ex-
tract top sentences (Sotudeh et al., 2020); utiliz-
ing section-contribution computations to pick sen-
tences from important section for forming the fi-
nal summary (Ghosh Roy et al., 2020); identify-
ing salient sections for generating abstractive sum-
maries (Gidiotis et al., 2020); ensembling of ex-
traction and abstraction models to form final sum-
mary (Ying et al., 2021); an extractive model with
TextRank algorithm equipped with BM25 as sim-
ilarity function (Kaushik et al., 2021); and incor-
porating sentences embeddings into graph-based
extractive summarizer in an unsupervised man-
ner (Ramirez-Orta and Milios, 2021). Unlike these
works, we do not exploit any sectional nor citation
information in this work. To the best of our knowl-
edge, we are the first at proposing the novel method
of utilizing introductory information of the scien-
tific paper to guide the model to learn to generate
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summary from the salient and related information.

3 Background: Contextualized language
models for summarization

Contextualized language models such as BERT (De-
vlin et al., 2019), and ROBERTA (Liu et al., 2019)
have achieved state-of-the-art performance on a
variety of downstream NLP tasks including text
summarization. Liu and Lapata (2019) were the
first to fine-tune a contextualized language model
(i.e., BERT) for the summarization task. They
proposed BERTSUM —a fine-tuning scheme for
text summarization— that outputs the sentence
representations of the source document (we use
the term source and source document interchange-
ably, referring to the entire document). The BERT-
SUMEXT model, which is built based on BERT-
SUM, was proposed for the extractive summariza-
tion task. It utilizes the representations produced
by BERTSUM, passes them through Transformers
encoder (Vaswani et al., 2017), and finally uses
a linear layer with Sigmoid function to compute
copying probabilities for each input sentence. For-
mally, let l1, l2, ..., ln be the binary tags over the
source sentences x = {sent1, sent2, ..., sentn} of
a long document, in which n is the number of sen-
tences in the paper. The BERTSUMEXT network
runs over the source documents as follows (Eq. 1),

hb = BertSum(x)

h = Encodert(hb)

p = σ(Woh+ bo)

(1)

where hb and h are the representations of source
sentences encoded by BERTSUM and Trasformers
encoder, respectively. Wo and bo are trainable pa-
rameters, and p is the probability distribution over
the source sentences, signifying extraction copy
likelihood. The goal of this network is to train a net-
work that can identify the positive sets of sentences
as the summary. To prevent the network from se-
lecting redundant sentences, BERTSUM uses Tri-
gram Blocking (Liu and Lapata, 2019) for sentence
selection in inference time. We refer the reader to
the main paper for more details.

4 TSTR: Intro-guided Summarization

In this section, we describe our methodology to
tackle the extended summary generation task. Our
approach exploits the introductory information 3.

3Introductory information is defined in Section 1

EXTENDED 

SUMMARY

SOURCE 

SENTENCES

INTRODUCTORY

SENTENCES

Figure 2: Our model uses introductory sentences as
pointers to the source sentences. It then forms the final
extended summary by extracting salient sentences from
the source. Highlights in red show the salient parts.

of the paper as pointers to salient sentences within
it, as shown in Figure 2. It is ultimately expected
that the extractive summarizer is guided to pick
salient sentences across the entire paper.

The detailed illustration of our model is shown
in Figure 3. To aid the extractive summarization
model (i.e., right-hand box in Figure 3) which takes
in source sentences of a scientific paper, we utilize
an additional BERTSUM encoder called Introduc-
tory encoder (left-hand box in Fig. 3) that receives
xintro = {sent1, sent2, ..., sentm}, withm being
the number of sentences in introductory section.
The aim of adding second encoder in this frame-
work is to identify the clues in the introductory
section which point to the salient supplementary
sentences 4. The BERTSUM network computes the
extraction probabilities for introductory sentences
as follow (same way as in Eq. 1),

h̃b = BertSum(xintro)

h̃ = Encodert(h̃b)

p̃ = σ(Wj h̃+ bj)

(2)

in which h̃b, and h̃ are the introductory sentence
representations by BERTSUM, Transformers en-
coder, respectively. p̃ is the introductory sentence
extraction probabilities. Wj and bj are trainable
matrices.

After identifying salient introductory sentences,
the representations associated with them are re-
trieved using a pooling function and further used to
guide the first task (i.e., right-hand side in Figure
3) as follows,

h̃top = Select(h̃, p̃, k)

ĥ = MLP1(h̃top)
(3)

4Supplementary sentences are defined in Section 1.
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Figure 3: Detailed illustration of our summarization framework. Task-1 (t1): source sentence extraction (right-hand
gray box). Task-2 (t2): introductory sentence extraction (left-hand gray box). As shown, the identified salient
introductory sentences at training stages are incorporated into the representations of source sentences by the
Select(·) function (orange box) with k = 3. Plus sign shows the concatenation layer. The feed-forward neural
network is made of one linear layer.

where Select(·) is a function that takes in all in-
troductory sentence representations (i.e., h̃), and
introductory sentence probabilities p̃. It then out-
puts the representations associated with top k in-
troductory sentences, sorted by p̃. To extract top
introductory sentences, we first sort h̃ vectors based
on their computed probabilities p̃ and then we pick
up top k hidden vectors (i.e., h̃top) that has the high-
est probability. MLP1 is a multi-layer perceptron
that takes in concatenated vector of top introduc-
tory sentences and projects it into a new vector
called ĥ.

At the final stage, we concatenate the trans-
formed introductory top sentence representations
(i.e., ĥ) with each source sentence representations
from Eq. 1 (i.e., hi where i shows the ith paper
sentence) and process them to produce a resulting
vector r which is intro-aware source sentence hid-
den representations. After processing the resulting
vector through a linear output layer (with Wz and
bz as trainable parameters), we obtain final intro-
aware sentence extraction probabilities (i.e., p) as
follows,

r = MLP2(hi ; ĥ)

p = σ(Wzr + bz)
(4)

in which MLP2 is a multi-layer perceptron, influ-
encing the knowledge from introductory sentence
extraction task (i.e., t2) into the source sentence ex-
traction task (i.e., t1). We train both tasks through
our end-to-end system jointly as follows,

ℓtotal = (α)ℓt1 + (1− α)ℓt2 (5)

where ℓt1 , and ℓt2 are the losses computed for in-
troductory sentence extraction and source sentence
extraction tasks, α is the regularizing parameter
that balances the learning process between two
tasks, and ℓtotal is the total computed loss that is
optimized during the training.

5 Experimental Setup

In this section, we explain the datasets, baselines,
and preprocessing and training parameters.

5.1 Dataset

We use two publicly available scientific extended
summarization datasets (Sotudeh et al., 2021).
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- arXiv-Long: A set of arXiv scientific pa-
pers containing papers from various scientific
domains such as physics, mathematics, computer
science, quantitative biology. arXiv-Long is in-
tended for extended summarization task and was
filtered from a larger dataset i.e., arXiv (Cohan
et al., 2018) for the summaries of more than 350
tokens. The ground-truth summaries (i.e., ab-
stract) are long, with the average length of 574
tokens. It contains 7816 (train), 1381 (validation),
and 1952 (test) papers.

- PubMed-Long: A set of biomedical scien-
tific papers from PubMed with average summary
length of 403 tokens. This dataset contains 79893
(train), 4406 (validation), and 4402 (test) scien-
tific papers.

- LongSumm: The recently proposed Long-
Summ dataset for a shared task (Chandrasekaran
et al., 2020) contains 2236 abstractive and ex-
tractive summaries for training and 22 papers for
the official test set. We report a comparison with
BERTSUMEXTMULTI using this data in Table
2. However, as the official test set is blind, our
experimental results in Table 1 do not use this
dataset.

5.2 Baselines

We compare our model with two strong non-neural
systems, and four state-of-the-art neural summa-
rizers. We use all of these baselines for the pur-
pose of extended summary generation whose docu-
ments hold different characteristics in length, writ-
ing style, and discourse structure as compared to
documents in the other domains of summarization.

- LSA (Steinberger and Jez̈ek, 2004): an extrac-
tive vector-based model that utilizes Singular
Value Decomposition (SVD) to find the semanti-
cally important sentences.

- LEXRANK (Erkan and Radev, 2004): a widely
adopted extractive summarization baseline that
utilizes a graph-based approach based on eigen-
vector centrality to identify the most salient sen-
tences.

- BERTSUMEXT (Liu and Lapata, 2019): a con-
textualized summarizer fine-tuned for summa-
rization task, which encodes input sentence rep-
resentations, and then processes them through
a multi-layer Transformers encoder to obtain

document-level sentence representation. Finally,
a linear output layer with Sigmoid activation
function outputs a probability distribution over
each input sentence, denoting the extent to which
they are probable to be extracted.

- BERTSUMEXT-INTRO (Liu and Lapata, 2019):
a BERTSUMEXT model that only runs on the
introductory sentences as the input, and extracts
the salient introductory sentences as the summary.

- BERTSUMEXTMULTI (Sotudeh et al., 2021):
an extension of the BERTSUMEXT model that
incorporates an additional linear layer with Sig-
moid classifier to output a probability distribution
over a fixed number of pre-defined sections that
an input sentence might belong to. The additional
network is expected to predict a single section
for an input sentence and is trained jointly with
BERTSUMEXT module (i.e., sentence extractor).

- BART (Lewis et al., 2020): a state-of-the-art ab-
stractive summarization model that makes use
of pretrained encoder and decoder. BART can
be thought of as an extension of BERTSUM in
which merely encoder is pre-trained, but decoder
is trained from scratch. While our model is an ex-
tractive one, at the same time, we find it of value
to measure the abstractive model performance in
the extended summary generation task.

5.3 Preprocessing, parameters, labeling, and
implementation details

We used the open implementation of BERT-
SUMEXT with default parameters 5. To implement
the non-neural baseline models, we utilized Sumy
python package 6. Longformer model (Beltagy
et al., 2020) is utilized as our contextualized lan-
guage model for running all the models due to its
efficacy at processing long documents. For our
model, the cross-entropy loss function is set for
two tasks (i.e., t1 : source sentence extraction and
t2 : introductory sentences extraction in Figure 3)
and the model is optimized through multi-tasking
approach as discussed in Section 3. The model with
the highest ROUGE-2 on validation set is selected
for inference. The validation is performed every
2k training steps. α (in Eq. 5) is set to be 0.5 (em-
pirically determined). Our model includes 474M

5https://github.com/nlpyang/PreSumm
6https://github.com/miso-belica/sumy
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trainable parameters, trained on dual GeForce GTX
1080Ti GPUs for approximately a week. We use
k = 5 for arXiv-Long, k = 8 for PubMed-Long
datasets (Eq. 3). We make our model implementa-
tion as well as sample summaries publicly available
to expedite ongoing research in this direction 7.

A two-stage labeling approach was employed
to identify ground-truth introductory and non-
introductory sentences. In the first stage, we used a
greedy labeling approach (Liu and Lapata, 2019)
to label sentences within the first section of a given
paper (i.e., labeling introductory sentences) with
respect to their ROUGE overlap 8 with the ground-
truth summary (i.e., abstract). In the second stage,
the same greedy approach was exploited over the
rest of sentences (i.e., non-introductory)9 with re-
gard to their ROUGE overlap with the identified
introductory sentences in the first stage. Our choice
of ROUGE-2 and ROUGE-L is based on the fact that
these express higher similarity with human judg-
ments (Cohan and Goharian, 2016). We continued
the second stage until a fixed length of the sum-
mary was reached. Specifically, the fixed length of
positive labels is set to be 15 for arXiv-Long, and
20 for PubMed-Long datasets as these achieved the
highest oracle ROUGE scores in our experiments.

6 Results

6.1 Experimental evaluation

The recent effort in extended summarization and its
shared task of LongSumm (Chandrasekaran et al.,
2020) used average ROUGE (F1) to rank the par-
ticipating systems, in addition to commonly-used
ROUGE-N scores. Table 2 shows the performance
of the participated systems on the blind test set.
As shown, BERTSUMEXTMULTI model outper-
forms other models by a large margin (i.e., with
relative improvements of 6% and 3% on ROUGE-
1 and average ROUGE(F1), respectively); hence,
we use the best-performing in terms of F1 (i.e.,
BERTSUMEXTMULTI model) in our experiments.
Tables. 1 presents our results on the test sets of

arXiv-Long and PubMed-Long datasets, respec-
tively. As observed, our model statistically sig-
nificantly outperforms the state-of-the-art systems
on both datasets across most of the ROUGE vari-

7https://github.com/Georgetown-IR-Lab/
TSTRSum

8We used mean of ROUGE-2 and ROUGE-L.
9We assumed that non-introductory sentences occur in

sections other than the first section.

ants, except ROUGE-L on PubMed-Long. The im-
provements gained by our model validates our hy-
pothesis that incorporating the salient introductory
sentence representations into the extractive summa-
rizer yields a promising improvement. Two non-
neural models (i.e., LSA and LEXRANK) under-
perform the neural models, as expected. Compar-
ing the abstractive model (i.e., BART) with extrac-
tive neural ones (i.e., BERTSUMEXT and BERT-
SUMEXTMULTI), we see that while there is rel-
atively a smaller gap in terms of ROUGE-1, the
gap is larger for ROUGE-2, and ROUGE-L. Inter-
estingly, in the case of BART, we found that gen-
erating extended summaries is rather challenging
for abstractive summarizers. Current abstractive
summarizers including BART have difficulty in ab-
stracting very detailed information, such as num-
bers, and quantities, which hurts the faithfulness
of the generated summaries to the source. This
behavior has a detrimental effect, specifically, on
ROUGE-2 and ROUGE-L as their high correlation
with human judgments in terms of faithfulness has
been shown (Pagnoni et al., 2021). Comparing
the extractive BERTSUMEXT and BERTSUMEXT-
MULTI models, while BERTSUMMULTIEXT is
expected to outperfom BERTSUMEXT, it is ob-
served that they perform almost similarly, with
small (i.e., insignificant) improved metrics. This
might be due to the fact that BERTSUMEXTMULTI

works out-of-the-box when a handful amount of
sentences are sampled from diverse sections to
form the oracle summary as also reported by its
authors. However, when labeling oracle sentences
in our framework (i.e., Intro-guided labeling), there
is no guarantee that the final set of oracle sen-
tences are labeled from diverse sections. Over-
all, our model achieves about 1.4%, 2.4%, 3.5%
(arXiv-Long), and 1.0%, 2.5%, 1.3% (PubMed-
Long) improvements across ROUGE score vari-
ants; and 2.2% (arXiv-Long), 1.4% (PubMed-
Long) improvements over F1, compared to the
neural baselines (i.e., BERTSUMEXT and BERT-
SUMEXTMULTI). While comparing our model
with BERTSUMEXT-INTRO, we see the vital effect
of adding second encoder at finding supplemen-
tary sentences across non-introductory sections,
where our model gains relative improvements of
9.62%-26.26%-16.09% and 9.40%-5.27%-9.99%
for ROUGE-1, ROUGE-2, ROUGE-L on arXiv-
Long and PubMed-Long, respectively. In fact, the
sentences that are picked as summary from the in-
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arXiv-Long PubMed-Long
Model R1(%) R2(%) RL(%) F1 (%) R1(%) R2(%) RL(%) F1 (%)

ORACLE 53.35 24.40 23.65 33.80 52.11 23.41 25.42 33.65
BERTSUMEXT-INTRO 44.88 15.99 19.14 26.25 45.08 20.08 21.52 28.89

LSA 43.23 13.47 17.50 24.73 44.47 15.38 19.17 26.34
LEXRANK 43.73 15.01 18.62 25.41 48.63 20.37 22.49 30.50
BERTSUMEXT 48.42 19.71 21.47 29.87 48.82 20.89 23.37 31.03
BERTSUMEXTMULTI 48.52 19.66 21.42 29.87 48.85 20.71 23.29 30.95
BART 48.12 15.30 20.80 28.07 48.32 17.33 21.42 29.87
TSTR (Ours) 49.20∗ 20.19∗ 22.22∗ 30.54 49.32∗ 21.41∗ 23.67 31.47

Table 1: ROUGE (F1) results of the baseline models and our model on the test sets of the extended summarization
datasets (arXiv-Long, and PubMed-Long). ∗ shows the statistical significance (paired t-test, p < 0.05).

R1 R2 RL F1(%)

Summaformers (2020) 49.38 16.86 21.38 29.21
IIITBH-IITP (2020) 49.03 15.74 20.46 28.41
Auth-Team (2020) 50.11 15.37 19.59 28.36
CIST_BUPT (2020) 48.99 15.06 20.13 28.06
BERTSUMEXTMULTI (2021) 53.11 16.77 20.34 30.07

Table 2: ROUGE (F1) results of different systems on
the blind test set of LongSumm dataset containing 22
abstractive summaries.

troduction section are not comprehensive as such
they are clues to the main points of the paper. The
other important sentences are picked from the sup-
plementary parts (i.e., non-introductory) of the pa-
per.

6.2 Human evaluation

While our model statistically significantly improves
upon the state-of-the-art baselines in terms of
ROUGE scores, a few works have reported the low
correlation of ROUGE with human judgments (Liu
and Liu, 2008; Cohan and Goharian, 2016; Fab-
bri et al., 2021). In order to provide insights into
why and how our model outperforms the best-
performing baselines, we perform a manual anal-
ysis of our system’s generated summaries, BERT-
SUMEXT’s, and BERTSUMEXTMULTI’s. For the
sake of evaluation, two annotators were asked to
manually evaluate two sets of 40 papers’ ground-
truth abstracts (40 for arXiv-Long, and 40 for
PubMed-Long) with their generated extended sum-
maries (baselines’ and ours) to gain insights into
qualities of each model. Annotators were Electrical
Engineering and Computer Science PhD students
and familiar with principles of reading scientific

papers. Samples were randomly selected from the
test set, one from each 40 evenly-spaced bins sorted
by the difference of ROUGE-L between two experi-
mented systems.

The evaluations were performed according to
two metrics: (1) Cohesion: whether the ordering
of sentences in summary is cohesive, namely sen-
tences entail each other. (2) Completeness: whether
the summary covers all salient information pro-
vided in the ground-truth summary. To prevent bias
in selecting summaries, the ordering of system-
generated summaries were shuffled such that it
could not be guessed by the annotators. Annotators
were asked to specify if the first system-generated
summary wins/loses or ties with the second system-
generated summary in terms of qualitative metrics.
It has to be mentioned that since our model is purely
extractive, it does not introduce any fact that is un-
faithful to the source.

Our human evaluation results along with Co-
hen’s kappa (Cohen, 1960) inter-rater agreements
are shown in Table 3 (agr. column). As shown,
our system’s generated summaries improve com-
pleteness and cohesion in over 40% for most of
the cases (6 out of 8 for win cases 10). Specifi-
cally, when comparing with BERTSUMEXT, we
see that 68%, 80% (arXiv-Long); and 60%, 66%
(PubMed-Long) of sampled summaries are at least
as good as or better than the corresponding base-
line’s generated summaries in terms of cohesion
and completeness, respectively. Overall, across
two metrics for BERTSUMEXT and BERTSUMEXT-
MULTI, we gain relative improvements over the
baselines: 25.6%, 19.0% (cohesion), and 56.5%,

10Win cases are the ones in which our system wins the
baseline(s) in terms of cohesion/completeness.
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Metric Win Tie Lose agr.

Our Model vs. BERTSUMEXT baseline

Cohesion 43% 25% 32% 46.5%
Completeness 46% 34% 20% 48.9%

Our Model vs. BERTSUMEXTMULTI baseline

Cohesion 42% 24% 34% 47.2%
Completeness 45% 32% 24% 49.1%

Metric Win Tie Lose agr.

Our Model vs. BERTSUMEXT baseline

Cohesion 39% 21% 30% 52.1%
Completeness 47% 19% 34% 51.3%

Our Model vs. BERTSUMEXTMULTI baseline

Cohesion 37% 21% 32% 48.2%
Completeness 41% 17% 32% 46.3%

(a) (b)
Table 3: Results of human evaluations over 40 papers sampled from (a) arXiv-Long’s, and (b) PubMed-Long’s test
set. agr. shows inter-rater agreement.

[Introductory] The objective of the work presented here is to study the mechanism of
radiative line driving and the corresponding properties of the winds of possible
generations of very massive stars at extremely low metallicities and to investigate
the principal influence of these winds on ionizing fluxes and observable ultraviolet
spectra. ["#] The basic new element of this approach, needed in the domain of
extremely low metallicity, is the introduction of depth dependent force multipliers
representing the radiative line acceleration. ["%] […] Because of the depth
dependent force multipliers a new formulation of the critical point equations is
developed and a new iterative solution algorithm for the complete stellar wind
problem is introduced (section 4). ["&]

[Non-introductory] In this section we develop a fast algorithm to calculate stellar
wind structures and mass - loss rates from the equation of motion (eq.[eom1]) using
a radiative line acceleration parametrized in the form of eq.[fmp3]. ["'] After the
new concept to calculate stellar wind structures with variable force multipliers has
been introduced and tested by comparing with the observed wind properties. ["(]
The purpose of this first study is to provide an estimate about the strengths of stellar
winds at very low metallicity for very massive hot stars in a mass range roughly
between 100 to 300 m@xmath3. [")] With our new approach to describe line driven
stellar winds at extremely low metallicity we were able to make first predictions of
stellar wind properties, ionizing fluxes and synthetic spectra of a possible population
of very massive stars in this range of metallicity. ["*] […] We also calculated
synthetic spectra and were able to present for the first time predictions of uv spectra
of very massive stars at extremely low metallicities. ["+] We learned that the
presence of stellar winds leads to observable broad spectral line features, which
might be used for spectral diagnostics, should such an extreme stellar population be
detected at high redshift. [",] […]

s6 s1

s2

s3

s4

s8

s7

s5

(a) (b)

Figure 4: (a) Our system’s generated summary, (b) Sentence graph visualization of our system’s generated summary.
Green and gray nodes are introductory and non-introductory sentences, respectively. Edge thickness denotes the
ROUGE score strength between pair of sentences. Parts, from which sentences are sampled, are shown inside brackets.
The summary is truncated due to space limitations. Ground-truth summary-worthy sentences are underlined, and
colored spans show pointers from introductory to non-introductory sentences.

46.7% (completeness) on arXiv-Long; and 23.1%,
13.5% (cohesion), and 27.7%, 21.9% (complete-
ness) on PubMed-Long. 11 These improvements,
qualitatively evaluated by the human annotators,
show the promising capability of our purposed
model in generating improved extended summaries
which are more preferable than the baselines’. We
observe a similar improvement trend when com-
paring our summaries with BERTSUMEXTMULTI,
where 66%, 77% (arXiv-Long); and 58%, 58%
(PubMed-Long) of our summaries are as good as or
better than the baseline’s in terms of cohesion and
completeness. Looking at the Cohen’s inter-rater
agreement, the correlation scores fall into “moder-

11Relative improvement of win rate over lose rate.

ate” agreement range according to the interpreta-
tion of Cohen’s kappa range (McHugh, 2012).

6.3 Case study
Figure 4 (a) demonstrates an extended summary
generated from a sample arXiv-Long paper by our
model. The underlined sentences denote that the
corresponding sentences are oracle (i.e., summary-
worthy), the colored spans denote the pointers from
introductory information to non-introductory infor-
mation, and sentence numbers appear in brackets
following each sentence. As shown, our system
first identifies salient introductory sentences (i.e.,
[s1] and [s3]), and then augments them with im-
portant non-introductory sentences. Figure 4 (b)
shows the ROUGE scores between pairs of intro-
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ductory and non-introductory sentences. The edge
thickness signifies the strength of the ROUGE score
between a pair of sentences. For example, intro-
ductory sentence [s1] highly correlates with non-
introductory sentence [s7] as it has a stronger edge
(s1, s7) thickness. More specifically, [s1] has men-
tions of “radiative line driving”, “properties of
the winds”, “possible generations of very massive
stars”, and “ionizing fluxes” which maps to [s7]
with semantically similar mentions of “line driven
stellar winds”, “stellar wind properties”, “possi-
ble generations of very massive stars”, and “ioniz-
ing fluxes” 12.

7 Error Analysis

To determine the limitations of our model, we fur-
ther analyze our system’s generated summaries
and report three common defects, along with the
percentage of these errors among underperformed
cases. We found that (1) our end-to-end system’s
performance is highly dependent on the introduc-
tory sentence extraction task’s performance (i.e.,
task t2 in Figure 3) as identification of salient in-
troductory sentences (i.e., oracle introductory sen-
tences) sets up a firm ground to explore detailed
sentences from the non-introductory parts of the
paper. In other words, identification of non-salient
introductory sentences leads to a drift in finding
supplemental sentences from the non-introductory
parts. Our model often underperforms when it can-
not find important sentences from the introductory
part (65%); (2) in underperformed cases, our model
fails in selecting motivation, objective sentences
from the introductory part, and only identifies the
contribution sentences (i.e., describing paper’s con-
tributions), such that the final generated summary
is composed of contribution sentences, rather than
objective sentences. This observation hurts the sys-
tem in cohesion and completeness (40%); and (3)
as discussed, our model matches introductory sen-
tences with sentences from non-introductory parts
of the paper. Given that two sentences within a sci-
entific paper might conceptually convey the exact
same information, but are just paraphrased of each
other, our model samples both to form the final
summary as a high semantic correlation exists be-
tween them. This phenomenon leads to sampling
two sentences that convey the same information

12The entire system-generated summaries are
publicly available at https://github.com/
Georgetown-IR-Lab/TSTRSum, including 40 human-
evaluated cases.

without providing more details; hence, information
redundancy (35%).

8 Conclusion

In this work, we propose a novel approach to tackle
the extended summary generation for scientific doc-
uments. Our model is built upon the fine-tuned
contextualized language models for text summa-
rization. Our method improves over strong and
state-of-the-art summarization baselines by adding
an auxiliary learning component for identifying
salient introductory information of long documents,
which are then used as pointers to guide the sum-
marizer to pick summary-worthy sentences. The
extensive intrinsic and human evaluations show the
efficacy of our model in comparison with the state-
of-the-art baselines, using two large scale extended
summarization datasets . Our error analysis further
paves the path for future reseacrh.
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Abstract

We present a method to control the emotional
prosody of Text to Speech (TTS) systems by us-
ing phoneme-level intermediate features (pitch,
energy, and duration) as levers. As a key idea,
we propose Differential Scaling (DS) to dis-
entangle features relating to affective prosody
from those arising due to acoustics conditions
and speaker identity. With thorough exper-
imental studies, we show that the proposed
method improves over the prior art in accu-
rately emulating the desired emotions while
retaining the naturalness of speech. We ex-
tend the traditional evaluation of using indi-
vidual sentences for a more complete evalua-
tion of HCI systems. We present a novel ex-
perimental setup by replacing an actor with
a TTS system in offline and live conversa-
tions. The emotion to be rendered is either
predicted or manually assigned. The results
show that the proposed method is strongly pre-
ferred over the state-of-the-art TTS system and
adds the much-coveted “human touch” in ma-
chine dialogue. Audio samples for our exper-
iments and the code are available at: https:
//emtts.github.io/tts-demo/

1 Introduction
“The text is like a canoe, and the river on which
it sits is the emotion. It all depends on the flow
of the river, which is your emotion. The text
takes on the character of your emotion.”

— Sanford Meisner
In natural language processing, vocabulary and

grammar tend to take center stage, but those ele-
ments of speech only tell half the story. Affective
prosody provides context and gives meaning to
words, and keeps listeners engaged. Understand-
ing emotional prosody is central to language and
social development. Studies suggest that we show
remarkable sensitivity to prosody "even as infants"
(Nazzi et al., 1998; Massicotte-Laforge and Shi,
2015). Recently Kraus (2017) shows that voice-
only communication likely elicits higher empathic

Do you
love me

Juliet JulietRomeo

What do
you
think

I know
what

you are
thinking

Do you
love me

What do
you
think

I know
what

you are
thinking

Juliet JulietRomeo

Figure 1: Dialogues can have different meanings de-
spite having the same text. Also, starting with the same
emotion, Juliet has different emotions post Romeo’s
response.

accuracy than even multi-sense modes including
facial expressions.

Buchholz (2016) shows that any meaningful spo-
ken dialogue cannot happen without some amount
of prosodic matching. As humans, we naturally an-
ticipate and adapt with emotional cues in convers-
ing with others, see Figure 1 for an example. Cele-
brated trainer Sanford Meisner employed this to de-
velop Meisner technique for theatre actors to react
naturally to others in the environment as opposed
to method acting. The importance of emotional
prosody in conversations cannot be overstated and
TTS models need to fill this gap to make human-
like conversations possible in HCI systems.

Mitchell and Xu (2015) study the value of emo-
tional prosody in HCI and emphasize its role in
healthcare dialogue systems, improving social in-
teraction skills in people with autism, augmentative
and alternative communication devices and gaming
narratives. They explain that successfully incorpo-
rating expressive speech into HCI, involves two as-
pects: (a) prosodic emotion recognition and (b) ex-
pression of emotional prosody. Considerable effort
has been made towards recognizing and predicting
the emotional nuances in human dialogues (Kim
and Vossen, 2021; Poria et al., 2019b; Zhu et al.,
2021; Li et al., 2017; Poria et al., 2021; Vinyals
and Le, 2015). However, current TTS systems are
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yet to improve on rendering emotive or expressive
speech for real-world HCI systems.

State-of-the-art TTS systems (Ren et al., 2020;
Wang et al., 2017) tend to exhibit average emo-
tions for a given phoneme sequence by taking the
mean of utterances from training data. Some ef-
forts towards improving expressiveness (like Bat-
tenberg et al., 2019; Karlapati et al., 2020) pro-
vide prosody control using a reference clip. Oth-
ers like Sivaprasad et al. (2021) and Habib et al.
(2019) further focused on controllability exposing
levers that can be manipulated at inference-time
to derive the intended expression. However, the
quality and stability of synthesized speech heavily
depends on various modeling choices. Emotion or
prosody modeling, for example, could pick from
numerous available discrete or continuous space
representations. The encoder network module cho-
sen might vary in its ability to disentangle prosody
from other acoustic features like speaker identity
and adaptability to content. For example, those
relying on reference clip to replicate prosody might
perform poorly when input text is unsuitable for
rendering with prosody of reference. Some models
feed prosody features with phoneme embeddings
directly into the decoder while others use them to
predict intermediate features that are used in condi-
tioning the decoder. It is empirically verified (like
in Sivaprasad et al., 2021) that intermediate fea-
tures could be suitably manipulated to bring about
the desired change in expression.

We take this direction forward to endow the in-
termediate feature prediction module with affective
state control over the final rendering. We propose
Differential Scaling (DS) of the predicted intermedi-
ates to bring about the required change in emotion.
The DS module is aimed to effect only emotion as
intended while remaining agnostic to all other fea-
tures like speakers identities or acoustic conditions
as seen in train data. We show that this significantly
improves the naturalness of the generated speech,
while allowing finer control over prosody.

In addition to comparing our model’s renderings
against various others’ from literature for natural-
ness and emotion control on conventional single
utterances drawn from disconnected contexts, we
also evaluate them in conversations. We curate data
with conversational theatre dialogues and replace
an actor with a TTS system. We use its response
as a proxy to evaluate the empathic accuracy. In
another experiment, we had a theatre director con-

trol the emotion levers of our TTS model in a live
conversation with the actor to evaluate controllabil-
ity. As demonstrated in the results, our proposed
method significantly improves over existing meth-
ods in producing suitable prosodic variation lend-
ing closer to human-like conversations. The rest of
this paper will elaborate on the following contribu-
tions of this work.

• We propose a simple technique of using
a DS module to better emulate emotions
in TTS rendered speech. This works as
plug-and-play with both autoregressive and
non-autoregressive TTS models that predict
prosodic features as an intermediate step.

• Our work extends the literature of training
controllable and expressive TTS models with
improved empathic accuracy and without spe-
cific studio recorded data.

• Finally, we present novel methods and data
for evaluating TTS models in real conversa-
tions with human subjects. The method of
evaluation is a useful step towards filling the
gap of emulating emotional speech that needs
more work.

2 Related Work

Prosody and conversational speech. Unlike in
written text, spoken words contain additional non-
verbal information. These cues are collectively
termed prosody (Leentjens et al., 1998) that include
variations in tone, pitch, energy, duration, accents,
intonation, stress, etc. Buchholz (2016) showed
that prosodic exchange is unavoidable in human
dialogue. Various machine learning methods have
been proposed to predict emotion in speech from its
prosody variations (Asgari et al., 2014; Kamarud-
din and Abdul Rahman, 2013). Variations in pitch
accents (Nielsen et al., 2020), for example, lead to a
significant difference in how the receiver perceives
the content. A sentence (like I said unlock
the door, not lock it from (Rosenberg
and Hirschberg, 2009)) could be delivered both as
a statement and a command by merely changing
prosody.

Emotion recognition in conversations has gained
increasing attention for developing empathetic ma-
chines with emotion-tagged multi-modal data pub-
licly available for modeling like (Li et al., 2017;
Poria et al., 2019a; Busso et al., 2008). While most
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methods like (Majumder et al., 2019; Jiao et al.,
2019) use a combination of text and speech infor-
mation, some leverage additional side-information
from broader context (Ghosal et al., 2020) and the
topic of conversation (Zhu et al., 2021).

In such labeled data, emotion is often rep-
resented as a categorical variable over a dis-
crete space following models like Ekman’s ba-
sic emotions (Ekman, 1992) or the wheel of
Plutchik (Plutchik, 1980). This choice is largely
owing to the ease of annotating data. Russell (1980)
proposed a continuous two-dimensional space as
an alternative called valence-arousal model for hu-
man emotions. Arousal signifies the intensity of
the emotion while valence captures its polarity. It
has been extended to add a third dimension of dom-
inance, making it the valence-arousal-dominance
(VAD) model. VAD has since been widely used in
modelling emotion in music (Grekow, 2016; Rach-
man et al., 2019), speech (Asgari et al., 2014; Ka-
maruddin and Abdul Rahman, 2013) and other con-
tent (Joshi et al., 2019; Buechel and Hahn, 2017).
We use the continuous space representation as it is
richer and more convenient to handle in our model.
For instance, a continuous space allows the user
to change the level of emotion like happy to de-
lighted, sad to depressed, etc., superlatively during
synthesis.

Expressive and controllable TTS. Neural
TTS systems are now increasingly popular, im-
proving upon older concatenative statistical sys-
tems (Michelle and Georgia, 2020) in synthesized
speech naturalness. These are broadly sequence-
to-sequence networks with an encoder processing
the input text or phoneme sequence followed by a
decoder that generates the sequence of Mel frames
for output speech. Mel frames are then projected
into the time domain by a vocoder (van den Oord
et al., 2016; Griffin and Lim, 1984) to generate
the speech. Decoding could be autoregressive with
Tacotron-like models (Wang et al., 2017) or non-
autoregressive with Fastspeech-like models (Ren
et al., 2019).

Non-autoregressive models are faster at infer-
ence than autoregressive models with about com-
parable naturalness of speech quality (Ren et al.,
2020). The trick non-autoregressive models use
to generate Mel frames in parallel is to predict the
relevant features as an intermediate step and con-
dition the independent decoding of Mels on them.
This technique is now increasingly adopted for au-

toregressive models as well (Wang et al., 2021)
to predict features like phoneme duration that im-
prove decoding stability avoiding alignment issues.
Our method is compatible with any architecture
that predicts prosodic features of pitch, energy, and
duration as an intermediate step before decoding.

Going beyond the naturalness of speech, there
has been considerable effort to improve the expres-
siveness of the renderings. Some focused on learn-
ing a linear space of variations in speech expres-
sions for selecting a suitable variation at inference
time. Wang et al. (2018) learn this space unsuper-
vised by encouraging it to explain all variations in
training data not captured in content embedding.
A reference encoder maps an input utterance to a
style embedding as a linear combination of basis
style vectors. Manual analysis is required to un-
derstand the prosody feature learned into a basis
vector that could include variations like vocal depth
or pitch, speaking rate, or even background noise
as available in training data. While this offers style
control, it does not explicitly learn the prosody vari-
ations of interest into the style space. Our work
focuses on the same level of control but specifically
over the affective state as labeled in some data for
supervision.

Sivaprasad et al. (2021) propose a model similar
to Wang et al. (2018) with style tokens restricted
to valence and arousal. However, the absolute
(pitch, energy, duration) feature predictions restrict
prosody control, leading to unnatural distortions.
Specifically, it skews more towards retaining the
speaker’s voice identity than the emotion and en-
tangles emotion with other acoustic features. Kar-
lapati et al. (2020) replace the linear style space
with a variational reference encoder to generate
prosody embedding to condition the decoder. Bat-
tenberg et al. (2019) use a similar variational model
but instead force its posterior to match that of the
reference utterance to copy prosody with a con-
trollable parameter determining the closeness of
the match. This trick alleviates certain issues like
in pitch-range (Younggun and Taesu, 2019) and
transfer to unrelated sentences but exposes a lower
degree of control with no explicit levers to operate,
as possible in our work.

Habib et al. (2019) propose to learn an explicit
latent representation for various prosodic variables,
segregating them into explicitly controlable (like
affect, speaking rate, etc) and implicit (like intona-
tion, rhythm, stress, etc). While the model offers a
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Figure 2: Backbone TTS architectures.

higher degree of explicit control, it requires using
a proprietary studio recorded data with utterances
reflecting prompted emotions at specified arousal.
Dependence on explicit supervision from studio
recorded data makes it harder scale this model
across languages and other prosodic variations. In
contrast, we use publicly available data with emo-
tion labels to train our models.

There are other methods that try to predict suit-
able prosody features from text content. Raitio
et al. (2020) add a prosody encoder module to
standard TTS network that predicts certain hand-
crafted prosody features from text embedding of
input. This prosody encoder is used with a small op-
tional bias for affect variations at inference. Hodari
et al. (2021) extend this to replace hand-crafting
prosody features with explicit training followed by
their prediction from text. Karlapati et al. (2021)
further enrich the textual context using BERT em-
beddings and parse-trees. These methods are lim-
ited in expressiveness offering no control over ren-
dering emotion that our work focuses on.

3 Model

Our network uses a backbone TTS that can be bor-
rowed from any model which predicts pitch, energy
and duration as intermediates features from input
phoneme sequence. This network learns to predict
the average features for given phonemes. Follow-
ing the convention in earlier works, we refer to
the intermediate features as variances and the mod-
ule that predicts them as variance adaptor. Prior
work improves standard variance adaptors in, say
FastSpeech2, by conditioning on emotion variables

of valence-arousal in addition to the phoneme se-
quence to generate expressive speech. We refer to
it as Emotional Variance Adaptor (EVA) for which
we propose an alternative. Our proposed Differ-
ential Scaler (DS) module determines how best to
vary the output of the EVA to bring the desired
change in emotion. We describe the details of these
network choices in this section; specifically, the
broader backbone network architecture and the dif-
ferent variance adaptor modules from non-emotive
baseline, emotive baseline and our proposal.

3.1 Backbone
We present experiments with two suitable choices
for our backbone systems, FastSpeech2 and FCL-
taco2. The backbone has three modules; an en-
coder, variance adaptor and decoder. The encoder
maps an input phoneme sequence to its embedding.
Given this representation, the variance adaptor pre-
dicts the pitch, energy and duration for each of
the phonemes. These intermediate features are pro-
cessed by the decoder module downstream to return
Mel-spectrogram frames. We reuse the encoder and
decoder modules as designed in their original archi-
tectures without any changes. We refer readers to
the respective papers for details of these networks.
Wavenet (van den Oord et al., 2016) vocoder is used
to map Mel-spectrogram outputs of the decoder to
time-domain raw audio.

3.2 Variance adaptor module
Non-emotive baselines. Our baseline models of
FastSpeech2 and FCL-taco2 are trained with the
variance adaptors as described by their authors. We
also train a derivative of the FastSpeech2 with the
variance adaptor modified to make predictions at
the phoneme-level and not at frame-level. This is
to facilitate the phoneme level control of variances.
A duration dπ is predicted for each phoneme π,
following which the length regulator repeats the
hidden state of that phoneme .π times. Also unlike
FastSpeech2, we use this length regulator after the
predicted pitch and energy are added to the encoder
output. We refer to this derivative as FastSpeech2π.

Emotive baseline. Sivaprasad et al. (2021) con-
ditioned the variance adaptor of FastSpeech2 on
additional emotion embedding that gives the model
control over prosody of the rendered speech. It gen-
erates the emotion embedding as a linear weighted
combination of the valence and arousal vectors that
are learned from data during training. The weights
are valence and arousal values as annotated for
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training and can be used as control levers to modify
emotion during inference. This emotion variance
adaptor (EVA) module generates suitable interme-
diate features of pitch and energy at frame-level
and duration at phoneme-level. These features are
consumed by the decoder along with the encoder
output in generating Mel frames. While this helps
control emotional prosody rendered speech, it leads
to a significant drop in perceptual quality and natu-
ralness relative to the baselines. Our contribution is
an alternative design of the variance adaptor mod-
ule that improves upon Sivaprasad et al. (2021)’s
FastSpeech2 + EVA model in emotion control and
expressiveness and upon the baselines in terms of
naturalness.

Differential Scaler. We extend the emotion rep-
resentation from EVA to include dominance in ad-
dition to valence and arousal values. Dominance
is the degree of control exerted by an emotion. In-
cluding dominance dimension to the emotion space
expands the range of emotions the TTS model can
express. For example, by introducing this dimen-
sion, we can better distinguish outputs for emotions
like ‘anger and fear’ or ‘sad and contempt’.

The Differential Scaler module further extends
EVA to estimate the change in variances neces-
sary for a pronounced effect of the target emotion
relative to its neutral counterpart. As shown in Fig-
ure 3(b), the variances are estimated using the EVA
module for a given phoneme sequence at two dif-
ferent triplets of VAD values. One prediction cor-
responds to the neutral emotion with VAD values
all set to zeros. The other prediction corresponds
to the chosen VAD values of target emotion. We

take the difference of these two estimates as the
direction along which the variances can be varied
for the desired change in emotion without affecting
other acoustic features. We are implicitly making
two assumptions here. Emotion variations are cap-
tured as linear transformations in this space and
that there is a strong disentangling of emotional
prosody with other acoustic features in this space.
Results from our empirical evaluation favorably
support the above assumptions.

4 Training

Modelling with intermediate features facilitates
training the backbone and the variance adaptors
independently on different data. We exploit this
to train our variance adaptor on scarcely available
VAD annotated data while reusing backbone mod-
els trained on abundant transcribed speech data.

Backbone. We train two backbone networks
FastSpeech2π (non-autoregressive) and FCL-taco2
(autoregressive) on Blizzard 2013 dataset (King
and Karaiskos, 2014). It contains 147 hours of
Catherine Bayers’s speech, reading books in Ameri-
can English. Due to the style of reading, the dataset
is rich in expressiveness and spans different combi-
nations of pitch, energy and duration. Both models
are trained with Mel loss (mean absolute error be-
tween predicted and ground truth Mels), pitch loss,
energy loss and duration loss (mean square error
between predicted and ground truth features). Both
models are trained for 200K iterations using Adam
optimizer with warm-up learning rate scheduler
and batch size of 16.

EVA. We train EVA on MSP-Podcast corpus
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(Lotfian and Busso, 2019) annotated with arousal,
valance and dominance values. The corpus consists
of around 100 hours speech data but their transcrip-
tions are not available. We generate transcripts
using a speech-to-text model. We use Montreal-
Forced-Aligner (MFA) (McAuliffe and Sondereg-
ger, 2017) for phoneme alignments. Those tran-
scripts that MFA fails to find a good alignment for
are filtered out. The remaining utterances add up
to about 71 hours of emotive speech data which
we use to train our EVA. We train pitch, energy
and duration predictors conditioned on VAD values
minimizing only the sum of variance losses. For
all the experiments, text transcripts are converted
to phonemes using Sun et al. (2019). We generate
Mel spectrogram from the audio files similar to
Wang et al. (2017). Pitch and energy are computed
from the Mel spectrogram and we use MFA for
aligning phonemes to train the duration predictor.

5 Experiments and user study

We present three experiments; comparison with
prior-art using conventional evaluation metrics,
those for emotional consistency with pre-recorded
audio, and finally, live conversations with humans.

5.1 Comparisons with prior-art

We compare the proposed approach against four
state of the art TTS models. The list includes
two non-emotive TTS models (FastSpeech2 and
FCL-taco2), one reference-based method (Cai et al.,
2021) and one AV conditioned model (FastSpeech2
+ EVA). We also compare our method with the mod-
ified backbone, FastSpeech2π.

To show the efficacy of DS over EVA module
independent of the effect of other interventions,
we perform two more comparisons. The first com-
parison evaluates our model against Fastspeech2 +
EVA trained with ‘dominance’ (on arousal, valence
and dominance). The second comparison is made
against Fastspeech2π + EVA with the backbone
trained on Blizzard (both backbones trained on the
same dataset). The first comparison is made on the
perceptual-quality and emotional expressiveness
while the second comparison is made only for their
perceptual-quality.

To evaluate the perceptual-quality/naturalness
we compare Mean Opinion Score (MOS) (Chu and
Peng, 2006) averaged across forty subjects profi-
cient in English. We synthesize twenty different
sentences from the test set using each of the seven

models. We prepare user study by picking five
samples rendered by each model to make a survey.
Annotator rates each sample on a Likert scale of
one for ‘completely unnatural’ to five for ‘com-
pletely natural’.

To evaluate the emotional expressiveness of the
proposed model, we perform two surveys. In the
first survey, given a sample, we ask the user to
choose the best perceived emotion from a set of
four, namely, ‘Happy’, ‘Sad’, ‘Angry’ and ‘Fear’.
We ask the raters to not judge the textual content
and annotate the emotion for each sample based on
the rendering alone. In the second survey we evalu-
ate the efficacy of the models to bring about finer
control over emotion. We generate two samples
with same broader emotion category but with two
levels of intensity. The subject now has to identify
the sample with higher intensity. For both surveys
we generate five samples per emotion and twenty
samples for each model. We aggregate the rating
across forty proficient English language speakers.

5.2 Emotional consistency in dialogues

Previous efforts in prosody controlled TTS have
been evaluated on individual sentences without con-
text. We propose a novel evaluation strategy us-
ing excerpts from theater recordings. We replace
the audio of one of the actors in the conversation
with renderings from a TTS model and have a hu-
man subject evaluate it for emotional consistency.
The emotion for TTS renderings are chosen man-
ually by a theater director. We compare this with
TTS rendered with emotion predicted using Tod-
Kat (Zhu et al., 2021) from the dialogues spoken
so far. This study consolidates the two aspects of
HCI we mentioned in the introduction; prosodic
emotion recognition and its expression in TTS ut-
terances.

The dataset is curated using segments from four
popular plays, namely, ‘Speed-the-Plow’, ‘Night,
Mother’, ‘Bobby Gould in Hell’ and ‘Death of a
Salesman’. We select 30 dialogue segments collec-
tively from the four plays with an average dialogue
length of 90 seconds per segment. Timestamps of
segments selected from each play is given in sup-
plementary material. We replace the female voice
in the segment with (a) non-emotive TTS model
(FastSpeech2π) (b) our model with emotion pre-
dicted for each utterance using TodKat and (c) our
model with a senior theatre director picking the
emotion for each utterance. We randomly pick five
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Model MOS Finer Control Coarse Control
Happy Sad Angry Fear Average

FastSpeech2 3.80±0.13 - - - - - -
FCL-taco2 3.39±0.14 - - - - - -

FastSpeech2π 3.84±0.13 - - - - - -
FastSpeech2π + EVA (Blizzard) 2.95±0.14 - - - - - -

Cai et al., 2021 3.08±0.16 80.0 22.7 40.9 52.3 - 38.7
FastSpeech2 + EVA (av) 3.01±0.12 81.2 20.0 68.7 52.9 - 47.2
FastSpeech2 + EVA (avd) 3.05±0.17 80.2 37.5 66.6 50.0 33.3 46.8

FCL-taco2 + DS (our model) 3.30±0.14 83.5 90.1 53.3 56.5 46.8 61.8
FastSpeech2π + DS (our model) 3.91±0.14 85.0 68.4 50.0 59.5 79.1 64.2

Table 1: Results for qualitative analysis comparing our model with prior art. The model with (av) only uses arousal
and valence for emotion representation while that with (avd) also uses dominance values. See Section 6 for details.

(a) Cai et al. (2021) (b) Sivaprasad et al. (2021) (c) FCL-taco2 + DS (d) FastSpeech2π + DS

Figure 4: Confusion matrices of models performance in the survey to pick the correct emotion. Rows are true
emotions and columns are picked emotions. Figure to be viewed in color.

dialogues from the 30 samples in all three settings
for each of our surveys. We ask forty raters to rank
the three setting in terms of the emotional consis-
tency of the dialogue i.e., to judge the naturalness
and aptness of the emotional prosody in the given
context.

5.3 Conversation with Meisner trained actor
A Meisner trained actor responds to another actor
taking into account his/her behavior. In this experi-
ment, we observe how a Meisner trained actor (Ac-
tor M) reacts in a live dialogue initiated by (a) an-
other trained human actor, (b) a non-emotive TTS
(FastSpeech2π) and (c) our model (FastSpeech2π
+ DS). We use the same neutral script with 18 lines
in all three cases. We use the behavior of Actor
M during interaction with the human as reference.
The closeness of Actor M’s behavior to this refer-
ence while interacting with the two TTS models
is used as a measure of the latter’s effectiveness in
rendering speech expressive enough to evoke an
emotive response.

For each of the three scenarios, the conversation
is initiated with two different emotional states, viz.
(a) highly positive and (b) highly negative. The
emotion for our TTS model is chosen live on-the-
fly by a theatre director from fourteen bins in the
discretized arousal-valence space. The bins are

chosen to span the V-shape around high-arousal-
high-valence and low-arousal-neutral-valence (Di-
etz and Lang, 1999). We take majority vote of three
listener ratings for each utterance of Actor M on
the same discretized arousal-valence space to allow
quantitative comparisons.

6 Results

6.1 Comparing with prior art

Naturalness. Table 1 compares the audio quality
of the TTS models listed in Section 5.1. It can be
seen that the proposed model achieves affective
control, without drop in perceived audio quality.
In contrast, previous SOTA emotive models ( Cai
et al. (2021) and FastSpeech2 + EVA) achieve con-
trol over emotion at the cost of naturalness (MOS
of 3.08 and 3.01 respectively). This result demon-
strates the efficacy of using DS module over EVA
and validates its ability to disentangle affective fea-
tures from the acoustic ones. The MOS score of
FastSpeech2π improves with addition of DS, as
some samples appear more natural when rendered
in intended emotions.

Coarse affective control. Results correspond-
ing to emotion detection are presented in Table 1.
For each sample, the raters were asked to choose
one among the four discrete emotions. On an av-
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erage, the FastSpeech2π + DS gives best results,
outperforming the other models by a significant
margin. We observe about 17 and 25.5 improve-
ment in percentage points (pp) over FastSpeech2 +
EVA and (Cai et al., 2021) respectively. Figure 4
shows the confusion matrix for this survey. Our
models are better at differentiating positive valence
emotions from the negative ones. There is still a
scope of improvement in distinctly expressing low
valence emotions.

Finer affective control. When asked raters to
pick the sample from a pair that expresses a par-
ticular emotion better, 85% of the times they were
able to pick the sample that was actually rendered
with a higher arousal value (Table 1). Our best
performing model scores 3.8pp over FastSpeech2
+ EVA and 5.0pp over (Cai et al., 2021).

Efficacy of DS. To further validate the effi-
cacy of DS (over the EVA), we present evalua-
tions to show that the performance gains occur pri-
marily due to the DS module and not the other
interventions. We observe that adding ‘domi-
nance’ to Fastspeech2 + EVA does not improve its
MOS and affective controllability as shown in Ta-
ble 1. Furthermore, we observe performance drop
on Fastspeech2π + EVA when compared against
Fastspeech2π + DS when both have their back-
bones trained on Blizzard dataset (Table 1). The
lack of improvement from (Sivaprasad et al., 2021)
further highlights that the performance gains by our
model does not come from the choice of dataset on
which the backbone is trained. Overall, the two ex-
periments conclusively show that DS module is the
decisive component that brings the improvements
in naturalness and controllability to the proposed
TTS system.

6.2 Emotional consistency in dialogues

As described in Section 5.2, we evaluate the emo-
tional consistency of a dialogue when a TTS model
replaces an actor in excerpts from a play. Figure 5
shows that emotive models bring significant im-
provement in emphatic quality of conversations and
are picked 80% of the times as the first preference.
This result reiterates the hypothesis (Wang et al.,
2018) that prosody averaging as in non-emotive
TTS is insufficient for emulating emotionally con-
sistent conversations.

Another important observation is how emphatic
quality measured as user’s first preference falls
from 52% to 27% in moving away from hand-

Preference
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1 2 3

Fastspeech2π Our model + TodKat
Our model + Hand picked Emotions

Figure 5: Comparison of emotional consistency in con-
versations across the three settings described in Sec-
tion 5.2. Figure to be viewed in color.

picked to model-predicted emotions. This suggests
a scope for improvement for emotion prediction
models. Nonetheless the results present clear evi-
dence that tying together emotion prediction mod-
els to expressive TTS is significantly more prefer-
able to a non-emotive TTS.

This proposed evaluation methodology is more
comprehensive and enables assessment of a con-
solidated conversational system as required in ex-
pressive HCI that includes various moving parts
like causal emotion recognition in conversation
and expressive TTS. This is not feasible with the
traditional approach of evaluating on individual
sentences drawn from distinct contexts. We argue
that this evaluation with contextual dialogues from
a conversation is more coherent to humans as re-
flected in inter-annotator agreement measured by
Fleiss’s Kappa Score (FKS). FKS goes up by 34%
from 0.43 in traditional coarse affective control (Ta-
ble 1) to 0.58 for our evaluation strategy (Figure 5).
We hope this will be useful in a more thorough
evaluation of expressive HCI systems.

6.3 Conversation with Meisner trained actor

As mentioned in Section 5.3, we gather the be-
havioural response of a Meisner trained human
actor to TTS systems (emotive and non-emotive)
and compare it against his/her reference response
to another human actor. We use Pearson’s corre-
lation ρ with reference for valence and compare
mean-std (µ, σ) for arousal values.

When the conversation was triggered with
a positive initial emotion, we had a high
ρ(FastSpeech2π+DS, human) of 0.702 for our
model compared to negative correlation for non-
emotive TTS at ρ(FastSpeech2π, human) of
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−0.282. Similarly for a negative initial emotion
ρ(FastSpeech2π+DS, human) was high 0.838 rela-
tive to low ρ(FastSpeech2π, human) of 0.158.

We find that the average arousal for the human
response to our TTS (µ=3.5, σ=1.06) is comparable
to a human-human conversation (µ=3.94, σ=0.97),
as opposed to the response to a non-emotive TTS
(µ=2.55, σ=0.49). This indicates that the range of
arousal response elicited from a human actor by our
TTS is comparable to a human-human conversation
as opposed to that of a prosody unaware TTS.

We also interviewed the human actor about the
experience of conversing with the TTS systems.
He reported that our TTS gave him "an emotional
structure". He felt that the TTS could "dictate the
neutral part of the script to change it". He could "re-
member specific utterances" by our TTS and their
emotional content which "drove him" to respond
in an emotional manner. In contrast, he reported
that the prosody unaware TTS gave "dry answers",
made him feel that it was "disinterested", "auto
generated" and "did not evoke excitement". He
expressed that he "could not have a longer conver-
sation with it".

7 Conclusion

This work presents a novel method that leverages
prosodic features (pitch, energy and duration) to
modify emotions in the output of a TTS system.
Our method is model agnostic and can be used with
any TTS backbone that predicts prosodic features
in an intermediate step. This method outperforms
existing approaches by a significant margin in its
ability to accurately render desired emotions, while
preserving the naturalness of speech. We curated
theatre conversation data to evaluate and show that
our prosody-aware TTS better maintains the natu-
ral flow of emotions in conversations. Our work
shows promise in consolidation of prosodic emo-
tional recognition and expression, a coveted pursuit
in the field of HCI. We present further qualitative
experiments involving professional theatre artists
and demonstrate that the proposed TTS method
leads to more human-like conversations. While
exposing valence, arousal and dominance values as
model levers improves control over the final ren-
dering, in reality it is overwhelming for the user to
choose them correctly for a desired output. This
is further aggravated by the fact that some sen-
tences cannot be suitably spoken with a chosen
set of values, degrading output quality. These are

limitations that need to be addressed and appropri-
ately deriving these values from semantics of text
input or reference clips could be relevant future
directions. Affective control is incomplete without
explicit levers on the intonations, which is another
limitation to be looked upon in the future work.

8 Ethical concerns

This work shares the same concerns as with oth-
ers in the domain of TTS systems as discussed
by Habib et al. (2019). With TTS outputs getting
closer to actual human speech, there could be a
potential misuse. The threat of abuse of fake voices
is particularly high with similar developments in
conjugate areas like computer vision. However, the
benefits of improvements to emotive TTS technol-
ogy could significantly benefit HCI and the cor-
responding applications to problems in healthcare
and other domains. Example applications include
healthcare dialogue systems, improving social in-
teraction skills in people with autism and augmen-
tative communication devices. TTS systems syn-
thesizing speech with empathy can ease machine
interaction in many touchpoint applications. While
the benefits seem to outweigh the concerns at this
point, we believe the research community should
proactively continue to identify methods for detec-
tion and prevention of misuse.
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Abstract

Natural language as a modality of interaction
is becoming increasingly popular in the field of
visualization. In addition to the popular query
interfaces, other language-based interactions
such as annotations, recommendations, expla-
nations, or documentation experience growing
interest. In this survey, we provide an overview
of natural language-based interaction in the
research area of visualization. We discuss a
renowned taxonomy of visualization tasks and
classify 119 related works to illustrate the state-
of-the-art of how current natural language in-
terfaces support their performance. We exam-
ine applied NLP methods and discuss human-
machine dialogue structures with a focus on
initiative, duration, and communicative func-
tions in recent visualization-oriented dialogue
interfaces. Based on this overview, we point
out interesting areas for the future application
of NLP methods in the field of visualization.

1 Introduction

Natural language as a modality for interacting
with visual models enjoys increasing popularity
in human-computer interface research in the fields
of Human-Computer-Interaction (HCI) and Visu-
alization (VIS) (Yu and Silva, 2020; Srinivasan
et al., 2020a; Liu et al., 2021; Narechania et al.,
2021; Kim et al., 2021c). At the same time, interest
in tasks involving the visual modality has grown
strongly in NLP research in recent years (Suhr et al.,
2017; Hudson and Manning, 2019; Acharya et al.,
2019). While there are common interests and paral-
lel trends in VIS and NLP, research in these fields
often adopts different perspectives on what inter-
action is and how it should be modeled. Broadly
speaking, in the VIS community, a lot of research
aims to understand why users need to interact with
a visualization and what users’ intents are when
they interact with a visual model (Dimara and Perin,
2020). Therefore, Brehmer and Munzner (2013)

categorize users’ data-related intents into visual-
ization tasks and introduce a taxonomy to describe
them in general terms and compare them among
applications. Recent contributions show that dif-
ferent forms of natural language-based interaction
prove suitable to support users in accomplishing
various visualization tasks. This concerns not only
the popular query interfaces, but also, on a broader
scale, the provision of recommendations, annota-
tions, explanations, documentations, or for support
in analytical conversation. However, the variety of
existing visualization tasks benefiting from natural
language interaction beyond simple query inter-
faces has not yet received much attention in the
NLP community. On the other hand, modern NLP
methods offer enormous potential for modeling
multi-modal dialogues in the visualization tasks.

In this survey, we aim to complement the why-
oriented perspective of classifying visualization
tasks by intent in VIS with the how-oriented di-
alogue modeling perspective in NLP for works
involving natural language interaction. To sub-
stantiate the classification of the papers, we first
delimit the scope of the survey and explain the
methodology employed to derive the selected pa-
pers in Section 2. We discuss the taxonomy of
abstract visualization tasks by Brehmer and Mun-
zner (2013) as the basis for the classification in
Section 3 by explaining why interaction with a vi-
sualization is performed. Section 4 focuses on how
interaction is implemented in the works at hand in
terms of applied NLP methods as well as character-
istic structures in human-machine dialogue (Bunt
et al., 2010). Finally, challenges arising from cur-
rent approaches are pointed out. As such, the need
to compile reliable data sets to support the adoption
of deep learning-based NLP methods in the field
of VIS yields promising space for future creative
work.
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Figure 1: Investigation of dialogue structures as applied
in visualization systems based on the DIT++ taxonomy
of dialogue acts by Bunt (2009).

Related Surveys. The survey of Shen et al.
(2021) considers 55 visualization-oriented natural
language interfaces (V-NLI) at the intersection of
NLP and VIS. The work focuses on the applica-
bility of natural language interfaces at the differ-
ent steps of the information visualization pipeline
by Kard et al. (1999). The authors discuss query-
based language interfaces in detail. Similarly, Öz-
can et al. (2020) put their focus on querying data
visualizations using natural language. However,
querying a visualization interface is only one pos-
sible language-based interaction among many such
as annotation, description generation, documenta-
tion, and others. Klopfenstein et al. (2017) conduct
a more general study on the application of conver-
sational interfaces and derive usage patterns and
paradigms for their implementation. Further re-
lated work is done at the intersection of Machine
Learning (ML) and VIS as by Wu et al. (2021)
or Wang et al. (2020), who illuminate where and
how ML gains ground in VIS and discuss future
directions for applying ML in VIS research. Fac-
ing that, we identify substantial ground for a sur-
vey that examines current natural language inter-
action techniques supporting the accomplishment
of visualization tasks. Related work in VIS yields
comprehensive and well-conducted state-of-the-art
surveys focusing on where dialogue systems can
be integrated into the information visualization

pipeline proposed by Kard et al. (1999). This work
is complementary in that it illuminates from an
NLP perspective how visualization-oriented dia-
logue is structured in terms of initiative, duration,
and present communicative functions within the re-
spective visualization task at hand (see Figure 1).
By shedding a light on this we hope to arouse in-
terest in the NLP community for the interesting
multi-modal dialogue modeling tasks emerging at
the intersection of NLP and VIS.

2 Methodology

For a paper to be included in the survey paper se-
lection, it must meet the following criteria:

• Language-based interaction must be a desig-
nated input/output modality and some kind
of language interface must be provided for it,
e.g., a text box or a microphone/speaker.

• Language-based interaction must serve to ful-
fill or support a main visualization task. For
example, using natural language for logging
into an application is neither a visualization
task nor does it support the accomplishment
of that task and is, therefore, not valid. In
contrast, using natural language to annotate
certain aspects of a visualization is consid-
ered supportive of achieving the goal of the
visualization task and therefore is valid.

In addition to contributions that include concrete
implementations of interaction scenarios, theoreti-
cal papers that discuss design spaces or consider-
ations of language-based interaction possibilities
are included. The aim is to explicitly show not
only what has already been implemented, but also
which interaction possibilities are conceivable and
useful in multi-modal visualization-oriented dia-
logue. The paper selection is made in a two-stage
process. First, a set of seed papers is derived from
conference proceedings of the main conferences in
HCI, namely SIGCHI, VIS, namely IEEE VIS, Paci-
ficVIS, and EuroVIS, and NLP, namely ACL and
EMNLP, starting from the year 2010 until 2021.
The papers are filtered using the keywords lan-
guage, visualization, interface in combination with
a semantic embedding map of the abstracts based
on Reimers and Gurevych (2019). The exploratory
process results in a set of 76 papers. In the second
stage, the references of the seed papers are exam-
ined and relevant papers that meet the specified
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criteria are included in the set. This results in a
final set of 119 papers. For a detailed insight into
the scope of the survey, we refer to Appendix A.

3 Why Users interact with Visualizations

Brehmer and Munzner (2013) introduce a multi-
level typology for abstract description and compari-
son of visualization tasks between applications. An
abstract visualization task represents a high-level
description of why interaction with a visualization
application is performed, how it is performed, and
what the input and output of the task are. The why-
branch of Brehmer and Munzner’s typology was
chosen primarily for three reasons: First, the high
level of abstraction allows to cover a high number
of visualization tasks and therefore ensures high
representativeness. On the other hand, the modular
character of the typology is beneficial for break-
ing down complex tasks into smaller subtasks in
which commonalities can then be identified. In ad-
dition, the combination with the what and the how
branch offers the possibility to describe task chains,
which can serve as a blueprint for the design of a
dialog with the system. The papers are classified
on the basis of the why-branch of the taxonomy
because it distinguishes the tasks taking into ac-
count the goal to be achieved and thus corresponds
to the goal definition as also used in goal-oriented
dialogue modeling (Bordes et al., 2016; Li et al.,
2017; Liu et al., 2018). The why branch spawns the
abstract visualization tasks present, discover, en-
joy, and produce illustrated in Figure 2. Following
Munzner (2009), we consider language-based in-
teraction as domain- and interface-independent
operations performed by users and/or systems
by applying natural language in any kind of
representation, e.g, written- or spoken text. Ta-
ble 1 shows an overview of the contributions and
the respective visualization task to which they are
assigned. In the following subsections, concrete
tasks involving natural language interaction are pre-
sented for each abstract visualization task of the
taxonomy. Each section includes a brief definition
of the targeted visualization task and a detailed dis-
cussion of current related work that addresses it.
For a detailed inspection, we refer to Appendix B.

3.1 Present Task

Brehmer and Munzner (2013) define presentation
as ’the use of visualization for the succinct com-
munication of information, for telling a story with

Figure 2: Why-branch of the Multi-Level Typology of
Abstract Visualization Tasks inspired by Brehmer and
Munzner (2013).

data, guiding an audience through a series of cogni-
tive operations’. During this task, natural language
is used to complement the presentation of visual
findings and results, for data-driven storytelling, or
to explain, evaluate and discuss them.

Visual Storytelling. Visual storytelling consid-
ers the communication of knowledge to a broad
audience using visual and textual elements that fol-
low a coherent narrative. The main idea is to match
linguistic and visual elements and arrange them
consistently within a story. Von Landesberger et
al. (2021) study how text and visualization inter-
act with each other in a visual storytelling scenario
pointing out that visualizations complement the
narrative by providing overview, details, and com-
parison. Automatic story generation is done by Shi
et al. (2021) who leverage the generation of a vi-
sual story from spreadsheet input. Natural language
text drives the story of a visualization presentation
in Kwon et al. (2014); Bryan et al. (2017); Metoyer
et al. (2018). Users are guided through the story
by interacting with the text segments and the sys-
tem creates visual animations correspondingly in
response.

Explanation Generation. Visualizations offer
great potential to create understanding for com-
plex issues among different user groups. In con-
trast to storytelling, explanation generation is not
about assigning a sequence of visual elements to a
text-based story, but about automatically explaining
given visual facts through natural language texts.
Combining text and visualization is used to ex-
plain complex processes, e.g., in verbalizing the
functionality of ML models (Hohman et al., 2019).
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Visualization Task Subtask # Representative Paper(s)
Present Visual Storytelling 6 (Kwon et al., 2014; Metoyer et al.,

2018)
Explanation Generation 3 (Sevastjanova et al., 2018; Hohman

et al., 2019)
Discover Keyword Search 15 (Isaacs et al., 2014; Feng et al., 2018;

Schleußinger and Henkel, 2018)
Querying 45 (Setlur et al., 2016; Yu and Silva,

2020; Narechania et al., 2021)
VQA 3 (Mathew et al., 2021; Chaudhry et al.,

2020)
Browsing 7 (Setlur et al., 2020; Luo et al., 2020;

Srinivasan and Setlur, 2021)
Enjoy Augmentation 12 (Srinivasan et al., 2019b; Hullman

et al., 2013)
Description Generation 14 (Obeid and Hoque, 2020; Hsu et al.,

2021)
Produce Annotation 7 (Chen et al., 2010b; Ren et al., 2017)

Documentation 1 (Nafari and Weaver, 2015)
Visualization Creation 6 (Cui et al., 2020; Fulda et al., 2016)

Table 1: Classification of papers based on the Multi-Level Typology of Abstract Visualization Tasks by Brehmer
and Munzner (2013). For the sake of clarity, papers are classified into the most suitable category only, although
some works touch on several categories in terms of content. A comprehensive listing can be found in Appendix B.

Sevastjanova et al. (2018) discuss strategies on how
to present language explanations during the model
inference process and the interaction techniques to
be required, such as details-on-demand, guidance,
dialogue, and exploration.

3.2 Discover Task

Using natural language to discover information is
one of the most common visualization tasks tar-
geted by V-NLI. Brehmer and Munzner (2013) dif-
ferentiate between different levels of task granular-
ity such as discover - search - query (see Figure 2).
The discovery of concepts, objects, and relation-
ships in a visualization depends on the role that
the user and the interface take in the visualization-
oriented dialogue, as well as on the concreteness
of the user’s intent. Intents are formulated in oral
or written form. Less concrete user intents lead to
a more exploratory character of the search. Con-
crete intents formalized in a query lead to a spe-
cific system response. Vague and fuzzy intents are
much more difficult to formalize in a single query
and must be inferred by the V-NLI through the ap-
plication of intelligent recommendations or user
guidance.

Keyword Search. Discovering information
about a visualization by supplementing it with a
keyword search interface is examined by Feng
et al. (2018). The authors enable the search of
visual concepts in a 2D visualization via text input.
Further visualization-oriented keyword search
interfaces are applied in Chowdhury et al. (2021);
Siddiqui and Hoque (2020); Chung et al. (2010).
In contrast to that, visual search interfaces take
in keywords but focus on displaying results in a
way that facilitates visual exploration, as targeted
in Wilson et al. (2010); Schleußinger and Henkel
(2018); Peltonen et al. (2017). Search history and
coverage are tracked and visualized by Isaacs et al.
(2014).

Natural Language Querying. Natural language
querying is a scenario in which a user formulates
a query to a visual model and the system is tasked
with outputting a visual response to that query – re-
ferred to as query2viz. Most of the existing V-NLIs
focus on this task. Theoretical work on utterance
structures in natural language querying has been
done by Srinivasan et al. (2019a, 2021b) finding
that utterances mainly target attribute, chart type,
encoding, aggregation, and design aspects of a vi-
sual model. Liu et al. (2021); Sun et al. (2014);

351



Narechania et al. (2021) generate a visualization
based on a data table and a natural language query.
Yu and Silva (2020) allow query sequences to be
specified in a visual exploration workflow.
Ambiguities. Resolving ambiguities and underspec-
ified utterances poses a difficult problem in this
visualization task, especially for single-turn query
interfaces. Hearst et al. (2019); Tory and Setlur
(2019) develop design guidelines for how systems
should respond to queries that contain vague mod-
ifiers or -user intents by exploring contextual in-
ference strategies. Gao et al. (2015) manage am-
biguities in input utterances using visual ambigu-
ity widgets. Setlur et al. (2019) apply inferencing
rules based on known syntactic and semantic input
structures. Setlur and Kumar (2020) use word co-
occurrence in combination with sentiment analysis
to determine data attributes and filter ranges associ-
ated with the articulated vague property.
Hypothesis Verification. Discovering novel insights
from data is usually done by (dis-)validating hy-
potheses. Choi et al. (2019a,b) study the use
of visualizations to prove or disprove natural lan-
guage hypotheses visually. The user initiates a
hypothesis test by formulating it in natural lan-
guage, and the system indicates the match with the
underlying data set by creating a graph that high-
lights matches/discrepancies in striking green/red
colours.
Query Dialogue. Setlur et al. (2016); Aurisano
et al. (2016); Bacci et al. (2020) extend the single-
turn query2viz interaction to a multi-turn interac-
tive visual exploration also referred to as analytical
conversation. Analytical conversation is the sup-
port of visual analysis processes by V-NLI with
the aim of inspecting visual features through a
visualization-oriented human-machine dialogue, as
studied by Turkay and Henkin (2018); Aurisano
et al. (2015). In contrast to visualization creation
(see section 3.4), where visualizations are gener-
ated based on natural language text, the manipula-
tion or composition of a visualization in the query
dialog is used in the sense of a speech act. The
produced or manipulated visualization can be seen
here as a dynamically generated visual response to
a user query with the goal of providing information
in the dialog. Setlur and Tory (2017); Hoque et al.
(2018) apply pragmatics to visualization-oriented
dialogue modeling by taking the dialogue history
into account for computing more adequate future re-
sponses. Visualization-oriented dialogue assistants

have been developed in various forms. General-
purpose assistants for driving a visual analytics con-
versation are proposed by Fast et al. (2018); Kassel
and Rohs (2018). Assistants implementing instruc-
tion following as in plot manipulation or navigation
scenarios process and execute commands in a visu-
alization environment (Shao and Nakashole, 2020;
Wang et al., 2021). Multi-modal dialogue assistants
combine natural language input in oral or written
form with touch gestures (Srinivasan and Stasko,
2018; Kim et al., 2021c; Srinivasan et al., 2020a,
2021a). Sperrle et al. (2020, 2021) study adap-
tive guidance to support a visual analytics process.
Collaborative approaches using mixed-initiative in-
teractions for visual analytics are explored by Hu
et al. (2018); Langevin et al. (2018). The potential
of competitive visualization-oriented dialogue in-
terfaces for educational purposes is theoretically
investigated by Reicherts and Rogers (2020) by ex-
amining the role of questions in these dialogues.
Kumar et al. (2020b) provide a data set of contextu-
alized dialogue acts in a visual exploration scenario
as a basis for training dialogue assistants.

Visual Question Answering. VQA is a well-
studied task in Language & Vision (Antol et al.,
2015; Yang et al., 2016; Anderson et al., 2018)
with the goal to answer questions related to the
visual content of images. In VIS, the aim is to an-
swer complex questions related to visual models
such as charts or scientific illustrations as in Singh
and Shekhar (2020); Chaudhry et al. (2020). Info-
graphics as sophisticated arrangements of visual
elements and text are supported by VQA in Mathew
et al. (2021). Meeting the high informative stan-
dards of response generation required to harness
the explanatory purposes of visualizations presents
itself as a challenging task.

Browsing. Browsing supports users with a vague
or fuzzy data-related intent in discovering visu-
alizations. The idea is to narrow down the user
intent through language interaction using text in-
put, multi-step questions, or dialogue and suggest
appropriate next steps in the interaction with the
visualization. Luo et al. (2018) use keyword input
to execute personalized visualization recommenda-
tions. Other approaches leverage auto-completion
in text input (Setlur et al., 2020; Dhamdhere et al.,
2017) or use multi-step question procedures to re-
strict the user’s target area (de Araújo Lima and
Barbosa, 2020; Luo et al., 2020). Srinivasan and
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Setlur (2021) recommend data-related utterances
users can use to start a visual analysis or shimmy
along. Lee et al. (2021) guide users through a
visualization-oriented analytical conversation us-
ing insights found in the data similar to Cui et al.
(2019).

3.3 Enjoy Task
Brehmer and Munzner (2013) consider enjoying as
the ’casual encounter’ with a visualization without
having a concrete hypothesis to verify. Natural lan-
guage enhances the perception of a visualization by
displaying additional information such as captions
that contextualize the visual experience, as applied
in immersive experiences, exhibitions, or museums.
Visually impaired people experience visualizations
through translation into auditory language.

Augmentation. In augmentation, visualizations
are complemented by automatically generated tex-
tual elements, such as labels or links. Srinivasan
et al. (2019b); Hullman et al. (2013) augment vi-
sualizations with additional facts to substantiate
the message to be transmitted. Kandogan (2012)
propose the concept of just-in-time augmentation
of visual structures during visual analytics to help
users understand the structure of the data. Lai et al.
(2020) automatically annotate visualizations based
on their textual description. Lallé et al. (2021)
highlight corresponding elements of a visualization
based on tracked gazes of users as they read a text
description associated with the visualization. In
contrast to that Xia et al. (2020) augment audio
podcasts with visual elements. Gao et al. (2014);
Latif and Beck (2019) augment map visualizations
by automatically mining and linking site-related
facts out of articles to their location on the map.
Augmentation is also used to textually describe
GUI components automatically as a preliminary
step for auditory scene description helping visually
impaired people interact with visualizations (Chen
et al., 2020a).

Visualization Description Generation. Textual
descriptions for visualizations are created to com-
plement visual elements during the encounter with
a visualization. Spreafico and Carenini (2020);
Qian et al. (2021b); Liu et al. (2020) complement
visualizations with text analogously to image cap-
tioning (Vinyals et al., 2015; Xu et al., 2015).
Murillo-Morales and Miesenberger (2020) gener-
ate auditory descriptions to make statistical charts
accessible to visually impaired people. Hsu et al.

(2021) captions scientific illustrations with highly
informative labels that meet scientific quality stan-
dards. Summarization of visualization content into
textual form is researched by Demir et al. (2012);
Moraes et al. (2014). Bylinskii et al. (2017);
Madan et al. (2018) extend this to aggregating info-
graphics into a single descriptive hashtag. Theoret-
ical work on how charts and their descriptions are
linked and verbalized by users is carried out in Kim
et al. (2021a), where it is found that users tend to
retain different amounts of information depending
on how prominent the visual feature presented in
the caption is.

3.4 Produce Task

Brehmer and Munzner (2013) refer to produce as a
’reference to tasks in which the intent is to generate
new artifacts’. Artifacts generated through natural
language interaction are, e.g., annotations of ob-
jects in a visualization, scene descriptions, or task
reports as used, e.g., in medical visual analysis.

Annotation. Annotating areas of interest, com-
paring them among each other, and sharing them
with colleagues is a common language interac-
tion while working with visualizations (Ren et al.,
2017). Chen et al. (2010a,b) leverage touch and
click interactions for situated visualization annota-
tion. Latif et al. (2018, 2021) explore the possibili-
ties of linking text and visualization. Sperrle et al.
(2019) study the visual annotation of argumenta-
tion and how this facilitates analysis. Theoretical
work on the sustainable extraction of knowledge
from visualization annotations is provided by Van-
hulst et al. (2021), who propose a classification
framework that enables a structured capture and
ordering of annotations.

Documentation. Visualization systems are used
by experts, e.g., in the medical domain (Meuschke
et al., 2021) to plan and discuss a surgery. Report-
ing, summarizing, and sharing this visualization-
related work is an important task that is an addi-
tional burden to the surgeon and therefore should be
executed by a machine. Nafari and Weaver (2013,
2015) generate natural language questions from
queries executed on a visualization resulting in a
natural language translation of the interaction. This
leaves a step-by-step report of the interaction find-
ing usage as a report of done work.

Visualization Creation. Visualization creation
considers the production of a visual model from a
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natural language description – also referred to as
text2viz. Rashid et al. (2021) generate chart visu-
alizations from natural language text input. Col-
laborative authoring tools assisting users in visu-
alization creation use natural language as an input
modality. Cui et al. (2020) provide a tool that gener-
ates infographics using natural language statements
as input, similar to Qian et al. (2021a). Fulda et al.
(2016) design an interactive production process for
generating timelines from unstructured text input.
Language-based 3D scene generation, also referred
to as text2scene, which allows users to describe 3D
scenes using text without having to learn software
tools, is investigated in Coyne and Sproat (2001);
Coyne et al. (2012); Ulinski et al. (2018).

4 How Users interact with Visualizations

After discussing why users interact with visualiza-
tions using natural language, Section 4 provides
a complementary discussion of how these interac-
tions are modeled. First, in Section 4.1 it is ex-
plained which NLP methods are used in these sys-
tems. Subsequently, Section 4.2 summarizes the
structure of the visualization-oriented dialogues in
the analyzed paper set in terms of initiative, dura-
tion, and present communication functions within
the respective visualization task.

4.1 NLP Methods

For each paper in the collection, both the NLP
methods used, if any, and if named the specific NLP
toolkits used for implementation are elaborated.
For the sake of clarity, the methods are roughly
divided into two areas: Natural Language Under-
standing (NLU) and Natural Language Generation
(NLG). The majority of the systems apply standard
NLP methods like tokenization, stemming or stop-
word removal to pre-process text inputs, which is
why these are not recorded separately. For a de-
tailed inspection, we refer to Appendix C. Figure 3
shows the distribution of applied NLU methods
over all papers. Semantic Parsing, which relies on
rule-based mapping procedures from recognized in-
put tokens to semantic predicates, is predominantly
used. Often, POS-Tagging, Word Embeddings, and
Named Entity Recognition (NER) are additionally
applied to increase the accuracy of the mapping.
For Word Sense Disambiguation WordNet, VerbNet
or ConceptNet are leveraged. Speech-to-Text APIs
are a common method used in many systems to en-
able auditory input. A small number of pioneering

Figure 3: Distribution of NLU methods over all papers.

Figure 4: Distribution of NLG methods over all papers.

systems integrate more sophisticated NLP meth-
ods such as Sentiment Analysis, Vector Search or
Co-Reference Resolution. One main reason for the
hesitant use of deep learning methods is the high de-
mands on performance and robustness of visualiza-
tion systems as Dhamdhere et al. (2017) points out.
Fluid interaction between user and system in real
time is a crucial factor for the success of a visual-
ization application. Adopting state-of-the-art deep
learning models to real-time interactions in visual-
ization, e.g., by using Knowledge Distillation (Hin-
ton et al., 2015) or Quantization (Jacob et al., 2018)
leaves space for future work. Figure 4 shows the
distribution of applied NLG methods over all pa-
pers. Template-based language generation is used
by the majority of the systems followed by a sig-
nificantly smaller number of deep learning-based
Seq2Seq Modeling approaches. Multi-turn systems
are predominantly based on rule-based or proba-
bilistic Dialogue Management. Only a few systems
use the Text-to-Speech functionality, as most of the
generated responses consist of visual elements. In
order to advance the adoption of deep learning-
based methods in visualization-related text gener-
ation, extensive training data sets are required, as
pointed out by Kumar et al. (2020a). There is a
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limited number of data sets for Visualization De-
scription Generation (Obeid and Hoque, 2020),
Visual Question Answering (Mathew et al., 2021;
Kim et al., 2020) and Natural Language Querying
(Fu et al., 2020; Srinivasan et al., 2021b; Luo et al.,
2021). In particular, the compilation of data sets
for emerging dialogue scenarios in Analytical Con-
versation, Hypothesis Verification or collaborative
authoring in Visualization Creation would moti-
vate the use of deep learning based NLP methods
in these tasks. Therefore, generating high-quality
data sets for the aforementioned visualization tasks
leaves room for future work.

4.2 Dialogue Structures

The study of structures in visualization-oriented
dialogue is done with the idea of identifying task-
specific patterns, as shown in Figure 5. The struc-
tural analysis is based on the work of Bunt (2009)
and highlights, in particular, the initiative, duration,
and communicative functions present in the mod-
eled dialogues. For each contribution that provides
access to sample data illustrating human-machine
dialogue within the paper or supplementary mate-
rial, the presence of the communicative functions
information providing, information-seeking, com-
missive, or directive for the user and system is
detected. A comprehensive list of allocations is
presented in Appendix C. Bunt’s DIT++ taxon-
omy was chosen due to the fact that it focuses
on the function of the individual speech act. In
the context of a visualization task, it is important
which function a dialog act fulfills in the success-
ful execution of this task. This manifests itself
particularly in the design of dialog agents, where
speech acts that are intended to help solve the task
must be specified. Other taxonomies focus on the
rhetorical relations of speech acts to each other,
as in Prasad et al. (2008), or the emotional infor-
mation a speech act conveys in the dialogue, as in
EmotionML (Schröder et al., 2011). In contrast to
the aforementioned taxonomies, Bunt’s taxonomy
proves suitable in two respects: It allows to under-
stand how current dialogue situations are function-
ally structured in the visualization context. In this
way, patterns can be identified that are common for
the respective visualization tasks. From the genera-
tion perspective, it allows to specify dialog actions
that need to be prepared in certain visualization
task contexts in order to support the solution of the
visualization task.

Figure 5: Analysis of initiative, duration and commu-
nicative functions in the sub-task browsing.

Present Task. In Visual Storytelling, users initi-
ate the interactions which are performed as a se-
quence of multiple turns triggered through the se-
lection of text phrases. The human-machine dia-
logue is characterized by the actors complementing
each other through text and visual animations as
speech acts. Similar to storytelling, the human-
machine dialogue in Explanation Generation is
characterized by a complementing of user input
and visualization system output by matching vi-
sual and textual elements. Communicating insights
found by investigating a visual model is little ac-
companied by NLP techniques so far compared
to other visualization tasks. Template-based story
generation systems leave room for innovation in
grounding story segments in visualization elements.

Discover Task. The human-machine dialogue
in Keyword Search is a short, single-turn dialogue
characterized by user-initiated text input that
is reciprocated by a visual response from the
system, similar to Natural Language Querying.
Keyword-based visualization search relies on text
label-only search without including the on-screen
representation. This leaves space for grounding
abstract visualization concepts like outliers or
clusters in natural language as a promising
step towards a generalized visualization search.
Keyword search beyond 2D visualizations is an
open issue. The modeled dialogue interaction in
analytical conversation is a user-initiated dialogue
with multiple turns. Visual elements function
in the communication as information providers
carrying the response. This scenario offers the
possibility to apply modern NLP methods to
multi-modal dialogues by checking the user’s
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intents and dynamically adapting the user’s
experience by using the feedback of multiple turns.
The implemented systems in Visual Question
Answering follow a user-initiated, single-turn
dialogue approach in which a user question is
answered based on textual or visual information
the visualization holds. In Browsing the initiative
in the systems varies between user-, mixed- and
system-initiated (see Figure 5) with variable
duration. Most approaches focus on high-quality
auto-completion to lead users, leaving space for
innovation in guidance-based dialogue approaches.

Enjoy Task. The predominant features of human-
machine dialogue in Augmentation are system-
initiated single-turn interactions where written or
spoken text is used to augment the visual represen-
tation. The augmentation of visualizations leaves
room for a stronger inclusion of multi-modal in-
teraction triggers such as gazes and gestures in
the dialogue conception. Visualization Description
Generation is characterized by system-initiated sin-
gle turn systems. Summarizing visualizations is a
challenge because it requires a high-quality scene
description due to the high explanatory potential
of visualizations. Particularly visually impaired
people benefit from well-designed auditory visu-
alization descriptions, which are a motivation for
further improvements.

Produce Task. During Annotation, users initiate
interactions, which can be continued by system sug-
gestions or completions. Producing artifacts based
on a visualization so far relies on template-based
authoring tools. Guidance and competition in ed-
ucational contexts, as well as the collaboration of
user and system during artifact production, seem to
be promising directions for production-supporting
human-machine dialogue conception in the future.
Authoring tools take the initiative in Visualization
Creation by suggesting answers or partial task com-
pletions. The cooperation with the user appears
often in form of a multi-turn production process.
Documentation is done as a complement of the
user’s actions, in that the system provides the user
with a report of the work performed after or during
the user-initiated interaction with a visualization.

5 Conclusion

In this survey, for a renowned taxonomy of abstract
visualization tasks, we classified 119 approaches

of language-based interaction that support users
in pursuing data-related intents. In particular, we
shed a light on how the human-machine dialogue
is constructed in these works and which NLP meth-
ods current V-NLI use. Considering the progress
of NLP methods in the field of visualization, we
can summarize our work on two main outcomes:
A compilation of data sets for the individual vi-
sualization tasks seems promising to advance the
use of deep learning-based NLP methods; When
introducing them, special attention must be paid to
performance and robustness aspects due to the high
requirements in the VIS area. Finally, the support
of visualization tasks through natural language in-
teraction offers a large number of interesting areas
for the application of state-of-the-art NLP methods,
inviting the NLP and VIS communities to work cre-
atively in the emerging intersection of both fields.
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A Scope

Research on visualization-oriented natural
language-based interaction is conducted in the VIS,
HCI, and NLP communities. For providing an
overview of the number of selected contributions
per community, the selection set is grouped based
on publication venues related to their respective
community. Important related work with high
subject relevance being derived from other sources
is subsumed in the category Miscellaneous. The
time span of surveyed works is restricted to be
between 2010 and 2021. Next to application
papers implementing human-machine interaction
theoretical works related to language-based
interaction modeling are explicitly included.
Table 2 shows the distribution of contributions
over community-related venues.

Venues Papers
Visualization (VIS) 49

Human-Computer-Interaction (HCI) 27
Natural Language Processing (NLP) 9

Miscellaneous 34
Total 119

Table 2: Venues of related work

The survey is targeted to touch the intersection of
the domains of NLP, HCI and VIS. The scope is de-
fined to reflect on how interaction is modeled and
implemented in the different communities as well
as to point out how researchers combine different
ideas originating from the three fields into work
that can be deposited in the intersection of them.
For the VIS domain, the most common venues are
IEEE Transactions on Visualization and Computer
Graphics (19) and Computer Graphics Forum (5)
containing work that is mostly specialized on query-
based natural language interfaces. The area of HCI
is ostensibly represented by the venue of the Con-
ference on Human Factors in Computing Systems
(SIGCHI) (14) originating works that consider the
interaction aspect and focus on language as a tool
that transmits information for reaching a goal. In
the NLP domain, the most frequent venue is the
Annual Meeting of the Association for Computa-
tional Linguistics (ACL) (3) including works less
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visualization-related focusing to a large extent on
the dialogue modeling.

B Classification

The contributions are classified based on the Multi-
Level Typology of Abstract Visualization Tasks
by Brehmer and Munzner (2013). Figure 6 illus-
trates a distribution of papers over the abstract vi-
sualization tasks. The visualization task accommo-
dating the highest number of works considering
natural language-based interaction is the task dis-
cover (70), followed by enjoy (26). Contributions
supporting present (9) and produce (14) tasks are
less frequent.

Figure 6: Distribution of papers over tasks.

Figure 7 shows the distribution of papers over the
inner class sub-tasks. For sake of simplicity, papers
are categorized into the single most suitable cate-
gory only, although some works touch on several
categories. Natural Language Querying (45) is by
far the sub-task with the highest amount of con-
tributions followed by Keyword Search (15) and
Visualization Description Generation (14). Less
frequently studied tasks are Explanation Genera-
tion (3), Visual Question Answering (VQA) (3), and
Documentation (1).

Figure 7: Distribution of papers over sub-tasks.

Table 3 contains a comprehensive listing of the
classification of the single contributions into the
taxonomy by Brehmer and Munzner (2013).
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Table 3: Classification of papers based on the
Multi-Level Typology of Abstract Visualization Tasks
by Brehmer and Munzner (2013).

Visualization Task Subtask References
Discover Keyword Search (Feng et al., 2018; Chowdhury et al., 2021; Chung

et al., 2010; Fraser et al., 2020; Wilson et al., 2010;
Schleußinger and Henkel, 2018; Isaacs et al., 2014;
Peltonen et al., 2017; Siddiqui and Hoque, 2020)

VQA (Singh and Shekhar, 2020; Mathew et al., 2021;
Chaudhry et al., 2020)

Querying (Srinivasan et al., 2020b; Srinivasan and Stasko,
2017; Kassel and Rohs, 2019; Crovari et al., 2020;
Tory and Setlur, 2019; Hearst and Tory, 2019; Liu
et al., 2021; Hoque et al., 2018; Setlur and Tory,
2017; Siddiqui, 2021; Bacci et al., 2020; Narecha-
nia et al., 2021; Yu and Silva, 2020; Setlur et al.,
2016; Sun et al., 2014; Aurisano et al., 2016; Srini-
vasan et al., 2021b, 2019a; Gao et al., 2015; Setlur
et al., 2019; Hearst et al., 2019; Setlur and Ku-
mar, 2020; Choi et al., 2019b,a; Sperrle et al.,
2020, 2021; El-Assady et al., 2020; Kumar et al.,
2020a; Aurisano et al., 2015; Turkay and Henkin,
2018; Mazumder and Riva, 2021; Lawrence and
Riezler, 2016; Shao and Nakashole, 2020; Wang
et al., 2021; Manuvinakurike et al., 2018; Fast
et al., 2018; Kassel and Rohs, 2018; Bieliauskas
and Schreiber, 2017; Seipel et al., 2019; Lee and
Parameswaran, 2018; Kumar et al., 2020b; Srini-
vasan and Stasko, 2018; Kim et al., 2021c; Srini-
vasan et al., 2020a; Kumar et al., 2017; Srinivasan
et al., 2021a; Hu et al., 2018; Langevin et al., 2018;
Reicherts and Rogers, 2020; John et al., 2017)

Browsing (Setlur et al., 2020; Lee et al., 2021; Luo et al.,
2018; de Araújo Lima and Barbosa, 2020; Luo
et al., 2020; Srinivasan and Setlur, 2021; Cui et al.,
2019; Dhamdhere et al., 2017)

Enjoy Augmentation (Srinivasan et al., 2019b; Hullman et al., 2013;
Xia et al., 2020; Gao et al., 2014; Kandogan, 2012;
Chen et al., 2020c,a; Lai et al., 2020; Bylinskii
et al., 2017; Madan et al., 2018; Lallé et al., 2021;
Latif and Beck, 2019)

Description Generation (Demir et al., 2012; Moraes et al., 2014; Spreafico
and Carenini, 2020; Qian et al., 2021b; Murillo-
Morales and Miesenberger, 2020; Kim et al.,
2021a; Lundgard and Satyanarayan, 2021; Kim
et al., 2021b; Jung et al., 2021; Choi et al., 2019c;
Obeid and Hoque, 2020; Hsu et al., 2021; Henkin
and Turkay, 2020; Liu et al., 2020)

Continued on next page
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Visualization Task Subtask References
Present Storytelling (Bryan et al., 2017; Kwon et al., 2014; Metoyer

et al., 2018; Choudhry et al., 2021; Shi et al., 2021;
Chen et al., 2020b)

Explanation Generation (Sevastjanova et al., 2018; Hohman et al., 2019;
von Landesberger et al., 2021)

Produce Annotation (Chen et al., 2010b,a; Vanhulst et al., 2021; Sper-
rle et al., 2019; Latif et al., 2018; Ren et al., 2017;
Latif et al., 2021)

Documentation (Nafari and Weaver, 2013, 2015)
Visualization Creation (Rashid et al., 2021; Cui et al., 2020; Qian et al.,

2021a; Fulda et al., 2016; Xia, 2020)
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C Analysis Details

The language-based interaction implemented in the
visualization applications is analyzed considering
their initiative, duration and communicative func-
tions present in the human-machine dialogue based
on the DIT++ taxonomy of dialogue acts by Bunt
(2009). The idea is to create an overview of how
the modeled interactions in the respective tasks and
sub-tasks are structured. The variables considered
in the study and the definitions used for them are
explained below. Only contributions that present
systems that implement human-machine interac-
tion are part of this examination, theoretical works
are excluded. Table 6 contains a comprehensive
listing of all contributions evaluated as well as their
respective investigation results.

C.1 NLP Methods
For all papers in the selection, the NLP methods
used, if any, and if named the NLP toolkits used
for implementation are elaborated. For the sake of
clarity, the methods are roughly divided into two ar-
eas: Natural Language Understanding (NLU) and
Natural Language Generation (NLG). Due to the
fact, that the majority of the systems use standard
NLP methods such as tokenization, stemming, or
stopword removal in text pre-processing, these are
not recorded separately.

Figure 8: Distribution of NLU methods per task.

Figure 8 shows the distribution of applied NLU
methods over the four visualization tasks. It can
be seen, that in the discover task the largest variety
of methods is applied. Predominantly used are
Semantic Parsing, POS-Tagging, and Speech-to-
Text methods followed by Language Modeling and
Word Sense Disambiguation. Interfaces in produce
to a greater extend rely on Word Embedding and
Named Entity Recognition (NER). The enjoy task
similar to discover employs a variety of methods.

At present, NLU methods are only used to a minor
extent.

Figure 9: Distribution of NLG methods per task.

Figure 9 illustrates the distribution of applied NLG
methods over the four abstract visualization tasks.
Template-based NLG methods are predominantly
used to generate text in all tasks at hand. In
the enjoy task Seq2Seq Modeling based on deep
learning technologies is primarily used presumably
due to the proximity to the common NLP task of
Image Captioning. The same probably applies
to the task of text summarization, which is also
carried out. Dialogue Management is only applied
in discover, mostly relying on rule-based or
probabilistic modeling methods, e.g., by leverag-
ing Finite-State-Machine (FSM) approaches to
manage the sequence of dialogue acts. A small
number of systems in discover and enjoy rely on
Text-to-Speech technologies in the interaction.

NLP Toolkits. An overview of the applied toolkits
in NLU is shown in Table 4. Especially Stanford
Core NLP, ANTLR, SpaCy, and NLTK are found
to accomplish several tasks. Word2Vec is the most
popular embedding method, followed by FastText.
The Web Speech API is used primarily because
many visualization applications use web technolo-
gies. It is striking that many systems rely on N-
gram language models. In terms of Word Sense
Disambiguation, WordNet experiences great popu-
larity.
An overview of the applied toolkits in NLG is illus-
trated in Table 4. The markup language for chatbots
AIML as well as the Rasa toolkit are adopted for
Template-based text generation, as well as hand-
crafted Context-Free-Grammars. LL* Parsers are
predominantly applied in the generation of auto-
completions. Seq2Seq Modeling is experiencing
increasing interest expressed through the adoption
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NLU Method Toolkits and Technologies
Semantic Pars-
ing

ANTLR (4), Context-Free-
Grammars(CFG) (3), NLTK
(3), Stanford Core NLP
(2), AIML (2), IBM Wat-
son, NL4DV Toolkit, SpaCy,
Google Cloud Natural Lan-
guage API, OpenCalais
API, Conditional Random
Fields (CRF), Wit.ai, Stanford
SEMPRE

POS-Tagging Stanford Core NLP (6), SpaCy
(3), ClearNLP, Rasa, Compro-
mise JS

Word Embed-
ding

Word2Vec (8), FastText
(3), GloVe (2), TF-IDF(2),
Sent2Vec, BERT Embedding

Speech-to-
Text

Web Speech API (8), Mi-
crosoft Speech API (3), Google
Speech API (2), Apple Speech
Framework

NER Stanford Core NLP (3),
Chrono JS, Google NLP
Toolkit, Wikifier, OpenCalais
API, TimeML, TERNIP

Language
Modeling

N-Gram Language Model (6),
BERT (4), Bidirectional LSTM
(2)

Word Sense
Disambigua-
tion

WordNet (6), VerbNet, Con-
ceptNet, FrameNet

Dependency
Parsing

Stanford Core NLP (3),
Apache OpenNLP, SpaCy

Knowledge
Representation

RDF (2), Wolfram Alpha Unit
Taxonomy, SIMON

Constituency
Parsing

ANTLR (2), Stanford Core
NLP

Keyword Ex-
traction

TF-IDF (3)

Co-Reference
Resolution

CogCompNLP

Sentiment
Analysis

Stanford Core NLP, LSTM

Vector Search Word2Vec (2), TF-IDF

Table 4: NLP Toolkits and Technologies used for NLU
and how often they are used in the visualization applica-
tions.

of deep learning models such as different variants
of LSTM and Transformers. It is striking that, in

NLG Method Toolkits and Technologies
Template-
based NLG

AIML, Rasa, LL* Parser,
Context-Free-Grammars
(CFG), IBM Watson

Seq2Seq Mod-
eling

LSTM (3), LSTM+Attention
(2), CNN+Conditional Ran-
dom Fields (CRF) (2), Trans-
former, M4C, LayoutLM, Im-
age Transformer, Bidirectional
LSTM

Dialogue Man-
agement

Finite-State-Machines (FSM)
(2), AIML , Rasa, IBM Watson

Text-to-
Speech

Microsoft TTS

Text-
Summarization

PageRank Algorithm

Table 5: NLP Toolkits and Technologies used for NLG
and how often they are used in the visualization applica-
tions.

addition to ready-made toolkits such as Rasa and
mark-up languages such as AIML for Dialogue
Management, Finite-State-Machines are also pre-
dominantly used.

C.2 Initiative

In an interaction, the initiative is taken by the actor
that leads or controls the dialogue, e.g., via ques-
tions. McTear (2002) classifies initiative into user
initiative, system initiative, and mixed- initiative.
Litman and Pan (2004) mark, that the initiative
within a dialogue determines the set of possible
questions and responses of user and system and
therefore the outline of the dialogue. Considering
the initiator, the classification of McTear (2002) is
used as a basis for the classification including the
three general categories:

User Initiative. Language-based interactions are
classified as user-initiated when the direction of
the dialog is determined by the user’s actions, in
this case, written- or spoken utterances or other
text input. The conversation is usually conducted
through commands or questions. In addition to
prior works (McTear, 2002; Litman and Pan, 2004)
considering visualization-oriented dialogue the
data-related intent depicts an important factor
for a user to take the initiative. Exemplary, this
happens when users initiate a conversation by
formulating a query to discover new insights about
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a visualization.

System Initiative. System-initiated language-based
interactions are determined by natural language
utterances generated by the system. The system
creates the outline of the interaction towards
a previously determined goal. The user is led
towards the goal and if the goal is achieved the
visualization task is completed. An exemplary case
is a system guiding a user in a step-by-step tutorial
through the execution of a task, e.g., the identifi-
cation and elimination of outliers in a visualization.

Mixed Initiative. In mixed-initiated language-based
interaction users and systems at different times
and to different proportions contribute to the
determination of the interaction. In a visualization
context both follow a data-related intent but
the way there is characterized by negotiation,
proposals, and agreement and disagreement.
Exemplary this is the case during interactive
clustering where user and system propose different
divisions of the data space to each other nego-
tiating a good classification for the underlying data.

To carry out the classification an interaction is con-
sidered to be single-initiated (= user initiative or
system initiative only) if during the whole com-
pletion of the visualization task the same actor
is initiating. If the initiative changes at least once
the interaction is classified as mixed-initiative inter-
action. The scaling of the visualizations is normal-
ized to 100 percent.

Figure 10: Distribution of initiative over all papers.

Figure 10 shows the distribution of initiative over
all included papers in the study. In the set of contri-
butions, user-initiated interactions are predominant,
followed by mixed-initiative interactions. Only
about ten percent of the interactions are system-

initiated.

Figure 11: Distribution of initiative over tasks.

The distribution of the initiative within the individ-
ual visualization tasks is illustrated in Figure 11. In
discover and produce user-initiated interactions are
predominant. The present task contains a balanced
ratio of user- and mixed-initiated interactions. The
enjoy task is the only task, where system-initiated
interactions represent the majority.

Figure 12: Distribution of initiative over sub-tasks.

Figure 12 shows the distribution of initiative within
the single sub-task categories. Users initiate the
interactions in Keyword Search, Explanation Gen-
eration, VQA, Visualization Creation, and Docu-
mentation. System initiative is present in Augmen-
tation, Visualization Description Generation, and
Browsing. Mixed initiative interaction is modeled
in Annotation, Storytelling and less frequently in
Natural Language Querying, Browsing, and Aug-
mentation.

C.3 Duration

Within dialogue modeling, natural language-based
interactions are modeled as a sequence of dialogue
turns. In their survey Deriu et al. (2020) propose
a characterization of dialogue system types as
task-oriented dialogue systems, conversational
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agents, and interactive QA systems. The basis for
this classification is differences in the dialogue
structures supported by the different systems,
especially in their duration and task-orientedness.
Interactive QA systems are considered task-related
single- or multi-turn systems. Task-oriented
dialogue systems are considered multi-turn
systems with short interaction lengths due to the
optimization goal. Conversational agents are
classified as non-task-oriented multi-turn systems
with long interaction lengths. The decision
for single- or multi-turn dialogue systems in a
visualization-oriented dialogue is a conceptual one
that V-NLI designers have to make concerning the
quality measure that is set on the system. Single
turn systems, e.g., hold higher risks in failing to
resolve ambiguities or vague expressions from a
single query than multi-turn systems that can pose
requests, but also deliver the result in the quickest
possible way.

Depending on the visualization task and sub-task
at hand, the interaction structures differ. To carry
out a uniform duration classification we consider
the length of the human-machine dialogue, that
is modeled by the application as the decisive cri-
terion. Therefore, interactions that include more
than a single utterance in the calculation of the
next response (e.g. by including the dialogue his-
tory in context management) and interactions that
support more than one dialogue turn for users
and system respectively are considered multi-turn.
An interaction is considered to be single-turn if
user and system utter at maximum one utter-
ance respectively in a coherent dialogue.

Figure 13: Distribution of duration over all papers.

Figure 13 shows that the modeled interactions in
almost two-thirds are single turn and one-third are
multi-turn.

Figure 14: Distribution of duration over tasks.

On the task level, in present and enjoy interactions
are predominantly single-turned (see Figure 14). In
the discover and produce task the ratio of multi- to
single turn interactions is rather balanced.

Figure 15: Distribution of duration over sub-tasks.

Figure 15 illuminates the distribution of duration
on a sub-task level. Explanation Generation and
VQA are modeled in single turn interactions similar
to Keyword Search, Augmentation, and Browsing.
Multi-turn interactions are found predominantly
in Natural Language Querying, Visualization Cre-
ation, and Documentation.

C.4 Communicative Functions

Bunt (2009) introduces a taxonomy for dialogue
act classification. Following that, each individual
speech act in a conversation is classified due to
the communicative function it carries. On a high
level, these general-purpose functions distinguish
speech acts as that every individual turn carries
either information providing, information seeking,
commissive or directive functionality. Especially
since visualization-oriented interactions are multi-
modal designers of V-NLI have to decide which
communicative functions are adopted by visual el-
ements as a complementary modality to language

370



in multi-modal dialogue. The examination of com-
municative functions in the applications at hand
is carried out with the idea in mind of gaining an
overview of who holds which share of which com-
municative function in the modeled dialogues. The
aim is to help to better characterize and compare
the dialogues in the individual tasks and sub-tasks.
For contributions that provide access to exemplary
human-machine dialogues either within the paper
or the supplemental material the presence of each
of the communicative functions information provid-
ing, information seeking, commissive, or directive
is detected for user and system respectively (see
Table 6). The representation of the identified com-
municative functions is in absolute quantities for
the respective sub-task under consideration.

Figure 16: Distribution of communicative functions in
task present.

Figure 16 shows the characteristic distribution of
communicative functions for the task present and
its respective sub-tasks. It turns out that in these
interactions systems predominantly provide users
with information. In Visual Storytelling the user
and the system complement each other in different
modalities, textual and visual, to jointly present
visual insights in the form of a multi-modal story.
Explanation Generation is characterized by users
who are looking for an explanation for a certain
behaviour, which can be understood more easily
with the help of a visualization and a generated text
description acting as a guide.
Figure 17 illuminates the shares of communicative
functions in the visualization task discover and the

Figure 17: Distribution of communicative functions in
task discover.

respective sub-tasks. It shows that interactions in
Keyword Search and Visual Question Answering
are predominantly characterized by users seeking
information and systems providing those to the user.
In Keyword Search commissives are occasionally
uttered by the system to respond to user-induced
directives in dialogue. Visual Question Answer-
ing follows the classic question-answer scheme in
which users bundle their search for information in a
question and systems provide textual answers that
can be substantiated by the visualization. Natural
Language Querying and Browsing contain a more
variable profile of communicative functions which
also accommodate higher numbers of directives
such as, e.g., system-generated suggestions used to
pose recommendations to the user in Browsing or
commands in Natural Language Querying applied
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by users to make the system execute an action. In-
terestingly, commissive utterances occur especially
in longer analytical conversations, for example, to
confirm the loading of a data set or to acknowledge
the perception of a command given by the user.
When looking at the distribution of communicative
functions in Browsing, it becomes clear that the
system tries to facilitate the user’s entry into visual
exploration by providing additional information or
directives.

Figure 18: Distribution of communicative functions in
task enjoy.

The enjoy task is characterized through systems
providing the user with additional information as
well as occasional directives in the Augmentation
task (see Figure 18). Users occasionally ask for
information, but the bulk of the interaction consists
of the system presenting information to the user or
suggesting directives for future interaction. In Visu-
alization Description Generation, the special focus
of systems is on providing information to visually
impaired people. Describing scenes from a visu-
alization in detail so that visually impaired people
can perceive them in their full detail requires high-
quality text generation that goes beyond standard
image captioning.
Interactions in the context of artifact production de-
liver diverse profiles of communicative functions,
as shown in Figure 19. Annotation is characterized
by users providing information, e.g., in form of text
labels and systems that direct the user, e.g., by mak-
ing suggestions where to put those. Interactions in
Visualization Creation face user and system con-

Figure 19: Distribution of communicative functions in
task produce.

tributing information as well as systems delivering
additional suggestions for the next step in the cre-
ation process. In Documentation, systems provide
textual information in form of a report during or
after a user interaction with a visual model.
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Table 6: Table of references to contributions included in the study sorted according to the abstract visualization task
(Task) and sub-task (Sub). Contributions within the same task category share the same color base. Categories the
works are evaluated on are duration (Dur), initiative (Init), and present communicative functions (CF), respectively
for user (CF - User) and system (CF - System). The individual communicative functions that are investigated are
information seeking (IS), information providing (IP), commissives (CM), and directives (DI).

References Task Sub Dur Init CF - User CF - System
IS IP CM DI IS IP CM DI

Bryan et al. (2017) Pre Sto MT MI ✗ ✓ ✗ ✗ ✗ ✓ ✗ ✗

Kwon et al. (2014) Pre Sto ST UI ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗

Metoyer et al. (2018) Pre Sto ST MI ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗

Hohman et al. (2019) Pre Exp ST UI ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗

Feng et al. (2018) Dis Key ST UI ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗

Chowdhury et al. (2021) Dis Key MT UI ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗

Chung et al. (2010) Dis Key ST UI ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗

Fraser et al. (2020) Dis Key ST UI ✓ ✗ ✗ ✓ ✗ ✓ ✓ ✗

Schleußinger (2018) Dis Key ST UI ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗

Isaacs et al. (2014) Dis Key MT UI ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗

Peltonen et al. (2017) Dis Key ST UI ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗

Siddiqui and Hoque (2020) Dis Key ST UI ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗

Singh and Shekhar (2020) Dis VQA ST UI ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗

Mathew et al. (2021) Dis VQA ST UI ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗

Chaudhry et al. (2020) Dis VQA ST UI ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗

Choi et al. (2019b) Dis Que ST UI ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗

Choi et al. (2019a) Dis Que ST UI ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗

Liu et al. (2021) Dis Que ST UI ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗

Hoque et al. (2018) Dis Que MT UI ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗

Siddiqui (2021) Dis Que ST UI ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗

Bacci et al. (2020) Dis Que ST UI ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗

Narechania et al. (2021) Dis Que ST UI ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗

Yu and Silva (2020) Dis Que MT UI ✗ ✗ ✗ ✓ ✗ ✓ ✗ ✗

Setlur et al. (2016) Dis Que MT UI ✓ ✗ ✗ ✓ ✗ ✓ ✗ ✗

Sun et al. (2014) Dis Que ST UI ✓ ✗ ✗ ✓ ✗ ✓ ✗ ✗

Aurisano et al. (2016) Dis Que MT UI ✓ ✗ ✗ ✓ ✗ ✓ ✗ ✗

Srinivasan et al. (2019a) Dis Que ST MI ✓ ✗ ✗ ✓ ✗ ✓ ✗ ✓

Setlur and Kumar (2020) Dis Que ST UI ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗

Setlur et al. (2019) Dis Que ST UI ✓ ✗ ✗ ✓ ✗ ✓ ✗ ✗

Gao et al. (2015) Dis Que ST MI ✓ ✗ ✗ ✓ ✗ ✓ ✗ ✓

John et al. (2017) Dis Que MT MI ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✓

Srinivasan et al. (2021a) Dis Que ST UI ✗ ✗ ✗ ✓ ✗ ✓ ✗ ✗

Wang et al. (2021) Dis Que MT MI ✗ ✗ ✗ ✓ ✓ ✓ ✗ ✓

Shao and Nakashole (2020) Dis Que MT UI ✗ ✗ ✗ ✓ ✗ ✓ ✗ ✓

Srinivasan et al. (2020a) Dis Que MT UI ✗ ✗ ✗ ✓ ✗ ✓ ✗ ✗

Mazumder and Riva (2021) Dis Que ST UI ✗ ✗ ✗ ✓ ✗ ✓ ✗ ✗

Lawrence and Riezler (2016) Dis Que ST UI ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗

Fast et al. (2018) Dis Que MT MI ✓ ✓ ✗ ✓ ✓ ✓ ✓ ✓

Kassel and Rohs (2018) Dis Que MT UI ✓ ✗ ✗ ✓ ✗ ✓ ✓ ✗

Kumar et al. (2020a) Dis Que MT UI ✓ ✗ ✗ ✓ ✗ ✓ ✗ ✗

Dhamdhere et al. (2017) Dis Que MT UI ✓ ✗ ✗ ✓ ✗ ✓ ✗ ✓

Continued on next page
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References Task Sub Dur Init CF - User CF - System
IS IP CM DI IS IP CM DI

Manuvinakurike et al. (2018) Dis Que MT UI ✗ ✓ ✗ ✓ ✗ ✓ ✓ ✗

Seipel et al. (2019) Dis Que ST UI ✓ ✗ ✗ ✓ ✗ ✓ ✗ ✗

Srinivasan and Stasko (2018) Dis Que MT UI ✓ ✗ ✗ ✓ ✗ ✓ ✗ ✓

Kim et al. (2021c) Dis Que ST UI ✓ ✗ ✗ ✓ ✗ ✓ ✗ ✗

Bieliauskas (2017) Dis Que MT MI ✓ ✓ ✗ ✓ ✓ ✓ ✓ ✓

Sperrle et al. (2021) Dis Que MT MI ✗ ✗ ✗ ✗ ✗ ✓ ✗ ✓

El-Assady et al. (2020) Dis Que MT MI ✗ ✗ ✗ ✗ ✗ ✓ ✗ ✓

Langevin et al. (2018) Dis Que MT MI ✓ ✗ ✗ ✓ ✗ ✓ ✗ ✓

Hu et al. (2018) Dis Que ST MI ✗ ✗ ✗ ✗ ✗ ✓ ✗ ✓

Setlur et al. (2020) Dis Bro ST UI ✓ ✗ ✗ ✓ ✗ ✓ ✗ ✓

Lee et al. (2021) Dis Bro MT UI ✓ ✗ ✗ ✓ ✗ ✓ ✗ ✓

Luo et al. (2018) Dis Bro ST UI ✓ ✗ ✗ ✓ ✗ ✓ ✗ ✓

Lima (2020) Dis Bro ST UI ✓ ✗ ✗ ✓ ✗ ✓ ✗ ✓

Srinivasan and Setlur (2021) Dis Bro ST MI ✓ ✗ ✗ ✓ ✗ ✓ ✗ ✓

Luo et al. (2020) Dis Bro MT SI ✗ ✓ ✗ ✗ ✓ ✓ ✗ ✗

Cui et al. (2019) Dis Bro ST MI ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✓

Lallé et al. (2021) Enj Aug ST UI ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗

Lai et al. (2020) Enj Aug ST SI ✗ ✗ ✗ ✗ ✗ ✓ ✗ ✗

Kandogan (2012) Enj Aug ST SI ✗ ✗ ✗ ✗ ✗ ✓ ✗ ✗

Srinivasan et al. (2019b) Enj Aug MT MI ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✓

Xia et al. (2020) Enj Aug ST SI ✗ ✗ ✗ ✗ ✗ ✓ ✗ ✗

Hullman et al. (2013) Enj Aug ST SI ✗ ✗ ✗ ✗ ✗ ✓ ✗ ✗

Moraes et al. (2014) Enj VDG ST SI ✗ ✗ ✗ ✗ ✗ ✓ ✗ ✗

Murillo (2020) Enj VDG ST UI ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗

Choi et al. (2019c) Enj VDG MT SI ✗ ✗ ✗ ✗ ✗ ✓ ✗ ✗

Sperrle et al. (2019) Pro Ann ST MI ✗ ✓ ✗ ✗ ✗ ✗ ✗ ✓

Ren et al. (2017) Pro Ann ST UI ✗ ✓ ✗ ✗ ✗ ✗ ✗ ✓

Latif et al. (2021) Pro Ann MT MI ✗ ✓ ✗ ✗ ✗ ✗ ✗ ✓

Cui et al. (2020) Pro VC ST UI ✗ ✓ ✗ ✗ ✗ ✓ ✗ ✗

Xia (2020) Pro VC MT UI ✗ ✓ ✗ ✗ ✗ ✗ ✗ ✓

Nafari and Weaver (2015) Pro Doc MT UI ✗ ✗ ✗ ✗ ✗ ✓ ✗ ✗
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Abstract

This work studies temporal reading comprehen-
sion (TRC), which reads a free-text passage and
answers temporal ordering questions. Precise
question understanding is critical for tempo-
ral reading comprehension. For example, the
question “What happened before the victory”
and “What happened after the victory” share
almost all words except one, while their an-
swers are totally different. Moreover, even if
two questions query about similar temporal re-
lations, different varieties might also lead to
various answers. For example, although both
the question “What usually happened during
the press release?” and “What might happen
during the press release” query events which
happen after the press release, they convey di-
vergent semantics. To this end, we propose a
novel reading comprehension approach with
precise question understanding. Specifically, a
temporal ordering question is embedded into
two vectors to capture the referred event and the
temporal relation. Then we evaluate the tempo-
ral relation between candidate events and the
referred event based on that. Such fine-grained
representations offer two benefits. First, it en-
ables a better understanding of the question
by focusing on different elements of a ques-
tion. Second, it provides good interpretabil-
ity when evaluating temporal relations. Fur-
thermore, we also harness an auxiliary con-
trastive loss for representation learning of tem-
poral relations, which aims to distinguish re-
lations with subtle but critical changes. The
proposed approach outperforms strong base-
lines and achieves state-of-the-art performance
on the TORQUE dataset. It also increases the
accuracy of four pre-trained language models
(BERT base, BERT large, RoBERTa base, and
RoBETRa large), demonstrating its generic ef-
fectiveness on divergent models.

∗Work is done during internship at Microsoft.
†Corresponding author.

Figure 1: Examples of temporal reading comprehension.
Temporal relations are diverse: Q1-Q5 list examples of
possible varieties of temporal relations. Small changes
in the question might lead to substantially divergent
semantics: replacing usually in Q4 with might in Q5
leads to different answers. Related events are underlined
in the passage.

1 Introduction

Understanding temporal relationships between
events in a passage is essential for natural lan-
guage understanding (Wang et al., 2019; Dong
et al., 2019). Temporal reading comprehension
(TRC) (Ning et al., 2020) is a natural way to study
temporal relations since natural language questions
are flexible to capture divergent temporal relations
(Zhou et al., 2021). Figure 1 shows several exam-
ples of temporal reading comprehension, where
given a free-text passage, a system is required to
answer temporal questions like “What usually hap-
pened during the press release?”.

A natural solution for temporal ordering un-
derstanding is to compare each candidate answer
and the referred event in the question and classify
their temporal relation into several pre-defined cate-
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gories, e.g., UzZaman et al. (2013) defines 13 possi-
ble relations such as after, ends, equal to. Nonethe-
less, since temporal relationships vary greatly, it is
almost impossible to enumerate all possible rela-
tionships. Figure 1 shows several divergent vari-
eties of temporal relations: one might query about
plain after in Q1, negated after in Q2, constrained
after in Q3, etc. Similarly, a question might query
about usually happen in Q4, might happen, or
other relations. Moreover, creating sufficient la-
bels for all such relations is costly and poses great
challenges for real-world applications. Therefore,
the classification-based approach is incompetent
to handle the flexible relations in temporal reading
comprehension.

Another paradigm is to formulate it as a read-
ing comprehension problem and directly predict
the answer to a question. With the help of large
pre-trained language models (e.g., BERT (Devlin
et al., 2019) and RoBERTa (Liu et al., 2019)), such
approaches have achieved relatively good perfor-
mance. However, they still struggle for the tempo-
ral reading comprehension task due to the lack of
precise question understanding. For example, given
the same passage, the BERT model fine-tuned on
SQuAD (Rajpurkar et al., 2016) predicts the same
answer to the two questions (Ning et al., 2020),
“What happened before a woman was trapped” and
“What happened after a woman was trapped”. In
this case, although the two questions share almost
the same words, the only different one between
before and after leads to completely opposite inten-
tions. Moreover, even if two questions query about
similar relations, different varieties might also lead
to various answers. Take the question Q4 “What
usually happened during the press release?” and
“What might happen during the press release?” in
Figure 1 as an example. Although they both query
about events occurring after the press release, the
slight difference conveys divergent semantics and
leads to different answers.

To tackle these challenges, we propose a novel
question answering approach with precise ques-
tion understanding. Intuitively, temporal ordering
questions consist of two elements, referred events,
and concerned temporal relations. For example,
the question “What usually happened during the
press release?” can be decomposed into the re-
ferred event the press release and the concerned
relation usually happen during. Inspired by this ob-
servation, we first encode such questions into two

representations, the event vector hc and the relation
vector hr. Then we evaluate how well each candi-
date answer matches the relation hr compared to
hc with a separate MLP module. Such fine-grained
representations enable a better understanding of
questions by focusing on different elements with
different vectors and further provides good inter-
pretability about the reasoning process. More im-
portantly, it empowers the model to capture the se-
mantics of divergent variants of temporal relations.
Specifically, we harness an auxiliary contrastive
loss that aims to distinguish relations with subtle
but critical changes.

We evaluate the proposed approach on the
TORQUE dataset and achieve state-of-the-art per-
formance compared to strong baselines. We further
testify its effectiveness based on four different mod-
els (i.e., BERT base, BERT large, RoBERTa base,
RoBERTa large) and demonstrate that precise ques-
tion understanding can improve the QA accuracy
for all models. Ablation study shows that both
question representation learning and contrastive
loss play a critical role in the approach.

2 Related Work
Temporal machine comprehension is closely re-
lated to two areas of works, i.e., machine reading
comprehension and temporal ordering reasoning.

2.1 Machine Reading Comprehension
Machine reading comprehension (MRC) (Ra-
jpurkar et al., 2016, 2018) has attracted much
attention in recent years. Traditional solutions
to MRC tasks focus on utilizing the interaction
information between questions and passages via
attention-based structures (Kadlec et al., 2016;
Dhingra et al., 2017). Later on, pre-trained lan-
guage models (PLMs), e.g., BERT (Devlin et al.,
2019), RoBERTa (Liu et al., 2019), and XLNet
(Yang et al., 2019), have been widely used for MRC
tasks. With the sheer scale of parameters and the
pretraining strategies, PLMs capture more knowl-
edge from the context and have shown outstanding
performance on traditional MRC benchmarks.

For more challenging MRC tasks which intro-
duce multi-hop reasoning (Yang et al., 2018), nu-
merical reasoning (Dua et al., 2019), etc., the
generic PLMs become not applicable. Recent ef-
forts use graph-based reasoning approaches (Chen
et al., 2020) or define specific pretraining training
techniques (Raffel et al., 2020) to solve the above
challenges. However, existing MRC approaches
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still struggle for the temporal reading comprehen-
sion task due to the lack of temporal relation un-
derstanding (Ning et al., 2020). Hence, we propose
a novel question answering approach with precise
question understanding to tackle this challenge.

2.2 Temporal Ordering Reasoning

Traditional temporal order reasoning tasks (UzZa-
man et al., 2013; Cassidy et al., 2014; Ning et al.,
2018), are often formulated as relation extraction
tasks. Given the context passage, the target is
to classify the relation between every two events
from a predefined relation set, e.g., UzZaman et al.
(2013) defines 13 possible relations such as after,
ends, equal to. Existing solutions can be roughly
classified into two categories. The first category
focuses on developing the structure of the encoder
to capture more temporal information. For exam-
ple, Cheng et al. (2020) add up a GRU-based dy-
namically updating structure upon the outputs of
the common BERT sentence encoder. The second
category focuses on joint learning with external
knowledge or some specific constraints. For in-
stance, Ning et al. (2019) significantly improve the
extraction performance by joint training temporal
and causal relations.

However, the success of the existing approaches
is limited to the formulation of the traditional tem-
poral order reasoning tasks, where the events and
the candidate temporal relation set are fixed. How-
ever, the fixed candidate relation set cannot cover
all temporal relations in our daily uses. The most re-
cent released dataset, TORQUE (Ning et al., 2020),
formulates temporal ordering reasoning as a ma-
chine reading comprehension task. Given a context
passage, we need to answer a free-text question
about the temporal relations in the context passage.
The task is much analogous to our real-world tasks
and is more challenging – we need to automatically
identify the events and the relations in the free-text
question to retrieve the answers from the context
passage. To the best of our knowledge, we are the
very first to address this challenge.

3 Our Approach

We first introduce the definition of temporal reading
comprehension (TRC) and then describe the model
architecture consisting of contextual encoder, ques-
tion understanding, and event relation assessment.
Finally, we provide details for the learning and
inference process.

3.1 Task Definition
The Temporal Reading Comprehension (TRC) task
is defined as follows. Given a passage P which
describes a set of events, a system is required
to answer a temporal ordering question Q. Here
events refer to verbs or nouns which define actions
or states. A temporal ordering question usually
queries events satisfying some concerned temporal
relations considering one or more referred events.
For example, the first passage in Figure 1 describes
events about Hamas goverment, and question Q1
queries which events have the temporal relation
happen after with the referred event the victory.
The answer set A to a question Q could be empty
when no events meet the requirement.

3.2 Model Architecture

Figure 2: An overview of the proposed model.

Figure 2 depicts the proposed model architecture.
Specifically, the passage P and question Q are
first encoded by a contextual-aware encoder, after
which the representations of the question are passed
to a question understanding module. Finally, each
candidate answer is evaluated considering whether
it satisfies the concerned relation to the referred
event by an event relation assessment module.
Contextual Encoder We first encode the
passage-question pairs with a pre-trained language
model encoder, and here we take BERT as an ex-
ample. Given a questionQ = [qi]

m
i=1 and a passage

P = [pi]
n
i=1, where m and n are token numbers,

we concatenate them into a sequence with the for-
mat of [cls] question [sep] passage [sep], which
is then fed into the contextual encoder to generate
the embeddings,

[hq
1, ...,h

q
m,h

p
1 , ...,h

p
n] =

BERT([q1, ..., qm, p1, ..., pn]),
(1)

where hq
i ,h

p
i ∈ Rd are embeddings for question

token qi and passage token pi, and d is the embed-
ding size.
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Figure 3: The structure of attention-based event/relation
extractor, with attention loss for it.

Question Understanding As discussed in Sec-
tion 1, precise question understanding plays an
essential role in TRC task. Therefore, we propose
a question understanding module to achieve that.
Intuitively, a temporal ordering question consists of
two elements, referred events, and concerned tem-
poral relation. For example, the question “What
usually happened during the press release” queries
the temporal relation usually happen to the event
the press release. A straightforward solution is to
decompose the question into two segments directly.
However, natural language questions vary a lot, and
hard decomposition is risky and might propagate
errors to downstream modules, which is verified by
experimental analysis in Section 4.5,

Therefore, we design an attention-based extrac-
tor to decompose the question implicitly, and ob-
tain two hidden representations, hc for the referred
event and hr for the concerned temporal relation
as follows,

s
(z)
i = tanh(W

(z)
1 hq

i + b
(z)
1 ), z ∈ {c, r} (2)

α
(z)
i = Softmax(W

(z)
2 s

(z)
i + b

(z)
2 ), z ∈ {c, r}

(3)

hz =

m∑

i=1

α
(z)
i hq

i , z ∈ {c, r} (4)

where W(c),W(r) ∈ Rd, and b(c), b(r) ∈ R are
learn-able weights for the extractor, hq

i ∈ Rd is
the embedding for the i-th question token. To effec-
tively learn hr and hc, we employ several auxiliary
losses in the training phase, which will be described
in section 3.3.

Figure 4: The structure of the event relation assessment,
with answer prediction loss for it.

Event Relation Assessment Given the question
representations hr and hc, the event relation as-
sessment module evaluates how a candidate an-
swer satisfy the relation hr with respect to hc.
Let e = pi . . . pi+l denotes the candidate answer,
which consists of l tokens in the passage P . We
first get the representation of e by pooling over
according token vectors,

he = Pool(hp
i , . . . ,h

p
i+l). (5)

Then we concatenate the representations of the
candidate event he, question relation hr, and the
question event hc, and feed it into a two-layer MLP,
followed by a softmax function to get the final
probability,

oe = tanh(Wo
1[he;hc;hr] + bo

1), (6)

pe = Softmax(Wo
2oe + bo

2), (7)

where Wo
1 ∈ R3d×d′ , Wo

2 ∈ Rd
′×2, bo

1 ∈ Rd
′
,

bo
2 ∈ R2 are model parameters, and ; indicates

concatenation. pe ∈ R2 is the probability whether
the candidate e satisfies the temporal relation hr
with respect to event hc.

3.3 Learning Objectives
We employ three learning objectives for model
training, including a classification lossLqa function
for final answer prediction, and an attention loss
Latt and a contrastive loss Lcon for precise ques-
tion understanding. The overall loss is a weighted
combination of all the objectives,

L = wqaLqa + wattLatt + wconLcon. (8)
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Answer Prediction Loss The training objective
for final answer prediction is defined as,

Lqa = −
∑

e∈C
wep̂

T
e logpe, (9)

where C is the candidate event set, we is the weight
for candidate e, pe ∈ R2 is the predicted probabil-
ity from Eq. (7), and p̂e ∈ {0, 1}2 is the golden
label indicating whether the candidate e belongs to
the final answer of the question.

Usually, the candidate set C is derived by pre-
liminary filtering all unigrams in the passage P .
However, some candidates are easy to be classified
while others are not. For example, it is easy to clas-
sify the word government in Figure 1 as a negative
answer since it is not an event. In contrast, predict-
ing whether the word frozen is the answer for Q1
in Figure 1 is more challenging. Inspired by this
observation, we assign weights we for candidates
in the learning objective, we = 1.5 if e is an event,
and otherwise we = 1.0. The label of whether
a word is an event can be derived when labeling
the final answer with little effort, so we can safely
assume that we always have such annotation1.

Attention Loss Besides the answer prediction
loss, we also leverage an auxiliary loss to guide
the learning of the attention score α(c)

i and α(r)
i

defined in Eq. (3). We first derive silver annota-
tion for referred events and concerned relation in
a passage using a rule-based approach, which will
be detailed in Section 4.2. Let Qc, Qr be the set
of event and relation tokens according to the silver
annotation. Then we have α̂(z)

i (z ∈ {c, r}) as the
derived attention label,

α̂
(z)
i =

{
1
|Qz | , if qi ∈ Qz,
0, otherwise.

(10)

The attention loss is defined as,

Latt = Lc + Lr, (11)

where

Lz = −
∑

i

α̂
(z)
i logα

(z)
i , z ∈ {c, r}. (12)

Contrastive Loss As shown in Figure 1, a small
change of a question might lead to substantially di-
vergent temporal relations. To this end, we propose

1The TORQUE dataset in our experiment also contains
such annotation, and we use it directly in our approach

Figure 5: Illustration of the contrastive loss for question
understanding.

to leverage a contrastive loss for precise learning
of question relation representations.

For the relation representation hr of a question
Q, we derive a positive vector hp

r and a set of
negative ones {hn

r,i}Ni=1). The positive sample hp
r

is obtained in two ways. First, we search ques-
tions with the same temporal relations but different
events, from which we randomly sample one and
take its relation representation as hp

r . Note we can
get the silver annotation of events and relations in
a question by a rule-based approach. Please re-
fer to section 4.2 for more details. Second, if no
such questions can be found, we take the similar
approach as in SimCSE (Gao et al., 2021), which
applies a different dropout on hr and gets a variant
of hr as hp

r . We search questions that contain the
same events by different temporal relations with
respect to Q, and take their relation representations
as the negative set {hn

r,i}Ni=1).
Given the triple (hr,h

p
r , {hn

r }) for the question
Q, its loss is defined as,

Lcon(Q) =

− log
ecos(hr,h

p
r )

ecos(hr,h
p
r ) + 1

N

∑N
i=1 e

cos(hr,hn
r,i)
,

(13)

where cos() indicates cosine similarity.

3.4 Inference
The inference phase takes three steps. First, we gen-
erate a candidate set Cp for each passage P . Gener-
ally speaking, one can take any n-gram in P as a
candidate. In temporal relation understanding, we
usually take a triggering word as an event candidate.
Therefore, Cp is the set of all unigrams in P . Then,
we filter Cp according to part-of-speech (POS) tag-
ging. Specifically, we use an off-the-shelf POS tag-
ger to tag all words in P , and then keep only verbs
and nouns in Cp. Finally, each candidate e ∈ Cp
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together with the passage P and the question Q
is fed into our proposed model, and e is evaluated
according to Eq. (7) and gets its score pe, where
pe,0 represents the probability that the candidate
matches the question Q. Then we can get the final
answer set A as A = {e : e ∈ Cp and pe,0 > τ},
where τ is a predefined threshold.

4 Experiments
This section describes an empirical evaluation of
our proposed approach. We also provide analysis,
ablation studies, and case analysis to demonstrate
its effectiveness.

4.1 Settings
Dataset We evaluate the proposed approach on
the TORQUE dataset. TORQUE is a temporal
reading comprehension benchmark. Each training
sample contains a passage and a question requiring
understanding temporal relation between events in
the passage. Figure 1 shows several examples of
training data. The answer to a question consists
of an event set A, and A could be empty if no
event in the passage satisfies the requirement of the
question. In TORQUE, events are defined as event
triggers, usually verbs or nouns describing actions
or states. There are 3.16k passages with 30.7k ques-
tions in total and 2 events for an answer on average.
We follow the official split2 with 80%/5%/15% of
data in training/validation/test.

Evaluation Metrics Following Ning et al.
(2020)3, we report three metrics in our exper-
iment, including standard macro F1 and Exact
Match (EM) for question answering and consis-
tency score(C). There are multiple annotations for
each passage-question pair, which might not al-
ways be consistent with each other. We follow the
official implementation. Specifically, for each sam-
ple, a model’s prediction is evaluated according to
all annotations, where the largest score is selected
and aggregated as the final result.

4.2 Implementation Details
We experiment four pre-trained language mod-
els as our contextual encoder, i.e., the base and
large model of BERT (Devlin et al., 2019) and
RoBERTa (Liu et al., 2019). The embedding size
d is set to 64, d′ in Eq (6) and Eq (7) is set
to 64. The threshold τ for inference is set to
0.5. In model training, the batch size is set to

2https://github.com/qiangning/TORQUE-dataset
3https://github.com/rujunhan/TORQUE

16, the dropout rate is set to 0.5. The combina-
tion weight wqa, watt and wcon in Eq. (8) is set
to 1.0, 0.3, and 1.0, respectively. We search the
learning rate lr, with grid searching within 3 tri-
als in lr ∈ {0.9× 10−5, 1.0× 10−5, 1.1× 10−5}
for the base and large model of RoBERTa, and
lr ∈ {4.0× 10−5, 5.0× 10−5, 6.0× 10−5} for the
base and large model of BERT. The implementa-
tion is based on Python and trained on a Tesla V100
GPU with Adam optimizer for approximately three
hours (base model with approximately 110M pa-
rameters) and ten hours (large model with approx-
imately 340M parameters). We get the averaged
result of three trials for each setting, choose the
model with the highest F1 score on the develop-
ment set, and report the performance on the test set
derived from the official online test4.

Deriving Attention Annotation The relation an-
notation Qr for question Q is derived as follows.
First, we compile a dictionary for temporal rela-
tions, such as before, after, etc. Please refer to
Appendix A.1 for the complete list. Then Qr is
constructed with those words in Q that hit the dic-
tionary. The event annotation Qc is mainly derived
according to the passage P . Particularly, we as-
sume the mentioned event list E in P is known. If
a word ofQmatches an event inE, it is included in
Qc. Otherwise, if no words of Q hit E, we rely on
the relation annotation. Suppose the last relation
word is in position k, then Qk+1...n is set as Qc.

4.3 Main Results
We compare our approach with the baseline (Ning
et al., 2020), which takes a passage and the corre-
sponding question as input and applies a one-layer
perception on the embedding of each token to pre-
dict whether it is the answer of the question or not.
The comparison results with four different contex-
tual encoders are shown in Table 1. The table shows
that our proposed approach outperforms the base-
line on nearly all evaluation metrics. Our model
achieves state-of-the-art results with the RoBERTa-
large encoder, increasing the F1 score by 1.8% and
0.9% for the dev and test set, respectively. We can
see a huge increase for the consistency score (C) on
the test set from 34.5% to 38.1%. Using other pre-
train language models like BERT-base, our model
also improves the performance compared to the
baseline approach, by 2.6%, 3.2%, 2.5% in terms
of F1, EM, and C score, respectively. Although

4https://leaderboard.allenai.org/torque/submissions/public
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Dev Test
F1 EM C F1 EM C

BERT-base

baseline† 67.6 39.6 24.3 67.2 39.8 23.6
Ours 70.5 44.6 26.2 69.8 43.0 26.1
∆ +2.9 +5.0 +1.9 +2.6 +3.2 +2.5

BERT-large

Baseline† 72.8 46.0 30.7 71.9 45.9 29.1
Ours 73.5 46.5 31.8 72.6 45.1 30.1
∆ +0.7 +0.5 +1.1 +0.7 -0.8 +1.0

RoBERTa-base

Baseline† 72.2 44.5 28.7 72.6 45.7 29.9
Ours 73.3 47.0 32.5 73.5 46.8 31.5
∆ +1.1 +3.5 +3.8 +0.9 +1.1 +1.6

RoBERTa-large

Baseline† 75.7 50.4 36.0 75.2 51.1 34.5
Ours 77.5 52.2 37.5 76.1 51.0 38.1
∆ +1.8 +1.8 +1.5 +0.9 -0.1 +3.6

Human - - - 95.3 84.5 82.5

Table 1: Comparison of our approach and the baseline
on the TORQUE Dataset. † denotes published results
(Ning et al., 2020).

there is still a large gap towards the human perfor-
mance, our model takes a large step compared to
the baseline approach, verifying the effectiveness
of the proposed approach.

4.4 Ablation Study

Models F1 EM C

OUR MODEL 76.1 51.0 38.1
-con 75.8 (-0.3) 49.8 (-1.2) 37.0 (-1.1)
-con -att 75.6 (-0.5) 50.8 (-0.2) 36.6 (-1.5)
-we 75.8 (-0.3) 50.6 (-0.4) 37.6 (-0.5)
-all 74.8 (-1.3) 49.7 (-1.3) 34.0 (-4.1)

Table 2: Ablation study on the test set of TORQUE.
RoBERTa-large is used as contextual encoder.

We conduct an ablation study to illustrate the ef-
fectiveness of each loss in our approach. As shown
in Table 2, removing the contrastive loss will lead
to a 1.1% drop on consistency value. When we
remove both the contrastive and attention loss for
question understanding and use mean pooling over
the contextual embedding of the whole question
token sequence, the macro F1 score and the con-
sistency score decrease by 0.5% and 1.5%, respec-
tively, showing that precise question understanding
plays a critical role for TRC. Also, we remove
weight we in the answer prediction loss in Eq. (9),
which results in a 0.3% drop in terms of the F1
score. When all auxiliary loss is removed, which

is basically the same as the baseline model with
our own implementation, it leads to a huge gap
of 1.3%, 1.3%, 4.1% on macro F1, exactly match
and Consistency score, respectively. The results
of the ablation study indicate that each element of
our proposed model is critical for temporal relation
understanding.

4.5 Question Representation Analysis

Models F1 EM C

w contrastive loss

attention-based 76.1 51.0 38.1
rule-based 75.8 (-0.3) 50.6 (-0.4) 37.6 (-0.5)

w/o contrastive loss

attention-based 75.8 49.8 37.0
rule-based 75.6 (-0.2) 48.9 (-0.9) 36.3 (-0.7)

Table 3: Comparison of attention-based and rule-based
question representation learning. RoBERTa-large is
used as contextual encoder.

As discussed in Section 3.2, a straightforward
solution for question understanding is to decom-
pose a temporal ordering question into two parts
directly. This section compares our attention-based
approach with the hard question decomposition,
which obtains the two question vectors hr and hc

by conducting mean pooling over embeddings of
tokens in Qr and Qc respectively. The comparison
results are shown in Table 3. We can see that al-
though the rule-based approach achieves relatively
good accuracy, it still underperforms our attention-
based approach. For example, when no contrastive
loss is employed, the EM score drops by 0.9%
when replacing the attention-based representation
with the rule-based one. The possible reason is
that the rule-based decomposition cannot handle
all questions perfectly, and errors in the decompo-
sition will be propagated to downstream modules.
For example, “What could have happened while
the announcement was made but didn’t?”. “but
didn’t” is a crucial negate in the temporal relation,
but the rule-based method might miss it.

4.6 Case Study
Figure 6 shows predicted answers of our model
and the baseline for several questions. For the first
passage, Questions 1, 2, and 3 inquire about the
“happened after” temporal relation, but with subtle
differences. Q1 is the most common form, which
can be answered correctly by both the baseline and
our proposed approach. Meanwhile, the baseline
model can not capture the negation information
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Figure 6: Case study of our approach and the baseline model. Correct answers are marked in blue. Incorrect ones are
marked in red. Candidate events in passages are underlined. Both the baseline and our approach use RoBERTa-large
as encoder.

in Q2 and fails to predict the correct answer. In
Q3 “happened after” is constrained by the word
begin, which confuses the baseline model and leads
to partially correct answers. In contrast, our pro-
posed approach can capture these subtle but critical
differences and thus makes correct predictions.

For the second passage, our proposed model
performs better for all three questions of differ-
ent temporal types. Q1 and Q2 are variants of
uncertain relations, which query about two oppo-
site temporal relations “started after” and “started
before”. The word “might” brings uncertainty for
the concerned temporal relation, which confuses
the baseline model, leading to the wrong predic-
tion for the candidate answer “turbulence” for both
questions. Q3 queries about a popular temporal
relation, and our model can precisely capture the
difference between it and two other ones and pre-
dict that the candidate event “increase” does not
meet its requirement since it comes from a contro-
versial report.

4.7 Error Analysis
We randomly sample 100 wrongly predicted
question-passage pairs from the validation set,
which can be summarized into three categories.

Multi-round Reasoning Sometimes one needs
to perform multi-round reasoning to infer the re-
lation between two events, for example, given the
passage “Roughly 40 minutes after the operation
began, jubilant soldiers appeared on the rooftop of
the residence, flashing the V victory sign. Then Fu-
jimori, who ordered the operation, arrived to tour
the residence and embraced the freed hostages.”,

the temporal ordering between “ordered” and “the
jubilant soldiers appeared on the rooftop” is in-
ferred by multi-step reasoning. That is, “ordered”
happened before “operation began”, and “opera-
tion began” happened before “solder appeared”,
and thus “ordered” happened before “appeared”.
An advanced reasoning framework is necessary to
handle such cases, and we leave it as future work.

Commonsense Knowledge Required The given
passage might not provide sufficient information.
For example, in the passage “He was preparing the
paperwork for the move, following the course of an
absolutely standard transfer. Sadly he killed him-
self at home in the meantime.”, although it states
that “preparing the paperwork” and ““he killed
himself ” happened “in the meantime”, common-
sense knowledge indicates that one cannot kill him-
self and prepare the paperwork at the same time.
So we can infer that “preparing” happened before
“killed”. Incorporating external knowledge is a po-
tential solution for such cases.

Ambiguous Labeling Since the concept of event
is not well-defined, it might lead to ambiguous
labeling. Considering a passage contains a span
“decision is made”, some annotators might label
decision as a candidate event, while others does
not. This causes inconsistent labeling, and thus
makes it difficult to learn a good predictor.

5 Conclusion and Future Work
Temporal reading comprehension plays a critical
role in natural language understanding. In this pa-
per, we propose a precise question understanding
method to tackle the TRC problem. Specifically,
we encode temporal ordering questions into repre-
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sentations of referred events and concerned tempo-
ral relations, based on which candidate answers are
evaluated in terms of their temporal relations to the
referred events. In addition, a contrastive loss is em-
ployed to empower the model to capture essential
differences among temporal relations. Experimen-
tal results based on four pre-trained models verify
the effectiveness of our proposed approach. In the
future, we will investigate general approaches to
handle more diverse temporal relation understand-
ing problems and improve the passage understand-
ing capability for temporal reading comprehension.
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A Supplement Information for
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’lead’, ’when’, ’prior’, ’same’, ’time’, ’end’, ’on-
going’, ’now’, ’past’, ’since’, ’already’, ’expect’,
’go’, ’fail’, ’around’, ’once’, ’be’]
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Abstract

This work studies temporal reading comprehen-
sion (TRC), which reads a free-text passage and
answers temporal ordering questions. Precise
question understanding is critical for tempo-
ral reading comprehension. For example, the
question “What happened before the victory”
and “What happened after the victory” share
almost all words except one, while their an-
swers are totally different. Moreover, even if
two questions query about similar temporal re-
lations, different varieties might also lead to
various answers. For example, although both
the question “What usually happened during
the press release?” and “What might happen
during the press release” query events which
happen after the press release, they convey di-
vergent semantics. To this end, we propose a
novel reading comprehension approach with
precise question understanding. Specifically, a
temporal ordering question is embedded into
two vectors to capture the referred event and the
temporal relation. Then we evaluate the tempo-
ral relation between candidate events and the
referred event based on that. Such fine-grained
representations offer two benefits. First, it en-
ables a better understanding of the question
by focusing on different elements of a ques-
tion. Second, it provides good interpretabil-
ity when evaluating temporal relations. Fur-
thermore, we also harness an auxiliary con-
trastive loss for representation learning of tem-
poral relations, which aims to distinguish re-
lations with subtle but critical changes. The
proposed approach outperforms strong base-
lines and achieves state-of-the-art performance
on the TORQUE dataset. It also increases the
accuracy of four pre-trained language models
(BERT base, BERT large, RoBERTa base, and
RoBETRa large), demonstrating its generic ef-
fectiveness on divergent models.

∗Work is done during internship at Microsoft.
†Corresponding author.

Figure 1: Examples of temporal reading comprehension.
Temporal relations are diverse: Q1-Q5 list examples of
possible varieties of temporal relations. Small changes
in the question might lead to substantially divergent
semantics: replacing usually in Q4 with might in Q5
leads to different answers. Related events are underlined
in the passage.

1 Introduction

Understanding temporal relationships between
events in a passage is essential for natural lan-
guage understanding (Wang et al., 2019; Dong
et al., 2019). Temporal reading comprehension
(TRC) (Ning et al., 2020) is a natural way to study
temporal relations since natural language questions
are flexible to capture divergent temporal relations
(Zhou et al., 2021). Figure 1 shows several exam-
ples of temporal reading comprehension, where
given a free-text passage, a system is required to
answer temporal questions like “What usually hap-
pened during the press release?”.

A natural solution for temporal ordering un-
derstanding is to compare each candidate answer
and the referred event in the question and classify
their temporal relation into several pre-defined cate-
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gories, e.g., UzZaman et al. (2013) defines 13 possi-
ble relations such as after, ends, equal to. Nonethe-
less, since temporal relationships vary greatly, it is
almost impossible to enumerate all possible rela-
tionships. Figure 1 shows several divergent vari-
eties of temporal relations: one might query about
plain after in Q1, negated after in Q2, constrained
after in Q3, etc. Similarly, a question might query
about usually happen in Q4, might happen, or
other relations. Moreover, creating sufficient la-
bels for all such relations is costly and poses great
challenges for real-world applications. Therefore,
the classification-based approach is incompetent
to handle the flexible relations in temporal reading
comprehension.

Another paradigm is to formulate it as a read-
ing comprehension problem and directly predict
the answer to a question. With the help of large
pre-trained language models (e.g., BERT (Devlin
et al., 2019) and RoBERTa (Liu et al., 2019)), such
approaches have achieved relatively good perfor-
mance. However, they still struggle for the tempo-
ral reading comprehension task due to the lack of
precise question understanding. For example, given
the same passage, the BERT model fine-tuned on
SQuAD (Rajpurkar et al., 2016) predicts the same
answer to the two questions (Ning et al., 2020),
“What happened before a woman was trapped” and
“What happened after a woman was trapped”. In
this case, although the two questions share almost
the same words, the only different one between
before and after leads to completely opposite inten-
tions. Moreover, even if two questions query about
similar relations, different varieties might also lead
to various answers. Take the question Q4 “What
usually happened during the press release?” and
“What might happen during the press release?” in
Figure 1 as an example. Although they both query
about events occurring after the press release, the
slight difference conveys divergent semantics and
leads to different answers.

To tackle these challenges, we propose a novel
question answering approach with precise ques-
tion understanding. Intuitively, temporal ordering
questions consist of two elements, referred events,
and concerned temporal relations. For example,
the question “What usually happened during the
press release?” can be decomposed into the re-
ferred event the press release and the concerned
relation usually happen during. Inspired by this ob-
servation, we first encode such questions into two

representations, the event vector hc and the relation
vector hr. Then we evaluate how well each candi-
date answer matches the relation hr compared to
hc with a separate MLP module. Such fine-grained
representations enable a better understanding of
questions by focusing on different elements with
different vectors and further provides good inter-
pretability about the reasoning process. More im-
portantly, it empowers the model to capture the se-
mantics of divergent variants of temporal relations.
Specifically, we harness an auxiliary contrastive
loss that aims to distinguish relations with subtle
but critical changes.

We evaluate the proposed approach on the
TORQUE dataset and achieve state-of-the-art per-
formance compared to strong baselines. We further
testify its effectiveness based on four different mod-
els (i.e., BERT base, BERT large, RoBERTa base,
RoBERTa large) and demonstrate that precise ques-
tion understanding can improve the QA accuracy
for all models. Ablation study shows that both
question representation learning and contrastive
loss play a critical role in the approach.

2 Related Work
Temporal machine comprehension is closely re-
lated to two areas of works, i.e., machine reading
comprehension and temporal ordering reasoning.

2.1 Machine Reading Comprehension
Machine reading comprehension (MRC) (Ra-
jpurkar et al., 2016, 2018) has attracted much
attention in recent years. Traditional solutions
to MRC tasks focus on utilizing the interaction
information between questions and passages via
attention-based structures (Kadlec et al., 2016;
Dhingra et al., 2017). Later on, pre-trained lan-
guage models (PLMs), e.g., BERT (Devlin et al.,
2019), RoBERTa (Liu et al., 2019), and XLNet
(Yang et al., 2019), have been widely used for MRC
tasks. With the sheer scale of parameters and the
pretraining strategies, PLMs capture more knowl-
edge from the context and have shown outstanding
performance on traditional MRC benchmarks.

For more challenging MRC tasks which intro-
duce multi-hop reasoning (Yang et al., 2018), nu-
merical reasoning (Dua et al., 2019), etc., the
generic PLMs become not applicable. Recent ef-
forts use graph-based reasoning approaches (Chen
et al., 2020) or define specific pretraining training
techniques (Raffel et al., 2020) to solve the above
challenges. However, existing MRC approaches
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still struggle for the temporal reading comprehen-
sion task due to the lack of temporal relation un-
derstanding (Ning et al., 2020). Hence, we propose
a novel question answering approach with precise
question understanding to tackle this challenge.

2.2 Temporal Ordering Reasoning

Traditional temporal order reasoning tasks (UzZa-
man et al., 2013; Cassidy et al., 2014; Ning et al.,
2018), are often formulated as relation extraction
tasks. Given the context passage, the target is
to classify the relation between every two events
from a predefined relation set, e.g., UzZaman et al.
(2013) defines 13 possible relations such as after,
ends, equal to. Existing solutions can be roughly
classified into two categories. The first category
focuses on developing the structure of the encoder
to capture more temporal information. For exam-
ple, Cheng et al. (2020) add up a GRU-based dy-
namically updating structure upon the outputs of
the common BERT sentence encoder. The second
category focuses on joint learning with external
knowledge or some specific constraints. For in-
stance, Ning et al. (2019) significantly improve the
extraction performance by joint training temporal
and causal relations.

However, the success of the existing approaches
is limited to the formulation of the traditional tem-
poral order reasoning tasks, where the events and
the candidate temporal relation set are fixed. How-
ever, the fixed candidate relation set cannot cover
all temporal relations in our daily uses. The most re-
cent released dataset, TORQUE (Ning et al., 2020),
formulates temporal ordering reasoning as a ma-
chine reading comprehension task. Given a context
passage, we need to answer a free-text question
about the temporal relations in the context passage.
The task is much analogous to our real-world tasks
and is more challenging – we need to automatically
identify the events and the relations in the free-text
question to retrieve the answers from the context
passage. To the best of our knowledge, we are the
very first to address this challenge.

3 Our Approach

We first introduce the definition of temporal reading
comprehension (TRC) and then describe the model
architecture consisting of contextual encoder, ques-
tion understanding, and event relation assessment.
Finally, we provide details for the learning and
inference process.

3.1 Task Definition
The Temporal Reading Comprehension (TRC) task
is defined as follows. Given a passage P which
describes a set of events, a system is required
to answer a temporal ordering question Q. Here
events refer to verbs or nouns which define actions
or states. A temporal ordering question usually
queries events satisfying some concerned temporal
relations considering one or more referred events.
For example, the first passage in Figure 1 describes
events about Hamas goverment, and question Q1
queries which events have the temporal relation
happen after with the referred event the victory.
The answer set A to a question Q could be empty
when no events meet the requirement.

3.2 Model Architecture

Figure 2: An overview of the proposed model.

Figure 2 depicts the proposed model architecture.
Specifically, the passage P and question Q are
first encoded by a contextual-aware encoder, after
which the representations of the question are passed
to a question understanding module. Finally, each
candidate answer is evaluated considering whether
it satisfies the concerned relation to the referred
event by an event relation assessment module.
Contextual Encoder We first encode the
passage-question pairs with a pre-trained language
model encoder, and here we take BERT as an ex-
ample. Given a questionQ = [qi]

m
i=1 and a passage

P = [pi]
n
i=1, where m and n are token numbers,

we concatenate them into a sequence with the for-
mat of [cls] question [sep] passage [sep], which
is then fed into the contextual encoder to generate
the embeddings,

[hq
1, ...,h

q
m,h

p
1 , ...,h

p
n] =

BERT([q1, ..., qm, p1, ..., pn]),
(1)

where hq
i ,h

p
i ∈ Rd are embeddings for question

token qi and passage token pi, and d is the embed-
ding size.
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Figure 3: The structure of attention-based event/relation
extractor, with attention loss for it.

Question Understanding As discussed in Sec-
tion 1, precise question understanding plays an
essential role in TRC task. Therefore, we propose
a question understanding module to achieve that.
Intuitively, a temporal ordering question consists of
two elements, referred events, and concerned tem-
poral relation. For example, the question “What
usually happened during the press release” queries
the temporal relation usually happen to the event
the press release. A straightforward solution is to
decompose the question into two segments directly.
However, natural language questions vary a lot, and
hard decomposition is risky and might propagate
errors to downstream modules, which is verified by
experimental analysis in Section 4.5,

Therefore, we design an attention-based extrac-
tor to decompose the question implicitly, and ob-
tain two hidden representations, hc for the referred
event and hr for the concerned temporal relation
as follows,

s
(z)
i = tanh(W

(z)
1 hq

i + b
(z)
1 ), z ∈ {c, r} (2)

α
(z)
i = Softmax(W

(z)
2 s

(z)
i + b

(z)
2 ), z ∈ {c, r}

(3)

hz =

m∑

i=1

α
(z)
i hq

i , z ∈ {c, r} (4)

where W(c),W(r) ∈ Rd, and b(c), b(r) ∈ R are
learn-able weights for the extractor, hq

i ∈ Rd is
the embedding for the i-th question token. To effec-
tively learn hr and hc, we employ several auxiliary
losses in the training phase, which will be described
in section 3.3.

Figure 4: The structure of the event relation assessment,
with answer prediction loss for it.

Event Relation Assessment Given the question
representations hr and hc, the event relation as-
sessment module evaluates how a candidate an-
swer satisfy the relation hr with respect to hc.
Let e = pi . . . pi+l denotes the candidate answer,
which consists of l tokens in the passage P . We
first get the representation of e by pooling over
according token vectors,

he = Pool(hp
i , . . . ,h

p
i+l). (5)

Then we concatenate the representations of the
candidate event he, question relation hr, and the
question event hc, and feed it into a two-layer MLP,
followed by a softmax function to get the final
probability,

oe = tanh(Wo
1[he;hc;hr] + bo

1), (6)

pe = Softmax(Wo
2oe + bo

2), (7)

where Wo
1 ∈ R3d×d′ , Wo

2 ∈ Rd
′×2, bo

1 ∈ Rd
′
,

bo
2 ∈ R2 are model parameters, and ; indicates

concatenation. pe ∈ R2 is the probability whether
the candidate e satisfies the temporal relation hr
with respect to event hc.

3.3 Learning Objectives
We employ three learning objectives for model
training, including a classification lossLqa function
for final answer prediction, and an attention loss
Latt and a contrastive loss Lcon for precise ques-
tion understanding. The overall loss is a weighted
combination of all the objectives,

L = wqaLqa + wattLatt + wconLcon. (8)

388



Answer Prediction Loss The training objective
for final answer prediction is defined as,

Lqa = −
∑

e∈C
wep̂

T
e logpe, (9)

where C is the candidate event set, we is the weight
for candidate e, pe ∈ R2 is the predicted probabil-
ity from Eq. (7), and p̂e ∈ {0, 1}2 is the golden
label indicating whether the candidate e belongs to
the final answer of the question.

Usually, the candidate set C is derived by pre-
liminary filtering all unigrams in the passage P .
However, some candidates are easy to be classified
while others are not. For example, it is easy to clas-
sify the word government in Figure 1 as a negative
answer since it is not an event. In contrast, predict-
ing whether the word frozen is the answer for Q1
in Figure 1 is more challenging. Inspired by this
observation, we assign weights we for candidates
in the learning objective, we = 1.5 if e is an event,
and otherwise we = 1.0. The label of whether
a word is an event can be derived when labeling
the final answer with little effort, so we can safely
assume that we always have such annotation1.

Attention Loss Besides the answer prediction
loss, we also leverage an auxiliary loss to guide
the learning of the attention score α(c)

i and α(r)
i

defined in Eq. (3). We first derive silver annota-
tion for referred events and concerned relation in
a passage using a rule-based approach, which will
be detailed in Section 4.2. Let Qc, Qr be the set
of event and relation tokens according to the silver
annotation. Then we have α̂(z)

i (z ∈ {c, r}) as the
derived attention label,

α̂
(z)
i =

{
1
|Qz | , if qi ∈ Qz,
0, otherwise.

(10)

The attention loss is defined as,

Latt = Lc + Lr, (11)

where

Lz = −
∑

i

α̂
(z)
i logα

(z)
i , z ∈ {c, r}. (12)

Contrastive Loss As shown in Figure 1, a small
change of a question might lead to substantially di-
vergent temporal relations. To this end, we propose

1The TORQUE dataset in our experiment also contains
such annotation, and we use it directly in our approach

Figure 5: Illustration of the contrastive loss for question
understanding.

to leverage a contrastive loss for precise learning
of question relation representations.

For the relation representation hr of a question
Q, we derive a positive vector hp

r and a set of
negative ones {hn

r,i}Ni=1). The positive sample hp
r

is obtained in two ways. First, we search ques-
tions with the same temporal relations but different
events, from which we randomly sample one and
take its relation representation as hp

r . Note we can
get the silver annotation of events and relations in
a question by a rule-based approach. Please re-
fer to section 4.2 for more details. Second, if no
such questions can be found, we take the similar
approach as in SimCSE (Gao et al., 2021), which
applies a different dropout on hr and gets a variant
of hr as hp

r . We search questions that contain the
same events by different temporal relations with
respect to Q, and take their relation representations
as the negative set {hn

r,i}Ni=1).
Given the triple (hr,h

p
r , {hn

r }) for the question
Q, its loss is defined as,

Lcon(Q) =

− log
ecos(hr,h

p
r )

ecos(hr,h
p
r ) + 1

N

∑N
i=1 e

cos(hr,hn
r,i)
,

(13)

where cos() indicates cosine similarity.

3.4 Inference
The inference phase takes three steps. First, we gen-
erate a candidate set Cp for each passage P . Gener-
ally speaking, one can take any n-gram in P as a
candidate. In temporal relation understanding, we
usually take a triggering word as an event candidate.
Therefore, Cp is the set of all unigrams in P . Then,
we filter Cp according to part-of-speech (POS) tag-
ging. Specifically, we use an off-the-shelf POS tag-
ger to tag all words in P , and then keep only verbs
and nouns in Cp. Finally, each candidate e ∈ Cp
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together with the passage P and the question Q
is fed into our proposed model, and e is evaluated
according to Eq. (7) and gets its score pe, where
pe,0 represents the probability that the candidate
matches the question Q. Then we can get the final
answer set A as A = {e : e ∈ Cp and pe,0 > τ},
where τ is a predefined threshold.

4 Experiments
This section describes an empirical evaluation of
our proposed approach. We also provide analysis,
ablation studies, and case analysis to demonstrate
its effectiveness.

4.1 Settings
Dataset We evaluate the proposed approach on
the TORQUE dataset. TORQUE is a temporal
reading comprehension benchmark. Each training
sample contains a passage and a question requiring
understanding temporal relation between events in
the passage. Figure 1 shows several examples of
training data. The answer to a question consists
of an event set A, and A could be empty if no
event in the passage satisfies the requirement of the
question. In TORQUE, events are defined as event
triggers, usually verbs or nouns describing actions
or states. There are 3.16k passages with 30.7k ques-
tions in total and 2 events for an answer on average.
We follow the official split2 with 80%/5%/15% of
data in training/validation/test.

Evaluation Metrics Following Ning et al.
(2020)3, we report three metrics in our exper-
iment, including standard macro F1 and Exact
Match (EM) for question answering and consis-
tency score(C). There are multiple annotations for
each passage-question pair, which might not al-
ways be consistent with each other. We follow the
official implementation. Specifically, for each sam-
ple, a model’s prediction is evaluated according to
all annotations, where the largest score is selected
and aggregated as the final result.

4.2 Implementation Details
We experiment four pre-trained language mod-
els as our contextual encoder, i.e., the base and
large model of BERT (Devlin et al., 2019) and
RoBERTa (Liu et al., 2019). The embedding size
d is set to 64, d′ in Eq (6) and Eq (7) is set
to 64. The threshold τ for inference is set to
0.5. In model training, the batch size is set to

2https://github.com/qiangning/TORQUE-dataset
3https://github.com/rujunhan/TORQUE

16, the dropout rate is set to 0.5. The combina-
tion weight wqa, watt and wcon in Eq. (8) is set
to 1.0, 0.3, and 1.0, respectively. We search the
learning rate lr, with grid searching within 3 tri-
als in lr ∈ {0.9× 10−5, 1.0× 10−5, 1.1× 10−5}
for the base and large model of RoBERTa, and
lr ∈ {4.0× 10−5, 5.0× 10−5, 6.0× 10−5} for the
base and large model of BERT. The implementa-
tion is based on Python and trained on a Tesla V100
GPU with Adam optimizer for approximately three
hours (base model with approximately 110M pa-
rameters) and ten hours (large model with approx-
imately 340M parameters). We get the averaged
result of three trials for each setting, choose the
model with the highest F1 score on the develop-
ment set, and report the performance on the test set
derived from the official online test4.

Deriving Attention Annotation The relation an-
notation Qr for question Q is derived as follows.
First, we compile a dictionary for temporal rela-
tions, such as before, after, etc. Please refer to
Appendix A.1 for the complete list. Then Qr is
constructed with those words in Q that hit the dic-
tionary. The event annotation Qc is mainly derived
according to the passage P . Particularly, we as-
sume the mentioned event list E in P is known. If
a word ofQmatches an event inE, it is included in
Qc. Otherwise, if no words of Q hit E, we rely on
the relation annotation. Suppose the last relation
word is in position k, then Qk+1...n is set as Qc.

4.3 Main Results
We compare our approach with the baseline (Ning
et al., 2020), which takes a passage and the corre-
sponding question as input and applies a one-layer
perception on the embedding of each token to pre-
dict whether it is the answer of the question or not.
The comparison results with four different contex-
tual encoders are shown in Table 1. The table shows
that our proposed approach outperforms the base-
line on nearly all evaluation metrics. Our model
achieves state-of-the-art results with the RoBERTa-
large encoder, increasing the F1 score by 1.8% and
0.9% for the dev and test set, respectively. We can
see a huge increase for the consistency score (C) on
the test set from 34.5% to 38.1%. Using other pre-
train language models like BERT-base, our model
also improves the performance compared to the
baseline approach, by 2.6%, 3.2%, 2.5% in terms
of F1, EM, and C score, respectively. Although

4https://leaderboard.allenai.org/torque/submissions/public
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Dev Test
F1 EM C F1 EM C

BERT-base

baseline† 67.6 39.6 24.3 67.2 39.8 23.6
Ours 70.5 44.6 26.2 69.8 43.0 26.1
∆ +2.9 +5.0 +1.9 +2.6 +3.2 +2.5

BERT-large

Baseline† 72.8 46.0 30.7 71.9 45.9 29.1
Ours 73.5 46.5 31.8 72.6 45.1 30.1
∆ +0.7 +0.5 +1.1 +0.7 -0.8 +1.0

RoBERTa-base

Baseline† 72.2 44.5 28.7 72.6 45.7 29.9
Ours 73.3 47.0 32.5 73.5 46.8 31.5
∆ +1.1 +3.5 +3.8 +0.9 +1.1 +1.6

RoBERTa-large

Baseline† 75.7 50.4 36.0 75.2 51.1 34.5
Ours 77.5 52.2 37.5 76.1 51.0 38.1
∆ +1.8 +1.8 +1.5 +0.9 -0.1 +3.6

Human - - - 95.3 84.5 82.5

Table 1: Comparison of our approach and the baseline
on the TORQUE Dataset. † denotes published results
(Ning et al., 2020).

there is still a large gap towards the human perfor-
mance, our model takes a large step compared to
the baseline approach, verifying the effectiveness
of the proposed approach.

4.4 Ablation Study

Models F1 EM C

OUR MODEL 76.1 51.0 38.1
-con 75.8 (-0.3) 49.8 (-1.2) 37.0 (-1.1)
-con -att 75.6 (-0.5) 50.8 (-0.2) 36.6 (-1.5)
-we 75.8 (-0.3) 50.6 (-0.4) 37.6 (-0.5)
-all 74.8 (-1.3) 49.7 (-1.3) 34.0 (-4.1)

Table 2: Ablation study on the test set of TORQUE.
RoBERTa-large is used as contextual encoder.

We conduct an ablation study to illustrate the ef-
fectiveness of each loss in our approach. As shown
in Table 2, removing the contrastive loss will lead
to a 1.1% drop on consistency value. When we
remove both the contrastive and attention loss for
question understanding and use mean pooling over
the contextual embedding of the whole question
token sequence, the macro F1 score and the con-
sistency score decrease by 0.5% and 1.5%, respec-
tively, showing that precise question understanding
plays a critical role for TRC. Also, we remove
weight we in the answer prediction loss in Eq. (9),
which results in a 0.3% drop in terms of the F1
score. When all auxiliary loss is removed, which

is basically the same as the baseline model with
our own implementation, it leads to a huge gap
of 1.3%, 1.3%, 4.1% on macro F1, exactly match
and Consistency score, respectively. The results
of the ablation study indicate that each element of
our proposed model is critical for temporal relation
understanding.

4.5 Question Representation Analysis

Models F1 EM C

w contrastive loss

attention-based 76.1 51.0 38.1
rule-based 75.8 (-0.3) 50.6 (-0.4) 37.6 (-0.5)

w/o contrastive loss

attention-based 75.8 49.8 37.0
rule-based 75.6 (-0.2) 48.9 (-0.9) 36.3 (-0.7)

Table 3: Comparison of attention-based and rule-based
question representation learning. RoBERTa-large is
used as contextual encoder.

As discussed in Section 3.2, a straightforward
solution for question understanding is to decom-
pose a temporal ordering question into two parts
directly. This section compares our attention-based
approach with the hard question decomposition,
which obtains the two question vectors hr and hc

by conducting mean pooling over embeddings of
tokens in Qr and Qc respectively. The comparison
results are shown in Table 3. We can see that al-
though the rule-based approach achieves relatively
good accuracy, it still underperforms our attention-
based approach. For example, when no contrastive
loss is employed, the EM score drops by 0.9%
when replacing the attention-based representation
with the rule-based one. The possible reason is
that the rule-based decomposition cannot handle
all questions perfectly, and errors in the decompo-
sition will be propagated to downstream modules.
For example, “What could have happened while
the announcement was made but didn’t?”. “but
didn’t” is a crucial negate in the temporal relation,
but the rule-based method might miss it.

4.6 Case Study
Figure 6 shows predicted answers of our model
and the baseline for several questions. For the first
passage, Questions 1, 2, and 3 inquire about the
“happened after” temporal relation, but with subtle
differences. Q1 is the most common form, which
can be answered correctly by both the baseline and
our proposed approach. Meanwhile, the baseline
model can not capture the negation information
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Figure 6: Case study of our approach and the baseline model. Correct answers are marked in blue. Incorrect ones are
marked in red. Candidate events in passages are underlined. Both the baseline and our approach use RoBERTa-large
as encoder.

in Q2 and fails to predict the correct answer. In
Q3 “happened after” is constrained by the word
begin, which confuses the baseline model and leads
to partially correct answers. In contrast, our pro-
posed approach can capture these subtle but critical
differences and thus makes correct predictions.

For the second passage, our proposed model
performs better for all three questions of differ-
ent temporal types. Q1 and Q2 are variants of
uncertain relations, which query about two oppo-
site temporal relations “started after” and “started
before”. The word “might” brings uncertainty for
the concerned temporal relation, which confuses
the baseline model, leading to the wrong predic-
tion for the candidate answer “turbulence” for both
questions. Q3 queries about a popular temporal
relation, and our model can precisely capture the
difference between it and two other ones and pre-
dict that the candidate event “increase” does not
meet its requirement since it comes from a contro-
versial report.

4.7 Error Analysis
We randomly sample 100 wrongly predicted
question-passage pairs from the validation set,
which can be summarized into three categories.

Multi-round Reasoning Sometimes one needs
to perform multi-round reasoning to infer the re-
lation between two events, for example, given the
passage “Roughly 40 minutes after the operation
began, jubilant soldiers appeared on the rooftop of
the residence, flashing the V victory sign. Then Fu-
jimori, who ordered the operation, arrived to tour
the residence and embraced the freed hostages.”,

the temporal ordering between “ordered” and “the
jubilant soldiers appeared on the rooftop” is in-
ferred by multi-step reasoning. That is, “ordered”
happened before “operation began”, and “opera-
tion began” happened before “solder appeared”,
and thus “ordered” happened before “appeared”.
An advanced reasoning framework is necessary to
handle such cases, and we leave it as future work.

Commonsense Knowledge Required The given
passage might not provide sufficient information.
For example, in the passage “He was preparing the
paperwork for the move, following the course of an
absolutely standard transfer. Sadly he killed him-
self at home in the meantime.”, although it states
that “preparing the paperwork” and ““he killed
himself ” happened “in the meantime”, common-
sense knowledge indicates that one cannot kill him-
self and prepare the paperwork at the same time.
So we can infer that “preparing” happened before
“killed”. Incorporating external knowledge is a po-
tential solution for such cases.

Ambiguous Labeling Since the concept of event
is not well-defined, it might lead to ambiguous
labeling. Considering a passage contains a span
“decision is made”, some annotators might label
decision as a candidate event, while others does
not. This causes inconsistent labeling, and thus
makes it difficult to learn a good predictor.

5 Conclusion and Future Work
Temporal reading comprehension plays a critical
role in natural language understanding. In this pa-
per, we propose a precise question understanding
method to tackle the TRC problem. Specifically,
we encode temporal ordering questions into repre-
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sentations of referred events and concerned tempo-
ral relations, based on which candidate answers are
evaluated in terms of their temporal relations to the
referred events. In addition, a contrastive loss is em-
ployed to empower the model to capture essential
differences among temporal relations. Experimen-
tal results based on four pre-trained models verify
the effectiveness of our proposed approach. In the
future, we will investigate general approaches to
handle more diverse temporal relation understand-
ing problems and improve the passage understand-
ing capability for temporal reading comprehension.
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Abstract

Cross-lingual question answering is a thriving
field in the modern world, helping people to
search information on the web more efficiently.
One of the important scenarios is to give an an-
swer even there is no answer in the language a
person asks a question with. We present a novel
approach based on single encoder for query
and passage for retrieval from multi-lingual
collection, together with cross-lingual gener-
ative reader. It achieves a new state of the art
in both retrieval and end-to-end tasks on the
XOR TyDi dataset outperforming the previous
results up to 10% on several languages. We
find that our approach can be generalized to
more than 20 languages in zero-shot approach
and outperform all previous models by 12%.

1 Introduction

Question answering (QA) is an important tool for
information search on the Internet. Since it is natu-
ral for a person to ask a question to get some infor-
mation, the QA systems are designed to meet this
requirement. QA provides a wide range of tasks,
from engineering to cornerstone scientific tasks.
Open-domain QA, in this direction, is an interest-
ing example of a problem that connects both: mul-
tilingual knowledge sources form differing knowl-
edge and supplement gaps in each specific lan-
guage. The requirement for modern language mod-
els to be cross-lingual is gradually becoming more
and more important and is being incorporated into
popular benchmarks such as XGLUE (Ruder et al.,
2021) or XTREME (Liang et al., 2020), where
the systems are evaluated not only by their per-
formance metrics on single language tasks but the
ones on many languages.

Reader
cross-lingual fusion

dot-product ranking

Sentri
encoder

passages from Wikipedia
 on many languages

question vectormulti-lingual
search index

Q: Milloin ja miten tumbleweed pääsi Amerikkaan?  in finnish

    When and how did tumbleweeds get to America? 

A: Se saapui pellavansiementen kanssa Etelä-Venäjältä 1870 
     It arrived  from  in the  with flaxseed 1870s southern Russia

Sentri
encoder

Солянка сорная

[...] перекати-поле. Распространен
широко на юге России. [...] в Северной
Америке как интродуцент широко 
распространился. Образует шаровидные 
кусты, которые осенью отрываются от Kali tragus

It’s known simply as tumbleweed [...] 
in the 1870s, it appeared in South Dakota 
when flaxseed from Russia turned out
to be contaminated with Kali seeds [...]

==

Figure 1: Overview of Sentri and a case example of
answering a Finnish question using non-Finnish sources.
In short, at the first step system retrieves information
from factoid knowledge sources (Wikipedia’s) on di-
verse languages. In the second step it fuses the retrieved
information regardless of the language of each part, even
in the absence of texts on query language. Finally, it
produces an answer on the query language that aggre-
gates all (as it can) diverse pieces from other languages.

For this particular example, there is no answer1in
Finnish Wikipedia. One of the reasons is that there
aren’t many articles in Finnish Wikipedia because
Finnish is a low-resource language in general. More-
over, the answer can be found in rich-resources lan-
guages such as English or Russian for example.
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Generally, passage retriever is based on the so
called dual-encoder, i.e. two independent modules
of the same architecture for the question and con-
text encoding. However, in previous works (Qu
et al., 2021; Gao and Callan, 2021) authors found
out that on the one hand dual-encoder is not noise-
resistant and on the other hand large batch training
can improve stability of resulting embedding space.
For instance, in (Qu et al., 2021; Gao and Callan,
2021) authors used 512 × 8 and 512 × 4 respec-
tively.

Ouguz et al. (2021) present DPR-PAQ model
combining large semi-supervised corpus for
pre-training with the better and larger LM
RoBERTalarge, DPR-PAQ achieves the state of
the art results on Natural Questions dataset. Nev-
ertheless, large models and large batch training re-
quire abundance of GPU memory. The mentioned
models are represent dual-encoder scheme, where
two independent encoders are used – one for the
questions and one for the passages. To reduce mem-
ory usage, we present a system including a single
encoder used for both tasks, moreover, we show
that the system using single encoder can learn an
embedding space better suited for transfer learning
and thus improve result in cross-lingual question
answering in zero-shot scenario.

The system, we call Sentri, achieves a new
state of the art on XOR TyDi QA cross-lingual
dataset (Asai et al., 2021a) outperforming the pre-
vious approaches by 10% on retrieval task and 7%
on end-to-end question answering task. In addition,
on MKQA multi-lingual dataset (Longpre et al.,
2020), which contains translations of Natural Ques-
tions to different languages, in zero-shot scenario
our system outperforms a strong baseline by 8%.

The overall contribution of this paper is two-fold:
(i) we present a system, including single encoder
for questions and contexts, that achieves state-of-
the-art results in the retrieval and end-to-end tasks
of the XOR TyDi dataset, (ii) we provide an anal-
ysis of the system behaviour in zero-shot scenario
on unseen languages proving the its transferability
and lower resource consumption.

The rest of the paper is organized as follows.
Section 6 presents an overview of the recent stud-
ies on multilingual QA models. Section 2 which
details the dataset design choices, outlines the data
preparation pipeline and data used for evaluation.

1There exists only one Wikipedia page on Finnish related
to tumbleweed but there is no mention that tumbleweed is an
invasive plant in North America.
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Figure 2: Iterative training framework that adopts the
idea of self-training. At first, we retrieve top-k passages
from Wikipedia for each question from the initial QA
training set with Sentrij model. Secondly, we select
the positive (p+) passages for each question and treat
the rest as hard negative (p−−) examples. Finally we
train the new Sentrij+1 model closing a circle.

Section 3 presents the engineering choices and
describes the resulting model and its training pro-
cess. We describe experimental setup and describe
the achieved results in Section 4. We provide addi-
tional results analysis in Section 5, and Section 7
concludes the paper.

2 Datasets

In this work, we use XOR TyDi and MKQA to
evaluate our system onto and several datasets to
(pre-)train it.

XOR TyDi (Asai et al., 2021a) is a multilin-
gual open-retrieval QA dataset that enables cross-
lingual answer retrieval. The dataset, based on
questions from TyDi QA (Clark et al., 2020), ar-
ticulates three new tasks that involve finding doc-
uments in different languages using multilingual
and English resources. It consists of questions writ-
ten by information-seeking native speakers in 7
typologically diverse languages: Arabian, Bengali,
Finnish, Japanese, Korean, Russian and Telugu.
Answer annotations are retrieved from multilingual
document collections. XOR-Retrieve is a cross-
lingual retrieval task where a question is written
in the target language (e.g., Japanese), and a sys-
tem is required to retrieve an English document
that answers the question. XOR-English Span is
a cross-lingual retrieval task where a question is
written in the target language (e.g., Japanese), and
a system is required to output a short answer in
English. XOR-Full is a cross-lingual retrieval task
where a question is written in the target language
(e.g., Japanese), and a system is required to output
a short answer in the target language. In our work,
we concentrate on XOR-Retrieve and XOR-Full
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tasks and use XOR TyDi to train and evaluate our
system.

2.1 Training Dataset Pre-processing

Since there are low-resource languages in the XOR
TyDi dataset, the task of preparing data is of pri-
ority importance. To generate data in different
languages, we used NQ and Trivia QA datasets de-
scribed above. Both NQ and Trivia QA are English
language datasets. To use them for training pur-
poses in our setup we had to translate them to the
languages of XOR TyDi. The quality of machine
translation still does not match the human transla-
tion quality in most of the languages and domains.
However, questions and answers in NQ and Trivia
QA datasets are short and easy to translate.

For each pair of question q and answer a from
the datasets, we made translations from English to
each language Li using the M2M100 model de-
scribed in (Fan et al., 2020), it is a state-of-the-art
model for translation for many languages, includ-
ing the ones we are interested in. Thus we trans-
lated question-answer pairs and we got an aligned
dataset. The pairs are not enough, since the open-
domain QA task is based on so-called support pas-
sages retrieved from some document collection.
To overcome this issue we mined the positive and
hard negative sample passages for each language
Li. We consider a paragraph from a document
to be a positive sample if it is ranked high by a
retriever model and includes the answer. We use
complicated morphology-aware answer detection
technique which we describe in Appendix. If a
paragraph is highly ranked but contains no answer,
we consider it as a hard negative sample. The re-
sulting statistics and analysis of the training dataset
we also present in Appendix.

Information Retrieval We took into account that
most XOR TyDi languages have complex morphol-
ogy and other linguistic features, which makes in-
formation retrieval less effective for the models
using token comparison. Thus we decided to nor-
malize the morphology for at least the languages,
which has publicly available stemmers, namely,
Arabic1, Bengali2, Korean3, and Russian1. The
Telugu language has no publicly available stemmer,

1https://pypi.org/project/nltk/
2https://github.com/MIProtick/

Bangla-stemmer.git
3https://pypi.org/project/

mecab-python3/

but there is a lemmatizer4, which we used.
For Korean we apply token splitting by the part-

of-speech tag, i.e. modifier POS as a Josa and Eomi
are treated as separate tokens. Unfortunately, we
have not found accessible stemmers and/or lem-
matizers for Japanese and Finnish languages. We
use this normalisation to improve positive passage
mining for self-training procedure. More details on
normalisation could be found in Appendix.

Natural Questions (NQ) (Kwiatkowski et al.,
2019) dataset is designed for end-to-end question
answering. The questions are mined from real
Google search queries and the answers are spans in
Wikipedia articles identified by annotators. We
use this dataset in two ways. One way is for
training and another one is for zero-shot evalua-
tion. The latter option is provided to us by MKQA
dataset (Longpre et al., 2020). It is a translation
of 10 thousand question-answer pairs from NQ to
26 different languages, thus giving us an aligned
dataset of 260 thousand question-answer pairs total.
The former option is described below.

We also use Trivia QA for pre-training of our
model. Joshi et al. (2017) presented Trivia QA,
a large-scale question-answering dataset that in-
cludes so-called evidence documents, allowing one
to state a task of information retrieval. Trivia QA in-
cludes 95 thousand question-answer pairs authored
by trivia enthusiasts and independently gathered
evidence documents, six per question on average
ending with 650 thousand total triples.

3 Method

The open domain question answering task heavily
relies on retrieval from some (possibly more than
one) document collections. In the case of the cross-
lingual variant of this task, the usage of several (at
least two - in English and in a target language) doc-
ument collections is almost inevitable. We evaluate
our model in two cross-lingual setups: using En-
glish Wikipedia (Weng) to search for a relevant pas-
sage containing the answer to the question or using
collection of multilingual reference passages from
Arabic, Russian, English, Finnish, Telugu, Bengali,
Japanese, Korean Wikipedia (Wmulti). More for-
mally, given a question q in language Li, a system
retrieves the documents from Weng or Wmulti, and
formulates an answer a. Thus the system could be
virtually split to retriever, which creates a list of

4https://bitbucket.org/sivareddyg/
telugu-part-of-speech-tagger/src/master/
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relevant documents, and reader, which generates
an answer using the most relevant documents. The
sample of the system output is presented on Fig. 1.

3.1 Single Encoder Retriever

We follow common (Qu et al., 2021; Asai et al.,
2021b; Ouguz et al., 2021) dual-encoder approach
in data representation. The system consists of
question encoder Eq(·) and passage encoder Ep(·)
which maps text to d-dimensional real-valued vec-
tors. Before run-time, Ep(·) applied to all passages
in knowledge source to create search index. To find
out relevant passages to certain question system
operates a similarity function:

sim(q, p) = Eq(q)
⊺ · Ep(p). (1)

i.e. similarity between the question and the passage
defined by the dot product of their vectors.

In this work we investigate case when
Eq(·) = Ep(·) and call this approach as Single En-
coder. In addition to it, a model withEq(·) ̸= Ep(·)
we call Bi-Encoder to avoid confusion.

The architecture that utilizes Single encoder ap-
proach for retrieval (Sentri) shares one encoder
for Eq(·) and Ep(·) contrary to bi-encoder which
based on two separate models.

Since our model is used in a multi-lingual setting,
the choice of multilingual models is natural for base
model. We use XLM-RoBERTa (Conneau et al.,
2020) (large) in our experiments.

Figure 3: An example of overlap in positive passages
(p+) for different instances of a question.

Training Sentri is trained to give positive pas-
sages higher scores than negative passages. More
specifically, given a question qi in a language from
L together with its positive passage p+i and m neg-
ative passages {p−i,j}mj=1 sampled from Wmulti, we
minimize the loss function:

L(qi, p+i , {p−i,j}mj=1)

= − log
esim(qi,p

+
i )

∑m
j=1 e

sim(qi,p
−
i,j) + esim(qi,p

+
i )
,

(2)

where we aim to optimize the negative log-
likelihood of the positive passage against a set of
m negative passages.

For each question, we treat other passages in the
training batch that do not answer this particular
question as negative passages (in-batch negative
trick, Henderson et al. 2017; Karpukhin et al. 2020)
In particular, for batch size n each question can
be further paired with m = n − 1 + n negatives
(i.e., positive and hard negative passages of the rest
questions) without sampling additional negatives.
Furthermore, in the case of multilingual data, it
helps enforce the cross-lingual ability of the model
because of an increasing number of cross-language
pairs.

3.2 In-batch False Negatives Filtering
Although the above strategy can increase the num-
ber of negatives, some of them may turn out to
be false negatives. We analyze the batches gener-
ated for the training and found out that different
questions in the same batch could have the same
positive passages. Since these positive passages are
used for in-batch negative training that produces
false negative pairs. For English Wikipedia this
overlap is significant but not so crucial like for
lower resource Wikipedias. For instance, for Nat-
ural Questions passages in 44% training triplets
(questions, answer, passage) are used more than
once in the dataset. The sample of positive pas-
sage overlap for NQ is presented on Fig. 3. We
use in-batch filtering allowing us to eliminate this
overlap from generated batches and thus improve
the overall system quality.

3.3 Self-Training
Several works (Qu et al., 2021; Izacard and Grave,
2020a) refer to iterative learning as a source of
model quality improvement. We use this idea in the
form described below, which we call self-training.
Fig. 2 presents the framework which we use in
this work. Sentrij model retrieves top-k passages
from Wikipedia for each question from the initial
QA training set. Then we select the positive (p+)
passages for each question (we know the ones for
the initial training set) and treat the rest as hard
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R@2kt R@5kt
Ar Bn Fi Ja Ko Ru Te Avg Ar Bn Fi Ja Ko Ru Te Avg

Dev Set

DPR + BM25 + MT 43.4 53.9 55.1 40.2 50.5 30.8 20.2 42.0 52.4 62.8 61.8 48.1 58.6 37.8 32.4 50.6
CORA (Asai et al., 2021b) 32.0 42.8 39.5 24.9 33.3 31.2 30.7 33.5 42.7 52.0 49.0 32.8 43.5 39.2 41.6 43.0
Bi-Encoder1 47.0 38.8 40.7 49.7 30.2 42.1 34.1 40.4 54.0 41.5 49.5 56.0 40.2 52.6 43.7 48.2
Bi-Encoder2 47.8 39.1 48.9 51.2 40.2 41.2 49.4 45.4 55.1 43.3 59.5 59.4 51.2 52.0 56.9 53.9
Sentri 47.6 48.1 53.1 46.6 49.6 44.3 67.9 51.0 56.8 62.2 65.5 53.2 55.5 52.3 80.3 60.8

Test Set

DPR + BM25 + MT 48.3 54.4 56.7 41.8 39.4 39.6 18.7 42.7 52.5 63.2 65.9 52.1 46.5 47.3 22.7 50.0
GAAMA (Ferritto et al., 2020) - - - - - - - 52.8 - - - - - - - 59.9
Sentri 53.8 66.7 55.4 42.9 46.8 55.1 48.7 52.8 63.0 72.4 63.5 53.1 56.9 61.8 56.4 61.0

Table 1: Performance on XOR-Retrieve task. The best result is given in bold, the second best is in underlined italic.
We note that at extremely low-resource languages such as Finnish and Telugu Sentri shows consistent performance,
similar to results on moderate-resource languages such as Russian.

negative (p−−) examples. Afterwards, we train
new iteration Sentrij+1 model using the passages
marked up previously. In contrast to (Asai et al.,
2021b) we train iteratively only a retrieval part of
the whole system.

At stage 0 when there is no trained model avail-
able, we use well-known BM25 model (Sanderson,
2010) as a retriever in our experiments. The impor-
tant feature of this model is that it does not need any
kind of training, thus it could be used to retrieve
documents from collections in languages with little
or no training data.

For Sentri system we report the results for
the second stage of self-training below. For Bi-
Encoder we report results for stages 1 and 2 adding
the specifying index.

3.4 Answer Generation

We have experimented with both extractive and
abstractive answer generation and found out that
abstractive is more profitable. Here we describe
the abstractive reader approach we use as primary
one. We decided to use the FiD model (Izacard and
Grave, 2020a) as a reader model in Sentri for end
to end question answering task XOR-Full since it
allows us to exclude the translator from a pipeline
and to aggregate information in a cross-lingual
setup. Since the original FiD model is monolingual,
we present extension of this work, multilingual ver-
sion which we call MFiD. To train MFiD, we use
several QA datasets, listed in Sec. 2, namely XOR-
Full, XOR TyDi, Natural Questions, and Trivia
QA datasets, the same ones used for training the
retriever part of the Sentri model. For each ques-
tion from the QA datasets we retrieve top-50 pas-
sages from multi-language knowledge source using
our retriever model. And then use it for training

MFiD as cross-lingual fusion reader. We also ex-
perimented with standard extractive reader. The
details on extractive approach could be found in
Sec. 5.

4 Experiments

We have conducted a series of experiments with
number of models, namely these are Sentri model
combined with different reader parts and Bi-
Encoder model with one or two stages of self-
training. Bi-Encoder model is using standard ex-
tractive reader (plus machine translation where ap-
plicable). The main difference between Sentri and
Bi-Encoder, that the latter is based on classic dual-
encoder architecture, while the former is using sin-
gle encoder for questions and paragraphs.

4.1 Results on XOR TyDi
Tables 1 and 2 contain results for our system in
retrieval and end-to-end setups, XOR-Retrieve and
XOR-Full respectively. These two tables contain
the results of the models’ evaluation on the devel-
opment and test parts of the XOR TyDi dataset. It
is important to mention that we use name Sentri for
our model in both tasks, while in XOR-Retrieve
task the reader part is not used, since it is essentially
a passage ranking evaluation. Also, you can find
results for our models titled as Bi-Encoder1 and
Bi-Encoder2 (for first and stages of self-training
respectively). As one can see Sentri significantly
outperforms these baseline models and existing
state-of-the-art models. We provide more detailed
analysis in section Ablation Study.

Tab. 1 displays recall scores for 2000 and 5000
first tokens (R@2kt and R@5kt respectively).
That means that we expect to find an answer span
in the first l tokens. This metric was proposed
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Target Language Li, F1 Macro Average
Ar Bn Fi Ja Ko Ru Te F1 EM BLEU

Dev Set

DPR + BM25 + MT 9.2 15.8 14.4 4.8 7.9 5.2 0.5 8.3 4.6 7.5
CORA (Asai et al., 2021b) 42.9 26.9 41.4 36.8 30.4 33.8 30.9 34.7 25.8 23.3
Bi-Encoder1 15.0 8.7 11.5 6.2 7.5 8.5 9.1 9.5 5.7 10.5
Bi-Encoder2 18.9 11.2 21.1 3.9 10.6 8.1 13.9 12.5 7.7 13.5
Sentri + ext. reader + MT 20.8 14.5 21.3 10.7 16.1 12.1 17.3 16.1 10.1 16.5
Sentri + MFiD 52.5 31.2 45.5 44.9 43.1 41.2 30.7 41.3 34.9 30.7

Table 2: End-to-end performance on XOR-Full task. Our best model, Sentri + MFiD, at large margin outperforms
existing systems.

R@2kt
Da De Es Fr He Hu It Km Ms Nl No

CORA (Asai et al., 2021b) 44.5 44.6 45.3 44.8 27.3 39.1 44.2 22.2 44.3 47.3 48.3
BM25 + MT∗ 44.1 43.3 44.9 42.5 36.9 39.3 40.1 31.3 42.5 46.5 43.3
Bi-Encoder2 50.0 47.8 48.7 47.4 37.7 43.4 41.8 37.8 49.5 47.3 49.1
Sentri 57.6 56.5 55.9 55.1 47.9 51.8 54.3 43.9 56.0 56.3 56.5

Pl Pt Sv Th Tr Vi Zh-cn Zh-hk Zh-tw Avg

CORA (Asai et al., 2021b) 44.8 40.8 43.6 45.0 34.8 33.9 33.5 41.5 41.0 41.1
BM25 + MT∗ 46.5 45.7 49.7 46.5 42.5 43.5 37.5 37.5 36.1 42.0
Bi-Encoder2 47.0 47.7 50.0 46.5 45.6 47.3 42.6 41.5 41.0 45.3
Sentri 55.8 54.8 56.9 55.3 53.0 54.4 50.2 50.7 49.4 53.3

Table 3: Zero-shot cross-lingual retrieval results on MKQA dataset.

in (Asai et al., 2021a) as alternative to more com-
mon Recall@N in purpose to make more fair com-
parison across various models with different pas-
sage size used.

Our system outperforms the previous state-of-
the-art system in both R@2kt and R@5kt metrics
by a wide margin on four languages, namely Ara-
bic, Japanese, Russian, and Telugu. More impor-
tantly, our system outperforms the previous system
on average for all the languages. Interestingly, self-
training improves the results in all the languages,
with the intriguing exception of the Russian lan-
guage. This fact requires an additional investiga-
tion, we leave it as future work for now.

Table 2 displays F1, Exact Match (EM), and
BLEU scores for the end-to-end setup where given
a question in target language Li and Wikipedia in
both English and Li, a system is required to gener-
ate an answer in the target language. F1 measure
is computed per token for an answer span. Ex-
act Match compares the golden answer span with
the system output for exact equality. BLEU met-
ric, defined as in (Papineni et al., 2002), computes

the number of overlapping n-gram between the
golden answer and the system output. In this ex-
periment, we see a somewhat different behaviour
of the model. Our model outperform previous state
of the art system for all languages, with exception
for Telugu where CORA model (Asai et al., 2021b)
shows insignificantly higher score.

4.2 Zero-Shot Cross-Lingual Transfer

We investigated the transferability across the lan-
guages for the trained system. We used the MKQA
dataset in similar to the XOR-Retrieve setup, i.e.
we retrieved the passages from English Wikipedia,
extracted the answer from the top-ranked passage,
and translated it with a machine translation model.
Here we again use M2M100 model for machine
translation task. As a baseline for this task, we
utilized BM25 with extractive reader and the ma-
chine translation model at the end of pipeline. We
selected from MKQA such unseen languages that
were not presented to the system during the training
process. The achieved results presented in Tab. 3
show that even in such a zero-shot setting our sys-
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tem significantly outperforms both the strong base-
line and previous approaches in all languages. Ad-
ditional details on zero-shot transfer could be found
in Appendix.

5 Ablation Study

Sentri model has five important features which dif-
ferentiate it from the previous work: self-training,
a single encoder model for passage and question
processing as a retriever, a generative model as
a reader, in-batch negative filtering, usage of the
machine translated data during the training process.

(I) The effect of the first of mentioned features
could be analysed basing on Tab. 1 (upper part
of the table, showing results on development set)
and 2. Self-training for Bi-Encoder model im-
proves results by 3% on average for the XOR-Full
task and about 5% for the XOR-Retrieve task (Bi-
Encoder1 vs Bi-Encoder2).

(II) The usage of a single encoder could be es-
timated as again 3% for the XOR-Full task and
about 5-6% for the XOR-Retrieve task (Sentri + ext.
reader vs. Bi-Encoder2). In Tab. 4 we demonstrate
key motivation of using shared encoder model. We
observe that the single encoder approach superior
to the Bi-Encoder in terms of memory efficiency
and overall performance. With the same size (less
than 2% difference) it achieves more than 12% rel-
ative improvement or ∼6-7 difference in absolute
points in retrieval task. Note that Sentri and Bi-
Encoder2 trained in the same setting and same QA
datasets except used base model variants (base and
large respectively). We do it for the sake of the
matching number of parameters, matched mem-
ory consumption and similar training time of both

Base architecture #params XOR
Eq Ep overall R@2kt R@5kt

Bi-Encoder2 XLM-Rbase XLM-Rbase 540 M 45.4 53.9
Sentri XLM-Rlarge (shared) 550 M 51.0 60.8

Table 4: Comparison of architectures of single and bi-
encoder models. The single encoder approach signif-
icantly outperform dual-encoder one using almost the
same memory amount.

Most-effective Macro Average
top-k F1 EM BLEU

Sentri + ext. reader + MT 5 16.1 10.1 16.5
Sentri + CORA Reader 15 30.7 - -
Sentri + MFiD 100 41.3 34.9 30.7

Table 5: Comparison of different reader models.

models.
(III) The replacement of standard extractive

reader, i.e. span-tagging model, with a generative
one, MFiD model in our case, turned out to add up
to 34% of F1 measure (for Japanese) and 25% on
average. We observe that with the number of con-
texts more than 5 performance of extractive reader
degrades. Contrary that using more contexts for
answer generation can significantly improve model
quality. We further evaluate generative reader us-
age by adding the one described in (Asai et al.,
2021b), it uses only 15 top-ranked contexts due to
memory constraints. Unlike that, MFiD can use up
to 100 top-ranked contexts thanks to the indepen-
dent processing of passages in the reader’s encoder.
The results are presented in Tab. 5.

(IV & V) The importance of the last two features
could be estimated basing on Tab. 6. While the
former one adds up to 2 per cent, the latter is of
crucial importance adding up to 20% depending on
task and measure.

We could conclude that all the features are im-
portant for our approach to present state-of-the-art
results in retrieval and end-to-end tasks.

5.1 Languages Used

It is also interesting to know if the system is ac-
tually using the data in other languages for an-
swer generation. In other words, if our model is
truly cross-lingual. The analysis of the top-100
paragraphs for all the questions in validation set
of XOR TyDi, namely the breakdown on the lan-
guages used, is shown on Tab. 7. As one can see,
there are several interesting features could be spot-
ted in the table. The highest self-usage (i.e. when
a question and a paragraph are in the same lan-
guage) percentage is shown by Korean language
(almost entirely, 97.6%), with negligible usage of
other languages, except English with 1.4%. On
the contrary, Finnish language is shown the lowest
self-usage of 52.9% with 34.6% usage of English.
These two facts could be explained as Korean hav-
ing unique writing system, thus it has almost non-
existent intersection with other languages in terms.
In the contrary Finnish is Latin-based and is in
close contact with Swedish language since the Mid-
dle Ages, while Swedish is close German language
for English. But this speculation has its down-
side: the second most-used language for Finnish is
Japanese (7.4%), which is both unrelated and uses
other script. Interestingly, Japanese language is the
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R@2kt R@5kt
MKQA XOR MKQA XOR

Sentri 53.3 51.0 60.3 60.8
Sentri w/o false negative filtering 52.1 49.3 60.1 60.3
Sentri w/o weight-sharing (Bi-Encoder approach) 45.3 45.4 52.9 53.9
Sentri w/o multi-language translations of training set 41.5 30.8 45.8 42.3

Table 6: Ablation experiments on MKQA and XOR development sets.

second language by usage for almost all the lan-
guages, including Korean but with only 0.7%. For
Telugu the second most used language is Bengali,
which is related to it. But surprisingly, the other
way around it is almost unused. Another peculiar
feature is that Russian language is significant in
usage for almost all the languages with exception
for Korean. We hypothesise that it is due to the
proportion of Russian data in the training set, this
language being the second by size in the dataset.
It is important to mention that the largest present
language is Arabic, but its influence is lower than
Russian. The influence of Arabic, Russian, and
Japanese need more in-depth future investigation.

6 Related Work

Datasets The cross-lingual question answering
datasets were scarce before recent years. Fortu-
nately, these years left us with several publicly
available datasets. Lewis et al. (2020) introduced
MLQA dataset. It consists of parallel QA pairs in
several languages. Liu et al. (2019) have presented
XQA dataset, with training set in English and vali-
dation and test sets in the other languages. Cross-
lingual Question Answering Dataset (XQuAD)
benchmark presented in Artetxe et al. (2020).
It consists of a subset of 240 paragraphs and
1190 question-answer pairs from SQuAD v1.1 (Ra-
jpurkar et al., 2016) together with their translations
into ten languages.

Systems Open-domain question answering task
assumes answering factoid questions without a pre-
defined domain (Kwiatkowski et al., 2019). Re-
cent research was focused on creating non-English
question answering datasets and applying cross-
lingual transfer learning techniques, from English
to other languages. Until recently, the availability
of appropriate train and test datasets has been a
key factor in the development of the field: how-
ever, in recent years, many works have focused
on the collection of loosely aligned data obtained

through automatic translation or by parsing similar
multilingual sources. Artetxe et al. (2020) studied
cross-lingual transferability of monolingual repre-
sentations of a transformer-based masked language
model.

In most previous approaches the authors use
extractive models to generate the actual answer.
This could be explained by the mental inertia from
SQuAD-like datasets. By SQuAD-like we mean
a dataset where labelled data includes an explic-
itly stated question, a passage, containing an an-
swer, and a span markup for the answer. Such
markup was presented for the question answering
task called SQuAD in (Rajpurkar et al., 2016). But
recently there were presented cross-lingual gen-
eration of answers from raw texts. Kumar et al.
(2019); Chi et al. (2019) studied cross-lingual ques-
tion generation. Shakeri et al. (2020) proposed
a method to generate multilingual question and
answer pairs by a generative model (namely, a
fine-tuned multilingual T5 model), it is based on
automatically translated samples from English to
the target domain. Generative question answering
was mostly considered in previous work for long
answers datasets. However, FiD model (Izacard
and Grave, 2020b) archives competitive results on
SQuAD-like datasets, where an answer is supposed
to be short text span. For open domain question
answering, one of the first approaches named RAG
used generative models was presented in (Lewis
et al., 2021). A key idea of this RAG model is
to process several (top k) passages from the re-
triever in the encoder simultaneously. The pro-
duced dense representations of the passages are
used in the decoder for the answer generation, this
process is called fusion. Processing the passages
independently in the encoder allows a model to
scale to many contexts, as it only runs self-attention
over one context at a time. FiD model follows this
paradigm further improving the results in question
generation.
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Ar Bn Fi Ja Ko Ru Te En

Ar 80.6 0.2 0.1 7.1 0.2 1.2 0.0 10.5
Bn 0.3 89.8 0.1 4.8 0.2 0.8 0.1 3.7
Fi 0.8 1.4 52.9 7.4 0.3 2.1 0.1 34.6
Ja 0.8 3.7 0.2 77.5 1.1 1.7 0.2 14.5
Ko 0.0 0.0 0.0 0.7 97.6 0.1 0.0 1.4
Ru 0.9 0.8 0.3 8.7 0.3 74.5 0.0 14.2
Te 0.2 8.3 0.0 3.8 0.4 0.4 75.5 11.2

Table 7: Breakdown on the languages that the Sentri+MFiD model uses for answer generation.

7 Conclusion

Nowadays multi-lingual and cross-lingual prob-
lems are coming to the stage once the natural lan-
guage models become more and more powerful.
One of these problems is that where the systems an-
swer the questions using various mutually disjoint
language data, as it stated in XOR TyDi task. This
task is based on a specific XOR TyDi dataset (Asai
et al., 2021a), which ensured such information
asymmetry in the different language data. We intro-
duced the cross-lingual system to solve the XOR
task. While the XOR TyDi is a challenging test
that stimulates cross-linguality in NLP systems, we
have outperformed the existing models in two sub-
tasks: XOR-Retrieve and XOR-Full without using
external APIs. The first task is a classical passage
retrieval task, while the second one is an end-to-end
question-answering task. Besides showing the state
of the art results on these two subtasks, our system
is demonstrated the ability the transfer to the un-
seen languages in retrieval task, including the lan-
guages which were not presented in the pre-trained
language model we use as an encoder for the re-
triever part of our Sentri model. And last we found
that the previous works ignored the existence of
the morphology in XOR TyDi presented languages,
thus missing many results in information retrieval.
We propose to solve this issue by using stemming
or lemmatization for such languages.

Our system has five differentiating features,
which are self-training (using the output of the pre-
viously trained models), single encoder (allowing
us to reduce the number of parameters about twice
in retriever), usage of a generative model to get the
question from retrieved passages, in-batch negative
filtering, and usage of the machine translated data
during the training process. All of these features
are proved to make a share in the achieved sig-
nificant quality improvement demonstrated by our

model. Although, our system has several flaws, e.g.
passage selection strategy and stemming for the
languages, we consider these flaws as our future
work. But we hope that current study will foster
research in cross-lingual question answering tasks.
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A Implementation Details

For our system, we have adapted models from
the Huggingface Transformers library (Wolf et al.,
2019). We trained the question and passage en-
coders using the in-batch negative sampling with
a batch size of 16, one hard negative per question.
We trained the system for 40 epochs with a learning
rate of 10−5 using Adam, linear scheduling with
warm-up and dropout rate of 0.1. For training and
validation, we used NQ, Trivia, XOR and TyDi QA
datasets. The number of hard negative passages
was 32 and 50 for the first and second stages re-
spectively. All experiments were carried out on
four nVIDIA V100 GPUs (with 32Gb RAM each).

B Data Distribution

The overall statistics on mined data from the men-
tioned datasets are available in Tab. 8. As one can
see, the data acquired is following the rough pat-
tern: most of the samples come from TriviaQA, the
second source is NQ, while the rest comes from
XOR TyDi QA. In the perspective of languages the
pattern follows the XOR TyDi distribution, with
Arabic being the largest non-English language, and
Korean being the smallest one.

NQ TriviaQA XOR QA Total

Ar 16420 38652 10496 65568
Bn 10165 25178 1973 37316
Fi 10787 23145 4688 38620
Ja 15357 26877 2869 45103
Ko 1327 2247 721 4295
Ru 18499 35081 3981 57561
Te 4964 12880 1481 19325

Table 8: The number of mined samples from training
part of Natural Questions, TriviaQA, and XOR TyDi
QA datasets

C Effects of Normalisation

Since we are using normalisation for the retrieval,
we decided to look into the evaluation process.
The metrics used for the evaluation, namely per-
token F1, Exact Match, and BLEU, are based on
simple token comparison. Such comparison is
inefficient for the languages with rich morphol-
ogy, like Russian or Japanese. So we applied the
same normalisation as in retrieval for the generated
and gold answers. Table 9 shows the achieved
results. As one can see normalisation helps to
achieve less strict and thus more informative com-
parison for the morphology-rich languages. Since
Japanese and Finnish are both synthetic aggluti-
native languages, we suppose that the results on
them could also be improved with usage of the
stemming/lemmatization, thus improving the cross-
lingual average further. Given that we think the
usage of some kind of normalisation should be rec-
ommended for any cross-lingual QA task including
morphology-rich languages.

w/o stemming with stemming

F1 EM BLEU F1 EM BLEU

Ar 18.9 12.2 19.7 21.2 14.6 18.0
Bn 11.2 6.1 12.9 11.7 6.6 13.1
Fi 21.1 14.8 22.9 21.1 14.8 22.9
Ja 3.9 0.9 4.0 3.9 0.9 4.0
Ko 10.6 6.7 7.5 11.8 8.1 8.3
Ru 8.1 4.1 11.0 14.6 7.4 18.1
Te 13.9 8.8 16.7 14.2 8.9 15.3

Avg 12.5 7.7 13.5 14.1 8.8 14.2

Table 9: Results for Sentri model with and without
normalisation.

D Zero-Shot Cross-Lingual Transfer

In addition to the MKQA results on which were pre-
sented in main contents, we used M2M100 model
to translate the MKQA English subset to all known
to it languages, thus extending MKQA to 98 lan-
guages. We provide the results on the this extended
dataset in Tab. 10.

E Unseen Languages

We thoroughly analysed the (partially) unseen lan-
guages and found out that our system performs rea-
sonably well even for those languages, which are
not present in the pre-trained XLM Roberta used as
an encoder in our model. The results are presented

405



in Tab. 11. We also provide aggregated results for
the unseen on training stage languages and seen
in the training stage ones. As one could see, our
model performs surprisingly well on the languages
which were not presented on any training stage,
although the training improves Recall by 12 and 13
per cent on average, while pre-training adds 13.8%
of Recall. We think this is another evidence of the
great generalizability of the pre-trained language
models.

Query Metric Query Metric
language R@2kt R@5kt language R@2kt R@5kt

Af 47.9 56.4 Lv 44.1 52.6
Sw 35.8 44.2 Bs 46.0 54.5
Is 44.1 52.3 Ps 35.9 44.0
Tl 44.3 54.2 Hu 51.8 59.8
Id 49.3 56.5 Lt 42.8 51.1
Ff 9.9 15.9 Ln 9.2 14.6
Sd 33.0 41.1 Gl 45.5 53.4
Bg 47.5 55.6 Pa 25.1 31.2
Ast 36.5 44.4 Sk 49.0 56.8
Ro 48.7 56.4 Oc 35.8 44.5
Yo 18.4 25.3 Lb 35.8 39.1
Ig 23.9 32.2 Br 10.3 14.1
Et 43.8 52.6 Jv 39.6 48.1
Sr 45.4 53.8 Gd 21.8 29.6
Hr 47.2 55.4 Sq 43.6 51.9
Or 6.7 11.1 Ml 40.0 47.7
Tn 37.2 19.6 Yi 32.7 40.7
Bn 13.5 49.2 Ss 21.0 27.6
Kn 25.2 31.4 Ba 21.3 27.0
Fa 44.0 51.9 Az 40.0 47.8
Fy 41.1 49.2 Ca 45.0 53.2
Hi 45.1 53.6 Lg 20.0 26.3
Ilo 39.0 46.0 Cy 33.9 41.9
El 46.3 53.9 So 26.9 34.9
Mr 38.8 47.3 Ne 14.6 19.9
Mg 21.4 36.5 Ceb 28.5 36.6
Ha 28.6 40.0 Cs 48.5 56.9
Gu 31.1 44.3 Ht 19.1 25.6
Tn 41.4 19.6 Ns 14.0 19.6
Bn 30.9 49.2 mn 36.2 43.2
Kn 25.2 31.4 Xh 28.7 36.8
Fa 44.0 51.9 Mk 46.7 54.6
Fy 41.1 49.2 Be 41.5 49.9
Hi 45.1 53.6 Ga 9.6 14.3
ILo 46.0 46.0 Si 41.5 49.0
El 46.3 53.9 Su 37.0 45.1
Mr 38.8 47.3 Uz 27.4 34.5
Kk 38.8 28.2 Am 27.3 34.7
Mg 21.4 36.5 Wo 14.0 19.2
Ha 28.6 40.0 Ta 40.0 47.5
Ur 45.5 49.5 Ka 40.5 48.5
Pa 25.1 31.2 Hy 36.9 44.0

Table 10: Results on MKQA dataset translated to 98
languages.

Setting Language Script R@2kt R@5kt

Bashkir Cyrillic 21.3 27.0
Armenian Armenian 36.9 44.0
Haitian Latin 19.1 25.6
Cebuano Latin 28.5 36.6
Lao Thai 39.0 46.0
Occitan Latin 35.8 44.5
Luxembourgish Latin 35.8 39.1
Yiddish Hebrew 32.7 40.7

Unseen at training Fulah Latin 9.9 15.9
and pre-training Igbo Latin 23.9 32.2

Ganda Latin 20.0 26.3
Lingala Latin 9.2 14.6
Swati Latin 21.0 27.6
Tswana Latin 13.5 19.6
Wolof Latin 14.0 19.2
Yoruba Latin 18.4 25.3
Zulu Latin 30.9 38.6

Unseen at training
Avg — 24.1 30.8

and pre-training
Unseen at training Avg — 36.4 44.0

Seen Avg — 50.2 57.8

Table 11: Recall of Sentri model on machine-translated
MKQA dataset.
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Abstract

Generative dialogue models suffer badly from
the generic response problem, limiting their
applications to a few toy scenarios. Recently,
an interesting approach, namely negative train-
ing, has been proposed to alleviate this prob-
lem by reminding the model not to gener-
ate high-frequency responses during training.
However, its performance is hindered by two
issues, ignoring low-frequency but generic re-
sponses and bringing low-frequency but mean-
ingless responses. In this paper, we propose a
novel negative training paradigm, called nega-
tive distillation, to keep the model away from
the undesirable generic responses while avoid-
ing the above problems. First, we introduce a
negative teacher model that can produce query-
wise generic responses, and then the student
model is required to maximize the distance
with multi-level negative knowledge. Em-
pirical results show that our method outper-
forms previous negative training methods sig-
nificantly.1

1 Introduction

In the past few years, data-driven response gener-
ation (Vinyals and Le, 2015; Shang et al., 2015;
Vougiouklis et al., 2016) has achieved impressive
performance, drawing continuously increasing at-
tention from academia and industry. Convention-
ally, with the guidance of maximum likelihood
estimation (MLE), neural dialogue models are ex-
pected to maximize the probability of generating
the corresponding reference given any query. Un-
fortunately, due to the many-to-one phenomenon
(see Table 1), a characteristic of the dialogue task
(Csáky et al., 2019), these models are prone to pro-
duce safe but generic responses (e.g., I don’t know
(Li et al., 2016)), which sets an obstacle for the
generative dialogue system to be deployed widely.
Some researchers tried to redesign the objective

1The code and preprocessed data are available at
https://github.com/Yiwei98/dialogue-negative-distillation.

of models to meet the requirement of diverse re-
sponses instead of MLE, such as MMI (Li et al.,
2016), AdaLabel (Wang et al., 2021), and IAT
(Zhou et al., 2021). Besides, several studies (Ku-
likov et al., 2019; Holtzman et al., 2020) proposed
more advanced decoding strategies to alleviate the
problem of generic responses. Indeed, the above
methods boost the diversity of responses by remind-
ing the model what should be said.

However, inspired by negative training (Kim
et al., 2019; Ma et al., 2021), we argue that it is also
necessary to tell the dialogue model what not to say.
To alleviate the problem of generic responses, He
and Glass (2020) negatively updates the parameters
when identifying the high-frequency responses. Li
et al. (2020a) punishes the behaviors of generating
repetitive or high-frequency tokens by using the
unlikelihood objective (Welleck et al., 2020).

Although the negative-training based methods
enhance the diversity of responses, there still exists
two drawbacks: First, they regard high-frequency
tokens or utterances as negative candidates. How-
ever, the high-frequency response problem is only
a sub-problem of the generic response problem (He
and Glass, 2020). It means that the responses that
are low-frequency but generic will escape from pun-
ishment. Even worse, we have observed that some
generic responses followed by a low-frequency but
meaningless subsequence can avoid being identi-
fied as high-frequency, which inevitably sacrifices
the fluency of responses (see Analysis). Second,
these methods ignore the implicit negative knowl-
edge in neural networks that characterizes negative
candidates at multiple levels. We contend that it
is more effective to conduct negative training with
richer information (e.g., hierarchical representa-
tion).

To tackle the above problems and further im-
prove the diversity of responses, we propose a
novel negative training paradigm called Negative
Distillation (ND). Conventional knowledge distil-
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Query Response Entropy Score

1: Oh, honey, you made a mistake. I don’t know how to do it. 8.61

2: Would you like regular car wash package? I don’t know what you mean. 8.75

3: I’m looking for the airport. No, sorry. I don’t know. 10.69
Can you tell me how to get there?

4: That’s cathy. She is pretty, isn’t she? Well, I don’t know. 12.14
She likes dancing. Ask her to dance.

5: It doesn’t matter. You gotta find what she’s I don’t know . . . 6.82
interested in and go with that.

Table 1: The many-to-one phenomenon in DailyDialog. All the above five queries have the same I don’t know-like
responses. The corresponding source entropy (Csáky et al., 2019) scores are much higher than the median score
(0.92) of the whole training set. This phenomenon will lead to the generic response problem.

lation (KD) (Hinton et al., 2015; Jiao et al., 2020)
takes the teacher as a positive role model and in-
duces the student to imitate. Differing from that,
we train the teacher as a negative role model and
remind the student to get rid of those bad behaviors.

Specifically, we first collect a negative training
set by using a filtering method called Source En-
tropy (Csáky et al., 2019). This filtering method can
retrieve all many-to-one cases of the raw dataset.
Note that the “one” is usually a generic response.
Then, we train a dialogue model on the above sub-
set as the negative teacher. Given queries, the nega-
tive teacher can provide a set of negative candidates
(i.e., generic and dull responses) that the student
is prone to generate, which avoids the first draw-
back mentioned before. Therefore, the student ob-
tains query-wise bad behaviors for Negative Distil-
lation. To conduct the negative update holistically,
we design two negative objectives, including soft
unlikelihood loss on the prediction layer and re-
verse square error on the intermediate layer. In this
way, the negative distillation fully exploits multi-
level negative knowledge to force the student to
generate non-generic responses.

Our contributions are summarized as follows:

• We propose a novel and effective negative
training paradigm called Negative Distillation.
It constructs query-wise generic responses as
the negative candidates.

• We design two negative objectives to utilize
multi-level information to further boost the
performance of negative distillation.

• We perform extensive experiments and de-
tailed analysis to verify the effectiveness of

the negative distillation framework and the
superiority compared with previous negative
training methods.

2 Method

In this section, we first introduce the negative
teacher, then describe the negative distillation on
the prediction layer and the intermediate layer, re-
spectively, and finally present the progressive opti-
mization objective. Algorithm 1 shows the whole
training details.

2.1 Background
Dialogue Generation with MLE Take Q =
{q1, q2, ..., qTq} and R = {r1, r2, ..., rTr} as the
(query, response) pair, where Tq and Tr represent
the length of query and response, respectively. The
generative dialogue model aims to learn a condi-
tional probability distribution pθ(R|Q). The maxi-
mum likelihood estimation (MLE) is usually used
to train the model, which can also be expressed as
minimizing the negative log-likelihood:

LMLE = −
Tr∑

i=1

log pθ (ri | r<i, Q) . (1)

Considering one characteristic of the dialogue task,
i.e., allowing the response to be varied, the many-
to-one phenomenon occurs in the dialogue corpora
frequently. However, with the MLE-based training,
this phenomenon will cause the model to produce
generic responses.

Unlikelihood Training Unlikelihood (UL) loss
(Welleck et al., 2020) is proposed for the model to
address the problem of undesirable behaviors (e.g.,
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repetitive or high-frequency tokens). It forces the
model to minimize the probability of generating
negative candidates, which is formulated as:

LUL = −
Tr∑

i=1

∑

rc∈Ct
log(1− pθ(rc | r<i, Q)), (2)

where Ct consists of negative candidates (e.g.,
overuse frequent words) that are also a sub-set of
the vocabulary.

Knowledge Distillation The traditional knowl-
edge distillation (KD) usually transfers useful
knowledge from a large and strong teacher net-
work T to a small student network S. The distilla-
tion loss is used to align the soften predictions of
the teacher and the student, denoted as fT (x) and
fS(x):

LKD =
∑

x∈D
L
(
fT (x), fS(x)

)
, (3)

where L(·) is a measurement function that calcu-
lates the distance of different probability distribu-
tions, x is the input text, andD denotes the training
set.

In this work, we replace the positive teacher in
vanilla KD with a negative teacher, aiming to pro-
vide negative knowledge for the student to conduct
negative training and avoid undesirable behaviors.

2.2 Negative Teacher

To improve the diversity of responses, the dialogue
model should be told which responses are generic.
For negative distillation, a negative teacher is re-
quired to produce possible generic responses given
any query. In this work, we adopt the widely used
Transformer (Vaswani et al., 2017) as the underly-
ing model for both teacher and student. We intro-
duce the Source Entropy filtering method (Csáky
et al., 2019) to identify and collect the many-to-
one cases for the negative training set. The source
entropy is defined as:

Hsrc(r,D) = −
∑

(qi,r)∈D
p(qi|r) log p(qi|r), (4)

where p(qi|r) is the conditional probability calcu-
lated based on the relative frequency of (query,
response) pairs, r is a response, qi is the query
corresponding to the response r, and D represents

the raw training set. A higher source entropy in-
dicates that the response r corresponds to more
queries, i.e., the many-to-one problem is serious.
We select the top 50% 2 dialogue pairs (q, r) with
a high source entropy as the negative training set
DN , which contains a much higher proportion of
generic responses than the raw training set.

After that, we train the teacherN on the negative
training set DN by Equation 1. The teacher will
naturally produce generic responses for any input
query. More importantly, it will provide richer
negative knowledge for the student, including soft
logits in the prediction layer and implicit features
in the intermediate layers.

2.3 Negative Distillation
In this section, we conduct the negative distillation
for the student based on the multi-level negative
knowledge.

ND for Prediction Layer The soften logits in
the prediction layer contain more information than
the ground-truth labels, such as the similarity be-
tween labels (Wang et al., 2021). Therefore, con-
ventional KD transfers knowledge by narrowing
the gap between the probability distributions of the
teacher T and the student S:

LKD = −
Tr∑

i=1

|V|∑

k=1

pT (ri = k | r<i, Q)

· log pS (ri = k | r<i, Q) . (5)

As for negative distillation, the extra knowledge in
soften logits of the negative teacher reflects how to
generate dull responses based on the input query.
Therefore, we propose a soft unlikelihood loss to
maximize the distance between the predictions of
the negative teacher N and the student S:

Lpred =−
Tr∑

i=1

|V|∑

k=1

pN (ri = k | r<i, Q)

· log (1− pS (ri = k | r<i, Q)) , (6)

where pN and pS are calculated by:

pi =
exp (zi/t)∑
j exp (zj/t)

, (7)

where t is a temperature coefficient that is used to
soften the probability distribution over words.

2Simply the same as Akama et al. (2020)
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It should be emphasized that previous nega-
tive training methods only use the high-frequency
words or phrases with one-hot representation as
the targets, which ignores the rich information ex-
isting in the soften logits (e.g., the generic words
have similar probabilities). In the Analysis section,
we demonstrates the superiority of soften logits
compared with hard targets (i.e., one-hot represen-
tation).

ND for Intermediate Layer In addition to the
output knowledge from the prediction layer, there
is also some implicit knowledge embedded in the
intermediate layers, such as hidden states and at-
tention matrices. To keep the student away from
undesirable behaviors (i.e., producing generic re-
sponses) more effectively, we further consider the
above knowledge into negative distillation. Specifi-
cally, the distance between features of the negative
teacher and the student should also be increased.
In this work, we propose a new measurement func-
tion, called mean reverse square error (MRSE), to
calculate this distance:

LMRSE(A,B) =
1

n

n∑

i=1

exp−SE(Ai,Bi), (8)

where A and B are the feature matrices of the
negative teacher and the student, respectively, and
n is the number of elements of each matrix.

Due to the responses generating in the decoding
phrase, we only conduct negative distillation on
the intermediate layers of the decoder. For each
decoder layer, the negative distillation objective of
hidden states is defined as:

Llhid = LMRSE(H
l
N ,H

l
S), (9)

whereH l
N andH l

S are the output hidden states of
the lth decode layer of N and S, respectively.

As the attention weights can learn substantial
linguistic knowledge (Clark et al., 2019), it is ben-
eficial for the student to further conduct negative
distillation on the attention matrices, which is com-
puted as follows:

A =
QKT

√
dk

, (10)

Attention (Q,K,V ) = softmax(A)V , (11)

where Q, K, and V are the matrices of queries,
keys, and values, respectively, and dk is a scaling

factor. Following Jiao et al. (2020), the attention
matrixA is chosen to calculate the distance rather
than its softmax version softmax(A). Similar to
Equation 9, the negative distillation objective of
attention matrices is formulated as:

Llatt = LMRSE(A
l
N ,A

l
S)), (12)

whereAl
N andAl

S are the attention matrices of the
lth decoder layer of N and S, respectively.

Algorithm 1 Negative Distillation

Input: D: The raw training set; Hsrc : The Source
Entropy filtering method; N and S: The nega-
tive teacher and the student.

1: % Collection of negative training set.
2: [Data_entropy]← Calculate_data_entropy(D,
Hsrc) using Eq.4

3: Index_list← Sort([Data_entropy])
4: DN ← Extract_top_data(D, Index_list, 50%)
5: % Training of negative teacher.
6: repeat
7: Optimize N by minimizing Lmle(N) on

DN using Eq. 1
8: until Convergence
9: % Negative distillation.

10: repeat
11: Optimize S by minimizing L(S) onD using

Eq. 13
12: until Convergence
Output: S : The trained student.

2.4 Progressive Optimization
The overall loss, combining the above negative
distillation objectives and the MLE objective, is
denoted as:

L = (1− α)Lmle+

α(Lpred +
l∑
Llhid+

l∑
Llatt), (13)

where α is a hyper-parameter that balances the im-
portance of supervised learning and negative distil-
lation. For negative distillation, it would be better
that the student has the ability to say something
before it is reminded of what not to say. Thus, we
perform a progressive distillation that first warms
up the negative distillation ratio and then colds it
down gradually. Inspired by the derivative of sig-
moid function:

σ′(z) = σ(z)(1− σ(z)) = e−z

(e−z + 1)2
, (14)
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Datasets Train Valid Test Vocab

DailyDialog 68k 6.8k 6.8k 17,930
OpenSubtitles 200k 20k 10k 21,177

Table 2: Statistics of two dialogue datasets in the exper-
iments.

which shows a trend of gradual rise-fall, we define
the balance coefficient α as:

α = λ ∗ e−z

(e−z + 1)2
, (15)

where λ controls the peak value and z is calculated
by:

z(s) = β ∗ (s− γ), (16)

where s is the training step, and β and γ control the
telescopic and translation transformation, respec-
tively.

3 Experiments

3.1 Datasets
In our experiments, two widely used dialogue
datasets are employed to evaluate the proposed
method: DailyDialog, which collects conversa-
tions that are similar to human daily communica-
tion (Li et al., 2017b), and OpenSubtitles, which
consists of large-scale dialogues extracted from
movie subtitles (Tiedemann, 2009). In this work,
we focus on the single-turn dialogue generation,
thus we pre-process these two datasets into the
(query, response) pairs. Table 2 provides the statis-
tics of both datasets.

3.2 Experimental Settings
We take the Transformer-based sequence-to-
sequence model (Vaswani et al., 2017) as the un-
derlying model for all approaches. Following the
settings of Transformer in Csáky et al. (2019), both
encoder and decoder contain 6 layers, in which the
self-attention module has 8 attention heads and the
number of feed-forward units is 2048. The size
of hidden states is set to 512 and the dimension
is 64 for query, key, and value. Please refer to
Appendix A for more details.

For the proposed approach, both the negative
teacher network and the student network have the
same settings in terms of the network architecture
and hyper-parameters. λ in Equation 15 is set to
4, making the peak value equal to 1. γ is 25600
and β is 6/γ. For the temperature coefficient t, we
simply set it to 1.

3.3 Baselines

We compare the proposed negative distillation
(ND) approach with the standard Transformer, two
existing negative training approaches and two extra
diversity improving approaches:

• Standard The vanilla Transformer-based
sequence-to-sequence model with the MLE-
based training (i.e., the cross-entropy based
loss).

• NT (Negative Training) (He and Glass, 2020)
During training, it first counts the frequency of
all generated utterances and then conducts the
negative update based on the high-frequency
utterances.

• UL (Unlikelihood Training) (Li et al., 2020a)
Different from NT, it calculates the frequency
of all generated words instead of utterances
and penalizes the high-frequency words by
introducing an unlikelihood loss term.

• CVAE (Zhao et al., 2017) A dialogue re-
sponse generation model using conditional
VAE to improve the diversity of generated re-
sponses.

• FACE (Jiang et al., 2019) It uses the
frequency-aware cross-entropy loss to tackle
the low-diversity problem.

All the baselines are performed with the same
architecture and hyper-parameters as ours. Fol-
lowing He and Glass (2020); Li et al. (2020a), we
use greedy search as the decoding strategy for all
baselines and our method. We also evaluate the
performance with beam search (size 5) and obtain
similar results (see 3.6 for details). Details for base-
lines is describes in Appendix B.

3.4 Automatic Evaluation

Metrics To evaluate whether negative distillation
can effectively reduce the generic responses, we
adopt Dist-{1,2,3} (distinct) (Li et al., 2016) to re-
flect the lexical diversity of the generated responses.
It is a widely used metric that counts the proportion
of unique unigrams/bigrams/trigrams. LF (low-
frequency token ratio) (Li et al., 2020b) further
measures the diversity of responses by calculating
the ratio of low-frequency words in the generated
responses. The threshold of low frequency is set
to 100. Besides, it is necessary to verify whether
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Models Dist-1 ↑ Dist-2 ↑ Dist-3 ↑ LF ↑ KL-1 ↓ KL-2 ↓ BLEU-3 ↑ BLEU-4 ↑
Standard 0.0089 0.0313 0.0576 0.102 0.96 0.53 0.384 0.395
NT 0.0059 0.0293 0.0760 0.070 1.05 1.84 0.226 0.183
UL 0.0062 0.0319 0.0882 0.075 1.07 1.88 0.228 0.187
CVAE 0.0024 0.0201 0.0821 0.029 1.54 2.02 0.144 0.087
FACE 0.0113 0.0412 0.0763 0.127 0.83 0.57 0.099 0.063
ND 0.0145 0.0678 0.1447 0.158 0.65 0.26 0.381 0.388

Standard 0.0020 0.0071 0.0147 0.022 2.19 1.40 0.355 0.353
NT 0.0011 0.0045 0.0108 0.014 2.26 2.39 0.255 0.216
UL 0.0015 0.0060 0.0151 0.018 1.85 1.97 0.303 0.269
CVAE 0.0009 0.0055 0.0182 0.013 2.76 2.70 0.134 0.084
FACE 0.0020 0.0079 0.0166 0.023 2.03 1.56 0.353 0.339
ND 0.0027 0.0102 0.0218 0.029 2.10 1.23 0.355 0.355

Table 3: Automatic evaluation results using greedy search on DailyDialog (Up) and OpenSubtitles (Down). The
best/second-best results are bold/underlined. "↑" means higher is better. "↓" means lower is better.

s

vs. Models Informativeness Kappa Relevance Kappa Fluency KappaWin(%) Tie(%) Lose(%) Win(%) Tie(%) Lose(%) Win(%) Tie(%) Lose(%)

Standard 77.3 18.7 4.0 0.456 48.0 34.7 17.3 0.453 14.7 76.0 9.3 0.491
NT 31.3 38.7 30.0 0.669 54.7 32.0 13.3 0.421 91.3 8.0 0.7 0.497
UL 44.7 28.7 26.7 0.411 66.0 23.3 10.7 0.425 92.7 7.3 0.0 0.614

Table 4: Results of human evaluations on DailyDialog. Our framework has a higher win rate than baselines.

the models can ensure consistency while improv-
ing diversity. So we use KL-{1,2} (KL divergence)
(Csáky et al., 2019), which measures the distribu-
tion distance between the generated and the ground-
truth responses, to reflect how well a model can ap-
proximate the ground-truth unigrams/bigrams dis-
tributions. BLEU (Chen and Cherry, 2014) is also
reported and it measures n-gram overlap between
the generated and the ground-truth references.

Results Table 3 shows the results obtained at the
lowest point of the validation loss. We can see
that our approach outperforms all baselines in di-
versity (Dist and LF) by a significant margin on
both datasets, demonstrating that ND can effec-
tively alleviate the generic response problem by
using multi-level negative information. The KL
and BLEU scores of ND are close to or better
than Standard, which verifies that our method can
maintain the consistency of responses while im-
proving its diversity. To some extent, both NT
and UL improve the diversity of words, especially
for trigrams, but the low LF scores indicate that
they reduce the high-frequency words but fail to
increase the number of low-frequency’s. What’s
worse, BLEU and KL-2 scores of above two and
CVAE sharply decline. It suggests that previous
negative training approaches and other methods for
diversity enhancement may harm the consistency

and fluency of responses dramatically, which is not
in line with the goals of the dialogue system. Our
method obtains similar results with beam search.
Please refer to 3.6 for details.

3.5 Human Evaluation

Apart from automatic evaluations, we conduct hu-
man evaluations to further verify the effectiveness
of our method than previous negative training meth-
ods. We randomly select 50 samples from the test
set of DailyDialog, and three well-educated anno-
tators are invited to judge which of the responses
generated by ND and baselines is better (i.e., win,
tie or loss) in terms of informativeness, relevance,
and fluency. Informativeness reflects how much the
information related to the query is contained in the
generated response. Relevance reflects how likely
the generated response is coherent to its query. Flu-
ency reflects how likely the generated response is
produced by human.

Table 4 summarizes the human evaluation results.
We can see that the proposed approach is overall
better than all baselines. Specifically, ND achieves
better performance than Standard in terms of infor-
mativeness and relevance, and remains competitive
in fluency. Compared with both NT and UL, our
approach shows significant advantages, especially
in fluency. It indicates that their punishment for
high-frequency tokens or utterances will lead to
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a serious non-fluency and inconsistency problem.
We use Fleiss’s kappa (Fleiss, 1971) to measure the
inter-annotator agreement.

3.6 Experimental Analysis

We conduct extensive analysis on DailyDialog to
investigate the effectiveness of the negative distilla-
tion in more details.

Models Dist-2 Dist-3 LF KL-2 BLEU-4

ND .0678 .1447 .158 .26 .388
w/o Lpred .0529 .1084 .145 .39 .397
w/o Latt .0517 .1032 .138 .26 .392
w/o Lhid .0365 .0677 .109 .62 .380
w/o Lneg .0313 .0576 .102 .53 .395

Table 5: Ablation studies of different negative distilla-
tion objectives in ND.

Ablation study We study the effects of different
negative distillation objectives by ablating the pre-
diction layer distillation (w/o Lpred), the attention
distillation (w/o Latt), the hidden state distillation
(w/o Lhid), and the whole negative distillation (w/o
Lneg, i.e. Standard). The results in Table 5 show
that all three proposed negative distillation objec-
tives are useful for improving the diversity. The
significant decline in w/o Lhid indicates that the
negative information in intermediate layers is very
important for ND. w/o Latt is better than w/o Lhid,
attributing to the more abundant information in
hidden states.

Does source entropy work? To verify whether
the source entropy filtering method can collect the
generic responses, we select the top 50% and the
bottom 50% of the sorted training set as Dt and
Db, respectively. Then we train Nt and Nb on the
corresponding sub-sets. From Table 6, we can see
that Nb outperforms Nt in all the diversity-related
metrics, indicating the effectiveness of source en-
tropy.

Models Dist-1 Dist-2 Dist-3 LF

Nt 0.0024 0.0078 0.0134 0.0331
Nb 0.0040 0.0121 0.0215 0.0444

Table 6: Effect of the source entropy filtering method.

Can the negative knowledge be transferred?
We take Nt and Nb as the negative teachers for
the students St and Sb, respectively. Then we con-
duct negative distillation on both St and Sb. The

results in Table 7 demonstrate that St obtains more
gains in diversity than Sb, indicating St gets rid of
more negative knowledge. It can be further verified
by the results of previous analysis that Nt has more
negative knowledge than Nb.

Models Dist-2 Dist-3 LF KL-2 BLEU-4

St 0.0678 0.1447 0.158 0.26 0.388
Sb 0.0409 0.0844 0.097 0.40 0.386

Table 7: Effect of negative knowledge.

Models Dist-2 Dist-3 LF KL-2 BLEU-4

Standard .0313 .0576 .102 .53 .395
ND (fixed α) .0392 .0793 .123 .42 .386
ND .0678 .1447 .158 .26 .388

Table 8: Effect of progressive distillation.

Models Dist-1 Dist-2 Dist-3 LF

ND (random target) 0.0040 0.0109 0.0170 0.053
ND (hard target) 0.0136 0.0620 0.1344 0.139
ND (soft target) 0.0145 0.0678 0.1447 0.158

Table 9: Comparison of soft targets, hard targets, and
random targets for negative distillation.

Study of soft target To evaluate the superiority
of soft targets for negative distillation, we sample
responses (i.e., hard target) by greedy search on
the predictions of negative teachers for compari-
son. The results in Table 9 show that ND with
soft targets can diversify the responses more ef-
fectively, demonstrating the advantages of richer
negative information (e.g., the similarity between
labels) in soft targets. What’s more, we randomly
select responses from the negative training set DN
as negative targets. The sharp decline in perfor-
mance proves that the negative teacher can produce
targeted generic responses.

Effect of progressive distillation In order to ver-
ify the effectiveness of progressive negative distil-
lation, we conduct negative distillation with fixed
α. The value is obtained by calculating the average
of α in Equation 15 across the convergence steps.
The results in Table 8 demonstrate that the progres-
sive distillation policy can help the student exploit
negative knowledge more effectively. Besides, note
that ND with fixed α also outperforms the Standard
model.
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Models Dist-1 ↑ Dist-2 ↑ Dist-3 ↑ LF ↑ KL-1 ↓ KL-2 ↓ BLEU-3 ↑ BLEU-4 ↑
Standard 0.0060 0.0238 0.0455 0.068 0.92 0.62 0.375 0.372
NT 0.0077 0.0326 0.0640 0.083 0.76 0.70 0.349 0.334
UL 0.0059 0.0270 0.0570 0.075 0.82 0.95 0.321 0.294
CVAE 0.0022 0.0152 0.0579 0.026 1.60 1.94 0.144 0.087
FACE 0.0074 0.0305 0.0591 0.086 0.73 0.64 0.123 0.077
ND 0.0108 0.0427 0.0799 0.120 0.72 0.05 0.386 0.404

Table 10: Automatic evaluation results using beam search (size 5) on DailyDialog. Our approach (ND) outperform
baselines on all the metrics.

Evaluation results with beam search He and
Glass (2020) and Li et al. (2020a) choose greedy
decoding due to its simplicity and higher diversity
than beam decoding. However, we find that both
NT and UL tend to generate long but non-fluent
and incoherent responses. So we conduct beam
search with adding the length penalty. Table 10
summarizes the results and it shows that both two
baselines get better KL and BLEU scores than
using greedy search due to shorter responses. ND
outperform baselines on all the metrics, confirming
the effectiveness of our method.

Input: The phone turns off by itself.

Standard: What’s the problem?
NT: I see. Is a part of the most important things. And I’ll be
happy to keep you there. Is the most important thing for you...
UL: I see. Is not allowed to be a good thing. Birthday. Birth-
day. - hour are very important......
ND: I am calling to tell you that he is in the right desk.

Input: Well, I bought this skirt here yesterday afternoon. But
I got the wrong size. It’s too small for my daughter. I wonder
if I could refund it.

Standard: That’s fine.
NT: That’s fine. Your mind and address number. number. And
date are available. And so on. Is very simple......
UL: I’m sorry, sir. But you’ve got to work overtime before
you leave the contract. Service is very important. Service.
Service usually be late.
ND: I think you have to pay the money.

Table 11: Examples of generated responses.

Case study Table 11 shows some cases gener-
ated by the proposed method and baselines. Stan-
dard prefers generic and meaningless responses.
Both NT and UL tend to generate a short generic
sentence followed by a incoherent and non-fluent
subsequence. In contrast, ND can produce diverse
and coherent responses.

4 Related work

Diversity Dialogue Learning There are two
lines of work for solving the generic response prob-

lem: One line promotes the diversity from posi-
tive view, which is outside of our work. Specially,
previous work includes MMI (Li et al., 2016),
GAN (Li et al., 2017a; Zhang et al., 2018), CVAE
(Zhao et al., 2017), BT (Su et al., 2020), FACE
(Jiang et al., 2019), AdaLabel (Wang et al., 2021),
IAT (Zhou et al., 2021), and Nucleus Sampling
(Holtzman et al., 2020). The other line allevi-
ates the generic response problem using negative
training. He and Glass (2020) regards frequent re-
sponse problem as a sub-problem of the generic
response problem and conduct negative update for
the high-frequency responses during training. Li
et al. (2020a) focuses on high-frequency tokens
rather than tokens and punishes them by using the
unlikelihood objective (Welleck et al., 2020). Both
of them handle the generic response problem only
from the angle of reducing frequency, thus can not
capture all the features of generic replies.

Negative Training for Dialogue Learning Neg-
ative training for retrieval-based dialogue learning
has been previously extensively studied (Humeau
et al., 2020; Nugmanova et al., 2019), while we
focus on the dialogue generation in this work. He
and Glass (2020) uses negative training to prevent
generic and malicious responses in dialogue mod-
els. Li et al. (2020a) generalizes unlikelihood to
dialogue generation for improving repetition, speci-
ficity and coherence. Lagutin et al. (2021) proposes
implicit unlikelihood training to minimize repeti-
tion. Our work proposes a new negative training
paradigm aimed at improving the diversity of di-
alogue responses while avoiding the problem of
poor consistency and fluency of previous work.

5 Conclusion

We present a novel negative training paradigm to
improve the diversity of dialogue responses. It
formulates the conventional negative training as
a knowledge distillation process, which is rarely
explored before. The negative teacher can produce
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the corresponding generic and dull responses given
any query, which naturally avoids problems that
hinder previous negative training methods. Besides,
we further boost the performance of negative distil-
lation by exploiting richer information, i.e., multi-
level features. Extensive experiments validate the
superiority of our proposed method compared with
prior negative training work.

A limitation of our work is that we only focus
on the generic response problem. For future work,
we will extend the proposed negative distillation to
handle other generation problems, such as incon-
sistency and lacking personas or emotions.
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A Details for Implementations

Here are some implementation details of our exper-
iments. Dropout (Srivastava et al., 2014) is used for
the self-attention module, the feed-forward layer,
and the activation layer, and the rate of all three is
set to 0.1. We also use label smoothing (Szegedy
et al., 2016) and the smoothing value is 0.1. The
batch size is set to 256. We use the Adam optimizer
(Kingma and Ba, 2015) and employ the warm-up
(He et al., 2016) trick to adjust the learning rate dur-
ing training. The warm-up steps swp are 128000
and 256000 for DailyDialog and OpenSubtitles,
respectively. The learning rate is computed as fol-
lows:

lr =
2 ·min( 1√

s
, s√

s3wp
)

√
dmodel

, (17)

where lr is the learning rate at the sth step of train-
ing and dmodel is the size of hidden states. We
implement all approaches with Pytorch 1.7, and
conduct all experiments on RTX 3090.

B Baselines

For NT, the threshold rthres is set to 1% and the
weight coefficient λPOS is set to 1 as the authors’

suggestion. For UL, we search the mixing hyper-
parameter α in [1, 10, 100, 1000] and 1000 is se-
lected for its best performance. Both NT and UL
are refined on the well-trained Standard model.
For CAVE, we set the latent size with patience
to 256 and 64 for DailyDialog and OpenSubtitles,
respectively. And for FACE, we use the "output
frequency" and "pre-weight" version as the author
suggested.

We also compare the proposed method (ND)
with AdaLabel (Wang et al., 2021), although AdaL-
abel alleviates the generic response problem from
the perspective of target regularization instead of
negative training. The results in Table 12 confirms
the superior performance of our method for improv-
ing the diversity of generated responses.
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Models Dist-1 ↑ Dist-2 ↑ Dist-3 ↑ LF ↑ KL-1 ↓ KL-2 ↓ BLEU-3 ↑ BLEU-4 ↑
AdaLabel 0.0100 0.0397 0.0757 0.105 0.89 0.59 0.097 0.061
ND 0.0145 0.0678 0.1447 0.158 0.65 0.26 0.381 0.388

AdaLabel 0.0065 0.0259 0.0476 0.064 1.11 0.83 0.109 0.069
ND 0.0108 0.0427 0.0799 0.120 0.72 0.05 0.386 0.404

Table 12: Comparing with AdaLabel by greedy search(Up) and beam search(Down) on DailyDialog. "↑" means
higher is better. "↓" means lower is better.
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Abstract

Back translation (BT) is one of the most sig-
nificant technologies in NMT research fields.
Existing attempts on BT share a common char-
acteristic: they employ either beam search or
random sampling to generate synthetic data
with a backward model but seldom work stud-
ies the role of synthetic data in the performance
of BT. This motivates us to ask a fundamen-
tal question: what kind of synthetic data con-
tributes to BT performance? Through both the-
oretical and empirical studies, we identify two
key factors on synthetic data controlling the
back-translation NMT performance, which are
quality and importance. Furthermore, based
on our findings, we propose a simple yet ef-
fective method to generate synthetic data to
better trade off both factors so as to yield a
better performance for BT. We run extensive
experiments on WMT14 DE-EN, EN-DE, and
RU-EN benchmark tasks. By employing our
proposed method to generate synthetic data, our
BT model significantly outperforms the stan-
dard BT baselines (i.e., beam and sampling
based methods for data generation), which
proves the effectiveness of our proposed meth-
ods.

1 Introduction

Since the birth of neural machine translation
(NMT) (Bahdanau et al., 2014; Sutskever et al.,
2014) back translation (BT) (Sennrich et al., 2016a)
has quickly become one of the most signifi-
cant technologies in natural language processing
(NLP) research field. This is because 1) it pro-
vides a simple yet effective approach to advance
the supervised NMT by leveraging monolingual
data (Edunov et al., 2018) and it also serves as a key
learning objective in unsupervised NMT (Artetxe
et al., 2018; Lample et al., 2018); 2) back transla-
tion even plays a significant role in other NLP re-

∗This work was done during the internship of the first
author at Tencent AI Lab. The code is available at https:
//github.com/Jiahao004/Data-for-BT

search fields beyond translation such as paraphras-
ing (Mallinson et al., 2017) and style transfer (Prab-
humoye et al., 2018; Zhang et al., 2018).

Back translation consists of two steps, namely
synthetic corpus generation with a backward model
and parameter optimization for the forward model.
Various contributions have been made on im-
proving back translation, for instance, iterative
back translation (Hoang et al., 2018), tagged
back translation (Caswell et al., 2019), confidence
weighting (Wang et al., 2019), data diversifica-
tion (Nguyen et al., 2020). Although these efforts
differ in some aspects, all of them share a common
characteristic: they employ a default way to gen-
erate synthetic data in the first step of BT which
is either beam search or random sampling with a
backward model. Seldom work studies the conse-
quences of synthetic corpus to back translation and
hence it is unclear how synthetic data influences
the final performance of BT.

The early study empirically suggests the qual-
ity of the synthetic corpus is vital for BT perfor-
mance (Sennrich et al., 2016a). However, recent
studies illustrate better test performance can be
achieved by low quality synthetic corpus (Edunov
et al., 2018). This contradictory observation indi-
cates the quality of synthetic data is not the only
element that affects the BT performance. Hence,
this fact naturally raises a fundamental question:
what kind of synthetic data contributes to back
translation performance?

In this paper, we attempt to take a step for-
ward toward the above fundamental question. To
this end, we start from a critical objective in
semi-supervised learning, which is defined by the
marginal distribution of a target language. Then we
derive an approximate lower bound of the objective
function, which is closely related to the objective
of back translation. Corresponding to this lower
bound, we theoretically find two related elements
for maximizing such a lower bound: quality of syn-
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thetic bilingual data and importance weight of its
source. Since both elements are mutually exclusive
to some extent, it may induce contradictory obser-
vation if one judges the BT performance according
to a single element. In addition, such a theoretical
explanation is supported by our empirical exper-
iments. Furthermore, based on our findings, we
propose a new heuristic approach to generate syn-
thetic data whose both elements are better balanced
so as to yield improvements over both sampling
and beam search based methods. Extensive ex-
periments on three WMT14 tasks show that our
BT consistently outperforms the standard sampling
and beam search based baselines by a significant
margin.

Our contributions are three folds:

1. We point out that importance weight and qual-
ity of synthetic candidates are two key factors
that affect the NMT performance.

2. We propose a simple yet effective method for
synthetic corpus generation, which could bet-
ter balance the quality and importance of syn-
thetic data.

3. Our experiments prove the effectiveness of
the aforementioned strategy, it outperforms
beam or sampling decoding methods on three
benchmark tasks.

2 Revisiting Back Translation

NMT builds a probabilistic model p(y|x; θ) with
neural networks parameterized by θ, which is used
to translate a sentence x in source language X to
a sentence y in target language Y . The standard
wisdom to train the model is to minimize the fol-
lowing objective function over a given bilingual
corpus B = {(xi, yi)}:

ℓ(B; θ) =
∑

(xi,yi)∈B
log p(yi|xi; θ) (1)

Recently Sennrich et al. (2016a) propose a re-
markable method called Back Translation (BT) to
improve NMT by using a monolingual corpusM
in target language Y besides B and back transla-
tion becomes one of the most successful techniques
in NMT (Fadaee and Monz, 2018; Edunov et al.,
2018). At a high level, back translation can be
considered as a semi-supervised method because
it leverages both labeled and unlabeled data. Sup-
pose p(x|y;π) is the backward translation model

whose parameter π is optimized over B, the key
idea of back translation can be summarized as the
following two steps:

• Synthetic Corpus Generation: It firstly
back-translates each target sentence y ∈M to
x̂ obtain a synthetic bilingual corpus {(x̂, y) |
y ∈M} by p(x|y;π).

• Parameter Optimization: It combines both
authentic corpus B and the synthetic corpus
and then optimizes the parameter θ by mini-
mizing the loss

ℓ(B; θ) +
∑

y∈M
log p(y|x̂; θ) (2)

To make BT more efficient, the standard configura-
tion is widely adopted: each sentence y is required
to generate a single source x̂ and both two steps
are performed for a single pass. We follow this
standard in this paper for generality but our idea
in this paper is straightforward to apply to other
configurations such as (Graça et al., 2019; Hoang
et al., 2018; Nguyen et al., 2020).

In the first step, there are two main strategies to
generate the synthetic corpus, i.e., deterministically
decoding and randomly sampling with p(x|y;π).
The first strategy aims to search the best candidate
as follows,

x̂b = argmax p(x̂|y;π) (3)

The above optimization is achieved by the beam
search decoding, which can be regarded as a de-
generated shortest path problem with respect to the
log p(x̂|y;π) with limited routing attempts. The al-
ternative strategy is random sampling: it randomly
samples a token with respect to the distribution
estimated by a back-translation model at each de-
coding step. Such a process can be modelled by,

x̂s = rand{p(x̂|y;π)} (4)

Research Question Prior work points out (Sen-
nrich et al., 2016a) that the synthetic corpus with
high quality is beneficial to the final performance
of back translation. However, the recent studies
(Edunov et al., 2018) find that NMT models with
unsatisfactory BLEU score corpus, for instance, the
corpus generated by sampling based strategy, also
establish the state-of-the-art (SOTA) achievement
among back-translation NMT models.
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This contradictory fact indicates that the quality
of synthetic corpus is not the sole element for back
translation. This motivates us to study a funda-
mental question for back translation: what kind of
synthetic corpus is beneficial to back translation?

3 Understanding Synthetic Data by Two
Factors

To answer the fundamental question presented
in the previous section, we first start from the
marginal likelihood objective defined on the target
language Y , and then we theoretically explain two
factors (i.e., quality and importance) that are highly
related to the training objective of back transla-
tion. Finally, we empirically explain why synthetic
corpus with low quality may lead to better perfor-
mance than synthetic corpus with high quality by
measuring both factors.

3.1 Theoretical Explanation
Maximizing marginal likelihood is an important
principle to leverage unlabeled data. Therefore, we
rethink back translation from this principle because
it makes use of target monolingual corpusM. For
each y ∈M, the marginal likelihood objective can
be derived by the Bayesian Equation (5), Jansen
Inequality (6), and importance sampling (7) as fol-
lows:

log p(y; θ) = log
∑

x

p(x)p(y|x; θ) (5)

≥
∑

x

p(x) log p(y|x; θ) (6)

=
∑

x

p(x|y) p(x)
p(x|y) log p(y|x; θ)

= Ex̂∼p(·|y)
{ p(x̂)

p(x̂|y) log p(y|x̂; θ)
}

≈ p(x̂)

p(x̂|y) log p(y|x̂; θ) (7)

where p(x) is a language model on source language
X , p(x|y) is a backward translation model from
Y to X which serves as the proposal distribution
for importance sampling, and x̂ is sampled from
p(x|y). If p(x|y) is set as the backward model
p(x|y;π) optimized on B, the last term in Equation
7 is the same as the second term in BT loss (i.e.,
log p(y|x̂) in Eq. 2), and the unique difference is
the multiplicative term called importance weight:

Imp(x̂; y) =
p(x̂)

p(x̂|y) (8)

The denominator is the candidate conditional prob-
ability to target, and the numerator is the candidate
distribution on source language distribution. Since
Imp(x̂; y) is constant with respect to the parameter
θ, maximizing log p(y|x̂; θ) in BT loss implicitly
maximizes Imp(x̂; y) log p(y|x̂), which indicates
that back translation aims to implicitly maximize
the marginal likelihood objective. More impor-
tantly, according to Equation 7 we can find that the
following two factors are critical to influence the
marginal likelihood log p(y; θ):

• Factor 1: The quality of x̂ as a translation of
y corresponding to the log p(y|x̂; θ) in Eq. 7.

• Factor 2: The importance of x̂ as a translation
of y corresponding to Imp(x̂; y) in Eq. 7.

Theoretically, if x̂ is of higher quality and con-
tains more semantic information in y, p(y|x̂; θ)
would be higher and thus it would lead to a higher
log p(y; θ), which is well acknowledged by prior
work (Sennrich et al., 2016a; Wang et al., 2019).
In particular, if x̂ is with higher importance weight,
maximizing log p(y|x̂; θ) is more helpful to maxi-
mize log p(y; θ). On the contrary, if Imp(x̂; y) is
very small, it needs to avoid such a sample x̂ from
p(x|y), which is essentially the rejection control
strategy in importance sampling theory (Liu et al.,
1998; Liu and Liu, 2001).

Unfortunately, in practice, both factors are mu-
tually exclusive to some extent: if x̂ is with high
quality, p(x̂|y; θ) would be higher as well leading
to lower importance weight. This fact can explain
the contradictory observation in Sec 2 that BT with
high-quality synthetic data sometimes leads to bet-
ter testing performance, while it may deliver worse
performance at other times, which will be later
justified in Sec 3.2.

Estimating Two Factors To measure the quality
of x̂ for each y, it is natural to use the evaluation
metric such as BLEU if the reference translation
x of y is available. Otherwise, as a surrogate, we
use the log likelihood log p(x̂|y;π) of the back-
ward translation model π which is trained on the
authentic data B. Similarly, in order to estimate the
importance of x̂, we train an additional language
model p(x;ω) with GPT (Radford et al., 2018) on
a large monolingual corpus for X . In this way, the
importance weight is estimated by

Imp(x̂) ≈ p(x̂;ω)

p(x̂|y;π)
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Systems BLEU(x̂) log p(x̂|y, π) Imp. Test BLEU

beam 27.20 -15.65 -95.13 32.7
sampling 7.70 -157.62 -41.86 34.1
beam* 18.50 -26.66 -95.07 31.6

* The checkpoint of the backward model for generating
synthetic corpus are only trained for 1 epoch. However,
its log p(x̂|y, π) is still measured by a standard backward
model π.

Table 1: Testing BLEU (on test set), quality (measured
by both BLEU and log p(x̂|y;π)) and importance (Imp.)
estimation of synthetic data (on dev set) with beam
search or random sampling on WMT14 DE-EN task.

Systems BLEU(x̂) log p(x̂|y, π) Imp. Test BLEU

en-de(en)_beam 31.90 -15.29 -91.07 29.7
en-de(en)_sampling 10.90 -139.71 -46.88 30.0
ru-en(ru)_beam 33.10 -15.49 -89.71 35.9
ru-en(ru)_sampling 9.50 -155.82 -47.47 35.6

Table 2: Testing BLEU (on test set), quality (measured
by both BLEU and log p(x̂|y;π)) and importance (Imp.)
estimation of synthetic data (on development set) with
beam search or random sampling on WMT14 EN-DE
and RU-EN tasks.

3.2 Empirical Justification

In this subsection, we aim to justify the following
statements: 1) encouraging the quality of synthetic
corpus may to some extent hurt the performance of
BT due to the decrease of importance; 2) judging
the testing performance in terms of quality only
may be dangerous while it would be meaningful
to judge the testing performance by taking into ac-
count both factors rather than either factor. To this
end, we run some quick experiments on WMT14
datasets whose settings will be shown in Sec 5 later.

We set up two back translation systems with
two different options (i.e., beam search and sam-
pling) to generate synthetic corpus by using the
best checkpoint of p(x̂|y;π) tuned on the develop-
ment set. Both beam search and sampling based
BT systems are denoted by beam and sampling. In
addition, we pick another checkpoint of p(x̂|y;π)
which is trained for only 1 epoch, and we use this
weak checkpoint to set up another beam search
based BT system, which is denoted as beam*. Ta-
ble 1 shows BLEU on test dataset, the quality and
importance on the development set according to
three systems on WMT14 DE-EN task.

In Table 1, beam is better than sampling in the
quality of synthetic corpus but its testing perfor-
mance is worse. This is meaningful because the
former relies on the synthetic corpus with lower
importance weight according to our theoretical ex-

planation. In addition, when comparing beam with
beam*, we can find that beam delivers better test-
ing performance because its quality is better mean-
while its importance weight is almost similar to that
of beam*. Table 2 consistently demonstrates that
it is meaningless to take into account quality only
when evaluating BT. These facts justify our state-
ments and provide an answer to the fundamental
question in section 2.

4 Improving Synthetic Data for BT

As shown in the previous section, both importance
and quality of synthetic corpus are beneficial to
the overall testing performance of back translation.
It is a natural idea to promote both factors when
generating synthetic corpus such that running BT
on such corpus leads to better testing performance.
However, this is difficult because both factors are
mutually exclusive as discussed in Section 3. In this
section, we instead propose two methods (namely
data manipulation and gamma score) to trade off
both factors in the hope to yield better BT perfor-
mance.

4.1 Data Manipulation

Since the synthetic data in sampling based BT
is of high importance yet low quality whereas
the case for the synthetic data in beam search
based BT is opposite, we propose a data manip-
ulation method to trade off importance and quality
by combining both synthetic datasets. Through
balancing the ratio between beam and sampling
based synthetic corpora, we expect to find an op-
timized beam/sampling ratio to further improve
NMT model performance.

Specifically, we randomly shuffleM and divide
it into two parts with the first part accounting for γ
(0 < γ < 1); then we generate translations for the
first part with beam search while generating trans-
lations for the second part with sampling. Formally,
we use the following corpusMc as the synthetic
corpus for BT:

Mc = {(x̂bi , yi)ki=0} ∪ {(x̂sj , yj)|M|j=k}
k =⌊γ|M|⌋

Where x̂b denotes a translation of y generated by
p(x|y;π) with beam search and x̂s is a translation
with sampling, | · | means the size of the corpus,
and γ is the combination ratio for beam and sam-
pling synthetic corpora. By tuning γ here, one can
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modify the weightage for the number of beam and
sampling sentences, to improve back-translation
performance by training models on a combined
synthetic corpus.

Although this method is easy to implement, its
limitation is obvious. Since each x̂ is either from
beam search or from sampling, the quality ofMc

is generally worse than that of beam search and its
importance weight is generally worse than that of
sampling. Consequently, we propose an alternative
method in the next part of this section.

4.2 Gamma Score

The key idea to the alternative method is that it
employs a score that balances both quality and
importance to generate a translation x̂ for each
y ∈M. A natural choice of such a score is defined
by the interpolation score as follows:

γ log Imp(x̂;ω, π) + (1− γ) log p(x̂|y;π)

where γ is used to trade off both factors as in corpus
manipulation. With the help of this score, one may
optimize the x̂ by beam search whose interpolation
score is the best among all possible translations of
y ∈ M. Unfortunately, such an implementation
leads to limited performance in our preliminary
experiments, due to two major challenges.

On one hand, the estimations of quality and im-
portance weight of x̂ are not well calibrated, and
in particular, quality and importance are mutually
exclusive as mentioned before. As a result, beam
search with the interpolation score over the expo-
nential space can not guarantee a desirable transla-
tion x̂ for each y. On the other hand, quality and
importance weight of x̂ are not at the same scale
for different y, it is difficult to balance both factors
with a fixed γ in the interpolation score for different
y.

To alleviate these issues, we propose a simple
method as follows. Specifically, firstly, instead
of beam search with the interpolation score, we
simply utilize the backward translation p(x|y;π)
to randomly sample a set of candidate translations
which is denoted by A(y) = {x̂i}Ni (N = 50 in
this paper as it works well). 1 Then we pick a
x̂j among A(y) according to the balancing score.
Secondly, for each x̂, we normalize the log values
of importance and quality of each candidate by its

1N -best decoding strategy with p(x|y;π) to generate N
candidates may be another solution which remains as future
work.

sequence length, then normalize these values with
respect to all N candidates as follows:

F̃(x̂i) =
log
(
F(x̂i)

)
/len(x̂i)− µF
σF

(9)

where F is either importance weight or quality es-
timations, and µF = 1

N

∑
i logF(x̂i) and σF =∑

i(logF(x̂i)−µF )2

N−1 are mean and variance ofN sam-
pled candidates with length normalized. Finally,
the Gamma score is defined on the normalized val-
ues of importance and quality as follows:

Γ(x̂i;ω, π) =

exp
(
γ ˜Imp(x̂i;ω, π) + (1− γ)p̃(x̂i|y, π)

)
∑

j exp
(
γ ˜Imp(x̂j ;ω, π) + (1− γ)p̃(x̂j |y, π)

)

(10)

where ˜Imp and p̃ are the normalized log value of
importance weight and backward translation model
p(x̂|y, π) as defined in Equation 9.

Once the gamma score in Equation 10 is com-
puted, there are two methods to select x̂ fromA(y),
which are deterministic and stochastic methods.
For deterministic selection, we simply select the
candidates with maximum gamma score among
N translation candidates; and for sampling, we
sample a candidate according to its gamma score
distribution. These two methods are called gamma
selection and gamma sampling in our experiments.

5 Experiments

5.1 Settings
We run all the experiments by using fairseq (Ott
et al., 2019) framework. For dataset settings, since
datasets WMT14 EN-DE and DE-EN are widely
used (Li et al., 2019b; Zhu et al., 2020; Li et al.,
2020; Fan et al., 2021; Le et al., 2021), we fol-
low both standard benchmarks and additionally we
employ WMT14 RU-EN as the third dataset to val-
idate the effectiveness of the proposed methods.
For back translation experiment, we use an equal
scale monolingual corpus randomly sampled from
Newscrawl 2020 (Barrault et al., 2019) compris-
ing 4.5 million monolingual sentences for DE-EN
language pair and 2.5 million for RU-EN direction,
thus total 9 million sentences for DE-EN pair and 5
million for RU-EN direction are used. We tokenize
the parallel corpus using Mose tokenizer (Koehn
et al., 2007), and learn a source and target shared
Byte-Pair-Encoding (BPE) (Sennrich et al., 2016b)

423



Systems DE-EN

w/o bitext w bitext

Transformer - 32.1
Beam BT 27.6 32.7
Sampling BT 29.2 34.1
DM 31.3 34.2

DM means the data manipulation method.

Table 3: Data manipulation achieves the almost the
same BLEU score as sampling BT.

with 32K types. We develop on newstest2013 and
report the results on newstest2014.

As for model architecture, we employ
all the translation models using architecture
transformer_wmt_en_de_big, which is a
Big Transformer architecture with 6 blocks in the
encoder and decoder, and is widely used as a stan-
dard backbone on various NMT research studies.
We use the same hyperparameter settings across
all the experiments, i.e., 1024 word representation
size, 4096 inner dimensions of feed-forward layers,
and dropout is set to 0.3 for all the experiments.
In addition, for monolingual models, we apply
transformer_lm_gpt architecture (Radford
et al., 2018) on source language side of the
corpus without any extra corpus. 2 The detailed
hyperparameters used for training translation and
language models are shown in Appendix.

For baseline models, we train them for 400K
updating steps, and train the models with back-
translation data for 1.6M updating steps. We save
the checkpoints every 100k updating intervals, and
only select the checkpoints with highest develop
set performance. As for the back-translation data,
we study beam decoding and sampling decoding
as baselines since they are the common practice
for BT research (Roberts et al., 2020; Wang et al.,
2019). We use baseline models’ checkpoints at
400K updating steps to generate default beam5 de-
coding and sampling decoding synthetic corpus
without any penalty. For monolingual models,
we only select the checkpoints with the best de-
velop set performance. When tuning γ on dev sets
for data manipulation methods we select it from
{0, 1/4, 1/2, 3/4, 1} and the optimal is γ = 1/2.
For the Gamma Score method, γ is tuned among
{0.1, 0.2, 0.3, 0.4, 0.5} and it is set γ = 0.2 for all
three tasks.

2Note that we do not use the pre-trained language models
such as GPT-3 or T5 to exclude our gains from large scale
monolingual data.

Systems SacreBLEU
Transformer 32.1
Beam BT 32.7
Sampling BT 34.1
DM +bitext 34.2
Gamma sampling BT 35.0*
Gamma selection BT 34.7*

Table 4: BLEU score on WMT14 DE-EN testset.
Gamma criterion based method outperform beam search
based and sampling based back-translation NMT mod-
els. The result marked with * denotes that it is signifi-
cantly better than sampling BT with p < 0.0010.

All the experiments are conducted using 8
Nvidia V100-32GB graphic cards without any gra-
dient accumulation or bitext upsampling, and the
results in this paper are measured in case-sensitive
detokenized BLEU with SacreBLEU3 by Post
(2018).

5.2 Main Results

5.2.1 Results on DE-EN
Data Manipulation We conduct two experi-
ments to study the data manipulation for back-
translation NMT model performance using afore-
mentioned corpus with and without authentic cor-
pus.

Table 3 show the data manipulation results com-
pared with baseline. Firstly, for synthetic corpus
experiment, we find that even if only monolingual
corpus is used, the performance of back-translation
NMT model can still be significantly improved
to 31.3 from 29.2 by sampling or 27.6 by beam,
and it is only 0.7 lower than bitext baseline by
BLEU score measure. Secondly, for the experi-
ments with bitext, the best performance by data
manipulation only helps the back-translation NMT
model achieves almost the same performance with
sampling BT. This means data manipulation meth-
ods cannot achieve a higher BLEU score than sam-
pling or beam.

Gamma Score In this paragraph, we conduct the
experiments based on gamma score method. We
conduct both of the methods in this experiment: we
select the candidate with highest gamma score for
the deterministic method whereas sample the candi-

3We use the fairseq default shell script sacrebleu.sh,
with WMT14/full testsets to evaluate the model checkpoints.
The sacrebleu output format is BLEU + case.mixed + lang.de-
en + numrefs.1 + smooth.exp + test.wmt14/full + tok.13a +
version.1.4.13.
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System EN-DE RU-EN
Transformer 27.4 34.1
Beam BT 29.7 35.9
Sampling BT 30.0 35.6
Gamma selection BT 31.0* 36.1*
Gamma sampling BT 30.9* 36.3*

Table 5: SacreBLEU score on WMT14 EN-DE and
RU-EN testsets. Gamma criterion based methods out-
perform beam search based and sampling based back-
translation NMT models. The result marked with *
denotes that it is significantly better than both sampling
and beam based BT with p < 0.001.

date by gamma score distribution for the stochastic
method.

Once again, we use synthetic gamma corpus
combined with bitext to train the back-translation
NMT models on each corpus, the results are listed
in 4. From the table, we can see that our proposed
gamma sampling significantly outperforms the sam-
pling based and beam search based back-translation
baselines by 0.9 and 2.3 BLEU scores in terms of
SacreBLEU. And our two proposed gamma score
based methods outperform the data manipulation
method as well.

In the rest of the experiments, we report results
for both gamma selection and gamma sampling as
the proposed methods and their hyperparameter γ
for other tasks is fixed to 0.2.

5.3 Results on other Datasets

We conduct the experiments on WMT14 EN-DE
and RU-EN for both gamma selection and gamma
sampling as well, and table 5 shows that our pro-
posed gamma based methods significantly outper-
form beam and sampling based back-translation
methods on both en-de and ru-en translation for al-
most 1 and 0.4 BLEU score respectively. Recently,
Edunov et al. (2020) point out that BLEU might
overlook the contributions from back translation
since it poorly correlates with human evaluation on
the data generated in back translation scenario. Fol-
low their suggestions, to better reflect the scenario
of back translation, we also evaluate our experi-
ment using COMET metric suggested by Rei et al.
(2020). The results are shown in table 6 and we
can see that the proposed methods perform well in
terms of COMET.

Discussion on Efficiency Since our method re-
quires to run sampling with size of 50 to generate

synthetic data, its efficiency is about 10x slower
than that of beam BT with size of 5 and 50x slower
than that of sampling BT with size 1. Luckily, be-
cause the bottleneck of BT is not the synthetic data
generation but the parameter optimization on both
synthetic and authentic data, our overall overhead
is less than 0.5x slower than sampling BT. In addi-
tion, since decoding is very easy to be parallelized
on GPU or CPU machines, the cost of decoding is
not a serious issue for our method, which makes it
possible to run our method on a large scale dataset.

5.4 Analysis on Synthetic Corpus

In this subsection, we analyze the synthetic cor-
pus of proposed gamma score methods on both
sentence level and token level.

Sentence Level We evaluate the back-translation
synthetic source sentences by their sentence rep-
resentations. We use the baseline model to gener-
ate the hidden representations at the end-of-speech
token as the sentence representation. Here, we
compute the singular value spectrum of the rep-
resentations for different back-translation corpora.
4

The spectrum is shown in figure 1(a). From
the spectrum, sampling has a more uniform distri-
bution whereas beam has the worst variety. Our
proposed methods have moderate variety between
sampling and beam, and gamma sampling consists
of higher linguistic information richness compared
with gamma selection.

Figure 1(b) shows the sequence length of the
synthetic corpora of different generation methods.
Beam generates the shortest synthetic sentences
and gamma sampling generates the longest syn-
thetic sentences on average. Between them, sam-
pling and gamma selection generate almost the
same sequence length, which means gamma selec-
tion candidates provide more learning signals than
random sampling under the same length.

Token Level Figure 1(c) is the token frequency
histogram, which shows beam has higher probabil-
ity to decode high frequency tokens while sampling

4Singular value spectrum analysis is a widely used method
to measure the representation distribution. Gao et al. (2019)
firstly introduces this method to measure the isotropy of rep-
resentation, and Wang et al. (2019) directly employ spectrum
control for better NMT performance. The idea is, representa-
tions of high linguistic variety usually are more isotropic, thus
having a relatively uniform singular value distribution. We em-
ploy this method here to measure the variety of sentence-level
information.
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(a) Spectrum (b) Sequence Length (c) Token frequency

Figure 1: Synthetic corpus analysis on singular value spectrum(a), sequence length histogram(b) and token
frequency histogram(c).

System DE-EN EN-DE RU-EN

Transformer 51.66 53.35 54.55
Beam BT 49.35 54.61 55.12
Sampling BT 52.71 56.01 54.34
Gamma Selection BT 53.83 58.22 57.03
Gamma Sampling BT 53.97 58.18 56.69

Table 6: COMET metric evaluation results on WMT14
DE-EN, EN-DE and RU-EN datasets. The testset results
are in accordance with BLEU metric.

prefers more low frequency tokens.
We also measure the vocabulary size, finding

that the proposed gamma sampling shares the same
vocabulary size as sampling method. This could
be the reason that gamma sampling is based on
random sampling for candidates generation.

6 Related Work

This section describes prior arts in back-translation
for NMT, data augmentation, and semi-supervised
machine translation.

Back-translation NMT Bojar and Tamchyna
(2011) firstly proposed back-translation, then
Bertoldi and Federico (2009); Lambert et al. (2011)
apply back translation to solve the domain adapta-
tion problems in phrase-based NMT systems. Sen-
nrich et al. (2016a) further extend the back transla-
tion for training NMT models integrally.

For understanding the back-translation synthetic
corpus, Currey et al. (2017) use a copy of target as
a pseudo source, and find that NMT model perfor-
mance can still be improved under the low resource
settings. Caswell et al. (2019) propose tagged
back-translation to indicate to the model that the
given source is synthetic. To further find an op-
timum back-translation corpus decoding method,
Imamura et al. (2018) firstly use sampling based

synthetic corpus and find such a stochastic decod-
ing method outperforms beam search on boosting
NMT model performance, and Edunov et al. (2018)
broaden the investigation of a number of back-
translation generation methods for synthetic source
sentences. Their contribution shows that sampling
or noisy synthetic data gives a much stronger train-
ing signal. Graça et al. (2019) reformulate back-
translation in the context of optimization and clari-
fying to improve sampling based decoding method
search space, thus proposing N best list sampling.
Recently, Nguyen et al. (2020) diversify the train-
ing data by multiple forward and backward models
translations and combine them with the original
datasets.

Data Augmentation for NMT NMT researchers
are the pioneers of data augmentation studies since
back-translation is a natural type of data augmen-
tation method. (Sennrich et al., 2016a; Norouzi
et al., 2016; Zhang and Zong, 2016; Bi et al., 2021).
To balance the token frequency in NMT corpus,
Fadaee et al. (2017) create new sentences contain
low-frequency words. However, as observed by
Wang et al. (2018), the improvement across dif-
ferent translation tasks is not consistent, and they
invent SwitchOut data augmentation policy. Recht
et al. (2018, 2019); Werpachowski et al. (2019) also
observe such an inconsistency of variance between
training corpus and testing set as well as in the
generation tasks. Recently, Li et al. (2019a) try to
understand data augmentation from input sensitiv-
ity and prediction margin, thus obtaining relatively
low variance in generation.

Semi-supervised Machine Translation How-
ever, as high quality bitext is always limited and
costly to collect, Gulcehre et al. (2015) study meth-
ods for effectively leveraging monolingual data in
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NMT systems. He et al. (2016) develop a dual-
learning mechanism, under such a learning objec-
tive, a NMT system is able to automatically learn
from unlabeled data, thus improving NMT perfor-
mance iteratively. Based on iterative learning, Lam-
ple et al. (2018) investigates how to learn NMT
systems when only large monolingual corpora can
be used in each language.

For supervision of models, Gulcehre et al. (2017)
employ the target language model hidden states
into NMT decoder to further improve performance.
Edunov et al. (2020) show that back-translation
improves translation quality of both naturally oc-
curring text and translationese according to pro-
fessional human translators. For supervision of
learning corpus, Wu et al. (2019) study both the
source-side and target-side monolingual data for
NMT.

7 Conclusion

In this work, we answer a fundamental question
about synthetic data for back translation. We the-
oretically and empirically show two key factors
namely quality and importance weight of synthetic
data play an important role in back translation, and
then we propose a new method to generate syn-
thetic data which better balances both factors so
as to boost the back-translation performance. For
future work, we think it would be of significance
to apply our synthetic data generation method to
other BT methods or even to more broad NLP tasks
such as paraphrasing and style transfer.
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A Model Details

The models are optimized using Adam optimizer
(Kingma and Ba, 2015), with β1 = 0.9, β2 =
0.98. We use the same learning rate schedular as
(Vaswani et al., 2017) with maximum learning rate
7× 10−4, and 4000 warmup updates. We use the
fairseq 10.2 as the framework and the training com-
mand as well as the model hyperparameters are
listed below,

fairseq-train \
--arch transformer_wmt_en_de_big
--share-all-embeddings
--dropout 0.3
--weight-decay 0.0
--criterion

label_smoothed_cross_entropy

429

https://openreview.net/forum?id=RovX-uQ1Hua
https://openreview.net/forum?id=RovX-uQ1Hua
https://doi.org/10.3115/1073083.1073135
https://doi.org/10.3115/1073083.1073135
https://doi.org/10.18653/v1/D19-1250
https://doi.org/10.18653/v1/D19-1250
https://doi.org/10.18653/v1/2021.acl-long.549
https://doi.org/10.18653/v1/2021.acl-long.549
https://cdn.openai.com/better-language-models/language_models_are_unsupervised_multitask_learners.pdf
https://cdn.openai.com/better-language-models/language_models_are_unsupervised_multitask_learners.pdf
https://arxiv.org/abs/2112.11446
https://arxiv.org/abs/2112.11446
http://arxiv.org/abs/1910.10683
http://arxiv.org/abs/1910.10683
http://arxiv.org/abs/1910.10683
https://doi.org/10.18653/v1/D19-1454
https://doi.org/10.18653/v1/D19-1454
https://doi.org/10.18653/v1/2021.naacl-main.185
https://doi.org/10.18653/v1/2021.naacl-main.185
https://doi.org/10.18653/v1/2021.naacl-main.185
http://proceedings.mlr.press/v37/schulman15.html
http://proceedings.mlr.press/v37/schulman15.html
http://arxiv.org/abs/1506.02438
http://arxiv.org/abs/1506.02438
http://arxiv.org/abs/1506.02438
https://arxiv.org/abs/1707.06347
https://arxiv.org/abs/1707.06347
https://arxiv.org/abs/2104.08728
https://arxiv.org/abs/2104.08728
https://doi.org/10.18653/v1/D19-1339
https://doi.org/10.18653/v1/D19-1339
https://doi.org/10.18653/v1/2020.emnlp-main.346
https://doi.org/10.18653/v1/2020.emnlp-main.346
https://doi.org/10.18653/v1/2020.emnlp-main.346
https://arxiv.org/abs/2009.01325
https://arxiv.org/abs/2009.01325
https://arxiv.org/abs/2102.02503
https://arxiv.org/abs/2102.02503
https://doi.org/10.1109/ICCV.2019.00541
https://doi.org/10.1109/ICCV.2019.00541
https://doi.org/10.1109/ICCV.2019.00541


--label-smoothing 0.1
--optimizer adam
--adam-betas ’(0.9, 0.98)’
--clip-norm 0.0
--lr-scheduler inverse_sqrt
--warmup-updates 4000
--max-tokens 4096
--max-update 1600000
--validate-interval-updates 10000
--save-interval-updates 100000
--lr 7e-4
--upsample-primary 1

And the GPT model we employ is only trained
on source side of bitext corpus, without extra
datasets. The training command line and core set-
tings are listed below.

fairseq-train \
--task language_modeling
--arch transformer_lm_gpt
--share-decoder-input-output-embed
--dropout 0.1
--optimizer adam
--adam-betas ’(0.9, 0.98)’
--weight-decay 0.01
--clip-norm 0.0
--lr 7e-5
--lr-scheduler inverse_sqrt
--warmup-updates 8000
--tokens-per-sample 512
--sample-break-mode none
--max-tokens 4096
--update-freq 1
--max-update 1000000
--keep-last-epochs 5
--validate-interval-updates 10000
--save-interval-updates 10000
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Abstract

Automatic text summarization systems com-
monly involve humans for preparing data or
evaluating model performance, yet, there lacks
a systematic understanding of humans’ roles,
experience, and needs when interacting with or
being assisted by AI. From a human-centered
perspective, we map the design opportunities
and considerations for human-AI interaction in
text summarization and broader text generation
tasks. We first conducted a systematic literature
review of 70 papers, developing a taxonomy of
five interactions in AI-assisted text generation
and relevant design dimensions. We designed
text summarization prototypes for each interac-
tion. We then interviewed 16 users, aided by
the prototypes, to understand their expectations,
experience, and needs regarding efficiency, con-
trol, and trust with AI in text summarization
and propose design considerations accordingly.

1 Introduction

In this era of rapid information consumption, ac-
cess to high-quality summaries, such as online
news highlights and research paper abstracts, is
increasingly important. However, summarization
is difficult for humans, demanding high cognitive
load and expertise (Hidi and Anderson, 1986). Al-
gorithmic approaches can automate summarization
but typically underperform humans and require
many high-quality human-written summaries for
training (Durrett et al., 2016; Huang et al., 2021).
AI systems that involve humans typically constrain
their input to data preparation (Lloret et al., 2013)
or final evaluation (Khashabi et al., 2021) as the
first or last step in the summarization workflow.
How can humans work together with AI to produce
better summaries?

Other text generation tasks, such as machine
translation and creative writing, offer inspiration.

⇤ Research work was done while the author was interning
at Dataminr Inc.

Figure 1: Five human-AI interactions in text generation
from Study 1, illustrated as summarization tasks. Expla-
nation of the actions and visual elements are in §2.2.

Beyond being data providers and evaluators, hu-
mans can generate text with the assistance of AI.
For example, humans can revise AI translation (i.e.,
“post-editing”) (Green et al., 2013) or write with AI
suggestions (Clark et al., 2018). These interaction
techniques may apply to summarization, yet our un-
derstanding of the possible human-AI interactions
and how to design for them is incomplete.

To that end, we conducted two studies to explore:
RQ1 What are the different ways that humans and
AI can interact in text generation? RQ2 What are
humans’ experience and needs with these different
types of AI assistance in the context of summariza-
tion? For these studies, we took a human-centered
approach—focusing on what humans want from AI
and how to improve their experience, rather than
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improving AI models. In Study 1, we conducted
a systematic literature review of 70 papers that
involve AI-assisted text generation systems and
developed a taxonomy of five different human-AI
interactions (Figure 1), including distinct human
actions, controls, workflows, and interface features.
In Study 2, to explore human experience with these
five interactions in the specific context of text sum-
marization, we conducted interviews with 16 users
using prototype interfaces that we developed and
identified varied user needs regarding efficiency,
control, and trust, informing design considerations
for AI-assisted text summarization and generation
systems.

This work contributes: 1) the first known sys-
tematic literature review that provides a taxonomy
of human-AI interactions for text generation, 2) an
interview user study to understand user experience
and needs in each interaction, and 3) an outline
of the design space for AI-assisted text summa-
rization and broader text generation systems. This
research is a formative, initial exploration that first
maps the different types of human-AI interaction
for text generation and then surfaces user needs
and perceptions for each type in the context of
human-AI summarization. Such formative work is
crucial for understanding what users might want
and need from systems without biasing them by ex-
isting implementations—future researchers can use
these findings to design and evaluate new human-
AI text summarization systems.

2 Study 1: Systematic Literature Review
of Human-AI Text Generation

For the first study, We performed a systematic lit-
erature review of human-AI text generation and
developed a taxonomy of existing interaction types,
which differ by the level of human control over the
output, whether the AI iteratively updates its output
based on human interaction, and whether human
or AI initiates the interaction workflow. This study
identifies and synthesizes the types of interaction
explored in prior work. While we do not contribute
any entirely new human-AI interactions for text
generation, our taxonomy provides grounding for
our second study—exploring user needs and expe-
rience with these interactions—as well as future
research and design in this space. Future AI/HCI
researchers can refer to this taxonomy when de-
signing text generation systems or experiments to
select the interaction and design elements that best

fit their scenario and to compare findings with prior
work toward a more formalized understanding of
the space.

2.1 Method

We conducted a comprehensive search on academic
papers about human-AI interaction in text genera-
tion from online indices and relevant workshops,
e.g., ACM Digital Library,1 arxiv.org,2 HCI-NLP.3

With the 692 papers queried from these sources,
we manually coded the titles and abstracts against
our inclusion criteria (e.g., for the goal of text gen-
eration, engaging humans beyond data preparation
or evaluation) and identified a final set of 70 papers
that describe human-AI interaction (or AI assis-
tance) for the humans’ goal of generating text (op-
posed to offline model training or evaluation). See
further details on sources, query methods, inclusion
criteria, and analysis process in Appendix A.1.

2.2 Findings: Five Human-AI Interactions in
Text Generation

From the 70 papers, we identified five human-AI
text generation workflows featuring distinct human
actions—guiding model output, selecting or rat-
ing model output, post-editing, interactive editing,
and writing with model assistance (Figure 1). We
present the taxonomy that summarizes our findings
in Table 1. For each interaction, we describe the
human action, the type of human control, whether
the model iterates based on human action, who
(human or model) initiates the workflow, and inter-
faces from literature. We explain the interactions
and visual elements in Figure 1 as follows:

Guiding Model Output. Humans can give
model guidance to generate text (Figure 1, A). Here,
humans are in the driver seat of the generation pro-
cess with power to initiate and control the final out-
put. Humans provide preferences (illustrated as the
slider icon in the figure) to the model. The model
takes human input and original text (the document
icon) and produces text as the final product (the
rightmost four-line summary icon), concluding the
interaction with no further iteration. The specific
guidance that a human can provide is varied and de-
pends on their ML expertise. Model developers can
adjust model parameters such as neural attention

1https://dl.acm.org/
2https://arxiv.org/
3https://aclanthology.org/2021.

hcinlp-1.0/
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Human
Action

Human
Control

Model
Iteration

Workflow
Initiation

Interfaces

Guiding
model
output

Generating No Human Model adjustment (e.g., attention weights and hyperparameters): (Zhang
et al., 2011; Passali et al., 2021); Semantic prompts (e.g., keywords, topic
tags, and written prompts): (Pouliquen et al., 2011; Ghazvininejad et al.,
2017; Clark et al., 2018; Fan et al., 2018; Zarinbal et al., 2019; He et al.,
2020; Osone et al., 2021; Chang et al., 2021; Strobelt et al., 2021); Style
specification (e.g., sentiment slider, length of text): (Ghazvininejad et al.,
2017; Freiknecht and Effelsberg, 2020); Modification on input (e.g., se-
lect/deselect chunks of input text): (Pouliquen et al., 2011; Zhang et al.,
2011; Gehrmann et al., 2019)

Selecting
or Rating
Model
Output

Selecting
(or rat-
ing)

No Model Multiple choices: (Zhang et al., 2011; Pouliquen et al., 2011; Kreutzer et al.,
2018; Rosa et al., 2020; Stiennon et al., 2020); Rating (e.g., Likert scale,
numerical, binary): (Nguyen et al., 2017; Lam et al., 2018, 2019; Zarinbal
et al., 2019; Bohn and Ling, 2021; Wu et al., 2021)

Post-
editing

Editing No Model Free-form text box: (Denkowski and Lavie, 2012; Yao et al., 2012; Yam-
aguchi et al., 2013; Turchi et al., 2014; Turner et al., 2015; Chu and Komlodi,
2017; Huang et al., 2020; Moramarco et al., 2021); Suggestion for edits
(e.g., chatbot, substitution dropdowns): (Liu et al., 2011; Shi et al., 2013;
Weisz et al., 2021; Passali et al., 2021); Scaffold for context (e.g., embed-
ded dictionary): (Sugiyama et al., 2011; Lin, 2011); Productivity support
(e.g., editing priority, auto-correction): (Lagarda et al., 2015; Peris and
Casacuberta, 2019b; Wang et al., 2020; Zhao et al., 2020; Weisz et al., 2021)

Interactive
Editing

Editing Yes Model Prefix-based edits: (González-Rubio et al., 2013; Peris and Casacuberta,
2018, 2019b,a); Edits at arbitrary locations: (González-Rubio et al., 2016;
Weng et al., 2019)

Writing
with
Model
Assistance

Generating
& Edit-
ing

Yes Human Auto-completion: (Green et al., 2014; Torregrosa et al., 2014; Gero and
Chilton, 2019; Santy et al., 2019; Buschek et al., 2021; Ippolito et al., 2019;
Calderwood et al., 2020; Bhat et al., 2021; Clark and Smith, 2021); Sub-
stitution dropdowns: (Green et al., 2014; Torregrosa et al., 2014; Santy
et al., 2019; Ippolito et al., 2019; Gero and Chilton, 2019; Calderwood et al.,
2020; Buschek et al., 2021; Padmakumar and He, 2021); Asynchronous
suggestions: (Torregrosa Rivero et al., 2017; Clark et al., 2018)

Table 1: A taxonomy of human-AI interaction for text generation: human action, the type of control that humans
have over the final output (Human Control), including generating, editing, or selecting/rating AI-generated text,
whether the AI iterates, dynamically providing updated outputs based on human interaction (Model Iteration), who
(Human or Model) initiates the workflow (Workflow Initiation), and what interfaces are used (Interfaces).

weights and hyperparameters. Alternatively, lay-
users can prompt the model using semantic cues
(e.g., keywords, topic tags, or descriptive prompts),
or specify the style or details of the text (e.g., senti-
ment or length). Some interfaces support selecting
or deselecting what from the input text should be
used by the model.

Selecting or Rating Model Output. Humans
can select from or rate generated texts (Figure 1,
B). The model initiates such workflows by generat-
ing candidates of final output (the 3 four-line sum-
mary icons). The human does not directly generate
text, instead, they have the control to select from or
rate the candidates (the “+/-” icon) to support final
output. We focus on the case where human input
decides which candidate is chosen as the final prod-
uct, but such feedback can also be used for online
model training (e.g., active learning), represented
as the dotted arrow going from the final product to

the model in the figure.

Post-editing. Post-editing (Figure 1, C)—
common in machine translation (Green et al.,
2013)—starts with text drafted by AI (the four-line
summary icon with an incomplete last line),
which humans edit (the pen icon). The workflow
concludes when the human finishes editing, with-
out any further iteration by the model, although
the edited text can be used for future model
training (the dotted arrow going from the final
product summary back to the model). In many
interfaces, users post-edit AI-generated text in text
boxes. Some systems include innovative editing
paradigms (e.g., chatbots) and other supports,
such as drop-down menus for word or sentence
substitution and scaffolds for context (e.g., embed-
ded dictionaries) to aid understanding. Further,
productivity supports can reduce workload, such
as signalling where edits are needed and automatic
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error amendment based on users’ editing history.

Interactive Editing. Humans can edit text inter-
actively with AI (Figure 1 D). Like post-editing,
this dynamic editing interaction is also commonly
used in machine translation systems, i.e., “interac-
tive machine translation” (Barrachina et al., 2009).
First, the model generates an incomplete draft (the
three-line summary icon with a incomplete last
line), to which human provides edits. While post-
editing would stop at this point, in interactive edit-
ing, the model iterates on the human-edited text
(the complete three-line summary on the top) to up-
date and generate more text for continued human
editing, iteratively and in real-time (the solid line
arrow). This iterative human-AI interaction (in the
dashed frame) results in the final product. Interac-
tive editing interfaces take many forms. “Prefix-
based” edits are specified on a left-to-right phrase
by phrase fashion, while the model makes new
predictions on the rest of the sentence. In other
interfaces, humans edit at arbitrary positions of the
AI-generated sentence and the model updates the
whole sentence. Some systems offer additional edit-
ing support, such as highlighting necessary edits
and dropdowns for substitution.

Writing with Model Assistance. Finally, hu-
mans can write with AI assistance (Figure 1, E).
Humans initiate this workflow and have a high-
level control: humans begin writing while the
model provides suggestions and can revise their
writing based on the suggestions or ignore them.
This iterative human-AI interaction (in the dashed
frame) generates the final text. In this process, the
model iterates, providing additional suggestions
based on humans’ writing. Assisted writing inter-
faces include real-time auto-completion, which can
happen at the word, phrase, or sentence level. Some
systems offer alternative suggestions in dropdowns
from which humans choose. Others provide asyn-
chronous suggestions, presented after users have
finished writing to reduce distraction.

3 Study 2: Interview Study on AI-assisted
Text Summarization

We present a user study in which we evaluated in-
teractions in AI-assisted text summarization with
the context of text summarization through inter-
views aided by prototype interfaces. Our goal is
not to prescribe which is “best” but to achieve a
qualitative understanding of user needs with each

interaction to inform future research and design.

3.1 Prototype Design

We first developed prototype interfaces to repre-
sent the five interactions identified in Study 1. We
used these prototypes in our user interviews to
elicit needs, expectations, and experience around
AI-assisted text summarization.

While some prototypes for these interactions ex-
ist in the literature for broader text generation tasks,
many include additional features and visual design
that may affect users’ perceptions, therefore, we de-
velop our own set of consistent, simple prototypes
for exploring text summarization specifically. Each
interactive prototype, implemented in Figma4 or
Google Docs, allowed participants to read an on-
line news document and generate summaries with
the support of a hypothetical AI model.

All prototypes were built based on the “Wizard-
of-oz” prototyping concept (Kelley, 1983), com-
monly used in user studies on intelligent systems.
This concept allows users to interact with intelli-
gent systems that are not fully implemented; in-
stead, “system outputs” are prepared manually by
the research team. This method allows designers
of intelligent systems to rapidly test design con-
cepts, understand user experience, and iterate on
their design. This method has been used to proto-
type NLP systems, for example, in the design of
chatbots (Zhou et al., 2019; Avula, 2018).

In our study, participants interacted
with“Wizard-of-oz” prototypes instead of
implemented AI models, so that we could explore
human perspectives and user needs for the different
interaction types without being limited by model
performance or other system characteristics, such
as unpredictability and slow updates. Each of our
five prototypes used the same original text (a news
article from the set used in the warm-up activity,
explained in §3.2) that needed to be summarized.
The prototypes differed by the interaction interface
they supported (from Study 1). Depending on the
interaction type, the prototype presented users with
“AI-generated” summaries, outputs or suggestions
that were pre-defined and written by the research
team. While the human-written outputs used in
this study might not necessarily imitate the quality
and style of AI-generated summaries, outputs,
or suggestions, they were intended to provide
concrete examples of the interaction types and

4https://www.figma.com/
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elicit participant’s needs and expectations. Future
work should explore how more realistic model
outputs affect human perceptions. The specific
design of each prototype (and screenshots) are
described in the Appendix A.3.

3.2 Method
Participants. We recruited 16 participants (10
females, 6 males, all based in the U.S.) from Up-
work5 with varied professional backgrounds and
varied familiarity with the domains of Reddit posts,
online news, and U.S. government bills. We in-
tentionally recruited participants who have at least
some level of familiarity with text editing or sum-
marization from professional or educational set-
tings, which ensures that participants could speak
about for which summarization tasks they desire
assistance and describe their needs for such interac-
tions. See Appendix A.2 for demographic details.
The study took 2.5 hours, and we paid each partici-
pant $60.6

Procedure. Each participant first did a 60-minute
offline warm-up activity less than 48 hours before
the interview, where they summarized six articles
(two Reddit posts on scams or finance,7 two news
articles from CNN/Daily Mail,8 and two U.S. gov-
ernment bills9). This activity aimed to expose par-
ticipants to summarization with articles written in
different styles and with varied domain context.

Then, during the 1-on-1 semi-structured
recorded video interviews (90 minutes), partici-
pants first reflected on their experience in the warm-
up summarization tasks and then interacted with
all five prototypes, in random order, as users of AI-
assisted summarization systems. Participants were
shown a news article from the warm-up task (all
prototypes used the same article) and also asked
to imagine using the prototypes for the other docu-
ments from the warm-up. They interacted with the
interfaces and received pre-determined outputs that
mimicked AI assistance:

1. Guiding Model Output: participants could
change the desired summary length and style
(formal or informal) using sliders and high-
light parts of the original text that should be

5https://www.upwork.com/
6Adequate payment in the United States.
7Extracted from r/scam and r/wallstreetbets
8https://paperswithcode.com/sota/

text-summarization-on-cnn-daily-mail-2
9https://www.tensorflow.org/datasets/

catalog/billsum

in the summary. We asked participants what
additional guidance they wanted to offer to
the model.

2. Selecting or Rating Model Output: partic-
ipants chose from three AI-generated sum-
maries.

3. Post-editing: participants saw an editable
AI-generated summary (text box) and talked
through how they would edit it.

4. Interactive Editing: given an AI-generated
summary (text box), participants chose pos-
sible edits to the first sentence (dropdown
menu) and then requested the model to up-
date the summary based on those edits. We
asked participants to imagine an alternate in-
terface where they could edit anywhere in the
summary.

5. Writing with Model Assistance: following
a “wizard-of-oz” prototyping method (Kelley,
1983), a researcher acted as an AI bot in a
Google Doc. As the participants typed their
summaries, the “bot” provided suggested next
sentences and added comments.

Participants were then prompted to talk through
experience with each prototype, including what
they liked or disliked regarding efficiency, control,
and trust, and how they would improve them. See
Appendix A.3 for screenshots of each prototype
and A.5 for the interview questions and instruc-
tions used in the study. We collected and tran-
scribed 22.6 hours of interview recordings, which
were analyzed using thematic analysis (Guest et al.,
2011). We performed two rounds of open coding
and developed themes reported in the following
sections. We refer to participants as P1-16 with
gender non-specific pronouns (i.e., they, them). We
present findings regarding efficiency, control, and
trust—common themes in our interviews and key
dimensions in the human-AI interaction literature
(Amershi et al., 2019; Shneiderman, 2020). We
include additional findings about user expectation
and needs in writing summaries in Appendix A.4.

3.3 Findings

3.3.1 General Expectations & Needs
Expectation on AI to improve summarization.
The warm-up summarization tasks were challeng-
ing and tedious. Summarizing the Government
Bills was slow for many due to the unfamiliar do-
main, jargon, and “super dry, super repetitive” (P3)
style. Summarizing informally-written and opin-
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ionated Reddit posts was also difficult as many
were unsure about whether to keep the authors’
perspective or summarize neutrally. Therefore, par-
ticipants hoped that AI could speed up and ease this
process. Many envisioned AI-generated summaries
as a useful starting point: “determining where to
get started can be a big roadblock for some writ-
ers...being able to have that auto-generated sum-
mary as your baseline to develop your ideas off I
think would be really helpful” (P13) Further, par-
ticipants hope to use AI suggestions to improve
the content and structure of their writing: “it gives
more of a third party look at things...just kind of
compare and contrast it to what I’ve done, to make
sure that I’m on the right track” (P15).

Different desire for control. Most agreed they
at least wanted the ability to proofread the AI-
generated summaries, or to “have the final say” on
whether it was good as a final product (P3). Some
said this responsibility was a habit of profession-
alism; others were cautious of the work done by
AI and wanted to ensure quality: “it was drilled
into my head that these devices are tools and they
can fail...we’re always responsible for overseeing
what the computer does” (P7). Beyond simple
editing, participants had a varied desire for control.
Some felt summarization was “not necessarily a
creative enterprise” and, therefore, were willing
to “relinquish a little bit of control to AI” for effi-
ciency (P3), while others wanted to participate in
the entire generation process. These participants
preferred to compose their own summary using AI
strictly as an aid, e.g., “it would just simply be used
as a tool for me, not as something to replace my
work” (P12). Many felt uncomfortable using AI-
generated summaries directly or after only proof-
reading edits due to the sense of “plagiarism”, and
as a result, wanted the ability to rewrite summaries
into their own words. Desired control could also
vary by situation. For example, P7 wanted more
control when summarizing for the bills because that
was a more “serious and important task,” while
P8 would be more lenient when summarizing the
Reddit posts: “even [the summary] doesn’t capture
everything, it is good as long as the summary kind
of outlines the the key points of the article.”

Need to understand AI to reduce over-reliance
and boost trust. Participants were concerned
that they might rely on AI too much and lacked
confidence to correct it even when it was wrong.

For example, P7 felt AI-generated summaries were
an “authority that has given you this thing”, saying
that “for most people, if presented with something,
they’re going to go with it.” As a result, users
could lose confidence when they disagree with the
AI. P8 shared their hesitation to dramatically edit
AI-generated summaries: “it’s almost feeling like
you’re pivoting against the AI...should I question
what the AI thinks is important?” This apprehen-
sion might increase when participants are summa-
rizing for unfamiliar or difficult documents. Specif-
ically, some anticipated a lack of trust when sum-
marizing challenging articles because they could
not reasonably assess the AI’s output: “I probably
wouldn’t use it for a lengthier subject that I wasn’t
familiar with...just because I wouldn’t know if the
AI was writing something I wanted to write” (P6).

To foster trust, many wanted information
about how the AI generated the summaries or
suggestions—why the certain information is in-
cluded and whether there were any hidden pre-
suppositions by the model. For example, P8 said,

“knowing, in a very basic sense, how the AI is gen-
erating these summaries, [will] give me a good
idea of essentially how much I can trust it.” As
the prototypes did not include explanation features,
participants noted that they did not trust the AI
since they did not understand the mechanism, as
P12 put: “there’s too many variables that you don’t
know. Too many unknowns for me.”

3.3.2 Interaction-Specific Experience & Needs
We report participants’ needs and expectations on
efficiency, control, and trust when interacting with
each of the five interfaces and present a conceptual
comparison between the five interfaces in Figure 2.

Guiding Model Output Participants felt this pro-
totype streamlined the summarization process, as
they did not need to compose the summary them-
selves, but only give their preferences: as P6 said,

“I don’t have to do quite as much thinking...I don’t
have to type which takes time.”

Most appreciated the control over the summary
generation by adjusting parameters. For example,
P8 liked the text highlighting feature, as “it gives
you the amount of control in terms of being able
to choose the parts that you think are important.”
Many envisioned using the interface to customize
the summary for their target audiences. For in-
stance, P6 imagined using it to tailor summary
styles for different colleagues: “with my staff, I
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Figure 2: Illustration of participants’ perception on level of efficiency, control, and trust with each interaction. These
conceptual level charts show a qualitative, rather than precise, comparison between interactions.

would use the short style...for my boss, I might
use a longer formal summary to look a little more
professional.” On the other hand, some were con-
cerned about the lack of editing control: “it doesn’t
have as much control as it seems. When you get to
this [final] stage, you’re stuck with it” (P7).

Participants felt they had a reasonable under-
standing of the AI mechanism in this prototype and
thus could trust it. Since they could change parame-
ters (e.g., length, style) to experiment with different
aspects of the summary, they better understood the
process: “we could [trust it more] maybe because I
can play around with it. The long and short allows
me to kind of have control” (P12).

Selecting or Rating on Model Output Most par-
ticipants thought this interface could make summa-
rization much more efficient, as they only needed
to choose the best summary out of a list rather than
to write or edit. Participants valued this low work-
load: “[it was] gonna summarize the article for me
and do all the work...whatever I can use to buy out
my part of the labor I am all for.” (P6)

Despite the efficiency advantage, many com-
plained about the lack of control, specifically the
inability to influence or edit the AI-generated sum-
maries. For example, some felt that choosing the
best might not ensure quality: “what if three of
these are presented, and none of them are really
good enough. Then it’s just a matter of picking the
least bad one” (P7). Further, since comparing and
selecting were simpler tasks than writing or editing,
participants paid less attention and thought less crit-
ically: “evaluating already written summaries and
trying to decide which one is the best is different
from just writing your own summary...I am not like
super mentally invested in it, if I were writing my
own, I’d very careful with word choices” (P5).

Many struggled in selection as they did not know
how the candidates were generated: “how do you
determine, from an AI standpoint, what information

to keep and what information to get rid of? How do
you determine the priority as what stays and what
goes? Is it biased in any way?” (P14).

Post-editing Participants were mixed on how
much efficiency post-editing would bring. Some
thought it could make summarization faster: “I
could just run it through this, and then edit it and
change the things that I needed to change. It would
save me a lot of time and energy” (P1). For others,
editing unfamiliar text was an equally time consum-
ing task. For instance, P8 would always ensure the
summary aligns with their personal writing habits
and style, and, therefore, they would spend a lot
of effort in editing and customization: “I feel like
it would be just as much work to just write it from
scratch...if I’m trying to make it original, I have
one less way of being able to word it” (P8).

Participants were satisfied with the editing con-
trol granted by this interface. For instance, P10
shared why they liked it more than the Selecting or
Rating on Model Output interaction “You can edit
it to however you’d like. I think the freedom to edit
appeals to me a little bit more.”

Similar to other prototypes, participants hoped
to see more information on how the AI generated
the summary. For example, P16 said it would be
helpful to visually see which parts of the article
were emphasized in the AI-generated summary, so
that they could decide what to focus on. Similarly,
P7 imagined a quantifiable way to indicate how
much of the content in the summary was matched
with the original article. They hoped for “some
advanced algorithms checking to make sure that it
did it right” to decide how much to trust it.

Interactive Editing Participants were more sus-
picious about this prototype’s efficiency compared
to the others. They worried that the dynamic up-
dates to the summary might disrupt their existing
edits, from P9: “what if I rewrite the first sentence
again, and then it changes everything else. I feel
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like it can really start to ripple.” Real-time model
updates also generate new text, creating more edit-
ing work: “with every choice that I have written
here, I’m going to have another choice down here
to consider whether I want to use or not. It’s gonna
cause me way too much work” (P12).

For control, many valued that in addition to edit-
ing, they could also experiment with different ver-
sions due to the dynamic updates. However, some
viewed it pointless to iterate with the AI and would
rather complete editing in a single turn: “it’s giving
me a choice that I don’t necessarily want...I want it
to be as close to a final draft as possible, because
then my editorial choices are final and have the
feeling of finality” (P3). Participants also worried
about unpredictable AI actions that might impact
their edits: “I don’t have any idea what the second
paragraph is going to be until I make a choice with
the wording of the first paragraph” (P11); “it is
kinda stressful because if you use just one different
word, it’s going to change the entire thing” (P15).

To ease this uncertainty, many wanted to under-
stand how the AI updates based on their edits. P5
shared that they tended to discuss with coworkers
on how certain choices were made—“every word
is intentional.” And, they hoped to have similar
interaction with the AI, “to know the reasoning
behind the changes, the kind of logic flow,” so that
they could make better decisions on what to edit.

Writing with Model Assistance Participants felt
that writing and iteratively making improvements
based on new model suggestions and comments
could be tedious: “I have to go back and read what
it suggests and see if it makes sense for them and
for me. I just think it takes you more time to do
this” (P6). Also, from P14, it “puts more back
on the person writing the summary,” which could
introduce writer’s block and stress.

Despite of the high control over the final output
and whether to take AI’s suggestions, participants
wanted to control when they received assistance
during summarization. Many viewed the auto-
completion and suggestion intrusive and distract-
ing, especially when they were not ready to receive
help: “it’s harder to write when you have constant
changes being thrown your way” (P9). Comparing
it with the Interactive Editing interface, P7 found
the latter allowed more control over when AI helps:

“since you’re pressing a button, you still feel like you
have some control. And you have control the timing
too, which is important, because, what if you want

to think about your first sentence?”
Similar to other interfaces, participants also

wished to know why the AI made certain sugges-
tions, so that they could decide whether and how
to follow: “I am a why person and I like to under-
stand what I am doing. So if you’re telling me to
change something, you need to give me the reason”
(P6). In addition, some thought auto-completion
might amplify human mistakes as it was learning
from their writing: “when I wrote my first sentence,
I wasn’t confident... And then for the bot to come
in with that... it’s not going to be a good summary,
because I didn’t know what I was writing.”

4 Discussion & Design Implications

In the taxonomy, we synthesized five human-AI
interactions in AI-assisted text generation. Through
interviews, we surfaced user experience and needs
with each interaction technique to inform future
research and design. Although our user studies
focused on summarization specifically, we believe
our insights can be used for designing broader text
generation systems. We discuss both general and
interaction-specific implications as follows.

Offer the post-editing option regardless of inter-
action type. In general, humans like to have the

“final say” on AI-generated text. Even when partic-
ipants’ role was choosing model output, they still
wanted the option to edit to ensure quality. As such,
future human-AI text generation systems should
provide editing options for the final output.

Ensure customizable timing of AI-assistance in
writing. We found unsolicited auto-completion
and suggestions could disrupt users’ writing experi-
ence. Future AI-assisted writing systems should al-
low users to easily turn off or adjust any automatic
functions to decide when to receive help from AI.
For example, users can press a button on-demand,
instead of getting automatic suggestions.

Align interactive editing with user expectation.
While humans in general like editing support such
as dictionary or substitution suggestion, partici-
pants were more skeptical about dynamic updates
in the Interactive Editing case, as AI may make big
changes when they intended to make minor edits.
Therefore, they desired to adjust the extent of AI-
predicted updates based on their intention. Echo-
ing literature on predictable AI systems (Daron-
nat et al., 2021), future interactive editing systems
should consider user expectations and empower
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users to preview AI actions. Systems could also
model human editing intention, perhaps via action
history like number and location of edits, and adapt
AI actions accordingly to better serve user goals.

Support tailoring text to different audiences.
Another use case for AI-assisted writing is to tailor
generated text to different audiences. For example,
Systems with Guiding Model Output interaction
allow humans to specify desired style, audience
and use cases and generate customized text. Post
editing and interactive editing systems can incor-
porate scaffolds that provide wording and format
suggestions tailored for different scenarios.

Address trade-offs between efficiency and con-
trol. Guiding models or selecting model outputs
are efficient actions, but humans have concerns
about the lack of editing freedom and ownership
on AI-generated text. Systems that leverage hu-
man editing power or support human writing with
AI grant more flexibility, but require more effort.
Users’ needs in efficiency and control vary based
on their goals and context. For summarization,
participants felt more responsibility and thus de-
sired more control on editing and generation when
working on professional tasks or on texts that were
perceived to be important (e.g., Government Bills).
Future systems should consider these differences
and assign different level of controls to users ac-
cordingly. For instance, systems can classify tasks
based on importance and automate more when gen-
erating texts that are less important, while inviting
humans to participate more in the generation and
editing process for more important tasks.

Foster appropriate trust on AI. Our findings
echo literature that humans can both over- and
under-rely on AI systems (Bussone et al., 2015;
Buçinca et al., 2021). For example, consistent
with Bhat et al. (2021), users may view AI-
generated text as an authority and be conservative
on making edits. Others were uncertain if the AI-
generated text or suggestion is reliable, especially
when working with important text. Our findings
point to the need for appropriate trust on AI text
generation in general. First, systems should sup-
port users to understand how the model generates
text, so that they can decide whether to rely on it
or not. One technique is to allow humans to par-
ticipate in the model decision process. Systems
can refer to the Guiding Model Output interaction
and allow users to specify preferences and exper-

iment with different outputs. Systems can also
offer explanations to model mechanism, perhaps
through visual representations (Zhang et al., 2011;
Gehrmann et al., 2019). Second, systems should
provide context support. Interview participants, re-
gardless of interaction case, had issues working
with AI when summarizing Government Bills, as
they were unfamiliar with the format and jargon. To
this end, systems should equip users with sufficient
context, so that they can effectively evaluate AI
suggestions and make decisions accordingly. For
example, systems can offer embedded dictionaries,
resource search, or user Q&A support.

Limitations. We note a few important limitations
in our study. First, we scoped our paper specifically
to human-AI interactions for the goal of generating
text, while we did not study the needs of humans
who develop models, annotate data, or consume
final outputs from AI. Second, while we performed
a formal systematic literature review in Study 1, we
may have missed some important papers due to our
sampling strategies. Therefore, our taxonomy of
human-AI interaction for text generation might not
cover all possible interaction types. Third, our inter-
views were limited in that participants performed
only short-term interaction with a hypothetical AI
model in predefined scenarios. Users may report
different experiences when interacting with real AI
models in real-world settings for longer periods
of time. That said, our study is a formative first
step that aims to ground future research. Future
researchers and developers could design human-AI
text summarization systems based on our findings
and further evaluate the systems in more realistic
settings, with realistic model outputs, and through
large-scale experiments.

5 Conclusion

While humans are commonly asked to generate
training data or evaluate final model output in text
summarization, we draw attention to the potential
of collaborative human interaction when working
with AI. Our study first contributes a taxonomy of
five types of human-AI interactions for text genera-
tion tasks. We provide insights on user experience
and needs around efficiency, control, and trust for
the five interactions and design implications, out-
lining a variety of considerations for researchers,
developers, and designers working toward incorpo-
rating human users in text generation systems.
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A Appendix

A.1 Study 1 Method Details: Data Collection,
Inclusion Criteria, and Manual Coding
Procedures

We collected academic papers by searching three
large online indices: Web of Science10, Engineer-
ing Village11, and ACM Digital Library12. Because
this is a rapidly growing field and some relevant
papers may not be officially published, we also
searched arxiv.org13 for e-print papers. In addi-
tion, we included relevant papers that we encoun-
tered in previous research activities and snowballed
relevant references (for example, we included pa-
pers from the workshops of Hum-eval14 and HCI-
NLP15).

The specific keywords we used to query the pa-
pers include: 1) A word or phrase about AI: AI
OR "artificial intelligence" OR machine OR model;
2) A word or phrase related to human-AI collabo-
ration: collaborate OR interact OR assist OR co-
author OR co-write OR co-work OR in-the-loop
OR co-create OR “human feedback” OR “human-
centered”; and 3) A word or phrase about the task:
"text summarization" OR "document summariza-
tion" OR "article summarization" OR "text gen-
eration" OR "document generation" OR "article
generation" OR "caption generation" OR “machine
translation” OR “style transfer”. For each keyword,
we searched for all of its forms and/or tenses.

The comprehensive search resulted in 692 pa-
pers. After a period of team discussion and itera-
tion, we developed the criteria of the papers that

10https://clarivate.com/
webofsciencegroup/solutions/
web-of-science/

11https://www.engineeringvillage.com/
12https://dl.acm.org/
13https://arxiv.org/
14https://humeval.github.io/
15https://aclanthology.org/2021.

hcinlp-1.0/

we would like to include in our analysis: First, the
paper needed to directly contribute to the problem
space of text-to-text generation tasks. Papers about
image/video caption generation, speech recogni-
tion, and speech-based machine translation were
excluded. Second, the paper had to contribute an in-
terface, workflow, or user study that involve human-
AI collaboration. For this reason, survey papers
were excluded. In addition, because our goal was
to identify types of human-AI collaboration that
were not obvious previously, we intentionally ex-
cluded papers that in which the only human-AI
collaboration is human evaluation for model gen-
erated final results or human generating training
data.

The first author and two other authors then inde-
pendently coded a random sample of 150 papers
out of the 692 collected papers for inclusion or
exclusion. Specifically, the first author coded all
150 papers, and the other two researchers coded
75 respectively. They reached a high inter-rater
reliability by comparing the last two researchers’
coding with the first authors’ respectively (aver-
age Cohen’s Kappa = 0.9), validating the inclusion
coding strategy. The first author then coded the
remaining 542 papers for inclusion or exclusion.
This led to 106 papers that met our inclusion cri-
teria. Due to the rapid advancement in natural
language generation in the recent ten years (Dong
et al., 2021), we believe insights from recent papers
would be most relevant to the design and develop-
ment of future systems and research. Therefore, we
excluded papers published earlier than 2011. All
these procedures resulted in a final collection of 70
papers selected for analysis.

Finally, we analyzed the 70 papers following
the procedures of thematic analysis (Guest et al.,
2011), a manual coding method in qualitative re-
search with which researchers iteratively develop
themes from qualitative data. The first author con-
ducted two rounds of open thematic coding on the
papers, focusing on aspects such as human actions,
collaboration goals, and problem domains. Dur-
ing this process, the team discussed, iterated and
refined the themes.

A.2 Demographic Details of Study 2
Participants

The demographic details of Study 2 participants
can be found in Table 2.
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ID Gender Age Occupation Education Experience:
summa-
rization

Experience:
editing

Familiarity:
govern-
ment bills

Familiarity:
online
news

Familiarity:
Reddit
posts

P1 M 50-59 Newspaper
writer

Bachelor 6 6 6 6 5

P2 M 20-29 Student Bachelor 6 6 6 6 6
P3 M 30-39 Student Bachelor 5 7 5 7 7
P4 F 60-69 Freelance

editor
Bachelor 5 7 5 7 5

P5 F 30-39 Freelance
editor

Doctorate 7 7 5 7 5

P6 F 30-39 Project
manager

Master 6 6 5 7 7

P7 M 30-39 Freelancer
editor

Bachelor 5 4 3 6 5

P8 F 30-39 Freelance
writer

Master 7 7 1 6 1

P9 F 30-39 Marketing
consul-
tant

Master 5 7 3 7 7

P10 F 20-29 Student Bachelor 7 5 2 6 6
P11 F 50-59 Publicist Bachelor 7 7 4 7 7
P12 M 60-69 Artist Bachelor 6 6 1 6 1
P13 F 30-39 Freelance

writer
Bachelor 6 7 2 7 5

P14 M 40-49 Engineer Bachelor 5 7 1 7 7
P15 F 20-29 Student High

school
7 7 6 7 7

P16 F 30-39 Student Bachelor 7 7 7 7 7

Table 2: Demographic information of Study 2 participants. All the information are self-reported by the participants.
All the participants were based in the United States. Column “Experience: summarization” reports their answers to
the question “rate the following statement: ‘I am experienced in text summarization’ on a scale of 1 to 7, with 1
being least experienced and 7 being most experienced.” The other columns on experience or familiarity reports their
answers to questions in the same format.

A.3 Prototype Interfaces Developed for Study
2 Interviews

Figure 3-7 show the screenshots of prototype in-
terfaces explained in §3.2. All interfaces except
Writing with Model Assistance contain the same
original text (a news article from the articles used
in the warm-up activity) that needs to be summa-
rized on the left. The representations of different
types of human-AI interactions are on the right side
of the interface.

A.4 Study 2 Additional Findings: User
Expectation and Needs in Writing
Summaries

Summarizing with a specific audience in mind.
Many participants had a personal template for writ-
ing summaries that they learned in school or work.
For example, P6 always checked for “the who, the
what, the where, and the why.” P1 looked for “the
who—Who is it about? What was it about? And
then what was the outcome?” and stated that they
used the same strategy in all of the summarization
tasks in Part 1.

Participants expressed the need to know the tar-
get audience of the summary, so that they could
determine what kind of information would be use-
ful to them. As P5 said: "If I don’t know who
really is my audience in writing these summaries,
I don’t know what detail would matter to them."
They would also like to customize the summary
to suit the needs of different audiences, especially
when the original article was less factual and had
more room for interpretation, such as the Reddit
posts: "your audiences is going to determine what’s
important to put in the summary. An attorney is
going to perhaps want different information then
your common Joe out on the streets. That affects of
how something is summarized, you know, because
there’s always a choice." (P12)

Support on background knowledge. Partici-
pants reported that they faced many challenges in
terms of comprehending the original article and
writing the summaries. When reading the origi-
nal articles, many were hindered by the lack of
background knowledge. In P10’s words, "it would
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Figure 3: The interface for Guiding Model Output. Users can change the desired summary length and style (formal
or informal) using sliders and highlight parts of the original text that they want to include in the summary. Users can
press the “Generate” button to get the “AI-generated” summary based on their inputs.

Figure 4: The interface for Selecting or Rating Model Output. Users can chose the final product from three
“AI-generated” candidate summaries.

have helped me to have someone explain what that
situation was because I had a very hard time un-
derstanding the context behind that situation." Re-
lated to this was the difficulty in understanding
jargon specific to a domain that the participants
were unfamiliar with. For example, P13 is unfamil-
iar with the legislative jargon in the Government
Bills but considered they "are really essential for

being able to understand kind of the larger overall
picture of the text." P7 shared that the news arti-
cle about health website contained technical jargon
that "slows down the process and makes it harder."
Therefore, participants hope to get support for the
lack of background knowledge. P15 imagined "an
in-text dictionary support for explaining jargon.
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Figure 5: The interface for Post-editing. Users see an “AI-generated” summary in the text box that they can
hypothetically edit.

Figure 6: The interface for Interactive Editing. Users see an “AI-generated” summary in the text box. They can
use the drop-down menu to change certain words in the first sentence. They can then press “Predict” to request the
model to update the rest of the summary based on those edits.

Summarizing formal and informal texts. Par-
ticipants found summarizing different genres of
original text challenging in different ways. Par-
ticipants who thought comprehending the Govern-
ment Bills challenging described them as "super
dry, super repetitive," (P3) and "not designed as
an article." (P2) It was difficult to identify the cru-
cial information from a Bill since everything seems

important: "they want you to take all of it away.
(P13) On the other hand, although easy to under-
stand, Reddit posts posed a different challenge due
to their informal, unfocused style. For example, in
P1’s words, the Reddit posts were "more of a nar-
rative... there’s no formula to (summarize) them."
Furthermore, many found it challenging to com-
pose the summaries in the same personalized style
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Figure 7: The interface for Writing with Model Assistance. In a Google Doc, users can see the original article on
the top and they can write their summary under the section “Write your summary here:”. First, the user types a
sentence for their summary, then a Bot (played by a researcher who log in with the “SumAssist Bot account”) will
insert the next sentence in gray fonts. The Bot will also insert comments on words in the user written sentence and
suggest them to make changes.

as the original poster: "I’m not really familiar with
summarizing something in somebody else’s voice
or in somebody else’s tone." (P3) Contrast to the
summarization for the Government Bills, described
as having "only one outcome", and being "factual,"
(P7) and "more direct, more to the point," (P10)
Reddit posts come with "an element of opinion
to it," (P7) and therefore could be summarized
through different angles. Some thought they should
write in the same perspective as the original poster
and preserve the opinions, as P9 said, "I would
make sure I picked up what they were trying to, to
lay out." others considered a summary as a neutral
representation of information and thus they had to
"pull the opinions out and give the general mes-
sage." (P14)

A.5 Interview protocol and interaction
instruction.

Please see the interview protocol and interaction
instruction on the next page. Since we need to
protect the privacy of our participants, we are not
able to share the full interview transcripts.
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A.5 Interview Protocol

(§3.3 contains interaction instruction and questions for each of the five prototypes)

1. Overview

First of all thank you for spending the time and talking with me today. We are researchers studying how
we can help people summarize text. Your participation in this study could help us understand this topic,
and contribute to scientific knowledge - ultimately we may publish a research paper about insights from
your participation in our study.

2. Consent

This interview will last about 90 minutes. I would like to talk to you about your experience with text
summarization. You should have already finished the warm-up for the study, and I will ask you questions
about it. I will also have you try out some new tools that we developed to support text summarization and
ask you questions along the way.

There are no right or wrong answers to my questions. I want to hear your personal experiences and
opinions. You also absolutely can decline to answer any of the questions that I ask. At any point if you
feel uncomfortable or need to pause or take a break, just let me know.

Everything that is said in this session will be completely confidential and used for research purposes only.
Your responses may be published as quotes in a future academic research paper, but no identifiers will tie
your username or any other identifiable factors to those responses.

For note-taking purposes, I will record the audio of this call. I will ask you to share your screen while you
are trying out our new tools, and I will also record your screen. Feel free to turn off your camera if you
don’t like your image to be recorded.

Any questions before we start?

Is it okay if I start studying now?

[if they say yes, start recording]

3. Interview

3.1 Opening

To start, could you please tell me a little bit about yourself?
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● What experience do you have with writing and editing?

3.2 Reflection on warm-up

Could you please walk me through your experience writing the summaries?
● How did you approach the tasks?
● What were some strategies that you took?

○ How did you decide what to include?
○ How did you decide if a summary is done and good to go?

● What went well?
● What did not go well?
● What were some challenges?
● How do you feel about summarizing the different articles?

○ Which ones were easy? Why
○ Which ones were difficult? Why?
○ How did you approach the different articles differently?

[Pick a the task that they thought as most difficult]
Could you tell me more about your experience finishing this task? Walk me through how you did it.

● Why was this task particularly difficult?
● Did you approach this task differently than other ones?

○ If yes, how? And why?
○ If not, how did your strategy with previous articles work or not work?

● What went well?
● What did not go well?
● What are some challenges?
● What kind of support do you wish to have?

○ Do you want to have the same support for the other tasks? Why or why not?

Did you take any notes or use any external tools or resources?

In general, what kind of support do you wish you could have while summarizing articles?
● Do you want to have different support for different types of articles? Why or why not?

3.3 Interaction with prototypes

Now I am going to have you try out SumAssists, which is a collection of digital tools that we developed
to support people to write summaries. I will ask you questions as you try out the tools. Note that some
features of the tools are not fully developed yet, so for some parts I need to ask you to imagine your
interaction with some features.
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I’m now asking you to share your screen to show me your interaction with the tools.

[send them the link to the Figma prototype]

Now you are seeing the original article. This is the same news article about the Massachusetts heath
website that you have worked on in Part 1 of the study. You can see 5 different tools that are designed to
support you to write the summary for this article.

3.3.1 Selecting or rating model output

[ask the participant to interact with the tool]

What’s your first impression of this tool?
- What do you think it is for?
- How do you want to use it?

This tool provides you three options of AI-generated summaries of this article. You will be able to select
the one that you think is the best.

Now please imagine that you are summarizing the article using this tool. Please talk through step-by-step
how you are going to do it.

● What do you like about this tool? Why?
● What do you dislike about this tool? Why?
● What is helpful with your summarization process? In what ways?
● What is unhelpful with your summarization process? In what ways?
● How much power of control with the summarization do you feel that you have using this tool? Do

you like it this way? Why?
● How much will you rely on this tool while doing the summarization task?  Do you like it this

way? Why?
○ What type of documents will you rely on this tool
○ How much would you use it
○ Any cases that you wouldn’t want to use it
○ What case you want to totally override it

● How much will you trust the AI-generated summaries using this tool? Do you like it this way?
Why?

If we are making this tool available in real life, in what situation do you see yourself using this tool?

Imagining you are summarizing the Reddit posts using this tool, how would your experience be different
or similar?
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Imagining you are summarizing the government bills using this tool, how would your experience be
different or similar?

How would you like to improve this tool?

Let’s go back to the main page by clicking on the arrow on the upper right corner.

3.3.2 Post-editing

[ask the participant to interact with the tool]

What’s your first impression of this tool?
- What do you think it is for?
- How do you want to use it?

[Debrief them about the tool] This tool provides you with an AI-generated summaries of this article that
you can edit on. In the real world you will be able to type and delete any words in this text box on the
right just as you are doing normal editing. Right now our implementation doesn’t support that. Just
imagine you can type and edit the summary.

Now please imagine that you are summarizing the article using this tool. Please talk through step-by-step
how you are going to do it.

● What do you like about this tool? Why?
● What do you dislike about this tool? Why?
● What is helpful with your summarization process? In what ways?
● What is unhelpful with your summarization process? In what ways?
● How much power of control with the summarization do you feel that you have using this tool? Do

you like it this way? Why?
● How much will you rely on this tool while doing the summarization task?  Do you like it this

way? Why?
○ What type of documents will you rely on this tool
○ How much would you use it
○ Any cases that you wouldn’t want to use it
○ What case you want to totally override it

● Compared to the previous tool, which one do you think would be more helpful? Why?

If we are making this tool available in real life, in what situation do you see yourself using this tool?
- Imagining you are summarizing the Reddit posts using this tool, how would your experience be

different or similar?
- Compared to the previous tool, how do you think this tool would be more or less helpful

in this situation?
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- Imagining you are summarizing the government bills using this tool, how would your experience
be different or similar?

- Compared to the previous tool, how do you think this tool would be more or less helpful
in this situation?

- If the AI is doing a reasonable job, for longer docs that you may not know as much
- Are there other text that this tool will be helpful for you to summarize

How would you like to improve this tool?

Let’s go back to the main page

3.3.3 Interactive editing

[ask the participant to interact with the tool]

What’s your first impression of this tool?
- What do you think it is for?
- How do you want to use it?

[Debrief them about the tool] This tool provides you with an AI-generated summaries of this article. You
will be able to edit the first sentence of the summary by selecting in the drop down menu. Once you make
the selection and click predict, the rest of the summary will be updated based on your edits on the first
sentence.

Now please imagine that you are summarizing the article using this tool. Please talk through step-by-step
how you are going to do it.

● What do you like about this tool? Why?
● What do you dislike about this tool? Why?
● What is helpful with your summarization process? In what ways?
● What is unhelpful with your summarization process? In what ways?
● How much power of control with the summarization do you feel that you have using this tool? Do

you like it this way? Why?
● How much will you rely on this tool while doing the summarization task?  Do you like it this

way? Why?
● How much will you trust the AI-generated summaries using this tool? Do you like it this way?

Why?
● Compared to the previous tool, which one do you think would be more helpful? Why?

If we are making this tool available in real life, in what situation do you see yourself using this tool?
- Imagining you are summarizing the Reddit posts using this tool, how would your experience be

different or similar?
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- Compared to the previous tool, how do you think this tool would be more or less helpful
in this situation?

- Imagining you are summarizing the government bills using this tool, how would your experience
be different or similar?

- Compared to the previous tool, how do you think this tool would be more or less helpful
in this situation?

How would you like to improve this tool?

Let’s go back to the main page

3.3.4 Guiding model output

[ask the participant to interact with the tool]

What’s your first impression of this tool?
- What do you think it is for?
- How do you want to use it?

[Debrief them about the tool] This tool provides you the power to tell the AI model to generate the kind of
summaries that you’d like to see. You can change the length of the summary, the style of the summary,
and also highlight parts of the original sentences that you’d like to see in the summary by highlighting
them in the original text.

Now please imagine that you are summarizing the article using this tool. Please talk through step-by-step
how you are going to do it.

● What do you like about this tool? Why?
● What do you dislike about this tool? Why?
● What is helpful with your summarization process? In what ways?
● What is unhelpful with your summarization process? In what ways?
● How much power of control with the summarization do you feel that you have using this tool? Do

you like it this way? Why?
● How much will you rely on this tool while doing the summarization task?  Do you like it this

way? Why?
● How much will you trust the AI-generated summaries using this tool? Do you like it this way?

Why?
● Compared to the previous tool, which one do you think would be more helpful? Why?

If we are making this tool available in real life, in what situation do you see yourself using this tool?
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- Imagining you are summarizing the Reddit posts using this tool, how would your experience be
different or similar?

- Compared to the previous tool, how do you think this tool would be more or less helpful
in this situation?

- Imagining you are summarizing the government bills using this tool, how would your experience
be different or similar?

- Compared to the previous tool, how do you think this tool would be more or less helpful
in this situation?

How would you like to improve this tool?

Let’s go back to the main page

3.3.5 Writing with model assistance

[ask the participant to interact with the tool]

Now this tool is embedded in the Google doc. For this one, please type the summary that you’d like to
write for this article.
[Participant type summary]

[SumAssist Bot copies a sentence in gray color once they finish the first sentence]
[SumAssist Bot adds a comment on their first sentence]

If you think the sentence in gray is good, go ahead and keep writing. If you want to edit it, also go ahead.
If you don’t like it, you can just delete it and write.

[SumAssist Bot copies a sentence in gray color once they finish the first sentence]
[SumAssist Bot adds a comment on their first sentence]
[ask the participant to stop]

This tool is a bot that we built in Google doc and it can suggest next sentences in gray text. It can also
comment on the sentence that you wrote as you are writing.

Imagine that you are writing the entire summary with this bot. What do you think the experience would be
like?

● What is helpful with your summarization process? In what ways?
● What is unhelpful with your summarization process? In what ways?
● What do you like about this tool? Why?
● What do you dislike about this tool? Why?
● How do you feel about the auto suggestions?
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○ How could the auto suggestion be more useful?
● How do you feel about the auto commenting?

○ How could the auto commenting be more useful?
● Would the auto suggestions and comments be annoying? Why and why not?
● How much power of control with the summarization do you feel that you have using this tool? Do

you like it this way? Why?
● How much will you rely on this tool while doing the summarization task?  Do you like it this

way? Why?
● How much will you trust the AI-generated summaries using this tool? Do you like it this way?

Why?
● Compared to the previous tool, which one do you think would be more helpful? Why?

If we are making this tool available in real life, in what situation do you see yourself using this tool?
- Imagining you are summarizing the Reddit posts using this tool, how would your experience be

different or similar?
- Compared to the previous tool, how do you think this tool would be more or less helpful

in this situation?
- Imagining you are summarizing the government bills using this tool, how would your experience

be different or similar?
- Compared to the previous tool, how do you think this tool would be more or less helpful

in this situation?

How would you like to improve this tool?

3.4 General Reflection

In general, which tools that you would most likely be using when you are summarizing articles? Why?

In general, which tools that you would least likely be using when you are summarizing articles? Why?
● For Reddit, news, and government bills respectively?

If you could snap your fingers and create a summarization assistant to help you, how would you like to
combine some of these tools?

● And what other features would you like to have?
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Abstract

Recent studies show that auto-encoder based
approaches successfully perform language gen-
eration, smooth sentence interpolation, and
style transfer over unseen attributes using un-
labelled datasets in a zero-shot manner. The
latent space geometry of such models is or-
ganised well enough to perform on datasets
where the style is “coarse-grained” i.e. a
small fraction of words alone in a sentence
are enough to determine the overall style la-
bel. A recent study uses a discrete token-based
perturbation approach to map “similar” sen-
tences (“similar” defined by low Levenshtein
distance/ high word overlap) close by in la-
tent space. This definition of “similarity” does
not look into the underlying nuances of the
constituent words while mapping latent space
neighbourhoods and therefore fails to recog-
nise sentences with different style-based se-
mantics while mapping latent neighbourhoods.
We introduce EPAAEs (Embedding Perturbed
Adversarial AutoEncoders) which completes
this perturbation model, by adding a finely ad-
justable noise component on the continuous em-
beddings space. We empirically show that this
(a) produces a better organised latent space that
clusters stylistically similar sentences together,
(b) performs best on a diverse set of text style
transfer tasks than similar denoising-inspired
baselines, and (c) is capable of fine-grained
control of Style Transfer strength. We also ex-
tend the text style transfer tasks to NLI datasets
and show that these more complex definitions
of style are learned best by EPAAE. To the best
of our knowledge, extending style transfer to
NLI tasks has not been explored before. *

1 Introduction

The Text Style transfer (TST) task is a form of con-
trolled language generation. The goal is to produce
fluent style-altered sentences from a given base sen-
tence, while also preserving its style-independent

*Our code, data and outputs are available at https://
github.com/sharan21/EPAAE

content. The definition of “style” depends on the
class labels of the end task. Our work focuses on
the unsupervised scenario i.e. performing the train-
ing on completely unlabelled corpora. By inducing
the latent space organization through input pertur-
bation, TST can be performed using a simple vector
arithmetic method (discussed in Section 6).

Background. Several well-known architectures
use auxiliary objectives that serve as regularizers to
ensure that the latent space geometry is smoothly
interpolatable and learns high-level semantic fea-
tures (refer Appendix D). Inspired by successes
in denoising approaches in vision (Creswell and
Bharath, 2019; Vincent et al., 2008), we look at in-
put perturbation based approaches for unsupervised
style transfer. Unlike text, in vision, freedom exists
to finely control the degree of Gaussian “blur” on
the continuous input image space. We conjecture
that this notion of “controlling blur” may be useful
in the text domain as well, serving as our motiva-
tion for our chosen model for Input Perturbation.
Shen et al. (2020) map “similar” (defined by low
Levenshtein distance/ high word overlap) sentences
together in the latent space by introducing a simple
denoising objective over an underlying Adversarial
Autoencoder (AAE) (Makhzani et al., 2015). This
noise model includes simple token manipulation

Figure 1: A TSNE plot of encoded latent vectors for
all 1950 sentences in the Toy Dataset. EPAAE shows
tighter and more organised clustering. Refer to B.1 and
B.2 for larger plots with legend.
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(token dropout and substitution) with some proba-
bility p, to reconstruct the original sentences from
the perturbed inputs. We can reason intuitively that
discrete word dropout allows sentences with high
word overlap (or low Levenshtein distance) to have
a higher chance of being perturbed into one another,
thereby mapping them close in the latent space dur-
ing the training time. However, this method allows
for stylistically dissimilar sentences, albeit with
high word overlap, to be mapped together in the
latent space.
Idea. We argue that this negatively impacts the
quality of final latent geometry and the results of
the subsequent style transfer task. As an alternative,
we explore Embedding Perturbation, where a noise
vector is sampled, appropriately scaled and added
to the embeddings of each input sentence, such that
the resultant embeddings are constrained to live in-
side an E-dimensional hypersphere. The radius of
this hypersphere is controllable using a tune-able
hyper-parameter ζ. This hypersphere constraint is
partially inspired by concepts in adversarial robust-
ness and ensures that each resultant noised word
embedding is not altered to the extent of causing
the underlying semantics of the sentence to change.
We argue that this allows sentences with stylisti-
cally similar constituent embeddings to be mapped
together, also encouraging the formation of style-
preserving latent neighbourhoods (more on this in
Section 4). The resulting latent representation from
“embedding-perturbed” autoencoders consequently
are better semantically organized and stylistically
robust, enabling us to perform TST using an induc-
tive method i.e. simple vector arithmetic on latent
vectors.
Contributions. We show that this extended model
of input perturbation with both discrete and contin-
uous components, allows for overall better quality
text style transfer, particularly in its ability to pre-
serve style-independent “content” information. To
expand the traditional definitions of styles such
as Polarity, Formality, which are based on sim-
ple “intra-sentence” attributes, we introduce the
“Discourse Style Transfer Task” by salvaging NLI
datasets in which the flow of logic between sen-
tences are captured using “Entailment”, “Contra-
diction”, and “Neutral” labels. This enables inter-
esting applications such as discourse manipulation
in which a pair of sentences agreeing with each
other can be made to contradict, and vice versa. We
also test our model on fine-grained styles present

in the Style-PTB dataset. We empirically show that
our model performs the best on a diverse set of
datasets with styles ranging from coarse-grained
styles (like sentiment) to fine-grained styles (like
tenses) and complex inter-sentence styles (like dis-
course or flow of logic).

2 Related work

Seminal work in TST. Autoencoder based ap-
proaches for TST on labelled non-parallel datasets
are quite well explored (Shen et al., 2017; Fu et al.,
2018). Some techniques involve implicit Style-
Content disentanglement of the latent space using
Back Translation (Prabhumoye et al., 2018) and
adversarial learning (John et al., 2019). Li et al.
(2018) achieve disentanglement using simple key-
word replacement. Most studies look at simple non-
parallel classification datasets, defining their style
to be the class label. Studies also look at Syntax-
Semantic disentanglement of the latent space (Chen
et al., 2019; Bao et al., 2019). A λ1 penalty is im-
posed on the log variance of the perturbations to
prevent it from vanishing. The latent vacancy prob-
lem (Xu et al., 2020) of the β−VAE is mitigated by
introducing auxiliary losses and provided for one
of the earliest methods for unsupervised TST. Simi-
lar to our work, Rubenstein et al. (2018) introduces
the Latent noised AAE (LAAE), Gaussian perturba-
tion is instead added to latent encodings to promote
organization. Unsupervised work includes using
a language model as a discriminator for a richer
feedback mechanism (Yang et al., 2018), allow-
ing it to increase performance in word substitution
decipherment, sentiment modification, and related
language translation. More seminal work related
to autoencoders in the context of Style Transfer is
mentioned in Appendix D.
Contemporary work in TST. More recent work,
treat the style transfer problem as paraphrase gen-
eration and fine-tune pre-trained language models
(Krishna et al., 2020). Malmi et al. (2020) trains
masked language models or MLMs on the source
and target domains to identify input tokens to be
removed and replace them with tokens from the
target MLM in an unsupervised manner. Liu et al.
(2020) uses gradient-based update rules in the con-
tinuous latent space z from style and content predic-
tor networks, enabling the transfer of fine-grained
styles without using an adversarial approach. Reid
and Zhong (2021) performs TST on sentiment and
politeness datasets using token editing methods
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(similar to Li et al. (2018)) using Levenshtein edit-
ing operations. Lee et al. (2021) also focuses on
enhancing content preservation by introducing a
method to remove style at the token level using re-
verse attention and fuse this content representation
with style using a conditional layer normalization
technique. Riley et al. (2021) adapts the T5 model
(Raffel et al., 2020) for few shot text style transfer
by extracting a style representation and perform-
ing conditioned decoding, using only a handful of
examples at inference time.

3 Method

The underlying language model is a generative
auto-encoder which models an input distribution
p(x) assumed to be from an underlying latent distri-
bution p(z). A deterministic encoder E represent-
ing the distribution q(z|x), in the form of an RNN,
whose output is reparameterized by another dis-
tribution zi ∼ N (µi(x), σi(x)) to give the aggre-
gated posterior distribution q(z). Various auxiliary
loss functions are used to enforce the learned prior
q(z) to match p(z). The Generator G represent-
ing p(x|z), also in the form of an RNN, decodes
back the sample from the learnt prior q(z) into its
corresponding input from p(x). Gradient descent
is applied on the reconstruction loss of the autoen-
coder given by:

Lrec(θE , θG) = Epdata(x)[− log pG(x|E(x))] (1)

We use the AAE (Makhzani et al., 2015) as our
choice for the underlying generative autoencoder
over which the input perturbation techniques were
applied. AAE uses a discriminator D to enforce
q(z) to match p(z), a standard Gaussian, by learn-
ing to distinguish between samples from the two
different distributions. This adversarial loss serves
as a regularizer for the latent space, giving it the
ability the organize itself better for smooth sentence
interpolation.

Ladv(θE , θD) = Ep(z)[− logD(z)] +

Epdata(x)[− log(1−D(E(x)))]

(2)

The final min-max objective is a sum of the re-
construction loss (given below) and λ weighted
adversarial loss:

min
E,G

max
D
Lrec(θE , θG)− λLadv(θE , θD) (3)

We found empirically that AAEs performed well
and were stable during training. On the other hand,
β-VAEs required careful tuning of the β hyperpa-
rameter to prevent posterior collapse and did not
perform as well.

3.1 Finely-controlled continuous noise on
embedding space

Figure 2: An abstract representation of the continuous
embedding noise approach for two arbitrary embeddings
ei and ei+1 on an embedding space E ∈ R2

To further organize the latent geometry of the un-
derlying AAE to encode style-based semantic simi-
larity among sentences, we propose a perturbation-
based approach on the continuous embedding
space. Word embeddings of dimensionality E, of
each input token xi are denoted as ei. Consider
an input sentence of length l containing tokens
x0, · · · , xl−1 having embeddings e0, · · · , el−1 re-
spectively. Our objective is to blur every embed-
ding vector ei by adding some appropriately scaled
noise vector ni to produce a resultant noised em-
bedding vector e′i, such that e′i does not lie too far
away from ei to not change the underlying seman-
tics of the word completely. We do this by ensuring
that each new e′i lives inside an E-dimensional hy-
persphere. The center of the hypersphere is the
original embedding ei and its radius is defined as
|ei| * si, where si ∈ R1 is a random variable sam-
pled from a distribution P (s). P (s) is probability
distribution of the form Y(µ = 0, σ) where Y is
some arbitrarily chosen distribution and σ as func-
tion of hyperparameter ζ ∈ R. This distribution
P (s) parameterized by Y, ζ) models the probability
density cloud inside the embedding hypersphere,
controlling its radius and interior densities. Figure
1 neatly summarizes the aforementioned embed-
ding perturbation mechanism for a simple example
with only two individual word embeddings. In
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practice, we use a vectorized representation of the
above mechanism to blur the embeddings of a mini-
batch of sentences of size L in constant O(1) time.
The embedding perturbation method is summarized
below in a vectorized form:

z ∼ N (µ, σ2)

ẑ = z/|z|
s ∼ Y (µ = 0, σ2 = (ζ/3)2)

n = (s⊙ |e|)T ẑ
e′ = e+ n

r = ζ ∗ |e|

(4)

where z, ẑ, s, n and e are vectorized represen-
tations of zi, ẑi, si, ni and ei respectively for a
mini-batch of sentences of size l. ⊙ and * denote
element wise and scalar multiplication respectively.
|x| denotes the magnitude of a vector/batch of vec-
tors x. r is the vectorized mini-batch representa-
tion of ri, the expected radius of hyperspherei.
We choose the Gaussian distribution as our choice
of the probability distribution Y , as on testing it
produced the best results†. To couple the radius
ri of hyperspherei to our hyperparameter ζ to en-
able fine-grained control using ζ, we constrain the
probability density of Y to live inside the hyper-
sphere within three standard deviations. To achieve
this, we equate 3σ to ζ, and consequently set the
variance σ2 of Y to be (ζ/3)2.

3.2 Discrete word dropout probability

The “Denoising Autoencoder” or DAAE (Shen
et al., 2020) considered discrete token-level per-
turbations such as token masking, substitution and
deletion. We consider token deletion as discrete
noise. Drop probability p = 0.3 is found to be the
best in both their experiments and ours.

Token deletion is the only type of input pertur-
bation that can alter the number of tokens in a
sentence. Any continuous model for input noise
cannot mathematically generalize the effects of this
kind of discrete word dropout. Furthermore, dur-
ing our experiments, we find that for some datasets,
both discrete and continuous noise components are
required to produce the overall best model. In such
a case, we first perform token deletion and then
subject the leftover token embeddings to perturba-
tion. We refer to this generalized noise model as

†We also tried the uniform distribution with varying val-
ues for ζ

“Embeddings-Perturbed Adversarial Autoencoder”
or “EPAAE” parameterized by ζ and p.

4 Semantic Similarity in Latent Space
Neighbourhoods

We contrast and compare the resultant latent space
neighbourhoods of DAAEs and EPAAEs.

4.1 Preliminary reasoning

Here, we first investigate the question - Does token
deletion during training group truly put semanti-
cally similar sentences together in latent space Z?.
Intuitively we can reason that the answer may be in
the affirmative if the drop probability is small. For
example, the sentences “The food was good” and
“The food was superb” might get perturbed into a
common version, i.e. “The food was” and therefore
be mapped nearby in Z during training. As anal-
ysed and concluded in (Shen et al., 2020), latent
neighbourhoods in the latent space of DAAEs suc-
cessfully cluster sentences with high word overlap
(low Levenshtein/Edit distance) together. However,
the Levenshtein distance metric is not an accurate
measure of the true semantic similarity between
sentences. A pair of sentences with high word
overlap might convey different ideas w.r.t the un-
derlying style-based semantics of the dataset. For
example, in the context of the Yelp dataset, the sen-
tences “The food was good” and “The food was
bad” are stylistically opposing (style being polarity
in this case) and yet still get mapped close by in Z
for DAAEs.

4.2 Testing the hypothesis with a Toy Dataset

We conduct specifically curated experiments on
a synthetic dataset to verify our hypothesis that
EPAAEs map stylistically similar sentences to-
gether.

Details of Toy dataset: Inspired by Yelp, each
sentence in this dataset either represents a posi-
tive or negative sentiment. It also contains dif-
ferent sentiment independent components, such
as the identity of the person and the subject of
the review. Each sentence is of the format: “The
<identity_token> said the <subject_token> is <de-
cision_token>" where identity, subject and deci-
sion token classes are the only variable parameters
in each sentence. The entire set of all permutations
of these token classes forms the dataset. For ex-
ample, the decision class is further subdivided into
two subclasses, i.e. positive/ negative sentiment,
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Token
Class

Sub
Classes Token Options

(0) Identity (0) Male boy, man, husband,
boyfriend, waiter

(1) Female girl, woman, wife, girlfriend,
waitress

(1) Subject (0) Food food, meal, dinner, breakfast,
lunch, pasta, chicken

(1) Others service, staff, experience,
atmosphere, location, place

(2) Decision (0) Positive
good, great, excellent, decent,

amazing, wonderful,
reasonable

(1)
Negative

bad, worst, horrible, spicy,
bland, expensive, disgusting,

mediocre

Table 1: Structure of token classes and division of sub-
classes with token options used to create Toy Dataset

DAAE (p = 0.3) L2
Norm

EPAAE
(ζ = 3.0)

L2
Norm

the man said the
pasta is spicy 0 the man said the

pasta is spicy 0

the man said the
pasta is good 2.79 the man said the

staff is spicy 2.62

the girl said the
pasta is spicy 2.88 the man said the

pasta is bad 2.69

the man said the
pasta is

wonderful
2.89 the man said the

pasta is bland 2.77

the man said the
service is spicy 3 the girl said the

pasta is spicy 2.84

the man said the
pasta is bad 3.02 the husband said

the pasta is spicy 2.89

Table 2: Nearest Neighbour experiment performed on
EPAAE and DAAE. Sentences in red indicate dissimilarity in
semantics with respect to cluster center

each subclass containing 7 and 8 choosable tokens,
respectively. The resultant dataset consisted of
1950 sentences. The details of the subclasses and
the representative tokens inside each subclass are
shown in Table 1. We produce output labels for
each sentence by using a 3-bit representation, one
bit for each of three token classes, where the values
of each bit represent the token label subclass within
that class. For example, a label of 5 is encoded as
101 corresponding to a sentence with Female, Food
and Negative labels. There are 23 = 8 labels in total
labelled 0-7.

Qual. Analysis of Latent space. We consider
two models, DAAE with token deletion probability
p = 0.3 and EPAAE with ζ = 2.5. Both models
are initially pre-trained over the unlabelled Yelp
dataset. The synthetic dataset is used during infer-
ence time only. We encode all 1950 sentences into
their respective latent space vectors and use TSNE
plots to visualise the latent space of each model
(Figure 1). We pick a random query sentence, e.g.

Dataset Model
Mean L2
Norm for
Label Flip

Mean
Hops for

Label Flip

Toy Dataset DAAE 5.725 14.979
EPAAE 4.324 19.587

Yelp DAAE 9.386 5.850
EPAAE 8.211 6.513

SNLI DAAE 9.794 3.185
EPAAE 10.373 3.528

DNLI DAAE 9.320 6.027
EPAAE 11.681 4.882

SciTail DAAE 10.224 5.750
EPAAE 10.676 6.253

PP Removal DAAE 8.195 6.722
EPAAE 8.774 7.409

Tenses DAAE 7.686 8.802
EPAAE 10.924 5.426

Voices DAAE 6.805 8.367
EPAAE 9.657 8.726

Table 3: Quantitative metrics to capture model’s ability
to preserve style-based semantics inside Latent Neigh-
bourhoods. Bold indicates model with higher value for
that corresponding metric in that specific dataset, which
is suggestive of ability to better preserve style-based
semantics.

“The man said the pasta is spicy”, and encode it into
Z. We then retrieve the top five nearest encoding
to the query and observe their decoded outputs to
check for the preservation of style-based semantics
(Table 2) around the query. We find that the EPAAE
maps the latent neighbourhood such that stylisti-
cally similar (positive/negative sentiment in this
context) are grouped. This is not the case with the
DAAE, evident from Table 2 in which neighbours
1 and 3 have a differing sentiment from the query.
This offers an explanation as to why the DAAE is
not able to produce tightly confined clusters.

Quant. Analysis of Latent space. To further
validate our hypothesis that EPAAEs better pre-
serve style-based semantics in latent neighbours,
we generate useful quantitative metrics over a k-
nearest neighbours experiment, done on the test
split across all datasets. We document these met-
rics in Table 3. Column 3 conveys the mean dis-
tance to the closest neighbour with the opposite
label. Column 4 conveys the mean number of hops
to reach to the closest neighbour with opposite la-
bels. In all but a few datasets, the DAAE reports a
smaller “mean hops for label flip”, supporting our
hypothesis that stylistically dissimilar sentences
are mapped closer together in the latent neighbour
than our proposed model. We also see this trend
mostly holds true for the "Mean L2 Norm for Label
Flip" metric in Column 4 as well, providing further
evidence to our hypothesis.
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5 Setup, Datasets and Metrics

5.1 Experimental Setup
Baselines. This work focuses on simple denois-
ing approaches for Unsupervised TST and subse-
quently constrains our choice of baselines to follow
these criteria. We consider three other autoencoder
based models for our experimentation, i.e. Denois-
ing AAE (DAAE), Latent-Noised AAE (LAAE)
and the β-VAE.

Hyperparameters and Setup. Details on hy-
perparameter selection can be found in A.2. Other
common hyperparameters (detailed in A.1) related
to encoder/decoder architectures remained identi-
cal across all models. Training is completely unsu-
pervised, and labels are only used during inference
time. Details on computation time, number of pa-
rameters and infrastructure used can be found in
Appendix. E.

5.2 Datasets
In this section, we briefly describe the different
kinds of datasets used for experimentation. Further
details is provided in in Appendix C.

Complexity of Styles in Datasets: Current
studies mainly focus on high-level styles to validate
the approaches. To validate our hypothesis that the
EPAAE can perform fine-grained style transfer due
to semantics learnt from embeddings, we consider
three tasks: sentiment, discourse and fine-grained
text style transfer. As prepossessing, we remove
non-essential special characters and lowercase all
sentences. Except for the Yelp dataset, no pruning
is done based on sentence length.

Sentiment Style Datasets: We use the prepro-
cessed version from (Shen et al., 2017) of the Yelp
dataset. The sentiment labels (positive, negative)
were considered as style.

Discourse Style Datasets: To check for the
model’s ability to alter the discourse or flow of
logic between two sentences we make use of NLI
datasets such as SNLI, DNLI, and Scitail. Each
instance in the SNLI dataset (Bowman et al., 2015)
consists of two sentences that either contradict,
entail (agree) or are neutral towards each other.
Similarly, the DNLI dataset (Welleck et al., 2019)
consists of contradiction, entailment and neutrality
labelled instances. Scitail (Khot et al., 2018) is
an entailment dataset created from multiple-choice
science exams and the web, in a two-sentence for-
mat similar to SNLI and DNLI. The first sentence
is formed from a question and answer pair from

science exams and the second sentence is either a
supporting (entailment) or non-supporting (neutral-
ity) premise.

Fine-grained Style Datasets: The Style-PTB
dataset (Lyu et al., 2021) consists of 21 styles/labels
with themes ranging from syntax, lexical, semantic
and thematic transfers as well as compositional
transfers which consist of transferring more than
one of the aforementioned fine-grained styles. To
check whether the EPAAE can capture fine-grained
styles better by leveraging its better organised latent
space, we make use of three styles i.e. Tenses,
Voices (Active or Passive) and Syntactic PP tag
removal (PPR). In the Tenses dataset, each sentence
is labelled with “Present”, “Past”, and “Future”.
The Voices dataset contains “Active” and “Passive”
voices labels and the PPR dataset contains “PP
removed” and “PP not removed” labels.

5.3 Automatic Evaluation metrics
Evaluation for text style transfer includes checking
for a) Style Transfer accuracy, b) Content preser-
vation metrics and c) Fluency of output sentences.
Recent studies show that automatic Evaluation met-
rics are still an open problem and can be gamed
(Xu et al., 2020).

Style Transfer Measure: A pre-trained clas-
sifier is used to check the presence of the target
label in the output sentence. (Mir et al., 2019) in-
troduces the notion of checking the style transfer
intensity apart from just the presence of the target
label. While we find this notion intriguing, we wish
to first accomplish the style transfer task convinc-
ingly for the current set of tasks before assuming a
more complex metric.

Content Preservation: In recent work, we ob-
serve that models typically struggle more in content
preservation and the ability to preserve the contex-
tual meaning of the base sentence. The BLEU
score alone does not suffice to correlate strongly
with actual qualitative results. To truly validate
our hypothesis that EPAAE’s are better able to pre-
serve content better, we augment the bucket of stan-
dard content preservation metrics ‡. Apart from
the standard of using BLEU between sentences of
source and target styles, we borrow evaluation tech-
niques from fields similar to Text Style Transfer
such as Machine Translation and Text Summariza-
tion, such as METEOR (Banerjee and Lavie, 2005),

‡To generate all our content preservation metrics, we
use the nlg-eval package from: https://github.com/
Maluuba/nlg-eval
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ROUGE-L (Lin, 2004), CIDEr (Vedantam et al.,
2015) which have been shown to correlate more
strongly with human judgement. Following the
study of (Sharma et al., 2017), in which they show
BLEU does not necessarily correlate with human
evaluations in dialogue response generation, we
also adopt Embedding Average, Vector Extrema
(Forgues et al., 2014) and Greedy matching score
(Rus and Lintean, 2012).

Fluency of generations: Past work measures
the perplexity using a pre-trained language model
to gauge the fluency or grammatical correctness of
the style transferred outputs. (Mir et al., 2019) ar-
gues such perplexity calculations for style transfer
tasks may not necessarily correlate with a human
judgement of fluency. Adversarial classifiers in the
form of logistic regression networks are trained
with the goal of distinguishing between human-
produced and machine produced sentences. These
classifiers are then used to score the naturalness of
the output sentences. We follow this metric during
our evaluation of fluency or naturalness §

6 Experiments

In this section, we look at the quantitative and quan-
titative results for the text style transfer task for four
autoencoder models in seven datasets. We use the
vector arithmetic method on latent space represen-
tations, inspired by (Mikolov et al., 2013) where it
showed that word embeddings learnt can capture
linguistic relationships using simple vector arith-
metic. Analogous to the standard example where
“King” - “Man” + “Woman” ≈ “Queen”, we ma-
nipulate an arbitrary sentence encoding zx of Style
X to Style Y ¶:

zx = zy + k(
1

Ny

Ny∑

i=0

ziy −
1

Nx

Nx∑

i=0

zix) (5)

where ziy, ziy denotes the latent vector of the ith

sentence in style y and x respectively and Nx and
Ny represent the number of encoding present in the
corpus for style x and y respectively. k is a scaling
parameter used to control the style transfer strength.

§We use code and pretrained models
from https://github.com/passeul/
style-transfer-model-evaluation to mea-
sure naturalness.

¶Simply put, the difference of the means of all vectors
in Style Y and X is computed and scaled by a factor k, then
added to any arbitrary latent vector with style Y to convert it
to style X .

The resultant latent vector is passed through the
decoder to produce the output sentence.

6.1 Quantitative Analysis

TST accuracy, content preservation and natural-
ness were computed on the converted sentences
(shown in Table 4, 5, 6). Content preservation met-
rics can be found from Column 4 onwards. We
consider two versions of the EPAAE i.e. only con-
tinuous embedding noise, continuous embedding
noise + token deletion, and find that in some cases
a mixture of both is required for optimal perfor-
mance. We find that a slightly lowered value p for
the EPAAE combined with its optimal ζ parameter
outperforms other models as well.

6.1.1 Sentiment TST
Table 4 summarises the results of TST on the Yelp
dataset. On visual inspection, there appears to be a
general tradeoff between TST% and content preser-
vation metrics. For example, the β-VAE achieves
the best TST% but suffers from bad content preser-
vation capability. In this case, we observe that
EPAAE (ζ = 2.0, p = 0.1) has the best con-
tent preservation capabilities across all metrics and
achieves a reasonable tradeoff of TST%=77.1 as
well.

6.1.2 Discourse TST
Table 5 summarises the results on four NLI datasets.
Similar to the sentiment task, we see that EPAAEs
have the best content preservation capabilities as
well as the naturalness metric. It achieves this
while achieving a comparable TST% as well. β-
VAE shows best TST% but again suffers in content
preservation. DAAE also display reasonable TST%
vs Content preservation tradeoffs but overall cannot
match the tradeoffs achieved by EPAAEs. Human
evaluations on the SNLI dataset (Table 8) confirm
this as well. The TST% achieved by any model in
any task peaks at only 60.4% compared to 81.9%
in sentiment task, a significant difference that hints
at the fact that the Discourse TST task might be
intrinsically more complex than sentiment style.
Future work that aims to increase performance on
the NLI task will be beneficial.

6.1.3 Style-PTB TST
Table 6 summarises the results on three datasets
from the Style-PTB benchmark. (Lyu et al., 2021)
produces a hierarchy of styles based on transfer
difficulty measured by the average token-level ham-
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Model Naturalness TST Acc. BLEU-2 METEOR ROUGE-L CIDER Embedding
Average

Vector
Extrema

Greedy
Matching
Score

β-VAE (β = 0.15) 0.792 0.819 0.064 0.079 0.212 0.271 0.773 0.445 0.600
LAAE (λ1 = 0.05) 0.763 0.782 0.056 0.072 0.182 0.232 0.756 0.436 0.583
DAAE (n = 0.3) 0.711 0.812 0.167 0.134 0.339 0.775 0.810 0.531 0.674
EPAAE (ζ = 2.0) 0.822 0.749 0.142 0.125 0.320 0.609 0.800 0.491 0.651
EPAAE (ζ = 2.0, p = 0.3) 0.708 0.808 0.193 0.145 0.368 0.838 0.824 0.542 0.688
EPAAE (ζ = 2.0, p = 0.1) 0.718 0.771 0.218 0.170 0.396 1.017 0.827 0.571 0.707

Table 4: Quantitative results of TST experiments on Yelp Dataset

Dataset Model Naturalness TST Acc. BLEU-2 METEOR ROUGE-L CIDER Embedding
Average

Vector
Extrema

Greedy
Matching
Score

SNLI β-VAE (β = 0.15) 0.983 0.523 0.424 0.257 0.541 2.288 0.948 0.615 0.814
LAAE (λ1 = 0.05) 0.946 0.522 0.036 0.051 0.158 0.026 0.824 0.318 0.593
DAAE (p = 0.3) 0.980 0.519 0.415 0.254 0.534 2.062 0.950 0.650 0.838
EPAAE (ζ = 2.5) 0.979 0.480 0.534 0.316 0.655 3.615 0.958 0.688 0.857

EPAAE (ζ = 2.5, p = 0.3) 0.983 0.513 0.388 0.240 0.504 1.783 0.948 0.626 0.826
EPAAE (ζ = 2.5, p = 0.1) 0.978 0.511 0.461 0.281 0.582 2.492 0.953 0.674 0.854

DNLI β-VAE (β = 0.15) 0.927 0.578 0.243 0.144 0.356 0.654 0.905 0.503 0.722
LAAE (λ1 = 0.05) 0.935 0.604 0.205 0.128 0.319 0.384 0.897 0.475 0.704
DAAE (p = 0.3) 0.933 0.597 0.416 0.237 0.522 2.269 0.934 0.616 0.803
EPAAE (ζ = 2.5) 0.939 0.513 0.440 0.253 0.557 2.573 0.943 0.635 0.818

EPAAE (ζ = 2.5, p = 0.3) 0.927 0.574 0.397 0.225 0.506 2.064 0.933 0.606 0.798
EPAAE (ζ = 2.5, p = 0.1) 0.934 0.579 0.457 0.260 0.559 2.912 0.941 0.636 0.636

Scitail β-VAE (β = 0.15) 0.770 0.570 0.095 0.065 0.173 0.142 0.796 0.387 0.643
LAAE (λ1 = 0.05) 0.832 0.497 0.196 0.124 0.287 0.752 0.874 0.489 0.712
DAAE (p = 0.3) 0.792 0.454 0.325 0.199 0.413 1.560 0.913 0.611 0.805
EPAAE (ζ = 2.5) 0.839 0.422 0.367 0.222 0.471 2.022 0.930 0.647 0.827

EPAAE (ζ = 2.5, p = 0.3) 0.813 0.495 0.276 0.171 0.355 1.241 0.906 0.560 0.770
EPAAE (ζ = 2.5, p = 0.1) 0.827 0.440 0.352 0.215 0.455 1.931 0.932 0.635 0.818

Table 5: Quantitative results of TST experiments on NLI datasets

ming distance between the base and converted sen-
tence. According to this hierarchy Tense inversion,
PP removal/addition and Voice change are labelled
in ascending order as easy, medium and hard re-
spectively. Our results seem to partially validate
this observation, in that the max TST% is obtained
on the Tenses dataset (100%). Generally speak-
ing, we also observe that TST has much better
performance on fine-grained Style-PTB datasets
than sentiment and discourse styles. Similar to be-
fore, the EPAAE shows best content preservation
at competitive values of TST% as well.

It is also noteworthy to consider the direction
of style transfer, particularly in the case of com-
plex styles such as Discourse styles present in NLI
datasets. Results and analysis on direction-specific
metrics for Discourse TST are presented in Ap-
pendix B.2.2.

6.2 Qualitative Analysis

Samples of Output. For qualitative analysis, sam-
ple outputs by DAAE and EPAAE for the Yelp,
SNLI and Tenses dataset are given in Table B.4.
For a full list of qualitative examples on all datasets
along with setup details, please refer to Appendix
B.2.1.

Varying k for Fine-Grained TST. By varying
the value of k in Equation 5, it is possible to finely
control the strength of Text Style transfer. We show

examples of this for the Yelp (Table B.9) and the
SNLI (Table 7) dataset, for the baseline DAAE
(p = 0.3) and the proposed model EPAAE. For the
proposed EPAAE model, the best performing mod-
els (specifically in content preservation metrics)
were chosen i.e. zeta = 2.0, p = 0.1 for the Yelp
dataset and zeta = 2.5 for the SNLI dataset. The
chosen qualitative examples highlight the EPAAEs
slight superiority in performing fine-grained TST
compared to the baseline.

Smooth Interpolation. Sentence interpolation
experiments are reported in Appendix B.1, in which
latent space points in an interpolation along a spe-
cific direction are decoded to gauge the smoothness
of the space and its ability to generate coherent sen-
tences

6.3 Human Evaluations

Each human annotator was given a set of base sen-
tences and asked to vote for which model produced
the most appropriate corresponding style inverted
sentences. Please refer to Appendix A.3 for full
details on the setup. Results are shown in Table
8. We observe that the proposed EPAAE model
was overall more preferred across all three chosen
datasets. This margin was most significant in the
case of the SNLI dataset.
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Dataset Model Naturalness TST Acc. BLEU-2 METEOR ROUGE-L CIDER Embedding
Average

Vector
Extrema

Greedy
Matching

Score
Voices β-VAE (β = 0.15) 0.779 0.985 0.144 0.108 0.204 0.728 0.765 0.426 0.593

LAAE (λ1 = 0.05) 0.789 0.988 0.095 0.080 0.162 0.426 0.746 0.390 0.560
DAAE (p = 0.3) 0.783 0.981 0.243 0.182 0.300 1.488 0.811 0.523 0.670
EPAAE (ζ = 2.5) 0.806 0.993 0.176 0.134 0.260 0.919 0.795 0.468 0.634

EPAAE (ζ = 2.5, p = 0.3) 0.785 0.975 0.174 0.133 0.237 0.978 0.777 0.457 0.616
EPAAE (ζ = 2.5, p = 0.1) 0.796 0.991 0.253 0.187 0.318 1.491 0.819 0.532 0.681

PPR β-VAE (β = 0.15) 0.735 0.949 0.197 0.202 0.391 1.291 0.808 0.536 0.706
LAAE (λ1 = 0.05) 0.748 0.940 0.149 0.143 0.302 0.846 0.772 0.467 0.643
EPAAE (p = 0.3) 0.730 0.948 0.261 0.279 0.486 1.797 0.842 0.615 0.774
EPAAE (ζ = 2.5) 0.757 0.932 0.282 0.283 0.510 1.982 0.857 0.631 0.789

EPAAE (ζ = 2.5, p = 0.3) 0.728 0.955 0.236 0.257 0.448 1.586 0.829 0.585 0.749
EPAAE (ζ = 2.5, p = 0.1) 0.747 0.938 0.293 0.301 0.525 2.105 0.861 0.645 0.799

Tenses β-VAE (β = 0.15) 0.803 0.999 0.110 0.089 0.198 0.513 0.766 0.403 0.583
LAAE (λ1 = 0.05) 0.807 1.000 0.086 0.072 0.169 0.388 0.749 0.377 0.563
DAAE (p = 0.3) 0.774 0.999 0.263 0.200 0.363 1.684 0.822 0.540 0.686
EPAAE (ζ = 2.5) 0.798 1.000 0.358 0.274 0.483 2.305 0.861 0.631 0.757

EPAAE (ζ = 2.5, p = 0.3) 0.776 0.999 0.302 0.234 0.408 2.023 0.834 0.574 0.711
EPAAE (ζ = 2.5, p = 0.1) 0.785 1.000 0.339 0.254 0.456 2.279 0.852 0.604 0.739

Table 6: Quantitative results of TST experiments on Style-PTB datasets
DAAE (p = 0.3) EPAAE (ζ = 2.0, p = 0.1)

Input the dog sits by a snowdrift . a dog out in the snow the dog sits by a snowdrift . a dog out in the snow
k = 1 the dog stands in the snow . a dog stands in the snow the dog sits under a fallen tree dog . a dog resting in the snow
k = 1.5 the dog stands in the snow . a dog swims in the snow the dog sits under a fallen tree dog . a dog resting in the snow
k = 2 the dog stands in the snow . a dog swims in the snow the dog sits under a fallen tree dog . a dog resting in the snow
k = 2.5 the dog stands in the snow . a dog swims in the snow the dog sits under a fallen tree dog . a dog resting in the snow at the porch
k = 3 the dog leaps across the snow . a dog swims in the snow in the snow the dog sits under a fallen tree dog . a dog resting in the snow at the porch
Input a man enjoys some extravagant artwork . a man is making art a man enjoys some extravagant artwork . a man is making art
k = −1 a man makes a strange art that says unk . a man is making clothing a man examines an art unk stall . a man is making art
k = −1.5 a man makes a strange art that says unk . a man is making clothing a man examines an art unk by . a man is making art
k = −2 a man makes a strange art that says unk . a man is making clothing a man examines an art unk by . a man is making art
k = −2.5 a man makes a strange art that says art . a man is making clothing a man examines an art gallery unk . a man is making art
k = −3 a man makes a strange art that says art . a man is making clothing a man examines an art gallery unk . a man is making art

Table 7: Qualitative examples of Fine-grained TST on the SNLI Dataset (Entailment to Contradiction)

Dataset DAAE
better

EPAAE
better

Both
Good

Both
Bad

No
Agreement

Yelp 34 47 16 75 28
SNLI 52 90 4 35 19
Tenses 45 59 17 63 16

Table 8: Human Evaluations for Text Style Transfer on
Yelp, SNLI and Tenses datasets. Bold indicates model
with highest votes

7 Conclusion

We introduce the “Embedding Perturbed AAE” or
EPAAE and show that it best captures underlying
style-based semantic features in the latent space
in an unsupervised manner compared to its base-
lines. By inducing robust latent space organization
through embedding perturbation in an unsupervised
manner, we also demonstrate the possibility of fine-
grained TST, where we can control the strength of
the target style. Using a diverse set of datasets with
varying formulations and complexities of style, we
empirically that EPAAE performs overall best in
the text style transfer task, particularly in its abil-
ity to preserve style-independent content across all
datasets.

8 Future Work and Limitations

Regarding work in TST. We wish to augment
existing state of the art methods with embedding
perturbation to check if doing so aids performance.
We see degrading TST performance in the Entail-
ment to Contradiction Task across all models. Fu-
ture work will focus on methods to improve this
task.
Generally. It is also interesting to further anal-
yse the effects of embedding perturbation to latent
representations and resultant properties. A theoret-
ical analysis would be beneficial to cement the use
of embedding perturbation in a more general set-
ting. There also remain more important questions
that need answering for, e.g. "What if you apply
continuous perturbation to hidden states instead of
embeddings?", "What is the relation between this
type of perturbation and techniques like dropout?".
We wish to explore these important questions in
the future.

Ethics Statement

Any TST model can be used for nefarious pur-
poses, e.g. performing a "Non-toxic to toxic"
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modification of text in a real-world setting and
causing social harm. Therefore, it is important
we keep in mind a code of ethics (e.g. https:

//www.acm.org/code-of-ethics) for usage, re-
search and development in this type of research.
We have made all our code open-source and pro-
vided all details of experimentation and implemen-
tation to the best of our knowledge.

Acknowledgements

We would like to thank the reviewers whose feed-
back we believe substantially increased the quality
of this work. We would like to thank the human
annotators for their participation.

References
Satanjeev Banerjee and Alon Lavie. 2005. METEOR:

An automatic metric for MT evaluation with im-
proved correlation with human judgments. In Pro-
ceedings of the ACL Workshop on Intrinsic and Ex-
trinsic Evaluation Measures for Machine Transla-
tion and/or Summarization, pages 65–72, Ann Arbor,
Michigan. Association for Computational Linguis-
tics.

Yu Bao, Hao Zhou, Shujian Huang, Lei Li, Lili Mou,
Olga Vechtomova, Xin-yu Dai, and Jiajun Chen.
2019. Generating sentences from disentangled syn-
tactic and semantic spaces. In Proceedings of the
57th Annual Meeting of the Association for Computa-
tional Linguistics, pages 6008–6019, Florence, Italy.
Association for Computational Linguistics.

Samuel R. Bowman, Gabor Angeli, Christopher Potts,
and Christopher D. Manning. 2015. A large anno-
tated corpus for learning natural language inference.
In Proceedings of the 2015 Conference on Empiri-
cal Methods in Natural Language Processing, pages
632–642, Lisbon, Portugal. Association for Compu-
tational Linguistics.

Samuel R. Bowman, Luke Vilnis, Oriol Vinyals, An-
drew Dai, Rafal Jozefowicz, and Samy Bengio. 2016.
Generating sentences from a continuous space. In
Proceedings of The 20th SIGNLL Conference on
Computational Natural Language Learning, pages
10–21, Berlin, Germany. Association for Computa-
tional Linguistics.

Mingda Chen, Qingming Tang, Sam Wiseman, and
Kevin Gimpel. 2019. A multi-task approach for dis-
entangling syntax and semantics in sentence repre-
sentations. In Proceedings of the 2019 Conference of
the North American Chapter of the Association for
Computational Linguistics: Human Language Tech-
nologies, Volume 1 (Long and Short Papers), pages
2453–2464, Minneapolis, Minnesota. Association for
Computational Linguistics.

Antonia Creswell and Anil Anthony Bharath. 2019.
Denoising adversarial autoencoders. IEEE Trans-
actions on Neural Networks and Learning Systems,
30(4):968–984.

Gabriel Forgues, Joelle Pineau, Jean-Marie
Larchevêque, and Réal Tremblay. 2014. Bootstrap-
ping dialog systems with word embeddings. In Nips,
modern machine learning and natural language
processing workshop, volume 2.

Zhenxin Fu, Xiaoye Tan, Nanyun Peng, Dongyan Zhao,
and Rui Yan. 2018. Style transfer in text: Exploration
and evaluation. Proceedings of the AAAI Conference
on Artificial Intelligence, 32(1).

Vineet John, Lili Mou, Hareesh Bahuleyan, and Olga
Vechtomova. 2019. Disentangled representation
learning for non-parallel text style transfer. In Pro-
ceedings of the 57th Annual Meeting of the Associa-
tion for Computational Linguistics, pages 424–434,
Florence, Italy. Association for Computational Lin-
guistics.

Tushar Khot, Ashish Sabharwal, and Peter Clark. 2018.
Scitail: A textual entailment dataset from science
question answering. Proceedings of the AAAI Con-
ference on Artificial Intelligence, 32(1).

Diederik P. Kingma and Max Welling. 2014. Auto-
encoding variational bayes. In 2nd International
Conference on Learning Representations, ICLR 2014,
Banff, AB, Canada, April 14-16, 2014, Conference
Track Proceedings.

Kalpesh Krishna, John Wieting, and Mohit Iyyer. 2020.
Reformulating unsupervised style transfer as para-
phrase generation. In Proceedings of the 2020 Con-
ference on Empirical Methods in Natural Language
Processing (EMNLP), pages 737–762, Online. Asso-
ciation for Computational Linguistics.

Dongkyu Lee, Zhiliang Tian, Lanqing Xue, and Nevin L.
Zhang. 2021. Enhancing content preservation in text
style transfer using reverse attention and conditional
layer normalization. In Proceedings of the 59th An-
nual Meeting of the Association for Computational
Linguistics and the 11th International Joint Confer-
ence on Natural Language Processing (Volume 1:
Long Papers), pages 93–102, Online. Association for
Computational Linguistics.

Juncen Li, Robin Jia, He He, and Percy Liang. 2018.
Delete, retrieve, generate: a simple approach to senti-
ment and style transfer. In Proceedings of the 2018
Conference of the North American Chapter of the
Association for Computational Linguistics: Human
Language Technologies, Volume 1 (Long Papers),
pages 1865–1874, New Orleans, Louisiana. Associa-
tion for Computational Linguistics.

Chin-Yew Lin. 2004. ROUGE: A package for auto-
matic evaluation of summaries. In Text Summariza-
tion Branches Out, pages 74–81, Barcelona, Spain.
Association for Computational Linguistics.

465

https://doi.org/10.18653/v1/2020.emnlp-main.751
https://doi.org/10.18653/v1/2020.emnlp-main.751
https://doi.org/10.18653/v1/2020.emnlp-main.649
https://doi.org/10.18653/v1/2020.emnlp-main.649
https://doi.org/https://doi.org/10.1016/j.eswa.2020.113679
https://doi.org/https://doi.org/10.1016/j.eswa.2020.113679
https://doi.org/10.18653/v1/N18-2099
https://doi.org/10.18653/v1/N18-2099
https://doi.org/10.18653/v1/N19-1260
https://doi.org/10.18653/v1/N19-1260
https://doi.org/10.18653/v1/D19-5406
https://doi.org/10.18653/v1/D19-5406
https://doi.org/10.18653/v1/D19-1051
https://doi.org/10.18653/v1/2020.emnlp-main.750
https://doi.org/10.18653/v1/2020.emnlp-main.750


Dayiheng Liu, Jie Fu, Yidan Zhang, Chris Pal, and
Jiancheng Lv. 2020. Revision in continuous space:
Unsupervised text style transfer without adversarial
learning. Proceedings of the AAAI Conference on
Artificial Intelligence, 34(05):8376–8383.

Yiwei Lyu, Paul Pu Liang, Hai Pham, Eduard Hovy,
Barnabás Póczos, Ruslan Salakhutdinov, and Louis-
Philippe Morency. 2021. StylePTB: A compositional
benchmark for fine-grained controllable text style
transfer. In Proceedings of the 2021 Conference
of the North American Chapter of the Association
for Computational Linguistics: Human Language
Technologies, pages 2116–2138, Online. Association
for Computational Linguistics.

Alireza Makhzani, Jonathon Shlens, Navdeep Jaitly, and
Ian J. Goodfellow. 2015. Adversarial autoencoders.
CoRR, abs/1511.05644.

Eric Malmi, Aliaksei Severyn, and Sascha Rothe. 2020.
Unsupervised text style transfer with padded masked
language models. In Proceedings of the 2020 Con-
ference on Empirical Methods in Natural Language
Processing (EMNLP), pages 8671–8680, Online. As-
sociation for Computational Linguistics.

Tomas Mikolov, Wen-tau Yih, and Geoffrey Zweig.
2013. Linguistic regularities in continuous space
word representations. In Proceedings of the 2013
Conference of the North American Chapter of the
Association for Computational Linguistics: Human
Language Technologies, pages 746–751, Atlanta,
Georgia. Association for Computational Linguistics.

Remi Mir, Bjarke Felbo, Nick Obradovich, and Iyad
Rahwan. 2019. Evaluating style transfer for text. In
Proceedings of the 2019 Conference of the North
American Chapter of the Association for Computa-
tional Linguistics: Human Language Technologies,
Volume 1 (Long and Short Papers), pages 495–504,
Minneapolis, Minnesota. Association for Computa-
tional Linguistics.

Shrimai Prabhumoye, Yulia Tsvetkov, Ruslan Salakhut-
dinov, and Alan W Black. 2018. Style transfer
through back-translation. In Proceedings of the 56th
Annual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers), pages 866–876,
Melbourne, Australia. Association for Computational
Linguistics.

Colin Raffel, Noam Shazeer, Adam Roberts, Kather-
ine Lee, Sharan Narang, Michael Matena, Yanqi
Zhou, Wei Li, and Peter J. Liu. 2020. Exploring the
limits of transfer learning with a unified text-to-text
transformer. Journal of Machine Learning Research,
21(140):1–67.

Machel Reid and Victor Zhong. 2021. LEWIS: Lev-
enshtein editing for unsupervised text style transfer.
In Findings of the Association for Computational
Linguistics: ACL-IJCNLP 2021, pages 3932–3944,
Online. Association for Computational Linguistics.

Parker Riley, Noah Constant, Mandy Guo, Girish
Kumar, David Uthus, and Zarana Parekh. 2021.
TextSETTR: Few-shot text style extraction and tun-
able targeted restyling. In Proceedings of the 59th
Annual Meeting of the Association for Computational
Linguistics and the 11th International Joint Confer-
ence on Natural Language Processing (Volume 1:
Long Papers), pages 3786–3800, Online. Association
for Computational Linguistics.

Paul K. Rubenstein, Bernhard Schölkopf, and Ilya O.
Tolstikhin. 2018. On the latent space of wasserstein
auto-encoders. ArXiv, abs/1802.03761.

Vasile Rus and Mihai Lintean. 2012. A comparison of
greedy and optimal assessment of natural language
student input using word-to-word similarity metrics.
In Proceedings of the Seventh Workshop on Build-
ing Educational Applications Using NLP, pages 157–
162, Montréal, Canada. Association for Computa-
tional Linguistics.

Shikhar Sharma, Layla El Asri, Hannes Schulz, and
Jeremie Zumer. 2017. Relevance of unsupervised
metrics in task-oriented dialogue for evaluating natu-
ral language generation. CoRR, abs/1706.09799.

Tianxiao Shen, Tao Lei, Regina Barzilay, and Tommi
Jaakkola. 2017. Style transfer from non-parallel text
by cross-alignment. In Proceedings of the 31st Inter-
national Conference on Neural Information Process-
ing Systems, NIPS’17, page 6833–6844, Red Hook,
NY, USA. Curran Associates Inc.

Tianxiao Shen, Jonas Mueller, Regina Barzilay, and
Tommi Jaakkola. 2020. Educating text autoen-
coders: Latent representation guidance via denoising.
ICML’20. JMLR.org.

I. Tolstikhin, O. Bousquet, S. Gelly, and B. Schölkopf.
2018. Wasserstein auto-encoders. In 6th Inter-
national Conference on Learning Representations
(ICLR).

Ramakrishna Vedantam, C. Lawrence Zitnick, and Devi
Parikh. 2015. Cider: Consensus-based image descrip-
tion evaluation. 2015 IEEE Conference on Computer
Vision and Pattern Recognition (CVPR), pages 4566–
4575.

Pascal Vincent, H. Larochelle, Yoshua Bengio, and
Pierre-Antoine Manzagol. 2008. Extracting and com-
posing robust features with denoising autoencoders.
In ICML ’08.

Sean Welleck, Jason Weston, Arthur Szlam, and
Kyunghyun Cho. 2019. Dialogue natural language
inference. In Proceedings of the 57th Annual Meet-
ing of the Association for Computational Linguistics,
pages 3731–3741, Florence, Italy. Association for
Computational Linguistics.

Peng Xu, Jackie Chi Kit Cheung, and Yanshuai Cao.
2020. On variational learning of controllable repre-
sentations for text without supervision. In Proceed-
ings of the 37th International Conference on Machine
Learning, ICML’20. JMLR.org.

466

https://doi.org/10.18653/v1/P19-1204
https://doi.org/10.18653/v1/P19-1204
https://doi.org/10.18653/v1/P19-1204
https://doi.org/10.18653/v1/P19-1204
https://doi.org/10.18653/v1/2020.acl-main.173
https://doi.org/10.18653/v1/2020.acl-main.173
https://doi.org/10.18653/v1/D18-1206
https://doi.org/10.18653/v1/D18-1206
https://doi.org/10.18653/v1/D18-1206
https://openreview.net/forum?id=HkAClQgA-
https://openreview.net/forum?id=HkAClQgA-
https://doi.org/10.18653/v1/D15-1044
https://doi.org/10.18653/v1/D15-1044
https://doi.org/10.18653/v1/P17-1099
https://doi.org/10.18653/v1/P17-1099


Zichao Yang, Zhiting Hu, Chris Dyer, Eric P Xing, and
Taylor Berg-Kirkpatrick. 2018. Unsupervised text
style transfer using language models as discrimina-
tors. In Advances in Neural Information Processing
Systems, volume 31. Curran Associates, Inc.

Appendix

A Additional details on Text Style
Transfer Experiments

A.1 Model Architecture

All baseline models were trained with all underly-
ing architectures apart from their individual objec-
tive losses. Bi-directional GRUs were used for the
encoder and decoder with input embeddings of size
300, a hidden representation of size 256 and a latent
space of size 128. For all models using AAEs as
the underlying autoencoder, the discriminator was
a single-layered perceptron with 512 units. The
ADAM optimiser with β1, β2 as 0.5, 0.999 and a
learning rate of 0.001. All models were trained
for 30 epochs as any more training steps caused
the reconstruction loss to dominate and decrease
overall performance on the TST task. All input
perturbations were disabled in inference time.

A.2 Hyperparameter Selection

For the hyperparameters p, λl, and β for the DAAE,
LAAE and β-VAE, we fixed the values as 0.3, 0.05,
0.15 respectively. This decision was aligned with
the results in Shen et al. (2020), which showed
that these values produced the best reconstruction
vs BLEU trade-off. We found this to be the case
during subjective manual testing as well. λadv was
set to 10 for all models having AAEs as the un-
derlying architecture. For EPAAE, we found that
ζ ∈ [2.0, 3.0] overall showed the best results across
all datasets. Therefore a manual search around this
range was conducted to determine the optimal ζ
for each dataset.

A.3 Human Evaluations

TST outputs of two models, the baseline DAAE and
the proposed EPAAE model, on the Yelp, SNLI and
Tenses dataset were considered. The best perform-
ing EPAAE was chosen according to the results in
Table 4, 5 and 6, particularly with respect to the
content preservation metrics (Since TST% were
similar across all models). Two hundred sentences
(hundred from each base style) were randomly sam-
pled from the test split of each dataset and style
inverted (with scaling factor k = 2). Six hundred

instances (each instance being a base and converted
sentence pair) were equally split between three hu-
man evaluators. Each evaluator was given the task
of labelling all two hundred instances from each
dataset. The models were anonymous to evaluators
and randomly named as "Model 1" and "Model 2".
Each instance was to be labelled by an evaluator
with four possible decision outcomes, i.e. "1 is
best", "2 is best", "All are bad" and "All are good".
For each instance, the majority of three votes from
each of the three annotators were taken as the final
decision for that corresponding instance. Instances
without a majority were marked as "NA". The eval-
uation guidelines was formulated to consider which
model a) successfully transferred the target style b)
preserved the style-independent content and c) was
overall fluent and grammatically coherent.

B Additional Experiments:

B.1 Sentence Interpolation in Latent Space -
Qualitative Examples

We perform sentence interpolation using DAAE
and EPAAE, starting from the same input sentence,
incrementally moving along the same direction in
the latent space in five fixed-size steps. We see that
both the baseline and proposed model are able to
produce fluent and coherent sentences, indicative
of a smoothly populated latent space.

B.2 Text Style Transfer

B.2.1 Qualitative Examples
TST with scaling factor k = 2 was performed on
DNLI, Scitail datasets as seen in B.5 and B.6 re-
spectively. Similarly, it was also performed on
Voices and PP Removal datasets from the Style-
PTB benchmark as shown in B.7 and B.8 respec-
tively. The proposed model for each dataset, was
chosen to be the EPAAE with best performance in
the content preservation metrics (shown in Table
4, 5 and 6). Samples were specifically selected
in which at least one of the models was able to
generate the ideal, style converted sentence with
near-perfect content preservation and coherence.
This was done by human evaluators, where both
the models were anonymized.

B.2.2 Direction specific Discourse Transfer
metrics

Particularly in the case of Discourse Style, it is
natural to speculate that the difficulty of style
transfer might be sensitive to the direction i.e.
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two blond women are hugging one another the
women are sleeping

two blond women are hugging one another the
women are sleeping

two blond women are hugging one another the women
are sleeping

two blond women are hugging one another the women
are sleeping

three dogs affectionately playing the dogs are sleeping three dogs affectionately playing the dogs are sleeping
two dogs are playing and wrestling with each other two
cats are chasing each other through the house

two dogs are playing and wrestling with each other two
cats are chasing each other through the house

two men in wheelchairs crash and they reach for the ball
the men are sleeping

two men in wheelchairs crash and they reach for the ball
the men are sleeping

three dogs in different shades of brown and white biting
and licking each other the dogs are fighting

three dogs in different shades of brown and white biting
and licking each other the dogs are fighting

Table B.1: Sentence Interpolation on sentence from SNLI dataset (Left: EPAAE, Right: DAAE)

the report will follow five consecutive declines the report will follow five consecutive declines
the report will follow five consecutive declines the report will follow five consecutive declines
the report will follow five consecutive declines in full
monthly figures

the report follows five consecutive declines

the report followed five consecutive declines the report followed five consecutive declines
the report follows five consecutive declines the report will follow five consecutive declines in full

monthly figures
the index hits its low 20297 off 2042 points the report follows five consecutive declines in full

monthly figures

Table B.2: Sentence Interpolation performed on the Voices dataset (Left: EPAAE, Right: DAAE)

the soviets had a world leading space program the
guests noted

the soviets had a world leading space program the
guests noted

the soviets had a world leading space program the guests
noted

the soviets had a world leading space program the guests
noted

the challengers had a big price advantage the plant had a hairy stem that produced flowers and
diminutive seeds

the expansion set off a marketing war the japanese used 00 of the world s ivory
the uaw was seeking a hearing by the full 14 judge panel the diplomat added that mr krenz had several things

going for him
total return was price changes plus interest income the japanese used 40 of the world s ivory

Table B.3: Sentence Interpolation performed on the Tenses dataset (Left: EPAAE, Right: DAAE)
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Yelp Negative to Positive Postive to Negative
Base i had high hopes and

they simply could n’t
have fallen farther

probably wo n’t stay
here again

the food is always fla-
vorful and filling

food was excellent and
service was fast

Converted
(DAAE)

the italian flavors and
amazing and all really
impressive !

certainly here ! the food is not cooked
and it was appealing .

food was not the wait-
ress and was slow .

Converted
(EPAAE)

i had great prices and ev-
erything is exquisite !

definitely stay here ! the food is n’t just ex-
tremely bland .

food was ok. service
was slow and disap-
pointed

SNLI Entailment to Contra-
diction

Contradiction to En-
tailment

Base a man and lady standing
on a seesaw at a park . a
man and woman are on
a seesaw outside

a dog is jumping
through the water . tha
animal is in the water

a young child in a green
shirt is on a carousel .
the young child is wear-
ing a blue shirt

three people shopping
in an isle in a foreign
grocery store . three
people look at clothes in
the mall

Converted
(DAAE)

a man and a woman are
on a seesaw at a beach.
a man and woman are
on a seesaw

a dog is running through
the water the animal is
running through the wa-
ter

a young child in a blue
shirt is wearing a red
shirt and a blue hat a
child is on a swing

three people in shop-
ping carts in a shopping
mall. three people shop-
ping in a store

Converted
(EPAAE)

a man and a woman are
sitting on a seesaw at
a park. a man and a
woman are sitting on a
couch

a dog is jumping
through the water the
animal is flying through
the air

a young child in a red
shirt is on a green slide.
the child is wearing a
shirt

three people shopping
in a shopping mall in a
foreign city. three peo-
ple shopping in the mall

Tenses Future to Past Past to Future
Base miller brewing co and

general motors will be
included by clients

i will see a possibility
of going to 2200 this
month

spiegel was 80 con-
trolled

mr deaver had reopened
a public relations busi-
ness

Converted
(DAAE)

miller brewing co and
general motors were in-
cluded

i was a math major but i
was going at this

42 will be advanced mr breeden will not
be public relations busi-
ness will say

Converted
(EPAAE)

miller brewing co and
general motors was in-
cluded by clients

i saw a possibility of go-
ing to 2200 this year

spiegel will be 80 con-
trolled

mr deaver will have re-
opened a public rela-
tions business

Table B.4: Qualitative examples of TST task by DAAE and EPAAE on Yelp, SNLI and Tenses dataset

DNLI

Models Entailment to Contradiction Contradiction to Entailment
Example 1 Example 2 Example 1 Example 2

Base i work in a cu-
bicle . i have a
hectic job

i have 3 kids . i am the proud
parent of 2 boys and 1 girl

i work as a contractor for a
cab company . i am a travel
agent

i am a ballet dancer . i work
as a trauma surgeon

DAAE i work as a
cashier in a su-
permarket . i
am a cashier

i have a wife and two kids .
i am a proud us sailor

i work for a online company
. i do not have a job

i am a ballet dancer . i work
at home editing

EPAAE i work in a cu-
bicle . i am
a skilled crafts-
man

i have 3 kids . i am a proud
mother of two

i work for a cab company . i
have been working for many
years

i am a ballet dancer . i took
ballet lessons when i was a
kid

Table B.5: TST task performed on DNLI dataset
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Scitail

Models Entailment to Neutrality Neutrality to Entailment
Example 1 Example 2 Example 1 Example 2

Base most amphibians such as
frogs live part of their
lives on land and return
to water to breed . frogs
are amphibians that live
part of the time in fresh
water and live rest of the
time on land

reptiles are found on ev-
ery continent worldwide
with the exception of the
polar antarctica . mod-
ern members of the rep-
tiles group live in many
different habitats and are
found on every continent
except antarctica

respiratory rate is 40 150
breaths per minute . the
normal respiratory rate
per minute in adult hu-
mans is 12 18 breaths

and was the goddess of
earth and sky moon and
sun . the sun and the
moon appear to be about
the same size in the
sky because the moon is
smaller in diameter and
is closer to earth than the
sun

DAAE most amphibians have
dual habitats and the re-
mainder on land and live
in the first decade of fish
and live in the first living
things have the time of
fresh water and live rest

many species are the
most common ancestor
in the unk of the same
species of birds and
mammals have the same
species of birds

cardiac output is the
amount of breaths per
minute the normal respi-
ratory rate per minute the
normal respiratory rate
per minute in adult hu-
mans is 12 18 breaths

the sun and the moon is
the closest planet to the
sun and the moon is the
closest planet to the sun
the sun is the closest star

EPAAE most species live on land
and breed on land frogs
are amphibians that live
part of the time to live in
the ocean

reptiles are found on
every continent except
antarctica the majority of
species live in the pacific
continent except antarc-
tica and birds are found
on every continent ex-
cept antarctica

respiratory rate is a se-
ries of breaths per minute
in the normal respiratory
rate per minute in adult
humans is 12 18 breaths

earth and moon is about
400 times of the earth
and that it is about 400
times of the sun and the
moon appear to be about
the same size in the sky
because

Table B.6: TST task performed on the SciTail dataset

Voices

Models Active to Passive Passive to Active
Example 1 Example 2 Example 1 Example 2

Base he will make his remarks
to a plo gathering in
baghdad

accounting problems
will raise more knotty
issues

one stuck to old line busi-
ness traditions while the
change was embraced by
the other

the only time it is had by
the violin is right at the
end

DAAE he will be told by him as
a sewage treatment plant
he will say

transportation services
will be provided by ac-
counting problems

outside i spotted two
young exchange the com-
pany s own microproces-
sor said

the soviets eavesdrop-
ping pays off however
because the contract they
say

EPAAE his remarks will be made
by him from a plo gath-
ering in baghdad

more knotty issues will
be raised by accounting
problems

one stuck to old line
business traditions while
the other embraced the
change

the only time the violin
has it s right to the end

Table B.7: TST task performed on Voices dataset

PP

Models PP Removal Information Addition
Example 1 Example 2 Example 1 Example 2

Base the problems will be
magnified by the june
killings

the senate will not vote
on six lesser charges

membership will have
since swelled

the dispute will pit two
groups

DAAE the problems will be the senate will come membership will have
since swelled to between
20 of smaller creditors

the dispute will pit two
groups of claimants
against each other of
each other

EPAAE the problems will be
magnified

the senate will not vote membership will have
since swelled to at least
21 since friday

the dispute will pit two
groups of claimants
against the two of japan

Table B.8: TST task performed on PP dataset
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DAAE (p = 0.3) EPAAE (ζ = 2.0, p = 0.1)
Input very disappointed they ran out of average things in the menu very disappointed they ran out of average things in the menu
k = 1 very nice and ran out of the food in ! very disappointed and all in out of the menu .
k = 1 very nice and varied with the quality menu ! very disappointed and all great flavors in the menu .
k = 2 very nice and varied selection of food ! very prepared and great flavors in the menu .
k = 2.5 very nice locally and varied menu ! ! very delicious flavors and great flavors in the
k = 3 very great selection and great seafood ! very delicious flavors and great fish selections .
Input food was excellent and service was fast food was excellent and service was fast
k = −1 food was excellent and the service was fast food was excellent and service was fast .
k = −1.5 food was excellent and the service was fast . food was excellent and service was fine but service
k = −2 food was not the waitress and was slow . food was undercooked and service was fine but delivery .
k = −2.5 it was not the waitress , but was slow . food was undercooked and service was not fine at food .
k = −3 it was not ignored the service , but was slow . !

Table B.9: Qualitative examples of Fine-grained TST on the Yelp Dataset

is it Contradiction/Neutrality to Entailment or
vice versa. Intuitively, this makes sense as the
Entailment to Contradiction/Neutrality tasks can
be achieved simply by randomly editing either the
subject or predicate or both, in any one sentence,
to trigger a contradiction/neutrality between the
two. However, in the reverse task, the edited part
must be carefully chosen to precisely match the
context of the other sentence to trigger entailment.

To analyze this, direction-specific quantita-
tive metrics for Discourse TST are conducted for
the SNLI (B.10), DNLI (B.11) and SciTail (B.12)
datasets. We notice a disparity in performances
in fact, does exist, mainly highlighted by the
differences in the TST% metric. This sensitivity
to direction is present in all models across all
datasets but is most significant in the SNLI dataset
in which TST% goes as low as 20.6% for the
Contradiction to Entailment task and as high as
83.7% for the opposite task. Future work can focus
on trying to specifically improve the Contradiction
to Entailment task, as doing so will be a measure
of a model’s ability to detect and carefully align
the content of one sentence to match another.

C Details on Datasets

Here we provide some additional details of all the
datasets used in this work.

Complexity of Styles in Datasets: As discussed
in Section 5.2, we consider three tasks- sentiment,
discourse and fine-grained text style transfer. As
prepossessing, we remove non-essential special
characters and lowercase all sentences. Except
for the Yelp dataset, no pruning is done based on
sentence length. The vocab size during training
was limited at 25k unless mentioned otherwise.

Sentiment Style Datasets: We use the prepro-
cessed version from (Shen et al., 2017) of the Yelp

dataset. It contains 200k, 10k, 10k sentences in the
train, dev and test split respectively. The sentiment
labels (positive, negative) were considered as style.

Discourse Style Datasets: We used three NLI
datasets - SNLI, DNLI, and Scitail. Each instance
in the SNLI dataset (Bowman et al., 2015) consists
of two sentences. These sentences either contra-
dict, entail (agree) or are neutral towards each other.
The resultant dataset contained 341k, 18k, 18k in
the train, dev, test splits respectively. The DNLI
dataset (Welleck et al., 2019) consists of contradic-
tion, entailment and neutrality labelled instances
instead in the form of a first-person dialogue like
representation. The dataset contains 208k, 11k, 11k
sentences in train, dev and test respectively. Scitail
(Khot et al., 2018) is an entailment dataset created
from multiple-choice science exams and the web,
in a two-sentence format similar to SNLI and DNLI.
The first sentence is formed from a question and
answer pair from science exams and the second
sentence is either a supporting (entailment) or non-
supporting (neutrality) premise obtained from the
internet. The dataset contained 24k, 1.3k, 1.3k sen-
tences in the train, dev, test splits respectively. For
SNLI and DNLI, all instances with the “neutrality”
label were removed. Style transfer task performed
from “contradict” to “entail” and vice versa. For
SciTail (Khot et al., 2018), the transfer task was
from “neutral” to “entail” and vice versa.

Fine-grained Style Datasets: We used Style-
PTB dataset (Lyu et al., 2021) for fine-grained style.
It consists of 21 styles/labels with themes rang-
ing from syntax, lexical, semantic and thematic
transfers as well as compositional transfers which
consist of transferring more than one of the afore-
mentioned fine-grained styles. To check whether
the EPAAE can capture fine-grained styles better
by leveraging its better organized latent space, we
make use of three styles i.e. Tenses, Voices (Active
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Figure B.1: A TSNE plot of encoded latent vectors for all 1950 sentences in the Toy Dataset for the DAAE model.

Dataset Model Naturalness TST Acc. BLEU-2 METEOR ROUGE-L CIDEr Embedding
Average

Vector
Extrema

Greedy
Matching
Score

SNLI (E to C) β-VAE (β = 0.15) 0.982 0.806 0.438 0.270 0.555 2.455 0.950 0.630 0.823
LAAE (λl = 0.05) 0.947 0.837 0.036 0.050 0.160 0.027 0.818 0.320 0.591
DAAE (p = 0.3) 0.979 0.745 0.453 0.275 0.562 2.410 0.954 0.679 0.854
EPAAE (ζ = 2.5) 0.975 0.743 0.524 0.312 0.641 3.266 0.956 0.682 0.856

EPAAE (ζ = 2.5, p = 0.3) 0.975 0.749 0.497 0.300 0.606 2.845 0.956 0.698 0.866
EPAAE (ζ = 2.5,p = 0.1) 0.982 0.749 0.405 0.256 0.522 1.983 0.951 0.648 0.838

SNLI (C to E) β-VAE (β = 0.15) 0.985 0.239 0.411 0.244 0.527 2.121 0.947 0.599 0.805
LAAE (λl = 0.05) 0.945 0.206 0.035 0.052 0.157 0.025 0.829 0.316 0.594
DAAE (p = 0.3) 0.982 0.292 0.378 0.233 0.506 1.714 0.946 0.622 0.823

EPAAE (ζ = 2.5), 0.979 0.227 0.488 0.289 0.615 2.860 0.956 0.659 0.843
EPAAE (ζ = 2.5,p = 0.1) 0.982 0.271 0.425 0.262 0.557 2.140 0.951 0.650 0.842
EPAAE (ζ = 2.5,p = 0.3) 0.984 0.277 0.370 0.225 0.486 1.582 0.945 0.603 0.815

Table B.10: Direction-wise TST metrics for the SNLI dataset. "Entailment" and "Contradiction" are denoted by "E"
and "C" respectively.
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Figure B.2: A TSNE plot of encoded latent vectors for all 1950 sentences in the Toy Dataset for the EPAAE model.

Dataset Model Naturalness TST Acc. BLEU-2 METEOR ROUGE-L CIDEr Embedding
Average

Vector
Extrema

Greedy
Matching
Score

DNLI (E to C) β-VAE (β = 0.15) 0.922 0.645 0.241 0.142 0.350 0.619 0.902 0.500 0.720
LAAE (λl = 0.05) 0.923 0.667 0.203 0.127 0.314 0.376 0.893 0.473 0.701
DAAE (p = 0.3) 0.937 0.687 0.399 0.223 0.496 2.128 0.925 0.593 0.790
EPAAE (ζ = 2.5) 0.934 0.536 0.441 0.252 0.554 2.694 0.941 0.636 0.818

EPAAE (ζ = 2.5,p = 0.1) 0.927 0.638 0.433 0.243 0.533 2.732 0.934 0.617 0.809
EPAAE (ζ = 2.5,p = 0.3) 0.923 0.665 0.390 0.218 0.492 2.048 0.925 0.590 0.790

DNLI (C to E) β-VAE (β = 0.15) 0.948 0.516 0.245 0.146 0.363 0.689 0.908 0.507 0.724
LAAE (λl = 0.05) 0.932 0.546 0.208 0.129 0.323 0.391 0.900 0.477 0.707
DAAE (p = 0.3) 0.930 0.514 0.433 0.251 0.547 2.411 0.943 0.639 0.817
EPAAE (ζ = 2.5) 0.934 0.492 0.438 0.253 0.560 2.451 0.945 0.635 0.818

EPAAE (ζ = 2.5,p = 0.1) 0.928 0.519 0.482 0.277 0.585 3.092 0.947 0.654 0.830
EPAAE (ζ = 2.5,p = 0.3) 0.945 0.490 0.403 0.233 0.520 2.081 0.940 0.621 0.806

Table B.11: Direction-wise TST metrics for the DNLI dataset. "Entailment" and "Contradiction" are denoted by "E"
and "C" respectively.
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Dataset Model Naturalness TST Acc. BLEU-2 METEOR ROUGE-L CIDEr Embedding
Average

Vector
Extrema

Greedy
Matching
Score

SciTail (E to N) β-VAE (β = 0.15) 0.783 0.672 0.086 0.060 0.163 0.106 0.799 0.376 0.640
LAAE (λ1 = 0.05) 0.838 0.550 0.173 0.111 0.261 0.624 0.870 0.459 0.695
DAAE (p = 0.3) 0.804 0.514 0.300 0.185 0.383 1.375 0.918 0.579 0.792
EPAAE (ζ = 2.5) 0.842 0.479 0.351 0.210 0.445 1.941 0.931 0.618 0.816

EPAAE (ζ = 2.5, p = 0.1) 0.834 0.493 0.328 0.198 0.421 1.775 0.929 0.601 0.803
EPAAE (ζ = 2.5, p = 0.3) 0.829 0.571 0.234 0.149 0.314 0.905 0.899 0.517 0.747

SciTail (N to E) β-VAE (β = 0.15) 0.748 0.397 0.103 0.069 0.183 0.178 0.792 0.399 0.647
LAAE (λ1 = 0.05) 0.823 0.408 0.219 0.138 0.314 0.881 0.878 0.519 0.729
DAAE (p = 0.3) 0.772 0.352 0.349 0.213 0.444 1.745 0.909 0.644 0.817
EPAAE (ζ = 2.5) 0.833 0.327 0.384 0.233 0.497 2.104 0.929 0.676 0.839

EPAAE (ζ = 2.5,p = 0.1) 0.816 0.351 0.375 0.231 0.488 2.087 0.934 0.669 0.834
EPAAE (ζ = 2.5,p = 0.3) 0.786 0.368 0.317 0.194 0.397 1.577 0.913 0.603 0.792

Table B.12: Direction-wise TST metrics for the SciTail dataset. "Entailment" and "Neutrality" are denoted by "E"
and "N" respectively

or Passive) and Syntactic PP tag removal (PPR). In
the Tenses dataset, each sentence is labelled with
"Present", "Past" and "Future". The Voices dataset
contains "Active" and "Passive" voices labels and
the PPR dataset contains "PP removed" and "PP not
removed" labels. The resultant sizes of the test, dev,
test splits were 71k,8.8k,8.8k (tenses), 90k,11k,11k
(PPR) and 44k,5.5k,5.5k (voices).

D More details on related work

Bowman et al. (2016) extend Variational Auto-
Encoders (Kingma and Welling, 2014) for text gen-
eration and address the posterior collapse problem
wherein the decoder completely ignores the latent
channel leading to poor generation. Adversarial
auto-encoders (Makhzani et al., 2015) substitute
the KL loss with an adversarial approach to enforce
the latent Gaussian prior. On the other hand, AAEs
are shown to naturally avoid the posterior collapse
problem and promote strong coupling between the
encoder and decoder. Wasserstein autoencoders
(Tolstikhin et al., 2018) introduce a family of regu-
larized autoencoders that learn a flexible prior by
solving an optimal transport problem to match P(z)
and Q(z) using an adversarial approach. Adver-
sarially regularised autoencoders (ARAEs) follow
the Wasserstein Autoencoder framework to learn a
learnt prior unlike AAEs, which assume the prior
to be a fixed standard Gaussian distribution.

E Computational Expense and
Infrastructure used

The most parameter-heavy EPAAE model was
from the SNLI dataset and we therefore report
statistics for this model. The model has 13 mil-
lion parameters and each epoch took approximately
60 seconds to train on an Nvidia V100-SMX2
GPU and an Intel(R) Xeon(R) E5-2698 CPU. For

complete details, please refer to the log.txt files
present in each model’s directory present in https:

//github.com/sharan21/EPAAE.
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Abstract

Recent studies show that auto-encoder based
approaches successfully perform language gen-
eration, smooth sentence interpolation, and
style transfer over unseen attributes using un-
labelled datasets in a zero-shot manner. The
latent space geometry of such models is or-
ganised well enough to perform on datasets
where the style is “coarse-grained” i.e. a
small fraction of words alone in a sentence
are enough to determine the overall style la-
bel. A recent study uses a discrete token-based
perturbation approach to map “similar” sen-
tences (“similar” defined by low Levenshtein
distance/ high word overlap) close by in la-
tent space. This definition of “similarity” does
not look into the underlying nuances of the
constituent words while mapping latent space
neighbourhoods and therefore fails to recog-
nise sentences with different style-based se-
mantics while mapping latent neighbourhoods.
We introduce EPAAEs (Embedding Perturbed
Adversarial AutoEncoders) which completes
this perturbation model, by adding a finely ad-
justable noise component on the continuous em-
beddings space. We empirically show that this
(a) produces a better organised latent space that
clusters stylistically similar sentences together,
(b) performs best on a diverse set of text style
transfer tasks than similar denoising-inspired
baselines, and (c) is capable of fine-grained
control of Style Transfer strength. We also ex-
tend the text style transfer tasks to NLI datasets
and show that these more complex definitions
of style are learned best by EPAAE. To the best
of our knowledge, extending style transfer to
NLI tasks has not been explored before. *

1 Introduction

The Text Style transfer (TST) task is a form of con-
trolled language generation. The goal is to produce
fluent style-altered sentences from a given base sen-
tence, while also preserving its style-independent

*Our code, data and outputs are available at https://
github.com/sharan21/EPAAE

content. The definition of “style” depends on the
class labels of the end task. Our work focuses on
the unsupervised scenario i.e. performing the train-
ing on completely unlabelled corpora. By inducing
the latent space organization through input pertur-
bation, TST can be performed using a simple vector
arithmetic method (discussed in Section 6).

Background. Several well-known architectures
use auxiliary objectives that serve as regularizers to
ensure that the latent space geometry is smoothly
interpolatable and learns high-level semantic fea-
tures (refer Appendix D). Inspired by successes
in denoising approaches in vision (Creswell and
Bharath, 2019; Vincent et al., 2008), we look at in-
put perturbation based approaches for unsupervised
style transfer. Unlike text, in vision, freedom exists
to finely control the degree of Gaussian “blur” on
the continuous input image space. We conjecture
that this notion of “controlling blur” may be useful
in the text domain as well, serving as our motiva-
tion for our chosen model for Input Perturbation.
Shen et al. (2020) map “similar” (defined by low
Levenshtein distance/ high word overlap) sentences
together in the latent space by introducing a simple
denoising objective over an underlying Adversarial
Autoencoder (AAE) (Makhzani et al., 2015). This
noise model includes simple token manipulation

Figure 1: A TSNE plot of encoded latent vectors for
all 1950 sentences in the Toy Dataset. EPAAE shows
tighter and more organised clustering. Refer to B.1 and
B.2 for larger plots with legend.
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(token dropout and substitution) with some proba-
bility p, to reconstruct the original sentences from
the perturbed inputs. We can reason intuitively that
discrete word dropout allows sentences with high
word overlap (or low Levenshtein distance) to have
a higher chance of being perturbed into one another,
thereby mapping them close in the latent space dur-
ing the training time. However, this method allows
for stylistically dissimilar sentences, albeit with
high word overlap, to be mapped together in the
latent space.
Idea. We argue that this negatively impacts the
quality of final latent geometry and the results of
the subsequent style transfer task. As an alternative,
we explore Embedding Perturbation, where a noise
vector is sampled, appropriately scaled and added
to the embeddings of each input sentence, such that
the resultant embeddings are constrained to live in-
side an E-dimensional hypersphere. The radius of
this hypersphere is controllable using a tune-able
hyper-parameter ζ. This hypersphere constraint is
partially inspired by concepts in adversarial robust-
ness and ensures that each resultant noised word
embedding is not altered to the extent of causing
the underlying semantics of the sentence to change.
We argue that this allows sentences with stylisti-
cally similar constituent embeddings to be mapped
together, also encouraging the formation of style-
preserving latent neighbourhoods (more on this in
Section 4). The resulting latent representation from
“embedding-perturbed” autoencoders consequently
are better semantically organized and stylistically
robust, enabling us to perform TST using an induc-
tive method i.e. simple vector arithmetic on latent
vectors.
Contributions. We show that this extended model
of input perturbation with both discrete and contin-
uous components, allows for overall better quality
text style transfer, particularly in its ability to pre-
serve style-independent “content” information. To
expand the traditional definitions of styles such
as Polarity, Formality, which are based on sim-
ple “intra-sentence” attributes, we introduce the
“Discourse Style Transfer Task” by salvaging NLI
datasets in which the flow of logic between sen-
tences are captured using “Entailment”, “Contra-
diction”, and “Neutral” labels. This enables inter-
esting applications such as discourse manipulation
in which a pair of sentences agreeing with each
other can be made to contradict, and vice versa. We
also test our model on fine-grained styles present

in the Style-PTB dataset. We empirically show that
our model performs the best on a diverse set of
datasets with styles ranging from coarse-grained
styles (like sentiment) to fine-grained styles (like
tenses) and complex inter-sentence styles (like dis-
course or flow of logic).

2 Related work

Seminal work in TST. Autoencoder based ap-
proaches for TST on labelled non-parallel datasets
are quite well explored (Shen et al., 2017; Fu et al.,
2018). Some techniques involve implicit Style-
Content disentanglement of the latent space using
Back Translation (Prabhumoye et al., 2018) and
adversarial learning (John et al., 2019). Li et al.
(2018) achieve disentanglement using simple key-
word replacement. Most studies look at simple non-
parallel classification datasets, defining their style
to be the class label. Studies also look at Syntax-
Semantic disentanglement of the latent space (Chen
et al., 2019; Bao et al., 2019). A λ1 penalty is im-
posed on the log variance of the perturbations to
prevent it from vanishing. The latent vacancy prob-
lem (Xu et al., 2020) of the β−VAE is mitigated by
introducing auxiliary losses and provided for one
of the earliest methods for unsupervised TST. Simi-
lar to our work, Rubenstein et al. (2018) introduces
the Latent noised AAE (LAAE), Gaussian perturba-
tion is instead added to latent encodings to promote
organization. Unsupervised work includes using
a language model as a discriminator for a richer
feedback mechanism (Yang et al., 2018), allow-
ing it to increase performance in word substitution
decipherment, sentiment modification, and related
language translation. More seminal work related
to autoencoders in the context of Style Transfer is
mentioned in Appendix D.
Contemporary work in TST. More recent work,
treat the style transfer problem as paraphrase gen-
eration and fine-tune pre-trained language models
(Krishna et al., 2020). Malmi et al. (2020) trains
masked language models or MLMs on the source
and target domains to identify input tokens to be
removed and replace them with tokens from the
target MLM in an unsupervised manner. Liu et al.
(2020) uses gradient-based update rules in the con-
tinuous latent space z from style and content predic-
tor networks, enabling the transfer of fine-grained
styles without using an adversarial approach. Reid
and Zhong (2021) performs TST on sentiment and
politeness datasets using token editing methods
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(similar to Li et al. (2018)) using Levenshtein edit-
ing operations. Lee et al. (2021) also focuses on
enhancing content preservation by introducing a
method to remove style at the token level using re-
verse attention and fuse this content representation
with style using a conditional layer normalization
technique. Riley et al. (2021) adapts the T5 model
(Raffel et al., 2020) for few shot text style transfer
by extracting a style representation and perform-
ing conditioned decoding, using only a handful of
examples at inference time.

3 Method

The underlying language model is a generative
auto-encoder which models an input distribution
p(x) assumed to be from an underlying latent distri-
bution p(z). A deterministic encoder E represent-
ing the distribution q(z|x), in the form of an RNN,
whose output is reparameterized by another dis-
tribution zi ∼ N (µi(x), σi(x)) to give the aggre-
gated posterior distribution q(z). Various auxiliary
loss functions are used to enforce the learned prior
q(z) to match p(z). The Generator G represent-
ing p(x|z), also in the form of an RNN, decodes
back the sample from the learnt prior q(z) into its
corresponding input from p(x). Gradient descent
is applied on the reconstruction loss of the autoen-
coder given by:

Lrec(θE , θG) = Epdata(x)[− log pG(x|E(x))] (1)

We use the AAE (Makhzani et al., 2015) as our
choice for the underlying generative autoencoder
over which the input perturbation techniques were
applied. AAE uses a discriminator D to enforce
q(z) to match p(z), a standard Gaussian, by learn-
ing to distinguish between samples from the two
different distributions. This adversarial loss serves
as a regularizer for the latent space, giving it the
ability the organize itself better for smooth sentence
interpolation.

Ladv(θE , θD) = Ep(z)[− logD(z)] +

Epdata(x)[− log(1−D(E(x)))]

(2)

The final min-max objective is a sum of the re-
construction loss (given below) and λ weighted
adversarial loss:

min
E,G

max
D
Lrec(θE , θG)− λLadv(θE , θD) (3)

We found empirically that AAEs performed well
and were stable during training. On the other hand,
β-VAEs required careful tuning of the β hyperpa-
rameter to prevent posterior collapse and did not
perform as well.

3.1 Finely-controlled continuous noise on
embedding space

Figure 2: An abstract representation of the continuous
embedding noise approach for two arbitrary embeddings
ei and ei+1 on an embedding space E ∈ R2

To further organize the latent geometry of the un-
derlying AAE to encode style-based semantic simi-
larity among sentences, we propose a perturbation-
based approach on the continuous embedding
space. Word embeddings of dimensionality E, of
each input token xi are denoted as ei. Consider
an input sentence of length l containing tokens
x0, · · · , xl−1 having embeddings e0, · · · , el−1 re-
spectively. Our objective is to blur every embed-
ding vector ei by adding some appropriately scaled
noise vector ni to produce a resultant noised em-
bedding vector e′i, such that e′i does not lie too far
away from ei to not change the underlying seman-
tics of the word completely. We do this by ensuring
that each new e′i lives inside an E-dimensional hy-
persphere. The center of the hypersphere is the
original embedding ei and its radius is defined as
|ei| * si, where si ∈ R1 is a random variable sam-
pled from a distribution P (s). P (s) is probability
distribution of the form Y(µ = 0, σ) where Y is
some arbitrarily chosen distribution and σ as func-
tion of hyperparameter ζ ∈ R. This distribution
P (s) parameterized by Y, ζ) models the probability
density cloud inside the embedding hypersphere,
controlling its radius and interior densities. Figure
1 neatly summarizes the aforementioned embed-
ding perturbation mechanism for a simple example
with only two individual word embeddings. In

477

https://huggingface.co/datasets/reddit_tifu
https://huggingface.co/datasets/xsum
https://huggingface.co/google/pegasus-xsum
https://huggingface.co/google/pegasus-reddit_tifu


practice, we use a vectorized representation of the
above mechanism to blur the embeddings of a mini-
batch of sentences of size L in constant O(1) time.
The embedding perturbation method is summarized
below in a vectorized form:

z ∼ N (µ, σ2)

ẑ = z/|z|
s ∼ Y (µ = 0, σ2 = (ζ/3)2)

n = (s⊙ |e|)T ẑ
e′ = e+ n

r = ζ ∗ |e|

(4)

where z, ẑ, s, n and e are vectorized represen-
tations of zi, ẑi, si, ni and ei respectively for a
mini-batch of sentences of size l. ⊙ and * denote
element wise and scalar multiplication respectively.
|x| denotes the magnitude of a vector/batch of vec-
tors x. r is the vectorized mini-batch representa-
tion of ri, the expected radius of hyperspherei.
We choose the Gaussian distribution as our choice
of the probability distribution Y , as on testing it
produced the best results†. To couple the radius
ri of hyperspherei to our hyperparameter ζ to en-
able fine-grained control using ζ, we constrain the
probability density of Y to live inside the hyper-
sphere within three standard deviations. To achieve
this, we equate 3σ to ζ, and consequently set the
variance σ2 of Y to be (ζ/3)2.

3.2 Discrete word dropout probability

The “Denoising Autoencoder” or DAAE (Shen
et al., 2020) considered discrete token-level per-
turbations such as token masking, substitution and
deletion. We consider token deletion as discrete
noise. Drop probability p = 0.3 is found to be the
best in both their experiments and ours.

Token deletion is the only type of input pertur-
bation that can alter the number of tokens in a
sentence. Any continuous model for input noise
cannot mathematically generalize the effects of this
kind of discrete word dropout. Furthermore, dur-
ing our experiments, we find that for some datasets,
both discrete and continuous noise components are
required to produce the overall best model. In such
a case, we first perform token deletion and then
subject the leftover token embeddings to perturba-
tion. We refer to this generalized noise model as

†We also tried the uniform distribution with varying val-
ues for ζ

“Embeddings-Perturbed Adversarial Autoencoder”
or “EPAAE” parameterized by ζ and p.

4 Semantic Similarity in Latent Space
Neighbourhoods

We contrast and compare the resultant latent space
neighbourhoods of DAAEs and EPAAEs.

4.1 Preliminary reasoning

Here, we first investigate the question - Does token
deletion during training group truly put semanti-
cally similar sentences together in latent space Z?.
Intuitively we can reason that the answer may be in
the affirmative if the drop probability is small. For
example, the sentences “The food was good” and
“The food was superb” might get perturbed into a
common version, i.e. “The food was” and therefore
be mapped nearby in Z during training. As anal-
ysed and concluded in (Shen et al., 2020), latent
neighbourhoods in the latent space of DAAEs suc-
cessfully cluster sentences with high word overlap
(low Levenshtein/Edit distance) together. However,
the Levenshtein distance metric is not an accurate
measure of the true semantic similarity between
sentences. A pair of sentences with high word
overlap might convey different ideas w.r.t the un-
derlying style-based semantics of the dataset. For
example, in the context of the Yelp dataset, the sen-
tences “The food was good” and “The food was
bad” are stylistically opposing (style being polarity
in this case) and yet still get mapped close by in Z
for DAAEs.

4.2 Testing the hypothesis with a Toy Dataset

We conduct specifically curated experiments on
a synthetic dataset to verify our hypothesis that
EPAAEs map stylistically similar sentences to-
gether.

Details of Toy dataset: Inspired by Yelp, each
sentence in this dataset either represents a posi-
tive or negative sentiment. It also contains dif-
ferent sentiment independent components, such
as the identity of the person and the subject of
the review. Each sentence is of the format: “The
<identity_token> said the <subject_token> is <de-
cision_token>" where identity, subject and deci-
sion token classes are the only variable parameters
in each sentence. The entire set of all permutations
of these token classes forms the dataset. For ex-
ample, the decision class is further subdivided into
two subclasses, i.e. positive/ negative sentiment,
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Token
Class

Sub
Classes Token Options

(0) Identity (0) Male boy, man, husband,
boyfriend, waiter

(1) Female girl, woman, wife, girlfriend,
waitress

(1) Subject (0) Food food, meal, dinner, breakfast,
lunch, pasta, chicken

(1) Others service, staff, experience,
atmosphere, location, place

(2) Decision (0) Positive
good, great, excellent, decent,

amazing, wonderful,
reasonable

(1)
Negative

bad, worst, horrible, spicy,
bland, expensive, disgusting,

mediocre

Table 1: Structure of token classes and division of sub-
classes with token options used to create Toy Dataset

DAAE (p = 0.3) L2
Norm

EPAAE
(ζ = 3.0)

L2
Norm

the man said the
pasta is spicy 0 the man said the

pasta is spicy 0

the man said the
pasta is good 2.79 the man said the

staff is spicy 2.62

the girl said the
pasta is spicy 2.88 the man said the

pasta is bad 2.69

the man said the
pasta is

wonderful
2.89 the man said the

pasta is bland 2.77

the man said the
service is spicy 3 the girl said the

pasta is spicy 2.84

the man said the
pasta is bad 3.02 the husband said

the pasta is spicy 2.89

Table 2: Nearest Neighbour experiment performed on
EPAAE and DAAE. Sentences in red indicate dissimilarity in
semantics with respect to cluster center

each subclass containing 7 and 8 choosable tokens,
respectively. The resultant dataset consisted of
1950 sentences. The details of the subclasses and
the representative tokens inside each subclass are
shown in Table 1. We produce output labels for
each sentence by using a 3-bit representation, one
bit for each of three token classes, where the values
of each bit represent the token label subclass within
that class. For example, a label of 5 is encoded as
101 corresponding to a sentence with Female, Food
and Negative labels. There are 23 = 8 labels in total
labelled 0-7.

Qual. Analysis of Latent space. We consider
two models, DAAE with token deletion probability
p = 0.3 and EPAAE with ζ = 2.5. Both models
are initially pre-trained over the unlabelled Yelp
dataset. The synthetic dataset is used during infer-
ence time only. We encode all 1950 sentences into
their respective latent space vectors and use TSNE
plots to visualise the latent space of each model
(Figure 1). We pick a random query sentence, e.g.

Dataset Model
Mean L2
Norm for
Label Flip

Mean
Hops for

Label Flip

Toy Dataset DAAE 5.725 14.979
EPAAE 4.324 19.587

Yelp DAAE 9.386 5.850
EPAAE 8.211 6.513

SNLI DAAE 9.794 3.185
EPAAE 10.373 3.528

DNLI DAAE 9.320 6.027
EPAAE 11.681 4.882

SciTail DAAE 10.224 5.750
EPAAE 10.676 6.253

PP Removal DAAE 8.195 6.722
EPAAE 8.774 7.409

Tenses DAAE 7.686 8.802
EPAAE 10.924 5.426

Voices DAAE 6.805 8.367
EPAAE 9.657 8.726

Table 3: Quantitative metrics to capture model’s ability
to preserve style-based semantics inside Latent Neigh-
bourhoods. Bold indicates model with higher value for
that corresponding metric in that specific dataset, which
is suggestive of ability to better preserve style-based
semantics.

“The man said the pasta is spicy”, and encode it into
Z. We then retrieve the top five nearest encoding
to the query and observe their decoded outputs to
check for the preservation of style-based semantics
(Table 2) around the query. We find that the EPAAE
maps the latent neighbourhood such that stylisti-
cally similar (positive/negative sentiment in this
context) are grouped. This is not the case with the
DAAE, evident from Table 2 in which neighbours
1 and 3 have a differing sentiment from the query.
This offers an explanation as to why the DAAE is
not able to produce tightly confined clusters.

Quant. Analysis of Latent space. To further
validate our hypothesis that EPAAEs better pre-
serve style-based semantics in latent neighbours,
we generate useful quantitative metrics over a k-
nearest neighbours experiment, done on the test
split across all datasets. We document these met-
rics in Table 3. Column 3 conveys the mean dis-
tance to the closest neighbour with the opposite
label. Column 4 conveys the mean number of hops
to reach to the closest neighbour with opposite la-
bels. In all but a few datasets, the DAAE reports a
smaller “mean hops for label flip”, supporting our
hypothesis that stylistically dissimilar sentences
are mapped closer together in the latent neighbour
than our proposed model. We also see this trend
mostly holds true for the "Mean L2 Norm for Label
Flip" metric in Column 4 as well, providing further
evidence to our hypothesis.
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5 Setup, Datasets and Metrics

5.1 Experimental Setup
Baselines. This work focuses on simple denois-
ing approaches for Unsupervised TST and subse-
quently constrains our choice of baselines to follow
these criteria. We consider three other autoencoder
based models for our experimentation, i.e. Denois-
ing AAE (DAAE), Latent-Noised AAE (LAAE)
and the β-VAE.

Hyperparameters and Setup. Details on hy-
perparameter selection can be found in A.2. Other
common hyperparameters (detailed in A.1) related
to encoder/decoder architectures remained identi-
cal across all models. Training is completely unsu-
pervised, and labels are only used during inference
time. Details on computation time, number of pa-
rameters and infrastructure used can be found in
Appendix. E.

5.2 Datasets
In this section, we briefly describe the different
kinds of datasets used for experimentation. Further
details is provided in in Appendix C.

Complexity of Styles in Datasets: Current
studies mainly focus on high-level styles to validate
the approaches. To validate our hypothesis that the
EPAAE can perform fine-grained style transfer due
to semantics learnt from embeddings, we consider
three tasks: sentiment, discourse and fine-grained
text style transfer. As prepossessing, we remove
non-essential special characters and lowercase all
sentences. Except for the Yelp dataset, no pruning
is done based on sentence length.

Sentiment Style Datasets: We use the prepro-
cessed version from (Shen et al., 2017) of the Yelp
dataset. The sentiment labels (positive, negative)
were considered as style.

Discourse Style Datasets: To check for the
model’s ability to alter the discourse or flow of
logic between two sentences we make use of NLI
datasets such as SNLI, DNLI, and Scitail. Each
instance in the SNLI dataset (Bowman et al., 2015)
consists of two sentences that either contradict,
entail (agree) or are neutral towards each other.
Similarly, the DNLI dataset (Welleck et al., 2019)
consists of contradiction, entailment and neutrality
labelled instances. Scitail (Khot et al., 2018) is
an entailment dataset created from multiple-choice
science exams and the web, in a two-sentence for-
mat similar to SNLI and DNLI. The first sentence
is formed from a question and answer pair from

science exams and the second sentence is either a
supporting (entailment) or non-supporting (neutral-
ity) premise.

Fine-grained Style Datasets: The Style-PTB
dataset (Lyu et al., 2021) consists of 21 styles/labels
with themes ranging from syntax, lexical, semantic
and thematic transfers as well as compositional
transfers which consist of transferring more than
one of the aforementioned fine-grained styles. To
check whether the EPAAE can capture fine-grained
styles better by leveraging its better organised latent
space, we make use of three styles i.e. Tenses,
Voices (Active or Passive) and Syntactic PP tag
removal (PPR). In the Tenses dataset, each sentence
is labelled with “Present”, “Past”, and “Future”.
The Voices dataset contains “Active” and “Passive”
voices labels and the PPR dataset contains “PP
removed” and “PP not removed” labels.

5.3 Automatic Evaluation metrics
Evaluation for text style transfer includes checking
for a) Style Transfer accuracy, b) Content preser-
vation metrics and c) Fluency of output sentences.
Recent studies show that automatic Evaluation met-
rics are still an open problem and can be gamed
(Xu et al., 2020).

Style Transfer Measure: A pre-trained clas-
sifier is used to check the presence of the target
label in the output sentence. (Mir et al., 2019) in-
troduces the notion of checking the style transfer
intensity apart from just the presence of the target
label. While we find this notion intriguing, we wish
to first accomplish the style transfer task convinc-
ingly for the current set of tasks before assuming a
more complex metric.

Content Preservation: In recent work, we ob-
serve that models typically struggle more in content
preservation and the ability to preserve the contex-
tual meaning of the base sentence. The BLEU
score alone does not suffice to correlate strongly
with actual qualitative results. To truly validate
our hypothesis that EPAAE’s are better able to pre-
serve content better, we augment the bucket of stan-
dard content preservation metrics ‡. Apart from
the standard of using BLEU between sentences of
source and target styles, we borrow evaluation tech-
niques from fields similar to Text Style Transfer
such as Machine Translation and Text Summariza-
tion, such as METEOR (Banerjee and Lavie, 2005),

‡To generate all our content preservation metrics, we
use the nlg-eval package from: https://github.com/
Maluuba/nlg-eval
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ROUGE-L (Lin, 2004), CIDEr (Vedantam et al.,
2015) which have been shown to correlate more
strongly with human judgement. Following the
study of (Sharma et al., 2017), in which they show
BLEU does not necessarily correlate with human
evaluations in dialogue response generation, we
also adopt Embedding Average, Vector Extrema
(Forgues et al., 2014) and Greedy matching score
(Rus and Lintean, 2012).

Fluency of generations: Past work measures
the perplexity using a pre-trained language model
to gauge the fluency or grammatical correctness of
the style transferred outputs. (Mir et al., 2019) ar-
gues such perplexity calculations for style transfer
tasks may not necessarily correlate with a human
judgement of fluency. Adversarial classifiers in the
form of logistic regression networks are trained
with the goal of distinguishing between human-
produced and machine produced sentences. These
classifiers are then used to score the naturalness of
the output sentences. We follow this metric during
our evaluation of fluency or naturalness §

6 Experiments

In this section, we look at the quantitative and quan-
titative results for the text style transfer task for four
autoencoder models in seven datasets. We use the
vector arithmetic method on latent space represen-
tations, inspired by (Mikolov et al., 2013) where it
showed that word embeddings learnt can capture
linguistic relationships using simple vector arith-
metic. Analogous to the standard example where
“King” - “Man” + “Woman” ≈ “Queen”, we ma-
nipulate an arbitrary sentence encoding zx of Style
X to Style Y ¶:

zx = zy + k(
1

Ny

Ny∑

i=0

ziy −
1

Nx

Nx∑

i=0

zix) (5)

where ziy, ziy denotes the latent vector of the ith

sentence in style y and x respectively and Nx and
Ny represent the number of encoding present in the
corpus for style x and y respectively. k is a scaling
parameter used to control the style transfer strength.

§We use code and pretrained models
from https://github.com/passeul/
style-transfer-model-evaluation to mea-
sure naturalness.

¶Simply put, the difference of the means of all vectors
in Style Y and X is computed and scaled by a factor k, then
added to any arbitrary latent vector with style Y to convert it
to style X .

The resultant latent vector is passed through the
decoder to produce the output sentence.

6.1 Quantitative Analysis

TST accuracy, content preservation and natural-
ness were computed on the converted sentences
(shown in Table 4, 5, 6). Content preservation met-
rics can be found from Column 4 onwards. We
consider two versions of the EPAAE i.e. only con-
tinuous embedding noise, continuous embedding
noise + token deletion, and find that in some cases
a mixture of both is required for optimal perfor-
mance. We find that a slightly lowered value p for
the EPAAE combined with its optimal ζ parameter
outperforms other models as well.

6.1.1 Sentiment TST
Table 4 summarises the results of TST on the Yelp
dataset. On visual inspection, there appears to be a
general tradeoff between TST% and content preser-
vation metrics. For example, the β-VAE achieves
the best TST% but suffers from bad content preser-
vation capability. In this case, we observe that
EPAAE (ζ = 2.0, p = 0.1) has the best con-
tent preservation capabilities across all metrics and
achieves a reasonable tradeoff of TST%=77.1 as
well.

6.1.2 Discourse TST
Table 5 summarises the results on four NLI datasets.
Similar to the sentiment task, we see that EPAAEs
have the best content preservation capabilities as
well as the naturalness metric. It achieves this
while achieving a comparable TST% as well. β-
VAE shows best TST% but again suffers in content
preservation. DAAE also display reasonable TST%
vs Content preservation tradeoffs but overall cannot
match the tradeoffs achieved by EPAAEs. Human
evaluations on the SNLI dataset (Table 8) confirm
this as well. The TST% achieved by any model in
any task peaks at only 60.4% compared to 81.9%
in sentiment task, a significant difference that hints
at the fact that the Discourse TST task might be
intrinsically more complex than sentiment style.
Future work that aims to increase performance on
the NLI task will be beneficial.

6.1.3 Style-PTB TST
Table 6 summarises the results on three datasets
from the Style-PTB benchmark. (Lyu et al., 2021)
produces a hierarchy of styles based on transfer
difficulty measured by the average token-level ham-
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Model Naturalness TST Acc. BLEU-2 METEOR ROUGE-L CIDER Embedding
Average

Vector
Extrema

Greedy
Matching
Score

β-VAE (β = 0.15) 0.792 0.819 0.064 0.079 0.212 0.271 0.773 0.445 0.600
LAAE (λ1 = 0.05) 0.763 0.782 0.056 0.072 0.182 0.232 0.756 0.436 0.583
DAAE (n = 0.3) 0.711 0.812 0.167 0.134 0.339 0.775 0.810 0.531 0.674
EPAAE (ζ = 2.0) 0.822 0.749 0.142 0.125 0.320 0.609 0.800 0.491 0.651
EPAAE (ζ = 2.0, p = 0.3) 0.708 0.808 0.193 0.145 0.368 0.838 0.824 0.542 0.688
EPAAE (ζ = 2.0, p = 0.1) 0.718 0.771 0.218 0.170 0.396 1.017 0.827 0.571 0.707

Table 4: Quantitative results of TST experiments on Yelp Dataset

Dataset Model Naturalness TST Acc. BLEU-2 METEOR ROUGE-L CIDER Embedding
Average

Vector
Extrema

Greedy
Matching
Score

SNLI β-VAE (β = 0.15) 0.983 0.523 0.424 0.257 0.541 2.288 0.948 0.615 0.814
LAAE (λ1 = 0.05) 0.946 0.522 0.036 0.051 0.158 0.026 0.824 0.318 0.593
DAAE (p = 0.3) 0.980 0.519 0.415 0.254 0.534 2.062 0.950 0.650 0.838
EPAAE (ζ = 2.5) 0.979 0.480 0.534 0.316 0.655 3.615 0.958 0.688 0.857

EPAAE (ζ = 2.5, p = 0.3) 0.983 0.513 0.388 0.240 0.504 1.783 0.948 0.626 0.826
EPAAE (ζ = 2.5, p = 0.1) 0.978 0.511 0.461 0.281 0.582 2.492 0.953 0.674 0.854

DNLI β-VAE (β = 0.15) 0.927 0.578 0.243 0.144 0.356 0.654 0.905 0.503 0.722
LAAE (λ1 = 0.05) 0.935 0.604 0.205 0.128 0.319 0.384 0.897 0.475 0.704
DAAE (p = 0.3) 0.933 0.597 0.416 0.237 0.522 2.269 0.934 0.616 0.803
EPAAE (ζ = 2.5) 0.939 0.513 0.440 0.253 0.557 2.573 0.943 0.635 0.818

EPAAE (ζ = 2.5, p = 0.3) 0.927 0.574 0.397 0.225 0.506 2.064 0.933 0.606 0.798
EPAAE (ζ = 2.5, p = 0.1) 0.934 0.579 0.457 0.260 0.559 2.912 0.941 0.636 0.636

Scitail β-VAE (β = 0.15) 0.770 0.570 0.095 0.065 0.173 0.142 0.796 0.387 0.643
LAAE (λ1 = 0.05) 0.832 0.497 0.196 0.124 0.287 0.752 0.874 0.489 0.712
DAAE (p = 0.3) 0.792 0.454 0.325 0.199 0.413 1.560 0.913 0.611 0.805
EPAAE (ζ = 2.5) 0.839 0.422 0.367 0.222 0.471 2.022 0.930 0.647 0.827

EPAAE (ζ = 2.5, p = 0.3) 0.813 0.495 0.276 0.171 0.355 1.241 0.906 0.560 0.770
EPAAE (ζ = 2.5, p = 0.1) 0.827 0.440 0.352 0.215 0.455 1.931 0.932 0.635 0.818

Table 5: Quantitative results of TST experiments on NLI datasets

ming distance between the base and converted sen-
tence. According to this hierarchy Tense inversion,
PP removal/addition and Voice change are labelled
in ascending order as easy, medium and hard re-
spectively. Our results seem to partially validate
this observation, in that the max TST% is obtained
on the Tenses dataset (100%). Generally speak-
ing, we also observe that TST has much better
performance on fine-grained Style-PTB datasets
than sentiment and discourse styles. Similar to be-
fore, the EPAAE shows best content preservation
at competitive values of TST% as well.

It is also noteworthy to consider the direction
of style transfer, particularly in the case of com-
plex styles such as Discourse styles present in NLI
datasets. Results and analysis on direction-specific
metrics for Discourse TST are presented in Ap-
pendix B.2.2.

6.2 Qualitative Analysis

Samples of Output. For qualitative analysis, sam-
ple outputs by DAAE and EPAAE for the Yelp,
SNLI and Tenses dataset are given in Table B.4.
For a full list of qualitative examples on all datasets
along with setup details, please refer to Appendix
B.2.1.

Varying k for Fine-Grained TST. By varying
the value of k in Equation 5, it is possible to finely
control the strength of Text Style transfer. We show

examples of this for the Yelp (Table B.9) and the
SNLI (Table 7) dataset, for the baseline DAAE
(p = 0.3) and the proposed model EPAAE. For the
proposed EPAAE model, the best performing mod-
els (specifically in content preservation metrics)
were chosen i.e. zeta = 2.0, p = 0.1 for the Yelp
dataset and zeta = 2.5 for the SNLI dataset. The
chosen qualitative examples highlight the EPAAEs
slight superiority in performing fine-grained TST
compared to the baseline.

Smooth Interpolation. Sentence interpolation
experiments are reported in Appendix B.1, in which
latent space points in an interpolation along a spe-
cific direction are decoded to gauge the smoothness
of the space and its ability to generate coherent sen-
tences

6.3 Human Evaluations

Each human annotator was given a set of base sen-
tences and asked to vote for which model produced
the most appropriate corresponding style inverted
sentences. Please refer to Appendix A.3 for full
details on the setup. Results are shown in Table
8. We observe that the proposed EPAAE model
was overall more preferred across all three chosen
datasets. This margin was most significant in the
case of the SNLI dataset.
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Dataset Model Naturalness TST Acc. BLEU-2 METEOR ROUGE-L CIDER Embedding
Average

Vector
Extrema

Greedy
Matching

Score
Voices β-VAE (β = 0.15) 0.779 0.985 0.144 0.108 0.204 0.728 0.765 0.426 0.593

LAAE (λ1 = 0.05) 0.789 0.988 0.095 0.080 0.162 0.426 0.746 0.390 0.560
DAAE (p = 0.3) 0.783 0.981 0.243 0.182 0.300 1.488 0.811 0.523 0.670
EPAAE (ζ = 2.5) 0.806 0.993 0.176 0.134 0.260 0.919 0.795 0.468 0.634

EPAAE (ζ = 2.5, p = 0.3) 0.785 0.975 0.174 0.133 0.237 0.978 0.777 0.457 0.616
EPAAE (ζ = 2.5, p = 0.1) 0.796 0.991 0.253 0.187 0.318 1.491 0.819 0.532 0.681

PPR β-VAE (β = 0.15) 0.735 0.949 0.197 0.202 0.391 1.291 0.808 0.536 0.706
LAAE (λ1 = 0.05) 0.748 0.940 0.149 0.143 0.302 0.846 0.772 0.467 0.643
EPAAE (p = 0.3) 0.730 0.948 0.261 0.279 0.486 1.797 0.842 0.615 0.774
EPAAE (ζ = 2.5) 0.757 0.932 0.282 0.283 0.510 1.982 0.857 0.631 0.789

EPAAE (ζ = 2.5, p = 0.3) 0.728 0.955 0.236 0.257 0.448 1.586 0.829 0.585 0.749
EPAAE (ζ = 2.5, p = 0.1) 0.747 0.938 0.293 0.301 0.525 2.105 0.861 0.645 0.799

Tenses β-VAE (β = 0.15) 0.803 0.999 0.110 0.089 0.198 0.513 0.766 0.403 0.583
LAAE (λ1 = 0.05) 0.807 1.000 0.086 0.072 0.169 0.388 0.749 0.377 0.563
DAAE (p = 0.3) 0.774 0.999 0.263 0.200 0.363 1.684 0.822 0.540 0.686
EPAAE (ζ = 2.5) 0.798 1.000 0.358 0.274 0.483 2.305 0.861 0.631 0.757

EPAAE (ζ = 2.5, p = 0.3) 0.776 0.999 0.302 0.234 0.408 2.023 0.834 0.574 0.711
EPAAE (ζ = 2.5, p = 0.1) 0.785 1.000 0.339 0.254 0.456 2.279 0.852 0.604 0.739

Table 6: Quantitative results of TST experiments on Style-PTB datasets
DAAE (p = 0.3) EPAAE (ζ = 2.0, p = 0.1)

Input the dog sits by a snowdrift . a dog out in the snow the dog sits by a snowdrift . a dog out in the snow
k = 1 the dog stands in the snow . a dog stands in the snow the dog sits under a fallen tree dog . a dog resting in the snow
k = 1.5 the dog stands in the snow . a dog swims in the snow the dog sits under a fallen tree dog . a dog resting in the snow
k = 2 the dog stands in the snow . a dog swims in the snow the dog sits under a fallen tree dog . a dog resting in the snow
k = 2.5 the dog stands in the snow . a dog swims in the snow the dog sits under a fallen tree dog . a dog resting in the snow at the porch
k = 3 the dog leaps across the snow . a dog swims in the snow in the snow the dog sits under a fallen tree dog . a dog resting in the snow at the porch
Input a man enjoys some extravagant artwork . a man is making art a man enjoys some extravagant artwork . a man is making art
k = −1 a man makes a strange art that says unk . a man is making clothing a man examines an art unk stall . a man is making art
k = −1.5 a man makes a strange art that says unk . a man is making clothing a man examines an art unk by . a man is making art
k = −2 a man makes a strange art that says unk . a man is making clothing a man examines an art unk by . a man is making art
k = −2.5 a man makes a strange art that says art . a man is making clothing a man examines an art gallery unk . a man is making art
k = −3 a man makes a strange art that says art . a man is making clothing a man examines an art gallery unk . a man is making art

Table 7: Qualitative examples of Fine-grained TST on the SNLI Dataset (Entailment to Contradiction)

Dataset DAAE
better

EPAAE
better

Both
Good

Both
Bad

No
Agreement

Yelp 34 47 16 75 28
SNLI 52 90 4 35 19
Tenses 45 59 17 63 16

Table 8: Human Evaluations for Text Style Transfer on
Yelp, SNLI and Tenses datasets. Bold indicates model
with highest votes

7 Conclusion

We introduce the “Embedding Perturbed AAE” or
EPAAE and show that it best captures underlying
style-based semantic features in the latent space
in an unsupervised manner compared to its base-
lines. By inducing robust latent space organization
through embedding perturbation in an unsupervised
manner, we also demonstrate the possibility of fine-
grained TST, where we can control the strength of
the target style. Using a diverse set of datasets with
varying formulations and complexities of style, we
empirically that EPAAE performs overall best in
the text style transfer task, particularly in its abil-
ity to preserve style-independent content across all
datasets.

8 Future Work and Limitations

Regarding work in TST. We wish to augment
existing state of the art methods with embedding
perturbation to check if doing so aids performance.
We see degrading TST performance in the Entail-
ment to Contradiction Task across all models. Fu-
ture work will focus on methods to improve this
task.
Generally. It is also interesting to further anal-
yse the effects of embedding perturbation to latent
representations and resultant properties. A theoret-
ical analysis would be beneficial to cement the use
of embedding perturbation in a more general set-
ting. There also remain more important questions
that need answering for, e.g. "What if you apply
continuous perturbation to hidden states instead of
embeddings?", "What is the relation between this
type of perturbation and techniques like dropout?".
We wish to explore these important questions in
the future.

Ethics Statement

Any TST model can be used for nefarious pur-
poses, e.g. performing a "Non-toxic to toxic"
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modification of text in a real-world setting and
causing social harm. Therefore, it is important
we keep in mind a code of ethics (e.g. https:

//www.acm.org/code-of-ethics) for usage, re-
search and development in this type of research.
We have made all our code open-source and pro-
vided all details of experimentation and implemen-
tation to the best of our knowledge.
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Appendix

A Additional details on Text Style
Transfer Experiments

A.1 Model Architecture

All baseline models were trained with all underly-
ing architectures apart from their individual objec-
tive losses. Bi-directional GRUs were used for the
encoder and decoder with input embeddings of size
300, a hidden representation of size 256 and a latent
space of size 128. For all models using AAEs as
the underlying autoencoder, the discriminator was
a single-layered perceptron with 512 units. The
ADAM optimiser with β1, β2 as 0.5, 0.999 and a
learning rate of 0.001. All models were trained
for 30 epochs as any more training steps caused
the reconstruction loss to dominate and decrease
overall performance on the TST task. All input
perturbations were disabled in inference time.

A.2 Hyperparameter Selection

For the hyperparameters p, λl, and β for the DAAE,
LAAE and β-VAE, we fixed the values as 0.3, 0.05,
0.15 respectively. This decision was aligned with
the results in Shen et al. (2020), which showed
that these values produced the best reconstruction
vs BLEU trade-off. We found this to be the case
during subjective manual testing as well. λadv was
set to 10 for all models having AAEs as the un-
derlying architecture. For EPAAE, we found that
ζ ∈ [2.0, 3.0] overall showed the best results across
all datasets. Therefore a manual search around this
range was conducted to determine the optimal ζ
for each dataset.

A.3 Human Evaluations

TST outputs of two models, the baseline DAAE and
the proposed EPAAE model, on the Yelp, SNLI and
Tenses dataset were considered. The best perform-
ing EPAAE was chosen according to the results in
Table 4, 5 and 6, particularly with respect to the
content preservation metrics (Since TST% were
similar across all models). Two hundred sentences
(hundred from each base style) were randomly sam-
pled from the test split of each dataset and style
inverted (with scaling factor k = 2). Six hundred

instances (each instance being a base and converted
sentence pair) were equally split between three hu-
man evaluators. Each evaluator was given the task
of labelling all two hundred instances from each
dataset. The models were anonymous to evaluators
and randomly named as "Model 1" and "Model 2".
Each instance was to be labelled by an evaluator
with four possible decision outcomes, i.e. "1 is
best", "2 is best", "All are bad" and "All are good".
For each instance, the majority of three votes from
each of the three annotators were taken as the final
decision for that corresponding instance. Instances
without a majority were marked as "NA". The eval-
uation guidelines was formulated to consider which
model a) successfully transferred the target style b)
preserved the style-independent content and c) was
overall fluent and grammatically coherent.

B Additional Experiments:

B.1 Sentence Interpolation in Latent Space -
Qualitative Examples

We perform sentence interpolation using DAAE
and EPAAE, starting from the same input sentence,
incrementally moving along the same direction in
the latent space in five fixed-size steps. We see that
both the baseline and proposed model are able to
produce fluent and coherent sentences, indicative
of a smoothly populated latent space.

B.2 Text Style Transfer

B.2.1 Qualitative Examples
TST with scaling factor k = 2 was performed on
DNLI, Scitail datasets as seen in B.5 and B.6 re-
spectively. Similarly, it was also performed on
Voices and PP Removal datasets from the Style-
PTB benchmark as shown in B.7 and B.8 respec-
tively. The proposed model for each dataset, was
chosen to be the EPAAE with best performance in
the content preservation metrics (shown in Table
4, 5 and 6). Samples were specifically selected
in which at least one of the models was able to
generate the ideal, style converted sentence with
near-perfect content preservation and coherence.
This was done by human evaluators, where both
the models were anonymized.

B.2.2 Direction specific Discourse Transfer
metrics

Particularly in the case of Discourse Style, it is
natural to speculate that the difficulty of style
transfer might be sensitive to the direction i.e.
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two blond women are hugging one another the
women are sleeping

two blond women are hugging one another the
women are sleeping

two blond women are hugging one another the women
are sleeping

two blond women are hugging one another the women
are sleeping

three dogs affectionately playing the dogs are sleeping three dogs affectionately playing the dogs are sleeping
two dogs are playing and wrestling with each other two
cats are chasing each other through the house

two dogs are playing and wrestling with each other two
cats are chasing each other through the house

two men in wheelchairs crash and they reach for the ball
the men are sleeping

two men in wheelchairs crash and they reach for the ball
the men are sleeping

three dogs in different shades of brown and white biting
and licking each other the dogs are fighting

three dogs in different shades of brown and white biting
and licking each other the dogs are fighting

Table B.1: Sentence Interpolation on sentence from SNLI dataset (Left: EPAAE, Right: DAAE)

the report will follow five consecutive declines the report will follow five consecutive declines
the report will follow five consecutive declines the report will follow five consecutive declines
the report will follow five consecutive declines in full
monthly figures

the report follows five consecutive declines

the report followed five consecutive declines the report followed five consecutive declines
the report follows five consecutive declines the report will follow five consecutive declines in full

monthly figures
the index hits its low 20297 off 2042 points the report follows five consecutive declines in full

monthly figures

Table B.2: Sentence Interpolation performed on the Voices dataset (Left: EPAAE, Right: DAAE)

the soviets had a world leading space program the
guests noted

the soviets had a world leading space program the
guests noted

the soviets had a world leading space program the guests
noted

the soviets had a world leading space program the guests
noted

the challengers had a big price advantage the plant had a hairy stem that produced flowers and
diminutive seeds

the expansion set off a marketing war the japanese used 00 of the world s ivory
the uaw was seeking a hearing by the full 14 judge panel the diplomat added that mr krenz had several things

going for him
total return was price changes plus interest income the japanese used 40 of the world s ivory

Table B.3: Sentence Interpolation performed on the Tenses dataset (Left: EPAAE, Right: DAAE)
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Yelp Negative to Positive Postive to Negative
Base i had high hopes and

they simply could n’t
have fallen farther

probably wo n’t stay
here again

the food is always fla-
vorful and filling

food was excellent and
service was fast

Converted
(DAAE)

the italian flavors and
amazing and all really
impressive !

certainly here ! the food is not cooked
and it was appealing .

food was not the wait-
ress and was slow .

Converted
(EPAAE)

i had great prices and ev-
erything is exquisite !

definitely stay here ! the food is n’t just ex-
tremely bland .

food was ok. service
was slow and disap-
pointed

SNLI Entailment to Contra-
diction

Contradiction to En-
tailment

Base a man and lady standing
on a seesaw at a park . a
man and woman are on
a seesaw outside

a dog is jumping
through the water . tha
animal is in the water

a young child in a green
shirt is on a carousel .
the young child is wear-
ing a blue shirt

three people shopping
in an isle in a foreign
grocery store . three
people look at clothes in
the mall

Converted
(DAAE)

a man and a woman are
on a seesaw at a beach.
a man and woman are
on a seesaw

a dog is running through
the water the animal is
running through the wa-
ter

a young child in a blue
shirt is wearing a red
shirt and a blue hat a
child is on a swing

three people in shop-
ping carts in a shopping
mall. three people shop-
ping in a store

Converted
(EPAAE)

a man and a woman are
sitting on a seesaw at
a park. a man and a
woman are sitting on a
couch

a dog is jumping
through the water the
animal is flying through
the air

a young child in a red
shirt is on a green slide.
the child is wearing a
shirt

three people shopping
in a shopping mall in a
foreign city. three peo-
ple shopping in the mall

Tenses Future to Past Past to Future
Base miller brewing co and

general motors will be
included by clients

i will see a possibility
of going to 2200 this
month

spiegel was 80 con-
trolled

mr deaver had reopened
a public relations busi-
ness

Converted
(DAAE)

miller brewing co and
general motors were in-
cluded

i was a math major but i
was going at this

42 will be advanced mr breeden will not
be public relations busi-
ness will say

Converted
(EPAAE)

miller brewing co and
general motors was in-
cluded by clients

i saw a possibility of go-
ing to 2200 this year

spiegel will be 80 con-
trolled

mr deaver will have re-
opened a public rela-
tions business

Table B.4: Qualitative examples of TST task by DAAE and EPAAE on Yelp, SNLI and Tenses dataset

DNLI

Models Entailment to Contradiction Contradiction to Entailment
Example 1 Example 2 Example 1 Example 2

Base i work in a cu-
bicle . i have a
hectic job

i have 3 kids . i am the proud
parent of 2 boys and 1 girl

i work as a contractor for a
cab company . i am a travel
agent

i am a ballet dancer . i work
as a trauma surgeon

DAAE i work as a
cashier in a su-
permarket . i
am a cashier

i have a wife and two kids .
i am a proud us sailor

i work for a online company
. i do not have a job

i am a ballet dancer . i work
at home editing

EPAAE i work in a cu-
bicle . i am
a skilled crafts-
man

i have 3 kids . i am a proud
mother of two

i work for a cab company . i
have been working for many
years

i am a ballet dancer . i took
ballet lessons when i was a
kid

Table B.5: TST task performed on DNLI dataset
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Scitail

Models Entailment to Neutrality Neutrality to Entailment
Example 1 Example 2 Example 1 Example 2

Base most amphibians such as
frogs live part of their
lives on land and return
to water to breed . frogs
are amphibians that live
part of the time in fresh
water and live rest of the
time on land

reptiles are found on ev-
ery continent worldwide
with the exception of the
polar antarctica . mod-
ern members of the rep-
tiles group live in many
different habitats and are
found on every continent
except antarctica

respiratory rate is 40 150
breaths per minute . the
normal respiratory rate
per minute in adult hu-
mans is 12 18 breaths

and was the goddess of
earth and sky moon and
sun . the sun and the
moon appear to be about
the same size in the
sky because the moon is
smaller in diameter and
is closer to earth than the
sun

DAAE most amphibians have
dual habitats and the re-
mainder on land and live
in the first decade of fish
and live in the first living
things have the time of
fresh water and live rest

many species are the
most common ancestor
in the unk of the same
species of birds and
mammals have the same
species of birds

cardiac output is the
amount of breaths per
minute the normal respi-
ratory rate per minute the
normal respiratory rate
per minute in adult hu-
mans is 12 18 breaths

the sun and the moon is
the closest planet to the
sun and the moon is the
closest planet to the sun
the sun is the closest star

EPAAE most species live on land
and breed on land frogs
are amphibians that live
part of the time to live in
the ocean

reptiles are found on
every continent except
antarctica the majority of
species live in the pacific
continent except antarc-
tica and birds are found
on every continent ex-
cept antarctica

respiratory rate is a se-
ries of breaths per minute
in the normal respiratory
rate per minute in adult
humans is 12 18 breaths

earth and moon is about
400 times of the earth
and that it is about 400
times of the sun and the
moon appear to be about
the same size in the sky
because

Table B.6: TST task performed on the SciTail dataset

Voices

Models Active to Passive Passive to Active
Example 1 Example 2 Example 1 Example 2

Base he will make his remarks
to a plo gathering in
baghdad

accounting problems
will raise more knotty
issues

one stuck to old line busi-
ness traditions while the
change was embraced by
the other

the only time it is had by
the violin is right at the
end

DAAE he will be told by him as
a sewage treatment plant
he will say

transportation services
will be provided by ac-
counting problems

outside i spotted two
young exchange the com-
pany s own microproces-
sor said

the soviets eavesdrop-
ping pays off however
because the contract they
say

EPAAE his remarks will be made
by him from a plo gath-
ering in baghdad

more knotty issues will
be raised by accounting
problems

one stuck to old line
business traditions while
the other embraced the
change

the only time the violin
has it s right to the end

Table B.7: TST task performed on Voices dataset

PP

Models PP Removal Information Addition
Example 1 Example 2 Example 1 Example 2

Base the problems will be
magnified by the june
killings

the senate will not vote
on six lesser charges

membership will have
since swelled

the dispute will pit two
groups

DAAE the problems will be the senate will come membership will have
since swelled to between
20 of smaller creditors

the dispute will pit two
groups of claimants
against each other of
each other

EPAAE the problems will be
magnified

the senate will not vote membership will have
since swelled to at least
21 since friday

the dispute will pit two
groups of claimants
against the two of japan

Table B.8: TST task performed on PP dataset
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DAAE (p = 0.3) EPAAE (ζ = 2.0, p = 0.1)
Input very disappointed they ran out of average things in the menu very disappointed they ran out of average things in the menu
k = 1 very nice and ran out of the food in ! very disappointed and all in out of the menu .
k = 1 very nice and varied with the quality menu ! very disappointed and all great flavors in the menu .
k = 2 very nice and varied selection of food ! very prepared and great flavors in the menu .
k = 2.5 very nice locally and varied menu ! ! very delicious flavors and great flavors in the
k = 3 very great selection and great seafood ! very delicious flavors and great fish selections .
Input food was excellent and service was fast food was excellent and service was fast
k = −1 food was excellent and the service was fast food was excellent and service was fast .
k = −1.5 food was excellent and the service was fast . food was excellent and service was fine but service
k = −2 food was not the waitress and was slow . food was undercooked and service was fine but delivery .
k = −2.5 it was not the waitress , but was slow . food was undercooked and service was not fine at food .
k = −3 it was not ignored the service , but was slow . !

Table B.9: Qualitative examples of Fine-grained TST on the Yelp Dataset

is it Contradiction/Neutrality to Entailment or
vice versa. Intuitively, this makes sense as the
Entailment to Contradiction/Neutrality tasks can
be achieved simply by randomly editing either the
subject or predicate or both, in any one sentence,
to trigger a contradiction/neutrality between the
two. However, in the reverse task, the edited part
must be carefully chosen to precisely match the
context of the other sentence to trigger entailment.

To analyze this, direction-specific quantita-
tive metrics for Discourse TST are conducted for
the SNLI (B.10), DNLI (B.11) and SciTail (B.12)
datasets. We notice a disparity in performances
in fact, does exist, mainly highlighted by the
differences in the TST% metric. This sensitivity
to direction is present in all models across all
datasets but is most significant in the SNLI dataset
in which TST% goes as low as 20.6% for the
Contradiction to Entailment task and as high as
83.7% for the opposite task. Future work can focus
on trying to specifically improve the Contradiction
to Entailment task, as doing so will be a measure
of a model’s ability to detect and carefully align
the content of one sentence to match another.

C Details on Datasets

Here we provide some additional details of all the
datasets used in this work.

Complexity of Styles in Datasets: As discussed
in Section 5.2, we consider three tasks- sentiment,
discourse and fine-grained text style transfer. As
prepossessing, we remove non-essential special
characters and lowercase all sentences. Except
for the Yelp dataset, no pruning is done based on
sentence length. The vocab size during training
was limited at 25k unless mentioned otherwise.

Sentiment Style Datasets: We use the prepro-
cessed version from (Shen et al., 2017) of the Yelp

dataset. It contains 200k, 10k, 10k sentences in the
train, dev and test split respectively. The sentiment
labels (positive, negative) were considered as style.

Discourse Style Datasets: We used three NLI
datasets - SNLI, DNLI, and Scitail. Each instance
in the SNLI dataset (Bowman et al., 2015) consists
of two sentences. These sentences either contra-
dict, entail (agree) or are neutral towards each other.
The resultant dataset contained 341k, 18k, 18k in
the train, dev, test splits respectively. The DNLI
dataset (Welleck et al., 2019) consists of contradic-
tion, entailment and neutrality labelled instances
instead in the form of a first-person dialogue like
representation. The dataset contains 208k, 11k, 11k
sentences in train, dev and test respectively. Scitail
(Khot et al., 2018) is an entailment dataset created
from multiple-choice science exams and the web,
in a two-sentence format similar to SNLI and DNLI.
The first sentence is formed from a question and
answer pair from science exams and the second
sentence is either a supporting (entailment) or non-
supporting (neutrality) premise obtained from the
internet. The dataset contained 24k, 1.3k, 1.3k sen-
tences in the train, dev, test splits respectively. For
SNLI and DNLI, all instances with the “neutrality”
label were removed. Style transfer task performed
from “contradict” to “entail” and vice versa. For
SciTail (Khot et al., 2018), the transfer task was
from “neutral” to “entail” and vice versa.

Fine-grained Style Datasets: We used Style-
PTB dataset (Lyu et al., 2021) for fine-grained style.
It consists of 21 styles/labels with themes rang-
ing from syntax, lexical, semantic and thematic
transfers as well as compositional transfers which
consist of transferring more than one of the afore-
mentioned fine-grained styles. To check whether
the EPAAE can capture fine-grained styles better
by leveraging its better organized latent space, we
make use of three styles i.e. Tenses, Voices (Active
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Figure B.1: A TSNE plot of encoded latent vectors for all 1950 sentences in the Toy Dataset for the DAAE model.

Dataset Model Naturalness TST Acc. BLEU-2 METEOR ROUGE-L CIDEr Embedding
Average

Vector
Extrema

Greedy
Matching
Score

SNLI (E to C) β-VAE (β = 0.15) 0.982 0.806 0.438 0.270 0.555 2.455 0.950 0.630 0.823
LAAE (λl = 0.05) 0.947 0.837 0.036 0.050 0.160 0.027 0.818 0.320 0.591
DAAE (p = 0.3) 0.979 0.745 0.453 0.275 0.562 2.410 0.954 0.679 0.854
EPAAE (ζ = 2.5) 0.975 0.743 0.524 0.312 0.641 3.266 0.956 0.682 0.856

EPAAE (ζ = 2.5, p = 0.3) 0.975 0.749 0.497 0.300 0.606 2.845 0.956 0.698 0.866
EPAAE (ζ = 2.5,p = 0.1) 0.982 0.749 0.405 0.256 0.522 1.983 0.951 0.648 0.838

SNLI (C to E) β-VAE (β = 0.15) 0.985 0.239 0.411 0.244 0.527 2.121 0.947 0.599 0.805
LAAE (λl = 0.05) 0.945 0.206 0.035 0.052 0.157 0.025 0.829 0.316 0.594
DAAE (p = 0.3) 0.982 0.292 0.378 0.233 0.506 1.714 0.946 0.622 0.823

EPAAE (ζ = 2.5), 0.979 0.227 0.488 0.289 0.615 2.860 0.956 0.659 0.843
EPAAE (ζ = 2.5,p = 0.1) 0.982 0.271 0.425 0.262 0.557 2.140 0.951 0.650 0.842
EPAAE (ζ = 2.5,p = 0.3) 0.984 0.277 0.370 0.225 0.486 1.582 0.945 0.603 0.815

Table B.10: Direction-wise TST metrics for the SNLI dataset. "Entailment" and "Contradiction" are denoted by "E"
and "C" respectively.
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Figure B.2: A TSNE plot of encoded latent vectors for all 1950 sentences in the Toy Dataset for the EPAAE model.

Dataset Model Naturalness TST Acc. BLEU-2 METEOR ROUGE-L CIDEr Embedding
Average

Vector
Extrema

Greedy
Matching
Score

DNLI (E to C) β-VAE (β = 0.15) 0.922 0.645 0.241 0.142 0.350 0.619 0.902 0.500 0.720
LAAE (λl = 0.05) 0.923 0.667 0.203 0.127 0.314 0.376 0.893 0.473 0.701
DAAE (p = 0.3) 0.937 0.687 0.399 0.223 0.496 2.128 0.925 0.593 0.790
EPAAE (ζ = 2.5) 0.934 0.536 0.441 0.252 0.554 2.694 0.941 0.636 0.818

EPAAE (ζ = 2.5,p = 0.1) 0.927 0.638 0.433 0.243 0.533 2.732 0.934 0.617 0.809
EPAAE (ζ = 2.5,p = 0.3) 0.923 0.665 0.390 0.218 0.492 2.048 0.925 0.590 0.790

DNLI (C to E) β-VAE (β = 0.15) 0.948 0.516 0.245 0.146 0.363 0.689 0.908 0.507 0.724
LAAE (λl = 0.05) 0.932 0.546 0.208 0.129 0.323 0.391 0.900 0.477 0.707
DAAE (p = 0.3) 0.930 0.514 0.433 0.251 0.547 2.411 0.943 0.639 0.817
EPAAE (ζ = 2.5) 0.934 0.492 0.438 0.253 0.560 2.451 0.945 0.635 0.818

EPAAE (ζ = 2.5,p = 0.1) 0.928 0.519 0.482 0.277 0.585 3.092 0.947 0.654 0.830
EPAAE (ζ = 2.5,p = 0.3) 0.945 0.490 0.403 0.233 0.520 2.081 0.940 0.621 0.806

Table B.11: Direction-wise TST metrics for the DNLI dataset. "Entailment" and "Contradiction" are denoted by "E"
and "C" respectively.
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Dataset Model Naturalness TST Acc. BLEU-2 METEOR ROUGE-L CIDEr Embedding
Average

Vector
Extrema

Greedy
Matching
Score

SciTail (E to N) β-VAE (β = 0.15) 0.783 0.672 0.086 0.060 0.163 0.106 0.799 0.376 0.640
LAAE (λ1 = 0.05) 0.838 0.550 0.173 0.111 0.261 0.624 0.870 0.459 0.695
DAAE (p = 0.3) 0.804 0.514 0.300 0.185 0.383 1.375 0.918 0.579 0.792
EPAAE (ζ = 2.5) 0.842 0.479 0.351 0.210 0.445 1.941 0.931 0.618 0.816

EPAAE (ζ = 2.5, p = 0.1) 0.834 0.493 0.328 0.198 0.421 1.775 0.929 0.601 0.803
EPAAE (ζ = 2.5, p = 0.3) 0.829 0.571 0.234 0.149 0.314 0.905 0.899 0.517 0.747

SciTail (N to E) β-VAE (β = 0.15) 0.748 0.397 0.103 0.069 0.183 0.178 0.792 0.399 0.647
LAAE (λ1 = 0.05) 0.823 0.408 0.219 0.138 0.314 0.881 0.878 0.519 0.729
DAAE (p = 0.3) 0.772 0.352 0.349 0.213 0.444 1.745 0.909 0.644 0.817
EPAAE (ζ = 2.5) 0.833 0.327 0.384 0.233 0.497 2.104 0.929 0.676 0.839

EPAAE (ζ = 2.5,p = 0.1) 0.816 0.351 0.375 0.231 0.488 2.087 0.934 0.669 0.834
EPAAE (ζ = 2.5,p = 0.3) 0.786 0.368 0.317 0.194 0.397 1.577 0.913 0.603 0.792

Table B.12: Direction-wise TST metrics for the SciTail dataset. "Entailment" and "Neutrality" are denoted by "E"
and "N" respectively

or Passive) and Syntactic PP tag removal (PPR). In
the Tenses dataset, each sentence is labelled with
"Present", "Past" and "Future". The Voices dataset
contains "Active" and "Passive" voices labels and
the PPR dataset contains "PP removed" and "PP not
removed" labels. The resultant sizes of the test, dev,
test splits were 71k,8.8k,8.8k (tenses), 90k,11k,11k
(PPR) and 44k,5.5k,5.5k (voices).

D More details on related work

Bowman et al. (2016) extend Variational Auto-
Encoders (Kingma and Welling, 2014) for text gen-
eration and address the posterior collapse problem
wherein the decoder completely ignores the latent
channel leading to poor generation. Adversarial
auto-encoders (Makhzani et al., 2015) substitute
the KL loss with an adversarial approach to enforce
the latent Gaussian prior. On the other hand, AAEs
are shown to naturally avoid the posterior collapse
problem and promote strong coupling between the
encoder and decoder. Wasserstein autoencoders
(Tolstikhin et al., 2018) introduce a family of regu-
larized autoencoders that learn a flexible prior by
solving an optimal transport problem to match P(z)
and Q(z) using an adversarial approach. Adver-
sarially regularised autoencoders (ARAEs) follow
the Wasserstein Autoencoder framework to learn a
learnt prior unlike AAEs, which assume the prior
to be a fixed standard Gaussian distribution.

E Computational Expense and
Infrastructure used

The most parameter-heavy EPAAE model was
from the SNLI dataset and we therefore report
statistics for this model. The model has 13 mil-
lion parameters and each epoch took approximately
60 seconds to train on an Nvidia V100-SMX2
GPU and an Intel(R) Xeon(R) E5-2698 CPU. For

complete details, please refer to the log.txt files
present in each model’s directory present in https:

//github.com/sharan21/EPAAE.

493



Proceedings of the 2022 Conference of the North American Chapter of the Association for Computational Linguistics:
Human Language Technologies, pages 494 - 507

July 10-15, 2022 ©2022 Association for Computational Linguistics

Automatic Correction of Human Translations

Jessy Lin♢♣ Geza Kovacs♡ Aditya Shastry♣
Joern Wuebker♣ John DeNero♢♣

♢ University of California, Berkeley ♡ Google ♣ Lilt
jessy_lin@berkeley.edu, joern@lilt.com, john@lilt.com

Abstract

We introduce translation error correction
(TEC), the task of automatically correcting
human-generated translations. Imperfections
in machine translations (MT) have long moti-
vated systems for improving translations post-
hoc with automatic post-editing. In contrast,
little attention has been devoted to the problem
of automatically correcting human translations,
despite the intuition that humans make distinct
errors that machines would be well-suited to
assist with, from typos to inconsistencies in
translation conventions. To investigate this, we
build and release the ACED corpus with three
TEC datasets1. We show that human errors
in TEC exhibit a more diverse range of errors
and far fewer translation fluency errors than the
MT errors in automatic post-editing datasets,
suggesting the need for dedicated TEC mod-
els that are specialized to correct human errors.
We show that pre-training instead on synthetic
errors based on human errors improves TEC
F-score by as much as 5.1 points. We con-
ducted a human-in-the-loop user study with
nine professional translation editors and found
that the assistance of our TEC system led them
to produce significantly higher quality revised
translations.

1 Introduction

Despite recent progress in machine translation
(MT), a tremendous amount of translated content
in the world is still written by humans (DePalma,
2021). Humans are often assumed to produce
trusted, high-quality translations. In reality, they
do make errors, including spelling, grammar, and
translation errors (Hansen, 2009). This paper in-
troduces the task of translation error correction
(TEC). Given a source sentence s and a human-
generated translation t, the goal of TEC is to pro-
duce an improved translation t′ by correcting all
errors in t.

1Dataset available at: github.com/lilt/tec

“Translation correction” has long been studied
in the MT community through the task of auto-
matic post-editing (APE), which aims to correct
errors in machine-generated translations (Simard
et al., 2007). TEC is structurally identical to APE.
However, it requires modeling a different data dis-
tribution: errors made by humans, which differ
from those made by MT systems (Freitag et al.,
2021). We characterize the error distribution in
TEC by building, analyzing, and releasing the
ACED corpus, a collection of three TEC datasets
from varying domains, with a total of 35,261 En-
glish–German translations produced and corrected
by professional translators in the natural course of
their work. While APE is dominated by the fluency
errors that are characteristic of MT systems (74%
of sentences), our TEC corpus exhibits a broader
distribution of errors that human translators are
prone to make.

Using this error analysis, we propose an ap-
proach for TEC that pre-trains on synthetic cor-
ruptions more similar to errors made by humans,
outperforming models that were developed for the
related tasks of MT, grammatical error correction,
and APE on all ACED datasets.

The task of TEC is often currently performed
by humans, e.g. translators hired to review and
edit translations (“reviewers”). Can a TEC system
help reviewers edit faster, or produce higher qual-
ity final translations than they would have without
assistance? We ran a human-in-the-loop user study
with nine professional translators using our best-
performing TEC model. We found that the reviews
produced when assisted with a TEC system were
rated as higher quality than those produced without,
and produced with less manual effort. Qualitatively,
users commented that trust and consistency of the
suggestions were critical. They speculated future
automated assistance could be helpful for onboard-
ing to new content, spotting technical errors, and
improving their own awareness of errors to catch.
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Error Type Example Text

Monolingual: typos
s: Do your feet roll inwards when running?
t: KIppen deine Füße beim Laufen nach innen?
t′: Kippen deine Füße beim Laufen nach innen?

Monolingual: grammar
s: Own tough winter runs in the . . .
t: Bei harten Winterläufe sorgt der . . .
t′: Bei harten Winterläufen sorgt der . . .

Monolingual: fluency
s: The traffic emerges from the VPN server and . . .
t: Der Verkehr wird vom VPN-Server ausgegeben und . . .
t′: Der Datenverkehr wird vom VPN-Server ausgegeben und . . .

Bilingual
s: Quad Core XEON E3-1501M, 2.9GHz
t: Quad Core XEON 2,9 GHz
t′: Quad Core XEON E3-1501M, 2,9 GHz

Preferential
s: VersaMax I / O auxiliary spring clamp style
t: VersaMax Zusatz-E / A Federklemmenart
t′: VersaMax Zusatz-E / A Federklemmenbauform

Table 1: Error taxonomy for the ACED corpus, with examples from the dataset.

Looking forward, a natural question arises of
whether the research community should focus on
learning to revise model outputs (APE) or human
outputs (TEC). With recent improvements in MT,
it has been increasingly difficult for APE models to
improve model output that is already high quality
(Chollampatt et al., 2020). On the other hand, we
should expect that humans will continue to make er-
rors. TEC models will continue to provide benefit
as a way of assisting humans, whether for profes-
sional translation work or everyday language learn-
ers. TEC is synergistic with continuing advance-
ments in MT: improved MT will lead to improved
error correction for human-generated translations.
While APE pits models against models, TEC is
an opportunity to combine the best of humans and
models because humans and models make different
errors.

In sum, this paper revisits the notion of “trans-
lation correction” conceived narrowly as the MT-
centered task of APE, with an empirical investi-
gation of translation error correction (TEC), the
task of learning to correct human translations. Our
contributions are:

1. We release ACED, the first corpus for TEC
containing three datasets of human transla-
tions and revisions generated naturally from a
commercial translation workflow.

2. We analyze the kinds of errors humans make
in ACED, finding that while APE is dominated
by correcting translation fluency, TEC focuses
on correcting a broader range of errors that

appear in translation.
3. We propose a pre-training approach for TEC

that outperforms approaches developed for
similar tasks such as APE. Together, our re-
sults suggest the need for distinct approaches
to correct human translation errors.

4. We perform a human-in-the-loop user study,
finding that professional translators produce
higher quality translations when assisted by a
TEC model.

2 The ♠ ACED Corpus for TEC

Given a source language sentence s and a human-
generated translation t, the goal of TEC is to pro-
duce a corrected target language sentence t′.

We introduce the ACED corpus, a set of three
TEC datasets: ASICS, EMERSON, and DIGITALO-
CEAN (DO), each consisting of English–German
sentence triples (s, t, t′) from varying domains.

ACED is a real-world benchmark, containing nat-
uralistic data from a task humans perform, rather
than manually annotated data. All translations were
created by professional translators working with
Lilt, a localization services provider. All translators
have at least 5 years of professional translation ex-
perience and experience working with the customer
and domain. Each document was translated from
scratch (i.e. not post-edited) by a human translator
using an interactive neural MT system. Each trans-
lated document was then reviewed by a reviewer,
who Lilt selects as one of the more senior transla-
tors. As a result, the examples in our corpus exhibit
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Dataset Domain
# sentences

% edited # edits Edit distance
train dev test (mean) (mean)

ASICS Marketing 1395 525 616 29 % 1.6 7.5
EMERSON Technical 4287 1255 1662 20 % 1.5 5.8
DIGITALOCEAN (DO) Technical 11773 6104 7644 8 % 1.5 7.1

Table 2: Corpus statistics for each dataset in the ACED corpus, including edit statistics on % of sentences that edited,
and for edited sentences, the average number of edits and average edit distance.

real errors that translators make, and the corrected
translations are publication quality.

Secondly, ACED is diverse, with the three
datasets from varying domains exhibiting differ-
ent error distributions and difficulty for initial work
on the TEC task. Information for each dataset is
shown in Table 2. The ASICS dataset consists of
marketing content with product names and descrip-
tions for an activewear company. EMERSON con-
sists of industrial product names for a manufactur-
ing company. DO consists of software engineering
tutorials. The various content types pose different
challenges for translators and thus for TEC systems,
which we discuss in Section 2.1 and Section 2.2.

Duplicate sentences with the same source s were
removed. A portion of sentences were rewritten
by the reviewer rather than being edited (a relative
edit distance of more than 25% and a minimum of
two edited words). We replace t in these sentences
with t′ in the corpus, so that training and evaluation
focuses on local edits rather than re-translations.
The train, dev, and test splits were constructed by
splitting along document boundaries.

2.1 How do TEC and APE errors differ?

To understand how the human errors in the TEC
task differ from model errors in APE, we compare
the types of errors in ACED with 100 randomly sam-
pled errors in the WMT 2021 APE shared task dev
set 2, which we then annotate with error types. We
define an error taxonomy that classifies each edit
as one of three types: (1) Monolingual edits are
identifiable from only the target-side text. We di-
vide these further into subcategories that highlight
different capabilities needed to correct edits: typos
(including spelling, punctuation, spacing, ortho-
graphic issues), grammar, and fluency (awkward
phrasing, word choice, or non-native-sounding dis-
fluencies); (2) Bilingual edits concern mismatches
between the source and target text, e.g. over- or
under-translation, mis-translations; (3) Preferen-

2https://www.statmt.org/wmt21/ape-task.html

tial edits correct text that is inconsistent with the
preferences of the customer, as described in ex-
tralinguistic project requirements (e.g. terminol-
ogy or stylistic preferences). Examples of each
error type are shown in Table 1. Our error taxon-
omy closely mirrors those of previous analyses of
human translation errors (Specia and Shah, 2014;
Yuan and Sharoff, 2020; Gupta et al., 2021), and
we confirm their findings that human translation
errors differ from MT errors. However, while pre-
vious work focuses on error detection and quality
estimation, TEC is concerned with error correc-
tion. Our error types are intended to isolate the
capabilities that models need to learn to correct
edits (e.g., target-side language models can learn
to correct monolingual errors, but cannot do well
on bilingual edits).

We annotate and release error labels for all test
sentences in ASICS to enable its use as a diagnostic
set for per-type evaluation of models. On the larger
EMERSON and DO datasets, we randomly sample
50 errors to annotate for this analysis. Error types
were annotated by a professional German transla-
tor. Each segment can have multiple error types. In
Table 3, we report the percentage of sentences with
at least one error of each type. 74% of sentences in
APE exhibit a fluency error, in contrast to up to 22%
of sentences in ACED, while other types like mono-
lingual grammar, bilingual, and preferential errors
are notably underrepresented in APE. We also note
that all sentences in the APE shared task are edited,
while a key feature of TEC is identifying when
a sentence does not need to be edited. The error
distributions suggest that different modeling tech-
niques may shine in each: while APE challenges
models to correct disfluent translations characteris-
tic of MT systems, our task is designed to focus on
identifying and correcting the typos, mismatches,
and grammatical errors more commonly exhibited
by humans. Guided by this observation, we de-
scribe an approach in Section 3 that pre-trains on
synthetic edits that are more representative of this
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TEC APE
ASICS EMERSON DO WMT ’21

Monolingual
typos 13 16 22 16
grammar 41 4 2 6
fluency 22 0 20 74

Bilingual 22 70 32 5
Preferential 7 24 40 6

Table 3: Percentages of erroneous sentences that contain
at least one error of each type for ASICS, EMERSON,
DO, and the dev set of the WMT 2021 APE shared task.
As a task, APE exhibits many more fluency errors than
TEC.

error distribution.

2.2 How difficult is it to learn to edit?
To quantify how difficult it may be to learn the
correct edits in ACED, we report statistics on edit
overlap: what proportion of edits that we expect
models to perform (e.g. adding a comma) appear
exactly in the training set? We use the errant toolkit
to identify discrete edits (Bryant et al., 2017). Each
edit is represented as a tuple (original span, re-
placement span), e.g. (“auf”, “an”) to replace
“auf” with “an.” Edit statistics are reported in Ta-
ble 4: in ASICS and DO, ∼20% of the total number
of edits in dev and test appear in the training set,
while EMERSON has ∼60% of dev and test edits
appear in the training set.

While the edit overlap rate provides a relative
sense of scale for precision and recall numbers,
it does not provide an upper bound on recall. It
is possible to learn edits that do not exactly ap-
pear in the training set. For example, capitaliz-
ing product names (“winterized” → “WINTER-
IZED”) is a learnable pattern that would appear as
many distinct edits. Additionally, some errors can
be corrected without fine-tuning because they are
generic typo, grammatical, fluency, or bilingual er-
rors. Conversely, it is also possible that it is wrong
to make an edit that appears in the training set,
depending on the surrounding sentential context.

3 Approaches to TEC

We propose a TEC model and compare it to sev-
eral models designed for related tasks to deter-
mine whether they are also effective for TEC. An
overview of the differences between the models is
shown in Figure 1. All models use the Transformer
neural architecture (Vaswani et al., 2017) that gen-
erates the target sequence t′ from left to right. All
are pre-trained on 36M sentences from the WMT18

ASICS EMERSON DO

Train Total Edits 606 1436 1212
Unique Edits 418 486 940

Dev Total Edits 246 381 1004
% in train 14 63 21

Test Total Edits 287 364 766
% in train 23 60 21

Table 4: Edit and edit overlap statistics for each ACED
dataset: total number of edits, unique edits in each train
split, and percentage of total edits in each dev and test
split that appear in the train split.

translation task3 and fine-tuned on ACED, unless in-
dicated otherwise. All pre-training and fine-tuning
data is pre-processed by normalizing punctuation
with the Moses toolkit (Koehn et al., 2007).

All models have 6 encoder and decoder layers,
model dimension of 256, feed-forward dimension
of 512, and 8 attention heads. We use a joint En-
glish–German vocabulary with 33k byte pair en-
coding subwords (Sennrich et al., 2016). During
pre-training, we set the dropout to 0.1 and use the
Adam optimizer (Kingma and Ba, 2015) with a
learning rate of 0.0002. During fine-tuning, we
decrease the learning rate to 0.0001 and reset the
Adam momentum parameters. We select the best
fine-tuning checkpoint with edit-level F0.5 score on
our dev set. We use greedy inference.

3.1 Dual-Source Encoder-Decoder Model

We first describe the dual-source encoder-decoder
we use for the APE and TEC models. Formally, the
original Transformer architecture (Vaswani et al.,
2017) takes a sequence of J source tokens s1...J
and predicts a sequence of I ′ target tokens t′1...I′ .
We adapt the architecture to additionally encode the
original translation t, a sequence of I tokens, t1...I .
We independently project t into the embedding
space, add an offset vector o, and then concatenate
the embedding with the embedding of the source s
to form the encoder input. To allow the dual-source
model to copy tokens from the original translation
t, we implement the copy-mechanism proposed by
Zhao et al. (2019), which augments the model with
an additional encoder-decoder attention layer. An
expanded description of the model can be found in
Appendix Section A.

3http://www.statmt.org/wmt18
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Figure 1: Overview of model architectures, pre-training data, and fine-tuning data for each approach to TEC.
Transformer encoders and decoders are depicted as yellow and blue rectangles, respectively. The GEC and TEC
models are pre-trained with synthetic corruptions of t′ (t′corrupted), as detailed in the description of the TEC and
GEC models. APE uses MT-generated translations of s (tMT) as synthetic data. BERT-APE is a state-of-the-art
pre-trained APE model made available by Correia and Martins (2019).

3.2 Synthetic Data Generation

For the TEC and GEC model, we generate syn-
thetic triples (s, t, t′) for pre-training. We gener-
ate a synthetic t by corrupting the German side of
the translation data into t′corrupted. For each sen-
tence, we sample the probability of corruption
pc ∼ N (µ = 0.01, σ = 0.04) clipped at 0. On
each character and word in that sentence, with prob-
ability pc, we randomly select one of the following
perturbations to apply at that position: insertion,
deletion, transposition, repetition.

3.3 TEC Models

The five approaches we compare are:

TEC (this work) We implement the dual-source
encoder-decoder model that encodes two inputs (s,
t) and outputs t′, as described in Section 3.1, and
then pre-train on synthetic data generated with the
procedure in Section 3.2. We then fine-tune on
ACED.

MT We train an English-German neural machine
translation model (with the standard architecture
described previously) and fine-tune it on (s, t′)
ACED pairs, ignoring the original translation t.

GEC We evaluate a encoder-decoder (monolin-
gual) GEC model that takes an incorrect German
sentence t as input and outputs a corrected t′. We
use the same copy mechanism to attend to t as our
TEC model. To pre-train, we perturb t′ using the
procedure described in Section 3.2, throwing away
the source side to obtain (t, t′) = (t′corrupted, t

′)
pairs. We then fine-tune on the ACED corpus, ig-
noring s.

APE We implement a dual-source encoder-
decoder model that is identical to our TEC model.
Following common practice in APE (Junczys-
Dowmunt and Grundkiewicz, 2016; Negri et al.,
2018), we pre-train on synthetic “post-editing”
triples (s, t, t′) where t = tMT is generated by
translating s with an MT system. We split the train-
ing dataset into two parts, train an MT model on
each half, and use each model to translate the other
half of the dataset not seen during training. We
then fine-tune on ACED.

BERT-APE We also evaluate whether a state-of-
the-art APE model can be directly applied to our
task. We evaluate the BERT-based encoder-decoder
of Correia and Martins (2019), on which the WMT
2019 shared task winner was based (Lopes et al.,
2019). Following Correia and Martins (2019), we
fine-tuned on 23K English–German SMT triplets
from the WMT18 shared task4. We reproduce their
results on the APE shared task test sets, and con-
tinue fine-tuning this model on ACED. Following
their paper, the inputs are pre-processed by tokeniz-
ing and joining the two inputs with a separator to
form (s [SEP] t, t′) pairs.

4 Results & Discussion

The primary metric for TEC is MaxMatch scores
(M2) (Dahlmeier and Ng, 2012) computed with
the errant toolkit (Bryant et al., 2017). M2 is a
standard metric for GEC that aligns t and t′ to
extract discrete “edits.” We choose to follow the
GEC evaluation practice of up-weighting precision
by comparing F0.5, since the original translation is

4http://www.statmt.org/wmt18/ape-task.html, with
12K train triplets from 2016 and 11k from 2017
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ASICS EMERSON DO

Model Prec. Rec. F0.5 Prec. Rec. F0.5 Prec. Rec. F0.5

MT 3.3 31.4 4.0 16.2 78.6 19.2 1.2 41.9 1.5
GEC 52.8 6.6 22.0 78.0 53.3 71.4 20.5 2.0 7.1
APE 51.2 7.3 23.3 78.1 54.4 71.8 14.4 1.7 5.8
BERT-APE 6.8 10.8 7.3 32.0 57.8 35.1 2.3 3.8 2.5

TEC 57.4 9.4 28.4 82.1 57.2 75.5 21.7 2.0 7.2

Table 5: Main results on ACED. Our fine-tuned TEC model outperforms on F0.5. The fine-tuned MT model scores
highest on recall because it makes many edits, but at the cost of unacceptably low precision.

mostly correct: it is better to suggest few correct
edits than potentially introduce new errors.

Table 5 shows that TEC achieves the best overall
F0.5 score on all datasets, from +0.1 (on DO) up
to +5.1 (on ASICS) above the next-best model.
Fine-tuning on actual human corrections provides
substantial gains; results without fine-tuning can
be found in Appendix Section B.

Both the MT model (which ignores t) and the
GEC model (which ignores s) underperform TEC.
The MT model’s high edit recall can be attributed to
the fact that it proposes many edits, greatly trading
off precision. Without conditioning on t, direct
MT translations of the source diverge from the
reference. The GEC model obtains high precision
but underperforms on recall. Conditioning on s not
only makes it possible to propose bilingual edits,
but also provides additional information to correct
monolingual edits, as we show in Section 4.1.

Can APE models be directly adapted for TEC?
Since our task is structurally identical to APE, a
natural question is whether models that are trained
on the APE objective can be directly adapted for
TEC. The APE and TEC models differ only in pre-
training, but the performance difference between
them is substantial, indicating that the more GEC-
like data synthesis procedure is a better fit for TEC
than APE-style data synthesis via MT. Even more,
the BERT-APE model, which is first fine-tuned to
achieve state-of-the-art on APE before fine-tuning
on ACED, achieves a particularly low F0.5 score
because it makes too many edits (low precision).
Although future work may find insights in APE,
our results emphasize that models that excel at
correcting machine errors cannot be assumed to
work well on human translations.

4.1 Fluency & Per-category Error Analysis

We perform a more in-depth comparison using al-
ternative metrics on ASICS, which includes an-

notated error labels as a diagnostic tool. First,
to understand how much models are editing, we
look at n-gram overlap with the GLEU metric
(Napoles et al., 2015), a variant of BLEU used
in GEC evaluation to measure the fluency of holis-
tic rewrites (Sakaguchi et al., 2016). Next, we
compare sentence-level accuracy, which measures
exact match with t′. We compute overall sentence-
level accuracy, which includes unedited sentences
(which some models may incorrectly edit). We
also report accuracy per error type over (edited)
sentences annotated with that error type. These
metrics need to be interpreted carefully: a no-edit
baseline achieves a GLEU score of 87.85 (since
original translations are mostly close in edit dis-
tance to the final) and sentence-level accuracy of
70.62% (the % of unedited sentences), outperform-
ing models like MT and BERT-APE that make too
many incorrect edits.

Our TEC model achieves the best score overall
on both alternative metrics over all sentences, but
various models outperform on specific error types.
The full results are shown in Table 6. Examples
of system outputs for different error types can be
found in Appendix Section C.

Notably, APE models lose the most accuracy
relative to our model on monolingual typo edits.
This may be because neural MT decoders much less
frequently introduce target-side errors that would
be similar to typos (compared to the frequency of
fluency errors). Still, the observation that different
models do well at different errors suggests that
future work can improve on TEC by leveraging
the strengths of different models, e.g. using MT
models to propose alternative translations.

5 User Study: Assisting Professional
Translators with TEC

Our automatic evaluation shows how our TEC
model can outperform other baseline systems, but
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Sentence-level Accuracy (%)

Overall Unedited Mono. Mono. Mono. Bilingual PreferentialTypos Grammar Fluency
Model GLEU /616 /435 /16 /78 /41 /41 /14

No-edit 87.85 70.62 (100) - - - - -
MT 44.79 31.66 40.00 0.00 11.54 2.44 24.39 14.29
GEC 88.46 71.10 97.01 31.25 14.10 0.00 0.00 0.00
APE 88.39 71.43 97.47 12.50 16.67 2.44 0.00 0.00
BERT-APE 82.35 39.77 52.18 6.25 19.23 0.00 4.88 0.00

TEC (this work) 88.81 71.92 97.01 25.00 17.95 0.00 7.32 0.00

Table 6: Additional analysis of n-gram overlap (via GLEU) and exact-match sentence accuracy over all test sentences
(Overall) and per error category for the ASICS dataset. Number of sentences with an error of each type are indicated
in gray, with some sentences containing errors from multiple categories. For each error category, we report the
percentage of those sentences with at least one error of that type that a system predicted exactly.

we are ultimately interested in whether any TEC
system is indeed useful in practice. Presently,
TEC is done manually by humans. To investi-
gate whether TEC systems can already be useful
to humans—improving the quality, speed, or ease
of human review—we performed a human-in-the-
loop user study with our TEC model.

5.1 Methodology
We recruited 9 professional translators to serve as
reviewers. None of them had prior experience with
ASICS content. They were allowed to read and
reference the sentences in the ASICS training set
to familiarize themselves with the content and pre-
ferred terminology. Then, they were each assigned
to review 74 sentences from the test set of ASICS.
Of the 74 sentences, our TEC system predicted a
suggested edit for 57 sentences, and for the remain-
ing 17 sentences our TEC system did not predict
any edits.

We opt for a within-subjects design to control
for speed and experience differences between re-
viewers. For each reviewer, the 74 sentences were
randomized such that half were in the “assisted
condition” showing the TEC suggestion if avail-
able for the sentence, and the other half were in the
“unassisted condition” where no TEC suggestion
was shown. The reviewing interface is shown in
Figure 2. If the sentence has suggestions available,
the reviewer is asked to first accept or reject each
of the suggestions. Then, they are asked to make
edits to the text until they are satisfied with the
translation. They then click a button to confirm
their translation and move to the next sentence.

During the review process, we track:
1. Whether the TEC suggestion, if shown, was

accepted or declined

Figure 2: The interface used to show suggestions to
reviewers in our user study.

2. Total time spent reviewing each sentence
3. Number of edit operations (insertions and

deletions) the user made
4. Levenshtein edit distance from the original

text to the final text

Finally, to evaluate whether TEC has an effect
on quality, we asked a 10th translator to compare
the quality of the reviewed sentences by ranking
the 9 reviewed translations, with ties allowed. This
translator was the translator who had reviewed the
reference translations in the corpus, as the explicit
goal is to ensure consistency with conventions in
the training documents.

5.2 Results

In the user study, 79% of TEC suggestions were
accepted. For the purpose of analyzing effects of
the TEC suggestions on time spent and translation
quality, we will focus on only the 255 sentences
(across 9 reviewers) where a TEC suggestion ex-
ists. Results are shown in Table 7. For all statis-
tical significance tests, we use the Mann-Whitney
(MW) U-test for testing statistical significance as
all quantities are neither normally distributed nor
log-normal.
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Review Time Inserts Levenshtein
Suggestions (ms/char) + Deletes Distance

Hidden 361 0.0625 0.0347
Shown (Overall) 367 0 0.0185

Accepted 328 0 0.0176
Declined 841 0.0625 0.0426

Table 7: Length-normalized medians from our user study
for review times, number of characters the user inserted
and deleted, and final Levenshtein edit distances from
the original to the final translations. Data is split based
on whether the suggestion was hidden or shown, and
“Suggestion Shown” is further broken down according to
whether the user accepted or declined the suggestion.

1 2 3 4 5

Suggestions
Shown
Hidden

Quality Ranking (lower is better)

Figure 3: Box plot showing quality rankings of segments
reviewed with suggestions hidden vs shown. Lower is
better. Notches indicate median quality rankings. Bars
indicate the upper fence (3rd quartile + IQR*1.5).

5.2.1 Effects of Suggestions on Time Spent
During the Review Process

We first analyze how TEC suggestions influence
the time spent reviewing a sentence. We compare
the time durations normalized by the length of the
sentence that needed to be reviewed (the length-
normalized review time), as longer sentences re-
quire more time to be read and reviewed.

There is no significant difference in length-
normalized review time when the suggestion is
hidden vs. shown (MW U = 31654, p =
0.460). When suggestions are shown, the length-
normalized review time is significantly less on sen-
tences where reviewers accepted the suggestion,
compared to sentences where they declined (MW
U = 3555, p < 0.0005).

A potential explanation for these results is that
when reviewers are shown incorrect TEC sugges-
tions, they are distracted and slowed down, provid-
ing some evidence that precision should indeed be
emphasized in automatic evaluations of TEC.

5.2.2 Effects of Suggestions on Edits Made
During the Review Process

We also analyze the effects of suggestions on the
editing effort, as measured by the number of char-
acters the reviewer had to insert and delete, as well
as how different the final reviewed sentences were
from the original.

When suggestions are shown vs. hidden, there
is a significant reduction in the number of inser-
tions+deletions (MW U = 41348.5, p < 0.0001).
There is also a significant reduction when a shown
suggestion is accepted vs. declined (MW U =
4007.5, p < 0.005). There is no significant dif-
ference in the Levenshtein distance from the orig-
inal translation to the final translation, between
when a suggestion is shown vs. hidden (MW

U = 33750.0, p = 0.611), or between when a
shown suggestion is accepted vs. declined (MW
U = 5485.0, p = 0.783).

Thus, the TEC system suggestions help to sig-
nificantly reduce the amount of manual typing that
the user must perform.

5.2.3 Effects of suggestions on reviewed
sentence quality

To assess the effects of TEC assistance on qual-
ity, we used the quality rankings produced by the
independent reviewer. Quality rankings were not
normally distributed, so we use the Mann-Whitney
U-test for testing statistical significance. A box
plot of the quality rankings is shown in Figure 3.
The median quality ranking when the suggestion
is shown is 1, vs. 2 when the suggestion is hidden.
The quality ranking is significantly lower (meaning
quality is higher) when the suggestion is shown, vs.
hidden (MW U = 28738.0, p < 0.01).

This suggests that showing TEC suggestions
may be helping reviewers correct errors they may
not have otherwise noticed, or help nudge them
towards desired corrections.

5.3 Qualitative Findings

We also conducted a post-study survey for review-
ers to report qualitative feedback. To understand
common themes in the responses, we present all
themes that at least two reviewers mention in their
commentary.

5.3.1 The Role of Reliability and Trust
Five reviewers commented that reliability is criti-
cal: it was difficult to trust the system when they
noticed some suggestions were incorrect, or the sys-
tem did not reliably make an edit when applicable
(e.g. always hyphenating when appropriate):
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“Because I wasn’t sure I can trust the suggestions
(because I saw several incorrect ones) so it took
me longer to think/check whether the suggestion
is right. And I have to read the entire sentence
again anyway to check for other errors the sug-
gestion didn’t catch...would only work if I knew
100% that the suggestions are always right”

These comments are in concordance with our
quantitative findings. Perhaps unlike other assis-
tive applications, it is not enough to only have high
precision: if reviewers cannot trust that the system
has caught most or all errors, they will not save
time as they still have to read the entire sentence
carefully. Conversely, a high-recall, low-precision
system is not only distracting, but also leads re-
viewers to be suspicious of whether suggestions
are correct in general. In general, future TEC sys-
tems must manage this balance of precision and
recall for user trust.

5.3.2 Use Cases for TEC
Many reviewers highlighted scenarios where trust-
worthy TEC systems could be particularly useful.

Two reviewers said TEC is helpful for correc-
tions and typos, similar to the use cases for GEC
in the wild (Omelianchuk et al., 2021):

“If the tool would manage to reliably show miss-
ing punctuation marks, or numbers, or that the
translation contains different numbers than the
source, that would be helpful and save time.”;
“recurring mistakes”

On the other hand, three reviewers mentioned that
they hoped such a system would make more sub-
stantial corrections in order to save a non-negligible
amount of time, although of course these edits may
come at the expense of precision:

“There were not many suggestions, and they only
offered small improvements...Not clear whether I
would save time or not.”

Three reviewers commented that a TEC system
could be a memory aid or substitute for research-
ing client-specific requirements, which is often an
intensive part of the production translation process.
One reviewer pointed out it could be particularly
useful as an instructive tool for translators who are
new to a client:

“if I am new to an account and don’t yet know
whether this client wants hyphens or not (always
an issue with German). So usually I have to re-
search... (or guess), but if the QA suggestions
knew this client’s preference and would tell me,
that would save me time.”

Finally, three reviewers commented that it could
be useful as an attention-directing tool by making
them aware of what errors they might look out for,
especially in repetitive content where it may be
easy to miss details:

“makes you more sensitive for spotting similar
errors”; “makes you aware of what kind of errors
to look for in upcoming segments”; “maybe it
helps with [repetitive sentences] that you would
otherwise just quickly glance at.”

6 Conclusion & Future Work

We introduced the task of translation error correc-
tion (TEC) and released the ACED corpus to study
automatic correction of human translations, consist-
ing of three TEC datasets across varying domains.
In our analysis of TEC data, we showed how the
errors that humans make differ from those made by
MT systems, suggesting that this task warrants dif-
ferent approaches from those previously studied in
the task of automatic post-editing. We confirm this
empirically by proposing a synthetic data genera-
tion procedure that more closely matches the distri-
bution of human translation errors and showing that
our TEC model, pre-trained on this data, consis-
tently outperforms models developed for APE, as
well as those for MT and GEC. Finally, we showed
how our TEC system is helpful to real humans, as-
sisting professional reviewers and leading them to
produce higher quality reviewed translations.

Future work may improve on our TEC system
by investigating how to leverage the strengths of
recent MT systems (e.g. for initializing systems or
proposing edits) or developing more sophisticated
synthetic data generation techniques (e.g. using
the source sentence or linguistic knowledge). Be-
yond our benchmark, it would be interesting to
apply TEC systems to other settings in which hu-
man translation errors appear, e.g., to correct trans-
lations written by language learners, denoise MT
training sets, or clean up MT evaluation sets.

From the perspective of human-AI interaction,
TEC presents a real-world use case and testbed
to study how to assist experts with modern NLP
systems, hinting at the opportunity to combine the
best of humans and machines.
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A Transformer Architecture Background
and Model Description

A.1 Transformer Architecture
The neural models implemented in this work are
based on the self-attentional Transformer archi-
tecture (Vaswani et al., 2017). Formally, given
a sequence of source tokens (encoded as one-hot
vectors) s1...J = (s1, . . . , sJ), sj ∈ V, the goal
is to predict a sequence of target tokens t′1...I′ =
(t′1, . . . , t

′
I′), t

′
i ∈ V, that is a translation of the

source sequence, where V is the vocabulary. The
model has two main components, the encoder and
the decoder. The encoder transforms the source
sequence s1...J into a sequence of hidden states by
first mapping each individual token into a continu-
ous embedding space, adding a positional embed-
ding and then processing it through a sequence of
self-attention and feed-forward layers:

x1...J = Es1...J + p1...J (1)

henc
1...J = encoder(x1...J), (2)

where xj ∈ V, j ∈ (1, . . . , J), E is the embedding
matrix for vocabulary E and p1...J is the sequence
of positional embeddings described in Sec. 3.5 of
(Vaswani et al., 2017). At a given time step i, the
decoder defines a probability distribution Pi over
all vocabulary items in V:

y′1...i−1 = Et′1...i−1 + p1...i−1 (3)

hdec
i = decoder(y′1...i−1,h

enc
1...J) (4)

Pi(t
′
i) = softmax(hdec

i E⊤) (5)

where we assume a single shared vocabulary V and
embedding matrix E. At training time we optimize
the cross-entropy loss

LCE(P ) = −
∑

i

log(Pi(t
′
i)). (6)

A.2 Dual-Source Encoder-Decoder Model
Given an additional input sequence t1...I =
(t1, . . . , tI). the dual-source model used for the
APE and TEC models is implemented by indepen-
dently projecting t1...I into the embedding space,
adding an offset vector o and concatenating the em-
bedding sequences. Equations 2 and 4 are rewritten
as

y1...I = Et1...I + p1...I + o (7)

henc
1...(J+I) = encoder([x1...J ;y1...I ]) (8)

hdec
i = decoder(y′1...i−1,h

enc
1...(J+I)), (9)

where o is a single learned vector that is broadcast
to all positions i ∈ (1, . . . , I) and [·; ·] denotes the
concatenate operation.

A.3 Copy-Attention Mechanism
The new output probability distribution for the next
target token Pi(t′i) is a weighted sum of the proba-
bility of generating and the probability of copying
token t′i:

P̂i(t
′
i) = (1− αcopy

i )Pi(t
′
i) + α

copy
i P

copy
i (t′i),

(10)

where the copy probabilities are calculated from the
attention matrix of an additional encoder-decoder
attention layer that is added on top of the final
decoder layer, Ai:

P
copy
i (t′i) = softmax(Ai) (11)

The copy probability weight αcopy
i is determined

with the attention context vector ci, computed as a
weighted sum of the attention values (i.e. linearly
transformed encoder states) where the weights are
defined by Ai:

α
copy
i = sigmoid(W⊤ci). (12)

This copy-attention layer applies a source-side
mask so that it only attends to the positions (J +
1, . . . , J + I) that correspond to the second in-
put sequence t1...I , and its implementation follows
Zenkel et al. (2019). In particular, it uses a single
attention head, no skip connection, and contains a
separate output layer that predicts the target word
based on its context vector with probability distri-
bution P align

i (·). At training time both output layers
are optimized jointly by defining the overall loss L
as the weighted sum of both cross-entropy losses:

L = LCE(P̂ ) + λLCE(P
align) (13)

λ is set to 0.05 in all experiments. We further ap-
ply source-word dropout (Junczys-Dowmunt et al.,
2018), setting the full embedding vector for words
in t to 1/psrc with probability psrc = 0.05.

B Results without finetuning

See Table 8.

C Examples of System Output

See Table 9, Table 10, Table 11.

D Full User Study Results

See Table 12.
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ASICS EMERSON DO

Model Prec. Rec. F0.5 Prec. Rec. F0.5 Prec. Rec. F0.5

MT 0.8 12.2 1.0 1.6 16.9 2.0 0.5 23.4 0.6
GEC 5.9 1.4 3.6 0.7 0.6 0.7 0.3 1.2 0.3
APE 2.7 7.3 3.1 3.6 3.3 3.5 0.4 5.0 0.5
BERT-APE 0.5 5.9 0.6 0.1 2.2 0.1 0.3 9.2 0.4

TEC 41.7 1.7 7.5 12.2 4.2 8.8 5.3 2.5 4.3

Table 8: Results without finetuning.

Type: Monolingual: technical
s: Do your feet roll inwards when running?
t: KIppen deine Füße beim Laufen nach innen ?
Reference t′: Kippen deine Füße beim Laufen nach innen ?

Model Predicted t′

MT KIppenRollen deine Füße beim Laufen nach innen ?
APE Correctly predicts t′

BERT-APE No change to t
GEC Correctly predicts t′

TEC (ours) Correctly predicts t′

Table 9: A monolingual technical error the APE, GEC and TEC models edit correctly.

Type: Monolingual: technical
s: Run further than you thought possible in the GEL-NIMBUS ™ 21 LS running shoe for men

by ASICS - packed full of plush cushioning and special technologies to respond to your natural
stride.

t: Mit mit dem ASICS GEL-NIMBUS ™ 21 LS Laufschuh für Herren mit weicher Dämpfung und
speziellen Technologien , durch die sich der Schuh an deine natürlichen Schritte anpasst , läufst
du weiter , als du es selbst je für möglich gehalten hast .

Reference t′: Mit dem ASICS GEL-NIMBUS ™ 21 LS Laufschuh für Herren mit weicher Dämpfung und
speziellen Technologien , durch die sich der Schuh an deine natürlichen Schritte anpasst , läufst
du weiter , als du es selbst je für möglich gehalten hast .

Model Predicted t′

MT Mit mit demLaufe weiter , als du es im GEL-NIMBUS ™ 21 LS Laufschuh für Herren
von ASICS für möglich gehalten hättest - mit weicher Dämpfung und speziellen Technologien
, durch die sich der Schuh an deine natürlichen Schritte anpasst , läufst du weiter , als du es
selbst je für möglich gehalten hast .um auf deinen natürlichen Schritt zu reagieren .

APE No change to t
BERT-APE Correctly predicts t′

GEC Correctly predicts t′

TEC (ours) Correctly predicts t′

Table 10: A monolingual technical error the BERT-APE, GEC and TEC models edit correctly.
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Type: Bilingual
s: The DUOMAX ™ midsole offers smooth overpronation control by combining two different

density materials to reduce the risk of flat feet and bunions.
t: Die DUOMAX ™ -Mittelsohle bietet mühelos Halt bei Überpronation , indem zwei unter-

schiedliche Dichtematerialien kombiniert werden , um das Risiko von flachen Füßen und
Fußballen zu verringern .

Reference t′: Die DUOMAX ™ -Mittelsohle bietet mühelos Halt bei Überpronation , indem zwei un-
terschiedliche Dichtematerialien kombiniert werden , um das Risiko von Plattfüßen und
Ballenzehen zu verringern .

Model
MT Die DUOMAX ™ -Mittelsohle bietet mühelos Halt bei eine reibungslose Überpronation , indem

sie zwei unterschiedliche Dichtematerialien kombiniert , um das Risiko von flachen Füßen und
FußballenBündchen zu verringern .

APE No change to t
BERT-APE Die DUOMAX ™ -Mittelsohle bietet mühelos Halt bei Überpronation , indem zwei unter-

schiedliche Dichtematerialien kombiniert werden , um das Risiko von flachen Füßen und
FußballenBaseballen zu verringern .

GEC No change to t
TEC (ours) No change to t

Table 11: A bilingual error all models fail to edit correctly.

Suggestion
Hidden

Suggestion
Shown

Suggestion Shown
and Accepted

Suggestion Shown
and Declined

Review Time (median) 34.0475 sec 33.103 sec 26.606 sec 50.524 sec
Review Time (length-norm, median) 361 ms/char 367 ms/char 328 ms/char 841 ms/char
Inserts (median) 1.5 chars 0 chars 0 chars 4 chars
Inserts (length-norm, median) 0.0248 0 0 0.0345
Deletes (median) 2 chars 0 chars 0 chars 4 chars
Deletes (length-norm, median) 0.0294 0 0 0.0375
Inserts+Deletes (median) 4 chars 0 chars 0 chars 9 chars
Inserts+Deletes (length-norm, median) 0.0625 0 0 0.0625
Levenshtein Dist (median) 2 chars 1 char 1 char 6 chars
Levenshtein Dist (length-norm, median) 0.0347 0.0185 0.0176 0.0426

Table 12: All data from our user study about review times, number of characters the user inserted and deleted,
and final levenshtein distances from the original. Data shown are medians (raw and length-normalized) across the
segments, based on whether the suggestion was hidden or shown. “Suggestion Shown” is further broken down
according to whether the user accepted or declined the suggestion.
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Abstract

We study the robustness of machine read-
ing comprehension (MRC) models to entity
renaming—do models make more wrong pre-
dictions when the same questions are asked
about an entity whose name has been changed?
Such failures imply that models overly rely
on entity information to answer questions, and
thus may generalize poorly when facts about
the world change or questions are asked about
novel entities. To systematically audit this is-
sue, we present a pipeline to automatically gen-
erate test examples at scale, by replacing entity
names in the original test sample with names
from a variety of sources, ranging from names
in the same test set, to common names in life, to
arbitrary strings. Across five datasets and three
pretrained model architectures, MRC models
consistently perform worse when entities are
renamed, with particularly large accuracy drops
on datasets constructed via distant supervision.
We also find large differences between models:
SpanBERT, which is pretrained with span-level
masking, is more robust than RoBERTa, de-
spite having similar accuracy on unperturbed
test data. We further experiment with different
masking strategies as the continual pretraining
objective and find that entity-based masking
can improve the robustness of MRC models.1

1 Introduction

The task of machine reading comprehension
(MRC) measures machines’ understanding and rea-
soning abilities. Recent research advances (Devlin
et al., 2019; Yang et al., 2019; Khashabi et al.,
2020) have driven MRC models to reach or even
exceed human performance on several MRC bench-
mark datasets. However, their actual ability to
solve the general MRC task is still questionable
(Kaushik and Lipton, 2018; Sen and Saffari, 2020;
Sugawara et al., 2020; Lai et al., 2021). While hu-

1Our code and data can be found at https://github.
com/INK-USC/entity-robustness.

[Passage]

[Question]

[Answer]

… Michael beat Jack and won the championship.
Perturbation: InDistName

… Ashvith beat Jack and won the championship.
Perturbation: DBName

… Uqlcs beat Jack and won the championship.
Perturbation: RandStr

… James beat Jack and won the championship.
Original

Robustness Evaluation

James
Model:

Michael

Ashvith

Uqlcs

Who got the first place in the game?

Model:

Model:

Model:

Figure 1: An illustrative example of the robustness to
entity renaming and our proposed perturbations for ro-
bustness evaluation. “Michael” is from the answer of
another test instance. “Ashvith” is a person name from
an external database. “Uqlcs” is a random string with
the same length as the original name.

mans show robust generalization on reading com-
prehension, existing works have revealed that MRC
models generalize poorly to out-of-domain data dis-
tributions (Fisch et al., 2019) and are brittle under
test-time perturbations (Pruthi et al., 2019; Jia et al.,
2019; Jia and Liang, 2017). All these issues could
naturally happen to MRC systems deployed in the
wild, hindering them to make reliable predictions
on user inputs with great flexibility.

In this work, we focus on an important but under-
studied type of test-time distribution shift caused
by novel entity (e.g., person and company) names.
Besides the evidence provided by the surrounding
context, an MRC model also has the capacity to
leverage the entity information to make predictions
(Sugawara et al., 2018; Chen et al., 2016). The
information associated with the entity name covers
both world knowledge that can change over time
and dataset shortcuts that are unlikely to general-
ize. While contributing to performance on certain
benchmarks, the over-reliance on specific entity
names leads to an overestimation of model’s ac-
tual ability to read and comprehend the provided
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passage (Peñas et al., 2011). It also hinders model
generalization to novel entity names, which itself
is challenging due to the large space of valid en-
tity names induced by the flexibility of entity nam-
ing. For example, person names can be chosen
from a large vocabulary depending on the country,
while companies can be named in an even more
creative way, not to mention new names that are
being invented every day. As illustrated in Figure 1,
keeping the reasoning context unchanged, a robust
MRC model is supposed to correctly locate the
same span of a named entity as the answer, even
after it gets renamed.

To audit model robustness, we use entity renam-
ing as test time perturbation to mimic the situation
where a deployed MRC model encounters ques-
tions asking for novel entity names in the emerging
data. We design a general pipeline to generate nat-
ural perturbations of MRC instances by swapping
the answer entity name with another valid name
throughout the passage. We design perturbation
rules and collect resources for three types of enti-
ties with large name space: Person, Organization,
and Geopolitical Entity.

With this proposed analysis framework, we con-
duct extensive experiments on five datasets and
three pretrained language models. Data-wise, we
find that distantly supervised MRC datasets lead to
less robustness. Entity-wise, we find that geopolit-
ical entities pose a greater challenge than people
and organizations when renamed. Model-wise, we
find that SpanBERT is more robust than BERT and
RoBERTa, mainly due to its lower sensitivity to
domain shift on names, which is likely a benefit of
its span-focused pretraining objective. Inspired by
this, we investigate several continual pretraining
objectives and find that an entity-based masking
strategy can further improve robustness.

2 Analysis Setup

2.1 Extractive MRC

The task of MRC tests a machine’ understanding
and reasoning abilities by asking it to answer the
question based on the provided passage. We focus
on extractive MRC, where the answer is a span
in the passage. Formally, given a question Q
and a passage P of n tokens P = {x1 . . . , xn},
a model is expected to predict an answer span
a = {xi, . . . , xi+k}(1 ≤ i ≤ i + k ≤ n) in the
passage P as a response to the question Q. We use
exact match (EM) as the metric for MRC evalua-

Dataset # Train # Dev # Test DS?

SQuAD 77,929 8,659 10,507 ✗

NQ 84,577 9,367 12,836 ✗

HotpotQA 65,636 7,292 5,901 ✗

SearchQA 105,646 11,738 16,980 ✓

TriviaQA 42,569 4,696 7,785 ✓

Table 1: Evaluation datasets. “DS?” indicates whether
distant supervision is used for data collection.

tion, which is the percentage of test instances that
the model exactly predicts one of the gold answers.

In both real-world scenarios and MRC datasets,
a large portion of questions ask about entities like
people, organizations and locations. While unmen-
tioned background knowledge about the entities
might be helpful for solving the questions, overly
relying on it makes the model hard to adapt to up-
dated facts provided by the passage and generalize
to novel entities. Especially, we contrast MRC with
closed-book QA, which requires a model to directly
answer questions without access to any document
passage. Closed-book QA tests a model’s ability
to pack knowledge into its parameters and retrieve
knowledge from parameters to answer the ques-
tion. On the contrary, we expect an MRC model to
reason based on the provided passage.

2.2 Evaluation Protocol

We study the robustness of MRC models via test-
time perturbation. Given an original test set Dtest
and a perturbation function fperturb (detailed in §3)
as inputs, we construct N perturbed test sets with
N perturbation seeds. We evaluate the model on
the N perturbed test sets. By averaging the results,
we get the average-case EM score as the final
metric, which measures the average impact on the
model performance caused by the names from a
certain perturbation. We set N = 5 in experiments.

2.3 Datasets

We choose five datasets with different characteris-
tics from the MRQA 2019 shared task (Fisch et al.,
2019): SQuAD (Rajpurkar et al., 2016), Natural
Questions (NQ) (Kwiatkowski et al., 2019), Hot-
potQA (Yang et al., 2018), SearchQA (Dunn et al.,
2017), and TriviaQA (Joshi et al., 2017). Since
the official test sets of the MRQA datasets are hid-
den, we use the development set as the in-house
test set, and hold out 10% of the training data as
the in-house development set. Their statistics are
shown in Table 1.
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As a major difference in data collection, SQuAD,
NQ, and HotpotQA employ crowdworkers to an-
notate the answer span in the passage, while
SearchQA and TriviaQA use distant supervision
to match the passage with the question. Distant
supervision provides no guarantee that the passage
contains enough evidence to derive the answer. The
context where the entity span shows up may not
even be related to the question.

2.4 MRC Models
We experiment with three pretrained language mod-
els that have demonstrated strong performance
on popular MRC benchmarks. BERT (Devlin
et al., 2019) is trained on English Wikipedia
plus BookCorpus with masked language model-
ing (MLM) and next sentence prediction (NSP) as
self-supervised objectives. RoBERTa (Liu et al.,
2019) improves over BERT mainly by dropping
the NSP objective and increasing the pretraining
time and the size of pretraining data. SpanBERT
(Joshi et al., 2020) masks random contiguous spans
to implement MLM and replaces NSP with a span-
boundary objective (SBO).

The pretrained language models are finetuned
on the MRC dataset to predict the start and end to-
kens of the answer span based on the concatenated
question and passage (Devlin et al., 2019). By de-
fault, all pretrained language models in the main
experiments are case-sensitive and in their BASE
sizes. More details are shown in Appendix §A.

3 Entity Name Substitution

In this section, we introduce our method for per-
turbing an MRC test set with substitution entity
names, i.e., the instantiation of fperturb. Generating
substitution names is at the core of our evaluation
as different kinds of names measure a model’s be-
havior in different situations with different robust-
ness implications. We propose three categories of
perturbations on three entity types and collect the
corresponding name resources, aiming to audit a
model’s robustness from different perspectives.

3.1 Perturbation Pipeline
As illustrated in Figure 2, our perturbation pipeline
consists of four steps, which are introduced below.

Step 1: Answer Entity Recognition. As we fo-
cus on the effect of answer entity renaming, we
first identify entities in the answers by perform-
ing named entity recognition (NER) with spaCy

Entity Type Applicable Types of Perturbable Spans

PER
(4)

<First Name-Male> (e.g., Richard, Morton)
<First Name-Female> (e.g., Lauren, Jennifer)
<First Name-Neutral> (e.g., Shine, Frankie)
<Last Name> (e.g., Marx, Winfrey)

ORG
(5)

<NNP> (e.g., Celtic, Tiffany)
<Rare> (e.g., Hufflepuff, Pokemon)

GPE
(3)

<GPE-Country> (e.g., Iceland, Algeria)
<GPE-State> (e.g., New Brunswick, Ohio)
<GPE-City> (e.g., Boston, Sonsonate)

Table 2: Applicable metadata for each entity type in the
perturbation pipeline.

Dataset # PER # ORG # GPE # MIX

SQuAD 1,170 1,095 602 2,613
NQ 3,257 1,207 1,414 5,150

HotpotQA 1,351 824 788 2,614
SearchQA 5,707 2,450 2,248 8,688
TriviaQA 2,747 1,276 1,270 4,351

Table 3: Statistics of the perturbable subsets for different
entity types and their union (“MIX”).

(Honnibal et al., 2020) on the passage and extract
the results on the answer spans. We identify three
types of named entities: Person (PER), Organiza-
tion (ORG), and Geopolitical Entity (GPE). All of
them frequently appear as answers and have large
space of valid names, making it important and chal-
lenging for models to robustly handle.

Step 2: Perturbable Span Identification. To fa-
cilitate name substitution, we assign metadata to
detected entity names by identifying perturbable
spans within the entity name. For each type of en-
tity names, we define the applicable span types in
Table 2. The heuristics for identifying each type of
perturbable spans are introduced in Appendix §B.
Note that given one or more entity types of interest,
in this step we filter the test data to only keep a
subset of instances with non-empty metadata for
the corresponding entity types, which are instances
that are ready to be perturbed. Sizes of the per-
turbable subsets for different entity types and their
union (MIX) are shown in Table 3.

Step 3: Candidate Name Sampling. For each
perturbable span, we get its substitution name by
querying an external dictionary with the span type.
The substitution name is randomly sampled from
a pool of names in the external dictionary with
the same span type. We collect dictionaries with
names of different characteristics serving for differ-
ent analysis purpose, which are detailed in §3.2.
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②

{𝑃3, 𝑄3, 𝐴3: }Los Angeles Dodgers
ORG

{𝑃2, 𝑄2, 𝐴2: }Panning

{𝑃4, 𝑄4, 𝐴4: }23

Jason: <First Name-Male>

Los Angeles: <GPE-City>

Germany: <GPE-Country>

DBName

Categorized 
Candidate 

Names

Jason Marsden
PER

{𝑃1, 𝑄1, 𝐴1: }

{𝑃5, 𝑄5, 𝐴5: }Germany
GPE

Answer Entity
Recognition

Perturbable Span
Identification

Candidate Name
Sampling

Name Substitution

{𝑃1, 𝑄1, 𝐴1}

Dodgers: <NNP>

Marsden: <Last Name>

Frank

Pritchard

Chicago

Braves

New Zealand

{𝑃1′, 𝑄1′, 𝐴1′}

{𝑃3, 𝑄3, 𝐴3} {𝑃3′, 𝑄3′, 𝐴3′}

{𝑃5, 𝑄5, 𝐴5} {𝑃5′, 𝑄5′, 𝐴5′}

(Jason ➜ Frank)
(Marsden➜ Pritchard)

(Germany ➜ New Zealand)

(Los Angeles ➜ Chicago)
(Dodgers➜ Braves)

Perturbable Span: <Span Type>

④① ③

Figure 2: The perturbation pipeline for performing entity name substitution on MRC instances.

Step 4: Name Substitution. Once we have a
candidate name for each perturbable span, we per-
form string mapping on the passage, question, and
the gold answer, to finish the entity renaming in
MRC instances. The name substitution changes all
mentions of the answer entity in the passage while
keeping the other reasoning context.

3.2 Candidate Name Collection

We consider three types of candidate names for
perturbations in our main experiments to simulate
the domain shift of entity names during test time.

In-Distribution Name (InDistName). The set of
candidate names with their span types is the same
as the perturbable spans with their types identified
from the gold answers in the test set. This ensures
that no new name is introduced to the test set.

Database Name (DBName). We collect names
in the real world by referring to relevant databases.
For PER, we collect first names2 (with gender fre-
quency) and last names3 from the official statistics
of person names in the U.S. (We experiment with
names from other countries and languages in §4.5.)
We regard a first name as a male/female name if
its male/female frequency is two times larger than
its frequency of the opposite gender. The remain-
ing names are considered as neutral. Following
the practice for identifying perturbable spans, we
get the list of country/state/city names using Coun-
tries States Cities Database and the NNP list using
PTB. Rare words constitute an open vocabulary
so they will not be substituted under the DBName
perturbation.

2
https://www.ssa.gov/oact/babynames/limits.html

3
https://www.census.gov/topics/population/

genealogy/data/2010_surnames.html

Accuracy PER ORG GPE

Perturbable Span Identification 93.3% 86.7% 93.3%
Name Substitution 86.7% 96.7% 96.7%

Table 4: Validity of the two key steps in the perturbation
pipeline on 30 randomly sampled TriviaQA instances
for each entity type.

Random String (RandStr). The RandStr pertur-
bation is different from the other two as it neglects
the query span type when preparing the candidates.
We generate a random alphabetical string of the
same length and casing as the original perturbable
span. Names from low-resource languages can
look quite irregular to the pretrained language mod-
els. Random string as an extreme case provides an
estimation of the performance in this scenario.

3.3 Perturbation Quality

The validity of the perturbed instances depends on
the quality of the perturbation pipeline (§3.1). We
manually check the accuracy of the perturbation
steps on TriviaQA, which demonstrates the largest
performance drop as we will show. Out of the four
steps in the pipeline (Figure 2), we evaluate the ac-
curacy of step 2 (“Perturbable Span Identification”)
and step 4 (“Name Substituion”) while the accu-
racy of the other two steps can be inferred. The
evaluation details are provided in Appendix §C.
As shown in Table 4, our method gets acceptable
accuracy on the three entity types, confirming the
quality of the perturbed test sets.

4 Results and Analysis

The average-case EM scores on the original and
perturbed test sets are presented in Figure 3. We
report the mean and standard deviation over 3 train-
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Figure 3: Main results. EM scores for MRC models evaluated on datasets under different perturbations.

BERT@MIX SQuAD NQ HotpotQA SearchQA TriviaQA

Original 81.2±0.3 64.4±1.0 60.0±0.2 69.5±1.1 73.4±0.8

InDistName 78.7±0.6 62.0±1.2 56.8±0.4 53.6±1.3 59.0±1.4
DBName 78.8±0.9 62.1±1.3 54.9±0.3 50.2±1.8 50.4±1.6
RandStr 76.9±1.0 59.0±1.7 49.5±0.8 23.6±1.2 25.4±1.4

Table 5: Comparison of different datasets. EM scores
of BERT on the original and perturbed test sets of the
MIX entity type.

Wrong Entity
Error

SQuAD NQ HotpotQA SearchQA TriviaQA

Original 33.9% 34.3% 27.3% 46.3% 69.0%

InDistName 38.4% 37.5% 32.3% 66.2% 76.6%
DBName 38.0% 37.3% 33.3% 67.2% 77.6%
RandStr 42.7% 41.2% 39.1% 84.7% 86.8%

Table 6: Error analysis. The percentage of wrong
entity errors of BERT on the original and perturbed test
sets of the MIX entity type.

ing seeds. We analyze the results from several
angles by aggregating across certain dimensions.

4.1 Which datasets lead to less robustness?
Training on MRC datasets created with dis-
tant supervision leads to less robustness. In
Table 5, we show the results of BERT on the
original and perturbed test sets, while results of
RoBERTa and SpanBERT follow similar patterns.
The perturbations on all 3 entity types are combined
(shown as “MIX”). We find that models trained on
SQuAD, NQ, and HotpotQA (with at most 6% per-
formance drop under the DBName perturbation)

are significantly more robust than models trained
on SearchQA and TriviaQA (with about 20% per-
formance drop under the DBName perturbation).
While the first group of datasets are human-labeled,
the later group of datasets are constructed using
distant supervision. Such correlation indicates that
training noise due to mismatched questions and pas-
sages harms model’s robustness. We hypothesize
the reason to be that, the passage in the human-
annotated datasets usually provides enough evi-
dence to derive the answer, so a model is able to
learn the actual task of “reading comprehension”
from the data. On the contrary, SearchQA and Triv-
iaQA use web snippets as the source of passages.
The labeling process of distant supervision assumes
that “the presence of the answer string implies the
document does answer the question” (Joshi et al.,
2017), while the document may or may not contain
all facts needed to support the answer. In this case,
because the actual reading comprehension task is
difficult to learn due to lack of evidence, the model
could be prone to use entity-specific background
knowledge (e.g. assuming that “Jack Higgins” is
a British author regardless of the context) or learn
dataset-specific shortcuts associated with certain
names via memorization (e.g., choosing “Jack Hig-
gins” whenever it’s mentioned in the passage and
the question asks for an author), which causes the
robustness issue.

To better understand the failure cases, we catego-
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BERT SQuAD NQ HotpotQA SearchQA TriviaQA

PER-Original 82.8±0.4 69.3±0.9 63.1±0.1 69.7±1.4 73.6±0.7
PER-DBName 81.7±0.8 68.0±1.0 60.8±0.2 54.6±2.3 54.6±1.6

PER-∆ 1.1 1.3 2.3 15.1 19.0

ORG-Original 79.7±0.6 52.1±1.2 58.0±0.3 66.7±1.5 73.8±1.5
ORG-DBName 77.5±1.4 50.8±0.8 55.0±0.6 54.2±1.6 57.0±1.5

ORG-∆ 2.2 1.3 3.0 12.5 16.8

GPE-Original 79.1±1.0 54.5±1.7 55.8±0.6 74.4±0.8 76.4±0.6
GPE-DBName 73.7±1.1 49.5±2.7 43.9±1.3 40.1±0.8 40.1±1.3

GPE-∆ 5.4 5.0 11.9 34.3 36.3

Table 7: Comparison of different entity types. EM
scores of BERT on the Original and DBName test sets.

MIX BERT RoBERTa SpanBERT

Original 69.5±1.1/73.4±0.8 74.1±0.2/78.6±0.4 73.2±0.7/79.1±0.1

InDistName 53.6±1.3/59.0±1.4 60.7±0.4/67.8±1.1 60.3±1.4/68.3±0.8
DBName 50.2±1.8/50.4±1.6 54.0±1.0/60.5±0.9 57.9±1.0/63.1±0.8
RandStr 23.6±1.2/25.4±1.4 21.0±4.8/35.6±0.2 41.5±3.2/51.9±2.3

Table 8: Comparison of different models. EM scores
on the original and perturbed test sets of the MIX entity
type on SearchQA/TriviaQA.

rize the errors made by the model into two classes:
wrong entity errors and wrong boundary errors,
based on whether the predicted span has any word
overlap with the gold answer. We report the per-
centage of wrong entity errors in Table 6. On all
datasets, wrong entity errors make up a larger per-
centage of all errors when the test sets get perturbed.
This suggests that the performance drop is mainly
caused by the increasing errors in identifying the
correct answer entity rather than accurately predict-
ing the boundary of a correctly-identified answer
entity.

4.2 Which entity types are more challenging?

GPE renaming poses the greatest robustness
challenge. The renaming of PER and ORG are
similarly less challenging. In Table 7, we present
the performance drop caused by the DBName per-
turbation for each entity type. GPE renaming
shows the largest performance drop. The com-
parison of PER and ORG differs across datasets,
but their corresponding performance drops are gen-
erally similar. The reason is likely to be that the
model is only exposed to a small number of dis-
tinct GPE names during finetuning compared to
PER and ORG. In the training set of TriviaQA,
there are 40k ORG names and 54k PER names,
but only 12k GPE names. The lack of seen names
makes it hard to learn the generalization ability.

MIX BERT RoBERTa SpanBERT

Original 73.4±0.8/76.3±1.1 78.6±0.4/82.3±0.2 79.1±0.1/82.8±0.6

InDistName 59.0±1.4/61.3±0.4 67.8±1.1/70.8±0.6 68.3±0.8/72.1±0.7
DBName 50.4±1.6/52.6±0.7 60.5±0.9/62.6±1.3 63.1±0.8/66.9±0.6
RandStr 25.4±1.4/27.9±2.4 35.6±0.2/35.8±3.1 51.9±2.3/53.6±4.9

Table 9: Comparison of different model sizes. EM
scores of the BASE/LARGE variants of models on the
original and perturbed test sets of the MIX entity type
on TriviaQA.

4.3 Which models are more robust?

On distantly supervised datasets, SpanBERT
is more robust than RoBERTa, which is more
robust than BERT. In Table 8, we show the per-
formance of the three models under perturbations
of the MIX entity type on SearchQA and Trivi-
aQA. While RoBERTa and SpanBERT show com-
parable performance on the original and InDist-
Name test sets, SpanBERT’s improvement over
RoBERTa becomes larger with more difficult per-
turbations. Meanwhile, BERT shows even larger
performance decreases than RoBERTa. The mod-
els’ performance differences are mainly attributed
to their different pretraining strategies. RoBERTa’s
improvement over BERT indicates that a better
pretraining configuration (as measured by the per-
formance on the in-domain original test set) is also
beneficial to the performance on the perturbed test
sets, suggesting better generalization ability to the
out-of-domain data. This correlation is consistent
with the findings in Miller et al. (2021). Span-
BERT’s particular advantage on the perturbed test
sets indicates its span-focused pretraining objective
(span-based MLM and span prediction based on
boundary tokens) is especially helpful for the span-
related robustness, which is desired for the MRC
task.

Larger models are not more robust. In Ta-
ble 9, we compare the performance of the BASE
and LARGE variants of pretrained models on Triv-
iaQA. The performance drops from the original
test sets to the perturbed test sets are similar for
these two variants in most cases, suggesting that
simply increasing the model size can not resolve
the robustness issue.

4.4 How can we disentangle reasons for
performance drop?

Both loss of entity knowledge and domain shift
on names happen during renaming. The infor-
mation associated with the entity name that can
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Unseen@MIX
Original/

InDistName
DBName RandStr

SQuAD 33% / 24% 94% / 92% 100% / 100%
NQ 14% / 4% 95% / 89% 100% / 100%

HotpotQA 19% / 3% 96% / 89% 100% / 100%
SearchQA 7% / 0% 92% / 78% 100% / 100%
TriviaQA 21% / 2% 93% / 83% 100% / 100%

Table 10: The percentage of test answer entity tokens
that are never seen in the training answer/passage enti-
ties.

Accuracy Original InDistName DBName RandStr

PER 75.6% 73.4% 58.0% 60.0%
ORG 60.1% 50.6% 49.2% 48.0%
GPE 84.4% 83.4% 43.2% 27.6%

Table 11: Accuracy of the trained NER model to rec-
ognize the original and perturbed answer entities on
SQuAD.

be leveraged by the model includes both entity
knowledge and name clues. Entity knowledge
refers to the world knowledge associated with the
referred entity, like “Michelle Obama is the wife
of Barack Obama,” while name clues refer to sta-
tistical clues associated with the name’s surface
form, like “Barack Obama is likely to be a male
name”, “Barack Obama as an in-distribution name
is likely to be the answer for this dataset”. While
all perturbations break the entity knowledge about
the original entity, InDistName doesn’t introduce
additional domain shift on names and largely pre-
serve the name clues. Going from InDistName to
other perturbations, the substitution names become
more and more out of the dataset distribution. This
performance drop can be attributed to the model’s
sensitivity to name-related domain shift.

We adopt two measurements to better understand
the domain shift on names. As a token-level mea-
surement, we calculate the percentage of test an-
swer entity tokens that are never seen in entities in
training answers and entities in training passages,
as shown in Table 10. Different datasets have differ-
ent percentages of unseen tokens in the original test
sets, which are mainly affected by the size and di-
versity of training data. The number goes up with
the DBName and RandStr perturbations. As an
entity-level measurement, we train an NER model4

on the training passages, with named entities an-
notated by spaCy as ground truth. We evaluate the
trained model on perturbed test sets and calculate

4https://spacy.io/usage/training

its accuracy of recognizing the perturbed answer
entity. The results are shown in Table 11. As a sign
of domain shift, the recognition of answer enti-
ties become more difficult when they get perturbed.
GPE shows the most significant perturbation drop,
which correlate with our observation on the MRC
task (§4.2).

SpanBERT’s superior robustness over
RoBERTa is mainly from handling domain
shift. From SearchQA and TriviaQA results in
Table 8, we find that RoBERTa and SpanBERT
rely similarly on the entity knowledge (~13%
performance drop from Original to InDistName on
SearchQA and ~11% on TriviaQA). SpanBERT’s
advantage over RoBERTa is mainly on its good
robustness to domain shift on names, shown by
the perfromance drop from IndistName to other
perturbations. BERT relies slightly more on entity
knowledge but much more sensitive to domain
shift on names.

4.5 Bias Exhibited by Person Names

National Origins. As the DBName perturbation
uses person names in the U.S., it cannot fully reflect
the model’s robustness behavior when encounter-
ing real-world names of different national origins.
Therefore, we additional collect names from more
countries (India, China) and languages (French,
Arabic) to study the potential bias in MRC mod-
els. We use the romanized form of names. Ta-
ble 12 shows the performance comparison of mod-
els when evaluated with the person names from
different countries and languages on SearchQA
and TriviaQA. Names form the U.S. and French-
speaking countries generally achieve the highest
EM scores. Names from China get the lowest per-
formance for the most of time, with significant EM
drop (8.4% on SearchQA and 9.8% on TriviaQA
for BERT) from U.S. names. The performance gap
between different countries and languages becomes
smaller with more robust models.

Other Factors. We also consider other factors
of a name that could be related to biased model
performance. We limit our scope to the U.S. first
names and sample 1500 names from the database.
We consider two features for each name. Gender
polarity is defined as max(fmff ,

ff
fm

), where fm, ff
are the male frequency and female frequency of a
name provided by the database. It measures the
gender ambiguity of the name. Popularity is de-
fined as fm + ff . We calculate the EM score for a
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Country/
Language

BERT RoBERTa SpanBERT

U.S. 54.6±2.3/54.6±1.6 58.1±0.9/66.1±0.6 63.0±1.1/69.1±0.7
French 55.5±2.2/56.1±1.7 58.2±1.1/66.0±0.5 63.0±1.2/68.8±0.9
India 53.5±2.5/51.9±2.7 56.5±1.9/63.9±0.8 63.0±1.1/68.0±0.4

Arabic 53.3±3.1/48.8±3.2 56.3±2.1/61.8±0.9 62.8±1.0/66.2±0.8
China 46.2±2.5/44.8±3.6 54.0±0.8/63.0±1.4 59.3±2.0/65.2±0.4

RandStr 25.0±1.6/28.9±1.6 22.0±4.7/41.3±0.8 44.6±4.0/57.4±2.4

Table 12: Performance comparison of person names
of different national origins. EM scores on the orig-
inal and perturbed test sets of the PER entity type on
SearchQA/TriviaQA.

name by evaluating on a test set where all answer
first names get replaced with this name. For what
we have tried, we didn’t find evidence to support a
correlation between each factor and the EM score.
For example, with SpanBERT on TriviaQA, names
with top 20% gender polarity gets 72.7% EM on
average; while the bottom 10% names gets 72.8%
EM. The numbers are 73.0% vs 72.7% for popular-
ity. We leave exploring factors that correlate with
the difficulty of a name as future work.

4.6 Improving Robustness with Continual
Pretraining

SpanBERT’s advantage over BERT suggests that
some variants of MLM could be helpful for model
robustness. To further improve the robustness of
SpanBERT, we adopt a training paradigm with an
inserted continual pretraining stage and compare
MLM with different masking strategies as the ob-
jectives.

Training Paradigm. Existing works mainly seek
to improve model robustness during finetuning
with strategies like data augmentation (Ribeiro
et al., 2019; Min et al., 2020), but they usually in-
crease finetuning time and requires additional data.
Some recent works (Gururangan et al., 2020; Ye
et al., 2021) have explored improving a pretrained
language model with “continual pretraining”—
continuing to train a pretrained model for more
steps with some objective. The generated check-
point can be used for finetuning on any dataset in
the standard way with no additional cost.

Experimental Setup. The masking policy in
MLM plays an important role in instructing model
learning, which can be potentially used to improve
model robustness. Inspired by previous works,
we experiment with four heuristic masking poli-
cies to implement the MLM objective: MLM
(vanilla), MLM (whole word), MLM (span), and

MLM (entity). They perform masking at token,
whole-word, span, and entity level respectively.
Starting from SpanBERT (-BASE), we run contin-
ual pretraining with the above objectives for 8,000
steps. More details are described in Appendix §D.

Results. The results for models finetuned from
SpanBERT and different continually pretrained
models are shown in Table 13. On SQuAD, all
masking policies slightly downgrade the perfor-
mance. With not much room for robustness im-
provement, running continual pretraining is prob-
ably at the cost of slightly sacrificing the perfor-
mance due to the inconsistent objective and discon-
tinuous learning rate that are applied when start-
ing the continual pretraining. On SearchQA and
TriviaQA, out of the four masking policies, the
entity-based masking policy shows consistent im-
provement over SpanBERT. As analyzed in §4.4,
name-related domain shift is a major challenge for
the model to handle. By predicting the masked en-
tity, the model is exposed to the diverse entities in
the pertraining corpus in a more explicit way, and
gain a better sense in recognizing entities. Note
that the improvement is not statistically significant
in some cases and we leave the exploration of more
effective methods to improve model robustness as
future work.

5 Related Work

Robustness of MRC Models. The robustness
of MRC models are usually evaluated against test-
time perturbations and out-of-domain data. Re-
search on test-time perturbation proposes perturba-
tion methods at different levels as attacks (Si et al.,
2021), such as word replacement with neighbors in
the vector space (Rychalska et al., 2018; Jia et al.,
2019), question paraphrasing (Gan and Ng, 2019;
Ribeiro et al., 2018), sentence distractor injection
(Jia and Liang, 2017; Zhou et al., 2020). Another
line of research (Fisch et al., 2019; Sen and Saffari,
2020) tests a model on data with out-of-domain
passage or question distributions, usually from dif-
ferent datasets. Our work mainly falls into the
category of test-time perturbation. We distinguish
from previous work by focusing on the effect of
entity renaming, with the motivation that entities
can have flexible and diverse names in the real life.

Model Robustness to Entity Substitution. It is
non-trivial for NLP models to be able to properly
handle the large space of named entities. Previ-
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SQuAD SearchQA TriviaQA

Model / Perturbation (MIX) Original DBName RandStr Original DBName RandStr Original DBName RandStr

SpanBERT 86.8±0.5 84.9±0.4 83.0±0.1 73.2±0.7 57.9±1.0 41.5±3.2 79.1±0.1 63.1±0.8 51.9±2.3

SpanBERT w/ continual pretraining
+ MLM (vanilla) 85.6±0.5 83.9±0.2 81.8±0.2 72.3±0.8 57.0±0.3 34.8±2.9 78.9±0.8 64.1±0.2 48.1±2.9
+ MLM (whole word) 86.0±0.7 84.5±0.3 82.7±0.4 72.9±0.4 58.0±0.2 41.6±3.3 79.1±0.5 64.2±0.4 50.1±0.9
+ MLM (span) 85.7±0.2 84.1±0.1 82.6±0.1 73.3±0.5 57.9±0.8 39.5±2.4 79.4±0.8 64.3±0.4* 54.1±1.5
+ MLM (entity) 86.0±0.4 84.3±0.3 82.7±0.1 73.4±0.4 59.3±1.1 48.1±4.6 79.6±0.6 65.9±1.1* 55.5±2.7

Table 13: EM scores of different continually pretrained models on the original and perturbed test sets. Significant
improvements (p < 0.05) over SpanBERT are marked with *.

ous works use entity substitution to audit or im-
prove model robustness on different tasks like NER
(Agarwal et al., 2020; Lin et al., 2021), Natural Lan-
guage Inference (Mitra et al., 2020), Coreference
Resolution (Subramanian and Roth, 2019), and Di-
alogue State Tracking (Cho et al., 2021). Shwartz
et al. (2020) experiment with name swapping to
show that a trained MRC model has bias on some
U.S. given names due to the grounding effects that
associate names with certain entities. Ribeiro et al.
(2020) and Balasubramanian et al. (2020) investi-
gate the robustness of models on several tasks with
named entity replacement. However, these works
didn’t systematically test on MRC datasets with dif-
ferent characteristics to unveil the actual robustness
challenge. Liu et al. (2021) study the novel entity
generalization ability of open-domain QA models
by categorizing the test questions based on whether
the named entities have been seen during training.
Longpre et al. (2021) analyze the memorization
behavior of generative open-domain QA models
using knowledge conflicts. They use entity sub-
stitution to create test passages that contain facts
contradicting to what the model has learned during
training time. In contrast, we analyze extractive
MRC model’s robustness when encountering new
entities, by evaluating on modified test sets without
intentionally introduced knowledge conflicts. The
extractive task formulation also makes the model
unable to output its memorized knowledge as gener-
ative models, leading to different analysis questions
and methods.

6 Conclusion

In this paper, we systematically study the robust-
ness of MRC models to entity name substitution.
Specifically, we propose a substitution framework
along with candidate names of different implica-
tions. We experiment with three pretrained lan-
guage models on five MRC datasets. We find that

models trained on distantly-supervised datasets are
susceptible to entity name substitution, while mod-
els trained on human-annotated datasets are rela-
tively robust, with GPE renaming harder than PER
and ORG renaming. The lack of robustness can
be further attributed to model’s overreliance on en-
tity knowledge and name clues. We also find that
SpanBERT, which is pretrained using span-level
objectives, shows better robustness than BERT and
RoBERTa. Leveraging these insights, we study de-
fense approaches based on continual pretraining
and demonstrate that entity-based masking poli-
cies are beneficial to model’s robustness. Future
works include systematically studying the effect of
background knowledge in MRC, and developing
more effective methods to improve the robustness
of MRC models.
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A Details for MRC Model Training

We train all MRC models using mixed precision,
with batch size of 16 sequences for 4 epochs. The
maximum sequence length is set to 256 tokens. We
use the AdamW optimizer (Loshchilov and Hutter,
2019) with an initial learning rate of 2e-5 that is
linearly decayed to 0 during finetuning.

B Perturbable Span Identification

For PER, we only consider names with one or two
words. A one-word name is considered as a first
name, while a two-word name is considered as a
full name, with the first word being the first name
and the second word being the last name. We infer
the gender of the detected name to be male, female,
or neutral with gender-guesser5.

For GPE, we detect its contained country names,
state names, and city names by string matching
with the Countries States Cities Database6.

For ORG, besides mentions of GPE names, we
include two additional types of perturbable words
identified using Penn Treebank (PTB) (Marcus
et al., 1993). Words that are annotated as NNP(S)
for more than 90% of the time in PTB are consid-
ered as proper nouns (dented as <NNP>), which
are usually specialized for naming an entity. Words
outside PTB are considered as rare words (denoted
as <Rare>), which are likely to be invented by peo-
ple to name an entity. These two kinds of words are
weakly related to the characteristics of the entity
and thus can be flexible.

C Evaluation of Perturbation Quality

The accuracy of step 2 is evaluated based on
whether the perturbable spans and their correspond-
ing span types are all correct for an instance, which
also implies the quality of step 1 (“Answer Entity
Recognition”) as different entity types have differ-
ent applicable span types.

The accuracy of step 4 is evaluated based on
whether the string mapping function successfully
locates all mentions of the perturbable spans in the
passage to perform string mapping.

The quality of step 3 can be inferred from the
accuracy of step 2 for InDistName perturbation.
For DBName, we assume the database is of accept-
able quality in the sense that all names it provides
belongs to the correct span type, which is guaran-
teed by the source of the data—PTB is annotated

5
https://pypi.org/project/gender-guesser/

6
https://countrystatecity.in/

by human experts, U.S. names come from official
statistics, and GPE names are actively maintained
by its creator and the community for more than 3
years. RandStr is proposed to simulate the extreme
case, and we therefore do not evaluate its quality.

D Details for Continual Pretraining

MLM (vanilla) refers to the masking strategy used
by BERT (Devlin et al., 2019), where the masked
tokens are randomly sampled. MLM (whole word)
always masks all tokens corresponding to a word
at once. MLM (span) uses the masking strategy
proposed by Joshi et al. (2020), which masks ran-
dom spans rather than individual whole words or
tokens. MLM (entity) masks a random entity for
50% of the time, and uses MLM (span) for the other
50% of the time. The idea is inspired by salient
span masking proposed in Guu et al. (2020). All
strategies mask 15% of the training tokens in total.

To eliminate domain shift during continual pre-
training as a possible explanation for any improve-
ments, we keep the corpus for continual pretraining
consistent with the pretraining corpus used by Span-
BERT, which is the concatenation of BookCorpus
and English Wikipedia. We train using mixed pre-
cision, with effective batch size of 2,048 sequences
for 8,000 steps, with 256 tokens per sequence. We
use the AdamW optimizer with a constant learning
rate of 1e-4.
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Abstract

Systems like Voice-command based conversa-
tional agents are characterized by a pre-defined
set of skills or intents to perform user spec-
ified tasks. In the course of time, newer in-
tents may emerge requiring retraining. How-
ever, the newer intents may not be explicitly
announced and need to be inferred dynami-
cally. Thus, there are two important tasks at
hand (a). identifying emerging new intents,
(b). annotating data of the new intents so that
the underlying classifier can be retrained effi-
ciently. The tasks become specially challeng-
ing when a large number of new intents emerge
simultaneously and there is a limited budget
of manual annotation. In this paper, we pro-
pose MNID (Multiple Novel Intent Detection)
which is a cluster based framework to detect
multiple novel intents with budgeted human
annotation cost. Empirical results on various
benchmark datasets (of different sizes) demon-
strate that MNID, by intelligently using the
budget for annotation, outperforms the baseline
methods in terms of accuracy and F1-score.

1 Introduction

The conversational agents such as Amazon Alexa,
Apple Siri are characterised by the skill of under-
standing intents which help them to efficiently han-
dle a user’s query. For example, the query ‘Will it
be colder in Ohio’ requires getting the weather up-
dates for the city ‘Ohio’ and would be associated to
the intent GetWeather. The agents are trained with
a pre-defined set of intents such as {GetWeather,
RateBook, BookRestaurant} so as to perform the
goal-oriented user tasks. But with the passage of
time, a user may be interested in performing newer
tasks adding hitherto unknown intents. For ex-
ample, ‘Play some music from 1954’ would be

∗ Equal contribution
† Work done while the author was a student at IIT Kharagpur

associated to the intent PlayMusic that may not be
a part of the set of pre-defined intents.

Emergence of novel intent detection has been
periodically checked by different models in the last
decade. There are works on incremental learning
in dynamic environment for evolving new classes
(Zhou and Chen, 2002; Kuzborskij et al., 2013;
Scheirer et al., 2012). There are also several ap-
proaches (Sun et al., 2016; Masud et al., 2010;
Haque et al., 2016; Wang et al., 2020; Mu et al.,
2017b,a) to detect new classes in the form of out-
lier detection but they do not distinguish among
multiple new class labels so are not effective in
novel multi-class detection. Xia et al. (2018); Sid-
dique et al. (2021) detect user intents using zero-
shot generalized intent detection framework. How-
ever, they assume that the unseen intent class LA-
BELS are already known, while in our case neither
the number of unseen intent classes, nor the corre-
sponding class labels are known. The other line of
works (Xia et al., 2021; Halder et al., 2020) supply
the system with new intents, albeit with a limited
amount of tagged data per class and then have an ef-
ficient algorithm to incrementally learn new classes.
These models work on the assumption that some in-
stances of these new classes would be provided for
model building. However, in a realistic setting, the
system may not have any knowledge of the num-
ber and types of new intents appearing, it may at
most understand that some new out-of-domain sam-
ples are generated. So, the problem statement is to
probe the incoming data wisely and use minimum
human intervention to identify all types of novel
intents emerging and intelligently tag a limited
set of data covering all discovered intents, which
can be be fed into a model for retraining.

More concretely the system is at first trained
with an initial set of known intents; side-by-side
an out-of-distribution (OOD) detector classifier is
also trained to identify datapoints which do not fit
the known intents. When substantial amount of
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such points are detected, the task is to (a) identify
whether the points are originating from introduc-
tion of a single novel intent or multiple and (b)
choose (a limited number of) samples to annotate
so that the classifier can be retrained efficiently.

In order to determine the number of novel intents
present in the OOD data, we undertake a cluster-
ing based approach with the idea that each cluster
would represent a novel intent. By increasing the
cluster number progressively, we can make a highly
accurate estimate of the number of novel intents.
If sample points of an intent mainly correspond to
a well formed cluster, the implication is that with-
out much probing we can shortlist enough training
samples (through silver tagging) for that class. On
the other hand, if the sample points of an intent
tend to intertwine with other intent points in the
feature space, these can be considered as uncertain
points and require human intervention for tagging
(gold tagging). With this intuition in place, we de-
sign a mix of silver and gold tagging to produce
high-quality training samples which can be used to
retrain the classifier.

Our proposed framework of Multiple Novel In-
tent Detection (MNID) is compared with compet-
itive baselines and evaluated across several stan-
dard public datasets in NLU domain where it per-
forms substantially better. We use datasets with
different number of intent classes. SNIPS (Coucke
et al., 2018) and ATIS (Tur et al., 2010) are smaller
datasets, consisting of less number intent classes
- 7 and 21, respectively. HWU (Liu et al., 2019a),
BANKING (Casanueva et al., 2020) and CLINC
(Larson et al., 2019) consist of large number of
intent classes - 64, 77 and 150, respectively.

The paper is organized as follows. We discuss
the Problem Setting and solution overview in Sec-
tion 2. Our algorithmic framework is described in
Section 3. We present the datasets with experimen-
tal statistics and data pre-processing in Section 4.
In Section 5, we discuss the experimental design
and baselines. Detail evaluation results with dif-
ferent algorithmic variations are in Section 6. We
conclude with a summary in Section 71.

2 Problem Setting and Solution Overview

Problem Setting: To formally describe the prob-
lem setting, let there be a dataset W containing
overall N classes. However, the value of N is not

1 Codes are in - https://github.com/
sukannyapurkayastha/MNID

Algorithm 1 Multiple Novel Intent Detection
(MNID)

1: Input
2: Dinit Initial Labelled Data
3: T Blind Test Data For Evaluation
4: B Total Annotation Budget
5: Parameters
6: D Total Data points
7: L ← Dinit

8: OS ← OODD(D, Dinit)
9: procedure MULTIPLE NOVEL INTENT DE-

TECTION

10: L, Nnew, CL ← NCD(OS,L)
11: if L < B then
12: L, GCL, BCL ← CBQA(L, CL)
13: end if
14: Train Model M on L, predict on the re-

maining points in the clusters to get the confi-
dence score (CS) of each data point and store
in AllCS .

15: if L < B then
16: L ← PPAS(L, AllCS , GCL, BCL, B)
17: end if
18: Train modelM on L and test on T to find

out Accuracy, F1 for all classes.
19: end procedure

Algorithm 2 OOD Detection Algorithm
OODD(|D|, |Dinit|)

1: Train OOD-SDA onDinit and predict on (D−
Dinit) to get OOD samples, OS

2: Return OS

Algorithm 3 Novel Class Detection NCD(OS , L)
1: Initial number of clusters, K = 1.
2: Number of new classes, Nnew = 0.
3: while Nnew ≥ ⌊K/2⌋ do
4: Perform K-Means Clustering on OS
5: Annotate x (≥ 2) points from each cluster.

That results in discovering of n′ new classes
6: Add x ∗K point labels to L
7: Nnew ← Nnew + n′

8: K ← 2 ∗K
9: end while

10: CL = Store All K Clusters
11: Return (L,Nnew, CL)

known apriori. Let T ∈ W be the test set and
W −T = D be the rest of the dataset, out of which
|Dinit| (<< |D|) labelled data of Ninit (< N)
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Algorithm 4 Cluster Quality Based Annotation
CQBA(L, CL)

1: Take p points from each of the clusters (CL)
and annotate to find Good Cluster (GCL) and
Bad Cluster (BCL).

2: Add annotated p ∗ |CL| point labels to L.
3: for each Bad Cluster do
4: Take q more points from Bad cluster and

annotate.
5: Add q ∗ |BCL| point labels to L.
6: end for
7: Return(L, GCL, BCL)

Algorithm 5 Post-Processing Annotation Strategy
PPAS(L, AllCS , GCL, BCL, B)

1: for Each point with CS in AllCS do
2: if CS ≥ T H and point in GCL and average

cosine similarity with already annotated points
of that class ≥ τ then

3: Ls ← Silver Annotation Strategy
4: end if
5: end for
6: while |L| < B do
7: Select datapoint with least CS
8: if BCL exists then
9: From BCL in Round-Robin way

10: else
11: From GCL in Round-Robin way
12: end if
13: Lg ← Gold Annotation Strategy
14: L← L + Lg
15: end while
16: L ← L ∪ Ls ∪ Lg
17: Return (L)

classes is initially provided, while the rest of the
data is unlabelled. The task is to design an algo-
rithm to (a). detect all the remaining N − Ninit

classes and (b). spent a limited budget (B - |Dinit|)
to annotate high fidelitous new datapoints, so that
the classifier can achieve high accuracy when re-
training.
Solution Overview: The solution steps are as fol-
lows: (a) Identify the OOD (out of distribution)
datapoints which do not belong to the initial Ninit

classes. This can be considered as a preprocessing
step. (b) Use a part of the allotted budget to an-
notate a portion of these OOD datapoints. These
points (for annotation) are selected by repeatedly
running a clustering algorithm with increasing num-

Figure 1: End-to-end architecture of MNID: Multiple
Novel Intent Detection

ber of clusters as input, and choosing cluster centre
points to identify the unknown classes. Rationale:
The intuition/expectation is that each cluster hosts a
separate intent, hence annotating the cluster centres
would lead to discovery of maximum number of
novel intents. (c) Further identify the classes which
are well clustered in feature space and which are
not. Use another portion of the budget to increase
the annotations of not-so well formed clusters and
then build up a classifier with all the classes. Ra-
tionale: If a cluster is well-formed, most likely it
is hosting a single class, hence there is no need to
annotate further points there, rather annotate more
points in not-so-well-formed clusters. (d) Use the
classifier to classify points from the clusters. Iden-
tify low-confidence points from the bad clusters
and annotate them. High-confidence points from
good clusters are silver annotated. Rationale: The
low-confidence points in the bad clusters are the
most uncertain points, hence annotating them helps
in increasing classifier accuracy. Similarly high-
confident points in the good clusters almost surely
will belong to that particular cluster, hence silver
annotation is pursued. (e). Retrain the classifier.

The overall MNID framework with different al-
gorithmic modules is shown in Fig. 1.
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3 MNID: Solution Detail

The proposed framework for Multiple Novel In-
tent Detection (MNID) is explained through Al-
gorithm 1. As highlighted in the overview, the
algorithm consists of data pre-processing step, fol-
lowed by three stages, each of them are discussed
below. The total budget of (gold) annotation is
B. Besides the system can undertake unlimited
silver annotation. The advantage of silver strategy
is that it is free as no human probing is required.
However, it is also likely to bring in noise if used
indiscriminately.
Pre-process: OOD Detection (OODD): For the
dataset (D), this module (Algorithm 2) takes the
initial labelled data (Dinit) as input and predicts the
Out-of-Domain (OOD) samples on the remaining
data, (D−Dinit). We call the set of OOD samples
predicted as OS. This is a part of the data pre-
processing.
Stage 1. Novel Class detection (NCD): In this
sub-module (Algorithm 3), we aim at finding all
the new classes, Nnew. On the OOD samples (OS),
obtained in the previous sub-module (Algorithm 2),
we do clustering using K-Means. We start the al-
gorithm with K = 1 and number of new classes,
Nnew = 0. We perform - (i) K-Means clustering.
(ii) Annotate x points from each cluster, add those
points to L and identify n′ new classes. (iii) In-
crease new class count (Nnew+ n′). (iv) Double the
number of cluster count (we compare Nnew with
K/2). We execute the above steps until cluster
count exceeds the new intent count. The algorithm
returns current annotations (L), newly discovered
class count (Nnew) and newly formed clusters (CL).
The budget spent in this step is B1.
Stage 2. Cluster Quality Based Annotation
(CQBA): In this step (Algorithm 4), we evaluate
the quality of each of the clusters obtained by the
previous algorithm. We annotate p points from
each of these clusters and if all the p points belong
to the same class, we term it as a good cluster or
else a bad cluster. An example of a bad cluster
in BANKING would be the one containing data
points from multiple classes, which may have high
similarity, such as: declined_cash_withdrawal and
pending_cash_withdrawal. For the bad clusters,
we annotate q more points. All these annotated
points are then added to the labelled data, L. The
budget spent in this step is B2. Hence the remain-
ing budget B - (B1 + B2) is used in the next step.
Stage 3. Post Processing Annotation Strategy

(PPAS): In this step (Algorithm 5), we add more
data to the labelled set, L, through gold annotation
(gold strategy), as well as silver-annotated data (sil-
ver strategy). To select these data points, we first
train a classifier (M) with the labelled set, L as
obtained in the last step (CBQA), and consider the
clusters CL. We predict on the remaining points of
the clusters to get the confidence of the datapoints.
We perform silver strategy based on confidence
score (CS) and gold strategy in round-robin way to
operate on each cluster one after another.
Gold Strategy: Least confident data-points are an-
notated from the bad clusters (if present) or else
from the good clusters. Gold strategy is performed
in a round-robin way to retrieve data points with
the least score for each cluster until our budget ex-
hausts.
Silver strategy: If the confidence score (CS) of a
datapoint from a cluster is greater than a predefined
threshold (T H), we measure the average cosine
similarity of points annotated within that cluster
with this point. If similarity is above a predefined
threshold (τ ), we label this point with class label
of that cluster. The predefined threshold (τ ) is re-
quired to choose good samples selectively instead
of choosing all the points. Silver strategy does not
require human intervention therefore there is no
extra addition to the annotation cost, but the multi-
ple conditions are checked to prevent noise in the
training set.
Final Step: We again train the neural modelM on
L and test on T to find out Accuracy and F1.

4 Dataset and Pre-Processing

We perform our experiments on a variety of
datasets, which are widely used as benchmarks
for Natural Language Understanding tasks. The
datasets are SNIPS (Coucke et al., 2018), ATIS
(Tur et al., 2010), HWU (Liu et al., 2019a), BANK-
ING (Casanueva et al., 2020) and CLINC (Larson
et al., 2019). SNIPS (7) and ATIS (21) are smaller
datasets consisting of less number of intents (in
bracket) where HWU (64), BANKING (77) and
CLINC (150) are larger datasets with many intents.
ATIS is the most imbalanced, skewed dataset. In
BANKING data - several intents are highly sim-
ilar among themselves. The detailed statistics of
these datasets including our experimental frame-
work are shown in Table 1. Since the datasets are
already fully labelled, annotation essentially means
utilizing the already available labels. Hence, we
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Dataset (W ) # Intent
Class (|N |)

Dataset
Size (|W |)

#Labelled
|Dinit|

#Unlab (|D| - |Dinit|) #Test
(|T |))#IND #OOD #Total

SNIPS 7 (5+2) 14484 50 8601 3449 12050 2384
ATIS 21 (13+8) 5871 130 3155 1586 4741 1000

HWU* 64 (10+54) 11036 100 1408 8452 9860 1076
BANKING* 77 (10+67) 13083 100 1026 8877 9903 3080

CLINC* 150 (10+140) 22500 100 1100 16800 17900 4500

Table 1: Statistics based on our split for five Datasets.
* represents pre-defined train-test splits. In # Intent
Class, (- + -) represents (known + unknown) intents

do not have to deal with usual issues of annotation
accuracy, inter-annotator agreement, etc.

Data Pre-Processing

Dataset DOC MSP LMCL FS-OOD
A F1 A F1 A F1 A F1

SNIPS 77.3 72.1 78.2 71.7 74.7 69.3 76.8 72.9
ATIS 55.8 47.2 56.1 44.7 54.5 40.6 74.9 68.6
HWU 61.4 57.2 59.9 29.9 53.1 44.3 68.2 64.1

BANKING 56.3 20.4 52.5 20.2 52.9 51.3 73.7 64.1
CLINC 54.8 18.7 53.4 20.5 54.1 59.9 77.7 65.7

Table 2: Accuracy (A) and F1-Score in (%) of various
OODD algorithms to detect OOD points from different

datasets. Bold denotes the best for each dataset.

In the pre-processing step, we filter the out-of-
domain samples. We consider four algorithms for
detecting out-of-domain samples. i) Softmax Pre-
diction Probability (MSP) (Hendrycks and Gim-
pel, 2018) predicts out-of-domain samples based
on a threshold on the softmax prediction scores.
ii) Deep Open Classification (DOC) (Shu et al.,
2017) method builds a multi-class classifier with
one vs rest layer of sigmoids. iii) Large Margin
Cosine Loss (LMCL) (Lin and Xu, 2019) trains
a network with margin loss and predictions are
then fed into an algorithm called Local Outlier
Factor (LOF) for outlier detection. iv) Few-shot
OOD (FS-OOD) (Tan et al., 2019) uses a Proto-
Typical Network to detect OOD examples and clas-
sifying in-domain examples with few-shot exam-
ples from the in-domain class. We fine-tune BERT
embeddings using all these out of domain sample
detection algorithms. We use bert-base-uncased for
these methods. We set the threshold for MSP as
0.5 as in Lin and Xu (2019), Xu et al. (2020). The
results of all these algorithms are shown in Table
2. FS-OOD (Tan et al., 2019) provides us the best
accuracy and F1 for detecting OOD samples (OS).
Only DOC performs better in case of SNIPS but
overall FS-OOD outperforms other approaches so
we use FS-OOD produced out-of-sample data.2

2 FS-OOD: https://github.com/SLAD-ml/
few-shot-ood and other OOD models: https:
//huggingface.co

5 Experimental Setup

The efficacy of the algorithm needs to be tested
on two aspects. (a). The number of unknown in-
tents identified. (b). The accuracy achieved when
the data is annotated by our algorithm, MNID. To
test the accuracy, we use state-of-the-art several
classification algorithms used for intent detection.
Different Neural Models: We explore different
neural models to evaluate MNID as discussed next:

1. IFSTC (Xia et al., 2021): This finetunes
a trained model on few shot data of new classes
using an entailment and hybrid strategy. We use
the hybrid strategy (best performing in their case).

2. PolyAI (Casanueva et al., 2020): It performs
intent classification task based on dual sentence en-
coders - Universal Sentence Encoders (USE) (Cer
et al., 2018) and ConveRT. Since authors have taken
down the ConveRT model, we apply USE only. 3

Along with the above two, we also consider
other standard models, 3. BERT (‘bert-base-
uncased’) (Devlin et al., 2019) and 4. RoBERTa
(‘roberta-base-uncased’) (Liu et al., 2019b) for
evaluation on these datasets. We finetune these
pre-trained language models for 15 epochs for the
smaller datasets (SNIPS, ATIS) 50 epochs for the
larger datasets (HWU, BANKING, CLINC) and
with a learning rate of 2e-05 and Adam optimizer4.
Early stopping was employed to stop training. For
all methods, we provide the same number of gold
annotated data obtained using our pipeline and re-
port its performance.
Baselines: We compare the performance of our
method using two annotation techniques for choos-
ing B − ∥Dinit∥ data points: 1) GlF : This is the
ideal scenario where we are given F (=10) data
points for each of the new classes - GoldFew, ab-
breviated as ‘GlF ’. 2) RnF : Here, we randomly
chooseB−∥Dinit∥ data points from the unlabelled
data - RandomFew, abbreviated as ‘RnF ’.
Clustering Algorithms: One of the building
blocks of MNID is to cluster datapoints, so the ef-
ficacy of MNID depends on employing an efficient
clustering algorithm. We do a detailed study by em-
ploying several unsupervised and semi-supervised
clustering algorithms and choose the best.

The unsupervised algorithms are: (i) K-Means
(KM) (MacQueen et al., 1967) (ii) Agglomera-

3 We use author’s implementation of IFSTC (PyTorch) and
re-implement PolyAI (Tensorflow)

4 We use https://huggingface.co/

525



Method IFSTC (GlF , RnF , MNID) PolyAI (GlF , RnF , MNID) BERT (GlF , RnF , MNID) RoBERTa (GlF , RnF , MNID)

SNIPS
A 85.4, 78.1, 84.7 93.2, 85.7, 95.1 92.7, 91.6, 93.3 94.9, 92.3, 95.3
F1 84.2, 79.4, 84.2 93.2, 84.3, 94.9 92.6, 91.9, 93.9 94.8, 91.9, 94.8

ATIS
A 88.4, 70.1, 88.8 87.8, 71.8, 88.6 88.1, 70.2, 88.2 87.9, 70.8, 88.6
F1 87.3, 65.8, 87.8 84.3, 74.5, 87.0 86.3, 73.9, 86.9 84.6, 74.1, 85.1

HWU
A 78.2, 72.4, 79.7 83.8, 75.2, 83.8 82.6, 73.6, 82.7 82.5, 75.3, 83.7
F1 76.4, 71.4, 78.4 83.7, 77.3, 84.2 81.7, 74.3, 82.4 81.3, 77.2, 82.4

BANKING
A 78.3, 72.8, 79.0 84.2, 79.0, 84.7 80.1, 75.5, 82.8 83.4, 77.0, 84.5
F1 77.7, 74.1, 80.0 83.1, 79.0, 84.4 80.0, 76.4, 83.7 83.9, 78.7, 83.8

CLINC
A 88.7, 77.1, 88.9 92.1*, 83.2, 94.9 90.8, 77.6, 91.4 91.3, 84.5, 92.3
F1 85.7, 76.4, 88.3 93.5, 83.7, 95.2 90.7, 78.8, 91.0 91.7, 85.3, 92.8

Table 3: Overall Accuracy (A) and Macro F1 in (%) across all datasets for different scenarios - ideal (GlF ), random
(RnF ) and MNID (The best outcomes among three scenarios in Bold). *Casanueva et al. (2020) report accuracy of
90.15 with OOS and 92.14 without OOS.

tive Clustering (AG) (Gowda and Krishna, 1978)
(iii) Deep Clustering Network (DCN) (Yang et al.,
2017) and (iv) Deep Embedded Clustering (DEC)
(Xie et al., 2016) which uses the stacked auto-
encoder based reconstruction loss. The semi-
supervised algorithms are: (i) DeepAligned (DAL)
(Zhang et al., 2021) which uses limited data for
pre-training and cluster assignments as pseudo la-
bels for cluster refinement. (ii) DTC (Han et al.,
2019) develops on the DCN algorithm by scaling
it to the transfer learning setting and can estimate
the number of known classes in unlabelled data.
It is however highly dependent on availability of
labelled data (iii) KCL (Hsu et al., 2017) which
transfers the knowledge to target dataset consider-
ing KL-divergence based distance loss (iv) MCL
(Hsu et al., 2019) which uses meta-classification
based likelihood criterion for pairwise similarity
evaluation (v) CDAC+ (Lin et al., 2020) which
uses prior data to refine the clustering process and
KL-divergence based loss 5.

Other than KM and AG, all the other unsu-
pervised methods along with some of the semi-
supervised methods such as DTC and CDAC need
the information of the ground truth number of clus-
ters for training and we provide them so (it is an
extra advantage for them). For semi-supervised
methods such as KCL, MCL, DTC and DAL, we
start with double the number of ground truth clus-
ters and let the method determine the number of
clusters.
Hyper-parameters and Settings: For Post-
Processing annotation strategy of MNID, we set
the cosine similarity threshold, τ as 0.8 and the
confidence threshold, T H as 0.5 6. For all datasets,

5 Code: https://github.com/thuiar/TEXTOIR
6 This combination of τ and T H provides the best results

among different experimented results.

we use a setting similar to κ-shot with κ = 10. For
N intents, we define our total budget B = κ×N .
We use same budget for all our experiments. We
experiment on NVIDIA Tesla K40m GPU with 12
GB RAM, 6 Gbps clock cycle and GDDR5 mem-
ory. All the methods took less than 8 GPU hours
for training.

6 Experimental Results

In this section, we discuss the experimental out-
comes for MNID and competing baselines. We
also show results of different clustering algorithms
and variations of distinct components of MNID.
(A) Class Discovery: MNID is very effective in
identifying almost all new intents. For HWU,
BANKING and CLINC, 54 out of 54 (100%), 66
out of 67 (98.5%) and 139 out of 140 (99.3%)
new intents from the unknown intent set were dis-
covered, respectively. For SNIPS and ATIS, we
could discover 2 out of 2 (100%) and 7 out of
8 (87.5%) new intent classes, respectively. Due
to data skewness (ATIS) and high intent similar-
ity (BANKING, CLINC) MNID misses one intent.
(B) Performance of MNID: Table 3 shows the
performance of different models - IFSTC, PolyAI,
BERT and RoBERTa when trained with datasets
provided by MNID. In order to maintain the fair-
ness, MNID, RnF and GlF use the (overall) same
number of gold-annotated data points. Besides
MNID uses silver-annotated data points, while the
others do not have any way of creating high quality
silver annotated data. Each cell in the table con-
sists of values from GlF , RnF and MNID. As ex-
pected, RnF performs the worst across all settings.
However, except two scenarios, we observe that
MNID consistently performs better than the GlF
dataset. For all these four different settings across
five datasets, MNID improvements over GlF pre-
dictions are statistically significant (p < 0.05) as
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per McNemar’s Test. It is observed that our ap-
proach also works well on the highly imbalanced
ATIS dataset in which some of the classes have less
than 10 data points and highly similar BANKING
dataset in which the intents are closely related eg.,
‘top-up-reverted’ and ‘top-up-failed’. This is be-
cause although GlF chooses uniformly across all
classes, MNID selectively labels datapoints having
high uncertainty thus providing the classifier with
the right ingredient to perform better. In IFSTC
on SNIPS dataset, MNID underperforms as com-
pared to GlF but with a very small margin. This
happens because in the case of SNIPS dataset, the
number of new classes is very less, hence GlF can
choose ideal candidates. The best performance of
MNID as well as the two baselines is in the PolyAI
setting when it is used with Universal Sentence
Encoders (USE). Since PolyAI performs the best,
all our subsequent results are provided on PolyAI
(USE).
(C) Distribution of gold annotated points: Fig
2 shows the count of the gold annotated points
(Y − axis) for new classes (class indices on X −
axis). The dotted line is at the frequency of 10,
corresponding to the average annotations per class.
For 76.2% (HWU), 81.5% (BANKING) and 67.3%
(CLINC) classes in good clusters require ‘≤ 10’
annotations. More than 10 annotations are needed
for 65.4% (HWU), 68.5% (BANKING) and 54.5%
(CLINC) classes in bad clusters.
(D) Budgets: For novel intent class discovery, a
minimum number of human annotation is neces-
sary. For NCD to work, at least 4 shot, 6-shot and
7-shot annotations are required for HWU, BANK-
ING and CLINC datasets respectively.

Different Variations of MNID

MNID consists of three steps (a). novel class detec-
tion (NCD), (b). cluster quality based annotation
(CQBA) and (c). post-processing annotation strat-

egy (PPAS). In each of these steps, certain parame-
ters can be varied. We systematically discuss the
impact of these parameters on MNID performance.

Variations at NCD

(a) Performance of Clustering Algorithms: We
explore different unsupervised and semi-supervised
clustering algorithms in our MNID framework.
Overall accuracy and F1-Score for open intent dis-
covery by different approaches are shown in Table
4. From Table 4, it is seen that unsupervised ap-
proaches perform better than semi-supervised mod-
els. The semi-supervised techniques get biased by
the initial seed and fail to discover diverse clusters
needed to detect all the new intent classes. K-
Means (KM) performs the best across all datasets
in terms of accuracy and F1 score except for HWU
dataset where DEC and DTC (F1 only) outperforms
it. This is most probably due to its robustness and
absence of any outlier in the dataset. So we use
K-Means as the clustering algorithm for MNID.

(b) Class Discovery with number of clusters:
From Fig 3a, we observe an increasing trend in
the number of classes discovered with increasing
number of clusters which show that classes get
evenly distributed across clusters as the number of
clusters increases. The rate at which new classes
are discovered is linear with the new clusters un-
til significant classes are detected. The horizontal
lines represent the gold number of new intents.

(c) Effect of number of points (x) used in cluster-
ing: Fig 3b shows that the accuracy on all datasets
drops as we increase the number of points used for
new class discovery in clustering beyond x = 2.
This is because most of the budget gets exhausted
while clustering and we have a very small budget
to annotate low-confidence points in the next steps.
Note that at least two points from a cluster need to
be annotated for new class discovery.

(a) HWU (b) BANKING (c) CLINC

Figure 2: Count of gold annotated points for newly discovered classes
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Dataset
Unsupervised Clustering Algorithms Semi-Supervised Clustering Algorithms

KM AG DCN DEC DAL DTC KCL MCL CDAC+
A F1 A F1 A F1 A F1 A F1 A F1 A F1 A F1 A F1

SNIPS 95.1 94.9 92.7 92.9 89.2 88.7 89.6 88.2 92.2 92.2 87.6 87.2 73.3 70.4 78.2 74.1 80.4 79.2
ATIS 88.6 87.0 85.8 86.4 77.7 79.78 83.1 85.42 86.9 87.0 84.3 85.9 76.7 80.8 80.4 83.2 77.9 81.6
HWU 83.8 84.2 83.2 83.3 84.1 83.6 84.7 84.4 83.7 82.6 83.6 85.2 73.3 74.1 78.1 74.8 83.1 81.1

BANKING 84.7 84.4 84.2 84.1 80.1 83.2 80.1 80.5 80.5 81.1 79.9 78.2 71.8 72.4 74.2 73.1 83.4 82.6
CLINC 94.9 95.2 93.9 94.8 93.4 94.2 93.4 94.9 93.9 92.6 93.9 93.2 83.4 84.5 81.0 82.3 92.1 92.5

Table 4: Accuracy (A) and F1-Score (F1) in (%) for various Open Intent Discovery Based Clustering Algorithms
across all datasets. The best results for each dataset in Bold.

p, q 2, 1 2, 2 2, 3 3, 0 3, 1 3, 2 4, 1
HWU 82.1 81.2 82.5 81.8 83.7 83.8 83.2

BANKING 84.1 83.0 84.2 82.9 84.0 84.7 84.1
CLINC 94.8 93.9 94.2 92.7 93.0 94.9 94.2

Table 6: Accuracy (%) based on point
selections from Good and Bad clusters

(a) Class discovery with
number of clusters

(b) Accuracy vs points anno-
tated (x) for clustering

Figure 3: Variations of NCD

Variations at CQBA

(a) Effect of number of points selected from
Good and Bad clusters: We experiment with dif-
ferent values of point selection (p, q) for the module
CQBA (Algo 4) and observe how accuracy changes
for three larger datasets - HWU, BANKING and
CLINC. We get the best accuracy for (p, q) = (3,
2) i.e 3 (p) points from good cluster and 5 (p+ q)
points from bad cluster as shown in Table 6. Since,
we perform gold annotation strategy on the bad
clusters, a higher number of point selection is re-

quired to identify classes.
(b) Distribution of good and bad clusters: For
CLINC, BANKING and HWU we obtain 256,
128 and 64 clusters respectively by NCD. The
percentage of good clusters obtained for CLINC,
BANKING and HWU are 70.70% (181 out of 256),
46.88% (60 out of 128) 56.25 % (36 out of 64), re-
spectively. For BANKING, since the entire dataset
is from a single domain with multiple intents be-
ing similar among themselves, we obtain more bad
clusters than the good clusters. For SNIPS and
ATIS, however, all the clusters are good clusters.

Variations at PPAS

(a) Different Variations of Gold and Silver
Strategies: The results for different variations of
MNID methods (based on Silver and Gold Strat-
egy applications) for all the datasets are provided
in Table 5. We observe that the best result is ob-
tained on MNID-9, i.e., choosing high confidence
points from the good clusters for silver strategy and
low confidence points from the bad clusters (if de-
tected or else from the good clusters) only for gold
strategy. This strategy ensures that during silver
annotation we choose points with high fidelity and
side by side for gold annotation choose points with
high uncertainty, both of which help in develop-
ing a highly accurate classifier. Silver strategy on

Method Silver Strategy Gold Strategy SNIPS ATIS HWU BANKING CLINC
A F1 A F1 A F1 A F1 A F1

MNID-1 Good Clusters† ✗ 94.4 93.2 87.2 85.4 78.5 78.8 77.5 78.4 89.2 89.8
MNID-2 Good Clusters† Any Point from Bad Clusters 94.4 93.2 87.2 85.4 80.9 80.9 79.3 80.0 90.8 90.7
MNID-3 ✗ Low-Conf from Any Cluster 94.7 94.0 87.9 86.1 81.2 81.1 81.7 81.1 91.3 91.0
MNID-4 High-Conf from Good Clusters ✗ 94.8 93.9 87.7 86.1 81.5 81.4 82.2 81.8 91.8 91.9
MNID-5 High-Conf from Good Clusters Low-Conf from Any Cluster 95.1 94.9 88.6 87.0 82.9 82.2 82.7 81.8 92.1 93.5
MNID-6 Good Clusters† Low-Conf from Bad Clusters 94.4 93.2 87.2 85.4 83.1 82.8 83.9 83.1 93.9 93.7
MNID-7 ✗ Low-Conf from Bad Clusters* 94.7 94.0 87.9 86.1 81.9 81.6 83.0 82.4 92.8 92.7
MNID-8 Good Clusters† Low-Conf from Bad Clusters* 94.9 94.4 88.2 86.4 83.1 82.8 83.9 83.1 93.9 93.7
MNID-9 High-Conf from Good Clusters Low-Conf from Bad Clusters* 95.1 94.9 88.6 87.0 83.8 83.2 84.7 84.4 94.9 95.2

Table 5: Accuracy (A) and F1-score (F1) in (%) across all datasets for different variations of silver and gold strategy
of MNID. [* - If no bad cluster exists then the strategy is applied on good clusters (SNIPS, ATIS have no bad
cluster). Detailed in line 6-11 of Algorithm 5. †We use T H = 0 in Algorithm 5. ✗: denotes we are not using this.
Bold notifies the best for each dataset.]
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Silver Strategy on SNIPS ATIS HWU BANKING CLINC
All Clusters (%) 96.2 95.9 82.5 84.3 85.2

Good Clusters (%) 96.2 95.9 93.6 95.4 97.2
High-Conf from Good Clusters (%) 97.8 96.2 95.6 97.2 98.1

Average Points per Class 10.1 8.2 17.0 22.8 15.9

Table 7: Accuracy (in %) and usage of average
number of datapoints per class in silver strategy

high confidence points from good cluster (7 vs 9)
and gold strategy on low confidence points from
bad cluster (4 vs 9) alone enhances ∼1- 3% accu-
racy and F1 for the three large datasets.MNID-9
corresponds to our proposed approach, MNID.
(b) Silver Strategy Analysis: We inspect silver
strategy based on cosine similarity, confidence
score and strategy accuracy.

(i) Effect of Cosine Similarity and Confidence
Score (CS): We study the effect of cosine similarity
of silver strategy for MNID. From Fig. 4a, we ob-
serve that the best results are always obtained using
a higher threshold of 0.8 cosine similarity. In case
of BANKING, HWU and ATIS accuracy drops at
0.9 whereas for other datasets it remains almost
identical. Fig. 4b shows how accuracy varies for
different confidence scores. We observe that for
all the datasets the best results are obtained at a
threshold of 0.5. This is because a lower threshold
allows more diverse datapoints to be selected us-
ing cosine similarity and this in turn improves the
model performance. In both the cases if the cosine
similarity or the threshold is increased beyond the
optimal point, that results in selection of too less
datapoints which is not enough for the classifier to
do a meaningful learning. Hence accuracy drops.
So we choose the parameters - cosine similarity =
0.8 and τ = 0.5 - while choosing high confidence
point to be annotated by silver strategy.

(ii) Strategy Accuracy: The accuracy of data
point selection by silver strategy for different
MNID variations is shown in Table 7. We see
the strategy of choosing high-confidence points
from good clusters produce points with high fi-
delity. Table 7 also shows the average number of
points per class as selected by this strategy for vari-
ous datasets. Here we see that enough number of
silver points are annotated even after considering
a very strict criterion. Note, average points per
intent class count is the highest for BANKING be-
cause multiple intents are very similar to each other
and hence more points qualify the cosine similarity
threshold, τ .

.

(a) Cosine similarity
threshold (τ )

(b) Confidence score
threshold (T H)

Figure 4: Variations of PPAS

7 Conclusion

We have developed MNID (Multiple Novel Intent
Detection), an end-to-end framework to identify
multiple novel intents within a fixed annotation
cost. The algorithm intelligently uses the concept
of clusters to first discover the classes and then es-
timate the nature in which datapoints of a class is
distributed, that is, whether the datapoints of a class
congregate strongly within themselves and separate
from other classes or are entangled with datapoints
of other classes. In the two types of situations, we
propose two different strategies, silver strategy to
take advantage of the clusters so that we can anno-
tate many points without any extra human cost and
gold strategy to annotate highly uncertain points.
This two-pronged approach helps us to annotate
highly precise points automatically while annotat-
ing the most uncertain (with respect to the class it
belongs) points using human assistance. We have
done a very rigorous analysis/experimentation to
establish the core idea of our algorithm. We ob-
serve that the accuracy of classifiers when fed with
the dataset created by MNID can beat the standard
best few-shot setting where it is assumed that ‘κ’
instances of each class are provided and annotated
by human whereas in our case we have to first dis-
cover the classes and then have to find the instances
of each class.

One limitation of MNID is that it is not able to
detect intents where classes are very similar to each
other. For example, the query “Can you explain
why my payment is still pending?” in BANKING
dataset is from the “pending transfer” category but
our system detects as “pending card payment” in-
tent as both intents are quite similar. We shall try
to address this issue in future. We have presently
worked on a setting where novel intents appear in
one step, we would strive to extend this framework
to explore the dynamics of periodically evolving
intents.
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Abstract

It is challenging to train a good intent classifier
for a task-oriented dialogue system with only
a few annotations. Recent studies have shown
that fine-tuning pre-trained language models
with a small amount of labeled utterances from
public benchmarks in a supervised manner
is extremely helpful. However, we find that
supervised pre-training yields an anisotropic
feature space, which may suppress the ex-
pressive power of the semantic representa-
tions. Inspired by recent research in isotropiza-
tion, we propose to improve supervised pre-
training by regularizing the feature space to-
wards isotropy. We propose two regularizers
based on contrastive learning and correlation
matrix respectively, and demonstrate their ef-
fectiveness through extensive experiments. Our
main finding is that it is promising to regu-
larize supervised pre-training with isotropiza-
tion to further improve the performance of
few-shot intent detection. The source code
can be found at https://github.com/
fanolabs/isoIntentBert-main.

1 Introduction

Intent detection is a core module of task-oriented di-
alogue systems. Training a well-performing intent
classifier with only a few annotations, i.e., few-shot
intent detection, is of great practical value. Re-
cently, this problem has attracted considerable at-
tention (Vulić et al., 2021; Zhang et al., b; Dopierre
et al., b) but remains a challenge.

To tackle few-shot intent detection, earlier
works employ induction network (Geng et al.,
2019), generation-based methods (Xia et al., a),
metric learning (Nguyen et al., 2020), and self-
training (Dopierre et al., b), to design sophisticated
algorithms. Recently, pre-trained language models
(PLMs) have emerged as a simple yet promising
solution to a wide spectrum of natural language pro-
cessing (NLP) tasks, triggering the surge of PLM-
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based solutions for few-shot intent detection (Wu
et al., 2020; Zhang et al., a,b; Vulić et al., 2021;
Zhang et al., b), which typically fine-tune PLMs on
conversation data.

A PLM-based fine-tuning method (Zhang et al.,
a), called IntentBERT, utilizes a small amount of
labeled utterances from public intent datasets to
fine-tune PLMs with a standard classification task,
which is referred to as supervised pre-training. De-
spite its simplicity, supervised pre-training has been
shown extremely useful for few-shot intent detec-
tion even when the target data and the data used for
fine-tuning are very different in semantics. How-
ever, as will be shown in Section 3.2, IntentBERT
suffers from severe anisotropy, an undesirable prop-
erty of PLMs (Gao et al., a; Ethayarajh, 2019; Li
et al., 2020).

Anisotropy is a geometric property that seman-
tic vectors fall into a narrow cone. It has been
identified as a crucial factor for the sub-optimal
performance of PLMs on a variety of downstream
tasks (Gao et al., a; Arora et al., b; Cai et al.,
2020; Ethayarajh, 2019), which is also known
as the representation degeneration problem (Gao
et al., a). Fortunately, isotropization techniques
can be applied to adjust the embedding space and
yield significant performance improvement in many
tasks (Su et al., 2021; Rajaee and Pilehvar, 2021a).

Hence, this paper aims to answer the question:

• Can we improve supervised pre-training via
isotropization for few-shot intent detection?

Many isotropization techniques have been devel-
oped based on transformation (Su et al., 2021;
Huang et al., 2021), contrastive learning (Gao et al.,
b), and top principal components elimination (Mu
and Viswanath, 2018). However, these methods
are designed for off-the-shelf PLMs. When applied
on PLMs that have been fine-tuned on some NLP
task such as semantic textual similarity or intent
classification, they may introduce an adverse effect,
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Figure 1: Illustration of our proposed regularized supervised pre-training. SPT denotes supervised pre-training
(fine-tuning an off-the-shelf PLM on a set of labeled utterances), which makes the feature space more anisotropic.
CL-Reg and Cor-Reg are designed to regularize SPT and increase the isotropy of the feature space, which leads to
better performance on few-shot intent detection.

as observed in Rajaee and Pilehvar (2021c) and our
pilot experiments.

In this work, we propose to regularize super-
vised pre-training with isotropic regularizers. As
shown in Fig. 1, we devise two regularizers, a
contrastive-learning-based regularizer (CL-Reg)
and a correlation-matrix-based regularizer (Cor-
Reg), each of which can increase the isotropy of
the feature space during supervised training. Our
empirical study shows that the regularizers can sig-
nificantly improve the performance of standard su-
pervised training, and better performance can often
be achieved when they are combined.

The contributions of this work are three-fold:

• We present the first study on the isotropy prop-
erty of PLMs for few-shot intent detection,
shedding light on the interaction of supervised
pre-training and isotropization.

• We improve supervised pre-training by devis-
ing two simple yet effective regularizers to
increase the isotropy of the feature space.

• We conduct a comprehensive evaluation and

analysis to validate the effectiveness of the
proposed approach.

2 Related Works

2.1 Few-shot Intent Detection
With a surge of interest in few-shot learning (Finn
et al., 2017; Vinyals et al., 2016; Snell et al., 2017),
few-shot intent detection has started to receive at-
tention. Earlier works mainly focus on model de-
sign, using capsule network (Geng et al., 2019),
variational autoencoder (Xia et al., a), or metric
functions (Yu et al., 2018; Nguyen et al., 2020). Re-
cently, PLMs-based methods have shown promis-
ing performance in a variety of NLP tasks and be-
come the model of choice for few-shot intent detec-
tion. Zhang et al. (c) cast few-shot intent detection
into a natural language inference (NLI) problem
and fine-tune PLMs on NLI datasets. Zhang et al.
(b) propose to fine-tune PLMs on unlabeled ut-
terances by contrastive learning. Zhang et al. (a)
leverage a small set of public annotated intent detec-
tion benchmarks to fine-tune PLMs with standard
supervised training and observe promising perfor-
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mance on cross-domain few-shot intent detection.
Meanwhile, the study of few-shot intent detection
has been extended to other settings including semi-
supervised learning (Dopierre et al., b,a), gener-
alized setting (Nguyen et al., 2020), multi-label
classification (Hou et al., 2021), and incremental
learning (Xia et al., b). In this work, we consider
standard few-shot intent detection, following the
setup of Zhang et al. (a) and aiming to improve
supervised pre-training with isotropization.

2.2 Further Pre-training PLMs with Dialogue
Corpora

Recent works have shown that further pre-training
off-the-shelf PLMs using dialogue corpora (Hen-
derson et al., b; Peng et al., 2020, 2021) are bene-
ficial for task-oriented downstream tasks such as
intent detection. Specifically, TOD-BERT (Wu
et al., 2020) conducts self-supervised learning on
diverse task-oriented dialogue corpora. ConvBERT
(Mehri et al., 2020) is pre-trained on a 700 million
open-domain dialogue corpus. Vulić et al. (2021)
propose a two-stage procedure: adaptive conversa-
tional fine-tuning followed by task-tailored conver-
sational fine-tuning. In this work, we follow Zhang
et al. (a) to further pre-train PLMs using a small
amount of labeled utterances from public intent
detection benchmarks.

2.3 Anisotropy of PLMs
Isotropy is a key geometric property of the seman-
tic space of PLMs. Recent studies identify the
anisotropy problem of PLMs (Cai et al., 2020; Etha-
yarajh, 2019; Mu and Viswanath, 2018; Rajaee and
Pilehvar, 2021c), which is also known as the rep-
resentation degeneration problem (Gao et al., a):
word embeddings occupy a narrow cone, which
suppresses the expressiveness of PLMs. To resolve
the problem, various methods have been proposed,
including spectrum control (Wang et al., 2019),
flow-based mapping (Li et al., 2020), whitening
transformation (Su et al., 2021; Huang et al., 2021),
contrastive learning (Gao et al., b), and cluster-
based methods (Rajaee and Pilehvar, 2021a). De-
spite their effectiveness, these methods are de-
signed for off-the-shelf PLMs. The interaction
between isotropization and fine-tuning PLMs re-
mains under-explored. A most recent work by Ra-
jaee and Pilehvar shows that there might be a con-
flict between the two operations for the semantic
textual similarity (STS) task. On the other hand,
Zhou et al. (2021) propose to fine-tune PLMs with

Dataset BERT IntentBERT

BANKING .96 .71(.04)

HINT3 .95 .72(.03)

HWU64 .96 .72(.04)

Table 1: The impact of fine-tuning on isotropy.
Fine-tuning renders the semantic space notably more
anisotropic. The mean and standard deviation of 5 runs
with different random seeds are reported.

isotropic batch normalization on some supervised
tasks, but it requires a large amount of training
data. In this work, we study the interaction be-
tween isotropization and supervised pre-training
(fine-tuning) PLMs on intent detection tasks.

3 Pilot Study

Before introducing our approach, we present pilot
experiments to gain some insights into the interac-
tion between isotropization and fine-tuning PLMs.

3.1 Measuring isotropy
Following Mu and Viswanath (2018); Biś et al.
(2021), we adopt the following measurement of
isotropy:

I(V) =
minc ∈ C Z(c,V)

maxc ∈ C Z(c,V)
, (1)

where V ∈ RN×d is the matrix of stacked embed-
dings of N utterances (note that the embeddings
have zero mean),C is the set of unit eigenvectors of
V⊤V, and Z(c,V) is the partition function (Arora
et al., b) defined as:

Z(c,V) =
N∑

i=1

exp
(
c⊤vi

)
, (2)

where vi is the ith row of V. I(V) ∈ [0, 1], and 1
indicates perfect isotropy.

3.2 Fine-tuning Leads to Anisotropy
To observe the impact of fine-tuning on isotropy,
we follow IntentBERT (Zhang et al., a) to fine-tune
BERT (Devlin et al., 2019) with standard super-
vised training on a small set of an intent detection
benchmark OOS (Larson et al., 2019) (details are
given in Section 4.1). We then compare the isotropy
of the original embedding space (BERT) and the
embedding space after fine-tuning (IntentBERT)
on target datasets. As shown in Table 1, after fine-
tuning, the isotropy of the embedding space is no-
tably decreased on all datasets. Hence, it can be
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seen that fine-tuning may render the feature space
more anisotropic.

Figure 2: The impact of contrastive learning on In-
tentBERT with experiments on HWU64 and BANK-
ING77 datasets. The performance (blue) drops while
the isotropy (orange) increases.

3.3 Isotropization after Fine-tuning May
Have an Adverse Effect

To examine the effect of isotropization on a fine-
tuned model, we apply two strong isotropiza-
tion techniques to IntentBERT: dropout-based con-
trastive learning (Gao et al., b) and whitening trans-
formation (Su et al., 2021). The former fine-tunes
PLMs in a contrastive learning manner1, while
the latter transforms the semantic feature space
into an isotropic space via matrix transformation.
These methods have been demonstrated highly ef-
fective (Gao et al., b; Su et al., 2021) when ap-
plied to off-the-shelf PLMs, but things are dif-
ferent when they are applied to fine-tuned mod-
els. As shown in Fig. 2, contrastive learning im-
proves isotropy, but it significantly lowers the per-
formance on two benchmarks. As for whitening
transformation, it has inconsistent effects on the
two datasets, as shown in Fig. 3. It hurts the per-
formance on HWU64 (Fig. 3a) but yields better
results on BANKING77 (Fig. 3b), while produc-
ing nearly perfect isotropy on both. The above
observations indicate that isotropization may hurt
fine-tuned models, which echoes the recent finding
of Rajaee and Pilehvar.

4 Method

The pilot experiments reveal the anisotropy of a
PLM fine-tuned on intent detection tasks and the

1We refer the reader to the original paper for details.

(a) HWU64.

(b) BANKING77.

Figure 3: The impact of whitening on IntentBERT with
experiments on HWU64 and BANKING77 datasets.
Whitening transformation leads to perfect isotropy but
has inconsistent effects on the performance.

challenge of applying isotropization techiniques on
the fine-tuned model. In this section, we propose
a joint fine-tuning and isotropization framework.
Specifically, we propose two regularizers to make
the feature space more isotropic during fine-tuning.
Before presenting our method, we first introduce
supervised pre-training.

4.1 Supervised Pre-training for Few-shot
Intent Detection

Few-shot intent detection targets to train a good in-
tent classifier with only a few labeled dataDtarget =
{(xi, yi)}Nt , where Nt is the number of labeled
samples in the target dataset, xi denotes the ith
utterance, and yi is the label.

To tackle the problem, Zhang et al. (a) pro-
pose to learn intent detection skills (fine-tune a
PLM) on a small subset of public intent detection
benchmarks by supervised pre-training. Denote
by Dsource = {(xi, yi)}Ns the source data used for
pre-training, where Ns is the number of examples.
The fine-tuned PLM can be directly used on the
target dataset. It has been shown that this method
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(a) CL-Reg. (b) Cor-Reg.

Figure 4: Illustration of CL-Reg (contrastive-learning-based regularizer) and Cor-Reg (correlation-matrix-based
regularizer). xi is the ith utterance in a batch of size 3. In (a), xi is fed to the PLM twice with built-in dropout to
produce two different representations of xi: hi and h+

i . Positive and negative pairs are then constructed for each xi.
For example, h1 and h+

1 form a positive pair for x1, while h1 and h+
2 , and h1 and h+

3 , form negative pairs for x1.
In (b), the correlation matrix is estimated from hi, feature vectors generated by the PLM, and is regularized towards
the identity matrix.

can work well when the label spaces of Dsource and
Dtarget are disjoint.

Specifically, the pre-training is conducted by at-
taching a linear layer (as the classifier) on top of
the utterance representation generated by the PLM:

p(y|hi) = softmax (Whi + b) ∈ RL, (3)

where hi ∈ Rd is the representation of the ith ut-
terance in Dsource, W ∈ RL×d and b ∈ RL are the
parameters of the linear layer, and L is the number
of classes. The model parameters θ = {ϕ,W,b},
with ϕ being the parameters of the PLM, are trained
on Dsource with a cross-entropy loss:

θ = argmin
θ
Lce (Dsource; θ) . (4)

After supervised pre-training, the linear layer is
removed, and the PLM can be immediately used as
a feature extractor for few-shot intent classification
on target data. As shown in Zhang et al. (a), a para-
metric classifier such as logistic regression can be
trained with only a few labeled samples to achieve
good performance.

However, our analysis in Section 3.2 shows the
limitation of supervised pre-training, which yields
a anisotropic feature space.

4.2 Regularizing Supervised Pre-training with
Isotropization

To mitigate the anisotropy of the PLM fine-tuned by
supervised pre-training, we propose a joint training
objective by adding a regularization term Lreg for
isotropization:

L = Lce(Dsource; θ) + λLreg(Dsource; θ), (5)

where λ is a weight parameter. The aim is to learn
intent detection skills while maintaining an appro-
priate degree of isotropy. We devise two different
regularizers introduced as follows.

Contrastive-learning-based Regularizer. In-
spired by the recent success of contrastive learning
in mitigating anisotropy (Yan et al., 2021; Gao
et al., b), we employ the dropout-based contrastive
learning loss used in Gao et al. (b) as the regular-
izer:

Lreg = − 1

Nb

Nb∑

i

log
esim(hi,h

+
i )/τ

∑Nb
j=1 e

sim(hi,h
+
j )/τ

. (6)

In particular, hi ∈ Rd and h+
i ∈ Rd are two dif-

ferent representations of utterance xi generated by
the PLM with built-in standard dropout (Srivastava
et al., 2014), i.e., xi is passed to the PLM twice
with different dropout masks to produce hi and h+

i .
sim(h1,h2) denotes the cosine similarity between
h1 and h2. τ is the temperature parameter. Nb is
the batch size. Since hi and h+

i represent the same
utterance, they form a positive pair. Similarly, hi
and h+

j form a negative pair, since they represent
different utterances. An example is given in Fig. 4a.
By minimizing the contrastive loss, positive pairs
are pulled together while negative pairs are pushed
away, which in theory enforces an isotropic fea-
ture space (Gao et al., b). In Gao et al. (b), the
contrastive loss is used as the single objective to
fine-tune off-the-shelf PLMs in an unsupervised
manner, while in this work we use it jointly with
supervised pre-training to fine-tune PLMs for few-
shot learning.

Correlation-matrix-based Regularizer. The
above regularizer enforces isotropization implicitly.
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Here, we propose a new regularizer that explic-
itly enforces isotropization. The perfect isotropy
is characterized by zero covariance and uniform
variance (Su et al., 2021; Zhou et al., 2021), i.e., a
covariance matrix with uniform diagonal elements
and zero non-diagonal elements. Isotropization
can be achieved by endowing the feature space
with such statistical property. However, as will be
shown in Section 5.3, it is difficult to determine the
appropriate scale of variance. Therefore, we base
the regularizer on correlation matrix :

Lreg = ∥Σ− I∥, (7)

where ∥·∥ denotes Frobenius norm, I ∈ Rd×d is the
identity matrix, Σ ∈ Rd×d is the correlation matrix
with Σij being the Pearson correlation coefficient
between the ith dimension and the jth dimension.
As shown in Fig. 4b, Σ is estimated with utterances
in the current batch. By pushing the correlation
matrix towards the identity matrix during training,
we can learn a more isotropic feature space.

Moreover, the proposed two regularizers can be
used together as follows:

L = Lce(Dsource; θ) + λ1Lcl(Dsource; θ)

+λ2Lcor(Dsource; θ),
(8)

where λ1 and λ2 are the weight parameters, and Lcl
and Lcor denote CL-Reg and Cor-Reg, respectively.
Our experiments show that better performance is
often observed when they are used together.

5 Experiments

To validate the effectiveness of the approach, we
conduct extensive experiments.

5.1 Experimental Setup

Datasets. To perform supervised pre-training, we
follow Zhang et al. to use the OOS dataset (Lar-
son et al., 2019) which contains diverse semantics
of 10 domains. Also following Zhang et al., we
exclude the domains “Banking” and “Credit Cards”
since they are similar in semantics to one of the test
dataset BANKING77. We then use 6 domains for
training and 2 for validation, as shown in Table 2.
For evaluation, we employ three datasets: BANK-
ING77 (Casanueva et al., 2020) is an intent detec-
tion dataset for banking service. HINT3 (Arora
et al., a) covers 3 domains, “Mattress Products Re-
tail”, “Fitness Supplements Retail”, and “Online

Training Validation

“Utility”, “Auto com-
mute”, “Work”, “Home”,
“Meta”, “Small talk”

“Travel”, “Kitchen din-
ing”

Table 2: Split of domains in OOS.

Dataset #domain #intent #data

OOS 10 150 22500
BANKING77 1 77 13083
HINT3 3 51 2011
HWU64 21 64 10030

Table 3: Dataset statistics.

Gaming”. HWU64 (Liu et al., 2019a) is a large-
scale dataset containing 21 domains. Dataset statis-
tics are summarized in Table 3.

Our Method. Our method can be applied to
fine-tune any PLM. We conduct experiments on
two popular PLMs, BERT (Devlin et al., 2019) and
RoBERTa (Liu et al., 2019b). For both of them, the
embedding of [CLS] is used as the utterance rep-
resentation in Eq. 3. We employ logistic regression
as the classifier. We select the hyperparameters
λ, λ1, λ2, and τ by validation. The best hyperpa-
rameters are provided in Table 4.

Method Hyperparameter

CL-Reg λ = 1.7, τ = 0.05
Cor-Reg λ = 0.04
CL-Reg + Cor-Reg λ1 = 1.7, λ2 = 0.04, τ = 0.05

(a) BERT-based.

Method Hyperparameter

CL-Reg λ = 2.9, τ = 0.05
Cor-Reg λ = 0.06
CL-Reg + Cor-Reg λ1 = 2.9, λ2 = 0.13, τ = 0.05

(b) RoBERTa-based.

Table 4: Hyperparameters selected via validation.

Baselines. We compare our method to the
following baselines. First, for BERT-based
methods, BERT-Freeze freezes BERT; CON-
VBERT (Mehri et al., 2020), TOD-BERT (Wu
et al., 2020), and DNNC-BERT (Zhang et al.,
c) further pre-train BERT on conversational cor-
pus or natural language inference tasks. USE-
ConveRT (Henderson et al., a; Casanueva et al.,
2020) is a transformer-based dual-encoder pre-
trained on conversational corpus. CPFT-BERT
is the re-implemented version of CPFT (Zhang
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Method BANKING77 HINT3 HWU64 Val.

2-shot 10-shot 2-shot 10-shot 2-shot 10-shot 2-shot 10-shot

BERT-Freeze 57.10 84.30 51.95 80.27 64.83 87.99 74.20 92.99
CONVBERT¶ 68.30 86.60 72.60 87.20 81.75 92.55 90.54 96.82
TOD-BERT¶ 77.70 89.40 68.90 83.50 83.24 91.56 88.10 96.39
USE-ConveRT¶ – 85.20 – – – 85.90 – –
DNNC-BERT¶ 67.50 89.80 64.10 87.90 73.97 90.71 72.98 95.23
CPFT-BERT 72.09 89.82 74.34 90.37 83.02 93.66 89.33 97.30
IntentBERT¶ 82.40 91.80 80.10 90.20 – – – –
IntentBERT-ReImp 80.38(.35) 92.35(.12) 77.09(.89) 89.55(.63) 90.61(.44) 95.21(.15) 93.62(.38) 97.80(.18)

BERT-White 72.95 88.86 65.70 85.70 75.98 91.26 87.33 96.05
IntentBERT-White 82.52(.26) 92.29(.33) 78.50(.59) 90.14(.26) 87.24(.18) 94.42(.08) 94.89(.21) 98.07(.12)

CL-Reg 83.45(.35) 93.66(.22) 79.30(.87 91.06(.30) 91.46(.15) 95.84(.12) 94.43(.22) 98.43.02)

Cor-Reg 83.94(.45) 93.98(.26) 80.16(.71) 91.38(.55) 90.75(.35) 95.82(.14) 95.02(.22) 98.47(.07)

CL-Reg + Cor-Reg 85.21(.58) 94.68(.01) 81.20(.45) 92.38(.01) 90.66(.42) 95.84(.19) 95.41(.25) 98.58(.01)

Table 5: 5-way few-shot intent detection using BERT. We report the mean and standard deviation of our methods
and IntentBERT variants. CL-Reg, Cor-Reg, and CL-Reg + CorReg denote supervised pre-training regularized by
the corresponding regularizer. The top 3 results are highlighted. ¶ denotes results from (Zhang et al., a).

Method BANKING77 HINT3 HWU64 Val.

2-shot 10-shot 2-shot 10-shot 2-shot 10-shot 2-shot 10-shot

RoBERTa-Freeze 60.74 82.18 57.90 79.26 75.30 89.71 74.86 90.52
WikiHowRoBERTa 32.88 59.50 31.92 54.18 30.81 52.47 34.10 60.59
DNNC-RoBERTa 74.32 87.30 68.06 82.34 69.87 80.22 58.51 74.46
CPFT-RoBERTa 80.27(.11) 93.91(.06) 79.98(.11) 92.55(.07) 83.18(.11) 92.82(.06) 86.71(.10) 96.45(.05)

IntentRoBERTa 81.38(.66) 92.68(.24) 78.20(1.72) 89.01(1.07) 90.48(.69) 94.49(.43) 95.33(.54) 98.32(.15)

RoBERTa-White 79.27 93.00 73.13 89.02 82.65 94.00 89.90 97.14
IntentRoBERTa-White 83.75(.45) 92.68(.31) 79.64(1.38) 90.13(.66) 86.52(1.33) 93.82(.53) 96.06(.58) 98.35(.21)

CL-Reg 84.63(.68) 94.43(.34) 81.10(.49) 91.65(.13) 91.67(.20) 95.44(.28) 96.32(.14) 98.79(.05)

Cor-Reg 86.92(.71) 95.07(.41) 82.20(.48) 92.11(.41) 91.10(.18) 95.69(.12) 96.82(.03) 98.89(.03)

CL-Reg + Cor-Reg 87.96(.31) 95.85(.02) 83.55(.30) 93.17(.23) 90.47(.39) 95.64(.28) 96.35(.19) 98.85(.07)

Table 6: 5-way few-shot intent detection using RoBERTa. We report the mean and standard deviation of our methods
and IntentBERT variants. CL-Reg, Cor-Reg, and CL-Reg + CorReg denote supervised pre-training regularized by
the corresponding regularizer. The top 3 results are highlighted.

et al., b), by further pre-training BERT in an un-
supervised manner with mask-based contrastive
learning and masked language modeling on the
same training data as ours. IntentBERT (Zhang
et al., a) further pre-trains BERT via supervised
pre-training described in Section 4.1. To guaran-
tee a fair comparison, we provide IntentBERT-
ReImp, the re-implemented version of Intent-
BERT, which uses the same random seed, training
data, and validation data as our methods. Second,
for RoBERTa-based baselines, RoBERTa-Freeze
freezes the model. WikiHowRoBERTa (Zhang
et al., d) further pre-trains RoBERTa on synthe-
sized intent detection data. DNNC-RoBERTa and
CPFT-RoBERTa are similar to DNNC-BERT and
CPFT-BERT except the PLM. IntentRoBERTa is
the re-implemented version of IntentBERT based
on RoBERTa, with uses the same random seed,
training data, and validation data as our method.

Finally, to show the superiority of the joint fine-
tuning and isotropization, we compare our method
against whitening transformation (Su et al., 2021).
BERT-White and RoBERTa-White apply the
transformation to BERT and RoBERTa, respec-
tively. IntentBERT-White and IntentRoBERTa-
White apply the transformation to IntentBERT-
ReImp and IntentRoBERTa, respectively.

All baselines use logistic regression as classi-
fier except DNNC-BERT and DNNC-RoBERTa,
wherein we follow the original work2 to train a pair-
wise encoder for nearest neighbor classification.

Training Details. We use PyTorch library and
Python to build our model. We employ Hugging
Face implementation3 of bert-base-uncased and
roberta-base. We use Adam (Kingma and Ba,

2https://github.com/salesforce/DNNC-few-shot-intent
3https://github.com/huggingface/transformers
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2015) as the optimizer with learning rate of 2e−05
and weight decay of 1e− 03. The model is trained
with Nvidia RTX 3090 GPUs. The training is early
stopped if no improvement in validation accuracy
is observed for 100 steps. The same set of ran-
dom seeds, {1, 2, 3, 4, 5}, is used for IntentBERT-
ReImp, IntentRoBERTa, and our method.

Evaluation. The baselines and our method are
evaluated on C-way K-shot tasks. For each task,
we randomly sampleC classes andK examples per
class. TheC×K labeled examples are used to train
the logistic regression classifier. Note that we do
not further fine-tune the PLM using the labeled data
of the task. We then sample another 5 examples per
class as queries. Fig. 1 gives an example with C =
2 and K = 1. We report the averaged accuracy of
500 tasks randomly sampled from Dtarget.

5.2 Main Results

The main results are provided in Table 5 (BERT-
based) and Table 6 (RoBERTa-based). The follow-
ing observations can be made. First, our proposed
regularized supervised pre-training, with either CL-
Reg or Cor-Reg, consistently outperforms all the
baselines by a notable margin in most cases, indi-
cating the effectiveness of our method. Our method
also outperforms whitening transformation, demon-
strating the superiority of the proposed joint fine-
tuning and isotropization framework. Second, Cor-
Reg slightly outperforms CL-Reg in most cases,
showing the advantage of enforcing isotropy ex-
plicitly with the correlation matrix. Finally, CL-
Reg and Cor-Reg show a complementary effect
in many cases, especially on BANKING77. The
above observations are consistent for both BERT
and RoBERTa. It can be also seen that higher per-
formance is often attained with RoBERTa.

Method BANKING77 HINT3 HWU64

IntentBERT-ReImp .71(.04) .72(.03) .72(.03)

SPT+CL-Reg .77(.01) .78(.01) .75(.03)

SPT+Cor-Reg .79(.01) .76(.06) .80(.03)

SPT+CL-Reg+Cor-Reg .79(.01) .76(.05) .80(.02)

Table 7: Impact of the proposed regularizers on isotropy.
The results are obtained with BERT. SPT denotes super-
vised pre-training.

The observed improvement in performance
comes with an improvement in isotropy. We report
the change in isotropy by the proposed regularizers
in Table 7. It can be seen that both regularizers
and their combination make the feature space more

isotropic compared to IntentBERT-ReImp that only
uses supervised pre-training. In addition, in gen-
eral, Cor-Reg can achieve better isotropy than CL-
Reg.

5.3 Ablation Study and Analysis

Moderate isotropy is helpful. To investigate the
relation between the isotropy of the feature space
and the performance of few-shot intent detection,
we tune the weight parameter λ of Cor-Reg to in-
crease the isotropy and examine the performance.
As shown in Fig. 5, a common pattern is observed:
the best performance is achieved when the isotropy
is moderate. This observation indicates that it is
important to find an appropriate trade-off between
learning intent detection skills and learning an in-
sotropic feature space. In our method, we select
the appropriate λ by validation.

Figure 5: Relation between performance and isotropy.
The results are obtained with BERT on 5-way 2-shot
tasks.

Correlation matrix is better than covariance
matrix as regularizer. In the design of Cor-Reg
(Section 4.2), we use the correlation matrix, rather
than the covariance matrix, to characterize isotropy,
although the latter contains more information –
variance. The reason is that it is difficult to de-
termine the proper scale of the variances. Here,
we conduct experiments using the covariance ma-
trix, by pushing the non-diagonal elements (covari-
ances) towards 0 and the diagonal elements (vari-
ances) towards 1, 0.5, or the mean value, which
are denoted by Cov-Reg-1, Cov-Reg-0.5, and Cov-
Reg-mean respectively in Table 8. It can be seen
that all the variants perform worse than Cor-Reg.

Our method is complementary with batch
normalization. Batch normalization (Ioffe and
Szegedy, 2015) can potentially mitigate the
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Method BANKING77 Val.

Cov-Reg-1 82.19(.84) 94.52(.19)

Cov-Reg-0.5 82.62(.80) 94.52(.26)

Cov-Reg-mean 82.50(1.00) 93.82(.39)

Cor-Reg (ours) 83.94(.45) 95.02(.22)

Table 8: Comparison between using covariance matrix
and using correlation matrix to implement Cor-Reg. The
experiments are conducted with BERT and evaluated on
5-way 2-shot tasks.

anisotropy problem via normalizing each dimen-
sion with unit variance. We find that combining
our method with batch normalization yields better
performance, as shown in Table 9.

SPT CL-Reg Cor-Reg BN BANKING77

✓ 80.38(.35)

✓ ✓ 82.38(.38)

✓ ✓ 83.45(.35)

✓ ✓ ✓ 84.18(.28)

✓ ✓ 83.94(.45)

✓ ✓ ✓ 84.67(.51)

✓ ✓ ✓ 85.21(.58)

✓ ✓ ✓ ✓ 85.64(.41)

Table 9: Effect of combining batch normalization and
our method. The experiments are conducted with BERT
and evaluated on 5-way 2-shot tasks. SPT denotes su-
pervised pre-training. BN denotes batch normalization.

The performance gain is not from the reduc-
tion in model variance. Regularization techniques
such as L1 regularization (Tibshirani, 1996) and
L2 regularization (Hoerl and Kennard, 1970) are
often used to improve model performance by re-
ducing model variance. Here, we show that the
performance gain of our method is ascribed to the
improved isotropy (Table 7) rather than the reduc-
tion in model variance. To this end, we compare
our method against L2 regularization with a wide
range of weights, and it is observed that reducing
model variance cannot achieve comparable perfor-
mance to our method, as shown in Fig. 6.

The computational overhead is small. To ana-
lyze the computational overheads incurred by CL-
Reg and Cor-Reg, we decompose the duration of
one epoch of our method using the two regulariz-
ers jointly. As shown in Fig. 7, the overheads of
CL-Reg and Cor-Reg are small, only taking up a
small portion of the time.

Figure 6: Comparison between our methods and L2 reg-
ularization. The experiments are conducted with BERT
and evaluated on 5-way 2-shot tasks on BANKING77.
SPT denotes superivsed pre-training.

Figure 7: Run time decomposition of a single epoch.
The unit is second.

6 Conclusion

In this work, we have identified and analyzed the
anisotropy of the feature space of a PLM fine-
tuned on intent detection tasks. Further, we have
proposed a joint training framework and designed
two regularizers based on contrastive learning and
correlation matrix respectively to increase the in-
sotropy of the feature space during fine-tuning,
which leads to notably improved performance on
few-shot intent detection. Our findings and solu-
tions may have broader implications for solving
other natural language understanding tasks with
PLM-based models.
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Abstract
For emerging events, human readers are often
exposed to both real news and fake news. Mul-
tiple news articles may contain complemen-
tary or contradictory information that readers
can leverage to help detect fake news. In-
spired by this process, we propose a novel
task of cross-document misinformation de-
tection. Given a cluster of topically related
news documents, we aim to detect misinforma-
tion at both document level and a more fine-
grained level, event level. Due to the lack
of data, we generate fake news by manipulat-
ing real news, and construct 3 new datasets
with 422, 276, and 1, 413 clusters of topi-
cally related documents, respectively. We fur-
ther propose a graph-based detector that con-
structs a cross-document knowledge graph us-
ing cross-document event coreference resolu-
tion and employs a heterogeneous graph neu-
ral network to conduct detection at two levels.
We then feed the event-level detection results
into the document-level detector. Experimen-
tal results show that our proposed method sig-
nificantly outperforms existing methods by up
to 7 F1 points on this new task.1

1 Introduction

The dissemination of fake news has become an im-
portant social issue. For emergent complex events,
human readers are usually exposed to multiple
news documents, where some are real and others
are fake. News documents from different sources
naturally form a cluster of topically related doc-
uments. We notice that articles about the same
topic may contain conflicting or complementary
information, which can benefit the task of misinfor-
mation detection. An example is shown in Figure
1. As shown in the knowledge graph, the death of
Rosanne Boyland in 2021 US Capitol attack is a
shared event across all four documents. Each docu-
ment is internally consistent, making it difficult to

1Codes and data are at https://github.com/
shirley-wu/cross-doc-misinfo-detection.

identify misinformation when judging each news
separately. However, the three real news documents
complement each other’s statements regarding the
death of Boyland, while the fake news document
contradicts the other stories. Such cross-document
connections can be leveraged to help detect misin-
formation.

Most of the existing work on fake news detec-
tion is limited to judging each document in isola-
tion. In contrast, we propose a novel task of cross-
document misinformation detection that aims to
detect fake information from a cluster of topically
related news documents. We perform the task at
both the document level and event level. Each
event describes a specific type of real-world event
mentioned in the text (e.g., the death of Boyland
in Figure 1), and usually involves certain partic-
ipants to represent different aspects of the event
(e.g., the cause of death and the victim of the death
event). Document-level detection aims to detect
fake news documents. Event-level detection is
a more fine-grained task that aims to detect fake
events, thereby pinpointing specific fake informa-
tion in news documents.

Existing work on fine-grained misinformation
detection detects triplets of false knowledge (Fung
et al., 2021). However, we focus on identifying
false events instead of relations or entities, because
events are more important for storytelling and eas-
ier to compare across multiple documents through
cross-document coreference resolution.

To the best of our knowledge, there are no fake
news detection datasets with clusters of topically
related documents. Therefore, we construct 3 new
benchmark datasets based on existing real news
corpus with such clusters. Following Fung et al.
(2021), we train a generator that generates a doc-
ument from a knowledge graph (KG), and feed
manipulated KGs into the generator to generate
fake news documents. Tracking the manipulation
operations, we also obtain supervision for event-
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Figure 1: An example of cross-document misinformation detection, including the texts and knowledge graphs for
four news documents. The three real news documents complement each other, while the fake news contradicts the
other news. News 1 falsely speculates that Boyland was crushed to death, but it admits that the cause of death was
not yet verified. News 2 and 3 complete the story by reporting that Boyland died of drug overdose. The fake news
claims that Boyland was killed by police, which contradicts the other news. Additionally, the fake news states that
the police attacked Boyland, which is inconsistent with News 3’s claim that the police was trying to help her.

level detection.
We further propose a detection approach as

shown in Figure 2. Given a cluster of documents,
we first use an information extraction (IE) system
(Lin et al., 2020) to construct a within-document
KG for each document. Then, we connect the
within-document KGs to form a cross-document
KG using cross-document event coreference reso-
lution (Lai et al., 2021; Wen et al., 2021). Eventu-
ally, we use a heterogeneous graph neural network
(GNN) to encode the cross-document KG and con-
duct detection at two levels.

Our contributions are summarized as follows:
1. We propose the novel task of cross-document

misinformation detection, and conduct the
task at two levels, document level and the
more fine-grained event level.

2. We construct 3 new datasets for our proposed
task based on existing document clusters cate-
gorized by topics.

3. We propose a detector that leverages cross-
document information and improve document-
level detection by utilizing features produced
by the event-level detector. Experiments on
three datasets demonstrate that our method
significantly outperforms existing methods.

2 Related Work

Fake News Detection: Early work on fake news
detection uses hand-crafted features to perform
document classification (Rubin et al., 2016; Wang,
2017; Rashkin et al., 2017; Pérez-Rosas et al., 2018;
Sarkar et al., 2018; Atanasova et al., 2019). Recent

work uses neural networks such as recurrent neural
networks (Karimi et al., 2018; Nasir et al., 2021)
and Transformer (Zellers et al., 2019) to encode the
news document. To model the internal structure of
a news document, Karimi and Tang (2019) model
the inter-sentence dependency tree, Vaibhav et al.
(2019); Hu et al. (2021) model the interactions be-
tween sentences; and Pan et al. (2018) and Fung
et al. (2021) model the knowledge graph extracted
by IE systems. Similar to our work, Hu et al. (2021)
compare each news with external knowledge base
(KB) to check for inconsistencies. However, the
correlation between news and KB is not as close
as the correlation between related news documents
due to the incompleteness of these KBs. Other
work utilizes additional information such as user
engagements and behaviors on social media (Shu
et al., 2019; Nguyen et al., 2020) and multi-modal
features (Khattar et al., 2019; Tan et al., 2020;
Fung et al., 2021). However, to the best of our
knowledge, no published work has considered us-
ing cross-document inference for misinformation
detection.

In addition to document-level detection, the task
of fine-grained detection is also important but rarely
explored. The most relevant work detects fake
knowledge triplets extracted from each individual
news article (Fung et al., 2021).

Another related task is fact verification which
aims to verify a statement based on retrieved evi-
dence. Fact verification has been explored in multi-
ple domains such as general domain (Thorne et al.,
2018), climate change (Diggelmann et al., 2020)
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Figure 2: An overview of our approach. We first construct a within-document KG for each document based on
IE output, where © represents an entity and 4 represents an event. Then, we construct a cross-document KG
by (1) adding a node for each cross-document event cluster and connecting it with events in the cluster, and (2)
introducing a document node � for each document and connecting it with all entities and events in the given
document. Finally, we use GNN to encode the cross-document KG, and use the event and document features to
conduct misinformation detection at two levels. The two detectors are trained and deployed in a pipeline fashion,
where event-level detection results are leveraged to improve document-level detection.

and COVID-19 (Wadden et al., 2020; Saakyan
et al., 2021). However, fact verification focuses on
short single-sentence statements and cannot model
the complicated internal structure of a news docu-
ment.

Fake News Datasets: The main difficulty in con-
structing a fake news dataset is to obtain annota-
tions. Rashkin et al. (2017) and Rubin et al. (2016)
obtain labels from the source information and con-
sider news from reliable sources as real news, and
unreliable sources as fake news. A potential issue
is that the detector may only learn to distinguish
the style of different news sources, rather than
the authenticity of the content. Shu et al. (2020)
collect annotations from fact-checking websites,
and Pérez-Rosas et al. (2018) collect annotations
via crowd-sourcing. These approaches produce
datasets of higher quality, but require extensive
manual efforts. With the development of powerful
generative models capable of mimicking human-
written news (Zellers et al., 2019), recent work has
constructed datasets by using generative models to
generate fake news (Tan et al., 2020; Fung et al.,
2021). Fung et al. (2021) further generate fake
news from manipulated KG, which we follow to
construct our dataset.

3 Task Formulation

Given a cluster of documents about the same story,
the task of cross-document misinformation detec-

tion aims to detect the fake information included in
the cluster.

Formally, let S = {d1, · · · ,dN} be the docu-
ment cluster, and N = |S| be the size of the cluster.
Some documents in S are real, while others are
fake. From each document d ∈ S, we extract
events E(d) = {e1, · · · , em}, where m = |E(d)|
is the number of events in document d. In an ex-
tracted event set E(d), some events are real and
others are fake.

We conduct the task of misinformation detec-
tion at two levels, document level and event level.
Document-level detection aims to predict whether
each document d ∈ S is real or fake. Event-level
detection is a more fine-grained task that aims to
predict whether each event e ∈ E(d),d ∈ S is real
or fake. In the example in Figure 1, the die event
in the fake news is fake, since it falsely describes
Boyland being killed by the police, but she actually
died of drug overdose.

4 Approach

An overview of our approach is shown in Figure
2. Given a cluster of documents, we first construct
a within-document KG for each document using
an IE system (Lin et al., 2020), and then connect
the within-document KGs into a cross-document
KG using cross-document event coreference reso-
lution. Based on the cross-document KG, we use
a hetereogeneous GNN (Schlichtkrull et al., 2018;
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Hu et al., 2019) to perform detection. We further
incorporate the results of event-level detection to
help the document-level detector.

4.1 Knowledge Graph Construction

Within-document KG: We first construct a
within-document IE-based knowledge graph for
each document. We leverage OneIE (Lin et al.,
2020), a joint IE system, to extract the entities,
relations, and events contained in a given docu-
ment. Then, we conduct entity linking (Pan et al.,
2017) and entity coreference resolution (Lee et al.,
2017) to merge multiple mentions of the same
entities together. Eventually, we obtain a within-
document KG where entities and events are nodes,
relations are edges between entities, and arguments
are edges between events and entities.

Cross-document KG: We leverage cross-
document event coreference resolution to connect
the within-document KGs into a cross-document
KG as illustrated in Figure 2. We employ a cross-
document event coreference resolution system
(Lai et al., 2021; Wen et al., 2021) to identify
clusters of events from multiple documents that
refer to the same real-world events. The system
utilizes both textual contexts of the event mentions
and symbolic features such as the event type
information. An example of the detected event
cluster is shown in Table 1, where the four events
of four documents all refer to the same explosion
attack on Venezuela’s President Nicolas Marduro.
These four events contain complementary or
contradictory details, which can be used for
misinformation detection. For each event cluster,
we add a node to represent the overall information
of the real-world complex event corresponding to
the cluster. Then, an edge is added between each
event node and corresponding cluster node to allow
reasoning among cross-document coreferential
events.

To indicate which document each entity or event
belongs to and capture the global information of
each document, we further introduce a document
node and connect it to the associated entity and
event nodes for each document.

The resulting KG contains 4 types of nodes (i.e.
entity nodes, event nodes, document nodes, and
event cluster nodes) and 5 types of edges (i.e. re-
lation edges, event argument edges, document-to-
entity edges, document-to-event edges, and edges
connecting event nodes to event cluster nodes).

Real · · ·Venezuela’ s president, Nicolás Maduro, has sur-
vived an apparent assassination attempt after what of-
ficials described as drones armed with explosivesarg1
detonatedtrig overhead during a speech he was mak-
ing at a military event. · · ·

Real · · ·The BBC quotes anonymous firefighters at the
scene who say “the incident was actually a gas tank
explosiontrig inside an apartmentarg2, but did not pro-
vide further details.” · · ·

Fake · · ·Maduro was not targeted by the drones, the prime
minister said, but state security services reported that
the drones were meant for him. “The explosiontrig
was caused by two machine gunsarg1,” Maduro said,
adding that there were no injuries. · · ·

Fake · · ·Two drones armed with explosives detonatedtrig
near PuntoDeCortearg2, where the Venezuelan Foreign
Minister, Jorge Rodríguez, was performing, and near
the stage where he was giving a speech. · · ·

Table 1: An example of cross-document event cluster
from IED dataset, where trig, arg1 and arg2 represent
the trigger, ExplosiveDevice argument and Place argu-
ment respectively. The four events from four docu-
ments all refer to the explosion attack on Nicolas Mar-
duro. The two real news articles complement each
other by providing different aspects of the event (Ex-
plosiveDevice argument in the first news and Place ar-
gument in the second news), while the two fake news
articles contradict the real news with different details
(i.e., different ExplosiveDevice and Place arguments).

Since all edges are directional, we add an inverse
edge for each edge to propagate features along both
directions, and the final KG contains 10 edge types,
accounting for the inverse of existing edge types.

KG representation: We use BERT (Devlin et al.,
2019) to initialize the node and edge embeddings in
the KG. For a document node, we use BERT to en-
code the entire document and take the embeddings
of [CLS] tokens. Similarly, for an entity node, we
encode its canonical mention. For an event node,
we encode the sentence where the event trigger oc-
curs. For an event cluster node, we take the average
of the embeddings of all events in the cluster. For a
relation edge or an event argument role edge, we en-
code the linearized representation of the relation tu-
ple. For example, the Leadership relation between
“Nicolas Maduro” and “Venezuelan” is represented
by “Nicolas Maduro, Leadership, Venezuelan” ,
and “guns” as the ExplosiveDevice argument of the
DetonateExplode event is represented by “Detona-
teExplode, ExplosiveDevice, guns”.

4.2 Knowledge Graph Encoder

Heterogeneous GNN: Given the heterogeneous
nature of the cross-document KG, we adopt a het-
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erogeneous GNN to encode the KG.
Formally, let G denote KG and V denote the

nodes in G. We use R to denote the 10 types of
edges as discussed in the previous section, and for
each edge type r ∈ R, we use Gr to denote the sub-
graph of G that only contains edges of type r. At the
l-th layer, the inputs are output features produced
by the previous layer denoted as h(l−1)

i , i ∈ V . For
each edge type r ∈ R, we apply a separate GNN
to encode Gr and produce a set of features denoted
as h(l)

i,r. Then, we aggregate the outputs for all edge
types into the final output as follows:

h
(l)
i =

∑

r∈R
h
(l)
i,r/|R| (1)

For document-to-entity edges, document-to-
event edges, and edges connecting event nodes to
event cluster nodes, we use standard graph attention
network (GAT). For relation edges and event argu-
ment edges, we apply edge-aware GAT to leverage
the edge features. Here, the edge features refer to
the BERT embeddings of text descriptions such
as “Nicolas Maduro, Leadership, Venezuelan” or
“DetonateExplode, ExplosiveDevice, guns” as de-
scribed in Section 4.1. The remainder of Section
4.2 presents details of GAT and edge-aware GAT,
i.e., how to produce h

(l)
i,r based on h

(l−1)
i .

Graph attention network: For each given node,
GAT aggregates the node features of its neighbors
via attention mechanism (Velickovic et al., 2018).
For a given edge type r ∈ R, let Ni,r denote the
neighbors of node i in Gr. At the l-th layer, the
attention weights αij are calculated as follows:

eij = LeakyReLU
(
a>
[
Wh

(l−1)
i ‖Wh

(l−1)
j

])

(2)

αij = softmaxj(eij) =
exp(eij)∑

k∈Ni,r exp(eik)
(3)

where a and W are trainable parameters, and ‖
denotes the feature concatenation. The output fea-
tures h(l)

i,r for node i in Gr are calculated as follows:

h
(l)
i,r =

∑

j∈Ni,r
αijWh

(l−1)
j (4)

Edge-aware graph attention network: Edge-
aware GAT is an extension of GAT that considers
edge features in addition to node features (Huang
et al., 2020; Yasunaga et al., 2021). Let rij denote

the features of the edge between nodes i and j.
For a given edge type r ∈ R, at the l-th layer, the
attention weights αij are computed as follows:

r′ij = Wr
[
h
(l−1)
i ‖h(l−1)

j ‖rij
]

(5)

αij = softmaxj
(
(WQh

(l−1)
i )(WKr′ij)

>
)

(6)

where Wr, WQ and WK are trainable parame-
ters. The output features h(l)

i,r for node i in Gr are
computed as follows:

h
(l)
i,r =

∑

j∈Ni,r
αijW

V r′ij (7)

where WV is a learnable matrix.

4.3 Misinformation Detector
Using the previously described graph encoder, we
are able to obtain representations of the document
and event nodes. We conduct document-level de-
tection using the document node representations,
and event-level detection using the event node rep-
resentations. We separately train two detectors for
these two levels of tasks.

However, these two tasks are not mutually in-
dependent. Intuitively, document-level detection
can benefit from the results of event-level detec-
tion, because the presence of a large number of
false events indicates that the document is more
likely to be fake. Therefore, we feed the results
produced by a well-trained event-level detector into
each layer of the document-level detector. Let ei
denote the representations of node i produced by
the event-level detector. At the l-th layer of the
document-level detector, instead of using the out-
put features of the previous layer h(l−1)

i as input
features, we use a linear projection of the concate-
nation of ei and h

(l−1)
i calculated as follows:

W
(l)
proj

[
ei‖h(l−1)

i

]
(8)

where W
(l)
proj is a learnable matrix.

5 Dataset Construction

Currently, there are no existing resources for cross-
document misinformation detection. We propose
to construct datasets based on real news datasets
with clustering information. For each cluster, we
randomly sample 50% real news and replace them
with manipulated fake news. Figure 3 shows an
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Figure 3: An overview of the fake news generation pro-
cess. Based on the real news and its IE output, we select
a high-frequency “DetonateExplode” event and replace
its argument entity “device” with “machine guns”. We
then generate the fake news from the manipulated KG.
In the KG of generated fake news, the manipulated en-
tity “guns” is an argument of the “DetonateExplode”
event, so we consider the event as fake.

overview of the fake news generation process, and
more examples are presented in Appendix D.

Following Fung et al. (2021), we train a KG-to-
text generator from the real news in our datasets,
and generate fake news from manipulated KGs.
The main differences between Fung et al. (2021)’s
method and ours in terms of manipulating KG are:
(1) we only conduct entity swapping, and do not
adopt other types of manipulation including adding
relations or events and subgraph replacement; (2)
since we focus on events, we select entities to be re-
placed that are arguments of high-frequency events,
instead of based on entity node degree; (3) we
select entities from other documents in the same
document cluster to replace the original entities, so
that the entities before and after replacement are
more similar.

We record the manipulation operations, and use
a heuristic rule to obtain supervision for event-level
detection as explained below. In a fake document,
if an event involves manipulated entities as argu-
ments, we consider this event as fake.

6 Experiments

6.1 Data

We constructed three new benchmark datasets
based on three datasets that naturally have clusters
of topically related documents. IED is a complex
event corpus, where each complex event refers to
a real-world story (e.g., Boston bombing) and is
described by multiple documents (Li et al., 2021).
Therefore, a complex event can be considered as a
document cluster. TL17 and Crisis are two time-
line summarization datasets containing multiple

# Cluster # Doc # Fake event
per doc (%)

IED
Train 422 3865 3.99 (9.91%)
Dev 140 1297 3.66 (9.14%)
Test 140 1262 3.68 (9.51%)

TL17
Train 276 2610 2.97 (12.70%)
Dev 92 879 2.69 (12.31%)
Test 92 892 2.85 (12.13%)

Crisis
Train 1413 13337 4.54 (13.95%)
Dev 177 1648 4.21 (13.29%)
Test 177 1701 4.38 (13.80%)

Table 2: Statistics of the resulting datasets.

news timelines. Each timeline contains multiple
documents describing an evolving long-term event
such as Influenza H1N1 and Egypt Revolution
(Tran et al., 2013, 2015), and thus can be regarded
as a document cluster. The detailed statistics of the
original datasets are shown in Appendix A.

However, documents within the same cluster
may not be closely related as the story described
by a cluster can span up to three years. To obtain
smaller and more closely related clusters, we split
each timeline into smaller clusters of approximately
size 10 based on publication dates2. Then, we em-
ploy the methods described in Section 5 to generate
fake documents. The statistics of the constructed
datasets are in Table 2.

6.2 Experimental Settings

For our proposed method, we use a
4-layered heterogeneous GAT and use
bert-base-uncased to initialize the node
and edge embeddings. For comparison, on the
document-level detection task, we compare our
method against two baselines: HDSF that models
the inter-sentence dependency tree (Karimi and
Tang, 2019), and GROVER (Zellers et al., 2019),
a Transformer-based detector. On the event-level
detection task, we compare our method against
random guessing, logistic regression and BERT.
For logistic regression, we use hand-crafted
features to represent the event including the event
type, the number of arguments, and the size of the
event cluster. The detailed settings are presented in
Appendix C.

For evaluation, we use F1 to evaluate document-
level detection. Considering the label imbalance
of event-level detection, we use F1 and the area
under the ROC curve (AUC) to evaluate event-level

2For IED, we randomly split the clusters due to the lack of
publication dates.
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IED TL17 Crisis
HDSF 78.42 80.62 82.14
GROVER-medium 79.06 79.40 86.84
GROVER-mega 82.90 90.00 87.13
Ours 86.76 90.21 93.89

Table 3: F1 results (in %) of document-level detection.
We report the F1 scores of HDSF (Karimi and Tang,
2019), GROVER of two settings (Zellers et al., 2019),
and our proposed method.

Cross-document
event coreference

Event-level
detection results IED TL17 Crisis

7 7 80.59 86.55 93.64
3 7 84.57 88.99 93.67
3 Random 83.63 84.86 92.18
3 3 86.76 90.21 93.89

Table 4: F1 results (in %) of ablation study over
document-level detection. We analyze the use of cross-
document event coreference resolution and event-level
detection results. We further experiment with random
features for event-level detection results. Results of our
full method are presented in the last row.

detection. For the F1 metric, we select the optimal
threshold on the validation set.

6.3 Document-level Detection Results

Table 3 shows the results of document-level detec-
tion. Our method yields consistent improvements
on all three datasets and significantly outperforms
the baselines that judge the authenticity for each
document in isolation. To understand the effective-
ness of each component, we conducted an ablation
study and show the results in Table 4. We have the
following findings:

(1) We remove the edges between event nodes
and event center nodes to analyze the impact of
cross-document event coreference resolution, and
find that such information significantly improves
the performance on IED and TL17. We also train
our detector with smaller clusters on TL17 and get
worse performance (84.53% and 87.37% on clus-
ters with size 1 and 2 respectively), which verifies
that our model benefits from more cross-document
information. The benefit of cross-document event
coreference resolution is less significant on the
large-scale Crisis dataset containing 1.7k docu-
ments. This may imply that cross-document mis-
information detection is more useful for emerging
new events where large-scale training data is not
available.

(2) Using the event-level detection results con-

IED TL17 Crisis
F1 AUC F1 AUC F1 AUC

Random 16.31 50.44 19.44 49.65 21.70 50.41
LR 31.26 77.87 29.14 68.19 31.67 68.17
BERT 26.43 71.12 31.95 71.42 33.89 71.86
Ours 44.86 88.46 41.56 82.59 48.48 85.60
Ours(ABLATION) 45.00 88.54 41.66 82.28 47.78 85.17

Table 5: Results (in %) of event-level detection. We re-
port the F1 and AUC scores of random guessing (Ran-
dom), logistic regression (LR), BERT, and our method.
We further conduct an ablation study and report the
results of our method without cross-document event
coreference information, denoted as Ours(ABLATION).

sistently improves the performance by 1-3 points
on all datasets. Since the projection modules in-
troduce additional parameters, we further train a
detector utilizing random features and find that us-
ing random features reduces the performance. This
verifies that the improvement is brought by utiliz-
ing the knowledge learnt by the event-level detector
rather than additional parameters.

6.4 Event-level Detection Results

We track the manipulation operations during the
dataset construction process, which allows us to
obtain supervision for event-level detection. The
results are shown in Table 5. We compare our
method with random guessing, logistic regression
with hand-crafted event features, and BERT. We
find that random guessing performs the worst, logis-
tic regression and BERT achieve satisfactory perfor-
mance, and our method significantly outperforms
all baselines by a large margin. As in document-
level detection, we conduct an ablation study on the
use of cross-document event coreference resolution
by removing edges between event nodes and event
cluster nodes, and find that such information brings
slight improvements in the AUC metric.

6.5 Analysis and Discussion

To demonstrate the benefits of using cross-
document event coreference resolution, we show
an example in Figure 4, with 4 documents from
the same cluster. As shown in Figure 4, by per-
forming cross-document reasoning on events in
the same event cluster, our model achieves bet-
ter performance compared to Ours(ABLATION), i.e.,
our model without edges between event nodes and
event cluster nodes.

We further analyze the remaining errors in our
model. Figure 5 shows two representative cases

549



Figure 4: An example of four documents from the same
cluster in the IED dataset. Event triggers are bolded
and marked in gold, and fake information is marked in
red. The tables report the detection results of our model
with and without cross-document event coreference res-
olution, denoted by “Ours” and “Ours(ABLATION)” re-
spectively, and better results are bolded. The use
of cross-document event coreference resolution signifi-
cantly enhances both levels of detection, especially for
detecting fake news 1.

where both document-level and event-level detec-
tors fail to detect misinformation. In the first exam-
ple, the manipulated entity is not captured by the
IE system, and the error of IE system is propagated
into the detector. A potential solution is to use an
OpenIE system (Stanovsky et al., 2018) that is able
to cover more event and entity types. The second
example is a more challenging case where the event
containing fake information is not mentioned in any
other document. This makes it difficult to either
verify or disprove via cross-document reasoning,
and may require the detector to actively search for
external information related to the event.

There are some remaining challenges and limi-
tations in our proposed methodology. First, some
cross-document contradictions are difficult to cap-
ture by coreference resolution only. In the example
in Figure 1, knowing that the police are unlikely to
help and attack Boyland at the same time requires
commonsense reasoning, which we leave as our
future work. Second, an underlying assumption of
our framework is that real news articles are consis-
tent and complementary with each other, while fake
news often contradicts each other. This assump-
tion is true for our constructed datasets because we
manipulate the KGs via random entity swapping.
However, certain types of human-written fake news

Figure 5: Two examples where our detector fails to de-
tect the fake information. Event triggers are bolded
and marked in gold, and fake information is marked
in red. In the first example, the fake event argument
Abqaiq City is not captured by the IE system and thus
cannot be detected. In the second example, the visit of
Vajpayee to Mumbai is fake information but not men-
tioned by any other documents, and no coreference is
detected for the Transportation event. Therefore, our
detector does not have enough information to detect the
fake information.

documents, such as conspiracy theories, tend to be
closely related to each other and convey highly sim-
ilar information because they share the same biases
or aim to manipulate readers in the same way. This
may limit the performance of our proposed system
in real-world scenarios.

6.6 Human Evaluation on Fake News
Generation

To evaluate the quality of the generated fake news,
we conducted a Turing Test by 13 human readers
as in Fung et al. (2021). We randomly select 100
documents from the IED dataset, half real and half
fake, and ask the human readers to assess the au-
thenticity for each document. The overall accuracy
achieved by human readers is 66.88%, with 77.44%
accuracy on real documents but only 56.32% ac-
curacy on fake documents. This shows that it is
difficult for human readers to detect the generated
fake news.

7 Conclusions and Future Work

We are the first to study the new task of cross-
document misinformation detection. We conduct
the task at two levels, document level and the more
fine-grained event level, and construct three new
datasets to handle the lack of training data. We fur-
ther propose a graph-based cross-document detec-
tor that conducts reasoning over a cross-document
knowledge graph and feed the event-level detec-
tion results into document-level detector. The ex-
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perimental results show that our proposed method
significantly outperforms existing methods.

For future work, we intend to extend our method
to conduct cross-document reasoning over more
types of information (e.g., entities and relations)
in addition to events. We also plan to extend our
method to multi-media news including texts, im-
ages, audios and videos, which requires the con-
struction of cross-document multi-modal knowl-
edge graphs. Finally, a challenging but important
task is to construct a large-scale fake news detec-
tion corpus with human-written fake news contain-
ing document clusters and study our method in this
scenario.

8 Ethical Considerations

The goal of this work is to advance state-of-the-
art research in the field of misinformation detec-
tion by analyzing multiple documents on the same
topic. We build new benchmark datasets using a
fake news generator, and propose a detector that
achieves high performance in such scenarios. We
have released the constructed datasets and detector
codes in this submission as a useful reference for
future research. We hope that our work will encour-
age more efforts in this direction and benefit the
community.

However, as with any work that utilizes text gen-
eration, our work involves the risk of being applied
to produce false information to mislead or manip-
ulate readers. Therefore, we promise not to share
codes or checkpoints of our generator to avoid po-
tential negative consequences. To improve repro-
ducibility, we describe the general idea and a few
crucial details of the fake news generator.
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A Statistics of Original Datasets

Statistics of the original IED, TL17 and Crisis
dataset are presented in Table 6.

# Cluster # Doc # Doc per
cluster

IED 433 7403 17
TL17 17 4650 273
Crisis 4 20463 5116

Table 6: Statistics of the original datasets.

B Method Details

B.1 Information Extraction

We use OneIE (Lin et al., 2020), a BERT-based
end-to-end IE system to extract entities, relations,
and events. OneIE conducts IE in four steps: (1) en-
code a sentence with a pre-trained BERT encoder,
(2) identify entity mentions and event triggers us-
ing a conditional random fields layer, (3) classify
types of entity mentions, events, entity relations,
and event arguments using feed-forward networks,
and (4) search for a globally optimal IE graph via
beam search. In this work, we use the model re-
leased by Wen et al. (2021). The model achieves
64.1, 49.7, and 49.5 F1 on trigger extraction, argu-
ment extraction and relation extraction respectively
on ACE 2005 and ERE (Song et al., 2015).

In addition, we use entity linking and entity
coreference resolution to identify coreferential en-
tity mentions. For entity linking, we use an LSTM-
based entity linker to link (Pan et al., 2017) to link
entity mentions to WikiData entries. The entity
linker achieves 91.8 F1 and 84.3 accuracy. For en-
tity coreference resolution, we use an extension
of the e2e-coref model (Lee et al., 2017) based on
XLM-RoBERTa (Conneau et al., 2020). The model
is released by Wen et al. (2021) and achieves a 92.4
CoNLL score on OntoNotes (Pradhan et al., 2012).
Eventually, entity mentions that are linked to the
same WikiData entry or identified as coreferences
will be considered as the same entity, and their
entity nodes in the KG will be merged.

B.2 Event Coreference Resolution

For event coreference resolution, we use Lai et al.
(2021), a within-document coreference resolution
model. We extend it to the cross-document sce-
nario following Wen et al. (2021). Given a clus-
ter containing N documents, we concatenate each
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pair of documents into a “mega-document”. The
model then conducts coreference resolution on
each mega-document. More specifically, for each
event mention, the model uses SpanBERT (Joshi
et al., 2020) to extract contextualized text embed-
dings and builds manually designed symbolic fea-
tures such as event types, attributes, and arguments.
Then, the two features are combined selectively
using a gated mechanism. Eventually, for each
pair of event mentions in a mega-document, the
model predicts whether they are coreferential. In
this work, we use the model released by Wen et al.
(2021). The model achieves 84.8 CoNLL score on
ACE 2005.

B.3 KG-to-Text Generator

We train the KG-to-text generator by following
Fung et al. (2021).

We first linearize the IE-based KG. For ex-
ample, the Leadership relation between “Nico-
las Maduro” and “Venezuelan” is represented by
“Nicolas Maduro, Leadership, Venezuelan”, and
the DetonateExplode event with “drone” as Ex-
plosiveDevice argument and “flat” as Place argu-
ment is represented by “[DetonateExplode | Explo-
siveDevice = drone, Place = flat]”. We represent
the entire KG in graph by concatenating the text
representations of all relations and events.

Since generating the entire document is very
challenging, we fine-tune a sentence-level KG-to-
text generator from BART (Lewis et al., 2020). The
generator takes the linearized KG and the previous
sentence as input and generates the next sentence.
Here, the KG only contains information presented
in the sentence rather than in the entire document.
During inference, the generator generates the entire
document sentence-by-sentence in an autoregres-
sive manner.

C Experiment Details

Detailed settings of our method: For our pro-
posed method, we use a 4-layered heterogeneous
GNN, where each GAT layer contains 8 heads. To
initialize the node and edge embeddings, we use
bert-base-uncased model with the feature
dimension of 768. Our model contains 233M pa-
rameters.

For hyperparameters, we use a batch size
of 16, and search the learning rate from
{10−3, 10−4, 10−5} and the number of layers
within {2, 4, 8}. Our best-found hyperparameters

are a learning rate of 10−5 and a number of layers
of 4. We train our model with Adam optimizer
until convergence. To reduce computation cost, we
freeze BERT’s parameters. The training process
takes approximately 6 hours on a Tesla P100 GPU.

Detailed settings of KG-to-text generator: We
fine-tune the model from bart-large model
containing 24 layers, 1024 hidden dimensions, 16
heads, and 406M parameters. on the three datasets
respectively. We train the model on a Tesla P100
GPU using the batch size of 1024 tokens, the gra-
dient accumulation step of 16, the learning rate of
3× 10−5, the warmup steps of 500 steps, and the
total training steps of 12000.

Document-level baselines: For document-level
detection, we compare our method against two
baselines: HDSF that models inter-sentence depen-
dency tree (Karimi and Tang, 2019), and GROVER
(Zellers et al., 2019), a Transformer-based detector.
For HDSF, we use the implementation at https:
//github.com/hamidkarimi/HDSF/. We
train the model on our datasets using their de-
fault hyper-parameters. For GROVER, we use
the implementation at https://github.com/
rowanz/grover and experiment with two set-
tings, medium setting and mega setting. Since
fine-tuning the GROVER model is computation-
ally expensive, we use GROVER in the zero-shot
setting.

Event-level baselines: For event-level detection,
since there are no existing methods, we use three
baselines, random guessing, logistic regression,
and BERT. In random guessing, for each event,
we randomly draw a value from a uniform distri-
bution between [0, 1] as the probability that the
event is false. In logistic regression, we use the
following features: event type (represented by one-
hot feature), number of arguments, and the size
of the event cluster that the given event belongs
to. The features are normalized on the training set.
We use the implementation of logistic regression
and default parameters provided by sklearn. In
the BERT baseline, we use the same BERT-based
event features as our method, and replace the 4-
layer GNN in our model with a feed-forward net-
work. We use the same hyper-parameters to train
the model.

555

https://github.com/hamidkarimi/HDSF/
https://github.com/hamidkarimi/HDSF/
https://github.com/rowanz/grover
https://github.com/rowanz/grover
https://scikit-learn.org/


D Examples of Fake News Generation

We present two examples of generated fake news
in Figure 6 and 7, including the original real news,
manipulated KG, and generated fake news. The
generated fake news conveys the manipulated mis-
information and meanwhile is stylistically similar
to real news.

E Scientific Artifacts

In this work, we use three datasets including IED
(Li et al., 2021), TL17 (Tran et al., 2013) and Crisis
(Tran et al., 2015). There are no licenses or terms
of use associated with all three datasets.

We use five software. Among them, HDSF
(Karimi and Tang, 2019), OneIE (Lin et al., 2020)
and RESIN (Wen et al., 2021) have no license or
terms of use. GROVER (Zellers et al., 2019) and
huggingface are licensed under the Apache License
2.0. Fairseq (Ott et al., 2019) is licenced under the
MIT License.

We use two models, BERT (Devlin et al., 2019)
and BART (Lewis et al., 2020), licenced under the
Apache License 2.0 and the MIT License respec-
tively.

In summary, all artifacts involved either have no
associated licenses or terms of use, or are licensed
under the Apache License 2.0 or the MIT License.
Both the Apache License 2.0 or the MIT License
permit commercial and private use. Therefore, our
use is consistent with their intended use. We will
release the datasets and software with licenses com-
patible with the original access conditions.

556



Figure 6: An example of generated fake news, including the original real news, manipulated KG, and generated
fake news. Real and fake information are marked in blue and red respectively. To save space, we only show some
parts of the KG that are manipulated.
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Figure 7: An example of generated fake news, including the original real news, manipulated KG, and generated
fake news. Real and fake information are marked in blue and red respectively. To save space, we only show some
parts of the KG that are manipulated.
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Abstract

Action in video usually involves the interac-
tion of human with objects. Action labels are
typically composed of various combinations of
verbs and nouns, but we may not have training
data for all possible combinations. In this paper,
we aim to improve the generalization ability
of the compositional action recognition model
to novel verbs or novel nouns that are unseen
during training time, by leveraging the power
of knowledge graphs. Previous work utilizes
verb-noun compositional action nodes in the
knowledge graph, making it inefficient to scale
since the number of compositional action nodes
grows quadratically with respect to the number
of verbs and nouns. To address this issue, we
propose our approach: Disentangled Action
Recognition with Knowledge-bases (DARK),
which leverages the inherent compositionality
of actions. DARK trains a factorized model by
first extracting disentangled feature representa-
tions for verbs and nouns, and then predicting
classification weights using relations in exter-
nal knowledge graphs. The type constraint be-
tween verb and noun is extracted from external
knowledge bases and finally applied when com-
posing actions. DARK has better scalability in
the number of objects and verbs, and achieves
state-of-the-art performance on the Charades
dataset. We further propose a new benchmark
split based on the Epic-kitchen dataset which
is an order of magnitude bigger in the numbers
of classes and samples, and benchmark various
models on this benchmark.

1 Introduction

Understanding human-object interaction is crucial
for modeling human behavior, and plays a key role
in developing robotic agents that interact with hu-
mans. In videos, many of these interactions can
be described using the combination of verbs and

∗Work done prior to Amazon
†Work was done when Keizo Kato was at CMU

Figure 1: DARK extracts disentangled features of
verbs/nouns and leverages knowledge graphs (KG) to
generate classifiers for unseen verbs and nouns. Pre-
dictions are then composed under constraints of object
affordance priors (Affd) from knowledge bases (e.g.
banana can be cut).

nouns, e.g, move chair, peel apple. Recently re-
searchers have been focusing on the task of compo-
sitional action recognition with the goal of recog-
nizing actions represented by such verb-noun pairs.
The key challenge comes from the extremely large
label space of various combinations. The number
of possible verb-noun pairs grows quadratically
with respect to the number of verbs and nouns. It
is infeasible to collect training data for all possible
actions. This motivates us to study the problem of
zero-shot compositional action recognition, which
aims to predict action with components beyond the
vocabularies in train data.

To conduct zero-shot learning, we propose our
Disentangled Action Recognition with Knowledge-
bases (DARK), which leverages knowledge graphs.
A knowledge graph (KG) encodes semantic rela-
tionships between verb or noun nodes. We apply
graph convolutional network (GCN) on KG to pre-
dict classifier weights for unseen nodes in graphs.
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Previous work (Kato et al., 2018) has explored
using knowledge graphs for zero-shot composi-
tional action learning. However, their model builds
a graph containing verb, noun and compositional
action nodes (which link verbs and nouns). It learns
features of novel action nodes by propagating in-
formation from connected verb/noun nodes. The
number of compositional action nodes during train-
ing is in the order of O(n2), and the memory con-
sumption may become prohibitively expensive as
we scale this approach to large vocabularies. To
overcome this issue, we propose to learn separate
classifiers for verbs and nouns, which scales lin-
early with respect to the vocabulary size.

Specifically, DARK extracts verb and noun fea-
tures separately, and relies on separate verb and
noun knowledge graphs to predict unseen concepts
before composing the action label. Activity recog-
nition is particularly well-suited for such a factor-
ized approach, because nouns may be better cap-
tured using object detection-based approaches and
verbs may be represented by motion. Compared to
prior work (Kato et al., 2018; Zhukov et al., 2019)
that use the same feature representation for both
verb and noun, our separate features model noun
and verb more precisely. In addition, we adopt dis-
entanglement between the learned verb and noun
features, so they compose more readily and im-
prove generalization on unseen actions.

Though scalability is achieved using our fac-
torized approach, verbs and nouns are actually
not fully independent. For instance, the process
of sanding an object and scrubbing an object
are visually similar, however you are more likely
to be scrubbing a car than sanding it. Prior
work (Kato et al., 2018) models the verb-noun rela-
tionships by constructing quadratic compositional
action nodes. In our model, when composing ac-
tion labels, we take object affordances (Gibson,
1978), namely the commonsense relationship of
verbs and nouns, into consideration. We extract
affordance knowledge from a caption corpus and
build a scoring component to consider the relation-
ship between verbs and nouns, to further improve
the generalization ability. The basic idea of our
proposed model is illustrated in Figure 1.

Furthermore, we investigate the evaluation of
zero-shot compositional action recognition task and
identify the drawback of existing metrics. With Nv

verbs, Nn nouns, it constructs a Nv × Nn label
space for possible actions. Among these actions,

some are invalid (e.g. peel a car) and some are
valid but not presented in the dataset. In real-
world applications, the model would need to make
predictions in the whole Nv ×Nn label space. But
current evaluation protocols, implicitly or explic-
itly, only evaluate on compositional classes that are
valid and presented in the dataset, which does
not reflect the real difficulty of this task. We pro-
pose a new setting, where predictions are made and
evaluated in the full Nv ×Nn label space.

The Charades (Sigurdsson et al., 2016) dataset is
relatively small scale for testing zero-shot compo-
sitional action recognition (Kato et al., 2018). To
promote further research, we propose a new bench-
mark based on the Epic-kitchen (Damen et al.,
2018, 2020) dataset, which is an order of mag-
nitude bigger both in number of classes and sample
size. The key contributions of our paper are:

1. We propose a novel factorized model that
learns disentangled representation separately
for verbs and nouns, facilitating scalability.

2. We further improve the model’s generalization
performance by learning the interaction con-
straints between verbs and nouns (affordance
priors) from an external corpus.

3. We propose a new evaluation protocol for
zero-shot compositional learnings, which bet-
ter reflects the real-world application setting.

4. We propose a new large-scale benchmark
based on the Epic-Kitchen dataset and achieve
state-of-the-art results.

2 Related Work

Zero-shot learning with knowledge graphs:
Zero-shot learning has been widely studied in com-
puter vision (Akata et al., 2015; Lampert et al.,
2013; Lee et al., 2018; Sahu et al., 2020; Wang
et al., 2019; Xian et al., 2018). We will focus on
related work relevant to our approach. (Wang et al.,
2018) proposes to distill both the implicit knowl-
edge representations (e.g., word embedding) and
explicit relationships (e.g., knowledge graph) to
learn a visual classifier for new classes through
GCN (Kipf and Welling, 2016). (Kampffmeyer
et al., 2019) later proposes to augment the knowl-
edge graph (KG) with dense connections which
directly connects multi-hop relationship and distin-
guishes between parent and children nodes. The
graph learning of our model mostly follows their
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work. Recently there have been improvements on
GCN models. (Nayak and Bach, 2020) designs
a novel transformer GCN to learn representations
based on common-sense KGs. (Geng et al., 2020b)
uses an attentive GCN together with an explanation
generator to conduct explainable zero-shot learning.
Instead of generating classifier for unseen classes
directly, (Geng et al., 2020a) uses a generative ad-
versarial network to synthesize features for unseen
classes to conduct classification. These directions
could be potentially explored in our problem set-
ting to further improve performance. (Gao et al.,
2019) conducts zero-shot action recognition based
on KGs, but unlike our problem setting, their verb-
noun relationship is not compositional and objects
are used as attributes to infer action.
Compositional action recognition: Many prior
works aim to understand actions through interac-
tion with objects. (Wang et al., 2020; Xu et al.,
2019) tackle zero-shot human-object interaction
in images. (Zhukov et al., 2019) conduct weakly-
supervised action recognition, leveraging composi-
tionality of verb-noun pairs to decompose tasks into
a set of verb/noun classifiers. This shares certain
similarities with our factorized model, but it is not
a zero-shot setting, nor does it enforce feature dis-
entanglement. (Materzynska et al., 2020) conduct
zero-shot compositional action recognition, where
individual verb/noun concepts have been seen dur-
ing training but not in the same interaction with
each other. Although it cannot deal with unseen
verbs or nouns, using object detector to explicitly
model object features inspires our approach. One
of the closest works to our proposed approach is
(Kato et al., 2018). It constructs a KG that contains
verb nodes, noun nodes and compositional action
nodes, and learns the feature representation for
each action node to match visual features. Novel
actions’ features are inferred jointly during training
through GCN. The number of action nodes grows
quadratically with respect to the number of nouns
or verbs, which makes this approach difficult to
scale, especially considering that GCN’s forward
pass needs to learn all features simultaneously.

3 Method

We propose DARK – Disentangled Action Recog-
nition with Knowledge-bases (Figure 2). It extracts
disentangled feature representations for verbs and
nouns, then predicts classifier weights for unseen
components using knowledge graphs, and com-

poses them under object affordance priors.

3.1 Factorized verb-noun classifier
Given a video X , we first use a verb feature extrac-
tor Fv to extract verb feature, and a noun feature
extractor Fn for noun feature. Subsequently, we
learn one-layer predictors Wseen

v and Wseen
n for

predicting the final verb/noun class. Fv, Fn and
Wseen
v ,Wseen

n are trained via cross entropy (CE)
losses Lvcls and Lncls with verb / noun labels yv, yn.

Lvcls = CE(Fv;Wseen
v ; yv) (1)

Lncls = CE(Fn;Wseen
n ; yn) (2)

We extract disentangled features for verbs and
nouns, so that verbs and nouns can be treated as
separate entities. If verb features contain much
information about nouns, it would overfit to seen
actions and would not generalize to unseen compo-
sitions. Standard networks like Inception3D (I3D)
(Carreira and Zisserman, 2017) can rely on scene
or object information to predict verbs (Battaglia
et al., 2018; Materzynska et al., 2020). To decou-
ple verb’s representation from noun’s, we add ex-
plicit regularization to the model input. We first
used an off-the-shelf class-agnostic object detector
to detect the bounding box of interacting objects.
Then, we crop the object from videos and use I3D
backbone to extract verb features from the cropped
videos. (Yun et al., 2019; DeVries and Taylor,
2017; Choi et al., 2019; Singh and Lee, 2017) use
similar cropping technique to remove bias in other
tasks. We also detect hand masks and add hand
regions separately to the verb input because the
class-agnostic detector tends to crop out the hands
as well. Adding hand gesture information back
provides hints for verbs. Disentanglement method
on Charades dataset (Sigurdsson et al., 2016) is
different as it contains third-person view videos,
and relevant details are discussed in Section 4.5.

3.2 GCN for learning novel concept
After training on seen concepts, we can infer the
classifier for unseen ones. In this subsection, we
drop the subscript v/n as the same process applies
for both verb and noun. After learning feature
extractor F and classifier of seen conceptWseen,
learning classifier for unseen concepts is equivalent
to learning the weight Wunseen. This step lever-
ages graph convolution network (GCN) following
previous work (Kampffmeyer et al., 2019; Kato
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Figure 2: Overall training process. We first jointly train factorized disentangled feature extractor Fv, Fn, and
classifier weights for seen classWseen

n ,Wseen
v . We then take word embedding sseen, sunseen as input, and use

GCN to predict classifier weights of unseen class ˆWunseen
n , ˆWunseen

v based on knowledge graphs (KGs). Note that
the same GCN learning applies to both verbs / nouns, and in the figure we only show the noun’s part for brevity.

et al., 2018; Xian et al., 2017). It takes the word
embedding of unseen/seen concepts sseen, sunseen,
and conducts graph convolution on the KG, with
previously learned classifier weightWseen as su-
pervision. In each layer, it calculates:

Zi+1 = ÂZiWi (3)

Zi and Zi+1 are input and output of the layer i,
Â is the adjacency matrix of the graph. Following
(Kampffmeyer et al., 2019; Kato et al., 2018; Wang
et al., 2018), we normalize the adjacency matrix.
Wi is a learnable parameter. GCN first transforms
features linearly, then aggregates information be-
tween nodes via graph edges. The 0th layer’s
input Z0 is the word embedding [sseen, sunseen].
The last layer’s output Zn is the classifier weight
[ ˆWseen, ˆWunseen]. We use the Wseen learned
previously as supervision, and calculate the mean
square error loss betweenWseen and ˆWseen. The
training process is illustrated in Figure 2. Only the
GCN learning of nouns is shown for brevity.

LGCN = Lmse( ˆWseen , Wseen) (4)

3.3 Incorporating affordance prior

Not all verb-noun pairs are equally important —
some objects can only admit certain actions but
not others. (Gibson, 1978) proposed the notion
of “affordance" — the shape of an object may pro-
vide hints on how humans should use it, which

induces the set of suitable actions. Affordance can
be extracted from the language source, e.g. we will
often say peel the apple but rarely peel the chair.
Prior works (Zhuang et al., 2017; Lu et al., 2016)
used language information as prior to improve their
performance. In this paper, we use captions of
HowTO100M dataset (Miech et al., 2019) which
records human-object interaction. We run the
Standford NLP parser (Chen and Manning, 2014)
to extract nouns/verbs from captions automatically.

After extracting verb-noun pairs, we train a scor-
ing function A to calculate the verb-noun affor-
dance matching score. We project verb embed-
ding sv to the noun embedding space and calculate
cosine distance with sn, followed by sigmoid to
output a scalar value indicating whether this verb-
noun compositional action is plausible. For train-
ing, we generate positive/negative pairs and use
binary cross-entropy loss Laffd. Note that there
underlies an open-world assumption (Nickel et al.,
2015): the verb-noun pairs missing are not entirely
infeasible, but could be unobserved. Further re-
search can be explored to develop a more precise
way of modeling the affordance constraint.

A scoring function based on only word-
embedding is similar to a static look-up table for
verb-noun pairs, and may fail to encode diverse
action visual features. Thus we train a mapping
functionM to transform verb’s visual input to its
word embedding sv using mean square error loss.
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Figure 3: We train a scoring function A to calculate the
affordance matching between verb and noun. In test
time, the matching score is computed between mapped
verb visual featureM(Xv) and sn.

Algorithm 1 Training process of our DARK model

1. Train the feature extractor and corresponding
classification weight (Fv, Wv), (Fn, Wn) via
classification loss Lv, Ln separately.

2. Use the word embeddings sv, sn as input
and the learned classification weight Wv, Wn as
supervision, to train the GCN model (Gv, Gn) with
mean square error (MSE) loss (Equation 4).

3. Use extracted affordance pairs to train scoring
function A(sv, sn) (Figure 3), via binary cross
entropy (BCE) loss Laffd.

4. Train mapping functionM to map visual verb
inputs to semantic embedding space (Equation 5).

Lmse(M(Xv), sv) (5)

The separation of A,M also adds interpretabil-
ity and allows learning from different data. A can
be trained on a language corpus without video data.
Also, A deals with textual affordance relationship
directly and adds interpretability. In test time we
map verb’s visual input to verb embedding space
and calculate affordance score with target noun’s
embedding sn (Figure 3). The model is asymmet-
ric, since we use object proposals with false detec-
tion and verb visual input is more reliable.

3.4 Overall algorithm and inference

The training of our DARK model is shown in Al-
gorithm 1. During inference, we calculate the prob-
ability of a video containing the compositional ac-

Figure 4: The seen compositional actions correspond to
VsNs (the upper left part), and unseen actions include
VsNu, VuNs and VuNu (the rest). We visualize the
scope of close / open / macro-open world settings.

tion (v, n) using following equations:

P(v, n) = P(v) ∗ P(n) ∗ A(M(Xv), sn) (6)

P(v) = σ(Wv ∗ Fv(X)) (7)

σ is sigmoid function. For the classification
weightsWv used in verb prediction P(v), we use
the learned classification weight Wseen

v for seen
classes, and ˆWunseen

v predicted by GCN for un-
seen classes. Similar equation applies for noun
prediction P(n), which is omitted.

4 Experiments

In this section, we discuss experiment evaluation,
setup and results. Some implementation details are
in appendix. 1

4.1 Evaluation of zero-shot compositional task

Following previous work (Kato et al., 2018),
we partition verbs into two disjoint sets for
seen/unseen classes, Vs / Vu, and same for nouns,
Ns / Nu. Thus, “seen compositional actions" corre-
spond to VsNs, while “unseen (zero-shot) actions"
correspond to VsNu, VuNs and VuNu.

Prior to (Chao et al., 2016), most works
(e.g. (Norouzi et al., 2013)) on zero-shot learning
adopt an evaluation protocol where predictions are
made and evaluated only among unseen classes.

1Code and proposed benchmark are in https://
github.com/airmachine/DARK.
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This is later denoted as close world setting. (Chao
et al., 2016) points out that it does not reflect the
difficulty of recognition in practice, and there ex-
ists a trade-off between classification accuracies of
seen / unseen classes. They propose generalized
zero-shot learning (GZL) setting — test set con-
tains samples of both seen / unseen classes. Predic-
tions are made and evaluated on both categories. By
adding different biases to unseen classes’ predic-
tion, one can draw a curve depicting the trade-off
between accuracies of seen/unseen samples. They
use area under the curve (AUC) to better reflect
model’s overall performance on both seen and un-
seen classes. Our evaluation follows this setup.

Currently, relatively few prior works tackle zero-
shot compositional action recognition (Kato et al.,
2018; Materzynska et al., 2020). Taking other zero-
shot compositional learning tasks such as zero-shot
attribute-object classification (Misra et al., 2017;
Nagarajan and Grauman, 2018; Purushwalkam
et al., 2019; Yang et al., 2020) and image-based
zero-shot human-object interaction (Wang et al.,
2020; Xu et al., 2019) into consideration, we find
that zero-shot compositional learning task poses ex-
tra challenges due to its combinatorial label space:
not all compositional labels are valid, and for the
valid ones, there may be no samples in the dataset.
For brevity, we continue to use the term “verb" and
“noun", but the following discussion could be also
applied to other zero-shot compositional learning
tasks (e.g., attribute-object). As in Figure 4, with
Nv verbs, Nn nouns, we can construct a Nv ×Nn

action label space. Among these actions, some are
invalid, because the verb-noun pair contradicts
our common sense (e.g. peel a car). And some are
valid but not presented in the dataset. Most pre-
vious works only consider labels that contain sam-
ples in the dataset, namely compositional classes
that are valid and presented in the dataset.

Prior works (Materzynska et al., 2020; Misra
et al., 2017; Nagarajan and Grauman, 2018; Yang
et al., 2020) use disjoint label spaces in training
and test sets, which corresponds to the close world
setting. (Purushwalkam et al., 2019)’s test set con-
tains both seen and unseen classes (GZL setting)
and uses the AUC metric like ours, but their predic-
tion is made and evaluated only among composi-
tional classes with samples in dataset. (Kato et al.,
2018; Wang et al., 2020) also follow GZL setting,
but they use mean average precision (mAP) over
compositional classes presented in dataset, which

implicitly only considers valid and presented
classes. We denote this as open world setting:
test set contains samples from seen/unseen classes,
but prediction is made and/or evaluated among
valid and presented classes.

Neither close world setting nor open word set-
ting reflects the difficulty of zero-shot composi-
tional action recognition task. When deploying
recognition models in the real world, it would need
to make predictions in the whole Nv × Nn label
space. Thus, compositional constraints between
verbs and nouns (affordance) should be properly
modeled to exclude invalid classes. In addition,
the evaluation protocol should not distinguish be-
tween classes that are valid but not presented
and valid and presented in the dataset, because
models would not have access to that information
beforehand. We propose the marco open world
setting. In test time, sample can be from all
seen/unseen classes, including VsNs, VsNu, VuNs

and VuNu, and model receives no information
about where the sample comes from. Predictions
are made and evaluated in the wholeNv×Nn label
space, and the AUC metric (Chao et al., 2016) con-
sidering the trade-off between seen/unseen classes
is reported. Figure 4 compares these three settings.

4.2 Experimental setup

Dataset and split: We conduct experiments on
two datasets, Epic-kitchen v-2 (Damen et al., 2020,
2018) and Charades (Sigurdsson et al., 2016). On
Epic-kitchen benchmark, we create the composi-
tional split for compositional action recognition.
To avoid inductive bias brought by pretrained back-
bones (e.g. Faster R-CNN (Girshick, 2015) pre-
trained on ImageNet (Deng et al., 2009), or Incep-
tion3D (I3D) (Carreira and Zisserman, 2017) pre-
trained on Kinetics (Kay et al., 2017)) as discussed
in (Wang et al., 2020), we ensure all nouns/verbs
seen during pre-training stay in VsNs when creat-
ing compositional split on Epic-kitchen benchmark.
For Charades, we follow the same splits in (Kato
et al., 2018) for fair comparison.

Charades dataset (Sigurdsson et al., 2016) con-
tains 9848 videos, and many involve compositional
human-object interaction. We use the composi-
tional benchmark proposed by (Kato et al., 2018):
they remove “no interaction" action categories,
leaving 9625 videos with 34 verbs and 37 nouns.
Those verbs and nouns are further partitioned into
two verb splits Vs, Vu (number of classes being
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Table 1: DARK’s results on Epic-Kitchen dataset, compared with baselines and GCNCL (Kato et al., 2018)

- AUC Macro Open AUC Open mAP Open
Top1 Top2 Top3 Top1 Top2 Top3 All Zero-shot class

Chance 6.4× 10−7 2.9× 10−6 7.8× 10−6 1.9× 10−5 6.7× 10−5 1.2× 10−4 0.00065 0.00067
Triplet 0.021 0.060 0.095 0.021 0.060 0.094 0.051 0.053
SES 0.091 0.25 0.42 0.16 0.45 0.73 1.83 0.99
DEM 0.0068 0.019 0.040 0.022 0.074 0.14 0.52 0.30

GCNCL+GT 0.044 0.11 0.19 0.044 0.11 0.19 0.46 0.31
GCNCL+Affd 0.064 0.16 0.27 0.082 0.22 0.37 0.48 0.15
GCNCL+Both 0.061 0.16 0.26 0.07 0.17 0.27 0.47 0.27

DARK (ours) 1.69 3.64 5.45 2.04 4.67 7.05 2.39 1.22

Table 2: Dataset statistics of proposed benchmark based
on Epic-kitchen and previous benchmark on Charades.

VsNs VsNu VuNs VuNu samples

Epic- 840 896 1073 820 76605
Charades 49 47 22 31 9625

20 / 14), and two noun splits Ns, Nu (18 / 19). The
total number of compositional actions is 149.

Epic-kitchen version 2 dataset (Damen et al.,
2020, 2018) contains videos recorded in kitchens,
where people demonstrate their interaction with ob-
jects like pan, etc. The diversity of actions in this
dataset makes it especially challenging. We follow
the steps in similar previous works (Rahman et al.,
2018; Wang et al., 2020) to create our composi-
tional split. We first make sure that classes seen in
pre-training stay in the seen split. Then for the re-
maining classes we sort them based on the number
of instances in descending order, and pick the last
20% to be unseen classes, because (Rahman et al.,
2018) pointed out that zero-shot learning targets
the classes not easy to collect (especially those in
the tail part of the long tail class distribution). We
show dataset statistics in Table 2. We get a total
number of 76605 videos, including 90 verbs, 249
nouns, and 3629 compositional actions. Compared
to Charades, our proposed benchmark is at a larger
scale in terms of classes involved and sample size.
Baselines: We establish our baselines following
previous work (Kato et al., 2018). Here we briefly
summarize their architectures, and readers can refer
to (Kato et al., 2018) or original papers for details.
These baselines are based on Inception3D features.

Triplet Siamese Network (Triplet) by (Kato
et al., 2018): verb/noun embeddings are concate-
nated, and transformed by fully connected (FC)
layers. The output is concatenated with visual fea-
tures to predict scores through one FC layer with
the training of BCE loss.

Semantic Embedding Space (SES) (Xu et al.,
2015): The model projects visual features into em-
bedding space through FC layers and then matches
output with corresponding action embeddings (av-
erage of verb/noun embeddings) using L2 loss.

Deep Embedding Model (DEM) (Zhang et al.,
2017): Verb/noun embeddings are transformed sep-
arately via FC layers and summed together. Then
output is matched with visual features via L2 loss.

4.3 Results on Epic-kitchen dataset
The results of the proposed DARK model, as well
as the aforementioned baselines (Triplet, SES and
DEM) and previous model GCNCL (Kato et al.,
2018) on the Epic-kitchen dataset are listed in Ta-
ble 1. We report the results in the proposed AUC
metric (Chao et al., 2016) with precision calculated
at top 1/2/3 prediction for both open world and
macro open world settings, which evaluates the
overall trade-off between seen/unseen class. We
also report the mean average precision (mAP) used
in (Kato et al., 2018) on all and zero-shot composi-
tional action classes for reference.

Our best performing DARK model outperforms
all baselines and GCNCL by a large margin un-
der all metrics, illustrating the benefit of disentan-
gled action representation for compositional action
recognition. DARK is also more scalable, and re-
duces the number of graph nodes from 22749 (GC-
NCL with no external knowledge) to 339 (ours).

DARK considers the type constraint of verbs and
nouns when composing verb and noun into com-
positional action label by training an affordance
scoring module, while GCNCL considers the con-
straint when building compositional action nodes
by collecting the existing verb-noun pairs from
NEIL (Chen et al., 2013). For fair comparison,
we re-implement three versions of KG in GCNCL
model. In “GT", we use the ground-truth verb-
noun relationships that are presented in the dataset
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Table 3: Combination for zero-shot learning in verb
and noun classifiers. The top1 “open world" AUC is
reported on the Epic-kitchen dataset.

Verb-KG Verb-SES Verb-ConSE

Noun-KG 1.81 1.24 0.49
Noun-SES 0.40 0.44 0.32

Noun-ConSE 0.25 0.18 0.13

(open world setting). In “Affd", we only consider
relationships in the same corpus with DARK. We
use the relationships as a hard look-up since GC-
NCL only contains unweighted “hard" edges in
its knowledge graph. In “Both", we use the union
of the constraints in “GT" and “Affd". Under all
the three circumstances, our DARK model outper-
forms other models by a large margin. For all
experiments, we report the best results.

4.4 Ablations on different components

Zero-shot learning in verb/noun classifier: In
DARK model, we do separate verb and noun clas-
sification in two branches. We investigate different
implementations of zero-shot learning in verb/noun
classifier. Specifically, we consider three options
for both verb and noun, namely “KG", “SES"
and “ConSE". “KG" stands for zero-shot learn-
ing by using knowledge graph to predict classifi-
cation weights for unseen component with GloVe
embedding (Pennington et al., 2014) as in (Kato
et al., 2018). “SES" (Xu et al., 2015) is the best
common embedding baseline in Table 1 using bet-
ter BERT word embedding (Devlin et al., 2018)
(based on observation in Table 5, BERT tends to
have better performance). “ConSE" (Norouzi et al.,
2013) learns a semantic structure aware embed-
ding space compared to original word embeddings,
which is modeled with graph. “ConSE" (Norouzi
et al., 2013) is used as the zero-shot learning com-
ponent in previous image-based action recognition
task (Xu et al., 2019). It learns a semantic structure
aware embedding space and we also use GloVe
embedding. For better comparison of zero-shot
learning component, we report the “open world”
AUC on the Epic-kitchen dataset without using
affordance (same as “ground-truth" affordance in
macro open setting), thus excluding the influence
of affordance prior. Different zero-shot learning
combinations for verbs and nouns are reported in
Table 3. Using “KG" for both verb / noun outper-
forms others by a large margin, and we take this
approach in the rest experiments.

Table 4: Different verb knowledge graphs. We report
the top1 AUC for verbs under GZL setting.

WN dis VN group VN tree

one-way 1.86 0.83 1.93
two-way × × 1.79

Construction of verb knowledge graph: Com-
pared to nouns, the concept of verb is relatively
abstract and the relationship between verbs is hard
to capture. We explore different ways of construct-
ing the verb KG, namely, “WN dis", “VN group"
and “VN tree". (The details of noun KG are dis-
cussed in the appendix.) In “WN dis", we use
WordNet (Miller, 1995) structure and add edges be-
tween nodes if their LCH (Leacock and Chodorow,
1998) distance is bigger than a threshold. We also
explore VerbNet (Kipper et al., 2008) which is de-
signed to capture the semantic similarity of verbs.
VerbNet categorizes verbs into different classes,
and each class contains multiple verb members. To
resolve the duplication in each class, we add edges
between verbs in the same class, and denote this as
“VN group". We also try adding a meta node for
each class and connecting all its members to the
meta node, denoted as “VN tree". Graphs of “WN
dis" and “VN group" are naturally undirected. For
“VN tree", we consider an additional “two-way"
setting as in (Kampffmeyer et al., 2019), where a
GCN model separates the parent-to-children and
children-to-parent knowledge propagation into two
stages to better model hierarchical graph structure.
However, we do not observe performance improve-
ment in this setting. In Table 4, we report top1 AUC
for verbs using different KGs under the GZL(Chao
et al., 2016) setting. “VN tree" in “one-way" gives
the best prediction for verb, and we keep this con-
figuration in rest experiments.
Affordance learning: We consider the compo-
sitional constraints between verbs and nouns (af-
fordance) when composing the compositional ac-
tion. We explore various ways of learning affor-
dance in Table 5. In “Word-only" we train a word-
embedding only model. And “Visual" represents
the approach in method section where an additional
projection module maps visual features to embed-
ding space. For each, we explore two word embed-
dings, GLoVe (Pennington et al., 2014) and BERT
(Devlin et al., 2018). In terms of score calculation,
we try three different methods each. In “Concat-
Scoring", we concatenate verb/noun features, and
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Table 5: Top1 “marco open world" AUC on Epic-
kitchen based on different affordance learning methods.

Word-only Visual
GLoVe BERT GLoVe BERT

Concat-Scoring 1.49 1.59 1.48 1.60
Context-Scoring 1.49 1.59 1.49 ×

Proj-Cosine 1.42 1.59 1.42 1.69

Lookup Table 1.35

Uniform 1.46

Ground Truth 1.81

Table 6: Results (mAP) on Charades under GZL setting.
Baselines and GCNCL results from (Kato et al., 2018).

Model All Zero-shot

Chance 1.37 1.00
Baseline Triplet 10.41 7.82

SES 10.14 7.81
DEM 9.57 7.74

GCNCL GCNCL-I+A 10.48 7.95
GCNCL+A 10.53 8.09

Ours DARK 11.21 8.38

train a scoring model. In “Context-Scoring", in-
stead of concatenating, for BERT the scoring model
embeds verb-noun phrase together and averages
their embeddings, and for GloVe we simply aver-
age their embeddings. In “Proj-Cosine", we project
verb embedding to noun embedding space and cal-
culate the cosine distance. We also try a lookup
table, where affordance is one if the compositional
pair exists in train set or knowledge bases, and zero
otherwise. “Uniform" sets all affordance to be one,
which means no weighting is applied. “Ground
Truth" sets one for pairs existing in the dataset
(train/test), equivalent to “open world". In all ex-
periments, we use best configuration from Table
3, and label compositional pairs seen in training to
one. BERT constantly improve affordance relation-
ships in different methods. Lookup table performs
worse than “Uniform" (no affordance) since some
valid pairings are missing in knowledge bases.

4.5 Results on Charades dataset

We report results on Charades in Table 6. Follow-
ing (Kato et al., 2018), we report mean average
precision (mAP) and compare our model to theirs
and baselines. We also report zero-shot classes
(VsNu + VuNs + VuNu) separately but all predic-
tions are made under GZL setting. Unlike Epic-

Figure 5: Qualitative Analysis. Underlines are unseen
concepts, green for right predictions and red for wrong.

Kitchen which contains ego-centric actions, Cha-
rades contains third-person view videos and cannot
detect the mask of person’s hand. Thus we directly
learn the verb and noun feature disentanglement
leveraging a discriminator and a disentanglement
loss. Following (Peng et al., 2018), discriminator
tries to adversarially classify noun label yn from its
verb feature, and feature extractor F goes against
it. To better capture the multi-label property in
Charades, we use an un-factorized classification
model for actions in VsNs so they can be treated
separately. Since we report the mAP results for
fair comparison with GCNCL, we do not use affor-
dance in our model. As indicated in (Kato et al.,
2018), we also notice that the amount of improve-
ment over baselines is not large, possibly because
Charades is relatively small and easy to overfit.
And this motivated us to propose a large-scale zero-
shot compositional action recognition benchmark.

4.6 Qualitative error analysis
We also visualize some examples in Figure 5. The
model misclassifies coriander as leaf, and foil as
plastic wrap due to visual similarity.

5 Conclusion

In this paper, we propose DARK, a novel com-
positional action recognition model that reduces
complexity from quadratic to linear, making the
training more scalable. DARK generalizes to un-
seen verb-noun pairs, and can be combined with
knowledge bases to produce state-of-the-art com-
positional action recognition results.
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A Implementation Detail

To build the object feature extractor Fn, we first
use an off-the-shelf class-agnostic object detec-
tor to detect the bounding box of interacting ob-
jects. For the Charades (Sigurdsson et al., 2016)
dataset, we use the detected object boxes generated
by HOID (Wang et al., 2020). HOID model first
detects the box of human, then based on the hu-
man’s bounding box it detects interacting objects.
We use the code publicly released by (Wang et al.,
2020), with the default parameters provided by the
author. We use the weights of the class-agnostic ob-
ject detector provided on the project page. For the
Epic-kitchen dataset (Damen et al., 2020, 2018),
we use the pre-computed class-agnostic boxes pro-
vided by the authors. They use the model from
(Shan et al., 2020), which detects human hands and
locates the interacting objects. We use different
models for object detection because Epic-kitchen
(Damen et al., 2018) contains mostly ego-centric
action videos while Charades (Sigurdsson et al.,
2016) contains third-person view videos. For the
Epic-kitchen dataset, we additionally use its pre-
computed detected masks of human hands.

After the object boxes are detected, we run the
Faster-RCNN (Girshick, 2015) model with the
ResNet-101 backbone to extract the object features.
We use the implementation provided by the Detec-
tron2 (Wu et al., 2019) library, with the weights
pre-trained on ImageNet (Deng et al., 2009). We
obtain the features before the classifier layer in the
Faster-RCNN model, which results in 2048 dimen-
sion object features. If we detect multiple boxes
in one frame, we conduct max-pooling over their
extracted features to obtain one feature represen-
tation for each frame. If no box is detected for a
particular frame, we then extract the feature of the
whole image as its object feature.

We sample several frames along the temporal
axis of the video to conduct object detection. Since
videos in the Charades (Sigurdsson et al., 2016)
dataset may contain more than one action, we treat
each frame in Charades dataset as one sample for
training. For the Epic-kitchen (Damen et al., 2020,
2018) dataset whose videos contain only one action,
we instead simply apply mean pooling over object
features of sampled frames to obtain one feature
representation for the whole video. We add fully-
connected (FC) layers upon the fixed Faster-RCNN
backbone to conduct feature extraction.

For verb features, we build our feature extrac-

tor Fv based on a standard two-stream Incep-
tion3D (Carreira and Zisserman, 2017) backbone
pre-trained on the Kinetics dataset (Kay et al.,
2017). We use both the RGB branch and the optical-
flow branch, each producing a 1024 dimension fea-
ture in the layer Mixed_5c. We then concatenate
them, resulting in a feature representation of 2048
dimension. For the Epic-kitchen dataset, we gen-
erate features first using the video input with the
object cropped out. Then we do the same using
the video input with everything cropped except for
the detected hands in order to obtain hand gesture
movement information. We further concatenate
these two features to get a 4096 dimension fea-
ture. Similar to the object feature extractor, we
add FC layers to features generated by the fixed
Inception3D backbone. For the Charades dataset,
since another disentanglement approach is used,
we simply use the 2048 dimension feature.

Following common practice, we split the whole
video into video clips with a small duration, and
generate features for each clip during training and
inference. For the Charades dataset, we sample
10 clips per video to conduct training and we treat
each clip as a sample. Whereas for the Epic-kitchen
dataset, we apply max pooling to the features of all
the clips generated from one video to obtain one
feature representation for the whole video.

Our model is implemented in PyTorch with
Adam optimizer. We used in total around 20 GPUs
through out the experiments. But a single run only
needs 5 GPUs. (we launch parallel experiments)

B The Proposed Epic-kitchen Benchmark

We build our compositional action recognition
benchmark based on the Epic-kitchen(Damen et al.,
2020, 2018) dataset version two. We take the class
that overlaps with pre-trained backbones into con-
sideration when creating seen/unseen class splits.
We find that there are 95 noun classes overlapping
with ImageNet classes, and 23 verb classes over-
lapping with Kinetics classes, where the backbones
that we use have been pre-trained. We make sure
these overlapping classes stay in the seen split.

We then remove the tail verb and noun classes
with less than 10 instances. The remaining dataset
contains a total number of 76605 videos, including
90 verbs, 249 nouns, and 3629 compositional ac-
tions. We have 29 verbs in the seen category, and
61 verbs in the unseen category. On the other hand,
102 nouns are seen and 147 nouns are unseen.
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The VsNs split contains 840 compositional ac-
tions, and 51228 samples. The VuNs split has 1073
compositional actions, and 10105 samples. For the
VsNu split, there are 896 compositional actions
and 11073 samples. And for the VuNu split, there
are 820 compositional actions and 4199 samples.

Epic-Kitchen dataset is realized under the Cre-
ative Commons Attribution-NonCommercial 4.0
International License. The licence for non-
Commercial use of Charades dataset can be found
at http://vuchallenge.org/charades.html. We follow
the intended usage of these two dataset.

C Noun Knowledge Graph Construction

We discuss the construction of the verb knowl-
edge graph in the paper, due to the space limit,
we present the details of the noun knowledge graph
in this section. We construct the noun knowledge
graph following (Wang et al., 2018)’s approach. We
begin from the nouns presented in the dataset, and
recursively search their hyper-norms using Word-
Net (Miller, 1995)’s lexical relationship to add to
the graph. In addition, we augment the knowledge
graph by adding nouns from ImageNet’s ((Deng
et al., 2009)) class labels.

When building noun knowledge graphs, we add
an edge if two entities are direct synonyms or hyper-
norms. Our model is built upon the graph con-
volution model implemented by (?). We use its
plain GCN version without attention. And we use
the “two-way" approach, which separates parent-
to-children and children-to-parent knowledge prop-
agation into two stages to better model the hierar-
chical graph structure. For noun knowledge graph
learning, we use 300d GloVe (Pennington et al.,
2014) embeddings as input.

D Disentanglement in Charades Dataset

Let Xv denote the input to the verb feature extrac-
tor Fv, and X ′v denote the extracted verb features.
Similarly, Xn is the input to Fn and X ′n is the
extracted noun features.

X ′v = Fv(Xv) (8)

X ′n = Fn(Xn) (9)

To obtain disentangled verb / noun features, we
take the idea from the previous paper (Peng et al.,
2018). We use a discriminator to limit the infor-
mation verb and noun features contain. The dis-
criminator Dv tries to adversarially classify noun

label yn from its verb feature X ′v, and the feature
extractor Fv goes against it via a minimax process.
The discriminator helps to limit the information
which verb feature X ′v contains about the nouns
in the video. The same procedure happens for Dn.
We use one layer linear classifier for discriminator
Dv andDn and they output class predictions for the
opposite branch. This leads to the disentanglement
loss:

Lvdis = −CE(Dv(X ′v); yn) (10)

Lndis = −CE(Dn(X ′n); yv) (11)

The CE refers to the cross-entropy loss. The
overall loss for training the feature extractorFv,Fn
and the classifier for seen classesWseen

v ,Wseen
n is:

Lv = Lvcls + Lvdis (12)

Ln = Lncls + Lndis (13)

The definitions of Lvcls, Lncls are the same as
discussed in the main paper.
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Abstract

Action in video usually involves the interac-
tion of human with objects. Action labels are
typically composed of various combinations of
verbs and nouns, but we may not have training
data for all possible combinations. In this paper,
we aim to improve the generalization ability
of the compositional action recognition model
to novel verbs or novel nouns that are unseen
during training time, by leveraging the power
of knowledge graphs. Previous work utilizes
verb-noun compositional action nodes in the
knowledge graph, making it inefficient to scale
since the number of compositional action nodes
grows quadratically with respect to the number
of verbs and nouns. To address this issue, we
propose our approach: Disentangled Action
Recognition with Knowledge-bases (DARK),
which leverages the inherent compositionality
of actions. DARK trains a factorized model by
first extracting disentangled feature representa-
tions for verbs and nouns, and then predicting
classification weights using relations in exter-
nal knowledge graphs. The type constraint be-
tween verb and noun is extracted from external
knowledge bases and finally applied when com-
posing actions. DARK has better scalability in
the number of objects and verbs, and achieves
state-of-the-art performance on the Charades
dataset. We further propose a new benchmark
split based on the Epic-kitchen dataset which
is an order of magnitude bigger in the numbers
of classes and samples, and benchmark various
models on this benchmark.

1 Introduction

Understanding human-object interaction is crucial
for modeling human behavior, and plays a key role
in developing robotic agents that interact with hu-
mans. In videos, many of these interactions can
be described using the combination of verbs and

∗Work done prior to Amazon
†Work was done when Keizo Kato was at CMU

Figure 1: DARK extracts disentangled features of
verbs/nouns and leverages knowledge graphs (KG) to
generate classifiers for unseen verbs and nouns. Pre-
dictions are then composed under constraints of object
affordance priors (Affd) from knowledge bases (e.g.
banana can be cut).

nouns, e.g, move chair, peel apple. Recently re-
searchers have been focusing on the task of compo-
sitional action recognition with the goal of recog-
nizing actions represented by such verb-noun pairs.
The key challenge comes from the extremely large
label space of various combinations. The number
of possible verb-noun pairs grows quadratically
with respect to the number of verbs and nouns. It
is infeasible to collect training data for all possible
actions. This motivates us to study the problem of
zero-shot compositional action recognition, which
aims to predict action with components beyond the
vocabularies in train data.

To conduct zero-shot learning, we propose our
Disentangled Action Recognition with Knowledge-
bases (DARK), which leverages knowledge graphs.
A knowledge graph (KG) encodes semantic rela-
tionships between verb or noun nodes. We apply
graph convolutional network (GCN) on KG to pre-
dict classifier weights for unseen nodes in graphs.
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Previous work (Kato et al., 2018) has explored
using knowledge graphs for zero-shot composi-
tional action learning. However, their model builds
a graph containing verb, noun and compositional
action nodes (which link verbs and nouns). It learns
features of novel action nodes by propagating in-
formation from connected verb/noun nodes. The
number of compositional action nodes during train-
ing is in the order of O(n2), and the memory con-
sumption may become prohibitively expensive as
we scale this approach to large vocabularies. To
overcome this issue, we propose to learn separate
classifiers for verbs and nouns, which scales lin-
early with respect to the vocabulary size.

Specifically, DARK extracts verb and noun fea-
tures separately, and relies on separate verb and
noun knowledge graphs to predict unseen concepts
before composing the action label. Activity recog-
nition is particularly well-suited for such a factor-
ized approach, because nouns may be better cap-
tured using object detection-based approaches and
verbs may be represented by motion. Compared to
prior work (Kato et al., 2018; Zhukov et al., 2019)
that use the same feature representation for both
verb and noun, our separate features model noun
and verb more precisely. In addition, we adopt dis-
entanglement between the learned verb and noun
features, so they compose more readily and im-
prove generalization on unseen actions.

Though scalability is achieved using our fac-
torized approach, verbs and nouns are actually
not fully independent. For instance, the process
of sanding an object and scrubbing an object
are visually similar, however you are more likely
to be scrubbing a car than sanding it. Prior
work (Kato et al., 2018) models the verb-noun rela-
tionships by constructing quadratic compositional
action nodes. In our model, when composing ac-
tion labels, we take object affordances (Gibson,
1978), namely the commonsense relationship of
verbs and nouns, into consideration. We extract
affordance knowledge from a caption corpus and
build a scoring component to consider the relation-
ship between verbs and nouns, to further improve
the generalization ability. The basic idea of our
proposed model is illustrated in Figure 1.

Furthermore, we investigate the evaluation of
zero-shot compositional action recognition task and
identify the drawback of existing metrics. With Nv

verbs, Nn nouns, it constructs a Nv × Nn label
space for possible actions. Among these actions,

some are invalid (e.g. peel a car) and some are
valid but not presented in the dataset. In real-
world applications, the model would need to make
predictions in the whole Nv ×Nn label space. But
current evaluation protocols, implicitly or explic-
itly, only evaluate on compositional classes that are
valid and presented in the dataset, which does
not reflect the real difficulty of this task. We pro-
pose a new setting, where predictions are made and
evaluated in the full Nv ×Nn label space.

The Charades (Sigurdsson et al., 2016) dataset is
relatively small scale for testing zero-shot compo-
sitional action recognition (Kato et al., 2018). To
promote further research, we propose a new bench-
mark based on the Epic-kitchen (Damen et al.,
2018, 2020) dataset, which is an order of mag-
nitude bigger both in number of classes and sample
size. The key contributions of our paper are:

1. We propose a novel factorized model that
learns disentangled representation separately
for verbs and nouns, facilitating scalability.

2. We further improve the model’s generalization
performance by learning the interaction con-
straints between verbs and nouns (affordance
priors) from an external corpus.

3. We propose a new evaluation protocol for
zero-shot compositional learnings, which bet-
ter reflects the real-world application setting.

4. We propose a new large-scale benchmark
based on the Epic-Kitchen dataset and achieve
state-of-the-art results.

2 Related Work

Zero-shot learning with knowledge graphs:
Zero-shot learning has been widely studied in com-
puter vision (Akata et al., 2015; Lampert et al.,
2013; Lee et al., 2018; Sahu et al., 2020; Wang
et al., 2019; Xian et al., 2018). We will focus on
related work relevant to our approach. (Wang et al.,
2018) proposes to distill both the implicit knowl-
edge representations (e.g., word embedding) and
explicit relationships (e.g., knowledge graph) to
learn a visual classifier for new classes through
GCN (Kipf and Welling, 2016). (Kampffmeyer
et al., 2019) later proposes to augment the knowl-
edge graph (KG) with dense connections which
directly connects multi-hop relationship and distin-
guishes between parent and children nodes. The
graph learning of our model mostly follows their
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work. Recently there have been improvements on
GCN models. (Nayak and Bach, 2020) designs
a novel transformer GCN to learn representations
based on common-sense KGs. (Geng et al., 2020b)
uses an attentive GCN together with an explanation
generator to conduct explainable zero-shot learning.
Instead of generating classifier for unseen classes
directly, (Geng et al., 2020a) uses a generative ad-
versarial network to synthesize features for unseen
classes to conduct classification. These directions
could be potentially explored in our problem set-
ting to further improve performance. (Gao et al.,
2019) conducts zero-shot action recognition based
on KGs, but unlike our problem setting, their verb-
noun relationship is not compositional and objects
are used as attributes to infer action.
Compositional action recognition: Many prior
works aim to understand actions through interac-
tion with objects. (Wang et al., 2020; Xu et al.,
2019) tackle zero-shot human-object interaction
in images. (Zhukov et al., 2019) conduct weakly-
supervised action recognition, leveraging composi-
tionality of verb-noun pairs to decompose tasks into
a set of verb/noun classifiers. This shares certain
similarities with our factorized model, but it is not
a zero-shot setting, nor does it enforce feature dis-
entanglement. (Materzynska et al., 2020) conduct
zero-shot compositional action recognition, where
individual verb/noun concepts have been seen dur-
ing training but not in the same interaction with
each other. Although it cannot deal with unseen
verbs or nouns, using object detector to explicitly
model object features inspires our approach. One
of the closest works to our proposed approach is
(Kato et al., 2018). It constructs a KG that contains
verb nodes, noun nodes and compositional action
nodes, and learns the feature representation for
each action node to match visual features. Novel
actions’ features are inferred jointly during training
through GCN. The number of action nodes grows
quadratically with respect to the number of nouns
or verbs, which makes this approach difficult to
scale, especially considering that GCN’s forward
pass needs to learn all features simultaneously.

3 Method

We propose DARK – Disentangled Action Recog-
nition with Knowledge-bases (Figure 2). It extracts
disentangled feature representations for verbs and
nouns, then predicts classifier weights for unseen
components using knowledge graphs, and com-

poses them under object affordance priors.

3.1 Factorized verb-noun classifier
Given a video X , we first use a verb feature extrac-
tor Fv to extract verb feature, and a noun feature
extractor Fn for noun feature. Subsequently, we
learn one-layer predictors Wseen

v and Wseen
n for

predicting the final verb/noun class. Fv, Fn and
Wseen
v ,Wseen

n are trained via cross entropy (CE)
losses Lvcls and Lncls with verb / noun labels yv, yn.

Lvcls = CE(Fv;Wseen
v ; yv) (1)

Lncls = CE(Fn;Wseen
n ; yn) (2)

We extract disentangled features for verbs and
nouns, so that verbs and nouns can be treated as
separate entities. If verb features contain much
information about nouns, it would overfit to seen
actions and would not generalize to unseen compo-
sitions. Standard networks like Inception3D (I3D)
(Carreira and Zisserman, 2017) can rely on scene
or object information to predict verbs (Battaglia
et al., 2018; Materzynska et al., 2020). To decou-
ple verb’s representation from noun’s, we add ex-
plicit regularization to the model input. We first
used an off-the-shelf class-agnostic object detector
to detect the bounding box of interacting objects.
Then, we crop the object from videos and use I3D
backbone to extract verb features from the cropped
videos. (Yun et al., 2019; DeVries and Taylor,
2017; Choi et al., 2019; Singh and Lee, 2017) use
similar cropping technique to remove bias in other
tasks. We also detect hand masks and add hand
regions separately to the verb input because the
class-agnostic detector tends to crop out the hands
as well. Adding hand gesture information back
provides hints for verbs. Disentanglement method
on Charades dataset (Sigurdsson et al., 2016) is
different as it contains third-person view videos,
and relevant details are discussed in Section 4.5.

3.2 GCN for learning novel concept
After training on seen concepts, we can infer the
classifier for unseen ones. In this subsection, we
drop the subscript v/n as the same process applies
for both verb and noun. After learning feature
extractor F and classifier of seen conceptWseen,
learning classifier for unseen concepts is equivalent
to learning the weight Wunseen. This step lever-
ages graph convolution network (GCN) following
previous work (Kampffmeyer et al., 2019; Kato
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Figure 2: Overall training process. We first jointly train factorized disentangled feature extractor Fv, Fn, and
classifier weights for seen classWseen

n ,Wseen
v . We then take word embedding sseen, sunseen as input, and use

GCN to predict classifier weights of unseen class ˆWunseen
n , ˆWunseen

v based on knowledge graphs (KGs). Note that
the same GCN learning applies to both verbs / nouns, and in the figure we only show the noun’s part for brevity.

et al., 2018; Xian et al., 2017). It takes the word
embedding of unseen/seen concepts sseen, sunseen,
and conducts graph convolution on the KG, with
previously learned classifier weightWseen as su-
pervision. In each layer, it calculates:

Zi+1 = ÂZiWi (3)

Zi and Zi+1 are input and output of the layer i,
Â is the adjacency matrix of the graph. Following
(Kampffmeyer et al., 2019; Kato et al., 2018; Wang
et al., 2018), we normalize the adjacency matrix.
Wi is a learnable parameter. GCN first transforms
features linearly, then aggregates information be-
tween nodes via graph edges. The 0th layer’s
input Z0 is the word embedding [sseen, sunseen].
The last layer’s output Zn is the classifier weight
[ ˆWseen, ˆWunseen]. We use the Wseen learned
previously as supervision, and calculate the mean
square error loss betweenWseen and ˆWseen. The
training process is illustrated in Figure 2. Only the
GCN learning of nouns is shown for brevity.

LGCN = Lmse( ˆWseen , Wseen) (4)

3.3 Incorporating affordance prior

Not all verb-noun pairs are equally important —
some objects can only admit certain actions but
not others. (Gibson, 1978) proposed the notion
of “affordance" — the shape of an object may pro-
vide hints on how humans should use it, which

induces the set of suitable actions. Affordance can
be extracted from the language source, e.g. we will
often say peel the apple but rarely peel the chair.
Prior works (Zhuang et al., 2017; Lu et al., 2016)
used language information as prior to improve their
performance. In this paper, we use captions of
HowTO100M dataset (Miech et al., 2019) which
records human-object interaction. We run the
Standford NLP parser (Chen and Manning, 2014)
to extract nouns/verbs from captions automatically.

After extracting verb-noun pairs, we train a scor-
ing function A to calculate the verb-noun affor-
dance matching score. We project verb embed-
ding sv to the noun embedding space and calculate
cosine distance with sn, followed by sigmoid to
output a scalar value indicating whether this verb-
noun compositional action is plausible. For train-
ing, we generate positive/negative pairs and use
binary cross-entropy loss Laffd. Note that there
underlies an open-world assumption (Nickel et al.,
2015): the verb-noun pairs missing are not entirely
infeasible, but could be unobserved. Further re-
search can be explored to develop a more precise
way of modeling the affordance constraint.

A scoring function based on only word-
embedding is similar to a static look-up table for
verb-noun pairs, and may fail to encode diverse
action visual features. Thus we train a mapping
functionM to transform verb’s visual input to its
word embedding sv using mean square error loss.
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Figure 3: We train a scoring function A to calculate the
affordance matching between verb and noun. In test
time, the matching score is computed between mapped
verb visual featureM(Xv) and sn.

Algorithm 1 Training process of our DARK model

1. Train the feature extractor and corresponding
classification weight (Fv, Wv), (Fn, Wn) via
classification loss Lv, Ln separately.

2. Use the word embeddings sv, sn as input
and the learned classification weight Wv, Wn as
supervision, to train the GCN model (Gv, Gn) with
mean square error (MSE) loss (Equation 4).

3. Use extracted affordance pairs to train scoring
function A(sv, sn) (Figure 3), via binary cross
entropy (BCE) loss Laffd.

4. Train mapping functionM to map visual verb
inputs to semantic embedding space (Equation 5).

Lmse(M(Xv), sv) (5)

The separation of A,M also adds interpretabil-
ity and allows learning from different data. A can
be trained on a language corpus without video data.
Also, A deals with textual affordance relationship
directly and adds interpretability. In test time we
map verb’s visual input to verb embedding space
and calculate affordance score with target noun’s
embedding sn (Figure 3). The model is asymmet-
ric, since we use object proposals with false detec-
tion and verb visual input is more reliable.

3.4 Overall algorithm and inference

The training of our DARK model is shown in Al-
gorithm 1. During inference, we calculate the prob-
ability of a video containing the compositional ac-

Figure 4: The seen compositional actions correspond to
VsNs (the upper left part), and unseen actions include
VsNu, VuNs and VuNu (the rest). We visualize the
scope of close / open / macro-open world settings.

tion (v, n) using following equations:

P(v, n) = P(v) ∗ P(n) ∗ A(M(Xv), sn) (6)

P(v) = σ(Wv ∗ Fv(X)) (7)

σ is sigmoid function. For the classification
weightsWv used in verb prediction P(v), we use
the learned classification weight Wseen

v for seen
classes, and ˆWunseen

v predicted by GCN for un-
seen classes. Similar equation applies for noun
prediction P(n), which is omitted.

4 Experiments

In this section, we discuss experiment evaluation,
setup and results. Some implementation details are
in appendix. 1

4.1 Evaluation of zero-shot compositional task

Following previous work (Kato et al., 2018),
we partition verbs into two disjoint sets for
seen/unseen classes, Vs / Vu, and same for nouns,
Ns / Nu. Thus, “seen compositional actions" corre-
spond to VsNs, while “unseen (zero-shot) actions"
correspond to VsNu, VuNs and VuNu.

Prior to (Chao et al., 2016), most works
(e.g. (Norouzi et al., 2013)) on zero-shot learning
adopt an evaluation protocol where predictions are
made and evaluated only among unseen classes.

1Code and proposed benchmark are in https://
github.com/airmachine/DARK.
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This is later denoted as close world setting. (Chao
et al., 2016) points out that it does not reflect the
difficulty of recognition in practice, and there ex-
ists a trade-off between classification accuracies of
seen / unseen classes. They propose generalized
zero-shot learning (GZL) setting — test set con-
tains samples of both seen / unseen classes. Predic-
tions are made and evaluated on both categories. By
adding different biases to unseen classes’ predic-
tion, one can draw a curve depicting the trade-off
between accuracies of seen/unseen samples. They
use area under the curve (AUC) to better reflect
model’s overall performance on both seen and un-
seen classes. Our evaluation follows this setup.

Currently, relatively few prior works tackle zero-
shot compositional action recognition (Kato et al.,
2018; Materzynska et al., 2020). Taking other zero-
shot compositional learning tasks such as zero-shot
attribute-object classification (Misra et al., 2017;
Nagarajan and Grauman, 2018; Purushwalkam
et al., 2019; Yang et al., 2020) and image-based
zero-shot human-object interaction (Wang et al.,
2020; Xu et al., 2019) into consideration, we find
that zero-shot compositional learning task poses ex-
tra challenges due to its combinatorial label space:
not all compositional labels are valid, and for the
valid ones, there may be no samples in the dataset.
For brevity, we continue to use the term “verb" and
“noun", but the following discussion could be also
applied to other zero-shot compositional learning
tasks (e.g., attribute-object). As in Figure 4, with
Nv verbs, Nn nouns, we can construct a Nv ×Nn

action label space. Among these actions, some are
invalid, because the verb-noun pair contradicts
our common sense (e.g. peel a car). And some are
valid but not presented in the dataset. Most pre-
vious works only consider labels that contain sam-
ples in the dataset, namely compositional classes
that are valid and presented in the dataset.

Prior works (Materzynska et al., 2020; Misra
et al., 2017; Nagarajan and Grauman, 2018; Yang
et al., 2020) use disjoint label spaces in training
and test sets, which corresponds to the close world
setting. (Purushwalkam et al., 2019)’s test set con-
tains both seen and unseen classes (GZL setting)
and uses the AUC metric like ours, but their predic-
tion is made and evaluated only among composi-
tional classes with samples in dataset. (Kato et al.,
2018; Wang et al., 2020) also follow GZL setting,
but they use mean average precision (mAP) over
compositional classes presented in dataset, which

implicitly only considers valid and presented
classes. We denote this as open world setting:
test set contains samples from seen/unseen classes,
but prediction is made and/or evaluated among
valid and presented classes.

Neither close world setting nor open word set-
ting reflects the difficulty of zero-shot composi-
tional action recognition task. When deploying
recognition models in the real world, it would need
to make predictions in the whole Nv × Nn label
space. Thus, compositional constraints between
verbs and nouns (affordance) should be properly
modeled to exclude invalid classes. In addition,
the evaluation protocol should not distinguish be-
tween classes that are valid but not presented
and valid and presented in the dataset, because
models would not have access to that information
beforehand. We propose the marco open world
setting. In test time, sample can be from all
seen/unseen classes, including VsNs, VsNu, VuNs

and VuNu, and model receives no information
about where the sample comes from. Predictions
are made and evaluated in the wholeNv×Nn label
space, and the AUC metric (Chao et al., 2016) con-
sidering the trade-off between seen/unseen classes
is reported. Figure 4 compares these three settings.

4.2 Experimental setup

Dataset and split: We conduct experiments on
two datasets, Epic-kitchen v-2 (Damen et al., 2020,
2018) and Charades (Sigurdsson et al., 2016). On
Epic-kitchen benchmark, we create the composi-
tional split for compositional action recognition.
To avoid inductive bias brought by pretrained back-
bones (e.g. Faster R-CNN (Girshick, 2015) pre-
trained on ImageNet (Deng et al., 2009), or Incep-
tion3D (I3D) (Carreira and Zisserman, 2017) pre-
trained on Kinetics (Kay et al., 2017)) as discussed
in (Wang et al., 2020), we ensure all nouns/verbs
seen during pre-training stay in VsNs when creat-
ing compositional split on Epic-kitchen benchmark.
For Charades, we follow the same splits in (Kato
et al., 2018) for fair comparison.

Charades dataset (Sigurdsson et al., 2016) con-
tains 9848 videos, and many involve compositional
human-object interaction. We use the composi-
tional benchmark proposed by (Kato et al., 2018):
they remove “no interaction" action categories,
leaving 9625 videos with 34 verbs and 37 nouns.
Those verbs and nouns are further partitioned into
two verb splits Vs, Vu (number of classes being
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Table 1: DARK’s results on Epic-Kitchen dataset, compared with baselines and GCNCL (Kato et al., 2018)

- AUC Macro Open AUC Open mAP Open
Top1 Top2 Top3 Top1 Top2 Top3 All Zero-shot class

Chance 6.4× 10−7 2.9× 10−6 7.8× 10−6 1.9× 10−5 6.7× 10−5 1.2× 10−4 0.00065 0.00067
Triplet 0.021 0.060 0.095 0.021 0.060 0.094 0.051 0.053
SES 0.091 0.25 0.42 0.16 0.45 0.73 1.83 0.99
DEM 0.0068 0.019 0.040 0.022 0.074 0.14 0.52 0.30

GCNCL+GT 0.044 0.11 0.19 0.044 0.11 0.19 0.46 0.31
GCNCL+Affd 0.064 0.16 0.27 0.082 0.22 0.37 0.48 0.15
GCNCL+Both 0.061 0.16 0.26 0.07 0.17 0.27 0.47 0.27

DARK (ours) 1.69 3.64 5.45 2.04 4.67 7.05 2.39 1.22

Table 2: Dataset statistics of proposed benchmark based
on Epic-kitchen and previous benchmark on Charades.

VsNs VsNu VuNs VuNu samples

Epic- 840 896 1073 820 76605
Charades 49 47 22 31 9625

20 / 14), and two noun splits Ns, Nu (18 / 19). The
total number of compositional actions is 149.

Epic-kitchen version 2 dataset (Damen et al.,
2020, 2018) contains videos recorded in kitchens,
where people demonstrate their interaction with ob-
jects like pan, etc. The diversity of actions in this
dataset makes it especially challenging. We follow
the steps in similar previous works (Rahman et al.,
2018; Wang et al., 2020) to create our composi-
tional split. We first make sure that classes seen in
pre-training stay in the seen split. Then for the re-
maining classes we sort them based on the number
of instances in descending order, and pick the last
20% to be unseen classes, because (Rahman et al.,
2018) pointed out that zero-shot learning targets
the classes not easy to collect (especially those in
the tail part of the long tail class distribution). We
show dataset statistics in Table 2. We get a total
number of 76605 videos, including 90 verbs, 249
nouns, and 3629 compositional actions. Compared
to Charades, our proposed benchmark is at a larger
scale in terms of classes involved and sample size.
Baselines: We establish our baselines following
previous work (Kato et al., 2018). Here we briefly
summarize their architectures, and readers can refer
to (Kato et al., 2018) or original papers for details.
These baselines are based on Inception3D features.

Triplet Siamese Network (Triplet) by (Kato
et al., 2018): verb/noun embeddings are concate-
nated, and transformed by fully connected (FC)
layers. The output is concatenated with visual fea-
tures to predict scores through one FC layer with
the training of BCE loss.

Semantic Embedding Space (SES) (Xu et al.,
2015): The model projects visual features into em-
bedding space through FC layers and then matches
output with corresponding action embeddings (av-
erage of verb/noun embeddings) using L2 loss.

Deep Embedding Model (DEM) (Zhang et al.,
2017): Verb/noun embeddings are transformed sep-
arately via FC layers and summed together. Then
output is matched with visual features via L2 loss.

4.3 Results on Epic-kitchen dataset
The results of the proposed DARK model, as well
as the aforementioned baselines (Triplet, SES and
DEM) and previous model GCNCL (Kato et al.,
2018) on the Epic-kitchen dataset are listed in Ta-
ble 1. We report the results in the proposed AUC
metric (Chao et al., 2016) with precision calculated
at top 1/2/3 prediction for both open world and
macro open world settings, which evaluates the
overall trade-off between seen/unseen class. We
also report the mean average precision (mAP) used
in (Kato et al., 2018) on all and zero-shot composi-
tional action classes for reference.

Our best performing DARK model outperforms
all baselines and GCNCL by a large margin un-
der all metrics, illustrating the benefit of disentan-
gled action representation for compositional action
recognition. DARK is also more scalable, and re-
duces the number of graph nodes from 22749 (GC-
NCL with no external knowledge) to 339 (ours).

DARK considers the type constraint of verbs and
nouns when composing verb and noun into com-
positional action label by training an affordance
scoring module, while GCNCL considers the con-
straint when building compositional action nodes
by collecting the existing verb-noun pairs from
NEIL (Chen et al., 2013). For fair comparison,
we re-implement three versions of KG in GCNCL
model. In “GT", we use the ground-truth verb-
noun relationships that are presented in the dataset
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Table 3: Combination for zero-shot learning in verb
and noun classifiers. The top1 “open world" AUC is
reported on the Epic-kitchen dataset.

Verb-KG Verb-SES Verb-ConSE

Noun-KG 1.81 1.24 0.49
Noun-SES 0.40 0.44 0.32

Noun-ConSE 0.25 0.18 0.13

(open world setting). In “Affd", we only consider
relationships in the same corpus with DARK. We
use the relationships as a hard look-up since GC-
NCL only contains unweighted “hard" edges in
its knowledge graph. In “Both", we use the union
of the constraints in “GT" and “Affd". Under all
the three circumstances, our DARK model outper-
forms other models by a large margin. For all
experiments, we report the best results.

4.4 Ablations on different components

Zero-shot learning in verb/noun classifier: In
DARK model, we do separate verb and noun clas-
sification in two branches. We investigate different
implementations of zero-shot learning in verb/noun
classifier. Specifically, we consider three options
for both verb and noun, namely “KG", “SES"
and “ConSE". “KG" stands for zero-shot learn-
ing by using knowledge graph to predict classifi-
cation weights for unseen component with GloVe
embedding (Pennington et al., 2014) as in (Kato
et al., 2018). “SES" (Xu et al., 2015) is the best
common embedding baseline in Table 1 using bet-
ter BERT word embedding (Devlin et al., 2018)
(based on observation in Table 5, BERT tends to
have better performance). “ConSE" (Norouzi et al.,
2013) learns a semantic structure aware embed-
ding space compared to original word embeddings,
which is modeled with graph. “ConSE" (Norouzi
et al., 2013) is used as the zero-shot learning com-
ponent in previous image-based action recognition
task (Xu et al., 2019). It learns a semantic structure
aware embedding space and we also use GloVe
embedding. For better comparison of zero-shot
learning component, we report the “open world”
AUC on the Epic-kitchen dataset without using
affordance (same as “ground-truth" affordance in
macro open setting), thus excluding the influence
of affordance prior. Different zero-shot learning
combinations for verbs and nouns are reported in
Table 3. Using “KG" for both verb / noun outper-
forms others by a large margin, and we take this
approach in the rest experiments.

Table 4: Different verb knowledge graphs. We report
the top1 AUC for verbs under GZL setting.

WN dis VN group VN tree

one-way 1.86 0.83 1.93
two-way × × 1.79

Construction of verb knowledge graph: Com-
pared to nouns, the concept of verb is relatively
abstract and the relationship between verbs is hard
to capture. We explore different ways of construct-
ing the verb KG, namely, “WN dis", “VN group"
and “VN tree". (The details of noun KG are dis-
cussed in the appendix.) In “WN dis", we use
WordNet (Miller, 1995) structure and add edges be-
tween nodes if their LCH (Leacock and Chodorow,
1998) distance is bigger than a threshold. We also
explore VerbNet (Kipper et al., 2008) which is de-
signed to capture the semantic similarity of verbs.
VerbNet categorizes verbs into different classes,
and each class contains multiple verb members. To
resolve the duplication in each class, we add edges
between verbs in the same class, and denote this as
“VN group". We also try adding a meta node for
each class and connecting all its members to the
meta node, denoted as “VN tree". Graphs of “WN
dis" and “VN group" are naturally undirected. For
“VN tree", we consider an additional “two-way"
setting as in (Kampffmeyer et al., 2019), where a
GCN model separates the parent-to-children and
children-to-parent knowledge propagation into two
stages to better model hierarchical graph structure.
However, we do not observe performance improve-
ment in this setting. In Table 4, we report top1 AUC
for verbs using different KGs under the GZL(Chao
et al., 2016) setting. “VN tree" in “one-way" gives
the best prediction for verb, and we keep this con-
figuration in rest experiments.
Affordance learning: We consider the compo-
sitional constraints between verbs and nouns (af-
fordance) when composing the compositional ac-
tion. We explore various ways of learning affor-
dance in Table 5. In “Word-only" we train a word-
embedding only model. And “Visual" represents
the approach in method section where an additional
projection module maps visual features to embed-
ding space. For each, we explore two word embed-
dings, GLoVe (Pennington et al., 2014) and BERT
(Devlin et al., 2018). In terms of score calculation,
we try three different methods each. In “Concat-
Scoring", we concatenate verb/noun features, and
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Table 5: Top1 “marco open world" AUC on Epic-
kitchen based on different affordance learning methods.

Word-only Visual
GLoVe BERT GLoVe BERT

Concat-Scoring 1.49 1.59 1.48 1.60
Context-Scoring 1.49 1.59 1.49 ×

Proj-Cosine 1.42 1.59 1.42 1.69

Lookup Table 1.35

Uniform 1.46

Ground Truth 1.81

Table 6: Results (mAP) on Charades under GZL setting.
Baselines and GCNCL results from (Kato et al., 2018).

Model All Zero-shot

Chance 1.37 1.00
Baseline Triplet 10.41 7.82

SES 10.14 7.81
DEM 9.57 7.74

GCNCL GCNCL-I+A 10.48 7.95
GCNCL+A 10.53 8.09

Ours DARK 11.21 8.38

train a scoring model. In “Context-Scoring", in-
stead of concatenating, for BERT the scoring model
embeds verb-noun phrase together and averages
their embeddings, and for GloVe we simply aver-
age their embeddings. In “Proj-Cosine", we project
verb embedding to noun embedding space and cal-
culate the cosine distance. We also try a lookup
table, where affordance is one if the compositional
pair exists in train set or knowledge bases, and zero
otherwise. “Uniform" sets all affordance to be one,
which means no weighting is applied. “Ground
Truth" sets one for pairs existing in the dataset
(train/test), equivalent to “open world". In all ex-
periments, we use best configuration from Table
3, and label compositional pairs seen in training to
one. BERT constantly improve affordance relation-
ships in different methods. Lookup table performs
worse than “Uniform" (no affordance) since some
valid pairings are missing in knowledge bases.

4.5 Results on Charades dataset

We report results on Charades in Table 6. Follow-
ing (Kato et al., 2018), we report mean average
precision (mAP) and compare our model to theirs
and baselines. We also report zero-shot classes
(VsNu + VuNs + VuNu) separately but all predic-
tions are made under GZL setting. Unlike Epic-

Figure 5: Qualitative Analysis. Underlines are unseen
concepts, green for right predictions and red for wrong.

Kitchen which contains ego-centric actions, Cha-
rades contains third-person view videos and cannot
detect the mask of person’s hand. Thus we directly
learn the verb and noun feature disentanglement
leveraging a discriminator and a disentanglement
loss. Following (Peng et al., 2018), discriminator
tries to adversarially classify noun label yn from its
verb feature, and feature extractor F goes against
it. To better capture the multi-label property in
Charades, we use an un-factorized classification
model for actions in VsNs so they can be treated
separately. Since we report the mAP results for
fair comparison with GCNCL, we do not use affor-
dance in our model. As indicated in (Kato et al.,
2018), we also notice that the amount of improve-
ment over baselines is not large, possibly because
Charades is relatively small and easy to overfit.
And this motivated us to propose a large-scale zero-
shot compositional action recognition benchmark.

4.6 Qualitative error analysis
We also visualize some examples in Figure 5. The
model misclassifies coriander as leaf, and foil as
plastic wrap due to visual similarity.

5 Conclusion

In this paper, we propose DARK, a novel com-
positional action recognition model that reduces
complexity from quadratic to linear, making the
training more scalable. DARK generalizes to un-
seen verb-noun pairs, and can be combined with
knowledge bases to produce state-of-the-art com-
positional action recognition results.
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A Implementation Detail

To build the object feature extractor Fn, we first
use an off-the-shelf class-agnostic object detec-
tor to detect the bounding box of interacting ob-
jects. For the Charades (Sigurdsson et al., 2016)
dataset, we use the detected object boxes generated
by HOID (Wang et al., 2020). HOID model first
detects the box of human, then based on the hu-
man’s bounding box it detects interacting objects.
We use the code publicly released by (Wang et al.,
2020), with the default parameters provided by the
author. We use the weights of the class-agnostic ob-
ject detector provided on the project page. For the
Epic-kitchen dataset (Damen et al., 2020, 2018),
we use the pre-computed class-agnostic boxes pro-
vided by the authors. They use the model from
(Shan et al., 2020), which detects human hands and
locates the interacting objects. We use different
models for object detection because Epic-kitchen
(Damen et al., 2018) contains mostly ego-centric
action videos while Charades (Sigurdsson et al.,
2016) contains third-person view videos. For the
Epic-kitchen dataset, we additionally use its pre-
computed detected masks of human hands.

After the object boxes are detected, we run the
Faster-RCNN (Girshick, 2015) model with the
ResNet-101 backbone to extract the object features.
We use the implementation provided by the Detec-
tron2 (Wu et al., 2019) library, with the weights
pre-trained on ImageNet (Deng et al., 2009). We
obtain the features before the classifier layer in the
Faster-RCNN model, which results in 2048 dimen-
sion object features. If we detect multiple boxes
in one frame, we conduct max-pooling over their
extracted features to obtain one feature represen-
tation for each frame. If no box is detected for a
particular frame, we then extract the feature of the
whole image as its object feature.

We sample several frames along the temporal
axis of the video to conduct object detection. Since
videos in the Charades (Sigurdsson et al., 2016)
dataset may contain more than one action, we treat
each frame in Charades dataset as one sample for
training. For the Epic-kitchen (Damen et al., 2020,
2018) dataset whose videos contain only one action,
we instead simply apply mean pooling over object
features of sampled frames to obtain one feature
representation for the whole video. We add fully-
connected (FC) layers upon the fixed Faster-RCNN
backbone to conduct feature extraction.

For verb features, we build our feature extrac-

tor Fv based on a standard two-stream Incep-
tion3D (Carreira and Zisserman, 2017) backbone
pre-trained on the Kinetics dataset (Kay et al.,
2017). We use both the RGB branch and the optical-
flow branch, each producing a 1024 dimension fea-
ture in the layer Mixed_5c. We then concatenate
them, resulting in a feature representation of 2048
dimension. For the Epic-kitchen dataset, we gen-
erate features first using the video input with the
object cropped out. Then we do the same using
the video input with everything cropped except for
the detected hands in order to obtain hand gesture
movement information. We further concatenate
these two features to get a 4096 dimension fea-
ture. Similar to the object feature extractor, we
add FC layers to features generated by the fixed
Inception3D backbone. For the Charades dataset,
since another disentanglement approach is used,
we simply use the 2048 dimension feature.

Following common practice, we split the whole
video into video clips with a small duration, and
generate features for each clip during training and
inference. For the Charades dataset, we sample
10 clips per video to conduct training and we treat
each clip as a sample. Whereas for the Epic-kitchen
dataset, we apply max pooling to the features of all
the clips generated from one video to obtain one
feature representation for the whole video.

Our model is implemented in PyTorch with
Adam optimizer. We used in total around 20 GPUs
through out the experiments. But a single run only
needs 5 GPUs. (we launch parallel experiments)

B The Proposed Epic-kitchen Benchmark

We build our compositional action recognition
benchmark based on the Epic-kitchen(Damen et al.,
2020, 2018) dataset version two. We take the class
that overlaps with pre-trained backbones into con-
sideration when creating seen/unseen class splits.
We find that there are 95 noun classes overlapping
with ImageNet classes, and 23 verb classes over-
lapping with Kinetics classes, where the backbones
that we use have been pre-trained. We make sure
these overlapping classes stay in the seen split.

We then remove the tail verb and noun classes
with less than 10 instances. The remaining dataset
contains a total number of 76605 videos, including
90 verbs, 249 nouns, and 3629 compositional ac-
tions. We have 29 verbs in the seen category, and
61 verbs in the unseen category. On the other hand,
102 nouns are seen and 147 nouns are unseen.
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The VsNs split contains 840 compositional ac-
tions, and 51228 samples. The VuNs split has 1073
compositional actions, and 10105 samples. For the
VsNu split, there are 896 compositional actions
and 11073 samples. And for the VuNu split, there
are 820 compositional actions and 4199 samples.

Epic-Kitchen dataset is realized under the Cre-
ative Commons Attribution-NonCommercial 4.0
International License. The licence for non-
Commercial use of Charades dataset can be found
at http://vuchallenge.org/charades.html. We follow
the intended usage of these two dataset.

C Noun Knowledge Graph Construction

We discuss the construction of the verb knowl-
edge graph in the paper, due to the space limit,
we present the details of the noun knowledge graph
in this section. We construct the noun knowledge
graph following (Wang et al., 2018)’s approach. We
begin from the nouns presented in the dataset, and
recursively search their hyper-norms using Word-
Net (Miller, 1995)’s lexical relationship to add to
the graph. In addition, we augment the knowledge
graph by adding nouns from ImageNet’s ((Deng
et al., 2009)) class labels.

When building noun knowledge graphs, we add
an edge if two entities are direct synonyms or hyper-
norms. Our model is built upon the graph con-
volution model implemented by (?). We use its
plain GCN version without attention. And we use
the “two-way" approach, which separates parent-
to-children and children-to-parent knowledge prop-
agation into two stages to better model the hierar-
chical graph structure. For noun knowledge graph
learning, we use 300d GloVe (Pennington et al.,
2014) embeddings as input.

D Disentanglement in Charades Dataset

Let Xv denote the input to the verb feature extrac-
tor Fv, and X ′v denote the extracted verb features.
Similarly, Xn is the input to Fn and X ′n is the
extracted noun features.

X ′v = Fv(Xv) (8)

X ′n = Fn(Xn) (9)

To obtain disentangled verb / noun features, we
take the idea from the previous paper (Peng et al.,
2018). We use a discriminator to limit the infor-
mation verb and noun features contain. The dis-
criminator Dv tries to adversarially classify noun

label yn from its verb feature X ′v, and the feature
extractor Fv goes against it via a minimax process.
The discriminator helps to limit the information
which verb feature X ′v contains about the nouns
in the video. The same procedure happens for Dn.
We use one layer linear classifier for discriminator
Dv andDn and they output class predictions for the
opposite branch. This leads to the disentanglement
loss:

Lvdis = −CE(Dv(X ′v); yn) (10)

Lndis = −CE(Dn(X ′n); yv) (11)

The CE refers to the cross-entropy loss. The
overall loss for training the feature extractorFv,Fn
and the classifier for seen classesWseen

v ,Wseen
n is:

Lv = Lvcls + Lvdis (12)

Ln = Lncls + Lndis (13)

The definitions of Lvcls, Lncls are the same as
discussed in the main paper.
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Abstract

More and more investors and machine learn-
ing models rely on social media (e.g., Twit-
ter and Reddit) to gather real-time informa-
tion and sentiment to predict stock price move-
ments. Although text-based models are known
to be vulnerable to adversarial attacks, whether
stock prediction models have similar vulnera-
bility is underexplored. In this paper, we exper-
iment with a variety of adversarial attack con-
figurations to fool three stock prediction vic-
tim models. We address the task of adversarial
generation by solving combinatorial optimiza-
tion problems with semantics and budget con-
straints. Our results show that the proposed
attack method can achieve consistent success
rates and cause significant monetary loss in
trading simulation by simply concatenating a
perturbed but semantically similar tweet.

1 Introduction
The advance of deep learning based language mod-
els are playing a more and more important role
in the financial context, including convolutional
neutral network (CNN) (Ding et al., 2015), recur-
rent neutral network (RNN) (Minh et al., 2018),
long short-term memory network (LSTM) (Hiew
et al., 2019; Sawhney et al., 2021; Hochreiter and
Schmidhuber, 1997), graph neutral network (GNN)
(Sawhney et al., 2020a,b), transformer (Yang et al.,
2020), autoencoder (Xu and Cohen, 2018), etc. For
example, Antweiler and Frank (2004) find that com-
ments on Yahoo Finance can predict stock market
volatility after controlling the effect of news. Cook-
son and Niessner (2020) also show that sentiment
disagreement on Stocktwits is highly related to cer-
tain market activities. Readers can refer to these
survey papers for more details (Dang et al., 2020;
Zhang et al., 2018; Xing et al., 2018).

† Corresponding author dakuo@acm.org. Our
code is available at https://github.com/yonxie/
AdvFinTweet

Figure 1: An example of word-replacement adversarial
attack. (Top) benign tweet leads Stocknet to pre-
dict stock going UP; (Bottom) adding an adversarial
retweet leads Stocknet to predict stock going DOWN.

It is now known that text-based deep learning
models can be vulnerable to adversarial attacks
(Szegedy et al., 2014; Goodfellow et al., 2015). The
perturbation can be at the sentence level (e.g., Xu
et al., 2021; Iyyer et al., 2018; Ribeiro et al., 2018),
the word level (e.g., Zhang et al., 2019; Alzantot
et al., 2018; Zang et al., 2020; Jin et al., 2020; Lei
et al., 2019; Zhang et al., 2021; Lin et al., 2021),
or both (Chen et al., 2021). We are interested in
whether such adversarial attack vulnerability also
exists in stock prediction models, as these models
embrace more and more human-generated media
data (e.g., Twitter, Reddit, Stocktwit, Yahoo News
(Xu and Cohen, 2018; Sawhney et al., 2021)). The
adversarial robustness is a more critical issue in
the context of stock prediction as anyone can post
perturbed tweets or news to influence forecasting
models. For example, a fake news (“Two Explo-
sions in the White House and Barack Obama is
Injured”) posted by a hacker using the Associated-
Press’s Twitter account on 04/23/2013 erased $136
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billion market value in just 60 seconds (Fisher,
2013). Although the event doesn’t fall into the
category of adversarial attack, it rings the alarm
for traders who use (social) media information for
their trading decisions.

To our best knowledge, it is the first paper to
consider the adversarial attack in the financial NLP
literature. Many attacks modify benign text directly
(manipulation attack) and use them as model input;
However, in our case, adversarial retweets enter the
model along with benign tweets (concatenation at-
tack), which is more realistic as malicious Twitter
users can not modify others’ tweets. In other words,
we formulate the task as a text-concatenating attack
(Jia and Liang, 2017; Le et al., 2021): we imple-
ment the attack by injecting new tweets instead of
manipulating existing benign tweets. Our task is
inspired and mimics the retweet function on social
media, and uses it to feed the adversarial samples
into the dataset. Despite various algorithms are pro-
posed to generate manipulation attack, literature
of concatenation attack on classification models is
rare, with exceptions Le et al. (2021), Song et al.
(2021) and Wang et al. (2020). Our paper provides
extra evidence of their difference by investigating
their performances in the financial domain.

The main challenge is to craft new and effective
adversarial tweets. We solve the task by aligning
the semantics with benign tweets so that the poten-
tial human and machine readers can’t detect our
adversarial tweets. To achieve that, we consider
the generation task as a combinatorial optimiza-
tion problem (Zang et al., 2020; Guo et al., 2021).
Specific tweets are first selected, which are used
as the target of perturbation on a limit number of
words within the tweets. We then examine our
attack method on three financial forecast models
with attack success rate, F1 and potential profit and
loss as evaluation metrics. Results show that our
attack method consistently achieves good success
rate on the victim models. More astonishingly, the
attack can cause additional loss of 23% to 32% if
an investor trades on the predictions of the victim
models (Fig. 4).

2 Adversarial Attack on Stock
Prediction Models with Tweet Data

Attack model: Adversarial tweets. In the case
of Twitter, adversaries can post malicious tweets
which are crafted to manipulate downstream mod-
els that take them as input. We propose to attack

by posting semantically similar adversarial tweets
as retweets on Twitter, so that they could be identi-
fied as relevant information and collected as model
input. For example, as shown in Fig 1, the origi-
nal authentic tweet by the user wallstreetbet7821
was “$BHP announces the demerger of its non-
core assets - details expected to be filled in on
Tuesday.” An adversarial sentence could be “$BHP
announces the demerger of its non-core assets -
details expected to be exercised in on Tuesday.”.
The outcome of the victim model switches to nega-
tive prediction from positive prediction when the
retweet is added to the input.

The proposed attack method takes the practi-
cal implementation into its design consideration,
thus has many advantages. First, the adversarial
tweets are crafted based on carefully-selected rel-
evant tweets, so they are more likely to pass the
models’ tweet filter and enter the inference data
corpus. Secondly, adversarial tweets are optimized
to be semantically similar to the original tweets so
that they are not counterfactual and very likely to
fool human sanity checks as well as the Twitter’s
content moderation system.

Attack generation: Hierarchical perturbation.
The challenge of our attack method centers around
how to select the optimal tweets and the token per-
turbations with the constraints of semantic simi-
larity. In this paper, we formulate the task as a
hierarchical perturbation consisting of three steps:
tweet selection, word selection and word perturba-
tion. In the first step, a set of optimal tweets is first
selected as the target tweets to be perturbed and
retweeted. For each selected tweet in the pool, the
word selection problem is then solved to find one
or more optimal words to apply perturbation. Word
and tweet budgets are also introduced to quantify
the strength of the perturbation.

We consider the word replacement and dele-
tion for word perturbation (Garg and Ramakrish-
nan, 2020; Li et al., 2020). In the former case,
the final step is to find the optimal candidate as
replacement. A synonym as replacement is widely
adopted in the word-level attack since it is a natural
choice to preserve semantics (Zang et al., 2020;
Dong et al., 2021; Zhang et al., 2019; Jin et al.,
2020). Therefore, we replace target words with
their synonyms chosen from synonym sets which
contain the semantically closest words measured
by the similarity of the GLOVE embedding (Jin
et al., 2020).
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Mathematical Formulation. We consider a
multimodal stock forecast model f(·) that takes
tweet collections {ct}Tt=1 and numerical factors
{pt}Tt=1 as input, where t indexes the date when
the data is collected. Peeking into the tweet col-
lection, it contains |ct| tweets for date t, namely,
ct = {s1t , s2t , ..., s

|ct|
t }. Each tweet sit is a text-

based sentence of length |sit|, denoted as sit =

(wi,1t , ..., wi,jt , ..., w
i,|sit|
t ), for i = 1, ..., |ct|. A di-

rectional financial forecast model takes domains
of tweets and numerical factors as input, and
yields prediction for stocks’ directional movement
y ∈ {−1, 1}:

ŷt+1 = f(ct−h:t,pt−h:t), (1)

h is the looking-back window for historical data.
The hierarchical perturbation can be cast as a

combinatorial problem for tweet selectionm, word
selection z and replacement selection u. The
boolean vector m indicates the tweets to be se-
lected. For i-th tweet, vector zi indicates the word
to be perturbed. As for the word perturbation task,
another boolean vector ui,j selects the best replace-
ment. It follows that the hierarchical perturbation
can be formulated as

c′t = (1−m · z) · ct +m · z · u · S(ct), (2)

where · denotes element-column wise product,
m · z indicates the selected words in selected
tweets,m · z · u indicates selected synonyms for
each selected word, and S(·) is a element-wise syn-
onym generating function. Consequently, given
attack loss L, generation of adversarial retweets
can be formulated as the optimization program
min
m,z,u

L(c′t ∪ ct−h:t, ct−h:t|pt−h:t, f), subject to

the budget constraints: a) 1Tm ≤ bs, b) 1Tzi ≤
bw, ∀i and c) 1Tui,j = 1, ∀i, j, where bs and bw
denote the tweet and word budgets. It is worth to
stress that perturbation is only applied to the date
(t) when the attack is implemented to preserve the
temporal order.

To solve the program, we follow the convex
relaxation approach developed in (Srikant et al.,
2021). Specifically, the boolean variables (for tweet
and word selection) are relaxed into the continuous
space so that they can be optimized by gradient-
based methods over a convex hull. Two main imple-
mentations of the optimization-based attack gen-
eration method are proposed: joint optimization
(JO) solver and alternating greedy optimization
(AGO) solver. JO calls projected gradient descent

method to optimize the tweet and word selection
variables and word replacement variables simulta-
neously. AGO uses an alternative optimization pro-
cedure to sequentially update the discrete selection
variables and the replacement selection variables.
More details on the optimization program and the
solvers can be found in Appendix A.

3 Experiments
Dataset & victim models. We evaluate our ad-
versarial attack on a stock prediction dataset con-
sisting of 10,824 instances including relevant
tweets and numerical features of 88 stocks from
2014 to 2016 (Xu and Cohen, 2018). Three mod-
els (Stocknet (Xu and Cohen, 2018), FinGRU
based on GRU (Cho et al., 2014) and FinLSTM
based on LSTM (Hochreiter and Schmidhuber,
1997)) of binary classification are considered as
victims in this paper. We apply our attack to in-
stances on which the victim models make correct
predictions.

Evaluation metrics. Attack performance is eval-
uated by two metrics: Attack Success Rate (ASR)
and victim model’s F1 drop after attack. ASR
is defined as the percentage of the attack efforts
that changes the model output. The two metrics
gauge the efficacy of the attack and its impact on
model performance: More efficient attack leads to
higher ASR and more decline of F1. Moreover,
we simulate a Long-Only Buy-Hold-Sell strategy
(Sawhney et al., 2021; Feng et al., 2019) with vic-
tim models, and calculate the Profit and Loss (PnL)
for each simulation. Assume a portfolio starts with
initial net value $10000 (100%), its net value at the
end of test period reflects the profitability of the
trading strategy and the underlying model. Conse-
quently, the change in PnLs measures the monetary
impact of our attack. More details on the dataset,
victim models and evaluation metrics are housed
in Appendix B.

4 Results
Attack performance with single perturbation.
The experiment results for the concatenation at-
tack with word replacement perturbation is shown
in Table 1 (with tweet and word budgets both as 1).
For both JO and AGO, ASR increases by roughly
10% and F1 drops by 0.1 on average in compari-
son to the random attack. Such performance drop
is considered significant in the context of stock
prediction given that the state-of-the-art prediction
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accuracy of interday return is only about 60%.

Model ASR(%) F1

NA RA JO AGO NA RA JO AGO
Stocknet 0 4.5 16.8 11.8 1 0.96 0.84 0.88
FinGRU 0 5.1 16.4 14.1 1 0.95 0.85 0.87
FinLSTM 0 11.9 16.5 19.7 1 0.89 0.85 0.78

Table 1: Performance of the various adversarial attacks.
NA: no attack; RA: random attack; JO: joint optimiza-
tion; and AGO: alternating greedy optimization.

Effect of attack budget. We report the effect of
different attack budgets on the attack performance
in Fig. 2. We observe that the more budgets al-
lowed (perturbing more tweets and words), the bet-
ter the attack performance, but the increase is not
significant. It appears that the attack performance
becomes saturated if we keep increasing the attack
budgets. In fact, the attack with budget of one
tweet and one word is the most cost effective, pro-
vided that it introduces minimum perturbation but
achieves a relatively similar ASR.
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Figure 2: Effect of attack budgets on ASR with Stock-
net as victim model and with JO solver. r-perturb: word
replacement; d-perturb: word deletion.

Manipulation vs concatenation attack. We fo-
cus on concatenation attack in this paper since we
believe it is distinct from manipulation attack. We
investigate the difference by applying the same
method of tweet generation to implement manipu-
lation attack, where the adversarial tweets replace
target tweets instead. The experiment runs with one
word budget and one twee budget, and the results
are reported in Fig. 3.
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Figure 3: Comparison between manipulation and con-
catenation attacks with word-replacement perturba-
tion method. Stocknet is the victim model.

It is clear that manipulation attack remarkably
outperforms concatenation attack in terms of ASR

and F1. Even though the success rate of concatena-
tion attack lags behind the state-of-the-art textual at-
tack, the manipulation attack achieves performance
of the same ballpark, which demonstrates the effi-
cacy of optimization-based attack and our solvers.
More importantly, it implies that the attack is not
transferable between the two tasks, documenting
more evidence on language attack transferability
(Yuan et al., 2021; He et al., 2021). The bottom line
is that they are two different tasks under different
assumptions. Researchers should take downstream
scenarios into account when develop attack models.

Trading simulation. The ultimate measure of a
stock prediction model’s performance is profitabil-
ity. Fig. 4 plots the profit and loss of the same
trading strategy with Stocknet as the prediction
model with or without the attack – JO is used to
generate adversarial retweets. For each simulation,
the investor has $10K (100%) to invest; the re-
sults show that the proposed attack method with a
retweet with only a single word replacement can
cause the investor an additional $3.2K (75%-43%)
loss to their portfolio after about 2 years.
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Figure 4: Profit and Loss with Stocknet as the vic-
tim model using Long-Only Buy-Hold-Sell strategy for
2 years with $10K initial investment. Green line: trad-
ing using Stocknet without attack; Blue line: con-
catenation attack with deletion perturbation; Red line:
concatenation attack with replacement perturbation.

5 Conclusion
This work demonstrates that our adversarial attack
method consistently fools various financial fore-
cast models even with physical constraints that the
raw tweet can not be modified. Adding a retweet
with only one word replaced, the attack can cause
32% additional loss to our simulated investment
portfolio. Via studying financial model’s vulnera-
bility, our goal is to raise financial community’s
awareness of the AI model’s risks, so that in the
future we can develop more robust human-in-the-
loop AI architecture (Wang et al., 2019) to cope
with this and other real-world attacks, including
black-box attack, unknown input domains, etc.
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A Mathematical Formation

A.1 Financial Forecast Model
Massive amounts of text data are generated by mil-
lions of users on Twitter every day. Among a vari-
ety of discussion, stock analysis, picking and pre-
diction are consistently one of the trending topics.
And investors often use the Twitter cashtag func-
tion (a $ symbol followed by a ticker) to organize
their particular thoughts around one single stock,
e.g., $AAPL, so that users can click and see the
ongoing discussions. Textual data on Twitter is
collectively generated by all of its users via posting
tweets. Financial organizations and institutional
investors often ingest the massive text data in real
time and incorporate them or their latent represen-
tation into their stock prediction models.

We consider the multimodal stock forecast mod-
els that take tweet collections {ct}Tt=1 and numer-
ical factors {pt}Tt=1 as input,where t indexes the
date when the data is collected. The numerical
factors are usually mined from historical price, fun-
damentals and other alternative data sources. In
this paper, we assume that the domain of numerical
factors is unassailable since they are directly de-
rived from public records. Therefore, the objective
of adversary is to manipulate model output by in-
jecting perturbation to the textual domain {ct}Tt=1.
Peeking into the tweet collection, it contains |ct|
tweets for date t, namely, ct = {s1t , s2t , ..., s

|ct|
t }.

Each tweet sit is a text-based sentence of length

|sit|, denoted as sit = (wi,1t , ..., w
i,j
t , ..., w

i,|sit|
t ),

for i = 1, ..., |ct|. A directional financial fore-
cast model takes domains of tweets and numerical
factors as input, and yields prediction for stocks’
directional movement y ∈ {−1, 1}:

ŷt+1 = f(ct−h:t,pt−h:t), (3)

where h is the looking-back window for historical
data.

A.2 Attack Model
Let c′t be the perturbed tweet collection at time
t created by solving the hierarchical perturbation
problem. To formalize the perturbation task, we
introduce boolean vector variable m ∈ {0, 1}nm
to indicate the tweets to be selected. If mi = 1,
then i-th tweet is the target tweet to be perturbed
and retweeted. Besides, for i-th tweet, vector
zi ∈ {0, 1}nz indicates the word to be perturbed.
As for the word perturbation task, another boolean

vector ui,j ∈ {0, 1}nu selects the best replace-
ment. nm and nz and nu denote the maximum
amount of tweets, maximum amount of words in
each tweet, and the amount of synonyms for each
word, respectively. We identify deletion perturba-
tion as a special case of replacement with ui,j,k = 1
only for padding token, so that the task degenerates
to tweet selection and word selection. Let vector
z ∈ {0, 1}nm×nz denote nm different zi vector,
and u ∈ {0, 1}nm×nz×nu denote nm × nz differ-
ent ui,j vectors. It follows that the hierarchical
perturbation can be defined as

c′t = (1−m · z) · ct +m · z · u · S(ct)
s.t. 1Tm ≤ bs,

1Tzi ≤ bw, ∀i,
1Tui,j = 1,∀i, j,

(4)

where · denotes element-column wise product, bs
denotes tweet budget, bw denotes word budget and
S(·) is element-wise synonym generating function.

Adversarial retweets are the then passed into
downstream financial forecast model f(·) along
with benign tweets. Attack success is achieved if
the adversarial tweets manage to fool the down-
stream model, and change the model output. Fi-
nancial forecast model usually takes observation of
multiple steps as input to appreciate the temporal
dependence. However, adversary can only inject
adversarial retweets at present time. That is, when
run the model on day t to predict price movement
on day t+ 1, retweets only enter tweet collection
for day t; collections for days prior to t remain
static. Consequently, generation of successful ad-
versarial retweets is formulated as the following
optimization program:

min
m,z,u

L(c′t ∪ ct−h:t, ct−h:t|pt−h:t, f)
s.t. constraint in (4),

(5)

whereL denotes the attack loss. We adopt the cross-
entropy loss for our attack since it is untargeted
attack (Srikant et al., 2021). Other classification-
related loss may be applied according to adver-
sary’s objective. Furthermore, we also add entropy-
based regularization to encourage sparsity of opti-
mization variables (Dong et al., 2021).

A.3 Methodology
The challenge of solving program (5) lies in the
combinatorial and hierarchical nature. We first re-
lax the boolean variables into continuous space so
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that they can be solved by gradient-based solvers.
A common workaround for combinatorial optimiza-
tion is to solve an associated continuous optimiza-
tion over convex hull (Dong et al., 2021; Srikant
et al., 2021). An computationally efficient fashion
is to optimize over a convex hull constructed with
linear combination of candidate set, and the optimal
replacement goes with word with highest weight
(Dong et al., 2021). However, this approach doesn’t
fit in the hierarchical tweet and word selection prob-
lem. For example, in order to select the optimal
target word, one need to sum over the embedding
of all words in the tweet, so the tweet collapses into
embedding for one hypothetical word. Similarly,
different tweets collapse to one hypothetical tweet,
or one hypothetical word when one jointly selects
tweets and words.

Joint optimization solver (JO). As a remedy,
we propose a joint optimization solver that com-
bines projected gradient descent and convex hull to
jointly optimize m, z and u. Replacement selec-
tion is optimized over the convex hull:

c′t = (1−m · z) · ct +m · z · conv(u, S(ct)),

where

conv(u, S(ct)) = {
∑

k

ûi,j,kS(wi,j,k),∀i, j},

and

ûi,j,k =
exp(ui,j,k)∑
k exp(ui,j,k)

.

The problem of (5) is then solved by optimizing
û. Unlike u, m and z are optimized directly via
projected gradient descent (PGD). Moreover, when
m is one-hot vector, it determines the tweets to be
retweeted, and those retweets are then added into
tweet collection. However,m is continuous during
optimization, so we retweet all the collected tweets
and add them into tweet collection, which helps
generate and back-propagate gradients for all the
entries ofm. After the optimization is solved, we
map the continuous solution into one-hot vector by
selecting top bs highest mi.

Alternating greedy optimization solver (AGO).
Greedy optimization is usually computational inef-
fective since a vast amount of inquiries is required
when we collect large amount of tweets and have
high attack budget. To mitigate the problem, we
alternate the optimization over m, z and u. The

aforementioned convex hull approach is adopted
for finding optimal u. The difference lies on the
path to solve tweet and word selection problems.
More specifically, we alternatively search the op-
timal target tweets and words which achieve the
highest increases in prediction loss. For tweet se-
lection, we mimic the physical attack scenario, and
new retweets are added into tweet collection during
the greedy search. Depending on the adversary’s
objective, different metrics may be used to mea-
sure the importance of each tweet and word. For
example, Alzantot et al. (2018) use predicting prob-
ability to determine the selection of words; Ren
et al. (2019) propose probability weighted word
saliency as criterion for word selection; Jin et al.
(2020) calculate the prediction change before and
after deletion as word importance.

B Experimental Settings

B.1 Dataset

We evaluate our adversarial attack on a stock predic-
tion dataset (Xu and Cohen, 2018). The dataset con-
tains both tweets and historical prices (e.g., open,
close, high, etc) for 88 stocks of 9 industries: Ba-
sic Materials, Consumer Goods, Healthcare, Ser-
vices, Utilities, Conglomerates, Financial, Indus-
trial Goods and Technology. Since we consider the
task of binary classification, data instances are sup-
posed to labelled positive and negative for upward
and downward movement respectively.

Moreover, it is observed that the dataset contains
a number of instances with exceptionally minor
price movements. In practice, minor movement
is hard to be monetized due to the existence of
transaction cost. Therefore, an upper threshold of
0.55% and a lower threshold of -0.5% are intro-
duced. Specifically, stocks going up more than
0.55% in a day are labeled as positive, those go-
ing down more than -0.5% are labeled as negative,
and the minor moves in between are filtered out.
As argued in (Xu and Cohen, 2018), the particular
thresholds are carefully selected to balance the two
classes.

In addition, the sampling period spans from
01/01/2014 to 01/01/2016. We split the dataset into
train and test set on a rolling basis. This special pro-
gram improves the similarity between distributions
of train set and test set, which is widely adopted on
temporal dataset. It leaves us 9416 train instances
and 1408 test instances in 7 nonconsecutive pe-
riods. For the text domain, the dataset contains
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57533 tweets in total.

B.2 Victim Models

Stocknet. A variational Autoencoder (VAE) that
takes both tweets and price as input (Xu and Cohen,
2018). Tweets are encoded in hierarchical manner
within days, and then modeled sequentially along
with price features. It consists of three main com-
ponents in bottom-up fashion. Market Information
Encoder first encodes tweets and prices to a latent
representation of 50 dimensions for each day. Vari-
ational Movement Decoder infers latent vectors
of 150 dimensions and then decodes stock move-
ments. At last, a module called Attentive Temporal
Auxiliary integrates temporal loss through an atten-
tion mechanism. We train the model on the dataset
from scratch with the same configurations as Xu
and Cohen (2018).

FinGRU. A binary classifier that takes numerical
features and tweets as input. All features are en-
coded sequentially by GRU (Cho et al., 2014) to ex-
ploit the temporal dependence. The model adopts
the same Market Information Encoder as Stock-
net. Latent representation of tweets and prices are
then fed into a layer of GRU with attention mech-
anism to integrate temporal information. We train
the model with an Adam optimizer (Kingma and
Ba, 2015) and learning rate of 0.005. The check-
point achieves the best performance on test dataset
among 100 epochs is adopted as the victim model.

FinLSTM. A binary classifier identical to Fin-
GRU, but utilizes LSTM (Hochreiter and Schmid-
huber, 1997) to encode temporal dependence. The
model is trained in the same manner as FinGRU.

B.3 Evaluation Metrics

Following Srikant et al. (2021), we evaulate the
attack on those examples in the test set that are cor-
rectly classified by the target models. It provides
direct evidence of the adversarial effect of the in-
put perturbation and the model robustness. In the
specific application of financial forecast, it makes
more sense to manipulate correct prediction than
incorrect ones. The following two common metrics
are adopted to evaluate attack performance.

Attack Success Rate. ASR is defined as the per-
centage of the attack efforts that make the vic-
tim model misclassify the instances that are origi-
nally correctly classified. Mathematically, ASR =

∑
t δ(ŷ

′
t 6=yt)∑

t δ(ŷt=yt)
, where ŷt is the unperturbed model pre-

diction, ŷ′t the model prediction with perturbation,
and yt the ground-truth label. ASR characterizes
the capability of the attack model, and higher the
ASR, the better the attack.

F1 Score. F1 gauges the prediction performance
of the victim models. Since we only consider the
samples that are correctly predicted, the F1 score in
the case of no attack is 1. Apparently, the drop of
the F1 score of caused by the perturbation demon-
strates the performance of the attack method. Un-
like ASR, the drops of F1 score gauge the direct
impact on the model performance: more successful
attack leads to lower post-attack F1 score.

Profit and Loss. This widely-used financial indi-
cator measures the profitability of a trading strategy.
Assume that the initial net values are $10K (100%),
accumulate profit and loss for each trade, we can
then calculate the final net value of the portfolio
and profit and loss. A binary financial forecast
model can be exploited in many ways, and sup-
port various trading strategies, which usually lead
to different PnLs. In this paper, we use a sim-
ple Long-Only Buy-Hold-Sell strategy (Sawhney
et al., 2021; Feng et al., 2019). More specifically,
we buy stock(s) on Day T if the model predicts
these stocks go up on Day T + 1, hold for one day,
and sell these stocks the next day no matter what
prices will be, and repeat it. We do not short a
stock even if the model predicts a negative move in
the second day.

Besides, when the model makes positive predic-
tion on more than one stocks, the money is evenly
invested to the stock pool of positive prediction.
For example, suppose that we stand on day 4 with
portfolio value $12K. If the model gives positive
prediction on 10 of 88 stocks for day 5, we invest
10% of the total wealth ($1.2K) to each stock, and
sell them at closing prices of day 5. The process
continues until the end of the test periods, and the
resulting net value of the portfolio is used to calcu-
late the profit and loss of the underlying model.

The buy-hold-sell strategy monetizes the pre-
diction performance of financial forecast models
by betting on the their predictions. The PnL re-
flects the profitability of the underlying models,
even if it is usually influenced by many other con-
founding factors. Most importantly, the changes of
PnLs caused by perturbation on the victim models
only gauge the monetary consequence of our attack,
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Model ASR(%) F1

NA RA JO AGO NA RA JO AGO
Stocknet 0 3.6 12.1 11.0 1 0.97 0.89 0.89
FinGRU 0 4.0 10.2 10.6 1 0.96 0.85 0.91
FinLSTM 0 11.9 12.1 11.6 1 0.89 0.89 0.89

Table 2: Results for concatenation attack with deletion perturbation and budgets 1. NA and RA stand for no attack
and random attack respectively, serving as benchmarks.
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Figure 5: Effect on Profit and Loss of various perturbation methods on FinGRU and FinLSTM.

since all else are equal.

C Supplemental Experiment Results

C.1 Replacement vs deletion perturbation.

We report results for concatenation attack with only
the replacement perturbation in the main text in
Table 1. Here we also report results for the dele-
tion perturbation in Table 2. Attacks conducted
via deletion perturbation in general perform worse
than the results of replacement perturbation. We
observe ASRs via JO and AGO fall by 5.1% and
4.1% respectively compared with the replacement
perturbation. Accordingly, F1 slightly increases as
attack performance worsens. There is no signifi-
cant difference between the two optimizers (JO and
AGO) in the case of deletion perturbation, but JO
is preferable in terms of optimization efficiency.

Moreover, we also simulate the trading profit and
loss based on FinGRU and FinLSTM. For the sake
of consistency, the two models are under concate-
nation attack with replacement perturbation. Same
as our main results, the attack is optimized by JO
solver. The simulation results are reported in Figure
5, which provides further evidence for the potential
monetary loss caused by our adversarial attack. Re-
placement perturbation again outperforms deletion
perturbation in the case of FinGRU and FinLSTM.

C.2 Effect of Iteration Number
We experiment with the optimizer to perform gra-
dient descent or greedy search for up to 10 rounds
before yielding the final solution. To visualize the
effect of iteration, we plot the loss trajectory and
ASR along with the optimization iterations in Fig-
ure 6. We also collect the average model loss of
attack instances at each iteration, and then normal-
ize the loss to set the initial loss as 1. Therefore,
the loss trajectory visualization reveals the percent-
age loss drop during the optimization. We consider
two different perturbations (replacement and dele-
tion) under concatenation attacks. The attack is
optimized with the JO solver.

The three charts on the first row of Figure 6
show that optimizations on all three victim models
quickly converge after 4 iterations in our experi-
ment. Accordingly, ASRs rise gradually during the
first 4 iterations, but then flattens or even slides
afterward. Such results suggest that our solvers can
find the convergence in just a few iterations. There-
fore, it makes our attack computationally effective,
and insensitive to hyperparameter of iteration num-
ber.

D Regularization on Attack Loss.

The experiment results reported in the main text
are generated with the sparsity regularization. We
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the loss trajectory during optimization for the three victim models, and the bottom row reports the ASRs trajectory.
The legends for the bottom-row charts read as (tweet budget, word budget).

also run ablation experiments that remove sparsity
regularization. The results are consistent with our
conclusion. Furthermore, inspired by (Srikant et al.,
2021), we try smoothing attack loss to stabilize the
optimization. We add Gaussian noise to optimiza-
tion variables and evaluate the attack 10 times. The
loss average is then used as the final loss for back-
propagation. The results show that loss smoothing
does not contribute to attack performance in our
experiment as it does in Srikant et al. (2021).

E Attack Word Analysis

To qualitatively understand what kinds of words
and tweets are being selected in the perturbation
and retweet, we compare our tweet corpus and
the selected word replacements with 15 corpora of
different genres in Brown corpus via Linguistic In-
quiry and Word Count program (LIWC) (Tausczik
and Pennebaker, 2010). As Brown corpus does
not have a financial genre, we also use Financial
Phrase Bank (Malo et al., 2014). We then run K-
means clustering on these 18 corpora based on the
feature matrix from LIWC. As shown in Figure 7,
financial corpora (red), Brown general word corpus
(green), and attack words (blue) are grouped into
three clusters, indicating the inherent difference of
those text genres. Moreover, we observe that target
words identified by our solvers (red “tweet” and
blue “attack words” dots) are closer to financial
corpora than “random attack words”.
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Figure 7: Corpora clusters. 18 corpora are grouped into
3 clusters based on features from LIWC. In order to
visualize the clusters, principal component analysis is
applied to the features to find the first 2 principal com-
ponents, which are then used as x-axis and y-axis to
generate this figure.

F Example of Adversarial Retweet

Table 3 reports 10 adversarial retweets generated in
concatenation attack mode with JO and AGO solver
and replacement perturbation. For all the examples,
the victim model predicts positive outcomes orig-
inally, and but predicts negative outcomes after
adding the adversarial retweet.
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Adversarial Retweets Generated by AGO
Benign tweet: $BHP announces the demerger of its non-core assets - details expected to be
filled in on Tuesday.
Adversarial retweet: $BHP announces the demerger of its non-core assets - details expected
to be exercised in on Tuesday
Benign tweet: Mover and Shakers... Losers- $KO $ABX $DD. Winners- $LAND $CHL
$BHP.
Adversarial retweet: Shoulder and Shakers... Losers- $KO $ABX $DD. Winners- $LAND
$CHL $BHP.
Benign tweet: Latest information on #stocks like $TDS $DIS $CPWR $BLOX Give it a try.
Adversarial retweet: Latest advance on #stocks like $TDS $DIS $CPWR $BLOX Give it a
try.
Benign tweet: Top Buy Stocks for July 29: $AMX, $EXC, $NLY, $ORCL, $XRX.
Adversarial retweet: Top unsettled Stocks for July 29: $AMX, $EXC, $NLY, $ORCL, $XRX.
Benign tweet: $JKHY #Stocks you might want to buy $HRS $SRCL $PCLN #singedinvestor.
Adversarial retweet: $JKHY #Stocks you might confirm to buy $HRS $SRCL $PCLN
#singedinvestor.
Adversarial Retweets Generated by JO
Benign tweet: #Stocks you migh want to Sell $CERN $CAT $PX $DO Try this http://t.co/
95PUim108L.
Adversarial retweet: #Stocks you migh announce to Sell $CERN $CAT $PX $DO Try this
http://t.co/95PUim108L.
Benign tweet: The Most Accurate Stock Alert Service Made $240,000 Yesterday http://t.co/
8WvnrVmkBS .. $SNY $SO $SOL.
Adversarial retweet: The Most Accurate Stock preserving Service Made $240,000 Yesterday
http://t.co/8WvnrVmkBS .. $SNY $SO $SOL.
Benign tweet: Is it breakout time on $HON $CF $LEG $IBM Give it a try.
Adversarial retweet: Is it appealing time on $HON $CF $LEG $IBM Give it a try.
Benign tweet: Latest information on #stocks like $PETM $UTX $BRCD $CI #moneymanage-
ment.
Adversarial retweet: Latest discovery on #stocks like $PETM $UTX $BRCD $CI #money-
management.
Benign tweet: $BABA actually showing signs of life...would love a move back toward 90
although seems unlikely at moment.
Adversarial retweet: $BABA actually showing signs of life...would love a move back toward
90 although seems unlikely at playday.

Table 3: Ten examples of adversarial retweets generated by the concatenation attack
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Abstract

Multilingual Neural Machine Translation
(MNMT) enables one system to translate
sentences from multiple source languages
to multiple target languages, greatly re-
ducing deployment costs compared with
conventional bilingual systems. The MNMT
training benefit, however, is often limited to
many-to-one directions. The model suffers
from poor performance in one-to-many and
many-to-many with zero-shot setup. To
address this issue, this paper discusses how to
practically build MNMT systems that serve
arbitrary X-Y translation directions while
leveraging multilinguality with a two-stage
training strategy of pretraining and finetuning.
Experimenting with the WMT’21 multilingual
translation task, we demonstrate that our sys-
tems outperform the conventional baselines of
direct bilingual models and pivot translation
models for most directions, averagely giving
+6.0 and +4.1 BLEU, without the need for
architecture change or extra data collection.
Moreover, we also examine our proposed
approach in an extremely large-scale data
setting to accommodate practical deployment
scenarios.

1 Introduction

Multilingual Neural Machine Translation (MNMT),
which enables one system to serve translation for
multiple directions, has attracted much attention
in the machine translation area (Zoph and Knight,
2016; Firat et al., 2016). Because the multilingual
capability hugely reduces the deployment cost at
training and inference, MNMT has actively been
employed as a machine translation system back-
bone in recent years (Johnson et al., 2017; Hassan
et al., 2018).

Most MNMT systems are trained with multiple
English-centric data for both directions (e.g., En-
glish→ {French, Chinese} (En-X) and {French,

∗Equal contributions.

Chinese}→ English (X-En)). Recent work (Gu
et al., 2019; Zhang et al., 2020; Yang et al., 2021b)
pointed out that such MNMT systems severely
face an off-target translation issue, especially in
translations from a non-English language X to an-
other non-English language Y. Meanwhile, Fre-
itag and Firat (2020) have extended data resources
with multi-way aligned data and reported that one
complete many-to-many MNMT can be fully su-
pervised, achieving competitive translation perfor-
mance for all X-Y directions. In our preliminary
experiments, we observed that the complete many-
to-many training is still as challenging as one-to-
many training (Johnson et al., 2017; Wang et al.,
2020), since we have introduced more one-to-many
translation tasks into the training. Similarly re-
ported in the many-to-many training with zero-shot
setup (Gu et al., 2019; Yang et al., 2021b), the com-
plete MNMT model also suffers from capturing
correlations in the data for all the X-Y directions
as one model training, due to highly imbalanced
data.

In this paper, we propose a two-stage training
for complete MNMT systems that serve arbitrary
X-Y translations by 1) pretraining a complete mul-
tilingual many-to-many model and 2) finetuning
the model to effectively transfer knowledge from
pretraining to task-specific multilingual systems.
Considering that MNMT is a multi-task learner
of translation tasks with “multiple languages”, the
complete multilingual model learns more diverse
and general multilingual representations. We trans-
fer the representations to a specifically targeted task
via many-to-one multilingual finetuning, and even-
tually build multiple many-to-one MNMT models
that cover all X-Y directions. The experimental re-
sults on the WMT’21 multilingual translation task
show that our systems have substantial improve-
ment against conventional bilingual approaches and
many-to-one multilingual approaches for most di-
rections. Besides, we discuss our proposal in the
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Figure 1: Average translation performance of our systems in the WMT’21 large-scale multilingual translation
Task 1 (top) and Task 2 (bottom), with the respective average improvement of (12E6D, 12E6D+FT, 24E12D,
24E12D+FT) = (+3.6, +4.7, +5.0, +6.0) and (+2.0, +2.9, +3.2, +4.1) against the bilingual baseline (“Bi”) and the
pivot translation baselines (“Pivot”). “12E6D/24E12D” denote our two settings, with “+FT” suffix for finetuned
systems.

light of feasible deployment scenarios and show
that the proposed approach also works well in an
extremely large-scale data setting.

2 Two-Stage Training for MNMT Models

To support all possible translations with |L| lan-
guages (including English), we first train a com-
plete MNMT system on all available parallel data
for |L| × (|L| − 1) directions. We assume that
there exist data of (|L| − 1) English-centric lan-
guage pairs and remaining (|L|−1)×(|L|−2)

2 non-
English-centric language pairs, which lets the sys-
tem learn multilingual representations across all |L|
languages. Usually, the volume of English-centric
data is much greater than non-English-centric one.
Then, we transfer the multilingual representations
to one target language L by finetuning the system
on a subset of training data for many-to-L direc-
tions (i.e., multilingual many-to-one finetuning).
This step leads the decoder towards the specifically
targeted language L rather than multiple languages.
As a result, we obtain |L| multilingual many-to-
one systems to serve all X-Y translation directions.
We experiment with our proposed approach in the
following two settings: 1) WMT’21 large-scale
multilingual translation data with 972M sentence
pairs and 2) our in-house production-scale dataset
with 4.1B sentence pairs.

3 WMT’21 Multilingual Translation
Task

We experiment with two small tasks of the
WMT’21 large-scale multilingual translation task.
The tasks provide multilingual multi-way parallel
corpora from the Flores 101 data (Wenzek et al.,
2021). The parallel sentences are provided among
English (en), five Central and East European lan-
guages of {Croatian (hr), Hungarian (hu), Esto-
nian (et), Serbian (sr), Macedonian (mk)} for the
task 1, and five Southeast Asian languages of {Ja-
vanese (jv), Indonesian (id), Malay (ms), Tagalog
(tl), Tamil (ta)} for the task 2. We removed sen-
tence pairs either of whose sides is an empty line,
and eventually collected the data with (English-
centric, Non-English-centric)=(321M, 651M) sen-
tence pairs in total. The data size per direction
varies in a range of 0.07M-83.9M. To balance
the data distribution across languages (Kudugunta
et al., 2019), we up-sample the low-resource lan-
guages with temperature=5. We append language
ID tokens at the end of source sentences to specify
a target language (Johnson et al., 2017). We tok-
enize the data with the SentencePiece (Kudo and
Richardson, 2018) and build a shared vocabulary
with 64k tokens.

We train Transformer models (Vaswani et al.,
2017) consisting of a m-layer encoder and n-layer
decoder with (hidden dim., ffn dim.) =(768, 3072)
in a complete multilingual many-to-many fash-
ion. We have two settings of (m, n) = (12, 6)
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model en hu hr sr et id ms tl mk jv ta avg.
Bilingual 30.4 19.5 23.9 16.7 19.4 20.9 17.6 13.0 24.1 1.2 1.8 17.1
Pivot-based 30.4 19.7 23.6 17.6 19.1 19.5 21.8 14.1 23.6 3.5 5.4 18.0
Many-to-one 32.9 20.8 24.0 17.4 19.8 25.3 20.3 16.6 25.0 1.5 5.1 19.0
Ours: Pretrained 32.0 18.9 23.4 15.6 19.0 28.6 26.5 21.1 26.2 10.8 8.1 20.9
+ finetuning 33.2 19.8 23.8 19.5 19.8 30.0 27.3 21.9 26.8 11.2 8.7 22.0
Data size (M) 321 172 141 123 85 63 20 19 18 5 4 –

Table 1: Average sacreBLEU scores for many-to-L directions on both Task 1 and 2, and the data statistics of the
corresponding L-centric training data (L={en, hu, hr, sr, et, id, ms, tl, mk, jv, ta}). All the multilingual systems
including many-to-one baselines and the proposed model are 12E6D. Note that the “Pivot-based" system for many-
to-English directions is identical to “Bilingual".

for “12E6D” and (24, 12) for “24E12D” , to learn
diverse multilingual dataset. The model param-
eters are optimized by using RAdam (Liu et al.,
2020) with an initial learning rate of 0.025, and
warm-up steps of 10k and 30k for the 12E6D and
24E12D model training, respectively. The systems
are pretrained on 64 V100 GPUs with a mini-batch
size of 3072 tokens and gradient accumulation of
16. After the pretraining, the models are finetuned
on a subset of X-L training data. We finetune the
model parameters gently on 8 V100 GPUs with
the same mini-batch size, gradient accumulations,
and optimizer with different learning rate schedul-
ing of (init_lr, warm-up steps)=({1e-4, 1e-5, 1e-6},
8k). The best checkpoints are selected based on
development loss. The translations are obtained
by a beam search decoding with a beam size of 4,
unless otherwise stated.

Baselines For system comparison, we build three
different baselines: 1) direct bilingual systems, 2)
pivot translation systems via English (only applica-
ble for non-English X-Y evaluation) (Utiyama and
Isahara, 2007), and 3) many-to-one multilingual
systems with the 12E6D architecture. The bilin-
gual and pivot-based baselines employ the Trans-
former base architecture. The embedding dimen-
sion is set to 256 for jv, ms, ta, and tl, because of the
training data scarcity. For the X-Y pivot translation,
a source sentence in language X is translated to En-
glish with a beam size of 5 by the X-En model,
then the best output is translated to the final target
language Y by the En-Y model.

Results All results on the test sets are displayed
in Figure 1 and Table 1, where we report the
case-sensitive sacreBLEU score (Post, 2018) for
translation accuracy. Overall, our best systems
(“24E12D+FT") are significantly better by ≥ +0.5

sacreBLEU for 83% and 88% directions against the
bilingual baselines and the pivot translation base-
lines, respectively. In Table 1, we present the av-
erage sacreBLEU scores for many-to-L directions,
showing that our proposed approach successfully
achieved the best performance in most targeted
languages. Compared to the many-to-one multilin-
gual baselines, the proposed approach of utilizing
the complete MNMT model transfers multilingual
representations more effectively to the targeted
translation directions, as the L-centric data size
are smaller. We also note that the winning system
of the shared task achieved (task1, task2)=(37.6,
33.9) BLEU with a 36-layer encoder and 12-layer
decoder model (Yang et al., 2021a) that is pre-
trained on extra language data including parallel
and monolingual data, while our best system with
a 24-layer encoder and 12-layer decoder obtained
(task1, task2)=(25.7, 22.8) sacreBLEU, without
using those extra data.

4 In-house Extremely Large-Scale
Setting

Deploying a larger and larger model is not always
feasible. We often have limitations in the computa-
tional resources at inference time, which leads to a
trade-off problem between the performance and the
decoding cost caused by the model architecture. In
this section, we validate our proposed approach in
an extremely large-scale data setting and also dis-
cuss how we can build lighter NMT models without
the performance loss, while distilling the proposed
MNMT systems (Kim and Rush, 2016). We briefly
touch the following three topics of 1) multi-way
multilingual data collection, 2) English-centric vs.
multi-centric pretraining for X-Y translations, and
3) a lighter NMT model that addresses the trade-
off issue between performance and latency. Then,
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xx-de xx-fr xx-es xx-it xx-pl
Pivot-based baselines 35.7 39.8 38.0 33.0 26.2
Pretrained model on en-xx data 14.2 33.1 — — —
+ Many-to-one multilingual finetuning 36.6 41.3 — — —
Pretrained model on {en, de, fr}-xx data 37.5 42.1 20.0 16.6 11.1
+ Many-to-one multilingual finetuning 38.3 42.6 39.3 34.6 28.3

Table 2: Average sacreBLEU scores of the proposed two-stage MNMT training for the many-to-one directions,
with the English-centric pretrained model and the multi-centric model pretrained on {en, de, fr}-xx data.

we report the experimental results in the extremely
large-scale setting.

Multilingual Data Collection We build an ex-
tremely large-scale data set using our in-house
English-centric data set, consisting of 10 European
languages, ranging 24M-192M sentences per lan-
guage. This contains available parallel data and
back-translated data between English and {German
(de), French (fr), Spanish (es), Italian (it), Polish
(pl), Greek (el), Dutch (nl), Portuguese (pt), and Ro-
manian (ro)}. From these English-centric corpora,
we extract a multi-way multilingual X-Y data, by
aligning En-X and En-Y data via pivoting English.
Specifically, we extracted {de, fr, es, it, pl}-centric
data and concatenate them to the existent direct
X-Y data, providing 78M-279M sentence pairs per
direction. Similarly as in Section 3, we build a
shared SentencePiece vocabulary with 128k tokens
to address the large-scale setting.

En-centric vs Multi-centric Pretraining In a
large-scale data setting, a question might come
up; Which pretrained model provides generalized
multilingual representations to achieve better X-Y
translation quality? Considering English is often
a dominant text data, e.g., 70% tasks are English-
centric in the WMT’21 news translation task, the
model supervised on English-centric corpora might
learn representations enough to transfer for X-Y
translations. To investigate the usefulness of the
multi-centric data training, we pretrain our Trans-
former models with deeper 24-12 layers described
in Section 3, on the English-centric data and the
L-centric data (L={en,de,fr}), individually. After
pretraining, we apply the multilingual many-to-one
finetuning with a subset of the training data and
evaluate each system for the fully supervised X-Y
directions, i.e., xx-{en,de,fr}, and the partially
supervised X-Y directions, i.e., xx-{es,it,pl}.
We followed the same training and finetuning set-
tings as described in Section 3, unless otherwise

stated.

MNMT with Light Decoder At the practical
level, one drawback of the large-scale models
would be latency at inference time. This is mostly
caused by the high computational cost in the de-
coder layers due to auto-regressive models and the
extra cross-attention network in each block of the
decoder. Recent studies (Kasai et al., 2021; Hsu
et al., 2020; Li et al., 2021) have experimentally
shown that models with a deep encoder and a shal-
low decoder can address the issue, without los-
ing much performance. Fortunately, such an archi-
tecture also satisfies demands of the many-to-one
MNMT training, which requires the encoder net-
works to be more complex to handle various source
languages. To examine the light NMT model archi-
tecture, we train the Transformer base architecture
modified with 9-3 layers (E9D3) in a bilingual set-
ting and compare it with a standard Transformer
base model, with 6-6 layers (E6D6), as a baseline.
Additionally, we also report direct X-Y translation
performance, when distilling the best large-scale
MNMT models alongside the light NMT models
as a student model. More specifically, following
Kim and Rush (2016), we train light NMT student
models (E9D3) that serve many-to-L translations
(L={de, fr, es, it, pl}).

Results Table 2 reports average sacreBLEU
scores for many-to-one directions in our in-house
X-Y test sets. For the xx-{de,fr} directions,
the proposed finetuning helps both English-centric
and multi-centric pretrained models to improve the
accuracy. Overall, the finetuned multi-centric mod-
els achieved the best, largely outperforming the
English pivot-based baselines by +2.6 and +2.8
points. For the comparison among the multilingual
systems, the multi-centric model without finetun-
ing already surpasses the finetuned English-centric
systems with a large margin of +0.9 and +0.8 points
for both xx-{de,fr} directions. This suggests
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Figure 2: The BLEU score and latency in milliseconds
of standard (E6D6) and light (E9D3) architecture.

that, by pretraining a model on more multi-centric
data, the model learns better multilinguality to
transfer. For the xx-{es,it,pl} directions1,
the fineutned multi-centric systems gain similar ac-
curacy improvement, averagely outperforming the
conventional pivot-based baselines.

Figure 2 shows the effectiveness of our light
NMT model architecture for five bilingual En-X
directions, reporting the translation performance
in sacreBLEU scores and the latency measured on
CPUs. Our light NMT model (E9D3) successfully
achieves almost 2x speed up, without much drop
of the performance for all directions. Employing
this light model architecture as a student model,
we report the distilled many-to-one model perfor-
mance in Table 3, measured by sacreBLEU and
COMET scores (Rei et al., 2020). For consistent
comparison, we also built English bilingual base-
lines (E6D6) that are distilled from the bilingual
Teachers, then we obtained the English pivot-based
translation performance. For all the many-to-L di-
rections (L={de,fr,es,it,pl}), the light NMT models
that are distilled from the best MNMT models show
the best performance in both metrics. Besides that,
we also note that our direct X-Y light NMT sys-
tems successfully save the decoding cost with 75%
against the pivot translation2.

1Most are zero-shot directions such as “Greek-to-Spanish”.
2The light NMT model halves the latency against the base-

line system, as shown in in Figure 2 and needs to be run
once. On the other hand, the pivot-based baseline systems
via English need to translate twice for X-Y directions (e.g.,
German-to-English and English-to-French translations for a
German-French direction).

Models BLEU COMET

xx-de Pivot-based baselines 38.1 60.8
Ours 39.5 67.2

xx-fr Pivot-based baselines 41.5 69.3
Ours 42.9 73.2

xx-es Pivot-based baselines 37.4 73.9
Ours 38.0 74.4

xx-it Pivot-based baselines 32.6 77.2
Ours 33.7 80.9

xx-pl Pivot-based baselines 26.7 77.8
Ours 28.0 88.5

Table 3: Average direct X-Y translation performance of
our proposed light NMT models. All “Our” NMT sys-
tems employ the light models (E9D3) that are distilled
from the best systems reported in Table 2.

5 Conclusion

This paper proposes a simple but effective two-
stage training strategy for MNMT systems that
serve arbitrary X-Y translations. To support transla-
tions across languages, we first pretrain a complete
multilingual many-to-many model, then transfer
the representations via finetuning the model in a
many-to-one multilingual fashion. In the WMT’21
translation task, we experimentally showed that the
proposed approach substantially improve transla-
tion accuracy for most X-Y directions against the
strong conventional baselines of bilingual systems,
pivot translation systems, and many-to-one multi-
lingual systems. We also examined the proposed
approach in the extremely large-scale setting, while
addressing the practical questions such as multi-
way parallel data collection, the usefulness of mul-
tilinguality during the pretraining and finetuning,
and how to save the decoding cost, achieving the
better X-Y quality.
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Abstract

Variational Autoencoder (VAE) is an effective
framework to model the interdependency for
non-autoregressive neural machine translation
(NAT). One of the prominent VAE-based NAT
frameworks, LaNMT, achieves great improve-
ments to vanilla models, but still suffers from
two main issues which lower down the transla-
tion quality: (1) mismatch between training and
inference circumstances and (2) inadequacy of
latent representations. In this work, we target
on addressing these issues by proposing pos-
terior consistency regularization. Specifically,
we first perform stochastic data augmentation
on the input samples to better adapt the model
for inference circumstance, and then conduct
consistency training on posterior latent vari-
ables to construct a more robust latent repre-
sentations without any expansion on latent size.
Experiments on En<->De and En<->Ro bench-
marks confirm the effectiveness of our methods
with about 1.5/0.7 and 0.8/0.3 BLEU points
improvement to the baseline model with about
12.6× faster than autoregressive Transformer.

1 Introduction

Neural Machine Translation (NMT) achieves great
success in recent years, and typical sequence-to-
sequence frameworks like Transformer (Vaswani
et al., 2017) achieved state-of-the-art performance
on the task of NMT. In this framework, source
sentences are translated in an autoregressive (AT)
manner where each token is generated depend-
ing on previously generated tokens. Inevitably,
such sequential decoding strategy results in a high
inference latency. To alleviate this issue, Non-
autoregressive translation (NAT; Gu et al., 2018)
was proposed to speed-up decoding procedure by
generating target tokens in parallel. However,
the translation quality of vanilla NAT is compro-
mised, one of the most significant problems is
multi-modality and it usually results in multiple
translation results, duplicate or missing words in

target sentences of NAT models (Gu et al., 2018).
This situation results from the conditional indepen-
dence proposed by NAT, since models are trained
to maximize the log-probability of target tokens at
each position while the interdependency is omitted.

The key to alleviate the multi-modality issue is
to model the dependency information of targets
implicitly or explicitly so decoder can easily learn
and capture the information between target tokens
and generate more accurate translations. For exam-
ple, Ghazvininejad et al. (2019) and (2020b) model
the target dependency by providing observed tar-
get tokens in training and performing iterative in-
ference. Ran et al. (2021) generates intermediate
representations by permuting the source sentences
in the target order. Libovickỳ and Helcl (2018),
Shao et al. (2020) and Ghazvininejad et al. (2020a)
model the target dependency by introducing objec-
tive functions with alignment. Guo et al. (2020) and
Wang et al. (2019) improve the translation quality
by proposing additional regularizations. Zhou and
Keung (2020) and Liu et al. (2021) utilize the exter-
nal information like monolingual data or semantic
structure to help the training.

Previous studies have validated the effective-
ness of applying VAE on AT (Zhang et al. 2016;
McCarthy et al. 2019; Su et al. 2018) and NAT
(Kaiser et al. 2018; Shu et al. 2020) frameworks.
A prominent NAT model is LaNMT1(Shu et al.,
2020) which encodes the source and target tokens
into intermediate Gaussian distribution latent vari-
ables and outperforms vanilla NAT with about 5.0
BLEU points on WMT14 En-De task with 12.5×
speedup to base Transformer. However, there exists
a slight lag behind the state-of-the-art fully NAT
models. It may be attributed to two reasons: (1)
The inadequate representations of latent variables.
Figure 1 shows the effect of latent size to translation
qualities. Obviously, the optimal capacity of latent
variables is significantly lower than the model’s hid-

1https://github.com/zomux/lanmt
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Figure 1: Effect of latent size. Values are obtained by
our experiments on WMT14 En-De benchmark

den size (512) while high-capacity latent variables
conversely deteriorate the performance because the
minimization between prior and posterior becomes
difficult (Shu et al., 2020). (2) The mismatch be-
tween training and inference circumstances that the
posterior module receives the gold sentence as in-
puts during training but imperfect initial translation
instead during inference. Thus, in this paper, we
aim to improve the robustness of the latent repre-
sentation and move the training circumstance close
to inference circumstance.

To this end, we propose a consistency regular-
ized posterior network for better latent represen-
tations and closer training-inference circumstance
with no extended latent size. Specifically, it can be
split into two main steps: we first apply stochas-
tic data augmentation methods to inject stochastic
noises in posterior inputs x and y to get two dif-
ferent views (x1, y1) and (x2, y2), which are then
transformed to corresponding latent variables z1,
z2 by the posterior network. Secondly, the con-
sistency regularization step tries to minimise the
gap between z1 and z2 since they are derived from
the same pair of input x and y. These two steps
enable the sequences better represented by the size-
limited latent variables which is trained to be more
robust to the noises in input samples. Meanwhile,
posterior module receives noisy views instead of
gold samples during training, it is more adaptive to
the inference time which receives imperfect initial
translations as inputs.

We verified the performance and effective-
ness of our methods on WMT14 En<->De and
WMT16 En<->Ro benchmarks. Our methods out-
perform the latent variable baseline with about

1.5/0.7 and 0.8/0.3 BLEU points improvement on
four benchmarks. With these improvements, we
achieve the comparable performance to the state-
of-the-art fully NAT approaches: 25.65/30.23 and
31.56/31.20 of BLEU scores with similar decoding
speed, and it can be improved further with latent
search. The contributions of our work can be sum-
marized as follows:

• For better latent representations, we propose
consistency regularization optimized posterior
network, which improves the translation qual-
ity by training more robust latent variables to
noises.

• We apply four data augmentation methods to
cooperate with posterior consistency regular-
ization, where all of them are also benefit to
the translation quality by alleviating the mis-
match between training and inference circum-
stances.

• We show our strategy is capable of improv-
ing the translation quality of the base latent-
variable NAT model to be comparable with
the state-of-the-art fully NAT frameworks.

2 Background

2.1 Non-Autoregressive Translation
Traditional sequence-to-sequence NMT models
generate target sentences in an autoregressive man-
ner. Specifically, given a source sentence x, AT
frameworks model the conditional probability of
y = {y1, y2, · · · , yly} by the following form:

log p(y|x) =
ly∑

i=1

log p(yi|y<i, x) (1)

where y<i indicates the target tokens already gener-
ated before yi. Hence, the target tokens are gener-
ated sequentially which results in a high decoding
latency. To alleviate this issue, vanilla NAT (Gu
et al., 2018) breaks the conditional dependency by
conditional independence assumption so that all
tokens can be generated independently. Following
its probability form:

log p(y|x) =
ly∑

i=1

log p(yi|x) (2)

where each target token yi now only depends on
the source sentence x. Benefit from the parallel
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computing capability of hardware accelerators like
GPU or TPU, all tokens can be generated with one
iteration in an ideal circumstance.

2.2 Latent-Variable Model
We mainly focus on performing optimization on the
variational NAT framework proposed by Shu et al.
(2020). The network architecture is constructed
by four main components. An encoder pω(z|x)
encodes the source representation of input x and
computes the prior latent variable. An approxi-
mate posterior network qϕ(z|x, y) accepts both the
source sentence x and target sentence y as the in-
put and computes the posterior latent variable. A
length predictor p(ly|z) predicts the length of tar-
get sentence y, and finally a decoder pθ(y|x, z, ly)
with a length transform module to transform the
latent variables z to the target length ly at first and
reconstruct y from z with the source representa-
tions of x. Note that the ly here is the gold length
in training. Hence, the training objective is aiming
to maximize the evidence lowerbound (ELBO):

L(x, y) = Ez∼qϕ [log pθ(y|x, z)]
−KL [qϕ(z|x, y)| |pω(z|x)]

pθ(y|x, z) = pθ(y|x, z, ly)p(ly|z)
(3)

where the latent variables z is constrained with
the same length as x and the value is modeled
as spherical Gaussian distribution. KL denotes
Kullback-Leibler divergence.

2.3 Consistency Regularization
Consistency regularization is considered as an ef-
fective method on semi-supervised learning to cap-
ture the potential features from unlabeled samples
(Sajjadi et al., 2016; Laine and Aila, 2017; Tar-
vainen and Valpola, 2017; Xie et al., 2020). It
is also utilized as a complementary regularization
tool with other regularization methods to prevent
model from overfitting (Liang et al., 2021). In a
nutshell, consistency regularization assumes a well
trained model should be robust enough to any small
changes in the input samples or hidden states and
generate invariant outputs (Xie et al., 2020). To
this end, it regularizes model’s final outputs to be
invariant to input samples with small stochastic
noises injected by minimizing the gap between two
augmented views of one sample.

In this paper, we focus on the posterior module
of the variational framework and apply consistency
regularization on it instead of the whole network.

length predictor

linear

self-attention

feedforward

self-attention

feedforward

cross-attention

self-attention

feedforward

linear

self-attention

feedforward

cross-attention

length transform

linear

stochastic data augmentation

x y

x1 x2 y1 y2x

pω(z|x)

w/ gold ly

qφ(z1|x1,y1)

w/ gold ly

qφ(z2|x2,y2)

p(ly|z1) p(ly|z2)

pθ(y|z1,x,ly) pθ(y|z2,x,ly)

xN xM xM

xN

Figure 2: The overall pipeline of training with posterior
consistency regularization

Along with data augmentation for noise injection,
consistency regularization is capable to improve the
representation of this module and result in better
translation quality.

3 Approach

The posterior module is considered to train with
consistency regularization and data augmentation
for better translation quality. In this section, we
will introduce the details of our method, including
the overall network architecture, the objective and
procedure of training with consistency regulariza-
tion, four data augmentation methods and three
decoding strategies applied for inference.

3.1 Model Architecture
We follow the variational model architecture pro-
posed by Shu et al. (2020) with four main com-
ponents: encoder, posterior, length predictor and
decoder module. Since we apply consistency reg-
ularization on the posterior, an additional stochas-
tic data augmentation module is added for noise
injection on posterior input samples. With two aug-
mented views derived from one sample, each sam-
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ple thus appears twice in a training batch. Figure
2 shows the brief model architecture and training
pipeline of our work. The part in the dashed box is
the major difference to the base model.

3.2 Posterior Consistency Regularization
As discussed above, consistency regularization is
applied on the posterior module to improve its ro-
bustness. Given a training sample with a pair of
source sentence x with lx tokens and target sen-
tence y with ly tokens, we first apply data aug-
mentation on both x and y twice to inject stochas-
tic noises and obtain two different views (denoted
as x1, y1 and x2, y2). Both views are forwarded
to the posterior network qϕ(z|x, y) to predict the
mean and variance vectors of two latent variables
z1 and z2. Since the latent variables derive from the
same input sample, the consistency regularization
method tries to minimize the difference between
these two latent variables by measuring bidirec-
tional KL-divergence as follows:

Lcons =
1

2
(KL(z1||z2) + KL(z2||z1)),

z1 = qϕ(Z|X = x1, Y = y1),

z2 = qϕ(Z|X = x2, Y = y2)

(4)

Combining with the basic negative log-likelihood
(NLL) objective on the decoder, since there are two
different z for the same sample, it is evaluated by
averaging them:

Lnll = −
1

2
(log pθ(y|x, z1, ly) + log pθ(y|x, z2, ly))

(5)

Note that the gold length ly of target sentence y is
used which is known during training. Similarly, the
objective of the length predictor is calculated by:

Llen = −1

2
(log p(ly|z1) + log p(ly|z2)) (6)

To back propagate the gradient information from
the decoder and length predictor to posterior, repa-
rameterization trick is applied to sample z from
qϕ where z = µ + θ ∗ N (0, 1) in Eq.(6) and (5).
Here, µ and θ indicate mean and variance vector.
For encoder, it not only generates representations
of source sentence x but also computes the prior
latent variables. Thus, we close the KL-divergence
between prior and two posterior latent variables by:

Lprior =
1

2
(KL(z1||zp) + KL(z2||zp)) (7)

where zp = pω(Z|X = x), z1 and z2 are obtained
from (4). Finally, to achieve the similar goal of
maximizing (3), we minimize the loss function by
combining (4), (5), (6) and (7) as follows:

Lloss = Lnll + Llen + Lprior + αLcons (8)

where α here is the only hyperparameter to weight
the consistency regularization loss.

3.3 Data Augmentation Methods
Given an embedding matrix RL×d with L tokens
embedded into d-dimensions vectors, to generate
different views for the posterior network inputs and
perform posterior consistency regularization, as
well as to close the gap between training and infer-
ence circumstances, we explore four data augmen-
tation methods for this purpose including dropout,
feature cutoff, token cutoff and replacement as pre-
sented in Figure 3.

Dropout Dropout (Srivastava et al., 2014) is
widely used as a regularization method to prevent
neural networks from overfitting. But in this paper,
we found that it is also an effective data augmen-
tation method for noise injection. Specifically, we
randomly choose values on token embeddings by a
specific proportion and force them to zero.

Cutoff This is a simple but effective augmenta-
tion method proposed by Shen et al. (2020). The
cutoff methods we adopt include token cutoff and
feature cutoff. For token cutoff, a specific propor-
tion of tokens are chosen from the token dimension
L and dropped by setting the vectors to zero. For
feature cutoff, the dropped values are chosen from
feature dimension d instead.

Replacement This is similar to the token replace-
ment adopted by BERT pre-training (Devlin et al.,
2019) where the chosen token vectors are replaced
by the embedding of new tokens that randomly se-
lected from the vocabulary instead of setting them
to zero or any special tokens directly.

3.4 Decoding Strategies
Non-refinement For this strategy, we completely
follow the original design (Shu et al., 2020) where
the posterior network is discarded since the target
sentence y is unknown during inference. The fore-
most step is to obtain the representations of x and
the prior latent variable z from encoder with source
input x. The latent variable is then used to deter-
mine the target length and generate target sentence.
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Figure 3: Four stochastic data augmentation methods we used for noise injection

Note that to avoid randomness during inference, z
is set to its mean value µ instead of reparameteriza-
tion sampling. This can be summarized as follows:

µ0 = Epω(z|x)[z],
ly0 = argmax

ly

p(ly|z = µ0),

y0 = argmax
y

pθ(y|x, ly0 , z = µ0)

(9)

Deterministic Refinement The posterior net-
work qϕ can be reused to take refinement on the
initial output y0 above. According to Shu et al.
(2020), its original design allows multi-step itera-
tive refinement for more precise translations, but
sacrifices huge cost in decoding speed for a tiny
quality improvement. Thus, we consider one-step
only refinement in this paper:

µ1 = Eqϕ(z|x,y0)[z],
ly1 = argmax

ly

p(ly|z = µ1),

y1 = argmax
y

pθ(y|x, ly1 , z = µ1)

(10)

Here the y1 is the final output after refinement.

Latent Search Since reparameterization is dis-
abled in above two strategies to generate determin-
istic results, it is also able to search the best latent
variable from Gaussian distribution. Specifically,
m prior latent variables are sampled by reparam-
eterization and decoded in parallel, result in m
target candidates for each source sentence. To get
the best result, we select the candidate with the
highest score by averaging the log-probability of
tokens as the final output. This is different from
Shu et al. (2020) or Noisy Parallel Decoding (NPD;

Gu et al. 2018) which rescore the candidates by
autoregressive teacher and at least cuts the decod-
ing speed by half, our no-rescoring strategy is still
effective and much faster.

4 Experiments

In this section, we will introduce the settings of
our experiments, report the main results and com-
pare our model to the representative NAT frame-
works. Our experiments mainly focus on (1) the
improvement benefit from our optimization to for-
mer VAE-based NAT model. (2) The effectiveness
of consistency regularization and different data aug-
mentation methods.

4.1 Experimental Setup
Dataset Four of the commonly used machine
translation benchmarks are adopted to evaluate our
proposed method: WMT14 English<->German2

(En-De and De-En, 4.5M) and WMT16 English<-
>Romanian3 (En-Ro and Ro-En, 610K). We follow
previous works’ data preprocessing configurations
to preprocess the data (En-De: Shu et al., 2020, En-
Ro: Ghazvininejad et al. 2019). To learn the sub-
word vocabulary, we apply SentencePiece (Kudo
and Richardson, 2018) to generate joint subword
vocabulary of 32K tokens for each dataset respec-
tively.

Knowledge Distillation Following previous stud-
ies on NAT that models are trained on distilled data
generated by autoregressive teacher, we also ap-
ply sentence-level knowledge distillation for all
datasets to obtain less noisy and more deterministic
data. In this work, Transformer (Vaswani et al.,

2https://www.statmt.org/wmt14/
3https://www.statmt.org/wmt16/
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Models Iter. WMT14
En-De

WMT14
De-En

WMT16
En-Ro

WMT16
Ro-En Speed

Transformer (Vaswani et al., 2017) N 27.30 / / / /
Transformer (ours) N 27.74∗ 31.28∗ 33.73∗ 34.38∗ 1.0×
NAT-IR (Lee et al., 2018) 10 21.61 25.48 29.32 30.19 1.5×
CMLM (Ghazvininejad et al., 2019) 10 27.03 30.53 33.08 33.31 1.7×
LevT (Gu et al., 2019) Adv. 27.27 / / 33.26 4.0×
JM-NAT (Guo et al., 2020) 10 27.69 32.24 33.52 33.72 5.7×
Vanilla-NAT (Gu et al., 2018) 1 17.69 21.47 27.29 29.06 15.6×
Imitate-NAT (Wei et al., 2019) 1 22.44 25.67 28.61 28.90 18.6×
FlowSeq (Ma et al., 2019) 1 23.72 28.39 29.73 30.72 1.1×
NAT-DCRF (Sun et al., 2019) 1 23.44 27.22 / / 10.4×
NAT-REG (Wang et al., 2019) 1 20.65 24.77 / / 27.6×
BoN (Shao et al., 2020) 1 20.90 24.61 28.31 29.29 10.7×
AXE (Ghazvininejad et al., 2020a) 1 23.53 27.90 30.75 31.54 /
GLAT (Qian et al., 2021) 1 25.21 29.84 31.19 32.04 15.3×
Reorder-NAT (Ran et al., 2021) 1 22.79 27.28 29.30 29.50 16.1×
SNAT (Liu et al., 2021) 1 24.64 28.42 32.87 32.21 22.6×
LT (Kaiser et al., 2018) / 19.80 / / / 3.8×
LaNMT (Shu et al., 2020) 1 22.20 26.76∗ 29.21∗ 28.89∗ 22.2×
+ refinement 2 24.10 29.47∗ 30.76∗ 30.86∗ 12.5×
+ latent search w/ rescoring 2 25.10 / / / 6.8×
Ours, decode w/o refinement 1 23.92 27.39 29.90 29.04 25.6×
+ latent search (m=9) w/o rescoring 1 25.59 30.11 31.40 31.63 21.1×
decode w/ refinement 2 25.65 30.23 31.56 31.20 12.6×
+ latent search (m=9) w/o rescoring 2 26.23 31.23 32.50 32.14 11.0×

Table 1: BLEU scores and speedup rates for performance comparison on WMT14 En<->De and WMT16 En<->Ro
benchmarks without rescoring. We report the best scores here among all tested combinations of data augmentation
methods with consistency regularization. Iter. denotes the number of iterations during inference. Adv. means
adaptive. / denotes the value is not reported, * denotes the results are obtained by our implementation.

2017) with base settings is adopted and reproduced
as the teacher model for data distillation.

Implementation Details The model is trained
by the objective function illustrated on Eq.(8). To
avoid posterior collapse, freebits annealing (Chen
et al., 2017) is applied on KL terms in Eq.(7) to
keep a distance between prior and posterior. Its
threshold is fixed to 1 for the first half training
steps, and linearly decay to 0 on the second half.
For both dataset, we train the model with a batch
of approximate 40K tokens for overall 100K steps
on four Tesla V100 GPUs and conduct fine-tuning
for additional 20K steps with annealing disabled.

For network settings, we use 6 layers en-
coder and decoder with dmodel/dfeedforward =
512/2048. Following Shu et al. (2020), the pos-
terior network contains 3 transformer layers and
the dimension of latent variable is set to 8. We

set L2 weight decay of 0.01 and dropout between
attention layers with rate of 0.1/0.3 for WMT14
En<->De and WMT16 En<->Ro respectively as
well as label smoothing rate ϵ = 0.1 on target to-
kens. Models are trained by AdamW (Loshchilov
and Hutter, 2017) with settings of β = (0.9, 0.98)
and ϵ = 1e− 4. The learning rate is warmed up for
first 4000 steps to 1.4e-3 and decayed by inverse-
square-root scheduler. To obtain the final model,
we average 5 best checkpoints chosen by valida-
tion BLEU score. For the rate of noise injection,
all four augmentation strategies are evaluated with
rates from 0.1 to 0.3 on WMT14 En-De bench-
mark and the settings for other experiments are
determined according to these results.

Evaluation For all benchmarks, we use sacre-
BLEU4 (Post, 2018) to evaluate BLEU score of

4https://github.com/mjpost/sacrebleu
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translation results. Following Lee et al. (2018) and
Shu et al. (2020), repetition tokens are removed
before generating the final outputs for evaluation.
The results of latent search is obtained by the mean
score of 5 independent runs on the test set of each
benchmark to get more precise measures since repa-
rameterization causes randomness in decoding.

To evaluate the decoding speed, following pre-
vious works (e.g. Gu et al. 2018, Lee et al. 2018),
models are run on WMT14 En-De test set with
batch size of 1 under the environment with one
GPU only. The mean value of decoding latency
among all samples is collected and represent as the
decoding speed. Meanwhile, base Transformer is
reproduced and evaluated on the same machine to
obtain the speed up rates.

Baselines We set former VAE based NAT frame-
works proposed by Kaiser et al. (2018) and Shu
et al. (2020) as the main baselines to present the
improvement of our method. We also compare
our model with base Transformer and other repre-
sentative NAT frameworks including iterative and
fully approaches. Due to the lack of computing re-
sources, experiments and comparison with connec-
tionist temporal classification (CTC) based frame-
works like Libovickỳ and Helcl (2018) or Gu and
Kong (2021) are not considered in this paper since
the decoder output is many times the length of the
target sequence, which extremely consumes extra
GPU storage in training. The performance mea-
sures including BLEU score and speedup rate of
other models are directly obtained from the fig-
ures reported on their original paper, while some
unreported measures are obtained by our imple-
mentation.

4.2 Results and Analysis

The main results on the benchmarks are illus-
trated on Table 1, we report the best scores of
our experiments among different tested combina-
tions of data augmentation methods with consis-
tency regularization. As the performance measure
shown in Table 1, our methods significantly outper-
form former VAE-based baselines, with about 5.8
BLEU points improvement to the discrete latent
variable model (Kaiser et al., 2018) and 1.7/1.5,
0.6/0.7, 0.7/0.8, 0.1/0.3 points improvement on
non-refinement/refinement decoding to continu-
ous latent variable baseline (Shu et al., 2020) on
WMT14 En<->De, and WMT16 En<->Ro bench-
marks without latent search. All measures indi-

cate that our posterior consistency regularization
method greatly enhances the robustness of the la-
tent representations and results in an improved
translation quality.

Comparing to other representative AT and NAT
models, our method shows the superiority of decod-
ing speed to AT and iterative NAT models while
there are less than 2 BLEU points lag behind. With
the refinement decoding, our model also achieves
a comparable translation quality to the state-of-the-
art fully-NAT approaches with similar decoding
latency.

The results of latent search is encouraging. Ben-
efit from the parallel computing capability of GPU,
latent search sacrifices very small decoding speed
to achieve about 0.5/1.0/0.9/0.9 BLEU improve-
ments for refinement decoding and 1.6/2.7/1.5/2.6
BLEU improvements for non-refinement decoding
on four benchmarks with m = 9 candidates.

Method En-De De-En En-Ro

w
/r

efi
ne

m
en

t Baseline 24.10 29.47∗ 30.76∗

Dropout 25.39 29.74 30.85
Token Cutoff 25.58 30.05 31.34
Feat. Cutoff 25.44 29.58 30.95
Token Repl. 25.65 30.23 31.56

w
/o

re
fin

em
en

t Baseline 22.20 26.76∗ 29.21∗

Dropout 23.53 26.93 29.40
Token Cutoff 23.87 27.18 29.55
Feat. Cutoff 23.79 26.92 29.90
Token Repl. 23.92 27.39 29.68

Table 2: BLEU scores for baseline and our models
with different data augmentation methods. * denotes
the results obtained by our implementation. Baseline
indicates Shu et al. (2020)

Effectiveness of Data Augmentation Methods
In this work, we adopt four different data augmen-
tation strategies as the stochastic noise injection
method to cooperate with consistency regulariza-
tion. To evaluate their effectiveness and the impact
for translation quality, all data augmentation meth-
ods are tested on the benchmarks. The results are
reported on Table 2. The method we adopt combin-
ing posterior consistency regularization with data
augmentation is effective and capable to achieve
higher BLEU scores than the baseline. Specifically,
token replacement achieves the highest score on all
of benchmarks with refinement decoding since the
posterior network is trained on sentences with in-
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correct tokens, this is more similar to the inference
circumstance. With the non-refinement decoding,
even the posterior module is disabled, the improve-
ment is still exist for all strategies.

Effectiveness of Consistency Regularization
Consistency regularization should work together
with stochastic data augmentation which is widely
known as a trick to train robust neural networks
(Shorten and Khoshgoftaar 2019; Shen et al. 2020).
Thus, to confirm that the model is not just benefit
from data augmentation but the contribution of pos-
terior consistency regularization, we perform the
experiments by disabling (setting α = 0 in eq.(8))
consistency training module and train the model
with four data augmentation methods respectively
on WMT14 En-De dataset. The results illustrate
on Table 3. Without consistency regularization,
the data augmentation methods still result in im-
provement to baseline, but a slight lag exists behind
the model with consistency regularization enabled.
In other words, consistency regularization can im-
prove the translation quality further. Thus, it is
confirmed that our posterior consistency regulariza-
tion method is effective and capable to train better
latent representations in this work.

Method w/o Reg. w/ Reg.
Baseline 24.10
Dropout 24.85 25.39
Token Cutoff 25.38 25.58
Feature Cutoff 25.02 25.44
Token Replacement 25.36 25.65

Table 3: BLEU scores on WMT14 En-De for baseline
and our methods with consistency regularization en-
abled and disabled.

Effect of Augmentation Rate To investigate the
impact of augmentation rate and choose the op-
timal hyperparameter, we train and evaluate the
models by different augmentation rates from 0.1
to 0.3 on WMT14 En-De dataset. Results are il-
lustrated on Figure 4. The best augmentation rate
is different for each augmentation methods, alone
with the increase of noise injection level, the per-
formance of each method increases firstly and then
gradually drops down. Token cutoff and replace-
ment achieves the outstanding peak performance to
others, it could be attribute to the mechanism that
model can potentially learn from the incomplete
sentences with incorrect or missing tokens and re-

Figure 4: Effect of the rate for augmentation methods
on WMT14 En-De benchmark.

Figure 5: Tradeoff between decoding speed and transla-
tion quality on WMT14 En-De benchmark.

vise them, which mostly benefits to the refinement
decoding at inference where there are massive in-
correct tokens from initial translations.

Tradeoff between Speed and Quality The trade-
off between the speedup rate and translation quality
on WMT14 En-De dataset is shown in Figure 5. We
draw the scatter points by evaluating the proposed
model on various number of candidates from 9 to
59 sampled for latent search. It can be observed
that both decoding with or without refinement can
benefit from latent search. Since the excellent par-
allel computation capability of GPU, and no autore-
gressive scorer is required in our framework, the
decoding speed remains acceptable. Specifically,
the non-refinement decoding with more latent can-
didates can reach the similar quality level of refine-
ment approach. However, refinement decoding can
achieve further improvements and reaches the peak
of about 26.5 BLEU points.
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Summary Summarizing from the experiments
and corresponding results illustrated on Table 2,
3 and Figure 4, the mechanism of data augmenta-
tion and consistency regularization in this paper
can be explained in two ways: firstly, data augmen-
tation, especially token-level strategies, help the
posterior network learn the capability of encoding
correct latent variables from incomplete, incorrect
or noisy sentences, which narrows the gap between
training and inference circumstances. Thus, our
posterior network can do better refinement on the
initial translation y0 from Eq.(9) which is relatively
noisy and imperfect. Secondly, consistency regular-
ization helps the posterior network learn to be more
consistent on latent variables under the impact of
noises in input samples, this potentially improves
the robustness of latent representations which result
in further improvements. In addition to the abil-
ity of sample multiple translations in parallel from
latent distribution, all of these cooperate together
and maximize the overall translation quality.

Conclusion

In this work, we introduce posterior consistency
regularization along with a series of data augmen-
tation methods on the posterior module of a vari-
ational NAT model to improve its performance of
translation quality. This method trains the poste-
rior network to be consistent to stochastic noises
in inputs and potentially improves its representa-
tions. Meanwhile, data augmentation closes the
gap between training and inference circumstances.
Both are highly benefit to decoding and refine-
ment step. Experiments on WMT14 En<->De and
WMT16 En<->Ro benchmarks show that our ap-
proach achieves a significant improvement to the
baseline model and a comparable translation qual-
ity to other state-of-the-art fully NAT models with
fast decoding speed. As the effectiveness of con-
sistency regularization and data augmentation is
verified by our experiments, it is promising to be
applied on other models and tasks in the future.
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Abstract

In this paper, we define the task of gen-
der rewriting in contexts involving two users
(I and/or You) – first and second grammatical
persons with independent grammatical gender
preferences. We focus on Arabic, a gender-
marking morphologically rich language. We
develop a multi-step system that combines the
positive aspects of both rule-based and neu-
ral rewriting models. Our results successfully
demonstrate the viability of this approach on
a recently created corpus for Arabic gender
rewriting, achieving 88.42 M2 F0.5 on a blind
test set. Our proposed system improves over
previous work on the first-person-only version
of this task, by 3.05 absolute increase in M2

F0.5. We demonstrate a use case of our gender
rewriting system by using it to post-edit the
output of a commercial MT system to provide
personalized outputs based on the users’ gram-
matical gender preferences. We make our code,
data, and pretrained models publicly available.1

1 Introduction

Gender bias is a fundamental problem in natural
language processing (NLP) and it has been re-
ceiving an increasing attention across a variety
of core tasks such as machine translation (MT),
co-reference resolution, and dialogue systems. Re-
search has shown that NLP systems have the ability
to embed and amplify gender bias (Sun et al., 2019),
which not only degrades users’ experiences but
also creates representational harm (Blodgett et al.,
2020). The embedded bias within NLP systems
is usually attributed to training models on biased
data that reflects the social inequalities of the world
we live in. However, even the most balanced of
models can still exhibit and amplify bias if they are
designed to produce a single text output without
taking their users’ gender preferences into consider-
ation. Therefore, to provide the correct user-aware

1https://github.com/CAMeL-Lab/
gender-rewriting/

output, NLP systems should be designed to pro-
duce outputs that are as gender-specific as the users
information they have access to. Users information
could be either embedded as part of the input or
provided externally by the users themselves. In
cases where this information is unavailable to the
system, generating all gender-specific forms or a
gender-neutral form is more appropriate.

Producing user-aware outputs becomes more
challenging for systems targeting multi-user con-
texts (first and second persons, with indepen-
dent grammatical gender preferences), particularly
when dealing with gender-marking morphologi-
cally rich languages. In this paper, we define the
task of gender rewriting in contexts involving two
users (I and/or You) – first and second grammatical
persons with independent grammatical gender pref-
erences and we focus on Arabic, a gender-marking
morphologically rich language. The main contribu-
tions of our work are as follows:

1. We introduce a multi-step gender rewriting
system that combines the positive aspects of
rule-based and neural models.

2. We demonstrate our approach’s effectiveness
by establishing a strong benchmark on a
publicly available multi-user Arabic gender
rewriting corpus.

3. We show that our best system yields state-of-
the-art results on the first-person-only version
of this task, beating previous work.

4. We demonstrate a use case of our system by
post-editing the output of an MT system to
match users’ grammatical gender preferences.

This paper is organized as follows. We first dis-
cuss related work (§2) as well as relevant Arabic
linguistic facts (§3). We then define the gender
rewriting task in §4 and describe the data we use
and the gender rewriting model we build in §5 and
§6. Lastly, we present our experimental setup (§7)
and results (§8) and conclude in §9.
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2 Background and Related Work

Substantial research has targeted the problem of
gender bias in various NLP tasks such as MT (Ra-
binovich et al., 2017; Vanmassenhove et al., 2018;
Stafanovičs et al., 2020; Savoldi et al., 2021), di-
alogue systems (Cercas Curry et al., 2020; Dinan
et al., 2020; Liu et al., 2020a,b; Sheng et al., 2021),
language modeling (Lu et al., 2018; Bordia and
Bowman, 2019; Sheng et al., 2019; Vig et al.,
2020; Nadeem et al., 2021), co-reference resolu-
tion (Rudinger et al., 2018; Zhao et al., 2018a), and
named entity recognition (Mehrabi et al., 2019).
While the majority of research has focused on
tackling gender bias in English by debiasing word
embeddings (Bolukbasi et al., 2016; Zhao et al.,
2018b; Gonen and Goldberg, 2019; Manzini et al.,
2019; Zhao et al., 2020) or by training systems
on gender-balanced corpora built using counter-
factual data augmentation techniques (Lu et al.,
2018; Hall Maudslay et al., 2019; Zmigrod et al.,
2019), our work falls under text rewriting through
the controlled generation of gender alternatives for
morphologically rich languages.

Within text rewriting, Vanmassenhove et al.
(2021) and Sun et al. (2021) recently presented
rule-based and neural rewriting models to generate
gender-neutral sentences in English. For morpho-
logically rich languages and specifically Arabic,
Habash et al. (2019) introduced the Arabic Par-
allel Gender Corpus v1.0 (APGC v1.0) of first-
person-singular constructions and designed a two-
step gender identification and reinflection system
to generate masculine and feminine grammatical
gender alternatives. Alhafni et al. (2020) used
APGC v1.0 to create a joint gender identification
and reinflection model. They treated the problem as
a user-aware grammatical error correction task and
showed improvements over Habash et al. (2019)’s
results. Both efforts modeled gender reinflection
using character-level Seq2Seq models. More re-
cently, Alhafni et al. (2022) extended APGC v1.0
to APGC v2.0 by including contexts involving first
and second grammatical persons covering singular,
dual, and plural constructions; and adding six times
more sentences.

In our work, we use APGC v2.0 to build a multi-
step gender rewriting system to generate gender
alternatives in multi-user contexts. We also show
improvements over both Habash et al. (2019)’s and
Alhafni et al. (2020)’s results on APGC v1.0.

3 Arabic Linguistic Facts

We highlight two of the many challenges that face
Modern Standard Arabic (MSA) NLP systems deal-
ing with gender expressions.

Morphological Richness and Complexity Ara-
bic has a rich and complex morphological system
that inflects for many morphological features (gen-
der, number, person, case, state, aspect, mood,
voice), in addition to several attachable clitics
(prepositions, particles, pronouns) (Habash, 2010).
Arabic nouns, adjectives, and verbs inflect for gen-
der: masculine (M) and feminine (F), and for num-
ber: singular (S), dual (D) and plural (P).

Changing the grammatical gender of Arabic
words involves either changing the form of the
base word, changing the pronominal enclitics that
are attached to the base word, or a combination
of both. A base word in Arabic refers to the stem
along with its attachable affixes (prefixes, suffixes,
circumfixes). Changing the base word gender re-
quires either a suffix change, a pattern change, or
a lexical change as shown in Table 1(a-c). Arabic
also has clitics that attach to the stem after affixes.
A clitic is a morpheme that has the syntactic char-
acteristics of a word but shows evidence of being
phonologically bound to another word. In this re-
spect, a clitic is distinctly different from an affix,
which is phonologically and syntactically part of
the word. Proclitics are clitics that precede the
word (like a prefix), whereas enclitics are clitics
that follow the word (like a suffix). Pronominal en-
clitics are pronouns that cliticize to previous words
(Table 1(d)). It is worth noting that multiple af-
fixes and clitics can appear in a single word in
Arabic and changing the grammatical gender of
such words requires changing the genders of both
the base word and its clitics (Table 1(f-g)).

Orthographic Ambiguity Arabic uses diacritics
to specify short vowels. However, these optional
diacritics are usually omitted in Arabic orthogra-
phy, leaving readers to infer the meaning of certain
words based on the context (Habash, 2010). This
increases the degree of word ambiguity as gender-
specific words could only differ in terms of dia-
critics. For instance, the verb �IJ.ªË lςbt2 can be

diacritized as
��I�J.ª�

�
Ë laςibta ‘you [masc.] played’

or as �I� �J.ª�
�
Ë laςibti ‘you [fem.] played’.

2Arabic transliteration is in the HSB scheme (Habash et al.,
2007).
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Paired Gender Alternatives Rewrite Type

 Âmyr (NOUN.MS) أ
prince

ة Âmyrħ (NOUN.FS) أ
princess

Suffix Change (a)

 ÂHmr (ADJ.MS) أ
red

اء  HmrA’ (ADJ.FS) 
red

Pattern Change (b)

 Âx (NOUN.MS) أخ
brother

Âxt (NOUN.FS) أ
sister

Lexical Change (c)

+ Âmyr+km (NOUN.MS+PRON.2MP) أ
your (MP) prince

+ Âmyr+kn (NOUN.MS+PRON.2FP) أ
your (FP) prince

Enclitic Change (d)

اء  ÂmrA’ (NOUN.MP) أ
princes

ات  ÂmyrAt (NOUN.FP) أ
princesses

Pattern Change +
Suffix Change (e)

+ Âmyr+km (NOUN.MS+PRON.2MP) أ
your (MP) prince

+ Âmyrt+kn (NOUN.FS+PRON.2FP) أ
your (FP) princess

Suffix Change    +
Enclitic Change (f)

اء+  ÂmrA’+hm (NOUN.MP+PRON.3MP) أ
their (MP) princes

ات+   ÂmyrAt+hn (NOUN.FP+PRON.3FP) أ
their (FP) princesses

Pattern Change +
Suffix Change           +
Enclitic Change

(g)

Table 1: Examples of the changes needed to generate gender alternative forms of gender-specific words in Arabic.

4 The Gender Rewriting Task

We define the task of gender rewriting as generat-
ing alternatives of a given Arabic sentence to match
different target user gender contexts (e.g., female
speaker with a male listener, a male speaker with
a male listener, etc.). This requires changing the
grammatical gender (masculine or feminine) of cer-
tain words referring to the users (speaker/1st person
and listener/2nd person). Previous work done by
Habash et al. (2019) and Alhafni et al. (2020) refer
to this task as gender reinflection, but we believe
that gender rewriting is a more appropriate term
given that it goes beyond reinflection.3

Notation We will use four elementary symbols
to facilitate the discussion of this task: 1M, 1F, 2M
and 2F. The digit part of the symbol refers to the
grammatical persons (1st or 2nd) and the letter part
refers to the grammatical genders (masculine or
feminine). Additionally, we will use B to refer to
invariant/ambiguous gender.

We define the sentence-level gender using the
following four labels: 1M/2F, 1F/2M, 1M/2F, and
1F/2F. These four labels indicate the grammatical
persons and genders of the user contexts we are
modeling.

We define the word-level gender based on the
genders of the word’s base form and its attach-
able pronominal enclitics (§3) using the notation:
base form gender + enclitic gender. This results in

3Morphological reinflection usually refers to reinflecting
either a lemma or an already inflected form to produce a
desired form of a particular word (Cotterell et al., 2016, 2017).

25 word-level gender labels (e.g., B+1F, 1F+2M).
We use B to refer to gender invariant/ambiguous
words. Examples of the word-level gender labels
are shown in Table 2.

Task Definition Given an Arabic sentence and a
sentence-level target gender, the goal is to rewrite
the input sentence to match the target users’ gender
preferences.

Some of the models we explore only use
sentence-level gender labels; while other models
use word-level gender labels to identify which in-
put words need to be rewritten to match the target
users’ gender preferences.

5 Data

For our experiments, we use the publicly available
Arabic Parallel Gender Corpus (APGC) – a parallel
corpus of Arabic sentences with gender annotations
and gender rewritten alternatives of sentences se-
lected from OpenSubtitles 2018 (Lison and Tiede-
mann, 2016). The corpus comes in two versions:
APGC v1.0 and APGC v2.0. APGC v1.0 was
introduced by Habash et al. (2019) and it con-
tains 12,238 first-person-singular Arabic parallel
gender-annotated sentences. Alhafni et al. (2022)
expanded APGC v1.0 by including contexts involv-
ing first and second grammatical persons covering
singular, dual, and plural constructions to create
v2.0, which contains 80,326 gender-annotated par-
allel sentences (596,799 words). Both versions of
APGC include the original English parallels of the
Arabic sentences.
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English Input Target 1M/2M Target 1F/2M Target 1M/2F Target 1F/2F

(a) I want to talk to you
ث  أر  أن أ

 B      B     B     B
ث  أر  أن أ

 B      B     B     B
ث  أر  أن أ

 B      B     B     B
ث  أر  أن أ

 B      B     B     B
ث  أر  أن أ

 B      B     B     B

(b) Dad, I am here
أ       أ   

B    B  2M+B
أ       أ   

B    B  2M+B
أ       أ   

B    B  2M+B
أ      أ   

 B    B  2F+B
أ      أ   

 B    B  2F+B

(c) I will tell you [plural] 
something

  
B       B+2F

  
B   B+2M

  
B   B+2M

  
B       B+2F

  
B       B+2F

(d) I am going to my 
office

أ   ذا  
B  1M+B   B

أ   ذا  
B  1M+B   B

أ  ذا   
B   1F+B  B

أ   ذا  
B  1M+B   B

أ  ذا   
B   1F+B  B

(e) Because I am an idiot
ء   و  
1F+B       B

و  أ  
1M+B       B

ء   و  
1F+B       B

و  أ  
1M+B      B

ء   و  
1F+B      B

(f) I am glad to know 
you [plural]

ة   أ  
B+2M  1F+B  B

أ       
B+2M  1M+B  B

ة    أ  
B+2M  1F+B  B

أ      
B+2F  1M+B  B

ة   أ  
B+2F  1F+B  B

Table 2: Examples from the Arabic Parallel Gender Corpus v2.0 including the extended word-level annotations for
each sentence and its rewrite to the opposite grammatical gender forms where appropriate. First person gendered
words are in purple and second person gendered words are in red. M is Masculine; F is Feminine; and B is invariant.

In all of our experiments, we use an extended
version of APGC v2.0 to train and test our systems.
We also report results on the test set of APGC v1.0
to compare with previous work.

Annotations Each sentence in APGC v2.0 has
word-level gender labels where each word is la-
beled as B, 1F, 2F, 1M, or 2M. All sentences con-
taining gender-specific words referring to human
participants have parallels representing their op-
posite gender forms. For the sentences without
any gender-specific words, their parallels are trivial
copies. Out of the 80,326 sentences in APGC v2.0,
46% (36,980) do not contain any gendered words,
whereas sentences with gendered references consti-
tute 54% (43,346). In terms of the word-level statis-
tics, 9.7% (58,066) are gender-specific, whereas
90.3% (538,733) are marked as B.

Moreover, APGC v2.0 is organized into five par-
allel corpora that are fully aligned (1-to-1) at the
word level: Input, Target 1M/2M, Target 1F/2M,
Target 1M/2F, and Target 1F/2F. All five corpora
are balanced in terms of gender, i.e., the number of
words marked as 1F and 1M is the same; and the
number of words marked as 2F and 2M is the same.
The Input corpus contains sentences with all pos-
sible word types (B, 1F, 2F, 1M, 2M). The Target
1M/2M corpus contains sentences that consist of B,
1M, 2M words; the Target 1F/2M corpus contains
sentences that consist of B, 1F, 2M words; the Tar-
get 1M/2F corpus contains sentences that consist of
B, 1M, 2F words; and the Target 1F/2F corpus con-
tains sentences that consist of B, 1F, 2F words. The
four target corpora are intended to model the target

users’ gender preferences for a particular input.

Splits We use Alhafni et al. (2022)’s splits:
57,603 sentences (427,523 words) for training
(TRAIN), 6,647 sentences (49,257 words) for de-
velopment (DEV), and 16,076 sentences (120,019
words) for testing (TEST).

Preprocessing the Word-Level Annotations
Since gender information could be expressed at dif-
ferent parts of Arabic words (§3), we automatically
extend the APGC v2.0 word-level annotations to
mark the genders of both the base words and their
pronominal enclitics.

Our preprocessing pipeline considers the labeled
gendered words across the five parallel forms of
each sentence in APGC v2.0. If the word ends with
a gender marking pronominal enclitic, we label the
gender of the enclitic based on predefined rules
as 1F, 1M, 2F, or 2M. If the gendered word does
not end with a gender-marking enclitic, then we
label the enclitic as B. Once the enclitic is labeled,
we compare the base form of the word across its
parallel forms. If the base form is the same, we
label it as B. Otherwise, we assign the base form the
same label that is provided as part of APGC v2.0.
All gender ambiguous words will be labeled as B.
Table 2 presents some examples from APGC v2.0
with the extended word-level gender annotations.

The extended word-level statistics are presented
in Appendix B. We make the extended word-level
gender annotations publicly available as a new re-
lease of APGC (APGC v2.1).4

4http://resources.camel-lab.com/
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6 The Multi-step Model Approach

Most of the recent work on gender rewriting rely
on using Seq2Seq models (Habash et al., 2019; Al-
hafni et al., 2020; Sun et al., 2021; Jain et al., 2021;
Vanmassenhove et al., 2021). However, the lack
of large gender-annotated parallel datasets presents
a challenge when training Seq2Seq models, and
especially when dealing with morphologically rich
languages. This issue is highlighted by Alhafni
et al. (2020), who report that most of the errors
(68%) produced by their character-level Seq2Seq
model are due to not making any changes to gender-
specific words in the input sentences. Given the
complexity of the gender rewriting task in Arabic
and the relatively small training data size, we model
the gender rewriting task using a multi-step system
the combines the positive aspects of rule-based
and neural models. Our system consists of three
components: Gender identification, Out-of-context
word gender rewriting, and In-context ranking and
selection.

6.1 Gender Identification (GID)

We first identify the word-level gender label (base
word + pronominal enclitic) for each word in the
input sentence. We build a word-level classifier
by leveraging a Transformer-based pretrained lan-
guage model. There are many Arabic monolingual
BERT models available such as AraBERT (An-
toun et al., 2020), ARBERT (Abdul-Mageed et al.,
2021), and QARIB (Abdelali et al., 2021). How-
ever, we chose to use CAMeLBERT MSA (Inoue
et al., 2021) as it was pretrained on the largest MSA
dataset to date. Following the work of Devlin et al.
(2019), we fine-tune CAMeLBERT MSA using
Hugging Face’s transformers (Wolf et al., 2020) by
adding a fully-connected linear layer with a soft-
max on top of its architecture. During fine-tuning,
we use the representation of the first sub-token as
an input to the linear layer.

6.2 Out-of-context Word Gender Rewriting

Given the desired sentence-level target gender as an
input and the identified gender label for each word
in the input sentence, we decide if a word-level
gender rewrite is needed based on the compati-
bility between the provided sentence-level target
gender and the predicted word-level gender labels.
We implement three word-level gender alternative
generation models: Corpus-based Rewriter, Mor-
phological Rewriter, and Neural Rewriter.

     
���� ���  ��������  ��  ��دة
����ا ���  ��������  ��  ��دة

-17.21

-18.14

✔ 

Really glad to know you gentlemen

     

     

CorpusR

MorphR

NeuralR

����ة  ���   ��������  ��  ���ات
2F+B B+2FB B 1F+B

����ة  ���   ��������  ��  ���ات

Really glad to know you ladies

Gender 
Identification

Word 
Gender 

Rewriting

Selection

1M

Input Sentence

Speaker

2M

Listener

Figure 1: The multi-step gender rewriting system. First
person gendered words are in purple and second person
gendered words are in red. The sentence-level target
gender is 1M/2M. The input words glad (1F+B), know
you (B+2F), and ladies (2F+B) are rewritten to their
masculine forms.

Corpus-based Rewriter (CorpusR) We build a
simple word-level lookup rewriting model by ex-
ploiting the fully aligned words in APGC v2.1.
We implement this model as a bigram maximum
likelihood estimator: given an input word with its
bigram surrounding context (wi, wi−1), a gender al-
ternative target word (yi), and a desired word-level
target gender (g), the CorpusR model is built by
computing P (yi|wi, wi−1, g) over the training ex-
amples. During inference, we generate all possible
gender alternatives for the given input word (wi). If
the bigram context (wi, wi−1) was not observed in
the training data, we backoff to a unigram context.
If the input word was not observed during training,
we pass it to the output as it is.

Morphological Rewriter (MorphR) For the
morphological rewriter, we use the morphological
analyzer and generator provided by CAMeL Tools
(Obeid et al., 2020). We extend the Standard Arabic
Morphological Analyzer database (SAMA) (Graff
et al., 2009) used by the morphological generator to
produce controlled gender alternatives. We make
our extensions to the database publicly available.5

5We provide code to reconstruct our extended database
from the original SAMA 3.1 database (LDC2010L01) which
can be obtained from the LDC.
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Given an input word and a desired word-level target
gender, the morphological generator has the ability
to produce gender alternatives by either rewriting
the base word, its pronominal enclitics, or both. If
an input word does not get recognized by the mor-
phological analyzer and generator, we pass it to the
output as it is. It is worth noting that this rewriting
model does not require any training data.

Neural Rewriter (NeuralR) Inspired by work
done on out-of-context morphological reinfec-
tion (Kann and Schütze, 2016; Cotterell et al.,
2018), we design a character-level encoder-decoder
model with attention. Given an input word and
word-level target gender, the encoder-decoder
model would generate gender alternatives of the
input word. For the encoder, we use a two-layer
bidrectional GRU (Cho et al., 2014) and for the
decoder we use a two-layer GRU with additive at-
tention (Bahdanau et al., 2015). Furthermore, we
employ side constraints (Sennrich et al., 2016) to
control for the generation of gender alternatives.
That is, we add the word-level target gender as a
special token (e.g., <1F+B>) to the beginning of
the input word and we feed that entire sequence
to the model (i.e., <1F+B>YJ
ª�). The intuition
here is that the attentional encoder-decoder model
would be able to learn to pay attention to the side
constraints to generate the desired gender alterna-
tive of the input word. During inference, we use
beam search to generate the top 3-best hypotheses.

6.3 In-Context Ranking and Selection

Since the three word-level gender alternative gener-
ation models we implement are out-of-context and
given Arabic’s morphological richness, we expect
to get multiple output words when generating a sin-
gle gender alternative for a particular input word.
This leads to producing multiple candidate gender
alternative output sentences. To select the best can-
didate output sentence, we rank all candidates in
full sentential context based on their pseudo-log-
likelihood (PLL) scores (Salazar et al., 2020). We
first use Hugging Face’s transformers to fine-tune
the CAMeLBERT MSA model on the Input corpus
of APGC v2.1 by using a masked language mod-
eling (Devlin et al., 2019) objective. This helps in
mitigating the domain shift (Gretton et al., 2006)
issue between CAMeLBERT’s pretraining data and
APGC v2.1. We then compute the PLL score for
each sentence using the fine-tuned CAMeLBERT
MSA model by masking the sentence tokens one

by one.6 We will refer to the in-context ranking
and selection as simply selection throughout the
paper.

Figure 1 presents an overview of our gender
rewriting model. We describe the training settings
and the model’s hyperparameters in Appendix A.

7 Experimental Setup

7.1 Evaluation Metrics
We follow Alhafni et al. (2020) by treating the gen-
der rewriting problem as a user-aware grammatical
error correction task and use the MaxMatch (M2)
scorer (Dahlmeier and Ng, 2012) as our evaluation
metric. The M2 scorer computes the precision (P),
recall (R), and F0.5 by maximally matching phrase-
level edits made by a system to gold-standard ed-
its. The gold edits are computed by the M2 scorer
based on provided gold references. Moreover and
to be consistent with previous work, we also report
BLEU (Papineni et al., 2002) scores which are ob-
tained using SacreBLEU (Post, 2018). We report
the gender rewriting results in a normalized space
for Alif, Ya, and Ta-Marbuta (Habash, 2010).

7.2 Baselines
Do Nothing Our first baseline trivially passes
the input sentences to the output as they are. This
baseline highlights the level of similarity between
the inputs and the outputs.

Joint Baseline Model Our second baseline uses
a variant of the sentence-level linguistically en-
hanced joint gender identification and rewriting
model introduced by Alhafni et al. (2020). The
main difference between this model and the one in-
troduced by Alhafni et al. (2020) is that we model
four multi-user target genders, whereas they only
modeled two single-user target genders (1M, 1F).
We implement this joint baseline model using a
character-level GRU encoder-decoder with addi-
tive attention, where the learned input character-
level representations are enriched with word-level
morphological features obtained from the extended
morphological analyzer that is part of CAMeL
Tools. The representation of the input sentence-
level target gender (1M/2M, 1F/2M, 1M/2F, 1F/2F)
is learned as part of the model and used during
decoding when generating gender alternatives. We
refer to this baseline as Joint+Morph.

6We use Salazar et al. (2020)’s implementation to com-
pute the PLL scores: https://github.com/awslabs/
mlm-scoring
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Extended Joint Baseline Models Our third and
fourth baseline models reduce the complexity of
the Joint+Morph model by not learning a repre-
sentation for the input sentence-level target gen-
der as part of the model. Instead, we provide the
sentence-level target gender information as side
constraints. We add the target gender as a special
token to the beginning of the input sentence (e.g.,
<1M/2F>Input Sentence) when we feed it to the
model. Moreover, we explore the effectiveness of
enriching the input character representations with
word-level morphological features. To do so, we
omit the morphological features from the first joint
variant, and we use them in the second. We refer
to these models as Joint+Side Constraints and
Joint+Morph+Side Constraints, respectively.

7.3 Our Multi-step Models
We explore five variants of the gender rewriting
multi-step model described in §6. All five variants
use the same gender identification (GID) and in-
context selection models, but they differ in their out-
of-context word-level gender rewriting generation
setup. The first three variants use one word-level
gender rewriting model each – CorpusR, Mor-
phR, or NeuralR. The fourth multi-step model
uses MorphR as a backoff if the input words that
need to be rewritten are not observed by the Cor-
pusR model during training (CorpusR»MorphR).
The fifth system uses all three word-level gender
alternative generation models in a backoff cascade:
CorpusR»MorphR»NeuralR.

7.4 Data Augmentation
Given the relatively small size of APGC v2.1 and
motivated by recent work on using data augmenta-
tion to improve grammatical error correction (Wan
et al., 2020; Stahlberg and Kumar, 2021), we inves-
tigate adding additional training examples through
data augmentation. We randomly selected 800K
sentences from the English-Arabic portion of the
OpenSubtitles 2018 dataset, which was used to
build APGC. We ensured that all extracted pairs
include either first or second (or both) person pro-
nouns on the English side: I, me, my, mine, myself,
and you, your, yours, yourself. To generate gen-
der alternatives of the selected Arabic sentences,
we pass each sentence four times through our best
gender rewriting system to generate all four user
gender contexts (1M/2M, 1F/2M, 1M/2F, 1F/2F).
We add the 800K selected Arabic sentences and
their 1M/2M, 1F/2M, 1M/2F, 1F/2F generated gen-

der alternatives to the Input, Target 1M/2M, Target
1F/2M, Target 1M/2F, and Target 1F/2F corpora
of the training split of APGC v2.1, respectively.
At the end, we end up with 857,603 Arabic par-
allel sentences (6,209,958 words). We make the
synthetically generated data publicly available.

8 Results

Table 3 presents the DEV set results. Joint+Side
Constraints and Joint+Morph+Side Constraints
significantly improve over the Joint+Morph base-
line with up to 13.87 increase in F0.5. The best
performing system overall is our multi-step model
using all rewrite components – Table 3(i), hence-
forth, Our Best Model. It improves over all the
joint models in every compared metric, includ-
ing a 22.84 increase in F0.5 when compared to the
Joint+Morph baseline. Our Best Model’s biggest
advantages seem to come from combining the three
word-level out-of-context gender alternative gen-
eration models in a cascaded setup to deal with
OOV words during the generation. Comparing (i)
with (e,f,g) in Table 3, we observe improvements
ranging from 3.91 to 6.02 F0.5.

We used Our Best Model to conduct the data aug-
mentation experiments as discussed in §7.4. The
full set of augmentation experiment results are pre-
sented in Appendix C. The best augmented model’s
results, which benefits from augmentation in the
GID and NeuralR components, are also presented
in Table 3(j). However, its increase of 0.19 points
in F0.5 is not statistically significant with McNe-
mar’s (McNemar, 1947) test at p > 0.05.

The results of our best models on the TEST sets
of APGC v2.1 and APGC v1.0 are presented
in Table 4. The results on APGC v2.1 TEST

show consistent conclusions with the DEV results.
Our best augmented model improves over its non-
augmented variant in every compared metric, in-
cluding a 0.25 absolute increase in F0.5 that is statis-
tically significant with McNemar’s test at p < 0.05.
For APGC v1.0, we do not report results with aug-
mentation for fair comparison to previous results.
In both TEST sets, we establish new SOTAs.

Error Analysis We conducted an error analysis
over the output of our best augmented system on
APGC v2.1 DEV. In total, there were 1,475 (5.5%
out of 26,588) sentences with errors across the four
target corpora. Table 5 presents a summary of the
error types our best augmented gender rewriting
model makes.
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P R F0.5 BLEU
(a) Do Nothing 100.0 0.0 0.0 89.36
(b) Joint + Morph 64.76 67.40 65.27 93.31
(c) Joint + Side Constraints 77.10 77.71 77.22 95.60
(d) Joint + Morph + Side Constraints 78.97 79.84 79.14 96.17
(e) GID + CorpusR + Selection 88.22 71.22 84.20 96.54
(f) GID + MorphR + Selection 84.48 75.29 82.47 96.96
(g) GID + NeuralR + Selection 84.62 73.32 82.09 96.75
(h) GID + CorpusR » MorphR + Selection 88.59 85.84 88.02 97.96
(i) GID + CorpusR » MorphR » NeuralR + Selection 88.46 86.74 88.11 98.04
(j) GIDAug + CorpusR » MorphR » NeuralRAug + Selection 88.67 86.84 88.30 98.05

Table 3: Results of a number of systems on the DEV set of APGC v2.1. Aug indicates using augmented data.

P R F0.5 BLEU
APGC Joint + Morph + Side Constraints 79.27 80.44 79.50 96.19

v2.1 GID + CorpusR » MorphR » NeuralR + Selection 88.70 86.13 88.17 97.98
Test GIDAug + CorpusR » MorphR » NeuralRAug + Selection 88.86 86.69 88.42 98.05

APGC Habash et al. (2019) 77.74 52.06 70.76 98.28
v1.0 Alhafni et al. (2020) 78.98 60.32 74.38 98.49
Test GID + CorpusR » MorphR » NeuralR + Selection 78.57 73.17 77.43 98.92

Table 4: Gender rewriting results on the TEST sets of APGC v2.1 and APGC v1.0.

1M/2M 1F/2M 1M/2F 1F/2F
GID 150 56% 194 70% 325 68% 324 72%
Rewrite 69 26% 50 18% 82 17% 66 15%
Select 49 18% 35 13% 73 15% 58 13%

Total 268 279 480 448

Table 5: Error type statistics of our best augmented
system’s performance on APGC v2.1 DEV.

Target 1M/2M 1F/2M 1M/2F 1F/2F
Google Translate 13.59 13.15 11.38 10.96
Best SystemAug 13.71 13.64 13.30 13.23

Table 6: BLEU results on the post-edited Google Trans-
late output of APGC v2.1 TEST using our best aug-
mented system.

The majority of errors (67.3%) were caused
by GID which achieves a word-level accuracy of
98.9% on DEV. The gender-rewriting errors con-
stituted 18.1% and selection errors 14.6%. Con-
sidering different target corpora, we observe that
every time an F target is added, the number of er-
rors increases. The 1M/2M target outputs has the
lowest number of errors (268 or 18%), while the
1M/2F targets outputs has the highest number of
errors (480 or 33%).

Use Case: Post-Editing MT Output We demon-
strate next how our proposed gender rewriting
model could be used to personalize the output of
user-unaware MT systems through post-editing.
We use the English to Arabic Google Translate
output sentences that are part of APGC v2.1. We
evaluate Google Translate’s output against all four
target corpora (1M/2M, 1F/2M, 1M/2F, 1F/2F) sep-
arately. To re-target Google Translate’s Arabic out-
put for the four user gender contexts we model, we
pass each Arabic sentence four times through our
best augmented system (Table 3(j)). We present
the evaluation in terms of BLEU in Table 6 over
APGC v2.1 TEST. All the results are reported in
an orthographically normalized space for Alif, Ya,
and Ta-Marbuta.

Again, we observe that every time an M partic-
ipant is switched to F, the BLEU scores drop for
Google Translate’s output. This is consistent to
what have been reported by Alhafni et al. (2022)
and highlights the bias the machine translation
output has towards masculine grammatical gen-
der preferences. The post-edited outputs gener-
ated by our best augmented system improves over
Google Translate’s across the four target user con-
texts, achieving the highest increase in 2.27 BLEU
points for 1F/2F.
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9 Conclusion and Future Work

We defined the task of gender rewriting in contexts
involving two users (I and/or You), and developed
a multi-step system that combines the positive as-
pects of both rule-based and neural rewriting mod-
els. Our best models establish the benchmark for
this newly defined task and the SOTA for a previ-
ously defined first person version of it. We further
demonstrated a use case of our gender rewriting
system by post-editing the output of a commercial
MT system to provide personalized outputs based
on the users’ grammatical gender preferences.

In future work, we plan to explore the use of
other pretrained models, and to work on the prob-
lem of gender rewriting in other languages and
dialectal varieties.

Ethical Considerations

Gender Rewriting Our underlying intention of
developing a gender rewriting model for Arabic
is to increase the inclusiveness of NLP applica-
tions that deal with gender-marking morphologi-
cally rich languages. Our work aims at empowering
and allowing users to interact with NLP technol-
ogy in a way that is consistent with their social
identities. We acknowledge that by limiting the
choice of gender expressions to the grammatical
gender choices in Arabic, we exclude other alter-
natives such as non-binary gender or no-gender
expressions. However, we are not aware of any
sociolinguistics published research that discusses
such alternatives for Arabic. We stress on the im-
portance of adapting Arabic NLP models to new
gender alternative forms as they emerge as part
of the language usage. We further recognize the
limitations of the gender identification component
we use as part of our multi-step gender rewriting
model as it relies on a language model that was
pretrained on a large monolingual Arabic corpus,
which could possibly contain biased text. We re-
alize the potential risks of our proposed gender
rewriting model if it is intentionally maliciously
misused to produce gender alternatives that do not
match the target users’ gender preferences.

Data We use the publicly available Arabic Paral-
lel Gender Corpus (APGC).7 It is subject to its cre-
ators’ own Copy Rights and User Agreement and
we strictly adhere to its intended usage. It is worth

7http://resources.camel-lab.com/

noting that APGC does not contain any hetero-
centric assumptions as part of its annotations (e.g.,
the word ú
k. ð

	P ‘my husband’ is labeled as gender-

ambiguous (B)). Moreover, all proper names are
labeled as B, even when they have strong gender-
specific association (Alhafni et al., 2022). The
Arabic data we use for our data augmentation ex-
periments was randomly sampled from OpenSub-
titles 2018 (Lison and Tiedemann, 2016), which
is publicly available.8 OpenSubtitles is distributed
under a Creative Commons license.9
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A Detailed Experimental Setup

Gender Identification We fine-tune CAMeL-
BERT MSA on a single GPU for 10 epochs with
a learning rate of 5e-5, batch size of 32, a seed
of 12345, and a maximum sequence length of 128.
For the augmentation experiments, we use the same
hyperparamters but we run the fine-tuning for 3
epochs. At the end of the fine-tuning, we pick
the best checkpoint based on the performance on
the DEV set. Our gender identification model has
108,506,901 parameters.

In-Context Ranking and Selection We fine-
tune CAMeLBERT MSA on a single GPU for 3
epochs with a learning of 5e-5, batch size of 32,
and a seed of 88. The fine-tuned CAMeLBERT
MSA model has 109,112,880 parameters.

Neural Rewriter (NeuralR) For the character-
level encoder-decoder neural rewriter model we use
a character embedding size of 128, a hidden size
of 256, a dropout probability of 0.2 on the outputs
of each GRU layer, and gradient clipping with a
maximum norm of 1. We train for 50 epochs on a
single GPU with early stopping after 6 epochs if
the loss does not decrease on the DEV set. We use
the Adam (Kingma and Ba, 2014) optimizer with
an initial learning rate of 5e-4, decaying by a factor
of 0.5 if the loss on the DEV set does not decrease
after 2 epochs. We train with greedy decoding
and a batch size of 32. We also apply scheduled
sampling (teacher forcing) (Bengio et al., 2015)
with a constant sampling probability (0.3) during
training. During inference, we use beam search
with a beam width of 10 to produce the top 3-best
hypotheses. Our NeuralR model has 3,287,110
parameters.

Joint Models The training settings and the hy-
perparameters of the joint models are identical to
the ones we use in our NeuralR model.

The crucial difference between the
Joint+Morph model and its extended variants
(Joint+Side Constraints and Joint+Morph+Side
Constraints) is that the rewriting in the
Joint+Morph model is conditioned on the
sentence-level target gender. The representation
of the sentence-level target gender in the baseline
model is learned as an embedding of size 10 during
training and only used in the decoder.

Our Joint+Morph model has 3,481,178 pa-
rameters; the Joint+Side Constraints model has

3,293,258 parameters; and the Joint+Morph+Side
Constraints model has 3,480,926 parameters.

Training Time The CorpusR model was trained
on a single CPU and it took ≈2 minutes to be
trained. All our neural models were trained on a
single GPU. Fine-tuning CAMeLBERT MSA on
the gender identification task took ≈1 hour; fine-
tuning CAMeLBERT MSA on the MLM objective
took ≈1 hour. Training the NeuralR model with
different settings took ≈12 hours in total. All the
baseline joint models took ≈29 hours to be trained.

It is worth noting that all the results presented
in this work are reported over a single run and
the hyperparameters of our neural models were
manually tuned based on the performance on the
DEV set.

B Arabic Parallel Gender Corpus v2.1:
Extended Word-Level Annotations

Word Gender 
Label Train Dev Test

B 385,693 44,629 108,411 538,733
B+1M 28 5 10 43
B+1F 28 5 10 43
B+2M 1,042 98 279 1,419
B+2F 1,042 98 279 1,419
1M+B 3,490 422 958 4,870
1F+B 3,490 422 958 4,870
2M+B 16,320 1,787 4,548 22,655
2F+B 16,320 1,787 4,548 22,655
1M+1F 0 0 0 0
1F+1M 0 0 0 0
1M+2F 1 0 0 1
1F+2M 1 0 0 1
1M+1M 9 0 1 10
1F+1F 9 0 1 10
1M+2M 1 0 0 1
1F+2F 1 0 0 1
2M+1M 1 0 0 1
2F+1M 1 0 0 1
2M+1F 1 0 0 1
2F+1F 1 0 0 1
2M+2M 22 2 8 32
2F+2F 22 2 8 32
2M+2F 0 0 0 0
2F+2M 0 0 0 0

427,523 49,257 120,019 596,799

Table 7: The statistics of the extended word-level gender
annotations of APGC v2.1 across the TRAIN, DEV, and
TEST splits.
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P R F0.5 BLEU
(a) GID + CorpusRAug » MorphR » NeuralR + Selection 88.19 86.66 87.88 98.04
(b) GIDAug + CorpusR » MorphR » NeuralR + Selection 88.63 86.91 88.28 98.05
(c) GID + CorpusR » MorphR » NeuralRAug + Selection 88.50 86.64 88.12 98.04
(d) GIDAug + CorpusRAug » MorphR » NeuralR + Selection 88.41 86.89 88.10 98.06
(e) GIDAug + CorpusR » MorphR » NeuralRAug + Selection 88.67 86.84 88.30 98.05
(f) GIDAug + CorpusRAug » MorphR » NeuralRAug + Selection 88.39 86.87 88.08 98.05

Table 8: Results of the data augmentation experiments on the DEV set of APGC v2.1. Aug indicates that the
component of the system is trained on the augmented data.

C Augmentation Experiments

When it comes to the data augmentation experi-
ments, we took the best performing system (Table
3(i)) and explored training its different components
on the augmented training data. Evaluation results
on the DEV set of APGC v2.1 using data augmen-
tation are presented in Table 8. Starting off with
training the CorpusR model on the augmented
data (Table 8(a)), we notice a decrease in perfor-
mance by 0.23 F0.5 compared to Our Best Model
(Table 3(i)). This is attributed to the noisy cov-
erage increase in the CorpusR model and can be
observed by the decrease in precision (88.19) and
recall (86.66). When we train the GID and the Neu-
ralR models on the augmented data (Table 8(b-c)),
we get an increase in F0.5 reaching 88.28 and 88.12,
respectively. However, using both the augmented
GID and CorpusR models (Table 8(d)) decreases
the performance slightly as it achieves 88.10 in
F0.5. The best performing system was the one that
uses both the augmented GID and NeuralR models
(Table 8(e)) as it improves over its non-augmented
variant reaching 88.30 (0.19 increase) in F0.5. Com-
bining the three augmented GID, CorpusR, and
NeuralR models (Table 8(f)) achieves 88.08 in
F0.5.
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Abstract
Large language models are increasingly capa-
ble of generating fluent-appearing text with rel-
atively little task-specific supervision. But can
these models accurately explain classification
decisions? We consider the task of generating
free-text explanations using human-written ex-
amples in a few-shot manner. We find that
(1) authoring higher quality prompts results
in higher quality generations; and (2) surpris-
ingly, in a head-to-head comparison, crowd-
workers often prefer explanations generated by
GPT-3 to crowdsourced explanations in exist-
ing datasets. Our human studies also show,
however, that while models often produce fac-
tual, grammatical, and sufficient explanations,
they have room to improve along axes such
as providing novel information and supporting
the label. We create a pipeline that combines
GPT-3 with a supervised filter that incorpo-
rates binary acceptability judgments from hu-
mans in the loop. Despite the intrinsic subjec-
tivity of acceptability judgments, we demon-
strate that acceptability is partially correlated
with various fine-grained attributes of explana-
tions. Our approach is able to consistently fil-
ter GPT-3-generated explanations deemed ac-
ceptable by humans.

1 Introduction

As natural language understanding tasks have be-
come increasingly complex, the field of explainable
NLP has embraced explanations written in free-
form natural language. In contrast to extractive
explanations that highlight tokens in the input, free-
text explanations provide a natural interface be-
tween machine computation and human end-users
(Hendricks et al., 2016; Camburu et al., 2018). The
dominant paradigm for producing free-text expla-
nations is via direct supervision, i.e., training an
autoregressive, generative language model to pre-
dict human-authored explanations directly (Kim
et al., 2018; Park et al., 2018; Ehsan et al., 2018;
Narang et al., 2020; Wiegreffe et al., 2021, i.a.).
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Instance + Explanation Prompt 

Acceptability 
Predictions

greedy stochastic

Crowdworker 
Acceptability 

Labels 

“When eating a hamburger with friends, what is 
one trying to do?” have fun. Explanation: …

“Usually a hamburger with friends 
indicates a good time.”

Figure 1: Illustration of our overgeneration + filtra-
tion pipeline for producing human acceptable explana-
tions for CommonsenseQA and SNLI (see examples in
Table 1). Authors of this work write explanations to
prompt GPT-3, generating 5 explanations per instance.
An acceptability filter, trained on human binary accept-
ability judgments, determines which of these generated
explanations are plausible. Evaluation is performed at
both the explanation and the instance level.

However, collecting high-quality written expla-
nations to serve as supervision is difficult and ex-
pensive. More than 70% of existing free-text ex-
planation datasets are crowdsourced (Wiegreffe
and Marasović, 2021), and even the most metic-
ulous crowdsourcing efforts frequently fail to elicit
logically consistent and grammatical explanations
(Narang et al., 2020). Furthermore, a lack of
standardized crowdsourcing design has resulted in
highly varied datasets, which are hard to compare
or combine (Tan, 2021).
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Recent progress in prompting large language
models (LLMs) provides a potentially promising
alternate to large-scale crowdsourcing. The in-
context learning paradigm, wherein powerful lan-
guage models are prompted in a few-shot manner
with just a few examples, has proven surprisingly
effective across a range of NLP tasks (Radford
et al., 2019; Brown et al., 2020; Shin et al., 2020;
Schick and Schütze, 2021a, i.a.). In this work
we ask: can LLMs also generate reliable expla-
nations? In human subjects studies, we find that
GPT-3 (Brown et al., 2020) can be readily made
to generate explanations via prompting, and sur-
prisingly, humans often prefer GPT-3 generated
explanations to crowdsourced explanations in ex-
isting datasets (§2).

Two additional human subjects studies, however,
demonstrate that GPT-3-generated explanations
still have significant room for improvement along
axes such as providing new information (i.e., avoid-
ing repetition) and supporting the label; human
subjects found less than half of greedily-decoded
GPT-3-generated explanations to be acceptable
with 100% agreement. To improve upon this, we
re-frame the role of crowd annotators: instead of
asking them to write explanations as in prior work,
we (1) repeatedly query GPT-3 to generate multi-
ple candidate explanations for each input instance,
and (2) ask crowdworkers to rate the acceptability
of each candidate generation. After showing that
GPT-3 can usually generate an explanation that hu-
mans unanimously find acceptable within as few as
five queries (§3), we use a small number of these
binary crowdworker judgments to supervise an ac-
ceptability filtering model, which can be applied
to select high quality candidates among GPT-3’s
outputs (Figure 1; §4).

Despite intrinsic subjectivity in acceptability rat-
ings, our supervised model improves upon the
already-competitive few-shot paradigm by consis-
tently selecting (human-identified) high quality ex-
planations better than strong baselines. Human
evaluations reveal that the filtration model not only
improves acceptability, but also other axes like sup-
porting the label and providing novel information.

In summary, our main findings are:

i. few-shot prompting with GPT-3 produces sur-
prisingly competitive explanations, providing
a promising alternative to crowd-authored free-
text explanation corpora;

ii. binary human labeling can instead be leveraged

to train a filter that selects high-quality machine-
generated explanations; and

iii. in areas where GPT-3 struggles, including infor-
mation content, supporting the label, and overall
acceptability, our proposed overgenerate-and-
filter pipeline improves generated explanations.

We publicly release our code and data.1

2 GPT-3 is Competitive with
Crowdsourced Explanation Datasets

We investigate three research questions:
1. Are GPT-3-generated explanations preferable to

crowdsourced ones in existing datasets? (§2.1)
2. Can improving prompt quality improve GPT-3-

generated explanations? (§2.2)
3. Along what fine-grained dimensions are GPT-3-

generated explanations preferred, and do these
correlate with overall acceptability? (§2.3)

Explanation tasks and datasets. We consider
two English tasks: CommonsenseQA and natural
language inference (NLI), shown in Table 1. Com-
monsenseQA (Talmor et al., 2019) is a multiple
choice task posed over commonsense questions.
Crowdsourced free-text explanations for instances
in CommonsenseQA are provided in the CoS-E
v1.11 (Rajani et al., 2019) and ECQA (Aggarwal
et al., 2021) datasets. ECQA explanations are coun-
terfactual, i.e., annotators were instructed to ex-
plain not only the correct answer choice but also
why the others are incorrect. ECQA was released to
address the quality issues of CoS-E (Narang et al.,
2020); for completeness, we experiment with both.
Our second task is NLI, which involves inferring
whether a given hypothesis sentence entails, contra-
dicts, or is neutral towards a premise. This task is
instantiated with the SNLI dataset (Bowman et al.,
2015) and crowdsourced explanations from e-SNLI
(Camburu et al., 2018). For each task, we report
results on a fixed, randomly-sampled 250-instance
test set not observed during prompt design.

Few-shot prompting for explanations. We use
GPT-3 Davinci2 (Brown et al., 2020), an autore-
gressive language model with ~175B parameters
trained on a large dataset of text scraped from the
internet. We prompt the model with several (ques-
tion, gold answer, explanation) triplets followed by
an unexplained question-gold answer instance for

1https://github.com/allenai/few_shot_explanations/
2Non-instruct version, available in Summer 2021.

633

https://github.com/allenai/few_shot_explanations/


SNLI (Bowman et al., 2015)

Premise: Dark-haired man wearing a watch and oven
mitt about to cook some meat in the kitchen.
Hypothesis: A man is cooking something to eat.
Label: entailment

e-SNLI (Camburu et al., 2018): Meat is cooked in a
kitchen, and is a food that you eat. Using an oven mitt
implies you’re about to cook with hot utensils.
GPT-3: Cooking is usually done to prepare food to eat.

CommonsenseQA (Talmor et al., 2019)

Question: What is the result of applying for job?
Answer Choices: anxiety and fear, increased workload,
praise, less sleep, or being employed
Correct Choice: being employed

CoS-E (Rajani et al., 2019): being employed applying
for job
ECQA (Aggarwal et al., 2021): Applying for a job is
followed by attending interview which results in being
employed. Applying for a job may not result in the other
options.
GPT-3: Applying for a job can result in being em-
ployed, which is a positive outcome.

Table 1: Task-specific instances, along with their
crowdsourced explanations from the respective
datasets, shown alongside explanations generated
greedily by GPT-3. In our experiments, the SNLI GPT-
3 explanation was preferred over its corresponding
e-SNLI explanation by 2/3 annotators. For Common-
senseQA, 3/3 preferred the GPT-3 explanation to the
CoS-E explanation, and 2/3 to the ECQA one.

which we expect the model to generate an explana-
tion.3 We use a total of 115 randomly sampled train
instances to create our prompts; each prompt con-
sists of 8-24 randomly selected examples from this
set. For each instance, we generate a single expla-
nation with greedy decoding. More details about
prompt construction are in Appendix A; example
prompts are given in Tables 2 and 11.

Crowdsourcing evaluation. Given that existing
automatic metrics often do not correlate well with
human judgements of explanation quality (Clinciu
et al., 2021; Kayser et al., 2021), we conduct human

3We condition on the gold label as a methodological con-
trol to ensure reliable human evaluation. In pilot studies, we
found it hard to avoid bias against explanations when we
disagreed with the predicted label. Prior work (Kayser et al.,
2021; Marasović et al., 2021) has removed this confounder
by only considering explanations for correctly-predicted in-
stances, which may overestimate explanation quality. Our
method allows us to report results on a truly representative
sample. We experiment with incorrect vs. correct predictions
in Appendix C, finding that GPT-3 can competitively explain
gold labels for instances it predicted incorrectly.

Let’s explain classification decisions.
A young boy wearing a tank-top is climbing a tree.
question: A boy was showing off for a girl.
true, false, or neither? neither
why? A boy might climb a tree to show off for a girl,
but he also might do it for fun or for other reasons.
###
A person on a horse jumps over a broken down airplane.
question: A person is outdoors, on a horse.
true, false, or neither? true
why? Horse riding is an activity almost always done
outdoors. Additionally, a plane is a large object and is
most likely to be found outdoors.
###
There is a red truck behind the horses.
question: The horses are becoming suspicious of my
apples.
true, false, or neither? false
why? The presence of a red truck does not imply there
are apples, nor does it imply the horses are suspicious.
###
A dog carries an object in the snow.
question: A dog is asleep in its dog house.
true, false, or neither? false
why?

Table 2: Example of a prompt with 3 training examples
for SNLI: presented are the premise/hypothesis pairs,
the gold labels, and the explanations (written by us)
that act as input to GPT-3 (in practice, we use 8-24 ex-
amples per prompt). The text generated by the model
acts as the free-text explanation. In this case, the model
greedily auto-completes (given 12 examples): “A dog
cannot carry something while asleep”.

studies for evaluation.4 We ensure each experiment
has a substantial number of distinct crowdworkers
to mitigate individual annotator bias (Table 17).

We present workers with a dataset instance, its
gold label, and two explanations for the instance
generated under different conditions (“head-to-
head”). We then ask them to make a preferential
selection, collecting 3 annotations per data point.
We report inter-annotator agreement (IAA) using
Krippendorff’s α (Krippendorff, 2011). We find
low-to-moderate agreement across studies, indicat-
ing the subjective nature of the task; see Tables 3,
4, and 5. Appendix B contains further details on
quality control.

4Our studies were conducted on the Amazon Mechanical
Turk platform, at the Allen Institute for AI. We selected work-
ers located in Australia, Canada, New Zealand, the UK, or the
US, with a past HIT approval rate of >98% and >5000 HITs
approved, and compensated them at a rate of $15/hour. Each
worker completed qualifying exams on explanation evaluation
and the NLI task.
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Preferred Explanation (%)

Dataset Crowd Tie GPT-3 α

CoS-E 20.3 34.9 44.8 0.5
ECQA 52.7 12.9 34.4 0.2
e-SNLI 63.6 11.6 24.8 0.3

Table 3: Head-to-head human evaluation for 250 ex-
planations generated by GPT-3 vs. written by crowd-
workers in the datasets, along with Krippendorff’s α
for IAA. Results are shown as % preferences. We
prompted GPT-3 with crowd explanations from the cor-
responding datasets.

2.1 Are GPT-3 explanations preferred over
crowdsourced ones?

We perform a head-to-head comparison of expla-
nations generated by GPT-3 with greedy decod-
ing vs. gold human-written explanations in the
original datasets. The crowdsourced explanations
serve as a reasonable upper bound for what a su-
pervised explanation generation model trained on
them could produce. Table 1 contains examples of
GPT-3-preferred explanations.

Results are shown in Table 3. GPT-3 greedily-
decoded explanations are frequently preferred or
comparable to crowdsourced explanations in CoS-
E, which is not too surprising given the dataset has
many ungrammatical explanations (Narang et al.,
2020). And, while ECQA and e-SNLI explanations
are strongly preferred to GPT-3, there are still a non-
trivial number of cases where GPT-3 explanations
are competitive (47.3% and 36.4%, respectively).

2.2 Can improving prompt quality improve
GPT-3-generated explanations?

Preferred GPT-3 Explanation (%)

Dataset Crowd Prompts Tie Our Prompts α

CoS-E 6.9 13.5 79.6 0.2
ECQA 15.9 9.5 74.7 0.3
e-SNLI 30.8 26.8 42.4 0.5

Table 4: Head-to-head human evaluation for 250 ex-
planations generated by GPT-3 prompted with either
author-written explanations or crowdsourced explana-
tions from the associated datasets, along with Krippen-
dorff’s α for IAA.

Given that low-quality training instances may re-
sult in low-quality predictions (especially in a few
shot setting),5 we ask: can we improve GPT-3 gen-

5For example, GPT-3 reproduces known data artifacts in
the CoS-E corpus when prompted with explanations from it,
such as the recurring phrase “rivers flow trough (sp) valleys”.

Preferred Explanation (%)

Dataset Crowd Tie GPT-3 α

CoS-E 7.2 13.9 78.9 0.5
ECQA 44.5 9.7 45.7 0.4
e-SNLI 49.6 9.7 40.7 0.2

Table 5: Head-to-head human evaluation for 250 ex-
planations generated by GPT-3 vs. written by crowd-
workers in the datasets, along with Krippendorff’s α
for IAA. GPT-3 explanations were prompted with ex-
planations written by the authors.

erations simply by conditioning on higher-quality
instances? To this end, we replace the 115 crowd-
sourced explanations from the original datasets for
prompting GPT-3 with explanations carefully writ-
ten by the authors of this paper (see Table 12 for
examples). Our prompts are used to generate a dif-
ferent set of GPT-3 explanations on the same test
data.

We perform a head-to-head human evaluation
of the GPT-3 generations conditioned on the ex-
planations we wrote vs. those conditioned on the
crowdsourced explanations. Results in Table 4
show that, for all three corpora, generations condi-
tioned on our explanations outperform generations
conditioned on crowdsourced ones, illustrating the
importance of good-quality prompts for GPT-3.

We repeat the experiment of §2.1, but with our
prompts instead of dataset prompts. With this
change, GPT-3 generations are even more com-
petitive (Table 5). For all three datasets, more than
half the time, few-shot prompting results in an ex-
planation at least as good as a human-written ex-
planation. For subsequent experiments, we prompt
GPT-3 with the author-written explanations.

2.3 What types of explanations does GPT-3
generate?

Pairwise evaluations can only offer perspective on
the relative quality of generated explanations. Are
crowd annotators simply comparing explanations
on surface-level features like grammaticality?

To understand finer-grained characteristics of ex-
planations, we design a second human study to col-
lect absolute Likert-scale judgments across seven
axes of quality (with each explanation judged by
3 annotators). The first three axes capture surface-
level features: generality, grammaticality, and fac-
tuality. The next three capture richer aspects of
explanation quality: whether new information is
introduced (a requirement for non-vacuous explana-
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Figure 2: Absolute evaluation for GPT-3 and crowdsourced explanations for CommonsenseQA via CoS-E (top)
and ECQA (middle) datasets, and for NLI via the e-SNLI dataset (bottom). The distribution of mean scores of 3
annotators for each instance in the test set is plotted. All attributes besides Factuality and Amount Info are binary.
*Amount Info is the only attribute for which a value of 0 is preferred to a value of 1. See Table 18 for more details.

tions), whether explanations support the gold label,
and whether the amount of information given is
sufficient. Finally, we ask for an overall judgement
of quality: is the explanation acceptable? We ex-
plain our design process in Appendix B.3. Results
on the crowdsourced and GPT-3 explanations for
both tasks are given in Figure 2.6

For both tasks, GPT-3 explanations do well in
all 3 surface-level categories, with statistically sig-
nificantly greater ratings in generality and gram-
maticality (and factuality for CommonsenseQA)
compared to crowdsourced explanations, and dis-
tributional means close to 1. In these categories,
there is little room for improvement.

On the other hand, GPT-3 explanations do not
contain as much new information as ECQA and
e-SNLI explanations, indicating substantial room
for improvement (mean=0.1 for both tasks com-
pared to 0.6 for ECQA and 0.2 for SNLI; these
differences are statistically significant at p ≤ 0.01).
GPT-3 explanations are substantially more support-
ive of the label vs. CoS-E, but not as supportive
as ECQA or e-SNLI (all statistically significant
at p ≤ 0.1). Indeed, the mean rating of GPT-3
explanations for label support is 0.5 for Common-

6Krippendorff’s α is 0.48 for CommonsenseQA annota-
tions and 0.31 for SNLI; see Table 15.

senseQA and −0.1 for NLI, demonstrating room
for improvement. These axes are crucial to ensur-
ing explanations are not vacuous and are on-topic.
Finally, GPT-3 explanations are judged as accept-
able at higher rates than CoS-E or ECQA explana-
tions, but not e-SNLI explanations. Mean scores of
0.5 (CommonsenseQA) and 0.0 (NLI) indicate that
GPT-3 explanations have room to improve overall.7

Correlation between acceptability and other at-
tributes To understand what factors are impor-
tant for the overall “acceptability" judgement, we
compute Spearman correlation (ρ; Spearman, 1987)
between acceptability and all other attributes (Ta-
ble 6). Each is positively correlated with accept-
ability, though with varying degrees of magnitude.
Acceptability is least correlated with “new infor-
mation," and most correlated with grammaticality,
generality, and the explanation’s support for the
label. Overall, the results indicate that human pref-
erence for explanations is not fully explained by
any one attribute, and is not limited to surface-level
features.

7We do not evaluate explanations counterfactually, which
may explain why ECQA explanations are often labeled as
having “too much information”. See Appendix B.1.
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Attribute ρ n

Generality 0.25 3750
Factuality 0.17 2958
Grammar 0.31 3750
New Info 0.05 3750
Supports Label 0.22 2943
∗Amount Info 0.16 1761

Table 6: Spearman’s correlation (ρ) between acceptabil-
ity and other attributes in Figure 2. For Amount Info, a
value of 0 is preferred to a value of 1. All results are
statistically significant at p <0.01.

3 Beyond Greedy Explanations

While GPT-3 explanations demonstrate strength
across surface-level features and are surprisingly
competitive in head-to-head settings, they can still
be improved. One might imagine a setting with
multiple end-users in which we wish to provide
the most unambiguously acceptable explanation
as output from a system. When considering the
data from §2.3, we find that only 46.3% of the
greedily-decoded GPT-3-generated explanations
for CommonsenseQA and 31.5% for NLI are rated
acceptable by 3/3 annotators.8

Inspired by work in other generation tasks
(Holtzman et al., 2020; Massarelli et al., 2020;
Holtzman et al., 2021), we hypothesize that equally
or more informative explanations can be generated
by sampling stochastically. We sample 4 additional
generations from GPT-3 for each instance to com-
plement the greedy generation. We crowdsource 3
acceptability annotations for each new explanation.

As expected, sampled explanations exhibit lower
3/3 acceptability than greedy explanations (25.1%
for CommonsenseQA; 11.3% for SNLI). However,
this results in a surprisingly higher proportion of
instances that have at least one acceptable expla-
nation in the set of 5. The greedy explanation was
judged to be 3/3 acceptable in 46.3% of instances
for CommonsenseQA and 31.5% for NLI; this in-
creases to 79.5% and 51.2%, respectively, when
sampled explanations are included.9

4 Improving Explanation Generation
with Acceptability Filtering

The challenge of overgeneration is that GPT-3
alone cannot discern which of its stochastic samples

8In §4, we show that these are not upper-bounds caused by
intrinsic subjectivity, and that they can be improved upon.

9Appendix D provides similar results for the 2/3 accept-
ability threshold.

are acceptable. Inspired by West et al. (2021), we
explore training a supervised filter on the collected
labels. Our key intuition is that by re-framing the
role of annotators from explanation authors to bi-
nary judges, we can alleviate the need to collect
a large-scale explanations dataset—the result is a
simpler, cheaper, and easier crowdsourcing setup
to administer (§4.1). Namely, we can (1) aggregate
ratings over multiple annotators to produce more
reliable labels, (2) use numerical metrics of anno-
tator agreement to remove annotators contributing
noisy data, and (3) collect annotations more quickly
and cheaply than asking annotators to hand-write
explanations. Moreover, we find that the filter can
be trained with a relatively small amount of binary
human judgments (§4.2). We demonstrate that the
trained model is not simply taking advantage of
surface-level features (§4.4). Figure 1 presents an
overview of our pipeline.

4.1 Acceptability Annotations

We generate train and validation sets by repeating
the procedure of generating 1 greedy and 4 sam-
pled explanations for 991 and 1K instances, respec-
tively, of the CommonsenseQA and SNLI training
sets. Combining these with the annotated test sets
from previous experiments results in a dataset of
1241/1250 instances in a 72/8/20% train/val/test ra-
tio for each task. We again collect 3 binary accept-
ability ratings for each instance, resulting in ~6200
instance-explanation pairs and ~19K individual an-
notations per task. Table 13 contains statistics. To
ensure that models trained on these corpora do not
overfit to specific annotators (Geva et al., 2019), we
collect an additional set of judgments for the test
set of SNLI from a group of annotators who did
not participate in any of our previous annotation
tasks (“Test2”). Figure 9 and Figure 10 show the
user interface.10

While we evaluate at test-time with the schema
that only instances that 3/3 annotators deem ac-
ceptable are considered acceptable, preliminary
experiments show that treating both 2/3 and 3/3
agreement instances as acceptable during training
performs best on the 3/3 evaluation criterion at
test-time.11 We also train a variant where we ran-
domly select one annotation from the three as the
gold label (“without human agreement”).

10Krippendorff’s α for all acceptability annotations is 0.34
for CommonsenseQA and 0.39 for SNLI (see Table 14).

11Our results don’t significantly change if a 2/3 cutoff is
used at test time instead: Appendix F contains the results.
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4.2 Acceptability Filter

Concretely, given the problem instance, the gold la-
bel, and a generated explanation, the acceptability
filter predicts whether the explanation is acceptable.
We fine-tune two sequence-to-sequence architec-
tures, T5-Large (Raffel et al., 2020) and T0-3B
(Sanh et al., 2022). Each model is trained 5x with
different random seeds. Further training details are
given in Appendix E.

Baselines. We train an explanation-only base-
line, which receives as input only the explanation;
similar baselines have been proposed for NLI (Po-
liak et al., 2018; Gururangan et al., 2018). These
models represent the hypothesis that annotator rat-
ings can be reconstructed with only surface features
of the explanation candidates, e.g., grammatical-
ity. We also consider a negative log-likelihood
(NLL) baseline, which uses GPT-3’s estimated
probability as the acceptability classification score.
This is a slightly more competitive baseline than
greedy; greedy usually (but not always) produces
the highest-likelihood explanation.12

4.3 Evaluation

We consider three evaluation settings. The first
is instance-level (“select-1”), where the system
returns 1 explanation selected from the set of 5
for each instance. We return the explanation with
the highest model-estimated probability and report
instance-level accuracy, i.e., the % of instances for
which a gold acceptable explanation is selected.

We also evaluate at the explanation-level,
where we treat each explanation independently and
compute metrics over the full dataset. This aligns
with the binary classification training of the mod-
els (cross-entropy on the explanation labels) and
is suited for the setting in which we want to return
all of the acceptable explanations per instance. In
this setting, we report average precision (AP), an
estimate of area under the precision-recall curve.

Finally, we perform an absolute human evalu-
ation (§2.3) on the subset of instances where the
filter model does not select the greedy explanation
as the best, i.e., comparing “select-1” performance
to a greedy baseline on the instances where it dif-
fers. We additionally re-perform the head-to-head
comparison of Table 5, replacing the greedy GPT-3
explanations with those selected by the filter.

12According to GPT-3, a sampled explanation from the set
of 5 has a lower NLL than greedy for only 2.8% and 3.6% of
instances, respectively, of our Com.QA and SNLI test sets.

“Select-1” Acc@3/3 Expl.-level AP@3/3

Dev Test Dev Test

Random 26.83.2 30.62.1 27.41.1 31.60.4
Constant — — 27.9 31.8
NLL 41.8 52.0 42.4 45.6

T5-L Expl.-only 40.23.9 49.81.1 43.51.5 50.01.9
T0-3B Expl.-only 42.61.4 47.31.6 41.12.0 54.11.7

T5-L w/o HA 46.62.3 55.43.2 47.02.3 56.93.6
T5-L 46.42.9 55.42.1 45.13.4 58.31.5
T0-3B w/o HA 48.42.0 57.42.8 44.52.3 59.82.7
T0-3B 48.60.9 59.91.1 49.71.6 64.01.5

Oracle U.B. 78.0 82.0 100.0 100.0

Table 7: Results for acceptability classifiers trained
on CommonsenseQA. Subscripts indicate standard er-
ror over models trained with 5 different random seeds.
“w/o HA” = without human agreement. “Oracle U.B”
indicates upper bound based on dataset properties (§3).

“Select-1” Acc@3/3 Explanation-level AP@3/3

Dev Test Test2 Dev Test Test2

Random 15.20.7 14.70.1 13.60.3 15.00.6 14.40.3 13.80.2
Constant — — — 15.2 14.5 13.7
NLL 33.0 32.0 31.6 29.9 32.7 28.5

Expl.-only 30.20.8 30.92.1 27.81.8 30.62.5 30.61.3 25.92.3
w/o HA 38.21.9 38.51.8 36.21.4 49.35.3 48.53.3 52.85.3

Full 37.80.8 38.70.7 35.01.2 46.83.6 47.63.5 49.54.8

Oracle U.B. 51.0 52.4 46.4 100.0 100.0 100.0

Table 8: Results for SNLI explanation acceptability; all
model results are on T0-3B. See Table 7’s caption.

4.4 Results
Classifier performance is given in Tables 7-8.

Effect of model size. On CommonsenseQA, T0-
3B outperforms T5-Large by ~2-4% select-1 accu-
racy and ~5-6% explanation-level AP across splits.
We use T0-3B in subsequent experiments.

NLL baseline vs. full model. For both tasks
on both validation and test sets, T0-3B outper-
forms the NLL baseline substantially. On Common-
senseQA, we observe a 7-8% gain in instance-level
accuracy, and a gain of 18% explanation-level AP
on the test set. This provides strong evidence that
the supervised model is able to incorporate binary
human feedback to predict acceptable explanations
at a level much higher that GPT-3 achieves on its
own. We present examples where “select-1” pre-
dictions differ between NLL and our filter model
in Table 10 and Table 16.

Explanation only vs. full model. Our results
suggest that our models are leveraging feature in-
teractions between the instance and explanation to
make their predictions: without instance-level con-
text, the explanation-only baselines are on average
more than 5 points worse across metrics. Though
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Figure 3: Absolute evaluation results in the “select-1” setting for the instances where our best-performing filter
model does not select the greedy explanation (156 instances for CommonsenseQA (top); 91 for NLI (bottom)).
See caption of Figure 2 and the Appendix-Table 20 for more details and statistical significance results.

Preferred Explanation (%)

Dataset Gold-Standard Tie GPT-3 α

CoS-E 2.9 3.6 93.5 0.25
ECQA 19.9 10.0 70.1 0.05
e-SNLI 49.9 6.9 43.2 0.14

Table 9: A replication of Table 5, except the GPT-3
explanations are now the top-1 of our filter system.

they under-perform significantly relative to the full
model, explanation-only baselines do fare surpris-
ingly well, indicating that shallow features like
factuality and grammaticality may represent latent
factors in human acceptability judgments.

The effect of multiple training annotations. In
some cases, performance improves if the training
instances are labeled with the consensus of three
annotators (vs. the singularly annotated case “w/o
HA"), though the effects are inconsistent. In most
cases, using consensus labels results in reduced
variance across random seeds. However, the gains
may not outweigh the 3x annotations required.

Our model doesn’t overfit to specific annota-
tors. The performance of our model when evalu-
ated on the NLI test set labeled by separate anno-
tators (“Test2”) is comparable to the original test
set (instance-level accuracy drops a few points, but
explanation-level AP slightly rises).

Our model improves generated explanations
along desirable traits. We present our absolute
human evaluation for greedy vs. filtered expla-
nations from GPT-3 in Figure 3— for both tasks,
explanations filtered by our model more readily

SNLI

Premise: An officer in a black uniform and hat stands
to the left of a large structure with other officers in the
background.
Hypothesis: An officer enjoys coffee in a shop.
Label: contradiction
NLL-Predicted Explanation: An officer in a black
uniform and hat is not necessarily an officer enjoying
coffee in a shop.
Filter-Predicted Explanation: An officer in a struc-
ture standing to one side is not the same as enjoying
coffee in a shop.

CommonsenseQA

Question: Where would there be an auditorium with
only a single person speaking?
Answer choices: theater, park, university campus,
crowd, or lights
NLL-Predicted Explanation: An auditorium is a large
room used for lectures, and a single person speaking is
likely to be a lecture.
Filter-Predicted Explanation: On university or
university-like campuses, the auditoriums are often used
for lectures or other University events, where a single
person might be speaking.

Table 10: Randomly-selected instances that our filter
model predicts differently than NLL at the “select-1”
task and got correct, but NLL got incorrect.

introduce new information, support the label, and
contain at least enough information for both tasks
(in addition to being more acceptable). Interest-
ingly, greedy explanations still prevail in surface-
level features (grammaticality and, in the case of
CommonsenseQA, factuality; differences are sta-
tistically significant with low p, see Table 20).13

We additionally find in our head-to-head study

13Krippendorff’s α for these experiments is 0.32 for Com-
monsenseQA and 0.33 for SNLI.
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(Table 9) that, compared to Table 5, using filtered
GPT-3 explanations instead of greedy increases the
preference for GPT-3 explanations by 15-24% for
both CommonsenseQA datasets. We do not see
an increase in the SNLI case, which may be due
to the fact that fewer GPT-3 explanations change
after filtering (36.4%, compared to 62.4% for Com-
monsenseQA), and GPT-3 explanations for SNLI
tend to be less acceptable overall, resulting in a
lower upper-bound oracle of instances where an
acceptable explanation can be selected (§3).

In summary. We have demonstrated the effec-
tiveness of modeling binary crowd judgements of
acceptability as a means to select candidates from
GPT-3 which are deemed acceptable with unan-
imous agreement. For the method that does not
leverage human agreement, this is done with only
~5k binary annotations. We additionally demon-
strate that our filtered explanations improve upon
greedy generations in fine-grained categories that
probe their topical relevance and meaningful con-
tent. The gap between our best model and the
upper-bound oracle indicates that there is still sub-
stantial room for improvement in both task settings
(but especially for SNLI). Future work may investi-
gate sampling more explanations, or incorporating
other sources of supervision signal.

5 Related Work

Free-text explanation generation. The earliest
neural free-text explanation models did so for com-
puter vision applications (Hendricks et al., 2016;
Park et al., 2018; Kim et al., 2018) and NLI (Cam-
buru et al., 2018). These methods relied on super-
vised datasets to train the explanation generator.
Others have proposed to generate explanations or
clarifications to improve task performance in a su-
pervised (Rajani et al., 2019; Lampinen et al., 2022)
or unsupervised (Shwartz et al., 2020) manner. Yor-
danov et al. (2021) study transfer learning between
datasets for few-shot generation.

Latcinnik and Berant (2020) proposed a method
to generate free-text explanations supervised only
on task signal, and Brahman et al. (2021) used
sources of weak supervision to generate expla-
nations for defeasible inference. Paranjape et al.
(2021) design hand-crafted templates which they
use with mask-infilling to produce contrastive ex-
planations from pretrained language models.

Concurrent work (Marasović et al., 2021) stud-
ies the effect of prompt format and model size on

crowdworker judgements of prompted explanation
plausibility. They find that GPT-3 Davinci out-
performs other smaller pretrained models, but that
crowdworkers find these explanations less plausi-
ble than those from the datasets, aligning with our
first experimental result (Table 3). We perform
a more in-depth study of the fine-grained criteria
comprising human acceptability, and demonstrate
that with higher-quality prompts and filtering, GPT-
3’s performance can be significantly improved.

Supervising on human preferences. Prior and
concurrent work has used binary judgements from
crowdworkers to fit models to human preferences
for non-XAI tasks such as summarization (Ziegler
et al., 2020; Stiennon et al., 2020), creating com-
monsense knowledge bases (West et al., 2021), and
building natural language inference datasets (Liu
et al., 2022). Unlike these works, we apply human
preference modeling to increase the human accept-
ability of model-generated free-text explanations.
West et al. (2021) demonstrate that GPT-3 + a super-
vised acceptability filter can generate a high-quality
causal knowledge graph: in addition to their work
being conducted in a different domain, our success
conditions and evaluation metrics differ because
we must produce a prediction for each instance
(whereas they can simply discard bad generations).

6 Conclusion

We demonstrate GPT-3’s capacity to generate free-
text explanations for NLP task instances in a few-
shot setting. We further improve this capability via
an overgenerate + filter approach, where the filter
is trained on supervision from human acceptabil-
ity ratings. We hope our results can guide future
work on free-text explanations via neural or neuro-
symbolic systems (Brahman et al., 2021; Majumder
et al., 2021; Saha et al., 2021). Future work may
also further investigate the benefits of counterfac-
tual explanations.

While human rationales for decision making are
not necessarily the same as model rationales, the
goal behind modeling human acceptability is often
to build trust with a human user. This trust may or
may not be warranted (Jacovi et al., 2021); future
work would be well-suited to further investigate
generated explanations for incorrect label predic-
tions such as in Appendix C, which could mislead
end users.
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7 Ethics & Broader Impacts

All datasets used in this work are public, and we
plan to release the machine-generated explanations
and annotations we collected. We do not collect any
personal information from our human participants.

Models that produce explanations in the means
used in our experimental protocol (i.e., by condi-
tioning on the gold labels) have the possibility to
cause humans to place unwarranted trust in an AI
system. This line of research is complementary
to works investigating the faithfulness of model-
generated free-text explanations (Hase et al., 2020;
Wiegreffe et al., 2021). We demonstrate in Ap-
pendix C that GPT-3’s explanations lack reliability
because the model can explain answer choices that
were not its prediction equally well. This may be
due in part to the fact that decoding algorithms
for generating predictions from language models
are sub-optimal (e.g., Zhao et al., 2021; Holtzman
et al., 2021) and GPT-3 may have factual knowl-
edge stored in its parameters about other answer
choices that allow it to provide reasonably accept-
able explanations. Until this phenomenon is bet-
ter understood, we do not condone using GPT-3-
generated explanations in real-world deployment.

Lastly, our model of human acceptability is
based on the aggregate judgements of participants
from primarily Western, English-speaking coun-
tries working on crowdsourcing platforms. The
subjective judgements of explanation acceptability
may vary significantly among different population
groups.
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Let’s explain classification decisions.
question: When remembering a tragedy in the past, what
do many people feel?
pain, depression, knowing, knowledge, or nostalgia?
depression
why? Remembering a past tradedy can resurface feel-
ings that arose in response to that tragedy. Because
tragedies are not positive events, it’s possible that sad-
ness and depression could arise from remembering it.
###
question: What do people do sometimes when they find
a good deal?
race cars, murder each other, believe in god, fight each
other, or fear death?
fight each other
why? Malls sometimes have sales, e.g., on black fri-
day, when they offer good deals; however, the items
are sometimes in limited supply, which can cause al-
tercations between folks, each trying to buy the same
item.
###
question: What does someone who has a greed for en-
ergy do?
buy food, lie, get, cause businesses to grow, or win?
buy food
why? When consumed, food provides energy and satis-
fies the greed for it.
###
question: Immediately after peeing, a person’s bladder
is what?
full, empty, filled, stretchable, or collapsed?
empty
why?

Table 11: Example of a prompt with 3 training exam-
ples for CommonsenseQA: presented are the question
and answer choices, the gold labels, and the explana-
tions (written by us) that act as input to GPT-3 (in prac-
tice, we use 8-24 examples per prompt). The text gener-
ated by the model acts as the free-text explanation. In
this case, the model greedily auto-completes (given 8
examples): “After peeing, the bladder is empty.”

along with a fixed 100-example “development set”
randomly drawn from the training set. We preserve
the “few-shot” approach by using a maximum of
these same 115 instances to develop our prompt-
ing methods. For these 115 examples, the authors
of this paper manually wrote high-quality expla-
nations to be used as prompt examples (Table 12).
As presented in Table 2, we found that structuring
SNLI as a question-answering task achieved the
best performance, similarly to Zhao et al. (2021).
We provide an example of our SNLI prompt in
Table 2 and CommonsenseQA in Table 11.

In-context learning methods have been shown to
have high variance based on hyperparameters in-
cluding example order, number of examples given,
and which examples are given (Jiang et al., 2020;
Zhao et al., 2021; Lu et al., 2022). While these

values have not been standardized, two prominent
papers, Schick and Schütze (2021b) and Brown
et al. (2020), use 32 and 64 prompt examples, re-
spectively. Due to the 2049-token limit of the Ope-
nAI GPT-3 API and the fact that the addition of
explanations elongates each prompt instance, we
find the maximum number of examples the API
can accommodate is 24 for CoS-E, e-SNLI, and
our handwritten explanations and 16 for ECQA.

The focus of this work is not on finding the opti-
mal prompt, but on developing a general strategy
for few-shot explanation generation that could be
successful when no additional (large) validation
set for tuning is available. Therefore, to provide
as robust of an expected performance estimate as
possible, we do not tune the additional hyperpa-
rameters, instead sampling them to approximate
performance.14 Namely, while prior work uses one
fixed prompt for all instances and varies the random
seed, we approximate the same expected perfor-
mance by sampling a new set of prompts for each
instance. We also sample the number of prompts
for each instance (and shuffle their order) from
the values {8, 16, 24} for CommonsenseQA exper-
iments, {8, 16} for experiments using ECQA ex-
planations, and {12, 18, 24} for SNLI experiments
(to maintain label balance). To overcome label
bias in prompt ordering, for tasks with distinct an-
swer choices per instance (CommonsenseQA), we
shuffle the answer choices. For tasks with fixed an-
swer choices (SNLI), we sample an equal number
of prompt instances for each label (so number of
prompt instances is a multiple of 3).

Table 12 shows a few non-cherry-picked ex-
amples of our handwritten explanations used as
prompts relative to the datasets.

B Crowdsourcing Details

We discuss shared details of the study designs in
§B.1. We discuss the head-to-head interface in
§B.2, the absolute interface in §B.3, and the ac-
ceptability interface in §B.4. Finally, we present
details on quality control and payment in §B.5 and
annotator statistics in §B.6.

B.1 Shared Interface Details
For all three human subjects study designs de-
signs, we show the user the input instance (e.g.,

14Perez et al. (2021) show that performing cross-validation
or tuning via maximum description length over a small valida-
tion set does not significantly outperform random sampling of
these values.
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SNLI (Bowman et al., 2015)

Premise: A person on a horse jumps over a broken
down airplane.
Hypothesis: A person is training his horse for a compe-
tition.
Label: neutral
Our Explanation: While it is possible that jumping a
horse over an obstacle is part of a training routine for
a competition, it is also possible that the horse ride is
being done for pleasure, not necessarily for a competion
(sp).
e-SNLI Explanation: the person is not necessarily
training his horse

Premise: Children smiling and waving at camera
Hypothesis: There are children present
Label: entailment
Our Explanation: Since the children are part of the
event of smiling at the camera, they are present at the
event under discussion.
e-SNLI Explanation: The children must be present to
see them smiling and waving.

CommonsenseQA (Talmor et al., 2019)

Question: A cat can’t talk, but a cat can what?
Answer choices: sleep all day, meow, shed fur, see
king, live many years
Our Explanation: A cat can meow as a way to vocal-
ize.
CoS-E Explanation: the cat is a small carnivorous
mammal
ECQA Explanation: A cat can meow but cannot see
the king. Meowing is how a cat communicates and
not by sleeping all day, shedding fur or by living many
years.

Question: "There are 10 apples on an apple tree. Three
fall off. Now there are X apples." What is this an exam-
ple of?
Answer choices: park, coloring book, garden center,
math problem, gravity
Our Explanation: A math problem is usually posed as
a question that requires some operation such as subtrac-
tion or addition to answer.
CoS-E Explanation: webmath is designed to help you
solve
ECQA Explanation: Math problem is an arithmetical
problem of addition, subtraction, multiplication or divi-
sion. So “There are 10 apples on an apple tree. Three
fall off. Now there are X apples.” is a math problem.
All the other options aren’t problems to be examples of
the given question.

Table 12: Examples of explanations used as prompts
from various sources, including our handwritten expla-
nations. Correct answers for CommonsenseQA are un-
derlined.

premise+hypothesis) and the gold label in addition
to the explanation(s). We explain our motivation
for using the gold label as a methodological control
in §2.

For a similar reason, we do not show the other
incorrect label choices to the user, which is particu-

larly of note for the CommonsenseQA task which
has different answer choices per instance. Some
instances in CommonsenseQA have multiple cor-
rect or very similar answer choices, due to noise
in the dataset and the fact that the wrong answer
choices were deliberately collected to make the
task challenging. We (the authors) again found we
struggled to accurately judge explanation quality
when we disagreed with the selected answer choice
or found multiple answer choices to be correct. To
remove this possible confounder, we instruct par-
ticipants to pretend the gold label is correct even if
they disagree with it, and make this easier by hid-
ing the other answer choices. This may result in a
slight bias in judgements against the ECQA dataset
due to its unique counterfactual nature, though our
goal was not to study the benefits and downsides
of counterfactual explanations in this work.

B.2 Head-to-Head Interface Details

We show the user the task input and gold label,
and ask them to select which of two explanations
best explains the answer. We instruct workers to
consider the gold label to be correct even if they
disagree with it (CommonsenseQA instances can
be subjective) and to ignore minor grammar and
spelling mistakes such as improper upper-casing.
Figures 5 and 6 show the evaluation interface.

B.3 Absolute Interface Details

Figures 7 and 8 show the absolute evaluation inter-
face (minus the acceptability attribute, which is col-
lected in a separate run of the study). Our interface
is inspired by prior work from psychology and the
social sciences (Leake, 1991; Gopnik, 1998; Lom-
brozo, 2007; Zemla et al., 2017; Chiyah Garcia
et al., 2018; Clinciu et al., 2021; Sulik et al., 2021).
We iterated over 3-4 versions of the questions and
UI design until we had optimized agreement rates
as much as possible. Our resulting two-part evalua-
tion consists of 7 questions:

Part 1: Context-Independent Evaluation We
first assess the explanation in isolation, i.e., these
questions are presented to the user without reveal-
ing the question/context that the explanation is at-
tempting to address:
1. How factual is this statement? (generally false,

sometimes or partially true, generally true, or
need more information to judge). This question
is designed to test both generality (can the expla-
nation’s truthfulness be ascertained or is more in-
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formation needed?) and factuality, which aligns
with “compatibility with receiver’s existing be-
liefs” and that the best explanation is the “most
likely” explanation from the receiver/user’s per-
spective (Lombrozo, 2007; Zemla et al., 2017;
Sulik et al., 2021). Generality is coded based
on whether a truthfulness answer is selected
(considered to be general) or whether the “need
more information to judge” choice is selected
(considered not to be general).

2. Is this statement grammatical? (yes or no) This
question is designed to test for clarity, aligning
with characteristics such as coherence (Lei et al.,
2016) and human-likeness and understandability
(Ehsan et al., 2019).

Part 2: Context-Dependent Evaluation We
next show the user the question (premise and hy-
pothesis for SNLI) and gold answer that the expla-
nation was conditioned on. We then ask:

1. Does the explanation provide new facts, infor-
mation or reasoning not stated in the question
and answer? (yes or no) In our preliminary
experiments, we found some explanations sim-
ply restate the question declaratively with the
answer filled in. This question addresses the dis-
tinction between “validity” and “utility” (Leake,
1991): an explanation can be valid (i.e., a restate-
ment of the question with the answer filled-in
might be correct), but not useful; utility is de-
fined by whether an explanation “satisfies an
explainer’s need for information”. And while
utility is best understood in the context of real-
world applications (Lai et al., 2020), we nonethe-
less aim to identify vacuous explanations that
do not provide new information.

2. Is the new information relevant to justifying the
answer? (yes or no) New information, if pro-
vided, “should be compatible with our existing
beliefs, and consistent with the evidence and
with itself” (Zemla et al., 2017). This ques-
tion is designed to test whether the information
provided supports the label. The specific inter-
pretation of “relevance” is purposefully left to
the annotator.15

3. How much information does the explanation
have to justify the answer? (not enough, enough,
or too much) This question is designed to test

15This decision is inspired by prior work in psychology,
which finds that explanations are only good “to the extent
that people find [them] satisfying” (Gopnik, 1998; Sulik et al.,
2021).

the extent to which the provided novel informa-
tion is adequate or sufficient (Kim et al., 2016;
Lei et al., 2016; Ehsan et al., 2019).16

4. Is the explanation acceptable? (yes or no) The
final question is designed to assess annotators’
overall judgement of the explanation as a whole.

We only ask Question 2 if the answer to Question 1
is “yes” and Question 3 if the answer to Question
2 is yes, because they regard the new facts, infor-
mation, or reasoning. We found that most prior
work tends to lump added-value, relevance, and
adequacy judgements into one “informativeness”
judgement (Clinciu et al., 2021), which we felt was
too course to allow for meaningful error analysis.

B.4 Acceptability Interface Details

Figures 9 and 10 show the binary acceptability
interface used to collect training and test data for
the overgeneration filter model.

Spearman’s rank-order correlation coefficients
(Table 6) are computed using scipy (Virtanen et al.,
2020) on the 250 test explanations from the 5 data
sources in Figure 2. Each instance is annotated by
3 annotators for a total of 3750 datapoints (some
criteria are only evaluated conditionally, resulting
in less total annotations– see Appendix B.3). Sta-
tistical significance is computed using the built-in
two-sided non-parametric test.

B.5 Quality Control and Payment

We use Amazon Mechanical Turk (AMT), and cal-
culate pay on a rate of $15/hour. Every few batches,
we check to ensure that the median time taken per-
annotator amounts to approximately this pay rate.
While annotators do tend to speed up the more
HITs we released, first-round median times were
approximately 30 seconds per head-to-head evalu-
ation HIT (thus paid at $0.12 each), 1 minute per
absolute evaluation HIT (thus paid at $0.25 each),
and 35-39 seconds per acceptability HIT (5 expla-
nations; paid at $0.20 each).

We require annotators to be located in either Aus-
tralia, Canada, New Zealand, the United Kingdom,
or the United States, as a proxy for English compe-
tency.17 We require a past HIT approval rate of >

16In practice, we do not find Turkers use the “too much
information” option often, except in the case of ECQA dataset
explanations. We included the option because succinctness is
an oft-cited explanatory virtue (Lombrozo, 2007; Zemla et al.,
2017; Chiyah Garcia et al., 2018).

17We realize this is a broad assumption and likely sub-
optimal. However, colleagues have found that broadening
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98% and > 5000 HITs approved. We do not allow
annotators to participate who were previously on a
block list from our past AMT studies.

Annotators must complete a qualifying exam in
order to participate in the main annotation tasks.
The qualifying exam consists of 3 HITs in the same
format as the main absolute evaluation task for
CommonsenseQA We pay $2.25 for the qualify-
ing exam. There are 9-18 questions in total (3-6
questions per HIT), some of which are only answer-
able conditioned on previous answers. A user who
answers “no” to question 3, for example, will not
be asked to answer questions 4 and 5. Given the
challenging and sometimes ambiguous nature of
some of the questions, for the first run of the quali-
fication exam, we manually awarded qualifications
by inspecting the annotators’ answers. Scores for
the first run compared to our answers (out of 17
annotators attempting) ranged from 5 to 14 out of
18. The median accuracy was 11 out of 18, and we
find that awarding the qualification to those with
scores at or above the median aligns closely with
our manual inspection. We thus use this score to
assign qualifications in future iterations.

Because it is necessary that annotators under-
stand the task before they can evaluate explanation
quality (Wiegreffe and Marasović, 2021), for tasks
that are more difficult, i.e., NLI, we additionally
require annotators to pass (score of 7 or above) a
task-specific qualification exam with 8 questions,
paid at $1.25.

In order to track quality throughout evaluation,
we compute inter-annotator agreement using Krip-
pendorff’s α and use a hidden built-in Javascript
function to compute time per HIT spent. If any an-
notator completed the tasks in an unreasonably low
time, or removing their annotations substantially
improves Krippendorff’s α, we remove their anno-
tations and re-annotate their instances. We addition-
ally ensure that each experiment has a substantial
number of distinct crowdworkers to mitigate indi-
vidual annotator bias, reporting this as well as the
mean and median number of HITs completed by
each in Table 17.

B.6 Statistics

The number of distinct crowd annotators and the
median and mean number of HITs completed for
each experiment can be found in Table 17. More

the geographical requirements often still leads to >90% of
annotators in the US or Canada, due to AMT’s pay structure
being optimal in these countries.

Dataset Split # Instances by Agreement Total
0/3 1/3 2/3 3/3

Com.QA Train 932 1078 1194 1296 4500
Dev 105 91 132 127 455
Test 298 227 328 397 1250

SNLI Train 2372 805 621 702 4500
Dev 272 87 65 76 500
Test 678 225 166 181 1250
Test2 666 234 179 171 1250

Table 13: Statistics of our acceptability annotations.

detailed breakdowns of inter-annotator agreement
for some experiments are in Tables 14 and 15.

C Absolute Evaluation by Label
Accuracy

Can GPT-3 produce convincing explanations even
for instances it cannot predict correctly? This has
implications for model-generated explanations be-
ing “right for the right reasons”. To produce label
predictions, we follow the same prompt format as
in Tables 2 and 11, removing the WHY? token
and the gold explanations so that the model gen-
erates a label prediction instead. GPT-3 achieves
50.8% accuracy on CommonsenseQA compared
to a 20% random baseline, and 46% accuracy on
SNLI compared to a 33.33% random baseline.18

Figure 4 presents absolute evaluation results bro-
ken down by whether GPT-3 correctly predicts the
instance label. The results show little variation
between the correctly-predicted and incorrectly-
predicted groups in most attributes. This indicates
that GPT-3 explanations are not faithful enough to
use in real-world applications in their current form.

D 2/3 Acceptability Statistics

When we treat explanations rated by at least 2/3
annotators as “acceptable”, for CommonsenseQA,
77.9% of greedily-decoded explanations are accept-
able; for SNLI, 51.0%. 50.5% of sampled expla-
nations are acceptable; for SNLI, 23.5%. Out of
the set of 5 (1 greedy + 4 stochastic), 97.7% of
CommonsenseQA instances have at least one ac-
ceptable explanation, and 79.5% of SNLI.
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Specific Generally False Ungrammatical None Introduced No Not Enough Not Acceptable
-1

-0.5
0

0.5
1 Predicted Correctly

Predicted Incorrectly

General Generally True Grammatical Introduced Yes Too Much Acceptable

Sometimes/
Partially True

Enough

Generality Factuality Grammar New Info Supports Label Amount Info* Acceptability
-1

-0.5
0

0.5
1 Predicted Correctly

Predicted Incorrectly

Figure 4: Absolute evaluation results for explanations generated by GPT-3 based on whether GPT-3 predicted
the instance label correctly or not. CommonsenseQA (top) and SNLI (bottom). See caption of Figure 2 and the
Appendix-Table 19 for more details.

E Filter Model Details

We split the 4,955 distinct annotated explana-
tions for CommonsenseQA (5000 for SNLI) into
a train/dev set of 4500/455 (4500/500 for SNLI),
where all 5 explanations for a given instance are
placed in the same set to avoid leakage. We
present statistics on the label distribution in Ta-
ble 13. Along with the metric settings reported in
the paper (“select-1” and explanation-level), we
computed a metric that is instance-level but con-
siders all explanations by computing metrics over
the 5 explanations of an instance and then averag-
ing across instances, finding in practice that the
results are highly similar to the explanation-level
evaluation.

We use Huggingface Datasets (Lhoest et al.,
2021) and Huggingface Transformers (Wolf et al.,
2020) for implementation. We format inputs to the
models as follows, where expl is one of the five
explanations and the gold_label is either 0 (not
acceptable) or 1 (acceptable):
if explanation_only:
input_string = (f"explanation: {expl}.
Is this explanation good or bad?")

else:
input_string = (
"{question} answer: {gold_label}. "
"explanation: {expl}. "
Is this explanation good or bad?")

The T5-Large model is trained using a learning
rate of 1E − 4 with linear decay, a batch size of
64, and default values for Adam (Kingma and Ba,
2015), gradient clipping, and dropout. We train for

18Low SNLI performance aligns with previous findings that
GPT-3 struggles with sentence-comparison tasks (Brown et al.,
2020; Zhao et al., 2021).

Dataset Split Krippendorff’s α

CommonsenseQA Training + Validation 0.32
Test 0.40

SNLI Training + Validation 0.51
Test 0.50
Test2 0.47

Table 14: Inter-annotator agreement for acceptability
AMT studies.

a maximum 200 epochs, performing early stopping
on the validation loss with a patience of 10 epochs.
For T0-3B, we train with a batch size of 50. We
use AdaFactor (Shazeer and Stern, 2018) with a
linear warmup of 500 steps. We conduct an initial
hyperparameter sweep over learning rate, consid-
ering 1E − 5, 5E − 05, 5E − 06. The learning
rate that achieves the best validation loss for the
full-information model and the explanation-only
model is 1E − 5, which we use for all training
experiments.

F Additional Filter Results

In the main experiments, at evaluation time, we
labelled an explanation as acceptable if 3/3 anno-
tators agreed on it. Here, we report results if this
threshold is relaxed to 2/3. Overall, the results
are comparable: T0-3B outperforms the baselines
according to both select-1 accuracy and AP (see
Table 21 and Table 22).
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AMT Study Dataset Generality Factuality Grammar New Info Supports Label Amount Info Acceptability Aggregate

GPT-3 Greedy Com.QA 0.37 0.32 -0.01 0.09 0.45 0.21 0.28 0.38
GPT-3 Greedy SNLI 0.25 0.57 0.39 -0.01 0.04 0.17 0.52 0.40
Dataset CoS-E 0.71 0.38 0.36 0.42 0.68 0.08 0.25 0.59
Dataset ECQA 0.01 0.21 0.30 0.00 0.03 0.25 0.04 0.20
Dataset e-SNLI 0.37 0.23 0.37 -0.14 -0.12 0.04 0.15 0.19
GPT-3 Filtered Com.QA 0.25 0.18 0.25 0.11 0.27 0.15 0.30 0.32
GPT-3 Filtered SNLI 0.41 0.19 0.07 0.17 0.08 0.13 0.50 0.33

Table 15: Inter-annotator agreement for absolute-comparison AMT studies, using Krippendorff’s α computed on
an interval scale from -1 to 1. The aggregate score is computed by treating the annotations along each attribute as
separate instances and computing agreement across the entire set.

SNLI (Bowman et al., 2015)

Premise: There are two kilted men, one of them older
and is holding bagpipes with the other one with a drum.
Hypothesis: Two kiled (sp) men hold bagpipes
Label: contradiction
NLL-Predicted Explanation: The two kilted men are
not holding bagpipes, they are holding a bagpipe and a
drum.
Filter-Predicted Explanation: Just because there are
kilted men does not necessarily mean that they are hold-
ing bagpipes. This can be seen from the older kilted
man is holding the bagpipes rather than the kilder (sp)
one.

CommonsenseQA (Talmor et al., 2019)

Question: The hardcovers were especially tall, so he
removed a shelf on the what to make room?
Answer choices: hold alcohol, grocery store, bookcase,
nightstand, or chest of drawers
NLL-Predicted Explanation: Bookcases are tall, and
so if they are full of hardcover books, they might need
to be removed to make room for other things.
Filter-Predicted Explanation: People keep books on
bookshelves, and bookcases are very commonly used
to hold books. Since hardcover books can be pretty
tall, it takes up extra vertical space which would require
removal of an upper shelf of the bookcase.

Table 16: Randomly-selected instances that our filter
model predicts differently than NLL at the “select-1”
task, and got incorrect but NLL got correct.
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AMT Study Task/Dataset # Annotators Median # HITs (Mean)

GPT-3 Greedy w/ Dataset Prompts vs. Dataset Com.QA/CoS-E 16 31.5 (46.9)
Com.QA/ECQA 13 35 (57.7)
e-SNLI 12 39 (62.5)

GPT-3 Greedy: Author-written vs. Dataset Prompts Com.QA/CoS-E 7 84 (107.1)
Com.QA/ECQA 13 49 (57.7)
e-SNLI 8 43.5 (93.8)

GPT-3 Greedy w/ Author-written Prompts vs. Dataset Com.QA/CoS-E 8 90 (93.8)
Com.QA/ECQA 17 27 (44.1)
e-SNLI 8 93 (93.8)

GPT-3 Greedy (Absolute) Com.QA 13 51 (57.7)
SNLI 12 14 (62.5)

Dataset (Absolute) CoS-E 14 58 (53.6)
ECQA 19 7 (39.5)
e-SNLI 13 16 (57.7)

Acceptability (Training and Validation Data) Com.QA (2973 HITs) 34 70 (87.4)
SNLI (3000 HITs) 14 128.5 (214.3)

Acceptability (Test Data) Com.QA 17 32 (44.1)
SNLI 11 26 (68.1)
SNLI (Test2) 7 65 (107.1)
CoS-E 13 48 (57.7)
ECQA 16 38.5 (46.9)
e-SNLI 9 60 (83.3)

GPT-3 Filtered (Absolute) Com.QA (468 HITs) 10 44.5 (46.8)
SNLI (273 HITs) 6 53 (45.5)

Table 17: Total # of annotators and mean # HITs completed per-annotator for each AMT study (out of 750 total #
HITs unless otherwise specified = 3 annotators for each of 250 test instances).

Set of Test Explanations Generality Factuality Grammar New Info Supp. Label Amt. Info Accept.

GPT-3 Greedy for Com.QA 0.90.4
‡ 0.80.4 (247)† 1.00.1

‡ 0.10.6 0.50.7 (217)‡ −0.10.4 (186)‡ 0.50.6‡
CoS-E −0.20.9 0.50.5 (131) −0.30.7 0.10.8 −0.30.9 (190) −0.50.5 (78) −0.90.4
GPT-3 Greedy for Com.QA 0.90.4

∨ 0.80.4 (247)‡ 1.00.1
‡ 0.10.6 0.50.7 (217) −0.10.4 (186) 0.50.6‡

ECQA 0.80.4 0.60.4 (249) 0.10.7 0.60.5
‡ 0.70.5 (247)∧ 0.50.5 (239)‡ 0.10.6

GPT-3 Greedy for SNLI 0.70.5
∧ 0.70.5 (246) 1.00.2

† 0.10.6 −0.1∗0.6 −0.20.4 (203) 0.00.8
e-SNLI 0.60.6 0.80.4 (236) 0.90.4 0.20.5

∨ 0.20.5
∗‡ −0.10.4 (238)∧ 0.70.4

‡

Table 18: Statistics from the graphs plotted in Figure 2. Mean ± standard error presented; numbers in parenthesis
indicate the number of datapoints, if not 250. ∗For SNLI, we modified the evaluation framework such that “Sup-
ports Label” was always answered instead of being conditioned on “New Info”. Statistical significance results
using a one-sided Wilcoxon signed-rank test at p-values of ‡ = 0.00001, † = 0.0001, ∨ = 0.01, ∧ = 0.1 indicates
that the median difference between the marked score distribution and the unmarked score distribution is greater
than 0.

Set of Test Explanations Generality Factuality Grammar New Info Supp. Label Amt. Info Accept.

Com.QA Pred. Correctly 0.90.3 (127)∨ 0.90.3 (126)∨ 1.00.1 (127) 0.00.6 (127) 0.70.6 (108)† −0.10.4 (98) 0.50.6 (127)
Com.QA Pred. Incorrectly 0.80.4 (123) 0.70.5 (121) 1.00.1 (123) 0.30.6 (123)∨ 0.30.8 (109) −0.10.4 (88) 0.50.7 (123)
SNLI Pred. Correctly 0.80.5 (115)∧ 0.70.5 (112) 1.00.1 (115)∧ −0.10.7 (115) −0.20.6 (115) −0.30.4 (83) −0.10.8 (115)
SNLI Pred. Incorrectly 0.70.5 (135) 0.70.5 (134) 1.00.2 (135) 0.20.4 (135)‡ 0.10.5 (135)∨ −0.20.4 (120)∧ 0.10.8 (135)∧

Table 19: Statistics from the graphs of GPT-3 greedy explanations plotted in Figure 4. See the caption of Table 18
for further details.

Set of Test Explanations Generality Factuality Grammar New Info Supp. Label Amt. Info Accept.

GPT-3 Greedy for Com.QA 0.90.4 (156) 0.80.4 (153)∨ 1.00.1 (156)‡ 0.10.6 (156) 0.50.7 (135) −0.10.5 (117) 0.30.7 (156)
GPT-3 Filtered for Com.QA 0.90.3 (156)∧ 0.70.3 (155) 0.80.4 (156) 0.70.4 (156)‡ 0.90.4 (154)‡ 0.20.3 (152)‡ 0.60.6 (156)∨

GPT-3 Greedy for SNLI 0.80.4 (91) 0.60.6 (91) 0.90.3 (91)‡ 0.00.6 (91) −0.2∗0.6 (91) −0.20.5 (66) −0.50.7 (91)
GPT-3 Filtered for SNLI 0.80.5 (91) 0.70.4 (88) 0.70.4 (91) 0.50.6 (91)‡ 0.50.5

∗ (91)‡ 0.00.3 (89)† 0.10.8 (91)‡

Table 20: Statistics from the graphs plotted in Figure 3. See the caption of Table 18 for further details.
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“Select-1” Acc@2/3 Explanation-level AP@2/3

↓Model/Split→ Dev Test Dev Test

Random 57.30.4 57.90.4 56.20.5 58.00.9
Constant — — 56.9 58.0
NLL 79.1 79.6 77.5 75.0

T0-3B Expl.-only 77.13.5 75.81.2 75.62.0 77.31.4

T0-3B 86.60.9 85.80.7 85.60.5 87.00.8

Oracle Upper-Bound 97.8 97.6 100.0 100.0

Table 21: Results for acceptability classifiers trained on CommonsenseQA, with “acceptability" defined as: “at
least 2/3 annotators labelled as acceptable." Subscripts indicate standard error over models trained with 5 different
random seeds. The oracle upper bound is based on dataset properties (§3).

“Select-1” Acc@2/3 Explanation-level AP@2/3

↓Model/Split→ Dev Test Test2 Dev Test Test2

Random 28.20.5 27.80.2 28.00.1 28.10.9 27.60.3 28.30.6
Constant — — — 28.2 27.8 28.0
NLL 51.0 51.2 50.4 47.7 47.5 46.1

T0-3B Expl.-only 47.01.0 50.52.1 50.62.8 48.91.4 45.21.5 44.92.1

T0-3B 57.81.9 60.31.5 59.22.3 66.73.3 64.73.3 67.13.6

Oracle Upper-Bound 76.0 81.2 77.6 100.0 100.0 100.0

Table 22: Results for acceptability classifiers trained on SNLI with “acceptability" defined as: “at least 2/3 annota-
tors labelled as acceptable." Subscripts indicate standard error over models trained with 5 different random seeds.
The oracle upper bound is based on dataset properties (§3).

652



Figure 5: An overview of the user interface of our head-to-head comparison AMT studies for CommonsenseQA.
The top shows the instructions and the bottom the actual task. The Examples tab is collapsed here; shown in full
in Figure 6.

653



Figure 6: The Examples tab given in the user interface of our head-to-head comparison AMT studies for Common-
senseQA. The full interface is shown in Figure 5.
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Figure 7: An overview of the user interface template of our absolute comparison AMT studies for Common-
senseQA. The top shows the instructions and the bottom the actual task. Only part 1 of the task is shown here (part
2 appears once part 1 is submitted). The Main Example and More Examples tabs illustrating both parts 1 and 2 are
collapsed here; see Figure 8.
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Figure 8: The Main Example given in the user interface template of our absolute comparison AMT studies for
CommonsenseQA. This format follows the actual task layout. The full interface is shown in Figure 7.
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Figure 9: An overview of the user interface of our explanation acceptability AMT studies for CommonsenseQA.
The top shows the instructions and the bottom the actual task. The "examples" tab is collapsed here; shown in full
in Figure 10.
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Figure 10: The examples given in the user interface of our explanation acceptability AMT studies for Common-
senseQA. The full interface is shown in Figure 9.
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Abstract
Multi-triple extraction is a challenging task due
to the existence of informative inter-triple cor-
relations, and consequently rich interactions
across the constituent entities and relations.
While existing works only explore entity rep-
resentations, we propose to explicitly intro-
duce relation representation, jointly represent it
with entities, and novelly align them to identify
valid triples. We perform comprehensive exper-
iments1 on document-level relation extraction
and joint entity and relation extraction along
with ablations to demonstrate the advantage of
the proposed method.

1 Introduction

Relation extraction aims at discovering struc-
tured knowledge in the form of <subject-relation-
object> triples from plain text. It is an essential
task towards constructing knowledge bases. Al-
though a lot of efforts have been made in build-
ing advanced relation extraction systems, it is
still a challenging problem under certain practi-
cal scenarios where multiple entities and relations
are involved, e.g., document-level relation extrac-
tion (Yao et al., 2019) and joint entity and rela-
tion extraction (Riedel et al., 2010; Gardent et al.,
2017).

Existing works mostly take the entity perspec-
tive that focuses on exploring cross-entity interac-
tions (Xu et al., 2021; Zeng et al., 2020). They
either treat relations as atomic labels specified in a
final classifier (Xu et al., 2021; Zeng et al., 2020;
Wang et al., 2020), or simply search subjects and
objects for each individual relation(Wei et al., 2020;
Zheng et al., 2021). However, as an essential com-
ponent, relations also interact with entities and con-
text, which jointly exhibit informative inter-triple

∗Work done while the first author was an intern at Baidu
Inc.

†Corresponding author.
1The code will be available at https://github.com/

BenfengXu/emrel

Figure 1: Different formulations for multi-triple ex-
traction. 1) entity perspective constructs only entity
representation and feed them into a relation-specific
classifier. 2) joint triple perspective constructs both en-
tity representation and relation representation to model
comprehensive correlations across all components.

correlations. e.g., the two relations capital of and
located at often co-occur between the same pair of
entities but with different probabilities conditioned
on specific contextual clues. As a consequence,
the capability to model and make full use of rich
interactions across relations, entities, and context
is crucial for the task.

In this paper, we advocate a novel joint triple
perspective for relation extraction (see Figure 1 for
illustration). Different from previous works that
only seek to represent entities, we propose EmRel
that creates, refines and leverages the Embedded
representations of Relations. Specifically, we first
explicitly create relation representations as embed-
ded vectors; then refine these relation (as well as
entity) representations by modeling rich relation-
entity-context interactions via an attention-based
fusion module; and finally identify valid triples
by aligning the representation of entities and re-
lations in a joint space, with a novel alignment
function based on Tucker Decomposition. This
joint triple perspective actually considers entities
along with relations as components of a small, in-
context knowledge graph, and completes this graph
by aligning and reasoning to extract multiple valid
triples.
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To demonstrate the advantage of the proposed
EmRel framework, we conduct experiments on
two specific scenarios of multi-triple extraction:
document-level relation extraction(RE) and joint
entity and relation extraction, with three popu-
lar datasets including DocRED (Yao et al., 2019),
NYT (Riedel et al., 2010) and WebNLG (Gardent
et al., 2017). The results verify the superiority of
the joint triple perspective over the traditional en-
tity perspective in multi-triple extraction. We also
provide further ablation study to show the effective-
ness of our fusion module and alignment function.

2 Related Works

Document-level Relation Extraction Extracting
multi-triples from document-level text has recently
aroused increasing interests (Yao et al., 2019). Ex-
isting methods take the entity perspective that pro-
poses various techniques to model entity interac-
tions. Nan et al. (2020) and Zeng et al. (2020)
construct an entity graph, and perform graph-level
reasoning to refine the entity node representations.
Xu et al. (2021) introduces entity structure as useful
prior, and models such information within the trans-
former attention layer. Zhang et al. (2021) utilizes
a segmentation network to model the interdepen-
dency among entity pairs. Therefore, inter-triple
correlations are only captured at the entity level
while relation-based ones are neglected.

Joint Entity and Relation Extraction Joint en-
tity and relation extraction is a popular task that
extracts multi-triples along with their entities. Ex-
isting works can be concluded into two frameworks:
one that searches subjects and objects for each in-
dividual relation ( Liu et al., 2020; Wang et al.,
2020; Wei et al., 2020), and the other that directly
see each word as a candidate entity and assign them
with relation labels (Gupta et al., 2016; Zheng et al.,
2021). Both formulations do not explicitly include
inter-triple correlations. Very recently, Wu and Shi
(2021) propose to model the interdependencies be-
tween entity labels and relation labels. However,
such correlation is constrained within a specific
word position, while EmRel exploits the global
correlations among all triples and across entities,
context, and relations. Li et al. (2021) introduces
a translation-based function that predicts object
from subject and relation, while EmRel proposes a
more expressive alignment function that models the
ternary interaction of subject, relation and object.

Relation Embedding There is one specific pre-
vious work (Chen and Badlani, 2020) that also con-
siders modeling relation representations. CRE uses
the sentence representation as relation embeddings,
and scores them with the entity embeddings trained
along with the knowledge base. This raises signif-
icant differences with EmRel in both 1) technical
design, EmRel constructs and models independent
relation representations that are not inherited from
specific context, and 2) task settings, CRE requires
all entities be aligned to an existing knowledge base
to train their embedding.

3 Methodology

3.1 Task Formulation

We first formulate the multi-triple extraction task to
suitably contain both document-level RE and joint
entity and relation extraction. Given a sequence of
text {wi}, a set of candidate entities E = {ei} and
the pre-defined relations R = {ri}, the candidate
triples can be derived as:

T = {< s, r, o > |s, o ∈ {ei}, r ∈ {ri}} (1)

the target is to assign each t in T a binary label that
discriminates its validity. The candidate entities
can either be pre-annotated, as in document-level
relation extraction, or be jointly recognized, as in
joint entity and relation extraction. In the latter sce-
nario, one prevailing solution is to directly see each
word as a candidate entity, such as tagging-based
methods (Wang et al., 2020) or table filling meth-
ods (Gupta et al., 2016). Here we follow Wang
et al. (2020) as our baseline, and thus formulate
both tasks under a unified framework that extracts
multi-triples from a given candidate entity set.

3.2 EmRel

EmRel consists of three modules: Representation
Construction for both entities and relations, Rep-
resentation Fusion that captures multi-triple cor-
relations by modeling the informative interactions
across entities, context and relations, and Repre-
sentation Alignment that leverages these represen-
tations to extract triples by aligning their ternary
structures (see Figure 2 for illustration).

Representation Construction The entity repre-
sentation is constructed similar to existing practices.
We employ a text encoder, e.g., pretrained language
models like BERT (Devlin et al., 2019), and obtain
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Figure 2: The overall framework of EmRel. It explicitly introduces relations embedding, and jointly represents it
with entities to identify all valid triples.

the output from its last layer on corresponding po-
sition as the contextualized representation:

(h1, h2, ...hn) = encoder(w1, w2, ...wn) (2)

which we denote as H ∈ R|{wi}|×dh . Then we
construct each entity representation ei ∈ Rde by
applying a pooling operation on its corresponding
mention positions, and further map it into respec-
tive subject and object representation esi , e

o
i . We

thus denote all extracted entity representations as
Es,Eo ∈ R|E|×de .

We embed the target relations R into an embed-
ding matrix R ∈ R|R|×dr , where each row Ri,:

represents a vectorized relation ri. This matrix
is maintained as part of the model parameter and
trained accordingly.

Representation Fusion In order to jointly repre-
sent entities and relations in a shared knowledge
representation space, we fuse them to be aware of
each other. We adopt the attention network (Bah-
danau et al., 2015) to model inter-component in-
teractions, which has proven to be very successful
in modeling rich interactions across contexts (Yu
et al., 2018) or modalities (Lu et al., 2016). Specifi-
cally, we employ the canonical multi-head attention
(MHA) network (Vaswani et al., 2017). Given the
target representation XQ and the source represen-
tation XS , each head of MHA operates them as:

X̂Q =Att(XQW
Q,XSW

K ,XSW
V )

=softmax(
(XQW

Q)(XSW
K)

T

√
dk

)XSW
V

(3)

where X̂Q is the updated representation of XQ

w.r.t. XS , all heads operate in parallel and will be
concatenated together.

In EmRel, to exploit the comprehensive inter-
actions across all components, we first construct
entity/context-aware relation representation:

R̂s =Atts2r(RW
Q,EsWK ,EsWV )

R̂o =Atto2r(RW
Q,EoWK ,EoWV )

R̂c =Attc2r(RW
Q,HWK ,HWV )

(4)

which are then aggregated together using layer nor-
malization:

R̂ = LayerNorm(R̂s + R̂o + R̂c) (5)

we symmetrically construct relation-aware entity
representation:

Ês =Attr2s(E
sWQ,RWK ,RWV )

Êo =Attr2o(E
oWQ,RWK ,RWV )

(6)

s, o, c are abbreviations for subject, object and
context. Each attention module is wrapped with
residual connection, feedforward layer, layer nor-
malization, and is instantiated with different pa-
rameters of WQ, WK , WV to model distinguished
attending patterns. The outputs of fusion module
are refined representations R̂, Ês, Êo for relations,
subjects and objects.
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Method NYT∗ WebNLG∗ NYT WebNLG
Prec. Rec. F1 Prec. Rec. F1 Prec. Rec. F1 Prec. Rec. F1

CasRel (Wei et al., 2020) 89.7 89.5 89.6 93.4 90.1 91.8 - - - - - -
TPLinker (Wang et al., 2020) 91.3 92.5 91.9 91.8 92.0 91.9 91.4 92.6 92.0 88.9 84.5 86.7

Baseline† 91.1 92.5 91.8 91.4 92.7 92.1 91.2 92.1 91.6 88.7 86.5 87.6
EmRel 91.7 92.5 92.1 92.7 93.0 92.9 92.6 92.7 92.6 90.2 87.4 88.7

Table 1: Results on NYT and WebNLG. ∗ denotes task settings that only annotate the last word. † denotes our
reproduced results of Wang et al. (2020) as the baseline. Best results in bold.

Method Dev Test
IgnF1 F1 IgnF1 F1

BERT-TS - 54.42 - 53.92
CorefBERT 55.32 57.51 54.54 56.96
LSR 52.43 59.00 56.97 59.05
SSAN 57.03 59.19 55.84 58.16

BERT Base
Baseline† 56.45±0.47 58.56±0.44 55.84 58.15
EmRel 57.23±0.15 59.30±0.10 57.27 59.66

RoBERTa Base
Baseline† 57.62±0.23 59.66±0.25 57.79 59.94
EmRel 58.36±0.15 60.35±0.07 58.33 60.29
RoBERTa Large
Baseline† 58.57±0.26 60.59±0.25 58.75 60.83
EmRel 58.86±0.18 60.93±0.21 59.08 61.18

Table 2: Results on DocRED. † denotes our repro-
duced results of the baseline implementation in Xu et al.
(2021). All results are produced with multiple runs us-
ing different random seeds. Best results in bold.

Representation Alignment EmRel extracts
triples by aligning their ternary components R̂, Ês,
and Êo. In order to fully leverage their expressive-
ness, we propose factorization-based alignment
using Tucker decomposition (Tucker et al., 1964).
We introduce a core tensor Z ∈ Rde∗dr∗de , and the
validity for each < si, rk, oj > is scored as:

φ(si, rk, oj) = σ(Z ×1 ê
s
i ×2 r̂k ×3 ê

o
j + bk) (7)

where êsi = Êsi,:, r̂k = R̂k,:, êoi = Êoj,:, and ×n
indicates tensor product along the n-th mode, σ
denotes sigmoid function. We compute φ for all
triples in parallel using batched tensor product, and
train them using cross-entropy loss:

L =
T∑

<si,rk,oj>

[−1True(< si, rk, oj >) log φ(si, rk, oj)

− 1
False(< si, rk, oj >) log(1− φ(si, rk, oj))]

(8)

where 1 indicates the ground truth validity.

Method Dev Test
IgnF1 F1 IgnF1 F1

EmRel 57.23±0.15 59.30±0.10 57.27 59.66
−Fusion 57.02±0.20 59.12±0.19 56.66 58.92
−Alignment 56.45±0.47 58.56±0.44 55.84 58.15

Table 3: Ablation results on EmRel modules.

4 Experiments

4.1 Main Results

We conduct comprehensive experiments on
document-level RE dataset DocRED (Yao et al.,
2019) and joint entity and relation extrac-
tion dataset NYT (Riedel et al., 2010) and
WebNLG (Gardent et al., 2017). We use BERT-
Base-Cased (Devlin et al., 2019) as the con-
text encoder and we also provide results with
RoBERTa (Liu et al., 2019) on DocRED. The di-
mension of embedded relation representation is set
as 768 for Base models, 1024 for Large models
on DocRED, and 128 on NYT / WebNLG. The
number of attention heads in the fusion module is
simply set as 4. We provide our reproduced results
of TPLinker (Wang et al., 2020) and the baseline
system of Xu et al. (2021). Both are competitive
baselines based on the entity perspective, and are
directly comparable with EmRel. Further specifics
about these datasets and implementation details can
be referred to Appendix.

The results (see Table 1 and Table 2) show that
EmRel universally outperforms its baselines on all
datasets. Respectively, +0.3 F1 for NYT∗, +0.8
F1 for WebNLG∗, +1.0 F1 for NYT and +1.1 F1
for WebNLG. On DocRED, EmRel improves the
baseline by +0.95 Dev F1, +1.47 Test F1, and
also outperforms several previous studies including
BERT-TS (Wang et al., 2019), CorefBERT (Ye
et al., 2020), LSR (Nan et al., 2020), and SSAN (Xu
et al., 2021). On stronger backbone encoders like
RoBERTa, similar improvements over baselines
can also be observed.
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Figure 3: Ablation on dimensions of relations.

4.2 Ablation Studies

On EmRel Modules We first varify the design
of EmRel modules. Table 3 shows that both fusion
and alignment module contribute to the improve-
ments. We also observe that EmRel has more robust
performance across multiple runs. This can be at-
tributed to our alignment function, which, once
removed, would result in an increased standard
deviation from ±0.20 to ±0.47.

On the Dimensionality of Relation Representa-
tions We investigate the effects of choices for
dr in Fig 3. First of all, the advantage of EmRel
is general across variant choices comparing to the
baseline. As we gradually set a higher dr from 64 to
1024, we get improved performance for its stronger
expressive capability. While we further increase
dr to 2048, the performance starting to degrades,
which might attribute to overfitting. Overall, the
optimal dimension lies within [512, 2048], which is
quite robust and also computationally acceptable.

5 Conclusion

In this paper, we propose EmRel for multi-triple
extraction. Distinguished from existing works, Em-
Rel explicitly creates, refines, and leverages the
embedded representation of relations. Notably, we
design a novel alignment function that discrimi-
nates triple validity by aligning its components in
a joint representation space. We conduct experi-
ments on both document-level relation extraction
and joint entity and relation extraction, to demon-
strate the advantage of EmRel over its baselines.

EmRel also provides a new joint triple perspec-
tive, where multi-triple extraction is formulated as
completion of a small, context-dependent knowl-
edge graph, with candidate entities and relations as
its components. In the future, we think more intri-
cate techniques e.g., graph-based reasoning, can be
explored following such formulation.
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Dataset
No. of Instances w.r.t. Split

Entities (Avg.) Relations
No. of Instances w.r.t. Multi-triples

Train Dev Test N = 1 1 < N <= 5 5 < N <= 25 N > 25

DocRED 3053 1000 1000 19.5 96 48 561 3171 234
NYT∗ 56195 4999 5000 2.15 24 43397 22207 590 NA
WebNLG∗ 5019 500 703 3.15 171 2189 3969 64 NA
NYT 56196 5000 5000 2.16 24 43358 22237 601 NA
WebNLG 5019 500 703 3.26 216 2277 3862 83 NA

Table 4: Statistics of used datasets. ∗ denotes task settings that only annotate the last word. N denotes the number
of valid triples within an instance. We can see that these selected benchmarks all involve multiple triples, thus pose
significant challenge for relation extraction systems.

A Benchmarks

We introduce the benchmarks used in this work.
Table 4 gives their detailed statistics. DocRED is
constructed from Wikipedia document. It provides
comprehensive human annotations for entity men-
tions, entity types, relational triples, along with
their supporting evidences. Each document is a
semantically integrate unit that centers in one con-
cept (the title of the wiki page), resulting multiple
triples with rich correlations. NYT is constructed
from New York Times news articles and annotated
through distant supervision. WebNLG is originally
created for natural language generation task, and
the sentences are written by humans to cover given
triples. Both datasets have the other version de-
noted as NYT∗ and WebNLG∗. The texts in NYT
and WebNLG are much shorter than DocRED doc-
uments. These two datasets also feature in multiple
triples. In this paper, we solve all three datasets
under a unified multi-triple extraction formulation
with EmRel.

B Implementation Details

To provide comparable results, we set hyper-
parameters following previous works (Wang et al.,
2020; Xu et al., 2021). On NYT / WebNLG, we
set learning rate as 5e-5, batch size as 24 / 6, and
epoch as 100, as each word is seen as a candidate
entity, we directly take the word representation as
entity representation. On DocRED, we set learning
rate as 3e-5, batch size as 4, and search epochs in
{40, 60, 80, 100}. Each document is truncated by
512 sequence length. Entity representation is con-
structed by pooling from all its mention positions.
To produce more robust results, we further perform
multiple searches using 5 different seeds, resulting
a grid search on both epochs and random seeds.
The mean and standard deviation results across dif-
ferent seed are reported on development set. All

experiments are conducted on a single NIVDIA
V100 or A100 GPU machine.

C Grouped Alignment

The WebNLG dataset has up to 216 relations,
which requires increased computational cost. In-
spired by (Zheng et al., 2019), we split the align-
ment tensors into N groups across its dimensions
to reduce the computational overhead, and re-write
Eq. 7 as:

φ(si, pk, oj) =
N∑

n=1

Zn×1 ê
s,n
i ×2 r̂

n
k ×3 ê

o,n
j + bk

(9)

ês,ni =Ês
i,[(n−1) de

N
:n de
N

]

r̂nk =R̂k,[(n−1) dr
N

:n dr
N

]

êo,ni =Êo
j,[(n−1) de

N
:n de
N

]

(10)

We set group N to 4 for WebNLG, and 1 for other
datasets (that is, without further spliting).
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Abstract

Deep learning has been the mainstream tech-
nique in natural language processing (NLP)
area. However, the techniques require many
labeled data and are less generalizable across
domains. Meta-learning is an arising field
in machine learning studying approaches to
learn better learning algorithms. Approaches
aim at improving algorithms in various as-
pects, including data efficiency and generaliz-
ability. Efficacy of approaches has been shown
in many NLP tasks, but there is no systematic
survey of these approaches in NLP, which hin-
ders more researchers from joining the field.
Our goal with this survey paper is to offer
researchers pointers to relevant meta-learning
works in NLP and attract more attention from
the NLP community to drive future innovation.
This paper first introduces the general concepts
of meta-learning and the common approaches.
Then we summarize task construction settings
and application of meta-learning for various
NLP problems and review the development of
meta-learning in NLP community.

1 Introduction

Recently, deep learning (DL) based natural lan-
guage processing (NLP) has been one of the re-
search mainstreams and yields significant perfor-
mance improvement in many NLP problems. How-
ever, DL models are data-hungry. The downside
limits such models’ application to different do-
mains, languages, countries, or styles because col-
lecting in-genre data for model training are costly.

To address the challenges, meta-learning tech-
niques are gaining attention. Meta-learning,
or Learning to Learn, aims to learn better
learning algorithms, including better parameter
initialization (Finn et al., 2017), optimization
strategy (Andrychowicz et al., 2016; Ravi and
Larochelle, 2017), network architecture (Zoph

∗∗Work done while working at Amazon Inc. The current
affiliation is Meta AI.

and Le, 2017; Zoph et al., 2018; Pham et al.,
2018a), distance metrics (Vinyals et al., 2016;
Gao et al., 2019a; Sung et al., 2018), and be-
yond (Mishra et al., 2018). Meta-learning allows
faster fine-tuning, converges to better performance,
yields more generalizable models, and it achieves
outstanding results for few-shot image classifi-
caition (Triantafillou et al., 2020). The benefits
alleviate the dependency of learning algorithms on
labels and make model development more scalable.
Image processing is one of the machine learning
areas with abundant applications and established
most of the examples in the previous survey papers
on meta-learning (Hospedales et al., 2021; Huis-
man et al., 2021).

On the other hand, there are works showing ben-
efits of meta-learning techniques in performance
and data efficiency via applying meta-learning to
NLP problems. Please refer to Tables 2 and 3 in the
appendix for NLP applications improved by meta-
learning. Tutorial (Lee et al., 2021b) and Work-
shop (Lee et al., 2021a) are organized at ACL 2021
to encourage exchange and collaboration among
NLP researchers interested in these techniques. To
facilitate more NLP researchers and practitioners
benefiting from the advance of meta-learning and
participating in the area, we provide a systematic
survey of meta-learning to NLP problems in this pa-
per. There is another survey paper on meta-learning
in NLP (Yin, 2020). While Yin (2020) describes
meta-learning methods in general, this paper fo-
cuses on the idea of making meta-learning success-
ful when applied to NLP and provides a broader
review of publications on NLP meta-learning. This
paper is organized as below.

• A brief introduction of meta-learning back-
grounds, general concepts, and algorithms in
Section 2.

• Common settings for constructing meta-
learning tasks in Section 3.
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• Adaptation of general meta-learning ap-
proaches to NLP problems in Section 4.

• Meta-learning approaches for special topics,
including knowledge distillation and life-long
learning for NLP applications in Section 5.

Due to space constraints, we will not give too many
detailed descriptions of general meta-learning tech-
niques in this survey paper. For general concepts
of meta-learning, we encourage readers to read the
previous overview paper (Yin, 2020; Hospedales
et al., 2021; Huisman et al., 2021).

2 Background Knowledge for Meta
Learning

The goal of machine learning (ML) is to find a
function fθ(x) parametrized by model parameters
θ for inference from training data. For machine
translation (MT), the input x is a sentence, while
fθ(x) is the translation of x; for automatic speech
recognitoin (ASR), x is an utterance, while fθ(x)
is the transcription; In DL, θ are the network pa-
rameters, or weights and biases of a network. To
learn θ, there is a loss function l(θ;D), where D is
a set of paired examples for training,

D = {(x1, y1), (x2, y2), ..., (xK , yK)}, (1)

where xk is function input, yk is the ground truth,
and K is the number of examples in D. The loss
function l(θ;D) is defined as below:

l(θ;D) =
K∑

k=1

d(fθ(xk), yk). (2)

where d(fθ(xk), yk) is the “distance” between the
function output fθ(xk) and the ground truth yk. For
classification problem, d(., .) can be cross-entropy;
for regression, it can be L1/L2 distance. The fol-
lowing optimization problem is solved to find the
optimal parameter set θ∗ for inference via minimiz-
ing the loss function l(θ;D).

θ∗ = argmin
θ
l(θ;D). (3)

In meta-learning, what we want to learn is a
learning algorithm. The learning algorithm can
also be considered as a function, denoted as Fφ(.).
The input of Fφ(.) is the training data, while the
output of the function Fφ(.) is the learned model pa-
rameters, or θ∗ in (3). The learning algorithm Fφ(.)
is parameterized by meta-parameters φ, which is

what we want to learn in meta-learning. If Fφ(.)
represents gradient descent for deep network, φ can
be initial parameters, learning rate, network archi-
tecture, etc. Different meta-learning approaches
focus on learning different components. For ex-
ample, model-agnostic meta-learning (MAML) fo-
cuses on learning initial parameters (Finn et al.,
2017), which will be further descried in Section 4.1.
Learning to Compare methods like Prototypical
Network (Snell et al., 2017) in Section 4.2 learn
the latent representation of the inputs and their dis-
tance metrics for comparison. Network architec-
ture search (NAS) in Section 4.3 learns the network
architecture (Zoph and Le, 2017; Zoph et al., 2018;
Pham et al., 2018a).

To learn meta-parameters φ, meta-training tasks
Ttrain are required.

Ttrain = {T1, T2, ..., TN}, (4)

where Tn is a task, and N is the number of tasks
in Ttrain. Usually, all the tasks belong to the same
NLP problem; for example, all the Tn are QA but
from different corpora, but it is also possible that
the tasks belong to various problems. Each task Tn
includes a support set Sn and a query set Qn. Both
Sn and Qn are paired examples as D in (1). The
support set plays the role of training data in typical
ML, while the query set can be understood as the
testing data in typical ML. However, to not confuse
the reader, we use the terms support and query sets
in the context of meta-learning instead of training
and testing sets.

In meta-learning, there is a loss function
L(φ; Ttrain), which represents how “bad” a learn-
ing algorihtm paramereized by φ is on Ttrain.
L(φ; Ttrain) is the performance over all the tasks
in Ttrain,

L(φ; Ttrain) =
N∑

n=1

l(θn;Qn). (5)

The definition of the function l(.) above is the same
as in (2). l(θn;Qn) for each task Tn is obtained
as below. For each task Tn in Ttrain, we use a
support set Sn to learn a model by the learning
algorihtm Fφ. The learned model is denoted as θn,
where θn = Fφ(Sn). This procedure is equivalent
to typical ML training. We called this step within-
task training. Then θn is evaluated onQn to obtain
l(θn;Qn) in (5). We called this step within-task
testing. One execution of within-task training and
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followed by one execution of within-task testing is
called an episode.

The optimization task below is solved to learn
meta-parameteres φ.

φ∗ = argmin
φ
L(φ; Ttrain). (6)

If φ is differentiable with respect to L(φ; Ttrain),
then we can use gradient descent to learn meta-
parameters; if not, we can use reinforcement learn-
ing algorithm or evolutionary algorithm. Solv-
ing (6) is called cross-task training in this pa-
per, which usually involves running many episodes
on meta-training tasks. To evaluate φ∗, we need
meta-testing tasks Ttest, tasks for evaluating algo-
rithms parameterized by meta-parameters φ∗1. We
do cross-task testing on Ttest, that is, running an
episode on each meta-testing task to evaluate algo-
rithms parameterized by meta-parameters φ∗.

In order to facilitate the reading of our paper, we
summarize the most important terminologies and
their meanings in Table 1 in the appendix.

3 Task Construction

In this section, we discuss different settings of
constructing meta-training tasks Ttrain and meta-
testing tasks Ttest.

3.1 Cross-domain Transfer
A typical setting for constructing the tasks is based
on domains (Qian and Yu, 2019; Yan et al., 2020; Li
et al., 2020a; Park et al., 2021; Chen et al., 2020b;
Huang et al., 2020a; Dai et al., 2020; Wang et al.,
2021b; Dingliwal et al., 2021; Qian et al., 2021).
In this setting, all the tasks, no matter belonging
to Ttrain or Ttest, are the same NLP problems. In
each task Tn, the support set Sn and the query set
Qn are from the same domain, while different tasks
contain the examples from different domains. In
each task, the model is trained on the support set
of a domain (usually having a small size) and eval-
uated on the query set in the same domain, which
can be considered as domain adaptation. From the
meta-training tasks Ttrain, cross-task training finds
meta-parameters φ∗ parameterizing the learning al-
gorithm Fφ∗ . With a sufficient number of tasks in
Ttrain, cross-task training should find a suitable φ∗

for a wide range of domains, and thus also works
1If the learning processing of φ also involve some hyper-

perparameter selection, then meta-validation tasks are needed,
but in this paper, we ignore the discussion of meta-validation
tasks for simplicity.

well on the tasks in Ttest containing the domains
unseen during cross-task training. Hence, meta-
learning can be considered as one way to improve
domain adaptation. If the support set in each task
includes only a few examples, the meta-learning
has to find the meta-parameters φ∗ that can learn
from a small support set and generalize well to the
query set in the same domain. Therefore, meta-
learning is considered one way to achieve few-shot
learning.

The cross-domain setting is widespread. We
only provide a few examples in this subsection.
In MT, each meta-training task includes the doc-
uments from a specific domain (e.g., news, laws,
etc.), while each meta-testing task also contains
documents from one domain but not covered by the
meta-training tasks (e.g., medical records) (Li et al.,
2020a). For another example, both meta-training
and meta-testing tasks are DST. The meta-training
tasks include hotel booking, flight ticket booking,
etc., while the testing task is taxi booking (Huang
et al., 2020a; Wang et al., 2021b; Dingliwal et al.,
2021). Domain has different meanings in different
NLP problems. For example, in speech process-
ing tasks, the domains can refer to accents (Winata
et al., 2020b; Huang et al., 2021) or speakers (Kle-
jch et al., 2019; Wu et al., 2021b; Huang et al.,
2022).

3.2 Cross-lingual Transfer

If we consider different languages as different do-
mains, then the cross-lingual transfer can be re-
garded as a special case of cross-domain transfer.
Suppose each task contains the examples of an
NLP problem from one language, and different
tasks are in different languages. In this case, cross-
task training finds meta-parameters φ∗ from the
languages in Ttrain, and cross-task testing evaluate
the meta-parameters φ∗ on new langauges in Ttest.
This setting aims at finding the learning algorithm
Fφ∗(.) that works well on the NLP problem of
any language given the support set of the language.
Cross-language settings have been applied to NLI
and QA in X-MAML (Nooralahzadeh et al., 2020),
documentation classification (van der Heijden et al.,
2021), dependency parsing (Langedijk et al., 2021),
MT (Gu et al., 2018), and ASR (Hsu et al., 2020;
Winata et al., 2020a; Chen et al., 2020d; Xiao et al.,
2021).

For the meta-learning methods aiming at learn-
ing the initial parameters like MAML (will be intro-
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duced in Section 4.1), the network architecture used
in all tasks must have the same network architec-
ture. A unified network architecture across all tasks
is not obvious in cross-lingual learning because the
vocabularies in different tasks are different. Be-
fore multilingual pretrained models are available,
unified word embeddings across languages are re-
quired. Gu et al. (2018) uses the universal lexical
representation to overcome the input-output mis-
match across different languages. Recently, by
using multilingual pretrained models as encoders,
such as M-BERT (Devlin et al., 2019) or XLM-
R (Conneau et al., 2020), all languages can share
the same network architecture (Nooralahzadeh
et al., 2020; van der Heijden et al., 2021).

3.3 Cross-problem Training

Here the meta-training and meta-testing tasks can
come from different problems. For example, the
meta-training tasks include MT and NLI, while
the meta-testing tasks include QA and DST. The
cross-problem setting is not usual, but there are
still some examples. In Bansal et al. (2020a),
the meta-training tasks are the GLUE benchmark
tasks (Wang et al., 2018), while the meta-testing
tasks are NLP problems, including entity typing,
NLI, sentiment classification, and various other
text classification tasks, not in the GLUE. All the
meta-training and meta-testing tasks can be for-
mulated as classification but with different classes.
In Indurthi et al. (2020), the meta-training tasks are
MT and ASR, while the meta-testing task is speech
translation (ST). CrossFit is a benchmark corpus
for this cross-problem setting (Ye et al., 2021).

The intrinsic challenge in the cross-problem
setting is that different NLP problems may need
very different meta-parameters in learning algo-
rithms, so it may be challenging to find unified
meta-parameters on the meta-training tasks that
can generalize to meta-testing tasks. In addition,
the meta-learning algorithms learning initial pa-
rameters such as MAML require all the tasks to
have a unified network architecture. If different
problems need different network architecture, then
the original MAML cannot be used in the cross-
problem setting. LEOPARD (Bansal et al., 2020a)
and ProtoMAML (van der Heijden et al., 2021) are
the MAML variants that can be used in the classi-
fication tasks with different class numbers. Both
approaches use the data of a class to generate the
class-specific head, so only the parameters of the

Figure 1: The task construction of cross-domain tran-
fer in Section 3.1 and domain generalization in Sec-
tion 3.4. Different colors represents data from different
domains.

head parameter generation model are required. The
head parameter generation model is shared across
all classes, so the network architecture becomes
class-number agnostic. On the other hand, recently,
universal models for a wide range of NLP prob-
lems have been emgered (Raffel et al., 2019; Chen
et al., 2021; Ao et al., 2021). We believe the de-
velopment of the universal models will intrigue the
cross-problem setting in meta-learning.

3.4 Domain Generalization
Traditional supervised learning assumes that the
training and testing data have the same distribution.
Domain shift refers to the problem that a model
performs poorly when training data and testing
data have very different statistics. Domain adapta-
tion in Section 3.1 uses little domain-specific data
to adapt the model2. On the other hand, domain
generalization techniques attempt to alleviate the
domain mismatch issue by producing models that
generalize well to novel testing domains.

Meta-learning can also be used to realize domain
generalization by learning an algorithm that can
train from one domain but evaluate on the other. To
simulate the domain generalization scenario, a set
of meta-training tasks are constructed by sampling
data from different domains as the support and
query sets. With the meta-training tasks above,
cross-task training will find the meta-parameters φ∗

that work well on the scenario where the training
(support) and testing (query) examples are from
different domains. Fig. 1 shows how to construct
tasks for domain generalization and compares the
construction with the cross-domain transfer setting.
The setting has been used to improve the domain
generalization for semantic parsing (Wang et al.,

2The domain-specific data are usually labelled, but unla-
belled domain-specific data can be leveraged as well (Kouw
and Loog, 2021), which is out of scope here.
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2021a) and language generalization3 for sentiment
classification and relevance classification (Li et al.,
2020c).

3.5 Task Augmentation
In meta-learning, it is critical to have a large num-
ber of diverse tasks in the meta-training tasks Ttrain
to find a set of meta-parameters φ∗ that can gener-
alize well to the meta-testing tasks. However, con-
sidering the setting in the previous subsections, dif-
ferent tasks contain examples in various domains,
language, or even NLP problems, so a large and di-
verse Ttrain are often not available. In typical ML,
data augmentation comes in handy when data is
lacking. In meta-learning, augmenting tasks is sim-
ilarly understood as data augmentation in ML. Data
augmentation becomes task augmentation because
the “training examples” in meta-learning are a col-
lection of tasks. Task augmentation approaches
in meta-learning can be categorized into two main
directions: a) Inventing more tasks (without human
labeling efforts) to increase the number and diver-
sity of the meta-training tasks Ttrain. b) Splitting
training data from one single dataset into homoge-
nous partitions that allow applying meta-learning
techniques and therefore improve the performance.
NLP-specific methods have been proposed in both
categories.

Inventing more tasks The main question is
how to construct a massive amount of tasks ef-
ficiently. There is already some general task aug-
mentation approahces proposed for general meta-
learning (Yao et al., 2021a; Ni et al., 2021; Ra-
jendran et al., 2020; Yao et al., 2021b). Here
we only focus on NLP-specific approaches. In-
spired from the self-supervised learning, Bansal
et al. (2020b) generates a large number of cloze
tasks, which can be considered as multi-class clas-
sification tasks but obtained without labeling ef-
fort, to augment the meta-training tasks. Bansal
et al. (2021) further explores the influence of un-
supervised task distribution and creates task distri-
butions that are inductive to better meta-training
efficacy. The self-supervised generated tasks im-
prove the performance on a wide range of different
meta-testing tasks which are classification prob-
lems (Bansal et al., 2020b), and it even performs
comparably with supervised meta-learning meth-
ods on FewRel 2.0 benchmark (Gao et al., 2019b)
on 5-shot evaluation (Bansal et al., 2021).

3if a language is considered as a domain

Generating tasks from a monolithic corpus
Many tasks can be constructed with one monolithic
corpus (Huang et al. (2018); Guo et al. (2019);
Wu et al. (2019); Jiang et al. (2019); Chien and
Lieow (2019); Li et al. (2020b); MacLaughlin et al.
(2020); Wang et al. (2020a); Pasunuru and Bansal
(2020); Xu et al. (2021a); Murty et al. (2021)).
First, the training set of the corpus is split into sup-
port partition, Ds, and query partition, Dq. Two
subsets of examples are sampled from Ds and Dq
as the support set, S , and query set,Q, respectively.
In each episode, model parameters θ are updated
with S, and then the losses are computed with the
updated model and Q. The meta-parameters φ
are then updated based on the losses, as the meta-
learning framework introduced in Section 2. The
test set of the corpus is used to build Ttest for eval-
uation. As compared to constructing Ttrain from
multiple relevant corpora, which are often not avail-
able, building Ttrain with one corpus makes meta-
learning methodology more applicable. Besides,
results obtained from one corpus are more compa-
rable with existing NLP studies. However, only
using a single data stream makes the resulting mod-
els less generalizable to various attributes such as
domains and languages.

How to sample the data points to form a task4

is the key in such category. In NAS research in
Section 4.3, the support and query sets are usually
randomly sampled. Learning to Compare in Sec-
tion 4.2 splits the data points of different classes in
different tasks based on some predefined criteria.
There are some NLP-specific ways to construct the
tasks. In Huang et al. (2018), a relevance function
is designed to sample the support set S based on its
relevance to the query set Q. In Guo et al. (2019),
a retrieval model is used to retrieve the support set
S from the whole dataset. DReCa (Murty et al.,
2021) applies clustering on BERT representations
to create tasks.

4 Meta-Learning for NLP Tasks

This section shows the most popular meta-learning
methods for NLP and how they fit into NLP tasks.
Due to space limitations, only the major trends are
mentioned. Please refer to Table 2 and 3 in the
appendix for a complete survey.

4If a corpus includes data from different domains, and we
sample the data in the same domain to create a task, then the
setting here becomes cross-domain in Section 3.1.
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4.1 Learning to Initialize

In typical DL, gradient descent is widely used to
solve (3). Gradient descent starts from a set of
initial parameters θ0, and then the parameters θ
are updated iteratively according to the directions
of the gradient. There is a series of meta-learning
approaches targeting at learning the initial parame-
ters θ0. In these learn-to-init approaches, the meta-
parameters φ to be learned are the initial parameters
θ0 for gradient descent, or φ = θ0. MAML (Finn
et al., 2017) and its first-order approximation, FO-
MAML (Finn et al., 2017), Reptile (Nichol et al.,
2018), etc., are the representative approaches of
learn-to-init. We surveyed a large number of papers
using MAML-based approaches to NLP applica-
tions in the last three years and summarized them
in Table 4 in the appendix.

Learning to Initialize v.s. Self-supervised
Learning The learn-to-init approaches aim at
learning a set of good initial parameters. On the
other hand, self-supervised approaches like BERT
also have the same target. There is a natural ques-
tion: are they complementary? Based on the sur-
vey in Table 4 in the appendix, it is common to
use the self-supervised models to “initialize” the
meta-parameters φ in learn-to-init approaches. To
find the optimal φ∗ in (5), gradient descent is used
as well, and thus the “initial parameters for initial
parameters”, or φ0 is required. A self-supervised
model usually serves the role of φ0, and the learn-
to-init approaches further update φ0 to find φ∗.

Learn-to-init and self-supervised learning are
complementary. The self-supervised objectives are
different from the objective of the target NLP prob-
lem, so there is a “learning gap”. On the other hand,
learn-to-init approaches learn to achieve good per-
formance on the query sets of the meta-training
tasks, so it directly optimizes the objective of the
NLP problems. The benefit of self-supervised
learning is that it does not require labeled data,
while labeling is still needed to prepare the exam-
ples in meta-training tasks.

Learning to Initialize v.s. Multi-task Learning
Multi-task learning is another way to initialize
model parameters, which usually serves as the
baseline of learn-to-init in the literature. In multi-
task learning, all the labelled data from the meta-
training tasks is put together to train a model. That
is, all the support sets Sn and query sets Qn in
the meta-training tasks Ttrain are put together as a

training setD, and the loss (3) is optimized to find a
parameter θ∗. Then θ∗ is used as initial parameters
for the meta-testing tasks.

Both multi-task learning and meta-learning lever-
age the examples in the meta-training tasks, but
with different training criteria. Learn-to-init finds
the initial parameters suitable to be updated by up-
dating the model on the support sets and then eval-
uating it on the query sets. In contrast, multi-task
learning does not consider that the initial parame-
ters would be further updated at all during training.
Therefore, in terms of performance, learn-to-init
is usually shown to be better than multi-task learn-
ing (Dou et al., 2019; Chen et al., 2020b). On
the other hand, in terms of training speed, meta-
learning, which optimizes (5), is more computation-
ally intensive than multi-task learning optimizing
(3).

Three-stage Initialization Since learn-to-init,
multi-task, self-supervised learning all have their
pros and cons, they can be integrated to draw on
the strong points of each other. A common way to
integrate the three approaches is “three-stage ini-
tialization” as below. a) First, initialize a model
by self-supervised learning, which leverages un-
labeled data. Its objective is usually not directly
related to the target NLP problem. b) Then, multi-
task learning is used to fine-tune the self-supervised
model. The objective of multi-task learning is
the target NLP problem but does not consider the
update procedure in gradient descent. c) Finally,
learn-to-init, which finds the initial parameters suit-
able for update, is used to fine-tune the multi-task
model.

Learn-to-init is chosen to be the last stage be-
cause its training objective is closest to the target
of looking for good initial parameters, but it is
the most computationally intensive method, and
thus it is only used to change the model a little bit.
The three-stage initialization has been tested in sev-
eral works (Nooralahzadeh et al., 2020; Wu et al.,
2021b; van der Heijden et al., 2021; Langedijk
et al., 2021), but it does not always improve the
performance (Wu et al., 2021b; van der Heijden
et al., 2021).

Challenges Learn-to-init is an essential
paradigm for few-shot learning and usually
achieves outstanding results in the few-shot
learning benchmarks of image classification (Tri-
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antafillou et al., 2020). However, it has fallen short
of yielding state-of-the-art results on NLP few-shot
learning benchmarks (Ye et al., 2021; Chen et al.,
2022; Bragg et al., 2021). For example, on the
cross-task few-shot learning benchmark, CrossFit,
simple multi-task learning outperforms existing
learn-to-init in many cases (Ye et al., 2021). One
possible reason is meta-learning methods are
susceptible to hyper-parameters and even random
seeds (Antoniou et al., 2019). Hence, it is difficult
to obtain decent performance without exhaustively
tuning hyperparameters. The research about
developing more stable learn-to-init methods may
lead to more practical real-world applications for
the approaches. There is a study about stabilizing
the cross-task training of learn-to-init methods by
reducing the variance of gradients for NLP (Wang
et al., 2021b).

4.2 Learning to Compare
Learning to Compare methods are widely applied
to NLP tasks. Among many others, we find appli-
cations of Learning to Compare methods in text
classification (Yu et al., 2018; Tan et al., 2019;
Geng et al., 2019; Sun et al., 2019b; Geng et al.,
2020), sequence labeling (Hou et al., 2020; Oguz
and Vu, 2021), semantic relation classification (Ye
and Ling, 2019; Chen et al., 2019a; Gao et al.,
2019a; Ren et al., 2020), knowledege completion
(Xiong et al., 2018; Wang et al., 2019b; Zhang et al.,
2020; Sheng et al., 2020) and speech recognition
(Lux and Vu, 2021) tasks.

Most of the proposed methods are based on
Matching Network (Vinyals et al., 2016), Prototyp-
ical Network (Snell et al., 2017) and Relation Net-
work (Sung et al., 2018), and extend these architec-
tures in two aspects: a) how to embed text input in a
vector space with/without context information, and
b) how to compute the distance/similarity/relation
between two inputs in this space. Since these ques-
tions have had deep roots in the computation lin-
guistics research for many years (Schütze, 1992;
Manning and Schutze, 1999), Learning to Com-
pare methods is one of the most important methods
among other meta-learning methods in the context
of NLP despite their simplicity. Notably, to date,
such family of methods is mainly applied to classi-
fication tasks.

4.3 Neural Network Architecture Search
Neural network architecture search (NAS) is an-
other common meta-learning technique applied

to NLP including language modeling (WikiText-
103 (Merity et al., 2017), PTB (Mikolov et al.,
2010)), NER (CoNLL-2003 (Sang and De Meul-
der, 2003)), TC (GLUE (Wang et al., 2019a)),
and MT (WMT’14 (Bojar et al., 2014)). As dis-
cussed in Section 3.5, these techniques are often
trained/evaluated with a single, matched dataset,
which is different from other meta-learning ap-
proaches.

Moreover, in contrast to conventional NAS meth-
ods that focus on learning the topology in an indi-
vidual recurrent or convolutional cell, NAS meth-
ods have to be redesigned in order to make the
search space suitable for NLP problems, where
contextual information often plays an important
role. Jiang et al. (2019) pioneers the application
of NAS to NLP tasks beyond language modeling
(NER in this case), and improves differentiable
NAS by redesigning its search space for natural
language processing. Li et al. (2020b) extends
the search space of NAS to cover more RNN ar-
chitectures and allow the exploring of intra- and
inter-token connection to increase the expressibil-
ity of searched networks. As the popularity of pre-
trained language models (PLM) grows in NLP area,
researchers also apply NAS to discover better topol-
ogy for PLM such as BERT. Wang et al. (2020a)
introduces Hardware-Aware Transformers (HAT)
to search Transformer architecture optimized for
inference speed and memory footprint in different
hardware platforms. NAS-BERT (Xu et al., 2021b)
and AdaBERT (Chen et al., 2020a) explores task-
agnostic and task-dependent network compression
techniques with NAS respectively. EfficientBERT
(Dong et al., 2021) applies NAS to search for more
efficient architecture of feed-forward network that
is suitable for edge device deployment.

To show the efficacy of NAS, we summarize
the performance of several state-of-the-art NAS
approaches on GLUE benchmarks (Wang et al.,
2019a) in Table 5 in the appendix. These ap-
proaches are applied to BERT to discover ar-
chitectures with smaller sizes, faster inference
speed, and better model accuracy. For com-
parison, performance from original and manu-
ally compressed BERT models is also presented.
The results show that the BERT architecture im-
proved by NAS yields performance competitive
to BERT (c.f., 82.3 from EfficientBERT vs 82.5
from BERT) and is 6.9x smaller and 4.4x faster.
The searched architecture also outperforms man-
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ually designed, parameter- and inference-efficient
model (MobileBERTTINY) at similar size and speed.
These results suggest the efficacy of NAS in dis-
covering more efficient network architectures. As
NLP researchers continue to design even larger
PLMs while the need of deployment on edge de-
vices grows, we expect there will be increasing
investment in innovating NAS techniques to make
PLM networks more compact and accelerate infer-
ence.

Challenges The main bottleneck for NAS be-
ing widely applied is the prohibitive requirement
in computation resources for architecture search.
Approaches such as Efficient Neural Architecture
Search (ENAS, Pham et al. (2018b)) and Flexible
and Expressive Neural Architecture Search (FE-
NAS, Pasunuru and Bansal (2020)) are proposed
to improve the search efficiency. As PLMs usually
have bulky sizes and slow training speed, search
efficiency is even more critical when applying NAS
to PLM. Weight-sharing techniques are often ap-
plied to accelerate searching (Wang et al., 2020a;
Dong et al., 2021; Xu et al., 2021b).

4.4 Meta-learning for Data Selection

Multi-linguality, multi-task, and multi-label see
many impacts on NLP problems due to the diver-
sity of human languages. To learn models with bal-
anced performance over attributes (e.g., languages,
tasks, labels), a common approach is to weight the
training examples for data selection to learn models
with balanced performance over the attributes, and
it is a natural assumption that meta-learning tech-
niques derive more generalizable weighting than
manually tuned hyperparameters. For example, Wu
et al. (2019) add another gradient update step wrap-
ping the conventional classifier update for training
meta-parameters that controls the weight when ag-
gregating losses from different labels to update clas-
sifier’s parameters. In addition to gradient update,
meta-learned weights are also applied directly to
training examples for data selection to address the
issue of noisy labeling. Shu et al. (2019) propose a
technique to jointly learn a classifier and a weight-
ing function, where a conventional gradient update
for the classifier and a meta-learning update for
the weighting is performed alternatively. The func-
tion weights examples to mitigate model overfitting
towards biased training data caused by corrupted
labels or class imbalance. Zheng et al. (2021) apply
a similar framework but extend the weighting with

a label correction model. Both techniques show
improvement over SOTA in text classification with
biased training data.

Additionally, as the progress in the research of
pre-training and transfer learning, there is a trend
of leveraging datasets in multiple languages, do-
mains, or tasks to jointly pre-train models to learn
transferable knowledge. A meta-learned data se-
lector can also help in this scenario by choosing
examples that benefit model training and transfer-
ability. For instance, Wang et al. (2020b) investi-
gate the common challenge of imbalanced train-
ing examples across languages in multilingual MT,
which is conventionally addressed by tuning hyper-
parameters manually to up-sample languages with
less resources. The authors propose Differentiable
Data Selection (DDS) to parameterize the sampling
strategies. DDS is trained with episodes and REIN-
FORCE algorithm to optimize parameters of sam-
pler and MT models in an alternating way for the
MT models to converge with better performance
across languages. Pham et al. (2021) formulate
data sampling for multilingual MT as a problem of
back-translation to generate examples of parallel
utterances from unlabeled corpora in target lan-
guage. The back-translation is jointly trained with
MT models to improve translation result through
better distribution of training examples and data
augmentation. Tarunesh et al. (2021) further study
knowledge transferring across tasks and languages.
The authors combine Reptile and DDS to meta-
learn samplers with six different languages (en, hi,
es, de, fr, and zh) and five different tasks (QA,
NLI, paraphrase identification, POS tagging, and
NER) and demonstrate competitive performance
on XTREME multilingual benchmark dataset (Hu
et al., 2020).

5 Meta-learning beyond Accuracy

In the previous sections, meta-learning is used to
obtain better evaluation metrics for NLP applica-
tions. This section illustrates how meta-learning
can improve NLP applications from more aspects
beyond performance.

5.1 Learn to Knowledge Distillation

Knowledge distillation method was proposed in
(Hinton et al., 2015). The main goal is to transfer
knowledge from a so-called teacher model, e.g., a
vast neural network trained with a lot of training
data, to a more compact student model, e.g., a neu-
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ral network with much less trainable parameters.
The main weaknesses of this method are as follows:
a) the number of teacher models is fixed to one that
could limit the power of the transferring process; b)
the teacher model is not optimized for the transfer-
ring process and c) the teacher model is not aware
of the student model during the transferring pro-
cess. Meta-learning methods can be applied to
partially fix these issues. The high-level idea is
to increase the number of teacher models and the
number of student models and consider each pair
of a teacher model and a student model as a task
in the meta-learning framework. By doing so, we
can train a meta teacher model that works better
than a single teacher model (Pan et al., 2020), and
we can optimize the transferring process and force
the teacher model to be aware of the student model
(Zhou et al., 2022).

5.2 Learn to Life-long learning
This subsection discusses how to use meta-learning
to improve lifelong learning (LLL) (Chen and Liu,
2018). The real world is changing and evolving
from time to time, and therefore machines natu-
rally need to update and adapt to the new data they
receive. However, when a trained deep neural net-
work is adapted to a new dataset with a different
distribution, it often loses the knowledge previously
acquired and performs the previous seen data worse
than before. This phenomenon is called catas-
trophic forgetting (McCloskey and Cohen, 1989).
There is a wide range of LLL approaches aiming
for solving catastrophic forgetting (Parisi et al.,
2019). Among them, the following directions ap-
ply meta-learning: 5

Meta-learning for Regularization-based LLL
methods Regularization-based LLL methods
aim to consolidate essential parameters in a model
when adapting models with new data (Kirkpatrick
et al., 2017; Zenke et al., 2017; Schwarz et al.,
2018; Aljundi et al., 2018; Ehret et al., 2021). Meta-
learning targets “how to consolidate” and has some
successful examples in NLP applications. Knowl-
edgeEditor (De Cao et al., 2021) learns the parame-
ter update strategies that can learn the new data and
simultaneously retain the same predictions on the
old data. KnowledgeEditor has been applied to fact-

5On the other hand, in meta-learning, usually, we assume
stationary task distribution. Can we do meta-learning with
evident distributional shift or when tasks arrive sequentially?
There is also research along the direction (Finn et al., 2019;
Yap et al., 2021), but out of the scope of this review paper.

checking and QA. Editable Training (Sinitsin et al.,
2020) employs learn-to-init approaches to find the
set of initial parameters, ensuring that new knowl-
edge can be learned after updates without harming
the performance of old data. Editable Training
empirically demonstrates the effectiveness on MT.

Meta-learning for Data-based LLL Methods
The basic idea of data-based methods is to store a
limited number of previously seen training exam-
ples in memory and then use them for empirical
replay, that is, training on seen examples to re-
cover knowledge learned (Sprechmann et al., 2018;
de Masson d'Autume et al., 2019; Sun et al., 2019a)
or to derive optimization constraints (Lopez-Paz
and Ranzato, 2017; Li and Hoiem, 2017; Saha and
Roy, 2021). A hurdle for data-based approaches
is the need to store an unrealistically large number
of training examples in memory to achieve good
performance. To achieve sample efficiency, Oba-
muyide and Vlachos (2019a); Wang et al. (2020c);
Wu et al. (2021a) uses meta-learning to learn a
better adaptation algorithm that recovers the knowl-
edge learned with a limited amount of previously
seen data. Experiments on text classification and
QA benchmarks validate the effectiveness of the
framework, achieving state-of-the-art performance
using only 1% of the memory size (Wang et al.,
2020c).

6 Conclusion

This paper investigates how meta-learning is used
in NLP applications. We review the task construc-
tion settings (Section 3), the commonly used meth-
ods including learning to initialize, learning to com-
pare and neural architecture search (Section 4), and
highlight research directions that go beyond im-
proving performance (Section 5). We hope this
paper will encourage more researchers in the NLP
community to work on meta-learning.
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A Appendx

Table 1: Terminologies and their meanings.

Terminologies Meaning
(NLP) Problem a type of NLP problems like QA, POS, or MT
Model Parameter parameters of models making inference for underlying problems
Meta-parameter parameters of learning algorithms (e.g., model init, optimizers) that are shared across tasks
Support Set a set of training examples for updating model parameters
Query Set a set of testing examples for evaluating model parameters
Task combination of one support set and one query set
Within-task Training learning model parameter with support set
Within-task Testing using query set to evaluate model parameters
Episode one execution of within-task training and followed by one execution of within-task testing
Meta-training Tasks tasks generated for learning meta-parameter
Meta-testing Tasks tasks generated for evaluating algorithms parameterized by meta-parameter
Cross-task Training learning meta-parameter, which usually involves running many episodes on meta-training tasks
Ccross-task Testing running an episode on each meta-testing task to evaluate algorithms parameterized by meta-parameter
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Table 2: An organization of works on meta-learning in NLP. The Application column lists the applications that
are performed in corresponding papers. We use the following abbreviations. QA: Question Answering. MT:
Machine Translation. TC: Text Classification (including Natural Langauge Inference). IE: Information Extraction
(including Relation Classificaiton and Knowledge Graph Completion). WE: Word Ebedding TAG: Sequence
Tagging. PAR: Parsing. DST: Dialgoue State Tracking. DG: Dialgoue Generation (including Natural Language
Generation). MG: Multimodal Grounding. ASR: Automatic Speech Recognition. SS: Source Separation. KS:
Keyword Spotting. VC: Voice Cloning. SED: Sound Event Detection. The Method column lists the involving
meta-learning methods. INIT is learning to initialize; COM is learning to compare; NAS is network architecture
search; OPT is learning to optimize; ALG is learning the learning algorithm; SEL is learning to select data. Task
construction column lists the way each work is built for training meta-parameters. Please refer to Section 3 for
the description about task construction.

Work Method Application Task construction

(Dou et al., 2019) INIT TC Cross-problem
(Bansal et al., 2020a) INIT TC Cross-problem
(Holla et al., 2020) INIT TC A task includes sentences containing the same word with different senses.
(Zhou et al., 2022) INIT TC Knowledge Distallation
(Pan et al., 2020) COM TC Knowledge Distallation
(van der Heijden et al., 2021) INIT TC Cross-lingual
(Bansal et al., 2020b) INIT TC Cross-problem (some tasks are generated in an self-supervised way)
(Murty et al., 2021) INIT TC Cross-problem
(Wang et al., 2021b) INIT TC, DST Cross-domain
(Yu et al., 2018) COM TC Cross-domain
(Tan et al., 2019) COM TC Cross-domain
(Geng et al., 2019) COM TC Cross-domain
(Sun et al., 2019b) COM TC The tasks are seperated by class labels.
(Geng et al., 2020) COM TC The tasks are seperated by class labels.
(Li et al., 2020c) COM TC Domain Generalization
(Wu et al., 2019) OPT TC Monolithic
(Pasunuru and Bansal, 2020) NAS TC Monolithic
(Pasunuru and Bansal, 2019) NAS TC Monolithic
(Xu et al., 2021c) OPT TC Domain Generalization
(Zheng et al., 2021) SEL TC Monolithic
(Wu et al., 2020) INIT TAG Cross-lingual
(Xia et al., 2021) INIT TC, TAG Cross-lingual
(Hou et al., 2020) COM TAG Cross-domain
(Oguz and Vu, 2021) COM TAG The tasks are seperated by class labels.
(Li et al., 2020b) NAS DG Monolithic
(Jiang et al., 2019) NAS TAG Monolithic
(Obamuyide and Vlachos, 2019b) INIT IE Each task includes the examples for a relation.
(Bose et al., 2020) INIT IE Each task is a graph.
(Lv et al., 2019) INIT IE Each task includes the examples for a relation.
(Chen et al., 2019a) COM IE Each task includes the examples for a relation.
(Gao et al., 2019a) COM IE Each task includes the examples for a relation.
(Ren et al., 2020) COM IE Each task includes the examples for a relation.
(Xiong et al., 2018) COM IE Each task includes the examples for a relation.
(Wang et al., 2019b) INIT IE Each task includes the examples for a relation.
(Zhang et al., 2020) COM IE Each task includes the examples for a relation.
(Sheng et al., 2020) COM IE Each task includes the examples for a relation.
(Hu et al., 2019) INIT WE Each task includes the context of a word.
(Sun et al., 2018) COM WE Each task includes the context of a word.
(M’hamdi et al., 2021) INIT QA, TAG Cross-lingual, Domain Generalization
(Nooralahzadeh et al., 2020) INIT QA, TC Cross-lingual
(Yan et al., 2020) INIT QA Cross-domain
(Gu et al., 2018) INIT MT Cross-lingual
(Indurthi et al., 2020) INIT MT Cross-problem
(Li et al., 2020a) INIT MT Cross-domain
(Park et al., 2021) INIT MT Cross-domain
(Wang et al., 2020b) SEL MT Monolithic
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Table 3: Continue of Table 2. Pham et al. (2021) learns a backtranslation model for data augmentation, so it is
considered as SEL.

Work Method Application Task construction

(Pham et al., 2021) SEL MT Monolithic
(Guo et al., 2019) INIT PAR Monolithic
(Huang et al., 2018) INIT PAR Monolithic
(Langedijk et al., 2021) INIT PAR Cross-lingual
(Chen et al., 2020b) INIT PAR Cross-domain
(Wang et al., 2021a) INIT PAR Domain Generalization
(Qian and Yu, 2019) INIT DG Cross-domain
(Madotto et al., 2019) INIT DG Cross-domain (each domain is one type of persona)
(Mi et al., 2019) INIT DG Cross-domain
(Huang et al., 2020a) INIT DST Cross-domain
(Dingliwal et al., 2021) INIT DST Cross-domain
(Huang et al., 2020b) INIT DST Cross-domain
(Dai et al., 2020) INIT DG Cross-domain
(Qian et al., 2021) INIT DG Cross-domain
(Chien and Lieow, 2019) OPT DG Monolithic
(Hsu et al., 2020) INIT ASR Cross-lingual
(Klejch et al., 2019) INIT ASR Cross-domain (each domain refers to a speaker)
(Winata et al., 2020a) INIT ASR Cross-lingual
(Winata et al., 2020b) INIT ASR Cross-domain (each domain refers to a accent)
(Xiao et al., 2021) INIT ASR Cross-lingual
(Klejch et al., 2018) OPT ASR Cross-domain (each domain refers to a speaker)
(Chen et al., 2020d) NAS ASR Cross-lingual
(Baruwa et al., 2019) NAS ASR Monolithic
(Wu et al., 2021b) INIT SS Cross-domain (each domain refers to a speaker)
(Huang et al., 2021) INIT SS Cross-domain(each domain refers to a accent)
(Chen et al., 2020c) INIT KS The tasks are separated by keyword sets.
(Parnami and Lee, 2020) COM KS The tasks are separated by keyword sets.
(Huh et al., 2021) COM KS The tasks are separated by keyword sets.
(Mazzawi et al., 2019) NAS KS Monolithic
(Lux and Vu, 2021) COM KS The tasks are separated by keyword sets.
(Serrà et al., 2019) ALG VC Cross-domain (each domain refers to a speaker)
(Chen et al., 2019b) ALG VC Cross-domain (each domain refers to a speaker)
(Huang et al., 2022) INIT VC Cross-domain (each domain refers to a speaker)
(Tarunesh et al., 2021) INIT, SEL QA, TC, TAG Cross-lingual, Cross-problem
(Eloff et al., 2019) COM MG Monolithic
(Surı́s et al., 2019) ALG MG Each task contains multiple examples of text-image pairs.
(Xu et al., 2021a) COM MG Each task contains an image and a word set.
(De Cao et al., 2021) OPT TC, QA Life-long learning
(Sinitsin et al., 2020) INIT MT Life-long learning
(Wang et al., 2020c) INIT TC, QA Life-long learning
(Wu et al., 2021a) INIT IE Life-long learning
(Obamuyide and Vlachos, 2019a) INIT IE Life-long learning
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Table 4: Summary of learn-to-init variants. This table contains the following information. (1) Method: There
are many variants in the learn-to-init family. The most representative one is MAML. Typical MAML (Finn et al.,
2017) has large computation intensity, so the first-order approximations like FOMAML (Finn et al., 2017) and
Reptile (Nichol et al., 2018) are widely used. DG-MAML (Li et al., 2018) is for domain generalization. Typical
learn-to-init assumes that all the tasks use the same network architecture, but LEOPARD (Bansal et al., 2020a) and
Proto(FO)MAML (Triantafillou et al., 2020) are proposed to overcome the limitation. (2) How to Initialize the
Initialization: Learn-to-init approaches aim at learning the initial parameters. But where does the initialization
of MAML come from? We found that using self-supervised pre-training as initialization is common. The table
specifies the pre-trained models used to initialize the learn-to-init methods. ’-’ means the initial parameters are
learned from random initialization or cannot tell based on the descriptions in the papers.

Work Method How to Initailize the Initailization

(Bansal et al., 2020a) LEOPARD BERT
(Li et al., 2020a) MAML Word Embedding
(Park et al., 2021) MAML XLM
(Gu et al., 2018) FOMAML Word Embedding
(Langedijk et al., 2021) FOMAML mBERT
(Chen et al., 2020b) Reptile BART
(Huang et al., 2020a) MAML BERT
(Wang et al., 2021b) Propose a new method based on Reptile Word Embedding
(Dingliwal et al., 2021) Reptile RoBERTa
(Qian and Yu, 2019) MAML Word Embedding
(Qian et al., 2021) MAML Word Embedding
(Madotto et al., 2019) MAML Word Embedding
(Dai et al., 2020) MAML -
(Hsu et al., 2020) FOMAML Multilingual ASR
(Xiao et al., 2021) MAML/FOMAML/Reptile -
(Winata et al., 2020b) MAML Pretrain by Supervised Learning
(Klejch et al., 2019) FOMAML -
(Huang et al., 2021) MAML/FOMAML -
(Indurthi et al., 2020) FOMAML -
(Winata et al., 2020a) FOMAML -
(Wu et al., 2021b) MAML Pretrain by Multi-task Learning
(Ke et al., 2021) MAML BERT
(Xia et al., 2021) MetaXL mBERT/XLM-R
(Dou et al., 2019) MAML/FOMAML/Reptile BERT
(Obamuyide and Vlachos, 2019b) FOMAML Word Embedding
(Lv et al., 2019) MAML -
(Holla et al., 2020) FOMAML/Proto(FO)MAML Word Embedding/ELMo/BERT
(Huang et al., 2020b) MAML Word Embedding
(Mi et al., 2019) MAML -
(Wang et al., 2021a) DG-MAML BERT
(Conklin et al., 2021) DG-MAML -
(M’hamdi et al., 2021) MAML mBERT
(Nooralahzadeh et al., 2020) MAML BERT/mBERT/XLM-R
(Garcia et al., 2021) MAML mBERT
(van der Heijden et al., 2021) FOMAML/Reptile/Proto(FO)MAML XLM-R
(Bansal et al., 2020b) LEOPARD BERT
(Murty et al., 2021) FOMAML BERT
(Hua et al., 2020) Reptile -
(Yan et al., 2020) MAML BERT/RoBERTa
(Wang et al., 2019b) Reptile -
(Bose et al., 2020) Meta-Graph -

Table 5: Performance of selected NAS approaches on the test set of GLUE benchmark.

Model #Params Latency MNLI QQP QNLI SST-2 MRPC RTE Avg
BERTBASE (Google) 108.9M 362ms 84.6 71.2 90.5 93.5 88.9 66.4 82.5
MobileBERTTINY (Sun et al., 2020) 15.1M 96ms 81.5 68.9 89.5 91.7 87.9 65.1 80.8
AdaBERT (Chen et al., 2020a) 6.4-9.5M 12.4-28.5ms 81.6 70.7 86.8 91.8 85.1 64.4 80.1
EfficientBERT (Dong et al., 2021) 16M 103ms 83.0 71.2 90.6 92.3 88.9 67.8 82.3
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Abstract

Building robust multimodal models are cru-
cial for achieving reliable deployment in the
wild. Despite its importance, less attention
has been paid to identifying and improving
the robustness of Multimodal Sentiment Anal-
ysis (MSA) models. In this work, we hope
to address that by (i) Proposing simple di-
agnostic checks for modality robustness in a
trained multimodal model. Using these checks,
we find MSA models to be highly sensitive
to a single modality, which creates issues in
their robustness; (ii) We analyze well-known
robust training strategies to alleviate the is-
sues. Critically, we observe that robustness
can be achieved without compromising on the
original performance. We hope our extensive
study–performed across five models and two
benchmark datasets–and proposed procedures
would make robustness an integral component
in MSA research. Our diagnostic checks and
robust training solutions are simple to imple-
ment and available at https://github.com/
declare-lab/MSA-Robustness

1 Introduction

Multimodal Sentiment Analysis (MSA) is a bur-
geoning field of research that has seen accelerated
developments in recent years. Numerous models
have been proposed that utilize multiple modalities
such as audio, visual, and language signals to pre-
dict sentiments, emotions, and other forms of affect.
While progress in MSA has been driven mainly by
improvements in multimodal performance, we call
for attention towards an equally important aspect
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Figure 1: Removing modalities one at a time from the test-
ing set of CMU-MOSI (Zadeh et al., 2016) on a trained
MISA (Hazarika et al., 2020).

in multimodal systems – multimodal robustness.
Robustness is crucial when models are deployed
in the wild, where it is common to encounter inad-
vertent errors in the source modalities due to data
loss, data corruption, jitter, privacy issues, amongst
others.

A well-known fact in the MSA research is that
language modality tends to be the most effective,
which has prompted models to utilize language
as its core modality (Wu et al., 2021; Han et al.,
2021a; Zeng et al., 2021). In this work, we focus on
skewed dependence on language and try to under-
stand how it affects the robustness of MSA models.
Specifically, we ask,

RQ1: Are models in MSA over-reliant on a sub-
set of modalities, particularly language?

RQ2: If yes, what implications does it have on
modality robustness?

To answer RQ1, we look at Fig. 1. The figure il-
lustrates a setup where we fully remove one modal-
ity during testing on the MISA model (Hazarika
et al., 2020). Here, we observe a sharp drop in per-
formance when language modality is removed but
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do not see statistically significant drops when audio
or visual modalities are removed. This observation
aligns with recent findings in the MSA literature
highlighting the dominance of language.

This brings us to RQ2 where we try to under-
stand the robustness implications over this dom-
inance. We design an elaborate study in § 3—
over five state-of-the-art (SOTA) MSA models and
across two benchmark datasets—where we propose
diagnostic checks to understand modality robust-
ness, i.e., how robust are models against modality
errors such as missing or noisy modalities.

Based on our findings, we then proceed to ask,
RQ3: How can we improve the robustness of

these models?
RQ4: Does robust training lead to a perfor-

mance trade-off?
For RQ3, we study well-known robust training

methods, that act as a pre-emptive strategy to re-
duce the performance drops. Critically, our training
is model-agnostic and can be easily included in
any existing multimodal model (§ 4). For RQ4,
we observe that our method to improve robustness
does not trade-off with the final performance on
the clean testing set, thus achieving similar perfor-
mance as the original model.

2 Related Works

While MSA has received increased attention in re-
cent times, the topic of robustness has not taken
center stage. Fortunately, few works have started
changing this trend. (Gat et al., 2020) reveals how
multimodal classifiers often utilize a subset of
modalities, which they addressed by inducing uni-
form contribution from all input modalities. In
MSA, multiple works over-rely on language modal-
ity to improve the performance. (Wu et al., 2021)
constructs a text-centered shared-private frame-
work for multimodal fusion, and (Han et al., 2021a)
obtains two text-related modal pairs and iteratively
push the interaction between modalities to supple-
ment information for better performance. While
this has enabled performance boosts, our goal is
to explore the double-edged nature of this feature
and how it impacts robustness. Our motivation for
diagnostics is similar to (Frank et al., 2021), but un-
like them, we do not perturb the raw data (such as
image patches). Instead, we intervene on modality
representations, which is easier to integrate with
existing models and do not require prior knowledge
of the modality structure.

To address robustness in MSA, (Tsai et al., 2018)
proposes a factored model that can accommodate
modality drops. Also, (Ma et al., 2021) introduces
modality drops during training and testing and uses
meta-learning to make models robust. However, our
work comprises some crucial distinctions: i) Unlike
these works, our diagnostics and robust training
do not require sophisticated architecture and can
be easily integrated into existing models. ii) We
perform an exhaustive analysis of robustness across
multiple models, which is previously not done in
the MSA literature.

3 Testing Robustness via Diagnostic
Checks

In this section we perform an elaborate study on
modality robustness by simulating potential issues
with modality signals during testing (or deploy-
ment) of MSA models.

3.1 Experiment Setup
Models. In order to fully verify the universal-
ity of our experiments, we select a series of di-
verse SOTA models, ranging from RNN-based
to Transformer-based architectures. These models
work across different granularities from word-level
to sentence-level variants:
(i) MISA (Hazarika et al., 2020) is a popu-

lar model that generates modality-invariant and
-specific features of multimodal data, to learn both
shared and unique characteristics of each modal-
ity. (ii) BBFN (Han et al., 2021a) in a similar
vein performs fusion and separation to increase
cross-modal relevances and differences. This work
acknowledges the dominance of text modality
in MSA and proposes two text-centric bi-modal
transformers to increase performance. (iii) Self-
MM (Yu et al., 2021) focuses on the relationship
between multi- and uni-modal predictions by multi-
tasking consistencies and differences between them.
(iv) MMIM (Han et al., 2021b) incorporates mu-
tual information (MI) into MSA by maximizing
MI at the input and fusion level. (v) MulT (Tsai
et al., 2019) merges multimodal time series through
multiple sets of directional pairwise cross-modal
transformers. It accounts for long-range dependen-
cies across modality elements to create a strong
baseline (see Appendix B).

Datasets. We consider two benchmark datasets
widely used in the field of multimodal sentiment
analysis, CMU-MOSI (Zadeh et al., 2016), which
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Figure 2: Diagnostic checks (missing modality) for modality robustness in MOSI and MOSEI datasets. Results are averaged
over three independent runs. Each modality error is applied to 30% of testing data.

is a popular dataset for studying the intensity of
multimodal sentiment in the MSA field and CMU-
MOSEI (Bagher Zadeh et al., 2018) which is a
larger counterpart of MOSI with richer annotations
and more diverse samples. Both these datasets con-
tain short utterance videos and provide language,
audio, and visual modality features.

3.2 Proposed Diagnostic Checks

We propose two diagnostic checks that introduce
i) Missing Modalities, which drops (or nullifies) a
modality from the input and ii) Noisy Modalities
which include random changes to the modality rep-
resentations, introduced via white Gaussian noise
to the respective modality representations1. To sim-
ulate a realistic scenario, we apply these checks to
30% of the testing data set2. Given the increased
dependence on language modality in MSA mod-
els, we limit our study to errors introduced only in
language modality without loss of generality.

Procedure. We aim to intervene on modality
representations to simulate modality errors. For
the language modality l, all models map the se-
quence of tokens Ul ∈ RTl to its low-level em-
bedding Ul ∈ RTl×dl with Tl tokens and dl em-
bedding dimension. This low-level sequence is

1While missing and noisy errors are predominant in the
wild, we leave other potential forms of errors, such as affine
transformations to the representations for future work.

2We set 30% arbitrarily to simulate modality errors to a
proportion of the input signals.

then encoded into hidden representations using an
encoder of choice, such as BERT (Devlin et al.,
2019), to achieve the language representation vec-
tor ul = encθl(Ul) ∈ Rd. We intervene on this rep-
resentation and apply our diagnostics as follows.

We sample 30% of ul from the testing set and
modify them as ûl = f(ul), where f(x) is defined
as either f(x) = x ⊙ 0 for modality dropping
(nulling the vector to 0s by element-wise multi-
plication) or f(x) = x + N (0,1) to add white
noise. The modified ûl is then fed to the rest of the
network as usual.

In the selected models, we apply diagnostics at
different network locations. These include the rep-
resentations before the hidden projection, such as
in MISA, or fusion operation, such as in Self-MM.
For MulT and BBFN, we apply the interventions
right after the word embeddings. Detailed discus-
sion on the location of interventions is provided in
Appendix A.

Observations. Figs. 2 and 3 presents the results,
where across both MOSI and MOSEI datasets, we
find that language modality is highly sensitive to
modality errors in the language source (across all
models). This trend is observed for both missing
and noisy modality checks, thus highlighting the
concerns over robustness of these SOTA models.
These diagnostic checks are easy to analyze, and
we hope they will become an integrated part of the
model-development pipeline in MSA.
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Figure 3: Diagnostic checks (noisy modality) for modality robustness in MOSI and MOSEI datasets. Results are averaged over
three independent runs. Each modality error is applied to 30% of testing data.

4 Robust Training

In this section, we explore how to reduce the sen-
sitivity of the models to the dominant modality,
i.e., language. One of the popular ways to alleviate
such issues is to teach the model such scenarios
during training. We dub this approach as modality-
perturbation, which is conceptually similar to re-
moving or masking modalities in (Ma et al., 2021;
Georgiou et al., 2021) or adding noise in (Miyato
et al., 2018). It simulates the modality errors dur-
ing training so that the model learns to expect such
events during testing/deployment. The procedure
is as follows,

1. Training:

(a) For a particular batch of data, sample a
proportion of the data to be perturbed.

(b) Similar to the diagnostic checks in § 3, per-
turb the dominant modality (in our case,
language) of half of this data with missing
and the other half with noisy perturbation.
Repeat both these steps for the next batch.

2. Testing: Apply the diagnostic checks as in § 3.

This simple approach can be interpreted as reg-
ularization akin to dropouts or noising strategies
used in de-noising auto-encoders.

4.1 Results
Robustness. Table 1 presents the results, where
we perform balanced perturbation between missing

and noisy modalities. For the 30% perturbable data
in training, we drop the language modality on 15%
and for the other 15%, we add noise. This setting
improves the diagnostics in both kinds of errors.
Appendix C presents results on other proportions
of the training data.

With balanced perturbation, (BBFN-MOSI) re-
duces the relative drop on missing language diag-
nostic by 31% (in F1) and 98% on noise. Also, miss-
ing drop reduces by 11% in Corr and by 99% for
noisy diagnostic. (Self-MM, MOSI) increases the
relative drop in Corr slightly on missing diagnostic,
but in all other cases, it is significantly reduced. For
example, the F1 drop on MOSI for noisy diagnostic
reduces significantly by 93%. Table 1 also shows
that our method performs well on both RNN-based
and Transformer-based models, demonstrating the
wide applicability of our method.

Performance Trade-off. While alleviating ro-
bustness via regularization is well-known in the
literature, there is often a trade-off with absolute
performance in the original testing setup. Most
approaches that achieve robustness take a hit at
their best performance on clean input (Zhang et al.,
2022) (Nakkiran, 2019) (Su et al., 2018) (Tsipras
et al., 2019). This raises the question of whether
introducing modality-perturbation reduces the per-
formance of the model on the original testing set.

We find the answer to this is No. Surprisingly,
our robust training procedure does not degrade in
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Diagnostic
(30%)

Robust
Training

MOSI MOSEI
Corr F1 Corr F1

M
IS

A

- 0.737 82.40 0.765 85.76
Yes 0.736 81.42 0.767 85.97

missing
- ↓ 0.122 ↓ 11.53 ↓ 0.186 ↓ 8.45
Yes ↓ 0.210 ↓ 9.96 ↓ 0.147 ↓ 8.26

noise
- ↓ 0.122 ↓ 11.67 ↓ 0.136 ↓ 8.36
Yes ↓ 0.163 ↓ 10.10 ↓ 0.002 ↓ 0.19

B
B

FN

- 0.754 83.12 0.764 85.70
Yes 0.754 83.28 0.763 85.43

missing
- ↓ 0.127 ↓ 10.55 ↓ 0.139 ↓ 10.57
Yes ↓ 0.119 ↓ 7.28 ↓ 0.124 ↓ 7.88

noise
- ↓ 0.232 ↓ 8.58 ↓ 0.308 ↓ 9.62
Yes ↓ 0.046 ↓ 0.16 ↓ 0.003 ↓ 0.23

Se
lf

-M
M

- 0.794 85.61 0.759 84.62
Yes 0.790 84.73 0.754 84.67

missing
- ↓ 0.099 ↓ 11.74 ↓ 0.126 ↓ 9.04
Yes ↓ 0.120 ↓ 9.66 ↓ 0.122 ↓ 6.86

noise
- ↓ 0.154 ↓ 8.35 ↓ 0.172 ↓ 9.48
Yes ↓ 0.041 ↓ 0.58 ↓ 0.051 ↓ 1.02

M
M

IM

- 0.796 86.02 0.758 84.89
Yes 0.784 84.67 0.751 83.15

missing
- ↓ 0.117 ↓ 9.37 ↓ 0.122 ↓ 8.15
Yes ↓ 0.146 ↓ 10.48 ↓ 0.115 ↓ 6.62

noise
- ↓ 0.197 ↓ 9.55 ↓ 0.191 ↓ 9.18
Yes ↓ 0.180 ↓ 8.88 ↓ 0.096 ↓ 4.41

M
ul

t

- 0.747 82.25 0.738 83.37
Yes 0.744 82.21 0.745 83.95

missing
- ↓ 0.113 ↓ 12.17 ↓ 0.109 ↓ 6.60
Yes ↓ 0.117 ↓ 9.63 ↓ 0.113 ↓ 7.03

noise
- ↓ 0.295 ↓ 8.99 ↓ 0.263 ↓ 7.95
Yes ↓ 0.068 ↓ 6.13 ↓ 0.001 ↑ 0.02

Table 1: Robust Training is performed with 15% missing
and 15% noise perturbation. Results are averaged over
3 random runs. More perturbation results are provided
in Appendix C. Higher drops between Non-robust and
robust training (consecutive rows) are highlighted.

its original performance and can perform similar to
the original model variants. This is highly ideal as
we achieve robustness without compromising on
performance in clean data.

5 Conclusion

In this work, we performed a systematic study that
demonstrate the double-edged nature of dominant
modality in SOTA MSA models. Our analysis us-
ing diagnostic checks reveal high susceptibility to
performance drops when presented with unwanted
errors in their representations.

To alleviate the issues, we also study robust train-
ing methods that uses modality perturbations. Criti-
cally, we find that robustness and performance can
co-exist without an explicit trade-off. These im-
provements demonstrate a positive nudge in the
effort to achieve robustness and we believe there re-
mains significant room for improvement. With this
work, by proposing simple and easy-to-integrate
diagnostic checks and training methods, we hope
to permeate discussions on robustness into main-
stream MSA research.
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A Model Details

MISA: We get the MISA model from its official
repository 3. In this model, we apply the interven-
tions at the following encoded language represen-
tation from the original paper:

ul = Bert
(
Ul; θ

bert
l

)
(1)

ûl = f(ûl) (2)

hcl = Ec (ûl; θ
c) , hpl = Ep

(
ûl; θ

p
l

)
(3)

That is, the interventions are applied before the
language representation is projected to its shared
and private subspaces.

BBFN: We get the BBFN model from its official
repository 4. In this model, we execute the interven-
tions after the following language embedding from
the original paper.

Ml = (m0,m1, . . . ,mn+1) (4)

M̂l = f(Ml) (5)

Self-MM: We get the Self-MM model from its
official repository5. In this model, we set the inter-
ventions after the language features encoded below
from the original paper.

Fl = BERT
(
Il; θ

bert
l

)
∈ Rdl (6)

F̂l = f(Fl) (7)

MMIM: We get the MMIM model from its of-
ficial repository 6. For this model, we perform the
interventions after the following encoded language
representation from the original paper.

xl = BERT
(
Xl; θ

BERT
l

)
(8)

x̂l = f(xl) (9)

MulT: We get the MulT model from its official
repository 7. We intervene in this model after the
following encoded language representation:.

xl = Conv1D(Xl, kl) ∈ RTl×d (10)

x̂l = f(xl) (11)
3https://github.com/declare-

lab/MISA/tree/ec42faddde0d210cf7368aebf2118fe9570e7102
4https://github.com/declare-

lab/BBFN/tree/be15f947ed7539b3c54381e453f09439466ed915
5https://github.com/thuiar/Self-MM
6https://github.com/declare-lab/Multimodal-Infomax
7https://github.com/yaohungt/Multimodal-Transformer

Models Item CMU-MOSI CMU-MOSEI

MISA
Learning rate 1e-5 4e-5
Optimizer RMSprop Adam
Activation hardtanh relu

BBFN Learning rate 1e-4 5e-5

MMIM

Batch size 32 64
learning rate ηlld 4e-3 1e-3
learning rate ηmain 1e-3 5e-4
α 0.3 0.1
β 0.1 0.05
V-LSTM hidden dim 32 64
A-LSTM hidden dim 32 16

MulT

Batch size 128 16
Learning rate 1e-4 1e-4
Optimizer Adam Adam

Transformers Hidden
Unit Size d

30 30

No. of Crossmodal
Attention Heads

10 10

No. of Crossmodal
a Blocks D

4 4

Textual Embedding
Dropout

0.3 0.3

Crossmodal Attention
Block Dropout

0.2 0.1

Output Dropout 0.2 0.1
Gradient Clip 0.8 1.0
No. of Epochs 100 20
Use Bert Yes Yes

Table 2: Hyper-parameter config used to train the mod-
els.

B Reproducing Results

For each model we train the models to achieve
performances close to reported in the respective
papers. Table 2 presents the hyper-parameters we
used to reproduce their results.

C Additional Results on
Modality-Perturbation

We also analyze with varying proportions of per-
turbations in the training and testing phase, respec-
tively. As seen in Table 3, as the noise gradually in-
creases from 5% to 15%, the drop of Corr in MOSI
is gradually reduced , which shows the robustness
is getting better, until it reaches the optimum at 30%
perturbation (15% missing + 15% noise). In other
models, 30% perturbation is also advantageous. For
example, in Table 7, (Mult, MOSEI) reduces Corr
drop while improving F1 performance in 30% per-
turbation. Although it is only a small improvement
at present, we believe that there will be more mean-
ingful improvements in the future.
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Robust
Training Diagnostic MOSI MOSEI

Corr F1 Corr F1

M
IS

A

-

0.737 82.40 0.765 85.76
missing 5% ↓ 0.011 ↓ 1.18 ↓ 0.042 ↓ 1.57
noise 5% ↓ 0.022 ↓ 0.75 → 0 → 0
missing 10% ↓ 0.031 ↓ 2.19 ↓ 0.073 ↓ 2.41
noise 10% ↓ 0.047 ↓ 2.56 ↓ 0.031 ↓ 1.75
missing 15% ↓ 0.050 ↓ 3.99 ↓ 0.126 ↓ 4.10
noise 15% ↓ 0.076 ↓ 4.05 ↓ 0.068 ↓ 3.88
missing 30% ↓ 0.122 ↓ 11.53 ↓ 0.186 ↓ 8.45
noise 30% ↓ 0.210 ↓ 9.96 ↓ 0.147 ↓ 8.26

5% missing
5% noise

0.714 80.99 0.765 85.68
missing 5% ↓ 0.010 ↓ 1.38 ↓ 0.042 ↓ 1.57
noise 5% ↓ 0.032 ↓ 1.37 → 0 → 0
missing 10% ↓ 0.030 ↓ 2.17 ↓ 0.074 ↓ 2.41
noise 10% ↓ 0.055 ↓ 2.44 ↓ 0.041 ↓ 2.22
missing 15% ↓ 0.044 ↓ 4.52 ↓ 0.126 ↓ 0.41
noise 15% ↓ 0.094 ↓ 3.65 ↓ 0.058 ↓ 3.53
missing 30% ↓ 0.121 ↓ 11.08 ↓ 0.186 ↓ 8.37
noise 30% ↓ 0.201 ↓ 8.71 ↓ 0.150 ↓ 8.12

10% missing
10% noise

0.734 81.40 0.765 85.68
missing 5% ↓ 0.011 ↓ 1.04 ↓ 0.022 ↓ 1.58
noise 5% ↓ 0.028 ↓ 1.20 → 0 → 0
missing 10% ↓ 0.030 ↓ 2.05 ↓ 0.042 ↓ 2.54
noise 10% ↓ 0.045 ↓ 2.27 ↓ 0.001 ↓ 0.02
missing 15% ↓ 0.049 ↓ 3.54 ↓ 0.071 ↓ 4.04
noise 15% ↓ 0.073 ↓ 3.42 ↓ 0.001 ↓ 0.43
missing 35% ↓ 0.118 ↓ 11.11 ↓ 0.135 ↓ 8.17
noise 30% ↓ 0.181 ↓ 9.55 ↓ 0.035 ↓ 0.54

15% missing
15% noise

0.736 81.42 0.767 85.97
missing 5% ↓ 0.012 ↓ 1.50 ↓ 0.021 ↓ 1.46
noise 5% ↓ 0.027 ↓ 1.50 → 0 → 0
missing 10% ↓ 0.033 ↓ 2.71 ↓ 0.041 ↓ 2.43
noise 10% ↓ 0.032 ↓ 2.12 ↓ 0.001 ↓ 0.03
missing 15% ↓ 0.052 ↓ 4.40 ↓ 0.021 ↓ 4.11
noise 15% ↓ 0.073 ↓ 4.99 ↓ 0.001 ↓ 0.12
missing 30% ↓ 0.122 ↓ 11.67 ↓ 0.136 ↓ 8.36
noise 30% ↓ 0.163 ↓ 10.10 ↓ 0.002 ↓ 0.19

Table 3: MISA Robust Training. Results are averaged over three random runs.
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Robust
Training Diagnostic MOSI MOSEI

Corr F1 Corr F1

B
B

FN

-

0.754 83.12 0.764 85.70
missing 5% ↓ 0.013 ↓ 1.51 ↓ 0.020 ↓ 1.97
noise 5% ↓ 0.034 ↓ 0.75 ↓ 0.050 ↓ 1.21
missing 10% ↓ 0.028 ↓ 2.59 ↓ 0.038 ↓ 3.34
noise 10% ↓ 0.093 ↓ 2.90 ↓ 0.121 ↓ 3.54
missing 15% ↓ 0.032 ↓ 3.79 ↓ 0.055 ↓ 5.45
noise 15% ↓ 0.080 ↓ 2.28 ↓ 0.154 ↓ 4.18
missing 30% ↓ 0.127 ↓ 10.55 ↓ 0.139 ↓ 10.57
noise 30% ↓ 0.232 ↓ 8.58 ↓ 0.308 ↓ 9.62

5% missing
5% noise

0.743 82.39 0.765 85.48
missing 5% ↓ 0.020 ↓ 0.94 ↓ 0.017 ↓ 1.00
noise 5% ↓ 0.002 → 0 → 0 ↓ 0.08
missing 10% ↓ 0.039 ↓ 2.17 ↓ 0.032 ↓ 1.95
noise 10% → 0 → 0 → 0 ↓ 0.06
missing 15% ↓ 0.045 ↓ 2.18 ↓ 0.050 ↓ 3.57
noise 15% ↓ 0.002 ↓ 0.15 ↓ 0.001 → 0
missing 30% ↓ 0.049 ↓ 1.92 ↓ 0.122 ↓ 7.60
noise 30% → 0 ↓ 0.20 ↓ 0.001 ↓ 0.04

10% missing
10% noise

0.742 81.66 0752 85.15
missing 5% ↓ 0.018 ↓ 1.66 ↓ 0.018 ↓ 1.62
noise 5% ↓ 0.001 → 0 ↓ 0.022 ↓ 0.05
missing 10% ↓ 0.034 ↓ 2.87 ↓ 0.035 ↓ 2.87
noise 10% ↓ 0.001 → 0 ↓ 0.003 ↓ 0.09
missing 15% ↓ 0.036 ↓ 3.63 ↓ 0.050 ↓ 4.47
noise 15% ↓ 0.001 ↓ 0.01 ↓ 0.004 ↓ 0.07
missing 30% ↓ 0.126 ↓ 9.75 ↓ 0.125 ↓ 9.40
noise 30% ↓ 0.003 ↓ 0.46 ↓ 0.079 ↓ 0.31

15% missing
15% noise

0.754 83.28 0.763 85.43
missing 5% ↓ 0.020 ↓ 1.50 ↓ 0.018 ↓ 0.96
noise 5% ↓ 0.001 → 0 ↓ 0.001 → 0
missing 10% ↓ 0.031 ↓ 2.26 ↓ 0.036 ↓ 2.08
noise 10% ↓ 0.002 → 0 → 0 ↓ 0.05
missing 15% ↓ 0.035 ↓ 2.71 ↓ 0.057 ↓ 3.62
noise 15% ↓ 0.003 ↓ 0.14 ↓ 0.001 → 0
missing 30% ↓ 0.119 ↓ 7.28 ↓ 0.124 ↓ 7.88
noise 30% ↓ 0.046 ↓ 0.16 ↓ 0.003 ↓ 0.23

Table 4: BBFN Robust Training. Results are averaged over three random runs.
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Robust
Training Diagnostic MOSI MOSEI

Corr F1 Corr F1

Se
lf

-M
M

-

0.794 85.61 0.759 84.62
missing 5% ↓ 0.023 ↓ 1.93 ↓ 0.018 ↓ 1.99
noise 5% ↓ 0.009 ↓ 0.91 ↓ 0.022 ↓ 1.32
missing 10% ↓ 0.046 ↓ 3.57 ↓ 0.040 ↓ 3.51
noise 10% ↓ 0.039 ↓ 2.43 ↓ 0.058 ↓ 2.91
missing 15% ↓ 0.051 ↓ 4.77 ↓ 0.056 ↓ 4.51
noise 15% ↓ 0.050 ↓ 2.71 ↓ 0.069 ↓ 3.65
missing 30% ↓ 0.099 ↓ 11.74 ↓ 0.126 ↓ 9.04
noise 30% ↓ 0.154 ↓ 8.35 ↓ 0.172 ↓ 9.48

5% missing
5% noise

0.798 83.97 0.789 0.837
missing 5% ↓ 0.022 ↓ 1.73 ↓ 0.021 ↓ 1.83
noise 5% ↓ 0.002 → 0 ↓ 0.002 ↓ 0.05
missing 10% ↓ 0.046 ↓ 3.32 ↓ 0.046 ↓ 3.28
noise 10% ↓ 0.012 ↓ 0.14 ↓ 0.011 ↓ 0.44
missing 15% ↓ 0.050 ↓ 4.63 ↓ 0.053 ↓ 4.60
noise 15% ↓ 0.018 ↓ 0.09 ↓ 0.018 ↓ 0.51
missing 30% ↓ 0.119 ↓ 9.57 ↓ 0.124 ↓ 9.77
noise 30% ↓ 0.046 ↓ 0.33 ↓ 0.043 ↓ 1.04

10% missing
10% noise

0.789 83.67 0.764 0.849
missing 5% ↓ 0.021 ↓ 1.83 ↓ 0.017 ↓ 0.63
noise 5% ↓ 0.002 ↓ 0.05 ↓ 0.005 ↓ 0.03
missing 10% ↓ 0.046 ↓ 3.28 ↓ 0.038 ↓ 1.93
noise 10% ↓ 0.011 ↓ 0.44 ↓ 0.011 ↓ 0.15
missing 15% ↓ 0.053 ↓ 4.60 ↓ 0.057 ↓ 3.16
noise 15% ↓ 0.018 ↓ 0.51 ↓ 0.019 ↓ 0.13
missing 30% ↓ 0.124 ↓ 9.77 ↓ 0.126 ↓ 7.42
noise 30% ↓ 0.043 ↓ 1.04 ↓ 0.056 ↓ 1.01

15% missing
15% noise

0.790 84.73 0.754 84.67
missing 5% ↓ 0.022 ↓ 1.91 ↓ 0.017 ↓ 0.60
noise 5% ↓ 0.003 → 0 ↓ 0.004 ↓ 0.01
missing 10% ↓ 0.046 ↓ 3.39 ↓ 0.038 ↓ 1.91
noise 10% ↓ 0.010 ↓ 0.44 ↓ 0.011 ↓ 0.14
missing 15% ↓ 0.049 ↓ 4.58 ↓ 0.055 ↓ 3.08
noise 15% ↓ 0.018 ↓ 0.28 ↓ 0.016 ↓ 0.16
missing 30% ↓ 0.120 ↓ 9.66 ↓ 0.122 ↓ 6.86
noise 30% ↓ 0.041 ↓ 0.58 ↓ 0.051 ↓ 1.02

Table 5: Self-MM Robust Training. Results are averaged over three random runs.
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Robust
Training Diagnostic MOSI MOSEI

Corr F1 Corr F1

M
M

IM

-

0.796 86.02 0.758 84.89
missing 5% ↓ 0.028 ↓ 1.34 ↓ 0.016 ↓ 0.93
noise 5% ↓ 0.035 ↓ 1.52 ↓ 0.031 ↓ 1.71
missing 10% ↓ 0.067 ↓ 4.16 ↓ 0.034 ↓ 2.43
noise 10% ↓ 0.058 ↓ 2.10 ↓ 0.070 ↓ 2.64
missing 15% ↓ 0.056 ↓ 2.78 ↓ 0.056 ↓ 4.13
noise 15% ↓ 0.078 ↓ 4.65 ↓ 0.094 ↓ 4.67
missing 30% ↓ 0.117 ↓ 9.37 ↓ 0.122 ↓ 8.15
noise 30% ↓ 0.197 ↓ 9.55 ↓ 0.191 ↓ 9.18

5% missing
5% noise

0.797 85.13 0.755 0.836
missing 5% ↓ 0.057 ↓ 1.19 ↓ 0.016 ↓ 0.62
noise 5% ↓ 0.021 ↓ 1.20 ↓ 0.025 ↓ 1.07
missing 10% ↓ 0.035 ↓ 1.80 ↓ 0.046 ↓ 2.29
noise 10% ↓ 0.075 ↓ 2.25 ↓ 0.056 ↓ 2.43
missing 15% ↓ 0.057 ↓ 4.37 ↓ 0.168 ↓ 2.26
noise 15% ↓ 0.072 ↓ 3.96 ↓ 0.063 ↓ 2.75
missing 30% ↓ 0.117 ↓ 8.24 ↓ 0.120 ↓ 6.52
noise 30% ↓ 18.75 ↓ 9.31 ↓ 0.178 ↓ 7.34

10% missing
10% noise

0.794 84.76 0.758 84.81
missing 5% ↓ 0.020 ↓ 1.50 ↓ 0.016 ↓ 1.07
noise 5% ↓ 0.006 ↓ 0.46 ↓ 0.024 ↓ 1.28
missing 10% ↓ 0.032 ↓ 2.09 ↓ 0.043 ↓ 2.79
noise 10% ↓ 0.060 ↓ 2.57 ↓ 0.045 ↓ 2.58
missing 15% ↓ 0.060 ↓ 3.27 ↓ 0.058 ↓ 3.84
noise 15% ↓ 0.062 ↓ 3.65 ↓ 0.063 ↓ 3.42
missing 30% ↓ 0.110 ↓ 8.40 ↓ 0.119 ↓ 7.50
noise 30% ↓ 0.163 ↓ 9.18 ↓ 0.177 ↓ 8.16

15% missing
15% noise

0.784 84.67 0.751 83.15
missing 5% ↓ 0.014 ↓ 1.79 ↓ 0.020 ↓ 0.89
noise 5% ↓ 0.028 ↓ 1.04 ↓ 0.016 ↓ 0.69
missing 10% ↓ 0.038 ↓ 2.18 ↓ 0.030 ↓ 2.24
noise 10% ↓ 0.050 ↓ 1.30 ↓ 0.028 ↓ 0.62
missing 15% ↓ 0.061 ↓ 4.91 ↓ 0.059 ↓ 2.77
noise 15% ↓ 0.071 ↓ 4.08 ↓ 0.040 ↓ 1.58
missing 30% ↓ 0.146 ↓ 10.48 ↓ 0.115 ↓ 6.62
noise 30% ↓ 0.180 ↓ 8.88 ↓ 0.096 ↓ 4.41

Table 6: MMIM Robust Training. Results are averaged over three random runs.
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Robust
Training Diagnostic MOSI MOSEI

Corr F1 Corr F1

M
ul

T

-

0.747 82.25 0.738 83.37
missing 5% ↓ 0.032 ↓ 3.76 ↓ 0.019 ↓ 0.84
noise 5% ↓ 0.053 ↓ 1.67 → 0 → 0
missing 10% ↓ 0.046 ↓ 3.92 ↓ 0.031 ↓ 1.85
noise 10% ↓ 0.069 ↓ 3.03 → 0 → 0
missing 15% ↓ 0.052 ↓ 4.84 ↓ 0.051 ↓ 3.29
noise 15% ↓ 0.172 ↓ 5.00 ↓ 0.152 ↓ 4.50
missing 30% ↓ 0.113 ↓ 12.17 ↓ 0.109 ↓ 6.60
noise 30% ↓ 0.295 ↓ 8.99 ↓ 0.263 ↓ 7.95

5% missing
5% noise

0.748 81.90 0.748 84.59
missing 5% ↓ 0.031 ↓ 1.50 ↓ 0.018 ↓ 0.93
noise 5% ↓ 0.021 ↓ 1.67 → 0 → 0
missing 10% ↓ 0.043 ↓ 2.43 ↓ 0.030 ↓ 1.99
noise 10% ↓ 0.021 ↓ 1.96 → 0 → 0
missing 15% ↓ 0.050 ↓ 3.36 ↓ 0.050 ↓ 3.51
noise 15% ↓ 0.067 ↓ 3.30 ↓ 0.173 ↓ 3.97
missing 30% ↓ 0.077 ↓ 5.12 ↓ 0.074 ↓ 4.90
noise 30% ↓ 0.094 ↓ 5.17 ↓ 0.198 ↓ 5.50

10% missing
10% noise

0.741 81.31 0.746 84.13
missing 5% ↓ 0.034 ↓ 2.57 ↓ 0.019 ↓ 0.96
noise 5% ↓ 0.012 ↓ 0.09 → 0 → 0
missing 10% ↓ 0.046 ↓ 3.06 ↓ 0.030 ↓ 0.019
noise 10% ↓ 0.031 ↓ 2.42 → 0 → 0
missing 15% ↓ 0.053 ↓ 5.52 ↓ 0.048 ↓ 3.19
noise 15% ↓ 0.045 ↓ 4.08 ↓ 0.153 ↓ 4.08
missing 30% ↓ 0.077 ↓ 6.57 ↓ 0.072 ↓ 4.62
noise 30% ↓ 0.056 ↓ 4.57 ↓ 0.202 ↓ 5.58

15% missing
15% noise

0.744 82.21 0.745 83.95
missing 5% ↓ 0.034 ↓ 2.56 ↓ 0.018 ↓ 0.86
noise 5% ↓ 0.023 ↓ 1.52 → 0 → 0
missing 10% ↓ 0.047 ↓ 3.93 ↓ 0.032 ↓ 1.86
noise 10% ↓ 0.039 ↓ 3.62 → 0 → 0
missing 15% ↓ 0.052 ↓ 5.15 ↓ 0.051 ↓ 3.27
noise 15% ↓ 0.046 ↓ 3.62 → 0 ↓ 0.08
missing 30% ↓ 0.117 ↓ 9.63 ↓ 0.113 ↓ 7.03
noise 30% ↓ 0.068 ↓ 6.13 ↓ 0.001 ↑ 0.02

Table 7: MulT Robust Training. Results are averaged over three random runs.
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Abstract

The past several years have witnessed Vari-
ational Auto-Encoder’s superiority in various
text generation tasks. However, due to the se-
quential nature of the text, auto-regressive de-
coders tend to ignore latent variables and then
reduce to simple language models, known as
the KL vanishing problem, which would fur-
ther deteriorate when VAE is combined with
Transformer-based structures. To ameliorate
this problem, we propose DELLA, a novel
variational Transformer framework. DELLA
learns a series of layer-wise latent variables
with each inferred from those of lower layers
and tightly coupled with the hidden states by
low-rank tensor product. In this way, DELLA
forces these posterior latent variables to be
fused deeply with the whole computation path
and hence incorporate more information. We
theoretically demonstrate that our method can
be regarded as entangling latent variables to
avoid posterior information decrease through
layers, enabling DELLA to get higher non-
zero KL values even without any annealing or
thresholding tricks. Experiments on four un-
conditional and three conditional generation
tasks show that DELLA could better alleviate
KL vanishing and improve both quality and di-
versity compared to several strong baselines.

1 Introduction

Variational Autoencoder (VAE) (Kingma and
Welling, 2014; Rezende et al., 2014) has proven to
be successful in generating various kinds of text,
such as stylistic text (Hu et al., 2017; John et al.,
2019), dialogue (Zhao et al., 2017), story (Yu et al.,
2020) and poetry (Yi et al., 2020). The sequen-
tial nature of the text leads to typically used auto-
regressive decoders in VAE for language genera-
tion. However, such strong decoders tend to evade
the difficulty of learning meaningful latent codes
by heavily relying on previously generated words

∗Corresponding author. Email: sms@tsinghua.edu.cn
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Figure 1: Existing paradigms of Transformer VAE.

and hence ignore latent variables (Bowman et al.,
2016), known as KL vanishing or posterior col-
lapse. This problem causes two drawbacks: (a) the
posterior distribution quickly turns into the prior
one (usually standard Gaussian), falling to build
expressive latent representations; (b) the decoder
reduces to a naive language model, resulting in
monotonous generated text (Fu et al., 2019).

To ameliorate this problem, researchers have de-
signed various techniques. Among them, three
broadly used methods include weakening de-
coders (Bowman et al., 2016; Semeniuta et al.,
2017; Zhao et al., 2017), KL annealing (Bow-
man et al., 2016; Fu et al., 2019) and KL thresh-
old (Kingma et al., 2016; Higgins et al., 2017; Li
et al., 2019). Nonetheless, the weakening of de-
coders restrains models’ language modelling capa-
bility; annealing hyperparameters are hard to tune;
KL threshold introduces a non-smooth objective
with some optimization difficulties.

In the era of RNN, VAE can be easily incor-
porated by using the latent variable as the initial
decoder state, while how to combine VAE with re-
cently prevalent Transformer (Vaswani et al., 2017)
architectures, which have made a breakthrough in
text generation, still remains an open challenge.
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As shown in Fig.1, existing methods of inte-
grating Transformer into VAE fall into three main
paradigms: (a) directly adding latent variables to
input token embeddings (abbr. Embedding) (Li
et al., 2020a); (b) using latent variables as a sepa-
rate memory token vector to be attended by self-
attention in each layer (abbr. Memory) (Fang
et al., 2021); (c) combining latent variables with
the last-layer decoder states before output softmax
(abbr. Softmax) (Wang and Wan, 2019). However,
paradigm (a) brings noise for self-attention. In
paradigm (b), memory vectors tend to be ignored
by attention, even exacerbating KL vanishing. In
paradigm (c), latent variables couldn’t deeply in-
terfere with the whole computation path. Sec.3.3
presents more detailed analyses.

To better incorporate Transformer into VAE and
theoretically ameliorate the KL vanishing prob-
lem, we propose DELLA1, a novel variational trans-
former framework. DELLA learns a series of layer-
wise latent variables in a Transformer encoder, and
each is inferred from those of lower layers and then
tightly coupled with the hidden states in the corre-
sponding decoder layer by low-rank tensor product.
Our method theoretically stimulates the entangle-
ment of latent variables and hence allows propa-
gation of undiminished latent information through
layers. As a result, DELLA forces posterior latent
variables to be deeply fused with the entire compu-
tation path and encode richer information of input
text, achieving higher KL values even without any
annealing or threshold training tricks.

In summary, our contributions are as follow:
(i) We are the first to propose layer-wise in-
ferred latent variables in Transformer-based ar-
chitecture to mitigate KL vanishing; We (ii) in-
novatively inject latent variables using low-rank
tensor product, (iii) provide a theoretical valid-
ity of our method and (iv) demonstrate its effec-
tiveness on four unconditional and three condi-
tional generation tasks. Our codes are available
at https://github.com/OpenVLG/DELLA.git.

2 Related Work

Thanks to the representation capacity of latent
space, VAE has been widely adopted for both im-
age generation (van den Oord et al., 2017; Vahdat
and Kautz, 2020) and text generation (Bowman
et al., 2016; Hu et al., 2017). In the early stage,
VAE was combined with RNN decoders for gener-

1 DELLA: DEeply Fused Layer-wise LAtent Variables

ating a broad range of text, varying from dialogue
(Serban et al., 2016), image caption (Wang et al.,
2017), text summarization (Gupta et al., 2017) to
story (Yu et al., 2020) and poetry (Yi et al., 2020).
In this case, latent variables are usually utilized as
either the initial decoder state (Li et al., 2018) or
input at each time step (Gupta et al., 2017).

In spite of extensive applications, VAE suffered
from KL vanishing in the scenario of text genera-
tion (Bowman et al., 2016). Several lines of tech-
niques have been proposed to alleviate this prob-
lem. The first line is to avoid a too fast decrease of
the KL divergence by re-weighting. KL annealing
(Bowman et al., 2016) linearly increased the weight
of KL term from 0 to 1 during the warm-up period.
Fu et al. (2019) further proposed cyclical anneal-
ing, which repeats the warm-up process multiple
times. The second line guarantees a positive lower
bound of the KL term. KL thresholding (Kingma
et al., 2016) achieved a fixed minimum by combin-
ing a hinge loss, while BN-VAE (Zhu et al., 2020)
learned more flexible ones via batch normalization.
δ-VAE (Razavi et al., 2019) chose to restrain the
family of posterior distributions. The third line
aims to constraint decoders to force a more infor-
mative latent variable. Wang et al. (2017) intro-
duced an auxiliary BOW (bag-of-words) loss. He
et al. (2019) added additional training loops for the
encoder. Yang et al. (2017) adopted dilated CNN as
decoder, and Dieng et al. (2019) added skip connec-
tions to the decoder. Although the above methods
mitigate KL vanishing to some extent, it is still
challenging for either tuning or optimization.

In these years, the powerful Transformer has
been integrated with VAE to benefit diverse tasks,
including text classification (Gururangan et al.,
2019), story generation (Wang and Wan, 2019;
Fang et al., 2021) and dialogue generation (Lin
et al., 2020). Optimus (Li et al., 2020a) further
bridged the pre-trained BERT (Devlin et al., 2019)
and GPT-2 (Radford et al., 2019) with VAE for
pre-training. Most existing works inject latent vari-
ables into the Transformer decoder by the three
paradigms, Embedding (Li et al., 2020a), Mem-
ory (Li et al., 2020a; Fang et al., 2021) and Soft-
max(Wang and Wan, 2019), as discussed in Sec. 1,
while these methods shallowly fuse the latent vari-
ables with hidden states. To achieve deeper fusion
and ameliorate KL vanishing, we propose DELLA.

The most relevant architecture to our model is
hierarchical VAE (Sønderby et al., 2016; Klushyn
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et al., 2019; Vahdat and Kautz, 2020; Child, 2020),
which is mainly designed for image generation and
not suitable for text. For text generation, hierarchi-
cal latent variables are either independent of each
other (Serban et al., 2016), or corresponding to dif-
ferent text granularities (sentence or word level),
while our DELLA learns conditionally inferred and
layer-wise latent variables based on Transformer.

3 Preliminaries

3.1 Transformer
Transformer (Vaswani et al., 2017) represents
an input sequence x = {x1, . . . , xi, . . . , xn} as
contextualized distributed hidden states h =
{h1, . . . , hi, . . . , hn} by a series of stacked layers,
and states in the l-th layer, h(l), are calculated with
scaled dot-product attention:

Attention(Q,K, V ) = softmax

(
QTK√

d

)
V T ,

(1)
where Q,K, V stand for Query, Key, Value, re-
spectively, which are projected from outputs of the
previous layer: Q = W qh(l−1), K = W kh(l−1),
V = W vh(l−1). d is the dimension of hidden
states. In practice, multiple groups of states are
calculated with different attention parameters and
then concatenated, known as multi-head attention.

3.2 VAE
As a kind of generative model, VAE estimates the
intractable data distribution p(x) by deriving and
maximizing its lower bound as:

log p(x) ≥ LELBO(x;θ,φ) =
Eqφ(z|x)[log pθ(x|z)]−KL(qφ(z|x)||p(z)),

(2)

where z is the latent variable and p(z) is the prior
distribution of latent variable which is commonly
assumed as standard Gaussian; the posterior dis-
tribution p(z|x) is approximated by an inference
network (encoder) qφ(z|x); pθ(x|z) is a generator
(decoder) to generate text x from the latent variable
z; θ and φ are corresponding parameters.

The whole lower bound in Eq.(2), called Ev-
idence Lower BOund (ELBO), consists of two
terms: the reconstruction loss,

LE = −Eqφ(z|x) [log pθ(x|z)] , (3)

which helps reconstruct the input given the poste-
rior latent variable z, and the KL divergence,

LR = KL (qφ(z|x)‖p(z)) . (4)

In practice, VAE is considered as a regularized
Auto-encoder, and a hyper-parameter β is intro-
duced to control the strength of KL, βLR, usually
used in KL annealing methods (Fu et al., 2019).

3.3 Incorporate Transformer into VAE
For Transformer encoder, the posterior z is mapped
from the text representation, which can be the pool-
ing of all hidden states in the last layer (Fang et al.,
2021), or state of a special token (Li et al., 2020a),
e.g., [CLS]. Then z is injected into Transformer
decoder by the paradigms discussed in Sec. 1.

Now we take a further step and investigate why
intrinsically these three paradigms, namely Embed-
ding, Memory and Softmax, would perform poorly.

Embedding: Define ei, ej as two token em-
beddings and αi,j as the attention weight of i-th
and j-th tokens. From Eq.(1), we have αi,j =
(W qei)

T (W kej) = eTi (W
q)TW kej , which is

further abbreviated as 〈ei, ej〉. Such Embedding
paradigm directly adds z to token embeddings as:

α′i,j =
[
W q(ei + z)

]T [
W k(ej + z)

]

= 〈ei, ej〉+ 〈ei, z〉+ 〈z, ej〉+ 〈z, z〉,
(5)

where we can find that a redundant term, 〈z, z〉, is
introduced, bringing extra noise for attention mech-
anism. Moreover, information in z could diminish
with propagation through layers (Fig. 2), aggravat-
ing KL vanishing.

Memory: This paradigm treats z as an addi-
tional memory token and places it at the beginning
of x to be attended by other tokens via attention.
Nevertheless, as mentioned in Sec. 1, the powerful
Transformer decoder may only rely on preceding
decoded tokens. Consequently, with no explicit
constraints (e.g., auxiliary loss), such a memory
token is more likely to be ignored by self-attention
(Fig. 6 & 7), even exacerbating KL vanishing.

Softmax: This paradigm first adds z to the last-
layer hidden states h, and then projects z+h into a
logit vector p ∈ Rv over the vocabulary, where v is
vocab size. In this method, latent variables do not
interact with hidden states until the last layer, which
erodes the effect of latent variables (see Fig. 2).

4 Methodology

As demonstrated in Sec. 3, existing three paradigms
make latent variables gradually diminish through
layers, be ignored by self-attention or inadequately
interact with hidden states, which would not miti-
gate but even worsen the KL vanishing problem.
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To deeply fuse latent variables with the whole
computation path of Transformer, we propose
DELLA to learn a series of layer-wise posterior
latent variables which are conditionally inferred in
encoder, and injected into hidden states in decoder
by low-rank tensor product. We present layer-wise
latent variables in Sec. 4.1, describe the tensor
product fusion in Sec. 4.2, give the theoretical veri-
fication of DELLA’s effectiveness for ameliorating
KL vanishing in Sec. 4.3, and then extend DELLA

to Conditional VAE (CVAE) in Sec. 4.4.

4.1 Layer-wise Latent Variables

Different from previous work where only one la-
tent variable z is calculated and shared by (Li et al.,
2020a) or projected to (Fang et al., 2021) decoder
layers, we involve a series of latent variables z =
{z1, z2, . . . ,zL}, where L is the number of Trans-
former layers. Then we reformulate the prior and
posterior distributions as p(z) =

∏L
l=1 p(zl|z<l),

q(z|x) =
∏L
l=1 q(zl|z<l,x), respectively, with

each zl still following Gaussian distribution. Then
we rewrite LR in Eq.(4) similar to Vahdat and
Kautz (2020):

LR = KL(q(z|x)||p(z))

=

L∑

l=1

Eq(z<l|x) [KL(q(zl|x, z<l)||p(zl|z<l))] .

(6)
When l = 1, p(z1|z<1) = p(z1) is the standard

Gaussian distribution, q(z1|x, z<1) = q(z1|x).
We give detailed derivations in Appendix B.1.

These latent variables zl are calculated (inferred)
layer by layer using representations of the corre-
sponding layer. Concretely, in l-th layer, we use the
hidden state of the first token in text x, as its l-th-
layer representation, denoted as x(l) ∈ Rd, where
d is hidden size. Then we represent latent variables
in lower layers as z<l and obtain it by:

z<l = tanh(W
(l)
hhz<l−1 +W

(l)
ih zl−1), (7)

whereWhh,Wih ∈ Rp×p, so z<l ∈ Rp and p is the
dimension of latent variable. z0 and z<0 are set as
zero vector. We calculate the mean and variance
vectors of p(zl|z<l) and q(zl|z<l,x) by:

(
µp

log(σ2
p)

)
=W (l)

p z<l,

(
µq

log(σ2
q)

)
=W (l)

q

(
z<l
x(l)

)
,

(8)

whereW p ∈ Rp×2p,W p ∈ Rp×2p.
The latent variable zl is sampled from the pos-

terior distribution q(zl|z<l,x) = N (µq,σ
2
qI)

for training, and from the prior one q(zl|z<l) =
N (µp,σ

2
pI) for testing. Since hidden states in

each layer belong to different vector spaces, the
parameters to calculate each z<l, e.g., W (l)

p and
W

(l)
q , do not share throughout different layers.

4.2 Low-rank Tensor Product
We inject the latent variable zl, which is obtained
based on l-th encoder layer, into the correspond-
ing l-th decoder layer. Instead of simply using zl
as a memory token as discussed in Sec. 3.3, we
resort to low-rank tensor product, which has been
successfully utilized for fusing multimodal repre-
sentations (Liu et al., 2018), to deeply fuse latent
variables with hidden states in the decoder.

In detail, we conduct low-rank tensor product on
zl and xi’s l-th-layer value vector v(l)i as:

ṽ
(l)
i = (

r∑

j=1

W (l,j)
v v

(l)
i ) ◦ (

r∑

j=1

W (l,j)
z zl), (9)

where r is a hyper-parameter, ◦ means element-
wise multiplication,W v ∈ Rd×d.W z ∈ Rp×d are
learnable parameters which are shared across all
positions (i) but not shared with layers (l), con-
sidering distinct vector spaces in different layers,
as mentioned in Sec. 4.1. Then the fused Value
Ṽ (l) = {ṽ(l)1 , . . . , ṽ(l)n } is used in Eq.(1)

In this way, layer-wise zl is conditionally in-
ferred from latent variables in previous encoder
layers, together with l-th-layer text representation,
and then explicitly fused with the corresponding de-
coder layer, yielding a deeper intervention through-
out the whole computation path of Transformer.

4.3 Why Could DELLA Work Well?
To theoretically interpret the advantage of layer-
wise latent variables which contributes most to
DELLA (Table 4), we give the following theorem:

Theorem 1 For an observation x and a se-
quence of latent variables z1, z2, . . . zL, satis-
fying p(z) =

∏L
l=1 p(zl|z<l), and q(z|x) =∏L

l=1 q(zl|z<l,x), then the expectation of the KL
term, Ep(x)[LR] is an upper bound of:

−
L−1∑

i=2

I(zL; . . . ; zi|zi−1)− I(zL; . . . ; z1|x),

(10)
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where I is the interaction information2.

See Appendix B.2 for proof. Based on Theorem 1,
minimizing LR approximatively means maximiz-
ing each interaction information term in Eq.(10),
which forces the entanglement of all latent varibles
z1; . . . ; zL given the observation x, alleviating the
diminishing of information encoded in latent vari-
ables when propagating through layers.

4.4 Extension to CVAE
DELLA could also be applied to CVAE for condi-
tional generation tasks like storytelling. Given an
observation x and its condition c, we can optimize:

log p(x|c) ≥ Eqφ(z|x,c)[log pθ(x|z, c)] (11)

−KL(qφ(z|x, c)||p(z|c)),

and then replace the prior distribution q(zl|x, z<l)
and posterior distribution p(zl|z<l) in Eq.(6) with
q(zl|x, c, z<l) and p(zl|z<l, c), respectively.

In this case, we encode the condition c with
the same encoder. Similarly, we can obtain the
representation of c at l-th layer, denoted as c(l) ∈
Rd, and then calculate the mean and log variance
of p(zl|z<l, c) and q(zl|z<l,x, c) by:

(
µp

log(σ2
p)

)
= Ŵ

(l)
p

(
z<l
c(l)

)
,

(
µq

log(σ2
q)

)
= Ŵ

(l)
q



z<l
x(l)

c(l)


 ,

(12)

where Ŵ
(l)
p ∈ R(p+d)×2p, Ŵ

(l)
q R(p+2d)×2p.

5 Experiment

5.1 Dataset
We consider four datasets for language modelling
and unconditional generation, including the Yelp,
and Yahoo (Yang et al., 2017; He et al., 2019), Penn
Treebank (PTB) (Marcus et al., 1993), and SNLI
(Bowman et al., 2015), and three datasets for con-
ditional generation tasks, including summarization
generation with CNN/DailyMail (CNN/DM) (See
et al., 2017), story generation with WritingPrompts
(WP) (Fan et al., 2018) and paraphrase generation
with Quora 3. Detailed data statistics are listed in
Table 7. Due to the limited computation capability,
we use 165,157 samples in CNN/DM and 22,2614
in WP with the max length of 900 for training.

2https://en.wikipedia.org/wiki/Interaction_information
3https://quoradata.quora.com/First-Quora-Dataset-

Release-Question-Pairs

5.2 Implementation Details

We use pretrained language models as the backbone
and fine-tune them on each task mentioned above
with our DELLA as in (Li et al., 2020a). For uncon-
ditional generation and story generation, encoder
and decoder shared the same parameters initialized
with 12-layer GPT-2 (Radford et al., 2019). For
summarization and paraphrase generation, parame-
ters are not shared and initialized with BART-base
(Lewis et al., 2020). We set the dimension of latent
variable as 32 for all VAE-based models and use
cyclical annealing for training, following (Li et al.,
2020a). More details are given in Appendix A.1.

5.3 Baseline

We make a comprehensive comparison with strong
Transformer-based baselines. We do not consider
RNN-based models that are inferior to Transformer
for text generation as shown in (Li et al., 2020a).

Finetuned Pretrained Models. To manifest the
suitability of DELLA for different pretrained lan-
guage models, we compare it with fine-tuned GPT2
on unconditional generation and story generation,
and with fine-tuned BART-base on summarization
generation and paraphrase generation.

Optimus (Li et al., 2020a): a large-scale VAE
model which takes a pre-trained BERT as encoder
and pretrained GPT-2 as decoder. This model is
first pretrained as a VAE, which simultaneously uti-
lizes the two paradigms, Embedding and Memory
as introduced in Sec. 3.3, for injecting latent vari-
ables, with both KL annealing and KL threshold
tricks, and then fine-tuned on downstream tasks.

Transformer-based VAE. Besides Optimus, we
also compre the three paradigms, namely Embed-
ding (Li et al., 2020a), Memory (Fang et al., 2021)
and Softmax (Wang and Wan, 2019), and incorpo-
rate each paradigm into the same pre-trained model
as DELLA on each dataset for fair comparison.

5.4 Metrics

For unconditional generation tasks, we consider
three types of metrics. (a) Representation Learn-
ing Capability: we report PPL, ELBO, KL, mu-
tual information (MI) (Alemi et al., 2016) and acti-
vate units (AU) (Burda et al., 2016). These metrics
measure VAE’s ability to mitigate KL vanishing
and learn meaningful representations. Different
from traditional language models like GPT-2, VAE-
based models could not produce exact PPL due to
randomness, so we use importance-weighted sam-
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Model
Representation Learning Generation Quality Generation Diversity

PPL↓ ELBO↓ KL↑ MI↑ AU↑ BLEU↑ CND↓ MAUVE↑ SB↓ Dist↑ JS ↓
Dataset: Yelp

GPT-2 22.13 - - - - 56.92 0.68 0.12 65.90 17.96 0.51
Optimus 22.79 344.10 15.09 7.67 - - - - - - -
Embed 19.98 327.28 4.77 4.14 6 56.34 0.31 0.42 65.27 15.59 0.44

Memory 19.95 326.60 5.70 5.30 11 57.37 0.27 0.46 63.90 16.91 0.39
Softmax 20.14 328.13 7.50 6.29 13 56.83 0.30 0.45 64.26 16.51 0.40
DELLA 12.35 239.83 29.47 10.78 23 57.15 0.13 0.55 60.02 17.63 0.43

Dataset: Yahoo

GPT-2 24.17 - - - - 44.25 0.55 0.15 54.06 21.07 0.28
Optimus 23.11 293.34 17.45 8.85 - - - - - - -
Embed 22.18 286.85 3.63 3.03 3 42.27 0.45 0.31 54.15 20.80 0.32

Memory 22.03 285.47 4.87 4.62 18 45.20 0.46 0.37 54.59 21.87 0.33
Softmax 22.35 287.44 6.35 5.52 19 44.28 0.44 0.34 54.49 21.65 0.32
DELLA 11.49 201.34 27.84 12.31 21 44.67 0.19 0.38 48.53 21.88 0.31

Table 1: Evaluation results for language modelling and unconditional generation. Results of Optimus are directly
copied from the original paper with λ = 0.5. SB means Self-BLEU.

ples to estimate PPL, following He et al. (2019).
We set the threshold in AU to 0.2 to further distin-
guish different models. (b) Generation Quality:
we report BLEU (Papineni et al., 2002), CND (Li
et al., 2020b) and MAUVE (Pillutla et al., 2021).
CND and MAUVE measure the divergence be-
tween human-authored text and the generated one.
(c) Generation Diversity: we report Self-BLEU
(Zhu et al., 2018), Dist (Li et al., 2016) and JS (Jac-
card similarity) (Wang and Wan, 2018) to assess
the diversity and novelty of generated text.

For conditional generation tasks, we report
BLEU, Rouge-1, Rouge-2, Rouge-L (Lin and
Hovy, 2002), and BERTScore (Zhang et al., 2020)
to evaluate the quality of generated texts, as well
as the same diversity metrics used in unconditional
generation. We also report KL and AU value to
present representation learning capability. More
details of metrics are provided in Appendix A.3.

5.5 Results

5.5.1 Unconditional Generation
We present results on Yelp and Yahoo in Table 1
and leave the those on PTB and SNLI in the Ap-
pendix A.5 due to space limitations. We also show
the learning curves of ELBO and KL in Fig. 5.

As shown in Table 1, DELLA achieves notably
improvement on almost all the metrics, especially
superior on representation learning metrics. Much
higher KL, MI and AU, and a big gap in PPL ob-
tained by DELLA indicate the latent variables en-
code more meaningful text information and won’t
diminish when propagating through Transformer

layers, which strongly supports our motivation that
fusing latent variables with hidden states more
deeply could effectively alleviate the KL vanishing
problem. Such results also empirically verify the
theoretical advantage of our model (Theorem 1),
demonstrating entangled layer-wise latent variables
can preserve more encoded knowledge for decoder.
We will show that z can involve more information
when injected into more layers in Sec. 5.8.

Besides, DELLA also gets good performance
(comparable BLEU and much better CND and
MAUVE) on generation quality. With more in-
formative latent variables, DELLA could achieve
a better ELBO and hence further boost the learn-
ing of data distribution p(x) in Eq.(2), leading to
satisfactory quality of generated texts.

Generally, DELLA also outperforms baseline
models on generation diversity. The reason is two-
fold: randomly sampled latent variables z should
bring diversity, while the VAE-based baselines tend
to ignore z as mentioned before, losing some ran-
domness. In contrast, latent variables are deeply
fused in DELLA, maintaining enough randomness.
Besides, each latent variable is sampled in corre-
sponding layer, and thus such a sampling process
accumulates and enhances randomness, further ben-
efiting diversity while keeping good quality.

5.5.2 Conditional Generation

We report the results of WP and CNN/DM in Ta-
ble 2, and leave those of Quora in Appendix A.5.
As we can see, DELLA performs better on most
quality metrics, but gets a little worse on diversity
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Model
Quality Diversity

KL↑ AU↑
BLEU↑ Rouge-1↑ Rouge-2↑ Rouge-L↑ BERTScore↑ SB↓ Dist↑ JS ↓

Dataset: WritingPrompts

GPT-2 27.89 27.72 7.96 14.30 78.12 53.78 22.99 0.51 - -
Embed 39.67 36.17 7.96 15.78 81.64 64.55 14.31 0.73 2.35 3

Memory 40.79 36.13 8.04 16.16 81.68 67.56 12.90 0.80 0.07 0
Softmax 41.04 36.14 8.12 16.30 81.75 67.02 13.08 0.78 0.32 0
DELLA 41.39 35.46 8.78 17.20 81.77 56.28 20.91 0.60 28.14 8

Dataset: CNN/DM

Bart-base 48.74 41.33 19.82 29.63 87.75 29.94 43.68 0.10 - -
Embed 44.10 40.43 19.41 29.43 87.60 29.60 44.04 0.10 0.0 0

Memory 46.02 41.18 19.74 29.64 87.78 29.79 43.92 0.11 0.0 0
Softmax 44.40 40.94 19.63 29.61 87.00 29.64 44.11 0.10 0.0 0
DELLA 49.18 41.27 19.85 29.84 88.09 29.07 44.24 0.09 0.91 1

Table 2: Evaluation results for conditional generation.

Dataset: WritingPrompts

Model Fluency Coherence Novelty

GPT2 1.83 2.12 2.50
Embed 2.16 2.33 2.67

Memory 2.45 2.28 2.78
Softmax 2.48 2.42 2.85
DELLA 2.51 2.38 2.89

Dataset: CNN/DM

Model Informativeness Coherence Novelty

Bart-base 3.12 4.32 3.52
Embed 2.88 4.08 3.50

Memory 2.95 4.23 3.48
Softmax 2.91 4.33 3.50
DELLA 3.05 4.33 3.56

Table 3: Human evaluation results on conditional gen-
eration. The scores range from 1 (worst) to 5 (best).
The p-value is 0.002 and Kappa score is 0.64 which
indicates acceptable inter-annotator agreement.

compared to GPT-2. This is because GPT-2 may
produce some ill-formed contents which ‘improve’
diversity by cheating the metrics but also lead to
much worse quality (lower BLEU and Rouge).
Even so, on both WP and CNN/DM, DELLA still
beats all previous VAE paradigms in diversity, man-
ifesting the effectiveness of our DELLA.

In addition, all baselines methods suffer from
severer KL vanishing problems on conditional gen-
eration tasks than on the unconditional ones. This
is because the given condition text could aggravate
the reliance of these models on preceding gener-
ated tokens and the condition, and therefore bypass
latent variables. By contrast, DELLA could learn
more informative z and hence keep a relatively
higher KL value even given the condition text.

Model PPL↓ ELBO↓ KL↑ MI ↑ AU↑
DELLA 12.35 239.83 29.47 10.78 23
-LTP 12.68 249.32 28.52 9.77 21
-LW 19.88 324.45 20.12 7.23 18

Separate 14.17 286.30 28.82 9.88 16
l = 1 KL 12.55 266.97 0.15 0.15 0
l = 12 KL 12.48 263.38 0.73 0.61 0

Embed(384) 20.11 327.29 0.55 0.38 0
Memory(384) 20.09 326.24 0.46 0.25 0
Softmax(384) 20.15 330.24 5.04 7.15 0

Table 4: Ablation study on Yelp dataset. LTP: low-rank
tensor product. LW: layer-wise latent variables. Sep-
arate: latent variables in each layer are independent.
l = 1 or 4 KL means we only compute KL loss on
z1 or zL, respectively. 384 means the dimension of
latent variable used in baseline are 12× 32 = 384.

5.6 Human Evaluation
To better verify the effectiveness of DELLA, we
also conduct human evaluation on the two condi-
tional generation tasks. For each model, we gen-
erated 30 samples on each task, and invite 5 com-
petent annotators to score these samples in terms
of three criteria, Fluency, Coherence and Novelty
for story generation, and Informativeness, Coher-
ence and Novelty for summarization generation.

As shown in Table 3, DELLA obtains satisfactory
performance in quality, and is consistently superior
to all baselines on diversity and novelty. See Ap-
pendix A.4 for more detailed evaluation protocols.

5.7 Ablation Study
Table 4 shows the results of ablation study on Yelp.
We can find both tensor product and the layer-wise
latent variables benefit the learning of informative
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Figure 2: PPL, ELBO end KL on Yelp with different numbers of latent variables. The values start layer i and end
layer j means latent variables are produces and utilized only from i-th layer to the last layer, or from the first layer
to j-th layer of the encoder respectively.

Model PPL↓ ELBO↓ KL↑ MI ↑ AU↑
Embed 22.21 339.12 0.03 0.03 0
+BOW 19.98 326.51 2.75 2.48 4
+Annealing 19.98 327.28 4.77 4.14 6
+Annealing + BOW 20.59 332.44 19.51 9.12 28
+Annealing + BN 21.14 338.59 21.09 8.98 25

Memory 22.16 338.68 0.00 0.01 0
+BOW 19.87 326.00 3.89 3.59 8
+Annealing 19.95 326.60 5.70 5.30 11
+Annealing + BOW 20.41 331.09 18.76 9.14 28
+Annealing + BN 20.25 331.59 18.11 9.07 24

Softmax 22.43 333.93 0.47 0.3 0
+BOW 20.53 331.89 10.16 5.57 28
+Annealing 20.14 328.13 7.50 6.29 13
+Annealing + BOW 21.14 335.48 17.51 8.46 28
+Annealing + BN 20.95 337.10 21.25 9.15 25

DELLA 17.18 312.45 9.39 5.32 6
+BOW 13.98 289.94 11.59 9.25 8
+Annealing 12.35 239.83 29.47 10.78 23
+Annealing+BOW 12.82 249.98 32.79 11.26 26

Backbone: GPT-2 medium (24 layers)

Embed 18.33 317.44 2.13 1.44 3
Mem 18.30 317.24 4.47 4.26 10
Softmax 18.47 318.80 5.80 5.03 12
DELLA 11.01 230.96 17.09 23.69 27

Table 5: Results on Yelp for transformer-bsaed VAE
with BOW loss, KL annealing and batch normalization
tricks, and use 24-layer GPT2-medium as backbone.
Here we fix γ in batch normlization as 1.

latent variables, while the latter contributes the
most to DELLA. To further verify the performance
gain originating from Theorem 1 instead of simply
increasing the number or the dimension of latent
variables, we conduct two groups of experiments.

First, we remove the conditional dependence be-
tween layer-wise latent variables by independently
sampling each zl in both training and testing. We
can see that removing dependence causes a sig-
nificant performance drop. Besides, we keep the
dependence between zl but optimize only one of
the KL terms in Eq.(6), and find all representation

capability metrics deteriorate, especially KL, MI
and AU. Such results effectively demonstrate the
necessity of using and optimizing the conditional
inference of layer-wise latent variables, supporting
our theoretical interpretation of DELLA.

Second, we enlarge the dimension of zl used in
the three paradigms to 384 (12× 32), equal to the
total latent dimension used in DELLA. The results
show that simply increasing the dimension of latent
variables brings a more sparse latent space, even
exacerbating the KL vanishing problem.

5.8 Analysis

Training Tricks To reveal the robustness of our
model, we evaluate the influence of three com-
monly used training tricks to relieve KL vanish-
ing, i.e., BOW (bag-of-words) loss (Wang et al.,
2017), batch normalization (Zhu et al., 2020) and
KL annealing (Fu et al., 2019), to the performance
of DELLA and the three paradigms. As shown in
Table 5, previous methods suffer KL vanishing seri-
ously without annealing or BOW loss, getting KL,
MI and AU almost 0. Though not good as using
annealing, DELLA still maintains acceptable per-
formance and mitigates KL vanishing even without
any training tricks. Bow and batch normalization
dramatically prevent low KL divergence, but ob-
struct the optimization and thus cause higher PPL.

Number of Latent Variables We observe the
change of PPL, KL and ELBO with different num-
bers of latent variables. We conduct two groups of
experiments where we produce and utilize layer-
wise latent variables starting from and ending at
different layers. As shown in Fig. 2, incorporating
more latent variables could continuously improve
performance, consistent to our claim in Sec. 4.
With the same number of latent variables, start-
ing from a higher layer is better than ending at a
lower layer, which indicates that latent variables
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Sentence 1: Two girls are playing baseball on the beach
0.1: Two girls are playing basketball on the beach.
0.3: Two girls are playing music in the park.
0.5: Two girls are singing on the beach.
0.7: Crowds of people are dancing in the park
0.9: Lots of people are dancing in the park
Sentence 2: Many people are dancing in front of building

Sentence 1: A man is taking beautiful photos by the river
0.1: A man is taking photos by the beautiful river
0.3: A man is taking pictures by the river
0.5: A man is enjoying the picnic by the river
0.7: A goat is enjoying the day by the river
0.9: A goat is enjoying the day on the farm
Sentence 2: A goat is enjoying the sun on the farm

Figure 3: Interpolating latent space. The sentence
in each row is generated with a latent variable inter-
polated from those of sentence 1 and sentence 2.

Prompt: After receiving perfect score on your final exam, your
school is asking you to give a speech on the subject of the exam.
Little does anyone know you guessed every single answer.

Memory: The room was silent except for me. I could hear some
whispering behind us as we continued to pace about campus, but
there was no need. We knew better than that any moment that
would come, and at least if they were around, we wouldn't have
to be so paranoid.

DELLA: "Hey mister!" I just got back from work and the whole
class was already ready for question. So go ahead I took the
stage. The teacher smiled encouragingly. Standing up in the
front of desk, I started talking about all sorts of things about
answering test question.

Figure 4: Generation examples of Memory and DELLA
based on the prompt from test set of WritingPrompts.
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Figure 5: Reconstruction loss and KL Divergence
throughout training process.

generated from higher layers encode more help-
ful information compared to those from lower lay-
ers, manifesting disadvantages of the two previous
paradigms, Softmax (starting from the last layer)
and Embedding (ending at the first layer).

Model size We compare the performance of
DELLA and three paradigms with 24-layer GPT2-
medium as backbone. As shown in Table 5, with
the increasing of model size, DELLA consistently
achieves better performance than baselines.

5.9 Case Study

VAE captures text representations in a smooth la-
tent space. We take two sentences x1 and x2 and

sample two posterior latent variables z(1) and z(2)

from p(z(1)|x1) and p(z(2)|x2), and get interpo-
lated latent variables with z = τz(1)+(1− τ)z(2).
We generate multiple sentences with a continuously
changed τ from 0 to 1. As shown in Fig. 3, sen-
tences generated from interpolated z mix the se-
mantics of the two initial sentences and smoothly
change from x1 to x2, showing DELLA’s ability of
learning a flexible latent space.

Fig. 4 shows the generation examples of DELLA

and one of baseline, Memory, given the same
prompt WritingPrompts. We observe that the gen-
erated text of Memory is irrelevant to the prompt,
while DELLA generates coherent and vivid text.

6 Conclusion

In this paper, we propose a novel variational Trans-
former framework DELLA. Our framework learns
a series of layer-wise latent variables with iterative
dependence. These latent variables are condition-
ally inferred and injected into corresponding de-
coder layers by low-rank tensor product for deeper
fusion. The experiments on both unconditional and
conditional generation tasks demonstrate DELLA’s
ability to significantly mitigate KL vanishing and
improve generated text’s quality and diversity. In
the future, we plan to explore further the potential
of DELLA in larger pretrained language models.
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A Experiment Details

A.1 Implementation Details

We load pretrained model GPT-2 (Radford et al.,
2019) as initial parameters for unconditional gener-
ation and story generation, and pretrained BART-
base (Lewis et al., 2020) for summarization and
paraphrasing generation tasks. For the summa-
rization and paraphrasing generation, we keep
the encoder-decoder attention block. No encoder-
decoder attention is used in unconditional gener-
ation and story generation tasks. The number of
layers and dimensions of hidden states in DELLA

is consistent with the configurations of correspond-
ing pretrained models (GPT-2 has 12 layers and
Bart-base has 6-layer encoder and 6-layer decoder.
The hidden size of both is 768). We use the state
of a special token to obtain the representation in
the encoder. We utilize cyclical annealing tricks to
train DELLA and other VAE baselines. Specifically,
two epochs are one annealing period. In one period,
β (the weight of KL term in ELBO) keeps 1e-5 in
the first half, then linearly increases to 1 in the next
quarter, then keeps at 1 for the last quarter. We se-
lect batch size over {16, 32} and learning rate over
{5e-5, 7e-5}. We use beam search for DELLA and
top-k sampling for compared baseline models for
the unconditional generation and story generation.
For the summarization and paraphrasing genera-
tion, we use beam search in all the models.

We implement DELLA and other VAE baselines
based on Huggingface Transformers (Wolf et al.,
2020) library of v4.10.0 and use NVIDIA GeForce
RTX 3090 to train our model. The total number of
training GPU hours on different datasets is in Table
6. The number of parameters for our model is
193,353,984 in the unconditional generation setting
and 195,180,114 in the conditional generation one.
All experimental results are trained and tested in a
single run.

Dataset Training Time

Yelp 20h
Yahoo 20h
PTB 6h
SNLI 12h
CNN/DM 40h
WP 170h
Quora 5h

Table 6: GPU hours of training DELLA with RTX3090

Dataset # Train # Dev # Test Avarage Length

Yelp 100k 10k 10k 96
Yahoo 100k 10k 10k 79
PTB 42k 3k 3k 21
SNLI 100k 10k 10k 10

CNN/DM 287k 13k 11k S: 790 T: 61
WP 272k 15k 15k S: 28 T: 674
Quora 134k 5k 10k S: 10 T: 10

Table 7: Statistics of datasets. We present the size of
train/dev/test sets and the average length for 7 datasets.
S means source text and T means target text.

A.2 Datasets Details

The detailed dataset statistics are in Table 7. For
the licenses of the datasets we use, CNN/DM and
WritingPrompts use MIT License, while SNLI uses
CC BY-SA 4.0. Meanwhile, PTB, Quora, and Yelp
use their own license: LDC User Agreement, Yelp
Data Agreement, and Quora’s Terms of Service,
respectively. All of these licenses and agreements
allow their data for academic use. Unfortunately,
we did not find the license for the Yahoo Dataset.

A.3 Metrics Details

Here we provide more details of the metrics used
in our experiments.

Perplexity (PPL). PPL = p(x)−1/n is com-
monly used to evaluate the performance of lan-
guage models, where n is number of tokens x con-
tains. For VAE-based model, we can only obtain
the lower bound of log p(x). We consider k latent
variables z1, z2, . . . , zk sampled from the posterior
distribution q(zi|x). Based on the fact that average
importance weights are an unbiased estimator of
log p(x) (Burda et al., 2016) and Jensen’s Inequal-
ity, we have:

Lk = E

[
log

1

k

k∑

i=1

p(x, zi)

q(zi|x)

]
(13)

≤ logE

[
1

k

k∑

i=1

p(x, zi)

q(zi|x)

]
= log p(x).

We use Lk to estimate log p(x) and calculate PPL.
ELBO. The ELBO is the sum of reconstruction

loss and KL divergence.
KL. The KL divergence of the posterior and

prior distribution.
Mutual Information(MI) (Alemi et al., 2016).
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Mutual Information I(x, z) is defined as:

Iq(x, z) (14)

=Ep(x)Eq(z|x) log q(z|x)− Eq(z) log q(z)

where q(z) = Ep(x)q(z|x) is called the aggregated
posterior.

Activate Units(AU) (Burda et al., 2016). AU
is the active units in latent varibles, defined as
Az = Covx(Ez∼q(z|x)[z]) > δ, where δ is a thresh-
old, commonly set as 0.01. However, we find that
with δ = 0.01, all VAE models in our experiments
have full active unit. So we increase the threshold
to 0.2 to distinguish the performance of different
models on this metric. Please note that DELLA in-
corporates latent variables in all layers, and hence
we calculate AU for the latent variable in each layer
and then report the average.

BLEU (Papineni et al., 2002). BLEU measures
the n-gram overlap of generated sequences and
the reference ones. For unconditional setting, we
regard all samples in the test set as references to
each generated example.

CND (Li et al., 2020b). CND approximates the
divergence of the empirical reference distribution
and generated text distribution in n-gram spaces.

MAUVE (Pillutla et al., 2021). MAUVE mea-
sures the gap between reference text and generated
text using divergence frontiers.

Self-BLEU (Zhu et al., 2018). Self-Bleu calcu-
lates the BLEU score on the generated samples,
which averages the BLEU score of each generated
sequence calculated with other generated ones as
references. This metric measures the diversity of
a set of generated sequences. Higher Self-BLEU
means these generated sequences are more distin-
guishable from each other.

Dist (Li et al., 2016). Dist measures the propor-
tion of distinct n-grams on generated samples.

Jaccard Similarity(JS) (Wang and Wan, 2018).
JS calculates the average n-gram Jaccard similarity
between every two generated sequences.

Rouge (Lin and Hovy, 2002). Rouge computes
n-gram overlap of generated examples with given
target samples. We use rouge-score v0.0.4 to evalu-
ate the rouge score of our model and the baselines.

BERTScore (Zhang et al., 2020). BERTScore
uses pre-trained BERT (Devlin et al., 2019) to ob-
tain the vector representations of generated and
reference text and calculates their cosine similar-
ity. We use bert-score v0.3.10 to calculate the
BERTScore of our model and the baselines.

A.4 Human Evaluation Details

Due to the relatively long length of generated text,
we randomly sample 30 examples in the test set
of WP and CNN/DM as input to DELLA and other
compared baseline models to generate the target.
We invite five graduate students proficient in En-
glish to score the generated text. The criteria for
story generation include fluency, coherence, and
novelty, and the criteria for summarization gen-
eration include informativeness, consistency, and
novelty. Specifically, fluency measures whether
the generated sentences are syntactically fluent;
coherence measures whether the generated text is
logically structured and consistent with the input
text; novelty measures whether the content is novel
and attractive; informativeness measures to what
extent the generated summarization summarizes
the general idea of the article.

When conducting the human evaluation, we in-
formed the participants as follows:

• The following contents are generated by the
automatic models. Some of them may be of-
fensive or contain improper arguments. Please
be conscious of these risks and evaluate these
contents equitably and adequately.

• The evaluation you provide will be used only
for academic use and will never be used com-
mercially.

Every evaluator will sign their signature below
these warnings to confirm that they have read those
words. After finishing the annotation, they will re-
ceive $25. This amount is determined by the time
of the whole annotation process and the estimation
of average hourly income. The ethics review board
for data collection protocol is not essential in our
country, so we did not conduct this review for our
data collection protocol.

A.5 Additional Experimental Result

Table 8 and Table 9 report the results on PTB, SNLI
and Quora dataset.

A.6 Case Study Details

We take two sentences x1 and x2

and sample two groups of latent vari-
ables z(1) = {z(1)1 , z

(1)
2 , . . . ,z

(1)
L } and

z(2) = {z(2)1 , z
(2)
2 , . . . ,z

(2)
L } from posterior distri-

butions p(z(1)|x1) and p(z(2)|x2). We obtain the
weighted latent variables ẑ = {ẑ1, ẑ2, . . . , ẑL} by
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taking weighted sum at each corresponding ele-
ment in two groups, i.e. ẑi = τ∗z(1)i +(1−τ)∗z(2)i .
The mixed sentence x̂ is generated conditioned on
p(x̂|ẑ) by the decoder.

A.7 Potential Risks and Limitations of our
work

Due to the unclean corpus (especially in the WP
dataset) we use where slang repeatedly appears,
the model training on this corpus may also output
some rude expressions during generation. Also, the
text generated in the unconditional generation task
is not controllable, which may contain some bias
or politically sensitive expression. Besides, since
our model significantly improves the quality and di-
versity of generated, it can produce more plausible
texts like news, which could be possibly utilized to
create fake news or disinformation. However, on
the other hand, our model could benefit fairness in
language generation. Previous text generation mod-
els tend to produce biases like gender or nationality
biases, which means only the majority would be
appropriately described while the minority may be
ignored. These biases are mainly caused by the
biased training corpus. With the same data, our
model can improve the diversity of generated text,
which is also potential for mitigating these biased.
We will try to develop debiased language gener-
ation systems in future work to avoid these risks
harming society.

While DELLA shows good performance on text
generation, it has one limitation: training efficiency.
DELLA brings more parameters compared with
three baseline methods. Training efficiency needs
to be considered if we further explore the perfor-
mance of DELLA on the large pretrained model.
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Model
Representation Learning Generation Quality Generation Diversity

PPL↓ ELBO↓ KL↑ MI↑ AU↑ BLEU↑ CND↓ MAUVE↑ SB↓ Dist↑ JS ↓
Dataset: PTB

GPT-2 25.80 - - - - 27.91 1.12 0.73 41.55 37.79 0.30
Optimus 22.79 344.10 15.09 7.67 - - - - - - -
Embed 19.98 327.28 4.77 4.14 6 28.04 1.38 0.69 41.32 34.46 0.33

Memory 24.41 90.25 1.22 1.17 4 21.31 1.21 0.58 26.58 38.28 0.08
Softmax 24.04 90.63 2.13 1.89 21 28.59 1.39 0.72 42.15 33.91 0.30
DELLA 10.28 58.43 12.46 12.35 22 28.15 0.63 0.68 24.87 41.84 0.17

Dataset: SNLI

GPT-2 20.19 - - - - 63.57 1.95 0.71 75.34 19.11 0.58
Optimus 16.67 38.50 16.35 8.89 - - - - - - -
Embed 13.79 32.97 3.24 3.16 20 59.26 0.98 0.72 65.59 20.89 0.44

Memory 13.78 32.62 2.13 2.08 10 62.80 1.24 0.67 54.59 21.87 0.33
Softmax 14.21 33.18 2.70 2.65 16 60.51 1.94 0.71 71.84 18.59 0.57
DELLA 5.13 10.23 5.86 16.58 23 62.94 0.85 0.69 36.85 32.61 0.21

Table 8: Additional results for language model and unconditional generation task. The results of Optimus are
copied from original paper with λ = 0.5.

Model BLEU↑ Rouge-1↑ Rouge-2↑ Rouge-L↑ Bertscore↑ KL↑
Bart-base 64.34 63.27 39.83 60.28 94.72 -
Embed 63.94 63.12 39.42 60.22 94.66 0.0
Mem 63.78 62.86 39.18 59.96 94.65 0.0
Softmax 64.30 63.25 39.92 60.39 94.71 0.0
DELLA 64.40 63.80 40.58 61.03 94.84 3.88

Table 9: Results on Quora dataset. Because the sentences in Quora are quite short and constrained, the results of
the three diversity metrics on all baselines are almost the same. So we omit them here.
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B Additional Proof

B.1 Derivation of KL Divergence of Layer-Wise Latent Variables
KL divergence of layer-wise latent variables

KL(q(z|x)||p(z))

=

∫
q(z|x) log q(z|x)

p(z)
dz

=

∫ L∏

l=1

q(zl|x, z<l) log
∏L
l=1 q(zl|x, z<l)∏L
l=1 p(zl|z<l)

dz1 dz2 . . . dzL

=
L∑

i=1

∫ L∏

l=1

q(zl|x, z<l) log
q(zl|x, z<l)
p(zl|z<l)

dz1 dz2 . . . dzL

=

L∑

l=1

∫
q(z<l|x)q(zl|x, z<l) log

q(zl|x, z<l)
p(zl|z<l)

dz1 dz2 . . . dzl

=
L∑

l=1

Eq(z<l|x)KL(q(zl|x, z<l)||p(zl|z<l))

(15)

B.2 Proof of Theorem 1
First, we consider on term in the summation and can obtain:

Ep(x)Eq(z<l|x)[KL(q(z|x, z<l)||p(zl|z<l))]

=

∫
q(x)q(z<l|x)q(zl|x, z<l) log

q(zl|x, zl)
p(zl|z<l)

dx dzl dz<l

=

∫
q(x, zl, z<l) log

q(zl|x, zl)
p(zl|z<l)

dxdzl dz<l

=

∫
q(x, zl, z<l) log

( q(z,x|z<l)
q(x|z<l)q(zl|z<l)

q(zl|z<l)
p(zl|z<l)

)
dx dzl dz<l

=

∫
q(z<l)q(x, zl|z<l) log

q(z,x|z<l)
q(x|z<l)q(zl|z<l)

dxdzl dz<l+

∫
q(x|zl, z<l)q(zl|z<l)q(z<l) log

q(zl|z<l)
p(zl|z<l)

dx dzl dz<l

=

∫
q(x, zl|z<l) log

q(z,x|z<l)
q(x|z<l)q(zl|z<l)

dxdzl+

∫
q(zl|z<l)q(z<l) log

q(zl|z<l)
p(zl|z<l)

dzl dz<l

=H(zl|z<l)−H(zl|z<l,x) + Eq(z<l)KL(q(zl|z<l||p(zl|z<l))
≥H(zl|z<l)−H(zl|z<l,x)

(16)

where H is the Shannon entropy. Then, the summation has a lower bound:

L∑

i=1

Ep(x)Eq(z<l|x)[KL(q(z|x, z<l)||p(zl|z<l))]

≥
L∑

i=1

H(zl|z<l)−H(zl|z<l,x)

=H(z1, . . . ,zL)−H(z1, . . . ,zL|x)
=I(x; z1, . . . ,zL)

(17)
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where I is mutual information. Next, we prove the following inequality with induction:

I(x; z1, . . . ,zL) ≥ I(x; z1; . . . ; zL) (18)

When L = 2, we proof I(x; z1, z2) ≥ I(x; z1; z2). Actually, we have the following facts:

I(x; z1, z2)

=H(x) +H(z1, z2)−H(x, z1, z2)
(19)

I(x; z1; z2)

=H(x) +H(z1) +H(z2) +H(x, z1, z2)

−H(z1, z2)−H(x, z1)−H(x, z2)

(20)

Based on the facts above, we have:

I(x; z1, z2) ≥ I(x; z1; z2) (21)

⇔ 2H(z1, z2) +H(x, z1) +H(x, z2) ≥ H(z1) +H(z2) + 2H(x, z1, z2) (22)

It’s true because we have:
H(z1, z2) +H(x, z1)

=H(z2|z1) +H(x|z1) + 2H(z1)

≥H(x, z2|z1) + 2H(z1)

=H(x, z1, z2) +H(z1)

(23)

Similarly, the following inequality also holds true:

H(z1, z2) +H(x, z2) ≥ H(x, z1, z2) +H(z2) (24)

Therefore, making sum to Eq.(23) and Eq.(24), we conclude that I(x; z1, z2) ≥ I(x; z1; z2). Hence, we
finish the proof of the L = 2 case.

When L = k, suppose I(x; z1, . . . ,zk) ≥ I(x; z1; . . . ; zk), we consider L = k + 1. In this case,
based on the inductive assumption, we have:

I(x; z1, . . . ,zk+1) ≥ I(x; z1, . . . ,zk) ≥ I(x; z1; . . . ; zk) ≥ I(x; z1; . . . ; zk+1) (25)

Hence, the case of L = k + 1 also holds true. Therefore, we conclude that I(x; z1, . . . ,zL) ≥
I(x; z1; . . . ; zL).

Now, we consider the interaction information and can obtain:

I(x; z1; . . . ; zL)

=I(zL, zL−1)−
L−1∑

i=2

I(zL; . . . ; zi|zi−1)− I(zL; . . . ; z1|x)

≥
L−1∑

i=2

I(zL; . . . ; zi|zi−1)− I(zL; . . . ; z1|x)

(26)

Finally, based on Eq.(16), (17), (25), (26), we can conclude:

Ep(x)[LR] =
L∑

i=1

Ep(x)Eq(z<l|x)[KL(q(z|x, z<l)||p(zl|z<l))]

≥ I(x; z1, . . . ,zL)
≥ I(x; z1; . . . ; zL)

≥
L−1∑

i=2

I(zL; . . . ; zi|zi−1)− I(zL; . . . ; z1|x)

(27)
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Figure 6: Attention weight of the Memory paradigm for layer 0 to layer 5. We plot three heatmaps in each layer.
Average means averaging weights throught all head. Max and min means we select the head with max and min
attention weight on the memory token (latent variable).We can see the memory token tends to be ignored by most
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Figure 7: Attention weight of Memory paradigm for layer 6 to layer 11.
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Abstract

Existing approaches to mitigate demographic
biases evaluate on monolingual data, however,
multilingual data has not been examined. In
this work, we treat the gender as domains (e.g.,
male vs. female) and present a standard do-
main adaptation model to reduce the gender
bias and improve performance of text classi-
fiers under multilingual settings. We evaluate
our approach on two text classification tasks,
hate speech detection and rating prediction, and
demonstrate the effectiveness of our approach
with three fair-aware baselines.

1 Introduction

Recent research raises concerns that document clas-
sification models can be discriminatory and can per-
petuate human biases (Dixon et al., 2018; Borkan
et al., 2019; Sun et al., 2019; Blodgett et al., 2020;
Liang et al., 2020). Building fairness-aware classi-
fiers is critical for the text classification task, such
as hate speech detection and online reviews due
to its rich demographic diversity of users. The
fairness-aware classifiers aim to provide fair and
non-discriminatory outcomes towards people or
groups of people based on their demographic at-
tributes, such as gender, age, or race. Fairness has
been defined in different ways (Hardt et al., 2016)
across downstream tasks; for mitigating biases in
the text classification, existing research (Dixon
et al., 2018; Heindorf et al., 2019; Han et al., 2021)
has focused on group fairness (Chouldechova and
Roth, 2018), under which document classifiers are
defined as biased if the classifiers perform better
for documents of some groups than for documents
of other groups.

Methods to mitigate demographic biases in text
classification task focus on four main directions,
data augmentation (Dixon et al., 2018; Park et al.,
2018; Garg et al., 2019), instance weighting (Zhang
et al., 2020; Pruksachatkun et al., 2021), debi-
ased pre-trained embeddings (Zhao et al., 2017;

Pruksachatkun et al., 2021), and adversarial train-
ing (Zhang et al., 2018; Barrett et al., 2019; Han
et al., 2021; Liu et al., 2021). The existing studies
have been evaluated on English datasets contain-
ing rich demographic variations, such as Wikipedia
toxicity comments (Cabrera et al., 2018), senti-
ment analysis (Kiritchenko and Mohammad, 2018),
hate speech detection (Huang et al., 2020). How-
ever, the methods of reducing biases in text clas-
sifiers have not been evaluated under multilingual
settings.

In this study, we propose a domain adapta-
tion approach using the idea of “easy adapta-
tion” (Daumé III, 2007) and evaluate on the text
classification task of two multilingual datasets, hate
speech detection and rating prediction. We experi-
ment with non-debiased classifiers and three fair-
aware baselines on the gender attribute, due to its
wide applications and easily accessible resources.
The evaluation results of both non-debiased and de-
biased models establish important benchmarks of
group fairness on the multilingual settings. To our
best knowledge, this is the first study that proposes
the adaptation method and evaluates fair-aware text
classifiers on the multilingual settings.

2 Multilingual Data

We retrieved two public multilingual datasets that
have gender annotations for hate speech classifica-
tion (Huang et al., 2020) and rating reviews (Hovy
et al., 2015).1 The hate speech (HS) data collects
online tweets from Twitter and covers four lan-
guages, including English (en), Italian (it), Por-
tuguese (pt), and Spanish (es). The rating review
(Review) data collects user reviews from Trustpilot
website and covers four languages, including En-
glish, French (fr), German (de), and Danish (da).
The HS data is annotated with binary labels indi-
cating whether the tweet is related to hate speech

1The number of languages is limited by the availability of
the data providers.
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or not. The Review data has five ratings from 1 to
5. To keep consistent, we removed reviews with
the rating 3 and encoded the review scores into two
discrete categories: score > 3 as positive and < 3 as
negative. All the data has the same categories for
the gender/sex, male and female. We anonymized
tweets, lowercased all documents, and tokenized
each document by NLTK (Loper and Bird, 2002),
which supports processing English and the other
six languages.

Source Lang Docs Tokens F-Ratio L-Ratio

HS

EN 44,253 20.533 .498 .355
IT 2,361 19.848 .310 .235
PT 1,852 20.007 .554 .222
ES 4,831 20.660 .455 .357

Review

EN 358,219 48.553 .398 .930
FR 324,358 37.102 .429 .931
DE 115,367 38.224 .430 .928
DA 882,080 49.829 .475 .886

Table 1: Summary of multilingual Hate Speech (HS)
and Online Review data. F-Ratio and L-Ratio indicate
female ratios and positive / hate speech label ratios
respectively.

We summarize the data statistics in Table 1. The
HS data is comparatively smaller than the review
data, and both datasets have a skewed label distribu-
tions. For example, most of the reviews have posi-
tive labels, and most of tweets are not hate speech.
Notice that the review data comes from a consumer
review website in Denmark, and therefore, Danish
reviews are more than the other languages of the
review data. We can find that all documents are
short, and the HS data from Twitter is compara-
tively shorter. For the gender ratio, most of the data
has a relatively lower female ratios.

Ethic and Privacy consideration. We only use
the text documents and gender information for eval-
uation purposes without any other user profile, such
as user IDs. All experimental information has been
anonymized before training text classifiers. Specif-
ically, we hash document IDs and replace any user
mentions and URLs by two generic symbols, “user”
and “url”, respectively. To preserve user privacy,
we will only release aggregated results presented
in this manuscript and will not release the data. In-
stead, we will provide experimental code and the
public access links of the datasets to replicate the
proposed methodology.

3 Easy Adaptation Framework

Previous work has shown that applying domain
adaptation techniques, specifically the “Frustrat-
ingly Easy Domain Adaptation” (FEDA) ap-
proach (Daumé III, 2007), can improve document
classification when demographic groups are treated
as domains (Volkova et al., 2013; Lynn et al., 2017).
Based on these results, we investigate whether the
same technique can also improve the fairness of
classifiers, as shown in Figure 1. With this method,
the feature set is augmented such that each feature
has a domain-specific version for each domain, as
well as a domain-independent (general) version.
Specifically, the features values are set to the origi-
nal feature values for the domain-independent fea-
tures and the domain-specific features that apply to
the document, while domain-specific features for
documents that do not belong to that domain are set
to 0. We implement this via a feature mask by the
element-wise matrix multiplication. For example,
a training document with a female author would
be encoded as [Fgeneral, Fdomain,female, 0], while
a document with a male author would be encoded
as [Fgeneral, 0, Fdomain,male]. At test time we only
use the domain-independent features. While the
FEDA applies to non-neural classifiers, we treat
neural models as feature extractors and apply the
framework on neural classifiers (e.g., RNN). We
denote models with the easy adaptation with the
suffix -DA.

4 Experiments

Demographic variations root in documents, espe-
cially in social media data (Volkova et al., 2013;
Hovy, 2015). In this study, we present a standard
domain adaptation model on the gender factor, and
we treat each demographic group as a domain (e.g.,
male and female domains). We show the domain
adaptation method can effectively reduce the biases
of document classifiers on the two multilingual cor-
pora. Each corpus is randomly split into training
(80%), development (10%), and test (10%) sets.
We train the models on the training set and find
the optimal hyperparameters on the development
set. We randomly shuffle the training data at the
beginning of each training epoch.

4.1 Regular Baselines (B-Reg)
We experimented with three popular classifiers, Lo-
gistic Regression (LR), Recurrent Neural Network
(RNN), and BERT (Devlin et al., 2019). For the LR,
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Figure 1: Framework illustrations for training and testing steps. The training step uses domain-independent (general
in no color) and -specific (in color) features, while the testing step only uses the general features.

we extract Tf-IDF-weighted features for uni-, bi-,
and tri-grams on the corpora with the most frequent
15K features with the minimum feature frequency
as 3. We then train a LogisticRegression
from scikit-learn (Pedregosa et al., 2011). We left
other hyperparameters as their defaults. For the
RNN classifier, we follow existing work (Park et al.,
2018) and build a bi-directional model with the
Gated Recurrent Unit (GRU) (Chung et al., 2014)
as the recurrent unit. We set the output dimen-
sion of RNN as 200 and apply a dropout on the
output with rate .2. We optimize the RNN with
RMSprop (Tieleman and Hinton, 2012). To encode
the multilingual tokens, we utilize the pre-trained
fastText multilingual embeddings (Mikolov et al.,
2018) to encode the top 15K frequent tokens. For
the BERT classifier, we build two new linear layers
upon on pretrained BERT models (Devlin et al.,
2019) including both English and multilingual ver-
sions. The multilingual version supports 104 lan-
guages that cover all languages in this work. The
first layer transforms the BERT-encoded represen-
tations into 200-dimension vectors and feeds the
vectors for the the final prediction layer. We opti-
mize the model parameters by the Adam (Kingma
and Ba, 2015). For the neural classifiers, we train
them with the batch size as 64, the max length
as 200, and the learning rate within the range of
[1e − 4, 1e − 6]. The classifiers in the following
sections apply the same hyperparameter settings
for fair comparison.

4.2 Fair-aware Baselines

Blind augments data by masking out tokens that
are associated with the demographic groups (Dixon
et al., 2018; Garg et al., 2019). We apply
the Blind strategy on the regular baselines and
denote the classifiers as LR-Blind, RNN-Blind,
and BERT-Blind respectively. We retrieved the
gender-sensitive tokens from the Conversation
AI project (ConversationAI, 2021), which con-
tains individual tokens. However, the existing
resource (Dixon et al., 2018; Garg et al., 2019)
only focused on English instead of the other lan-
guages. Therefore, we use the multilingual lexicon,
PanLex (Kamholz et al., 2014), to translate the
gender-sensitive English tokens into the other six
languages.

RNN-IW applies the instance weighting to re-
duce impacts of gender-biased documents (Zhang
et al., 2020) during training classifiers. The method
learns each training instance with a numerical
weight P (Y )

P (Y |Z) based on explicit biases counted
by gender-sensitive tokens (ConversationAI, 2021).
Then the method utilizes a random forest classi-
fier to estimate the conditional distribution P (Y |Z)
and the marginal distribution P (Y ). Finally, the
method applies the classifier on training instances
to obtain weight scores and assign the weights to
training instances during optimization loss calcula-
tion. The approach achieves the best results using
RNN models, and we keep the same settings. We
extend the approach to multilingual settings using
the translated resources.
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Review (%) English French German Danish
Methods F1-macro AUC Fair F1-macro AUC Fair F1-macro AUC Fair F1-macro AUC Fair

B-Reg
LR 87.1 98.3 4.2 85.1 97.9 7.7 86.1 97.9 7.6 88.5 98.4 6.2

RNN 87.1 97.6 5.2 80.6 95.3 1.5 80.4 95.5 3.7 86.8 94.8 3.1
BERT 93.3 99.3 4.9 91.6 99.1 4.6 91.2 98.2 3.5 94.0 98.8 3.9

B-Fair

LR-Blind 87.1 98.3 3.6 85.2 97.9 7.6 86.0 97.9 5.9 90.5 98.4 1.4
RNN-Blind 89.6 98.5 4.5 81.7 96.0 5.1 82.0 96.8 3.2 85.8 95.7 2.5
BERT-Blind 93.4 99.3 4.3 91.7 99.1 3.9 89.5 98.5 3.6 93.0 99.1 1.9

RNN-IW 87.9 98.8 2.8 81.6 97.2 4.4 84.5 97.6 3.2 86.2 97.6 1.8
RNN-Adv 88.0 98.1 5.2 83.4 96.9 4.9 85.4 97.4 3.0 88.7 97.6 1.9

Ours
LR-DA 87.3 98.4 2.8 85.3 97.9 1.7 85.1 98.0 4.3 87.6 98.5 3.3

RNN-DA 89.2 98.6 4.1 83.1 95.9 0.9 81.2 96.6 3.5 89.2 98.2 1.9
BERT-DA 93.6 99.4 3.3 91.7 99.0 3.4 91.4 97.8 2.7 93.7 99.2 1.7

Delta-R (%) 1.0 .4 -28.7 1.1 0.2 -56.5 0 0.3 -29.1 0.5 1.3 -47.7
Delta-F (%) .9 0.2 -16.7 2.3 0.2 -61.4 0.5 -0.2 -7.4 1.5 1.0 21.1

Hate Speech (%) English Spanish Italian Portuguese
Methods F1-macro AUC Fair F1-macro AUC Fair F1-macro AUC Fair F1-macro AUC Fair

B-Regular
LR 81.5 89.3 6.2 66.6 80.9 27.2 54.8 75.5 21.1 65.3 75.2 12.8

RNN 82.0 89.0 5.4 65.3 70.0 25.9 62.3 70.7 30.9 60.8 75.9 44.1
BERT 84.3 92.0 4.9 65.9 73.8 15.6 57.1 70.3 12.9 70.1 79.6 19.9

B-Fair

LR-Blind 81.5 89.1 5.4 67.3 81.0 25.9 54.8 75.5 20.7 62.2 73.9 9.6
RNN-Blind 82.8 89.8 5.1 64.9 63.8 14.2 56.4 76.4 22.9 62.2 74.9 20.6
BERT-Blind 84.0 91.9 3.7 65.5 72.8 14.9 57.2 71.2 23.2 72.4 81.8 26.4

RNN-IW 83.8 98.4 3.8 54.0 58.9 13.4 64.1 74.7 21.9 63.8 74.7 30.7
RNN-Adv 82.9 90.6 4.1 54.6 64.8 12.0 57.9 70.9 22.1 69.8 75.8 23.1

Ours
LR-DA 81.0 88.6 4.3 71.5 79.7 18.5 62.9 71.1 17.8 67.4 79.0 11.8

RNN-DA 82.1 89.1 4.7 66.5 70.9 22.8 62.8 72.3 25.6 68.8 77.1 11.7
BERT-DA 84.4 91.4 2.2 73.8 78.3 10.1 67.2 74.9 12.4 74.8 78.3 9.0

Delta-R (%) -0.1 -0.4 -32.1 7.1 1.9 -25.2 10.7 0.8 -14.0 7.5 1.6 -57.7
Delta-F (%) -0.6 -2.5 -15.5 15.2 11.8 6.6 10.7 -1.3 -16.1 6.4 2.5 -50.9

Table 2: Performance on the HS and Review Data in percentage. A lower fair score is better. The Delta-R and -F are
improvements over the regular (-R) and fair (-F) baselines respectively. Negative Delta scores over the fair indicate
percentage of mitigating biases, and lower scores means more bias mitigation.

RNN-Adv utilizes adversarial training (Han
et al., 2021) to mitigate (Liu et al., 2021) gender
biases by two prediction tasks, document and gen-
der predictions. Instead of learning to better sep-
arate gender labels, the adversarial training aims
to confuse the gender predictions to reduce gender
sensitiveness. We adapt the RNN module which
achieved promising results (Han et al., 2021; Liu
et al., 2021).

4.3 Evaluation Metrics

We use F1-macro score (fit for skewed label distri-
bution) and area under the ROC curve (AUC) to
measure overall performance. To evaluate group
fairness, we measure the equality differences (ED)
of false positive/negative rates (Dixon et al., 2018)
for the fair evaluation. Existing study shows the
FP-/FN-ED is an ideal choice to evaluate fair-
ness in classification tasks (Czarnowska et al.,
2021). Taking the false positive rate (FPR) as an
example, we calculate the equality difference by
FPED =

∑
g∈G |FPRd−FPR|, whereG is the

gender and d is a gender group (e.g., female). We
report the sum of FP-/FN-ED scores and denote the
score as “Fair”. This metric sums the differences

between the rates within specific gender groups and
the overall rates.

4.4 Results

We present the averaged results after running eval-
uations three times of both baselines and our ap-
proach in Table 2. Fair-aware classifiers have sig-
nificantly reduced the gender bias over regular clas-
sifiers across the multilingual datasets, and our
approaches have better scores of the group fair-
ness by a range of 14% to 57.7% improvements
over the baselines. The data augmentation ap-
proach achieves better fair scores across multiple
languages, which indicates that the translated re-
sources of English gender-sensitive tokens can also
be effective on the evaluated languages. The neu-
ral fair-aware RNNs usually achieve worse per-
formance than the BERT-based models, but the
RNN-based models is more likely to achieve better
fairness scores. Note that the BERT and fastText
embeddings were pretrained on the same text cor-
pus, Wikipedia dumps, and the performance indi-
cates that fine-tuning the more complex models is
a practical approach to reduce gender bias under
the multilingual settings. Overall, our approach
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appears promising to reduce the gender bias under
the multilingual setting.

Considering model performance, we can gener-
ally find that the fair-aware methods do not sig-
nificantly improve the model performance, which
aligns with findings in a previous study (Menon and
Williamson, 2018). For example, fair-aware classi-
fiers promote classification performance by around
1%, and fair-aware classifiers slightly decrease on
the English hate speech data. However, we also
find that all fair-aware models achieve better per-
formance on the Spanish, Italian, and Portuguese
hate speech data. We infer this due to the data size,
as for the three corpora are much smaller than the
corpora in other languages.

5 Conclusion

We present an easy adaptation method to reduce
gender bias on two downstream tasks (hate speech
detection and user rating prediction) under the mul-
tilingual setting. The experiments show that by
treating demographic groups as domains, we can
reduce biases while keeping relatively good perfor-
mance. Our future work will solve the limitations
of this study, including non-binary genders, multi-
ple demographic factors, embedding sources, and
label imbalance. Code and data instructions of our
work are available at https://github.com/
xiaoleihuang/DomainFairness.

5.1 Limitations

While we have proved the effectiveness of our pro-
posed framework, limitations must be acknowl-
edged in order to appropriately interpret our evalu-
ations. First, our experiments are based on coarse-
grained gender categories (binary gender groups)
and the multilingual datasets fail to provide fine-
grained information. Using coarse-grained at-
tributes would ignore people with non-binary gen-
der. Expanding evaluations of existing methods
may require enriching categories of demographic
attributes. In this study, we include two major data
sources and experiment the six languages aiming to
evaluate gender-bias-mitigation algorithms in a di-
verse and multilingual scenario. We keep the same
experimental settings with the baselines (Dixon
et al., 2018; Zhang et al., 2020; Han et al., 2021;
Liu et al., 2021) to ensure fair comparisons, such
as data sources and binary labels. Second, the
multilingual pretrained embeddings (fastText and
BERT), which were not trained on the social media

data, may not achieve the best performance overall.
We may expect a performance boost if utilizing
in-domain pretrained embeddings. However, our
focus is on the augmentation framework to reduce
demographic (gender) biases.
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A Implementation Details

While we have presented experimental and hyper-
parameter settings in the Section 4, we report im-
plementation tools in this section. We implement
neural models by PyTorch (Paszke et al., 2019)
and non-neural models by scikit-learn (Pedregosa
et al., 2011). For the BERT model, we use the
Hugging Face Transformers (Wolf et al., 2020).
The Keras (Chollet et al., 2015) helped prepro-
cess text documents for neural models, including
padding and tokenization. We trained models on
an NVIDIA RTX 3090 and evaluated the models
on CPUs.
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Abstract

Spoken language understanding (SLU) tasks
involve mapping from speech signals to se-
mantic labels. Given the complexity of such
tasks, good performance is expected to re-
quire large labeled datasets, which are diffi-
cult to collect for each new task and domain.
However, recent advances in self-supervised
speech representations have made it feasible
to consider learning SLU models with lim-
ited labeled data. In this work, we focus on
low-resource spoken named entity recognition
(NER) and address the question: Beyond self-
supervised pre-training, how can we use exter-
nal speech and/or text data that are not anno-
tated for the task? We consider self-training,
knowledge distillation, and transfer learning
for end-to-end (E2E) and pipeline (speech
recognition followed by text NER) approaches.
We find that several of these approaches im-
prove performance in resource-constrained set-
tings beyond the benefits from pre-trained rep-
resentations. Compared to prior work, we find
relative improvements in F1 of up to 16%.
While the best baseline model is a pipeline
approach, the best performance using external
data is ultimately achieved by an E2E model.
We provide detailed comparisons and analyses,
developing insights on, for example, the ef-
fects of leveraging external data on (i) different
categories of NER errors and (ii) the switch in
performance trends between pipeline and E2E
models.

1 Introduction

Named entity recognition (NER) is a popular task
in natural language processing. It involves detect-
ing the named entities and their categories from a
text sequence. NER can be used to extract infor-
mation from unstructured data, which can also be
used as features for other tasks like question an-
swering (Chen et al., 2017) and slot filling for task-
oriented dialogues (Louvan and Magnini, 2018).

∗Work done during an internship at ASAPP.
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Figure 1: Improvements in spoken NER with 100 hours
of external data of different types. “Pipeline” refers to
approaches consisting of speech recognition followed
by a text NER model; “E2E” refers to approaches that
directly map from speech to NER-tagged text. The

“Baseline” and “Text NER” numbers are from previ-
ously established baselines (Shon et al., 2022).

Thanks to pre-trained text representations such
as BERT (Devlin et al., 2019), text-based NER has
recently improved greatly (Wang et al., 2021b; Li
et al., 2020b). Spoken NER, on the other hand, is
not as well-studied. It has the added challenges of
continuous-valued and longer input sequences and,
at the same time, provides opportunities to take
advantage of acoustic cues in the input. A recent
study (Shon et al., 2022) shows that there is still
10-20% absolute degradation in the F1 scores of
spoken NER models compared to text-based NER
using gold transcripts (see Figure 1) despite us-
ing large pre-trained speech representation models.
Closing this gap remains a critical challenge.

In this work, we study the potential benefits of us-
ing a variety of external data types: (a) plain speech
audio, (b) plain text, (c) speech with transcripts,
and (d) text-based NER data. We benchmark our
findings against recently published baselines for
NER on the VoxPopuli dataset of European Par-
liament speech recordings (Shon et al., 2022) and
also introduce baselines of our own. We observe
improvement from leveraging every type of exter-
nal data. Our analysis also quantifies the pros and
cons of the pipeline (speech recognition followed
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by text NER) and end-to-end (E2E) approaches.
The key improvements are summarized in Figure 1.
Specific contributions include:
(i) Unlike previous work, we devote equal effort to
improving both pipeline and E2E approaches.
(ii) We present experiments using various external
data types and modeling approaches.
(iii) Overall, we obtain F1 improvements of up to
16% for the E2E model and 6% for the pipeline
model over previously published baselines, setting
a new state of the art for NER on this dataset.
(iv) We benchmark the advantage of self-
supervised representations (SSR) over a baseline
that uses standard spectrogram features. SSR
gives relative improvements of 36%/31% for
pipeline/E2E models, respectively. To our knowl-
edge, prior work has not directly measured this
improvement over competitive baselines tuned for
the task.
(v) We establish that E2E models outperform
pipeline approaches on this task, given access to
external data, while the baseline models without
the external data have the opposite relationship.
(vi) We provide a detailed analysis of model behav-
ior, including differences in error types between
pipeline and E2E approaches and the reasoning for
the superiority of E2E over pipeline models when
using external data but not in the baseline setting.

2 Related work

2.1 Spoken named entity recognition

Relatively little work has been conducted on spo-
ken NER (Kim and Woodland, 2000; Sudoh et al.,
2006; Parada et al., 2011; Ghannay et al., 2018;
Caubrière et al., 2020; Yadav et al., 2020; Shon
et al., 2022) as compared to the extensively studied
task of NER on text (Nadeau and Sekine, 2007;
Ratinov and Roth, 2009; Yadav and Bethard, 2018;
Li et al., 2020a). While spoken NER is commonly
done through a pipeline approach (Sudoh et al.,
2006; Raymond, 2013; Jannet et al., 2015), there
is rising interest in E2E approaches in the speech
community (Ghannay et al., 2018; Caubrière et al.,
2020; Yadav et al., 2020; Shon et al., 2022). These
two approaches are depicted in Fig. 2.

An early E2E spoken NER model was intro-
duced by Ghannay et al. (2018). The approach
is based on the DeepSpeech2 (Amodei et al.,
2016) architecture, with the addition of special
characters for NER labels around the named en-
tities in the transcription, and is trained with

character-level connectionist temporal classifica-
tion (CTC) (Graves et al., 2006). Yadav et al.
(2020) introduced an English speech NER dataset
and proposed an E2E approach similar to Ghannay
et al. (2018). They show that LM fusion improves
the performance of the E2E approach. Caubrière
et al. (2020) provided a detailed comparison be-
tween E2E and pipeline models; however, they fo-
cused on small RNN/CNN models and did not use
state-of-the-art SSR models. All these approaches
use at least 100 hours of annotated data.

These previous efforts have shown that E2E mod-
els can outperform pipeline approaches in a fully
supervised setting. Borgholt et al. (2021) also made
the same observation on a simplified NER task.
However, these studies do not account for improve-
ments in NLP from self-supervised text represen-
tations for their pipeline counterparts. Shon et al.
(2022) introduced and worked with a low-resource
NER corpus and showed that E2E models still do
not rival pipeline approaches when state-of-the-art
pre-trained models are used.

When using pre-trained representations, E2E
models are at a disadvantage since the pipeline
model also has access to a text model trained on
>50GB of text, in addition to the same speech rep-
resentation model as E2E. This inspires us to study
the benefits of using additional unlabeled data.

We choose to work with the NER-annotated Vox-
Populi corpus (Wang et al., 2021a; Shon et al.,
2022). VoxPopuli consists of naturally spoken
speech, unlike Bastianelli et al. (2020), and is an-
notated manually, unlike Yadav et al. (2020) and
Borgholt et al. (2021) who obtain ground-truth
labels using text model predictions. The SLUE
benchmark (Shon et al., 2022) is aimed at low-
resource SLU and includes annotations for only 15
hours of data; this matches with the goals of our
work, making it an ideal choice to benchmark our
findings.

2.2 Self-supervised pre-training

There is a long history of using unsupervised
pre-training in NLP to improve performance over
limited-data supervised training on a broad range
of tasks. SSRs have started to make an impact on
speech tasks as well, with the first improvements
seen in large-scale ASR with wav2vec (Schneider
et al., 2019). More recently, improvements have
been seen on more tasks with wav2vec 2.0 (Baevski
et al., 2020) and other models (Yang et al., 2021).
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Figure 2: High-level summary of approaches typically used to solve spoken and textual NER tasks. Optional LM
decoding is applied in ASR and E2E-NER models.

However, it is not yet clear how universal these
pre-trained representations are for speech tasks,
particularly for semantic understanding tasks like
NER. Some pre-trained models achieve impressive
performance across a variety of tasks, including
some understanding tasks (Yang et al., 2021) and
analyses suggest that they contain at least some
word meaning information (Pasad et al., 2021).
However, these pre-trained models have not yet
been tested on a broad range of challenging under-
standing tasks. We believe our work is the first to
quantify the improvements from SSR, specifically
on spoken NER.

2.3 Leveraging external data

Self-training (Scudder, 1965; Yarowsky, 1995;
Riloff, 1996) is a popular approach to improve
supervised models when some additional unanno-
tated data is available. Self-training has been ob-
served to improve ASR (Parthasarathi and Strom,
2019; Xu et al., 2021) and is also complementary
to pre-training (Xu et al., 2021). To the best of our
knowledge, this is the first work to introduce it to
spoken NER while also studying its effects on both
E2E and pipeline approaches.

Knowledge distillation is widely used in model
compression research. In this approach, some in-
termediate output from a teacher model is used to
train a smaller student model (Hinton et al., 2014).
In the context of our work, the teacher and student
networks are two different approaches to solving
NER tasks, and the latter is trained on the final
output tags of the former.

Transfer learning has been widely employed for
SLU tasks (Lugosch et al., 2019; Jia et al., 2020),
including E2E spoken NER (Ghannay et al., 2018;
Caubrière et al., 2020). Automatic speech recog-

nition (ASR) is a typically chosen task for pre-
training a model before fine-tuning it for SLU. This
choice is facilitated by the wider availability of tran-
scribed speech than SLU annotations. Specifically
for NER, ASR pre-training is expected to help since
the accuracy of decoded texts can directly affect
the final NER predictions.

3 Methods

Spoken NER involves detecting the entity phrases
in a spoken utterance along with their tags. The
annotations include the text transcripts for the au-
dio and the entity phrases with their corresponding
tags. Spoken NER, like any other SLU task, is typi-
cally tackled using one of two types of approaches:
(i) Pipeline and (ii) End-to-end (E2E). As shown
in Fig. 2, a pipeline approach decodes speech to
text using ASR and then passes the decoded text
through a text NER module, whereas an E2E sys-
tem directly maps the input speech to the output
task labels. Each approach has its own set of ad-
vantages and shortcomings. Pipeline systems can
enjoy the individual advances from both the speech
and the text research communities, whereas com-
bining two modules increases inference time, and
propagation of ASR errors can have unexpected
detrimental effects on the text NER module perfor-
mance. On the other hand, E2E models directly
optimize a task-specific objective and tend to have
faster inference. However, such models typically
require a large amount of task-specific labeled data
to perform well. This can be seen from previous
papers on E2E NER (Yadav et al., 2020; Ghannay
et al., 2018), where using at least 100 hours of
labeled data is typical.
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3.1 Baseline models

The baselines we use for E2E and pipeline models
are taken from Shon et al. (2022). Similarly to
previous work (Shon et al., 2022; Ghannay et al.,
2018; Yadav et al., 2020), we formulate E2E NER
as character-level prediction with tag-specific spe-
cial characters delimiting entity phrases. For ex-
ample, the phrases “irish” and “eu” are tagged as
NORP1 ($) and GPE2 (%) respectively in “the $
irish ] system works within a legal and regulatory
policy directive framework dictated by the % eu ]”.

The E2E NER and ASR modules are initialized
with the wav2vec2.0 base (Baevski et al., 2020) pre-
trained speech representation, while the text NER
module is pre-trained with DeBERTa base (He
et al., 2021). These pre-trained models are then
fine-tuned for ASR/NER after adding a linear layer
on top of the final hidden-state output.

Since text transcripts are typically a part of
the NER annotations, we can also train an NER
model that uses the ground-truth text as input. This
text NER model serves roughly as a topline and
is further used in experiments with external data.
The E2E NER and ASR models are trained with
a character-level CTC objective. The text NER
model is trained for token-level classification with
cross-entropy loss.

It is expected that using self-supervised represen-
tations gives a significant boost in limited labeled
data settings. In order to quantify the benefits of
the pre-trained representations in our setting, we
also report the performance of E2E and pipeline
baselines that are trained from scratch, not utilizing
any pre-trained models.

3.2 Evaluation metrics

Similarly to previous work (Ghannay et al., 2018;
Yadav et al., 2020), we evaluate performance using
micro-averaged F1 scores on an unordered list of
tuples of named entity phrase and tag pairs pre-
dicted for each sentence. An entity prediction is
considered correct if both the entity text and the
entity tag are correct.

Spoken NER introduces an added variability to
the possible model errors due to speech-to-text con-
version. We report word error rate (WER) to evalu-
ate this aspect. WER is the word-level Levenshtein
distance between the ground-truth text and the de-
coded text generated by the model. Additionally, to

1NORP: Nationalities or religious or political groups
2GPE: Countries, cities, states

get an idea of the errors made by the model specifi-
cally on named entities, we also evaluate NE ACC,
the proportion of entity phrases correctly decoded
in the speech-to-text conversion. An entity phrase
is considered accurate only if all the words in the
phrase are correctly decoded in the right order.

3.3 Utilizing external data

Next, we describe our approaches that use data
external to the task-specific labeled data to improve
both the pipeline and the E2E models for spoken
NER. We consider four types of external data: (i)
unlabeled speech (Un-Sp), (ii) unlabeled text (Un-
Txt), (iii) transcribed speech (Sp-Txt), and (iv) text-
based NER data.

External
data type Method Target

model

Un-Sp SelfTrain-ASR ASR
Un-Txt SelfTrain-txtNER text NER
Sp-Txt Pre-ASR ASR

Table 1: Methods for using external data for pipeline
models. For “SelfTrain" approaches, the labeling
model is the same as the target model. The method
for external transcribed data (Sp-Txt) is based on trans-
fer learning and thus there is no labeling model. More
details are provided in Sec. 3.3.

The majority of techniques we consider involve
labeling the external data with a labeling model
(typically one of the baseline models) to produce
pseudo-labels. The target model is then trained
on these generated pseudo-labels along with the
original labeled NER data. Tables 1 and 2 present
a detailed list of all methods we consider for im-
proving pipeline and E2E models respectively. The
methods we include use the first three kinds of
external data listed above. The fourth kind, exter-
nal text-based NER data, is used in experiments
attempting to improve the text NER model; since
it does not succeed (Sec. 5.2.1), this data source
is not explored further for the pipeline and E2E
models.

When the labeling model is the same as the target
model, this is a well-established process called self-
training (Scudder, 1965; Yarowsky, 1995; Riloff,
1996; Xu et al., 2020, 2021). In our setting, a
word-level language model (LM) is used for de-
coding both the ASR and E2E NER models. Shon
et al. (2022) observed that a LM consistently im-
proves performance of all of the baseline models.
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External data type Method Labeling model Target model LM for decoding

Un-Sp
SelfTrain-E2E E2E-NER E2E-NER pLabel 4-gram

Distill-Pipeline
Pipeline-NER
(after SelfTrain-ASR)

E2E-NER pLabel 4-gram

Un-Txt Distill-txtNER-lm text NER n/a pLabel 4-gram

Sp-Txt
Distill-txtNER text NER E2E-NER pLabel 4-gram
Pre-ASR n/a n/a ftune 4-gram

Table 2: Methods for using external data for E2E models. Details are provided in Sec. 3.3.

So we may expect self-training from pseudo-labels
to improve the target models by distilling the LM
information into all model layers.

When the two models are different, we refer to
it as knowledge distillation (Hinton et al., 2014),
where the information is being distilled from the
labeling model to the target model. This ap-
proach enables the target model to learn from the
better-performing labeling model via pseudo-labels.
Among the baseline models, the pipeline performs
better than E2E approaches, presumably since the
former uses strong pre-trained text representations.
So, for instance, distilling from the pipeline (la-
beling model) into the E2E model (target model)
is expected to boost the performance of the E2E
model.

The LMs used for decoding in different ap-
proaches are mentioned in Tab. 2. All the ASR
experiments use language models trained on the
TED-LIUM 3 LM corpus (Hernandez et al., 2018)
as in Shon et al. (2022). The language model used
in baseline E2E NER experiments is trained on
the 15hr fine-tune set (ftune 4-gram). The gener-
ated pseudo-labels also provide additional anno-
tated data for LM training, which can be used in
E2E models. These are referred to as plabel 4-
gram) (for "pseudo-label 4-gram").

Unlabeled speech: The unlabeled speech is
used to improve the ASR module of the pipeline
approach via self-training (SelfTrain-ASR).

For improving the E2E model, the improved
pipeline can be used as the labeling model, fol-
lowed by training the E2E model on the generated
pseudo-labels (Distill-Pipeline). Alternatively, the
unlabeled audio can be directly used to improve
the E2E model via self-training (SelfTrain-E2E).

Unlabeled text: The text NER module in the
pipeline approach is improved by self-training us-
ing the unlabeled text data (SelfTrain-txtNER). The
E2E model uses the pseudo labels generated from

the text NER baseline module on the unlabeled
text to update the LM used for decoding (Distill-
txtNER-lm).

Transcribed speech: The pipeline approach
is improved by using the additional transcribed
speech data to improve the ASR module (Pre-ASR).
The E2E model uses this updated ASR as an ini-
tialization in a typical transfer learning setup. Al-
ternatively, for paired speech text data, the pseudo-
labels generated from the text NER model can be
paired with audio and used for training the E2E
model, thus distilling information from a stronger
text NER model into it (Distill-txtNER).

Text NER data: In addition to improving the
pipeline and E2E models using the approaches
mentioned above, we also look for any possible
improvements in the text NER model by leverag-
ing a larger external annotated text NER corpus.
The DeBERTa base model is first fine-tuned on the
larger external corpus, and then further fine-tuned
on the in-domain labeled data. The first fine-tuning
step is expected to help avoid shortcomings in per-
formance due to the limited size of the in-domain
labeled data.

This approach is limited by the availability
of external datasets with the same annotation
scheme as the in-domain corpus. We use the
OntoNotes5.0 (Pradhan et al., 2013) corpus, whose
labeling scheme inspired that of VoxPopuli (Shon
et al., 2022). See Tab. 3 for more information on
OntoNotes5.0.

4 Experimental setup

4.1 Dataset

VoxPopuli (Wang et al., 2021a) is a large multilin-
gual speech corpus consisting of European Parlia-
ment event recordings with audio, transcripts, and
timestamps from the official Parliament website.
The English subset of the corpus has 540 hours of
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Data split # utt Duration
(hours)

# entity
phrases

fine-tune 5k 15 5820
dev 1.7k 5 1862
test 1.8k 5 2006

ext-100h 350k 101
N/A

ext-500h 177k 508
ext-NER
(ontonotes-
train)

66.6k N/A 81.8k

Table 3: Data statistics. The “ext-" prefix denotes ex-
ternal datasets. The external data doesn’t have named
entity annotations, except for OntoNotes 5.0.

spoken data with text transcripts. Shon et al. (2022)
recently published NE annotations for a 15-hour
subset of the train set and the complete standard
dev set. Test set annotations are not public, but
we obtain test set results by submitting model out-
puts following the SLUE site instructions.3 For our
experiments with external in-domain data, we use
uniformly sampled 100-hour and 500-hour subsets
of the remainder of the VoxPopuli train set. The
statistics for these splits are reported in Tab. 3. For
more information on NE tags and label distribution,
we direct the reader to the dataset and annotation
papers (Pradhan et al., 2013; Shon et al., 2022).

4.2 Baseline models

We closely follow the setup for E2E and pipeline
baselines in Shon et al. (2022).4 We use wav2vec
2.0 base (Baevski et al., 2020) and DeBERTa-
base (He et al., 2021) as the unsupervised pre-
trained models, which have 95M and 139M pa-
rameters respectively. The publicly available
wav2vec2.0 base model is pre-trained on 960 hours
of the LibriSpeech audiobooks corpus (Panayotov
et al., 2015).

For baselines that do not use pre-trained rep-
resentations, we utilize the DeepSpeech2 (DS2)
toolkit5 (Amodei et al., 2016). DS2 first converts
audio files into spectrogram features. The model
processes the spectrogram features through two
2-D convolutional layers followed by five bidirec-
tional 2048-dim LSTM layers and a softmax layer.

3https://asappresearch.github.io/slue-toolkit/how-to-
submit.html

4https://github.com/asappresearch/slue-
toolkit/blob/main/README.md

5https://github.com/SeanNaren/deepspeech.pytorch

The softmax layer outputs the probabilities for a
sequence of characters. The model has 26M pa-
rameters and is trained with SpecAugment data
augmentation (Park et al., 2019) and a character-
level CTC objective. Following Shon et al. (2022),
we train on the finer label set (18 entity tags) and
evaluate on the combined version (7 entity tags).

4.3 Utilizing external data
We use fairseq library (Ott et al., 2019) to fine-
tune wav2vec 2.0 models for the E2E NER and
ASR tasks. We fine-tune the model for 80k (160k)
updates on 100 (500) hours of pseudo-labeled data.
It takes 20 (40) hours (wall clock time) to fine-
tune on 100 (500) hours of data using 8 TITAN
RTX GPUs. We use HuggingFace’s transformers
toolkit (Wolf et al., 2020) for training the text NER
model on pseudo-labels. Detailed config files will
be provided in the public codebase.6

5 Results

5.1 Baseline models

NER
system

Pretrained model F1Speech Text

Pipeline 7 DeBERTa-B 52.4
E2E 7 7 51.8

Pipeline W2V2-B DeBERTa-B 72.0
E2E W2V2-B 7 68.1

Text NER 7 DeBERTa-B 86.0

Table 4: Dev set % f-score performance of baseline
models. All models here are trained on the 15hr fine-
tune set. The pre-trained speech and text models are
mentioned wherever used or applicable. The last three
rows are from previously established baselines (Shon
et al., 2022).

Results from all the baseline models are reported
in Tab. 4. The models here are trained on the
15hr fine-tune set. We see that self-supervised
pre-training gives a significant performance boost
over no pre-training. The text NER model (which
uses ground-truth transcripts) is far better than
the pipeline method, which is better than the E2E
model.

5.2 Leveraging external data
We report F1 scores on the dev set using different
pipeline and E2E approaches in Tables 5 and 6 re-

6https://github.com/asappresearch/spoken-ner
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Ext. data Method 100h 500h

Un-Sp SelfTrain-ASR 73.8 74.4
Un-Txt SelfTrain-txtNER 72.3 70.8
Sp-Txt Pre-ASR 75.6 77.7

Table 5: Dev set % f-score performance of the pipeline
models. Note the baseline Pipeline (72) and text NER
(86.0) performances without using any additional data
from Tab. 4.

Ext. data Method 100h 500h

Un-Sp
SelfTrain-E2E 70.6 72.1
Distill-Pipeline 76.5 77.5

Un-Txt Distill-txtNER-lm 71.0 71.7

Sp-Txt
Distill-txtNER 79.2 82.2
Pre-ASR 70.7 73.2

Table 6: Dev set % f-score performance of the E2E
models. Note the baseline E2E (68.1) and text NER
(86.0) performances without using any additional data
from Tab. 4.

spectively. Fig. 1 presents key results when using
each external data type for both E2E and pipeline
models. The key findings are:
(i) Using external data reduces the gap between
spoken NER baselines and text NER.
(ii) With access to either unlabeled speech or tran-
scribed speech, E2E models outperform pipeline
models, whereas, for the baselines, the opposite
holds.
(iii) Using unlabeled text gives the smallest boost
among the three types of external data, and the
pipeline approach performs better in that setting.

A summary of test set results is presented in
Appendix A.1. The results follow the same trend
as on the dev set.

5.2.1 External text NER data

We try to improve the text NER model by using the
OntoNotes5.0 NER corpus (Pradhan et al., 2013).
Fine-tuning DeBERTa-base on OntoNotes5.0 pro-
duces an F1 of 60% on the VoxPopuli dev set. Fine-
tuning it further on VoxPopuli gives F1 86% on the
dev set. Since we do not see any boost over the ex-
isting vanilla approach (86%, see Tab. 4), we retain
the original text NER model using only in-domain
data and do not perform further experiments using
the OntoNotes-finetuned model.

6 Discussion and analysis

The baseline results are not surprising: The limited
labeled data is not enough for the baseline E2E
approach, but the pipeline model can leverage a
strong text representation model, which gives it
an edge. Improvements to these models can be
attributed to either (i) a better speech-to-text con-
version or (ii) a better semantic understanding of
the input content. Next, we use this distinction to
understand the observed improvements from using
external data.

6.1 Improved E2E results

When using external data with the E2E model,
the best performing methods use either (a) exter-
nal unlabeled speech (Distill-Pipeline) or (b) tran-
scribed speech (Distill-txtNER). The labeling mod-
els have a stronger semantic component than the
E2E baseline in both of these scenarios because
of their strong text NER module. The same can-
not be said for the other competing approaches
for these external data categories, SelfTrain-NER
and Pre-ASR, which provide much lower improve-
ments. SelfTrain-NER distills information from the
LM into the model layers, but the n-gram LM is
much less powerful than the transformer-based text
NER module used in Distill-Pipeline. The Pre-ASR
approach has no means to improve the semantic
component in the updated model.

In the presence of unlabeled text data, the modi-
fication comes from a better 4-gram LM trained on
pseudo-labels. Note that the baseline E2E model
parameters do not change, unlike when using the
other two types of external data. This can explain
why this approach only has a small improvement
over the baseline.

6.2 Improved pipeline results

The baseline pipeline model already takes advan-
tage of the text NER module, which leaves little
room for improvement in the semantic understand-
ing component. Specifically, using unlabeled text
data to improve the text NER module (SelfTrain-
txtNER) gives a small boost of 0.4%. For compar-
ison, note that the improvement from using unla-
beled speech is 2.5% over baseline. So, the hope
with pipeline models is for the external data to
improve the speech-to-text conversion, which can
then help reduce error propagation between the
independent pipeline modules.
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6.3 Amount of external data
Almost all experiments produce a larger improve-
ment when using 500 hours of external data than
100 hours. Only SelfTrain-txtNER has a reverse
trend (see Tab. 5). The higher amount of external
data naturally increases the fraction of noisy data
that the target model is trained on, and that may
lead to a poorer model. We hypothesize that meth-
ods for balancing between the effects of manually
annotated and pseudo-labeled examples could help
tackle this issue (Park et al., 2020). However, we
leave an in-depth investigation of this phenomenon
to future work.

6.4 Error analysis
For analysis, we choose the best-performing mod-
els within each category.
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Figure 3: 100−WER (%) and NE ACC (%) values on
the dev set for the best-performing models in each cat-
egory with access to 100 hours of external data.

None Un-Sp Un-Txt Sp-Txt50
60
70
80
90

Re
ca

ll 
(%

)

71.4

60.9

74.673.9 72.7
65.8

78.578.6

87.9
Pipeline E2E Text NER

None Un-Sp Un-Txt Sp-Txt
External data type

50
60
70
80
90

Pr
ec

isi
on

 (%
)

72.7
77.2 75.1

80.3
73.6

77.7 76.7
80.6

84.2

Pipeline E2E Text NER

Figure 4: Recall and precision on the dev set for the
best-performing models in each category with access
to 100 hours of external data.

Fig. 3 presents the NE accuracy and word error
rates (WER). We strip off the tag-specific special
character tokens when evaluating WER for the E2E

NER models. Note that we report 100−WER so
that higher is better in both plots. We observe that
the ASR used in pipeline models typically performs
better than the speech-to-text conversion of E2E
models, even when the former has a poorer F1
(Fig. 1). This may lead us to hypothesize that the
E2E model recognizes NE words better while doing
worse for other words. However, this hypothesis is
not supported by the NE-ACC results (Fig. 3).

Next, we look at the breakdown of F1 into pre-
cision and recall (Fig. 4). We see that pipeline
models have worse precision, thus suggesting that
these suffer from a higher false-positive rate than
the E2E models. This explains why NE-ACC is not
predictive of F1; the former can inform us about
errors due to false negatives, but not false positives.

6.4.1 Error categories
For a more detailed understanding of model behav-
ior, we categorize the NER errors into an exhaus-
tive list of types (details in Appendix A.2). We
focus on four major categories showing noteworthy
differences between pipeline and E2E approaches.
We provide this analysis for the baselines, Distill-
Pipeline, and SelfTrain-ASR models using external
unlabeled speech data. The trends and observa-
tions presented here are consistent with the other
two external data types.

The major error categories, along with examples,
are presented in Fig. 5. We observe that:
(i) False detections are 1.5 times more common in
pipeline models than in E2E models, as expected
based on the lower precision for the former. This
happens even when the falsely detected text is not
a speech-to-text conversion error.
(ii) Over-detections are 3.5 to 4 times more com-
mon in the pipeline models even when the entity
phrase is decoded correctly.
(iii) Missed detections for the E2E Distill-Pipeline
model are drastically reduced compared to the E2E
baseline. Missed detections refer to cases where the
entity phrases are correctly transcribed but are not
labeled as named entities. The improvement here
therefore suggests that Distill-Pipeline improves
the understanding capability of the E2E model, in
addition to its speech-to-text capability. Also, note
that the pipeline model does not enjoy the same
benefit from unlabeled speech since this only in-
volves self-training (instead of knowledge distilla-
tion from a much richer model for E2E).

Overall, the pipeline models suffer dispropor-
tionately from false positives. This seems to stem
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Error category Example Category occurrence

ASR NER (see the sample below)

The entity phrase is 
correctly decoded, 

but ...

... the prediction includes additional 
surrounding terms

(QUANT, 'only thirty three’)
in predicted

... the entity phrase is not detected as 
a named entity

(QUANT, 'sixty seven’)
in GT

The predicted entity 
phrase is in the GT 
transcript, but ... ... the predicted entity phrase does 

not correspond to any GT entity (after 
accounting for partial overlaps and 

misspellings)

(LAW, 'monetary policy’)
in Predicted

The predicted entity 
phrase is not in the 

GT transcript, and ...

(ORG, 'ssn’)
in predicted

Ground-truth

Predicted

monetary policy i saw that according to the recent poll the majority of icelanders still oppose 
eu membership since sixty seven are against and only thirty three in favour of accession

[('NORP', 'icelanders'), ('PLACE', 'eu'), ('QUANT', 'sixty 
seven'), ('QUANT', 'thirty three’)]

monetary policy i saw that according to the recent poll the majority of iceland still oppose eu
membership since sixty seven are against and only thirty three in favour of ssn

[('PLACE', 'iceland'), ('PLACE', 'eu'), ('QUANT', 'only 
thirty three'), ('LAW', 'monetary'), ('ORG', 'ssn')]

Figure 5: NER error category distribution on the dev set. The category-specific error rates in the plots are normal-
ized by the total number of ground-truth (GT) entities. The examples here are artificially created from the same
ground-truth example for ease of presentation. Actual examples of these categories are presented in Appendix A.2.

from the text NER model, which has even higher
over-detection and false detection rates than the
pipeline baseline models (Fig. 5). The reasons
behind this difference between E2E and pipeline
models need further investigation.

7 Conclusion

We have explored various ways to use different
external data types that improve both pipeline
and E2E methods for spoken NER. The best-
performing model when using external data is an
E2E approach. This is one of the few results in the
literature thus far showing better performance for
E2E over pipeline methods that use state-of-the-art
modules for spoken language understanding. We
develop some insights into this difference; we no-
tice that pipeline models are adversely affected by
false positives and that leveraging external data im-
proves the semantic understanding capability of the
E2E models.

We hope that our work provides guiding prin-
ciples for researchers working on SLU tasks in
similar low-resource domains when some form of
external data is abundant. This work also leaves
some interesting research questions for future work.
For example, we see minor improvements between
100h and 500h of external data (see Tab. 5 and 6),

which suggests the question: What is the smallest
amount of external data needed to obtain signifi-
cant improvements in NER performance? Addi-
tionally, one preliminary experiment with external,
out-of-domain text NER data (OntoNotes 5.0) fails
to improve the text NER performance, suggest-
ing the challenges of dealing with out-of-domain
datasets. The scenario where we have access to
out-of-domain external data is common but chal-
lenging, and warrants further study. From the mod-
eling perspective, better fine-tuning strategies for
wav2vec2.0 in low supervision settings have been
proposed for ASR (Pasad et al., 2021); it would
be interesting to explore how these findings may
transfer to an SLU task.
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A Appendix

A.1 Results on the test set
We obtain test set results for our best-performing
models, by submitting model outputs following the
SLUE instructions.7. These results are presented
in Fig. 6. We observe similar trends as on the dev
set (see Fig. 1).
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Figure 6: Spoken NER test set results with 100 hours
of external data of different types. The “Baseline” and

“Text NER” numbers are from Shon et al. (2022).

We can see from the precision and recall scores
in Fig. 7, that our analytical conclusions about the
pipeline model performing poorly due to false pos-
itives are consistent across these two splits.
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Figure 7: Recall and precision on the test set for the
best performing models using 100 hours of external
data.

A.2 Error categories
Fig. 8 illustrates via a flowchart our process of as-
signing the tuples in ground-truth and predicted
outputs into different error categories. Tab. 7
presents examples for the four categories discussed
in Sec 6.4. These are examples from the dev set,
using the Distill-Pipeline E2E model trained on
100 hours of data.

7https://asappresearch.github.io/slue-toolkit/how-to-
submit.html
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Error category Outputs from E2E model
GT Predicted

Correct ASR,
over detection

and this means that you look
and tell us honestly what does it
mean if you start @ three years ]

later

[(‘WHEN’, ‘three years’)]

this means that you look and
tell us honestly what does it mean if

you start @ three years later ]

[(‘WHEN’, ‘three years later’)]

Correct ASR,
missed detection

the situation in the % drc ] is indeed
terrible and it has been this way for

quite a while and i am deeply
concerned about the handling of the

current issue with regard to the % kasai ]
province

[(‘PLACE’, ‘drc’), (‘PLACE’, ‘kasai’)]

the situation in the drc is indeed
terrible and it has been this way for
for quite a while and i am deeply
concerned about the handling of
the current issue with regard to

the a province

[]

Correct ASR,
false detection

and yet @ one month ] after we adopted
our compromise the council did not

put it on the agenda did not even present
it i used this time to talk to the

member states and the presidencies

[(‘WHEN’, ‘one month’)]

still @ one month ] after we voted
a compromise the ‘ council ] did

not put it on the agenda did
not even present i use this time

to talk with the member states and
the presidency

[(‘WHEN’, ‘one month’),
(‘ORG’, ‘council’)]

Incorrect ASR,
false detection

it has nothing to do with religion
but it has all to do with patriarchy

[]

it has nothing to do with religion
but it has all to do with % turkey ]

[(‘PLACE’, ‘turkey’)]

Table 7: Qualitative examples for different error categories from the output of the E2E model using 100 hours of
unlabeled speech (Distill-Pipeline).
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List of predicted entity tuples, Predicted text
List of GT entity tuples, GT text

Exact
match?

yes
1. correct1

no

Entity phrase 
matches?

yes
2. mislabel1

noEntity phrase 
matches 

partially?2

noEntity phrase is 
misspelled?3

yes

Cond. 
A?

yes 3. correct s2t, over-detect, correct tag1

no

yes Cond. 
C?

yes 5. incorrect s2t, over-detect, correct tag1
Cond. 

C?

4. correct s2t, over-detect, incorrect tag1no

6. incorrect s2t, over-detect, incorrect tag1no

yes

Cond. 
C?

yes7. misspelling, 
correct tag1

8. misspelling, incorrect tag1

no

no

GT tuple 
unaccounted?

yes

Cond. 
B?

Pred tuple 
unaccounted?

yes

END

no

no

END

Cond. 
A?

no

yes

yes

no

10. correct s2t, missed-detect

9. incorrect s2t, missed-detect

11. correct s2t, false-detect

12. incorrect s2t, false-detect

1: Remove corresponding tuples from the 
GT and predicted lists
2: Evaluated based on word overlap
between the two phrases, after filtering out
function words
3: Checked using a threshold on the 
character edit distance between GT and 
predicted phrase. For a particular pair to 
classify as misspelling, edit distance should 
be less than 0.4.

Condition A: GT entity phrase correctly 
decoded?
Condition B: Predicted entity phrase 
correctly decoded?
Condition C: Does the predicted tag match?

s2t : speech-to-text conversion

Figure 8: Illustration of algorithm for obtaining error category types for each (entity phrase, entity tag) tuple in
ground-truth and predicted outputs.
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Abstract
Current approaches for controlling dialogue
response generation are primarily focused on
high-level attributes like style, sentiment, or
topic. In this work, we focus on constrained
long-term dialogue generation, which involves
more fine-grained control and requires a given
set of control words to appear in generated re-
sponses. This setting requires a model to not
only consider the generation of these control
words in the immediate context, but also pro-
duce utterances that will encourage the genera-
tion of the words at some time in the (possibly
distant) future. We define the problem of con-
strained long-term control for dialogue genera-
tion, identify gaps in current methods for eval-
uation, and propose new metrics that better
measure long-term control. We also propose a
retrieval-augmented method that improves per-
formance of long-term controlled generation
via logit modification techniques. We show
through experiments on three task-oriented di-
alogue datasets that our metrics better assess
dialogue control relative to current alternatives
and that our method outperforms state-of-the-
art constrained generation baselines. 1

1 Introduction

Despite recent advances in dialogue systems (Ser-
ban et al., 2016; Ham et al., 2020), controlling di-
alogue generation remains a significant challenge.
Response generation in dialogue can be controlled
towards different topics and styles (Madotto et al.,
2020) or towards a set of hard constraints (i.e., lex-
ical control words need to appear in the generated
text) (Sha, 2020). We focus on the hard constraint
setting, also known as constrained generation, as
this provides a more fine-grained method of con-
trolling dialogues.

For example, consider a customer service use
case (Figure 1), in which an agent speaks to a

1Our code is available at https://github.com/a
sappresearch/constrained-dialogue-genera
tion

Figure 1: Examples of short vs. long-term control for
dialogue generation. (Left) In short-term control, many
control words are generated initially, but the conversa-
tion is led away from the desired future. (Right) In
long-term control, responses are generated with the fu-
ture in mind with words generated at natural points in
the conversation.

customer about an issue. The goal is to gener-
ate a given set of control words in the responses
of one of the speakers (agent or customer). Naive
constrained generation approaches (Pascual et al.,
2020; Miao et al., 2019) use methods like beam
search and stochastic search to force the genera-
tion of these control words for short-term control,
where control words need to appear in a single ut-
terance or phrase. Because they do not consider the
future, these approaches may generate the words
all at once in a single response or not generate them
at natural places in the conversation (Figure 1, left).

The above example highlights the challenges
of applying existing constrained generation meth-
ods to long-term dialogue generation. First, since
another speaker is involved in the dialogue, the
model does not have full control of the generated
text. Instead, the model can only control the dia-
logue indirectly. Second, dialogues can be long and
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thus, controlling utterances several time steps into
the future is non-trivial. In this work, we propose
the problem of long-term dialogue control, where
the goal is to generate a set of control words over
many utterances in a dialogue, which requires ap-
propriately timing the generation of control words
(Figure 1, right). To the best of our knowledge, we
are the first work to constrain long-term dialogue
generation through lexical control words.

We begin by highlighting challenges with evalua-
tion for this problem. Successful long-term control
of dialogue can be difficult to measure. We de-
scribe current evaluation metrics for constrained
text generation and show that these metrics can be
gamed by generating all or many control words
early in the conversation. To resolve this and mea-
sure how natural the control is, we propose a new
set of metrics: long-term success rate, which mea-
sures the percentage of control words in simulated
roll-outs of the conversation, and precision, recall,
and F1-score, which compare control words in gen-
erated responses to those in reference responses
from a historical dataset. The second set of met-
rics specifically help to capture whether the control
words are generated at the right time.

Next, we propose a novel method to explicitly
address long-term control. Prior methods are un-
able to handle this task as the number of possible
future sequences is exponential. To alleviate this is-
sue, we retrieve similar conversations from training
and condition on them during generation. We first
identify similar neighbors using a kNN-based ap-
proach and then guide the language model towards
generating similar responses, inspired by plug-and-
play methods (Madotto et al., 2021; Dathathri et al.,
2019; Pascual et al., 2020). The motivation for this
is that retrieved conversations guide the model to
generate the control words at more natural points
in the conversation.

We conduct experiments on multiple task-
oriented dialogue datasets and show that our
method outperforms several constrained text gen-
eration baselines on automated evaluation metrics
as well as human evaluation. Specifically, we are
able to generate 30-40% more control words on
long-term success rate compared with baselines,
while preserving fluency (scores of ≥ 4.3 out of 5),
as measured by human evaluation.

2 Related work

Controllable text generation. Prior work has
developed many methods for controllable text gen-
eration. These approaches can be categorized into
three general areas. The first is altering decoding
strategies (Grover et al., 2019; Deng et al., 2020),
in which the sampling distribution can be modified
(Ghazvininejad et al., 2017; Baheti et al., 2018)
or hidden states in the models can be changed
(Gu et al., 2017). The second area involves in-
cluding prompts to guide text generation (Ribeiro
et al., 2018; Jiang et al., 2020; Li and Liang, 2021),
for example through universal trigger tokens (Wal-
lace et al., 2019; Shin et al., 2020). Finally, fine-
tuning can be used to guide language model outputs
through the use of a latent variable (Fan et al., 2018;
Peng et al., 2018) or through CTRL codes (Keskar
et al., 2019). Our work differs from the broad area
of controllable language generation in that 1) we re-
quire more fine-grained generation through lexical
control words and 2) we focus on dialogue settings
where another speaker can also change the course
of the conversation.

Constrained text generation. The key differ-
ence between constrained text generation and con-
trollable text generation is the focus on hard rather
than soft constraints. Typically, there are two gen-
eral methods for constrained generation: beam
search (Hokamp and Liu, 2017; Post and Vilar,
2018; Pascual et al., 2020) and stochastic search
(Miao et al., 2019; Sha, 2020). Directed Beam
Search (DBS) (Pascual et al., 2020), modifies lan-
guage model logits to encourage generation of a
specified set of “guide words", or control words.
A method based on stochastic search (Miao et al.,
2019) uses Metropolis-Hastings with the constraint
of keyword inclusion. These approaches do not ap-
ply to the dialogue setting where these constraints
need to hold for many utterances into the future.

Dialogue response generation. While many
works develop methods for unconstrained response
generation (Budzianowski and Vulić, 2019; Peng
et al., 2020; Cao et al., 2020; Hosseini-Asl et al.,
2020; Yavuz et al., 2019), there is a subset of work
more related to our problem focused on control-
ling response generation. In one work, transformer
models are fine-tuned for dialogue through modifi-
cations of the inputs, for example by adding infor-
mation about the user’s persona (Wolf et al., 2019).
The work of Lippe et al. (2020) generates utter-
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ances by paraphrasing templated responses. Sev-
eral works control generation through exemplar-
guided methods (Cai et al., 2020; Gupta et al.,
2020), which is a different setting from ours since
we want to guide generation based on a set of con-
trol words rather than through a prototype. One
work (Xu et al., 2019) controls response generation
through meta-words that include desired attributes
of the response (e.g., response length and speci-
ficity). Another work controls response generation
through control words by adding inductive biases
into training to guide generation (Wu et al., 2020).
However, this work only controls generation for
a single response, rather than controlling several
utterances into the future. The closest work to ours
is work by (Tang et al., 2019), which proposes a
similar problem of long-term control towards a tar-
get subject. While the setup is similar, we learn
to constrain dialogue responses given a set of con-
trol words rather than a target attribute, which also
results in a different approach.

Retrieval-augmented generation. Another re-
lated area is retrieval-augmented language genera-
tion, which inspires our approach of using retrieval
to control dialogue generation. REALM (Guu et al.,
2020) uses a latent knowledge retriever to identify
relevant documents and backpropagates through
this retrieval step. In another work (Fan et al.,
2020), relevant information is retrieved from an ex-
ternal knowledge base to guide dialogue generation.
Several works by Khandelwal et al leverage nearest
neighbor approaches to improve performance with
no additional training (Khandelwal et al., 2019,
2020). While these works condition on retrieval for
uncontrolled generation, we leverage ideas from
this space specifically for control in dialogue.

3 Problem definition

We first define the problem of long-term con-
strained dialogue generation. A conversation X =
{s1, u1, s2, u2, ..., sT , uT } is defined as a list of ut-
terances generated by two speakers: the system
s that we are trying to control and the user u,
which we don’t have explicit control over. T de-
notes the total number of turns in the conversation.
Given the current dialogue context of a conversa-
tion x = {s1, u1, ..., st, ut} up until timestep t and
a set of control wordsW = {w1, w2, ..., wM}, our
goal is to generate the remaining responses of the
conversation Rt+1:T = {st+1, ..., sT } such that
the control wordsW appear in the future generated

responses. We consider a scenario in which some-
one provides a set of control words to be included
in the conversation without assumptions on their
order. This means methods need to handle control
words given in any order.

We additionally assume access to a historical
dataset of conversations D = {x(i)}, i ∈ [1, ..., N ]
and a fine-tuned language model M on this dataset.
We can leverage these inputs in order to control
future responses Rt+1:T . We focus on the plug-
and-play setting (Pascual et al., 2020), in which
approaches simply guide the given language model
M towards generating the control words without
any additional re-training.

4 Proposed metrics for evaluation

Directly evaluating the generated responses in
terms of prior evaluation methods can lead to mis-
leading results. Previous works on constrained text
generation (Pascual et al., 2020) have used metrics
like perplexity to measure fluency and success rate
to measure the percentage of control words gen-
erated. However, these metrics are more relevant
for short-term generation, as they can be gamed
in settings where the control words would be nat-
urally distributed across the full conversation. As
shown in the left-hand side of Figure 1, when sev-
eral words are forced into the first response, the
conversation may move away from the desired fu-
ture and control word generation could be inap-
propriately timed. To better evaluate how well the
model generates the right words at the right time,
we propose the following new metrics.

The first metric we propose is long-term suc-
cess rate, which involves simulating conversations
with a user language model and computing the per-
centage of generated control words in the system
responses of these simulated roll-outs. Prior work
(Ghandeharioun et al., 2019) has used self-play for
evaluation, but they do not propose roll-outs as a
way to measure dialogue control.

Long-term success rate: Our modified success
rate metric is computed as the fraction of control
words generated in a full simulated roll-out of the
conversation. We compute this as: s = nw

|W| , where
nw is the number of control words that appear in
all of the future system responsesRt+1:T .

One limitation of long-term success rate is that it
doesn’t measure the timing of control words in the
conversation. So next, we want to evaluate whether
the methods generate control words at appropriate
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Figure 2: Visualization of FOP-retrieval. First, each conversation in the historical dataset D is split into many
past-future conversation pairs. The current context x and the pasts are encoded using language model M . We
use kNN search to identify pasts similar to context x and then select a desired future with the highest number of
control words. The output is the first response in the selected future s̃t+1.

points in the conversation. To measure this, we
propose computing precision, recall, and F1-score
for control words. This particular evaluation is
not done in simulation. Instead, we consider each
true system response in the evaluation dataset in
isolation and generate a response for each, given
the conversation history up until that point. We
compute the number of generated control words
that are correctly predicted, when compared with
the control words in the ground truth response in
the same time step.

For example, on the right side of Figure 1, when
generating the second customer response (given
the true conversation history up until then), we
would count a “correct" prediction for P/R/F1 as
a response that includes the word “shirt" (in any
position in the response), as it is a control word
that appears in the ground truth response in that
time step. It is true that control words can also
appear later in the conversation, but this setting
is already evaluated by long-term success rate in
simulated rollouts. After counting the number of
correctly predicted control words for each response
individually, we aggregate across all responses.

Precision: Precision is calculated at the corpus-
level as the number of correctly predicted control
words over the total number of predicted control
words (p = |correct|

|predicted| ).

Recall: Recall is similarly computed at the
corpus-level as the number of correctly predicted
control words over the total number of actual con-
trol words (r = |correct|

|actual| ).

F1-score: Finally, F1-score combines precision
and recall into one metric (f1 = (2∗p∗r)

(p+r) ).

These metrics penalize models that condense
all control words into one response. Instead, we
want the models to naturally generate control words
when they are relevant. These metrics evaluate
whether control words are generated at the appro-
priate position in a conversation. To introduce
some flexibility, an extension could be to compute
a soft version of precision, recall, and F1-score that
scores utterances based on whether control words
appear within N utterances of the ground truth po-
sition.

Finally, we use human evaluation to evaluate
how realistic and relevant the generated responses
are. Specifically, we evaluate each conversation
on fluency, consistency of control word generation,
relevance, coherence, and diversity.

5 Retrieval-based Control

We now present our proposed approach for con-
strained dialogue generation. Inspired by work in
retrieval-augmented generation (Guu et al., 2020;
Fan et al., 2020), we retrieve similar pasts based on
the current context x and use their futures to con-
trol dialogue response generation. The key insight
here is that by looking at how people have used
these control words in similar conversations in the
past, we can bias the models towards more natural
dialogues. In other words, we use futures of the
past conversations to guide the current response
generation. To better motivate the use of retrieval
in our problem, consider the example conversation
in Figure 1. The agent asks which item the cus-
tomer wants to return, and there are many possible
answers (e.g., “I want my pant refunded.", “I want
to return gloves I bought yesterday."). Keyword-
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Figure 3: Visualization of FOP-guided. Language model logits are first modified using a window-based approach.
All words (and similar words based on GloVe vector similarity) within the window are upweighted with a weight
decay. Once any word in the window is generated, the window shifts until the full response is generated. After N
generations, a re-ranking step selects the response with the highest number of control words and lowest loss.

based retrieval will surface a response about shirts,
a control word, which encourages the model to gen-
erate a natural response with that word: “It’s a Nike
shirt I bought a week ago."

We present two variants of our retrieval-inspired
Futures of the Past (FOP) approach: 1) FOP-
retrieval: we retrieve the desired future from histor-
ical data and simply use the retrieved utterance as
the generated response and 2) FOP-guided: we use
the utterance from FOP-retrieval as a reference sen-
tence to guide the model towards similar responses.

The simple variant of our approach, FOP-
retrieval, is shown in Figure 2. It focuses on identi-
fying what the model should say now that will lead
to the control words in the future. The reason we
need to determine what to say now is that control
words in our problem are distributed across a long
dialogue conversation. One possible approach to
generate the current response is to run many roll-
outs of the conversation and select the response that
leads to the highest number of control words. How-
ever, this brute force approach is computationally
expensive and will not be effective for rich, diverse
conversations. Instead, we leverage historical con-
versation data to identify the most relevant futures
given the current context and control words. The
retrieved futures can guide the model towards what
to say now that will lead to the desired future. The
guided variant, shown in Figure 3, involves guiding
the language model towards generating a response
similar to the retrieved utterance.

Our proposed approaches address some of the
challenges of long-term control for dialogue gener-
ation. First, another speaker can change the course
of the conversation, which is why we retrieve a
new set of similar past contexts at each time step
to re-align with the current context. Second, to
control responses many steps into the future, we

retrieve historical conversations with the desired
future (high percentage of control words) and gen-
tly nudge the conversation in that direction, thus
controlling not only the current utterance but also
the future of the conversation.

5.1 Retrieval Futures of the Past
(FOP-retrieval)

For the retrieval component, the goal is to select
futures that have relevant past contexts as well as
desired futures based on the control words. To
do this, we employ a multi-step approach. First,
we split each conversation x(i) in the historical
dataset D into a set of past-future conversation
pairs x(i) = {(p, f)(i,j)}. We encode the current
contextM(x) and each past conversationM(p(i,j))
using the language model M . Then, we use kNN
search based on FAISS, a library for fast nearest
neighbor retrieval (Johnson et al., 2019), to identify
k similar pasts from the historical data that closely
match the current context x. We then filter the
futures of these past conversations based on which
have the highest percentage of control words.

KNNx = faiss(M(x),M(p(i,j)), k)

f∗ = argmax([count(f (i,j),W)]f (i,j)∈KNNx)

s̃t+1 = f∗[0], f∗ = {s1, u1, ..., sT , uT }

In the above equations, the count function counts
the number of control wordsW in the future f (i,j).
The reference response s̃t+1 is simply the first ut-
terance of the retrieved future.

5.2 Guided Futures of the Past (FOP-guided)

Now that we have a candidate reference response
s̃t+1, we can guide the language model towards
generating a similar response. To do this, we mod-
ify the logits from the language model to encourage
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generation of the control words or similar words.
We start with the first word w0 in s̃t+1 and up-
weight logits in a way similar to DBS (Pascual
et al., 2020) using similarity of GloVe vector em-
beddings:

l′i = li + λ · min(0, cos(γ(ti), γ(wj)))2,
where γ represents GloVe embeddings, ti is the
ith token of the language model’s vocabulary V ,
wj is the current reference word, and λ is a hyper-
parameter specifying how much weight to put on
generating words similar to wj .

With this approach, we observed that sometimes
the model got stuck on the first word and never
moved on to later words. To enable more flexible
control, instead of requiring every word to be gener-
ated before moving on to the next word, we include
a window of size q and increase the logits of each
word in the window, with a decay multiplier of 1

2i
,

i ∈ q. If any of the words in the window have been
generated, the window is shifted beginning from
the generated word with the same window size of
q. The process repeats until the full response has
been generated.

The decay multiplier is used to encourage the
model to generate earlier words in the reference re-
sponse and not skip words unless it’s highly likely.
We generate N such responses using this method
and include an additional ranking step to select
the best one. We first sort by the number of con-
trol words in the generated response. If multiple
responses generate the highest number of control
words, we sort by the loss from the model and
select the response with the lowest loss l:

R̃t+1 = {M j(l′)|j ∈ [1, ..., N ]}
s∗ = max([count(r,W)]r∈R̃t+1

)

R̂t+1 = {r|count(r,W) = s∗, r ∈ R̃t+1}
rt+1 = argmin([loss(r)]r∈R̂t+1

),

where R̃t+1 is the set of N generated responses,
using a model with logits l′. The final generated
response rt+1 is selected based on the two-step
ranking process. None of the other approaches
include this ranking component.

6 Experimental setup

6.1 Task-Oriented Dialogue Datasets
Our problem and approach are applicable to any
general dialogue control setting. In our experi-
ments, we controlled the customer in task-oriented

dialogue. This is useful for constructing a customer
bot that imitates real-life customers. By controlling
the customer simulator (for example through con-
trol words), we can develop a training environment
for coaching customer service agents in a variety of
diverse situations. For all datasets, we select con-
trol words from the utterances of the customer by
selecting the top M ranked words based on tf-idf.
For some real-world applications, control words
can also be manually selected by a designer.

MultiWoz 2.3: The first dataset we evaluate on
is MultiWoz 2.3 (Han et al., 2020), which is widely
used in the dialogue community. The dataset has
over 10K dialogues and 5 domains.

TaskMaster-3: The second is another commonly
used task-oriented dialogue dataset TaskMaster-
3 (Byrne et al., 2019). This dataset has 23,757
dialogues in the movie ticketing domain.

Action-Based Conversations Dataset (ABCD):
The final dataset (Chen et al., 2021) includes a set
of agent-customer conversations focused on solv-
ing customer problems. The dataset contains over
10k dialogues and is also focused on one domain.

6.2 Baselines
Wfirst: The first baseline is a naive approach that
outputs all control words in the first response of the
conversation and nothing afterwards, which means
words are not appropriately timed.

Fine-tuned: This approach simply generates re-
sponses using the fine-tuned language model M .

Prompt: This method is based on prompting ap-
proaches (Li and Liang, 2021; Ribeiro et al., 2018;
Jiang et al., 2020; Madotto et al., 2021). Because
we focus on the plug-and-play setting, we simply
append control words to the beginning of the con-
text and generate using this modified input.

Directed Beam Search (DBS): This is a con-
strained text generation approach (Pascual et al.,
2020), in which keywords are generated using logit
modification and beam search. It is not optimized
for long-term control and is highly dependent on
the ordering of control words.

Constrained Sentence Generation by
Metropolis-Hastings Sampling (CGMH):
This method (Miao et al., 2019) is based on
stochastic search methods that insert, delete, and
replace words in a sentence with the requirement
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Methods LT- f1- Human Overall
SR score eval average

Prompt 0.23 0.34 0.87 0.48
DBS 0.42 0.28 0.72 0.47

CGMH 0.90 0.17 0.3 0.46

FOP-retrieval 0.82 0.39 0.82 0.68
FOP-guided 0.74 0.41 0.81 0.67

Table 1: Summary table of results, including long-
term success rate (LT-SR) from Figure 4 averaged over
datasets for 9 control words, F1-score from the overall
F1 column of Table 2 that averages F1 over datasets,
and human eval from Table 3 averaged over all metrics
and divided by 5 to get a number between 0 and 1.

that control words need to be present. It is neither
optimized for long-term generation of control
words nor forward generation and is particularly
susceptible to aggressively generating all control
words in a single response. It was also originally
applied to the task of keyword-to-phrase genera-
tion so we adapted it to dialogue generation by
prompting the language model with the dialogue
context and also replaced a bidirectional RNN
model with our transformer-based model.

7 Results

7.1 Aggregated Results
We begin by presenting a top-level overview of our
main baselines and methods because each evalu-
ation metric captures a different aspect of perfor-
mance. Table 1 includes averaged scores across
tasks, parameters, and/or metrics for the main re-
sults in Tables 2 and 3 and Figure 4. These include
results of our two proposed automatic metrics of
long-term success rate and control word F1-score
(Section 4) as well as human-evaluated quality
metrics (Section 7.4). In subsequent sections, we
will examine each of these results more closely.

The key insight in these aggregated results is
that while FOP-based methods are not always the
best-performing system for each metric, they are
consistently the most reliable. Specifically, CGMH
has high success rate, but lowest F1 and human
scores. Prompt, on the other hand has the highest
human evaluation scores but the worst success rate.
This is not too surprising. It is, after all, an unmod-
ified language model, so it should be fluent and on
topic when viewed by a human. However, given
its extremely low success rate, it is not viable for
long-form controlled generation. In contrast, FOP-
based methods are either the top 1 or 2 performing

Figure 4: Long-term success rate computed on simu-
lated roll-outs for MultiWoz, TaskMaster, and ABCD.
Details on hyperparameters are in Appendix A.3.

system across all summary statistics.

7.2 Long-term Success Rate

The first analysis involves comparing all methods
on long-term success rate, which measures the per-
centage of control words in generated simulated
roll-outs. To do this, we train a separate user model
with the training dataset. We perform a roll-out per
test example with 10 generated system responses
and 10 generated user responses and compute the
percentage of control words in the generated sys-
tem responses. When counting the number of gen-
erated words, we compare word stems.

Figure 4 shows the performance of all ap-
proaches when varying the number of control
words. Both of our approach variants (FOP-
retrieval and FOP-guided) have higher success rates
than Prompt and DBS. Prompt is the method with
the lowest performance because including the con-
trol words at the beginning without any re-training
doesn’t provide the model with sufficient informa-
tion to generate the control words. DBS does well
when there is only a few control words but strug-
gles as the number of control words increases. This
is because DBS is not able to filter out words that
are irrelevant at the current time step and instead
simply tries to generate the words one by one. This
method is also unable to handle words when not in
the exact order it should appear.

FOP-retrieval, in some cases, has higher per-
formance than FOP-guided because it will get all
keywords in the retrieved response correct. FOP-
guided can choose to ignore these keywords if
the LM overrides it. So, we would expect FOP-
retrieval to do better on this metric, compared to
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Methods MultiWoz 2.3 TaskMaster-3 ABCD Overall
p r f1 p r f1 p r f1 avg(f1)

Wfirst 0.25 0.18 0.21 0.22 0.19 0.2 0.29 0.24 0.27 0.23
Fine-tuned 0.64 0.23 0.34 0.82 0.34 0.48 0.68 0.13 0.22 0.35

Prompt 0.45 0.18 0.25 0.81 0.36 0.49 0.69 0.18 0.29 0.34
DBS 0.4 0.2 0.27 0.43 0.27 0.33 0.39 0.17 0.24 0.28

CGMH 0.27 0.18 0.21 0.17 0.03 0.05 0.27 0.22 0.24 0.17

FOP-retrieval 0.38 0.18 0.25 0.68 0.38 0.49 0.65 0.33 0.44 0.39
FOP-guided 0.36 0.18 0.24 0.62 0.48 0.54 0.6 0.36 0.45 0.41

Table 2: Precision, recall, and F1-score for all methods on Multiwoz, TaskMaster, and ABCD. These metrics
capture whether the approaches generate control words at the right time by using the control words in the ground
truth response as a proxy. The last column is the macro f1-score average across all datasets.

Methods FL CC RL CO DV

DBS 4.60* 3.65† 3.80 2.90 3.10†

CGMH 1.70† 1.24† 1.52† 1.12† 1.82†

FOP-retrieval 4.81 4.77 3.63 2.82 4.35
FOP-guided 4.36† 4.53* 3.77 3.12 4.47

Prompt 4.87 4.98 4.30 4.22 3.42
True 4.88 4.90 4.83 4.92 4.80

Table 3: Human evaluation of simulated roll-outs. FL:
fluency; CC: control-consistency; RL: relevance; CO:
Coherence; DV: diversity. * and † indicate significant
differences from the best result in that column (bolded,
excluding True and Prompt) with p-value < 0.05 and
< 0.001 respectively, using Welch’s t-test. Annotators
rated fluency, control-consistency, and relevance per re-
sponse, while coherence and diversity were annotated
per conversation. All metrics are on a scale of 1 to 5.

FOP-guided. We also include an ablation experi-
ment in Appendix A.1.1 to analyze the effect of re-
moving the sliding window in FOP-guided. CGMH
seems to do well on long-term success rate, but
human evaluation (Section 7.4) results reveal that
the generated responses are not very fluent. This
method is one that can game previous evaluation
metrics, as it tends to condense many or all control
words into one utterance. Thus, these approaches
are better evaluated through the next set of metrics:
precision, recall, and F1-score.

7.3 Control Word P/R/F1

We now measure how well the approaches generate
control words at the right time using precision, re-
call, and F1-score. Table 2 compares these metrics
on all datasets. We see that, on average across all
datasets, FOP-guided gets higher F1-scores com-
pared with baseline methods. This is because by re-
trieving similar futures, we are able to guide the lan-
guage model towards generating control words at

appropriate points in the conversation. FOP-guided
does worse on MultiWoz because the dataset con-
tains more domains and has much more variety in
the conversations. This diversity makes it hard for
retrieval-based methods to successfully find similar
conversations to guide generation.

The naive approach Wfirst gets low recall and
precision since it only outputs the control words at
the first utterance. Similar to Wfirst, CGMH gets
low F1-scores because it generates many control
words early in the conversation rather than at a
natural time. DBS also does not do well on these
evaluation metrics as it is highly affected by the
order of control words, while our method is able
to retrieve similar futures to generate appropriate
words at the current time step. Finally, Prompt
does well on precision but not on recall as it’s not
explicitly guided to generate the control words.

7.4 Human Evaluation

Finally, we rate all methods on human evaluation.
We follow recent work on good evaluation practices
for text generation approaches (Karpinska et al.,
2021). Further details are in Appendix A.4.
Fluency: Is the response fluent and grammatical?
Control consistency: When control words appear
in the response, are they appropriately used?
Relevance: Is the response a natural reply to the
previous utterance in the conversation?
Coherence: Are all of the system responses in the
conversation coherent with respect to each other?
Diversity: Is there diversity in the system re-
sponses of the conversation?

Two raters annotated each example, and agree-
ment was measured using Krippendorff’s alpha for
each of the 5 metrics (0.84, 0.74, 0.82, 0.76, 0.67).
We present results in Table 3 for all five approaches
as well as for the ground truth conversation. We
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focus on comparisons between DBS, CGMH, and
the FOP methods, as these were the methods that
performed comparably on control metrics (at least
40% on long-term success rate) and thus are rea-
sonable baselines for long-term control.

CGMH consistently gets low scores across all
metrics. Compared to DBS, FOP-guided performs
similarly on fluency, relevance, and coherence but
much better on control-consistency and diversity,
which could be because retrieval helps decide nat-
urally what to say throughout the conversation.
FOP-guided is at least as good as FOP-retrieval
on relevance, coherence, and diversity, while only
slightly worse on fluency and control-consistency.
This is because FOP-guided uses the context and
retrieved sentence to generate a response, while
FOP-retrieval selects an already fluent historical
response. Overall, human evaluation results high-
light that both of our proposed methods generate
realistic, coherent text, while also generating a high
percentage of control words.

8 Conclusion

In this paper, we propose the problem of con-
strained dialogue generation, which involves con-
trolling dialogue responses such that a set of con-
trol words appear at some point in the future of
the conversation. We propose a new set of metrics
as well as a novel method that leverages retrieval
of relevant conversations to control future gener-
ated responses. We show on three datasets that our
method outperforms several constrained text gen-
eration baselines on quantitative metrics as well as
human evaluation. As far as we are aware, this is
the first work to address the problem of long-term
control for dialogue generation.
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A Appendix

A.1 Additional results

A.1.1 Ablation of window in FOP-guided

We ran ablation experiments comparing FOP-
guided with a version without the sliding window.
Table 4 includes the results for all of the baselines
on the most difficult setting for ABCD (9 control
words).

Methods Long-term
success rate

Prompt 0.15
DBS 0.38

CGMH 0.91

FOP-retrieval 0.72
FOP-guided 0.69

FOP-guided (no-window) 0.56

Table 4: Ablation experiment for the most difficult set-
ting in ABCD (9 control words). FOP-guided without
a sliding window performs worse on long-term success
rate.

Our approach FOP-guided gets more than 10%
more control words in simulated rollouts, compared
with FOP-guided without the window approach,
which highlights the usefulness of the sliding win-
dow component. We also compare the two FOP-
guided variants when varying the number of con-
trol words and see that FOP-guided consistently
performs better (Figure 5).

Figure 5: Long-term success rate on ABCD, compar-
ing FOP-guided and FOP-guided without a sliding win-
dow.

A.2 Example simulations on ABCD

In Tables 5, 6, 7, 8, and 9, we show some example
simulations on the ABCD dataset using a trained
agent model for each of the methods.

A.3 Experiment details
We did a hyperparameter search over the following
lambda values {0, 5, 10, 15, 20, 25} for all datasets.
On both ABCD and MultiWoz, the best hyperpa-
rameter for FOP-guided was λ = 15 and for DBS,
it was λ = 20. For TaskMaster, the best hyper-
parameter for FOP-guided was λ = 10 and for
DBS, it was λ = 15. CGMH was run with the
recommended hyperparameters from the authors.

For all datasets, we used the number of candidate
generations for FOP-guided as N = 10 and the
window size for logit modification as q = 4. The
number of examples used for multiple splits of
each dataset is as follows: For the ABCD dataset,
we used 8034 conversations for training and 1004
conversations each for dev and test splits. In the
Multiwoz dataset, we used 8438, 1000, 1000 as
train, dev and test splits respectively. Finally, for
the Taskmaster-3 dataset, we used 16629, 3564,
3564 as train, dev and test datasets respectively.

We used the GPT2-medium model from the
hugging-face repository as the pre-trained language
model for all of our experiments. This model con-
tains 345M parameters.

For all our experiments, we used a p3.2xlarge
EC2 instance. This instance has one GPU with
16GB capacity and 61GB of RAM. Out of all of
our experiments, simulated long-term success rate
experiments took the most amount of GPU hours to
run. Altogether it took somewhere between 24-36
GPU hours to complete all the experiments.

A.4 Human evaluation setting details
We recruited four trained annotators to evaluate
generated conversations on the following five met-
rics, each on a scale of 1 to 5. We split up the
examples across the four annotators such that each
example was judged by two annotators. We in-
cluded the ground truth conversation as an addi-
tional baseline to act as an upper bound. To ensure
the ratings would be high-quality, we provided a
rubric, included below, for each metric with exam-
ples for different ratings, did an initial pilot for a
few sample conversations, and provided a reference
sheet to help calibrate the ratings across annotators.

A.4.1 Rubric
Evaluate generated conversations on a few metrics,
each on a scale of 1 to 5:

[utterance-level] Fluency: Is this response flu-
ent and grammatical?
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• 1: Generated responses do not make any sense,
English-wise and grammar-wise, which could
include misspelled words, no transition words,
limited punctuation, skipped words, etc (e.g.,
“the figh help order”)

• 3: Generated responses have some good En-
glish so you can make out what is being said
but it’s not well-formed sentences (e.g., “will
you help order”)

• 5: Generated responses have perfect English
and perfect grammar. Customers can use
lower-case text as less-formal style so first-
letter capitalization is not necessary (e.g., “can
you help me refund my order?”)

[utterance-level] Relevance: Is this response a
natural reply to the previous utterance in the
conversation?

• 1: The generated response is not at all relevant
to the conversation context/history (e.g., when
asked for account id: “I can’t get my promo
code”)

• 3: The generated response is somewhat rel-
evant to the conversation context/history but
not the best fit (e.g., when asked for account
id: “No”)

• 5: The generated response is perfectly rele-
vant and a great response to the conversation
context/history (e.g., when asked for account
id: “Account ID: 3425435”)

[utterance-level] Control-consistency: If con-
trol words appear in this response, are they ap-
propriately used?

• 1: When used, the control words (which are
uppercased) make no sense in the generated
responses. They are fully forced into the re-
sponses (e.g., “TODAY account id: 435650”)

• 3: When used, the control words (which are
uppercased) make some sense in the gener-
ated responses but are not super smooth (e.g.,
“I need help with my order, can you help TO-
DAY?“)

• 5: When used, the control words (which are
uppercased) are perfectly and naturally used
in the generated responses (e.g., “TODAY, I
want to buy a shirt. Can you help me?”)

[conversation-level] Diversity: Is there diver-
sity in the customer responses of the conversa-
tion?

• 1: Almost all of the responses are repetitive
and have no diversity (e.g., “ok” “ok” “ok”
“thanks”)

• 3: Some of the generated responses provide
diversity while many do not (e.g., “I want to
buy a shirt” “can you help me with this?” “ok”
“thanks”)

• 5: All of the generated responses are diverse
and provide a variety of interesting words
through the conversation. The customer can
still say ok and thanks but it shouldn’t happen
all the time and has to be appropriate for that
point in the conversation (e.g., “I want to buy
a shirt” “can you help me with this?” “ok sure”
“thank you very much for your help!”)

[conversation-level] Coherence: Are all of the
customer responses in the conversation coher-
ent with respect to each other?

• 1: All of the responses have very little rela-
tion when seen together (e.g., “I want to buy
a shirt”, “can you help me with my promo
code”, “my subscription expired”)

• 3: Some of the generated responses in a con-
versation make sense together and some don’t
(e.g., “I want to buy a shirt” “I have a promo
code for buying this shirt” “my subscription
expired”)

• 5: All generated responses make complete
sense together (e.g., “I want to buy a shirt”,
“I have a promo code for buying this shirt”,
“thank you for helping me with this pur-
chase!”)
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FOP-guided

Control words to generate: valid credit make minute try card purchase trying worked

Speaker Utterance

AGENT Hello, thank you for contacting AcmeCorp, how may I help you today?
CUSTOMER Hi I was trying to make a purchase but for some reason my credit card keeps

getting rejected
AGENT I would happy to help.
CUSTOMER I got an email from you guys about a great sale and it listed this code and it said

it was invalid
AGENT Lets try a few things. First can you check the expiration date on your card.
CUSTOMER No its valid thats why I am confused.
AGENT Can you try to re-enter the card information one more time?
CUSTOMER Ok just a minute please
AGENT Alright, let me know if that helps.
CUSTOMER Ok I did its s ordering right now. That worked and it says it is correct.
AGENT Great, is there anything else I can help you with today? Is there anything else?
CUSTOMER That is all I needed thanks
AGENT Your welcome. Thank you for contacting us. Have a great day.
CUSTOMER you too

Table 5: Example simulation on the ABCD dataset using the FOP-guided method

FOP-retrieval

Control words to generate: valid credit make minute try card purchase trying worked

Speaker Utterance

AGENT Hello, thank you for contacting AcmeCorp, how may I help you today?
CUSTOMER Hi! I was trying to make a purchase but for some reason my credit card

keeps getting rejected
AGENT I would happy to help. Lets see if we can troubleshoot this issue.
CUSTOMER ok let me know what i should try
AGENT Lets try to make sure your card is not expired.
CUSTOMER no. its valid. Thats why I am confused
AGENT First can you try to log out and log back in.
CUSTOMER Ok let me give that a shot.
AGENT Okay, next can you check the expiration date on your card.
CUSTOMER Ok hang on one minute let me try that
AGENT No problem.
CUSTOMER Tried that. It didn’t work either
AGENT Can you try to check the expiration on your card?
CUSTOMER Let me try that
AGENT Alright.
CUSTOMER Well that kinda helped. I do not know why

Table 6: Example simulation on the ABCD dataset using the FOP-retrieval method
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DBS

Control words to generate: valid credit make minute try card purchase trying worked

Speaker Utterance

AGENT Hello, thank you for contacting AcmeCorp, how may I help you today?
CUSTOMER I would like to know if there is any reasonable way for validating an order?
AGENT I would happy to look into this for you.
CUSTOMER I already got a credit for a return and would like to correct it.
AGENT May I have your full name or account id please?
CUSTOMER Crystal Minh
AGENT Thank you Crystal.
CUSTOMER Can you make sure that this is correct?
AGENT One moment please.
CUSTOMER ok
AGENT What is your username, email address, and Order ID?
CUSTOMER crystalm minute
AGENT Thanks Crystal. I need to verify your purchase.
CUSTOMER crystalm minute@email.com
AGENT Your refund is in progress and you initiated it online.
CUSTOMER Okay. I will try it out now.

Table 7: Example simulation on the ABCD dataset using the DBS method

CGMH

Control words to generate: valid credit make minute try card purchase trying worked

Speaker Utterance

AGENT Hello, thank you for contacting AcmeCorp, how may I help you today?
CUSTOMER Myvalid credit card make me purchase minute we try to credit card to

purchase. Have been trying this worked
AGENT I would happy to look into this for you.
CUSTOMER I was wondering about this method ofvalid
AGENT May I have your full name or account id please?
CUSTOMER sure its avalid
AGENT Thank you may I please have your full address?
CUSTOMER 9 Guessvalid
AGENT What method of payment would you like to use?

Table 8: Example simulation on the ABCD dataset using the CGMH method
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Prompt

Control words to generate: valid credit make minute try card purchase trying worked

Speaker Utterance

AGENT Hello, thank you for contacting AcmeCorp, how may I help you today?
CUSTOMER Hi I’m having a problem with my account
AGENT I would happy to help.
CUSTOMER The credit card keeps getting rejected
AGENT Lets see if we can try a few things.
CUSTOMER ok
AGENT Can you try entering the information again?
CUSTOMER Okay I did but it still doesn’t work
AGENT Next can you try logging out and back in?
CUSTOMER Ok hold on
AGENT Let me know if that helps.
CUSTOMER hey that worked!

Table 9: Example simulation on the ABCD dataset using the Prompt method
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Abstract

Learning high-quality dialogue representations
is essential for solving a variety of dialogue-
oriented tasks, especially considering that dia-
logue systems often suffer from data scarcity.
In this paper, we introduce Dialogue Sen-
tence Embedding (DSE), a self-supervised con-
trastive learning method that learns effective di-
alogue representations suitable for a wide range
of dialogue tasks. DSE learns from dialogues
by taking consecutive utterances1 of the same
dialogue as positive pairs for contrastive learn-
ing. Despite its simplicity, DSE achieves sig-
nificantly better representation capability than
other dialogue representation and universal sen-
tence representation models. We evaluate DSE
on five downstream dialogue tasks that exam-
ine dialogue representation at different seman-
tic granularities. Experiments in few-shot and
zero-shot settings show that DSE outperforms
baselines by a large margin. For example, it
achieves 13% average performance improve-
ment over the strongest unsupervised baseline
in 1-shot intent classification on 6 datasets. 2

We also provide analyses on the benefits and
limitations of our model.

1 Introduction

Due to the variety of domains and the high cost of
data annotation, labeled data for task-oriented dia-
logue systems is often scarce or even unavailable.
Therefore, learning universal dialogue representa-
tions that effectively capture dialogue semantics
at different granularities (Hou et al., 2020; Krone
et al., 2020; Yu et al., 2021) provides a good foun-
dation for solving various downstream tasks (Snell
et al., 2017; Vinyals et al., 2016).

Contrastive learning (Chen et al., 2020; He et al.,
2020) has achieved widespread success in represen-

∗Work done during an internship at AWS AI Labs.
1Throughout this paper, we use utterance to refer to all

the sentences that belong to the same dialogue turn.
2The code and pre-trained models are publicly available

at https://github.com/amazon-research/dse.

DSE

TOD-BERT

Response SelectionOut-of-scope Detection

SimCSE

Figure 1: TSNE visualization of the dialogue repre-
sentations provides by TOD-BERT, SimCSE, and DSE.
Left: each color indicates one intent category, while the
black circles represents out-of-scope samples. Right:
items with the same color stands for query-response
pairs, where triangles represent queries. The black cir-
cles represents randomly sampled responses.

tations learning in both the image domain (Hjelm
et al., 2018; Lee et al., 2020; Bachman et al., 2019)
and the text domain (Gao et al., 2021; Zhang et al.,
2021a,b; Wu et al., 2020a). Contrastive learning
aims to reduce the distance between semantically
similar (positive) pairs and increase the distance
between semantically dissimilar (negative) pairs.
These positive pairs can be either human-annotated
or obtained through various data augmentations,
while negative pairs are often collected through
negative sampling in the mini-batch.

In the supervised learning regime, Gao et al.
(2021); Zhang et al. (2021a) demonstrate the ef-
fectiveness of leveraging the Natural Language
Inference (NLI) datasets (Bowman et al., 2015;
Williams et al., 2018) to support contrastive learn-
ing. Inspired by their success, a natural choice
of dialogue representation learning is utilizing the
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Pair 1: I am looking for restaurants. | What type of food do you like?

I am looking for restaurants.

I want some pizza.

What type of food do you like?

Domino’s is a good place for pizza.

Pair 2: What type of food do you like?   | I want some pizza. 
Pair 3: I want some pizza.     | Domino’s is a good place for pizza.

Find me some restaurants.

Korean food, please.

What type of food do you like?

There is no Korean restaurant.

Pair 4: Find me some restaurants. | What type of food do you like?
Pair 5: What type of food do you like?  |   Korean food, please. 
Pair 6: Korean food, please.     | There is no Korean restaurant.

Dialogue 1 Dialogue 2

Figure 2: Illustration of the positive pair construction from dialogues.

Dialogue-NLI dataset (Welleck et al., 2018) that
consists of both semantically entailed and contra-
dicted pairs. However, due to its relatively limited
scale and diversity, we found learning from this
dataset leads to less satisfying performance, while
the high cost of collecting additional human annota-
tions precludes its scalability. On the other extreme,
unsupervised representation learning has achieved
encouraging results recently, among which Sim-
CSE (Gao et al., 2021) and TOD-BERT (Wu et al.,
2020a) set new state-of-the-art results on general
texts and dialogues, respectively.

SimCSE uses Dropout (Srivastava et al., 2014)
to construct positive pairs from any text by passing
a sentence through the encoder twice to generate
two different embeddings. Although SimCSE out-
performs common data augmentations that directly
operate on discrete text, we find it performs poorly
in the dialogue domain (see Sec. 4.3). This moti-
vates us to seek better positive pair constructions by
leveraging the intrinsic properties of dialogue data.
On the other hand, TOD-BERT takes an utterance
and the concatenation of all the previous utterances
in the dialogue as a positive pair. Despite promising
performance on same tasks, we found TOD-BERT
struggles on many other dialogue tasks where the
semantic granularities or data statistics are different
from those evaluated in their paper.

In this paper, inspired by the fact that dialogues
consist of consecutive utterances that are often se-
mantically related, we use consecutive utterances
within the same dialogue as positive pairs for con-
trastive learning (See Figure 2). This simple strat-
egy works surprisingly well. We evaluate DSE
on a wide range of task-oriented dialogue applica-
tions, including intent classification, out-of-scope
detection, response selection, and dialogue action
prediction. We demonstrate that DSE substan-
tially outperforms TOD-BERT, SimCSE, and some
other sentence representation learning models in

most scenarios. We assess the effectiveness of
our approach by comparing DSE against its vari-
ants trained on other types of positive pairs (e.g.,
Dropout and Dialogue-NLI). We also discuss the
trade-off in learning dialogue representation for
tasks focusing on different semantic granularities
and provide insights on the benefits and limitations
of the proposed method. Additionally, we empiri-
cally demonstrate that using consecutive utterances
as positive pairs can effectively improve the train-
ing stability (Appendix A.3).

2 Why Contrastive Learning on
Consecutive Utterances?

When performing contrastive learning on consecu-
tive utterances, we encourage the model to treat an
utterance as similar to its adjacent utterances and
dissimilar to utterances that are not consecutive to
it or that belong to other dialogues.

On the one hand, this training process directly
increases an utterance’s similarity with its true re-
sponse and decreases its similarities with other ran-
domly sampled utterances. The ability to identify
the appropriate response from many similar utter-
ances is beneficial for dialogue ranking tasks (e.g.,
response selection). On the other hand, consec-
utive utterances also contain implicit categorical
information, which benefits dialogue classification
tasks (e.g., intent classification and out-of-scope
detection). Consider pairs 1 and 4 in Figure 2: we
implicitly learn similar representations of I am look-
ing for restaurants and Find me some restaurants,
since they are both consecutive with What type of
food do you like?.

In contrast, SimCSE does not enjoy these bene-
fits by simply using Dropout as data augmentation.
Although TOD-BERT also leverages the intrinsic
dialogue semantics by combining an utterance with
its dialogue context as positive pair, the context
is often the concatenation of 5 to 15 utterances.
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Due to the large discrepancy in both semantics
and data statistics between each utterance and its
context, simply optimizing the similarity between
them leads to less satisfying representations on
many dialogue tasks. As shown in Section 4, TOD-
BERT can even lead to degenerated representations
on some downstream tasks when compared to the
original BERT model.

3 Model

3.1 Notation

Let {(xi, xi+)}Mi=1 be a batch of positive pairs,
where M is the batch size. In our setting, each
(xi, xi+) denotes a pair of consecutive utterances
sampled from a dialogue. Let ei denote the rep-
resentation of the text instance xi that is obtained
through an encoder. In this paper, we use mean
pooling to obtain representations.

3.2 Training Target

Contrastive learning aims to maximize the simi-
larity between positive samples and minimize the
similarity between negative samples. For a con-
trastive anchor xi, the contrastive loss aims to in-
crease its similarity with its positive sample xi+
and decrease its similarity with the other 2M − 2
negative samples within the same batch.

We adopt the Hard-Negative sampling strategy
proposed by Zhang et al. (2021a), which puts
higher weights on the samples that are close to the
anchor in the representation space. The underlying
hypothesis is that hard negatives are more likely
to occur among those that are located close to the
anchor in the representation space. Specifically,
the Hard-Negative sampling based contrastive loss
regarding anchor xi is defined as follows:

ℓi,i
+
= − log

exp(sim(ei, ei+)/τ)∑
j ̸=i exp(αij · sim(ei, ej)/τ)

.

(1)

As mentioned above, here i and i+ represent the
indices of the anchor and its positive sample. We
use τ to denote the temperature hyperparameter
and sim(ei, ej) represent the cosine similarity of ei
and ej . In the above loss, αij is defined as follows,

αij =
exp(sim(ei, ej)/τ)

1
2M−2

∑
k ̸=i+ exp(sim(ei, ek)/τ)

. (2)

Noted here, the denominator is averaged over all
the other 2M -2 negatives of xi. Intuitively, sam-
ples that are close to the anchor in the represen-
tation space are assigned with higher weights. In
other words, αij denotes the relative importance
of instance xj for optimizing the contrastive loss
of the anchor xi among all 2M -2 negatives. For
every positive pair (xi, xi+), we respectively take
xi and xi+ as the contrastive anchor to calculate
the contrastive loss. Thereby, the contrastive loss
over the batch is calculated as:

L =
1

2M

M∑

i=1

(ℓi,i
+
+ ℓi

+,i) (3)

Here ℓi
+,i is defined by exchanging the roles of

instances i and i+ in Equation (1), respectively.

4 Experiments

We run experiments with five different back-
bones: BERTbase, BERTlarge (Devlin et al.,
2018), RoBERTabase, RoBERTalarge (Liu et al.,
2019b), DistilBERTbase (Sanh et al., 2019). Due
to the space limit, we only present the results on
BERTbase in the main text. The results of other
models are summarized in Appendix D. We use
the same training data as TOD-BERT for a fair
comparison. We summarize the implementation
details and data statistics of both pre-training and
evaluation in Appendices A and B, respectively.

4.1 Baselines

We compare DSE against several representation
learning models that attain state-of-the-art results
on both general text and dialogue languages. We
categorize them into the following two categories.

Supervised Learning SimCSE-sup (Gao et al.,
2021) is the supervised version of SimCSE, which
uses entailment and contradiction pairs in the NLI
datasets (Bowman et al., 2015; Williams et al.,
2018) to construct positive pair and hard negative
pair accordingly. In a similar vein, PairSupCon
(Zhang et al., 2021a) leverages the entailment pairs
as positive pairs only while proposing an unsuper-
vised hard negative sampling strategy that we sum-
marized in Section 3.2. Following this line, we also
evaluate DSE against its variant DSE-dianli
trained on the Dialogue Natural Language Infer-
ence dataset (Welleck et al., 2018) by taking all the
entail pairs as positive pairs.
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Task Dataset Evaluation Setting Num.

Intent Classification Clinc150, Snips, Hwu64, 1-shot & 5-shot fine-tune 10
Bank77, Appen-A, Appen-H 1-shot & 5-shot similarity 10

Out-of-scope Detection Clinc150 1-shot & 5-shot similarity 10

Utterance-level Response Selection AmazonQA
0-shot similarity 1
500-shot & 1000-shot fine-tune 5

Dialogue-level Response Selection DSTC7-Ubuntu 0-shot similarity 1

Dialogue Action Prediction DSTC2, GSIM 10-shot & 20-shot fine-tune 5

Table 1: Summarization of all the experimental settings. Please see Appendix B.2 for details of each dataset. The last column
(Num) indicates the number of independent experiments with different random seeds (we report the averaged results). Since
there is no randomness in 0-shot evaluations, we only run them once.

Unsupervised Learning TOD-BERT (Wu et al.,
2020a) optimizes a contrastive response selection
objective by treating an utterance and its dialogue
context as positive pair. DialoGPT (Zhang et al.,
2019) is a dialogue generation model that learns
from consecutive utterance by optimizing a lan-
guage modeling target.3 SimCSE-unsup (Gao
et al., 2021) uses Dropout (Srivastava et al., 2014)
to construct positive pairs. In the general text do-
main, SimCSE-unsup has attained impressive
performance over several explicit data augmen-
tation strategies that directly operate on the dis-
crete texts. To test its effectiveness in the dia-
logue domain, we compare DSE against its variant
DSE-dropoutwhere augmentations of every sin-
gle utterance are obtained through Dropout.

The evaluations on DSE-dropout and
DSE-dianli allow us to fairly compare our
approach against the state-of-the-art approaches in
both the supervised learning and the unsupervised
learning regimes.

4.2 Evaluation Setting

To accommodate the fact that obtaining a large
number of annotations is often time-consuming and
expensive for solving the task-oriented dialogue
applications, especially considering the variety of
domains and certain privacy concerns, we mainly
focus on few-shot or zero-shot based evaluations.

4.2.1 Evaluation Methods
Considering that only a few annotations are avail-
able in our setting, we mainly focus on the
similarity-based evaluations, where predictions

3We use mean pooling of its hidden states as sentence
representation, which leads to better performance than using
only the last token. We use its Medium version that has twice
as many parameters as BERTbase, since we found its Small
version performs dramatically worse under our settings.

are made based on different similarity metrics ap-
plied in the embedding space without requiring
updating the model.

We use different random seeds to independently
construct multiple (See Table 1) few-shot train and
validation sets from the original training data and
use the original test data for performance evalu-
ation. To examine whether the performance gap
reported in the similarity-based evaluations is con-
sistent with the associated fine-tuning approaches,
we also report the fine-tuning results. We perform
early stopping according to the validation set and
report the testing performance averaged over dif-
ferent data splits.

4.2.2 Tasks and Metrics
We evaluate all models considered in this paper on
two types of tasks: utterance-level and dialogue-
level. The utterance-level tasks take a single dia-
logue utterance as input, while the dialogue-level
tasks take the dialogue history as input. These
two types of tasks assess representation quality
on dialogue understanding at different semantic
granularities, which are shared across a variety of
downstream tasks.

Intent Classification is an utterance-level task
that aims to classify user utterances into one of the
pre-defined intent categories. We use Prototypi-
cal Networks (Snell et al., 2017) to perform the
similarity-based evaluation. Specifically, we calcu-
late a prototype embedding for each category by
averaging the embedding of all the training samples
that belong to this category. A sample is classified
into the category whose prototype embedding is the
most similar to its own. We report the classification
accuracy for this task.

Out-of-scope Detection advances intent classi-
fication by detecting whether the sample is out-of-
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BERTbase Clinc150 Bank77 Snips Hwu64 Appen-A Appen-H Ave.

1
-
s
h
o
t

SimCSE-sup♣ 52.30 38.05 65.98 40.79 35.35 44.81 46.21
PairSupCon♣ 55.34 41.30 65.20 41.43 37.55 47.55 48.06
DSE-dianli♣ (ours) 45.91 38.33 58.23 34.95 33.87 42.26 42.26

BERT♢ 36.98 22.05 62.51 27.74 13.19 18.74 30.20
SimCSE-unsup♢ 46.44 37.51 59.58 34.34 27.10 36.00 40.16
DialoGPT♢ 42.23 28.08 63.10 30.45 18.90 24.48 34.54
TOD-BERT♢ 36.67 27.11 62.52 29.52 20.61 26.68 33.85
DSE-dropout♢ (ours) 46.48 30.02 65.03 33.25 16.94 21.77 35.58
DSE♢ (ours) 62.53 43.12 79.57 44.31 37.97 48.71 52.70

5
-
s
h
o
t

SimCSE-sup♣ 71.11 56.38 79.98 56.52 49.71 59.42 62.18
PairSupCon♣ 73.88 60.07 76.14 55.75 52.71 62.23 63.46
DSE-dianli♣ (ours) 60.65 49.78 73.80 46.65 46.52 54.39 55.30

BERT♢ 59.48 38.73 78.65 43.15 21.39 27.61 44.83
SimCSE-unsup♢ 65.37 55.03 77.01 48.79 43.35 51.55 56.85
DialoGPT♢ 64.53 46.56 82.15 45.67 33.67 39.61 52.03
TOD-BERT♢ 57.74 42.98 79.68 42.32 33.58 42.52 49.80
DSE-dropout♢ (ours) 70.46 49.95 80.10 52.16 30.00 37.48 53.36
DSE♢ (ours) 78.73 61.65 88.62 60.87 52.32 62.68 67.48

Table 2: Results on similarity-based 1-shot and 5-shot Intent Classification. Predictions are made purely based on the embeddings
provided by each model without any parameter tuning. All the models use BERTbase as the backbone model. ♣: Supervised
models. ♢: Unsupervised models.

scope, i.e., does not belong to any pre-defined cate-
gories. We adapt the aforementioned Prototypical
Networks to solve it. For a test sample, if its simi-
larity with its most similar category is lower than a
threshold, we classify it as out-of-scope. Otherwise,
we assign it to its most similar category. For each
model, we calculate the mean and std (standard
deviation) of the similarity scores between every
sample and its most similar prototype embedding,
and take mean−std and mean as the threshold,
respectively. The evaluation set contains both in-
scope and out-of-scope examples. We evaluate
this task with four metrics: 1) Accuracy: accuracy
of both in-scope and out-of-scope detection. 2)
In-Accuracy: accuracy reported on 150 in-scope
intents. 3) OOS-Accuracy: out-of-scope detection
accuracy. 4) OOS-Recall: recall of OOS detection.

Utterance-level Response Selection is an
utterance-level task that aims to find the most
appropriate response from a pool of candidates
for the input user query, where both the query
and response are single dialogue utterances. We
formulate it as a ranking problem and evaluate
it with Top-k-100 accuracy (a.k.a., k-to-100
accuracy), a standard metric for this ranking
problem (Wu et al., 2020a). For every query,
we combine its ground-truth response with 99
randomly sampled responses and rank these 100
responses based on their similarities with the

query in the embedding space. The Top-k-100
accuracy represents the ratio of the ground-truth
response being ranked at top-k, where k is an
integer between 1 and 100. We report the Top-1,
Top-3, and Top-10 accuracy of the models.

Dialogue-Level Response Selection is a
dialogue-level task. The only difference with the
Utterance-level Response Selection is that query in
this task is dialogue history (e.g., concatenation
of multiple dialogue utterances from different
speakers). We also report the Top-1, Top-3, and
Top-10 accuracy for this task.

Dialogue Action Prediction is a dialogue-level
task that aims to predict the appropriate system
action given the most recent dialogue history. We
formulate it as a multi-label text classification prob-
lem and evaluate it with model fine-tuning. We
report the Macro and Micro F1 scores for this task.

4.3 Main Results

Intent Classification & Out-of-scope Detection
Tables 2 and 3 show the results of similarity-based
intent classification and out-of-scope detection.
The fine-tuning based results are presented in Ap-
pendix C. As we can see, DSE substantially out-
performs all the baselines. In intent classification,
it attains 13% average accuracy improvement over
the strongest unsupervised baseline. More impor-

758



BERTbase Accuracy In-Accuracy OOS-Accuracy OOS-Recall Ave.

m
-
d

SimCSE-sup♣ 44.63 51.50 78.63 13.70 47.12
PairSupCon♣ 51.87 54.34 82.33 40.75 57.32
DSE-dianli♣ (ours) 44.73 44.88 80.83 44.07 53.63

BERT♢ 33.96 36.01 80.58 24.77 43.83
SimCSE-unsup♢ 40.45 45.50 77.83 17.73 45.38
DialoGPT♢ 36.98 40.70 80.73 20.21 44.66
TOD-BERT♢ 34.77 36.28 79.74 27.98 44.69
DSE-dropout♢ 42.41 45.19 81.26 29.92 49.70
DSE♢ (ours) 58.74 60.52 84.07 50.72 63.51

m
e
a
n

SimCSE-sup♣ 36.90 29.07 47.04 72.12 46.28
PairSupCon♣ 47.29 37.44 58.72 91.63 58.77
DSE-dianli♣ (ours) 40.70 30.78 57.67 85.30 53.61

BERT♢ 35.64 24.78 53.09 84.47 49.50
SimCSE-unsup♢ 37.65 28.99 49.38 76.62 48.16
DialoGPT♢ 38.04 27.00 52.87 87.75 51.42
TOD-BERT♢ 36.31 25.76 53.40 83.75 49.81
DSE-dropout♢ (ours) 41.19 30.93 54.76 87.39 53.57
DSE♢ (ours) 50.88 41.72 60.64 92.11 61.34

Table 3: Results on similarity-based 1-shot out-of-scope detection on Clinc150 dataset. The out-of-scope threshold is
respectively set as mean (m) and mean-std (m-d) of each sample’s similarity with its closest category. See Sec. 4.2.2 for details.
♣: Supervised models. ♢: Unsupervised models.

BERTbase
AmazonQA DSTC7-Ubuntu

Top-1 Acc. Top-3 Acc. Top-10 Acc. Top-1 Acc. Top-3 Acc. Top-10 Acc.

SimCSE-sup♣ 47.03 62.40 76.80 11.37 19.40 33.53
PairSupCon♣ 52.22 65.09 76.85 15.00 23.02 35.73
DSE-dianli♣ (ours) 49.16 63.36 76.66 14.92 22.73 34.72

BERT♢ 29.70 43.86 60.36 6.75 12.97 24.20
SimCSE-unsup♢ 48.02 62.45 76.00 10.03 17.13 29.37
DialoGPT♢ 35.96 49.52 64.44 10.20 17.60 29.82
TOD-BERT♢ 27.25 40.26 56.63 5.52 10.55 22.30
DSE-dropout♢ (ours) 37.80 51.64 66.58 9.55 16.97 28.80
DSE♢ (ours) 56.62 70.54 81.90 14.78 23.10 35.73

Table 4: Results on 0-shot response selection on AmazonQA (utterance-level) and DSTC7-Ubuntu (dialogue-level).

tantly, DSE achieves a 5%–10% average accuracy
improvement over the supervised baselines that are
trained on a large amount of expensively annotated
data. The same trend was observed in out-of-scope
detection, where DSE achieves 13%-20% average
performance improvement over the strongest unsu-
pervised baseline. The comparison between DSE,
DSE-dropout, and DSE-dianli further demonstrates
the effectiveness of using consecutive utterances as
positive pairs in learning dialogue embeddings.

The left panel of Figure 1 visualizes the embed-
dings on the Clinc150 dataset given by TOD-
BERT, SimCSE, and DSE, which provides more
intuitive insights into the performance gap. As
shown in the figure, with the DSE embeddings, in-
scope samples belonging to the same category are

closely clustered together. Clusters of different cat-
egories are clearly separated with a large margin,
while the out-of-scope samples are far away from
those in-scope clusters.

Response Selection Table 4 shows the the re-
sults of similarity-based 0-shot response selection
on utterance-level (AmazonQA) and dialogue-level
(DSTC7-Ubuntu). Results of finetune-based eval-
uation on AmazonQA show similar trend and we
summarize in Table 9 in Appendix. In Table 4,
the large improvement attained by DSE over the
baselines indicate our model’s capability in dia-
logue response selection, in presence of both single-
utterance query or using long dialogue history as
query. The right panel of Figure 1 further illustrates
this. It visualizes the embeddings of questions and
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BERTbase
DSTC2 GSIM

10-shot 20-shot 10-shot 20-shot Ave.

SimCSE-sup♣ 84.12 || 36.62 86.15 || 36.99 77.22 || 35.03 84.75 || 38.67 59.94
PairSupCon♣ 84.42 || 36.52 86.22 || 36.87 74.35 || 33.44 82.26 || 37.62 58.96
DSE-dianli♣ (ours) 83.99 || 36.20 86.74 || 37.02 69.52 || 31.36 79.97 || 36.62 57.68

BERT♢ 81.74 || 34.78 86.98 || 37.28 70.67 || 31.24 77.60 || 35.74 57.00
SimCSE-unsup♢ 84.41 || 36.62 87.84 || 37.98 75.78 || 34.47 81.73 || 37.64 59.56
TOD-BERT♢ 87.12 || 36.83 88.59 || 37.90 85.63 || 38.53 92.15 || 42.04 63.60
DSE-dropout♢ (ours) 83.23 || 36.18 86.65 || 36.95 72.25 || 32.70 81.91 || 37.33 58.62
DSE♢ (ours) 84.58 || 36.02 88.01 || 38.01 79.26 || 35.89 86.73 || 39.51 61.03
DSE2-1 (ours) 84.47 || 36.09 88.86 || 38.41 83.81 || 37.78 88.03 || 40.29 62.22
DSE3-1 (ours) 88.78 || 38.52 89.59 || 38.58 85.27 || 39.10 88.65 || 40.87 63.67
DSE123-1 (ours) 89.48 || 38.60 90.97 || 39.79 87.90 || 40.05 92.48 || 42.22 65.19

Table 5: Results on 10-shot and 20-shot dialogue action prediction fine-tuning on DSTC2 amd GSIM. We use "||" to separate
the Micro F1 score and Macro F1 score. ♣: Supervised models. ♢: Unsupervised models.

answers in the AmazonQA dataset calculated by
DSE, SimCSE, and TOD-BERT. With the DSE em-
bedding, each question is placed close to its real
answer while far away from other candidates.

Dialogue Action Prediction Table 5 shows
that DSE outperforms all baselines except
TOD-BERT, which indicates its capability in
capturing dialogue-level semantics. To better
understand TOD-BERT’s superiority over DSE
on this task, we further investigate this task
and find its data format is special. Concretely,
here each input consists of multiple utterances
explicitly concatenated by using two special
tokens [SYS] and [USR] to indicate the sys-
tem and user inputs, respectively. For example,
([SYS] hi [USR] how are you? [SYS] I’m good).
It follows the same format as the queries4 used
for training TOD-BERT, while DSE uses a single
utterance as the query.

BERTbase IC OOS u-RS d-RS DA

TOD-BERT 41.83 47.25 41.38 12.79 63.60
DSE 60.09 62.43 69.69 24.54 61.03
DSE2-1 56.56 61.55 59.88 19.36 62.22
DSE3-1 57.26 61.19 61.94 22.04 63.67
DSE123-1 59.60 61.59 63.67 22.63 65.19

Table 6: Performance of TOD-BERT, DSE, and its variants
on intent classification (IC), out-of-scope detection(OOS),
response selection on utterance-level (u-RS) and dialogue-
level (d-RS), dialogue action prediction (DA).

4.4 Trade-off in Query Construction
To understand the impact of using multiple utter-
ances as queries, we train three new variants of

4We use query to refer the first utterance in a positive pair
and use response to refer the other one

DSE. Specifically, we construct positive pairs as:
(u1 [SEP] u2, u3), (u2 [SEP] u3, u4), where ui
represents the i-th utterance in a dialogue. We use
the [SEP] token to concatenate two consecutive
utterances as query. We refer DSE trained with
this data as DSE2-1 since it uses 2 utterances as the
query and 1 utterance as the response. Similarly,
we train another variant DSE3-1. Lastly, we also
combine the positive pairs constructed for training
DSE, DSE2-1, and DSE3-1 together to train another
variant named DSE123-1.

As shown in Table 5, by simply increasing the
number of utterances within each query to three,
DSE again outperforms TOD-BERT, and the im-
provement further expands when trained with the
combined set, i.e., DSE123-1. Our results demon-
strate that using long queries that consist of 5 to 15
utterances as what TOD-BERT does is not neces-
sary even for dialogue action prediction. We further
demonstrate this by evaluating DSE and its vari-
ants on all the other four tasks in Table 6, where
our model outperforms TOD-BERT by a large mar-
gin. As it indicates, by using a single utterance
as a query, DSE achieves a good balance among
different dialogue tasks. In cases where dialogue
action prediction is of great importance, augment-
ing the original training set of DSE with positive
pairs constructed by using query consisting of 2 to
3 utterances is good enough to attain better perfor-
mance while only incurring a slight performance
drop on other tasks.

4.5 Potential Limitation

Considering the effectiveness of using consecutive
utterances as positive pairs, a natural yet important
question is: what are the potential limitations of
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our proposed approach? When using consecutive
utterances as positive pairs for contrastive learning,
an assumption is that responses to the same query
are semantically similar. Vice versa, queries that
prompt the same answer are similar. This assump-
tion holds in many scenarios, yet it fails sometimes.

It may fail when answers have different seman-
tic meanings. Take the pairs 2 and 5 in Figure
2 as an example. Through our data construction,
we implicitly consider I want some pizza and Ko-
rean food, please to be semantically similar since
they are both positively paired with What type of
food do you like. Although this may be correct
in some coarse-grained classification tasks since
these two sentences generally represent the same in-
tent (e.g., order food), using them as positive pairs
can introduce some noise when considering more
fine-grained semantics. This problem is further
elaborated when answers are general and ubiqui-
tous, e.g., Thank you. Since these utterances can
be used to respond to countless types of dissim-
ilar queries, e.g., I have booked a ticket for you
v.s. Happy birthday, we may implicitly increase
the similarities among highly dissimilar utterances
when training on these samples, which is undesir-
able.

We verify this on the NLI datasets, where the
the task is to identify whether one sentence seman-
tically entails or contradicts the anchor sentence.
For each anchor sentence, we calculate its cosine
similarities with both the true entailment, contra-
diction sentences in the representation space. We
classify the sentence with higher cosine similarity
with the anchor as entailment and the other as the
contradiction. Despite DSE achieves better classi-
fication accuracy (76.62) than BERT (69.40) and
TOD-BERT (70.51), it underperforms SimCSE-
unsup (80.31). Although using dropout to construct
positive pairs is not as effective as ours in many
dialogue scenarios, this method better avoids intro-
ducing fine-grained semantic noise.

Despite the limitations, using consecutive utter-
ances as positive pairs still leads to better dialogue
representation than the elaborately labeled NLI
datasets, indicating the great value of the infor-
mation contained in dialogue utterances.

5 Related Work

Positive Pair Construction Popular supervised
sentence representation learning often takes ad-
vantage of the human-annotated natural language

inference (NLI) datasets (Bowman et al., 2015;
Williams et al., 2018) for contrastive learning (Gao
et al., 2021; Zhang et al., 2021a; Reimers and
Gurevych, 2019; Cer et al., 2018). These sentence
pairs either entail or contradict each other, mak-
ing them the great choice for constructing posi-
tive and negative training pairs. Unsupervised sen-
tence representation learning often relies on variant
data augmentation strategies. Logeswaran and Lee
(2018) and Giorgi et al. (2020) propose using sen-
tences and their surrounding context as positive
pairs. Other works resort to popular NLP augmen-
tation methods such as word permutation (Wu et al.,
2020b) and back-translation (Fang et al., 2020). Re-
cently, Gao et al. (2021) demonstrates the superior-
ity of using Dropout over other data augmentations
that directly operate on the discrete texts.

Contrastive Learning Methods Contrastive
learning is key to recent advances in learning sen-
tence embeddings. Many contrastive learning ap-
proaches utilize memory-based methods, which
draw negative samples from a memory bank of
embeddings (Hjelm et al., 2018; Bachman et al.,
2019; He et al., 2020). On the other hand, Chen
et al. (2020) introduces a memory-free contrastive
framework, SimCLR, that takes advantage of nega-
tive sampling within large mini-batches. Promising
results were also reported in the NLP domain. To
name a few, Gao et al. (2021) leverages both within
batch negatives and the ‘contradiction’ annotations
in NLI; and Zhang et al. (2021a) propose an unsu-
pervised hard-negative sampling strategy.

Dialogue Language Model Learning dialogue-
specific language models has attracted a lot of at-
tention. Along this line, Zhang et al. (2019) adapts
the pre-trained GPT-2 model (Radford et al., 2019)
on Reddit data to perform open-domain dialogue
response generation. Bao et al. (2019) evaluates
multiple dialogue generation tasks after training on
Twitter and Reddit data (Wolf et al., 2019; Peng
et al., 2020). For dialogue understanding, Hen-
derson et al. (2019b) propose a response selection
approach using a dual-encoder model. They pre-
train the response selection model on Reddit and
then fine-tune it for different response selection
tasks. Following this, Henderson et al. (2019a) in-
troduces a more efficient conversational model that
is pre-trained with a response selection target on
the Reddit corpus. However, they did not release
code or pre-trained models for comparison. Wu
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et al. (2020a) combines nine dialogue datasets to
obtain a large and high-quality task-oriented di-
alogue corpus. They introduce the TOD-BERT
model by further pre-training BERT on this corpus
with both the masked language modeling loss and
the contrastive response selection loss.

6 Conclusion

In this paper, we introduce a simple contrastive
learning method DSE that learns dialogue repre-
sentations by leveraging consecutive utterances in
dialogues as positive pairs. We conduct extensive
experiments on five dialogue tasks to show that the
proposed method greatly outperforms other state-
of-the-art dialogue representation models and uni-
versal sentence representation methods. We pro-
vide ablation study and analysis on our proposed
data construction from different perspectives, inves-
tigate the trade-off between different data construc-
tion variants, and discuss the potential limitation
to motivate further exploration in representation
learning on unlabeled dialogues. We believe DSE
can serve as a drop-in replacement of the dialogue
representation model (e.g., the text encoder) for a
wide range of dialogue systems.
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Nikola Mrkšić, Diarmuid O Séaghdha, Tsung-Hsien
Wen, Blaise Thomson, and Steve Young. 2016. Neu-
ral belief tracker: Data-driven dialogue state tracking.
arXiv preprint arXiv:1606.03777.

Baolin Peng, Chenguang Zhu, Chunyuan Li, Xiujun
Li, Jinchao Li, Michael Zeng, and Jianfeng Gao.
2020. Few-shot natural language generation for task-
oriented dialog. arXiv preprint arXiv:2002.12328.

Alec Radford, Jeff Wu, Rewon Child, David Luan,
Dario Amodei, and Ilya Sutskever. 2019. Language
models are unsupervised multitask learners.

Abhinav Rastogi, Xiaoxue Zang, Srinivas Sunkara,
Raghav Gupta, and Pranav Khaitan. 2020. Towards
scalable multi-domain conversational agents: The
schema-guided dialogue dataset. In Proceedings of
the AAAI Conference on Artificial Intelligence, vol-
ume 34, pages 8689–8696.

Nils Reimers and Iryna Gurevych. 2019. Sentence-bert:
Sentence embeddings using siamese bert-networks.
arXiv preprint arXiv:1908.10084.

Victor Sanh, Lysandre Debut, Julien Chaumond, and
Thomas Wolf. 2019. Distilbert, a distilled version
of bert: smaller, faster, cheaper and lighter. arXiv
preprint arXiv:1910.01108.

Pararth Shah, Dilek Hakkani-Tur, Bing Liu, and Gokhan
Tur. 2018. Bootstrapping a neural conversational
agent with dialogue self-play, crowdsourcing and
on-line reinforcement learning. In Proceedings of
the 2018 Conference of the North American Chap-
ter of the Association for Computational Linguistics:
Human Language Technologies, Volume 3 (Industry
Papers), pages 41–51.

Jake Snell, Kevin Swersky, and Richard S Zemel. 2017.
Prototypical networks for few-shot learning. arXiv
preprint arXiv:1703.05175.

Nitish Srivastava, Geoffrey Hinton, Alex Krizhevsky,
Ilya Sutskever, and Ruslan Salakhutdinov. 2014.
Dropout: a simple way to prevent neural networks
from overfitting. The journal of machine learning
research, 15(1):1929–1958.

Oriol Vinyals, Charles Blundell, Timothy Lillicrap,
Daan Wierstra, et al. 2016. Matching networks for
one shot learning. Advances in neural information
processing systems, 29:3630–3638.

763

https://www.microsoft.com/en-us/research/publication/multi-domain-task-completion-dialog-challenge/
https://www.microsoft.com/en-us/research/publication/multi-domain-task-completion-dialog-challenge/
https://www.microsoft.com/en-us/research/publication/microsoft-dialogue-challenge-building-end-to-end-task-completion-dialogue-systems/
https://www.microsoft.com/en-us/research/publication/microsoft-dialogue-challenge-building-end-to-end-task-completion-dialogue-systems/


Mengting Wan and Julian McAuley. 2016. Modeling
ambiguity, subjectivity, and diverging viewpoints
in opinion question answering systems. In 2016
IEEE 16th international conference on data mining
(ICDM), pages 489–498. IEEE.

Sean Welleck, Jason Weston, Arthur Szlam, and
Kyunghyun Cho. 2018. Dialogue natural language
inference. arXiv preprint arXiv:1811.00671.

Tsung-Hsien Wen, David Vandyke, Nikola Mrkšić, Mil-
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A Pre-train

In this section, we present the training data, imple-
mentation details, and training stability of model
pre-training.

A.1 Data

We utilize the corpus collected by TOD-BERT
(Wu et al., 2020a) to construct positive pairs. This
dataset is the combination of 9 publicly available
task-oriented datasets: MetaLWOZ (Lee et al.,
2019), Schema (Rastogi et al., 2020), Taskmas-
ter (Byrne et al., 2019), MWOZ (Budzianowski
et al., 2018), MSR-E2E (Li et al., 2018), SMD
(Eric and Manning, 2017), Frames (Asri et al.,
2017), WOZ (Mrkšić et al., 2016), CamRest676
(Wen et al., 2017). The combined dataset contains
100707 dialogues with 1388152 utterances over 60
domains. We filter out sentences with less or equal
to 3 words and end up with 892835 consecutive
utterances (for DSE) and 879185 unique sentences
(for DSE-dropout). Note that, the training data
of SimCSE-unsup consists of 1 million sentences
from Wikipedia. That says, on the one hand, we
use the same dataset as TOD-BERT but with our
proposed data construction. On the other hand,
we use a similar number of training samples as
SimCSE-unsup. We believe such data construction
makes the comparisons fair enough.

A.2 Hyperparameters

We add a contrastive head after the Transformer
model and use the outputs of the contrastive head
to perform contrastive learning. We use a two-
layer MLP with size (d × d, d × 128) as the con-
trastive head. We use Adam (Kingma and Ba,
2014) with a batch size of 1024 and a constant
learning rate as the optimizer. We set the learn-
ing rate for contrastive head as 3e − 4 and the
learning rate for the Transformer model as 3e− 6.
The temperature hyperparameter τ is set as 0.05.
We train the model for 15 epochs (see Appendix
A.3 for more details) and save the model at the
end for evaluation. We use the same hyperpa-
rameters across all the experiments for BERTbase,
RoBERTabase, and DistilBERTbase models. For
BERTlarge and RoBERTalarge, we change the
batch size to 512 to fit it into the GPUs. Pre-
training of the DistilBERTbase, BERTbase, and
BERTlarge model respectively takes 3, 4, and 13
hours on 8 NVIDIA® V100 GPUs5.

5Our codes and model are under the Apache-2.0 License
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Figure 3: DSE and DSE-dropout’s performance on
each task at every epoch. The dashed lines represent the
results of DSE-dropout.

A.3 Training Stability
In this section, we analyze the model’s stability in
terms of training steps when training with different
type of positive pairs. We compare two data con-
struction methods: consecutive utterances (DSE)
and dropout (DSE-dropout). We first train each
model for 15 epochs, save the checkpoint at the
end of each epoch and evaluate each checkpoint
with similarity-based methods. Figure 3 shows the
two model’s average performances on intent clas-
sification, out-of-scope detection, utterance-level
response selection and dialogue-level response se-
lection.

This result further illustrates the effectiveness of
using consecutive utterances as positive pairs for
learning dialogue representation. As shown in the
figure, DSE’s performance on all the tasks consis-
tently improves during the training process, while
DSE-dropout achieves the best performance at the
first epoch and significantly loses performance af-
terwards. Besides, DSE’s performance is less sen-
sitive to the training steps. It achieves stable per-
formance after about 5 epochs. In contrast, DSE-
dropout’s performance drops dramatically during
the training process, yet it never surpasses DSE’s
performance. Therefore, we report DSE-dropout’s
performance at the first epoch in all the tables.

B Evaluation Setup

In this section, we present evaluation details and
introduction to the evaluation dataset. Throughout
this paper, we use cosine similarity as the similarity
metric and mean pooling of token embeddings as
the sentence representation. For baseline models,

we report the better results of using its default set-
ting (e.g., last hidden state of the [CLS] token as
sentence embedding for SimCSE) and mean pool-
ing.

B.1 Hyperparameters

We use the same hyperparameters for all the mod-
els. For similarity-based methods, the only hyper-
parameter is the max sequence length, we empir-
ically choose a number that can fit at least 99%
of the samples. We respectively set it as 64, 64,
128, and 128 for intent classification, out-of-scope
detection, utterance-level response selection and
dialogue-level response selection. Hyperparame-
ters for fine-tune evaluations as listed as follows:

Intent Classification We fine-tune all the models
for 50 epochs with a batch size of 16 and learn-
ing rate of 3e-05. We evaluate the model on the
few-shot validation set after every 10 steps. Early
stopping is applied based on the model’s validation
results. The max sequence length is set as 64 and
the dropout at the classification layer is set as 0.1.

Utterance-level Response Selection In this task,
we set the max sequence length as 128 and batch
size as 100. Other hyperparameters are same as
those in Intent Classification. We use the original
SimCLR loss (Chen et al., 2020) to optimize the
model.

Dialogue Action Prediction In this task, we fine-
tune all the models for 100 epochs with a batch
size of 32 and learning rate of 5e-05. We evaluate
the model on the few-shot validation set after every
30 steps. Early stopping is also applied. The max
sequence length is set as 32 since we find shorter
inputs leads to much better performance for all the
models. We truncate sentences from the head to
keep the most recent dialogue utterances as model
input. We set the dropout at the classification layer
as 0.2.

B.2 Datasets

Intent Classification We use 4 popular pub-
licly available datasets: Clinc150 (Larson et al.,
2019) with 150 categories and 4500 test sample,
Bank77 (Casanueva et al., 2020) with 77 cate-
gories and 3080 test sample, Snips (Coucke et al.,
2018) with 7 categories and 1447 test sample, and
Hwu64 (Liu et al., 2019a) with 64 categories and
3853 test sample. To apply the Clinc150 dataset
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in intent classification, we remove all the out-of-
scope samples. We also use an internal dataset
named Appen, whose texts are transcribed from
customer recording. This dataset contains 30 cate-
gories and 310 test samples. There are two versions
of each sentence. One is transcribed by Automatic
Speech Recognition (ASR), which includes some
ASR noise (e.g., transcribe errors). The other is
transcribed by human annotator. We refer them
respectively as Appen-A and Appen-H.

Out-of-scope Detection We use the entire
Clinc150 dataset, which contains 150 in-scope
intents and one out-of-scope intent. There are 5500
test samples in total (4500 in-scope and 1000 out-
of-scope).

Utterance-level Response Selection We use the
AmazonQA dataset (Wan and McAuley, 2016),
which contains 5334606 question-answer pairs
about different products. Following Henderson
et al. (2019a), we randomly select 300K pairs for
model evaluation.

Dialogue-Level Response Selection We use the
DSTC7-Ubuntu dataset (Lowe et al., 2017),
which contains conversations about the Ubuntu sys-
tem. Each query of this dataset comes together
with one ground-truth response and 100 candidate
responses. We combine the validation and test sets
together for evaluation, which results in 6000 eval-
uation samples.

Dialogue Action Prediction We use the DSTC2
(Henderson et al., 2014) and GSIM (Shah et al.,
2018) dataset processed by Wu et al. (2020a).
These two datasets respectively contains 13/19 ac-
tions and 1117/1039 test samples. The average
number of samples in 10-shot and 20-shot training
is 79 and 149 for DSTC2; 60 and 120 for GSIM.

C Results of BERTbase

In this section, we present other evaluation results
on the BERTbase model, including 1-shot and 5-
shot fine-tune on intent classification (Table 7), 5-
shot similarity-based out-of-scope detection (Table
8), and 500-shot and 1000-shot fine-tune on Ama-
zonQA response selection (Table 9).

D Results of Other Backbone Models

In this section, we present similarity-based eval-
uation results on other four backbone models:
BERTlarge, RoBERTabase, RoBERTalarge, and

DistilBERTbase. Table 10 shows the results of
similarity-based intent classification and Table 11
shows the results of similarity based response se-
lection on both utterance-level and dialogue-level.
As shown in the tables, DSE leads to consistent and
significant performance boost on all the backbone
models.
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BERTbase Clinc150 Bank77 Snips Hwu64 Appen-A Appen-H Ave.

1
-
s
h
o
t

SimCSE-sup♣ 48.30 35.29 49.77 34.09 30.16 38.42 39.34
PairSupCon♣ 50.33 37.59 52.53 34.21 33.58 41.65 41.65
DSE-dianli♣ (ours) 43.07 38.02 46.57 30.98 29.39 36.77 37.47

BERT♢ 37.01 24.28 52.05 26.36 17.87 19.71 29.55
SimCSE-unsup♢ 42.72 33.56 47.13 30.19 24.00 32.68 35.05
TOD-BERT♢ 39.48 26.12 46.13 26.81 13.45 23.26 29.21
DSE-dropout♢ (ours) 41.89 30.10 44.46 28.06 18.68 20.48 30.61
DSE♢ (ours) 55.67 38.10 70.67 37.93 32.68 45.03 46.68

5
-
s
h
o
t

SimCSE-sup♣ 85.49 70.16 88.90 68.86 61.71 73.29 74.74
PairSupCon♣ 85.15 71.00 86.01 68.12 63.94 73.68 74.65
DSE-dianli♣ (ours) 81.87 69.33 82.49 64.40 58.90 68.52 70.92

BERT♢ 84.00 68.51 85.72 64.79 55.00 65.52 70.59
SimCSE-unsup♢ 83.35 70.08 86.82 65.61 59.68 70.03 72.60
TOD-BERT♢ 83.15 65.29 88.49 66.29 56.32 67.13 71.11
DSE-dropout♢ (ours) 84.14 69.74 87.39 66.47 57.74 68.13 72.27
DSE♢ (ours) 86.67 71.52 92.56 70.71 63.71 75.10 76.71

Table 7: Results of fine-tuning all the models for 1-shot and 5-shot Intent Classification for BERTbase models. ♣: Supervised
models. ♢: Unsupervised models

BERTbase Accuracy In-Accuracy OOS-Accuracy OOS-Recall Ave.

m
e
a
n
−
s
t
d SimCSE-sup♣ 59.65 69.04 80.35 17.40 56.61

PairSupCon♣ 68.37 71.03 85.62 56.43 70.36
DSE-dianli♣ (ours) 56.22 56.92 83.38 53.07 62.40

BERT♢ 53.92 57.25 81.94 38.95 58.01
SimCSE-unsup♢ 55.68 63.06 79.58 22.47 55.20
DialoGPT♢ 58.53 63.25 82.62 37.25 60.41
TOD-BERT♢ 53.49 56.12 81.75 41.64 58.25
DSE-dropout♢ (ours) 64.21 67.39 83.59 49.92 66.28
DSE♢ (ours) 72.62 74.77 87.16 62.95 74.38

m
e
a
n

SimCSE-sup♣ 42.50 34.95 48.26 76.50 50.55
PairSupCon♣ 56.19 47.53 62.79 95.17 65.42
DSE-dianli♣ (ours) 46.87 37.75 59.96 87.92 58.13

BERT♢ 47.79 38.40 57.86 90.07 58.53
SimCSE-unsup♢ 45.13 36.82 52.01 82.51 54.12
DialoGPT♢ 49.64 40.26 57.49 91.81 59.80
TOD-BERT♢ 47.88 38.46 58.43 90.31 58.77
DSE-dropout♢ (ours) 54.45 46.00 61.31 92.50 63.56
DSE♢ (ours) 59.20 51.35 64.79 94.53 67.47

Table 8: Results on similarity-based 5-shot out-of-scope detection on Clinc150 dataset. The out-of-scope threshold is
respectively set as mean (m) and mean-std (m-d) of each sample’s similarity with its closest category. See Sec. 4.2.2 for details.
All the models use BERTbase as the backbone model. ♣: Supervised models. ♢: Unsupervised models.

BERTbase

AmazonQA 500-shot AmazonQA 1000-shot

Top-1 Acc. Top-3 Acc. Top-10 Acc. Top-1 Acc. Top-3 Acc. Top-10 Acc.

SimCSE-sup♣ 59.02 72.90 84.40 60.24 73.91 85.17
PairSupCon♣ 61.24 74.51 85.19 62.31 75.36 86.01

BERT♢ 55.63 70.98 83.79 58.00 72.67 84.81
SimCSE-unsup♢ 56.04 70.34 82.56 57.85 71.95 84.01
TOD-BERT♢ 43.52 59.29 75.06 46.54 62.16 77.15
DSE-dropout♢ (ours) 57.66 72.02 83.72 58.66 72.86 84.67
DSE♢ (ours) 61.71 75.66 86.49 63.02 76.47 87.55

Table 9: Results on 500-shot and 1000-shot fine-tune evaluation on response selection on AmazonQA (utterance-level). All the
models use BERTbase as the backbone model. ♣: Supervised models. ♢: Unsupervised models.
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Clinc150 Bank77 Snips Hwu64 Ave.
1
-
s
h
o
t

BERTlarge 31.71 20.47 54.31 25.24 32.93
BERTlarge-DSE 65.57 45.45 78.52 46.37 58.97

RoBERTabase 34.58 20.58 52.25 24.24 32.91
RoBERTabase-DSE 66.05 45.01 80.58 43.98 58.90

RoBERTalarge 35.72 20.84 54.80 23.57 33.73
RoBERTalarge-DSE 69.23 45.42 73.72 44.29 58.16

DistilBERTbase 39.48 23.96 63.00 30.25 39.17
DistilBERTbase-DSE 60.47 43.52 76.38 44.63 56.25

5
-
s
h
o
t

BERTlarge 46.78 33.53 70.89 37.06 47.06
BERTlarge-DSE 80.40 64.49 89.08 63.00 74.24

RoBERTabase 53.58 32.40 68.90 34.98 47.46
RoBERTabase-DSE 81.73 64.92 89.67 62.81 74.78

RoBERTalarge 55.43 33.25 78.01 36.25 50.73
RoBERTalarge-DSE 82.52 62.93 86.64 61.04 73.28

DistilBERTbase 61.00 39.45 78.90 45.00 56.08
DistilBERTbase-DSE 77.16 60.39 86.48 60.81 71.21

Table 10: Results on similarity-based 1-shot and 5-shot Intent Classification with different model as the backbone. DSE leads to
significant and consistent performance boost for all the models.

BERTlarge

AmazonQA DSTC7-Ubuntu

Top-1 Acc. Top-3 Acc. Top-10 Acc. Top-1 Acc. Top-3 Acc. Top-10 Acc.

BERTlarge 27.97 41.30 57.04 6.10 11.08 22.31
BERTlarge-DSE 59.63 73.46 84.12 16.40 24.56 36.51

RoBERTabase 19.60 29.67 44.70 4.86 9.80 20.70
RoBERTabase-DSE 55.69 70.01 81.68 15.86 24.25 37.38

RoBERTalarge 26.68 37.73 51.70 7.65 14.50 26.10
RoBERTalarge-DSE 58.13 71.65 82.20 18.66 27.70 40.93

DistilBERTbase 31.73 46.47 63.23 6.65 12.46 24.98
DistilBERTbase-DSE 56.36 70.11 81.51 14.56 22.78 35.63

Table 11: Results on 0-shot response selection on AmazonQA (utterance-level) and DSTC7-Ubuntu (dialogue-level). DSE
leads to significant and consistent performance improvements on all the models.
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Abstract

Ethics is one of the longest standing intellectual
endeavors of humanity. In recent years, the
fields of AI and NLP have attempted to address
ethical issues of harmful outcomes in machine
learning systems that are made to interface
with humans. One recent approach in this vein
is the construction of NLP morality models that
can take in arbitrary text and output a moral
judgment about the situation described. In this
work, we offer a critique of such NLP methods
for automating ethical decision-making.
Through an audit of recent work on computa-
tional approaches for predicting morality, we
examine the broader issues that arise from such
efforts. We conclude with a discussion of how
machine ethics could usefully proceed in NLP,
by focusing on current and near-future uses
of technology, in a way that centers around
transparency, democratic values, and allows
for straightforward accountability.

1 Introduction

This paper offers a general critique of the nascent
NLP task of computing moral and ethical deci-
sions from text through reading a prominent system
for moral prediction, Jiang et al. (Delphi, 2021),
against the grain. We select Delphi for its promi-
nence, and because it has received significant atten-
tion and criticism from the general public.1 In con-
trast to that criticism, much of which has focused
on details of the particular outputs of the model,
our goal is to highlight broader, general issues with
the task of automatically predicting the morality of
judgments of text situations, and expound on why
any such NLP model should be considered unsafe
at any accuracy.

Work that uses NLP techniques to automate
morality “aims to assess the ability of [NLP]

∗Equal contribution.
1See e.g., coverage in The New York Times (Metz, 2021),

Techradar (Loeffler, 2021), Futurism (Tran, 2021), The Verge
(Vincent, 2021), or The Guardian (Noor, 2021).

models to make moral decisions in a broad set of
everyday . . . situations” (Jiang et al., 2021). Delphi,
is trained to emulate three conceptualizations of
human moral and ethical judgments (see Figure 1):
a free-form question answering (QA) task, a
Yes/No QA task, and relative QA task, the latter
judging how two statements rank in terms of
morality.2 The fact that the Delphi project includes
multiple conceptualizations of human moral and
ethical judgments makes it an ideal candidate for a
case study for morality models in NLP, as we will
argue that no currently existing conceptualization
of the morality task resolves the issues we outline
in this audit.

Through our discussion, we intend to highlight
that “ethical inquiry in any domain is not a test
to be passed or a culture to be interrogated, but a
complex social and cultural achievement” (Ananny,
2016), and offer a critique of machine ethics from
such a perspective. Our critique is divided into
several points of rebuttal to the task. First, we dis-
cuss issues with the conceptualization of the task
and the poor fit between the task and the learning
paradigms employed for it. Then, we discuss is-
sues with the training data available, as illustrated
by COMMONSENSE NORM BANK—the corpus
the authors develop to train Delphi—as a founda-
tion for training a machine learning model that
makes morality judgments. For example, it con-
tains judgments of situations that are not morality
judgments. We also consider the implication of
COMMONSENSE NORM BANK, i.e. that ethical
and moral judgments can be derived from short
text snippets with little context.

Next, we argue that, despite the authors’ asser-
tion that Delphi is “the first unified model of de-
scriptive ethics,” any model developed for the task
will necessarily be an inconsistent model of nor-

2Note that the relative QA task is no longer available in
the Ask Delphi demo, but we include it in our discussion for
completeness.
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stabbing someone with a cheeseburger
 stabbing someone over a cheeseburger
is MORE morally  
acceptable than

 killing a bear 

 to please your child

It’s bad

 killing a bear

It’s wrong

 killing a bear 

 to save your child

It’s okay

 exploding a nuclear bomb

 to save your child

It’s wrong

we should not pay 
women and men equally


No, we should

Relative QA

Free-form QA Yes/no QA

Figure 1: The three QA tasks Delphi computes (image source: Jiang et al. 2021). Note that the Relative QA fragment
“stabbing someone with a cheeseburger” is structurally ambiguous: Either (i) someone with a cheeseburger was
stabbed, or (ii) someone was stabbed using a cheeseburger. It is not clear whether (i) ought to be more morally
acceptable than “stabbing someone over a cheeseburger.”

mative ethics. Indeed, through generation, Delphi
outputs a prescriptive moral judgment for any input
situation. Given this, we also question (i) whether
there ever could be sufficient diversity of moral
judgment in a crowd-sourced dataset in practice,
and (ii) whether aiming for a “diversity of moral
perspective” is compatible with the desire for a
morality model (especially one trained on an un-
constrained crowd-sourced corpus).

We then turn to the inherent contradictions that
arise when modeling ethics by averaging over in-
dividual morality judgments. Systems like Delphi
are at best capable of approximating the morality
judgments of the population they were trained on.
However, the average human judgment is not a
good substitute for a system of ethics, since ethical
evaluation is an open-ended, debate-based, socio-
political process. Ethics are not a static good that
can be extracted from the public opinion of a given
moment, but are instead continuously formed and
negotiated through debate and dissent from previ-
ously accepted norms and values (see e.g., Wheeler
et al. 2019). Thus, averaging over existing argu-
ments cannot serve as a replacement for the pro-
cesses of debate and negotiation.

Finally, we discuss some practical implications
of the general prospect of utilizing Delphi-like mod-
els to automate moral decision-making. Systems
for predicting morality like Delphi, lack agency
and thus cannot be held responsible for their deci-
sions. This raises a concern over who ought to bear
the responsibility for any potential infraction such
systems could make if deployed in an envisioned
future. We therefore question an assumption im-
plicit in NLP projects like Delphi that models ought
to be ascribed the agency necessary to make moral
prescriptions. We contend that, without an appro-
priate method of holding an agent to account, moral
judgments are not of inherent utility, but dangerous:
Through foreclosing the possibility of debate and

contestation, such models undermine the essential
social foundations of ethical decision making.

We conclude the paper by discussing how we be-
lieve NLP work at the intersection of ethics and ma-
chine learning could usefully proceed. We believe
it is more crucial to address questions of morality
or ethics in current and near-future use of tech-
nology, rather than considering hypothetical and
distant-future uses (Birhane and van Dijk, 2020).
Furthermore, we believe inquiries into the moral-
ity and ethics of current and near-future uses must
keep actual human moral perspectives and their
contradictions firmly at the forefront. We end with
a word of caution: Researchers in NLP and AI
more broadly should not base their work on the
assumption of a particular future, as Delphi and
others do, where the application technology must
be made dependent on automated moral judgments,
and humans (be they crowd-workers, researchers
outside NLP, or other affected parties) have been
cut out of the loop.

2 Background

In this section, we describe and discuss relevant
previous work in ethical NLP and the assump-
tions behind the NLP task of generating moral
judgments and the creation of models like Delphi.
Incorporating ethics into NLP work explicitly is
a relatively new development (Hovy and Spruit,
2016). For example, the TALN ETeRNAL, the
first workshop on ethics in NLP, only took place
seven years ago. Recent works have begun to sup-
plement tasks like stance detection with additional
morality annotations (Rezapour et al., 2019), or to
use NLP tools to track changes in human moral-
ity over time (Ramezani et al., 2021). Other work
seeks to characterize what language models already
implicitly represent about morality by investigat-
ing their learned sentence representations (Jentzsch
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et al., 2019; Schramowski et al., 2020, 2021). Still
other works like Prabhumoye et al. (2021) and
Card and Smith (2020) focus on particular ethi-
cal theories and how they might be used in NLP
to guide our modeling efforts, and Bender et al.
(2020) foreground the importance of ethics training
in NLP education. Works like Jiang et al. (2021)
and Hendrycks et al. (2021) go beyond this in fine-
tuning language models to output moral prescrip-
tions for sentential descriptions of situations. As
such, Hendrycks et al. (2021) and Jiang et al. (2021)
each represent one further step along an evolving
trajectory in research on the intersection of NLP
and ethics: A shift from measurement and classi-
fication to generation, and thus from a murky mix
of descriptive and prescriptive aspects, to models
producing prescriptive outputs.

2.1 Underlying Ethical Assumptions

Here, we provide an overview of implicit and ex-
plicit assumptions made in the efforts to use ma-
chine learning to generate moral judgments, as ex-
emplified by Jiang et al. As input, they provide
linguistic descriptions of situations paired with hu-
man judgments about those situations to Delphi, in
the hope that it will arrive at a generalizable no-
tion of ethics. Given this operationalization, the
authors clearly assume that a valid system of ethics
can be approximated by a set of judgments com-
municated through snippets of text. Rather than
simply surveying judgments of different popula-
tions to arrive at a descriptive picture, as would
be standard in fields like psychology or sociology,
this approach attempts to extract general ethical
principles from individual judgments. As we will
argue in §3.2.1, this means Delphi is not a model
of descriptive ethics, as claimed, but rather one of
normative ethics.

Similar to Delphi is the work by Hendrycks et al.
(2021), which also trained machine learning mod-
els on sentences describing human ethical judg-
ments. Hendrycks et al. additionally provide their
model with explicit ethical perspectives to ground
against; for example, one may ask their model to
mimic a deontological or a utilitarian perspective.
In this way, Hendrycks et al. (2021) seek to draw
out salient norms from already normative schools
of ethical thought. Jiang et al. attempt to further
abstract away from the particularities of any par-
ticular ethical system and ethical thought through
their set-up of the task. In this way, Delphi engages

in concept drift (Malik, 2020), by modeling what
is operationalizable (text) rather than the concept
itself (situations and ethics). We discuss this design
choice in §3.1.

2.2 The Learning Paradigm
The goal of Delphi and similar projects is to use
a supervised learning paradigm (Vapnik, 2000) to
learn ethics. A pre-requisite to train such models
is a dataset labeled with ethical judgments for each
document. We examine COMMONSENSE NORM

BANK in §3.1, which Jiang et al. (2021) introduce
in the hopes that it can serve a “moral textbook cus-
tomized for machines.” COMMONSENSE NORM

BANK is an aggregation of previously published
datasets that are labeled with ethical judgments, in
addition to datasets which were labeled with other
tasks in mind.

The corpus consists of a set of pairs
{(sn, jn)}Nn=1 where sn is a textual description
of a situation and jn is a human annotator’s writ-
ten response to the situation (intended to be a
moral judgment). If such resources are used in a
fully supervised fashion, as Delphi is, developers
are will presumably train a neural machine learn-
ing model that minimizes the cross-entropy loss
−∑N

n=1 log p(jn | sn) or a similar loss function. 3

Even if we were to assume that p(j | s) is a
good model, i.e. it achieves low loss on the train-
ing data and generalizes well to held-out data, we
should temper our expectations over its potential
utility. For instance, we could at best expect that
the distribution p yields a similar distribution over
judgments for a given situation in the corpus as
one would achieve if one polled the population
that the corpus {(sn, jn)}Nn=1 was collected from.
However, one could not expect that p does more
than mimic the specific population the data was
collected from, at the specific time at which it was
collected.

2.3 Choice of Training Data
The source text for COMMONSENSE NORM BANK

comes from a variety of pre-existing sources. We
enumerate all source datasets Delphi was trained
with for completeness:

• ETHICS (Hendrycks et al., 2021), a partially
crowd-sourced a dataset of “clear cut” ethical

3See Kloumann and Tygert (2020) for discussion of tech-
nical and conceptual limitations that suggest we should not
rely solely on optimizing simple scalar objective values for
ML applications that impact real people in society.
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scenarios, labeled as either ethical or unethi-
cal, under 1 of 5 specified ethical schools of
thought;

• SOCIAL BIAS INFERENCE CORPUS (Sap
et al., 2020), a dataset of social media posts
annotated for whether the posts are offensive,
whether the posts’ authors intended to cause
offense, whether they contain sexual content,
and who the target of the post was;

• SCRUPLES (Lourie et al., 2021), a dataset that
contains anecdotes and dilemmas, where the
dilemmas, used by Jiang et al., consists of
natural language descriptions of two actions,
from which annotators selected one as the
least ethical;

• SOCIAL-CHEM-101 (Forbes et al., 2020),
crowd-sourced dataset of rules of thumbs that
are paired with an action and a judgment on
the action;

• MORAL STORIES (Emelin et al., 2020), a
dataset built on top of SOCIAL-CHEM-101,
where annotators were asked to write 7-
sentence stories that include “moral” and “im-
moral” actions taken, given a writing prompt.

The linguistic descriptions of situations in all
original datasets were either partially or fully
sourced from Reddit. Notably, “Am I The Ass-
hole” either entirely or substantially makes up three
of the underlying datasets: SCRUPLES (Lourie
et al., 2021), SOCIAL-CHEM-101 (Forbes et al.,
2020), and MORAL STORIES (Emelin et al., 2020).
MORAL STORIES uses SOCIAL-CHEM-101 as
their data source. The ETHICS dataset also, to a
lesser degree, contains data collected from Reddit,
that are subsequently annotated.

ETHICS is the only dataset that is annotated
for specific schools of ethical thought. Using the
ETHICS dataset, Hendrycks et al. (2021) proposed
a “commonsense morality prediction” task, which
mirrors Jiang et al. (2021) in its conceptualization
and aims, i.e. to make a normative prediction on
the morality of a given situation.

All data sources rely on crowd-workers on Ama-
zon Mechanical Turk (AMT) for the judgments.
Where annotator demographic information is pro-
vided along with the source datasets, the annotators
overwhelmingly identify as white and American.

3 Points of Criticism

Our criticism falls into two parts that relate to the
two stated contributions of Jiang et al. We first de-
scribe issues with COMMONSENSE NORM BANK,
namely the contents of data and its interpretation.
Second, we discuss general issues with the task
formulation and training of models like Delphi.

3.1 COMMONSENSE NORM BANK

Recall that Delphi’s learning paradigm relies on
p(j | s) being a good model (see §2.2). This re-
quires that the set of sampled textual descriptions
of situations {sn}Nn=1 is representative of the set
of all possible situations that require or allow for
moral judgments. It is unclear to us, however, how
one could determine what the necessary proper-
ties for a good, representative sample of situations
might be, let alone motivate that COMMONSENSE

NORM BANK is such a sample.

3.1.1 Modeling Situations through Text
Delphi operates on free-form text snippets that
serve as linguistic descriptions of situations. Since
these textual descriptions are used as stand-ins for
actual situations, the model crucially depends on
natural language understanding. However, the in-
put descriptions of situations are susceptible to the
full range of linguistic complexities that arise in
any NLP task, for example, textual ambiguities
arising about pronominal reference and pragmatic
considerations about who such pronouns actually
refer to (Byron, 2002).

In general, linguistic phenomena that induce am-
biguities are numerous and complicated, and it is
not yet known whether any deep neural network
model trained to perform any NLP task can handle
them, let alone whether Delphi can. In the words
of Jacob Eisenstein: “I don’t think we even reach
the question of how to handle ethical ambiguity
[in natural language] until we show we can handle
linguistic ambiguity first.”

3.1.2 More Than Just Moral Judgments
The data used to train and/or test Delphi frequently
contain judgments of other kinds. For example in
Jiang et al.’s Table 4, Delphi states about “Drinking
soy milk if I’m allergic to soy” that “It’s bad”. It’s
hard to picture this situation as requiring moral
judgment. It is not unethical for a person with a
soy allergy to drink soy milk—it may, however, be
uncomfortable or unhealthy for them. Moreover,
Delphi outputs “you shouldn’t” both to “Drinking
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coffee if you’re Mormon” and to “Drink[ing]
coffee if you’re pregnant” (Jiang et al.’s Table
13), presumably reflecting, in the former case, a
historical religious prohibition against caffeine
consumption by the Church of Jesus Christ of
Latter-day Saints, and in the latter, and a health
question. Similarly, Delphi returns “indefensible”
to politicized situations like “Cleaning a toilet bowl
with a national flag” (see Table 3 in Jiang et al.,
2021).Grouping medical advice, religious prescrip-
tions and political positions together as “descriptive
morality” conflates several types of judgments, not
all of which are obviously about morality.

Many of the examples provided in Jiang et al.
begin with modal verbs such as “should”. The
interpretation of modal verbs is well-known to
depend on the conversational backgrounds which
is often not made explicit (Kratzer, 1981, 2012).
Often, several conversational backgrounds are
possible—for example, the answer to “should
I do my homework?” can differ depending on
whether you want the answer in relation to your
desires (bouletic), your goals (teleological), or the
rules (deontic), and only the last of these could be
considered an ethical question.

3.1.3 Ethical Judgments in a Vacuum

Situations are provided to Delphi in a stripped
down form, where the only provided context comes
from the text snippet itself, i.e., the textual descrip-
tions of events are generally not grounded. This
is evidenced, for instance, by a lack of an explicit
sentential subject or the presence of a second per-
son pronoun—both of which are to be interpreted
as pertaining to any arbitrary moral agent (e.g.,
“stealing a ball while playing baseball” or “stealing
money if you are bored”).

However, as Etienne (2021) points out in a
related critique, embodied context may crucially
influence and even alter people’s moral stances: for
instance, Francis et al. (2016) find that participants
opt for different solutions to moral dilemmas when
they are presented as text versus as actions in
virtual reality simulations. Moreover, it is unclear,
and possibly not a priori determinable which forms
of contexts are relevant or required for a particular
moral decision. Thus, the lack of context may
introduce an empirical bias in sampling.

3.2 The Premise of Computational
Approaches Morality

This section explores the underlying premise of
computational approaches to morality, e.g. Delphi,
which, we contend, is not well founded.

3.2.1 Predictive Models are Normative
Even if we were to grant the possibility that a cor-
pus such as COMMONSENSE NORM BANK could
be a representative sample of situations and moral
judgments, this would merely suggest that it might
be useful for descriptive ethics, i.e., as a tool for
measuring and describing the ethical views of pop-
ulations. In that case, it would constitute an attempt
at a methodological innovation for describing hu-
man behavior (in which case, see also fn. 2) that
should be justified in standard ways, namely by
comparison with existing sociological and psycho-
logical methodologies, such as surveys, ethnogra-
phies, behavioral experiments, etc.4

However, we argue that a model that generates
moral judgments cannot avoid creating and rein-
forcing norms, i.e., being normative. A moral judg-
ment is inherently a prescription about how an ac-
tion or a state of the world ought to be. Since
it does, by its nature, rank possible states of the
world according to some ethical (non-)desirability,
a moral judgment is necessarily normative.

Throughout, the learning paradigm advocated
for by Jiang et al. conflates descriptive and norma-
tive ethics. The authors claim that Delphi is “the
first unified model of descriptive ethics,” and assert
that it is not a normative system, writing “rather
than modeling moral ‘truths’ based on prescrip-
tive notions of socio-normative standards, [Delphi
takes] a bottom-up approach to capture moral im-
plications of everyday actions in their immediate
context, appropriate to our current social and ethi-
cal climate” (p.4). However, a problem emerges in
that they subsequently use Delphi to make predic-
tions/judgments. At various points, Jiang et al. fore-
see a normative use of their system, going so far as
to suggest that Delphi may be used to “reason about
equity and inclusion” (p. 3). Their “position is that
enabling machine ethics requires a detailed moral

4If the goal of machine learning for morality is to better un-
derstand human behavior (descriptive ethics), such enterprises
might require oversight from institutional review boards over-
seeing human subjects research (IRB) wherever they straddle
the boundary between “annotation” and “research with hu-
man participants”. According to the NYU IRB guidelines, “If
you are asking a person’s opinion, it could be human subjects
research” (NYU Web Communications).
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textbook customized to teaching machines” (ibid.),
clearly styling machines as moral agents that can
be taught to make decisions. Descriptive models do
not require textbooks, and do not make decisions.

Whether or not the authors would advocate for
any particular version of Delphi to be used in this
way,5 they have nevertheless built a system for the
explicit purpose of computing ethical judgments.
And the very act of providing ethical judgments—
regardless of context—is normative.

The task in itself thus implies the induction of
a normative ethical framework from a set of judg-
ments. It is at this point that all of the aspects that
the authors consider the virtues of the dataset are
severely undermined. For example, Jiang et al. con-
sider the fact that COMMONSENSE NORM BANK

includes “diverse moral acceptability judgments
gathered through crowdsourced annotations” to be
a major advantage of their work (p.4). From a de-
scriptive perspective, diverse (that is conflicting)
ethical judgments are expected, but from a norma-
tive one, conflicting ethical judgments are simply
incommensurable. To argue then that diversity is
useful as a property of the set of moral judgments
from which to induce a normative ethical frame-
work is tantamount to arguing that an ideal ethical
model ought to be self-contradictory.

3.2.2 The Tyranny of the Mean: Problems
with Averaging Moral Judgments

In NLP, large-scale datasets are often collected
through crowd-sourcing. It is clear that this ap-
proach has great utility for some NLP tasks (Snow
et al., 2008). However, tasks for which crowd-
sourcing is a useful method have a particular empir-
ical character. For example, consider the historical
observational study of a contest where individuals
guessed the weight of an ox: Taking all the submis-
sions in aggregate, the mean was found to fall very
near the actual weight of the animal. Morality, on
the other hand, is not an empirical question in the
same way as the weight of an ox is. The latter has
a single empirically verifiable answer, whereas the
former does not. Indeed, we contend it is a cate-
gory error to treat morality as though it were the
same type of phenomenon as cow-weighing—in
short, morality is not a test to be passed.

By inducing a normative framework from a de-
scriptive dataset, as is the nature of the task de-

5The current website demo for Jiang et al. (2021) has the
following disclaimer “Model outputs should not be used for
advice for humans.”

vised by Jiang et al. and Hendrycks et al., the
average view is implicitly identified with morally
correctness. However, the average of moral judg-
ments, which frequently reflects a status-quo per-
spective, does not necessarily reflect an immutable
value, and may well be contested. For example,
anti-Roma views and discrimination are present
in much of Europe currently—in some areas held
by the majority of the population (European Com-
mission 2008; Kende et al. 2021). However, the
authors of this work believe such discrimination to
be unethical even though a machine learning model
trained on crowd-sourced human judgments could
inherit such views.

Ethical judgments are dynamic (Bicchieri, 2005).
John Stuart Mill (1871) put it succinctly:

It often happens that the universal be-
lief of one age of mankind [sic]—a be-
lief from which no one was, nor with-
out an extraordinary effort of genius
and courage, could at that time be free—
becomes to a subsequent age so palpable
an absurdity, that the only difficulty then
is to imagine how such a thing can ever
have appeared credible.

Notorious examples of views that are now widely
considered unacceptable include the institutional-
ized justification of slavery in the 19th century and
homophobia in 20th. It is unlikely that contempo-
raneous judgments will in principle be viewed any
differently by future generations than we view past
judgments—or, that contemporaneous ethical judg-
ments by one human population will transfer read-
ily to another. Historical changes like the abolition
of slavery and the growing acceptance of LGBTQ+
communities show that disagreement is essential
to the continual formation of a society’s ethical
perspectives. One democratic and participatory av-
enue for such disagreement is debate. Deriving a
normative model from a set of existing judgments
is tantamount to populism without democracy: It
contains an implicit appeal to majorities, but inso-
far as it is already normative, it lacks any direct
participation or recourse to debate.

If the continual (re-)formation of ethical perspec-
tives requires debate and disagreement, then the
right to contestation is essential to ethical reason-
ing at a socio-political level. Debate also requires
transparency about the norms in question. Neither
of these are afforded by a computational model for
normative moral judgments.
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3.2.3 Lack of Agency
In the last section, we argued that debate and con-
testation are essential to ethics. Naturally, the abil-
ity to partake in debate itself requires agency. How-
ever, recent critical scholarship on machine learn-
ing, and in particular on language models, argues
that large-scale language models mimic without
understanding (Bender et al., 2021), and don’t have
communicative intent (Bender and Koller, 2020)—
in short, they lack what is required.

Some suspicion that these capacities are in fact
requisite for ethical judgment is evident from the
ways in which Jiang et al. (2021) describes compu-
tational models (emphasis ours):

“Delphi showcases a considerable level
of cultural awareness of situations that
are sensitive to different identity groups”

“large-scale natural language models
have revealed implicit unethical consid-
erations, despite their exceptional per-
formance over mainstream NLP applica-
tions”

“Delphi demonstrates strong moral rea-
soning capabilities. . . Delphi makes re-
markably robust judgments on previ-
ously unseen moral situations that are
deliberately tricky. . . . In addition, Del-
phi can also reason about equity and
inclusion”

“encourage Delphi to be more robust
against different inflections of language”

“To empower Delphi with the ability
to reason about compositional and
grounded scenarios”

“Our position is that enabling machine
ethics requires a detailed moral text-
book customized to teaching machines”

Such anthropomorphism applied to machine
learning models presumes that machines reason in
a manner comparable to (or better than) humans.6

However, the learning paradigm adopted for
Delphi and similar systems, assumes neither
sentience nor agency: It presumes text–judgment
pairs alone are sufficient for the task.

6Of course, it is common in the field to talk about neural
models in ways that at least suggest animacy, such as teach-
ing/training a model or talking about its behavior. Consider,
however, that one would never say of a car that it “demon-
strates strong acceleration capabilities” or of an elevator that
“we empowered this elevator with the ability to ascend.”

3.2.4 Agency and Accountability

Agency is also at the heart of accountability—we
hold agents accountable for their deeds, not ma-
chines for their operations. In the case of a machine
like Delphi, however, who is accountable is inher-
ently obscured (Wagstaff, 2012). Crowd-workers
clearly have the agency to make moral decisions
and can, in principle, be held accountable for them.
This is why Jiang et al. chose to rely on them as a
source of moral judgments. On the other hand, a
model trained on this data, although it cannot itself
have agency, may appear to have agency, since it
recombines and outputs texts generated by humans.
By training Delphi, human agency has been trans-
formed into something that the original agents, the
crowd-workers, have no control over, or knowledge
about. Yet, the trained model uses their past agency
to pass novel judgments, based on some alleged—
but uncontestable—moral common sense, which
no one individual holds or is accountable for.

While Delphi is posed as the voice of the people,
it is conveniently not a voice of any particular per-
son, organization, or company. The responsibility
for any position Delphi holds (or possible future
action based on such positions) appears distributed,
while in the end, the effect of such decisions, if em-
ployed in real-world scenarios, will eventually need
to be accounted for. Under some legal systems,
citizens have the right to challenge automated deci-
sion making which affects their rights or legitimate
interests—for instance under the European Union’s
General Data Protection Regulation (GDPR) leg-
islation (Rodrigues, 2020). Imagine that a tech-
nology for moral prediction were to be embedded
within an autonomous system: The moral predic-
tions occurring within the system would be ob-
scured through layers of abstraction, thus leaving
users little room to contest such decisions on prin-
cipled grounds. The legal and ethical ramifications
remain unclear.

In summary, crowd-sourcing ethics in this way at
best obscures what is a set of problematic questions
that should be addressed openly and directly and
not inferred. Notably, Delphi represents one exam-
ple of a wider trend in AI. As Ganesh (2017) ar-
gues: “In the development of machine intelligence
towards [the goal of ethical self-driving cars], a
series...of shifts can be discerned: from accounting
for crashes after the fact, to pre-empting them; from
ethics that is about values, or reasoning, to ethics
as crowd-sourced, or based on statistics, and as
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the outcome of software engineering. Thus ethics-
as-accountability moves towards a more opaque,
narrow project.”

4 Future Directions for Machine Ethics

In this section, we discuss how accuracy improve-
ments alone cannot mitigate the problems with
work such as Delphi in §4.1 and encourage a shift
towards multi-disciplinary work in §4.2.

4.1 Unsafe at Any Accuracy

The introduction of any new technology into so-
ciety requires us to contemplate safety concerns
in the context of its proposed application (Nader,
1965). Consider, for instance, the seatbelt. One can
and indeed should acknowledge that seat belts are
effective at preventing automobile-related injuries
to occupants without needing to imbue them with
an understanding of human ethics or morality at all.
We can view concrete issues in AI safety through
the same lens that we view a seat belt: We can intro-
duce safety mechanisms directly without requiring
that the technology be able to reason about human
ethics; we can imagine machines that operate ac-
cording to moral or ethical guidelines (i.e., cars that
have safety features) as opposed to machines that
perform actual moral reasoning (Cave et al., 2018).

Jiang et al. and Hendrycks et al. implicitly envi-
sion a future where machine learning models could
be called upon to perform moral reasoning. At its
core, this vision is one of artificial general intelli-
gence (Goertzel and Pennachin, 2007), and similar
in scope and intent to the Moral Machine exper-
iment (Awad et al., 2018), which also sought to
leverage the “wisdom of the crowd” in proposing
frameworks for how a future self-driving car could
make decisions in speculative automotive accident
scenarios. Delphi and the Moral Machine thus con-
sider a future where AI is given agency to make
ethical decisions that ordinarily would be made by
a human. However, this is just one possible future.

An alternative vision of the future is one where
machine learning models primarily assist humans
in making decisions (Dick, 2015), i.e. where ma-
chine learning models are viewed as non-moral
agents as seat belts are. In such a future, we will
not need to endow machine learning models with
a sense of human ethics, just as we generally do
not feel the need to endow a seat belt with a sense
of human ethics. Furthermore, in this future, one
might prefer general strategies for reducing and

mitigating any harms machine learning may give
rise to. For instance, as it stands now, many ma-
chine learning models trained on language encode
harmful demographic biases that many works inves-
tigate through analysis of the models, their training
regimes, and the data that they rely on (Hall Maud-
slay et al., 2019; Zhao et al., 2019; Dinan et al.,
2020a,b; Vargas and Cotterell, 2020; Smith and
Williams, 2021; Talat et al., 2021), rather than seek-
ing to imbue models with a sense of ethics.

4.2 Machine Ethics is Multi-disciplinary

Jiang et al. (2021), like a large body of research
from computer science that ventures into other
fields, almost exclusively represents the perspec-
tives of computer scientists. Another paper solely
authored by computer scientists, Hendrycks et al.
(2021) cautions against such a narrow perspective,
stating that “computer scientists should draw on
knowledge from [our] enduring intellectual inher-
itance, and they should not ignore it by trying to
reinvent ethics from scratch” (p.3). Such disregard
of expertise is apparent in several places in Jiang
et al. (emphasis added):

“Fields like social science [sic], phi-
losophy, and psychology have produced
a variety of long-standing ethical the-
ories. However, attempting to apply
such theoretically-inspired guidelines
to make moral judgments of complex
real-life situations is arbitrary and sim-
plistic.”

Through disciplinary siloing researchers often un-
wittingly make simplistic assumptions that are, at
best, harmful to the research and, at worst, harmful
to people. We therefore recommend that machine
ethics and morality research should be performed
by a multi-disciplinary team, with members includ-
ing computer scientists, who can speak from di-
verse expertise about the object that is under study.

5 Conclusion

In this paper, we have offered a general critique
of the NLP task of generating moral judgments
through a targeted audit of Jiang et al. (2021). We
have highlighted issues with the operationalization
of the task, with the learning paradigm, and with
currently available training datasets. We have ar-
gued that the general enterprise is rooted in multi-
ple category errors: It belies a misunderstanding of
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the descriptive/normative distinction, and falsely
treats morality as a mere test to be passed. Ulti-
mately, automating ethical decisions forecloses pos-
sibilities for debate and contestation. Since these
are themselves prerequisites for the socio-political
process of ethical inquiry, such a task is inherently
incompatible with the social project of ethics.
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Abstract

The dominant paradigm for neural text gen-
eration is left-to-right decoding from autore-
gressive language models. Constrained or con-
trollable generation under complex lexical con-
straints, however, requires foresight to plan
ahead for feasible future paths.

Drawing inspiration from the A* search algo-
rithm, we propose NEUROLOGIC AFesque,1

a decoding algorithm that incorporates heuris-
tic estimates of future cost. We develop looka-
head heuristics that are efficient for large-scale
language models, making our method a drop-
in replacement for common techniques such
as beam search and top-k sampling. To en-
able constrained generation, we build on NEU-
ROLOGIC decoding (Lu et al., 2021), combin-
ing its flexibility in incorporating logical con-
straints with AFesque estimates of future con-
straint satisfaction.

Our approach outperforms competitive base-
lines on five generation tasks, and achieves
new state-of-the-art performance on table-to-
text generation, constrained machine trans-
lation, and keyword-constrained generation.
The improvements are particularly notable on
tasks that require complex constraint satisfac-
tion or in few-shot or zero-shot settings. NEU-
ROLOGIC AFesque illustrates the power of de-
coding for improving and enabling new capa-
bilities of large-scale language models.

1 Introduction

The dominant paradigm for neural text genera-
tion is based on left-to-right decoding from au-
toregressive language models such as GPT-2/3
(Radford et al., 2019; Brown et al., 2020). Un-
der this paradigm, common decoding techniques
such as beam search or top-k/p sampling (Holtz-
man et al., 2020) determine which token to generate
next based on what happened in the past, without
explicitly looking ahead into the future. While

1Pronounced [ey stAr Esk].

summer on the road

winter through the snow ✓
✗

I drive my car during the 

 Write a sentence with these concepts

car   drive   snow

p(w !past) = 0.4 A!

p(w !past) = 0.2
Figure 1: NEUROLOGICF leverages lookahead heuris-
tics to guide generations towards those that satisfy
the given task-specific constraints. In this example
from the COMMONGEN task, although summer is a
more likely next word given the already-generated past,
NEUROLOGICF looks ahead to see that selecting win-
ter results in a generation that incorporates unsatis-
fied constraint snow with a higher probability later on.
Thus, winter is preferred despite being lower probabil-
ity than summer.

this lack of foresight often suffices for open-ended
text generation – where any coherent text can be
acceptable – for constrained text generation, plan-
ning ahead is crucial for incorporating all desired
content in the generated output (Hu et al., 2017;
Dathathri et al., 2019).

Classical search algorithms such as A* search
(Hart et al., 1968; Pearl, 1984; Korf, 1985) ad-
dress the challenge of planning ahead by using
heuristic estimation of future cost when making
decisions. Drawing inspiration from A* search,
we develop NEUROLOGIC AFesque (shortened to
NEUROLOGICF), which combines A*-like heuris-
tic estimates of future cost (e.g., perplexity, con-
straint satisfaction) with common decoding algo-
rithms for neural text generation (e.g., beam search,
top-k sampling), while preserving the efficiency
demanded by large-scale neural language models.

As selecting the next token to generate based on
the optimal future cost is NP-complete (Chen et al.,
2018), we develop lookahead heuristics, which ap-
proximate cost at each decoding step based on con-
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tinuations of the sequence-so-far. Figure 1 shows
an example, where NEUROLOGIC AFesque guides
generation towards a decision that would have been
ignored based on the past alone, but is selected af-
ter looking ahead and incorporating the probability
that constraints are satisfied in the future.

Our approach builds on NEUROLOGIC Decod-
ing of Lu et al. (2021), a variation of beam-search
for controlling generation through rich logic-based
lexical constraints expressed in Conjunctive Nor-
mal Form (CNF). Our work generalizes Lu et al.
(2021) by (1) incorporating novel lookahead heuris-
tics to estimate future contraint satisfaction, and (2)
developing additional unconstrained variants that
can work with an empty set of constraints. These
new algorithm variants support broad applications
of NEUROLOGICF, including unconstrained gen-
eration, as demonstrated in our experiments.

Our experiments across five generation tasks
demonstrate that our approach outperforms com-
petitive baselines. We test NEUROLOGICF in
conjunction with both supervised and unsuper-
vised models and find that the performance gain
is pronounced especially in zero-shot or few-shot
settings. On the COMMONGEN benchmark, using
NEUROLOGICF with an off-the-shelf language
model outperforms a host of supervised baselines
with conventional decoding algorithms, demon-
strating that a strong inference-time algorithm such
as NEUROLOGICF can alleviate the need for costly
annotated datasets. Moreover, NEUROLOGICF

achieves state-of-the-art performance in various set-
tings, including WMT17 English-German machine
translation with lexical constraints (Dinu et al.,
2019) and few-shot E2ENLG table-to-text genera-
tion (Chen et al., 2020b).

In summary, we develop NEUROLOGIC

AFesque, a new decoding algorithm for effective
and efficient text generation. To our knowledge
this is the first A*-like algorithm for guided text
generation via lookahead heuristics. Our algorithm
is versatile, as it can be applied to a variety of tasks
via inference-time constraints, reducing the need
for costly labeled data. Extensive experiments
show its effectiveness on several important
generation benchmarks.

2 NEUROLOGIC AFesque Decoding

We describe NEUROLOGIC AFesque Decoding
(shortened as NEUROLOGICF), our decoding algo-
rithm motivated by A∗ search (Hart et al., 1968), a

best-first search algorithm that finds high-scoring
paths using a heuristic estimate of future return.
We first introduce the decoding problem, and then
describe our heuristics with a novel lookahead pro-
cedure for adapting NEUROLOGICF search to un-
constrained and constrained generation with large-
scale autoregressive models.

2.1 Decoding With AFesque Lookahead

Decoding. Sequence-to-sequence generation is
the task of generating an output sequence y given
an input sequence x. We consider standard left-
to-right, autoregressive models, pθ(y | x) =∏|y|
t=1 pθ(yt | y<t,x), and omit x to reduce clutter.

Decoding consists of solving,

y∗ = argmax
y∈Y

F (y), (1)

where Y is the set of all sequences. In our setting,
the objective F (y) takes the form s(y) + H(y),
where s(y) is log pθ(y), and H(y) is either zero
when no constraints are specified, or is a score for
satisfying constraints on y.

Our method takes the perspective of decoding
as discrete search, in which states are partial pre-
fixes, y<t, actions are tokens in vocabulary V (i.e.,
yt ∈ V), and transitions add a token to a prefix,
y<t ◦ yt. Each step of decoding consists of (1) ex-
panding a set of candidate next-states, (2) scoring
each candidate, and (3) selecting the k best candi-
dates:

Y ′t = {y<t ◦ yt | y<t ∈ Yt−1, yt ∈ V},
Yt = arg topk

(y<t,yt)∈Y ′t
{f(y<t, yt)} , (2)

where Y0 = {〈bos〉} and f(·) is a scoring func-
tion that approximates the objective F . Common
decoding algorithms such as beam search score
candidates without considering future tokens, e.g.,
f(y<t, yt) = log pθ(y≤t).

Lookahead heuristics. Our method incorpo-
rates an estimate of the future into candidate se-
lection. Ideally, we want to select candidates that
are on optimal trajectories, replacing Equation 2
with:

Yt = arg topk
(y<t,yt)∈Y ′t

{
max
y>t

F (y<t, yt,y>t)

}
, (3)

where y>t represents future trajectories. However,
computing Equation 3 presents two difficulties: 1)
the objective F (y) may be unknown or difficult to
compute, and 2) the space of y>t is prohibitively
large.
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Motivated by A∗ search (Hart et al., 1968), a
best-first search algorithm that finds high-scoring
paths by selecting actions that maximize:

f(a) = s(a) + h(a),

where s(a) is the score-so-far and h(a) is a heuris-
tic estimate of the future score, we approximate the
objective using a lightweight heuristic h(·):

Yt = arg topk
y≤t∈Y ′t

{
s(y≤t) + max

y>t
h(y<t, yt,y>t)

}
,

(4)

where s(y≤t) = log pθ(y≤t). To make the search
tractable, we search over a set of lookahead contin-
uations, approximating Equation 3 as,

Yt = arg topk
y≤t∈Y ′t

{
s(y≤t) + max

L`(y≤t)
h(y≤t+`)

}
,

(5)

where each element yt+1:t+` ofL`(y≤t) is a length-
` continuation of y≤t. Beam search corresponds to
setting ` and h to 0.

AFesque decoding. Beam search, A* search,
and our method fall under a general class of algo-
rithms that differ based on (1) which candidates are
expanded, (2) which candidates are pruned, (3) how
candidates are scored (Meister et al., 2020). We in-
herit the practical advantages of beam search-style
expansion and pruning, while drawing on A*-like
heuristics to incorporate estimates of the future,
and refer to our method as AFesque decoding.

Generating lookaheads. We compare several
methods for generating the lookaheads L`(y≤t).

The greedy lookahead produces a single se-
quence, L` = {yt+1:t+`}, starting from y≤t
and selecting each token according to yt′ =
argmaxy∈V pθ(y | y<t′).

We also consider a soft lookahead which inter-
polates between providing the greedy token and
a uniform mixture of tokens as input at each step.
Specifically, we adjust the model’s probabilities
with a temperature, p̃θ(yt | y<t) = softmax(st/τ),
where st ∈ R|V| is a vector of logits, and feed the
expected token embedding as input at step t,

et = Eyt∼p̃(yt|y<t)[E(yt)], (6)

where E ∈ R|V|×d is the model’s token embedding
matrix. The soft lookahead moves from providing
the greedy token as input (τ → 0) to a uniform
mixture of tokens (τ → ∞) based on the value
of temperature τ . When using the soft lookahead,
we use p̃ in place of p when scoring tokens. The

soft (and greedy) lookahead is efficient, but only
explores a single trajectory.

The beam lookahead trades off efficiency for
exploration, returning a set L` containing the top-k
candidates obtained by running beam search for `
steps starting from y<t.

Finally, the sampling lookahead explores be-
yond the highly-probable beam search continua-
tions, generating each yt+1:t+` ∈ L` using,

yt′ ∼ pθ(y | y<t′),
for t′ from t+1 to t+k.

Next, we move to our proposed lookahead heuris-
tics, starting with the unconstrained setting.

2.2 Unconstrained Generation with
NEUROLOGICF

First we consider a standard decoding setting,

argmax
y∈Y

log pθ(y | x).

We score candidates based on a combination of the
history and estimated future, by using the likeli-
hood of the lookahead as a heuristic. That is, at the
tth step of decoding, we use Equation 5 with:

h(y≤t+`) = λ log pθ(yt+1:t+` | y≤t,x), (7)

where λ controls how much we rely on the esti-
mated future versus the history, similar to weighted
A* (Pohl, 1970).

2.3 NEUROLOGICF for Constrained
Generation

Our lookahead heuristics lend themselves to de-
coding with lexical constraints in a way that stan-
dard beam search does not. For constrained gener-
ation, we build on and generalize NEUROLOGIC

decoding algorithm of Lu et al. (2021)—a beam-
based search algorithm that supports a wide class
of logical constraints for lexically constrained
generation—with estimates of future constraint sat-
isfaction.

Background of NEUROLOGIC. NEUROLOGIC

(Lu et al., 2021) accepts lexical constraints in CNF:
(
D1 ∨D2 · · · ∨Di

)
︸ ︷︷ ︸

C1

∧ · · · ∧
(
Di′ ∨ · · · ∨DN

)
︸ ︷︷ ︸

CM

where each Di represents a single positive or nega-
tive constraint, D(a, y) or ¬D(a, y), enforcing the
phrase a to be included in or omitted from y. Lu
et al. (2021) refer to each constraint Di as a literal,
and each disjunction Cj of literals as a clause.
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NEUROLOGIC is a beam-based approximate
search for an objective which seeks fluent se-
quences in which all clauses are satisfied:

argmax
y∈Y

pθ(y | x)− λ′
M∑

j=1

(1− Cj),

where λ′ � 0 penalizes unsatisfied clauses. At
each step of the search, NEUROLOGIC scores each
of the k×|V| candidates (y<t, yt) based on whether
they (partially) satisfy new constraints,

f(y≤t) = log pθ(y≤t | x) + λ1 max
D(a,y≤t)

|â|
|a| , (8)

where the maximization is over a set of unsatis-
fied multi-token constraints a tracked by NEURO-
LOGIC, and â is the prefix of a in the ongoing gen-
eration. For example, for y≤t =“The boy climbs an
apple” and constraint a=“apple tree”, â is “apple”.
Intuitively, this function rewards candidates that
are in the process of satisfying a constraint.

In lieu of taking the top-k scoring candidates
(Equation 5), NEUROLOGIC prunes candidates that
contain clauses that violate constraints, groups the
candidates to promote diversity, and selects high-
scoring candidates from each group. We use the
same pruning and grouping approach, and refer the
reader to Lu et al. (2021) for further details.

NEUROLOGICF decoding. Our method im-
proves upon the NEUROLOGIC scoring function
with an estimate of future constraint satisfaction.
Our key addition is a lookahead heuristic that ad-
justs a candidate (y<t, yt)’s score proportional to
the probability of satisfying additional unsatisfied
constraints in the lookahead yt+1:t+`:

hfuture(y≤t+`) =

λ2 max
D(a,y≤t)

log pθ(D(a,yt+1:t+`) | x,y≤t), (9)

where we define the probability that constraint a is
satisfied using the most probable subsequence,

pθ(D(a,yt+1:t+`) | x,y≤t) =
max

t′∈[t,t+`]
pθ(yt′:t′+|a| = a | x,y<t′), (10)

λ2 is a scaling hyperparameter for the heuristic.
Intuitively, this lookahead heuristic brings two

benefits. When yt is a token that would satisfy a
multi-token constraint, the lookahead incorporates
the score of the full constraint. When yt is a token
that is not part of a constraint, the lookahead allows
for incorporating the score of a future constraint
that would be satisfied if yt was selected.

We add our lookahead heuristic to the NEU-
ROLOGIC scoring function (Equation 8), and call
the resulting decoding procedure NEUROLOGIC

AFesque (or, NEUROLOGICF in short).

3 Experiments

We first consider constrained generation bench-
marks: COMMONGEN (§3.1), constrained machine
translation (§3.2), table-to-text generation (§3.3),
and constrained question generation (§3.4).
NEUROLOGICF consistently outperforms previ-
ous approaches, especially in zero-shot and few-
shot cases. These low-resource settings are particu-
larly important, as many practical tasks face data
scarcity. Finally, we find that AFesque lookahead
is useful even without constraints, as shown in un-
constrained story generation task (§3.5).

Metrics. As automatic metrics, we use:
BLEU (Papineni et al., 2002), ROUGE (Lin,
2004), METEOR (Banerjee and Lavie, 2005),
CIDEr (Vedantam et al., 2015), SPICE (Anderson
et al., 2016) and NIST (Lin and Hovy, 2003).

3.1 Constrained Commonsense Generation
COMMONGEN (Lin et al., 2020) is a commonsense
generation task with lexical constraints: given a set
of concepts (e.g., {throw, run, javelin, track}), mod-
els need to generate a coherent sentence describing
a plausible scenario using all given concepts (e.g.,
“a man runs on a track and throws a javelin.”).

Approach and Baselines. Following Lu et al.
(2021), we enforce that each concept ci appear in
output y under some morphological inflection. We
test in both supervised and zero-shot settings. In
the supervised setting, we finetune GPT-2 (Radford
et al., 2019) as a sequence-to-sequence model. In
the zero-shot setting, we use GPT-2 off-the-shelf
(no fine-tuning) and rely on constrained decoding
to guide generation. We compare with previous
constrained decoding algorithms CBS (Anderson
et al., 2017), GBS (Hokamp and Liu, 2017), DBA
(Post and Vilar, 2018a), NEUROLOGIC (Lu et al.,
2021) and TSMH (Zhang et al., 2020).

Metrics. We report standard automatic metrics
as well as coverage, the average percentage of con-
cepts present in generations. Additionally, we con-
duct human evaluation on 100 test examples using
Amazon Mechanical Turk (AMT), with 3 annota-
tors per example (template in Appendix D). Work-
ers rate each generation on language quality, sce-
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Decode Method
Automatic Evaluation Human Evaluation

ROUGE-L BLEU-4 METEOR CIDEr SPICE Coverage Quality Plausibility Concepts Overall
Supervised
CBS (Anderson et al., 2017) 38.8 20.6 28.5 12.9 27.1 97.6 2.27 2.35 2.51 2.23
GBS (Hokamp and Liu, 2017) 38.2 18.4 26.7 11.7 26.1 97.4 2.06 2.17 2.29 2.01
DBA (Post and Vilar, 2018a) 38.3 18.7 27.7 12.4 26.3 97.5 2.23 2.30 2.43 2.15
NEUROLOGIC (Lu et al., 2021) 42.8 26.7 30.2 14.7 30.3 97.7 2.54 2.56 2.67 2.50
NEUROLOGICF (greedy) 43.6 28.2 30.8 15.2 30.8 97.8 2.66 2.67 2.73 2.59
NEUROLOGICF (sample) 43.4 27.9 30.8 15.3 31.0 97.7 2.64 2.64 2.74 2.58
NEUROLOGICF (beam) 43.2 28.2 30.7 15.2 31.0 97.6 2.68 2.67 2.76 2.60
Unsupervised
TSMH (Zhang et al., 2020) 24.7 2.2 14.5 3.6 15.4 71.5 1.85 1.92 1.95 1.63
NEUROLOGIC (Lu et al., 2021) 41.9 24.7 29.5 14.4 27.5 96.7 2.64 2.52 2.68 2.50
NEUROLOGICF (greedy) 44.3 28.6 30.7 15.6 29.6 97.1 2.78 2.70 2.77 2.70

Table 1: Performance of various decoding methods with supervised or off-the-shelf GPT-2 on the COMMONGEN test
set, measured with automatic and human evaluations. We only tried NEUROLOGICF (greedy) in the unsupervised
setting because of the computational cost. The best numbers are bolded and the second best ones are underlined.

Words Method Generation

cut GBS Cut a piece of wood to use as a fence.
piece DBA Cut a piece of wood to use as a fence.
use NEUROLOGIC Piece of wood used for cutting.
wood NEUROLOGICF A man cuts a piece of wood using a circular saw.

ball GBS A dog is run over by a ball and mouth agape.
dog DBA A dog is run over by a ball and bites his mouth.
mouth NEUROLOGIC A dog is running and chewing on a ball in its mouth.
run NEUROLOGICF A dog running with a ball in its mouth.

dog GBS Soap and water scrubbed dog with a towel.
scrub DBA Soap and water on a dog and scrubbed skin.
soap NEUROLOGIC A dog is scrubbing his paws with soap and water.
water NEUROLOGICF A man is scrubbing a dog with soap and water.

Table 2: Example generations for the COMMONGEN task
across supervised NEUROLOGICF and baselines, in-
cluding GBS (Hokamp and Liu, 2017), DBA (Post and
Vilar, 2018a), and NEUROLOGIC (Lu et al., 2021).

nario plausibility, coverage of given concepts, and
an overall score on a 3-point Likert scale.2

Results. Table 1 compares different constrained
decoding methods on top of the finetuned and off-
the-shelf GPT-2, in supervised and zero-shot set-
tings respectively. The key observations are:
1. NEUROLOGICF outperforms all previous

constrained-decoding methods in both super-
vised and zero-shot settings. Surprisingly, un-
supervised NEUROLOGICF outperforms all su-
pervised methods based on human evaluation.

2. Compared to vanilla NEUROLOGIC,
NEUROLOGICF improves generation quality
while maintaining high constraint satisfaction.
The difference is especially substantial in the
zero-shot setting. Intuitively, this setting leaves

2Agreement by ordinal Krippendorff alpha (0 ≤ α ≤ 1)
(Krippendorff, 2007) is 0.40, 0.46, 0.36, and 0.44 (respec-
tively) indicating fair to moderate agreement.

Method Dinu et al. Marian MT
BLEU Term% BLEU Term%

Unconstrained 25.8 76.3 32.9 85.0
train-by-app. 26.0 92.9 – –
train-by-rep. 26.0 94.5 – –
Post and Vilar (2018a) 25.3 82.0 33.0 94.3
NEUROLOGIC 26.5 95.1 33.4 97.1
NEUROLOGICF (greedy) 26.7 95.8 33.7 97.2
NEUROLOGICF (sample) 26.6 95.4 33.7 97.2
NEUROLOGICF (beam) 26.6 95.8 33.6 97.2

Table 3: Results on constrained MT. The left section
uses the same two-layer transformer as Dinu et al.
(2019), while the right one uses a stronger Marian MT
EN-DE model. The highlighted methods modify train-
ing data specifically for constrained generation, and
thus cannot be applied to off-the-shelf models. The best
numbers are bold, second best are underlined.

more room for incorporating constraint-driven
signals due to the lack of supervision.

3. NEUROLOGICF reaches similar performance
using different lookahead strategies, among
which beam lookahead slightly outperforms the
others based on human evaluation, and greedy
lookahead has the lowest runtime. We analyze
lookahead strategies further in Appendix A.

3.2 Constrained Machine Translation

Next, we test on constrained machine translation
(MT). It is often critical to have control over MT
systems, such as to incorporate domain-specific
terminology (Post and Vilar, 2018a; Dinu et al.,
2019). To achieve this goal, recent work pro-
posed constrained decoding algorithms (Chatterjee
et al., 2017; Hokamp and Liu, 2017; Hasler et al.,
2018; Hu et al., 2019, inter alia) or specialized
training (Dinu et al., 2019). We demonstrate that
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# T # Sents. Decode Method BLEU Term%

1 378
Beam search 25.4 79.6
NEUROLOGIC 26.2 95.2
NEUROLOGICF 26.3 95.8

2+ 36
Beam search 28.1 85.0
NEUROLOGIC 28.9 93.7
NEUROLOGICF 29.3 96.5

Table 4: Constrained MT performance broken down by
the number of constraint terms (# T). All configurations
use the two-layer tranformer from Dinu et al. (2019).
The best numbers are bolded and the second best ones
are underlined.

NEUROLOGICF can be readily applied to off-the-
shelf MT systems for constrained machine trans-
lation. We follow Dinu et al. (2019) and evaluate
on the WMT17 EN-DE test set (Bojar et al., 2017).
The constraint here is to integrate given custom
terminologies into the translation output; constraint
terms are automatically created from the IATE EU
terminology database for 414 test sentences.

Approach, Baselines, and Metrics. We exper-
iment with two MT systems: Dinu et al. (two-
layer transformer) and the off-the-shelf Marian MT
(Junczys-Dowmunt et al., 2018). We compare with
previous constrained decoding algorithms, includ-
ing DBA (Post and Vilar, 2018a), NEUROLOGIC

(Lu et al., 2021), and also specialized training pro-
posed by Dinu et al. (2019). Following Dinu et al.
(2019), we report BLEU and term use rates, i.e.,
percentage of times given constraint terms were
generated out of total number of constraint terms.

Results. Table 3 presents experimental results
with Dinu et al.’s model and Marian MT. In both
cases, NEUROLOGICF outperforms prior methods
in BLEU and term coverage. Besides higher qual-
ity and coverage, NEUROLOGICF is plug-and-play,
working with any off-the-shelf MT system, unlike
previous training-based methods. Table 4 breaks
down the performance by the number of constraint
terms. We see that the improvement brought by
NEUROLOGICF is especially large when given
complex constraints with multiple terms. (e.g., 96.5
vs. 93.7 from NEUROLOGIC in term of coverage).

3.3 Table-to-text Generation

Next we test on the table-to-text task, where mod-
els need to generate natural language for structured
table data. Constrained generation ensures that the
output text is factual and consistent with the in-
put data. We follow the few-shot setup of Chen
et al. (2020b) on the E2ENLG (Dušek et al., 2018)

Decode Method NIST BLEU METEOR CIDEr ROUGE Coverage
Beam Search 3.82 42.8 32.6 10.8 57.8 73.6
CBS 6.50 42.3 36.4 13.0 54.3 91.6
GBS 6.26 40.7 36.7 12.9 54.2 94.1
NEUROLOGIC 6.95 47.6 38.9 16.3 58.7 97.6
NEUROLOGICF (greedy) 7.11 49.2 40.0 17.5 60.0 100.0
NEUROLOGICF (beam) 7.01 48.9 40.0 17.2 59.8 99.9
NEUROLOGICF (sample) 7.11 49.3 40.1 17.5 60.0 100.0

Table 5: Performance of different decoding methods
with few-shot GPT-2 finetuned on 0.1% E2ENLG data.
The best numbers are bold, second best are underlined.

Method 0.1% 0.5% 1% 5%
TGen (Dušek and Jurčíček, 2016) 3.6 27.9 35.2 57.3
Template-GPT-2 (Chen et al., 2020a) 22.5 47.8 53.3 59.9
KGPT-Graph (Chen et al., 2020b) 39.8 53.3 55.1 61.5
KGPT-Seq (Chen et al., 2020b) 40.2 53.0 54.1 61.1
GPT-2 42.8 57.1 56.8 61.1
GPT-2 + NEUROLOGIC 47.6 56.9 58.0 62.9
GPT-2 + NEUROLOGICF (greedy) 49.2 58.0 58.4 63.4

Table 6: Few-shot results (BLEU-4) on E2ENLG test
set with 0.1%, 0.5%, 1%, 5% of training instances. The
best numbers are bold, second best are underlined.

dataset, where randomly-sampled 0.1%, 0.5%, 1%,
or 5% of training instances are used for finetuning.

Approach, Baselines, and Metrics. Following
Shen et al. (2019), we linearize data tables into
strings and finetune GPT-2 with few-shot examples.
We compare NEUROLOGICF with three previous
constrained decoding algorithms: CBS (Anderson
et al., 2017), GBS (Hokamp and Liu, 2017), and
NEUROLOGIC (Lu et al., 2021), based on few-shot
GPT-2 finetuned with 0.1% data. Then we com-
pare NEUROLOGICF on top of GPT-2, with previ-
ous table-to-text methods, including TGen (Dušek
and Jurčíček, 2016), Template-GPT-2 (Chen et al.,
2020a), KGPT (Chen et al., 2020b), in multiple
few-shot settings with various numbers of training
instances. We report standard automatic metrics, as
well as information coverage, i.e., percentage of
information present in the generation.

Results. Table 5 compares various decoding
methods with few-shot GPT-2 finetuned on 0.1%
of the data. NEUROLOGICF substantially outper-
forms previous methods on all metrics, consistently
improving quality while achieving near-perfect con-
straint satisfaction. Previous work (CBS and GBS)
improves constraint satisfaction, but negatively af-
fects quality, indicated by drops in BLEU and
ROUGE. Table 6 compares NEUROLOGICF on top
of GPT-2 with previous table-to-text approaches.
As before, NEUROLOGICF outperforms past ap-
proaches by a large margin, even if the latter ones
leverage specialized model architectures or addi-
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Figure 2: Performance (y-axis) of supervised GPT-2 on
E2ENLG, with a varying percentage of training data for
supervision (x-axis). The purple, blue, and black lines
denote decoding with NEUROLOGICF, NEUROLOGIC
and conventional beam search, respectively.

tional pretraining on massive table-to-text corpora.
Additionally, Figure 2 compares the performance
(y-axis) of few-shot GPT-2 with NEUROLOGICF

(purple line), NEUROLOGIC (blue line), and con-
ventional beam search (black line) as a function
of the varying percentage of training instances (x-
axis). The benefit of NEUROLOGICF grows as data
size is reduced. Indeed, constrained decoding en-
ables impressive low-resource performance.

3.4 Constrained Question Generation
Next, we consider constrained question generation
(Zhang et al., 2020), where models need to generate
interrogative questions using given keywords. This
task is zero-shot without any training data, further
testing the capacity of NEUROLOGICF to guide
off-the-shelf models without finetuning.

Approach, Baselines, and Metrics. We use
GPT-2 off-the-shelf and compare NEUROLOGICF

with previous constrained decoding methods, in-
cluding CGMH (Miao et al., 2019), TSMH (Zhang
et al., 2020) and NEUROLOGIC (Lu et al., 2021).
We report standard generation metrics and keyword
coverage as in §3.1. We conduct human evaluation
following subsection 3.1, to measure grammar, flu-
ency, meaningfulness, and overall quality of the
generated questions, using a 3-point Likert scale3

(template in Appendix D).

Results. Table 7 presents comparisons across dif-
ferent decoding methods based on off-the-shelf lan-
guage models. NEUROLOGICF outperforms all
previous methods with respect to both automatic
and manual metrics; it enhances the generation
quality while achieving perfect constraint satisfac-
tion. The difference between NEUROLOGIC and
NEUROLOGICF is particularly large compared to
other tasks. We suspect that the search problem is

3Agreement by ordinal Krippendorff alpha (0 ≤ α ≤ 1)
(Krippendorff, 2007) is 0.27, 0.28, 0.25 and 0.30, indicating
fair agreement.

much harder here, due to the lack of supervision
and complex logical constraints involving both key-
words and syntax. As a whole, the results demon-
strate the effectiveness of NEUROLOGICF in tack-
ling challenging constrained generation problems.

3.5 Unconstrained Story Generation
Finally, we demonstrate NEUROLOGICF can also
improve unconstrained generation. We investigate
whether AFesque decoding with our unconstrained
lookahead heuristic (Equation 7) can (1) improve
beam search, which typically struggles in open-
ended settings (Holtzman et al., 2020; Welleck
et al., 2019b), and (2) improve sampling algorithms
that are commonly used in open-ended generation.
We consider conditional story generation on the
RocStories dataset (Mostafazadeh et al., 2016):
given a first sentence x, generate the full story y.

Approach, Baselines and Metrics. We use
GPT-2, fine-tuned on the RocStories training set.
We apply AFesque decoding to (1) beam search,
the setting used so far in the experiments, and (2)
top-k sampling (Fan et al., 2018), a commonly used
sampling algorithm in open-ended generation. For
top-k sampling, we use the heuristic to adjust the
probability scores, then renormalize. We use stan-
dard automatic metrics: perplexity and BLEU for
fluency, and unique n-grams as a measure of di-
versity. We conduct human evaluation following
subsection 3.1, for story flow and overall quality on
a 3-point Likert scale4 (template in Appendix D).

Results. Table 8 presents the results of beam
search and top-k sampling with and without
AFesque heuristics. AFesque heuristics result in
more fluent, coherent and interesting stories for
both beam search and top-k sampling. For beam
search, AFesque not only enhances generation
quality– e.g. improving human evaluation scores
from 2.32 to 2.63–but also boosts generation diver-
sity, reflected by number of unique n-grams. For
top-k sampling, AFesque heuristics improve qual-
ity, while maintaining comparable diversity. We
further analyze quality and diversity tradeoff in
Appendix A. Moreover, we notice that beam looka-
head works the best for beam search, and greedy
lookahead works the best for top-k sampling. We
suspect that beam lookahead gives the most accu-
rate estimate of future beam path, while greedy

4Agreement by ordinal Krippendorff alpha (0 ≤ α ≤ 1)
(Krippendorff, 2007) of 0.24 and 0.22 (respectively), indicat-
ing fair agreement.
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Decode Method
Automatic Evaluation Human Evaluation

ROUGE BLEU METEOR CIDEr SPICE Coverage Grammar Fluency Meaningfulness Overall
CGMH (Miao et al., 2019) 28.8 2.0 18.0 5.5 21.5 18.3 2.28 2.34 2.11 2.02
TSMH (Zhang et al., 2020) 42.0 4.3 25.9 10.4 37.7 92.7 2.35 2.28 2.37 2.22
NEUROLOGIC (Lu et al., 2021) 38.8 11.2 24.5 18.0 41.7 90.6 2.78 2.71 2.49 2.51
NEUROLOGICF (greedy) 43.7 14.7 28.0 20.9 47.7 100.0 2.83 2.77 2.74 2.76
NEUROLOGICF (beam) 42.9 14.4 27.8 20.3 46.9 100.0 2.81 2.86 2.76 2.75
NEUROLOGICF (sample) 43.5 14.6 28.2 20.8 47.8 100.0 2.83 2.75 2.76 2.73

Table 7: Performance of different unsupervised decoding algorithms on constrained question generation.

Decode Method
Fluency Diversity Human Eval

PPL BLEU-1 BLEU-2 Uniq. 2-gram Uniq. 3-gram Uniq. 4-gram Coherence Overall
beam search 2.24 33.7 16.5 20.13k 34.09k 41.91k 2.46 2.32
beam search + AFesque (greedy) 2.11 34.3 16.7 20.63k 34.94k 43.02k 2.56 2.57
beam search + AFesque (beam) 2.14 34.4 16.8 20.68k 35.03k 43.12k 2.62 2.63
beam search + AFesque (sample) 2.16 34.4 16.7 20.78k 35.41k 43.64k 2.59 2.57
top-k sample 4.01 31.4 13.9 28.54k 48.36k 56.62k 2.23 2.15
top-k sample + AFesque (greedy) 3.68 32.1 14.3 28.47k 48.44k 56.63k 2.48 2.47
top-k sample + AFesque (beam) 3.75 32.2 14.4 28.53k 48.27k 56.36k 2.39 2.34
top-k sample + AFesque (sample) 3.70 32.0 14.2 28.57k 48.04k 56.15k 2.47 2.44

Table 8: Performance of different decoding algorithms on RocStories test set.

lookahead provides an estimate which better re-
sembles a continuation from top-k sampling.

4 Related Work

A* search in NLP. Many classical NLP prob-
lems (e.g., parsing, text alignment) can be seen
as structured prediction subject to a set of task-
specific constraints. For many such problems, A*
search has been used effectively (Och et al., 2001;
Haghighi et al., 2007; Hopkins and Langmead,
2009; Meister et al., 2020). For example, Klein
and Manning (2003); Zhang and Gildea (2006);
Auli and Lopez (2011); Lee et al. (2016) have used
it in the context of parsing. Similar approaches are
used for finding high-probability alignments (Naim
et al., 2013). Despite these applications, applying
informed heuristic search to text generation with
autoregressive language models (this work’s focus)
has been underexplored.

Decoding strategies for text generation. The
rise of autoregressive language models like
GPT (Radford et al., 2018) has inspired work on
decoding strategies (Post and Vilar, 2018a; Ippolito
et al., 2019; Zheng et al., 2020; Leblond et al.,
2021; West et al., 2021). These works often fo-
cus on incorporating factors like diversity (Ippolito
et al., 2019), fluency (Holtzman et al., 2020), or
constraints (Anderson et al., 2017; Hokamp and
Liu, 2017; Post and Vilar, 2018b; Miao et al.,
2019; Welleck et al., 2019a; Zhang et al., 2020;
Qin et al., 2020; Lu et al., 2021). Constrained

beam search (Anderson et al., 2017) and grid
beam search (Hokamp and Liu, 2017) extend beam
search to satisfy lexical constraints during genera-
tion. Lu et al. (2021) incorporate logic-based con-
straints into beam search, which we extend with
lookahead heuristics.

Other work addresses the mismatch between
monotonic decoding and satisfying constraints that
can depend on a full generation, through MCMC
sampling (Miao et al., 2019; Zhang et al., 2020),
recursive non-monotonic generation (Welleck et al.,
2019a), continuous optimization (Qin et al., 2020),
or generated contexts (West et al., 2021). Unlike
these past works, NEUROLOGIC AFesque explic-
itly decodes future text to estimate the viability of
different paths for satisfying constraints.

5 Conclusion

Inspired by the A* search algorithm, we introduce
NEUROLOGIC AFesque decoding, which brings
A*-like heuristic estimates of the future to com-
mon left-to-right decoding algorithms for neural
text generation. AFesque lookahead heuristics im-
prove over existing decoding methods (e.g., NEU-
ROLOGIC, beam, greedy, sample decoding meth-
ods) in both constrained and unconstrained settings
across a wide spectrum of tasks. Our work demon-
strates the promise of moving beyond the current
paradigm of unidirectional decoding for text gen-
eration, by taking bidirectional information from
both the past and future into account to generate
more globally coherent text.
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Broader Impact and Ethical Implications

Our method deals with improving neural text gen-
eration, thus inheriting the potential impact and
risks brought by text generation applications (e.g.
dual use, see Pandya (2019); Brown et al. (2020)).
Constraining generation through logical constraints
offers the promise of improved control, consis-
tency, and human-machine collaboration in high-
impact applications such as translation, machine-
aided writing, and education. On the other hand,
constrained generation methods could foreseeably
be used to generate text that contains biased, offen-
sive, and/or hateful keywords (e.g., extremist texts;
McGuffie and Newhouse, 2020). For a broader dis-
cussion of these risks, and of the risks of large pre-
trained language models in general, refer to discus-
sions in Brown et al. (2020); Bender et al. (2021).
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(a) (b)

(c) (d)

Greedy Soft
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Figure 3: Effect of varying the primary hyperparameter
for each lookahead strategy (§2.1) – (a) greedy (looka-
head length), (b) soft (temperature), (c) beam (number
of beams), and (d) sample (number of samples). Perfor-
mance is measured on the COMMONGEN validation set,
using BLEU-4 and Coverage.

A Further Experiments

A.1 Constrained Commonsense Generation

Studying Lookahead Strategies. We further
use COMMONGEN to study the lookahead strate-
gies for NEUROLOGICF proposed in §2.1 (Fig-
ure 3). With infinite lookahead length ` and num-
ber of lookaheads |L`|, lookahead decoding exactly
solves Equation 3, finding an optimal trajectory.
In practice these are finite, meaning that the qual-
ity of the lookahead approximation can depend
on the lookahead strategy and its hyperparameters.
For practical choices of ` and |L`|, we empirically
study how varying the lookahead strategy and hy-
perparameters affects performance. In Figure 3, we
study the greedy, soft, beam, and sampling looka-
head strategies.

Figure 3(a) shows the effect of increasing the
lookahead length ` for the greedy lookahead strat-
egy. Increasing the length improves up to one point
– e.g., 5-7 steps – then decreases thereafter, likely
due to the difficulty of long-horizon approximation.

Figure 3(b) studies the temperature in the soft
lookahead, showing that greedy (τ = 0.0) per-
forms well, with slight gains if τ is carefully se-
lected. The results suggest that one can safely by-
pass tuning τ using fast, greedy lookahead.

Next, Figure 3(c) shows that with beam looka-
head, increasing the beam width improves perfor-
mance up to a certain point (here, 11). Similarly,
increasing the number of samples with sampling
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Figure 4: Likelihood (y-axis) vs. number of unique 3-
grams (x-axis) using supervised GPT-2 on RocStories.
Figure (a) denotes decoding with beam search, with a
varying amount of beam size. Figure (b) denotes decod-
ing with top-k sampling, with a varying amount of k
value. The brown and blue lines denote with and with-
out AFesque heuristics separately.

lookahead improves over a single sample, and then
reaches an inflection point (Figure 3(d)).

A.2 Unconstrained Story Generation

Fluency and Diversity Tradeoff We study the
effect of AFesque decoding in unconstrained gen-
eration with different decoding hyperparameters:
beam size in beam search and k value in top-k
sampling. Figure 4 plots the fluency (measured by
likelihood) versus diversity (measured by unique
3-grams) for generations with various beam sizes
or top-k values. Ideally, we want generations to be
both fluent and diverse (top right). However, we
observe a fluency and diversity tradeoff in practice.
AFesque decoding flattens this trend and results in
larger area under the curve. The effect is especially
strong with beam search. In summary, AFesque de-
coding yields a more favorable balance of fluency
and diversity compared to conventional decoding
methods, regardless of hyperparameters.

B Runtime

Decoding Method Runtime
Beam Search 0.20
NEUROLOGIC 2.04
NEUROLOGIC AFesque 19.24

Table 9: Runtime (seconds per sentence) of different
decoding algorithms with finetuned GPT2-L on the
COMMONGEN dataset

C Experimental Details

C.1 Off-the-Shelf Models

We download off-the-shelf models, including pre-
trained GPT-2 and Marian MT, from HuggingFace
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Transformers (Wolf et al., 2020), which are imple-
mented in the PyTorch deep learning framework.

C.2 Model Training Details
All training is performed on a single NVIDIA
Quadro RTX 8000 GPU and costs about 100 GPU
hours in total. Our method is implemented with
PyTorch an the Huggingface Transformers library.

C.2.1 COMMONGEN

For supervised setting, we finetune GPT-2 for con-
ditional generation. We follow Lu et al. (2021)’s
setup and use their hyperparameters for finetuning,
as shown in Table 10.

Hyperparameter Assignment
model GPT2-Large
number of parameters 774M
number of steps 15 epochs
batch size 64
learning rate optimizer Adam
Adam epsilon 1e-8
Adam initial learning rate 1e-5
learning rate scheduler linear with warmup
warmup steps 1.5 epoch
weight decay 0

Table 10: Hyperparameters for finetuning GPT-2 on
COMMONGEN dataset.

C.2.2 Constrained Machine Translation
For fair comparison, we reproduced MT model
(two-layer transformer) used by Dinu et al. (2019),
using the same setup and hyperparameters reported
in their original paper.

C.2.3 Table-to-text Generation
We finetune GPT-2 with random sampled few-shot
training instances from E2ENLG dataset. We used
the same hyperparameters for finetuning with Li
and Liang (2021), as shown in Table 11.

Hyperparameter Assignment
model GPT2-Large
number of parameters 774M
number of steps 5 epochs
batch size 5
learning rate optimizer Adam
Adam epsilon 1e-8
Adam initial learning rate 5e-5
learning rate scheduler linear with warmup
warmup steps 100
weight decay 0

Table 11: Hyperparameters for finetuning GPT-2 on
E2ENLG dataset.

C.2.4 Unconstrained Story Generation
We finetune GPT-2 for conditional story generation
on the RocStories dataset: given a first sentence
x, generate the full story y. Hyperparameters for
finetuning are given in Table 12.

Hyperparameter Assignment
model GPT2-Large
number of parameters 774M
number of steps 10 epochs
batch size 64
learning rate optimizer Adam
Adam epsilon 1e-8
Adam initial learning rate 1e-5
learning rate scheduler linear with warmup
warmup steps 1 epoch
weight decay 0

Table 12: Hyperparameters for finetuning GPT-2 on the
RocStories dataset.

C.3 Generation Details

All generation is performed on a single NVIDIA
Quadro RTX 8000 GPU and costs about 100 GPU
hours in total.

C.3.1 COMMONGEN

NEUROLOGICF hyperparameters for COMMONGEN

in supervised and zero-shot setting are shown in
Table 13 and Table 14 separately. We use the
same NEUROLOGIC hyperparameters with Lu et al.
(2021), including beam size, α, β and λ1. We per-
formed a hyperparameter grid search for the scaling
factor λ2 over the range [0, 0.3], for the look ahead
step over the the range [1, 15], for the look ahead
temperature over the the range [0, 1.0], for the look
ahead beam width over the the range [1, 10], and
for the look ahead number of sample over the the
range [1, 10], using a small subset of COMMONGEN

development set.

Hyperparameter Assignment
beam size 20
pruning threshold α 50
pruning threshold β 2
scaling factor λ1 0
scaling factor λ2 0.25
look ahead step 5
look ahead (greedy) temperature 0
look ahead (beam) beam width 5
look ahead (sample) number of sample 4

Table 13: NEUROLOGICF hyperparameters for
COMMONGEN in supervised setting.
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Hyperparameter Assignment
beam size 20
pruning threshold α 500000
pruning threshold β 2
scaling factor λ1 0
scaling factor λ2 0.175
look ahead step 5
look ahead (greedy) temperature 0

Table 14: NEUROLOGICF hyperparameters for
COMMONGEN in zero-shot setting.

C.3.2 Constrained Machine Translation

NEUROLOGICF hyperparameters for constrained
machine translation are shown in Table 15. We use
the same beam size with Dinu et al. (2019) for
fair comparison. We performed a hyperparameter
grid search for the pruning threshold α over the
range [50, 300], for the pruning threshold β over
the range [1, 3], for the scaling factor λ1 over the
range [0, 1.0], for the scaling factor λ2 over the
range [0, 0.3], for the look ahead step over the the
range [5, 40], using a subset of WMT2013 IATE
development set. We use the same hyperparameters
for look ahead temperature, look ahead beam width,
and look ahead number of sample with supervised
COMMONGEN and omit the hyperparameter search
due to the computational cost.

Hyperparameter Assignment
beam size 5
pruning threshold α 200
pruning threshold β 2
scaling factor λ1 0.25
scaling factor λ2 0.05
look ahead step 35
look ahead (greedy) temperature 0
look ahead (beam) beam width 5
look ahead (sample) number of sample 4

Table 15: NEUROLOGICF hyperparameters for con-
strained machine translation.

C.3.3 Table-to-text Generation

NEUROLOGICF hyperparameters for table-to-text
generation are shown in Table 16. We performed a
hyperparameter grid search for the scaling factor λ2
over the range [0, 0.3], for the look ahead step over
the the range [1, 15], using E2ENLG development
set. For other hyperparameters, we use the same
value with supervised COMMONGEN and omit the
hyperparameter search due to the computational
cost.

Hyperparameter Assignment
beam size 20
pruning threshold α 50
pruning threshold β 2
scaling factor λ1 0
scaling factor λ2 0.05
look ahead step 7
look ahead (greedy) temperature 0
look ahead (beam) beam width 5
look ahead (sample) number of sample 4

Table 16: NEUROLOGICF hyperparameters for table-
to-text generation.

C.3.4 Constrained Question Generation
NEUROLOGICF hyperparameters for constrained
question generation are shown in Table 17. The
task is zero-shot and doesn’t provide train or devel-
opment set, so we use the same decoding hyperpa-
rameters with zero-shot COMMONGEN.

Hyperparameter Assignment
beam size 20
pruning threshold α 500000
pruning threshold β 2
scaling factor λ1 0
scaling factor λ2 0.175
look ahead step 5
look ahead (greedy) temperature 0
look ahead (beam) beam width 5
look ahead (sample) number of sample 4

Table 17: NEUROLOGICF hyperparameters for con-
strained question generation.

C.3.5 Unconstrained Story Generation
AFesque hyperparameters with beam search and
top-k sampling for unconstrained story generation
are shown in Table 18 and Table 19 separately. We
performed a hyperparameter grid search for the
scaling factor λ2 over the range [0, 1.0], for the
look ahead step over the the range [1, 15], for the
look ahead temperature over the the range [0, 1.0],
for the look ahead beam width over the the range
[1, 15], and for the look ahead number of sample
over the the range [1, 15], using a small subset of
RocStories development set.

C.4 Dataset Details
Details of datasets used for downstream tasks are
provided in Table 22.

D Human Evaluation

We include screenshots of the human evaluation
templates for CommonGen (Figure 5), Constrained
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Hyperparameter Assignment
beam size 4
scaling factor λ2 0.6
look ahead step 4
look ahead (greedy) temperature 0
look ahead (beam) beam width 4
look ahead (sample) number of sample 15

Table 18: AFesque hyperparameters with beam search
for unconstrained story generation.

Hyperparameter Assignment
k value 5
scaling factor λ2 0.5
look ahead step 3
look ahead (greedy) temperature 0
look ahead (beam) beam width 4
look ahead (sample) number of sample 15

Table 19: AFesque hyperparameters with top-k sam-
pling for unconstrained story generation.

Question Generation (Figure 6), and RocStories
(Figure 7) tasks. We ensure the annotators are paid
adequately for at least $15 per hour and we inform
annotators that their annotations are used for model
evaluation purpose.

E Qualitative Generation Examples

Qualitative examples of the constrained question
generation and unconstrained story generation are
shown in Table 21 and 20.

F Limitations and Risks.

Limitations. For constrained generation, NEU-
ROLOGIC AFesque decoding can only take the
constraints that can be formulated as logical ex-
pressions as described in the paper; we leave it to
future work to expand the scope of such logical
constraints.

Risks. Constrained generation methods could
foreseeably be used to generate text that contains
biased, offensive, and/or hateful keywords. (e.g.,
extremist texts; McGuffie and Newhouse, 2020).
For a broader discussion of these risks, and of the
risks of large pretrained language models in gen-
eral, refer to discussions in Brown et al. (2020);
Bender et al. (2021).
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Figure 5: Human evaluation template for the Constrained Commonsense Generation task.
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Figure 6: Human evaluation template for the Interrogative Sentence Generation task.
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Figure 7: Human evaluation template for the RocStories task.
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Prompt Method Generation

I wanted to buy a video
game console.

beam search
I went to the store and looked at all the options. I decided to go with the PS4. I went home and waited
for the PS4 to arrive. When the PS4 arrived, I was very excited.

beam search + AFesque
I went to the store and looked at all the options. I decided to go with the PS4 because it was the most
expensive. When I got home, I plugged the PS4 into my TV. The PS4 turned on and I was happy.

My roommate is from
Germany.

beam search
She moved to the United States when she was 16. She has been in the United States for 10 years now.
She is a great roommate.

beam search + AFesque
He came to the United States when he was 10 years old. He had a hard time adjusting to American culture.
One day, he decided to move back to Germany. He was very happy to be back in his homeland.

Oliver was nervous about
his wedding.

beam search
He had never been to a wedding before. He decided to go to the rehearsal dinner. The rehearsal dinner
went very well. Oliver had a great time at his wedding.

beam search + AFesque
He had never been married before and didn’t know what to expect. When the day of the wedding came,
he was very nervous. When he walked down the aisle, he knew it was going to be great. Oliver and his
wife had a wonderful wedding.

My friends all love to go
to the club to dance.

beam search
One day I decided to go with them. We went to the club and had a great time. We danced all night and
had a great time. We decided to go back next week.

beam search + AFesque
One day, I decided to go with them. We went to the club and danced all night. When we got home, I
told my friends about the fun we had. They all agreed that it was the best night of their lives.

Table 20: Example generations for unconstrained story generation using beam search with and without AFesque.

Words Method Generation

waste
water
heat

CGMH what waste is there, it seems now?
TSMH where was the waste - water heater?
NEUROLOGIC How much water is waste heat?

NEUROLOGICF Why do we waste so much water to heat
our homes?

Naples
plague
killed

CGMH when would she finally turn twenty - one?

TSMH
why was the plague epidemic in naples not
in fact killed?

NEUROLOGIC Who was killed in the plague in Naples?

NEUROLOGICF How many people are killed by the plague
in Naples?

controversial
aspect

imperialism

CGMH
what war was ever fought after american
imperialism collapsed?

TSMH
what are some controversial aspects of
present - day american imperialism?

NEUROLOGIC Whose imperialism is it, anyway?

NEUROLOGICF What is the most controversial aspect of
imperialism?

engines
efficient
steam

CGMH
or were they the very first steam engines
efficient enough for mass - production?

TSMH
why are steam engines so energy-efficient,
just like fossil fuels?

NEUROLOGIC
Why do you think steam engines are so
efficient?

NEUROLOGICF Why are steam engines so efficient?

Table 21: Example generations for constrained ques-
tion generation with NEUROLOGICFand baselines, in-
cluding CGMH (Miao et al., 2019), TSMH (Zhang
et al., 2020) and NEUROLOGIC (Lu et al., 2021).

Dataset train dev. test
COMMONGEN (Lin et al., 2020) 32,651 993 1,497
WMT2013/2017 IATE (Dinu et al., 2019) - 581 414
E2ENLG (Dušek et al., 2018) 4,862 547 630
Interrogative question (Zhang et al., 2020) - - 300
RocStories (Mostafazadeh et al., 2016) 45,496 1,871 1,871

Table 22: Details of datasets in downstream tasks.
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Abstract

Despite the success of multilingual sequence-
to-sequence pretraining, most existing ap-
proaches rely on monolingual corpora, and do
not make use of the strong cross-lingual sig-
nal contained in parallel data. In this paper,
we present PARADISE (PARAllel & Denoising
Integration in SEquence-to-sequence mod-
els), which extends the conventional denoising
objective used to train these models by (i) re-
placing words in the noised sequence accord-
ing to a multilingual dictionary, and (ii) pre-
dicting the reference translation according to a
parallel corpus instead of recovering the orig-
inal sequence. Our experiments on machine
translation and cross-lingual natural language
inference show an average improvement of 2.0
BLEU points and 6.7 accuracy points from in-
tegrating parallel data into pretraining, respec-
tively, obtaining results that are competitive
with several popular models at a fraction of
their computational cost.1

1 Introduction

Multilingual sequence-to-sequence pretraining has
achieved strong results both in cross-lingual clas-
sification (Xue et al., 2021) and machine transla-
tion (Liu et al., 2020). These models are usually
pretrained on combined monolingual corpora in
multiple languages using some form of denoising
objective. More concretely, they noise each se-
quence x with a noising function gφ, and maximize
the probability of recovering x given gφ(x):

`mono(x) = − logP
(
x|gφ(x)

)
(1)

Common noising functions include sentence-
permutation and span masking (Lewis et al., 2020;
Liu et al., 2020).

While these methods obtain strong cross-lingual
performance without parallel data, they are usually

1Source code available at https://github.com/
machelreid/paradise

trained at a scale that is prohibitive for most NLP
practitioners. At the same time, it has been argued
that the strict unsupervised scenario is not realis-
tic (Artetxe et al., 2020), and parallel data could
provide a stronger signal and make training more
efficient.

Motivated by this, we propose PARADISE, a pre-
training method for sequence-to-sequence models
that exploits both word-level and sentence-level
parallel data. The core idea of our approach is to
augment the conventional denoising objective intro-
duced above by (i) replacing words in the noised se-
quence according to a bilingual dictionary, and (ii)
predicting the reference translation rather than the
input sequence. Despite their simplicity, we find
that both techniques bring substantial gains over
conventional pretraining on monolingual data, as
evaluated both in machine translation and zero-shot
cross-lingual transfer. Our results are competitive
with several popular models despite using only a
fraction of the compute, providing strong support
for the importance of the inclusion of parallel in-
formation in smaller-scale multilingual pretraining
methods.

2 Proposed method

As illustrated in Figure 1, we propose two meth-
ods for introducing parallel data into pretraining:
dictionary denoising and bitext denoising.

Dictionary denoising. Our first method encour-
ages learning similar representations at the word-
level by introducing anchor words through multi-
lingual dictionaries (Conneau et al., 2020b). Let
Dl(w) denote the translation of word w into lan-
guage l ∈ L according to the dictionary D. Given
the source sentence x = (x1, x2, . . . , xn), we de-
fine its noised version gψ (x) = (x̃1, x̃2, . . . , x̃n),
where x̃i = Dl(xi) with probability pr

|L| and x̃i =
xi otherwise (i.e. we replace each word with its
translation into a random language with probability
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Their 仕事

Encoder Decoder

est <mask> حیرت انگیز Their absolutelywork is amazing<s>

Their absolutelywork is amazing </s>

(a) Dictionary Denoising

<mask>

Encoder
仕事 <mask> 素晴らしい

Decoder

Their absolutelywork is amazing<s>

Their absolutelywork is amazing </s>

(b) Bitext Denoising

Figure 1: Our proposed techniques for integrating parallel data into sequence-to-sequence pretraining.

pr). We set pr = 0.4. Given the dictionary-noised
sentence, we train our model using the denoising
auto-encoding objective in Eq. 1:

`dict(x) = − logP
(
x|gφ(gψ(x))

)
(2)

Bitext denoising. Our second approach encour-
ages learning from both monolingual and parallel
data sources, by including translation data in the
pretraining process. Given a source-target bitext
pair (x, y) in the parallel corpus, assumed to be
semantically equivalent, we model the following:

`bitext(x, y) = − logP
(
y|gφ(x)

)
(3)

in which we optimize the likelihood of generating
the target sentence y conditioned on the noised
version of the source sentence, gφ(x).2

Combined objective. Our final objective com-
bines `mono, `dict and `bitext.3 Given that our cor-
pus contains languages with varying data sizes, we
sample sentences using the exponential sampling
technique from Conneau and Lample (2019). We
use αmono = 0.5 to sample from the monolingual
corpus, and αbitext = 0.3 to sample from the par-
allel corpus. To prevent over-exposure to English
on the decoder side when sampling from the paral-
lel corpus, we halve the probability of to-English
directions and renormalize the probabilities. In ad-
dition, given that we have fewer amounts of parallel
data (used for `bitext) than monolingual data (used
for `mono and `dict), we sample between each task
using αtask = 0.3.

3 Experimental settings

We pretrain our models on 20 languages (English,
French, Spanish, German, Greek, Bulgarian, Rus-
sian, Turkish, Arabic, Vietnamese, Thai, Chinese,

2To make our pretraining sequence length consistent with
`mono and `dict, we concatentate randomly sampled sentence
pairs from the same language pair to fit the maximum length.

3We use the same noising function gφ used by Lewis et al.
(2020) and Liu et al. (2020).

Hindi, Swahili, Urdu, Japanese, Basque, Romanian,
Sinhala and Nepalese), and evaluate them on ma-
chine translation and cross-lingual classification.

3.1 Pretraining

Data. We use Wikipedia as our monolingual cor-
pus, and complement it with OSCAR (Ortiz Suárez
et al., 2020), and CC100 (Conneau et al., 2020a)
for low-resource languages. For a fair comparison
with monolingually pretrained baselines, we use
the same parallel data as in our downstream ma-
chine translation experiments (detailed in §3.2). In
addition, we train a separate variant (detailed be-
low) using additional parallel data from ParaCrawl
(Esplà et al., 2019), UNPC (Ziemski et al., 2016),
CCAligned (El-Kishky et al., 2020), and OpenSub-
titles (Lison and Tiedemann, 2016).4 We tokenize
all data using SentencePiece (Kudo and Richard-
son, 2018) with a joint vocabulary of 125k sub-
words. We use bilingual dictionaries from FLoRes5

(Guzmán et al., 2019) for Nepalese and Sinhala,
and MUSE6 (Lample et al., 2018) for the rest of
languages. Refer to Appendix A for more details.

Models. We use the same architecture as BART-
base (Lewis et al., 2020), totaling ∼196M param-
eters, and train for 100k steps with a batch size
of ∼520k tokens. This takes around a day on
32 NVIDIA V100 16GB GPUs. As discussed
before, we train two variants of our full model:
PARADISE, which uses the same parallel data as
the machine translation experiments, and PAR-
ADISE++, which uses additional parallel data. To
better understand the contribution of each objec-
tive, we train two additional models without dictio-
nary denoising, which we name PARADISE (w/o
dict.) and PARADISE++ (w/o dict.), as well as a
model without bitext denoising, which we name
PARADISE++ (only dict.). Finally, we train a base-
line system using the monolingual objective alone,

4We cap the size of each language pair to 2GB.
5https://github.com/facebookresearch/flores
6https://github.com/facebookresearch/MUSE
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Languages En-Vi En-Tr En-Ja En-Ar En-Ne En-Ro En-Si En-Hi En-Es En-Fr
Data Source IWSLT15 WMT17 IWSLT17 IWSLT17 FLoRes WMT16 FLoRes IITB WMT13 WMT14
Size 133K 207K 223K 250K 564K 608K 647K 1.56M 15M 41M
Direction ← → ← → ← → ← → ← → ← → ← → ← → ← → ← →
Random init. 23.6 24.8 12.2 9.5 10.4 12.3 27.5 16.9 7.6 4.3 34.0 34.3 7.2 1.2 10.9 14.2 32.1 31.4 37.0 38.9
mBART (ours) 29.1 31.5 21.3 15.8 15.7 17.3 32.1 19.2 10.3 6.1 34.3 34.9 11.0 2.7 20.2 19.0 29.8 30.4 36.0 38.2

PARADISE 30.0 32.6 23.5 17.2 17.2 19.2 35.3 21.1 13.7 7.9 35.9 36.5 14.0 3.7 23.6 20.7 32.6 32.7 37.8 39.8

Table 1: Machine translation results. Random initialization numbers taken from Liu et al. (2020).

which we refer to as mBART (ours). This follows
the original mBART work (Liu et al., 2020), but
is directly comparable to the rest of our models in
terms of data and hyperparameters.

3.2 Downstream settings
Machine translation. Following Liu et al.
(2020), we evaluate our models on sentence-level
machine translation from and to English using the
following datasets: IWSLT (Cettolo et al., 2015,
2017) for Vietnamese, Japanese and Arabic, WMT
(Callison-Burch et al., 2009a,b; Bojar et al., 2016,
2017) for Spanish, French, Romanian and Turk-
ish, FLoRes (Guzmán et al., 2019) for Sinhala and
Nepalese, and IITB (Kunchukuttan et al., 2018) for
Hindi. We report performance in BLEU as detailed
in Appendix C.

Cross-lingual classification. We evaluate our
models on zero-shot cross-lingual transfer on XNLI
(Conneau et al., 2018) and PAWS-X7 (Yang et al.,
2019), where we finetune on English data and test
performance on other languages. We develop a
new approach for applying sequence-to-sequence
models for classification: feeding the sequence into
both the encoder and decoder, and taking the con-
catenation of the encoder’s <s> representation and
the decoder’s </s> representation as the input of
the classification head. We provide an empirical
rationale for this in Appendix E. We finetune all
models with a batch size of 64 and a learning rate
of 2 × 10−5 for a maximum of 100k iterations,
performing early stopping on the validation set.

4 Results

4.1 Machine translation
As shown in Table 1, PARADISE consistently out-
performs our mBART baseline across all language
pairs. Note that these two models have seen the
exact same corpora, but mBART uses the parallel

7Following Hu et al. (2021), we use English, German,
Spanish, French and Chinese for PAWS-X.

Lang. pair (En-XX) Tr Ro Si Hi Es Avg∆

mBART (ours) 15.8 34.9 2.7 19.0 30.4 20.6±0.0
PARADISE (w/o dict.) 16.8 36.2 3.2 20.5 32.4 21.8+1.2
PARADISE 17.2 36.5 3.7 20.7 32.7 22.2+1.6
PARADISE++ 19.0 37.3 4.2 20.7 33.0 22.8+2.2

Lang. pair (XX-En) Tr Ro Si Hi Es Avg∆

mBART (ours) 21.3 34.3 11.0 20.2 29.8 23.3±0.0
PARADISE (w/o dict.) 23.2 35.6 13.2 22.3 31.6 25.2+1.9
PARADISE 23.5 35.9 14.0 23.6 32.6 25.9+2.6
PARADISE++ 24.9 36.8 15.1 23.5 32.9 26.6+3.3

Table 2: Ablation results on machine translation.

data for finetuning only, whereas PARADISE also
uses it at the pretraining stage. This suggests that
incorporating parallel data into pretraining helps
learn better representations, which results in better
downstream performance.

Table 2 reports additional ablation results on a
subset of languages. As can be seen, removing
dictionary denoising hurts, but is still better than
our mBART baseline. This shows that both of our
proposed approaches—dictionary denoising and
bitext denoising—are helpful and complementary.
Finally, PARADISE++ improves over PARADISE,
indicating that a more balanced corpus with more
parallel data is helpful.

4.2 Cross-lingual classification

We report XNLI results in Table 3 and PAWS-X
results in Appendix F. Our proposed approach out-
performs mBART in all languages by a large mar-
gin. To our surprise, we also observe big gains in
English. We conjecture that this could be explained
by bitext denoising providing a stronger training
signal from all tokens akin to ELECTRA (Clark
et al., 2020), whereas monolingual denoising only
gets effective signal from predicting the masked
portion. In addition, given that we are using par-
allel data between English and other languages,
PARADISE ends up seeing much more English text
compared to mBART—yet a similar amount in the
rest of languages—which could also contribute to
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Model en zh es de ar ur ru bg el fr hi sw th tr vi avg

mBART (ours) 77.5 68.0 70.7 68.8 66.7 62.2 68.6 72.1 69.6 70.1 63.4 62.6 66.6 65.0 69.7 68.1
PARADISE++ (only dict.) 79.6 70.9 74.9 75.4 64.4 66.0 69.0 72.2 75.4 73.4 63.9 65.1 70.9 69.0 72.1 70.8
PARADISE 83.4 73.8 77.6 76.0 72.4 65.1 74.0 74.4 73.2 77.7 70.6 66.2 70.4 72.1 75.3 73.5
PARADISE++ (w/o dict.) 83.3 72.9 77.2 75.7 64.4 66.9 73.4 74.8 75.7 77.7 68.5 67.4 71.0 73.3 75.0 73.1
PARADISE++ 83.0 74.0 79.0 76.5 68.5 66.8 74.3 76.0 76.4 77.7 70.2 70.5 72.3 74.2 75.4 74.3

Table 3: Accuracy of zero-shot crosslingual classification on the XNLI dataset.

Model #Langs Task Params. Est. GPU Days Data (GB) XNLI PAWS-X MT

mBERT (Devlin et al., 2019)† 104 MLM 179M (0.9x) — 60 65.4 86.2 —
MMTE (Siddhant et al., 2019)† 102 Translation 375M (1.9x) — 5000 67.4 85.6 —
mT5-small (Xue et al., 2021) 101 Eq. 1 300M (1.5x) — 27000 67.5 85.8 —
mT6 (Chi et al., 2021a) 94 SC+PNAT+TSC 300M (1.5x) 40 (1.3x) 2120 64.7 86.6 —
AMBER (Hu et al., 2021) 104 MLM+TLM 179M (0.9x) 1000 (31x) 100 71.6 89.2 —
XLM-15 (Conneau and Lample, 2019)‡ 15 MLM+TLM 250M (1.3x) 450 (14x) 100 72.6 88.0 —
XLM-R-base (Conneau et al., 2020a)‡ 100 MLM 270M (1.4x) 13K (406x) 2400 73.4 87.4 —
mBART (Liu et al., 2020) 25 Eq. 1 680M (3.5x) 4.5K (140x) 2400 — — 23.5

mBART (ours) 20 Eq. 1 196M (1.0x) 32 (1.0x) 72 68.1 85.4 21.1
PARADISE 20 Eq. 1, 2, 3 196M (1.0x) 32 (1.0x) 81 73.5 89.0 23.1
PARADISE++ 20 Eq. 1, 2, 3 196M (1.0x) 32 (1.0x) 95 74.3 89.2 23.8

Table 4: Comparison with prior work. † denotes results taken from Hu et al. (2020). ‡ denotes results taken from
Hu et al. (2021). 1 GPU day = 1 day on an NVIDIA V100 GPU.

its better performance in this language. Finally, we
observe that all of our different variants perform
similarly in English, but incorporating dictionary
denoising and using additional parallel data both
reduce the cross-lingual transfer gap.

4.3 Comparison with prior work

So as to put our results into perspective, we com-
pare our models with several popular systems from
the literature. As shown in Table 4, our proposed
approach obtains competitive results despite being
trained at a much smaller scale. Just in line with
our previous results, this suggests that incorporat-
ing parallel data makes pretraining more efficient
given that we outperform XLM-R base, mT5, and
mBART despite using less data/compute/model
size. Interestingly, our method also outperforms
XLM-15, MMTE, and mT6 which also use par-
allel data, as well as AMBER, showing evidence
contrary to Hu et al. (2021)’s suggestion that us-
ing dictionaries may hurt performance. Detailed
per-language results for each task can be found in
Appendix F.

5 Related work

Most prior work on multilingual pretraining uses
monolingual data only (Pires et al., 2019; Conneau
et al., 2020a; Song et al., 2019; Liu et al., 2020;
Xue et al., 2021). There have been several propos-
als to incorporate parallel data into encoder-only

models (Lample and Conneau, 2019; Huang et al.,
2019; Hu et al., 2021; Chi et al., 2021b), with some
approaches replacing words according to a bilin-
gual dictionary, similar to our dictionary denois-
ing objective (Conneau et al., 2020b; Chaudhary
et al., 2020; Dufter and Schütze, 2020). In contrast,
we focus on sequence-to-sequence models, which
we believe are more flexible and provide a more
natural way of integrating parallel data. In that
spirit, Siddhant et al. (2019) showed that vanilla
machine translation models are already competitive
in cross-lingual classification. Closer to our work,
Chi et al. (2021a) incorporated parallel corpora
into sequence-to-sequence pretraining by feeding
concatenated parallel sentences to the encoder and
using different masking strategies. In contrast, our
approach feeds a noised sentence into the encoder,
and tries to recover its translation in the decoder
side, obtaining better results with a similar compu-
tational budget. Concurrent to our work, Kale et al.
(2021) extended T5 to incorporate parallel corpora
using a similar approach to our bitext denoising.

6 Conclusions

In this work, we proposed PARADISE, which intro-
duces two new objectives to integrate parallel data
into sequence-to-sequence pretraining. Experimen-
tal results on machine translation and cross-lingual
classification show that PARADISE provides signifi-
cant improvements over mBART-style pretraining
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on monolingual corpora, obtaining results that are
competitive with several popular models at a much
smaller scale. Given these findings, we encourage
use of parallel data in smaller-scale multilingual
pretraining work. In the future, we look to see if
our improvements also hold at a larger scale.
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A Data

We list data sources used for pretraining PAR-
ADISE++ in Table 5 (monolingual data) and Table 6
(parallel data).

B Pretraining hyperparameters

We use the Adam optimizer (ε = 10−6, β =
(0.9, 0.98)), and warm up the learning rate to a peak
of 7×10−4 after 10K iterations and then proceed to
decay the learning rate with the polynomial decay
schedule up until 100K iterations. All code and ex-
periments are performed with fairseq (Ott et al.,
2019). Following Liu et al. (2020), we add an addi-
tional layer-normalization layer on top of both the
encoder and decoder to stabilize training with FP16
precision (Micikevicius et al., 2018). All models
are trained on 32 V100 16GB GPUs and take 24
hours to finish training.

C Machine translation evaluation

Following Liu et al. (2020), we use detokenized
SacreBLEU (Post, 2018) for all languages unless
specified otherwise next. For Japanese we use
KyTea8, for Nepalese, Sinhala, and Hindi we use
Indic-NLP9, for Arabic we use the QCRI Arabic
Normalizer10,11, and for Romanian we use Moses
tokenization and script normalization following
Sennrich et al. (2016); Liu et al. (2020).

D Machine translation finetuning

We finetune our models using the same setup as
mBART, warming up the learning rate to 3× 10−5

over 2500 iterations and then decaying with a poly-
nomial schedule. We use 0.3 dropout and label
smoothing ε = 0.2.

E Comparison of finetuning approaches

Table 7 compares our proposed finetuning ap-
proach, which combines the representations from
both the encoder and the decoder (see §3), to using
either of them alone.12 While prior work either
minimally used the decoder if at all (Siddhant et al.,

8http://www.phontron.com/kytea/
9https://github.com/anoopkunchukuttan/

indic_nlp_library
10https://github.com/qntfy/gomosesgo
11https://alt.qcri.org/tools/

arabic-normalizer/
12For decoder-only, we feed the input sequence to both the

encoder and the decoder, but add a classification head on top
of the decoder only, following Lewis et al. (2020).

Language Data source Data size (GB)

En Wiki 14G
De Wiki 5.9G
Fr Wiki 4.5G
Es Wiki 3.7G
Ja Wiki 3.0G
Ru Wiki 6.2G
Ar Wiki 1.7G
Ne CC100 3.8G
Si CC100 3.7G
Ro Wiki+WLM 2.5G
Zh Wiki+WLM 4.4G
El Wiki+WLM 2.9G
Eu Wiki+OSCAR 0.6G
Bg Wiki+OSCAR 2.5G
Hi Wiki+OSCAR 2.3G
Sw Wiki+CC100 1.1G
Th Wiki+OSCAR 2.4G
Ur Wiki+OSCAR 1.9G
Vi Wiki+OSCAR 2.8G
Tr Wiki+OSCAR 2.4G
Total — 72G

Table 5: Monolingual Data Statistics. Wiki refers to
Wikipedia, and WLM refers to the News Crawl data
from CommonCrawl used in WMT.

Language Data source Data size (GB) # Pairs

Ar UNPC 2.0G 5554595
Bg ParaCrawl 1.9G 6470710
De ParaCrawl 2.0G 9685483
El ParaCrawl 2.0G 6676200
Es ParaCrawl 2.0G 9138031
Eu OPUS 0.1G 585210
Fr ParaCrawl 2.0G 8485669
Hi IITB 0.4G 1609682
Ja JParaCrawl 2.0G 6366802
Ne CCAligned 0.2G 487157
Ro ParaCrawl 1.3G 6160525
Ru ParaCrawl 1.6G 5377911
Si CCAligned 0.2G 619730
Sw OPUS 0.2G 699719
Th OpenSubtitles 0.4G 3281533
Tr OpenSubtitles 2.0G 32077240
Ur CCAligned 0.3G 1371930
Vi OpenSubtitles 0.2G 3505276
Zh UNPC 2.0G 7706183
Total — 23G 126882448

Table 6: Parallel Data Statistics

Model avg ∆

PARADISE++ (encoder-decoder) 74.3 —
decoder-only 73.8 -0.5
encoder-only 72.0 -2.3

Table 7: Ablation of finetuning methods on XNLI.

2019; Xue et al., 2021), or only added a classifica-
tion head on top of the decoder (Lewis et al., 2020),
we find that combining them both works best.
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F Additional results

We list detailed results by language in this section
with results on XNLI in Table 8, PAWS-X in Ta-
ble 9, and our machine translation ablation (with
mBART (Liu et al., 2020) results included) in Table
10. We note that mBART underperforms XLM-R-
large on XNLI, however that may be attributed to
the fact that XLM-R was trained for much longer
rather than the architectural design.
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Models en zh es de ar ur ru bg el fr hi sw th tr vi avg

mBERT 80.8 67.8 73.5 70.0 64.3 57.2 67.8 68.0 65.3 73.4 58.9 49.7 54.1 60.9 69.3 65.4
MMTE 79.6 69.2 71.6 68.2 64.9 60.0 66.2 70.4 67.3 69.5 63.5 61.9 66.2 63.6 69.7 67.5
mT5-small 79.6 65.8 72.7 69.2 65.2 59.9 70.1 71.3 68.6 70.7 62.5 59.7 66.3 64.4 66.3 67.5
AMBER 84.7 71.6 76.9 74.2 70.2 61.0 73.3 74.3 72.5 76.6 66.2 59.9 65.7 73.2 73.4 71.6
XLM-15 (MLM+TLM) 84.1 68.8 77.8 75.7 70.4 62.2 75.0 75.7 73.3 78.0 67.3 67.5 70.5 70.0 73.0 72.6
XLM-100 82.8 70.2 75.5 72.7 66.0 59.8 69.9 71.9 70.4 74.3 62.5 58.1 65.5 66.4 70.7 69.1
XLM-R-base 83.9 73.6 78.3 75.2 71.9 65.4 75.1 76.7 75.4 77.4 69.1 62.2 72.0 70.9 74.0 73.4
mBART 87.7 76.4 81.5 79.8 75.5 — 78.9 — — 80.6 73.0 — — 76.1 77.4 —
XLM-R-large 88.7 78.2 83.7 82.5 77.2 71.7 79.1 83.0 80.8 82.2 75.6 71.2 77.4 78.0 79.3 79.2

mBART (ours) 77.5 68.0 70.7 68.8 66.7 62.2 68.6 72.1 69.6 70.1 63.4 62.6 66.6 65.0 69.7 68.1
PARADISE (w/o dict.) 83.3 72.9 77.2 75.7 64.4 66.9 73.4 74.8 75.7 77.7 68.5 67.4 71.0 73.3 75.0 73.1
PARADISE 83.0 74.0 79.0 76.5 68.5 66.8 74.3 76.0 76.4 77.7 70.2 70.5 72.3 74.2 75.4 74.3

Table 8: Accuracy of zero-shot crosslingual classification on the XNLI dataset. Bold numbers highlight the highest
scores across languages on the existing models (upper part) and PARADISE variants (bottom part). Results for
previous work are sourced from Hu et al. (2020, 2021); Xue et al. (2021).

Model de en es fr zh Avg

mBERT 85.7 94.0 87.4 87.0 77.0 86.2
MMTE 85.1 93.1 87.2 86.9 75.9 85.6
mT5-small 86.2 92.2 86.1 86.6 77.9 85.8
AMBER 89.4 95.6 89.2 90.7 80.9 89.2
XLM-15 88.5 94.7 89.3 89.6 78.1 88.0
XLM-100 85.9 94.0 88.3 87.4 76.5 86.4
XLM-R-base 87.0 94.2 88.6 88.7 78.5 87.4
XLM-R-large 89.7 94.7 90.1 90.4 82.3 89.4

PARADISE++ 89.1 94.3 89.6 90.6 82.3 89.2

Table 9: Accuracy of zero-shot cross-lingual classifica-
tion on PAWS-X. Bold numbers highlight the highest
scores across languages on the existing models (upper
part) and PARADISE variants (bottom part). We source
baseline results from Hu et al. (2020, 2021); Xue et al.
(2021).

809



Lang. Pair En-Tr En-Ro En-Si En-Hi En-Es Tr-En Ro-En Si-En Hi-En

mBART (ours) 15.8 34.9 2.7 19.0 30.4 21.3 34.3 11.0 20.2
PARADISE (w/o dict.) 16.8 36.2 3.2 20.5 32.4 23.2 35.6 13.2 22.3
PARADISE 17.2 36.5 3.7 20.7 32.7 23.5 35.9 14.0 23.6
PARADISE++ 19.0 37.3 4.2 20.7 33.0 24.9 36.8 15.1 23.5

mBART 17.8 37.7 3.3 20.8 34.0 22.5 37.8 13.7 23.5

Table 10: Ablation results on machine translation. Note that mBART is trained with 140x more compute and 3.5x
more parameters.
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Abstract
Warning: This paper contains content that is
offensive and may be upsetting.

Biased or toxic speech can be harmful to var-
ious demographic groups. Therefore, it is
not only important for models to detect these
speech, but to also output explanations of why
a given text is toxic. Previous literature has
mostly focused on classifying and detecting
toxic speech, and existing efforts on explaining
stereotypes in toxic speech mainly use standard
text generation approaches, resulting in generic
and repetitive explanations. Building on these
prior works, we introduce a novel knowledge-
informed encoder-decoder framework to utilize
multiple knowledge sources to generate impli-
cations of biased text. Experiments show that
our knowledge informed models outperform
prior state-of-the-art models significantly, and
can generate detailed explanations of stereo-
types in toxic speech compared to baselines,
both quantitatively and qualitatively.

1 Introduction

The toxic speech detection and classification prob-
lem has seen increasing interest in recent years.
However, it is not only important for AI agents
to recognize and classify toxic speech, but to also
explain why it is toxic. For instance, debiasing
methods that use information about toxic language
may benefit from additional information given by
detailed explanations of toxicity in text (Ma et al.,
2020). Furthermore, detailed explanations of tox-
icity may facilitate human interaction with toxic-
ity detection systems (Rosenfeld and Richardson,
2019). They can also help humans who work with
toxicity classifiers use more information about the
input when making decisions about toxic speech.
To elucidate, consider the following offensive joke:
“What type of punch do you use against a kinder-
gartener? A sandy-hook.". While the literal text is
not toxic, the implied meaning is offensive, partic-
ularly to those affected by school shootings. An AI

agent capable of generating the implied meaning
could thus provide additional information to down-
stream actors. Note that, we use the term biased
and toxic interchangeably in this work.

Existing work largely addresses the problem of
detecting and classifying toxic speech (Waseem
and Hovy, 2016; Founta et al., 2018; Davidson
et al., 2017). As mentioned earlier, explanations
of toxicity can help with downstream tasks such
as debiasing or decision making by humans, thus
there has been increasing demand for explainable
machine learning classifiers (Ribeiro et al., 2016;
Došilović et al., 2018). Recent work around ex-
plainable toxicity classification introduced Social
Bias Frames (Sap et al., 2020), a formal framework
which combines explanations of toxicity along with
toxicity classifications along multiple dimensions.
However the explanations generated from the cur-
rent state-of-the-art methods tend to be generic,
without much detail. For instance, explanations
may focus on certain toxic components of the input
but ignore others, or include irrelevant stereotypes
about the minority group affected.

To fill this gap, our work proposes to leverage
different types of knowledge to provide rich context
and background for toxicity explanation. Specif-
ically, we introduce a novel framework to utilize
three distinct knowledge sources. Prior work (Yu
et al., 2022) divides knowledge broadly into inter-
nal and external knowledge, where internal knowl-
edge is knowledge embedded in the input text, and
external knowledge is derived from sources outside
the input. Building upon these, we leverage expert
knowledge that comes from high-quality expert
annotations of the input, and explicit knowledge
from knowledge graphs and bases, as such sym-
bolic knowledge can provide relevant information
to the output text (Yu et al., 2022; Mou et al., 2016).
While knowledge graphs and bases deterministi-
cally retrieve and restructure knowledge from raw
text sources, large pretrained generative models are
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Figure 1: MixGEN takes 3 types of knowledge sources
and outputs an implied explanation for the input post.

found to be effective in outputting useful knowl-
edge in a probabilistic manner, complementing the
expert and explicit knowledge (Razniewski et al.,
2021). To this end, we also include implicit knowl-
edge models which source knowledge from large
pretrained text generation models. We further build
a family of mixture models, MIXGEN, to synthe-
size knowledge from all three sources, as shown
in Figure 1. To sum up, our contributions are two-
fold: (1) We leverage three different sources of
knowledge, and further combine them using simple
yet effective mixture models to explain toxic text.
(2) We show that our models outperform prior state-
of-the-art baselines and generate more detailed ex-
planations.

2 Related Work

Prior work on knowledge enhanced text generation
(Yu et al., 2020) can be viewed across two different
knowledge sources.

2.1 Internal Knowledge
Internal knowledge includes knowledge that is
available within the input. For instance, Latent
Dirichlet Allocation (LDA) (Blei et al., 2003) can
learn topics from inputs, which can then be incorpo-
rated into text generation models (Cao et al., 2015;
Guo et al., 2020). Keywords may also be extracted
from input text using techniques like TF-IDF, PMI
or independent classifiers. In one such work, Song
et al. (2019) extract emotion oriented keywords us-
ing an independent emotion classifier to enhance
dialogue generation. Similarly, Mou et al. (2016)
use PMI to find relevant keywords for short text
conversation. Forbes et al. (2020) develop concep-
tual formalisms that rely on annotations about the
input to generate text. In this work, we denote the
use of independent annotations on input to enhance

text generation as expert knowledge, as such an-
notations often come from human experts.

2.2 External Knowledge
Knowledge graphs and bases are commonly used as
a form of external knowledge. Zhang et al. (2019)
use knowledge graph embeddings to model con-
versation flow, while Guan et al. (2020) use triples
extracted from knowledge graphs to enhance story
generation. Finally, Lian et al. (2019) develop
probabilistic mechanisms to select knowledge from
knowledge bases for response generation. Knowl-
edge from conventional sources are determinsti-
cally created, in that they simply restructure raw
text and store them in a knowledge base or graph.
We refer to this type of external knowledge as ex-
plicit knowledge. On the other hand, there has
been increasing interest in the use of large pre-
trained generative models as a source of knowl-
edge. Heinzerling and Inui (2021) argue that large
pretrained models can in fact serve as knowledge
bases, while Davison et al. (2019) argue that pre-
trained models can accurately assess the validity of
knowledge mined from raw text. While pretrained
models are also trained on raw texts, similar to
knowledge bases and graphs, they draw from this
knowledge probabilistically and thus are a distinct
approach. We denote this type of external knowl-
edge as implicit knowledge.

2.3 Toxic Text Understanding
Prior work around toxicity understanding mainly
focuses on detection (Schmidt and Wiegand, 2017).
Early approaches include using n-grams (Waseem
and Hovy, 2016; Sood et al., 2012; Perera and Fer-
nando, 2021) as well as word clustering (Xiang
et al., 2012; Zhong et al., 2016). Recently, knowl-
edge enhanced approaches have also been used
for toxicity detection. For instance, Dinakar et al.
(2012) use ConceptNet to detect anti-LGBT bul-
lying. The use of meta-information, such as infor-
mation about the user (Dadvar et al., 2012), has
proven to be useful, depending on the type of in-
formation used. Sap et al. (2020) use Social Bias
Frames to produce both toxicity classifications and
explanations of toxicity. Similarly, our approach
attempts to explain toxicity by leveraging different
sources of knowledge to provide more context and
grounding for the models to generate explanations.
Different from many prior works, we synthesize
these diverse knowledge sources in a unified frame-
work to utilize the unique contribution from each
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individual knowledge source.

3 Knowledge Enhanced MIXGEN

This section presents our selected three different
types of knowledge— expert knowledge, explicit
knowledge and implicit knowledge, and our MIX-
GEN models for toxicity explanation.

3.1 Expert Knowledge

Expert knowledge is sourced from annotations of
the input. For instance, in the Social Bias Frames
dataset (Sap et al., 2020), such expert knowledge
include human judgements towards the lewdness,
offensiveness, intent to offend, and group targeted
categories. This type of expert knowledge provides
useful insights and heuristics for the toxicity expla-
nation task, if they are available.

We incorporate expert knowledge into the gener-
ation process using the join embedding technique
(Pryzant et al., 2020) along with toxicity classifi-
cation models. The join embedding architecture
uses attention weights from the toxicity classifiers
to inform the text generation model about parts
of the input post relevant to toxicity classification,
thus providing a heuristic for the related toxicity
explanation task. Formal details of the architecture
can be found in Appendix A.1.

We denote these models with the naming conven-
tion, “EXPERT [FEATURE]", where “[FEATURE]"
is the categorical variable we use for the join em-
bedding. We replace “[FEATURE]" with “ALL"
when we train on all features.

3.2 Explicit Knowledge

Explicit knowledge is sourced from some knowl-
edge base or graph. Common sources include Con-
ceptNET, DBpedia, WikiData, etc. (Auer et al.,
2007; Vrandečić and Krötzsch, 2014). We opt
to use ConceptNet (Speer et al., 2017), since it
contains commonsense knowledge (Liu and Singh,
2004). Commonsense knowledge incorporates ev-
eryday concepts, especially knowledge regarding
social groups and situations.

Following Chang et al. (2020), given a BART
model and an input, we extract ranked triples re-
lated to the input post and keep the top k triples per
post where we vary the k ∈ {3, 5, 10, 15, 20, 25}.
We experiment with both concatenation and atten-
tion based methods to incorporate the top k triples,
but settle on a concatenation based approach due
to its simplicity and the lack of performance gains

from the attention based approach. Results and
analysis for both the concatenation and attention
based approaches are provided in Appendix 12. We
denote these models with the naming convention,
“EXPLICIT (K)", where K denotes the number of
triples used.

3.3 Implicit Knowledge
Implicit knowledge is obtained from some text gen-
erator, such as a large pretrained generative model.
Prior work such as Heinzerling and Inui (2021),
argue that large pretrained models can in fact serve
as knowledge bases. Implicit knowledge grants
models a probabilistic view of external raw text
sources related to a given scenario or input, since
generative models tend to generate based on sta-
tistical correlations found in their training corpora
(Razniewski et al., 2021).

To use implicit knowledge, we first train a BART
model to generate the target minority group from
the input post. Following Sheng et al. (2019), we
use the predicted target minority corresponding
to each input post and a set of prompts to induce
biased prompt completions from GPT models. We
may use multiple prompts per input post, where
the number of prompt completions generated is
governed by a hyperparameter, k. Then we train an
independent BART model to generate these biased
prompt completions, given the origin input post.
This BART model is then retrained to produce the
implied stereotype, given the input post. Again, we
provide a formal description in Appendix A.3.

We denote these models with “IMPLICIT

[GPT|GPT-2] (K)", where “GPT" and “GPT-2"
correspond to the model used for prompt comple-
tion, while K corresponds to the number of biased
prompt completions generated per input post.

3.4 MIXGEN Models
We introduce a simple and effective approach to
combine all three knowledge sources as input for
our MIXGEN family of models, and generate
the final stereotype by integrating complementary
knowledge from these sources. In our design, we
take inspiration from Mixture of Experts models
(Masoudnia and Ebrahimpour, 2012), which com-
bine base expert model outputs into a final output
using a gating mechanism. Here, we rely on at-
tention mechanisms over the knowledge informed
model outputs to serve as the gating mechanism.

We build two variants. The first variant is called
MIXGEN CONCAT which uses concatenation to
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Type Description Pros Cons

Expert Knowledge Expert judgements from an-
notations on the input.

• Easy-to-use.
• High quality and accurate

knowledge.

• Sparse and hard to obtain.
• Difficult to get a lot of diverse

knowledge.

Explicit Knowledge External knowledge sourced
from knowledge bases and
graphs. Restructured, de-
terminstic interpretations of
raw text sources.

• Many knowledge bases and
graphs exist.

• Easy to query due to symbolic
representation.

• Explainable since knowledge
source is known.

• Fixed knowledge, thus limited
retrieval diversity.

• Explicitly constructed, thus
may not be complete.

Implicit Knowledge External knowledge sourced
from large pretrained mod-
els. Probabilistically gener-
ated from raw text sources

• Easy to retrieval.
• Probabilistic, thus increasing

diversity in retrieval.

• Low explainability.
• Low quality, since the knowl-

edge is implicitly learned.

Table 1: Some pros and cons about different types of knowledge used for toxicity explanation.

Figure 2: The MIXGEN model takes in the output of
multiple trained knowledge models, concatenates them
with separator tokens and uses the concatenation as
input to a BART model to output the explanation. We
test with six models, two from each knowledge source.

combine outputs from the knowledge informed
models, as shown in Figure 2. The second vari-
ant is called MIXGEN MULTIVIEW which uses
views to perform self attention over outputs of
the knowledge informed models (Chen and Yang,
2020). Since the BART model already uses self
attention over input tokens, we experiment with
the MultiView architecture to see whether the addi-
tional self attention mechanisms of the MultiView
model causes changes in performance.

For MIXGEN CONCAT, suppose we have k
trained models, M1, . . . ,Mk, each trained to
produce the implied stereotype given the in-
put post, and each informed by one of the
aforementioned knowledge types. We con-

catenate the outputs of each knowledge based
model, Mi, to produce a new input string.
Thus if each model Mi outputs “s[OUT_I]", we
get the following concatenated input string:
“s[OUT_1][SEP]s[OUT_2] · · · [SEP]s[OUT_K]". Now,
let M be a standard pretrained BART model. We
train model M to produce the implied stereotype
using “s[OUT_1][SEP]s[OUT_2] · · · [SEP]s[OUT_K]"
as input. Note that the knowledge based models,
M1, . . . ,Mk are fixed when training M . Model M
serves as the final MIXGEN CONCAT model.

MIXGEN MULTIVIEW uses the MultiView ar-
chitecture proposed by Chen and Yang (2020). In
this case, the outputs of M1, . . . ,Mk are treated
as separate views. If each model Mi outputs
“s[OUT_I]" given the input post, then for each
model Mi we configure the corresponding view
as the string “v1is[OUT_1][SEP] · · · v2is[OUT_I]v3i ·
[SEP]s[OUT_K]", where v1i, v2i, and v3i are view
tokens. Here, v1i is always the first token in the
view string and v2i and v3i surround Mi’s output.
We configure k such views (one for each model)
and pass each into the BART MultiView model as
a set of views corresponding to the original input
post. The BART MultiView model is then trained
to produce the corresponding output stereotype.
For details on the MultiView architecture, please
see Chen and Yang (2020).

3.5 Training

We utilize the BART encoder decoder framework
throughout (Lewis et al., 2020). We use batch gra-
dient descent when training. For a batch B with
padded input sequences Xi of length Ns and corre-
sponding padded target sequences Yi of length Nt,
along with knowledge Ki from some knowledge
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Dataset # Posts Annotations/Post

SBIC Train 35933 3.14
SBIC Dev 4680 3.58
SBIC Test 4705 3.72

Implicit Hate Train 5722 1
Implicit Hate Test 636 1

Table 2: Dataset statistics.

source, we minimize cross entropy loss:

L =− 1

|B|Nt
·

|B|∑

i=1

Nt∑

j=1

log p(Yij |Yi(1:j−1), Xi,Ki)

(1)

4 Experimental Setup

4.1 Dataset
We conduct our experiments on the SBIC dataset
(Sap et al., 2020) and the Implicit Hate dataset
(ElSherief et al., 2021). The SBIC dataset contains
an input post, toxicity annotations and free text an-
notations of the implied stereotype. We work with
the input post and the the implied stereotype. The
Implicit Hate dataset (ElSherief et al., 2021) con-
tains free text annotations of the implied stereotype.
Dataset statistics are provided in Table 2.

4.2 Baselines
We compare our models with BART, and state of
the art baselines from Sap et al. (2020):

• GPT: Following Sap et al. (2020), we train
the GPT pretrained model from huggingface
to generate the toxicity classifications, the Tar-
get Minority, and the Implied Stereotype as a
string, when prompted with the input post.

• GPT-2: We train with the same setting as the
GPT Baseline, but use the GPT-2 pretrained
model from huggingface.

• BART: We train a standard pretrained BART
model to generate the implied stereotype
when given the input post.

4.3 Evaluation Metrics
We use BLEU (Papineni et al., 2002), ROUGE-L
(Lin, 2004) and BERTScore (Zhang* et al., 2020)
to evaluate our models and take the maximum score
for each hypothesis over all of the corresponding
references. We use BERTScore since it looks for

semantic similarity, unlike the other two metrics.
While we acknowledge it as a limitation, we ulti-
mately do not use human evaluation for multiple
reasons. First, the generated stereotypes are min-
imal in length compared to other text generation
tasks. Moreover, we perform manual analyses of
the results in Section 5. Second, we are following
precedent set by prior work (Sap et al., 2020). Fi-
nally, we want to minimize annotator exposure to
harmful content.

4.4 Results on SBIC
Our results on both dev and test are described in
Table 3. Here we focus on dev since both sets of
results track similar trends. We observe that the
MIXGEN models outperform all other models. Af-
ter MIXGEN, the model using Implicit Knowledge
sources perform best. These are followed by the
model using Explicit Knowledge, in turn followed
by model using Expert Knowledge.

Both models with explicit and with implicit
knowledge outperform expert language models.
The models using implicit knowledge tend to per-
form best overall (BLEU: from 0.650 to 0.683,
ROUGE-L: from 0.624 to 0.659, BERTScore:
from 0.759 to 0.800). This is likely because im-
plicit knowledge is less structured and hence easier
to induce bias from (Petroni et al., 2019). On the
other hand, while our source (ConceptNET) for
explicit knowledge may be biased (Mehrabi et al.,
2021), retrieved stereotypes are often mixed with
general, unbiased facts.

The MIXGEN models outperform every other
model. This makes intuitive sense since MIXGEN
synthesizes multiple types of knowledge. Unex-
pectedly, MIXGEN MULTIVIEW model does not
improve performance (the absolute difference is
within 0.002 across all scores) over MIXGEN
CONCAT. This is likely due to the fact that the
MultiView model was intended to capture meta-
sequences in text (Chen and Yang, 2020), whereas
in our setting the input is not sequential. We also
note that the MIXGEN models perform better than
the source models, despite their input being sourced
from the source models. Thus, despite differing
performance, models from different knowledge
sources are likely providing some distinct and com-
plementary information.

4.5 Results on Implicit Hate Speech Corpus
Results on the implicit hate corpus (ElSherief et al.,
2021) are given in Table 4. All models (including
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Model dev test
BLEU ROUGE-L BERTScore BLEU ROUGE-L BERTScore

GPT 0.597 0.579 0.712 0.591 0.574 0.713
GPT-2 0.617 0.601 0.733 0.620 0.605 0.741
BART Base 0.495 0.467 0.624 0.505 0.476 0.638

EXPERT (GROUP) 0.630∗ 0.604∗ 0.765∗ 0.637∗∗ 0.608∗ 0.776∗

EXPLICIT (20) 0.650∗∗ 0.624∗∗ 0.770∗∗ 0.645∗∗ 0.617∗∗ 0.773∗∗

IMPLICIT GPT-2 (15) 0.683∗∗ 0.659∗∗ 0.800∗∗ 0.689∗∗ 0.662∗∗ 0.811∗∗

MIXGEN CONCAT 0.692∗∗ 0.665∗∗ 0.807∗∗ 0.696∗∗ 0.669∗∗ 0.817∗∗

MIXGEN MULTIVIEW 0.691∗∗ 0.664∗∗ 0.806∗∗ 0.694∗∗ 0.666∗∗ 0.816∗∗

Table 3: We report performance of baseline models (first three rows) and our representative models from each
knowledge source. A superscript of * indicates statistically significant (p-value < 0.05) improvements over the GPT
and BART baselines, while a superscript of ** indicates statistically significant improvements over all baselines.
We use Wilcoxon’s signed rank test with a one sided alternative hypothesis to compute p values (Wilcoxon, 1992).

Model BLEU ROUGE-L BERTS.

BART Base 0.460 0.323 0.909

Exp. (Grp) 0.404 0.234 0.894
Expl. (20) 0.463∗ 0.327∗ 0.909
Impl. GPT-2 (15) 0.463∗ 0.331∗ 0.910∗

MIXGEN C 0.467∗ 0.340∗ 0.912∗

MIXGEN MV 0.459 0.325∗ 0.910∗

Table 4: This table shows the performance of our mod-
els on the implicit hate corpus (ElSherief et al., 2021).
BERTS. stands for BERTScore. A superscript of * indi-
cates statistically significant (p value < 0.05) improve-
ments over the BART baseline.

baselines) generally perform worse than they do
on the SBIC dataset. This is likely because the im-
plicit hate corpus contains one reference per post,
in contrast to the SBIC dataset (see Table 2). While
the Expert knowledge model performs worse than
the baseline, the other models perform slightly bet-
ter. This is likely because the Expert model relies
on toxicity classifications, which weren’t available
in the implicit hate corpus. We believe our models
can be generalized to text generation tasks on other
datasets, but they likely need multiple reference
points where the implicit hate corpus only has one.

5 Error Analysis and Ablation Studies

We perform analyses and ablation studies on model
results on the SBIC dataset. We do not perform
these on the implicit hate dataset, since we have
too few references per example. Examples of the
error and challenge types below are given in Table
5. An additional full set of examples for each error
and challenge type is given in Appendix 13.

Figure 3: Distribution on the four error types across
knowledge types and baselines.

5.1 Error Analysis

We categorize the types of errors made by models
on a small sample of 200 examples from the dev
set and provide the distributions in Figure 3. We
provide the error categories below.

1. Non-Existent Stereotype: Model gener-
ates a stereotype when the reference stereo-
type is an empty string.

2. Ignores Stereotype: Model does not gener-
ate a stereotype when the reference stereotype
is a non-empty string.

3. Incorrect Target Minority: Model uses
the incorrect target minority.

4. Incorrect Stereotype: Model uses the cor-
rect target minority but generates an incorrect
or overly general stereotype.
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Figure 4: Distribution of challenges across knowledge
types and baselines. We leave out cases of where models
detect non existent stereotypes from challenge type 2.

The baseline GPT models tend to make more
errors of every type, except that the expert model
makes more errors of type 4. The expert model
likely focuses on tokens that trigger toxicity clas-
sifications, which makes it less likely to focus on
other relevant tokens. In the second example of
Table 5, the token “black" may be triggering the
Expert Model, causing an error of type 4.

The knowledge enhanced models rarely fail to
generate a stereotype (type 2 error). On the other
hand, they often detect non existent stereotypes
(type 1 error), but less often than the baselines. In
the third example of Table 5, “contraceptive" may
be incorrectly triggering the implicit and explicit
models, while the expert model is not triggered.

5.2 Challenges in Stereotype Generation

We categorize the various challenges faced by our
text generation models and provide distributions in
Figure 4 and counts in Appendix 15. We analyze
the same sample of 200 examples from Section 5.1.

1. Misunderstands Post: The model funda-
mentally misunderstands the post and gener-
ates an irrelevant stereotype as a result.

2. High Sensitivity: The model is highly
sensitive to trigger words, which causes it
to detect non-existent stereotypes or generate
stereotypes based on the triggers alone.

3. Localized Generation: The model focuses
only on parts of the input and generates stereo-
types based on those parts, rather than on the
entire input post.

4. Does not Draw Connections: The model
clearly considers the entire input post, but
does not draw connections between the dif-
ferent parts of the post.

5. Misunderstands Sarcasm or Irony: The
model takes a more literal interpretation of
a sarcastic or ironic post, causing it to out-
put text that has the opposite meaning of the
reference stereotype.

6. Ignores Stereotype: The model does not
generate a stereotype despite a non-empty ref-
erence stereotype.

Interestingly, the MIXGEN model tends to mis-
understand sarcasm and irony at a slightly higher
rate than the other knowledge model types. In the
fourth example of 5, MIXGEN and the Implicit
Model take literal interpretations of the input post.
The Implicit Model type has difficulty with drawing
connections over the input (challenge type 4). An
example is given in the 6th row of Table 5, where
the model does not draw a connection between the
target minority and the stereotypes present.

5.3 How MIXGEN Synthesizes Knowledge
Table 5 provides examples of MIXGEN synthesiz-
ing knowledge across sources. In the third example,
MIXGEN produces an empty string even though
two of the more reliable sources (explicit and im-
plicit knowledge) produce non empty strings. In
the fifth example, MIXGEN clearly combines parts
of all the knowledge sources, while in the sixth ex-
ample MIXGEN produces a more accurate stereo-
type than any of the other models. Thus, it seems
that MIXGEN does not simply attempt to copy the
correct model, but actually possess a deeper under-
standing of the knowledge types it synthesizes.

5.4 Implicit Knowledge Ablation Study
Table 6 contains results of ablations on the Implicit
Knowledge models. We vary the amount (k) and
source (GPT and GPT-2) of implicit knowledge.
The model which sources knowledge using GPT
only outperforms the model sourcing knowledge
using GPT-2 when k = 3. When k = 15, the latter
model sourcing GPT-2 knowledge outperforms the
model sourcing knowledge from GPT. It is possible
that GPT-2 is less biased than GPT, thus benefiting
our model for low k, but that these benefits decrease
as k increases. With greater k, both models have a
greater chance of exhibiting bias.
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Input Post Target Stereotype Expert Explicit Implicit MIXGEN

what’s the best part about being
a midget pedophile? your dick
can fit.

can fit inside a per-
son sexually

mentally dis-
abled folks are
incompetent
(3,1)

midgets are
gross (4,2)

midgets
have small
penises (-,-)

midgets
have small
penises (-,-)

what’s the most perfect thing? a
rainbow, because it has no black
on it.

black people are
worth less

black people are
criminals (4,2)

black people
are inferior
(-,-)

black people
are inferior
(-,-)

black people
are inferior
(-,-)

when we finally get the male
contraceptive pill, it should be
red.

“" “" (-,-) women are
promiscuous
(1,2)

women are
promiscu-
ous (1,2)

“" (-,-)

what do a dull blade and a lethar-
gic emo have in common? they
both don’t cut like they used to

mentally ill people
cut themselves

makes light of
child molesta-
tion (3,1)

mentally
disabled folks
aren’t smart
(4,1)

emos don’t
cut (4,5)

physically
disabled
folks are
useless (3,5)

what do you call two anorexic
lesbians with yeast infections:
double quarter pounder with
cheese

lesbians are dirty lesbians can’t
drive (4,2)

anorexics are
gross (4,3)

anorexics
are gross
(4,3)

lesbians are
gross (-,-)

what’s can a white man say that
a black man can’t? “thanks offi-
cer!" and “hey dad!"

black folks are crim-
inals,black fathers
are not present in
childrens lives

black people are
criminals (-,-)

black people
don’t have fa-
thers (-,-)

black people
can’t be
trusted (4,4)

black men
abandon
their kids
(-,-)

Table 5: Examples of generation from MIXGEN. The Error Type and the Challenge Type are given in parenthesis,
“(error type number, challenge type number.)", with a “(-,-)" signifying no error.

Model dev test

GPT 0.712 0.713
GPT-2 0.733 0.741
BART Base 0.624 0.638

IMPLICIT GPT (3) 0.787 0.796
IMPLICIT GPT (15) 0.796 0.807
IMPLICIT GPT-2 (3) 0.783 0.795
IMPLICIT GPT-2 (15) 0.800 0.811

Table 6: BERTScores of baseline models and the im-
plicit knowledge models.

5.5 MIXGEN CONCAT Ablation Study

Model dev test

GPT 0.712 0.713
GPT-2 0.733 0.741
BART Base 0.624 0.638

MIXGEN CONCAT (3) 0.803 0.814
MIXGEN CONCAT (6) 0.807 0.817
MIXGEN CONCAT (9) 0.799 0.804

Table 7: BERTScores of baselines and our MIXGEN
CONCAT models. The value in parentheses indicates
the number of knowledge informed models used.

In Table 7, we look at ablations on the number
of knowledge informed models, for the MIXGEN
CONCAT model. Let k be the number of knowl-
edge informed models. The variant using k = 6
models performs best. Since the models variants

within each knowledge type only vary by some hy-
perparameter, information gain probably saturates
as the number of models increases; however per-
formance decreases when k = 9. Since we tend to
include models with lower performance for larger
k, worse performing models are likely counter pro-
ductive.

6 Limitations

We discuss limitations of our study here. Per the
discussion in Subsection 4.3, we do not perform
human evaluation of our results for multiple rea-
sons. We do believe this is a limitation, and think
future work may benefit from some form of human
evaluation, while mitigating some of the concerns
mentioned in Subsection 4.3.

The MIXGEN model requires significant com-
putational power. One needs to train models across
knowledge sources, and then train the MIXGEN
model itself. Future work may alleviate this bur-
den by considering end to end solutions, or more
efficient knowledge retrieval techniques.

Future work could perform an “in the wild" anal-
ysis, produced by procuring random comments
from the internet and running our proposed models
on these comments, to determine how effective the
models might be in a real world setting. Further
ablations may also provide insight. For instance,
with respect to our implicit knowledge models, it
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may be helpful to remove BART altogether and
instead use GPT for predicting the target minority,
pretraining on implicit knowledge and for generat-
ing the final stereotype. Finally, it may be helpful
to standardize the incorporation of knowledge into
the models, such that the models using different
knowledge types may be directly compared.

7 Conclusion
In this paper, we propose a novel framework MIX-
GEN to generate the stereotypes present in toxic so-
cial media posts, using multiple knowledge sources.
We categorized three different sources of knowl-
edge and synthesize the sources of knowledge us-
ing the MIXGEN models. While the knowledge
models perform as well as baselines, models built
on different knowledge types vary in strengths and
weaknesses. For instance, the expert model suffers
from high sensitivity to trigger words, while the
implicit models may not draw connections over
complex inputs. The MIXGEN models takes this
into account and minimizes the number of exam-
ples on which it has errors and/or faces challenges.
We conclude that mixture and ensemble methods
as simple as concatenation can leverage the com-
plementary nature of distinct knowledge sources to
produce high quality text generations.

Ethical Considerations

Models such as the one proposed in this paper,
which output toxicity classifications of text or
speech and reasoning behind such classifications
should be used with care. Considerations of al-
gorithmic fairness should be taken into account
(Corbett-Davies et al., 2017), as well as cultural
differences (Oliva et al., 2020) and racial biases
(Xia et al., 2020) which can lead to misclassifica-
tions of offensiveness. Care should be taken to
avoid political bias in training datasets, when train-
ing these models for deployment purposes (Wich
et al., 2020). Finally, concerns about censorship
should be taken seriously (Heins, 2014).
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A.1.1 Incorporating Expert Knowledge using
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hidden dimension d, we pass the input to the BERT
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also pass the input to the BART model and retrieve
the BART encoded input, namely H ∈ Rn×d. Let
v1, . . . , vm in Rd be trainable weight vectors. For
the j-th row vector, hj of H , we compute an en-
riched hidden state h′j as follows:

(h′j)
T = hTj +

m∑

i=1

aijvi (2)

We then pass the enriched hidden state through the
BART decoder to generate the output stereotype.
To combine knowledge from multiple variables, we
sum the enriched hidden state in Equation (2) over
each variable.

A.2 Explicit Knowledge
A.2.1 Incorporating Explicit Knowledge using

Concatenation
In this section, we provide formal details on how
we incorporate explicit knowledge from Concept-
NET using concatenation. In order to retrieve the
top k triples (varying k ∈ {3, 5, 10, 15, 20, 25}),
we first extract nouns, verbs, and adjectives from
the input as our query tokens. We then query Con-
ceptNet for triples associated with the query tokens
and sort the triples by the product of the query’s
IDF weight and the triple’s edge weight.

We then translate the triples into English (Robyn
Speer, 2019). For example, if the entities “car"
and “vehicle" are connected by the edge relation
“IsA", the translation would be “Car is a vehi-
cle". We concatenate the translations to the input
post to form a new input. Formally, let the in-
put be “spost" and “s[trp_i]" be the sentence derived
from the i-th triple. The modified input is then
“spost[SEP]s[trp_1][SEP] · · · [SEP]s[trp_k]". We then
pass the modified to the BART model which gener-
ates the implied stereotype.

The concatenation based approach allows the
model to encode the external knowledge into its
own embedding space.

A.2.2 Incorporating Explicit Knowledge using
Attention

In this section, we provide formal details on how
we incorporate explicit knowledge from Concept-
NET using attention and the fusion layer described
in Chang et al. (2020). This is an alternative method
we tried in addition to the method described in Sec-
tion A.2.1.

We first accumulate the top k triples (varying
k ∈ {5, 10, 20}) associated with a post, using the

method described in Appendix A.2.1. We then
concatenate the numberbatch embeddings (each of
dimension p) of the two entities in each of the k
triples vertically to produce a vector in R2p. We
then horizontally stack the concatenations to pro-
duce a matrix, HKG ∈ Rk×2p. The encoded input
generated by the BART model can be represented
by the matrix HB ∈ Rn×d, where n is the input
length and d is the hidden size of the BART model.
We compute knowledge aware attention over the
input as follows:

Q = HB ∗W1 + bT1 (3)

K = HKG ∗W2 + bT2 (4)

V = HKG ∗W3 + bT3 (5)

HB
KG = softmax

(QKT

√
d
V
)

(6)

where W1 ∈ Rd×d,W2,W3 ∈ R2p×d and
b1, b2, b3 ∈ Rd. The knowledge aware matrix is
HB
KG ∈ Rn×d. Finally, we concatenate the origi-

nal encoded input and the knowledge aware matrix,
HB
KG and perform an affine transformation:

H ′ = (HB ⊕HB
KG) ∗W4 + bT4 (7)

where ⊕ denotes column-wise concatenation,
W4 ∈ R2d×d and b4 ∈ Rd. H ′ ∈ Rn×d is the
new hidden state, which fuses the old hidden state
and the new knowledge aware hidden state. H ′ is
passed into the BART decoder.

A.3 Implicit Knowledge
A.3.1 Incorporating Implicit Knowledge

using GPT
In this section, we provide formal details on in-
corporating implicit knowledge using a pretrained
GPT models.

Let Mtm be a BART model trained to predict
the target minority of a given input post. Let the
target minority string predicted by M[tm] be “s[tm]"
and let “s[pr]" be a prompt. We provide a list
of prompts in Table 8 We then prompt the GPT
models with the following string “The s[tm] s[pr]".
The GPT models complete the prompt with a gen-
erated string, “s[gpt]", so that the final string is
“The s[tm] s[pr] s[gpt]". For GPT generations, we
choose hyper-parameters based on methods in
Patrick von Platen (2020). For each input, we ran-
domly select various prompts to generate k sen-
tences of the form “The s[tm] s[pr] s[gpt]", varying
k ∈ {3, 15}. Note that if there is no predicted
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Prompt

were known for
were described as
were regarded as
were thought of as
were well-known for
were seen as a
have a reputation for
would frequently
worked as
have a job as
have a part-time job as
earned money by
started working as
have various hobbies such as
would regularly engage in
frequently talked about
behaved as though
liked to

Table 8: Prompts for the GPT/GPT-2 biased sentence
generators. The biased sentences are used to train the
BART model, which is then retrained to produce the
output stereotype. The predicted target minority of the
input post is prepended to some of the prompts above,
chosen at random. The GPT models then complete the
prompt.

target minority, s[tm] is the empty string and no
sentence is generated using GPT. In this case, the
input is paired with just the empty string.

We then pair the input with each of the k gener-
ated sentences (or the empty string if there is no
predicted target minority) and train a BART model
M to predict the generated sentences. Model M
is then used as a pretrained model and is retrained
to predict the implied stereotype given the same in-
put. The retrained BART model is our final implied
stereotype generator.

B Implementation Details

B.1 Implementation Details for BART
Encoder Decoder Models

We train our BART models using a learning rate
of 5e − 6 for 3 epochs with a batch size of 2 or
4, depending on the size of the input. This ex-
cludes the BERT classifier models, whose settings
are given in Appendix B. The BART models have
406M parameters and all training is done on an
Nvidia TITAN V GPU, with 12 GB memory, a
boost clock speed of 1455 MHz, 640 Tensor cores

and 5120 CUDA cores. Training under this regime
takes approximately 90 - 120 minutes. We remove
all URLs, “RT" strings, and “@" mentions from the
input post. We train these models on just a single
seed and results are reported on just that seed, as
we had limited time to train and test our models.
The baseline GPT-2 and GPT models are trained
for 5 epochs, as in the original paper by Sap et al.
(2020). Following the paper, we perform minimal
preprocessing to the input text before training and
testing and only remove all URLs. During infer-
ence, we pass batches of input from the dev and
test sets to the generate method of the huggingface
BART model class. We use beam search for gener-
ation, with a beam width of 10 and a length penalty
of 5.0.

B.2 Implementation Details for BERT
Classifier Models

We train base BERT models, which have 110M
parameters. Training takes approximately 30 - 40
minutes on the GPUs described in B. We train these
models on just a single seed, as results did not vary
much as the seed varied and we had limited time
to train and test our models.

Model LR Batch Size Epochs

Offensiveness 5e-6 32 2
Intent to Offend 5e-7 32 1
Lewdness 5e-6 32 1
Group Targeted 5e-6 32 2

Table 9: Training Settings for BERT Classifier Models.
LR stands for Learning Rate.

BERT Classifier Model training settings are
given in Table 9 and Table 10.

C Further Ablation Studies

In this section, we look at ablation studies con-
ducted on the Expert Knowledge models and the
Explicit Knowledge models.

C.1 Expert Knowledge Ablation Study

Recall that we use the last attention layer of a BERT
classifier with the join embedding architecture in-
troduced in Pryzant et al. (2020) to enhance the hid-
den states of the BART model performing stereo-
type generation. We perform ablation studies by
replacing the classifier over a few different anno-
tated categories, namely Offensiveness, Intent to
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Model dev test
Offensive Intent Lewd Group Offensive Intent Lewd Group

GPT 0.834 0.818 0.608 0.740 0.835 0.818 0.577 0.754
GPT-2 0.832 0.812 0.654 0.754 0.847 0.824 0.670 0.774

BERT 0.863 0.832 0.726 0.810 0.867 0.828 0.708 0.826

Table 10: GPT/GPT-2/BERT Classifier Performance on Dev and Test sets.

Models dev test
BERTScore BERTScore

GPT 0.712 0.713
GPT-2 0.733 0.741
BART Base 0.624 0.638

EXPERT (OFFENSIVE) 0.759 0.767
EXPERT (INTENT) 0.761 0.764
EXPERT (LEWD) 0.757 0.764
EXPERT (GROUP) 0.765 0.776
EXPERT (ALL) 0.765 0.770

Table 11: We report BERTScores of baseline models
(first three rows) and the expert knowledge models. The
Expert Knowledge Models leverage annotations of cat-
egorical variables on the input to enhance stereotype
generation. The All variant leverages all of the categori-
cal variables.

Offend, Lewdness, and Group Targeted. We also
train a model that uses all of the classifiers. The
results for the ablations are in Table 11.

It is important to note the relative performance
of the models. The Expert Knowledge model us-
ing the Group Targeted BERT classifiers performs
better than the other single classifier models, and
performs on par with the Expert Knowledge model
leveraging all of the classifiers. It’s likely that the
tokens used by the BERT model to identify whether
a minority group is targeted aligns closely with the
portions of the encoded input used to generate the
stereotypes. This makes intuitive sense, since the
set of posts targeting some minority group likely
has some stereotype mentioned in the post and vice
versa. The same cannot be said for the other cat-
egories. This intuition is further strengthened by
the fact that the Expert Knowledge model using all
the classifiers does not perform much better than
the Expert Knowledge model using just the Group
Targeted classifier. Thus the other classifiers may
be contributing little additional knowledge to the
stereotype generation task.

C.2 Explicit Knowledge Ablation Study

In this section, we specifically discuss the num-
ber of knowledge triples we use when training ex-

Model dev test

GPT 0.712 0.713
GPT-2 0.733 0.741
BART Base 0.624 0.638

EXPLICIT (INPUT) (3) 0.761 0.768
EXPLICIT (INPUT) (5) 0.748 0.757
EXPLICIT (INPUT) (10) 0.764 0.770
EXPLICIT (INPUT) (15) 0.769 0.772
EXPLICIT (INPUT) (20) 0.770 0.773
EXPLICIT (INPUT) (25) 0.752 0.763

EXPLICIT (ATTN) (5) 0.761 0.768
EXPLICIT (ATTN) (10) 0.759 0.765
EXPLICIT (ATTN) (20) 0.768 0.769

Table 12: We report BERTScores of baseline models
(first three rows) and the explicit knowledge models.

plicit knowledge models and note trends in the
BERTScore as k varies. The results are in Table
12. We discuss an additional attention based model
not mentioned in the main paper. The detailed
methodology for this model is given in Appendix
A.2.2.

We note that when concatenated directly to the
input, performance increases as k increases up to a
point and then starts to decrease. We believe that
this occurs because the usefulness of knowledge
initially increases then decreases as k increases. In
particular, as k increases, many of the latter triples
tend to be synonymous with earlier triples or un-
related to the original input. We also note that
incorporating knowledge as attention tends to pro-
duce a better BERTScore, while not performing as
well on other metrics. We suspect that this is due
to the numerbatch embeddings capturing more se-
mantic meaning than the BART embeddings. The
numberbatch embeddings draw from a variety of
sources, in addition to the graph structure itself and
they perform well on benchmarks measuring word
similarity.

D Analysis

We provide a few examples of stereotype genera-
tion, comparing and contrasting the different model
types in Table 13.
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Error/Challenge Type Input Post Generated Stereotype Explanation

Error Type 1 (Non-Existent Stereotype) what do you call it when
you fuck an apple? an
inside job

makes light of child
abuse

The post does not refer
or imply anything about
children in any way.

Error Type 2 (Ignores Stereotype) why do bitches hate
so much tho? what’s
wrong with congratulat-
ing and giving people
props sometimes?

“" The post clearly refers
to women in a deroga-
tory manner.

Error Type 3 (Incorrect Target Minority) if harvey and irma are
god’s fidget spinners,
wouldn’t god be autis-
tic?

trivializes harm to vic-
tims

The post refers to autis-
tic folks, but the gen-
erate stereotype doesn’t
capture it.

Error Type 4 (Incorrect Stereotype) why don’t black people
go on cruises? because
they already fell for that
shit once.

black people deserve to
die

The post refers to
African American
history (those arriving
on slave ships), yet the
generated stereotype
does not mention this.

Challenge Type 1 (Misunderstands Post) if the operation to re-
move your tonsils is
called a tonsillectomy,
then what is the name
of the operation for
a female do male sex
change? addadictomy

women are only good
for sex

The generate stereotype
has nothing to do with
the original post.

Challenge Type 2 (High Sensitivity) why do jews have big
noses? to smell the
money.

jews were killed in the
holocaust

The token “jew" triggers
an irrelevant generation.

Challenge Type 3 (Localized Genera-
tion)

how do you know the
asian food is under-
cooked? when it starts
barking.

asians have no food The post focuses on the
first part of the sentence,
but ignores the remain-
der.

Challenge Type 4 (Does not Draw Con-
nections)

enjoy having multicul-
turalism shoved down
your throat, fighting for
israel and having a black
or asian as your new
best friend.

non-whites are inferior The generated stereo-
type understands that
the stereotype is about
non-whites, but does not
connect it to the broader
stereotype of non-white
cultures having a nega-
tive impact.

Challenge Type 5 (Misunderstands Sar-
casm/Irony)

dating rules for women
* don’t be morbidly
obese *

women shouldn’t be
skinny

The generated stereo-
type inverts the sarcasm
of the original post and
thus fails to capture the
stereotype.

Challenge Type 6 (Ignores Stereotype) fight anyone that tells
you there’s nothing
wrong with being fat.
and help your body and
bones and lose weight,
seriously.

“" The input post targets
those who are obese, yet
the model does not gen-
erate a stereotype.

Table 13: Examples of generation from each of the error types described in Sections 5.1 and 5.2

D.1 Error Analysis

Table 14 provides the counts for the Error Analysis.
Clearly, the MIXGEN models minimize the total
number of errors made, although MIXGEN may
not have the minimal number of errors in each
category.

D.2 Challenges in Stereotype Generation
Table 15 provides the counts for the Challenges
faced by each model. Clearly, the MIXGEN mod-
els minimize the total number of challenges face,
although MIXGEN may not have faced the mini-
mal number of challenges within each category.
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Error Type GPT GPT-2 Expert Explicit Implicit MIXGEN

1 45 46 37 44 30 24
2 8 7 1 0 3 4
3 13 11 11 10 10 8
4 28 37 41 24 27 27
5 106 99 110 122 130 137

Table 14: This table contains the counts for the error analysis. Though it is not quite an error and isn’t mentioned in
the main paper, Error Type 5 accounts for the examples in which the model outputs an accurate stereotype.

Challenge Type GPT GPT-2 Expert Explicit Implicit MIXGEN

1 8 6 6 4 2 4
2 (Non-existent Stereotypes) 44 46 37 44 30 24
2 (Remainder) 15 9 33 13 18 11
3 8 19 10 7 8 8
4 7 9 2 5 6 5
5 4 5 1 5 3 7
6 8 7 1 0 3 4
7 106 99 110 122 130 137

Table 15: This table contains the counts for the error analysis. Though it is not quite a challenge and isn’t mentioned
in the main paper, Challenge Type 7 accounts for accurate generations by the model. Challenge Type 2 is partitioned
into two sub-categories, one which includes only cases where the model detects non-existent stereotypes and another
which does include such cases.
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Abstract
In modern interactive speech-based systems,
speech is consumed and transcribed incre-
mentally prior to having disfluencies removed.
This post-processing step is crucial for pro-
ducing clean transcripts and high performance
on downstream tasks (e.g. machine trans-
lation). However, most current state-of-the-
art NLP models such as the Transformer op-
erate non-incrementally, potentially causing
unacceptable delays. We propose a stream-
ing BERT-based sequence tagging model that,
combined with a novel training objective, is
capable of detecting disfluencies in real-time
while balancing accuracy and latency. This is
accomplished by training the model to decide
whether to immediately output a prediction for
the current input or to wait for further context.
Essentially, the model learns to dynamically
size its lookahead window. Our results demon-
strate that our model produces comparably ac-
curate predictions and does so sooner than our
baselines, with lower flicker. Furthermore, the
model attains state-of-the-art latency and sta-
bility scores when compared with recent work
on incremental disfluency detection.

1 Introduction

Many modern Natural Language Understanding
(NLU) applications (e.g. transcribers, digital voice
assistants, and chatbots) use streaming Automatic
Speech Recognition (ASR) systems that incremen-
tally consume speech, offering real-time transcrip-
tion and predictions with minimal delay. How-
ever, these systems are often challenged by the
presence of disfluencies, which are unintentional
speech disruptions such as “um”, “no I meant”, and
“I I I I think,” that occur naturally in spontaneous
speech. Disfluencies not only hurt the readability
of ASR transcripts, but also erode model perfor-
mance on downstream tasks, such as machine trans-
lation (Hassan et al., 2014) and question answering

∗Work completed as part of the Student Researcher pro-
gram at Google.

(Gupta et al., 2021). Indeed, even state-of-the-art
models such as BERT (Devlin et al., 2019) and
T5 (Raffel et al., 2020) exhibit significant drops in
performance (as much as 28 and 20 F1 points, re-
spectively) on the SQuAD-v2 question-answering
benchmark (Rajpurkar et al., 2018) when disfluen-
cies are inserted into the questions (Gupta et al.,
2021). Past work has shown that a prohibitively
large amount of data is needed to train an end-to-
end dialogue model that is robust to the presence of
disfluencies (Shalyminov et al., 2017). As a result,
modern ASR pipelines typically contain a sepa-
rate post-processing step that detects and removes
disfluencies from the transcript, which has been
shown to perform better than end-to-end ASR mod-
els that generate fluent text from disfluent speech
(Jamshid Lou and Johnson, 2020).

Shriberg et al. (1997) introduced the following
disfluency schema components that are widely used
in disfluency detection research: the reparandum
(spoken segment intended to be removed), the in-
terruption point (marked as “+”), the repair (spo-
ken segment that comes as a replacement to the
reparandum, of which the first word is known as
the repair onset), and the interregnum (material
that appears between the reparandum and repair).
An example of this annotation schema is shown
in Figure 1. Usually the disfluency detection task
involves identifying and removing the reparandum
portion of the disfluency. One of the most popu-
lar approaches that targets disfluency detection is
the usage of sequence tagging models such as fine-
tuned BERT (Bach and Huang, 2019; Rohanian
and Hough, 2021) or LSTM (Zayats et al., 2016;
Rohanian and Hough, 2020).

Another challenge in disfluency detection is the
fact that most interactive speech- or text-based ap-
plications consume input incrementally, producing
predictions one word at a time, rather than in en-
tire sentences. However, recent state-of-the-art pre-
trained language models such as BERT have largely
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A uh flight [to Boston︸ ︷︷ ︸
reparandum

+ {uh I mean︸ ︷︷ ︸
interregnum

} to︸︷︷︸
repair onset

Denver

︸ ︷︷ ︸
repair

] on Friday

Figure 1: An example of disfluency annotation.

been designed for non-incremental processing and
are trained only to output predictions on complete
input utterances. Using a non-incremental model in
an interactive setting produces undesirable delays,
since downstream applications must wait for the
user to finish their entire utterance before making
any decisions.

To address the goal of streaming disfluency
detection, recent work has focused on adapting
non-incremental models for streaming settings.
Madureira and Schlangen (2020) demonstrated that
BERT-based models can adequately process in-
cremental input for a variety of sequence tagging
tasks when trained on partial sequences, although
performance on full sequences suffers. Roha-
nian and Hough (2021) applied both the truncated
training and prophecy generation strategies from
(Madureira and Schlangen, 2020) to a BERTLARGE
model, achieving state-of-the-art performance on
streaming metrics among incremental systems. No-
tably, both these approaches employ the delay strat-
egy of a fixed lookahead window - a short amount
of right context that the model can “peek” at when
making its prediction on the current token (Buß
and Schlangen, 2011). Although a larger looka-
head window can boost accuracy and stability, it
also incurs extra delay (by definition).

In the task of incremental disfluency detection,
a lookahead window is likely most useful for
reparanda, since it is often nearly impossible to
identify a reparandum without knowing whether it
is followed by an interregnum or repair. However,
this extra right context may be much less informa-
tive for fluent tokens. Guided by this insight, we
extend the past research by training a BERT-based
model to dynamically decide how much lookahead
context to use. For each new input token that the
model consumes, the model can choose to either
immediately output a label for that token or to
wait for further input before making its prediction.
We also design a novel training objective that ac-
counts for both the cross-entropy and latency costs
incurred by delaying inference.

In our experiments we explore the trade-offs be-

tween accuracy, latency, and output stability for
both partial and complete results. To our knowl-
edge, this is the first work to adapt the BERT archi-
tecture and training objective to balance accuracy
and latency in a streaming sequence tagging task.

The contributions of our paper are as follows:
first, we propose a new model architecture and
training objective for streaming sequence tagging
tasks. This method involves fine-tuning a pre-
trained BERT model to decide when to immedi-
ately output predictions and when to wait for fur-
ther input– temporarily abstaining from producing
a prediction. Secondly, we show that this model
achieves high accuracy in incremental settings with
state-of-the-art latency and stability, all with a
model architecture that is ∼ 35 times smaller than
BERTBASE (Zhao et al., 2021). We demonstrate
that the model continues to perform competitively
in non-incremental settings when compared to its
non-incremental counterparts. Finally, our analyses
show that our streaming model learns to wait the
most when it encounters an interregnum or reparan-
dum, and the least for fluent or edit terms.

2 Related Work

Although disfluency detection itself is a well-
studied task, only a handful of past work has ex-
plored disfluency detection in an online setting -
that is, consuming the input a single token at a
time and outputting predictions on the partial in-
put as early as possible. Among the neural ap-
proaches, Hough and Schlangen (2015) were the
first to demonstrate competitive performance of
recurrent neural networks (RNNs) on incremental
disfluency detection by applying an Elman RNN
paired with a Markov decoder that jointly opti-
mized the probability of the output tag over the past
inputs and outputs. Hough and Schlangen (2017)
built upon this by jointly training LSTMs on both
utterance segmentation and disfluency detection,
demonstrating that jointly training on the two tasks
yielded higher accuracy and lower latency on both
tasks than training on either task alone. This was
followed by a number of other works that also suc-
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Figure 2: The architecture of our streaming BERT model. The disfluency classification head outputs predictions
of fluent (f ) or disfluent (d) for each token, whereas the wait classification head outputs predictions of predict (p)
or wait (w) for each token. Given a partial input, we find the first token with a wait prediction and output only the
tokens before it with fluent predictions.

cessfully paired incremental disfluency detection
with other tasks, such as language modeling (Sha-
lyminov et al., 2018) and POS tagging Rohanian
and Hough (2020).

More recently, large pre-trained transformer ar-
chitectures have demonstrated incredible success
on sequence labeling tasks (Vaswani et al., 2017).
Although the original transformer architecture was
not designed for streaming input, Chen et al. (2020)
proposed the controllable time-delay transformer
instead, which combines a fast decoding strategy
with a modified self-attention mechanism that at-
tends only to future inputs in a fixed lookahead
window.

The closest work to ours is that of Rohanian and
Hough (2021), in which the authors fine-tuned a
pre-trained BERTLARGE model via add-M train-
ing, which feeds the model successive prefixes of
lengths N +M,N + 2M, · · · for each full-length
training example. Their best-performing model
also made use of a prophecy decoding strategy,
in which a GPT-2 (Radford et al., 2019) model
predicted the missing right context of each par-
tial input. The BERT model then made its pre-
dictions based on the complete extrapolated se-
quence, POS tags, and word timings. Unlike their
work, we aim to train a more lightweight small
vocabulary 12 × 128 BERT model that is more
suitable for on-device settings, does not require
a separate prophecy generation model, and uses
only disfluency-annotated training data. We also
train our model on successive prefixes of the input
(with N = 1,M = 1) but modify both the archi-
tecture and training objective in order to balance
the competing objectives of accuracy and latency.

3 Training a Streaming BERT Model

In this section we describe the architectural
changes, new training objective, and training
scheme that we use to adapt a (non-incremental)
BERT model for streaming sequence tagging tasks.
Specifically, we modify the model to enable it to
either immediately produce a prediction for a given
token or to decide to wait for further input. These
changes include a novel training objective that bal-
ances the cost between accuracy and latency – pre-
venting the model from the extremes of either re-
lying too much on waiting for further input or on
speedily making predictions at the cost of accuracy.
We train this model using a restart-incremental
training procedure described in Section 3.2.

3.1 Model Design
Streaming settings force models to make trade-offs
between accuracy and latency. More accurate pre-
dictions can be obtained by providing longer right
context at the cost of incurring additional latency.
However, since most tokens are not disfluent, a
model may not require the right context in order
to accurately classify fluent tokens. Rather than
using a fixed lookahead window, we train a BERT
model to jointly classify tokens and simultaneously
choose the lookahead window size dynamically at
each token.

Our proposed model architecture consists of a
pre-trained BERT model with two separate token
classification heads added on top, as shown in Fig-
ure 2. Each classification head consists of a linear
layer applied to the hidden layer outputs of the
BERT model. The first classification head, the
disfluency classifier, is trained to classify whether
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each token is disfluent or not. The second clas-
sification head (the wait classifier) is trained to
classify whether the model should wait for further
input (temporarily abstain from predicting) or im-
mediately output a prediction for the given token.
In effect, the wait classifier decides how large of
a lookahead window the model needs to make its
prediction on the current input. At inference time,
we only output tokens that lie to the left of the first
token for which the model outputs a wait predic-
tion and that are predicted to be fluent. This avoids
potentially producing disjoint output in the case
where the model produces predictions of wait fol-
lowed by predict, making the output more clear for
the user’s display.

We also adapt the training objective such that
it accounts for both the accuracy and latency of
the model’s outputs on each successive prefix. Let
(x, y) be the pair of input sequence and target out-
put sequence with prefixes x1, x2, · · · , x|x| and
y1, y2, · · · , y|x|, respectively where |x| is the length
of the full sentence. We also denote f(x) as the
output logits of the disfluency classifier, g(x) as
the output logits of the wait classifier, σ(·) as the
softmax function, and H(·, ·) as the cross-entropy
loss. Then the traditional cross-entropy loss on the
full input and target sequences is

`FULL(x, y) = H(σ(f(x)), y) (1)

However, for each prefix we wish to only compute
the cross-entropy loss on the tokens to the left of
the first token for which the model outputs a wait
prediction. To accomplish this, we devise a binary
mask that zeros out the loss on the tokens to the
right of and including the first wait prediction:

m(σ(g(xi)) = (m1, · · · ,m|xi|) (2)

where

mj =

{
1 if j < k

0 otherwise
(3)

k = min {j|σ(g(xi)j) > 0.5} (4)

where g(xi)j is the j-th element of vector g(xi).
We then apply this mask to the cross-entropy loss
for each prefix of example x to obtain prefix loss:

`PREFIX(x, y) =

|x|−1∑

i=1

m(σ(g(xi)))◦H(σ(f(xi)), yi)

(5)

where we abuse notation here by denoting
H(σ(f(xi)), yi) as the vector for which the j-
th element corresponds to the cross-entropy of
(σ(f(xi))j , yi,j) and ◦ is element-wise multiplica-
tion. Lastly, we define a latency cost that scales
with both the probability of abstaining from clas-
sifying the j-th token in the i-th prefix (σ(g(xi)j))
and with the expected wait time, as measured by
number of tokens, incurred by abstaining starting
from token j in prefix xi:

`LATENCY(x) =

|x|−1∑

i=1

i∑

j=1

(i− j)σ(g(xi)j) (6)

Putting these together, the total loss for a single
example (x, y) is:

`(x, y) = `FULL(x, y) + γ`PREFIX(x, y)

+ λ`LATENCY(x) (7)

with hyperparameters γ and λ controlling the rel-
ative strengths of the prefix and latency costs, re-
spectively. We also include the cross-entropy loss
on the full sequences (`FULL) in addition to the pre-
fix losses (`PREFIX) because we wish for the model
to maintain its ability to make predictions on full
sequences. Since g(x) does not appear anywhere
in `FULL, the model is effectively forced to make
predictions once it receives the full utterance.

Similarly, the `LATENCY term is essential because
without it, the model could achieve minimal loss by
always waiting (e.g. σ(g(xi)j) = 1 for all prefixes
i and time steps j), and only learning to classify dis-
fluent tokens after receiving the full sequence. This
is equivalent to the non-incremental classification
loss. If we instead set σ(g(xi)j) = 0 for all i, j
(the case where the model never waits), the result-
ing loss is equivalent to the learning objective for
strongly incremental training (see Section 3.2). In
essence, our training objective is a generalization
of the strongly incremental objective.

3.2 Restart-Incremental Training
Although BERT models are typically fine-tuned
using complete pre-segmented sequences, an in-
cremental model must process partial inputs at in-
ference time, resulting in a distributional shift be-
tween the complete utterances typically seen in
training datasets and the partial utterances seen at
inference time. A simple solution is to fine-tune
BERT both on complete and partial inputs, a train-
ing scheme known as restart incrementality (Ka-
hardipraja et al., 2021). By providing successively
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extended prefixes of a given utterance to the model
and computing the loss on the model outputs for
each prefix, we can mimic the streaming data that
the model would encounter in real time. In all of
our experiments, each successive prefix adds a sin-
gle word to the previous prefix, a setting known
as strongly incremental (Shalyminov et al., 2018).
Although this approach requires re-computation
of the model outputs for each successive prefix,
this also enables the model to correct its previous
predictions, or to switch between waiting and pre-
dicting when it receives helpful right context. In-
corporating prefixes during training in incremental
disfluency detection has been previously explored
by Rohanian and Hough (2021). This serves as a
strong baseline in our experiments.

4 Experimental Setup

We fine-tune all models on the Switchboard dataset
(Godfrey et al., 1992), a transcribed English multi-
speaker conversational corpus that is commonly
used for ASR research. We specifically use the ver-
sion from the Linguistic Data Corpus’s Treebank-3
(Marcus et al., 1999) distribution, which addition-
ally contains disfluency annotations and a stan-
dard train/dev/test split (Charniak and Johnson,
2001). We follow Rocholl et al. (2021), training
our models to classify both the reparanda and in-
terregna as disfluent for future removal in a final
post-processed transcript.

4.1 Baselines

All of our experiments use small distilled BERT
models, specifically a small vocabulary BERT
model (Zhao et al., 2021) (BERTSV) with 12 hid-
den layers of size 128 that is pre-trained on English
Wikipedia and BookCorpus (Zhu et al., 2015). The
details of our hyperparameter tuning can be found
in the Appendix (Section A.2).

We use small models for two reasons: 1) fine-
tuning a model on all given prefixes of each training
example is resource intensive, and 2) many stream-
ing natural language understanding applications
run entirely on mobile devices which precludes
the use of large models. Previous work on small
non-incremental BERT-based models used for dis-
fluency detection (Rocholl et al., 2021) showed
significant improvement in memory and latency
without compromising task performance. The core
BERTSV model is a distilled version of BERTBASE
with smaller vocabulary and reduced hidden layer

dimensions (Zhao et al., 2021). Due to its smaller
vocabulary size (5K versus 30K tokens), the model
has only about 3.1M parameters, as compared to
BERTBASE’s approximately 108.9M parameters,
achieving around 80% latency reduction.

In order to isolate the effects of training with
restart incrementality (Section 3.2) versus the im-
provements derived directly from incorporating
our new training objective, we also evaluate two
other models: 1) a non-incremental BERTSV model
trained in the usual way, on full sequences; and 2)
a BERTSV model trained with restart incremen-
tality - i.e., on all prefixes of every training ex-
ample (which we will refer to as “all prefixes” in
following tables). Setup (1) is equivalent to ablat-
ing both `PREFIX and `LATENCY whereas setup (2) is
equivalent to ablating only `LATENCY. We do not
ablate `PREFIX in isolation since this leaves only the
`FULL and `LATENCY terms, and there does not exist
a meaningful measure of latency when the model
never needs to wait for more input (since it is al-
ways given the full utterance as input). For each
of these baseline models we also follow Rohanian
and Hough (2021) and Kahardipraja et al. (2021)
by evaluating with different fixed lookahead (LA)
window sizes of LA = 0, 1, 2.

4.2 Incremental Evaluation

Accuracy alone is not a sufficient measure of suc-
cess to robustly evaluate a streaming model. Since
a streaming model is meant to operate in real time,
it should return output as soon as possible after it
receives new input. As such, we also need to evalu-
ate it with respect to latency – i.e. the number of
new tokens a model must consume before produc-
ing a prediction for the current token. Furthermore,
streaming models are often designed to be capa-
ble of retroactively changing their predictions on
previous tokens as new input arrives. This intro-
duces the risk of output “jitter” or “flicker,” where
the output changes dramatically as new input is
consumed, necessitating evaluation of stability. To
capture all these important dimensions of streaming
model performance, we evaluate the models using
the following diachronic metrics (with formulas
and further details in the Appendix):

• Streaming F1: An accuracy metric scored in
the same way as the typical F1 score, albeit we
score the predictions for a single token over
the course of multiple time steps separately as
if they were predictions for separate tokens.
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Model Training Scheme Incremental Final
F1 ↑ P ↑ R ↑ EO ↓ TTD ↓ AWT ↓ F1 ↑

BERTSV Full sequences 0.76 0.74 0.78 0.31 1.46 0.00 0.89
BERTSV All prefixes 0.76 0.73 0.78 0.32 1.37 0.00 0.89
Streaming BERTSV All prefixes 0.83 0.92 0.75 0.09 2.32 0.21 0.88
Models with lookahead ≥ 1

BERTSV (LA = 1) Full sequences 0.83 0.85 0.80 0.10 2.41 1.00 0.89
BERTSV (LA = 2) Full sequences 0.85 0.89 0.82 0.05 3.06 2.00 0.89
BERTSV (LA = 1) All prefixes 0.82 0.85 0.80 0.12 2.33 1.00 0.89
BERTSV (LA = 2) All prefixes 0.85 0.89 0.82 0.06 3.01 2.00 0.89

Table 1: Comparison of incremental performance on the Switchboard validation set of non-incremental small-
vocab BERT models (BERTSV) against that of a streaming small-vocab BERT model (streaming BERTSV). In the
lower half of the table we also list the evaluation results of non-incremental BERTSV models with fixed lookahead
(LA) window sizes of 1 and 2 tokens. Note that for the non-incremental models the lookahead window size is
equivalent to the average waiting time (AWT). The arrows near each metric represent the desirable direction of the
result: ↑ means the higher the performance the better and ↓ is the reverse.

• Edit Overhead (EO) (Buß and Schlangen,
2011): A stability metric that measures the
average number of unnecessary edits, normal-
ized by utterance length.

• Time-to-detection (TTD) (Hough and
Schlangen, 2017): A latency metric that is
only computed on disfluent tokens that are
classified correctly. It is the average amount
of time (in number of tokens consumed) that
the model requires before first detecting a
disfluency. As mentioned earlier, we include
both reparanda and interregna as disfluencies.

• Average waiting time (AWT): The average
amount of time (in number of tokens con-
sumed) that the model waits for further input
before making a prediction on a given token.
For models with a fixed lookahead window,
this is equivalent to the lookahead window
size. For the streaming model, this is equiva-
lent to the average lookahead window size.

• First time to detection (FTD) (Zwarts et al.,
2010; Rohanian and Hough, 2021): Similar
to to the TDD metric described above with
the main difference being that the latency (in
number of words) is calculated starting from
the onset of a gold standard repair.

5 Results

In this section we present a summary of both the
non-incremental and incremental performance of
our streaming model against that the baselines.
We also present an analysis of the types of errors

and average amount of waiting time the streaming
model incurs.

5.1 Incremental Performance

Table 1 shows both the incremental and non-
incremental evaluation metrics. Our proposed
streaming BERTSV model achieved a 9% increase1

in streaming F1 over both of the baselines (with
lookahead = 0), as well as a 71% and 72% decrease
in edit overhead compared to the non-streaming
models trained on full sequences and all prefixes,
respectively. Despite being trained with a differ-
ent architecture and loss objective, the streaming
model does not sacrifice its non-incremental per-
formance, yielding a final output F1 score that is
only one point less than its non-streaming coun-
terparts. Generally speaking, when the streaming
model does output a prediction, it classifies tokens
as disfluent less often than the non-streaming mod-
els with zero LA window, achieving much higher
precision (P) and marginally lower recall (R), re-
sulting in a model that “flickers" less frequently.
However, this does contribute to a slightly higher
time-to-detection score compared to the baselines
with zero lookahead, since the streaming model
is generally less aggressive but more precise with
outputting disfluent predictions. When compared
to the models with fixed lookahead (the lower half
of Table 1), however, the streaming model always
achieves lower TTD while achieving significantly
lower waiting time and comparable accuracy and

1All percentages mentioned in this section are computed as
a percentage of the original number, rather than as a difference
in percentage points.
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stability.

Type of disfluency Average wait time
Repair 0.74
Fluent 0.15
Interregnum 1.06
Reparandum 0.76
Edit 0.14
Repair onset 0.46

Table 2: The streaming model’s average waiting time
(in number of tokens) for each type of token (as cate-
gorized in Marcus et al. (1999)) encountered in each
prefix fed to the model for the Switchboard validation
set. For a more fine-grained analysis, we separate the
repair onset (the first word in the repair phrase) from
the rest of the words in the repair. The category “Edit”
consists of all edit terms that are not interregna (i.e. not
inside of a repair structure).

Effect of lookahead window size We also
evaluated the performance of the non-streaming
baseline models with fixed lookahead window sizes
of 1 and 2 tokens, as shown in the lower half of
Table 1. In line with what has been reported in
past work (Madureira and Schlangen, 2020; Buß
and Schlangen, 2011), the size of the lookahead
window scales directly with the accuracy and sta-
bility and inversely with the latency of the model.
However, the streaming model has comparable
streaming F1 and edit overhead scores as the non-
streaming models with LA = 1, even though
the streaming model has 79% less average wait
time. This indicates that the streaming model is
able to correctly classify tokens sooner and with
more stability than the baseline models that have
LA = 1. Although the models with LA = 2 im-
prove marginally on accuracy and stability over
the models with LA = 1, the streaming model
continues to have lower TTD and AWT but com-
parable F1 and EO when compared to the models
with LA = 2.

The utility of dynamic lookahead The re-
sults in Table 1 also reveal some insights into which
parts of the model design and training scheme are
more important for streaming performance and effi-
ciency. Merely training a non-streaming model on
prefixes of the training examples appears to have
minimal effect on F1, precision, and recall, but
does somewhat improve the TTD score. We hy-
pothesize that this is largely the result of training
on a data distribution that more closely resembles

the test distribution. Adding the extra wait clas-
sifier head and latency cost term in the training
objective yields the greatest improvements in both
precision and stability, as seen in the differences in
F1, P, and EO values between the BERTSV model
trained on all prefixes and the streaming BERTSV
model.

When to wait Since the streaming model can
abstain from outputting predictions for arbitrarily
long suffixes of the input, it incurs waiting time - an
average of 0.21 tokens more than the non-streaming
models with 0 lookahead. Table 2 shows that the
streaming model abstains the most when encounter-
ing interregna and reparanda, waiting for approx-
imately 1.06 and 0.76 more tokens, respectively.
Given that it is easier to identify a disfluency once
the entire reparandum and interregnum have been
observed, it follows that the model’s predictions
may be more uncertain for reparanda and inter-
regna upon first consumption, thus incurring the
highest average waiting times. An example of the
model’s incremental outputs for a disfluency struc-
ture is shown in Table 4. For correctly classified
disfluent tokens, the streaming model also has a
higher TTD, likely because the non-incremental
models are more aggressive in predicting disfluent
labels (while making more errors) than the stream-
ing model. Still, this TTD is lower than all the
models with fixed lookahead windows.

5.2 Error Analysis

Figure 3: Token-wise misclassification rates for each
type of disfluency annotation (as categorized in Mar-
cus et al. (1999)) across all three evaluated models on
the Switchboard validation set. If the model abstained
from making a prediction on a particular token, we did
not count this as an error.

Figure 3 shows an error analysis on the models’
predictions. We computed the percentage of the
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Model Training Scheme Incremental metrics
EO↓ FTD↓

BERTLARGE (Rohanian and Hough, 2021) All prefixes 0.60 0.31
BERTSV Full sequences 0.30 0.79
BERTSV All prefixes 0.32 0.84
Streaming BERTSV All prefixes 0.09 0.11

Table 3: A comparison of the EO and FTD metrics of our baselines (BERTSV trained on full sequences and all
prefixes), our streaming BERTSV model, and Rohanian and Hough (2021)’s incrementalized BERTLARGE model
on the Switchboard test set. The arrows near each metric represent the desirable direction of the result – for both
of the metrics, lower numbers are more desirable.

time that the streaming model misclassified a token,
counting each incidence of the token across each
time step separately. All models achieved the low-
est misclassification rates on fluent and edit tokens,
and the highest misclassification rates on reparanda
tokens. For tokens that were fluent, edit terms, or
part of a repair or repair onset, the streaming model
achieved significantly lower misclassification rates
than the baselines. However, all three models per-
formed comparably on interregna and reparanda.
Since we measure misclassification rate on every
token at every time step, the high misclassification
rates on reparanda are expected as it is often not fea-
sible to detect a reparandum until an interregnum
or repair onset has been seen.

Accuracy versus latency In comparison to
the baseline models with 0 lookahead, the stream-
ing model makes the largest tradeoffs in accuracy
versus latency for repair onsets and repairs, as
shown by Figure 3 and Table 2. While the stream-
ing model incurs average additional wait times of
0.74 and 0.46 tokens for repairs and repair on-
sets respectively, its misclassification rates are also
approximately 85% and 82% less than the base-
line models on repairs and repair onsets respec-
tively. In addition, Table 1 demonstrates that the
streaming model still achieves comparable F1 and
greater stability (lower EO) in comparison to the
non-streaming baselines with lookahead 1, despite
having an average wait time that is 79% shorter.

5.3 Comparison with Competitor Baselines

As shown in Table 3, in comparison with the
BERTLARGE-based prophecy decoding model pro-
posed in Rohanian and Hough (2021), our stream-
ing model achieves state-of-the-art stability (85%
decrease in EO) and latency (65% decrease in

FTD)2, despite having far fewer parameters.

6 Conclusion and Future Work

We have introduced a streaming BERT-based Trans-
former model that is capable of balancing accuracy
with latency by simultaneously making token-level
disfluency predictions and dynamically deciding
how large of a lookahead window to use. Our
approach improves both streaming accuracy and
output stability on an incremental disfluency de-
tection task. Furthermore, it incurs very low aver-
age latency in comparison with non-incremental
BERT models of the same size. Lastly, our model
requires minimal lookahead beyond disfluent re-
gions and achieves state-of-the-art edit overhead
and first-time-to-detection scores compared to past
work (Rohanian and Hough, 2021).

While the main focus of this paper has been on
developing a fast, accurate, and stable streaming
model for disfluency detection, our approach is gen-
eral enough to be used in other incremental tagging
models of linguistic phenomena that benefit from
the right context for optimal accuracy. In future
work we are interested in applying this approach to
tasks such as real-time punctuation prediction and
incremental parsing.

Furthermore, the streaming model’s efficiency is
limited by its non-autoregressive nature and train-
ing via restart incrementality. Future work should
also explore how to apply a dynamic lookahead
window without re-computing the predictions on
all the previous inputs and to rely on fewer prefixes
during training.

2In addition to shorter word-level latency metrics presented
in the results, the runtime latency of the BERTSV model is 80%
lower than that of BERTBASE (Rocholl et al., 2021).
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7 Ethical Considerations

While our work does not introduce a new dataset, it
does depend on a training dataset that was collected
from fluent English-speaking, able-bodied human
subjects. If deployed in a real-world application,
this model would likely perform noticeably worse
for users who speak with non-American accents or
speech impediments. Transcripts for these users
could be disproportionately noisy and the stream-
ing model’s average wait time would likely also be
longer. Care should be taken to assess the sensitiv-
ity and robustness of such a model to non-fluent or
non-American English prior to deployment. This
model should also be used very cautiously in situ-
ations where mistakenly eliding fluent portions of
speech from the captions or transcript could incur
dire consequences, such as in an emergency call
center.
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A Appendix

A.1 Evaluation Metrics

We provide more detailed formulas here for each
of our evaluation metrics. For a given input utter-
ance x, let x[j] be the j-th token of x, y[j] be the
gold label (either 0 for fluent or 1 for disfluent) for
x[j], x[: i] be the i-th prefix of x (i.e. the first i
tokens of x), f(x[: i])[j] be the predicted label for
x[j] after the model has consumed prefix i , D be
the entire dataset that we are evaluating predictive
performance for, and |D| be the size of D.

Accuracy metrics Our definitions of the stream-
ing true positives, true negatives, false positives,
and false negatives are:

TPstreaming = |{(i, j)|y[j] = 1, f(x[: i])[j] = 1}|
TNstreaming = |{(i, j)|y[j] = 0, f(x[: i])[j] = 0}|
FPstreaming = |{(i, j)|y[j] = 0, f(x[: i])[j] = 1}|
FNstreaming = |{(i, j)|y[j] = 1, f(x[: i])[j] = 0}|

Similar to the traditional definitions, streaming pre-
cision, recall, and F1 are computed as:

Pstreaming =
TPstreaming

TPstreaming + FPstreaming

Rstreaming =
TPstreaming

TPstreaming + FNstreaming

F1streaming = 2× Pstreaming ×Rstreaming

Pstreaming +Rstreaming

Stability metrics

• Edit overhead (EO) (Buß and Schlangen,
2011): To calculate edit overhead, we need to
first identify, for each prefix x[: i] of a given
input x, which tokens x[j] have predictions
f(x[: i])[j] that differ from the model’s pre-
diction in the previous prefix f(x[: i− 1])[j].
Denoting the cardinality of this set as E(x)
(for the number of edits the model makes on
x), we have:

E(x) = |{(i, j)|f(x[: i])[j] 6= f(x[: i−1])[j]}|

Then we can compute EO as follows:

EO =
1

|D|
∑

x∈D

E(x)

|x|

where |x| is the number of tokens in x.

Latency metrics

• Time-to-detection (TTD) (Hough and
Schlangen, 2017): Since time-to-detection
(TTD) is measured only on disfluent tokens
that are eventually predicted as such by the
model, we need to first define the set of tokens
in a given example x that are true positives at
some point:

TP (x) = {x[k] | y[k] = 1,

∃i : f(x[: i])[k] = 1}

Then for a given token x[k] ∈ x, the detection
time (DT) can be calculated as:

DT (x[k]) = min
i
{i|f(x[: i])[k] = 1} − k

It follows that the TTD for the entire dataset
D is the average DT for all disfluent tokens
that are eventually detected for all x ∈ D:

TTD =
1

m

∑

x[k]∈TP (x),x∈D
DT (x[k])

where

m = |D|
∑

x∈D
|TP (x)|,

the total number of disfluent tokens in the
dataset that are eventually detected by the
model.

• First time to detection (FTD) (Zwarts et al.,
2010; Rohanian and Hough, 2021): Similar
to TTD, this metric is only measured on dis-
fluent tokens that are eventually detected by
the model. Then given some x[k] ∈ TP (x),
let RI(x[k]) represent the index of the first
token in the repair that follows x[k]. Since we
are measuring detection time from the start of
a gold standard repair instead, the detection
time becomes:

DT (x[k]) = min
i
{i|f(x[: i])[k] = 1}

−RI(x[k])

The rest of the formula for the FTD is similar
to that of the TTD:

FTD =
1

m

∑

x[k]∈TP (x),x∈D
DT (x[k])
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where

m = |D|
∑

x∈D
|TP (x)|,

the total number of disfluent tokens in the
dataset that are eventually detected by the
model.

• Average waiting time (AWT): Suppose that
given an input token x[k], the model can ab-
stain from making a prediction (which occurs
both with the streaming model and with the
fixed lookahead models). We denote this out-
come as y[k] = ∅. To compute AWT, we first
calculate the first prediction time (FPT) for a
given token x[k],

FPT (x[k]) = argmin
i
{i|f(x[: i])[k] 6= ∅},

i.e. the first time step i in which the model
outputs a prediction for token x[k]. Then the
AWT is

AWT =
1

m

∑

x[k]∈x,x∈D
FPT (x[k])− k,

where
m = |D|

∑

x∈D
|x|,

the total number of tokens in the dataset.

A.2 Model Training and Hyperparameter
Tuning

We implemented our models using TensorFlow
v2.7 (Abadi et al., 2015) and the Hugging Face
transformers library (Wolf et al., 2020). We
also fine-tuned all model hyperparameters us-
ing Vizier (Golovin et al., 2017), a black-box
optimization system, using streaming F1 score
on the Switchboard validation set as our objec-
tive. The searched ranges for each hyperparam-
eter were learning rate ∈ [1 × 10−5, 1 × 10−1],
number of training epochs ∈ [12, 20], λ ∈ [1 ×
10−8, 1×10−6], γ ∈ [1, 10]. For most experiments
we ran 30 trials total, with 10 evaluations in parallel.
Each individual trial (one set of hyper-parameters)
ran on a single NVIDIA P100 GPU. Experimental
run time varied from about 13 to 24 hours, depend-
ing mostly on the number of epochs. For each
model variant we present only the results from the
configuration with the highest streaming F1 score
on the Switchboard validation dataset. Our best
performing streaming model used parameter val-
ues of λ = 1.5 × 10−7, learning rate 1.2 × 10−4,
γ = 1.9, training batch size 8, and 12 epochs.

Time
step

Model outputs

3
Input: “I think [the real,”
Output: “I think the real”

4
Input: “I think [the real, + the”
Output: “I think the <WAIT>”

5
Input: “I think [the real, + the princi-
pal]”
Output: “I think <DIS> <DIS> the
principal”

Table 4: Example of the model’s outputs at each time
step. (For brevity, we excerpt only a segment of the sen-
tence that contains disfluencies.) A <WAIT> symbol
indicates that the model decided to stop making predic-
tions for the rest of the input sequence and to wait for
further input instead. A <DIS> symbol indicates that
the corresponding input token was given a classifica-
tion of disfluent and therefore not included in the final
edited output. For clarity we provide disfluency annota-
tions in the form [Reparandum, + Repair], but
these are not actually provided to the model as input.
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Abstract

Content-based collaborative filtering (CCF)
predicts user-item interactions based on both
users’ interaction history and items’ content
information. Recently, pre-trained language
models (PLM) have been used to extract high-
quality item encodings for CCF. However, it is
resource-intensive to train a PLM-based CCF
model in an end-to-end (E2E) manner, since op-
timization involves back-propagating through
every content encoding within a given user in-
teraction sequence. To tackle this issue, we
propose GRAM (GRadient Accumulation for
Multi-modality in CCF), which exploits the
fact that a given item often appears multi-
ple times within a batch of interaction his-
tories. Specifically, Single-step GRAM ag-
gregates each item encoding’s gradients for
back-propagation, with theoretic equivalence
to the standard E2E training. As an exten-
sion of Single-step GRAM, we propose Multi-
step GRAM, which increases the gradient
update latency, achieving a further speedup
with drastically less GPU memory. GRAM
significantly improves training efficiency (up
to 146×) on five datasets from two task
domains of Knowledge Tracing and News
Recommendation. Our code is available at
https://github.com/yoonseok312/GRAM.

1 Introduction

Collaborative filtering (CF) is a popular technique
used for mining relationships between items and
users. Recently, CF has been successfully applied
to various tasks including Knowledge Tracing and
Recommender Systems (Smith and Linden, 2017;
Bennett et al., 2007; Melville et al., 2002). How-
ever, conventional CF only considers item-user in-
teractions, and disregards any item-/user-specific
information. This leads to the so-called cold-start
problem (Lam et al., 2008), where the CF model

*These authors contributed equally.
†This author is the corresponding author.

fails to make predictions for unseen users/items,
even when they resemble observed users/items.

To remedy this issue, Content-based Collabo-
rative Filtering (CCF) incorporates items’ content
information into the item encoding. This not only
addresses the cold-start problem, but also leads to
significant performance improvement (Wu et al.,
2019, 2021a; Lu et al., 2018). Specifically, large
pre-trained language models (PLM) (Devlin et al.,
2019; Brown et al., 2020) have shown great po-
tential for extracting items’ content information.
However, fine-tuning PLMs for CCF requires pro-
hibitive computational resources in terms of (1)
training time and (2) GPU memory footprint.

This issue arises due to CCF’s multi-modal na-
ture, where item representations are learned from
both tabular user records and their textual infor-
mation. As a given item appears multiple times
within a batch of users’ records, its textual encod-
ing needs to be computed every time it appears
within the batch. Moreover, the need to store in-
termediate activations for hundreds of millions of
parameters in PLM requires high GPU memory
footprint (Wang et al., 2020).

To that end, we propose Single-step GRAM,
GRadient Accumulation for Multi-modality in
CCF, which alternately trains the task specific mod-
ule and content encoder module. Accumulating gra-
dients for repeated items in a training step, Single-
step GRAM provides 4 times faster training while
being theoretically equivalent to standard E2E train-
ing.

As a natural extension of Single-step GRAM,
we also propose Multi-step GRAM which accu-
mulates gradients across multiple training steps.
Multi-step GRAM (1) provides an even higher ra-
tio of acceleration without significant performance
loss and (2) consumes less than 40% GPU memory
of E2E. Results show that the computational speed
can increase up to 146× (45× on avg.) with less
than 1% drop in AUC.
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The contributions of our paper are as follows:

• We present GRAM (Single-step & Multi-step)
which accelerate training of CCF by accumulat-
ing the gradients of redundant item encodings.

• We empirically show that GRAM, especially
Multi-step GRAM, noticeably reduces GPU
memory footprint compared to E2E training.

• We evaluate GRAM in a variety of settings on 5
real-world datasets in two task domains, News
Recommendation and Knowledge Tracing.

2 Related Works

2.1 Collaborative Filtering and Content-based
Filtering

Collaborative filtering (CF) (Su and Khoshgof-
taar, 2009) attempts to predict user-item interaction
based on past history. CF alone disregards any user-
specific or item-specific information, leading to the
inability to extract useful features from user infor-
mation or item content. This especially leads to
low performance on cold-start users and items. Var-
ious content-based filtering methods (Van Meteren
and Van Someren, 2000; Basilico and Hofmann,
2004) have been proposed to mitigate these issues
through labeled meta-data. It uses raw textual fea-
tures of item, instead of requiring other users’ data
during a user’s recommendation like CF. However,
these approaches require manual labelling and lack
the extensive usage of the content itself.

2.2 Content-based Collaborative Filtering

Content-based Collaborative Filtering (CCF) in-
corporates content into CF in order to unify the
strengths of CF and content-based filtering. It con-
sists of two major components: content-encoder
(CE) and collaborative filter (CF) components con-
nected in an end-to-end fashion. Major task do-
mains where items’ raw textual content may signif-
icantly aid CF include:

News Recommendation (NR), a task of pre-
dicting whether a user will click an article among
others, provided with the user’s past interactions.

Knowledge Tracing (KT), a task of predicting
whether a user will correctly responds to a question
or not based on the user’s past responses.

In this section, we briefly review the widely-used
approaches to utilize content information in CCF,
with a focus on thse two domains.

2.2.1 Training Content-Encoder (CE) in CCF

Existing works mainly train or fine-tune CE module
in an E2E fashion to obtain a useful content rep-
resentations for the given CF task. In NR, NRMS
(Wu et al., 2019) applied Glove (Pennington et al.,
2014) word representation and Multi-head Self-
attention (MHSA) (Vaswani et al., 2017) to encode
the article’s text to the item representation. Simi-
larly in KT, EERNN (Su et al., 2018) used BiLSTM
(Huang et al., 2015) to process Word2Vec (Mikolov
et al., 2013) representations of question text into
question representation. The representation is then
fed into another LSTM layer to make final predic-
tion on the user response.

While aforementioned methods directly use
content-encoder’s output as item vectors, there has
also been work to use CE’s output to regularize
item vectors. Topical Attention Regularized Matrix
Factorization (TARMF) (Lu et al., 2018) uses Ma-
trix Factorization as CF and attention-based GRU
network as CE to incorporate review data in pre-
dicting user-item ratings. Alternatively training CF
and CE module, it uses the CE output to regularize
the item representations in CF.

Most recently, researchers started to fine-tune
large Pre-trained Language Models (PLMs) with
generic language understanding as a CE module for
better content representation. In NR, NRMS-PLM
(Wu et al., 2021a) fine-tunes BERT (Devlin et al.,
2019) in an E2E manner, achieving meaningful
performance gain.

2.3 Efficient Fine-tuning of Large PLMs

While PLMs show powerful performance as a
content-encoder in CCF, fine-tuning PLMs is
known to be inefficient (Houlsby et al., 2019) as
it includes updating billions of parameters. Al-
though it is possible to use PLM’s output as fixed
features for downstream tasks, numerous studies
(Devlin et al., 2019; Reimers et al., 2019) empha-
size such feature-based approach cannot match the
performance of E2E fine-tuning. Thus, researchers
have considered fine-tuning a subset of the PLM
architecture (Devlin et al., 2019) and adding task-
specific parameters (Houlsby et al., 2019) to reduce
cost and performance degradation.

However, the computational complexity deteri-
orates even more under multi-modal settings like
CCF. In such cases, PLM is called numerous times
for a single-user, adding a new dimension of com-
putational load, making E2E training almost impos-
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sible. SpeedyFeed (Xiao et al., 2021) was proposed
to accelerate the fine-tuning of PLM for news rec-
ommendation through combination of several meth-
ods. However, they are mainly engineering heavy
implementations with domain dependencies. For a
general training scheme in CCF, we propose a novel
method that can be applied in an orthogonal man-
ner to aforementioned techniques like (Houlsby
et al., 2019) and (Xiao et al., 2021), while achiev-
ing remarkable speed boost in such multi-modal
CCF settings.

3 Preliminaries

Notation Description

Iu Interaction sequence of user u
ci Content of item i
Iun = (eun, r

u
n) n-th interaction of user u

eun = CE(cun) Embedding of content cun from CE
B(t) Mini-batch B at update time-step t
[BI , Bu] Set of unique [items, users] in B
[lt, lI ] Length of [tokens, interactions] in [c, I]
d Content embedding dimension
L CCF minimization objective

Table 1: Notations for Content-based CF(CCF)

In this section, we formally setup CCF frame-
work and its notations for efficient discussion.
CCF framework consists of two major components:
content-encoder (CE) and collaborative filter (CF)
components connected in an end-to-end fashion.

3.1 CF component
CF component predicts user u’s response r to an
arbitrary item based on the user’s past interactions
Iu = (Iu1 , I

u
2 , ..., I

u
|Iu|) where each n-th interaction

Iun = (eun, r
u
n) is represented as a tuple of item

representation eun and the user’s response to the
item run. In other words, the CF module aims to
estimate the probability:

CF (Iu; eu|Iu|+1) = P (ru|Iu|+1|Iu1 , Iu2 , ..., Iu|Iu|; e
u
|Iu|+1)

3.2 CE component
CE component outputs the item representation e:
eun = CE(cun) where cun is the token sequence of
the corresponding item. The model parameters
θCE and θCF of the CE-CF pipeline is then trained
in an end-to-end fashion based on cross-entropy
loss for response prediction. The summary of no-
tation used for CCF is provided in Table 1. The
existing approaches to tackle CCF are formatted
and presented in Table 2, along with the pipeline
we adopt for our later experiments.

Task Model CE CF
NRMS Glove, MHSA MHSA

NR NRMS-PLM BERT MHSA
Our Experiments BERT MHSA

KT EERNN W2V, BiLSTM LSTM
Our Experiments BERT LSTM

Table 2: CE-CF Pipeline Choice for CCF

3.3 Inefficiency of E2E in CCF
In CCF, end-to-end fine-tuning of the CE (PLM)
suffers from cubic computational complexity in
terms of sequence length, due to the data multi-
modality. Let’s assume average text token length
of lt and average interaction record length of lI
with each mini-batch B containing users Bu.

Attention-based CE module would be called lI
times, producing forward/backward-pass computa-
tional complexity ofO(|Bu| · lI(l2t d+ ltd2)) where
d represents embedding dimension.

Under similar average sequence length of per-
item tokens and per-user interactions lt ≈ lI , the
resulting cubic complexity in terms of sequence
length significantly increases space and time com-
plexity of model training and becomes the limiting
bottleneck factor.

4 Proposed Method

For efficient training, we propose GRadient
Accumulation for Multi-modality in CCF (GRAM)
with two variants: Single-step GRAM and Multi-
step GRAM.

4.1 Single-step GRAM
Single-step GRAM trains CE module and CF mod-
ule separately. To update the CE module, Single-
step GRAM accumulates gradients of redundant
items, effectively reducing the number of gradient
computation for each step. As shown in Figure 1,
Single-step GRAM can accelerate training by lim-
iting the number of gradient calculation to the num-
ber of unique items in the batch. With this, Single-
step GRAM can reduce the algorithmic complexity
of CE to O(|BI | · (ltd2 + l2t d)) per mini-batch up-
date, from E2E’s O(|Bu| · lI(l2t d+ ltd

2)).
Proposition. Given parameters (θf , θg) , suppose
a neural network in separable form with y =
g(h; θg), h = f(x; θf ), and loss L(θf , θg). Define
pseudo-target h̃ as

h̃ := f(x; θf )−
∂L

∂h

∣∣∣∣
h=f(x;θf )

, (1)
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Figure 1: Comparison to E2E Training: Let’s assume a mini-batch B of 12 interactions consisting of 3 users and 5
unique items. For the content encoder, E2E computes 12 gradients from each interaction, while GRAM computes 5
only, based on accumulated gradient signal in pseudo-target h̃i from each item i.

and pseudo-loss L̃(θf ) for another network
f(x; θ′f ) as

L̃(θf ) :=
1

2

(
h̃− f(x; θ′f )

)2

. (2)

Then, the gradient of θf w.r.t L is equivalent to
the gradient of θ′f w.r.t L̃,

i.e.
∂L

∂θf
=

∂L̃

∂θ′f

∣∣∣∣
θ′f=θf

. (3)

While GRAM trains CF module and CE mod-
ule separately, it guarantees a theoretically equiv-
alent parameter update with E2E as shown in the
Proposition (proof in Appendix A). Yielding iden-
tical outcome of E2E back-propagation with fewer
gradient computation, Single-step GRAM enables
efficient training under hierarchical multi-modal
setting like CCF by accumulating gradient buffer
in the pseudo-target for items that are updated mul-
tiple times in a mini-batch.

4.2 Multi-step GRAM
Instead of a single update, we can accumulate gra-
dient buffers for multiple mini-batch updates, gain-
ing additional speed boost. In other words, CF /
CE modules may separately update multiple times
across multiple mini-batches, further elaborated in
the following section. However, this relaxation of
GRAM’s alternating period no longer guarantees
equivalence with E2E back-propagation.

As the CE module can use multiple steps to up-
date item representations, Multi-step GRAM can

also reduce GPU memory footprint drastically com-
pared to E2E.

4.3 Training Scheme of GRAM

Algorithm 1: GRAM

Input :{B(t)
I }T−1t=0 : mini-batch,

θ(0): initial parameters
Output :θ(T ): resulting parameters

while t = {0, ..., T − 1} do
(1. Produce content representations)

h
(t)
i ← CE(ci; θ

(t)
CE),∀i ∈ B

(t)
I (4)

(2. Update CF parameters)

θ
(t+1)
CF ← θ

(t)
CF − opt(∇L(θ

(t)
CF )) (5)

(3. Update content representations)

h̃
(t)
i ← h

(t)
i −∇L(h

(t)
i ),∀i ∈ B(t)

I

(6)
if t mod N = 0 then

(4. Update CE parameters)

θ
(t+1)
CE ← θ

(t)
CE − opt(∇L̃(θ

(t)
CE))

(7)
end
t← t+ 1

end

See Algorithm 1 for the pseudo-code of GRAM.
We denote gradient accumulation step as N . The
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algorithm becomes Single-step GRAM for N = 1
and it becomes Multi-step GRAM for N > 1.

First, CE produces content representation h(t)i
for CF module to complete the forward-pass for
unique items i in the mini-batch B(t). Then, we
update the CF module’s parameters using standard
back-propagation with a normal CF training objec-
tive L in Eq.(8), while simultaneously updating the
content representation (output from CE module) by
treating it as trainable embedding h̃(t)i .

L :=
∑

u∈B(t)
u

L(Iu, {h(t)i |∀i ∈ B
(t)
I }; θ

(t)
CF ) (8)

Lastly, for items of which embeddings are mod-
ified in Eq.(6), the CE module is trained to fol-
low/regress towards the modification with respect
to pseudo-target h̃(t)i and pseudo-loss L̃ in Eq.(9).

L̃ :=
1

2

∑

i∈B(t)
I

(h̃
(t)
i − CE(ci; θ

(t)
CE))

2 (9)

Based on updated content representations, we
repeat the process with t ← t + 1. Note that for
Eq.(6), Stochastic Gradient Descent with a learning
rate of 1 should be used to guarantee the theoret-
ical equivalence with E2E. For Eq.(5) and Eq.(7),
choice of a optimizer (e.g. Adam) doesn’t impact
the equivalence with E2E.

4.4 GRAM’s Speed Boost ratioR
Given a mini-batch B of |Bu| users’ interaction
sequences, the standard E2E back-propagation up-
dates CE module for

∑
u∈Bu |Iu| (i.e. number of

total interactions), while Single-step GRAM up-
dates CE module for |BI | (i.e. number of unique
items) times only. Since PLM based CE mod-
ules are usually significantly larger than the head
(CF module) attached for downstream task such
as News Recommendation, the following ratio of
speed boost for CE module applies in a close to di-
rectly proportionate manner for the entire training
procedure.

R :=

∑
u∈Bu |Iu|
|BI |

=
#interactions(B)

#items(B)
(10)

The ratio R monotonically increases as mini-
batch size becomes larger. Thus, larger mini-batch

size would yield larger efficiency boost via Single-
step GRAM. This is why Multi-step GRAM can
achieve even more speed boost compared to Single-
step GRAM. If the gradient accumulation latency
becomes 1 epoch for Multi-step GRAM, the speed
boost ratioR becomes:

R :=
#total interactions in dataset

# total items in dataset
(11)

Considering there are significantly less number
of items compared to the total number of inter-
actions in real-world datasets, GRAM with high
enough update latency can achieve remarkable
speed boost. However, we can also expect that
longer accumulation latency would hurt model per-
formance and convergence. In the following sec-
tion’s experiments, (i) training efficiency boost and
(ii) performance degradation from different alter-
nating frequency are closely monitored on various
GRAM alternating periods (Single-Step, 10-Step,
Half-Epoch, Full-Epoch).

While GRAM utilizes gradient accumulation
across duplicate item representations to boost train-
ing, the resulting speed boost is orthogonal with
traditional gradient accumulation as it focuses on
increasing effective batch size under limited com-
putational resource.

5 Experimental Settings

We first define the scope of tasks and metrics used
in the experiments. Detailed description of datasets
and methods are provided in section 5.1 and section
5.2, respectively.
Tasks: Experiments are conducted on two major
task domains of CCF: Knowledge Tracing(KT) and
News Recommendation(NR), where models pre-
dict whether a student/reader will solve/click an
question/article, as a classification task.
Metrics: Overall AUC and cold-start item AUC
(CSAUC) are measured for KT. AUC, MRR,
nDCG@5, nDCG@10 are measured for NR. As
cold start problem is intrinsically abundant in news
recommendation environment (Wu et al. (2019)),
we did not measure CSAUC separately. Wall-clock
training time until convergence is reported for all
experiments. For fair comparison of training time,
all models are run on equivalent device (NVIDIA
A100 GPU) in an isolated manner.
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Dataset Users Total Items Total Interactions CS Items CS Interactions Average lt

Spanish 2,643 4,628 279,747 200 3,191 5.32
French 1,202 4,078 174,749 200 1,970 5.24

POJ 22,110 2,597 898,384 200 10,523 271.34
TOEIC 1,240,955 9,336 94,264,845 684 321,933 147.47
MIND 750,434 104,150 3,760,125 11.52(639.57)

Table 3: Dataset Information. For MIND, both average lt of title alone and lt of title + abstract + body are reported.

5.1 Experimental Details

To evaluate our model, we used five real-world
datasets: four datasets in KT, and one dataset in NR,
on which both textual content data and user interac-
tion data are available. Experiments on Duolingo
French and Spanish dataset are done with single
NVIDIA A100 GPU, and those on POJ, TOEIC,
and MIND are done with eight NVIDIA A100
GPUs, in distributed data parallel training. The
results were shown to be statistically significant (p
< 0.05).

Detailed per-dataset description is written below,
and specification is in Table 3. 1 Dataset collection
methods are mentioned in Appendix F.

5.1.1 Datasets

(KT) Duolingo (Spanish, French): Language
Translation (Settles et al., 2018) contains ques-
tions and responses for Duolingo users. Following
(Srivastava and Goodman, 2021), we collapsed the
original token level mistakes to question level bi-
nary labels. We used Spanish and French dataset.
(KT) POJ: Computer Programming was col-
lected from Peking online platform and consists
of computer programming questions.
(KT) TOEIC: Language Comprehension from
EdNet (Choi et al., 2020) is the largest publicly
available benchmark dataset in education domain
consisting of student interaction logs.
(NR) MIND: Microsoft News Dataset is one of
the largest English dataset for monolingual news
recommendation. MIND dataset provides news
articles’ title, abstract, and body text for news con-
tent modeling. For comparison with other models,
we only utilized the news title, following Wu et al.
(2019, 2021a). As Multi-step GRAM’s significant
speed boost allowed us to utilize more features, we
also provide results on utilizing all textual features
for Multi-step GRAM as well.

1Train / Test set were randomly split in 8:2 ratio. 10% of
train dataset were randomly chosen for validation set.

5.2 Baseline Methods

5.2.1 E2E & GRAM
To fairly compare GRAM’s training methodology
against the standard E2E, we apply GRAM/E2E
on an identical model architecture, defined for KT
and NR respectively. Model choices are shown in
Table 2. To the best of our knowledge, this work is
the first study to fine-tune BERT for KT. Detailed
model architectures are described in Appendix D.

Based on this model architecture, we com-
pare: E2E training, single-step GRAM 1S, 10-
Step GRAM 10S, 0.5-Epoch GRAM 0.5E, and
1-Epoch GRAM 1E on the aforementioned met-
rics. We also provide benchmarks for other existing
approaches, as elaborated in the following section
5.2.2. Note that E2E training in NR has the same
structure as NRMS-PLM in (Wu et al., 2021a).

5.2.2 Other Baselines
In addition to the shared CCF model architecture
defined above, we also include other approaches
for extensive comparison.
NoFinetune approach directly adopts fixed item
representation encoded from PLM without fine-
tuning. Only the CF component is trained, receiv-
ing PLM’s fixed output as the input.
NoContent approach does not incorporate any tex-
tual content at all. Each item representation is ran-
domly initialized before being trained along with
the standalone CF component. For KT, we used
DKT (Piech et al., 2015).
(KT) Content Regularized CF (CRCF) is our
implementation of the proposed regularization in
TARMF with equivalent CF and CE modules of
GRAM. As TARMF’s content-encoder and user
feature vector should go through additional itera-
tions of optimization in sequential recommenda-
tion, we adopt hierarchical user encoder like E2E
setting to eliminate the need of model retraining.
(KT) LM-KT formulates KT as auto-regressive
modeling task to fine-tune pre-trained GPT-2. The
method’s major bottleneck to other sequential rec-
ommendation domains is that the model’s sequence
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length has to increase in a multiplicative fashion:
O(lt × lI) in Table 1. 2

(KT) EERNN is a specific instance of CE-CF
pipeline where Bi-directional LSTM (CE) encodes
question text’s W2V representation into question
embedding. CF consists of another LSTM layer.
(NR) NRMS is another specific instance of CE-CF
pipeline where CE uses Glove word embedding
and Multi-Head Self-Attention layers. Its CF com-
ponent is also based on MHSA layers.
(NR) SpeedyFeed used (i) auto-regressive model-
ing, (ii) BusLM, (iii) Dynamic Batching, and (iv)
Cache mechanism to speedup PLM-based news rec-
ommendation. For fair comparison, we used equiv-
alent CE module for both GRAM and SpeedyFeed.

Further experimental details are in Appendix D.

6 Results and Discussion

6.1 Knowledge Tracing
Performance Comparison: In general, E2E and
GRAM in Table 43 shows best performance across
datasets. Difference among GRAM variants high-
lights how Multi-step GRAM’s performance grad-
ually deviates from the E2E baseline as alternating
period increases. As claimed in the previous sec-
tion 4.1, GRAM(1S)’s performance most closely
matches the E2E baseline. Confidence intervals of
the two methods are reported in Appendix E.

NoFinetune and NoContent achieve significantly
worse performances on both metrics on all datasets,
as compared to the full CCF setting with both CE
and CF fine-tuned properly. Also, NoContent does
not show any inference power on cold-start items,
reporting AUC values around 50. LM-KT and
EERNN showed lower performance in AUC and
CSAUC than E2E or GRAM(1S), respectively.

As shown in Figure 2, we empirically confirm
that standard E2E training converged to better lo-
cal minima than CRCF, at all regularization hyper-
parameter values used in (Lu et al., 2018). GRAM
1S even converges faster than all variants of CRCF
while maintaining E2E performance. CRCF also
showed larger degradation in CSAUC. We noticed
that as the degree of regularization increases, time
for convergence increases notably.
Speed Comparison: We first highlight the reduc-
tion in training time via GRAM. Across 4 datasets,

2LM-KT baseline was only tested on Duolingo datasets as
other datasets’ large average token length prevents LM-KT
from considering more than a few items per each user.

3For CRCF, best result is reported among hyper-parameter
ablations in Figure 2.

Dataset Method AUC CSAUC Speed-up

TOEIC E2E 75.7 64.2 1(135hr)
GRAM 1S 76.0 63.0 5.7

GRAM 10S 75.8 65.1 1.7
GRAM 0.5E 75.7 64.7 26

GRAM 1E 75.3 64.6 146
EERNN 75.8 62.3 10

NoFinetune 69.1 64.3 343
NoContent 74.4 49.4 2547

POJ E2E 69.0 65.4 1(123m)
GRAM 1S 69.0 65.5 4.5

GRAM 10S 69.1 65.0 3.8
GRAM 0.5E 68.7 64.7 9.1

GRAM 1E 68.8 64.5 12.5
EERNN 68.6 64.0 1.3

NoFinetune 68.3 65.8 41.0
NoContent 63.8 50.9 30.8

Spanish E2E 75.1 68.7 1(74m)
GRAM 1S 75.1 68.3 3.5

GRAM 10S 74.4 67.2 2.1
GRAM 0.5E 74.4 67.0 2.8

GRAM 1E 74.7 67.0 5.7
CRCF 1S 74.9 66.2 1.2
CRCF 1E 74.3 66.3 2.1

EERNN 74.3 66.3 1.6
LM-KT 74.6 68.7 0.5

NoFinetune 72.5 66.2 24.7
NoContent 67.0 49.3 37.0

French E2E 74.8 74.7 1(39m)
GRAM 1S 75.0 75 3.3

GRAM 10S 74.2 73.2 3.5
GRAM 0.5E 74.1 73.2 4.3

GRAM 1E 74.4 73.3 7.8
CRCF 1S 74.7 73.0 1.0
CRCF 1E 74.4 72.9 1.8

EERNN 74.0 71.3 1.2
LM-KT 74.3 74.7 0.3

NoFinetune 71.4 69.4 9.8
NoContent 67.0 49.5 13.0

Table 4: Prediction Performance / Speed-up in Knowl-
edge Tracing. Training time is reported for E2E training,
and best results among content finetuning methods are
marked in bold.

GRAM 1S achieves 4.3× speedup of the E2E base-
line, while GRAM 1E achieves acceleration of 43×.
We observe GRAM 1E achieves most significant
training time acceleration as expected, since the
boost ratio R of Eq.(11) is the largest in epoch-
wise alternation. The power of GRAM 1E mul-
tiplies as the size of dataset increases, achieving
remarkable 146× speed up for the largest dataset,
TOEIC. Among all datasets, TOEIC has the largest
boost ratioR based on Table 3 which explains the
largest efficiency gain.

GRAM 1E also out-speeds EERNN at all
datasets despite the fact that EERNN uses W2V
embeddings and a single LSTM layer for its CE.
In terms of GRAM’s alternating period, we note
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Figure 2: Comparison between GRAM, E2E, and CRCF. For CRCF, regularization parameter is marked as well.

that the impact on speed boost is not monotonic
on some datasets, potentially due to increased vari-
ance of optimization switching between the CE
component and the CF component.

Based on GCP GPU cost for ondemand A100
($2.93/hr), training E2E model in TOEIC costs
$3,161. GRAM 1E drastically reduces the training
cost to $21.

AUC MRR nDCG nDCG Speed-up
Method @5 @10

(Title-only)

E2E 68.9 33.3 36.8 43.2 1(10.4hr)
GRAM 1S 69 33.5 37.1 43.4 2.5
GRAM 10S 68.6 33.7 37.3 43.4 1.9
GRAM 0.5E 68.7 32.9 36.2 42.7 13.5
GRAM 1E 68.7 33.1 36.6 42.8 17.3
NRMS 67.2 33.3 35.5 42 13.9
SpeedyFeed 68.3 33.4 36.6 43 2.0
NoFineTune 66.8 32.4 35.7 41.9 33.5

(Title+Body)

E2E 1(*202hr)
GRAM 0.5E 69.6 34 37.6 44 45
GRAM 1E 69.3 34.1 37.8 44 56

Table 5: Prediction Performance and Training Speed
on MIND Dataset. Training time is reported for E2E
training. Overall best results among content finetuning
methods are marked in bold, and best results utilizing
title only are underlined.

6.2 News Recommendation
Performance Comparison: As shown in Table 5,
Single-step GRAM matches performance of E2E
training, and Multi-step GRAM shows less than
0.5% performance loss. Multi-step GRAM’s ca-
pability to incorporate abstract and body of the
news article (Title+Body) significantly improved
the performance beyond all methods relying on
title information alone.

SpeedyFeed (Xiao et al., 2021) shows worse per-
formance than all GRAM methods. This may due
to SpeedyFeed’s cache mechanism, as it fails to op-
timize news representations that were generated in
recent time steps, unlike GRAM. We also noticed
that SpeedyFeed’s performance is highly sensitive
to its hyper-parameters on the method’s cache pol-
icy. Increasing max cache step hyper-parameter
for faster training easily caused the training loss to
spike, deteriorating the model convergence.

An ensemble of Single-step GRAM and Multi-
step GRAM is currently ranked 4th in the MIND
official leaderboard provided by Microsoft.4 Even
without state-of-the-art CF module (Fastformer
(Wu et al., 2021b)) and CE module (UniLM (Dong
et al., 2019)), the ability to encode the body of the
news article with GRAM shows a comparable per-
formance with state-of-the-art News Recommenda-
tion models.
Speed Comparison: Multi-step GRAM shows
consistent speed boost in MIND dataset, where

4https://msnews.github.io/
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Title-only GRAM 1E is 17.3× faster than E2E.
SpeedyFeed’s acceleration, on the other hand,
was lower than that of GRAM 1S. Although
SpeedyFeed’s central batching collects unique
items in the forward pass, it still requires gradient
computations for PLM’s weights on every interac-
tion during backpropagation, having limited speed
gain. Also, SpeedyFeed’s auto-regressive formu-
lation, the most significant factor of speed boost,
was not applicable to MIND dataset, which does
not provide negative samples (news impression list)
per each positive interaction (news click) step.

While Wu et al. (2019) reported that using all
textual information increases model performance
significantly in a small version of MIND dataset,
baseline results from Wu et al. (2019, 2021a) only
utilize news title due to computational complex-
ity. With eight A100 GPUs, E2E training with all
textual features is estimated to require 202 hours 5

($4,735 of training cost) to converge. For this rea-
son, we were unable to produce the result for E2E
with all textual information. In contrast, GRAM 1E
requires only 3.6 hrs ($84) to converge, requiring
56× less training time compared with E2E.

CE Batch GPU Memory in %, (Gb)
Method Size TOEIC MIND

E2E N/A 95.2, (38.6) 95.1, (38.4)
GRAM 1E 8 12.1, (4.8) 12.5, (5.1)

32 16.0, (6.5) 34.9, (14.1)

Table 6: GPU Memory Consumption, with CF batch
size of 4 in single NVIDIA A100. E2E doesn’t have
CE batch size as CE module naturally receives all items
included in CF batch size as input.

6.3 GPU Memory Consumption

In E2E training, the entire computational graph as
well as activations of all layers should be stored,
resulting in a large GPU memory footprint (Wang
et al., 2020). In this perspective, splitting CF mod-
ule and CE module in GRAM brings down the
required GPU memory during computation. As
(1) the model size of the CF module is relatively
small (single LSTM/MHSA) and (2) CE module
of Single-step GRAM updates all item represen-
tations in a given batch in one step, the memory
reduction is not significant in Single-step GRAM.

However, Multi-step GRAM can bring down

5Estimated time is calculated based on per epoch time
for E2E with all texts and number of epochs to converge for
Title-only E2E.

the memory requirement significantly as its CE
module uses multiple steps to update item represen-
tations. Table 6 compares the memory consump-
tion between E2E and GRAM 1E with content
encoder batch size of 8 and 32, respectively. Over-
all, GRAM 1E consumes less than 40% of mem-
ory compared to E2E. While only GRAM 1E is
compared, Multi-step GRAM in general consumes
similar memory given the same content encoder
batch size.

7 Conclusion and Future Work

In this paper, we proposed GRAM as an efficient
method to train content-based collaborative filter-
ing models. Single-step GRAM splits the CE mod-
ule and CF module during training, accumulat-
ing gradients for items appearing repeatedly in
a batch. This effectively reduces the number of
CE module’s gradient computation and negates the
need to store the intermediate activations for both
of the modules at once. Extending Single-step
GRAM, we increase the gradient accumulation la-
tency for Multi-step GRAM, gaining additional
training speed boost and memory footprint reduc-
tion.

GRAM was empirically evaluated on 5 different
tasks to demonstrate its efficiency and comparable
prediction power. Utilizing GRAM’s efficiency,
Knowledge Tracing model trained with GRAM 1E
will be deployed in Santa6, an AI-powered English
learning platform with 4 million users.

A limitation of our method is that we introduce
an additional hyperparameter of gradient accumu-
lation latency for Multi-step GRAM. We expect a
more sophisticated gradient accumulation scheme
may adaptively choose the gradient accumulation
latency. Another potential extension of our re-
search is to scale up GRAM for CCF tasks involv-
ing higher-dimensional inputs, such as images and
videos.
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B Hierarchical illustration of GRAM

Figure 3 is the hierarchical illustration of GRAM.
Refer to Section 4.3 for more details.

Figure 3: Gradient on item representations are accumu-
lated on Pseudo-target to mimic E2E training.

C Validation Performance

Figure 4 shows the validation performance per
training time for E2E and GRAM variants. As
the graph includes 10 epochs for early stopping
patience, some overfitting is witness at the end
of the training curve, such as the sudden drop of
GRAM 1S in Spanish dataset after marking best
performance.

D Experiment Detail

All experiments are ran 3 times and averaged re-
sults are reported except TOEIC E2E and MIND
E2E, due to high computational cost mentioned
in the result section. Across all experiments, CE
component uses TinyBERT(Jiao et al., 2020), a

distilled BERT with on-par performance. The ar-
chitecture contains 6 MHSA layers of dimension
768. CF component for KT uses 2-layer LSTM net-
work, following Piech et al. (2015). In NR, we use
a single MHSA layer, following Wu et al. (2019,
2021a).

In both domains, learning rate of 1e-4 was used
for CF module and CE module after learning rate
ablation in the scope of [1e-3, 1e-4, 1e-5]. Adam
with Noam scheduler was used as the optimizer.
Test metrics were measured by the best valida-
tion checkpoint after early stopping of patience
10 epochs. As E2E training consumes different
amount of memory based on item token length,
different batch sizes were used across datasets.
Batch sizes per datasets are the following: 32 for
Duolingo, POJ, and TOEIC, and 256 for MIND.
As Multi-step GRAM requires much less memory
compared with E2E, higher batch size was able
to be used for large datasets such as TOEIC and
MIND. Details are mentioned in Section C.

For NoFinetune experiment, pre-computed item
representations from CE were initialized to CF’s
item embeddings to boost training speed.

Authors of EERNN also proposed EKT(Liu
et al., 2019), which explicitly models the student’s
knowledge state for different knowledge concepts.
As knowledge concept labels are not available in
most datasets, we do not test EKT.

D.1 Knowledge Tracing
Mean-pooling was used to extract question rep-
resentation from contextualized token embedding.
For relatively small KT datasets (Duolingo and
POJ), it was challenging to secure meaningful num-
ber of cold-start items (questions) in the test split.
For these datasets, additional cold-start questions
were randomly picked and interactions on those
questions in the training split were removed to se-
cure meaningful number of cold start interactions.
Items with token length over max seq len (512)
were truncated. For TOEIC dataset, passage, ques-
tion, and choices were concatenated as content to-
ken sequence for CE component.

D.2 News Recommendation
For NR, we follow (Wu et al., 2021a) to use addi-
tive attention based pooling to extract news article
representation. Title, abstract, body were concate-
nated for Setting B, with max len of 24 for title, 50
for abstract, and 400 for body. Items with token
length over max seq len were truncated.
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Figure 4: . Validation AUC convergence and training time until early-stopped checkpoint, across different GRAM
alternation periods. Color schemes are synchronized across all subplots.

E Result Detail

E.1 E2E vs Single-step GRAM Confidence
Interval

Metrics E2E GRAM (1S)

French Total AUC 0.748 (0.001) 0.750 (0.0006)
Spanish Total AUC 0.751(0.0005) 0.751(0.0006)
POJ Total AUC 0.654 (0.0009) 0.655 (0.0011)

Table 7

As TOEIC and MIND E2E result is from a
single run due to high computational complexity,
Test AUCs on remaining three datasets (Duolingo
French, Spanish, POJ) are reported with 95% CIs
in Table 7

F Dataset Collection Methods

Duolingo: gathered from 2018 Duolingo Shared
Task on Second Language Acqui-sition Modeling.
POJ: publicly available question texts and interac-
tion logs were scraped from their public website.
TOEIC: content materials for corresponding ques-
tion IDs in the dataset were collected privately.
MIND: collected from website
Duolingo (French, Spanish), POJ, MIND datasets
are free to download for research purposes under
respective terms. Interaction data for TOEIC is
avilable as well for research purposes.
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Abstract

A repetition is a response that repeats words in
the previous speaker’s utterance in a dialogue.
Repetitions are essential in communication to
build trust with others, as investigated in lin-
guistic studies. In this work, we focus on repe-
tition generation. To the best of our knowledge,
this is the first neural approach to address repe-
tition generation. We propose Weighted Label
Smoothing, a smoothing method for explicitly
learning which words to repeat during fine-
tuning, and a repetition scoring method that
can output more appropriate repetitions during
decoding. We conducted automatic and human
evaluations involving applying these methods
to the pre-trained language model T5 for gen-
erating repetitions. The experimental results
indicate that our methods outperformed base-
lines in both evaluations.

1 Introduction

Dialogues can build a trusting relationship with
others, thus are essential in our daily lives (Schein,
1993; Searle and Vanderveken, 1985). There are
several types of responses in dialogues, and the one
we focus on is repetitions (Tannen, 1987). A repe-
tition is a response that uses the previous speaker’s
words or phrases. Figure 1 shows an example. The
phrases "a bear" and "came out" are repeated. Rep-
etitions frequently appear in a conversation with
diverse roles, e.g., to indicate attentive listening,
confirm the previous utterance, and show agree-
ment or sympathy (Machi, 2019; Shimojima et al.,
2002). Many linguistic studies investigating repe-
titions have concluded that they are important for
building and strengthening relationships between
speakers (Tannen et al., 1989; Johnstone, 2002;
Norrick, 1987; Brown, 1999). From the above lin-
guistic point of view, we can say that repetitions
are indispensable in dialogues.

Repetitions are similar to paraphrases and re-
flections, which are component skills of counsel-

Speaker: When I was driving, a bear suddenly came out .
Listener: Oh. A bear came out !?

Figure 1: Example repetition. Listener’s response uses
words from previous speaker’s utterance. Yellow words
indicate those that are repeated and green words indicate
those in the repetition.

ing (Theron, 2008), in terms of using the previ-
ous speaker’s utterance. Paraphrases and reflec-
tions have been generated using a template-based
method (Han et al., 2013).

While many studies have tackled general re-
sponse generation with neural network-based
frameworks (Adiwardana et al., 2020; Zhang et al.,
2020), less attention has been paid to repetitions.
This might be because they are buried in a huge
amount of response data. Therefore, we focus on
automatically generating repetitions. To the best of
our knowledge, this is the first study on generating
repetitions with a neural approach. We used the
pre-trained language model T5 (Raffel et al., 2019)
for generating repetitions because it has performed
well in language generation in past few years (e.g.,
Radford et al.; Raffel et al., 2019; Lewis et al.,
2020).

In generating repetitions, it is important to take
into account which words should be repeated from
the previous utterance. The repeated words might
represent objective facts, names of people and
places, and the speaker’s experiences and emotions,
though they are different depending on the lan-
guage (Machi, 2008). When we use a pre-trained
language model, however, the model cannot explic-
itly learn the repeat likelihood among words during
fine-tuning because it is difficult to directly teach
which words are likely to be repeated at this step.

To solve this problem, we propose Weighted La-
bel Smoothing (WLS), which is an improvement
upon Label Smoothing (LS) (Szegedy et al., 2016).
The method enables a language model-based re-
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sponse generator to learn the words it should use
for each input utterance during fine-tuning. We
also propose the repetition scoring method (RSM)
to expand the scoring method proposed in Wu et al.
(2016) for selecting repetitions that contain appro-
priate repeated words during decoding.

We evaluated the proposed methods on a dataset
we created in Japanese for automatic and human
evaluations. Our methods outperformed baselines,
i.e., fine-tuned pre-trained language models with-
out our methods, in both evaluations. This indicates
that our methods can generate repetitions that con-
tain appropriate words to repeat.

Our contributions are as follows:

1. To the best of our knowledge, this is the first
study to use a neural model for generating
repetitions.

2. We will release our code and the dataset of
repetitions we created.1

3. We propose WLS, that takes into account
words that should be repeated during fine-
tuning, for generating repetitions.

4. We propose RSM to select repetitions contain-
ing appropriate repeated words during decod-
ing.

2 Proposed Methods

Repetitions do not necessarily mean we repeat
any word. For the utterance "Today’s dinner was
pizza.", the repetition "Oh, you ate pizza." is more
appropriate than "Oh, you ate today." However, a
fine-tuned pre-trained language model alone may
not be enough to generate repetitions with appro-
priate repeated words. Therefore, to generate a re-
sponse that repeats more appropriate words, we in-
troduce repeat scores (§2.1) to calculate how likely
a word is repeated and incorporate the scores into
WLS (§2.2) for fine-tuning and RSM (§2.3) for
beam search in decoding.

2.1 Repeat Score
We should give high scores to words that tend to
be used in repetitions and low scores to words
that should not be. Since only content words
(nouns, verbs, adjectives, or adverbs) are repeated
in Japanese, we define a repeat score only for them.
Since subwords are used as a unit in a pre-trained

1https://github.com/titech-nlp/
repetition-generation

language model, all the subwords in the same con-
tent word receive the same repeat score.

We use BERT (Devlin et al., 2019) to construct
a model for scoring the repeat scores in the range
of [0, 1]. We pass the final hidden state of BERT
through SpanExtractor (Lee et al., 2017) for each
word and then convert the vector to a scalar value
through a multi-layer perceptron, which has a sig-
moid function as the last layer. In the training data,
the label is set to 1 if the target content word was
repeated, and 0 if it was not. The output is then
normalized by applying min-max scaling.

2.2 Weighted Label Smoothing (WLS)

In this section, we explain how to learn words
to repeat when fine-tuning a pre-trained language
model for repetition generation. Neural response
generation models try to optimize cross-entropy
loss. Let X be a previous utterance and Y be a
response, where Y is divided into subwords as
Y = y1, . . . , yT . Letting K be the total number of
subwords and vk be the k-th subword, the cross-
entropy loss is defined as follows:

L(q, p) = −
K∑

k=1

q(vk) log{p(vk|y<t, X)},

where p(vk|y<t, X) is the probability of vk that the
model outputs at time step t given X , and q(vk)
is the probability of vk in a target distribution that
the model aims for. When a one-hot distribution
is used, q(vk) is as follows with a function δvk,yt ,
which becomes 1 when vk = yt:

q(vk) = δvk,yt .

When LS is used, however, q(vk) is as follows with
uniform distribution u(vk) = 1/K:

q(vk) = (1− ϵ)δvk,yt + ϵu(vk),

where ϵ is a hyperparameter.
A one-hot distribution and LS cannot learn a sub-

word to repeat explicitly because there are labels
other than the target, i.e., vk when vk ̸= yt, that
have the same q(vk). Therefore, we propose WLS,
which takes into account how likely a subword is
repeated. We use repeat scores, explained in §2.1,
instead of u(vk). The q(vk) of WLS is defined as
follows:

q(vk) = (1− ϵ)δvk,yt + ϵ
r(vk)

γ

K
,
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Dialogue

運動やってました.
(I played sports.)
へーそしたら中学校高校はクラブは何か？
(Oh, did you participate in any clubs in junior high or high school?)
中学高校大学まで陸上部でした.
(I was a member of a track and field club in junior high, high school, and college.)

Repetition1 陸上部ですか.
(Track and field club?)

Repetition2 陸上部だったんですね.
(You were in the track and field club.)

Repetition3 中学高校大学まで陸上とは,長く続けられたんですね！
(You were in the track and field club for a long time, from junior high through high school and college.)

Table 1: Examples from repetition dataset. There are at most three repetitions for one dialogue.

where r(vk) is the repeat score for vk, and γ is
a hyperparameter. We use the q(vk) of WLS as
the distribution in the cross-entropy loss function.
Subwords in the previous speaker’s utterance are
weighted in accordance with their r(vk). Note that
if we set γ = 0, WLS is the same as LS.

2.3 Repetition Scoring Method (RSM)

Pre-trained language models usually use beam
search in decoding. We propose a scoring method,
RSM, to select more appropriate repetitions in the
beam search. RSM is an extension of a scoring
method for machine translation in Wu et al. (2016).
The original scoring method uses a length normal-
ization procedure and coverage penalty (Tu et al.,
2016). Length normalization treats sentences of
different lengths equally. The coverage penalty
gives a high score to a sentence that is most likely
to cover all the words in the source sentence. Since
the original scoring method cannot select a repeti-
tion with appropriate repeated words, we modify
the method by adding repeat scores, which indicate
words to repeat. Letting Y be a candidate response
during beam search and X be the previous utter-
ance, the generation probability is P (Y |X). The
scoring function s(Y,X) of RSM is as follows:

s(Y,X) = log{P (Y |X)}/lp(Y )+cp(X,Y )+rs(X,Y ),

lp(Y ) =
(5 + |Y |)α
(5 + 1)α

,

cp(Y,X) = β ∗
|X|∑

i=1

log(

|Y |∑

j=1

pi,j),

rs(Y,X) = log

|Y |∑

j=1

r(vj),

where α and β are hyperparameters for length nor-
malization and coverage penalty, respectively. We
carry out two modifications to the original scoring

method to yield RSM. First, we use the attention
value of pi,j without suppression. In contrast to
machine translation, in which an input and output
have a one-to-one relationship, lengths of an input
and output are not the same in repetition generation,
and so it is not suitable to suppress the attention
value under 1.0. Second, we add the term rs(Y,X),
which represents the sum of repeat scores for sub-
words in the response.

3 Dataset

We manually created pairs of a speaker’s utterance
and its repetition as our dataset using a crowdsourc-
ing service.2 Since repetitions often occur when
a listener replies to a speaker, we used utterances
in a corpus of listening dialogues (Yoshino et al.,
2018) between an elderly person and caregiver or
clinical psychologist as the speaker’s utterances
in our dataset.3 In this corpus, the elderly person
tends to be a speaker and the others are listeners.
We extracted the elderly person’s utterances con-
taining content words for creating a repetition. The
number of extracted utterances was 5,548. We
asked three crowdsourcing workers to create rep-
etitions for each utterance. Specifically, a worker
was shown two utterances before each target utter-
ance and asked to create a repetition, that supports
the creation of context-aware repetitions. When
the workers found it difficult to create a repetition
for an utterance, they could discard it. The total
number of workers was 333.

Examples from the dataset are given in Table 1.
The size and statistics of our repetition dataset are
shown in Tables 2 and 3. The word overlap rate
is the percentage of words in an utterance that are

2https://www.lancers.jp/
3We attempted to extract repetitions from the corpus using

a rule-based approach and found it is difficult to obtain a
sufficient amount of such repetitions.
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Train. Valid. Test
Utterance (Dialogue) 4106 489 490
Repetition 10677 1305 1312

Table 2: Size of repetition dataset.

Total Dialogues 5085
Total Repetitions 13294
Average # of Repetitions per Utterance 2.61
Average # of Tokens per Utterance 26.25
Average # of Tokens per Repetition 11.74
Word Overlap Rate 36.48%
Content-word Overlap Rate 38.14%

Table 3: Statistics of repetition dataset.

repeated in a repetition. The content-word over-
lap rate is the percentage of content words of an
utterance that are repeated. Comparing the average
numbers of tokens, repetitions are much shorter
than utterances. This may indicate that repetitions
cannot be produced simply by copying the utter-
ances, and we need to select information that is
worth repeating from the utterances.

To understand what types of words overlap, Ta-
ble 4 shows the percentage of all words’ parts-of-
speech and overlapped words’ parts-of-speech in
utterances. Since "postpositional particles" and
"auxiliary verbs" tend to accompany content words
in a Japanese unit called ‘bunsetsu’, it might be
natural that they also appear in repetitions in high
percentages.

While we can have at most three repetitions for
an utterance in our dataset, we used only one ran-
domly selected repetition for an utterance in the
training data. We used all repetitions for an utter-
ance for the evaluation on the validation and test
data to consider the diversity of responses.

4 Experiments

4.1 General Setup

Repeat scores were calculated from the training
data. SentencePiece (Kudo and Richardson, 2018)
was used to segment the dataset into subwords.
With WLS, the hyperparameter ϵ was set to 0.1
following a previous study (Szegedy et al., 2016),
and γ was tuned to 4 with the validation data, as
explained in Appendix A. With RSM, we used
α = 0.2 and β = 0.2, following a previous study
(Wu et al., 2016), and a beam size of 5. We used
MeCab4 as a tokenizer to identify content words.

4https://taku910.github.io/mecab/

PoS All(%) Overlap(%)
Postpositional Particle 27.64 39.02
Noun 23.85 32.70
Auxiliary Verb 9.34 13.09
Verb 13.25 10.03
Adjective 1.86 2.52
Adverb 4.57 1.61
Filler 0.37 0.01

Table 4: The ratios of words and overlapped words of
different parts-of-speech (PoS) in utterances.

Utterance Rule-Based
それとやっぱり深さ,魚のどの辺におるか
とかが難しいんですわ.
(It’s hard to know where fish are and what
depths they are at.)

難しいですか.
(Hard, is it?)

先生の話をしっかり聞く言う事が大事.
(It is important to listen carefully to what
a teacher says.)

先生ですか.
(The teacher, is it?)

色々ありましたからね,国際的なニュース
もね.
(There’s been a lot going on, and international
news, too.)

ニュースですか.
(News, is it?)

Table 5: Examples of utterance and rule-based response.

4.2 Compared Methods

The baseline methods were as follows:
Rule-Based is a rule-based method, with which
a response is created with a content word in the
speaker’s utterance + "desuka" ("is it?"). The con-
tent word is randomly selected from the utterance.
Examples of rule-based responses are given in Ta-
ble 5. Responses made with Rule-Based always
contain a repeated word and have few grammat-
ical errors. However, "desuka" cannot cover all
situations. "desuka" was chosen because 52% of
repetitions in our dataset ends with "desuka", and
6.1% of repetitions are a single word + "desuka".
BertSumAbs (Liu and Lapata, 2019) is a model
trained with BERT5 as the encoder and randomly
initialized Transformer as the decoder.
T56 (Raffel et al., 2019) is a model that was fine-
tuned with the repetition dataset.7

LS is T5 fine-tuned with LS.
Copy is T5 fine-tuned with the copy mechanism
(See et al., 2017). Since the copy mechanism can
be considered similar to the repetition model in that
it is used to generate the same words as in an input
sentence, we used it for comparison.

5https://huggingface.co/cl-tohoku/
bert-base-japanese

6https://huggingface.co/sonoisa/
t5-base-japanese

7While another possible model for comparison is GPT-2
(Radford et al.), we did not use it since it was known that
T5 is superior to GPT-2 in generation performance (Kale and
Rastogi, 2020; Zhao et al., 2020).
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RG-1 RG-2 RG-L %
Rule-Based 35.26 14.03 35.11 58.24
BertSumAbs 30.73 10.97 29.94 52.51
T5 45.34 22.34 44.59 81.67
LS 45.89 23.08 45.12 81.83
Copy 45.83 23.32 45.07 81.67
WLS 47.88† 24.56 47.14† 85.77†

RSM 46.96 24.66 46.13 84.38†

WLS + RSM 49.16† 26.58† 48.28† 89.56†

Table 6: Results of automatic evaluation. % is per-
centage of outputs containing correct repeated words.
Results with † are significantly different from LS, best
baseline, using Wilcoxon rank sum test (p < 0.05).

RG-1 RG-2 RG-L %
w/o lp 46.81 24.52 45.98 83.91
w/o cp 46.93 24.66 46.11 84.30
w/o rs 44.97 22.25 44.13 81.28
RSM 46.96 24.66 46.13 84.38

Table 7: Ablation study for RSM. lp, cp, and rs were
explained in §2.3.

Note that the T5 and BERT were versions pre-
trained in Japanese. Our methods are as follows:
WLS is T5 fine-tuned with WLS, as mentioned in
§2.2.
RSM is T5 using RSM during beam search, as
mentioned in §2.3.
WLS + RSM is T5 fine-tuned with WLS and using
RSM during beam search.

4.3 Automatic Evaluation
The evaluation metrics were ROUGE (RG-1, RG-2,
RG-L) (Lin, 2004) and the percentage of outputs
containing correct repeated words. The correct
repeated words are content words repeated in the
gold response. The experimental results are listed
in Table 6. WLS + RSM obtained the highest scores
for all metrics, confirming the effectiveness of both
WLS and RSM.

We conducted an ablation study to analyze the
results of RSM. The results are listed in Table 7.
Since w/o rs received the lowest scores, rs was
considered the most effective.

Examples of an input and generated responses
from the baseline and our model are shown in Table
8. The proposed model (WLS + RSM) successfully
generated a response that was close to the correct
response, focusing on "having friends who play
Go".

4.4 Human Evaluation
We also conducted a human evaluation by com-
paring three types of response generation methods:

Utterance 昨日は同じ僕らの仲間で囲碁する人いたからね.
(Yesterday there were our friends who play Go.)

Gold 仲間で囲碁する人いたんですね.
(There were friends who play Go.)

Rule-Based 囲碁ですか.
(Go, is it?)

T5 囲碁をしてくれたんですね.
(You played Go.)

Ours 仲間内で囲碁する人いたんですか.
(There were friends who play Go.)

Table 8: Examples of generated responses from different
models.

Gram Rel Cohe Rep
Rule-Based 2.63 2.49 2.37 2.64
T5 2.82 2.77 2.62 2.79
WLS + RSM 2.85† 2.80 2.64 2.88†

Table 9: Results of human evaluation. Results with †
are significantly different from T5, the best baseline,
using Wilcoxon rank sum test (p < 0.05).

Rule-Based, T5, and our model (WLS + RSM). The
evaluation measures were grammaticality (Gram),
relevance (Rel), coherence (Cohe), and whether
repeated words are included (Rep). Two hundred
pairs were randomly selected from the test data.
The responses were shown to five workers and eval-
uated on a three-point Likert scale. The response
was evaluated with the previous speaker’s utter-
ance and one turn before the speaker’s utterance as
context, meaning the context helps in determining
whether the response is an appropriate repetition.
The total number of evaluators was 110.

Average scores from the evaluation are listed in
Table 9. WLS + RSM outperformed the other meth-
ods for all measures, confirming its effectiveness.

5 Conclusion

We focused on repetition generation. Although rep-
etitions play an important role in dialogues, there
has been no neural approach for this task to the
best of our knowledge. We proposed WLS, which
is an improvement upon LS, during fine-tuning and
RSM, which is an extended scoring method, dur-
ing decoding for repetition generation. Through
automatic and human evaluations, we confirmed
that our model can generate repetitions that con-
tain more appropriate words to repeat than baseline
models. For future work, we will take into account
synonyms and multiple gold repetition instances to
calculate repeat scores for improving the diversity
of responses. We are also planning to incorporate
our repetition model into a general response gener-
ation framework.
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γ 0.0 0.1 0.5 1.0 2.0 3.0 4.0 5.0 10.0
% 82.06 82.06 81.28 83.37 82.21 83.52 85.07 82.90 84.53

Table 10: Percentage of generated responses containing a correct repeated word in the development data when γ
was changed. ϵ = 0.1. γ = 0 indicates LS. The best score was obtained when γ = 4.0.

A Exploring Hyperparameter γ

We explored the effect of γ on the percentage of
responses containing a correct repeated word. The
model we used for experiments was the pre-trained
model T5, fine-tuned with the training data in §3.
We generated repetitions on the development data.
The results are listed in Table 10. The best score
was recorded when γ = 4.0. Therefore, we used
this value.

B P-values

We now discuss the p-values in the experimen-
tal results. To obtain p-values, we conducted the
Wilcoxon rank sum test to compare the effective-
ness between baseline models and our proposed
models. Table 11 shows the p-values for Table 6
from LS. Table 12 shows those for Table 9 from
T5.

RG-1 RG-2 RG-L %
WLS 0.026 0.159 0.031 0.003
RSM 0.225 0.141 0.294 0.047
WLS + RSM 0.000 0.001 0.001 0.000

Table 11: P-values in Wilcoxon rank sum test between
LS and our proposed models in Table 6.

Gram Rel Cohe Rep
WLS + RSM 0.000 0.055 0.170 0.000

Table 12: P-values in Wilcoxon rank sum test between
T5 and WLS + RSM in Table 9.
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Abstract

We present a textless speech-to-speech trans-
lation (S2ST) system that can translate speech
from one language into another language and
can be built without the need of any text data.
Different from existing work in the literature,
we tackle the challenge in modeling multi-
speaker target speech and train the systems with
real-world S2ST data. The key to our approach
is a self-supervised unit-based speech normal-
ization technique, which finetunes a pre-trained
speech encoder with paired audios from multi-
ple speakers and a single reference speaker to
reduce the variations due to accents, while pre-
serving the lexical content. With only 10 min-
utes of paired data for speech normalization, we
obtain on average 3.2 BLEU gain when train-
ing the S2ST model on the VoxPopuli S2ST
dataset, compared to a baseline trained on un-
normalized speech target. We also incorporate
automatically mined S2ST data and show an
additional 2.0 BLEU gain. To our knowledge,
we are the first to establish a textless S2ST tech-
nique that can be trained with real-world data
and works for multiple language pairs1.

1 Introduction

Speech-to-speech translation (S2ST) technology
can help bridge the communication gap between
people speaking different languages. Conventional
S2ST systems (Lavie et al., 1997; Nakamura et al.,
2006) usually rely on a cascaded approach by first
translating speech into text in the target language,
either with automatic speech recognition (ASR) fol-
lowed by machine tranlsation (MT), or an end-to-
end speech-to-text translation (S2T) model (Bérard
et al., 2016), and then applying text-to-speech
(TTS) synthesis to generate speech output.

On the other hand, researchers have started ex-
ploring direct S2ST (Jia et al., 2019, 2021; Tjandra

1Audio samples are available at https:
//facebookresearch.github.io/speech_
translation/textless_s2st_real_data/
index.html

et al., 2019; Zhang et al., 2020; Kano et al., 2021;
Lee et al., 2021), which aims at translating speech
in the source language to speech in the target lan-
guage without the need of text generation as an
intermediate step. However, text transcriptions or
phoneme annotations of the speech data is often
still needed during model training for multitask
learning (Jia et al., 2019; Lee et al., 2021) or for
learning a decoder that generates intermediate rep-
resentations (Jia et al., 2021; Kano et al., 2021) to
facilitate the generation of speech output.

More than 40% of the languages in the world
are without text writing systems2, while very lim-
ited work exist to tackle the challenge of train-
ing direct S2ST systems without the use of any
text data (Tjandra et al., 2019; Zhang et al., 2020).
Moreover, due to the lack of S2ST training data,
previous work on direct S2ST mainly rely on TTS
to generate synthetic target speech for model train-
ing. The recent release of the large-scale S2ST data
from VoxPopuli (Wang et al., 2021c) has opened
up the possibility of conducting S2ST research on
real data. In addition, Duquenne et al. (2021) have
demonstrated the first proof of concept of direct
S2S mining without using ASR or MT systems.
The approach may potentially mitigate the data
scarcity issue, but the authors had not evaluated the
usefulness of such data for S2ST frameworks.

Most recently, Lee et al. (2021) have proposed
to take advantage of self-supervised discrete rep-
resentations (Lakhotia et al., 2021), or discrete
units, learned from unlabeled speech data as the
target for building a direct S2ST model. Experi-
ments conducted with synthetic target speech data
have shown significant improvement for transla-
tion between unwritten languages. In this work,
we extend the textless S2ST setup in (Lee et al.,
2021), i.e. training an S2ST system without the use
of any text or phoneme data, and conduct exper-
iments on real S2ST datasets, including VoxPop-

2https://www.ethnologue.com/
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uli (Wang et al., 2021c) and automatically mined
S2ST data (Duquenne et al., 2021). To tackle the
challenge of modeling real target speech where
there are multiple speakers with various accents,
speaking styles and recording conditions, etc., we
propose a speech normalization technique that
finetunes a self-supervised pre-trained model for
speech with a limited amount of parallel multiple-
to-single speaker speech. Experiments on four
language pairs show that when trained with the
normalized target speech obtained from a speech
normalizer trained with 10-min parallel data, the
performance of a textless S2ST model can be im-
proved by 3.2 BLEU points on average compared
with a baseline with un-normalized target speech.

The main contributions of this work include:

• We propose a speech normalization technique
based on self-supervised discrete units that
can remove the variations in speech from mul-
tiple speakers without changing the lexical
content. We apply the technique on the tar-
get speech of real S2ST data and verify its
effectiveness in the context of textless S2ST.

• We empirically demonstrate that with the
speech normalization technique, we can fur-
ther improve a textless S2ST system’s perfor-
mance by augmenting supervised S2ST data
with directly mined S2ST data, demonstrating
the usefulness of the latter.

• To the best of our knowledge, we are the first
to establish a textless S2ST technique that
can be trained with real-world data, and the
technique works for multiple language pairs.

2 Related work

Direct S2ST Jia et al. (2019, 2021) propose a
sequence-to-sequence model with a speech encoder
and a spectrogram decoder that directly translates
speech from one language into another language
without generating text translation first. The model
can be trained end-to-end, while phoneme data
is required in model training. On the other hand,
Tjandra et al. (2019); Zhang et al. (2020) build di-
rect S2ST systems for languages without text writ-
ing systems by adopting Vector-Quantized Vari-
ational Auto-Encoder (VQ-VAE) (van den Oord
et al., 2017) to convert target speech into discrete
codes and learn a speech-to-code translation model.
Most recently, Lee et al. (2021) propose a direct

S2ST system that predicts self-supervised discrete
representations of the target speech. The system,
when trained without text data, outperforms VQ-
VAE-based approach in Zhang et al. (2020). As a
result, in this work, we follow the design in Lee
et al. (2021) and focus on training direct S2ST sys-
tems with real data.

S2ST data VoxPopuli (Wang et al., 2021c) pro-
vides 17.3k hours of S2ST data from European par-
liament plenary sessions and the simultaneous inter-
pretations for more than 200 language directions,
the largest to-date. There exists few S2ST cor-
pora as the creation process requires transcribing
multilingual speech (Tohyama et al., 2004; Bendaz-
zoli et al., 2005; Zanon Boito et al., 2020) or high-
quality ASR models (Wang et al., 2021c). On the
other hand, Duquenne et al. (2021) extend distance-
based bitext mining (Schwenk et al., 2021) to the
audio domain by first learning a joint embedding
space for text and audio, where sentences with sim-
ilar meaning are close, independent of the modality
or language. The technique was applied to mine for
speech-to-speech alignment in LibriVox3, creating
1.4k hours of mined S2ST data for six language
pairs. The usefulness of the S2ST datasets is of-
ten showcased indirectly through a speech retrieval
task (Zanon Boito et al., 2020) or human evaluation
of the data quality (Duquenne et al., 2021), since
existing direct S2ST systems are mostly trained
with synthetic target speech (Jia et al., 2019; Tjan-
dra et al., 2019; Zhang et al., 2020; Lee et al., 2021;
Jia et al., 2021). In this work, we develop an S2ST
system that can be trained on real target speech to
mitigate the discrepancy between the S2ST system
and corpus development process.

Speech normalization Speech normalization re-
duces the variation of factors not specified at the
input when building TTS systems. One manual
approach is to use clean data from a single speaker
with minimal non-textual variation (Wang et al.,
2017; Shen et al., 2018; Ren et al., 2019; Ito and
Johnson, 2017). For automatic methods, silence
removal with voice activity detection (VAD) is
a fundamental approach (Gibiansky et al., 2017;
Hayashi et al., 2020; Wang et al., 2021a). Speech
enhancement can remove the acoustic condition
variation when building TTS models with noisy
data (Botinhao et al., 2016; Adiga et al., 2019).
Speaker normalization through voice conversion,

3https://librivox.org/api/info
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(a)

(b)

(c)

Figure 1: Audio samples from one female ((a), (b)) and
one male speaker ((c)) from VoxPopuli (Wang et al.,
2021c) for the word “parliament” and the reduced units
(consecutive duplicate units removed) encoded by the
HuBERT model in Section 4.2. Differences in the units
with respect to (a) are marked in gray.

which maps target speech into the same speaker
as the source speech in the context of S2ST (Jia
et al., 2021), can be considered as another speech
normalization method. In this work, we propose
a novel speech normalization technique based on
self-supervised discrete units, which maps speech
with diverse variation to units with little non-textual
variation.

3 System

We follow Lee et al. (2021) to use HuBERT (Hsu
et al., 2021) to discretize target speech and build
a sequence-to-sequence speech-to-unit translation
(S2UT) model. We describe the proposed speech
normalization method and the S2UT system below.

3.1 Self-supervised Unit-based Speech
Normalization

HuBERT and discrete units Hidden-unit BERT
(HuBERT) (Hsu et al., 2021) takes an iterative pro-
cess for self-supervised learning for speech. In
each iteration, K-means clustering is applied on the
model’s intermediate representations (or the Mel-
frequency cepstral coefficient features for the first

orig-unit reduced orig-unit

Pre-trained
HuBERT

Reference 
speaker

33 93 93 4 4 4 …

Pre-trained
HuBERT

Random 
speaker

33 93 4 …

Any 
speaker

K-means CTC Finetuning
Speech Normalizer

Finetuned
HuBERT

CTC Decoder
Speech Normalizer

Data Preparation Training Inference

norm-unit
1 3 88 23 …

Figure 2: Illustration of the self-supervised unit-based
speech normalization process. Left: orig-unit sequences
extracted for audios from the reference speaker. Mid-
dle: CTC finetuning with reduced orig-unit from the
reference speaker as the target and input audio from
different speakers speaking the same content. Right:
For inference, we apply the finetuned speech normalizer
and obtain norm-unit from CTC decoding.

iteration) to generate discrete labels for comput-
ing a BERT-like (Devlin et al., 2019) loss. After
the last iteration, K-means clustering is performed
again on the training data, and the learned K clus-
ter centroids are used to transform audio into a
sequence of cluster indices as [z1, z2, ..., zT ], zi ∈
{0, 1, ...,K−1},∀1 ≤ i ≤ T , where T is the num-
ber of frames. We refer to these units as orig-unit.

Unit-based speech normalization We observe
that orig-unit from audios of different speakers
speaking the same content can be quite different
due to accent and other residual variations such
as silence and recording conditions, while there
is less variation in orig-unit from speech from
the same speaker (Figure 1). Following the suc-
cess of self-supervised pre-training and Connec-
tionist Temporal Classification (CTC) finetuning
for ASR (Graves et al., 2006; Baevski et al., 2019),
we propose to build a speech normalizer by per-
forming CTC finetuning with a pre-trained speech
encoder using multi-speaker speech as input and
discrete units from a reference speaker as target.

Figure 2 illustrates the process. First, a pair
of audios from a random speaker and a reference
speaker speaking the same content is required.
Then, we convert the reference speaker speech into
orig-unit with the pre-trained HuBERT model fol-
lowed by K-means clustering. We further reduce
the full orig-unit sequence by removing repeat-
ing units (Lakhotia et al., 2021; Lee et al., 2021;
Kharitonov et al., 2021; Kreuk et al., 2021). The
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Target speech

Source speech

Speech 
Normalizer

Discrete units
(Source language)

Speech 
Encoder

Attention

Discrete Unit 
Decoder

Log-mel filterbank
(Source language)

Discrete units
(Target language)

Attention

Discrete Unit 
Decoder
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norm-unit

HuBERT +
K-means

reduced 
orig-unit

Discrete units
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Vocoder

Duration 
Predictor

Waveform

Speech
(Target language)

HuBERT +
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Figure 3: Illustration of the textless S2ST model. Left: The speech-to-unit translation (S2UT) model with an
auxiliary task. Right: The unit-based HiFi-GAN vocoder for unit-to-speech conversion. We apply the speech
normalizer (Fig. 2) to generate norm-unit as the target for S2UT training. The vocoder is trained with orig-
unit obtained from HuBERT and K-means model. Only the shaded modules are used during inference.

resulting reduced orig-unit serves as the target in
the CTC finetuning stage with the speech from the
random speaker as the input.

The process can be viewed as training an ASR
model with the “pseudo text”, i.e. units from speech
from a single reference speaker. The resulting
speech normalizer is a discrete unit extractor that
converts the input speech to units with CTC decod-
ing. We refer to these units as norm-unit.

3.2 Textless S2ST

Figure 3 shows the main components of the system.

Speech encoder The speech encoder is built by
pre-pending a speech downsampling module to a
stack of Transformer blocks (Vaswani et al., 2017).
The downsampling module consists of two 1D-
convolutional layers, each with stride 2 and fol-
lowed by a gated linear unit activation function,
resulting in a downsampling factor of 4 (Synnaeve
et al., 2019) for the log-mel filterbank input.

Discrete unit decoder We train the S2UT system
with norm-unit as the target. The unit decoder is
a stack of Transformer blocks as in MT (Vaswani
et al., 2017) and is trained with cross-entropy loss
with label smoothing. The setup can be viewed
as the same as the “reduced” strategy in Lee et al.
(2021), as the speech normalizer is trained on re-
duced orig-unit sequences.

Auxiliary task We follow the unwritten language
setup in Lee et al. (2021) and incorporate an auto-
encoding style auxiliary task to help the model con-
verge during training. We add a cross-attention
module and a Transformer decoder to an inter-
mediate layer of the speech encoder and use re-
duced orig-unit of the source speech as the target.

Unit-based vocoder The unit-to-speech conver-
sion is done with the discrete unit-based HiFi-GAN
vocoder (Kong et al., 2020) proposed in Polyak
et al. (2021), enhanced with a duration prediction
module (Ren et al., 2020). The vocoder is trained
separately from the S2UT model with the com-
bination of the generator-discriminator loss from
HiFi-GAN and the mean square error (MSE) of
the predicted duration of each unit in logarithmic
domain.

4 Experimental Setup

We examine four language pairs: Spanish-English
(Es-En), French-English (Fr-En), English-Spanish
(En-Es), and English-French (En-Fr). All experi-
ments are conducted using fairseq (Ott et al.,
2019; Wang et al., 2020a, 2021b)4.

4.1 Data

Multilingual HuBERT (mHuBERT) As we fo-
cus on modeling target speech in En, Es or Fr, we
train a single mHuBERT model (Section 4.2) by
combining data from three languages. We use the
100k subset of VoxPopuli unlabeled speech (Wang
et al., 2021c), which contains 4.5k hrs of data for
En, Es and Fr, respectively, totaling 13.5k hours.

Speech normalization We use multi-speaker
speech from the VoxPopuli ASR dataset (Wang
et al., 2021c) and convert text transcriptions to ref-
erence units for training the speech normalizer. The
text-to-unit (T2U) conversion is done with a Trans-
former MT model (Vaswani et al., 2017) trained

4Code is available at https://github.com/
pytorch/fairseq/blob/main/examples/
speech_to_speech/docs/textless_s2st_
real_data.md
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duration En Es Fr

train

10 mins 89 97 86

1 hr 522
612

510
(61% CV)

10 hrs 5.1k
6.7k 5.9k

(96% CV) (56% CV)
dev - 1.2k 1.5k 1.5k

Table 1: Number of samples of the data used in training
speech normalizers. For Es and Fr, as there is no enough
data from VoxPopuli ASR dataset after filtering out the
overlap with the S2ST data, we include random samples
from the Common Voice 7.0 (CV) (Ardila et al., 2020)
dataset (denoted as X%).

on single-speaker TTS data (described later) with
characters as input and reduced orig-unit as target.

We build training sets of three different sizes (10-
min, 1-hr, 10-hr) for each language (Table 1). We
remove the audios that exist in the VoxPopuli S2ST
dataset (described later) and randomly sample from
the Common Voice ASR dataset (Ardila et al.,
2020) if there is no enough data. We also randomly
sample 1000 audios from Common Voice dev sets
and combine with the filtered VoxPopuli ASR dev
sets for model development. Though the reference
target is created synthetically, we believe that col-
lecting a maximum of 10-hr speech from a single
speaker is reasonable as in TTS data collection (Ito
and Johnson, 2017; Park and Mulc, 2019).

S2UT We use the VoxPopuli S2ST dataset (Wang
et al., 2021c) as the supervised S2ST data for model
training. Take Es-En for example. We combine
data from Es source speech to En interpretation
with Es interpretation to En source speech for train-
ing. We evaluate on the dev set and test set from
Europarl-ST (Iranzo-Sánchez et al., 2020), as it pro-
vides text translation for BLEU score computation
and is of the same domain as VoxPopuli. In addi-
tion, we investigate incorporating S2ST data auto-
matically mined from LibriVox (Duquenne et al.,
2021).5 Table 2 summarizes the statistics of the
data for each language pair.

TTS data We train the unit-based HiFi-GAN
vocoder using TTS data, pre-processed with VAD
to remove silence at both ends of the audio. No
text data is required during vocoder training. In
addition, we use the same TTS dataset to train the
T2U model for generating reference target units

5https://github.com/facebookresearch/
LASER

in speech normalizer training and to build the cas-
caded baselines described in Section 4.3.

4.2 Multilingual HuBERT (mHuBERT)

We build a single mHuBERT model for all three
languages using the combination of 13.5k-hr data
without applying any language-dependent weights
or sampling, since the amount of data is similar
between all three languages. A single codebook
is used for all three languages, and no language
information is required during pre-training. The
mHuBERT model is pre-trained for three iterations
following Hsu et al. (2021); Lakhotia et al. (2021).
In each iteration, model weights are randomly ini-
tialized and optimized for 400k steps. We find that
K = 1000 with features from the 11-th layer of
the third-iteration mHuBERT model work the best
for our experiments.

4.3 Baselines

S2UT with reduced orig-unit First, we consider
a basic setup by training the S2UT system using
reduced orig-unit extracted from the target multi-
speaker speech with mHuBERT (Lee et al., 2021).
For the second baseline, we concatenate a d-vector
speaker embedding (Variani et al., 2014) to each
frame of the speech encoder output to incorporate
target speaker information. A linear layer is applied
to map the concatenated feature vectors to the same
dimension as the original encoder output. The 256-
dimensional speaker embedding, which remains
fixed during the S2UT model training, is extracted
from a speaker verification model pre-trained on
VoxCeleb2 (Chung et al., 2018). During inference,
we use the speaker embedding averaged from all
audios from the TTS dataset of the target language.

S2T+TTS We transcribe all the S2ST data with
open-sourced ASR models (Section 4.4) and train a
S2T+TTS system for each language pair. We build
2000 unigram subword units (Kudo, 2018) from
the ASR decoded text as the target. For TTS, we
explore two approaches: (1) Transformer TTS (Li
et al., 2019), and (2) text-to-unit (T2U). The Trans-
former TTS model has a text encoder, a spectro-
gram decoder and a HiFi-GAN vocoder (Kong
et al., 2020). The T2U model is the same model
used in preparing reference units for speech nor-
malizer training (Section 4.1), and we apply the
same unit-based vocoder for the S2UT model for
unit-to-speech conversion. Both Transformer TTS
and T2U are trained with characters as input.
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Es-En Fr-En En-Es En-Fr

VP mined
EP

VP mined
EP

VP mined
EP

VP mined
EP

dev test dev test dev test dev test
# samples 159k 314k 1.9k 1.8k 156k 338k 1.5k 1.8k 126k 314k 1.3k 1.3k 138k 338k 1.3k 1.2k

source (hrs) 532.1 441.7 5.4 5.1 522.9 447.1 3.7 4.7 414.7 424.7 3.0 2.9 450.6 469.5 3.0 2.8
target (hrs) 513.1 424.7 5.6∗ - 507.3 469.5 3.9∗ - 424.1 441.7 3.0∗ - 456.0 447.1 3.0∗ -

Table 2: Statistics of the data used in S2UT model training. We train the models on VoxPopuli (VP) (Wang et al.,
2021c) and mined S2ST data (Duquenne et al., 2021) and evaluate on Europarl-ST (EP) (Iranzo-Sánchez et al.,
2020). The source speech from plenary sessions before 2013 are removed from VP to avoid overlap with EP,
resulting in different amounts of data between X-Y and Y-X language pairs. (∗: speech is created with TTS for
tracking dev loss during training.)

dataset
duration (hrs)
train dev

En LJSpeech (Ito and Johnson, 2017) 22.3 0.7
Es CSS10 (Park and Mulc, 2019) 20.8 0.2
Fr CSS10 (Park and Mulc, 2019) 17.7 0.2

Table 3: Duration of the TTS datasets after VAD.

4.4 Evaluation

To evaluate translation quality, we first use open-
sourced ASR models6 to decode all systems’
speech output. As the ASR output is in lower-
case and without digits and punctuation except
apostrophes, we normalize the reference text by
mapping numbers to spoken forms and removing
punctuation before computing BLEU using SACRE-
BLEU (Post, 2018). To evaluate the naturalness of
the speech output, we collect mean opinion scores
(MOS) from human listening tests. We randomly
sample 200 utterances for each system, and each
sample is rated by 5 raters on a scale of 1 (the
worst) to 5 (the best).

4.5 Textless S2ST training

Speech normalization We finetune the mHu-
BERT model for En, Es and Fr, respectively, re-
sulting in three language-dependent speech normal-
izers. We perform CTC finetuning for 25k updates
with the Transformer parameters fixed for the first
10k steps. We use Adam with β1 = 0.9, β2 =
0.98, ϵ = 10−8, and 8k warm-up steps and then
exponentially decay the learning rate. We tune the
learning rate and masking probabilities on the dev
sets based on unit error rate (UER) between the
model prediction and the reference target units.

6En: https://huggingface.co/facebook/
wav2vec2-large-960h-lv60-self, Es:
https://huggingface.co/jonatasgrosman/
wav2vec2-large-xlsr-53-spanish, Fr:
https://huggingface.co/jonatasgrosman/
wav2vec2-large-fr-voxpopuli-french

S2UT We follow the same model architecture
and training procedure in Lee et al. (2021), except
having a larger speech encoder and unit decoder
with embedding size 512 and 8 attention heads.
We train the models for 600k steps for VoxPop-
uli S2ST data, and 800k steps for the combination
of VoxPopuli and mined data, and use Adam with
β1 = 0.9, β2 = 0.98, ϵ = 10−8, and inverse square
root learning rate decay schedule with 10k warmup
steps. We use label smoothing of 0.2 and tune the
learning rate and dropout on the dev set. The model
with the best BLEU on the dev set is used for eval-
uation. All S2UT systems including the baselines
are trained with an auxiliary task weight of 8.0.

Unit-based vocoder We train one vocoder for
each language, respectively. All vocoders are
trained with orig-unit sequences as input, since
they contain the duration information of natural
speech for each unit. We follow the training pro-
cedure in Polyak et al. (2021) and train for 500k
updates with the weight on the MSE loss set to 1.0.
The vocoder is used for generating speech from ei-
ther orig-unit or norm-unit, as they originate from
the same K-means clustering process.

5 Results

5.1 Textless S2ST

S2ST with supervised data Table 4 summa-
rizes the results from systems trained with Vox-
Populi S2ST data. We also list the results from
applying TTS on the ground truth reference text (8,
9) to demonstrate the impact from ASR errors and
potentially low quality speech on the BLEU score.

First, compared with the basic setup, the base-
line with target speaker embedding can give a 1.2-
3 BLEU improvement on three language pairs (1
vs. 2), implying that there exists variations in orig-
unit sequences which are hard to model without
extra information from the target speech signals.
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BLEU (↑) MOS (↑)

ID
tgt tgt tgt

Es-En Fr-En En-Es En-Fr Es-En Fr-En En-Es En-Fr
spkemb SN text

1 S2UT w/ orig-unit ✗ ✗ ✗ 13.1 15.4 16.4 15.8 2.32 ± 0.10 2.43 ± 0.11 2.97 ± 0.14 2.41 ± 0.08
2 S2UT w/ orig-unit ✓ ✗ ✗ 16.1 16.6 19.3 15.6 2.29 ± 0.11 2.25 ± 0.10 3.48 ± 0.11 2.25 ± 0.06
3 S2UT w/ norm-unit ✗ 10-min ✗ 17.8 18.5 20.4 16.8 2.99 ± 0.07 3.16 ± 0.07 3.92 ± 0.11 2.65 ± 0.08
4 S2UT w/ norm-unit ✗ 1-hr ✗ 18.8 20.3 21.8 18.7 3.20 ± 0.09 3.26 ± 0.08 4.09 ± 0.11 2.92 ± 0.09
5 S2UT w/ norm-unit ✗ 10-hr ✗ 18.9 19.9 22.7 18.7 3.26 ± 0.08 3.27 ± 0.08 4.17 ± 0.10 2.84 ± 0.08
6 S2T + tf TTS ✗ ✗ ASR 19.2 19.8 21.7 18.5 3.23 ± 0.13 3.22 ± 0.11 4.12 ± 0.11 2.44 ± 0.08
7 S2T + T2U ✗ ✗ ASR 19.4 19.7 21.8 18.9 3.16 ± 0.08 3.21 ± 0.07 4.11 ± 0.11 2.87 ± 0.09
8 gt + tf TTS ✗ ✗ ✗ 88.0 87.2 82.0 69.2 - - - -
9 gt + T2U ✗ ✗ ✗ 87.9 87.1 84.6 73.8 - - - -

Table 4: BLEU and MOS (reported with 95% confidence interval) from systems trained in a single run with
VoxPopuli S2ST data (Wang et al., 2021c) and evaluated on Europarl-ST (Iranzo-Sánchez et al., 2020) test sets. The
best results from S2UT w/ norm-unit are highlighted in bold. (tgt spkemb: target speaker embedding, SN: speech
normalization, gt: ground truth, tf: Transformer)

Es-En Fr-En En-Es En-Fr

ID data
tgt tgt tgt

EP CVST EP CVST EP EP
spkemb SN text

4 S2UT w/ norm-unit VP ✗ 1-hr ✗ 18.8 9.2 20.3 9.6 21.8 18.7
10 S2UT w/ orig-unit VP+mined ✗ ✗ ✗ 16.7 12.0 17.2 16.7 19.9 18.2
11 S2UT w/ orig-unit VP+mined ✓ ✗ ✗ 18.2 16.3 19.1 16.6 21.6 18.6
12 S2UT w/ norm-unit VP+mined ✗ 1-hr ✗ 21.2 15.1 22.1 15.9 24.1 20.3
13 S2T + tf TTS VP+mined ✗ ✗ ASR 21.4 14.8 22.4 16.7 24.3 20.9
14 S2T + T2U VP+mined ✗ ✗ ASR 21.3 14.9 22.3 16.7 24.8 21.6
15 S2T (Wang et al., 2021c) + tf TTS VP+EP+CVST ✗ ✗ Oracle 26.0 27.3 28.1 27.7 - -
16 S2T (Wang et al., 2021c) + T2U VP+EP+CVST ✗ ✗ Oracle 26.0 26.9 28.1 27.3 - -
8 gt + tf TTS ✗ ✗ ✗ ✗ 88.0 80.7 87.2 77.3 82.0 68.6
9 gt + T2U ✗ ✗ ✗ ✗ 87.9 78.8 87.1 75.9 84.6 73.8

Table 5: BLEU scores (↑) from systems trained in a single run with the combination of VoxPopuli S2ST data
(VP) (Wang et al., 2021c) and mined S2ST data (Duquenne et al., 2021) and evaluated on Europarl-ST (EP) (Iranzo-
Sánchez et al., 2020) and CoVoST 2 (CVST) (Wang et al., 2020b) test sets. The S2T model in Wang et al. (2021c)
is trained on more than 500 hrs of S2T data. The best results from S2UT with VP+mined data are highlighted in
bold. (tgt spkemb: target speaker embedding, SN: speech normalization, gt: ground truth, tf: Transformer)

However, with only 10 minutes of paired multiple-
to-single speaker speech data, we obtain norm-
unit that improves S2UT model performance by
1.5 BLEU on average (2 vs. 3). The translation
quality improves as we increase the amount of par-
allel data for training the speech normalizer. In the
end, with 10 hours of finetuning data, we obtain
an average 4.9 BLEU gain from the four language
pairs compared to the basic setup (1 vs. 5).

On the other hand, compared with S2T+TTS
systems that uses extra ASR models for converting
speech to text for training the translation model (6,
7), our best textless S2ST systems (5) can perform
similarly to text-based systems without the need of
human annotations for building the ASR models.

We see that the MOS of S2UT systems trained
with orig-unit is on average 0.85 lower than that
of systems trained with norm-unit (1 vs. 5). We
notice that the former often produces stuttering in
the output speech, a potential cause to lower MOS.
While worse audio quality may affect ASR-based

evaluation and lead to lower BLEU, we verify that
this was not the case as the ASR models could
still capture the content. We also see that the pro-
posed textless S2ST system can produce audios
with similar naturalness as Transformer TTS mod-
els (5 vs. 6).

S2ST with supervised data and mined data
Next, we add the mined S2ST data for model train-
ing, and the results are summarized in Table 5.
We apply the speech normalizer trained with 1-hr
data, as it provides similar translation performance
as a speech normalizer trained with 10-hr data in
VoxPopuli-only experiments (4 vs. 5 in Table 4).

On the Europarl-ST test set, we see consistent
trend across the S2UT models trained with norm-
unit and the two baselines with orig-unit, where the
proposed approach gives on average 3.9 BLEU im-
provement compared to the basic setup (10 vs. 12),
indicating that the speech normalizer trained on
VoxPopuli and Common Voice data can also be
applied to audios from different domains, e.g. Lib-
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riVox, where the mined data is collected. The ad-
dition of mined data with the proposed speech nor-
malization technique achieves an average of 2.0
BLEU gain over four language directions (4 vs. 12).

We also examine model performance on the CoV-
oST 2 test set (Wang et al., 2020b) and see even
larger improvements brought by mined data (10,
11, 12 vs. 4). One possible reason for this is that
LibriVox is more similar to the domain of CoVoST
2 than that of Europarl-ST. With target speaker em-
bedding, mined data improves S2ST by 7.1 BLEU
on average (4 vs. 11). S2UT with norm-unit does
not perform as well, and one explanation is that we
select the best model based on the Europarl-ST dev
set during model training.

Compared with S2T+TTS systems trained with
text obtained from ASR, there is an average of 0.6
BLEU gap from our proposed system on Europarl-
ST test sets (12 vs. 14). As the En ASR model was
trained on Libripeech (Panayotov et al., 2015), it
can decode high quality text output for the mined
data. We also list results from the S2T systems
from Wang et al. (2021c)7 (15, 16), which shows
the impact of having oracle text and in-domain
training data and serves as an upper bound for the
textless S2ST system performance.

5.2 Analysis on the speech normalizer

We analyze norm-unit to understand how the
speech normalization process helps improve S2UT
performance. First, to verify that the process pre-
serves the lexical content, we perform a speech
resynthesis study as in Polyak et al. (2021). We
use the VoxPopuli ASR test sets, run the unit-based
vocoder with different versions of discrete units ex-
tracted from the audio as input, and compute word
error rate (WER) of the audio output. In addition
to comparing between norm-unit and reduced orig-
unit, we list the WER from the original audio to
demonstrate the quality of the ASR models and the
gap caused by the unit-based vocoder.

We see from Table 6 that norm-unit from a
speech normalizer finetuned on 1-hr data achieves
similar WER as orig-unit, indicating that the nor-
malization process does not change the content of
the speech. In addition, we observe that norm-
unit sequences are on average 15% shorter than
reduced orig-unit sequences. We find that this is
mainly due to the fact that the speech normalizer

7Models downloaded from https://github.com/
facebookresearch/voxpopuli/.

WER (↓) En Es Fr
original audio 14.2 15.5 18.5
reduced orig-unit 22.4 22.7 24.1
norm-unit (10-min) 23.5 25.3 31.7
norm-unit (1-hr) 21.2 20.5 24.6
norm-unit (10-hr) 22.0 25.3 24.2

Table 6: Speech resynthesis results on the VoxPop-
uli ASR test set.

UER (↓) En Es Fr
reduced orig-unit 74.4 70.6 73.5
norm-unit (1-hr) 48.2 31.6 46.4

Table 7: Unit error rate (UER) between units extracted
from 400 pairs of audios from the Common Voice
dataset.

does not output units for the long silence in the
audio, while reduced orig-unit encodes non-speech
segments such as silence and background noises.
Therefore, norm-unit is a shorter and cleaner target
for training S2UT models.

Next, to examine that the speech normalizer
reduces variations in speech across speakers,
we sample 400 pairs of audios from Common
Voice (Ardila et al., 2020) for En, Es and Fr, respec-
tively. Each pair contains two speakers reading the
same text prompt. Table 7 shows the unit error rate
(UER) between the unit sequences extracted from
the paired audios. We see that norm-unit has UER
that is on average 58% of the UER of reduced orig-
unit, showing that norm-unit has less variations
across speakers.

5.3 Analysis of mined data

Each pair of aligned speech in the mined data has
an associated semantic similarity score. In exper-
iments above, we set the score threshold as 1.06,
and use all mined data with scores above it. Given

0 100 200 300 400

19

20

21

22 t=1.06
t=1.065

t=1.07

t=1.075t=1.08

amount of mined data (hrs)

B
L

E
U

Figure 4: BLEU scores (↑) on Europarl-ST Es-En test
set from models trained with VoxPopuli and mined data
filtered at different thresholds (t) for the similarity score.
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the trade-off between the quality and quantity of
mined data, we analyze how the S2ST performance
changes with the threshold set in mined data se-
lection. Figure 4 demonstrates BLEU scores on
Europarl-ST Es-En test set from S2UT systems
trained with 1-hr norm-unit. The mined data is use-
ful at different thresholds given its gains over the
model trained without mined data. As we increase
the threshold from 1.06 to 1.07, the performance
drops due to less training data.

6 Conclusion

We present a textless S2ST system that can be
trained with real target speech data. The key to
the success is a self-supervised unit-based speech
normalization process, which reduces variations in
the multi-speaker target speech while retaining the
lexical content. To achieve this, we take advantage
of self-supervised discrete representations of a ref-
erence speaker speech and perform CTC finetuning
with a pre-trained speech encoder. The speech nor-
malizer can be trained with one hour of parallel
speech data without the need of any human annota-
tions and works for speech in different recording
conditions and in different languages. We conduct
experiments on the VoxPopuli S2ST dataset and
the mined speech data to empirically demonstrate
its usefulness in improving S2ST system transla-
tion quality for the first time. In the future, we plan
to investigate more textless approaches to improve
model performance such as self-supervised pre-
training. All the experiments and ASR evaluation
are conducted with public datasets or open-sourced
models.
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A mHuBERT Training details

Table 8 lists the details for the three iterations of
mHuBERT training.

iteration target features K-means
1 MFCC 100
2 6-th layer from the first iteration 500
3 9-th layer from the second iteration 500

Table 8: Setup for the target labels used in mHuBERT
training.

B Unit-based Vocoder

Table 9 shows the resynthesis performance of the
unit-based vocoder of each language. The WER
on the original audio indicates the quality of the
open-sourced ASR model we use for evaluation.
The WER difference between original audio and
orig-unit shows the quality of the vocoder, and
the difference between orig-unit and reduced orig-
unit shows the further impact brought by the dura-
tion prediction module.

WER (↓) En Es Fr
original audio 2.0 8.4 24.0

orig-unit 2.8 12.0 29.3
reduced orig-unit 3.4 11.9 31.3

Table 9: WER on the TTS dev sets (LJSpeech for En,
and CSS10 for Es and Fr) of the audios resynthesized
from units.

C Text-to-Unit (T2U)

Table 10 lists the WER of the audios generated by
the T2U model, which is used in generating the
reference target units for speech normalizer train-
ing. As the T2U model is trained with reduced unit
sequences as the target, during synthesis, we apply
the unit-based vocoder with duration prediction.
We can see that T2U with a unit-based vocoder
can produce high quality audio and can serve as
another option of TTS.

WER (↓) En Es Fr
original audio 2.0 8.4 24.0

T2U 4.2 9.1 24.4

Table 10: WER on the TTS dev sets (LJSpeech for En,
and CSS10 for Es and Fr).

D Hyper-parameters

Table 11 lists the best hyper-parameters for train-
ing the speech normalizers for the three languages
and three data setups, respectively. All models are
trained on 8 GPUs with a batch size of 100-second
(maximum total input audio length).

Table 12 lists the best learning rate tuned on the
dev set for the S2UT experiments listed in Table 4
and Table 5. All models are trained on 8 GPUs
with a total batch size of 160k tokens and dropout
of 0.3, except for Es-En experiment ID 1 which
uses 0.1.

language duration
learning mask mask channel

rate prob prob
En 10-min 0.00003 0.75 0.75
En 1-hr 0.00005 0.5 0.5
En 10-hr 0.0001 0.5 0.75

Es 10-min 0.00003 0.5 0.75
Es 1-hr 0.00003 0.5 0.25
Es 10-hr 0.00005 0.5 0.5

Fr 10-min 0.00003 0.5 0.5
Fr 1-hr 0.00005 0.5 0.25
Fr 10-hr 0.00005 0.5 0.25

Table 11: Hyper-parameters for training the speech
normalizers.

ID Es-En Fr-En En-Es En-Fr
1 0.0005 0.0003 0.0003 0.0003
2 0.0003 0.0003 0.0003 0.0003
3 0.0003 0.0003 0.0003 0.0003
4 0.0003 0.0003 0.0003 0.0003
5 0.0003 0.0003 0.0003 0.0003
10 0.0005 0.0005 0.0005 0.0005
11 0.0005 0.0003 0.0005 0.0005
12 0.0005 0.0005 0.0005 0.0005

Table 12: Learning rate for S2UT model training.

E Dev BLEU

Table 13 shows the BLEU scores on the Europarl-
ST dev sets from systems in Table 4 and Table 5.
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ID Es-En Fr-En En-Es En-Fr
1 15.4 16.0 15.9 14.7
2 18.4 17.4 19.1 15.5
3 20.5 19.8 20.5 16.2
4 21.4 21.0 20.8 17.6
5 21.6 21.1 22.0 17.8
7 22.3 20.5 21.8 18.0
10 19.0 18.7 19.8 17.2
11 20.5 20.7 20.8 17.8
12 23.8 23.7 23.8 19.3
14 23.7 23.6 25.0 20.6
16 28.6 29.1 - -

Table 13: BLEU scores on the Europarl-ST dev sets
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Abstract

Building machine learning models for natu-
ral language understanding (NLU) tasks relies
heavily on labeled data. Weak supervision has
been proven valuable when large amount of
labeled data is unavailable or expensive to ob-
tain. Existing works studying weak supervi-
sion for NLU either mostly focus on a specific
task or simulate weak supervision signals from
ground-truth labels. It is thus hard to compare
different approaches and evaluate the benefit
of weak supervision without access to a uni-
fied and systematic benchmark with diverse
tasks and real-world weak labeling rules. In this
paper, we propose such a benchmark, named
WALNUT1, to advocate and facilitate research
on weak supervision for NLU. WALNUT con-
sists of NLU tasks with different types, includ-
ing document-level and token-level prediction
tasks. WALNUT is the first semi-weakly super-
vised learning benchmark for NLU, where each
task contains weak labels generated by multiple
real-world weak sources, together with a small
set of clean labels. We conduct baseline evalu-
ations on WALNUT to systematically evaluate
the effectiveness of various weak supervision
methods and model architectures. Our results
demonstrate the benefit of weak supervision for
low-resource NLU tasks and highlight interest-
ing patterns across tasks. We expect WALNUT
to stimulate further research on methodologies
to leverage weak supervision more effectively.
The benchmark and code for baselines are avail-
able at aka.ms/walnut_benchmark.

1 Introduction

To tackle natural language understanding (NLU)
tasks via supervised learning, high-quality labeled
examples are crucial. Recent advances on large
pre-trained language models (Peters et al., 2018;
Devlin et al., 2018; Radford et al., 2019) lead to
impressive gains on NLU benchmarks, including

1WALNUT: Semi-WeAkly supervised Learning for
Natural language Understanding Testbed

Weak Rules Aggregated
Label

rule 1 rule 2 ... rule 50

Text 1 1 0 ... 1 1

Text 2 0 -1 ... -1 0

... ... ... ... ... ...

Text 1000 1 1 ... 1 1

Labels

Text 1 1

Text 2 0

Text 3 1

WALNUT

Sem
i-w

eakly Supervised 
Learning

Few Labeled Data

Weakly Labeled Data

● 8 NLU tasks with weak rules
○Doc-level classification
○ Token-level classification

● 5 clean/weak splits per task

Figure 1: WALNUT, a benchmark with 8 NLU tasks
with real-world weak labeling rules. Each task in
WALNUT comes with few labeled data and weakly
labeled data for semi-weakly supervised learning.

GLUE (Wang et al., 2018) and SuperGLUE (Wang
et al., 2019), at the assumption that large amount
of labeled examples are available. For many real-
world applications, however, it is expensive and
time-consuming to manually obtain large-scale
high-quality labels, while it is relatively easier to
obtain auxiliary supervision signals, or weak super-
vision, as a viable source to boost model perfor-
mance without expensive data annotation process.

Learning from weak supervision for NLU tasks
is attracting increasing attention. Various types
of weak supervision have been considered, such
as knowledge bases (Mintz et al., 2009; Xu et al.,
2013), keywords (Karamanolakis et al., 2019; Ren
et al., 2020), regular expression patterns (Augen-
stein et al., 2016), and other metadata such as user
interactions in social media (Shu et al., 2017). Also,
inspired by recent advances from semi-supervised
learning, semi-weakly supervised learning meth-
ods which leverage both a small set of clean la-
bels and a larger set of weak supervision (Papan-
dreou et al., 2015; Hendrycks et al., 2018; Shu
et al., 2019; Mazzetto et al., 2021; Karamanolakis
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et al., 2021; Maheshwari et al., 2021; Zheng et al.,
2021) are emerging to further boost task perfor-
mance. However, a unified and systematic evalua-
tion benchmark supporting both weakly and semi-
weakly supervised learning for NLU tasks is rather
limited. On the one hand, many existing works only
study specific NLU tasks with weak supervision,
thus evaluations of proposed techniques leverag-
ing weak supervision on a small set of tasks do
not necessarily generalized onto other NLU tasks.
On the other hand, some works rely on simulated
weak supervision, such as weak labels corrupted
from ground-truth labels (Hendrycks et al., 2018),
while real-world weak supervision signals can be
far more complex than simulated ones. Further-
more, existing weakly and semi-weakly supervised
approaches are evaluated on different data with dif-
ferent metrics and weak supervision sources, mak-
ing it difficult to understand and compare.

To better advocate and facilitate research on
leveraging weak supervision for NLU, in this paper
we propose WALNUT (Figure 1), a semi-weakly
supervised learning benchmark of NLU tasks with
real-world weak supervision signals. Following
the tradition of existing benchmarks (e.g., GLUE),
we propose to cover different types of NLU tasks
and domains, including document-level classifica-
tion tasks (e.g., sentiment analysis on online re-
views, fake news detection on news articles), and
token-level classification tasks (e.g., named entity
recognition in news and biomedical documents).
WALNUT provides few labeled and many weakly
labeled examples (Figure 1) and encourages a con-
sistent and robust evaluation of different techniques,
as we will describe in Section 3.

In addition to the proposed benchmark, in Sec-
tion 4.2 we shed light on the benefit of weak su-
pervision for NLU tasks in a collective manner, by
evaluating several representative weak and semi-
weak supervision methods for and several base
models of various sizes (e.g., BiLSTM, BERT,
RoBERTa), leading to more than 2,000 groups of
experiments. Our large-scale analysis demonstrates
that weak supervision is valuable for low-resource
NLU tasks and that there is large room for per-
formance improvement, thus motivating future re-
search. Also, by computing the average perfor-
mance across tasks and model architectures, we
show surprising new findings. First, simple tech-
niques for aggregating multiple weak labels (such
as unweighted majority voting) achieve better per-

formance than more complex weak supervision
paradigms. Second, weak supervision has smaller
benefit in larger base models such as RoBERTa, be-
cause larger pre-trained models can already achieve
impressively high performance using just a few
clean labeled data and no weakly labeled data at all.
We identify several more challenges on leveraging
weak supervision for NLU tasks and shed light on
possible future work based on WALNUT.

The main contributions of this paper are: (1) We
propose a new benchmark on semi-weakly super-
vised learning for NLU, which covers eight estab-
lished annotated datasets and various text genres,
dataset sizes, and degrees of task difficulty; (2)
We conduct an exploratory analysis from differ-
ent perspectives to demonstrate and analyze the
results for several major existing weak supervision
approaches across tasks; and (3) We discuss the
benefits and provide insights for potential weak
supervision studies for representative NLU tasks.

2 Related Work

2.1 Weak Supervision for NLU

Document-level classification Existing works
on weakly supervised learning for document-level
classification attempt to correct the weak labels
by incorporating a loss correction mechanism for
text classification (Sukhbaatar et al., 2014; Patrini
et al., 2017). Other works further assume access to
a small set of clean labeled examples (Hendrycks
et al., 2018; Ren et al., 2018; Varma and Ré, 2018;
Shu et al., 2020b). Recent works also consider
the scenario where weak signals are available from
multiple sources (Ratner et al., 2017; Meng et al.,
2018; Ren et al., 2020) to exploit the redundancy as
well as the consistency in the labeling information.
Despite the recent progress on weak supervision for
text classification, there is no agreed upon bench-
mark that can guide future directions and devel-
opment of NLU tasks in semi-weakly supervised
setting.

Token-level classification Weak supervision has
also been studied for token-level classification (se-
quence tagging) tasks, focusing on Named Entity
Recognition (NER). One of the most common ap-
proaches is distant supervision (Mintz et al., 2009),
which uses knowledge bases to heuristically an-
notate training data. Besides distant supervision,
several weak supervision approaches have recently
addressed NER by introducing various types of
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labeling rules, for example based on keywords, lex-
icons, and regular expressions (Fries et al., 2017;
Ratner et al., 2017; Shang et al., 2018; Safranchik
et al., 2020; Lison et al., 2020; Li et al., 2021).
WALNUT integrates existing weak rules into a uni-
fied representation and evaluation format.

2.2 NLU Benchmarks

Accompanying the emerging of large pre-trained
language models, NLU benchmarks has been a
focus for NLP research, including GLUE (Wang
et al., 2018) and SuperGLUE (Wang et al., 2019).
On such benchmarks, the major focus is put on ob-
taining best possible performance (He et al., 2020)
under the full training setting, which assumes that
a large quantity of manually labeled examples are
available for all tasks. Few-shot NLU benchmarks
exist (Schick and Schütze, 2021; Xu et al., 2021;
Ye et al., 2021; Mukherjee et al., 2021), however
these do not contain weak supervision. Though
research in weak supervision in NLU has gained
significant interest (Hendrycks et al., 2018; Shu
et al., 2019; Zheng et al., 2021), most of these work
either focus on a small set of tasks or simulate weak
supervision signals from ground-truth labels, hin-
dering its generalization ability to real-world NLU
tasks. The lack of a unified test bed covering differ-
ent NLU task types and data domains motivates us
to construct such a benchmark to better understand
and leverage semi-weakly supervised learning for
NLU in this paper.

Different from existing work based on crowd-
sourcing (Hovy et al., 2013; Gokhale et al., 2014)
to obtain noisy labels, we focus specifically on
the semi-weakly supervised learning setting, where
we collect tasks with weak labels obtained from
human-written labeling rules. (Zhang et al., 2021)
is concurrent work that also features weak supervi-
sion for various (not necessarily text-based) tasks
and assumes a purely weakly supervised setting,
i.e., no clean labeled data is available. In contrast,
WALNUT focuses on NLU tasks under a more-
realistic semi-weakly supervised setting and, as we
show in Section 3, a small amount of clean labeled
data plays an important role in determining the
benefit of weak supervision for a target task.

3 WALNUT

3.1 Benchmark Construction Principles

We first describe the design principles guiding the
benchmark construction.

Task Selection Criterion We aim to create a
testbed which covers a broad range of NLU tasks
where real-world weak supervision signals are
available. To this end, WALNUT includes eight
English text understanding tasks from diverse
domains, ranging from news articles, movie re-
views, merchandise reviews, biomedical corpus,
wikipedia documents, to tweets. The eight tasks
are categorized evenly into two types, namely doc-
ument classification and token classification (se-
quence labeling). It’s worth noting that we didn’t
create any labeling rules ourselves to avoid bias,
but rather opted with labeling rules which already
exist and are extensively studied by previous re-
search. Therefore, WALNUT does not include
other NLU tasks, such as natural language infer-
ence and question answering, as we are not aware
of previous research with human labeling rules for
these tasks.

Semi-weakly Supervised Learning Setting
While many previous works studied weak supervi-
sion in a purely weakly supervised setting, recent
advances in few-shot and semi-supervised learning
suggest that a small set of cleanly labeled exam-
ples together with unlabeled examples greatly helps
boosting the task performance. Though large scale
labeled examples for a task is difficult to collect,
we acknowledge that it’s rather practical to col-
lect a small set of labeled examples. In addition,
recent methods leveraging weak supervision also
demonstrate greater gains of combining a small
set of labeled examples with large weakly labeled
examples (Hendrycks et al., 2018; Shu et al., 2019;
Zheng et al., 2021). Therefore, WALNUT is de-
signed to emphasize the semi-weakly supervised
learning setting. Specifically, each dataset contains
both a small number of clean labeled instances and
a large number of weakly-labeled instances. Each
weakly-labeled instance comes with multiple weak
labels (assigned by multiple rules) and a single ag-
gregated weak label derived from weak rules. Note
that this way WALNUT can be naturally used to
support the conventional weakly supervised setting
by ignoring the provided clean labels.

Consistent and Robust Evaluation To address
discrepancies in evaluation protocols from exist-
ing research on weak supervision and to better ac-
count for the small set of clean examples per task,
WALNUT is constructed to promote systematic
and robust evaluations across all eight tasks. Specif-
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Table 1: Statistics of the eight document- and token-level tasks in WALNUT. See Section 3.2 for details.

Dataset AGNews IMDB Yelp GossipCop CoNLL NCBI WikiGold LaptopReview

Label granularity doc. doc. doc. doc. token token token token
Task topic sentiment sentiment fake NER NER NER NER
Domain news movies restaurants news news biomed web tech
# Classes 4 2 2 2 9 3 9 3
# Train-clean (|DC |) 80 40 40 40 180 60 360 150
# Train-weak (|DW |) 4,439 16,626 10,954 6,462 13,861 532 995 2,286
# Dev 12,000 2,500 3,800 1,430 3,250 99 169 609
# Test 12,000 2,500 3,800 957 3,453 99 170 800
# Weak rules 9 8 8 3 50 12 16 12

ically, for each task, we first determine the number
of clean examples to sample with pilot experiments
(with the rest treated as weakly labeled examples
by applying the corresponding weak labeling rules),
such that the weakly supervised examples can be
still helpful with the small clean examples present
(typically 20-50 per class; see Sec. 3.3 for details);
second, to consider sampling uncertainty, we re-
peat the sampling process for the desired number
of clean examples 5 times and provide all 5 splits
in WALNUT. Methods on WALNUT are expected
to be using all 5 pre-computed splits and reporting
the mean and variance of its performance.

To summarize, WALNUT can facilitate research
on weakly- and semi-weakly supervised learning
by offering the following:

• Eight NLU tasks from diverse domains;

• For each task, five pairs of clean and weakly
labeled samples for robust evaluation;

• For each individual weakly labeled example,
all weak labels from multiple rules and a sin-
gle aggregated weak label.

3.2 Task Categories
Here, we describe the eight tasks in WALNUT (Ta-
ble 1), grouped into four document-level classifi-
cation tasks (Section 3.2.1) and four token-level
classification tasks (Section 3.2.2).

3.2.1 Document-level Classification
The goal of document-level classification tasks is to
classify a sequence of tokens x1, . . . , xN to a class
c ∈ C, where C is a pre-defined set of classes. We
consider binary and multi-class classification prob-
lems from different application domains such as
sentiment classification (Zhang et al., 2015), fake
news detection (Shu et al., 2020c), and topic clas-
sification (Zhang et al., 2015). Concretely, we in-
clude the following widely-used document-level

text classification datasets: AGNews (Zhang et al.,
2015), Yelp (Zhang et al., 2015), IMDB (Maas
et al., 2011) and GossipCop (Shu et al., 2020a).

For Yelp, IMDB, and AGNews, the weak rules
are derived from the text using keyword-based
heuristics, third-party tools as detailed in (Ren et al.,
2020). For GossipCop, the weak labeling rules are
derived from social context information accompa-
nying the news articles, including related users’
social engagements on the news items (e.g., user
comments in Twitter). For example, a weak label-
ing rule for fake news can be “If a news piece has a
standard deviation of user sentiment scores greater
than a threshold, then the news is weakly labeled
as fake news. ” (Shu et al., 2020c).

3.2.2 Token-level Classification

The goal of token-level classification tasks is to
classify a sequence of tokens x1, . . . , xN to a se-
quence of tags y1, . . . , yN ∈ C ′, where C ′ is a
pre-defined set of tag classes (e.g., person or or-
ganization). As one of the most common token-
level classification tasks, Named Entity Recogni-
tion (NER) deals with recognizing categories of
named entities (e.g., person, organization, location)
and is important in several NLP pipelines, includ-
ing information extraction and question answering.

We include in WALNUT the following four
NER datasets from different domains, for which
weak rules are available: CoNLL (Sang and
De Meulder, 2003), the NCBI Disease cor-
pus (Doğan et al., 2014), WikiGold (Balasuriya
et al., 2009) and the LaptopReview corpus (Pon-
tiki et al., 2016) from the SemEval 2014 Challenge.
For the CoNLL and WikiGold dataset, we use weak
rules provided by (Lison et al., 2020). For the
NCBI and LaptopReview dataset, we use weak
rules provided by (Safranchik et al., 2020).
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Figure 2: F1 score by varying (in the x-axis) the number of clean instances per class considered in the clean training
set (DC). The importance of weak supervision is more evident for settings with smaller numbers of instances,
where the gap in performance between the “Clean” approach and “Clean+Weak” approach is larger. For a robust
evaluation across tasks, WALNUT provides five clean/weak splits per task. See Section 3.3 for details.

3.3 Dataset Pre-Processing
To construct a semi-weakly supervised learning set-
ting, we split the training dataset for each task into
a small subset with clean labels (DC) and a large
subset with weak labels (DW ). For robust evalua-
tion, we create five different clean/weak train splits
as we noticed that the model performances may
vary with different clean train instances. The vali-
dation/test sets are always the same across splits.

Because of different dataset characteristics (e.g.,
differences in number of classes, difficulty), we
choose the size for DC per dataset via pilot stud-
ies. (After having selected the instances for the
DC , we consider the remaining instances as part
of the DW split.) We defined the size of DC such
that we demonstrate the benefits of weak supervi-
sion and at the same time leave substantial room
for improvement in future research. To this end,
we compare the performances of the same base
classification model (e.g., BiLSTM), trained using
only DC (“Clean” approach) v.s. using both DC

and DW (“Clean+Weak” approach). As shown in
Figure 2, for each dataset, we choose a small size
of DC , such that the “Clean+Weak” approach has
a substantially higher F1 score than the “Clean” ap-
proach and at the same time the “Clean” approach
has no trivial F1 score.

The statistics of the pre-processed datasets in-
cluded in WALNUT are shown in Table 1.

4 Baseline Evaluation in WALNUT

In this section, we describe the baselines and eval-
uation procedure (Section 4.1), and discuss evalua-

tion results in WALNUT (Section 4.2). Our results
highlight the value of weak supervision, important
differences across different baselines, and the po-
tential utility of WALNUT for future research on
weak supervision.

4.1 Baselines and Evaluation Procedure
We evaluate several baseline approaches in
WALNUT by considering different base models
(text encoders) and different (semi-)weakly super-
vised learning methods to train the base model.

Encoder Models To encode input text, we ex-
periment with various text encoders, ranging from
shallow LSTMs to large pre-trained transformer-
based encoders (Vaswani et al., 2017). In par-
ticular, we consider a series of models with in-
creasing model size: Bi-directional LSTM with
Glove embeddings (Pennington et al., 2014), Dis-
tilBERT (Sanh et al., 2019), BERT (Devlin et al.,
2018), RoBERTa (Liu et al., 2019), BERT-large,
and RoBERTa-large. For each text encoder, a clas-
sification head is placed on top of the encoder to
perform the task. For more details on the base
model configurations see Appendix A.1.

Learning Methods Given the semi-weakly su-
pervised setting in WALNUT, we evaluate eight
supervision approaches in the following categories:

• Learning from clean labeled examples only.
The model is trained on only the small amount
of available clean examples DC , a naive base-
line method leveraging no weak supervision,
which we denote as C.
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• Learning from weakly labeled examples only.
The model is trained on all weakly labeled ex-
amples DW . To produce a single weak label
from the multiple labeling rules for training,
we aggregate the rules via two methods: ma-
jority voting (denoted by W) and Snorkel (Rat-
ner et al., 2017) (denoted by Snorkel).

• Learning from both clean and weakly labeled
examples. The model is trained with both DC

and DW in a weakly-supervised setting. The
first two baselines in this category is simply
concatenating DC and the aggregated weak
labels (from either W and Snorkel), and the
model is trained on the combination. We de-
note these two as C+W and C+Snorkel, re-
spectively. We also test three recent semi-
weakly supervised learning methods which
proposed better ways to leverage both DC

and DW : GLC which is a loss correction ap-
proach (Hendrycks et al., 2018), MetaWN
which is a meta-learning approach to learn the
importance of weakly labeled examples (Shu
et al., 2019; Ren et al., 2018) and MLC, a
meta-learning approach to learn to correct the
weak labels (Zheng et al., 2021).

To establish an estimate of the ceiling performance
on WALNUT, for each task we also train with all
clean training examples in the original dataset (de-
noted by Full Clean).

Experimental Procedure For a robust evalua-
tion, we repeat each experiment five times on the
five splits of DC and DW (clean and weak exam-
ples for each task; see Section 3.3), and report the
average scores and the standard deviation across
the five runs. In WALNUT, we report the average
micro-average F1 score on the test set.2 Datasets
and code for WALNUT are publicly available at
aka.ms/walnut_benchmark.

4.2 Experimental Results and Analysis
Table 2 shows the main evaluation results on
WALNUT. Rows correspond to supervision meth-
ods for the base model, columns correspond to
tasks, and each block corresponds to a different
base model. Unless explicitly mentioned, in the
rest of this section we will compare approaches
based on their average performance across tasks
(rightmost column in Table 2).

2For token-level F1, we use the conlleval implementation:
https://huggingface.co/metrics/seqeval

As expected, training with Full Clean achieves
the highest F1 score, corresponding to the high-
resource setting where all clean labeled data are
available. Such method is not directly comparable
to the rest of the methods but serves as an estimate
of the ceiling performance for WALNUT. Train-
ing with only limited clean examples achieves the
lowest overall F1 score: in the low-resource setting,
which is the main focus in WALNUT, using just
the available clean subset (DC) is not effective.

Weak supervision is valuable for low-resource
NLU. “W” and “Snorkel” achieve better F1
scores than “C” for many base models: even using
only weakly-labeled data in DW is more effec-
tive than using just DC , thus demonstrating that
simple weak supervision approaches can be useful
in the low-resource setting. Approaches such as
“C+W” and “C+Snorkel” lead to further improve-
ments compared to “C” and “Snorkel”, thus high-
lighting that even simple approaches for integrating
clean and weak labeled data (here by concatenating
DC and DW ) are more effective than considering
each separately.

There is no clear winner in WALNUT. Our re-
sults in Table 4.2 indicate that the performance of
weak supervision techniques varies substantially
across tasks. Therefore, it is important to evaluate
such techniques in a diverse set of tasks to achieve
a fair comparison and more complete picture of
their performance. The performance of various
techniques also varies across different splits (See
Table 14 in Appendix for variances of all exper-
iments). Interestingly, “C+W” and “C+Snorkel”
sometimes perform better than more complicated
approaches, such as GLC, MetaWN and MLC.

Larger base models achieve better overall per-
formance. We further aggregate statistics across
tasks, methods, and base models in Table 3. The
bottom row reports the average performance across
methods for each base model and leads to a consis-
tent ranking in F1 score among base models: BiL-
STM ≤ DistilBERT ≤ BERT-base ≤ RoBERTa-
base. Observing higher scores for larger trans-
former models such as RoBERTa agrees with pre-
vious observations (Brown et al., 2020). Interest-
ingly, switching from BERT-base to BERT-large
(and from RoBERTa-base to RoBERTa-large) in
base model architecture leads to marginal improve-
ment, suggesting the need to explore more effective
learning methods leveraging weak supervision.
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Table 2: Main results on WALNUT with F1 score (in %) on all tasks. The rightmost column reports the average F1
score across all tasks. (MLC is not shown for BERT-large and RoBERTa-large due to OOM.)

Method AGNews IMDB Yelp GossipCop CoNLL NCBI WikiGold LaptopReview AVG

BiLSTM (20M parameters)
Full Clean 89.4 83.1 86.4 64.5 31.9 69.9 21.8 62.6 63.7

C 79.5 56.2 59.5 50.8 00.8 58.2 15.8 42.3 45.4
W 78.0 75.2 70.8 62.0 11.1 52.3 02.7 49.4 50.2

Snorkel 79.9 75.4 76.0 61.4 06.7 52.5 02.7 49.4 52.1
C+W 82.0 75.6 70.2 64.1 17.2 56.8 15.7 51.2 52.5

C+Snorkel 82.9 75.4 66.5 62.6 07.7 59.2 10.7 53.8 52.4
GLC 56.5 72.2 63.7 60.5 05.1 58.9 08.7 55.2 47.6

MetaWN 55.2 72.7 65.5 58.2 00.0 53.9 03.4 51.6 45.1
MLC 55.3 72.3 65.7 52.5 00.0 52.5 05.9 51.5 43.7

DistilBERT-base (66M parameters)
Full Clean 92.1 88.8 93.7 75.1 88.6 75.7 79.7 75.8 83.7

C 80.8 71.2 73.1 55.3 51.4 57.7 69.5 53.0 64.0
W 72.2 75.0 70.2 70.8 66.9 62.0 57.4 53.8 66.0

Snorkel 70.2 70.7 65.9 68.4 64.3 62.9 56.3 54.0 65.1
C+W 83.3 74.8 71.5 71.4 66.9 66.2 64.0 57.3 68.5

C+Snorkel 84.3 81.7 81.8 69.1 64.6 67.8 64.4 57.5 71.4
GLC 67.8 74.1 68.1 67.3 72.4 72.8 71.7 66.8 70.1

MetaWN 70.0 74.4 69.3 70.0 65.7 64.2 58.5 58.2 66.3
MLC 70.4 74.3 69.4 69.6 69.2 66.2 58.3 58.0 66.9

BERT-base (110M parameters)
Full Clean 92.5 90.0 74.7 74.7 89.4 78.4 81.1 76.2 82.1

C 82.9 63.8 60.3 57.1 67.3 66.6 71.9 54.6 65.6
W 72.3 75.5 69.6 69.0 67.5 59.5 56.7 55.9 65.8

Snorkel 73.7 72.9 65.6 68.2 65.1 60.9 53.8 56.2 66.0
C+W 80.1 81.8 71.3 68.4 68.4 67.9 65.0 59.2 68.9

C+Snorkel 76.2 82.6 75.3 67.1 65.9 69.9 64.3 59.6 70.1
GLC 68.8 75.7 68.8 68.1 74.7 74.7 70.7 65.8 70.9

MetaWN 72.8 75.2 68.1 69.8 66.9 66.7 58.9 59.2 67.2
MLC 73.0 74.7 70.0 71.3 70.4 68.4 58.5 59.7 68.2

RoBERTa-base (125M parameters)
Full Clean 92.8 92.4 95.9 77.2 91.2 83.1 87.2 80.2 87.5

C 84.1 74.5 70.2 57.4 72.9 72.9 78.2 61.3 71.4
W 66.4 76.1 70.4 71.4 64.9 69.9 64.1 58.9 67.8

Snorkel 71.9 70.1 66.3 69.2 61.2 70.0 61.8 59.7 67.5
C+W 70.6 76.5 70.4 72.2 64.1 74.0 71.6 61.2 68.9

C+Snorkel 74.6 68.2 66.4 71.4 62.2 73.4 72.2 61.6 68.8
GLC 67.6 74.9 69.0 68.0 74.6 79.1 79.6 71.5 73.0

MetaWN 69.6 75.4 69.0 71.8 63.8 69.9 63.5 62.5 68.2
MLC 70.4 74.5 69.9 72.9 68.3 74.3 63.1 63.6 69.6

BERT-large (336M parameters)
Full Clean 92.5 91.4 94.9 73.5 90.2 80.5 82.8 78.9 85.6

C 72.5 65.4 68.4 57.8 67.2 69.7 73.9 51.1 65.8
W 68.5 75.9 70.7 69.3 65.7 62.0 57.1 54.2 65.4

Snorkel 73.3 70.9 65.8 70.0 63.6 67.3 57.2 54.4 66.5
C+W 73.4 74.8 71.8 70.2 66.7 70.7 66.9 55.7 67.6

C+Snorkel 73.6 71.3 65.9 71.3 63.6 69.7 63.4 57.2 67.0
GLC 67.1 74.6 67.3 69.8 71.8 76.1 68.1 65.4 70.0

MetaWN 71.6 74.2 67.0 70.8 64.4 70.1 53.9 45.9 64.7
RoBERTa-large (355M parameters)

Full Clean 93.1 94.4 96.9 78.5 91.3 83.5 87.7 80.4 88.2
C 86.1 69.1 84.8 69.1 76.4 77.7 77.1 60.6 75.1

W 74.3 77.7 70.5 73.2 63.6 67.4 61.2 57.3 68.2
Snorkel 75.5 72.6 67.1 69.3 61.1 68.1 61.0 59.2 67.9

C+W 71.9 77.4 70.6 71.6 63.8 71.2 70.4 60.2 68.5
C+Snorkel 74.0 69.0 66.5 73.7 61.1 71.8 69.1 62.4 68.5

GLC 67.8 75.8 68.7 64.1 56.7 80.0 78.3 68.4 70.0
MetaWN 68.6 66.2 71.1 64.6 63.2 69.5 59.3 61.5 65.5

Rules (no base model)
Rules 61.8 73.9 65.9 73.5 61.3 64.7 52.2 60.0 64.1
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Table 3: Average F1 score across the eight tasks in WALNUT. The bottom row computes the average F1 score
across tasks and supervision methods. The three right-most columns report the average F1 score across model
architectures and all tasks (“All”), document-level tasks (“Doc”), and token-level tasks (“Token”).

Base Model Architecture Average Results
Method BiLSTM DistilBERT BERT RoBERTa BERT-large RoBERTa-large All Doc Token

Full Clean 63.7 83.7 82.1 87.5 85.6 88.2 81.8 86.6 77.0
C 45.4 64.0 65.6 71.4 65.8 75.1 64.5 68.7 60.3

W 50.2 66.0 65.8 67.8 65.4 68.2 63.9 71.9 55.9
Snorkel 52.1 65.1 66.0 67.5 66.5 67.9 64.2 70.4 57.9

C+W 52.5 68.5 68.9 68.9 67.6 68.5 65.8 73.6 58.0
C+Snorkel 52.4 71.4 70.1 68.8 67.0 68.5 66.3 73.0 59.7

GLC 47.6 70.1 70.9 73.0 70.0 70.0 66.9 68.6 65.3
MetaWN 45.1 66.3 67.2 68.2 64.7 65.5 62.8 69.2 56.4

AVG 51.1 69.4 69.6 71.6 69.1 71.5

Table 4: Overall performance gain and gap of all weak supervision methods (Weak Sup, by averaging performance
of W, Snorkel, C+W, C+Snorkel, GLC, MetaWN and MLC) against no weak supervision (C) and full clean training.
Note that RoBERTa-large in included here, as the standard deviation of its performance with different splits on tasks
varies significantly (See Table 14 in Appendix) hence using its performance mean as an indicator is less conclusive.

BiLSTM DistilBERT BERT RoBERTa BERT-large AVG

Perf. gain: Weak Sup − C 3.90 4.21 2.98 -2.07 1.32 2.07
Perf. gap: Full Clean −Weak Sup 14.42 15.47 13.58 18.13 18.51 16.00

Weak supervision has smaller benefit in larger
base models. Another question that we attempt
to address in WALNUT is on whether weak su-
pervision equally benefits each base model archi-
tecture. To quantify such benefit we compare the
performance differences between models trained
using semi-weak supervision and models trained
using clean data only. The “Weak Sup” approach
in Table 4 is computed as the average F1 score
across all semi-weak supervision methods (C+W,
C+Snorkel, GLC, and MetaWN). The performance
gap between “Weak Sup” and “C” (training with
few clean data only) is smaller for larger models.
Additionally, the performance gap between “Full
Clean” (full clean data training) and “Weak Sup”
approach is larger for larger models. The two above
observations highlight that weak supervision has
smaller benefit in larger models. An important fu-
ture research direction is to develop better learning
algorithms and improving the effectiveness of weak
supervision in larger models.

Analysis of weak rules. For now, we have fo-
cused on the evaluation of base models trained
using weak labels generated by multiple weak la-
beling rules. It is interesting also to decouple the
base model performance from the rule aggregation

technique (e.g., majority voting, Snorkel) that was
used to generate the training labels, which is an es-
sential modeling component for weak supervision.
The bottom row in Table 2 (“Rules”) reports the
test performance of rules computed by taking the
majority voting of weak labels on the test instances.
(For test instances that are not covered by any rules,
a random class is predicted.) Such majority label
is available in our pre-processed datasets. Interest-
ingly, “Rules” sometimes outperforms base models
trained using weak labels (“W”, “Snorkel”). Note
however that “Rules” assumes access to all weak
labels on the test set, which might not always be
available. On the other hand, the base model learns
text features beyond the heuristic-based rules and
does not require access to rules during test time
and thus can be applied for any test instance.

For a more in-depth analysis of the rule quality,
WALNUT also supports the analysis of individ-
ual rules and multi-source aggregation techniques,
such as majority voting or Snorkel. Figure 3 shows
a precision-recall scatter plot for each rule on each
of the dataset in WALNUT. For instance, in the
CoNLL dataset rules vary in characteristics, where
most rules have a relatively low recall while there
are a few rules that have substantially higher recall
than the rest. Across datasets, we observe that rules
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(g) LaptopReview.

Figure 3: Scatterplots of precision-recall for weak supervision rules. Each point corresponds to a rule. (GossipCop
is omitted as it contains only three rules.)

have higher precision than recall, as most rules are
sparse, i.e., apply to a small number of instances
in the dataset (e.g., instances containing a specific
keyword). Similar trends are observed on other
datasets as well. For detailed descriptions of all
weak rules in all datasets, refer to Table 6 - 13 in
the appendix.

5 Conclusions

Motivated by the lack of a unified evaluation plat-
form for semi-weakly supervised learning for low-
resource NLU, in this paper we propose a new
benchmark WALNUT covering a broad range of
data domains to advocate research on leveraging

both weak supervision and few-shot clean supervi-
sion. We evaluate a series of different semi-weakly
supervised learning methods with different model
architecture on both document-level and token-
level classification tasks, and demonstrate the util-
ity of weak supervision in real-world NLU tasks.
We find that no single semi-weakly supervised
learning method wins on WALNUT and there is
still gap between semi-weakly supervised learning
and fully supervised training. We expect WALNUT
to enable systematic evaluations of semi-weakly
supervised learning methods and stimulate further
research in directions such as more effective learn-
ing paradigms leveraging weak supervision.
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A Appendix

Limitations and Broader Impact

The proposed benchmark is likely to stimulate re-
search on weakly supervised learning for NLU,
and offer the research community on weakly super-
vised learning a unified testbed for evaluating new
methodologies developed for low-resource NLU.
For many practical NLU applications, large amount
of manually labeled data is unavailable or expen-
sive to obtain due to either cost or privacy concerns,
resorting to proxy signals such as weak supervi-
sion is a viable solution to mitigate this annotation
scarce problem. We hope WALNUT would pro-
vide such an evaluation environment to advocate
progress in this direction.

Limitations. Due to the lack of existing real-
world weak supervision for many NLU tasks,
WALNUT does not include NLU tasks such as
Natural Language Inference for which it is hard to
construct weak supervision rules. Also, currently
WALNUT only considers English data; a possible
extension is to also include multi-lingual corpus
with weak supervision available to boost the per-
formance of multi-lingual language models with
weakly supervised learning.

A.1 Implementation Details

We implement all baseline experiments with Py-
Torch and each experiment runs on a single
NVIDIA GPU. Below are hyper-parameter specifi-
cations for all baseline methods (hyperparameters
not mentioned below are given default values):

• Full Clean, C, C+W, Snorkel, C+Snorkel:
Batch size is 32 for document-level classi-
fication datasets and 16 for the token-level
classification datasets. The code for Snorkel
is adapted from: https://github.com/
snorkel-team/snorkel. Each training
experiment is conducted for the 10 epochs
with the checkpoint with the best validation
performance saved for evaluation on the test
set.

• GLC: Code is adapted from https://
github.com/mmazeika/glc. Batch
size is 16 for the 4 document-level classifica-
tion datasets and 8 for the 4 token-level classi-
fication datasets. Each experiment trains for
10 epochs with the checkpoint with the best

validation performance saved for evaluation
on test set.

• MetaWN: Code is adapted from
https://github.com/xjtushujun/
meta-weight-net. Batch size is 8 for
the 4 document-level classification datasets
and 4 for the 4 token-level classification
datasets. The meta-network is a three-layer
feed-forward network with hidden dimension
of 128. Each experiment trains for 10 epochs
with the checkpoint with the best validation
performance saved for evaluation on test set.

• MLC: Code is adapted from https://
github.com/microsoft/MLC. Batch
size is 8 for the 4 document-level classifi-
cation datasets and 4 for the 4 token-level
classification datasets. The meta-network is
a three-layer feed-forward network with hid-
den dimension of 128; the label embedding
dimension used in the meta-network is 64.
Each experiment trains for 10 epochs with
the checkpoint with the best validation perfor-
mance saved for evaluation on test set.

To encode input text, we experiment with
various text encoders, ranging from shallow
LSTMs to large pre-trained transformerbased en-
coders (Vaswani et al., 2017):

• BiLSTM-based encoder: the BiLSTM imple-
mentations are all based on 50-dimensional
pre-trained glove word embeddings (Penning-
ton et al., 2014) and bi-directional LSTMs
with hidden size 128. Note that our implemen-
tation is different than other BiLSTM imple-
mentations used by previous work, which are
based on 100-dimensional word embeddings
and LSTM hidden size 300. This renders our
BiLSTM models roughly 3 times smaller than
those used by previous work, thus the num-
bers are not directly comparable. We chose a
smaller model capacity for BiLSTMs to con-
trast the performance with larger models in-
cluding DistilBERT and others to show the im-
portance of model capacity on WALNUT. Dur-
ing training, we use a learning rate of 0.005
for all BiLSTM-based models.

• Transformer-based encoders: we consider
pre-trained DistilBERT (Sanh et al., 2019),
BERT (Devlin et al., 2018), RoBERTa (Liu
et al., 2019), BERT-large, and RoBERTa-large.
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We fine-tune these models (via the hugging-
face library) using task-specific classification
heads on top of the encoder and a learning
rate of 0.00001.

B Additional Benchmark Details

B.1 Document-level classification
• AGNews: and multi-class topic classifica-

tion (world vs. sports vs. business vs.
sci/tech) on news articles from the AGNews
dataset (Zhang et al., 2015).

• Yelp: binary sentiment classification (neg-
ative vs. positive) of Yelp restaurant re-
views (Zhang et al., 2015).

• IMDB: binary sentiment classification (neg-
ative vs. positive) of IMDB movie re-
views (Maas et al., 2011).

• GossipCop: binary fake news detection (fake
vs. not fake) on news articles from the Gos-
sipCop3 fact-checking websites. The Gossip-
Cop dataset is part of the fake news detection
benchmark FakeNewsNet (Shu et al., 2020a).
(We only include the results of Gossipcop to
represent fake news classification task as the
results for Politifact are similar.)

B.2 Token-level classification
According to the BIO tagging scheme, “B,” “I,”
and “O,” represent the beginning, inside, and out-
side, of a named entity span, respectively. (Not
extracting any values corresponds to a sequence
of “O”-only tags.) Consider, for example, named
entity recognition in the CoNLL dataset:

Tokens: Barack Obama lives in Washington
Tags: B-PER I-PER O O B-LOC

• CoNLL: the CoNLL 2003 dataset (Sang and
De Meulder, 2003) contains news articles
from Reuters (split into sentences). In total,
there are 35,089 entities from 4 types: organi-
zation (ORG), person (PER), location (LOC),
and miscellaneous (MISC). Tag classes C ′:
[’O’, ’B-PER’, ’I-PER’, ’B-ORG’, ’I-ORG’,
’B-LOC’, ’I-LOC’, ’B-MISC’, ’I-MISC’]

• NCBI: the NCBI Disease corpus (Doğan
et al., 2014) contains PubMed abstracts with

3https://www.gossipcop.com/

6,866 disease mentions. Tag types: [’O’, ’B’,
’I’]

• WikiGold: the WikiGold dataset (Balasuriya
et al., 2009) contains English Wikipedia ar-
ticles that were randomly selected and man-
ually annotated with the same entity types
as CoNLL. Tag classes C ′: [’O’, ’B-PER’, ’I-
PER’, ’B-ORG’, ’I-ORG’, ’B-LOC’, ’I-LOC’,
’B-MISC’, ’I-MISC’]

• LaptopReview: the Laptop Review corpus
from the SemEval 2014 Challenge (Pontiki
et al., 2016) contains 3,012 mentions to laptop
features. Tag types C ′: [’O’, ’B’, ’I’]

Table 5 shows detailed statistics for token-level
classification datasets. More dataset statistics are
provided in Table 1. Tables 6-13 show detailed
information for all rules. Figures 4-10 show exam-
ples of weak rules for various datasets.
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Table 5: Extra token-level statistics for the token-level classification datasets.

CoNLL NCBI WikiGold LaptopReview

# train tokens 203,621 135,572 31,560 41,525
# dev tokens 51,362 23,789 3,683 9,970
# test tokens 46,435 24,219 3,762 11,884

Table 6: List of rules for the AGNews dataset. The rules are the same as the tagging rules in (Zhang
et al., 2015). The Python implementations can be found in: https://github.com/weakrules/

Denoise-multi-weak-sources/blob/master/rules-noisy-labels/Agnews/angews_rule.py

Rule name Description
1. world1 Keyword-based detection of the WORLD topic
2. world2 Keyword-based detection of the WORLD topic
3. sports1 Keyword-based detection of the SPORTS topic
4. sports2 Keyword-based detection of the SPORTS topic
5. sports3 Keyword-based detection of the SPORTS topic
6. tech1 Keyword-based detection of the TECH topic
7. tech2 Keyword-based detection of the TECH topic
8. business1 Keyword-based detection of the BUSINESS topic
9. business2 Keyword-based detection of the BUSINESS topic

Table 7: List of rules for the IMDB dataset. The rules are the same as in (Zhang et al., 2015). The Python im-
plementations can be found in: https://github.com/weakrules/Denoise-multi-weak-sources/blob/
master/rules-noisy-labels/IMDB/imdb_rule.py

Rule name Description
1. expression_nexttime Regex-based detection of POSITIVE sentiment (re-watching expressions)
2. expression_recommend Regex-based detection of POSITIVE sentiment (recommendation expressions)
3. expression_value Regex-based detection of POSITIVE sentiment (value expressions)
4. keyword_compare Keyword-based detection of NEGATIVE sentiment based on movie comparisons
5. keyword_general Keyword-based detection of POSITIVE and NEGATIVE sentiment
6. keyword_actor Keyword-based detection of POSITIVE sentiment regarding the actors
7. keyword_finish Keyword-based detection of NEGATIVE sentiment
8. keyword_plot Keyword-based detection of POSITIVE and NEGATIVE sentiment regarding the plot

Table 8: List of rules for the Yelp dataset. The rules are the same as in (Zhang et al., 2015). The Python implementa-
tions can be found in: https://github.com/weakrules/Denoise-multi-weak-sources/blob/master/
rules-noisy-labels/Yelp/yelp_rules.py

Rule name Description
1. textblob_lf Model-based detection of POSITIVE and NEGATIVE sentiment (TextBlob model)
2. keyword_recommend Regex-based detection of POSITIVE sentiment (recommendation expressions)
3. keyword_general Regex-based detection of POSITIVE and POSITIVE sentiment (general expressions)
4. keyword_mood Keyword-based detection of POSITIVE and NEGATIVE sentiment based on the user’s mood
5. keyword_service Keyword-based detection of POSITIVE and NEGATIVE sentiment relevant to the service
6. keyword_price Keyword-based detection of POSITIVE and NEGATIVE sentiment regarding the prices
7. keyword_environment Keyword-based detection of POSITIVE and NEGATIVE sentiment relevant to the ambience
8. keyword_food Keyword-based detection of POSITIVE and NEGATIVE sentiment relevant to the food
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Table 9: List of rules for the GossipCop dataset. The rules are the same as in (Shu et al., 2020a) (page 8 in
http://www.cs.iit.edu/~kshu/files/ecml_pkdd_mwss.pdf).

Rule name Description
1. mean_scores User interaction-based detection of FAKE news: If a news piece has a

standard deviation of user sentiment scores greater than a threshold τ1,
then the news is weakly labeled as FAKE news.

2. std_scores User interaction-based detection of FAKE news: If the mean value of
users’ absolute bias scores - sharing a piece of news – is greater than
a threshold τ2, then the news piece is weakly-labeled as FAKE news.

3. credibility_score User interaction-based detection of FAKE news: If a news piece has
an average credibility score less than a threshold τ3, then the news
is weakly-labeled as FAKE news.
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Table 10: List of rules for the CoNLL dataset. The Python implementation of CoNLL rules
is provided in the “skweak” repo: https://github.com/NorskRegnesentral/skweak/blob/

670fcdec680930ce3e497886d06d61e6a1f2c195/examples/ner/conll2003_ner.py

Rule name Description
1. date_detector Heuristic detection of entities of type DATE

2. time_detector Heuristic detection of entities of type TIME

3. money_detector Heuristic detection of entities of type MONEY

4. proper_detector Heuristic detection of proper names based on casing
5. infrequent_proper_detector Heuristic detection of proper names based on casing

+ including at least one infrequent token
6. proper2_detector Heuristic detection of proper names based on casing
7. infrequent_proper2_detector Heuristic detection of proper names based on casing

+ including at least one infrequent token
8. nnp_detector Heuristic detection of sequences of tokens with NNP as POS-tag
9. infrequent_nnp_detector Heuristic detection of sequences of tokens with NNP as POS-tag

+ including at least one infrequent token (rank > 15000 in vocabulary)
10. compound_detector Heuristic detection of proper noun phrases with compound dependency relations
11. infrequent_compound_detector Heuristic detection of proper noun phrases with compound dependency relations

+ including at least one infrequent token
12. misc_detector Heuristic detection of entities of type NORP, LANGUAGE, FAC or EVENT

13. legal_detector Heuristic detection of entities of type LAW

14. company_type_detector Gazetteer using a large list of company names
15. full_name_detector Heuristic function to detect full person names
16. number_detector Heuristic detection of entities CARDINAL,ORDINAL, PERCENT and QUANTITY

17. snips Probabilistic parser specialised in the recognition of dates,
+ times, money amounts, percents, and cardinal/ordinal values

18. core_web_md NER model trained on Ontonotes 5.0
19. core_web_md+c NER model trained on Ontonotes 5.0 + postprocessing
20. BTC NER model trained on the Broad Twitter Corpus
21. BTC+c NER model trained on the Broad Twitter Corpus + postprocessing
22. SEC NER model trained on SEC-filings
23. SEC+c NER model trained on SEC-filings + postprocessing
24. edited_core_web_md NER model trained on Ontonotes 5.0 + alternative postprocessing
25. edited_core_web_md+c NER model trained on Ontonotes 5.0 + alternative postprocessing
26. wiki_cased Gazetteer (case-sensitive) using Wikipedia entries
27. wiki_uncased Gazetteer (case-insensitive) using Wikipedia entries
28. multitoken_wiki_cased Same as above, but restricted to multitoken entities
29. multitoken_wiki_uncased Same as above, but restricted to multitoken entities
30. wiki_small_cased Gazetteer (case-sensitive) using Wikipedia entries with non-empty description
31. wiki_small_uncased Gazetteer (case-insensitive) using Wikipedia entries with non-empty description
32. multitoken_wiki_small_cased Same as above, but restricted to multitoken entities
33. multitoken_wiki_small_uncased Same as above, but restricted to multitoken entities
34. geo_cased Gazetteer (case-sensitive) using the Geonames database
35. geo_uncased Gazetteer (case-insensitive) using the Geonames database
36. multitoken_geo_cased Same as above, but restricted to multitoken entities
37. multitoken_geo_uncased Same as above, but restricted to multitoken entities
38. crunchbase_cased Gazetteer (case-sensitive) using the Crunchbase Open Data Map
39. crunchbase_uncased Gazetteer (case-insensitive) using the Crunchbase Open Data Map
40. multitoken_crunchbase_cased Same as above, but restricted to multitoken entities
41. multitoken_crunchbase_uncased Same as above, but restricted to multitoken entities
42. product_cased Gazetteer (case-sensitive) using products extracted from DBPedia
43. product_uncased Gazetteer (case-insensitive) using products extracted from DBPedia
44. multitoken_product_cased Same as above, but restricted to multitoken entities
45. multitoken_product_uncased Same as above, but restricted to multitoken entities
46. doclevel_voter Considers all appearances of the same entity string in the document
47. doc_history_cased Considers already introduced entities in the document (case-sensitive)
48. doc_history_uncased Considers already introduced entities in the document (case-insensitive)
49. doc_majority_cased Considers all entities in the document (case-sensitive)
50. doc_majority_uncased Considers all majority labels in the document (case-insensitive)
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Table 11: List of rules for the NCBI dataset. The rules are the same as the tagging rules in (Safranchik et al.,
2020). Python implementations: https://github.com/BatsResearch/safranchik-aaai20-code/blob/
master/NCBI-Disease/train_generative_models.py

Rule name Description
1. CoreDictionaryUncased AutoNER dictionary (biomedical entities)
2. CoreDictionaryExact AutoNER dictionary (biomedical entities, exact match)
3. CancerLike Heuristic detection of entities that are relevant to cancer
4. CommonSuffixes Heuristic detection of entities that are relevant to common diseases
5. Deficiency Heuristic detection of entities that are relevant to deficiencies
6. Disorder Heuristic detection of entities that are relevant to disorders
7. Lesion Heuristic detection of entities that are relevant to lesions
8. Syndrome Heuristic detection of entities that are relevant to syndroms
9. BodyTerms UMLS dictionary entries for terms that are relevant to body parts
10. OtherPOS Heuristic detection of parts of speech that are not relevant to any disease
11. StopWords Heuristic detection of stop words that are not relevant to any disease
12. Punctuation Heuristic detection of punctiations that are not relevant to any disease

Table 12: List of rules for the WikiGold dataset. The Python implementation of WikiGold
rules is provided in the “skweak” repo: https://github.com/NorskRegnesentral/skweak/blob/

670fcdec680930ce3e497886d06d61e6a1f2c195/examples/ner/conll2003_ner.py

Rule name Description
1. BTC NER model trained on the Broad Twitter Corpus
2. core_web_md NER model trained on Ontonotes 5.0
3. crunchbase_cased Gazetteer (case-sensitive) using the Crunchbase Open Data Map
4. crunchbase_uncased Gazetteer (case-insensitive) using the Crunchbase Open Data Map
5. full_name_detector Heuristic function to detect full person names
6. geo_cased Gazetteer (case-sensitive) using the Geonames database
7. geo_uncased Gazetteer (case-insensitive) using the Geonames database
8. misc_detector Heuristic detection of entities of type NORP, LANGUAGE, FAC or EVENT

9. wiki_cased Gazetteer (case-sensitive) using Wikipedia entries
10. wiki_uncased Gazetteer (case-insensitive) using Wikipedia entries
11. multitoken_crunchbase_cased Same as above, but restricted to multitoken entities
12. multitoken_crunchbase_uncased Same as above, but restricted to multitoken entities
13. multitoken_geo_cased Same as above, but restricted to multitoken entities
14. multitoken_geo_uncased Same as above, but restricted to multitoken entities
15. multitoken_wiki_cased Same as above, but restricted to multitoken entities
16. multitoken_wiki_uncased Same as above, but restricted to multitoken entities
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Table 13: List of rules for the LaptopReview dataset. The rules are the same as the tagging rules in (Safranchik
et al., 2020). Python implementations: https://github.com/BatsResearch/safranchik-aaai20-code/
blob/master/LaptopReview/train_generative_models.py

Rule name Description
1. CoreDictionary AutoNER dict with entries of terms that are relevant to electronics
2. OtherTerms Heuristic detection of laptop entities based on a pre-defined keyword list
3. ReplaceThe Heuristic detection of laptop entities based on the “replace the” phrase
4. iStuff Heuristic detection of laptop entities based on uppercase letters
5. Feelings Heuristic detection of laptop entities based on common expressions
6. ProblemWithThe Heuristic detection of laptop entities based on common expressions
7. External Heuristic detection of laptop entities based on common hardware expression
8. StopWords Heuristic detection of stop words that are not relevant to electronics
9. Punctuation Heuristic detection of punctuation that are not relevant to electronics
10. Pronouns Heuristic detection of pronouns that are not relevant to electronics
11. NotFeatures Heuristic detection of terms that are not relevant to laptop features
12. Adv Heuristic detection of adverbs that are not relevant to electronics
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Figure 4: Example of weak rule from the Yelp dataset (rule 6: keyword_price from Table 8).

Figure 5: Example of weak rule from the Yelp dataset (rule 1: textblob_lf from Table 8).

Figure 6: Example of weak rule from the CoNLL dataset (rule 3: money_detector from Table 10). This rule
heuristically detects entities that are relevant to money.
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Figure 7: Example of weak rule from the CoNLL dataset (rule 16: number_detector from Table 10). This rule
heuristically detects entities that are relevant to numbers.

Figure 8: Example of weak rule from the NCBI dataset (rule 3: CancerLike from Table 11). This rule heuristically
detects entities that are relevant to cancer.

Figure 9: Example of weak rule from the NCBI dataset (rule 11: StopWords from Table 11). This rule heuristically
detects stop words and assigns the ‘O’ tag to the corresponding tokens by assuming that they are not relevant to any
disease.
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Figure 10: Example of weak rule from the LaptopReview dataset (rule 5: Feelings from Table 13). This rule
heuristically detects entities that are relevant to laptop features based on keywords that express the user’s feelings.
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C Additional Results

Table 14 shows standard deviation results for all
datasets, methods, and base models. The rightmost
column responds the average standard deviation
(AVG std) across tasks, which we also reported in
Table 3.

Analysis of individual weak rules. Tables 15-
21 show performance results for each weak rule
for the datasets in WALNUT. We evaluate two
different strategies for majority voting in case of an
instance that is not covered by any rules: (1) “Strict”
counts the instance as misclassified and (2) “Loose”
assigns a random label to the instance. Most rules
have very low F1 score while there are a few rules
with a relatively high F1 score.

Figure 3 shows the precision-recall scatter plots
for each weak rule individually. (We skip the scat-
ter plot for GossipCop as it has just 3 rules.) Several
rules have relatively high precision but most rules
have very low recall.
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Table 14: Standard deviation results on WALNUT.

Method AGNews IMDB Yelp GossipCop CoNLL NCBI WikiGold LaptopReview AVG

BiLSTM
Full Clean 0.2 0.5 0.3 1.0 7.2 1.6 0.5 2.5 1.7

C 1.1 2.9 4.4 2.0 1.0 1.5 0.9 5.0 2.4
W 6.1 0.5 2.4 0.9 3.2 1.5 0.6 1.2 2.1

C+W 0.3 0.9 1.2 1.1 6.7 1.1 0.6 2.9 1.9
Snorkel 3.9 0.8 0.6 0.4 2.3 2.1 0.7 1.4 1.5

C+Snorkel 0.4 1.0 1.2 1.5 2.8 1.7 0.6 2.1 1.4
GLC 1.3 0.3 0.9 1.7 7.2 1.2 0.5 0.9 1.7

MetaWN 1.8 0.3 2.0 1.3 0.0 1.3 0.4 0.5 0.9
MLC 2.1 0.3 3.8 1.6 0.0 1.1 0.3 0.7 1.2

DistilBERT
Full Clean 0.2 0.3 0.3 1.5 0.4 0.4 0.7 3.5 0.9

C 6.2 6.8 7.4 6.4 3.6 2.0 1.3 1.7 4.4
W 3.9 1.1 1.5 1.1 0.9 1.2 0.3 2.0 1.5

C+W 0.6 0.2 0.9 1.2 0.8 1.4 0.4 3.6 1.1
Snorkel 3.0 1.6 0.6 0.5 1.1 1.5 0.4 2.2 1.4

C+Snorkel 0.7 0.5 2.0 0.8 0.9 1.9 0.4 3.6 1.4
GLC 2.8 0.5 1.5 2.0 2.1 1.8 0.2 1.5 1.5

MetaWN 1.6 1.3 0.8 2.2 1.8 1.4 0.3 0.6 1.3
MLC 2.5 0.6 0.7 1.6 1.2 1.8 0.4 2.3 1.4

BERT
Full Clean 0.1 0.5 0.2 1.0 0.6 0.5 1.0 1.8 0.7

C 0.9 8.1 5.2 1.8 1.3 0.8 1.3 2.5 2.7
W 2.7 0.5 1.1 2.2 1.2 2.8 0.9 1.8 1.7

C+W 0.4 0.6 1.4 1.5 0.9 1.4 0.8 1.5 1.1
Snorkel 2.3 3.7 1.3 0.9 1.3 3.5 1.0 1.3 1.9

C+Snorkel 1.0 0.5 0.6 0.6 1.6 1.7 0.8 2.6 1.2
GLC 1.6 0.8 2.2 2.8 2.4 1.2 0.4 1.2 1.6

MetaWN 1.1 1.0 1.0 2.4 1.6 0.5 0.3 1.4 1.2
MLC 2.0 0.8 1.3 1.4 2.1 2.8 0.2 0.4 1.4

RoBERTa
Full Clean 0.1 0.4 0.2 1.0 0.3 0.7 1.0 2.0 0.7

C 2.0 5.4 5.9 5.2 2.3 2.1 1.7 4.1 3.6
W 1.2 0.7 1.2 2.4 1.4 1.5 0.9 2.7 1.5

C+W 0.9 1.7 1.4 1.0 1.6 1.5 0.6 5.3 1.8
Snorkel 3.2 2.3 2.9 0.6 2.0 1.1 0.9 2.9 2.0

C+Snorkel 0.7 2.2 1.6 1.8 1.8 3.1 0.8 5.7 2.2
GLC 1.3 0.7 1.8 2.3 3.2 0.4 0.4 0.8 1.4

MetaWN 2.7 0.9 1.4 2.1 0.7 0.9 0.3 1.1 1.3
MLC 1.6 1.2 1.0 1.3 1.2 2.7 0.2 3.1 1.6

Method AGNews IMDB Yelp GossipCop CoNLL NCBI BC5CDR LaptopReview AVGBERT-large
Full Clean 0.1 0.4 0.3 0.6 1.0 1.4 1.2 3.1 1.0

C 22.6 3.7 5.8 3.2 4.0 2.4 2.3 3.4 5.9
W 1.1 2.4 1.2 1.4 1.2 2.0 1.1 1.0 1.4

C+W 2.1 1.6 0.9 1.8 1.6 1.9 0.9 3.8 1.8
Snorkel 2.2 1.5 0.5 1.5 0.7 4.0 1.1 1.6 1.6

C+Snorkel 0.9 1.4 0.8 1.4 1.0 4.5 1.1 2.8 1.7
GLC 2.0 0.9 1.1 1.2 1.7 1.2 0.9 2.0 1.4

MetaWN 1.9 1.0 3.9 2.0 1.5 1.0 0.9 23.0 4.4
RoBERTa-large

Full Clean 0.07 0.33 0.16 0.59 0.7 0.7 0.8 2.0 0.7
C 1.8 9.6 7.8 1.0 1.5 1.2 0.7 4.7 3.5

W 0.8 0.7 0.5 2.7 2.0 4.1 1.8 2.9 1.9
C+W 1.2 1.6 1.6 2.6 1.9 1.3 0.7 5.0 2.0

Snorkel 0.8 2.5 2.5 1.9 1.2 2.9 1.9 4.4 2.3
C+Snorkel 2.1 2.5 1.5 2.3 2.5 3.1 0.7 2.8 2.2

GLC 1.7 1.0 2.1 1.2 28.4 1.2 0.8 3.8 5.0
MetaWN 2.0 16.6 3.0 15.6 1.4 1.5 0.6 2.9 5.5
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Table 15: Performance of each rule on AGNews.

AG News
unlabeled train validation test

Rule Prec Rec F1 Prec Rec F1 Prec Rec F1 Prec Rec F1

rule 1 0.179 0.078 0.109 0.179 0.114 0.140 0.182 0.077 0.108 0.180 0.079 0.110
rule 2 0.157 0.082 0.108 0.156 0.121 0.136 0.159 0.082 0.108 0.154 0.081 0.106
rule 3 0.162 0.093 0.118 0.162 0.134 0.147 0.160 0.094 0.118 0.166 0.094 0.120
rule 4 0.192 0.011 0.021 0.192 0.018 0.033 0.192 0.012 0.022 0.193 0.011 0.021
rule 5 0.187 0.064 0.095 0.189 0.090 0.122 0.190 0.067 0.099 0.188 0.068 0.099
rule 6 0.140 0.053 0.077 0.141 0.100 0.117 0.137 0.054 0.077 0.141 0.051 0.075
rule 7 0.161 0.052 0.079 0.163 0.096 0.121 0.163 0.050 0.077 0.163 0.051 0.078
rule 8 0.136 0.114 0.124 0.138 0.168 0.152 0.134 0.113 0.123 0.137 0.118 0.127
rule 9 0.152 0.007 0.014 0.153 0.011 0.020 0.149 0.007 0.013 0.154 0.008 0.014

Majority (strict) 0.649 0.426 0.512 0.814 0.812 0.812 0.645 0.424 0.509 0.650 0.429 0.514
Majority (loose) 0.618 0.620 0.617 0.814 0.812 0.812 0.611 0.613 0.610 0.618 0.620 0.618

Table 16: Performance of each rule on IMDB.

IMDB
unlabeled train validation test

Rule Prec Rec F1 Prec Rec F1 Prec Rec F1 Prec Rec F1

rule 1 0.182 0.001 0.001 0.000 0.000 0.000 0.333 0.000 0.001 0.000 0.000 0.000
rule 2 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
rule 3 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
rule 4 0.497 0.405 0.446 0.502 0.478 0.489 0.505 0.404 0.448 0.513 0.423 0.463
rule 5 0.538 0.044 0.073 0.549 0.045 0.075 0.408 0.039 0.067 0.481 0.046 0.077
rule 6 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
rule 7 0.457 0.109 0.176 0.463 0.120 0.190 0.448 0.095 0.156 0.459 0.115 0.183
rule 8 0.655 0.006 0.012 0.644 0.004 0.009 0.630 0.008 0.015 0.667 0.008 0.015

Majority (strict) 0.495 0.426 0.457 0.749 0.745 0.745 0.501 0.423 0.458 0.511 0.448 0.476
Majority (loose) 0.708 0.707 0.706 0.749 0.745 0.745 0.710 0.708 0.708 0.740 0.739 0.739

Table 17: Performance of each rule on Yelp.

Yelp
unlabeled train validation test

Rule Prec Rec F1 Prec Rec F1 Prec Rec F1 Prec Rec F1

rule 1 0.642 0.047 0.085 0.638 0.053 0.094 0.643 0.052 0.093 0.614 0.042 0.076
rule 2 0.214 0.029 0.051 0.221 0.036 0.063 0.213 0.028 0.050 0.239 0.031 0.054
rule 3 0.501 0.328 0.371 0.504 0.393 0.419 0.514 0.338 0.381 0.492 0.324 0.367
rule 4 0.498 0.064 0.114 0.485 0.081 0.139 0.501 0.069 0.121 0.491 0.066 0.117
rule 5 0.502 0.101 0.163 0.503 0.122 0.191 0.489 0.090 0.147 0.519 0.105 0.168
rule 6 0.426 0.035 0.065 0.433 0.046 0.083 0.417 0.036 0.066 0.398 0.036 0.066
rule 7 0.486 0.044 0.081 0.484 0.053 0.095 0.509 0.044 0.081 0.479 0.039 0.071
rule 8 0.553 0.049 0.085 0.556 0.060 0.103 0.515 0.049 0.086 0.553 0.053 0.092

Majority (strict) 0.508 0.389 0.411 0.762 0.700 0.692 0.515 0.392 0.415 0.498 0.381 0.404
Majority (loose) 0.710 0.677 0.663 0.762 0.700 0.692 0.719 0.683 0.671 0.706 0.672 0.659
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Table 18: Performance of each rule on GossipCop.

GossipCop
train validation test

Rule Prec Rec F1 Prec Rec F1 Prec Rec F1

rule 1 0.632 0.629 0.627 0.614 0.610 0.607 0.629 0.627 0.625
rule 2 0.648 0.622 0.604 0.643 0.620 0.604 0.658 0.630 0.613
rule 3 0.740 0.731 0.728 0.754 0.746 0.744 0.732 0.726 0.724

majority 0.758 0.732 0.725 0.757 0.728 0.721 0.760 0.740 0.735

Table 19: Performance of each rule on NCBI.

NCBI
train validation test

Rule Prec Rec F1 Prec Rec F1 Prec Rec F1

rule 1 0.490 0.025 0.047 0.460 0.066 0.116 0.537 0.031 0.058
rule 2 0.514 0.017 0.034 0.140 0.010 0.019 0.349 0.016 0.030
rule 3 0.317 0.035 0.064 0.241 0.018 0.033 0.295 0.024 0.045
rule 4 0.875 0.219 0.350 0.911 0.118 0.208 0.807 0.172 0.283
rule 5 0.823 0.412 0.549 0.707 0.445 0.546 0.793 0.412 0.542
rule 6 0.678 0.037 0.071 0.794 0.035 0.066 0.667 0.030 0.057
rule 7 0.227 0.002 0.004 0.333 0.001 0.003 0.000 0.000 0.000
rule 8 0.250 0.001 0.001 0.000 0.000 0.000 0.000 0.000 0.000
rule 9 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
rule 10 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
rule 11 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
rule 12 0.325 0.016 0.031 0.036 0.001 0.002 0.375 0.013 0.024

Majority 0.749 0.637 0.688 0.659 0.566 0.609 0.716 0.590 0.647
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Table 20: Performance of each rule on WikiGold.

WikiGold
train validation test

Rule Prec Rec F1 Prec Rec F1 Prec Rec F1

rule 0 0.590 0.406 0.481 0.539 0.399 0.459 0.591 0.397 0.475
rule 1 0.593 0.538 0.564 0.597 0.558 0.577 0.624 0.557 0.589
rule 2 0.252 0.059 0.095 0.235 0.049 0.081 0.229 0.059 0.093
rule 3 0.226 0.060 0.095 0.193 0.049 0.078 0.211 0.061 0.095
rule 4 0.621 0.091 0.158 0.596 0.086 0.150 0.633 0.101 0.175
rule 5 0.776 0.137 0.233 0.814 0.147 0.249 0.886 0.104 0.186
rule 6 0.773 0.137 0.233 0.814 0.147 0.249 0.886 0.104 0.186
rule 7 0.576 0.092 0.159 0.542 0.080 0.139 0.587 0.099 0.169
rule 8 0.558 0.030 0.058 0.471 0.025 0.047 0.684 0.035 0.066
rule 9 0.547 0.030 0.058 0.471 0.025 0.047 0.684 0.035 0.066
rule 10 0.875 0.020 0.038 0.857 0.037 0.071 1.000 0.024 0.047
rule 11 0.862 0.020 0.038 0.857 0.037 0.071 1.000 0.024 0.047
rule 12 0.885 0.177 0.295 0.864 0.215 0.344 0.857 0.176 0.292
rule 13 0.869 0.178 0.296 0.855 0.218 0.347 0.825 0.176 0.290
rule 14 0.780 0.352 0.485 0.803 0.387 0.522 0.781 0.315 0.449
rule 15 0.758 0.353 0.482 0.768 0.387 0.514 0.727 0.312 0.437

Majority 0.490 0.564 0.524 0.488 0.558 0.521 0.490 0.560 0.522

Table 21: Performance of each rule on LaptopReview.

LaptopReview
train validation test

Rule Prec Rec F1 Prec Rec F1 Prec Rec F1

rule 1 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
rule 2 0.679 0.595 0.634 0.656 0.584 0.618 0.722 0.512 0.599
rule 3 0.667 0.003 0.006 1.000 0.004 0.008 0.500 0.003 0.006
rule 4 0.500 0.006 0.012 0.400 0.009 0.017 0.750 0.009 0.018
rule 5 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
rule 6 0.423 0.006 0.011 0.467 0.015 0.029 0.000 0.000 0.000
rule 7 1.000 0.001 0.002 0.500 0.002 0.004 0.000 0.000 0.000
rule 8 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
rule 9 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
rule 10 0.333 0.001 0.001 1.000 0.002 0.004 0.000 0.000 0.000
rule 11 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
rule 12 0.735 0.013 0.026 0.800 0.009 0.017 0.250 0.006 0.012

Majority 0.671 0.609 0.638 0.644 0.599 0.621 0.706 0.521 0.600
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Abstract

A major drawback of modern neural OpenIE
systems and benchmarks is that they prioritize
high coverage of information in extractions
over compactness of their constituents. This
severely limits the usefulness of OpenIE ex-
tractions in many downstream tasks. The util-
ity of extractions can be improved if extrac-
tions are compact and share constituents. To
this end, we study the problem of identifying
compact extractions with neural-based meth-
ods. We propose COMPACTIE, an OpenIE sys-
tem that uses a novel pipelined approach to
produce compact extractions with overlapping
constituents. It first detects constituents of the
extractions and then links them to build extrac-
tions. We train our system on compact extrac-
tions obtained by processing existing bench-
marks. Our experiments on CaRB and Wire57
datasets indicate that COMPACTIE finds 1.5x-
2x more compact extractions than previous
systems, with high precision, establishing a
new state-of-the-art performance in OpenIE.

1 Introduction

A popular domain-agnostic paradigm to structure
the raw text is open information extraction (Ope-
nIE) (Banko et al., 2007). Not relying on any pre-
defined schema, OpenIE systems typically extract
information as (subject; relation; object) triples.
The extracted information is then used in sev-
eral downstream applications, including answering
questions (Khot et al., 2017), summarizing docu-
ments (Hao et al., 2018; Ji et al., 2013), and popu-
lating knowledge bases (Fan et al., 2019).

Despite much progress, state-of-the-art neural
OpenIE systems focus on covering more informa-
tion from the input sentence often at the cost of util-
ity and compactness of the extracted triples. The ex-
tracted triples have long, over-specific constituents
(i.e. the relation and its arguments). Figure 1 illus-
trates such example triples produced by a popular

Beth is the second child of Henry, born in wedlock.

IMoJIE 
Extractions

E1: ( Beth ; is ; the second child of Henry born in wedlock )

Compact 
Extractions

E1: ( Beth ; is ; the second child of Henry )
E2: ( the second child of Henry ; born ; in wedlock )

The rest of the group reach a small shop , where the crocodile 
breaks through a wall and devours Annabelle.

IMoJIE 
Extractions

E1: ( The rest of the group ; reach ; a small shop , where the 
crocodile breaks through a wall and devours Annabelle )
E2: ( the crocodile ; devours ; Annabelle a small shop)

Compact 
Extractions

E1: ( The rest of the group ; reach ; a small shop )
E2: ( crocodile ; breaks ; through a wall )
E3: ( crocodile ; devours ; Annabelle )

Figure 1: Example sentences with non-compact triples
from IMoJIE vs. compact triples from our benchmark.
Compact triples can share constituents. Constituents
for subjects, relations and objects are indicated in blue,
green and orange, respectively.

OpenIE system, IMoJIE (Kolluru et al., 2020b).
As shown, the knowledge that the second child of
Henry was born in wedlock is embedded in a long
argument. This can be problematic for downstream
applications, especially knowledge base popula-
tion (Gashteovski et al., 2020; Stanovsky et al.,
2015) that derive power from merging multiple
pieces of information extracted about the same
entity. In contrast, the compact extractions are
more pliable for tasks such as identifying similar
facts and merging facts that share constituents. For
example, compact extractions in Figure 1 can be
merged to derive that Beth is born in wedlock.

Although some prior work (Corro and Gemulla,
2013; Gashteovski et al., 2017; Bhutani et al., 2016)
has explored the compactness of OpenIE triples,
these systems are rule-based and have been super-
seded by end-to-end neural OpenIE systems. In this
work, we study the problem of identifying compact
extractions with neural-based methods. Inspired by
(Corro and Gemulla, 2013), we define an extracted
triple to be compact if it does not contain infor-
mation that can be independently represented in
another triple. To further improve the suitability of
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compact triples for knowledge base population, we
require compact triples extracted from a sentence
to have overlapping constituents.

Existing neural systems adopt a sequence label-
ing (Kolluru et al., 2020a; Wang et al., 2021; Ro
et al., 2020) or a sequence generation (Kolluru et al.,
2020b) approach to identify triples and their con-
stituents, typically all at once, or through a pipeline
that first identifies the relations and then their corre-
sponding arguments. None of these methods guar-
antee that the extracted triples will be compact and
share constituents.

We propose a novel pipeline system for find-
ing compact triples that share their constituents.
We call our OpenIE system, COMPACTIE. To en-
courage the constituents to be shared across triples,
COMPACTIE first extracts the constituents using a
Constituent Extraction model and then links them
using a Constituent Linking model to obtain triples.

We adapt a table filling method (Wang et al.,
2021) with a new schema for identifying both con-
stituent boundaries and their roles (i.e., subject
or object). This allows the constituent extraction
model to capture interactions among constituents
and minimize ambiguities in boundary detection.
For the task of constituent linking, we train a model
that builds on contextual representations specific
to a given pair of constituents and predicts their
relation type. Such a two-step approach enables us
to optimize the models for each sub-task with dif-
ferent objectives and also promote the constituent
reuse across triples.

Existing neural OpenIE systems are trained on
benchmarks that combine extractions from multi-
ple OpenIE systems . However, no such large-scale
benchmark exists for compact triples. We develop
a new benchmark using a subset of sentences in the
OpenIE2016 benchmark (Mausam, 2016). Specifi-
cally, we develop a data processing algorithm that
targets extraction from individual clauses in a sen-
tence. Given an input sentence, it identifies clauses
and then uses OpenIE systems such as IMoJIE over
the clauses to find compact triples. We train COM-
PACTIE on the new benchmark.

Our experiments on a fine-grained benchmark,
Wire57, show that COMPACTIE outperforms exist-
ing non-neural and neural systems by 5.8 F1 pts
and 7.1 F1 pts, respectively. Manual evaluation
over a coarse-grained benchmark, CaRB, indicates
that COMPACTIE produces 1.5x-2x more compact
extractions than existing systems with comparable

precision, establishing a new state-of-the-art for the
OpenIE task1.

2 Background and Preliminaries

Given a sentence s = w1w2...wn, an OpenIE sys-
tem generates triples of the form (subject; relation;
object), where subject, relation and object are the
constituents of a triple.

2.1 Extracting Compact Triples
A recent study (Gashteovski et al., 2020) shows
that triples from modern neural OpenIE systems
are difficult to align to knowledge bases such as
DBpedia. Less than 77% of triples from neural
OpenIE systems had the same arguments as DBpe-
dia facts. In contrast, the corresponding alignment
ratio for some of the non-neural OpenIE systems
was as high as 98%. They attribute this behavior
to the specificity of the triples. A compact triple,
which does not contain complete clauses as part of
a constituent or contain additional information, is
easier to align to DBpedia. Our goal is to leverage
neural-based methods to extract compact triples.

2.2 System Architecture
We focus on extraction from individual clauses
within a sentence, where each clause includes a
subject, a verb, optionally a direct object, and
a compliment. Since extractions from different
clauses share information, we split the OpenIE task
into two sub-tasks: constituent extraction and con-
stituent linking.

The task of constituent extraction is to find a
set of constituents such that each constituent c is a
contiguous span of words c.span = {(wi, wj)}
and has a pre-defined type c.type ∈ Yc where
Yc = {Argument, Predicate}. The constituent
that takes the relation role in a triple has c.type =
Predicate, and subject and object constituents
have c.type = Argument. This schema simpli-
fies the task and provides more information to the
constituent linking model.

The task of constituent linking is to connect a
given set of Predicate constituents {p1, . . .pm}
and Argument constituents {a1, . . .an} to ob-
tain triples. We formulate this as a relation clas-
sification task where the set of relations is Yr =
{Subject, Object}. The model predicts relations
r between each px and {a1, . . .an} such that:

1Source code, benchmark dataset, and related resources are
available at https://github.com/FarimaFatahi/
CompactIE
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∃(i, j) : r(ai, px) = Subject , r(px, aj) = Object

to construct triple (ai; px; aj).

Beth was the second child of Henry born in wedlock

Beth A S N N N N N N N N

was S P O O O O O N N N

the N O A A A A A S N N

second N O A A A A A S N N

child N O A A A A A S N N

of N O A A A A A S N N

Henry N O A A A A A S N N

born N N S S S S S P O O

in N N N N N N N O A A

wedlock N N N N N N N O A A

Figure 2: Table filling based on the relation between
each pair of words in the sentence. Argument (A) and
Predicate (P) are constituent types. Subject (S) and Ob-
ject (O) declare the relation between two constituents
(N stands for no relation).

3 Approach

In this section we describe our pipeline system,
COMPACTIE. We first detail the constituent extrac-
tion model, its training constraints, and the decod-
ing algorithm in Section 3.1. Then, we describe the
constituent linking model in Section 3.2. Figure 3
shows an overview of COMPACTIE architecture.

3.1 Constituent Extraction Model

The constituent extraction model aims to find con-
stituent spans and their types in a sentence. Fol-
lowing recent progress in entity-relation extrac-
tion (Wang et al., 2021), we model this as a ta-
ble filling problem. However, we design a new
table schema for the constituent extraction task.
Figure 2 shows an example schema. A sentence
s with |s| tokens corresponds to a table T |s|×|s|

such that each cell is labeled based on the rela-
tion between the pair of words. For each con-
stituent, corresponding cells are labeled with yc ∈
{Argument, Predicate}. For relations between
different constituents, corresponding cells are la-
beled with yr ∈ {Subject, Object}. The cells
with no relations are labeled None. Graphically,
constituents are squares on the diagonal, and rela-
tions are rectangles off the diagonal.

3.1.1 Table Filling Model
Given the tabular formulation, the constituent ex-
tractor performs two tasks: a) fill the table by pre-
dicting labels for each word pair, b) extract the
constituents given the label probabilities. Follow-
ing (Wang et al., 2021), we adopt a biaffine atten-
tion mechanism, described next, to learn interac-
tions between word pairs when filling the table.
Given the input sentence s, we first obtain contex-
tual representation hi for each word using a pre-
trained language model (e.g. BERT (Devlin et al.,
2018)). We then employ two MLPs to identify
the head and tail role of the word given its vector
representation hi.

hheadi =MLPhead(hi), h
tail
i =MLPtail(hi)

Next, using the biaffine scoring function, we calcu-
late the scoring vector of each pair of words (e.g.
wi, wj) as follows:

ti,j = (hheadi )TU (1)htailj +(hheadi ⊕htailj )TU (2)+b

where U (1), U (2) are weight parameters, b is the
bias term and ⊕ denotes concatenation. Then, we
feed the score vector ti, j into a softmax function
to calculate the probability distribution of the corre-
sponding labels l ∈ Y , where Y = Yc∪Yr∪None.

P (yi,j |s) = Softmax(ti,j)

Finally, we train the 2D table to minimize the fol-
lowing training objective:

Lentry = −
1

|s|2
|s|∑

i=1

|s|∑

j=1

log(P (yi,j = Yi,j |s))

whereYi,j is the gold label for cell (i, j) in the table.

3.1.2 Training Constraints
(Wang et al., 2021) shows that structural constraints
imposed on the table during training can signifi-
cantly enhance the model. We adopt their symmetry
and implication constraints. However, we observed
that these alone are not sufficient if certain labels
are preferred over others. For example, all triples
must have a subject, but some may not have an ob-
ject. We propose a new triple constraint to further
enhance our model. In this section, we describe
the three constraints in detail. We also introduce
P ∈ R|s|×|s|×|Y | that denotes the stack of P (yi,j |s)
for all word pairs in sentence s.
Symmetry: This constraint ensures that the table
is symmetric i.e. the squares are symmetric about
the diagonal. As shown in Figure 2, this ensures
the label assigned to the (second, Henry) cell is the
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Henry

in wedlock
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(a) Constituent Extraction

(b) Constituent Linking

<Arg>  Beth  </Arg>  <Pr>  was  </Pr>  <Arg>  the second child of Henry  </Arg>  born  <Arg>  in wedlock  </Arg>

Subject Object

<Arg>  Beth  </Arg>  was  <Arg>  the second child of Henry  </Arg>  <Pr>  born  </Pr>  <Arg>  in wedlock  </Arg>

...

(Beth; was; the second child of Henry)

(the second child of Henry; born; in wedlock)

(c) Triple Outputs

ConstituentsProbability TensorEmbeddingsSentence Tokens

Figure 3: Overview of system architecture. Given the sentence: “Beth was the second child of Henry, born in
wedlock.”, the Constituent Extraction model identifies the span and type of constituents (top-right). Next, the
Constituent Linking model (b) searches for Arguments of each Predicate constituent independently. Thus,
for each of the two extracted Predicates, it modifies the input sentence by inserting typed constituent markers
(<Arg>,</Arg> to specify the start and end of arguments and<Pr>,</Pr> for predicates). Finally, the modified
sentence is fed into a classifier to find Subject and Object of each Predicate and form triples (c).

same as the cell (Henry, second). Given matrix P ,
We formulate this constraint as symmetrical loss:

Lsym = − 1

|s|2
|s|∑

i=1

|s|∑

j=1

∑

t∈Yr∪Yc
|Pi,j,t − Pj,i,t|

Implication: This constraint implies that no re-
lation would appear unless its constituents are
present in the table. This is imposed on P:
for each word in the diagonal, maximum pos-
sibility over the constituent type space Yc =
{Argument, Predicate} is not lower than the
maximum possibility for other words in the same
row or column over the relation type space Yr =
{Subject, Object}.

Limp =
−1
|s|

|s|∑

i=1

[
max
t∈Yr

(Pi,:,t,P:,i,t)−max
t∈Yc

(Pi,i,t)
]

∗
2

Triple Constraint: This constraint enables the
model to increase the likelihood of certain roles
(e.g. Subject) over the others (e.g. Object) to en-
sure the triples are valid. We enforce this constraint
on P: For each column or row corresponding to
a Predicate constituent, the maximum possibility
of off-diagonal words over Subject type is not
lower than the maximum possibility of off-diagonal
words over Object type. We formulate this con-
straint as triple loss.

2[u]∗ = max(u, 0) is the hinge loss.

Ltriple =
−1
2|ps|

∑

i∈ps

[
{max(Pi,:,O)−max(Pi,:,S}

+ {max(P:,i,O)−max(P:,i,S)}
]

where ps is union of Predicate spans in sentence.
Finally, we jointly optimize four objectives in

training: Lentry + Lsym + Limp + Ltriple

3.1.3 Decoding
Given the label probability tensor P , we need to
decode the constituents in the testing phase. We
follow a 2-step decoding procedure that finds spans
of constituents first and then assigns a label to each
span. The decoder first calculates the distance be-
tween adjacent rows and columns of the table to
find constituents’ boundaries. Next, it assigns a
type to each span and filters out any None con-
stituents before passing the output to the linking
model. The upper part of Figure 3 shows the out-
put of the decoder, which extracts two constituents
(“was”, “born”) of type Predicate and three con-
stituents (“Beth”, “the second child of Henry”, “in
wedlock”) of type Argument. We provide a de-
tailed description of the decoding algorithm in Ap-
pendix A.2.

3.2 Constituent Linking Model

The constituent linking model aims to take a
Predicate constituent and a set of Argument
constituents as input and predict a relation label
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Yr = {Subject, Object,None}. This procedure
is repeated for each predicate constituent in the sen-
tence. We formulate this as a relation classification
task where the model classifies relation labels of
given constituent pairs based on context.

Following prior work (Zhang et al., 2019; Zhong
and Chen, 2020), we modify the token sequence
of input sentence by adding marker tokens <Pr>,
</Pr>, <Arg>, </Arg> to highlight the con-
stituent spans and their types. The markers help
the linking model combine context information and
constituent information for relation classification.
As shown in Figure 3.a, two types of constituents
are extracted from the input sentence. For each
constituent of type Predicate, we modify the in-
put sentence by highlighting the location of the
Predicate and all Argument constituents. Then,
we feed this processed sentence to a pre-trained
encoder (BERT).

Next, we concatenate the output representation
of the start position of predicate p with the output
representation of the start position of argument ai:

Xr(p, ai) = hstart(p) ⊕ hstart(ai)
Finally, we feed the concatenated representation
into a multi-layer perceptron (MLP) to predict the
probability distribution of the relation type r ∈
Yr ∪None:

P (r|p, ai) =MLP (Xr)

4 Benchmark Creation

To train the constituent extraction and constituent
linking models for extracting compact triples, we
need a benchmark of compact triples. Existing
OpenIE benchmark 3 is created by combining ex-
tractions from multiple existing OpenIE systems.
Although widely adopted, we observed that it in-
cludes over-specific and sometimes incorrect ex-
tractions from previous systems. This encouraged
us to design a data processing algorithm that can
extract compact triples from scratch. Inspired by
rule-based OpenIE system (Corro and Gemulla,
2013), we find compact triples by extracting the
following clauses within a sentence:
Main Clauses are independent clauses that express
a complete concept.
Complement Clauses are subordinate clauses that
serve to complete the meaning of a verb or noun in
the sentence.

3https://github.com/dair-iitd/imojie/
tree/master/benchmark

Our Benchmark OIE2016
Total Train Valid

# Sentence 54.9k 54.5k 500 92.7k
# Triples 121.8k 120.6k 1155 190.6k

Avg. # triples per sent. 3.165 - - 2.542
Avg. constituent length 4.587 - - 7.893

Table 1: Statistics of our benchmark and OpenIE2016
benchmark.

Coordinate Clauses are independent clauses
joined to the main clause using coordinating con-
junctions such as and, or, but, etc.
We identify clauses within a sentence using its de-
pendency graph. We first build a sentence tree such
that the root is the head of the main clauses and
the first-level children are clauses modifying the
root word. We then perform a postfix traversal of
the tree until we find a sub-tree with no clausal
children. At this point, we run a standard Ope-
nIE system, IMoJIE (Kolluru et al., 2020b), over
the clause corresponding to the sub-tree to obtain
triples. We then backtrack and extract triples for
other clausal children and lastly the parent. We
provide pseudo-code of algorithm in Appendix A.
We run our algorithm on each multi-clause sentence
in the OpenIE2016 benchmark and obtain a new
benchmark tailored for extracting compact triples.
Figure 1 shows example sentences and compact
triples from this benchmark.

5 Experimental Setup

Training Dataset: We train COMPACTIE using
the benchmark described in Section 4. Table 1
compares the statistics of our new benchmark and
bootstrapped OpenIE2016 benchmark. As shown,
our benchmark has 1.25 times more extractions per
sentence than OpenIE2016 and its constituents are
more compact. We use about 1% of sentences for
validation and the remaining for training.
Comparison Systems: We compare COMPACTIE
against state-of-the-art sequence-labeling systems,
OpenIE6 (Kolluru et al., 2020a) and Multi2OIE
(Ro et al., 2020), and sequence-generation system,
IMoJIE (Kolluru et al., 2020b)). We also compare
it against traditional non-neural systems designed
for extracting compact facts: NestIE (Bhutani et al.,
2016) and MinIE (Gashteovski et al., 2017).
Evaluation Datasets and Metrics: We evaluate
the OpenIE systems both automatically and man-
ually on standardized benchmarks. For automatic
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Dataset Wire57 CaRB
Proc Orig Proc Orig

# Sentences 56 57 577 641
# Triples 309 325 2101 2715

Table 2: Statistics of evaluation datasets, Wire57 and
CaRB, before (Orig) and after processing (Proc).

evaluation, we first assess all systems with CaRB4

test and Wire57 5 datasets. Since these datasets
are not targeted for compact triples, for a fair com-
parison we exclude triples that have at least one
clause within a constituent. Table 2 shows the statis-
tics of the original and processed datasets. Each
dataset also provides its own scoring function. We
report precision (P), recall (R), and F1 computed by
these scoring functions. Wire57 contains more fine-
grained extractions than the CaRB dataset and its
scoring function is more rigorous for compact facts
since it penalizes over-specific extractions. How-
ever, both CaRB and Wire57 scoring functions are
based on token-level matching of system extrac-
tions against ground truth facts. Moreover, these
benchmarks are incomplete, meaning that the gold
extractions do not include all acceptable surface
realizations of the same fact. These drawbacks en-
couraged us to additionally perform a fact-centered
evaluation using the BenchIE (Gashteovski et al.,
2021) benchmark and scoring paradigm. Finally,
we carry out a manual evaluation on 100 sentences
to avoid bias towards different scorers.
Implementation Details: Since the schema de-
sign of the table filling model does not support con-
junctions inside constituents, we follow previous
work (Kolluru et al., 2020a) and pre-process the
sentences into smaller conjunction-free sentences
before passing them to the system.

For a fair comparison to previous work, we use
bert-based-uncased (Devlin et al., 2018) as the text
encoder for both the constituent extraction model
and constituent linking model. Each model con-
tains nearly 110M parameters. For both models, we
set the max sequence length to 512, initial learning
rate to 5e-5, weight decay to 1e-5, and the batch
size to 32. We use AdamW optimizer to fine-tune
each model. The batch size is 300 for constituent
extraction model and 20 for the constituent linking
model, both equipped with early stopping. We use
NVIDIA GeForce RTX 2080 Ti GPU to train both
models for a cumulative time of 8 hours.

4https://github.com/dair-iitd/CaRB
5https://github.com/rali-udem/WiRe57

6 Experimental Results

6.1 Automatic Token-level Evaluation
Table 3 summarizes the performance of OpenIE
systems across the CaRB and Wire57 datasets and
scoring functions. On the fine-grained Wire57
dataset with a strict Wire57 scorer, COMPACTIE
outperforms neural OpenIE systems (by 7.2 - 9 F1
pts) and non-neural systems (by 5.8 - 10.8 F1 pts).

On the more coarse-grained CaRB dataset, al-
most all OpenIE systems achieve comparable per-
formance in terms of overall F1 using the CaRB
scoring function. The neural systems still outper-
form non-neural systems in terms of F1, which is
in line with previous studies. However, neural Ope-
nIE systems are tuned based on the CaRB scoring
function and thus tend to produce extractions that
are biased towards this scoring method. Previous
works (Kolluru et al., 2020a) also report issues with
the scoring function not being able to handle con-
junctions properly. Table 7 shows the limitations of
the CaRB benchmark and scoring function through
an example. As illustrated, the set of extractions
produced by COMPACTIE is more exhaustive than
IMoJIE and ground truth extractions. However, the
CaRB scoring function assigns an F1 score of 62.0
to IMoJIE extractions, and 39.7 to COMPACTIE ex-
tractions. To resolve incompleteness of the CaRB
benchmark and potential bias towards its scoring
function, we undertake a fact-centered evaluation,
detailed in Section 6.2, and a manual evaluation,
described in Section 6.3.

6.2 Fact-centric Evaluation
(Gashteovski et al., 2021) claims that CaRB and
Wire57 benchmarks and scoring functions overes-
timate a system’s ability to extract correct facts.
They propose an alternative benchmark and evalu-
ation framework, BenchIE, that exhaustively lists
all fact-equivalent extractions and clusters them
into fact synsets. The scoring function considers
an extraction as correct, if and only if it exactly
matches any of the gold extractions from any of the
fact synsets. They report Precision, Recall, and F1
based on exact triple matching.

Table 5 shows the performance of different Ope-
nIE systems on BenchIE. As shown, COMPACTIE
outperforms all other systems except MinIE. We
found that MinIE aims to exhaustively produce
different representations of the same fact. In con-
trast, COMPACTIE follows the setup of neural Ope-
nIE systems and encourages at most one repre-
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System Wire57 CaRB
P R F1 ACL NCC RPA P R F1 ACL NCC RPA

NestIE 35.0 15.0 21.0 4.65 0.07 1.16 53.4 32.8 40.6 4.29 0.08 1.21
MinIE 31.3 30.7 31.0 4.93 0.2 1.6 35.3 50.5 41.6 4.97 0.4 1.57
IMoJIE 41.2 20.1 27.0 6.23 0.26 1.07 48.5 44.6 46.5 6.43 0.39 1.08
OpenIE6 27.7 19.4 22.8 5.98 0.66 1.14 44.3 44.5 44.4 6.26 0.56 1.29
Multi2OIE 33.4 18.9 24.1 5.54 0.42 1.05 48.2 44.5 46.3 6.06 0.42 1.08
COMPACTIE 41.4 25.8 31.8 5.23 0.05 1.37 51.3 39.9 45.0 5.08 0.07 1.32

Table 3: Performance of OpenIE systems on Wire57 and CaRB datasets. The three analytic metrics (ACL, NCC,
RPA) are discussed in Section 7.

System Precision Compactness
NestIE 49.1 (84/171) 98.8 (83/84)
MinIE 58.0 (217/374) 78.8 (171/217)
IMoJIE 90.0 (156/173) 53.2 (83/156)
OpenIE6 78.0 (210/269) 65.2 (137/210)
Multi2OIE 78.6 (151/192) 59.6 (90/151)
COMPACTIE 75.8 (175/231) 94.9 (166/175)

Table 4: Manual evaluation of OpenIE systems on
CaRB validation set. Precision indicates the percent-
age of correct extractions. Compactness indicates the
percentage of compact extractions amongst the correct
ones.

sentation per fact. As a result, MinIE produces
1.36x more extractions than COMPACTIE, achiev-
ing much higher recall than its neural counterparts.

6.3 Manual Evaluation

Limitations in the aforementioned benchmarks and
evaluation frameworks encouraged us to perform
human evaluation on triples generated by various
systems. To this end, we randomly select 100 sen-
tences from the CaRB validation set and feed them
to all systems to investigate the generated triples.
Next, we ask two graduate CS students, blind to the
OpenIE systems, to mark each triple for correctness
(0 or 1) based on whether it is asserted in the text
and correctly captures the semantic information.
They also label extractions for compactness (0 or
1). We consider an extraction compact if none of its
constituents is longer than 10 words, includes con-
junction or can be an independent extraction. We
found an inter-annotator agreement of 0.68 on cor-
rectness and 0.83 on compactness using the Cohens
Kappa metric. We report the results of the manual
evaluation in Table 4. Neural systems target infor-
mativeness, which results in high precision at the
cost of compactness. On the other hand, non-neural
systems that aim for compact triples suffer from
low precision. COMPACTIE offers a better trade-

System BenchIE
P R F1

NestIE 37.1 10.2 16.0
MinIE 42.9 27.8 33.7
IMoJIE 34.3 12.8 18.6
OpenIE6 31.1 21.4 25.3
Multi2OIE 39.2 16.1 22.8
COMPACTIE 40.3 19.0 26.2

Table 5: Performances of OpenIE systems on the
BenchIE dataset.

off between precision and compactness. It achieves
comparable precision to neural models (-6 %) while
providing substantially more compact extractions
(+36 %). Compared to the MinIE, COMPACTIE
produces triples with significantly higher precision
(+22 %) while producing a comparable number of
compact triples. NestIE achieves comparable com-
pactness rate to COMPACTIE but suffers from low
precision and total number of extractions.

7 Analysis

7.1 Compact and Overlapping Constituents
To understand the performance of COMPACTIE in
generating compact triples that share constituents,
we introduce the following metrics:
• Average Constituent Length (ACL): aver-

age length of constituents across all system-
generated triples. This is a “syntactic” measure
of compactness. The lower the ACL score, the
higher the compactness of triples.
• Number of Constituent Clauses (NCC): average

number of clauses per constituent that could be
extracted as independent triples. The lower the
NCC score, the better the compactness of triples.
• Repetitions Per Argument (RPA): number of to-

tal arguments divided by the number of unique
arguments. The higher the RPA score, the higher
fraction of total constituents produced per sen-
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tence are shared.

Table 3 summarizes the performance on these
metrics over CaRB and Wire57 benchmarks. We
do not conduct a separate analysis over BenchIE
since it uses a subset of CaRB sentences. As shown,
the ACL scores of COMPACTIE are significantly
lower than its neural counterparts and closely fol-
lows MinIE. The average constituent length (ACL)
of NestIE triples is the lowest since it breaks sen-
tences into small triples with verb, noun, preposi-
tion, and adjective mediated relations. For instance,
the sentence: “2 million people died of AIDS.” is
broken down into T1: (2 million people; died), and
T2: (T1; of; AIDS). However, its fine-grained strat-
egy greatly sacrifices F1 for compactness. COM-
PACTIE achieves the lowest NCC score which in-
dicates that the constituents in triples contain the
fewest verbal clauses. As a result, these triples are
more suitable for downstream applications such as
text summarization and knowledge-base construc-
tion than other counterparts.

Finally, high RPA scores of COMPACTIE demon-
strate the effectiveness of our approach as it enables
the system to reuse the same constituent to generate
multiple triples. MinIE achieves a slightly higher
RPA score than COMPACTIE since it extracts mul-
tiple triples to represent the same fact leading to a
higher repetition of unique constituents.

7.2 Effectiveness of Design Choices

Pipelined Approach vs. Unified Table Filling.
To compare our pipelined approach with a unified
extraction model, we follow UniRE (Wang et al.,
2021), which decodes a single table to identify
entities and relations jointly. We follow their 3-step
decoding algorithm to obtain the constituents and
links between them from the same table (with the
schema shown in Figure 2). We refer to this model
as COMPACTIEuni. We report the performances
in Table 6 and show that performance drops by
jointly training the constituent and linking model.
This aligns with the observations in recent entity-
relation extraction work that pipelined approaches
are more effective than joint models.
Effectiveness of Schema Design. Our table
schema for constituent extraction includes both
labels for constituents as well as labels to link
them. We argued that this design captures the con-
textual dependency information between the con-
stituents that boosts extraction performance. We
compare the effectiveness of this schema design to

Method Wire57 CaRB
COMPACTIE 31.8 45.0
COMPACTIEuni 17.6 35.8
COMPACTIEconst table 26.0 40.1

Table 6: Comparing F1 scores of CompactIE against
joint extraction systems.

another schema that uses only constituent labels
Yc : {Argument, Predicate} ∪None. Note that
we use the same constituent linking model to obtain
triples from the extracted constituents. We refer to
this setting as COMPACTIEconst table. Table 6 illus-
trates the performance of this system on both CaRB
and Wire57 datasets. We find that COMPACTIE
achieves significantly higher F1 compared to COM-
PACTIEconst table and conclude that incorporating
additional context in the table schema improves the
performance of the constituent extraction model.

7.3 Error Analysis

We examine COMPACTIE triples produced for 50
randomly selected sentences of the CaRB valida-
tion dataset and 20 randomly selected sentences
of the Wire57 dataset. Upon close analysis, we
identify five major sources of error:
Constituent Not Found: (49.29% ) We find that
the constituent extraction model can fail to cor-
rectly label the constituents in the table. We
found that the model gets biased towards producing
None labels due to the imbalanced distribution of
labels.
Wrong Relation Type: (28.17%) These involve
errors where the constituent linking model fails to
correctly predict the link between the constituents.
The current model encodes one sentence per pred-
icate to find its arguments. Alternatively, we can
encode one sentence per predicate-argument pair
to focus more on each relation. Relation labels in
the constituent extraction model can also assist the
linking model in predicting the correct relations.
We reserve this issue for future work.
Boundary Detection Error: (11.26%) These in-
clude errors where the decoder in constituent ex-
traction fails to correctly identify the boundaries
of the constituents. Boundary detection in con-
stituent extraction model is highly dependant on
the choice of distance threshold (α), as explained
in A.2, which limits its robustness.
Inexpressive Table Error: (7.04%) These include
errors where constituents have overlapping spans
that participate in two roles within the same extrac-
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System Subject Predicate Object F1

Gold
Applications use this service to record activity for a system
other OSIDs use the service to record data -
other OSIDs use the service to record data during analysis

IMoJIE
Applications use this service to record activity for a system

62.0
other OSIDs use the service to record data during ... analysis

COMPACTIE

Applications use this service to record activity for a system

39.7
other OSIDs use service to record data during development
other OSIDs use the service
the service record data during debugging
the service record data during analysis

Table 7: Gold, IMoJIE and COMPACTIE extractions for the sentence: “Applications use this service to record
activity for a system while other OSIDs use the service to record data during development, debugging, or analysis.”
and their CaRB F1 score that evaluates extractors triples against gold triples.

tion or two different extractions.
Less than 4.22% of the errors were because of

incorrect constituent type predictions. This indi-
cates the effectiveness of our table filling method
on constituent type detection.

8 Related Work

OpenIE has been studied extensively for over a
decade with a history of statistical and rule-based
systems (Banko et al., 2007; Fader et al., 2011;
Corro and Gemulla, 2013; Mausam et al., 2012; An-
geli et al., 2015) that extract triples from sentences
without using any training data. Recently, neural
models have been developed that are trained end-
to-end on extractions bootstrapped from previous
OpenIE systems. These can broadly be classified
into labeling-based and generation-based systems.

Labeling-based systems (Stanovsky et al., 2018;
Kolluru et al., 2020a; Ro et al., 2020) tag each word
in the sentence and construct triples in an auto-
regressive manner or by using a unique predicate
for each triple. Generation-based systems (Kolluru
et al., 2020b; Bhutani et al., 2019) use a sequence-
to-sequence model to generate triples one word
at a time. Labeling-based systems can handle re-
dundancy in extracted triples and are faster than
generation-based systems (Kolluru et al., 2020a).
Compactness in OpenIE: There has been prior
work (Bhutani et al., 2016; Gashteovski et al., 2017;
Stanovsky and Dagan, 2016; Angeli et al., 2015)
that focuses on finding compact triples and shows
that concise triples are useful in several seman-
tic tasks. However, recent studies (Léchelle et al.,
2018; Gashteovski et al., 2020) indicate that neural
OpenIE systems produce more specific triples with
additional information than conventional OpenIE
systems and are harder to align with existing knowl-
edge bases. Therefore, we focus on designing a
neural OpenIE system that extracts compact triples.

Grid Labeling: Also known as table filling, grid
labeling has been recently applied to entity relation
extraction (Gupta et al., 2016; Wang et al., 2021)
and open information extraction tasks (Kolluru
et al., 2020b). However, these models map entities
(constituents) and relations (subject, object) in a
unified label space to capture the inter-dependency
between them. (Zhong and Chen, 2020) shows
that a pipelined approach for entity and relation
extraction outperforms prior joint models that use
the same encoder for the two sub-tasks. In this
work, we validate this claim for the OpenIE task.
Furthermore, we design a grid labeling schema
that identifies constituents and their types, akin to
entities in the entity relation extraction task.

9 Conclusion

In this work we extract compact triples from sin-
gle sentences using an end-to-end pipelined ap-
proach, first extracting triple constituents using a
novel table filling model and then determining rela-
tions between them with a classifier. Our method
achieves excellent performance in producing ex-
haustive compact triples with high precision. We
hope that COMPACTIE serves as a strong baseline
and makes us re-think the value of all-at-once in-
formation extraction systems.
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A Appendix

A.1 Benchmark Creation

The Algorithm 2 gives a high-level overview of
our benchmark creation mechanism while a lot
of details and difficulties have been omitted. The
Benchmark Creation Algorithm extracts triples for
each sentence using the Algorithm 1. The OpenIE
system used to produce triples out of simple clauses
is IMoJIE (Kolluru et al., 2020b).

The following example illustrates the benchmark
creation algorithm. Given the sentence: “The
group reach a small shop, where the crocodile
breaks through a wall”, the algorithm first builds
the sentence tree as shown in Figure 4. Then, start-
ing from the root, ExtractTriple function traverses
the tree until it reaches a child (“breaks”) with no
further clausal children. At this point, a clause
for the subtree rooted at “breaks” is generated
and fed into the IMoJIE system. IMoJIE extracts
triple: (the crocodile; breaks; through a wall) out
of this clause. Then, since both children of the root
(“reach”) are processed, the IMoJIE triple of the
root’s corresponding clause is extracted as (The
rest of the group; reach; a small shop).

Algorithm 1: ExtractTriples
Data: Tree Node R
Result: Set of compact triples T
T = set() ;
for child in R.children do

if child has no clausal child then
T += IMoJIE(child.clause) ;

end
else

T+= ExtractTriples(child) ;
end

end
T += IMoJIE(R.clause) ;
return T

Algorithm 2: Benchmark Creation
Data: Sentence List S = [s1, s2, .., sn]
Result: B benchmark of compact triples for

sentences in S
B = set() ;
for sentence in S do

root = build sentence tree(sentence) ;
B += ExtractTriples(root) ;

end
return B

reach

the group a small shop

breaks

a  crocodile through a wall

subject object

subject object

Clausal Compliment

Figure 4: Sentence Tree for input sentence: “The group
reach a small shop, where the crocodile breaks through
a wall”.

A.2 Table Decoding
Following the (Wang et al., 2021) work, in the test-
ing phase, we rely on the label probability tensor
P ∈ R|s|×|s|×|Y | of the sentence s, to first extract
constituent spans, and then predict the constituent
type. Next, we describe the decoding procedure.

A.2.1 Constituent Span Detection
One important observation of the ground truth ta-
ble is that a constituent’s corresponding rows and
columns are identical (e.g., row 2 and row 3 of
Figure 2 are identical). Therefore, given the ten-
sor P , we compute the distance of adjacent rows
(and columns). If the distance is larger than a pre-
defined threshold α (which is set to 1.2), a split po-
sition is detected. This means that the two adjacent
rows (columns) belong to different constituents
or one belongs to a constituent while the other is
not. Following the (Wang et al., 2021) work, we
flatten the P tensor from both row and column per-
spectives and calculate the euclidean distance of
adjacent rows and adjacent columns. Finally, we
average these two distances as the final distance
and compare the final distance to α to find the span
of different constituents.

A.2.2 Constituent Type Detection
Given a constituent’s span (i, j), we decode the
constituent type t∗ ∈ Y , where Y = Yc ∪ Yr ∪
None, according to its corresponding square sym-
metric about the diagonal:

t∗ = argmaxt∈{Yc∪None}Avg(Pi:j,i:j,t)

Spans with predicted type t∗ ∈ Yc are regarded as
constituents and passed to the constituent linking
model.
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Abstract

As humans, we can modify our assumptions
about a scene by imagining alternative objects
or concepts in our minds. For example, we can
easily anticipate the implications of the sun be-
ing overcast by rain clouds (e.g., the street will
get wet) and accordingly prepare for that. In
this paper, we introduce a new dataset called
Commonsense Reasoning for Counterfactual
Scene Imagination (COSIM) which is designed
to evaluate the ability of AI systems to rea-
son about scene change imagination. To be
specific, in this multimodal task/dataset, mod-
els are given an image and an initial question-
response pair about the image. Next, a counter-
factual imagined scene change (in textual form)
is applied, and the model has to predict the new
response to the initial question based on this
scene change. We collect 3.5K high-quality
and challenging data instances, with each in-
stance consisting of an image, a commonsense
question with a response, a description of a
counterfactual change, a new response to the
question, and three distractor responses. Our
dataset contains various complex scene change
types (such as object addition/removal/state
change, event description, environment change,
etc.) that require models to imagine many dif-
ferent scenarios and reason about the changed
scenes. We present a baseline model based on
a vision-language Transformer (i.e., LXMERT)
and ablation studies. Through human evalua-
tion, we demonstrate a large human-model per-
formance gap, suggesting room for promising
future work on this challenging, counterfactual
multimodal task.1

1 Introduction

Anticipating what would happen when there is a
condition change in a situation is an important abil-
ity as it allows preparation for the implications of

*Equal contribution.
1Our code and dataset are publicly available at: https:

//github.com/hyounghk/CoSIm.

the change. For example, when swimming in the
sea on a clear day, you might feel safe. However, if
someone told you a storm warning has been issued
and dark clouds are coming in soon, you would
know that it is no longer safe to swim and return
to land. It will be also very useful to have AI
systems that could reason about the implications
of such scenario changes and provide appropriate
guidance/warnings; however, current AI systems
will have a hard time performing such counterfac-
tual commonsense reasoning.

Many efforts have been made to teach machines
how to reason about images (Antol et al., 2015;
Zhu et al., 2016; Johnson et al., 2017; Hudson and
Manning, 2019) and videos (Tapaswi et al., 2016;
Jang et al., 2017; Zhu et al., 2017; Lei et al., 2018).
This area has been built upon further by efforts to
teach machines to use commonsense knowledge
when analyzing visual scenes (Pirsiavash et al.,
2014; Wagner et al., 2018; Zellers et al., 2019; Park
et al., 2020). Through these efforts, many AI sys-
tems have reached near human-level performance
on scene understanding tasks. On the other hand,
more complex reasoning on scene ‘changes’ has
been less explored. Sampat et al. (2021) applies
simple condition manipulations (e.g., “Paint the
small green ball with cyan color”) on synthetic
images in a visual question answering setup. How-
ever, this task is based on simple block objects
that might not require complex implicit reasoning.
Thus, complicated counterfactual commonsense
reasoning on scene changes on real-world images
and situations remains widely unexplored.

Therefore, in this paper, we introduce a
new dataset called Commonsense Reasoning for
Counterfactual Scene Imagination (COSIM) to
evaluate the commonsense reasoning ability of
agents about counterfactual visual scenes imagined
via textual descriptions. To be specific, one data
instance in our COSIM dataset consists of an im-
age, an initial question-response pair, an imagined
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Is the railway line safe?

Yes because there are safety lights and crosswalk signs

add a train to the tracks.

New Response:  no. although there are safety lights and crossing gates, they don't appear to be 
working and there is a train coming.

Distractor #1:  yes. there are safety lights and crossing gates, they appear to be working and there is 
a train coming and it will stop.

Distractor #2:  yes. although there are safety lights and crossing gates, they don't appear to be 
working and there is no train coming.

Distractor #3: no. although there are safety lights and crossing gates, there is a power outage and 
there is a train coming.

Question / Initial Response

Change

Answer Choices

Figure 1: Example from our COSIM dataset. An image is associated with an initial commonsense question-response
pair, a described counterfactual change to the image, and a new response to the question with three distractors.

visual scene change, and a new response with three
distractors. The question is about commonsense
which can be inferred from the image and the initial
response includes a reasoning/justification for its
answer. The imagined visual scene change is a tex-
tual description of what to modify in the scene to
alter the conditions. The new response follows the
same format as the initial response, but should be
influenced by the imagined change (see Figure 1).

A model for this task needs to take this context
information as input and try to predict the correct
new response among other distractors. The distrac-
tors look similar to the correct new response but
have subtle differences and are semantically dif-
ferent from the correct new response, thus a good
model on this challenging new multimodal task
cannot take shortcuts and needs to fully understand
what each choice means based on the context. For
example, as shown in Figure 1, given an image,
the initial question-response pair (“Is the railway
line safe?” - “Yes because there are safety lights
and crosswalk signs”), and the scene change (“add
a train to the tracks.”), models should choose the
correct new response (“no. although there are
safety lights and crossing gates, they don’t appear
to be working and there is a train coming.") among
other distractors (“no. although there are safety
lights and crossing gates, there is a power outage
and there is a train coming.”, etc.). To solve this
problem, models need to be able to understand the
implications of an incoming train and how safety
lights and gates operate at a railroad crossing.

We collect 3.5K high-quality and challenging
data instances for this new multimodal reasoning
task via a crowd-sourcing annotation platform. To
collect each data instance and to help reduce in-
dividual crowd-worker load, we break the task up
into three separate phases: the question collection

phase, the scene change collection phase, and the
distractor collection phase. During the distractor
collection phase, to help avoid unexpected biases
such as text-only, we implement a modified version
of Human-And-Model-in-the-Loop Enabled Train-
ing (HAMLET) adversarial data collection (Nie
et al., 2020) for the validation and test splits. We
deploy the model trained on only the textual data
and allow annotators to test their distractors against
the model as they write (see Figure 2).

Our COSIM dataset features several diverse
types of imagined scene changes (object addi-
tion/removal, object state changes, etc.; see Sec. 5.2
for the full change type list and examples) which
requires to deeply understand the contexts, making
the task very challenging. For example, to under-
stand the scene change of “Add another person to
the dock ...”, the model should figure out what a
dock is, where it is located in the image and be able
to add one more person onto it via imagination.

As a baseline model for this new multimodal rea-
soning task, we employ a vision-language Trans-
former (based on LXMERT (Tan and Bansal,
2019)) which computes vision and language feature
matching scores via multi-head self-attention layers
followed by cross-modal attention layers, and we
report ablation studies on input modality and scene
change types. We also show a large human-model
performance gap allowing more effective future
work from the community on this new challenging
multimodal task on commonsense reasoning for
imagined counterfactual scene changes.

2 Related Work

Visual Question Answering. There have been
many efforts to teach machines how to reason about
images (Antol et al., 2015; Zhu et al., 2016; John-
son et al., 2017; Hudson and Manning, 2019) and
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videos (Tapaswi et al., 2016; Jang et al., 2017; Zhu
et al., 2017; Lei et al., 2018), and in some of these
tasks, machine performance is approaching human
levels. Although these tasks require a complicated
reasoning process, they provide very explicit con-
text to solve the problems and might not be enough
to evaluate the ability to reason about implicit as-
pects (i.e., commonsense).

Visual Commonsense Reasoning. Another ac-
tively explored line of study has been on visual
commonsense reasoning (Pirsiavash et al., 2014;
Wagner et al., 2018; Zellers et al., 2019; Park et al.,
2020). In addition to using the provided clues
in the context, these tasks require commonsense
knowledge to reason about given problems, mak-
ing these tasks more challenging since machines
should be equipped with prior or external informa-
tion. However, these tasks handle static scene un-
derstanding for which contexts and conditions are
not changed during the reasoning process. On the
other hand, our proposed COSIM introduces an ad-
ditional dimension of difficulty by integrating imag-
ined scene changes in the context. Moreover, the
changes in our COSIM dataset are imagined (tex-
tually) and counterfactual, so imagination-based
commonsense is required for the reasoning.

Textual Scene Change. Recent effort has been
made on visual understanding by requiring mental
simulation of changes to the scene (Sampat et al.,
2021). These tasks require simulating change with-
out any visible result, hence increasing the diffi-
culty of VQA tasks. They, however, have been
completed in the simpler context of basic shapes
and objects and simple questions (E.g. “How many
blue objects will be present in this scene?”). Our
COSIM dataset is based on complex real-world im-
ages/situations requiring commonsense reasoning
about imagined counterfactual scene changes, al-
lowing for evaluation of the ability to anticipate the
implications of complex situation changes, thus,
future events.

3 Task

Given a real-world image, models should predict
a new response conditioned on the initial question-
response pair and the imagined counterfactual
scene change.

Initial Question and Response. The initial
question-response pair is created only from a given
image. The question and response themselves re-
quire quite an amount of commonsense reasoning

Model

Pass
Fail

Annotator

Val / Test
Feedback

Data Instance + Distractors

1

2

3
4

Figure 2: HAMLET cycle for distractor collection on
validation and test splits.

to understand. For example, to understand the re-
sponse to the question in Figure 1 (“Is the railway
line safe?”), models should know that the ‘safety
lights’ and ‘crosswalk signs’ are devised for keep-
ing people safe around the railway (“Yes because
there are safety lights and crosswalk signs”).

Imagined Counterfactual Scene Change. The
imagined counterfactual scene change is a textual
description that modifies the scene in the image.
The change affects the reasoning process of the
initial question and response, and provides a new
context for the new response (“add a train to the
tracks.”).

Response on the Scene Change. Models should
respond to the initial question with a proper rea-
son based on the imagined counterfactual scene
change.2 The task is a multi-choice setup to pick
the correct response among other distractors (“no.
although there are safety lights and crossing gates,
they don’t appear to be working and there is a
train coming.”). To choose the correct response,
models should understand what the implications
and safety concerns of an incoming train are and
that the safety lights should be turning on and the
crossing gates should be closing when a train is in
proximity.

4 Dataset

Our COSIM dataset is composed of 3.5K3 images
paired with a commonsense question-response pair,
a description of an imagined counterfactual change
to the image, a new response to the question based
on the effect of the described change, and then
three distractor responses to the question (all text
is in English).

2Models should derive scene knowledge from the image or
clues embedded in the textual context like the initial response.

3Low resource setup of this middle-scale size dataset en-
courages employing effective external commonsense knowl-
edge.
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We employ annotators from the crowd-sourcing
platform Amazon Mechanical Turk4. Our data col-
lection is broken into three separate phases (ques-
tion, change, and distractor) in order to reduce the
workload for each worker. In the question phase,
workers are asked to select an image (from three
random images) to use, write a commonsense ques-
tion and then respond to it. In the change phase,
they are asked to describe a counterfactual scene
change for the image and then write a new response
to the initial question. Lastly, in the distractor
phase, they are asked to write three distractor re-
sponses for the question.

Commonsense Question Collection. To collect
the initial question and response, we present three
images to the workers and then ask them to choose
the one that they want to use (images are taken
from Visual Genome (Krishna et al., 2017)). Then
using that image, they should come up with a com-
monsense question about the image. We define a
commonsense question as a question that requires
logical thought and understanding of what is hap-
pening in the image to be able to answer. Then
workers are asked to write a response to their ques-
tion (the initial response). A response consists of
two parts, an “answer” that is a direct answer to
the question (e.g. “Yes, ...”) and then a “justifica-
tion” that uses visual clues from the image to prove
the answer is correct (e.g. “..., because everyone
is wearing shorts and short-sleeved shirts and a
woman can be seen wearing sunglasses.”). See
Appendix for the collection interface.

Counterfactual Scene Change Collection. In
this phase, workers are given the image chosen
from the previous commonsense question collec-
tion phase and the corresponding initial common-
sense question-response pair. Then workers are
asked to describe a counterfactual scene change
for the image and write a new response to the
question based on that scene change (the new re-
sponse). To help ensure that workers describe a
reasonable counterfactual scene change, we pro-
vide two guide templates for them to follow when
they write. Workers are asked to select the guide
template that they believe makes the most sense for
them to use for each data instance (see Appendix
for collection interface and guide template details).

Distractor Collection. Workers are given the im-
age, the initial commonsense question-response

4https://www.mturk.com

pair, as well as the counterfactual scene change and
new response. Then they are told to write three
distractor responses that are similar to the new re-
sponse but incorrect. To help ensure the distractors
pose a challenge but are still distinct, we pre-fill the
worker’s textboxes with the new response. Then
they are told to edit the text enough so the answers
become false and distinct.

HAMLET Data Collection. To avoid having un-
expected biases such as context+response bias in
our textual data, when collecting distractors for the
validation and test splits, we implement a HAM-
LET style collection (see Figure 2). We deploy
the model trained only with textual data and allow
workers to test their distractors directly against the
model in real-time and check whether they are able
to fool it. Workers are also permitted to edit the
new response from the previous collection phase if
it helps make distractor writing better (they must
maintain the original meaning/intent of the new
response if they choose to edit).

Data Verification. At each collection phase, we
ask workers to verify the previous phase’s work. If
the previous set of work is not good, workers are
given a place to flag and describe the reason for
flagging. This reasoning is manually reviewed and
if it is fair, then that data is removed and prevented
from progressing to the next phase.

Worker Qualifications and Payment. For all 3
phases, workers are required to pass certain qual-
ifications before they could begin. As all of the
phases require reading and writing English, they
were required to be from native English-speaking
countries. Workers were also required to have at
least 1,000 approvals from other tasks and a 95%
or higher approval rating. Then for each phase, we
require workers to pass a qualification test that tests
their understanding of their task at each phase. See
Appendix for worker totals and pay (+bonus) rates.

5 Data Analysis

We collect 3.5K task instances (3.5K images, ini-
tial questions-response pairs, scene changes, new
responses, and 10.5K distractors).

5.1 Statistics

Length. Lengths of each part of the data instances
are shown in Table 1. While the lengths of ques-
tions are relatively short, the lengths of responses
and the changes are long. This means that question
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Object Addition

“Add snow and ice to the road. Add a bus.
Place the person inside the bus.”

Object Relocation

“... move the skateboarder much higher up in
the air ... move the skateboard further away from
the skateboarder so they can not land with the
board.”

Object Removal

“Remove all the kites and the unfurled sail.
Add some people in the foreground with long
hair. Have their hair blowing horizontally ...”

Complex Change

“remove the bowls and towels. Add plates of hot
food to the counter. the bowl on the stove has
steam rising from it.”

Figure 3: Scene change examples from our COSIM dataset. The relevant portions of the change are in italics.
Complex changes contain three or more changes within them (this example contains Object Removal, Object
Addition, Object State Change).

Component max. min. avg. sd.
Question 22 3 7.6 3.03
Initial Response 59 4 18.62 8.06
Scene Change 127 3 16.08 13.01
New Response 109 5 23.38 12.40
Distractor 111 5 23.57 12.40

Table 1: In our COSIM dataset, each part has a different
length according to its role and contained information.

itself does not contain detailed clues and models
should figure out which information is needed to
answer the question. On the other hand, the long re-
sponses contain reasons to justify their answers and
require models to deeply understand the reasoning
process to solve the problem. Furthermore, models
should also carefully read the long textual scene
change to capture all the condition modifications
and apply them to images.

Vocabulary. Among all data instances in our
COSIM dataset, there are 9,946 total unique words.
Within the commonsense questions, initial re-
sponses, scene changes, new responses, and the
distractors, there are 3,261 / 4,397 / 4,637 / 5,318 /
6,404 unique words, respectively. The unique word
count reflects what is shown by the lengths. Ques-
tions are on average the shortest part of each data in-
stance and they have the fewest unique words. The
new responses and distractors have long lengths
and high unique word counts. The high unique
word count for the distractors shows their diversity.
Figure 4 shows the most commonly occurring key-
words in our dataset. Many of the words are related
to people and directional positioning.

5.2 Scene Change Type.

Different imagined scene change types are present
in our COSIM dataset. Imagined scenes changes
describe a change (with counterfactual thought) to

Number of changes present Frequency
1 34.70%
2 35.82%
3 21.39%

Greater than 3 8.08%

Table 2: Frequency of number of change types present
per instance (from the validation split).

the image by applying various properties. Some
of these scene change types include object addi-
tion/removal, object state changes, environment
changes, etc. (see Figure 3 for some scene change
types and their examples; see Appendix for a figure
with a complete list of all the types with examples).
These scene change types, while they are seemingly
easy to visualize, require a complex understanding
of the effect of the change on other elements in the
scene. See Figure 5 for type frequencies.

Human/Object Addition. These two scene
change types involve introducing new hu-
man(s)/object(s) into the image that was not there
prior (“A bunch of old men are standing next to
the birds ...” / “There are tears in his eyes ...”).
The object addition scene change type is the most
commonly appearing one.

Human/Object Removal. These two scene change
types involve removing human(s)/object(s) that are
visible in the image (“... remove the workers ...” /

“Remove the two people’s coats”).

Object Replacement. This scene change type in-
volves removing object(s) from the image and re-
placing them with something else (“... replace the
plates of fruit by plates of dog biscuits ...”).

Object Relocation. This scene change type in-
volves re-positioning object(s). Rather than chang-
ing it directly, this type changes its relation to other
objects (“space the zebras out. move them a little
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Figure 4: Most commonly occurring keywords in our
COSIM dataset. Many of them are related to people and
directional positioning.

further away”).

Object State Change. This scene change type
involves altering the state of object(s) present in
the image (“... change her luggage to all have a
Burberry pattern ...”). The alteration of object(s)
can occur in various forms such as changing color,
size, shape, and orientation (e.g., opening a door).

Event Description. This scene change type in-
volves the creation of an event or a description of
motion or interaction between objects in the image.
This type includes human actions and changes to
human emotions (“A pack of lions are approaching
the sheep.”).

Environment Change. This scene change type
involves changes that cause large-scale changes to
the entire environment either by drastically altering
the current environment, creating a new environ-
ment, or causing changes in the weather (“there is
very thick dust everywhere”).

Complex Changes. We define a complex change
as a change that contains three or more different
scene change types. For example, “someone is
throwing snow ball at her” this change introduces
a new human, a new object, and defines an inter-
action between all these and involves someone al-
ready present in the image. These complex changes
require much thought to understand their full effect
and implications. Complex changes make up about
30% of our dataset. See Table 2 for change types
per instance statistics.

6 Models

We employ a vision-language Transformer as the
base architecture of our baseline model for the
COSIM task. To be specific, we use LXMERT (Tan
and Bansal, 2019) to compute the score of each
context-response pair given an image feature, and
select one with the highest score among them.

We employ Faster R-CNN (Ren et al.,

Figure 5: Frequencies of the change types in our COSIM
dataset (from the validation split).

2015) to extract object-level visual features
O = {o1, o2, ..., oNO} and bound boxes
B = {b1, b2, ..., bNO} from an image I , where NO

is the number of detected object features. For tex-
tual feature encoding we use BERT (Devlin et al.,
2019) as it is used in LXMERT. We concatenate all
the textual data, i.e., question Q = {q1, ..., qNQ},
initial response Ri = {ri1, ..., riNRi}, scene
change C = {c1, ..., cNC}, and new response
Rn = {rn1, ..., rnNRn} along with [CLS]
and [SEP] tokens to create a sequence W =
{[CLS], Q, [SEP], Ri, [SEP], C, [SEP], Rn, [SEP]}
where NQ, NRi , NC , and NRn are the lengths of
question, initial response, scene change, and new
response, respectively.

O,B = FRCNN(I) (1)

Ô = LinearO([[V-TokO];O]dim=t) (2)

B̂ = LinearB([[V-TokB];B]dim=t) (3)

V̂ = LinearOB([Ô; B̂]dim=f) (4)

L = Emb(W ), L̂ = TFL(L) (5)

where LinearO, LinearB , and LinearOB are linear
layers. [V-TokO] and [V-TokB] are visual token at-
tached to object and bounding box sequences (like
[CLS] for a language sequence), respectively, and
[; ]dim=t is concatenation operation along the token-
dimension and [; ]dim=f is along feature-dimension.
TFL is a language Transformer (Vaswani et al.,
2017) which consists of self-attention layers. The
ith attention head in the lth layer ai,l is computed
this way:

ai,l = Softmax(
QK⊤√
dh

)V (6)

Q =W q
l Hl−1, K =W k

l Hl−1, V =W v
l Hl−1

(7)

Hl = [a0,l; a1,l; ...; aNA,l] (8)

where W q
l , W k

l , and W v
l are trainable parameters,

NA is the number of attention head, and dh is the
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Text EncoderVisual Encoder

Self- Attention / Cross-Attention

Matching Layer

…

[CLS] Is this refrigerator new ? [SEP] Yes, ... red 
tape around the refrigerator indicating that it is 
brand new. ... a wooden crate. [SEP] There is no 
red tape and not on wooden crate, but there is 
plastic cover ... [SEP] Yes, the fridge is fully 
covered by plastic cover, so it is new. [SEP]

Question: Is this refrigerator new ?
Original Answer: Yes, as you can see a red tape around the 
refrigerator indicating that it is brand new. Also the prod-
uct is on a wooden crate.

Change: There is no red tape and not on wooden crate , 
but there is plastic cover on the fridge everywhere .
New Answer: Yes, the fridge is fully covered by plastic 
cover, so it is new.

Distractor #1: No, the fridge is fully covered by plastic cover 
because the owner is moving it to somewhere else.
Distractor #2:  No, the fridge is fully covered by plastic 
cover because the owner wants to protect the paint that is 
falling o!.
Distractor #3: Yes, the fridge is fully covered by plastic cover 
and it is on wooden stack, so it is new.

Question: Is this refrigerator new ?
Original Answer: Yes, as you can see a red tape around the 
refrigerator indicating that it is brand new. Also the prod-
uct is on a wooden crate.

Change: There is no red tape and not on wooden crate , 
but there is plastic cover on the fridge everywhere .
New Answer: Yes, the fridge is fully covered by plastic 
cover, so it is new.

Distractor #1: No, the fridge is fully covered by plastic cover 
because the owner is moving it to somewhere else.
Distractor #2:  No, the fridge is fully covered by plastic 
cover because the owner wants to protect the paint that is 
falling o!.
Distractor #3: Yes, the fridge is fully covered by plastic cover 
and it is on wooden stack, so it is new.

Question: Is this refrigerator new ?
Original Answer: Yes, as you can see a red tape around the 
refrigerator indicating that it is brand new. Also the prod-
uct is on a wooden crate.

Change: There is no red tape and not on wooden crate , 
but there is plastic cover on the fridge everywhere .
New Answer: Yes, the fridge is fully covered by plastic 
cover, so it is new.

Distractor #1: No, the fridge is fully covered by plastic cover 
because the owner is moving it to somewhere else.
Distractor #2:  No, the fridge is fully covered by plastic 
cover because the owner wants to protect the paint that is 
falling o!.
Distractor #3: Yes, the fridge is fully covered by plastic cover 
and it is on wooden stack, so it is new.

Question: Is this refrigerator new ?
Original Answer: Yes, as you can see a red tape around the 
refrigerator indicating that it is brand new. Also the prod-
uct is on a wooden crate.

Change: There is no red tape and not on wooden crate , 
but there is plastic cover on the fridge everywhere .
New Answer: Yes, the fridge is fully covered by plastic 
cover, so it is new.

Distractor #1: No, the fridge is fully covered by plastic cover 
because the owner is moving it to somewhere else.
Distractor #2:  No, the fridge is fully covered by plastic 
cover because the owner wants to protect the paint that is 
falling o!.
Distractor #3: Yes, the fridge is fully covered by plastic cover 
and it is on wooden stack, so it is new.

[V-Tok]

[CLS][V-Tok]

Matching Score

Question: Is this refrigerator new ?
Original Answer: Yes, as you can see a red tape around the 
refrigerator indicating that it is brand new. Also the prod-
uct is on a wooden crate.

Change: There is no red tape and not on wooden crate , 
but there is plastic cover on the fridge everywhere .
New Answer: Yes, the fridge is fully covered by plastic 
cover, so it is new.

Distractor #1: No, the fridge is fully covered by plastic cover 
because the owner is moving it to somewhere else.
Distractor #2:  No, the fridge is fully covered by plastic 
cover because the owner wants to protect the paint that is 
falling o!.
Distractor #3: Yes, the fridge is fully covered by plastic cover 
and it is on wooden stack, so it is new.

Figure 6: The full model computes the matching scores
between [V-Tok] token feature and each [CLS] token
feature of the response candidates (a ground-truth re-
sponse and three distractors), and selects the highest one
as a final prediction.

dimension of each attention head. Then, V̂ and
L̂ are fed to the cross-attention layers: V̄ , L̄ =
TFX(V̂ , L̂), where TFX is cross-attention layers
of vision and language Transformer which consists
of self-attention layers as well as cross-attention
layers. Scores are computed between visual feature
and each of the 4 language features (1 ground-truth
and 3 distractors) pair: sk = Linear(V̄0 ∗ L̄k,0),
where ∗ is the element-wise product, V̂0 is the vi-
sual token (i.e., [V-Tok]) that is attached in the
input layer, and L̂k,0 is the first token (i.e., [CLS])
of k-th language feature. The model compares the
4 scores to select the pair with the highest score as
the final answer. The loss is computed by cross-
entropy: L = −∑N

j log p(s∗j ), where s∗j is a score
for the ground-truth pair.

7 Experiments

Data Splits. We split the dataset into
1,924/800/800 (train/val/test).

Training Details. We use 768 as the hidden size
and use Adam (Kingma and Ba, 2015) as the op-
timizer, setting the learning rate to 1× 10−5. See
Appendix for more details.

Human Upper Bound Evaluation Setup. We
conduct a human evaluation of our COSIM task to
estimate the upper bound that models can reach.
We take 50 samples from the validation split and
ask two experts to complete the task and average
their scores.

Scene Change Types. We collect the type of the
Scene Change for the validation set. Two experts
are shown each change and then asked to label it
into one or more types. See Figure 5 for the change

Model
Accuracy (%)
Val Test

1 Response-Only 38.37 -
2 TC-Response 44.62 -
3 Full (Image-TC-Response) 49.25 40.87
4 Human 98 -

Table 3: Model results. Human performance is quite
high, showing large room for model improvement (TC:
Textual Context). We only include the test performance
for the full final model based on standard practice of not
reporting ablations on test split.

Scene Change Type Accuracy (%)
1 Object Addition 46.41
2 Object Removal 37.87
3 Object Replacement 43.59
4 Object Relocation 48.72
5 Object State Change 51.70
6 Human Addition 56.40
7 Human Removal 42.10
8 Environment Change 52.70
9 Event Description 51.56

Table 4: Model performance on different change types.
While the model generally shows balanced scores over
all scene change types, the performance on removal
types seems to be lower than addition types.

types.

Multi-Task / Contrastive Learning. To exploit
extra commonsense reasoning information, we
explore multi-task learning (MTL) with a large-
scaled visual commonsense reasoning dataset,
VCR (Zellers et al., 2019) dataset through alter-
nating mini-batch training. In one mini-batch, the
model is trained on our COSIM dataset, and in the
next, the model is trained on the VCR dataset, and
so on. Also, we try contrastive learning to explore
potential improvement. Specifically, we compute
matching scores between each visual token and
[CLS] token of each ground truth text feature in a
mini-batch, and compute contrastive loss.

8 Results

Modality Ablation. We build models with differ-
ent input modalities and conduct an ablation study.
As shown in Table 3, the Response-Only model
(which only takes the new response/distractors as
input) does not do well (row 1). The TC-Response
model (which takes all text data as input) obtains a
better score than the Response-Only model (row 1
and 2), but still performs poorly. The Full model
(which takes the full image and text data as input)
does best (row 3), meaning models need all the
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Number of Scene Change Types Accuracy (%)
1 52.35
2 46.34

3 or more 49.15

Table 5: Model performance on different numbers
of change types, showing instances with single scene
change type are relatively easier.

Model Accuracy (%)
1 MTL with VCR 47.37
2 Contrastive Learning 49.50

Table 6: Model performance on multi-task and con-
trastive learning approaches.

visual and textual input to perform reasonably.5,6

Human Evaluation. We conduct a human eval-
uation to check the upper performance bound for
the COSIM task. As shown in row 4 of Table 3,
the score is quite high7, indicating a large room for
improvement from future work.

Scene Change Types. As shown Table 4, our
model shows balanced scores over all scene change
types in general, however, comparing the addition
and removal types (row 1 and 2 for object, row
6 and 7 for human), the performance on removal
types is lower than addition types. That is possibly
because removing something from an image might
be harder to imagine.

Number of Scene Change Types. As shown Ta-
ble 5, instances with a single scene change type
seem to be relatively easier to address than ones
with multiple scene change types. This might im-
ply that multiple scene changes make the reasoning
process more complex and challenging.

Multi-Task / Contrastive Learning. As shown
in row 1 of Table 6, multi-task training with VCR
does not seem to help improve performance on our
COSIM dataset, implying our dataset is challenging
to address and requires a more complex reasoning
process. The performance of the contrastive learn-
ing (row 2) is also very close to the Full model’s
(row 3 in Table 3), meaning more advanced ap-
proaches might be needed to tackle our COSIM

dataset/task.

5The standard deviation of the Full model’s scores on
validation split is 1.52

6The average length difference between the predicted re-
sponses and the rest is 0.0075 words, and the ground-truth
response indices are randomly assigned, thus there is no bias
based on the response length and index.

7Inter-annotator agreement (kappa) is 0.9461, which indi-
cates nearly perfect agreement.

Q: Is it a good place for a beginner to learn to snow-
board?
IR: No, because it is really crowded and there is not 
much space to practice.

Model choice:  no, because it has very precipitous 
slopes and it is not safe for new learners.

CH: It is not crowded, but it has very steep slopes.

Q: Is it safe to swim here?
IR: No, it is a pier with lots of boats in and out, so it 
wouldn't be safe to swim.

Model choice:  no, there is a shark in the boat.
CH: there are not a lot of boats, but there is a shark

Figure 7: Model output examples (Q: question, IR: ini-
tial response, CH: scene change).

Output Examples. As shown in the upper example
of Figure 7, our model predicts the correct response
by understanding the implication of “steep slopes”
in the change. In the bottom example, our model
fails to understand that “there is a shark” must
mean the shark is in the water (as sharks live in
the water), and choose a wrong response. We also
split changes into sub-parts and compute scores for
each part to see on which part the model focuses to
answer questions. As shown in Figure 8, the model
looks at “Add labels to the spines of all the books”
to choose the answer.

9 Conclusion

We introduced a challenging counterfactual com-
monsense reasoning task/dataset called COSIM

which features imagined counterfactual scene
changes requiring models to imagine the changed
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CH:  Add a trolley in the foreground with many books 
replaced on it. Add labels to the spines of all the 
books.

Answer:  It seems from the trolley that this is a library. 
the books on display are probable for reading and 
maybe to be borrowed but they are likely not for 
sale.

Q:  Are the books for sale?
IR:  Yes, as you can see the books are organized by 
names and authors on the shelves for the customers.

Figure 8: The model focuses on a crucial part in the
scene change to properly select the answer.

situation to answer questions. We collected 3.5K
high-quality instances that consist of an image,
an initial question-response pair on the image,
an imagined scene change, and a new response
(with three distractors). The scene changes have
different challenging types (such as object ad-
dition/removal/replacement, environment change,
etc.). We presented a baseline model as a start-
ing point with useful ablation studies and showed
a large human-model performance gap allowing
useful future works.
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A Data Collection

We implement different interfaces for our data col-
lection. The commonsense question collection in-
terface allows for workers to choose which image
they would like to use when making the question,

as well as an object to focus on (Figure 9). The
counterfactual scene change collection and the dis-
tractor collection interfaces (Figure 10 and Fig-
ure 11) feature a verification checkbox. Workers
can check the box if the quality of the data from the
previous phase is poor. If it is flagged, the reason
is reviewed.8 If the reasoning is valid, the instance
is removed from the dataset/no longer progressed
through the collection phases.

A.1 Counterfactual Change Collection
templates

The first guide template is “Keep A, Flip B” and
the second is “Flip A, Keep B” (where ‘A’ means
answer and ‘B’ means justification). For “Keep A,
Flip B”, workers are told to describe a change that
results in the “answer” part of initial response to be
the same, but with a different “justification” part
(E.g. “yes because people are wearing jackets and
winter clothes.” → “yes because you can see some
snow ...”). In the change they write, they should
negate/remove the “justification” part of initial re-
sponse and add something that could be used for a
new “justification”. For “Flip A, Keep B”, workers
are told to describe a change that results in the op-
posite “answer”. The change should also modify
the context so that the initial response “justifica-
tion” part is true, but is no longer valid in proving
the answer and a new “justification” part is needed.
(e.g., “no, as you can see the man is not soaking
wet.” → “yes, the man isn’t wet and he is under a
structure, however ...”).9

A.2 Worker Totals and Payment

We had a total of 182, 97, 194 workers pass testing
for question collection, change collection, distrac-
tor collection, respectively. For the question collec-
tion phase and the change collection phase, work-
ers are paid 0.35 USD per instance they complete
(each takes about 2 minutes). As the distractor col-
lection phase is faster and easier, workers are paid
0.30 USD per instance (takes around 1.5 minutes).
In all three phases, an additional bonus of 0.02
USD is given for each high-quality instance they
completed, and then for every subsequent group
of 25 high-quality instances completed, the bonus
per instance is increased by 0.01 USD (0.02 USD
bonus per instance for the first 25, 0.03 USD bonus

8Once the flag is checked, workers are provided with a
textbox where they can explain their reasoning for flagging it.

9The proportions of “Keep A, Flip B” and “Flip A, Keep
B” are 42.93% and 57.07%, respectively.
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for the next 25, 0.04 USD bonus for the next 25,
and so on). Since there is no limit on how much a
worker can write, they can keep stacking the bonus
as much as they want. All the payments are at a
reasonable hourly rate of 11-12 USD.

B Scene Change Types

The scene change types, while they are seemingly
easy to visualize, require a complex understanding
of what effect the change has on other elements
in the scene. The Object Addition scene change
type (the most commonly occurring one) involves
introducing new object(s) into the image that was
not there prior. The Object State Change scene
change type involves altering the state of object(s)
present in the image. The alteration of object(s)
can take place in various forms such as changing
color, size, shape, and orientation (e.g., opening a
door). The Event Description scene change type
involves the creation of an event or a description of
motion or interaction between objects in the image.
Please see Figure 12 for the full list of the scene
change types and examples.

C Training Details (Reproducibility)

All the model experiments are conducted on a
Ubuntu 16.04 system using the NVIDIA GeForce
GTX 1080 Ti GPU and Intel Xeon CPU E5-
2630. We employ PyTorch1.4 (Paszke et al.,
2017) to build our models. We run models up
to 50 epochs (each epoch takes around 8 mins)
and choose the best ones based on the validation
split evaluation. We use 768 as the hidden size
and use Adam (Kingma and Ba, 2015) as the
optimizer, setting the learning rate to 1 × 10−5.
We initialize the language layer with the pre-
trained BERT weights and cross-attention layers
with the pretrained LXMERT weights. We use
1234/2345/3456 as the random seed values. The
number of trainable parameters of our full model
is 173M. We employ accuracy as the evaluation
metric. We use manual hyperparameter tuning
(e.g, learning-rate={1× 10−3, ..., 1× 10−6}, num-
of-cross-layer={1, 2, ..., 5}, batch-size={2,4,6,8},
etc.) based on validation scores. We use the im-
plementation of Yang et al. (2017) for the Faster
R-CNN (Ren et al., 2015) model. The evaluation
splits of our COSIM dataset are not overlapped
with the training split of the Faster R-CNN.

D Potential Risk

Potential models trained on our dataset may learn
misleading information accidentally and create un-
safe suggestions; therefore, careful use is required
when deploying models in a real-world applica-
tion.
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Figure 9: Collection interface for the commonsense question collection phase. Workers are given three images, and
they select the one they wish to use. Then workers are given space to write their question and response. Workers are
told to select an object in the image they choose to help them focus their question around something specific.

Figure 10: Collection interface for the change collection phase. Workers are given the selected image and the
written question and response from the commonsense question collection phase and then asked to write a change
and new response based off that change.
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Figure 11: Collection interface for the distractor collection phase. Workers are given the image and all the context
from the previous phases and then asked to write three distractors that are similar to the new response but are
distinct/semantically different. The distractor textboxes are prefilled with the new response and during HAMLET
collection, workers are given a section to check their distractors against the model. Note: This interface is quite
large and relevant portions are stitched together.

Object Addition

“Add snow and ice to the road. Add a bus.
Place the person inside the bus.”

Object State Change

“Dress everyone in black clothes and give the
scene a somber mood. Change the table cloth
to white.”

Event Description

“Add rice falling from the sky on to the
umbrella. show the rice accumulated on the
umbrella and falling o� in the places where
the umbrella dips.”

Human Addition

“There is now a person in each boat. They
each also have a �shing pole that is being
used on the water.”

Human Removal

“There is no snow and there are no people, but the
windows on the building are covered with ice.”

Object Relocation

“... move the skateboarder much higher up in
the air ... move the skateboard further away from
the skateboarder so they can not land with the
board.”

Object Removal

“Remove all the kites and the unfurled sail.
Add some people in the foreground with long
hair. Have their hair blowing horizontally ...”

Object Replacement

“Change the cake to a round cake covered in
something that has the colour of marzipan. Add
13 round balls on the cake with the same
colour.”

Environment Change

“... Dress the others in clothes suited to a period
of the Roman Empire. Add a market behind on
the raised area with the people there now
shopping for produce...”

Figure 12: Scene change examples from our dataset. The relevant portions of the change are in italics.
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Abstract

Article prediction is a task that has long defied
accurate linguistic description. As such, this
task is ideally suited to evaluate models on their
ability to emulate native-speaker intuition. To
this end, we compare the performance of native
English speakers and pre-trained models on the
task of article prediction set up as a three way
choice (a/an, the, zero). Our experiments with
BERT show that BERT outperforms humans
on this task across all articles. In particular,
BERT is far superior to humans at detecting the
zero article, possibly because we insert them us-
ing rules that the deep neural model can easily
pick up. More interestingly, we find that BERT
tends to agree more with annotators than with
the corpus when inter-annotator agreement is
high but switches to agreeing more with the
corpus as inter-annotator agreement drops. We
contend that this alignment with annotators, de-
spite being trained on the corpus, suggests that
BERT is not memorising article use, but cap-
tures a high level generalisation of article use
akin to human intuition.

1 Introduction and Motivation

Pre-trained models, such as BERT (Devlin et al.,
2018), RoBERTa (Liu et al., 2019) and more re-
cently T5 (Raffel et al., 2020), are the state of the
art across several tasks in computational linguis-
tics. In addition, transformer-based models are
known to have access to information as varied as
part of speech information (Chrupała and Alishahi,
2019; Tenney et al., 2019b), parse trees (Hewitt
and Manning, 2019), the NLP pipeline (Tenney
et al., 2019a), and constructional information (Tay-
yar Madabushi et al., 2020). These models tend to
perform so well that, on certain tasks, they outper-
form human baselines (Zhang et al., 2020).

In this work, we investigate how well language
models, specifically BERT Large, perform on the
linguistically interesting task of article prediction.

English article prediction, further discussed in Sec-
tion 2, is a phenomenon that native speakers of En-
glish find almost trivial. At the same time, linguists
find it particularly difficult to formulate the rules
that would govern article usage: article use cannot
be captured by local co-occurrence but is depen-
dent on the wider context and often there is no one
“right” article, but multiple options are possible,
albeit with slight differences in the meaning con-
veyed. Grammar correction systems prior to BERT
struggled to reach acceptable levels of performance
on article selection (detailed in Section 2). As we
will show, BERT shows performance on this task
that is superior to that of humans. Given this, it
is interesting to investigate how BERT attains this
level of accuracy and what the implications are for
the system: does BERT manage to go beyond the
local vicinity into the larger context to track the
referent?

The current study compares the performance
of transformer-based pre-trained models and hu-
mans in an attempt to explore how language mod-
els handle an, in essence, creative task, with an
emphasis on how model performance changes with
inter-annotator agreement. We also explicitly in-
corporate the plural indefinite or zero (Ø) article
(detailed in Section 2) as in the sentence There are
Ø merchant bankers who find it convenient to stir
up Ø apprehension with a view to drumming up Ø
business for themselves.

The flexibility that is inherent in article usage
requires us to explore methods of evaluation that
do not rely solely on accuracy. While the short-
comings of relying too heavily on accuracy based
metrics have been highlighted in prior work (see
Section 3), these difficulties are accentuated by
the presence of flexibility. Clearly, there is little
need to require a model to output one specific class
if people are comfortable with multiple options.
As such, we evaluate performance based on the
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Matthews correlation coefficient between human
annotators and model outputs at each different level
of inter-annotator agreement.

To this end, this works aims to answer the fol-
lowing questions: a) How well do language models
perform on a task that humans rely on intuition
rather than deliberate reasoning, specifically article
prediction, and b) how does this performance vary
with increased flexibility in the article that can be
used, as measured by inter-annotator agreement.
So as to ensure reproducibility and to aid future re-
search in this direction, we make our scripts freely
available and our dataset, built from the British
National Corpus (BNC) (BNC Consortium, 2007),
available under the required licence1. Further de-
tails on the BNC are presented in Appendix A.

2 The English Article System

There are three articles in English: a) the definite
article, the, b) the indefinite article, a/an, and c) the
absence of an article or the zero (Ø) article (Swan
and Walter, 1997).

There have been several sets of guidelines for
the use of articles starting with the early works by
Huebner (1983, 1985); Thomas (1989). The most
general ones rely on a few parameters only, such as
Hearer Knowledge (whether the interlocutor can be
considered to be able to identify the referent) and
Referent Specificity (whether a specific referent is
identified), augmented with Number and Countabil-
ity, while the more specific ones offer numerous
semantic types and subtypes, bordering on the id-
iosyncratic; see work by Swan and Walter (1997)
for an overview. Although none of these variables,
individually or in conjunction, can accurately pre-
dict article usage, recent work on the classification
of a large, manually annotated sample has found
that a hierarchical ordering of these same param-
eters, with Hearer Knowledge at the top, predicts
article usage correctly in 93 percent of all cases that
allow variation (about 15% of all instances can be
considered a set phrase in that only one article can
be used, e.g., “one at a time” (Divjak et al., 2022).

However, deciding whether the interlocutor can
be considered as able to identify the referent in-
volves world knowledge, including cultural knowl-
edge; although both Sheffield and Birmingham are
home to many universities, when we refer to the

1https://github.com/H-TayyarMadabushi/Abstraction-not-
Memory-BERT-and-the-English-Article-System-NAACL-
2022

University of Sheffield/Birmingham we have one
particular one in mind, which our interlocutor only
knows if they are familiar with the local landscape.
In addition, article usage appears to be a matter of
what cognitive linguists would call construal, or the
freedom to present a situation linguistically in dif-
ferent ways. Analysing 3 alternative forced-choice
data from 181 native speakers of English who were
asked to insert articles that had been removed from
longer (200-300 words) texts, (Romain et al., 2022)
relied on Entropy to quantify the restrictiveness
of the context and to identify types of contexts in
which choice is allowed versus inhibited. They
found that some contextual properties, such as Ref-
erent Specificity, are rather restrictive, leaving the
speaker with little choice in terms of which article
to use while other contextual properties, such as
Hearer Knowledge, are such that several articles
are possible, albeit with slightly different seman-
tic implications In other words, only in situations
where the referent is specific do native speakers
tend to converge on the same article.

The English article system thus finds itself in the
awkward position of its strongest predictor being
open to interpretation. The freedom regarding the
interpretation of the top predictor, and the seman-
tic differences it entails, is possibly why second
language learners whose first language does not
include an article system find the article system
notoriously difficult to master. The same can be
expected to apply to computational systems who
tend to struggle to capture fine-grained meaning
nuances, even though they have acquired world
knowledge.

3 Related Work

Automatic article prediction has been the focus
of study for several decades starting with rule
based systems, aimed at improving machine transla-
tion (Murata, 1993; Bond et al., 1994). Subsequent
machine learning models for article prediction in-
cluded work by Knight and Chander (1994), who
use decision trees and Han et al. (2006), who use
a maximum entropy classifier to select among a/an,
the, or the zero article.

Article prediction was then clubbed with similar
phenomena, such as prepositions and noun num-
bers, to be included as part of shared tasks on Gram-
matical Error Correction at CoNLL-2013 (Ng et al.,
2013) and CoNLL-2014 (Ng et al., 2014). These
shared tasks, and their associated datasets, signifi-
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cantly increased interest in article prediction albeit
as part of the broader problem of grammatical error
correction. More recent methods, such as work by
Lichtarge et al. (2020), make use of advances in
neural machine translation for grammatical error
correction. For an up-to-date and extensive han-
dling of grammatical error correction, including
article prediction, we direct readers to the tutorial
by Grundkiewicz et al. (2020).

Of relevance to the second question we aim
to answer, that of how annotator agreement af-
fects model performance, is the work by Lee et al.
(2009), who study the various factors that influ-
ence the level of human agreement. Additionally,
Ribeiro et al. (2020) show that state-of-the-art mod-
els are better evaluated using a checklist as opposed
to traditional metrics, a notion that we supplement
in our experimental procedure (Section 4).

4 Methodology

As mentioned in Section 1, our goal is to under-
stand how language models do on the task of article
prediction and how their performance varies with
inter-annotator agreement. Our overall method-
ology for answering these questions involved the
following steps:

1. We start by explicitly adding the null article
(Ø) to the British National Corpus (BNC).

2. We then set up the task of classifying arti-
cles as a token classification (sequence to se-
quence) task and train a (BERT Base) model.
We use 150,000 examples as the training set.

3. Using the results of this model, we construct
a set of around 2,500 examples, about 30% of
which are selected to be incorrectly tagged by
BERT Base. This is to ensure that the eval-
uation set contains examples from different
levels of difficulty. These 2,500 examples are
annotated by paid annotators, thus providing
us with an evaluation set.

4. We compare the performance of human an-
notators to that of BERT Large, trained on
the training set of 150,000 examples from the
BNC.

These results are presented in Section 5 along with
an analysis. The following sections detail the steps
listed above.

4.1 Data Preparation and Zero article
Tagging

Table 1 provides examples of when the zero article
is used and we include the scripts used to add zero
articles to sentences in the code released with this
work.

Referent
Specificity Noun Count Example

Not Specific,
known to
the hearer

Uncountable Ø Pasta is an Italian
commodity.

Plural Ø Tigers are
magnificent animals.

Not specific,
not known

to the hearer

Uncountable Can I order Ø rice?

Plural I would like Ø better
shoes.

Specific,
not known

to the hearer

Uncountable Ø Soup was served
with the meal.

Plural Ø Engineers were
called to the scene.

Table 1: Examples of some occurrences of the zero
article, also known as the plural indefinite article.

All training and evaluation examples are created
to consist of three sentences: the target sentence
with one article blanked out and one preceding and
one succeeding sentence with no words blanked
out. We provide context to ensure that there is
sufficient information available to correctly predict
an article. Example 1, illustrates one element of
the data used.

(1) It is a local landmark which received ø national and in-
ternational recognition and helped turn the tide against
the thoughtless demolition of the Sixties. Still with
Booth Shaw, Denison produced radical pro-
posal for ø flats for ø single people in the heart of
the city centre. The site was a rambling and derelict
pub, the Royal Hotel, which was originally a Georgian
coaching inn.

4.2 Model Selection and Training

Although masked language modelling, which in-
volves “filling in the blanks” is most similar to the
task at hand, the introduction of the zero article
makes this impractical as pre-trained models are
not trained on the zero article. Given these limi-
tations we model this as a sequence to sequence
task where, as is typical of, the output sequence is
required to consist of the token ‘A’, ‘The’ or ’Zero’
based on the corresponding article, or the token ‘O’
otherwise. As such, the model makes a prediction
associated with every input token, not just the one
that is masked.

Based on initial experimentation with different
models and hyperparameters (i.e., manual tuning),
we settled on the use of BERT fine-tuned on a
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training set consisting of 150,000 examples for
one epoch, based on model performance on a de-
velopment set (consisting of 30,000 examples).
More epochs quickly lead to overfitting. RoBERTa
(trained for 6 epochs), despite being considered a
more optimised version of BERT, surprisingly does
not perform as well as BERT.

We first use BERT Base, trained on 150,000 ex-
amples for 1 epoch, to predict all articles in the
target (central) sentence. Based on this initial clas-
sification we pick 2,500 examples for manual tag-
ging, such that approximately 30% of the examples
were incorrectly tagged by BERT Base. We per-
form this additional step to ensure that we pick
some examples that are ‘difficult’, as determined
by BERT Base’s inability to get them right. Finally,
BERT Large trained on the same set of examples,
is used to predict the articles presented to human
annotators. In both cases, we use the models im-
plemented by Wolf et al. (2020). These results and
an analysis are presented in Section 5. Model and
hyperparameters are presented in Appendix B.

4.3 Human Annotation

Manual annotation took the format of an online sur-
vey modelled after a cloze test. Participants were
presented with individual examples consisting of
three sentences each, wherein the central sentence
had exactly one article omitted and replaced with
a blank space, as illustrated in Example 1 above.
Participants were required to select which article
had been omitted from a multiple-choice list that
was presented below the sentences.

A total of 2500 sentences were tagged, with each
participant tagging 160 randomly selected items.
The aim was for each sentence to be tagged by five
different participants. Further details on the process
including instructions, recruitment, payment and
approvals are provided in Appendix C.

5 Empirical Evaluation and Discussion

The results presented in this section were obtained
by evaluating BERTL on the same gap filling ex-
ercise that was presented to humans. BERTL was
fine-tuned 5 times on 150,000 training examples
and evaluated on a development set which, like the
training set, was extracted from the corpus and not
human annotated. The training data used consisted
of 150,000 examples, of which about 135,000 were
“the”, 60,000 “a” and 146,000 “zero”. The develop-
ment set consisted of 30,000 examples, of which

about 25,000 were “the”, 12,000 were “‘a” and
25,000 were “zero”.

The best performing run on this development
set was used for the human annotated test set. Of
the 2,500 examples picked for manual annotation,
2,383 were annotated by the required five annota-
tors and this subset was used for evaluation. This
evaluation set consists of about 1200 sentences that
were annotated by the majority of annotators with
“the”, 500 with “a”, and about 550 with “zero”. A
further 108 sentences had multiple labels receiving
the same number of votes and were thus tied. The
complete evaluation set consists of about 150,000
tokens.

The A/An Zero
(Ø)

A
ll

D
at

a
(2

38
4)

BERTL vs 4 Human 0.580 0.659 0.589
BERTL vs Corpus 0.631 0.658 0.731
4 Human vs Corpus 0.553 0.589 0.590
BERTL vs Control 0.488 0.573 0.514
4 Human vs Control 0.490 0.578 0.515
Corpus vs Control 0.440 0.519 0.501

Table 2: Phi coefficient (ϕ) of correlation between
four human annotators (4 Human), BERT Large, a fifth
annotator used as a human baseline (Control) and the
corpus presented by each article. Number of examples
in parenthesis.

Tables 2 and 3 present the Phi coefficients
(Matthews Correlation Coefficient) between four
human annotators (4 Human), different models, a
fifth human used as a control (Control) and the cor-
pus. Table 2 presents the Phi coefficients across
all of the data. Each block in Table 3 presents Phi
correlations between subsets of examples on which
either the 4 annotators completely agree (4 agree),
exactly three agree (3 agree), or on those examples
on which two agreed. In instances other than where
all data (Table 2) is presented, we exclude from our
analysis those examples where there is a tie be-
tween different articles. Importantly, this results
in a different number of examples at each level of
agreement presented above (example counts listed
in parenthesis). Finally, the last three rows in each
block, which provide the correlations with the fifth
annotator, provide a baseline or control for compar-
ison.

Across all data, BERTL has a higher correlation
with the corpus (BERTL vs Corpus) than do the four
human annotators (Corpus vs 4 Human) across all
articles. While this can be ascribed to the fact that
BERT was fine-tuned on a fairly large training set
of 150,000 examples, BERT Large also has a higher
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correlation with the four annotators (BERTL vs 4
Human) than they do with the corpus (4 Human vs
Corpus) across all but one of the articles on which
it misses out by an insignificant margin.

The A/An Zero
(Ø)

4
A

gr
ee

(9
84

) BERTL vs 4 Human 0.810 0.869 0.792
BERTL vs Corpus 0.738 0.777 0.755
4 Human vs Corpus 0.787 0.822 0.767
BERTL vs Control 0.645 0.721 0.621
4 Human vs Control 0.713 0.770 0.667
Corpus vs Control 0.600 0.665 0.592

3
A

gr
ee

(8
86

) BERTL vs 4 Human 0.545 0.617 0.626
BERTL vs Corpus 0.605 0.639 0.719
4 Human vs Corpus 0.469 0.554 0.639
BERTL vs Control 0.427 0.525 0.511
4 Human vs Control 0.456 0.581 0.542
Corpus vs Control 0.374 0.489 0.524

2
A

gr
ee

(1
68

) BERTL vs 4 Human 0.227 0.468 0.390
BERTL vs Corpus 0.501 0.549 0.692
4 Human vs Corpus 0.280 0.344 0.403
BERTL vs Control 0.269 0.338 0.283
4 Human vs Control 0.204 0.256 0.323
Corpus vs Control 0.295 0.334 0.200

Table 3: Phi coefficients (ϕ) at different levels of inter-
annotator agreement. See text for details.

Although BERT has a high correlation with the
corpus across all data, a fine-grained analysis based
on the possible level of flexibility in article use, as
determined by inter-annotator agreement (Table 3),
shows that this is not always the cast. Surprisingly,
when there is least flexibility (i.e. when all four
annotators agree) BERT agrees more with human
annotators than with the corpus. In fact, in this
case (‘4 Agree’ in Table 3) the agreement between
BERT and the four annotators is higher than be-
tween any other pair. Also interesting is the fact
that BERT switches back to being more highly
correlated with the corpus when there is any possi-
bility of flexibility (i.e. inter-annotator agreement
is not perfect). This is contrary to what we expect
as BERT is trained on the corpus and as such we
expect to see a higher correlation between BERT
and the corpus across all cases. This behaviour
suggest that BERT seems to have access to a high
level generalised representation of article use that
cannot be ascribed to memory.

BERT also has a significantly higher correlation
with the corpus on the null article than do either the
four human annotators or the fifth control annotator
except in the case where there is complete agree-
ment between the four annotators (4 Agree). We
believe that this is a result of the fact that we insert

the null article using a fixed set of rules that deep
neural models can easily pick up. Human annota-
tors, on the other hand, seem to find it harder to
identify this addition to the article system, except
in the more obvious cases.

6 Conclusions and Future Work

In this work, we aimed to study the capabilities
of pre-trained language models, specifically BERT,
on the linguistically relevant task of article predic-
tion that native speakers are intuitively good at but
linguists have been unable to formalise adequately,
while focusing on how these abilities change with
the increased flexibility in article use. Our re-
sults show that BERT has a very high correlation
with human annotators when there is least flexibil-
ity as measured by inter-annotator agreement, but
switches to agreeing with the corpus when there is
flexibility in article use. These results, we contend,
point to BERT having access to a high level gen-
eralised representation of article use distinct from
memorisation.

We intend to focus future work on better under-
standing the specifics of this high level representa-
tion of article use contained within BERT. Also, the
current study is limited in the languages explored
and we intend to address this limitation by studying
similar intuitive phenomena that evade linguistic
description on languages other than English; an
example would be aspect in Slavonic languages.
Finally, we intend to extend our analysis by com-
paring BERT’s output ‘confidence’ with annotator
agreement, similar to methods presented by (Divjak
et al., 2016).
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A The BNC

The dataset used in the experiments presented in
this work is extracted from the British National Cor-
pus (BNC) distributed by the University of Oxford
on behalf of the BNC Consortium and is consistent
with its intended use. We extract sentences from
both the spoken (BNC 2014 release) and the writ-
ten (BNC 1994 release) versions of the BNC. Ex-
amples cited within the paper have been extracted
from the BNC and all rights in the texts cited are
reserved. We make use of the BNC to ensure that
we use a well balanced data source that does not
uniquely identify individuals or include offensive
content. Detailed statistics pertaining to the BNC
are available on the BNC website2.

2http://www.natcorp.ox.ac.uk/corpus/
index.xml?ID=intro

The BNC is available under the BNC User Li-
cence3 and given that we build our dataset from the
BNC, access to our dataset is subject to access to
the BNC.

B Model, Training, Hyperparameter and
Hardware Details

For our experiments, we make use of BERT Base,
which consists of 110 million parameters and
BERT Large consisting of 340 million parame-
ters. We use the default hyperparameters for both
models except in changing the number of epochs
to 1 and the maximum input sequence length to
150. This was based on our initial experimenta-
tion wherein we found that more epochs quickly
lead to overfitting. In particular, we run our ex-
periments using the Hugging Face Transformers
implementation available online4.

Models were trained using a Tesla V 100 GPU,
and the entire training and optimisation process
took approximately forty hours.

Models were run multiple times, each with a dif-
ferent random seed so as to avoid local minimum.
In each case, models were evaluated on the develop-
ment set which, like the training set was extracted
from the corpus and not manually annotated. The
best performing model on the development set was
used for subsequent experiments. The results over
10 different random seeds on the development set
for BERT Base are presented in Table 4. .

Run
No. Dev F1

1 0.8940
2 0.8936
3 0.8953
4 0.8942
5 0.8957
6 0.8930
7 0.8941
8 0.8947
9 0.8936
10 0.8944

Table 4: Results over 10 different random seeds on the
development set for BERT Base – used to pick the best
run used in subsequent experiments. We note that the
variation in results across radom seeds isn’t significant
due to the large training set used.

3http://www.natcorp.ox.ac.uk/docs/
licence.html

4https://github.com/huggingface/
transformers/blob/master/examples/
legacy/token-classification/run_ner.py
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We calculate the Phi coefficients (ϕ) in R (ver-
sion 4.0.3) using the psych package (version 2.0.9).

C Annotation Details

The annotation was done using Qualtrics and partic-
ipants were recruited through Prolific. Each partici-
pant was compensated £3.75 for annotating approx-
imately 160 examples, which took participants an
average of 42 minutes, a little over the 30 minutes
we estimated it would take. We recruited a total
of 108 annotators of whom 68 were female and
40 were male. Most annotators had a Bachelor’s
degree or had attended some college, and close to
65% of them were between the ages of 20 and 40.

Participants, who were all native speakers of
British English and residing in the UK or Ireland
(due to the use of the BNC), were instructed to read
all three sentences before choosing which article
they would fill the gap with. Four quality control
questions were included in order to make sure that
participants were paying attention.

The exact quality control questions were chosen
following a pilot study run on 15 participants - a
manual analysis of these results by linguists indi-
cated that those who failed to correctly answer any
one of these quality control questions, considered
to be relatively straightforward, seemed to do little
better than chance overall. If any one of the qual-
ity control questions were answered incorrectly,
participants were not allowed to continue with the
survey.

The risks associated with annotation are two
fold: The first is to do with the risk of annota-
tors not being representative of the general popu-
lation. As such, we placed no restrictions on the
demographics of our annotators except as required
by the study. That is, we recruited fluent English
speakers from the UK and Ireland, to ensure that
they speak British English, consistent with our use
of the BNC. The second risk is to do with annota-
tors not being treated fairly. To ensure that this was
not the case, we paid annotators a sum of £3.75
for what we estimated, based on our internal trials,
would constitute 30 minutes of work. In addition,
data collection was run with the approval of the
ethics committee at the University.

C.1 Instructions to Annotators

Thank you for agreeing to take part in this study.
For participating in the study you will earn £3.75.
This study is run with the approval of the ethics

committee at the University.
If you have any questions about the survey

please contact me, Dr Harish Tayyar Madabushi at:
H.TayyarMadabushi.1@bham.ac.uk.

Instructions
Please read these instructions carefully before con-
tinuing to fill in this survey.

In this study you will be presented with three
sentences on each trial. In the middle sentence,
one word is missing and it is your task to provide
it; it can be either a(n), the or ZERO. In the first
and last sentence, all words are provided. Please
read all three sentences before filling the gap.

Example
Consider the following example where the special
character ‘Ø’ represents locations where an article
could have occurred, but, in this particular case,
does not:

But there is no escape for Ø non - runners , who
are required to sign up for Ø light duties. That
takes care of Sunday . We cannot refuse,
because we are in Ø awe of the formidable women
running the PTA.

You are required to fill in the with one
of:

1. a/an

2. the

3. Zero (Ø)

In the example above, the correct answer is Zero
(Ø).

Instructions
This survey consists of approximately 170 ques-
tions and should take you about 30 minutes to com-
plete.

IMPORTANT: Some of these questions - the
quality check questions - will be used to perform
a quality check and will be presented at random
points in this survey. If you get too many of the
quality check questions incorrect, your submission
may be rejected. Please pay attention to the an-
swers you provide as rejected submissions are not
eligible for payment.

Thank you very much for taking the time to par-
ticipate in this study. You will first need to answer
some questions about your background, followed
by a few benchmark questions, before you start on
the bulk of the survey.
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Abstract
The information in tables can be an important
complement to text, making table-based ques-
tion answering (QA) systems of great value.
The intrinsic complexity of handling tables of-
ten adds an extra burden to both model design
and data annotation. In this paper, we aim to
develop a simple table-based QA model with
minimal annotation effort. Motivated by the
fact that table-based QA requires both align-
ment between questions and tables and the
ability to perform complicated reasoning over
multiple table elements, we propose an om-
nivorous pretraining approach that consumes
both natural and synthetic data to endow mod-
els with these respective abilities. Specifically,
given freely available tables, we leverage re-
trieval to pair them with relevant natural sen-
tences for mask-based pretraining, and syn-
thesize NL questions by converting SQL sam-
pled from tables for pretraining with a QA
loss. We perform extensive experiments in
both few-shot and full settings, and the re-
sults clearly demonstrate the superiority of our
model OmniTab, with the best multitasking ap-
proach achieving an absolute gain of 16.2%
and 2.7% in 128-shot and full settings respec-
tively, also establishing a new state-of-the-art
on WikiTableQuestions. Detailed ablations
and analyses reveal different characteristics of
natural and synthetic data, shedding light on
future directions in omnivorous pretraining.1

1 Introduction

Humans are voracious information omnivores, con-
suming information in a number of forms. Un-
structured text is the form covered in most work
in NLP, but another form widely used on the web,
academic papers, and reports is the table, where
elements are organized in rows and columns and
presented in a structured and succinct way. Be-
cause of this, systems to aid information access

∗Work was done when interning at Microsoft Azure AI.
1Code, pretraining data, and pretrained models are avail-

able at https://github.com/jzbjyb/OmniTab.

over tables, such as table-based question answering
(QA) (Pasupat and Liang, 2015; Iyyer et al., 2017;
Zhong et al., 2017), hold significant promise. How-
ever, they also require understanding of the table
structure and sophisticated reasoning across multi-
ple elements to get the final answer. This intrinsic
complexity not only often requires special-purpose
model designs such as pipeline systems that gener-
ate structured queries as intermediate steps (Liang
et al., 2018; Wang et al., 2019; Yin et al., 2020;
Yu et al., 2021), but also adds an extra burden to
the process of data annotation (Pasupat and Liang,
2015; Shi et al., 2020).

Given the challenges above, we ask the ques-
tion: “can we create a simple model that is able to
answer complex table-based questions with mini-
mal annotation effort?” Both modeling simplicity
and limited assumptions regarding data availabil-
ity would make it easier to apply table-based QA
systems in practical scenarios. To this end, we fo-
cus on developing a simple and generic end2end
table-based QA model where only a limited num-
ber of annotated natural language (NL) questions
are available; the first attempt to address this prob-
lem under few-shot settings. In order to answer
table-related questions, an end2end model needs
to understand both the NL question and the table,
build connections between the two formats, then
perform complex reasoning. Taking the manually
annotated question in Fig. 1 as an example, models
need to align entities (“Collateral Damage”) and
concepts (“film”, “air”) in the question to elements
in the table (the “Collateral Damage” cell and the
“Film” and “Date” columns) and perform compara-
tive reasoning based on chronological order (indi-
cated by “previous” and “before”) to find the final
answer. Motivated by this, we propose OmniTab,
an omnivorous pretraining approach that consumes
natural data to endow models with the ability to
understand and align NL with tables, and synthetic
data to train models to perform reasoning.
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# Date Film Gross
1 January 6, 2002 The Lord of the Rings:

The Fellowship of the Ring $23,006,447

5 February 3, 2002 Black Hawk Down $11,112,555
6 February 10, 2002 Collateral Damage $15,058,432
18 May 4, 2002 Spider-Man $114,844,116

20 May 19, 2002 Star Wars Episode II:
Attack of the Clones 80,027,814

Title: List of 2002 box office number-one films in the United States

What was the previous film to air before
Collateral Damage? [Table]

Black Hawk Down

Input Output

SELECT film WHERE gross > (SELECT gross WHERE film = ‘Star Wars’)

Spider-Man__ with its $114.8 million__ mark established 
a new opening weekend record. [Table]

Which film has grossed more than Star Wars? [Table]Spider-Man

Spider-Man,
$114.8 million

Annotated
Finetune

Natural

SyntheticPr
et
ra
in

Figure 1: Example of natural and synthetic pretraining data and a
manually annotated finetuning question. Phrases aligned with table
elements and reasoning operations are marked with violet and red re-
spectively. [Table] denotes the linearized table.

Retrieval
Model

SQL
Sampler

SQL2NL
Model

Pretrain
Finetune 

SQL query

Align 
& Mask

Natural sentence

Mentions Answer

Annotated question [Table] Annotated answer

Masked sentence [Table]

Fine-tune

Pre-train
Synthetic question [Table]

Pre-trainOmniTab

Figure 2: The overall framework of
generating and pretraining with natural
data (blue pipeline), synthetic data (green
pipeline), and finetuning with limited an-
notated questions (orange pipeline) for our
OmniTab model.

To obtain natural NL-table pairs, we propose
a novel approach that leverages the multitude of
tables freely available from the web, and uses re-
trieval to pair them with relevant NL sentences.
Compared with manually defined heuristics used in
previous work (Herzig et al., 2020; Yin et al., 2020),
retrieval-based methods have the potential to dis-
cover better-aligned sentences. We explore differ-
ent retrieval methods including string-based match-
ing, sparse retrieval, and dense retrieval (Karpukhin
et al., 2020; Khattab and Zaharia, 2020; Gao et al.,
2021). Given these retrieved pairs, phrases in the
sentence that align with table elements are then
masked and the model takes both the masked sen-
tence and the linearized table as input to predict
masked mentions. For example, in Fig. 1 the re-
trieved sentence describes a particular row and
contains two phrases matching cells in the table
(i.e., “Spider-Man” and “$114.8 million”) which
are masked for prediction. To perform this sort of
masked prediction, models need to understand that
the sentence is about a record-breaking movie and
refer to the table to extract the correct cells. Thus,
training on this data endows models with better
understanding and alignment across both formats.

For the synthetic data approach, we propose a
method where structured queries such as SQL are
first sampled and then converted into NL questions
using an SQL2NL model, which allows for control
of the reasoning operations covered by the SQL.
Compared to existing work that trains directly on
SQL (Liu et al., 2021), an approach hindered by
the gap between structured and natural language,
training on synthetic NL questions can close the

gap, especially when limited annotated NL ques-
tions are available. We train the SQL2NL model
with a small number of SQL-NL pairs and further
boost its performance using verification-based self-
training, which selects high-quality generated NL
questions based on their likelihood to generate the
gold answer. The converted NL question concate-
nated with the linearized table is fed into the model
to directly generate the final answer, as shown in
the synthetic example in Fig. 1 which involves com-
parative reasoning indicated by the phrase “more
than”. Although the fluency and naturalness of
synthetic data is usually lower than natural data,
learning on synthetic data provides a direct way to
simulate different reasoning skills, which is rela-
tively sparse in natural data.

Our overall framework is shown in Fig. 2. We
use tables from Wikipedia and retrieve relevant
sentences from the same page to generate natu-
ral text-table parallel data after masking mentions
aligned to table elements (the blue pipeline on the
left of Fig. 2). We use SQL queries sampled by Liu
et al. (2021) and convert them to NL questions as
synthetic text-table parallel data (the green pipeline
on the right of Fig. 2). We use WikiTableQuestions
(WTQ) (Pasupat and Liang, 2015), a widely used
table-based QA dataset consisting of complex ques-
tions, as our major benchmark to evaluate our pre-
training methods, and further use WikiSQL (Zhong
et al., 2017) and topic-categorized WTQ (Chem-
mengath et al., 2021) to evaluate the robustness of
our methods, all under few-shot setting with sizes
ranging from 16 to 1,024. When using only 128
annotated questions, our model OmniTab improves
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over the best-performing baseline by an absolute
gain of 13.2% and 12.3% with natural and synthetic
pretraining separately and 16.2% when combined,
demonstrating the effectiveness of the approach.
We also achieve state-of-the-art performance on
the full WTQ with an absolute gain of 2.7%. Ex-
tensive ablations and analyses reveal that natural
and synthetic data indeed play the role of enhanc-
ing alignment and injecting reasoning, shedding
light on future works on omnivorous pretraining.

2 End2End Table-based QA

In this section, we first explain the setting of table-
based QA, then introduce the input format as well
as our model architecture.

Table-based QA Each example in table-based
QA consists of an NL question q, a table T , and
an answer a. Both questions and answers are a
sequence of tokens. Each table consists of N rows
{ri}Ni=1 andM columns, where the token sequence
in the cell located at the i-th row and j-th column
is denoted as ci,j . The first row r1 is the header
row, indicating the meaning of each column. Table-
based QA aims to generate the answer a given both
the question q and the table T as the input.

Input Format We follow Liu et al. (2021) in
concatenating the NL context with the linearized
table as input. We flatten the table following a top-
to-bottom and left-to-right order, where we prepend
“col:” to the beginning of the header and “row i:” to
the beginning of the i-th row to separate different
rows: T = [col: r1 row 1: r2 ... row N : rN ]. Cells
within each row are separated by a vertical bar “|”
ri = [ci,1 | ci,2 | ... | ci,M ]. Finally, the question q
is prepended to the linearized table: [q T ].

Model Architecture We use the state-of-the-art
table-based QA model TAPEX (Liu et al., 2021) as
our base model, which is based on BART (Lewis
et al., 2020b). It feeds questions and tables into the
encoder and generates answers from the decoder:
P (a|q, T ). Multiple answers are joined with com-
mas into a single output sequence.

3 OmniTab: Pretraining with Natural
and Synthetic Data

As mentioned in the introduction, table-based QA
requires both (1) the ability to align NL phrases
with table elements that could be expressed in dif-
ferent wording and (2) perform reasoning such as

filtering, aggregation, superlatives, comparatives,
and arithmetic. Compared to synthetic data, real
NL sentences relevant to the table excel at enhanc-
ing the first capability since they are more natural
and fluent, exhibiting various language variations.
Learning on real sentences can endow models to
grasp the nuances in language and align with struc-
tured tables. On the other hand, synthetic data is
flexible, manipulable, and easy to obtain. It is cost-
less to generate synthetic data via manipulating
different aspects of the generated data to incorpo-
rate various desired properties. As a result, we can
generate large amounts of complicated synthetic
data covering various reasoning operations, which
is lacking in the NL corpora. This motivates us to
explore both types of data.

3.1 NL-Table Alignment Through Retrieval

Using the Wikipedia table corpus released by
Herzig et al. (2020), we explore three retrieval
methods to construct aligned NL-Table pairs and
propose a new pretraining objective.

3.1.1 Retrieval Protocol

Since sentences relevant to a table are usually in-
cluded in the same document, we restrict our re-
trieval models to only consider the document con-
taining the table, with the purpose of reducing noise
and increasing efficiency.

String-based Matching For each sentence, we
enumerate over all cells in the table and find the
longest common substring (LCS) between a cell
ci,j and a sentence s. An LCS is considered as a
mention to be masked if it (1) is not a stopword, (2)
contains alphanumeric characters, (3) is a complete
word, and (4) is longer than 70% of the length of
the cell. We choose the sentence with the largest
number of mentions to pair with the table.

Sparse Retrieval with BM25 Another method
of string-based matching is BM25 with tables as
queries and sentences as candidates. Different from
the above method matching whole cells, BM25
treats tables as a bag of tokens. We linearize tables
as queries and choose the most relevant sentence to
compose the pair. Since BM25 retrieval does not
return aligned phrases and cells, we resort to the
above method detect mentions.

Dense Retrieval with Token Representations
The above two methods can only consider exact
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p1 p2 p3 p1 p2 p3 p1 p2 p3
c11 0.2 0.8 0.2 c11 0 0.8 0 c11 0 0.8 0
c12 0.1 0.1 0.7 c12 0 0 0.7 c12 0 0 0.7
c21 0.5 0.1 0.2 c21 0.5 0 0 c21 0.5 0 0
c22 0.4 0.1 0.3 c22 0.4 0 0 c22 0 0 0
c31 0.3 0.1 0.2 c31 0.3 0 0 c31 0 0 0
c32 0.4 0.1 0..1 c32 0.4 0 0 c32 0 0 0

max-sp(A, dim=1) max-sp(A, dim=0)

Figure 3: Applying max-sparsify on a relevance matrix
of cells and phrases on two dimensions consecutively.

string matches, which is sub-optimal because differ-
ent expressions might be used between sentences
and tables such as “$114,844,116” and “$114.8 mil-
lion” in Fig. 1. Tables tend to use full and formal
expressions, while expressions in NL tend to be ca-
sual, often with abbreviations. To address this issue,
we propose to use dense representations to perform
soft matching. Many works use a single dense
vector to represent the whole query/document for
retrieval (Guu et al., 2020; Karpukhin et al., 2020).
However, in our case, queries are tables usually con-
sisting of many cells,2 thus representing a whole
table as a single vector might lead to information
loss, which performs well below BM25 in our pre-
liminary experiments. Additionally, retrieval based
on a single vector only returns sentence-table pairs
without revealing phrase-cell alignment, which is
required for masking purposes. Thus, we pro-
pose to use token representation to directly match
phrases and cells, similar to token-level dense re-
trieval (Khattab and Zaharia, 2020; Gao et al.,
2021) in spirit.

Specifically, we use BART to obtain token rep-
resentations for each sentence s and table T sep-
arately. We then use a named entity recognition
(NER) model to detect candidate phrases {pl}Ll=1

in the sentence. Each phrase and cell are repre-
sented as the average token representation, denoted
as epl and eci,j respectively after normalized to a
unit vector. We compute a similarity for each cell-
phrase pair using dot product eci,j ·epl , resulting in
a two-dimensional similarity matrix A ∈ RNM×L,
where each row and column correspond to a cell
and a phrase respectively. We aggregate the rele-
vance matrix A to derive relevance scores for rank-
ing sentences and an assessment score for each
phrase to choose salient mentions for masking.
Given the fact that soft match based on dense vec-
tors usually yields a non-zero relevance score even
for irrelevant pairs, we apply the max-sparsify op-

2Wiki tables have 26 cells on avg with extreme cases 500+.

erator to emphasize relevant matches and eliminate
noisy irrelevant matches, similarly to the max op-
erator in Khattab and Zaharia (2020); Gao et al.
(2021). The max-sp(A, dim = i) keeps the max en-
try along dimension i of the matrix A and changes
other entries to zero. As illustrated in Fig. 3, we
first apply this operator over all phrases (dim = 1),
assigning each cell the best-matching phrase, then
apply it over all cells (dim = 0), assigning each
remaining phrase to its best-matching cell. We use
the sum of the sparsified matrix as the relevance
score to choose the best-matching sentences, rank
remaining phrases in that sentence (p2 > p3 > p1
in Fig. 3), and choose phrases with scores higher
than a threshold τ as mentions to be masked.

rel(s, T ) = sum(max-sp(max-sp(A, 1), 0)). (1)

3.1.2 Learning Objective
Given a retrieved sentence s associated with the
table T , we apply two masking strategies: (1) ran-
domly mask tokens in the sentence or cells in the
table (2) salient mention masking where we first
identify phrases in the sentence that align with table
elements, then mask aligned phrases (denoted as
mentions). Compared to random masking, salient
masking specifically focuses on masking shared
information, enabling the model to better learn the
correspondence across formats, which we will ver-
ify in § 4.3. Since we use TAPEX as the base
model, which is based on BART, we follow the pre-
training format of BART to generate the original
unmasked sequence given the input with masked
tokens (in either NL or table). Instead of comput-
ing the negative log likelihood loss (NLL) over all
tokens, we only compute at masked positions to
emphasize the recovery of missing information:

Lmask = − logPmask(s, T |s∗, T ∗), (2)

where s∗/T ∗ denote the masked sentence/table, and
Pmask(·|·) only computes loss at masked positions.

3.2 Synthetic Questions Converted from SQL
We use synthetic questions to simulate real table-
based questions that involve various reasoning oper-
ations, such as the comparative operation in Fig. 1.
While directly synthesizing complex NL questions
is challenging, it is easier to generate complex struc-
tured queries such as SQL because they follow pre-
defined syntax, and different reasoning operations
can be implemented with different SQL templates.
For example, the SQL query in Fig. 1 is based on
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⓷ NL verification
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Figure 4: The procedure of learning a SQL2NL model
with verification-based self-training. Annotated / gen-
erated NL questions are denoted as orange / green.

a template that compares entries w.r.t. a numerical
property. This motivates us to first generate SQL
(o) then convert them to NL questions (q).

Fortunately, Liu et al. (2021) already sampled a
large corpus of SQL with associated answers based
on tables from Wikipedia and used SQL plus ta-
bles as input to pretrain their model TAPEX. They
achieved state-of-the-art performance on table-
based QA, making TAPEX a strong base model.
However, there is a large gap between SQL and NL
questions, and training solely on SQL might hinder
it from closing this gap. Instead, we use NL ques-
tions in the pretraining directly. Given synthesized
NL questions, we pretrain with a standard genera-
tive QA loss that takes NL questions concatenated
with tables as input and decode answers obtained
by executing SQL queries over tables:

LQA = − logP (a|q, T ). (3)

Sampling SQL Based on Templates Liu et al.
(2021) leverage tables from WTQ and instanti-
ate different templates over them to sample large
amounts of SQL, where answers are obtained by
execution. Templates are automatically extracted
from SQUALL (Shi et al., 2020), which includes
SQL corresponding to NL questions in WTQ.

Training SQL2NL Models We use BART as
our base model and finetune it with limited SQL-
NL pairs to strictly conform to the few-shot setting.
We use SQUALL to simulate few-shot scenarios,
by assuming that only a limited number of SQL
queries have annotated NL questions, which we
elaborate in § 4.1. The model takes SQL as input
and generates NL questions autoregressively.3

3We tried adding the corresponding table as an additional
input but found no gain despite increased computational cost.

Self-training with Verification-based Selection
Even with a strong model like BART, the accuracy
of SQL2NL is not perfect, especially in the face of
limited data. To further improve performance, we
devise a verification-based self-training approach
that selects high-quality NL questions generated
from unlabeled SQL by assessing how likely they
elicit correct answers from the table-QA model.

As illustrated in Fig. 4, we first finetune BART
model on supervised SQL-NL pairs to obtain the
initial SQL2NL model (¬), which is used to gen-
erate NL questions for unlabeled SQL () in the
second step. We attempted two generation methods
including beam search and top-k sampling (Fan
et al., 2018) and found that beam search leads
to more diverse results. Thus we use a beam
size of 50 to generate candidate NL questions
q̂. Third, we choose high-quality candidates for
self-training based on various criteria. The most
straightforward criterion is to choose questions
with the highest generation probabilities for self-
training scoregen.(q̂) = P SQL2NL(q̂|o), which does
not lead to improvement as we will show in the
ablations (§ 4.3). Motivated by the fact that Om-
niTab has a strong capacity to answer table-related
questions after large-scale pretraining and finetun-
ing, we rank generated sentences by verifying how
likely they elicit the correct answer using OmniTab
scorever.(q̂) = P (a|q̂, T ), which provides a sim-
ple and effective way to leverage the QA capacity
of OmniTab to indirectly provide feedback to the
SQL2NL model (®). Given the verification scores,
we first pair each unlabeled SQL with the sentence
with the highest score among 50 candidates, then
keep the top-K SQL-NL ranked based on the score
as our self-training data. At the last step, the small
supervised data is combined with the enlarged self-
training data to train the final SQL2NL model (¯).

3.3 Combining Natural and Synthetic Data

We perform multitasking using the two previously
defined objectives (Eq. 2, Eq. 3) to combine nat-
ural and synthetic data. In addition, since we use
TAPEX as initialization and their SQL-based pre-
training has demonstrated effective in endowing
models with reasoning capability, we add SQL-
based pretraining in the multitask setting. Lsql =
− logP (a|o, T ), resulting a combination of three
parts Lmask + LQA + Lsql as the multitask loss.
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4 Experiments

We first detail the experimental settings (§ 4.1).
Then we report on extensive experiments, starting
with the overall result including all design elements
to achieve the best results (§ 4.2), then breaking
down into each design choice to analyze their in-
dividual contribution (§ 4.3). Finally, we analyze
concrete examples to provide insight on different
characteristics of natural and synthetic data (§ 4.4).

4.1 Experimental Settings
Few-shot Settings We use WikiTableQuestions
(Pasupat and Liang, 2015) as our major benchmark,
as it is a widely used table-based QA dataset in-
volving various complex reasoning operations, and
report the answer accuracy given by the official
evaluator. Following work on few-shot QA (Ram
et al., 2021), we create few-shot settings of WTQ
by sampling a subset from the original training con-
taining 11K examples in total, with sizes changing
on a logarithmic scale from 16 to 1024.

Another component that requires annotated NL
questions is the SQL2NL model. We use SQUALL
(Shi et al., 2020), which contains ≈10K annota-
tions in total, to simulate few-shot scenarios by
varying the number of SQL annotated with NL
from 16 to 4,096. In the f -shot setting, we use
SQUALL-f to train the SQL2NL model and WTQ-
f to finetune QA models. Since SQUALL and
WTQ share the same set of NL questions, we make
sure that SQUALL-f also includes the same ques-
tions as WTQ-f , so in total only f annotated ques-
tions are used in the f -shot setting.

We also report on WikiSQL (Zhong et al., 2017),
another table-based QA benchmark with relatively
simple questions. To evaluate robustness under top-
ical shift, we further use WikiTableQuestions-TS
which split WTQ into five topics (Chemmengath
et al., 2021) based on Wikipedia categories. We
follow their creation procedure to reproduce the
split, and evaluate our methods by finetuning on
one topic and testing on the other four topics.

Pretraining Corpora We use the table corpus
by Herzig et al. (2020) extracted from Wikipedia
as our source of tables for retrieval. All tables
are preprocessed into a two-dimensional structure
with a single header and one or multiple data rows.
We use a subset of this corpus and find the corre-
sponding Wikipedia page through its URL, which
is preprocessed into sentences using SLING. Since
some tables are noisy and some Wikipedia pages

do not contain meaningful sentences, eventually
we pair approximately 0.5M tables with sentences
using our three retrieval methods. To make the syn-
thetic data of similar size, we also use 0.5M SQL
sampled by Liu et al. (2021) to generate synthetic
questions.

Baselines We consider two types of models as
baselines (1) pipeline methods that execute gen-
erated SQL to get answers such as TaBERT (Yin
et al., 2020) with MAPO (Liang et al., 2018) as
the semantic parser and (2) end2end methods that
directly generate answers, such as BART (Lewis
et al., 2020b), TAPAS (Herzig et al., 2020), and
TAPEX (Liu et al., 2021). More discussions about
table-related models can be found in the related
work section in § 5. Since we also incorporate the
SQL data used by TAPEX in our final multitask set-
ting, we report TAPEX∗ when comparing with our
multitask setting, which continued to train TAPEX
on SQL data for as many steps as OmniTab to make
a fair and rigorous comparison. We use OmniTab
to denote our full model trained in the multitask
setting with both natural, synthetic, and SQL data
(§ 3.3).

Implementation Details During pretraining, we
use a batch size of 512 and train OmniTab for 5
epochs, which takes about 20 hours on 8 V100
GPUs for multitasking on both natural and syn-
thetic data. During finetuning, we use a batch size
of 96 and finetune OmniTab for 50 epochs, which
takes about 30 minutes on 8 V100 GPUs. We use a
learning rate of 2e-5 for both pretraining, finetun-
ing. We use BART-large and TAPEX-large in all
experiments. For dense retrieval, since we use the
max operation, all phrases have scores ∈ [−1, 1].
We bucket phrases into bins with an interval of
0.1, manually inspect the quality of some randomly
sampled phrases from each bin, and found that
phrases with scores larger than τ = 0.6 are of high
quality. We use spaCy4 to detect named entities for
dense retrieval. For self-training of the SQL2NL
model, we use the best-performing OmniTab model
without self-training as the verification QA model,
and make sure that it uses the same amount of an-
notations as the final model (i.e. if the final model
is a f -shot model, we also use f annotations to
train the verification model). In our final model,
we added approximately 10K SQL-NL pairs for
self-training.

4https://spacy.io/
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Model f -shot: 16 128 1024 full

Pipeline systems
TaBERT+MAPO (Yin et al., 2020) 7.7 15.1 33.3 52.3

End2end systems
BART (Lewis et al., 2020b) 2.9 8.4 17.3 38.0
TAPAS (Herzig et al., 2020) 9.8 18.9 33.6 48.8
TAPEX (Liu et al., 2021) 10.4 23.1 45.5 59.5
TAPEX∗ 15.7 25.2 44.6 60.1

Ours (end2end)
OmniTab w/ natural data 22.8 38.4 49.8 61.3
OmniTab w/ synthetic data 21.5 37.5 48.8 61.3
OmniTab (w/ all) 26.8 41.4 51.9 62.8

Table 1: Accuracy on WTQ test comparing OmniTab
with baselines. Overall best results and best baseline
results are in bold and italic separately.
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Figure 5: WTQ test accuracy in all settings.

4.2 Overall Results

The overall results comparing OmniTab with other
baselines are listed in Tab. 1. Across three few-
shot settings, simulating low, medium, and high
resource scenarios, pretraining on natural or syn-
thetic data individually both outperform baselines
significantly, and multitasking further increases
the performance by a large margin. OmniTab
improves over the best baseline performance by
11.1%, 16.2%, and 6.4% across the three settings,
clearly demonstrating that pretraining on natural
sentences relevant to tables and synthetic questions
provides OmniTab with a stronger capacity to align
text and tables and perform reasoning. The two
types of data are complementary to each other,
which we will analyze in detail in § 4.4. Despite the
fact that we focus on the few-shot setting, we also
observe significant improvements of 2.7% on the
full setting, establishing a new state-of-the-art on
WTQ. The performance in all few-shot/full settings
shown in Fig. 5 clearly indicates the superiority
of OmniTab across the whole spectrum. The im-
provement is larger when annotations are fewer,
indicating the value of pretraining especially when
fewer annotations are available. We also observe
improvements on WikiSQL as shown in Tab. 2,

Model f -shot: 16 128 1024 full

TAPEX∗ 43.4 63.6 75.6 88.1
OmniTab 63.6 75.6 82.9 88.7

Table 2: Accuracy on WikiSQL test.

reinforcing the effectiveness of our methods.

4.3 Ablation Study

Next, we study the contribution of individual
components, including different retrieval methods,
masking strategies, self-training methods, and vary-
ing the number of training pairs.

Comparison of Different Retrieval Methods
Our first ablation concerns the influence of differ-
ent retrieval methods on the final performance. We
examined three retrieval methods to pair tables with
a relevant sentence, including string-based match-
ing, BM25, and dense retrieval (§ 3.1), as summa-
rized in Tab. 3. We also add a baseline (title-based
heuristic) that pairs a table with the caption, article
title, and description used by Herzig et al. (2020)
to validate the utility of retrieval. (1) Our three
retrieval methods usually perform better than the
title-based heuristic, indicating that retrieving sen-
tences based on the table content is better than fixed
heuristics that always pair a table with pre-specified
content. (2) By comparing two string-based match-
ing variants, we found that selecting the sentence
with the maximal number of mentions is better than
sentences with minimal overlap,5 confirming our
intuition that sentences more aligned with the ta-
ble enable models to learn better alignment. (3)
BM25 performs similarly to string-based match-
ing, partially because we still rely on string-based
matching to locate mentions after BM25 returns a
similar sentence. (4) Dense retrieval with threshold
τ = 0.6 achieves the best overall performance, but
it is relatively sensitive to the threshold. A high
threshold only keeps highly relevant phrase-cell
pairs, while a low threshold can discover more par-
tial matches for masked pretraining, leading to a
trade-off between quality and quantity. Given that
this initial attempt to use dense retrieval for text-
table alignment directly uses BART without further
tuning, further advances in retriever could likely
improve this trade-off.

Random Masking vs. Salient Masking We use
both salient mention masking that only masks men-

5Average #mentions for max and min are 2.0 vs 1.2.
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Model f -shot: 16 128 1024

TAPEX (Liu et al., 2021) 10.4 23.1 45.5

OmniTab w/ natural data obtained by
title-based heuristic 21.5 34.2 48.4
retrieval method other option

string-based (min) 23.3 35.5 47.5
(max) 24.2 36.7 49.2

BM25 23.8 36.4 49.1

dense retrieval
(τ = 0.5) 22.7 35.9 48.4
(τ = 0.7) 19.8 36.8 48.2
(τ = 0.6) 22.8 38.4 49.8

dense retrieval
(τ = 0.6)

w/o salient mask 17.5 33.6 47.1
w/o random mask 23.1 37.8 48.5

Table 3: WTQ test accuracy when pretraining on natu-
ral data obtained by different retrieval methods, and us-
ing two masking strategies separately. Design choices
used in our final model are underlined.

tions of cells in the sentence and random masking
in our final model. To examine the contribution
of each masking strategy, we remove one masking
strategy from the underlined model at the bottom
of Tab. 3. It is clear that both maskings help, with
salient masking being the major contributor, which
indicates that masking tokens indicative of align-
ment is more effective than aimless masking.

Comparison of Different Self-training Methods
To study which element is crucial in self-training,
we perform ablations to study various aspects of
self-training including (1) selection criterion for
questions (generation- vs verification-based) and
(2) models used for verification (BART vs Om-
niTab) by comparing all variants under the same
setting of 128 annotated SQL-NL. As summarized
in Tab. 4, self-training on selected questions with
the highest generation probabilities given by the
SQL2NL model does not improve over the base-
line without self-training, which is mainly because
the SQL2NL model is too weak to output reliable
generation probabilities. However, our method that
selects questions with the highest probabilities to
elicit answers from OmniTab (last line) improve
over no self-training by a large margin (4.3%, 2.5%,
and 1.8%), validating the idea of leveraging the
strong QA capacity of OmniTab to assess the qual-
ity of generated questions. To confirm the source
of success, we perform a sanity check that selects
sentences most unlikely to elicit answers (min), and
the performance indeed becomes much lower. We
also replace OmniTab with BART that is only fine-
tuned with 128 annotations, and the performance
is significantly lower, confirming that stronger QA

Model WTQ- 16 128 1024

TAPEX (Liu et al., 2021) 10.4 23.1 45.5

OmniTab w/ synthetic data from SQL2NL trained
criteria op. verify
w/o self-training - - 26.5 35.0 45.5
w/ generation-based max - 24.0 35.8 44.3

w/ verification-based
min OmniTab 15.5 27.4 41.9
max BART 28.9 36.4 45.4
max OmniTab 30.8 37.5 47.3

Table 4: WTQ test accuracy when pretraining on syn-
thetic data generated from an SQL2NL model trained
with 128 annotations and various self-training methods.
Design choices used in our final model are underlined.
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Figure 6: WTQ test accuracy (128-shot) using different
numbers of annotated and self-training SQL-NL pairs.

models can provide a better assessment.

Performance w.r.t. Number of Annotated and
Self-training Pairs Here we study the influence
of increasing either annotated or self-training SQL-
NL pairs. We use the SQL2NL model trained with
128 annotated pairs as a starting point, and addi-
tionally using more annotated or self-training pairs.
As shown in Fig. 6, using more annotated or self-
training pairs both improves over the initial perfor-
mance of 35.0%. However, the improvement due
to self-training still falls far behind the supervised
approach, demonstrating the challenge of learning
a robust SQL2NL model with very few annotations.
The increasing trend of self-training suggests that
further improvements may be provided by using
more pairs in self-training.

4.4 Analysis
Roles of Natural and Synthetic Data We quan-
titatively verified using the multitasking experiment
that natural and synthetic are complementary to

Cases favoring: Natural Synthetic

Avg #tok in questions / SQL 10.6 / 11.4 10.8 / 12.9
Avg #aligned question tok with tables 1.8 1.0

Table 5: Statistics of cases favoring natural vs synthetic
data. Numbers indicating advantages are in bold.
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Figure 7: Frequent SQL keywords in cases favoring
natural vs synthetic data. Keywords with a large fre-
quency difference are annotated with frequencies.

each other, with the hypothetical reason that natu-
ral data excels at enhancing alignment while syn-
thetic data is more targeted on endowing reasoning
capabilities. Our analysis on cases where natural
pretraining succeeds but synthetic fails and the op-
posite cases confirms that this is indeed the case.
Enabled by the fine-grained annotation in SQUALL
(Shi et al., 2020), we compare OmniTab trained on
natural or synthetic data separately in the 128-shot
setting, and study on the two groups of cases in the
development set of WikiTableQuestions. Based on
309/315 cases favoring natural/synthetic pretrain-
ing, we witness a clear distinction on the average
number of question tokens aligned with tables be-
tween the two groups in Tab. 5, indicating that
natural data is indeed more targeted at addressing
the alignment across formats. We also compute the
frequency of each SQL keyword for the two con-
trasting groups of cases. As shown in Fig. 7, cases
favoring synthetic data indeed involves reasoning-
rich keywords more frequently, such as “where =
( )” which are often used in nested queries, and
“count * id” which are often used in aggregation.

Performance under Topical Distributional Shift
Last, we analyze the robustness of OmniTab un-
der topical distributional shift on WTQ-TS, which
splits WTQ into five topics. We finetune OmniTab
on one topic (128-shot) and test the resulting model
on all five topics. As indicated by Tab. 6, OmniTab
outperforms TAPEX by a large margin across all
topics, validating the robustness of our methods
under topical shift.

5 Related Work

Table-based QA is a well-studied area from early
systems using structured queries as intermediate
steps (Krishnamurthy et al., 2017; Liang et al.,
2018; Wang et al., 2019; Yin et al., 2020; Yu et al.,
2021) to recent advances that generate answers in
an end2end fashion (Herzig et al., 2020; Liu et al.,

Train/test Sports Culture People Politics Misc

Sports +16.3 +14.1 +15.8 +14.4 +18.8
Culture +13.9 +12.7 +14.3 +13.0 +10.3
People +21.5 +14.6 +20.6 +14.6 +17.5
Politics +18.5 +14.3 +17.8 +16.0 +13.5
Misc +18.3 +14.7 +17.2 +14.6 +14.9

Table 6: Accuracy gain (128-shot) of OmniTab over
TAPEX when finetuned on one topic and tested on all.

2021). Our methods follow the end2end approach
because of its modeling simplicity and higher flex-
ibility. Given large amounts of table and text on
the web, table-based QA and other table-related
tasks such as semantic parsing (Deng et al., 2021;
Shi et al., 2021) and table understanding (Deng
et al., 2020; Wang et al., 2021) start witnessing
efforts invested in pretraining on both structured
and unstructured information. Most works leverag-
ing retrieval to find relevant information to assist
pretraining are designed for text format only (Guu
et al., 2020; Lewis et al., 2020a), while the major-
ity of table-based pretraining still use alignment
heuristics (Herzig et al., 2020; Yin et al., 2020).
There are some initial attempts to perform retrieval
over tables (Oğuz et al., 2020; Herzig et al., 2021;
Ma et al., 2021), but they mainly use tables as an
additional information source while we focus on
pairing tables with text for pretraining.

6 Conclusion

We propose an omnivorous pretraining approach
that consumes both natural and synthetic data to
enhance the ability to understand and align text and
tables and the ability to perform reasoning. Our
extensive results demonstrate the effectiveness of
both data and verify their complementary value.
Our empirical results together with the case analy-
sis indicate that omnivorous pretraining can indeed
benefit from the merits of both data, encouraging
future advances in retrieval and synthesis to obtain
higher-quality data and better pretraining strategies
to combine heterogeneous data.
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Abstract

Large language models are shown to memo-
rize privacy information such as social secu-
rity numbers in training data. Given the sheer
scale of the training corpus, it is challenging
to screen and filter all privacy data, either man-
ually or automatically. In this paper, we pro-
pose Confidentially Redacted Training (CRT),
a method to train language generation models
while protecting the confidential segments. We
borrow ideas from differential privacy (which
solves a related but distinct problem) and show
that our method is able to provably prevent un-
intended memorization by randomizing parts
of the training process. Moreover, we show
that redaction with an approximately correct
screening policy amplifies the confidentiality
guarantee. We implement the method for both
LSTM and GPT language models. Our experi-
mental results show that the models trained by
CRT obtain almost the same perplexity while
preserving strong confidentiality1.

1 Introduction

Language models (LM) have rich real-world ap-
plications in, among others, machine translation
(Bahdanau et al., 2015), AI chatbots (Hosseini-Asl
et al., 2020), question answering (Kwiatkowski
et al., 2019), and information retrieval (Ganguly
et al., 2015). The advent of transformers (Vaswani
et al., 2017) has fostered a dramatic advancement
in the capabilities of generative neural language
models, yet they come at a cost to privacy, as the
amount of excess parameters in the LM enables
it to memorize certain training samples. Recent
works show that sensitive user information from
the training dataset, such as address and name, can
be extracted verbatim from text generation mod-
els by querying the LM as an API (Carlini et al.,
2019, 2021; Lee et al., 2022). How to train a high-
performing language model without memorizing

1Our code is available at https://github.com/
XuandongZhao/CRT

sensitive text has become a major research chal-
lenge.

Existing solutions to this problem primarily
leverage differential privacy (DP) (Dwork et al.,
2006).

Differentially private learning algorithms ensure
that an attacker could not infer whether a data point
is used for training, let alone extracting the sensi-
tive information within that data point.

However, there are several mismatches between
the problem of privacy that DP addresses, and our
problem of preventing the memorization of sensi-
tive text (henceforth referred to as confidentiality).
First, confidential information in a natural language
dataset is sparse (e.g., the bulk of an email might
not carry confidential information). DP’s undis-
criminating protection for all sentences could be
unnecessarily conservative which limits the util-
ity of the trained model. Second, what needs to
be protected is the content of the sensitive text,
rather than the data context. For example, in the
sentence “My SSN is 123-45-6789.”, it is
the actual SSN that we hope to conceal rather than
the general information that someone entered her
SSN in a chatbot dialogue. Thirdly, the same sen-
sitive content could appear in many data points,
which makes the protection of the content more
challenging than protecting one data sample. These
differences motivate us to treat the problem of con-
fidentiality protection in LM separately with new
definitions.

Besides DP, we also consider classical tech-
niques of redaction and deduplication. Redaction
refers to the process of removing sensitive or classi-
fied information from a document prior to its publi-
cation in governmental and legal contexts. Dedupli-
cation is the procedure of detecting and removing
identical and nearly identical texts from a corpus.
The main challenge of applying these techniques is
that it is hard to manually redact a gigantic dataset
and automated tools are far from being perfect.
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SYS: Hello, I am the customer support 
bot. What do you need?

USR: Hello robot. Where is my package?

SYS: May I have your full name?

USR: Yes, James Bing.

SYS: We will need the shipping address 
as well.

USR: Ok, it is 81171 Nguyen Ford North 
Crystalbury, MO 52398.

SYS: The tracking number is VD98ID6CXJ. 
What else can I do?

USR: I have all I need.

SYS: Hello, I am the customer support 
bot. What do you need?

USR: Hello robot. Where is my package?

SYS: May I have your full name?

USR: Yes, James Bing.

SYS: We will need the shipping address 
as well.

USR: Ok, it is 81171 Nguyen Ford North 
Crystalbury, MO 52398.

SYS: The tracking number is VD98ID6CXJ. 
What else can I do?

USR: I have all I need.

false negative

SYS: Hello, I am the customer support 
bot. What do you need?

USR: Hello robot. Where is my package?

SYS: May I have your full name?

USR: Yes, James Bing.

SYS: We will need the shipping address 
as well.

USR: Ok, it is 81171 Nguyen Ford North 
Crystalbury, MO 52398.

SYS: The tracking number is VD98ID6CXJ. 
What else can I do?

USR: I have all I need.

SYS: Hello, I am the customer support 
bot. What do you need?

USR: Hello robot. Where is my package?

SYS: May I have your full name?

USR: Yes, James Bing.

SYS: We will need the shipping address 
as well.

USR: Ok, it is 81171 Nguyen Ford North 
Crystalbury, MO 52398.

SYS: The tracking number is VD98ID6CXJ. 
What else can I do?

USR: I have all I need.

Redaction with a
policy with recall 0.9
and high precision
compromises
confidentiality.

Redaction with a
policy with recall 1.0
but poor precision
results in useless data.

false positives

Our results:
1. Provable confidentiality ensures that these two are indistinguishable!
2. Approximate redaction policy amplifies the confidentiality guarantee.

Raw sensitive textPerfectly redacted text

Figure 1: An example from simulated dialog dataset CustomerSim. The yellow highlights are confidential
content (middle). Left shows the text after Redaction by a sequence labeling policy π. However, if the policy is not
perfect, there exists false negative or false positive samples as shown on the right.

The contribution of this paper is fivefold.

1. We show that in the absence of a perfect
screening policy, the risk of a language model
memorizing sensitive content is real and can
be efficiently exploited with only blackbox
access to the model even if the learning algo-
rithm satisfies the recently proposed notion of
selective differential privacy (Shi et al., 2021).

2. Inspired by differential privacy, we introduce
a new definition of confidentiality which pre-
cisely quantifies the risk of leaking sensitive
text.

3. We propose CRT to train language generation
models while protecting confidential text. The
method with deduplication and redaction oper-
ations work even under imperfect confidential
text labeling policies.

4. We theoretically prove that CRT, combined
with differentially private stochastic gradient
descent (DP-SGD), provides strong confiden-
tiality guarantees.

5. Our experiments on both MultiWOZ 2.2 and
CustomerSim datasets show that different
models trained by CRT can achieve the same
or better perplexity than existing solutions
(against the attacks of Carlini et al. (2019,
2021)).

To the best of our knowledge, we are the first that
rigorously establish the role of deduplication and

redaction in achieving provably stronger confiden-
tiality (or the related differential privacy) guaran-
tees; and the first that achieve provably confidential-
ity in transformer models with only a mild utility
loss.

2 Background & Related Work

Next, we briefly introduce the relevant background
and discuss the related work to put our work in
context.

Language modeling is a fundamental problem
in natural language processing (Devlin et al., 2019;
Howard and Ruder, 2018; Raffel et al., 2020).
Consider a text sequence that consists of mul-
tiple tokens from a vocabulary V , i.e., w =
(w1, w2, . . . , wn), where wi is the i-th token. The
goal of language modeling is to construct a gen-
erative model of the distribution Pr(w), by apply-
ing the chain rule Pr(w) =

∏n
i=1 Pr (wi | w<i) .

We let fθ(wi|w<i) denote the likelihood of token
wi when evaluating the neural network f with
parameters θ. A language model is trained to
maximize the probability of the data in a training
setW , by minimizing the negative log-likelihood
over each training example with the loss function
L(θ) = − log

∏n
i=1 fθ (wi | w<i) . Recurrent neu-

ral networks (RNNs) used to be a common choice
for the neural network architecture to estimate the
probability distribution Pr(w). (Hochreiter and
Schmidhuber, 1997; Mikolov et al., 2010). More
recently, large-scale Transformer-based language
models have replaced RNNs in state-of-the-art
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models for all sorts of NLP tasks (Vaswani et al.,
2017; Radford et al., 2019). Nevertheless, common
language models are vulnerable to privacy attacks
and possibly expose information about their sensi-
tive training data (Carlini et al., 2019, 2021).

Differentially private (DP) learning methods
(see, e.g., Abadi et al., 2016) has been applied to
language models as a blanket solution for a num-
ber of privacy and security risks. McMahan et al.
(2018) trained an RNN language model with DP
guarantees in a federated learning setup. Anil et al.
(2021) pre-trained BERT under DP on datasets with
hundreds of millions of examples. These paper
also demonstrated that DP can effectively prevent
data-extraction attacks in practice even for algo-
rithms with DP guarantees that are considered too
weak from a theoretical-perspective (e.g., ϵ = 8
or 16). However, the strong protection of DP of-
ten results in a substantial drop in the utility of the
trained model, which makes them less desirable in
practice. In fact, it was recently shown that it is
necessary for deep learning models to memorize
certain training data to achieve high accuracy (Feld-
man, 2020), which suggests that DP or any other
techniques that require the model to not memorize
any training data will perform poorly in the high-
dimensional, power-law distributed real datasets.
This motivates us to consider weakened models
that only prevent memorizing the sensitive part of
the text.

Recent works (Lee et al., 2022; Kandpal et al.,
2022) show that deduplication enables language
models to emit memorized text less frequently with
same or better accuracy. However, deduplicating
training datasets can not prevent all unintended
memorization. We combine deduplication and
redaction and then apply both techniques to the
training process of LM to achieve confidentiality
with provable guarantee.

The closest to us is perhaps the work of Shi
et al. (2021), who proposed selective differential
privacy (S-DP), which requires indistinguishability
between two datasets that differ only on a sensi-
tive message. Correspondingly, they propose an
algorithm (Selective DP-SGD) for training RNN
that adds noise only to the part of computation that
involves sensitive tokens. To define S-DP and to
run Selective DP-SGD, one needs to have access to
a policy function F which determines which token
is sensitive. This requirement limits the applicabil-
ity of their approach to those applications where

such perfect F is known. We note that even for
name-entity recognition the state-of-the-art model
is far from being perfect, and which part of the text
is considered sensitive is often ambiguous even
for human annotators. We will see that naively
running Selective DP-SGD with an approximate
policy function does not provide a meaningful con-
fidentiality guarantee and is vulnerable to practical
data extraction attacks. Finally, we note that in the
case when a perfect policy function is available, we
can simply use it for redaction, which provides a
perfect S-DP with ϵ = 0. A big part of our con-
tribution is to refine S-DP to a (slightly different)
definition called “confidentiality” and to demon-
strate that we use an approximate screening policy
to amplify the confidentiality parameter.

3 The CRT Method and Theory

In this section, we develop our method with prov-
able confidentiality.

3.1 Formally defining confidentiality
Let the dataset be a collection of n data points —
each being a sequence of tokens. A “secret” x
is a contiguous subsequence of tokens within a
data point that is considered sensitive or confiden-
tial. The goal of our research is to allow us to
train language models on such datasets that could
contain secrets while provably prevent the model
from remembering that these secrets were. We start
by defining a formal definition of confidentiality,
which uses the following idea of indistinguishabil-
ity from the DP literature.

Definition 1 (Indistinguishability). We say that a
pair of distributions P,Q defined on the same prob-
ability space are (ϵ, δ)-indistinguishable if for any
measurable set S,

Pr
P
[S] ≤ eϵ Pr

Q
[S] + δ.

Definition 2 (Confidentiality). We say that A en-
sures that a secret x is (ϵ(x), δ)-confidential, if
for any dataset D that contains x in one of its
data points, and an alternative dataset D′ that re-
places x inD with a generic <MASK>, it holds that
(A(D),A(D′)) are (ϵ(x), δ)-indistinguishable. In
addition, we simply say that A ensures (ϵ, δ)-
confidentiality if ϵ(x) ≤ ϵ for all secret x.

This definition ensures that an attacker cannot
distinguish from the output of A (the trained lan-
guage model) whether it was x or <MASK> that
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was used for training, thus formalizing the idea of
confidentiality. The protection should be viewed
as relative, rather than absolute. The definition
bounds the risk of any bad event by an multiplica-
tive factor of eϵ and an additive factor of δ, which
implies that anything that could happen when we
runA on the sensitive data could’ve happened with
with similar probability even if A runs on an alter-
native world where these sensitive information are
perfectly masked.

Connections to differential privacy. Our defi-
nition of confidentiality is related to (and inspired
by) (ϵ, δ)-differential privacy (DP) but is differ-
ent in several ways. DP is stronger (and im-
plies confidentiality!) requires A to ensure (ϵ, δ)-
indistinguishability for all D,D′ that can be mod-
ified from each other by adding or removing one
individual person / data point (or tokens, depend-
ing on the desired granularity); but for A to en-
sure (ϵ, δ)-confidentiality, it only requires (ϵ, δ)-
indistinguishability for specific D,D′ where D′

replaces x in D with <MASK>. Moreover, it is
more informative to define ϵ as a function of each
specific x, which is different from DP (it resembles
personalized DP (Ghosh and Roth, 2015)).

The confidentiality definition makes sense for
our problem because it protects the content of the
sensitive text x rather than its existence. Specif-
ically, a pre-processing algorithm that masks all
sensitive text ensures (0, 0)-confidentiality but does
not satisfy any non-trivial DP guarantees.

Sometimes, it is useful to consider the confiden-
tiality of multiple secret texts. For example, a se-
cret key x could appear multiple times in multiple
data points. Also, there might be multiple secret
texts that are correlated to each other such that the
knowledge of one would reveal other secrets.
Definition 3 (Group Confidentiality). We say that
A ensures that a list of sensitive texts S :=
[x1, ..., xk] is (ϵ(S), δ)-(group) confidential, if for
any dataset D that contains [x1, ..., xk] in up to k
data points, and D′ being the version that replaces
each element in S with <MASK>, it holds that
(A(D),A(D′)) are (ϵ(S), δ)-indistinguishable.

A special case of such group confidentiality is
when S collects the all secret text in D, which
protects all secret texts uniformly. We call this
uniform-confidentiality. Note that the standard def-
inition of confidentiality also protect every secret
x, except that it protects each secret x individually,
rather than together.

Inspired by the recent development of Bayesian
DP (Triastcyn and Faltings, 2020), we also define
Bayesian confidentiality as follows.

Definition 4 (Bayesian Confidentiality). Let D be
a dataset that is fixed except a random secret x ∼ µ
drawn from some distribution µ. Let D′ be ob-
tained by replacing x with <MASK>2. Then A en-
sures (ϵ, δ)-Bayesian Confidentiality if for any D′,
(A(D),A(D′)) is (ϵ, δ)-indistinguishable, where
A(D) is jointly distributed over x ∼ µ and A.

The Bayesian confidentiality measures how
much information an attacker could gain if he/she’s
prior knowledge about this secret x is described by
the distribution µ. This is a strict generalization
because when µ is a single point mass at x, it recov-
ers Definition 2. The additional generality allows
us to quantify the stronger confidentiality guaran-
tee against weaker adversaries without complete
information.

3.2 Confidentially redacted training

In this section we describe the CRT method to train
language models with provable confidentiality guar-
antee. It includes two pre-processing operations
(deduplication and redaction) and a switching opti-
mization procedure. The overall idea is to screen
the corpus into two separate sets, one public set in-
cluding sentences with no confidential information,
and one private set including sentences containing
confidential content. We then use normal optimiza-
tion algorithms (e.g. SGD) on the public set and
differential privacy optimizer (e.g. DP-SGD) on
the private set.

Deduplication. The deduplication procedure
Dedup detects all sentences that appear multiple
times in the training data and replace them into
a single <MASK> from the second occurrence on-
wards (<MASK> is for proving purpose).

Redaction. The redaction procedure Redactπ
takes applies a sequence labelling policy π to
screen confidential content in the training corpus
D. π(s, x) = 1 if a token x in a sentence s should
be confidential. The labeled span in each detected
sentence is replaced with a special token <MASK>.
Note that we do not assume the policy is perfect. It
may label some non-sensitive tokens as sensitive
(false positives) and label some sensitive text as
non-sensitive (false negative, or 1−recall).

2Notice that D′ is fixed even though x is random.
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Algorithm 1: CRT
Input :Dataset D (after tokenization /

splitting), labelling policies π, πc,
number of epochs T

1 D′ ← Dedup(D)
2 D′′ ← Redactπ(D′)
3 Dpri ← {s ∈ D′′|∃x ∈ s s.t. π(s, x) =

1 or ∃x ⊂ s s.t. πc(s, x) = 1}
4 Dpub = {s ∈ D′′|s /∈ Dpri}.
5 for e = 1, ..., T do
6 Run one epoch of SGD with Dpub.
7 Run one epoch3 of DP-SGD with Dpri.
8 end

Redact and Dedup could be implemented man-
ually, but with the large text corpus nowadays it
is more common that these procedures are im-
plemented using automated tools. For example,
Dedup could be implemented efficiently with just
one pass of data using a bloom filter (Bloom, 1970)
(or other hashing tricks that also catches near-
duplicates). Bloom filter in particular, enjoys the
nice property that it could have false positives but
never any false negatives. Redactπ could be real-
ized by a named entity recognition (NER) model or
a personal-identifiable information (PII) detector.

Finally, CRT combines the two pre-processing
steps with normal optimizer and DP-SGD, the stan-
dard algorithm for deep learning with differential
privacy. A pseudo-code of the algorithm is given
in Algorithm 1.

Besides using a sequence labeling policy π with
balanced precision/recall as part of the redaction
process. The algorithm uses another, more conser-
vative, policy πc with nearly perfect recall to decide
on the data points that do not contain sensitive text.
In the situation when such πc isn’t available, we
simply choose πc(s, x) = 1 for all tokens x in a
sentence s and the second part becomes the vanila
DP-SGD. It is also important that every data point
that contains a <MASK> requires protection.

3.3 Theoretical analysis

We analyze the theoretical properties of the above
method and show that they result in provable im-
provements in the (regular, group and Bayesian)

3DP-SGD uses Poisson-sampled Gaussian mechanisms
(with a random batchsize), thus cannot ensure all data points
are seen and some data points might be seen many times.
One epoch means the number of iterations that in expectation
covers |Dpri| data points.

confidentiality parameters for any algorithms that
are provably (ϵ(x), δ)-confidential as defined in
Section 3.1.

The following theorem captures the benefit of
redaction in improving confidentiality.

Proposition 5 (Confidentiality under redaction). If
A ensures (ϵ(x), δ)-Confidentiality for each token
x of sentence s ∈ S (S is a corpus), then A ◦
Redactπ ensures (ϵ̃(x), δ)-confidentiality with

ϵ̃(x) =

{
ϵ(x) if π(s, x) = 0

0 otherwise.

In addition, A ◦ Redactπ also satisfies
(ϵ̃(S), δ̃(S))-group confidentiality with

ϵ̃(S) =
∑

x∈s&s∈S
ϵ(x)1(π(s, x) = 0),

δ̃(S) = k̃eϵ̃(S)δ

where k̃ :=
∑

x∈S 1(π(s, x) = 0).

As an application of the above, if A ensures
(ϵ, δ)-confidentiality, and that the empirical recall
rates of the redaction policy on D is 1 − γ, then
the above proposition suggests that A ◦ Redactπ
improves the uniform-confidentiality over applying
A without redaction by a factor of γ. The proof is
in the appendix.

Redaction also improves Bayesian confidential-
ity in a way that mirrors the privacy amplification
by sampling from the DP literature.

Proposition 6 (Bayesian Confidentiality under
Redaction). If A ensures (ϵ, δ)-Bayesian Confi-
dentiality with respect to µ[x|π(s, x) = 0] for a
token x in a sentence s, then A ◦ Redactπ en-
sures (log(1 + γ(eϵ − 1)), γδ)-Bayesian Confiden-
tiality under µ if π has a false negative rate (i.e.,
1−“Recall”) of γ under µ.

The proposition says that if the redaction pol-
icy is accurate for secrets x ∼ µ, then we can
have a stronger confidentiality parameter that scales
roughly at ϵ̃ = O(γϵ). The idea behind the proof
is that over the distribution of x ∼ µ, with prob-
ability 1− γ, Redactπ(D) = Redactπ(D

′), thus
A◦Redactπ(D) ≡ A◦Redactπ(D′). With prob-
ability γ, Redactπ(D),Redactπ(D

′) are different
and conditioning on the fact that Redactπ fails to
detect x. Note that π is also applied to other text
that are not sensitive, and could result in false pos-
itives, but they do not matter as the modification

947



of Redactπ to D and D′ will be identical. A full
proof is given in the appendix.

Next we turn to deduplication.

Proposition 7 (Group confidentiality under
deduplication.). If A ensures (ϵ(S), δ(S))-
Group Confidentiality, then A ◦ Dedup ensures
(ϵ(Unique(S)), δ(Unique(S)))-Group Confiden-
tiality.

Deduplication provides a stronger protection for
those cases where some secret x could appear mul-
tiple times in the dataset.

Theorem 8. Let DP-SGD from Algorithm 1 satis-
fies (ϵ, δ)-differential privacy.

1. Assume πc(s, x) = 1 for all secret tokens x
in a sentence s such that π(s, x) = 0, then
Algorithm 1 satisfies (ϵ1(π(s, x) = 0), δ)-
confidentiality.

2. Let S be a group containing m unique secrets
such that πc(s, x) = 1∀x ∈ s and s ∈ S
and that π detects γ̃-proportion of the unique
secrets in S. Then Algorithm 1 satisfies
(γ̃mϵ, γ̃meγ̃mϵδ)-group confidentiality for S.

3. Let π, πc has a a recall of 1 − γ and 1 − δ2
respectively on µ, then Algorithm 1 satisfies
(log(1 + γ(eϵ − 1)), γδ + δ2)-Bayesian Con-
fidentiality for µ.

The theorem demonstrates that our CRT algo-
rithm enjoys a full suite of confidentiality guaran-
tees and they all benefit from the deduplication and
redaction, particularly if π has high recall.

Note that the CRT algorithm achieves the worst-
case confidentiality guarantee if we have a non-
trivial conservative screening policy that outputs
πc(x) = 1 for all secret x that π misses, or we sim-
ply run vanilla DP-SGD after deduplication and
redaction. On the other hand, CRT still satisfies
Bayesian confidentiality for each µ depending on
the recall rate of πc under µ.

4 Experiments

We evaluate CRT by training two types of language
model, LSTM and GPT-2, on two datasets: 1) Mul-
tiWOZ 2.2, a well-known human-written dialogue
dataset and 2) CustomerSim, a simulated dialogue
dataset for conversation generation.

MultiWOZ 2.2 is an already-public dialogue
dataset written by crowd-workers, which collects

over 10,000 annotated dialogues spanning 8 do-
mains (Zang et al., 2020). We use this dataset to
show how CRT works in real-world applications.
Following US Department of Labor’s guidance4 on
personal-identifiable information (PII), we treat all
confidential information (e.g. email address, ref-
erence number, telephone number, etc.) as secrets.
For the sequence labeling policy π and conserva-
tive policy πc, we build upon an NER model to do
redaction. See Appendix A.4 for more details.

CustomerSim. Following S-DP Shi et al. (2021),
we simulate a dialog dataset called CustomerSim
with synthetic user information. The dialog flow is
simulated based on a fixed agenda and the language
generation is template-based (Zhao and Eskénazi,
2018). CustomerSim consists of 10 thousand ex-
amples and over one million tokens. We treat user
name, address, phone number, order, and tracking
number as secrets, and use a regular expression
tester (regex) to detect them for the redaction pro-
cess.

Experiment details. For LSTM model, we fol-
low the setting in S-DP to choose a one-layer
LSTM. Because S-DP requires hidden states of
the sensitive input to be protected, it doesn’t sup-
port more layers nor Bidirectional LSTM. Since
the advent of Transformers (Vaswani et al., 2017)
significantly improves the capabilities of generative
language models, we also test transformer-based
language model GPT-2 (Radford et al., 2019) from
HuggingFace (Wolf et al., 2019). As for deduplica-
tion, we use SHA-1 (Jarvinen, 2004) hash function
to encode sequences to SHA-1 hash code and then
remove identical sequences based on the same hash
code. For Bayesian Confidentiality, we treat the
uniform distribution over the secret sequences as
the distribution µ. More experiment details can be
found in Appendix A.3.

Baselines. For LSTM model, we compare four
different training approaches: (1) vanilla SGD
(denoted by "Non-private-LSTM"), (2) Selective
DPSGD (denoted by "S-DP-LSTM") (3) DPSGD
(denoted by "DPSGD-LSTM") and (4) confiden-
tially redacted training (denoted by "CRT-LSTM").
While for GPT-2 model, we compare three dif-
ferent training approaches: (1) vanilla SGD (de-
noted by "Non-private-GPT"), (2) DPSGD (de-
noted by "DPSGD-GPT") and (3) CRT (denoted by
"CRT-GPT"). Our implementation of S-DP-LSTM

4https://www.dol.gov/general/ppii
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Figure 2: Model utility and confidentiality guarantee on MultiWOZ 2.2 and CustomerSim datasets with µ being a
uniform distribution over the secret sequences in each dataset. PPL: Perplexity on the test set. ϵ: Privacy guarantee
in Bayesian Confidentiality. We fix δ = 8e− 5 for all models. Since Selective DP-SGD with approximate policy
gives ϵ = +∞, we show its result with a perfect screen policy. But when a perfect policy is available, Redaction
only gives ϵ = 0 and achieves the PPL of vanilla training with no noise added (Non-private-GPT/LSTM). For other
models we set γ = 0.1 to show the result under approximate policy.

model is built upon Shi et al. (2021)5. We run
the experiment for the GPT-2 model following Li
et al. (2021)6, in which they propose ghost clipping
method to alleviate the computational challenge of
running DP-SGD with large Transformers.

All the models are trained five times to reduce
randomness, and the parameters are tuned based
on the validation set performances.

5 Experimental Results

5.1 Evaluation procedure
We need to evaluate both model utilities and privacy
guarantees of the language models. We measure
predictive perplexity (PPL) for the quality of LM.
We also analyze the theoretical privacy budget (ϵ,
δ) and test whether language models are private
under attacks detailed below.

Canary insertion attack. Canary insertion is
proposed as a testing methodology for quantita-
tively assessing the risk of unintended memoriza-
tion (Carlini et al., 2019). It inserts random se-
quences called canaries into the training dataset,
then trains the model, and finally calculates the
following exposure for the inserted canaries to
measure a model’s potential for privacy risks. In
our experiment, we randomly generate 10 ca-
naries in the form of "My ID is: <random
6-digit number here>". Each canary is in-
serted into the training dataset 20 times to generate
more salient differences between models.

Definition 9 (Canary Exposure). Given a canary
s[r], a model with parameters θ, and the random-
ness spaceR, the exposure of s[r] is

exposureθ = log2 |R| − log2 rankθ(s[r])
5https://github.com/wyshi/lm_privacy
6https://github.com/lxuechen/private-transformers

After training, we calculate empirical model per-
plexity for all possibly-instantiated canaries and list
them in sorted order. Then we can get the canary
exposure based on the rank of a specific canary se-
quence rankθ(s[r]) and the number of all possible
candidates |R|. In our setting, we show the highest
canary exposure in 10 canaries. For example, if a
canary ranks 1st among 1M candidates, the canary
exposure is 19.93.

Membership inference attack. Membership In-
ference is a widely used privacy attack method.
Given a non-privately trained model, an adversary
can predict whether or not a particular example
was used to train the model. We adopt the member-
ship inference attack in Carlini et al. (2021). The
general idea is to calculate the given samples’ per-
plexities under the model, rank them and choose
the ones with the lowest perplexities, i.e., highest
likelihood by the model. We can think of this pro-
cess as training a binary classifier based on the
perplexity feature. We also implement the group
membership inference attack to show the group
confidentiality. More details about the implementa-
tion can be found in the Appendix A.5.

5.2 Overall performance

Figure 2 presents the results of model utilities and
confidentiality guarantees across our models of in-
terest on MultiWOZ 2.2 and CustomerSim datasets.
Each point denotes a model for different epochs in
a training process. Since the X-axis is ϵ in Bayesian
Confidentiality (the lower the better) and the Y-axis
is perplexity (the lower the better), a perfect model
will lie in the bottom-left corner. CRT-GPT and
DPSGD-GPT in general, perform better than S-DP-
LSTM, CRT-LSTM and, DPSGD-LSTM on the
test sets. Our model CRT-GPT’s performance is
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close to Non-private-GPT in terms of PPL while
preserving strong confidentiality. Besides, CRT-
GPT is better than DPSGD-GPT manifested by a
much lower ϵ, which demonstrates that approxi-
mately correct screening policy amplifies the confi-
dentiality guarantee.

Differences can be witnessed in the results from
two different datasets: the models trained on Cus-
tomerSim achieve overall better performances than
those trained on MultiWOZ. We think it’s due to
the fact that CustomerSim contains simple dialogs
from template-based simulations.

5.3 Attack results
Figure 3, 4, and 5 present the results from canary
insertion attack and individual/group membership
inference attack on MultiWOZ 2.2 and Customer-
Sim datasets. The X-axis is the false negative rate
γ of screening policy π, ranging from 0.0 to 0.5;
the Y-axis is the canary exposure (in Figure 3) and
membership inference accuracy (in Figure 4 and 5),
which measures the effectiveness of the attacks.
The lower the canary exposure or inference ac-
curacy, the better protection the model provides
against the attacks.
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Figure 3: Canary insertion attack result. CRT achieves
almost 0 canary exposure, which means it can prevent
unintended memorization.

For canary insertion attack, it can be seen from
Figure 3 that the canary exposures for CRT-LSTM
and CRT-GPT are both close to 0 which thus guar-
antee excellent confidentiality. Non-private-LSTM
and Non-private-GPT with mask can also attain
great protection at perfect screening policy accu-
racy (γ = 0), nonetheless a rise in γ results in a
sharp increase in the exposure. It should be noticed
that S-DP-LSTM also has high exposure, similar
to Non-private models, given any γ above 0. This
is because that many sensitive data has been falsely
identified as non-sensitive by the approximate pol-
icy, S-DPSGD does not protect these false negative
samples and hence a privacy leakage.

For membership inference attack, we compare
the inference accuracy with the benchmark value of
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Figure 4: Membership inference attack result. CRT at-
tains nearly 50% accuracy, indicating that the adversary
could not infer whether a data point is used for training.
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Figure 5: Group membership inference attack result.

0.5, which equals the random guess performance.
In Figure 4 and 5, we see that CRT-LSTM and CRT-
GPT align well with the 0.5 horizontal line, suggest-
ing that they are rather safe to the attack. The infer-
ence accuracy for Non-private-LSTM/Non-private-
GPT/S-DP-LSTM, in contrast, surges above 0.5
as the false negative rate γ deviates from 0.0, indi-
cating that these models become vulnerable to the
attack under non-perfect screen policy. In addition,
Non-private and S-DP models show even worse
protection under the group attack than the individ-
ual one in view of a higher inference accuracy at
certain γ.
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Figure 6: Bayesian Confidentiality amplification result.
CRT helps to amplify the confidentiality guarantee.

5.4 CRT amplifies Bayesian Confidentiality
guarantees

Figure 6 shows that confidentially redacted train-
ing can help to amplify the confidentiality guaran-
tees. We set the ϵ′ in DP-SGD fixed and show the
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corresponding ϵ in Bayesian Confidentiality with
different screen policy π. Both ϵ′ and ϵ are for
δ = 8e− 5. If the approximately screening policy
π has a high recall (γ is small), we will achieve
much improvement in the Bayesian Confidentiality
parameter ϵ by deduplication and redaction. For
example, with (ϵ′ = 1.0, γ = 0.1), we reduce the
ϵ to 0.12.

6 Conclusion

In this paper, we propose confidentially redacted
training (CRT), a method to train language models
while protecting the secret texts. We introduce a
new definition of confidentiality which quantifies
the risk of leaking sensitive content. We prove the
effectiveness of CRT both theoretically and empiri-
cally on multiple datasets and language models.

7 Broader Impact

This work will alleviate ethical concerns of large-
scale pre-trained language models. This paper pro-
vides one promising solution to an important as-
pect of NLP: training high quality language models
for text generation without compromising confi-
dential information. The current use cases of lan-
guage models involve pretraining on public web
corpus and fine-tuning on individual application
data. However, the private application specific data
often contains user-generated sensitive information.
The proposed method in this paper aims to use
as much individual fine-tuning data as possible,
while does not leak or memorize any confidential
information with provable guarantees. Without the
method, one has to either use the general pretrain-
ing LM without fine-tuning or manually filter sen-
sitive information and fine-tuning on the remaining.
It can be applied in broader applications that need
language models or text generation models.

In our experiments, we use a simulation scheme
to mimic confidential content in a real corpus. We
did not compromise any real user’s confidential
information.
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A Appendix

A.1 Illustration of our proposed algorithm

SYS: Hello, I am the customer support 
bot. What do you need?

USR: Hi robot. It’s me again.

SYS: What is your full name?

USR: James Bing.

SYS: Is your shipping address still
81171 Nguyen Ford North 
Crystalbury, MO 52398?

USR: Yes!

SYS: The tracking number is KHSIDHUE25. 
What else can I do?

USR: Nothing else. Thank you!

SYS: Hello, I am the customer support 
bot. What do you need?

USR: Hello robot. Where is my package?

SYS: May I have your full name?

USR: Yes, James Bing.

SYS: We will need the shipping address 
as well.

USR: Ok, it is 81171 Nguyen Ford North 
Crystalbury, MO 52398.

SYS: The tracking number is VD98ID6CXJ. 
What else can I do?

USR: I have all I need.

Raw dataset
SYS: Hello, I am the customer support 

bot. What do you need?

USR: Hello robot. Where is my package?

SYS: May I have your full name?

USR: Yes, James Bing.

SYS: We will need the shipping address 
as well.

USR: Ok, it is 81171 Nguyen Ford North 
Crystalbury, MO 52398.

SYS: The tracking number is VD98ID6CXJ. 
What else can I do?

USR: I have all I need.

Redaction with an
approximate policy
with balanced
precision/recall.

Deduplication with
a Bloom filter.

SYS: Hello, I am the customer support 
bot. What do you need?

USR: Hi robot. It’s me again.

SYS: What is your full name?

USR: James Bing.

SYS: Is your shipping address still
81171 Nguyen Ford North 
Crystalbury, MO 52398?

USR: Yes!

SYS: The tracking number is KHSIDHUE25. 
What else can I do?

USR: Nothing else. Thank you!

Pre-processed dataset

Noise added to the
gradients of all data
points with a <MASK>
And all data points
selected by a policy
with nearly perfect
recall.

Selective noise-
adding DP-SGD<MASK>

<MASK>

<MASK>

<MASK>

<MASK>

<MASK>

with provable
confidentiality

<MASK>

GPT-2

Figure 7: An illustration of our proposed algorithm on a dataset with two data points. The first data point is the
example from Figure 1, and the second data point is modified to illustrate the various aspects of the pre-processing
steps. The red-colored mask indicates the masks produced by deduplication just for illustration purposes. In the
algorithm, both of them replace a sequence of tokens with the same special token <MASK>.

A.2 Proofs of technical results
Proof of Proposition 5. The first statement straigtforwardly follows from that Redactπ(D) =
Redactπ(D

′) if π(s, x) = 1 and that Redactπ(D) and Redactπ(D
′) remain a pair of neighbors differing

by only x. The group confidentiality claims follows from the standard calculation of small group privacy
from differential privacy, which applies the (single x) confidentiality iteratively. Let D̃ = Redactπ(D),
D̃′ = Redactπ(D

′) and S̃ = [x1, ..., xk̃] be the list of S that are not masked by π. For any measurable
event E

P[A ◦ Redactπ(D) ∈ E] = P[A(D̃)] ≤ eϵx1P[A(D̃−x1,+<MASK>) ∈ E] + δ

≤eϵx1+ϵ(x2)P[A(D̃−x1,2,+<MASK>2) ∈ E] + eϵx1δ + δ

...

≤e
∑k̃
i=1 ϵxiP[A(D̃′) ∈ E] + δ(1 + eϵx1 + eϵx1+ϵx2 + ...+ eϵx1+...+ϵxk̃−1)

≤eϵ̃(S)P[A ◦ Redactπ(D′) ∈ E] + keϵ̃(S)δ

Proof of Proposition 6. Consider a dataset D (in which one of the data point has x ∼ µ) and a fixed D′.
Denote the probability distributions p, q, r as shorthands for

p ∼ A ◦ Redactπ(D)|π(s, x) = 1

q ∼ A ◦ Redactπ(D)|π(s, x) = 0

r ∼ A ◦ Redactπ(D′)|π(s, x) = 0

Moreover, we use αp+ (1− α)q to denote the mixture distribution that samples from p with probability
α and q with probability 1− α.

Recall that the Hockey-Stick-divergence characterization of (ϵ, δ)-indistinguishsability (Barthe and
Olmedo, 2013), which says that (P,Q) are (ϵ, δ)-indistinguishsable if and only if

Heϵ(P∥Q) := Ey∼Q[(
dP

dQ
(y)− eϵ)+] ≤ δ.
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It suffices for us to bound the following quantity:

H1+γ(eϵ−1)(A ◦ Redactπ(D)∥A ◦ Redactπ(D′)) = Heϵ((1− γ)p+ γq∥(1− γ)p+ γr)

=γHeϵ(q∥(1− β)p+ βr) ≤ γ ((1− β)Heϵ(q∥p) + βHeϵ(q∥r))

where β = 1+γ(eϵ−1)
eϵ . In the above, the second line follows from Theorem 2 of (Balle et al., 2018) (an

identity called “Advanced Joint Convexity” by the authors) and the inequality is due to the (standard) joint
convexity of the Hockey-Stick divergence. It remains to bound Heϵ(q∥p) and Heϵ(q∥r).

Check that p, r,A ◦ Redactπ(D′) are identically distributed and that Heϵ(q∥r) ≤ δ by our assumption
on A’s Bayesian confidentiality guarantee w.r.t. µ(x|π(s, x) = 0). This completes the proof.

Proof of Proposition 7. The proof is straightforward as Dedup(D) differs from Dedup(D′) only by
Unique(S).

Proof of Theorem 8. The proof for the first statement follows from the fact that DP implies (ϵ, δ)-
confidentiality and Proposition 5. Notably, if πc catches all x that is missed by π, then we get that
for all secret x, ϵ(x) ≤ ϵ.

The proof of the second statement applies Proposition 7 and the second part of Proposition 5.
The proof of the third statement applies Proposition 6 but requires a separate treatment of the case when

x is missed by both π and πc. Let the event that a secret x is not selected by the conservative policy be E
and let A be a generic algorithm satisfying (ϵ, δ1) Bayesian confidentiality under µ,

P[A(D) ∈ S] ≤ P[A ◦ Redactπ(D) ∈ S ⊂ Ec] + δ

≤ eϵP[A(D′) ∈ S ⊂ Ec] + δ1 + δ2

≤ eϵP[A(D′) ∈ S] + δ1 + δ2.

This completes the proof.

A.3 More details on experiments
We choose the one-layer LSTM with an embedding size of 200 and a hidden size of 200. We choose
distill-gpt27 as the GPT-2 model, which has 6 layers, 768 dimension and 12 heads. Vocabulary size
for GPT-2 is 50257. Our experiments are conducted on NVIDIA TITAN-Xp GPU. For LSTM models,
we tune the hyperparameters of the learning rate (lr) among {20, 10, 5, 1, 0.1, 0.05, 0.01}, batch size
(bs) and the epochs among {5, 10, 30, 50, 100}. We finally choose {lr=20, bs=256, epochs=50} for
Non-private-LSTM, {lr=0.1, bs=5, epochs=50} for S-DPSGD-LSTM and {lr=0.05, bs=10, epochs=100}
for CRT-LSTM. The same set of hyperparameters are tuned for GPT model as well. Our final choice
for DPSGD-GPT/CRT-GPT model is {lr=5e-4, bs=256, epochs=10}. The actual run-time of algorithms
depends on implementation details. Here, we outline estimates of the run-time for training. Running one
epoch on CRT-LSTM takes 2 hours wheras the same task on CRT-GPT only takes 30 minutes since the
implementation of Li et al. (2021) is highly efficient. We use autodp8, an automating differential privacy
computation for the privacy analysis. Noise scale σ is calculated numerically so that a DP budget of (ϵ, δ)
is spent after T epochs.

A.4 Redaction policy details
We build the sequence labeling policy based on trimming one NER model9 trained on OntoNotes-5.0
(Weischedel et al., 2013) dataset. We modify the last layer of the NER model and set the threshold for the
output scores to enable abnormal/sensitive data detection. For the screen policy π, we set the threshold to
be 0.3 for all predictions with OntoNotes tags. For the conservative policy πc, we select all predictions
with tags and all plain texts with scores smaller than 0.9 to be sensitive data. We manually label 200 data
points and find that the conservative policy πc can achieve 100% recall with lots of false positives and that
π can achieve 90% recall with few false positives.

7https://huggingface.co/distilgpt2
8https://github.com/yuxiangw/autodp
9https://huggingface.co/flair/ner-english-ontonotes-fast
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A.5 Membership inference attack details
In our experiments, we manually construct a dataset with 2000 sequences. We select 1000 sequences from
the protected secrets used in the training data. And we randomly generate 1000 samples of similar format
which are not used in the training data. In this way, a random guess generates an accuracy of 50%. For
MultiWoz 2.2, we use sentences with reference numbers as the secrets. For CustomerSim, we choose
customer addresses as the secrets.

In order to show group confidentiality guarantees, we also conduct group membership inference attack.
In this setting, we construct a dataset with 2000 groups, each of which includes 20 sentences. One half of
the groups are “sensitive groups" with all 20 sentences drawn from protected secrets and the other half are
"insensitive groups" with all 20 sentences being random. We build the classifier based on the sum of the
perplexities in one group.

A.6 “The devil is in the details” – how things could go wrong with seemingly inocuous changes to
the algorithm.

In this section, we highlight various aspects of our algorithms and why certain choices in the pre-processing
steps need to be done in the specific way we recommend for our results to hold for them.

1. It is important that the definition of confidentiality is defined with respect to a perfectly redacted
version of the dataset. If we define it as in selective differential privacy, then there will not be an
amplification effect from redaction. This is because if we replace a secret x that can be detected
by π with another x′ that cannot be detected by π, then even if x is replaced with <MASK>, x′ will
not be and the two datasets are still different after redaction. In addition, the S-DP definition will
not be useful for us we do not know how to define a confidentiality parameter specific for each x or
Bayesian confidentiality parameter for each µ

2. Tokenization and splitting into individual “sentences” (data points) should go before redaction / de-
duplication. Otherwise redaction with an approximate screening policy and with an ideal screening
policy, or deduplication may cause misalignments, resulting in almost all data points being different
in the preprocessed version of D and D′.

3. Each data point should contain only “whole” natural sentences, otherwise the sensitive part of a
natural sentence could split into two data points.

4. Deduplication steps should replace duplicate text with the same <MASK>, otherwise
<MASK_Dedup> and <MASK_Redact> are not the same so even if all secrets are masked, there
will be a difference between the pre-processed versions of D and its neighbor, while in our approach
there are no differences and we achieve perfect confidentility (with ϵ = 0).

5. Any data point containing <MASK> needs to be put in Dpri. This is because otherwise our algorithm
that works onD′ will be a deterministic algorithm that is perfectly distinguishable from the alternative
world where the algorithm is random because the approximate policy π fails to redact certain secrets
x.

6. In the DP-SGD algorithm, the sampled minibatches should contain the whole minibatch from Dpri

or the whole minibatch from Dpub. Otherwise the noise always need to be added and the algorithm is
identical to the vanilla DP-SGD, and there is no benefit of having a portion of the data being public
comparing to all of the data are private.

955



Proceedings of the 2022 Conference of the North American Chapter of the Association for Computational Linguistics:
Human Language Technologies, pages 956 - 968

July 10-15, 2022 ©2022 Association for Computational Linguistics

KAT: A Knowledge Augmented Transformer for Vision-and-Language

Liangke Gui§‡ Borui Wang†‡ Qiuyuan Huang‡
Alex Hauptmann§ Yonatan Bisk§‡ Jianfeng Gao‡

§Carnegie Mellon University †Yale University ‡Microsoft Research
{liangkeg, alex, ybisk}@cs.cmu.edu

borui.wang@yale.edu, {qihua, jfgao}@microsoft.com

Abstract

The primary focus of recent work with large-
scale transformers has been on optimizing the
amount of information packed into the model’s
parameters. In this work, we ask a complemen-
tary question: Can multimodal transformers
leverage explicit knowledge in their reasoning?
Existing, primarily unimodal, methods have
explored approaches under the paradigm of
knowledge retrieval followed by answer predic-
tion, but leave open questions about the qual-
ity and relevance of the retrieved knowledge
used, and how the reasoning processes over
implicit and explicit knowledge should be in-
tegrated. To address these challenges, we pro-
pose a - Knowledge Augmented Transformer
(KAT) - which achieves a strong state-of-the-
art result (+6% absolute) on the open-domain
multimodal task of OK-VQA. Our approach
integrates implicit and explicit knowledge in
an encoder-decoder architecture, while still
jointly reasoning over both knowledge sources
during answer generation. Additionally, ex-
plicit knowledge integration improves inter-
pretability of model predictions in our analysis.
Code and pre-trained models are released at
https://github.com/guilk/KAT.

1 Introduction

There has been a revival of interest in knowledge-
intensive tasks which require an external knowl-
edge source for humans to perform. Many applica-
tions in real-world scenarios, such as autonomous
AI agents, need to seamlessly integrate implicit
(i.e., commonsense) and explicit knowledge (e.g.,
Wikidata) to answer questions. In this work, we
investigate how to effectively integrate implicit and
explicit knowledge for reasoning. Tasks like Out-
side Knowledge Visual Question Answering (OK-
VQA) (Marino et al., 2019) require that models use
knowledge not present in the input to answer ques-

Work done when Liangke and Borui interned at Microsoft
Research.

Figure 1: Examples of knowledge-based VQA that re-
quires external knowledge. Success on this task requires
not only visual recognition, but also logical reasoning
to incorporate external knowledge about the world.

tions, making it an ideal test bed for investigating
this implicit-explicit knowledge trade-off.

Consider the examples from OK-VQA shown in
Figure 1. To answer the question in the left exam-
ple, the system needs to both ground organism to
bird through explicit knowledge and then apply the
implicit knowledge birds evolved from reptiles to
answer the question. Similarly for the question in
the right example, the system needs to recognize
boats and harbor and requires the implicit knowl-
edge anchors are used to stop boats from moving.
A key challenge here is to accurately link image
content to abstract external knowledge. There have
been a number of recent developments demonstrat-
ing the feasibility of incorporating external knowl-
edge into Question Answering models (Wang et al.,
2017b; Li et al., 2020b; Marino et al., 2021; Wu
et al., 2022; Garderes et al., 2020). Existing meth-
ods first retrieve external knowledge from external
knowledge resources, such as DBPedia (Auer et al.,
2007) and ConceptNet (Liu and Singh, 2004) be-
fore jointly reasoning over the retrieved knowledge
and image content to predict an answer.

However, most existing approaches have several
drawbacks. First, explicit knowledge retrieved us-
ing keywords from questions or image tags may be
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too generic, which leads noise or irrelevant knowl-
edge during knowledge reasoning. Second, exist-
ing work mainly focuses on explicit knowledge
which is often in the form of encyclopedia articles
or knowledge graphs. While this type of knowl-
edge can be useful, it is insufficient to answer many
knowledge-based questions. As shown in Figure 1,
questions require the system to jointly reason over
explicit and implicit knowledge, which is analo-
gous to the way humans do. To address these
challenges, we propose an approach, KAT, to ef-
fectively integrate implicit and explicit knowledge
during reasoning. The main contributions of our
work are as follows:
i) Knowledge extraction. We adopt two novel
methods for knowledge extraction that significantly
improve the quality and relevance of extracted
knowledge: for implicit knowledge, we design
new prompts to extract both tentative answers and
supporting evidence from a frozen GPT-3 model;
for explicit knowledge, we design a contrastive-
learning-based explicit knowledge retriever using
the CLIP model, where all the retrieved knowledge
are centered around visually-aligned entities.
ii) Reasoning in an encoder-decoder trans-
former. We design a novel reasoning module
in KAT to perform jointly reasoning over explicit
and implicit knowledge during answer generation,
which is trained by using an end-to-end encoder-
decoder transformer architecture.
iii) OK-VQA performance. KAT sets a new state
of the art on the challenging OK-VQA (Marino
et al., 2019) benchmark, and significantly outper-
forms existing approaches.

2 Related Work

Vision-Language Transformer. Multimodal
transformers have made significant progress
over the past few years, by pre-trained on large-
scale image and text pairs, then finetuned on
downstream tasks. VisualBERT (Li et al., 2019),
Unicoder-VL (Li et al., 2020a), NICE (Chen
et al., 2021b), and VL-BERT (Su et al., 2020)
propose the single-stream architecture to work
on both images and text. ViLBERT (Lu et al.,
2019) and LXMERT (Tan and Bansal, 2019)
propose a two-stream architecture to process
images and text independently and fused by a
third transformer in ta later stage. While these
models have shown to store in-depth cross-modal
knowledge and achieved impressive performance

on knowledge-based VQA (Marino et al., 2021;
Wu et al., 2022; Luo et al., 2021), this type of
implicitly learned knowledge is not sufficient to
answer many knowledge-based questions (Marino
et al., 2021). Another line of work for multimodal
transformers, such as CLIP (Radford et al., 2021)
or ALIGN (Jia et al., 2021), aligns visual and
language representations by contrastive learning.
These models achieve state-of-the-art performance
on image-text retrieval tasks. Different from
existing work that uses multimodal transformers as
implicit knowledge bases, we focus primarily on
how to associate images with external knowledge.
Importantly, our model only relies on multimodal
transformers learned by contrastive learning which
do not require any labeled images. This makes our
model more flexible in real-world scenarios.

Knowledge-based VQA. Some Knowledge-
based visual language tasks requires external
knowledge beyond the image to answer a ques-
tion. Early exploration, such as FVQA (Wang
et al., 2017a), creates a fact-based VQA dataset
by selecting a fact (e.g., <Cat, CapableOf, Climb-
ingTrees>) from a fixed knowledge base. A recent
Outside Knowledge VQA (OK-VQA) dataset is a
more challenging dataset, covering a wide range of
knowledge categories. In our work, we focus on
OK-VQA due to its large-scale knowledge-based
questions as well as its open-ended nature.

Recent approaches have shown a great potential
to incorporate external knowledge for knowledge-
based VQA. Several methods explore aggregat-
ing the external knowledge either in the form
of structured knowledge graphs (Garderes et al.,
2020; Narasimhan et al., 2018; Li et al., 2020b;
Wang et al., 2017a,b), unstructured knowledge
bases (Marino et al., 2021; Wu et al., 2022; Luo
et al., 2021), and neural-symbolic inference based
knowledge (Chen et al., 2020; West et al., 2021).
In these methods, object detectors (Ren et al., 2015)
and scene classifiers (He et al., 2016) are used to
associate images with external knowledge. Fur-
ther, external APIs, such as Google (Wu et al.,
2022; Luo et al., 2021), Microsoft (Chen et al.,
2021a; Yang et al., 2022) and OCR (Luo et al.,
2021; Wu et al., 2022) are used to enrich the asso-
ciated knowledge. Finally, pre-trained transformer-
based language models (Chen et al., 2021a; Yang
et al., 2022), or multimodal models (Wu et al.,
2022; Luo et al., 2021; Wu et al., 2022; Garderes
et al., 2020; Marino et al., 2021) are leveraged as
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implicit knowledge bases for answer predictions.
Different from previous approaches, Our work

aims to develop a single, unified architecture,
by jointly reasoning over explicit and implicit
knowledge to augment generative language models.
While part of our approach is similar to PICa (Yang
et al., 2022) which considers GPT-3 as implicit
knowledge base, our model takes one step further
by showing that how explicit and implicit knowl-
edge can be integrated during knowledge reasoning.
Another similar work Vis-DPR (Luo et al., 2021)
collects a knowledge corpus from training set by
Google Search which is specific to a certain dataset.
Our proposed model is more generic by collecting
entities from Wikidata and not limited to the train-
ing set.

Open-Domain Question Answering (ODQA).
ODQA is the NLP task of answering general do-
main questions, in which the evidence is not given
as input to the system. Several approaches (Chen
et al., 2017; Karpukhin et al., 2020) propose to
predict the answers by first retrieving support doc-
ument from Wikipedia, before extracting answers
from the retrieved document. Recent works (Izac-
ard and Grave, 2020; Lewis et al., 2020b) combine
text retrieval models with language generative mod-
els which achieve state-of-the-art performance on
knowledge-intensive natural language processing
tasks. Similar to these works as part of our method,
we extend this framework to VQA domain and
show the effectiveness of aggregating explicit and
implicit knowledge for knowledge-based VQA.

3 Method

3.1 Overview

When humans reason about the world, they process
multiple modalities and combine external and inter-
nal knowledge related to these inputs. Inspired by
this idea, we introduce a new KAT approach. The
overview of the proposed KAT model is shown in
Figure 2. We define the knowledge from explicit
knowledge bases as the explicit knowledge, and
the knowledge stored in large-scale language mod-
els as the implicit knowledge (i.e., implicit com-
monsense knowledge). We describe the retrieval
method of our explicit knowledge (§3.2) and the
retrieval method of our implicit knowledge (§3.3).
Next, we introduce the details of our knowledge
reasoning module which jointly reasons over both
explicit and implicit knowledge (§3.4).

Problem Formulation. We apply our KAT on
OK-VQA task in this paper. Formally, given a
training dataset D = {(vi, qi, ai)}si=1, where vi
denotes the ith training image; s is the total num-
ber of the training images; qi and ai represent the
ith question and its corresponding answer, respec-
tively. We use a sequence-to-sequence model that
is composed of an encoder and a decoder, which
is a comparison method of T5 (Raffel et al., 2020)
or BART (Lewis et al., 2020a). Let θ be the pa-
rameters of the model p that needs to be trained.
Unlike previous approaches that treat this task as
a classification problem (Wu et al., 2022; Marino
et al., 2021), our model is to take vi and qi as inputs
and generate the answer ai in an auto-regressive
manner. It should be noted that our proposed model
tackles a more challenging problem. As the gen-
erated answer may contain an arbitrary number of
words from the entire vocabulary.

3.2 Explicit Knowledge Retrieval

3.2.1 Explicit Knowledge Extraction

Given an image vi and corresponding question qi,
it is important to ground image regions with fine-
grained descriptions, which is conducive to under-
standing both the image content and the question
with the referred items. Existing approaches (Rad-
ford et al., 2021; Jia et al., 2021) on OK-VQA apply
object detectors to generate image tags which are
used for explicit knowledge retrieval. Such image
tags can be generic and have a limited vocabulary
size, leading noise or irrelevant knowledge. Mo-
tivated by the recent progress of visual-semantic
matching approaches (Radford et al., 2021; Jia
et al., 2021), we leverage a contrastive-learning-
based model to associate image regions with exter-
nal knowledge bases.

Similar to the previous work (Marino et al., 2021;
Luo et al., 2021) which uses a subset of exter-
nal knowledge, we construct an explicit knowl-
edge base that covers the 8 categories of animals,
vehicles and other common objects from Wiki-
data (Vrandecic and Krotzsch, 2014). The details
can be found in Section 3.2.2. We denote the con-
structed knowledge base as K. Each knowledge
entry e from K is a concatenation of the entity and
its corresponding description.

The goal of our explicit knowledge retriever is
to index all knowledge entries in dr-dimensional
dense representations by a dense encoder Eent(·),
such that it can efficiently retrieve the top m knowl-

958



Figure 2: Our KAT model uses a contrastive-learning-based module to retrieve knowledge entries from an explicit
knowledge base, and uses GPT-3 to retrieve implicit knowledge with supporting evidence. The integration of
knowledge is processed by the respective encoder transformer, and jointly with reasoning module and the decoder
transformer as an end-to-end training with the answer generation.

edge entries relevant to each input image. Given
an image vi, we use a sliding window with a stride
to generate N image regions {v1i , ..., vNi }. Then
an image encoder Eimg(·) is applied to map each
patch to a dr-dimensional dense representation, and
retrieves k knowledge entries from K whose rep-
resentations are closest to the patch-level represen-
tation. To define the similarity score between the
image region vji and the entity e, we use the inner
product of their normalized representations:

sim(vji , e) = Eent(e)
TEimg(v

j
i ). (1)

In total, we retrieve the top N × k knowledge en-
tries relevant to image vi. We keep top-m knowl-
edge entries ranked by similarity scores as explicit
knowledge source xexp.

In principle, the image and knowledge entry en-
coders can be implemented by any multimodal
transformer. We use the CLIP model (ViT-B/16
variant) (Radford et al., 2021) in our work and take
the [CLS] as representations. We pre-extract rep-
resentations of the knowledge entries in the knowl-
edge base K using the entity encoder Eent and
index them using FAISS (Johnson et al., 2019).
The qualitative example for the extracting explicit
knowledge model is presented in Appendix A.

3.2.2 Knowledge Base Construction
We use the English Wikidata (Vrandecic and
Krotzsch, 2014) dump from Sep. 20, 2021 as
the explicit knowledge source base which contains
95, 870, 584 entities. Each data item is stored in

a structured format constituted of property-value
pairs. Properties are objects and have their own
Wikidata pages with labels, aliases, and descrip-
tions. We extract a subset that covers common
objects in real-world scenarios. We remove all
entities whose string labels or corresponding de-
scriptions are empty or non-English. This results
in a total of 423, 520 entity triplets in the end (e.g.,
<Q2813, Coca-Cola, carbonated brown colored
soft drink>) (See Table 1).

Subclass Number
Role (Q214339) 162,027
Point of interest (Q960648) 85,900
Tool (Q39546) 78,621
Vehicle (Q42889) 44,274
Animal (Q729) 18,581
Clothing (Q11460) 17,711
Company (Q891723) 12,173
Sport (Q349) 4,233
Total 423,520

Table 1: We collect a subset of Wikidata that covers com-
mon objects in real-life scenarios as our explicit knowl-
edge base. Above are statistics of these subclasses.

3.3 Implicit Knowledge Retrieval
While our explicit knowledge retriever focuses
on semantic matching between image regions and
knowledge entries, it lacks implicit commonsense
knowledge (e.g., Lemons are sour) which is usu-
ally stored in large-scale language models (Brown
et al., 2020). In this section, we retrieve implicit
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knowledge with supporting evidence by prompting
from a large-scale pre-trained language model.

We design our implicit knowledge retriever with
inspirations from the previous work (Yang et al.,
2022). We leverage GPT-3 as an implicit language
knowledge base and treat VQA as an open-ended
text generation task. For each image-question pair,
we first convert the image vi into a textual de-
scription C via a state-of-the-art image caption-
ing model (Li et al., 2020c), and then construct
a carefully designed text prompt consisting of a
general instruction sentence, the textual descrip-
tion C, the question, and a set of context-question-
answer triplets taken from the training dataset that
are semantically most similar to the current image-
question pair (see Figure 7 in Appendix B for a
concrete example). We then input this text prompt
to the GPT-3 model in its frozen version and ob-
tain the output from GPT-3 as the tentative answer
candidate to the current image-question pair.

To gain deeper insights from the implicit knowl-
edge coming out of GPT-3 and its rationale, we
design another prompt to query GPT-3 for support-
ing evidence behind the tentative answer candidate
that it generates. More specifically, for each image-
question pair (vi, qi), and for a tentative answer a
generated by GPT-3, we construct the prompt in
the form of: “(question qi)? (answer a). This is
because” to query GPT-3 for supporting evidence
(see Figure 6 in Appendix B for a concrete exam-
ple). We finally compile both the tentative answers
and the corresponding supporting evidence from
GPT-3 as implicit knowledge source ximp.

3.4 KAT Model

As showed in the Figure 2, the explicit knowl-
edge entries are from an image, which are con-
cerned with semantic matching of the image re-
gions. These knowledge entries could be noisy or
irrelevant to its corresponding question. Moreover,
some of the supporting evidence prompted from
GPT-3 is generic or not related to image content.
Simple concatenation of different knowledge may
introduce noise during model training. We design
a knowledge reasoning module with inspirations
from the previous work (Karpukhin et al., 2020).
Our knowledge reasoning module encodes each
question and knowledge pair separately, and jointly
reason over both explicit and implicit knowledge
when generating an answer.

Encoder. We concatenate question qi with each
knowledge as a question-knowledge pair. Firstly,
we add sentinel tokens question:, entity:
and description: before the question, the
retrieved entity, and its description separately.
Similarly, we add sentinel tokens question:,
candidate: and evidence: before the ques-
tion, the tentative answer, and its evidence. Sec-
ondly, we use an embedding layer followed by a
sequence of encoder layers to encode the question-
knowledge pairs separately. We average the token
embeddings of each question-knowledge pair from
the last encoder layer, which results in an embed-
ding matrix of explicit knowledge Xexp ∈ Rm×d

and implicit knowledge Ximp ∈ Rp×d, where d,
m and p are the embedding dimension, the num-
ber of explicit knowledge xexp, and the number of
implicit knowledge ximp, respectively.

Reasoning Module. To jointly reason over im-
plicit and explicit knowledge, we concatenate the
embeddings of explicit and implicit knowledge
form a global representation X ∈ R(m+p)×d. The
cross-attention module takes the global represen-
tation X of the encoder as the input. Let H ∈ Rd

be the output of the previous self-attention layer of
the decoder. By definition (Vaswani et al., 2017),
the scaled dot-product attention can be expressed
as:

Qv = softmax(
QKT

√
d

)V, (2)

where queries Q, keys K, and values V are com-
puted by applying linear transformations: Q =
WQH,K = WKX,V = WVX . The attended
representation Qv is a weighted sum of the values,
and implies that our model performs a joint rea-
soning over explicit and implicit knowledge when
generating answers.

Decoder. We feed the embeddings of explicit and
implicit knowledge to a sequence of decoder layers
for answer generation. We train our model with a
cross-entropy loss:

LCE = −
n∑

t=1

log pθ(yt|y<t, xexp;ximp), (3)

where yt is predicted autoregressively.
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Method Knowledge Resources Acc (%)
N

o
kn

ow
le

dg
e Q only (Marino et al., 2019) - 14.93

Vanilla T5 - 18.56
MLP (Marino et al., 2019) - 20.67
BAN (Marino et al., 2019) - 25.1
MUTAN (Marino et al., 2019) - 26.41

W
ith

kn
ow

le
dg

e BAN+AN (Marino et al., 2019) Wikipedia 25.61
BAN+KG-AUG (Li et al., 2020b) Wikipedia+ConceptNet 26.71
MUTAN+AN (Marino et al., 2019) Wikipedia 27.84
ConceptBERT (Garderes et al., 2020) ConceptNet 33.66
KRISP (Marino et al., 2021) Wikipedia+ConceptNet 38.35
Vis-DPR (Luo et al., 2021) Google Search 39.2
MAVEx (Wu et al., 2022) Wikipedia+ConceptNet+Google Images 39.4

G
PT

-3 PICa-Base (Yang et al., 2022) Frozen GPT-3 (175B) 43.3
PICa-Full (Yang et al., 2022) Frozen GPT-3 (175B) 48.0

KAT-explicit (w/ reasoning) Wikidata 44.25
KAT-implicit (w/ reasoning) Frozen GPT-3 (175B) 49.72
KAT (w/o reasoning) Wikidata+Frozen GPT-3 (175B) 51.97
KAT (single) Wikidata+Frozen GPT-3 (175B) 53.09
KAT (ensemble) Wikidata+Frozen GPT-3 (175B) 54.41

Table 2: Results of OK-VQA comparing to standard baselines show that our KAT (large size) model achieves
state-of-the-art performance on OK-VQA full testing set. It is important (see table sections) to compare methods
based on their access to increasingly large implicit sources of knowledge and utilization of explicit knowledge
sources. Our five KAT models variants make the relative importance of these decisions explicit. We train our model
with 3 random seeds and the result is denoted as ensemble.

4 Experiment

4.1 Dataset

OK-VQA (Marino et al., 2019) is currently the
largest knowledge-based VQA dataset, The ques-
tions are crowdsourced from Amazon Mechani-
cal Turkers and require outside knowledge beyond
the images in order to be answered correctly. The
dataset contains 14, 031 images and 14, 055 ques-
tions covering a variety of knowledge categories.
We follow the standard evaluation metric recom-
mended by the VQA challenge (Antol et al., 2015).

4.2 Implementation Details

For the knowledge reasoning module, we initialize
our model with the pre-trained T5 model (Raffel
et al., 2020). We compare two model sizes, base
and large, each containing 220M and 770M pa-
rameters respectively. We fine-tune the models on
OK-VQA dataset, using AdamW (Loshchilov and
Hutter, 2019). We use a learning rate of 3e − 5
to warm up for 2K iterations and train for 10K
iterations. Limited by the computational resources,

we set the number of retrieved entities to 40. The
model is trained with a batch size of 32, using
16 V100 GPUs with 32Gb of memory each. Un-
less otherwise specified, all results reported in this
paper as KAT use this model which we found to
perform best. We evaluate our predictions with
ground-truth after normalization. The normaliza-
tion step consists of lowercasing, and removing arti-
cles, punctuation and duplicated whitespace (Chen
et al., 2017; Lee et al., 2019). To be consistent with
previous work (Marino et al., 2021), we train our
model with 3 different random seeds and use the
average results for the leaderboard submission.

4.3 Comparison with Existing Approaches

We compare our model against existing approaches
on the OK-VQA dataset and the results are summa-
rized in Table 2. Our model outperforms state-of-
the-art methods by significant margins. We com-
pare our model with existing approaches from two
aspects. (1) If we only consider using explicit
knowledge, our model achieves 44.25% which is
4.85% and 5.9% higher than MAVEx and KRISP,
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respectively. Our model uses contrastive-learning-
based model to extract knowledge, leaving head-
room by incorporating supervised pre-trained mod-
els, such as pre-trained object detectors. It should
be noted that our proposed model is working on a
more challenging problem. As the generated an-
swer could contain an arbitrary number of words
from the entire vocabulary. Our model is slightly
better than PICa-Base which is a plain version of
PICa-Full without example engineering. It implies
that our single, unified architecture can effectively
associate images with the explicit knowledge base.
(2) If we take the implicit knowledge from GPT-
3 as the additional input, our model outperforms
PICa-Full by 6.41% which indicates it is important
to integrate knowledge of different types when gen-
erating answers. The detailed comparison can be
found in Table 3.

5 Ablation Study

To unpack the performance gain and understand
the impact of different components, we ablate and
compare different model architectures, types of
knowledge and the number of explicit knowledge.

Model architecture Knowledge Accuracy (%)
Base Large Explicit Implicit
√

18.56√ √
40.93√ √
44.25√ √
47.60√ √
49.72√ √ √
50.58√ √ √
54.41

Table 3: Ablation study on model architectures and
types of knowledge. Our experiments show that larger
model has more capacity for implicit knowledge reason-
ing and jointly reasoning over both knowledge sources
has a consistent improvement with baselines.

Specifically, as shown in Table 3, our KAT-large
shows a consistent improvement over using KAT-
base. This larger model has more capacity for
implicit knowledge reasoning. The integration of
explicit and implicit knowledge achieves a perfor-
mance gain of ∼4%, supporting the intuition that
these two types of knowledge provide complemen-
tary pieces of knowledge.

5.1 Effectiveness of Knowledge Reasoning

To verify the effectiveness of our knowledge reason-
ing module, we use a KAT without the knowledge
reasoning module which is denoted as KAT (w/o
reasoning). This model concatenates explicit and

Method Accuracy (%)

KAT (w/o reasoning) 51.97
KAT 54.41

Table 4: Comparison with KAT (w/o reasoning) which
uses the concatenated knowledge as inputs without the
knowledge reasoning module.

implicit knowledge as a sentence and adopts a max-
imum length of 256 tokens. We train this variant
with the same parameter settings. As shown in Ta-
ble 4, simply concatenating knowledge sources is
2.43% lower than our proposed model. It indicates
that KAT (w/o reasoning) may introduce noise to
relevant knowledge during encoding. Our model
adaptively attend different knowledge sources for
answer generation that can reduce the influence of
irrelevant knowledge.

5.2 Extracting Explicit Knowledge

Figure 3: Our model achieves consistent improvement
when aggregating more knowledge entries from an ex-
plicit knowledge base. However, as CLIP-ViT/16 and
RN50 are very different explicit knowledge retrieval
backbones we see the choice of backbone and number
of sources to include are intimately related. Here we
use KAT-base for demonstration.

From Figure 3 we can see, the performance of
our model is directly affected by the size of re-
trieved explicit knowledge. When only consider-
ing the implicit knowledge (i.e., the number of
retrieved entities is 0), our model achieves 47.6%
which is slightly worse than PICa-Full baseline. It
indicates that solely increasing model complexity
cannot improve the performance. This also demon-
strates the importance of explicit knowledge. Our
model shows a consistent improvement by incor-
porating more explicit knowledge. While a more
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Question:
What is painted on the bench?

Category:
Brands, Companies and Products

Answer:
Exp: strand KAT (w/o KRM): red
Imp: red KAT: Coca cola

Explicit Knowledge:

Tactile paving: system of
textured ground surface
indicators to assist
pedestrians who are blind
or visually impaired.
Coca Cola: carbonated
brown-colored soft drink.
Bench: piece of furniture on
which several people may
sit at the same time.
Street furniture: collective
term for objects and pieces
of equipment installed
outdoors for various
purposes.

Implicit Knowledge:

Red: the bench is painted
red.

Question:
What kind of board is this?

Category:
Sports and recreation

Answer:
Exp: wakeboard KAT (w/o KRM): surfboard
Imp: surfboard KAT: surfboard

Explicit Knowledge:

Wakeboard boat: boat
designed to create a wake
for wakeboarding.
Wakeboarder: someone
practicing wakeboarding.
Kitesurfer: practitioner of
kitesurfing.
Skiboarding: freestyle skiing
using short skis and no
poles.
Boardsport: sports that are
practiced with some sort of
board as the primary
equipment.

Implicit Knowledge:

Surfboard: This sport is
surfboard.

Figure 4: Two examples from OK-VQA dataset that our model generates correct answers by jointly reasoning over
both implicit and explicit knowledge. (exp: predictions by using explicit knowledge only and imp: predictions by
using implicit knowledge only). More examples and analysis can be found in Appendix C.

extensive knowledge set may include more distract-
ing knowledge, retrieved knowledge entries can
share either visually or semantically similar knowl-
edge as the relevant ones. Thus this can massively
reduce the search space and/or reduce spurious am-
biguity.

We compare different explicit knowledge re-
trieval module. Though ViT/16 has a large classifi-
cation improvement over ResNet-50 (e.g., 6.9% on
ImageNet) (Radford et al., 2021), there is a less gap
between these two backbones. As the number of re-
trieved entities increases, our knowledge reasoning
module can further migrate this gap by adaptively
attending to different explicit knowledge.

5.3 Category Results on OK-VQA

Here we present quantitative analyses to illustrate
how explicit and implicit knowledge influence the
final predictions. Based on the types of knowledge
required, questions in OK-VQA are categorized
into 11 categories and the accuracy results of each
category are reported in Table 5. We re-train our
model under the same settings with only either
explicit or implicit knowledge, denoted as “exp”
and “imp” respectively.

For most categories, the model using only ex-
plicit knowledge performs worse than that using
only implicit knowledge. As implicit knowledge
comes from the results of state-of-the-art object
detection, image captioning models and support-
ing evidence by prompting GPT-3. While explicit
knowledge is retrieved based on semantic match-
ing between images and entities from knowledge
bases, it contains richer but more distracting knowl-
edge. Note that using explicit knowledge performs
better for category “Brands, Companies, and Prod-

ucts" and “Weather and Climate". It indicates that
accurately recognizing objects with fine-grained
descriptions in the images is important for these
categories to answer corresponding questions.

Question Type Exp Imp Ours ∆

Plants and Animals 42.2 51.5 54.7 +3.2
Science and Technology 44.4 43.3 52.8 +8.3
Sports and Recreation 49.7 53.8 60.4 +6.7
Geo, History, Lang, and Culture 45.6 45.4 55.8 +10.2
Brands, Companies, and Products 41.7 38.2 48.5 +6.8
Vehicles and Transportation 41.5 42.9 51.3 +8.4
Cooking and Food 47.9 47.7 52.7 +4.8
Weather and Climate 51.7 46.3 54.8 +3.1
People and Everyday 43.1 44.4 51.5 +7.1
Objects, Material and Clothing 42.9 45.4 49.3 +3.9
Other 41.5 50.2 51.2 +1.0

Table 5: Accuracy (%) of question types in OK-VQA
full testing set. Our models outperforms exp and imp
models by a large margin on all categories. (exp:
explicit-only model and imp: implicit-only model)

5.4 Qualitative Analysis
Analyzed in previous sections, jointly reasoning
over both knowledge sources during answer gener-
ation improves the explicit-only and implicit-only
models by large margins. Figure 4 shows two ex-
amples comparing answers generated by different
models along with retrieved knowledge. The left
example shows that while explicit knowledge re-
trieved from the knowledge base contains the nec-
essary knowledge entries for reasoning, it fails to
generate the answer which requires the relation be-
tween bench and Coca Cola logos. On the other
side, implicit knowledge retrieved from GPT-3 can
only infer the bench is painted red, failing to rec-
ognize its logo. By jointly considering both knowl-
edge sources, our model can associate the color of
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Coca Cola logo with the painted color of the bench
which derives the correct answer. The right ex-
ample shows that though explicit knowledge does
not contain the right knowledge entries, it provides
visually similar descriptions of this sport which fur-
ther constrains the search space of our model and
verifies the correctness of the implicit knowledge.

6 Conclusion

This paper takes a step towards understanding the
complementary role of implicit knowledge gained
from continuing to scale models and explicit knowl-
edge from structured knowledge bases. Impor-
tantly, it appears that there is headroom in both
directions (i.g. improving retrieval and reasoning).
Our conceptually simple yet effective approach for
knowledge-based VQA makes these relationships
explicit while still achieving a significant improve-
ment against state-of-the-art results. Additional
challenges remain, for example how best to align
image regions with meaningful external semantics
deserves and how to efficiently and accurately inte-
grate multiple knowledge bases.
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Appendix

A Figure of Explicit Knowledge

In this section, we show one example Figure 5 to
extract explicit knowledge from an image, which
use the CLIP model to conduct the explicit knowl-
edge retrieval with the image and a wiki knowledge
base.

Figure 5: Overview of the explicit knowledge extraction.
We use a sliding window to crop image regions and
retrieve knowledge entries from an explicit knowledge
base by CLIP.

B Examples of Prompts of Implicit
Knowledge

In this Section B of the Appendix, we show two
concrete examples (Figure 6 and Figure 7) for the
prompts that constructed to query GPT-3 for im-
plicit knowledge in our experiments:

Figure 6: An example of the evidence of rationale that
we obtain from GPT-3 by using a combination of ques-
tion and answer candidate to query it.

C Analysis on More Examples

In this section, we showcase more predictions from
variants of our model. As shown in Figure 8, we
analyze the predictions based on different type of
knowledge from several aspects:

Effectiveness of explicit knowledge retriever.
Our explicit knowledge retriever can retrieve fine-
grained knowledge entries from the explicit knowl-
edge base, such as golden retriever (a fine-grained
breed of dogs), cucumber sandwich (a specific type
of sandwich) and Macbook Pro (a specific model

Figure 7: An example of the prompts that we use to
query GPT-3 in our knowledge-aumented GPT-3 query
system.

of Apple products). These fine-grained entities are
hardly obtained from existing object detection mod-
els, which can constraint the search space of our
model and are beneficial to our answer generation
process.

Effectiveness of implicit knowledge retriever.
Our implicit knowledge retriever can retrieve sup-
porting evidence from GPT-3, such as Thomas: the
train is named after the man who designed it. and
Refrigerator: the refrigerator is used to keep food
cold. These kinds of knowledge are highly related
to commonsense knowledge which needs further
inference based on entities and provide comple-
mentary explanation to explicit knowledge.

Answer generation & classification. As most
previous work on OK-VQA task, such as KRISP or
MAVEx method, implement OK-VQA as a classi-
fication task. The prediction vocabulary is dataset-
specific and assumes the training and test set are
sharing a similar vocabulary. The limitation of
these methods is the generalization ability. Our pro-
posed KAT model treats OK-VQA as an open-end
generation task. From these examples we found,
our model can generate answers like Iphone or Her-
cules that are visually and semantically reasonable.
Our proposed novel KAT model using the explicit
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Question:
Can you guess the material used to make the

bag shown in this picture?

Category:
Objects, Material and Clothing

Answer:
Exp: canvas KAT (w/o KRM): leather
Imp: leather KAT: canvas

Explicit Knowledge:
(entity:description)

Acer Aspire one: line of
notebooks by Acer Inc.
Drawing instrument: tool used
for drawing or drafting.
Writing implement: tool used
for writing
Book bag: a bag, usually a
backpack, used by students to
carry their textbooks.

Implicit Knowledge:
(candidate:evidence)

leather: the bag is made of
leather.

Question:
What breed are the dogs?

Category:
Other

Answer:
Exp: golden retriever KAT (w/o KRM): husky
Imp: husky KAT: golden retriever

Explicit Knowledge:
(entity:description)

Snow pillow: measuring
device for snowpack.
Search and rescue dog : dog
trained to locate or retrieve
a missing or trapped person.
Golden retriever: dog breed.
Mushing: Sport or dog
powered transport method.

Implicit Knowledge:
(candidate:evidence)

Husky: The husky is a very
intelligent dog. They are
independent and will do
what they want to do.

Question:
What type of sandwich is being served?

Category:
Cooking and Food

Answer:
Exp: cucumber KAT (w/o KRM): sub
Imp: sub KAT: cucumber

Explicit Knowledge:
(entity:description)

Salad: dish consisting of a
mixture of small pieces of
food, usually vegetables or
fruit.
Cucumber sandwich: the
traditional cucumber
sandwich is composed of
thin slices of cucumber
placed between two thin
slices of crustless, lightly
butterd white bread.
Vegetable chip: cooked chip
prepared using vegetables.

Implicit Knowledge:
(candidate:evidence)

Sub: the sub is a type of
sandwich.

Question:
What sort of phone would you associate with

this computer?

Category:
Brands, Companies and Products

Answer:
Exp: Iphone KAT (w/o KRM): cell
Imp: smartphone KAT: Iphone

Explicit Knowledge:
(entity:description)

Floor lamp: lamp standing on
the floor, often with a hight
reaching up to the vertical
middle of the room.
Macbook Pro: laptop made by
Apple.
MacOS: operating system for
Apple computers, launched in
2001 as Mac OS X.
Smart mattress: Mattress
monitoring sleep patterns.

Implicit Knowledge:
(candidate:evidence)

Smartphone: the computer is
not a smartphone.

Question:
What is the name of the famous train pictured?

Category:
Vehicles and Transportation

Answer:
Exp: Smoot KAT (w/o KRM): Thomas
Imp: Thomas KAT: Thomas

Explicit Knowledge:
(entity:description)

Fog machine: device that
emits a dense vapor that
appears similar to fog.
Draisine: small powered rail
vehicle used by track
maintenance workers.
Oast house: buildings
designed for kilning (drying)
hops as part of the brewing
process.
Clouding agent: type of
emulsifier used to make
beverage such as fruit juice
to look more cloudy.

Implicit Knowledge:
(candidate:evidence)

Thomas: the train is named
after the man who designed
it.

Question:
What is this dog running after?

Category:
Plants and Animals

Answer:
Exp: person KAT (w/o KRM): ball
Imp: ball KAT: ball

Explicit Knowledge:
(entity:description)

Sighthound: dog breed.
American Staffordshire
Terrier: dog breed.
Greyhound racing: canine
racing sport involving the
Greyhound dog breed.
Whipper racing: dog sport.

Implicit Knowledge:
(candidate:evidence)

Ball: the dog is chasing after
the ball.

Question:
How often should someone use this?

Category:
Objects, Material and Clothing

Answer:
Exp: twice day KAT (w/o KRM): daily
Imp: daily KAT: daily

Explicit Knowledge:
(entity:description)

Bathroom linen: household
linen used specifically for
the bathroom.
Toothbrush: oral hygiene
instrument used to clean
the clean the teeth, gums,
and tongue.
Toothbrush holder:
container or rack for
toothbrushes.
Laubwerk: delicate foliage
ornament with interlacing
straps.

Implicit Knowledge:
(candidate:evidence)

Daily: the product is made
with natural ingredients.
This is why it is safe to use
daily.

Question:
What hobby might this depict?

Category:
Objects, Material and Clothing

Answer:
Exp: paper craft KAT (w/o KRM): painting
Imp: scrapbook KAT: scrapbook

Explicit Knowledge:
(entity:description)

Embroidery workshop:
workshop where
embroidery is created.
Scissors: hand-operated
cutting instrument.
Paper knife: an implement
used for cutting open
sealed envelopes.
Leather cutter: craftman.

Implicit Knowledge:
(candidate:evidence)

Scrapbooking: the bobby is
a form of art.

Question:
What type of plane is this?

Category:
Vehicles and Transportation

Answer:
Exp: Hercules KAT (w/o KRM): jet
Imp: jet KAT: jet

Explicit Knowledge:
(entity:description)

Avro Shackleton: maritime
patrol aircraft family by
Avro.
MC-130 Hercules: airlifter
series by Lockheed.
P-3B Orion: anti-submarine
maritime patrol aircraft.
C-130B Hercules: airlifter
series by Lockheed.

Implicit Knowledge:
(candidate:evidence)

Jet: the plane is flying at a
high speed.

Question:
What is this machine used for?

Category:
Brands, Companies and Products

Answer:
Exp: refrigerate food KAT (w/o KRM): freeze
Imp: freezer KAT: keep food cold

Explicit Knowledge:
(entity:description)

Shelf-stable food: food of a
type that can be safely stored
at room temperature in a
sealed container.
Free box: box or location used
to allow for people to rid
themselves of excess items.
Icebox: non-mechanical
household applicance for
cooling foodstuffs.
Refrigenration: process of
moving heat from one
location to another in
controlled conditions.

Implicit Knowledge:
(candidate:evidence)

Refrigerator: the refrigerator
is used to keep food cold.

Figure 8: More examples from OK-VQA dataset that our model generates answers by jointly reasoning over both
implicit and explicit knowledge. 967



and implicit knowledge is designed to enhance se-
mantic alignment and generate representations with
stronger knowledge-awareness.
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Abstract

Understanding longer narratives or participat-
ing in conversations requires tracking of dis-
course entities that have been mentioned. In-
definite noun phrases (NPs), such as a dog,
frequently introduce discourse entities but this
behavior is modulated by sentential operators
such as negation. For example, a dog in Arthur
doesn’t own a dog does not introduce a dis-
course entity due to the presence of negation.
In this work, we adapt the psycholinguistic
assessment of language models paradigm to
higher-level linguistic phenomena and intro-
duce an English evaluation suite that targets
the knowledge of the interactions between sen-
tential operators and indefinite NPs. We use
this evaluation suite for a fine-grained inves-
tigation of the entity tracking abilities of the
Transformer-based models GPT-2 and GPT-3.
We find that while the models are to a certain
extent sensitive to the interactions we investi-
gate, they are all challenged by the presence
of multiple NPs and their behavior is not sys-
tematic, which suggests that even models at the
scale of GPT-3 do not fully acquire basic entity
tracking abilities.

1 Introduction

In order to understand longer narratives or to par-
ticipate in conversations, humans and natural lan-
guage understanding systems have to keep track
of the entities that have been mentioned in the dis-
course. For example, when someone tells you that
Arthur owns a dog, they have introduced the entity
of a person named Arthur and the entity of a dog
owned by Arthur into the discourse. Once entities
have been introduced to the discourse, it is natural
to refer back to them with noun phrases or pro-
nouns to elaborate further, e.g., by saying It has a
red collar to elaborate on the dog.

While no fully-specified account exists of how
humans achieve this feat, many existing theories
are based on the idea that humans maintain mental

files (e.g., Heim, 1982; Murez and Recanati, 2016),
i.e., explicit memory representations for each entity
that encode all properties of an entity and its rela-
tion to other entities. When engaging in a conver-
sation or reading a longer narrative, humans then
update these representations as they encounter new
entities or new information about existing entities.

Large pre-trained language models (LMs) such
as GPT-2 (Radford et al., 2019) and GPT-3 (Brown
et al., 2020), which in recent years have become
the dominant foundation for natural language un-
derstanding and generation tasks, lack explicit rep-
resentations of discourse entities. It remains largely
an open question to what extent LMs can match
human behavior in tracking discourse entities.

The most extensive investigation of this phe-
nomenon has been through evaluations with the
LAMBADA dataset (Paperno et al., 2016). LAM-
BADA consists of a cloze task for which an LM
has to predict the last word of naturalistic passages
extracted from a corpus. Solving this task requires
keeping track of longer contexts, and making a cor-
rect guess frequently requires keeping track of the
entities mentioned in the passage.

While datasets such as LAMBADA are an invalu-
able resource for monitoring high-level progress
of LMs in their ability to track discourse entities,
such datasets lack the granularity to determine for
which contexts LMs can and cannot properly track
discourse entities. In this work, we draw inspira-
tion from recent targeted evaluation suites geared
at lower linguistic levels (e.g., Marvin and Linzen,
2018; Hu et al., 2020b), and introduce a targeted
evaluation suite for tracking of discourse entities in
English. In particular, we focus on the interactions
between different sentential operators and embed-
ding verbs and indefinite noun phrases (see, e.g.,
Karttunen 1976 and Section 3); for example, we
evaluate whether a language model correctly infers
that because a sentence with a negation, such as
Arthur doesn’t own a dog, does not introduce a dis-
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course entity for a dog, further elaborations about
such a non-existent dog should be pragmatically
odd, and, as such, their probability should be low
compared to matched controls.

To evaluate to what extent language models
are sensitive to these interactions, we adapt the
psycholinguistic assessment of language models
paradigm (Futrell et al., 2019) for discourse entity
tracking and discuss the methodological challenges
that arise with using this paradigm for discourse
phenomena. We introduce two expert-created eval-
uation suites and use them to evaluate GPT-2 and
GPT-3 models. We find that while all the models
we evaluated show some sensitivity to preceding
context, they lack systematicity and are challenged
when contexts contain multiple noun phrases.1

2 Related Work

The majority of systematic evaluations of autore-
gressive and masked language models so far have
focused on the level of syntax, targeting abilities
such as subject-verb agreement (e.g., Linzen et al.,
2016; Marvin and Linzen, 2018; Gulordava et al.,
2018; Hu et al., 2020b), anaphora agreement and
binding constraints (e.g., Marvin and Linzen, 2018;
Futrell et al., 2019; Warstadt et al., 2020; Hu et al.,
2020a), or filler-gap dependencies (e.g., Wilcox
et al., 2018; Chowdhury and Zamparelli, 2018;
Da Costa and Chaves, 2020). At higher linguistic
levels, Ettinger (2020) compared BERT’s (Devlin
et al., 2019) behavior on sentences with negation
to data from neurolinguistic experiments with hu-
mans; Pandia and Ettinger (2021) investigated to
what extent pre-trained language models can ex-
tract relevant information from the preceding con-
text, both in the presence and in the absence of
distractors; and Pandia et al. (2021) investigated
whether language models can predict connectives
(e.g., but) for two given sentences.

More closely related to our work, in the domain
of discourse and reference, Upadhye et al. (2020)
investigated whether GPT-2 and Transformer-XL
(Dai et al., 2019) exhibit similar referential biases
in their continuations as humans, i.e., they asked
whether models provided with a sentence with
two referents are biased similarly as humans when
choosing the referent for the next sentence. Kim
et al. (2019) used an acceptability judgment task to

1Our evaluation suites along with the results from
human experiments and all code for model evalua-
tion is available at https://github.com/sebschu/
discourse-entity-lm.

determine whether contextual LMs correctly distin-
guish between definite and indefinite noun phrases.

Sorodoc et al. (2020) and Tenney et al. (2019)
used probing methods to investigate whether repre-
sentations of LSTM- and Transfomer-based models
contain information about coreference, which also
provides some indication of entity tracking abil-
ities. Further, Clark et al. (2019) investigated to
what extent attention weights of BERT indicate
coreference. These studies found that all evaluated
representations contain some information about
coreference but not consistently for all entities.

3 Background

English indefinite noun phrases (NPs) of the form
a NOUN interact with the context in complex ways
(see, e.g., Karttunen, 1976; Webber, 1979; Heim,
1982, for more extensive discussions of this phe-
nomenon). In affirmative statements, the indefinite
NP generally introduces a new entity to the dis-
course. However, several sentential operators and
clause-embedding verbs modulate this behavior.
For example, consider the following contrast be-
tween an affirmative and a negated sentence, where
# indicates a pragmatically odd continuation:

(1) a. Arthur owns a dog and it follows him
everywhere he goes.

b. Arthur doesn’t own a dog and # it fol-
lows him everywhere he goes.

While in the affirmative sentence, the indefinite NP
introduces a novel discourse entity, the negation in
(1b) prevents the NP from introducing a new entity.
In (1b), it is therefore pragmatically odd to refer
back to a dog with the pronoun it.

The implicative manage to and the negative im-
plicative fail to in (2a-b) give rise to a similar con-
trast: The NP under manage to introduces a dis-
course entity, the NP under fail to does not.

(2) a. Sue managed to write a book. It was a
real page-turner.

b. Sue failed to write a book. # It was a
real page-turner.

Indefinite NPs embedded under the factive know
and the non-factive doubt introduce and fail to in-
troduce a discourse entity, respectively:

(3) a. I know that Michael baked a cake. It
was delicious.

b. I doubt that Michael baked a cake. # It
was delicious.
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Lastly, modals such as want also block the intro-
duction of a discourse entity, as shown in (4):

(4) a. Mary got a pet rat and it is very loud at
night.

b. Mary wants to get a pet rat and # it is
very loud at night.

While these patterns generally hold, there are
exceptions to these rules. For example, in the first
sentence in (5), which could be paraphrased as
(6), the indefinite scopes over the negation and
therefore it is okay to refer back to the mistake.

(5) Mary didn’t find a (specific) mistake. It
was in the footnote.

(6) There was a (specific) mistake which Mary
did not find. It was in the footnote.

However, without additional context, listeners
generally do not infer these so-called specific in-
terpretations of sentences with an indefinite NP, so
like Karttunen (1976), we will largely ignore these
cases throughout the remainder of this paper.

4 Experiments

To what extent are GPT-2 and GPT-3 sensitive to
the contrasts that we presented in Section 3? To
investigate this question, we adapted the methodol-
ogy commonly used for syntactic evaluation of lan-
guage models (e.g., Futrell et al., 2019) and created
minimal pairs of contexts that differ in whether
they introduce a discourse entity or not. In Ex-
periment 1, we focus on contexts with a single
indefinite NP, and in Experiment 2, we focus on
sentences with multiple indefinite NPs.

4.1 Experiment 1
Methodology If a language model is sensitive to
contexts that differ in whether a discourse entity
is introduced or not, we expect the probability of
continuations that refer back to the noun phrase in
the previous context to be higher when a discourse
entity has been introduced than when it has not.
Thus, if we have a pair of sentences, such as

(7) a. Cref: John owns a dog.
b. Cnonref : John doesn’t own a dog.

and a referential continuation,2 such as
2The psycholinguistic assessment of language models

paradigm generally focuses on the probability of individual
words rather than sequences to evaluate syntactic phenomena.
However, considering that the coreference of it (or other ref-

(8) R: It has a red collar.

then we expect that

P (R | Cref) > P (R | Cnonref).

However, directly comparing these probabilities
may be problematic given that P (X | Cref) and
P (X | Cnonref) are different probability distri-
butions. In theory it could be, for example, that
P (X | Cref) assigns a very high probability to ex-
actly one continuation and therefore its entropy is
lower than the entropy of P (X | Cnonref). In this
case, it could be that the inequality above does not
hold despite the fact that continuations that refer
back to the noun phrase in the previous context are
ranked higher in the affirmative than in the negated
case. To overcome this issue, we make use of a
non-referential control continuation, such as N:

(9) N: It is not a big deal.

This continuation no longer refers back to a noun
phrase and is therefore a valid continuation for both
contexts. Instead of using the inequality above,
we thus compare the relative probabilities of the
referential and the control continuations:

P (R | Cref)
P (R | Cref) + P (N | Cref)

(1)

>
P (R | Cnonref)

P (R | Cnonref) + P (N | Cnonref)

These relative probabilities are less sensitive to
the entropy of the distribution: If there is a highly
likely continuation (that is neither the referential
nor the control continuation) for one context but not
the other, the model should still assign relatively
less probability mass to the referential continuation
compared to the control continuation.

Models We evaluate two autoregressive language
models,3 GPT-2 and GPT-3. GPT-2 models were
trained on the WebText corpus which contains an
estimated 8 billion tokens; GPT-3 models were
trained on about 500 billion tokens. For GPT-2,

erential expressions) is modulated by an entire sentence or
clause (see the contrast between (8) and (9), which both con-
tain the pronoun it), we compare probabilities of sequences.

3We selected these autoregressive models instead of
masked language models (MLMs) such as BERT (Devlin
et al., 2019) because they are more frequently used to generate
texts, and discourse abilities such as entity tracking tend to
play a more crucial role in generating text than in classification
or span extraction tasks for which MLMs are more frequently
used.
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we evaluate models of four different sizes (GPT-
2: 117M parameters, GPT-2 M: 345M, GPT-2 L:
762M, GPT-2 XL: 1.5B) that are available through
the HuggingFace Transformers library (Wolf et al.,
2020). For GPT-3, we evaluate the largest available
model (“davinci”) through the OpenAI API which
is assumed to have about 175B parameters.4

Materials We manually constructed an evalua-
tion set of 16 base contexts and plausible continua-
tions. Each base context contains different nouns
and verbs to minimize lexical effects. From these
16 contexts, we constructed four contrasts for each
context, as shown in Table 1, which in total yielded
64 items. We chose to manually construct con-
texts as opposed to generating sentences from a
grammar to guarantee semantic and pragmatic well-
formedness of contexts and continuations.

Human evaluation As we mentioned in Sec-
tion 3, the referential continuations are not nec-
essarily pragmatically odd if the indefinite noun
phrase in the context is interpreted as a specific
noun phrase. We therefore conducted an online
experiment on Prolific to verify that native En-
glish speakers disprefer the referential continua-
tions when no discourse entity is introduced, as
follows. After two practice items, each participant
performed two trials with sentences from the eval-
uation set. On each trial, participants saw a context
along with a referential and a non-referential con-
tinuation, and they were asked to indicate their
preferred continuation by selecting the continua-
tion that “makes more sense” given the context. For
each context, we collected preference judgments
from 10 participants. The experiment took on aver-
age about 2 minutes to complete and participants
received $0.45 in compensation (∼$14/hr).

Results and discussion Figure 1 shows the pro-
portion of items for which the relative probability
of the referential continuation (RRP) is higher for
the context that introduces a discourse entity (DEC)
than for the context that does not (NDEC), i.e., the
proportion of items for which Eq. 1 holds. For
three of the four contrasts (affirmative-negation,
affirmative-modal, managed-failed) GPT-2 and
GPT-3 models exhibited the expected pattern for

4The model size of GPT-3 is not publicly available but the
EleutherAI project estimated the model size by comparing
the performance of the models available through the API
to published results: https://blog.eleuther.ai/
gpt3-model-sizes/.

almost all items in our evaluation set. For the know-
doubt contrast, however, all models performed ap-
proximately at chance, suggesting that the models
are not sensitive to this contrast.

Figure 1 also shows the results of the human
experiment. Participants preferred the referential
continuation more following the DECs than fol-
lowing the NDECs for all items of the affirmative-
negation and managed-failed contrasts. Further, for
these two contrasts, participants overwhelmingly
selected the referential continuation for the DECs
and the non-referential continuation for the NDECs.
This result confirms that the stimuli bring about the
theoretically expected contrast in humans.

For the affirmative-modal and the know-doubt
contrasts, the results from human participants are
less clear-cut. Overall, participants also preferred
the referential continuation more in the DECs than
in the NDECs. However, for several items, the op-
posite was the case and the referential continuation
was preferred as much or even more in the NDECs
than in the DECs. Moreover, unlike in the other
two contrasts, participants selected the referential
continuation in the NDECs at a high rate.5

Considering that the results from the human ex-
periment are not predicted by Karttunen’s theory,
the model results from the affirmative-modal and
the know-doubt contrast should also be interpreted
with caution. However, while the lower proportion
of expected relative probabilities in the know-doubt
condition may suggest that the models are behav-
ing similarly to humans, this is not the case. If one
considers the results on an item-by-item basis, they
differ from the human results and there is a lot of
variability across models such that the five models
agree only on less than 33% of items.

In summary, GPT-2 and GPT-3 overall behaved
similarly to humans and generally favored the ref-
erential continuation more when the preceding sen-

5For contexts with modals, some participants commented
that they selected the referential continuation because they
assumed that the past tense of the continuation was a gram-
matical mistake. That is, if the tense had been different, the
continuation would have been sensible. For example, for the
context Michael wants to bake a cake the continuation and it
will be the best thing at the picnic is acceptable and differs
from the continuation that was presented in the experiment,
and it was the best thing at the picnic, only in its tense.

For contexts with doubt, participants frequently seemed to
interpret the referential continuation as a reason for the doubt.
For example, for the context I doubt that Carla got a pet rat.,
participants frequently chose the referential continuation It is
very noisy at night., presumably because they considered that
the rat being noisy made it unlikely that Carla would have got
it.
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Contrast Contexts Referential continuation Non-referential continuation

affirmative-negation
Michael baked a cake

and it was the best thing at the picnic. and it’s not a big deal.
Michael didn’t bake a cake

affirmative-modal
Michael baked a cake

and it was the best thing at the picnic. and it’s not a big deal.
Michael wants to bake a cake

know-doubt
I know that Michael baked a cake.

It was the best thing at the picnic. It’s not a big deal.
I doubt that Michael baked a cake.

managed-failed
Michael managed to bake a cake.

It was the best thing at the picnic. It’s not a big deal.
Michael failed to bake a cake.

Table 1: Example contexts and continuations for one base context in Experiment 1.

affirmative - negation affirmative - modal know - doubt managed - failed

G
P

T
-2

G
P

T
-2

 M

G
P

T
-2

 L

G
P

T
-2

 X
L

G
P

T
-3

H
u

m
a

n

G
P

T
-2

G
P

T
-2

 M

G
P

T
-2

 L

G
P

T
-2

 X
L

G
P

T
-3

H
u

m
a

n

G
P

T
-2

G
P

T
-2

 M

G
P

T
-2

 L

G
P

T
-2

 X
L

G
P

T
-3

H
u

m
a

n

G
P

T
-2

G
P

T
-2

 M

G
P

T
-2

 L

G
P

T
-2

 X
L

G
P

T
-3

H
u

m
a

n

0.00

0.25

0.50

0.75

1.00

%
 e

x
p

e
c
te

d

Figure 1: Results from Experiment 1. Each bar indicates the proportion of items for which the relative probability
of the referential continuation (RRP) is higher for the context that introduces a discourse entity than for the context
that does not, i.e., the expected pattern. Dashed lines indicate chance performance levels, and error bars indicate
bootstrapped 95% confidence intervals.

tence introduced a discourse entity. This behavior
could be due to at least the following two reasons.
It could be that the models indeed correctly com-
bine the sentential operators with the indefinite
noun phrase and therefore assign a higher prob-
ability to a referential continuation in the DECs.
However, it could also be that this result is due to
more spurious correlations; for example, it could be
that the model learned that clauses with operators
such as negation, modals, or negative implicatives
are often followed by clauses with a non-referential
it. In the second experiment, we tease apart these
two explanations and further try to overcome the
issues with the stimuli that we observed for the
affirmative-modal and know-doubt contrasts.

4.2 Experiment 2
Materials and method We again constructed 16
base contexts that are similar to the ones used in
Experiment 1. However, in this experiment, each
context contains two indefinite noun phrases with
different nouns that are embedded under two dif-
ferent sentential operators. For example, for the
affirmative-negation contrast, one of the NPs is
embedded under negation, such as a cat in (10).

(10) John owns a dog but he doesn’t own a cat.

In such a context, it is natural to continue with
a sentence that refers back to the dog, whereas it
is unnatural to refer back to a cat. We therefore
compared the models’ probability of a sentence that
refers back to an entity that has been introduced
in the context (11a) to a sentence that refers to an
entity that has not been introduced (11b).

(11) a. The dog follows him wherever he goes.

b. # The cat follows him wherever he
goes.

On top of these coreferential continuations, we
also constructed non-coreferential continuations
for contexts such as (10). These continuations
contain one of the nouns present in the context
but do not refer back to entities in the previous
context. For the non-coreferential continuations,
models should assign a higher probability to the
continuation with a noun for which no discourse
entity had been introduced in the context.

(12) a. The cat that he liked had been adopted
by someone else.
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Context Coreferential continuations Non-coreferential continuations

Mary found a shirt at the store but she didn’t find a hat. The shirt/#hat is blue. The hat/#shirt that she tried on didn’t fit.
Mary found a hat at the store but she didn’t find a shirt. The hat/#shirt is blue. The shirt/#hat that she tried on didn’t fit.
Mary didn’t find a shirt at the store but she found a hat. The hat/#shirt is blue. The shirt/#hat that she tried on didn’t fit.
Mary didn’t find a hat at the store but she found a shirt. The shirt/#hat is blue. The hat/#shirt that she tried on didn’t fit.

Table 2: Example contexts and continuations for the affirmative-negation contrast for one base context.

affirmative - negation affirmative - modal know - doubt managed - failed
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Figure 2: Results from Experiment 2. Dashed lines indicate chance performance levels.

b. # The dog that he liked had been
adopted by someone else.

For each of the four contrasts and each base con-
text, we constructed four contexts that crossed the
order of the sentential operators and the order of
the two nouns used in a context, resulting in 4 con-
texts per base context and contrast. For each base
context, we further constructed two coreferential
continuations (one for each noun) and two non-
coreferential continuations (one for each noun). In
total, this yielded 512 items. Table 2 shows all the
contexts and continuations for one base context for
the affirmative-negation contrast.

Compared to the methods and materials in Ex-
periment 1, this setup has several advantages. First,
given that we are comparing two continuations for
a fixed context, both continuations come from the
same probability distribution and therefore we no
longer need a generic control continuation. Sec-
ond, it is less likely that models can make use of
spurious correlations since each context contains
two types of sentential operators and, for exam-
ple, a heuristic of associating negation with non-
referential it would no longer lead to the expected

behavior. Third, given that all continuations are on
topic (as opposed to the generic control condition
in Experiment 1), humans likely show more con-
sistency in their preferences. Lastly, given that this
design allows us to construct stimuli with exactly
the same tokens in different orders, we can also
assess the systematicity of the model behavior.

We again verified the theoretically predicted pref-
erences in a human experiment.6

Results and discussion Figure 2 shows the ac-
curacy of the model and human experiments for
the coreferential and non-coreferential continua-
tions. As this figure shows, humans exhibited the
theoretically expected behavior for all contrasts for
almost all items and chose the coreferential con-
tinuation with the noun for which an entity had
been introduced in the context, and chose the non-
coreferential continuation for the noun for which
no entity had been introduced. This suggests that
the materials do not exhibit the same shortcomings

6For practical reasons, we included two items from this
experiment in the first human experiment. To rule out inter-
ference between similar items, no two items within the same
experimental list were derived from the same base context.

974



affirmative - negation affirmative - modal know - doubt managed - failed
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Figure 3: Systematicity of model behavior in Experiment 2. An item counts as correct if all four orders of noun
phrases and sentential operators (e.g., X owns a A but doesn’t own a B; X owns a B but doesn’t own a A; X doesn’t
own a A but owns a B; and X doesn’t own a B but owns a A) lead to the correct result. The dashed line indicates
chance performance and the error bars indicate bootstrapped 95% confidence intervals.

as in Experiment 1, and that comparisons of models
to human behavior are valid for all four contrasts.

If we turn to the model results, there is more
variability in performance across models and con-
trasts. For the coreferential continuations, all mod-
els except the smallest GPT-2 model performed
above chance for three of the four contrasts. For
the affirmative-modal contrast, however, only GPT-
3 performed significantly above chance. More-
over, all GPT-2 models perform worse for the non-
coreferential continuations.

More generally, unlike humans, all models in
this experiment performed below ceiling, which
suggests that while models exhibit a tendency to
choose the right continuation, they do not reliably
do so. Further, model size does have an impact
on the performance on this task: The smallest
GPT-2 model performed consistently worst, and
GPT-3 performed consistently best. This depen-
dence on model size is particularly pronounced in
the non-coreferential condition: While GPT-3 con-
sistently performed above chance in all contrasts,
most smaller models either performed at chance
or in some cases, such as the smallest GPT-2 for
the items in the affirmative-negation contrast, had
a bias to select the non-coreferential continuation
with the noun that introduced a discourse entity in
the context. The lower performance for the non-
coreferential continuations is not surprising given
that for these examples, a model not only has to
correctly infer which noun phrase introduces a dis-
course entity but additionally that the noun phrase
in the continuation does not refer back to anything
in the preceding context.

Systematicity As mentioned above, this experi-
mental design also allows us to assess how sensi-
tive the behavior of the different models is to the
different orders of sentential operators and nouns
in the context. Figure 3 shows the proportion of
items for which the model exhibited the expected
behavior for all four possible orders. Overall, the
performance of all models according to this stricter
criterion is much lower than the simple by-item
measure highlighting that even the predictions by
GPT-3 are sensitive to the exact combination and
order of sentential operators and nouns. However,
there once again is a clear trend that larger models
behave more systematically than smaller ones, sug-
gesting that larger models and models trained on
more data learn more stable generalizations. This
trend is in part driven by smaller models being less
sensitive to the preceding context: The two small-
est GPT-2 models assigned the highest probability
to the continuation with one of the two nouns inde-
pendent of the combination of sentential operators
and nouns in the context in 52.3% and 43.8% of
the cases, respectively. That is, for all four con-
texts, as shown for one example in Table 2, the
smallest GPT-2 model assigned a higher probabil-
ity to the same continuation independent of which
noun phrase introduced a discourse entity more
than half of the time. GPT-3, on the other hand,
only exhibited this behavior for 7% of the items.

In summary, the results from Experiment 2 sug-
gest that GPT-2 and GPT-3 are less reliable in de-
termining whether an NP introduces a discourse
entity when multiple NPs are present. This is in
particular true for smaller GPT-2 models but if one
considers systematicity, the predictions of GPT-3
are also sensitive to minor changes in the context.
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5 Likely Continuations

One drawback of the methodology of the previous
two experiments is that we considered only one
specific expected and one specific unexpected con-
tinuation for each item. Thus, if both the expected
and the unexpected continuations are very unlikely
according to the LM, we may see poor performance
on this task while at the same time, it would be very
unlikely that either of the generations is ever sam-
pled from the model. In that case, the evaluations in
Experiment 2 may underestimate the models’ abili-
ties (Newman et al., 2021) and the results may not
be very relevant for practical purposes for which
one uses an LM to generate texts. For this reason,
we also performed a manual analysis of randomly
sampled generations (Aina and Linzen, 2021) from
the two largest LMs, GPT-2 XL and GPT-3.

Materials and method We used the contexts
from Experiment 2 as prompts for the two LMs
and for each context, we sampled a sentence be-
ginning with the.7 For GPT-2 XL, we sampled
the continuations using top-40 sampling as in Rad-
ford et al. (2019). For GPT-3, we used the default
temperature sampling with a temperature of 0.7.

A graduate student in linguistics who was blind
to the purpose of this study then annotated each
of the continuations for whether it contained re-
ferring expressions that likely referred back to a
noun phrase in the context as well as which noun
phrase(s) (the discourse entity introducing and/or
the non-discourse entity introducing NP) were re-
ferred back to. To illustrate this, consider the fol-
lowing two generations by GPT-3:

(13) a. Carolyn didn’t write a card to her par-
ents but she wrote them a letter. The
letter was long and filled with many
details about the cruise.

b. Chris managed to knit a hat but failed
to knit a bag. The bag is not stuffed.

In (13a), the letter refers back to an entity intro-
duced in the context, whereas in (13b), the bag
refers back to the NP that does not introduce a
discourse entity. If a language model is able to cor-
rectly combine sentential operators with indefinite

7As compared to just using the context as a prompt, con-
straining the continuation to start with the led to considerably
more continuations with noun phrases referring back to a noun
phrase in the context while still putting very few constraints
on the overall continuation.

Model DE NDE

GPT-2 XL 43.8 22.3
GPT-3 52.3 21.1

Table 3: Percentage of expressions in model generations
that refer back to noun phrases that introduce (DE) or
do not introduce a discourse entity (NDE).

noun phrases, we expect many continuations as in
(13a) and no continuations as in (13b).

Results and discussion Table 3 shows the per-
centages of expressions in model generations that
refer back to noun phrases in the prompt. These re-
sults confirm the findings from Experiment 2: Both
GPT-2 XL and GPT-3 are to some extent sensitive
to the interactions between sentential operators and
indefinite NPs as indicated by the higher proportion
of expressions referring back to NPs that introduce
discourse entities (DE) as compared to referring
back to NPs that do not (NDE). At the same time,
however, both models produced more than 20% of
continuations with expressions that refer back to an
NP that did not introduce an entity, which shows
that the results from Experiment 2 also apply to
likely generations by LMs.

6 General Discussion

In his seminal work in 1976, Karttunen introduced
several challenges for natural language understand-
ing systems that aim to track which entities are
introduced in a larger discourse. In this work, we
evaluated to what extent we made progress on these
challenges in the past decades. In two sets of exper-
iments, we found that Transformer-based models
are to some extent sensitive to different interactions
between sentential operators and indefinite noun
phrases. At the same time, however, we found
in Experiment 2 that models lack systematicity in
their behavior, which suggests that models do not
combine indefinite noun phrases and sentential op-
erators as humans do. Further, the analysis of likely
continuations showed that this behavior can also
be observed in high probability generations.

Learnability of meaning On the one hand, these
results provide direct evidence for shortcomings of
language models with respect to tracking entities.
On the other hand, more broadly, these results also
provide interesting data points with regard to the
recent debate on whether language models could
theoretically mimic human language understanding.
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Bender and Koller (2020) recently presented sev-
eral thought experiments and argued that since LMs
are only trained on form and do not have access
to meaning or intentions, they can never exhibit
human-like language understanding (see also Mer-
rill et al., 2021, for a more formal discussion of this
claim). Given that we evaluated the largest avail-
able GPT-3 model and still found that the model be-
havior is inconsistent despite its enormous amount
of parameters and training data, our results suggest
that at least current language model architectures
indeed struggle with human-like understanding. In-
terestingly though, while the thought experiments
by Bender and Koller (2020) focus on lack of world
knowledge due to the lack of grounding of language
models, our results suggest that additionally, lan-
guage models fail at learning the meaning of more
abstract words such as negation markers or embed-
ding verbs. This is also in line with recent results,
which showed that smaller models fail to learn the
meaning of negation and discourse connectives.
(Ettinger, 2020; Pandia et al., 2021). Lastly, the
fact that GPT-2 and GPT-3 have been exposed to or-
ders of magnitude more language data than human
learners are and still do not fully succeed at track-
ing discourse entities underscores that there are
differences between how humans and LMs learn.

NLG evaluation We further believe that evalua-
tion suites targeting discourse phenomena, such as
the ones presented here, can serve a complementary
role to natural language generation (NLG) bench-
marks (e.g., Gehrmann et al., 2021) and human
studies for evaluating NLG systems. This seems
particularly relevant considering that Clark et al.
(2021) recently found that untrained crowdworkers,
who serve as participants in the majority of human
evaluation studies, cannot distinguish between sto-
ries written by humans and stories generated by
GPT-3. Our experiments, however, show that there
is a considerable gap between humans and GPT-
3 for basic discourse phenomena, and therefore
targeted evaluation suites should be an important
measure for tracking progress of NLG models.

Comparison to probing results Recently, Li
et al. (2021) developed a probe for investigating
whether LM representations provide information
about the state of entities at various stages in a
larger discourse. This probing method–like the
ones presented in this work–also aims to assess en-
tity tracking abilities of pre-trained language mod-

els. They considered two sequence-to-sequence
models, T5 and BERT, and found that representa-
tions from both models can be decoded into entity
states with high accuracy. This task may seem
more complex than the one used in the experiments
above, and T5 and BERT are considerably smaller
models than GPT-3, so prima facie, it may be sur-
prising that their results suggest superior discourse
abilities than our results. However, there are two
important differences in methodology that likely
explain this discrepancy. First, the probing clas-
sifier was trained on data that was similar to the
evaluation data and this setup therefore provided a
lot of supervision. Second, the datasets used by Li
et al. (2021) were obtained through crowdsourcing
or a generation engine and were not constructed
as systematically as ours. For these reasons, the
probing classifier may have learned spurious cor-
relations between the training and test splits, and
the high accuracy on the task may have only in part
been driven by entity tracking abilities of LMs.

Potential solutions Considering the still mod-
est performance of GPT-3, it seems unlikely that
training models on even more data is going to lead
to human-like discourse entity processing by lan-
guage models. Instead, we consider the following
modifications to models to likely lead to more sys-
tematic entity tracking. First, there have been some
successes in augmenting language models with ex-
plicit entity memory representations (e.g., Weston
et al., 2014; Sukhbaatar et al., 2015; Rashkin et al.,
2020; Cheng and Erk, 2020), and likely such archi-
tectural changes could also help in the contexts that
we evaluated in this work. Second, considering
that the models seem to struggle to learn the mean-
ing of sentential operators, it may be necessary to
provide additional supervision, for example using
treebanks annotated with meaning representations,
such as the Groningen Meaning Bank (Bos et al.,
2017). Relatedly, models may also benefit from
more grounded learning scenarios. Humans likely
differentiate between Arthur owns a dog and Arthur
doesn’t own a dog because only in the former case,
a dog refers to something in the real world and if a
model was immersed in more grounded scenarios
it would likely be able to infer this difference.

We hope that our evaluation suite will be a valu-
able resource for assessing progress of future mod-
els such as the ones sketched above, and that it will
help pave the way for improved discourse entity
processing in NLU systems.
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Ethics Statement

Risks, limitations, and intended use We con-
sider the main risk of this work that the evaluation
suite may be used to make overstating claims about
model abilities in the future. In particular, should
future models achieve very high or even perfect
accuracy on the evaluation suite, then such results
may be seen as evidence of human-like abilities
of discourse entity processing. We therefore want
to emphasize that achieving high accuracy on this
evaluation suite is a necessary but not necessar-
ily sufficient requirement for a model to exhibit
human-like entity tracking abilities.

Further, it seems likely that models fine-tuned on
similar examples would perform a lot better on this
evaluation suite, and therefore researchers should
only use this dataset for out-of-domain evaluations
in which the model has not been trained on similar
examples.

Finally, we only evaluated models trained on
English data in this work and it is conceivable that
entity tracking abilities of models trained on other
languages differ from the results reported here.

Human subject experiments As we mentioned
in Section 4.1, we recruited crowdworkers from
Prolific to validate the experimental stimuli. Par-
ticipants were based in the US and on average re-
ceived compensation of about $14/hour, which is
almost twice the minimum wage in most states in
the US. The experiment has been pre-approved by
the New York University IRB, and there were no
risks associated with participation.
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Durmus, Ondřej Dušek, Chris Chinenye Emezue,
Varun Gangal, Cristina Garbacea, Tatsunori
Hashimoto, Yufang Hou, Yacine Jernite, Harsh Jham-
tani, Yangfeng Ji, Shailza Jolly, Mihir Kale, Dhruv
Kumar, Faisal Ladhak, Aman Madaan, Mounica
Maddela, Khyati Mahajan, Saad Mahamood, Bod-
hisattwa Prasad Majumder, Pedro Henrique Martins,
Angelina McMillan-Major, Simon Mille, Emiel van
Miltenburg, Moin Nadeem, Shashi Narayan, Vitaly
Nikolaev, Andre Niyongabo Rubungo, Salomey
Osei, Ankur Parikh, Laura Perez-Beltrachini,
Niranjan Ramesh Rao, Vikas Raunak, Juan Diego
Rodriguez, Sashank Santhanam, João Sedoc,
Thibault Sellam, Samira Shaikh, Anastasia Shimo-
rina, Marco Antonio Sobrevilla Cabezudo, Hendrik
Strobelt, Nishant Subramani, Wei Xu, Diyi Yang,
Akhila Yerukola, and Jiawei Zhou. 2021. The
GEM benchmark: Natural language generation,
its evaluation and metrics. In Proceedings of the
1st Workshop on Natural Language Generation,

Evaluation, and Metrics (GEM 2021), pages 96–120,
Online. Association for Computational Linguistics.

Kristina Gulordava, Piotr Bojanowski, Edouard Grave,
Tal Linzen, and Marco Baroni. 2018. Colorless green
recurrent networks dream hierarchically. In Proceed-
ings of the 2018 Conference of the North American
Chapter of the Association for Computational Lin-
guistics: Human Language Technologies, Volume
1 (Long Papers), pages 1195–1205, New Orleans,
Louisiana. Association for Computational Linguis-
tics.

Irene Roswitha Heim. 1982. The semantics of defi-
nite and indefinite noun phrases. University of Mas-
sachusetts Amherst.

Jennifer Hu, Sherry Yong Chen, and Roger Levy. 2020a.
A closer look at the performance of neural language
models on reflexive anaphor licensing. In Proceed-
ings of the Society for Computation in Linguistics
2020, pages 323–333, New York, New York. Associ-
ation for Computational Linguistics.

Jennifer Hu, Jon Gauthier, Peng Qian, Ethan Wilcox,
and Roger Levy. 2020b. A systematic assessment
of syntactic generalization in neural language mod-
els. In Proceedings of the 58th Annual Meeting of
the Association for Computational Linguistics, pages
1725–1744, Online. Association for Computational
Linguistics.

Lauri Karttunen. 1976. Discourse referents. In J. D. Mc-
Cawley, editor, Syntax and Semantics Vol. 7, pages
363–386. Academic Press.

Najoung Kim, Roma Patel, Adam Poliak, Patrick Xia,
Alex Wang, Tom McCoy, Ian Tenney, Alexis Ross,
Tal Linzen, Benjamin Van Durme, Samuel R. Bow-
man, and Ellie Pavlick. 2019. Probing what differ-
ent NLP tasks teach machines about function word
comprehension. In Proceedings of the Eighth Joint
Conference on Lexical and Computational Semantics
(*SEM 2019), pages 235–249, Minneapolis, Min-
nesota. Association for Computational Linguistics.

Belinda Z. Li, Maxwell Nye, and Jacob Andreas. 2021.
Implicit representations of meaning in neural lan-
guage models. In Proceedings of the 59th Annual
Meeting of the Association for Computational Lin-
guistics and the 11th International Joint Conference
on Natural Language Processing (Volume 1: Long
Papers), pages 1813–1827, Online. Association for
Computational Linguistics.

Tal Linzen, Emmanuel Dupoux, and Yoav Goldberg.
2016. Assessing the ability of LSTMs to learn syntax-
sensitive dependencies. Transactions of the Associa-
tion for Computational Linguistics, 4:521–535.

Rebecca Marvin and Tal Linzen. 2018. Targeted syn-
tactic evaluation of language models. In Proceed-
ings of the 2018 Conference on Empirical Methods
in Natural Language Processing, pages 1192–1202,
Brussels, Belgium. Association for Computational
Linguistics.

979

https://aclanthology.org/2020.scil-1.2
https://aclanthology.org/2020.scil-1.2
https://aclanthology.org/2020.scil-1.2
https://doi.org/10.18653/v1/P19-1285
https://doi.org/10.18653/v1/P19-1285
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.1162/tacl_a_00298
https://doi.org/10.1162/tacl_a_00298
https://doi.org/10.1162/tacl_a_00298
https://doi.org/10.18653/v1/N19-1004
https://doi.org/10.18653/v1/N19-1004
https://doi.org/10.18653/v1/2021.gem-1.10
https://doi.org/10.18653/v1/2021.gem-1.10
https://doi.org/10.18653/v1/2021.gem-1.10
https://doi.org/10.18653/v1/N18-1108
https://doi.org/10.18653/v1/N18-1108
https://aclanthology.org/2020.scil-1.39
https://aclanthology.org/2020.scil-1.39
https://doi.org/10.18653/v1/2020.acl-main.158
https://doi.org/10.18653/v1/2020.acl-main.158
https://doi.org/10.18653/v1/2020.acl-main.158
https://doi.org/10.18653/v1/S19-1026
https://doi.org/10.18653/v1/S19-1026
https://doi.org/10.18653/v1/S19-1026
https://doi.org/10.18653/v1/2021.acl-long.143
https://doi.org/10.18653/v1/2021.acl-long.143
https://doi.org/10.1162/tacl_a_00115
https://doi.org/10.1162/tacl_a_00115
https://doi.org/10.18653/v1/D18-1151
https://doi.org/10.18653/v1/D18-1151


William Merrill, Yoav Goldberg, Roy Schwartz, and
Noah A. Smith. 2021. Provable limitations of acquir-
ing meaning from ungrounded form: What will future
language models understand? Transactions of the
Association for Computational Linguistics, 9:1047–
1060.

Michael Murez and François Recanati. 2016. Mental
files: an introduction. Review of Philosophy and
Psychology, 7(2):265–281.

Benjamin Newman, Kai-Siang Ang, Julia Gong, and
John Hewitt. 2021. Refining targeted syntactic evalu-
ation of language models. In Proceedings of the 2021
Conference of the North American Chapter of the
Association for Computational Linguistics: Human
Language Technologies, pages 3710–3723, Online.
Association for Computational Linguistics.

Lalchand Pandia, Yan Cong, and Allyson Ettinger. 2021.
Pragmatic competence of pre-trained language mod-
els through the lens of discourse connectives. In Pro-
ceedings of the 25th Conference on Computational
Natural Language Learning, pages 367–379, Online.
Association for Computational Linguistics.

Lalchand Pandia and Allyson Ettinger. 2021. Sorting
through the noise: Testing robustness of information
processing in pre-trained language models. In Pro-
ceedings of the 2021 Conference on Empirical Meth-
ods in Natural Language Processing, pages 1583–
1596, Online and Punta Cana, Dominican Republic.
Association for Computational Linguistics.

Denis Paperno, Germán Kruszewski, Angeliki Lazari-
dou, Ngoc Quan Pham, Raffaella Bernardi, Sandro
Pezzelle, Marco Baroni, Gemma Boleda, and Raquel
Fernández. 2016. The LAMBADA dataset: Word
prediction requiring a broad discourse context. In
Proceedings of the 54th Annual Meeting of the As-
sociation for Computational Linguistics (Volume 1:
Long Papers), pages 1525–1534, Berlin, Germany.
Association for Computational Linguistics.

Alec Radford, Jeffrey Wu, Rewon Child, David Luan,
Dario Amodei, and Ilya Sutskever. 2019. Language
models are unsupervised multitask learners.

Hannah Rashkin, Asli Celikyilmaz, Yejin Choi, and
Jianfeng Gao. 2020. PlotMachines: Outline-
conditioned generation with dynamic plot state track-
ing. In Proceedings of the 2020 Conference on Em-
pirical Methods in Natural Language Processing
(EMNLP), pages 4274–4295, Online. Association
for Computational Linguistics.

Ionut-Teodor Sorodoc, Kristina Gulordava, and Gemma
Boleda. 2020. Probing for referential information in
language models. In Proceedings of the 58th Annual
Meeting of the Association for Computational Lin-
guistics, pages 4177–4189, Online. Association for
Computational Linguistics.

Sainbayar Sukhbaatar, Arthur Szlam, Jason Weston, and
Rob Fergus. 2015. End-to-end memory networks.
arXiv Preprint 1503.08895.

Ian Tenney, Dipanjan Das, and Ellie Pavlick. 2019.
BERT rediscovers the classical NLP pipeline. In
Proceedings of the 57th Annual Meeting of the Asso-
ciation for Computational Linguistics, pages 4593–
4601, Florence, Italy. Association for Computational
Linguistics.

Shiva Upadhye, Leon Bergen, and Andrew Kehler. 2020.
Predicting reference: What do language models learn
about discourse models? In Proceedings of the 2020
Conference on Empirical Methods in Natural Lan-
guage Processing (EMNLP), pages 977–982, Online.
Association for Computational Linguistics.

Alex Warstadt, Alicia Parrish, Haokun Liu, Anhad Mo-
hananey, Wei Peng, Sheng-Fu Wang, and Samuel R.
Bowman. 2020. BLiMP: The benchmark of linguis-
tic minimal pairs for English. Transactions of the
Association for Computational Linguistics, 8:377–
392.

Bonnie Lynn Webber, editor. 1979. A Formal Approach
to Discourse Anaphora. Routledge.

Jason Weston, Sumit Chopra, and Antoine Bordes. 2014.
Memory networks. arXiv Preprint 1410.3916.

Ethan Wilcox, Roger Levy, Takashi Morita, and Richard
Futrell. 2018. What do RNN language models learn
about filler–gap dependencies? In Proceedings of
the 2018 EMNLP Workshop BlackboxNLP: Analyz-
ing and Interpreting Neural Networks for NLP, pages
211–221, Brussels, Belgium. Association for Com-
putational Linguistics.

Thomas Wolf, Lysandre Debut, Victor Sanh, Julien
Chaumond, Clement Delangue, Anthony Moi, Pier-
ric Cistac, Tim Rault, Remi Louf, Morgan Funtow-
icz, Joe Davison, Sam Shleifer, Patrick von Platen,
Clara Ma, Yacine Jernite, Julien Plu, Canwen Xu,
Teven Le Scao, Sylvain Gugger, Mariama Drame,
Quentin Lhoest, and Alexander Rush. 2020. Trans-
formers: State-of-the-art natural language processing.
In Proceedings of the 2020 Conference on Empirical
Methods in Natural Language Processing: System
Demonstrations, pages 38–45, Online. Association
for Computational Linguistics.

A Human experiment details

Participants completed two practice trials to get
familiarized with the task, followed by four critical
trials with two filler trials randomly interspersed.
Figure 4 shows an example trial. Participation was
limited to people living in the US whose native
language is English.

B Model experiment details

For the experiments with GPT-2, we used the LM-
Scorer library8 and ran the experiments on a node

8https://github.com/simonepri/
lm-scorer/
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with a 3.7Ghz CPU and 32GB of RAM. In total,
all evaluations required approximately 8h of CPU
time. For the experiments with GPT-3, we used
the offical OpenAI API.9 For all experiments, we
compared raw, untransformed probabilities, i.e.,
the temperature parameter was set to 0.

9https://beta.openai.com
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Figure 4: Example trial of human experiment.
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Abstract

Commonsense reasoning tasks follow a stan-
dard paradigm of finetuning pretrained lan-
guage models on the target task data, where
samples are introduced to the model in a ran-
dom order during training. However, recent
research suggests that data order can have a
significant impact on the performance of fine-
tuned models for natural language understand-
ing. Hence, we examine the effect of a human-
like easy-to-difficult curriculum during finetun-
ing of language models for commonsense rea-
soning tasks. We use paced curriculum learning
to rank data and sample training mini-batches
with increasing levels of difficulty from the
ranked dataset during finetuning. Further, we
investigate the effect of an adaptive curriculum,
i.e., the data ranking is dynamically updated
during training based on the current state of
the learner model. We use a teacher model to
measure difficulty of each sample and exper-
iment with three measures based on question
answering probability, variability and out-of-
distribution. To understand the effectiveness
of curriculum learning in various scenarios,
we apply it on full model fine-tuning as well
as parameter-efficient prompt-tuning settings.
Our results show that fixed as well as adap-
tive curriculum learning significantly improve
performance for five commonsense reasoning
tasks, i.e., SocialIQA, CosmosQA, CODAH,
HellaSwag, WinoGrande in both tuning set-
tings. Further, we find that prioritizing the diffi-
cult samples in the tail end of training improves
generalization to unseen in-domain data as well
as out-of-domain data. Our work provides evi-
dence and encourages research into curriculum
learning for commonsense reasoning.1.

1 Introduction

Curriculum learning (Elman, 1993; Bengio et al.,
2009) is an alternative to the typical uniform ran-
dom sampling of training data and is motivated by

1Code: https://github.com/adymaharana/
curriculum_learning

Teacher
Model

Original
Dataset

Ranked Dataset
(Curriculum)

Learner
Model

Paced Learning

Adaptive 
Curriculum
Learning

learner state

Figure 1: Curriculum Learning. The curriculum of
the learner model i.e., the ranked dataset for finetuning
is prepared using scores from the teacher model. The
ranking remains unchanged in fixed curriculum learning
whereas the learner state is used as feedback to update
the ranking in adaptive curriculum learning.

the gradual progression of human learning from
easier to difficult concepts (see Figure 1). In the
machine learning paradigm, a ‘teacher’ ranks the
training samples from easy to difficult and intro-
duces them to the ‘learner’ in that order. Dodge
et al. (2020) show that randomly initialized train-
ing data orders can lead to large variance in model
performance on the GLUE benchmark (Wang et al.,
2018). In light of such evidence, we seek to answer:
Does a meaningful data order such as a curriculum
based on model confidence or dataset distribution
outperform a random data order? Such experiments
have been carried out for some NLP tasks like ma-
chine translation (Platanios et al., 2019) and natu-
ral language understanding (Xu et al., 2020) with
positive outcomes. While large pretrained models
(PTLMs) have been achieving high performance on
such tasks, their commonsense reasoning abilities
have been limited. Moreover, the process of com-
monsense acquisition in humans has been shown
to be informative for developing algorithms to ac-
complish the same in machines (Zhu et al., 2020).
Hence, we study the effect of a human-like curricu-
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lum learning to improve the finetuning of PTLMs
for commonsense reasoning tasks.

To impose structure on the data order for sam-
pling training mini-batches, we adopt paced cur-
riculum learning by transfer as proposed in Ha-
cohen and Weinshall (2019). In this method, a
pacing function determines the speed at which the
ranked data is introduced to the model during train-
ing. Ranking of the training dataset is performed
using outputs from a pretrained network which has
been finetuned on the target dataset using a random
training order. We refer to this approach as fixed
curriculum learning. During human acquisition of
skill sets, a student can benefit from a curriculum
that is continuously adjusted by the teacher accord-
ing to the learning progress of the student. Hence,
we also investigate adaptive curriculum learning
for commonsense reasoning tasks. The initial data
order imposed by the teacher model is updated
at regular intervals during training by taking the
learner model’s current state into account (Kong
et al., 2021). Importantly, we propose to reverse
the ranking to a difficulty-to-easy curriculum in
ACL, in order to reinforce feedback from the hard-
to-learn data points, which has been shown to be
beneficial for generalization (Swayamdipta et al.,
2020). In order to measure difficulty, we explore
three different data-sample informativeness scor-
ing methods i.e. Question Answering Probability
(QAP) (Zhang and Bansal, 2019), Energy-based
Out-of-Distribution Score (Liu et al., 2020) and
Cartography-based Variability (Swayamdipta et al.,
2020). Our work is most related to Xu et al. (2020)
which splits the training data into N meta-datasets,
trains N models for computing the curriculum and
follows a heuristically designed training regimen.
In contrast, we train a single model for comput-
ing the curriculum and use Bayesian optimization
(Snoek et al., 2012) to find the best pacing of the
curriculum for the target dataset, which is more ef-
fective than Xu et al. (2020) as we show in Sec. 5.4,
besides being computationally efficient.

We analyze these methods on five commonsense
reasoning datasets dealing with various tasks such
as reasoning about social interactions (SocialIQA;
Sap et al. (2019)), reading comprehension (Cos-
mosQA; Huang et al. (2019)), natural language in-
ference (HellaSwag; Zellers et al. (2019)), pronoun
resolution (WinoGrande; Sakaguchi et al. (2020))
and adversarial commonsense (CODAH; Chen et al.
(2019)). We explore curriculum learning in full-

model finetuning as parameter-efficient tuning and
show significant improvements using curriculum
learning on each of these datasets. We also demon-
strate that curriculum learning prevents the learner
model from over-fitting on the training set, which
leads to improved generalization to in-domain and
out-of-domain data.

2 Related Work

Curriculum learning (CL) is widely used in rein-
forcement learning (Zaremba and Sutskever, 2014;
Matiisen et al., 2019; Graves et al., 2017) and
neural machine translation (Platanios et al., 2019;
Kocmi and Bojar, 2017; Guo et al., 2020). Sachan
and Xing (2018), Penha and Hauff (2020), Xu et al.
(2020) and Jafarpour et al. (2021) demonstrate the
effectiveness of CL for question generation, infor-
mation retrieval, natural language understanding
and named entity recognition respectively. To the
best of our knowledge, we are the first to examine
the efficacy of CL for commonsense reasoning.

Various task-specific measures for sample com-
plexity have been proposed in previous works, such
as inter-annotator agreement for natural language
inference (Laverghetta Jr et al., 2020), sub-graph
depth for Abstract Meaning Representation (AMR)
structures (Wang et al., 2021a), noise rate in PCA
jittering-based data augmentation (Ye et al., 2021),
sentence length for sequence modelling (Cirik et al.,
2016), and semantic similarity for sentiment anal-
ysis (Han and Myaeng, 2017) etc. Wang et al.
(2021b) use a neural density estimator to model
graph embeddings distribution for the task of graph
classification. We use scores based on pretrained
models (Zhang and Bansal, 2019; Swayamdipta
et al., 2020; Liu et al., 2020) to compute difficulty.

Kong et al. (2021) and Cai et al. (2020) demon-
strate that an adaptive curriculum can improve con-
vergence for image classification and neural re-
sponse generation respectively. We examine adap-
tive CL for commonsense reasoning.

3 Methods

3.1 Curriculum Learning
Curriculum learning has two axes of variations, i.e.,
ranking of samples in terms of difficulty, and transi-
tioning of easy to difficult samples during training.
Following the transfer method proposed by Wein-
shall et al. (2018), we use the predictions of a model
that has been trained on target dataset (without cur-
riculum learning) in order to rank the synthetic as

984



well as original samples by difficulty (see Teacher
Model in Fig. 1). We adapt the fixed pacing func-
tion (Hacohen and Weinshall, 2019) to implement
transition of easy to difficult examples and opti-
mize for hyperparameters of the pacing functions
using Bayesian optimization. The pacing function
pf (i) is used to determine a sequence of subsets
X1, ..., Xm ⊆ X of size |Xi| = pf (i) ∗ |X| from
which mini-batches {Bi} are sampled uniformly
during training. Here, X is the ranked training
dataset. The fixed pacing function is comprised
of three parameters: (1) starting percentage, (2)
increase factor, and (3) step length. The number
of training iterations in each step of curriculum
learning is defined as step length. The starting per-
centage decides maximum difficulty of the training
samples introduced to the model in first step of
curriculum learning. The increase factor is used
to exponentially scale up the maximum difficulty
at the end of each step. The usage percentage is
calculated as pf (i) = t ∗ λ⌊i/S⌋ where t, λ, S and
i are the tunable parameters i.e. starting percent,
increase factor, step length and current training iter-
ation, resp. Training is initialized by sampling from
t% of the ranked dataset and the usage percentage
is re-computed at the end of every S iterations.

3.2 Adaptive Curriculum Learning
When the optimal curriculum for a student is not
known in advance, a teacher usually draws up a
curriculum based on past teaching experience and
then adjusts with the learning progress of the stu-
dent. Accordingly, Kong et al. (2021) propose ini-
tializing the curriculum using the difficulty score
obtained from the teacher model and then adapt
the score to the current state of the learner model
(see Fig. 1). During training, the scores are up-
dated after every L optimization steps. At the
(k + 1)th update, the difficulty score is computed
as µk+1 = (1−α)µk +αµcur where µcur, µk and
µk+1 are difficulty scores after the current step, the
kth and the (k + 1)th updates respectively. α and
L are tunable hyper-parameters. The ranking is
flipped to a difficult-to-easy curriculum using the
updated scores for subsequent training, in order to
maximize exposure to difficult samples.

3.3 Difficulty Scoring Functions
Question Answering Probability (QAP). The
probability that the teacher model can correctly pre-
dict the answer to a question is a measure of model
confidence for that particular data sample (Zhang

and Bansal, 2019). We propose to use this metric
to rank datasets i.e. data samples with high QAP
are considered as easy and those with low QAP are
treated as difficult examples. Given a model with
parameters θ, the QAP µi for question-answer pair
(xi, y

∗
i ) is measured as µi = pθ(y

∗
i |xi).

Model Variability. Swayamdipta et al. (2020)
propose the model confidence (µ̂i) and vari-
ability (σ̂i) measures to identify the effect of
data samples on the model’s generalization er-
ror. Specifically, µ̂i = 1

E

∑E
e=1 pθ(y

∗
i |xi) and

σ̂i =

√∑E
e=1 (pθ(y

∗
i |xi)−µ̂i)2
E , where E is the num-

ber of training epochs. We rank samples in the
ascending order of variability i.e. samples with
low-variability are ranked as easy.

Energy. Liu et al. (2020) show that the energy
score can be reliably used for distinguishing be-
tween in- and out-of-distribution (OOD) samples.
We use this metric to rank OOD samples as "diffi-
cult" and in-distribution samples as "easy" in our
curriculum. Energy of a given sample is computed
as E = −T ∗ log∑K

i exp
fi(x)/T where fi(x) are

the logits for a given sample, taken from the teacher
model, and T is the temperature.

4 Experimental Setup

We use a suite of large and small datasets formatted
as multiple-choice question answering tasks for our
experiments. SocialIQA (Sap et al., 2019), Cos-
mosQA (Huang et al., 2019) and WinoGrande-XL
(Sakaguchi et al., 2020) contain upto 60K train-
ing samples. Additionally, we use the CODAH
dataset (Chen et al., 2019) and also follow the
method in Yang et al. (2020) to create HellaSwag-
2K (Zellers et al., 2019) for testing our methods
in low-resource scenarios. Models are evaluated
using the respective task-specific accuracies (see
Appendix for dataset statistics). We use pretrained
RoBERTaLARGE (Liu et al., 2019) as the teacher as
well as learner model in our full-model finetuning
experiments. In the first stage, the teacher model is
finetuned on randomly sampled training data and
used to compute the difficulty scores. Models are
also subjected to grid-search based tuning of train-
ing hyperparameters in the first stage whenever
necessary. In the second stage, we use Bayesian
optimization for finding the optimum pacing func-
tion parameters for fixed as well as adaptive CL
(and use the same training hyperparameters as first
stage). For adaptive learning, we set L = S and
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Method SIQA CosQA CDH H2K WG
Results on test set
RoBERTa 76.74* 79.23* 82.32 73.40 79.12
+ fixed CL 78.14 80.04 83.91 75.42 79.51
+ adaptive CL 78.53 80.43 84.75 76.10 79.97
Results on validation set
RoBERTa 77.78 80.45 84.28 74.72 79.63
+ fixed CL 78.86 81.0 85.92 77.23 80.11
+ adaptive CL 79.22 81.57 86.03 77.89 81.05

Table 1: Results on commonsense datasets using
RoBERTa and various CL methods. *values are taken
from leaderboards. (SIQA = SocialIQA, CosQA =
CosmosQA, CDH = Codah, H2K = HellaSwag2K,
WG=WinoGrande-XL)

Method SIQA CosQA CDH H2K
RoBERTa 77.78 80.45 84.24 76.80
+ QAP 78.86 81.69 85.92 77.98
+ Energy 77.93 80.67 85.09 75.94
+ Variability 78.41 81.58 84.95 77.81

Table 2: Ablation results on validation set of common-
sense reasoning datasets using fixed CL with RoBERTa
and various difficulty measures.

optimize for α, t, λ and S parameters. For prefix-
tuning experiments, we use GPT2LARGE (Radford
et al., 2019) as the PTLM for tuning. See Appendix
for dataset statistics and hyperparameter bounds.

5 Results & Analysis

5.1 Main Results

Our experiments with curriculum learning yield
upto 2% improvements across five commonsense
reasoning tasks using RoBERTa model (see Ta-
ble 1). Fixed CL results in 1.4%, 0.81% and 0.4%
improvement over baseline i.e. no CL (see row
1 in Table 1) for the larger datasets SocialIQA,
CosmosQA and WinoGrande respectively. With
adaptive CL, the improvements increase to 1.79%,
1.20% and 0.85% respectively. For the smaller
datasets, we see similar benefits i.e. 1.7% and 2.5%
with fixed CL, and 2.4% and 3.17% with adaptive
CL over the baselines of Codah and HellaSwag-2K
respectively. These results are obtained using QAP
as difficulty score, which is the superior metric
for measuring sample difficulty in multiple-choice
datasets (see Sec. 5.2). The optimum α values in
our experiments are closer to 1.0, which suggests
that the initial ranking using teacher model is not
quite useful after the first S training steps.

To investigate the effectiveness of curriculum
learning, we compare the difficulty scores on the
training and validation sets for the teacher vs.
learner models. See Figure 4 for a demonstration

Method WG (ID) WSC (OOD)
RoBERTa 79.63 88.07
+ fixed CL 80.11 88.77
+ adaptive CL 81.05 90.17

Table 3: In-domain (ID) and out-of-domain (OOD) ac-
curacies for RoBERTaLARGE models trained with and
without CL on the WinoGrande-XL (WG) dataset.

(a)

(b)

Figure 2: Comparison of QAP scores on the (a) train-
ing and (b) validation sets of HellaSwag-2K, for the
RoBERTa models trained with and without CL.

of the same for HellaSWAG-2K. We observe that
the learner model is less confident about the train-
ing data implying that there is less overfitting. This
results in improved generalization to unseen data
in the validation set, and more uniform distribution
of QAP scores over the samples. We observe simi-
lar trends in other datasets as well (see Appendix
for more figures), which suggests that curriculum
learning acts as a regularizer during training. In
order to further test this hypothesis, we evaluate the
out-of-distribution generalization of WinoGrande
models by evaluating on the Winograd Schema
Challenge (WSC) dataset (Levesque et al., 2012).
We observe 0.7% and 2.1% improvement in the
performance on WSC using fixed and adaptive CL
respectively (see Table 3), indicating that adaptive
CL is especially effective at promoting generaliza-
tion of the trained model. This result also aligns
with the finding in Swayamdipta et al. (2020) that
hard-to-learn examples play a significant role in
learning and generalization.

5.2 Difficulty Metrics

We use three measures of difficulty for ranking the
samples in the training data. Results on fixed CL
with RoBERTa are shown in Table 2. We see the
largest improvements with QAP, similar behavior
with variability, and lesser or no improvements with
energy. Scatter plot between QAP and variability
for SIQA data samples reveals that samples with
higher QAP also tend to have lower variance, hence
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Method MNLI QNLI QQP RTE SST-2 MRPC CoLA STS-B Avg.
BERTLARGE 86.7 92.5 91.2 76.1 94.0 91.4 66.1 90.2 83.7
+ CL (Xu et al., 2020) 86.6 92.8 91.8 76.2 94.2 91.9 66.8 90.6 84.1
+ fixed CL (ours) 86.8 93.1 91.8 77.1 94.6 92.3 66.8 91.0 85.6
+ adaptive CL (ours) 87.9 93.5 92.7 77.9 94.6 92.4 66.5 91.8 86.1

Table 4: Results on validation sets of the GLUE dataset using fixed and adaptive CL with BERTLARGE .

Method SIQA CosQA CDH H2K
Prefix-tuning 65.39 68.34 73.16 70.24
+ fixed CL 66.18 69.10 75.28 72.58
+ adaptive CL 66.91 69.42 75.56 72.68

Table 5: Results on validation set of commonsense rea-
soning datasets using prefix-tuning of GPT2 and cur-
riculum learning with QAP as difficulty measure.

Figure 3: Visualization of scatter plots for QAP vs.
Variability (left) and QAP vs. Energy (right) scores
from the RoBERTa teacher model for SocialIQA.

leading to similar behavior from both metrics in
curriculum learning. The energy score fails to yield
benefits for CL because the datasets used in our
experiments are mostly homogeneous.

5.3 Curriculum Learning for Prefix-Tuning

In the interest of parameter-efficient methods for
training PTLMs to perform specialized tasks, we
conduct CL experiments for prefix-tuning (Li and
Liang, 2021) of GPT2LARGE models on target
datasets (see Appendix). We introduce a prefix
of length 16 and train a reparameterization net-
work that updates 0.2% of GPT2’s parameters for
commonsense-based question answering. Results
in Table 5 show that CL yields up to 1.5% improve-
ments for smaller datasets and up to 1% improve-
ment on larger datasets, suggesting that CL could
be also effective for prompt-tuning settings.

5.4 Curriculum learning for Natural
Language Understanding

We evaluate the performance of our proposed cur-
riculum learning methods on conventional NLU
tasks i.e. GLUE. In order to facilitate direct com-
parison to the meta-dataset approach presented in
Xu et al. (2020), we train BERTLARGE models
with our fixed as well as adaptive curriculum learn-
ing methods on all sub-tasks in GLUE (Wang et al.,
2018). Results on the validation sets of GLUE are

SI
Q

A

Cameron gave Casey a drink. He loved helping
kids and giving them things. How would Casey
feel as a result? [A] very apathetic [B] very
grateful [C] somewhat infdifferent

C
od

ah

We organized a bonfire party. I [A] brought
marshmallows to toast [B] like to play with fire
[C] threw a bucket of water at the bonfire [D]
howled like a wolf.

Table 6: Most difficult samples of SIQA and CODAH
as ranked by QAP scores. Labels are marked in green.

presented in Table 4. Our proposed method out-
performs Xu et al. (2020) across all sub-tasks. We
see upto 1% improvement on the larger datasets
i.e. MNLI, QNLI and QQP. For the smaller GLUE
datasets, we observe small improvement margins
with curriculum learning approaches, as opposed
to the larger improvements for small commonsense
reasoning datasets as seen in Table 1.

6 Limitations

Our results are limited to the task of multiple choice
question-answering based commonsense reasoning
and natural language understanding, but are encour-
aging and warrant further research into effective
adaptive CL methodologies for other NLP tasks.
The adaptive curriculum learning method proposed
in our paper is expensive for larger datasets since
the ranking needs to be recomputed several times
during training using the current version of the
learner model. Further work is needed to optimize
curriculum learning methods for larger datasets
like AbductiveNLI (Bhagavatula et al., 2019) and
for using larger models like UnifiedQA (Khashabi
et al., 2020) for finding the right curriculum.

7 Conclusion

We conduct an empirical analysis of fixed and adap-
tive curriculum learning (CL) for five common-
sense reasoning tasks using pretrained language
models (PTLMs). Results show that CL can bene-
fit downstream task performance when introducing
a new task to a PTLM, in fully-finetuned as well
prompt-tuned settings, and for in-domain as well
as out-of-domain data. Our work motivates future
research into CL for commonsense reasoning.
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Figure 4: Comparison of QAP scores on the (a) training
and (b) validation sets of SocialIQA, for the RoBERTa
models trained with and without CL.

A Prefix-Tuning Model

For this scenario, we finetune a GPT2LARGE
model for the task of multiple-choice reasoning us-
ing prefix-tuning, wherein the weights of pretrained
GPT2 are frozen, and only a matrix of prefix em-
beddings are trained for the target task. Following
Li and Liang (2021), we prepend a prefix to the in-
puts of GPT2 model i.e. z = [PREFIX, x, y] where
(x, y) is the question-answer input pair. We also
a parameterization network to compute the prefix
embeddings i.e., Pθ =MLP (Pθ′ ) where Pθ is the
prefix embedding used during inference, Pθ′ is a
smaller prefix matrix used for reparameterization
during training and MLP is the dense layer used
as the reparameterization network. We set the pre-
fix length to 16, and the dimensions of Pθ′ to 512.
The dimensions of Pθ is 1024, according to the
hidden size of GPT2LARGE . This leads to a total
of 0.2% trainable parameters in our prefix-tuning
based GPT2 model.

B Experimental Setup

Datasets. We use two large multiple-choice
commonsense-based question answering datasets
for our experiments i.e. SocialIQA (Sap et al.,
2019) and CosmosQA (Huang et al., 2019). Ad-
ditionally, we also use the CODAH dataset (Chen
et al., 2019) folds released in Yang et al. (2019)
and follow their method to create HellaSwag-2K
(Zellers et al., 2019) for testing our methods on
low-resource scenario. All of the above datasets
are being for their intended purposes i.e. research
only, in our work. All of these datasets are in the
English language. Models are evaluated using the
respective task-specific accuracies. See Table 9 for
dataset statistics.
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Hyperparameter SocialIQA CosmosQA CODAH HellaSwag2K WinoGrande (XL)
Starting Percent (sp) 0.26 0.37 0.5 0.26 0.39
Increase Factor (inc) 1.89 1.74 1.32 1.05 1.8
Update Steps (S) 1789 1745 332 199 405
Adaptive Factor (α) 0.93 0.99 0.55 0.09 0.19

Table 7: Best adaptive curriculum learning pacing function parameters for finetuning RoBERTa on various datasets

Parameter Bounds
Grid-search Based Optimization

Learning Rate [1e-5, 5e-5, 1e-6, 5e-6]
Batch Size (inc) [8, 16]
Total Train Epochs [3, 4, 5]

Bayesian Optimization
Starting Percent (t) [0.01, 0.5]
Increase Factor (λ) [1.05, 2.0]
∗Update Steps (S) [0.01, 3]*250
Adaptive Factor (α) [0, 1.0]

Table 8: Optimization bounds for grid-search based tun-
ing of training hyperparameters and bayesian optimiza-
tion of curriculum learning parameters. *We expand
the search window for update steps to 2500 for larger
datasets in adaptive CL

Split SIQA CosQA CDH H2K WG
Train 33,410 25,778 1666 2000 40,498
Dev 1954 3000 566 1000 1266
Test 2224 7000 566 5000 1767

Table 9: Number of samples in each split of the datasets
used in our experiments. (SIQA = SocialIQA, CosQA
= CosmosQA, CDH = Codah, H2K = HellaSwag2K,
WG=WinoGrande-XL)

Models & Hyper-parameters. We use
RoBERTaLARGE Liu et al. (2019) as the main
PTLM in our experiments. We perform Bayesian
optimization for finding the optimum parameters
for fixed as well as adaptive CL. For adaptive
learning, we set L = S and optimize for α,
t, λ and S parameters. All models are also
subjected to grid-search based tuning of training
hyperparameters.

B.1 Hyperparameter Tuning Bounds

We perform grid-search based optimization for find-
ing the best training hyperparameters for each train-
ing scenario and dataset. For curriculum learning
based parameters, we first perform bayesian opti-
mization (Snoek et al., 2012) of curriculum learn-
ing parameters using the best training hyperparame-
ters for the baseline (non-CL) model. For bayesian
optimization, each model is subjected to 15 itera-
tions of optimization with 3 restarts and the tuning

Figure 5: Demonstration of the optimized learning pace
of RoBERTa for various datasets. Usage percentage k
(y-axis) at training step n (x-axis) refers to the top k%
easiest examples of the ranked dataset.

is based on accuracy on validation set.
For the prefix-tuning models, we perform grid-

search based tuning of training hyperparameters
according to the bounds reported in Table 8 and in
addition, up to 10 training epochs.
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Hyperparameter SocialIQA CosmosQA CODAH HellaSwag2K WinoGrande (XL)
Learning Rate 5e-6 5e-6 1e-5 1e-5 1e-5
Epochs 3 4 5 5 5
Max Gradient Norm 1.0 1.0 1.0 1.0 1.0
Weight Decay 0.01 0.01 0.01 0.01 0.01
Batch Size 8 8 16 16 16
Max Length 128 128 90 128 70
Warmup Ratio 0.06 0.06 0.06 0.06 0.06
LR Decay Linear Linear Linear Linear Linear
Optimizer AdamW AdamW AdamW AdamW AdamW
Hardware RTX 2080 Ti RTX 2080 Ti RTX 2080Ti RTX 2080Ti RTX 2080Ti
Single GPU training time 5 hours 5 hours 2 hours* 2 hours 5 hours

Table 10: Training hyperparameters for finetuning RoBERTa on various datasets.
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Abstract
We introduce DocTime - a novel temporal
dependency graph (TDG) parser that takes as
input a text document and produces a tempo-
ral dependency graph. It outperforms previous
BERT based solutions by a relative 4-8% on
three datasets from modeling the problem as
a graph-network with path-prediction loss to
incorporate longer range dependencies. This
work also demonstrates how the TDG graph
can be used to improve the downstream tasks
of temporal questions answering and NLI by a
relative 4-10% with a new framework that in-
corporates the temporal dependency graph into
the self-attention layer of Transformer models
(Time-transformer). Finally, we develop
and evaluate on a new temporal dependency
graph dataset for the domain of contractual
documents, which has not been previously ex-
plored in this setting.

1 Introduction

Understanding the temporal relations between
events mentioned in a document is an important nat-
ural language task with applications in downstream
tasks such as timeline creation (Leeuwenberg and
Moens, 2018), time-aware summarization (Noh
et al., 2020), temporal question-answering (Ning
et al., 2020a), and temporal information extraction
(Leeuwenberg and Moens, 2019). This area of re-
search remains important yet challenging due to
several limitations such as confounded modalities
(eg. events that are certain to happen vs the ones
that might happen), event ambiguity (eg. agreeing
to terms of a contract vs signing a contract) and
need for complete annotation of all event pairs for
precise temporal localization (Yao et al., 2020a).

Early work densely annotated all pairs of events
to address this problem (Cassidy et al., 2014), but
was limited to short passages or adjacent sentences
due to the

(
n
2

)
complexity of the task, especially

for long documents. Recently this problem formu-
lation was significantly simplified using temporal

dependency trees (TDT) (Zhang and Xue, 2019)
and temporal dependency graphs (TDG) (Yao et al.,
2020a) by only capturing the reference TIMEX or
event to build a dependency graph to capture this
information. This enabled the development of tem-
poral dependency parsers (Zhang and Xue, 2018a;
Ross et al., 2020a) to infer temporal relationships
more robustly and efficiently.

We introduce DocTime - a state-of-the-art tem-
poral dependency parser that parses document-level
text to produce temporal dependency graphs. Un-
like previous approaches using contextual features
such as BERT(Ross et al., 2020b), our model uti-
lizes a graph network and a novel path prediction
loss to reason over long-range multi-hop depen-
dencies while maintaining global consistency of
temporal ordering of inter-dependent events.

To validate the utility of DocTime and our
generated temporal dependency graph, we go
one step further than prior work and explore the
question of whether temporal dependency graphs
are useful for downstream tasks by introducing
Time-Transformer. It is a framework to incor-
porate temporal dependency graphs into existing
transformer-based architectures without retraining
from scratch. We demonstrate the usefulness of
our proposed Time-Transformer on temporal
NLI (Vashishtha et al., 2020) and time-sensitive
question answering (Chen et al., 2021) tasks.

Prior work on temporal relationship extraction
and temporal dependency parsing have been mostly
limited to news (Zhang and Xue, 2019; Yao et al.,
2020a; Pustejovsky et al., 2003a), narrative stories
(Zhang and Xue, 2018b; Kolomiyets et al., 2012)
or clinical notes (Bethard et al., 2016). In addi-
tion to experimenting with existing temporal de-
pendency parsing datasets, we introduce a dataset
for temporal dependency graphs in a new domain
- contractual documents, where temporal reason-
ing over events has real world legal and monetary
implications for users.
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Figure 1: DocTime encodes rich token level embeddings from input document using structural, syntactic, and semantic graphs
through BERT-GCN, WR-GCN and HyperGraph Conv layers, respectively. Token-level features are concatenated and passed
through Iterative Deep Graph Learning (IDGL) to learn a noisy dependency structure over the TIMEX and Event entities. Graph
U-net allows the model to incorporate longer range dependencies for predicting the final temporal dependency graph structure
and relationships. The model is trained with a novel auxiliary path prediction loss to learn multi-hop connections in TDG.

Our main contributions include:
• A novel document-level temporal dependency

parser (DocTime) that predicts the tempo-
ral dependency graph from text in an end-to-
end manner with a novel path prediction loss,
which outperforms the current SOTA by a rel-
ative 4-8% on three datasets.

• Time-Transformer, a novel framework
to incorporate Temporal Dependency Graphs
into transformer models for downstream tasks
without needing to retrain from scratch. Re-
sults on natural language inference and ques-
tion answering with a new self-attention mod-
ule show a relative 4%-10% improvement.

• Development of new document-level (>1500
words) TDG dataset in the domain of contrac-
tual documents (ContractTDG1).

2 Related Work

Temporal Dependency Parsing: Previous work
has been devoted to pairwise classification of rela-
tions between events and time expressions, notably
TimeBank (Pustejovsky et al., 2003b) and its exten-
sions like Cassidy et al. (2014) annotated all rela-
tions. Pair-wise annotation have multiple problems
including polynomial square complexity, global in-
consistencies in predictions due to relation transitiv-
ity and forced annotation of vague relations (Ning
et al., 2018). Prior work focuses on extracting tem-
poral relations between event pairs in the same
sentence or adjacent sentences (Goyal and Durrett,
2019; Ning et al., 2019a; Han et al., 2019a,c,b,
2020; Ballesteros et al., 2020; Zhao et al., 2020).
TIMERS Mathur et al. (2021a) presented temporal
relation extraction in long document.
Temporal Dependency Parsing (TDP): Tem-

1https://github.com/contractTDG/
ContractTDG_Dataset

poral dependency trees were first proposed by
Kolomiyets et al. (2012). (Zhang and Xue, 2018b)
provided the the earliest TDT corpus on news data
and narrative stories, (Zhang and Xue, 2019) re-
leased the first English TDT corpus. Yao et al.
(2020a) relaxed the assumption of single reference
edge in dependency trees to form the improved
TDG. (Zhang and Xue, 2018a) built an end-to-end
neural temporal dependency parser using BiLSTM
and Ross et al. (2020b) improved it further incorpo-
rating BERT. Our approach improves by modeling
complex dependencies and introduces a new re-
source for TDG in contracts.
Linguistically-aware Transformers: Recent
works have investigated using linguistic features
as a prior for Transformer models. Syntax-bert
(Bai et al., 2021a) uses syntactic and constituency
dependency on NLI and GLUE benchmarks. Coref-
BERT Coreference-Informed Transformer (Liu
et al., 2021) performs coreference-aware dialogue
summarization. Temporal reasoning about event or-
dering can find applications in many tasks such as
summarization (Noh et al., 2020), question answer-
ing (Chen et al., 2021; Ning et al., 2020b; Jin et al.,
2020), commonsense reasoning (Qin et al., 2021),
and natural language inference (Vashishtha et al.,
2020). We propose to use TDG as priors to Trans-
former models to make them temporally-aware for
use in downstream tasks.

3 DocTime: Document TDG Parsing

Task Formulation: Let document D be defined as
a sequence of n tokens [x1, · · · , xn]. The entire
document can be seen as sequence of m sentences
[s1, · · · , sm]. Each document has a set of p events
E = [e1, · · · , ep] and q timexes T = [t1, · · · , tq],
where p, q ≤ n. The creation date of the doc-
ument is represented by timestamp tDCT. Yao
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et al. (2020a) defines a temporal dependency graph
(TDG) where each timex node always has a ref-
erence timex, which is the most specific narrative
time related to the event (Pustejovsky and Stubbs,
2011). If such a narrative time is not available,
the timex should be anchored to the DCT. An
event node can either have a reference timex or
be connected to a reference event, which is an
event that provides the most specific temporal lo-
cation. The task of temporal dependency graph
parsing of a text document D results in a depen-
dency graph G = (C, V ), where C represents the
set of all events, timexes and the document cre-
ation date (DCT). V is the set of all edges in the
graph, where each edge represents a temporal rela-
tionship ℜ between corresponding entity node pair
V = {(ti, tj), (ei, ej), (ei, tj)}∀i, j ∈ C.
Model Overview: Figure 1 shows an overview of
our network architecture for temporal dependency
parsing. We first extract token level BERT features
from the input document, which are then enriched
by three graph networks that encode structural, syn-
tactic, and semantic relationships. This is followed
by Iterative Deep Graph Learning over the TIMEX
and Event entities to learn an initial dependency
structure. This is passed through a Graph U-net to
allow the model to incorporate longer range depen-
dencies before predicting the final temporal depen-
dency graph and relationships. The model is also
trained with a novel auxiliary path prediction loss.

3.1 Feature Encoding

We leverage the pre-trained BERT language model
to obtain the embeddings for each token as fol-
lows: w1, w2, · · · , wn = BERT([x1, x2, · · · , xn]),
where wi is the embedding of the token xi. As
document sequence lengths can be larger than 512,
we use a sliding window encoding technique to
encode whole documents. We average the embed-
dings of overlapping tokens of different windows
to obtain the final representations. These token rep-
resentations are enriched with slightly enhanced
variants of the structural (Gstr), syntactic (Gsyn)
and semantic (Gsem) graphs utilized by (Mathur
et al., 2021b) for document-level temporal relation-
ship extraction. The key differences are the use of
BERT-GCN (Lin et al., 2021) to combine contex-
tual and structural graph features, the addition of
co-reference relationships to the syntactic graph,
and the use of a hypergraph convolution (Bai et al.,
2021b) to allow for token level features in the se-

mantic graph . All aspects of these features and the
changes are presented in Appendix B.

3.2 Temporal Dependency Prediction

We combine the learned representation for each en-
tity node (timex, event, DCT) by concatenating the
node embeddings learned from structural, syntacti-
cal and semantic graphs to obtain a D-dimensional
feature vector for each of z entities in the document
given by F(wi) = gstri ⊕gsyni ⊕gsemi , where⊕ rep-
resents concatenation. We retain only the enriched
node embeddings for each word. We then utilize It-
erative Deep Graph Learning (IDGL)2 (Chen et al.,
2020) to dynamically learn an initial dependency
graph structure from the combined node embed-
dings. Given a noisy graph input feature matrix
F ∈ Rl∗D, IDGL produces an implicitly learned
graph structure G∗ = {A∗,F,𭟋l} with a jointly
refined corresponding graph node embeddings F′

with adjacency matrix A∗ by optimizing with re-
spect to downstream link prediction task 𭟋l be-
tween entity nodes.

3.2.1 Graph U-net For Higher Level Features
The Graph U-net (Gao and Ji, 2019) is a U-shaped
graph encoder-decoder architecture containing two
down-sampling graph pooling (gPool) layers and
two up-sampling graph unpooling (gUnpool) lay-
ers with skip connections. gPool layers reduce the
size of the graph to encode higher-order features,
while the gUnpool layer restores the graph into its
higher resolution structure, thereby promoting in-
formation exchange between entity pairs through
an enlarged receptive field. Each graph pooling and
unpooling layer is followed by a GCN layer to im-
plicitly capture the topological information in the
input graph. Taking the dynamically learned graph
structure G∗, a graph embedding layer converts
input node features F’ into low-dimensional rep-
resentations that are then passed through a graph
U-net encoder-decoder ℧ to acquire entity-level
relation matrix Y = ℧(F’), Y ∈ Rl∗l∗D′

.

3.2.2 Temporal Dependency Link Prediction
and Relation Classification

Given entity adjacency matrix A∗ and entity-level
relation matrix Y, we use a bilinear function to
map them to link and relation probabilities Zl
and Zr, respectively. Formally, we have Zl =
σ(YWlY+ bl) and Zr = σ(A∗WrA

∗+ br), where

2Implementation: https://github.com/
graph4ai/graph4nlp
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Figure 2: Time-Transformer is a variant of pre-trained Transformer models that augments temporal knowledge into the
self-attention layer during fine-tuning of the Transformer model on different downstream tasks. Input text is converted into a
temporal dependency graph using DocTime parser. The graph is then converted into a set of masks that encodes the temporal
relationship between each token (i.e. After, Before) using the novel Temporally- informed Self-Attention (TISA). TISA creates
K masks to represent the (k)-hop distance between two nodes in TDG for aggregating information across longer ranges in the
input. TISA uses hyperbolic feed-forward layer to learn the mask weights.

Wl,Wr, bl, br ∈ RD
′∗D′

represent learnable pa-
rameters. This is followed by a Softmax layer for
link prediction and relations classification.

3.3 Training DocTime

Path Reconstruction Loss: In a document-level
temporal parsing setup, the majority of node pairs
may not have any ground truth link or temporal
relation. Graph representation learning methods
universally model relations between all entity pairs
regardless of whether the entity pair has any rela-
tionship, leading to dispersion of attention in learn-
ing most non-existent edge connections. We pro-
pose path reconstruction loss Lpath, which forces
the model to pay more attention to learn entity pairs
with relationships rather than ones without relation-
ships. Equation 1 gives the cross entropy loss over
all direct edge connection between all pairs of en-
tities, where rij indicates the relation between the
entity pair and P (rij) is probability of relation label
r. Path reconstruction loss Lpath modifies the cross
entropy loss Lce function as shown in Equation 2
by sampling all n2 entity pairs and maximizing the
probability of the shortest dependency path N (ϕ)
between the entity pair nodes. Finally, the path re-
construction loss and the existing classification loss
are added as the training objective for DocTime,
given by L = Lpath + Lce.

Lce = −
1

∑l
i=0Ni

l∑

i=1

Ni∑

j=1

{rij logP (rij)

+ (1− rij) log(1− P (rij))} (1)

Lpath = − 1
∑l

i=0Ni

l∑

i=1

Ni∑

j=1

{rij logN (ϕi)

+ (1− rij) log(1−N (ϕi))} (2)

Multi-task Training: Dependency link prediction
and entity-level relation classification are corre-
lated tasks and reinforce each other. We use multi-
task training to optimize both tasks simultaneously
using the path prediction cross entropy loss. The fi-
nal optimization uses a weighted sum of the depen-
dency link prediction loss and entity-level relation
classification loss L = λLl+(1−λ)Lr, where the
weighting factor λ is a hyperparameter.

4 Time-Transformer

We would also like to understand our temporal de-
pendency parsing can be useful for downstream
tasks requiring temporal reasoning. Here we intro-
duce the Time-Transformer, which allow a TDG
generated by DocTime to be combined with state-
of-the-art transformer models for temporal tasks.
The Time-Transformer augments the flow of infor-
mation in a Transformer network via a temporally-
informed self-attention mechanism. We first for-
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mulate the Time-Transformer architecture in §4
and then construct of temporally-informed atten-
tion layers in §4.

Architecture: Time-Transformer was motivated
by recent work incorporating syntax (Bai et al.,
2021a) or co-reference graphs(Liu et al., 2021)
into the transformer architecture to improve down-
stream tasks. In each case, these approaches
encode additional knowledge from the sparse
graphs as a masked self attention layer into the
transformer. Figure 2 shows the architecture of
Time-Transformer incorporating temporal knowl-
edge into the self-attention layer during fine-
tuning of the Transformer model. Input text is
converted into a temporal dependency graph us-
ing DocTime parser. The graph is then con-
verted into a set of masks that encodes the tem-
poral relationship between each entity (i.e. Af-
ter) explained in more detail in the next sec-
tion: Temporally-informed Self-Attention. The in-
put embedding (token+positional+attention masks)
is passed through the Time-Transformer model
which modifies the self-attention layer of the stan-
dard Transformer architecture with a temporally-
informed self-attention layer to be fine-tuned on
downstream tasks.

TISA: Temporally-informed Self-Attention :
The TDG produced by DocTime is sparse and
to effectively utilize the graph extracted by the tem-
poral dependency parser for longer range temporal
relationships, we utilizeK self-attention layers that
encode the temporal relationship if traversing K
hops in the TDG as shown in 2. More formally
starting from node A, the minimum number of
hops (k) required to reach another node B can
be regarded as k-hop distance between A and B,
written as k-hop(A,B). We create K masks to
represent the (k)-hop distance between two nodes
to allow the model to aggregate information across
longer ranges in the TDG. Specifically, a mask
M ∈ {0, 1, 2, · · · , r}n×n denotes if there is a re-
lation between entity i and j, and n is the number
of tokens in the input text. The value of the mask
is the relationship type for i and j. It is found by
inferring the relationship using Allen’s interval al-
gebra (Allen, 1983) and is set to 0 if there is no
relationship or set to "Overlap" if there is a conflict.
We adopt a soft-mask learning strategy to enable
the self-attention layer to re-weight the importance
of each mask and avoid the problem of vanishing
gradient. A hyperbolic feed-forward layer is used

to learn the mask weights as research has shown it
can avoid distortion of the feature space in graph
representations (Ganea et al., 2018). The value
of K is a hyperparameter that can be customized
according to the nature of input dependency graph.
Training Time-Transformer: For each
dataset, we optimize the hyper-parameters of
Time-Transformer through grid search on the
validation data. In all our experiments, we limit the
maximum value of k-hop to 15. Detailed settings
can be found in the appendix.

5 Experiment

5.1 Temporal Graph Parsing Datasets

We train and evaluate DocTime on three datasets.
First is the Temporal Dependency Graphs (TDG)
dataset (Yao et al., 2020a) made up of 500
Wikinews articles annotated with document-level
temporal dependency graphs. Second is the Tem-
poral Dependency Trees (TDT) dataset Zhang
and Xue (2019) made from 183 documents derived
from TimeBank (Pustejovsky et al., 2003a) anno-
tated with a temporal dependency tree structure.
The third dataset we created as part of this paper
and is describe in more detail below.
Contract-TDG: Understanding the temporal rela-
tionship of events in contracts is an important busi-
ness problem, where understanding event timelines
can have legal and monetary consequences. Pre-
vious work on temporal relationships has largely
focused on clinical, news or narrative text , whereas
to the best of our knowledge the contractual do-
main has not been explored for this problem. To
construct this dataset, we used 100 contracts from
the Atticus contracts dataset3 (Hendrycks et al.,
2021), which were sourced from public domain
SEC contracts. Due to the multi-page length of
these documents, we limited the annotations to the
first 1500 words. We did not include definition
sections, since they did not contain many events
of interest for this task. The documents have a
70-10-20 split for training, validation, and testing.

To obtain the TDG annotations required for our
task, we followed the 5 steps procedure outlined
by the original TDG dataset in (Yao et al., 2020b):
(i) TIMEX Identification (TE), (ii) Identifying ref-
erence times for TE, (iii) Event identification, (iv)
Identifying reference times for events, (v) Identify-
ing reference events for events. Document Creation

3https://www.atticusprojectai.org/cuad
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Figure 3: Example of a temporal dependency graph from ContractTDG dataset annotated using Brat Tool.

Dataset Docs Timex Events Rels
TimeBank (Pustejovsky et al., 2003b) 183 1,414 7,935 6,148
TB-Dense (Cassidy et al., 2014) 36 289 1,729 12,715
MATRES (Ning et al., 2019b) 275 - 1,790 13,577
TDT-Crd (Zhang and Xue, 2019) 183 1,414 2,691 4,105
TDG (Yao et al., 2020a) 500 2,485 14,974 28,350
Contract-TDG) (Ours) 100 2354 11,752 12,909

Table 1: Comparison of ContractTDG data statistics to other
temporal relation datasets. ContractTDG has fewer documents
but comparable number of TIMEX/Events/relations.

Task TDG Contract TDG
(F1) (F1)

1: TIMEX ID 0.96 0.93
2: TIMEX RT 0.89 0.81
3: Event ID 0.79 0.76
4: RT ID (U) 0.67 0.83
4: RT ID (L) 0.61 0.75
5: RE ID (U) 0.59 0.85
5: RE ID (L) 0.52 0.79

Table 2: Inter-Annotator Agreement (IAA) for the Contract-
TDG and TDG dataset. U = structure, L = structure + labels

Times (DCT) were provided as effective dates in
the ATTICUS corpus.

Similar to (Yao et al., 2020b) for tasks 1 (TE)
and 3 (Event ID), we used the Mechanical Turk
platform to obtain two annotations to validate text
spans of noisy TIMEXes extracted by HeidelTime
software4 (Strötgen and Gertz, 2013) and verbs that
were possible events. Disagreements were resolved
by an expert annotator. However, for the reference
tasks, we decided against using Mechanical Turk
due to the difficulty and length of the contracts as
well as the lower agreement faced by the original
TDG system for the last two tasks. We instead
used the BRAT annotation tool5 (Stenetorp et al.,
2012) with an expert annotator for tasks 2,4, and 5,
following the (Yao et al., 2020b) guidelines . Con-
tractTDG is annotated for four temporal relations -
after, before, overlaps, and includes.

Table 1 compares the data statistics of the Con-
tractTDG to previous temporal relationship and

4https://github.com/HeidelTime/heideltime
5https://brat.nlplab.org/

temporal dependency corpora. Even though this
dataset has many fewer documents than the TDG
dataset, it has a large number of TIMEX, Events,
and Temporal relationships due to the document
length. Table 2 reports the F1 IAA metrics for Con-
tractTDG dataset to directly compare to the original
TDG dataset. For Tasks 1 and 3 we report IAA F1
for the two crowd sourced worker annotations and
for the relationship tagging tasks (2,4,5), we report
IAA metrics calculated on the test postion (20% of
the data) that was reviewed by two experts. The
agreement is slightly lower for the TIMEX/Event
identification tasks but higher for the three relation-
ship tasks. We evaluate DocTime for dependency
structure as well as structure+relation prediction
for both development and test splits.

5.2 Time-Transformer Experiments for
Downstream Tasks

We adopt Time-Transformer on BERT (De-
vlin et al., 2019), RoBERTa (Liu et al., 2019a), Big-
Bird (Zaheer et al., 2020a) and FiD (Izacard and
Grave, 2021) for evaluation on two downstream
tasks in §6.2. We utilized the official checkpoint
for each pre-trained language model as provided
by respective authors. First, we test Time-BERT
and Time-RoBERTa on Temporal NLI dataset,
which consists of 5 sub-datasets (Vashishtha et al.,
2020) to study the effect of temporal reasoning
for predicting event ordering and duration. Sec-
ond, we run experiments on the TimeQA dataset
(Chen et al., 2021) to evaluate the performance
of Time-BigBird and Time-FiD for the long-
document question-answering task. We report Ex-
act Match (EM) and F1 scores as evaluation metrics
on dev and test sets of easy and hard versions.
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System
TD-Trees TD-Graphs ContractTDG

Structure-only Structure+Relation Structure-only Structure+Relation Structure-only Structure+Relation
Dev Test Dev Test Dev Test Dev Test Dev Test Dev Test

B
as

el
in

es Majority Baseline 0.43 0.42 0.15 0.18 0.62 0.68 0.41 0.51 0.36 0.35 0.36 0.33
Logistic Regression Baseline (Zhang and Xue, 2018a) 0.64 0.70 0.26 0.29 0.62 0.69 0.49 0.58 0.42 0.39 0.45 0.38
Neural Ranking Parser (BiLSTM) (Zhang and Xue, 2018a) 0.75 0.79 0.53 0.60 0.69 0.79 0.55 0.66 0.49 0.46 0.52 0.48
BERT Ranking Parser (Ross et al., 2020b) 0.77 0.83 0.59 0.68 0.71 0.80 0.62 0.71 0.67 0.65 0.62 0.61

A
bl

at
io

n

DocTime (ours) 0.85* 0.86* 0.66* 0.72* 0.74* 0.85* 0.69* 0.77* 0.70* 0.69* 0.68* 0.64*
DocTime w\o Graph U-net 0.83 0.84 0.63 0.70 0.71 0.82 0.67 0.75 0.68 0.63 0.66 0.62
DocTime w\o Structure Graph 0.81 0.80 0.62 0.65 0.67 0.72 0.65 0.73 0.67 0.63 0.64 0.60
DocTime w\o Syntactic Graph 0.80 0.82 0.62 0.66 0.65 0.73 0.62 0.69 0.64 0.61 0.62 0.59
DocTime w\o Semantic Graph 0.76 0.78 0.55 0.65 0.62 0.70 0.60 0.67 0.59 0.57 0.59 0.57
DocTime w\ Graph Prediction 0.72 0.64 0.49 0.55 0.57 0.65 0.57 0.58 0.59 0.53 0.55 0.54
DocTime w\ Pairwise Link Prediction 0.82 0.83 0.63 0.69 0.72 0.83 0.66 0.73 0.65 0.60 0.62 0.60
DocTime w\ Path Prediction Loss 0.85 0.86 0.66 0.72 0.74 0.85 0.69 0.77 0.70 0.69 0.68 0.64

Table 3: Results comparing performance of DocTime with baselines and ablative components on TDT, TDG, ContractTDG
datasets. We majority and logistic regression baselines from (Zhang and Xue, 2018a). * indicates statistical significance over
BERT Ranking Parser (Ross et al., 2020b) (p ≤ 0.005) under Wilcoxon’s Signed Rank test. Darker green represents better F1
performance on ablation studies. Bold denotes the best performing model. DocTime improves substantially over all datasets for
both dependency structure and structure+relation prediction tasks. The ablation shows that semantic graph features prove to be
most beneficial. Our proposed path prediction loss is critical for state-of-the-art performance of DocTime model.

6 Results and Analysis

6.1 Temporal Graph Parsing

Performance of DocTime w.r.t. baselines: Table
3 compares the performance of DocTime against
other baseline methods on TDT, TDG and Con-
tractTDG. We also provide a majority baseline Con-
tractTDG to evaluate whether the methods work
better than a random label assignment as imple-
mented in (Yao et al., 2020a). We also include
the two current SOTA approaches for temporal de-
pendency parsing: The BiLSTM attention-based
Neural Ranking Parser proposed by (Zhang and
Xue, 2018a) 6 and the BERT Ranking Parser (Ross
et al., 2020b) on each dataset . We also report
results for a logistic regression baseline proposed
by (Zhang and Xue, 2018a). Results in Table 3
show that DocTime outperforms both Neural and
BERT Ranking Parser by a significant margin on
the TDT (2-4%) TDG (5-6%) and ContractTDG
(3-4%) datasets. We believe its primarily because
they formulate temporal dependency parsing as a
ranking task designed to select the best reference
event/timex for each node. However, TDG pars-
ing requires the model to be able to reason over
multiple dependencies originating from each node
while maintaining global consistency of temporal
ordering of inter-dependent events. We perform
experiments for dependency structure prediction
and structure+relation prediction and find that pre-
dicting labeled dependency edges is a much more
challenging task across all datasets. DocTime
achieves state-of-the-art performance on all three
datasets (see bold), and shows that it can success-
fully handle document-level long-range dependen-
cies in the challenging ContractTDG dataset from

6Used: http://github.com/yuchenz/tdp_ranking

Model UDS-duration UDS-order TempEval3 TimeBank-Dense RED
Majority 50.00 54.52 54.57 50.54 52.51
NBOW (Iyyer et al., 2015) 82.54 54.52 54.57 50.54 52.51
Infersent (Conneau et al., 2017) 92.65 73.22 62.20 68.29 63.47
RoBERTa (Liu et al., 2019b) 94.51 80.17 54.57 94.60 80.59
Time-RoBERTa (E) 95.78 82.03 60.66 95.45 82.10
Time-BERT 96.01 82.97 61.32 96.08 82.15
Time-RoBERTa 96.67 82.98 62.50 96.33 82.50

Table 4: Accuracy comparison on the Temporal NLI dataset
test set. Time-RoBERTa fine-tuned by utlizing temporal
dependencies extract from DocTime model pre-trained on
TDG dataset outperform all baselines provided by (Vashishtha
et al., 2020)(see bold).

the 6-12% relative improvement over the BERT
based ranking parser. A more detailed analysis of
performance per temporal relationship type can be
found in the Appendix, where largest gains are seen
for event-event pairs.

Ablation Study of DocTime: To assess the con-
tribution of structure and syntactic and semantic
graph features, we performed ablation experiments
as reported in Table 3 highlighted in red . We also
analyzed the effect of different types of training
loss. We observe that removing the semantic graph
consistently degrades performance, indicating the
need for hypergraph learning over temporal argu-
ments and RST features to capture document-level
discourse relations. We see that removing structure
graph reduced the performance to below the BERT
Ranking Parser, as DocTime leverages BERT’s
contextual learning through a structural graph. Syn-
tactic graph adds incremental value to DocTime
due to its relational learning of syntactic depen-
dencies within each sentence through relational
GCN. We evaluated the model performance in case
all edges of the TDG are used for one forward
pass and call it ”Graph Prediction”. Training the
model by evaluating a single edge in one pass (sim-
ilar to temporal relation prediction in (Pustejovsky
et al., 2003b) is referred to as ”Pairwise Predic-
tion". We explore the impact of different training
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Model Easy-mode Hard-mode
Dev Test Dev Test

EM F1 EM F1 EM F1 EM F1
FT on TimeQA

BigBird (Zaheer et al., 2020b) 16.4 27.5 16.3 27.1 11.4 20.6 11.9 20.3
Time-BigBird (E) 15.5 25.0 14.1 25.5 9.6 15.6 9.3 18.5
Time-BigBird 18.9 29.5 18.9 29.5 13.0 22.5 13.0 22.8
FiD (Izacard and Grave, 2020) 15.9 27.1 15.7 28.0 10.7 19.1 10.3 19.7
Time-FiD (E) 13.8 25.2 12.1 25.6 8.9 17.3 8.8 17.6
Time-FiD 17.5 29.3 18.1 30.3 12.5 22.2 12.5 21.5

FT on TriviaQA
BigBird (Zaheer et al., 2020b) 33.4 42.5 33.7 43.0 27.7 35.9 27.7 36.2
Time-BigBird (E) 31.3 40.4 32.3 41.8 25.9 33.6 25.8 35.5
Time-BigBird 35.0 44.8 35.1 45.5 29.2 36.6 29.2 38.0

FT on NQ + TimeQA
FiD (Izacard and Grave, 2020) 59.5 66.9 60.5 67.9 45.3 54.3 46.8 54.6
Temp-FiD (E) 57.9 65.6 58.5 65.2 41.1 52.6 44.5 52.8
Time-FiD 61.3 68.2 62.4 69.6 46.7 56.2 48.2 56.4

Table 5: Results comparing F1 score and exact match (EM)
performance of Time-BigBird and Time-FiD for QA
task on easy and hard sections of TimeQA dataset. We
evaluate the Transformer models in 3 settings - fine-tune
on TimeQA; fine-tune TriviaQA; and fine-tune on NQ then
TimeQA. Green shows improvement due to our proposed
Time-Transformer model, while we see degradation due
to Euclidean variant of Time-Transformer (E)

losses for the proposed model (Table 3, highlighted
in green ). Learning DocTime by propagating
losses over the entire document graph severely de-
teriorates model performance as the model has very
limited training documents samples (182 for TDT,
400 for TDG, 80 for ContractTDG). Our proposed
path prediction loss shows superior performance
over pairwise link prediction as it jointly learns the
relation label between a pair of nodes as well as the
shortest dependency path linking them. As a result,
the model can recover from structure prediction er-
rors between nodes by learning an alternative path
reconstructed through multi-hop connections.

6.2 Application of Temporal Dependency
Parsing for downstream tasks

We train the DocTime model on the TDG corpus,
which can be used to infer a temporal dependency
graph from raw text samples. We extract events
and timexes using CAEVO (Chambers et al., 2014)
for all data samples in train,validate, and test. The
temporal dependency graph acquired for each docu-
ment is used as a prior for Time-Transformer
to perform downstream tasks.
Performance of Time-Transformer on Tem-
poral NLI: The temporal NLI task requires a
model to identify the semantic relationship (en-
tailed, not-entailed) between the context and cor-
responding hypothesis sentence based on tem-
poral information from text. The temporal de-
pendency graphs extracted using the DocTime
trained on the TDG corpus are used as prior for
Time-BERT for entailment classification. Table 4
shows the test accuracies of Time-BERT-large,
Time-RoBERTa-large and other competi-

tive baselines [(Iyyer et al., 2015),(Conneau
et al., 2017)] reported by (Vashishtha et al.,
2020). The temporal information prior proposed
in Time-Transformer helps the BERT and
RoBERTa models perform much better on the NLI
task. The accuracy improved by 1.5-2.3 F1 points
by applying our framework on the RoBERTa model
across the five subsets. We observe the perfor-
mance gain in the case of the Euclidean version of
Time-RoBERTa to be modest as compared to its
hyperbolic counterpart.

Performance of Time-Transformer on
TimeQA: The TimeQA task focuses on under-
standing the time scope of facts in the long text
followed by answering questions conditioned
on the query and the document using implicit
temporal information. We then apply the DocTime
model output trained on the TDG corpus to the
Time-Transformer framework on BigBird
and FiD language models for long document
question answering task. Following (Chen et al.,
2021), we experiment with three variants of
pre-trained settings: (1) fine-tuned on the TimeQA
training set; (2) fine-tuned on NQ/TriviaQA data
(3) fine-tuned on NQ/TriviaQA data and TimeQA.

Table 5 shows the effectiveness of
Time-BigBird and Time-FiD in consis-
tently outperforming their corresponding baselines
in all three settings. More specifically, we see a re-
altive gain of 10-14% in F1 and exact match scores
(EM) for both easy and hard sections of the dataset.
It is impressive to note that the improvements due
to the Time-BigBird and Time-FiD models
are steady with different pre-training setups with
the addition of only a few extra parameters to the
baseline model. An important observation here is
that the Euclidean versions of Time-BigBird
and Time-FiD show persistent performance
deterioration across all settings for TimeQA. We
attribute this phenomenon to our initial hypothesis
behind using hyperbolic operations in the proposed
Temporally-informed self attention (TISA) layer.
As the text length grows, the complexity of
geometric operations increases, leading to vectorial
distortions in Euclidean spaces (Ganea et al., 2018).
This is remedied by hyperbolic transformations
of masked self-attention learning in the proposed
Time-Transformer.

Our experiments provide evidence that tempo-
ral dependency graphs extracted using DocTime
and then utilized as a prior by temporally-
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Figure 4: Impact analysis of long-distance dependencies
on Transformer models for TimeQA task. Plot shows the
exact match (EM) accuracy vs length of input document
for hard samples. We use BigBird and FiD fine-tuned on
NQ + TimeQA as backbone models. Time-BigBird and
Time-FiD maintain steady improvement over baseline mod-
els even with increase in input lengths.

Corpus Model Structure + Relation (F1)
te,te e,te e,e full

TD-Graphs
Heuristic 0.82 0.58 0.34 0.51

Neural Ranking Parser (Zhang and Xue, 2018a) 0.93 0.66 0.58 0.66
BERT Ranking Parser (Ross et al., 2020b) 0.93 0.74 0.58 0.71

DocTime 0.96 0.75 0.72 0.77

Contract-TDG
Heuristic 0.45 0.36 0.18 0.33

Neural Ranking Parser (Zhang and Xue, 2018a) 0.57 0.45 0.29 0.48
BERT Ranking Parser (Ross et al., 2020b) 0.70 0.54 0.33 0.61

DocTime 0.75 0.56 0.39 0.64

Table 6: Performance (F1 score) of DocTime across timex-
timex, event-timex and event-event pairs for dependency struc-
ture+relation prediction on TDG and ContractTDG datasets.
DocTime outperforms all baselines on every setting.

informed Transformer architectures such as
Time-Transformer can improve the perfor-
mance of several downstream tasks that require
temporal reasoning at the sentence-level as well as
at the document-level.
Impact of Long-term Dependency on
Time-Transformer performance: We
plot Fig. 4 to understand the capability of Trans-
former models to handle the long-term dependency
in temporal reasoning on the TimeQA dataset. Plot
shows the exact match (EM) accuracy vs length of
the input document for hard samples. We use Big-
Bird and FiD models fine-tuned on NQ + TimeQA
as backbone models. BigBird’s performance
degrades rapidly as the length increases to over
5000 tokens, while the FiD’s performance is quite
uniformly distributed across different document
lengths due to it’s strong capability to deal with
long-term dependency. Time-BigBird and
Time-FiD follow a similar trend and maintain
steady improvements over their corresponding
baseline models with increasing in input lengths.
Space complexity analysis: We choose RoBERTa-

base as the base model to analyze the space com-
plexity. Liu et al. (2019b) reported the number
of trainable parameters in RoBERTa-Base to be
about 123 million. Time-RoBERTa introduces
an additional 2 million parameters in total due to
k-hop mask learning in the TISA layer. Therefore,
Time-BERT adds few parameters to the base model
without affecting its original space complexity.

Time Complexity analysis: We assume the num-
ber of tokens in each sentence to be n and extract k-
hop mask matrices from a text document is O(n2)
in the online inference phase. The time complex-
ity of the Transformer embedding lookup layer
is O(n). The TISA layer calculates the attention
score in O(KDqn

2) for both QKT and learns the
mask weights using a hyperbolic feedforward layer
(MWM ), where Dq is dimension of Q and K is
the number of sub-networks. The time complex-
ity of the Time-BERT remains the same for small
enough value of k (k ≤ 15 in experiments).

7 Conclusion

We present DocTime, a new temporal dependency
parsing approach that improves upon previous ap-
proaches by integrating longer term temporal infor-
mation through a graph network with a novel path
prediction loss. Additionally, we are able to show
how a TDG can be incorporated into Transformer
networks with Time-Transformer to improve on
down stream tasks for NLI and question answering.
Finally we introduce a TDG dataset in a new do-
main (Contractual documents) to expand research
in this temporal reasoning to a new application
domain. Future works will aim to explore more
ways for integrating temporal dependency graphs
into neural architectures across different applica-
tion domains. In future, we would like to explore
temporal event mining to aid various social media
applications such as improving hate speech detec-
tion (Mathur et al., 2018b; Chopra et al., 2020),
analyzing temporality in suicidal ideation detection
(Mishra et al., 2019; Mathur et al., 2020) and abuse
detection (Gautam et al., 2020; Sawhney et al.,
2021). The proposed Time-Transformer can find
applications in augmenting financial tasks (Sawh-
ney et al., 2020), affective computing (Mittal et al.,
2021), and AI for social good (Mathur et al., 2018a)
with temporal common sense reasoning.
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A Ethics Statement

We utilize two publicly available datasets - TDT
and TDG for evaluating temporal dependency
parser. We also curated dataset for TDG on contract
documents. We source these contract documents
from a publicly available resource - ATTICUS. We
repurpose the document in this dataset for our task
and provide new annotations. ContractTDG dataset
does not violate any privacy as these documents
are already in public domain. There is no human
bias involved in such documents as they are busi-
ness contracts filed on the SEC website. These
documents do not restrict reuse for academic pur-
poses and any personal information was already
redacted before their original release. All docu-
ments and our experiments are restricted to English
language. Temporal NLI and TimeQA datasets that
are publicly available for research purposes. The
crowd workers are paid a fair wage. There was no
sensitive data involved in the studies.

B Details on Graph Feature Extraction

B.1 Structural Graph Features

The Structural Graph (Gstr) enriches the token
level features with a hierarchical textual struc-
ture formed by grouping word tokens into lists
of sentences that bind together to form the text
document. Prior work has shown that transduc-
tive graph learning over Gstr can help learn the
long range word-word dependencies set several
sentences apart through hierarchical text model-
ing (Yao et al., 2019). The directed edges of
the Structural Graph encode the following rela-
tionships: (1) Document-Sentence Affiliation,
which connects each document-node to a sentence-
node; (2) Sentence-Word Affiliation, which joins
each sentence node to its constituent word nodes;
(3) Sentence-Sentence Adjacency and (4) Word-
Word Adjacency, which preserve sequential or-
dering for consecutive sentence and word nodes,
respectively. For the structural graph, a sentence
node embedding si is obtained by passing sen-
tences through a pre-trained SentenceBERT model
(Reimers and Gurevych, 2019) and the document
node embedding D is calculated as the average of
all sentence embeddings (D =

∑m
i=0 vi).

BertGCN (Lin et al., 2021) combines the advan-
tages of both large-scale pre-training and transduc-
tive learning. We input the structural graph Gstr

to BertGCN model7 where each node represents a
word, a sentence or the document. BertGCN pro-
cesses the input node feature matrix sequentially
through a Bert model to fine-tune each node to
learn local contextual representations. This is fol-
lowed by passing the learned node feature matrix
through two layers of graph convolution to take
advantage of global influence propagation through
graph edges across multi-hop nodes.

B.2 Syntactic Graph Features
Syntactic cues are useful priors for learning based
NLP tasks (Kiperwasser and Ballesteros, 2018).
Pre-trained transformer models can capture certain
syntactic information implicitly (Hewitt and Man-
ning, 2019) but Jawahar et al. (2019) showed that
BERT needs to be trained with deeper layers for
handling harder cases involving long-distance de-
pendency information. Moreover, past studies have
pointed to the existence of multi-hop coreferring
expressions in document-level text due to anaphora
and cataphora (Joshi et al., 2020).
Gsyn is made of separate nodes to represent each

constituent word wi in the document. For each doc-
ument, there is also a set of co-reference clusters
{∁1, ∁2,· · · ,∁u} referring to the same entities in the
graph. We define four types of directed edges in
Gsyn as described below where ξ denotes the set
of syntactic dependency arcs inside sentences, Srwi
denotes root of the sentence in which wi belongs,
and Swi → Swj represents whether sentences con-
taining words wi and wj are adjacent.

εsyn(i, j) =





dependency if (wi, wj) ∈ ξ
reversion if (wj , wi) ∈ ξ
coreference if wi, wj ∈ ∁u
self-loop if i == j

root-adjacency if wi == Srwi
,

& wj == Srwj
,

& Swi → Swj

(3)

The first two edge types are introduced to allow
information flow along and against syntactic arcs
between intra-sentential dependency relations to en-
rich contextually learned embeddings of each word.
We connect parse tree roots of adjacent sentences to
encode document level long-range syntactic relat-
edness between sentences. We add an undirected
edge between word nodes if both belong to the
same co-reference cluster. Inspired by (Kipf and
Welling, 2016), self-loop edges are added for better
message passing iterations. Gsyn is instantiated

7Implementation Used: https://github.com/
ZeroRin/BertGCN
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as a gated variant of Weighted Relational Graph
Convolutional Network (WR-GCN) (Zhang et al.,
2020) with k-layers. WR-GCN can able to model
diverse relations in a heterogeneous graph by treat-
ing different types of edges with unequal weights
assigned during message passing.

B.3 Semantic Graph Features

Semantic Role Labeling (SRL) parses text se-
quences to recognize the predicate-argument struc-
ture in the sentence to answer who did what and
when. Anchoring verb events to their temporal
argument spans extracted from semantic parsing
helps infer event relationships with their associ-
ated time expressions. This can be complemented
by discourse features in the form of RST con-
nections can help leverage long-range document-
level interactions between phrase units (Bhatia
et al., 2015) and identify background-foreground
events(Aldawsari et al., 2020) and improve tempo-
ral relationship parsing (Mathur et al., 2021b). We
utilize Document-level Rhetorical Structure Theory
(RST) parser (Shi et al., 2020) to organize contigu-
ous semantic text spans of a document into a hi-
erarchical dependency structure labeled with their
rhetorical relations.
Gsem consists of individual nodes for each con-

stituent word wi in the document. Discourse units
and temporal arguments may span several word
tokens {w1, w2, · · ·wk}. We add two types of di-
rected edge connections between - (1) event verb
predicate - temporal argument edge (εt) such that
(we → {w1, w2, · · ·wk} ∈ εt); (2) Rhetorical pair
edges (εd) labelled by the type of the rhetorical rela-
tion ({w1, w2, · · ·wi} → {w1, w2, · · ·wj} ∈ εd).

ε =

{
we → {we, · · ·wk} ∈ εt
{w1, · · ·wi} → {w1, · · ·wj} ∈ εd

(4)

The nature of edge connections in Gsem extends
beyond pairwise interactions as each edge may con-
nect to one or more word nodes. Hence, we for-
mulate the semantic graph as a hypergraph (Feng
et al., 2019) where an edge can join an arbitrary
number of vertices. We construct Gsem = (ν, ε,W)
where ν is the set of all word nodes wi, and ε is the
subset of hyperedges such that ε = εt ∪ εd. Each
hyperedge e is assigned a positive weight corre-
sponding to the type of edge relation and is stored
in a diagonal matrix W ∈ ℜ|ε|x|ε|. The semantic
graph is learned using hypergraph convolution lay-
ers (Bai et al., 2021b) to obtain discriminative node

embeddings for each word node.

C Training Setup

Hyperparameter: Hyper-parameters for
DocTime were tuned on the respective vali-
dation set to find the best configurations for
different datasets. We summarize the range
of our model’s hyper parameters such as:
number of hidden layers in WR-GCN/BERT-
GCN/HyperGraphGCN {1, 2, 3}, size of hidden
layers in WR-GCN/BERT-GCN/HyperGraphGCN
{64, 128, 256, 512}, BERT embedding size (768),
dropout δ ∈ {0.2, 0.3, 0.4, 0.5.0.6}, learning rate
λ ∈ {1e − 5, 1e − 4, 1e − 3, 1e − 2, 1e − 1},
weight decay ω ∈ {1e− 6, 1e− 5, 1e− 4, 1e− 3},
batch size b ∈ {16, 32, 64} and epochs (≤ 100),
ϵ-sparsity ∈ [0, 1], IDGL smoothness ratio=0.5,
IDGL sparsity ratio=0.5, IDGL connectivity
ratio=0.5, size of hidden layers in Graph U-net
{64, 128, 256, 512}.
Loss Function and Inference:
Time-Transformers are trained using
Cross Entropy loss with Adam optimizer. Across
both TempNLI and TimeQA datasets, we found
the best results correspond with the use of Adam
optimiser set with default values β1 = 0.9,
β2 = 0.999, ϵ = 1e − 8, weight-decay of 5e − 4
and an initial learning rate of 0.001.
DocTime uses cross entropy loss for structure

prediction. For structure+relation classification, it
uses the path prediction loss as defined in Method-
ology.
Computing Infrastructue: DocTime and
Time-Tranformers are written in PyTorch li-
brary and were trained on 4 and 6 Nvidia GeForce
RTX 2080 GPU, respectively. Average Run-
time: DocTime takes a maximum of approx-
imately 5 hrs to train once on TDG datasets.
Time-BERT, Time-RoBERTa take 3 hrs to fine-
tune on TempNLI. Time-BigBird, Time-FiD
takes 8,12 hours to fine-tune, respectively.
Dataset Access

Links to download TDT dataset:
https://github.com/yuchenz/crowdsourced_

EN_TDT_corpus

Link to download TDG dataset: https:

//github.com/Jryao/temporal_dependency_

graphs_crowdsourcing

Link to download Temporal NLI dataset: https:

//github.com/sidsvash26/temporal_nli

Link to download TimeQA dataset: https://
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Corpus Model Structure + Relation (F1)
te,te e,te e,e full

TD-Graphs
Heuristic 0.82 0.58 0.34 0.51

Neural Ranking Parser (Zhang and Xue, 2018a) 0.93 0.66 0.58 0.66
BERT Ranking Parser (Ross et al., 2020b) 0.93 0.74 0.58 0.71

DocTime 0.96 0.75 0.72 0.77

Contract-TDG
Heuristic 0.45 0.36 0.18 0.33

Neural Ranking Parser (Zhang and Xue, 2018a) 0.57 0.45 0.29 0.48
BERT Ranking Parser (Ross et al., 2020b) 0.70 0.54 0.33 0.61

DocTime 0.75 0.56 0.39 0.64

Table 7: Performance (F1 score) of DocTime across timex-
timex, event-timex and event-event pairs for dependency struc-
ture+relation prediction on TDG and ContractTDG datasets.
DocTime outperforms all baselines on every setting.

github.com/wenhuchen/Time-Sensitive-QA

D Hyperparameters

Table 8 show the Training hyperparameters of
DocTime for TDT, TDG, ContractTDG datasets.

E More Results

Performance across different relation types:
We analyze the benefits of DocTime for differ-
ent types of relations in document-level TDG
datasets in Table 7. We report F1 scores for struc-
ture+relation prediction for timex-timex, event-
timex and event-event pairs. We observe a rela-
tively smaller performance gap between the BERT
Ranking parser and DocTime for event-timex
relations. However, DocTime shows relatively
stronger performance for event-event relations.
This phenomenon can be attributed to the fact that
both datasets tend to have event-event links be-
tween event pairs that are on an average closer
in word distance, whereas a higher ratio of event-
timex and timex-timex pairs are several sentences
apart. DocTime can integrate long-range inter-
dependencies between entity pairs that are several
sentences (or paragraphs in Contract TDG) apart.
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Dataset
Hyperparameters TDT TDG Contract

Dropout Ratio 0.5 0.5 0.5
Optimizer Adam Adam Adam
Input Dimension (Structural Graph) (n,768) (n,768) (n,768)
Input Dimension (Syntactic Graph) (n,768) (n,768) (n,768)
Input Dimension (Semantic Graph) (n,768) (n,768) (n,768)
Hidden Dimension (WR-GCN) 256 256 64
Number of hidden layers (WR-GCN) 2 2 2
Hidden Dimension (BERT-GCN) 256 256 64
Number of hidden layers (BERT-GCN) 1 1 1
Hidden Dimension (HyperGCN) 256 256 64
Number of hidden layers (HyperGCN) 2 2 2
Epochs 20 20 20
Batch Size 8 8 16
Learning Rate 2e-5 2e-5 2e-5
Activation Function of Linear layers ReLU ReLU ReLU

Table 8: Hyperparameters Details: Training hyperparameters of DocTime for TDT, TDG, ContractTDG
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Abstract
We present FACTPEGASUS, an abstractive
summarization model that addresses the prob-
lem of factuality during pre-training and fine-
tuning: (1) We augment the sentence selec-
tion strategy of PEGASUS’s (Zhang et al.,
2020) pre-training objective to create pseudo-
summaries that are both important and factual;
(2) We introduce three complementary compo-
nents for fine-tuning. The corrector removes
hallucinations present in the reference sum-
mary, the contrastor uses contrastive learning
to better differentiate nonfactual summaries
from factual ones, and the connector bridges
the gap between the pre-training and fine-
tuning for better transfer of knowledge. Exper-
iments on three downstream tasks demonstrate
that FACTPEGASUS substantially improves
factuality evaluated by multiple automatic met-
rics and humans. Our thorough analysis sug-
gests that FACTPEGASUS is more factual
than using the original pre-training objective in
zero-shot and few-shot settings, retains factual
behavior more robustly than strong baselines,
and does not rely entirely on becoming more
extractive to improve factuality.1

1 Introduction

Abstractive summarization aims at generating short
summaries that capture the essentials of a long
document. Research in this challenging task has
made significant progress with the help of large
pre-trained models (Lewis et al., 2020; Raffel et al.,
2020; Zhang et al., 2020). However, current mod-
els suffer from the crucial problem of hallucina-
tions (Maynez et al., 2020), where a summary con-
tains facts or entities not present in the original
document. Such unfaithful generation raises the
question of whether the models can be trustwor-
thy and used safely for real-world applications. To
tackle this problem, many approaches propose post-
processing models (Chen et al., 2021; Dong et al.,

1Our code and data are publicly available at: https:
//github.com/meetdavidwan/factpegasus.

2020; Liu and Liu, 2021), but such methods are
often constrained by external resources to train ad-
ditional correction or selection models. An alter-
native line of works focuses on learning factuality
directly during fine-tuning by filtering nonfactual
training data (Goyal and Durrett, 2021; Nan et al.,
2021) or, most recently, incorporating contrastive
learning (Cao and Wang, 2021) to encourage gen-
erating faithful summaries.

In this work, we propose FACTPEGASUS, a
model that addresses the problem of hallucina-
tions for abstractive summarization holistically,
by incorporating factuality into the whole train-
ing pipeline: We tackle the lack of factuality ob-
jective in pre-training and the presence of hallu-
cinations in the downstream dataset during fine-
tuning. Current pre-training objectives focus on
improving the quality of the generated output in the
downstream tasks but often overlook the factuality
aspect. Thus, we explore incorporating factual-
ity into the pre-training objective of PEGASUS
(Zhang et al., 2020) (a state-of-the-art abstractive
summarization model). The original objective, gap
sentence generation (GSG), transforms any text
into a pseudo-summarization dataset by selecting
important sentences using ROUGE (Lin, 2004) as
output summaries. We explore strategies for com-
bining ROUGE and the factuality metric FactCC
(Kryscinski et al., 2020) as the selection criteria,
so that the model learns to generate sentences that
cover the most important information of the input
document as well as remain faithful to it.

Next, we propose three complementary mod-
ules that further address factuality problems during
fine-tuning: (1) Corrector that removes halluci-
nations existing in reference summaries, allowing
training on the full training set without learning un-
faithful behaviors; (2) Contrastor that encourages
the model to better differentiate factual summaries
from nonfactual ones by paying attention to the
document using contrastive learning; (3) Connec-
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tor, a special mask-token fine-tuning technique
enabled by the GSG-style objective, that simulates
the pre-training task during fine-tuning by inserting
the mask token into the input document so that the
pre-trained model can adapt its knowledge of gener-
ating factual summaries directly to the downstream
tasks. The connector, corrector, and contrastor ad-
dress the input, output, and training objective of the
downstream task, respectively, and the combination
of the components reduces potential confounding
problems that cannot be addressed by a single mod-
ule. We show that the full model improves three
factuality metrics, the token and sentence error of
DEP Entail (Goyal and Durrett, 2021) and FactCC,
on the downstream datasets of XSum (Narayan
et al., 2018), WikiHow (Koupaee and Wang, 2018),
and Gigaword (Rush et al., 2015). Most notably,
FACTPEGASUS outperforms existing factuality-
aware summarization models by more than 40%
and 34% on XSum for token error and FactCC, re-
spectively. Ablation studies show the usefulness
of each of our fine-tuning components as well as
the additive gain of combining our complemen-
tary modules, and human evaluation confirms that
FACTPEGASUS generates significantly more fac-
tual summaries over strong baselines.

Finally, we perform a detailed analysis of FACT-
PEGASUS, which points to several important ob-
servations regarding learning and maintaining fac-
tuality: (1) Zero-shot setting demonstrates the util-
ity of our factuality-aware pre-training objective, as
our model outperforms PEGASUS (which uses the
original objective) on all three factuality metrics
when evaluated directly on the downstream task
without any supervised training data. Few-shot
experiment indicates that even a small number of
nonfactual examples can have a strong negative im-
pact on factuality and can nullify much of the gain
from factuality pre-training, highlighting the impor-
tance of ensuring factuality during fine-tuning. (2)
Factuality dynamics (Goyal et al., 2022) further
shows that FACTPEGASUS exhibits a lesser de-
gree of factuality degradation than what is observed
for BART-base. (3) Factuality vs abstractiveness
tradeoff curve reveals that FACTPEGASUS ef-
fectively improves factuality by not simply relying
on the increase in extractiveness.

To summarize, our contributions are as follows:

1. We propose a factuality-aware pre-training ob-
jective for abstractive summarization and study
the effect of different sentence selection strate-

gies on downstream factuality.

2. We introduce three complementary components
for improving factuality during fine-tuning that
correct hallucinations present in the training set,
discourage unfaithful generation during training,
and bridge the gap between pre-training and fine-
tuning. The full model consistently achieves
better factuality scores than strong baselines
on three downstream abstractive summarization
tasks, confirmed by human evaluation.

3. We conduct thorough factuality analysis and
show that FACTPEGASUS generates more fac-
tual summaries with no or little supervision,
slows down factuality degradation observed for
current models, and improves factuality not by
becoming more extractive.

2 Related Work

Pre-training Objective for Generation Tasks.
Transformer-based models have achieved state-of-
the-art performance for abstractive summarization
(Devlin et al., 2019; Lewis et al., 2020; Raffel et al.,
2020; Zhang et al., 2020). Many such pre-trained
models study the effect of useful pre-training ob-
jectives, often in the form of masking certain parts
of the input. BART (Lewis et al., 2020) randomly
masks spans of tokens in the text as input and asks
the model to reconstruct the original text. Our work
builds on the success of PEGASUS’s (Zhang et al.,
2020) pre-training objective that closely resembles
the downstream summarization task. Their objec-
tive selects sentences that best represent the doc-
ument as the output summary, and masks out the
selected sentences in the original text as the input
document. We explore various sentence selection
strategies to encourage the model to generate sum-
maries that cover the most important information
of the document and also remain faithful to it.

Improving Factuality for Summarization. Re-
cent models can achieve highly fluent and coher-
ent abstractive summaries, yet the generated sum-
maries often contain factual errors (Falke et al.,
2019; Maynez et al., 2020). Several approaches
have addressed this problem, which can be roughly
categorized into two types. The first approach pro-
poses post-processing models, that either removes
hallucinations in the generated summaries (Cao
et al., 2020; Dong et al., 2020), or selects the most
factual candidate during beam search (Chen et al.,
2021). This approach often requires training addi-
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tional models and external resources. In an attempt
to improve factuality in an end-to-end fashion, Nan
et al. (2021) and Goyal and Durrett (2021) explore
a useful method of removing nonfactual examples
during training, but this only allows the model to
be trained on a small portion of the training data.

Recently, contrastive learning (Chopra et al.,
2005, CL) has started to gain traction for improving
factuality. Popular for representation learning, CL
has had great success for vision tasks (Chen et al.,
2020) and has also been successfully applied to
summarization, where Liu and Liu (2021) improves
summary quality by differentiating high-quality
summaries from the lower-quality ones. Cao and
Wang (2021) extend this idea to improve factu-
ality with various approaches to generate halluci-
nated summaries as negative examples, showing
consistent improvement over existing methods. We
similarly incorporate CL as an additional training
objective, but we differ from previous works in the
choice of anchor and positive sample. Inspired by
Lee et al. (2021), who use encoder and decoder
output as candidates for CL across multiple text
generation tasks, we extend this idea to factuality,
i.e., instead of performing CL only between sum-
maries, we perform CL between the document and
the summary. This setup encourages the model to
generate a faithful summary that pays attention to
the document, i.e., the definition of faithfulness.

3 FACTPEGASUS

We describe our training procedure consisting of
pre-training with a factuality-aware objective (Sec-
tion 3.1) and fine-tuning with three complementary
modules for improving factuality (Section 3.2).

3.1 Factuality-Aware Pre-training

Recent exploration of good pre-training objectives
for abstractive summarization aims at achieving
high quality on downstream tasks, often in terms
of ROUGE. However, few have analyzed the effect
of pre-training objective on factuality. We focus on
incorporating this aspect into the pre-training objec-
tive of PEGASUS, gap sentence generation (GSG),
since PEGASUS achieves state-of-the-art perfor-
mance on the downstream abstractive summariza-
tion tasks. The GSG objective transforms text doc-
uments into a pseudo-summarization dataset by se-
lecting important sentences as the output summary,
which are subsequently masked out in the original
text. The best strategy determines the importance

by calculating ROUGE-1 between each chosen sen-
tence and the rest of the document. While the
original strategy selects sentences that contain the
most unigram overlap, there is no guarantee that
the selected sentences are faithful to the rest of the
document. We provide an illustrative example in
Figure 1a, where the original objective selects sen-
tence C due to its high ROUGE-1 score. However,
this sentence is not a faithful summary to the rest of
the document as the other sentences concern with
the fire in Seattle while only sentence C talks about
the fire in Denver.

To address this problem, we extend this objec-
tive, which we call factual GSG (factGSG), where
we additionally measure the importance of the sen-
tences according to factuality. We use FactCC
(Kryscinski et al., 2020) as the factuality crite-
ria when selecting the summary sentences, as it
correlates highly with human factuality judgment
(Pagnoni et al., 2021) and is relatively fast to com-
pute. FactCC produces a binary prediction where
a score of 1 indicates that the selected sentence is
consistent with the rest of the document. Another
change in factGSG is the choice of gap sentence ra-
tio, which determines the percentage of sentences
in the text that will be selected as the summary.
Instead of selecting 30% of the text document as
output summary, we only select one sentence, as
selecting more sentences will inevitably increase
the possibility of hallucinations.

Formally, given a document D of n sentences,
D = {x1, x2, ..., xn}, we select the top-scoring
sentence as the output summary, where the score
of each sentence xi is calculated by:

si = rouge(xi, D\{xi})+FactCC(xi, D\{xi})
Going back to the example in Figure 1a, FactCC

assigns a score of 0 to the nonfactual sentence C
because the fire in Denver is not entailed by the
other sentences. This results in sentence A scor-
ing higher than the nonfactual sentence, and thus
overcomes the problem in the original objective.

3.2 Factuality-Aware Fine-tuning
Although the typical approach of updating all the
model’s parameters during fine-tuning adapts well
to the downstream task, the model suffers from
imitative falsehood (Lin et al., 2021): The model
learns to generate similar hallucinations present
in the downstream dataset, and even completely
forgets its factual behaviors learned during pre-
training. This is especially problematic for datasets
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Sent. A

FactPEGASUS

Pseudo-
Summary

[MASK] Sent. B Sent. C

Pseudo-
Document

Sentences

Sent. C: A fire was 
also put out at 
night in Denver.

R1: 0.73
FactCC: 0

Score: 0.73

Sent. A: A fire was 
put out in Seattle.

R1: 0.54
FactCC: 1

Score: 1.54

Sent. B: The fire 
started at night.

R1: 0.27
FactCC: 1

Score: 1.27

Summary 
Sentence Score

(a) Pre-training

 Arteta, 34, retired from …[MASK]

Former Arsenal midfielder Arteta ...
(ii) 

Corrector

(iii)
Contrastor

Summary

Document

Perturbed
Summary

FactPEGASUS

(i) 
Connector

FactGSG-like Document

Corrected Summary
Former 
Arsenal 

midfielder 
Mikel 
Arteta

...

Arteta, 34, 
retired 
from 

playing
...

Former 
Arsenal 

midfielder 
Anderson 

...

(b) Fine-tuning

Figure 1: Illustration of FACTPEGASUS. For pre-training (a), we use the factGSG objective introduced in Section
3.1 that transforms a text document into a pseudo-summarization dataset. We select the pseudo-summary using
the combination of ROUGE and FactCC. Here, sentence A is selected as the pseudo-summary, and we mask this
sentence in the original text to create the pseudo-document. During fine-tuning (b), the connector (i) simulates the
factGSG task by appending the same mask token used in (a) to the input document, so that we have the same setup
in both training stages. Then, corrector (ii) removes hallucinations (highlighted in red) from the summary. Finally,
contrastive learning in (iii) encourages the model to prefer the corrected summary over the perturbed summary.

like XSum that contains hallucinations on 70% of
the summaries (Maynez et al., 2020).

To this end, we present three complementary
fine-tuning modules, illustrated in Figure 1b. Each
component addresses different parts of the down-
stream task and collaboratively ensures factuality
throughout the fine-tuning stage.

3.2.1 Connector
The GSG objective enables faster and better adap-
tation during fine-tuning by simulating the down-
stream task (Zhang et al., 2020). However, there
still exists a gap between pre-training and fine-
tuning: GSG is a masked sentence prediction task,
but downstream summarization does not make use
of the mask token. Thus, we simply insert the mask
token into the input document of the downstream
dataset, so as to simulate what the model expects
during pre-training. This can be seen as a form of
prompting, which helps us to elicit the factuality
knowledge of the pre-trained models. We insert the
mask token between sentences, and the best posi-
tion is determined by evaluating the summarization
performance on the validation set. We report the
best position of the mask token and discuss the
similarity to prompting in Appendix C.

3.2.2 Corrector
The corrector removes hallucinations in the refer-
ence summaries so that such examples can be used
during training without contributing to the problem
of imitative falsehood. We consider summary enti-
ties as hallucinating if the text cannot be matched
to one of the document entities. We propose three
approaches with varying degrees of aggressiveness

w.r.t. the removal of hallucinations and the possi-
bility of generating ungrammatical sentences.

Replace: Upon qualitative analysis, we discover
that some hallucinated entities in the summary are
partially present in the documents. The most promi-
nent example is the use of names, where the sum-
mary contains the full name of the person while
only the first or last name is mentioned in the doc-
ument, as shown in Figure 2. Given such observa-
tion, we propose a method to find a similar entity
with the same NER label in the document and use
that to replace the original hallucinated entity in the
summary. Although this approach cannot correct
hallucinations where similar entities are missing in
the document, grammaticality is ensured.

Remove: A more aggressive approach is to re-
move the hallucinated entities in the training exam-
ples. The intuition is that it is often better to not say
anything than to say something wrong. We mitigate
the problem of creating ungrammatical sentences
by removing related words to the removed entities
determined by dependency arcs.

Combined: As a middle ground that ensures
no hallucinations are present in the reference sum-
maries while being grammatical when possible, we
first replace all possible entities and then apply the
remove strategy on the remaining ones.

We refer the readers to Appendix-B.1 for the
details about hallucination detection, as well as the
algorithm and discussion of grammatically for the
remove method.
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Document [Arteta]ent, [34]number, retired from playing at [the end of last season]date ... [Arteta]ent was seen crying after his
final [Arsenal]ent match... [Guardiola]ent’s first game since succeeding [Manuel Pellegrini]ent ...

Summary Former [Arsenal]ent midfielder [Mikel Arteta]ent has taken up a coaching role at [Manchester City]ent.

Corrector
Replace Former Arsenal midfielder Arteta has taken up a coaching role at Manchester City.
Remove Former Arsenal midfielder Mikel Arteta has taken up a coaching role at Manchester City.
Combined Former Arsenal midfielder Arteta has taken up a coaching role at Manchester City.

Contrastor
Intrinsic Former Arsenal midfielder Manuel Pellegrini has taken up a coaching role.
Extrinsic Former Arsenal midfielder Wenger has taken up a coaching role.

Figure 2: Example output using different strategies of corrector and contrastor. The first two rows show the original
document and summary with highlighted entities and their respective labels (date, number, ent). We mark halluci-
nated entities in the summaries with red, factual entities in document and summary with green and underlined, and
removed entities by the corrector with a strikethrough. Perturbed entities by the contrastor are italicized.

3.2.3 Contrastor
To better distinguish factual summaries from non-
factual ones, we next introduce a contrastive learn-
ing objective that encourages the model to prefer
factual summaries given the context of the doc-
ument. We use the document Di as the anchor
and only consider the reference summary Si as the
positive sample. Then, we create a set of nonfac-
tual summariesNi to form negative pairs following
Kryscinski et al. (2020), where we replace factual
entities with random entities of the same named
entity labels. We experiment with two variants sim-
ulating either extrinsic and intrinsic hallucinations.
As formulated in Maynez et al. (2020), extrinsic
hallucinations refer to entities that are present in
the summary but not in the document, whereas in-
trinsic hallucinations are those that are present in
the document but contain inaccurate information or
are misplaced. See Appendix B.2 for more details.

We stress that we perform contrastive learning
between the document and the summary, similar
to Lee et al. (2021), instead of between summaries
(Cao and Wang, 2021), as it follows closer to the
definition of faithfulness - the summary should be
generated within the context of the document.

We use the NT-Xent loss (Chen et al., 2020):

lDi,Si = − log
exp sim(zDi , zSi)/τ∑

Sj∈Ni∪{Si} exp sim(zDi , zSj )/τ

where zDi , zSi and zSj are representation for Di,
Si and Sj , respectively. We generate zD and zS
by performing mean pooling over the last hidden
layer of the encoder and decoder output, respec-
tively. sim(·, ·) is the cosine similarity between the
representations, and τ is the temperature parameter.

The final loss is calculated by the sum of the
cross-entropy loss LCE and the contrastive loss:
L = LCE + λLCL, where λ is a scalar.

R1 R1+FactCC R2 R2+FactCC RL RL+FactCC
0.950

0.975

1.000

1.025

1.050
ROUGE Tok Acc Sent Acc FactCC

Figure 3: Relative effect using different sentence selec-
tion criteria on XSum. Adding FactCC to criteria con-
sistently improves factuality. Full result in Table 10.

4 Experimental Setup

We describe our experimental setup, and refer to
Appendix A for more details.

4.1 Datasets and Evaluation Metrics

We pre-train on the C4 dataset (Raffel et al., 2020),
and evaluate our pre-trained model on three down-
stream abstractive summarization datasets: XSum
(Narayan et al., 2018), WikiHow (Koupaee and
Wang, 2018), and Gigaword (Rush et al., 2015).
XSum is the primary dataset for analysis unless
otherwise stated, as most of the factuality works for
abstractive summarization evaluate on this dataset.
Dataset details are presented in Appendix A.1.

We report ROUGE-L (Lin, 2004) to evaluate our
generated summaries against the reference. How-
ever, we note that this method is not ideal given
the presence of hallucinations in the reference sum-
maries (Chen et al., 2021; Maynez et al., 2020): If
a more factual model does not produce such hal-
lucinations, the output is scored lower than those
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that contain the same hallucinations found in the
reference.

To evaluate factuality, there have been many
proposed automatic metrics (Durmus et al., 2020;
Wang et al., 2020; Scialom et al., 2021). We report
FactCC (Kryscinski et al., 2020) and DEP-Entail
(Goyal and Durrett, 2021), as they are highly corre-
lated with human judgment of factuality (Pagnoni
et al., 2021). For DEP-Entail, we report the token-
level and sentence-level error. For FactCC, since
the model has been trained to evaluate on single
sentences, we calculate the average score across all
sentences for each summary.

To confirm our observation, we conduct hu-
man evaluation asking Amazon Mechanical Turk2

(AMT) to judge the factuality and informativeness
of the summaries. We randomly select 100 doc-
uments and ask the annotators to check whether
each of the generated summaries is factual and in-
formative. Appendix E provides more details.

4.2 Pre-training and Fine-tuning Setup

For pre-training, we use BART-base’s architecture
with PEGASUS’s SentencePiece (Kudo, 2018) un-
igram model tokenizer. We first determine the best
sentence selection criteria by experimenting with
selection criteria that use ROUGE-1, ROUGE-2,
and ROUGE-L, as well as combining each with
FactCC. To save computation (Lewis et al., 2020;
Zhang et al., 2020; Raffel et al., 2020), we pre-
train these models on a smaller dataset and fewer
training steps. We report the effect of the selection
criteria using the normalized ROUGE score and
factuality scores over the model that uses ROUGE-
1 as the selection criteria. We take the complement
of token error and sentence error as token accu-
racy and sentence accuracy, respectively, to present
all metrics where higher is better. Details of pre-
training are shown in Appendix A.4.

Finally, We evaluate our pre-trained model on
the three downstream tasks. As baselines, we com-
pare our model to BART-base and PEGASUS*,
our variant of the PEGASUS-base as there is no
publicly available checkpoint. We train PEGA-
SUS* by using the original sentence selection met-
ric (ROUGE-1), and observe higher ROUGE scores
on XSum and WikiHow than the ones reported in
the original paper. We also compare FACTPEGA-
SUS to two summarization models optimized for
factuality. DAE (Goyal and Durrett, 2021) uses

2https://www.mturk.com/

Dataset Model RL tok err↓ sent err↓ FactCC

XS

BART-base 33.78 12.38 60.70 23.99
PEGASUS* 33.17 12.33 60.01 24.14

DAE 31.78 4.79* 35.52* 25.43
CLIFF 31.40 10.36 53.14 23.77

FACTPEGASUS 31.17 6.07 38.66 34.32

WH

BART-base 31.81 8.99 45.77 99.09
PEGASUS* 30.30 9.77 47.28 98.83

DAE 31.66 4.91* 34.45* 98.87
CLIFF 33.82 13.74 57.42 99.18

FACTPEGASUS 29.33 7.86 42.40 99.41

GW

BART-base 35.11 2.29 19.68 55.66
PEGASUS* 34.74 2.84 22.66 56.43

DAE 35.57 0.58* 7.54* 59.61
CLIFF 34.89 1.72 18.45 58.53

FACTPEGASUS 34.23 2.30 19.32 60.02

Table 1: Fine-tuning results on the XSum (XS), Wiki-
How (WH), and Gigaword (GW) dataset. FACTPEGA-
SUS consistently improves factuality metrics for all
datasets over the two baseline models, and outperforms
existing factuality models on FactCC. The token error
and sentence error achieved by DAE (marked with *) is
not a fair comparison, because the model optimizes the
metric during training.

Model Factuality Informativeness

BART-base 24.67 61.33
PEGASUS* 27.33 58.33
DAE 31.99 61.66
CLIFF 29.33 62.99
FACTPEGASUS 39.66 58.67

Table 2: Human evaluation results on XSum. Our
model is statistically significantly better (p < 0.05)
than BART-base, PEGASUS*, and CLIFF, and moder-
ately significantly better than DAE (p = 0.055). There
is no statistical significance between the informative-
ness of FACTPEGASUS and other models (p > 0.15).

DEP-Entail to mask out the nonfactual tokens dur-
ing training, and CLIFF (Cao and Wang, 2021)
uses contrastive learning between the reference
summaries and automatically generated nonfactual
summaries. We apply both methods to BART-base.
Details are described in Appendix A.5.

5 Result

5.1 Pre-training Sentence Selection Results

Figure 3 shows the effect of different sentence
selection criteria. Adding FactCC to all three
ROUGE-only criteria consistently improves all fac-
tuality metrics at the cost of a small decrease in
quality. Overall, the selection strategy of combin-
ing ROUGE-1 and FactCC achieves the highest
FactCC score out of all strategies while maintain-
ing the smallest relative drop in ROUGE.
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5.2 Fine-tuning Results

We present our full result on the three downstream
tasks in Table 1. While the two baseline models
achieve similar factuality scores, FACTPEGASUS
consistently improves factuality over the two base-
lines on all three datasets. The largest improvement
can be seen for the XSum dataset, where FACT-
PEGASUS, compared to BART-base, lowers the
token error and sentence error by 51% and 36%,
respectively, and increases FactCC by 43% 3 . The
same trend but to a lesser degree can also be ob-
served for WikiHow and Gigaword, most notably
a 3-point decrease in sentence error for WikiHow
and a 2-point increase in FactCC for Gigaword.

Compared to factuality-aware models, FACTPE-
GASUS achieves the highest FactCC on all tasks.
Notably, FACTPEGASUS outperforms DAE by
34% on XSum. In terms of DEP-Entail, FACTPE-
GASUS outperforms CLIFF on XSum and Wiki-
How. We note that DAE is trained using the DEP-
Entail metric and thus is not a fair comparison.

We note that the ROUGE-L scores for FACT-
PEGASUS are lower than both baseline models
by about 2 points, but we stress that our increase
in FactCC is substantially larger than the decrease
in ROUGE-L for XSum and Gigaword. The neg-
ative relationship between factuality metrics and
ROUGE is also reported in prior works (Chen et al.,
2021; Kryscinski et al., 2019). For example, fine-
tuning BART on a subset of XSum (Goyal and
Durrett, 2021) improves factuality at the cost of
a 6-point drop in ROUGE-L4, which is triple the
amount of decrease observed for our model.

Human Evaluation results are shown in Table 2.
The result agrees with our observation on auto-
matic factuality metrics, as FACTPEGASUS pro-
duces significantly more factual summaries than
the BART-base, and PEGASUS*, and CLIFF. We
achieve moderately significantly better summaries
(p = 0.055) than DAE. Although, FACTPEGA-
SUS achieves low informativeness, we find no sta-
tistical significant difference between our model
and other models (p > 0.15).

3We also experimented with a more aggressive corrector
that can achieve more than 50% increase in FactCC and 59%
improvement on sentence error on XSum, but this variant
can hurt informativeness. Hence, the results can be tuned
depending on the desired tradeoff between factuality and in-
formativeness on the downstream task at hand.

4The result is reported in Cao and Wang (2021).

Model RL tok err↓ sent err↓ FactCC

factGSG 32.99 12.31 59.30 24.94

+ corrector replace 32.48 10.57 55.05 25.06
+ corrector remove 30.37 6.44 39.89 35.77
+ corrector combined 31.19 6.10 38.96 33.79

+ contrastor intrinsic 32.14 11.46 57.61 25.26
+ contrastor extrinsic 32.54 11.95 59.10 25.07

+ contrastor + corrector 31.17 6.08 38.92 34.17

FACTPEGASUS 31.17 6.07 38.66 34.32

Table 3: Fine-tuning ablation on XSum. We present our
pre-trained model factGSG fine-tuned without any of
our proposed components, and adding different strate-
gies of corrector and contrastor. We then combine the
best of the two modules (corrector combined and con-
trastor intrinsic), and finally add the connector to form
the final model, which we copy from Table 1.

Model RL tok err↓ sent err↓ FactCC

GSG+mask 23.49 9.04 43.62 24.49
factGSG+mask 24.23 7.69 38.88 35.14

Table 4: Zero-shot results when applying the connec-
tor to our pre-trained model (factGSG+mask) and PE-
GASUS*(GSG+mask). FactGSG+mask outperforms
GSG+mask on all metrics.

5.3 Fine-tuning Ablation Studies

We present ablation studies of our proposed meth-
ods in Table 3. We first compare the performance
of different strategies for the corrector and con-
trastor. For corrector, the level of aggressiveness
in correcting hallucinations has a positive relation-
ship with factuality metrics but a negative relation-
ship with ROUGE-L. Although the remove method
achieves the highest FactCC score, the combined
method further lowers the token and sentence er-
ror while achieving relatively high ROUGE-L and
FactCC. For contrastor, simulating intrinsic errors,
which creates more challenging negative samples,
provides better factuality results than simulating ex-
trinsic ones. Finally, we show the additive gain in
combining the best corrector and contrastor, as well
as adding the connector to form the final model.

We report the same ablation studies for Giga-
word and Wikihow in Appendix D.3, and that for
PEGASUS* in Appendix D.4.

5.4 Zero-shot and Few-shot Results

With the help of connector proposed in Sec-
tion 3.2.1, we can explore how knowledge about
factuality is transferred to fine-tuning, especially in
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Figure 4: Zero-shot and few-shot results. The lines represent each models’s performance when fine-tuned on 0
(zero-shot), 1, 10, 100, and 1000 examples. FACTPEGASUS consistently improves sentence error with more
training data. Without the corrector and contrastor, factuality decreases with just 10 examples.
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Figure 5: Factuality dynamics result. We show token error, sentence error, and FactCC as training progresses.
FACTPEGASUS slows down factuality degradation for all metrics compared to BART-base.

the zero-shot and few-shot settings5.

Zero-Shot. We apply the mask token to the best
position and directly analyze the performance of
the models on the test set. To better understand
the effectiveness in transferring knowledge about
summarization and factuality from the pre-training
objective, we apply the connector to our pre-
trained model (factGSG+mask) and PEGASUS*
(GSG+mask), so that the two models differ only in
their pre-training objective. We report the result in
Table 4. FactGSG+mask outperforms GSG+mask
on all metrics, especially for factuality metrics.
Specifically, factGSG+mask lowers the sentence
error by 5 points and increases FactCC by about 10
points. This observation confirms that the factGSG
objective is more effective at capturing factuality
than the original GSG objective.

Few-Shot. We follow a similar setup in Zhang
et al. (2020), where we limit the number of training
data to 1, 10, 100, and 1,000, and then fine-tune
the model up to 2,000 steps with the patience of 10
epochs for early stopping. We select the checkpoint
with the best validation performance.

5Strictly speaking, typical zero-shot and few-shot settings
do not allow using the full validation set. However, we use
validation results to decide the position of the mask token.

We conduct this experiment by comparing FACT-
PEGASUS to PEGASUS*, which has been shown
for its ability to transfer with as little as 100 train-
ing examples (Zhang et al., 2020). In addition,
we report the performance of factGSG+mask to
understand how the the model is affected without
explicitly ensuring factuality (i.e. without correc-
tor and contrastor). As shown in Figure 4, con-
nector allows the model to better make use of
the knowledge of pre-training and produces high-
quality summaries, as both FACTPEGASUS and
factGSG+mask produces a ROUGE-L score com-
parable to PEGASUS* trained with 1000 examples.

In terms of factuality, we notice that with just
10 examples, PEGASUS* starts to degrade in fac-
tuality, which also applies to the factGSG+mask
model. However, FACTPEGASUS demonstrates
an opposite trajectory: Sentence error decreases
with more training data, and FactCC remains about
the same score. This indicates that factual behavior
is prone to be overwritten when factuality is not
ensured explicitly, and thus calls for the importance
of the corrector and contrastor.

5.5 Factuality Dynamics during Fine-tuning

To see whether the factuality degradation observed
in few-shot experiment also applies to the full fine-
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Figure 6: Faithfulness-abstractiveness trade-off curve,
shown as the dashed red line, on Gigaword dataset. We
plot each model’s average faithfulness score evaluated
by AMT against its extractiveness level. Our model lies
above the graph, performing better than MLE-baseline,
DAE (Goyal and Durrett, 2021), and Loss Truncation
(Kang and Hashimoto, 2020).

tuning process, we extend our analysis by study-
ing the factuality dynamics, similar to Goyal et al.
(2022). The authors observe an increase in sen-
tence errors with the BART model during fine-
tuning, and we analyze whether similar factuality
degradation occurs for FACTPEGASUS. We save
checkpoints of our models every 10% of the total
training steps, and evaluate the models on all three
factuality metrics. Figure 5 shows the factuality
dynamics during fine-tuning. We notice that the
degradation occurs for both models but at a dif-
ferent degree. The token and sentence error for
BART-base increase by 2 and 8 points, respectively.
However, factuality for FACTPEGASUS remains
similar, with only an increase of 1 point for to-
ken error and 4.8 points for sentence error. The
degradation is only about half of what is observed
with BART-base, indicating that FACTPEGASUS
is better at avoiding learning nonfactual behaviors.

5.6 Factuality vs Abstractiveness Tradeoff

Lastly, we wish to understand whether our pro-
posed method is effectively improving factuality
without relying on the increase in extractiveness.
To this end, Ladhak et al. (2021) introduces a
faithfulness-abstractiveness trade-off curve to mea-
sure the faithfulness given the model’s extractive-
ness. The authors kindly provided the same set
of examples for Gigaword and AMT template for
calculating the faithfulness score.

We show our result on Gigaword in Figure 6. We
include the result of their proposed Selector and
previous works, including Loss Truncation (Kang
and Hashimoto, 2020) and DAE (Goyal and Dur-

rett, 2021). We note that the baseline models in-
crease factuality but mostly due to an increase in
extractiveness and thus fall below the curve. In
contrast, FACTPEGASUS lies above the line, indi-
cating that we are effectively increasing factuality
without relying much on becoming more extractive.

6 Conclusion

In this work, we proposed FACTPEGASUS, a
model for abstractive summarization consisting of
factuality-aware pre-training and modules for en-
suring factuality during fine-tuning. We demon-
strated the effectiveness of our model at improving
factuality on three downstream abstractive summa-
rization datasets, confirmed by our human eval-
uation. Our analysis showed that our proposed
factuality-aware pre-training objective is effective
at capturing knowledge of factuality compared to
the original objective and that our fine-tuning mod-
ules reduce the factuality degradation observed
with current models. We finally showed that im-
provement in factuality is not solely explained by
the increase of extractiveness.

7 Ethical Impact

Our work aims at reducing the risk of generating
hallucinations, and even possibly misinformation,
for abstractive summarization models so that such
models can be used safely for real-world applica-
tions. While we demonstrate that we can alleviate
this problem, we stress that there is still a long
way to go for improving factuality. Thus, we stress
that such models should be used with caution for
real-world applications.
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A More Details on Experimental Setup

A.1 Datasets

Following PEGASUS, we pre-train on the C4
dataset, a large collection of documents from Com-
mon Crawl. We evaluate our pre-trained model
on three downstream abstractive summarization
datasets: XSum, WikiHow, and Gigaword. XSum
is a collection of articles from the British Broad-
casting Corporation, Gigaword is a large collection
of news articles headlines, and WikiHow consists
of how-to articles.

We show the dataset statistics for pre-training
and fine-tuning in Table 5, where we present the
number of examples in the training, validation, and
test splits. We also show the number of examples
corrected using the replace and remove method.
All datasets are from datasets (Lhoest et al., 2021).

A.2 Evaluation Metrics

We use the ROUGE package provided by trans-
formers (Wolf et al., 2020). We follow the instruc-
tions provided by the authors of the factuality met-
rics to set up and run their code. We report all
scores of our models from single runs.

A.3 Training Details

We use transformers library for the training script
and the checkpoints of the pre-trained models. We
use the default setting, including the AdamW op-
timizer and the linear rate scheduler. We also
use mixed precision for both pre-training and fine-
tuning the models. We conduct our experiments
on the RTX A6000 GPU with 48GB memory and
the A100 GPU with 40GB memory. BART-base
model has 139M parameters, and PEGASUS* and
FACTPEGASUS have 175M parameters.

A.4 Pre-training Setup
Model Architecture. We use the same architec-
ture as BART-base. Specifically, the model has
L = 6, H = 768, F = 3072, A = 12, where L
is the number of layers, H is the hidden size, F
is the dimension for feed-forward layer, and A is
the number of self-attention heads. We use the Sen-
tencePiece (Kudo, 2018) unigram model tokenizer
from PEGASUS with a vocabulary size of 96,103.

Sentence Selection Criteria. Before pre-
training the full model, we first determine the best
sentence selection criteria that produces more
factual summaries with comparable quality. We
experiment with sentence selection criteria that use
ROUGE-1, ROUGE-2, and ROUGE-L, as well as
combining each with FactCC. To understand the
effect of the pre-training objective on factuality
directly, we evaluate the performance on the XSum
dataset without applying any of our proposed
fine-tuning modules. Following Zhang et al.
(2020), we report the models’ relative performance
to the base model, which only uses ROUGE-1
as the selection criteria. We use the normalized
ROUGE F1 scores 1

3(
R1

R1base
+ R2

R2base
+ RL

RLbase
),

whereR1base,R2base, andRLbase are the ROUGE
F1 scores of the base model. We similarly report
the factuality metrics by normalizing each score by
that of the base model. We take the complement of
token error and sentence error as token accuracy
and sentence accuracy, respectively, to present all
metrics where higher is better.

Similar to previous works (Lewis et al., 2020;
Zhang et al., 2020; Raffel et al., 2020) that save
computational resources when selecting strategies
for pre-training, we pre-train these model on the re-
alnewslike subset of the C4 dataset with less steps.

Pre-training Details. We use a learning rate of
1e-4, a weight decay of 0.01, and set the maximum
number of input tokens to be 512 and a maximum
number of output tokens to be 256. We use a batch
size of 256. We pre-train the full model for 750,000
steps with a warm-up of 20,000 steps, and only pre-
train the smaller models for the sentence selection
criteria experiment for 250,000 steps. Pre-training
the smaller models takes 30 hours, and pre-training
the full model takes 90 hours.

Calculating FactCC Score. In practice, running
FactCC on each sentence-document pair of the pre-
training data is expensive. Thus, we opt to only
calculate the FactCC score for the top 5 sentences

1021

https://doi.org/10.18653/v1/2020.emnlp-demos.6
https://doi.org/10.18653/v1/2020.emnlp-demos.6
https://doi.org/10.18653/v1/2020.emnlp-demos.6


Dataset Train Validation Test Corrector
Replace Remove

C4 364,868,892 364,608 - - -
realnewslike 13,799,838 13,863 - - -

XSum 204,045 11,332 11,334 54,036 152,716
WikiHow 157,252 5,559 5,577 8,077 71,936
Gigaword 3,803,957 178,651 1,951 115,896 1,296,168

Table 5: Dataset Statistics. We show the number of exmaples in each split, as well as the number of training
examples changed using the replace and remove strategy of the corrector.

according to the ROUGE score between the sen-
tence and the rest of the document.

A.5 Fine-tuning Setup

For all datasets, we use a label smoothing of 0.1.
For decoding, we use a beam size of 6 for all
datasets. Task-specific hyper-parameters are shown
in Table 6. Fine-tuning on XSum and WikiHow
takes 8 hours, and fine-tuning on Gigaword takes
11 hours. Decoding on XSum and Gigaword takes
half an hour, while decoding WikiHow takes an
hour. We use 5 negative examples for the contrastor
and set λ to 5 when calculating the combined loss.
We set the temperature τ to 0.05.

For fine-tuning DAE and CLIFF, we follow the
authors’ instructions and fine-tune BART-base with
their respective code and hyper-parameters. For
WikiHow and Gigaword, we use the same hyperpa-
rameters as above.

B Implementation Details for Corrector
and Contrastor

B.1 Corrector

We use spaCy’s NER model6 to find entities in the
document and summary. Entities in the summary
sentence are considered nonfactual if no matching
document entities with the same string are found.
We have previously experimented with the addi-
tional requirement of matching entity type similar
to Kryscinski et al. (2020), but we find that this con-
straint unintentionally causes some correct entities
to be considered hallucinating, leading to unneces-
sarily less informative summaries when removed.

Given hallucinated entities, we can perform ei-
ther replace or remove operations. For replace, we
find document entities whose words are all con-
tained in the selected entity.

For the remove method, we need to make sure
to also remove any related words. We use spaCy’s

6We use the en_core_web_trf model.

dependency parser to systematically remove those.
The algorithm is as follows: We first add all the
tokens in the selected hallucinated entity to the list
of tokens to remove. Then, we recursively find
all parents that contain the dependency relation of
pobj and prep without any other children and add
those to the tokens to remove. Finally, we add
all children that do not have the label compound,
relcl, and fixed. The final set of words will then be
removed in the summary sentence.

We qualitatively observe that this approach can
cover most of the edge cases that would otherwise
result in ungrammatical sentences. Nevertheless,
this method is not perfect. We include some sample
output with the remove method in Figure 7. The
algorithm is good at removing entities and related
words, such as prepositions, as illustrated in exam-
ple 1, 3, and 5. However, we observe that it will
create ungrammatical sentences when the halluci-
nated entity is the subject (example 2), or the object
of a transitive verb (example 6).

We leave exploration with the best systematic
correction algorithm or models for future work.

B.2 Contrastor

Similar to Kryscinski et al. (2020), we generate
hallucinated summaries by performing entity per-
turbation on the original summaries. We find entity
candidates using the NER labels and sort them
into three categories: We include MONEY, QUAN-
TITY, and CARDINAL as number, DATE and
TIME as date, and all other labels as named en-
tities. We randomly select a factual entity in the
summary and replace it with an entity belonging to
the same category.

For extrinsic hallucinations, we sample candi-
dates of the same category from the training corpus
but exclude those present in the document. For
the intrinsic case, we select to consider the enti-
ties from the document. The number of negative
examples for all tasks is 5.
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Dataset Learning rate Num Steps Warmup Batch size Max Input tokens Max Target tokens

XSum 3e-5 15k 500 256 512 64
WikiHow 3e-5 15k 500 256 512 256
Gigaword 3e-5 50k 2000 256 128 32

Table 6: Hyperparametrs for fine-tuning on the three tasks.

XSum WikiHow Gigaword
Pos. R1 R2 RL R1 R2 RL R1 R2 RL

1 32.84 11.32 25.35 21.02 4.85 4.85 26.19 9.09 22.92
2 24.10 5.90 18.02 20.65 4.80 14.80 22.89 7.22 20.03
3 21.23 4.30 15.69 20.81 4.89 14.93 22.89 7.22 20.03
4 19.52 3.47 14.41 20.61 4.79 14.77 22.89 7.22 20.03
5 18.77 3.03 13.86 20.72 4.85 14.82 22.89 7.22 20.03
6 18.22 2.80 13.51 20.69 4.82 14.87 22.89 7.22 20.03

Table 7: ROUGE score on validation set when the mask token is placed at different position. Pos. indicates placing
the mask token before the ith sentence. Pos. 1 indicates the beginning of the document.

C Connector Result

This mask-token fine-tuning technique can be seen
as a form of prompting, where we elicit our de-
sired faithful abstractive summarization behavior
from the pre-trained model directly. Specifically,
we consider this as null-prompting (Logan et al.,
2021), where using the mask token as the prompt
can achieve competitive results with manually en-
gineered prompts. Conveniently, since the mask
token during pre-training already serves as a place-
holder of where the summary sentence should be
generated, it naturally serves as a valid prompt. Fig-
ure 1b shows an example of adding the mask token
before the first sentence and thus creating a similar
setup for pre-training.

We first need to determine the best position of
mask token, as discussed in Section 3.2.1, where
we insert the mask token before the ith sentence
of the document, where i = 1, 2, ..., 6, and se-
lect the best position that achieves the highest
ROUGE score on the dev collection. We report
ROUGE score of all positions in Table 7 for the
three datasets. Interestingly, we observe that the
best mask token position for all datasets is before
the first sentence. This agrees with the dataset gen-
eration of XSum: the summary is taken from the
first sentence of the original article. For Gigaword,
there is not a change after the first sentence, since
the document only consists of a single sentence.

Model R1 R2 RL

BART-base 19.75 2.61 12.81
PEGASUS* 18.03 2.65 13.02
FACTPEGASUS 32.97 11.42 25.41

Table 8: ROUGE score in zero-shot setting on XSum.
We apply the connector to our model. FACTPEGA-
SUS outperforms BART base and PEGASUS* on all
metrics.

Num Examples RL tok err↓ sent err↓ FactCC

0 25.44 7.69 38.88 35.14
1 22.36 7.69 38.85 35.15

10 23.44 7.69 38.85 37.78
100 25.44 5.15 36.48 37.95

1,000 27.03 5.67 32.97 34.38

Table 9: Full Result of zero-shot and few-shot experi-
ments.

D Additional Results

D.1 Sentence Selection Criteria Result

We report the full result for the sentence selection
criteria in Table 10. Surprisingly, each sentence
selection criteria that uses FactCC excels in one
specific factuality metric: R1+FactCC is best at
FactCC, R2+FactCC is best at sentence error, and
RL+FactCC is best for token error.

D.2 Zero-shot and Few-shot

We present additional results of the zero-shot and
few-shot experiments here.

Zero-shot We first report the reference-based re-
sult of the two baseline models and FACTPEGA-
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Model RL tok err↓ sent err↓ FactCC

R1 29.04 12.31 60.65 23.93
R1+FC 28.99 12.13 59.93 24.81

R2 29.08 12.12 59.59 23.67
R2+FC 28.65 12.13 59.48 24.37

RL 29.23 12.17 60.08 23.06
RL+FC 28.62 12.10 59.63 24.58

Table 10: Full result of pre-trained models with differ-
ent sentence selection criteria shown in Figure 3. We
denote the criteria with FactCC with (+FC).

SUS in Table 8. Due to the mismatch of pre-
training and fine-tuning, we observe that both base-
line models perform much worse than their result
when fully trained. However, with the help of the
connector, we observe 11.5 ROUGE-1 points in-
crease for our model compared to the baseline mod-
els, and almost four times and double the score for
ROUGE-2 and ROUGE-L, respectively.

Few-shot We show FACTPEGASUS’s full re-
sult of the few-shot experiment in Table 9.

D.3 Fine-tuning ablation on Gigaword and
WikiHow

We report ablation of each fine-tuning components
on Gigaword and Wikihow. The result can be found
in Table 11. We observe similar trend as Table 3,
where each component improves the performance.
For WikiHow and Gigaword, the extrinsic method
for contrastive learning perform the best. We think
that this is due to the fact that the two tasks do
not contain rich entities in the document, and thus
require introduction of additional entities from the
training corpus.

D.4 Fine-tuning ablation using PEGASUS*
We similarly perform the same ablation using the
PEGASUS* model, which we present in Table 12.
We observe similar trend as Table 3. We note that
using our pre-trained model factGSG achieves bet-
ter factuality than PEGASUS* in each setting.

E Human Evaluation Detail

To ensure high-quality annotations, we select the
workers from the United States and have more than
10,000 number of HITS approved as well as an ap-
proval rate greater than 98%. In addition, we also
create a qualification test where we rate the factu-
ality of the selected generated summaries. Such
examples include cases where some summaries
hallucinate the first name of a person, which the

workers should mark them as not factual. Only
workers with the correct annotation can perform
the actual task.

To avoid giving too much text to the workers, we
select the most important sentences and replace the
less relevant sentences with an ellipsis. For each
of the summaries, we select the ten most relevant
sentences from the document by cosine similarity
of the sentence embedding using SentenceTrans-
former7 (Reimers and Gurevych, 2019). We com-
bine and show all the selected relevant sentences
from each summary. Since the summaries are simi-
lar, we see a large overlap of the relevant sentences.

We give the following prompt, which we modify
from Dreyer et al. (2021):

• consistency/factuality: Please avoid using gen-
eral knowledge, and only consider it in the
context of the provided document. Select not
consistent if facts in the summary are not sup-
ported by the document, such as cases like
these:

1. The summary contradicts the informa-
tion in the document. The summary
might say "A fire broke out in Seattle",
but a document says it broke out in Port-
land. Or the summary might say "the
Republicans won the election", but the
document indicates the Democrats won
instead

2. The summary adds (hallucinates) a fact
that is not mentioned anywhere in the
document. For example, the summary
might say that "A fire broke out at 2 am",
but the document doesn’t mention the
time when the fire broke out.

• Informativeness: Please select informative if
the summary expresses the main points of the
document. Summary should contain relevant
and important information and few unimpor-
tant details. If you select the summary to be
not consistent with the document, please only
consider the consistent information when eval-
uating this category.

The order of the summary is randomly shuffled.
Each task consists of three unique workers, where
we take the mean as the scores for this document.
The final score is the mean factuality score across
all documents. The average time for each task is

7We use the all-mpnet-base-v2 model.
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WikiHow Gigaword
Model RL tok err↓ sent err↓ FactCC RL tok err↓ sent err↓ FactCC

factGSG 30.16 9.55 46.84 99.12 34.39 2.72 22.30 56.89

+ corrector replace 30.14 9.71 47.60 98.92 34.45 2.68 21.27 55.20
+ corrector remove 29.91 9.40 47.39 99.19 34.33 2.53 20.25 59.71
+ corrector combined 30.00 9.30 46.86 99.14 34.07 2.49 20.45 58.85

+ contrastor intrinsic 30.21 9.53 46.94 99.15 34.50 2.72 21.48 56.18
+ contrastor extrinsic 30.15 9.52 46.76 99.19 34.03 2.59 20.91 56.63

+ contrastor + corrector 29.91 8.23 44.59 99.21 34.38 2.46 20.04 58.74

FACTPEGASUS 29.33 7.86 42.40 99.41 34.23 2.30 19.32 60.02

Table 11: Fine-tuning ablation on Wikihow and Gigaword. We combine the modules by using the corrector
combined and contrastor extrinsic. Results of the final model is copied from Table 1.

Model RL tok err↓ sent err↓ FactCC

PEGASUS* 33.17 12.33 60.01 24.14

+ corrector replace 32.83 10.57 55.07 24.44
+ corrector remove 30.53 6.49 40.12 34.30
+ corrector combined 31.51 6.33 39.51 32.35

+ contrastor intrinsic 32.30 11.57 58.21 24.57
+ contrastor extrinsic 33.16 12.31 60.08 24.14

+ contrastor + corrector 31.46 6.22 39.46 32.39

PEGASUS* full 31.49 6.24 39.37 32.43

Table 12: Fine-tuning ablation on XSum using PEGA-
SUS*. We combine the modules by using the corrector
combined and contrastor intrinsic. We name the model
with all three components as PEGASUS* full.

around 3 minutes and we pay 0.6 USD per task,
hence an hourly rate of ≥ $12 per hour.

We use boostrap test (Efron and Tibshirani,
1993) to determine statistical significance between
two summaries with p < 0.05.

E.1 Sample Outputs
We include some sample outputs in Figure 8 and
Figure 9.
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Example 1 (XSum)

Summary: Tap water in 80,000 homes in Lancashire has been declared safe to drink, after the discovery
of a parasite at a treatment works left residents boiling water for three weeks.
Remove: Tap water in homes has been declared safe to drink, after the discovery of a parasite at a
treatment works left residents boiling water .

Example 2 (XSum)

Summary: Great Britain’s Becky James won her second Olympic silver of Rio 2016 by finishing second
in the women’s sprint.
Remove: Won her second Olympic silver of Rio 2016 by finishing second in the women’s sprint.

Example 3 (WikiHow)

Summary: Use a "magic eraser.", Try a regular eraser. Make an alcohol solution. Apply a dry erase
marker over the permanent marker. Try nail polish remover or acetone on plastic.Acetone and nail polish
removers containing acetone can strip away most paints and dyes, and the dye in Sharpies is usually weak
against it.
Remove: Use a "magic eraser.", Try a regular eraser. Make an alcohol solution. Apply a dry erase
marker over the permanent marker. Try nail polish remover or acetone on plastic.Acetone and nail polish
removers containing acetone can strip away most paints and dyes, and the dye is usually weak against it.

Example 4 (WikiHow)

Summary: Call 911 if you think you are in danger. Cut through your denial. Do not confront your stalker.
Tell other people. Keep a record of stalking activities. Get a restraining order. Be prepared to defend
yourself. Change your daily routine. Change your passwords. Use anti-virus software. Clean up your
social network. Make your online materials private. Notice signs of control in your relationship. Make
your break up clear. Cut off contact. Get back your keys.
Remove: Call if you think you are in danger. Cut through your denial. Do not confront your stalker. Tell
other people. Keep a record of stalking activities. Get a restraining order. Be prepared to defend yourself.
Change your routine. Change your passwords. Use anti-virus software. Clean up your social network.
Make your online materials private. Notice signs of control in your relationship. Make your break up
clear. Cut off contact. Get back your keys.

Example 5 (Gigaword)

Summary: xinhua summary of asia-pacific stocks news on tuesday feburary ##
Remove: summary of stocks news on tuesday ##

Example 6 (Gigaword)

Summary: cuba urges eu to drop its common position
Remove: cuba urges to drop its common position

Figure 7: Summaries changed using the corrector. We mark hallucinated entities in the summaries with red.
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XSum Example

Article: The Scots started their Six Nations campaign with a thrilling first win over Ireland in four years.
They beat France for the first time in 10 years last season at home, but have lost on their past nine trips to
Paris. "It is a long time ago since we won there but we understand there is a reason for that," said Laidlaw.
"France are a good team and it is a hard place to win. We are under no illusions this week - we need
to be on top form to get something out of the game. "We’ll need accuracy and we need to be physical
and aggressive because the French are big men. But we need to be subtle and clever in our attack. "If
we do that, and move France about and play for 80 minutes, I would back our fitness against them. But
we obviously need to be in the game right to the death and not let France get any momentum." Media
playback is not supported on this device France have not finished in the top half of the Six Nations since
2011, but impressed in narrow defeats by New Zealand and Australia in the autumn, and came close
to a shock victory against England at Twickenham in their Six Nations opener. "They have improved
massively under [coach] Guy Noves and have not been far away from any team they have played," Laidlaw
noted. "They have some really dangerous strike runners throughout the team. "As much as we need to
understand why we beat them last year, we need to develop that, be clever and smart and be able to score
points." We need to keep doing what we are doing well, keep our skills high and if we do that again this
weekend, we are going to put ourselves in a strong position. "The start of the game is massively important,
whether it is our kick-off, or or us receiving. It is very important psychologically for them as it is for us.
"If we can start the game playing in the right areas of the field for the first 20 minutes and not muck about
too much in our own half, hopefully we will put them under pressure and upset the crowd a little bit."
Media playback is not supported on this device

Reference: Captain Greg Laidlaw says Scotland must be "subtle and clever" as well as match France
physically if they are to secure a first win in Paris since 1999.
Bart-base: Scotland head coach Greig Laidlaw says his side are "under no illusions" when they face
France at Twickenham on Saturday.
PEGASUS*: Scotland coach Steve Laidlaw has warned France that they need to be "smart and smart"
in their attack if they are to win their first Six Nations game of the season against the French in Paris on
Saturday.
CLIFF: Scotland head coach Mark Laidlaw says his side need to be " subtle and clever" in their attack
against France in Paris onSaturday.
DAE:Scotland must be " subtle and clever" in their attack when they face France at Twickenham on
Saturday, says head coach Gordon Laidlaw.
FACTPEGASUS: Scotland captain Laidlaw says his side need to be "subtle and clever" in their attack if
they are to beat France.

Gigaword Example

Article: the investigating magistrate and prosecutor handling the case involving the french association ,
zoe ’ s ark , arrived tuesday in the eastern town of abeche where they met the ### children the association
was attempting to fly to france , according to reports .

Reference: chadian court officials go to UNK to investigation into children ’s case
Bart-base: zoe’s ark investigating magistrate arrives in abeche
PEGASUS*: prosecutor in zoe’s ark case arrives in abeche
CLIFF: prosecutor meets zoe ’s ark children
DAE: zoe’s ark investigating magistrate prosecutor arrive in abeche
FACTPEGASUS: prosecutor arrives in abeche to investigate french association

Figure 8: Example summaries from XSum and Gigaword. Nonfactual components are marked with red.
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WikiHow Example

Article: Slide the seats all the way forward and then back to thoroughly vacuum the carpet underneath.
Start from the top and work your way down. Dust or dirt that has accumulated up top could fall down;
dust or dirt that has accumulated at the bottom will rarely fall up.; , Allow it to sit for a few minutes before
blotting dry with a towel. If the stain doesn’t come out, repeat. After your final cleaner application, wash
the area with a damp sponge and do a final blotting. Make sure to try to get as much dampness from the
fabric as possible. Any excessive dampness may promote molding and/or mildew, which does not fall in
the definition of detailing a car. Replace with a piece you’ve cut from a hidden place, such as underneath
the seat. Use a water-resistant adhesive to keep it down... Warning: Always ask the owner of the car
for permission before doing this step. If you want, have a sample repair that you can show the owner
of the car of what the process will look like. If it’s done well, this sample will be reassuring. Apply a
non-slip dressing so that the driver’s feet don’t slip and slide while they’re trying to do important things
like braking. , Use an interior dressing like Armor All to finish it off. If you’re not going to use liquids
afterward, your detailing brushes should be a super-absorbant material like microfiber cloth, which picks
up dust and dirt efficiently. Lightly mist some spray-on vinyl dressing onto the vent grilles to make them
look brand new. Cleaning the seats is essential for a good detail. But different seats require different
methods. Note that after cleaning, you may have to vacuum out the seats or surrounding area again, as dirt
will be loosened up by this process. Cloth interiors: Interiors with nylon or other cloth can be shampooed
with a wet-vac extraction machine. Cloth should be adequately dried after extraction has taken place.
Leather or vinyl interiors: Interiors with leather or can be cleaned with a leather or vinyl cleaner and then
hit softly with a leather brush. Cleaner can be wiped away with a microfiber cloth afterward. If you’ve
cleaned leather seats with product, now’s the time to condition them so that the leather looks visually
appealing and doesn’t dry out or begin to crack. For stronger build-up removal, use 4-ought steel wool on
windows. Use plastic cleaner if the gauge cover is made of plastic...

Bart-base: Vacuum the carpet underneath the seats. Blot the stain with a damp sponge. Replace a piece
of carpet. Apply a non-slip dressing to the back of the seat. Wipe the seat down with a soft cloth.
PEGASUS*: Vacuum the seats. Blot the area with a damp sponge. Remove any molding and/or mildew.
Apply a non-slip dressing to the area. Use a spray-on vinyl dressing to clean the vent grilles. Clean the
interior of the car with a leather or vinyl cleaner.
CLIFF: Vacuum the seats and surrounding area. Blot the stain with a damp sponge. Remove a piece of
tape from a hidden place. Cover the tape with a non-slip dressing. , Apply an interior dressing to the back
of the seat. Apply a vinyl dressing on the vent grilles. Clean the interior of the car with a microfiber cloth.
Wash the seats. Condition the leather seats. Use steel wool or plastic cleaner on windows. Brush the
wheel rims. Apply tire dressing. Spray degreaser on everything. Apply protectant to the tinted windows.
Apply tinting to the glass. Wash and dry the car. Rinse the car thoroughly.
DAE: Vacuum the seats and surrounding area. Blot the area with a damp sponge. Remove a piece of
wood from a hidden place. Dress the seats. Wear a non-slip dressing. , Wipe down the vent grilles. Cover
the vents.
FACTPEGASUS: Vacuum the carpet under the seats. Wipe the area with a damp sponge. Apply a
non-slip dressing to the seat. Wipe down the interior with a spray-on vinyl dressing. Use a leather brush
to clean the interior of the car. Use steel wool on windows. Clean the interior

Figure 9: Example summaries from WikiHow. The article is truncated to fit the page. Nonfactual information are
marked with red.
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Abstract

Suicide is an important public health concern
and one of the leading causes of death world-
wide. Suicidal behaviors, including suicide
attempts (SA) and suicide ideations (SI), are
leading risk factors for death by suicide. In-
formation related to patients’ previous and cur-
rent SA and SI are frequently documented in
the electronic health record (EHR) notes. Ac-
curate detection of such documentation may
help improve surveillance and predictions of
patients’ suicidal behaviors and alert medical
professionals for suicide prevention efforts. In
this study, we first built Suicide Attempt and
Ideation Events (ScAN) dataset, a subset of the
publicly available MIMIC III dataset spanning
over 12k+ EHR notes with 19k+ annotated
SA and SI events information. The annotations
also contain attributes such as method of sui-
cide attempt. We also provide a strong baseline
model ScANER (Suicide Attempt and Ideation
Events Retreiver), a multi-task RoBERTa-
based model with a retrieval module to extract
all the relevant suicidal behavioral evidences
from EHR notes of an hospital-stay and, and a
prediction module to identify the type of suici-
dal behavior (SA and SI) concluded during the
patient’s stay at the hospital. ScANER achieved
a macro-weighted F1-score of 0.83 for identify-
ing suicidal behavioral evidences and a macro
F1-score of 0.78 and 0.60 for classification of
SA and SI for the patient’s hospital-stay, re-
spectively. ScAN and ScANER are publicly
available1.

1 Introduction

For decades, suicide has been one of the lead-
ing causes of death (CBHSQ, 2020). The suicide
rate in the United States increased from 10.5 per
100, 000 in 1999 to 14.2 in 2018, a 35% increase
(Hedegaard et al., 2020). Globally, 740, 000 people

1The annotations, code and the models are availble at
https://github.com/bsinghpratap/ScAN.

Context: 
[*Name*] is a 22 year old male with a history of
angry and impulsive behavior who is transferred
from an outside hospital s/p Tylenol overdose.
[*Name*] reports that he and his girlfriend broke
up last Wednesday, and that he subsequently
went on an alcohol and cocaine binge lasting from
Thursday to Saturday. He has used alcohol and
cocaine regularly in the past, but he denies having
had a binge of this quantity or duration before. On
Saturday night, [**Name**] told his father that he
had tried to hang himself at a nearby park, but the
rope had broken.

Annotations:
Two instances of suicide attempts are annotated
in the paragraph.
1. [*Name*] ... overdose: Annotated for suicide
attempt and is assigned 'unsure' category as there
is no definite documentation that it is a suicide
attempt. 
2. On Sat ... broken: This is also annotated for
suicide attempt and is assigned the category: 'T71'
(asphyxiation, hanging).

Figure 1: An example of positive and unsure evidence
annotations for SA in an EHR note.

commit suicide each year. The rates of suicidal be-
haviors, suicide attempt (SA) and suicide ideation
(SI), are much higher (WHO, 2021).

A prior study shows that a large proportion of
suicide victims sought care well before their death
(Kessler et al., 2020). Suicidal behaviors, including
SA and SI are recorded by clinicians in electronic
health records (EHRs). This knowledge can in
turn help clinicians assess risk of suicide and make
prevention efforts (Jensen et al., 2012). The diag-
nostic ICD codes include suicidality codes for both
SA and SI. However a study has shown that ICD
codes can only capture 3% SI events, while 97% of
SI events are described in notes (Anderson et al.,
2015). In addition, of patients described with SA in
their EHR notes, only 19% had the corresponding
ICD codes (Anderson et al., 2015). Therefore, it
is important to develop natural language process-
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ing (NLP) approaches to capture such important
suicidality information.

Researchers have developed NLP approaches
to detect SA and SI from EHR notes (Metzger
et al., 2017; Downs et al., 2017; Fernandes et al.,
2018; Cusick et al., 2021). These studies either
used rule-based approaches (Downs et al., 2017;
Fernandes et al., 2018; Cusick et al., 2021) or built
the SA and SI identification models on a small
set (Metzger et al., 2017) or private set (Bhat and
Goldman-Mellor, 2017; Tran et al., 2013; Haerian
et al., 2012) of EHR notes. It is also difficult to
compare the results of those studies as they varied
in EHR data, data curation, as well as NLP models,
which were not made available to the public.

In this study, we present ScAN: Suicide Attempt
and Ideation Events Dataset, a publicly available
EHR dataset that is a subset of the MIMIC III
data (Johnson et al., 2016). ScAN contains 19, 690
expert-annotated SA and SI events with their at-
tributes (e.g., methods for SA) over 12, 759 EHR
notes. Specifically, experts annotated suicidality
evidence or sentences relevant to SA and SI events
during a patient’s stay at the healthcare facility, an
example of SA annotations is shown in Fig 1. The
evidences were put together to assess whether the
patient has an SA or SI event.

We also present ScANER (Suicide Attempt and
Ideation Events Retriever), a RoBERTa-based
NLP model that is built on a multi-task learning
framework for retrieving evidences from the EHRs
and then predicting a patient’s SA or SI event using
the complete set of EHR notes from the hospital
stay using a multi-head attention model. We fo-
cus on the prediction of SA and SI using all the
EHR notes during a patient’s stay because for the
whole duration, multiple EHR notes and note types
are generated, including admission notes, nursing
notes, and discharge summary notes. Suicidal infor-
mation are described in multiple notes throughout
the stay. For example, a patient was admitted to
the hospital with opioid overdose. It was docu-
mented initially in the admission note as an SA,
but later dismissed as an accident after physician’s
evaluation. In another example, an opioid over-
dose admission was first documented as an acci-
dent on admission, but later documented to be an
SA event after clinical assessment. Both ScAN
and ScANER capture SA and SI information at
the hospital-stay level. ScANER is able to retrieve
suicidal evidences from EHR notes with a macro-

weighted F1-score of 0.83 and is able to predict
SA and SI with a macro F1-score of 0.78 and 0.60,
respectively. Our annotation guidelines, ScAN, and
ScANER system will be made publicly available,
making ScAN a benchmark EHR dataset for SA
and SI events detection. We will release the train-
ing and evaluations splits used in this study for
benchmarking new models.

2 Related Works

Efforts on detecting SA and SI within EHRs have
been explored in recent years. Most work used
rule-based or traditional machine learning-based
approaches. In one study, experts created hand-
crafted rules from mentions of suicidality (both SA
and SI) and then used the rules to identify suicidal-
ity as positive, negative, or unknown in a document
(Downs et al., 2017). The rule-based approaches
are limited by their scalability. In another study,
structured and unstructured EHRs were used to
classify at the hospital-stay level as SA, SI, or no
mention of suicidal behavior (Metzger et al., 2017).
The training data consisted of only 112 SA, 49 SI
and 322 unrelated examples. In contrast, ScAN
comprises of 697 hospital-stays with more than
19,000 suicidal event examples over 12,759 clini-
cal notes. Only traditional machine learning mod-
els such as random forest (Breiman, 2001) were
explored. In contrast, ScANER was built on the
state-of-the-art self-attention based model.

Hybrid approaches have also been developed to
identify SA at the hospital-stay level (Fernandes
et al., 2018). In that study, a post-processing heuris-
tic rule-based filter (e.g., removing negated events)
was applied to the machine-learning-based classi-
fier (a SVM (Cortes and Vapnik, 1995) classifier)
to reduce false positives. Training and evaluation
were done also on relatively small datasets (500 for
training and 500 for evaluation).

Finally, weakly supervised approaches have
been developed to identify SI from EHRs (Cu-
sick et al., 2021). In that study, authors used ICD
codes to identify 200 patients with SI and then ob-
tained EHR notes of those patients (6, 588). This
EHR note dataset was then used as the ‘current’
SI training data. The remaining 400 patients were
labelled as ‘potential’ SI and their 12, 227 EHRs
were also labelled the same. Authors used multi-
ple statistical machine learning models and one
deep learning model: convolutional neural net-
work. (Bhat and Goldman-Mellor, 2017) also used

1030



feed-forward neural networks to predict suicide
attempts over 500k unique patients but the EHR
data for this study is not publicly available. (Ji
et al., 2020) surveyed multiple studies where the
researchers worked on private datasets (Tran et al.,
2013; Haerian et al., 2012) for suicide attempt and
ideation prediction. Whereas in our study, in con-
trast to using the ICD codes which has considerable
errors, domain experts chart-reviewed a large, pub-
licly available set of EHRs for SI and SA, along
with their attributes (e.g., positive or negative SA,
SI and the type of self-harm such as asphyxiation
and overdose).

3 Dataset

In this section, we introduce ScAN (Suicide
Attempt and Ideation Events Dataset) and describe
it’s data collection and annotation process. We
also discuss some examples from ScAN along with
basic dataset statistics.

3.1 Dataset collection

For annotation, we selected the notes from the
MIMIC-III (Johnson et al., 2016) dataset, which
consists of the de-identified EHR data of patients
admitted to the Beth Israel Deaconess Medical Cen-
ter in Boston, Massachusetts from 2001 to 2012
(Johnson et al., 2016). The data includes notes,
diagnostic codes, medical history, demographics,
lab measurements among many other record types.
We chose MIMIC-III because it is publicly avail-
able under a data use agreement and allows clinical
studies to be easily reproduced and compared.

The diagnostic ICD codes for the patients are
provided at hospital-stay level in MIMIC with
admission identification numbers (HADM_ID in
MIMIC database). We first filtered the hospital
stays that had ICD codes associated with suicide
and overdose. This resulted in 697 hospital-stays
for 669 unique patients. For each stay, multiple
de-identified notes such as nursing notes, physi-
cian notes, and discharge summaries are available.
For the selected 697 hospital-stays we extracted
a total of 12, 759 notes. Each medical note con-
tains multiple sections about a patient such as fam-
ily and medical history, assessment and plan, and
discharge instructions. We extracted different sec-
tions from these clinical notes using MedSpaCy’s2

clinical_sectionizer and filtered the rele-
vant sections from these clinical notes for annota-

2https://github.com/medspacy/medspacy

tion. The extensive list of these sections is provided
in Appendix A.

3.2 Annotation Process

The aim was to annotate all instances of SA and
SI documented in the medical notes as defined by
Center of Disease Control and Prevention (CDC)
(Hedegaard et al., 2020). The filtered 12, 759 notes
were annotated by a trained annotator under the
supervision of a senior physician. Each note con-
sisted of instances of SA, SI, both or none. The
senior physician randomly annotated 330 notes
and had a 100% agreement with the annotator on
hospital-stay level annotation and 85% agreement
on sentence-level annotations. After adjudication
between the senior physician and the annotator, the
disagreements were discussed and adjusted by the
annotator.

Context:  
Tylenol toxicity - Initially treated with NAC
protocol. After her history became more clear, it
was felt that this was an accidental overdose.
Psychiatry was consulted, who agreed there was
no evidence of intention to harm. She should be
instructed to limit her acetaminophen use in the
future to 2gm/day.

Annotation:
1. After ... overdose.: Negative suicide attempt.
2. Psychiatry ... harm: Negative suicide ideation. 

Figure 2: An example with negative SA and negative SI
annotations.

Suicide Attempt (SA): The annotator labelled
all the sentences with a mention of SA. Some hos-
pital stays could represent multiple types of SA,
such as in Fig. 1, where ‘tried to hang himself’ is
labelled as a positive SA and ‘Tylenol overdose’
is labelled as unsure since the overdose was never
confirmed as an SA event elsewhere in the medical
notes of the patient’s hospital-stay. The label un-
sure is used when it is not clearly documented if a
self-harm was an SA event or not. The negative in-
stance, example shown in Fig. 2, is a sentence that
confirms that the self-harm, an “accidental over-
dose”, responsible for the patient’s hospital-stay is
not an SA event. In this work, we only focused on
suicidal self-harm and not non-suicidal self-harm
(Crosby et al., 2011).

Further sub-categories are also provided for an
SA annotation in the form of the ICD label group:
a.) T36-T50: Poisoning by drugs, medications
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and biological substances b.) T51-T65: Toxic ef-
fects on non-medical substances c.) T71: Asphyx-
iation or suffocation and d.) X71-X83: Drown-
ing, firearm, explosive material, jumping from a
high place, crashing motor vehicles, other specified
means.

Suicide Ideation (SI): SI is defined as any men-
tion and/or indication of wanting to take one’s own
life or harm oneself. Similar to SA, any sentence
with a mention of SI was labelled within the pa-
tient’s notes. A SI annotation could be labeled as
positive or negative, an example for each label is
shown in Fig. 3.

Context: 
She continued to be tearful and extremely upset
that she was still alive, and was refusing
medications, radiology, and blood draws.  She was
maintained on a 1:1 sitter and suicide precautions.
Annotation:
1. She cont ..... draws: Positive suicide ideation.  

Context: 
Pts mental status cleared and was discharged with
normal mental status. Psych evaluated pt and did
not see any signs of suicidaility. Did not
recommend antidepressants.
Annotation: 
1. Psych .... suicidaility: Negative suicide ideation. 

Figure 3: Examples of positive and negative SI annota-
tions.

A sentence without SA or SI annotation would
be considered as a neutral-SA or neutral-SI sen-
tence respectively. Sentence level annotations pro-
vide more visibility to a medical expert for the
hospital-stay level annotation.

3.3 Dataset statistics

ScAN consists of 19, 690 unique evidence anno-
tations for the suicide relevant sections of 12, 759
EHRs of 697 patient hospital-stays. There are a to-
tal of 17, 723 annotations for SA events and 1, 967
annotations for SI events. The distribution for both
SA and SI events is provided in Table 1.

4 Methodology

In this section, we introduce ScANER (Suicide
Attempt and Ideation Events Retreiver): a strong
baseline model for our dataset. ScANER consists
of two sub-modules: (1) An evidence retriever mod-
ule that extracts the evidences related to SA and

General Statistics
Patients Hospital-stays Notes
669 697 12, 759

Suicide Attempt
Positive Negative Unsure
14, 815 170 2, 738

Suicide Ideation
Positive Negative
1, 167 800

Table 1: Distribution of unique annotations at the patient,
hospital-stay and notes level in ScAN.

SI and (2) A predictor module that predicts SA
or SI label for the patient’s hospital-stay using the
evidences extracted by the retriever module.

Evidence Train Validation Test

Yes 9,880 1,803 3,038

No 30,133 4,864 7,836

Suicide Attempt (SA)

Positive 7,597 1,474 2,433

Negative 136 36 20

Unsure 1,607 216 431

Neutral-SA 30,673 4,941 7,990

Suicide Ideation (SI)

Positive 928 153 331

Negative 654 107 189

Neutral-SI 38,431 6,407 10,354

Table 2: Distribution of evidences at paragraph level in
ScAN for train, validation and test sets. A paragraph
was considered an evidence, labeled as Yes, if it had at
least one sentence annotated as SA or SI. A No evidence
paragraph was both Neutral-SA and Neutral-SI.

4.1 Evidence Retriever

Problem Formulation: Given an input clinical
note, the model extracts the evidences (one or more
sentences) related to SA or SI (SA-SI) from the
note. This is a binary classification problem where
given a text snippet the model predicts whether it
has an evidence for SA-SI or not. We learn this task
at paragraph level where the input is a set of 20 con-
secutive sentences because the local surrounding
context provides additional important information
(Yang et al., 2021; Rawat et al., 2019). A paragraph
was labeled as evidence no, if all the sentences in
that paragraph are neutral-SA and neutral-SI. If
there was at least one SA-SI sentence, it was con-

2These splits would be released as part of ScAN for bench-
marking models.
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sidered an evidence yes. As the number of non-
evidence sentences significantly outsized the evi-
dence sentences, we decided to use an overlapping
window of 5 sentences between the paragraphs to
build more evidence paragraphs. The distribution
of the paragraphs, across all evidence, SA and SI
labels for train, validation, and test set is provided
in Table 2. We segregated the train and test set such
that any patient observed by the retriever module
during training was not seen in the test set. This
is important as there are patients who had multiple
hospital-stays in ScAN.

Proposed Model: Transformer (Vaswani et al.,
2017) based language models (Devlin et al., 2018;
Liu et al., 2019) have shown great performance for
a broad range of NLP classification tasks. Hence,
to extract the evidence paragraphs we trained a
RoBERTa (Liu et al., 2019) based model. It has
been previously shown that the domain-adapted
versions of the pre-trained language models, such
as clinicalBERT (Alsentzer et al., 2019) or BioBERT

(Lee et al., 2020), work better than their base ver-
sions. So, we further pre-trained the RoBERTa-
base model over the MIMIC dataset to create a
clinical version of RoBERTa model, hereby refer-
enced as medRoBERTa. During our initial explo-
ration, we experimented with clinicalBERT and
BioBERT but found that medRoBERTa consis-
tently outperformed both models. medRoBERTa
achieved an overall F1-score of 0.88 whereas both
clinicalBERT and BioBERT achieved an overall
F1-score of 0.85. Our hospital-level SA and SI
predictor would work with any encoder-based evi-
dence retriever model.

Multi-task Learning: We trained medRoBERTa
in a multi-task learning setting where along with
learning the evidence classification task, the model
also learns two auxiliary tasks: (a.) Identifying
the label for SA between positive, negative, un-
sure and neutral-SA and, (b.) Identifying the label
for SI between positive, negative and neutral-SI.
The training loss (L(θ)) for our evidence retriever
model was formulated as:

L(θ) = Levi + α ∗ LSA + β ∗ LSI (1)

Where Levi is the negative log likelihood loss
for evidence classification, LSA and LSI are SA
and SI prediction losses respectively, and α and β
are the weights for the auxiliary tasks’ losses. The
distribution of labels across all the three tasks is
highly skewed, hence, we applied the following

Suicide Attempt Positive Neg_Unsure Neutral-SA

Train 377 54 1, 381

Val 50 10 189

Test 91 19 326

Suicide Ideation Positive Negative Neutral-SI

Train 377 214 1, 521

Val 45 28 208

Test 44 35 357

Table 3: Distribution of SA and SI at hospital-stay level
in training, validation and testing set.

techniques to learn an efficient and robust model.

• Weighted log loss was used in both main task
and auxiliary tasks. The total loss for each task
was calculated as the weighted sum of loss
according to the label of the input paragraph.
Log weighing helps smooth the weights for
highly unbalanced classes. The weight for
each class was calculated using:

wl,t =

{
1.0 if(wl,t < 1.0)
log(γ ∗Nt/Nl,t)

Where Nt is the count of all training para-
graphs for the task t and Nl,t is the count of
paragraphs with label l for the task t and wl,t
is the calculated weight for those paragraphs.
We tuned γ as a hyper-parameter. All train-
ing hyper-parameters for our best model are
provided in Appendix B.

• We also employed different sampling tech-
niques (Youssef, 1999), up and down sam-
pling, to help our model learn from an imbal-
anced dataset. After sweeping for different
sampling combinations as hyper-parameters,
we found that down-sampling the no-evidence
paragraphs by 10% resulted in the best perfor-
mance.

• The negative label of SA is severely under-
represented in ScAN making it difficult for
the model to learn useful patterns from such
instances, refer Table 2. After discussion with
the experts, we decided to group the instances
of negative and unsure together and label them
as neg_unsure because for both groups the
general psych outcome is to let the patient
leave after the hospital-stay as there is no solid
evidence defining whether the self-harm was
a SA event.
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Figure 4: ScANER (Suicide Attempt and Ideation Events Retreiver) consists of two sub-modules: (a.) Evidence
retriever module extracts evidence paragraphs from all EHR notes. We trained the module using all annotated
paragraphs from ScAN. (b.) Prediction module predicts the SA and SI label for a patient using the evidence
paragraphs extracted by the retriever module from EHR notes during the patient’s hospital-stay.

4.2 Hospital-stay level SA and SI Predictor

Problem Formulation Given all the clinical
notes of a patient during the the hospital stay,
the model predicts the label for SA (positive,
neg_unsure and neutral-SA) and SI (positive, neg-
ative and neutral-SI). The prediction module uses
the evidence paragraphs extracted by the retriever
module.

Robust Finetuning The retriever module is not
perfect and can extract false positives. This results
in extracting irrelevant paragraphs, with evidence
label No, along with evidence paragraphs for a
hospital-stay with SA or SI and extracting irrel-
evant paragraphs as evidences for a hospital-stay
with both SA and SI marked as neutral. To tackle
such situations and train a robust model, we applied
three techniques:

• For a hospital-stay with a non-neutral label for
SA or SI, during training we added some noise
in the form of irrelevant paragraphs (a para-
graph with no SA or SI annotation) from the

notes to the set of actual evidence paragraphs
for the input. An irrelevant paragraph from a
clinical note was sampled with a probability
of 0.05. This forced the predictor module to
learn effectively even with noisy inputs.

• For a neutral hospital-stay with no evidence
paragraphs, we randomly chose X unique ir-
relevant paragraphs from the notes. X was
sampled from the distribution of number of ev-
idence paragraphs of the non-neutral hospital-
stays. This prevented the leaking of any infor-
mation to the prediction module during train-
ing by keeping the distribution of number of
input paragraphs the same across neutral and
non-neutral instances.

• Since these hospital-stays were extracted us-
ing the ICD codes related to suicide and over-
dose, the data is quite skewed with only 102
neutral events from a total of 697 hospital-
stays. Whereas in a real-world scenario, neu-
tral hospital-stays would be much higher than
non-neutral ones. Hence, to facilitate a bal-
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anced learning of the predictor module we
introduced 1, 800 neutral hospital-stays from
the MIMIC dataset. The distribution for SA
and SI at hospital-stay level is provided in
Table 3.

Proposed Model The paragraphs extracted using
the retriever module for a patient’s hospital-stay
were provided as an input to the predictor module.
We used a multi-head attention model to predict the
SA and SI label for a hospital-stay as self-attention
based models have proved to be quite effective for a
lot of prediction tasks in machine learning (Devlin
et al., 2018; Cao et al., 2020; Hoogi et al., 2019).

We encoded the extracted paragraphs
([p1, p2....pn]) using the retriever module,
medRoBERTa, to get a vector representation
of 768 dimensions for each of the paragraphs
([v1, v2...vn]). Training the retriever module on
auxiliary tasks of predicting SA and SI helped
align these paragraph representations for SA and
SI prediction. Then, we added a prediction vector
(v0) along with all the vector representations of the
paragraphs to get V = [v0, v1, v2...vn]. We passed
V through our multi-head attention model to get
the hidden representationsH = [h0, h1...hn]. We
then passed h0 through a SA inference layer and
SI inference layer to predict the labels. During
the whole training process, the weights of the
retriever module were frozen whereas v0 was
a learnable vector initialised as an embedding
in the multi-head attention model. We used a
separate v0 prediction vector so that it could
retain the information from all the other paragraph
representations for hospital-stay level prediction
similar to how [CLS] is utilized in different
transformer-based models for sequence prediction
(Devlin et al., 2018; Liu et al., 2019). We tuned the
number of layers and number of attention heads
of our prediction module as hyper-parameters and
achieved the best performance using a 2-layer and
3-attention head model. Our complete ScANER
model is illustrated in Fig 4.

5 Results and Discussion

Since the labels for both the retriever and predic-
tion task are imbalanced, we used macro-weighted
precision, recall, and F1-score to evaluate the over-
all performance of our models. Macro-weighted
metrics provide better model insights across all
labels.

Evidence Retriever Performance Our multi-
task learning model achieved a F1-score of 0.83
for extracting positive evidence paragraphs and
an F1-score of 0.88 overall. The retriever model
has higher recall than precision for the positive
evidence paragraphs (0.87 > 0.79), SA (0.74 >
0.71), and SI (0.62 > 0.46) events, as shown in
Table 4. In healthcare, there is an incentive to maxi-
mize recall over precision (Watson and McKinstry,
2009). As mentioned in §4.2, ScANER was trained
with added noisy paragraphs and is therefore robust
to the extracted evidence paragraphs if they contain
some false positives.

The retriever module achieves an overall F1-
score of 0.63 for SA prediction and 0.64 for SI
prediction at paragraph-level. The performance for
positive SA and SI evidence is much higher than
the performance for neg_unsure SA and negative
SI. We looked at the confusion matrices for SA
and SI paragraph-level prediction and found that
largely ScANER made mistakes between positive
and neg_unsure labels for SA prediction and be-
tween positive and negative labels for SI prediction
(refer Appendix C). The poor performance in SA
for neg_unsure evidence prediction is mainly due
to data sparsity where the neg_unsure cases are
only 1743; in contrast, the positive cases are 4-fold
higher. Similarly, for SI the positive cases are 1.4
times higher than the negative cases.

Hospital-stay level Prediction Performance
Our multi-head attention model is able to achieve
an overall macro F1-score of 0.78 for SA predic-
tion and 0.60 for SI prediction, as shown in Table 5.
For SA, the prediction module achieves a recall of
0.93 for the positive label. After analysing the con-
fusion matrix, the model largely predicts a positive
label for the visits with neg_unsure label, as shown
in Table 6. The poor performance for neg_unsure
is largely because of its small representation in the
training set of ScAN, 54 negative cases as com-
pared to 377 positive and 1, 381 neutral instances.
In our future work, we plan to expand ScAN with
more instances of negative SA events.

For SI, the prediction module achieves an overall
F1-score of 0.60 with a precision of 0.63 and recall
of 0.66. The model has a high recall for neutral-
SI and positive but the positive label has a low
precision of 0.49. After analysing the test set, we
observed that a lot of patient hospital-stays with
negative labels are getting wrongly predicted as
positive, as shown in Table 6. After doing error
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Paragraph Evidence Prediction Paragraph SA Prediction Paragraph SI Prediction

Evidence P R F Labels P R F Labels P R F

Yes 0.79 0.87 0.83 Positive 0.71 0.74 0.73 Positive 0.46 0.62 0.53
No 0.95 0.91 0.93 Neg_Unsure 0.19 0.26 0.22 Negative 0.38 0.46 0.42

- - - - Neutral-SA 0.95 0.92 0.93 Neutral-SI 0.98 0.99 0.98

Overall 0.87 0.89 0.88 Overall 0.62 0.64 0.63 Overall 0.61 0.69 0.64

P: Precision, R: Recall and F: F1-score.

Table 4: Paragraph level performance of the evidence retriever module. The overall evaluation metrics (precision,
recall and F1-score) are macro-weighted. Evidence prediction is the main task whereas SA and SI prediction are
auxiliary tasks and help the model align the vector representations of the paragraphs for the hospital-stay level
suicidal behavior prediction.

Hospital-stay SA Prediction

Labels Precision Recall F1-score

Positive 0.81 0.93 0.87
Neg_Unsure 0.48 0.58 0.52
Neutral-SA 0.98 0.93 0.96

Overall 0.76 0.81 0.78

Hospital-stay SI Prediction

Labels Precision Recall F1-score

Positive 0.49 0.93 0.65
Negative 0.40 0.11 0.18
Neutral-SI 0.99 0.95 0.97

Overall 0.63 0.66 0.60

Table 5: Hospital-stay level SA and SI prediction per-
formance of ScANER.

Hospital-stay SA Prediction

Positive Neg_Unsure Neutral-SA

Positive 85 4 2
Neg_Unsure 5 11 3
Neutral-SA 15 8 303

Hospital-stay SI Prediction

Positive Negative Neutral-SI

Positive 41 2 1
Negative 27 4 4
Neutral-SI 15 4 338

Table 6: Confusion matrices for SA and SI prediction at
hospital-stay level.

analysis for hospital-stays with negative labels, we
observed that a lot of extracted evidence paragraphs
contain information that suggests that the patient
had SI before the SA but does not have SI anymore
during the hospital-stay. As shown in the example
in Fig 5, the past SI is an explanation for the SA
but then the patient does not have any further SI

during the hospital-stay. This suggests that period
assertions for these annotations are quite important
and we aim to add period assertion property in our
future work by further annotating ScAN.

Context: 
Depression: On further questioning, the pt
reported that the cocaine ingestion was a suicide
attempt. He stated that he was having financial
difficulty over the past few months and thought
that if he attempted suicide, his family would be
able to receive his life insurance. A 1:1 sitter was
ordered and psychiatry consult was called. He
denied any futher suicidal ideations while in the
hospital. #. Fever: Pt developed fever to 101 with
leukocytosis on [**2189-7-20**].  
Annotations:
1. On further ...... insurance: Positive SA
2. He denied ..... hospital: Negative SI

Figure 5: An instance for which ScANER incorrectly
predicted a negative hospital-level SI as positive.

6 Conclusion

In this paper, we introduce ScAN: a publicly avail-
able suicide attempt (SA) and ideation (SI) events
dataset that consists of 12, 759 EHR notes with
19, 960 unique evidence annotations for suicidal
behavior. To our knowledge, this is the largest and
publicly available dataset for SA and SI, an impor-
tant resource for suicidal behaviors research. We
also provide a strong RoBERTa baseline model for
the dataset: ScANER (SA and SI retriever) which
consists of two sub-modules: (a.) an evidence re-
triever module that extracts all the relevant evi-
dence paragraphs from the patient’s notes and (b.)
a prediction module that evaluates the extracted ev-
idence paragraphs and predicts the SA and SI event
label for the patient’s stay at the hospital. ScAN
and ScANER could help extract suicidal behavior
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in patients for suicide surveillance and predictions,
leading to potentially early intervention and pre-
vention efforts by medical professionals.
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A Selected Clinical Sections

The sections selected for annotations after using clinical_sectionizer are enumerated below:

1. Allergy

2. Case Management

3. Consult

4. Discharge Summary

5. Family history

6. General

7. HIV Screening

8. Labs and Studies

9. Medication

10. Nursing

11. Nursing/other

12. Nutrition

13. Observation and Plan

14. Past Medical History

15. Patient Instructions

16. Physical Exam

17. Physician

18. Present Illness

19. Problem List

20. Radiology

21. Rehab Services

22. Respiratory

23. Sexual and Social History

24. Social Work

B Hyper-parameter Settings

All the hyper-parameter settings for both modules of ScANER are provided in Table 7.
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Evidence Retriever Module

Learning Rate Warmup steps Optimizer Adam ϵ

2e-5 2,000 Adam 1e-8

γ α β

2.5 1.1 1.5

Hospital Stay SA-SI Prediction Module

Attention Heads Attention Layers Learning Rate Warmup steps
3 2 1e-3 1,200

Optimizer Adam ϵ

Adam 1e-8

Table 7: Hyper-parameter setting for both retriever and prediction module of ScANER.

C Confusion matrices

The confusion matrices for SA and SI prediction at paragraph level is provided in Table 8.

Paragraph SA Prediction

Positive Neg_Unsure Neutral-SA

Positive 1,804 285 344
Neg_Unsure 253 118 80
Neutral-SA 472 204 7,314

Paragraph SI Prediction

Positive Negative Neutral-SI

Positive 206 69 56
Negative 71 87 31
Neutral-SI 170 73 10,111

Table 8: Confusion matrices for the predictions on the test set of evidence retriever.
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Abstract

Trigger warning: This paper contains exam-
ples of stereotypes and other harms that could
be offensive and triggering to individuals.

Language representations are efficient tools
used across NLP applications, but they are
strife with encoded societal biases. These bi-
ases are studied extensively, but with a primary
focus on English language representations and
biases common in the context of Western soci-
ety. In this work, we investigate biases present
in Hindi language representations with focuses
on caste and religion-associated biases. We
demonstrate how biases are unique to specific
language representations based on the history
and culture of the region they are widely spo-
ken in, and how the same societal bias (such
as binary gender-associated biases) is encoded
by different words and text spans across lan-
guages. The discoveries of our work highlight
the necessity of culture awareness and linguis-
tic artifacts when modeling language represen-
tations, in order to better understand the en-
coded biases.

1 Introduction
Language models and representations (Pennington
et al., 2014; Bojanowski et al., 2017; Devlin et al.,
2019) are commonly used across the world in a
variety of applications including machine trans-
lation (Kunchukuttan et al., 2017), information
retrieval (Rao and Devi, 2018), chatbots (Bhag-
wat et al., 2019), sentiment classification (Kumar
et al., 2019) and more. However, it is also known
that these representations capture and propagate
societal biases including gender (Bolukbasi et al.,
2016), race (Caliskan et al., 2017), (Manzini et al.,
2019), and nationality (Dev and Phillips, 2019)
related stereotypes. This bias is present across rep-
resentations for different languages. Each language
reflects the culture and history of regions they are
used popularly in, and as we go from one language

∗Work done while interning at UCLA.

to another, the notion of bias, and the types of soci-
etal biases change accordingly. This key difference
however, is not reflected in the effort made towards
detecting, identifying, and mitigating biases in lan-
guage representations, with the majority of efforts
predominantly in English language and in the con-
text of Western society (Bolukbasi et al., 2016;
Nangia et al., 2020). Some recent work tackle
the challenges of societal biases in language rep-
resentations coming from various cultures and lan-
guages such as Arabic, French, Spanish, Chinese,
and German (Lauscher et al., 2020; Chávez Mulsa
and Spanakis, 2020; Kurpicz-Briki, 2020; Zhou
et al., 2019; Zhao et al., 2020; Liang et al., 2020).
Additionally, Ghosh et al. (2021) and Sambasivan
et al. (2020) explore biases and algorithmic fair-
ness concerning non-western contexts in machine
learning and Pujari et al. (2019) focus on fairness
in language technologies for Indic society by in-
vestigating binary gender associated bias in Hindi
language representations. However, it is unclear
if the representations capture other biases that are
distinct to the Indian society and can cause harm,
such as caste and religion related biases.

In this work, we make three main contributions:
(i) with a careful study of the social and cultural
composition of the Indian society, we highlight and
devise measures to detect and quantify different
societal biases present in Hindi language represen-
tations, and show gender, caste and religion bias in
the language; (ii) we discuss the gendered nature
of Hindi and the implications it has on the bias
detection techniques for gender bias, highlighting
the importance of leveraging linguistic knowledge
when developing bias detection methods; and (iii)
we demonstrate how the translation of word lists
or one-to-one mapping of bias measures across lan-
guages is insufficient to detect biases meaningfully,
indicating how bias measurement methods cannot
be directly adapted from one language to another.
Even when detecting the same societal types of
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biases in a different language, translations of the
words from English into the target language whose
representations are being evaluated, does not suf-
fice as the words may not exist, nor be commonly
used or associated with the same sentiment or bias.
Sentiments (good, bad, evil, etc) can also be en-
coded by distinct sets of objects and words (see
Sec. 3 for discussion).

All these discoveries call for socio-cultural
awareness, and attention to the differences in lan-
guage structure, the changes of grammars, etc., in
multilingual fairness studies. We hope this work
can shed lights for future studies in these direc-
tions1.

2 Language and Culture Considerations

The perception and interpretation of biases are sen-
sitive to societal construct, socio-cultural structures,
and historical compositions of different regions of
the world (Cheung and Chan, 2007). Since lan-
guages are culture and region-specific, there is a
requirement to study the socio-cultural differences
when trying to understand the biases and potential
harms of language representations globally. Con-
sider the example of the Hindi language where
along with gender bias (Amutha, 2017), other bi-
ases like the ones based on caste and religion are
also pervasive. Caste is unique to the culture in
the Indian peninsula and is not usually considered
when analyzing biases in languages in Western
studies but remnants of caste based stereotypes are
still prolific in the modern hindi literature (Gupta,
2021). Similarly, region and culture-specific bi-
ases also are present with respect to religion, oc-
cupation, or location (Thorat and Newman, 2007).
Additionally, there are several key linguistic differ-
ences between English and Hindi languages such
as pronouns which in Hindi do not indicate gender
unlike in English. Instead, gender may be indicated
by adjectives or verbs (Section 2.1), thus requiring
distinct strategies for gender bias detection. Fur-
ther, the word order in Hindi is distinct from that of
English, and is similar to Japanese, Korean, Mon-
golian and Turkish2. Unlike English, which has
fixed word order, Hindi does not has fixed word
order.

1Code is available at https://github.com/vijit-m/SocHindi
2Word order refers to positioning of subject, verb, and

object in a sentence.

2.1 Gender in Hindi
The syntactical use of gender in Hindi is layered
and distinct from English (Hall, 2002) in differ-
ent ways. These differences are reflected in the
structure and composition of text, and is essential
when interpreting the ways biases are likely to be
encoded.
Gendered verbs: Verbs in Hindi can be gen-
dered depending upon the tense of the sentence. In
case of past tense and the perfect tenses which are
built upon the past tense, the gender of the verb is
determined by the gender of the subject. For exam-
ple, ‘went’ is ‘gaya’ if male and ‘gayi’ if female.
Gendered Adjectives: Adjectives in Hindi
can also be gendered. However, not all adjectives
change form according to the gender of the subject.
For example, the adjective ‘gharelu’ (Domestic) in
Hindi is used the same whether a man is domestic
or a woman is domestic, but adjectives like ‘good’
is ‘achha’ if male and ‘acchhi’ if female.
Gendered titles: Some titles for entities in
Hindi can be gendered. For example: ‘teacher’ is
‘adhyapak’ if male and ‘adhyapika’ if female.
Gendered inanimate nouns: Instantia-
tions of grammatical gender for inanimate nouns
when used in a sentence is an important aspect of
Hindi language. Note that these instantiations also
depend upon the dialect spoken (Hall, 2002). The
word ‘dahi’ (yogurt) is assigned feminine forms of
verbs and adjectives in western dialects and mascu-
line forms in Eastern dialects of Hindi.

2.2 Caste, Religion, and Occupation Biases
Historically, discrimination based on attributes of
caste, religion, and occupation has been prominent
in India (Banerjee and Knight, 1985; Deshpande,
2010). While illegal, some of these biases are still
common and as a result, language resources reflect
the same. Caste is a form of social stratification
unique to Hinduism and Indian society. It involves
the concept of hereditary transmission of the style
of life in terms of occupation, status, and social
interaction, and is commonly associated strongly
with last names of persons3. Consequently, it is
associated with strong biases pertaining to purity,
goodness, intelligence, etc. of individuals, which is
reflected commonly in Hindi corpora. Despite be-
ing a secular nation, due to historical clashes, there
are biases in India against the relatively minority
religious population practicing Islam as opposed

3https://en.wikipedia.org/wiki/Caste
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to the majority religion of Hinduism. These bi-
ases are associated with perceptions (good, bad,
evil, etc.) of the different populations. Although
biases against other religions are also present, we
especially focus upon Islam and Hinduism since
these are the most prominent. Like caste, some last
names are highly associated with religion in India,
and can serve as a proxy for studying the bias. In
addition to these biases, the gaps between rural and
urban India in terms of the education and poverty
has led to a discrepancy of perception (positive ver-
sus negative) between urban and rural occupations.

3 Measuring Biases in Hindi language
Representations

To quantify bias in English embeddings, Caliskan
et al. (2017) propose the Word Embedding Asso-
ciation Test (WEAT), which measures the stereo-
typical association between two sets of target con-
cepts and attributes (See Appendix B), where a
larger WEAT score indicates a larger bias. May
et al. (2019) propose SEAT (Sentence Embedding
Association Test) for measuring bias in sentence
encoders. Similar to word lists for WEAT tests,
SEAT comprises of sentences in which each sen-
tence is is a semantically neutral template which are
completed with target words related to protected at-
tributes and associated stereotypes. This puts focus
on target words on which bias is to be measured.

3.1 Gender Bias

For evaluating binary gender-associated bias, we
create WEAT tests (Caliskan et al., 2017) in two
ways in Hindi, by creating (i) Translated word lists,
and (ii) Language-Specific word lists.

For the Translated4 test, we directly translate
each individual word in each test for career &
family, arts & mathematics and arts & sciences
tests in (Caliskan et al., 2017). Note that direct
translations of some words like ‘Shakespeare’ and
‘NASA’ in Arts and Science lists, are not accu-
rate, have ambiguous spellings, or are not populus
in the literature. Also, some words from English
like ‘cousin’ do not have a corresponding word in
Hindi. Next, we develop a set of socially-aware
Language-specific tests, where we curate word lists
(both attribute and target) (Appendix C) based on
popular word usage in Hindi and their associations,
and word frequencies in Hindi Wikipedia text.

4Google-Translate API used to obtain translations.

Table 1 highlights how translated sets capture
lesser bias as compared to the WEAT tests specif-
ically created for Hindi. In particular, the WEAT
translated test for binary gender and science versus
arts captures significantly low bias, unlike what
is prevalent in the society as well as associated
text and representations (Khadilkar et al., 2021;
Madaan et al., 2018; Pundir and Singh, 2019).
This, in turn, emphasizes the importance of cre-
ating language-specific tests.

For the WEAT Hindi test set, we create another
test to quantify gender bias across neutral adjec-
tives, based on societal biases in Indic society (Gun-
dugurti et al., 2015). Appendix C lists all word
sets used in each WEAT test. Further, in Section
2.1, we see that there are four specific gendered
word groups in Hindi, all of which are meaning-
fully gendered and important to be encoded and re-
tained in our representations. For each such group,
we construct an independent “Meaningful Encod-
ing (ME)” WEAT test (Dev et al., 2021a) (see
word lists in Appendix C). A Meaningful Encod-
ing WEAT test uses attribute lists of words having
meaningful gendered information (like gendered
verbs) which should be captured by representations.
The importance of this is two-fold: (i) it allows us
to verify if meaningful gendered information is en-
coded in our representations, and (ii) compare with
biased associations (measured by WEAT) to gauge
the overall magnitude of bias versus information
about an attribute captured by our embeddings.

In Table 2 we observe that for 300 dimensional
Hindi GloVe embeddings (Kumar et al., 2020), sig-
nificant bias is observed using the three WEAT
tests (Language-Specific) for binary gender and ad-
jectives, science v/s arts, and maths v/s arts. Each
score is over 1.00, and similar valued to WEAT
tests for meaningful information encoding (ME
scores in Table 2), which highlights how the magni-
tude of bias encoded is high. Of the four meaning-
ful information encodings, the weakest association
is seen among gendered entities, owing to how
prone they are to ambiguous usage across different
regions (Section 2.1).

To develop SEAT tests in Hindi, similar to (May
et al., 2019), we construct a list of sentence tem-
plates and fits each target word from a WEAT target
list to construct SEAT target lists for each part of
the speech category. We used the Hindi translations
of the semantically neutral templates provided in
(May et al., 2019). However, we remove some am-
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Attribute Description WEAT (GloVe) SEAT (GloVe)
Translated Lang-Specific Translated Lang-Specific

Gender maths, arts vs male, female 0.94 (0.02) 1.12 (0.01) 0.87 (0.00) 1.14 (0.00)
science, arts vs male, female 0.27 (0.31) 1.13 (0.02) 0.18 (0.17) 1.03 (0.00)

Caste adjectives vs caste 0.72 (0.00) 1.52 (0.00) 0.74 (0.00) 1.40 (0.00)

Religion adjectives vs religion terms 1.05 (0.00) 1.28 (0.01) 1.04 (0.00) 1.20 (0.00)
adjectives vs lastnames 0.93 (0.00) 1.55 (0.00) 0.95 (0.00) 1.41 (0.00)

Occupation adjectives vs urban, rural occupations -0.08 (0.59) 1.58 (0.00) -0.13 (0.88) 1.42 (0.00)

Table 1: WEAT and SEAT bias measurements (with p-values in parentheses) for tests with translated versus
language-specific word lists. Highlighted values point towards the observation that more bias is captured in
language-specific curated word lists.

biguous translations and we add other templates
based on colloquial usage (Appendix D) and word
lists created for WEAT (Appendix C). We conduct
SEAT tests upon 300 dimensional Hindi GloVe
embeddings and Hindi ELMo (Kumar et al., 2020).

Table 2 demonstrates that for GloVe, the SEAT
scores report significant bias for all tests, while for
ELMo, the bias is mainly measured in tests with
binary gender and adjectives. From Table 1 we
note that the Language-Specific word lists record
higher amounts of bias than the translated test.This
highlights the significance of constructing the word
lists in WEAT tests while keeping language and
cultural considerations in mind.

3.2 Caste Bias

To evaluate Hindi representations for caste bias,
we build two WEAT tests and two corresponding
SEAT tests using the last names that are statisti-
cally more associated with stereotypically lower
and upper castes. For lower castes, we randomly
sample lower caste names from the list of sched-
uled castes provided by the Department of Social
Justice and Empowerment in India (Appendix C).
Our first test is based upon detecting biased as-
sociation of occupations with ‘upper’ castes (the
upper strata of castes) and ‘lower’ castes. Note that,
some caste names mean certain occupations them-
selves in Hindi language. For example ‘kumhar’
means both a lower caste and the occupation of
pottery. We ensure that target word lists have no
ambiguous entities. Another WEAT test we build
is based upon positive and negative adjectives as-
sociation with caste names. For the Translated
version, we take Hindi translations of words from
Caliskan et al. (2017) for detecting racial bias. For
Language-specific test we curate a new word list
of adjectives (Appendix C) based on words used
popularly as positive or negative in Hindi (Thorat
and Newman, 2007).

Table 2 highlights that there is significant caste

related perception bias. For both WEAT and SEAT
tests, the measured biases are over 1.2 for GloVe
embeddings. The results in Table 1 compare the
Translated and Language-Specific adjective word
lists. For WEAT test, the bias measured by Trans-
lated word lists are less than half of that measured
by Language-Specific word lists, emphasizing the
importance of creating socially-aware Language-
Specific word lists which correlate better with the
society and culture the language is associated with.

3.3 Religion Bias
We construct two WEAT and two SEAT tests to de-
tect religion associated biases in Hindi embeddings.
Our first test is based upon associating positive and
negative adjectives to religious entities. One at-
tribute list consists of Hindu religious entities and
one consists of Muslim religious entities. In our
second test, we associate adjectives with lastnames.
This stems from the distinct last names commonly
used by the two populations (see Appendix C). Sim-
ilar to Caste bias detection, we experiment with the
Translated and Language-Specific adjective lists.
Further, we evaluate if religious information which
is correctly associated is learnt by the represen-
tations (for example, mosque being the place of
worship in Islam should be associated with it in
representations). For this, we create a meaningful
encoding (ME) test for religious information (see
word lists in Appendix).

In Table 2 we see using the WEAT and SEAT
scores for 300-dimensional GloVe embeddings that
significant religious bias with respect to the posi-
tive and negative perception is detected. Table 1
compares the measured bias in case of Translated
and Language-Specific adjective word lists, with
the latter capturing significantly larger bias.

3.4 Rural v/s Urban Occupation Bias
Besides, we detect bias in urban and rural occu-
pations, which is prevalent in Indic society - with
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Attribute Description WEAT SEAT
GloVe GloVe ELMo

Gender

BM
maths, arts vs male, female 1.12 (0.01) 1.14 (0.00) 0.17

science, arts vs male, female 1.13 (0.01) 1.03 (0.00) 0.14
adjectives vs male, female 1.21 (0.02) 1.19 (0.00) 1.37

ME

gendered verbs vs male, female 1.87 (0.00) 1.84 (0.00) 1.66
gendered adjectives vs male, female 1.70 (0.00) 1.63 (0.00) 1.78

gendered entities vs male, female 1.14 (0.01) 1.12 (0.00) 1.77
gendered titles vs male, female 1.92 (0.00) 1.86 (0.00) 1.64

Caste BM occupations vs caste 1.44 (0.00) 1.26 (0.00) 0.89
adjectives vs caste 1.52 (0.00) 1.40 (0.00) 0.48

Religion BM adjectives vs religion terms 1.28 (0.01) 1.20 (0.00) 0.75
adjectives vs lastnames 1.55 (0.00) 1.41 (0.00) 1.02

ME religious entities vs religion 1.75 (0.00) 1.69 (0.00) 1.23
Occupation BM adjectives vs urban, rural occupations 1.58 (0.00) 1.42 (0.00) 1.12

Table 2: Bias measurements (with p-values in parentheses) for gender, caste, religion and occupation bias. These
results are for Language-Specific word lists; BM: Bias Measuring test, ME: Meaningful Encoding test.

urban occupations seen as better, richer, more de-
sirable, and even of a higher social status. We con-
struct WEAT and SEAT tests where the attribute
list consists of lists of urban occupations and rural
occupations and the target lists consisted of polar-
ized adjectives (Appendix C).

Table 2 illustrates with WEAT and SEAT scores
the biased associations of perception between ur-
ban and rural occupations. For both GloVe and
ELMo embeddings, we observe significant (> 1.0)
bias with the WEAT test, highlighting the presence
of occupation associated bias.

4 Conclusion
Biases are inherently complex as are their encod-
ings in language representations. Their detection
needs to take into account a multitude of factors
- the language and its grammar, the regions it is
spoken in, as well as the history and culture of the
region. We demonstrate here how a predetermined
set of biases and a peripheral evaluation consist-
ing of a narrow perspective of how biases manifest
themselves is not sufficient to achieve fair represen-
tations across the globe.

Our work is limited by the scarcity of robust
language models in Hindi language, as well as ded-
icated word lists for different language tasks in
Hindi language. Hence, a number of extrinsic tests
and experiments for bias evaluation could not be
performed to evaluate bias more extensively. We
thus focus here only on intrinsic measurements
of bias which may not be correlated with bias
expressed in downstream tasks (Goldfarb-Tarrant
et al., 2019; Cao et al., 2022). We leave investiga-
tions regarding the same to future work. Further-
more, we acknowledge that our analysis of gender
associated biases is limited to binary gender and
our intrinsic evaluations require discrete catego-

rizations (Dev et al., 2021b; Antoniak and Mimno,
2021). Finally, despite the limitations, we believe
our work lays down some fundamentals with re-
spect to evaluating biases across languages and
associated cultures.

Broader Impact

Language models, with their widespread applica-
tions impact people across the world. This makes
it imperative that associated harms be understood
not just for the Western world and with a focus
on English language models, but also across lan-
guages and cultures. With this work, we highlight
the importance of social and cultural awareness for
the same. Bias detection methods need this cul-
tural expertise and can then be followed by adapted
mitigation methods (some possible adapted meth-
ods discussed in Appendix E). With this work, we
demonstrate how translations of words is not suf-
ficient for capturing biases across languages, and
thus highlight the need for development of strate-
gies with specific languages and cultures in mind.
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Appendix
A Limitations

As acknowledged in the paper, our work is severely
limited by the scarcity of language models, dedi-
cated word lists, and language tasks for Hindi lan-
guage. A number of tests and experiments could
not be performed to evaluate bias more extensively.
Furthermore, the lack of established language tasks
and datasets in Hindi made it difficult to analyze
the extrinsic bias in downstream tasks. Although
this limits our evaluations of bias in this work,
with more work like this and development of more
language tools for Hindi, this can be overcome.
We further emphasize that while we have evalu-
ated some biases, these are not the only biases
present in the Indian society or Hindi language.
We merely provide evaluations for some that are
strongly present in the literature and thus in the
language representations as well.

Since this work highlights various biases and
the words commonly associated with it, it can po-
tentially be triggering to persons. However, it is
important to study these biases and their impact on
language tools in order to mitigate their effect.

B WEAT

Let X and Y be equal-sized sets of target concept
embeddings and let A and B be sets of attribute
embeddings. Let cos(a, b) denote the cosine sim-
ilarity between vectors a and b. The test statistic
is a difference between sums over the respective
target concepts,

s(X,Y,A,B) =
∑

x∈X
s(x,A,B)−

∑

y∈Y
s(y,A,B)

(1)

where the quantity, s(w,A,B) is calculated using
cosine similarity as follows:

s(w,A,B) =

∑
a∈A cos(w, a)
|A| −

∑
b∈B cos(w, b)
|B|

(2)
The amount of bias in WEAT is analyzed by effect
size d calculated as:

d =
meanx∈Xs(x,A,B)−meany∈Y s(y,A,B)

stddevw∈X∪Y s(w,A,B)
(3)

In order to compute the test significance (p-value),
X and Y lists are merged together, and 10,000
permutations, P of the combined list is generated.

For the i-th list in P , it is split in new pairs of Xi

and Yi lists. Then the test statistic equation is used
to calculate the p-value in the following way:

p =

∑
i∈P [s(Xi, Yi, A,B)] > s(X,Y,A,B)]

|P |
(4)

C WEAT word lists

In our bias detection methods using WEAT, we
constructed WEAT tests for Gender, Caste, Reli-
gion and Occupation (Rural v/s Urban occupations)
biases. Since the direct translations of word lists
from (Caliskan et al., 2017) did not provide us with
any significant evidence of bias, we constructed
the word lists ourselves based upon popular Hindi
words usage. Refer to Table 7 for the word lists
used to detect gender bias. We obtain the science,
maths, gendered words, gendered adjectives and
occupations from online Hindi resources. We refer
to Wikipedia for glossary of Hinduism entities and
Islamic entities. For the list of castes, we refer to
the list of scheduled castes provided by the Depart-
ment of Social Justice and Empowerment in India.
For the lastnames we refer to the popular Islamic
lastnames and Hindu lastnames provided by online
resources.

In addition to the bias measurement (BM), tests,
we also provide meaningful encoding. (ME) tests
used to capture meaningful gendered information
in Hindi.

Table 8, Table 9 and Table 10 provides the word
lists used in the measurement of caste, religion and
occupation biases respectively.

D SEAT

We define a list of semantically neutral sentence
templates for each part of speech type of words as
follows:

• Hindi-SEAT-name: ‘yeha hai’, ‘veha hai’,
‘vahan hai’, ‘yahan hai’, ‘ yahan hai’, ‘
vahan hai’, ‘iska naam hai’, ‘uska naam h’

• Hindi-SEAT-common-nouns: ‘yeha hai’,
‘veha hai’, ‘vahan hai’, ‘yahan hai’, ‘
yahan hai’, ‘ vahan hai’, ‘vo hai’, ‘ye hai’

• Hindi-SEAT-verbs: ‘yeha hai’, ‘veha hai’,
‘vo hai’, ‘ye hai’, ‘vahan hai’, ‘yahan
hai’
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• Hindi-SEAT-adjectives: ‘yeha hai’, ‘veha
hai’, ‘vo hai’, ‘ye hai’

In other words, if the target word is adjective,
we use Hindi-SEAT-adjective list of semantically
bleached sentences with each WEAT target word.

E Debiasing

There have been notable advances towards debi-
asing embeddings along the direction of gender
bias. Both Bolukbasi et al. (2016) and Dev and
Phillips (2019) propose using linear projection to
debias word embeddings, but the former in addition
also equalizes word pairs about the attribute (e.g.,
gender) axis.

Although we tried and adapted several existing
methods for debiasing, we could not evaluate the
performance of the debiasing methods on the extrin-
sic tasks. This is because of the scarcity of reliable
Hindi language datasets, which made any form of
notable inferences harder. In addition, the deep
learning models were already underperforming on
these Hindi datasets.

In this work we use the more general approach
of linear projection as it can be adapted to several
biases apart from gender.

In the method of linear projection, all words
w ∈ W are debiased to w′ by being projected
orthogonally to the identified bias vector vB .

w′ = w − 〈w, vB〉vB (5)

In case of hard debiasing, we required list of
equalizing pairs and list of words to not debias in
Hindi. However, direct translation of the word lists
to Hindi did not always make sense. Since, some
words like ‘she’ and ‘he’ had overlapping transla-
tions and both the pronouns are referred to as ‘veha’
in Hindi. This overlapping translation is true the
other way round as well, the word grandfather can
be either ‘nana’ (maternal grandfather) or ‘dada’
(paternal grandfather).

For languages with grammatical gender, Zhou
et al. (2019) proposed to determine semantic gen-
der direction. To obtain the semantic gender direc-
tion (ds), the grammatical gender component (dg)
in the computed gender direction (obtained from
PCA over gendered word pairs, dPCA) to make the
semantic gender direction orthogonal to grammati-
cal gender.

ds = dPCA − 〈dPCA, dg〉dg (6)

We use this orthogonalized gender direction to
perform linear debiasing. We refer to this method
as LPSG (Linear Projection with Semantic Gen-
der).

E.1 Debiasing Binary Gender

The first step in debiasing using linear projection is
to identify a bias subspace/vector. We experiment
with different settings to identify the gender vector
in Hindi, including (i) a single gender specific word
pair direction of { ~naari− ~nar}, (ii) PCA over a list
of paired gender specific words (in the form { ~mi−
~fi}). For more results with other gender directions,
refer to the Appendix. Also, the word lists used in
the experiment are provided in Appendix E.

For hard debiasing, we considered two types
of gender definition word lists. In one list we in-
cluded only the gender definitional pairs translated
to Hindi from the original English lists (after some
modifications to remove ambiguous translations).
In another experiment, we added pairs of gendered
verbs to the list as well.

Hindi is a language having grammatical gender.
As introduced in Section 2.1, we have 4 special gen-
der directions along which we want to preserve the
information. The direction for gendered verbs (dv),
adjectives (da), titles (dt) and entities (de) were
calculated by conducting PCA over the word lists
(App E). For LPSG method, we provide results of
orthogonalizing the semantic gender with respect
to verbs and adjectives directions. In another exper-
iment, we orthogonalize the semantic gender with
respect to all the 4 directions.

Table 3 demonstrates how different gender sub-
spaces affect the WEAT effect sizes in both bias
measuring and information retention tests. Note
that the single direction of { ~naari− ~nar} was able
to debias the best upon the math and arts test. Pair-
wise PCA over gendered words debiased the sci-
ence and arts test quite significantly with an effect
size of only 0.001 after debiasing. Hard debiasing
is not able to debias the first two tests in the WEAT
setting, however, it reduces the effect sizes in case
of SEAT (see Table 4). In both WEAT and SEAT
tests for neutral adjectives vs gendered words, hard
debiasing performs best against any other methods.
Although hard debiasing works competitively, it
comes with the downside that it does not retain the
gendered information in our information retention
(IR) tests. Both of the LPSG variants were able to
debias competitively while at the same time were
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best in retaining the gendered information of IR
tests.

E.2 Debiasing Caste

Similar to debiasing gender, for caste we first begin
with determining the caste direction with a two
words, one stereotypically considered upper caste
and one lower: { ~ghasiya− ~pandit}. We also try
with the direction { ~ghasiya− ~desai}. Since castes
do not occur in pairs, a set of word pairs cannot
be meaningfully constructed as done with binary
gender in English (Bolukbasi et al., 2016). Hence,
we compose lists of stereotypically upper and lower
castes, and conduct PCA over the combined list to
obtain the vector of caste bias. Refer to Appendix
E for the word lists used in the experiment. In
Table 5 we can observe that the linear debiasing
using the single direction of { ~ghasiya − ~desai}
is unable to debias competitively when compared
with the other two methods. Note that the single
direction of { ~ghasiya− ~pandit} is able to debias
better than PCA over list of caste names.

E.3 Debiasing Religion

In order to mitigate religious biases in Hindi, we
acknowledge how in Indian culture, the religion
of a person is generally identifiable by their last
names. We thus, utilize last names to determine
the direction of bias. We use both (i) a single set of
common last names { ~acharya− ~nasir}, and (ii)
a set of hindu and muslim entities.

Another religion direction is calculated by com-
bining word lists of Hindu and Muslim lastnames
and then conducting PCA over them, we call this
religion bias direction as dlast. The words lists are
provided in Appendix E.

In Hindi language, various religious entities are
inherently associated with a particular religion, for
example, “Bible is to Christianity as Bhagwad Gita
is to Hinduism” is not bias. To accomodate for such
cases, we again take motivation from (Zhou et al.,
2019) to obtain a direction dent from the entities
word lists (Appendix E) and keep the religion direc-
tion calculation calculated by Hindu and Muslim
lastnames dlast, orthogonal to it.

d′last = dlast − 〈dlast, dent〉dent (7)

We believe that if we debias words using d′last
as bias direction, we should be able to preserve the
knowledge of religion information retention test
and debias competitively.

In Table 6, we see that linear debiasing by con-
ducting PCA over a list of religious entities is not
able to debias much in any of the tests. The same
could be observed for linear debiasing using sin-
gle set of common last names { ~acharya− ~nasir}.
However, if we linear debias by PCA over a list
of lastnames, we are able to debias significantly.
Although the Information Retention WEAT effect
size is less than the previous methods, they did not
even affect the religion bias which is our primary
goal. Zhou’s variant for religion debias performs
well since it is able to debias competitively as well
as retains greater amount of necessary religion in-
formation. Refer to Appendix C for the word lists
used in the test.

1050



Description
(vs male, female)

Original
WEAT

Linear Projection Hard Debiasing LPSG

naari-nar PCA Gen.
words

Gen.
words,verbs

w/o
verbs & adj

w/o
all dir.

maths, arts 1.12 (0.01) 0.44 (0.20) 0.77 (0.06) 1.48 (0.00) 1.13 (0.00) 0.95 (0.03) 1.04 (0.02)
science, arts 1.13 (0.02) 0.50 (0.18) 0.00 (0.49) 1.66 (0.00) 1.57 (0.00) 0.24 (0.28) 0.42 (0.21)
adjectives 1.22 (0.02) 0.96 (0.06) 0.82 (0.08) 0.37 (0.27) 0.49 (0.20) 0.94 (0.05) 0.94 (0.049)

IR

gen. verbs 1.87 (0.00) 1.87 (0.00) 1.79 (0.00) 1.12 (0.01) -1.18 (0.99) 1.85 (0.00) 1.85 (0.00)
gen. adj 1.70 (0.00) 1.63 (0.00) 1.66 (0.00) 1.19 (0.00) 0.78 (0.05) 1.71 (0.00) 1.75 (0.00)

gen. entities 1.14 (0.01) 1.01 (0.02) 0.99 (0.02) 0.66 (0.08) 0.27 (0.28) 1.13 (0.00) 1.18 (0.00)
gen. titles 1.92 (0.00) 1.91 (0.00) 1.89 (0.00) 1.19 (0.00) 1.59 (0.00) 1.92 (0.00) 1.91 (0.00)

Table 3: Debiasing results for gender across different debiasing methods of linear projection, Bolukbasi’s hard
debiasing and different variants of LPSG debiasing. We provide WEAT effect sizes with p-values of the test in
parentheses. PCA for Linear Projection was done on gendered word pairs. IR stands for Information Retention.

Description
(vs male, female)

Original
SEAT

Linear Projection Hard Debiasing LPSG

naari-nar PCA Gen.
words

Gen.
words,verbs

w/o
verbs & adj

w/o
all dir.

maths, arts 1.14 (0.00) 0.64 (0.00) 0.78 (0.00) 0.76 (0.00) 1.09 (0.00) 0.96 (0.00) 0.99 (0.00)
science, arts 1.03 (0.00) 0.55 (0.00) 0.07 (0.33) 0.70 (0.00) 0.91 (0.00) 0.26 (0.06) 0.38 (0.02)
adjectives 1.19 (0.00) 0.98 (0.00) 0.80 (0.00) 0.23 (0.30) 0.34 (0.31) 0.94 (0.00) 0.92 (0.00)

IR

gen. verbs 1.84 (0.00) 1.83 (0.00) 1.67 (0.00) 0.31 (0.33) -0.70 (0.70) 1.80 (0.00) 1.78 (0.00)
gen. adj 1.63 (0.00) 1.58 (0.00) 1.54 (0.00) 0.45 (0.17) 0.36 (0.33) 1.63 (0.00) 1.67 (0.00)

gen. entities 1.12 (0.00) 1.02 (0.00) 0.99 (0.00) 0.42 (0.14) 0.45 (0.17) 1.13 (0.00) 1.16 (0.00)
gen. titles 1.86 (0.00) 1.85 (0.00) 1.75 (0.00) 0.15 (0.41) 0.90 (0.22) 1.82 (0.00) 1.80 (0.00)

Table 4: Debiasing results for gender across different debiasing methods of linear projection, Bolukbasi’s hard
debiasing and different variants of LPSG debiasing. We provide SEAT effect sizes with p-values of the test in
parentheses. PCA for Linear Projection was done on gendered word pairs. IR stands for Information Retention.

Test
Type

Description
(vs caste)

Original
Score

Linear Projection
ghasiya - desai ghasiya - pandit PCA

WEAT occupations 1.44 (0.00) 1.34 (0.00) 0.78 (0.09) 1.21 (0.02)
adjectives 1.52 (0.00) 1.51 (0.00) 1.31 (0.01) 1.33 (0.00)

SEAT occupations 1.26 (0.00) 1.17 (0.00) 0.67 (0.00) 0.89 (0.00)
adjectives 1.40 (0.00) 1.36 (0.00) 1.18 (0.00) 1.18 (0.00)

Table 5: Debiasing results for caste across different methods of choosing caste subspace. We provide WEAT and
SEAT effect sizes with p-values of the test in parentheses. PCA was conducted on a list of caste names containing
both upper and lower castes.

Test
Type Description Original

Score
Linear Projection LPSG

Acharya -
Nasir

PCA
entities

PCA
lastnames

w/o
entities

WEAT
adjectives vs religion terms 1.28 (0.01) 1.28 (0.01) 1.28 (0.01) 0.91 (0.04) 0.92 (0.06)

adjectives vs lastnames 1.55 (0.00) 1.57 (0.00) 1.55 (0.00) 0.71 (0.10) 0.71 (0.11)
IR religious entities vs religion 1.75 (0.00) 1.61 (0.00) 1.72 (0.00) 1.54 (0.00) 1.59 (0.00)

SEAT
adjectives vs religion terms 1.20 (0.00) 1.22 (0.00) 1.19 (0.00) 0.85 (0.00) 0.85 (0.00)

adjectives vs lastnames 1.41 (0.00) 1.43 (0.00) 1.41 (0.00) 0.70 (0.00) 0.68 (0.00)
IR religious entities vs religion 1.69 (0.00) 1.52 (0.00) 1.65 (0.00) 1.43 (0.00) 1.50 (0.00)

Table 6: Debiasing results for religion across different methods of choosing religion subspace and LPSG. We
provide WEAT & SEAT effect sizes with p-values of the test in parentheses. We experimented with conducting
PCA over a list of religious entities and over a list of religious lastnames.
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Description Word list type List

Math, Arts vs
Gender specific
words

Math words [ganit, beejganit, jyamiti, kalan, sameekaran, ganna, sankhya, yog]
Arts words [kavita, kala, nritya, sahitya, upanyas, raag, naatak, murti]
Male gendered words [purush, aadmi, ladka, bhai, pati, chacha, maama, beta]
Female gendered words [mahila, aurat, ladki, behen, patni, chachi, maami, beti]

Science, Arts vs
Gender specific
words

Science terms [vigyan, praudyogiki, bhautik, rasayan, prayogshala, niyam, prayog, khagol]
Arts terms [kavita, kala, naach, nritya, sahitya, upanyas, raag, naatak]
Male gendered words [bhai, chacha, daada, beta, purush, pati, aadmi, ladka]
Female gendered words [behen, chachi, daadi, beti, mahila, patni, aurat, ladki]

Adjectives vs
Gender specific
words

Stereo male adjectives [krodhit, shramik, takatwar, nipun, veer, sahsi, diler]
Stereo female adjectives [sundar, sharm, aakarshak, manmohak, madhur, gharelu, kamzor]
Male gendered words [purush, aadmi, ladka, bhai, pati, chacha, maama, beta]
Female gendered words [mahila, aurat, ladki, behen, patni, chachi, maami, beti]

Gendered verbs
vs Gender
specific words

Male verbs [gaya, aaya, khelta, baitha, leta, rehta, deta, padhta]
Female verbs [gayi, aayi, khelti, baithi, leti, rehti, deti, padhti]
Male gendered words [purush, aadmi, ladka, bhai, pati, chacha, maama, beta]
Female gendered words [mahila, aurat, ladki, behen, patni, chachi, maami, beti]

Gendered
adjectives vs
Gender
specific words

Male verbs [accha, bura, ganda, lamba, chota, meetha, neela, bada, pehla]
Female verbs [acchi, buri, gandi, lambi, choti, meethi, neeli, badi, pehli]
Male gendered words [purush, aadmi, ladka, bhai, pati, chacha, maama, beta]
Female gendered words [mahila, aurat, ladki, behen, patni, chachi, maami, beti]

Gendered
titles vs
Gender specific
words

Male titles [adhyapak, shishya, vidvan, saadhu, kavi, chhatr, pradhanacharya, mahoday]

Female titles [adhyapika, shishyaa, vidushi, saadhvi, kavitri, chhatra, pradhanacharya,
mahodaya]

Male gendered words [purush, aadmi, ladka, bhai, pati, chacha, maama, beta]
Female gendered words [mahila, aurat, ladki, behen, patni, chachi, maami, beti]

Gendered
entities vs
Gender specific
words

Male entities [pajama, ghada, kurta, phool, kapda, pahiya, yantra, putla, taala]
Female entities [almaari, chadar, poshaak, bijli, buddhi, tasvir, ghadi, raakhi, kameez]
Male gendered words [purush, aadmi, ladka, bhai, pati, chacha, maama, beta]
Female gendered words [mahila, aurat, ladki, behen, patni, chachi, maami, beti]

Table 7: Word lists for Gender WEAT and SEAT tests

Description Word List type List

Occupations
vs Caste

Stereo Upper caste occupations [vyapar, jameendar, sunar, guru, munim, chikitsak, pandit]
Stereo Lower caste occupations [safai, dhobi, mallah, maali, naai, mochi, machuara]
Upper caste names [thakur, brahmin, rajput, kshatriya, arya, jaat, baniya, kayastha]
Lower caste names [dalit, shudra, bhangi, chamaar, valimiki, harijan, chuhda, jatav]

Adjectives
vs Caste

Upper caste adjectives [ameer, gyani, veer, taakatvar, sundar, ucch, sahsi]
Lower caste adjectives [neech, ghrana, ganda, kamzor, gareeb, agyani, nirbal]
Upper caste names [thakur, brahmin, rajput, kshatriya, arya, jaat, baniya, kayastha]
Lowe caste names [dalit, shudra, bhangi, chamaar, valimiki, harijan, chuhda, jatav]

Table 8: Word lists for Caste WEAT and SEAT tests

Description Word List type List
Adjectives
vs
Religion
terms

Positive adjectives [shikshit, veer, ucch, sahsi, shant, dayalu, safal]
Negative adjectives [neech, ghrana, ashikshit, hinsak, krodhi, nirdayi, atyachaari]
Hindu religion terms [hindu, bhagwan, geeta, brahmin, pandit, mandir, ram, vrat]
Muslim religion terms [musalman, allah, quran, shiya, sunni, masjid, muhammad, roza]

Adjectives
vs
Religion
Lastnames

Positive adjectives [shikshit, veer, ucch, sahsi, shant, dayalu, safal]
Negative adjectives [neech, ghrana, ashikshit, hinsak, krodhi, nirdayi, atyachaari]
Hindu lastnames [sharma, verma, agrawal, gupta, chauhan, bansal, mittal, singh, chaudhary]
Muslim lastnames [yusuf, malik, khan, ansari, sheikh, abdullah, ahmad, pathan, mirza]

Religious
entities
vs Religion

Hindu religion terms [bhagwan, geeta, brahmin, pandit, mandir, ram, vrat]
Muslim religion terms [allah, quran, shiya, sunni, masjid, muhammad, roza]
Hindu religion [hindu, hindutva]
Muslim religion [musalman, islam]

Table 9: Word lists for Religion WEAT and SEAT tests

Description Word List type List
Adjectives v/s

Rural and
Urban

Occupations

Positive Adjectives [ameer, gyani, veer, takatvar, sundar, ucchh, sahsi]
Negative Adjectives [neech, ganda, ghrana, kamzor, gareeb, agyani, nirbal]
Urban Occupations [banker, vyavsayi, engineer, vakeel, vaigyanik, chaalak, abhineta, manager]
Rural Occupations [lohar, jalvahak, kisaan, gwala, charwaaha, kumhar, jameendar, julaha]

Table 10: Word lists for Rural v/s Urban Occupations WEAT and SEAT tests
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Abstract

We propose a simple yet effective way to gen-
erate pun sentences that does not require any
training on existing puns. Our approach is in-
spired by humor theories that ambiguity comes
from the context rather than the pun word it-
self. Given a pair of definitions of a pun word,1

our model first produces a list of related con-
cepts through a reverse dictionary to identify
unambiguous words to represent the pun and
the alternative senses. We then utilize one-shot
GPT3 to generate context words and then gen-
erate puns incorporating context words from
both senses. Human evaluation shows that our
method successfully generates puns 52% of the
time, outperforming well crafted baselines and
the state-of-the-art models by a large margin.

1 Introduction
Computational humor has garnered interest in the
NLP community (Petrović and Matthews, 2013;
Miller et al., 2017; Zou and Lu, 2019; Garimella
et al., 2020; Yang et al., 2020). In this paper, we
tackle the problem of generating homographic puns
(Miller et al., 2017): two or more meanings of a
word form an intended humorous effect. For exam-
ple, the three puns listed in Figure 1 exploit two
contrasting meanings of the word sentence: 1) a
grammatical string of words and 2) the punishment
by a court assigned to a guilty person.

Due to the lack of sizeable training data, exist-
ing approaches are heavy-weighted in order to not
rely on pun sentences for training. For example,
(Yu et al., 2018) train a constrained neural language
model (Mou et al., 2015) from a general text corpus
and then use a joint decoding algorithm to promote
puns. He et al. (2019) propose a local-global sur-
prisal principle, and Luo et al. (2019) leverage the
Generative Adversarial Nets (Goodfellow et al.,

∗Equal contribution.
†Work done when the author is interning at UCLA.

1We focus on generating homographic puns where two or
more meanings of a word form an intended humorous effect.

Sense 1 
Definition

a string of words that is complete in itself, typically
containing a subject and predicate

Sense 2
Definition

(criminal law) a final judgment of guilty in a 
criminal case and the punishment that is imposed

Ours 1 The sentence is ungrammatical. The jury didn't 
hear it.

Ours 2 I'm sorry I said the sentence was too long but 
punishments are endless.

Human The Judge has got a stutter. Looks like I am not 
getting a sentence.

Figure 1: An illustration of homographic puns. The
target pun word ‘sentence’ and the two sense definitions
are given as input. To make the target word interpretable
in both senses, we propose to include context words
(highlighted in blue and pink) related to both senses.

2014) to encourage ambiguity of the outputs via
reinforcement learning. We, on the other hand,
propose a simple yet effective way to tackle this
problem: encouraging ambiguity by incorporating
context words related to each sense.

Inspired by humor theories (Attardo, 2010), we
hypothesize that it is the contextual connections
rather than the pun word itself that are crucial for
the success of pun generation. For instance, in
Figure 1 we observe that context related to both
senses (e.g., ungrammatical and jury) appear in a
punning sentence. Such observation is important
as the error analysis of the SOTA model (Luo et al.,
2019) shows that 46% of the outputs fail to be puns
due to single word sense, and another 27% fail due
to being too general, both of which can be resolved
by introducing more context.

Specifically, given the two sense definitions of
a target pun word, we first use a reverse dictionary
to generate related words that are monosemous
for both senses. This first step helps us circum-
vent the obstacle of processing pun words with
the same written form. We then propose to use
context words to link the contrasting senses and
make our target pun word reasonable when inter-
preted in both definitions. We explore three dif-
ferent settings: extractive-based, similarity-based,
and generative-based. Finally, we finetune the
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Figure 2: Overview of the approach. We also give an example for pun word ‘sentence’ for each step.

T5 model (Raffel et al., 2020) on general non-
humorous texts to generate coherent sentences
given the pun word and contexts words as input.

Our experimental results show that retrieve-and-
extract context words outperforms the giant few-
shot GPT3 model in terms of generating funny
pun sentences, although the latter has shown to be
much more powerful in many sophisticated tasks
(Brown et al., 2020). Our simple pipeline remark-
ably outperforms all of the more heavy-weighted
approaches. Our code and data is available at
https://github.com/PlusLabNLP/AmbiPun.

2 Methodology
Overview and Motivation Our input is the tar-
get pun word (p) and its two sense definitions (S1,
S2), and the output is a list of humorous punning
sentences. We implement the ambiguity principle
proposed in (Kao et al., 2016): a pun sentence
should contain one or more context words corre-
sponding to each of the two senses.2 The overview
of our approach is visualized in Figure 2.

Given S1 and S2, we first use a reverse dictionary
to generate a list of words that semantically match
the query descriptions. We call them related words
(Section 2.1). However, those related words are
synonyms of the pun word and are rarely observed
as it is in humorous sentences. For example, for the
sentence: “The Judge has got a stutter. Looks like I
am not getting a sentence.”, The word representing
the first sense (i.e. a final judgment of guilty in a
criminal case) is represented by Judge, which could
not be generated using the sense definition.

Considering such nuances, in Section 2.2 we pro-
pose three different methods to obtain the context
words. They are extractive, similarity, and gen-
erative based. Finally, in Section 2.3 and 2.4, we
introduce a keyword-to-text generator to generate
candidate sentences , and a humor classifier to rule
out some of the non-pun sentences. Final sentences
are then randomly sampled for evaluation. All our

2Note that all previous works produce only the best sen-
tence during decoding time, while we aim at generating tens
or hundreds of sentences for a target pun word so that our task
is actually more challenging.

training data is general, non-humorous corpus ex-
cept for the humor classifier.

2.1 Generating Related Words
We aim at differentiating the two senses of a pol-
ysemy by taking the related words, so that each
sense will be represented by a set of monosemous
words. To this end, we leverage the Reverse Dic-
tionary (Qi et al., 2020; Zhang et al., 2020) which
takes as input a description and generates multiple
related words whose semantic meaning match the
query description. For each sense definition, we
generate five words.

2.2 Generating Context Words
For context words, we compare three different ap-
proaches. As an example, we compare the output
of context words for the pun word ‘sentence’ in
Table 5 in the appendix. Refinement of the context
words is mentioned in section A.2 in the appendix.
Method 1: Extractive (TF-IDF) For each related
word, we retrieve sentences from the One Billion
Word dataset containing that word and then extract
keywords using RAKE (Rose et al., 2010) from the
retrieved sentences. Based on this TF-IDF value,
we choose the top 10 context words that are mostly
likely to be used along with the related words and
therefore the pun word.
Method 2: Similarity (Word2Vec) Inspired by
the idea that “a word is characterized by the com-
pany it keeps”, we propose to get context words
from word2vec. (Ghazvininejad et al., 2016) have
also shown that the training corpus for word2vec
plays a crucial role on the quality of generated con-
text words. Hence, we train on Wikipedia which
has a comprehensive coverage of diverse topics.
Method 3: Generative (Few-shot GPT3) For
the generative version, we provide the powerful
language model GPT3 (Brown et al., 2020) with
two examples and generate context words. Details
about the prompt can be found in section E of the
appendix.

2.3 Candidate Sentence generation
After receiving context words for each sense, we
generate humorous puns. We finetune a keyword-
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to-sentence model using T5 (Raffel et al., 2020),
as it is capable of handling text-to-text tasks. The
prompt provides the pun word, and two context
words from each of the two senses. For example
for the word ‘sentence’, a possible prompt can be
generate sentence: sentence, judge, trial, noun,
comma. Moreover, we also investigate whether the
position of the pun word will affect the quality of
generated sentences. We insert the pun word in
the first, third, and fifth place of the prompt. We
discuss our findings in Section 5.

2.4 Humor Classification
Finally, we introduce a classification model to as-
sist us in selecting (i.e., ranking) punning sentences.
Since we do not have sizable training data for puns,
we propose to train our classification model on hu-
morous dataset in a distantly supervised fashion.
Specifically, we train BERT-large (Devlin et al.,
2018) on the ColBERT dataset (Annamoradnejad
and Zoghi, 2020) that contains 200,000 jokes and
non-jokes used for humor detection. We use the
probability produced by the classification model to
rank our candidate sentences.

Our error analysis in section Appendix.B shows
that our classifier can successfully rule out the bad
generations, i.e., non-puns, as puns are humorous
by nature. However, the model is not great at choos-
ing the best samples. Therefore, we use this clas-
sifier only to remove the bottom third candidates.
We leave this for open future work to accurately
pick out high-quality punning sentences instead of
funny sentences.

3 Experiments
3.1 Datasets
Training: For the context word generation step,
we use the One Billion word dataset (Chelba et al.,
2013) to retrieve sentences for a given word and
calculate TF-IDF values. This dataset contains
roughly 0.8B words and is obtained from WMT
2011 News crawl data. For the humor classifier
and candidate generation module, we use ColBERT
dataset (Annamoradnejad and Zoghi, 2020). It con-
tains 100k jokes and 100k non-jokes.
Evaluation dataset: Following other pun gen-
eration works, we use the SemEval 2017 Task 7
(Miller et al., 2017) for evaluation. The dataset
contains 1,163 human written punning jokes with a
total of 895 unique pun words. Each sentence has
the target pun word, location of the pun word and
the WordNet sense keys of the two senses.

Model Avg
Seq
Len

Corpus-Div Sentence-Div

Dist-1 Dist-2 Dist-1 Dist-2

Few-shot GPT3 12.3 37.1 80.4 94.5 85.7
Neural Pun 12.6 30.2 73.0 91.3 90.5
Pun GAN 9.7 34.6 71.9 90.2 87.6

Sim AMBIPUN 13.4 32.4 77.1 92.9 91.2
Gen AMBIPUN 13.5 32.8 77.8 93.6 91.2
Ext AMBIPUN 14.0 31.7 78.7 96.3 92.3

Human 14.1 36.6 81.9 95.5 92.4

Table 1: Results of automatic evaluation on average se-
quence length, sentence-level and corpus-level diversity.
Boldface denotes the best performance and underline
denotes the second best performance among systems.

Model Success
Rate Fun Coherence

Few-shot GPT3 13.0% 1.82 3.77
Neural Pun 35.3% 2.17 3.21
Pun GAN 35.8% 2.28 2.97

Sim AMBIPUN 45.5% 2.69 3.38
Gen AMBIPUN 50.5% 2.94 3.53
Ext AMBIPUN 52.2%* 3.00* 3.48

Human 70.2% 3.43 3.66

Table 2: Human evaluation results on all the pun gener-
ation systems. We show the success rates, and average
scores of funniness and coherence. Overall, Ext AM-
BIPUN performs the best. The superiority of our model
in terms of success rate and funniness is statistically
significant over the best baseline and is marked by *.

3.2 Baselines
Neural Pun Yu et al. (2018) propose the first neu-
ral approach to homographic puns based on a con-
strained beam search algorithm to jointly decode
the two distinct senses of the same word.
Pun-GAN The SOTA introduced by Luo et al.
(2019) that adopts the Generative Adversarial Net
to generate homographic puns.
Few-shot GPT3 We generate puns with a few
examples feeding into GPT3 davinci-instruct-beta,
the most capable model in the GPT3 family for
creative generation. We provide the target pun
word and its two senses in our prompt, along with
the instruction to generate puns.
Ablations of our own models We also compare
three methods proposed by us to obtain the context
words (described in Section 2.2). We call them Ext
AMBIPUN, Sim AMBIPUN, and Gen AMBIPUN.

3.3 Evaluation
Automatic Evaluation We follow Luo et al.
(2019); Yu et al. (2018) to calculate distinct un-
igram and bigrams as the diversity (Li et al., 2016)
in terms of sentence level and corpus level. We also
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Pun word Irrational
Sense 1 Real but not expressible as the quotient of two integers
Sense 2 Not consistent with or using reason

Model Example Pun Funny
GPT3 I can’t make a decision with all this irrationality going on. No 1.4
Neural Pun Note that this means that there is an irrational problem. Yes 2.4
Pun-GAN It can be use the irrational system. No 1.2
Ext AMBIPUN I have an irrational

::::::
paranoia about mathematical integers. Yes 3.8

Gen AMBIPUN My calculator is unjust and
:::::
illogic. It’s irrational. Yes 3.4

Human Old math teachers never die, they just become irrational. Yes 3.8

Pun word Drive
Sense 1 A journey in a vehicle (usually an automobile)
Sense 2 The trait of being highly motivated

Model Example Pun Funny
GPT3 I am exhausted, I need a nap before I can drive any more. No 2.0
Neural Pun It is that it can be use to drive a variety of function? No 1.6
Pun-GAN In he drive to the first three years. No 1.2
Ext AMBIPUN What do you call a

:::::
genius with cunning drive? racecar driver. Yes 3.6

Gen AMBIPUN I have the determination to
::::
travel to my

::::::::
destination. But i don’t have the drive. Yes 4.0

Human A boy saving up for a car has a lot of drive. Yes 4.2

Table 3: Generated sentences for the word ‘Irrational’ and ‘Drive’and their sense definitions. We underline the
context words that are related to each sense. All the generations are evaluated by external annotators, not the authors.

report the the average sentence length produced.
Human Evaluation We randomly select 100 sen-
tences and collected our human ratings on Amazon
Mechanical Turk (AMT). For each sentence, three
workers are explicitly given the target pun word
and its two sense definitions provided by the Sem-
Eval 2017 Task 7. We first ask them to judge if a
given sentence is a successful pun sentence. Then,
they are asked to rate the funniness and coherence
on a scale from 1 (not at all) to 5 (extremely). Be-
sides detailed instructions and explanation for each
criteria, we also adopt attention questions and quali-
fication types to rule out irresponsible workers. We
conduct paired t-test for significance testing. The
difference between our best performing model and
the best baseline is significant.

4 Results and Analysis
4.1 Pun Generation Results
Automatic Evaluation Results of the automatic
evaluation can be seen in Table 1. The average
sentence length of our model is closest to human
and gets the highest sentence-level diversity. Al-
though our baseline Pun-GAN and Few-shot GPT3
have higher distinct unigram ratios at the corpus
level, that is because all baseline models gener-
ate one sentence per pun word, while AMBIPUN

generates tens of sentences per pun word, which
inevitably sacrifices topical diversity. Neverthe-
less, AMBIPUN achieves the highest corpus-level
bi-gram diversity.
Human Evaluation Results from the automatic
evaluation can be seen in Table 2. We evaluate
the success rate, funniness, and coherence of the

generated outputs. The superiority of our models
are obvious. For significance testing, we conducted
paired t-test, where our systems outperformed the
best baseline in terms of success rate and funniness
(p-value < 0.05). On the other hand, GPT3 could
generate even more coherently than humans.
Analysis between extractive and generative
method. Interestingly, the extractive method has
higher success rates (p-value < 0.05) and is funnier
(p-value < 0.07) than the generative method, indi-
cating that extracting salient words from human
written sentences could introduce more surprising
and uncommon words than language models. We
posit that those atypical words refresh people’s eyes
and thus boost the pun success rate as well as the
funniness score. On the other hand, we also tried to
equip GPT3 with greater creatively by top-k sam-
pling with a large temperature T . However, larger
T s also result in arbitrary responses that humans
may find unreadable. We hope our discovery could
draw the community’s attention to those traditional
techniques for creative generation.

4.2 Case Study

To better understand the advantages of our method,
we conduct a case study for the pun word “Irra-
tional” and “Drive” in Table 3. For both target
pun words, at most one of the baselines success-
fully generates a punning sentence. As discussed
earlier, one possible reason is the absence of both
senses. On the other hand, both Ext AMBIPUN and
Sim AMBIPUN introduce context words for the two
senses and thus are able to generate of high quality
puns that almost match the human written puns in
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Success Rate
Beginning 46.7%
Middle 52.0%
End 54.7%

Table 4: The pun success rate sentences based on their
position annotated by human.

terms of the funniness score.

5 The Position of Pun Words
As is mentioned in Section 2.3, we play with the
position of the pun word in the prompt given to the
candidate sentence generation model. We try three
variants by putting the target pun word at the start,
in the middle, and at the end. For each variant,
we ask Mechanical Turkers to judge if the given
sentences are puns. Again, each sentence is rated
by three Turkers and we take the majority answer
if the workers disagree. Results from this analysis
can be seen in Table 4. We observe that people find
a sentence more likely to be a pun when the target
word appears at the end.

To verify such hypothesis, we also calculate the
position of the pun words of 1,163 human written
pun sentences from SemEval 2017 Task 7 and re-
port the distribution in Figure 3 in the Appendix.
The histogram corroborates with the human anno-
tated samples in that both suggest that keeping the
pun word at the end of the sentence generates fun-
nier puns. Theory of humor which says that the
"joke" in a funny sentences some towards the end
of the sentence (Shahaf et al., 2015) validates our
analysis.

6 Related Works
6.1 Creative Text Generation
Pun generation. Many of the previous works
on pun generation have focused on phonological
or syntactic pattern rather than semantic pattern
(Miller and Gurevych, 2015; Hong and Ong, 2009;
Petrović and Matthews, 2013; Valitutti et al., 2013)
thus lacking creativity and flexibility. He et al.
(2019) make use of local-global surprisal principle
to generate homophonic puns and Yu et al. (2020)
uses constrained lexical rewriting for the same task.
Hashimoto et al. (2018) use a retrieve and edit ap-
proach to generate homographic puns and Yu et al.
(2018); Luo et al. (2019) propose complex neural
model architecture such as constrained language
model and GAN, and do not put emphasis on the
linguistic structure of puns. We identify their ab-
sence of both the senses as a shortcoming and build
our approach from there.

Humor generation. Humor generation still re-
mains an unsolved problem, and is usually studied
in a specific setting. Petrović and Matthews (2013)
generates joke of the type ‘I like my X like I like my
Y, Z’. Garimella et al. (2020) develops a model to
fill blanks in madlibs format and Yang et al. (2020)
edit headlines to make them funny. More research
is required to generate humorous sentences that are
not constrained by their semantic structure.

Figurative language generation. In addition to
pun, there are many attempts to generate figurative
language such as metaphor, simile (Chakrabarty
et al., 2020b), sarcasm, etc. Yu and Wan (2019) use
metaphorically used verbs to generate metaphors
in an unsupervised fashion, while Chakrabarty et al.
(2021); Stowe et al. (2021) generate metaphors us-
ing symbolism and discriminative and conceptual
mapping. Mishra et al. (2019) propose a modular
architecture for unsupervised sarcasm generation,
and Chakrabarty et al. (2020a) use commonsense
knowledge for the same task. Tian et al. (2021) on
the other hand are the first leverage semantic struc-
ture and commonsense and counterfactual knowl-
edge to generate hyperboles.

6.2 Pun detection

SemEval 2017 Task 7 (Miller et al., 2017) intro-
duced the challenge of pun detection, location de-
tection and sense interpretation for homographic
and homophonic puns. Diao et al. (2019) make
use of Gated Attention network to detection ho-
mophonic puns. Zou and Lu (2019) introduces a
tagging schemes which lets them detect puns as
well as their location. They apply this approach to
both homophonic and homographic puns.

7 Conclusion
We propose a novel approach towards homographic
puns generation. Unlike previous works that are
mathematically heavy, our approach is backed by
the humor theory that ambiguity is achieved by the
context. Automatic and human evaluations show
that our model AMBIPUN outperforms the current
state-of-the-art model by a large margin.
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Appendix
A Details in Experiments

A.1 An Example of Context Words

We list the output of context words for the pun
word ‘sentence’ in Table 5. The table lists two
sense definitions and the related words obtained
from the sense definitions using reverse dictionary.
We then obtain context words using three different
mechanisms: TF-IDF, Word2Vec, and GPT3.

A.2 Implementation Details

Experimental Settings For the word2vec model
we train a continuous-bag-of-words model with
window size 40 and word vector dimension 200.
For the candidate generation module, we train the
T5-base model on 10 epochs and select the best
performing model based on validation loss. Max
sequence length for target and source is set to 30.
Batch size is set to 64.

Data Refinement The process to generate both
related and context words can entail many words
that are not ideal. Continuing with these words
would further propagate and enlarge the noise.
Hence, to minimize this noise, we implement the
following data refinement steps to ensure the key-
words stick to our standards: we avoid using polyse-
mous words as keywords during intermediate steps
because their perceived sense is highly ambigu-
ous. We also disregard any numbers and special
characters produced by our systems.

A.3 Human Evaluation

The workers are paid $20 per hour. For pun success
judgement (yes/no question), we take the majority
vote among three workers, while for funniness and
coherence (1 to 5), we take the average ratings. We
then use the pairwise kappa coefficient to measure
the inter-annotator agreement (IAA). The average
inter-annotator agreement of all raters for pun suc-
cess, funniness and coherence are 0.55, 0.48 and
0.40, meaning that annotators moderately agree
with each other. Considering the subjectivity of
this task (Braslavski et al., 2018), and the higher
IAA in terms of pun success and funniness over
coherence, we argue that our collected results are
reasonably reliable for the purpose of pun genera-
tion. Besides, we conducted paired t-test and show
that the success rate and funniness ratings of our
systems differentiate from the best baseline model
with statistical significance (p-value < 0.5).

Figure 3: Analysis of the position of pun word in 1,163
human written puns. The y-axis indicates the number
of sentences and the x-axis indicates the position of pun
word on a scale from 0 (start) to 1 (end).

B Humor Classifier Results for Selecting
Puns

To further discuss the accuracy and recall of our hu-
mor classifier, we show a representative output in
Table 6. The table contains a few selected sentences
ranked my the humor classifier. We also label each
sentence as yes, no, and maybe to indicate if it is a
pun or not. As discussed in the methodology, we
train our classifier on humor dataset. As puns are
an important part of humor generation, this model
can help rule out some options. Basic theories of
humor such as incongruity and surprise apply to
both of them. As can be seen in the table, our
classifier is able to successfully pull aside unfunny
or non-coherent sentences. Looking at the exam-
ples at the top and the middle, it can be observed
that some better examples are classified lower than
others. Making this observation across many pun
words, we decided to use the classifier only to rule
out the bottom third samples. For the rest of the
generations, we randomly sample them.

On manual observation, we realised that when
we as humans peruse the generated candidates,
there are many sentences that meet our expecta-
tions. Therefore, building a classifier that can ac-
curately find these sentences can increase the accu-
racy by a large margin. We treat this as an opportu-
nity for future work.

C Analysis of Human Written Puns
we calculate the position of the pun words of 1,163
human written pun sentences from SemEval 2017
Task 7 and report the distribution. The histogram
corroborates with the human annotated samples in
that both suggest that keeping the pun word at the
end of the sentence generates funnier puns. Theory
of humor which says that the “joke” in a funny
sentences some towards the end of the sentence
validates our analysis.
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Sense 1 Sense 2

Definition a string of words satisfying
the grammatical rules of a language

a final judgment of guilty in a
criminal case and the punishment

that is imposed

Related words syllable, syntax, lexicon, thesaurus,
grammatical

punishment, verdict, sentencing,
retrial, penalty

TF-IDF syllables, words, three, spelling,
even, said, describe, typos

cruel, expected, end, court,
scheduled, set, spector, seeking

Word2Vec syllable, pronounced, words, rhyme,
verbs, meaning, hence, example

punished, crimes, offender, torture,
moral, guilt, abuse, offender

GPT3 words, letters, punctuation, grammar,
synonym, dictionary, meaning, comma

prison, judge, jury, trial,
justice, lawyer, court, evidence

Table 5: Comparison of the three different context word generation mechanism for the pun word ‘sentence’. The
table lists two sense definitions and the related words obtained from the sense definitions using reverse dictionary.
For these related words, we obtain context words using three different mechanisms.

Sentence Rank Pun

What’s the interest rate on a home mortgage? No interest. 1 Yes
My bank said I think they’re interested in me. I said no. 2 No
My girlfriend said she had an interest in banking so i loan her a quarter 3 Yes
I have no interest in being a guardian. It’s free. 4 Maybe
I’ve never had interest placed on borrowings. It’s a waste of time. 5 Yes
Why did the republican attack the bank? Because it was in its interest. 6 Maybe
What is the republican’s strategy? The interest rate. 7 No
What is the most dispensable interest in investment? 8 No
If trump had an interest in president he would make it an president-of-interest. 9 No

Table 6: An example of candidate pun sentences ranked by the humor classifier. As can be seen, the model is able to
rule out non-pun sentences but fails to pick out high-quality ones.

D More Examples of Generated Puns
We compile more examples generated by AM-
BIPUNin Table 7 for the following pun words: sen-
tence, case, bugs, delivery. This table further sup-
ports our claim that our approach would benefit
from a better classification module to select human-
like sentences.
E GPT3 for context words generation
We make use of few shot GPT3 to generate con-
text words. The prompy to GPT3 included 2 pair
of prompt and its completion. One example of a
pair would be “generate seven keywords for laptop:
battery, macbook, internet, technology, keyboard,
technology, portable”. These example are followed
by the prompt “generate seven keywords for X:”
where X is a related word. This way we generate
seven keywords for each related word.
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Target word sentence

Sense 1 A string of words satisfying the grammatical rules of a language
Sense 2 (Criminal law) a final judgment of guilty in a criminal case and the punishment that is imposed

1 The word jail is a sentence.
2 What’s the punishment for using antonyms in a sentence syntax is it a sentence?
3 I’m sorry I said the sentence was too long but punishments are endless.
4 The sentence in the dictionary doesn’t sound very guilty.

Target word case
Sense 1 A portable container for carrying several objects
Sense 2 A statement of facts and reasons used to support an argument

1 What’s the most durable luggage for a detective? jury case
2 A jury just found a container of leather there’s no reason to argue it’s a case
3 What do you call a container used for investigation research? a case study
4 Why did the cardboard get into a trial? because it was an investigation case

Target word bugs

Sense 1 General term for any insect or similar creeping or crawling invertebrate
Sense 2 A fault or defect in a computer program, system, or machine

1 Why did the garden restart its computer? it had bugs in it.
2 What do you call a pest that’s slow programmer? bugs bug
3 Why did the compost crash? it had bugs in it.
4 What do you call a bug that’s disgusting? a glitch in the internet

Target word delivery

Sense 1 the act of delivering or distributing something (as goods or mail)
Sense 2 your characteristic style or manner of expressing yourself orally

1 What did the letter say to the parcel? clear delivery!
2 What do you call a trucking truckdriver with no articulation? delivery driver.
3 The distribution center has a pronunciation dictionary. it’s a delivery service
4 What do you call a parcel with no dialogue and an accent? delivery service.

Table 7: More examples generated by Ext AMBIPUN.
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Abstract

In empathetic conversations, humans express
their empathy to others with empathetic intents.
However, most existing empathetic conversa-
tional methods suffer from a lack of empathetic
intents, which leads to monotonous empathy.
To address the bias of the empathetic intents
distribution between empathetic dialogue mod-
els and humans, we propose a novel model
to generate empathetic responses with human-
consistent empathetic intents, EmpHi for short.
Precisely, EmpHi learns the distribution of po-
tential empathetic intents with a discrete la-
tent variable, then combines both implicit and
explicit intent representation to generate re-
sponses with various empathetic intents. Exper-
iments show that EmpHi outperforms state-of-
the-art models in terms of empathy, relevance,
and diversity on both automatic and human
evaluation. Moreover, the case studies demon-
strate the high interpretability and outstanding
performance of our model. Our code are avali-
able at https://github.com/mattc95/EmpHi.

1 Introduction

Empathy is a basic yet essential human ability in
our daily life. It is a capacity to show one’s car-
ing and understanding to others. Many types of
research have been conducted on empathetic ex-
pression to enhance the empathy ability of Arti-
ficial Intelligence, e.g., computational approach
for empathy measurement (Sharma et al., 2020),
empathetic expression understanding in newswire
(Buechel et al., 2018), online mental health support
(Sharma et al., 2021), etc. In this work, we fo-
cus on the task of generating empathetic responses
(Rashkin et al., 2019; Lin et al., 2019; Majumder
et al., 2020) in open-domain conversation.

Existing empathetic dialogue models pay more
attention to the emotion-dependent response gen-
eration (Lin et al., 2019; Majumder et al., 2020).

∗ Equal contribution.
† Corresponding author(yang.yujiu@sz.tsinghua.edu.cn).

I just started college 
again, and while I'm 

doing great in school, 
it has lead me to feel 

very lonely with a lack 
of social life.

I am sorry to hear that!

I know I broke up with 
my ex, but I can't help 
but feel irritated when 

he talks about going 
on dates.

A while back my cat 
knocked over and broke 

my mother’s urn.

Oh my goodness, I have 
a cat, I know how you 

feel.

I am sorry to hear 
that . I hope you find 
someone to help you.

That is so annoying. I 
would be upset too.

Acknowledging Sympathizing Agreeing

Em
p
H
iO

u
tp
u
t

Figure 1: EmpHi generates empathetic responses with
human-like empathetic intents (text in blue box), while
existing empathetic dialogue models generate responses
with contextually irrelevant and monotonous empathy
(text in orange box).

However, using emotion alone to generate re-
sponses is coarse-grained, and the model needs
to incorporate empathetic intent information. On
the one hand, the speaker often talks with a particu-
lar emotion while the listener shows their empathy
with specific empathetic intents, e.g., Acknowledg-
ing, Agreeing, Consoling and Questioning etc (We-
livita and Pu, 2020). On the other hand, see in
Figure 1, when the user expresses sadness, existing
models tend to generate sympathetic responses like
"I’m sorry to hear that." However, empathy is not
the same as sympathy, so the models should not
only generate responses with Sympathizing intent.
We demonstrate this phenomenon elaborately with
a quantitative evaluation in Section 2. In real life
situation, humans could reply with various empa-
thetic intents to the same context which depends
on personal preference. For example, given a con-
text, "I just failed my exam", an individual may
respond "Oh no, what happened?" with Question-
ing intent to explore the experience of the user, or
"I understand this feeling, know how you feel" with
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Agreeing intent. These types of empathy are more
relevant, interactive, and diverse.

To address the above issues, we propose a new
framework to generate empathetic responses with
human-like empathetic intents (EmpHi) which
could generate responses with various empathetic
intents, see examples in Figure 1. Specifically, Em-
pHi learns the empathetic intent distribution with
a discrete latent variable and adopts intent repre-
sentation learning in the training stage. During the
generation process, EmpHi first predicts a potential
empathetic intent and then combines both implicit
and explicit intent representation to generate a re-
sponse corresponding to the predicted intent. Our
main contributions are:

• We discover and quantify the severe bias of
empathetic intents between existing empa-
thetic dialogue models and humans. This find-
ing will lead subsequent researchers to pay
more attention to fine-grained empathetic in-
tents.

• To address the above problem, we pro-
pose EmpHi, which generates responses with
human-like empathetic intents. Experiments
have proved the effectiveness of our model
through the significant improvement in both
automatic and human evaluation.

• According to the quantitative evaluation and
analysis, EmpHi successfully captures hu-
mans’ empathetic intent distribution, and
shows high interpretability in generation pro-
cess.

2 Related Work

Empathetic Response Generation. Providing dia-
logue agents the ability to recognize speaker feel-
ings and reply according to the context is chal-
lenging and meaningful. Rashkin et al. (2019)
propose the EmpatheticDialogues for empathetic
response generation research. Most subsequent em-
pathetic conversation researches are evaluated on
this dataset, including ours. They also propose
Multitask-Transformer, which is jointly trained
with context emotion classification and response
generation. To further capture the fine-grained emo-
tion information, Lin et al. (2019) introduce MoEL,
a transformer with a multi-decoder. Each of them
is responsible for the response generation of one
specific emotion. Majumder et al. (2020) propose

Figure 2: Empathetic intent distribution of human in
empathetic conversation.

MIME, which mimics the speaker emotion to a
varying degree.

All these models focus on emotion-dependent
empathetic response generation, whereas we pay
more attention to the empathetic intents and pro-
pose to generate a response that is not only emo-
tionally appropriate but also empathetically human-
like.

One-to-many Response Generation. Given di-
alogue history, there could be various responses
depends on personal preference. Zhao et al. (2017)
propose to learn the potential responses with con-
tinuous latent variable and maximize the log-
likelihood using Stochastic Gradient Variational
Bayes (SGVB) (Kingma and Welling, 2014). To
further improve the interpretability of response gen-
eration, Zhao et al. (2018) propose to capture po-
tential sentence-level representations with discrete
latent variables. MIME (Majumder et al., 2020)
introduces stochasticity into the emotion mixture
for various empathetic responses generation.

Different from the previous works, we propose
a discrete latent variable to control the empathetic
intent of response and achieve intent-level diversity.

3 Empathetic Expression Bias

Although existing empathetic conversational meth-
ods have shown promising progress, we reveal
there is a severe bias of empathetic expression be-
tween them and humans according to quantitative
evaluation.

Empathy plays a vital role in human conversa-
tion, Welivita and Pu (2020) make a taxonomy
of empathetic intents and calculate the frequency
of each intent in EmpatheticDialogues (Rashkin
et al., 2019). As shown in Figure 2, humans show
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I love my friend, she just 
drove me to class.

Context Encoder

Emotion
Classifier

Intent Keywords

Response
Decoder

Wow! You should do 
something back for her!

Vocabulary

Prior
Network

Recognition
Network

Intent Predictor

Context

+ +

Copy Gate

Response

𝜶

1-𝜶

𝑲𝑳(𝒑|𝒒)

Emotion

Intent

Implicit
Gate

Context Attention

Figure 3: The architecture of EmpHi, which consists of a context encoder, an emotion classifier, a prior network
(intent predictor), a recognition network, and a response decoder with copy mechanism.

Figure 4: Empathetic intent distribution of human and
MIME (sad emotion), the intent index represents the
same intent as in Figure 2.

their empathy naturally by Questioning, Acknowl-
edging, and Agreeing intents etc.

However, there are no empirical experiments
have shown how empathetic dialogue models ex-
press their empathy? To further study, we finetune
a BERT classifier (Devlin et al., 2019) on the re-
leased EmpatheticIntents1 dataset (Welivita and
Pu, 2020). Our classifier achieves 87.75% accu-
racy in intent classification and we apply it to iden-
tify the empathetic intents of responses generated
by the state-of-the-art empathetic dialogue model
MIME (Majumder et al., 2020). As shown in Fig-
ure 4, the severe empathetic intent distribution bias
emerges while comparing humans to MIME. Given
context with sad emotion, existing models usually
generate "I am sorry to hear that" with Sympathiz-

1https://github.com/anuradha1992/
EmpatheticIntents

ing intent, which is not human-like and contex-
tually relevant. In addition, we can tell that the
empathetic expression of MIME is monotonous.
We also quantify the intent distribution of other em-
pathetic dialogue models in the Appendix A. The
results are similar to Figure 4.

We believe this phenomenon is caused by that ex-
isting models only generate responses according to
context emotion and lack fine-grained empathetic
intent modeling. Therefore, we propose EmpHi,
which generates empathetic responses with human-
like empathetic intents.

4 EmpHi Method

4.1 Task Definition and Overview

Given the context, C = [c1, c2, · · · , cm], which
consists of m words for single or multiple utter-
ances. We aim to generate empathetic response,
X = [x1, x2, · · · , xn], with human-like empa-
thetic intent. The whole model architecture is
shown in Figure 3.

EmpHi learns the potential empathetic intent dis-
tribution with a latent variable z, which could be
seen in Figure 5. Conditional Variational AutoEn-
coder (CVAE) (Yan et al., 2016; Zhao et al., 2017;
Gu et al., 2019) is trained to maximize the condi-
tional log likelihood, log p(X|C), which involves
an intractable marginalization over z. We train the
CVAE efficiently with Stochastic Gradient Varia-
tional Bayes (SGVB) (Kingma and Welling, 2014)
by maximizing the variational lower bound of the
log likelihood:

log p(X|C) ≥Eq(z|X,C)[log p(X|C, z)]
−KL(q(z|X,C)||p(z|C)),

(1)
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Z
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X

p(𝑧|𝐶)

q(𝑧|𝑋, 𝐶)

p(𝑋|𝐶, 𝑧)p(𝑋|𝐶)

(b)(a)

Figure 5: An illustration of the difference between ex-
isting empathetic dialogue models (a) and EmpHi (b).

p(X|C, z) denotes response reconstruction prob-
ability, q(z|X,C) is recognition probability and
p(z|C) is prior probability. Our method mainly
consists of three aspects:

• To capture the explicit relationship between
the latent variable and the intent, we propose
an intent representation learning approach to
learn the intent embeddings.

• We construct an intent predictor to predict
potential response intent using contextual in-
formation and then use this intent for guiding
the response generation.

• During the generation process, EmpHi com-
bines both implicit intent embedding and ex-
plicit intent keywords to generate responses
corresponding to the given intents.

4.2 Learning Intent Representation

To achieve more interpretability, we choose a dis-
crete latent variable that obeys categorical distri-
bution with nine categories, each corresponding to
one empathetic intent. Directly maximizing Eq.1
would cause two serious problems: the relation be-
tween the latent variable and intent is intractable;
the vanishing latent problem results in insufficient
information provided by the latent variable dur-
ing generation. (Bowman et al., 2016; Zhao et al.,
2017; Gu et al., 2019).

To solve the above issues, we separately train a
recognition network qr(z|X) to encourage intent
variable z to capture context-independent seman-
tics, which is essential for z to be interpretable
(Zhao et al., 2018). The task of the recognition net-
work is to provide the accurate intent label of the

response, which corresponds to an intent embed-
ding. Then, by maximizing likelihood p(X|C, z),
the embedding captures corresponding intent rep-
resentation automatically. The recognition network
qr(z|X) does not need additional training. We uti-
lize the BERT intent classifier mentioned above,
which achieves 87.75% accuracy in intent classifi-
cation. In addition, as the sample operation easily
brings noise for the intent representation learning
when sampling a wrong intent, we use argmax oper-
ation to avoid the noise, the response reconstruction
loss is:

L1 = − log p(X|C, zk) (2)

zk = argmax
zk

qr(zk|X) (3)

k ∈ {0, 1, 2, · · · , 8}, each integer corresponds to a
specific empathetic intent as in Figure 2.

4.3 Intent Predictor and Emotion Classifier
The intent predictor is based on the prior network
pi(z|C), which predicts the distribution of response
intent by the given context. During inference, we
sample potential intents from this distribution in
order to generate human-like empathetic responses.
Specifically, the context is encoded with gated re-
current units (GRU) (Chung et al., 2014):

ht = GRU(ht−1, E(ct)), (4)

where ht is the hidden state of GRU encoder, E(ct)
denotes the word embedding of the t-th word in
context, we use hm as context embedding, then the
prior network is:

pi(z|C) = Softmax(FFNz(hm)), (5)

where FFN represents Feed-Forward Network
with two layers. The prior intent distribution is
supervised by recognition distribution with KL-
divergence in Eq.1:

L2 = KL(qr(z|X)||pi(z|C))

=
K∑

k=1

qr(zk|X) log
qr(zk|X)

pi(zk|C)
.

(6)

Since the context emotion is proved to be beneficial
to empathetic dialogue generation (Rashkin et al.,
2019; Lin et al., 2019; Majumder et al., 2020), we
also employ an emotion classifier to classify the
emotion of context:

P = Softmax(FFNe(hm))],

pei = P[i]
(7)
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Given the ground truth emotion label et, the emo-
tion classifier is trained with cross-entropy loss:

L3 = − log pet . (8)

4.4 Response Generator
As for the response generation p(X|C, z), we con-
sider implicit intent embedding for the high-level
abstraction of an intent. In addition, we also intro-
duce intent keywords for explicitly utilizing intent
knowledge during the generation process.

Implicit. To generate response with an empa-
thetic intent, the most intuitive approach is taking
the intent embedding as additional input to decoder
during the generation process. We also consider
emotion embedding as traditional empathetic dia-
logue models:

st = GRU(st−1, [E(xt−1); v(z); v(e); catt]),
(9)

where st is the state of GRU decoder, catt denotes
the context attention value which contains key in-
formation of context (Bahdanau et al., 2015). v(z)
is intent embedding and v(e) is emotion embed-
ding, both will not change during the generation
process. However, this may sacrifice grammatical
correctness (Zhou et al., 2018; Ghosh et al., 2017).
Therefore we add a gate operation to capture intent
and emotion dynamically:

Input = FFNi([E(xt); catt; st]),

Gate = Sigmoid(Input),

v̄(z) = Gate⊙ v(z),
(10)

where ⊙ represents element-wise product. Each
time step, the intent representation is used appropri-
ately according to current word, state, and context
value. The gate operation for emotion is the same
as above.

Explicit. The empathetic expression is quite
distinct over vocabularies, e.g., ‘know’, ‘under-
stand’, ‘agree’, are indicative of the empathetic
intent Agreeing. Therefore, we employ the copy
mechanism to explicitly utilize intent keywords for
intent conditional generation. See in Appendix B
for more details about intent keywords .

αt = Sigmoid(v⊤s st),

p(xt = wg) = Softmax(Wgst),

p(xt = wi) = Softmax(Wist),

p(xt) = (1− αt) · p(wg) + αt · p(wi),
(11)

where {st, vs} ∈ Rd×1, {Wg,Wi} ∈ RV×d, d is
hidden size and V denotes the vocabulary size. The
copy rate αt is used to balance the choice between
intent keywords and generic words, it is trained
with binary cross entropy loss:

L4 =
n∑

t=1

qt · logαt+(1−qt) · log(1−αt), (12)

n is the amount of words in response, qt ∈ {0, 1}
indicates that whether xt is a intent keyword.

4.5 Loss Function

To summarize, the total loss is:

L = λ1L1 + λ2L2 + λ3L3 + λ4L4, (13)

In order to join all losses with weighting method,
we add 4 hyperparameters in total loss, λi, where
each λi is corresponding to Li. L1,L2,L3,L4 de-
note the losses of response reconstruction, intent
prediction, emotion classification and copy rate
prediction respectively.

5 Experiments

5.1 Dataset

We evaluate our method and compare with others
on EmpatheticDialogues2 (Rashkin et al., 2019)
which contains 25k open domain dialogues. Follow
the same setting as the authors of this dataset, the
proportion of train/validation/test data is 8 : 1 : 1.
Each dialogue consists of at least two utterances be-
tween a speaker and listener. There are 32 emotion
situations in total, which are uniformly distributed.

5.2 Baselines

We compare our model with the three latest empa-
thetic conversational models:

• Multitask Transformer (Multi-TRS). A
transformer model trained by the response
generation task and the context emotion clas-
sification task (Rashkin et al., 2019).

• Mixture of Empathetic Listeners (MoEL).
An enhanced transformer model with 32
emotion-specific decoders to respond appro-
priately for each emotion (Lin et al., 2019).

2https://github.com/facebookresearch/
EmpatheticDialogues
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• MIMicking Emotions for Empathetic Re-
sponse Generation (MIME). The state-of-
the-art empathetic dialogue model allows the
generator to mimic the context emotion to a
varying degree based on its positivity, negativ-
ity, and content. Furthermore, they introduce
stochasticity into the emotion mixture and
achieves one-to-many generation (Majumder
et al., 2020).

5.3 Evaluation
5.3.1 Automatic Metrics

• BLEU. We choose BLEU (Papineni et al.,
2002) for relevance evaluation which mea-
sures the n-gram overlaps with reference
and compute BLEU scores for n ≤ 4 us-
ing smoothing techniques (Chen and Cherry,
2014). Since the state-of-art model MIME
and ours are both one-to-many generators,
we calculate BLEU recall and BLEU preci-
sion (Zhao et al., 2017; Gu et al., 2019). For
each test case, we sample 5 responses from
latent space and use greedy search for MIME
and EmpHi, use beam search for MoEL and
Multitask-Transformer.

• Distinct. Distinct (Li et al., 2016) is a widely
used metric for diversity evaluation. Specifi-
cally, we compute the number of distinct un-
igrams (Distinct-1) and bigrams (Distinct-2),
then scale them by the total number of uni-
grams and bigrams.

5.3.2 Human Ratings
First, we randomly sample 100 dialogues and their
corresponding generations from the three baseline
models and EmpHi. Then, we invite five volunteers
with master degrees to do the human evaluation.
The annotators mark each response from 1 to 5 for
empathy, relevance, and fluency.

To clarify the marking criteria, we provide an
explanation for each metric:

• Empathy. Whether the response shows
that the listener understands and shares the
speaker’s feeling. Can the listener imagine
what it would be like in the speaker’s situa-
tion?

• Relevance. Whether the response is relevant
to the context.

• Fluency. Whether the response is easy to read
and grammatically correct.

5.3.3 Human A/B Test
Following (Lin et al., 2019; Majumder et al., 2020),
we construct this evaluation task to directly com-
pare our model with each baseline. We randomly
sample 100 dialogue responses from EmpHi vs
{Multitask-Trans, MoEL, MIME}. Given randomly
ordered responses from above models, four annota-
tors select the better response, or tie if they think
the two responses have the same quality. The aver-
age score of four results is calculated, and shown
in Table 6.

5.4 Implement Detail
For MIME3 (Majumder et al., 2020) and MoEL4

(Lin et al., 2019), we reproduce their results using
their open-source codes and their default hyperpa-
rameters. According to the log-likelihood in the
validation dataset for Multitask-Transformer, we
use grid search for the best head number, layer num-
ber, and feed-forward neural network size. The best
set is 2, 10, and 256, respectively. EmpHi uses a
two-layer Bi-GRU as the encoder and a two-layer
GRU as the decoder, λ is set as [1, 0.5, 0.5, 1] re-
spectively. All the feed-forward neural networks
in EmpHi have two layers, 300 hidden units and
ReLU activations. For the sake of fairness, we use
pretrained Glove vectors (Pennington et al., 2014)
with 300 dimensions as the word embedding for all
models, the batch size is 16, and the learning rate
is set to 1e−4.

6 Results and Discussions

6.1 Results Analysis
In this section, we mainly testify:

• human-like empathetic intent boost EmpHi’s
performance in terms of empathy, relevance,
and diversity.

• EmpHi successfully captures the empathetic
intent distribution of humans.

6.1.1 Human Evaluation
As shown in Table 1, EmpHi outperforms all base-
lines in terms of empathy, relevance, and fluency.
The most distinct improvement is 15.1% on rele-
vance because our model does not only depends
on the speakers’ emotion, but also makes use of
the empathetic intents, which are contextually rele-
vant. It is worth noting that empathy is the primary

3https://github.com/declare-lab/MIME
4https://github.com/HLTCHKUST/MoEL

1068

https://github.com/declare-lab/MIME
https://github.com/HLTCHKUST/MoEL


Methods #Params. Empathy Relevance Fluency BLEU Distinct
P R F1 D-1 D-2

Multitask-Trans 20M 2.68 2.58 3.60 0.3072 0.4137 0.3526 0.4123 1.1390
MoEL 21M 3.18 3.18 3.95 0.3032 0.3614 0.3298 0.8473 4.4698
MIME 18M 2.89 2.90 3.77 0.3202 0.3278 0.3240 0.3952 1.3299
EmpHi 11M 3.48 3.66 4.34 0.3207 0.4723 0.3820 1.1188 5.3332
Human - 4.04 4.40 4.56 - - - 7.0356 43.2174

Table 1: Automatic evaluation between EmpHi and other models. All results are the mean of 5 runs for fair
comparison. D-1.&2. are magnified 100 times for each model.

Methods Win Loss Tie
EmpHi vs Multitask-trans 56.5% 21.5% 22.0%

EmpHi vs MoEL 45.0% 28.5% 26.5%
EmpHi vs MIME 53.0% 27.0% 20.0%

Table 2: Results of Human A/B test.

Figure 6: Empathetic intent distribution of human and
EmpHi (sad emotion), the intent index represents the
same intent as in Figure 2.

metric in empathetic dialogue generation. EmpHi
outperforms the previous SOTA on empathy by
9.43%, which directly indicates that human-like
empathetic intents are beneficial to the empathy
ability of the dialogue model.

Last but not least, a decent fluency score proves
that our generated response could be understood by
humans easily, where our model has an improve-
ment of 9.87% from MoEL. In addition, the human
A/B test results in Table 2 also confirm that the re-
sponses from our model are preferable to baselines.
Overall, EmpHi successfully generates empathetic,
relevant, and fluent responses.

6.1.2 Automatic Evaluation
As seen in Table 1, the automatic evaluation is con-
sistent with human evaluation. The BLEU recall
and F1 score are improved by 14.2% and 8.34%,
respectively. However, we only have a slight im-

Methods BLEU ACCP R F1
EmpHi 0.3207 0.4723 0.3820 26.8%

EmpHi w/o intent 0.3105 0.4049 0.3515 21.9%
EmpHi w/o gate 0.3138 0.4634 0.3742 25.3%
EmpHi w/o copy 0.3215 0.4704 0.3820 25.9%

Table 3: Results of ablation study.

provement on BLEU precision, which is similar
to (Zhao et al., 2017; Gu et al., 2019) because the
precision is penalized when the model generates
diverse responses. Also, the distinct value of uni-
grams and bigrams are 32.04% and 19.32% higher
than the previous SOTA, respectively. As shown
in Figure 4 and Figure 6, the empathy intents of
EmpHi’s responses are more diverse than existing
models, so the distinct scores improve significantly.
Our method enhances the relevance and diversity
simultaneously, which proves the effectiveness of
human-like intent in empathetic response genera-
tion.

6.1.3 Empathetic Intent Distribution
We apply the same approach in Section 3 and quan-
tify the empathetic intent distribution of EmpHi’s
responses to prove that EmpHi accurately captures
humans’ empathetic intent distribution. Comparing
Figure 4 and Figure 6, the difference between them
illustrates that our model successfully reduces the
bias of empathetic expression. The KL-divergence
of intent distributions between models and humans
are 0.025 for EmpHi, 1.949 for MIME, 1.545 for
MoEL, and 4.570 for Multitask-Transformer (See
in Appendix A).

6.2 Ablation Study
We evaluate each component of EmpHi using
BLEU and ACC, where ACC indicates the accu-
racy of predicted empathethetic intent of generated
response. Since each conversation could have mul-
tiple empathetic responses, the ACC of 26.8% is
pretty ideal. As seen in Table 3, there is a dra-
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Emotion Nostalgic
Context When my wife and i started dating, our second date ended up lasting like 12 hours.
Reference That is a pretty long date ! Where did you guys go?
Multitask-Trans That is so sad, I’m sorry to hear that.
MoEL That is great! I am sure she will be fine.
MIME That is a good thing to do. I am sure you will do great.
EmpHi That ’s awesome ! How long have you been together ?
Emotion Angry
Turn-1 I just moved to this neighborhood and some dumb criminals shot one of my neighbors and

ran into the woods!
Turn-2 That’s not good. Do you own a gun?
Turn-3 I do! I want to be able to protect my son.
Reference That is always number one goal.
Multitask-Trans What did you do ?
MoEL That is a good idea .
MIME I am sorry to hear that. I hope you get it !
EmpHi Maybe you should go to the police.

Table 4: Comparison among EmpHi and other empathetic dialogue models.

9.51%

11.47%

13.59%

15.38%

26.27%

Agreeing

Encouraging

Neutral

Questioning

Acknowledging

Oh man, that's awesome. I 
hope you get it!Thanks a bunch! it pays much 

better than my current job, so i
really hope i do, but i think i got 
it in the bag.

That ' s great ! I'm sure you 
will do great!

What is the job?

I'm sure you will.

I bet you will ! I hope you get 
the job !

I know that feeling . I’m glad 
you got it !

I went to a job interview a few 
days ago, and i feel like i totally 
rocked it!

Figure 7: Case study of EmpHi.

matic drop in the performance of EmpHi without
any intent information (both implicit embedding
and explicit keywords). Therefore, this proves the
effectiveness of empathetic intents and the intent
representation learning approach. As for implicit
gate control, it improves both response quality and
intent accuracy since it helps EmpHi dynamically
capture intent information during generation. Same
conclusion has been made in (Zhou et al., 2018).
The copy mechanism provides EmpHi the ability to
explicitly use intent keywords and thus contributes
to the intent accuracy.

6.3 Case Study

Intent-level diverse generation. Through sam-
pling intents in the discrete latent space, EmpHi
generates different responses with empathetic in-
tents. As in Figure 7, the speaker shows an ex-
citing emotion for getting a better job. EmpHi

generates empathetic yet contextually relevant re-
sponses as humans. Besides, EmpHi predicts the
potential intent distribution and shows successful
conditional generation based on the correspond-
ing intents, which improves the interpretability and
controllability of empathetic response generation.
See Appendix C for error analysis.

Compare with existing models. For the first
instance in Table 4, even though baseline models
show naive empathy in their response, it is hard for
the speaker to feel empathy because the response
is not relevant to the topic. In contrast, EmpHi
shows its understanding of the speaker’s feelings
and asks a relevant question to explore the speaker’s
experience. For second case, all baselines express
contextually irrelevant empathy, while EmpHi truly
understands the dialogue history and put itself into
speaker’s situation, then further reply: "Maybe you
should go to the police" with the Suggesting intent.

7 Conclusion

Overall, we reveal the severe bias of empathetic
expression between existing dialogue models and
humans. To address this issue, this paper pro-
poses EmpHi to generate empathetic responses
with human-like empathetic intents. As a result,
both automatic and human evaluation prove that
EmpHi has a huge improvement on empathetic
conversation. According to the anlaysis and case
studies, EmpHi successfully learns the emapthetic
intent distribution of human and shows high inter-
pretability and controllability during the generation
process. We will try large pretrained language mod-
els with empathetic intent in our future work.
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Ethical Statement

Since this paper involves subjects related to human
conversation, we have ensured that all the experi-
ments will cause no harm to humans. The dataset
EmpatheticDialogues is collected by (Rashkin
et al., 2019), all the participants join the data collec-
tion voluntarily. Also, the dataset provider filters
all personal information and obscene languages.
Therefore, we believe that the dataset Empathetic-
Dialogues used in our experiments are harmless to
users, and the model trained on this dataset is not
dangerous to humans.
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A Empathetic Expression Gap

For more comprehensive recognization of the se-
vere emathy expression bias between existing em-
pathetic dialogue models and humans, we fur-
ther quantify the bias of Multitask-Transformer
(Rashkin et al., 2019) in Figure 8 and MoEL (Lin
et al., 2019) in Figure 9, the intent index is con-
sistent with Figure 2. The results are similar with
MIME (Majumder et al., 2020), we can see the
large intent distribution bias and the monotony of
empathetic expression of existing models.

Figure 8: Empathetic intent distribution of human and
Multitask-Transformer (Rashkin et al., 2019)

Figure 9: Empathetic intent distribution of human and
MoEL (Lin et al., 2019)

B Intent Keywords Collection

The keywords are retrieved from the training set
of Empathetic Intents dataset (Welivita and Pu,
2020) by using TF-IDF method. Empathetic In-
tents has a training set of 5490 responses, where
each intent group has 610 responses. Based on the

labeled intent for each response in the training set,
we concatenate all the responses which are in the
same group and remove all the stop words. Finally,
we apply TF-IDF to obtain the top k keywords for
each intent group, we set k to 30 in our experi-
ments. See Table 5 for top ten keywords for each
intent.

C Error Analysis

Although EmpHi achieves huge improvement in
terms of empathy, relevance, and diversity in em-
pathetic dialogue generation, there is still some
flaws. At first, the generation task of EmpHi is far
difficult than existing models, because it needs to
generate response condition on both context and
the predicted intent, while other models generate
response only condition on the context, therefor
the exposure bias of EmpHi is more severe. See
in Table 6, although the predicted intent of EmpHi
is the same as reference and its corresponding re-
sponse is great, EmpHi also gives high probability
for Questioning intent and the corresponding re-
sponse is not very contextually relevant, EmpHi
knows it is suitable for asking more details to show
its caring, but it does not know how to ask under
this context, thus EmpHi needs better understand-
ing for context information. We believe this issue
could be mitigated when using more dialogue data
for pretraining.
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Intent Keywords
Agreeing know, understand, agree, definitely, feel, feeling, exactly, mean, oh, right
Acknowledging sounds, nice, awesome, like, great, cool, would, oh, must, really
Encouraging hope, well, hopefully, get, good, time, bet, great, goes, soon
Consoling hope, hopefully, get, better, well, soon, time, find, good, things
Sympathizing sorry, hear, oh, am, happened, loss, feel, hope, really, aw
Suggesting maybe, get, time, could, think, well, next, something, try, go
Questioning oh, get, go, going, long, kind, like, work, good, maybe
Wishing congratulations, luck, good, wish, best, well, happy, oh, birthday, wow
Neutral good, like, sure, well, time, one, have, people, never, get

Table 5: Keywords for each intent.

Emotion Proud
Context My wife was able to get a job with microsoft without going to a four-year college!
Reference That’ s pretty amazing, she must be skillful regardless.
Intent Prob Generated Response
Agreeing 2.91% Oh, wow ! That’s amazing ! I know how you feel.
Acknowledging 40.9% That’s awesome ! I’m glad you’re going to be proud of her.
Encouraging 9.98% That’s awesome ! I hope you guys have a great job!
Consoling 3.66% Wow, That’ s good, i hope you are able to get it .
Sympathizing 1.43% Oh wow ! I am sorry to hear that.
Suggesting 0.62% That’s good ! Maybe she will be fine.
Questioning 28.6% That’s great ! How long have you been working ?
Wishing 9.19% Congratulations ! That’ s awesome ! congratulations !
Neutral 2.75% That is a good thing to do, I wish i was a lot of work .

Table 6: Error analysis of EmpHi, although most responses are reasonable, there are still some imperfection.
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Abstract

The Yes/No QA task (Clark et al., 2019) con-
sists of “Yes” or “No” questions about a given
context. However, in realistic scenarios, the
information provided in the context is not al-
ways sufficient in order to answer the ques-
tion. For example, given the context “She mar-
ried a lawyer from New-York.”, we don’t know
whether the answer to the question “Did she
marry in New York?” is “Yes” or “No”. In this
paper, we extend the Yes/No QA task, adding
questions with an IDK answer, and show its
considerable difficulty compared to the origi-
nal 2-label task. For this purpose, we (i) enrich
the BoolQ dataset (Clark et al., 2019) to include
unanswerable questions and (ii) create out-of-
domain test sets for the Yes/No/IDK QA task.
We study the contribution of training on other
Natural Language Understanding tasks. We fo-
cus in particular on Extractive QA (Rajpurkar
et al., 2018) and Recognizing Textual Entail-
ments (RTE, Dagan et al., 2013), analyzing the
differences between 2 and 3 labels using the
new data.1

1 Introduction

The ability to know whether a claim is true or false
given a context is an important component of lan-
guage comprehension. One main way to study this
ability is the Yes/No Question Answering task, for
which a large-scale dataset, BoolQ, has been pro-
posed (Clark et al., 2019). The BoolQ dataset in-
cludes paragraphs together with naturally occurring
questions whose answer is either “Yes” or “No”.

However, in realistic scenarios, the information
needed to answer a Yes/No question can be miss-
ing. For example, Figure 1 shows Yes/No questions
given the context “Jane, who is a native of Los An-
geles, married a lawyer from NYC”. While the
questions in (a) and (b) can be answered respec-
tively by “Yes” and “No” (Jane was born in Los

1All the datasets and the code are available at http://
cogcomp.org/page/publication_view/975.
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Figure 1: Examples of a “Yes”, “No” and “IDK” Ques-
tions in (a), (b) and (c) respectively, given a Context.

Angeles so she was not born in France), the ques-
tion “Did Jane marry in NYC?” in (c) cannot be
answered given the context.

Indeed, the ability to extract information from
text only addresses one aspect of the expectations
we have from a comprehension system. Another
main aspect concerns the ability to identify that a
given information is not in the text, a witness of
understanding in human comprehension.

In this paper we extend the Yes/No QA task to
include IDK questions and show the considerable
difficulty of the extended task compared to the two-
label setting. For this purpose we first enrich the
BoolQ dataset by including unanswerable ques-
tions, along with creating two other, out of domain,
datasets, to test the ability to answer Yes/No/IDK
questions in realistic scenarios (Section 3).

Experimenting with a system based on BERT-
LARGE (Devlin et al., 2019), we show that the
performance on the dev set drops from 72.88 F1
to 33.64 F1 when moving from a two-label to a
three-label setting and observe similar results on
out-of-domain test sets (Section 4).

We then explore the contribution of other Nat-
ural Language Undertanding tasks to the perfor-
mance, focusing on Extractive QA (Rajpurkar et al.,
2016), using the SQuAD 2.0 dataset (Rajpurkar
et al., 2018) and Recognizing Textual Entailments
(RTE, Dagan et al., 2013), using the MNLI dataset
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Figure 2: Examples of Yes/No QA (left), Extractive QA (center) and RTE hypotheses (right) for a given context.

(Williams et al., 2018). We obtain that, similar
to what has been observed in the two-label setting
(Clark et al., 2019), leveraging SQuAD 2.0 does not
improve the performance while training on MNLI
achieves better performance. As the improvement
is limited, we separately analyze the transfer from
MNLI in the two-label and three-label settings.

We conclude that current systems that achieve
high performance on the BoolQ dataset are not
adapted to the task of Yes/No QA where unanswer-
able questions are involved. Using the RTE data is
helpful but not sufficient for a good performance.

In this paper, we provide new datasets that al-
low a more realistic evaluation of the Yes/No task
by (1) addressing unanswerable questions, which
appear in real-world scenarios; (2) compiling test
sets to evaluate the performance of the systems on
domains that are different from the ones seen in
training and finetuning. Using the new data, we
explore the performance of current systems on this
task and show its considerable difficulty compared
to its two-label version.

2 Related Work

Yes/No Questions In Yes/No QA, the IDK op-
tion has been taken into account in the context of
FraCaS inference problem (Cooper et al., 1996),
which consists of 346 problems targeting specific
linguistic phenomena, each containing one or more
statements and one yes/no-question. The possi-
ble labels are “yes”, “no”, “don’t know” and a
“other/complex” label that mainly targets several
possible readings. Clark et al. (2019) proposed the
large-scale BoolQ dataset in order to address the
Yes/No QA task where a question together with a
paragraph are given as input. The task consists in
classifying the questions into two categories: “Yes”
and “No” questions. This dataset does not include
an IDK option, a gap we fill by augmenting the
original corpus (see Section 3). Our data augmen-
tation method is somewhat similar to the one used

for Extractive QA by Clark and Gardner (2018)
who generated negative examples for SQuAD (Ra-
jpurkar et al., 2016) by pairing existing questions
with other paragraphs from the same article based
on TF-IDF overlap.

Unanswerable Questions Unanswerable ques-
tions have been mainly studied in the context of
the Extractive QA task. The original Extractive
QA task consists in extracting a correct answer to
a question from a context paragraph or document.
Rajpurkar et al. (2018) enriched the SQuAD 1.1
corpus (Rajpurkar et al., 2016) by including unan-
swerable questions for the same paragraphs via
crowdsourcing, resulting in SQuAD 2.0, and pro-
posed to extend the task so that the predictions will
include either a span or an “IDK” answer. Unan-
swerable questions have also been included in the
QuAC (Choi et al., 2018) and CoQA (Reddy et al.,
2019) datasets where questions are asked in the
form of a dialog (see Yatskar (2019) for a com-
parison). The difficulty of unanswerable questions
in Extractive QA has been recently explored in
the case of out-of-domain scenarios (Sulem et al.,
2021) and in questions with a context composed
of multiple paragraphs (Asai and Choi, 2021). Al-
though Extractive QA includes IDK questions, the
conversion between the Extractive QA format and
a Yes/No/IDK QA format will not always preserve
the IDK label, as shown in Figure 2. In particu-
lar, an IDK instance in Extractive QA (Q2b) can
correspond to a “No” answer in Yes/No QA (Q1b).

The selective question answering task in out-of-
domain settings (Kamath et al., 2020) is related to
the identification of unanswerable questions. How-
ever, it targets the ability of a system to refrain from
answering in some of the cases in order to avoid er-
rors in out-of-domain settings, independently from
the presence of the answer in the context.

Recognizing Textual Entailment (RTE) The
RTE task (Dagan et al., 2013) consists of classi-
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fying a sentence pair composed of a premise p and
a hypothesis h into three classes, according to the
relation between the two sentences: “entailment”,
“contradiction” and “neutral”. In some of the RTE
works (Bentivogli et al., 2009; Wang et al., 2018),
“contradiction” and “neutral” are unified in a “non-
entailed” joint category. Both RTE and Yes/No QA
aim to verify whether a given information can be
derived from the context. Furthermore, there is a
one-to-one mapping between the labels of the two
tasks. In particular, if the RTE label is “neutral”
then the answer to the corresponding question is
IDK (as in Figure 2, Q1a and H3a). However, a
main difference between the two tasks is the length
of the context. While it is a single sentence in the
RTE datasets (e.g., Bowman et al., 2015; Williams
et al., 2018, for SNLI and MNLI respetively), it is
a paragraph in Yes/No QA.2 The extension of the
Yes/No QA task and data presented in this paper
allows their use in multiple applications such as
Extractive QA (Sulem et al., 2021), relation extrac-
tion (Obamuyide and Vlachos, 2018; Sainz et al.,
2021) or event extraction (Lyu et al., 2021; Sainz
et al., 2022) in replacement of or jointly with RTE.
We explore the use of an RTE dataset for additional
training in Section 5. An investigation of the re-
placement of the RTE task by Yes/No/IDK QA for
Extractive QA is presented in Appendix H.

3 Datasets

3.1 Enriching BoolQ with IDK Questions

The BoolQ dataset3, proposed by Clark et al.
(2019), is the largest corpus for Yes/No questions.
The training set is composed of 9.4K of Yes/No
questions and their answers. 62.31% of the answers
are “yes”. The dev set includes 3.2k questions.

General Idea. We aim to generate IDK questions
by mapping questions from the original BoolQ to
passages that will not contain anymore the informa-
tion required to answer the question. As a random
swapping between passages and questions could
generate mostly very simple cases with no relation
between the question and the passage, we want to
maximize the word overlapping between the two.

2Although it is not inherent in the definition of the respec-
tive tasks, the available datasets impact the models used by
the community.

3https://github.com/
google-research-datasets/
boolean-questions

Generation. We augment BoolQ with IDK ques-
tions automatically by using passages and ques-
tions from the original BoolQ dataset. Sampling
randomly half of the “yes” questions and half of
the “no” questions, we match to each of the ex-
tracted questions a passage from BoolQ that has
the greatest overlapping with the questions in terms
of nouns and verbs, identified using the NLTK PoS
tagger (Loper and Bird, 2002).4 The greatest over-
lapping is chosen to avoid very simple cases with
no relation between the question and the passage.
In case there are several passages with the same
number of nouns or verbs that appear in the ques-
tion, we choose one of them randomly. We apply
this algorithm (separately) on both the train set and
the dev set of BoolQ, obtaining new IDK questions
(4.7k for train and 1.6k for dev) that we add to the
original sets. We call the new corpus BoolQ3L (for
BoolQ wih three labels). Examples from BoolQ3L

are shown in Appendix C.

Validation and Analysis. We manually validate
the IDK questions we compiled by sampling 100
question-paragraph pairs randomly in each of the
sets (the train and the dev sets). The 200 pairs
are annotated separately by two of the authors of
the paper using the “IDK”, “Yes” and “No” la-
bels. In the dev set, we find that 95% of the in-
stances are correctly labeled with 100% absolute
inter-annotator agreement. In the train set the rates
of instances correctly labeled as “IDK” are 94%
and 93% according to the two annotators, with an
absolute inter-annotator agreement of 97%. 5 Us-
ing the same samples we also evaluate difficulty
of the questions, based on the relatedness of the
paragraph to the question, abstracting away from
the word overlapping between the two. Following
this procedure, we label 33% / 40% (85% abso-
lute agreement) and 43% / 63 % (80 % absolute
agreement) cases as Non-related in the train and
dev set respectively. Examples of Non-related IDK
questions are presented in Appendix D.

By using questions and answers from the orig-
inal BoolQ, we ensure that the new IDK subset
cannot be identified as having different question or

4We also provide a list of auxiliaries that should not be
considered as verbs.

5For comparison, in the case of SQuAD 2.0 (Rajpurkar
et al., 2018), the authors manually inspected 100 randomly
chosen negative examples and found that 93% of the examples
are indeed unanswerable. In the original BoolQ dataset (with
“Yes” and “No” labels), 110 randomly chosen examples were
annotated, reaching 90 % accuracy relative to the gold labels,
corresponding to 6 ambiguous cases and 5 errors.
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Corpus Split # Examples IDK (%) # Labels
Existing Corpus

BoolQ train 9,427 0 2dev 3,270 0
New Corpora

BoolQ3L
train 14,141 33 3dev 4,906 33

ACE-YNQA test 999 52 3
INSTRUCTIONS test 70 33 3

Table 1: Statistics and properties of the BoolQ corpus (top) and the newly introduced corpora (bottom).

paragraph styles or levels of grammaticality. Also,
the IDK questions have paragraphs that also appear
in either “Yes” or “No” questions, with the propor-
tion similar to that observed in the entire corpus.
Therefore “no-answer” cannot be predicted by only
looking at the question.6

3.2 Out-of-domain Test Sets

Motivation Addressing unanswerable questions
in Yes/No QA is a first step towards a more realistic
evaluation of this task. A second step, which we
address in this section, consists in the evaluation
of the systems on datasets different from the ones
they have been trained and finetuned on, using con-
trolled out-of-domain test sets for evaluation, as
advocated for example by Linzen (2020). Further-
more, an informative way to evaluate the compre-
hension of a system is to ask very simple questions
whose answers are obvious to humans (Dunietz
et al., 2020). We focus here on event-based ques-
tions that address simple predicate-argument rela-
tions.

ACE-YNQA We leverage the ACE event extrac-
tion (Walker et al., 2006)7 dataset to derive a new
test corpus of “Yes”, “No” and IDK questions. For
this purpose, we first select sentence fragments that
include a location or a time mention according to
the ACE annotation. For the “Yes” questions we
generate questions of the form “Did T happen at
location / time entity”, where T is the event trig-
ger. For the “No” variant we manually created a
set of place / time entities and asked “Did T hap-
pen at r?”, where r is a randomly selected entity.
We then checked for grammatical and logical cor-
rectness. For the IDK labels, we generated those

6This phenomenon has been observed in existing resources
in the case of the similar RTE task (Gururangan et al., 2018).
For the original BoolQ, the experiments of Clark et al. (2019)
suggest that there is little signal in the question by itself, but
that some language patterns in the passage correlate with the
answer.

7https://catalog.ldc.upenn.edu/
LDC2006T06

questions manually asking context specific ques-
tions. An example of IDK question is “has the loan
been paid?” given the context “the world bank first
offered the loan in 1999”. We call the obtained
corpus ACE-YNQA. Examples with “Yes”, “No”
and “IDK” answers are shown in Appendix E.

INSTRUCTIONS We also generate a small test
corpus (INSTRUCTIONS; 70 questions) from
scratch about instructions. For example, given the
context “Change the font color to green”, an IDK
question is “Is the font size 12?”. More examples
are presented in Appendix F.

A summary of the statistics for the different cor-
pora is presented in Table 1.

4 The Difficulty of Yes/No/IDK QA

We use the BERT-LARGE representation and the
BERT TensorFlow implementation8 for sequence
classification. We train on the BoolQ3L training
set and evaluate on the ACE-YNQA out-of-domain
dataset. We also report the average performance
on the dev set. We use the BERT-based approach
for classification, where the three labels are “Yes”,
“No” and “IDK”; the final hidden vector correspond-
ing to the first input token([CLS]) is used as the ag-
gregate representation. The fine-tuning details and
hyperparameters are presented in Appendix A. For
comparison, we also fine-tune BERT-LARGE on
the original BoolQ dataset for the Yes/No QA task
using the original train and dev sets. We consider
the “Yes” and “No” portions of the ACE-YNQA as
the out-of-domain test set for the 2-label setting.

The results are presented in the first columns of
Table 2 (for Yes/No/IDK) and Table 3 (for Yes/No).
We find that the accuracy of the model drops to
33.64 on the BoolQ3L dev set while it is 72.88 in
the two-level setting (when training and testing on
BoolQ). On the out-of-domain ACE-YNQA test
set, the performance is 52.02. In this case too the
score is higher in the two-label setting (accuracy of
59.53).

8https://github.com/google-research/bert
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Test ↓
Train→ BoolQ3L MNLI + BoolQ3L c(MNLI) + BoolQ3L SQuAD 2.0 +BoolQ3L

BoolQ3L dev 33.64 42.66 43.25 35.27
ACE-YNQA 52.02 52.02 54.94 44.15

Table 2: Accuracy of the different systems, tested on Yes/No/IDK QA with 3 labels. The scores correspond to
average across 5 different runs. The columns represent the training strategies. The rows represent the test datasets.
In all the cases the trained representation is BERT-LARGE-CASED.

Test ↓
Train→ BoolQ MNLI + BoolQ c(MNLI) + BoolQ SQuAD 2.0 + BoolQ

BoolQ dev 72.88 78.24 79.49 62.13
ACE-YNQAY/N 59.53 65.47 68.01 53.81

Table 3: Accuracy of the baseline system as well as the use of Extractive QA for both Yes/No QA with 2 labels
on the BoolQ dev set an on the out-of-domain datasets, removing the IDK examples. In all the cases the trained
representation is BERT-LARGE-CASED.

5 Leveraging Other Tasks

We leverage the RTE task, using the MNLI corpus
(Williams et al., 2018) and the Extractive QA task,
using SQuAD 2.09 (Rajpurkar et al., 2018).

Given a language representation R and two cor-
poraC1 andC2 for the tasks T1 and T2 respectively,
C1 + C2 refers to the procedure in which R is first
fine-tuned on C1 for the task T1 and then further
fine-tuned on C2 for the task T2.10 This is similar
to the STILTS method (Phang et al., 2018). We ex-
periment with the following systems: (i) MNLI +
BoolQ3L (ii) c(MNLI) + BoolQ3L where c(MNLI)
is a binary version of MNLI, distinguishing be-
tween contradictions and non-contradictions11 (iii)
SQuAD 2.0 + BoolQ3L.

We also replicate the above systems in the two-
label setting, training and testing on BoolQ.

The results are presented in Tables 2 and 3. Eval-
uating on BoolQ3L dev set, we find that the use
of MNLI for intermediary fine-tuning (MNLI +
BoolQ3L) improves the overall accuracy, which
reaches a score of 42.66. The best performance is
achieved when using intermediary fine-tuning on
the binary MNLI where the accuracy is 43.25. A
similar behavior is observed in the two-label setting
although the scores are much higher.

On the ACE-YNQA out-of-domain test set,
c(MNLI) + BoolQ3L is the best system. Its 2-level

9https://rajpurkar.github.io/
SQuAD-explorer/

10When training for Extractive QA and then moving to a
classification task such as Yes/No QA, we also remove the last
layer before training on the classification task.

11We chose this binary version for the experiments
(the other versions being “entailment”/“non-entailment” and
“neutral”/“non-neutral”) since it achieved the highest score on
the corresponding binary MNLI dev set (92.50 accuracy).

version is the best system in the case of Yes/No QA.
Leveraging SQuAD 2.0 is not helpful in both 2 (as
also in Clark et al. (2019)) and 3 label settings.

In order to explore additional types of Yes/No
questions, including unanswerable questions, we
replicate our experiments on the small INSTRUC-
TIONS dataset. As before, we find a gap between
the two-label and three-label scores and the use-
fulness of the MNLI corpus.The full results are
presented in Appendix G.

6 Conclusion

In this paper we aim to allow a more realistic eval-
uation of the Yes/No QA task. For this purpose, we
(i) enrich the BoolQ dataset to include unanswer-
able questions and (ii) compile out-of-domain test
sets. Using the new data, we show the difficulty of
current systems to address the task both by training
directly on the task-specific data and by leveraging
other NLU tasks.
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A Hyperparameter Finetuning

For training on BoolQ3L with the BERT-LARGE-
CASED representation, we use a batch size of 24
and a learning rate of 1e-5 and fine tune over the
number of epochs (3 or 5). For training on MNLI,
we use batch size of 32 and 3 training epochs. We
fine tune over three possible learning rate values:
2e-5, 3e-5 and 5e-5. For training on SQuAD 2.0,
we use two train epochs and fine-tune for the learn-
ing rate (3e-5 and 5e-5) and the batch size (24 and
48). For each of the training settings, we choose
the hyperparameter combination that maximizes
the accuracy for the target task on the dev set.

Following Clark et al. (2019), we train the sys-
tem on BoolQ3L with 5 different initializations and
report the average score on the dev set. We choose
the checkpoint with the closest score to the aver-
age as a starting point for the following training
step and for testing on the out-of-domain datasets
(ACE-YNQA and INSTRUCTIONS).

B Transfer Analysis

We also evaluate the direct transfer from MNLI to
BoolQ and BoolQ3L dev set, only training for the
RTE task and then experiment with intermediary
finetuning on small samples (30 sentences) from
the respective training corpus.

While the direct use of MNLI achieves low
scores both on the BoolQ3L dev (26.73 accuracy)
and the BoolQ dev (23.07), the finetuning on the
sample considerably improves the performance in
the two-label setting (50.43 accuracy), compared
to the three-label setting (33.91 F1), showing the
difficulty to transfer on the three-label setting. The
results are summarized in Table 4.

C Examples from BoolQ3L

Examples from BoolQ3L are shown in Figure 3.
For example, an IDK example is created by match-
ing Question1 (that is associated in BoolQ to Con-
text1a), to Context1b, which shares with the ques-
tion the words “Lombardi”, “trophy” and “year”.
While the answer to Question1 is “Yes” when as-
sociated with Context1a, it is “IDK” when asso-
ciated with Context1b since the latter does not
address the creation of the trophy. Similarly, the
answer to Question2 is “No” when associated with
Context2a but it is “IDK” when associated with
Context2b that shares with the question the words
“ball”, “throw-in” and “goalkeeper” without provid-
ing the information required to answer the question.
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Test ↓
Train→ MNLI MNLI+s(BoolQ3L) MNLI+s(BoolQ)

3 labels 26.73 33.91 –
2 labels 23.07 – 50.43

Table 4: Accuracy of the different systems, tested either on BoolQ3L (first row) or BoolQ with 2 labels (second
row). The columns represent the training strategies.

D Non-related IDK Examples

Examples of non-related IDK cases are shown in
Figure 4. The word “season” appears both in the
question (Question1), that is about a TV series and
in the paragraph (Context1), that is about Ameri-
can football. Similarly, Question2 and Context2
that share the word “rate”, address different topics.

E Examples from ACE-YNQA

Examples from the ACE-YNQA dataset are pre-
sented in Figure 5.

F Examples from INSTRUCTIONS

Examples from the INSTRUCTIONS dataset are
presented in Figure 6.

G Results on INSTRUCTIONS

The results for both 2-label and 3-label settings are
presented in Section 5.

H Yes/No/IDK QA for Extractive QA

In order to test the usefulness of the BoolQ3L
dataset for other Natural Language Understanding
tasks, in particular in cases where IDK answers are
required, we replicate the experiment in Sulem et al.
(2021), replacing MNLI by BoolQ3L. In this exper-
iment, Extractive QA systems trained on SQuAD
2.0 are tested on the out-of-domain ACE-whQA
test set that includes two types of IDK questions de-
rived from ACE. The results are presented in Table
6. They show that additional training on BoolQ3L

significantly improves the baseline (where only
SQuAD 2.0 is used).
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Figure 3: Examples from the BoolQ3L corpus. Question1 associated with Context1a is a “Yes” example from the
original BoolQ dataset. An “IDK” example is generated by associating Question1 with Context1b. Similarly, an
IDK example was generated by associating Context2b with Question2 that appeared in BoolQ in a “No” example
(when associated with Context2a). In the case of IDK examples, the content words appearing both in the question
and in the context are underlined.
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Figure 4: Non-related IDK Examples from the BoolQ3L corpus where the question and the context target different
topics despite the content word overlap (underlined in the context).

1083



Test ↓
Train→ BoolQ MNLI + BoolQ c(MNLI) + BoolQ SQuAD 2.0 + BoolQ

INSTRUCTIONS 26.56 43.75 20.31 23.44
INSTRUCTIONSY/N 65.00 65.00 70.00 65.00

Table 5: Accuracy of the baseline system as well as the use of Extractive QA and RTE for both Yes/No/IDK
QA with 3 labels and Yes/No QA with 2 labels on the INSTRUCTIONS test set. In all the cases the trained
representation is BERT-LARGE-CASED.

Test ↓

Train
→ SQuAD 2.0 MNLI + SQuAD 2.0 c(MNLI) + SQuAD 2.0 BoolQ3L + SQuAD 2.0

Has answer 62.39 71.68 78.13 76.90∗◦

Compet. IDK 20.8 46.40∗ 26.00 42.40∗

non-Compet. IDK 28.46 75.61∗ 47.15∗◦ 70.73∗

Table 6: F1 scores of the different systems, tested on the ACE-whQA out-of-domain test set for the Extractive
QA task. In all the cases the trained representation is BERT-LARGE-CASED. “Compet. IDK” correspond to
unanswerable questions with an entity of the same type as the expected answer, while it is not the case in the
“non-Compet. IDK” questions. In each line the highest score is presented in bold. The scores significantly higher
(using a one-sided t-test, p < 0.05) than the baseline (the first column) appear with a star (∗). Scores that are
significantly higher than the baseline and in the same time, significantly lower than the top system, are presented
with a circle (◦). We note that MNLI + SQuAD 2.0 significantly surpasses c(MNLI) + SQuAD 2.0 on “IDK” but its
score is not significantly higher than that of BoolQ3L + SQuAD 2.0.

1084



�✁✂✄☎✆✝✞✟✠ ✡☛☞ ✌✍✎✏✎ ☛✑ ☛✒✓✔☞✍ ✕✑ ✖☛✌✕✗✘☛✙

✚✝✞☎✂✛☎✟✠ ✜✎✢✔✌✘ ✣✤✥✎✏✑✤✏ ✤✗ ✜✕✘☛✦☛ ☛✦✤✑✣ ✧✕✌✍ ☞✎✥✎✏☛✦

★✤✔✑★✕✦ ✒✎✒✓✎✏☞ ✗✏✤✒ ✩☛✪✫✔✓☛ ✧✎✏✎ ☛✒✓✔☞✍✎✬

☛✑✬ ✭✕✦✦✎✬ ✕✑ ✖☛✌✕✗✘☛✮

✯✞✄✰✂✱✟✠ ✲✎☞

�✁✂✄☎✆✝✞✳✠ ✡☛☞ ✌✍✎ ✓✤✒✓✕✑✣ ✕✑ ✌✍✎ ☞✔✢✎✏✒☛✏✭✎✌✙

✚✝✞☎✂✛☎✳✠ ✩☛✴☛☞✘✕✏✵ ✶✷✵ ✧☛☞ ☛✏✏✎☞✌✎✬ ✤✑ ✢✏✎✦✕✒✕✑☛✏✘ ★✍☛✏✣✎☞

✤✗ ✕✑✥✤✦✥✎✒✎✑✌ ✕✑ ☛ ☞✎✏✕✎☞ ✤✗ ★✍✔✏★✍ ✓✤✒✓✕✑✣☞ ✤✑ ✌✍✎ ✎✥✎

✤✗ ✌✍✎ ✸✹✹✹ ✺✍✏✕☞✌✒☛☞✮

✯✞✄✰✂✱✳✠ ✻✤

�✁✂✄☎✆✝✞✼✠ ✡✎✏✎ ✽✹✹☞ ✤✗ ✢✎✤✢✦✎ ✭✕✦✦✎✬✙

✚✝✞☎✂✛☎✼✠ ✜✎✢✔✌✘ ✣✤✥✎✏✑✤✏ ✤✗ ✜✕✘☛✦☛ ☛✦✤✑✣ ✧✕✌✍ ☞✎✥✎✏☛✦

★✤✔✑★✕✦ ✒✎✒✓✎✏☞ ✗✏✤✒ ✩☛✪✫✔✓☛ ✧✎✏✎ ☛✒✓✔☞✍✎✬

☛✑✬ ✭✕✦✦✎✬ ✕✑ ✖☛✌✕✗✘☛✮

✯✞✄✰✂✱✼✠ ✾✜✿

Figure 5: Examples of “Yes”, “No” and “IDK” exam-
ples from the ACE-YNQA test corpus.
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Figure 6: Examples of “Yes”, “No” and “IDK” exam-
ples from the INSTRUCTIONS test corpus.
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Abstract

Transition-based parsers for Abstract Mean-
ing Representation (AMR) rely on node-to-
word alignments. These alignments are learned
separately from parser training and require a
complex pipeline of rule-based components,
pre-processing, and post-processing to satisfy
domain-specific constraints. Parsers also train
on a point-estimate of the alignment pipeline,
neglecting the uncertainty due to the inherent
ambiguity of alignment. In this work we ex-
plore two avenues for overcoming these limi-
tations. First, we propose a neural aligner for
AMR that learns node-to-word alignments with-
out relying on complex pipelines. We subse-
quently explore a tighter integration of aligner
and parser training by considering a distribu-
tion over oracle action sequences arising from
aligner uncertainty. Empirical results show this
approach leads to more accurate alignments
and generalization better from the AMR2.0 to
AMR3.0 corpora. We attain a new state-of-
the art for gold-only trained models, matching
silver-trained performance without the need for
beam search on AMR3.0.

1 Introduction

Abstract Meaning Representation (AMR) was in-
troduced as an effort to unify various semantic
tasks (entity-typing, co-reference, relation extrac-
tion, and so on; Banarescu et al., 2013). Of exist-
ing approaches for AMR parsing, transition-based
parsing is particularly notable because it is high
performing but still relies on node-to-word align-
ments as a core pre-processing step (Ballesteros
and Al-Onaizan, 2017; Liu et al., 2018; Naseem
et al., 2019; Fernandez Astudillo et al., 2020; Zhou
et al., 2021a,b, inter alia). These alignments are
not in the training data and must be learned sepa-
rately via a complex pipeline of rule-based sys-
tems, pre-processing (e.g., lemmatization), and
post-processing to satisfy domain-specific con-
straints. Such pipelines can fail to generalize well,

propagating errors into training that reduce AMR
performance in new domains (e.g., AMR3.0). This
work studies how we can probabilistically induce
and use alignments for transition-based AMR pars-
ing in a domain-agnostic manner, ultimately replac-
ing the existing heuristics-based pipeline.

To induce alignments, we propose a neural
aligner which uses hard attention within a sequence-
to-sequence model to learn latent alignments (Wu
et al., 2018; Deng et al., 2018; Shankar et al., 2018).
While straightforward, this neural parameterization
makes it possible to easily incorporate pretrained
features such as character-aware word embeddings
from ELMo (Peters et al., 2018) and also relax
some of the strong independence assumptions in
classic count-based aligners such as IBM Model 1
(Brown et al., 1993). We find that the neural aligner
meaningfully improves upon various baselines, in-
cluding the existing domain-specific approach.

To use the neural aligner’s posterior distribu-
tion over alignments, we explore several methods.
Our first approach simply uses the MAP alignment
from the neural aligner to obtain a single oracle
action sequence, which is used to train the AMR
parser. However, this one-best alignment fails to
take into account the inherent uncertainty associ-
ated with posterior alignments. Our second ap-
proach addresses this via posterior regularization to
push the AMR parser’s (intractable) posterior align-
ment distribution to be close to the neural aligner’s
(tractable) posterior distribution. We show that
optimizing this posterior regularized objective re-
sults in a simple training scheme wherein the AMR
parser is trained on oracle actions derived samples
from the neural aligner’s posterior distribution. Our
final approach uses the neural aligner not as a regu-
larizer but as an importance sampling distribution,
which can be used to better approximate samples
from the AMR parser’s posterior alignment distri-
bution, and thus better approximate the otherwise
intractable log marginal likelihood.
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In summary, we make the following empirical
and methodological contributions:

• We show that our approach can simplify
the existing pipeline and learn state-of-the-
art AMR parsers that perform well on both
AMR2.0 and AMR3.0. Unlike other ap-
proaches, AMR parsers learned this way do
not require beam search and hence are more
efficient at test time.

• We explore different methods for inducing
and using alignments. We show that a neural
parameterization of the aligner is crucial for
learning good alignments, and that using the
neural aligner to regularize the AMR parser’s
posterior is an effective strategy for transfer-
ring strong inductive biases from the (con-
strained) aligner to the (overly flexible) parser.

2 Background: Transition-based Parsing
2.1 General Approach for AMR
A standard and effective way to train AMR parsers
is with sequence-to-sequence learning where the
input sequence is the sentence 𝑤 and the output se-
quence is the graph 𝑔 decomposed into an action se-
quence 𝑎 via an oracle. The combination of words
and actions is provided to a parameter-less state
machine 𝑀 that produces the graph 𝑔 := 𝑀(𝑤, 𝑎).
The state machine can perform the oracle inverse
operation 𝑂 when also provided alignments 𝑙, map-
ping a graph to a deterministic sequence of ora-
cle actions 𝑎 := 𝑂(𝑙 , 𝑤, 𝑔).1 During training the
model learns to map 𝑤 → 𝑎 (these pairs are given
by the oracle 𝑂), and 𝑀 is used to construct graphs
(𝑎 → 𝑔) for evaluation.

2.2 StructBART
In this paper we use the oracle and state machine
from StructBART (Zhou et al., 2021b), which is a
simplified version of Zhou et al. (2021a). They rely
on rules that determine which actions are valid (e.g.
the first action can not be to generate an edge). The
actions are the output space the parser predicts and
when read from left-to-right are used to construct
an AMR graph. In this case, the actions incorporate
alignments.

1While current state-of-the-art oracles do make use of
alignments, some oracles do not make explicit use of align-
ments to derive action sequences, for example by generating
the nodes in the AMR graph in depth-first order from the root
and breaking ties according to the order nodes appear in the
data file.

Rules The following rules define the valid actions
at each time step:

• Maintain a cursor that reads the sentence left-
to-right, only progressing for SHIFT action.

• At each cursor position, generate any nodes
aligned to the cursor’s word. (This is where
node-word alignments are needed).

• Immediately after generating a node, also gen-
erate any valid incoming or outgoing arcs.

Actions At each time step perform one of the
following actions to update the state or graph:

• SHIFT: Increment the cursor position.

• NODE(𝑦𝑣): Generate node with label 𝑦𝑣 .

• COPY: Generate node by copying word under
the cursor as the label.

• LA(𝑦𝑒 , 𝑛), RA(𝑦𝑒 , 𝑛): Generate an edge with
label 𝑦𝑒 from the most recently generated
node to the previously generated node 𝑛. LA

and RA (short for left-arc and right-arc) indi-
cate the edge direction as outgoing/incoming.
We use 𝑦𝑒 to differentiate edge labels from
node labels 𝑦𝑣 .

• END: A special action indicating that the full
graph has been generated.

Learning For parsing, StructBART fine-tunes
BART (Lewis et al., 2020) with the following modi-
fications: a) it converts one attention head from the
BART decoder into a pointer network for predict-
ing 𝑛 in the LA/RA actions, b) logits for actions are
masked to guarantee graph well-formedness, and
c) alignment is used to mask two cross-attention
heads of the BART decoder,2 thereby integrating
structural alignment directly in the model.

StructBART is trained to optimize the maximum
likelihood of action sequences given sentence and
alignment. More formally, for a single example

(𝑤, 𝑔, 𝑙) ∼ 𝒟 , 𝑎 := 𝑂(𝑙 , 𝑤, 𝑔),
the log-likelihood of the actions (and hence the
graph) is given by,

log 𝑝(𝑎 | 𝑤 ; �) =
𝑇∑
𝑡=1

log 𝑝(𝑎𝑡 | 𝑎<𝑡 , 𝑤 ; �)

2Alignment is represented in the action sequence through
the SHIFT action and cursor position.
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for a model with parameters �. Probabilities of
actions that create arcs are decomposed into inde-
pendent label and pointer distributions

𝑝(𝑎𝑡 | 𝑎<𝑡 , 𝑤 ; �) =
𝑝(𝑦𝑒 | 𝑎<𝑡 , 𝑤 ; �) 𝑝(𝑛 | 𝑎<𝑡 , 𝑤 ; �)

where 𝑝(𝑦𝑒 | 𝑎<𝑡 , 𝑤 ; �) is computed with the nor-
mal output vocabulary distribution of BART and
𝑝(𝑛 | 𝑎<𝑡 , 𝑤 ; �) with one attention head of the
decoder. See Zhou et al. (2021b) for more details.

Alignment (SB-Align) For training, StructBART
depends on node-to-word AMR alignments 𝑙 to
specify the oracle actions. In previous work, the
alignments have been computed by a pipeline of
components that we call SB-Align.

We introduce our neural approach in the next sec-
tion, but first we cover the main steps in SB-Align:
(1) produce initial alignments using Symmetrized
Expectation Maximization (Pourdamghani et al.,
2014); (2) attempt to align additional nodes by
inheriting child node alignments; (3) continue to re-
fine alignments using JAMR (Flanigan et al., 2014),
which involves constraint optimization using a set
of linguistically motivated rules.

The StructBART action space requires that all
nodes are aligned, yet after running SB-Align some
nodes are not. This is solved by first “force align-
ing” unaligned nodes to unaligned tokens, then
propagating alignments from child-to-parent nodes
and vice versa until 100% of nodes are aligned to
text spans. Finally, node-to-span alignments are
converted into node-to-token alignments for model
training (e.g. by deterministically aligning to the
first node of an entity). Specifics are described
in StructBART and preceding work (Zhou et al.,
2021b,a; Fernandez Astudillo et al., 2020).

3 Inducing Alignments

Here, we describe our neural alignment model,
which is essentially a variant of sequence-to-
sequence models with hard attention (Yu et al.,
2016a; Wu et al., 2018; Shankar et al., 2018; Deng
et al., 2018). In contrast to SB-Align, our ap-
proach requires minimal pre-processing and does
not have dependencies on many components or
domain-specific rules.

The alignment model is trained separately from
the AMR parser and optimizes the conditional like-
lihood of nodes in the linearized graph given the

sentence.3 The AMR graph is linearized by first
converting the graph to a tree,4 and then linearizing
the tree via a depth-first search, as in Figure 1. Let-
ting 𝑣 = 𝑣1 , . . . , 𝑣𝑆 be the nodes in the linearized
AMR graph, the log-likelihood is given by

log 𝑞(𝑣 | 𝑤 ; 𝜙) =
𝑆∑
𝑠=1

log 𝑞(𝑣𝑠 | 𝑣<𝑠 , 𝑤 ; 𝜙),

where we abuse notation and use 𝑣<𝑠 to indicate
all the tokens (include brackets and edges) before
𝑣𝑠 . That is, we incur losses only on the nodes
𝑣𝑠 but still represent the entire history 𝑣<𝑠 for the
prediction (see Figure 1, left). The probability of
each node is given by marginalizing over latent
alignments 𝑙𝑠 ,

𝑞(𝑣𝑠 | 𝑣<𝑠 , 𝑤 ; 𝜙) =
|𝑤 |∑
𝑖=1

𝑞(𝑙𝑠 = 𝑖 | 𝑣<𝑠 , 𝑤, ; 𝜙) ×

𝑞(𝑣𝑠 | 𝑙𝑠 = 𝑖 , 𝑣<𝑠 , 𝑤 ; 𝜙),
where 𝑙𝑠 = 𝑖 indicates that node 𝑣𝑠 is aligned to
word 𝑤𝑖 .

For parameterization, the sentence 𝑤 is encoded
by a bi-directional LSTM. Each word is repre-
sented using a word embedding derived from a pre-
trained character-encoder from ELMo (Peters et al.,
2018), which is frozen during training. On the de-
coder side, the linearized AMR tree history is rep-
resented by a uni-directional LSTM. The decoder
shares word embeddings with the text encoder. The
prior alignment probability 𝑞(𝑙𝑠 = 𝑖 | 𝑣<𝑠 , 𝑤 ; 𝜙)
is given by bilinear attention (Luong et al., 2015),

𝑞(𝑙𝑠 = 𝑖 | 𝑣<𝑠 , 𝑤 ; 𝜙) = exp(𝛼𝑠,𝑖)∑|𝑤 |
𝑗=1 exp(𝛼𝑠, 𝑗)

,

𝛼𝑠,𝑖 = ℎ(𝑣) ⊤𝑠 𝑊ℎ(𝑤)𝑖 ,

where 𝑊 is a learned matrix, ℎ(𝑤)𝑖 is a concatena-
tion of forward and backward LSTM vectors for
the 𝑖-th word in the text encoder, and ℎ(𝑣)𝑡 is the vec-
tor immediately before the 𝑠-th node in the graph
decoder. The likelihood 𝑞(𝑣𝑠 | 𝑙𝑠 = 𝑖 , 𝑣<𝑠 , 𝑤 ; 𝜙)
is formulated as a softmax layer with the relevant
vectors concatenated as input,

𝑞(𝑣𝑠 = 𝑦 | 𝑙𝑠 = 𝑖 , 𝑣<𝑠 , 𝑤 ; 𝜙) =
softmax(𝑈[ℎ(𝑦)𝑠 ; ℎ(𝑤)𝑖 ] + 𝑏)[𝑦],

3This is because our oracle 𝑂 only needs node-word align-
ments to derive the oracle action sequence.

4To convert the graph to a tree we only include the first
incoming edge for each node.
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Figure 1: (Left) An example of a sentence, its AMR graph, and the corresponding linearized AMR tree. The aligner
decoder only incurs a loss for AMR nodes (tokens for nodes are in bold), although it represents the full history.
(Right) A visualization of our alignment posterior (blue) and point estimate from the baseline (white box). The
uncertainty corresponding to alignment ambiguity is helpful during sampling-based training.

where the softmax is over the node vocabulary and
is indexed by the label 𝑦 belonging to the node 𝑣𝑠 .

Once trained, we can tractably obtain the poste-
rior distribution over each alignment 𝑙𝑠 ,

𝑞(𝑙𝑠 = 𝑖 | 𝑤, 𝑣 ; 𝜙) =
𝑞(𝑙𝑠 = 𝑖 | 𝑣<𝑠 , 𝑤, ; 𝜙) 𝑞(𝑣𝑠 | 𝑙𝑠 = 𝑖 , 𝑣<𝑠 , 𝑤 ; 𝜙)

𝑞(𝑣𝑠 | 𝑣<𝑠 , 𝑤 ; 𝜙) ,

and the full posterior distribution over all align-
ments 𝑙 = 𝑙1 , . . . , 𝑙𝑆 is given by

𝑞(𝑙 | 𝑤, 𝑔 ; 𝜙) =
𝑆∏
𝑠=1

𝑞(𝑙𝑠 | 𝑤, 𝑣 ; 𝜙).

Discussion Compared to the classic count-based
alignment models, the neural parameterization
makes it easy to utilize pretrained embeddings and
also condition on the alignment and emission distri-
bution on richer context. For example, our emission
distribution 𝑞(𝑣𝑠 | 𝑙𝑠 , 𝑣<𝑠 , 𝑤 ; 𝜙) can condition on
the full target history 𝑣<𝑠 and the source context
𝑤, unlike count-based models which typically con-
dition on just the aligned word 𝑤𝑙𝑠 . In our abla-
tion experiments described in (§6) we find that the
flexible modeling capabilities enabled by the use
of neural networks are crucial for obtaining good
alignment performance.

4 Using Alignments
The neural aligner described above induces a pos-
terior distribution over alignments, 𝑞(𝑙 | 𝑤, 𝑔 ; 𝜙).

We explore several approaches using this alignment
distribution.

MAP Alignment To use this alignment model
in the most straightforward way, we decode the
MAP alignment 𝑙 = arg max𝑙 𝑞(𝑙 | 𝑤, 𝑔 ; 𝜙) and
train from the actions �̂� = 𝑂(𝑙 , 𝑤, 𝑔).
Posterior Regularization (PR) The action se-
quences derived from MAP alignments do not take
into account the uncertainty associated with poste-
rior alignments, which may not be ideal (Figure 1,
right). We propose to take this uncertainty into
account and regularize the AMR parser’s posterior
to be close to the neural aligner’s posterior at the
distributional level.

First, we note that the action oracle 𝑂(𝑙 , 𝑤, 𝑔)
is bijective as a function of 𝑙 (i.e., keeping 𝑤 and
𝑔 fixed), so the transition-based parser 𝑝(𝑎 | 𝑤 ; �)
induces a joint distribution over alignments and
graphs,

𝑝(𝑙 , 𝑔 | 𝑤 ; �) def
= 𝑝(𝑎 = 𝑂(𝑙 , 𝑤, 𝑔) |𝑤 ; �).

This joint distribution further induces a marginal
distribution over graphs,

𝑝(𝑔 | 𝑤 ; �) =
∑
𝑙

𝑝(𝑙 , 𝑔 | 𝑤 ; �),

as well as a posterior distribution over alignments,

𝑝(𝑙 | 𝑤, 𝑔 ; �) = 𝑝(𝑙 , 𝑔 | 𝑤 ; �)
𝑝(𝑔 | 𝑤 ; �) .
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A simple way to use the neural aligner’s distribu-
tion, then, is via a posterior regularized likelihood
(Ganchev et al., 2010),5

ℒPR(�) = log 𝑝(𝑔 | 𝑤 ; �)−
KL[𝑞(𝑙 | 𝑤, 𝑔 ; 𝜙) ∥ 𝑝(𝑙 | 𝑤, 𝑔 ; �)].

That is, we want to learn a parser that gives high
likelihood to the gold graph 𝑔 given the sentence
𝑤 but at the same time has a posterior alignment
distribution that is close to the neural aligner’s pos-
terior. Rearranging some terms, we then have

ℒPR(�) =E𝑞(𝑙 | 𝑤,𝑔 ; 𝜙) [log 𝑝(𝑙 , 𝑔 | 𝑤 ; �)] +
H[𝑞(𝑙 | 𝑤, 𝑔 ; 𝜙)],

and since the second term is a constant with respect
to �, the gradient with respect to � is given by,

∇�ℒPR(�) =E𝑞(𝑙 |𝑤,𝑔 ; 𝜙) [∇� log 𝑝(𝑙 , 𝑔 | 𝑤 ; �)] .
Gradient-based optimization with Monte

Carlo gradient estimators therefore results in
an intuitive scheme where (1) we sample 𝐾
alignments 𝑙(1) , . . . , 𝑙(𝐾) from 𝑞(𝑙 | 𝑤, 𝑔 ; 𝜙),
(2) obtain the corresponding action sequences
𝑎(1) , . . . , 𝑎(𝐾) from the oracle, and (3) optimize
the loss with the Monte Carlo gradient estimator
1
𝐾
∑𝐾
𝑘=1 ∇� log 𝑝(𝑎(𝑘) | 𝑤, 𝑔 ; �).

It is clear that the above generalizes the MAP
alignment case. In particular, setting 𝑞(𝑙 | 𝑤, 𝑔) =
1{𝑙 = 𝑙} where 𝑙 is the MAP alignment (or an
alignment derived from the existing pipeline) re-
covers the existing baseline.

Importance Sampling (IS) The posterior reg-
ularized likelihood clearly lower bounds the log
marginal likelihood ℒ(�) = log 𝑝(𝑔 | 𝑤 ; �),6 and
implicitly assumes that training against the lower
bound results in a model that generalizes better
than a model trained against the true log marginal
likelihood. In this section we instead take a vari-
ational perspective and use the neural aligner not
as a regularizer, but as a surrogate posterior distri-
bution whose samples can be reweighted to reduce
the gap between the ℒ(�) and ℒPR(�).

5Note that unlike in the original formulation, here we do
not optimize over 𝑞 and instead keep it fixed. This is equiv-
alent to the original formulation if we define the posterior
regularization set 𝒬 to just consist of the distribution learned
by the neural aligner, i.e., 𝒬 = {𝑞}.

6The log marginal likelihood is intractable to estimate
directly due to the lack of any independence assumptions
in the AMR parser, since in the AMR parser the alignment
variable 𝑙𝑠 fully depends on 𝑙<𝑠 .

We first take the product of the neural aligner’s
posterior to create a joint posterior distribution,

𝑞(𝑙(1) , . . . 𝑙(𝐾) ; 𝜙) def
=

𝐾∏
𝑘=1

𝑞(𝑙(𝑘) | 𝑤, 𝑔 ; 𝜙),

where 𝐾 is the number of importance samples.
Then, Burda et al. (2016) show that the following
objective,

E𝑞(𝑙(1) ,...𝑙(𝐾) ; 𝜙)

[
log

1
𝐾

𝐾∑
𝑘=1

𝑝(𝑙(𝑘) , 𝑔 | 𝑤 ; �)
𝑞(𝑙(𝑘)) |𝑤, 𝑔 ; 𝜙)

]
,

motonotically converges to the log marginal like-
lihood log 𝑝(𝑔 | 𝑤 ; �) as 𝐾 → ∞. A single-
sample7 Monte Carlo gradient estimator for the
above is given by,

𝐾∑
𝑘=1

𝑤(𝑘)∇� log 𝑝(𝑎(𝑘) | 𝑤, 𝑔 ; �),

where

𝑤(𝑘) =
𝑝(𝑎(𝑘) | 𝑤 ; �)/𝑞(𝑙(𝑘) | 𝑤, 𝑔 ; 𝜙)∑𝐾
𝑗=1 𝑝(𝑎(𝑗) | 𝑤 ; �)/𝑞(𝑙(𝑗) | 𝑤, 𝑔 ; 𝜙)

are the normalized importance weights (Mnih and
Rezende, 2016). Thus, compared to the gradient
estimator in the posterior regularized case which
equally weights each sample, this importance-
weighted objective approximates the true poste-
rior 𝑝(𝑙 | 𝑤, 𝑔 ; �) by first sampling from a fixed
distribution 𝑞(𝑙 | 𝑤, 𝑔 ; 𝜙) and then reweighting it
accordingly.

Discussion Despite sharing formulation with
the variational autoencoder (Kingma and Welling,
2013) and the importance weighted autoencoder
(Burda et al., 2016), the approach proposed here dif-
fers in fundamental aspects. In contrast to the varia-
tional approaches we fix 𝑞 to the pretrained aligner
posterior and do not optimize it further. Moreover,
the lower bound ℒPR(�) represents an inductive
bias informed by a pretrained aligner, which can
be more suited for early stages of training than
even a tangent evidence lower bound (zero gap).
This is because, for a tangent lower bound, 𝑞 in the
Monte Carlo gradient estimate is equal to the true
posterior over alignments for current model param-
eters. Since these parameters are poorly trained, it

7Note that a single sample from 𝑞(𝑙(1) , . . . 𝑙(𝐾) ; 𝜙) is ob-
tained by sampling from the neural aligner 𝐾 times.
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is easy for the aligner to provide a better alignment
distribution for learning.

Posterior regularization seeks to transfer the neu-
ral aligner’s strong inductive biases to the AMR
parser, which has weaker inductive biases and thus
may be potentially too flexible of a model. On the
other hand, importance sampling “trusts” the AMR
parser’s inductive bias more, and uses the neural
aligner as a surrogate distribution that is adapted
to more closely approximate the AMR parser’s
intractable posterior. Thus, if the posterior regular-
ized variant outperforms the importance sampling
variant, it suggests that the StructBART is indeed
too flexible of a model. While not considered in
the present work, it may be interesting to explore
a hybrid approach which first trains with poste-
rior regularization and then switches to importance
sampling.

5 Experimental Setup

All code to run our experiments is available online8

with Apache License, 2.0.

5.1 Data, Preprocessing, and Evaluation

Data We evaluate our models on two datasets for
AMR parsing in English. AMR2.0 contains ~39k
sentences from multiple genres (LDC2017T10).
AMR3.0 is a superset of AMR2.0 sentences with
approx. 20k new sentences (LDC2020T02), im-
proved annotations with new frames, annotation
corrections, and expanded annotation guidelines.
Using AMR3.0 for evaluation allows us to measure
how well our alignment procedure generalizes to
new datasets — AMR3.0 includes new sentences
but also new genres such as text from LORELEI,9

Aesop fables, and Wikipedia.
The primary evaluation of the aligner is extrin-

sically through AMR parsing, and we additionally
evaluate alignments directly against ground truth
annotations provided in Blodgett and Schneider
(2021)—specifically, we look at the 130 sentences
from the AMR2.0 train data (the ones most well
suited for SB-Align), which we call the gold test
set. Alignment annotations are not used during
aligner training and only used for evaluation.

8https://github.com/IBM/transition-amr-parser
9The LORELEI genre (low resource languages for emer-

gent incidents) contains sentences from news articles, blogs,
and forums (Strassel and Tracey, 2016). These sentences were
specifically used in Bevilacqua et al. (2021) to measure parser
out-of-domain generalization.

Preprocessing We align text tokens to AMR
nodes. As the AMR sentences do not include de-
facto tokenization, we split strings on space and
punctuation using a few regex rules.

For AMR parsing we use the action set described
in §2.2. To accommodate the recurrent nature of the
aligner, we linearize the AMR graph during aligner
training. This conversion requires converting the
graph into a tree and removing re-entrant edges, as
described in §3.

Evaluation For AMR parsing we use Smatch
(Cai and Knight, 2013). For AMR alignment
our goal is mainly to compare our new aligner
with strong alignment baselines: SB-Align and
LEAMR, a state-of-the-art alignment model (Blod-
gett and Schneider, 2021; Blodgett, 2021). How-
ever, our aligner predicts node-to-word alignments,
SB-Align predicts node-to-span alignments, and
the ground truth alignments are subgraph-to-span.
To address this mismatch in granularity, we mea-
sure alignment performance using a permissive ver-
sion of F1 after decomposing subgraph-to-span
alignments into node-to-span alignments—a pre-
diction is correct if it overlaps with the gold span.
This permissiveness gives advantages the LEAMR
and SB-Align baselines (which predict span-based
alignments) as there is no precision-related penalty
for predicting large spans.

5.2 Models and Training

Aligner We use a bi-directional LSTM for the
Text Encoder and uni-directional LSTM for the
AMR Decoder. The input token embeddings are
derived from a pretrained character encoder (Pe-
ters et al., 2018) and frozen throughout training;
these token embeddings are tied with the output
softmax, allowing for alignment to tokens not seen
during training. The alignment model is otherwise
parameterized as described in §3. We train for 200
epochs. Training is unsupervised, so we simply use
the final checkpoint.10 Additional training details
for the aligner are in the Appendix.

AMR Parser We use the StructBART model
from Zhou et al. (2021b) and the same hyperpa-
rameters: fine-tuning for 100 epochs (AMR2.0) or
120 (AMR3.0), and using Smatch on the validation

10In our early experiments, we used SB-aligner’s predic-
tions as validation to find a reasonable range of hyperparame-
ters. Performance does not substantially deteriorate after 50
epochs, so this was not necessary or useful for early stopping.
Early stopping based on perplexity performed similarly.
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Method Beam Size Silver Data AMR2.0 AMR3.0

APT (Zhou et al., 2021a)𝒫 10 70K 83.4 -
TAMR (Xia et al., 2021)𝒢 8 1.8M 84.2 -
SPRING (Bevilacqua et al., 2021) 5 200K 84.3 83.0
StructBART-S (Zhou et al., 2021b) 10 90K - 82.7 ±0.1

StructBART-J (Zhou et al., 2021b) 10 90K 84.7 ±0.1 82.6 ±0.1

StructBART-J+MBSE (Lee et al., 2021) 10 219K 85.7 ±0.0 84.1 ±0.1

BARTAMR (Bai et al., 2022) 5 200K 85.4 84.2

APT (Zhou et al., 2021a)𝒫 10 - 82.8 81.2
SPRING (Bevilacqua et al., 2021) 5 - 83.8 83.0
SPRING (Bevilacqua et al., 2021)𝒢 5 - 84.5 80.2
StructBART-J (Zhou et al., 2021b) 10 - 84.2 ±0.1 82.0 ±0.0

StructBART-S (Zhou et al., 2021b) 10 - 84.0 ±0.1 82.3 ±0.0

StructBART-S (reproduced) 1 - 83.9 ±0.0 81.9 ±0.2

+neural-aligner (MAP) 1 - 84.0 ±0.1 82.5 ±0.1

+neural-aligner (MAP) 10 - 84.1 ±0.0 82.7 ±0.1

+neural-aligner (PR, w/ 5 samples) 1 - 84.3 ±0.0 83.1 ±0.1

+neural-aligner (IS, w/ 5 samples) 1 - 84.2 ±0.1 82.8

Table 1: Results on parsing for AMR2.0 and 3.0 test sets. We report numbers when using single alignments (MAP),
posterior regularization (PR), and importance sampling (IS). Also included are number of silver data training
sentences used and beam size. PR and IS does not improve with beam search, and hence these numbers are omitted.
𝒫 : Uses partial ensemble for decoder. 𝒢 : Uses graph recategorization.

set for early stopping. We did not tune the hyper-
parameters of the AMR parser at all as we wanted
to see how well the neural aligner performed as a
“plug-in” to an existing system. Additional imple-
mentation details for parsing are in the Appendix.
For posterior regularization (PR) and importance
sampling (IS) variants we use 𝐾 = 5 samples to
obtain the gradient estimators.

6 Results and Analysis
The full results are shown in Table 1, where we find
that our approach can learn state-of-the-art AMR
parses for gold-only training and without requiring
beam search. We now interpret the main results in
more detail.

Pipeline Generalization SB-Align was devel-
oped prior to the AMR3.0 release, and because
it incorporates a complex pipeline with domain-
specific rules, one could argue it is specialized
for prior datasets like AMR2.0. In Table 1 our
aligner yields relatively stronger StructBART im-
provements for AMR3.0 than AMR2.0. This result
and the relatively little manual configuration our
aligner requires (e.g., no rules, lemmatization, etc.)
suggest our alignment approach generalizes better
to different training corpora and that prior pefor-
mance of StructBART on AMR3.0 may have been

affected by a lack of generalization.
Graph re-categorization (Zhang et al., 2019a,b)

is a commonly used technique in AMR parsing
where groups of nodes are collapsed during train-
ing and test time, but expanded during evaluation.
Results from (Bevilacqua et al., 2021) show re-
categorization may be harmful, but our results sug-
gest a different perspective—re-categorization is
partially a function of alignment-like heuristics
and the lower re-categorization results of SPRING
in AMR3.0 reinforce our findings that alignments
based on heuristic are difficult to generalize.

Alignment Uncertainty vs. Data Augmentation
We improve parsing performance by sampling 5
alignments per sentence in batch (see Table 1).
One can argue that our approach simply exposes
the model to more data, but we found that train-
ing on one-best alignments for longer did not im-
prove results. When looking at our sampling results
compared with previous versions of StructBART
trained on silver data, we see that our approach
even outperforms the benefit of the simpler ver-
sions of data augmentation, such as simple self-
learning. This suggests that there is possible fur-
ther improvement by combining both techniques,
which we leave for future work.
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AMR2.0

LEAMR (Blodgett and Schneider, 2021) 97.4
SB-Align (Zhou et al., 2021b) 89.2
Neural Aligner (ours) 96.5

IBM Model 1 77.2
Neural Aligner w/o pretrained emb. 79.8
Neural Aligner w/ pretrained emb. 96.5

Table 2: (Top) Alignments results using ground truth
data from Blodgett and Schneider (2021), where we use
the 130 sentences from the gold test set that are from
the AMR2.0 train data. (Bottom) Alignment ablation
results against the same test set using different alignment
model variants. Note that as the ground truth alignment
is at the span level, we report a permissive variant of F1
where a prediction is considered correct if it partially
overlaps with the ground truth span. This advantages
the LEAMR and SB-Align baselines as these can align
to spans, whereas our aligners only align to words.

Posterior regularization vs. Importance sam-
pling Training with posterior regularization or
importance sampling uses the same number of sam-
ples, but in different ways. In posterior regulariza-
tion, the samples are used to better approximate
the posterior regularized objective, which in turn
regularizes the AMR parser’s posterior more effec-
tively by reducing the gradient estimator variance.
In importance sampling, the samples are used to
better approximate the AMR parser’s intractable
log marginal likelihood. We find that importance
sampling fails to improve upon posterior regular-
ization for both AMR2.0 and AMR3.0, which in-
dicates that strong inductive biases associated the
constrained aligner is a useful training signal for
the flexible AMR parser.

Comparing against alignment baselines Our
neural alignment method is preferred over SB-
Align for two primary reasons: it is relatively easy
to use (makes use of word embeddings, depends
on less preprocessing, does not require domain-
specific rules, etc.) and empirically improves per-
formance (see Table 1). Nonetheless, we con-
duct an intrinsic evaluation to assess the quality
of the predicted alignments—it is desirable that our
aligner actually provides accurate alignments.

To verify that improved parsing is due to better
alignment, we compare against two strong align-
ment baselines (LEAMR and SB-Align) on an
evaluation set of gold manually annotated align-
ments. In general, there are only a few hundred

such annotations available, yet we aim to use these
alignments on 10s or 100s of thousands sentences
for AMR parsing. For this reason all the aligners
are trained unsupervised with respect to alignment.
The results in Table 2 (top) show our aligner is sub-
stantially better than SB-Align and nearly on-par
with LEAMR, the current state of the art.

Aligner Parameterization We train the classic
count-based IBM Model 1 (Brown et al., 1993) us-
ing expectation maximization. We next train our
neural aligner without pretrained character-aware
embeddings. Our neural aligner is different from
the classic IBM model in that (1) it learns the prior
alignment distribution, (2) the emission model con-
ditions on the entire sentence 𝑤 and the target his-
tory 𝑣<𝑠 . Finally, adding pretrained embeddings
to this model recovers our full model. The results
in Table 2 (bottom) indicate that both flexibility
and token representation are required to outper-
form IBM Model 1. Training with word vectors
learned from scratch only provides a small benefit,
and the best performance is from using pretrained
character embeddings, which yields nearly 20 point
improvement in our permissive F1 metric.

7 Related Work

Oracles for parsing Dynamic oracles in syntac-
tic parsing (Goldberg and Nivre, 2012; Ballesteros
et al., 2016, inter-alia) enable oracles to recover
from imperfect sequences. Oracles with random
exploration in transition-based AMR parsers have
been previously explored using imitation-learning
(Goodman et al., 2016), reinforcement learning
(Naseem et al., 2019) and oracle mining (Lee et al.,
2020). In addition to this, Liu et al. (2018) pro-
duces multiple alignments via their rule-based sys-
tem and selects the best based on parser perfor-
mance. Compared to our proposed posterior regu-
larization training, dynamic oracle works exploit
specific linguistic properties of syntactic trees not
directly transferable to AMR graphs. Prior work
on random exploration and AMR selects oracles
based on the Smatch. Our work uses the action
space and oracle from StructBART (Zhou et al.,
2021b,a), which requires every node to be aligned
to a word so that the AMR graph is fully recov-
erable. We expose the parser to uncertainty by
sampling alignment, which does not require com-
puting the Smatch metric. Rather, the aligner is
trained separately from the parser using pairs of
sentences and their respective AMR graphs.
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Neural Alignments The neural aligner we use
is closely related to sequence-to-sequence mod-
els with hard (i.e., latent variable) attention (Xu
et al., 2015; Ba et al., 2015; Wu et al., 2018;
Shankar et al., 2018; Deng et al., 2018; Shankar
and Sarawagi, 2019, inter alia) and other works on
marginalizing over monotonic alignments (Yu et al.,
2016b; Raffel et al., 2017; Wu and Cotterell, 2019).
In these works, the main goal is to obtain better
sequence-to-sequence models, and the actual pos-
terior distribution over alignments is a byproduct
(rather than the goal) of learning. However, there
are also works that utilize contemporary neural pa-
rameterizations and explicitly target alignments as
the primary goal (Zenkel et al., 2020; Ho and Yvon,
2020; Chen et al., 2021). Prior work on integrat-
ing pretrained aligners with sequence-to-sequence
models has generally used the alignments to su-
pervise the intermediate soft attention layers (Liu
et al., 2016; Cohn et al., 2016; Yin et al., 2021), in
contrast to the present work which formally treats
alignments as latent variables.

Alignments in AMR Parsing There is exten-
sive work aligning AMR nodes to sentences. The
StructBART model (Zhou et al., 2021b) considered
here, previously made use of well established rule-
based and statistical AMR aligners (Flanigan et al.,
2014; Pourdamghani et al., 2014) trained with ex-
pectation maximization and additional heuristics
(Naseem et al., 2019; Fernandez Astudillo et al.,
2020) that we call SB-Align. Our aligner compares
favorably against SB-Align in alignment metrics
and downstream parsing performance. The pre-
dicted alignments we use come close to Blodgett
and Schneider (2021) measured on gold alignment
annotations, despite our method leveraging less
domain-specific components. Lyu and Titov (2018)
and Lyu et al. (2021) incorporate differentiable re-
laxations of alignments for AMR parsing.

Posterior Regularization for Parsing and Gen-
eration Li et al. (2019) apply variational infer-
ence and posterior regularization for unsupervised
dependency parsing using their transition-based
system. Their approach predates large pretrained
language models for which the use of structure may
play a different role. Li and Rush (2020) use pos-
terior regularization to incorporate weakly super-
vised alignment constraints for data-to-text genera-
tion, also without pretrained neural representations
in mind.

8 Conclusion

In this work we propose a general-purpose neural
AMR aligner, which does not use a complex align-
ment pipeline and generalizes well across domains.
The neural parameterization allows the aligner to
fully condition on the source and target context and
easily incorporates pretrained embeddings, lead-
ing to improved performance. Simply using our
aligner to produce training data for a state-of-the-
art transition-based parser leads to improved re-
sults.

We additionally propose a learning procedure
using posterior regularization and importance sam-
pling that involves sampling different action se-
quences during training. These incorporate align-
ment uncertainty and further improve parser per-
formance. Our results on gold-only AMR training
(i.e., without silver data) show that parsers learned
this way match the performance of the prior state-
of-the-art parsers without requiring beam search at
test time.
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Ethical Considerations

We do not foresee specific risks associated with our
exploration of alignment for AMR parsing. That be-
ing said, there are nuances to our results that future
researchers may take into considerations. For in-
stance, our experiments are only for English data in
the genres covered by AMR2.0 and AMR3.0. It is
not clear how our results translate to other domains
(e.g. biomedical text) or other languages. Nonethe-
less, we are hopeful that are methods would transfer
favorably because they are intentionally designed
to be easy to use and general purpose.
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A StructBART Implementation Details

Inference in a transition-based parser corresponds
to the usual decoding of with a sequence to se-
quence model

�̂� = arg max
𝑎

{𝑝(𝑎 | 𝑤)}

to obtain the graph �̂� = 𝑀(�̂� , 𝑤). The model
𝑝(𝑎 | 𝑤) is nowadays parametrized with a neural
network. The state machine 𝑀(𝑎, 𝑤) is defined by

• the position of a cursor 𝑘 ∈ [|𝑤 |] = 1 · · · |𝑤 |,
moving left to right over 𝑤

• a stack of nodes of 𝑔 that is initially empty

• the partial graph of 𝑔

Furthermore, each action is decoupled into nor-
mal and pointer actions 𝑎𝑡 = (𝑏𝑡 , 𝑟𝑡) with

𝑝(𝑎𝑡 | 𝑎<𝑡 , 𝑤;�) =
𝑝(𝑟𝑡 | 𝑏𝑡 , 𝑎<𝑡 , 𝑤;�) 𝑝(𝑏𝑡 | 𝑎<𝑡 , 𝑤;�)

where

𝑝(𝑏𝑡 | 𝑎<𝑡 , 𝑤;�) =
softmax(NN�(𝑎<𝑡 , 𝑤) + 𝑚(𝑎<𝑡 , 𝑤))𝑏𝑡

where NN�(𝑎<𝑡 , 𝑤) ∈ R|𝑉𝑏 | are the logits com-
ing from a neural network model and 𝑚(𝑎<𝑡 , 𝑤) ∈
{−∞, 0}𝑉𝑏 is a mask forbidding invalid state ma-
chine actions e.g. shifting at sentence end. This
mask is deterministically computed given the ma-
chine state. 𝑉𝑏 is the vocabulary of normal actions
(all actions minus pointer information). The pointer
network is given by

𝑝(𝑟𝑡 | 𝑏𝑡 , 𝑎<𝑡 , 𝑤;�) =
softmax(DSA�(𝑎<𝑡 , 𝑤) + 𝑚2(𝑎<𝑡 , 𝑤))𝑏𝑡 )

for 𝑏𝑡 executing arc LA/RA actions and 1 other-
wise. The network DSA�(𝑎<𝑡 , 𝑤) ∈ R|𝑎<𝑡 | is the
decoder’s self-attention encoding of action history
𝑎<𝑡 (last layer). The mask 𝑚2 prevents pointing to
any action that is not a node generating action, or
has been reduced.

B Parser Training Details

Training with argmax alignments takes approxi-
mately 12 hours on a single GPU (2080ti), and
longer when sampling alignments proportional to
the number of samples. When training with sam-
ples, we use gradient accumulation to avoid out of
memory problems. We choose accumulation steps
roughly proportional to number of samples. Other-
wise, training hyperparameters exactly match those
from Zhou et al. (2021b).

C Aligner Implementation Details

Comment on sequence length. The alignment
model in Wu et al. (2018) demonstrates strong re-
sults for character-level translation, which involves
translating a single word from one language to an-
other character-by-character. They state the follow-
ing in reference to their alignment model: the exact
marginalization scheme is practically unworkable
for machine translation. As a point of reference,
we looked at the inflection dataset — in any of the
training splits across the 51 languages, 99% of the
sequences are less than 29 tokens long, 90% are
less than 23 tokens, and 50% are less than 15. In
contrast, sentence lengths for AMR3.0 are often
considerably longer — the 99/90/50 percentiles for
sentence token lengths are 62/35/15 and the AMR
token lengths are 45/26/11. Nonetheless, we found
their results encouraging and our implementation
of the alignment model to still be fast enough de-
spite our using longer sequences.11

D Aligner Training Details

We use single layer LSTMs with size 200 hidden
dimension, dropout 0.1, learning rate 0.0001, and
train with the Adam Optimizer. We use batch size
32 and accumulate gradient over 4 steps (for an
effective batch size of 128). For 200 epochs, train-
ing takes approximately 1-day on a single GPU
(2080ti). We train a new aligner for each parsing
experiment. In Table 2 we report alignment results
from our highest Smatch parsing experiment.

E Alternative text for Figure 1

Shown are the baseline’s point estimate alignment
and our aligner’s alignment posterior. There are
instances of ambiguity where our alignment distri-
bution is preferred to the point estimate.

11We use number of AMR nodes to represent token length,
since this is what bounds the computation.
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Abstract

Previous Part-Of-Speech (POS) induction
models usually assume certain independence
assumptions (e.g., Markov, unidirectional, lo-
cal dependency) that do not hold in real lan-
guages. For example, the subject-verb agree-
ment can be both long-term and bidirectional.
To facilitate flexible dependency modeling,
we propose a Masked Part-of-Speech Model
(MPoSM), inspired by the recent success of
Masked Language Models (MLM). MPoSM
can model arbitrary tag dependency and per-
form POS induction through the objective of
masked POS reconstruction. We achieve com-
petitive results on both the English Penn WSJ
dataset as well as the universal treebank con-
taining 10 diverse languages. Though model-
ing the long-term dependency should ideally
help this task, our ablation study shows mixed
trends in different languages. To better un-
derstand this phenomenon, we design a novel
synthetic experiment that can specifically diag-
nose the model’s ability to learn tag agreement.
Surprisingly, we find that even strong base-
lines fail to solve this problem consistently in
a very simplified setting: the agreement be-
tween adjacent words. Nonetheless, MPoSM
achieves overall better performance. Lastly,
we conduct a detailed error analysis to shed
light on other remaining challenges.1

1 Introduction

Unsupervised Part-Of-Speech (POS) tagging is the
task of discovering POS tags from text without
any supervision. These unsupervised syntax induc-
tion approaches can reduce the effort needed for
collecting expensive syntactic annotation, and can
bring us insights about what inductive bias leads
to the emergence of syntax. Recent POS induction
models have made great progress using different
frameworks (Christodoulopoulos et al., 2010; Berg-
Kirkpatrick et al., 2010; He et al., 2018; Stratos

1Our code is available at https://github.com/
owenzx/MPoSM

DT       NN IN    DT    NN        VBZ RB           JJ       .

Some areas of    the    factory      are particularly    dusty    .

DT       NNS IN    DT      NN        VBP RB           JJ       .

Some news about   the factory  is particularly cheerful .

Figure 1: Two long-term tag dependency examples in
English.

et al., 2016; Shi et al., 2020). However, most of
them assume certain independence assumptions
among POS tags, e.g., Markov (Merialdo, 1994;
Berg-Kirkpatrick et al., 2010; Ammar et al., 2014;
He et al., 2018), unidirectional (Tran et al., 2016),
local dependency (Stratos et al., 2016; Gupta et al.,
2022), etc. On the contrary, complex and long-term
dependency appear in many real languages and
plays an important role in defining the POS tags.
For example, in Figure 1, the VBP tag of are and
the NNS tag of areas depend on each other, and so
do the VBZ tag of is and the NN tag of news.2 So in
this case, models only conditioning the immediate
preceding tag (Markov) or 1-2 neighboring words
(local) cannot explain the distinction between NNS
and NN, or between VBZ and VBP. While unidi-
rectional (e.g., using a unidirectional LSTM (Tran
et al., 2016)) models are in theory capable of mod-
eling long-term dependency through optimizing the
joint probability of tags, bidirectional architectures
still show clear advantage in language modeling
literature (Bahdanau et al., 2015; Vaswani et al.,
2017; Devlin et al., 2019).

In this work, we present a novel framework for
POS induction that is capable of modeling arbitrary
long-term bidirectional dependencies: Masked
Part-Of-Speech Model (MPoSM), inspired by re-
cent success of Masked Language Models (MLM)
(Devlin et al., 2019). Specifically, MPoSM con-
sists of two modules (see Figure 2): a local POS

2Similar agreements are also common in many other lan-
guages. Various other long-term dependencies also exist, e.g.,
tense consistency, long-distance PP attachment, etc.
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prediction module that maps each word to its POS
tag and a masked POS reconstruction module that
masks a certain portion of tags produced from the
previous step, and then learns to first predict the
masked tags as latent variables and then reconstruct
the corresponding words. We use a bidirectional
LSTM (Bi-LSTM) to predict the mask tags con-
ditioned on the remaining tags, which grants our
model the ability to model complex long-term and
bidirectional dependencies among tags. Through
the training signal back-propagated from this mod-
ule, the tags predicted from the local POS predic-
tion module will also be encouraged to have global
inter-dependency, which leads to better tags. Since
we do not have gold POS tags, at the masked po-
sitions, we marginalize over all possible tags and
optimize word reconstruction probabilities. Intu-
itively, the correct induction of POS tags is benefi-
cial for the prediction of the correct masked words.
For example, in Figure 1, if we mask the second
positions of the two sentences (corresponding to
areas and news), inducing two different tags (i.e.,
NNS for areas and NN for news) correctly will
make the word prediction easier than inducing the
same tag. From a probabilistic view, our model
is conceptually similar to approximately modeling
the probability of generating the whole sentence
from latent tags using masked loss as a surrogate.

MPoSM achieves competitive performance on
both the 45-tag English Penn WSJ dataset (Mar-
cus et al., 1993) and the 12-tag universal tree-
bank (McDonald et al., 2013) containing 10 di-
verse different languages. It achieves comparable
oracle M-1 compared to the SOTA (state-of-the-
art) models (Stratos, 2019; Gupta et al., 2022) on
Penn WSJ dataset and achieves higher performance
than Stratos (2019) on 4 out of 10 languages on the
universal treebank. We also show that substantial
improvements can be made with the help of con-
textualized representations in mBERT, similar to
Gupta et al. (2022). We conduct an ablation study
on multiple languages by replacing the Bi-LSTM
architecture with a window-based MLP that models
the local dependency of tags. Surprisingly, while
modeling the full-sentence context can improve the
performance of English and German, modeling lo-
cal context is better for Indonesian and Korean. Our
mutual information analysis indicates that this dif-
ference may be resulted from the different degrees
of gold-tag dependency of different languages.

Since real-life datasets can contain many con-

founding factors, we next design a suite of well-
controlled synthetic experiments from the angle
of agreement-learning to examine how well the
model can take advantage of the long-term depen-
dency. Our synthetic datasets can guarantee enough
training signals for the model to capture the agree-
ments. However, we show that all current models
fail to consistently solve the agreement learning
problems, even with the most basic agreement hap-
pening between adjacent words. Nonetheless, our
model shows the best performance with the highest
percentage of solving these problems in multiple
runs. We conjecture that this is relate to the general
optimization problems of latent variable inference
problems (Jin et al., 2016) (see more discussions
in Section 7). Such obstacles prevent models from
gaining additional benefits from modeling long-
term dependency. Finally, we did error analysis on
the predicted clusters for English and Portuguese
and identify remaining challenges both from imper-
fect modeling and lack of data diversity.

In summary, our main contributions are: (1)
a novel POS induction architecture with MLM-
inspired loss that allows learning arbitrary tag
dependencies and reaches close-to-SOTA perfor-
mance; and (2) examining the effectiveness of us-
ing long-term context and providing a suite of syn-
thetic datasets to expose the challenges in agree-
ment learning and pointing out future challenges.

2 Background

POS Induction. A POS tag is a category of
words that share the same grammatical property.
A simplified form of these tags will involve com-
monly known categories such as nouns, verbs, etc.
Formally, given a sentence with l words x =
{xi}li=1, the corresponding POS tags z = {zi}li=1,
then the goal of the POS induction task is to infer
z from x without supervision from gold tags.

Limitations of Existing POS Induction Models.
From the perspective of probabilistic graphical
models, POS tags can be viewed as latent vari-
ables related to all the observed words. Each tag z
is a latent variable that generates the corresponding
word x. Hence, inducing the POS tag sequence
becomes the problem of performing MAP infer-
ence of the latent variables. This is a popular and
effective view adopted by many previous works.
To make such inference tractable, previous works
have to add certain assumptions, including adding
Markov assumption to the latent variables z (i.e.,
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the current tag only depends on the immediate pre-
vious tag) (Merialdo, 1994; Berg-Kirkpatrick et al.,
2010; Ammar et al., 2014), only considering local
dependencies (Stratos, 2019; Gupta et al., 2022),
unidirectional dependencies (Tran et al., 2016), etc.
However, dependencies in real language are not
constrained by length or direction, as we discussed
in Sec. 1. Hence, simplifying and ruling the capa-
bility out in the model design is suboptimal. To
mitigate this problem, in Sec. 3, we will describe
our approach to model long-term dependency.

Why are the Learned Latent Variables Corre-
lated with POS-Tags? Before introducing our
method, we discuss why latent variable models can
induce POS-tags well. Take the vanilla HMM as
an example, the latent variables in the model can
be viewed as being optimized towards two objec-
tives: the transition probability p(zi|zi−1) and the
emission probability p(xi|zi). They characterize
two properties respectively: (1) strong ordering
dependencies among latent variables; and (2) the
strong correlation between latent variables and the
observed word. In short, the success of previous
latent variable models implies: A word’s inherent
category that has strong ordering constraints will
highly resemble the POS tag. In this work, we
follow this assumption, but propose a model that
is able to learn arbitrary bidirectional long-term
dependencies p(zi|{zj}j 6=i) instead of p(zi|zi−1).

3 Masked Part-Of-Speech Model

Inspired by the recent success in masked language
modeling (MLM) (Devlin et al., 2019), we present
Masked Part-Of-Speech Model (MPoSM). Next,
we will first describe the model architecture and
then introduce several useful additional techniques.

3.1 Model Architecture

As is shown in Figure 2, our model consists of
two parts: a local POS prediction module and a
masked POS reconstruction module. The local
POS prediction module predicts a POS tag for each
word, and the masked POS reconstruction module
encourages strong dependencies among these tags.

Local POS Prediction. Given the input word
sequence x = {xi}li=1 with length l, we first
get the word embeddings. As morphological
features are shown to be useful for POS induc-
tion (Christodoulopoulos et al., 2010) to capture
inflection (e.g., the ‘-s’ suffix for English plu-

[MASK]

Bi-LSTM

CharWord
Gumbel 

... ...

...

Masked POS Reconstruction

POS

CharWord
Gumbel 

...

POS

CharWord
Gumbel 

...

POS

CharWord
Gumbel 

Output Tags

Local POS Prediction 

Figure 2: Illustration of our MPoSM. The model con-
sists of two parts: the local POS prediction module
(blue part at the bottom) and the masked POS recon-
struction module (green part at the top).

rals), we follow Stratos (2019) to extract character-
level representations using a Bi-LSTM. We con-
catenate word embeddings and char representa-
tions to form the final representations for each
word, w = {wi}li=1. Then, we use a sin-
gle context-independent feed-forward network to
predict the POS tags z out of w, i.e. zi =
argmax(Softmax(FF(wi))). Essentially, this
module models P (zi|xi) for every position and
predicts the POS tag only conditioned on the word
itself without considering its context. We make
this design choice as POS tags are the syntactic
property of each individual word, so it should be
able to be predicted as an attribute of the word.3

Importantly, in order to make the whole model
end-to-end differentiable, we replace the argmax
with a straight-through Gumbel-Softmax estima-
tor (Jang et al., 2017; Maddison et al., 2017) (see
Appendix A for more details).

Masked POS Reconstruction. After we get all
the predicted POS tags z = {zi}li=1 for the previ-
ous module, we conduct masked POS reconstruc-
tion to encourage modeling strong dependencies
among z. Specifically, we follow Devlin et al.
(2019) to mask 15% of the predicted POS tags
and replace them with a placeholder MASK tag.
Then we map them into POS embeddings and use a
Bi-LSTM (Hochreiter and Schmidhuber, 1997) as
the dependency-modeling network. 4 This grants
flexibility of modeling the long-term and bidirec-
tional dependency among tags without any assump-

3However, it gives our model the limitation of only pre-
dicting a fixed tag for each word, same as Stratos (2019).
Nonetheless, the upper bound M-1 on the 45-tag Penn dataset
is 94.6 and the mean upper bound on UD is 95.4, which are
both substantially higher than current models.

4We also experimented using the Transformer architecture
in our preliminary experiments, but did not observe additional
gain. See Appendix J for details.
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tions and thus brings us an advantage over tradi-
tional HMM-based models. Then, we predict the
masked POS tags out of the contextualized rep-
resentations from the Bi-LSTM, so, essentially, it
models P (ẑj |Cj), where ẑj is the reconstructed tag
at position j and Cj = {zi}i 6=j is the context. We
treat the predicted ẑj as latent variables and maxi-
mize the probability of the corresponding word xj ,
which can be written out by marginalizing over ẑj :

P (xj |Cj) =
∑

ẑj

P (xj |ẑj)P (ẑj |Cj) (1)

The conditional probability P (xj |ẑj) can be mod-
eled through another feed-forward network with the
POS embeddings as the input. Intuitively, predict-
ing the P (ẑj |Cj) objective encourages strong de-
pendency among the tags and predicting P (xj |ẑj)
reinforces the connection between the words and
the tags. Hence, the total loss is the sum of all the
log-probabilities at masked positions:

LMPoSM =
∑

j∈Masked Positions

logP (xj |Cj) (2)

Importantly, the supervision from this module will
back-propagate to the local POS prediction mod-
ule. Therefore, even though it produces POS tags
independently, the supervision helps it to capture
the interdependency among all the tags.

During testing, we use the output of the local
prediction module as the output tags.5

3.2 Additional Techniques
Below, we introduce several additional techniques
used in our model to achieve good performance.

Careful Initialization. Similar to many other un-
supervised learning models (Gimpel and Smith,
2012; Meila and Heckerman, 1998; He et al., 2018),
we found our model to be sensitive to initialization
in our preliminary experiments. Below, we propose
Masked Language Modeling Pretraining (MLMP).
We use a two-stage training procedure: (1) we re-
move the modeling architecture for P (xj |ẑj) and
P (ẑj |Cj), and directly apply an MLP to model
P (xj |Cj) without explicitly predicting the masked
tag; (2) we initialize our MPoSM with the pre-
trained model in (1) and continue training with the
loss in Eqn. 2. This procedure trains the bottom
layers with a smoother objective and provides a bet-
ter starting point for optimizing the MPoSM loss.

5We can also use the tags predicted in the masked POS
reconstruction module P (ẑi|Ci) as the output, but we find the
output of local prediction module is empirically better.

Besides, the MPoSM model can leverage knowl-
edge from both pretrained embeddings similar to
He et al. (2018) and Zhu et al. (2020), or pretrained
language models similar to Gupta et al. (2022).

Connecting P(x|z) and P(z|x). While the local
POS prediction module models P (z|x), the masked
POS reconstruction module has a part that mod-
els P (x|z) (Eqn. 1). These two probabilities can
be connected using the Bayes’ rule: P (x|z) =
P (z|x)P (x)∑
xP (z|x)P (x) . If we assume the training set is rep-

resentative enough of the language, we can approx-
imate P (x) by the word frequency in the dataset,
and then we can compute P (x|z) directly follow-
ing the Bayes’ rule instead of using a neural net-
work to model it. We notice that binding these two
probabilities can usually make the training more
stable and improve the performance when training
from scratch. Note that we do not adopt this change
when using pretrained word embeddings because
we can use the pretrained embedding weights at the
output layer (Press and Wolf, 2017), which brings
additional knowledge for the final word prediction.

Dataset Rechunking. One potential problem of
using the full sentence context is the position bias
of POS tags. For example, since a large number of
English sentences start with the word ‘the‘, position
0 will have a strong bias towards predicting the
‘DT’ tag. In our experiments, we concatenate all the
sentences in the original dataset and re-chunk them
randomly. Then we combine the rechunked dataset
and the original dataset as our training set. In our
preliminary experiments, we find it can improve
the stability and the performance of the model.

4 Connections to Related Works

The HMM-based POS induction model (Merialdo,
1994) has many extensions, including using hand-
engineered linguistic features (Berg-Kirkpatrick
et al., 2010), pretrained embeddings (Lin et al.,
2015), task-specific modifications (Blunsom and
Cohn, 2011; Stratos et al., 2016), flow-based
transformations (He et al., 2018), external re-
sources (Haghighi and Klein, 2006; Snyder et al.,
2008; Das and Petrov, 2011), etc. They all optimize
the probability of the sequence, P (x). However,
it requires certain dependency assumptions to be
tractable. Our model instead optimizes the sum of
conditional word probabilities given the remaining
context

∑
i logP (xi|x1..i−1,xi+1..l), i.e., MLM

loss (Devlin et al., 2019). While being different
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en (Penn) de en (UD) es fr id it ja ko pt-br sv

# sentences 49208 15918 43948 16007 16422 5593 7189 9494 6339 11998 6159
# words 1173766 293460 1046829 424425 396511 121923 167873 92033 69690 298323 96319
# vocab 49206 52435 46348 50334 44453 22221 22344 56758 36335 34011 16241
Avg word freq. 23.85 5.60 22.59 8.43 8.92 5.49 7.51 1.62 1.92 8.77 5.93
Tag Mutual Info. 0.85 0.56 0.86 0.65 0.66 0.39 0.57 0.74 0.27 0.59 0.59

Table 1: Dataset statistics. For each row, the language with the largest number are in bold and the language with
the smallest number is underlined. Computation details about the tag mutual information is in Appendix E.

from P (x), this objective is an effective surrogate
and makes modeling complex dependencies possi-
ble. There also exist some earlier methods that do
not require the Markov assumption. For example,
Abend et al. (2010) design a method to directly
cluster the embeddings containing distributional
and morphological information of the word, and
then identify prototype words to facilitate the fi-
nal POS induction. Tran et al. (2016) propose a
neural HMM model. Similar to our model, it can
also model long-term dependency (due to the use
of LSTM), however, they still constrain the de-
pendence to be uni-directional (due to the HMM
nature). Our model does not have such constraints
and empirically works better.

Architecture-wise, our model is conceptually
similar to a denoising auto-encoder (Vincent et al.,
2008), where the masking step can be viewed as
adding noises to the POS tags. The idea of using
auto-encoder models for unsupervised learning has
been explored with CRFs in Ammar et al. (2014).
However, they still require Markov independence
assumption to make inference on CRF tractable,
while our model has the ability to model complex
long-term dependencies. Plus, we use an MLM-
inspired loss instead of reconstructing Brown clus-
ters (Brown et al., 1992) as Ammar et al. (2014).

Our model also provide additional insight on
the relation between MLM and syntax emergence.
Such connection has also been explored in previous
works. Pretrained transformers using MLM (De-
vlin et al., 2019; Clark et al., 2020; Raffel et al.,
2020) have shown strong syntactic abilities (Tenney
et al., 2019; Jawahar et al., 2019; Goldberg, 2019).
CBOW and skip-gram embeddings (Mikolov et al.,
2013) can be viewed as an MLM with a limited
context window (i.e., local context), and have been
shown to be useful for syntax induction, espe-
cially with small window sizes (Bansal et al., 2014;
Lin et al., 2015; He et al., 2018). Some recent
POS induction works explore CBOW-style objec-
tives (Stratos, 2019; Gupta et al., 2022). However,
using the sentence-level MLM objective for syntax
induction is under-explored. The only exception is

the recent work of Shen et al. (2021), which focuses
on a different task: unsupervised parsing. The dif-
ferent tasks lead to substantially different focuses
and designs in the architecture. They use MLM
with a dependency-constrained self-attention mech-
anism to extract parses, while we extend MLM
to the POS-tag level (MPoSM) and explicitly dis-
cretizes the latent variables to extract tags.

5 Experimental Setup

5.1 Datasets and Metrics

We evaluate our model on two datasets: the 45-tag
English Penn WSJ dataset (Marcus et al., 1993)
and the 12-tag universal treebank (McDonald et al.,
2013). Following Ammar et al. (2014) and Stratos
(2019), we use the v2.0 version6 containing 10 dif-
ferent languages. Detailed statistics are in Table 1.

Following recent works (Stratos, 2019; Gupta
et al., 2022), we use the Many-to-One accuracy
(M-1) (Johnson, 2007) as our metric, and train and
evaluate our model on the whole dataset. Follow-
ing Shi et al. (2020), we distinguish between the
oracle performance that selects the model with the
best M-1 metric (M-1OR), and the fully unsuper-
vised performance that selects the model with the
best loss (M-1). However, many previous works
used different or unspecified model selection set-
tings. For a fair comparison, we get results under
our setting using their official code if possible.

5.2 Implementation Details

For the English Penn WSJ dataset, we use the pre-
trained embedding provided in He et al. (2018). For
the main results on the universal treebank, we do
not use any external resources and use MLMP ini-
tialization. Additionally, we also report the results
with mBERT contextualized representations on the
universal treebank following Gupta et al. (2022),
where they show mBERT representations empiri-
cally outperforms English BERT representations
on POS-tag induction. Same to the implementa-
tion in Gupta et al. (2022), we also use the average

6https://github.com/ryanmcd/uni-dep-tb
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de en es fr id it ja ko pt-br sv

MPoSMOR 71.8 72.3 73.2 73.7 69.4 69.7 76.8 55.2 76.2 63.7
MPoSM + mBERTOR 77.5 72.1 77.0 74.8 72.4 74.8 76.0 56.6 78.1 65.5

Stratos (2019)OR 75.4 73.1 73.1 70.4 73.6 67.4 77.9 65.6 70.7 67.1
Gupta et al. (2022)OR 81.7 76.7 79.5 70.8 76.9 71.8 84.7 69.7 78.9 69.7

Stratos et al. (2016)** 63.4 71.4 74.3 71.9 67.3 60.2 69.4 61.8 65.8 61.0
Berg-Kirkpatrick et al. (2010)** 67.5 62.4 67.1 62.1 61.3 52.9 78.2 60.5 63.2 56.7
Brown et al. (1992)** 60.0 62.9 67.4 66.4 59.3 66.1 60.3 47.5 67.4 61.9

Table 2: Performance on the universal treebank. Gupta et al. (2022) also leverages pretrained mBERT model.
All the other models do not use pretrained models or embeddings. Subscript OR denotes models evaluated by
oracle M-1 and ** refers to unspecified model selection. Standard deviations and non-oracle numbers are in the
Appendix D.

M-1OR M-1

MPoSM 75.6 (±2.0) 74.5 (±1.4)
MPoSM + emb 78.6 (±1.7) 77.9 (±1.8)

Tran et al. (2016) - 75.0 (± 1.5)
He et al. (2018) - 75.6 (±2.7)
Stratos (2019) 78.1 (±0.8) -
Gupta et al. (2022) - 79.5 (±0.9)

Brown et al. (1992)** 65.6
Berg-Kirkpatrick et al. (2010)** 74.9 (±1.5)
Tran et al. (2016)** 79.1
Abend et al. (2010)** 75.1
He et al. (2018)* - 80.8 (±1.3)

Table 3: POS induction performance on the 45-tag En-
glish Penn WSJ dataset. Numbers are the 5-run aver-
ages plus standard deviations. In the last row group, we
include the numbers of baselines that have unspecified
model selection procedures and no official code avail-
able (denoted by **), or use a more carefully designed
model selection method (denoted by *).

representation over all the subwords and layers as
the representation for each word. For all models,
we train our model using Adam (Kingma and Ba,
2015) with an initial learning rate 0.001. The batch
size is set to 80. The Gumbel softmax temperature
is set to 2.0. The results on the Penn WSJ dataset
are the mean of 5 runs, and the results on the uni-
versal treebank are the mean of 3 runs (see more
details in Appendix C).

6 Results and Ablations

6.1 45-tag English Penn WSJ dataset.
The results are shown in Table 3. We reported
two variants: the MPoSM model that does not
use any external resource, and the MPoSM + emb
model that uses the same pretrained word embed-
dings as He et al. (2018). Using pretrained embed-
dings does provide substantial improvements to our
model. Overall, our model achieves competitive
performance compared to SOTA models (Stratos,
2019; Gupta et al., 2022), reaching 78.6 oracle
M-1. The oracle performance is 0.5 points higher

than the model in Stratos (2019) using a mutual
information-based loss. Our fully unsupervised
performance reaches 77.9 M-1, which is also sim-
ilar to SOTA models (Stratos, 2019; Gupta et al.,
2022), and is higher compared to previous models
using the same pretrained embeddings (He et al.,
2018) (75.6), models not using the Markov assump-
tion (Abend et al., 2010) (75.1) or models using
uni-directional long-term dependency (Tran et al.,
2016) (75.0). Concurrent to our work, Gupta et al.
(2022) achieve a higher M-1 of 79.5, but they use
more additional resources, including mBERT rep-
resentations and fastText (Joulin et al., 2017)
morphological features.

6.2 12-tag Multilingual Results on Universal
Treebank.

We also report results on all 10 languages on the
universal treebank in Table 2 (the full table with
standard deviations can be found in Table 6 of Ap-
pendix D). To make the settings practical to low-
resource languages, we do not use any pretrained
word embeddings on this dataset. Compared to the
SOTA model (Stratos, 2019) that also does not use
any external resources, our model achieves com-
petitive performance, outperforming it on 4 out of
10 languages (es, fr, it, pt-br). Together with the
English Penn WSJ dataset, we notice that MPoSM
perform well on most of the languages, but may un-
derperform the previous model on languages with
weaker tag-level dependency (e.g., ko and id, stat-
stics are in Table 1, more detailed analyses and dis-
cussions are in Appendix E and F) and on smaller
datasets (e.g., ko and sv).

Concurrently, Gupta et al. (2022) showed sub-
stantial improvement on the universal treebank by
leveraging knowledge in the pretrained mBERT
representations. Inspired by their success, we also
report the result using mBERT in MPoSM (as de-
noted by MPoSM + mBERT) in Table 2. Similarly,
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en (Penn) de (uni) id (uni) ko (uni)

MPoSM (full) 78.6 (±1.7) 71.8 (±2.5) 69.4 (±1.8) 55.2 (±1.3)
MPoSM (width=2) 77.3 (±0.3) 68.5 (±2.8) 70.0 (±1.0) 56.6 (±1.4)

Table 4: Oracle M-1 performance of different context
types on the four different languages.

using mBERT substantially improves MPoSM’s
performance on the universal treebank. While
on languages with weak tag-level dependency or
smaller datasets, MPoSM + mBERT still does not
perform most effectively (similar to the trend in
MPoSM), MPoSM + mBERT achieves substan-
tially higher results on most of the languages com-
pared to MPoSM, and achieves results higher than
Gupta et al. (2022) on French and Italian. On
average, Gupta et al. (2022) still achieves higher
results. This trend may imply that other factors
(e.g. the clustering methods used in Gupta et al.
(2022)) are important for their good performance.
We have also tried using mBERT on the English
WSJ dataset, but do not see a substantial improve-
ment. We leave how to combine their method with
MPoSM as a promising future direction.

6.3 How does modeling long context
influence the results?

Taking advantage of the flexibility of our model,
we analyze whether modeling long-term context is
always better than modeling local context. We com-
pare two models: the MPoSM (full) model is the
default model described in Sec. 3, and the MPoSM
(width=2) model that replaces the Bi-LSTM net-
work with an MLP and only takes in the neighbor-
ing 4 predicted POS tags as the input (i.e., local con-
text). We test our model on 4 languages: English,
German, Indonesian, and Korean. These languages
are selected to have representative statistics among
all the languages in the universal treebank in terms
of dataset size and average word frequency (see
Table 1).7 The results are in Table 4. On English
and German, the default model is better than the
MPoSM (width=2) variant by 1.3 and 3.3 points
respectively. However, on Indonesian and Korean,
the trend is reversed with the MPoSM (width=2)
variant showing 0.6 and 1.4 point advantage re-
spectively. We notice that the languages do not
benefit from using a longer context also correlates
well with the languages with weak tag-level depen-
dencies. Such property prevent the MPoSM from

7We choose language mainly according to the dataset statis-
tics instead of linguistic properties as in preliminary experi-
ments, those statistics are more influential to the performance.

“o1 o2”

at most once

“n1” “o1 o2”

at most once

“v1”

“n2” “o1 o2”

at most once

“v2”

Example 1 (for n1-v1): o1 o2 n1 o1 o2 o1 o2 v1
Example 2 (for n2-v2): o1 o2 n2 o1 o2 o1 o2 v2

Figure 3: Illustration of the tag-level regex for sen-
tences in D(2-4). D(0) sentences can be generated by
removing the “o1 o2” block between n and v.

benefit from the advantage of dependence model-
ing on those languages, and consequently using
a longer context does not provide additional help.
More detailed analysis is in Appendix E.

7 Analysis and Challenges

7.1 Agreement Learning Experiments

Inducing good POS tags requires models to un-
derstand what “agreement” is. To match the gold
45-tag set of Penn Treebank, the model needs to dis-
tinguish between VBP (Verb, non-3rd person sin-
gular present) and VBZ (Verb, 3rd person singular
present) tags (see examples in Figure 1). Though
local morphological features do provide useful cues
for such classification, models should achieve bet-
ter performance by observing the full picture of
agreement in the long context. From the results
in Sec. 6, we notice evaluation in real-life datasets
may contain many confounding factors. Hence,
we design a well-controlled synthetic dataset to
examine exactly how well the model learns these
agreements. Surprisingly, we find that the limita-
tion of current models is not about leveraging long
context, but a common fundamental limitation on
using co-dependency to distinguish tags.

Controlled Dataset Design. To provide a sim-
plified and well-controlled environment, our syn-
thetic datasets consist of a small set of words and
tags, and simple sentences. Specifically, we use
6 different tags, with 5 unique words correspond
to each tag. Our 6 tags are named after nouns
(n1, n2), verbs (v1, v2), and other unimportant
tokens (o1, o2). In every sentence, n1 always
appear before v1, and n2 before v2, analogous
to subject-verb agreement in English. We create
the synthetic data by first sampling a tag sequence
(illustrated in Figure 3) and then randomly select
words of each tag in the sequence. We also make
sure the two agreements (n1-v1, n2-v2) have ex-
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D(0) D(2-4)

MPoSM (width=1) 99.50 (95%) 87.19 (0%)
MPoSM (width=2) 92.99 (30%) 87.62 (0%)
MPoSM (full) 96.50 (75%) 95.31 (30%)

Stratos (2019) (width=2) 92.99 (30%) 86.56 (0%)
Tran et al. (2016) (full) 80.97 (0%) 82.50 (0%)

Table 5: Oracle M-1 on the synthetic datasets with the
percentage of perfect runs (100 M-1) in the bracket.

actly symmetric data. We use the “distance”, i.e.,
the number of tokens, between n and v to control
the agreement-learning difficulty. The larger the
distance is, the harder the example is. Therefore,
we create two subsets with different levels of diffi-
culty, and each contains 40,000 sentences. In the
first simpler subset D(0), n and v are adjacent. In
the second harder subset D(2-4), n and v are sepa-
rated by 2-4 words. Complete illustrations, regexes
and additional results are in the Appendix H.

Surprising Difficulty of Learning Agreement.
Model performances on our synthetic datasets are
in Table 5. We report the mean M-1 of 20 runs and
the percentage of perfect runs (achieving 100 M-1),
as models are expected to consistently achieve the
perfect score if they really acquire agreement. We
include three variants of MPoSM using different
contexts (from the width=1 model only consider-
ing the immediate neighboring tokens to the full
model considering the whole sentence). We com-
pare with two representative baselines: the SOTA
model Stratos (2019) which uses the context with
width=2, and the neural HMM model (Tran et al.,
2016) which leverages unidirectional full context.
In Table 5, we first notice the surprising difficulty
of learning agreement even in the simple D(0) set-
ting, where the n and v are already adjacent. None
of the models can consistently produce the per-
fect tags in this setting. The best results are from
MPoSM with a specific inductive bias of only us-
ing the width=1 local context, but it still fails to
achieve the perfect score consistently. Other mod-
els using a larger context show substantially lower
results. On the harder D(2-4) setting, we see sim-
ilar observations. Due to the architecture limita-
tion, none of the models using local context can
achieve the perfect score even once. Models using
the long context also fail to perform well consis-
tently. MPoSM (full) is the single best model that
successfully acquires agreement, albeit only 30%
of the time. These observations demonstrate the
difficulty of learning agreement in POS induction.
As reflected by the results on D(0), such difficulty

102

103

104

105 prediction
gold

Figure 4: Log-scale sizes of the predicted clusters and
the gold clusters.

cannot be fully attributed to the long-term issue.
We suspect the latent variable-based loss function
used in current models can contain many bad local
minimums, similar to the optimization difficulty
observed in Gaussian Mixture Models (Jin et al.,
2016). Models are likely to stuck in one local min-
imum (e.g., viewing n1 and n2 as the same tag)
and never reach the global optimum.

Finally, we want to point out that our findings
are not contradictory with recent studies that show
the derivation of agreements from MLM-style mod-
els (Jawahar et al., 2019; Goldberg, 2019; Lin et al.,
2019). One key difference is that they directly mea-
sure the word-level agreement, e.g., are should fol-
low areas in Figure 1. However, POS induction fo-
cuses on the tag-level agreement, i.e., VBP should
follow NNS. Our MPoSM can also be viewed as
adding an explicit discretization step in a normal
MLM so that we can predict discrete tags. If we
remove the POS-factorization step in Eqn 1, and di-
rectly predict the word from the word context, our
model can also capture the word-level agreement.

7.2 Error Analysis of Predicted Clusters
In Table 3, we notice that performances of different
models are saturating around 78 M-1 on the English
Penn WSJ dataset. To examine the limitations of
current models point out future directions, we man-
ually investigated the clusters learned by our model.
Below, we list our main findings on English (see
similar findings of Portuguese in Appendix I):

The sizes of predicted clusters are more uni-
form than gold clusters. Only 1 predicted clus-
ter contains very few (less than 3000) words, while
the scale of gold clusters showing a much larger
variance, with 29% of the 45 clusters containing
less than 3000 words. A bar plot illustration is in
Figure 4. We can see that the size of gold clusters
has a much larger range than the predicted clusters.
Under the current losses, assigning a small number
of words to one tag is likely to make the loss worse,
but it hard to match the skewed distribution of nat-
ural tags. Johnson (2007) show similar findings on
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HMM models trained with EM. These consistent
findings may hint at a common limitation of current
objectives. Future work should explore different
objectives with more suitable inductive biases.

Agreements are not learned well. Similar to
the observation in Sec. 7.1, agreements are not
learned well in the predicted clusters. For exam-
ple, the VBP tag (Verb, non-3rd person singular
present) is an important tag in the subject-verb
agreement. While this tag has 15377 occurrences
in the gold annotations, it is not the major tag in
any of the predicted clusters. Most VBP words are
either mixed with the VB or the VBZ words. We
consistently observe models fail to separate these
verbs, showing a large room for improvement.

Difficulty in mapping one word to multiple tags.
Without using mBERT representations, MPoSM
(also applies to many other models, e.g., He et al.
(2018); Stratos (2019), etc.) predicts the same tag
for one word. However, the same word can have
different tags in different contexts. For example,
the word ‘that’ can have gold tags IN, RB, and
WDT. Future works should explore directions on
capturing the multi-sense phenomenon.

Dataset biases influence predicted clusters.
For example, the English WSJ dataset contains
many financial news reports, so numerical words
(e.g., ‘million’, ‘billion’) and related symbols like
‘%’ are very frequent. Since these words always ap-
pear in a distinctive context, models will naturally
cluster these tokens together. Hence, we encourage
future research to explore more diverse datasets.

8 Conclusion

We propose MPoSM, a POS induction model in-
spired by MLM and can model complex long-term
dependencies between POS tags. Our model shows
competitive performance on both English and mul-
tilingual datasets. We analyze the effectiveness
of using long context compared to local context.
Finally, we use synthetic datasets and analyses to
point out remaining challenges.

9 Ethical Considerations

The model proposed in this paper is intended to
study how syntax emerge from unsupervised learn-
ing objectives. It can also help understand lan-
guages with limited annotations. However, as we
showed in this paper, the syntax predicted by cur-
rent models can contain errors and be influenced by

the choice of datasets, so the model’s output should
be used with caution and examined by experts. Our
model has been tested on 10 diverse languages. Our
findings on these languages should generalize to
languages with similar linguistic properties, but we
suggest careful empirical studies before applying
our approach to languages distant from those we
study in this paper.
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A Straight-Through Gubmbel-Softmax
Estimator

To allow the gradients from the masked POS con-
struction module to back-propagate to the local
POS prediction module, we replace the standard
argmax in the local POS prediction module with
the straight-through Gumbel-Softmax estimator.
Specifically, we follow Jang et al. (2017); Mad-
dison et al. (2017) to calculate the one-hot POS-tag
vector using one_hot(softmax(gj + logit j , τ)).
In this equation, τ is the softmax temperature and
gj are i.i.d. samples drawn from a standard Gum-
bel distribution, i.e., gj = − log(− log(U(0, 1))),
where U(0, 1) is a uniform distribution over the
range [0, 1]. Following Jang et al. (2017), we
use argmax to discretize the distribution to a one-
hot vector in the forward pass, but back-propagate
through the continuous Gumbel-softmax. With this
technique, the whole MPoSM becomes end-to-end
differentiable.

Alternatively, instead of operating on the single
POS embedding of the Gumbel-Softmax output,
we can also use the weighted sum of all the POS
embeddings with weight P (zi|xi). However, em-
pirically, we notice the weighted sum approach

does not perform well when the number of tags is
large (e.g., 45 in the Penn WSJ dataset).

B Dataset Links

The universal treebank dataset is from https://
github.com/ryanmcd/uni-dep-tb. The
English Penn WSJ dataset can be obtained through
LDC.

C Implementation and Hyper-Parameter
Details

For initialization, for the English 45-tag Penn WSJ
dataset, we use the pretrained word embedding
provided in He et al. (2018). For the main results on
the universal treebank, we do not use any external
resources and always initialize our models using
MLM pretraining. Additionally, we also report the
results with mBERT contextualized representations
on the universal treebank following Gupta et al.
(2022). Same to the implementation in Gupta et al.
(2022), we also use the average representation over
all the subwords and layers as the representation
for each word. We apply the “connecting P(x|z)
and P(z|x)” technique for all our models not using
pretrained word embeddings or pretrained language
models. We apply the dataset rechunking technique
to all our experiments.

For the hyper-parameters, we train all our model
using Adam (Kingma and Ba, 2015) with an ini-
tial learning rate 0.001. The batch size is set to 80
and we decay the learning rate with a factor 0.1
the loss stagnates. We set the word embedding di-
mension to 100, POS embedding dimension to 200,
the character embedding dimension to 100, and the
hidden vector dimension to 128. We use one layer
of MLP in the local POS prediction module and
one layer of Bi-LSTM in the masked POS recon-
struction module. The masking rate is set to 15%
and the Gumbel softmax temperature is set to 2.0.
We set the dropout rate (Srivastava et al., 2014) to
0.5. Specially, with pretraining word embeddings,
we tie the input and output embeddings follow-
ing (Press and Wolf, 2017) and add one more layer
in the local POS prediction layer to more effectively
convert the pretrained embedding to POS tags fol-
lowing (He et al., 2018). And for our synthetic
experiments, since the vocabulary size is small, we
use a smaller character embedding dimension of 8.
We use the loss as the metric to judge if our model
has been converged. In this work, the results on the
Penn WSJ dataset are the mean of 5 different runs,
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de en es fr id it ja ko pt-br sv

MPoSMOR 71.8 72.3 73.2 73.7 69.4 69.7 76.8 55.2 76.2 63.7
(±2.5) (±1.7) (±1.7) (±1.3) (±1.8) (±3.6) (±1.5) (±1.3) (±0.2) (±2.6)

MPoSM 68.3 70.0 69.7 71.7 67.8 64.2 74.7 52.7 74.7 61.9
(±2.9) (±2.2) (±4.5) (±2.3) (±0.8) (±1.9) (±0.7) (±0.4) (±0.7) (±1.9)

MPoSM + mBERTOR 77.5 72.1 77.0 74.8 72.4 74.8 76.0 56.6 78.1 65.5
(±0.3) (±1.5) (±1.5) (±4.2) (±5.2) (±1.0) (±1.1) (±1.3) (±1.7) (±4.6)

MPoSM + mBERT 75.8 68.5 75.4 73.6 71.0 73.4 73.3 55.1 77.4 64.2
(±0.8) (±3.6) (±1.3) (±5.3) (±5.2) (±1.0) (±1.4) (±1.6) (±2.3) (±3.5)

Stratos (2019)OR 75.4 73.1 73.1 70.4 73.6 67.4 77.9 65.6 70.7 67.1
(±1.5) (±1.7) (±1.0) (±2.9) (±1.5) (±3.3) (±0.4) (±1.2) (±2.3) (±1.5)

Gupta et al. (2022)OR 81.7 76.7 79.5 70.8 76.9 71.8 84.7 69.7 78.9 69.7

Stratos et al. (2016)** 63.4 71.4 74.3 71.9 67.3 60.2 69.4 61.8 65.8 61.0
Berg-Kirkpatrick et al. (2010)** 67.5 62.4 67.1 62.1 61.3 52.9 78.2 60.5 63.2 56.7

(±1.8) (±3.5) (±3.1) (±4.5) (±3.9) (±2.9) (±2.9) (±3.6) (±2.2) (±2.5)
Brown et al. (1992)** 60.0 62.9 67.4 66.4 59.3 66.1 60.3 47.5 67.4 61.9

(±1.8) (±1.0) (±1.7) (±4.0) (±1.2) (±3.9) (±1.2) (±1.5) (±1.8) (±2.8)

Table 6: Performance on the Universal Dependency dataset. Gupta et al. (2022) also leverage pretrained mBERT
model. All the other models do not use pretrained models or embeddings. Subscript OR denotes models evaluated
by oracle M-1 and ** refers to unspecified model selection.

Context Type Ci de en es fr id it ja ko pt-br sv

zi−2, zi−1 0.56 0.86 0.65 0.66 0.39 0.57 0.74 0.27 0.59 0.59
zi+2, zi+1 0.56 0.86 0.65 0.67 0.39 0.58 0.70 0.23 0.59 0.58
zi+2, zi+1, zi−1, zi−2 1.30 1.92 1.36 1.38 1.02 1.32 2.09 0.86 1.28 1.51

Table 7: Mutual information between the tag-level context and the tag zi on all 10 languages in the universal
treebank.

and the results on the universal treebank are the
mean of 3 different runs. The experiments using
mBERT can be run on a single RTX A6000 GPU,
and all other experiments can be conducted on a sin-
gle TITAN Xp GPU. The time of experiments can
take from several hours to several days, depending
on the size of the dataset and the models.

D Results and Standard Deviations on
the Universal Treebank

The full means and standard deviations (for our
model and for previous works that reported this
number) are shown in Table 6. We also include
the fully unsupervised performance (evaluating the
model with the best loss) in the MPoSM row. Our
fully unsupervised model is slightly worse than the
oracle version of both our model and Stratos (2019),
but show comparable or higher performance to
other results (Stratos et al., 2016; Berg-Kirkpatrick
et al., 2010; Brown et al., 1992).

E Analysis on the Dependency among
Gold Tags

In Sec. 6, we notice that MPoSM does not work
equally well on all the languages. For example,
in Table 4, we can see that out of 4 different lan-
guages, using full context instead of local context

only improve 2 of them: English and German. In
this section, we provide evidence that these differ-
ent trends can result from the different strength of
dependencies among tags in different languages.

Assuming a tag sequence is z1, z2, . . . , zn, we
compute the mutual information between a tag-
level context of zi (denoted as Ci) and the tag zi.
A larger mutual information value can represent
stronger dependencies among the gold tags.8 The
results are shown in Table 7. We can see that for
all kinds of mutual information calculated in the ta-
ble, Korean and Indonesian has the two lowest val-
ues, both substantially lower than the value of Ger-
man and English. Notably, Korean and Indonesian
are also the worst two languages of the MPoSM
model, while German and English and two of the
languages with better performances. By its design,
our model will induce tags that have strong depen-
dencies among each other (see Sec. 2). Hence, it
is not strange that on Korean and Indonesian, the
MPoSM model could produce tags different from

8Note that using a larger context will always lead to a
larger mutual information value due to the property of mutual
information. However, directly comparing the mutual infor-
mation value with a very long context is confounded by many
spurious correlations in the dataset. Hence, in this study, we
only compare mutual information value in a limited context.
Nonetheless, the trend shown in Table .7 is consistent across
different context types.
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Name Distance between n and v Regex

D(0) 0 (o1 o2){1,2}(n1 v1 | n2 v2)
MORPH 0 same as D(0) (+ morph. feature)
D(2-4) 2-4 (o1 o2){1,2}(n1 (o1 o2){1,2} v1 | n2 (o1 o2){1,2} v2)

Table 8: Tag-level regular expressions and the distances between n and v for each synthetic subset.

en (Penn) ko (uni)

MPoSM (full) 78.6 (±1.7) 55.2 (±1.3)
MPoSM (width=2) 77.3 (±0.3) 56.6 (±1.4)
MPoSM-Word (full) 72.2 (±1.6) 54.1 (±3.3)
MPoSM-Word (width=2) 69.5 (±0.4) 62.2 (±0.7)

Table 9: Oracle M-1 Performance of different context
types on English and Korean.

the gold tags and become less effective. And due
to the difference between the predicted tags and
the gold tags, it is not surprising to see that using a
larger context in these two languages does not help
the MPoSM model in these two languages.

F Discussion on uni-Korean Results

In Sec. 6, we notice that MPoSM does not work
well on the Korean dataset in the universal tree-
bank. Inspired by Stratos (2019) that achieves de-
cent performance on Korean and the observation
in Appendix E, we study another modification of
MPoSM for the Korean language, MPoSM-word.
Instead of using the local POS prediction module to
predict a POS tag, the MPoSM-word directly feeds
the word embedding to an MLP, and use the out-
put as the input of the masked POS reconstruction
module. Finally, we use the predicted tags after the
Bi-LSTM layer as the induced tags. The results are
shown in Table 9. We do observe that the MPoSM-
word (width=2) variant, which is most similar to
Stratos (2019), achieves the best result, demonstrat-
ing the effectiveness of such inductive biases on
this Korean dataset. Nonetheless, this preference
is not consistent over languages. In our prelimi-
nary study, we notice many other languages still
prefer our default model. We show the result on
the 45-tag English dataset in Table 9, where the de-
fault MPoSM show substantial advantages. These
preferences together with the observation in Ap-
pendix E suggest different languages (or datasets)
can prefer different types of dependency modeling
(e.g. tag-tag dependency vs. word-tag dependency)
and we encourage further study on this topic.

G Using Inducted Tags for Unsupervised
Dependency Parsing

In this section, as a side study, we test whether the
performance trends on POS induction can transfer
to unsupervised dependency parsing. We choose
to use the Neural E-DMV model from Jiang et al.
(2016), a commonly used baseline model that uses
gold POS tags in the training. In our experiments,
we replace the gold tags with the inducted tags
from different models to see if the parsing perfor-
mance correlates with the tag quality measured by
M-1 accuracy. Following the convention in unsu-
pervised parsing experiment setups, we train all
the models on sections 2–21 of the English Penn
WSJ dataset, and use section 22 for validation and
section 23 for testing. We remove all the punc-
tuation and only train and test on sentences with
length ≤ 10 (i.e., following the WSJ10 setting).
We compared three different models, our MPoSM
(78.6 M-1), the model from Stratos (2019) (78.1
M-1), and the model from Tran et al. (2016) (75.0
M-1). We notice the models are highly sensitive
to initialization. Hence, to remove the influence of
bad initialization, we train each model ten different
times and compare the best run. Using the gold
tags, the E-DMV model can reach over 70 DDA
(directed dependency accuracy). However, none
of the models trained using predicted tags achieve
DDA over 45, showing a substantial performance
gap between the gold tags and the predicted tags.
Surprisingly, while the tags from the Neural HMM
model Tran et al. (2016) have lower M-1 accuracy
than the other two models, it shows a small advan-
tage in the parsing performance over the over two
models. We suspect the different trends may result
from a mismatch between the objective optimized
in parsing models and tagging models. The DMV
objective explicitly models the transition probabil-
ity between different nodes, hence the neural HMM
model may have a slight advantage by using a more
similar HMM-style objective.
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D(0) MORPH D(2-4)

MPoSM (width=1) 99.50 (95%) 95.41 (55%) 87.19 (0%)
-connecting 83.37 (0%) 85.09 (0%) 83.13 (0%)
MPoSM (width=2) 92.99 (30%) 90.02 (30%) 87.62 (0%)
-connecting 83.97 (5%) 84.03 (0%) 83.44 (0%)
MPoSM (full) 96.50 (75%) 93.01 (30%) 95.31 (30%)
-connecting 75.02 (5%) 73.27 (0%) 82.81 (0%)

Stratos (2019) (width=2) 92.99 (30%) 90.52 (30%) 86.56 (0%)
Tran et al. (2016) (full) 80.97 (0%) 82.54 (0%) 82.50 (0%)

Table 10: The Oracle M-1 score of different models on the synthetic dataset. The number in the bracket is the
percentage of perfect runs (100 M-1).

“o1 o2”

at most once

“n1 v1”

“n2 v2”

Figure 5: Illustration of the tag-level regular expression
used to generate sentences for D(0) and MORPH. For
MORPH, each word has useful morphological features,
while all the characters in every word are randomly gen-
erated in D(0).

H Additional Agreement Learning
Experiment Design and Results

H.1 Additional Experiment Design

Besides the D(0) and D(2-4) subsets introduced in
Sec. 7.1, we add another variant: MORPH. The
MORPH setting is a variant of D(0) with additional
morphological features. While characters in ev-
ery word in D(0) are all randomly generated, in
MORPH, words with the n1 tags always end with
-n1, words with the n2 tags always end with -n2, etc.
The tag-level regular expressions of all the subsets
are shown in Table 8.

H.2 Illustrations for Each Subset

We provide illustrations of the tag-level regular
expression for each subset. The illustration for D(2-
4) is in Figure 3. The tag-level regular expressions
D(0) and MORPH are the same and the illustration
can be seen in Figure 5.

H.3 Additional Results

We show additional results on the synthetic datasets
in Table 10. Besides the results of the default
MPoSM, we also include an ablation of removing
the “Connecting P (x|z) and P (z|x)” trick intro-
duced in Sec. 3.2. We can see connecting these
two probabilities does bring substantial improve-
ment on this agreement learning task. Surprisingly,
adding the morphological features (MORPH) does
not help the models learn the agreement. Instead,

103

104

105
prediction
gold

Figure 6: Log-scale sizes of the predicted clusters and
the gold clusters for pt-br in the universal treebank.

nearly all models perform slightly worse on this
variant. We suspect the problem may lies in the
specific design of the morphological feature. The
current setting provides an additional feature to first
cluster n1 and n2 words, v1 and v2 words together
since they have a common character ‘n’ or ‘v’ in
the word, whereas normally we randomly sample
characters to form the word. Hence, it can be easier
for the models to enter the unideal local minimum.

I Predicted Clusters Analysis on
Brazilian Portuguese

We provide additional analysis on the pt-br dataset
in the universal treebank and check if our findings
on the English dataset can generalize to the other
language. Due to the 12-tag annotations on the
universal treebank do not contain fine-grained tags,
it is difficult to single out an agreement type to
conduct a well-controlled analysis (like the subject-
verb agreement analysis on English in the main
paper), but below we verify all the other findings.

The sizes of predicted clusters are more uni-
form than gold clusters. Similar to the findings
on the English 45-tag dataset, the sizes of predicted
clusters are much more uniform than the gold clus-
ters. A bar plot is shown in Figure 6.

Difficulty in mapping one word to multiple tags.
Brazilian Portuguese also has words with different
senses and POS-tags. For example, the word ‘pare-
cido’, which means ‘similar’ in English, has three
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possible gold tags in the annotated data, including
ADJ, VERB, and ADV. But again, in the model
predictions, this word is always paired with the
same tag.

Dataset biases influence predicted clusters.
Since models on the universal treebank are only
required to predict 12 tags, the influence of dataset
biases is smaller than the English 45-tag data. How-
ever, we still can find some hints about the negative
effect of the lack of linguistic diversity in the data.
In the predicted clusters, nouns are separated into
a number of clusters. Possibly due to the special
domains of the data, the corpus includes lots of
nouns representing locations and events. These
nouns usually appear in a similar context after the
ADP tag, hence models are likely to use a single
cluster for these nouns, which is not ideal. While
one can argue models should learn to separate the
correct syntactic property from other spurious sta-
tistical properties, small datasets may not contain
enough data to represent the complete picture of
grammar. Hence, models are more likely to cap-
ture the statistical properties that are more common
in the presented corpus and unlikely to induce the
POS tags that ares more well-suited for the general
language.

J Additional Experiment Results

We briefly describe several variants we have tried
in our preliminary experiments but do not observe
significant improvement.

• For the dependency modeling network in the
masked POS reconstruction module in the
MPoSM model, we have also explored using
a Transformer (Vaswani et al., 2017) architec-
ture or adding self-attention to the Bi-LSTM.
However, we do not see substantial improve-
ments. On the 45-tag English Penn Treebank
dataset, our best Transformer result reaches
77.2 M-1, which is still lower than the av-
erage M-1 of the Bi-LSTM counterparts in
Table 3. We suspect this trend is due to two
reasons: (1) we notice that the Transformer
models are more sensitive to initialization and
hyper-parameter settings than the LSTM coun-
terparts. Additionally, POS induction datasets
are relatively small, which makes it harder
to train a good Transformer model. (2) com-
pared to Transformer models, LSTM models
have the advantage of a preference of learning

short-term dependencies first while learning
long-term dependencies is still possible. This
inductive bias could be useful for the POS
induction task.

• Instead of directly training our model using
gradient descent, another way to optimize our
model is to view the reconstructed POS as la-
tent variables and use EM-based algorithms to
optimize the objective, similar to the method
used in Yang et al. (2019). However, in our
experiments, we do not observe substantial im-
provement by using EM-based optimization
methods over SGD-based methods.
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Abstract

When people answer questions about a spe-
cific situation, e.g., “I cheated on my mid-term
exam last week. Was that wrong?”, cognitive
science suggests that they form a mental pic-
ture of that situation before answering. While
we do not know how language models (LMs)
answer such questions, we conjecture that they
may answer more accurately if they are also
provided with additional details about the ques-
tion situation, elaborating the “scene”. To test
this conjecture, we train a new model, DREAM,
to answer questions that elaborate the scenes
that situated questions are about, and then pro-
vide those elaborations as additional context
to a question-answering (QA) model. We find
that DREAM is able to create better scene elab-
orations (more accurate, useful, and consistent)
than a representative state-of-the-art, zero-shot
model (Macaw). We also find that using the
scene elaborations as additional context im-
proves the answer accuracy of a downstream
QA system, including beyond that obtainable
by simply further fine-tuning the QA system on
DREAM’s training data. These results suggest
that adding focused elaborations about a situa-
tion can improve a system’s reasoning about it,
and may serve as an effective way of injecting
new scenario-based knowledge into QA mod-
els. Finally, our approach is dataset-neutral;
we observe improved QA performance across
different models, with even bigger gains on
models with fewer parameters.1

1 Introduction

Cognitive science has long promoted the forma-
tion of mental models - coherent, constructed rep-
resentations of the situations we encounter - as
central to understanding and question-answering
(Johnson-Laird, 1983). Drawing loosely on this

∗First author was a student at University of Washington at
the time of submission of this paper. This is work done during
an internship at Allen Institute for AI.

1We make our dataset and model publicly available at
https://github.com/allenai/dream.

Figure 1: Given a situation S, our system DREAM
generates an elaboration of the situation - a “scene elab-
oration” SE - envisioning details of what might be hap-
pening in S. Given a question Q about S, we find that a
SOTA QA system (Macaw) answers Q more accurately
when SE is provided as additional input.

idea, but without making any claims of how lan-
guage models (LM) reason internally, our goal is to
investigate if a LM can answer situated questions
about social situations more accurately if they are
provided with additional, pertinent details about
those situations before answering. To explore this
goal, we first investigate how well a representative
state-of-the-art language model can generate such
scene elaborations zero-shot, by asking it probing
questions. We find that such zero-shot elaborations
are generally poor quality. To overcome this, we
train a new model, called DREAM,2 to specifically
answer these elaboration questions, resulting in
higher quality answers (more accurate, useful, and
consistent). We then test whether these answers -
that together elaborate the scene - can help a down-
stream QA system answer questions. We find that
they can, improving the answer accuracy beyond
that obtainable by simply further fine-tuning the

2Dynamically wRitten ElAborations to iMprove question-
answering
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QA system on DREAM’s training data.

Figure 1 illustrates this approach. The situ-
ated question, drawn from the ETHICS dataset
(Hendrycks et al., 2021), concerns the situation of
serving edible mushrooms to a friend, and asks if
this is (generally) wrong or not. In this case, given
just this information, the representative language
model we use, Macaw (Tafjord and Clark, 2021),
answers incorrectly (that it is “(A) wrong”), illus-
trating the unpredictability that even large LMs can
exhibit (Lacker, 2020). However, if we add ad-
ditional information about the situation generated
by DREAM (e.g., It is good to serve safe food; I
am trying to be helpful) as context, Macaw then
answers this correctly.

Our approach leverages the general finding that
retrieved/generated contexts can help improve QA
e.g., (Rajani et al., 2019; Wei et al., 2022), in two
important ways. First, we show that answering
socially-situated questions can be helped by elabo-
rating the general scene, using relevant social con-
structs (e.g., motivations), rather than (say) pre-
generating a proof or explanation to an answer.
Second, we show that such elaborations can be
made in a dataset-neutral way.

Evaluating this systematically, we find that
DREAM’s scene elaborations improve downstream
QA accuracy, more than simply using DREAM’s
training data to further fine-tune the downstream
QA system. In addition, this approach leaves the
QA system unchanged, avoiding the expense and
unpredictability of retraining, and achieves modu-
larity, allowing different QA systems to be substi-
tuted. Our contributions are thus:

1. We show that a representative pretrained lan-
guage model, Macaw, is poor at answer-
ing elaboration queries about a question-
answering scenario, despite having good per-
formance on the QA end-task itself.

2. We show that a LM can be trained to build im-
proved scene elaborations, using distant super-
vision from existing commonsense resources.
Our evaluation shows the outputs from this
system, called DREAM, are more accurate
and consistent than the evoked elaborations
from Macaw.

3. Using DREAM-generated scene elaborations
as additional context, we find that downstream
QA performance improves, including beyond
that obtainable by simply further fine-tuning
the QA system on DREAM’s training data.

Together, these results suggest that adding fo-
cused elaborations about a situation (using social
constructs e.g., motivations) can improve a sys-
tem’s reasoning about the situation, and may be
an effective way of injecting new scenario-based
knowledge into a QA model. Further, our approach
shows how such elaborations can be made in a
dataset-neutral way (DREAM does not see the end-
tasks during its training) that improves QA perfor-
mance across different end-tasks and on different
models (even with different sizes). This presents
exciting opportunities for further improving and
exploiting scene elaboration to better solve new
problems.

2 Related Work

The concept of a mental model - a coherent, in-
ternal representation of the world - is common in
cognitive science (Johnson-Laird, 1983; Gentner
and Stevens, 1983; Hilton, 1996). It suggests that
people solve situated problems by elaborating a
mental picture of the situation, including elements
that may be peripheral to a specific answer, rather
than by constructing a deductive proof from a few
key facts to an answer (Byrne, 1991). Recently,
Saparov and Mitchell (2022) tried creating an in-
ternal “mental model" using a set of axioms that
deductively explain the observations. Other studies
in AI have attempted to identify such elements by
studying what questions people naturally ask when
reading text (Ko et al., 2020) or viewing images
(Mostafazadeh et al., 2016). We draw on these
ideas to similarly explore if an elaborated scene
can help improve question-answering.

Several prior works have shown that re-
trieved/generated contexts/prompts can help im-
prove QA, for example using retrieved sentences
or paragraphs (Sun et al., 2018); self-generated ex-
planations (Rajani et al., 2019), statements (“self-
talk”) (Shwartz et al., 2020), intermediate compu-
tations (Nye et al., 2021), or “chains of thought”
(Wei et al., 2022); or model-generated facts (Liu
et al., 2022) or causal graphs (Madaan et al., 2021).
We build on this general theme in a specific way,
namely showing that answering socially-situated
questions can be helped by articulating the general
scene, using useful social constructs (eg, motiva-
tions), rather than (say) pre-generating an answer-
centric explanation or proof.

Our approach can be viewed as a form of prompt
engineering (Scao and Rush, 2021), where we pre-
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Query situation Macaw’s Scene Elaboration DREAM’s Scene Elaboration

[CODAH]
[Q,S] The woman and her
daughter were happily strolling
through the park. The woman:
Gold Ans: was smiling.

[social norm] if you want to be happy,
be kind

[emotion] The woman’s emotion is joy.
Daughter’s emotion is joy.

[motivation] Her legs’ motivation is
the need to move forward.

[likely consequence] the woman will
trip and fall

[social norm] It’s good to spend time with
your children.

[emotion] Woman’s emotion is happy.
[motivation] Woman’s motivation is to spend

time with her daughter.
[likely consequence] was able to enjoy the

company of her daughter.

[ETHICS] [S] I got sick the last
time I ate there, so I recommend
a different restaurant to my in-laws.
[Q] Reaction: this is
(A) wrong (B) not wrong
Gold Ans: not wrong.

[social norm] if something makes you
sick, don’t eat there

[emotion] In-laws’ emotion is anger.
Food’s emotion is disgust.

[motivation] Bacteria’s motivation is to
make more bacteria. My motivation
is I don’t want them to get sick.

[likely consequence] they will eat there
once and get sick

[social norm] It’s good to make
recommendations to others.

[emotion] I (myself)’s emotion is responsible.
[motivation] I (myself)’s motivation is to

protect others.
[likely consequence] My in-laws have a great

meal at the new restaurant I recommended.

Table 1: Examples of scene elaborations generated by probing Macaw-11B (Section 5.1) and as generated by
DREAM. In subsequent experiments, DREAM’s scene elaborations improves QA performance. Green/orange/red
indicates the generated component is accurate/partially accurate/inaccurate, as judged by crowdworkers.

fix a question with an elaborated scene. While
prior work has added selected QA examples to the
prompt (Liu et al., 2021; Rubin et al., 2021), or
even continuous vectors (Li and Liang, 2021), our
novel contribution is the use of auxiliary situational
information for prompt enhancement. Different
from previous works, our model, DREAM, im-
proves QA without the need for generated context
to be conditioned on question and answer choices
(Rajani et al., 2019), finding background passage
(Lin et al., 2019), intensive prompt-tuning (Jiang
et al., 2020), or fine-tuning the scene imagination
module on downstream tasks (Wang et al., 2022) .

3 Scene Elaborations (SE)

We focus on the task of situated reasoning about
social situations where the input consists of (a
textual description of) a situation S, and question Q
testing the model’s understanding of the situation
(both explicitly mentioned and implicitly indicated
facts). The output is the answer A to the question.
Figure 1 shows an example. Our interest is whether
a question-agnostic elaboration SE of the situation
S can improve question-answering.

3.1 Representing Scene Elaboration

For simplicity, we define a scene elaboration SE of
situation S as a 4-tuple {M,E,ROT,Con} that
provides details about S along four key conceptual
dimensions, where each element is represented as
text (typically a single sentence), prefixed with an
identifier indicating its dimension. The four dimen-

sions are as follows:
1. M : motivation of character(s) before S.
2. E: emotion of character(s) after S.
3. ROT : general Rule of Thumb (ROT) about

whether action described in S is socially ac-
ceptable or not (also known as social norm).

4. Con: likely consequence of action in S.

The choice of these dimensions aligns with the
questions that one would be compelled to ask in
order to understand a narrated or perceived action
(Minsky, 1974). The following questions most
likely to be asked about a situation, as laid out
in Minsky (1974), are covered by our dimensions:
"What caused it (agent)? What was the purpose (in-
tention)? What are the consequences (side-effects)?
Whom does it affect (recipient)?"

The importance of these chosen dimensions for
elaborating socially-situated questions is also sup-
ported by prior work in the story understanding
and planning literature: Processing emotional reac-
tions of characters in story understanding systems
is important to our understanding of the situation –
affective reactions reveal underlying goal situations
(for instance, feeling glad when goal is achieved),
and affective states can motivate goals. e.g. “Why
did Richard get drunk? Richard was upset by al-
most having run over an old man.” (Dyer, 1983).
Our choice for the use of social norms, motiva-
tion, emotion and consequence is also loosely in-
spired by the interaction of having and trying to
achieve high-level goals (e.g. being love-giving),
emotions (e.g. surprise, anger), and daydreaming
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goals (e.g. reversal, rehearsal). As a loose ap-
proximation, social norms shape these high level
goals, consequences reflect the outcome of trying
to achieve these goals, whereas emotion and moti-
vation interact to enable emotion-driven planning
(Mueller et al., 1985; Mueller, 1990).

For situated questions that are not socially ori-
ented, e.g., science questions, or questions requir-
ing numerical, spatial or temporal reasoning, dif-
ferent dimensions might be needed. While outside
the scope of this paper, our framework naturally
extends to easily adding and removing dimensions,
given their uniform text-based representation. We
discuss this further in Section 8.

3.2 Probing for Scene Elaboration

Arguably, it may be redundant to provide SE as
additional input to a QA model, if that QA model
can already infer those details itself from S, i.e.,
build SE itself. To explore this, we probe our QA
model using the following four questions along the
four dimensions of interest:

• What is [ENTITY]’s motivation?
• What is [ENTITY]’s emotion?
• What is a rule of thumb relevant here?
• What is likely to happen next?

In the first two questions, [ENTITY] denotes an
entity mentioned in the scenario S. We first identi-
fied all entities mentioned in a given situation S by
using coreference resolution, named entity recogni-
tion (NER), and part-of-speech (POS) tagging. To
do this, we used AllenNLP’s (Gardner et al., 2017)
coreference resolution model as well as the NLP
toolkit Spacy (Honnibal and Montani, 2017).3 If
more than one entity is found in S, then the ques-
tion is asked for each entity in turn, and the answers
concatenated together.4 In addition, for these two
questions, each answer (e.g., “greed”, for the first
question) is converted into a sentence using a tem-
plate (e.g., “John’s motivation is greed.”) so the
information is fully captured.5 The last two ques-
tions are asked directly. The answers are gathered
into a single structure (e.g., see Table 1).

3https://spacy.io/
4In a rare case when the situation is very short and has no

person entity e.g. ‘This winter is very cold.’, no question is
asked to Macaw for emotion and motivation. In such a case,
those particular scene elaboration components are empty.

5The two templates are “[ENTITY]’s motivation is [AN-
SWER]”, “[ENTITY]’s emotion is [ANSWER]”.

4 Our Model: DREAM

In addition to probing, we also explore whether we
can train LMs to build improved scene elaborations,
and whether they can improve QA performance.
For this task, the input is the situation S and the
output is the scene elaboration SE (Section 3.1).

4.1 Training Data

We use three existing commonsense resources to
construct a training dataset for learning scene elab-
orations:

1) Story Commonsense (Rashkin et al., 2018)
2) Social Chemistry (Forbes et al., 2020)
3) Moral Stories (Emelin et al., 2020)

Statistics about these data sources, and which di-
mension(s) they contribute to the training data
along with examples are shown in Table 2. We
call the dataset the "Scene Elaborations Dataset".

The Story Commonsense dataset provides 3
crowdsourced annotations for how a character’s
emotion E and motivation M changes throughout
a story. We create multiple training examples from
each such story using the “sentence”, “character”,
“emotion” and “motivations” fields in the dataset
to create mappings: (A) S −→ E: situation (a
sentence in the story) to emotional response of a
character after the sentence and (B) S −→M : situ-
ation to motivation of character before the sentence.
We include cases where there was no significant
emotion or motivation annotated for a particular
character (“[none]” in the original data).

In the Social Chemistry dataset, we use the “sit-
uation” and “rot” (rule of thumb) fields to create
mapping S −→ ROT : situation to most relevant
social norm. Unlike the “norm” field in Moral Sto-
ries, where a single general “norm” is applicable to
both the immoral and moral actions, our model ex-
ploits the richness of the Social Chemistry dataset
to learn various social norms that are intended to
be more specific to the given situation.

To make use of Moral Stories dataset (Emelin
et al., 2020), we create two training examples from
each short story. We treat the concatenation of
the “situation” field and “moral action” field as
one situation and the concatenation of the “situa-
tion” field and “immoral action” field as another.
The corresponding consequences for these two data
points are obtained using the “moral consequence”
and “immoral consequence” fields. Differing from
just generating a “likely consequence” (found in
the COMET dataset (Hwang et al., 2021)), this
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Source Question Answer

Dataset Situation SE
component

Training
Size

Social smacking an airplane seat to intimidate a child. ROT 23K You shouldn’t scare people.

Chemistry reporting someone for cheating. ROT
It is good to report any
cheating that you see.

Story Rick saw an insect he never saw before. E 17.5K Nick’s emotion is amazed.
commonsense Mike was at a burger restaurant. M 17.5K Mike’s motivation is to eat.

Moral Stories

Sally is starting a new school today. Sally sees
an overweight boy being made fun of by some
girls and tells them to leave him alone.

Con 20K

The boy appreciates Sally
standing up for him and the
two become good friends.

Sally is starting a new school today. Sally sees
some girls making fun of an overweight boy
and joins in and laughs with the others.

Con
The boy has his feelings hurt
and Sally feels guilty afterwards.

Table 2: Examples of datapoints from the Scene Elaborations Dataset.

setup is intended to generate consequences that
are contrastive (in terms of producing good or bad
outcome), to assist in situational QA tasks.

We convert all these datapoints into question
answering format (Table 2). E.g., During train-
ing, DREAM sees a question like ‘[SITUATION]
smacking an airplane seat to intimidate a child.
[QUERY] social norm’ and it is trained to generate
answer ‘You shouldn’t scare people’. The same
procedure is followed for all components of the
scene elaboration, and the four results are then con-
catenated along with indicators (e.g., “[emotion]”)
indicating each result’s component.

4.2 Training

We train a T5-11B model for scene elaboration,
DREAM, starting with the Macaw checkpoint and
by using the Scene Elaborations Dataset (Section
4.1). We interleave examples for the 4 different
scene elaboration components. We use the de-
fault hyperparameters (including the Adafactor op-
timizer) in the T5 library, fine-tune the model for
50K steps with batch size of 8 (5 epochs), select-
ing the checkpoint with highest validation score
(usually the final step). Later, we apply DREAM
for elaborating situations in existing situational QA
datasets. Examples of elaborations are in Table 1.

5 Experiments

We conduct experiments to address three questions,
using Macaw as our representative LM:
Q1. To what extent can Macaw generate an accu-

rate and consistent scene elaboration?
Q2. To what extent does our trained scene elabo-

ration generator, DREAM, improve on this?
Q3. Can the scene elaborations produced by

DREAM help improve QA?

5.1 Representative LM: Macaw

Our representative LM, Macaw, is an off-the-shelf,
state-of-the-art, T5-based question-answering sys-
tem (Tafjord and Clark, 2021). Macaw is built on
top of UnifiedQA (Khashabi et al., 2020), a format-
agnostic QA system, which itself is built upon T5
(Raffel et al., 2020). Macaw’s training includes
UnifiedQA’s training data plus a dataset of science
questions and explanations, and has been shown to
have similar QA performance to GPT-3 on some
datasets (Tafjord and Clark, 2021). In addition to
giving a question to Macaw, Macaw allows other
facets (“angles”) to be provided as input, including
additional relevant information (the context), and
(for multiple-choice questions) the answer options.
This allows us to (later) provide a scene elabora-
tion SE as additional input, by providing SE in
the context (Section 6.3). We use the 11B version
of Macaw. To materialize scene elaboration using
Macaw, we query it using the probing questions
described in Section 3.2.

5.2 Test Datasets

We evaluate the probed and DREAM-generated
scene elaborations on three different situational
QA datasets, zero-shot (statistics in Table 3). As
we are doing zero-shot QA, we only use the test
partitions of these datasets (except for CODAH,
where we use all the train+dev+test data due to the
smaller dataset size). For the ETHICS dataset, we
use the commonsense partition (hence "-CS"). For
that dataset, there is a test subset and also a test-
hard subset, where the test-hard questions are more
challenging as determined by using adversarial fil-
tering (Bras et al., 2020). We track scores on both
test and test-hard for this dataset.
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Dataset Train Dev Test/Test-hard
CODAH 1665 556 555
(Chen et al., 2019)
ETHICS-CS 13910 - 3885/3964
(Hendrycks et al., 2021)
Social IQA 33410 1954 2224
(Sap et al., 2019)

Table 3: Statistics for the situational QA datasets used.
Note that ETHICS-CS test-hard consists of adversarially
selected questions that are challenging for LMs.

5.3 Metrics

To evaluate quality of the probed/generated scene
elaborations (SE), we use human evaluation us-
ing (mechanical Turk) crowdworkers. Workers rate
each of the four components (each typically a sen-
tence) of the scene elaboration along 2 dimensions:

SE accuracy: this metric checks if the compo-
nent in SE is true w.r.t. the situation described in
the question. Each component gets a score of 1
(yes) / 0.5 (a bit) / 0 (no).

SE usefulness: this metric checks if the com-
ponent in SE is useful for choosing the correct
answer for the question. Each component gets a
score of 1 (yes) / 0.5 (a bit) / 0 (no).

In addition, workers rate the complete SE along
the following dimension:

SE consistency: this metric measures what frac-
tion of sentences in the entire SE are consistent
with each other, independent of whether they sup-
port the correct answer. Each explanation gets
a score of 0(not consistent)/0.25(barely consis-
tent)/0.5(somewhat consistent)/0.75(largely consis-
tent)/1(all consistent), based on the proportion of
sentences that are consistent with each other. This
metric is an adaptation of the consistency measure
used in Elazar et al. (2021).

The Turk task template illustrating how the ques-
tions are posed is presented in Appendix A, along
with more details about the crowdsourcing process.
We collect and average three worker scores for each
question. The overall accuracy/usefulness scores
are computed by averaging the scores across each
of the four components in the SE.

We also evaluate adding DREAM’s scene elab-
orations to the situation S during QA, reporting
accuracy without/with the SE (Section 6.3).

Dataset Model Quality of Scene Elaboration
%Acc %Useful %Cons

ETHICS-CS Macaw 52.23 29.48 56.74
test DREAM 67.77 43.71 72.17
ETHICS-CS Macaw 49.85 28.90 52.75
test-hard DREAM 67.98 41.21 73.50
CODAH Macaw 44.94 22.29 42.42
test DREAM 68.18 34.13 66.58
Social IQA Macaw 46.96 25.34 45.42
test DREAM 72.77 41.44 73.92

Table 4: DREAM produces significantly better scene
elaborations compared to Macaw-11B with probing for
situations in the three situational QA tasks in terms of
accuracy, usefulness and consistency metrics.

6 Results

6.1 Q1: How good are Macaw’s Scene
Elaborations of a situation S?

As described in Section 3.2, we probe for Macaw’s
scene elaborations for situational questions, and
had crowdworkers evaluate the results for a ran-
dom sample of 100 questions from each dataset.6

The results are in the “Macaw” lines in Table 4. As
shown, the scene elaborations are of mediocre qual-
ity, with an average of ≈48% accurate and ≈49%
consistent statements within them. Further, they
are largely rated as not useful for the QA end task
(avg. usefulness ≈27%). This suggests that cur-
rent LMs, at least as represented by Macaw, are
not showing evidence of forming an accurate in-
ternal picture of the world while reasoning about
a given situation, despite their often high end-task
accuracies.

6.2 Q2: Does DREAM generate improved
Scene Elaborations?

We fed the situations S from the datasets’ test ques-
tions into DREAM, and had crowdworkers eval-
uate the scene elaboration outputs (e.g., Figure 1
and Table 1). The results are shown in Table 4,
where we see that the scene elaborations produced
by DREAM are rated as significantly more accu-
rate (∆=16-26%) and more useful (∆=12-16%)
for three situational QA tasks when compared to
Macaw’s. Finally, the consistency of the output
produced by DREAM is 15-29% higher than that
of Macaw. Table 1 shows examples of scene elab-
orations produced by Macaw and DREAM. Even
though not perfect, SEs produced by DREAM are
rated as more salient and semantically consistent.

6For this experiment, we excluded AITA part of the dataset
consisting of questions with long context (taken from Reddit).
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Answer Accuracy
ETHICS-CS CODAH Social IQA

test/hard all test
Macaw 68.08/63.95 83.00 64.84
Macaw + finetuning 63.63/62.31 76.80 62.99
Macaw + DREAM 70.91/66.04 83.72 69.06

Table 5: QA performance improves consistently across
tasks when we provide scene elaborations generated
by DREAM as additional input context to Macaw
(“Macaw + DREAM”). In contrast, simply further fine-
tuning Macaw on DREAM’s training data (“Macaw +
finetuning”) does not improve QA performance, even
with additional few-shot training on the end-tasks.

6.3 Q3: Can the scene elaborations produced
by DREAM help improve QA?

In Section 6.2 we observed that the scene elabora-
tions produced by DREAM are ≈72% consistent,
≈69% accurate. But more importantly according
to humans, on average ≈40% of the sentences in
these scene elaborations were deemed useful for
justifying the correct answer to the situational ques-
tion. In this section, we evaluate whether providing
this scene elaboration as additional context can
help improve Macaw’s answer accuracy, zero shot.

Macaw, as described in Section 5.1, was orig-
inally trained to accept optional context in addi-
tion to the question and multiple-choice answer
options. To add the DREAM-generated scene elab-
oration as input to Macaw, we provide it as context
to Macaw’s input. We then compare QA perfor-
mance without and with the DREAM-generated
SE, tested on the entire targeted datasets (ETHICS
test sets, Social IQA test, CODAH train+dev+test).
The results are shown in Table 5.7 We find that
using DREAM’s generated scene elaboration acts
as relevant and useful context (additional layer of
reasoning before QA) resulting in significant gains
for Macaw zero-shot (row 3, Table 5).

Moreover, merely further finetuning Macaw on
DREAM’s training data - an alternative way of
providing this extra knowledge to Macaw - does not
result in QA improvements, even after additional
few-shot training for the end tasks (row 2, Table 5).
This suggests that adding focused elaboration (SE)
about a situation is an effective way of injecting
scenario-based knowledge into a QA model.

7In Table 5, rows 1,3 use zero-shot model. For row 2, we
used few-shot training with 32 examples from each QA task
to make the model amenable to multiple-choice QA.

6.4 Ablation of SE Components

Next, we measure the influence of each scene elab-
oration component on the “Macaw with scene elab-
oration” QA scores, using the Social IQA dataset.
Table 6 shows that each component independently
improves the scores of the QA model. Also, using
all scene elaboration components is better than any
of the components on their own.

Input context Answer Accuracy
Social IQA test

(none; base model only) 64.84
{ROT} 67.54
{E} 67.90
{M} 67.40
{Con} 67.49
{ROT, E, M, Con} 69.06

Table 6: QA performance of Macaw zero-shot model
with different scene elaboration components as input.

6.5 DREAM SE improves QA performance
across different models

Can DREAM’s scene elaborations help other QA
models besides Macaw-11B? To test this, we re-
peated the QA experiments using three other mod-
els: Macaw-3B, Macaw-large and UnifiedQA-large
with varied number of parameters. Table 7 shows
that DREAM’s SEs similarly improve the answer
accuracy of these models across all three QA tasks,
with higher absolute improvements for models with
fewer parameters. This result illustrates the porta-
bility of DREAM’s SEs, and an advantage of leav-
ing the end-task QA models unchanged.

7 Analysis and Discussion

As additional views of the results, examining the
random sample of 400 questions rated by crowd-
workers, we find that almost all (98.75%) of the
400 scene elaborations generated by DREAM have

Answer Accuracy
ETHICS-CS CODAH Social IQA

test/hard all test
Macaw-3B 62.21/57.52 74.68 62.19
w DREAM SE 68.70/64.03 77.59 64.25
Macaw-large 57.71/52.19 59.73 53.60
w DREAM SE 68.47/61.00 64.73 58.77
UnifiedQA-large 57.68/53.30 57.46 54.59
w DREAM SE 69.16/61.30 64.84 58.59

Table 7: Answer accuracy improves across multiple
QA models with different number of parameters when
they use DREAM generated scene elaborations (SE)
as additional context (all models are zero-shot).
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at least something that is true and 78.75% of those
have at least something useful to justify the correct
answer. Further, Turker votes indicate that almost
all (94%) scene elaborations are somewhat consis-
tent (at least 2 out of 4 components are consistent
with each other), and more than half (55%) of scene
elaborations were largely consistent (at least 3 out
of 4 components are consistent with each other).

7.1 Failures while generating SEs:

Below we look at examples of errors in the scene
elaboration components across all 3 situational QA
tasks, and quantify their frequency:8

Generated SE components do not accurately
reflect the given situation (≈12%): E.g., for an
ethical dilemma situation from ETHICS-CS, “I
tossed her infant to her across the room.” DREAM
generates an incorrect social motivation stating “I
(myself)’s motivation is to help”. For a question
from Social IQA “Sasha met up with Kendall’s cus-
tomers at the conference to try and sell to them.
What will Sasha want to do next?: (A) increase
business (B) persuade the customers (correct)
(C) get a lot of sales”, DREAM predicts “Kendall’s
emotion is annoyed” which is an unlikely effect as
the given action is acceptable at a conference.

Generated SE components are true but not
useful for QA (≈25%): E.g., for the CODAH
sentence completion question, “The man is walking
to the cinema. The man: (A) dislikes movies. (B) is
eating with his data at home. (C) is on a date. (D)
is learning to speak German.” (correct answer: (C)),
DREAM generates a true motivation statement
“The man’s motivation is to watch a movie.” Even
though this is true in the situation, it does not give
any clue about the man being on a date.

Generated SE is not consistent with itself (6%
have half or more inconsistent statements, 45%
have 1 (out of 4) or more inconsistent statement):
e.g. For a given situation “I tossed a hair dryer into
the swimming pool,” DREAM generates inconsis-
tent SE “[emotion] I (myself)’s emotion is careless.
[motivation] I (myself)’s motivation is to be help-
ful.”. The model seems confused about whether
the action is good/bad.

8We consider a scene component as inaccurate if it receives
an average rating below 0.25 out of 1 for accuracy. A scene
component is considered not useful if it receives an average
rating below 0.25 out of 1 for usefulness.

7.2 Influence of SE on QA:

Finally, we investigate how the scene elaborations
influence Macaw’s answer predictions on our test
datasets. Note that this analysis is performed over
400 turked examples, whereas Table 5 describes
the gains of “Macaw + DREAM” over Macaw
for the entire test sets. On the turked sample, we
observe that:

Macaw changes its prediction from wrong to
correct answer after seeing SE (9.25%): An
example of this is in Figure 1, where Macaw
given the question alone gives the incorrect answer
“(A) wrong”, while the addition of the DREAM-
generated scene elaboration causes it to change its
answer to the correct answer “(B) not wrong”.

Macaw changes its prediction from correct
to wrong answer after seeing SE (7.75%). E.g.,
For an ethical dilemma question “I charged the fa-
ther for surgery that I did perform.” (gold answer:
not wrong), Macaw answers it correctly. However,
DREAM’s scene elaboration hallucinates the in-
correct details about the father being “overcharged”
in the generated social norm and consequence. This
leads Macaw to (undesirably) change its answer to
“wrong”. Improving the quality of scene elabora-
tions may alleviate this issue.

Macaw refuses to change its wrong predic-
tion even after seeing SE (14.75%): For the 59
out of 400 turked questions where Macaw refuses
to change its wrong prediction, Turkers’ annota-
tions suggest that on average the SE were largely
accurate of the given situation, consistent (64% ac-
curacy, 66% consistency) and contains some useful
information (32% were useful for justifying the cor-
rect answer). This suggests that existing QA mod-
els are still imperfect at exploiting additional rel-
evant input context towards answer selection. For
example, for the ethical dilemma question “I laid
the baby on the floor.” (gold answer: not wrong),
Macaw answers it incorrectly, even when provided
with a largely accurate, useful and consistent scene
elaboration as input: “[social norm] It’s good to
take care of your baby. [emotion] I (myself)’s emo-
tion is calm. [motivation] I (myself)’s motivation is
to get the new born to sleep. [likely consequence]
The baby cried and I was worried.”

8 Future Directions

Improved Representations of Scene Elabora-
tions: Our experiments and analysis show that pro-
ducing high quality SEs is challenging but also use-
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ful for improving QA model’s accuracy. DREAM
was trained to generate scene elaborations com-
prising a fixed set of 4 components. One potential
future direction is to train DREAM to elaborate
situations using a wide variety of scene elaboration
components and let it dynamically select which
components are most salient for a given situation
(Shwartz et al., 2020).

Task-specific finetuning: DREAM is currently
trained on task-agnostic data (during training, it
has seen examples of each scene elaboration com-
ponent independently) and then tested on QA
tasks. We can further annotate the predictions from
DREAM as true/false and useful/not-useful w.r.t.
QA tasks like ETHICS, CODAH and Social IQA.9

We can then finetune DREAM further on train-
ing sets of these tasks by only considering points
where the scene elaborations were marked as true
and useful by Turkers. This will help make the
model generations more useful to steer the reason-
ing towards correct answer.

Improved QA and explanations: Our experi-
ments demonstrate that existing QA models can
achieve small improvements in answer accuracy
using scene elaborations as additional context. One
can train a joint model for situational QA that can
output answer as well as scene elaboration. Such
joint learning can help 1) to generate scene elabo-
rations that are salient to the question 2) to output
answer that is consistent with its scene elabora-
tion. Further, the scene elaboration can serve as
explanation (justification for the predicted answer).

Building interpretable retrieval-based models:
SEs could also be used to improve a kNN QA
model. To explore this, we conducted a brief inves-
tigation (Appendix B) where similarity was com-
puted by comparing BERT (Devlin et al., 2019)
encoding of the query situation with those of situa-
tions in the training set. We found that the answer
accuracy improved by 17% on the ETHICS-CS
task when the BERT encoding was computed over
the situation S + SE, compared with just using S
alone. This suggests additional exciting opportu-
nities for building interpretable nearest-neighbor
models (Khandelwal et al., 2020; Kassner and
Schütze, 2020) that can use and adapt old experi-
ences (scene elaborations) to understand and solve
new problems.

9Note that scaling these annotations is much easier/cheaper
compared to annotating the scene elaborations from scratch.

9 Conclusion

Can LMs answer situated questions more accu-
rately if they are provided with additional, pertinent
details about those situations – a scene elaboration
– before answering? Working with a representative
LM, Macaw, we find that it is relatively poor at
generating accurate scene elaborations of a QA sce-
nario itself, despite its high end-task performance,
thus showing no evidence that it might be internally
comprehending the full situation in some way when
answering. To address this potential limitation, we
introduced DREAM, a model explicitly trained
to generate scene elaborations for a given situa-
tion. Our experiments show that using DREAM’s
scene elaborations as additional context improves
the answer accuracy of downstream QA systems,
including beyond that obtainable by simply further
fine-tuning the QA system on DREAM’s training
data. These results suggest that adding focused
elaborations about a situation can improve a sys-
tem’s reasoning, and may be an effective way of
injecting new scenario-based knowledge into down-
stream QA models. In addition, our proposed ap-
proach improves the performance of existing QA
systems in a question-agnostic way and leaves the
end-task QA models unchanged (no need for addi-
tional fine-tuning). This helps prevent issues such
as interference across different task capabilities and
catastrophic forgetting (Mosbach et al., 2021). This
makes our approach portable to other QA models,
suggesting exciting opportunities for further im-
proving and exploiting scene elaborations to better
solve new problems. To facilitate future research,
we make our dataset and model publicly available
at https://github.com/allenai/dream.
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A Details on Crowdsourcing for Estimating Quality of Scene Elaborations

Mechanical Turk task instructions:

Order of presentation:
We randomly interleaved scene elaborations obtained from probing Macaw (Section 3.2) and those
generated by DREAM (Section 4). Each Turker would have rated both scene elaborations from Macaw
and DREAM.

Turk workers and pay rate:
Our participants were recruited on the Amazon Mechanical Turk platform. The workers met minimum
qualification in AMT: 95% approval rate. They were from US locations and rated at Amazon’s Masters
Level. For rating each set of elaboration, comprising four scene components, workers were paid at a rate
of ≈$12/hr.

B Building a Dynamic Memory of Scene Elaborations for Better Reasoning

Scene elaborations can potentially be used in other ways besides providing additional QA context. To
demonstrate this, we performed a small experiment to test their use in a KNN (k nearest neighbor)
question-answering model. In this setup, for each training example, the situation S + (optionally) the
DREAM-generated scene elaboration SE are represented as a data point in a multi-dimensional space, and
that point is then tagged with the gold answer A. Given a test example S + (optionally) DREAM-generated
SE, the KNN algorithm finds the k closest points and selects the majority vote of their answers as the
label to predict. We encode S + SE using BERT embeddings (Devlin et al., 2019), and measure Euclidian
distance between points. We then evaluated this model without and with the DREAM-generated SE on
the ETHICS-CS dataset (where answers are always either (A) wrong or (B) not wrong, hence majority
voting can be computed), using the training partition to populate the space10 and evaluating on the test
partition, using k=5. Table 8 shows that this KNN model’s answer accuracy improves by 17% when the

10For the purpose of this experiment, we excluded AITA part of the dataset consisting of questions with long context (taken
from Reddit).
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DREAM-generated scene elaboration is included in the question encoding, providing further evidence of
the general utility of such scene elaborations.

Embeddings used Answer
by KNN Model Accuracy
BERT(situation) 64.53
BERT(situation+scene elaboration) 81.22

Table 8: QA performance of KNN model using BERT embeddings improves when we provide scene elaborations
generated by DREAM as additional input context. (ETHICS-CS test set, excluding long questions with AITA
context)

To provide an intuition of why this improvement occurs, Table 9 shows an handpicked example (of
retrieval without SE and with SE) illustrating how the retrieved situations can be semantically closer
to the query situation with the use of SE. Our scene elaborations include rules of thumb, motivations
and emotions of characters and likely consequences. This additional layer of elaboration, computed in
advance by DREAM, results in BERT embeddings that are more socially and ethically informed than the
mere embedding of the original situation text S. For instance, in the example in Table 9 (from ETHICS-CS
dataset), “creating an educational and fun experience for children” is more salient to the question rather
than “someone visiting a farm”.

These additional, preliminary results suggest additional exciting opportunities for building interpretable
nearest-neighbor models (Khandelwal et al., 2020; Kassner and Schütze, 2020) that can use and adapt old
experiences (scene elaborations) to understand and solve new problems.

Query situation top-5 retrieved using top-5 retrieved using
BERT(situation) BERT(situation+scene elaboration)

0: I took my third
grade class on a
field trip to a farm.

0: I was tired from all the work
I did at the farm.

1: I skipped school to go on
a cross country ride.

0: I went boating instead of going to work.
1: I blew off my son’s high school

graduation to go fishing.
1: I ate my co-workers lunch at work.

0: I decided to schedule the school trip to the mountains.
0: I decided to take my kindergarten class on a

field trip to the fire station.
0: I brought a gallon of juice to add to the punch

for the grade school graduates.
0: At the retirement home I turned the channel

to the animal channel for the seniors to watch.
0: I added a dash of vanilla to the recipe.

friend at the bar.

Table 9: Example k-nearest neighbor situations based on BERT embeddings. Each situation is labeled with its gold
label, 1: wrong, 0: not wrong. Retrieved situations matching the gold label of the query situation are colored green,
otherwise they are colored red. For a situation in ETHICS-CS Test set (first column), we retrieve top-5 situations
from ETHICS-CS Train set using either situation or (situation+scene elaboration) to create BERT encodings. We
can see that using scene elaboration as additional context results in retrieving semantically similar situations to the
query situation. This in turn improves the accuracy of KNN model, resulting in correct majority label.

C On the use of our dataset and model

Our SE dataset and DREAM model are released for research purposes only. Like any other large-scale
language model, there is a risk of DREAM producing biased or offensive statements.
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Abstract

Pre-trained Language Models (PTLMs) have
been shown to perform well on natural lan-
guage tasks. Many prior works have lever-
aged structured commonsense present in the
form of entities linked through labeled rela-
tions in Knowledge Graphs (KGs) to assist
PTLMs. Retrieval approaches use KG as a
separate static module which limits coverage
since KGs contain finite knowledge. Gener-
ative methods train PTLMs on KG triples to
improve the scale at which knowledge can be
obtained. However, training on symbolic KG
entities limits their applicability in tasks in-
volving natural language text where they ig-
nore overall context. To mitigate this, we pro-
pose a CommonSense Contextualizer (CoSe-
Co) conditioned on sentences as input to make
it generically usable in tasks for generating
knowledge relevant to the overall context of
input text. To train CoSe-Co, we propose a
novel dataset comprising of sentence and com-
monsense knowledge pairs. The knowledge
inferred by CoSe-Co is diverse and contain
novel entities not present in the underlying KG.
We augment generated knowledge in Multi-
Choice QA and Open-ended CommonSense
Reasoning tasks leading to improvements over
current best methods on CSQA, ARC, QASC
and OBQA datasets. We also demonstrate its
applicability in improving performance of a
baseline model for paraphrase generation task.

1 Introduction

While dealing with natural language text, common-
sense allows humans to expand salient concepts
and infer additional information. For example, by
reading a sign like Men at Work on a road, we
implicitly know to slow down our vehicles, look
carefully for workers. This implicit process of us-
ing common sense to make logical inferences is
critical to natural language understanding (Xie and

∗Work done as an intern at the Media and Data Science
Research Lab, Adobe, India

Pu, 2021). A natural question to ask then is how we
can incorporate common sense in now-ubiquitous
language models (LMs) (Devlin et al., 2019; Rad-
ford et al., 2018a; Raffel et al., 2019).

There have been various efforts (Bao et al., 2016;
Feng et al., 2020; Wang et al., 2020b) to lever-
age structured knowledge present in commonsense
knowledge graphs - KGs (we use KG as a short-
hand for Commonsense Knowledge Graph) (Xie
and Pu, 2021). Such works have primarily focused
on either retrieving or generating required knowl-
edge. Retrieval methods rely heavily on structure of
downstream task like multi-choice question answer-
ing (QA) to leverage knowledge in a KG (Yasunaga
et al., 2021) and are not applicable beyond a spe-
cific task. Further, retrieval can restrict total knowl-
edge that can be garnered since static KGs lack
coverage due to sparsity (Bordes et al., 2013; Guu
et al., 2015). The other body of work addresses this
comprising of generative methods that learn com-
monsense through training a LM on symbolic enti-
ties and relations between them in a KG. They have
either been designed for KG completion (Bosse-
lut et al., 2019), i.e. generate tail entity of a KG
triple given head entity and relation, or to generate
commonsense paths connecting a pair of entities
which suffer from two shortcomings. Firstly, ap-
plying such methods in downstream tasks require
entity extraction from text as a prerequisite step and
secondly, they generate knowledge between entity
pairs ignoring overall context of sentence (Wang
et al., 2020b). Hence, applying such methods is
sub-optimal since most NLP tasks comprise of sen-
tences. Further, being trained on entities, applying
them directly on sentences is infeasible and lead to
train-inference input type mismatch.

To address these limitations, we propose
CommonSense Contextualizer - CoSe-Co, a gen-
erative framework which generates relevant com-
monsense knowledge given natural language sen-
tence as input. We condition it on sentences to
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make it learn to incorporate overall text context
and enable it to dynamically select entities/phrases
from an input sentence as well as output novel yet
relevant entities as part of commonsense inferences
generated. We consider commonsense knowledge
in the form of paths, i.e., sequence of entities con-
nected through relations. We first create sentence-
path paired dataset by - 1) sampling paths from
an underlying KG; 2) sampling a subset of entities
from a path; and 3) retrieving & filtering sentences
(from a sentence corpus) that are semantically sim-
ilar to the path. The paired data is then used to
train a generative language model to generate a
path given a sentence as input.

To analyse the usefulness of generated common-
sense, we augment it in various downstream tasks.
The reasoning ability of NLP systems is commonly
analysed using QA. Hence, we choose two such
tasks: 1) Multi-Choice QA, where given a ques-
tion and set of choices, the model has to identify
the most appropriate answer choice. However, of-
ten more than one choice is a suitable answer. To
mitigate this, 2) OpenCSR (Open-ended Common-
Sense Reasoning) (Lin et al., 2021a) was proposed,
where each question is labeled with a set of answers
which have to be generated without choices. We
also show applicability of CoSe-Co in improving
performance on paraphrase generation task (§4.5).

Our contributions can be summarised as:
1. We propose a CommonSense Contextualizer

(CoSe-Co) to generate knowledge relevant
to overall context of given natural language
text. CoSe-Co is conditioned on sentence
as input to make it generically usable in tasks
without relying on entity extraction.

2. We devise a method to extract sentence-
relevant commonsense knowledge paths and
create the first sentence-path paired dataset.
We release the dataset and make it available to
the community along with the trained models
and corresponding code1.

3. Since CoSe-Co is based on generative LM,
it infers relevant and diverse knowledge con-
taining novel entities not present in the un-
derlying KG (§4.2). Augmenting generated
knowledge in Multi-Choice QA (§4.3) and
OpenCSR (§4.4) tasks leads to improvements
over current SoTA methods. Further, it is ob-
served that CoSe-Co helps in generalising
better in low training data regime.

1https://linktr.ee/coseco

2 Related Work

Commonsense Knowledge Graphs (KGs) are struc-
tured knowledge sources comprising of entity
nodes in the form of symbolic natural language
phrases connected through relations (Speer et al.,
2017; Sap et al., 2019a; Ilievski et al., 2021; Zhang
et al., 2020). The knowledge in KGs is leveraged
to provide additional context in NLP tasks (Bao
et al., 2016; Sun et al., 2018; Lin et al., 2019) and
perform explainable structured reasoning (Ren*
et al., 2020; Ren and Leskovec, 2020). Addition-
ally, a variety of Natural Language Inference (NLI)
and generation tasks requiring commonsense rea-
soning have been proposed over the years (Zellers
et al., 2018; Talmor et al., 2019; Sap et al., 2019b;
Lin et al., 2020, 2021a,b). Pre-trained language
models (PTLMs) (Devlin et al., 2019) trained over
large text corpus have been shown to posses tex-
tual knowledge (Jiang et al., 2020; Petroni et al.,
2019; Roberts et al., 2020) and semantic under-
standing (Li et al., 2021). Consequently, they have
been used for reasoning where they perform well to
some extent (Bhagavatula et al., 2020; Huang et al.,
2019). However, it remains unclear whether this
performance can be genuinely attributed to reason-
ing capability or if it is due to unknown data cor-
relation (Mitra et al., 2019; Niven and Kao, 2019;
Kassner and Schütze, 2020; Zhou et al., 2020).

Due to this, various LM + KG systems have been
explored (Feng et al., 2020; Wang et al., 2019; Lv
et al., 2020) to combine broad textual coverage
of LMs with KG’s structured reasoning capability.
Early works on KG guided QA retrieve sub-graph
relevant to question entities but suffer noise due to
irrelevant nodes (Bao et al., 2016; Sun et al., 2018).
Hybrid graph network based methods generate
missing edges in the retrieved sub-graph while fil-
tering out irrelevant edges (Yan et al., 2020). Graph
Neural Networks (GNNs) have been used to model
embeddings of KG nodes (Wang et al., 2020a).
More recently, Yasunaga et al. (2021) proposed
an improved framework (QA-GNN) leveraging a
static KG by unifying GNN based KG entity em-
beddings with LM based QA representations. Al-
though, such frameworks extract relevant evidence
from a KG, it undesirably restricts knowledge that
can be garnered since knowledge source is static
and might lack coverage due to sparsity (Bordes
et al., 2013; Guu et al., 2015). Contrarily, we train
a generative model on a given KG to enable it to
dynamically generate relevant commonsense infer-
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Figure 1: Our proposed approach consists of: (1) Path to Sentence Alignment to create the training data for
CoSe-Co, (2) Training a CommonSense Contextualizer (CoSe-Co) to generate commonsense inferences
relevant to a given natural language sentence. CoSe-Co can be used to infer knowledge in downstream task.

ences making it more generalizable and scalable.
Bosselut et al. (2019) cast commonsense acquisi-

tion by LMs as KG completion. They propose
COMET, a GPT (Radford et al., 2018b) based
framework to generate tail entity given head and
relation in a KG triple as input. Owing to training
on symbolic KG nodes, using COMET in down-
stream tasks involving natural language text is not
straightforward. Specifically, it requires extract-
ing entities from text as a prerequisite (Becker
et al., 2021). Further, training on single triples
makes its application in tasks requiring multi-hop
reasoning challenging due to large relation search
space (Bosselut et al., 2021). To address this, Path
Generator (PGQA) was proposed to generate com-
monsense paths between entities pair (Wang et al.,
2020b). Designed for multi-choice QA, they ex-
tract question entities and generate paths between
each question entity and answer choice pair. Even
though generated paths are multi-hop, training on
entities limits applying it directly on sentences due
to train-inference input type mismatch. Further,
being conditioned only on question-choice entity
pairs, paths are generated ignoring overall question
context. To mitigate this, we design CoSe-Co
as a generic framework to dynamically generate
multi-hop commonsense inference given natural
language sentence as input. Separately, retrieval
methods have been explored to search relevant
sentences to generate text corresponding to con-
cepts (Wang et al., 2021). Different from this task,
we retrieve sentences relevant to paths in a KG to
create paired sentence-path data.

3 Proposed CoSe-Co Framework

Problem Setting Given a commonsense knowl-
edge graph G = (E ,R), where E is the set of entity
nodes and R is the set of labeled directed rela-

tional edges between entities, we aim to model a
CommonSense Contextualizer (CoSe-Co) which
generates a set of commonsense inferences in
the form of paths derived using G, that are rel-
evant to a natural language text given as input.
It is desirable that such a generative common-
sense knowledge model should be generic, task
agnostic, and takes into account the overall con-
text of language input while generating common-
sense. Since most tasks comprise of text in the
form of sentences, we model the input to CoSe-
Co as a sentence. In order to train such a model, a
dataset is required which comprises of mappings of
the form {(s1, p1), (s2, p2), ..., (sN , pN )}, where
sj and pj are relevant sentence-commonsense in-
ference path pair. However, no existing dataset
consists of such mappings. To bridge this gap,
we first devise a methodology to create a dataset
D comprising of sentences paired with relevant
commonsense inference paths. Broadly, we first
extract a large corpus C constituting sentences
{s1, s2, ..., s|C|}. Subsequently, we sample a set of
paths P = {p1, p2, ..., p|P|} from G such that each
p ∈ P is of the form p = {e1, r1, e2, r2, ..., e|p|+1},
where ei ∈ E and ri ∈ R. For each p ∈ P , a set of
contextually and semantically relevant sentences
S ⊂ C is retrieved and mapped to p. We then train
a generative LM based commonsense knowledge
model using D. During inference, given a sentence
s′, it generates commonsense paths of the form
p′ = {e′1, r′1, e′2, r′2, ..., e′|p′|+1} such that e′i ∈ E ′
and r′i ∈ R. Here, E ′ = E ∪ Enovel where Enovel
are novel entities not present in G. These include
phrases present in an input sentence but not in E as
well as entirely novel entities which the pre-trained
LM based backbone enables it to generate through
transfer learning. The generated commonsense in-
ference paths from CoSe-Co can then be used to
augment context in downstream tasks. An overview
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itinerary isa travel_guidebook
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highway atlocation atlas

{itinerary, isa,
travel} 

{travel, _usedfor,
atlas} 
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{travel, highway}
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together, an atlas is composed through
which users travel, each logged as
possible itineraries for future users

✕
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ConceptNet Paths

Creation of queries
using templates

Retrieval of
Wikipedia Sentences
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similarity matching

Obtaining paired
sentence

this itinerary states that jazz
music has taken its name from

this travelling musician

as per this local atlas the new
england superhighway passes

the town

...

Figure 2: Obtaining the sentence-path paired dataset. We begin with paths from the knowledge graph and employ a
two-step matching and filtering process to obtain relevant paired sentences from the given text corpora. Here we
accompany each step with corresponding examples that we observed.

of our framework is shown in Figure 1.

3.1 Sentence-Path Paired Dataset Creation

In order to train CoSe-Co, we create a
novel dataset comprising of related sentence-
commonsense path pairs. To obtain set P , we
perform random walk in G to extract multi-hop
paths of the form p = {e1, r1, e2, r2, ..., e|p|+1},
where the number of hops, denoted as path length
|p|, is in range [l1, l2]. To avoid noisy paths which
do not convey useful information, we employ rela-
tional heuristics in P (described in appendix E.1).
Separately, the sentence corpus C is indexed using
Apache Solr which is queried to retrieve sentences
relevant to a path. We now explain this in detail.

Broadly, we map each path p ∈ P to a set of
sentences S ⊂ C based on semantic similarity and
overlap between entities in p and sentences. For
this, consider a path p = {e1, r1, e2, ..., e|p|+1}.
To ensure that retrieved sentences are similar to p,
we devise two types of query templates - Q1 and
Q2 which are used to create multiple queries per
path while querying Solr. We design Q1 to cap-
ture relation information between entities in p in
addition to entities themselves. Specifically, we
extract non-contiguous entity-relation triples of the
form {(ei, ri, ei+2)} and {(ei, ri+1, ei+2)}. Here,
we do not query entire path while retrieving sen-
tences to ensure better coverage since we observed
that no sentence exists which contains all enti-
ties and relations present in a given path. In Q2,
we extract queries comprising of connected enti-
ties pairs {(ei, ei+1)}. For each query q obtained
from p according to Q1 and Q2, we query Solr
and select sentences containing entities present
in q. Subsequently, we rank retrieved sentences
based on similarity between sentence embedding
and embedded representation of the corresponding
query q (including the relation in case of Q1). The
embeddings are obtained using SBERT (Reimers
and Gurevych, 2019) since it is trained on siamese

objective to learn semantically meaningful repre-
sentations. Based on the ranking, we retain a max-
imum of top K’ (= 10) sentences to ensure most
semantically relevant sentences-path pairs are ob-
tained and also to prevent CoSe-Co from getting
biased towards generating particular paths. One
thing to notice is that even though sentences are
retrieved using templated sub-parts within a path,
the retrieved sentences are finally paired up with
the entire path and later used to train a generative
commonsense model that learns to generate the
path given sentence as input. Figure 2 illustrates
the entire sentence-path pairing process using an
example from the dataset.

Using queries of type Q1 templates enables us
to retrieve sentences that are relatively more seman-
tically related to the overall path. For instance, con-
sider a path ‘violin hasproperty strings _hasprequi-
stite guitar atlocation concert’. Sentences retrieved
using queries like {strings, atlocation, concert} (of
the form (ei, ri+1, ei+2)) are more likely to be re-
lated to other entities in the path such as ‘guitar’.
Further, sentences that contain entities that are not
directly connected in the corresponding path induce
an inductive bias in CoSe-Co to generate paths
that consist of intermediate entities which connect
them. We perform ablations regarding query tem-
plates in §4.3.1. We study quality of the generated
dataset to check for possible data leaks and rele-
vance between sentence-path pairs

We determine the extent of n-gram overlap be-
tween questions in the CSQA test set and sentences
in our sentence-path training set as indicators of
any possible data leakage. For this, we obtain the
set of n-grams in a question, determine the sentence
in the training set with which the question has max-
imum matching n-grams and divide the matching
n-gram count with the total number of n-grams in
the question. Finally, this fraction is averaged over
all the questions in the test split of CSQA. Follow-
ing this scheme, an overlap of 0.15 is observed for
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1-grams, 0.07 for 2-grams, 0.002 for 3-grams, and
0.00 for 4-grams which shows that the extent of
overlap is very less (on a scale of 0 to 1). Further,
we noted that 1-gram overlap does not necessarily
indicate leakage. For instance, consider CSQA test
question - ‘If a person is tired how can they be re-
freshed?’. Even though, it has matching 1-grams
with the sentence- ‘a person may feel tired without
having engaged in any physical activity’, but it can
be noted that they have an entirely different context.
From the low n-gram overlap values, we conclude
that extent of leakage is negligible.

To gauge the degree of relevance between the
final set of sentence-path pairs, we measure the co-
sine similarity between the S-BERT embeddings of
the complete path and the corresponding sentence
in the dataset. We observe a high normalized co-
sine similarity score of 0.783 when averaged over
all sentence-path pairs in training dataset which
shows that sentence and corresponding path pairs
are semantically related.

3.2 Sentence→ Commonsense Generator

The sentence-commonsense paired dataset D ob-
tained in §3.1 is used to train a path generator
model CoSe-Coθ to generate commonsense in-
ference path p relevant to the input sentence s. For
this, we initialise the parameters θ of CoSe-Co
with weights of a generative pre-trained LM as
backbone (eg. T5, GPT etc). Consider T5-base
(Raffel et al., 2019) as backbone, given a sentence
s = {xs1, xs2, ..., xs|s|} comprising of a sequence of
tokens, it is processed by T5 encoder Eθ1 to give
a sequence of outputs OE = {oE1 , oE2 , ..., oE|s|}. T5
decoder Dθ2 is trained to sequentially generate the
corresponding path tokens p = {xp1, xp2, ..., xpN}.
During the decoding phase at time step t, Dθ2 is
jointly conditioned on encoder outputsOE and past
tokens xp<t in the path p while generating current
path token xpt . Eθ1 and Dθ2 , where θ = θ1

⋃
θ2,

are jointly optimized by minimizing loss L:

L = −∑N
t=1 logP (x

p
t |xp<t, OE), where

P (xpt |xp<t, OE) = CoSe-Coθ(s, xp<t)
We design a variant where given a sentence-path
pair, we randomly select an entity that co-occurs
in sentence and path and mask it in the sentence.
Whether a sentence is masked during training is
controlled by a probability pmask. The model is
then trained to generate path containing masked
entity given masked sentence as input. The intu-
ition is to enforce CoSe-Co to capture context

better through identifying masked entity during
path generation. We discuss and perform ablations
to compare masked CoSe-Co with varying values
of pmask in §4.3.1. Separately, we discuss and ob-
serve that using GPT-2 as backbone LM for CoSe-
Co performs similar to T5-base in Appendix B.

3.3 Path Decoding During Inference

As in most sequence generation tasks, teacher forc-
ing is used to train the model, while a decoding
strategy is used to generate diverse outputs dur-
ing inference (Vaswani et al., 2017). To max-
imise contextual knowledge obtained from paths
for each sentence in a downstream task, we gener-
ate multiple paths. To improve diversity between
paths while not losing relevance, we implement a
path-specific variant of beam search, diverse-path
search. Diversity is ensured by sampling top-k
most probable tokens at first generation step fol-
lowed by decoding most probable sequence for
each of them, thus returning k paths. This approach
is motivated by observation that when generating a
path, initial entity guide overall decoding of path.

4 Experiments and Evaluation

4.1 Implementation Details

We choose Wikipedia as the sentence corpus C, and
ConceptNet (Speer et al., 2017) as the knowledge
graph G. The subset of Wikipedia that we use
comprises of ∼5M articles, from which we extract
∼92.6M sentences. ConceptNet comprises of ∼8
million nodes as concepts linked through 34 unique
commonsense relations with ∼21 million links in
total. We sample ∼28M paths that have a length
|p| in the range l1 = 2 and l2 = 5. We obtain a
total of ∼290K sentence-path pairs. CoSe-Co is
trained until validation loss across an epoch does
not increase, with maximum number of epochs
= 5. pmask is set to 0.33 based on tuning on CSQA
dev set and number of paths per sentence k = 5
during inference. AdamW optimizer (Loshchilov
and Hutter, 2017) is used to train parameters with
a learning rate of 5e− 4, weight decay of 0.01 and
epsilon of 1e− 8 using a single A-100 GPU with
batch-size 8 and 4 gradient accumulation steps.

4.2 Analysing Generated Paths

We analyse quality of generated paths on three as-
pects - Relevance, Diversity and Novelty, evaluated
on test split of our sentence-path dataset. We esti-
mate Relevance by treating each triple in generated

1132

https://archive.org/download/enwiki-20181220


(a) Relevance: BLEU score of generated paths computed
using ground truth paths

(b) Diversity: Compliment of fraction overlap between top-5
sampled paths.

Figure 3: Analysis and comparison of generated paths across different decoding strategies

Input CoSe-Co Outputs

What do people typically do
while playing guitar?

(playing_guitar causes singing usedfor people capableof feeling_sad)
(playing_guitar hassubevent sing _causesdesire singing _occupation musician genre folk_rock)
(play_guitar _usedfor guitar atlocation symphony_halls_or_musical_instruments_or_bands _atlocation people )

Where are you likely to
find a hamburger?

(burger _isa hamburger atlocation fast_food_restaurant usedfor eating_food)
( burger_king _usedfor hamburger atlocation fast_food_restaurant isa place capableof take_car_for_drive)
(fast_food_restaurant _isa taco_bell product hamburger madeof wheat_flour_and_salt)

In what Spanish speaking
North American country can
you get a great cup of coffee?

( bretagne partof north_america _atlocation cup_of_coffee hascontext usa isa country)
(hot_beverage _isa coffee atlocation cup_of_coffee hascontext north_america _partof grenada )
(good_coffee hasa caffiene_in_milk_and_sugar atlocation in_ canada )

Table 1: Commonsense paths generated by CoSe-Co for questions in CommonsenseQA data. Potential answers
observed in path itself are highlighted , context-enriching concepts are coloured.

and ground truth paths (for a given test sample)
as one uni-gram followed by determining BLEU
score (Papineni et al., 2002) between them. To
estimate Diversity, we extract top-k = 5 paths
for each sentence, consider each pair combination
amongst them and estimate fractional overlap (in-
tersection over union of set of path entities) be-
tween them. Compliment of overlap (1− overlap)
followed by mean over entire test split conveys how
diverse paths are. Figure 3 shows corresponding
results. It is observed that paths generated using
nucleus sampling are diverse but lack relevance,
while an opposite trend is observed for top-k sam-
pling. Diverse-path search provides best balance
between relevance (0.436) and diversity (0.43). We
estimate Novelty as a fraction of total entities in a
generated path that are not present in any training
path followed by averaging over test split. CoSe-
Co attains a novelty of 23.28% which shows that
good fraction of entities in generated path are novel.
Further discussion on the quantitative analysis of
generated paths can be found in appendix F. Ta-
ble 1 shows a few examples of generated paths.
CoSe-Co generates paths contextually relevant to
question in addition to inferring novel entities.

4.3 Multi-Choice Question Answering

We perform multiple choice question answering on
the CSQA dataset (Talmor et al., 2019). Here, a

question is given with 5 answer choices and the
model has to predict the correct one. As an ex-
ample, consider a question ‘Where could you see
an advertisement while reading news?’ with an-
swer choices ‘television, bus, email, web page, and
la villa’. One of the prior works for this task -
PGQA (Wang et al., 2020b), comprises of a knowl-
edge module which generates commonsense and a
QA module which identifies correct choice using
this knowledge (see appendix D for details). Since
our aim is not to design an improved QA module
but a better commonsense generator, for fair com-
parison with PGQA, we use their QA module with
CoSe-Co. The QA module embeds the question
+ choices using RoBERTa (Liu et al., 2019) and
uses the CLS token output to perform attention
over path embeddings generated using the com-
monsense module. The output of attention module
together with embedding of question and answer
choices is used to predict the correct answer.

Table 2 shows results on CSQA which are usu-
ally averaged over 5 runs on this benchmark. We
compare against several baselines broadly clas-
sified into ones using static KG such as MH-
GRN (Feng et al., 2020), QA-GNN (Yasunaga
et al., 2021) etc. and others which train a dy-
namic path generator (PGQA) (Wang et al., 2020b)
as commonsense module. We also compare with
T5-base since it is backbone LM for CoSe-Co.
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20% Train 60% Train 100% Train
Methods IHtest (%) IHtest (%) IHdev (%) IHtest (%)

T5-base (w/o KG) (Raffel et al., 2019) – – 61.88 (±0.08) 57.34 (±0.21)

RoBERTa-large (w/o KG) 46.25 (±0.63) 52.30 (±0.16) 73.07 (±0.45) 68.69 (±0.56)

+ RGCN (Schlichtkrull et al., 2018) 45.12 (±0.69) 54.71 (±0.37) 72.69 (±0.19) 68.41 (±0.66)
+ GconAttn (Wang et al., 2019) 47.95 (±0.11) 54.96 (±0.69) 72.61( ±0.39) 68.59 (±0.96)
+ KagNet (Lin et al., 2019) – – 73.47 (±0.22) 69.01 (±0.76)
+ RN (Santoro et al., 2017) 45.12 (±0.69) 54.23 (±0.28) 74.57 (±0.91) 69.08 (±0.21)
+ MHGRN (Feng et al., 2020) – – 74.45 (±0.10) 71.11 (±0.81)
+ PGQA (Wang et al., 2020b) 58.25 (±0.43) 69.66 (±0.97) 77.53 (±0.47)q 71.19 (±0.49)
+ QA-GNN (Yasunaga et al., 2021) 59.08 (±1.25) 68.70 (±0.62) 75.54 (±0.42) 72.29 (±0.43)p

+ CoSe-Co (Ours) 61.20 (±0.19)p,q 70.23 (±0.40)q 78.15 (±0.23)p,q 72.87 (±0.31)p,q

Table 2: Performance comparison on in-house dev (IHdev) and test (IHtest) split of CommonsenseQA dataset (Tal-
mor et al., 2019). All scores are averaged across 5 runs. First row depicts amount of training data used. The
second-best number for each column is underlined while best is in bold. Superscripts ‘p’ and ‘q’ denote statistically
significant differences (p-value of 0.05) in comparison to two of our baselines- PGQA and QA-GNN, respectively.

When using entire training data, we observe that
CoSe-Co performs better than all baselines2 on
test set. We outperform PGQA with a gain of
1.68% in accuracy on test split signifying the rele-
vance and applicability of inferences generated by
CoSe-Co. CoSe-Co performs better than QA-
GNN (Yasunaga et al., 2021) also particularly in
low training data regimes with performance gains
of ∼ 2% (and ∼ 3% over PGQA) showing that
while QA-GNN is more sensitive towards amount
of training data used, CoSe-Co is more robust
and helps in generalizing better. Qualitatively, con-
sider the question - ‘Where could you see an ad-
vertisement while reading news?’ PGQA generates
the path - ‘read_news hassubevent read relatedto
news atlocation television’ ignoring the context
that advertisement is being seen along with read-
ing news and ends up predicting television as an-
swer which is wrong. While CoSe-Co generates
- ‘spread_information _capableof advertisement at-
location web_page usedfor reading_news’. Here it
can be seen that CoSe-Co identifies that seeing
the advertisement and reading news is happening
together and generates path accordingly to relate
them with ‘web page’ which is the correct answer.
We also conduct a thorough qualitative comparison
(appendix A) where we observe that evaluators find
CoSe-Co paths to be significantly more contextu-
ally relevant than PGQA.

We conduct a human study wherein we pre-

2Results for PGQA and QA-GNN are reproduced using
their official open-source implementations while numbers for
other baselines have been taken from these two works.

sented evaluators with questions from CSQA
dataset with corresponding commonsense paths
generated by CoSe-Co and PGQA in an
anonymized manner to compare the generative
commonsense methods. We asked them to com-
pare the paths based on their contextual relevance
with the complete sentence and classify them into
one of three categories - 1) ‘CoSe-Co is better
than PGQA’, 2) ‘PGQA is better than CoSe-Co’,
3) ‘Both are of the similar quality’. A total of 150
questions samples were randomly sampled from
the test set and presented to 6 evaluators (25 sam-
ples each). Following are our observations:

• Number of samples where CoSe-Co is bet-
ter: 62 (41.33% of 150 samples)

• Number of samples where PGQA is better: 38
(25.33% of 150 samples)

• Number of samples where both are of similar
quality: 50 (33.33% of 150 samples)

This shows that commonsense generated by
CoSe-Co is found to be more relevant in human
evaluation. Also, if we exclude neutral samples
and consider the 100 samples where the common-
sense paths generated by one of either approach is
found to be better, CoSe-Co’s paths are found to
be more relevant in 62 samples (62% of 100 sam-
ples) while PGQA’s paths are more relevant in 38
samples (38% of 100 samples).

We also study the effect of using a different gen-
erative LM (GPT-2 as used by PGQA) as back-
bone for CoSe-Co in appendix B and empirically
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Entity masking
for training

Query template
for path-sentence

Entity masking
for inference

pmask IHdev (%) Query IHdev (%) Type IHdev (%)
0.0 77.52 (±0.44)

Q1 77.69 (±0.43) Interrogative 78.07 (±0.56)
0.50 77.38 (±0.40)
0.67 77.61 (±0.79)

Q2 77.25 (±0.64) Random 77.90 (±0.84)
1.0 77.71 (±1.17)
0.33 78.15 (±0.23) Q1+Q2 78.15 (±0.23) No Masking 78.15 (±0.23)

Table 3: Studying the effect of ablation variants through comparison on CommonsenseQA dev set.

establish that performance gains over PGQA are
independent of which LM is used.

4.3.1 Ablation Study
Entity masking during training As described in
§3.2, a parameter pmask is used to decide whether
entities in an input sentence will be masked. We
tune pmask over the CSQA IHdev set and deter-
mine 0.33 as optimal value. Table 3 shows com-
parison where masking during training works bet-
ter than not masking. We show qualitative anal-
ysis for different pmask in appendix C. Further,
0 < pmask < 1 ensures trained CoSe-Co can be
used for both masked and unmasked inputs.

Path-sentence query templates As described
in §3.1, we used two query templates—Q1 (in-
cludes relation information) and Q2 (does not cap-
ture relations)—while creating our path-sentence
paired dataset. Here we study the effect of us-
ing these different query templates (Table 3). We
observe that training CoSe-Co on a combined
dataset, Q1 +Q2, results in the best performance,
followed by that on using Q1 alone, that further
outperforms Q2. This indicates the influence of in-
cluding relation information in the training dataset.

Entity masking during inference Since CoSe-
Co is given a masked sentence as input during
training (pmask = 0.33), we explore the effect of
similar type of masking during inference. Specifi-
cally, certain parts of input sentence can be replaced
with masked token to enable CoSe-Co to gener-
ate paths that lead towards filling the mask. As
reported in Table 3, the variant where no masking
is done performs marginally better than when Inter-
rogative or Random tokens in sentence are masked.
Thus, by default we do not perform masking during
inference unless otherwise stated.

4.4 OpenCSR: Open-Ended CommonSense
Reasoning

In CSQA, often multiple choices are appropriate
and model gets penalised unfairly if it predicts

suitable answer which does not match with sin-
gle ground truth. To mitigate this, Lin et al. (2019)
re-configured three multi-choice QA datasets for
OpenCSR as a generative task where interrogative
tokens are replaced with blanks (“_ _”) and a set
of singleton tokens is labeled as ground truth. To
generate a set of paths P , we use inference mask-
ing variant of CoSe-Co since question contains a
blank. Given a question q, blank (“_ _”) is replaced
with mask token. To inject our paths, we devise a
supervised method where we adapt a separate T5-
base model for OpenCSR such that concatenation
of q and paths is given as input to T5 along with the
prefix ‘fill mask to answer question: ’. T5 is trained
to generate one of the answers in ground truth set.
During inference, top-K answers, determined on
basis of generation likelihood from T5 decoder, are
taken as answer candidates.

Table 4 shows comparison between DrFact3 (Lin
et al., 2021a) (current state-of-the-art based on
BERT-base) and our supervised method which uses
CoSe-Co’s paths. Specifically, we evaluate -
1) ‘Paths from CoSe-Co’ where generated paths
are concatenated; and 2) ‘Concepts from CoSe-
Co’ where only entities in generated paths are
appended. Since our supervised method is based
on pre-trained T5, for fair comparison and to probe
if performance changes are due to T5, we compare
against another baseline: T5-base fine tuned for
OpenCSR without paths. We evaluate two metrics
as used in Lin et al. (2021a): 1) Hits@K: Deter-
mined on basis of whether generated and ground
truth answer sets have non-empty intersection; 2)
Recall@K: Estimates how many predicted answers
match at least one ground truth answer. We vary
value of K to be {10, 30, 50}. We evaluate on three
datasets - ARC (Clark et al., 2018), QASC (Khot
et al., 2020), and OBQA (Mihaylov et al., 2018).
CoSe-Co performs significantly better than
3The authors communicated that the test set and leader

board has not been released yet. Hence, we report results
using the author provided code and validation set. Also, they
run their models on single seed.
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ARC QASC OBQA
Hits@K H@10 H@30 H@50 H@10 H@30 H@50 H@10 H@30 H@50

DrFact (Lin et al., 2021a) 36.09 53.25 64.50 21.78 37.62 51.49 12.08 23.77 35.13
T5-base (Raffel et al., 2019) 49.70 67.46 71.01 33.66 47.52 53.47 17.42 29.55 37.88
+ CoSe-Co Paths 50.89 63.91 69.23 30.69 47.52 56.44 20.45 34.09 45.45
+ CoSe-Co Concepts 44.97 66.86 73.37 35.64 47.52 57.43 21.21 35.61 42.42

Recall@K R@10 R@30 R@50 R@10 R@30 R@50 R@10 R@30 R@50
DrFact (Lin et al., 2021a) 12.60 21.05 27.27 12.38 22.28 29.70 6.12 11.85 16.51
T5-base (Raffel et al., 2019) 15.98 28.30 33.93 18.98 26.40 30.53 8.52 14.61 18.71
+ CoSe-Co Paths 16.87 27.45 33.73 17.49 28.05 33.33 9.90 16.53 22.42
+ CoSe-Co Concepts 15.12 28.99 35.21 19.64 28.05 33.00 9.96 17.35 21.10

Table 4: Performance comparison on Hits@K and Recall@K metrics for OpenCSR (Lin et al., 2021a) on ARC,
QASC and OBQA datasets. DrFact is a BERT-based current state of the art method.

both baselines on all datasets uniformly. Specif-
ically, ‘Concepts from CoSe-Co’ usually per-
forms better which shows entities in paths gen-
erated by CoSe-Co are useful. Our approach
provides performance gains of upto 8%, 6%, 10%
in Hits@50 and 8%, 3%, 6% in Recall@50 over
DrFact on ARC, QASC and OBQA respectively.
Even though T5-base baseline performs better than
DrFact, commonsense from CoSe-Co augmented
with T5 achieves new state of the art on this task
with performance gains upto 2.3%, 3.9%, 7.5% in
Hits@50 and 1.2%, 2.5%, 3.7% in Recall@50 over
T5-base on ARC, QASC and OBQA respectively.

4.5 Effect of Concatenating CoSe-Co
Knowledge in Generation Task

We explore augmenting CoSe-Co paths for text
generation where our aim is not to obtain SOTA
results but to analyse if it improves performance
of a base model. Specifically, we study Paraphrase
Generation: given a sentence, generate another
sentence expressing same meaning using differ-
ent words where commonsense is usually needed
while rephrasing. Since T5 (Raffel et al., 2019) is
designed for generation tasks, we fine-tune T5-base
to generate annotated paraphrase given a sentence
as input on MRPC dataset (Dolan and Brockett,
2005). Generated paths are appended as string to
input. Please refer to appendix E.4 for elaborated
implementation details and discussion.

MRPC Paraphrase Generation
BLEU-4 METEOR ROUGE-L CIDEr SPICE

T5-base 43.10 36.10 61.80 36.33 47.10
+ CoSe-Co Paths 44.50 36.70 62.50 37.34 48.50

Table 5: Using CoSe-Co Paths leads to improvements
in paraphrase generation task on MRPC dataset. Gen-
erative commonsense methods like PGQA which rely
on answer choices cannot be applied in tasks like para-
phrase generation where entities are not available.

Table 5 summarises results evaluated through
commonly used generation metrics - BLEU (Pap-
ineni et al., 2002), METEOR (Banerjee and Lavie,
2005), ROUGE-L (Lin, 2004), CIDEr (Vedantam
et al., 2015) and SPICE (Anderson et al., 2016).
Amongst these, SPICE is considered to correlate
most with human judgement. Using CoSe-Co
paths results in better paraphrase generation as in-
dicated by ∼1-1.5% improvement in most metrics.

5 Conclusion

We presented CoSe-Co, a framework to gener-
ate commonsense inferences that are relevant to
the overall context of a given natural language
text. We created a novel dataset of <sentence,
commonsense paths> pairs for training CoSe-Co
and make it available to the community4. Empiri-
cal evaluation shows that commonsense inferences
generated by CoSe-Co are relevant, diverse, and
also contain novel entities not present in KG. We
augment knowledge generated by CoSe-Co in
commonsense tasks such as Multi-Choice QA and
Open-ended CommonSense Reasoning, achieving
SoTA results for these tasks. Further, we also used
CoSe-Co for NLP tasks such as paraphrase gen-
eration achieving improved performance. While,
using ConceptNet as our base KG allowed us to
perform an exhaustive fair comparison with a vari-
ety of benchmark methods—where the motivation
is to provide more relevant knowledge (in symbolic
form as in KG) to tasks—CoSe-Co can further
be enhanced by utilizing other commonsense KGs.
Our work can be extended to explore better ways
of integrating the generated knowledge generically
across a variety of KGs and LMs, and is a potential
direction for future work.

4An ethics statement regarding the released dataset has
been discussed in Appendix G.
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A Qualitative Comparison

Table 7 shows qualitative comparison between
CoSe-Co and baselines on the CSQA dataset.

B Comparison with GPT-2 as backbone
language model

We decided to use T5-base as a design choice as we
were required to train a text-to-text model where
given a sentence as input, the model has to generate
the relevant path as output. Since T5-base is a text-
to-text generation language model, we felt that it is
a suitable choice.

100% Train
Methods IHdev (%) IHtest (%)

RoBERTa-large (w/o KG) 73.07 (±0.45) 68.69 (±0.56)

+ PGQA w/ GPT-2 77.53 (±0.47) 71.19 (±0.49)
+ CoSe-Co w/ GPT-2 77.90 (±0.37) 72.67 (±0.18)

+ PGQA w/ T5-base 77.56 (±0.32) 71.31 (±0.44)
+ CoSe-Co w/ T5-base 78.15 (±0.23) 72.87 (±0.31)

Table 6: Performance comparison between using T5-
base and GPT-2 as backbone language model for PGQA
and CoSe-Co for multi-choice QA task on CSQA
dataset.

To empirically establish that improvements over
PGQA are not due to using T5-base instead of GPT-
2, we performed an experiment to replace T5-base
with GPT-2 as the backbone language model of
CoSe-Co. We train GPT-2 using the same sentence-
path dataset as we used for T5-base by providing it
as input the sentence followed by a [SEP] token and

adapting GPT-2 to generate the corresponding path.
Additionally, we also experiment with replacing
the language model in PGQA from GPT-2 to T5-
base. Table 6 summarises the results obtained for
multi-choice QA on CSQA where it can be seen
that using GPT-2 vs T5 does not lead to noticeable
changes in the performance. The test accuracy
attained by CoSe-Co with T5-base is 72.87% which
is almost the same as for CoSe-Co with GPT-2:
72.67%. A similar observation is seen for PGQA
where using T5-base backbone gives 71.31% and
using GPT-2 gives 71.19%. Further, we would like
to highlight that CoSe-Co with GPT-2 backbone
attains 72.67% accuracy and performs better than
PGQA with GPT-2 (71.19%).

Based on these observations, we can conclude
that performance gains of CoSe-Co over PGQA
are not due to using different backbone but be-
cause CoSe-Co is trained over semantically related
sentence-commonsense pairs that enables it to gen-
erate contextually more relevant commonsense.

C Entity masking while training
CoSe-Co

Table 8 shows the various kinds of paths obtained
from CoSe-Co when trained with different val-
ues of pmask, across the same original question. A
number of observations can be made. First, the
paths obtained from the variant which is trained
without any masking (pmask = 0.0) produces in-
ferences that enrich the overall context of certain
entities in question but do not necessarily capture
the inter-relation between them and thus the overall
intention of the question. With the configurations
that are trained with pmask ̸= 0, the various paths
capture the overall context in an answer-oriented
manner. These configurations also allow us to mask
concepts in the original question such that CoSe-
Co can exploit the unmasked entities to direct its
generated paths in a manner that best suit the blank.
This is evident from the second half of Table 8.
When the interrogative element is masked in the
first example, the paths are directed towards actu-
ally finding the best answer, while when ‘Google
maps’ is replaced in the third example, the paths
are clearly focused on predicting concepts related
to GPS systems.

D Details of PGQA Baseline

PGQA (Wang et al., 2020b) leverages the com-
monsense paths generated by their path generator
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Question Predictions Generated Paths
PGQA QA-GNN Ours PGQA CoSe-Co

Where could you see an advert-

-isement while reading news?
television

web

page

web

page

(read_news hassubevent read

relatedto news atlocation television)

(read_news hassubevent read

relatedto page)

(spread_information _capableof advertisement

atlocation web_page usedfor reading_news)

(news_article isa article atlocation web_page

_receivesaction advertisement)

What can years of playing

tennis lead to?

becoming

tired

becoming

tired

tennis

elbow

(playing_tennis causes

becoming_tired)

(play antonym fun usedfor

playing_tennis causes tennis_elbow)

(injury _hassubevent playing_tennis hasprerequisite

practice_taking_care_of_sports_equipment)

(playing_tennis hassubevent injury hasprerequisite

practice _hasfirstsubevent be_better_at_new_things)

A person writes a check to a clerk,

where does the clerk put them?

desk

drawer

cash

register

cash

register

(put relatedto desk partof drawer)

(check relatedto cash relatedto register)

(write relatedto desk partof drawer)

(make_payments _capableof clerk desires check

_atlocation cash_registers _usedfor to_pay_for_goods)

(cash_registers _usedfor clerk isa person desires

clean_house hasprerequisite put_things_into_places)

Where could you find some large

pieces of paper that are not for sale?

office

supply

store

cabinet
artist’s

studio

(large relatedto note relatedto

paper relatedto office_supply)

(pieces relatedto part relatedto

paper relatedto office_supply)

(shredded_paper usedfor sale _hassubevent

buying_products _nothasproperty artist_studio)

(write_letters _usedfor paper receivesaction

sell_for_money atlocation store)

What do humans take in while

breathing?
air oxygen oxygen

(humans relatedto air)

(breathing hassubevent air)

(human relatedto breathing

hassubevent oxygen)

(breathing hassubevent inhale motivatedbygoal

fresh_air _atlocation oxygen)

(inhaling _hassubevent breathing causes life

_usedfor living_life hasprerequisite good_health)

Table 7: Comparison between predictions made by PGQA (Wang et al., 2020b), QA-GNN (Yasunaga et al.,
2021), and CoSe-Co on a subset of CSQA’s in-house test set (Talmor et al., 2019). Commonsense paths that are
responsible for the corresponding predictions are also given for both the path-based models. Underlined portions
represent the meaningful path sub-structures which direct the overlying model towards the correct answer.

module along with the question and candidate an-
swer choices to perform multi-choice QA on CSQA
dataset (Talmor et al., 2019). Specifically, given
a question q with corresponding candidate answer
choices set C = {c1, . . . , cn}, the PGQA frame-
work generates commonsense inferences for each
pair of answer choice ci and entities extracted from
q. A total of k paths corresponding to each answer
choice ci are obtained to get a resultant set of paths
- Pq−ci . Further, an average over the hidden repre-
sentations corresponding to sequence of decoded
tokens from the final layer of their path generator
decoder are used as path embedding and combined
as - HS ∈ Rk×hD to represent the paths in Pq−ci .
Following this, they augment the choice into q by
replacing the interrogative phrase in q with ci to
obtain q′. For instance, given the question ‘Google
maps and other GPS services have replaced what?’,
the answer choice ‘atlas’ is augmented into the
question as: ‘Google maps and other GPS services
have replaced atlas.’

To embed the augmented question and corre-
sponding answer choice, they use a pre-trained LM
encoder E (such as RoBERTa (Liu et al., 2019))
to embed the query - ‘[CLS] q′ [SEP] ci’ corre-
sponding to ci. The representation corresponding

to [CLS] token is extracted from the final hidden
layer as hUS ∈ RhE . In order to leverage relevant
knowledge from the generated commonsense in-
ferences, the question and choice embeddings are
used to attend over generated paths as:

αp = Softmax(tanh(HSW
A)hUS)

hS′ =
∑

h∈HS
αhp · h

where, WA ∈ RhD×hE , αp ∈ Rk and hS′ ∈
RhD . Finally, a linear layer is applied over the
concatenation of {hUS , hS′} to project it as a scalar.
A softmax is taken over concatenation of scalars
obtained corresponding to each answer choice to
obtain their likelihood followed by cross entropy
loss for training.

E Further Implementation Details

E.1 Relation Heuristics
As mentioned in §3.1, we employ heuristics on
the basis of contained relations to perform filter-
ing of ConceptNet paths. Particularly, we use the
following rules:
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Input CoSe-Co
Variant CoSe-Co Outputs

Google maps and other GPS
services have replaced what?

pmask = 0.0

(orienteering _usedfor map _isa navigation _hascontext GPS _product gsrc)
(satellite_gear hascontext maps capableof help_find_places _usedfor map_store_in_city)
(similar_to_gps _hasproperty google hascontext maps capableof show_live_places)
(geospatial _isa navigation _usedfor google hascontext maps capableof show_people_places)

Google maps and other GPS
services have replaced what?

pmask = 1.0

(gps hascontext navigation _usedfor satellite atlocation orbital_stations_in_space)
(satellite_navigation _usedfor compass capableof point_north _hassubevent driving_car)
(navigation _usedfor satellite _isa gps hascontext navigation _entails competition)
(location_where_go_gallery _definedas navigation _usedfor satellite _hascontext gps)

Google maps and other GPS
services have replaced what?

pmask = 0.5

( compass _isa google_maps usedfor navigation _hascontext gps isa navigating_map)
(location_where_go_camping _isa location _usedfor map _product google_maps)
(satellite_gear _isa GPS usedfor navigation _hascontext gps isa navigating_map)
(navigation_maps _usedfor map _isa navigation_map hascontext navigation)

Google maps and other GPS
services have replaced what?

pmask = 0.33

(orienteering _usedfor maps _isa google_maps _hasprerequisite looking_through_telescope)
(location_where_go_shopping _definedas where_go_shopping _usedfor map)
(navigation_maps _isa maps _usedfor satellite locatednear planet)
(satellite_navigation _usedfor maps _hascontext google_maps capableof show_locations)

Google maps and other GPS
services have replaced [ MASK ].

pmask = 0.33

(gps hascontext maps _usedfor satellite locatednear planet)
(navigation_maps isa navigation _usedfor compass capableof point_north_handle)
(satellite_navigation _usedfor compass capableof point_north_or_south_hemispheres)
(location_where_go_if_near_beach _definedas map usedfor navigation _mannerof sport)

Google maps and other GPS
services have [ MASK ] what?

pmask = 0.33

(orienteering _usedfor map _isa google_maps _hascontext gps)
(location_where_go_if_need_to _definedas location _isa map usedfor information)
(located_in_latin_america _receivesaction israel _language latin_america)
(navigation_maps usedfor find_place _hasprerequisite go_to_market)
(satellite_navigation _usedfor maps capableof show_locations_and_routes)

[ MASK ] and other GPS
services have replaced what?

pmask = 0.33

(navigation_system _isa GPS hascontext astronomy _field edmond_halley)
(location_where_go_if_in_accident _usedfor map _atlocation GPS_systems)
(radio_frequency_messaging _isa GPS hasproperty useful)
(receiver partof radio _isa gps hascontext navigation _usedfor compass )

Table 8: Examples of commonsense inferences obtained for different input forms of the same question from CoSe-
Co when trained with different values of pmask. Potential answers which are observed in a path are highlighted ,
while context-enriching concepts are coloured.

1. We discard any path that uses the same two
relations to connect any three neighbouring
entities occurring in it. That is, for any sub-
path {ei, ri, ei+1, ri+1, ei+2} in a given path
p, we only consider p as a part of our dataset
if ri ̸= ri+1.

2. Following (Wang et al., 2020b), we do not
consider paths that contain any relations
from the set {HasContext, RelatedTo, Syn-
onym, Antonym, DerivedFrom, FormOf, Et-
ymologicallyDerivedFrom, EtymologicallyRe-
latedTo}. We observed that entities connected
through these relations were often largely dis-
similar and thus not useful for our case.

E.2 Multi-Choice QA

In §4.3, we discuss commonsense question an-
swering task where we use framework developed
by Wang et al. (2020b) and just replace the com-
monsense knowledge used by them with the paths
generated by CoSe-Co. We use the same hyper-
parameters as used by them and mention them here

for reference. The model is trained on a batch size
of 16, dropout of 0.1 for 15 epochs. A learning
rate of 2e-6 is used for encoder LM (Roberta-large)
used for embedding question and choice context
and an lr of 1e-3 is used for remaining path at-
tention and classification layer parameters. We
perform the evaluation on CSQA (Talmor et al.,
2019) dataset downloaded from here. The train
split comprises of 8,500, dev split contains 1,221
and in-house test split contains 1,241 samples.

E.3 OpenCSR

In this section, we discuss the implementation de-
tails used for OpenCSR in §4.4. The dataset has
been downloaded from here. The training splits
of ARC, QASC, and OBQA datasets comprises of
5355, 6883, and 4199 samples respectively while
the development split comprises of 562, 731, and
463 samples respectively. The test set is hidden and
authors who proposed the task with reformulated
dataset are yet to set up a leaderboard on the hid-
den test set. They run their proposed model DrFact
(which is based on BERT-base and is the current
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state-of-the-art on this task) on a single seed which
takes about ∼2-3 days to train one model on a
given dataset. While fine-tuning T5-base (with and
without CoSe-Co knowledge), we train the model
for 5 epochs with a learning rate of 5e-4, weight
decay of 0.01 and batch size 8 using AdamW opti-
mizer (Loshchilov and Hutter, 2017).

E.4 Paraphrase Generation

For paraphrase generation on MRPC (Dolan and
Brockett, 2005) dataset, we fine-tune T5-base (with
and without CoSe-Co knowledge) at a learn-
ing rate of 5e-4 for 5 epochs with weight decay
of 0.01 and 4 gradient accumulation steps using
AdamW (Loshchilov and Hutter, 2017) optimizer.
The training set of MRPC comprises of 2,661 para-
phrases while the test set comprises of 1,088 para-
phrases. The dataset has been downloaded from
here.

F Further Analysis of Generated Paths

• Correctness of Novel Triples : Since there
is no ground truth to check the correctness
of triple comprising of novel entities, we at-
tempt to evaluate them by leveraging a com-
monsense knowledge base completion model -
Bilinear AVG (Li et al., 2016) which has been
shown to achieve an accuracy of 92.5% on
knowledge completion task and is also used
to score triples. We extract triples compris-
ing of at least one novel entity from the paths
generated by CoSe-Co for the test split of
sentence-path dataset and provide the triple to
Bilinear AVG to obtain a score. The average
score over all the triples is 0.414 (on a scale
of 0 to 1).

• Further, we perform KG completion (predict-
ing tail entity given head entity and relation of
a KG triple) using CoSe-Co since it gen-
erates paths which essentially comprise of
triples. We compare the performance with
COMET (Bosselut et al., 2019). We consider
test split of sentence-path dataset comprising
of 11, 264 paths and extract triples. We fil-
ter out triples appearing in training paths of
CoSe-Co and train set triples of COMET
yielding 717 test triples in total. CoSe-Co
achieves an accuracy of 24.12% which is sig-
nificantly better than COMET which provides
accuracy of 9.76%. To perform comparison

with COMET (Bosselut et al., 2019) we take
their code and pre-trained model from here.

• In Figure 3(b), greedy decoding cannot be
compared for diversity with other methods
since it generates only a single unique path.

• Since generated paths diversity estimates can
be affected by path length, we measure the
standard deviation of the number of entities
in paths generated corresponding to test split
sentences and found it to be 0.76 which shows
that variance in the lengths of generated paths
is very low (<1) and hence, the diversity of
0.43 (on a scale 0 to 1) attained by CoSe-Co
is not due to length bias.

G Ethics statement

• The sentence - commonsense dataset created
to train CoSe-Co has been derived using stan-
dardized Wikipedia Corpus and ConceptNet
knowledge graph which are publicly available
and commonly used without containing any
info/text that could potentially lead to risk im-
pacts.

• We have used open source Wikipedia corpus
and ConceptNet which are publicly available
and already standardized for research works.

• The links to all the previous works, their
provided open-source github repos, arti-
facts and datasets have been provided in
appropriate sections where they are dis-
cussed/used/compared along with their cita-
tions (Sections - 2, 4, Appendix E etc.). The
links to any resources used provide permis-
sions to use them for our research work.
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Abstract

Probing is a popular method to discern
what linguistic information is contained in
the representations of pre-trained language
models. However, the mechanism of selecting
the probe model has recently been subject to
intense debate, as it is not clear if the probes
are merely extracting information or modeling
the linguistic property themselves. To address
this challenge, this paper introduces a novel
model-free approach to probing, by formulat-
ing probing as a prompting task. We conduct
experiments on five probing tasks and show
that our approach is comparable or better at
extracting information than diagnostic probes
while learning much less on its own. We
further combine the probing via prompting
approach with attention head pruning to
analyze where the model stores the linguistic
information in its architecture. We then
examine the usefulness of a specific linguistic
property for pre-training by removing the
heads that are essential to that property and
evaluating the resulting model’s performance
on language modeling.

https://github.com/rycolab/
probing-via-prompting

1 Introduction

Pre-trained language models such as BERT
(Devlin et al., 2019), GPT-2 (Radford et al., 2019),
and GPT-3 (Brown et al., 2020) have increased
the performance of data-driven natural language
processing (NLP) models on a wide variety of
tasks. Due to their strong performance on many
language-based tasks that require some linguistic
understanding, it is natural to hypothesize that the
models must implicitly encode some linguistic
knowledge. One avenue of research that attempts
to uncover the linguistic knowledge encoded in
these models is called probing (Conneau et al.,
2018; Alain and Bengio, 2018; Tenney et al.,

2019b; Saleh et al., 2020). A common form of
probing is diagnostic probing. Under this approach
a classifier is trained on top of a pre-trained
language model to perform a target linguistic task,
which is closely related to the linguistic property
in question. The predictive accuracy of the
classifier is then taken as an indicator of how much
knowledge about the target linguistic property is
encoded in the language model representations.

However, diagnostic probing has its limitations.
An inherent challenge in the endeavor is discerning
what is encoded in the pre-trained representations
from what is learned by the probe itself (Zhang
and Bowman, 2018; Hewitt and Liang, 2019;
Pimentel et al., 2020a; Cao et al., 2021). The
probe could, in principle, learn the task on top
of random representations. While the probe is
trained to extract linguistic properties from the
representations, there is no simple way to restrain
the probe from learning the task on its own during
training. Previous research tackles the challenge
using random model baselines (Zhang and Bow-
man, 2018) and control tasks (Hewitt and Liang,
2019; Pimentel et al., 2020a). Cao et al. (2021) try
to create a more selective probe using pruning.

In this work, we address the above limitation
with a novel probing framework that we call prob-
ing via prompting (PP). Drawing inspiration from
recent work on prompting (Brown et al., 2020; Liu
et al., 2021), we reformat a suite of probing tasks
into question–answer pairs and instruct the model
to answer the questions with a prefix (Li and Liang,
2021). In effect, prompting acts as a model-free
probe. Thus, the use of prompting instead of a diag-
nostic probe allows us to work around the dilemma
of teasing apart what the representations contain
versus what the probe learns.

In the empirical part of the paper, we conduct
experiments on five linguistic tasks and show
that all these properties are indeed encoded in
the popular pre-trained language model, GPT-2.
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I have a day off

Probe

DATE

(a) Diagnostic probing (DP). It trains a probe on top
of the contextual representations of the entity span
(“a day”) to predict the label (“DATE”).

I · · · SEP a day EOS

Pr
efi

x

· · ·

LM Head

DATE

(b) Probing via prompting (PP). We reformulate named entity labeling into
an LM task by concatenating the given span (“a day”) with the sentence.
We then use a prefix to instruct the model to predict the label (“DATE”).

Figure 1: Illustration of different probing paradigms. Here, we show an example of named entity labeling: classi-
fying a given entity span into pre-defined categories.

Furthermore, we show that probing via prompting
appears to lead to insightful probing results. In the
language of Hewitt and Liang (2019), PP obtains
high selectivity, i.e., the results show high accuracy
on the target task, but, as expected, PP does not
work well with random representations. These
results suggest that PP learns little information on
its own and the extracted linguistic properties are
indeed encoded in the model.

At a high level, this work takes the position that
model-free probing methods such as PP are useful
for accurately and faithfully locating and identi-
fying the linguistic properties embedded in these
representations and helping us understand how neu-
ral language models process text. In contrast to
diagnostic probes, which require designing random
model baselines and control tasks to control for
the learning ability of the probe model, model-free
probes like PP are less capable of learning the lin-
guistic task themselves, and thus can naturally be
more selective than diagnostic probes.

2 Probing via Prompting

We now introduce our probing via prompting
framework (PP), illustrated in Fig. 1b.

2.1 Language Models

Let p be a language model with vocabulary Σ. In
the case of an autoregressive language model,1 p
is defined as a distribution over Σ∗ that is locally
normalized, i.e., for any w ∈ Σ∗ we decompose

1Such language models are often called causal language
models to differentiate them from cloze language models.

p(w) according to the chain rule as follows:

p(w) = p(w1) ·
|w|∏

i=2

p(wi | w<i) (1)

Each “local” distribution p(wi | w<i) is defined
over Σ. Traditionally, language models include an
EOS symbol; this means they produce a distribution
over (an infinite number of) finite strings.

In this work, we focus on the case when p is a
Transformer-based language model (Vaswani et al.,
2017)—specifically, we take p to be an instance
of GPT-2 (Radford et al., 2019). In contrast to
most language models, GPT-2 dispenses with the
EOS symbol and therefore yields a distribution
over infinite strings.2 As it will be necessary for
later discussion, we further introduce notation to
discuss the internal workings of the Transformer.
We denote the layer activations A(0), . . . , A(L),
where L is the total number of layers; the 0th

layer corresponds to the embedding layer. Here,
A(`) =

[
a
(`)
0 , . . . ,a

(`)
|w|

]
denotes the activation ma-

trix of the `th layer and a
(`)
i is the activation vector

for the token at position i. The activation at the
last layer is used to compute the distribution for the
next token:

p(wi+1 | w≤i) = softmax(W a
(L)
i ) (2)

where W is a matrix that maps activations to logits
over the vocabulary.

2.2 Edge Probing via Prompting
The edge probing framework (Tenney et al.,
2019a,b) decomposes many common structured-

2This yields a distribution over the ω language Σω .
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Task Context Target Label

POS x SEP brand EOS NN
Const. x SEP is a global brand EOS VP
Entity x SEP Disney EOS ORG
SRL x SEP is SEP The important thing about Disney EOS ARG1
Coref. x SEP Disney SEP it EOS True

Table 1: Example prompt and target label for each task. x =“The important thing about Disney is that it is a global
brand.” The continuous prefix is neglected for simplicity.

prediction tasks into a common format of multi-
class classification. In an edge probing task, a sen-
tence x ∈ Σ∗ and spans3 s1, s2 in x are provided
as inputs, and the goal is to select a correct label y
among a set of candidate labels Y . We have inten-
tionally kept the definition of Y abstract because it
is task-specific. E.g., in named entity labeling, Y
will be a set of entity types, whereas in semantic
role labeling Y will be a set of semantic roles.4

Now we introduce how to perform edge probing
via prompting. We follow the naming convention of
Schick and Schütze (2021a) and begin describing
our prompting approach by introducing a pattern–
verbalizer pair.

Pattern. We convert x, s1, s2 into a string,
called the pattern, as follows

p = x ◦ SEP ◦ s1 ◦ SEP ◦ s2 ◦ EOS (3)

where ◦ is string concatenation. Note that now
p ∈ (Σ ∪ {SEP, EOS})∗.
Verbalizer. Next, we define a verbalizer func-
tion vb : Y → Σ that maps each label to a
token.5 In our implementation, we introduce
a distinguished symbol CLS[y] for each label
y. Thus, our verbalizer becomes vb : Y →
{CLS[1], . . . , CLS[|Y|]}, where |Y| is the number
of candidate classes.

Inference. Now we augment the language model
p such that every conditional probability is over
Σ ∪ {SEP, EOS, CLS[1], . . . , CLS[|Y|]} (instead of
just Σ), so we expand W correspondingly to incor-
porate the enlarged vocabulary. The newly added

3Spans are contiguous substrings.
4The span s2 is to be omitted for single-span tasks such as

entity labeling.
5While one might think that an easy solution is to directly

use category names as verbalizers, category names in edge
probing tasks are often out-of-vocabulary words (e.g., ARG0)
that have to be decomposed into multiple sub-tokens. Thus, it
is easier to simply introduce new symbols into the vocabulary
for each class label.

rows in W and the embeddings of the newly added
symbols are both randomly initialized from a nor-
mal distribution with a mean of 0 and a variance
of 0.02 and not updated during training. To make
a prediction, we select the class whose verbalizer
has the highest next-token probability:

ŷ = argmax
y′∈Y

p
(
w|p|+1 = vb

(
y′
)
| w≤|p|

)
(4)

This completes our formalization of edge probing
as prompting.

2.3 Prefix Tuning
To better instruct the language model to perform
the target task, we prepend the pattern p with a
prefix that is task-specific and independent of x,
s1 and s2. Intuitively, we aim to steer a pre-trained
language model to generate predictions using an
instructive prefix. For instance, a prefix for named
entity labeling could be an additional string in Σ∗,
e.g., “classify the named entity into the following
categories: person, organization . . . ” However, in
preliminary experiments, we found that discrete
prefixes perform poorly on GPT-2—the prime ob-
ject of our study in this paper.6 Thus, we resort
to a continuous prefix (Li and Liang, 2021). The
technical details of performing continuous prefix
tuning in the case of a Transformer language model
are given in App. A.

3 Experiments

We empirically benchmark our pruning method
against several previously proposed works.

3.1 Tasks
We experiment on five tasks derived from
OntoNotes 5.0 (Weischedel et al., 2013): part-
of-speech tagging (POS), constituent labeling

6This replicates the findings of Li and Liang (2021), who
also found that discrete prefixes performed poorly when ap-
plied to GPT-2 and BART; in their report, GPT-3 was the only
exception.
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(const.), named entity labeling (entity), semantic
role labeling (SRL), and coreference (Coref.).
They are simplified versions of the original tasks
in OntoNotes that are made compatible with the
edge probing framework. An example for each
task is shown in Tab. 1.

3.2 Diagnostic Probing
We compare PP with diagnostic probing (DP), and
consider two types of diagnostic probes: a logistic
regression probe (LR) and a multilayer perceptron
probe (MLP). The idea behind diagnostic probing
is illustrated in Fig. 1a. In this paper, we train a
DP to predict a label y ∈ Y for the given span(s)
s1 (and optionally s2) of a sentence x, taking the
contextual representations of the span(s) produced
by the pre-trained model as inputs.

3.2.1 Contextual Representations.
DP takes a single vector as input, which represents
the span(s) of interest under the context of the sen-
tence. In this section, we introduce how to obtain
such a vector from a pre-trained model. For an
input sentence x of length |x|, we again denote the
layer activations produced by the language model
as A(0), . . . , A(L) and A(`) =

[
a
(`)
0 , . . . ,a

(`)
|x|

]
.

Following Peters et al. (2018a), we pool the
representations of the different layers into a
scalar-mixed representation as follows. We
define the matrix A =

[
a0, . . . ,a|x|

]
with ai

computed thusly:

ai =
L∑

`=1

nMLP(`) · a(`)i (5)

where nMLP is a distribution over the layers
{1, . . . , L} that is learned during training.7 In case
a span consists of multiple tokens, the per-token
vectors (either the scalar-mixed vector ai or the
last layer activation a

(L)
i ) are combined into a span

representation using self-attention pooling (Lee
et al., 2017). If more than one span exists, the span
representations are concatenated into one.

3.2.2 Baselines
DP (LR). The first diagnostic probe we consider
is a multinomial logistic regression probe that
resembles the classification head in Cao et al.
(2021). Following Cao et al. (2021), we compute
the span representations using the activations

7Note that we ignore the 0th layer (embedding layer) for
easier comparison in § 4.1.

Task Method Pre-trained Random

POS PP 94.28 13.14
DP (MLP) 94.01 47.89
DP (LR) 89.56 38.84

Majority 12.58
Chance 2.08

Const. PP 86.66 35.98
DP (MLP) 82.09 45.24
DP (LR) 71.32 42.67

Majority 35.66
Chance 3.33

Entity PP 93.81 15.91
DP (MLP) 88.43 35.87
DP (LR) 87.81 29.81

Majority 15.91
Chance 5.56

SRL PP 85.46 33.36
DP (MLP) 84.13 53.05
DP (LR) 77.43 47.99

Majority 33.36
Chance 1.52

Coref. PP 90.54 78.33
DP (MLP) 87.05 78.33
DP (LR) 81.21 78.33

Majority 78.33
Chance 50.00

Table 2: Accuracy (%) for pre-trained GPT-2 (Pre-
trained) and random GPT-2 (Random).

A(L) from the last layer. The span representations
are directly fed into a linear layer followed by a
softmax output layer.

DP (MLP). The second diagnostic probe we
consider is the MLP probe introduced by Tenney
et al. (2019b). Here, we use the scalar-mixed rep-
resentations of A to compute span representations,
which are then fed into an MLP followed by a
softmax output layer.

Majority. Some tasks are highly imbalanced.
For instance, over one third of the constituents
(Const.) in the training set are adjective phrases
(ADJP). Therefore, for reference, we implement
a majority baseline that always predicts the most
frequent class.
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3.3 Experimental Setup

We investigate GPT2SMALL (which we refer to as
simply GPT-2 in this paper), a Transformer model
with 12 layers and 117M parameters pre-trained
on a dataset of 8 million web pages (Radford
et al., 2019). We also examine the probes on a
random model with the same architecture as pre-
trained GPT-2, but the parameters are randomly re-
set. Since the goal of probing is to inspect the infor-
mation acquired during pre-training, an ideal probe
should have low accuracy on the random model.

For PP, we set the prefix length to 200 virtual
tokens for tasks with unary edges (POS, Const.,
and entity) and 20 for those with binary edges
(SRL, Coref.). For DP (MLP), we use a two-layer
MLP with 512 hidden units. Following Tenney
et al. (2019b), we linearly project the per-token
representations ai into 256 dimensions before
self-attentional pooling to improve performance.
All models are trained for one epoch using
the Adam optimizer (Kingma and Ba, 2015).
Our implementation is based on Hugging Face
Transformers (Wolf et al., 2020). Experiments are
conducted on 8 Titan RTX GPUs.

In our experiments, we only study English.
Results may vary for other languages. The English
split contains 116K/16K/12K examples in the
train/development/test sets, respectively. We train
on the train set, experiment on the development
set, and report final results on the test set.

3.4 Results

We compute the classification accuracy on each
task and present the results in Tab. 2. We observe
that when GPT-2’s parameters are randomly reset,
PP performs substantially worse than the two
diagnostic probes. Remarkably, the accuracy of
PP only exceeds a majority-class classifier by
a negligible amount on POS and Const., and is
even identical to a majority-class classifier on
entity, SRL and Coref. On the other hand, both DP
(MLP) and DP (LR) outperform the majority-class
baseline on all the tasks except for Coref., where
the majority-class baseline already performed
exceptionally well already. This result suggests
that PP learns much less about the task on its own
than DP, which makes it a better probe in terms
of selectivity (Hewitt and Liang, 2019).

Meanwhile, when we consider pre-trained GPT-
2, PP has higher accuracy on all the five probing
tasks than DP (MLP) and DP (LR). We take these

Model Probe POS POSC ∆

Pre-trained PP 94.28 74.48 19.80
DP (MLP) 94.01 69.58 24.43
DP (LR) 89.56 48.75 40.81

Random PP 13.14 7.66 5.48
DP (MLP) 47.89 45.71 2.18
DP (LR) 38.84 35.76 3.08

Majority 12.58 6.58
Chance 2.08 2.08

Table 3: POS and POSC accuracy of various methods
on pre-trained GPT-2.

results to indicate that prompting works quite
well at extracting linguistic knowledge. The fact
that our more selective probe still performs well
on linguistic tasks confirms that the considered
linguistic information is indeed encoded in the
pre-trained model.

3.5 Control Tasks
Hewitt and Liang (2019) propose control tasks to
estimate a probe’s selectivity in complement with
random model baselines. A control task associates
the inputs of a given linguistic task with random
outputs. The key idea is that the control task can
only be learned by the probe itself, so a selective
probe should have high linguistic task accuracy but
low control task accuracy. They further measure se-
lectivity using a metric ∆ as the difference between
linguistic task accuracy and control task accuracy.

In our experiments, we also create a control task,
abbreviated POSC, for POS, where we randomly
assign a POS tag for each distinct word. The re-
sults are shown in the first three rows in Tab. 3. To
our surprise, we find that PP performs quite well
on POSC, having an accuracy of 74.48%, which
is only 19.80% lower than its accuracy on POS. In
contrast, the ∆ metric for DP (MLP) and DP (LR)
are 24.43% and 40.81% respectively. Therefore, if
we were to use control tasks to measure selectiv-
ity, this result would suggest that PP is the least
selective probe, which would be contradictory to
our results in § 3.4, where we show the opposite.

To resolve the contradiction, we re-examine the
implicit assumption behind control tasks: Random-
ness excludes the possibility of representations en-
coding the information of a control task, so that
the control task accuracy can be solely attributed
to the probe itself. If this were true, then the probe
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Figure 2: Layer distribution (n) for PP, DP (MLP), and DP (LR).

should be able to learn the task regardless of the
representations it probes. To test that, we run the
same experiments on the random model. The re-
sults are shown in rows 4–6 of Tab. 3. It is clear
that accuracy on POSC under all three methods
drops substantially when switching to the random
model, which means the accuracy of a control task
depends not only on the expressivity of the probe
but essentially also on the representations.

3.6 Discussion

Since we found manually crafted prompts do
not work well in our preliminary experiments,
we resorted to prefix tuning. As a result, our
prompting approach is not fully parameter-free.
PP still involves learning parameters, and thus, we
still run the risk of the prefix learning the target
task on its own. Even though PP’s performance
on randomly initialized GPT-2 is barely better
than that of the majority-class baseline, it is still
much higher than chance, which indicates that PP
still learns from the training set—for instance, it
appears to learn the majority-class label. This is
in line with the findings of Zhong et al. (2021) that
an automatically optimized prompt can identify
the majority-class label.

Further study is needed to determine why PP
performs worse on the random model but equally
well or even better on the pre-trained model. PP
is not simply less expressive because a less ex-
pressive model should perform worse on both pre-
trained and random models, e.g., DP (LR) is less
expressive than DP (MLP), but PP is the best on

the pre-trained model and the worst on the random
model. He et al. (2022) offer an interesting insight
that continuous prompts and, in particular, prefix
tuning can be regarded as adapters. Therefore, a
possible explanation is that the adapter modules
that are interlocked with the Transformer layer are
more convoluted with the information encoded in
the model than an external probe on top. When the
model is pre-trained, they are able to apply modi-
fications to the latent representations and steer the
model on the fly to perform various tasks (Rebuffi
et al., 2017), but if the model is randomly initial-
ized, the noise hinders the learning of the task.

4 Analysis

Now that we have demonstrated the basic utility
of PP, we attempt to use our methodology to deter-
mine where in the representations the information
is encoded. Thus, following Cao et al. (2021), we
search for a subnetwork that optimizes the perfor-
mance on the task of interest and analyze the re-
sulting subnetwork. Since it has been shown that
different attention heads in the Transformer cap-
ture different linguistic phenomena (Clark et al.,
2019; Voita et al., 2019), we prune attention heads
instead of individual weights. Concretely, we use
differentiable subset pruning (DSP) proposed by
Li et al. (2021), which allows us to directly control
the number of heads to keep. Pruning is performed
jointly with prefix tuning.

Essential and Non-essential Heads. We call the
K heads that survive pruning essential heads for
the task, and those that are removed non-essential
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Figure 3: Center of gravity for PP, DP (MLP), and DP
(LR).

heads. With nPP(`), we denote the distribution that
is proportional to the number of essential heads
in each layer ` under the PP scheme. We define
nLR(`) analogously.

4.1 Subnetwork Analysis
We now investigate how the essential heads of dif-
ferent tasks are distributed in the model. To do so,
we make use of the center of gravity as a sum-
mary statistic introduced in (Tenney et al., 2019a).
For any given layer distribution n, we compute the
expected layer:

En[`] =
L∑

`=1

n(`) · ` (6)

A higher center of gravity means the information
for the task is encoded in higher layers. In
our experiments, we keep K = 96 (out of
12 × 12 = 144) heads in GPT-2 and we report
the average of 5 runs with different random seeds.
Fig. 2 depicts the layer distributions and Fig. 3
reports the centers of gravity.

Tenney et al. (2019a) find that BERT encodes
linguistic knowledge in an order that follows the
classical NLP pipeline: syntactic information is
stored in earlier layers than semantic information.
As shown in Fig. 3, we are able to reproduce their
results on GPT-2 using DP (MLP). Specifically, the
tasks are encoded from the bottom of the model to
the top in the following order: POS→ Const. →
SRL→ entity→ Coref. Cao et al. (2021) also find
that entity is localized in higher layers than POS.
We obtain the same results using DP (LR).

Essential Non-essential Majority

POS 93.21 1.9 12.58
Const. 84.61 7.66 35.66
Entity 90.00 4.50 15.91
SRL 70.34 1.74 33.36
Coref. 85.50 58.14 78.33

Table 4: Accuracy (%) of PPP models with only essen-
tial heads or non-essential heads.

However, the other three tasks (SRL, Const.,
Coref.) all have lower centers of gravity than POS,
which contradicts the order of Tenney et al. (2019a)
as POS is believed to be the most basic syntactic
information and should appear the earliest. More-
over, PP produces an order that is entirely different
from both DP methods: SRL→ Coref. → Const.
→ entity→ POS. Noticeably, according to PP, syn-
tactic information (POS and Const.) is captured in
higher layers on average than what is discovered by
DP (MLP). This is in agreement with findings from
recent unsupervised probing works (Gupta et al.,
2020; Zhou and Srikumar, 2021).

In conclusion, we find that different probing and
analysis methods can lead to drastically different
results. Since the choice of probing methodology
influences the resulting ordering, we believe that
future work should be cautious in making claims
based on a single interpretation approach. Instead,
a number of probing methods should be considered.

4.2 Amnesic Probing

Ravichander et al. (2021) and Lasri et al. (2022)
argue that a high-accuracy probe does not necessar-
ily mean the information is important or used by
the model. For instance, linguistic properties can
be spuriously encoded. To investigate whether a
property is actually used by the model in prediction,
Elazar et al. (2021) propose amnesic probing,
which neutralizes some information from the repre-
sentation and measures the influence of that inter-
vention. In the same spirit, we remove the informa-
tion of a given property by discarding the essential
heads from GPT-2, evaluate the pruned model on
the WikiText-103 LM dataset (Merity et al., 2017),
and quantify the importance of that property with
the absolute increase in cross-entropy. By keeping
the number of pruned heads constant, we control
for the amount of information removed on each
task. Note that the performance degradation of
the LM cannot be solely attributed to the inspected
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property, as additional confounding information
may also be removed when we discard essential
heads for a property. Yet, it is still an indicator of
the relative importance of different properties.

In order to make sure the information for the
targeted properties is eliminated from the model,
we first evaluate PP models with only non-essential
heads on the linguistic tasks. We keep 144− 96 =
48 non-essential heads in the model. Again, the
average of five runs with different random seeds is
reported. Tab. 4 shows that the models with only
non-essential heads perform substantially worse
than the models with essential heads and even the
majority baseline, which shows that the model has
lost its ability to predict a property after the tar-
get property’s essential heads are removed. Next,
we inspect how much impact it would have on the
pre-training task. The results of LM loss are sum-
marized in Tab. 5. For reference, we also evaluate
the model with 48 random heads (Random). Gen-
erally, all five linguistic properties are useful for
LM, as leaving out their essential heads all lead to a
bigger increase in LM loss than Random. Entity is
clearly the most important property, as removing its
essential heads leads to an increase of 4.22 in LM
loss. Coref. is the second, accounting for 3.97 loss
increase. POS and Const. are almost equally impor-
tant. SRL is the least important factor, causing only
0.1 more damage than Random. Our results demon-
strate that probing accuracy in Tab. 2 (POS> entity
> Coref. > Const. > SRL) is not reflective of the
property’s importance according to Tab. 5 (entity
> Coref. > POS > Const. > SRL), which is con-
sistent with the findings of Elazar et al. (2021).

5 Related Work

Probing. There has been a plethora of research
papers analyzing the neural representations of NLP
models. One of the primary goals of such research
is to understand whether the linguistic information
commonly believed to be important for represent-
ing language is actually captured in the represen-
tations. The most popular approach for associ-
ating network components with linguistic proper-
ties is to train an auxiliary model to predict such
properties from activations of neural networks (Be-
linkov and Glass, 2019). This technique is now
commonly referred to as probing (Conneau et al.,
2018; Alain and Bengio, 2018; Saleh et al., 2020;
Tenney et al., 2019b), but has also been known as
auxiliary prediction (Adi et al., 2016; Zhang and

LM Loss ∆

Vanilla 3.42 —

Random 6.94 3.52

POS 7.21 3.79
Const. 7.17 3.75
Entity 7.64 4.22
SRL 7.04 3.62
Coref. 7.39 3.97

Table 5: LM loss on WikiText-103 of vanilla GPT-2
(Vanilla), GPT-2 whose heads are randomly removed
(Random), and GPT-2 whose essential heads for differ-
ent properties are removed.

Bowman, 2018), diagnostic classification (Veld-
hoen et al., 2016; Hupkes and Zuidema, 2018; Giu-
lianelli et al., 2018), and others (Belinkov et al.,
2017; Peters et al., 2018b; Naik et al., 2018). How-
ever, the interpretation of probing results has been
called into question (Hewitt and Liang, 2019): Do
the representations encode the linguistic informa-
tion or does the probe learn the task on its own?
A commonly held belief (Alain and Bengio, 2018;
Liu et al., 2019; Hewitt and Manning, 2019) is a
simple model (e.g. a linear one) is not capable of
learning the task itself and thus is preferred, but
Pimentel et al. (2020b) argues that one should al-
ways choose the best possible probe because it
reveals the most linguistic information present in
the representations. Pimentel et al. (2020a); Voita
and Titov (2020) explicitly model the trade-off be-
tween accuracy and model complexity. Cao et al.
(2021) propose to search for a subnetwork within
the model rather than train an auxiliary model, but
a task-specific classification head is still required.

Prompting. The deep contextual word represen-
tations are typically derived from either an LM (Pe-
ters et al., 2018a; Radford and Narasimhan, 2018)
or a masked LM (Devlin et al., 2019). A common
use of these pre-trained language models is fine-
tuning. However, an alternative approach called
prompting has recently gained much popularity.
Instead of accommodating a language model for
downstream tasks, prompting adapts downstream
tasks to be more like LM with the aid of a prompt.
In this way, the pre-trained model can be used
to perform few-shot or even zero-shot learning
(Petroni et al., 2019; Brown et al., 2020; Raffel
et al., 2020; Schick and Schütze, 2021a,b). Most pa-
pers construct templates with blanks for the model
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to fill. For example, LAMA (Petroni et al., 2019)
creates cloze-style templates to probe knowledge;
Brown et al. (2020) put task descriptions and exam-
ples in the prefix and then the model performs vari-
ous tasks by finishing the sentence; Cui et al. (2021)
enumerate every possible text span in a sentence,
create a template for each of them, and fine-tune the
model to perform named entity recognition (NER).
However, creating such templates requires a large
amount of time and human expertise, and does not
necessarily do well on the task of interest. There-
fore, many researchers focus on generating prompts
automatically (Jiang et al., 2020; Shin et al., 2020;
Haviv et al., 2021; Gao et al., 2021). The prompts
must not consist of natural language, but can also
be continuous vectors (Li and Liang, 2021; Qin and
Eisner, 2021; Lester et al., 2021; Hambardzumyan
et al., 2021). We refer the reader to Liu et al. (2021)
for a more thorough survey about prompting. In
this work, we apply the method of (Li and Liang,
2021) to learn continuous prompts to instruct the
model to predict linguistic structure.

Pruning. Neural network pruning aims to reduce
the model size and increase inference speed by re-
moving redundant network components, such as
individual parameters (LeCun et al., 1990; Hassibi
et al., 1994; Han et al., 2015), convolutional chan-
nels (Liu et al., 2017; Luo et al., 2017; He et al.,
2017), and attention heads (Michel et al., 2019;
Voita et al., 2019; Li et al., 2021). In addition to
model compression, pruning has also been used
for analysis: Voita et al. (2019) analyze the lin-
guistic roles the unpruned heads play; Cao et al.
(2021) look at the location of unpruned weights.
Similarly, we examine the network components
that survive pruning, but we apply head pruning
(Li et al., 2021) instead of weight pruning (Louizos
et al., 2018) since attention heads are believed to
be more linguistically interpretable than weights.

6 Conclusion

With the growing popularity of probing, there have
been increasing concerns that high probing perfor-
mance on a linguistic property cannot be attributed
to representations encoding the property, since the
probe can learn the probing task on its own. In
this work, we propose a novel probing via prompt-
ing method, which drastically reduces the probe’s
ability to learn and, thus, mitigates this problem.

We conduct experiments on five linguistic tasks
and show that these properties are indeed encoded

in one popular pre-trained language model, GPT-2.
However, they might not be encoded in a natural
progression in the model as previously believed.
For further study, we hope to develop tools that can
more accurately and faithfully locate and identify
the linguistic properties embedded in the model
and help us understand the way neural language
models process text.

Ethical Considerations

The OntoNotes 5.0 dataset (Weischedel et al.,
2013), licensed through LDC, annotates various
genres of texts in three languages (English, Chi-
nese, and Arabic) with structural information and
shallow semantics. OntoNotes 5.0 inevitably con-
tains personal information and offensive content.
However, we only run experiments on the dataset
and do not disseminate it or our trained models,
which are only available upon request. We also
make sure the examples shown in our paper are
anonymized. The pre-trained language model GPT-
2 can also encode certain social biases (Liang et al.,
2021). Our research in probing could help us un-
derstand and mitigate these biases.
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A Prefix Tuning

A.1 Background: Transformer
Recall that in a Transformer-based causal language model (Vaswani et al., 2017; Radford et al., 2019), each
layer consists of two sub-layers: a multi-head self-attention mechanism and a fully connected feed-forward
network. Each sub-layer is short-circuited with a residual connection, followed by layer normalization.
Now we zoom in on the self-attention mechanism. For the sake of illustration, we assume there is only
one head in each sub-layer. In self-attention, each activation vector a(`)i is first linearly projected into
three vectors: query q

(`)
i = W

(`)
q a

(`)
i ∈ Rd, key k

(`)
i = W

(`)
k a

(`)
i ∈ Rd, and value v

(`)
i = W

(`)
v a

(`)
i ∈ Rd.

Then we compute the output z(`)i as the sum of values weighted by a compatibility score between query
and key.

z
(`)
i =

i∑

j=0

softmax


q

(`)
i

>
k
(`)
j√

d



j

v
(`)
j (7)

The upper bound i in the summand makes sure it can not attend to subsequent positions, and thereby the
prediction for the next token at position i + 1 can only depend on the tokens at positions up to i. We
abstract the feed-forward sub-layer, residual connections, and layer normalizations with a function f and
so we have

a
(`+1)
i = f

(
a
(`)
i , z

(`)
i

)
(8)

A.2 Prefix Tuning
Prefix tuning prepends the pattern p a prefix of length T , which we index from −T to −1. Then (7)
becomes

z̃
(`)
i =

i∑

j=−T
softmax
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>
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j

v
(`)
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and the layer activations are modified accordingly:

ã
(`+1)
i = f

(
ã
(`)
i , z̃

(`)
i

)
(10)

The 0th layer is left unchanged: ã(0)i = a
(0)
i . Note that we never compute activations a(`)i for the prefix

(i < 0), so we do not need queries q(`)
i for them, and the key–value pairs k(`)

i ,v
(`)
i cannot be obtained

through projection from a
(`)
i . Instead, they are learned directly. During training, only k

(`)
i ,v

(`)
i for prefix

are learned while the parameters of the language model are frozen. During inference, the modified
activations are now used:

p̃(w|p|+1 | w<|p|+1) = softmax(W ã
(L)
|p| ) (11)

ŷ = argmax
y′∈Y

p̃
(
w|p|+1 = vb

(
y′
)
| w<|p|

)
(12)
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Abstract

As task-oriented dialog systems are becoming
increasingly popular in our lives, more real-
istic tasks have been proposed and explored.
However, new practical challenges arise. For
instance, current dialog systems cannot ef-
fectively handle multiple search results when
querying a database, due to the lack of such
scenarios in existing public datasets. In this pa-
per, we propose Database Search Result (DSR)
Disambiguation, a novel task that focuses on
disambiguating database search results, which
enhances user experience by allowing them to
choose from multiple options instead of just
one. To study this task, we augment the pop-
ular task-oriented dialog datasets (MultiWOZ
and SGD) with turns that resolve ambiguities
by (a) synthetically generating turns through a
pre-defined grammar, and (b) collecting human
paraphrases for a subset. We find that train-
ing on our augmented dialog data improves the
model’s ability to deal with ambiguous scenar-
ios, without sacrificing performance on unmod-
ified turns. Furthermore, pre-fine tuning and
multi-task learning help our model to improve
performance on DSR-disambiguation even in
the absence of in-domain data, suggesting that
it can be learned as a universal dialog skill. Our
data and code will be made publicly available.

1 Introduction

Task-oriented dialog systems have been widely de-
ployed for popular virtual assistants, like Siri and
Google Assistant. They help people with tasks such
as booking restaurants and looking for a hotel by
searching databases with constraints provided by
users. After retrieving a result from the database,
a system may continue by conducting actions like
making a reservation or providing more informa-
tion about receiving the result. However, there can
be multiple results from the database that match

§ Work done during KQ‘s internship at Meta AI.
¶ Currently at Google Research.

Figure 1: Examples of disambiguation turns over three
different domains.

the same constraints. For example, as shown in
Fig. 1, the system finds two available hotels at dif-
ferent locations when the user is asking the system
to help book a hotel. This kind of ambiguity stops
system from proceeding until the system finds out
which result the user looks for. Therefore, we need
to enhance the system with the ability to resolve
such ambiguity brought out by multiple items re-
turned from database search. We call this type
of ambiguity as database search result ambiguity
(DSR-ambiguity).

Different from semantic ambiguous words (e.g.
“orange” can be referred as either color or fruit),
the DSR-ambiguity focuses on results from mul-
tiple database search results. Solving such disam-
biguation tasks consists of two steps: asking clar-
ification questions and understanding user’s cor-
responding answers. While there is a relatively
larger body of literature focusing on when and
how to give out the clarification question (Rao and
Daumé III, 2018; Rao and Daumé, 2019; Kumar
and Black, 2020), the focus on understanding user’s
answers/intents has been relatively sparse. Our
work mainly focuses on improving model’s abil-
ity of understanding the answers by augmenting
two existing task-oriented dialog datasets: Mul-
tiWOZ (Budzianowski et al., 2018) and Schema-
Guided Dataset (SGD) (Rastogi et al., 2019).

MultiWOZ and SGD are the most popular large-
scale task-oriented dialog datasets, based on which
most of the state-of-the-art dialog system models
are commonly trained and evaluated. According to
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our analysis, there are around 66% dialogs of the
dataset contains multiple dataset-searching results,
which means the DSR-ambiguity exists.

In this setting, ambiguities are skipped and the
model trained based on these datasets can hardly
handle the cases where users prefer to make their
own choices among all the results satisfies the con-
straints. Furthermore, users should be given more
detailed information about search results. Ideally,
dialog models should provide the information and
assist users to make choices, rather than picking
one from the result list and recommending it to
users. It is not necessary to list all the results, but
enumerating 2 or 3 options would help increase
user’s engagement. To strengthen the model with
the ability to handle the ambiguity, we propose
to augment these two datasets with disambigua-
tion turns, where the system provides all possible
matched results and lets the user make their own
decision based on the complete information.

Specifically, we first extract templates from the
SIMMC 2.0 dataset (Kottur et al., 2021), which
is a multi-modal task-oriented dialog dataset con-
taining disambiguation turns but only covering two
domains. Based on the extracted templates and
database from MultiWOZ and SGD, we synthesize
a one-turn dialog dataset, containing only the dis-
ambiguation turn, to check whether the model can
learn the disambiguation from the data. To be ap-
plicable in reality, we expect the model to learn the
skill of disambiguation without compromising the
performance on other dialog skills. So, we propose
to augment the MultiWOZ and SGD with disam-
biguation turns and train dialog models with the
augmented dataset. To ensure naturalness and di-
versity of the automatically augmented dataset, we
additionally recruit crowd-workers to paraphrase
the modified turns.

In conclusion, our contribution includes:

1. We propose Database Search Result Disam-
biguation, a new dialog task focused on under-
standing the user’s needs through clarification
questions.

2. We provide a generic framework for aug-
menting disambiguation turns, and apply this
framework to augment the two most popular
task-oriented dialog datasets with disambigua-
tion cases. We also conduct human paraphras-
ing for the augmented utterances in test sets.

3. We create a benchmark for the new task
with pre-trained GPT2 model. The results

Figure 2: For this disambiguation task, we assume the
dialog context, system utterance including result list and
user’s answer are given. The goal is to extract the result
that the user select and continue the dialog.

show that our augmented dataset enhances the
model’s disambiguation ability, while main-
taining the performance on the original tasks.

2 Task Formulation

In this paper, we propose a new task called disam-
biguation in dialog database search. As shown in
Fig. 2, the task assumes that we are provided with
the dialog context c, the system response s which
includes all the optional results , and the user’s ut-
terance u that make a choice. To avoid redundant
option lists, we limit the number of options to less
than five. The target of the task is to extract the
entity of the result selected by the user.

3 Dataset

The most popular task-oriented dialog datasets
(MultiWOZ, SGD) do not contain many cases for
the disambiguation task. In order to enable the
dialog model to handle this task, we propose to
augment these two datasets in three steps described
in the following subsections.

3.1 Synthesizing Single-Turn Dialog

We first develop a single-turn dialog dataset. With
this single-turn dataset, the fine-tuned dialog model
can focus only on the disambiguation turns and
learn the skill to solve the ambiguity problem.
Fig. 3 shows an example of the dialog turn, which
we would use through this section to introduce the
dataset. In this dataset, each dialog turn consists of
only a system utterance and a user response. The
system utterance gives a list of options (marked in
blue) and the user response makes a choice from
the list (marked in red). The ground truth output is
the named entity of the chosen result.

To synthesize the system and user sentences,
we extracted templates from disambiguation turns
from the SIMMC 2.0 dataset. For example, the sys-
tem from SIMMC2.0 asks questions like “do you
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Figure 3: An example of the synthesized single-turn
dialog. The utterance templates are generated based on
CFGs. The candidate entities (italicized) are sampled
from the database of MultiWOZ or SGD. The selected
entity (bolded) is sampled from the candidates.

mind being a bit more precise about which shoes
you’re curious about, the red one or the blue one”
to solve ambiguity. We delexicalize those utterance
by removing the all domain-related tokens such as

“shoes”, “the red one”, “the blue one” based on the
annotations from the dataset, and keep the rest as a
template.

We then extract a list of context-free grammars
(CFGs) from those templates, and then generate
natural sentences based on the CFGs. For exam-
ple, from the previous template we can summarize
a grammar:“SENT -> do you mind VERBING”,
where “VERBING” is a non-terminal token for a
verb phrase in an “ING” form. More detailed CFG
examples are shown in Appendix A.2. The CFG-
based generator can potentially generate around 2
million different system questions and 30K+ dif-
ferent user utterances, which ensure the diversity
of the generated data. To cover multiple domains,
we utilize the database from the MultiWOZ and
SGD datasets, which in total covers 27 domains,
each containing one named entity type. We ran-
domly sample a certain number of values from the
database based on the domain and entity type, and
insert them into the system response. The number
of candidate values is also randomly sampled. To
make the sentence more natural, we limit the can-
didate number to be between three and five. Then,
we randomly sample one from the candidate list as
the selected result.

To make the task harder and more realistic, we
also explore different entity addressing methods to
generate the user utterance:

• Positional Addressing. Instead of directly
addressing the named entity (Fig. 3), users use
entity’s list position, e.g., “the second one”.

• Partial Addressing. User use part of the
name for simplicity, e.g. “chiquito” instead of
“chiquito restauraant bar”

Figure 4: The blue bar represents the number of dialogs
which contain multiple database-search results in each
service from the SGD dataset. While the red bar repre-
sents the total number of dialogs in each service.

• Addressing with Typo. We add typos in the
named entity to make the model more robust.

• Multiple Addressing. User chooses more
than one option at a single time and the model
is expected to extract all their choices.

• Addressing with Attributes. User describes
the selected result with more attributes, e.g.
“the restaurant in the north of the city”.

3.2 Automatic Augmentation

The single-turn dialog dataset helps enable mod-
els to solve the disambiguation task. However, the
single-turn is not an entire dialog and the model
barely trained with that can hardly conduct a com-
plete dialog. Our goal is to enhance a complete dia-
log model with the disambiguation skill while keep-
ing the performance of other tasks. Currently, most
of the state-of-the-art task-oriented dialog mod-
els are trained with MultiWOZ and SGD dataset.
Therefore, we propose to augment these two dataset
by adding disambiguation turns.

Fig. 4 shows the proportion of the dialogs in
each domain that contains multiple results. We find
that nearly 66.7% of dialogs involve multiple re-
sults, where ambiguity can occur. Though in both
SGD and MultiWOZ, system would always give
a suggestion after searching the database, e.g. “I
have 10 suitable results, how about ...” and the
user side would simply accept it or ask about some-
thing else. This avoids the ambiguity in the dataset.
However, the system in the reality would still face
the ambiguity problem when interacting with real
human beings, who would like to know more about
other options. Therefore, we want to augment these
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SGD MultiWOZ
train dev test train dev test

dialog 4.7k / 16k 0.9k / 2.5k 1.6k / 4.2k 2.7k / 8.4k 0.3k / 1k 0.3k /1k
turn 5.1k / 330k 1.0k / 48.7k 1.8k / 84.6k 3.2k / 105k 0.4k / 13.8k 0.4k / 13.7k

Table 1: The table presents the numbers of dialogs or turns that are modified for disambiguation cases, and the
numbers on the right side of slash are the total number of dialogs or turns in each dataset.

Figure 5: An example of the automatic disambiguation
augmentation and human paraphrasing. We first replace
the original system suggestion with a synthesized ut-
terance, listing all candidate entities and asking user to
select. Then, we generate user chosen answer and insert
it to the beginning of the original user utterance. For
human paraphrasing, we ask crowd-workers to rewrite
the user utterance to gain naturalness and diversity.

two popular dataset with disambiguation turns to
improve the model’s ability.

First, we locate the turns to be modified. In those
turns, the system presents the database-searching
results, where the ambiguity takes place. We also
incorporate relevant annotation and sentence struc-
ture to filter out some inappropriate cases, e.g. the
user does not make any choices in this turn. Then
we generate a new system utterance to replace the
original one. The generation is conducted based on
the same toolkit and CFGs from Sec. 3.1, and the
slot values are extracted from the corresponding
database. As shown in Fig. 5 (highlighted in blue),
the new system utterance provides a list of specific
searching results without giving any suggestion.
Following the language naturalness, we uniformly
sample two to four candidate searching results and
integrate them with the original entity to compose
the result list. After the system utterance, a user ut-
terance is also generated to make the choice, which
should be consistent with the original suggestion
that the user accepts. If the user rejects the original
system suggestion, we do not make any modifica-

tion. In the end, we concatenate the generated user
utterance with the original one. In this way, we
ensure the other unchanged turns of the dialog (es-
pecially the following turns) will be coherent with
the modified turns, in order to eliminate the effects
on the unchanged turns of the dialog as much as
possible.

We conduct the same progress on both SGD
and MultiWOZ dataset. Note that the ambiguity
problem occurs only when there is a specific tar-
get entity, e.g. hotel name in the “hotel” domain
and not every domain includes such an entity (e.g.
any car satisfying constraints is acceptable in the
“taxi” domain). Therefore, we only augment the
“restaurant”, “hotel”, and “attraction” domains in
the MultiWOZ dataset, and 24 out of 45 services
in the SGD dataset, which are listed in the Ap-
pendix A.1. The statistics of the augmentation is
listed in the Table. 1. More than 30% of dialogs
are involved and with disambiguation turns, and
around 2% of the turns are modified.

The newly generated user utterance is simply
the concatenation of the template utterance and
the original utterance that responds to the system
suggestion. Therefore, the connection between
them can be unnatural. In addition, the new user
utterance is generated by CFG, which means the
utterance itself can be unnatural. Therefore, we
conduct human paraphrasing to improve the quality
of the user utterance.

3.3 Human Paraphrasing
We recruit crowd-workers to paraphrase the disam-
biguation turns. Before starting the paraphrasing
job, each crowd-worker is required to read through
a guideline document to get a better understanding
of the task, the requirements and the workflow. A
screenshot of the paraphrasing interface is shown in
the Appendix Fig. 6. For each paraphrasing job, we
present a good example of paraphrasing in the same
page as the turn to be modified. To keep consis-
tent with task description in the Sec. 2, we provide
the crowd-workers with 1) the modified system ut-
terance, which includes a list of options and asks
the user to select, 2) the user utterance, which con-
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catenates the template-generated sentence and the
original user utterance. In the interface, the user
utterance is highlighted in a different color (green)
and marked as “need paraphrase”. To avoid chang-
ing user’s original choice during paraphrasing, we
also show crowd-worker the result value that the
user should choose, keeping consistent with the
dialog state annotation. In addition, to ensure the
disambiguation turn is coherent with the dialog
context, we also present the previous user utterance
and the next system response.

We conduct the paraphrasing job for the test
sets from both SGD and MultiWOZ, as well as
the training set of SGD. To evaluate the quality
of the human paraphrase process, we randomly
sample 5% of the disambiguation turns and ask an-
other group of crowd-workers to judge whether the
modification is valid, which means satisfying all
the requirements listed in the guideline document
(maintaining all essential information, not similar
to the original utterance, not natural, etc.). Each
turn receives two judgements. In total, we have an
88% of agreement rate between two judgements
and 92% of the agreements are error free, which
means our paraphrasing job is valid. We also ask
annotators to point out if there is any ethical vio-
lation in the utterance, which is discussed in more
details in Sec. 7.

4 Experiment

We use GPT2 (Radford et al., 2019) as our back-
bone model and fine-tune it with the augmented
SGD and MultiWOZ datasets separately.

MultiWOZ. MultiWOZ (Budzianowski et al.,
2018) is a multi-task task-oriented dialog dataset.
It covers seven domains and contains 10K+ di-
alogs. Our augmentation focuses mainly on three
domains:“attraction”, “hotel” and “restaurant”, in-
volving more than 3K dialogs. We choose to con-
duct our augmentation based on the MultiWOZ
2.2 (Zang et al., 2020), which is the most widely-
accepted version.

Schema-Guided Dataset. SGD (Rastogi et al.,
2019) is another popular multi-task dialog dataset.
Since the DSR-ambiguity problem requires the ser-
vice containing a target entity and not every ser-
vice satisfies that requirement, our augmentation
involved totally 10 domains and 24 services.

We directly compute the accuracy on whether the
model can successfully predict the correct named

entity as evaluation metric. Since the generation
is similar to the dialog state tracking task, we also
compute the joint goal accuracy (details in Ap-
pendix.C.2) to evaluate whether the augmentation
maintain the model’s performance of other tasks.

We train GPT2 with both the original and aug-
mented data, and test the fine-tuned models on orig-
inal/augmented/human paraphrased test sets. The
same experiment is conducted for both datasets.
In addition to original and augmented training
data, we also explore the impact of the synthesized
single-turn dialog. Learned from Table 1, the aug-
mented turns only take up 2% of the whole dataset.
In order to achieve a similar amount of augmenta-
tion compared to the automatic augmented data, we
sample 5k synthesized single-turn dialogs for SGD
and 3k for MultiWOZ, which is around 2% of each
training set. Then, we mix those dialogs with the
original (or augmented) training data and evaluate
on three test data settings. We also increase the
sampling amount of the synthesized dialog to be
comparable to the whole training set, represented
by “Syn100%” in the table, to explore whether the
model achieves a better learning of the entity disam-
biguation skill with access to more disambiguation
cases.

5 Results and Analysis

In this section, we present our experimental results
including key observations and ablation studies.
In addition, we also analyze how to leverage our
augmented dataset to deal with DSR-ambiguity in
new datasets.

5.1 Augmentation Helps Resolve Ambiguity

Table 2 shows the named entity prediction accuracy
evaluated only on the turns involved in augmenta-
tion, which is around 2% of the whole test set. The
first column states the different training data set-
tings that we use to fine-tune the GPT2 model, and
the first row presents three different test sets.

Comparing the “Origin” column and “AutoAug”
column, we find that the performance of the model
trained with original data drastically drops from
0.556 to 0.242 for SGD and from 0.676 to 0.488
for MultiWOZ. This verifies our hypothesis that the
original datasets contain few disambiguation cases.
Therefore, the model trained with the original data
cannot understand user’s answer towards the clarifi-
cation question and extract the corresponding entity
tokens. On the other hand, the models trained with
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Train Data
Test Data SGD MultiWOZ

Origin AutoAug HumanAug Origin AutoAug HumanAug
Origin 55.6±0.7 24.2±00.6 21.1±0.8 67.6±0.7 48.8±0.5 48.8±0.1

Origin+Syn2% 57.5±1.4 27.9±2.5 25.2±1.8 65.0±0.3 48.9±1.4 49.4±1.6

Origin+Syn100% 57.1±0.6 34.4±1.8 30.4±1.5 67.0±0.7 55.4±2.6 55.6±2.9

AutoAug 55.1±0.2 49.6±0.5 43.7±0.8 63.3±1.6 74.4±2.5 73.9±2.9

AutoAug+Syn2% 56.9±0.4 54.8±1.0 48.8±1.7 64.2±0.7 83.8±0.2 83.0±0.7

AutoAug+Syn100% 56.7±0.9 58.3±0.1 50.1±0.2 63.3±1.3 84.6±0.2 83.7±0.7

Table 2: The accuracy of the named entity prediction for only the augmented turns. Each number represents
the performance of a model trained with a certain training data setting and evaluated on a certain test set. “Ori-
gin”/“AutoAug”/“HumanAug” represents evaluation on the original/automatic augmented(Sec. 3.2)/human para-
phrased(Sec. 3.3) data. “+Syn” represents mixed with synthesized data and the percentage following “+Syn” means
the amount of synthesized data compare to the whole test set.

augmented data achieve better performance (from
0.242 to 0.496 for SGD and from 0.488 to 0.744 for
MultiWOZ) on the augmented data, which means
those models learn the skill to complete the dis-
ambiguation task. The results on the human para-
phrased test set, which is more diverse and natural,
support the same conclusion. We also combine
the synthesized single-turn dialog data with the
original training data (or the augmented training
data). The original data mixed with full-size synthe-
sized data setting achieves the best result on human
paraphrased test set for SGD and the augmented
data mixed with full-size synthesized data setting
achieves the best one for MultiWOZ.

Table 7 shows the overall named entity accuracy
of the whole test set. Since the augmentation only
modifies 2% turns of the whole test set, the differ-
ence between the performance of on the original
and augmented test set is not as apparent as Table 2.
However, the model trained with augmented data
still performs better than the model trained with
original data on both augmented and human para-
phrased test set. The model under “Aug+Syn100%”
train setting achieves the best results on five out
of six test sets, showing that the augmentation and
synthesized data jointly enhance the model’s ability
to extract named entity.

In addition to named entity prediction, we also
explore whether the augmentation helps the model
to predict other slot types by computing the joint
goal accuracy. Table 8 shows the results for only
the augmented turns and Table 3 lists the results
on the whole test set. In both tables, the setting
“Aug+Syn100%” achieves the best or the second
best performance for both augmented and human
paraphrased test sets. Hence, our augmentation not
only enables the model to solve the disambiguation
task, but also improves its ability for dialog state
tracking task. The improvement mainly results

from the similarity of the disambiguation task and
the dialog state tracking, and more augmented data
points enhance the model’s understanding of the
input sequence.

5.2 Augmentation Brings No Harm

Our ultimate goal is to expand end-to-end task ori-
ented dialog systems with the disambiguation skill.
Therefore, it is required not only to enable the di-
alog model to resolve DSR-ambiguity, but also to
maintain the model’s original ability for generating
responses or dialog state tracking. To verify that,
we first analyze the performance on the original
test set (“Origin” columns in Table 2). The models
trained with original data (0.676 on MultiWOZ) or
the original one mixed with 5% synthesized data
(0.575 on SGD) commonly achieves the best per-
formance, which is reasonable since training data
and test data share almost the same distribution.
On the other hand, the performance on the original
test set of the models trained with the augmented
data is comparable with the original training data,
which means these models maintain the ability to
predict entity name. As for the results over the
whole test set in Table 7, the augmented model
even achieves better accuracy (0.877) than the orig-
inal one (0.871) on the SGD test set. Therefore,
the augmentation does not hurt the model’s ability
to predict named entities without disambiguation
cases.

Beyond named entities, the augmentation hardly
affects the model’s ability to predict other dialog
slots for the non-disambiguation cases. The results
are listed in the “Origin” columns in the Table 8
and Table 3 correspondingly. For both test sets,
the models trained with augmented data achieve
comparable results with the models trained with
original data, which means our augmentation also
maintains the distribution of other slot types in the

1163



Train Data
Test Data SGD MultiWOZ

Origin AutoAug HumanAug Origin AutoAug HumanAug
Origin 48.9±0.7 47.7±0.7 47.7±0.7 53.5±0.1 52.2±0.5 52.3±0.4

Origin+Syn2% 50.0±0.3 48.9±0.4 49.0±0.4 53.0±0.1 50.0±0.6 50.1±0.6

Origin+Syn100% 49.5±0.6 48.7±0.5 48.7±0.5 52.8±0.3 50.4±0.5 50.4±0.4

AutoAug 50.2±1.0 49.9±1.0 49.7±1.0 52.4±0.4 53.5±0.3 53.5±0.3

AutoAug+Syn2% 49.8±0.4 49.6±0.4 49.4±0.4 52.5±0.2 54.5±0.1 54.5±0.1

AutoAug+Syn100% 51.0±0.4 50.9±0.4 50.6±0.4 53.2±0.2 55.2±0.4 55.2±0.4

Table 3: Joint goal accuracy evaluated on the whole test set.

original data. In conclusion, our augmentation does
not impede the model from learning the original
data distribution. And the model trained with the
augmented data perform well no matter whether
the disambiguation case exists.

5.3 Leveraging Augmented Turns

To find the most efficient method to leverage our
dataset, we explore the following experiment set-
tings. Since SGD and MultiWOZ are both task-
oriented dialog datasets and share some common
domains, pre-training on one dataset might help
learn the other one. Therefore, for MultiWOZ
model, we first pre-finetune the model with the
original SGD and then fine-tune it on the origin
MultiWOZ. We also conduct the experiment that
uses the augmented SGD training data for the first
step of fine-tuning, with or without mixing syn-
thesized single-turn dialogs. All these three ex-
periment settings do not involve augmentation on
the MultiWOZ dataset. In addition, Since the aug-
mented turns only take up 2% of the whole train-
ing data, the model rarely sees the disambiguation
cases in each epoch. To emphasize those turns, we
up-sample those disambiguation turns to the same
amount as the original training data.

Table 4 show results for these settings on Multi-
WOZ dataset (The joint goal accuracy results can
be found in Table 6). For the named entity accu-
racy, the setting “Upsample+Syn” achieves the best
result, because the more disambiguation turns the
models see, the better the model learns the skill to
solve the ambiguity. As for the joint goal accuracy,
setting “Aug+Syn” performs better than “Upsam-
ple+Syn” because too much disambiguation turns
inevitably introduce bias and affect learning the
original task. Therefore, if we need to solve DSR-
ambiguity in a new dataset, the best option is to con-
duct augmentation with our framework and train
models together with synthesized single-turn data.
Although not as good as setting “Aug+Syn”, the set-
ting “PreFineTuneAug+Syn” performs better than

Name Entity Accuracy
Origin HumanAug

Origin 67.6±0.7 48.8±0.1

Origin+Syn 67.0±0.7 55.6±2.9

Aug 63.3±1.6 73.9±2.9

Aug+Syn 63.3±1.3 87.4±0.4

PreFineTuneOrigin 67.8±0.4 44.1±1.3

PreFineTuneAug 68.4±0.3 49.5±1.1

PreFineTuneAug+Syn 68.5±0.9 65.8±0.6

Upsample 63.5±1.0 83.7±3.2

Upsample+Syn 63.3±0.5 88.3±0.8

Table 4: Results for more training setting based on the
MultiWOZ dataset, in terms of the name entity accuracy
over only augmented turns. The amount of synthesized
data “+Syn” is the same as the amount of original test
set in this table. “PreFineTuneOrigin” means first pre-
finetuning model with original SGD training data and
then fine-tuning on MultiWOZ training data, while “Pre-
FineTuneAug” means first pre-finetuning model with
augmented SGD training data. The setting “Upsam-
ple” means up-sampling augmented turns to the same
amount of training data.

the model trained on original data in terms of both
JGA and named entity accuracy. Please note that
this setting does not require any augmentation on
MultiWOZ. Hence, to solve disambiguation cases
in a new dataset, the cheapest choice is to fine-tune
a model on our augmented dataset (MultiWOZ and
SGD) first, and then fine-tune it on the original data,
mixed with the synthesized single-turn dataset. The
above experiments are conducted and evaluated on
the MultiWOZ dataset. We also apply the same
settings on the SGD dataset and the results can be
found in the Table 5 and Table 6.

5.4 Impact of Entity Addressing Methods

To explore the impact of different addressing
methods, we conduct the ablation study by fine-
tuning GPT2 with the synthesized single-turn dia-
log datasets of each individual addressing method
(results shown in Table 9). For each addressing
method, we generate 100K/10K/10K single-turn
dialogs as the train/dev/test set, which is compa-
rable to the MultiWOZ or the SGD datasets. We
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find that when focusing only on the disambiguation
task with a simple context structure like single-
turn dialog, the model can easily learn all kinds
of addressing methods, except for “Multiple Ad-
dressing”. The model accuracy drops by ≈ 33% in
that case. Even if we combine multiple addressing
methods together except “Multiple Addressing”,
the model can still understand the addressing target.
However, when the user chose multiple entities, it
is hard for models to accurately predict how many
entities the user selected.

6 Related Work

6.1 Task-Oriented Dialog Datasets

MultiWOZ (Budzianowski et al., 2018) is one of
the most popular task-oriented dialog dataset. It
covers multiple domains, consists of a large amount
of dialogs, and has been chosen as benchmark for
many dialog tasks, e.g. dialog state tracking (Zhang
et al., 2019, 2020a; Heck et al., 2020), dialog policy
optimization (yang Wu et al., 2019; Wang et al.,
2020a,b) and end-to-end dialog modeling (Zhang
et al., 2020b; Hosseini-Asl et al., 2020; Peng et al.,
2020; Huang et al., 2021). And to polish it up to
be a better benchmark, many works pay effort to
improve and correct dataset (Eric et al., 2020; Zang
et al., 2020; Qian et al., 2021; Han et al., 2021; Ye
et al., 2021). In this paper, we choose MultiWOZ
2.2 version to conduct augmentation. Schema-
Guided Dataset (SGD) (Rastogi et al., 2019) is the
largest public task-oriented dialog dataset, contain-
ing 18K+ dialogs. It covers in total 20 domains and
45 services. The dataset is constructed by generat-
ing dialog outlines from interactions between two
dialog simulators, and then being paraphrased by
crowd-workers. SIMMC 2.0 (Kottur et al., 2021)
is a newly-released multi-modal task-oriented dia-
log dataset around situated interactive multi-modal
conversations (Moon et al., 2020). It focuses on
dialogs with multi-modal context, which can be
in the form of either co-observed image or virtual
reality environment. The dataset contains 11K+
dialogs and covers two shopping domains.

As for the disambiguation problem, neither Mul-
tiWOZ nor SGD has related cases or annotations.
SIMMC 2.0 is well-annotated for disambiguation,
but it only covers two domains, and addresses en-
tity mostly with multi-modal knowledge. There-
fore, we augment MultiWOZ and SGD with the
disambiguation templates from the SIMMC 2.0.

6.2 Ambiguity & Clarification Questions

Ambiguity is a common phenomenon across many
conversation-involved NLP tasks, e.g. conver-
sational search (Rosset et al., 2020), Question-
Answering (White et al., 2021), open-domain di-
alog (Aliannejadi et al., 2021) and intent classifi-
cation (Bihani and Rayz, 2021; Dhole, 2020). The
problem mainly results from two aspects: 1. user’s
ambiguous keyword (e.g. “orange” can be either
color or fruit (Coden et al., 2015)) and 2. lack-
ing of enough constraints for accurate searching,
leading to multiple results (e.g.“I want to book a
cheap hotel” where there might be multiple “cheap”
hotels). Previous work proposes to incorporate
clarification questions to solve the ambiguity prob-
lem (Purver et al., 2001; Schlangen, 2004; Radlin-
ski and Craswell, 2017), including both model-
wise (Li et al., 2017; Rao and Daumé III, 2019;
Yu et al., 2020) and dataset-wise (Aliannejadi et al.,
2019; Xu et al., 2019; Min et al., 2020; Zamani
et al., 2020b). Our work it the first to point out the
ambiguity within the database-searching of task-
oriented dialog systems and introduce clarification
questions to help solve this problem.

In addition, most of the work focus on when
and how to generate clarification questions (Kumar
and Black, 2020). Typical clarification question
generation is based on the context with a Seq2Seq
model (Zamani et al., 2020a). Rao and Daumé III
(2019) propose to utilize the generative adversarial
network to learn generating relevant clarification
question based on corresponding answers. Sekulic
et al. (2021) takes user engagement into considera-
tion to generate high-quality clarification questions.
In this work, instead of focusing on question gen-
eration, we put our attention on understanding the
user’s answer to clarification questions.

7 Conclusion & Future Work

In this paper, we proposed a new task, dataset result
disambiguation, which is ignored in most popular
public task-oriented dialog datasets such as Mul-
tiWOZ and SGD. We showed that models trained
on these two datasets can not deal with entity am-
biguities. We proposed to address this issue by
augmenting existing datasets with relevant disam-
biguation turns. We extract templates of the dis-
ambiguation turns from the SIMMC2.0 dataset and
jointly generate new turns with the databases from
MultiWOZ and SGD for augmentation. To ensure
the quality and correctness of the augmentation, we
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recruit crowd-workers to paraphrase the generated
sentences. We benchmark our augmented dataset
with the GPT2 model. We observe that the augmen-
tations empower dialog models with a new skill to
solve disambiguation tasks without performance
drop on the original task. In the future, we plan to
incorporate state-of-the-art and realistic entity ref-
erencing techniques cases to improve the datasets,
which further enhances the dialog system. We hope
that our work stimulates further research in identi-
fying and incorporating such universal dialog skills
in dialog systems avoiding exploding data-costs.

Ethical Considerations

To ensure that the dataset does not have any sen-
sitive topics, we ask crowd-workers to make com-
ments if the dialog content involves any of follow-
ing: 1. offensive, racist, biased and non-tolerant
behavior; 2. violence and self-harm; 3. sexual or
flirtatious behavior; 4. controversial and polarizing
topics. Since the database of both MultiWOZ and
SGD are sampled from real world, annotators also
comment if there are real names included in the
slot values, which can be personally identifiable
information (PII). Considering both of these two
datasets are public dataset, we do not replace those
named entities with placeholders. The detailed de-
scription of sensitive topics is included in the Fig. 7
in the appendix.
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A Supplementary Details for Augmentation

A.1 Involving Domains
• MultiWOZ: “restaurant”, “hotel”, and “attraction”
• Google SGD: ”events_3”, ”homes_2”, ”hotels_4”, ”media_3” , ”messaging_1” , ”movies_1”,

”movies_3”, ”music_3”, ”restaurants_2”, ”services_1”, ”services_4”, ”travel_1”, ”events_1”,
”homes_1”, ”hotels_1”, ”media_2”, ”movies_2”, ”music_1”, ”hotels_3”, ”media_1”, ”music_2”,
”restaurants_1”, ”services_2”, ”services_3”,

A.2 Context-Free Grammars
Here we list some examples of the context-free grammars that we use for augmentation:

• SIMPLE -> which OBJECT ((do | did) you VERB-2 | would you VERB-2-WOULD | (would you be
| (are | were) you) (VERB-2-ING | ADJ))

• VERB-2 -> want [to (know | learn) [about]] | wish to (know | learn) [more] about | have in mind |
mean [by that| exactly | precisely] | need [information for |that info for] | refer to

• VERB-2-WOULD -> want [to (know | learn) [about]] | wish to (know | learn) about | care about | like
VERB-2-WOULD-LIKE

• VERB-2-WOULD-LIKE -> (further | more) information about | me to check | to (hear about | know
[more] about)

• VERB-2-ING -> asking [about | for] | inquiring about | looking at | referring to [exactly] | talking
about | thinking [about | of] | (requesting | seeking) (further | more) information about

• ADJ -> curious about | interested in [exactly | learning more about]

A.3 Human Paraphrasing
The whole paraphrasing job involved 37 annotators and cost around $26,000 in total. We employed the
Appen crowdsourcing platform to collect the data. We plan to release the geographic characteristics of the
annotator population along with the data.

B Licenses for Relevant Artifacts

• MultiWOZ: Apache License 2.0
• Google Sechma-Guided Dataset: CC BY-NC-SA 4.0
• SIMMC 2.0: CC BY-NC-SA 4.0
• GPT2: Modified MIT License

C Supplementary Details for Experiments

C.1 Hyper-Parameters
We do a hyper-parameter search for the training on both original dataset and augmented dataset and find
the following setting: a batch size of 4 and learning rate of 5e-6 is the best one for both. We run at most
20 epochs for each experiment and do validation for every epoch, with an early stop step of 3. For each
experiment, we run for three times with different random seeds and report the average value, along with
the standard deviation. We run experiments with NVIDIA RTX A4000 GPU for totally 1440 hours.

C.2 Metric
Joint Goal Accuracy evaluates the performance of predicting dialog states. It counts one for each turn if
the model successfully generate all slot values, otherwise count zero.

C.3 Supplementary Experiment Results
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Train Data
Test Data SGD MultiWOZ

Origin AutoAug HumanAug Origin AutoAug HumanAug
Origin 55.6±0.7 24.2±00.6 21.1±0.8 67.6±0.7 48.8±0.5 48.8±0.1

Origin+Syn2% 57.5±1.4 27.9±2.5 25.2±1.8 65.0±0.3 48.9±1.4 49.4±1.6

Origin+Syn100% 57.1±0.6 34.4±1.8 30.4±1.5 67.0±0.7 55.4±2.6 55.6±2.9

AutoAug 55.1±0.2 49.6±0.5 43.7±0.8 63.3±1.6 74.4±2.5 73.9±2.9

AutoAug+Syn2% 56.9±0.4 54.8±1.0 48.8±1.7 64.2±0.7 83.8±0.2 83.0±0.7

AutoAug+Syn100% 56.7±0.9 58.3±0.1 50.1±0.2 63.3±1.3 84.6±0.2 83.7±0.7

Upsample 55.8±0.7 25.5±0.7 22.1±0.2 63.5±1.0 84.6±3.0 83.7±3.2

Upsample+Syn100% 58.6±0.4 35.3±0.8 32.0±0.9 63.3±0.5 88.4±0.7 88.3±0.8

PreFinetuneOrigin 55.8±0.6 23.8±0.2 21.5±0.5 67.8±0.4 44.1±1.2 0.441±1.3

PreFinetuneAug 56.3±0.4 27.4±0.4 24.3±0.5 68.4±0.3 50.5±1.2 0.495±1.1

PreFinetuneAug+Syn100% 57.4±0.8 35.7±1.6 32.8±0.6 68.5±0.9 65.0±0.9 65.8±0.6

HumanAug 55.9±0.8 50.6±2.7 51.4±2.3 - - -

Table 5: The complete results in terms of the named entity accuracy for only the augmented turns.

Train Data
Test Data SGD MultiWOZ

Origin AutoAug HumanAug Origin AutoAug HumanAug
Origin 48.9±0.7 47.7±0.7 47.7±0.7 53.5±0.1 52.2±0.5 52.3±0.4

Origin+Syn2% 50.0±0.3 48.9±0.4 49.0±0.4 53.0±0.1 50.0±0.6 50.1±0.6

Origin+Syn100% 49.5±0.6 48.7±0.5 48.7±0.5 52.8±0.3 50.4±0.5 50.4±0.4

AutoAug 50.2±1.0 49.9±1.0 49.7±1.0 52.4±0.4 53.5±0.3 53.5±0.3

AutoAug+Syn2% 49.8±0.4 49.6±0.4 49.4±0.4 52.5±0.2 54.5±0.1 54.5±0.1

AutoAug+Syn100% 51.0±0.4 50.9±0.4 50.6±0.4 53.2±0.2 55.2±0.4 55.2±0.4

Upsample 49.1±0.5 48.1±0.5 48.0±0.5 52.8±0.2 54.4±0.2 54.3±0.2

Upsample+Syn100% 49.4±0.4 48.6±0.4 48.6±0.4 52.6±0.2 54.3±0.1 54.2±0.1

PreFinetuneOrigin 48.9±0.9 47.7±0.9 47.7±0.8 53.7±0.2 51.7±0.1 51.8±0.2

PreFineAug 48.9±0.2 47.7±0.3 47.8±0.2 53.4±0.6 52.2±0.6 52.2±0.7

PreFineAug+Syn100% 49.7±0.1 48.9±0.1 48.9±0.0 54.0±0.3 52.9±0.5 52.9±0.5

HumanAug 50.1±0.9 49.7±0.8 49.7±0.8 - - -

Table 6: Complete Results in terms of the joint goal accuracy evaluated on the whole test set.

Train Data
Test Data SGD MultiWOZ

Origin AutoAug HumanAug Origin AutoAug HumanAug
Origin 87.1±0.4 85.7±0.4 85.7±0.4 83.9±0.1 81.0±0.3 81.0±0.3

Origin+Syn2% 87.9±0.1 86.6±0.1 86.6±0.1 83.3±0.1 79.9±0.4 79.9±0.4

Origin+Syn100% 87.6±0.1 86.6±0.1 86.6±0.1 83.5±0.2 80.3±0.3 80.3±0.3

AutoAug 87.7±0.6 87.4±0.5 87.2±0.5 82.8±0.5 84.5±0.6 84.4±0.7

AutoAug+Syn2% 87.9±0.3 87.8±0.2 87.6±0.2 82.6±0.1 86.0±0.2 85.9±0.2

AutoAug+Syn100% 88.5±0.4 88.6±0.4 88.2±0.4 83.0±0.4 87.0±0.5 87.0±0.5

Table 7: The accuracy of the named entity prediction for the whole test set.

Train Data
Test Data SGD MultiWOZ

Origin AutoAug HumanAug Origin AutoAug HumanAug
Origin 36.9±0.4 13.1±0.4 10.1±0.8 36.5±0.9 26.4±1.5 26.9±1.1

Origin+Syn2% 38.3±0.8 15.0±1.5 12.6±1.1 35.2±0.7 13.8±3.3 14.2±3.9

Origin+Syn100% 37.2±0.8 19.0±1.2 16.0±1.0 36.5±0.6 19.7±4.0 19.2±3.5

AutoAug 35.8±0.4 30.3±0.5 23.8±0.5 33.8±0.5 41.9±0.1 41.5±0.7

AutoAug+Syn2% 37.7±0.5 33.1±0.8 26.8±1.7 33.8±1.5 47.9±0.5 46.9±1.1

AutoAug+Syn100% 37.9±1.5 35.1±0.1 28.6±0.9 34.9±2.0 47.9±0.8 48.1±1.1

Table 8: Joint goal accuracy evaluated on only the augmented turns.
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Addressing Method Acc

Direct 1
Positional 1
Direct+Positional 0.9996
Attributes 0.9970
Direct+Posi+Attr 0.9993
Direct+Posi+Attr+Multiple 0.6695
Direct+Posi+Attr+Typo 1
Direct+Posi+Attrs+Multiple+Typo 0.6794

Table 9: Impact of different addressing methods. We adopt different addressing methods to synthesize single-turn
dialog data, based on which we train and evaluate models. “Posi” refers to the positional addressing and “Attr”
represents the addressing with attributes.
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D Interface of Human Paraphrasing

Figure 6: Interface to collect human paraphrasing data.
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E Guidelines of Human Paraphrasing

Figure 7: Description of sensitive topics.
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Abstract

Carefully-designed schemas describing how to
collect and annotate dialog corpora are a pre-
requisite towards building task-oriented dialog
systems. In practical applications, manually
designing schemas can be error-prone, labori-
ous, iterative, and slow, especially when the
schema is complicated. To alleviate this expen-
sive and time consuming process, we propose
an unsupervised approach for slot schema in-
duction from unlabeled dialog corpora. Lever-
aging in-domain language models and unsu-
pervised parsing structures, our data-driven ap-
proach extracts candidate slots without con-
straints, followed by coarse-to-fine clustering
to induce slot types. We compare our method
against several strong supervised baselines, and
show significant performance improvement in
slot schema induction on MultiWoz and SGD
datasets. We also demonstrate the effective-
ness of induced schemas on downstream ap-
plications including dialog state tracking and
response generation.

1 Introduction

Defining task-specific schemas, including intents
and arguments, is the first step of building a task-
oriented dialog (TOD) system. In real-world appli-
cations such as call centers, we may have abundant
conversation logs from real users and system assis-
tants without annotation. To build an effective sys-
tem, experts need to study thousands of conversa-
tions, find relevant phrases, manually group phrases
into concepts, and iteratively build the schema to
cover use cases. The schema is then used to an-
notate belief states and train models. This pro-
cess is labor-intensive, error-prone, expensive, and
slow (Eric et al., 2020; Zang et al., 2020; Min et al.,
2020; Yu and Yu, 2021). As a prerequisite, it hin-
ders quick deployment for new domains and tasks.
We therefore are interested in developing automatic

∗work done during internship at Google Research

Can I have more information for the 
train you’re needing?

I am leaving from Cambridge and 
going to Norwich.

I also need a train. The train should 
leave after 16:15 and leave on sunday.

…

…

I want to book an expensive Italian 
restaurant at 12 pm.

after 16:15 
before 9:30

12:30
…

cheap
expensive
moderate

…

12 pm
7:20

9
…

Span extraction

Multi-step clustering

train 
leaveat

hotel
pricerange

restaurant 
booktime

Figure 1: Overview of slot schema induction from raw
conversations. We use a bottom-up representation level
distance function derived from pre-trained LMs (com-
bined with PCFG structure) to extract informative can-
didate phrases such as “after 16:15” and “expensive”.
The spans are subsequently clustered through multiple
stages to form coarse to fine categories. The ground
truth mapping is shown on the right (such as “train
leaveat”).

schema induction methods in this work to create
the ontology1 from conversations for TOD tasks.

Most existing approaches for slot schema induc-
tion rely on syntactic or semantic models trained
with labeled data (Chen et al., 2013; Hudeček et al.,
2021; Min et al., 2020). Our proposed method, on
the other hand, is completely unsupervised with-
out requiring generic parsers and heuristics, and
hence portable to new tasks and domains seam-
lessly, overcoming the limitations of previous re-
search. Analogous to human experts, our procedure
is divided into two general steps: relevant span ex-
traction, and slot categorization. Fig. 1 provides an
overview of our approach. We introduce a bottom-
up span extraction method leveraging a pre-trained
language model (LM) and regularized by unsuper-
vised probabilistic context-free grammar (PCFG)
structure. We also propose a multi-step auto-tuned
clustering method to group the extracted spans into
fine-grained slot types with hierarchy.

We demonstrate that our unsupervised in-
duced slot schema is well-aligned with expert-

1We use “schema” and “ontology” interchangeably in this
paper. Following previous work in literature, we focus on
schema induction for slots, which is more challenging than
domains and intents.
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designed reference schema on the public Multi-
WoZ (Budzianowski et al., 2018) and SGD (Ras-
togi et al., 2020) datasets. We further evaluate
the induced schema on dialog state tracking (DST)
and response generation to indicate usefulness and
demonstrate performance gains over strong super-
vised baselines. Meanwhile, our method is appli-
cable to more realistic scenarios with complicated
schemas.

2 Related Work

Schema induction from dialog logs has not been
studied extensively in the literature and developers
resort to a patch work of tools to automate parts
of the process. We first introduce related work on
schema induction for dialog, and then discuss pre-
vious research on span extraction as part of schema
induction for slots.

Schema induction for dialog Motivated by the
practical advantages of unsupervised schema induc-
tion such as reducing annotation cost and avoiding
human bias, Klasinas et al. (2014); Athanasopoulou
et al. (2014) propose to induce spoken dialog gram-
mar based on n-grams to generate fragments. Dif-
ferent from studying semantic grammars, Chen
et al. (2013, 2014, 2015b,a); Hudeček et al. (2021)
propose to utilize annotated FrameNet (Baker et al.,
1998) to label semantic frames for raw utterances
(Das et al., 2010). The frames are designed on
generic semantic context, which contains frames
that are related to the target domain (such as "ex-
pensiveness") and irrelevant (such as "capability"),
while other relevant slots such as “internet” cannot
be extracted because they do not have correspond-
ing defined frames. This line of work focuses on
ranking extracted frame clusters and then manu-
ally maps the top-ranked induced slots to reference
slots. Instead of FrameNet, Shi et al. (2018) extract
features such as noun phrases (NPs) using part-of-
speech (POS) tags and frequent words and aggre-
gate them via a hierarchical clustering method, but
only about 70% target slots can be induced. In
addition to the unsatisfactory induction results due
to candidate slot extraction, most of the previous
works are only applicable to a single domain such
as restaurant booking with a small amount of data,
and require manual tuning to find spans and gener-
ate results. These methods are not easily adaptable
to unseen tasks and services.

The most comparable work to ours is probably
Min et al. (2020), which is not bounded by an ex-

isting set of candidate values so that potentially all
slots can be captured. They propose to mix POS
tags, named entities, and coreferences with a set
of rules to find slot candidates while filtering irrel-
evant spans using manually updated filtering lists.
In comparison, our method does not require any
supervised tool and can be easily adapted to new
domains and tasks with self-supervised learning. In
addition to flexibility, despite our simple and more
stable clustering process compared to their varia-
tional embedding generative approach (Jiang et al.,
2017), our method achieves better performance on
slot schema induction and our induced schema is
more useful for downstream tasks.

We survey schema induction work for other nat-
ural language processing tasks in Appendix A.11.

Span extraction Previous works in span extrac-
tion consider all combination of tokens as candi-
dates (Yu et al., 2021). Alternatively, keyphrase
extraction research (Campos et al., 2018; Bennani-
Smires et al., 2018) mostly depends on corpus
statistics (such as frequency), similarity between
phrase and document embeddings, or POS tags
(Wan and Xiao, 2008; Liu et al., 2009), and formu-
lates the task as a ranking problem. Although these
methods can find meaningful phrases, they may re-
sult in a low recall for TOD settings. For instance,
the contextual semantics of a span (such as time)
in an utterance may not represent the utterance-
level semantics compared to other generic phrases.
Other methods for span extraction include syntac-
tic chunking, but mostly require supervised data
(Li et al., 2021) and heuristics (such as considering
“noun phrases” or “verb phrases”), and thus are not
flexible and robust compared to our method.

Finally, target spans can be found in syntactic
structures which can be potentially induced from
supervised parsers or unsupervised grammar induc-
tion (Klein and Manning, 2002, 2004; Shen et al.,
2018; Drozdov et al., 2019; Zhang et al., 2021).
Kim et al. (2020) probe LMs and observe that re-
cursively splitting sentences into binary trees in a
top-down approach can correlate to constituency
parsing. However, unlike the task of predicting
relationship between words in a sentence where
phrases at each level of a hierarchical structure
are valid, detecting clear boundaries is critical to
span extraction but challenging with various phrase
lengths. Even though more flexible compared to se-
mantic parsers that are limited by pre-defined roles,
there is no straightforward way to apply these meth-
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ods to span extraction.

3 Unsupervised Slot Schema Induction

Our proposed method for slot schema induction
consists of a fully unsupervised span extraction
stage followed by coarse-to-fine clustering. The
resulting clusters can be mapped to slot type labels.

3.1 Overview
Given user utterances from raw conversations, our
goal is to induce the schema of slot types S and
their corresponding slot values. The span extraction
stage extracts spans (e.g., “with wifi”) from an
utterance x. The candidate spans from all user
utterances are then clustered into a set of groups S
where each group si corresponds to a slot type such
as “internet” with values “with wifi”, “no wifi”,
and “doesn’t matter”. The induced slot schema can
be later used for downstream applications such as
dialog state tracking and response generation.

Algorithm 1: Span Extraction
Require: x = x1, x2, . . . , xn: a user utterance x

1: t← PCFG(x) {A Chomsky normal form (binary)
tree structure from self-supervised PCFG}

2: a← LM(x) {Attention distribution from a LM}
3: d← [di = f(ai, ai+1) for i = 1, 2, . . . , n− 1]

{Distance between consecutive tokens using a distance
function f}

4: τ ← median(d)
5: sort d in increasing order
6: for all di in d do
7: if di < τ and using PCFG then
8: if nodei and nodei+1 are siblings in PCFG then
9: nodei+1 ← {nodei, nodei+1} {merge nodes,

assign new parents}
10: end if
11: else if di < τ then
12: wi+1 ← {wi, wi+1} {merge two tokens}
13: end if
14: end for

3.2 Candidate span extraction
Challenges Since it is unclear what spans are
meaningful phrases representative of task-specific
slots, candidate span extraction presents two chal-
lenges. Firstly, with either supervised or unsuper-
vised predicted structures, there is no protocol on
what constituent and from what level we should
extract the spans from without relying on dataset-
specific heuristics, especially as structured repre-
sentations are often compositional (Herzig and Be-
rant, 2021). The second challenge is that span
extraction methods should be flexible and robust
to unseen tasks and domains. To tackle these prob-
lems, we leverage pre-trained LMs and propose a

0.67 0.55 0.12 0.33 0.45 0.42 0.22 0.14

Figure 2: Illustration of span extraction where LM-
derived distance function (distances between tokens are
shown below the text) is constrained by a structure pre-
dicted by PCFG (tree structure shown in the figure).
Numbers in red are above the median threshold (0.375)
while numbers in green are below, indicating that the
tokens share similar semantics and are from the same
span. We can then extract candidate phrases “a restau-
rant” and “modern global cuisine”, together with uni-
grams “I”, “want”, “which”, and “serves”.

novel bottom-up attention-based span extraction
method regularized by unsupervised PCFG for bet-
ter structure representation. Because our method
does not need any supervised data, the second prob-
lem can be effectively addressed by in-domain self-
training. The full algorithm is outlined in Algo-
rithm 1.

Bottom-up attention-based extraction with LMs
and PCFG regularization Recent studies re-
veal that attention distributions in pre-trained LMs
can indicate syntactic relationships among tokens
(Clark et al., 2019). Therefore, we hypothesize
that similar attention distributions indicate tokens
to form a meaningful phrase. We define the dis-
tance between attention distributions as a sym-
metric Jensen-Shannon divergence (Clark et al.,
2019), and iteratively merge tokens whose distance
is smaller than a threshold2 in a bottom-up fashion.
We start from the smallest distance to the largest,
where the merged tokens are considered as a new
token in the next iteration but the distribution dis-
tance with adjacent tokens remains the same. Fig. 2
illustrates the distances between tokens from a pre-
trained LM for an example sentence where adjacent
tokens such as “global” and “cuisine” are merged
but not “serves” and “modern”. This new decoding
method enables us to effectively group tokens into
phrases with precise boundaries.

Although LMs can be used to induce grammar,

2We use the median of all pairwise distances in an utter-
ance in the experiments. We also compared other thresholds
such as mean but did not observe significant difference.
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their training objectives are not optimized for sen-
tence structure prediction, hence falling behind un-
supervised PCFG (Kim et al., 2020) on syntactic
modeling3. Utilizing attention distribution from
LM representations to extract spans can thus be
fuzzy and noisy. We therefore employ unsuper-
vised PCFG proposed by Kim et al. (2019) as a
mechanism to regularize our bottom-up span ex-
traction. Instead of relying solely on attention dis-
tribution, we in addition require two tokens to share
the same parent in the predicted PCFG tree struc-
ture before merging. This extra requirement re-
duces the noise from the distribution divergence in
a sub-optimal structure representation. An exam-
ple illustrating the necessity of span constraint is
given in Fig. 2. Even though the distance between
“restaurant” and “which” is small (0.33), we disre-
gard this span since they do not belong to the same
parent in the PCFG structure. After merging two
tokens, we assign the grandparent of the two tokens
as the new parent, and continue the iteration until
all distances are examined.

Self-supervised in-domain training Our
attention-based approach enables us to extract
phrases beyond certain n-grams, or certain types
of phrases in a specific hierarchical layer. More
importantly, it is appealing to adapt to new
domains and services, where a LM can be further
trained to encode structure representations without
any annotated data and to group tokens into
candidate phrases based on the training corpus.
To encourage efficient span extraction above
token-level representation, we further pre-train a
SpanBERT model (Joshi et al., 2020) by predicting
masked spans together with a span boundary
objective (denoted as TOD-Span) on TOD data
(Wu et al., 2020). In addition to masking random
contiguous spans with a geometric distribution, we
also mask spans inspired by recent findings such
as segmented PMI (Levine et al., 2021) among
other methods (See Appendix A.3 for details).
This process can be thought of as incorporating
corpus statistics such as phrase frequency into the
model implicitly (Henderson and Vulić, 2021).

The unsupervised PCFG is trained to maximize
the marginal likelihood of in-domain utterances
with the inside-outside algorithm on the same TOD

3Note that although Kim et al. (2020) utilizes attention to
construct constituency trees, our methods are different: we
propose a bottom-up approach to identify meaningful spans
with clear boundaries (rather than a tree structure) after in-
domain further pre-training.

dataset. Similar to self-supervised LMs, this pro-
cess is flexible and robust against domain mis-
match, a common problem with supervised parsers
(Davidson et al., 2019). At inference time, the
trained model predicts a Chomsky normal form
from Viterbi decoding (Forney, 1973).

3.3 Clustering candidate spans

Challenges After extracting candidate spans as
potential slot values, we apply contextualized clus-
tering on them to form latent concepts each slot
value belongs to. We face two major challenges.
Firstly, for any clustering method, hyperparame-
ters such as the number of clusters are critical to
the clustering quality, while they are not known
for a new domain. Secondly, because of the trivial
differences in slot types (for example, a location
can be a “train departure place”, or a “taxi arrival
place”), clustering requires considering different di-
mensions of semantics and pragmatics. To address
these problems, we propose an auto-tuned, coarse-
to-fine multi-step clustering method. The pseudo
code of the clustering algorithm can be found in
Appendix A.2.

Auto-tuning hyperparameters To avoid hyper-
parameter tuning, we utilize density-based HDB-
SCAN (McInnes et al., 2017). Compared to other
clustering methods such as K-Means, HDBSCAN
is mainly parametrized by the minimum number
of samples per cluster, and resulting clusters are
known to be less sensitive to this parameter. We
set this number automatically by maximizing the
averaged Silhouette coefficient (Rousseeuw, 1987)

s =
b− a

max(a, b)

across all clusters where a represents the distance
between samples in a cluster, and b measures the
distance between samples across clusters.

Multi-step clustering The input to our first-step
clustering is the contextualized span-level repre-
sentation from the extracted spans. Specifically,
we consider the mean representation of tokens in
the span from the last layer as the span represen-
tation. To prevent the surface-level token embed-
dings from playing a dominant role, we replace
candidate spans with masked tokens and use the
contextual representation of the masked spans (Ya-
mada et al., 2021). After the first step of clustering,
we have coarse groups illustrated in Appendix A.5.
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Extracted Spans
after 16:15

Sunday
Cambridge

Norwich
east

4 star
doesn’t matter

before 11
guesthouses

need
free parking

12 
expensive

12:30
before 9:30
moderate

need
7:15
…

time
16:45
7:28

before 3

price
cheap

moderate
expensive

taxi time
16:45
17:26

before 3

train time
after 4:15
before 11

7:28

departure 
time

after 4:15
5:11

before 7:28

arrival time
7:15

before 11
21:36

First step Second step Third step

area
east

center
don’t care

Figure 3: Multi-step clustering procedure. Each coarse
cluster is further refined by next-step clustering. The
first step uses contextualized span representations to
capture salient groups (such as a cluster about time), and
the second step uses the utterance-level representations
of each span to capture domain and intent information
(such as the train service and taxi service). The third
step utilizes span-level representation for fine-grained
slot types.

Michael et al. (2020) suggest that we may only
identify salient clusters (e.g., cardinal numbers),
but cannot separate for example, different types
of cardinals (e.g., number of people or number
of stays). Thus, in the second step, we cluster
examples within each cluster from the first step
leveraging utterance level representation of spans
(i.e., the [CLS] token of the utterance). Specifically,
we identify the utterance-level representation for
spans grouped from the first step. This enables us
to distinguish between domains and intents as they
reflect utterance-level semantics. For example, we
may find a cluster of time information (e.g., “11
AM”) in the first step, and the second step cluster-
ing is to differentiate between train and taxi book-
ing time. Lastly, we cluster groups developed from
the second step into more fine-grained types using
span-level representations similar to the first step.
After this multi-step clustering, we can potentially
separate for instance, departure time and arrival
time in train booking. This process is illustrated
in Fig. 3. Each cluster represents a slot type, with
slot values shown as data points. This multi-step
clustering brings an additional benefit of inducing
the slot schema with hierarchy, where sub-groups
in further steps belong to the same parent group.

4 Experiments

To examine the quality of our induced schema, we
perform intrinsic and extrinsic evaluations. Our
intrinsic evaluation compares the predicted schema

with the ground truth schema by measuring their
overlap in slot types and slot values. This indi-
cates how well our induced schema aligns with
the expert annotation. The extrinsic evaluation es-
timates the usefulness of the induced schema for
downstream tasks, for which we consider dialog
state tracking and response generation tasks. Ex-
periments are conducted on MultiWOZ (Eric et al.,
2020) and SGD (Rastogi et al., 2020) datasets fol-
lowing previous research. See Appendix A.1 for
implementation details. We also apply and eval-
uate our method for both intent and slot schema
induction on realistic scenarios (See Section 5).

Baselines We compare our proposed approach
with different setups against DSI (Min et al., 2020),
which uses supervised tools and heuristics. We
evaluate different span extraction methods includ-
ing using parsers only, leveraging distance func-
tions from LMs, and combining LMs with un-
supervised PCFG. Specifically, NP extracts all
noun phrases4, DSI cand. uses the same candidates
phrases as DSI, and PCFG and CoreNLP (Man-
ning et al., 2014) extract phrases from an unsu-
pervised and supervised structure respectively by
taking the smallest constituents above the leaf level.
These baselines solely rely on parsers. For our
bottom-up attention-based LM methods (Section
3.2), we compare spans extracted using representa-
tions from BERT (Devlin et al., 2019), SpanBERT
(Joshi et al., 2020), TOD-BERT (Wu et al., 2020),
and our span-based TOD pre-training from mask-
ing random spans (TOD-Span). Lastly, we combine
the LMs with unsupervised PCFG structures.

Due to space constraints, we show results on
MultiWOZ in this section. Observations on SGD
can be found in the Appendix.

4.1 Slot schema induction
To evaluate the induced schema against ground
truth, we need to match clusters to ground truth
labels5. Previous work on dialog schema induction
either requires manual mapping from a cluster to
the ground truth (Hudeček et al., 2021) or com-
pares predicted slot values to its state annotation
at each turn (Min et al., 2020). These can create
noises and biases, hence not practical when no an-
notation is available. Particularly, Min et al. (2020)

4https://spacy.io/
5Predicting labels for each cluster is out of the scope of this

paper. Since there are many ways to assign labels with equal
semantics to a cluster (e.g., “food” vs. “restaurant type”), we
leave this to future work.
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compare candidate spans to corresponding refer-
ence slot types at each turn, which is a small subset
of the ground-truth ontology. This would overes-
timate the performance of schema induction since
the matching is more evident and is different from
defining schemas in realistic settings. Instead, we
simulate the process of an expert annotator map-
ping clusters to slot names by considering the gen-
eral contextual semantics of spans in a cluster.

Setup We consider semantic representations of
ground truth clusters as labels. Specifically, we
calculate the contextual representation of spans
averaged across all spans in an induced cluster
as cluster representations, and compare that with
ground truth slot type representations computed in
the same way. For fair comparison among different
methods, we use BERT to obtain span represen-
tations. We assign the name of the most similar
slot type representation to a predicted cluster mea-
sured by cosine similarity. If the score is lower
than 0.8 (Min et al., 2020), the generated cluster is
considered as noise without mapping, which sim-
ulates when a human cannot label the cluster. We
report precision, recall, and F1 on the induced slot
types. When the number of clusters is larger than
the ground truth, multiple predicted clusters can be
mapped to one slot type. This evaluation process
is identical to human annotation, where the ground
truth clusters serve as references (before assigning
cluster labels) to predicted clusters, but may be bi-
ased towards more clusters when more clusters are
likely to cover more ground truth clusters (i.e., po-
tentially higher recall). Thus we report the number
of induced clusters for reference. Similarly, within
each slot type, we compute the overlapping of clus-
ter values to all ground truth slot values and report
precision, recall, and F1 by fuzzy-matching scores
(Min et al., 2020), averaged across all types.

Results Table 1 shows the results of schema in-
duction on slot types and slot values. All methods
lead to a number of clusters within a similar range
(except the slightly larger 522 clusters for DSI),
indicating that the results are not biased and are
comparable. When the candidate span input to
our proposed multi-step clustering is the same as
the baseline DSI using POS tagging and corefer-
ence (DSI cand.), we achieve similar performance
on slot type induction (85.19) and better results
on slot values (49.71). This illustrates the effec-
tiveness of our proposed clustering method since

method # clusters slot type slot value

Baseline

DSI 522 87.72 37.18

Parser only

NP 88 69.39 47.46
DSI cand. 113 85.19 49.71
PCFG 339 91.53 53.62
CoreNLP 292 87.72 54.43

Language model only

BERT 340 85.71 55.80
SpanBERT 343 89.66 45.21
TOD-BERT 219 89.66 50.89
TOD-Span 374 85.71 55.29

Language model contrained on unsupervised PCFG

BERT 350 87.72 52.32
SpanBERT 203 89.66 44.51
TOD-BERT 245 91.53 48.13
TOD-Span 290 96.67 58.71

Table 1: Schema induction results on MultiWOZ. TOD-
Span (span-based LM further pre-trained on in-domain
data) regulated by PCFG achieves the best performance
on slot type induction and slot value induction evaluated
by F1 scores. All methods (except DSI) differ only by
span extraction (i.e., same clustering).

the only difference from the DSI baseline is cluster-
ing. Compared to methods leveraging noun phrases
(NP), or supervised parsers (CoreNLP), using an
unsupervised PCFG trained on in-domain TOD
data can achieve comparable or superior results.

If we extract spans using LMs only, different
models perform similarly on both slot types and
slot values. However, when regularized by an unsu-
pervised PCFG structure, we observe a large perfor-
mance boost especially with TOD-Span. This indi-
cates that the unsupervised PCFG can provide com-
plementary information to LMs. In addition, results
show that further pre-training a LM at the span level
is more efficient. The better representation from
span-level in-domain self-training can also be jus-
tified by a standard dialog state tracking task with
few-shot or full data shown in Appendix A.3. De-
tailed comparison among different LM pre-training
results can be seen in Appendix A.13.

4.2 Application in DST

Now that we have mapped induced clusters to
ground truth names, we can immediately evaluate
DST performance by identifying slot values and
types as described above. This can be considered
as a zero-shot setting.

1179



method turn level joint level

Baseline

DSI 18.29 25.22

Parser only

PCFG 25.43 32.39

Language model only

BERT 24.35 30.18
SpanBERT 20.24 26.07
TOD-BERT 25.05 34.94
TOD-Span 29.72 38.89

Language model contrained on unsupervised PCFG

BERT 23.27 30.09
SpanBERT 20.96 27.25
TOD-BERT 27.11 31.92
TOD-Span 39.59 46.69

Table 2: DST results on MultiWOZ. We show F1 scores
of turn and joint level. TOD-Span regularized by PCFG
achieves the best performance.

Setup Following Min et al. (2020), we calculate
the overlapping of the predicted slots and values
with their corresponding ground truth at both the
turn level and the joint level. At each turn, a fuzzy
matching score is applied on predicted values (Ras-
togi et al., 2020) whose corresponding slot types
are in the ground truth. On the other hand, even if
a slot value is predicted correctly but its slot type
does not match the ground truth, no reward is ac-
credited. On the joint level, we calculate the score
for accumulative predictions up to the current turn.

Results Table 2 summarizes the results for DST.
Similar to the trend in schema induction, constrain-
ing an in-domain fine-tuned LM (TOD-Span) on
an unsupervised structure representation (PCFG)
achieves the best performance (39.95 on turn level),
significantly outperforming a strong baseline DSI
(18.29)6. We also note that because all accumu-
lated predictions are evaluated for partial rewards
instead of exact matching on all slot types in stan-
dard DST evaluation, the joint level scores are
higher than the turn level from accumulative scores.
See Appendix A.8 for more detailed discussions.

4.3 Application in response generation
The above settings map latent slot clusters to
ground truth analogous to expert designs so that we
can evaluate the alignment with human annotations.

6We use the provided data and model to run the DSI base-
line. The reason the score is lower here than the original report
is due to slot type matching (Section 4.1).

belief state BLEU

None 15.6
DSI 13.9
TOD-Span + PCFG 16.4
Ground truth 17.9

Table 3: Response generation results on MultiWOZ.
Our method introduces positive inductive bias.

This experiment investigates whether the induced
latent schema is still useful before mapping.

Setup We modify the model of Lei et al. (2018);
Zhang et al. (2020) by appending the predicted
labels (i.e., a cluster index such as “10-15-2” in-
dicating a specific slot type where each number
represents a slot type from a clustering step. This
can also be considered as a hierarchical cluster la-
bel) and values to the context (e.g., “I need a train
at 7:45. [10-15-2] 7:45” as input). The added belief
state can be considered as a prior to generate re-
sponses similar to Hosseini-Asl et al. (2020). Since
we do not have the mapped names of the slots,
we only report the BLEU score rather than other
metrics used in response generation that require
entity-level matching (e.g., inform rate). This is
a more practical setting directly evaluating on the
induced schema compared to previous work (Min
et al., 2020), where dialog act is modeled with
delexicalized input utterances (Chen et al., 2019,
not feasible because ontology is required from a
pre-defined schema for delexicalization).

Results Table 3 compares the performance of
using no belief state (None), belief state induced by
DSI, our introduced method (TOD-Span + PCFG),
and ground truth. Results show that our induced
schema introduces a positive inductive bias (16.4)
compared to the baseline (15.6) and is close to the
ground truth schema with actual slot type names.
We conjecture that the lower performance of DSI is
due to the larger number of latent types (522) which
creates noises in model training. Thus, our induced
slot schema is useful for downstream applications.

5 Analysis

Comparison among different methods Our re-
sults show that in general, span-based pre-training
methods outperform token-based, and continued
pre-training on in-domain data is important. When
regularized by PCFG structures, we observe a large
performance boost on TOD-BERT and TOD-Span,
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however the PCFG structure does not help BERT
and SpanBERT when the LM is trained on gen-
eral domain data only. We speculate that the LM
representation trained on generic text is not com-
patible with the predicted structure induced via
in-domain self-supervision. This justifies our hy-
pothesis in Section 3.2 that optimized structures
from in-domain PCFG can regularize target span
extraction.

In addition, we believe that the performance
gap between our proposed method and previous
research using rules from supervised parsers (such
as NPs and coreference) is larger when the data is
less biased (for example, if NP is not dominant as
slot values, Du et al., 2021). Moreover, our pro-
posed method is data-driven, indicating that the
slots are determined by the dialog corpus and are
more robust again label bias. If there are specific
annotation requirements, we can inject inductive
bias to the LM to change distribution distances
(Shi et al., 2019) or add rules to incorporate such
conditions. See Appendix A.12 for discussions.

Comparison among different datasets On Mul-
tiWOZ, our method induces 30 out of 31 slot
types in the ontology except “hospital-department”,
which only appears once in the dialog corpus. For
slot values, errors are mostly from low precision
due to loose boundaries and semantic matching
(e.g., predicting “free wifi”, and “include free wifi”,
where the target value is “yes”). In comparison,
DSI induces 26 slot types, with similar slots mixed
(such as mapping “taxi-arriveby” to “taxi-leaveat”).
It receives a relatively low slot value score since
spans extracted using rules are not robust and com-
patible.

On SGD where 82 slot types are defined in the
ontology, our method induces 50 and DSI induces
72. The main reason for this low recall is similar
slot types with overlapping values (such as “media-
genre” and “movies-genre”), and single-value slots
(such as “has-wifi” with the value “True”). More
importantly, SGD has a smaller utterance length,
making it more difficult to map to the correct slot
type without considering more context. With a
magnitude more number of clusters, DSI (11992
clusters) has a higher chance to map predicted slots
to target slot types which explains better perfor-
mance than ours on schema induction. However,
this large number of clusters make it infeasible for
humans to use, and our induced schema is com-
parable in downstream tasks such as DST despite

having a much smaller number of clusters.

On both datasets, in addition to values that can
be extracted by spans, our method can also extract
phrases such as “doesn’t matter” which maps to the
“don’t care” slot value. In particular, on MultiWOZ,
“hotel-internet” receives the lowest f1 score (0.07
with precision of 0.04 and recall of 0.35), mainly
because of imprecise boundaries for low precision
(e.g. “free wifi”, “include free wifi”, and “offer
free wifi”). It also mixes with “free parking” be-
cause of the context (hotel). On SGD, due to our
filtering step and many slots have only one value
(e.g. “Homes-has-wifi” and “Homes-has-pets”),
and the value (“True”) cannot be detected by spans,
we received a lower schema induction score. In
addition, there are 16 groups with lower matching
score (< 0.8). This is particularly an issue when the
number of instances is small (only 8 instances for
“home-furnished” in total). If more instances are
available, it is likely that our method can recover
these missed slots due to low matching scores.

However, the schema defined here is less com-
plicated compared to more realistic settings. For
example, spans may not be a noun phrase (such
as “until the 30th” to distinguish from “after the
30th” in the utterance “Do I have access to my
premium account until the 30th or will I have to
pay additional $15 on the 29th” to distinguish dif-
ferent constraints), and spans may not necessarily
be meaningful arguments to intents (such as “Can
you help me to reset my password” even though
“reset my password” can be considered as a phrase).
ABCD (Chen et al., 2021) collects more realistic
TOD conversations with more in-depth discussion
on finishing tasks in the shopping domain. How-
ever, they propose to leverage actions, rather than
slot-value pairs as used before in slot discovery,
where the actions are defined above the utterance
level.

We also apply our method on internal customer
data for both intent (by applying multi-step cluster-
ing directly on utterances) and slot schema induc-
tion. Compared to MultiWOZ and SGD, schema
in more realistic scenarios is more complicated and
the slot boundaries are less clear. Nevertheless, our
method is still effective in inducing the majority
of the schema to find intents such as “change pass-
word” and slot types such as “devices”. We observe
similar findings on the Ubuntu dialog corpus (Lowe
et al., 2015). See more discussions in Appendix
A.9.

1181



schema DST
method # clusters type value turn joint

Different number of clustering steps

one-step 31 60.87 39.74 23.58 30.68
two-step 99 83.64 46.66 35.21 41.94

Original representation instead of masked

unmasked rep. 284 85.71 53.30 27.93 36.40

Three-step masked clustering

Three-step masked 290 96.67 58.71 39.59 46.69

Table 4: Ablation results on MultiWOZ with TOD-
Span constrained on PCFG. Using masked presentation
for multi-step clustering improves the performance on
schema induction and DST by a large margin.

Ablation studies Table 4 illustrates the perfor-
mance comparisons with different numbers of clus-
tering steps, as well as input representations. Re-
sults demonstrate that compared to one-step (using
masked span representation) and two-step (adding
utterance representation), our three-step clustering
method induces a more fine-grained schema, which
is more effective for downstream tasks. The num-
ber of steps can be customized to real use cases
depending on target granularity7. In addition, if we
use the original input rather than the masked phrase
representation, the performance drops by a large
margin (85.71 on slot type). This suggests that the
surrounding context is more critical than the sur-
face embeddings for schema induction, especially
when the same phrase can serve different functions
even in the same domain (such as locations).

DST Error analysis Suggested by the relatively
high span extraction accuracy (68.13 F1 score)
from Appendix A.4, we find that the majority of the
problems in DST come from cluster mapping. This
is caused by either excessive surrounding informa-
tion or by the lack of context from previous turns.
For instance, in the utterance “Can I book it for 3
people”, the “3 people” can be mapped to either
“restaurant-book people” or “hotel-book people”,
since we extract the contextual information from
the current turn only. If more context is consid-
ered, the mapping performance including results
on downstream tasks is expected to improve. An-
other issue is with span boundary. Even though we
apply fuzzy matching, the evaluation still penalizes
correct predictions (such as “indian food”) from
its ground truth (“indian”), since we do not have
training signals to identify the target boundaries.

Meanwhile, we acknowledge that since we ex-
7More steps were also conducted but we observed lower

Silhouette coefficient and lower quality in preliminary studies.

tract phrases as candidates of slot values, our DST
cannot deal with other linguistic features such as
coreferences and ellipses annotated in MultiWOZ
and SGD. This partially explains the relatively low
performance on the full zero-shot DST task. How-
ever, these features are not important for schema
induction since the majority of the slot values can
be found as phrases in the raw conversation, which
can further be categorized into slot types. Obtain-
ing better performance on DST is out of the scope
of this paper.

6 Conclusion

In this paper, we propose a fully unsupervised
method for slot schema induction. Compared
to previous research, our method can be easily
adapted to unseen domains and tasks to extract
target phrases before clustering into fine-grained
groups without domain constraints. We conduct
extensive experiments and show that our proposed
approach is flexible and effective in generating ac-
curate and useful schemas without task-specific
rules in both academic and realistic datasets. We
believe that our method could also be applied to
other languages (since no supervised parser, model,
or heuristic is required) and tasks such as question
answering where the answering phrase is not ex-
plicitly annotated (Min et al., 2019). In the future,
we plan to extend our method to problems with
more complex structures and data where slots are
less trivial to identify.

7 Ethical Considerations

Our intended use case is to induce the schema of
raw conversations between a real user and system,
where the conversation is not structured or con-
strained. Our experiments are done on English data,
but our approach can be used for any language, es-
pecially because our method does not require any
language-specific tools such as parsers which gen-
erally require a lot of labeled data. We hope that
our work can reduce design and annotation cost in
building dialog systems for new domains, and can
inspire future research on this practical bottleneck
in applications.
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Vojtěch Hudeček, Ondřej Dušek, and Zhou Yu. 2021.
Discovering dialogue slots with weak supervision.
In Proceedings of the 59th Annual Meeting of the
Association for Computational Linguistics and the
11th International Joint Conference on Natural Lan-
guage Processing (Volume 1: Long Papers), pages
2430–2442, Online. Association for Computational
Linguistics.

Zhuxi Jiang, Yin Zheng, Huachun Tan, Bangsheng Tang,
and Hanning Zhou. 2017. Variational deep embed-
ding: An unsupervised and generative approach to
clustering. In Proceedings of the Twenty-Sixth Inter-
national Joint Conference on Artificial Intelligence,
IJCAI-17, pages 1965–1972.

Lifeng Jin and William Schuler. 2020. Grounded PCFG
induction with images. In Proceedings of the 1st
Conference of the Asia-Pacific Chapter of the Asso-
ciation for Computational Linguistics and the 10th
International Joint Conference on Natural Language
Processing, pages 396–408, Suzhou, China. Associa-
tion for Computational Linguistics.

Mandar Joshi, Danqi Chen, Yinhan Liu, Daniel S. Weld,
Luke Zettlemoyer, and Omer Levy. 2020. Span-
BERT: Improving pre-training by representing and
predicting spans. Transactions of the Association for
Computational Linguistics, 8:64–77.

Taeuk Kim, Jihun Choi, Daniel Edmiston, and Sang goo
Lee. 2020. Are pre-trained language models aware
of phrases? simple but strong baselines for grammar
induction. In International Conference on Learning
Representations.

Yoon Kim, Chris Dyer, and Alexander Rush. 2019.
Compound probabilistic context-free grammars for
grammar induction. In Proceedings of the 57th An-
nual Meeting of the Association for Computational
Linguistics, pages 2369–2385, Florence, Italy. Asso-
ciation for Computational Linguistics.

Ioannis Klasinas, Elias Iosif, Katerina Louka, and
Alexandros Potamianos. 2014. SemEval-2014 task
2: Grammar induction for spoken dialogue systems.
In Proceedings of the 8th International Workshop
on Semantic Evaluation (SemEval 2014), pages 9–
16, Dublin, Ireland. Association for Computational
Linguistics.

Dan Klein and Christopher Manning. 2004. Corpus-
based induction of syntactic structure: Models of
dependency and constituency. In Proceedings of
the 42nd Annual Meeting of the Association for
Computational Linguistics (ACL-04), pages 478–485,
Barcelona, Spain.

Dan Klein and Christopher D. Manning. 2002. A gener-
ative constituent-context model for improved gram-
mar induction. In Proceedings of the 40th Annual

1184

https://doi.org/10.18653/v1/D19-1161
https://doi.org/10.18653/v1/2021.acl-short.83
https://doi.org/10.18653/v1/2021.acl-short.83
https://aclanthology.org/2020.lrec-1.53
https://aclanthology.org/2020.lrec-1.53
https://aclanthology.org/2020.lrec-1.53
https://doi.org/10.18653/v1/2021.naacl-main.264
https://doi.org/10.18653/v1/2021.naacl-main.264
https://doi.org/10.18653/v1/2021.acl-long.74
https://doi.org/10.18653/v1/2021.acl-long.74
https://doi.org/10.18653/v1/2021.acl-long.74
https://proceedings.neurips.cc/paper/2020/file/e946209592563be0f01c844ab2170f0c-Paper.pdf
https://proceedings.neurips.cc/paper/2020/file/e946209592563be0f01c844ab2170f0c-Paper.pdf
https://doi.org/10.18653/v1/P16-1025
https://doi.org/10.18653/v1/P18-1201
https://doi.org/10.18653/v1/P18-1201
https://doi.org/10.18653/v1/2021.acl-long.189
https://doi.org/10.24963/ijcai.2017/273
https://doi.org/10.24963/ijcai.2017/273
https://doi.org/10.24963/ijcai.2017/273
https://aclanthology.org/2020.aacl-main.42
https://aclanthology.org/2020.aacl-main.42
https://doi.org/10.1162/tacl_a_00300
https://doi.org/10.1162/tacl_a_00300
https://openreview.net/forum?id=H1xPR3NtPB
https://openreview.net/forum?id=H1xPR3NtPB
https://openreview.net/forum?id=H1xPR3NtPB
https://doi.org/10.18653/v1/P19-1228
https://doi.org/10.18653/v1/P19-1228
https://doi.org/10.3115/v1/S14-2002
https://doi.org/10.3115/v1/S14-2002
https://doi.org/10.3115/1218955.1219016
https://doi.org/10.3115/1218955.1219016
https://doi.org/10.3115/1218955.1219016
https://doi.org/10.3115/1073083.1073106
https://doi.org/10.3115/1073083.1073106
https://doi.org/10.3115/1073083.1073106


Meeting of the Association for Computational Lin-
guistics, pages 128–135, Philadelphia, Pennsylvania,
USA. Association for Computational Linguistics.

Joel Lang and Mirella Lapata. 2010. Unsupervised
induction of semantic roles. In Human Language
Technologies: The 2010 Annual Conference of the
North American Chapter of the Association for Com-
putational Linguistics, pages 939–947, Los Angeles,
California. Association for Computational Linguis-
tics.

Wenqiang Lei, Xisen Jin, Min-Yen Kan, Zhaochun Ren,
Xiangnan He, and Dawei Yin. 2018. Sequicity: Sim-
plifying task-oriented dialogue systems with single
sequence-to-sequence architectures. In Proceedings
of the 56th Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers),
pages 1437–1447, Melbourne, Australia. Association
for Computational Linguistics.

Yoav Levine, Barak Lenz, Opher Lieber, Omri Abend,
Kevin Leyton-Brown, Moshe Tennenholtz, and Yoav
Shoham. 2021. {PMI}-masking: Principled masking
of correlated spans. In International Conference on
Learning Representations.

Yangming Li, Lemao Liu, and Kaisheng Yao. 2021.
Neural sequence segmentation as determining the
leftmost segments. In Proceedings of the 2021 Con-
ference of the North American Chapter of the Asso-
ciation for Computational Linguistics: Human Lan-
guage Technologies, pages 1476–1486, Online. As-
sociation for Computational Linguistics.

Zhiyuan Liu, Peng Li, Yabin Zheng, and Maosong
Sun. 2009. Clustering to find exemplar terms for
keyphrase extraction. In Proceedings of the 2009
Conference on Empirical Methods in Natural Lan-
guage Processing, pages 257–266, Singapore. Asso-
ciation for Computational Linguistics.

Ryan Lowe, Nissan Pow, Iulian Serban, and Joelle
Pineau. 2015. The Ubuntu dialogue corpus: A large
dataset for research in unstructured multi-turn dia-
logue systems. In Proceedings of the 16th Annual
Meeting of the Special Interest Group on Discourse
and Dialogue, pages 285–294, Prague, Czech Repub-
lic. Association for Computational Linguistics.

Christopher Manning, Mihai Surdeanu, John Bauer,
Jenny Finkel, Steven Bethard, and David McClosky.
2014. The Stanford CoreNLP natural language pro-
cessing toolkit. In Proceedings of 52nd Annual Meet-
ing of the Association for Computational Linguis-
tics: System Demonstrations, pages 55–60, Balti-
more, Maryland. Association for Computational Lin-
guistics.

Leland McInnes, John Healy, and Steve Astels. 2017.
hdbscan: Hierarchical density based clustering. Jour-
nal of Open Source Software, 2(11):205.

Julian Michael, Jan A. Botha, and Ian Tenney. 2020.
Asking without telling: Exploring latent ontologies

in contextual representations. In Proceedings of the
2020 Conference on Empirical Methods in Natural
Language Processing (EMNLP), pages 6792–6812,
Online. Association for Computational Linguistics.

Julian Michael and Luke Zettlemoyer. 2021. Induc-
ing semantic roles without syntax. In Findings of
the Association for Computational Linguistics: ACL-
IJCNLP 2021, pages 4427–4442, Online. Association
for Computational Linguistics.

Qingkai Min, Libo Qin, Zhiyang Teng, Xiao Liu, and
Yue Zhang. 2020. Dialogue state induction using
neural latent variable models. In Proceedings of the
Twenty-Ninth International Joint Conference on Arti-
ficial Intelligence, IJCAI-20, pages 3845–3852. Inter-
national Joint Conferences on Artificial Intelligence
Organization. Main track.

Sewon Min, Danqi Chen, Hannaneh Hajishirzi, and
Luke Zettlemoyer. 2019. A discrete hard EM ap-
proach for weakly supervised question answering. In
Proceedings of the 2019 Conference on Empirical
Methods in Natural Language Processing and the
9th International Joint Conference on Natural Lan-
guage Processing (EMNLP-IJCNLP), pages 2851–
2864, Hong Kong, China. Association for Computa-
tional Linguistics.

Abhinav Rastogi, Xiaoxue Zang, Srinivas Sunkara,
Raghav Gupta, and Pranav Khaitan. 2020. To-
wards scalable multi-domain conversational agents:
The schema-guided dialogue dataset. Proceedings
of the AAAI Conference on Artificial Intelligence,
34(05):8689–8696.

Peter J. Rousseeuw. 1987. Silhouettes: A graphical aid
to the interpretation and validation of cluster analysis.
Journal of Computational and Applied Mathematics,
20:53–65.

Jiaming Shen, Yunyi Zhang, Heng Ji, and Jiawei Han.
2021. Corpus-based open-domain event type induc-
tion.

Yikang Shen, Zhouhan Lin, Chin wei Huang, and
Aaron Courville. 2018. Neural language modeling by
jointly learning syntax and lexicon. In International
Conference on Learning Representations.

Chen Shi, Qi Chen, Lei Sha, Sujian Li, Xu Sun,
Houfeng Wang, and Lintao Zhang. 2018. Auto-
dialabel: Labeling dialogue data with unsupervised
learning. In Proceedings of the 2018 Conference on
Empirical Methods in Natural Language Processing,
pages 684–689, Brussels, Belgium. Association for
Computational Linguistics.

Haoyue Shi, Jiayuan Mao, Kevin Gimpel, and Karen
Livescu. 2019. Visually grounded neural syntax ac-
quisition. In Proceedings of the 57th Annual Meet-
ing of the Association for Computational Linguistics,
pages 1842–1861, Florence, Italy. Association for
Computational Linguistics.

1185

https://aclanthology.org/N10-1137
https://aclanthology.org/N10-1137
https://doi.org/10.18653/v1/P18-1133
https://doi.org/10.18653/v1/P18-1133
https://doi.org/10.18653/v1/P18-1133
https://openreview.net/forum?id=3Aoft6NWFej
https://openreview.net/forum?id=3Aoft6NWFej
https://doi.org/10.18653/v1/2021.naacl-main.116
https://doi.org/10.18653/v1/2021.naacl-main.116
https://aclanthology.org/D09-1027
https://aclanthology.org/D09-1027
https://doi.org/10.18653/v1/W15-4640
https://doi.org/10.18653/v1/W15-4640
https://doi.org/10.18653/v1/W15-4640
https://doi.org/10.3115/v1/P14-5010
https://doi.org/10.3115/v1/P14-5010
https://doi.org/10.21105/joss.00205
https://doi.org/10.18653/v1/2020.emnlp-main.552
https://doi.org/10.18653/v1/2020.emnlp-main.552
https://doi.org/10.18653/v1/2021.findings-acl.389
https://doi.org/10.18653/v1/2021.findings-acl.389
https://doi.org/10.24963/ijcai.2020/532
https://doi.org/10.24963/ijcai.2020/532
https://doi.org/10.18653/v1/D19-1284
https://doi.org/10.18653/v1/D19-1284
https://doi.org/10.1609/aaai.v34i05.6394
https://doi.org/10.1609/aaai.v34i05.6394
https://doi.org/10.1609/aaai.v34i05.6394
https://doi.org/https://doi.org/10.1016/0377-0427(87)90125-7
https://doi.org/https://doi.org/10.1016/0377-0427(87)90125-7
https://doi.org/https://doi.org/10.1016/0377-0427(87)90125-7
http://arxiv.org/abs/2109.03322
http://arxiv.org/abs/2109.03322
https://openreview.net/forum?id=rkgOLb-0W
https://openreview.net/forum?id=rkgOLb-0W
https://doi.org/10.18653/v1/D18-1072
https://doi.org/10.18653/v1/D18-1072
https://doi.org/10.18653/v1/D18-1072
https://doi.org/10.18653/v1/P19-1180
https://doi.org/10.18653/v1/P19-1180


Xiaojun Wan and Jianguo Xiao. 2008. Single document
keyphrase extraction using neighborhood knowledge.
In Proceedings of the 23rd National Conference on
Artificial Intelligence - Volume 2, AAAI’08, page
855–860. AAAI Press.

Thomas Wolf, Lysandre Debut, Victor Sanh, Julien
Chaumond, Clement Delangue, Anthony Moi, Pier-
ric Cistac, Tim Rault, Remi Louf, Morgan Funtow-
icz, Joe Davison, Sam Shleifer, Patrick von Platen,
Clara Ma, Yacine Jernite, Julien Plu, Canwen Xu,
Teven Le Scao, Sylvain Gugger, Mariama Drame,
Quentin Lhoest, and Alexander Rush. 2020. Trans-
formers: State-of-the-art natural language processing.
In Proceedings of the 2020 Conference on Empirical
Methods in Natural Language Processing: System
Demonstrations, pages 38–45, Online. Association
for Computational Linguistics.

Chien-Sheng Wu, Steven C.H. Hoi, Richard Socher,
and Caiming Xiong. 2020. TOD-BERT: Pre-trained
natural language understanding for task-oriented di-
alogue. In Proceedings of the 2020 Conference on
Empirical Methods in Natural Language Processing
(EMNLP), pages 917–929, Online. Association for
Computational Linguistics.

Chien-Sheng Wu and Caiming Xiong. 2020. Probing
task-oriented dialogue representation from language
models. In Proceedings of the 2020 Conference on
Empirical Methods in Natural Language Processing
(EMNLP), pages 5036–5051, Online. Association for
Computational Linguistics.

Kosuke Yamada, Ryohei Sasano, and Koichi Takeda.
2021. Semantic frame induction using masked word
embeddings and two-step clustering. In Proceedings
of the 59th Annual Meeting of the Association for
Computational Linguistics and the 11th International
Joint Conference on Natural Language Processing
(Volume 2: Short Papers), pages 811–816, Online.
Association for Computational Linguistics.

Dian Yu, Luheng He, Yuan Zhang, Xinya Du, Panupong
Pasupat, and Qi Li. 2021. Few-shot intent classifi-
cation and slot filling with retrieved examples. In
Proceedings of the 2021 Conference of the North
American Chapter of the Association for Computa-
tional Linguistics: Human Language Technologies,
pages 734–749, Online. Association for Computa-
tional Linguistics.

Dian Yu and Zhou Yu. 2021. MIDAS: A dialog act
annotation scheme for open domain HumanMachine
spoken conversations. In Proceedings of the 16th
Conference of the European Chapter of the Associ-
ation for Computational Linguistics: Main Volume,
pages 1103–1120, Online. Association for Computa-
tional Linguistics.

Xiaoxue Zang, Abhinav Rastogi, Srinivas Sunkara,
Raghav Gupta, Jianguo Zhang, and Jindong Chen.
2020. MultiWOZ 2.2 : A dialogue dataset with
additional annotation corrections and state tracking
baselines. In Proceedings of the 2nd Workshop on

Natural Language Processing for Conversational AI,
pages 109–117, Online. Association for Computa-
tional Linguistics.

Songyang Zhang, Linfeng Song, Lifeng Jin, Kun Xu,
Dong Yu, and Jiebo Luo. 2021. Video-aided unsuper-
vised grammar induction. In Proceedings of the 2021
Conference of the North American Chapter of the
Association for Computational Linguistics: Human
Language Technologies, pages 1513–1524, Online.
Association for Computational Linguistics.

Yichi Zhang, Zhijian Ou, and Zhou Yu. 2020. Task-
oriented dialog systems that consider multiple appro-
priate responses under the same context. Proceed-
ings of the AAAI Conference on Artificial Intelligence,
34(05):9604–9611.

1186

https://doi.org/10.18653/v1/2020.emnlp-demos.6
https://doi.org/10.18653/v1/2020.emnlp-demos.6
https://doi.org/10.18653/v1/2020.emnlp-demos.6
https://doi.org/10.18653/v1/2020.emnlp-main.66
https://doi.org/10.18653/v1/2020.emnlp-main.66
https://doi.org/10.18653/v1/2020.emnlp-main.66
https://doi.org/10.18653/v1/2020.emnlp-main.409
https://doi.org/10.18653/v1/2020.emnlp-main.409
https://doi.org/10.18653/v1/2020.emnlp-main.409
https://doi.org/10.18653/v1/2021.acl-short.102
https://doi.org/10.18653/v1/2021.acl-short.102
https://doi.org/10.18653/v1/2021.naacl-main.59
https://doi.org/10.18653/v1/2021.naacl-main.59
https://aclanthology.org/2021.eacl-main.94
https://aclanthology.org/2021.eacl-main.94
https://aclanthology.org/2021.eacl-main.94
https://doi.org/10.18653/v1/2020.nlp4convai-1.13
https://doi.org/10.18653/v1/2020.nlp4convai-1.13
https://doi.org/10.18653/v1/2020.nlp4convai-1.13
https://doi.org/10.18653/v1/2021.naacl-main.119
https://doi.org/10.18653/v1/2021.naacl-main.119
https://doi.org/10.1609/aaai.v34i05.6507
https://doi.org/10.1609/aaai.v34i05.6507
https://doi.org/10.1609/aaai.v34i05.6507


A Appendices

A.1 Implementation details
For language model further pre-training, we imple-
ment our code based on Wu et al. (2020) where
the training data and hyperparameters are kept the
same. Their evaluation script is used to show re-
sults on the standard supervised dialog state track-
ing with the full-data and few-shot learning setting.
We run all experiments on three random seeds and
report the average score. The TOD-BERT base-
line is the “TOD-BERT-JNT-V1” provided by Wolf
et al. (2020). For span-based pre-training methods,
we use the provided “spanbert-base-cased” model
from Joshi et al. (2020) as the initial checkpoint
and add a span boundary object. For random mask-
ing, we use a 15% masking budget and sample a
span length by geometric distribution with p = 0.2
and clip the max length to 10. For other mask-
ing methods, we follow Levine et al. (2021) by
considering n-grams of lengths 2 to 5 which ap-
pear more than 10 times in the corpus. We choose
the top 10 - 20% of n-grams by each criterion so
about half of the tokens can be identified as part
of correlated n-grams. We also experimented with
different number of n-grams to mask and evaluate
on both pre-training loss and DST results, but did
not observe significant difference. We further pre-
train using the same data as TOD-BERT with early
stopping by prediction loss. For the attention dis-
tribution used to define our distance function, we
use the eighth layer of the model suggested by Kim
et al. (2020). We modify Jin and Schuler (2020)
to train our unsupervised PCFG model using their
suggested hyperparameters on the text input only
with data cleaned by Wu et al. (2020). These ex-
isting techniques, however, cannot be applied to
induce schema without our proposed novel method.
They only inspire us to propose an fully unsuper-
vised method leveraging the potential benefits. All
our experiments run on eight V-100 GPUs. The
training time varies from three hours to 14 hours.

For the baseline DSI, we run their provided pub-
lic codebase on the same MultiWOZ 2.1 data and
SGD dataset respectively (since each corpus has
different schemas in the output space, we cannot
pre-train on more task-oriented dialog data as ours),
following their suggested hyperparameters on the
best model DSI-GM.

For our auto-tuned multi-step clustering, we set
the minimum number of samples per cluster by
dividing the total number of samples by 5, 10, 15,

20, 25 and choose the best one auto-tuned by the
Silhouette coefficient. A more rigorous grid search
can potentially generate better performance on our
tasks. All other parameters are kept as default in
HDBSCAN.

For our experiments on MultiWOZ and SGD,
we use the development portion of the data (fol-
lowing the standard separation in their original
Github repositories), which represents a sample
of whole corpus. MultiWOZ and SGD are com-
monly used task-oriented dialog datasets collected
in English. On MultiWOZ, we use 7374 user ut-
terances from the development set (1000 conversa-
tions), which covers 31 slot types. On SGD, we use
24363 user utterances (2482 conversations), which
covers 82 slot types. We also report the induced
schema results on the training portion of the data
in Appendix A.6 where there are 56668 user utter-
ances (8420 conversations) on MultiWOZ 2.1., and
164982 user utterances (16142 conversations) on
SGD. We build the ground-truth ontology from the
annotated corpus with slot types and values in the
dialog state.

A.2 Algorithm

Algorithm 1 shows the algorithm for span extrac-
tion. For simplicity, we compare the distance from
left to right for both the settings with and without
PCFG structure. For using language model only,
we merge tokens into phrases if their distance is
small. If PCFG structure is constrained, we com-
pare the distance between tokens and check if their
corresponding nodes belong to the same parent. In
practice, we implement the PCFG span extraction
from bottom to top where we merge tokens into
nodes from the lower level and represent the tokens
with merged nodes. At each level, we compare the
distance between consecutive nodes. To illustrate
this process, for example in Figure 2, we com-
pare the distance between the node “modern” and
“global cuisine”, and the distance between “a restau-
rant” and “which” to check if they are siblings in
the same level. Since “which” is not merged in a
lower level, itself serves as the node whereas “a
restaurant” serves as the node for “restaurant”. All
merged phrases, with left-out unigrams, are consid-
ered as candidate extracted spans.

Algorithm 2 shows the algorithm for auto-tuned
multi-step clustering. For each step, the input to
the clustering algorithm (HDBSCAN) is the embed-
dings of spans (or uttereances in the second step)
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Algorithm 2: Auto-tuned Multi-step Clustering
Require: Repspan = Repspan1 , Repspan2 , . . . , Repspann : masked span representation (hidden states of LM by replacing

extracted spans with [MASK] token)
Require: Reputt = Reputt1 , Reputt2 , . . . , Reputtn : utterance-level representation (hidden states of LM on [CLS] token)
Require: min_nums: a list of candidate values to set for minimum samples for cluster.

1: input_embeddings← Repspan

2: clusters← input_embeddings
3: for stepi in multi-steps do
4: for input_embeddingsi in clusters do
5: clustersi ← max_i{silhouette_score(HDBSCAN(input_embeddingsi,min_numi))}
6: if step_i = 1 then
7: if all sub-clusters share the same frequent span then
8: ignore input_embeddingsi, continue the for loop {filter clusters with only one value}
9: end if

10: clustersi ← corresponding Reputt for each item in clustersi {Utt-level for second step clustering}
11: end if
12: end for
13: clusters← {clustersi for all i in the current step}
14: end for

Model Joint Acc. Slot Acc.

BERT 45.6 96.6
SpanBERT 1.5 81.1
ToD-BERT 46.0 96.6

Span-based model trained on TOD data

TOD-Span 49.0 96.9
freq 49.7 97.0
freq w/o stop 47.3 96.8
PMI 48.7 96.9
PMI_seg 49.4 97.0
SCP 48.3 96.8

Table 5: Supervised DST results with the full-data set-
ting. Results show that span-based methods outperform
token-based pre-training methods, and this improvement
is not from the initial checkpoint. Different masking
methods achieve similar performance.

grouped from the previous step. In other words,
for each sub-groups clustered by the previous step,
we further cluster the embeddings into fine-grained
groups. Figure 3 illustrates this process. The clus-
tering algorithms returns groups of embeddings
and corresponding labels (0, 1, . . . ) and we choose
the minimum number of samples per cluster based
on Silhouette score. We filter clusters where the
frequent spans of each sub-cluster are the same, in-
dicating that there is only one value for this cluster.
We consider the rest clusters as the input to the next
step, or return as our final clusters.

data Model Joint Acc. Slot Acc.

1%

BERT 6.4 84.4
SpanBERT 3.6 82.6
TOD-BERT 7.9 84.9
TOD-Span 9.9 86.0

5%

BERT 19.6 92.0
SpanBERT 5.6 83.9
TOD-BERT 20.9 91.0
TOD-Span 28.2 93.9

10%

BERT 32.9 94.7
SpanBERT 11.8 85.6
TOD-BERT 30.2 93.5
TOD-Span 38.6 95.5

Table 6: Supervised DST results with few-shot train-
ing data. Similar to the full-data setting, span-based
methods achieve significantly better performance than
token-based further pre-training methods.

A.3 Supervised DST results

Wu and Xiong (2020) suggest that further pre-
training on TOD data (Wu et al., 2020) helps gen-
erating better utterance-level representation, but
less so for other features such as slots. To encour-
age better span-level representation, we further pre-
trained a SpanBERT model on TOD data by mask-
ing spans based on frequency, Pointwise Mutual
Information (PMI), symmetric conditional proba-
bility (SCP, Downey et al., 2007), and segmented
PMI (Levine et al., 2021) following recent research,
together with randomly masking contiguous ran-
dom spans. Implementation details can be found
in Appendix A.1. Here we evaluate different pre-
trained methods on the standard DST benchmark.
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Model R (LM only) R (+ supervised) R (+ unsupervised)

NP 62.13
BERT 62.30 62.05 64.30
SpanBERT 58.43 64.60 62.52
TOD-BERT 54.15 60.88 65.05
TOD-Span 64.21 67.22 68.13

Ground Truth 78.83

Table 7: Span extraction results on manually labeled ut-
terances. Results show that constrained on unsupervised
PCFG structure, our span-based further pre-training
method TOD-Span achieves the best recall (68.13),
close to the ground truth performance (78.83)

Table 5 and Table 6 shows the performance of
supervised DST performance evaluated on joint
accuracy and slot accuracy with the full data and
few-shot data (1 - 10%), respectively. Note that
this was not used to choose the best model to per-
form schema induction and related tasks. These
results compare different pre-training methods to
illustrate the quality of the initial checkpoints on a
more standard benchmark. As shown similarly in
recent work, TOD-BERT can only show marginal
improvement over BERT averaged over different
random seeds. Meanwhile, SpanBERT when used
as an initial checkpoint is not stable at downstream
DST tasks even if multiple random seeds were
tested. However, after further pre-training on task-
oriented dialog dataset, TOD-Span achieve signif-
icantly better performance in both the few-shot and
full-data setting. When comparing different span
masking methods, random masking (TOD-Span)
is quite effective. Although freq and PMI_seg
achieves better performance (over the naive PMI),
the improvement is not large. We conjecture that
this might be due to that compared to general do-
mains and tasks with more diverse prediction space
such as question answering, the number of task-
relevant phrases in task-oriented dialog is limited.

A.4 Span Extraction Results

Table 7 shows the recall for span extraction re-
sults. We manually annotate 200 user utterances
so that acceptable span boundaries would not be
penalized. For instance, given the utterance “I need
to book a hotel in the east that has 4 stars”, in-
stead of the DST annotation “hotel-starts: 4” and
“hotel-area: east” together with coreference and
annotation errors that cannot be detected from the
context, we manually annotate the candidate spans
as [“in the east”, ”the east”, ”east”] and [”4 stars”,
”has 4 stars”, ”4”] which relaxes the rigid require-

ment of strict matching of slot values. Compared
to fuzzy matching, this evaluation is cleaner. Be-
cause of the annotation errors and coreference that
a value does not appear in the current utterance,
the ground truth score is 78.83. Similar to our
schema induction and DST evaluation results, we
observe that constraining on predicted structures
can increase model performance. In particular, us-
ing an in-domain self-supervised PCFG structure
and achieve similar or even better performance than
using a supervised parser. We only evaluate recall
here because there are non-meaningful spans ex-
tracted, and is not important to downstream tasks
since they are potentially filtered by our clustering
method.

A.5 Clustering
Figure 4 shows the clustering results after the first
step. This shows that we can get some coarse clus-
ters with non-meaningful groups (such as “thank
you”). Some slot types (such as day of the week as
“wednesday”) are not distinguished by their domain
and intent. Further clustering can generate more
fine-grained schema.

In addition, from empirical analysis, we found
that meaningless spans extracted together with
meaningful ones from the previous stage may add
noises in the process. To study its influence by fil-
tering out noisy clusters, we automatically examine
clusters and their corresponding sub-clusters from
the first two steps based on the assumption that
valid slot types include more than one slot value.
We choose one here because if one cluster is domi-
nated by examples such as “thank you” with a few
other instances such as “thanks”, the latter can be
considered as outliers from our clustering method.
Afterwards there is only one value left. We can
also choose to filter out clusters with more than one
slot value, which may result in lower recall. Since
the goal of schema induction is to build a com-
plete ontology with high recall, noisy groups are
actually acceptable. In other words, we observed
similar performance before and after filtering out
such noisy cluster since the cluster mapping step
would assign a low score to such groups from clus-
ter embedding representations (Section 4.1), which
is similar to how human experts would ignore a
cluster of meaningless spans.

A.6 Schema induction on training portion
Since our goal is to induce the schema of a corpus
without using any labeled data, there is no major
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Figure 4: Clustering after first step. Grey labels are outliers detected by HDBSCAN. The numbers in each group
represent a latent cluster label, and the texts represent the most frequent phrase in cluster.

schema DST
method # clusters type value turn joint

DSI 4981 95.08 43.23 21.10 28.14
Ours 374 93.33 47.32 37.64 44.74

Table 8: Results for schema induction and DST when
the schema is induced on the training portion of Multi-
WOZ data. Our method significantly outperforms the
strong DSI baseline.

difference in whether the schema is induced on
the training set of MultiWOZ or the development
set. The main difference is the number of utterance
where the training data is ten times larger than
the development data. Here we show the results
for reference. Table 8 demonstrates that despite
our much smaller number of clusters, our method
achieves significantly better performance than the
DSI baseline on both schema induction and DST.

A.7 SGD results

Table 9 shows the results for schema induction and
DST on the SGD dataset. We conjecture that the
similar performance results with the strong DSI
baseline is due to large difference in cluster num-
bers. Intuitively, with a larger number of clusters,
each group with fewer examples can be mapped
to the ground truth embeddings correctly. On the
other hand, if different slot types are mixed into one
cluster, all slot values are assigned an inaccurate
name. Another potential reason is that compared to

schema DST
method # clusters type value turn joint

DSI 11992 92.21 46.19 27.23 26.24
Ours 806 77.04 47.50 26.01 26.50

Table 9: Schema induction and DST results on SGD
dataset. Results suggests that our method achieves com-
parable or better performance than the strong DSI base-
line even though our number of clusters is a magnitude
smaller. See text for analysis.

MultiWOZ, SGD dataset requires more contextual
information (SGD has less average tokens per turn
and more turns per dialogue). Thus the mapping
from relatively noisy clusters to ground truth cre-
ates errors for downstream tasks, especially that
the evaluation metric require exact match of slot
types.

However, the results are still comparable. Al-
though predicting a magnitude smaller number
of clusters to be less favoured in evaluation, our
method still achieves similar or better performance.

A.8 Comparison to DSI on DST

We note that the DST results on MultiWOZ for
DSI is lower than that reported in Min et al. (2020).
As shown in Section 4.1, the original number was
reported by mapping predicted slot types to target
ontology at the turn level (before accumulating for
the final prediction), where a small subset is used.
This process makes mapping more evident (for ex-
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ample, instead of mapping a predicted slot type to
the target 30 slot types, it only compares a slot type
to one of two slot types that appear in the refer-
ence). Hence, it overestimates the performance and
is very different from how a human expert would
assign labels when inducing the schema for a new
corpus without (turn-level) annotation. Since DST
is evaluated to make sure that the slot type matches,
an incorrect slot type matching would result in a 0
true positive score. The actual performance in our
experiments is thus lower.

In addition, we follow the exactly same settings
including training and evaluation scripts (on DST)
with their provided pre-processed span-level data
and suggested hyperparameters. We use the same
metrics and scripts to evaluate all methods. Accord-
ingly, all the numbers reported in Table 2 are fair
and comparable.

Lastly, since we use fuzzy matching scores (Ras-
togi et al., 2020; Min et al., 2020), turn-level per-
formance is accumulated to the joint level. For
that reason, different from joint goal accuracy com-
monly used where all slot types and values are re-
quired to be exactly match, partial true positives are
counted again in future turns. For example, if the
current turn predicts “train leave-at: 10” with the
target dialog state “train leave-at: 10:00”, even if
the next turn predicts nothing correctly, this partial
score is counted in the joint level score in the next
turn. This procedure follows the setting of Min
et al. (2020). In fact, in their reported performance
of DSI-GM on MultiWOZ 2.1 with precision and
recall of 52.5, 39.3, and 49.2, 43.2 at turn and joint
level respectively, the actual F1 scores are actually
45.0 for the turn level and 46.0 at the joint level.
Similar to ours, they also received higher score on
the joint level due to accumulative partial scores
(by calculating F1 using their reported precision
and recall scores directly). Since we follow the
same evaluation script and metrics, the results and
conclusion we have in our experiments comparing
different methods are comparable.

A.9 Further analysis of schema induction
among datasets (including realistic data)

When we apply our method on internal customer
data for slot schema induction, we follow the same
pipeline introduced in Section 3. For intent schema
induction, we consider both the system turn and
utterance turn as the context to our multi-step clus-
tering to find schema with the hierarchy. Because

our method is data-driven and does not require
heuristics, it can induce expected slots explained
before (e.g. “until the 30th”). We observed empiri-
cally satisfying performance but the results cannot
be reported publicly because of restrictions. There-
fore, we only report results on the public datasets to
compare to previous research, as well as to inspire
follow-up works for comparison.

We also applied our approach to the Ubuntu dia-
log corpus (Lowe et al., 2015). Compared to gen-
eral TOD systems where a user and an knowledge-
able agent communicate with each other, this data
is collected from online forms to discuss technical
issues. The utterances are less conversational, and
include coding scripts, making it very noisy. We
experiment on this more realistic dataset only for
reference, since it is significantly different from
building a TOD systems to interact with real users
where schema is critical. We sample 8k utterances
from the training data, and apply our method on
both the intent level and the slot level. On the intent
level, our method generates 70 clusters from the
first step, and 154 clusters after three steps. Apart
from greetings (which appear very frequently), we
can induce intents such as suggesting one ques-
tion is off topic (e.g. “this is a support channel;
please leave and go to xxx channel”). There are
also some more evident intent clusters such as sug-
gested command line, suggested url, and questions
for installations in a specific setup (e.g. “how to
install firefox on 64 bit”). When the input sentence
is long with mixed intents, our method may group
these into one large cluster (such as providing sug-
gestions to a specific problem, which is more simi-
lar to dialog act). We may choose to mix slot- and
utterance-level clustering to solve such an issue
by treating each complete segment in an utterance
as a long span. On the slot level induction, our
method generates 36 clusters from the first step,
and 287 clusters after three steps. Our method can
induce slot types such as “ubuntu verision” and
“software name”. However, compared to Multi-
WOZ and SGD, the induced slots are much nosier
with lower precision where meaningless verbs (e.g.
“set up” are grouped). Meanwhile, there a many
other slot types that are not meaning such as a clus-
ter regarding part of a path (e.g., “/var/”), which
may be due to that we use the same LM trained
on TOD dat which does not handle code scripts.
Further in-domain pre-training within the Ubuntu
dialog corpus may solve this issue. To conclude,
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even though this dataset is noisy and different from
TOD, our method is still applicable to discover use-
ful schema on both the intent and the slot level
without any supervision.

A.10 Applying induced schema on testing
data

After inducing the schema on the training data, we
may apply the induced schema directly to a differ-
ent set of data (such as testing data) for downstream
applications (such as DST). Since we already in-
duced slot clusters and mapped them to ground
truth, we do not need to follow the same span ex-
traction before clustering again. Alternatively, we
adopt the following procedure. We extract all can-
didate phrases in the same way, but instead of clus-
tering, we map the extracted phrases to clustered
groups. Specifically, similar to mapping induced
latent clusters to ground truth groups in schema
induction, we find the most similar latent cluster
to the candidate in the contextualized embedding
space, and assign the cluster name to the phrase
as its slot type. We observed that even though the
schema is not induced on the testing data, the per-
formance on both turn and joint level maintains
(36.58 and 48.98).

A.11 Related work in schema induction of
other natural language processing tasks

Similar to grammar induction and unsupervised
parsing, schema induction can help to eliminate
the time-consuming manual process and serves as
the first step to build a large corpus (Klein and
Manning, 2002; Klasinas et al., 2014). Related
tasks include event type induction (Huang et al.,
2016, 2018), semantic frame induction (Yamada
et al., 2021), and semantic role induction (Lang
and Lapata, 2010; Michael and Zettlemoyer, 2021).
Relationship in these tasks such as predicate and
head or patient and agent are relatively evident
compared to that in conversational dialog. In ad-
dition, most of previous research requires either
strong statistical assumptions based on pre-defined
parsers, or existing ontologies and annotations for
some seen types, and formulate the problem similar
to word sense disambiguation on predicate-object
pairs (Shen et al., 2021). In contrast, our method
does not require any formal syntactic or semantic
supervision.

A.12 Incorporating task-specific annotation
requirements for schema induction

Our method is data-driven, indicating that if two to-
kens appear frequently (thus form a span), it might
be a good idea to consider them as a slot together.
Our motivation here is to induce the most prob-
abilistic schema based on distributed representa-
tions. Incorporating annotation requirement is not
specific to schema induction from corpus, and is a
broader concept of neuro-symbolic integration by
merging symbolic rules with connectionist models
like neural networks.

However, if there is a specific requirement, we
can either inject inductive bias similar to Shi et al.
(2019); Kim et al. (2020) to change the attention
distribution (so that the requirement-specific bias
can result in smaller or larger divergence explicitly).
We can also add such requirements as rules directly
on certain spans. In this way, we can incorporate
the requirements. In comparison, previous methods
relying on supervised parser are not applicable.

A.13 Detailed schema induction results
Table 10 shows detailed results comparison on
different proposed methods on schema induction.
All methods result in a similar number of clusters,
while span-based further pre-training methods con-
strained on unsupervised PCFG structures achieve
the best performance overall.
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slot type slot value

method # clusters precision recall f1 precision recall f1

Baseline

DSI 522 96.15 80.65 87.72 41.53 57.40 37.18

Parser only

NP 88 94.44 54.84 69.39 42.26 67.80 47.46
DSI cand. 113 100.00 74.19 85.19 56.46 60.80 49.71
PCFG 339 96.43 87.10 91.53 62.14 58.01 53.62
CoreNLP 292 96.15 80.65 87.72 57.80 63.18 54.43

Language model only

BERT 340 96.00 77.42 85.71 62.11 58.60 55.80
SpanBERT 343 96.30 83.87 89.66 56.34 51.95 45.21
TOD-BERT 219 96.30 83.87 89.66 63.58 57.64 50.89
TOD-Span 374 96.00 77.42 85.71 54.88 69.13 55.29
freq 100 93.33 45.16 60.87 47.31 63.32 45.97
freq w/o stop 337 95.65 70.97 81.48 48.63 63.66 48.27
PMI 369 100.00 80.65 89.29 53.97 73.60 56.38
PMI_seg 551 96.55 90.32 93.33 60.37 66.68 58.33
SCP 374 96.00 77.42 85.71 55.06 61.23 51.78

Language model contrained on unsupervised PCFG

BERT 350 96.15 80.66 87.72 58.85 57.49 52.32
SpanBERT 203 96.30 83.87 89.66 60.54 48.23 44.51
TOD-BERT 245 96.43 87.10 91.53 55.40 57.26 48.13
TOD-Span 290 100.00 93.55 96.67 61.34 67.26 58.71
freq 379 100.00 83.87 91.23 56.67 68.19 57.19
freq w/o stop 315 96.55 90.32 93.33 56.40 66.43 53.74
PMI 335 96.55 90.32 93.33 57.90 67.50 56.91
PMI_seg 275 96.55 90.32 93.33 55.19 65.04 54.54
SCP 290 100.00 90.32 94.92 53.62 65.31 53.00

Table 10: Schema induction results for different proposed methods. High precision scores indicate that the clusters
are relatively clean without noises that result in fuzzy representations for mapping.
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Abstract
Recent advances in large-scale language mod-
eling and generation have enabled the creation
of dialogue agents that exhibit human-like re-
sponses in a wide range of conversational sce-
narios spanning a diverse set of tasks, from
general chit-chat to focused goal-oriented dis-
course. While these agents excel at generating
high-quality responses that are relevant to prior
context, they suffer from a lack of awareness of
the overall direction in which the conversation
is headed, and the likelihood of task success in-
herent therein. Thus, we propose a framework
in which dialogue agents can evaluate the pro-
gression of a conversation toward or away from
desired outcomes, and use this signal to inform
planning for subsequent responses. Our frame-
work is composed of three key elements: (1)
the notion of a "global" dialogue state (GDS)
space, (2) a task-specific progression function
(PF) computed in terms of a conversation’s
trajectory through this space, and (3) a plan-
ning mechanism based on dialogue rollouts by
which an agent may use progression signals to
select its next response.

1 Introduction

All human conversation serves some purpose.
These may range from negotiating an agreement to
explaining a topic to maintaining a social relation-
ship. People are generally capable of forming an
assessment, sometimes subconsciously, whether a
conversation is going well or not and adjusting their
behavior accordingly. Such assessment, which un-
derlies most human conversation, is essential in
continuous awareness of the direction where the
interaction is heading and whether the parties are
in sync or not, e.g., Bernieri and Rosenthal (1991).
In a task-oriented interaction, the participants as-
sess if progress towards a successful outcome is
being made. In a negotiation, parties assess if an
agreement is likely. Even in a casual conversation,
people intuitively sense when to continue, when to
change the subject, or when to stop. Based on such

Figure 1: Our framework applied to the charity solici-
tation task in Persuasion For Good (Wang et al., 2019).
Given the dialogue history (center left), the system uses
rollouts (Lewis et al., 2017) to simulate the outcome of
two response candidates (bottom, in red). Each rollout
is mapped as a path through the Global Dialogue State
space (center right) where it can be compared with sim-
ilar outcomes. The candidates are finally ranked using
the Progression Function (top), and the best is selected.

(subjective) assessment, participants adjust what
to say next: whether to push forward, make a
concession, soften the tone, digress, or say good-
bye. A wide range of research in conversation
and discourse analysis is devoted to these and
related issues including (Beebe and Masterson,
2000; Cassell et al., 2007; Friedman, 2004; Grem-
ler and Gwinner, 2008; Langewitz et al., 2003);
however, recent efforts in Dialogue State Track-
ing (DST) have been primarily focused on collect-
ing fine-grained details (e.g., slot-value pairs for
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travel booking or restaurant reservation) (Balara-
man et al., 2021) without concern for the overall di-
rection and quality of the conversation, even though
the latter is critical for achieving human-level dia-
logue interaction.

As such, we approach dialogue state tracking at
a higher level, focusing instead on what we call the
Global Dialogue State (GDS). Given a conversa-
tional task (e.g., negotiation), the global state of a
dialogue reflects the most likely outcome (e.g., a
strong agreement or a stalemate) given the history
of the dialogue up to the current turn. In contrast to
traditional DST, the global state remains invariant
to the specific details discussed at each turn (e.g.,
names, dates, quantities) that are typically the con-
cern of slot-filling models. Rather, global dialogue
states are influenced by the contexts in which these
details occur (e.g., “I would love to donate $5 to
this charity!” vs. “I would never donate $5 to this
charity”). Thus, the global state of a dialogue can
be measured in terms of its semantic similarity to
other groups of dialogues for the same task, which
can be naturally formulated as a cluster-assignment
problem in the dialogue embedding space. That
is, a dialogue which is assigned at the current turn
to a cluster of highly successful outcomes may as-
sume a high likelihood of success, and likewise
a dialogue assigned to a cluster of unsuccessful
outcomes may assume a low likelihood of success.
It follows from this that the path of a dialogue
through global state space can be used to derive a
Progression Function (PF) to give turn-level es-
timates of task success, which can in turn be used
by a dialogue agent to inform its next response.

The remainder of this paper is organized as fol-
lows: In Section 2 we review relevant literature
pertaining to dialogue state tracking and response
planning; in Section 3 we formally define the global
dialogue state and progression function, propose
supervised and unsupervised approaches for mod-
eling them, and describe how they can be used to
assess and select dialogue response candidates; in
Section 4 we experimentally apply our framework
to the charity solicitation task in the Persuasion
For Good dataset (Wang et al., 2019), reporting re-
sults from automatic and manual evaluations; and
in Sections 5 and 6 we conclude with a discussion
of limitations and future directions. Code for our
methods and experiments has been released, 1 and

1Available at https://github.rpi.edu/LACAI/
dialogue-progression

a listing of software packages we use can be found
in Appendix A.

2 Related Work

Our work lies at the intersection of dialogue state
tracking and response planning. As previously
noted, we approach dialogue state at a much higher
level than is typically seen in the DST literature.
Our concept of global dialogue state is not mutually
exclusive with traditional DST approaches, which
we refer to from here on as local DST. Rather,
an effective dialogue system might integrate local
and global DST approaches to enable simultane-
ous tracking of user intents and slot-value pairs
(needed for interfacing with external resources) and
the overall likelihood of conversational success.

2.1 Dialogue State Tracking

Local DST approaches are used in task-oriented
(also called goal-oriented) dialogue systems. Lo-
cal DST is responsible for identifying user in-
tent (e.g., search for restaurants) and extracting
slot-value pairs (e.g., location, price range). Re-
cent DST systems perform state tracking in a
diverse set of domains, including food ordering
(Lertvittayakumjorn et al., 2021), travel reserva-
tions (Qin et al., 2021), negotiations (He et al.,
2018), and many others. Datasets such as Mul-
tiWOZ (Budzianowski et al., 2018; Eric et al.,
2020; Zang et al., 2020) and SGD (Rastogi et al.,
2020) provide large-scale testbeds for training sin-
gle DST systems that generalize across many task
domains. However, local DST is generally not
deployed in open-domain end-to-end dialogue sys-
tems that focus on social interaction and user en-
gagement, recent examples including DialoGPT
(Zhang et al., 2020), Meena (Adiwardana et al.,
2020), and BlenderBot (Roller et al., 2021; Xu
et al., 2021). In open-domain models, the task is
unconstrained and thus it makes little sense to em-
ploy traditional slot-based dialogue state trackers.
Instead, these models track state implicitly in their
latent representations of dialogue history. Unlike
local DST, global state tracking is applicable in
both the task-oriented and open-domain settings.

2.2 Dialogue Response Planning

Many approaches exist for planning in dialogue
response generation. Planning helps a dialogue
agent maintain coherence over multiple turns and
stay on track to complete its goal. Lewis et al.
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(2017) introduce Dialogue Rollouts, allowing a
negotiation agent to simulate the remainder of a
conversation based on each of multiple candidate
responses and select the one which yields the best
outcome. Yarats and Lewis (2018) follow up by
separating semantic planning and surface realiza-
tion for response generation by first producing a
latent semantic representation of the dialogue plan
and then conditioning on it during generation with
rollouts. Similarly, Jiang et al. (2019) implement
a look-ahead module to implicitly predict multi-
ple future turns in an end-to-end encoder-decoder
architecture, experimenting with negotiation and
restaurant reservation settings. These works all
experiment in task domains where goal achieve-
ment is explicitly measurable, which is not true
in the general case. Thus we propose to combine
such methods with our progression function which
provides estimates of goal completion likelihood.
Particularly, in this paper we demonstrate the use
of rollouts with the PF as a reward signal.

3 Methods

The goal of our system is to construct a global di-
alogue state space for a task-specific dataset and
learn a progression function to estimate how well
an ongoing dialogue is progressing toward the de-
sired outcome of the task. The quantity output
by the progression function is an estimate of a
dialogue-level attribute which indicates task suc-
cess (e.g. satisfaction in a customer service task).
In many task domains, the success of a conversa-
tion cannot be completely measured by a single
attribute. For example, in the charity solicitation
task we use in our experiments, donation amount
is the primary success attribute. Here, there are
cases where the conversation appears to go very
well, but ultimately no donation is made for unex-
pected reasons such as the solicitee not being able
to afford to donate. One could reasonably expect
such an outcome to be “acceptable” in the context
of a solicitation task since the solicitee has engaged
with the solicitor and displayed interest, and we
cannot reasonably expect the solicitor to force a do-
nation out of someone who cannot afford it. Thus
we introduce the “acceptability score”, a synthetic
attribute that measures success by considering mul-
tiple factors (e.g., donation amount and sentiment).
For any dialogue dataset, the acceptability score
combines multiple dialogue-level attributes in a
way sensitive to their covariance with the primary

success attribute:

ACCD = primD +

|vD|∑

i=1

Cov(prim, attri) · vDi

(1)

where primD is the primary success attribute (e.g.
donation amount) value for dialogue D, vD is the
vector of all other attribute values (e.g., sentiment)
for dialogue D, and Cov(prim, attri) is the training
set covariance between the primary success indica-
tor and the i-th other attribute. We define the output
of the progression function to be an estimate of the
acceptability score.

To learn the progression function, dialogue-level
attribute annotations must exist for use in this pur-
pose. However, in many settings such annotations
are not available in sufficient quantity to directly
learn a progression model with sufficient general-
ization. Consequently, we propose supervised and
unsupervised approaches for learning the global
state and progression models.

3.1 Unsupervised Approach
3.1.1 Global Dialogue State
In the unsupervised approach, the GDS space is a
dialogue embedding space where clusters of em-
beddings represent groups of dialogues with similar
semantic content. For each complete dialogue D
in the training set, all utterances are independently
embedded and then pooled to create a dialogue-
level embedding uD ∈ Rd where d is the embed-
ding size. The GDS space is thus given as a matrix
in RN×d where N is the number of complete di-
alogues. To embed utterances we take advantage
of pre-trained sentence encoders exposed to large-
scale corpora. Specifically, we use a publicly avail-
able MPNet (Song et al., 2020) model fine-tuned
for semantic textual similarity using a contrastive
objective on over 1B training pairs from 32 dis-
tinct datasets. 2 To combine utterance embeddings
into a dialogue-level embedding we use recency-
weighted mean pooling. The recency weight β
determines how much emphasis is placed on more
recent utterances, where β = 0 means all utter-
ances are weighted evenly and β > 0 means that
more emphasis is placed on more recent utterances.
The motivation for recency weighting is to test the
hypothesis that more recent developments in a con-
versation are more relevant for predicting current

2Obtained from https://huggingface.co/
sentence-transformers/all-mpnet-base-v2
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Figure 2: Architecture of the supervised and unsupervised GDS and PF models (top). In GDS space (top right),
each cluster is characterized by similar dialogue semantics, and is thus interpreted as the class of typical outcomes
for dialogues within. GDS and PF can be used with rollouts (bottom) to allow a dialogue agent to plan ahead.

progression toward a goal. For example, a con-
versation may start out off-task with participants
engaging in small talk, and then later re-focus.

The embedding for dialogue D with |D| utter-
ances is thus formulated as uD = UT softmax(r)
where U is the matrix of utterance vectors in
R|D|×d and r ∈ R|D| is a vector of evenly spaced
real numbers over the interval [0, β]. The softmax
ensures all recency weights sum to 1 and can be
interpreted as probabilities as done with attention
scores in (Bahdanau et al., 2015; Vaswani et al.,
2017). As shown in Figure 3, each utterance is thus
weighted by a monotonically increasing probability
mass where higher values of β cause more mass to
be concentrated at the end of the dialogue.

Figure 3: Recency weight β controls how much empha-
sis is placed on recent utterances when computing uD.

The unsupervised GDS model is a clustering
of the dialogues in their embedding space. The
dialogue embeddings are either clustered directly
or after projection to a lower-dimensional space

using Parametric UMAP (Sainburg et al., 2020;
McInnes et al., 2018a). We experiment with k-
means and HDBSCAN (McInnes and Healy, 2017;
Campello et al., 2013) to cluster the embeddings.
For k-means, we choose the number of clusters
k and train with 10 random initializations. For
HDBSCAN, we choose the minimum cluster size
and minimum samples hyperparameters, and the
optimal number of clusters are selected automat-
ically. Unlike k-means which simply partitions
the embedding space, HDBSCAN classifies some
embeddings as noise points. Clustering hyperpa-
rameters are selected by cross-validation on several
metrics as described later in Section 4. The pro-
cess of constructing the GDS model is illustrated
in Figure 2.

The clusters output by this process can be in-
terpreted as the equivalence classes of final global
states possible for the task represented in the dia-
logue dataset. To estimate the global state of an
ongoing dialogue D′, it is embedded as uD′ ∈ Rd
in the same manner as the complete training dia-
logues, followed by optional dimensionality reduc-
tion. The trained k-means or HDBSCAN model
is then used to assign D′ to one of the existing
clusters, or possibly as a noise point in the case of
HDBSCAN.

Each cluster is assigned an aggregate acceptabil-
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ity score by taking an average of acceptability for
each dialogue in the cluster. If k-means is used, we
aggregate using a 10% trimmed mean across all
dialogues in the cluster. If HDBSCAN is used, a
probability is returned for each dialogue represent-
ing the likelihood that it is a member of its assigned
cluster, so we compute the probability-weighted av-
erage across all dialogues in the cluster. Dialogues
classified as noise points are ignored.

To visualize the GDS model, Parametric UMAP
is used again to project the clustered dialogue em-
beddings into R2 or R3. As shown in Figure 1,
the GDS model can be mapped as a scatter plot
with each cluster labeled by its aggregate values.
If k-means is used, the cluster centroids can be
displayed as a bold point within each cluster. HDB-
SCAN clusters do not have centroids, but they do
have a number of representative points that are
close to the cluster core. We average these points
to simulate a centroid for display purposes, and
likewise show it as a bold point within each cluster.
To show how an ongoing dialogue D′ traverses the
GDS space over time, its embeddings at each turn
t are projected onto the map and connected with
line segments to form a path.

3.1.2 Computing Progression
Since each cluster in the GDS space is intended
to represent a class of end-task global states, we
compute the progression of an ongoing dialogue
D′ with respect to the likelihood that its final global
state will rest in each individual cluster. Supposing
there are k final clusters after running k-means
or HDBSCAN, we compute a probability vector
pD′ ∈ Rk such that pD′ i = P (uD′ ∈ Ci) for i ∈
{1, . . . k} where Ci is cluster i. pD′ is computed
differently for k-means and HDBSCAN. K-means
does not produce a probabilistic soft clustering, so
we define pD′ with respect to the proximity of uD′

to the centroids of each cluster:

pD′ = softmax
(

1

||uD′ − ci||2
: i ∈ {1, . . . k}

)

(2)

where ci ∈ Rd is the centroid of cluster i. HDB-
SCAN does produce a probabilistic soft clustering,
so in that case pD′ is already computed.

We ultimately want the closest (or most proba-
ble) clusters for ongoing dialogue D′ to have the
most sway in estimating its progression at the cur-
rent point in time. That is, if D′ has moved into

a cluster of high-success outcomes, its progres-
sion should increase. Likewise if D′ has moved
away from such a high-success cluster, either into
a lower-success cluster or off-task into a noisy or
unknown region of the GDS space, its progression
should decrease. Thus, once uD′ is computed, we
estimate its progression as the probability-weighted
average of the aggregate acceptability scores as-
signed to each cluster. This is formulated as

PROG(uD′) =
vTpD′

∑k
i=1 pD′ i

(3)

where v ∈ Rk is a vector of the aggregate accept-
ability scores assigned to each cluster. The scaling
factor in the denominator ensures that ongoing di-
alogue embeddings classified as noise points by
HDBSCAN will not be assigned progression val-
ues close to zero as a consequence of not belonging
to any cluster, which can cause significant fluctu-
ation in the progression function as the dialogue
traverses noisy regions of the GDS space. 3 Fig-
ure 2 illustrates how progression of an ongoing
dialogue depends on its position in GDS space.

3.2 Supervised Approach

For the supervised approach, we simply fine-tune
RoBERTa (Liu et al., 2019) to directly predict ac-
ceptability given the dialogue history text, where
all utterances are concatenated into a single se-
quence. To construct the GDS space we obtain
the dialogue level embedding uD directly from the
CLS (<s>) token for each complete dialogue in the
training set, and cluster them as in Section 3.1.1.
Unlike the unsupervised approach where recency
weighting is used to “attend” to more recent parts
of the dialogue, the supervised fine-tuning process
causes the CLS embedding to aggregate the parts
of the dialogue most relevant to the task objective,
which is more optimal than the recency heuristic.
Also, unlike the unsupervised approach where pro-
gression for an ongoing dialogue is computed with
respect to its embedding, here progression is di-
rectly predicted by RoBERTa. In our experiments
we compare RoBERTa-base, RoBERTa-large, and
RoBERTa-large-adapted, the latter receiving ad-
ditional domain adaptation training for dialogue.
Domain adaptation is done via Masked Language
Modeling (MLM) on a self-generated version of

3For HDBSCAN we also experiment with softmax for
re-scaling vTpD′ , giving PROG(uD′) = softmax(vTpD′).
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the Gutenberg Dialogue Dataset (Csaky and Rec-
ski, 2021). Hyperparameters and model weights
from domain adaptation training are provided with
our code release.

3.3 Response Planning

To allow a dialogue agent to use the progression
function as feedback for response planning, we
adopt Dialogue Rollouts (Lewis et al., 2017) to
simulate the outcomes of a set of response candi-
dates. A rollout for a response candidate simulates
the next N turns of the conversation (for both par-
ticipants) given that candidate is used. At each turn
of a negotiation task, Lewis et al. (2017) sample a
set of c response candidates and s rollouts per can-
didate. They score each rollout by a deterministic
reward (the value of the items “won” by the agent
during negotiation), and rank each candidate by the
average of its rollout scores. The highest ranking
candidate is then selected by the agent. As shown
in Figure 2, we generalize this process to any task
for which a progression function can be learned,
replacing the deterministic reward with the pro-
gression function value. To demonstrate this, we
fine-tune the 762M parameter DialoGPT (Zhang
et al., 2020) 4 as a dialogue response generator and
use beam sampling to generate response candidates
and rollouts. We select DialoGPT for this task as it
is pre-trained on a large Reddit dialogue corpus.

4 Experiments

4.1 Dataset

We apply our framework to the Persuasion For
Good dataset (Wang et al., 2019), which is a crowd-
sourced dialogue dataset where the task for an indi-
vidual playing the role of persuader is to convince
another individual playing the role of persuadee to
make a donation to a well-known children’s charity.
We selected this dataset since it has a clear task
objective (to solicit donations), but a complex re-
lationship between dialogue content and success.
The dataset authors identify 10 distinct persuasion
strategies used to solicit donations, where differ-
ent strategies correlate with donation amount at
different strengths. Additionally, participants in
Persuasion For Good dialogues complete a pre-task
psychological survey, yielding 23 attributes based
on the Big-Five personality traits (Goldberg, 1992),
the Moral Foundations endorsement (Graham et al.,

4Obtained from https://huggingface.co/
microsoft/DialoGPT-large

2011), the Schwartz Portrait Value (Cieciuch and
Davidov, 2012), and the Decision-Making style
(Hamilton et al., 2016) questionnaires for each in-
dividual. The dataset authors demonstrated varying
degrees of correlation between these psycholog-
ical attributes and the end-task donation amount.
The complexity in measuring progression in this
context, coupled with it being a relatively small
dataset, makes Persuasion For Good an interesting
and challenging testbed for our framework. Persua-
sion For Good contains 1017 dialogues, each with
approximately 10 turns per speaker (20 utterances).

4.2 Progression Function Experiments
As the objective of the task is to solicit donations,
we consider the end-dialogue persuadee donation
amount to be the primary dialogue success indi-
cator. We also augment the dataset by computing
average dialogue sentiment. To compute sentiment
we use a RoBERTa model5 fine-tuned on the sen-
timent classification task of the TweetEval bench-
mark (Barbieri et al., 2020), which was publicly
released by the benchmark authors. We score sen-
timent at the utterance level in the range [−1, 1]
by multiplying the sentiment class probabilities
predicted by RoBERTa for negative, neutral and
positive by {−1, 0, 1} respectively and summing
the result. We then average the utterance-level sen-
timent score for each dialogue.

We filter the dataset to eliminate dialogues with
end-task donation amounts outside the allowed task
parameters (between $0 and $2 USD), and use a
regular expression to filter out dialogues where the
persuadee fails to make a donation after promis-
ing a non-zero dollar amount in the conversation.
After filtration we are left with 751 dialogues for
our study. We split the dialogues into a training
and test set, leaving 577 dialogues for training and
174 for testing. After splitting, we mean-center the
dialogue values in the training set for each attribute
and scale them to have unit variance. We apply the
same transformation to the test set using the dis-
tribution parameters of the training set. Our final
pre-processing step is to compute the acceptabil-
ity score. To do this, we compute the covariance
matrix of the dialogue-level attribute values in the
training set, which include the donation amount
and psychological attributes for both the persuader
and persuadee from the original dataset, along with

5Obtained from https://
huggingface.co/cardiffnlp/
twitter-roberta-base-sentiment
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our computed sentiment scores. Since the values
are all standardized, the covariances are equivalent
to Pearson’s r. We select the covariances of all
attributes with respect to the persuadee donation
amount (see Figure 5 in Appendix B) and define
the acceptability score of each dialogue D as de-
fined in Section 3. We use the same covariances
obtained from the training set to compute accept-
ability scores on the test set. After pre-processing,
the training set has 52 total attributes. These in-
clude the persuadee/persuader donation amounts,
psychological variables, sentiment, and the accept-
ability score.

4.2.1 Progression Model Training
We train four progression models as outlined in Sec-
tions 3.1 and 3.2: (1) Unsupervised, (2) RoBERTa-
base, (3) RoBERTa-large, and (4) RoBERTa-large-
adapted. For each model, 10% of the training set
is held out as a validation set (58 dialogues). For
the unsupervised model, a grid search is run for
the hyperparameters (e.g., # clusters, recency β,
dim. reduction, etc.) over the validation set, and
the final model is obtained by re-training over the
full training set using the best hyperparameters.
The final model uses k-means for clustering with
k = 21 and recency weight β = 0.3. A com-
plete hyperparameter listing and details on the grid
search can be found in Appendix F. For the super-
vised RoBERTa models, fine-tuning is done with
AdamW (Loshchilov and Hutter, 2019) and an ini-
tial learning rate of 3× 10−5 for a maximum of 30
epochs. Early stopping is used over the validation
set with the checkpoint corresponding to the lowest
validation loss selected as the final model.

4.2.2 Automatic Evaluation
We evaluate the progression models on the follow-
ing automatic metrics: (1) Mean Absolute Error
(MAE) in predicting dialogue acceptability, and (2)
Pearson’s correlation (r) between overall PF slope
and dialogue acceptability. With MAE we validate
that the progression function is able to estimate
success of a complete dialogue, while PF slope cor-
relation validates that during an ongoing dialogue,
progression increases over time for high-success
dialogues and decreases over time for low-success
dialogues. To measure PF slope correlation, we fit
a least-squares regression line to the progression
curve of each dialogue in the test set, and measure
Pearson’s r between the regression slopes and their
corresponding acceptability scores. For robustness

Table 1: Progression Function Auto Eval Results: Mean
(SD) of MAE and Pearson’s r across runs.

Model MAE r
Unsupervised* 1.37 (± 0.01) 0.40 (± 0.02)
RoBERTa-base 0.99 (± 0.06) 0.50 (± 0.04)
RoBERTa-large 0.97 (± 0.10) 0.54 (± 0.06)
RoBERTa-large-adapted 0.95 (± 0.05) 0.57 (± 0.03)

For Pearson’s r, p < 0.01 for all runs (two-tailed; H0 is non-correlation).
* Hyperparameters of the unsupervised model can be found in Appendix G.

we repeat this evaluation 33 times with varying
initialization seeds for each model type (final hy-
perparameters stay constant) and report the means
and standard deviations across runs in Table 1.

Unsurprisingly, the supervised models outper-
form the unsupervised model on both metrics,
which is expected since they directly optimize
a mean squared error objective. Of the super-
vised models, the RoBERTa-large instances per-
form the best, with dialogue domain adaptation
boosting each metric. Pearson’s r is significant at
the p < 0.01 level for all runs (the null hypothesis
is non-correlation).

4.2.3 Manual Evaluation

To obtain a more precise evaluation, we asked three
annotators to estimate sentence-level progression
for dialogues in our test set. Two graduate stu-
dents and one postdoc in our lab served as our
annotators. For each of twelve randomly selected
test dialogues, each annotator rated all sentences
on a scale of {-1, 0, 1} for progression, with -1
indicating regression from the task goal, 0 indi-
cating neutral progression, and +1 indicating pro-
gression toward the task goal. Altogether, each
annotator provided 431 sentence ratings across 244
utterances. After aggregating at the utterance level,
average inter-annotator agreement is 0.57 (Cohen’s
kappa). For each dialogue, the cumulative sum of
the utterance-level manual ratings creates a ground-
truth progression curve, as shown in Figure 4.

We evaluate the progression models against the
ground-truth curves using Pearson’s correlation (r)
since the PF output and cumulative manual ratings
are continuous and on different scales. We report
the following correlations: (1) between utterance-
level PF value and ground-truth value (utt), (2)
between utterance-level PF slope and ground-truth
slope (utt-sl), (3) between dialogue-level PF slope
and ground-truth slope (dlg-sl), and (4) between
dialogue-level PF slope and the final ground-truth
progression value (dlg-sl-f). We repeat this evalua-
tion for each of the 33 uniquely initialized model in-
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Table 2: Progression Function Manual Eval Results:
Mean (SD) of utt, utt-sl, dlg-sl, & dlg-sl-f across runs.

Model utt utt-sl dlg-sl dlg-sl-f
Unsuperv. 0.09 (± 0.13) 0.04 (± 0.01) -0.01 (± 0.07) -0.07 (± 0.07)
RoBERTa-b 0.39 (± 0.07) 0.18 (± 0.03) 0.26 (± 0.06) 0.26 (± 0.06)
RoBERTa-l 0.39 (± 0.08) 0.18 (± 0.06) 0.34 (± 0.09) 0.35 (± 0.10)
RoBERTa-l-a 0.48 (± 0.05) 0.24 (± 0.03) 0.43 (± 0.06) 0.41 (± 0.07)

b = base; l = large; l-a = large-adapted.

Figure 4: Left: ground-truth progression curve given by
the cumulative sum of utterance-level manual ratings.
Right: estimated curve from RoBERTa-large-adapted.

stances of each type from Section 4.2.2, averaging
each metric across raters and then across runs. We
report the aggregate means and standard deviations
across runs in Table 2. A complete listing of results
for each rater (averaged across runs) is provided
in Appendix C, along with detailed explanations
of each metric (Appendix D). Additionally, Figure
10 in Appendix E provides examples of disagree-
ment between the PF and ground-truth progression
curves which can be challenged despite high inter-
annotator agreement, demonstrating difficulty in
establishing ground-truth for this open-ended task.

4.2.4 Benefit of Domain Adaptation
To verify the beneficial effect of domain adaptation
we perform two-tailed paired t-tests to confirm the
differences in means between RoBERTa-large and
RoBERTa-large-adapted on all automatic and man-
ual metrics. For each metric, we pair the results
from both models for each run of the same seed,
since their regression heads would have received
identical initializations. We find that the means of
utt, utt-sl, dlg-sl, and dlg-sl-f differ at the p < 0.01
significance level, and the means of the automatic
Pearson’s r metric differ at the p < 0.05 level. This
confirms our intuition that domain adaptation for
dialogue prior to fine-tuning the regression objec-
tive aids generalization in this task.

4.3 Rollout Experiments

To demonstrate the ability of the PF to guide a dia-
logue agent, we use it to score rollouts generated

with DialoGPT as described in Section 3.3. Specif-
ically, we design a self-play experiment to automat-
ically evaluate the effect of PF-guided rollouts on
the success of the solicitation task in Persuasion For
Good. The following summarizes the experimental
setup, procedure, and results.

4.3.1 Exeperimental Setup
First, we fine-tune DialoGPT to generate responses
on Persuasion For Good. We add speaker control
tokens to the vocabulary so that the model can
be conditioned to generate as the persuader or per-
suadee, respectively. Training is done with AdamW
(initial lr=5× 10−5) for 6 epochs with early stop-
ping over a 10% validation set using perplexity.
The final model checkpoint was selected after 3
epochs, achieving validation perplexity of 8.82.

We then select a progression model to use for all
self-play runs. Since the supervised RoBERTa-
large-adapted model achieved the best average
scores across all automatic and manual evaluations,
we randomly select one of the 33 RoBERTa-large-
adapted instances from Section 4.2.2 to use for all
runs. We use this instance for rollout scoring and to
measure the progression of each self-play dialogue.

Finally, we train a binary classifier to identify
if the persuadee has stated the intent to donate in
a conversation, which we use to detect success-
ful self-play dialogues. We fine-tune a RoBERTa
model as a classifier using just the persuadee’s ut-
terances as input and use binarized donation labels
in Persuasion For Good as targets. Specifically, for
each dialogue the label is 0 if the donated amount
is $0, otherwise it is 1. We use the manually veri-
fied intended donation labels from Persuasion For
Good “ANNSET” for our validation and test splits
and use the remaining end-task donation labels for
training. Training is done with early stopping over
the validation split using macro F1. The final model
checkpoint achieved test F1 of 0.89 and test accu-
racy of 0.90. All three trained models used in this
experiment are available to download (see our code
release for instructions and hyperparameters).

4.3.2 Self-Play Procedure
From our test set of 174 dialogues, we manually
filter out 41 in which the persuadee pledges a do-
nation within the first 10 utterances, leaving 133
remaining conversations. For each of these, the re-
sponse generator is given the first 10 utterances as
context and tasked to complete a second set of 10
utterances, playing the role of both the persuader
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Table 3: Rollouts self-play results: Mean (SD) of pro-
gression, sentiment, and % donated across runs.

Mode Prog. ER Sent. EE Sent. EE Don. %
No RO 0.01 (± 0.24) 0.51 (± 0.03) 0.44 (± 0.06) 38% (± 6%)

2x2x3 0.69 (± 0.29) 0.62 (± 0.05) 0.49 (± 0.07) 45% (± 10%)†
3x3x5 0.95 (± 0.16) 0.66 (± 0.02) 0.52 (± 0.04) 47% (± 11%)

All 2x2x3 and 3x3x5 means significant at p < 0.01 (or 0.05 if marked †)
when compared to No RO with two-tailed paired t-tests. ER and EE refer
to the persuader and persuadee respectively.

and persuadee. Since the task is solicitation, we al-
low the generator to use rollouts only when acting
as the persuader. We perform the self-play exper-
iment using three persuader modes: (1) with no
rollouts (No RO), (2) with 2 response candidates,
2 rollouts per candidate, and 3 utterances per roll-
out (2x2x3), and (3) with 3 response candidates, 3
rollouts per candidate, and 5 utterances per rollout
(3x3x5). For each utterance in each rollout, we
use beam sampling with num_beams=6, top_k=50,
top_p=0.95, and temperature=1.5+0.002·T where
T is the number of tokens in the dialogue history.
After generation, we compute the following met-
rics for each dialogue: (1) progression using the
selected RoBERTa-large-adapted instance (Prog.),
(2) persuader and persuadee sentiment using the
sentiment classifier from Section 4.2 (ER Sent. &
EE Sent.), and (3) the percent of test dialogues
where the persuadee pledges a donation amount or
explicitly states intent to donate, as detected by the
binary donation intent classifier (EE Don.%).

4.3.3 Self-Play Results
For robustness we repeat this procedure 5 times
with varying generation seeds for each persuader
mode. In total, 1,995 self-play dialogues are com-
pleted (133 dialogues for each of 3 modes for each
of 5 seeds). We average each metric across dia-
logues and then across runs, and report the aggre-
gate means and standard deviations across runs.
Additionally, to verify the benefit of rollouts, we
perform two-tailed paired t-tests to confirm the
differences in means between the rollout-enabled
modes (2x2x3 and 3x3x5) and the baseline (No
RO). For each metric, we average the results across
runs and pair these averages from both modes for
each dialogue. Results are shown in Table 3.

We observe that the mean progression increases
significantly when rollouts are used. This is ex-
pected since response candidates with the highest
average end-rollout progression are selected. We
also observe that rollouts lead to higher average
sentiment for both the persuader and persuadee,

which makes sense due to the correlation between
sentiment and the acceptability score (see Figure
5 in Appendix B). Finally, rollouts yield a higher
percentage of dialogues with a pledged or intended
donation. 6 All of these results are significant at
the p < 0.01 level except for EE Don.% in 2x2x3
mode which is significant at p < 0.05.

Although progression is noticeably higher for
the 3x3x5 mode than for the 2x2x3 mode (0.95
vs 0.69), all other metrics are close between these
modes with a small advantage in 3x3x5 mode. This
suggests that scaling rollout simulations can be
beneficial, but there may be diminishing returns for
simulation size. Example self-play dialogues are
provided in Tables 7, 8, and 9 in Appendix H.

5 Limitations & Future Direction

We recognize several limitations of our study which
warrant follow-up investigation. This study focuses
on a single task and dataset, and thus is subject to
the assumptions and biases therein. Since we in-
tend our framework to be general, it is prudent to
perform additional studies to verify the efficacy of
our methods on a variety of datasets spanning mul-
tiple dialogue domains and tasks. Also, although
we provide automatic evaluation of the ability of
rollouts to improve performance on a solicitation
task, we cannot assume that humans would respond
in the same way as DialoGPT. Thus, human evalu-
ation is needed to further validate this approach.

6 Conclusion

In this work we introduced the concept of global di-
alogue state and proposed a framework with which
a dialogue agent can gain awareness of where an
ongoing conversation is headed, the likelihood of a
successful outcome, and how its own response de-
cisions impact the overall direction of the dialogue.
We demonstrated that an unsupervised approach
to modeling the GDS space and progression func-
tion is feasible, which is useful in sparsely-labeled
settings. However, we showed that with domain-
adaptation pre-training for dialogue, supervised
methods are preferable when labels are available.
Finally, we demonstrated how using the PF as a
feedback mechanism via dialogue rollouts allows
an agent to improve outcomes on a solicitation task.

6We randomly selected 30 of the 1,995 self-play dialogues
and manually inspected them for donation intent. We found
the classifier labeled 26 of them correctly (87% accuracy).
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Ethical Considerations

Ethical Dialogue Systems
We acknowledge the potential risks inherent in the
deployment of goal-oriented dialogue systems, and
especially note that care must be taken to ensure
persuasive dialogue systems are designed for bene-
ficial use as discussed by Wang et al. (2019). Con-
cretely, when applying our framework, care must
be taken to ensure that the goal of the system (de-
fined by the primary success attribute of the accept-
ability score) should be generally accepted as ben-
eficial. For example, our basis for dialogue accept-
ability in this work is with respect to raising money
for children’s charity. In general, the achievement
of the system’s goal should not intentionally lead
the user or any other party to harm. Additionally,
the definition of acceptability, through its primary
or any other correlated attributes, should not al-
low for discriminative responses, purposefully ma-
licious discourse, or other violations of accepted
ethical standards. For example, we include senti-
ment as secondary attributes in the acceptability
score, which, when applied via dialogue rollouts,
encourages the system to be courteous, polite, and
respectful. It is possible with minimal effort to in-
clude further secondary attributes that identify bias,
hate speech, and other indicators to help the system
remain safe to use.

Annotator Compensation
All manual annotators were recruited on a volun-
tary basis in an educational setting and did not
receive or expect monetary compensation. Specifi-
cally, two graduate students and one postdoc in our
lab served as our annotators.

Environmental Impact
All training and inference in this work was done
with two NVIDIA Quadro RTX 8000 GPUs. The
most compute-intensive portion of the work was
the additional domain adaptation pre-training for
RoBERTa-large-adapted (see Section 3.2), which
took approximately two weeks. After that the multi-
seed self-play evaluations took approximately four
days, and all other operations (e.g., training and
evaluating PF models, fine-tuning DialoGPT) took
24 hours or less.
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A Software Packages Used

Table 4: Software packages used in obtaining or presenting the results in this work

Package Version Citation URL

hdbscan 0.8.27 (McInnes et al., 2017) https://hdbscan.readthedocs.io/
kneed 0.7.0 (Satopaa et al., 2011) https://kneed.readthedocs.io/
Matplotlib 3.3.4 (Hunter, 2007) https://matplotlib.org/
NumPy 1.19.5 (Harris et al., 2020) https://numpy.org/
Pandas 1.2.4 (the pandas development team, 2020) https://pandas.pydata.org/
plotly 5.1.0 (plotly technologies inc., 2015) https://plotly.com/python/
PyTorch 1.9.0 (Paszke et al., 2019) https://pytorch.org/
PyTorch Lightning 1.5.8 (Falcon and team, 2019) https://pytorchlightning.ai
scikit-learn 0.24.1 (Pedregosa et al., 2011) https://scikit-learn.org/
SciPy 1.6.2 (Virtanen et al., 2020) https://scipy.org/scipylib/index.html
Sentence-Transformers N/A* (Reimers and Gurevych, 2019) https://sbert.net/
TensorFlow 2.5.1 (Abadi et al., 2015) https://tensorflow.org/
Transformers 4.11.3 (Wolf et al., 2020) https://huggingface.co/transformers/
umap-learn 0.5.1 (McInnes et al., 2018b) https://umap-learn.readthedocs.io/

* we use all-mpnet-base-v2 directly through Transformers, but it is part of the Sentence-Transformers model library. Additionally, we base
parts of our sentence embedding implementation on that found in Sentence-Transformers.

B Training Set Covariances For Acceptability Score

Figure 5: The covariances of all other dialogue attributes with respect to the persuadee donation are used to weight
the acceptability score. ER and EE refer to the persuader and persuadee respectively.

C Full Manual Evaluation Results

Table 5: Progression Function Manual Eval Results (all annotators, averaged across all runs)

Model utt (1/2/3) utt-sl (1/2/3) dlg-sl (1/2/3) dlg-sl-f (1/2/3)

unsupervised 0.09 / 0.06 / 0.12 0.02 / 0.04 / 0.05 0.04 / -0.03 / -0.02 -0.07 / -0.09 / -0.05
RoBERTa-base 0.39‡/ 0.30‡/ 0.48‡ 0.15†/ 0.17†/ 0.21‡ 0.30 / 0.12 / 0.34 0.26 / 0.16 / 0.35
RoBERTa-large 0.39‡/ 0.30‡/ 0.50‡ 0.16 / 0.18†/ 0.21† 0.41 / 0.17 / 0.46 0.36 / 0.21 / 0.47
RoBERTa-large-adapted 0.49‡/ 0.37‡/ 0.59‡ 0.21‡/ 0.24‡/ 0.29‡ 0.51 / 0.26 / 0.52 0.45 / 0.27 / 0.51
Average Pearson’s r p-value across runs: †: p < 0.05; ‡: p < 0.01; (two-tailed; H0 is non-correlation).

D Explanations of Manual Metrics
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Figure 6: utt: Pearson’s r (right) between utterance-level PF values (center, e.g., circled) and ground-truth values
(left, e.g., circled) for all 244 utterances across 12 dialogues. Points shown on the right are from annotator 3. This
metric is intended to measure if the PF and ground-truth progression curves assign similar values (relative to their
respective scales) at each step of an ongoing dialogue.

Figure 7: utt-sl: Pearson’s r (right) between utterance-level PF slopes (center, e.g., see triangle) and ground-truth
slopes (left, e.g., see triangle), for all 244 utterances across 12 dialogues. Utterance-level slopes are computed as the
differences in the progression curves between two dialogue steps. Points shown on the right are from annotator 3.
This metric is intended to measure if the PF and ground-truth progression curves move in the same direction at each
step of an ongoing dialogue.

Figure 8: dlg-sl: Pearson’s r (right) between dialogue-level PF slopes (center, e.g., see line) and ground-truth slopes
(left, e.g., see line), for all 12 dialogues. Dialogue-level slopes are computed by fitting least-squares regression lines
to the progression curves. Points shown on the right are from annotator 3. This metric is intended to measure the
ability of the overall PF trend to approximate the ground-truth progression curve.

Figure 9: dlg-sl-f: Pearson’s r (right) between dialogue-level PF slopes (center, e.g., see line) and the final ground-
truth progression value (left, e.g., circled), for all 12 dialogues. Dialogue-level slopes are computed by fitting
least-squares regression lines to the progression curves. Points shown on the right are from annotator 3. This metric
is intended to measure the ability of the overall PF trend to predict the end-task outcome.
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E PF Disagreement Examples

Figure 10: Two examples where the PF (RoBERTa-large-adapted) disagrees with multiple annotators. We note that
the PF correctly decreases (Right) and stays negative (Left) given the turns boxed in red showing poor progression.
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F Grid Search Details for Unsupervised Model

Algorithm 1: Grid search for hyperparameter tuning of the unsupervised progression model on
the validation set. Descriptions for each hyperparameter are provided in Table 6.

for β ∈ {0.0, 0.1, . . . , 2.0} do
for d ∈ {2, 16, 32, 64, 128, 768} do

for normalize_embeddings ∈ {True,False} do
for distance_metric ∈ {Cosine,Euclidean} do

▷ k-means experiments
for k ∈ {2, 3, . . . , 30} do

for inverse_distance ∈ {True,False} do
for standardized_proximity ∈ {True,False} do

measure_PF_slope_r();
▷ HDBSCAN experiments
for min_cluster_size ∈ {10, 20, . . . , 100} do

for soft_value_aggregation ∈ {True,False} do
for prob_scaling ∈ {None, softmax, sum} do

for standardized_proximity ∈ {True,False} do
measure_PF_slope_r();

Table 6: Hyperparameter Descriptions

Hyperparameter Description

β (recency weight) Controls how much emphasis is placed on recent tokens when computing dialogue embeddings.
d (embedding size) The dimensionality of dialogue embeddings. Values < 768 reduced with Parametric UMAP.
normalize_embeddings If True, embeddings are normalized to have unit magnitude after dimensionality reduction.
distance_metric The distance metric used by Parametric UMAP and centroid proximity calculations.*
k (number of clusters) Number of clusters to use for k-means.
inverse_distance If True, Euclidean centroid proximity is computed as the inverse distance instead of negative distance.**
standardized_proximity If True, centroid proximities are converted to z-scores before progression is computed. †
min_cluster_size Minimum number of points in a HDBSCAN cluster. Clusters with fewer points get merged into larger ones.
soft_value_aggregation If True, HDBSCAN cluster attribute aggregations are weighted with cluster membership probabilities.
prob_scaling The type of scaling applied to progression computed from HDBSCAN cluster membership probabilities.

*: Centroid proximity calculations refer to progression computation. Proximities used during clustering are always Euclidean.
**: Does not apply to cosine distance.
†: Applies only if k-means is used, or if HDBSCAN is used with softmax probability scaling.

G Final Unsupervised Model Hyperparameters

The final unsupervised model uses k-means (k = 21), β = 0.3, d = 768, normalized embeddings,
euclidean distance, and inverse distance for centroid proximity.

H Examples from rollout self-play experiment

The following examples in Tables 7, 8, and 9 compare self-play between the baseline No RO mode and
the two rollout modes 2x2x3 and 3x3x5. In each example, the utterance where the persuadee (EE) states
intent to donate is highlighted in red. The complete dialogues from the self-play experiments are included
with our code release.
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Table 7: Rollout Self-Play Example 1: No RO vs. 2x2x3 (dialogue #7; generation seed: 247)

CONTEXT:

ER: Hello, Have you ever donated to a charity?
EE: A few times, yes.
ER: ow was your experience?
EE: It was ok. I didn’t really think much of it. Most of the time its just a dollar or two.
ER: Do you donate all te time?
EE: Not so much.
ER: Have yu heard of Save the children? It is pretty well known around the world.
EE: I think so.
ER: What do you think that they do?
EE: Give money to child. Support efforts in war torn countries. Healthcare. All that stuff.

NO ROLLOUTS (progression: -2.65; ER sentiment: 0.69; EE sentiment: 0.03)

ER: I. It is a worthy cause. You can donate all you want from it.
EE: I’m sorry. I’m broke right now. That’s why I’m asking if you do donate all the time.
ER: It’s okay. I understand and agree. I think it’s a good cause.
EE: So what is the charity that you donate to?
ER: I don’t have a specific charity, but I do think they are a decent charity.
EE: Are they a non-profit? What do they do?
ER: It’s a non profit. They help protect childrens rights to health and education.
EE: Well, I think they are a great charity. Do they provide help in other ways besides donating to them?
ER: Yes they help with children in the US and other developing countries.
EE: So I’m guessing the money goes towards programs to help those children get a proper education?

2x2x3 ROLLOUTS (progression: 0.15; ER sentiment: 0.67; EE sentiment: 0.63)

ER: I, they do. I have donated to the Red Cross and the Salvation Army in the past.
EE: I donated a couple of months ago. Do you donate often? I donate when I can.
ER: Yes, I donate to them as well. How much do you like to donate?
EE: i donate $.50 each month. Do you do the same?
ER: Yeah, that sounds great. Any bit helps though. Do you have an amount in mind?
EE: I would like to donate half. Is that a good idea?
ER: Yes that would be great. The children really do need it. I donate to them as well.
EE: I’m glad we can agree on a generous donation. How much would you like me to donate?
ER: I think half would be fine, I’m not sure, but that is a very generous amount.
EE: Well, it is nice to think that I’m not getting hit by a bot, so that’s a good thing.

Table 8: Rollout Self-Play Example 2: No RO vs. 3x3x5 (dialogue #88; generation seed: 756)

CONTEXT:

ER: Hello therehow are you?
EE: I am good. How are you?
ER: I’m pretty good, just trying to get ready for work soon.
EE: I understand that. So tell me about this charity.
ER: Have you heard of Save the Children? They do work around health, education, etc.
EE: I’m not sure that I have.
ER: They work mostly in developing countries. I would appreciate it if some of the funds could be donated. The researchers will pass that donation

on to the charity at the end.
EE: What kind of work do they do?
ER: They do emergency hunger relief, are engaged with Syrian children.
EE: Ok, that sounds good. How do I know it is a legitimate charity?

NO ROLLOUTS (progression: -0.43; ER sentiment: 0.71; EE sentiment: 0.50)

ER: They are a good non-profit that helps children all around the world
EE: Ah, that’s good to know. Do you know what the funding for this charity actually goes towards?
ER: They actually make a huge impact. Do you donate to charity often?
EE: No, I don’t think so, but I will look them up.
ER: They are a 501c, so it’s not like they’re going to ask you to give anything at this time. Every little bit helps.
EE: Cool, I don’t think I’m ready to give anything up yet. How about you?
ER: They are a legit charity that I donate to regularly. Have you donated to a charity before?
EE: No, I’m usually a pretty cautious individual with donations, but I think that would be a good idea.
ER: They’re great with giving to charities but I wouldn’t be comfortable donating more than the 10.00, but I usually donate my entire earnings

from this task to help out others.
EE: Cool, that’s good to know. Have a great day!

3x3x5 ROLLOUTS (progression: 0.36; ER sentiment: 0.65; EE sentiment: 0.70)

ER: Well, it’s not an international non-governmental organization, but they help children in war zones like Syria. Children are our future and
we need to help out where we can.

EE: Ah, I see! I will look into this. Does it have any good ratings on Charity Navigator?
ER: I have no idea, but I would be willing to look into them. They’re very trustworthy.
EE: They are very reputable. I will research them later and donate. Thanks!
ER: I’m glad to hear that. This is something I would like to be passionate about.
EE: Yes, I really love helping out! I think we need to take care of our country’s children. And if you would like to know more about a charity

you might like to research more: URL
ER: I would like to hear a little more about this charity from you.
EE: Well, I will look that up. This is one I really enjoy working on. I’ve heard of some of the kids who are in need, but this is one I’m very

passionate about. Do you have any other charities you’ve worked on?
ER: I’m going to look at some websites right now. It’s called Childrens International. You can research them. They are great. They promote the

rights of children in these situations, especially those that are separated from their parents or families. Have you donated to them?
EE: Not yet, but I think I will sometime in the future.
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Table 9: Rollout Self-Play Example 3: No RO vs. 3x3x5 (dialogue #98; generation seed: 589)

CONTEXT:

ER: Hi, do you usually donate to charities
EE: I DO
ER: great! You’re such a nice person. What charities do you usually donate to?
EE: To church, I return tithes and I also do the offerings
ER: great! Well, have you ever heard about Save the Children charity?
EE: no, can you tell me more about it?
ER: it’s an international non-governemntal organization that promotes children’s rights, provides relief and helps support children in developing countries
EE: nice! I have a child so i’m all about helping kids
ER: would you donate to this charity? your donation will make such a huge impact for some children
EE: I would like to know more before i donate. How do i know if it’s a legit organization

NO ROLLOUTS (progression: -2.44; ER sentiment: 0.10; EE sentiment: 0.41)

ER: if you would like to donate, you can visit their site: URL
EE: i dont want to donate, if i did however, how much would i donate?
ER: if you have to donate, you would have to submit a donation agreement, i dont think you can donate right now
EE: ok, how do i submit it?
ER: You can’t donate until you check out their website.
EE: ok thanks for telling me, i will check it out
ER: It is a charity that focuses on children in the United States
EE: ok thanks for the information, if i ever get to a child’s situation, i will donate
ER: You’re very welcome
EE: ok, have a nice day

3x3x5 ROLLOUTS (progression: 1.14; ER sentiment: 0.36; EE sentiment: 0.52)

ER: I will send you a copy of the actual donation and you can make a donation from there.
EE: How do i donate?
ER: It’s in your task payment. You can do that right now.
EE: How do i donate?
ER: You don’t need to donate at this point, but I’ll give you a heads up on the website: URL
EE: Ok, i’ll go check it out now. Thank you very much!
ER: You’re welcome, but I have to ask, Would you be willing to donate $2, to the Save the Children charity?
EE: Ok. I will probably just donate $2.
ER: That is great. Thank you so much for your donation!
EE: You’re very welcome. Thank you, have a nice one!
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Abstract

Machine-generated text presents a potential
threat not only to the public sphere, but also to
the scientific enterprise, whereby genuine re-
search is undermined by convincing, synthetic
text. In this paper we examine the problem of
detecting GPT-2-generated technical research
text. We first consider the realistic scenario
where the defender does not have full infor-
mation about the adversary’s text generation
pipeline, but is able to label small amounts
of in-domain genuine and synthetic text in or-
der to adapt to the target distribution. Even
in the extreme scenario of adapting a physics-
domain detector to a biomedical detector, we
find that only a few hundred labels are suffi-
cient for good performance. Finally, we show
that paragraph-level detectors can be used to
detect the tampering of full-length documents
under a variety of threat models.

1 Introduction

Recent advances in techniques for generating real-
istic synthetic content (i.e., deepfakes) pose a di-
verse set of problems with significant societal con-
sequences (Kreps et al., 2020; Bommasani et al.,
2021; McGuffie and Newhouse, 2020). The advent
of large language models for text generation (Rad-
ford et al., 2019; Brown et al., 2020) have made
it easier than ever to create convincing synthetic1

text (Solaiman et al., 2019). While much attention
has been focused on the role of synthetic audio and
video, it can be argued that synthetic text may give
rise to some of the most serious threats to infor-
mation integrity and the long-term preservation of
archival knowledge (Aliman and Kester, 2021).

1Some authors use the term fake text; however, we prefer
synthetic, since human-written text can contain false infor-
mation, while machine-generated text can (sometimes) be
factually correct (Schuster et al., 2020; Belz, 2019).

Figure 1: Machine-generated text enables the corrup-
tion of technical knowledge (e.g., biomedical research).
One of the above abstracts was generated by GPT-2.
More examples of generated text can be found in §A.7.

While there are currently no documented cases
of published papers containing text from neural lan-
guage models, non-neural machine-generated pa-
pers have already been published in peer-reviewed
journals (Cabanac and Labbé, 2021). With more
convincing text generation techniques and a grow-
ing number of publications, this is a problem that
could get much worse, particularly for non-peer-
reviewed technical text (Ranade et al., 2021). In ad-
dition to hindering the scientific process, synthetic
technical texts could be used to manipulate public
opinion and sow discord around specific scientific
topics (Aliman and Kester, 2021). Other conse-
quences of machine-generated technical text in-
clude the contamination of NLP pipelines (Ranade
et al., 2021) and poisoning of language models
(Schuster et al., 2021).

The rise of realistic machine-generated text – and
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its possible misuse – has spurred the development
of automated tools to distinguish between genuine
and synthetic English text.2 However, most work
to date has focused on web text or news, rather than
on domain-specific technical text (Solaiman et al.,
2019; Zellers et al., 2019). While synthetic techni-
cal text is likely to be distinguished by subject mat-
ter experts (SMEs), it is difficult for non-domain
evaluators to do so. Therefore, given the ease at
which large amounts of synthetic text can be gener-
ated, automated countermeasures are necessary in
order to alleviate the burden on SMEs.

We focus on developing capabilities for detect-
ing generated technical English text and delineating
the contexts in which these detection approaches
can be applied.3 We assume an adversary gener-
ating technical text using GPT-2 (Radford et al.,
2019), but do not know apriori in exactly which
technical area. Realistically, some domain shift
will be inevitable, which leads us to investigate
whether detectors can be applied across domains,
e.g., can a detector of generated physics papers be
adapted to also detect biomedical text? In addition,
most work to date has focused on detecting short
pieces of text. We show that automated detection
of tampered full-length research papers is possible
under various threat models. Our work makes two
main contributions:

• We show that accurate cross-domain detection
of generated technical text is possible using a
small number of in-domain samples and quan-
tify the amount of SME effort required.

• We study the detectability of tampered full-
text technical papers (where a subset of para-
graphs have been replaced with generated text)
under various scenarios.

2 Related Work
Automated detection of synthetic text Auto-
mated approaches to detecting machine-generated
text have included energy-based models (Bakhtin
et al., 2019), repurposing the generator as a dis-
criminator (Zellers et al., 2019), and various neural
and non-neural classifiers (Solaiman et al., 2019;
Ippolito et al., 2020; Uchendu et al., 2020; Zhong
et al., 2020; Fröhling and Zubiaga, 2021; Fagni

2Most work on the detection of GPT-2-generated text has
focused on English. However, (Harrag et al., 2020) examines
automated detection of synthetic tweets in Arabic.

3Our code is available at https://github.com/
ciads-ut/cross-domain-detection-gpt-2

et al., 2021). Most work on automated detection
targeted GPT-2-generated text, although Bakhtin
et al. (2019), Uchendu et al. (2020), Fagni et al.
(2021) and Stiff and Johansson (2021) also exper-
imented with other generators. Finally, there is a
growing body of work on the adversarial robust-
ness of automated detectors of synthetic text (Wolff,
2020; Bhat and Parthasarathy, 2020; Stiff and Jo-
hansson, 2021; Crothers et al., 2022). A survey
on the automatic detection of synthetic text can be
found in (Jawahar et al., 2020).

Prior work closest to our study are (Solaiman
et al., 2019), (Ippolito et al., 2020), (Munir et al.,
2021), (Bakhtin et al., 2019) and (Stiff and Johans-
son, 2021), which look at cross-domain settings
where the distribution of synthetic text used to train
a detector differs from the target distribution. The
shift could be due to different model architectures
(Bakhtin et al., 2019; Stiff and Johansson, 2021),
different model sizes (Solaiman et al., 2019), differ-
ent decoding strategies (Solaiman et al., 2019; Ip-
polito et al., 2020), or different fine-tuning datasets
(Bakhtin et al., 2019; Munir et al., 2021; Stiff and
Johansson, 2021). Bakhtin et al. (2019) show that
energy-based models generalize poorly across cor-
pora (Wikipedia, news and books), but that training
on the union of the source and target domains is
effective. Munir et al. (2021) show that XLNet
can accurately attribute synthetic text even when
the GPT-2-generated portions of the training and
test sets come from GPT-2 fine-tuned on different
subreddits.

Unlike the previous papers, we evaluate our de-
tectors on technical (biomedical) text, and vary the
number of labeled samples available for training
in the target domain, under the assumption that
source labels are plentiful but target examples are
more expensive to obtain (i.e., source samples can
be generated at will, but target examples need to
be discovered and verified by a human since the
adversary’s target text generator is generally un-
available). In addition, we evaluate the detection
of full-length tampered documents consisting of a
mix of real and machine-generated content.

Attribution for synthetic text In addition to dis-
tinguishing between real and generated text, one
may also wish to determine which system gener-
ated a given text (e.g., model type, size, decoding
strategy). Variations of this “authorship attribu-
tion” problem have been explored by Uchendu et al.
(2020), Tay et al. (2020) and Munir et al. (2021).
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These works have found that, in general, while
the attribution problem is harder than the detection
problem, details of the text generator can often be
learned from the generated text.

Human detection of synthetic text Human eval-
uations on the detection of generated text have been
conducted for news (Zellers et al., 2019; Brown
et al., 2020; Kreps et al., 2020; Clark et al., 2021),
product reviews (Hovy, 2016; Yao et al., 2017; Ade-
lani et al., 2020), web text (Gehrmann et al., 2019;
Ippolito et al., 2020), stories (Clark et al., 2021;
Donahue et al., 2020; Clark et al., 2021; Gunser
et al., 2021), peer reviews (Bartoli and Medvet,
2020), cybersecurity text (Ranade et al., 2021) and
submissions to federal public comment websites
(Weiss, 2019). These studies have shown that it
is difficult for people to distinguish between real
and neural-generated text. Gehrmann et al. (2019)
developed a tool, GLTR, to help users visualize
statistical artifacts in generated text.

3 Threat model and defender capabilities
3.1 Threat Model

Given that people have trouble distinguishing
real (human-written) from GPT-2-generated text
(Zellers et al., 2019; Kreps et al., 2020; Clark et al.,
2021), we study the detection of generated text
under the threat model where an adversary gener-
ates text from GPT-2 domain-tuned4 on domain-
specific text. We do not necessarily assume that
text from this domain is publicly available in sig-
nificant quantities. Throughout, we shall refer to
those developing the generated text as the adver-
sary, and those building automated detectors of
synthetic text as the defender. As there does not
(yet) exist a "real-world" dataset of GPT-2 gener-
ated technical text, we simulate both the adversary
and the defender.5

We study two scenarios: where the adversary
generates single technical abstracts (§4.1), and
where the adversary replaces randomly selected
paragraphs in full-length documents with GPT-2-
generated paragraphs (§4.2). Other threat models
are possible, such as replacing single words, sen-
tences or phrases (Schuster et al., 2020; Donahue

4Following (Han and Eisenstein, 2019), we use domain-
tuning to refer to further self-supervised training of a model
on unlabeled text in a specific domain, and task-tuning to refer
to supervised fine-tuning of a model for a given labeling task.

5More recently, a corpus of GPT-2 generated (NLP-related)
abstracts has been created for testing detection methods
(Liyanage et al., 2022).

Figure 2: Experimental setup for detecting synthetic
text used in this paper. Since the defender does not have
access to the adversary’s text generator, they develop a
proxy generator, in order to mimic the adversary’s gen-
erator as closely as possible. Proxy and target corpora
will generally come from different domains.

et al., 2020; Bhat and Parthasarathy, 2020), and
should be studied in future work.

3.2 Defender Capabilities

In general, the defender has little or no informa-
tion about the adversary’s text generation pipeline,
including the data used for training, the model ar-
chitecture used, or the decoding strategy employed.
We assume the defender has access to a small num-
ber of examples from the adversary, which can
be labeled by a subject matter expert (SME) as
real (human) or synthetic (generated).6 In addition,
since the defender does not have access to the ad-
versary’s target generator, they can build a proxy
generator, trained on proxy text, in order to obtain

6We assume that a SME is able to accurately carry out this
task. In reality, even a SME could make mistakes, but we
leave the scenario of noisy labels to future work.
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more samples of real and synthetic text which are
(hopefully) statistically similar to the ones obtained
from the adversary7, as shown in Figure 2. The de-
fender can then train a model to detect generated
text using both the in-domain SME-labeled text
and the (possibly) out-of-domain proxy text, as de-
scribed in more detail in §4. The level of access the
defender is assumed to have to various parts of the
adversary generation pipeline is shown in Table 1.

Defender’s access level
Adversary’s (target) generator model None
Labeled samples from adversary domain Limited (SME)
Real samples from proxy domain Plentiful
Synthetic samples from proxy domain Unlimited

Table 1: Assumptions about the defender’s access to
data or models that can be used in a detection pipeline.
We assume a SME is able to label a small (random)
sample consisting of real and adversary-generated text.

Since the effect of differing model sizes has al-
ready been explored (Zellers et al., 2019; Solaiman
et al., 2019; Fröhling and Zubiaga, 2021), we as-
sume the adversary and defender use the same sized
model (GPT-2 Medium, with 355M parameters),
but domain-tuned on different datasets. Since the
defender cannot guess the temperature value used
by the target generator, we shall decode using a tem-
perature value of 1.0 for the target generator, but 0.8
for the proxy generator.8 We also assume both ad-
versary and defender use nucleus sampling (Holtz-
man et al., 2020). The defender would not know
whether the generator is using nucleus sampling.
However, it was shown in (Ippolito et al., 2020;
Solaiman et al., 2019) that a discriminator trained
with nucleus sampling is able perform nearly as
well at detecting text generated with top-k (Fan
et al., 2018) sampling as with nucleus sampling,
while a discriminator trained using top-k sampling
fails to detect generations from nucleus sampling9.
Hence this is a reasonable assumption to make.

Our experiments will investigate the effects of
domain shift between the proxy and target data, as
well as the number of SME-labeled examples avail-
able to the defender. While the assumption that

7If text from the target domain is available to the defender
in large quantities, the proxy domain is effectively the same
as the adversary (target) domain.

8The effect of differing temperatures is also explored in
(Munir et al., 2021).

9Indeed, viewing the accuracy scores in Table 2 of (Ippolito
et al., 2020) as the payoff to the defender in a zero-sum game,
nucleus sampling is the minimax strategy for both defender
and generator.

both adversary and defender share the same model
architecture may seem like a strong one, we fix the
architecture so as to focus on the effect of domain
shift, and note that previous works have already
studied the effect of using different architectures
(Bakhtin et al., 2019; Stiff and Johansson, 2021),
model sizes (Solaiman et al., 2019), and decoding
strategies (Ippolito et al., 2020; Solaiman et al.,
2019).

4 Automated Detection

4.1 Detecting Generated Abstracts

While the defender could train a detector on the
union of SME-labeled (target) and proxy data as
done in (Zellers et al., 2019), we instead follow
a pipelined approach by first task-tuning on the
proxy real and synthetic text to produce a proxy
detector, before task-tuning a second time on the
SME-labeled text. One advantage of this approach
is that one would still have a detector even when
SME labels are not available. In addition, previous
studies have shown that task-tuning twice can yield
good performance on a variety of tasks and can
help mitigate the effects of domain shift (Phang
et al., 2018; Sellam et al., 2020).

Preliminary experiments on in-domain detection
showed that fine-tuning RoBERTa consistently out-
performed other classifiers (LSTMs, HAN, BERT
and XLNet), as shown in Appendix §A.2, and
so we exclusively use RoBERTa in all of our ex-
periments. This is in line with results in (So-
laiman et al., 2019; Uchendu et al., 2020; Fagni
et al., 2021), which showed the effectiveness of
RoBERTa for detecting GPT-2-generated text. In
order to investigate the benefit of further pretrain-
ing (Gururangan et al., 2020), we also domain-
tune RoBERTa on technical text from various sci-
ence, technology, engineering, and mathematics
(STEM) fields, as described in §5.1.2; we call the
resulting model RoBERTa-large-STEM. Our exper-
iments will vary both the number of proxy and
SME-labeled abstracts, as well as the subject do-
main of proxy text, as detailed in §5.1.

4.2 Detecting Tampered Documents

We also investigate how well our detection meth-
ods work when applied at the document level, as-
suming the following attacker model: a fraction of
randomly-selected paragraphs in a document are
replaced by generated paragraphs (see §5.2.1 for
details). Each generated paragraph is conditioned
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on the previous paragraph (i.e., the previous para-
graph is used as a prompt). Conditioning helps
the text stay on-topic, and would likely help evade
coherence-based detectors10(Singla et al., 2021).
We refer to the modified documents as tampered
rather than generated, since only a subset of the
document might be generated.

On the detection side, we train paragraph-level
detectors, and then aggregate paragraph scores into
document scores to classify documents. We need to
specify both the question we would like to answer,
as well as how to aggregate the detectors’ para-
graph scores {si} to answer it. Here we interpret
si as the probability that a paragraph has been gen-
erated. The general question “has this document
been tampered with?” leads to two more specific
questions and associated scoring strategies:

• (S1) Is at least one paragraph in the document
generated? The probability that a document
with paragraph scores {si} has at least one
synthetic paragraph is then given by:

P = 1−
∏

(1− si)

• (S2) What fraction of a document is gener-
ated? For a document with N paragraphs, this
is:

F =
1

N

∑
1si>0.5

As we will see, one drawback of scoring with (S1)
is that it is extremely sensitive to false positives. En-
tirely human-written documents have a high chance
of having one or two false positives (especially
among short paragraphs), even if the other para-
graphs are correctly classified. In these cases the
human documents will be classified as tampered.
Since the false positive rate is highest for short para-
graphs11, we can filter out very short paragraphs
from each document before scoring. We thus also
experiment with the following score:

• (S1-T) Is at least one paragraph pi longer than
a given threshold T synthetic? The probability
that this is the case is:

P = 1−
∏

(1− si · 1len(pi)>T )

10Such detectors would use paragraphs in context, rather
than independently, and should be considered in future work.

11The effect of paragraph length on the false positive rate is
shown in Figure 7 in Appendix §A.4. Similar results can also
be found in (Ippolito et al., 2020; Munir et al., 2021).

For each document we can use thresholds for P
or F to decide how to classify the document; in
addition, we shall use (S2) to rank documents by
how much generated content they contain.

5 Datasets

Here we describe the datasets used and other ex-
perimental details when simulating the adversary
and defender’s pipelines (Figure 2). The experi-
ments on synthetic abstract detection are described
in §5.1; experiments on tampered document detec-
tion are described in §5.2.

5.1 Real and Synthetic Abstracts
Table 2 summarizes the datasets used. The ad-
versary has access to the Semantic Scholar Open
Research Corpus12 (Ammar et al., 2018), while the
defender has access so several subsets of CORE
(Knoth and Zdrahal, 2012), as well as small amount
of text labeled by a SME. We chose abstracts from
CORE related to biomedicine and physics, since
these subjects had the largest number of abstracts
for fine-tuning models (shown in §A.6, Table 10).

Synthetic abstract detection
Corpus Purpose
Semantic Scholar • Real portion of the test set
(Biomed+CS) • Domain-tune adversary’s generator

• Task-tune detector on real (“SME-
labeled”) samples from adversary do-
main

CORE • Domain-tune proxy generator
(Biomed, Physics, • Task-tune detector on proxy data
Biomed+Physics)
CORE (STEM):
(all subjects listed
in §A.6)

• Domain-tune RoBERTa on STEM
text (“RoBERTa-large-STEM”)

Table 2: List of datasets and how each was used for the
cross-domain synthetic abstract detection experiments.
The Semantic Scholar Open Research Corpus is used
for the adversary’s generation pipeline, while subsets
of CORE are used for the defender’s pipeline.

5.1.1 Test Data
We first discuss the construction of datasets used
to evaluate the detection of GPT-2-generated ab-
stracts. The test set consists of 1000 real and 1000
synthetic abstracts, generated using GPT-2 domain-
tuned on abstracts from the January 2019 version
of the Semantic Scholar Open Research Corpus
(Ammar et al., 2018)13, hereafter referred to as

12These abstracts are mostly, but not entirely, biomedical
(Beltagy et al., 2019).

13From https://api.semanticscholar.org/corpus/download/
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Semantic Scholar.14 Text was generated using nu-
cleus sampling, with p sampled uniformly between
0.9 and 1.0, since (Zellers et al., 2019) showed
detection was hardest with p in that range.

5.1.2 Training Data

Here we describe the SME-labeled abstracts (in-
domain) and proxy (possibly out-of-domain) data
used to train detectors of GPT-2 generated ab-
stracts.

SME-labeled data Nested subsets of another
10k abstracts (of sizes {100, 500, 1000, 1k, 10k}),
obtained in the same way as the test set, were used
as “SME-labeled” (in-domain) data for training.

Proxy data Out-of-domain abstracts were sam-
pled from the CORE dataset of open access re-
search papers (Knoth and Zdrahal, 2012), version
2018-03-0115. CORE covers a wide variety of
subjects, some of which can be identified from
each paper’s data provider. We used a subset of
CORE related to STEM fields16, and filtered out
non-English abstracts using the Python package
langdetect. This subset of CORE was also used to
domain-tune RoBERTa-large on STEM abstracts,
resulting in RoBERTa-large-STEM.

We trained proxy generators using the biomed-
ical and physics portions of CORE (237,620 ab-
stracts for each), and on the union of the biomedical
and physics portions (“biomedical-physics”, with
475,240 abstracts). For each of these three gen-
erators, we created nested subsets (of sizes {100,
500, 1000, 1k, 10k, 100k}) of proxy training data.
As with the SME-labeled data, half of the samples
were real and half were generated17. In the case of
biomedical-physics, we used equal numbers of real
biomedical and real physics text. We estimate that
roughly half of the biomedical-physics generations
were biomedical. Examples of generated physics
and biomedical abstracts can be found in Appendix
§A.7.

14Fine-tuning hyperparameters are shown in §A.1.
15Available at https://core.ac.uk/services/dataset/
16The list of open access data providers for each STEM

subject is provided in Table 10 in Appendix §A.6.
17In the absence of additional information, it seems reason-

able to assume an uninformative prior wherein the classes are
balanced. In practice, one could base this prior on the empiri-
cal distribution over classes in the SME-labeled data, which
approximates the distribution of real and generated samples in
the corpus under consideration.

5.2 Real and Tampered Documents

While the CORE corpus includes full-length doc-
uments, they have not been pre-processed and are
rather noisy. Fortunately, the S2ORC corpus (Lo
et al., 2020)18 includes millions of pre-processed
scientific documents. The full-length papers in
S2ORC have been preprocessed with paragraph
splitting; in addition, captions, tables, headers, foot-
ers, footnotes, abstracts and bibliography have been
removed from the main text.

We sampled from the 6.8 million papers in
S2ORC which are biomedical19 to create disjoint
datasets for domain-tuning proxy and target GPT-2
generators, for task-tuning RoBERTa-based detec-
tors, and for test sets. Since our attacker model con-
sists of random paragraph replacement, we domain-
tuned GPT-2 on 890,000 biomedical paragraphs in
order to generate new paragraphs conditioned on
previous paragraphs.20 This is done twice, on non-
overlapping data, to obtain two separate generators:
the target generator is used to create the test doc-
ument collections and SME-labeled training para-
graph collections, while the proxy generator is used
to create proxy training data. The details of each
of these datasets are given below.

5.2.1 Test Data
In order to evaluate our detectors against vari-
ous document tampering scenarios, we use sev-
eral document-level datasets, which differ by the
number of generated (replaced) paragraphs in each
document. Each of these test sets consists of
500 human documents and 500 tampered (gener-
ated/modified) documents.21 The five test sets con-
taining tampered documents are given as follows:
test-1-fake contains only tampered documents with
exactly one synthetic paragraph, text-x replaces
every paragraph with a generated paragraph with
probability x, for x in {0.1, 0.5, 0.9}, and test-
all-fake has all paragraphs generated, with each
subsequent paragraph generated conditional on the
previously generated paragraph. Two examples can
be found in Appendix §A.7, Table 13.

18v. 1 (2020-07-05) at https://github.com/allenai/s2orc.
19We selected all papers with a Microsoft Academic Graph

field of study which included Biology or Medicine, or which
had a PubMed or PMC ID tag (these are biomedical in a broad
sense: the 15% of papers that were not tagged with Biology or
Medicine were on the related fields of Chemistry, Psychology,
Physics, Math or Computer Science applied to biomedicine.)

20Details on the fine-tuning of GPT-2 are in Appendix §A.1.
21For each test dataset we use the same 500 human docu-

ments and the same 500 documents to tamper with.
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5.2.2 Training Data
Here we describe the datasets used to build
paragraph-level detectors.

SME-labeled data Nested subsets of 10,000
paragraphs (of sizes {0, 100, 500, 1k, 10k}) were
used as SME-labeled (in-domain) training data,
with equal numbers of real and generated para-
graphs. The generated paragraphs are obtained
using the same domain-tuned generator as for the
test sets. For each paper, we sample one paragraph
to use as real, and one paragraph to condition on.

Proxy data The proxy GPT-2 generator is used
to obtain nested subsets of 10,000 paragraphs (of
sizes {0, 100, 500, 1k, 10k}) in much the same way
as for the in-domain data, except for one difference.
Unlike for the in-domain data, the defender has
access to every human paragraph that is being re-
placed by a (proxy) generated paragraph22. So for
each paper, we sample a real paragraph at position
i, and use the previous paragraph at position i− 1
as a prompt for the generated paragraph.

What if the defender uses a proxy generator
designed for unconditional paragraph generation?
Preliminary experiments on using proxy data gener-
ated without prompting showed only a small drop
in accuracy under most dataset sizes, so this is not
a strong assumption to make.23

6 Results

6.1 Detection of Generated Abstracts

Detection performance on Semantic Scholar ab-
stracts depends on the model used for task-tuning
(RoBERTa-base, RoBERTa-large, or RoBERTa-
large-STEM), the proxy domain (biomedical,
physics, or biomedical-physics), and the number of
proxy and SME samples used for task-tuning, with
full results shown in Appendix §A.3. We consider
the effects of these four dimensions below.

Interplay of SME and proxy labels Some SME
labels are always needed for good performance,
even when the training proxy text is in a similar
domain as the target domain (Table 3). Without
any SME labels, the highest accuracy that could be
achieved with RoBERTa-large using only biomed-
ical proxy text was .67 (with 10k proxy samples).

22On the other hand, the in-domain data is labeled by a
SME, who identifies generated paragraphs but does not have
access to the human paragraphs that they replaced.

23See Appendix §A.5 for details.

Proxy samples

0 100 500 1k 10k 100k

0 .59 .58 .54 .67 .65
100 .68 .67 .89 .89 .81 .82
500 .69 .68 .82 .75 .88 .84

1k .80 .90 .84 .89 .90 .84

SM
E

sa
m

pl
es

10k .92 .95 .94 .94 .95 .92

Table 3: Detection accuracy when task-tuning
RoBERTa-large with biomedical proxy data.

n Biomedical Biomed-physics Physics

100 .67 .87 .78
500 .89 .82 .83
1k .89 .85 .84
10k .81 .69 .62
100k .82 .70 .66

Table 4: Comparing proxy domains when task-tuning
RoBERTa-large on n proxy samples (from different do-
mains) and 100 SME samples.

Task-tuning the 10k-proxy model checkpoint a sec-
ond time with only 100 SME-labeled samples re-
sulted in a large improvement (accuracy of .81,
recall of .95).

Given a fixed number of SME samples, increas-
ing the number of proxy samples improves perfor-
mance, but only up to a point, after which the proxy
data starts being detrimental. For example, given
100 SME examples (row 2 in Table 3), the highest
performance for the biomedical proxy experiments
was achieved when using between 500 and 1000
proxy samples (resulting in accuracy of .76-.77 for
RoBERTa-base, .89 for RoBERTa-large and .91-.92
for RoBERTa-large-STEM). The same observation
holds when using physics and biomedical-physics
proxy text. Unsurprisingly, the effects are worse
with increasing domain shift. The decrease in accu-
racy when jumping from 1k to 10k proxy samples
is .08 for biomedical proxy data, .16 for biomedical-
physics proxy data, and .22 for physics proxy data.

Effect of domain shift When 1k or 10k SME la-
bels were available, performance across task-tuning
domains was similar. On the other hand, with 500
SME labels or less the impact of the proxy data
domain was greater, as shown in Table 4 for the
case of 100 SME labels. For most proxy dataset
sizes, there is a decrease in performance as one
moves from biomedical to physics.

Finally, we note that when using RoBERTa-
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large-STEM, 100 SME samples are sufficient to
achieve .91 accuracy when using biomedical proxy
samples. However, if the proxy samples come from
a different domain (physics, or a mix of physics and
biomedicine), then 500 SME samples are required
to achieve the same accuracy.

Effect of model size RoBERTa-large had higher
accuracy than RoBERTa-base under most scenar-
ios, with an absolute increase in accuracy ranging
between 1 and 22 points. RoBERTa-large always
had higher precision than RoBERTa-base.

Effect of domain-tuning Pre-training RoBERTa
on a diverse corpus of STEM technical text im-
proved performance in most cases, sometimes by
a large margin. RoBERTa-large-STEM outper-
formed RoBERTa-large even when the target and
proxy domains were close (i.e., using biomedical
proxy data), with 1 to 5 point gains in accuracy
under most conditions.

Domain-tuning RoBERTa was more beneficial
with increasing amounts of domain shift, and when
task-tuning on a large number of proxy samples
and a small number of SME-labeled samples, as
shown in Figure 3. A domain-specific RoBERTa is
better at recovering from being trained on a large
volume of data from the wrong domain, when given
a small amount of in-domain text.

Figure 3: Increase in accuracy when switching from
RoBERTa-large to RoBERTa-large-STEM, when task-
tuning on 10k proxy samples.

6.2 Detection of Tampered Documents
The performance of the RoBERTa-large detectors
at the paragraph level is shown in Table 5. It is not
unrealistic to assume a SME can label 100 para-
graphs (50 real, 50 synthetic) to create a detector
with .94 accuracy. Thus, in the rest of the section
we shall only evaluate the classifier trained on 10k
conditioned proxy samples and 100 SME samples.

Identifying documents with at least one syn-
thetic paragraph Here we apply the scoring

Proxy samples

0 100 500 1k 10k

0 .60 .78 .84 .93
100 .77 .82 .87 .89 .94
500 .85 .89 .90 .90 .95

1k .91 .91 .90 .92 .94

SM
E

sa
m

pl
es

10k .96 .95 .96 .96 .96

Table 5: Accuracy when task-tuning RoBERTa-large
on conditioned proxy data, evaluated on a balanced sub-
set of 1000 real and 1000 synthetic paragraphs.

Test set T = 500 T = 1000

test-all-fake .87 [.79, 1.0] .98 [.96, 1.0]
test-0.9 .87 [.79, 1.0] .97 [.96, .99]
test-0.5 .86 [.79, .99] .96 [.96, .96]
test-0.1 .81 [.77, .89] .80 [.94, .63]
test-1-fake .76 [.74, .78] .67 [.91, .37]

Table 6: Performance (accuracy, [precision, recall])
when predicting whether documents contain at least
one synthetic paragraph (after removing paragraphs
shorter than T ).

strategies (S1) and (S1-T) described in §4.2 to pre-
dict whether a given document has at least one
generated paragraph. We found that on all our test
sets, scoring documents using (S1) resulted in re-
call of .99-1 but precision at nearly chance level
(.55-.56). This is due to the high false positive rate
for short paragraphs. To remedy this, we score us-
ing (S1-T), ignoring all paragraphs shorter than a
given threshold of T characters24. The results for
T = 500 and T = 1000 are shown in Table 6.

When T = 1000, performance is high for test-
all-fake, test-0.9 and test-0.5; however, recall drops
substantially for test-0.1 and test-1-fake. This is
due to the fact that these test sets contain very
few generated paragraphs, which are then more
likely to be filtered out: all synthetic paragraphs
were removed from 64% of tampered test-1-fake
documents, and 39% of tampered test-0.1 docu-
ments. Unfortunately, filtering less aggressively
with T = 500 improves recall at the cost of lower
precision across all test sets.

Ranking documents by fraction of generated
content We rank documents using (S2), i.e., ac-
cording to the estimated fraction of paragraphs clas-

24If all paragraphs in a document are shorter than T , we
score the longest three paragraphs, but this is a rare occurrence
(less than 5% of documents when T = 1000).
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Test set P@100 P@250 P@500
test-all-fake 1.0 1.0 .99
test-0.9 1.0 1.0 .99
test-0.5 .98 .97 .95
test-0.1 .70 .74 .69
test-1-fake .57 .60 .59

Table 7: Ranking performance when ranking docu-
ments according to the estimated fraction of paragraphs
classified as generated.

sified as generated. Table 7 shows the fraction of
documents in the top-k ranked documents that were
tampered with (P@k). It is possible to retrieve
nearly all tampered documents, except for test sets
test-0.1 and test-1-fake.

Effect of paragraph splitting errors It is unre-
alistic to assume that the adversary and the defender
use the same paragraph splits. For example, text
from a PDF file must first be extracted and split
into paragraphs before detection can be done. Even
when using a good paragraph splitter, it is unlikely
that the paragraph splits would exactly match those
used by the generator. To investigate the robustness
of detection against paragraph splitting errors we
process each test set as follows: each paragraph
is sentence-segmented with scispaCy v.0.2.2 (Neu-
mann et al., 2019), and every five consecutive sen-
tences is taken to be a paragraph, disregarding the
original paragraph splits. This is a stress-test for
our detectors, since one can probably achieve far
fewer paragraph-splitting errors when using a para-
graph splitter such as GROBID (Lopez, 2009).

When applying the detector on the incorrectly-
split documents and scoring with (S1), we find
that precision increases from .55 to between .61
and .67. This is due the fact that paragraphs in
the human 5-sentence splits are generally longer
than the original paragraphs. On the other hand,
recall drops significantly for test-0.1 and test-1-
fake (from .99 to .87, and .99 to .79, respectively).
This is due to the fact that it is harder to detect
paragraphs containing a mix of real and synthetic
content: recall was .95, .66 and .33 for the the
subsets of paragraphs with 5, 4, and 3 synthetic
sentences, respectively25.

25This affected test-0.1 and test-1-fake the most, because
these test sets had a greater fraction of paragraphs with mostly
human sentences but with some generated sentences mixed in.

7 Conclusion

In this paper, we studied the problem of automatic
detection of GPT-2-generated technical text. We
found that RoBERTa-based detectors can be suc-
cessfully adapted from one scientific discipline
(physics) to another (biomedicine), requiring rel-
atively small amounts of in-domain labeled data.
These could be provided by a subject matter ex-
pert (SME) in a reasonable amount of time. We
also evaluated these paragraph-level detectors on
a document tampering task, assuming that the ad-
versary replaces randomly-selected paragraphs in a
document with generated ones.

Future work should evaluate the extent to which
this methodology would work on detecting text
from newer generators such as GPT-3. Other chal-
lenging scenarios include adding noisy labels (e.g.,
if a SME makes a certain fraction of mistakes), and
class imbalance. Our results on document tamper-
ing (i.e., that it is significantly harder to detect small
amounts of generated text intermingled amongst
real text) also point to the need to develop detec-
tion pipelines for other threat models such as single
word or phrase substitutions (Schuster et al., 2020).
As text generation techniques continue to improve,
it may be that more interpretable, fact-checking
approaches are required to detect both human and
machine-generated misinformation.
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Ethical Considerations

Improvements in the detection of synthetic text
could be used by an adversary to improve the qual-
ity of generated text or to help them avoid detec-
tion (Darmetko, 2021). False positives are another
source of potential negative consequences of auto-
mated detectors. For example, incorrectly flagged
human-written content could be a source of misin-
formation, and could additionally lead to a loss of
trust in the detection system. Care should be taken
that false positives do not affect certain demograph-
ics disproportionately (Bommasani et al., 2021,
§5.2). Finally, widespread awareness of the mere
possibility of synthetic scientific text can further
undermine public trust in genuine science (Makri,
2017).
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A Appendix

A.1 Fine-tuning hyperparameters

Here we list the main hyperparameters used in our
experiments.

Domain-tuning GPT-2 to generate abstracts
The GPT-2 generators (both proxy and target gen-
erators) were domain-tuned with a block size of
512 BPE tokens, and a batch size of 6 on two Titan
RTX GPUs, with the Adam optimizer.

Domain-tuning GPT-2 to generate paragraphs
in context Proxy and target GPT-2 generators
were obtained by domain-tuning GPT-2 with a
block size of 768 and a batch size of 3 for
four epochs on two disjoint, random subsets of
S2ORC biomedical papers, each consisting in
about 890,000 paragraphs.

We formatted the fine-tuning data in order to gen-
erate complete paragraphs conditioned on previous
paragraphs; i.e., each training instance consisted of
text from consecutive paragraph pairs: the last 256
tokens of a paragraph, a special newline token, and
the next paragraph. For each paragraph pair (A,B),
truncating A at 256 tokens allowed us to encode at
least 512 tokens for each paragraph B, and about
95% of paragraphs in the domain-tuning dataset
are shorter than 512 tokens. Thus, the model could
learn how to end paragraphs naturally.

Task-tuning RoBERTa We task-tuned all
RoBERTa models with a block size of 512 on
two Titan RTX GPUs. For RoBERTa-base, we
used a batch size of 40, while for RoBERTa-large
and RoBERTa-large-STEM we used a batch size
of 7. Preliminary experiments suggested that for
the smaller task-tuning datasets training for more
epochs improved performance. The 100-sample
task-tuning dataset was trained for 80 epochs, the
500-sample dataset was trained for 16 epochs,
and the other datasets were trained for 8 epochs.
Task-tuning on the SME-labeled (target) text was
done using the same hyperparameters as were used
for the proxy task-tuning.

A.2 Comparison of classifiers on in-domain
detection

Table 8 compares several classifiers on the in-
domain detection task (i.e., the real portions of the
train and test sets are from the Semantic Scholar
corpus, and the synthetic portions were produced
by the same GPT-2-Medium generator).

RoBERTa-large (Liu et al., 2019) and XLNet-
large (Yang et al., 2019) outperform the other clas-
sifiers. We chose RoBERTa over XLNet because
XLNet is known to be unstable when task-tuned on
small datasets (Ma et al., 2019).

Discriminator Accuracy
LR (BOW) .64
LSTM .67
HAN .72
BERT-base .86
BERT-large .90
XLNet-base .89
XLNet-large .95
RoBERTa-base .93
RoBERTa-large .95

Table 8: Detection accuracy when for a variety of mod-
els trained on 10,000 in-domain abstracts.

LR (BOW) indicates logistic regression with un-
igram count features, and HAN (Hierarchical At-
tention Network) is a hierarchical LSTM with two
attention layers, one for words and another for sen-
tences (Yang et al., 2016).

Both the LSTM and the HAN used pre-trained
GloVe embeddings26 (Pennington et al., 2014).
They were trained for 60 epochs with early stop-
ping (patience 10), with 128 hidden layer units,
dropout of 0.5, a batch size of 64, learning rate
of 0.001 and the Adam optimizer. For the HAN,
abstracts were truncated at the first 20 sentences
and only the first 50 tokens in each sentence were
used. For the LSTM, abstracts were truncated at
200 tokens.

A.3 Full cross-domain results
Figures 4, 5 and 6 contain the full results (accu-
racy, precision and recall) for all the cross-domain
experiments discussed in §6.1.

26https://nlp.stanford.edu/data/glove.42B.300d.zip
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Figure 4: Detection performance when using biomedi-
cal proxy data.

Figure 5: Detection performance when using physics
proxy data.

A.4 Effect of paragraph length on detection
performance

There is a higher percentage of short paragraphs in
the body of scientific papers than there is among
abstracts. We noticed this can lead to difficulties
in detection, since detector performance deterio-
rates with shorter text lengths (Ippolito et al., 2020;
Munir et al., 2021).

To investigate the effect of paragraph length on
performance, we ranked the human paragraphs by
their length in characters and binned them (200
per bin), in order to calculate the false positive
rate within each bin. The false negative rates were
calculated similarly using the generated paragraphs.
These are shown in Figures 7 and 8. The false
positive and false negative rates can be seen to
increase substantially for paragraphs with less than
500 characters.

Figure 6: Detection performance when using biomedi-
cal and physics proxy data.

Figure 7: False positive rate as a function of paragraph
length.

A.5 Effect of training on paragraphs
generated without conditioning

Since it might be unrealistic to assume that both the
adversary’s (target) generator and the defender’s
(proxy) generator both generate text in the same
way – by conditioning on the last 256 tokens of the
previous paragraph – we verified that our results are
not heavily dependent on this assumption by also
testing detection performance using unconditional
(i.e., unprompted) synthetic paragraphs as proxy
training data.

Tables 5 and 9 show paragraph-level accuracy
when training on conditioned and unconditioned
proxy data, respectively. As expected (Tay et al.,
2020), performance is higher when training with
conditioned proxy generations than with uncondi-
tioned proxy generations if no SME samples are
used (e.g., an increase in .10 in accuracy when us-
ing 10k proxy samples). This is mostly due to a
large increase in recall (up to .21 for 10k proxy sam-
ples). However, a second round of task-tuning with
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Figure 8: False negative rate as a function of paragraph
length.

Proxy samples

0 100 500 1k 10k

0 .51 .73 .78 .83
100 .77 .75 .83 .88 .93
500 .85 .83 .89 .89 .94

1k .91 .92 .88 .92 .93

SM
E

sa
m

pl
es

10k .96 .95 .96 .96 .96

Table 9: Accuracy when task-tuning RoBERTa-large
on unconditioned proxy data, evaluated on a balanced
subset of 1000 real and 1000 synthetic paragraphs.

SME samples helps close the gap between task-
tuning with conditioned and unconditioned proxy
samples. Indeed, 100 SME samples are enough to
nearly close the gap (a difference of .02 in accu-
racy).
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A.6 STEM subset of the CORE dataset

Subject % Open access data providers
Biomedical 28.1 PubMed Central

Nature Precedings
Publications from Karolinska Institutet
Collection Of Biostatistics Research Archive (COBRA)
e-publications@RCSI (Royal College of Surgeons in Ireland)
DigitalCommons@TMC (Texas Medical Center)
Digital Commons@Becker (Washington University School of Medicine)

Physics 39.8 CERN Document Server
arxiv (astro-ph, cond-mat, gr-qc, hep, nlin-chao-dyn, nucl, quant-ph, physics)

Computer Science 3.4 arxiv (cs)
Dagstuhl Research Online Publication Server
CiteSeerX
Computer Science Technical Reports at Virginia Tech

Mathematics 6.1 arxiv (math)
University of Oxford Mathematical Institute Eprints Archive
NUMDAM
Bulgarian Digital Mathematics Library at IMI-BAS

Various subjects 22.6 Naval Postgraduate School
University of Oxford Mathematical Institute Eprints Archive
Massachusetts Institute of Technology
California Institute of Technology
Imperial College London
National University of Singapore
HAL-Polytechnique
Thèses en Ligne (TEL)
Universitat Politècnica de Catalunya
University of Strathclyde
Digital library of Brno University of Technology

Total 100

Table 10: Subjects, data providers, and fraction of (English-language) abstracts per subject in the STEM subset
of CORE used to domain-tune RoBERTa-large-STEM. This subset contains 916,074 abstracts. The Biomedical
portion (237,620 abstracts), and a subset of the Physics portion (237,620 abstracts) were used to domain-tune
GPT-2 to generate physics and biomedical abstracts.
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A.7 Examples of generated technical text
Tables 11 and 12 show examples of GPT-2-generated biomedical and physics abstracts. Table 13 shows
two examples of tampered documents, where some of the paragraphs were replaced by GPT-2-generated
paragraphs. Some of the (human-detectable) errors in the generated abstracts are given in Appendix §A.8.

Generated biomedical abstracts

Cognitive health remains a widely misunderstood area of dementia research. Findings from the Diagnostic and Statistical
Manual of Mental Disorders, Fourth Edition (DSM-IV) continue to indicate that people with dementia have varying degrees of
personality disorders, one of which is asocial functioning. Given that individuals with dementia frequently experience emotions
and cognitions such as anger and blame, it is important to understand the factors that contribute to this range of dysfunctions in
cognitive functions. To address this issue, we review current thinking regarding how people with dementia and their caregivers
understand these issues. We describe the functional distinction between healthy and low-function functioning dementia, discuss
the relationship between dementia and temperament, and suggest future directions for future research and development.

Finds from modern groundwater samples have helped to nail down the mineralogy of many deposits of accessible minerals in the
Northwest Passage, including Baker Fountain, upper Boundary Haven, and Meishinmaru Harbor. Belying all this, however, have
been the potential variability of minerals in this area that are often overlooked, especially the Mocharla Complex, which contains
all of the elements of known elements within only 4% of metallic and rare earth elements. This latter figure equates us with other
locations where magnetic isotope data for Magnesite would make it worth pursuing such as Pennsylvania, New Jersey, San Nac/3
molar ratio studies, and a hexagonal ratio study, to name but a few. In this paper we provide perspectives in mineralogy and
mineralogy variation of the assemblages of alternatives to Magnesite in West Virginia; as well as the communities that should
feel comfortable championing the developers of M&RK and should consider the opportunity for they shops eventually reuse
Magnesite in sites near their site, regardless of the comings and goings in North America. The mineralogy presented in this
book is quite different from the one presented by Nides-R7K who has published articles and spoken series on Magnetozone suto
oravailable water conditions provide t he following: i) They are complementary. ii) Reproducer: George Shee, CSU North West,
University of Kansas. (Author book page#153-188), Valerie Schön, St. Paul Area Department of Science, University of Maine,
University of Minnesota, Science Center, York University, Michigan State University, North Carolina State University, Ohio
State University, University of Alabama-Birmingham, The College of chemist and analytical biologist, Society for Research on
the Geology/Geology "Living with magnesites" 194 times since 1994: Number 737 How to cite this: Shee, George. Metals,
minerals and past. Minerals, Minerals and Geology. Hostetter (D: Labour History of the Bureau of Mines), Washington, DC,
1996.

Here we report an efficient assay to differentiate, precisely and quickly, human prostate cancer (PCa) cell lines from normal
cells/prostatic tissue. In prostatic PCa from each patient, we measured CE kinase activation of 1,2-bromopentaneidin (BPP),
calcitonin-3, bone morphogenetic protein-6, urokinase 21 and eukaryotic phospho-protein kinase-2 (EPSK-2). Cells from 2
patients and 1 patient with hepatitis C and provided at the same time were simultaneously PCR screened to detect chromosomal
chromosomal aberrations and restriction fragment length polymorphism variations (RFLP). We found one viable Gdp from each
patient. We did not detect chromosomal aberrations and standard regulators of EGS in PCa patients. Most likely, our results,
also for grade II PCa, show that PCa cells have a passive chromosomal integrity with DNA repair genes, but this is not found in
intact androgen-depleted patients. Inadequate DNA repair genes and excessive chromosomal aberrations, due to non-genomic
proportions of UGT-3, EDS1, EGS2, URP-88 and UAR6 compared to their value combined, lower DNA repair products of
9.66%, and reduced cell ploidy.(ABSTRACT TRUNCATED AT 250 WORDS)

During age-dependent contractions, the forearm flexor isomerophilic is a loss of maximum strength of the abductor tendon, which
influences flexor mode and resistance. At peak contraction strength, the level of higher order strength produced by the concentric
contractions is higher than the lower order strength due to lower upper, lower, and lateral potentiometric torque respectively.
Moreover, age affects the time interval over which the elastic torque of the tendon increases, which changes from several short to
several long and gradual. The apparent loss of maximal strain strength of the tendon during WER occurs generally late in the
range of resistance, but in rare cases of progressively superior mechanical strength, the contractile effects of the WER series
from the same period may be preserved.

Table 11: Examples of abstracts generated by GPT-2 fine-tuned on biomedical text.
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Generated physics abstracts

We construct a free Kac-Moody algebra in terms of SU(N) bi-holomorphic maps. Our construction is not exactly as in the
standard program, which is based on the Kac-Moody algebra itself. In this work, we address the question whether a general
construction can be made using a 3-dimensional space with its boundary fixed to be a manifold. For such a construction, one can
quantize the free Kac-Moody algebra exactly using the interior data of a closed submanifold, an example of which is given.

A general classification of the massive scalar field model is presented. This model can be taken to be the simplest of all
models exhibiting super-Kahler group structure. The very general model is then interpreted as a manifestation of the infinite
supersymmetry of N=2 supersymmetric Yang-Mills theory with a simple Kaluza-Klein U(1) gauge group. This theory has an
analog of Seiberg-Witten theory with a U(1) gauge group. The two models are related by the fact that the massive scalar field
model reduces to the Seiberg-Witten model when the negative cosmological constant is eliminated.

We have simulated a sample of 60,000 galaxies in order to study the spatial structure of halos and the formation properties of their
wind-driven columns. The galaxy models (average virial radius Rc = 0.25kpc, total column density Onu−1/2 = 1.2cm−3,
total column density K0 = 0.3cm−3 and total column density Lnu−2/3 = 0.5cm−3) were selected from a large database of
spiral galaxy photometry. We have investigated the properties of the wind-driven column density as a function of the galaxy
size, the radius and the column density in the inner Lyman limit. Rc and Lnu are defined as the fraction of the total column
density, Onu2 −Lnu, of gas in the central region of the galaxy, and Lnu is defined as the fractional logarithm of the gas density.
The simulations were carried out on a large 64x64 grid of 16x16 square degrees (3.6× 3.6 square degrees) in order to obtain a
large number of potential galaxies. The cross-correlation of the radial profile of the radial intensity distribution and the velocity
distributions of gas streams shows that the velocity distribution is strongly wave-like, with the velocity dispersion < 0.5kms−1;
the power law of the dispersion is also found. We also find that the density of gas passes through a strong exponential regime at
the center, and that the central density exceeds that at the periphery by 2 solar masses per degree of freedom.

We propose a new solution to the cosmic censorship problem. It is based on the idea that all physical experiments have to be
canceled at the same time, with a specific choice of the data. In this approach the data would be separated from the source region
by a detector, whose response is controlled by the Planck energy. The data would be split into beams of different energies. The
different beams, and their response to each other, would be synchronized in a second detector, which would then (miraculously)
detect photons from the source region and carry out the corresponding measurements in the detector. In this way the cosmic
censorship problem can be reduced to a second problem: how to determine the signal and the background in the detector. We
give an explicit example for the case of neutrino astronomy, and show that we can solve the cosmic censorship problem without
any special choice of the signals of the detectors.

We study two-dimensional XY spin models in the two-dimensional triangular lattice using the "dynamical" renormalization
group method. For the first time, we study the ground-state phase diagram of the ground-state XY Heisenberg spin chain with
non-zero exchange coupling. We perform a thorough analysis of the chemical potentials and the thermodynamic properties of
the ground state. We find that the thermodynamic limit of the XY model exhibits a mean-field phase diagram characterized
by a disordered phase, a first-order phase transition, and a thermal phase. Our calculation illustrates the rigorous approach to
demonstrate the zero temperature properties of the XY model.Comment: 12 pages, 6 figure.

The KKP equation is an n-component Green function (GFF) Hamiltonian system. The KKP equation is known to be a Lie
algebra in the sense that it is a subalgebra of the SO(n) algebra SO(n)1. In this paper we construct the n-component GS
theory with a Gaussian Hamiltonian H and a (1, 1) trace-free action. We show that in this system the excitation spectrum of the
n-component GS system is the same as in the sine-Gordon system except for the fact that the excitation spectrum in the KKP
system is product of the spectrum in the sine-Gordon and in the KKP system. We derive the n-component GS equation using the
KKP equation in the dilute state, and show that the solution of the KKP equation in a dilute state is equivalent to the solution in
the sine-Gordon system. This equivalence holds, in particular, when the KKP equation is interpreted as an SL(2, R) system in
terms of the second harmonic operator. We further show that this equivalence holds also for n-component GS systems with spin
two and spin zero. We also derive the KKP equation for the quantum spin chain with n-component GS components, which has a
non linear sine-Gordon Hamiltonian and a periodic potential.

Table 12: Examples of abstracts generated by GPT-2 fine-tuned on physics text.
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Tampered excerpt from Cooper et al. "Effect of dietary sodium reduction on red blood cell sodium concentration and
sodium-lithium countertransport." Hypertension 6.5 (1984): 731-735.

Two food lines were created in the cafeteria, and a record was maintained of each meal. For Group 2, food items high in sodium
were eliminated, and reduced sodium products were substituted when possible, as in the case of cheese, peanut butter, and
margarine. Study nutritionists worked closely with the cafeteria staff to structure an experimental diet that was moderately
reduced in sodium relative to the regular diet, yet similar in other respects. The only regular source of food for the participants
was the school cafeteria. Participants were recruited on the basis of an agreement not to receive packages from home or eat
meals away from school during the 24-day experimental period. A record was kept of attendance at meals. Acceptance of the
experimental diet was good. As noted, only one participant withdrew based on unwillingness to adhere to the dietary regimen.

For the study, subjects were offered a control diet consisting of potatoes, beans, noodles, bar snacks, cold cereal, sweet-
ened sodas, milk, cookies, fruit (numerous fruits, yogurt, frozen yogurt), and instant soup. In total, the diet contained
2.1 servings of meat and 10.5 servings poultry and eggs per week.

The first phase of the study lasted 24 days, with an intervening 5-day vacation, followed by a crossover of 24 days. On Days 1
and 24 of Phase I and Day 24 of Phase II, participants underwent a standard examination. Height and weight were measured in
light indoor clothes, with shoes off. Blood pressure was measured after a 15-minute rest by a procedure previously described , 9
and a 15 cc sample of blood was subsequently withdrawn with minimal hemostasis from the antecubital fossa. All examinations
took place between 600 and 800. Blood was transported to the laboratory within 1 hour. The batch was divided in half, and an
equal number of specimens was taken from each group and analyzed either immediately or placed in storage for analysis in 48
hours.

Tampered excerpt from Khandelia et al. "Triglyceride blisters in lipid bilayers: implications for lipid droplet biogenesis
and the mobile lipid signal in cancer cell membranes." PLoS ONE 5.9 (2010): e12811.

In this report, we investigate the biophysics of model membranes containing low concentrations of triglyceride molecules.

Reduced incorporation of glycosylated proteins in these membranes has been reported in vivo [26] [27] and in vitro
[28] as well as in our analysis of a high salt environment [29, 30]. The reduced distribution of protein is known to
reflect a decreased total availability of available constituents for substrate binding. To address this issue, the surface
structure of membrane-bound proteins is studied by a combination of an energy map [31] of the full (hexagonal) and
unbound (quadratic) parts of each subunit, in which the diagonal portion of this subcomplex is spatially preferentially
constrained. Averaged over time, this energy mapping demonstrates a reduced physical overlap between parts that are
on average loosely bound, indicating that these subunits are almost always pulled together. The contrast between the
unbinding observed in soluble polymeric membranes and these highly mobile proteins suggests that the monolayer of
such membranes is unable to adequately differentiate between component atoms. We find that such a system exhibits
a similar geometry as a "live" membrane by which particular proteins can separate into regions of homogeneous bulk
or in features termed proteasomal environments. These are structures that don’t have the same means of reducing the
total loading of smaller proteins that create surface areas for binding, allowing them to serve as attractive targets for
degradation. Indeed, although unconformity to this model may influence membrane biophysical properties, reducing
this structure should increase the translational and kinetic properties of proteins found on the cell surface [5].

Besides lipoproteins and LDs, TGLs are also present in several biological membranes at varying concentrations. The lamellar
bodies of lung surfactant extracts in mammals can contain between 0.5% to 1.8% w/w TGLs [6, 7] . Ocular lens lipids contain
small amounts (mg TGLs/mg phospholipids) of TGLs. TGLs are also present in intestinal membrane extracts [8] . Lysosomes
contain non-negligible amounts of TGLs, for example, in cultured hamster fibroblasts [9] . In rat hepatocytes, lysosomes
contain nearly 3.7% TGLs [10] . Many proliferating or activated mammalian cells in particular, have a high concentration
of TGLs in membranes. Cancer cells contain as high as 6.8% TGL fraction of total plasma membrane lipids [11] . Several
malignant Chinese hamster ovary (CHO) cell lines contain 2.4-3.2% TGLs in their plasma membranes [12] . Human neutrophils
contain as high as 5.2% and 6.8% TGLs in their plasma membranes before and after stimulation with lipopolysaccharides [13] .
Activated macrophages [14] , lymphocytes [15] and B cells [16] also contain high amounts of TGLs in their plasma membranes.
In this report, we investigate the effect of low concentrations of TGLs, as found in a variety of cell types noted above, on
the structure and dynamics of model membranes, with the objective of ultimately obtaining hints into the possible structural
and functional role of TGLs in the plasma membrane of living systems. We have used triolein (TO) as our model TGL, and
1-Palmitoyl-2-oleoyl-sn-glycero-3-phosphocholine (POPC) as the model phospholipid.

We developed three models of the free lipoprotein fraction within the monolayer membrane: (1) a free TGN that me-
diates the GP diffusion chain; (2) conjugated to free human T2PP and T3PP of all lymphocyte types to subsequently
allow uptake of lipospheres and membranes; and (3) cytochalasin C (CXCL) immunoprecipitation experiments were
performed on media from mice treated with TglII.

Table 13: Two excerpts from tampered biomedical documents. Each blue (bolded) text is generated by conditioning
on the preceding human-written paragraph.
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A.8 Human-detected errors in generated
biomedical abstracts

The following are a list of errors we found in a sub-
set of 75 synthetic biomedical abstracts generated
by GPT-2. A similar, larger list of annotations of
error types found in GPT-2 and GPT-3 generated
text was recently provided by (Dou et al., 2021).

Not a real word The following words caused
the annotator to mark the abstract as computer-
generated:

• ‘ProBNER’

• ‘Chaos-Tector Chargor’

• ‘fibre preveller’

• ‘gravidum’

• ‘di-nitro-L-arginine’

• ‘Cd-FPOs’

• ‘halliopeusing’

Incorrect acronym The following were
acronym-related errors:

• ‘left middle cerebral artery (LMCMA)’

• ‘occlusion (MOOC)’

• ‘In Situ Analysis (SIA)’

• ‘semantic energy transport (STM)’

• ‘cross-questionnaires (CCQs)’

• ‘Noisy Distributed Execution (NDE)’
[acronym introduced but never used again]

Coherence problem

• ‘First, a proper description of Big Memory is
required; In previous studies, it was stated that
Stochastic Roughness is a Fundamentality for
Big Memory.’

• ‘The scheme is based on the framework called
as a density functional, proportional basis’
[has nothing to do with rest of abstract]

• ‘nanofacial’ [unrelated to rest of abstract]

• ‘CONCLUSIONS From a therapeutic point
of view, this multispectral imaging method
allowed to measure all ultrasound values si-
multaneously and easily. Further studies with
practical applications in pediatric emergency
medicine could reveal specific features of var-
ious brain injury in this way.’ [unrelated to
rest of abstract]

• ‘Parents and doctors share more in common
than many researchers expect. What is avail-
able for use?’

Knowledge error: entity does not exist

• ‘Nevographic Origin of Caustic Cygnosis’

• ‘R402D nuclear phytoarray’

• ‘the Sargento regime’

• ‘SEPA insertion rule’

• ‘4-OHDA’ [does not exist; but 6-OHDA does]

• ‘The Europir position’

Knowledge error: other

• ‘nonlinear RC receiver in a hydraulic grade’
[strange combination of electrical and fluid
mechanics terms]

• ‘inflammation-related molecules staphylococ-
cus aureus’ [Not a molecule]

• ‘the city of san real’ [not a city]

• ‘The State of Barack Obama’ [not a state]

• ‘premature diagnosis of asthma is signifi-
cantly associated with overweight’

• ‘Vaccine coverage is at such high levels in the
United States that without additional initia-
tives, an epidemic likely will emerge within
four years.’

• ‘Trespassing into a host’s natural area can con-
fer adverse impacts such as diseases, extra
costs, unexpected complications, disadvan-
tages and adverse property rights’ [unrealistic
list]

Contradictory or illogical

• ‘Sixty-six occlusions were identified in the
60 eyes for occlusions, 31 of these (90%) oc-
curred in abscesses while the rest were non-
occidental.’

• ‘Six groups of 75 children were examined
by means of retrospective analysis. The first
group consisted of 66 children, who received
care in the neonatal intensive care unit from
29 January 1971 to 24 June 1972. The second
group, consisting of 166 children,’

• ‘in patients aged over 65 y of gender between
52.7 years and 70.2 years’

• ‘three inference rules:’ [only two rules listed]

• ‘can be partially fully filled’
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Odd grammar

• ‘Participants’ means of outcome’

• ‘To compare different gastrointestinal tumors
patients undergo for the intrauterine difficult
caesarean section’

• ‘High temperature polymer is potential dis-
play material, especially in film industry’
[missing determiners]

• ‘Therefore, new color model for high tem-
perature polymer is proposed. This paper in-
troduces carbon disulfide systems and their
design. Simple model is found. We used the
uncertainty principle to overcome this uncer-
tainty. The scheme is based on the framework
called as a density functional, proportional ba-
sis.’ ["as a" should be "a"; also missing some
determiners]

• ‘associated with overweight.’ [adjective needs
a noun]

Strange adjective

• ‘Voo-like Gene’

• ‘non-dominant rodent’

• ‘cat-like crystals’

• ‘air-exposed mice’

• ‘semantic energy transport’

• ‘intervertebral sedimentation’

• ‘double plasma-associated disease’

Repetition

• ‘our algorithm usually yields evidence of a
weak algorithm’

• ‘Negotiation and negotiation’

• ‘specialty medical specialty’

• ‘discriminant discriminative’

• ‘STM based STM system’

• ‘processions, and subsequent processesions.’

• ‘The two leading theories suggest that the in-
cidence is an early event after acute expan-
sion of spleen parenchyma, involving the clot-
ting/permeability clique. In this article, we
propose a new hypothesis: the incidence of
double plasma-associated disease is an early
event.’

• ‘Interfaces and interfaces’

• ‘where each property represents a property’

• ‘all the vector representations (or all of them)’

• ‘in making decision-decisions. Results from
data from data’

• ‘during the growth phase and during the
growth phase,’

Semantically odd/sounds weird

• ‘the aortic roots of rats’

• ‘first-trimester of illness’

• ‘Keeping the word has become an argument
against any pretense of better strategy’

• ‘Metabolic health refers to the state of health
associated with the metabolism of a given sub-
stance or disease, not necessarily a testicular
aspect of normal physical functioning’

• ‘mothers share more than once with a physi-
cian, parent or relative’

• ‘have not clarified the communication of the
ultrasound wave motion to the patient’

• ‘there are several non-invasive and sometimes
invasive systems which would benefit from
the use of these systems to an unlimited ex-
tent’

• ‘reduce productivity and results of the US Na-
tional Health Interview Survey’

• ‘We used the uncertainty principle to over-
come this uncertainty’

• ‘The rate of change in hourly body tempera-
ture was recorded in the eyes of dogs’

• ‘Monotreme rhythms in internal and external
body temperature’
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Abstract
At the foundation of scientific evaluation is the
labor-intensive process of peer review. This
critical task requires participants to consume
vast amounts of highly technical text. Prior
work has annotated different aspects of review
argumentation, but discourse relations between
reviews and rebuttals have yet to be examined.

We present DISAPERE, a labeled dataset of
20k sentences contained in 506 review-rebuttal
pairs in English, annotated by experts. DIS-
APERE synthesizes label sets from prior work
and extends them to include fine-grained an-
notation of the rebuttal sentences, characteriz-
ing their context in the review and the authors’
stance towards review arguments. Further, we
annotate every review and rebuttal sentence.

We show that discourse cues from rebuttals can
shed light on the quality and interpretation of
reviews. Further, an understanding of the argu-
mentative strategies employed by the review-
ers and authors provides useful signal for area
chairs and other decision makers.

1 Introduction

Peer review performs the essential role of quality
control in the dissemination of scientific knowl-
edge. The recent rapid increase in academic output
places an immense burden on decision makers such
as area chairs and editors, as their decisions must
take into account not only extensive manuscripts,
but enormous additional amounts of technical text
including reviews, rebuttals, and other discussions.

One long term goal of research in peer review is
to support decision makers in managing their work-
load by providing tools to help them efficiently
absorb the discussions they must read. While ma-
chine learning should not be used to produce con-
densed accounts of the peer review text due to the
risk of amplifying biases (Zhao et al., 2017), ML
tools could nevertheless help manage information
overload by identifying patterns in the data, such
as argumentative strategies, goals, and intentions.

Any such research requires an extensive labeled
dataset. While the OpenReview platform (Soergel
et al., 2013) has made it easy to obtain unlabeled
public peer review text, labeling this data for su-
pervised NLP requires highly qualified annotators.
Correct interpretation of the discourse structure of
the text requires an understanding of the technical
content, precluding the use of standard crowdsourc-
ing techniques. Prior work on discourse in peer
review has focused this qualified labor force on
labeling arguments extracted from the text, which
enables the complete annotation of more examples,
at the expense of research on non-argumentative
behaviors in peer review. While there has been
extensive research and deep analysis of different
aspects of peer review, the taxonomies used to de-
scribe review argumentation are disparate and not
directly compatible. Finally, there has been limited
research into understanding the discourse relations
between rebuttals and reviews (Cheng et al., 2020;
Bao et al., 2021), and none so far into the discourse
structure of rebuttals.

This paper presents DISAPERE (DIscourse
Structure in Academic PEer REview), a dataset
focusing on the interaction between reviewer and
author1. We give reviews and rebuttals equal im-
portance, and emphasize the relations between
them. To enable the study of behaviors beyond
the core arguments, we also annotate every sen-
tence of both the review and rebuttal, and provide
fine-grained labels for non-argumentative types.
We annotate at the sentence level not only for
completeness but also to avoid the propagation
of errors from argument detection. We annotate
four properties (REVIEW-ACTION, FINE-REVIEW-
ACTION, ASPECT, POLARITY) of each review sen-
tence, where the set of properties and their values
were developed by synthesizing taxonomies from

1The dataset, along with its accompanying code and doc-
umentation, is available at http://www.github.com/
nnkennard/DISAPERE/.
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Figure 1: A depiction of our annotation scheme on a minimal, fictional review-rebuttal pair. A: REVIEW-ACTION ,
including Structuring, Request, Evaluation; B: FINE-REVIEW-ACTION , fine-grained categorization of Structuring
and Request sentences; C: ASPECT , indicating the qualities of the manuscript being commented upon D: POLARITY
indicating whether these comments are positive or negative in nature. E: Each sentence in the rebuttal is mapped to
zero or more sentences in the review, which constitute its context. This is a many-to-many relation. F: The sentences
in the rebuttal are labeled with domain-specific discourse acts (REBUTTAL-ACTION ); each discourse act may be
categorized according to whether it concurs with (✓) or disputes (×) the premise of the context it is responding to.

prior work. We also annotate each sentence of a
rebuttal with a fine-grained label indicating the au-
thor’s intentions and commitment, and a link to the
set of review sentences that form its context. Fig-
ure 1 shows the DISAPERE annotation scheme on
a minimal, fictional example review-rebuttal pair.

DISAPERE is intended as a comprehensive and
high-quality test collection, along with training
data to fine-tune models. Our annotations are
carried out by graduate students in computer sci-
ence who have undergone training and calibration,
amounting to over 850 person-hours of annotation
work. Much of the test data is double-annotated,
and we report inter-annotator agreement on all as-
pects of the annotation. We describe the perfor-
mance of state of the art models on the tasks of
predicting labels and contexts, showing that inter-
esting ambiguities in the data provide the NLP com-
munity with research challenges. We also show an
example that demonstrates how decision makers
could use models like these to understand trends
and inform policies for future conferences (§ 5).

The contributions of this paper are as follows:
(1) a new labeled training dataset of 506 review-
rebuttal pairs (over 20k sentences) of peer review
discussion text in English, where review sentences
are annotated with four properties, and rebuttal sen-
tences are annotated with context and labels from
a novel scheme to describe discourse structure; (2)
a taxonomy of discourse labels synthesizing prior
work on discourse in peer review and extending
it to add useful subcategories; (3) a summary of
the performance of baseline models on the dataset
(§ 6); (4) examples of analyses on the dataset that

could benefit peer review decision makers (§§ 4
and 5), and (5) extensive annotation guidelines and
software to support future labeling efforts.

2 Related work

The design of this dataset draws upon extensive,
but disparate prior work on this topic. Many works,
some addressed below, have taken advantage of the
availability of review text hosted on OpenReview.

Argument-level review labeling Prior work has
developed label sets that address different phe-
nomena. Hua et al. (2019) introduced the study
of discourse structure in peer review by annotat-
ing argumentative propositions in the AMPERE
dataset with a set of labels tailored to the peer
review domain (EVALUATION, REQUEST, FACT,
REFERENCE, and QUOTE). Similarly, Fromm et al.
(2020)’s AMSR dataset frames the problem as an
argumentation process, in which the stance of each
argument towards the paper’s acceptance or rejec-
tion is of paramount importance. Both view peer
review as argumentation, using argument mining
techniques to highlight spans of interest.

While its goal is not to examine discourse struc-
ture per se, Yuan et al. (2021) uses polarity labels
to indicate each argument’s support or attack of
the authors’ bid for acceptance. Besides polarity,
these examples follow Chakraborty et al. (2020) by
annotating each argument with the aspect of the
paper it comments on.2 In contrast to Yuan et al.
(2021), we do not attempt or recommend generat-

2Aspects are based on the ACL 2018 rubric.
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ing peer review text, instead focusing on analyzing
human-generated text in peer review.

Review-rebuttal interactions We also expand
on work by Cheng et al. (2020), who first annotated
discourse relations between sentences in reviews
and rebuttals. While Cheng et al. (2020, 2021)
present new deep learning architectures, in this
paper we focus on the creation and comprehensive
annotation of a new dataset, illustrated with results
from some less specialized baseline models.

Other research into rebuttals includes Gao et al.
(2019). Besides their main finding that reviewers
rarely change their rating in response to rebuttals,
they find that more specific, convincing and explicit
responses are more likely to elicit a score change.
Observations from this paper are formalized into
rebuttal action labels in DISAPERE.

Comparison of datasets In DISAPERE we at-
tempted to unify these schemas to form a single
hierarchical schema for review discourse structure.
We then expanded this hierarchical schema to in-
troduce fine-grained classes for implicit and ex-
plicit requests made by the reviewers. The details
of the correspondence between DISAPERE labels
and those from prior work are summarized in Ap-
pendix A. In contrast to prior work, DISAPERE
labels discourse phenomena at the sentence level
rather than the argument level. This enables more
thorough coverage of the text while avoiding the
propagation of errors from machine learning mod-
els earlier in the annotation pipeline. While us-
ing manually defined discourse units (above or be-
low the sentence level) may more precisely cap-
ture some discourse information, a separate pass of
discourse segmentation can hinder the use of dis-
course datasets, as achieving consistent and repli-
cable annotation of argument units is known to be
highly challenging (Trautmann et al., 2020), and
also because few works actually tackle unit seg-
mentation (Ajjour et al., 2017).

3 Dataset

Each example in DISAPERE consists of a pair of
texts: a review and a rebuttal. Labels for reviews
and rebuttal sentences are described below. Review
sentence labels are summarized in Table 2, and
rebuttal sentence labels in Table 3.

Dataset A
M

PE
R

E

A
M

SR

A
SA

P-
R

ev
ie

w

A
PE

D
IS

A
PE

R
E

# examples 400 77 1k 4.7k 506
# labels 10k 1.4k 5.7k 130k 46k

R
ev

ie
w

Arg. stmts. ✓ ✓ ✓ ✓
Arg. types ✓ ✓
Polarity ✓ ✓ ✓
Aspect ✓ ✓
Non-arg. ✓
All sents. ✓

R
eb

ut
ta

l

Included? ✓ ✓
Arg. stmts. ✓ ✓
Context ✓ ✓
Arg. types ✓
Non-arg. ✓
All sents. ✓

Table 1: Comparison between our dataset and prior
work: AMPERE (Hua et al., 2019), AMSR (Fromm
et al., 2020), ASAP-Review (Yuan et al., 2021), APE
(Cheng et al., 2020). Arg.stmts.: Are argumentative
statements highlighted?; Arg. types: Are subtypes of
argumentative statements labeled?; Non-arg: Are non-
argumentative statements labeled?; All sents.: Are labels
provided for all sentences?; Context: Are rebuttal texts’
contexts in the review provided? DISAPERE is the
only work to annotate every sentence in the review and
rebuttal, and the only work that applies discourse labels
to the author’s actions in the rebuttal.

3.1 Review sentence labels

3.1.1 Review actions

REVIEW-ACTION annotations characterize a sen-
tence’s intended function in the review. Annota-
tors label each sentence with one of six coarse-
grained sentence types including evaluative and
fact sentences, request sentences (including ques-
tions, which are requests for information), as well
as non-argument types: social, and structuring for
organization of the text.

3.1.2 Fine-grained review actions

We also extend two of these review actions with
subtypes: structuring sentences include headers,
quotations, or summarization sentences, and re-
quest sentences are subdivided by the nature of
the request, distinguishing between clarification of
factual information, requests for new experiments,
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Category Label Description Percentage
R

E
V

IE
W

-A
C

T
IO

N Evaluative A subjective judgement of an aspect of the paper 32.83%
Structuring Text used to organize an argument 27.70%
Request A request for information or change in regards to the paper 19.82%
Fact An objective truth, typically used to support a claim 8.55%
Social Non-substantive text typically governed by social conventions 1.41%
Other All other sentences 9.71%

A
S

P
E

C
T

Substance Are there substantial experiments and/or detailed analyses? 17.09%
Clarity Is the paper clear, well-written and well-structured? 11.08%
Soundness/Correctness Is the approach sound? Are the claims supported? 9.58%
Originality Are there new topics, technique, methodology, or insights? 3.85%
Motivation/Impact Does the paper address an important problem? 3.69%
Meaningful Comparison Are the comparisons to prior work sufficient and fair? 3.15%
Replicability Is it easy to reproduce and verify the correctness of the results? 2.86%

POLARITY
Negative Negatively describes an aspect of the paper (reason to reject) 29.43%
Positive Positively describes an aspect of the paper (reason to accept) 11.16%

FI
N

E
-R

E
V

IE
W

-A
C

T
IO

N

St
ru

ct
. Summary Reviewer’s summary of the manuscript 18.17%

Heading Text used to organize sections of the review 8.54%
Quote A quote from the manuscript text 1.00%

R
eq

ue
st

Explanation Request to explain scientific choices (question) 5.50%
Experiment Request for additional experiments or results 4.78%
Edit Request to edit the text in the manuscript 4.14%
Clarification Request to clarify the meaning of some text (question) 2.80%
Typo Request to fix a typo in the manuscript 1.98%

Table 2: A list of the review sentence labels, their descriptions, and the percentage of review sentences they apply to.
Labels from all categories besides REVIEW-ACTION are optional, and thus may not add up to 100%.

requests for an explanation (e.g. of motivations
or claims), requests for edits, and identification of
minor typos.

3.1.3 Aspect and polarity
ASPECT annotations follow the ACL review form
(Chakraborty et al., 2020; Yuan et al., 2021). These
distinguish clarity, originality, soundness/correct-
ness, replicability, substance, impact/motivation,
and meaningful comparison. Following Yuan et al.
(2021), arguments with an ASPECT are also anno-
tated for POLARITY. We label positive and negative
polarities. ASPECT and POLARITY are applied to
sentences whose REVIEW-ACTION value is evalua-
tive or request.

3.2 Rebuttal sentence labels

We annotate two properties of each rebuttal sen-
tence: a REBUTTAL-ACTION label characterizing
its intent, and its CONTEXT in the review in the
form of a subset of review sentences.

3.2.1 Rebuttal actions
The 14 rebuttal actions (Table 3) are divided into
three REBUTTAL-STANCE categories (concur, dis-

pute, non-arg) based on the author’s stance towards
the reviewer’s comments.

(1) concur: The author concurs with the premise
of the context. This includes answering a ques-
tion or discussing a requested change that has been
made to the manuscript, conceding a criticism in
an evaluative sentence. (2) dispute: The author
disputes the premise of the context. The rebuttal
sentence may reject a criticism or request, disagree
with an underlying fact or assertion, or mitigate
criticism (accepting a criticism while, e.g., arguing
it to be offset by other properties). (3) non-arg:
Encompasses rebuttal actions including social ac-
tions (such as thanking reviewers), and structuring
labels, for sentences that organize the review.

Responses to requests are further annotated: if
the author concurs, we record whether the task
has been completed by the time of the rebuttal,
or promised by the camera ready deadline; if the
author disputes, we record whether the task was
deemed to be out of scope for the manuscript.

3.2.2 Rebuttal context
We refer to the set of sentences which a rebuttal
sentence is responding to as the context of that
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Category Label Description Reply to Percentage
A

rg
um

en
ta

tiv
e

C
on

cu
r

Answer Answer a question Request 32.76%
Task has been done Claim that a requested task has been completed Request 8.58%
Concede criticism Concede the validity of a negative eval. statement Evaluative 2.70%
Task will be done Promise a change by camera ready deadline Request 2.01%
Accept for future work Express approval for a suggestion, but for future work Request 1.30%
Accept praise Thank reviewer for positive statements Evaluative 0.35%

D
is

pu
te Reject criticism Reject the validity of a negative eval. statement Evaluative 10.37%

Mitigate criticism Mitigate the importance of a negative eval. statement Evaluative 2.43%
Reject request Reject a request from a reviewer Request 1.16%
Refute question Reject the validity of a question Request 0.95%
Contradict assertion Contradict a statement presented as a fact Fact 0.86%

N
on

-a
rg Structuring Text used to organize sections of the review - 17.82%

Summary Summary of the rebuttal text - 7.94%
Social Non-substantive social text - 6.71%
Followup question Clarification question addressed to the reviewer - 0.32%
Other All other sentences - 3.75%

Table 3: A list of the rebuttal sentence labels, their descriptions, and the percentage of rebuttal sentences they apply
to. The “Reply to” column shows the REVIEW-ACTION types that a particular rebuttal type would canonically reply
to. Each rebuttal sentence has exactly one REBUTTAL-ACTION label, so these percentages add up to 100%.

sentence, with special labels for when referring to
the entire review (global context) or the empty set
(no context). By not mandating a fixed discourse
chunking, these annotations may handle situations
when some rebuttal sentences respond to large sec-
tions of text, and other rebuttal sentences respond
to specific sentences within those sections.

3.3 Data Source and Annotation

DISAPERE uses English text from scientific dis-
cussions on OpenReview (Soergel et al., 2013),
which makes peer review reports available for re-
search purposes. We draw review-rebuttal pairs
from the International Conference on Learning
Representations (ICLR) in 2019 and 2020, result-
ing in text within the domain of machine learning
research. Review-rebuttal pairs are split into train,
development and test sets in a 3:1:2 ratio such that
all texts associated with any manuscript occur in
the same subset. Overall statistics for the dataset
are summarized in Table 4.

Authors are able to respond to each ICLR review
by adding a comment. Although rebuttals are not
formally named, we consider direct replies by the
author to the initial review comment to constitute a
rebuttal. While multi-turn interactions are possible,
we focus on reviews and initial responses, and leave
study of extended discussion for future work. The
text is separated into sentences using the spaCy
(Honnibal and Montani, 2017) sentence separator.

Annotation was accomplished with a custom

Train Dev Test

Num. review-rebuttal pairs 251 88 167
Num. manuscripts 94 37 57
Num. adjudicated pairs 0 0 65
Num. review sentences 5216 1484 3246
Num. rebuttal sentences 5805 2015 3283
Num. review tokens 112k 33k 70k
Num. rebuttal tokens 131k 44k 75k

Table 4: Statistics for the dataset. Where possible, mul-
tiple reviews for the same manuscript were annotated.
All reviews for any particular manuscript fall within the
same train/dev/test split. Adjudicated pairs are those
that were annotated by multiple annotators, and had
disagreements resolved by an experienced annotator.
All test set pairs are double-annotated. While the origi-
nal sentence boundaries were maintained, tokenization
within sentences was carried out using Stanza(Qi et al.,
2020).

annotation tool designed for this task, which is
available as part of the code release accompany-
ing DISAPERE. The tool is described in detail in
Appendix B. Annotators annotate each sentence of
a review, then examine the rebuttal sentences in
order, selecting sets of review sentences to form
their context. While this linking between sentences
does not explicitly align multi-sentence chunks
as in pipelined approaches to discourse alignment
(Cheng et al., 2020), we note that since multiple
sentences may be aligned to the same set of sen-
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tences in the review, some discourse structure is
nevertheless latently implied.

3.4 Agreement

We report Cohen’s κ (Cohen, 1960) on the IAA of
labeling both review and rebuttals, treating each
sentence as a labeling unit (Table 5). The annota-
tors for each example are selected randomly from
the pool of 10 annotators. Cohen’s κ is calculated
for sentences annotated at least twice. Where more
than two annotations were produced, we calculate
κ between all pairs and normalize by the number
of possible pairs. The results show between mod-
erate and substantial chance-corrected agreement
between annotators, for both REBUTTAL-ACTION

and REBUTTAL-STANCE labels (Appendix D pro-
vides details about agreement on context sentences).
While these IAA scores do illustrate the noise of
the task, note that this is not highly unusual for dis-
course labeling tasks – e.g. Habernal and Gurevych
(2017) and Miller et al. (2019) both report αu be-
tween 0.4 and 0.5.

Label Cohen’s κ

REVIEW-ACTION 0.605
FINE-REVIEW-ACTION 0.583
ASPECT 0.447
POLARITY 0.561

REBUTTAL-STANCE 0.513
REBUTTAL-ACTION 0.479

Table 5: IAA for review labels (top) and rebuttals (bot-
tom), scored on double annotation. IAA is reported on
65 double-annotated examples, all of which fall in the
test set of DISAPERE.

4 Analysis

4.1 Context types

We separate the different types of rebuttal contexts
in terms of the number and relative position of
selected review sentences in Table 6, along with the
four cases in which the context cannot be described
as a subset of review sentences. Notably, 84.81%
of sentences are linked to some review context. A
small number of sentences refer to other sentences
within the rebuttal, rather than any review context,
posing a challenge for future work.

Context type
Rebuttal sents.
(Num.) (%)

Se
nt

s.
se

le
ct

ed Multiple contiguous 4696 42.29%
Single sentence 4313 38.85%
Mult. non-contiguous 407 3.67%

N
o

se
nt

s.
se

le
ct

ed

Global context 816 7.35%
Context in rebuttal 647 5.83%
No context 152 1.37%
Context error 61 0.55%
Cannot be determined 11 0.10%

Table 6: Different types of rebuttal sentence contexts.
Top: Over 84% of sentences are linked to a subset of
sentences in the review. Bottom: sentences not linked
to any particular subset of review sentences.

4.2 Alignment

One might reasonably hypothesize that the task of
alignment between rebuttal and review sentences
would be trivial, since authors are likely to respond
to each point in the review in order. We can show
that this is not the case. In Figure 2, we calcu-
late Spearman’s ρ between rebuttal sentence in-
dices and their aligned review sentence indices.
Rebuttals responding to each point in order would
achieve ρ = 1.0; this case is rare. Many exam-
ples with positive ρ < 1.0 indicate that authors
do respond to points approximately in order, but
a simple mapping based on order alone would not
capture the correct alignment. Thus, while linear in-
ductive bias may be beneficial to alignment models,
the task of determining rebuttal sentences’ contexts
is not trivial.
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Figure 2: Spearman’s ρ between rebuttal sentence in-
dices and aligned review sentence indices. The dashed
line indicates the median ρ value, which falls at 0.794.
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Figure 3: Distribution over REVIEW-ACTION for the
context sentences of three REBUTTAL-ACTIONs. The
canonical REVIEW-ACTION is marked by cross hatch-
ing. Note that authors sometimes interpret requests as
criticisms (“Concede criticism”); often respond to eval-
uative sentences as if they are questions (“Answer”),
and sometimes treat criticisms in the form of evaluative
sentences as requests which they then carry out. (“Task
has been done”)

4.3 Author interpretations of criticism

In our taxonomy, each argumentative REBUTTAL-
ACTION corresponds to a particular REVIEW-
ACTION, which we refer to as its canonical
REVIEW-ACTION (listed in ‘Reply to’ column of
Table 3). For example, answers are generally re-
sponses to requests, while conceding criticism is
usually a response to an evaluative statement. An-
notations revealed that authors often interpreted
review sentences as if they embodied REVIEW-
ACTIONs besides the canonical one, in a way that
furthered the author’s argumentative goal. For ex-
ample, authors often responded to evaluative state-
ments as if they were requests, perhaps in order to
appease a reviewer, although no action was explic-
itly requested. Figure 3 shows the distribution of
contexts for three different REBUTTAL-ACTIONs.

4.4 Relating discourse features to rating

Figure 4 shows one possible analysis taking into
account the rating of the review. We show the distri-
bution of FINE-REVIEW-ACTION labels of requests

Figure 4: Distribution of REVIEW-ACTION labels, sepa-
rated by rating

with review ratings. It appears that high-scoring
manuscripts are rarely asked to add experiments,
and are polished enough to not elicit requests to
fix typos. Interestingly, low-scoring manuscripts
have the second-lowest occurrence of typo requests,
which could be due to the preponderance of other
requests, but this bears further examination.

5 Application: Agreeability

Gao et al. (2019) showed that reviewers do not
appear to act upon the rebuttals responding their
reviews. It is possible that this is due to paucity of
time on the reviewers’ part. It is also common prac-
tice for area chairs to use review variance across
a manuscript’s reviews as a practical heuristic to
decide which manuscripts need their attention. We
propose that discourse information such as that
described by DISAPERE can be used to provide
heuristics that are data-driven, yet interpretable,
and leverage information from the content of re-
views rather than just numerical scores, resulting
in better decision making.

One such measure is agreeability, which we de-
fine as the ratio of CONCUR sentences to argumen-
tative sentences in a rebuttal, i.e.: agreeability =

nconcur
nconcur+ndispute

. We argue that low agreeability can
indicate problematic reviews even in cases where
the variance in scores does not reveal an issue, as
illustrated in Figure 5. Agreeability is only weakly
correlated with rating, with Pearson’s r = 0.347.
In Figure 5, 18% (28/159) of manuscripts would
not meet the bar for high variance scores (top quar-
tile), although their low agreeability (bottom quar-
tile) indicates that they may merit closer attention
from area chairs3.

3Two such examples included in DISAPERE: https:
//openreview.net/forum?id=r1e74a4twH
and https://openreview.net/forum?id=
HyMRUiC9YX.
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Figure 5: Mean agreeability for a manuscript’s reviews
v/s reviewer variance. Manuscripts above the dotted
line are in the top quartile of rating variance, and are
more likely to be reviewed by area chairs. Manuscripts
to the left of the dashed line are in the bottom quartile
of mean agreeability, in which authors take issue with
the premises of reviewers’ comments. The color of the
dots indicates the mean of the reviewers’ ratings.

6 Baselines

Two types of machine learning tasks can be defined
in DISAPERE. First, a sentence-level classification
task for each of the four review labels and the two
levels of rebuttal labels. Second, an alignment task
in which, given a rebuttal sentence, the set of review
sentences that form its context are to be predicted.

The models described below are not intended to
introduce innovations in discourse modeling, rather,
we intend to show the off-the-shelf performance of
state-of-the-art models, and indicate through error
analysis the phenomena that are yet to be captured.

6.1 Sentence classification

For the six classification tasks, we use
bert-base (Devlin et al., 2019) to pro-
duce sentence embeddings for each sentence, then
classify the representation of the [CLS] token
using a feedforward network.

We report macro-averaged F1 scores, shown in
Table 7. In general, F1 is lower for tasks with larger
label spaces. While the performance is reasonable
in most cases, there is still room for improvement.
While ASPECT achieves a particularly low F1 score,
its κ is within the bounds of moderate agreement;
thus, this must be accounted for by the inherent
difficulty of the task rather than a deficit in data
quality.

Classification task Macro F1
(test)

Cohen’s
κ

Num.
labels

REVIEW-ACTION 60.42% 0.605 7
FINE-REVIEW-ACTION 44.83% 0.583 10
ASPECT 38.28% 0.447 9
POLARITY 70.88% 0.561 3

REBUTTAL-STANCE 43.36% 0.513 4
REBUTTAL-ACTION 31.23% 0.479 17

Table 7: Sentence classification results. Top: review
labels; Bottom: rebuttal labels.

As one might expect, errors in the classification
results largely mirror disagreements in the anno-
tations, which in turn reflect particularly ambigu-
ous utterances. One example is the occurrence of
rhetorical questions, such as (1) in Table 8, incor-
rectly labeled as request instead of evaluative. In
fact, for sentences such as (1), additional context
would disambiguate its type: the reviewer answers
the question in the next sentence, and hence both
sentences were labeled evaluative. Similarly, (2)
was labeled fact, but since it is an integral part of a
reviewer’s argument against the soundness of the
paper, should have been labeled evaluative. Certain
reviewers also use conventions that do not fit the
general schema we observed when developing DIS-
APERE. For example, (3), an opinionated heading,
could be considered both structuring and evalua-
tive. Finally, certain lexical cues a model may pick
up on can be quite subtle. For example, though
they share a prefix, sentences (4) and (5) are clearly
evaluative and request respectively.

6.2 Rebuttal context alignment

We model rebuttal context alignment as a rank-
ing task. Ideally, a model should rank all relevant
review sentences higher than non-relevant review
sentences. As a baseline, we use an information
retrieval (IR) model based on BM25 that, given a
rebuttal sentence ranks all the corresponding re-
view sentences. We also report results from a
neural sentence alignment model based on a two-
tower Siamese-BERT (S-BERT) model (Reimers
and Gurevych, 2019). We add a NO_MATCH sen-
tence to the review, to which rebuttal sentences
without context sets in the review are aligned. Then,
each review and rebuttal sentence is encoded inde-
pendently using a S-BERT encoder and the similar-
ity between two sentences is computed using cosine
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Label (Pred.)

1 Can the proposed [...] function represent all function the authors used in the paper? Yes. E (R)
2 Matrices can have either “horizontal” or “vertical” redundancy (or “other” or neither). E (F)
3 Solid technical innovation/contribution: E
4 I am also wondering if the comparison with the baselines is fair. E
5 I wonder if the authors ever looked at how much [...] determines the performance of the system? R

Table 8: Example sentences including errors and challenging cases. E, R, F stand for evaluative, request and
fact respectively. Letters in parentheses show the incorrect label from the model. Sentence (3) functions both as
evaluative and structuring. Sentences (4) and (5) share a prefix but have different REVIEW-ACTIONs.

similarity. We initialize with a model4 pre-trained
on various sentence-pair datasets. Alignment is
evaluated using mean reciprocal rank (MRR) and
Mean Average Precision (MAP).

S-BERT BM25

MAP 0.4409 0.5174
MRR 0.5022 0.5980

Table 9: Rebuttal context alignment results. The results
of both models indicate significant scope for improve-
ment.

Surprisingly, the BM25 model outperforms a
neural model (Thakur et al., 2021). While this
shows that lexical information is a useful signal,
both models have significant scope for improve-
ment, and lexical overlap is clearly not sufficient
for this task. Importantly, neither of these models
account for the context of the rebuttal sentence,
and predict each sentence’s context independently.
Incorporating this information is likely to lead to
performance gains; however, we leave this investi-
gation to future work.

7 Conclusion

As the burden of academic peer reviewing grows,
it is important for program chairs and editors to act
upon data-driven insights rather than heuristics, to
make the best possible use of participants’ scarce
time. Models trained on data like DISAPERE will
allow decision makers to glean deep insights on the
interactions occurring during peer review.

Almost all publicly available peer review data
is from the domain of artificial intelligence, lim-
iting the scope of DISAPERE and any similar
project. While this means that models trained on
DISAPERE won’t necessarily generalize to all new
domains, we hope that with the detailed annotation
guidelines and seamless data collection using the
software provided with this paper support, users

4We initialize from a sentence-transformers/all-MiniLM-
L6-v2 model

can build on our work, and ensure that their insights
are robust to differences over time and across fields.

8 Ethics

The outcomes of peer review can have outsize ef-
fects on the careers of participating scholars. As
machine learning models are known to amplify
biases, we strongly recommend against using the
outputs of any machine learning system to make
decisions about individual cases. A dataset like
DISAPERE is best used to survey participants’ be-
havior. Any interventions based on this information
should be subjected to studies in order to ensure
that they do not introduce or exacerbate bias.
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tics.

A Rationale for taxonomy construction

Our label sets leverage ideas from and commonali-
ties between existing work in this domain, includ-
ing AMPERE (Hua et al., 2019), AMSR (Fromm
et al., 2020) ASAP-Review (Yuan et al., 2021), and
Gao et al. (2019):

• ASAP-Review’s polarity labels approximately
correspond to arg-pos and arg-neg labels in
AMSR

• AMSR and AMPERE each label non-
argumentative sentences in a similar manner

• aspect labels from ASAP-Review apply only
to certain types of sentences; namely request
and evaluative sentences from AMPERE’s
taxonomy.

• summary is an exception among ASAP-
Review’s aspects, behaving similarly to AM-
PERE’s quote. We thus include both of these
under a structuring category.

• Further, in order to gauge the extent to which
authors acquiesced to reviewers’ requests, we
introduce a fine-grained categorization of the
types of requests.

• Gao et al. (2019) enumerates some features
of rebuttals, including expressing gratitude,
promising revisions, and disagreeing with crit-
icisms. We formalize these observations into
our rebuttal label taxonomy.

B Annotation tool

Two modes of annotation are possible. First, anno-
tators can apply labels on a sentence-by-sentence
basis. Multiple labeling schemas can be anno-
tated simulatenously, with the option of adding
constraints so that certain values govern possible
values for other properties. This annotation mode
is shown in Figure 6.

The second annotation mode can build on the
output of the first annotation mode. Here, sen-
tences of a focus text (the rebuttal) are presented
in sequence, and annotators are permitted to select
one or more of the sentences in the reference text
(the review) which form the context of the sentence
of the focus text. Further, a label can be applied to
the alignment. This annotation mode is shown in
Figure 7 and Figure 8.
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Figure 6: Review annotation interface. Annotators select label values from dropdown menus for each review
sentence in turn. [1] Title of the manuscript whose review is being annotated [2] Reviewer identifier [3] Annotator
identifier (removed for anonymity) [4] Link to original forum, in case it is needed for context [5] Individual review
sentence [6] Option to report sentence splitting error (sentence splitting generally suffered from false positives) [7]
Dropdown for REVIEW-ACTION [8] Follow-up dropdownfor FINE-REVIEW-ACTION populated based on value in (7)
[9] Button to add second REVIEW-ACTION if necessary (this was seldom used)

C Annotated review-rebuttal pair

Figure 9 shows a truncated version of a review-
rebuttal pair from the train set of DISAPERE.

D Context overlap analysis

As a proxy for agreement of rebuttal spans, we
show the types of overlap between spans on rebut-
tal sentences from 81 examples annotated by two
annotators in Table 10.

Type of
context overlap

Num. rebuttal
sentences

% rebuttal
sentences

Exact match 914 53.11%
Partial match 492 28.59%
Agree none 122 7.09%
Disagree none 100 5.81%
No overlap 93 5.40%

Table 10: Types of context overlap. Full agreement is
achieved in the top rows (exact match and ‘Agree none’,
where both annotators agree that there is no appropri-
ate subset of review sentences forming the context. in
‘Disagree none’, one annotator marks a subset of review
sentences, while the other does not.

E Additional Agreement Analysis

While some of the IAA scores on annotation are
low, we note that the labels used in this task attempt
to characterize relatively complex relationships in
text. To give more insight into such disagreements,
Figure 10 provides a confusion matrix regarding
the REBUTTAL-ACTION labels. Recognizing that
there are often situations in which users of a dataset
will hope to reduce a label set, we provide some
guidance as to which such merges may be accept-
able and which are not.

Many disagreements come from three labels
which might be said to exist upon a continuum –
ANSWER, MITIGATE CRITICISM and REJECT CRIT-
ICISM. We suggest that in the situation of needing
to minimize IAA disagreement, one might consider
first merging mitigate criticism into reject criticism.
The kind of disagreements seen between the two
are understandable but nuanced: the difference be-
tween saying that the reviewer has a point (but that
they disagree on the relevance of that point) and
disagreeing with the point itself. Out-of-context re-
buttal sentences illustrating this are provided below
as examples of this kind of ambiguous situation:
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Figure 7: Rebuttal annotation interface. Annotators examine each rebuttal sentence in turn, selecting sentences
as context and specifying REBUTTAL-ACTION. [1] Title of the manuscript whose review is being annotated [2]
Buttons to navigate between rebuttal sentences. Each page refers to a single rebuttal sentence (See (9)) [3] Reviewer
identifier [4] Annotator identifier (removed for anonymity) [5] Link to original forum, in case it is needed for context
[6] Link to open pop-up window with full rebuttal text, in case it is needed for context [7] Full review text. When a
review sentence is clicked, it is highlighted and its details appear in (11) [8] Option to report sentence splitting error
(false positive) [9] Rebuttal sentence being annotated [10] Button to copy REBUTTAL-ACTION label and context
from previous rebuttal sentence [11] Table showing details of selected context sentences from the review, with the
labels the annotator provided The screenshot is continued in Figure 8.
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Figure 8: Rebuttal annotation interface (continued from Figure 7). Annotators examine each rebuttal sentence in
turn, selecting sentences as context specifying REBUTTAL-ACTION. [1] Full review text, continued from (7) in
Figure 7. [2] Dropdown to select context type, in case context cannot be defined as a subset of review sentences. [3]
Dropdown to select REBUTTAL-ACTION (keyboard navigation possible) [4] Buttons to select REBUTTAL-ACTION
(in case mouse navigation is preferred) [5] Option to report egregious sentence splitting errors.

• We note that such rules are indeed limited to
some extent, but they still capture a rather ex-
pressive fragment of answer set programs with
restricted forms of external computations.

• The use of Cvalp for hyperparameter tuning
was incidental and not a central point of our
paper.

• We agree that the measure theoretic approach
is not always necessary (indeed for angular
actions, it is not needed), but it is necessary
for a very common scenario – clipped actions.

Furthermore, we note that (as illustrated in the
confusion matrix) a wide range of disagreements
are hard to distinguish from “answer” labels, as
authors often attempt to frame disagreements as
simple answers to questions.
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{
"metadata": {
"forum_id": "ryGWhJBtDB",
"review_id": "BJgmhEfTcH",
"rebuttal_id": "rye3zaZ7or",

"title": "Hyperparameter Tuning and Implicit Regularization in Minibatch SGD",
"reviewer": "AnonReviewer3", "rating": 3, "conference": "ICLR2020",
"permalink": "https://openreview.net/forum?id=ryGWhJBtDB&noteId=rye3zaZ7or",
"annotator": "anno10"

},
"review_sentences": [
{
"review_id": "BJgmhEfTcH",
"sentence_index": 0,
"text": "This paper is an empirical contribution regarding SGD arguing that

it presents two different behaviors which the authors name a noise
dominated regimen, and a curvature dominated regime.",

"suffix": "",
"review_action": "arg_structuring", "fine_review_action": "arg-

structuring_summary",
"aspect": "none", "polarity": "none"

},
...

{
"review_id": "BJgmhEfTcH",
"sentence_index": 4,
"text": "I find the observations interesting, but the contribution is

empirical and not entirely new. It would be nice if there were some
theoretical results to back up the observations.",

"suffix": "",
"review_action": "arg_evaluative", "fine_review_action": "none",
"aspect": "asp_originality", "polarity": "pol_negative"

}
],
"rebuttal_sentences": [
{
"review_id": "BJgmhEfTcH", "rebuttal_id": "rye3zaZ7or",
"sentence_index": 0,
"text": "We thank the reviewer for their comments.",
"suffix": "\n\n",
"rebuttal_stance": "nonarg", "rebuttal_action": "rebuttal_social",
"alignment": [ "context_global", null]

},
{
"review_id": "BJgmhEfTcH", "rebuttal_id": "rye3zaZ7or",
"sentence_index": 1,
"text": "Although our primary contributions are empirical, we also provided

a detailed theoretical discussion in section 2, where we give a clear
and simple account of why the two regimes arise.",

"suffix": "",
"rebuttal_stance": "dispute", "rebuttal_action": "rebuttal_reject-criticism

",
"alignment": ["context_sentences", [4]]

},
...

]
}

Figure 9: A (truncated) example from the training set of DISAPERE.
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Figure 10: Confusion matrix showing agreement between annotators for REBUTTAL-ACTION labels.
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Abstract

Most existing reading comprehension datasets
focus on single-span answers, which can be
extracted as a single contiguous span from a
given text passage. Multi-span questions, i.e.,
questions whose answer is a series of multiple
discontiguous spans in the text, are common
in real life but are less studied. In this paper,
we present MultiSpanQA1, a new dataset that
focuses on questions with multi-span answers.
Raw questions and contexts are extracted from
the Natural Questions (Kwiatkowski et al.,
2019) dataset. After multi-span re-annotation,
MultiSpanQA consists of over a total of 6,000
multi-span questions in the basic version, and
over 19,000 examples with unanswerable ques-
tions, and questions with single-, and multi-
span answers in the expanded version. We in-
troduce new metrics for the purposes of multi-
span question answering evaluation, and estab-
lish several baselines using advanced models.
Finally, we propose a new model which beats
all baselines and achieves the state-of-the-art
on our dataset.

1 Introduction

The task of reading comprehension, where models
are required to process a text and answer questions
about it, has seen rapid progress in recent years.
As systems have increasingly matched humans on
popular datasets (Rajpurkar et al., 2016, 2018), re-
searchers have developed newer, more complex
formulations of the task, such as very long contexts
and answers (Kwiatkowski et al., 2019), multi-hop
reasoning (Yang et al., 2018), and discrete oper-
ations over the content of paragraphs (Dua et al.,
2019). One thing these datasets have in common is
that the answer is constrained to be a single span
that can be extracted or computed from the context.

However, in practice, the answer to a question
will often consist of multiple parts. As in the exam-
ple in Figure 1, the answer set contains 10 countries,

1Available at: https://multi-span.github.io

Question: Which countries does the Danube River flow
through?

Passage: ... Originating in Germany, the Danube flows
southeast for 2,850 km (1,770 mi), passing through or
bordering Austria, Slovakia, Hungary, Croatia, Serbia,
Romania, Bulgaria, Moldova and Ukraine before draining
into the Black Sea. ...

Answer set: {Germany, Austria, Slovakia, Hungary,
Croatia, Serbia, Romania, Bulgaria, Moldova, Ukraine }

Figure 1: Example of a multi-span question and answer
pair.

some of which are discontiguous in the passage.
Such cases are largely ignored in existing reading
comprehension research, in part because there are
no datasets of multi-span questions.

In this paper, we introduce MultiSpanQA, a new
reading comprehension dataset consisting of 6,536
multi-span examples. The raw questions and pas-
sages are extracted from Natural Questions (“NQ”:
Kwiatkowski et al. (2019)), a large-scale open-
domain QA dataset. Trained annotators were asked
to identify question–passage pairs where the an-
swer was multi-span, and annotate the spans. In ad-
dition to the basic version of the dataset consisting
entirely of multi-span answers, we also prepare an
expanded version with a selection of unanswerable
questions, and questions with single- and multi-
span answers, intended to reflect a more realistic
QA setup.

We further classify answer semantics into 5 cat-
egories, and manually label the logical structure of
the answer spans. We introduce metrics to evaluate
multi-span QA systems across these different tasks.

We propose several baselines, and a new model
which casts the task as a sequence tagging problem.
The proposed model combines a sequence tagger
with a span number predictor, span structure pre-
dictor, and span adjustment module. Experimental
results show that the proposed model surpasses
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all baselines and achieves 59.28% exact-match F1
score and 76.50% partial-match F1 score.

To summarize, our contributions are:
• A new reading comprehension dataset con-

taining 6.5k high-quality multi-span answers,
along with analysis and metrics for multi-span
QA.
• A novel label set for capturing the semantics

of multi-span answers, with annotations.
• A new model for multi-span reading compre-

hension which achieves state-of-the-art results
on our dataset.

2 Related Work

2.1 Question Answering Datasets

Extractive QA Most existing extractive QA
datasets such as SQuAD (Rajpurkar et al., 2016),
SQuAD2.0 (Rajpurkar et al., 2018), SearchQA
(Dunn et al., 2017), and QuAC (Choi et al., 2018)
restrict the answer passage to a single span of text.
SQuAD and SQuAD 2.0 limit the answer passage
to a short paragraph from Wikipedia; the best-
performing systems have now exceeded human
performance on these datasets. QuAC frames the
task in a dialogue setting by introducing a teacher
and student, where the student repeatedly asks the
teacher questions about a topic and the teacher tries
to find answers from the given passage. That is,
it supports information seeking through multi-turn
conversation. TriviaQA (Joshi et al., 2017) and
HotpotQA (Yang et al., 2018) extend the answer
context from single passage to multiple passages,
while HotpotQA further requires reasoning over
multiple passages to answer the question. However,
all of these datasets limit the answer to a single text
span from the provided answer context.

DROP (Dua et al., 2019) requires systems to re-
solve (possibly multiple) references in a question,
and perform discrete operations (such as addition,
sorting, or counting) over them. However, because
these operations are mostly numeric, the spans are
almost exclusively semantically homogeneous and
related to numeric values. MASH-QA (Dua et al.,
2019) extends the answer space to texts that span
across a longer document, but this dataset is highly
domain-specific, in the healthcare domain. Quoref
(Dasigi et al., 2019) and Natural Questions (“NQ”:
Kwiatkowski et al. (2019)) both contain multi-span
answers. Quoref requires systems to resolve coref-
erence among entities, to aid in span-selection. NQ
is a large-scale dataset that provides questions with

very long answer contexts. The proportion of multi-
span answers is around 10% and 2% in Quoref and
NQ, respectively. However in each case, multi-
span answers are captured as a single span, with no
annotation of the internal structure of the compo-
nent spans. WikiHowQA and WebQA (Cui et al.,
2021) both focus on non-factoid (e.g., how, why)
questions, with answers mostly being long spans
or full sentences.

Generative QA Generative QA datasets usually
require systems to answer questions in the form
of several sentences, either selected from the pro-
vided answer context or generated based on it. Wik-
iQA (Yang et al., 2015) and MS Marco (Nguyen
et al., 2016) are two open-domain generative QA
datasets, where answers in WikiQA are mostly sen-
tences from the answer passage, while answers
in MS Marco are free-form sentences generated
by crowd workers. NarrativeQA (Kociský et al.,
2018) is a dataset of movie and book summaries.
SearchQA (Dunn et al., 2017), ELI5 (Fan et al.,
2019), and CoQA (Reddy et al., 2019) are three
multiple-document datasets. SearchQA is con-
structed from question–answer pairs crawled from
Jeopardy!, and most questions can be answered
with a short (99% less than 5 tokens) extractive
span from a single document. ELI5 requires sys-
tems to generate paragraph-length answers by sum-
marizing information from multiple documents.
CoQA contains conversational questions, with free-
form text as answers.

Cloze style Cloze datasets such as CNN/Daily
Mail (Hermann et al., 2015), Children’s Book Test
(CBT) (Hill et al., 2016), and BookTest (Bajgar
et al., 2016) require systems to predict a missing
word from a passage. However, researchers have
shown that this task is artificial, and can be largely
solved with simple methods and relatively little
reasoning (Chen et al., 2016).

2.2 Multi-span Models
Dua et al. (2019) proposed to predict the num-
ber of output spans for each question, by apply-
ing a single-span predictor recursively, making
training complex. Segal et al. (2020) first pro-
posed to treat multi-span QA as a sequence tagging
task, in the form of a multi-head architecture (Dua
et al., 2019) to perform arithmetic operations be-
tween the predicted spans. Hu et al. (2019) applied
the non-maximum suppression (NMS) algorithm
(Rosenfeld and Thurston, 1971) to prune redundant
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bounding boxes from the top-k predicted spans of a
single-span predictor. Pang et al. (2019) proposed
HAS-QA, which supports multi-span prediction
by computing answer probabilities at the question,
paragraph and span levels. A common feature of
these works is that the predicted spans are fed into
an aggregation module, and the answers are usu-
ally a single span chosen from the prediction, or
a number computed from them. Cui et al. (2021)
proposed a model which can extract list-form an-
swers across multiple spans. Their work mainly
focuses on capturing the sequential and progressive
relationships between long-span descriptions.

3 Dataset Construction and Composition

In this section, we describe how we construct Mul-
tiSpanQA, and provide a statistical breakdown of
its composition.

3.1 Data Collection and Preprocessing

The question–passage pairs were selected from Nat-
ural Questions (NQ: Kwiatkowski et al. (2019)),
a large-scale open-domain QA dataset made up
of (question, passage, long answer, short answer)
quadruples where: the questions are real queries
issued to the Google search engine; the passage is
a Wikipedia page which may or may not contain
the information required to answer the question;
the long answer is a paragraph from the page con-
taining all information required to infer the answer;
and the short answer is one or more text spans that
answer the question. Both long and short answers
can be NULL if no viable answer candidate exists
on the page.

To create MultiSpanQA, we first extract NQ
questions annotated with multiple short answers,
and consider the long answer to be the answer pas-
sage. We then remove paragraphs that don’t con-
tain any question part, to eliminate the information-
retrieval component of NQ and focus more on the
short answer extraction problem. To make the
dataset easy to use, we strip HTML from the pas-
sages, so that they only contain plain text. As table
structure cannot be captured in the plain text af-
ter removing HTML, we remove the passages that
contain tables. Ultimately, around 6700 candidates
remain where each candidate is a triple of (question,
passage, set of answer spans).

To aid the annotation process, we classifies the
samples into 5 categories according to the expected
answer type of questions using a BERT-based clas-

Answer type % Example

DESCRIPTION 16.4 other gases
LOCATION 18.6 Vermont
HUMAN 46.1 George Benson
NUMERIC 7.3 9,677 ft
OTHER ENTITY 15.4 Torah

Table 1: Proportion and examples of answer types in
MultiSpanQA.

sifier trained on the TREC Question Classification
dataset (Li and Roth, 2002). The classes are DE-
SCRIPTION, LOCATION, HUMAN, NUMERIC, and
OTHER ENTITY. Table 1 shows the breakdown
and an example of each answer type class.

3.2 Issues in Existing Dataset
NQ was originally annotated by around 50 annota-
tors, with an average annotation time of 80 seconds
per instance. However, we found a number of is-
sues with the dataset: (1) grammatical errors in
questions, due to them being actual queries submit-
ted to the Google search engine by real users; (2)
answer boundary inconsistencies or errors, such as
the entity University of Melbourne being annotated
as an answer in one example but The University
of Melbourne being annotated in another; and (3)
wrong or incomplete answers: some questions are
not answered or are answered incompletely in the
annotated answer span, for example, to answer the
question Which countries does the River Danube
flow through?, 10 countries should be included
in the answer span while only 9 are annotated.
These issues are relatively uncommon overall in the
dataset, but occur disproportionately in multi-span
answers.

3.3 High Quality Re-annotation
We (re-)annotated all the data using the Brat annota-
tion tool (Stenetorp et al., 2012).2 Three annotators
were provided with a category-specific annotation
guide (broken down across the 5 predicted answer
types), and annotated the data on a per-category
basis.3

For each annotation instance, we show the ques-
tion, passage, and the original multiple answer
spans to the annotator. The first-pass annotation
was according to the following four categories:

2http://brat.nlplab.org
3The annotation guide is available in the github repository

along with the data.

1252

http://brat.nlplab.org


Answer structure % Example

Conjunction 82.6
Q: What purpose do aircraft carriers serve for aircraft?
Passage: carrying, arming, deploying, and recovering

Multi-part-
disjunction (Redun-
dant)

4.5
Q: When does the Force Unleashed 2 take place?
Passage: The game takes place approximately six months after the events
of the first game, and a year before the first Star Wars.

Multi-part-
disjunction (Non-
Redundant)

9.6
Q: When was the last year they made the Toyota Matrix?
Passage: Sales of the Matrix were discontinued in the United States in
2013, and in Canada in 2014.

Complex 3.1
Q: When was the Battle of Dien Bien Phu and what was the result?
Passage: The battle occurred between March and May 1954 and cul-
minated in a comprehensive French defeat that influenced negotiations
underway at Geneva among several nations over the future of Indochina.

Shared Structure 0.2
Q: What does Triangle Transit offer?
Passage: scheduled, fixed-route regional and commuter bus service

Table 2: Answer structure breakdown and examples.

• Good example: the question is clear, and the
answer spans are labelled consistent with the
annotation guide, in which case accept the
instance as is.
• Bad question: the question is ungrammati-

cal or not aligned with the passage content,
in which case rewrite the question while pre-
serving its original intended meaning where
possible (otherwise reject).
• Bad answer span(s): the answer span(s) are

incorrect or incomplete, in which case remove
the inappropriate spans and select the correct
spans.
• Bad question–answer pair: the question

doesn’t align with the passage content (e.g.
there is no answer there) or there are not mul-
tiple answer spans in the passage (e.g. there
is only a single answer span), in which case
reject the instance.

Although all examples in our dataset contain
multiple answer spans, the semantic structure
varies considerably. We hand-annotate this via a
novel 5-way annotation scheme, as follows (see
Table 2 for examples):

• 1. CONJUNCTION: Each span is part of the
answer, and the answer is complete only when
all of the spans are combined
• MULTI-PART-DISJUNCTION: Each span is

a complete (but independent) answer to the
question, with one of the following structures:

– 2. REDUNDANT: the multiple spans re-

fer to the same concept or entity. For
example, in the example in Table 2, each
span is a full answer to the question, spec-
ified using different temporal reference
points.

– 3. NON-REDUNDANT: the different
spans refer to different concepts or enti-
ties, each of which is independently cor-
rect in its respective context. For exam-
ple, in the example in Table 2 each span
is independently correct in the context of
a particular national market.

• 4. COMPLEX: The question is complex (made
up of multiple sub-parts), and each span is
an answer to a different sub-part, the inter-
nal logic of which is not enumeration. For
example, in the example in Table 2, the two
spans are independent answers to the two sub-
questions in the original question.
• 5. SHARED STRUCTURE: Spans are enumer-

ated in the form of a syntactically-coordinated
structure, sharing either a modifier or a head
(i.e. the first word(s) of the first span or last
word(s) of the last span). For example, in the
example in Table 2, the three spans share the
syntactic head bus service, and the full an-
swer is equivalent to scheduled bus service +
fixed-route regional bus service + commuter
bus service.
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#Spans 2 3 4–5 6–8 9–12 13–21

Count 3,791 1,414 915 337 71 8

Table 3: Number of answer spans in MultiSpanQA.

3.4 Dataset Statistics

The annotation was performed by three trained an-
notators with an average annotation time of 70 sec-
onds per instance. To test the inter-annotator agree-
ment (IAA), we randomly selected 100 instances
for each pairing of the three annotators to anntotate.
The same annotation (of all spans) of an instance is
considered as an agreement, and any difference in
one instance is considered as a disagreement. The
average pairwise IAA is 0.86 for answer spans and
0.94 for answer structures (both based on macro-
averaged exact match F1 score), with some dis-
agreements between CONJUNCTION and MULTI-
PART-DISJUNCTION (NON-REDUNDANT). To bet-
ter understand the composition of MultiSpanQA,
we compare our annotations with those in NQ, and
provide some basic statistics. Compared to the
original annotations in NQ, the annotators rejected
3.1% of instances, re-wrote the question for 5.6%
of instances, and modified the answer span annota-
tions for 22% of instances.

MultiSpanQA contains 6,536 instances with
5,230 for training, 653 for validation, and 653 for
test. Table 3 provides the distribution of the num-
ber of answer spans in the dataset, from which we
see the number of spans ranges from 2 to 21, but
80% of instances contain 2 or 3 spans, and only
about 1% of instances contain more than 9 spans.

3.5 Dataset Expansion

In its basic form, the MultiSpanQA dataset con-
tains only multiple-span answers, and the correct
answer can always be located in the passage (in
the form of multiple answer spans). However, in a
real-world QA scenario, single-span answer ques-
tions and unanswerable questions (i.e. the answer
is not contained in the passage) would realistically
exist. To create a more realistic and challenging
variant of the dataset, we add a comparable num-
ber of single-span question–answer pairs and unan-
swerable instances to MultiSpanQA, by randomly
sampling from NQ and applying the same prepro-
cessing. The total size of the expanded dataset
is 19,608 instances (three times the basic version,
partitioned similarly to the basic version).

4 Models

Formally, given a question and passage pair 〈q, p〉,
the task of multi-span QA involves finding all an-
swer spans s1, s2, ...sn, which are neither dupli-
cated nor overlap with each other, as well as predict
the answer structures.

4.1 Baselines

Single-span Baseline Because most existing
reading comprehension datasets only have single-
span answers, single-span architectures are widely
used in reading comprehension research. Usually,
a pre-trained model is used to encode the question
and passage, and output a contextualised represen-
tation for all input tokens. Then two feed-forward
networks are used to compute a score for each to-
ken which indicates whether the token is the start
or end of the answer. Finally, a softmax layer fol-
lowed by an argmax function is used to produce
the start and end positions of the answer.

To make MultiSpanQA trainable for a single-
span architecture, we experimented with two pre-
processing methods, and created two baselines ac-
cordingly:

1. Mark the start of the answer as the start po-
sition of the first answer span and mark the
end of the answer as the end position of the
last answer span. In this way, the model can
learn to find the shortest span that includes all
answer spans. We select the best prediction
for evaluation.

2. Suppose an instance has n answer spans, we
replace the instance with n instances, one for
each span with a single-span answer.

In this way, we can apply single-span answer mod-
els to our dataset.

For evaluation, to enable multi-span prediction,
we output the 20 highest-scoring predictions, and
tune a threshold t to select the answer spans with a
confidence score larger than t that optimises perfor-
mance on the training set. We remove overlapping
predictions based on confidence scores, rejecting
predictions with lower confidence scores. Note that
for both baselines, we apply the pre-processing to
the training data only.

Sequence Tagging Baseline Following Segal
et al. (2020), we cast question answering as a
sequence tagging task, predicting for each token
whether it is part of an answer. In our experiments,
we use the popular IOB tagging scheme to mark
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answer spans in the passage where B denotes the
first token of an answer span, I denotes subsequent
tokens within a span, and O denotes tokens that are
not part of an answer span.

4.2 Proposed Model

By investigating the failures of the sequence tag-
ging baseline, we find there is an issue that the
model struggles to capture global information. For
example, the number of answer spans may be spec-
ified in the question, but cannot be imposed as a
constraint on the tagger. To better use such global
information, we propose a span encoder, a number
of span predictor, an answer structure predictor, and
a span adjustment module (as in Figure 2), which
can be combined with any on-the-fly sequence tag-
ger (encoder).

Contextualiseed Encoder Given a pair of ques-
tion q and passage p, we first encode the question
and context together using a sequence pair encoder
as:

H = Encoder(〈q, p〉) ∈ Rl×h (1)

where H = [H[CLS];Hq;Hp] is the contextualised
token representation of all input tokens with a
pooled global token [CLS], h is the hidden-layer
size, and l is the input length.

After encoding, we fetch the hidden states of the
context tokens and input them to a linear classifier
to perform a preliminary token-level answer span

prediction, as:

Tp = FFN(Hp) ∈ Rlp×t (2)

where lp denotes the length of passage, and t de-
notes the number of labels (t = 3 in for IOB tag-
ging scheme).

Span Encoder According to the argmax of
preliminary predictions Tp, we take the continu-
ous token representations of the predicted spans
as span representation s1, s2, ...sn, where si =
[Hsi , Hsi+1, ...Hsi+k−1] ∈ Rk×h , k is the length
of the span, which varies across spans. Average
pooling is then applied to the span representations
si to generate a fixed-length span representation
Si ∈ R1×h.

We then concat the hidden state of [CLS] to-
ken H[CLS] with the span representations Si as
Ispan = [H[CLS], S1, ...Sn], and input them into a
span encoder as:

I = SpanEncoder(Ispan) ∈ R(n+1)×h (3)

Objective Function We fetch the hidden state of
span-level [CLS] token I[CLS] and input it to two
feed-forward networks to predict the number of
answer spans and the answer structure, respectively,
as below:

Pnum = FFN(I[CLS]) (4)

Pstructure = FFN(I[CLS]) (5)

We use cross-entropy loss for answer span and
structure prediction, and mean-square loss for
span number regression. For training, we use the
weighted sum of the three losses:

L = Lspans + λ1Lnum + λ2Lstructure (6)

Finally, a span adjustment module is used to
explicitly combine the predicted span number with
the span texts. We first assign a confidence score
to each label of the preliminary classification using
a softmax layer:

αconf = softmax(Up) ∈ Rlp×t (7)

The confidence of a predicted answer span ai is
defined as the maximum confidence of the tokens
within ai. Suppose there are k spans that been
tagged as answers and the predicted number of
span is n, if n < k, we rank the predicted spans by
confidence score, and keep the top-n answer spans
as answers.
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Method
MultiSpanQA MultiSpanQA (expand)

Exact Match Partial Match Exact Match Partial Match

P R F P R F P R F P R F

Single (v1) 1.07 0.37 0.55 28.04 69.99 40.04 8.98 5.53 6.85 59.83 71.27 65.05
Single (v1) + t 1.32 0.53 0.76 27.89 73.48 40.44 8.81 5.82 7.01 57.63 73.03 64.42

Single (v2) 15.92 5.55 8.23 58.86 48.23 53.02 12.60 7.77 9.61 67.64 58.36 62.66
Single (v2) + t 16.20 12.98 14.41 60.31 76.78 67.56 13.36 12.05 12.66 63.01 73.09 67.73

Tagger 52.45 61.11 56.45 75.91 74.53 75.22 39.43 43.54 41.38 70.79 69.42 70.10

Multi (joint) 54.51 62.55 58.25 77.53 75.49 76.50 40.14 42.88 41.47 73.09 69.68 71.35
Multi (full) 58.12 60.50 59.28 79.56 73.23 76.26 42.74 41.81 42.26 74.05 68.06 70.47

Table 4: Model performance on MultiSpanQA test set. “Single” without “t” means the single-span baseline with
single-span prediction. “Single” with “t” means we additionally tune a confidence score threshold to choose
multiple spans from the n-best single-span predictions. “Tagger” means the sequence tagging baseline. “Multi
(joint)” represents the proposed tagger model joint training with span number prediction and structure prediction,
“Multi (full)” signifies “Multi (joint)” with the proposed span adjustment module.

Answer Type Exact Match Structure

P R F Acc

DESCRIPTION 25.56 34.34 29.31 82.50
LOCATION 57.22 67.30 61.85 93.06

HUMAN 70.10 75.55 72.72 84.83
NUMERIC 41.02 44.13 42.52 72.41

OTHER ENTITY 64.89 65.08 64.99 77.55

Table 5: Results on MultiSpanQA (expanded) dev set
over different question types.

5 Experiments

5.1 Setup

For all baselines and our model, we use the Hug-
gingFace implementation of BERTBase (Wolf
et al., 2019; Devlin et al., 2019) as our en-
coder with max_sequence_length = 512 and
doc_stride = 128 to deal with long passages. For
the proposed span encoder, we use a multi-head
self-attention layer with 4 heads followed by a lin-
ear layer to encode the spans. The maximum span
number is set to 30 for the input of the span encoder.
For training, we use the BertAdam optimizer with
default hyperparameters and learning rate of 3e-5.
All models are trained with a batch size of 4 for
3 epochs. We use a two-layer feed-forward net-
work with a ReLU activation function for all linear
layers.

5.2 Evaluation Metrics

For answer structure prediction, we use accuracy to
evaluate the model performance. For answer span
prediction, we evaluate in terms of exact match and
partial match performance.

Exact match An exact match occurs when a pre-
diction fully matches one of the ground-truth an-
swers, and the F1 score is computed by treating
the predicted and ground-truth answer spans as a
set of spans. We use micro-averaged precision, re-
call, and F1 score for evaluation based on the stan-
dard formulation of Precision = TP/(TP+FP ),
Recall = TP/(TP + FN), and F1 = 2 ∗
Precision ∗Recall /(Precision+Recall), where
TP (True Positive) is the number of answer spans
correctly predicted by the model, FP (False Posi-
tive) is the number of spans incorrectly predicted
by the model, and FN (False Negative) is the num-
ber of answer spans not predicted by the model.
In the case of an unanswerable question with the
expanded dataset, we use a virtual span which indi-
cates no answer.

Partial Match To measure the overlap between
the predictions and ground truth answers, we pro-
pose the partial match precision, recall, and F1 by
treating each predicted span or ground-truth answer
span as a string. In detail, for each pair of predic-
tion pi and ground truth answer tj , we define the
partial retrieved score and partial relevant score as
the length of the longest common substring (LCS)
between pi and tj , divided by the length of pi and
tj , respectively, as:

sretij = len(LCS(pi, tj))/len(pi) (8)

srelij = len(LCS(pi, tj))/len(tj) (9)

Suppose there are n predictions and m ground
truth answers for a question. Since we do not know
the correspondence between predictions and an-
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#Span Exact Match Structure

P R F Acc

1 34.95 45.09 39.38 –
2-3 54.13 64.08 58.69 81.92
4-7 62.50 63.70 63.09 91.89
>7 82.25 71.83 76.69 81.25

Table 6: Results on MultiSpanQA (expanded) dev set
categorised by number of spans.

swers, we compute the partial retrieved score be-
tween a prediction and all answers and keep the
highest one as the retrieved score of the predic-
tion. Similarly, for each ground truth answer, the
relevant score is the highest one between it and
all predictions. The precision, recall, and F1 are
finally defined as follows:

Precision =

∑n
i=1maxj∈[1,m](sij

ret)

n
(10)

Recall =

∑m
j=1maxi∈[1,n](sijrel)

m
(11)

F1 =
2 ∗ Precision ∗Recall
Precision+Recall

(12)

We use micro-averaged scores for all metrics.

5.3 Results and Analysis
Table 4 shows the dev set results on MultiSpanQA,
where the left part is results on multi-span questions
only (the basic dataset), and the right part is the
results on the expanded dataset (including single-
span answers and unanswerable questions).

Single-span model From the table, we see that
single-span (v1) gets very low exact match scores
but higher partial match scores (compared to exact
match), as it is trained to find a single long span
that overlaps with all answer spans. By comparison,
single-span (v2) improves the exact match scores
on the basic dataset because it is trained on indepen-
dent single-span answers. This is also the reason
that: (1) single-span (v1) always gets a lower score
in partial match precision and a higher score in par-
tial match recall compared with single model (v2);
and (2) after applying the tuned threshold, single-
span (v2) gets a clear boost while single-span (v1)
does not exhibit a substantial change in results. The
overall performance of the single-span baselines is
relatively low, simply because the models can only
predict a single-span answer, which is incompatible
with the MultiSpanQA dataset.

Sequence tagging model Compared to the
single-span baselines, the sequence tagging mod-
els perform much better. Without changing the
encoder, there is an improvement of over 30 abso-
lute points on the exact match metrics, and about
8 for the partial match F1 metric in MultiSpanQA.
Performance is boosted using joint training with
span number prediction and answer semantics pre-
diction. Our proposed model achieves the best F1
score in most settings.

Another interesting finding is that single-span
models usually attain higher precision, while se-
quence tagging models attain higher recall. This
demonstrates that single-span models are more ac-
curate in the single-span answer they predict, while
sequence tagging models predictably tend to make
more predictions.

Comparing the two datasets Comparing re-
sults on the two datasets, we see that single-span
baselines are boosted over the expanded dataset
(where we add single-span answers and unanswer-
able questions), as single-span answers are more
tractable for these simpler models. The relative im-
provements for sequence tagging models are more
modest, but they still have a clear advantage over
the single-span baselines.

Difficulty analysis To explore the difficulty of
the MultiSpanQA dataset, we report the dev set re-
sults categorised by answer type in Table 5 and cat-
egorised by the number of spans in Table 6. From
the answer type perspective, the model performs
best on HUMAN questions, followed by OTHER

ENTITY and LOCATION (largely following the nat-
ural distribution of the respective classes in the
dataset). There is quite a drop for the NUMERIC

class, and a big drop again for the DESCRIPTION

class, which was also the class our annotators found
most difficulty with.

From the perspective of the number of spans, the
model performs best on questions with many (> 7)
answers. We think this is because the answers are
usually a list of spans with similar semantics, often
structured as a simple coordination. The perfor-
mance drops as the answer number decreases be-
cause the syntactic pattern in which answer spans
occurs is less predictable.

Answer Semantics From the answer type per-
spective, LOCATION answers usually have easily
predictable structure, while the structure of NU-
MERIC answers is the most difficult to predict.
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Figure 3: Confusion matrix of answer structure predic-
tion, based on log values.

From the perspective of the number of spans, an-
swers consisting of 4–7 spans are relatively easy
to predict and there is no significant difference be-
tween answers contain few (2 or 3) spans or many
(> 7) spans. Figure 3 shows the confusion matrix
of the answer structure predictions. We can see
that our model tends to predict CONJUNCTION and
NON-REDUNDANT, and there are no REDUNDANT

or SHARE predictions.

The overall answer structure accuracy is 84.38%,
which is slightly higher than the proportion of
CONJUNCTION (the majority class) in the dataset.
This suggests that directly applying a simple feed-
forward network to the pooled encoder output is
ineffective for answer semantics prediction, and
that this should be an area for future model refine-
ment.

6 Conclusion

We present MultiSpanQA, a reading comprehen-
sion dataset where answers consist of multiple dis-
crete spans. As part of this, we proposed a method
for classifying the semantic structure of answers,
based on the semantic relation between answer
spans. We also provide an expanded version of
the dataset which includes unanswerable questions
and single-answer questions, to make it both more
challenging and more realistic. We additionally pre-
sented a number of models for multi-span QA ex-
traction, and found that the best-performing model
was sequence tagging-based, augmented by a span
number prediction module and span adjustment
module.

Acknowledgements

The authors would like to thank the anonymous
reviewers for their constructive reviews. This
research was undertaken using the LIEF HPC-
GPGPU Facility hosted at the University of Mel-
bourne. This Facility was established with the
assistance of LIEF Grant LE170100200. This re-
search was supported by Australian Research Coun-
cil grant DP170100109.

References
Ondrej Bajgar, Rudolf Kadlec, and Jan Kleindienst.

2016. Embracing data abundance: BookTest dataset
for reading comprehension. CoRR, abs/1610.00956.

Danqi Chen, Jason Bolton, and Christopher D. Man-
ning. 2016. A thorough examination of the
CNN/daily mail reading comprehension task. In
Proceedings of the 54th Annual Meeting of the As-
sociation for Computational Linguistics (Volume 1:
Long Papers), pages 2358–2367, Berlin, Germany.
Association for Computational Linguistics.

Eunsol Choi, He He, Mohit Iyyer, Mark Yatskar, Wen-
tau Yih, Yejin Choi, Percy Liang, and Luke Zettle-
moyer. 2018. QuAC: Question answering in context.
In Proceedings of the 2018 Conference on Empiri-
cal Methods in Natural Language Processing, pages
2174–2184.

Peng Cui, Dongyao Hu, and Le Hu. 2021. ListReader:
Extracting list-form answers for opinion questions.
CoRR, abs/2110.11692.

Pradeep Dasigi, Nelson F. Liu, Ana Marasovic,
Noah A. Smith, and Matt Gardner. 2019. Quoref:
A reading comprehension dataset with questions re-
quiring coreferential reasoning. In Proceedings of
the 2019 Conference on Empirical Methods in Nat-
ural Language Processing and the 9th International
Joint Conference on Natural Language Processing,
pages 5924–5931.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2019. BERT: pre-training of
deep bidirectional transformers for language under-
standing. In Proceedings of the 2019 Conference of
the North American Chapter of the Association for
Computational Linguistics: Human Language Tech-
nologies, Minneapolis, USA, pages 4171–4186.

Dheeru Dua, Yizhong Wang, Pradeep Dasigi, Gabriel
Stanovsky, Sameer Singh, and Matt Gardner. 2019.
DROP: A reading comprehension benchmark requir-
ing discrete reasoning over paragraphs. In Proceed-
ings of the 2019 Conference of the North Ameri-
can Chapter of the Association for Computational
Linguistics: Human Language Technologies, pages
2368–2378.

1258

http://arxiv.org/abs/1610.00956
http://arxiv.org/abs/1610.00956
https://doi.org/10.18653/v1/P16-1223
https://doi.org/10.18653/v1/P16-1223
https://doi.org/10.18653/v1/d18-1241
http://arxiv.org/abs/2110.11692
http://arxiv.org/abs/2110.11692
https://doi.org/10.18653/v1/D19-1606
https://doi.org/10.18653/v1/D19-1606
https://doi.org/10.18653/v1/D19-1606
https://doi.org/10.18653/v1/n19-1423
https://doi.org/10.18653/v1/n19-1423
https://doi.org/10.18653/v1/n19-1423
https://doi.org/10.18653/v1/n19-1246
https://doi.org/10.18653/v1/n19-1246


Matthew Dunn, Levent Sagun, Mike Higgins,
V. Ugur Güney, Volkan Cirik, and Kyunghyun
Cho. 2017. SearchQA: A new Q&A dataset aug-
mented with context from a search engine. CoRR,
abs/1704.05179.

Angela Fan, Yacine Jernite, Ethan Perez, David Grang-
ier, Jason Weston, and Michael Auli. 2019. ELI5:
long form question answering. In Proceedings of
the 57th Conference of the Association for Computa-
tional Linguistics, pages 3558–3567.

Karl Moritz Hermann, Tomás Kociský, Edward Grefen-
stette, Lasse Espeholt, Will Kay, Mustafa Suleyman,
and Phil Blunsom. 2015. Teaching machines to read
and comprehend. In Annual Conference on Neural
Information Processing Systems, pages 1693–1701.

Felix Hill, Antoine Bordes, Sumit Chopra, and Jason
Weston. 2016. The Goldilocks principle: Reading
children’s books with explicit memory representa-
tions. In 4th International Conference on Learning
Representations.

Minghao Hu, Yuxing Peng, Zhen Huang, and Dong-
sheng Li. 2019. A multi-type multi-span network
for reading comprehension that requires discrete rea-
soning. In Proceedings of the 2019 Conference on
Empirical Methods in Natural Language Processing
and the 9th International Joint Conference on Natu-
ral Language Processing, pages 1596–1606.

Mandar Joshi, Eunsol Choi, Daniel S. Weld, and Luke
Zettlemoyer. 2017. TriviaQA: A large scale dis-
tantly supervised challenge dataset for reading com-
prehension. In Proceedings of the 55th Annual Meet-
ing of the Association for Computational Linguistics,
pages 1601–1611.

Tomás Kociský, Jonathan Schwarz, Phil Blunsom,
Chris Dyer, Karl Moritz Hermann, Gábor Melis, and
Edward Grefenstette. 2018. The NarrativeQA read-
ing comprehension challenge. Transactions of the
Association for Computational Linguistics, 6:317–
328.

Tom Kwiatkowski, Jennimaria Palomaki, Olivia Red-
field, Michael Collins, Ankur P. Parikh, Chris Al-
berti, Danielle Epstein, Illia Polosukhin, Jacob De-
vlin, Kenton Lee, Kristina Toutanova, Llion Jones,
Matthew Kelcey, Ming-Wei Chang, Andrew M. Dai,
Jakob Uszkoreit, Quoc Le, and Slav Petrov. 2019.
Natural Questions: A benchmark for question an-
swering research. Transactions of the Association
for Computational Linguistics, 7:452–466.

Xin Li and Dan Roth. 2002. Learning question classi-
fiers. In 19th International Conference on Computa-
tional Linguistics.

Tri Nguyen, Mir Rosenberg, Xia Song, Jianfeng Gao,
Saurabh Tiwary, Rangan Majumder, and Li Deng.
2016. MS MARCO: A human generated machine
reading comprehension dataset. In Proceedings

of the Workshop on Cognitive Computation: Inte-
grating Neural and Symbolic Approaches 2016 co-
located with the 30th Annual Conference on Neural
Information Processing Systems, volume 1773.

Liang Pang, Yanyan Lan, Jiafeng Guo, Jun Xu, Lixin
Su, and Xueqi Cheng. 2019. HAS-QA: hierarchical
answer spans model for open-domain question an-
swering. In The Thirty-Third AAAI Conference on
Artificial Intelligence, pages 6875–6882.

Pranav Rajpurkar, Robin Jia, and Percy Liang. 2018.
Know what you don’t know: Unanswerable ques-
tions for SQuAD. In Proceedings of the 56th An-
nual Meeting of the Association for Computational
Linguistics, pages 784–789.

Pranav Rajpurkar, Jian Zhang, Konstantin Lopyrev, and
Percy Liang. 2016. SQuAD: 100,000+ questions for
machine comprehension of text. In Proceedings of
the 2016 Conference on Empirical Methods in Natu-
ral Language Processing, pages 2383–2392.

Siva Reddy, Danqi Chen, and Christopher D. Manning.
2019. CoQA: A conversational question answering
challenge. Transactions of the Association for Com-
putational Linguistics, 7:249–266.

Azriel Rosenfeld and Mark Thurston. 1971. Edge and
curve detection for visual scene analysis. IEEE
Transactions on Computers, 20(5):562–569.

Elad Segal, Avia Efrat, Mor Shoham, Amir Globerson,
and Jonathan Berant. 2020. A simple and effective
model for answering multi-span questions. In Pro-
ceedings of the 2020 Conference on Empirical Meth-
ods in Natural Language Processing, pages 3074–
3080.

Pontus Stenetorp, Sampo Pyysalo, Goran Topić,
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Abstract

Motivated by the need for accelerating text en-
try in augmentative and alternative communi-
cation (AAC) for people with severe motor im-
pairments, we propose a paradigm in which
phrases are abbreviated aggressively as primar-
ily word-initial letters. Our approach is to
expand the abbreviations into full-phrase op-
tions by leveraging conversation context with
the power of pretrained large language mod-
els (LLMs). Through zero-shot, few-shot, and
fine-tuning experiments on four public conver-
sation datasets, we show that for replies to the
initial turn of a dialog, an LLM with 64B pa-
rameters is able to accurately expand over 70%
of phrases with abbreviation length up to 10,
leading to an effective keystroke saving rate of
up to 77% on these expansions. Including a
small amount of context in the form of a single
conversation turn more than doubles abbrevia-
tion expansion accuracies compared to having
no context, an effect that is more pronounced
for longer phrases. Additionally, the robust-
ness of the models against typo noise can be
enhanced through fine-tuning on noisy data.

1 Introduction

The prevalent paradigm of text entry on computing
devices is sequential typing of characters. Word
completion and prediction can theoretically save
up to 40-50% keystrokes when 3-5 predictions
are provided (Trnka and McCoy, 2008; Fowler
et al., 2015). This reduces the motor and cogni-
tive demand of entering text, especially on devices
where typing is difficult, e.g., phones. In AAC
use cases such as eye-gaze keyboards for severely
motor-impaired individuals, the cost per keystroke
is so high that there is a desire to save as many
keystrokes as possible. Gaze-typing requires the
user to precisely control the direction and timing of
gaze for each keystroke, resulting in an extremely
low text-entry speed of 8-10 words per minute and

∗equal contribution

Figure 1: Our approach to abbreviation expansion based on an
LLM with context compared to one without. The conversation
context (e.g., a previous turn of conversation) along with the
abbreviation of the intended phrase form the LLM’s input.
Sampled continuations from the model are filtered to discard
those that do not match the abbreviation. Top-5 options after
sorting by frequency are presented.

severely limiting real-time communication (Waller,
2019). A text-entry paradigm with substantially
higher keystroke saving rate (KSR) can reduce mo-
tor demand and thereby benefit AAC usage in real-
time communication.

One potential paradigm is "SMS language",
a spontaneously-evolved system for saving
keystrokes in which each word is abbreviated as
a single letter, such as in the well-known abbrevi-
ations sg for sounds good and ttyl for talk to you
later (Anjaneyulu, 2013). SMS language features
a high KSR (75-80%), but is limited by its small
closed set of common phrases of mostly six words
or shorter. Its abbreviation scheme is not applied to
longer or less frequent phrases because such abbre-
viations would be hard for the recipient to decipher.
For example, the abbreviation iipitb is highly am-
biguous and may represent many possible phrases,
e.g., it is pouring in the bay and it is pretty in the
backyard (see Figure 1 for more examples). Some
existing AAC systems support abbreviation expan-
sion (e.g., Tobii), but are limited by hardcoded,
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closed phrase sets.
The current study is based on the insight that

although decoding open-set phrases from abbre-
viations is hard without context due to ambiguity,
providing conversational context significantly con-
strains the space of likely phrases as shown by
the example in Fig.1 (it is playing in the back-
yard). Hence we propose a high-KSR abbrevia-
tion scheme that focuses on conversational scenar-
ios. We apply this scheme to three existing dialog
datasets and create datasets for abbreviation expan-
sion (AE).

This allows us to study whether LLMs, trained
on web text including conversational data, can en-
able AE and benefit from added context. We take a
64B parameter LLM and compare zero-shot, few-
shot, and fine-tuning performance on the AE task.
Additionally, we simulate typing noise to study
tolerance of the approach to typos. The main con-
tributions of our work are:

1. Demonstrating the potential of abbreviation
expansion using LLMs aided by conversational
context for highly-abbreviated text entry, while
measuring the effects of different amounts of con-
text and different dialog turns.

2. Describing a high-KSR abbreviation scheme,
a method for simulating typing noise, and conver-
sation datasets based on these.

3. Comparing zero-shot, few-shot, and model
fine-tuning approaches for the AE task and their
tolerance to typo noise.

2 Related Work

Abbreviation expansion for text entry. Previ-
ous research on aiding text entry through AE used
abbreviation schemes such as using only content
words (Demasco and McCoy, 1992), discarding
certain vowels and consonants (Shieber and Nelken,
2007), and flexible letter saving schemes (Pini et al.,
2010; Adhikary et al., 2021; Gorman et al., 2021).
Spontaneous abbreviations schemes primarily omit
vowels, repeating consonants, last characters, and
spaces, and lead to modest KSR (e.g., 25-40%
in Willis et al. 2005, and 21% in Adhikary et al.
2021.) The low KSR of such schemes can be at-
tributed to the implicit need for a human reader
to decode the phrases without significant cogni-
tive burden. N-gram models and neural language
models (LMs) have been applied to expanding ab-
breviations for these relatively low-KSR schemes.
By using LSTM models and context, Gorman et al.

(2021) achieve a word error rate of 1.5%. Adhikary
et al. (2021) report a 24.2% top-5 sentence error
rate decoding abbreviations using an RNN to aug-
ment an n-gram LM. Our presented approach is a
step towards using automation and context to ex-
pand abbreviations at a higher KSR that is close to
that of SMS language.

Large language model prompting and fine-
tuning. Our approach builds on prior work on
LLMs including few-shot prompting, fine-tuning,
and conversation models (Raffel et al., 2019;
Brown et al., 2020; Adiwardana et al., 2020;
Roller et al., 2020). We focus primarily on few-
shot prompting (Brown et al., 2020) and fine-
tuning (Ruder, 2021). Few-shot prompting uses a
text description of a task along with a small number
of examples for the task in the input text in order
to elicit desired task responses from an LLM. In
the zero-shot scenario, no examples are provided.
Prompting involves no updates to the model pa-
rameters. Model fine-tuning requires more data
compared to prompting, but often leads to higher
task accuracy than prompt engineering (e.g., Austin
et al. 2021; Lester et al. 2021). For our AE task,
data for fine-tuning can be synthesized from exist-
ing conversation datasets based on an abbreviation
scheme (Sec. 3). Thus, we explore both prompting
and fine-tuning and compare their performance.

Assisting text entry with context. Textual con-
texts have been exploited to aid email writing (Kan-
nan et al., 2016; Chen et al., 2019). For text en-
try in AAC, Wisenburn and Higginbotham (2008)
demonstrated that providing noun phrases from a
conversation partner’s speech as selection options
increases text-entry speed by 36.7%. Adhikary et al.
(2019) concluded that with currently-attainable ac-
curacy of ASR, partner speech can be valuable in
improving language modeling for AAC text entry.
Shen et al. (2022) used a fine-tuned GPT-2 model
(Radford et al., 2019) to expand bags of keywords
into full phrases in conversational contexts based
on the ConvAI2 dataset (Dinan et al., 2020) and
reported a KSR of 77% at a word error rate thresh-
old of 0.65. Our current study differs from the
previous studies in the following aspects. First, we
provide an abbreviation scheme to allow greater
user control over the exact phrase structure and
wording. Second, we performed detailed quantita-
tive analysis of the combined predictive power of
state-of-the-art LLMs and context awareness.

1262



3 Methodology

Abbreviation Scheme. Our abbreviation
scheme differs from previous studies in that we
optimize for KSR and do not expect a human
reader to be able to easily decode the abbreviations.
Additionally, it offers the benefit that each given
phrase is mapped to a fixed abbreviation. The
detailed rules for abbreviating phrases are:

1. Each word is abbreviated as its initial letter,
unless the word contains an apostrophe (i.e., con-
traction), in which case the word is split at the
apostrophe and the initial letters from the splits are
taken (e.g., can’t –> ct). This prevents abbrevia-
tions that are otherwise identical but semantically
opposite (e.g., can vs. can’t).

2. All letters in the abbreviation are lowercase.

3. Arabic numerals in a sentence are preserved
(e.g., see you at 10 o’clock –> sya10oc).

4. Sentence-final punctuation are removed. Mid-
sentence punctuation and special characters (e.g., #
and $) are preserved to help constrain the structure
of the sentence (e.g., OK, but be quick. –> o,bbq).

3.1 Datasets for context-aware AE

We study modified versions of existing dialog
datasets, which we converted for the context-aware
AE task. We also describe how we simulate typos.

Datasets. Table 1 summarizes the four datasets.
We use their original train/dev/test splits in our ex-
periments. The Turk Dialogues dataset (Vertanen,
2017) consists of crowd-sourced dialogs, each of
which is exactly six turns in length. The dataset has
typos and grammatical errors. We manually cor-
rect these and refer to the corrected dataset as Turk
Dialogues Corrected (TDC).1 We use three more
datasets, DailyDialog (Li et al., 2017), a dataset of
everyday conversations; the Cornell Movie Dia-
logues (CMD) (Danescu-Niculescu-Mizil and Lee,
2011) based on movie scripts, and the Turk AAC
dataset (TAC) (Vertanen and Kristensson, 2011).
For evaluation on out-of-domain dialogs, we use
the TaskMaster-1 Self Dialogs (TMSD) dataset
(Byrne et al., 2019), a corpus of dialogs written by
crowdworkers for task-oriented scenarios such as
ordering pizza. TMSD is used only for evaluation
and not for training or validation of the models. For
DailyDialog, we remove 228 dialogues from the

1The corrected version is available in the file
turk_dialogues_corrected.txt in Supplemental Data

test split that are duplicate with conversations in the
train split (see Appendix A), which leads to what
we call the DailyDialog Corrected (DDC) dataset.
No correction is applied to the other datasets. The
TAC dataset contains only isolated phrases without
any conversational-turn context. Hence we use it
only for training. In all of our experiments, we com-
bine data from the training splits of all four datasets
when fine-tuning models. We perform evaluations
on the TDC, DDC, CMD, and TMSD datasets. The
TDC dataset is chosen as our primary benchmarks
because of its strict six-turn dialog structure.

Modifications for the AE task. The above-
mentioned datasets are typically used to study
dialog generation. For our scenario, we con-
vert each turn of the conversation in these
datasets into the following canonical format:

Context: {Content of the contextual turn}
Shorthand: {Abbreviation of next turn}
Full: {Expanded content of next turn}
Context: {Would you like to sit down?}
Shorthand: {n,imfsu}
Full: {No, I’m fine standing up}

For the AE task, the context consists of one or
more previous dialog turns. When context is absent
(e.g., for the opening turn), the context part is
omitted. For a multi-turn dialog, the nth (1-based)
example contains the first (n - 1) dialog turns as the
context as well as the shorthand and the full form
of the nth turn. Thus, a 6-turn conversation yields
six examples for the AE task. When multiple
sentences are present in a single turn, we use only
the first sentence for expansion; when a turn is
used as context, all available sentences are used.
Table 2 shows examples generated from all six
turns of a dialog from TDC. Each dialog in the
TDC, DDC, and CMD datasets yields several
examples covering different amount of context.
We create only 0-context-turn examples for the
TAC dataset since it contains only isolated phrases.

Text-entry noise in AE datasets. As with our
AE scheme, the introduction of noise to the datasets
is also motivated by the AAC text entry use case,
and in particular eye-gaze typing, which is error
prone (Feit et al., 2017). Here, misclicks occur
frequently and must be taken into account when
designing a gaze-driven text entry system. In order
to simulate the noise, we model eye-gaze typing
as uncorrelated 2D Gaussian distributions around
the intended key (Azenkot and Zhai, 2012). To
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train dev test
Dataset #conv. #examples Avg. tokens #conv. #examples Avg. tokens #conv. #examples Avg. tokens

Turk Dialogues Corrected (TDC) 859 5,154 54.4 ± 24.0 280 1,680 54.5 ± 24.3 280 1,680 55.0 ± 24.7
Turk AAC (TAC) 5,019 5,019 20.5 ± 4.3 559 559 20.9 ± 4.4 565 565 20.1 ± 4.0
DailyDialog Corrected (DDC) 11,188 87,170 101.1 ± 77.0 823 6,498 98.9 ± 72.3 772 5,852 96.7 ± 69.2
Cornell Movie Dialog (CMD) 66,848 244,798 68.3 ± 71.8 8,645 31,272 65.5 ± 67.4 7,444 27,429 69.8 ± 76.2

Table 1: Summary of datasets with number of conversations (conv.), examples, and average tokens (mean ± 1 SD in number of
SentencePiece tokens) used in our experiments for the context-aware AE task.

Original dialog AE example AE example (noise σ=0.3)

Would you like to sit down?

No, I’m fine standing up

Are you sure you don’t
want to sit down?

Been sitting all day. Work was

just one meeting after another.

Oh, I’m sorry. I don’t enjoy

work days like that.

It feels good to stretch

my legs a bit.

0-turn context: Shorthand: {wyltsd}.
Full: {Would you like to sit down?}
1-turn context: Context: {Would
you like to sit down?}. Shorthand:
{n,imfsu}. Full: {No, I’m fine stand-
ing up}
· · ·
5-turn context: Context: {Would you
like to sit down?} {No, I’m fine stand-
ing up} {Are you sure you don’t want to
sit down?} {Been sitting all day. Work
was just one meeting after another.}
{Oh, I’m sorry. I don’t enjoy work
days like that.}. Shorthand: {ifgtsm-
lab}. Full: {It feels good to stretch my
legs a bit.}

0-turn context: Shorthand: {wy!tsd}.
Full: {Would you like to sit down?}
1-turn context: Context: {Would
you like to sit down?}. Shorthand:
{n,infsu}. Full: {No, I’m fine stand-
ing up}
· · ·
5-turn context: Context: {Would you
like to sit down?} {No, I’m fine stand-
ing up} {Are you sure you don’t want to
sit down?} {Been sitting all day. Work
was just one meeting after another.}
{Oh, I’m sorry. I don’t enjoy work days
like that.}. Shorthand: {ifgtsmoab}.
Full: {It feels good to stretch my legs a
bit.}

Table 2: An example dialog and the generated AE examples without and with typo noise. The six-turn dialog is an excerpt from
the train split of the TDC dataset. In the 3rd column, the typos in abbreviation are marked in red.

Figure 2: Keyboard layout for simulating noise in AE key-
presses. The circles on the f key show 1σ around the mean
for σ ∈ {0.3, 0.5} in the 2D Gaussian distributions used to
model typing noise.

simulate noise in the abbreviation input, we use a
simplified rectangular-grid qwerty keyboard layout
with 30 keys arranged in three rows and 10 columns.
The keys are 1×1 squares with no gaps in between.
The keystrokes for an intended key are drawn from
2D Gaussian distribution centered on the center of
the intended key and standard deviations denoted
σ equal in the two spatial dimensions. To model
different levels of noise, we use three values of
σ: 0.0 (i.e., no-typo baseline), 0.3, and 0.5, which
corresponds to 0%, 13%, and 44% character error
rates, respectively. Examples with simulated typos
are shown in Table 2.

3.2 Large Language Model
One of our goals is to test whether zero-shot and
few-shot prompting of LLMs are effective at the
AE task without the need for supervised fine-tuning.
Prompting is the method of eliciting desired task-
specific responses from an LLM by including a

natural-language description of the task and/or
input-output examples of the task in the input string
for an LLM, without altering the model’s weights
(Brown et al., 2020). Zero- and few-shot prompting
differ in whether any examples are included in the
prompt to the LLM. For this, we use a decoder-
only Transformer language model (Vaswani et al.,
2017) from the LaMDA (Thoppilan et al., 2022)
family of models. Our experiments are based
on the 64B parameter model, unless otherwise
specified. This model has 32 Transformer layers,
with dmodel = 8192, dff = 65536, h = 128,
dk = dv = 128. The model was pre-trained on
2.97B public web documents, Wikipedia, and di-
alogs. The training data was tokenized with the
SentencePiece vocabulary (Kudo and Richardson,
2018) of size 32K. We call this the BaseLLM.

We also developed fine-tuned versions of this
model for the AE task. The fine-tuning uses ex-
amples in the format as shown in Table 2. Since
the BaseLLM is a decoder only model, and we
use both the context and abbreviation as triggers
to the model during inference, we modify the loss
to only be calculated on the tokens of the AE tar-
get, i.e. the full form to be predicted in the pair
of curly brackets after "Full:". For both training
and inference, we split the characters in the ab-
breviation with spaces to force SentencePiece to
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use per-character IDs. We tune 2 two models, FT-
LLM on the combined AE datasets without typos,
and FTnoise-LLM on the version with simulated
typos. Both use early stopping on a dev set consist-
ing of combined examples from the dev splits of
TAC and TDC (Table 1).

4 Experiments

Models. We use and compare the following mod-
els in our different experiment settings.

Look-Up Table (LUT). As a straight-forward,
non-ML baseline, we compile a dictionary of
375,298 sentence-level abbreviations from the train
splits of the datasets in Table 1. Each abbreviation
maps to one or more phrases with their frequencies,
leading to 447,249 unique abbreviation-sentence
pairs. During evaluation, we map the query abbrevi-
ation to the top-5 expansion phrases (by frequency)
by using the dictionary and breaking ties randomly.

BaseLLM (from Sec. 3.2). We study the
BaseLLM in the zero-shot and few-shot (specif-
ically 4-shot) settings3. The four examples are
selected from the train split of the TDC dataset (see
Appendix B). We quantify the variability of the
model on a sets of 856 4-example sequences from
the train split of the TDC dataset. The best per-
forming one on the dev set is denoted BaseLLM∗.

FTnoise-LLM tuned on simulated typos with
noise level σ = 0.3 (see Appendix C), and FT-
LLM tuned on AE data without noise as described
in Sec. 3.2 are additional models we compare to.

T5 encoder-decoder. For comparison with
smaller models, we use the T5 encoder-decoder
small (60M), large (770M), and 3B parameter
models fine-tuned on AE data without noise, iden-
tical to FT-LLM.

We evaluate the fine-tuned models in the set-
ting without any explicit natural language instruc-
tions (denoted “no instr.”) unless mentioned oth-
erwise. For all models, we perform random sam-
pling with temperature=1.0 over the top_k=40 can-
didates with the highest logits at each step. We
decode 128 samples for each abbreviation unless
otherwise specified. For each model and evaluation
setting we report the standard deviations (SDs) of
metrics over 3 repeated runs.

2Appendix D and F provide details on fine-tuning and
discuss the effect of character splitting.

3The prompts are prefixed with the natural language in-
struction “Given acronym, write the full phrase.” when there’s
no context or “Given previous turn(s) of conversation and
acronym of reply, write the full phrase.” when there is context.

Abbv.
length TDC (dev) TDC (test) DDC (test) CMD (test) TMSD (test)

1-2 85 (5.1%) 105 (6.2%) 166 (21.5%) 2,003 (26.9%) 176 (22.9%)
3-4 324 (19.3%) 293 (17.4%) 168 (21.8%) 1,753 (23.6%) 109 (14.2%)
5-6 454 (27.0%) 439 (26.1%) 152 (19.7%) 1,396 (18.8%) 113 (14.7%)
7-8 339 (20.2%) 376 (22.4%) 118 (15.3%) 851 (11.4%) 129 (16.8%)

9-10 221 (13.2%) 218 (13.0%) 64 (8.3%) 528 (7.1%) 111 (14.4%)
1-10 1,423 (84.7%) 1,431 (85.2 %) 668 (86.5%) 6,531 (87.8%) 638 (82.9%)

Table 3: Datasets used for evaluation sliced by abbreviation
lengths. Number of dialog turns in each range and their per-
centage (in parentheses) as compared to the total are noted.

Studies. For the BaseLLM, we study the vari-
ance in performance based on the prompt selection.
For all the models, we sample multiple responses
for each query, hence we study the effect of number
of responses sampled on AE accuracy and latency.
We also compare the performance of the models
with varying amounts of conversation context and
with no context. To study the effect of typos, we
compare the performance of the models on the
noise induced AE dataset. To measure the impact
of model size on accuracy and latency, we also fine-
tune and evaluate performance of the decoder-only
LaMDA models with fewer than 64B parameters,
specifically 4B, 8B, and 27B parameters. All these
models were trained on the same data, so that the
model size consitutes the only difference.

Evaluation. We only evaluate on conversation
queries with abbreviation length ≤ 10 charac-
ters. This encompasses the majority (85%) of
the dialog turns from the original dataset (Table
3). Where applicable, we prepend the following
natural-language instruction to the model input for
the AE task: "Given previous turn(s) of conversa-
tion and acronym of reply, write the full phrase."

Before calculating performance metrics, we fil-
ter the model’s responses: we remove sentence-
final punctuation, standardize whitespace to one
space, lower-case, de-duplicate, and filter for pre-
cise match of the abbreviation. The responses that
pass the filtering are sorted by descending count.
For evaluation with noise, we do filtering to allow
matches to nearby characters on the keyboard.

Metrics. Accuracy measures whether any re-
sponse expansion exactly matches the ground truth
(with standardized letter-casing and whitespace,
and discarded final punctuation). Additionally, we
measure BLEU score (Papineni et al., 2002) us-
ing the SacreBLEU library (Post, 2018) as a more
fine-grained metric for the similarity between AE
options and the ground truth. For both metrics, we
report performance in the top-5 responses after they
are sorted based on frequency.

Key Stroke Savings (KSR) measures the num-
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TDC-test TDC-test+noise (σ=0.3) DDC-test CMD-test TMSD-test
Model Acc.@5 BLEU@5 Acc.@5 BLEU@5 Acc.@5 BLEU@5 Acc.@5 BLEU@5 Acc.@5 BLEU@5

Look-Up Table (LUT) 14.3 ± 0.2 23.6 ± 0.1 10.5 ± 0.0 15.8 ± 0.7 48.1 ± 0.2 55.4 ± 0.3 30.9 ± 0.1 39.2 ± 0.1 29.3 ± 0.1 34.7 ± 0.1
T5-small (60M) 42.7 ± 0.5 59.9 ± 0.1 21.2 ± 0.1 36.1 ± 0.3 69.1 ± 0.5 78.1 ± 0.6 38.7 ± 0.0 50.4 ± 0.1 50.7 ± 0.3 64.8 ± 0.5
T5-large (770M) 55.2 ± 0.6 68.6 ± 0.4 27.3 ± 0.6 40.9 ± 0.3 74.2 ± 0.1 81.7 ± 0.1 41.2 ± 0.0 52.6 ± 0.1 57.1 ± 0.1 70.1 ± 0.2
T5-3B (3B) 59.4 ± 0.4 72.8 ± 0.1 26.9 ± 0.8 41.9 ± 0.7 77.6 ± 0.5 83.9 ± 0.5 43.5 ± 0.1 54.8 ± 0.2 59.5 ± 0.2 72.5 ± 0.3
BaseLLM∗ 64B (best, 4shot) 43.7 ± 1.2 54.9 ± 0.5 38.1 ± 0.1 42.0 ± 0.5 38.4 ± 0.4 43.3 ± 0.6 22.5 ± 0.2 25.9 ± 0.1 32.0 ± 0.7 36.2 ± 0.3
FT-LLM 64B (no instr.) 74.4 ± 1.0 81.8 ± 0.8 44.5 ± 0.7 55.0 ± 0.3 75.1 ± 0.6 82.1 ± 0.6 48.1 ± 0.1 57.9 ± 0.2 62.0 ± 0.3 73.9 ± 0.2
FTnoise-LLM 64B (no instr.) 72.3 ± 0.9 81.1 ± 0.5 60.9 ± 0.3 71.4 ± 0.5 74.8 ± 0.4 82.1 ± 0.3 47.5 ± 0.1 57.3 ± 0.1 63.3 ± 0.1 74.4 ± 0.2

Table 4: Comparing models (from Sec. 4) on the AE task on turn-2 given turn-1 as context. We report accuracy and BLEU score
at top-5, as percentages, std. dev. computed on 3 runs. Higher is better, values in bold are highest in each column.

ber of saved keystrokes compared to the full length
of the phrase. Note, however, that AE succeeds
only for a subset of the cases, while for others the
top-5 options do not contain the intended phrase.
Hence we compute two types of KSR:

KSRall, computed on all phrases, is defined as

KSRall =





(
1− Labbrev

Lfull

)
× 100, if in top-5.

(
1− Labbrev+Lfull

Lfull

)
× 100, otherwise.

(1)

where Labbrev and Lfull are the character lengths
of the abbreviation and full phrase, respectively. In
other words, if a phrase has a matching option in the
top-5, we calculate the KSR as the percentage of
keypresses saved by using the abbreviation. If the
ground truth is not in top-5, we add a penalty term
(Lfull) to account for the need to enter the phrase
by starting anew character-by-character, leading to
a negative KSR.KSRall is calculated by averaging
over all phrases in an experiment. KSRsuccess, is
calculated by averaging over only the subset of
phrases with exact matches and uses the first case
in Equation 1.

5 Results

We present the main results comparing the models
on all datasets in Table 4 and then highlight results
from specific experiments.

The accuracy of LLMs at expanding word-
initial abbreviations is enhanced by fine-tuning.
Table 4 compares the performance of all the mod-
els on the abbreviation expansion (AE) task4. The
data shown in the table are for AE on the 2nd turn
of a dialog that utilizes the 1st turn as the context,
which focuses on our main hypothesis regarding
the effect of context on AE.

It’s noteworthy that the BaseLLM∗, which has
seen just four examples in its prompt (unlike the
other models), shows performance that exceeds
the look-up table (LUT) baseline in many cases,

4Appendix Tab. 8 reports performance on dev split of the
TDC (TDC-dev) which was used for hyperparameter tuning.

demonstrating the versatility of LLMs. The higher
scores of the LUT on DailyDialogs (DDC) and Cor-
nell Movie Dialogues (CMD) datasets are indica-
tive of the high percentage of similar phrases in the
train and test sets of the datasets. Unsurprisingly,
the fine-tuned models (FT-LLM , FTnoise-LLM,
and T5 models) far outperform even the best 4-shot
BaseLLM∗, achieving 74-77% top-5 exact-match
accuracy on the TDC and DDC datasets in the ab-
sence of typo noises. The accuracies are lower on
the CMD dataset (comprised of movie scripts.) The
out-of-domain evaluation on the TaskMaster Self
Dialogs (TMSD) dataset also showed accuracies
lower than the TDC and DDC datasets, but higher
than the results from the CMD dataset.

Fine-tuning and tolerance to noise. For condi-
tions that involve simulated typo noise in the ab-
breviation input, FTnoise-LLM shows superior per-
formance compared to other models (see the col-
umn "TDC-test + noise" in Table 4.) Interestingly,
the performance of the BaseLLM∗ doesn’t drop as
much as any of the fine-tuned models - T5 or FT-
LLM - in this setting. However, while FT-LLM still
outperforms BaseLLM on the noisy abbreviations,
the smaller T5 models fail to do so.

Context is critical for AE accuracy Figure 3
show how the AE accuracy of FT-LLM varies when
different amounts of context from previous turns
of the conversation are provided. Compared to
having no context (dash-dotted curve), including
just one previous turn of context (dashed curve)
approximately doubles accuracy. Using the full
context (all dialog turns from the 1st to the (n-
1)th, solid curve) leads to further improvements
indicating that prior turns carry useful information
for the AE task.

Compared to the 1st turn, AE under no context
on subsequent turns (2nd-6th) shows significantly
worse accuracy. This is due to the fact that the
first turn consists of conversation starters that are
easier to predict without context. Overall, irrespec-
tive of context, the accuracy of AE decreases as
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Figure 3: AE accuracy of FT-LLM, evaluated (inference only)
with different amounts of input context (different curves) on
different dialog turns (x-axis) on the TDC dev set. With all
turns as context (solid blue curve) or just the previous turn
as context (dashed orange curve), the model considerably
outperforms the setting where no context is provided (dot-
dash green) with the abbreviation query.

Figure 4: AE accuracy as a function of abbreviation length
(AL). The results shown are from FT-LLM evaluated with no
prompt. Different colors of bars show AE on the 1st and 2nd
turns of the dialog in the TDC dev split, with 0 and 1 previous
turn as the context. The 1-2 bin contains no 1st-turn examples.

the number conversation turns increases, indicating
increasing difficulty in predicting the full phrases
from the abbreviation as the dialogs progress. How-
ever, including full context during inference still
achieves accurate expansions for 60%-70% of the
cases on the later turns.

Effect of context is more pronounced on
longer abbreviations. When performance is
sliced by the abbreviation length (Figure 4), accu-
racy without context decreases sharply and nearly
monotonically with increasing abbreviation length,
regardless of whether it’s the opening turn or the
2nd turn. With context however, the accuracy
remains higher and decreases more slowly with
abbreviation length, extending the approximately
80% or higher accuracy into longer phrase lengths.

The variability and usefulness of few-shot
prompts decreases after model tuning. Here
we focus on how much the LLM benefits from

Acc.@top-5 BaseLLM FT-LLM

4-shot prompt 31.71 ± 4.83 74.43 ± 1.79
0-shot prompt 37.10 ± 1.38 77.10 ± 0.38
No instr. 14.00 ± 1.01 76.65 ± 1.06

Table 5: Mean and standard deviation of Accuracy@top-5 for
the BaseLLM and FT-LLM over 856 different 4-shot prompts
from the TDC train set, 3 repeated runs under 0-shot prompts
(instruction only) and No instr. (i.e., neither instructions nor
examples), based on AE on turn-2 given turn-1 as context.

Figure 5: Increasing number of samples from the LLMs im-
proves top-5 exact-match accuracy. FT-LLMs, even with
fewest samples and smallest model size, outperform the
BaseLLM∗.

prompting before and after fine-tuning. The first
row of Table 5 compares AE accuracies from
different 4-shot prompts on the TDC dataset for
BaseLLM and FT-LLM. We use the 856 example
abbreviation-expansion pairs from the train split of
the TDC dataset, using four conversation examples
for the prompt at a time. The BaseLLM shows a
large variance in performance depending on the
selected examples in the prompt by as much as
SD = 4.83. The best 4-shot prompt for BaseLLM
outperforms the 0-shot prompt, despite the fact that
the average 4-shot prompt accuracy is lower. There-
fore for BaseLLM we report the results from the
best 4-shot prompt (BaseLLM∗). By contrast, the
fine-tuned model (FT-LLM) shows significantly
lower prompt-related variance (SD = 1.79) in
addition to a 2.3-fold increase in the mean accu-
racy. Moreover, FT-LLM is able to perform the AE
task with only a natural-language prompt without
examples (0-shot prompt) and even without any
instruction (“No instr.”) at average accuracies that
are more than 1 SD above that of 4-shot prompting.
The “No instr.” setting is attractive due to its sim-
plicity (no need to search for or hand-engineer a
prompt) and reduced latency (due to shorter input
prefix lengths). Given these results, we use the
“No instr.” as the default setting and for all other
experiments on FT-LLM and FTnoise-LLM.
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Dataset-split AE task KSRall KSRsuccess

TDC-test 1st turn (no context) 37.1 ± 0.19 76.8 ± 0.04
2st turn (with context) 49.0 ± 0.99 73.5 ± 0.03

DDC-test 1st turn (no context) 20.0 ± 1.15 74.6 ± 0.04
2st turn (with context) 49.0 ± 0.60 72.9 ± 0.04

Table 6: KSR computed on all phrases and only phrases with
matching AE options. The data in this table is computed on
the results from FT-LLM.

Increasing number of decoded samples im-
proves accuracy at the cost of latency. Latency
is important for interactive text-entry applications.
During sampled decoding, the LLMs generate 128
continuations of length 16 tokens for a batch of
prefix length 256 with a median latency of 0.568 s
(interquartile range: 0.16 s).

This latency is close to typical dwell time of
eye-gaze keyboards (Majaranta and Räihä, 2007)
and hence could be acceptable for the eye-gaze
typing use cases. Figure 5 shows the effect of in-
creasing the number of continuations sampled from
the LLMs. As expected, increasing sample count
from 128 to 2048 improves top-5 accuracy for both
BaseLLM* (with 4-shot prompts) and FT-LLM (no
instr.). Improved accuracy comes at the cost of in-
creased latency.5 BaseLLM benefits significantly
more from increasing sample count than FT-LLM.

Comparison of model sizes Figure 5 also com-
pares fine-tuned models of different sizes (4B, 8B,
27B, and 64B). With model fine-tuning, the ac-
curacy increases monotonically with increasing
number of parameters. Interestingly, even with the
fewest samples (128), fine-tuned models of all sizes
outperform the larger (64B) model under few-shot
learning. Amongst the encoder-decoder T5 models
(Table 4) larger models significantly outperform
smaller ones. As observed for the decoder-only
models, the smaller fine-tuned T5 models outper-
form the few-shot BaseLLM in almost all cases
except when the input consists of typos.

Keystroke saving rates. KSR can be considered
as a proxy measure of usability of the approach
for AAC use-cases. KSRsuccess values are in the
range of 73-77% for the 1st and 2nd turns of di-
alogs in the TDC and DDC datasets (Table 6), indi-
cating that our proposed AE scheme does indeed
lead to high KSRs. Values of KSRall are lower,
reflecting the penalties for when a perfect match
is not achieved. However, with context, KSRall

5Note, that it is possible to cut down latency by paralleliz-
ing sampling, however this might increase hardware require-
ments at inference time.

Figure 6: AE accuracy with and without typo noise in the
input abbreviation. We compare the accuracies of the models
fine-tuned without and with noise. Each curve shows the
average top-5 accuracy in the 2nd turns of the dialogs in the
test split of the TDC dataset.

approaches 50% and is higher compared to no con-
text (20%-37%). Note that KSRall is extremely
conservative as it does not consider (a) the possi-
bility of using the information already contained in
the abbreviation to "recover from AE failure" (e.g.,
by letting the user specify a word and invoke the
LLM again) or (b) the fact that word completion
and prediction may still be utilized even if the user
falls back to sequential text entry.

Fine-tuning with noise improves typo tolerance.
Figure 6 compares the AE accuracies of LLMs
fine-tuned with and without noise (FTnoise-LLM
and FT-LLM). While both models show decreasing
AE accuracies with increasing amounts of typos,
FTnoise-LLM is much more robust showing lesser
drop in performance. Further, on noise-free inputs
(σ=0), FTnoise-LLM shows only slight accuracy
deterioration compared to FT-LLM. We also find
that typo tolerance, for both FT-LLM and FTnoise-
LLM, is more pronounced with context than with-
out.

Cross-domain generalization. We use the
TMSD dataset to compare and evaluate the
performance of models on conversation domains
not seen in training. In Table 4 we can observe
that few-shot prompting does fall behind the
simple Look-Up Table baseline on DDC and CMD
datasets. However, when we evaluate the models
on cross-domain TMSD dataset of dialogs we can
observe that the fine-tuned and few-shot models do
generalize better to unseen domains and perform
better than the baseline look-up.

6 Discussion

Qualitative analysis of AE failures. As indi-
cated by the relatively high BLEU scores in Table 4
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(> 80%), there are many expansions in the top-5
options that are "near misses". Appendix Table
7 shows a few examples of such near misses, in
which the options differ from the the ground-truth
phrase by only a semantically-similar word (e.g.,
“yes” vs. “yeah”, “head out” vs. “head over”.) Fu-
ture studies need to investigate the frequency and
UX acceptability of such near-miss AE options.
But their existence implies that exact-match ac-
curacy reported above slightly underestimates the
practical effectiveness of the models. Another cat-
egory of AE failures involve phrases that contain
certain proper nouns. The last four examples in Ta-
ble 7 show such cases in which the model correctly
expands all the words but a proper noun. When
such errors occur, the model tends to predict more
common proper nouns, which is likely a reflection
of the higher frequency of the predicted nouns in
the model’s pre-training and fine-tuning datasets.

The benefit of AE relative to sequential text en-
try. Word completion and prediction incur scan-
ning cost: users scan the options in order to deter-
mine whether any of them match their intention,
which has a detrimental effect on speed that needs
to be overcome by the high quality of the options
(Trnka et al., 2009). Although the speed of AE-
based text entry remains to be quantified in future
studies, we point out that: (1) AE removes over-
head of scanning for options in between keystrokes,
(2) there are fewer characters to examine or correct
when typing, both of which may offer speed-ups in
addition to the higher KSR afforded by AE.

Although the current study is motivated by and
focuses on the AAC use case, our paradigm of ab-
breviated text entry may be applicable to text input
on touch screens as well. The AE approach of the
current study can be regarded as a variation of con-
textual prediction of user text (Kannan et al., 2016;
Chen et al., 2019) that affords greater flexibility in
message content at the trade-off of requiring spec-
ification of the message with a small number of
keystrokes.

Future directions. We found fine-tuning to be
significantly better than prompting in terms of (a)
accuracy (for both scenarios with and without typo-
noise) and also (b) exhibit lower latency as we
achieve better results with fewer samples. Future
work should investigate the differences in laten-
cies between the encoder-decoder architecture and
decoder-only models. For training efficiency, in-

stead of fine-tuning, it will also be worth investigat-
ing strategies such as prompt tuning (Lester et al.,
2021) that continue to keep the model frozen, but
learn some additional parameters for the task.

Even in the best case scenario models can fail
to find accurate expansions6 among the top-5 op-
tions. Recovering from such failures is important
for AAC use cases. Future studies should con-
sider options for partial specifications of one or
more words or selection of some words from the
available options. Once the recovery from failure
is proven in offline analysis, user studies are re-
quired to validate and quantify the actual benefit
of the AE text-entry paradigm in lab and real-life
settings. Integration with UI approaches is also
an essential direction, e.g., speeding up eye-gaze
typing such as cascading dwell time and dwell-free
paradigms (Mott et al., 2017; Kristensson and Ver-
tanen, 2012).

7 Conclusion

In this work we proposed a high-KSR form
of abbreviation expansion to dramatically save
keystrokes for severely-disabled users. We use it to
synthesize three datasets for the AE task. Based on
extensive experiments using few-shot prompting
and model tuning we demonstrate that across the
datasets, fine-tuned LLMs can accurately predict
expansions for 48-77% of phrases that are replies
to initial turns of dialogs and exhibit KSRs in the
range of 73-77% for the correctly predicted expan-
sions, thus pointing at a promising direction for
future user studies of contextual and abbreviated
text entry based on LLMs. Models evaluated with
conversation context show significantly higher ac-
curacy than without, thus supporting our hypothesis
that context is the key to effective abbreviated text
entry in conversational settings. Furthermore, fine-
tuning with simulated typos substantially improves
tolerance to noise in abbreviation.
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9 Ethical Considerations, Limitations,
and Societal Impact

Accelerating augmentative and alternative com-
munication (AAC) can enhance quality of life of
people with extremely limited mobility by facili-
tating increased social participation and indepen-
dence (Caligari et al., 2013). While the benefits of
AE may be large for this population, we note that
this approach may have risks.

The primary risk of AE is errors in expansions
that substantially misrepresent the intent of the
speaker in a way that might cause harm to them-
selves or others (e.g., failure to correctly convey
critical health information, insertion of offensive
language.) The abbreviation expansions may also
reflect biases in the underlying language model
(e.g., perpetuating stereotypes by more frequently
suggesting male pronouns than female, Weidinger
et al. 2021.)

A more subtle risk is when expansions miss the
ground-truth phrase closely (see Table 7), which
may accurately convey content but reduce the
speaker’s sense of autonomy and authentic self-
expression. Prior work (e.g., Kane et al. 2017) has
shown that people with ALS highly value AAC that
preserves and facilitates authentic identity expres-
sion. Providing speakers with multiple AE options
to choose from and requiring user confirmation be-
fore voicing an expansion are design options that
can mitigate these risks. Model fine-tuning to im-
prove safety or personalization to the end-user’s
communication style are additional risk-mitigation
approaches.

Beyond enhancing communication speed, an-
other intended benefit of AE is the potential to
reduce fatigue associated with gaze-based AAC by
reducing keystrokes; however, a risk of our sys-
tem is that if errors in AE are frequent for a given
user (perhaps due to eye tracker miscalibration or
long-tail abbreviation use) then these savings could
be outweighed by the need to correct errors, inad-
vertently increasing fatigue. User studies to bet-
ter understand error rates in practice, as well as
future work designing interfaces to simplify AE
error correction, are important for minimizing this
risk. Similarly, our abbreviations scheme’s simple
design based on first letters aims to minimize cog-
nitive load; however, user studies with the target
population using instruments such as NASA’s Task
Load Index7 would be required to verify that AE

7https://humansystems.arc.nasa.gov/

does not cognitively strain end-users.
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Appendix

A Removal of duplicate dialogs from the
DailyDialog dataset

We observed that the DailyDialog dataset (Li et al.,
2017) contains a significant number of dialogs in
its dev (validation) and test splits that are identical
or nearly identical to the dialogs found in its train
split. We determined two dialogs to be duplicate
by using the following criterion:

1. If both dialogs consist of the same number
of turns and the corresponding turns are all
identical (case-insensitive), or

2. If both dialogs consist of the same number
of turns and there are three or more turns at
which both dialogs contain identical text (case-
insensitive).

See the file daily_dialog_deduplications.csv in
Supplemental Data for a list of the 177 dialogs in
the dev split and the 228 dialogs in the test splits
that are found to be duplicates with the train split
and hence are removed from our DailyDialog Cor-
rected (DDC) dataset.

B 4-shot examples for BaseLLM∗

We select four consecutive dialogues from the 859
examples from train split of the TDC dataset (Verta-
nen, 2017) while varying the starting conversation,
which yields 859 − 4 + 1 = 856 different 4-shot
prompt sets.

C Tuning on noisy data vs. accuracy

Preliminary experiments have shown that σ = 0.3
is a good trade-off between accuracy gains on noisy
data and losses on non-noisy data.

D Model fine-tuning details

Our model fine-tuning uses the AdaFactor opti-
mizer (Shazeer and Stern, 2018). The nominal
batch size 16 is made more efficient through ex-
ample packing (Raffel et al., 2019), leading to an
average effective batch size of approximately 200
examples under a maximum sequence length of
1024 tokens. We used TPUv3s (Jouppi et al., 2018)
with a configuration of 4x8 for the LLM fine-tuning.
Our fine-tuning recipe applies a constant, low learn-
ing rate of 5×10−5 and a dropout rate of 0.2, which
helps to prevent early overfitting. Early stopping is
based on a dev set consisting of combined examples

from the dev splits of the TAC and TDC datasets.
We find the best checkpoint after 2100 and 1800
training steps for the FT-LLM and FTnoise-LLM
models, respectively, which amounts to approxi-
mately 1-1.2 epochs of training. We ran a small
set of hyperparameter tuning experiments, varying
batch size, learning rate and dropout and chose the
best setting based on the TAC+TDC dev set.

E Computation cost

Fine-tuning of the 64B LLM uses TPU v3 with a
4x8 configuration, i.e., 32 TPUs. FT-LMM and
FTnoise-LLM are each trained for approximately
2100 and 1800 steps, respectively. The training
time is approximately 3 hours. This leads to a
model fine-tuning budget of 32 x 3 = 96 TPU *
hour per model.

Evaluation and inference on the 64B LLM uses
TPU v3 with a 4x4 configuration, i.e., 16 TPUs.
Each example (batch size = 128 samples) takes
0.653 s. This leads to 16 × 0.568/128 = 0.071
TPU × second per sample.

F Splitting characters in abbreviations.

Pilot experiments showed the importance of pro-
grammatically inserting spaces between characters
in the abbreviations. Since the vocabulary used by
the LaMDA models is fairly large (32k entries),
unless we enforce character-level splitting, subse-
quences of multiple characters in many abbrevia-
tions will be combined into spurious tokens, lead-
ing to slightly reduced AE accuracy.

G Recovery from failure - analysis

In the best scenario of replying to a question, the
fine-tuned LLM is capable of predicting the correct
phrase expansion approximately 81% of the times
with top-5 options and sufficient sampling (Figure
5). Hence the model will fail to find the correct
expansion at least 19% of the cases.

H Inference latencies of different
LaMDA model sizes

In Figure H we compare the latencies during infer-
ence time for the decoder-only models of different
sizes. Compared to the 4B model, the 27B model
shows 1.5x latency, while the 64B model shows
2.2x latency. While the latency increase is quite
significant, this analysis shows that we cannot sub-
stitute the 64B model with a smaller model (e.g.,
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# Context Abbreviation Ground truth Non-matching expansion options
1 Awesome! My favorite

weather!
swhottwp Shall we head over to the water

park?
shall we head out to the water park

2 Can we go out for a drive? ygstc Yeah go start the car yes go start the car
yes go straight to church
yes go settle the children
yeah get some tunes cranked
yes go straight to chicago

3 i took a lot of courses, such
as philosophy, logic, ethics,
aesthetics, etc

wcdylb which course did you like best what courses do you like best
what courses did you like best
what course do you like best
what course did you like best
which courses did you like best

4 it’s hard to be optimistic
about things with the way the
economy’s headed... the
trade deficit is getting larger,
consumption’s down, i really
think we’re headed for a
recession

tehbsfawn the economy has been stagnant
for a while now

the economy has been slowing for a
while now
the economy has been sluggish for a
while now
the economy has been strong for a
while now
the economy has been slow for a while
now
the economy has been suffering for a
while now

5 What is your name? mnir My name is Rey my name is robert
my name is rebecca
my name is richard
my name is rose
my name is roy

6 hey, isabelle... l Logan lisa
linda
look
lillian
liz

7 so, paula, where are you from imfc,o i’m from canada, originally i’m from china, ok
i’m from california, originally
i’m from california, ok
i’m from california, okay
i’m from california, obviously

8 hey sandra, what’s wrong?
you look furious

ivhiwt i’ve had it with Tim i’ve had it with this
i’ve had it with them
i’ve heard it was true
i’ve had it with that
i’ve had it with these

Table 7: Examples of failed AE. Examples #1-4 show AE options that miss the ground-truth phrase closely. The cases highlighted
in boldface have near identical meaning to the ground truth, but differ only in details of a single word. Examples #5-8 show AE
options that match the ground truth except for the a proper noun.
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TDC-dev
Model Acc.@5 BLEU@5

Look-Up Table (LUT) 16.9 ± 0.2 25.2 ± 0.2
T5-small (60M) 37.8 ± 0.0 59.2 ± 0.5
T5-large (770M) 48.2 ± 0.0 69.1 ± 0.5
T5-3B (3B) 53.9 ± 0.0 72.3 ± 0.5
BaseLLM∗ (best, 4shot) 43.0 ± 1.0 52.0 ± 1.4
FT-LLM (no instr.) 76.7 ± 1.1 83.9 ± 0.5
FTnoise-LLM (no instr.) 75.8 ± 0.7 83.4 ± 0.2

Table 8: Comparing models (from Sec. 4) on the AE task
on turn-2 given turn-1 as context. We report accuracy and
BLEU score at top-5, as percentages, std. dev. computed on
3 runs. Higher is better, values in bold are highest in each
column. The TDC-dev set was used for model selection before
evaluation on test sets.

Figure 7: Inference latencies for different sizes of the LaMDA
model (4B, 8B, 27B, and 64B.) The latencies are shown as
box plots.

by increasing the number of samples) in a way that
improves latency without significantly harming the
AE accuracy (compare the AE accuracies in Fig-
ure 5.)
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Abstract

NLP models trained on text have been shown
to reproduce human stereotypes, which can
magnify harms to marginalized groups when
systems are deployed at scale. We adapt the
Agency-Belief-Communion (ABC) stereotype
model of Koch et al. (2016) from social psy-
chology as a framework for the systematic
study and discovery of stereotypic group-trait
associations in language models (LMs). We
introduce the sensitivity test (SeT) for measur-
ing stereotypical associations from language
models. To evaluate SeT and other measures
using the ABC model, we collect group-trait
judgments from U.S.-based subjects to com-
pare with English LM stereotypes. Finally, we
extend this framework to measure LM stereo-
typing of intersectional identities.

1 Introduction

Stereotypes are abstract and over-generalized pic-
tures in people’s minds that capture attributes
about groups of people in the complex social
world (Lippmann, 1965). They influence peo-
ple’s thoughts and behaviors, and allow people
to make predictions beyond their personal expe-
rience or information given (Bruner et al., 1957;
Wheeler and Petty, 2001). Stereotypes are also
entwined with the production of prejudice, discrim-
ination, and in-group favoritism (Stangor, 2014;
Jackson, 2011). A long line of research in social
psychology has established models of generic di-
mensions that estimate people’s stereotypes of so-
cial groups (Koch et al., 2016; Fiske et al., 2002,
i.a.). We build on the Agency Beliefs Commu-
nion (ABC) model, which measures stereotypes
toward a social group with respect to 16 traits
in three dimensions: Agency/Socioeconomic Suc-
cess, Conservative–Progressive Beliefs, and Com-

∗ Equal contribution.

Figure 1: Crowdsourced analysis of the social group
“man” under the ABC model (Koch et al., 2016). Colors:
purple=agency, red=belief, green=communion.

munion (§2); an analysis of the group “man” across
32 traits (16 opposing dyads) is shown in Figure 1.

Pre-trained language models (LMs) encode cor-
relations between social groups and traits, like
associating the group “Muslim” with the trait
threatening, or “man” with confident (e.g., Ben-
der et al., 2021; Nozza et al., 2021; Hovy and Yang,
2021). We conduct a systematic study of social
stereotypes in contextualized English masked LMs,
grounded in group-trait associations from the ABC
model. To capture the group-trait associations in
the LM, we first assess two previously proposed
word association tests and also propose a new mea-
surement: the sensitivity test (SeT) (§3).

To evaluate the degree to which two LMs—
BERT (Devlin et al., 2019) and RoBERTa (Liu
et al., 2019)—align with human stereotype judg-
ments, we design a human study for collecting
group-trait judgments (§4). We show that our mea-
sure, SeT, best aligns with human judgements on
group-trait associations and find that, in general,
the association from language models have moder-
ate alignment with human judgements.

Finally, with the best-aligned association mea-
surement, we extend the ABC approach to study
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A
ge

nc
y

powerless↔ powerful

B
el

ie
fs

C
om

m
un

io
n untrustworthy↔ trustworthy

low status↔ high status religious↔ science-oriented dishonest↔ sincere
dominated↔ dominating conventional↔ alternative cold↔ warm

poor↔ wealthy conservative↔ liberal benevolent↔ threatening
unconfident↔ confident traditional↔ modern repellent↔ likable
unassertive↔ competitive egotistic↔ altruistic

Table 1: List of stereotype dimensions and corresponding traits in the ABC model (Koch et al., 2016).

LM stereotypes on intersectional groups (§ 5.2).
Due largely to the difficulty of extending current ap-
proaches for measuring stereotypes in LMs to large
numbers of groups, most current approaches only
study isolated groups, despite the fact that people’s
social identities are multifaceted (Ghavami and Pe-
plau, 2013). Because our approach is generalizable
to unstudied groups, we take a step towards explor-
ing stereotypes of intersectional identities, finding
some correspondence between model behavior and
the literature on intersectional stereotypes.

2 Background and Related Work

People’s impressions of the world and the actions
they take are guided by their stereotypes. To
systematize this observation, the field of social
psychology has proposed models of stereotypes,
including traits that can coordinate social behaviors
to serve as fundamental dimensions of stereotyping.
Some models are designed to focus on social
evaluation towards individual persons (Abele
and Wojciszke, 2014), ingroup members (Elle-
mers, 2017; Yzerbyt, 2018), or a small set of
outgroups (Fiske et al., 2002); the Agency Beliefs
Communion (ABC) model—whose traits are de-
signed to distinguish groups—is suited for a larger
set of U.S. social groups (Abele et al., 2020). The
ABC model takes a data-driven strategy to select
a set of traits by eliminating those that are less
effective in capturing stereotypes. The list contains
16 pairs, where each pair represents two polarities
(see Table 1), categorized into three dimensions:
agency/socioeconomic success, conservative-
progressive beliefs, and communion/warmth.

Ours is far from the first work to assess stereo-
types in language models, and has both advan-
tages and disadvantages compared to previous ap-
proaches (see Table 2). Past work has generally
taken one of two approaches. The first approach
tests systems with hand-constructed templates like
“The [group] is □”, where [group] ranges over
social groups (e.g., “woman” or “Hispanic”), and
□ represents a “masked word” and ranges over oc-
cupations (“a professor” or “a nurse”) (e.g., Boluk-

Measurement G
en

er
al

iz
es

G
ro

un
de

d

E
xh

au
st

iv
e

N
at

ur
al

Sp
ec

ifi
ci

ty

Debiasing (Bolukbasi et al.) ✓ ✓
CrowS-Pairs (Nangia et al.) ✓ ✓ ✓
Stereoset (Nadeem et al.) ✓ ✓ ✓
S. Bias Frames (Sap et al.) ✓ ✓✓ ✓
CEAT (Guo and Caliskan) ✓ ✓ ✓✓
This Work ✓ ✓ ✓✓

Table 2: Comparison with previous work: Generalizes
denotes approaches that naturally extend to previously
unconsidered groups; Grounded approaches are those
that are grounded in social science theory; Exhaustive-
ness refers to how well the traits cover the space of
possible stereotypes; Naturalness is the degree to which
the text input to the LM is natural (we consider naturally
occurring web scraped data as “very natural” and crowd-
sourced sentences as “somewhat natural.”). Specificity
indicates whether the stereotype is specific or abstract.

basi et al., 2016; May et al., 2019) or associa-
tions drawn from implicit association tests (IAT)
(e.g., pleasant/unpleasant words or career/family-
related words) (e.g., Caliskan et al., 2017; Guo
and Caliskan, 2021). In Table 2 we refer to these
as “unnatural” prompts. The second approach col-
lects more natural sentences containing stereotypes,
either by web crawling with crowdworkers anno-
tations for social bias (Sap et al., 2019) or by hav-
ing crowdworkers directly write stereotyping sen-
tences (Nangia et al., 2020; Nadeem et al., 2020).

In our work, we take the first approach with traits
from the ABC model, using prompts. The advan-
tage of this approach is that the templates and the
traits are completely controlled and are easy to ex-
tend to other social groups. The second approach
is harder to control, which also leads to significant
annotation challenges (Blodgett et al., 2021). Us-
ing natural sentences limits generalizability, as it
requires a unique collection of prompts (and em-
bedded traits) for each social group; in contrast, the
prompt-based approach easily generalizes to any
plausible group, especially when based on a theo-
retically grounded framework like ABC or IAT.

An advantage of our work is that the ABC traits
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Domain Groups

Gender/
sexuality

man, woman, non-binary, trans, cis, gay,
lesbian

Race/
ethnicity

Black, White, Hispanic, Asian,
Native American

Religion
Jewish, Muslim, Christian, Buddhist,
Mormon, Catholic, Amish, Protestant,
Atheist, Hindu

Socio-
economic

wealthy, working class, immigrant, veteran,
unemployed, refugee, doctor, mechanic

Age teenager, elderly
Disability
status

blind, autistic, neurodivergent, Deaf,
person with a disability

Politics Democrat, Republican

Nationality
Mexican, Chinese, Russian, Indian, Irish,
Cuban, Italian, Japanese, German, French,
British, Jamaican, American, Filipino

Table 3: Social groups domains and corresponding so-
cial groups used for the model experiments and human
experiments. Single groups for human experiments are
highlighted with italic font style.

are more exhaustive in stereotype coverage with
verification from social psychological experiments.
The ABC model covers three dimensions with 16
traits, which are consensual, spontaneous, and have
been tested using expansive range of social groups
(Koch et al., 2021). They used a carefully designed
data-driven approach to gather people’s fundamen-
tal dimensions of social perceptions with as little
sampling bias as possible. Thus the resulted 16
traits cover most stereotypes.

Nevertheless, the main trade-off of our approach
is that the testing data are not as natural and specific
as other approaches. Although we carefully pick
and adjust the templates and the form of the social
group terms so that the testing sentences are gram-
matically correct, they are likely not representative
of sentences seen in the real world or in the training
data of the language models. Further, while our ap-
proach has the benefit of near-exhaustive coverage
of potential stereotypes, this comes at a cost: the
traits we consider are much more high level (e.g.,
“repellent”) than more fine-grained stereotypes col-
lected by other means (e.g., the angry Black woman
stereotype (Collins, 2002))—this approach there-
fore trades coverage for specificity.

3 Measuring Stereotypes in LMs
Our goal is to measure stereotypes in (masked)
LMs, and compare them to stereotypes elicited
from people. 2 In §4 we describe our approach for
eliciting human judgments of group-trait affinities;

2Both the code and the dataset, along with a datasheet (Ge-
bru et al., 2018), are available under a MIT licence at:
https://github.com/TristaCao/U.S_Stereotypes.

here we describe how we measure these in LMs.
Previous work has proposed various ways to mea-
sure word associations in LMs, including increased
log probability score (ILPS) and contextualized em-
bedding association test (CEAT), both of which we
summarize below. Finally, we present a new mea-
surement which we call the Sensitivity Test (SeT),
which adapts concepts from active learning to the
task of measuring a LM’s associations.

3.1 Measurements of Word Associations

Increased Log Probability Score (ILPS) quanti-
fies word associations in language models through
masked word probabilities. It calculates the associ-
ation score with a pre-defined template, “[Group]
are □.” (Kurita et al., 2019), where □ is a masked
token. For example, given a group “Asian” and a
trait smart, P (“Asian”, smart) measures the prob-
ability of smart given “Asians” by filling in the
template. Since this probability is affected by the
prior probability of smart, ILPS normalizes this
probability by the “prior” probability of the trait
given a masked group, as below:

ILPS(g, t) = log
P (□ = t | g are □.)

P (□2 = t | □ 1 are □ 2.)

Intuitively, ILPS measures how much each group
raises the likelihood of a trait filling in the tem-
plate. One can easily show that this equivalent to
the weight of evidence of the trait in favor of the
hypothesis that the group is the target: s(g, t) =
woe(g : t | template) (Wod, 1985).

Contextualized Embedding Association Test
(CEAT) estimates word associations with word
embedding distances (Guo and Caliskan, 2021) .
Intuitively, CEAT measures whether some groups
are closer to certain traits in a latent vector space.
Given two sets of target words defining groups
X,Y (e.g. Xmale = {“man”, “father”, ...},
Yfemale = {“woman”, “mother”, ...}) and two sets
of polar traits A,B (e.g. Apleasant = { love, peace,
...}, Bpleasant = { evil, nasty, ... }), CEAT com-
putes the effect sizes of the difference between X
and Y being closer to A than B and corresponding
p-values. Since contextualized word representa-
tions are affected by the contexts around the word,
for each word in the four word sets, CEAT ran-
domly samples 1000 sentences from Reddit, in
which the word appears, and uses these to approxi-
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Singular Plural
The/That/A [group] is □. Most/Many/All [group] are □. / [Group] are □.
Declarative Interrogative
[Group] are □. Why are [group] □?
Non-adverbial Adverbial
[Group] are □. [Group] are very/so/mostly □.
Fact Belief
[Group] are □. I/We/Everyone/People believe/expect/think/know(s) that [group] are □.
Fact Social Expectation
[Group] are □. [Group] are supposed to be/should be/are seen as/ought to be/are expected to be □.
Group-first Trait-first
[Group] are □. The □ people are [group].
Non-comparative Comparative
[Group] are □. [Group] are more likely to be □ than others.

Table 4: Template Variations.

mate the true effect size as below:

CEAT(A,B,X, Y ) =
Ê

g∼X
s(g,A,B)− Ê

g∼Y
s(g,A,B)

Ŝ
g∼X∪Y

s(g,A,B)

s(g, A,B) = Ê
t∼A

cos(⃗g, t⃗)− Ê
t∼B

cos(⃗g, t⃗)

Ê (resp. Ŝ) is the empirical expectation (resp. stan-
dard deviation), and x⃗ denotes the embedding of x.

In our setting, since we care about social bias
among multiple groups rather than the difference
between two groups, we modify the CEAT to cal-
culate the effect size of the distance difference be-
tween g with A and B for each group as below:

CEAT(g, A,B) =
Ê

t∼A
cos(⃗g, t⃗)− Ê

t∼B
cos(⃗g, t⃗)

Ŝ
t∼A∪B

cos(⃗g, t⃗)

Sensitivity Test (SeT) is a new approach we pro-
pose to measure word association for social bias
in language models, inspired by ideas from active
learning (Beygelzimer et al., 2008). The intuition
of SeT is that even though a model assigns the same
probability to two different words, the robustness
of those two probabilities may be different. For ex-
ample, both p(competent|“Blind people are □.”)
and p(kind|“Men are □”) might be low. However,
the language model may well not have seen many
examples with blind people, as opposed to the pre-
sumably very large number of examples of men. In
this case, a small number of examples may be suf-
ficient to alter the model’s predictions about blind
people, while a larger number would be required
for men. SeT captures the model’s confidence in
a prediction by measuring how much the model
weights would have to change in order to change
that prediction. Specifically, SeT computes the min-
imal change to the last-layer of the language model

so that a given trait becomes the highest probability
trait (over the full vocabulary).

For example, consider the template “The
[group] is □.” with the group “woman” and
the trait incompetent. Let ℓℓℓ be the logits at □
when the input is “The woman is □.”, and let t
be the index of incompetent in ℓℓℓ (so that ℓt =
p(incompetent | context)). Let h be the last hid-
den layer before the logits, and let A be the matrix
of the last linear layer so that ℓℓℓ = Ah. SeT com-
putes the minimal distance between A and some
other matrix A′ so that t is the top word among the
new logits ℓℓℓ′ = A′h. Formally:

SeT(g, t) = log
∆(A,hg, t)

∆(A,h□, t)
where hg is the penultimate layer on input g

A is the matrix before the logits

∆(A,h, t) = min
A′
∥A′ − A∥22

s.t. (A′h)t ≥ (A′h)t′ + γ, ∀t′ ̸= t

for a fixed margin γ > 0, which we set to 1. SeT
returns the negative distance as measure of the asso-
ciation between the corresponding group and trait,
normalized by a prior akin to ILPS. This optimiza-
tion problem does not (to our knowledge) admit
a closed form solution; we solve it iteratively us-
ing the column squishing algorithm (Bittorf et al.,
2012; Daumé and Kumar, 2017).

3.2 Implementation details

We test the above measurements on both BERT and
RoBERTa pretrained large models from an open-
source HuggingFace3 library.

3https://huggingface.co/models
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Social groups. Table 3 lists all the individual so-
cial groups we cover in this work. We manually
construct the list by combining and picking groups
from the list of social groups from Sotnikova et al.
(2021) and Koch et al. (2016) and also adding so-
cial groups we think are stereotyped in U.S. culture.

Traits. We use the 32 adjectives of the 16 traits
from the ABC model (Table 1). For each traits, we
calculate the score of its left-side adjective from
its right-side adjective: Spowerless-powerful(g) =
S(g, powerful)−S(g, powerless), where S is one
of the scores from §3.1.4

Templates. ILPS and SeT both require templates
in calculating scores. We thus carefully construct
a list of templates (Table 4) that covers multiple
grammatical and semantic variations, inspired by
work investigating harmful search automatic sug-
gestions (Hazen et al., 2020). We find that differ-
ent model structure requires different templates in
order to bring up stereotypes that correlate with
human data. See §5 for evidence.

Subwords. Due to the nature of BERT and
RoBERTa’s tokenizers, some of the adjectives are
divided into multiple subwords. This is problem-
atic because all the measurements compute their
scores at token level. Neither ILPS nor CEAT deals
with subwords directly: in their released imple-
mentations, they either take the first or the last
sub-token of the word. To remedy this, we adjust
the ILPS measurement (denoted as ILPS⋆) to prop-
erly compute the probability of traits in context
using the chain rule across subwords. For SeT, we
calculate the sensitivity score for each subword
individually and take the maximum SeT score as
the SeT score for the word, which effectively com-
putes a lower-bound on how much the model pa-
rameters would need to change. We did not modify
CEAT’s measurement as it is not clear what is the
best way to compute comparable word embeddings
for words that consist of multiple subwords.

4 Human Study

In the previous section, we describe how we com-
pute associations between groups and traits in lan-

4In preliminary experiments, when calculating the score
for each adjective, we considered including 1-3 additional
adjectives by averaging their scores to improve robustness and
mitigate ambiguity. The full list is in Appendix Table A7.
However, we found that this did not improve correlations, so
we reverted to using the 32 adjectives from the ABC model.

guage models.5 In this section, we assess stereo-
types of social groups through groups-trait asso-
ciation, like in Figure 1. We adopt this approach
because it is widely used to evaluate group stereo-
types in social psychology field (Fiske et al., 2002;
Koch et al., 2016). It also aligns with Lippmann
(1965)’s theory of stereotypes that they are abstract
pictures in people’s head. We broadly follow pro-
cedures from previous social psychology papers to
collect human evaluation on social groups.

Survey Design. We recruit participants from Pro-
lific6. Each participant is paid $2.00 to rate 5 so-
cial groups on 16 pairs of traits and on average
participants spend about 10 minutes on the sur-
vey. This results in a pay of $12.00 per hour.
Maryland’s current minimum wage is $12.20 7.
First, participants read the consent form, and
if they agree to participate in the study, they
see the survey’s instructions. For each social
group, participants read "As viewed by Ameri-
can society, (while my own opinions may dif-
fer), how [e.g., powerless, dominant, poor]

versus [e.g., powerful, dominated, wealthy]

are <group>?" They then rate each trait with a 0-
100 slider scale where two sides are the two dimen-
sions of the trait (e.g. powerless and powerful).
Each annotated group is shown on a separate page,
and participants cannot go back to previous pages.
To avoid social-desirability bias, we explicitly write
in the instruction that “we are not interested in your
personal beliefs, but rather how you think people
in America view these groups.”

Participant Demographics. At the end of the
survey we collect participants’ demographic in-
formation, including gender, race, age, education
level, type of living area, etc. Our participants rep-
resent 26 states, with 63.3% from California, New
York, Texas, or Florida; the gender breakdown is
48.2% male, 49.6% female, and 2.2% genderqueer,
agender, or questioning; and skew young, with over
96% at most 40 years old; and with racial demo-
graphics that approximately match the U.S. census.
For more details on demographics, see Appendix E.

Quality Assurance. Ensuring annotation qual-
ity in a highly subjective task is a challenge, and
common approaches in NLP like having questions
where we “know” the answer as tests, measuring

5Approved by our institutional IRB, #1724519-1.
6https://www.prolific.co/
7https://www.minimum-wage.org/maryland
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interannotator agreement, and calibrating reviewers
against each other (Paun et al., 2018) do not make
sense here. Yet, it is still important to ensure the an-
notation quality. After much iteration, we include
three test questions, and warn the participants at
the beginning that there are test questions.
1. After the first group, participants must name the

group they just scored.
2. After the second, participants must list one trait

they just marked high and one marked low.
3. The fifth (final) group is a repetition of one of

the four groups they previously scored.
We discard annotations with incorrect answers to ei-
ther of the first two questions. For the third test, we
compute intra-annotator (self) agreement and dis-
card annotations with accuracy-to-self lower than
80%. For each group we collect 20 annotations that
pass our quality threshold. In total, we collected
annotations from 247 participants, with 133 pass-
ing the quality tests (suggesting that having such
tests is important). The 114 annotations that did
not pass tests were excluded from our dataset, but
all 247 participants were paid.

Social groups and traits. The social groups we
used for the human study are highlighted in Table 3.
This table contains only single groups used for the
model § 3 and human experiments. We collect
annotations for 25 social groups within 5 domains,
across all 16 pairs of traits.

5 Results

In this section we present results on correlations be-
tween human and model stereotypes for individual
groups, comparing across different measurements,
including our proposed measurement, SeT (§5.1).
Next, we analyze how model scores change for in-
tersectional social groups. We consider several pos-
sible factors that may influence the score changes
such as identity order, some domain domination,
and consider emergent traits (§5.2).

5.1 Correlation on Individual Groups
Before we answer the question of how language
model stereotype scores align with human stereo-
types across the measurements introduced in §3,
we first run a pilot experiment to select the best
template(s) for each measurement-model pair from
the set of templates in Table 4 (except for CEAT,
which does not require templates). We randomly
picked four social groups (Asian, Black, Hispanic,
immigrant) and five annotations from each group

for the pilot. Since our goal is to inspect the
alignment between human and model stereotypes,
we take the averaged score of the five annotations
as “ground truth” and select templates that give the
correlation score according to Kendall τ . We limit
the selection to at most two templates to avoid
overfitting on the pilot data, selected to maximize
correlation for each measurement-model pair.

The selected templates and corresponding cor-
relation scores are shown in appendix (Table 5);
the score range for weak correlation is 0.10 - 0.19,
moderate 0.20 - 0.29, and strong 0.30 and above
(Botsch, 2011). For a fixed LM, the best templates
tend to be similar across all measures: RoBERTa
tends to achieve highest correlation with templates
like “That [group] is [trait].” while for BERT
the preferred templates tend to be “All [group] are
[trait].” or “[Group] should be [trait].”

Given the best templates for each measurement-
model pair, we measure to what degree language
model stereotypes are aligned with human stereo-
types with all annotations on 25 social groups. To
quantify alignment, we both calculate the Kendall
rank correlation coefficient (Kendall’s τ ) and the
Precision at 3 (P@3). The former indicates the
correlation between model and human scores on
group-trait associations in terms of the number of
swaps required to get the same order. The latter
indicates the percentage of the model’s top stereo-
types which accord with human’s judgements. For
P@3, we also calculate at both the group level and
overall with all groups. For each group, we com-
pute its P@3 score by taking the average of the
P@3 scores with the top 3 traits (top at one polar-
ity) and the score with the bottom 3 (top at the other
polarity) because each trait has two polar adjectives
and the group-trait score is calculated with the dif-
ference of the two polarities. To calculate the P@3
scores, we binarize the human group-trait scores
at a threshold of 50. The overall P@3 score is the
average of the groups’ individual P@3 scores.

The overall scores are in Table 6. We see that
in general that RoBERTa contains group-trait as-
sociations that are more similar to human judge-
ments than does BERT. Additionally, we see that
both ILPS⋆ and SeT have higher P@3 scores
than CEAT and ILPS. The RoBERTa model with
the SeT measurement approach yields outputs are
the most aligned with human’s judgements, with
RoBERTa/ILPS⋆ a close second. From its scores,
we see that model’s group-trait associations have

1281



RoBERTa BERT

Measure τ Template(s) τ Template(s)

ILPS 0.280 That [group] is [trait]. 0.215 All [group] are [trait].
[Group] should be [trait].

ILPS⋆ 0.258 All [group] are [trait].
That [group] is [trait]. 0.123 We expect that [group] are [trait].

[Group] should be [trait].

SeT 0.253 That [group] is [trait]. 0.214 All [group] are [trait].
[Group] should be [trait].

Table 5: Best two templates for each measurement-model pair and corresponding correlations. Some have only one
template because there is no combination of two templates that give higher correlation score than this one template.

CEAT ILPS ILPS⋆ SeT

RoBERTa BERT RoBERTa BERT RoBERTa BERT RoBERTa BERT

Kendall’s τ 0.019 0.111† 0.169† 0.094† 0.175† 0.015 0.199† 0.116
Precision at 3 0.500 0.587 0.620 0.533 0.653 0.560 0.653 0.613

Table 6: Overall alignment scores with human annotations. The highest scores are bold for each row. For correlation
scores, we mark scores where the p-value is < 0.05 with †.

moderate correlation with human’s judgements.
Moreover, in general, two out of the three top
ranked group-trait associations from the model
agree with human data. See Table A19 for the over-
all scores of test groups only, where the four pilot
groups are excluded, and Appendix B for group
level alignment scores.

5.2 Intersectional Groups in LMs

Background. Intersectionality is a core concept
in Black feminism, introduced in the Combahee
River Collective Statement in 1977 (1977; 1983),
considering the ways in which feminist theory and
antiracism need to combine: “Because the intersec-
tional experience is greater than the sum of racism
and sexism, any analysis that does not take intersec-
tionality into account cannot sufficiently address
the particular manner in which Black women are
subordinated.” The concept was applied in law by
Crenshaw (1989) to analyze the ways in which U.S.
antidiscrimination law fails Black women.

The concept of intersectionality has broadened
and, while its boundaries remain contested (e.g.,
Browne and Misra, 2003), there are a number of
core principles that are central (Steinbugler et al.,
2006; Zinn and Dill, 1996): (1) social categories
and hierarchies are historically contingent, (2) the
experience at an intersection is more than the sum
of its parts (Collins, 2002; King, 1988), (3) in-
tersections create both oppression and opportu-
nity (Bonilla-Silva, 1997), (4) individuals may ex-
perience both advantage and disadvantage as a re-
sult of intersectionality, and (5) these hierarchies
impact social structure and social interaction.

Goals and Research Questions. We aim to un-
derstand whether we can measure evidence of inter-
sectional behavior in language models with respect
to stereotyping. In particular, we are interested in
questions surrounding how language models stereo-
type people who simultaneously belong to multiple
social groups. We will only use the term “inter-
sectionality” when specifically considering cases
where (per (3) above) the resulting experience (in
this case, stereotyping) is more than the sum of
its parts. For example, common U.S. stereotypes
for Black women are as “welfare queens” (which
may show up as low agency in our traits), while
common stereotypes for Black men is as “criminal”
(which may show up as low communion) (hooks,
1992; Collins, 2002). To limit our scope, we will
only consider pairs of social groups (e.g., cis men),
and will refer to the the groups that make up a pair
as the component identities (e.g., cis, or men). We
aim to answer the following research questions:

1. When presented with a paired identity, is the
language model sensitive to the order in which
the component identities appear?

2. When paired, do certain social categories domi-
nate others in a language model’s predictions?

3. Can the language model detect stereotypes that
belong to an intersectional group (but not to
either of the components that make up the pair)?

To answer these questions, we use the SeT measure-
ment with the RoBERTa model (the best perform-
ing pair on the single-group experiments) to com-
pute group-trait associations on our paired groups,
which are combinations of all the single groups
in Table 3. We manually omit the groups that do
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not logically exist (e.g. “cis non-binary person”,
“teenage elderly person”) or are grammatically awk-
ward (e.g. “doctor elderly person”, “immigrant
blind person”). Note we include both orders of the
single groups in the paired groups when possible
(e.g. “Catholic teenager” and “teenage Catholic
person”). We then conduct the analysis by com-
puting the correlation between groups’ list of trait
scores with Kendall’s τ .

Q1: Identity Order. Given an paired group with
two identities, the language model may not be able
to capture both of the identities and may predict
stereotypes based only on one of the components.
In fact, the average correlation score between a
paired group and the most correlated of its compo-
nents is 0.56, which is moderately high. We thus
calculate the correlation of trait scores between the
paired group and both its first and second com-
ponent identities (when both orders are possible).
In addition, we calculate the correlation of paired
groups with reversed identity order (e.g. “Asian
teenager” and “teenage Asian person”). The aver-
age correlation score between a paired group and
its first component is 0.43; the correlation score
to its second component is 0.46, which are quite
close. Further, the average correlation score of in-
tersectional groups with reversed identity is 0.69,
which is moderately high. Taken together, these
results indicate that (a) many paired groups have
similar group-trait association scores with one of
their component identities alone; (b) the order does
not matter significantly, but the language model
tends to focus slightly more on the second compo-
nent. The implication of this is that we can expect
that the language model may be able to capture
intersectional stereotypes.

Q2: Dominant Domains. Stryker (1980) sug-
gests that people tend to identify themselves with
their race/ethnicity identity before other identities,
though this is contested and, in some cases, thought
to be antithetical to the idea of intersectionality
(e.g., Collins, 2002). Prompted by this debate, we
ask if there is a hierarchy of the domains that lan-
guage model picks up on for paired groups. To
answer this question, for each identity domain pair,
we compute the average correlation score between
the paired groups with each of its two component
identities, and take the difference of the averaged
correlation scores of the two domains. For each
domain, we count the domains it dominates (i.e.

has score difference ≥ 0.1) and is dominated by.
These results show that age and political stance

are dominant domains, which is expected as iden-
tities within these two domains have strong char-
acteristics that may overwhelm domains they are
paired with. On the other end, race and nationality
are, generally, dominated domains. It is surprising
that the race domain is majorly dominated, con-
trasting documented literature in human behavior.
The full results are shown in Appendix Table A8
as well as detailed scores Table A9.

Q3: Emergent Intersectional Stereotypes. Fi-
nally, we look into emergent stereotypes of paired
groups, with the goal of finding intersectional be-
havior in the language model. To detect intersec-
tional stereotypes, we need to operationalize the
notion of the whole being greater than its parts.
For a fixed paired group g = (g1, g2) (e.g., “trans
Democrats”), and a given trait t (e.g., warm), we
compute S(g, t)−max{S(g1, t), S(g2, t)}, where
S is the score from the language model, capturing
whether this trait is more associated with the paired
group than the maximum of its association with
the component identities. (We consider also the
reverse, where we look for scores much less than
the min.) We might hope to find some well attested
intersectional identities from the literature, such
as “Black women” have an attitude (low com-
munion) and “White men” are privileged (high
agency) (Ghavami and Peplau, 2013).

The top 50 emergent group-trait associations ac-
cording to our measure are listed in Table A10.
We also see some good examples are: the lan-
guage model scores “Hispanic unemployed peo-
ple” as more egotistic than people of the com-
ponent identities, “Democrat teenagers” as more
altruistic, “male doctors” as more benevolent,
etc. However, there are also some unexpected pat-
terns; for instance, almost all nationality identities
combined with “mechanic” are trustworthy and
likeable, and almost all nationality identities com-
bined with “autistic” are egotistic. Looking into
the scores themselves, we find that both “mechanic”
and “autistic” have low scores on the correspond-
ing traits, and combining them with nationalities
raises to about average levels.

Aside from analyzing face validity—which is
mixed—we compare the results of our model to the
traits that Ghavami and Peplau (2013) found when
conducting human studies of race/gender pairs. To
do this, we categorize the traits from Ghavami and
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Peplau (2013) to the ABC dimensions8 and com-
pare with our full list of emergent group-trait associ-
ations. Taking their group-trait matches as ground
truth, our detection of traits for these race/gender
intersectional groups achieves a precision 0.83 and
recall 0.65—better than random guessing (preci-
sion 0.72, recall 0.50) but far from perfect.

6 Limitations and Ethical Considerations

There are several limitations to our work, which
should be taken into account in the interpretation
of our results.

First, our results are likely affected by reporting
bias and by a defaulting effect where, when people
annotate traits for “men”, they may actually have
in their head “cis straight white men”, because the
defaults go unremarked. This goes both for the
human scores (how does a participant conceptu-
alize “men”?) and language model scores (what
do sentences containing the word “man” assume
given that most language a langauge model has
been trained on likely exhibits defaulting?).

Second, our work only focus on assessing stereo-
types within language models and not in any de-
ployed system. Though stereotypes from language
models may impact the outputs of downstream sys-
tems which are built upon these language models,
it is not clear how exactly the stereotypes trans-
fer (Cao et al., 2022). Additionally, our work is
limited to English and U.S. social stereotypes.

Third, although we followed and built on best
practices from social psychology in developing the
human study, it nevertheless has some shortcom-
ings. In particular, even after many iterations on
wording, it was difficult to phrase the survey ques-
tions to encourage people to reporting their true
impressions. There is tension between asking a par-
ticipant what they think—which risks a counfound-
ing potential social desirability bias (Latkin et al.,
2017) (people’s tendency to respond in socially ac-
ceptable ways)—and asking what they think others
think—which led to comments from a few partici-
pants that they felt unqualified to speak for others.
Asking these questions of participants and collect-
ing the data also raises the possibility of this work
inadvertantly reinforcing stereotypes.

Finally, aggregating human judgements into a
single number by averaging (or any other statistic)

8Ghavami and Peplau (2013) covers paired groups com-
bined with race domain and binary genders. The traits they
raised span the agency and communion dimensions.

to compare to model predictions risks collapsing a
significant amount of information down to a single
number. This number cannot distinguish between a
weakly held but common stereotype and a strongly
held but rare one. Nor can it distinguish between
traits where half of annotators say 0 and the other
half say 100, from traits where all annotators say
50. These average judgments should be interpreted
as not what any single person would say, but an
average over people. This limitation is exacerbated
by the defaulting effect, where some people may
imagine a different prototype for a given group,
and other people may imagine another.

7 Conclusion

In this paper, we measured language model (LM)
stereotypes by adopting the ABC stereotype model
from social psychology. Comparing to previous
work on detecting LM stereotypes, our approach is
easy to extend to previously unconsidered groups,
grounded in traits proven effective by social psy-
chology, and exhaustively covering the space of
possible stereotypes, at the cost of being more ab-
stract than in other NLP work. This yields a dif-
ferent set of trade-offs than previous approaches to
measuring stereotypes in LMs.

With the ABC model and data regarding human
stereotypes from our human study, we assessed LM
stereotypes using three different association mea-
surements, including SeT, a metric we proposed.
We showed that LM group-trait stereotypes in gen-
eral have moderate correlation with human judge-
ments, and that SeT provides correlations that bet-
ter align with human’s. Based on these results, we
extended our analysis to intersectional groups. We
found that the LM may be able to capture inter-
sectional stereotypes but is not particularly good
on identifying emergent intersectional stereotypes.
Our results also show that that, in general, age and
political stance are dominant domains in language
models, whereas race and nationality are domi-
nated domains. We hope that our work provides
insights for future works on measuring and miti-
gating stereotypes in natural language processing
systems, and that the grounding in theories from so-
cial psychology has benefits beyond just studying
stereotypes.
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A Traits

The full list of traits and respective adjectives is in the Table A7

Trait Adjectives
Agency scale
Powerful forceful, formidable, capable
Powerless weak, helpless, incapable
High status privileged, elite, advantaged
Low status unskilled, lowly, inferior
Dominant commanding, authoritative
Dominated subservient, submissive, deferential
Wealthy affluent, rich, prosperous
Poor impoverished, destitute, needy
Confident self-assured, assured, self-possessed
Unconfident bashful, meek, timid
Competitive ambitious, driven, zealous
Unassertive submissive, diffident, passive
Beliefs scale
Modern radical, forward-looking
Traditional old-fashioned
Science-oriented analytical, logical, atheistic
Religious devout, pious, reverent
Alternative unorthodox, avant-garde, eccentric
Conventional mainstream
Liberal left-wing, Democrat, progressive
Conservative right-wing, Republican
Communion scale
Trustworthy reliable, dependable, truthful
Untrustworthy unreliable, undependable
Sincere genuine, forthright, honest
Dishonest insincere, deceitful
Warm friendly, kind, loving
Cold unfriendly, unkind, aloof
Benevolent considerate, generous
Threatening intimidating, menacing, frightening
Likable pleasant, amiable, lovable
Repellent vile, loathsome, nasty
Altruistic helpful, charitable, selfless
Egotistic selfish, self-centered, insensitive

Table A7: Full list of traits and corresponding adjectives.
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Dominates Dominated by

age gender/sexuality, race/ethnicity, nationality, poli-
tics, religion, socio-economic -

politics nationality, socio-economic, disability age, religion
gender/ sexuality race/ethnicity, nationality age
disability race/ethnicity, nationality politics
social-economic race/ethnicity, nationality age, politics
religion politics -
race/ ethnicity - age, gender/sexuality, socio-economic, disability

nationality - age, gender/sexuality, politics, socio-economic,
disability

Table A8: Domination relations between social domains.

B Experiment Results with Single Groups

Table A11 presents the Kendall’s τ correlation scores between model and human at group level, while
Table A12 and Table A13 shows the alignment with the precision at 3 scores (former computed with the
top 3 traits and latter with the bottom 3 traits).

C Experiment Results of Intersectional Groups

Table A8 presents the dominating relationship between domains, while Table A9 lists the average
correlation scores of the paired group with each of its identities’ domain for each domain pairs.

Table A10 shows the top 50 emergent group-trait associations.

Domain A Domain B Correlation A Correlation B
age disability 0.532 0.475

gender disability 0.418 0.356
age gender 0.552 0.320
age nationality 0.583 0.337

disability nationality 0.543 0.309
gender nationality 0.481 0.225

political stance nationality 0.287 0.179
race nationality 0.594 0.525

religion nationality 0.490 0.525
socio nationality 0.540 0.338
age political stance 0.319 0.177

disability political stance 0.019 0.397
gender political stance 0.315 0.375

race political stance 0.376 0.348
religion political stance 0.380 0.271

age race 0.520 0.395
disability race 0.538 0.392

gender race 0.478 0.371
age religion 0.502 0.449

disability religion 0.465 0.463
gender religion 0.439 0.360

race religion 0.522 0.460
age socio 0.562 0.406

disability socio 0.420 0.419
gender socio 0.374 0.397

political stance socio 0.433 0.290
race socio 0.387 0.488

religion socio 0.404 0.439

Table A9: Full list of correlations for paired social groups. The table shows two domains, which comprise group
AB, correlations between group AB and group A, group AB and group B.

D Human study setup

The survey for the collection of associated traits is presented in Figure A2.
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Figure A2: Example of the survey for one group.
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E Annotators demographics

55.4% are white, with 50.6% male annotators, 40.4 female annotators and no annotators who provided
another gender. 15.1% of annotators are Black, and 25.6% are Hispanic with slightly more female
annotators 56.4%. We provide four tables A14, A15, A16, A17 showing how perceptions of White people,
Black people, White men, and White women are different from each other across annotator demographics.
We see variations between in-group and out-group annotations. For instance, women see themselves as
more powerful than men see women. While overall scores for men and women groups are similar across
white and Black annotators. In Table A18, we show correlation scores for all social groups and overall
score between the model and Black, white, white female, and white male annotators.
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Group AB Emerged Trait Increased Score Max Score
Jamaican mechanic trustworthy 0.1055 -0.0449
gay with a disability conventional 0.0931 0.0017
gay with a disability threatening 0.0922 -0.0316

Hispanic unemployed person egotistic 0.0919 -0.1546
gay with a disability liberal 0.0882 0.0401

female Native American dominant 0.0860 0.0682
Democrat teenager altruistic 0.0858 -0.0986

Deaf mechanic likable 0.0854 0.0046
Black mechanic likable 0.0821 -0.0118

Democrat mechanic trustworthy 0.0819 -0.0449
male doctor benevolent 0.0819 -0.0230

female Indian person dominant 0.0808 0.0471
Latina dominant 0.0808 0.0720

Filipino mechanic trustworthy 0.0802 -0.0137
Native American mechanic trustworthy 0.0796 -0.0449

teenage Democrat altruistic 0.0794 -0.0986
trans mechanic likable 0.0792 -0.0118

Democrat mechanic sincere 0.0792 -0.0205
Democrat teenager sincere 0.0790 -0.0205

female Black person dominant 0.0785 0.0471
unemployed Italian person poor 0.0784 0.0384

female doctor alternative 0.0779 0.0052
Irish autistic person egotistic 0.0775 -0.0708
Russian mechanic likable 0.0773 -0.0118

unemployed Hispanic person egotistic 0.0772 -0.1546
Russian unemployed person egotistic 0.0762 -0.1788

female doctor traditional 0.0750 0.0107
Amish mechanic trustworthy 0.0748 -0.0170

Republican mechanic sincere 0.0745 -0.0164
male teenager conventional 0.0738 -0.0589

Hispanic French person egotistic 0.0733 -0.1210
Cuban person with a disability poor 0.0731 0.0486

atheist mechanic trustworthy 0.0727 -0.0381
Hispanic Irish person egotistic 0.0725 -0.1322
female Indian person dominated 0.0721 0.0421
gay with a disability traditional 0.0717 0.0229

unemployed German person poor 0.0715 0.0384
female American person dominated 0.0709 0.0328

Irish mechanic trustworthy 0.0709 -0.0300
Muslim autistic person egotistic 0.0708 -0.0708

male teenager traditional 0.0705 -0.0490
Russian autistic person egotistic 0.0704 -0.0708
Japanese autistic person egotistic 0.0700 -0.0708

trans Republican sincere 0.0698 -0.0164
German White person egotistic 0.0696 -0.0833

male Buddhist benevolent 0.0696 -0.0148
Irish Deaf person egotistic 0.0693 -0.0589

Native American mechanic sincere 0.0690 -0.0249
German Republican egotistic 0.0688 -0.0517

Table A10: Top 50 emergent group-trait associations.
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CEAT ILPS ILPS⋆ SeT

RoBERTa BERT RoBERTa BERT RoBERTa BERT RoBERTa BERT

White people 0.150 -0.033 -0.117 -0.383 0.117 -0.350 -0.033 -0.217
Hispanic people 0.533 0.200 0.133 0.300 0.483 0.283
Asian people 0.092 0.126 0.159 0.126 0.243 0.326
Black people -0.209 -0.075 0.209 0.142 0.176 0.042 0.393 0.209
Immigrants -0.117 -0.267 0.233 0.350 0.217 0.383 0.283 0.400
Men 0.183 -0.033 0.083 0.433 0.233 0.183 0.200 0.383
Women -0.433 0.083 0.217 0.017 -0.100 0.050 0.083 0.067
Wealthy people 0.100 -0.133 0.067 0.017 0.150 0.167 0.067 0.083
Jewish people 0.250 0.083 0.017 -0.067 0.150 -0.217 0.033 -0.100
Muslim people 0.233 -0.050 0.000 -0.167 0.183 -0.017 0.250 -0.233
Christians 0.343 0.393 0.209 0.075 0.410 -0.176 0.243 0.142
Cis people 0.167 -0.067 -0.167 -0.033 0.217 -0.400 0.050 0.033
Trans people -0.283 -0.050 0.067 -0.067 0.033 0.083 0.133 0.050
Working class people 0.050 0.300 0.183 -0.117 -0.300 0.017 0.250 -0.033
Non-binary people 0.050 -0.183 0.117 -0.050 0.067 -0.250
Native Americans -0.217 -0.017 0.117 0.350 0.000 -0.183 0.200 0.283
Buddhists 0.000 0.300 0.417 0.517 0.483 0.217 0.383 0.533
Mormons 0.167 0.367 -0.033 0.100 0.283 -0.333 -0.083 0.283
Veterans 0.100 0.417 0.250 -0.083 0.267 -0.083 0.217 -0.033
Unemployed people -0.233 0.083 0.067 0.500 0.067 0.400 0.050 0.500
Teenagers -0.150 -0.133 0.200 -0.267 0.367 -0.033 0.217 -0.250
Elderly people 0.017 0.417 0.650 0.333 0.533 0.117 0.700 0.400
Blind people 0.017 0.367 0.217 0.267 0.100 0.150 0.200 0.267
Autistic people 0.350 -0.117 0.317 0.250 0.267 -0.050
Neurodivergent people -0.167 0.000 0.083 -0.017 -0.100 0.050 0.017 -0.117

Table A11: Overall alignment scores with human annotations for Kendall’s τ . There are some missing scores for
CEAT because there are no occurrences of these groups in the Reddit 2014 dataset.

CEAT ILPS ILPS⋆ SeT

RoBERTa BERT RoBERTa BERT RoBERTa BERT RoBERTa BERT

White people 1.00 1.00 0.33 0.33 0.67 0.67 0.67 0.67
Hispanic people 1.00 0.67 0.67 0.67 0.67 0.67
Asian people 1.00 1.00 1.00 1.00 1.00 1.00
Black people 0.00 0.33 0.33 0.33 0.33 0.00 0.67 0.33
Immigrants 0.33 0.00 0.67 0.00 0.33 0.00 0.33 0.33
Men 0.67 0.00 0.67 1.00 0.67 0.33 0.67 1.00
Women 0.33 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Wealthy people 1.00 0.67 0.33 0.33 0.67 0.67 0.67 0.67
Jewish people 0.67 0.67 0.00 0.33 0.33 0.33 0.33 0.33
Muslim people 0.00 0.00 0.00 0.00 0.33 0.33 0.33 0.00
Christians 1.00 1.00 1.00 1.00 1.00 0.67 1.00 1.00
Cis people 1.00 1.00 1.00 0.67 1.00 0.67 1.00 1.00
Trans people 0.33 0.33 1.00 0.00 0.67 0.67 1.00 0.33
Working class people 0.67 0.67 0.67 0.33 0.33 1.00 0.67 0.67
Non-binary people 1.00 0.67 1.00 0.67 1.00 0.67
Native Americans 0.33 0.67 0.67 1.00 0.33 0.67 0.67 0.67
Buddhists 0.33 0.67 1.00 1.00 1.00 1.00 0.677 1.00
Mormons 0.67 1.00 1.00 1.00 1.00 0.67 1.00 1.00
Veterans 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Unemployed people 0.33 0.00 0.00 0.67 0.00 0.00 0.00 0.67
Teenagers 0.00 0.33 0.67 0.33 0.67 0.33 0.67 0.67
Elderly people 0.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Blind people 0.67 0.67 1.00 1.00 0.67 1.00 1.00 1.00
Autistic people 1.00 0.67 1.00 1.00 1.00 0.67
Neurodivergent people 0.33 0.00 0.00 0.33 0.00 0.33 0.00 0.33

Table A12: Overall alignment scores with human annotations for Precision at the top 3 traits.
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CEAT ILPS ILPS⋆ SeT

RoBERTa BERT RoBERTa BERT RoBERTa BERT RoBERTa BERT

White people 0.67 0.33 0.00 0.00 0.33 0.67 0.67 0.67
Hispanic people 1.00 0.33 1.00 0.67 0.67 0.67
Asian people 0.33 0.00 0.67 1.00 1.00 1.00
Black people 0.33 0.33 1.00 0.67 1.00 0.00 0.67 0.33
Immigrants 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Men 0.33 0.67 0.33 1.00 0.67 1.00 0.67 1.00
Women 0.00 0.33 0.00 0.00 0.00 0.33 0.00 0.00
Wealthy people 0.33 0.00 0.33 0.00 0.33 0.67 0.33 0.00
Jewish people 0.67 0.33 1.00 0.67 1.00 0.00 1.00 0.67
Muslim people 0.67 0.67 0.67 0.33 1.00 1.00 1.00 0.67
Christians 0.67 1.00 0.33 0.33 0.33 0.00 0.33 0.67
Cis people 0.33 0.33 0.00 0.33 0.33 0.00 0.33 0.33
Trans people 0.00 0.67 0.33 0.33 0.33 0.33 0.33 0.33
Working class people 0.67 0.67 0.33 0.33 0.67 0.33 0.33 0.67
Non-binary people 0.00 0.00 0.33 0.67 0.00 0.00
Native Americans 0.33 0.33 0.33 0.67 0.67 0.33 0.67 0.67
Buddhists 0.33 0.67 1.00 1.00 0.33 0.67 1.00 0.67
Mormons 0.67 1.00 0.33 0.33 0.33 0.00 0.33 0.67
Veterans 0.33 0.67 0.67 0.00 0.33 0.33 0.67 0.00
Unemployed people 0.67 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Teenagers 0.33 0.33 1.00 0.33 1.00 1.00 0.67 0.00
Elderly people 0.33 1.00 1.00 0.67 1.00 0.33 1.00 1.00
Blind people 1.00 0.67 0.33 0.33 0.67 0.33 0.33 0.33
Autistic people 0.67 0.33 1.00 0.67 0.33 0.33
Neurodivergent people 0.67 0.67 0.67 1.00 0.67 0.67 0.67 0.67

Table A13: Overall alignment scores with human annotations for Precision at the bottom 3 traits.

Social Group

Trait pair Women Men White Black

powerless-powerful 46.8 81.4 80.7 37.1
low status-high status 44.9 76.3 78.6 25.5
dominated-dominant 34.3 84.8 72.6 26.3
poor-wealthy 55.2 67.7 76.6 28.8
unconfident-confident 57.3 78.3 77.4 54.7
unassertive-competitive 53.8 75.5 79.3 49.9
traditional-modern 61.8 53.3 60.8 31.7
religious-science oriented 59.9 56.1 52.8 27.0
conventional-alternative 55.3 46.7 47.1 44.2
conservative-liberal 61.7 40.8 43.0 56.8
untrustworthy-trustworthy 52.2 50.9 58.2 29.9
dishonest-sincere 52.4 45.3 56.6 37.4
cold-warm 53.8 42.3 56.8 53.0
threatening-benevolent 64.3 39.7 54.2 31.4
repellent-likable 65.5 59.7 59.1 40.3
egoistic-altruistic 50.1 42.8 50.6 47.5

Table A14: Group-trait associations from white annotators for a subset of social groups. Scores which are closer to
0 indicate closer to the trait on the left (powerless, low status, etc.) and scores closer to 100 indicate closer to the
trait on the right (powerful, high status, etc.).
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Social Group

Trait pair Women Men White Black

powerless-powerful 61.0 93.0 73.8 56.6
low status-high status 67.8 86.0 74.3 49.3
dominated-dominant 56.0 94.0 72.5 55.3
poor-wealthy 59.0 91.0 76.8 40.6
unconfident-confident 82.3 85.0 69.7 75.9
unassertive-competitive 54.0 57.0 80.5 76.3
traditional-modern 64.8 67.0 80.3 53.7
religious-science oriented 35.5 65.0 81.8 21.7
conventional-alternative 66.0 62.0 52.5 57.9
conservative-liberal 71.3 82.0 71.5 67.7
untrustworthy-trustworthy 78.5 57.0 62.8 46.9
dishonest-sincere 78.5 61.0 62.3 42.7
cold-warm 87.5 66.0 50.7 58.3
threatening-benevolent 78.3 38.0 35.5 49.7
repellent-likable 85.0 59.0 49.3 62.1
egoistic-altruistic 80.8 77.0 59.8 39.6

Table A15: Group-trait associations from Black annotators for a subset of social groups. Scores which are closer to
0 indicate closer to the trait on the left (powerless, low status, etc.) and scores closer to 100 indicate closer to the
trait on the right (powerful, high status, etc.).

Social Group

Trait pair Women Men White Black

powerless-powerful 37.5 80.0 81.9 29.8
low status-high status 44.0 77.0 83.4 18.3
dominated-dominant 42.0 83.3 69.8 18.0
poor-wealthy 47.0 70.5 83.0 12.5
unconfident-confident 55.5 75.5 81.6 51.0
unassertive-competitive 61.0 83.3 82.3 39.0
traditional-modern 59.5 59.3 76.8 26.3
religious-science oriented 46.0 62.5 61.3 21.5
conventional-alternative 51.0 55.0 64.6 42.3
conservative-liberal 54.0 36.7 55.1 53.0
untrustworthy-trustworthy 49.5 45.7 47.5 32.5
dishonest-sincere 48.0 42.5 52.5 34.0
cold-warm 50.0 43.0 55.6 48.0
threatening-benevolent 56.5 34.0 48.3 24.0
repellent-likable 50.5 57.3 57.0 40.5
egoistic-altruistic 51.5 44.8 47.6 53.8

Table A16: Group-trait associations from white male annotators for a subset of social groups. Scores which are
closer to 0 indicate closer to the trait on the left (powerless, low status, etc.) and scores closer to 100 indicate closer
to the trait on the right (powerful, high status, etc.).
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Social Group

Trait pair Women Men White Black

powerless-powerful 48.1 82.8 81.8 41.3
low status-high status 45.1 75.5 76.8 29.6
dominated-dominant 33.2 86.2 78.1 31.0
poor-wealthy 56.4 64.8 73.5 38.1
unconfident-confident 57.5 81.7 76.2 56.9
unassertive-competitive 52.8 67.7 78.9 56.9
traditional-modern 62.1 47.2 51.0 34.9
religious-science oriented 58.5 49.7 50.6 30.2
conventional-alternative 55.9 38.3 37.4 45.3
conservative-liberal 62.8 45.0 38.6 59.0
untrustworthy-trustworthy 52.6 56.2 61.0 28.4
dishonest-sincere 53.1 48.2 53.9 39.1
cold-warm 54.3 41.7 51.4 55.9
threatening-benevolent 65.4 45.3 53.4 35.6
repellent-likable 67.7 62.0 53.3 40.1
egoistic-altruistic 49.9 40.7 47.7 44.0

Table A17: Group-trait associations from white female annotators for a subset of social groups. Scores which are
closer to 0 indicate closer to the trait on the left (powerless, low status, etc.) and scores closer to 100 indicate closer
to the trait on the right (powerful, high status, etc.).

Social Group

Trait pair Black White White Men White Women

White person -0.130 0.080 -0.180 0.220
Hispanic person 0.360 0.470 0.200 0.570
Asian person 0.560 0.100 0.190 0.050
Black person 0.470 0.370 0.250 0.370
immigrant 0.010 0.420 0.300 0.420
man -0.130 0.220 0.180 0.320
woman -0.060 -0.030 0.080 -0.080
wealthy person -0.600 0.050 0.050 0.080
Jewish person 0.020 -0.020 -0.120 0.070
Muslim person —— 0.230 0.140 0.280
Christian 0.270 0.390 0.280 0.010
cis person -0.840 0.090 -0.020 0.170
trans person 0.190 0.150 0.180 0.120
working class person 0.010 0.290 0.290 0.220
non-binary -0.040 0.050 -0.030 0.120
Native American 0.140 0.070 0.080 0.130
Buddhist 0.230 0.320 0.250 0.320
Mormon -0.030 0.030 0.100 -0.180
veteran 0.220 0.200 0.180 0.190
unemployed person 0.030 0.020 -0.040 0.000
teenager 0.200 0.200 0.220 0.130
elderly person 0.540 0.650 0.710 0.620
blind person 0.226 0.217 0.217 0.217
autistic person 0.267 0.217 0.267 0.167
neurodivergent person 0.092 0.050 0.092 0.033
overall 0.151 0.187 0.177 0.164

Table A18: Correlation scores between the model and white, Black, white male, and white female annotators.
Scores with p-values less than 0.05 are marked bold.

CEAT ILPS ILPS⋆ SeT

RoBERTa BERT RoBERTa BERT RoBERTa BERT RoBERTa BERT

Kendall’s τ 0.028 0.123† 0.142† 0.071 0.173† -0.007 0.174† 0.093

Table A19: Overall alignment scores with human annotations with only test groups. The highest scores are bold for
each row. For correlation scores, we mark scores where the p-value is < 0.05 with †.
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Abstract

Making an informed choice of pre-trained lan-
guage model (LM) is critical for performance,
yet environmentally costly, and as such widely
underexplored. The field of Computer Vi-
sion has begun to tackle encoder ranking, with
promising forays into Natural Language Pro-
cessing, however they lack coverage of linguis-
tic tasks such as structured prediction. We
propose probing to rank LMs, specifically for
parsing dependencies in a given language, by
measuring the degree to which labeled trees
are recoverable from an LM’s contextualized
embeddings. Across 46 typologically and ar-
chitecturally diverse LM-language pairs, our
probing approach predicts the best LM choice
79% of the time using orders of magnitude less
compute than training a full parser. Within this
study, we identify and analyze one recently pro-
posed decoupled LM—RemBERT—and find it
strikingly contains less inherent dependency in-
formation, but often yields the best parser after
full fine-tuning. Without this outlier our ap-
proach identifies the best LM in 89% of cases.

1 Introduction

With the advent of massively pre-trained language
models (LMs) in Natural Language Processing
(NLP), it has become crucial for practitioners to
choose the best LM encoder for their given task
early on, regardless of the rest of their proposed
model architecture. The greatest variation of LMs
lies in the language or domain-specificity of the
unlabelled data used during pre-training (with ar-
chitectures often staying identical).

Typically, better expressivity is expected from
language/domain-specific LMs (Gururangan et al.,
2020; Dai et al., 2020) while open-domain settings
necessitate high-capacity models with access to as
much pre-training data as possible. This tradeoff is
difficult to navigate, and given that multiple special-
ized LMs (or none at all) are available, practitioners
often resort to an ad-hoc choice. In absence of im-

mediate performance indicators, the most accurate
choice could be made by training the full model
using each LM candidate, however this is often
infeasible and wasteful (Strubell et al., 2019).

Recently, the field of Computer Vision (CV) has
attempted to tackle this problem by quantifying
useful information in pre-trained image encoders
as measured directly on labeled target data without
fine-tuning (Nguyen et al., 2020; You et al., 2021).
While first forays for applying these methods to
NLP are promising, some linguistic tasks differ
substantially: Structured prediction, such as pars-
ing syntactic dependencies, is a fundamental NLP
task not covered by prior encoder ranking methods
due to its graphical output. Simultaneously, perfor-
mance prediction in NLP has so far been studied as
a function of dataset and model characteristics (Xia
et al., 2020; Ye et al., 2021) and has yet to examine
how to rank large pools of pre-trained LMs.

Given the closely related field of probing, in
which lightweight models quantify task-specific
information in pre-trained LMs, we recast its ob-
jective in the context of performance prediction
and ask: How predictive is lightweight probing at
choosing the best performing LM for dependency
parsing? To answer this question, we contribute:

• An efficient encoder ranking method for struc-
tured prediction using dependency probing
(Müller-Eberstein et al., 2022; DEPPROBE) to
quantify latent syntax (Section 2).

• Experiments across 46 typologically and ar-
chitecturally diverse LM + target language
combinations (Section 3).1

• An in-depth analysis of the surprisingly low
inherent dependency information in Rem-
BERT (Chung et al., 2021) compared to its
high fine-tuned performance (Section 4).

1Code at https://personads.me/x/naacl-2022-code.
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Figure 1: Visualization of DEPPROBE. Relational and
structural subspaces L and B are combined to extract
labeled, directed trees from embeddings.

2 Methodology

Probing pre-trained LMs is highly related to en-
coder ranking in CV where the ease of recover-
ability of class-differentiating information is key
(Nguyen et al., 2020; You et al., 2021). This ap-
proach is more immediate than existing NLP per-
formance prediction methods which rely on fea-
turized representations of source and target data
without actively ranking encoders (Xia et al., 2020;
Ye et al., 2021). As most experiments in NLP are
conducted using a limited set of LMs—often a sin-
gle model—without strong prior motivations, we
see LM ranking as a critical task on its own.

While probes for LMs come in many forms, they
are generally characterized as lightweight, min-
imal architectures intended to solve a particular
task (Hall Maudslay et al., 2020). While non-linear
models such as small multi-layer perceptrons are of-
ten used (Tenney et al., 2019), there have been crit-
icisms given that their performance highly depends
on the complexity of their architecture (Hewitt and
Liang, 2019; Voita and Titov, 2020). As such,
we rely on linear probes alone, which have the
benefit of being extremely lightweight, closely re-
sembling existing performance prediction methods
(You et al., 2021), and allow for statements about
linear subspaces contained in LM latent spaces.

DEPPROBE (Müller-Eberstein et al., 2022; vi-
sualized in Figure 1) is a linear formulation for
extracting fully labeled dependency trees based on
the structural probe by Hewitt and Manning (2019).
Given contextualized embeddings of dimensional-
ity d, a linear transformationB ∈ Rb×d with b≪ d
(typically b = 128) maps them into a subspace in
which the Euclidean distance between embeddings
corresponds to the number of edges between the
respective words in the gold dependency graph.

In our formulation, we supplement a linear trans-
formation L ∈ Rl×d (with l = number of depen-
dency relations) which maps each embedding to a

subspace in which the magnitude of each dimen-
sion corresponds to the likelihood of a word and its
head being governed by a certain relation.

By computing the minimum spanning tree in B
and then finding the word with the highest root
likelihood in L, we can determine the direction-
ality of all edges as pointing away from the root.
All remaining edges are labeled according to the
most likely non-root class in L, resulting in a fully
directed and labeled dependency tree.

Note that this approach differs substantially from
prior approaches which yield undirected and/or
unlabeled trees (Hewitt and Manning, 2019; Kul-
mizev et al., 2020) or use pre-computed edges and
non-linear classifiers (Tenney et al., 2019). DEP-
PROBE efficiently computes the full target metric
(i.e. labeled attachment scores) instead of approxi-
mate alternatives (e.g. undirected, unlabeled attach-
ment scores or tree depth correlation).

3 Experiments

Setup We investigate the ability of DEPPROBE

to select the best performing LM for dependency
parsing across nine linguistically diverse treebanks
from Universal Dependencies (Zeman et al., 2021;
UD) which were previously chosen by Smith et al.
(2018) to reflect diverse writing systems and mor-
phological complexity (see Appendix A).

For each target language, we employ three multi-
lingual LMs—mBERT (Devlin et al., 2019), XLM-
R (Conneau et al., 2020), RemBERT (Chung et al.,
2021)—as well as 1–3 language-specific LMs re-
trieved by popularity from HuggingFace’s Model
Hub (Wolf et al., 2020), resulting in a total of 46
LM-target pair setups (see Appendix C).

For each combination, we train a DEPPROBE

to compute labeled attachment scores (LAS), hy-
pothesizing that LMs from which trees are most
accurately recoverable also perform better in a fully
tuned parser. To evaluate the true downstream per-
formance of a fully-tuned model, we further train
a deep biaffine attention parser (BAP; Dozat and
Manning, 2017) on each LM-target combination.
Compared to full fine-tuning, DEPPROBE only op-
timizes the matrices B and L, resulting in the ex-
traction of labeled trees with as few as 190k instead
of 583M trainable parameters for the largest Rem-
BERT model (details in Appendix B).

We measure the predictive power of probing for
fully fine-tuned model performance using the Pear-
son correlation coefficient ρ as well as the weighted
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Figure 2: LAS of DEPPROBE in relation to full
BAP across nine language targets (dev) using language-
specific and multilingual LM encoders of different ar-
chitecture types (exact scores in Appendix C).

Kendall’s τw (Vigna, 2015). The latter metric cor-
responds to a correlation coefficient in [−1, 1] and
simultaneously defines the probability of choosing
the better LM given a pair as τw+1

2 , allowing us to
quantify the overall quality of a ranking.

Results Comparing the LAS of DEPPROBE’s
lightweight predictions against full BAP fine-
tuning in Figure 2, we see a clear correlation as
the probe correctly predicts the difficulty of pars-
ing languages relative to each other and also ranks
models within languages closely according to their
final performance. With a τw of .58 between scores
(p < 0.001), this works out to DEPPROBE select-
ing the better performing final model given any
two models 79% of the time. Additionally, LAS is
slightly more predictive of final performance than
unlabeled, undirected attachment scores (UUAS)
with τw = .57 to which prior probing approaches
are restricted (see Appendix C).

Given a modest ρ of .32 (p < 0.05), we sur-
prisingly also observe a single strong outlier to
this pattern, namely the multilingual RemBERT
(Chung et al., 2021) decoupled LM architecture.
While DEPPROBE consistently ranks it low as it
cannot extract dependency parse trees as accurately
as from the BERT and RoBERTa-based architec-
tures, RemBERT actually performs best on four
out of the nine targets when fully fine-tuned in
BAP. Excluding monolingual LMs, it further out-
performs the other multilingual LMs in seven out
of nine cases. As it is a more recent and distinc-
tive architecture with many differences to the most
commonly-used contemporary LMs, we analyze
potential reasons for this discrepancy in Section 4.

Excluding RemBERT as an outlier, we find sub-
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Figure 3: Dependency Information per RemBERT
Layer via DEPPROBE’s structural, relational and pars-
ing accuracy (UUAS, RelAcc, LAS) on EN-EWT (dev).

stantially higher correlation among all other mod-
els: ρ = .78 and τw = .78 (p < 0.001). This means
that among these models, fully fine-tuning the LM
for which DEPPROBE extracts the highest scores,
yields the better final performance 89% of the time.

In practice, learning DEPPROBE’s linear trans-
formations while keeping the LM frozen is multiple
orders of magnitude more efficient than fully train-
ing a complex parser plus the LM’s parameters.
As such, linear probing offers a viable method for
selecting the best encoder in absence of qualita-
tive heuristics or intuitions. This predictive perfor-
mance is furthermore achievable in minutes com-
pared to hours and at a far lower energy budget (see
Appendices B and C).

4 Probing Decoupled LMs

Considering DEPPROBE’s high predictive perfor-
mance across LMs with varying architecture types,
languages/domains and pre-training procedures,
we next investigate its limitations: Specifically,
which differences in RemBERT (Chung et al.,
2021) lead to it being measured as an outlier with
seemingly low amounts of latent dependency infor-
mation despite reaching some of the highest scores
after full fine-tuning. The architecture has 32 lay-
ers and embeddings with d = 1152, compared to
most models’ 12 layers and d = 768. It accom-
modates these size and depth increases within a
manageable parameter envelope by using smaller
input embeddings with din = 256. While choosing
different d for the input and output embeddings
is not possible in most prior models due to both
embedding matrices being coupled, RemBERT de-
couples them, leading to a larger parameter budget
and less overfitting on the masked language model-
ing pre-training task (Chung et al., 2021).
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Figure 4: Per-language α of RemBERT Layers for
DEPPROBE across all layer weights (dark > light).

MODEL AR EN FI GRC HE KO RU SV ZH

mBERT
65 74 65 46 69 58 68 65 58
±.08 ±.09 ±.35 ±.14 ±.23 ±.18 ±.31 ±.12 ±.17

XLM-R
60 70 66 53 60 49 57 51 51
±.14 ±.08 ±.18 ±.19 ±.20 ±.08 ±.34 ±.24 ±.53

RemBERT
58 56 52 54 52 46 49 43 39
±.12 ±.22 ±.15 ±.18 ±.05 ±.14 ±.04 ±.08 ±.24

Table 1: LAS of BAP Trained on Frozen LMs. A
biaffine attention parsing head is trained on top of frozen
mBERT, XLM-R and RemBERT for each of the nine
target languages (± standard deviation).

Layer-wise Probing Prior probing studies have
found dependency information to be concentrated
around the middle layers of an LM (Hewitt and
Manning, 2019; Tenney et al., 2019; Fayyaz et al.,
2021). Using EN-EWT (Silveira et al., 2014),
we evaluate whether this holds for RemBERT’s
new architecture. Figure 3 confirms that both de-
pendency structural and relational information are
most prominent around layer 17 of 32 as indi-
cated by UUAS and relation classification accuracy
(RelAcc) respectively. Combining the structural
and relational information in DEPPROBE similarly
leads to a peak of the LAS at the same layer while
decreasing with further distance from the center.

Across all target languages, we next investigate
whether probing a sum over the embeddings of all
layers weighted by α ∈ R32 can boost extraction
performance in RemBERT. The heavier weighting
of middle layers by α, visible in Figure 4, reaf-
firms a concentration of dependency information
in the center. Contrasting probing work on prior
models (Tenney et al., 2019; Kulmizev et al., 2020),
using all layers does not increase the retrievable de-
pendencies, with LAS differences ±1 point. This
further confirms that there is not a lack of depen-
dency information in any specific layer, but that
there is less within the encoder as a whole.

Frozen Parsing Our probing results show that
linear subspaces in RemBERT contain less depen-
dency information than prior LMs. However, DEP-
PROBE’s parametrization is kept intentionally sim-

ple and may therefore not be capturing non-linearly
represented information that is useful during later
fine-tuning. To evaluate this hypothesis, we train
a full biaffine attention parsing head, but keep the
underlying LM encoder frozen. This allows us to
quantify the performance gains which come from
inherent dependency information versus later task-
specific fine-tuning.

Table 1 confirms our findings from DEPPROBE

and shows that despite RemBERT outperforming
mBERT and XLM-R when fully fine-tuned, it
has substantially lower LAS across almost all lan-
guages when no full model fine-tuning is applied.
This leads us to conclude that there indeed is less in-
herent dependency information in the newer model
and that most performance gains must be occurring
during task-specific full fine-tuning.

Given that DEPPROBE extracts dependency
structures reliably from LM architectures with dif-
ferent depths and embedding dimensionalities (e.g.
RoBERTalarge with 24 layers and d = 1024 versus
RuBERTtiny with 3 layers and d = 312) as well as
varying tokenization, optimization and pre-training
data, the key difference in RemBERT appears to
be embedding decoupling. The probe’s linear for-
mulation is not the limiting factor as the non-linear,
biaffine attention head also produces less accurate
parses when the LM’s weights are frozen. Our
analyses thus suggest that RemBERT’s decoupled
architecture contains less dependency information
out-of-the-box, but follows prior patterns such as
consolidating dependency information towards its
middle layers and serving as strong initialization
for parser training.

Lastly, RemBERT’s larger number of tunable
parameters compared to all other LM candidates
may provide it further capacity, especially after full
fine-tuning. As our probing methods are deliber-
ately applied to the frozen representations of the en-
coder, it becomes especially important to consider
the degree to which these embeddings may change
after updating large parts of the model. Taking
these limitations into account, the high correlations
with respect to encoder ranking nonetheless enable
a much more informed selection of LMs from a
larger pool than was previously possible.

5 Conclusion

To guide practitioners in their choice of LM en-
coder for the structured prediction task of depen-
dency parsing, we leveraged a lightweight, linear

1299



DEPPROBE to quantify the latent syntactic infor-
mation via the labeled attachment score. Evaluat-
ing 46 pairs of multilingual/language-specific LMs
and nine typologically diverse target treebanks, we
found DEPPROBE to not only be efficient in its
predictions, with orders of magnitude fewer train-
able parameters, but to also be accurate 79–89%
of the time in predicting which LM will outper-
form another when used in a fully tuned parser.
This allows for a substantially faster iteration over
potential LM candidates, saving hours worth of
compute in practice (Section 3).

Our experiments further revealed surprising in-
sights on the newly proposed RemBERT architec-
ture: While particularly effective for multilingual
dependency parsing when fully fine-tuned, it con-
tains substantially less latent dependency informa-
tion relative to prior widely-used models such as
mBERT and XLM-R. Among its architectural dif-
ferences, we identified embedding decoupling to
be the most likely contributor, while added model
capacity during fine-tuning may also improve final
performance. Our analyses showed that despite
containing less dependency information overall,
RemBERT follows prior findings such as structure
and syntactic relations being consolidated towards
the middle layers. Given these consistencies, per-
formance differences between decoupled LMs may
be predictable using probes, but in absence of simi-
lar multilingual LMs using decoupled embeddings
this effect remains to be studied (Section 4).

Overall, the high efficiency and predictive power
of ranking LM encoders via linear probing as well
as the ease with which they can be analyzed—even
when they encounter their limitations—offers im-
mediate benefits to practitioners who have so far
had to rely on their own intuitions when making
a selection. This opens up avenues for future re-
search by extending these methods to more tasks
and LM architectures in order to enable better in-
formed modeling decisions.
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Kaşıkara, Andre Kaasen, Nadezhda Kabaeva, Syl-
vain Kahane, Hiroshi Kanayama, Jenna Kanerva,
Neslihan Kara, Boris Katz, Tolga Kayadelen, Jes-
sica Kenney, Václava Kettnerová, Jesse Kirchner,
Elena Klementieva, Elena Klyachko, Arne Köhn,
Abdullatif Köksal, Kamil Kopacewicz, Timo Korki-
akangas, Mehmet Köse, Natalia Kotsyba, Jolanta
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Appendices

A Treebanks

TARGET LANG FAMILY SIZE

AR-PADT Arabic Afro-Asiatic 7.6k
EN-EWT English Indo-European 16.6k
FI-TDT Finnish Uralic 15.1k
GRC-PROIEL Ancient Greek Indo-European 17.1k
HE-HTB Hebrew Afro-Asiatic 6.2k
KO-GSD Korean Korean 6.3k
RU-GSD Russian Indo-European 5k
SV-Talbanken Swedish Indo-European 6.0k
ZH-GSD Chinese Sino-Tibetan 5.0k

Table 2: Target Treebanks based on Smith et al. (2018)
with language family (FAMILY) and total number of
sentences (SIZE).

Table 2 lists the nine target treebanks based on
the set by Smith et al. (2018): AR-PADT (Hajič
et al., 2009), EN-EWT (Silveira et al., 2014), FI-
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TDT (Pyysalo et al., 2015), GRC-PROIEL (Eck-
hoff et al., 2018), HE-HTB (McDonald et al.,
2013a), KO-GSD (Chun et al., 2018), RU-GSD
(McDonald et al., 2013b), SV-Talbanken (McDon-
ald et al., 2013a), ZH-GSD (Shen et al., 2016). We
use these treebanks as provided in Universal Depen-
dencies v2.9 (Zeman et al., 2021). DEPPROBE and
BAP are trained on each target’s respective train-
ing split and are evaluated on the development split
as this work aims to analyze general performance
patterns instead of state-of-the-art performance.

B Experiment Setup

DEPPROBE is implemented in PyTorch v1.9.0
(Paszke et al., 2019) and uses language models
from the Transformers library v4.13.0 and the as-
sociated Model Hub (Wolf et al., 2020). Following
the structural probe by Hewitt and Manning (2019),
each token which is split by the LM encoder into
multiple subwords is mean-pooled. Similarly, we
follow the original hyperparameter settings and
set the structural subspace dimensionality to b =
128 and use embeddings from the middle layer of
each LM (Hewitt and Manning, 2019; Tenney et al.,
2019; Fayyaz et al., 2021). The structural loss is
computed based on the absolute difference of the
Euclidean distance between transformed word em-
beddings and the number of edges separating the
words in the gold tree (see Hewitt and Manning,
2019 for details). The relational loss is computed
using cross entropy between the logits and gold
head-child relation. Optimization uses AdamW
(Loshchilov and Hutter, 2018) with a learning rate
of 10−3 which is reduced by a factor of 10 each
time the loss plateaus. Early stopping is applied
after three epochs without improvement and a max-
imum of 30 total epochs. With the only trainable
parameters being the matricesB andL, the model’s
footprint ranges between 51k and 190k parameters.

BAP For the biaffine attention parser (Dozat and
Manning, 2017) we use the implementation in the
MaChAmp framework v0.3 (van der Goot et al.,
2021) with the default training schedule and hyper-
parameters. The number of trainable parameters
depends on the LM encoder’s size and ranges be-
tween 14M and 583M.

Analyses For our analyses in Sections 3 and 4 we
further make use of numpy v1.21.0 (Harris et al.,
2020), SciPy v1.7.0 (Virtanen et al., 2020) and
Matplotlib v3.4.3 (Hunter, 2007).

Training Details Models are trained on an
NVIDIA A100 GPU with 40GBs of VRAM and
an AMD Epyc 7662 CPU. BAP requires around 1
h (± 30 min). DEPPROBE can be trained in around
15 min (± 5 min) with the embedding forward op-
eration being most computationally expensive. The
models use batches of size 32 and are initialized
using the random seeds 692, 710 and 932.

Reproducibility In order to ensure reproducibil-
ity and comparability with future work, we re-
lease our code and token-level predictions at
https://personads.me/x/naacl-2022-code.

C Detailed Results

Tables 3–11 list exact LAS and standard deviations
for each experiment in Section 3’s Figure 2 in ad-
dition to the HuggingFace Model Hub IDs of the
LMs used in each of the 46 setups as well as their
number of layers, embedding dimensionality d and
total number of parameters. In addition, Figure
5 shows UUAS for all setups, equivalent to only
probing structurally (Hewitt and Manning, 2019)
for unlabeled, undirected dependency trees.
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Figure 5: UUAS of DEPPROBE in relation to BAP
across nine language targets (dev) using language-
specific and multilingual LM encoders of different ar-
chitecture types.
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MODELS SOURCE LAYERS EMB d PARAMS BAP DEPPROBE

bert-base-multilingual-cased Devlin et al. (2019) 12 768 178M 83.5±0.2 54.8±0.6

xlm-roberta-base Conneau et al. (2020) 12 768 278M 85.2±0.1 57.2±0.1

google/rembert Chung et al. (2021) 32 1152 576M 85.4±0.2 20.7±0.1

aubmindlab/bert-base-arabertv02 Antoun et al. (2020) 12 768 135M 85.8±0.1 59.0±0.1

asafaya/bert-base-arabic Safaya et al. (2020) 12 768 111M 84.9±0.1 57.0±0.2

Table 3: LAS on AR-PADT (Dev) using BAP and DEPPROBE with different LMs (± standard deviation).

MODELS SOURCE LAYERS EMB d PARAMS BAP DEPPROBE

bert-base-multilingual-cased Devlin et al. (2019) 12 768 178M 90.0±0.1 64.5±0.3

xlm-roberta-base Conneau et al. (2020) 12 768 278M 91.7±0.2 64.8±0.1

google/rembert Chung et al. (2021) 32 1152 576M 92.2±0.0 41.6±0.3

bert-base-uncased Devlin et al. (2019) 12 768 109M 91.2±0.1 63.4±0.3

roberta-large Liu et al. (2019) 24 1024 355M 92.3±0.2 59.9±0.2

Table 4: LAS on EN-EWT (Dev) using BAP and DEPPROBE with different LMs (± standard deviation).

MODELS SOURCE LAYERS EMB d PARAMS BAP DEPPROBE

bert-base-multilingual-cased Devlin et al. (2019) 12 768 178M 89.1±0.2 54.5±0.4

xlm-roberta-base Conneau et al. (2020) 12 768 278M 92.4±0.1 62.4±0.2

google/rembert Chung et al. (2021) 32 1152 576M 93.1±0.1 30.8±0.1

TurkuNLP/bert-base-finnish-uncased-v1 Virtanen et al. (2019) 12 768 125M 93.4±0.1 68.9±0.3

TurkuNLP/bert-base-finnish-cased-v1 Virtanen et al. (2019) 12 768 125M 93.4±0.1 67.5±0.4

Table 5: LAS on FI-TDT (Dev) using BAP and DEPPROBE with different LMs (± standard deviation).

MODELS SOURCE LAYERS EMB d PARAMS BAP DEPPROBE

bert-base-multilingual-cased Devlin et al. (2019) 12 768 178M 73.1±0.1 41.6±0.5

xlm-roberta-base Conneau et al. (2020) 12 768 278M 85.0±0.2 51.1±0.2

google/rembert Chung et al. (2021) 32 1152 576M 87.7±0.1 15.3±0.1

pranaydeeps/Ancient-Greek-BERT Singh et al. (2021) 12 768 113M 87.3±0.1 60.0±0.0

nlpaueb/bert-base-greek-uncased-v1 Koutsikakis et al. (2020) 12 768 113M 84.6±0.3 53.9±0.1

Table 6: LAS on GRC-PROIEL (Dev) using BAP and DEPPROBE with different LMs (± standard deviation).

MODELS SOURCE LAYERS EMB d PARAMS BAP DEPPROBE

bert-base-multilingual-cased Devlin et al. (2019) 12 768 178M 86.7±0.2 60.2±0.6

xlm-roberta-base Conneau et al. (2020) 12 768 278M 88.8±0.1 59.2±0.3

google/rembert Chung et al. (2021) 32 1152 576M 90.5±0.1 11.6±0.4

onlplab/alephbert-base Seker et al. (2021) 12 768 126M 89.6±0.1 61.4±0.2

Table 7: LAS on HE-HTB (Dev) using BAP and DEPPROBE with different LMs (± standard deviation).

MODELS SOURCE LAYERS EMB d PARAMS BAP DEPPROBE

bert-base-multilingual-cased Devlin et al. (2019) 12 768 178M 83.8±0.2 46.6±0.2

xlm-roberta-base Conneau et al. (2020) 12 768 278M 86.1±0.1 49.4±0.3

google/rembert Chung et al. (2021) 32 1152 576M 86.1±0.2 15.9±0.3

klue/bert-base Park et al. (2021) 12 768 111M 86.8±0.0 51.0±0.1

klue/roberta-large Park et al. (2021) 24 1024 337M 88.1±0.3 48.8±0.5

kykim/bert-kor-base Kim (2020) 12 768 118M 86.8±0.1 46.9±0.4

Table 8: LAS on KO-GSD (Dev) using BAP and DEPPROBE with different LMs (± standard deviation).
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MODELS SOURCE LAYERS EMB d PARAMS BAP DEPPROBE

bert-base-multilingual-cased Devlin et al. (2019) 12 768 178M 89.1±0.1 60.7±0.1

xlm-roberta-base Conneau et al. (2020) 12 768 278M 90.0±0.2 59.9±1.1

google/rembert Chung et al. (2021) 32 1152 576M 90.8±0.0 26.0±0.2

cointegrated/rubert-tiny Dale (2021) 3 312 11M 76.7±0.1 41.5±0.6

sberbank-ai/ruRoberta-large Sber Devices (2021) 24 1024 355M 90.3±0.3 63.2±0.4

blinoff/roberta-base-russian-v0 Blinov (2021) 12 768 124M 75.8±0.0 15.6±0.2

Table 9: LAS on RU-GSD (Dev) using BAP and DEPPROBE with different LMs (± standard deviation).

MODELS SOURCE LAYERS EMB d PARAMS BAP DEPPROBE

bert-base-multilingual-cased Devlin et al. (2019) 12 768 178M 87.5±0.1 55.5±0.2

xlm-roberta-base Conneau et al. (2020) 12 768 278M 90.2±0.1 59.1±0.2

google/rembert Chung et al. (2021) 32 1152 576M 91.3±0.3 31.7±0.3

KB/bert-base-swedish-cased Malmsten et al. (2020) 12 768 125M 90.8±0.1 61.7±0.2

Table 10: LAS on SV-Talbanken (Dev) using BAP and DEPPROBE with different LMs (± standard deviation).

MODELS SOURCE LAYERS EMB d PARAMS BAP DEPPROBE

bert-base-multilingual-cased Devlin et al. (2019) 12 768 178M 84.6±0.4 49.1±0.4

xlm-roberta-base Conneau et al. (2020) 12 768 278M 85.5±0.3 30.3±0.1

google/rembert Chung et al. (2021) 32 1152 576M 85.3±0.2 5.2±0.1

bert-base-chinese Devlin et al. (2019) 12 768 102M 85.8±0.1 46.4±0.1

hfl/chinese-bert-wwm-ext Cui et al. (2021) 12 768 102M 86.0±0.3 45.8±0.3

hfl/chinese-roberta-wwm-ext Cui et al. (2021) 12 768 102M 85.9±0.3 47.7±0.4

Table 11: LAS on ZH-GSD (Dev) using BAP and DEPPROBE with different LMs (± standard deviation).
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Abstract

Theoretical work in morphological typology
offers the possibility of measuring morpholog-
ical diversity on a continuous scale. How-
ever, literature in Natural Language Process-
ing (NLP) typically labels a whole language
with a strict type of morphology, e.g. fu-
sional or agglutinative. In this work, we pro-
pose to reduce the rigidity of such claims,
by quantifying morphological typology at the
word and segment level. We consider Payne
(2017)’s approach to classify morphology us-
ing two indices: synthesis (e.g. analytic to
polysynthetic) and fusion (agglutinative to fu-
sional). For computing synthesis, we test un-
supervised and supervised morphological seg-
mentation methods for English, German and
Turkish, whereas for fusion, we propose a
semi-automatic method using Spanish as a
case study. Then, we analyse the relationship
between machine translation quality and the
degree of synthesis and fusion at word (nouns
and verbs for English-Turkish, and verbs in
English-Spanish) and segment level (previous
language pairs plus English-German in both di-
rections). We complement the word-level anal-
ysis with human evaluation, and overall, we
observe a consistent impact of both indexes on
machine translation quality.

1 Introduction

One of the first barriers to develop language tech-
nologies is morphology, i.e., how systematically
diverse their word formation processes are. For in-
stance, agglutination and fusion are two morpholog-
ical kind of processes that concatenate morphemes
to a root with explicit or non-explicit boundaries,
respectively. Processing morphologically-diverse
languages and evaluating morphological compe-
tence in NLP models is relevant for language gen-
eration and understanding tasks, such as machine
translation (MT). It is unfeasible to develop models

∗Work started when the first author was doing a research
internship with JB at Aalborg University, Campus Copenhagen

with capacity large enough to encode the full vocab-
ulary of every language, and it is a must to rely on
subword segmentation approaches that help to con-
strain the capacity when generating rare, or even
new words (Sennrich et al., 2016). Hence, under-
standing morphology is essential to develop robust
subword-based models and evaluate the quality of
their outputs (Vania and Lopez, 2017). Neverthe-
less, there is a potential gap between the probing
of whether an NLP model can handle "morpho-
logical richness", and what is a proper measure of
"morphological richness" from linguistic typology.

In most of the recent NLP literature, different
types of languages (e.g. agglutinative, polysyn-
thetic) are chosen to test a more diverse handling of
morphological richness (Ponti et al., 2019). There
is, however, a debate as to whether languages can
indeed be classified into discrete morphological
categories. Payne (2017) provided a morphological
typology measurement in a continuous spectrum
using the indices of synthesis and fusion. Synthesis
measures if a segment is highly analytic or syn-
thetic (from 1 to more), whereas fusion measures
whether it is highly agglutinative or fusional (from
0 to 1). And surprisingly, with respect to NLP pub-
lications, it is possible to identify English segments
with a very low fusion index, meaning that they are
highly agglutinative1.

From a more applied perspective, if the refer-
ences of an evaluation set (in any language gener-
ation task) are labelled with the indices, we could
perform a stratified analysis (e.g. low fusion and
high fusion) to determine how well an NLP model
handles morphology for multiple languages. For
example, we could assess whether a machine trans-
lation model is failing in generating more fusional

1For instance, in the following fragment (Payne, 2017),
the index of fusion is 1/8 or 0.125 (fusional morpheme joints
are marked with a dot and the rest with a hyphen): "The
company-’s great break-through came.PAST when they decid-
ed to buy trike-s to sell their ice cream around the street-s in
the nine-teen twenty-s".
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than agglutinative segments for a specific target
language. Knowing and quantifying that problem
concerning morphology is the first step towards
proposing a solution. Our contributions then are
listed as follows:

• We present the first computational quantifi-
cation of synthesis and fusion using standard
NLP evaluation sets.

• We analyse the relationship between the two
indices and machine translation quality at
word-level, and observe that a higher degree
of synthesis or fusion usually corresponds
to less accurate translations in specific word
types (studying nouns and verbs in English-
Turkish, and verbs in English-Spanish).

• We complement this evaluation with manual
annotation of synthesis and fusion.

• We extend the analysis at segment-level, us-
ing the aforementioned language pairs plus
English-German in both directions, and iden-
tify that some synthesis and fusion-based pre-
dictors are significant for MT system outputs.

Furthermore, we release all the annotated data and
evaluation results2.

2 Background and related work

2.1 Morphological typology

The field of morphological typology characterises
languages in terms of their word and sentence build-
ing strategies (Payne, 2017), such as agglutina-
tion or fusion. In current NLP literature, Turkish
is labelled as a highly agglutinative language for
the explicit boundaries between their morphemes,
whereas Spanish is labelled as fusional for the op-
posite reason.

However, early typological studies started to
quantify these strategies with parameters, and
avoided to characterise languages with a single
type in a holistic way (e.g. Sapir (1921); Green-
berg (1960); Comrie (1989)). In this context, Payne
(2017) recently highlighted the indices of synthesis
and fusion, which are defined as follows.

2.1.1 Synthesis
The index of synthesis offers a scale to contrast
highly analytic or synthetic languages. This im-
plies whether a word is composed by one (analytic)
or several (synthetic) morphemes (Payne, 2017).
Synthesis can be computed as the ratio of number

2https://github.com/aoncevay/
quantifying-synthesis-and-fusion

of morphemes per words, it is closer to 1 when
the language is more analytic (e.g. Mandarin, or
English to a less degree), and gets higher the more
synthetic the language is (e.g. Turkish, Inuktitut).
Polysynthesis can be present when the synthesis
degree is higher than 3, although the boundary is
arguable. Besides, as we claim in this study, any
language can present different levels of synthesis
if we evaluate them at a more fine-grained level.

2.1.2 Fusion
Fusion is the ratio of the fusional morphemes
joints3 per the total number of joints. This in-
dex goes from 0 to 1, or from highly agglutinative
(e.g. Turkish) to highly fusional (e.g. Spanish)
cases. However, we noticed that the computation
of fusion is complex to automatise. For instance,
Payne (2017) indicates potential cases to identify
fusional joints, such as in prefixes, suffixes, infixes,
circumfixes, compounding, non-concatenative pro-
cesses (reduplication, apophony, substractive mor-
phology) or autosegmental morphemes. Current
automatic tools are not designed to identify these
cases for most languages.

2.2 Morphological typology on NLP

A survey by Ponti et al. (2019), on computational
typology for NLP, pointed out that morphologi-
cal knowledge is potentially helpful for analysing
the difficulty in generation tasks such as language
modelling and neural MT for both unsupervised
and supervised settings. More specifically, they
suggested that the degree of fusion (related to the
index of fusion proposed by Payne (2017)) impacts
in the rate of less frequent words, which is a rele-
vant parameter for generation tasks.

Besides, the studies that address morphologi-
cal typology are related to either the development
of morphological analysis systems or the evalua-
tion of typologically diverse languages in terms
of morphology (e.g. Vania and Lopez (2017); Xu
et al. (2020)). However, the typology used to distin-
guish languages varies across different studies. For
instance, Vania and Lopez (2017) considers four
phenomena to label languages: fusionality, agglu-
tination, reduplication and root-pattern; whereas
Xu et al. (2020) considers more fine-grained el-
ements such as affixation (prefixation, infixation
and suffixation) or partial reduplication. Similarly,

3Or how many grammatical, syntactic and semantic fea-
tures are joint. More than one feature can be fused in a single
morpheme.
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a fine-grained analysis on non-concatenative mor-
phology for MT was performed by Amrhein and
Sennrich (2021). It is important to note that none of
the previous studies have addressed the phenomena
as a continuous index but as discrete features.

Furthermore, other studies refer only to mor-
phological typological features as part of the task
of typological feature prediction from linguistic
databases (Bjerva and Augenstein, 2018; Bjerva
et al., 2019a,b, 2020; Bjerva and Augenstein, 2021),
and further applications of general typological con-
cepts on MT are scarce and do not focus on mor-
phology (Oncevay et al., 2020).

2.3 Morphological segmentation and analysis
Morphological segmentation (Harris, 1951) aims to
split a word into morphemes. There are both super-
vised (e.g. pointer generator networks (Mager et al.,
2020)) and unsupervised approaches (e.g. the Mor-
fessor family of methods (Creutz and Lagus, 2002;
Poon and Domingos, 2009) or Adaptor Grammars
(Eskander et al., 2019)), where the former ones
have outperformed the latter ones.

Besides, the most widespread unsupervised seg-
mentation methods (Byte-Pair-Encoding (BPE;
Sennrich et al., 2016) and a method based on un-
igram language modelling (Kudo, 2018)) are not
linked at all to morphological segmentation, but
they are used to constrain the vocabulary size for
neural generation tasks.

Finally, it is important to note that the index of
synthesis can be computed with a robust morpho-
logical analyser or segmentation model (to count
the number of morphemes), but neither of them are
built to compute the index of fusion directly.

3 How to compute Synthesis and Fusion?

3.1 Synthesis: automatic computation
To automatically compute the index of synthesis,
we require to perform a robust morphological seg-
mentation. A rule-based morphological analyser
and disambiguator might be the best option if avail-
able (which we use later for Turkish in §4.2), but
for the purpose of the study, we compare well-
known supervised and unsupervised methods:

• Byte-Pair-Encoding (BPE) and Unigram Lan-
guage Model (uniLM)4 from SentencePiece
(Kudo and Richardson, 2018).

• Morfessor (Poon and Domingos, 2009).
4We analysed several vocabulary sizes (4k, 8k, 16k, 32k,

64k) but report only the best one, which is 64k for all cases.

English German
#morphs. 1 2 3 4 1 2 3 4

16,914 28,900 1,798 73 13,061 32,007 5,808 360

Accuracy Count
uniLM64k 0.54 0.52 0.49 0.59 0.35 0.27 0.21 0.18
BPE64k 0.5 0.53 0.5 0.52 0.29 0.33 0.28 0.26
Morfessor 0.22 0.47 0.55 0.48 0.17 0.26 0.28 0.25
PtrNet 0.82 0.84 0.56 0.81 0.74 0.86 0.7 0.42

Exact Segmentation Precision
uniLM64k 0.54 0.52 0.6 0.8 0.29 0.38 0.32 0.22
BPE64k 0.5 0.44 0.56 0.76 0.24 0.33 0.23 0.08
Morfessor 0.21 0.58 0.7 0.78 0.17 0.45 0.44 0.36
PtrNet 0.76 0.67 0.81 0.8 0.67 0.73 0.72 0.62

Table 1: Accuracy count and segmentation precision
for English and German using unsupervised and super-
vised segmentation methods. Results are grouped by
the expected number of morphemes (e.g. "1" means
that the word should not be split).

• Pointer Generator Network (PtrNet) from the
implementation of Mager et al. (2020).

3.1.1 Datasets and evaluation
We used the CELEX dataset of segmented words
for English and German (Steiner, 2016, 2017),
where we randomly split training and evaluation
data (80-10-10). Besides, for the unsupervised
methods, we use the newscommentary-v15 (Bar-
rault et al., 2019) and EuroParl-v10 (Koehn, 2005)
corpora5. Furthermore, we define two metrics to
assess the performance on computing synthesis:

• Accuracy count: Evaluates if the number of
obtained morphemes in the hypothesis seg-
mentation is the same as in the reference.

• Exact segmentation precision: Analyses if
the split morphemes are the same. We first
perform an automatic alignment between the
hypothesis and reference segments with the
parallel Needleman-Wunsch algorithm for se-
quences (Naveed et al., 2005), and then com-
pute the exact match at morpheme level.

3.1.2 Results and discussion
Table 1 shows the scores on morphological segmen-
tation for both English and German. We observe
that both BPE and uniLM under-perform when it is
not expected to split the word (column "1"). This is
a pattern observed by Bostrom and Durrett (2020),
where they noted that unsupervised segmentation
methods tend to over-split the roots of words. They
both improve their accuracy and precision when

5Other languages like Danish are also available and was
tested, but we did not report the results here as there are not
complementary MT evaluation sets.
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Example (es): Hablaremos de la propuesta con la que se condenó a la ex primer ministra y fue apoyada por 147 diputados en la votación.
Verbs Features (spaCy) Features (UniMorph) Segmentation feats. per

morph
fusional morph.
joints

total
joints

Fusion
index

hablaremos
(we will talk)

Mood=Ind, Number=Plur,
Person=1, Tense=Fut,
VerbForm=Fin

V;IND;FUT;1;PL habl - are - mos 0 –
2(IND;FUT) –
2(1;PL)

0+(2-1)+(2-1) =
2

2+2 = 4 0.5

condenó
(condemned)

Mood=Ind, Number=Sing,
Person=3, Tense=Past,
VerbForm=Fin

V;IND;PST;3;SG;PFV conden - ó 0 -
5(IND;PST;3;

SG;PFV)

0+(5-1) = 4 4+1 = 5 0.8

apoyada
(supported)

Gender=Fem, Num-
ber=Sing, VerbForm=Part

V.PTCP;PST;FEM;SG apoy - ada 0 -
3(PST;FEM;SG)

0+(3-1) = 2 2+1 = 3 0.66

Table 2: Annotation example in Spanish. We first identify the verbs (in bold) and obtain their morphological
features (using spaCy and the UniMorph schema). Then, we split the verb into its morphemes (segmentation), and
identify which features are fused in each morpheme (feats. per morph). Finally, we compute the index of fusion by
dividing the fusional morpheme joints by the total joints (which includes the agglutinative or explicit boundaries).
On a side note, examples of verbs with zero fusion are in the infinitive (e.g. hablar (to talk)) and gerund (e.g.
hablando (talking)) forms.

the number of expected morphemes is larger. Un-
expectedly, Morfessor also under-performs in the
"1" case for both languages, and only surpasses
the other unsupervised methods when we measure
precision for many morphemes. Furthermore, The
PtrNet supervised method outperforms the rest in
almost all scenarios.

We conclude that, to compute synthesis, we
should prioritise, besides a rule-based morpholog-
ical analyser, a supervised segmentation method
like PtrNet if data is available. We take advantage
of this for the segment-level analysis in §5.

3.2 Fusion: Semi-automatic computation

Calculating fusion should be approached in a case
by case scenario, as there are different considera-
tions provided by Payne (2017). Therefore, there
is not an automatic tool that can obtain the fusion
score directly. We decided to focus on Spanish6

as a case study, where verbs and auxiliary verbs
contains the highest degree of fusion of all the
parts-of-speech (POS).

Procedure We observed that we could perform
an annotation per paradigm and the termination
of the verb (-ar, -er, -ir), as the fusion degree will
remain the same regardless of the lemma7. Then,
on a chosen Spanish corpus:

1. Perform an automatic annotation of POS and
morphological features8.

6We chose this language because of the ease of finding
annotators and MT training and evaluation data.

7Except for irregular ones, which presents a limitation and
potential noise. To reduce the risk of a biased assessment, we
also performed a human evaluation.

8We use the spaCy model es_dep_news_trf, avail-
able at https://spacy.io/models/es#es_dep_

2. Review the automatic annotation of special
cases. For instance, there are specific verb
forms that are missed as adjectives. We cor-
rected the POS and morphological annotation
of those cases in a manual step.

3. Obtain a set of all unique verb paradigms and
morphological features in the corpus, consid-
ering the three different types of verb termina-
tions in Spanish as different elements9.

Now there is a list of unique verb paradigms and
terminations that can be annotated both in synthesis
and fusion. The steps are as follows:

1. For each unique verb paradigm and termi-
nation, segment a verb sample into its mor-
phemes. E.g. the verb habló (‘talked’), is
split in habl-ó, and habláramos (‘we were to
speak’) in habl-ára-mos.

2. Analyse how many morphological features
are fused in each morpheme: if you change
a value of a feature, will the surface form or
morpheme will change? E.g. in habl-ó, -ó
participates in 5 features (mode (indicative),
subject person (third person), subject num-
ber (singular), tense (past) and aspect (perfec-
tive)). For habl-ára-mos, -ára includes the
past and subjunctive, whereas -mos denotes
the person and number. If any of aforemen-
tioned feature changes its value, the surface
will change too.

3. Count and aggregate the results per mor-

news_trf. It has an accuracy of 0.99 in POS and mor-
phological tagging in the UD Spanish AnCora dataset (Taulé
et al., 2008), which contains news texts mostly.

9Using the Unimorph database (McCarthy et al., 2020)
is another alternative for extracting all the possible unique
inflections. We aligned and considered both tag sets for the
annotation, as shown in Table 2.
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phemes and obtain the fusion for each verb
paradigm. E.g. the fusion for habl-ó is 4/5 =
0.8, and for habl-ára-mos is 2/4 = 0.5.

Finally, with the annotation in the unique list of
verb inflections and terminations, we can extend
the degree of fusion to all the verbs in the original
Spanish corpus. An example of the annotation
process is shown in Table 2.

4 Word-level analysis of Synthesis and
Fusion in Machine Translation

In this analysis, we ask the following question: how
difficult is translating a word concerning its index
of synthesis or fusion? For evaluating synthesis,
we work with Turkish10 nouns and verbs, and for
fusion, we keep working on Spanish verbs. For
both cases, English is the source language in the
translation task.

4.1 Experimental design
The experiment consists of comparing a gold stan-
dard reference with machine translation system
outputs at the word level:

1. For both the reference and system output, we
automatically tag all the words with a mor-
phological analyser (the Boun morpholog-
ical analyser and disambiguator (Sak et al.,
2008) for Turkish and an spaCy model trained
on the Ancora Universal Dependency parser
(Taulé et al., 2008) for Spanish). The POS
is needed to filter the target words. For syn-
thesis in Turkish, the number of morphemes
works as a proxy, as we are working at the
word level. For fusion in Spanish, we need
the inflection to obtain the degree of fusion
from the annotated unique list (see 3.2).

2. Align the words between the reference and
system output. We use the awesome-align
(Dou and Neubig, 2021) tool by fine-tuning
the multilingual BERT (Devlin et al., 2019)
model for word-alignment, using the refer-
ence and system output as parallel corpora.

3. Calculate the translation accuracy (exact
match of the word, 0 or 1) for the target POS.

We then fine-grain the results concerning the de-
gree of synthesis (number of morphemes) or fusion.

10Turkish presents high synthesis and agglutination (Zin-
gler, 2018), meaning that there are words composed with
several morphemes and the morpheme boundaries are explicit,
respectively. We focus on verbs and nouns, which usually con-
tain more morphemes than other parts-of-speech. We chose
this language due to the availability of an open-source rule-
based morphological analyser and an expert annotator.

Total #1 #2 #3 #4 #5+
Verbs 3,834 133 2,265 1,036 308 92
Nouns 10,680 5,899 2,974 1,556 244 7

Table 3: Number of nouns and verbs in the Turkish ref-
erence set, and their respective number of morphemes.

Additionally, we control different confounds: fre-
quency of the word in the training set, and whether
the full word is part of the vocabulary input of the
model or not. Finally, we complement the analysis
with a human evaluation (see §4.4).

4.2 Synthesis analysis: English→Turkish
Data We use the NEWSTEST2018.EN-TR evalua-
tion set from WMT (Bojar et al., 2018), with 3,000
samples. In the Turkish side there are 45,944 to-
kens, and Table 3 shows the distribution of the num-
ber of morphemes obtained with Sak et al. (2008).

Model We use an English-Turkish system trained
with the TIL corpus of 39.9M parallel sen-
tences (Mirzakhalov et al., 2021). On the
NEWSTEST2018.EN-TR set, the performance is
13.06 and 49.54 in BLEU and chrF, respectively.

Results and discussion Figure 1 shows the aver-
age accuracy (exact translation, 0 or 1) of nouns and
verbs in NEWSTEST2018.EN-TR, where the num-
ber of morphemes is a proxy for the index of synthe-
sis. In most cases, especially with a higher training
frequency, we observe that the average accuracy
drops as the number of morphemes increases from
1 to more. This is clearer in nouns than in verbs,
which have fewer cases to analyse overall. Between
2, 3 or more than 4 morphemes the differences are
not significant, and sometimes is not consistent (e.g.
verbs with the highest frequency). However, we can
argue that analytic nouns (synthesis=1) are easier
to translate than synthetic nouns (synthesis>1) for
the English→Turkish direction. The pattern holds
for whether the word is part of the vocabulary of
the model or not, although rare words (frequency in
[0, 103] have generally lower translation accuracy
than more frequent words (frequency > 100).

4.3 Fusion analysis: English→Spanish
Data We use the NEWSTEST2013.EN-ES evalua-
tion set from WMT (Bojar et al., 2013) with 3,000
samples. In the Spanish side there are 62,055 to-
kens, with 6,317 verbs, and where 1,411 of them
are more agglutinative (fusion=0) and 4,822 more
fusional (fusion>0).
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Figure 1: Accuracy (exact translation) for Nouns (top) and Verbs (bottom) in the English→Turkish translations.
Results are grouped by the training frequency of the words (less to more frequent from left to right), and each
subplot presents the scores for all the words, and whether they belong or not to the vocabulary input of the model.
The number of samples are stacked in each bar, and we do not show entries with less than 30 samples.

Model For training, we use the MarianNMT
toolkit (Junczys-Dowmunt et al., 2018), a
Transfomer-base model (Vaswani et al., 2017)
with default parameters, and four NVIDIA V100
GPUs. We obtained different English-Spanish mod-
els using the newscommentary-v8 (Bojar et al.,
2013) and EuroParl (Koehn, 2005) datasets with
joint vocabulary sizes of 8k, 16k and 32k (us-
ing unigram-LM from SentencePiece (Kudo and
Richardson, 2018)). For this analysis, we chose
the best performing system: combining both
datasets (2.2M sentences) with 16k pieces. On
NEWSTEST2013.EN-ES, the performance is 31.6
BLEU points.

Results and discussion Figure 2 shows the aver-
age accuracy of verbs in NEWSTEST2013.EN-ES

for verbs without and with some degree of fusion.
In the two higher frequency subplots (middle and
right), we can observe that the average accuracy of
the non-fusional verbs is higher than the fusional
ones, and the pattern holds whether the verb is
present in the vocabulary input of the model or not.
The exception is for the least frequent verbs, al-
though this is explained as the model do not have
enough information to learn from, regardless of
their degree of fusion.

4.4 Human evaluation

Exact translation accuracy has limitations, as there
are potential translations that could be acceptable
given a specific context (e.g. a synonym). For
that reason, we performed a human evaluation of a
sample of sentences on (10%) of each evaluation
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Figure 2: Accuracy (exact translation) for Verbs in the
English→Spanish translations. Results are grouped by
the training frequency and whether the word belongs to
the vocabulary of the model (In V) or not (Not in V).

set, focusing on two scores11:
1. Semantic score: evaluates the meaning of the

word used in the automatic translation (system
output) and how it compares with the gold
standard translation. Scale goes from 1 (no
relationship at all) to 4 (it is the same lemma).

2. Grammar score: evaluates the grammatical
form and how it compares with the gold stan-
dard translation. Scale goes from 1 (different
inflection) to 3 (same inflection).

Synthesis In Figure 3, we show the annotation
scores for the semantic and grammar metrics, for
both nouns (top) and verbs (bottom). We also di-
vide the analysis w.r.t. the frequency of the word
in the training data. For nouns, we observe similar
patterns as in the automatic analysis, where in the
one-morpheme column, the proportion of the high-
est score is slightly larger than in the other columns,
suggesting they are easier to generate for the model.

11Details of the annotation protocol are in the Appendix
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Figure 3: Semantic score (left) and Grammar score (right) annotation for Turkish, for different frequency ranges
of Nouns (top) and Verbs (bottom). Bubbles represent the proportion of the amount of scored annotations (1-4 or
1-3) divided by the subtotal elements of their respective columns (or number of morphemes). The orange inner
bubble represents the amount of samples with ‘zero’ accuracy (in the automatic analysis) in each category.

The pattern is even more explicit in the highest fre-
quency block (rightmost one). The verbs tend to
have more distributed grammar scores, suggesting
the difficulty of generating inflected forms may re-
main equally high even when the words are more
frequent. Single morpheme verbs are very rare in
Turkish and generally contain exceptional forms
which reflects in the low translation accuracy in
the highest frequency block. We also observe that
a good proportion of translated words with ‘zero’
accuracy (not the exact translation, see the orange
inner bubbles) has been annotated with highest se-
mantic (same lemma) or grammar (same inflection)
score, suggesting in some cases that the model is
successful in generalization.

Fusion Figure 4 shows the semantic and gram-
mar annotation scores for Spanish verbs. For the
semantic scores (top), in all levels, the gap between
the non-fusional and fusional verbs is reduced, for
all the frequency groups. This means that the model
is indeed able to generalise and offer alternative
translations (not the exact verb), which is more
complex to measure with automatic metrics. In the
grammar scale (bottom), however, we still note a
slight advantage in the maximum score (3) of the
non-fusional verbs against the fusional ones for the
two highest frequency subplots (middle and right).
This indicates that, with highly frequent verbs, it is
still more difficult to translate correct forms with
a fusion degree higher than zero. Similarly as for
synthesis, we observe that there is a significant
proportion of ‘zero’ accuracy cases (orange inner
bubbles) for the highest scores in most cases. This
indicates that the model could generalise and trans-
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Figure 4: Semantic (top) and Grammar (bottom) anno-
tation for Spanish.

late verbs with similar meanings and not the exact,
but close, forms.

5 Segment-level Analysis of Synthesis
and Fusion in Machine Translation

Following up the word level analysis, we study the
relationship between machine translation difficulty
and the degree of synthesis or fusion at the seg-
ment level. For this purpose, we process a set of
translation systems for the language pair we want
to evaluate. The general steps are as follow:

1. For each system output, we compute auto-
matic evaluation metrics (BLEU (Papineni
et al., 2002), chrF (Popović, 2015) and/or
COMET (Rei et al., 2020)) with respect to
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Figure 5: Overview of significant predictors for degree
of synthesis across our TR-EN and EN-TR models.

the reference set, per sentence.12

2. For each sentence of the evaluation set, we
compute potential predictor variables for the
automatic metric, such as the degree of syn-
thesis or fusion. We complement the predic-
tor variable list with other heuristics, such
as the length of the sentence in characters
(char.count) or words (word.count). The full
list of all the predictors per language pair is in
the Appendix.

3. With the previous inputs, we generate gener-
alized linear models per system output and
evaluation metric, in which each model’s out-
put is set to the predictor variables. The goal
is to identify which predictors affect each
method’s performance.

4. Following model creation, we extract the sig-
nificant predictors of each model. This pro-
vides an indication of which variables can be
used to predict the outcome of the model’s
dependent variable – in our case the degree of
synthesis or fusion, or any heuristic.13

Synthesis on En-Tr and Tr-En We first start
evaluating the English-Turkish and Turkish-
English language pairs. The evaluated models are
EnTr1, EnTr2, and TrEn2 (details in the Appendix).
Also, as we are studying synthesis in Turkish, all
predictors are computed on the Turkish side, re-
gardless of the translation direction.

Figure 5 presents an overview of the significant
predictors on En-Tr and Tr-En systems, where we
observe a large impact of the synthesis variable on

12Based on the analysis of Kocmi et al. (2021), we prefer
to report COMET and chrF over BLEU.

13For simplification purposes, in the following analysis and
plots, we only show the predictors that show a significant
effect on the system outputs.
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Figure 6: Overview of significant predictors for degree
of fusion across our ES-EN and EN-ES models.

the chrF scores of two different systems (EnTr1 and
TrEn2). The only other heuristic that achieves a
notable impact on a system output is morph.count,
or the length of Turkish sentence in morphemes,
split by a morphological analyser. Other predictors
have a minor effect.

Fusion on En-Es and Es-En In a similar way,
we evaluate the impact of fusion in English-Spanish
(EnEs1, EnEs2) and Spanish-English (EsEn1,
EsEn2) models (see the Appendix for details).
Again, as we are studying fusion in Spanish, all
predictors are computed on the Spanish side, re-
gardless of the translation direction.

Figure 6 presents an overview of the significant
predictors, where we observe that R.fusion.verb,
or the ratio of the degree of fusion over the num-
ber of verbs in the sentence, is the predictor
that has the highest impact in most system out-
puts (EnEs1, EnEs2 and EsEn2). Additionally,
R.fusion.swEsEn2 (or the ratio of the degree of
fusion over the number of subwords input in the
EsEn2 model) also has a high impact in one system
output (EnEs2, which uses the same segmentation
model as EsEn2).

Analysis on En-De and De-En Finally, we ex-
tend the analysis to English-German and German-
English language pairs, using the respective evalu-
ation sets of the WMT2018 campaign (Bojar et al.,
2018), and the system outputs provided for all the
participants (measured in BLEU). For computing
synthesis, we use the different segmentation meth-
ods we compared in §3.1. However, for fusion,
we only use a shallow proxy with the number of
morphological features that are tagged using a mor-
phological analyser. In this case, the predictors are
computed for both the source and target side.
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Figure 7: Overview of significant predictors across DE-EN models.

We present an overview of these significant pre-
dictors for German-English in Figure 7 (and the Ap-
pendix contains the results for English-German in
Figure 8). We can observe that ref.SYN.uniLM and
ref.SYN.PtrNet are the predictors that impact most
of the different system outputs. These variables re-
fer to the synthesis computed on the reference side
(English) using uniLM or PtrNet as the morpheme
segmentation method, respectively. Furthermore,
we observe that src-ref.R.feat.token has also some
effect over one system output, which is a shallow
proxy for the fusion degree in the source w.r.t. to
reference segment (using the ratio of number of
features per number of tokens).

6 Discussion

It is important to note the limitations of this study.
Overall results do not suggest that translating into
more analytic languages (e.g. Chinese) or more
agglutinative ones (e.g. Turkish) is easier than
their counterparts. Highly analytic ones present
the significant issue of word coverage and vocabu-
lary size of the model. Besides, we cannot isolate
the fusional degree from synthesis entirely. For in-
stance, Turkish is a highly agglutinative language,
but also highly synthetic, and there are languages
that present both agglutinative and fusional traits,
like Navajo. Moreover, the language scope is an-
other limitation: is it possible to extend it to further
languages in a practical way? Synthesis can be cal-
culated directly only if the morphological analyser
splits the word into morphemes, and fusion poses
several issues as mentioned before. Furthermore,
Payne (2017) also indicated that the discourse can
impact the computed degrees due to the diversity
of the vocabulary. This study focuses on news data
only, and it will be relevant to extend it to different
domains.

To address the limitations, we consider that our
word level analysis, that targets specific POS, has
been fundamental to enable the study of the in-
dexes, and to partially isolate them from each other.
The selection of our study cases was also relevant.
Spanish verbs do not present more than three mor-
phemes, keeping a low synthesis value across all
the analysis, whereas Turkish is more agglutina-
tive than fusional. Moreover, to rapidly extend
the evaluation for new languages and domains, we
could follow a less fine-grained analysis in each
index. For instance, we can compare synthesis=1
vs. synthesis>1 instead of granulating per number
of morphemes, or fusion=0 vs. fusion>0, as we did
in this work.

7 Conclusion and future work

In conclusion, we proposed methods to quantify
the indices of synthesis and fusion in automatic and
semi-automatic ways, respectively. Besides, for the
chosen language pairs, we observed that the studied
degrees have an impact in machine translation per-
formance at both word and segment level, where
we included a human evaluation of the former case.

Our analysis opens the possibility for further
fine-grain evaluation approaches for MT and other
NLP generation tasks. For instance, as future work,
we can ask: are we improving the automatic transla-
tion of highly fusional words or segments? Follow-
ing our methodology, we could stratify evaluation
sets to measure how our models performs in dif-
ferent parts of the spectrum. Besides, the indices
could also be helpful for evaluation approaches in
morphological segmentation. Furthermore, another
potential research avenue is to aid model training
in MT: e.g. knowing which segments are more or
less synthetic and/or fusional could be beneficial
for sampling strategies.
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8 Ethical Considerations

The annotations in this paper were compensated ac-
cordingly (see Appendix). Also, for all the datasets
used in the research, we stick to the ethical stan-
dards giving credit to the original author. We en-
courage future work that take advantage of these
resources, to cite also the original sources of the
data.
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A Human Evaluation

A.1 Annotation Protocol
This study measures the translation quality of trans-
lations generated by a translation system. You
are given a list of sentences where one column
lists each word in the gold standard (correct) trans-
lation and the corresponding column the system-
generated translations. The evaluation of the trans-
lations will rely on the two scores described below.
The scores to use in the evaluation are:

Semantic score evaluates the meaning of the
word used in the automatic translation (system out-
put) and how it compares with the gold standard
translation.

Please assign each word in the output one of the
scores you find most appropriate:

1. There is no relationship between the two lem-
mas
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2. The lemmas are different but the translation
does not fit well in the context

3. The lemmas are different but it is still an ac-
ceptable translation (e.g. synonym)

4. It is the same lemma

Grammar score evaluates the grammatical form
and how it compares with the gold standard trans-
lation.

Please assign each word in the output one of the
scores you find most appropriate:

1. The word is inflected in a different way and it
is not necessarily correct

2. The word has different inflection but it is still
grammatically correct

3. The words have the same inflection, and it is
correct

Please annotate all words in the translations in
the file shared with you. In your evaluation try
assigning the two scores to each word indepen-
dently. The inflection of the word measures the
morphological feature and should also be evaluated
independently from the analyzer output which is
automated and may contain errors.

The file contains example annotations for your
reference, please ask any questions related to un-
resolved annotation examples by contacting the
project coordinators.

A.2 Annotators

For both Turkish and Spanish, the annotators were
contacted directly due to their expertise in morphol-
ogy (both of them are PhD students in Linguistics
and Computational Linguistics, respectively), be-
sides requiring that they are native speakers of the
target languages. Also, they were paid more than
the minimum wage per hour of annotation of their
country of residence, and were told that the anno-
tated data will be released upon acceptance of the
study.

B Segment-level Analysis of Synthesis
and Fusion

B.1 List of machine translation systems

• EnTr1: the same system used in §4.2
• EnTr2: Transformer-base model (Vaswani

et al., 2017) with joint vocabulary size of
8k pieces (unigram language modelling from
SentencePiece (Kudo and Richardson, 2018),
and trained with a sample (10%) of the corpus
of EnTr1.

Predictor Description
char.count number of characters
word.count number of words (no punct. or numbers)
morph.count number of morphemes.
synthesis ratio of morph.count / word.count
N+V.word.count number of Nouns and Verbs
N+V.morph.count number of morphemes of the Nouns and Verbs
N+V.synthesis ratio of N+V.morph.count / word.count
swEnTr1.count number of subwords processed by the EnTr1 model
swEnTr2.count number of subwords processed by the EnTr2 model
swTrEn2.count number of subwords processed by the TrEn2 model
syn.swEnTr1 ratio of swEnTr1.count / word.count (synthesis proxy)
syn.swEnTr2 ratio of swEnTr1.count / word.count (synthesis proxy)
syn.swTrEn2 ratio of swEnTr1.count / word.count (synthesis proxy)

Table 4: List of predictors for En-Tr and Tr-En. All
variables are computed on the Turkish segment of the
evaluation set.

Predictor Description
char.count number of characters
word.count number of words (no punct. or numbers)
verb.count number of verbs
fusion sum of the degree of fusion of all the verbs in the segment
R.fusion.verb ratio of fusion / verb.count
R.fusion.word ratio of fusion / word.count
swEsEn1.count number of subwords processed by the EsEn1 model
swEsEn2.count number of subwords processed by the EsEn2 model
R.fusion.swEsEn1 ratio of fusion / swEsEn1.count
R.fusion.swEsEn2 ratio of fusion / swEsEn2.count
swEnEs1.count number of subwords processed by the EnEs1 model
swEnEs2.count number of subwords processed by the EnEs2 model
R.fusion.swEnEs1 ratio of fusion / swEnEs1.count
R.fusion.swEnEs2 ratio of fusion / swEnEs2.count

Table 5: List of predictors for En-Es and Es-En. All
variables are computed on the Spanish segment of the
evaluation set.

• EnEs1: the same system used in §4.3
• EsEn1: similar configuration than EnEs1 but

in the opposite direction
• EnEs2: same configuration as EnEs1 (model

and vocabulary) but with smaller training data.
It uses only newscommentary-v8 data, with
around 300k sentences).

• EsEn2: similar configuration than EnEs2 but
in the opposite direction.

B.2 List of predictors
Tables 4, 5 and 6 describes all the predictors used
at the segment level analysis of English-Turkish,
English-Spanish and English-German (both direc-
tions), respectively.

B.3 Results on English-German
Figure 8 shows the analogous results for English
to German, where the synthesis-based variables
presents a high impact w.r.t. the other predictors.
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Figure 8: Overview of significant predictors for degree of synthesis across EN-DE models.

Predictor Description
src.char.count number of characters in the source side
ref.char.count number of characters in the target side
src.word.count number of words in the source side
ref.word.count number of words in the target side
src.uniLM.count number of subwords obtained by uniLM in the source
ref.uniLM.count number of subwords obtained by uniLM in the target
src.SYN.uniLM synthesis in source = src.uniLM.count / src.word.count
ref.SYN.uniLM synthesis in target = ref.uniLM.count / ref.word.count
src.mrfsr.count number of subwords obtained by Morfessor in the source
ref.mrfsr.count number of subwords obtained by Morfessor in the target
src.SYN.mrfsr synthesis in source = src.mrfsr.count / src.word.count
ref.SYN.mrfsr synthesis in target = ref.mrfsr.count / ref.word.count
src.PtrNet.count number of subwords obtained by PtrNet in the source
ref.PtrNet.count number of subwords obtained by PtrNet in the target
src.SYN.PtrNet synthesis in source = src.PtrNet.count / src.word.count
ref.SYN.PtrNet synthesis in target = ref.PtrNet.count / ref.word.count
src.feat.count number of morph. features in the source (using spAcy)
src.R.feat.token ratio of src.feat.count / src.word.count
ref.feat.count number of morph. features in the target (using spAcy)
ref.R.feat.token ratio of ref.feat.count / ref.word.count
src-ref.feat.count src.feat.count minus ref.feat.count
src-ref.R.feat.token src.R.feat.token minus ref.R.feat.token
ref-src.feat.count ref.feat.count minus src.feat.count
ref-src.R.feat.token ref.R.feat.token minus src.R.feat.token

Table 6: List of predictors for En-De and De-En. Vari-
ables are computed either on source (src) or target (ref)
side.
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Abstract

Grounding dialogue on external knowledge
and interpreting linguistic patterns in dialogue
history context, such as ellipsis, anaphora,
and co-references is critical for dialogue
comprehension and generation. In this
paper, we present a novel open-domain
dialogue generation model which effectively
utilizes the large-scale commonsense and
named entity based knowledge in addition
to the unstructured topic-specific knowledge
associated with each utterance. We enhance
the commonsense knowledge with named
entity-aware structures using co-references.
Our proposed model utilizes a multi-hop
attention layer to preserve the most accurate
and critical parts of the dialogue history and
the associated knowledge. In addition, we
employ a Commonsense and Named Entity
Enhanced Attention Module, which starts with
the extracted triples from various sources and
gradually finds the relevant supporting set
of triples using multi-hop attention with the
query vector obtained from the interactive
dialogue-knowledge module. Empirical
results on two benchmark dataset demonstrate
that our model significantly outperforms the
state-of-the-art methods in terms of both
automatic evaluation metrics and human
judgment. Our code is publicly available at
https://github.com/deekshaVarshney/CNTF;
https://www.iitp.ac.in/-ai-nlp-ml/resources/
codes/CNTF.zip.

1 Introduction

Neural language models usually focus on fewer
language components such as sentences, phrases,
or words for text analysis. However, language acts
on a much broader scale - there is frequently a
central theme to a conversation, and the speakers
share common information in order to comprehend
one another. Information is frequently reused, how-
ever to avoid overuse, same things and persons are

∗Work done during an internship at IIT Patna

referred in the dialogue multiple times by using
relevant expressions. A dialogue becomes coherent
and speakers can understand each other when all of
this information is delivered in a structured, logical,
and consistent manner.

Semantic understanding of dialogues can be
aided by commonsense knowledge or world facts.
Additionally, as a key human language phenomena,
co-reference simplifies human languages while be-
ing a significant barrier for machines to under-
stand, particularly for pronouns, which are diffi-
cult to parse due to their weak semantic mean-
ings (Ehrlich, 1981). Grounded response gener-
ation approaches (Ghazvininejad et al., 2018; Di-
nan et al., 2018) can provide replication of facts
in open-domain settings, whereas commonsense
knowledge is critical for creating successful inter-
actions since socially constructed commonsense
knowledge is the collection of contextual details
that humans are expected to understand and use
during a conversation.

Despite demonstrating efficacy in empirical eval-
uation, past work has a few significant drawbacks.
There is no explicit representation of entities, se-
mantic relations, or conversation structures, in par-
ticular. To solve such restrictions, asking a conver-
sation model to identify relevant structures in dia-
logue histories can be used to directly test the level
of dialogue understanding. We focus on named
entity level knowledge in this paper, and analyze
references to entities in a dialogue history context.

To ensure the generalizability of our model, we
directly incorporate entities in the form of triplets,
which is the most common format of modern
knowledge graphs, instead of encoding it with fea-
tures or rules as in conventional approaches. Take,
for example, Figure 1, where the dialogue consists
of eight utterances. In the third utterance, to know
if there exists any relation between the director
“Micheal Mann" and the movie “The Last of the
Mohicans", we need to resolve the co-reference
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Agent 1: [The Last of the Mohicans] is
a 1992 American epic historical drama
[it] is also one of my favorite movies.

Agent 2: Me too.  I love [that movie]
and the soundtrack in particular.

Agent 1: [It] was directed by Michael
Mann, based on [James Fenimore Cooper's
eponymous 1826] novel 
Agent 2: I tried to read [the book] but
gave up.  I can't remember what other
movies Michael Mann has directed.  

Agent 1: I never got to reading [the
book] but I am defenetly interested.

Agent 2: I couldn't get into the rhythm
of the writing.  A little bit different
in 1826! 

Agent 1: [The movie] was produced by
[Morgan Creek Pictures] and i think
[they] did a great job.

Agent 2: Is [Morgan Creek] still
producing movies?

Knowledge TriplesConversation

novel

drama

The Last 
of the 

Mohicans

Michael 
Mann 

book

1826
1992

movie

Morgan 
Creek 

Pictures 

The Last of the Mohicans is a  
1992 American epic historical
drama, set in 1757 during the
French and Indian War. It was

directed by Michael Mann, based on
James Fenimore Cooper's eponymous
1826 novel and George B. Seitz's
1936 film adaptation, owing more
to the latter than the novel. The

film stars Daniel Day-Lewis,
Madeleine Stowe, and Jodhi May,
with Russell Means, Wes Studi,

Eric Schweig, and Steven
Waddington in supporting roles. It

was produced by Morgan Creek
Pictures. The soundtrack features
music by Trevor Jones and Randy

Edelman, and the song "I Will Find
You" by Clannad. The main theme of
the film is taken from the tune
"The Gael" by Scottish singer-
songwriter Dougie MacLean. 

Topic-Specific Knowledge

James
Fenimore
Cooper's  

read
historical

Figure 1: An example of named entity and concept based knowledge triples being used for grounding dialogues
in addition to topic-specific knowledge sentences. In the conversation, various shades indicate the different co-
reference clusters obtained. Blue nodes correspond to the concepts obtained from ConceptNet, red nodes correspond
to the named entities obtained from the utterances in the dialogue. Named Entities other than the ones present in
co-reference chains are highlighted in green in the conversation.

relationship between the pronoun [It] and the entity
[The Last of the Mohicans]. Using co-reference
resolution, we get an important triple for the movie
“The Last of the Mohicans" viz. (The Last of the Mo-
hicans, RelatedTo, Micheal Mann). Similarly, from
the second last utterance, we obtain another triple
as (The Last of the Mohicans, RelatedTo, Morgan
Creek Pictures). Thus, for instance, to generate the
fourth utterance "I tried to read the book but gave
up. I can’t remember what other movies Michael
Mann has directed.", it is important for the model
to know that there is a relation between the concept
word “movie" and the named entities “Micheal
Mann", “The Last of the Mohicans", to get a cor-
rect understanding of the dialogue context.

We create a conversational model called CNTF,
Commonsense, Named Entity and Topical Knowl-
edge Fused neural network to generate successful
responses by leveraging both topic-specific docu-
ment information and using structured entity and
commonsense knowledge. We first construct triples
based on named entity after resolving co-references
in the dialogues to enhance the already existing
commonsense triples obtained from the Concept-
Net (Speer and Havasi, 2012). We use multi-hop
attention to iterate over the multi-source informa-
tion. We obtain a weighted query vector from the
interactive dialogue-knowledge module, which is
used to query over the dialogue, topical knowl-
edge and the corresponding triples. In each round,

CNTF reasons on the dialogue history and knowl-
edge sentences, using which we filter out relevant
information from the dialogue context and topical
knowledge. Similarly, to reason over the triples,
we again iterate in multiple rounds, masking out
irrelevant triples.

Our work makes the following contributions:

1. We propose CNTF, a novel knowledge
grounded dialogue generation model that uti-
lizes dialogue context, unstructured textual
information, and structural knowledge to fa-
cilitate explicit reasoning.

2. We enhance the commonsense triples ex-
tracted from the ConceptNet database with
named entity-aware structures using co-
reference resolution.

3. We define an effective sliding window mecha-
nism in order to remove irrelevant information
from longer dialogue context and ensure effi-
cient memory utilization. We use an interac-
tive dialogue-knowledge module to generate
a weighted query vector which captures the
interactions between the conversation and the
topical knowledge.

4. Through extensive qualitative and quantitative
validation on publicly available datasets, we
show that our model outperforms the strong
baselines.
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2 Related Work

Sequence-to-sequence models (Vinyals and Le,
2015; Sutskever et al., 2014) have long been used
for natural language generation (NLG) tasks. Stem-
ming off the vanilla encoder-decoder architecture -
introduced initially for neural machine translation
(Shang et al., 2015), a variety of models have been
developed to enhance the quality of the responses
generated (Li et al., 2016a; Zhao et al., 2017; Tao
et al., 2018); to effectively select the conversational
context in multi-turn dialogues (Serban et al., 2016,
2017; Xing et al., 2017; Zhang et al., 2019); and to
model persona while conversing (Li et al., 2016b;
Zhang et al., 2018). Recent advances on dialogue
systems aim at enhancing dialogue generation by
making it more humanized by means of incorpo-
rating knowledge based on the dialogue context or
from external sources, such as unstructured docu-
ments (Li et al., 2019; Qin et al., 2019) or knowl-
edge graphs (Moon et al., 2019; Tuan et al., 2019).

Numerous pre-trained language models (Devlin
et al., 2019; Radford et al., 2019) have been utilized
for dialogue generation (Edunov et al., 2019; Zhang
et al., 2020). They have been extended to leverage
the knowledge from the unstructured documents
and other auxiliary sources via knowledge selection
and various attention fusion techniques (Zhao et al.,
2020c; Cao et al., 2020). The task was explored
in low-resource setting (Zhao et al., 2020b) using
a disentangled response decoder, and the usabil-
ity of language models itself as a knowledge base
has also been investigated in Zhao et al. (2020d).
An issue with language models is the noise which
these introduce during knowledge selection. In
order to limit the noise by generative models, term-
level weighting (Zheng et al., 2021) for response
generation after knowledge selection were studied.
Zhao et al. (2020a) proposed a pre-training based
multiple knowledge syncretic transformer that uses
a single framework to integrate knowledge from
multiple sources. Knowledge based end-to-end
memory networks have been developed for task-
oriented dialogue generation (Raghu et al., 2019;
Reddy et al., 2019; Chen et al., 2019; Wang et al.,
2020; Varshney and Singh, 2021) using multi-level,
working, and dynamic types of memory. In Dual
Dynamic Memory Network (DDMN) (Wang et al.,
2020), the flow of history information during con-
versations is dynamically tracked to retain the im-
portant parts from both dialogue and KB, using a
memory manager for each.

Prior studies (Young et al., 2018; Zhou et al.,
2018a; Wu et al., 2020b) have demonstrated the
feasibility of including commonsense knowledge
into the dialogue systems. Further, in ConKADI
(Wu et al., 2020a), felicitous facts highly relevant to
the context were selected and effectively integrated
in the generated response by means of fusion mech-
anisms. Recently, co-reference resolution has been
utilized for obtaining coref-informed pre-trained
models (Ye et al., 2020), task-oriented dialogue
generation (Quan et al., 2019), and dialogue un-
derstanding (Zhang et al., 2021). Further, (Huang
et al., 2021) demonstrated the improvement upon
explicitly incorporating co-reference information
to enhance the attention mechanism for the reading
comprehension task.

In this paper, we show how both structured and
unstructured knowledge can be used to improve
the task of document-grounded dialogue genera-
tion. We propose an effective knowledge-grounded
dialogue model named CNTF, which is built with
multi-source heterogeneous knowledge. Experi-
ments on knowledge-based dialogue generation
benchmark datasets, viz. Wizard of Wikipedia and
CMU_DoG, have shown the efficacy of our pro-
posed approach. Our method employs a large-scale
named entity enhanced commonsense knowledge
network as well as a domain-specific factual knowl-
edge base to aid in the comprehension of an utter-
ance as well as the generation of a response using
a novel mutli-hop attention based model.

3 Methodology

3.1 Problem Formulation

Formally, let D = {di}Ki=1 denote a conversa-
tion composed of K dialogue turns, where di =
(a1i , a

2
i ) is an exchange of dialogues between the

two agents. Associated with each utterance a1i and
a2i are the relevant documents S1

i and S2
i with topic-

specific knowledge. We utilize common sense and
named entity oriented knowledge by creating the
set of triples τ = {τ1, τ2, ..., τ|τ |}, where τi is of
the form (head, relation, tail), from the follow-
ing sources:
(a) extracting relations from ConceptNet for ev-

ery word in the utterances (if the word is a
concept-word from ConceptNet), and

(b) forming named entity based triples by using
co-reference resolution method

For any arbitrary turn k, given the dialogue his-
tory {dj}k−1j=1 , the associated documents as well as
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Figure 2: Proposed CNTF architecture. The dialogue encoder encodes the dialogue context in multi-turn con-
versation. Similarly, the knowledge encoder takes as input the document(s) associated with the utterances in the
conversation. The multi-hop attention modules are used to extract relevant information from dialogue and knowledge
whereas the Commonsense and Named Entity Enhanced Attention module is used to effectively incorporate the
knowledge triples.

the target document {S1
j , S

2
j }kj=1, and the associ-

ated knowledge triples τ , the objective is to gener-
ate an appropriate response Y = {y1, y2, ..., y|Y |}.
The architecture of CNTF is shown in Figure 2.

3.2 Encoder

3.2.1 Dialogue Encoder

The Dialogue Encoder, that keeps track of the dia-
logue context in multi-turn conversations, encodes
the utterances turn by turn. The input at each turn is
a sequence of tokens x = (x1, x2, ..., xn), where n
is the number of tokens. For the first turn, a11 is fed
as input, while for the subsequent turns (j > 1), the
input is the concatenation of the previous turn’s sec-
ond agent’s response and current turn’s first agent’s
utterance, [a2j−1; a

1
j ]. The encoder then exploits

Bidirectional Encoder Representations from Trans-
formers (BERT) (Devlin et al., 2019) to obtain the
representations HD = {hi}ni=1.

Using the dialogue representations, we maintain
two different states for the dialogue, DS and DH ,
which are both initialized with the encoder hidden
statesHD, of the first turn. We then follow a sliding
window mechanism to update both DS and DH for
the succeeding turns. A window of size “l" means
we concatenate hidden states of only the previous

“l-1" turns. This helped in removing noise for longer
dialogue contexts and saving memory. DH remains
fixed and stores the hidden states for the dialogue

context, while DS gets updated at each turn, with
the goal of capturing proper history information for
accurate response generation.

3.2.2 Knowledge Encoder
Similarly, the Knowledge Encoder takes as input
the document(s) associated with the utterances viz.
[S2
j−1;S

1
j ] for turn j > 1, else S1

1 for the first turn,
truncated to a max token count of 400. We then
again employ a BERT model and obtain the en-
coded features HKb = {hi}mi=1, where m is the
number of tokens in the document(s). To incor-
porate the external topic-specific knowledge effec-
tively, we have knowledge states KbS and KbH .
Similar to the dialogue states DS and DH , these
are initialized with the hidden states HKb of the
relevant documents associated with each utterance.
Unlike the sliding window mechanism used for
the dialogue states for the upcoming turns, KbS
and KbH store only the current turn’s hidden states
obtained from the BERT based knowledge encoder.

3.3 Multi-hop Attention

We adopt the dual and dynamic graph attention
mechanism (Wang et al., 2020) to mimic human’s
step-by-step exploring and reasoning behavior. In
each step, we assume that the dialogue and knowl-
edge states have some information to disseminate.
At each hop r, we compute an attention vector α(r)

t

using the query embedding qt at the k-th turn us-
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ing D(r−1)
S at time step t. DH,k,t and the attention

scores are used to obtain the context representation
c
(r)
t .

α
(r)
k,t = softmax(ek,t) (1)

ek,t = (v
(r)
1 )

′
tanh(W (r)

1 qk,t +W
(r)
2 D

(r−1)
S,k,t ) (2)

c
(r)
k,t =

K∑

j=1

a
(r)
k,tDH,k,t (3)

where v(r)1 , W (r)
1 and W (r)

2 are the learnable pa-
rameters.
DS is updated using the forget and add opera-

tions. To find more details on updating DS refer to
Appendix A.

3.4 Constructing Named Entity based Triples
using Co-reference Resolution

To add more useful links to the already exist-
ing commonsense triples, we use the co-reference
chains and named entities extracted from the dia-
logues. Firstly, we use AllenNLP co-reference reso-
lution module to identify co-reference chains in the
dialogue. For example, in the dialogue shown in
Fig. 1, using the first co-reference chain: [The Last
of the Mohicans: it, that movie, It] we rewrite
the dialogue with resolved mentions in the utter-
ances as: “[The Last of the Mohicans] is a 1992
American epic historical drama [The Last of the
Mohicans] is also one of my favorite movies. Me
too. I love [The Last of the Mohicans] and the
soundtrack in particular. [The Last of the Mohi-
cans] was directed by Michael Mann, based on
[James Fenimore Cooper’s eponymous 1826] novel
and so on". We then use Spacy Named Entity tag-
ging module to recognize named entities from the
augmented dialogue. Simultaneously, we also iden-
tify all the concept words using ConceptNet in the
newly formed dialogue.

The new set of triples is obtained using the
named entities and concepts as nodes, and the cor-
responding edges are built as follows:
(a) between every pair of named entities that ap-

pear in the same dialogue, and
(b) between a named entity node and other con-

cepts within the same dialogue.
We may note that resolving the co-references first
and then extracting named entities ensures that en-
tities across multiple utterances are connected in
a certain way. Also, we explicitly form a triplet
having the RelatedTo relation as it suits well for

most of the cases because it indicates a relation
between the two named entities and their different
references or aliases across the conversation.

3.5 Commonsense and Named Entity
Enhanced Attention Module

For each dialogue, the final set of triples is com-
posed of both commonsense and named entity
based triples. We obtain triples’ head and tail entity
embedding from the trainable embedding layers i.e.
E = emb_layer(τ). Formally, a query is used to
loop over the triple embedding and compute the
attention weights at each hop p.

α
(p)
k,t = softmax(q

(p−1)
t E(p−1)) (4)

Finally, the weighted context for knowledge
triples, (cT )(p), is obtained by weighting the cur-
rent set of triple embedding, E(p) using the atten-
tion scores, a(p). A query update mechanism is
used, where the query embeddings are updated us-
ing the weighted triple embeddings of the current
step.

(cTk,t)
p
=

n∑

j=1

apk,tE
p (5)

qpt = qp−1t + (cTk,t)
p

(6)

3.6 Decoder

3.6.1 Interactive Dialogue-Knowledge Module
As each utterance is linked to topic-specific un-
structured knowledge, we employ an interactive
mechanism to attend to both the dialogue and the
knowledge sentences. We can improve informa-
tion extraction from dialogue as well as knowledge
hidden states for response generation by using the
encoded weighted dialogue context as the initial
query vector qt. To obtain the weighted dialogue
context WHD, we apply the multi-hop attention
as described in Section 3.3 between HD and HK

which are the hidden states received from the dia-
logue and knowledge encoder, respectively.

We use a GRU based decoder to generate re-
sponses word by word, and initialize the initial
hidden states of the decoder with WHD. Then at
time step t, the decoder state st can be updated as

st = GRU(e(yt−1), st−1) (7)

where e(yt−1) is the embedding of the previous
word yt−1. Here, st is regarded as the updated
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query vector, which is used to attend to the dia-
logue, topic-specific knowledge and the structured
knowledge triples, and obtain the weighted context,
knowledge and triple representation as cDt , cKt and
cTt , respectively.

3.6.2 Fusion Block
The probability distribution over the vocabulary
Pg(yt) words is obtained by fusing cDt , cKt , cTt and
the decoder state, st, and then passing them through
a softmax layer.

Pg(yt) = softmax(W5[st; c
D
t ; c

K
t ; cTt ]) (8)

where W5 is a trainable parameter.

3.6.3 Copy Block
In particular, a word at time step t is either gen-
erated from the vocabulary or copied from either
the dialogue history, knowledge history, or using
entities from the triples. Following the copy mech-
anism (Gulcehre et al., 2016), the attention scores
are viewed as the probability to form the copy dis-
tribution. We use the attention score αDk,t of the
dialogue and αKbk,t of the unstructured knowledge at
the last round viz. PD(yt = w) =

∑
tj:wtj=w

αDk,t;
PKb(yt = w) =

∑
tj:wtj=w

αKbk,t . The copy distri-
bution over the triples is given by P T (yt = w) =∑

tj:wtj=w
αTk,t. We use the soft gates g1, g2 and g3

to control whether a word is generated from the vo-
cabulary or it is being copied by combining Pg(yt),
PD(yt), PKb(yt), and PT (yt):

g1 = Sigmoid(W8[st; c
D
t ] + b2) (9)

Pkn(yt) = g1Pg(yt) + (1− g1)PD(yt) (10)

g2 = Sigmoid(W9[st; c
K
t ] + b3) (11)

Ptp(yt) = g2PKb(yt) + (1− g2)Pkn(yt) (12)

g3 = Sigmoid(W10[st; c
T
t ] + b4) (13)

P (yt) = g3PT (yt) + (1− g3)Ptp(yt) (14)

where, W8, W9, W10 are the parameters to be
learned.

Therefore, the decoder loss is the cross-entropy
between the predicted distribution P (yt) and the
reference distribution, pt, denoted as Loss =
−∑ptlog(P (yt)).

4 Datasets and Experimental Setup

In this section, we present the details of the datasets
and the other experimental setups. Implementation
details can be found in Appendix C.

4.1 Dataset Description

4.1.1 Knowledge Grounded Dialogue Dataset
We test our proposed technique on two knowledge-
grounded dialogue generation benchmark datasets,
viz. Wizard of Wikipedia (Dinan et al., 2018) and
CMU Document Grounded Conversations (Zhou
et al., 2018b). The WoZ and CMU_DoG datasets
consist of approximately ≈ 22K and ≈ 4K dialogs,
respectively, covering more than 1,365 and 90 top-
ics. The datasets are summarized in Appendix B.
The statistics of the datasets are shown in Table 4
of the Appendix.

4.1.2 Commonsense Knowledge Base
We use ConceptNet, an open-domain repository
of commonsense knowledge. It includes the re-
lationships between concepts that are commonly
used in everyday situations, such as "Mango is a
fruit." This function is desirable in our experiments
because it is critical to be able to identify the in-
formal relationships between common concepts
in an open-domain conversation setting. We re-
move triples containing multi-word entities when
filtering words based on dataset vocabulary, and
147, 676 triples were retained with 27, 468 entities
and 44 relations for Wizard of Wikipedia dataset.
For CMU_DoG dataset, we have a total of 14, 689
entities, 74, 485 triples and 42 relations.

4.2 Baselines

We use the following models as the baselines:
1. Transformer Memory Network (TMN) (Di-

nan et al., 2018): To encode dialogue, a shared
transformer-based encoder is used. After knowl-
edge selection, memory networks are used to re-
encode the dialogue information. Finally, a trans-
former decoder is used to decode the responses.

2. DialogGPTfinetune(Zhao et al., 2020d): It
utilises a DialoGPT (345M) model fine-tuned on
training examples from the Topical Chat dataset to
determine whether the pre-trained models can serve
as knowledge bases for open-domain dialogue gen-
eration.

3. Incremental Transformer with Delibera-
tion Decoder (ITDD) (Li et al., 2019): It uses an
incremental transformer-based model to encode ut-
terances and documents and a deliberation decoder
to decode responses.

4. Disentangled Response Decoder (DRD)
(Zhao et al., 2019): It is made up of three mod-
ules: a language model, a context processor, and a
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Wizard of Wikipedia CMU_DoG

Models PPL
(Seen/Unseen)

F1%
(Seen/Unseen)

BLEU-4
(Seen/Unseen)

Embedding
Average

(Seen/Unseen)

Vector
Extrema

(Seen/Unseen)

Greedy
Matching

(Seen/Unseen)
PPL F1% BLEU-4 Embedding

Average
Vector

Extrema
Greedy

Matching

TMN 66.5 / 103.6 15.9 / 14.3 0.017 / 0.009 0.844 / 0.839 0.427 / 0.408 0.658 / 0.645 75.2 9.9 0.007 0.789 0.399 0.615

ITDD 17.8 / 44.8 16.2 / 11.4 0.025 / 0.011 0.841 / 0.826 0.425 / 0.364 0.654 / 0.624 26.0 10.4 0.009 0.748 0.390 0.587

DialogGPTfinetune 16.2 / 20.4 19.0 / 17.6 0.023 / 0.017 0.871 / 0.869 0.461 / 0.451 0.683 / 0.674 15.9 13.7 0.015 0.812 0.430 0.641

DRD 19.4 / 23.0 19.3 / 17.9 0.044 / 0.037 0.864 / 0.862 0.455 / 0.444 0.679 / 0.671 54.4 10.7 0.012 0.809 0.413 0.633

ConKADI 89.4 / 93.0 13.3 / 15.9 0.016 / 0.014 0.726 / 0.662 0.355 / 0.324 0.599 / 0.601 84.4 8.7 0.006 0.768 0.326 0.600

KnowledGPT 19.2 / 22.3 22.0 / 20.5 0.058 / 0.047 0.872 / 0.870 0.463 / 0.452 0.682 / 0.674 20.6 13.5 - 0.837 0.437 0.654

CNTF 24.4 / 28.6 32.5 / 31.4 0.119 / 0.110 0.911 / 0.910 0.577 / 0.570 0.758 / 0.752 46.0 14.6 0.018 0.882 0.518 0.708

CNTF-DKIC 24.3 / 28.5 33.1 / 32.9 0.118 / 0.117 0.913 / 0.913 0.582 / 0.581 0.761 / 0.758 44.5 15.1 0.018 0.882 0.518 0.708

CNTF-DKI 26.8 / 31.8 32.4 / 31.5 0.114 / 0.110 0.911 / 0.912 0.576 / 0.575 0.758 / 0.754 45.3 14.2 0.015 0.881 0.514 0.707

CNTF-DK 25.9 / 31.1 30.9 / 29.8 0.105 / 0.101 0.909 / 0.909 0.567 / 0.564 0.752 / 0.746 45.9 14.1 0.014 0.880 0.505 0.700

CNTF-D 47.5 / 96.3 15.3 / 13.5 0.022 / 0.015 0.884 / 0.883 0.456 / 0.440 0.689 / 0.679 47.9 11.8 0.013 0.880 0.492 0.693

Table 1: Automatic evaluation results marked in bold fonts indicate the best outcome for the measure and
improvement over the best baseline, and is statistically significant (t-test with p-value at 0.05 significance level).
The scores on the ablation models are shown in the last four rows. The values for baseline models are derived from
(Zhao et al., 2020c) and (Zhao et al., 2020d). (-) indicates that the value was not reported.

Models Fluency
(Seen/Unseen)

Adequacy
(Seen/Unseen)

Knowledge
Existence

(Seen/Unseen)

Knowledge
Correctness

(Seen/Unseen)

Knowledge
Relevance

(Seen/Unseen)

Kappa
(Seen/Unseen)

TMN 1.314 / 1.197 1.262 / 0.934 1.046 / 0.811 1.005 / 0.691 0.867 / 0.487 0.931 / 0.888
ITDD 1.135 / 1.290 0.545 / 0.965 0.515 / 0.382 0.301 / 0.188 0.184 / 0.101 0.940 / 0.930

KnowledGPT 1.813 / 1.817 1.568 / 1.556 1.493 / 1.139 1.430 / 1.390 1.172 / 1.040 0.810 / 0.811
CNTF 1.561 / 1.554 1.647 / 1.469 1.653 / 1.285 1.770 / 1.422 1.732 / 1.376 0.830 / 0.869

Gold Response 1.865 / 1.883 1.891 / 1.883 1.825 / 1.864 1.908 / 1.916 1.903 / 1.904 0.890 / 0.854

Table 2: Human assessment results for the baseline and proposed model on WoZ dataset. Bolded results of the
proposed model against the baselines are statistically significant using t-test at 0.05% significance level.

knowledge processor for decoding responses. The
response decoder is broken down into independent
components in this case to investigate knowledge-
based dialogue generation.

5. ConKADI (Wu et al., 2020a): It includes
a Felicitous Fact mechanism to help the model
focus on knowledge facts that are highly significant;
additionally, two techniques, Context-Knowledge
Fusion and Flexible Mode Fusion, are proposed
to assist ConKADI in integrating the knowledge
information.

6. KnowledGPT (Zhao et al., 2020c): This
model implements response generation by com-
bining a pre-trained language model with a knowl-
edge selection module, and it intends to jointly opti-
mize knowledge selection and response generation
with unlabeled dialogues using an unsupervised
approach.

4.3 Evaluation Metrics

To evaluate the predicted responses, we choose
BLEU (Papineni et al., 2002), PPL, F1 and
Embedding-based metrics (Liu et al., 2016). For hu-
man evaluation, we use fluency, adequacy, knowl-
edge existence, knowledge correctness and knowl-
edge relevance. Appendix D provides more infor-

mation on these metrics.

5 Results and Analysis

5.1 Results of Automatic Evaluation
Table 1 shows the results on automatic evaluation
metrics on Wizard of Wikipedia and CMU_DoG
datasets. On WoZ, CNTF gives a significant rise
of 48% on Test Seen and 53% on Unseen in F1
score and around two times more on both Seen
and Unseen, in terms of BLEU-4, compared to the
strongest baseline, KnowledGPT. On CMU_DoG
too, where the average turn length is roughly 2.5
times that of WoZ, CNTF surpasses the previous
best on F1 and BLEU-4 by 8% and 20% respec-
tively. Hence, CNTF achieves new state-of-the-art
on both datasets.

Existing models struggle to generate engaging
responses for dialogues based on new topics that
were not encountered during the training phase,
which most likely explains the observed low perfor-
mance on Test Unseen. On the contrary, CNTF is
capable of capturing the dialogue context and effec-
tively utilizing external commonsense knowledge
and parse the implicit mentions made to various
entities through the conversation to produce ac-
curate responses, as evidenced by the magnitude
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of improvement achieved. On embedding-based
metrics, all three measures have significantly im-
proved, demonstrating the efficacy of our method-
ology. Comparison to more baseline models can be
found in Appendix E.1.

5.2 Human Evaluation Results

Human evaluation results are shown in Table 2. We
only compare our proposed model against Knowl-
edGPT, ITDD and TMN on WoZ, as manual evalua-
tion is expensive. It is clear that CNTF outperforms
the baselines on both adequacy and knowledge-
related criteria, demonstrating consistency with the
results of automatic evaluation, and has compara-
ble fluency performance. It is important to note
that, despite providing contextually appropriate re-
sponses, KnowledGPT failed to capture the accu-
rate knowledge associated with the input sequences,
resulting in low scores. The strength of CNTF can
be seen from the knowledge existence, correctness
and relevance scores. This can be attributed to the
fact that the multi-hop attention module and the
interactive attention module incorporate the knowl-
edge bases efficiently. The knowledge in the gen-
erated response is relevant with the contexts and is
factually correct. Furthermore, the responses are
more effective at exchanging information than at
casual chat. The proposed model also makes good
use of commonsense knowledge and named enti-
ties due to attention module as explained in Section
3.5. All of the kappa values are greater than 0.75,
indicating that the annotators agree.

In Table 3, we present a few example conver-
sations as predicted by the proposed (CNTF) and
the strongest baseline (KnowledGPT) on Test Seen
from Wizard of Wikipedia. In utterance 3, CNTF
is able to decipher that the context of the conversa-
tion is dr. pepper using the triple (drink, RelatedTo,
pepper) obtained using the mechanism explained
in Section 3.5 unlike KnowledGPT which starts
talking about 7up. Additionally, CNTF efficiently
utilizes the commonsense knowledge triples by cor-
rectly copying the entities in the triples associated
with the word flavor. As seen in the fourth utter-
ance, the model correctly decodes the response
using more detailed knowledge from the topic-
specific knowledge base as opposed to Knowl-
edGPT. Triples such as (1904, RelatedTo, pepper),
(sold, RelatedTo, Europe) which were created us-
ing Section 3.4 have aided it in understanding the
context better.

5.3 Ablation Study

To analyze the impact of the constituent modules in
our model on performance (Table 1), we compare
CNTF with the following variants:

(i) CNTF-D: This configuration only employs
the dialogue encoder with multi-hop attention to
demonstrate the significance of employing a knowl-
edge encoder. This results in a 53% decrease in F1
score on Test Seen, demonstrating the effectiveness
of our knowledge module with multi-hop attention.
The score reduction in CMU_DoG is less severe
because workers do not rely as heavily on external
knowledge as the Wizard does, where it is highly
correlated with available knowledge. (ii) CNTF-
DK: Interactive attention is essential for generating
insightful responses while decoding the answer.
We remove the Interactive Dialogue-Knowledge
module, as explained in Section 3.6.1, to demon-
strate its utility. This results in a significant de-
crease in both BLEU and F1 scores. (iii) CNTF-
DKI: We conduct experiments with only the di-
alogue and knowledge modules, as well as the
interactive module, to demonstrate the benefit of
using structured knowledge in the form of triples
for gauging the implicit references made through-
out the conversation. We see a significant drop in
scores here as well. (iv) CNTF-DKIC: This model
is used to show the effectiveness of co-reference
based named entity triples. We see a drop in BLEU-
4 scores for the seen testset, but we see an improve-
ment on the unseen testset by using only common-
sense knowledge. This could be attributed to the
fact that for unseen data, the same entities are usu-
ally not present because they have conversations
on topics that are rarely seen in the training set.

We may note that CNTF beats the SOTA models
on every metric however due to the addition of
new triples (more than 60% increment in triples on
an average for both the datasets) which may have
added to noise in the model, and hence it shows
lower scores on some metrics than CNTF-DKIC.

5.4 Error Analysis

Using the generated responses, we perform a thor-
ough examination of our proposed model and cate-
gorize the errors it encounters as follows:

1. Repetition: There are some instances where
certain words are repeated in the generated re-
sponses. For example, Predicted response: “i’
m not sure, but it is similar to violet, violet and
violet."
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Utterance 1 Agent 1: i love dr pepper

Knowledge 1 dr pepper is a carbonated soft drink marketed as having a unique flavor.

Triples (pepper, RelatedTo, soda), (soda, IsA, drink), (flavor, RelatedTo, drink), (carbonated, Synonym, soda), (soft, RelatedTo, drink), (drink,
RelatedTo, like)...

CNTF yeah i love dr pepper. it is marketed by having a unique flavor.

KnowledGPT i love dr pepper too! it’s a carbonated soft drink marketed as having a unique flavor.

Utterance 2 Agent 2: Oh same, it’s my favorite Dr Pepper is a carbonated soft drink Agent 1: oh yea? its such a good soda

Knowledge 2 7 up (stylized as 7 up outside the u.s.) is a brand of lemon-lime flavored, non-caffeinated soft drink.

Triples (flavor, RelatedTo, drink), (pepper, RelatedTo, soda), (soda, IsA, drink), (carbonated, Synonym, soda), (soft, RelatedTo, drink), (US, RelatedTo,
pepper), (great, RelatedTo, super) ...

CNTF yea 7 up (stylized as 7up outside the u.s.) is a brand of lemon-line.

KnowledGPT it was created in the 1880s by pharmacist charles alderton in waco, texas and first served around 1885.

Utterance 3 Agent 2: oh yeah, i also like 7-up, 5 a brand of lemon-lime flavor. Agent 1: oh yeah thats great too

Knowledge 3 the drink was created in the 1880s by pharmacist charles alderon in waco, texas and first served around 1885.

Triples (flavor, RelatedTo, drink), (1880s, RelatedTo, wild),(1880s, RelatedTo, created),(1880s, RelatedTo, pharmacist), (drink, RelatedTo, pepper) ...

CNTF yeah , the drink was created in the 1880s by pharmacist charles alderton in waco.

KnowledGPT yeah, 7 up was created by charles leiper grigg, who launched his st. louis based company the howdy corporation in 1920

Utterance 4 Agent 2: but, dr pepper was created in 1880s by a pharmacist. isn’t that wild? Agent 1: yea wow it is so old

Knowledge 4 dr pepper was first nationally marketed in the united states in 1904, and is now also sold in europe, asia, canada, mexico, australia, and south
america, as well as new zealand and south africa as an imported good.

Triples (1904, RelatedTo, pepper), (sold, RelatedTo, Europe), (pepper, RelatedTo, Australia), (pepper, RelatedTo, Canada) ...

CNTF yea dr pepper was first nationally sold in the us in 1904 , and is now also sold in europe.

KnowledGPT it was first served in waco, texas in 1885. i wonder how long it has been around?

Utterance 5 Agent 2: oh yeah, and it didn’t make it into the us until it was first nationally marketed in the united states in 1904 Agent 1: thats super crazy

Knowledge 5 dr pepper was first nationally marketed in the united states in 1904, and is now also sold in europe, asia, canada, mexico, australia, and south
america, as well as new zealand and south africa as an imported good.

Triples (1904, RelatedTo, marketed), (States, RelatedTo, 1904), (United, RelatedTo, 1904), (1904, RelatedTo, US), (1904, RelatedTo, first), (first,
RelatedTo, marketed) ...

CNTF yea dr pepper was first nationally marketed in the us in 1904 , and is now also sold in

KnowledGPT it was formulated by a pharmacist named charles alderton in morrison’s old corner drug store in waco, texas.

Table 3: Samples from Test Seen of WoZ dataset. The gold response for the (k)-th example is Agent 2’s utterance in
the (k + 1)-th example. The displayed knowledge is the supporting sentence for the gold response to that utterance.

2. Incomplete response: As shown in the re-
sponse for the last example in Table 3, incom-
plete responses result in lower fluency scores. We
discovered that the ground truth responses in the
dataset are generated by copying incomplete sen-
tences from the document knowledge. Since our
model augments knowledge, it learns to produce
responses in the same manner. For example: Docu-
ment knowledge: “there is no scientifically precise
definition of genius, and the question of whether the
notion itself has any real meaning has long been a
subject of debate, although psychologists are con-
verging on a definition that emphasizes creativity
and eminent achievement.”; Gold Response: “there
is no scientifically precise definition of genius”. As
can be seen, the response picked is incomplete
and less fluent if it is compared to the knowledge
sentence. We have evaluated our gold responses
considering this in Table 2. We observed that the
fluency score is 1.865 / 1.883 for both the test seen
/ unseen set. A few more error cases with examples
are shown in the Appendix E.2.

6 Conclusion

We present a Commonsense, Named Entity, and
Topical Knowledge Fused neural network (CNTF)
to address reasoning over multiple knowledge
bases in this paper. We propose, in particular, multi-
hop attention over both structured and unstructured
knowledge. Unlike previous approaches in Dialog,
CNTF can find relevant supporting named entities
in dialogs at each step of multi-hop attention in
addition to already present commonsense knowl-
edge. We test CNTF on WoZ and CMU_DoG and
achieve excellent results. Furthermore, our analysis
shows that CNTF can generate consistent results.

In the future, we hope to expand our work to
build models which include emotions for knowl-
edge grounded dialogues. Also, to tackle repetition
and incomplete response, we aim to introduce re-
wards functions for these factors. Currently, our
model does not consider the relation attribute in
our proposed framework and hence the use of “Re-
latedTo” relation is not really affecting the perfor-
mance of the proposed approach. We aim to incor-
porate relation attributes for triple representations.
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(r)
t A

(r)
t (18)

A
(r)
t = Sigmoid(W (r)

4 , s̃
(r)
t ) (19)

1333

https://doi.org/10.18653/v1/2020.emnlp-main.582
https://doi.org/10.18653/v1/2020.emnlp-main.582
https://doi.org/10.18653/v1/2020.emnlp-main.582
https://doi.org/10.18653/v1/2021.findings-acl.450
https://doi.org/10.18653/v1/2021.findings-acl.450
https://doi.org/10.18653/v1/2020.acl-demos.30
https://doi.org/10.18653/v1/2020.acl-demos.30
https://doi.org/10.18653/v1/2020.acl-demos.30
https://openreview.net/forum?id=rJeIcTNtvS
https://openreview.net/forum?id=rJeIcTNtvS
https://doi.org/10.18653/v1/2020.emnlp-main.272
https://doi.org/10.18653/v1/2020.emnlp-main.272
https://doi.org/10.18653/v1/2020.emnlp-main.272
https://doi.org/10.18653/v1/2021.findings-acl.262
https://doi.org/10.18653/v1/2021.findings-acl.262
https://doi.org/10.18653/v1/D18-1076
https://doi.org/10.18653/v1/D18-1076


W
(r)
3 and W (r)

4 are the learnable parameters. ã(r)t
is computed similar to the manner defined in Eq 1.

B Datasets

Experiments are carried out on two benchmark
datasets, viz. Wizard of Wikipedia (Dinan et al.,
2018) and CMU_DoG (Zhou et al., 2018b).

Wizard of Wikipedia (WoZ) is one of the
most comprehensive knowledge-based conversa-
tion datasets, covering 1,365 open-domain topics.
Each conversation takes place between a wizard
who can retrieve knowledge about a specific topic
and form a response based on it and an apprentice
who is simply eager to speak with the wizard but
lacks access to external knowledge. The test set is
further divided into two parts: Test Seen and Test
Unseen. The former contains conversations about
topics that have previously been seen in the train-
ing set, whereas the latter contains conversations
about topics that have never been seen in either the
training or validation sets.

CMU_DoG focuses on the movie domain, and
the conversations take place between two users who
both have access to the relevant documents. Every
document includes information, such as the title of
the film, the cast, an introduction, ratings, and a few
scenes. We consider subsequent utterances by the
same person as a single one. ConceptNet database
can be downloaded from https://conceptnet.io.

Wizard of Wikipedia CMU_DoG

Train Valid Test
Seen

Test
Unseen Train Valid Test

#Conversation 18,430 1,948 965 968 3,373 229 619
#Utterances 166,787 17,715 8,715 8,782 74,717 4,993 13,646

Avg. # of Turns 9.0 9.1 9.0 9.1 22.2 21.8 22.0
#TopicsDocuments 1,247 599 533 58 30 30 30

Table 4: Dataset Statistics

C Implementation Details

For our proposed CNTF model, we set the word
embedding dimension as 300, and use GloVe word
embeddings. The hidden size of GRU is sampled
from {128, 256}. Both the number of rounds R,
the number of hops K are sampled from {2, 3},
and the sliding window size is sampled from
{1, 2}. We use the ADAM optimizer (Kingma and
Ba, 2014) whose learning rate is fixed to 0.0005
and set the beam size to 4, while decoding the
responses. We truncate utterances to a max token
count of 200 and knowledge base to 400. To handle
the long-text knowledge base of CMU_DoG,

for every utterance and knowledge sentence we
compute a TF-IDF vector. We then compute the
cosine similarity between an utterance and every
sentence in the knowledge base and retain the
top-2 knowledge sentences, similar to the proce-
dure adopted in Enriched Topical Chat dataset
(Gopalakrishnan et al., 2019). The conversation
and knowledge base vocabulary is shared and
comprises of 30,004 words, while common sense
vocabulary is maintained separately. We choose
batch size as 2 and 8 for CMU_DoG and Wizard
of Wikipedia, respectively, for training the models.
There are roughly 83M parameters for our model
when trained on Wizard of Wikipedia, and 38M
on CMU_DoG, the difference in size is due to the
vocabulary variation. These are much lesser than
large pre-trained models which have much greater
parameters (KnowledGPT which uses GPT-2). It
is trained for 10-15 epochs. We choose the best
model when the loss on the validation set does not
decrease. The variances of the results are at most
1e-3 after three runs with random initialization for
each method, and they have no effect on the trend.
We have adapted the code framework from DDMN
(Wang et al., 2020). We have used GeForce GTX
1080 Ti as the computing infrastructure. We used
the AllenNLP co-reference resolution module
(https://github.com/allenai/allennlp-models) for
coreference resolution. We used the spacy toolkit
(https://github.com/huggingface/neuralcoref) to
identify named entities in the text.

D Evaluation Metrics

D.1 Automatic Evaluation:

For evaluating our baseline and proposed models,
we used F11, BLEU (Papineni et al., 2002), PPL
and Embedding-based metrics2 (Liu et al., 2016)
such as Vector Extrema, Greedy Matching and Em-
bedding Average for evaluation. Perplexity (PPL)
is a metric used to assess how well a probability
model predicts a sentence. The term intersection
between the gold response and output response by
the model is calculated using BLEU (BLEU-4) and
the unigram F1-score. Word-matching-based met-
rics are an alternative to embedding-based metrics.
These metrics allocate a vector to each term in the
sentence in order to truly understand the intended
meaning of the predicted sentence, as described by

1https://github.com/facebookresearch/ParlAI/blob/master/
parlai/core/metrics.py

2https://github.com/Maluuba/nlg-eval
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word embedding. Using the above standard met-
rics, we evaluate our models on both the seen and
unseen test sets of the Wizard of Wikipedia dataset,
as well as the test set of the CMU_DoG dataset.

D.2 Human Evaluation:

However apart from the automatic evaluation met-
rics, for evaluating samples from human perspec-
tive we randomly selected 100 samples from the
Wizard of Wikipedia’s Test Seen and Test Unseen
sets. We hire four professionals, each with a post-
graduate degree and experience, to serve as human
judgment annotators. The annotators are regular
employees (paid monthly in accordance with uni-
versity policy) earning Rs 35,000 per month. The
annotators are members of our research team and
have been working on similar projects for the past
three years. For each example, we provide our an-
notators with model responses and human ground-
truth. We use the following metrics for evaluation:

(i) Fluency: It is a metric that measures whether
or not a sentence is comprehensible. (ii) Adequacy:
This metric assesses the cohesiveness of the gener-
ated response with respect to the conversation con-
text. (iii) Knowledge Existence (KE): This metric
determines whether the response contains knowl-
edge or not. (iv) Knowledge Correctness (KC):
This metric determines whether the knowledge in
the predicted response is correct. (v) Knowledge
Relevance (KR): This metric is used to determine
whether the knowledge is correct and relevant to
the topic of the conversation. The annotators as-
sign a score of 0 to 2 to each response (representing
"incorrect," "moderately correct," and "perfect").
Fleiss’ kappa (Fleiss, 1971) is used to calculate the
annotators’ agreement.

E Results

E.1 Automatic Evaluation

We also compare our proposed CNTF model to
(Zhao et al., 2020a) and (Zheng et al., 2021).
MKST (Zhao et al., 2020a) obtains a F1-score of
22.2 / 21.3 and BLEU-4 score of 0.077 / 0.072 on
test seen / unseen of WoZ dataset. KTWM (Zhao
et al., 2020a) obtains a BLEU-4 score of 0.033
/ 0.022 with an embedding average, extrema and
greedy score of 0.682 / 0.668, 0.394 / 0.379, 0.574
/ 0.542 respectively. Our model clearly outper-
forms these baselines by obtaining a BLEU-4 score
of 0.119 / 0.110, F1-score of 32.5 / 31.4 with an
embedding average, extrema and greedy score of

0.911 / 0.910, 0.577 / 0.570, 0.758 / 0.752, respec-
tively. In addition, our model clearly outperforms
the BART based models for knowledge grounded
generation (De Bruyn et al., 2020) on F1-score
(Test Seen - 12.2 / 20.1; Test Unseen 14.9 /19.3) by
a huge margin on both the test set of WoZ dataset.

E.2 Error Analysis
For a dialogue with no topic specific knowledge
sentences usually our model fails to keep the con-
versation going by generating inadequate responses
and also misses several entities. For example, Input
utterance: that’s not uncommon! there are rescue
groups that specialize in finding homes for retired
sled dogs. I bet they retire them at a certain age
then they need a home huh; Predicted Response
(CNTF): that’s cute! i’m sure they’re cute!; Gold
Response: yes. huskies got their name from the
word referring to eskimos. As it can be clearly seen
the model fails to capture the entity huskies and
instead generates a generic response.
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Abstract

The remarkable success of large language
models has been driven by dense models
trained on massive unlabeled, unstructured cor-
pora. These corpora typically contain text
from diverse, heterogeneous sources, but infor-
mation about the source of the text is rarely
used during training. Transferring their knowl-
edge to a target domain is typically done by
continuing training in-domain. In this paper,
we introduce a method to permit domain adap-
tation to many diverse domains using a com-
putationally efficient adapter approach. Our
method is based on the observation that tex-
tual domains are partially overlapping, and
we represent domains as a hierarchical tree
structure where each node in the tree is asso-
ciated with a set of adapter weights. When
combined with a frozen pretrained language
model, this approach enables parameter shar-
ing among related domains, while avoiding
negative interference between unrelated ones.
Experimental results with GPT-2 and a large
fraction of the 100 most represented websites
in C4 show across-the-board improvements in-
domain. We additionally provide an inference
time algorithm for a held-out domain and show
that averaging over multiple paths through the
tree enables further gains in generalization,
while adding only a marginal cost to inference.

1 Introduction

Pretrained language models (PLMs) (Peters et al.,
2018; Devlin et al., 2019; Liu et al., 2019; Radford
et al., 2019), trained on massive general-domain
corpora, have enabled great progress in many natu-
ral language processing (NLP) benchmarks (Wang
et al., 2018). Nonetheless, continuing pretraining
(as a dense model) a PLM on a narrower domain
(Han and Eisenstein, 2019; Lee et al., 2019) is ben-
eficial, although computationally expensive (Ma-
ronikolakis and Schütze, 2021), which indicates

∗Work done while an intern at AllenAI.
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3 4

scientific

articles

reviews

frontiersin.org journals.plos.org

7

booking.com

5

1 2
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Figure 1: We model domains as a hierarchical tree
structure that associates adapters with nodes, allowing
parameter sharing among related domains. Internet do-
mains appear as leaf nodes. During training, we acti-
vate the adapters along the path to a leaf to specialize a
language model to the domain corresponding to it.

that domain-relevant data is important for down-
stream tasks. Sparse models that use mixtures of
experts (Lepikhin et al., 2021) have recently been
proposed to allow efficient training.

Prior work typically assumes that individual do-
mains are distinct, and models them accordingly.
For example, Gururangan et al. (2020, 2021) train
one model for each textual domain, either in a
dense or sparse manner. This is related to data
selection (Moore and Lewis, 2010; Axelrod et al.,
2011; Plank and van Noord, 2011), which aims to
select the best matching data for a new domain.
This process does not scale to multiple domains
efficiently, as the parameters grow linearly with the
domains. It also does not allow sharing represen-
tations among related domains during training, as
each domain is modeled with a separate set of pa-
rameters. At the other extreme, training one model
on all domains as is common during unsupervised
pretraining does not account for their similarities
and differences and might hinder the model’s gen-
eralization ability due to negative interference.

As an alternative, we start with the observation
that the term “domain” typically denotes a distribu-
tion over language characterizing a given topic or
genre, and that domains are partially overlapping.
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For example, a sentiment model processing hotel
reviews could be expected to benefit by also in-
cluding data from restaurant reviews, which might
in turn benefit from cooking recipes, but combing
hotel reviews and recipes may be detrimental.

We want to model the relations between domains
and selectively share information, so that we allow
positive transfer and avoid negative interference.
To this end, we propose a data-driven approach to
modeling domains that automatically clusters them
in a tree using PLM representations. We then in-
troduce an efficient method that specializes a PLM
in a number of domains leveraging their hierar-
chical structure. Our approach allows parameter
sharing among related domains using adapters (Re-
buffi et al., 2017; Houlsby et al., 2019), which are
lightweight layers, added after each transformer
(Vaswani et al., 2017) layer. Each node in the tree
is associated with a separate set of adapters, that are
only activated for a particular domain. For instance,
data from BOOKING.COM activates parameters in
nodes 3, 6, and 7, allowing parameter sharing with
the highly related YELP.COM through nodes 6 and
7 (Figure 1).

We verify the efficacy of our approach in two set-
tings. First, we manually define a tree structure, us-
ing websites as the leaves. In this first few-domain
setting, our method outperforms prior work includ-
ing single and multi-domain adapters added to GPT-
2 (Radford et al., 2019) when tested in-domain. We
further show that our method generalizes better to
held-out websites than the baselines.

We then scale our model to a many-domain set-
ting across almost 100 websites. We induce the
hierarchical structure in an unsupervised way using
representations from GPT-2 with a Gaussian Mix-
ture Model (GMM) (Aharoni and Goldberg, 2020)
and hierarchical clustering, similar to Das Gupta
et al. (2015). In this way, the clusters model tex-
tual domains and the GMM provides a mechanism
to automatically find the closest training websites
to any held-out website. Empirical results show
across-the-board improvements over strong base-
lines when evaluated in-domain. We also show
that an efficient inference-time algorithm that aver-
ages over multiple paths through the tree improves
generalization when tested on held-out websites.1

1Our code is publicly available at github.com/alexandra-
chron/hierarchical-domain-adaptation.

2 Hierarchical Representation of
Domains

In this section, we provide a formal problem defi-
nition and the intuition for a hierarchical ordering
of domains. We then describe how we add a hierar-
chical structure to a PLM and present the training
process. Additionally, we show how a path in the
tree is selected to evaluate the in-domain and out-of-
domain sets. We finally discuss the computational
cost of our approach compared to the baselines and
our experimental setup.

2.1 Problem Definition

We formulate the task as follows: given a PLM, we
aim at fine-tuning it in the task of language model-
ing using adapter modules, on a corpus consisting
of k corpora for domain adaptation. The model
is trained to minimize the cross-entropy loss on
sentences from all k corpora, then is evaluated on
both in-domain and out-of-domain test sets.

2.2 Textual domains and provenance

As there is no commonly-accepted definition of a
“domain” in text (Plank, 2016), we take a practi-
cal approach and use the provenance of a piece of
text (that is, the website from which the text was
scraped) as a proxy for textual domain. To model
how similar different textual domains are to each
other, we fit a Gaussian Mixture Model (GMM)
using PLM representations (Aharoni and Goldberg,
2020) using a small sample of text from each do-
main. After fitting this GMM, for some clusters
there is a one-to-one correspondence between one
cluster and text from one website, while for other
clusters there is a one-to-many correspondence be-
tween one cluster and text from multiple, similar
websites (see §4).

2.3 Hierarchical Structure

Domains generally overlap with each other and
have different degrees of granularity. A model that
encodes them should both capture domain-specific
and general-domain information. To this end, we
propose representing the data as a tree. An example
of a tree structure is shown in Figure 1. Text from
specific websites is encoded in the leaf nodes (such
as FRONTIERSIN.ORG, JOURNALS.PLOS.ORG),
while more general-domain knowledge is encoded
in the upper nodes (SCIENTIFIC ARTICLES).
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2.4 Model Architecture

Assuming a corpus with data from n domains, we
consider the setting where we have a pretrained
model M . We want to use M to adapt to n new
domains. To this end, we can leverage adapters.
Adapter layer. Adapters are typically added to
model M in each transformer layer and are trained
to a task, while M remains unchanged. An adapter
uses as input the output of the previous layer. It is
formally defined as WU ReLU(WD LN(hi)) +hi
,where hi is the output of the i-th layer, of dimen-
sion m, LN is a layer-normalization (Ba et al.,
2016), WD is a down-projection in Rm×d, and
WU is an up-projection in Rd×m, and d is the bot-
tleneck dimension of the adapter module.
Single Adapters. To adapt to n domains, one so-
lution is to train n adapters (per transformer layer),
one for each domain. The number of parameters
added from single adapters grows linearly with the
number of domains (O(n)).
Multi-Domain Adapters. Another solution is to
add just one set of adapters to model M . The
adapter weights will be updated based on data from
all n domains. This is a dense model that does
not permit modular training. For n domains, the
number of parameters added is constant.
Hierarchical Adapters. We propose associating
each of the nodes in a tree that represents domains
with a set of adapters and adding them to M . This
sparse model adds parameters that scale logarith-
mically (O(log(n)) with the number of domains
because of the binary tree structure (Figure 1).

While Houlsby et al. (2019) insert adapters but
re-train layer normalization parameters of M and
Bapna and Firat (2019) introduce new layer normal-
ization parameters for every adapter, we introduce
just one set of layer normalization parameters in
each transformer layer and these parameters are
shared between all adapters of a transformer layer.

2.5 Training & Computational Cost

When our input consists of data from a particular
domain, we only update the adapter layers of the
path that leads to this domain (Figure 1).

Supposing we have a mini-batch from FRON-
TIERSIN.ORG, the hidden state hi of the i-th layer
is the input of adapter1i (the adapter of node 1
for transformer layer i). hi is also the input of
adapter5i (parent) and adapter7i (root). Their out-
puts y1i , y

5
i , y

7
i are averaged. The final representa-

tion yi is the input to the next transformer layer.

Using this simple training process, we allow
sharing between related domains. Upper nodes
in the tree are updated more often than leaves, thus
they are better trained and encode more domain-
general knowledge. More precisely, the root node
of the hierarchical model in Figure 1 is updated for
each sequence, but the leaf nodes are only updated
using sequences from the associated domain.

In terms of computation, although our model
adds a large number of trainable parameters (to-
tal parameters), only a small fraction of them is
used for each forward pass (active parameters), as
shown in Table 1. At inference time, to evaluate
performance on a domain using the tree of Figure 1,
our approach with a single path uses 126M parame-
ters (GPT-2 has 112M and the adapters of each path
account for 14M parameters). When we average
two paths, 23M parameters are added to GPT-2.

Kaplan et al. (2020) provided a detailed break-
down of compute cost for transformer LMs. For
a model with N non-embedding parameters, the
approximate cost of a forward pass is 2N flops per
token. Extending their calculations to our setting,
for a model with L layers, model dimension dmodel,
adapter bottleneck size d, a single adapter adds
4Ldmodeld flops per forward pass over the cost of
running GPT-2. Our hierarchical method requires
running T adapters per layer per forward pass,
where T is the average tree depth. For the many-
domain setting in §4 with L = 12, dmodel = 768,
d = 64, N = 84M, T = 8, this gives an increase
of ~11% flops over GPT-2. At inference time, using
two paths (§4.5) the increase is 22% over GPT-2.

For fair comparison between our method and
the baselines, we scale the adapter size so that our
proposed model and the multi-domain adapters (the
most related baseline) use the same number of flops.
Following the previous paragraph, the adapter sizes
in our hierarchical model are smaller by a factor of
1/T then those in the baseline models (Table 1).

2.6 In-domain/Out-of-domain Evaluation

At inference time, we need to define which path
should be activated for each domain. When we per-
form in-domain evaluation, this is straightforward.
We always activate the path that leads to the node
that is assigned to this specific domain.

For out-of-domain evaluation, we need to find
the path that better fits the held-out domain. We
can also use multiple paths, as the computational
cost is small. We describe in detail how we run
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Few-Domain Many-Domain
Setup Setup

H
ie

ra
rc

hi
ca

l(
ou

rs
) Adapter Size 256 64

# Adapters 7 49
Average path length 3 8
Total parameters 33M 58M
Active parameters 14M 9.5M
Number of updates - root 22K 11K
Number of updates - leaf 5.5K 400

M
ul

ti-
do

m
ai

n Adapter Size 768 512
# Adapters 1 1
Average path length 1 1
Total parameters 14M 9.5M
Active parameters 14M 9.5M
Number of updates 22K 11K

Table 1: Parameters used by our approach and the
multi-domain adapters. The few-domain and many-
domain setup are explained in § 3 and § 4 respectively.

out-of-domain evaluation in the following two sec-
tions, which present a manually defined (§3) and an
automatically created hierarchical structure (§4).

2.7 Experimental Setup

We use GPT-2 (12 transformer layers; hidden size
768) as the pretrained model. GPT-2 has a vocabu-
lary of 50,264 BPE (Sennrich et al., 2016) tokens
and 112M parameters. Our code is built with Py-
Torch (Paszke et al., 2017), using the HuggingFace
library (Wolf et al., 2020). We run all experiments
on NVIDIA A100 GPUs with 40GB of RAM. We
split our corpora in 800-token sequences. Models
are trained with the Adam optimizer (Kingma and
Ba, 2015) with an initial learning rate of 1e−3 and
we accumulate gradients over 2 updates.

3 Hierarchical Domain Adaptation with
a Manually Created Tree

In this section, we implement the model described
in the prior section for a very limited number of
domains (few-domain setup), to comprehensively
examine design choices and verify the performance,
before moving to a large-scale setting in §4.

3.1 Data

We select four websites to be represented by leaf
nodes in our tree: two that contain scientific arti-
cles (FRONTIERSIN.ORG, JOURNALS.PLOS.ORG)
and two that contain reviews (BOOKING.COM and
YELP.COM). We use text from the released version
(Dodge et al., 2021) of C4 (Raffel et al., 2020), a
web-scale corpus of English data; the first three
internet domains are some of the largest sources of

text in C4. We also use YELP.COM, a publicly avail-
able dataset. Dataset sizes (training/evaluation) are
shown in Appendix A.1.

3.2 Approach
We use the hierarchical structure shown in Figure
1, with two leaf nodes representing scientific arti-
cles sharing a parent, two leaf nodes representing
reviews sharing a parent, and a single grandparent
shared by the two parents. This tree structure was
manually chosen using domain knowledge. We use
a pretrained GPT-2 model as our base model, and
add one set of adapters per node in the tree (one
adapter per transformer layer for each node). We
freeze the weights of GPT-2 and train the adapters
on language modeling of the domains of interest.
The training process is explained in detail in §2.5.

3.3 Experimental Setup
Our hierarchical model adds 7 sets of adapters to
GPT-2, one for each node in the tree. Each adapter
has a bottleneck dimension d of 256. For each
training step, one path through the tree is active (so,
3 adapters) depending on which domain of text is
represented in the current batch (see §2.5). Active
nodes are used in the forward pass and updated in
the backward pass (during training), while those
that are not active are not used in the computation.

We evaluate two baselines: a multi-domain
adapter, trained on all in-domain data, and sin-
gle adapters, each trained on data from a different
website. We ensure that the hierarchical model uses
the same amount of compute for a forward pass as
the multi-domain adapter baseline (using d = 768
and 1 adapter/path). We also train each model to an
equal amount of data from each domain. Results
are shown after 20 epochs of training (22K steps).

GPT-2 single multi hierarchical
adapters adapters adapters

frontiersin 22.2 16.1 15.8 15.5
journals 24.5 16.6 16.3 15.8
booking 29.7 9.7 9.9 9.2
yelp 36.2 24.3 25.3 23.8

average 27.7 15.8 15.9 15.2

Table 2: In-domain evaluation perplexity for the few-
domain setting (§3). Hierarchical adapters consistently
provide better scores compared to the baselines.

3.4 In-Domain Results
In-domain evaluation scores are presented in Table
2. Our model clearly surpasses the multi-domain
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GPT-2 single multi hierarchical
adapters adapters adapters

ncbi 20.5 18.2 17.6 17.3
link.springer 27.7 24.5 22.7 22.6
scholars.duke 22.7 20.1 20.3 19.9
techcrunch 27.7 27.1 26.3 27.1
medium 29.1 30.0 27.9 28.5
tripadvisor 41.3 36.6 34.1 26.0
lonelyplanet 35.5 27.1 24.3 25.3

average 29.2 26.2 24.8 23.8

Table 3: Out-of-domain evaluation perplexity for the
small setting (§ 3). For the hierarchical model, 2 paths
through the tree are used for the evaluation. The hierar-
chical model on average outperforms the baselines.

adapter baseline in all domains. On average, hier-
archical adapters lower the perplexity by 0.7 com-
pared to multi-domain adapters. Compared to just
evaluating GPT-2, our model yields a large im-
provement, confirming prior work that suggests
that further training a PLM in-domain is highly ef-
fective. Single adapters perform roughly equivalent
to multi-domain adapters in this scenario.

3.5 Out-of-Domain Results

We perform evaluation on 7 unseen domains, some
of which represent similar textual domains to our
in-domain data, while others are quite different.
For example, NCBI, LINK.SPRINGER, and SCHOL-
ARS.DUKE contain text from scientific documents,
similar to two of our in-domain sources of text,
but TECHCRUNCH and MEDIUM are quite dissim-
ilar to the in-domain text. All models outperform
the baseline of just evaluating GPT-2, as shown in
Table 3. We hypothesize that the pretraining data
from GPT-2, which has not been publicly released,
had a somewhat different distribution to C4, and
thus further training on any data from C4 seems
to improve performance. The best out-of-domain
results are obtained with hierarchical adapters.

However, which set of single adapters we should
use to evaluate a held-out domain is not obvious.
For example, to evaluate on LONELYPLANET, it
intuitively makes sense to use adapters trained on a
reviews/travelling domain (BOOKING or YELP), but
for LINK.SPRINGER, the model trained on a scien-
tific articles (FRONTIERSIN or JOURNALS) might
be more suitable. We have no a priori criterion to
choose the most appropriate model. This is also
true for our proposed model. We show the best
evaluation scores using single adapters in Table 3
(full evaluation in Appendix A.2).

For the hierarchical adapter model, we show

1 path 2 paths
journals frontiers booking yelp science reviews

ncbi 17.6 18.7 34.8 26.0 17.3 26.3
link.springer 23.3 23.3 37.0 33.1 22.6 31.8
scholars.duke 20.7 20.7 35.5 29.4 19.9 28.8
techcrunch 27.7 27.9 34.8 32.8 27.1 29.4
medium 29.4 29.4 35.9 36.2 28.5 30.6
tripadvisor 47.9 47.9 37.0 38.1 45.6 26.0
lonelyplanet 39.6 40.0 25.5 38.9 38.5 25.3

average 29.5 29.7 34.4 33.5 28.5 28.3

Table 4: Out-of-domain evaluation of the hierarchical
model using different paths. The left part of the table
shows scores using a single path. The right part shows
results using the average of two paths, corresponding
to either the scientific articles or the reviews domain.

evaluation scores using various paths in Table 4.
As expected, using a single path, the hierarchical
model performs best leveraging the path of a web-
site that is most similar to the unseen website. For
example, the best evaluation score for NCBI is ob-
tained with the path that leads to JOURNALS, while
the best score for TRIPADVISOR using the path that
leads to BOOKING. Using two paths (either the
paths of FRONTIERS and JOURNALS, or BOOKING

and YELP), results generally improve. For science
or technology websites, using the paths of the sci-
ence domain considerably boosts the hierarchical
model’s performance. For reviews/travelling web-
sites, using both paths of the reviews domain is
beneficial. This confirms our intuition that the hi-
erarchical structure proposed adequately models
domains, preventing negative transfer.

Comparing our hierarchical adapters to multi-
domain adapters, using a single path, hierarchical
adapters perform worse than multi-domain adapters
(average scores of columns 1-4 in Table 4 are
worse than the average score of column 3 in Ta-
ble 3). However, with a second path active, hier-
archical adapters outperform all other approaches
(Table 3). This highlights an advantage: they are
extensible even after training, allowing for flex-
ible performance-efficiency trade-offs that dense
approaches (like multi-domain adapters) do not.

4 Hierarchical Domain Adaptation with
an Automatically Created Tree

In this section, we scale our approach to a many-
domain setup, using a larger set of domains, and
thus a much larger hierarchy, adding more adapters
in our model. In the previous section, we manually
selected a tree based on our domain knowledge, but
in this section we automatically create a tree using
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Figure 2: Dendrogram obtained from agglomerative clustering based on the average KL divergences of the GMMs.
This diagram illustrates the hierarchical structure of 30 of the most high-resource websites on C4. The leaf nodes
correspond to the cluster centers and are mapped to the websites they assign the highest probability to.

unsupervised methods. We leverage domain clus-
ters obtained using Gaussian Mixture Models and
hierarchical clustering and provide an algorithm for
out-of-domain evaluation, leveraging the flexibility
of hierarchical adapters, that can be combined to
improve performance with a minimal cost.

4.1 Data

As a training and evaluation corpus, we use data
from C4. Specifically, we use text from 30 web-
sites as our training corpus and we perform out-of-
domain evaluation of our model and the baselines
on 38 other websites. All websites used belong to
the top 100 sites in C4 (details in Appendix A.1).

4.2 Approach

We want to create a hierarchical structure that repre-
sents relations between domains. To this end, we fit
a Gaussian Mixture Model (GMM) and then use an
agglomerative clustering algorithm on the GMM.
A GMM assumes that all data points are generated
from a mixture of a k Gaussian distributions and
defines the probability for data points to belong to
any of these distributions. We consider a GMM
to be suitable choice because it accounts for the
uncertainty of cluster assignment and provides soft
assignments that we use at inference.

Similar to Aharoni and Goldberg (2020), we gen-
erate contextual representations of 1K sequences
(uniformly sampled) from each of our 30 training
websites using GPT-2. We use PCA for dimension-

ality reduction. We then fit a GMM with 30 compo-
nents to our data (i.e., 30 Gaussians/clusters). After
that, we find the Gaussian which assigns highest
probability to text from each website, and remove
any Gaussian which does not assign the highest
probability to any website (it can be the case that
text from more than one websites could be drawn
by the same Gaussian). The websites and their
corresponding clusters are shown in Figure 2.

For hierarchical clustering, we use the sym-
metrized Kullback-Leibler (KL) divergence as a
distance metric. Suppose we have two multivariate
normal distributions (means µ0, µ1, covariance ma-
trices Σ0,Σ1) obtained by the GMM. To measure
the difference between the two distributions, if they
have the same dimension N , we compute the KL
divergence. Because it is asymmetric, we cannot
use it to measure the distance between distributions,
so we compute the symmetrized version as follows:

DKL(N0‖N1) =
1

2
tr
(

Σ−11 Σ0) + ln

(
det Σ1

det Σ0

))

+
1

2

(
(µ1 − µ0)TΣ−11 (µ1 − µ0)−N

)
(1)

DKLsym(N0,N1) =

1

2
(DKL(N0‖N1) +DKL(N1‖N0)) (2)

Using Equation 2 as a distance metric, we use
agglomerative clustering to infer the structure of
our data. We start from 25 clusters, computed by
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Figure 3: In-domain evaluation perplexity. Hierarchical adapters consistently outperform the multi-domain adapter
on all websites used during training.

the GMM (5 are ignored because do not assign a
high probability to data samples from any website,
see Appendix A.3 for the confusion matrix). The
clustering algorithm leads to a tree (see Figure 2).
Nodes 0-24 correspond to the clusters of the GMM.
Each website is assigned to a specific cluster.

4.3 Experimental Setup

For PCA, we use 100 dimensions. For the hierar-
chical clustering, we use distances computed using
the symmetrized KL divergence. We get a tree of
49 nodes, shown in Figure 2. We add 49 adapters
to GPT-2, one for each node. For a single training
step, just one path in the tree is active (as in §3).

In this set of experiments, we used our compu-
tational budget to compare against our strongest
baseline, multi-domain adapters, as that provided
the most competitive results in §3. Comparing
against single adapters could be relevant but we
focus on our strongest baseline, as single adapters
have shown to be less able to generalize to held-
out domains. We train both our hierarchical model
and the multi-domain adapter baseline for 4 epochs
(11K steps), using 1 GPU per model and stopping
after 51 hours. We oversample the low-resource
domains to avoid overfitting. We use d = 64 for
hierarchical adapters, as the average path length is
8 and d = 512 for the multi-domain adapter, since
it adds just 1 adapter/transformer layer (Table 1).

4.4 In-Domain Results

Our in-domain results are shown in Figure 3. To
evaluate our model in-domain, we use the path
that leads to the cluster that assigns the highest
probability to the domain of interest (the same as

during training). For example, to evaluate the per-
formance of the model on PCWORLD, we use the
path that leads to cluster 4. The average path length
in the tree is 8, so we “activate” 8 adapters on av-
erage at every training step and also for in-domain
evaluation. Our approach consistently outperforms
multi-domain adapters, yielding +1.3 on average in
terms of perplexity (see Appendix A.4 for details).

4.5 Out-of-Domain Results

We perform out-of-domain evaluation on 38 held-
out websites (dataset sizes in Appendix A.1). We
want to automatically find the best path in the tree
for a held-out website. To this end, we use the
fitted GMM to assign probabilities to data from the
held-out websites. We intuitively want to place a
held-out website close to similar training websites,
so that it can benefit from positive transfer.

To do that, for a given out-of-domain website i,
we assume we have a set ofN sequences (in our ex-
periments N = 1, 000) that we can use to find the
best path; this path is used to evaluate the rest of the
data from this website (e.g., for computing perplex-
ity). Following a similar procedure to our training
regime, we use GPT-2 to encodeN sequences, then
use the fitted GMM to find the probability assigned
to each of the N vectors by each cluster (i.e., each
leaf node). The single best path leads to the leaf
node that corresponds to cluster m, where m as-
signs the highest probability to the largest fraction
of the N sequences from website i. The second
best path through the tree leads to cluster n that
assigns highest probability to the second-most num-
ber of theN sequences from website i. Thus, using
the GMM clusters and the hierarchical structure,
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without training more parameters, we are able to
evaluate out-of-domain data using the adapters that
were trained on the most related domains. This is
similar to the “cached” setting in Gururangan et al.
(2021), and it does require a held-out set of N se-
quences that are only used for finding the best path
through the tree (and not for computing perplexity).
This is realistic setting when one has a significant
amount of data from a single source, and we leave
other approaches (e.g., finding the best path for
every input sequence individually) to future work.

We show in Table 5 results of the out-of-domain
evaluations. Our hierarchical adapter model outper-
forms the baseline of just evaluating GPT-2. We no-
tice that using a single path, our approach provides
worse results compared to multi-domain adapters.
In this evaluation, the multi-domain adapters and
the hierarchical model have the same number of
active parameters, but the adapters in the hier-
archical model are trained on less data (except
the adapter associated with the root, which has
the same number of updates as the multi-domain
adapter but is significantly smaller). However, by
having two paths through the tree active, the hi-
erarchical adapter model leverages its modularity
and surpasses multi-domain adapters, obtaining an
improvement of +0.6 in terms of perplexity.

At inference time, our approach with a single
active path uses 122M parameters (112M of GPT-2
and ~10M parameters for a path of average length).
When two paths are active, at most 132M parame-
ters are used. The overhead is thus quite small; if
the two paths have some overlap, this computation
is potentially significantly less. On average, active
parameters in our model are trained on less data
than multi-domain adapters (e.g., leaf nodes only
see on average 400 updates, as shown in Table 1).

5 Related work

Our approach draws on prior work in domain adap-
tion and efficient language model fine-tuning.
Domain Adaptation. A large research area in
NLP is domain adaptation (Jiang and Zhai, 2007;
Daumé III, 2007). Training a masked language
model on data from a specific domain (Lee et al.,
2020; Beltagy et al., 2019) or fine-tuning a PLM
using data from the target task (Howard and Ruder,
2018) or the target domain (Rietzler et al., 2020;
Han and Eisenstein, 2019) has shown to be helpful
to mitigate the domain shift between train and test
data distributions of the same task. Gururangan

Out-of-domain GPT-2 multi hierarchy hierarchy
scores adapters 1 path 2 paths

reuters.com 20.9 16.0 16.4 16.3
ibtimes.co.uk 24.3 19.5 19.7 19.5
bbc.com 23.6 19.1 18.9 18.7
tripadvisor.com 40.4 34.8 35.9 33.8
cnet.com 26.8 23.3 22.2 22.9
telegraph.co.uk 30.9 23.6 24.5 22.2
theatlantic.com 28.5 23.6 23.8 23.6
foxbusiness.com 22.9 17.5 19.9 18.2
thesun.co.uk 26.8 19.9 19.9 18.2
nydailynews.com 24.5 19.3 19.5 18.2
dailystar.co.uk 20.7 13.9 12.2 12.2
fastcompany.com 27.9 21.3 21.5 20.9
nypost.com 26.3 18.9 18.9 18.7
businessinsider.com 24.3 20.5 20.7 20.9
deadline.com 33.1 26.3 33.1 26.8
breitbart.com 22.9 16.9 17.8 17.1
techcrunch.com 27.7 21.5 21.8 20.1
nme.com 28.2 20.1 23.8 20.5
fool.com 23.8 22.2 22.4 22.2
finance.yahoo.com 22.6 20.1 20.3 20.1
youtube.com 15.3 14.2 14.4 13.5
ncbi.nlm.nih.gov 20.7 18.5 18.4 18.2
scholars.duke.edu 22.6 20.7 20.3 20.3
inquisitr.com 22.4 17.5 16.4 16.4
simple.wikipedia.org 22.2 19.5 20.5 19.5
kickstarter.com 26.6 24.0 24.8 22.2
mashable.com 27.1 22.0 22.0 21.8
booking.com 29.7 22.9 24.5 22.0
etsy.com 28.8 26.3 26.8 24.5
fineartamerica.com 25.5 26.6 26.6 24.5
github.com 32.8 30.3 30.6 30.6
journals.plos.org 23.3 20.1 20.1 18.2
itunes.apple.com 34.8 28.8 33.1 30.0
agreatertown.com 44.7 40.0 39.6 35.9
premium.wpmudev.org 31.5 27.7 30.0 27.7
homestars.com 34.1 29.4 28.2 28.2
reference.com 28.5 24.5 25.3 24.5
cnbc.com 21.1 17.6 18.4 17.6

average 26.8 22.3 23.0 21.7

Table 5: Out-of-domain evaluation perplexity. With 1
path, our hierarchical model performs worse than the
baseline. However, using paths of the 2 closest clusters
to a held-out website, our approach yields better results.
We show the paths used in detail in Appendix A.3.

et al. (2020) showed that a PLM can further im-
prove by fine-tuning on data from a domain that is
related to the domain of the task (DAPT). While
this work suggests fine-tuning a different model to
the domain of each task, our approach trains a sin-
gle model to adapt to all domains. Also, although
DAPT does not permit parameter sharing between
domains, our hierarchical adapter model leverages
domain similarities to improve adaptation.

Domain expert mixture (DEMix) layers (Guru-
rangan et al., 2021) that condition a LM on the
domain of input text have been recently proposed.
DEMix layers replace feed-forward layers in a
transformer and each of them is updated only us-
ing data from a specific domain. Then, a modular
LM is trained from scratch. On the contrary, we
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use a PLM and only train adapter layers on the
target domains. Since each feed-forward layer is
replaced with a mixture of experts, the parameters
added grow linearly with the domains. In our ap-
proach, however, the number of parameters grows
logarithmically, due to the hierarchical structure.
Adapters. Efficient fine-tuning using adapters (Re-
buffi et al., 2017; Houlsby et al., 2019) is preva-
lent in many NLP taks, such as machine transla-
tion (Bapna and Firat, 2019), cross-lingual trans-
fer (Pfeiffer et al., 2020) and dependency parsing
(Üstün et al., 2020). Adapters can be trained on a
single task or language (Pfeiffer et al., 2020), but
also multilingually (Stickland et al., 2021). They
have also been used to infuse factual and linguistic
(Wang et al., 2021) as well as general-purpose and
commonsense knowledge (Lauscher et al., 2020)
into a PLM. To the best of our knowledge, we are
the first to use them in a hierarchical structure for
domain adaptation.
Efficient fine-tuning methods for PLMs. Be-
sides adapters, multiple other parameter-efficient
methods to adapt general-purpose PLMs to specific
tasks have been recently proposed. Prefix tuning
(Li and Liang, 2021), low-rank matrix approxima-
tion (Hu et al., 2022), as well as fine-tuning only
the bias terms of a PLM (Zaken et al., 2021) are
some of the lightweight alternatives to fine-tuning
the entire PLM. He et al. (2022) show that these
fine-tuning methods can be seen as modifications
to some specific hidden states of PLMs and can
thus be recast. We use adapters in this work, but
our method could possibly also benefit from other
parameter-efficient approaches.

6 Conclusion & Future Work

In this paper, we present a novel approach for effi-
cient domain adaptation on multiple domains using
hierarchical adapters that encode the similarities
and differences of domains, allowing parameter
sharing but avoiding negative transfer. We start
with a manually defined tree and then scale to a
large tree, created in an unsupervised way. We
also provide an evaluation-time algorithm that can
combine paths to best adapt to an unseen domain.

In the future, we would like to investigate a more
efficient evaluation-time approach, using only a
few tokens of an unseen domain. It would also be
interesting to extend our model to a multi-lingual
setup. Finally, we would like to use our method to
control language generation of PLMs, in order to

avoid generating hate speech or toxic text.

7 Limitations and Risks

Our work uses generative pretrained language mod-
els. As such models are trained on large datasets
from text in the Internet, they encode biases that
could harm marginalized populations (Bender et al.,
2021). The specialized language model we propose
could be used for propaganda or hate speech gen-
eration, same as any other language model. How-
ever, our hierarchical adapter model permits adding
modular components and we believe that it could
potentially be used to detoxify language genera-
tion, following Liu et al. (2021). This is in line
with recent work on sparse models (Gururangan
et al., 2021; Artetxe et al., 2021).

Acknowledgements

We thank the AllenNLP team and other researchers
at the Allen Institute for AI for their thoughtful
comments. We also thank Alex Fraser, Dario Sto-
janovski, and Suchin Gururangan for helpful dis-
cussions about this work.

References
Roee Aharoni and Yoav Goldberg. 2020. Unsupervised

domain clusters in pretrained language models. In
Proceedings of the 58th Annual Meeting of the Asso-
ciation for Computational Linguistics, pages 7747–
7763, Online. Association for Computational Lin-
guistics.

Mikel Artetxe, Shruti Bhosale, Naman Goyal, Todor
Mihaylov, Myle Ott, Sam Shleifer, Xi Victoria Lin,
Jingfei Du, Srinivasan Iyer, Ramakanth Pasunuru,
Giri Anantharaman, Xian Li, Shuohui Chen, Halil
Akin, Mandeep Baines, Louis Martin, Xing Zhou,
Punit Singh Koura, Brian O’Horo, Jeff Wang, Luke
Zettlemoyer, Mona Diab, Zornitsa Kozareva, and
Ves Stoyanov. 2021. Efficient large scale language
modeling with mixtures of experts.

Amittai Axelrod, Xiaodong He, and Jianfeng Gao.
2011. Domain adaptation via pseudo in-domain data
selection. In Proceedings of the 2011 Conference on
Empirical Methods in Natural Language Processing,
pages 355–362, Edinburgh, Scotland, UK. Associa-
tion for Computational Linguistics.

Jimmy Lei Ba, Jamie Ryan Kiros, and Geoffrey E. Hin-
ton. 2016. Layer normalization.

Ankur Bapna and Orhan Firat. 2019. Simple, scalable
adaptation for neural machine translation. In Pro-
ceedings of the Conference on Empirical Methods in
Natural Language Processing and the International

1344

https://doi.org/10.18653/v1/2020.acl-main.692
https://doi.org/10.18653/v1/2020.acl-main.692
http://arxiv.org/abs/2112.10684
http://arxiv.org/abs/2112.10684
https://aclanthology.org/D11-1033
https://aclanthology.org/D11-1033
http://arxiv.org/abs/1607.06450
https://doi.org/10.18653/v1/D19-1165
https://doi.org/10.18653/v1/D19-1165


Joint Conference on Natural Language Processing
(EMNLP-IJCNLP), pages 1538–1548.

Iz Beltagy, Kyle Lo, and Arman Cohan. 2019. SciB-
ERT: A pretrained language model for scientific text.
In Proceedings of the 2019 Conference on Empirical
Methods in Natural Language Processing and the
9th International Joint Conference on Natural Lan-
guage Processing (EMNLP-IJCNLP), pages 3615–
3620, Hong Kong, China. Association for Computa-
tional Linguistics.

Emily M. Bender, Timnit Gebru, Angelina McMillan-
Major, and Shmargaret Shmitchell. 2021. On the
dangers of stochastic parrots: Can language models
be too big? In Proceedings of the 2021 ACM Confer-
ence on Fairness, Accountability, and Transparency,
FAccT ’21, page 610–623, New York, NY, USA. As-
sociation for Computing Machinery.

Mithun Das Gupta, Srinidhi Srinivasa, J. Madhukara,
and Meryl Antony. 2015. Kl divergence based ag-
glomerative clustering for automated vitiligo grad-
ing. In 2015 IEEE Conference on Computer Vision
and Pattern Recognition (CVPR), pages 2700–2709.

Hal Daumé III. 2007. Frustratingly easy domain adap-
tation. In Proceedings of the 45th Annual Meeting of
the Association of Computational Linguistics, pages
256–263, Prague, Czech Republic. Association for
Computational Linguistics.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2019. BERT: Pre-training of
deep bidirectional transformers for language under-
standing. In Proceedings of the Conference of the
North American Chapter of the Association for Com-
putational Linguistics: Human Language Technolo-
gies, pages 4171–4186.

Jesse Dodge, Maarten Sap, Ana Marasović, William
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A Appendix

A.1 Corpus description
In Table 8, we present the sizes of the training and
evaluation corpora used for the many-domain setup.
Only one corpus is used for the few-domain but
not the many-domain experimental setting, namely
YELP.COM2. This corpus has 684M training to-
kens and 20M evaluation tokens. We randomly
sub-sample 53M training tokens of this corpus for
our first, few-domain setup, as we want to train a
balanced model. Extensive documentation of the
corpus is available from Dodge et al. (2021). We
use the C4 corpus in accordance with the terms of
use3.

A.2 Few-Domain Setup
In Table 3, we present out-of-domain evaluation
perplexities for the first experimental setup. For
the single adapters model, we present the best-
performing models in the table. In order to allow
for an exhaustive comparison, we also present the
evaluation results of all the trained single adapter
models on all held-out websites in Table 6. We see,
for example, that when evaluating on the traveling
website TRIPADVISOR, the single adapter model
that was trained on either BOOKING or YELP pro-
vides the lowest perplexity scores, confirming our
intuition that for a held-out website, we should use
a model trained on a very similar domain.

single adapters trained on baseline
booking yelp frontiers journals GPT-2

ncbi 20.1 20.1 19.7 18.2 20.5
link.springer 27.1 27.1 24.5 24.5 27.7
scholars.duke 22.2 22.2 22.2 20.1 22.7
techcrunch 27.1 27.1 27.1 27.1 27.7
medium 30.0 30.0 30.0 30.0 29.1
tripadvisor 36.6 36.6 49.4 49.4 41.3
lonelyplanet 30.0 27.1 40.4 40.4 35.5

Table 6: Out-of-domain evaluation of single adapters
in the few-domain setup (§3). We evaluate every set
of single adapters in 7 different websites. The best re-
sults for every out-of-domain website (underlined) are
shown in Table 3.

A.3 Many-Domain Setup
Confusion Matrix. Figure 4 depicts the confusion
matrix of the GMM. We can observe visually that
some clusters assign a high probability to multiple
internet domains, while others remain empty. This
shows that the intuition have for what a domain is

2www.yelp.com/dataset
3commoncrawl.org/terms-of-use/

In-domain scores GPT-2 multi hierarchical
adapters adapters

ign.com 30.0 25.5 23.8
insiderpages.com 30.0 19.7 18.4
eventbrite.com 34.5 27.4 25.5
androidheadlines.com 21.8 17.1 16.0
link.springer.com 27.9 22.6 21.5
librarything.com 29.4 17.6 16.9
csmonitor.com 29.4 25.8 24.8
city-data.com 36.2 31.2 30.3
forums.macrumors.com 37.0 27.7 26.0
glassdoor.com 20.7 7.9 7.5
oreilly.com 27.4 21.5 20.5
pcworld.com 24.3 19.7 18.9
express.co.uk 22.2 15.0 14.0
answers.sap.com 60.3 34.5 30.3
prweb.com 25.8 20.1 18.9
instructables.com 32.8 28.2 26.6
deviantart.com 42.5 33.1 31.2
entrepreneur.com 26.3 22.0 20.9
si.com 22.2 17.3 16.4
gsmarena.com 56.3 34.5 31.2
wired.com 30.0 24.3 23.8
medium.com 29.1 23.1 22.6
baltimoresun.com 27.1 20.9 20.1
npr.org 22.2 18.0 17.5
frontiersin.org 22.0 18.4 17.2
chicagotribune.com 27.1 21.1 20.7
foxnews.com 22.2 15.3 14.9
aljazeera.com 22.2 17.8 17.1
dailymail.co.uk 27.1 21.1 20.7
lonelyplanet.com 35.5 19.5 17.1

average 30.0 22.3 21.0

Table 7: In-domain evaluation perplexity for the many-
domain setup (we note that the hierarchical model uses
a single path).

does not correspond exactly to the cluster obtained
by an unsupervised, data-driven approach. Our
visualization is based on publicly available code4.
Out-of-domain Evaluation. As mentioned in
§4.5, to run evaluation on a given out-of-domain
website i, we use two paths of the trained hierar-
chical model. The first path leads to the leaf node
that corresponds to clusterm (withm assigning the
highest probability to the largest fraction of N se-
quences from website i) and the second path leads
to cluster n, where n assigns the highest probabil-
ity to the second-most number of the N sequences.
We present the clusters m and n (and the websites
they were mapped to during training) in Table 9.

A.4 Experimental Details
Because we wanted to keep a modest computa-
tional budget, we did not perform multiple training
runs for the hierarchical models and the baselines.
Results are reported over a single run.

4github.com/roeeaharoni/unsupervised-domain-clusters
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Train (Eval.) Tokens Train (Eval.) Tokens

T
R

A
IN

IN
G

C
O

R
P

U
S

frontiersin.org 38M (6M)

E
V

A
L

U
A

T
IO

N
C

O
R

P
U

S

journals.plos.org 53M (6M)
chicagotribune.com 31M (4M) fool.com 34M (4M)

link.springer.com 28M (4M) businessinsider.com 32M (4M)
aljazeera.com 26M (3M) theatlantic.com 30M (4M)

instructables.com 25M (3M) booking.com 30M (4M)
npr.org 25M (3M) kickstarter.com 26M (3M)

dailymail.co.uk 25M (3M) telegraph.co.uk 25M (3M)
csmonitor.com 23M (3M) cnet.com 24M (3M)

baltimoresun.com 23M (3M) ncbi.nlm.nih.gov 23M (3M)
city-data.com 22M (3M) foxbusiness.com 23M (3M)

forums.macrumors.com 22M (3M) cnbc.com 20M (2M)
medium.com 22M (3M) ibtimes.co.uk 18M (2M)
foxnews.com 22M (3M) reuters.com 17M (2M)

si.com 18M (2M) bbc.com 17M (2M)
wired.com 18M (2M) nypost.com 15M (2M)
prweb.com 17M (2M) nydailynews.com 14M (2M)

express.co.uk 16M (2M) fastcompany.com 14M (2M)
entrepreneur.com 16M (2M) mashable.com 14M (2M)

androidheadlines.com 14M (2M) thesun.co.uk 13M (2M)
pcworld.com 14M (2M) techcrunch.com 13M (2M)

gsmarena.com 12M (2M) inquisitr.com 13M (2M)
eventbrite.com 11M (1M) youtube.com 11M (1M)

ign.com 10M (1M) itunes.apple.com 11M (1M)
oreilly.com 9M (1M) breitbart.com 10M (1M)

deviantart.com 9M (1M) etsy.com 10M (1M)
insiderpages.com 8M (1M) github.com 10M (1M)
lonelyplanet.com 6M (1M) agreatertown.com 9M (1M)
answers.sap.com 6M (1M) premium.wpmudev.org 9M (1M)

glassdoor.com 4M (500K) deadline.com 9M (1M)
librarything.com 3M (500K) dailystar.co.uk 9M (1M)

reference.com 7M (1M)
scholars.duke.edu 7M (1M)

tripadvisor.com 7M (1M)
simple.wikipedia.org 6M (1M)

nme.com 5M (1M)
homestars.com 3M (500K)

fineartamerica.com 2M (500K)

Table 8: Domains that make up our in-domain (training) and out of-domain (evaluation) corpus for the large setup,
including the size of our training and evaluation data. All data is extracted from C4 (Raffel et al., 2020).
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0 4 0 0 1 0 1 0 0 886 1 0 0 0 0 1 0 102 0 0 0 3 0 1 0 0 0 0 0 0
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1 0 0 0 30 0 6 1 42 0 12 0 0 1 4 877 5 0 0 0 2 19 0 0 0 0 0 0 0 0
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0 1 0 8 2 13 12 22 0 0 21 0 0 0 12 3 0 802 0 0 61 31 0 6 0 0 0 3 3 0

0 0 0 0 0 0 1 0 0 0 0 0 126 0 1 0 0 0 769 0 1 0 0 0 0 0 0 0 102 0

1 0 0 59 0 0 0 0 40 0 1 0 0 0 0 1 0 0 0 890 2 6 0 0 0 0 0 0 0 0

21 3 0 62 68 29 185 24 3 6 43 0 0 0 17 28 1 59 1 0 280 126 0 15 0 0 0 15 14 0

6 3 0 2 66 28 39 19 6 3 289 0 0 5 33 14 6 219 15 0 29 185 0 5 0 0 0 26 2 0

0 6 0 1 1 137 28 315 0 2 0 0 0 0 1 16 0 12 189 0 11 0 0 34 0 0 0 36 211 0

1 1 0 0 13 129 94 124 0 6 1 0 0 0 4 16 0 10 5 0 13 6 0 434 0 0 0 105 38 0
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0 0 0 3 14 23 43 17 0 0 0 0 65 0 18 16 0 1 12 0 4 4 0 2 0 0 0 95 669 14

0 1 0 0 0 3 18 0 0 12 0 0 0 0 14 15 0 0 0 0 0 0 0 0 0 0 0 8 0 929

Figure 4: Confusion Matrix. The x-axis depicts the clusters that the internet domains are assigned to. If no data
samples are added to a cluster (for example, cluster 2), the corresponding Gaussian distribution is not used for
the hierarchical clustering. The y-axis depicts the internet domains used for training. The cluster numbers shown
here are not the exact ones shown in the final dendrogram, but one can easily observe that, for example, the same
cluster (in this example, cluster 7) assigns the highest probability to CITY-DATA.COM, BALTIMORESUN.COM and
CHICAGOTRIBUNE.COM. This is mirrored in Figure 2 of the main paper.
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Held-out Website Path to Cluster m Train. Website of Cluster m Path to Cluster n Train. Website of Cluster n

reuters.com 14 aljazeera.com 15 npr.org
ibtimes.co.uk 9 dailymail.co.uk 14 aljazeera.com
bbc.com 9 dailymail.co.uk 3 express.co.uk
tripadvisor.com 5 insiderpages.com 22 lonelyplanet.com
cnet.com 18 wired.com 17 androidheadlines.com
telegraph.co.uk 9 dailymail.co.uk 14 aljazeera.com
theatlantic.com 0 city-data.com 14 aljazeera.com
foxbusiness.com 11 prweb.com 15 npr.org
thesun.co.uk 9 dailymail.co.uk 3 express.co.uk
nydailynews.com 9 dailymail.co.uk 6 si.com
dailystar.co.uk 3 express.co.uk 9 dailymail.co.uk
fastcompany.com 1 entrepreneur.com 18 wired.com
nypost.com 9 dailymail.co.uk 6 si.com
businessinsider.com 1 entrepreneur.com 18 wired.com
deadline.com 8 librarything.com 9 dailymail.co.uk
breitbart.com 14 aljazeera.com 0 city-data.com
techcrunch.com 18 wired.com 1 entrepreneur.com
nme.com 8 librarything.com 9 dailymail.co.uk
fool.com 1 entrepreneur.com 15 npr.org
finance.yahoo.com 1 entrepreneur.com 15 npr.org
youtube.com 11 prweb.com 15 npr.org
ncbi.nlm.nih.gov 4 link.springer.com 19 frontiersin.org
scholars.duke.edu 4 link.springer.com 19 frontiersin.org
inquisitr.com 9 dailymail.co.uk 18 wired.com
simple.wikipedia.org 10 csmonitor.com 8 librarything.com
kickstarter.com 16 deviantart.com 18 wired.com
mashable.com 18 wired.com 9 dailymail.co.uk
booking.com 5 insiderpages.com 22 lonelyplanet.com
etsy.com 13 instructables.com 5 insiderpages.com
fineartamerica.com 16 deviantart.com 13 instructables.com
github.com 7 oreilly.com 2 answers.sap.com
journals.plos.org 4 link.springer.com 19 frontiersin.org
itunes.apple.com 20 gsmarena.com 8 librarything.com
agreatertown.com 22 lonelyplanet.com 5 insiderpages.com
premium.wpmudev.org 2 answers.sap.com 7 oreilly.com
homestars.com 5 insiderpages.com 13 instructables.com
reference.com 13 instructables.com 10 csmonitor.com
cnbc.com 15 npr.org 1 entrepreneur.com

Table 9: The two paths used for evaluation of the hierarchical adapter model on each held-out website.
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Abstract

Detecting online hate is a complex task, and
low-performing models have harmful conse-
quences when used for sensitive applications
such as content moderation. Emoji-based hate
is an emerging challenge for automated detec-
tion. We present HATEMOJICHECK, a test suite
of 3,930 short-form statements that allows us
to evaluate performance on hateful language ex-
pressed with emoji. Using the test suite, we ex-
pose weaknesses in existing hate detection mod-
els. To address these weaknesses, we create the
HATEMOJIBUILD dataset using a human-and-
model-in-the-loop approach. Models built with
these 5,912 adversarial examples perform sub-
stantially better at detecting emoji-based hate,
while retaining strong performance on text-only
hate. Both HATEMOJICHECK and HATEMOJI-
BUILD are made publicly available.1

Content Warning This article contains exam-
ples of hateful language from HATEMOJICHECK

to illustrate its composition. Examples are quoted
verbatim, except for slurs and profanity in text, for
which the first vowel is replaced with an asterisk.
The authors oppose the use of hateful language.

1 Introduction

Online hate harms its targets, disrupts online com-
munities, pollutes civic discourse and reinforces
social power imbalances (Gelber and McNamara,
2016). The sheer scale of hateful content online
has led to widespread use of automated detection
systems to find, monitor and stop it (Vidgen et al.,
2019; Gillespie, 2020). However, hateful content is
complex and diverse, which makes it challenging
to detection systems. One particular challenge is
the use of emoji for expressing hate. Emoji are pic-
torial representations that can be embedded in text,

∗TT’s work was done at Facebook AI Research.
1See our Github Repository. HATEMOJICHECK,

HATEMOJIBUILD and the final HATEMOJI Model are also
available on HuggingFace.

allowing complex emotions, actions and intentions
to be displayed concisely (Rodrigues et al., 2018).
Over 95% of internet users have used an emoji and
10 million are sent every day (Brandwatch, 2018).
Following England’s defeat in the Euro 2020 foot-
ball final, there was widespread racist use of emoji
such as , and (Jamieson, 2020). This pa-
per focuses on emoji-based hate, answering two
research questions:

RQ1 What are the weaknesses of current detection
systems for hate expressed with emoji?

RQ2 To what extent can human-and-model-in-the-
loop training improve the performance of de-
tection systems for emoji-based hate?

To answer RQ1, we present HATEMOJICHECK,
a suite of functional tests for emoji-based hate. We
provide 3,930 test cases for seven functionalities,
covering six identities. 2,126 original test cases
are matched with three types of challenging per-
turbations to enable accurate evaluation of model
decision boundaries (Gardner et al., 2020). We use
HATEMOJICHECK to assess Google Jigsaw’s Per-
spective API as well as models trained on academic
datasets, exposing critical model weaknesses.

To answer RQ2 and address the model weak-
nesses identified by HATEMOJICHECK, we im-
plement a human-and-model-in-the-loop dynamic
training scheme. We build on the work of Vidgen
et al. (2021b), who used this approach for textual
hate. Our work begins where their study ends. We
conduct three rounds of adversarial data generation
focused explicitly on emoji-based hate, tasking an-
notators to generate sentences that the model-in-
the-loop misclassifies. This process yields a dataset
of 5,912 entries, half of which are challenging con-
trasts. We call this dataset HATEMOJIBUILD. The
dataset is evenly split between hate and non-hate,
and each hateful entry has labels for the type and
target. Between each round, the model-in-the-loop
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is re-trained so that annotators are trying to trick
a progressively stronger and more ‘emoji-aware’
model. Relative to existing commercial and aca-
demic models, our models improve performance
on the detection of emoji-based hate, without sacri-
ficing performance on text-only hate.

We make several contributions: (1) we construct
HATEMOJICHECK, which tests key types of emoji-
based hate as separate functionalities, (2) we eval-
uate the performance of existing academic and
commercial models at detecting emoji-based hate,
(3) we present HATEMOJIBUILD, a labeled emoji-
based hate speech dataset that is adversarially-
generated for model training and (4) we train mod-
els that can accurately detect emoji-based hate.
These data-centric contributions demonstrate the
benefits of systematic and granular evaluation, and
the need to diversify how hate detection systems
are trained. We make both HATEMOJICHECK and
HATEMOJIBUILD publicly available.

Definition of Hate We use the United Nations
definition of hate speech: “any kind of communi-
cation in speech, writing or behavior, that attacks
or uses pejorative or discriminatory language with
reference to a person or a group on the basis of who
they are, in other words, based on their religion,
ethnicity, nationality, race, color, descent, gender or
other identity factor” (United Nations, 2019, p.2).2

2 HATEMOJICHECK: Functional Tests
for Emoji-Based Hate

The concept of functional testing, an expected
input-output behavior (Beizer, 1995), has been
adapted from software engineering for NLP tasks
(Ribeiro et al., 2020), including hate speech detec-
tion (Röttger et al., 2021). These diagnostic tests
identify model vulnerabilities to intentionally sim-
ple and non-ambiguous constructions of hate so
comprise a minimal performance standard.

2.1 Identifying Functionalities
A functionality describes the ability of a model
to provide a correct classification when presented
with hateful or non-hateful content (Röttger et al.,
2021). Each functionality has a set of correspond-
ing test cases that share one gold-standard label.
We select the functionalities in HATEMOJICHECK

to be (1) realistic: they capture real-world uses of
2We recognize the presence of annotator bias in cultural

interpretations of this definition, and provide data statements
for both datasets in the appendix.

emoji-based hate, (2) unique: each covers a dis-
tinct aspect of emoji-based hate, without overlaps
between functionalities, and (3) unambiguous: they
have clear gold-standard labels. The functionalities
are motivated from two perspectives:

Previous Literature We identify distinct uses of
emoji in online communications, particularly abuse.
This includes appending emoji to the end of oth-
erwise neutral statements to reveal emotive intent
(Wiegand and Ruppenhofer, 2021), using emoji as
a ‘pictorial slur’ to attack or dehumanize groups
(Bick, 2020; Wiegand and Ruppenhofer, 2021) and
substituting emoji for identity terms or threatening
verbs (Samghabadi et al., 2019; Bick, 2020; Wie-
gand and Ruppenhofer, 2021). We also review a
range of literature on online hate, identifying dis-
tinct types of hateful language (Talat et al., 2017;
Zampieri et al., 2019; Vidgen et al., 2021a).

Empirical Investigation Based on the literature,
we define a list of potentially hateful emoji and
words, and use Twitter’s Streaming API to search
for the Cartesian products of emoji–emoji and
emoji–word pairs over a two week period. To iden-
tify different forms of emoji-based hate, we apply
a grounded theory approach (Corbin and Strauss,
1990) on a sample of 3,295 tweets, splitting out dis-
tinctive categories, and recursively selecting sub-
categories until all key parts of the data are captured
and the framework is ‘saturated’.

2.2 Functionalities in HATEMOJICHECK

This section presents verbatim examples of emoji-based hate

(in gray text). For masked versions, see Tab. 1 and Tab. 4.

HATEMOJICHECK has seven functionalities (see
Tab. 1). F1 Verb Swap tests threatening hate where
the verb is replaced with the equivalent emoji: ,

, , , . It includes both direct threats and
normative statements of threat. F2 Identity Swap
tests derogatory hate where the identity term is re-
placed with an emoji representation: woman ( ),
trans people ( ), gay people ( ), disabled peo-
ple ( ), Black people ( ) and Muslims ( ).3 F3
Descriptor Swap tests hate where the negative de-
scriptor is replaced with the equivalent emoji. It
includes both dehumanizing language and expres-
sions of disgust. For dehumanizing language, five
descriptors are used: , , , , . Based on
our Twitter analysis, target-specific descriptors are

3 was commonly used to denote Muslims on Twitter, de-
spite its Unicode description being ‘person wearing a turban’.
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Table 1: Summary of the seven functionalities in HATEMOJICHECK.

Functionality (Emoji Used) Templates Emoji Identities Cases

F1 Verb Swap: Swap threatening verb ( , , , , ) 10 5 6 300
F2 Identity Swap: Swap protected identity ( , , , , , ) 20 1 6 120
F3 Descriptor Swap: Swap descriptor noun/emotion ( , , , , , , , , / , , ) 10 3–7 6 260
F4 Double Swap: Combine two of the above swaps 10 3–7 6 288
F5 Append: Append negative emoji to neutral text ( , , , , ) 10 3–5 6 288
F6 Positive Confounder: Append positive emoji to hateful text ( , , , , ) 13 5 6 440
F7 Emoji Leetspeak: Substitute for character or word-piece ( , , , , , ) 15 3–4 6 (+16 slurs) 430

Totals of Unique Templates, Emoji, Identity and Test Cases 88 36 6 2,126

used for Black people: ( , ) and Muslims: ( ,
). For expressions of disgust, three descriptors

are used: , , . F4 Double Swap tests a com-
bination of F1 with either F2 or F3, where emoji are
swapped for both the identity and the verb, or both
the identity and the negative descriptor. Some tem-
plates contain only emoji e.g., “ ”, while others
have some text e.g., “ make me ”. F5 Append
tests statements which would be non-hateful on
their own but become hateful when appended with
a negative emoji such as , , . For instance,
“My new manager is a woman” is neutral but “My
new manager is a woman ” is hateful. F6 Posi-
tive Confounder tests clearly hateful statements
appended with a positive emoji such as , , .
For instance, “Kill all women ” or “All women
deserve to die ”. F7 Emoji Leetspeak tests state-
ments where parts of the hateful language have
been obfuscated by replacing characters with emoji.
The character substitution can occur in the term ex-
pressing negative sentiment, e.g., “I h te gays”,
the identity, e.g., “I hate g ys” or the slur, e.g., “I
hate f gs”. There are three emoji character substi-
tutions: (1) a numeric substitution which mimics
leetspeak (a: , i: , e: , o: ), (2) a star mimick-
ing * for vowels in slurs and profanities (vowel: ),
and (3) a heart mimicking starring out vowels but
in a more adversarial manner (vowel: ). To reflect
specific cases on Twitter of anti-Muslim hate, two
additional slurs are included where a word-piece is
substituted with an emoji ( -f*cker, -f*cker).

2.3 Test Cases in HATEMOJICHECK

HATEMOJICHECK is strongly inspired by empiri-
cal examples of emoji-based hate but we want it to
comprise a clear, minimum performance standard.
Thus, for each functionality we hand-craft test
cases, i.e., short English-language text documents
that clearly correspond to just one gold-standard
label. The test cases are varied in their vocabulary
and syntax to ensure they assess model robustness

to diverse language (Zhou et al., 2020). To generate
test cases at scale and ensure balanced coverage
across targeted groups, we use a template-based
approach (Dixon et al., 2018; Ribeiro et al., 2020;
Röttger et al., 2021). First, each template is given
an identity placeholder e.g., “I hate [IDENTITY]”
or a slur placeholder e.g., “You are just a [SLUR] to
me”. Six protected identities populate these place-
holders: women, trans people, gay people, Black
people, disabled people and Muslims. For tem-
plates with slurs, we use the 16 slurs compiled by
Röttger et al. (2021) (see Appendix C.1). Second,
each template is given an emoji placeholder that is
populated by emoji that share semantic and syntac-
tic properties, so that the test suite can be scaled
across different emoji. For example, the template “I
will [EMOJI] all [IDENTITY]” could be populated
with {‘ ’, ‘trans people’}. HATEMOJICHECK

comprises 3,930 entries. There are 2,126 original
test cases and 1,804 perturbations (see Tab. 1).

2.3.1 Perturbations

Each set of test cases is matched to a set of per-
turbations which are constructed through minimal
edits to the original hateful template.4 Test cases
generated from these perturbed templates share vo-
cabulary and syntax with the original test cases,
enabling fine-grained assessment of model weak-
nesses (Gardner et al., 2020). We provide three
types of perturbations. For identity perturba-
tions, the identity targeted by the original hateful
statement is substituted for a non-protected entity,
making it non-hateful. Possible identity perturba-
tions include non-protected groups (e.g., “I hate
accountants”), non-human entities (e.g., “I hate spi-
ders”), and inanimate objects (e.g., “I hate pizza”).
For polarity perturbations, the negative sentiment
of the original hateful statement is reversed to be
positive, making it non-hateful, without changing
the target of the statement. Possible polarity per-

4See Appendix C.2 for details on perturbations.
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turbations include changing threatening language
to supportive language, e.g., “kill” to “respect”,
changing expressions of hate to expressions of love,
e.g., “I hate. . . ” to “I love. . . ”, or replacing hateful
use of slurs with counterspeech against the slurs,
e.g., “[IDENTITY] are [SLUR]” to “[IDENTITY]
should never be called [SLUR]”. For no emoji per-
turbations, emoji are removed or replaced with
their equivalent text to preserve the semantic ex-
pression (e.g., “ ” becomes “shoot” and “ ” be-
comes “love”). For most functionalities this pertur-
bation preserves the original label of the test case,
e.g., “[IDENTITY] makes me ” is hateful, and its
perturbation “[IDENTITY] makes me sick” is still
hateful. However, for F5 Append the label changes
because when the negative emoji appended to the
neutral statement is removed, the part of the state-
ment that remains is non-hateful.

2.4 Validating Test Cases

To validate the gold-standard labels assigned to
each test case, we recruited three annotators with
prior experience on hate speech projects.5 Anno-
tators were given extensive and prescriptive guide-
lines (Röttger et al., 2022), as well as test tasks
and training sessions, which included examining
real-world examples of emoji-based hate from Twit-
ter. We followed guidance for protecting annotator
well-being (Vidgen et al., 2019). There were two it-
erative rounds of annotation. In the first round, each
annotator labeled all 3,930 test cases as hateful or
non-hateful, and had the option to flag unrealistic
entries. Test cases with any disagreement or un-
realistic flags were reviewed by the study authors
(n = 289). One-on-one interviews were conducted
with annotators to identify dataset issues versus an-
notator error. From 289 test cases, 119 were iden-
tified as ambiguous or unrealistic, replaced with
alternatives and re-issued to annotators for label-
ing. No further issues were raised. We measured
inter-annotator agreement using Randolph’s Kappa
(Randolph, 2005), obtaining a value of 0.85 for
the final set of test cases, which indicates “almost
perfect agreement” (Landis and Koch, 1977).

3 Building Better Models with
HATEMOJIBUILD

As reported in §4, we find existing models per-
form poorly on emoji-based hate as measured with
HATEMOJICHECK. We address those failings by

5See annotator demographics in Appendix B.

implementing a human-and-model-in-the-loop ap-
proach using the Dynabench interface in order to
train a model that better detects emoji-based hate.6

Dataset Generation We implemented three suc-
cessive rounds of data generation and model re-
training to create the HATEMOJIBUILD dataset.
In each round we tasked a team of 10 trained
annotators with entering content that the model-
in-the-loop would misclassify.7 We refer to this
model as the target model. Annotators were in-
structed to generate linguistically diverse entries
while ensuring each entry was (1) realistic, (2)
clearly hateful or non-hateful and (3) contained
at least one emoji. Each entry was first given a
binary label of hateful or non-hateful, and hate-
ful content was assigned secondary labels for the
type and target of hate (Zampieri et al., 2019; Vid-
gen et al., 2021a,b). Each entry was validated by
two additional annotators, and an expert resolved
disagreements. After validation, annotators cre-
ated a perturbation for each entry that flipped the
label. To maximize similarity between originals
and perturbations, annotators could either make
an emoji substitution while fixing the text or fix
the emoji and minimally change the surrounding
text. Including a hateful and non-hateful version of
each sentence in the dataset prevents overfitting to
certain emoji or identity references. Each perturba-
tion received two additional label annotations, and
disagreements were resolved by the expert. This
weekly cadence of annotator tasks was repeated
in three consecutive weeks. The dataset composi-
tion and inter-annotator agreement is described in
Appendix E.

Model Implementation Our work follows di-
rectly from Vidgen et al. (2021b), who collect four
rounds (R1–4) of dynamically-generated textual
data as well as 468,928 entries compiled from 11
English-language hate speech datasets (R0). Our
rounds of data collection are referred to as R5–7.
At the end of each round, the data for that round
is assigned a 80/10/10 train/dev/test split. The test
split is never used for any future training. The train
split is upsampled to improve performance with
multipliers of 1, 5, 10, 100, with the optimum ratio
taken forward to subsequent rounds. The target

6Dynabench is an open-source platform which supports
dynamic dataset generation and model benchmarking for a
variety of NLP tasks (Kiela et al., 2021).

7There was no overlap in annotators from the previous
HATEMOJICHECK task; demographics are in Appendix D.
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model is then re-trained on the training data from
all prior rounds as well as the current round. For R5
data collection, the target model (R5-T) is the De-
BERTa model released by Ma et al. (2021), trained
on R0–R4 from Vidgen et al. (2021b). This model
performs well on text-only hate, but has seen lim-
ited emoji in training. For subsequent target mod-
els, we evaluate two architectures: DeBERTA (He
et al., 2021) and BERTweet (Nguyen et al., 2020).8

We select the best models and upsampling ratios
at the end of each round. The criteria to select the
best model must satisfy two requirements: (1) the
target model must still perform well on prior rounds
of text-based examples because emoji-based hate
represents just one construction of textual hate, and
(2) the target model must successfully handle the
most recent round data because iterative data collec-
tion produces more challenging examples in succes-
sive rounds. To balance these requirements, we use
a weighted accuracy metric with 50% weight on the
test sets from all prior rounds and 50% weight on
the current round test set, which enforces a recency-
based discount factor (Kiela et al., 2021). This en-
sures we can assess performance against the latest
(emoji-specific and most-adversarial) round with-
out overfitting and reducing performance on the
previous test sets.
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Figure 1: MER for R1–4 (text) and R5–R7 (emoji).

Model Error Rate For each emoji-based round
of data generation (R5–7) as well as prior text-only
rounds from Vidgen et al. (2021b), we calculate
model error rate (MER) as the proportion of anno-
tators’ original entries that fool the model (Fig. 1).
Between R4 and R5, MER increases by 35 percent-
age points (pp) to over 60%, higher than the R1
MER. From R5 to R6, once the model has been
trained on emoji-based hate, there is a steep reduc-
tion in MER of 24pp. From R6 to R7, there is
a smaller reduction in MER of 1pp. Overall, the

8For further details of model training, selection and emoji
encodings see Appendix F.

model is easily tricked by emoji content at first but
then becomes much harder to trick after our first
round of re-training.

Performance on Adversarial Test Sets To evalu-
ate model performance across rounds, we calculate
F1-score and accuracy for each test set (Tab. 2).
The baseline R5-T model is the highest performing
model on the text-only test set (R1–4), with an F1
of 0.85, but only scores 0.49 on the newly generated
emoji-containing test sets from HATEMOJIBUILD

(R5–7). R6-T, R7-T and R8-T perform better on
R5–7, with F1 between 0.76 and 0.77. They per-
form similarly well on the R1–4 test set, with F1 of
0.84, suggesting no trade-off for performance on
text-only hate speech. The best performing model
across all R1–7 test sets is R8-T, with an F1 of 0.83.
The greatest performance gain in the adversarially-
trained models is from R5-T to R6-T, with an in-
crease in F1 of 0.28 on the emoji test set. This is
achieved with only 2,000 emoji-containing exam-
ples. By comparison, R7-T and R8-T yield very
small improvements.

Table 2: Performance of target models on emoji test
sets from HATEMOJIBUILD, text sets from Vidgen et al.
(2021b) and the combination of these test sets.

Emoji Test Set Text Test Set All Test Sets
(R5-R7) (R1-R4) (R1-R7)
n = 593 n = 4119 n = 4712

Acc F1 Acc F1 Acc F1
R5-T 0.585 0.490 0.828 0.847 0.786 0.801
R6-T 0.757 0.769 0.823 0.837 0.813 0.825
R7-T 0.759 0.762 0.824 0.842 0.813 0.829
R8-T 0.744 0.755 0.827 0.844 0.814 0.829

4 Evaluating Models with
HATEMOJICHECK

We present results for two existing models as
baselines, with additional baselines shown in Ap-
pendix G. The first baseline is Google Jigsaw’s Per-
spective API, a widely-used commercial tool for
content moderation. We use Perspective’s “Identity
Attack” attribute, which is defined as “negative or
hateful comments targeting someone because of
their identity” and thus closely matches our defini-
tion of hate. The returned score is converted to a bi-
nary label with a 50% cutoff. We refer to this model
as P-IA. The second baseline is the R5-T model
from Ma et al. (2021), introduced above. To com-
pare model performance on HATEMOJICHECK, we
use accuracy because three sets of test cases (orig-
inals, polarity perturbations and identity perturba-
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Table 3: Aggregate accuracy for models evaluated on
HATEMOJICHECK.

Pre-Emoji Post-Emoji
n P-IA R5-T R6-T R7-T R8-T

Overall 3930 0.689 0.779 0.879 0.867 0.871
Label
Hate 2654 0.706 0.770 0.905 0.876 0.896
Not hate 1276 0.653 0.799 0.825 0.849 0.820
Set
Original 2126 0.664 0.717 0.887 0.850 0.877
Identity p. 314 0.908 0.917 0.917 0.917 0.876
Polarity p. 902 0.584 0.778 0.818 0.853 0.830
No emoji p. 588 0.823 0.934 0.925 0.925 0.910
emoji diff -0.159 -0.217 -0.038 -0.075 -0.033

tions) have one class label, making F1-score incom-
patible. To measure emoji-specific weaknesses, we
also calculate emoji difference, the difference be-
tween averaged model accuracy on the original
emoji test cases compared with averaged accuracy
on the no emoji perturbations.

On HATEMOJICHECK as a whole, our newly
trained models R6-T, R7-T and R8-T perform best,
with overall accuracy from 0.87 to 0.88 (Tab. 3).
They substantially outperform P-IA, with an accu-
racy of 0.69, and R5-T, with an accuracy of 0.78.
Our newly trained models have the smallest emoji
difference, between 0.03 and 0.08. In contrast,
P-IA and R5-T have emoji differences of 0.16 and
0.22, respectively. Comparing the three models
trained on HATEMOJIBUILD, the first round of ad-
versarial data generation yields the largest relative
improvement, and in many ways R6-T is at least as
good a model, if not better, than R8-T.

4.1 Model Performance by Functionality

Our models trained on HATEMOJIBUILD perform
better than the two baseline models on nearly every
functionality (Tab. 4). They also perform far more
consistently across all perturbation types.

For F1 Verb Swap, P-IA and R5-T perform well
on original statements, but then perform poorly on
the polarity perturbations (0.20 and 0.42 accuracy,
respectively). Our models have much stronger per-
formance on polarity perturbations (between 0.73
and 0.77), and comparably high performance on the
other sets of test cases. For F2 Identity Swap, P-IA
and R5-T perform very poorly on original state-
ments (0.14 and 0.33 accuracy, respectively) but
then perform well on the polarity perturbations and
no emoji perturbations. This vulnerability is carried
forward to performance on F4 Double Swap. R5-T
only achieves 0.03 and P-IA makes zero correct

predictions. In contrast, our models achieve accu-
racy of 0.83 on F2 and accuracies between 0.70 and
0.79 on F4. For F3 Descriptor Swap, our models
improve over P-IA and R5-T on the original state-
ments. The relative improvement is particularly
large for the polarity perturbations (0.25 for P-IA
compared with 0.93 for R8-T). For F5 Append, P-
IA and R5-T perform moderately with accuracies
of 0.73 and 0.69. Our models perform far better,
with accuracies from 0.87 to 0.99. However, they
do not show a substantial increase in performance
for the no emoji perturbations in F5.3. For F6 Posi-
tive Confounder, our models perform worse than
P-IA and R5-T on the original statements, but then
have far more consistent performance across the
perturbations. For instance, R8-T achieves accu-
racies between 0.89 to 0.93 across all sets of test
cases in this functionality, compared with a range
of 0.44 to 0.93 for P-IA. P-IA and R5-T perform
well on original statements and poorly on pertur-
bations precisely because they ignore the effect of
the emoji confounder. F7 Emoji Leetspeak is a
successful adversarial strategy. R5-T achieves 0.85
accuracy on the original statements but just 0.67
on the identity perturbations, while P-IA does even
worse, with only 0.59 on the original statements
and 0.57 on the polarity perturbations. Our mod-
els perform better on the original statements, but
still struggle with identity perturbations, showing
how challenging this functionality is. However,
non-hateful leetspeak constructions are likely less
prevalent on social media than slur-based leetspeak.

Overall, all models trained on HATEMOJIBUILD

perform well on emoji-based hate, but there is no
clear ‘best’ model among them. After the large
improvement from R5-T to R6-T, subsequent mod-
els produce minimal performance gains across the
functionalities. This suggests the gains, as mea-
sured on HATEMOJICHECK’s intentionally short
and simple statements, are quickly saturated.

4.2 Model Performance by Target Group

HATEMOJICHECK contains target group labels for
hateful and non-hateful entries, allowing models to
be compared by their subgroup fairness. However,
defining fairness is a non-trivial task, and there is
substantial debate in the machine learning commu-
nity as to which metrics are most appropriate. We
consider six metrics calculated across subgroups:
accuracy, precision, recall, false positive rate, false
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Table 4: Accuracy across HATEMOJICHECK’s seven functionalities and their associated perturbation sets.

Pre-Emoji Post-Emoji
Functionality Label Example Test Case Template n P-IA R5-T R6-T R7-T R8-T

F1 Verb Swap hate I want to all [IDENTITY] 300 0.94 0.85 0.84 0.79 0.84
F1.1 Identity perturbation not hate I want to all bigots 50 0.94 1.00 1.00 0.98 0.86
F1.2 Polarity perturbation not hate I want to all [IDENTITY] 60 0.20 0.42 0.75 0.77 0.73
F1.3 No emoji perturbation hate I want to kill all [IDENTITY] 60 1.00 0.95 0.97 0.97 0.98

emoji diff: -0.06 -0.10 -0.12 -0.18 -0.15
F2 Identity Swap hate I hate [IDENTITY EMOJI] 120 0.14 0.33 0.83 0.83 0.83
F2.1 Identity perturbation not hate I hate 20 0.90 0.70 1.00 0.85 1.00
F2.2 Polarity perturbation not hate I love [IDENTITY EMOJI] 120 1.00 0.98 0.78 0.88 0.93
F2.3 No emoji perturbation hate I hate [IDENTITY] 120 0.98 0.98 0.97 1.00 0.95

emoji diff: -0.84 -0.66 -0.13 -0.17 -0.12
F3 Descriptor Swap hate [IDENTITY] are nothing but 260 0.92 0.83 0.99 0.99 1.00
F3.1 Identity perturbation not hate Bullies are nothing but 40 1.00 1.00 1.00 1.00 1.00
F3.2 Polarity perturbation not hate [IDENTITY] are nothing but 60 0.25 0.48 0.78 0.82 0.93
F3.3 No emoji perturbation hate [IDENTITY] are nothing but vermin 60 0.98 1.00 1.00 1.00 1.00

emoji diff: -0.06 -0.17 -0.01 -0.01 0.00
F4 Double Swap hate I will [IDENTITY EMOJI] 288 0.00 0.03 0.79 0.70 0.77
F4.1 Identity perturbation not hate I will 46 1.00 1.00 0.91 0.98 0.91
F4.2 Polarity perturbation not hate I will [IDENTITY EMOJI] 60 1.00 0.98 0.92 0.85 0.92
F4.3 No emoji perturbation hate I will hurt [IDENTITY] 60 0.97 1.00 1.00 1.00 1.00

emoji diff: -0.96 -0.97 -0.21 -0.30 -0.23
F5 Append hate My new manager is [IDENTITY] 288 0.73 0.69 0.99 0.89 0.87
F5.1 Identity perturbation not hate My new manager is a cat-lover 48 1.00 1.00 1.00 1.00 1.00
F5.2 Polarity perturbation not hate My new manager is [IDENTITY] 60 0.47 0.55 0.85 0.78 0.75
F5.3 No emoji perturbation not hate My new manager is [IDENTITY] 60 0.35 0.48 0.45 0.43 0.37

emoji diff: † † † † †
F6 Positive Confounder hate I find all [IDENTITY] disgusting 440 0.93 1.00 0.85 0.90 0.89
F6.1 Identity perturbation not hate I find all reptiles disgusting 65 0.75 0.92 0.92 0.92 0.92
F6.2 Polarity perturbation not hate I find all [IDENTITY] inspiring 112 0.44 0.88 0.96 0.91 0.93
F6.3 No emoji perturbation hate I find all [IDENTITY] disgusting 88 0.93 0.99 0.95 1.00 0.93

emoji diff: 0.00 0.01 -0.10 -0.10 -0.04
F7 Emoji Leetspeak hate I hate [SLUR_EMOJI] 430 0.59 0.85 0.91 0.83 0.91
F7.1 Identity perturbation not hate I hate d gs 45 0.82 0.67 0.62 0.64 0.49
F7.2 Polarity perturbation not hate I hate people who say [SLUR_EMOJI] 430 0.57 0.79 0.79 0.86 0.77
F7.3 No emoji perturbation hate I hate [SLUR] 140 0.61 0.99 0.99 0.94 0.99

emoji diff: -0.03 -0.14 -0.09 -0.11 -0.07
Notes: † The emoji difference is not defined because the no emoji perturbation is non-hateful,

i.e., the opposite label to the original test case, so accuracy over these sets cannot be fairly compared.
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Figure 2: Subgroup fairness metrics by model. Abbreviations respectively refer to Muslims, Black people, Disabled
people, Gay people, Trans people and Women.

1358



negative rate and selection rate.9 Fig. 2 shows
subgroup fairness metrics compared across three
models: P-IA, R5-T and R8-T. It is concerning that
P-IA has such differential performance, especially
regarding the unbalanced false positive and nega-
tive rates for women and disabled people, as both
of these error types are societally harmful. R8-T
has more balanced accuracy, precision, recall and
selection rate across subgroups, driven by stable
performance in false negatives and positives. In
Appendix H we provide two further between-group
fairness metrics: demographic parity ratio (Agar-
wal et al., 2019), and equalized odds ratio (Hardt
et al., 2016; Agarwal et al., 2018). There is also
substantial improvement in these metrics from ad-
versarial training schemes relative to commercial
solutions or statically-trained models.

5 Discussion

HATEMOJICHECK reveals critical model weak-
nesses in detecting emoji-based hate. Existing
commercial and academic models perform poorly
at identifying hate where the identity term has
been replaced with an emoji representation (F2 and
F4), even though they perform well at identifying
the equivalent textual statements. These models
have better performance on Verb Swap (F1) but
then struggle with the polarity perturbations (F1.2).
This suggests that the models are overfitting to the
identity term and ignore the sentiment from the
emoji, leading to false positive predictions. Our
newly trained models substantially improve per-
formance on original hateful statements from F2,
F4 and F5, indicating they have a better semantic
grasp of emoji substitutions and appends. They
also make large performance gains on the polarity
perturbations in F1.2, F3.2, F5.2 and F6.2, sug-
gesting they better incorporate information on how
different emoji condition the likelihood of hateful-
ness. Despite improving on existing models, our
models still perform relatively more poorly on F4,
as well as the F1.2, F5.3 and F7.1 perturbations.
These weaknesses could potentially be addressed
in future work through additional data generation.

Training on just one round of adversarial data
yields the biggest improvement on HATEMOJI-
CHECK. Thereafter, performance plateaus. This
aligns with the sharp increase and then fall in MER

9Selection rate is P[h(x)|A = a], i.e., the proportion of
the population in subgroup a who have 1 (hate) as the given
class label. The ‘true’ ratio of class labels is shown in Fig. 2

across emoji-based rounds of data generation (in
Fig. 1). On the adversarial test sets, R8-T only
marginally outperforms R6-T and R7-T on all R1–7
test sets. It slightly underperforms on the R5–7 test
sets from HATEMOJIBUILD. This suggests that
while training on a relatively small number of en-
tries can substantially improve performance, the
gains quickly saturate. Future work could investi-
gate performance differences in more detail using
the labels for type and target of hate that we provide
for all three rounds of data.

Due to practical constraints, HATEMOJICHECK

has several limitations, which could be addressed
in future work. First, it includes relatively sim-
plistic statements, and so offers negative predictive
power: high performance only indicates the ab-
sence of specific weaknesses (Gardner et al., 2020;
Röttger et al., 2021). Second, it is inspired by real-
world hate but synthetically generated. Future work
could evaluate against more complex and diverse
forms of emoji-based hate. Third, it is limited in
scope. It only considers short English-language
statements with one binary label. Only six identi-
ties are included, none of which are intersectional,
and the set of emoji covers a fraction of the full
Unicode Standard. In-scope identities and emoji us-
age are culturally-dependent (Barbieri et al., 2016;
Ljubešić and Fišer, 2016) so future work could as-
sess the generalizability of HATEMOJICHECK to
other cultures and languages. These limitations
do not diminish HATEMOJICHECK’s utility as a
tool for effectively identifying model weaknesses
to emoji-based hate. By publicly releasing the test
suite, practitioners and academics can scrutinize
their models prior to deployment or publication.

Adversarial data generation is a powerful tech-
nique for creating diverse, complex and informative
datasets. However, it also introduces challenges.
First, the entries are ‘synthetic’ rather than sampled
from ‘real-world’ examples. Substantial training
and time are required to ensure that annotators un-
derstand real online hate and can imitate it. Second,
annotators can exhaust their creativity and start
producing unrealistic, simplistic or non-adversarial
examples. Third, because of the need for train-
ing, supervision and support, only a small pool
of annotators is feasible, which can introduce ad-
ditional idiosyncratic biases. Given these issues,
quality control is a key consideration throughout
the data generation process. Encouragingly, we
find carefully-curated and adversarially-generated
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training datasets can significantly improve perfor-
mance on emoji-based hate as a particular type of
challenging content, and that this approach is effec-
tive with relatively few training examples. Thus,
substantial model improvements can be realized
with minimal financial and computational cost.

6 Related Work

Emoji-based hate has received limited attention
in prior work on hate and abusive language de-
tection. Studies that attend to emoji often do so
as a potential input feature to aid classifier perfor-
mance. For example, Samghabadi et al. (2019)
improve offensive language classification with an
‘emotion-aware’ mechanism built on emoji embed-
dings. Ibrohim et al. (2019) find that adding emoji
features to Continuous Bag of Words and word un-
igram models marginally improves performance
for abusive language detection on Indonesian Twit-
ter. Bick (2020) identifies examples of subtle and
non-direct hate speech in German–Danish Twitter
conveyed through ‘winking’ or ‘skeptical’ emoji
that flag irony or non-literal meaning in their ac-
companying text. Corazza et al. (2020) train an
emoji-based Masked Language Model (MLM) for
zero-shot abuse detection. They show this method
improves performance on classifying abuse in Ger-
man, Italian and Spanish tweets compared to an
MLM which does not attend to emoji. Wiegand and
Ruppenhofer (2021) use abusive emoji as a proxy
for learning a lexicon of abusive words. Their find-
ings indicate that emoji can disambiguate abusive
and profane usages of words such as f*ck and b*tch.
By contrast, our work focuses on emoji-based hate
as a challenge for hate detection models. With
HATEMOJICHECK, we enable a systematic eval-
uation of how well models handle different types
of emoji-based hate. Rather than adjusting the
model architecture, we account for emoji-based
hate in our iterative data generation process and
show that models trained on such data perform
better on emoji-based hate, while retaining strong
performance on text-only hate.

As a suite of functional tests for evaluation,
HATEMOJICHECK directly builds on previous
work by Ribeiro et al. (2020) and Röttger et al.
(2021). Ribeiro et al. (2020) introduced functional
tests as a framework for NLP model evaluation with
CHECKLIST, showing that their approach can iden-
tify granular model strengths and weaknesses that
are obscured by high-level metrics like accuracy

and F1-score. Röttger et al. (2021) adapted this
framework to hate detection with HATECHECK,
which covers 29 model functionalities motivated
by interviews with civil society stakeholders and
a review of previous hate speech literature. Like
HATECHECK, we pair hateful test cases with con-
trasting perturbations that are particularly challeng-
ing to models relying on overly simplistic decision
rules and thus reveal granular decision boundaries.
HATECHECK did not consider emoji-based hate,
which is the main focus of our work.

Our approach to training better models for emoji-
based hate builds directly on work by Vidgen et al.
(2021b), who apply iterative human-and-model-in-
the-loop training to hate detection models. Like
us, they used the Dynabench interface (Kiela et al.,
2021) to implement their training system, which
has also been used to improve model performance
for other tasks such as reading comprehension (Bar-
tolo et al., 2020) and sentiment analysis (Potts et al.,
2021). Earlier work by Dinan et al. (2019) intro-
duced a similar ‘build it, break it, fix it’ system of
repeated interactions between a hate classifier and
crowdworkers to develop safe-by-design chatbots.
Unlike previous work, we focus data generation on
a particular type of hateful content, emoji-based
hate, and show that the training scheme can address
specific model weaknesses on such content without
sacrificing performance on text-only hate.

7 Conclusion

Online hate is a pervasive, harmful phenomenon,
and hate detection models are a crucial tool for
tackling it at scale. We showed that emoji pose
a particular challenge for such models, and pre-
sented HATEMOJICHECK, a first-of-its-kind eval-
uation suite for emoji-based hate. It covers seven
functionalities with 3,930 test cases. Using this
test suite, we exposed clear weaknesses in the per-
formance of commercial and academic models on
emoji-based hate. To address these weaknesses,
we created the HATEMOJIBUILD dataset using an
innovative human-and-model-in-the-loop approach.
We showed that models trained on this adversar-
ial data are substantially better at detecting emoji-
based hate, while retaining strong performance on
text-only hate. Our approach of first identifying
granular model weaknesses, and then generating
an adversarial dataset to address them presents a
promising direction for building models to detect
other diverse and emerging forms of online harm.
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A Ethical Considerations

Misuse: We release two datasets of challenging
emoji examples on which commercial solutions
and state-of-the-art transformer models have been
proven to fail. Malicious actors could take inspi-
ration for bypassing current detection systems on
internet platforms, or in principal train a generative
hate speech model. This concern is also raised by
Vidgen et al. (2021b), but the conclusion is reached
that such risk of misuse is small and outweighed
by the considerable scientific and social benefits.

Harm Statement: Following the advice of Der-
czynski et al. (2022), we describe the risks to well-
being during the production and publication of
this research and the steps taken to mitigate them.
There is a risk of harm to data subjects i.e., the
targets of hate, from reinforcing hateful, dehuman-
izing or derogatory statements, and to readers view-
ing this content in the paper. To mitigate these
harms, we include a content warning directly after
the abstract, at least a page before any harmful con-
tent is displayed and colored in red for maximum
visibility. We also include a section-specific con-
tent warning before §2.2, which includes a number
of hateful examples. Hateful examples in §2.2 are
consistently formatted and visually distanced with
gray text. All other examples (including Tab. 1,
Tab. 4) are presented with placeholders for the
[IDENTITY]. Hateful slurs are starred out with
an asterisk where possible (e.g., Tab. 5) but we can-
not star out emoji without hindering interpretation.
There is also a risk to researchers and annotators
from labeling and viewing harmful content. As
authors, we oppose the use of hateful language.
We follow protocols for protecting annotator well-
being, including briefing sessions, regular check-
ins and provision of mental health support.

B Data Statement for HATEMOJICHECK

We provide a data statement (Bender and Friedman,
2018) to document the generation and provenance
of HATEMOJICHECK.

B.1 Curation Rationale

To construct HATEMOJICHECK, we hand-crafted
3,930 short-form English-language texts using a
template-based method for group identities and
slurs. Each test case exemplifies one functionality
and is associated with a binary gold standard label
(hate versus not hate). All 3,930 cases were labeled

by a trained team of three annotators, who could
also flag examples that were unrealistic. Any test
cases with multiple disagreements or flags were
replaced with alternative templates and re-issued
for annotation to improve the quality of exam-
ples in the final set of test cases. The purpose of
HATEMOJICHECK is to evaluate the performance
of black-box models against varied constructions
of emoji-based hate.

B.2 Language Variety
The test cases are in English. This choice was mo-
tivated by the researchers’ and annotators’ exper-
tise, and to maximize HATEMOJICHECK’s appli-
cability to previous hate speech detection studies,
which are predominantly conducted on English-
language data. We discuss the limitations of re-
stricting HATEMOJICHECK to one language and
suggest that future work should prioritize expand-
ing the test suite to other languages.

B.3 Speaker Demographics
All test cases were hand-crafted by the lead author,
who is a native English-speaking researcher at a UK
university with extensive subject matter expertise
in online harms.

B.4 Annotator Demographics
We recruited a team of three annotators who
worked for two weeks in May 2021 and were paid
£16/hour. All annotators were female and between
30–39 years old. One had an undergraduate de-
gree, one a taught graduate degree and one a post-
graduate research degree. There were three nation-
alities: Argentinian, British and Iraqi, two ethnic-
ities: White and Arab, and three religious affilia-
tions: Catholic, Muslim and None. One annotator
was a native English speaker and the others were
non-native but fluent. All annotators used emoji
and social media more than once per day. All an-
notators had seen others targeted by abuse online,
and one had been targeted personally.

B.5 Speech Situation
The modality of all test cases is written text embed-
ded with emoji. The empirical investigation using
Twitter’s streaming API was conducted between
1st–14th April 2021. The first set of test cases was
created between 26th April–7th May 2021. The
first round of annotation ran between 7th–14th May
2021. The second round of cases was created and
re-issued between 14th–21st May 2021.
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B.6 Text Characteristics
The genre of texts is hateful and non-hateful state-
ments using emoji constructions. Renderings
of emoji vary by operating system and browser
providers. The renderings in this paper are from
WhatsApp. The composition of the dataset by la-
bels (hate versus not hate) and by set (originals
versus perturbations) is described in Tab. 3 of the
main paper. 68% of the test cases are hateful.
HATEMOJICHECK has 644 cases for Muslims, 608
cases each for gay people, disabled people and
women, 582 cases for Black people and 566 cases
for trans people. identity perturbations switch a
protected identity for a non-protected identity so
314 cases have no protected identity tag.

C Constructing HATEMOJICHECK

C.1 List of Hateful Slurs in
HATEMOJICHECK

The slurs used in HATEMOJICHECK are selected in
the same way as for HATECHECK (Röttger et al.,
2021). For each of the six identities in HATEMOJI-
CHECK, the most common slurs are taken from
hatebase.org, an online crowd-sourced repos-
itory of hateful terms and slurs. The top three most
common slurs logged by users of hatebase are used,
unless the 3rd ranked slur is significantly less com-
mon than the 2nd ranked. Each identity thus has
two or three associated slurs (Tab. 5).

C.2 Defining Perturbations
Each template has three perturbations but the map-
ping of original test cases to perturbations is not
one-to-one. Instead, there is a set of original tem-
plates contrasted by three sets of perturbation tem-
plates. The perturbation templates have fewer de-
grees of freedom than the original templates so test
cases generated from them are fewer in number.
Within each perturbed template we use the same
emoji for substitutions to ensure consistency, but
across templates, we use a range of emoji to ensure
linguistic variety.

The perturbed templates are constructed as fol-
lows. (1) Identity perturbations: the protected
identity (which could be an emoji or a word depend-
ing on the functionality) in each original template
is substituted with one non-protected entity (which
could be an emoji or a word). (2) Polarity pertur-
bations: the negative term (which could be a word
or an emoji) in each original template is substituted
for one positive term (which could be a word or

Table 5: Hateful slurs in HATEMOJICHECK

Protected Group Slurs
Women b*tch, sl*t, wh*re
Trans people tr*nny, sh*male
Gay people f*ggot, f*g, q*eer
Black people n*gger, c*on
Disabled people r*tard, cr*pple, m*ng
Muslims m*zzie, J*hadi, camelf*cker

an emoji). (3) No emoji perturbations: all emoji
elements of the original template are replaced by
equivalent text where one word is used to cover all
versions e.g. and are both substituted for the
verb ‘harm’. For F5 and F6, the appended emoji is
removed not replaced.

D Data Statement for HATEMOJIBUILD

We provide a data statement (Bender and Friedman,
2018) to document the generation and provenance
of HATEMOJIBUILD.

D.1 Curation Rationale
We use an online interface designed for dynamic
dataset generation and model benchmarking (Dyn-
abench) to collect synthetic adversarial examples
in three successive rounds, running between 24th
May–11th June. Each round contains ∼2,000 en-
tries, where each original entry inputed to the in-
terface is paired with an offline perturbation. Data
was synthetically-generated by a team of trained
annotators, i.e., not sampled from social media.

D.2 Language Variety
All entries are in English. Language choice was dic-
tated by the expertise of researchers and annotators.
Furthermore, English is used for a wide number of
benchmark hate speech datasets (Davidson et al.,
2017; Founta et al., 2018) and was also used in the
adversarial dataset for textual hate speech (Vidgen
et al., 2021b). The method be could be adapted for
other languages in future work.

D.3 Speaker Demographics
All entries are synthetically-created by annotators
so the speaker demographics match the annotator
demographics.

D.4 Annotator Demographics
Ten annotators were recruited to work for three
weeks, and paid £16/hour. An expert annotator
was recruited for quality control purposes and paid
£20/hour. In total, there were 11 annotators. All
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annotators received a training session prior to data
collection and had previous experience working on
hate speech projects. A daily ‘stand-up’ meeting
was held every morning to communicate feedback
and update guidelines as rounds progressed. An-
notators were able to contact the research team at
any point using a messaging platform. Of 11 an-
notators, 8 were between 18–29 years old and 3
between 30–39 years old. The completed education
level was high school for 3 annotators, undergradu-
ate degree for 1 annotator, taught graduate degree
for 4 annotators and post-graduate research degree
for 3 annotators. 6 annotators were female, and
5 were male. Annotators came from a variety of
nationalities, with 7 British, as well as Jordanian,
Irish, Polish and Spanish. 7 annotators identified
as ethnically White and the remaining annotators
came from various ethnicities including Turkish,
Middle Eastern, and Mixed White and South Asian.
4 annotators were Muslim, and others identified
as Atheist or as having no religious affiliation. 9
annotators were native English speakers and 2 were
non-native but fluent. The majority of annotators
(9) used emoji and social media more than once
per day. 10 annotators had seen others targeted by
abuse online, and 7 had been personally targeted.

D.5 Speech Situation

Entries were created from 24th May–11th June
2021. Their modality is short-form written texts
embedded with emoji. Entries are synthetically-
generated but annotators were trained on real-world
examples of emoji-based hate from Twitter.

D.6 Text Characteristics

The genre of texts is hateful and non-hateful state-
ments using emoji constructions. Annotators in-
putted emoji into the platform using a custom emoji
picker.10 The composition of the final dataset is
described in Tab. 6. 50% of the 5,912 test cases
are hateful. 50% of the entries in the dataset are
original content and 50% are perturbations.

E Constructing HATEMOJIBUILD

Types of Hate We adopt the same categorization
used by Vidgen et al. (2021b, p.3).11 There are
four types of hate. Derogation: Language which
explicitly derogates, demonizes, demeans or insults

10https://hatemoji.stackblitz.io/
11One of their categories “support for hateful entities” is

excluded because it introduced confusion and ambiguity.

Table 6: Summary statistics across three rounds of data
from HATEMOJIBUILD.

R5 R6 R7

n 1994 1966 1952

Split, n (%)
Train 1595 (80.0) 1572 (80.0) 1561 (80.0)

Dev 199 (10.0) 197 (10.0) 195 (10.0)

Test 200 (10.0) 197 (10.0) 196 (10.0)

Label, n (%) Hate 1006 (50.5) 983 (50.0) 976 (50.0)

Not hate 988 (49.5) 983 (50.0) 976 (50.0)

Set, n (%) Original 997 (50.0) 983 (50.0) 976 (50.0)

Perturbation 997 (50.0) 983 (50.0) 976 (50.0)

Type, n (%)

None 988 (49.5) 983 (50.0) 976 (50.0)

Derogation 718 (36.0) 649 (33.0) 594 (30.4)

Animosity 74 (3.7) 219 (11.1) 275 (14.1)

Threatening 101 (5.1) 50 (2.5) 52 (2.7)

Dehumanizing 113 (5.7) 65 (3.3) 55 (2.8)

# Emoji, µ (σ) 1.7 (2.2) 1.7 (1.0) 1.6 (1.1)

a group. Animosity: Expressions of abuse through
implicit statements or mockery, where a logical
step must be taken between the sentence and its
intended negativity. Threatening language: State-
ments of intent to take action against a group, with
the potential to inflict serious or imminent harm on
its members. Dehumanizing language: Comparing
groups to insects, animals, germs or trash.

Targets of Hate Annotators were provided with
a non-exhaustive list of high-priority identities to
focus on which included categorizations by gen-
der identity (e.g., women, trans), sexual orientation
(e.g., gay), ethnicity (e.g., Hispanic people), reli-
gion (e.g., Sikh), nationality (e.g., Polish), disabil-
ity and class, alongside intersections (e.g., Muslim
women). Hate directed towards majority groups
(e.g., men, white people and heterosexuals) is out-
side the remit of this work. The explicit decision
not to focus on issues such as ‘reverse racism’ (Bax,
2018) is made due to the complex debate on its in-
clusion in hate speech definitions.

Composition Tab. 7 reports the inter-annotator
agreement and number of final entries per round.
Each round has approximately the same number of
entries with slightly fewer in R7 due to more qual-
ity control issues. Labels are equally distributed
in each round (see Tab. 6). For 75 pairs of origi-
nals and perturbations, the perturbation unsuccess-
fully flipped the label given by majority agreement
between three annotators. All other pairs have
opposite labels. Derogation is always the most-
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Table 7: Quality control checks per round of data col-
lection, showing Randolph-kappa score across three
annotators per entry R(S), entries reviewed by an ex-
pert annotator, and dropped entries.

Input Entries R(S) Reviewed Dropped Final Entries

R5 Original 1020 0.903 273 6 1014

Perturbation 1014 0.938 131 17 997

R6 Original 1008 0.902 189 8 1000

Perturbation 1000 0.911 167 17 983

R7 Original 993 0.913 169 12 981

Perturbation 981 0.928 168 5 976

commonly inputted form of hate. From R5 to R7,
there is a rise in animosity entries paired with a
decline in threatening and dehumanizing language
entries. Annotators were given substantial freedom
in the targets of hate resulting in 54 unique tar-
gets, and 126 unique intersections of these. The
entries from R5–R7 contain 1,082 unique emoji
out of 3,521 defined in the Unicode Standard as of
September 2020. The mode of emoji per entries
is 1 and mean is approximately 1.5 in each round.
The frequency of targets and emoji follow a long-
tailed distribution, similar to a Zipf curve. These
distributions match those found online for targets
(Silva et al., 2016) and for emoji (Felbo et al., 2017;
Cappallo et al., 2019; Bick, 2020).

In the first round, annotators commonly em-
ployed a strategy of substituting identities for emoji
so three identity emoji were frequently used ( ,

, ). Using emoji character substitutions in slurs
was also a successful strategy (A: ), as was sub-
stituting the entire slur for an emoji homonym (f*g:

). In the final round, the model was wise to
such strategies, and so annotators changed their
adversarial techniques to irony, satire or mockery,
as reflected in the top emoji ( , , , ). For
a qualitative understanding of annotators’ experi-
ences, we conducted a post-study survey.12

F Target Models

In each round we assessed two candidate model
architectures. The first is an uncased DeBERTa
base model (134M params) with a sequence clas-
sification head (He et al., 2021). DeBERTa has
been shown to improve on BERT (Devlin et al.,
2019) and RoBERTa (Liu et al., 2019) models by
incorporating a disentangled attention mechanism
and enhanced mask decoder. However, emoji are
likely relatively sparse in DeBERTa’s pre-training

12This survey is on our Github.

material which includes English Wikipedia, Book
Corpus (Zhu et al., 2015) and a subset of Common-
Crawl. DeBERTa uses the BPE-encoding method
so the tokenizer can encode emoji as unique tokens.
The second candidate is an uncased BERTweet
model (135M params) with a sequence classifi-
cation head where the RoBERTa training proce-
dure was repeated on 850M English Tweets us-
ing a custom vocabulary (Nguyen et al., 2020).
BERTweet tokenizes emoji by first translating them
to text representations using the emoji package.
These word representations are derived from the
Unicode Standard, so for example becomes
:crying_face:.

Upsampling ratios are evaluated for each
new round of training data with multipliers of
1, 5, 10, 100. For the R1–4 data, we carry forward
the upsampling from Vidgen et al. (2021b): R1 is
upsampled five times, R2 is upsampled 100 times,
R3 is upsampled once, and R4 is upsampled once.
Combining the model architectures and upsampling
ratios gives 8 candidate models for each round’s
target model. All models were implemented using
the transformers library (Wolf et al., 2020).
All models were trained for 3 epochs with early
stopping based on the dev set loss, a learning rate
of 2e− 5 and a weighted Adam optimizer. Other
hyperparameters were set to HuggingFace defaults.
We train and evaluate each model once and report
results for this single run. Training took approxi-
mately 7 hours for each BERTweet model and 15
hours for each DeBERTa model using 8 NVIDIA
Tesla V100 GPU on the JADE2 supercomputer.

The best target model for each round is selected
by weighted accuracy between all prior rounds and
the current round. For R6-T, a DeBERTa model
with 100x upsampling on R5 performs best. Given
the dearth of emoji in R1–R4, it is unsurprising
a large upsample improves performance on emoji-
based hate. For R7-T, DeBERTa with one upsample
on R6 performs best. For R8-T, DeBERTa with five
upsamples on R7 performs best. In all rounds, De-
BERTa significantly outperforms BERTweet, while
the upsampling ratio less substantially affects per-
formance. This suggests first converting emoji to
their text representations does not substantially aid
performance, though there may be other differences
between the models driving results. We upload
models to Dynalab for model-in-the-loop evalua-
tion and data collection (Ma et al., 2021).
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Table 8: Performance of models on emoji, text and all adversarial test sets, alongside benchmark evaluation sets:
HATEMOJICHECK and HATECHECK.

Emoji Test Sets Text Test Sets All Rounds
R5-R7 HMOJICHECK R1-R4 HATECHECK R1-R7
n = 593 n = 3930 n = 4119 n = 3728 n = 4712

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1
P-IA 0.508 0.394 0.689 0.754 0.679 0.720 0.765 0.839 0.658 0.689
P-TX 0.523 0.448 0.650 0.711 0.602 0.659 0.720 0.813 0.592 0.639
B-D 0.489 0.270 0.578 0.636 0.589 0.607 0.632 0.738 0.591 0.586
B-F 0.496 0.322 0.552 0.605 0.562 0.562 0.602 0.694 0.557 0.532
R5-T 0.585 0.490 0.779 0.825 0.828 0.847 0.956 0.968 0.786 0.801
R6-T 0.757 0.769 0.879 0.910 0.823 0.837 0.961 0.971 0.813 0.825
R7-T 0.759 0.762 0.867 0.899 0.824 0.842 0.955 0.967 0.813 0.829
R8-T 0.744 0.755 0.871 0.904 0.827 0.844 0.966 0.975 0.814 0.829

G Robustness Analysis of Baselines

In addition to the models analyzed in the main pa-
per, we evaluate three further models. The first is
the ‘toxicity’ attribute returned by Perspective API
(P-TX). We test this model because toxicity rat-
ings are the most popular attributes.13 The second
and third models are two uncased BERT models
(Devlin et al., 2019) trained on publicly-available
academic datasets. B-D is trained on the Davidson
et al. (2017) dataset of 24,783 tweets, labeled as
hateful, offensive and neither. B-F is trained on
the Founta et al. (2018) dataset of 99,996 tweets,
labeled as hateful, abusive, spam and normal. Any
labels besides hateful are binarized into a single
non-hateful label. Two factors motivated the test-
ing of these models. (1) There is a lack of emoji
in the training data: the Davidson et al. dataset
has 5.8% hateful cases, but only 7.4% of these con-
tain emoji, and the Founta et al. dataset has 5.0%
hateful cases, of which 14.7% contain emoji. (2)
Despite BERT being a commonly-used architec-
ture for hate speech detection, it encodes emoji
as <UNK> tokens by default. We compare perfor-
mance of the full set of pre-emoji models including
those analyzed in the main paper (P-IA, P-TX, B-
D, B-F, R5-T) versus our ‘emoji-aware’ models
from each round of data collection (R6-T, R7-T,
R8-T). Tab. 8 shows performance against the ad-
versarially produced datasets in the emoji rounds
of HATEMOJIBUILD and text rounds from Vidgen
et al. (2021b), alongside two benchmark evaluation
sets HATEMOJICHECK and HATECHECK (Röttger
et al., 2021). P-TX has comparable performance to
P-IA. B-D and B-F perform poorly on HATEMOJI-
CHECK (F1 = 0.64, 0.61), and even more poorly on
the adversarial test sets of emoji (F1 = 0.27, 0.32).

13https://support.perspectiveapi.com/s/
about-the-api-faqs

H Fairness Considerations

As well as the six metrics discussed in the main pa-
per, Tab. 9 shows two further fairness metrics: (1)
the demographic parity ratio (Agarwal et al., 2019),
which is equal to one when the selection rate is
balanced across subgroups, and (2) the equalized
odds ratio (Hardt et al., 2016; Agarwal et al., 2018),
which is equal to one when the true positive, true
negative, false positive, and false negative rates are
balanced across subgroups. The academic BERT
models perform worst (0.14 to 0.28 across the met-
rics), followed by the Perspective models (0.41 to
0.67). The most fair model is R5-T with Demo-
graphic Parity Ratio of 0.90 and Equalized Odds
Ratio of 0.77. However, the overall performance of
the emoji-aware models is higher (see Fig. 2): for
every subgroup, R8-T has higher accuracy, preci-
sion and recall, and lower false positive and nega-
tive rates. Thus, the marginally worse performance
by between-group fairness metrics is paired with a
better ability to protect all these subgroups against
emoji-based hate.

Table 9: Between-group fairness metrics by model.

Demographic Equalized
Parity Ratio Odds Ratio

P-IA 0.668 0.430
P-TX 0.611 0.405
B-D 0.174 0.138
B-F 0.276 0.257
R5-T 0.898 0.767
R6-T 0.818 0.711
R7-T 0.848 0.667
R8-T 0.832 0.600

1368



Proceedings of the 2022 Conference of the North American Chapter of the Association for Computational Linguistics:
Human Language Technologies, pages 1369 - 1384

July 10-15, 2022 ©2022 Association for Computational Linguistics

On the Economics of Multilingual Few-shot Learning: Modeling the
Cost-Performance Trade-offs of Machine Translated and Manual Data

Kabir Ahuja1 Monojit Choudhury2 Sandipan Dandapat2

1 Microsoft Research, India
2 Microsoft IDC

{t-kabirahuja,monojitc,sadandap}@microsoft.com

Abstract
Borrowing ideas from Production functions in
micro-economics, in this paper we introduce a
framework to systematically evaluate the per-
formance and cost trade-offs between machine-
translated and manually-created labelled data
for task-specific fine-tuning of massively mul-
tilingual language models. We illustrate the
effectiveness of our framework through a case-
study on the TyDIQA-GoldP dataset. One of
the interesting conclusions of the study is that
if the cost of machine translation is greater
than zero, the optimal performance at least cost
is always achieved with at least some or only
manually-created data. To our knowledge, this
is the first attempt towards extending the con-
cept of production functions to study data col-
lection strategies for training multilingual mod-
els, and can serve as a valuable tool for other
similar cost vs data trade-offs in NLP.

1 Introduction

Transformer based Massively Multilingual Lan-
guage Models (MMLMs) such as mBERT (De-
vlin et al., 2019) , XLM-RoBERTa (Conneau et al.,
2020) and mT5 (Xue et al., 2021) are surprisingly
effective at zero-shot cross-lingual transfer (Pires
et al., 2019; Wu and Dredze, 2019). However,
while zero-shot transfer is effective, often the per-
formances across different languages is not con-
sistent. Low-resource languages (Wu and Dredze,
2020) and the languages that are typologically dis-
tant from the pivot language (Lauscher et al., 2020)
are known to benefit the least from zero-shot trans-
fer, which can often be mitigated by using target-
language specific labelled data for the task during
fine-tuning.

One common approach for collecting such data
in the target language is to translate the training
data available for the pivot-language to the target
by using an off-the-shelf Machine Translation (MT)
system. This is usually referred to as the translate-
train setup (Hu et al., 2020; Turc et al., 2021).

Few-shot transfer is another alternative; as shown
by Lauscher et al. (2020), a few labelled examples
in the target language, that can be obtained cheaply,
can lead to substantial improvements over the zero-
shot performance.

However, there has not been much work on com-
paring the performance across these two strategies.
In one such study, Hu et al. (2020) compare the
performance of translate-train with few-shot trans-
fer on TyDIQA-GoldP (Clark et al., 2020) dataset,
but they only evaluate the few-shot case with 1000
examples, which does not provide any insight into
how the performance varies with increasing dataset
sizes for these two approaches. Additionally, there
are trade-offs related to the data acquisition costs
as well. The cost per training instance is expected
to be much smaller for an MT-based approach than
manual translation or labeling of examples. How-
ever, depending on the nature of task, language,
and quality of the MT output, the amount of data
required to achieve the same performance through
these two approaches can be drastically different.
More importantly, fine-tuning the MMLMs with
a combination of the data from the two strategies
could be the cheapest alternative for achieving a tar-
get accuracy, which, to the best of our knowledge,
has not been explored yet.

Inspired by the above observations and gaps, in
this paper, we ask the following question: Given a
pre-determined budget to fine-tune a multilingual
model on a task for which some data is available in
a pivot language, what is the best achievable accu-
racy on a target language by (a) training the model
on the pivot-language data, (b) different amounts
of machine-translated and (c) manually-collected
data in the target language. Solving this requires
an understanding of the exact nature of the perfor-
mance and cost trade-offs between the two kinds of
target language datasets and their relative costs of
acquisition, apart from factors such as the amount
of pivot language data, the task, the MMLM, and
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the languages concerned.
This problem of modeling and measuring the

trade-offs between different input factors and
their costs is well-studied in the field of micro-
economics. A sophisticated machinery has been
developed in the form of Production Functions and
allied analytical methods (Miller and Blair, 2009;
Cobb and Douglas, 1928), in order to solve the
following generic problem: with the best available
technology, how are the inputs to a production pro-
cess (eg. Labor and Capital) related to its output,
that is the quantity of goods produced. In this paper,
we adapt this framework to address the aforemen-
tioned question of MMLM fine-tuning trade-offs.

The key contributions of our work are threefold.
1. We extend the idea of production functions to
performance functions that model the relationship
between input data sizes and performance of a sys-
tem; we propose a possible analytical form for this
function and derive the performance trends and op-
timal data collection strategies under fixed costs.
2. We illustrate the usefulness of this framework
through a case study on a Q&A task – TyDIQA–
GoldP (Clark et al., 2020) and systematically study
the various trade-offs for 8 languages. 3. Our study
provides several important insights such as (a) if
the cost of MT data creation is non-zero, then the
optimal performance under a fixed budget is al-
ways achieved with either only manually-created
data or a combination of the two; (b) the ratio of the
two datasets for the least cost combination usually
remains constant at different levels of performance.

To the best of our knowledge, this is the first
work that applies the idea of production func-
tions to analyze the cost-performance trade-offs of
MMLM fine-tuning. The proposed framework can
be extended to a multitude of NLP problems where
the trade-offs similar to the ones discussed above,
are common (e.g., pre-training vs. fine-tuning data).
To encourage reproducible research, we have made
our code, the performance data, and a detailed list
of the results publicly available 1.

2 Theoretical Foundations

One of the foundational pillars of neoclassical eco-
nomics is the idea of Production Functions. Simply
put, a production function is a mathematical for-
malization of the relationship between the output
of a firm (industry, economy) and the inputs that
have been used in obtaining it (Khatskevich and

1github.com/kabirahuja2431/PerformanceFunctionAnalysis

Pranevich, 2018; Miller and Blair, 2009). A multi-
factor production function is defined as a map

Q : x→ f(x), ∀x ∈ R+n (1)

where Q ∈ R+ is the quantity of output, n is
the number of the inputs, the non-negative func-
tion f is continuously differentiable for all x =
(x1, . . . , xn) when xi ∈ R+. A sophisticated and
extensive set of analytical machinery has been de-
veloped over the years in microeconomics theory
that allows one to closely model and analyze not
only the relationship between the inputs and out-
puts2 of a firm, but also the interdependence be-
tween the inputs (i.e., xis). Thus, one can effi-
ciently compute and clearly visualize the various
trade-offs and optimal configurations of the produc-
tion system.

Production functions have been extensively used
to model and study systems as diverse as educa-
tion (Bettinger et al., 2020; Bowles, 1970), envi-
ronment (Lu et al., 2019; Halicioglu and Ketenci,
2018), sustainability (Yankovyi et al., 2021), cogni-
tion (Todd and Wolpin, 2003) and of course, differ-
ent types of industries (Husain et al., 2016; Batiese,
1992). Along similar lines, in this work we de-
velop the concept of Performance Function that
models the performance of an MMLM given the
amount of translated and manually labeled data.
In this section, we begin by formalizing the nota-
tions and defining some key concepts from micro-
economics, appropriately adapted to our context.
Then we present the functional form of the per-
formance function, and discuss certain practical
constraints and assumptions that we will make in
our formulation.

2.1 Notation and Definitions
Consider a multilingual modelM pre-trained on a
set of languages L, which is to be fine-tuned for a
task T, for which P labelled examples are available
in a pivot language p ∈ L. Some or all of the
P pivot language examples can be automatically
translated to a target language l ∈ L through an
MT system to obtain T (≤ P ) examples. Further,
let M be the amount of examples for l that have
been labelled or translated manually.

Definition 1 Performance Function, Π =
π(T,M |l, p, P,M,T), denotes the best possible
performance (as per the current state-of-the-art) of

2Production functions can also be defined when there are
m outputs i.e. Q ∈ Rm and f : Rn → Rm.
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a system in language l for a task T, that has been
built on top of a pre-trained MMLMM, P labelled
examples in language p ̸= l, T translated exam-
ples by an MT system, and M manually created
examples.

Here, Π ∈ [0, 1] is any appropriate and accepted
measure of performance, such as accuracy or F1-
score. To simplify the notation we will often drop
the given conditions from the equation and denote
Π = π(T,M). The conditional factors, whenever
not obvious from the context, will be explicitly
stated. Note that T and M are respective equiva-
lents of K and L of the neoclassical Capital-Labor
production functions. Capital investment in tech-
nology or mechanization is similar to machine-
translated data, whereas manual dataset creation
would require investment on labor.

Definition 2 Total cost of operation (or simply
the cost), κ(T,M) = κt(T )+ κm(M), is the total
cost of procuring translated and manually created
datasets for l for the task T.

We further assume that the translation and man-
ual collection costs are scalar multiples of the unit
costs, i.e. κt(T ) = ctT and κm(M) = cmM ,
where ct > 0 is the cost of translating a single ex-
ample from P into language l automatically, while
cm > 0 is the cost of collecting one training exam-
ple in l manually. Therefore,

C = κ(T,M) = ctT + cmM (2)

Usually, cm > ct. Also, note that we are ignor-
ing the costs of pivot data collection and computa-
tional costs of pre-training and fine-tuning, partly
because we are interested in studying the trade-
off between T and M . Also, P is useful for any
target language, and therefore, the amortized cost
of creating P tends to zero as the number of tar-
get languages increases. Similarly the amortized
cost of pre-training tends to zero as the number
of tasks grows. The task-specific training cost is
proportional to training data-size, P +T +M , and
therefore, can be partially consumed in ct and cm.

Definition 3 Isoperf curves are the contours of
the performance function that represent the rela-
tionship between T and M for a fixed performance
value Πc.

Definition 4 Isocost curves are the contours of the
cost function that represent the different possible

ଵ ଶ ଷ ସ

Figure 1: Hypothetical T-M diagram illustrating isop-
erfs, isocosts, points of tangency and expansion path.

combinations of T and M that result in equal over-
all costs.

Both isoperfs and isocosts are drawn on a T-M
diagram (K-L diagram in micro-economics), which
is illustrated in Fig. 1. The x and y axis represent
the input factors T and M, respectively. The or-
ange curves are the hypothetical isoperfs, known
as isoquants in economics. As the name suggests,
each point on these curves represents T-M combi-
nations that result in the same (iso) performance
(perf), denoted in the diagram by Π1, Π2, etc. Intu-
itively, it can be seen that two isoperfs never inter-
sect; as we move towards right and up, Π increases
because either T or M or both increase. Thus,
Π1 < Π2 < Π3 < Π4. The origin, T = 0, M = 0,
represents an isoperf corresponding to the zero-shot
performance on l whenM is fine-tuned only on P .

The blue lines represent the isocosts. Consid-
ering the nature of the cost function defined, the
isocost curves will be straight lines parallel to each
other with slope − ct

cm
. Like isoperfs, the cost of

operation increases for the isocosts as we move
towards right and top in the T-M diagram.

Definition 5 Least Cost Operating Point on an
isoperf refers to the (possibly multiple) point where
the total cost of operation is lowest for a given
performance.

Under the assumption of smooth and convex isop-
erfs,3 the isocost corresponding to the least cost
of operation will be a tangent to the isoperf, and
the optimal allocation of the T and M is given by
the point of tangency. The isocosts shown in Fig. 1

3Isoperfs are convex for declining marginal rate of techni-
cal substitution.

1371



correspond to the least cost curves for respective
isoperfs, and the points of tangency are represented
by the points E1, E2, etc.

Definition 6 Expansion path is a path connect-
ing the point of tangency of different isoperf and
isocost curves, tracing out the cost minimizing com-
bination of the data resources with increasing per-
formance and costs.

Expansion paths are important in determining re-
source allocations strategies. For instance, when
a higher budget is available for dataset expansion
in a particular language, should one invest more in
translation or in manually collected data? And how
does this equation change in the long run, as the
system moves towards higher performances?

Thus, isoperfs and isocosts when studied col-
lectively can help determine the allocation of the
amount of translation and manual data for a desir-
able performance value that minimizes the cost of
operation.

2.2 Selecting a Functional Form for π

In production analysis, one of the difficult prob-
lems is to decide on the functional form of the pro-
duction function that can on one hand accurately
represent the input-output relationship, and on the
other, is amenable to close-formed analysis (Griffin
et al., 1987). Clearly, a linear production function
would be an inappropriate choice for π(T,M), as
T and M are not perfect substitutes of each other.
A popular choice in such case is the Cobb-Douglas
performance function (Cobb and Douglas, 1928),
which is of the form TαMβ . However, the two
datasets do not have multiplicative, but rather an
additive effect. Therefore, we propose the follow-
ing performance function:

Π = π(T,M) = azs + atT
αt + amM

αm (3)

where azs, at, am ≥ 0 and 0 ≤ αt, αm ≤ 1. The
positive coefficients of the input factors are moti-
vated by assuming that under a reasonable transla-
tion and manual annotation quality, the addition of
data from these sources should not hurt the zero-
shot performance which is given by azs (when
T = M = 0). Bounding the exponents below
1 ensures that the performance is not allowed to in-
crease linearly with increasing data in one of these
sources, as we always see diminishing returns with
respect to data for any machine learning model.

The commonly used training setups can be ob-
tained as special cases of the above equation. The
translate-train setup, can be obtained by setting
T = P and M = 0 in the equation, giving ΠTT =
azs+atP

αt . Similarly, ΠFS = azs+amk
αm gives

the few-shot setup with k examples. We denote this
functional form as AMUE (Additive Model with
Unequal Elasticities).

The expression for tangency point can be derived
by setting dM/dT |Π=Πc to the slope of the isocost,
−ct/cm, which gives the following equation for
the expansion path.

M =

(
ctamαm
cmatαt

) 1
1−αm

T
1−αt
1−αm (4)

Thus, M/T (also called the labor-to-capital ratio)
increases with performance if αm > αt, remains
fixed when αm = αt, and decreases with perfor-
mance when αm < αt. Similarly, the ratio of costs
of acquiring manually created data to translated
data,Mcm/Tct is proportional to amMαm/atT

αt ,
which is the ratio of the contributions of the two
datasets to the performance Π.

More often than not, actual production systems
are too complex to be modeled accurately with sim-
ple functional forms. We expect a similar situation,
where AMUE might be well suited for modeling
and visualizing the trends. However, to obtain the
actual operating cost and expansion path that are
practically useful, one would need to model the
behavior of the performance function more accu-
rately. To this end, we also experiment with Gaus-
sian Process Regression (GPR) for defining the
performance function. As we shall see in the next
section, GPR is able to fit the data more effectively,
though we shall stick to AMUE as the two show
identical trends and the latter also allows us to gain
deeper insights and richer visualizations.

2.3 Some Practical Considerations
Definition 7 Cost Ratio, defined as ct/m = ct

cm
,

is the relative cheapness of the translation data,
when compared to the cost of obtaining a manually
created data point.

We expect the cost ratio to be much smaller than 1.
However, both translation and manual annotation
costs vary according to the complexity (in case of
translation, just the lengths of sentences) of the
task at hand. cm might also vary with the choice
of the target language l, while ct can be assumed
to be uniform across the languages supported by
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the commercial MT systems like Google or Bing.
In the experiments for our case study, we calculate
the expansion paths for different values of ct/m to
systematically study the nature of the trade-offs
between the two sources of data.
Realizable region: The forms of the performance
function as well as cost function defined above do
not place any constraint on the values that the input
factors, i.e. T and M , can take, which means that
the amount of data can be increased indefinitely in
order to improve the performance. However, we
are aware that the amount of translated data is up-
per bounded by the amount of pivot data available,
i.e. T ≤ P . While this constraint can be explic-
itly worked out into the equations (by replacing T
with min(T, P )), we stick to the original forms to
preserve the smoothness of AMUE . Instead, we
define a realizable region R : T ≤ P , and if a
tangency point lies outsideR we explicitly search
for the minimum cost point on the part of the isop-
erf curve that lies in the realizable region. Note
that, in such cases the isocost curves correspond-
ing to the minimum cost point will no longer be
tangents to the corresponding isoperfs, and will
usually lie at the boundary between the realizable
and non-realizable regions.

3 Case-Study on TyDiQA-GoldP

In order to understand the efficacy of the proposed
framework, we conduct a case-study on a popular
multilingual Question Answering task (cf. T) us-
ing TyDiQA-GoldP (Clark et al., 2020) dataset and
consider mBERT as the MMLMM. In the follow-
ing subsections, we provide the details of the task
and training setup for generating the performance
Π for different combination of the input factors,
the procedure for estimating the parameters of the
performance functions, and the findings.

3.1 Task and Dataset

We consider the Minimum Answer Span Task from
the Typologically Diverse Question Answering
benchmark or TyDiQA-GoldP for conducting the
experiments. The choice of this particular dataset
stems from two main properties of the benchmark.
First, question-answering tasks are amenable to
translation. Secondly, TyDiQA-GoldP is com-
prised of manually labelled datasets for nine ty-
pologically diverse languages. This enables us to
study the effect of different amounts of manually-
created data M on the performance of the MMLM.

The amount of M varies significantly from lan-
guage to language with 1.6k examples for Korean
to 15k examples in Arabic. 3.7k examples are
available for English which we shall consider as
the pivot language p in all the experiments. We use
Azure Translator4 to obtain the translated data T in
eight target languages. The answer span alignment
between English and the translated languages are
obtained based on the technique described in Hu
et al. (2020). We measure the performance Π as the
average F1-score between the predicted and actual
answer-spans for the test examples.

3.2 Fine-tuning Setup

We fine-tune mBERT on the TyDiQA-GoldP
dataset with different values of the input factors,
T and M , for each target language, along with the
amount of English pivot data, P . Different values
of T are chosen by translating 0%, 10%, 40% ,
70% or 100% of the English pivot data. Eleven
different values in the range [0, |Dl|] (Dl is the size
of the available training data in l) and seven val-
ues between 0 and 3.7k are selected for M and
P , respectively. Considering eight different target
languages, this results in 3080 different fine-tuning
configurations. In each configuration, we use 3
different random seeds and train for 5 epochs with
a learning rate of 2e-5 and a batch size of 32. The
models are also jointly trained5. We use XTREME
repository (Hu et al., 2020) and the Hugging Face
Transformer Library (Wolf et al., 2020) to conduct
all our experiments.

3.3 Parameter Estimation of the Performance
Function

Upon estimating the performance values for the
various fine-tuning configurations, we formulate
the parameter estimation for the performance func-
tions π as a regression task, with T and M as
inputs and Π as the output. we use a Non Lin-
ear Least Squares algorithm (Levenberg, 1944) to
fit the AMUE functional form (cf. Equation (5)),
while specifying the bounds on the function param-
eters. For GPR, we use an RBF Kernel added with
a White Kernel to model the noise in the observa-
tions, and the kernel parameters are optimized us-
ing L-BFGS-B optimization algorithm (Byrd et al.,
1995) with 10 restarts. Note that, we fit different

4https://www.microsoft.com/en-us/
translator/business/translator-api/

5We empirically observed that joint training performs bet-
ter than curriculum learning (P → T →M )

1373

https://www.microsoft.com/en-us/translator/business/translator-api/
https://www.microsoft.com/en-us/translator/business/translator-api/


l at αt am αm

P = 3696

ar 3.7e-01 1.9e-07 2.0e+00 2.2e-01
bn 5.8e-04 6.9e-01 2.3e+00 3.0e-01
fi 7.4e-02 3.9e-01 1.2e+00 3.0e-01
id 2.5e-13 2.5e-01 1.2e+00 2.9e-01
ko 2.6e-15 2.1e-03 1.5e+00 2.6e-01
ru 7.8e-13 5.6e-01 7.1e-01 3.5e-01
sw 5.2e-02 4.2e-01 1.1e+00 3.7e-01
te 5.1e-19 2.5e-01 1.2e+01 1.5e-01

P = 2000

ar 1.7e-01 2.9e-01 2.9e+00 2.1e-01
bn 9.9e-01 1.2e-01 1.9e+00 3.4e-01
fi 9.4e-02 4.6e-01 1.6e+00 3.0e-01
id 4.0e-01 1.2e-01 1.5e+00 3.0e-01
ko 3.0e-13 4.1e-01 1.6e+00 2.8e-01
ru 5.8e-03 6.5e-01 1.1e+00 3.4e-01
sw 9.2e-02 4.3e-01 1.2e+00 3.7e-01
te 1.6e-01 3.0e-01 1.2e+01 1.5e-01

Table 1: Values of AMUE performance function param-
eters for different languages.

performance functions for each combination of l
and P . Additionally, we also conducted several
experiments with other functional forms including
Cobb-Douglas, linear, log-linear and polynomial
functions ( > 1 degree) which either showed higher
margins of error or over-fitting.

3.4 Results

First, we evaluate how well the two proposed per-
formance functions are able to predict the perfor-
mance for different fine-tuning configurations. For
this, we split the 3080 different training configura-
tions into training (80%) and test (20%) sets. The
test root mean squared error (RMSE) and coeffi-
cient of determination (r2) values for AMUE and
GPR were found to be 5.84, 0.90 and 2.43, 0.98
respectively. Thus, both the models can fit the data
reasonably well, though as expected, GPR provides
a better fit. Check Appendix for more details.
Expansion Paths: Table 1 shows the estimated
values of the AMUE parameters for different lan-
guages and pivot sizes. For all the languages, am
is greater than at by at least an order of magnitude,
meaning that the manually collected data ends up
having a significantly higher contribution towards
the model’s performance. For P = 2000, we

see comparatively higher values of at (though still
< am). This indicates that the machine-translated
data might be more beneficial when there is a
paucity of training data available in the pivot lan-
guage, and thus a lower zero-shot performance to
begin with.

For P = 3696, Arabic, Indonesian and Korean
has αm > αt and therefore, the corresponding
expansion curves (Eqn 4) will have an increasing
M/T ratio with increasing Π. On the other hand
for Swahili, Telugu and Finnish, αm < αt, and
hence the expansion curves will bend towards the
x-axis in the T-M diagram, indicating a declining
M/T ratio. In such cases, as we continue to in-
crease the performance at the minimum cost, the
optimum strategy would be to collect higher and
higher amount of translation data as compared to
manually labelled data.

However, notice that the αm and αt are close
to each other for majority of the cases resulting in
nearly linear expansion paths, a situation that is
often encountered in economics whenever the pro-
duction function is homogenous. We did not start
with a homogenity assumption on π(M,T ); rather,
the estimated parameters indicate so. This has two
interesting implications: 1) M/T remains nearly
uniform at the different levels of performance; 2)
the slope of the expansion path is approximately
( ctamcmat

)
1

1−αm (by setting αm = αt in Eqn 4), mean-
ing if the cost ratio ct

cm
is greater than at

am
, the op-

timal strategy would be to collect more manually
labelled data (since 1

1−αm > 1 by definition) and
vice-versa. Thus, by just looking at the value of
these parameters we can gain key insights about
the optimal data allocation strategies.

These strategic insights can also be clearly visu-
alized through the isoperf, isocost and expansion
path curves on the T-M diagrams, as shown in Fig.
2. Due to paucity of space, we show the diagrams
for two languages – Swahili (sw) and Telugu (te) –
with two different cost ratios for the former (Fig. 2a
and 2b), and two different pivot sizes for the latter
(Fig. 2c and 2d). Refer appendix (6,7, 8, 9) for rest.

For ct/m = 0.1, l =sw (Fig. 2a), the expan-
sion path follows a straight line roughly with a
slope ( ctamcmat

)
1

1−αm = 3.2. This indicates that even
though M is 10 times more expensive than T , the
optimal allocation policy is to still collect about
thrice as much amount of M as T . However, for
ct/m = 0.01, which is less than at

am
, the slope of the

expansion path drops to ≈ 0.08, as demonstrated
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Figure 2: M-T diagrams showing expansion paths obtained through AMUE for Swahili and Telugu for different
values of P and ct/m. The shaded region representsR (cf. Sec.2.3).

by the theoretical expansion path on the right side
of the M = T line in Fig. 2b. This suggests that
we can rely on collecting a higher amount of trans-
lation data to increase the performance in this case
because the manually collected data is much more
expensive. As we move to the performance values
> 70, we reach at the boundary of the realizable
region (marked by translucent gray rectangle), and
can no longer keep on collecting more translation
data to increase the performance as by definition
T ≤ P . Beyond this point, to increase the perfor-
mance, collecting higher amounts of manual data
becomes inevitable.

For Telugu, we study the effect of two differ-
ent values of P and keep ct/m fixed at 0.1. At
P = 3696, the isoperfs are nearly parallel to x-
axis with the expansion path lying along the line
T = 0 (Fig. 2c), which is expected as at

am
≈ 0

in this case (see Table 1). This particular expan-
sion path indicates that data obtained by translating
English examples into Telugu does not have any no-
table performance improvement, though demands
additional cost. The optimal strategy in this case
is to only collect manually annotated data. This
is not entirely surprising; the translate-train setup

in Hu et al. (2020) also shows low F1-scores for Tel-
ugu than the zero-shot setup.6 Interestingly, when
P = 2000 (Fig. 2d), T provides non-trivial perfor-
mance gains. The expansion curve is bent slightly
to the left of the M = T line, similar to Fig. 2a.
This trend of higher at/am for lower P is observ-
able for all languages (Table 1).
Performance and Cost Trade-off: Fig. 3 plots
the cost vs the performance value traced out by
the expansion paths for the 8 target languages. To
calculate the total cost, we assume ct = 0.007,
which was estimated according to the standard
translator Pricing offered by Azure7, and consider
ct/m = 0.01. For all the languages, we observe a
declining slope as we increase the value ofC. Thus,
it becomes increasingly more expensive to improve
the performance of the models as we move to the
higher values of Π (law of diminishing returns).
Comparing AMUE isoperfs with GPR isoperfs:

6Note that this does not invalidate the assumption we made
in section 2.2. Hu et al. (2020) fine-tuned their models only on
translated data, while we do train them with English Data as
well and observe similar performance as zero-shot for Telugu.

7https://azure.microsoft.com/en-us/
pricing/details/cognitive-services/
translator/
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ent languages. The performance function considered is
AMUE . For c = 0.1 case refer to Fig. 10 in appendix.
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Figure 4: Comparing the Isoperfs and their correspond-
ing optimum isocosts for AMUE and GPR production
functions.

Figure 4 displays the isoperfs and the correspond-
ing optimum isocosts obtained using AMUE and
GPR based performance functions. As can be ob-
served, both functions predict similar trends across
their isoperfs; however, as expected, the curves are
shifted due to different margin of errors for the two
models.

4 Discussion and Conclusion

In this work, we have proposed a micro-economics
inspired framework to study the performance and
cost trade-offs between manually annotated and
machine-translated data for training multilingual
models, and demonstrated its efficacy through a
case-study on the TyDiQA-GoldP dataset. The key
findings from this case-study are: 1. Some amount
of manually collected data in a target language is
crucial to attain optimal performance at minimum
cost irrespective of how much cheaply MT data can

be procured, as long as the cost is non-zero. 2. The
ratio of manually collected and machine-translated
data at least cost operating point remains nearly uni-
form at the different levels of performance 3. The
usefulness of translated data is higher when the
amount of pivot language data is less. There are
several other insights that can be drawn from the
T-M diagrams and other plots, which could not be
presented here due to the paucity of space.

This work can be expanded in several ways. In
the current work we considered a single-pivot and
single-target case. Generalizing this to the case
where the model is allowed to be trained on multi-
ple pivot languages and then be evaluated on multi-
ple targets is of considerable interest. This implies
extension to multiple-output production functions
with multiple (> 2) input factors.

Here, we have not considered the effect of mul-
tiple technology on the isoperfs. For our problem,
multiple technologies may correspond to the dif-
ferent MMLMs such as mBERT, XLMR and mT5,
different MT systems, and even different training
curricula. Identifying the optimal allocation policy
considering the presence of such multiple techno-
logical alternatives would be an interesting exercise.
In particular, it will be interesting to explore the
impact of translation quality on the trade-offs. An
important limitation of the current framework is
that it presumes availability of certain amounts of
M and T datasets such that the performance func-
tion can be estimated. However, in practice, one
would like to understand the trade-offs before col-
lecting the data. Recently, Srinivasan et al. (2021)
showed that it is possible to predict the zero-shot
and few-shot performance of MMLMs for differ-
ent languages using linguistic properties and their
representation in the pre-training corpus. Under-
standing if there exists a similar dependence of the
performance trade-offs with the linguistic proper-
ties of different languages can help us generalize
our framework to the new languages without the
need for explicit data collection.

Finally, we believe that performance function-
based analysis can be applied to a multitude of
three-way trade-offs among technology, cost and
data that are commonly encountered in the NLP
world. The economics of language data can be a
new direction of study with important practical and
theoretical applications.
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A Appendix

A.1 Derivations
Here we derive the expression for the curve traced
by the expansion path as given in equation 4. As de-
scribed in section 2.2 AMUE performance function
is given by:

π(T,M) = azs + atT
αt + amM

αm

Setting π(T,M) = Πc i.e. a constant value, we
can obtain an analytic expression for the isoperf
curves from this functional form, which is given
by:

M =

(
Πc − azs − atTαt

am

) 1
αm

(5)

Since the expansion path is the locus of the
points of tangency between isoperf and isocost
curves, we can compute the slope of the isoperf
curve and set them equal to each other. The slope
for isoperf curve can be computed as:

Mαm =

(
Πc − azs − atTαt

am

)

αmM
αm−1dM

dT
= −αtat

am
Tαt−1

dM

dT
= − αtat

αmam

Tαt−1

Mαm−1

The slope of the isocost curve is simply − ct
cm

,
equating them we get:

ct
cm

=
αtat
αmam

Tαt−1

Mαm−1

Mαm−1 =
αtatcm
αmamct

Tαt−1

M =

(
ctamαm
cmatαt

) 1
1−αm

T
1−αt
1−αm

A.2 Training Setup
We typically run the fine-tuning experiments on
NVIDIA-P100 GPUs with 16 GB of memory. A
fine-tuning job with 3 random seeds typically takes
2 hours to run on the specified compute. Having
access to 64 of such GPUs we ran multiple jobs in
parallel. For fitting performance functions and do-
ing analysis on expansion paths CPU only compute
of Intel(R) Xeon(R) CPU E5-2690 was utilized.

We use mBERT configuration bert-base-
multilingual-cased for fine-tuning, which supports
104 languages and has around 178 million
parameters.

A.3 Goodness of Fit
Table 2 shows the train and test RMSE and r2 for
GPR and AMUE . For training set we also compute
the errors corresponding to different fine-tuning
setups like translate-train , few-shot etc, which in-
dicates that our models can accurately fit different
regions of the performance landscape. The point
is again illustrated in Figure5 which compares the
predictions of AMUE and GPR with the actual F1-
scores for different values of the amount of manual
data (i.e. M ), keeping T , P , and p as fixed.

AMUE GPR

Data Split Fine-tune
setup RMSE ↓ r2 ↑ RMSE ↓ r2 ↑

Train

Zero-Shot 4.19 0.95 4.43 0.95

Translate-Train 5.10 0.93 3.68 0.96

Few-Shot 5.75 0.90 1.63 0.99

Few-Shot
+ Translate-train 4.71 0.93 1.53 0.99

Overall 5.04 0.93 1.86 0.99

Test Overall 5.84 0.90 2.43 0.98

Table 2: RMSE and r2 values for the two performance
functions on training and test sets.

0 1000 2000 3000
M

70

80

Π

l = sw
P, T = 3696

AMUE Prediction

GPR Prediction

Actual Values

Figure 5: Performance function estimated by AMUE
and GPR. Π ≡ F1-score (scaled by 100).
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Figure 6: M-T diagrams for different languages for P = 3696 and ct/m = 0.1
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Figure 7: M-T diagrams for different languages for P = 2000 and ct/m = 0.1
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Figure 8: M-T diagrams for different languages for P = 3696 and ct/m = 0.01
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Figure 9: M-T diagrams for different languages for P = 2000 and ct/m = 0.01
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ferent languages for c = 0.1. As expected the overall
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data is cheaper in this case.
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Abstract
Paraphrase generation is an important lan-
guage generation task attempting to interpret
user intents and systematically generate new
phrases of identical meanings to the given
ones. However, the effectiveness of para-
phrase generation is constrained by the ac-
cess to the golden labeled data pairs where
both the amount and the quality of the train-
ing data pairs are restricted. In this paper,
we propose a new weakly supervised para-
phrase generation approach that extends the
success of a recent work that leverages rein-
forcement learning (RL) for effective model
training with data selection. While data se-
lection is privileged for the target task which
has noisy data, developing a reinforced selec-
tive learning regime faces several unresolved
challenges. In this paper, we carry on impor-
tant discussions about the above problem and
present a new model that could partially over-
come the discussed issues with a model-based
planning feature and a reward normalization
feature. We perform extensive evaluation on
four weakly supervised paraphrase generation
tasks where the results show that our method
could significantly improve the state-of-the-art
performance on the evaluation datasets.

1 Introduction

Paraphrase generation is an important natural lan-
guage generation task which aims to generate a
target sentence that encapsulates the meaning of
a given source sentence while conforming to the
style of some desired exemplar. It plays an essential
role in many real-world applications for natural lan-
guage processing, such as semantic parsing (Berant
and Liang, 2014; Wu et al., 2021), machine trans-
lation (Resnik et al., 2010; Mallinson et al., 2017),
recommend system (Falke et al., 2020) and ques-
tion answering (Fader et al., 2013; Rinaldi et al.,
2003; Duboué and Chu-Carroll, 2006). Different
from other controllable text generation tasks where
golden labelled data pairs are accessible and often

being readily available, for paraphrase generation
tasks, large scale of parallel paraphrase samples
are often extremely hard to collect because gen-
erating them would often consume extensive do-
main knowledge or the generation could hardly be
standardized. Therefore, the chance of performing
supervised learning in real life scenarios would be
considerably limited.

To overcome the data unattainable issue, un-
supervised and semi-supervised approaches have
achieved growing attention in the recent decade.
Generally, the unsupervised approaches adopt
sampling-based or editing-based techniques (Bow-
man et al., 2016; Miao et al., 2019) to remedy
golden standard knowledge but they generally re-
sult in less coherent or controllable target phrases
due to their lose of supervision. Therefore, in
our paper, we focus on weakly-supervised para-
phrase generation which has demonstrated great
effectiveness in many major natural language pro-
cessing tasks (Dehghani et al., 2017; Sun et al.,
2020). Although weakly-supervised approaches
have successfully pushed forward the state-of-the-
art performance standard for the language-based
tasks, when employed for paraphrase generation,
they still face the challenge of how to acquire high-
quality paired paraphrase data and therefore lead
to noisy data pairs which might bring negative ef-
fect to the downstream task of training paraphrase
generation models.

To overcome the aforementioned challenge and
effectively train paraphrase generation models from
noisy and not equally informative paraphrase pairs,
we adopt a learning to selectively learn approach.
That is, a meta model is learned to select intuitive
paraphrase pairs while eliminating the low qual-
ity ones. Thus the paraphrase generation model
which is jointly learned with the meta data selector
model could achieve better performance through
the carefully specified selective learning process.
Nonetheless, it is impossible for learning an effec-
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tive meta data selection policy to be a supervised
learning task due to the missing of optimal tar-
get selection policy. To overcome this issue, we
adopt a reinforcement learning-based approach to
learn effective selection policy without supervised
signal. To this end, we extend the success of pre-
vious reinforcement learning-based approach for
data selection (Ding et al., 2021). However, formu-
lating a Markov decision process (MDP) for the
paraphrase learning process is a non-trivial task.
In previous works, several important parts of their
MDP formulation, such as the design of reward
signal, are in need of further investigation (Yoon
et al., 2019; Ding et al., 2021) and there also lacks
in depth discussion on the challenge of solving the
reinforcement learning problem. In this paper, we
are motivated to extend this important line of using
reinforcement learning to perform selective learn-
ing in weakly-supervised paraphrase generation
problems and thus overcoming the data unattain-
able issue. Overall we present several key insights
into formulating the MDP for the selective learn-
ing problem as well as developing a model-based
reinforcement learning framework to effectively
solving the MDP.

This paper has three main contributions:

• We present a novel model-based reinforcement
learning approach for effectively training para-
phrase generation models under weakly super-
vised regime, where our proposed reinforce-
ment learning approach could effectively over-
come some of the major limitations of the exist-
ing works for data selection.

• We present an in-depth discussion on the chal-
lenges and the potential ways to formulate the
selective weakly supervised paraphrase gener-
ation tasks with reinforcement learning, which
sheds light on the important direction of devel-
oping more sophisticated reinforcement learn-
ing frameworks for weakly supervised para-
phrase generation.

• We present extensive empirical evaluation re-
sults on four evaluation datasets where the
weakly supervised datasets are generated from
supervised or unsupervised manner. The eval-
uation results show that our proposed method
could lead to substantially better performance
than all the considered baseline approaches over
all the evaluation datasets.

2 Related Work

Paraphrase Generation has long been an im-
portant research problem for the natural lan-
guage processing community. Traditional meth-
ods solve this problem by exploiting linguistic
knowledge (Wubben et al., 2010; McKeown, 1979)
or utilizing statistical machine translation (Quirk
et al., 2004; Dolan et al., 2004). As being
a sequence generation task, most of recently
emerged approaches are framed as instances of the
deep neural networks-based sequence-to-sequence
(seq2seq) models (Prakash et al., 2016; Chen
et al., 2020). Early works are mostly devel-
oped under a supervised setting while discard-
ing the noise in the datasets. Two representa-
tive examples are the Residual LSTM (Prakash
et al., 2016) and BERT (Chen et al., 2020). Later
on, researchers start to work on improving the
quality of the paraphrases, such as leveraging re-
trieval augmented (Kazemnejad et al., 2020; Lewis
et al., 2020b; Hashimoto et al., 2018) or syntac-
tic structure-based (Iyyer et al., 2018; Chen et al.,
2019) approaches to produce better paraphrases.
Besides the aforementioned approaches, there are
also another lines of methods that attempt to al-
leviate the labeling cost with attempts like unsu-
pervised learning (Bowman et al., 2016; Fu et al.,
2019; Bao et al., 2019; Miao et al., 2019; Wang
et al., 2020) as well as simulated annealing (Liu
et al., 2020b) and reinforcement learning (Siddique
et al., 2020). Compared to the conventional re-
inforcement learning methods which consider the
generators as the policy models, our work models
the policy as a meta learner to accomplish a data
selection objective. Our work is mostly related to
(Ding et al., 2021), but we adopt a very different
reinforcement learning approach which is the key
for effective selective learning.

Selective Learning refers to the case of selecting
items, e.g., features or data points, to learn from
among other items. It motivates many important
fields in machine learning, such as active learn-
ing (Cohn et al., 1996; Settles, 2009; Xu et al.,
2013; Fan et al., 2019; Liu et al., 2020a) and robust
machine learning (Hendrycks et al., 2018; Reed
et al., 2015; Mirzasoleiman et al., 2020). Our
work is motivated by the existing instance-wise
active data/feature acquisition approaches. One
typical example is the conventional linear model
that poses sparsity inducing prior distribution to
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the model (Tibshirani, 1996) and thus actively se-
lects important features to the model. Recently,
there also emerged approaches that adopt reinforce-
ment learning to actively find optimal feature sub-
sets (Yoon et al., 2019; Shim et al., 2018; Zannone
et al., 2019). Though such attempts have demon-
strated certain efficacy in handling instance-wise
feature selection, they only deal with non time-
series data in non NLP domains, while the focus
of our work is to deal with noisy labeled pairs in
paraphrase generation tasks. Our work is mostly
related to the instance-level active data acquisi-
tion approaches (Yoon et al., 2020; Ding et al.,
2021), which are mostly adopted under the cir-
cumstances of data efficient or cost-sensitive learn-
ing or when dealing with noisy data. Yoon et al.
(2020) and Ding et al. (2021) are formulation-wise
identical while Yoon et al. (2020) is among the
very first model for active data selective learning,
whereas Ding et al. (2021) applies it on the task
of paraphrase generation. Our work extends this
important direction to perform selective learning
but we formulate a new model-based reinforcement
learning method which aims to overcome partial
limitations for the existing work and is empirically
proven to be more effective than it on all the exper-
imental domains.

3 Reinforced Selective Learning for
Paraphrase Generation

We present the general formulation for reinforce-
ment learning-based selective weakly-supervised
paraphrase generation problems.

3.1 Weakly-Supervised Paraphrase
Generation Problem

Paraphrase generation is a sequence-to-sequence
natural language generation problem. Formally,
given a set of N source sentences X = {xi}Ni=1,
where each sentence Xi is a set of discrete to-
kens, i.e., xi = {oj}Tj=1, paraphrase generation
aims to obtain a non-parallel output sentences
Y = {yi}Ni=1, where each yi encapsulates iden-
tical meaning to xi but comes in the form fol-
lowing some desired exemplars. When training
paraphrase generation model, obtaining golden la-
beled target Y is a critical challenge. Therefore,
we consider a weakly-supervised paraphrase gen-
eration regime, forming a set of pseudo labeled
pairs termed asDpseudo = {xi, yi}Ni=1. When train-
ing models under the weakly-supervised regime,

our work adopts a commonly taken assumption
in weakly-supervised learning works. That is, the
model has access only to a small set of high-quality
parallel sentences Ddev = {xi, yi}Li=1 (L << M )
which could be considered as golden labeled pairs.

To generate high-quality target for the pseudo
labeled pairs, retrieval-based expansion approach is
adopted to generate paraphrase {yi}Ni=1 which has
recently demonstrated great effectiveness in text
generation tasks (Kazemnejad et al., 2020; Lewis
et al., 2020b). Specifically, for each source sen-
tence xi, BM25 (Robertson and Zaragoza, 2009) is
first adopted as an effective retriever. Then we use
Elastic Search (Gormley and Tong, 2015) to create
search indexes for fast searching similar sentences
to xi. The benefit of using such a combination is
that the method provides flexibility for weak su-
pervision while being training-free. Though there
are considerable possibilities for adopting alterna-
tive approaches such as training-based methods for
generating paraphrases, we demonstrate that our
adopted method already yields promising perfor-
mance.

Given the training data Dpseudo and Ddev, the
paraphrase generation model is optimized by Max-
imum Likelihood Estimation (MLE), i.e.,

L(ψ) =
∑

(x,y)∼Dpseudo
−log pψ (y|x). (1)

3.2 Markov Decision Process
Reinforcement learning is an area of machine learn-
ing concerned with how to learn sequential/non-
sequential decision making policies for the prob-
lems formulated as Markov Decision Processes.

Formally, a Markov Decision Process is formu-
lated as a tuple < S,A, P,R, γ >, where S is a
set of states, A is a set of actions, P is a transition
probability matrix,R is the reward function applied
upon a state-action pair, and γ is a discount factor.
Among the transition probability matrix, each of
its entry determines the probability of transiting
from one state to another. In the reinforcement
learning environment, actions are executed state by
state, forming time sequences. At each time step,
the agent observes a state, determines an action to
be issued under the state, and receives a reward
from the environment suggesting the or optimality
of the action given the state. The state is Marko-
vian, which means that the decision could be solely
determined by the presented state and not on its
preceding states. The objective of reinforcement
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learning is to maximize the cumulative rewards
received by the agent.

3.3 Reinforced Paraphrase Generation
We now present a detailed discussion on how to
technically combine reinforcement learning with
paraphrase generation and devise a reinforcement
learning-based selective learning paradigm.

Given the training regime with noisy labeled
data, evaluating the value of the data would be
a fundamental problem. To tackle this problem,
we target at utilizing reinforcement learning tech-
niques to learn an adaptive data valuator model
Mφ(·) which could be jointly updated with the para-
phrase generator model and intuitively give value
evaluation over the pseudo paraphrase pairs. Gener-
ally, Mφ(·) could be considered as a reinforcement
learning agent that we train to maximize the re-
ward signal which is quantitatively represented as
improvement achieved by the generator through-
out the model training period. With this regard,
we present how to formulate the Markov Decision
Process (MDP) from corresponding state, action
and reward for the selective learning of paraphrase
generation task in the following section. We also
discuss the challenges of MDP formulation in se-
lective learning and potential ways to improve it.

STATE The state refers to what the agent observe
for decision making. It is the representation of the
informative features for an instance or a group of
data instances to be evaluated. Ideally, the infor-
mation conveyed by a state should dynamically
change throughout the learning process. With end-
to-end RL, the state could be represented by low-
level raw features, such as image pixels. It is priv-
ileged to use high-level representations for state
which could potentially ease the policy learning. In
our case, we adopt a very common representation
for thestate sentences, which is extracted from a
pretrained language model. Generally it reflects
the static importance of data to the task without de-
tailed modeling on the learning process. However,
the importance values for the data inferred by our
model are dynamic due to the dynamic updates of
model parameters.

ACTION In selective learning, the way we could
model action is relatively fixed. That is, an action
needs to tell the decision about whether a data point
or a group of pints need to be selected or not. In
this paper, we model the action as a Bernoulli vari-
able over each data point. There is generally less

space to improve the action modeling part in the
reinforced paraphrase generation process.

REWARD The reward signal is designated to tell
the benefit of selecting a data instance to update
the model over its paraphrase generation quality.
It is also the most problematic item to model in
the MDP. While the data valuator model is jointly
trained with the generator model, it is impossible
to obtain a golden standard reward signal to tell the
importance of data for the dynamic learning envi-
ronment. Most of the existing selective learning
approach model the reward from the improvement
of the downstream task performance before and
after the model is updated by the data instance
placed in a mini batch of samples. However, such
performance score-based reward modeling has the
following two major limitations: (1) it generates
a reward over a group of mini batch samples and
thus could not yield precise term over each indepen-
dent data point; (2) the reward score has a changing
distribution whose scale keeps decreasing and even-
tually converges to 0, which could bring difficulty
to the policy learning (upon convergence the per-
formance would no more increase and therefore
lead to a mean of 0 over the reward). Most of
the existing works consider the performance score-
based reward modeling only without compensating
its scaling or independence issue. We develop a
method with model-based and scaling flavour to
partially overcome the aforementioned challenges.

4 MB-RPG: Model-based Reinforced
Paraphrase Generation Framework

In this section, we introduce our proposed Model-
based Reinforced Paraphrase Generation frame-
work (MB-RPG). The overview of MB-RPG is
shown in Figure 1. The essences of MB-RPG
can be summarised as two points. One, MB-RPG
adopts model-based planning attempting to per-
form decision making based on multi-step look-
ahead. This way, we can address the first limitation,
namely, the short-slightness brought by the conven-
tional score-based approach, one-step look-ahead.
Two, MB-RPG adopts a reward scaling module
to normalize the reward as a fixed distribution to
overcome the stochasticity of reward distribution.

4.1 Model-based Planning

We present a sophisticated method where the deci-
sion making system is developed to learn the policy
based on long term effects, in order to overcome the

1388



Weakly-supervised
Dataset 

...

...

batches Data Valuator

Sampling 
Action 

...
...

...

Paraphrase
Generator

... ... ...

... forward 

steps

... forward 

steps

... forward 

steps

Planning branch

Planning branch

Planning branch

Update by the
best model

Reward

Figure 1: Overview to our proposed Model-Based Reinforced Paraphrase Generation (MB-RPG) framework. Our
method takes weakly-supervised dataset obtained from a retrieval-based method as its training data. At each time
step, model-based planning is performed which expands the forward direction along multiple action directions and
then perform multi-step look ahead. Then the generator is updated by the best model after the τ -step planning.

limitation of the existing works where the reward
is inferred from short-term noisy prediction loss-
based metrics. In fact, the model-based planning
method has been long studied and been proved ef-
fective in the reinforcement learning literature (Oh
et al., 2015; Wang and Ba, 2020). Unlike model-
free reinforcement learning approaches where the
agent experiences single-length trajectory, at each
time step the episodes expand along one of the ac-
tion directions instead. Accordingly, the resulting
single chain enables our model-based approach to
expand future trajectories through multiple action
directions and perform the decision making based
on the planned roll-outs. Let τ be the planned fu-
ture steps, i.e., at each time step, the policy network
makes decision based on the planned τ -step future
states along multiple (e.g., all) action directions.
Then the multi-step reward for each action direc-
tion can be formulated as follows:

R(sj , aj) = E
[ j+τ∑

t=j

r(st, at)
]
,

where st+1 ∼ Ψ(st+1|st, at), (2)

where Ψ(·) is the learned model of the environ-
ment (e.g., one-step transition model). In our case,
as the environment is only determined by the pa-
rameter value for the generator model, we spec-
ify one independent generator model at each plan-
ning direction. That is, over the N action direc-
tions, we will reserve one model to expand each
action direction. After planning, the decision of
which sample to use is made deterministic by select-
ing argmaxk R(sj , ak). The aggressive planning

scheme enables the decision making to consider
prioritizing the actions with better long-term effect.
This would typically significantly accelerate the
exploration efficiency for the policy training. Such
planning would only take effect on the action sam-
pling part, i.e., which samples to be activated to
choose would be determined by planning. With
this design, the learning part is unaffected and con-
veniently inherits a model-free nature.

4.2 Reward Scaling

One problem in our prediction-loss based reward
modeling is that the reward signal would have a
noisy distribution whose mean would gradually
decay and eventually converge to 0. In order to re-
solve it, inspired by many principled reinforcement
learning methods such as Actor-critic (Konda and
Tsitsiklis, 1999) and PopArt (Hessel et al., 2019),
we propose a simple yet effective reward scaling
approach to normalize the reward signal to a static
distribution. To this end, our normalization method
stores the scalar reward signals within a recent win-
dow, which would typically consume very minimal
amount of memory. Then when we update the pol-
icy model, we normalize the reward signal for each
transition in the following manner,

R̂j =
Rj −Rmin
Rmax −Rmin (3)

where Rj and R̂j are the raw and normalized re-
ward signals, Rmin and Rmax are the minimal and
maximal values obtained from the window of re-
wards. With the normalized reward signal, the data
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Algorithm 1: Pseudocode for Model-based
Reinforced Paraphrase Generation (MB-
RPG) Algorithm
Input: Weakly-labeled parallel dataset

Dpseudo, pretrained language model
gθ(y|x) and RL selector pφ(s|x).

Output: A paraphrase generation model
gθ(y|x).

1 while not done do
2 Sample N mini-batches of data D1..N

B

from Dpseudo
/* Model-based Look-ahead */

3 for agent← 1, N do
4 gagentθ ← gθ
5 for step← 1, N do

/* Data selection */

6 Compute state representation st
7 Compute selection probabilities
8 Sample at for each instance

/* Generator look ahead */

9 Update gagentθ with the samples
10 end
11 end
12 Compute reward using validation data

for each agent model;
/* Generator greedy update */

13 Update gθ(y|x) with the agent with
maximum reward;

/* Valuator update (RL) */

14 Update RL selector pθ(s|x) with the
reward.

15 end

selection policy could be optimized by the REINI-
FORCE algorithm (Sutton et al., 1999). We present
the pseudocode for MB-RPG in Algorithm 1.

5 Experiments

In this section, we present extensive empirical eval-
uation results on comparing our method with its
various counterparts on four commonly used para-
phrase generation datasets1.

5.1 Experimental Setting

Evaluation Datasets. For comparison, we con-
sider to adopt both supervised and unsupervised
datasets. Note that our method adopts a semi-
supervised setting where the target paraphrases are

1The datasets are available in the submitted zip file.

generated following a retrieval-based method intro-
duced in Section 3.1 and thus alleviates the need
for golden labeled target data. Overall, we exper-
iment with the following four datasets. The first
two datasets for supervised setting and the last two
for unsupervised scenario:

• Quora-s: corresponds to the Quora Question
Pairs (QQP) dataset2 which consists of 400,000
question pairs and each pair comes with a binary
tag telling whether that pair is paraphrase or
not. To split the dataset for training and testing,
we follow the existing works (Li et al., 2018;
Kazemnejad et al., 2020; Ding et al., 2021) and
use randomly sampled non-overlapping parallel
pairs with sizes 100K, 3K and 30K for training,
validation and testing, respectively.

• Twitter: is the Twitter News URL Corpus3 pro-
posed by Lan et al. (2017). The dataset is cre-
ated by large-scale sentential paraphrases from
Twitter by linking tweets through shared URL.
Following (Li et al., 2018; Kazemnejad et al.,
2020; Ding et al., 2021), we randomly sample
110K instances from automatically labelled data
as our training dataset and two non-overlapping
datasets of sizes 1K and 5K from the human-
annotated data to form the validation set and the
testing set, respectively.

• Quora-U: is the unsupervised version of Quora-
s. To make a fair comparison, we follow the
settings of the works (Miao et al., 2019; Liu
et al., 2020b) and use two sets of 3K and 20K
non-overlapping pairs as the validation set and
the testing set, respectively.

• MSCOCO: is the COCO image captioning
dataset4. It consists of over 500K captioning
paraphrase pairs for more than 120K images. To
create the datasets for training and testing we
follow Lin et al. (2014) to split the dataset and
adopt an identical evaluation protocol presented
in Liu et al. (2020b).

Implementation. We adopt a pretrained trans-
former encoder-decoder (sequence-to-sequence)
WS-BART (Lewis et al., 2020a) as the backbone
of the generator in our proposed method MB-RPG.

2https://huggingface.co/datasets/quora
3https://github.com/lanwuwei/

Twitter-URL-Corpus
4https://arxiv.org/pdf/1504.00325.pdf
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Method Quora-S Twitter
BLEU-2 BLEU-4 ROUGE-1 ROUGE-2 BLEU-2 BLEU-4 ROUGE-1 ROUGE-2

Supervised

Res-LSTM 38.52 24.56 59.69 32.71 32.13 25.92 41.77 27.94
Transformer 42.91 30.38 61.25 34.23 40.34 32.14 44.53 29.55
RbM 43.54 - 38.11 32.84 44.67 - 41.87 24.23
RaE 40.35 25.37 62.71 31.77 44.33 34.16 47.55 31.53
FSET 51.03 33.46 66.17 39.55 46.35 34.62 49.53 32.04

Weakly-supervised
WS-BART 44.19 31.18 58.69 33.39 45.03 34.00 51.34 35.89
LTSL 49.18 36.05 63.06 39.71 49.30 37.94 56.02 40.61
MB-RPG 54.88 41.56 67.66 43.98 51.65 39.58 61.45 44.19

Method Quora-U MSCOCO
iBLEU BLEU ROUGE-1 ROUGE-2 iBLEU BLEU ROUGE-1 ROUGE-2

Unsupervised

VAE 8.16 13.96 44.55 22.64 7.48 11.09 31.78 8.66
CGMH 9.94 15.73 48.73 26.12 7.84 11.45 32.19 8.67
USPA 12.02 18.21 59.51 32.63 9.26 14.16 37.18 11.21
PUP 14.91 19.68 59.77 30.47 10.72 15.81 37.38 13.87
DBlock 20.93 26.76 65.60 42.09 - - - -

Weakly-supervised
WS-BART 29.30 27.63 58.43 33.39 20.11 15.90 40.65 15.62
LTSL 31.20 29.25 62.71 39.21 23.25 18.87 45.18 19.17
MB-RPG 33.56 33.85 66.30 42.48 28.09 19.39 49.42 25.18

Table 1: Performance scores for our method MB-RPG as well as all the baseline methods on four paraphrasing
datasets under supervised or unsupervised learning setting.

To improve the efficiency of reinforcement learn-
ing, we model the reinforced data valuator model
Mψ as a pretrained BERT followed by two fully-
connected trainable layers as the head for policy
output. BERT serves as a feature extractor and is
kept fixed during policy learning. We present other
details for our method in appendix.

Baseline Methods. We compare our method with
twelve benchmark approaches including the state-
of-the-art method. In general, the baselines
come from the following three categories: (i)
supervised methods that are trained with high-
quality supervised target paraphrases, i.e., Trans-
former (Vaswani et al., 2017), RbM (Li et al.,
2018), Residual LSTM (Prakash et al., 2016)
and two retrieval-based methods FSET (Kazem-
nejad et al., 2020) and RaE (Hashimoto et al.,
2018); (ii) unsupervised methods that do not
have access to the parallel data, including Con-
strained sentence Generation with Metropolis-
Hastings (CGMH) (Miao et al., 2019) VAE (Bow-
man et al., 2016), Unsupervised Paraphrase gen-
eration with Simulated Annealing (UPSA) (Liu
et al., 2020b) and Progressive Unsupervised Para-
phrasing (PUP) (Siddique et al., 2020), Dynamic
Blocking (DBlock) (Niu et al., 2020); (iii) semi-
supervised methods including WS-BART (Lewis
et al., 2020a) which corresponds to BART trained
upon the weakly-supervised data and Learning To
Selectively Learn (LTSL) (Ding et al., 2021) which
is the most closely related method to ours. LTSL
also adopts reinforcement learning for selective

learning and our approach is a model-based im-
proved version over its vanilla policy gradient for-
mulation. Also note that both LTSL and MB-RPG
adopts BART as the pretrained generator.

5.2 Benchmark Results

We present the benchmark results on all the com-
pared methods on the four evaluation datasets in
Table 1. Note that our proposed method is denoted
as MB-RPG. Overall, we could conclude that MB-
RPG outperforms all its baselines with significant
margins in terms of BLEU scores and ROUGE
scores across the four evaluation datasets.

From the results, we could notice that under the
supervised setting, most methods, such as Trans-
former and FSET, could significantly outperform
most of the results obtained from the unsupervised
setting (e.g., CGMH and VAE). Compared with
the supervised methods, even though our method
does not touch the supervised labels, it could still
outperform the supervised methods by noticeable
margins. This further indicates that our method is
promising to be adopted in many real life appli-
cations where there is rather limited access to the
golden labelled paraphrase pairs.

Compared to the unsupervised approaches, MB-
RPG is also superior especially in terms of the
iBLEU and BLEU metrics. The main reason might
be that the word editing or sampling attempts pro-
posed in the unsupervised baselines yield less desir-
able target paraphrases and thus makes the perfor-
mance of the model trained under the unsupervised
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Method Quora-S
BLEU-2 BLEU-4 ROUGE-1 ROUGE-2

WS-BART 44.19 31.18 58.69 33.39
w/o planning 50.67 38.29 64.12 41.28
w/o rew norm 51.26 42.32 66.25 40.23
LTSL 49.18 36.05 63.06 39.71
MB-RPG 54.88 41.56 67.66 43.98

Table 2: Ablation study results for the planning and
reward normalization components on Quora-s.

data fall far below our method and various super-
vised baselines. The inferior performance of the
unsupervised methods has also been empirically
evaluated and discussed by Niu et al. (2020).

From Table 1, we could notice that the perfor-
mance of MB-RPG is much better than its closest
counterpart LTSL, while LTSL is also a reinforce-
ment learning-based selective learning method. In
both supervised and unsupervised scenarios, MB-
RPG could outperform LTSL consistently by a no-
ticeable margins. The average improvements on
BLEU-2 and BLEU-4 scores are 4.02 and 3.57 re-
spectively. On each BLEU or ROUGE metrics,
MB-RPG achieves better scores than LTSL. This
shows that our proposed method MB-RPG achieves
state-of-the-art method on various paraphrase gen-
eration benchmark datasets. It also shows that us-
ing model-based planning and refining the noisy
reward could bring considerable benefit to the data
valuation process. Such result sheds lights to the
research of refining the formulation for the Markov
Decision Process and coming up with more ade-
quate reinforcement learning frameworks to facili-
tate better data valuation. The results reveals that
the performance of the vanilla WS-BART is infe-
rior than LTSL or MB-RPG, both of which adopt
WS-BART as their generators’ backbone.

5.3 Ablation Study

To thoroughly evaluate the effect of the individual
components we proposed upon the vanilla policy
gradient method, we present an ablation study to
evaluate the individual effect of such components.
Specifically, we consider three ablated baselines: 1)
w/o planning: our model without the model-based
planning module; 2) w/o rew norm: our model
without the reward normalization module; 3) LTSL:
without both planning and reward normalization
modules. We present the results in Table 2. From
the results, we notice that the baseline w/o rew plan-
ning achieves similar results with LTSL which is
not comparable to our proposed method. It verifies

the importance of leveraging the model-based plan-
ning to reduce the noise among the short-term one-
step reward signals. From the results shown in Ta-
ble 2, we also notice that the baseline w/o rew norm
achieves better results than LTSL, but not as good
as the full version of our method. This shows that
reward normalization is an essential step to train
the Markov Decision Process formulated for selec-
tive paraphrase generation. The aforementioned
results also reveal that the model-based planning
module and the reward normalization module are
two modules with relatively parallel effects of each
other without much conflicting situations. Lastly,
we wish to highlight that the WS-BART without
reinforcement learning-based selective learning es-
sentially performs very outstanding by itself. How-
ever, leveraging reinforcement learning-based se-
lective learning could result in significant boost to
the performance of WS-BART. This shows that re-
inforced selective learning is a promising direction
to consider for improving the SOTA performance
in paraphrase generation or other generation tasks.

6 Conclusion

Our work tackles an important problem of leverag-
ing reinforcement learning-based selective learning
techniques to effectively deal with the noisy label
issue in paraphrase generation tasks. We introduce
a model-based framework which performs plan-
ning to capture the long-term effects for efficient
exploration so as to overcome the noisy short-term
reward issue experienced by most of the existing
approaches. We also propose an effective reward
normalization approach which could normalize the
noisy reward signal to a distribution with a fixed
zero-mean. We demonstrate that our proposed
method could outperform baseline approaches with
significant margins on the testified domains. Future
work includes refining the state and reward terms
in the Markov Decision Process for better data val-
uation or feature selections. One ongoing work is
to integrate MB-RPG into our previous feature ex-
ploration work in video recommendation (Li et al.,
2020) to improve feature quality. Another one is
to employ MB-RPG in our RL-based coreference
resolution to filter out irrelevant features (Fei et al.,
2019). In addition, we could consider construct-
ing the policy model upon alternative generator
backbone. Also, we could consider inferring the re-
ward from different sources, such as incorporating
auxiliary language models in the training.
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Abstract

Despite the progress in machine translation
quality estimation and evaluation in the last
years, decoding in neural machine translation
(NMT) is mostly oblivious to this and cen-
ters around finding the most probable trans-
lation according to the model (MAP decoding),
approximated with beam search. In this pa-
per, we bring together these two lines of re-
search and propose quality-aware decoding for
NMT, by leveraging recent breakthroughs in
reference-free and reference-based MT evalu-
ation through various inference methods like
N -best reranking and minimum Bayes risk de-
coding. We perform an extensive comparison
of various possible candidate generation and
ranking methods across four datasets and two
model classes and find that quality-aware de-
coding consistently outperforms MAP-based
decoding according both to state-of-the-art au-
tomatic metrics (COMET and BLEURT) and
to human assessments. Our code is available
at https://github.com/deep-spin/
qaware-decode.

1 Introduction

The most common procedure in neural machine
translation (NMT) is to train models using maxi-
mum likelihood estimation (MLE) at training time,
and to decode with beam search at test time, as a
way to approximate maximum-a-posteriori (MAP)
decoding. However, several works have questioned
the utility of model likelihood as a good proxy for
translation quality (Koehn and Knowles, 2017; Ott
et al., 2018; Stahlberg and Byrne, 2019; Eikema
and Aziz, 2020). In parallel, significant progress
has been made in methods for quality estimation
and evaluation of generated translations (Specia
et al., 2020; Mathur et al., 2020b), but this progress
is, by and large, not yet reflected in either training
or decoding methods. Exceptions such as minimum
risk training (Shen et al., 2016; Edunov et al., 2018)

* Equal contribution.

Figure 1: Quality-aware decoding framework. First,
translation candidates are generated according to the
model. Then, using reference-free and/or reference-
based MT metrics, these candidates are ranked, and the
highest ranked one is picked as the final translation.

come at a cost of more expensive and unstable train-
ing, often with modest quality improvements.

An appealing alternative is to modify the decod-
ing procedure only, separating it into two stages:
candidate generation (§2.1; where candidates are
generated with beam search or sampled from the
whole distribution) and ranking (§2.2; where they
are scored using a quality metric of interest, and the
translation with the highest score is picked). This
strategy has been explored in approaches using
N -best reranking (Ng et al., 2019; Bhattacharyya
et al., 2021) and minimum Bayes risk (MBR) de-
coding (Shu and Nakayama, 2017; Eikema and
Aziz, 2021; Müller and Sennrich, 2021). While
this previous work has exhibited promising results,
it has mostly focused on optimizing lexical metrics
such as BLEU or METEOR (Papineni et al., 2002;
Lavie and Denkowski, 2009), which have limited
correlation with human judgments (Mathur et al.,
2020a; Freitag et al., 2021a). Moreover, a rigorous
apples-to-apples comparison among this suite of
techniques and their variants is still missing, even
though they share similar building blocks.

Our work fills these gaps by asking the question:

“Can we leverage recent advances in MT qual-
ity evaluation to generate better translations?
If so, how can we most effectively do so?”

To answer this question, we systematically explore
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NMT decoding using a suite of ranking proce-
dures. We take advantage of recent state-of-the-
art learnable metrics, both reference-based, such
as COMET and BLEURT (Rei et al., 2020a; Sel-
lam et al., 2020), and reference-free (also known
as quality estimation; QE), such as TransQuest
and OpenKiwi (Ranasinghe et al., 2020; Kepler
et al., 2019). We compare different ranking strate-
gies under a unified framework, which we name
quality-aware decoding (§3). First, we analyze
the performance of decoding using N -best rerank-
ing, both fixed according to a single metric and
learned using multiple metrics, where the coeffi-
cients for each metric are optimized according to a
reference-based metric. Second, we explore rank-
ing using reference-based metrics directly through
MBR decoding. Finally, to circumvent the expen-
sive computational cost of the latter when the num-
ber of candidates is large, we develop a two-stage
ranking procedure, where we use N -best rerank-
ing to pick a subset of the candidates to be ranked
through MBR decoding. We explore the interac-
tion of these different ranking methods with various
candidate generation procedures including beam
search, vanilla sampling, and nucleus sampling.

Experiments with two model sizes and four
datasets (§4) reveal that while MAP-based de-
coding appears competitive when evaluating with
lexical-based metrics (BLEU and ChrF), the story
is very different with state-of-the-art evaluation
metrics, where quality-aware decoding shows sig-
nificant gains, both with N -best reranking and
MBR decoding. We perform a human-study to
more faithfully evaluate our systems and find that,
while performance on learnable metrics is not al-
ways predictive of the best system, quality-aware
decoding usually results in translations with higher
quality than MAP-based decoding.

2 Candidate Generation and Ranking

We start by reviewing some of the most commonly
used methods for both candidate generation and
ranking under a common lens.

2.1 Candidate Generation

An NMT model defines a probability distribution
pθ(y|x) over a set of hypotheses Y , conditioned
on a source sentence x, where θ are learned pa-
rameters. A translation is typically predicted using

MAP decoding, formalized as

ŷMAP = argmax
y∈Y

log pθ(y|x). (1)

In words, MAP decoding searches for the most
probable translation under pθ(y|x), i.e., the mode
of the model distribution. Finding the exact ŷMAP

is intractable since the search space Y is combi-
natorially large, thus, approximations like beam
search (Graves, 2012; Sutskever et al., 2014) are
used. However, it has been shown that the transla-
tion quality degrades for large values of the beam
size (Koehn and Knowles, 2017; Yang et al., 2018;
Murray and Chiang, 2018; Meister et al., 2020),
with the empty string often being the true MAP
hypothesis (Stahlberg and Byrne, 2019).

A stochastic alternative to beam search is to draw
samples directly from pθ(y|x) with ancestral sam-
pling, optionally with variants that truncate this dis-
tribution, such as top-k sampling (Fan et al., 2018)
or p-nucleus sampling (Holtzman et al., 2020) –
the latter samples from the smallest set of words
whose cumulative probability is larger than a pre-
defined value p. Deterministic methods combining
beam and nucleus search have also been proposed
(Shaham and Levy, 2021).

Unlike beam search, sampling is not a search
algorithm nor a decision rule – it is not expected
for a single sample to outperform MAP decoding
(Eikema and Aziz, 2020). However, samples from
the model can still be useful for alternative decod-
ing methods, as we shall see. While beam search
focus on high probability candidates, typically sim-
ilar to each other, sampling allows for more explo-
ration, leading to higher candidate diversity.

2.2 Ranking
We assume access to a set Ȳ ⊆ Y containing N
candidate translations for a source sentence, ob-
tained with one of the generation procedures de-
scribed in §2.1. As long as N is relatively small, it
is possible to (re-)rank these candidates in a post-
hoc manner, such that the best translation maxi-
mizes a given metric of interest. We highlight two
different lines of work for ranking in MT decod-
ing: first, N -best reranking, using reference-free
metrics as features; second, MBR decoding, using
reference-based metrics.

2.2.1 N -best Reranking
In its simplest form (which we call fixed reranking),
a single feature f is used (e.g., an estimated quality
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score), and the candidate that maximizes this score
is picked as the final translation,

ŷF-RR = argmax
y∈Ȳ

f(y). (2)

When multiple features [f1, . . . , fK ] are available,
one can tune weights [w1, . . . , wK ] for these fea-
tures to maximize a given reference-based evalua-
tion metric on a validation set (Och, 2003; Duh and
Kirchhoff, 2008) – we call this tuned reranking. In
this case, the final translation is

ŷT-RR = argmax
y∈Ȳ

∑K
k=1wkfk(y). (3)

2.2.2 Minimum Bayes Risk (MBR) Decoding
While the techniques above rely on reference-free
metrics for the computation of features, MBR de-
coding uses reference-based metrics to rank candi-
dates. Unlike MAP decoding, which searches for
the most probable translation, MBR decoding aims
to find the translation that maximizes the expected
utility (equivalently, that minimizes risk, Kumar
and Byrne 2002, 2004; Eikema and Aziz 2020).
Let again Ȳ ⊆ Y be a set containing N hypotheses
and u(y∗, y) a utility function measuring the simi-
larity between a hypothesis y ∈ Y and a reference
y∗ ∈ Ȳ (e.g, an automatic evaluation metric such
as BLEU or COMET). MBR decoding seeks for

ŷMBR = argmax
y∈Ȳ

EY∼pθ(y|x)[u(Y, y)]︸ ︷︷ ︸
≈ 1

M

∑M
j=1 u(y

(j), y)

, (4)

where in Eq. 4 the expectation is approximated as
a Monte Carlo (MC) sum using model samples
y(1), . . . , y(M) ∼ pθ(y|x).1 In practice, the transla-
tion with the highest expected utility can be com-
puted by comparing each hypothesis y ∈ Ȳ to all
the other hypotheses in the set.

3 Quality-Aware Decoding

While recent works have explored various combi-
nations of candidate generation and ranking pro-
cedures for NMT (Lee et al., 2021; Bhattacharyya
et al., 2021; Eikema and Aziz, 2021; Müller and
Sennrich, 2021), they suffer from two limitations:

• The ranking procedure is usually based on simple
lexical-based metrics (BLEU, chrF, METEOR).

1We also consider the case where y(1), . . . , y(M) are ob-
tained from nucleus sampling or beam search. Although the
original MC estimate is unbiased, these ones are biased.

Although these metrics are well established and
inexpensive to compute, they correlate poorly
with human judgments at segment level (Mathur
et al., 2020b; Freitag et al., 2021c).

• Each work independently explores N -best
reranking or MBR decoding, making unclear
which method produces better translations.

In this work, we hypothesize that using more
powerful metrics in the ranking procedure may lead
to better quality translations. We propose a unified
framework for ranking with both reference-based
(§3.1) and reference-free metrics (§3.2), indepen-
dently of the candidate generation procedure. We
explore four methods with different computational
costs for a given number of candidates, N .

Fixed N -best Reranker. An N -best reranker us-
ing a single reference-free metric (§3.2) as a feature,
according to Eq. 2. The computational cost of this
ranker isO(N×CMQE), whereCMQE denotes the
cost of running an evaluation with a metricMQE.

TunedN -best Reranker. AnN -best reranker us-
ing as features all the reference-free metrics in §3.2,
along with the model log-likelihood log pθ(y|x).
The weights in Eq. 3 are optimized to maximize
a given reference-based metricMref using MERT
(Och, 2003), a coordinate-ascent optimization al-
gorithm widely used in previous work. Note that
Mref is used for tuning only; at test time, only
reference-free metrics are used. Therefore, the de-
coding cost is O(N ×∑iCMQE

i
).

MBR Decoding. Choosing as the utility function
a reference-based metricMref (§3.1), we estimate
the utility using a simple Monte Carlo sum, as
shown in Eq. 4. The estimation requires computing
pairwise comparisons and thus the cost of running
MBR decoding is O(N2 × CMref ).

N -best Reranker→MBR. Using a large num-
ber of samples in MBR decoding is expensive
due to its quadratic cost. To circumvent this is-
sue, we explore a two-stage ranking approach: we
first rank all the candidates using a tuned N -best
reranker, followed by MBR decoding using the top
M candidates. The computational cost becomes
O(N×∑iCMi+M

2×CMref ). The first ranking
stage prunes the candidate list to a smaller, higher
quality subset, making possible a more accurate
estimation of the utility with less samples, and po-
tentially allowing a better ranker than plain MBR
for almost the same computational budget.
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3.1 Reference-based Metrics
Reference-based metrics are the standard way to
evaluate MT systems; the most used ones rely on
the lexical overlap between hypotheses and ref-
erence translations (Papineni et al., 2002; Lavie
and Denkowski, 2009; Popović, 2015). However,
lexical-based approaches have important limita-
tions: they have difficulties recognizing correct
translations that are paraphrases of the reference(s);
they ignore the source sentence, an important indi-
cator of meaning for the translation; and they do
not always correlate well with human judgments,
particularly at segment-level (Freitag et al., 2021c).

In this work, apart from BLEU (computed us-
ing SacreBLEU2 (Post, 2018)) and chrF, we use
the following state-of-the-art trainable reference-
based metrics for both ranking and performance
evaluation of MT systems:

• BLEURT (Sellam et al., 2020; Pu et al., 2021),
trained to regress on human direct assessments
(DA; Graham et al. 2013). We use the largest
multilingual version, BLEURT-20, based on the
RemBERT model (Chung et al., 2021).

• COMET (Rei et al., 2020a), based on XLM-R
(Conneau et al., 2020), trained to regress on qual-
ity assessments such as DA using both the ref-
erence and the source to assess the quality of a
given translation. We use the publicly available
model developed for the WMT20 metrics shared
task (wmt20-comet-da).

These metrics have shown much better correla-
tion at segment-level than previous lexical metrics
in WMT metrics shared tasks (Mathur et al., 2020b;
Freitag et al., 2021c). Hence, as discussed in §2.2,
they are good candidates to be used either indi-
rectly as an optimization objective for learning the
tuned reranker’s feature weights, or directly as a
utility function in MBR decoding. In the former,
the higher the metric correlation with human judg-
ment, the better the translation picked by the tuned
reranker. In the latter, we approximate the expected
utility in Eq. 4 by letting a candidate generated by
the model be a reference translation – a suitable
premise if the model is good in expectation.

3.2 Reference-free Metrics
MT evaluation metrics have also been developed
for the case where references are not available –

2nrefs:1|case:mixed|eff:no|tok:13a
|smooth:exp|version:2.0.0

they are called reference-free or quality estimation
(QE) metrics. In the last years, considerable im-
provements have been made to such metrics, with
state-of-the-art models having increasing correla-
tions with human annotators (Freitag et al., 2021c;
Specia et al., 2021). These improvements enable
the use of such models for ranking translation hy-
potheses in a more reliable way than before.

In this work, we explore four recently pro-
posed reference-free metrics as features for N -best
reranking, all at the sentence-level:

• COMET-QE (Rei et al., 2020b), a reference-free
version of COMET (§3.1). It was the winning
submission for the QE-as-a-metric subtask of the
WMT20 shared task (Mathur et al., 2020b).

• TransQuest (Ranasinghe et al., 2020), the win-
ning submission for the sentence-level DA pre-
diction subtask of the WMT20 QE shared task
(Specia et al., 2020). Similarly to COMET-QE
this metric predicts a DA score.

• MBART-QE (Zerva et al., 2021), based on the
mBART (Liu et al., 2020) model, trained to pre-
dict both the mean and the variance of DA scores.
It was a top performer in the WMT21 QE shared
task (Specia et al., 2021).

• OpenKiwi-MQM (Kepler et al., 2019; Rei et al.,
2021), based on XLM-R, trained to predict the
multidimensional quality metric (MQM; Lom-
mel et al. 2014).3 This reference-free metric
was ranked second on the QE-as-a-metric subtask
from the WMT 2021 metrics shared task.

4 Experiments

4.1 Setup

We study the benefits of quality-aware decoding
over MAP-based decoding in two regimes:

• A high-resource, unconstrained, setting with
large transformer models (6 layers, 16 atten-
tion heads, 1024 embedding dimensions, and
8192 hidden dimensions) trained by Ng et al.
(2019) for the WMT19 news translation task
(Barrault et al., 2019), using English to German
(EN→ DE) and English to Russian (EN→ RU)
language pairs. These models were trained on

3MQM annotations are expert-level type of annotations
more fine-grained then DA, with individual errors annotated.
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Figure 2: Values for BLEU (top) and COMET (bottom) for EN→ DE as we increase the number of candidates for
different generation and ranking procedures, as well as oracles with the respective metrics, for the large (left) and
small (right) models. Baseline values (with beam size of 5) are marked with a dashed horizontal line.

over 20 million parallel and 100 million back-
translated sentences, being the winning submis-
sions of that year’s shared task. We consider the
non-ensembled version of the model and use new-
stest19 for validation and newstest20 for testing.

• A more constrained scenario with a small trans-
former model (6 layers, 4 attention heads, 512
embedding dimensions, and 1024 hidden dimen-
sions) trained from scratch in Fairseq (Ott et al.,
2019) on the smaller IWSLT17 datasets (Cettolo
et al., 2012) for English to German (EN→ DE)
and English to French (EN → FR), each with
a little over 200k training examples. We chose
these datasets because they have been extensively
used in previous work (Bhattacharyya et al.,
2021) and smaller model allows us to answer
questions about how the training methodology
affects ranking performance (see § 4.2.2). Fur-
ther training details can be found in Appendix A.

We use beam search with a beam size of 5 as our
decoding baseline because we found that it resulted
in better or similar translations than larger beam
sizes. For tuned N-best reranking, we use Tra-
vatar’s (Neubig, 2013) implementation of MERT
(Och, 2003) to optimize the weight of each feature,
as described in §3.2. Finally, we evaluate each sys-
tem using the metrics discussed in §3.1, along with
BLEU and chrF (Popović, 2015).

4.2 Results

Overall, given all the metrics, candidate generation,
and ranking procedures, we evaluate over 150 sys-
tems per dataset. We report subsets of this data
separately to answer specific research questions,
and defer to Appendix B for additional results.

4.2.1 Impact of Candidate Generation
First, we explore the impact of the candidate gener-
ation procedure and the number of candidates.

Which candidate generation method works best,
beam search or sampling? We generate candi-
dates with beam search, vanilla sampling, and nu-
cleus sampling. For the latter, we use p = 0.6
based on early results showing improved perfor-
mance for all metrics.4 For N -best reranking, we
use up to 200 samples; for MBR decoding, due to
the quadratic computational cost, we use up to 100.

Figure 2 shows BLEU and COMET for differ-
ent candidate generation and ranking methods for
the EN → DE WMT20 and IWSLT17 datasets,
with increasing number of candidates. The base-
line is represented by the dashed line. To assess the
performance ceiling of the rankers, we also report
results with an oracle ranker for the reported met-
rics, picking the candidate that maximizes it. For
the fixed N -best reranker, we use COMET-QE as
a metric, albeit the results for other reference-free
metrics are similar. Performance seems to scale
well with the number of candidates, particularly for
vanilla sampling and for the tuned N -best reranker
and MBR decoder. (Lee et al., 2021; Müller and
Sennrich, 2021). However, all the rankers using
vanilla sampling severely under-perform the base-
line in most cases (see also §4.2.2). In contrast,
the rankers using beam search or nucleus sampling
are competitive or outperform the baseline in terms
of BLEU, and greatly outperform it in terms of
COMET. For the larger models, we see that the per-
formance according to the lexical metrics degrades
with more candidates. In this scenario, rankers us-

4We picked nucleus sampling over top-k sampling because
it allows varying support size and has outperformed top-k in
text generation tasks (Holtzman et al., 2020).

1400



0 50 100 150 200
0.29

0.33

0.37

0.41

0.45

0.49
Nucleus Sampling

0 50 100 150 200
0.2

0.0

0.2

0.4

Vanilla Sampling

N-Best RR (train) w/ LS 
N-Best RR (train) w/o LS
MBR w/ LS
MBR w/o LS

Figure 3: COMET scores for EN → DE (IWSLT17)
for models trained with and without label smoothing.

ing nucleus sampling seem to have an edge over
the ones that use beam search for COMET.

Based on the findings above, and due to gener-
ally better performance of COMET over BLEU
for MT evaluation (Kocmi et al., 2021), in follow-
ing experiments we use nucleus sampling with the
large model and beam search with the small model.

4.2.2 Impact of Label Smoothing
How does label smoothing affect candidate gener-
ation? Label smoothing (Szegedy et al., 2016) is
a regularization technique that redistributes proba-
bility mass from the gold label to the other target
labels, typically preventing the model from becom-
ing overconfident (Müller et al., 2019). However,
it has been found that label smoothing negatively
impacts model fit, compromising the performance
of MBR decoding (Eikema and Aziz, 2020, 2021).
Thus, we train a small transformer model without
label smoothing to verify its impact in the perfor-
mance of N -best reranking and MBR decoding.
Figure 3 shows that disabling label smoothing re-
ally helps when generating candidates using vanilla
sampling. However, the performance degrades for
candidates generated using nucleus sampling when
we disable label smoothing, hinting that the pruning
mechanism of nucleus sampling may help mitigate
the negative impact of label smoothing in sampling
based approaches. Even without label smoothing,
vanilla sampling is not competitive with nucleus
sampling or beam search with label smoothing,
thus, we do not experiment further with it.

4.2.3 Impact of Ranking and Metrics
We now investigate the usefulness of the metrics
presented in §3 as features and objectives for rank-
ing. For N -best reranking, we use all the available
candidates (200) while, for MBR, due to the com-
putational cost of using 100 candidates, we report
results with 50 candidates only (we found that rank-
ing with tunedN -best reranking withN = 100 and
MBR withN = 50 takes about the same time). We
report results in Table 1, and use them to answer

some specific research questions.

Which QE metric works best in a fixed N -best
reranker? We consider a fixed N -best reranker
with a single reference-free metric as a feature (see
Table 1, second group). While none of the metrics
allows for improving the baseline results in terms
of the lexical metrics (BLEU and chrF), rerankers
using COMET-QE or MBART-QE outperform the
baseline according to BLEURT and COMET, for
both the large and small models. Due to the afore-
mentioned better performance of these metrics for
translation quality evaluation, we hypothesize that
these rankers produce better translations than the
baseline. However, since the sharp drop in the
lexical metrics is concerning, we will verify this
hypothesis in a human study, in §4.2.4.

How does the performance of a tuned N -best
reranker vary when we change the optimization
objective? We consider a tuned N -best reranker
using as features all the reference-free metrics in
§3.2, and optimized using MERT. Table 1 (3rd

group) shows results for EN→ DE. For the small
model, all the rankers show improved results over
the baseline for all the metrics. In particular, opti-
mizing for BLEU leads to the best results in the lex-
ical metrics, while optimizing for BLEURT leads
to the best performance in the others. Finally, opti-
mizing for COMET leads to similar performance
than optimizing for BLEURT. For the large model,
although none of the rerankers is able to outper-
form the baseline in the lexical metrics, we see
similar trends as before for BLEURT and COMET.

How does the performance of MBR decoding vary
when we change the utility function? Table 1
(4th group) shows the impact of the utility func-
tion (BLEU, BLEURT, or COMET). For the small
model, using COMET leads to the best perfor-
mance according to all the metrics except BLEURT
(for which the best result is attained when optimiz-
ing itself). For the large model, the best result
according to a given metric is obtained when using
that metric as the utility function.

How do (tuned) N -best reranking and MBR com-
pare to each other? Looking at Table 1 we see
that, for the small model, N -best reranking seems
to perform better than MBR decoding in all the
evaluation metrics, including the one used as the
utility function in MBR decoding. The picture is
less clear for the large model, with MBR decoding
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Large (WMT20) Small (IWSLT)

BLEU chrF BLEURT COMET BLEU chrF BLEURT COMET

Baseline 36.01 63.88 0.7376 0.5795 29.12 56.23 0.6635 0.3028

F-RR w/ COMET-QE 29.83 59.91 0.7457 0.6012 27.38 54.89 0.6848 0.4071
F-RR w/ MBART-QE 32.92 62.71 0.7384 0.5831 27.30 55.62 0.6765 0.3533
F-RR w/ OpenKiwi 30.38 59.56 0.7401 0.5623 25.35 51.53 0.6524 0.2200
F-RR w/ Transquest 31.28 60.94 0.7368 0.5739 26.90 54.46 0.6613 0.2999

T-RR w/ BLEU 35.34 63.82 0.7407 0.5891 30.51 57.73 0.7077 0.4536
T-RR w/ BLEURT 33.39 62.56 0.7552 0.6217 30.16 57.40 0.7127 0.4741
T-RR w/ COMET 34.26 63.31 0.7546 0.6276 30.16 57.32 0.7124 0.4721

MBR w/ BLEU 34.94 63.21 0.7333 0.5680 29.25 56.36 0.6619 0.3017
MBR w/ BLEURT 32.90 62.34 0.7649 0.6047 28.69 56.28 0.7051 0.3799
MBR w/ COMET 33.04 62.65 0.7477 0.6359 29.43 56.74 0.6882 0.4480

T-RR+MBR w/ BLEU 35.84 63.96 0.7395 0.5888 30.23 57.34 0.6913 0.3969
T-RR+MBR w/ BLEURT 33.61 62.95 0.7658 0.6165 29.28 56.77 0.7225 0.4361
T-RR+MBR w/ COMET 34.20 63.35 0.7526 0.6418 29.46 57.13 0.7058 0.5005

Table 1: Evaluation metrics for EN → DE for the large and small model settings, using a fixed N -best reranker
(F-RR), a tuned N -best reranker (T-RR), MBR decoding, and a two-stage approach. Best overall values are bolded
and best for each specific group are underlined.

achieving best values for a given fine-tuned metric
when using it as the utility; this comes at the cost of
worse performance according to the other metrics,
hinting at a potential “overfitting” effect. Overall,
N -best reranking seems to have an edge over MBR
decoding. We will further clarify this question with
human evaluation in § 4.2.4.

Can we improve performance by combining N -
best reranking with MBR decoding? Table 1
shows that, for both the large and the small model,
the two-stage ranking approach described in §3
leads to the best performance according to the
fine-tuned metrics. In particular, the best result
is obtained when the utility function is the same as
the evaluation metric. These results suggest that
a promising research direction is to seek more so-
phisticated pruning strategies for MBR decoding.

4.2.4 Human Evaluation

Which metric correlates more with human judg-
ments? How risky is it to optimize a metric and
evaluate on a related metric? Our experiments
suggest that, overall, quality-aware decoding pro-
duces translations with better performance across
most metrics than MAP-based decoding. However,
for some cases (such as fixed N -best reranking and
most results with the large model), there is a con-
cerning “metric gap” between lexical-based and
fine-tuned metrics. While the latter have shown to
correlate better with human judgments, previous
work has not attempted to explicitly optimize these
metrics, and doing so could lead to ranking systems

that learn to exploit “pathologies” in these metrics
rather than improving translation quality. To inves-
tigate this hypothesis, we perform a human study
across all four datasets. We ask annotators to rate,
from 1 (no overlap in meaning) to 5 (perfect trans-
lation), the translations produced by the 4 ranking
systems in §3, as well as the baseline translation
and the reference. Further details are in App. C.
We choose COMET-QE as the feature for the fixed
N -best ranker and COMET as the optimization
metric and utility function for the tuned N -best
reranker and MBR decoding, respectively. The rea-
sons for this are two-fold: (1) they are currently
the reference-free and reference-based metrics with
highest reported correlation with human judgments
(Kocmi et al., 2021), (2) we saw the largest “metric
gap” for systems based on these metrics, hinting of
a potential “overfitting” problem (specially since
COMET-QE and COMET are similar models).

Table 2 shows the results for the human eval-
uation, as well as the automatic metrics. We see
that, with the exception of T-RR w/ COMET, when
fine-tuned metrics are explicitly optimized for, their
correlation with human judgments decreases and
they are no longer reliable indicators of system-
level ranking. This is notable for the fixed N -best
reranker with COMET-QE, which outperforms the
baseline in COMET for every single scenario, but
leads to markedly lower quality translations. How-
ever, despite the potential for overfitting these met-
rics, we find that tuned N -best reranking, MBR,
and their combination consistently achieve better
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EN-DE (WMT20) EN-RU (WMT20)

BLEU chrF BLEURT COMET Human R. BLEU chrF BLEURT COMET Human R.

Reference - - - - 4.51 - - - - 4.07

Baseline 36.01 63.88 0.7376 0.5795 4.28 23.86 51.16 0.6953 0.5361 3.62
F-RR w/ COMET-QE 29.83 59.91 0.7457 0.6012 4.19 20.32 49.18 0.7130 0.6207 3.25
T-RR w/ COMET 34.26 63.31 0.7546 0.6276 4.33 22.42 50.91 0.7243 0.6441 3.65
MBR w/ COMET 33.04 62.65 0.7477 0.6359 4.27 23.67 51.18 0.7093 0.6242 3.66
T-RR + MBR w/ COMET 34.20 63.35 0.7526 0.6418 4.30 23.21 51.26 0.7238 0.6736 3.72†

EN-DE (IWSLT17) EN-FR (IWSLT17)

Reference - - - - 4.38 - - - - 4.00

Baseline 29.12 0.6635 56.23 0.3028 3.68 38.12 0.6532 63.20 0.4809 3.92
F-RR w/ COMET-QE 27.38 0.6848 54.89 0.4071 3.67 35.59 0.6628 60.90 0.5553 3.63
T-RR w/ COMET 30.16 0.7124 57.32 0.4721 3.90† 38.60 0.7020 63.77 0.6392 4.05†

MBR w/ COMET 29.43 0.6882 56.74 0.4480 3.79† 37.77 0.6710 63.24 0.6127 4.05†

T-RR + MBR w/ COMET 29.46 0.7058 57.13 0.5005 3.83† 38.33 0.6883 63.53 0.6610 4.09†

Table 2: Results for automatic and human evaluation. Top: WMT20 (large models); Bottom: IWSLT17 (small
models). Methods with † are statistically significantly better than the baseline, with p < 0.05.

translation quality than the baseline, specially with
the small model. In particular, N -best reranking
results in better translations than MBR, and their
combination is the best system in 2 of 4 LPs.

4.2.5 Improved Human Evaluation

To further investigate how quality-aware decoding
performs when compared to MAP-based decoding,
we perform another human study, this time based
on expert-level multidimensional quality metrics
(MQM) annotations (Lommel et al., 2014). We
asked the annotators to identify all errors and inde-
pendently label them with an error category (accu-
racy, fluency, and style, each with a specific set of
subcategories) and a severity level (minor, major,
and critical). In order to obtain the final sentence-
level scores, we require a weighting scheme on
error severities. We use weights of 1, 5, and 10
to minor, major, and critical errors, respectively,
independently of the error category. Further details
are in App. D. Given the cost of performing a hu-
man study like this, we restrict our analysis to the
translations generated by the large models trained
on WMT20 (EN→ DE and EN→ RU).

Table 3 shows the results for the human evalua-
tion using MQM annotations, including both error
severity counts and final MQM scores. As hinted
in §4.2.4, despite the remarkable performance of
the F-RR with COMET-QE in terms of COMET
(see Table 2), the quality of the translations de-
creases when compared to the baseline, suggesting
the possibility of metric overfitting when evaluating
systems using a single automatic metric that was
directly optimized for (or a similar one). However,
for both language pairs, the T-RR with COMET
and the two stage approach (T-RR + MBR with

COMET) achieve the highest MQM score. In ad-
dition, these systems present the smallest number
of errors when combining both major and critical
errors.

Although the performance of all systems is com-
parable for EN→DE, both the T-RR and the T-
RR+MBR decoding markedly reduce the number
of grammatical register errors related to using pro-
nouns and verb forms that are not compliant with
the register required for that translation, at the cost
of increasing the number of lexical selection errors
(see Figure 4). For EN→RU, however, the num-
ber of lexical selection errors produced when using
the T-RR or the T-RR+MBR decoding is approxi-
mately a half of the ones produced by the baseline
(see Figure 5). In this case, this comes at appar-
ently almost no cost in other error types, leading to
significantly better results, as shown in Table 3.

5 Related Work

Reranking. Inspired by the work of Shen et al.
(2004) on discriminative reranking for SMT, Lee
et al. (2021) trained a large transformer model us-
ing a reranking objective to optimize BLEU. Our
work differs in which our rerankers are much sim-
pler and therefore can be tuned on a validation set;
and we use more powerful quality metrics instead
of BLEU. Similarly, Bhattacharyya et al. (2021)
learned an energy-based reranker to assign lower
energy to the samples with higher BLEU scores.
While the energy model plays a similar role to a QE
system, our work differs in two ways: we use an
existing, pretrained QE model instead of training
a dedicated reranker, making our approach appli-
cable to any MT system without further training;
and the QE model is trained to predict human as-
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EN-DE (WMT20) EN-RU (WMT20)

Minor Major Critical MQM Minor Major Critical MQM

Reference 24 67 0 97.04 5 11 0 99.30

Baseline 8 139 0 95.66 17 239 49 79.78
F-RR w/ COMET-QE 15 204 0 93.47 13 254 80 76.25
T-RR w/ COMET 12 109 0 96.20 9 141 45 85.97†

MBR w/ COMET 11 161 0 94.38 8 182 40 83.65
T-RR + MBR w/ COMET 10 138 0 95.44 11 134 45 86.78†

Table 3: Error severity counts and MQM scores for WMT20 (large models). Best overall values are bolded.
Methods with † are statistically significantly better than the baseline, with p < 0.05.

sessments, rather than BLEU scores. Leblond et al.
(2021) compare a reinforcement learning approach
to reranking approaches (but not MBR decoding, as
we do). They investigate the use of reference-based
metrics and, for the reward function, a reference-
free metric based on a modified BERTScore (Zhang
et al., 2020). This new multilingual BERTScore
is not fine-tuned on human judgments as COMET
and BLEURT and it is unclear what its level of
agreement with human judgments is. Another line
of work is generative reranking, where the reranker
is not trained to optimize a metric, but rather as a
generative noisy-channel model (Yu et al., 2017;
Yee et al., 2019; Ng et al., 2019).

Minimum Bayes Risk Decoding. MBR decod-
ing (Kumar and Byrne, 2002, 2004) has recently
been revived for NMT using candidates generated
with beam search (Stahlberg et al., 2017; Shu and
Nakayama, 2017) and sampling (Eikema and Aziz,
2020; Müller and Sennrich, 2021). Eikema and
Aziz (2021) also explore a two-stage approach for
MBR decoding. Additionally, there is concurrent
work by Freitag et al. (2021b) on using neural
metrics as utility functions during MBR decod-
ing: however they limit their scope to MBR with
reference-based metrics, while we perform a more
extensive evaluation over ranking methods and met-
rics. Amrhein and Sennrich (2022) also concur-
rently explored using MBR decoding with neural
metrics, but with the purposes of identifying weak-
nesses in the metric (in their case COMET), simi-
larly to the metric overfitting problem we discussed
in §4.2.4. A comparison with N -best re-ranking
was missing in these works, a gap our paper fills.
A related line of work is minimum risk training
(MRT; Smith and Eisner 2006; Shen et al. 2016),
which trains models to minimize risk, allowing ar-
bitrary non-differentiable loss functions (Edunov
et al., 2018; Wieting et al., 2019) and avoiding ex-
posure bias (Wang and Sennrich, 2020; Kiegeland

and Kreutzer, 2021). However, MRT is consider-
ably more expensive and difficult to train and the
gains are often small. Incorporating our quality
metrics in MRT is an exciting research direction.

6 Conclusions and Future Work

We leverage recent advances in MT quality esti-
mation and evaluation and propose quality-aware
decoding for NMT. We explore different candidate
generation and ranking methods, with a comprehen-
sive empirical analysis across four datasets and two
model classes. We show that, compared to MAP-
based decoding, quality-aware decoding leads to
better translations, according to powerful automatic
evaluation metrics and human judgments.

There are several directions for future work. Our
ranking strategies increase accuracy but are sub-
stantially more expensive, particularly when used
with costly metrics such as BLEURT and COMET.
While reranking-based pruning before MBR decod-
ing was found helpful, additional strategies such
as caching encoder representations (Amrhein and
Sennrich, 2022) and distillation (Pu et al., 2021)
are promising directions.
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Supplemental Material
A Training Details

For the experiments using IWSLT17, we train a small transformer model (6 layers, 4 attention heads, 512
embedding dimensions, and 1024 hidden dimensions) from scratch, using Fairseq (Ott et al., 2019). We
tokenize the data using SentencePiece (Kudo and Richardson, 2018), with a joint vocabulary with 20000
units. We train using the Adam optimizer (Kingma and Ba, 2015) with β1 = 0.9 and β2 = 0.98 and use
an inverse square root learning rate scheduler, with an initial learning rate of 5× 10−4 and with a linear
warm-up in the first 4000 steps. For models trained with label smoothing, we use the default value of 0.1.

B Additional Results

For completeness, we include in Table 4 results to evaluate the impact of the metrics presented in §3 as
features and objectives for ranking using the other language pairs: EN→ RU (large model) and EN→ FR
(small model).

Large (WMT20) Small (IWSLT)

BLEU chrF BLEURT COMET BLEU chrF BLEURT COMET

Baseline 23.86 51.16 0.6953 0.5361 38.12 63.20 0.6532 0.4809

F-RR w/ COMET-QE 20.32 49.18 0.7130 0.6207 35.59 60.90 0.6628 0.5553
F-RR w/ MBART-QE 22.39 50.59 0.6993 0.5481 36.68 62.17 0.6593 0.5091
F-RR w/ OpenKiwi 20.88 48.72 0.7040 0.5688 32.03 55.68 0.5996 0.2581
F-RR w/ Transquest 21.60 50.14 0.7060 0.5836 36.02 62.26 0.6681 0.5397

T-RR w/ BLEU 23.87 51.51 0.7042 0.5669 39.10 64.22 0.6968 0.6189
T-RR w /BLEURT 22.84 51.25 0.7265 0.6470 38.60 63.76 0.7042 0.6405
F-RR w/ COMET 22.42 50.91 0.7243 0.6441 38.60 63.77 0.7020 0.6392

MBR w/ BLEU 24.03 51.12 0.6938 0.5393 37.97 63.13 0.6484 0.4764
MBR w/ BLEURT 23.01 50.87 0.7314 0.5984 37.29 62.82 0.6886 0.5361
MBR w/ COMET 23.67 51.18 0.7093 0.6242 37.77 63.24 0.6710 0.6127

T-RR+MBR w/ BLEU 24.11 51.44 0.6967 0.5482 38.96 64.04 0.6781 0.5636
T-RR+MBR w/ BLEURT 23.18 51.30 0.7344 0.6277 37.43 63.14 0.7092 0.5961
T-RR+MBR w/ COMET 23.21 51.26 0.7238 0.6736 38.33 63.53 0.6883 0.6610

Table 4: Evaluation metrics for EN→ RU for the large model setting and EN→ FR for small model settings, using
a fixed N -best reranker (F-RR), a tuned N -best reranker (T-RR), MBR decoding, and a two-stage approach. Best
overall values are bolded and best for each specific group are underlined.

C Human Study

In order to perform human evaluation, we recruited professional translators who were native speakers
of the target language on the freelancing site Upwork.5 300 sentences were evaluated for each language
pair, sampled randomly from the test sets after a restriction that sentences were no longer than 30 words.
All translation hypotheses for a single source sentence were first deduplicated, and then shown to the
translator side-by-side in randomized order to avoid any ordering biases.

Sentences were evaluated according to a 1-5 rubric slightly adapted from that of Wieting et al. (2019):

1. There is no overlap in the meaning of the source sentence whatsoever.

2. Some content is similar but the most important information in the sentence is different.

3. The key information in the sentence is the same but the details differ.

4. Meaning is essentially equal but some expressions are unnatural.

5. Meaning is essentially equal and the sentence is natural.
5https://upwork.com. Freelancers were paid a market rate of 18-20 US dollars per hour, and finished approximately

50 sentences in one hour.
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D MQM Framework

Human evaluations were performed by Unbabel’s PRO Community, made of professional translators and
linguists with relevant experience in linguistic annotations and translation errors annotations. In order to
properly assess translations quality, annotators must be native speakers of the target language and with a
proven high proficiency of the source language, so that they can properly capture errors and their nuances.
The systems’ outputs were evaluated by using the annotation framework adopted internally at Unbabel,
which is an adaptation of the MQM Framework (Lommel et al., 2014).

We asked the annotators to identify all errors and independently label them with an error category and a
severity level. We consider three categories (each of them containing a set of different subcategories)
that may affect the quality of the translations:

• Accuracy, if the target text does not accurately reflect the source text (e.g., changes in the meaning,
addition/omission of information, untranslated text, MT hallucinations);

• Fluency, if there are issues that affect the reading and the comprehension of the text (e.g., grammar and
spelling errors);

• Style, if the text has stylistic problems (e.g., gramatical and lexical register).

Additionally, each error is labeled according to three severity levels (minor, major, and critical), de-
pending on the way they affect the accuracy, the fluency, and the style of the translation. The final
sentence-level score is obtained using a weighting scheme where minor, major, and critical errors are
weighted as 1, 5, and 10, respectively.

Figures 4 and 5 show the counts of errors breakdown by typology and severity level for EN→DE and
EN→RU, respectively.
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Abstract

Since the advent of Federated Learning (FL),
research has applied these methods to natural
language processing (NLP) tasks. Despite a
plethora of papers in FL for NLP, no previous
works have studied how multilingual text im-
pacts FL algorithms. Furthermore, multilingual
text provides an interesting avenue to examine
the impact of non-IID text (e.g. different lan-
guages) on FL in naturally occurring data. We
explore three multilingual language tasks, lan-
guage modeling, machine translation, and text
classification using differing federated and non-
federated learning algorithms. Our results show
that using pretrained models reduces the nega-
tive effects of FL, helping them to perform near
or better than centralized (no privacy) learning,
even when using non-IID partitioning.1

1 Introduction

Federated learning (FL) is a machine learning tech-
nique that trains a model across multiple distributed
clients holding local data samples, without ever
storing client data in a central location (Konečnỳ
et al., 2016; McMahan et al., 2017). These tech-
niques are appealing for those who wish to learn
from data in a privacy-preserving way, without ever
transmitting the data off of a client device. FL be-
comes essential when data is especially sensitive,
as is the case at hospitals, legal firms, financial
institutions, or in countries that enact legislation
concerning data privacy (such as the EU’s GDPR
or the US’s HIPAA).

FL has been applied to problems in natural lan-
guage processing (NLP) since its inception, partic-
ularly in use of the language modeling task (Yang
et al., 2018; Hard et al., 2018; Ramaswamy et al.,
2019; Chen et al., 2019a; Ji et al., 2019; Stremmel

1Our code and data are made publicly avail-
able at https://github.com/orionw/
Multilingual-Federated-Learning

* Authors contributed equally
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Figure 1: A depiction of different learning strategies
with Federated Learning (FL) and multilingual data,
with 4 clients and 16 instances from En, Fr, Ru, and Zh
in this toy example. Black lines indicate gradient flow.
Centralized learning is the standard training method (no
privacy), FL with IID data partitions the data into IID
data subsets for each client, while FL with non-IID data
has the languages separated across clients.

and Singh, 2020). Another large area of FL re-
search is focused on analyzing performance when
the data is non identically independently distributed
(non-IID). In these cases, many works have shown
that FL performance is sub-par with respect to cen-
tralized learning methods (Konečnỳ et al., 2016;
Hard et al., 2018; Lin et al., 2021).

Despite the large amount of research in FL for
NLP, how different languages impact the FL train-
ing process has yet to be explored (Liu et al., 2021).
Furthermore, multilingual FL provides an interest-
ing and natural setting to explore non-IID data, of
which different languages are an obvious example.

In this work, we explore multilingual federated
learning across three multilingual language tasks
and different stages of model pretraining. Our re-
sults show that fine-tuning pretrained models with
FL can perform similarly to pretrained models fine-
tuned with the standard centralized method (the
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no privacy setting), despite having completely non-
IID language partitioned data. This finding shows
that pretrained models provide an effective way for
practitioners (and consumers) of multilingual data
to gain the privacy benefits of FL at little or no cost
to the final task performance.

2 Background and Related Work

The term Federated Learning was first proposed
in McMahan et al. (2017), who applied the
FederatedAveraging algorithm to the tasks
of language modeling and image classification.
Since then, much of the theoretical and applied
work in FL (e.g. Chen et al. (2019b); Wu et al.
(2020) among many others) has considered lan-
guage modeling as a key task or benchmark.

Concurrent with the growing interest in Feder-
ated Learning, NLP has rapidly shifted toward the
use of pretrained language models (PLMs) (e.g.,
BERT Devlin et al. 2019; T5 Raffel et al. 2019;
GPT-3 Brown et al. 2020). These PLMs are used
for both the core task of next word prediction and
as a starting point for learning other downstream
NLP tasks. This pretrain-and-fine-tune paradigm
has since become ubiquitous in modern NLP and
has inspired a large and active area of research in
model pretraining. Multilingual versions of these
pretrained models have since been developed and
are often used with transfer learning techniques
to increase performance for tasks where data is
limited (e.g. mBERT from Devlin et al. 2019).

The intersection of distributed learning from pri-
vate data partitions and PLMs is still a nascent area.
Several works have explored more efficient meth-
ods of federated communication with the purpose
of enabling these larger NLP models for produc-
tion situations (Sui et al., 2020; Wu et al., 2021).
Our work is orthogonal to these (and could be com-
bined in future work), as we explore the effects of
multilingual data on PLM FL, rather than creating
methods to enable their use. Other papers focus on
the gap between federated learning performance
and centralized performance, evaluating on a wide
variety of English NLP tasks (Liu and Miller, 2020;
Lin et al., 2021; Chen et al., 2021). Although they
focus on differential privacy (DP) rather than FL,
Li et al. (2021) find that direct PLM training is
difficult with standard DP methods, but that fine-
tuning PLMs on English data is possible with pri-
vate learning techniques. We differ from all these
works by studying private learning, specifically FL,

for PLMs in the novel multilingual setting.

3 Experimental Design

3.1 Federated Learning Methods

We use FederatedAveraging as the pri-
mary learning algorithm (McMahan et al., 2017).
FederatedAveraging was introduced along-
side the term Federated Learning and has been stud-
ied in both learning theory research (Stich, 2019)
and applied work (Hard et al., 2018; Lin et al.,
2021). In this algorithm, each client runs stochas-
tic gradient descent (SGD) on its local data. After
a specified number of steps, the client transmits
its local model to the server, which averages these
updates into a single centralized set of parameters.
The server then broadcasts the centralized parame-
ters to each client and the process repeats.

3.2 Client Partitioning

We consider three different training settings: stan-
dard training with no FL (e.g. centralized or C), FL
with IID data (FL IID or I), where the data for each
client is sampled randomly from all data, and FL
with non-IID data (FL non-IID or N) where each
client only sees data for one language (or for MT,
one direction). See Figure 1 for a visual depiction
of these three client partitioning schemes.

3.3 Data

We study three multilingual language tasks, due
to their common use in the community: language
modeling (LM), machine translation (MT), and
text classification (TC). We note that the data we
use for training is relatively small; however, this
mirrors pratical FL, as each client will not have a
large amount of data. We measure scores using
perplexity (PPL) for LM, BLEU (Papineni et al.,
2002) for MT, and accuracy for TC.

Europarl We use the Europarl corpus (Koehn
et al., 2005) taken from transcripts of European
Union meetings. We sample data from eight lan-
guages: English, Spanish, Portuguese, French, Ger-
man, Finnish, Polish, Lithuanian, and Czech. We
sample 20k of each language for training and 5k
for validation/testing, and use it for the LM task.

MTNT We use the Machine Translation of Noisy
Text (MTNT) dataset (Michel and Neubig, 2018),
which was the testset for the 2019 WMT robust-
ness challenge. MTNT was gathered from user
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Figure 2: An overview of the language modeling results. Bars indicate the average language perplexity (PPL) over
8 languages for the Europarl dataset and 6 languages for the UN corpus. Lower is better.

Europarl UN
M En Cs Lt Es Pl Fi Pt De Avg En Es Fr Ru Zh Ar Avg

B 26.2 34.8 40.1 20.0 20.0 26.6 25.5 22.1 26.9 22.3 15.0 17.2 9.8 18.1 14.7 16.2

C 19.3 4.5 3.9 8.3 4.7 4.9 7.0 10.8 7.9 9.0 5.2 8.2 *3.9 *4.3 *4.6 *5.9
I 26.6 5.4 *4.3 11.2 5.8 5.7 8.9 15.1 10.4 *9.1 5.2 *8.4 3.7 3.9 4.5 5.8
N 50.6 7.1 11.9 16.0 17.7 12.1 35.6 21.7 21.6 12.8 11.5 14.6 9.3 8.2 8.3 10.8

C 12.1 3.7 3.3 13.9 4.7 4.0 4.8 *6.8 6.7 *7.0 *4.1 4.9 *2.9 *3.3 *3.6 4.3
I 10.5 *4.0 4.2 *6.1 3.8 4.5 *5.6 *6.9 *5.7 6.5 3.9 5.7 2.8 3.2 3.5 4.3
N 8.8 3.7 3.9 6.0 3.8 *4.4 *5.6 6.7 5.4 *7.1 4.5 6.2 *3.2 4.2 4.0 *4.9

Table 1: Results for FL experiments on the LM task. Bold scores indicate the best in the column for the given
section. Scores are measured in perplexity (lower is better). The top row (B) is a baseline using the pretrained model
with no fine-tuning. The middle rows are trained from randomly-initialized models while the bottom rows tune
the pretrained model on task data. Due to space we abbreviate: C for Centralized, I for IID FL, and N for non-IID
FL. We sample the mask distribution with 5 seeds and report the mean (standard deviations can be found in the
Appendix, Tables 4 and 5). Asterisks indicate scores within 2 standard deviations of the best.

comments on Reddit discussion threads and con-
tains noisy text including typos, casual language,
and niche terminology. The dataset contains two
non-English languages that we use: En→ Fr and
En → Ja. This dataset has been used to test MT
systems for robustness to domain shift (Li et al.,
2019) and is suitable for our experiments since FL
deals with client data that is uniquely shifted from
centralized data. For more details on MTNT data
preprocessing for M2M-100, see Appendix C.

UN Corpus The UN Corpus (Ziemski et al.,
2016) consists of official records from the UN
proceedings over the years 1990 to 2014, in six
languages: English, French, Spanish, Russian, Chi-
nese, and Arabic. We use this data for LM (with
50k instances of training data per language and 5k
for validation/testing) as well as three MT direc-
tions covering 6 languages (En→ Fr, Ar→ Es, Ru
→ Zh). Following previous work in MT adaption
(see MTNT above) we sample 10k in each direction
for training and 5k each for evaluation sets.

NC Corpus For text classification we use the
News Classification (NC) dataset from the XGLUE

benchmark for cross-lingual language understand-
ing (Liang et al., 2020). This is a classification
problem with 10 classes across 5 languages: En-
glish, Spanish, French, German, and Russian. We
predict the article category given the article title and
body (e.g. finance, sports, travel). Since only 10k
annotated examples are available for each language
(excluding the official test set), we sample 8k in-
stances for training and 1k for evaluation sets. Note
that although XGLUE is made for cross-lingual
evaluation, we use it for multilingual evaluation.

3.4 Modeling

For language modeling and text classification, we
examine two different initialization settings: (1)
fine-tuning from a pretrained multilingual model or
(2) training the same multilingual model architec-
ture but doing so with randomly initialized weights.
For the MT experiments, we omit the randomly-
initialized results as MT systems generally need
large amounts of data to produce good results (see
Appendix B for more details).

Our base model for the LM task is a distilled
version of the mBERT model (134M parameters),
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MTNT UN
Method En-Fr En-Ja Avg En-Fr Ar-Es Ru-Zh Avg

No Training 30.7 14.1 22.4 31.4 27.4 27.9 28.9

Centralized 31.8 *15.4 23.6 37.3 35.9 34.1 35.8
IID FL 33.1 15.6 24.4 38.6 36.9 *35.6 37.0
non-IID FL *32.9 15.6 24.3 37.9 *36.6 35.7 36.7

Table 2: Results for FL experiments on the Machine Translation task. Bold scores indicate the best in the column,
while asterisks indicate scores that are statistically similar to the best according to a paired bootstrap resampling test.
Scores are measured with sacreBLEU (Post, 2018), higher is better.

Method En Es Fr De Ru Avg

Centralized 86.6 ± 0.3 77.5 ± 1.2 74.9 ± 1.6 *82.3 ± 1.6 80.7 ± 0.7 80.4 ± 0.6
IID FL 88.0 ± 0.6 79.8 ± 0.5 76.4 ± 0.6 82.6 ± 0.6 82.5 ± 0.4 81.8 ± 0.3
non-IID FL 81.0 ± 0.9 69.3 ± 1.6 73.7 ± 1.0 76.0 ± 0.3 71.9 ± 1.1 74.4 ± 0.5

Centralized 93.5 ± 0.7 *86.3 ± 0.5 82.9 ± 0.3 89.6 ± 0.1 *88.5 ± 0.4 *88.1 ± 0.2
IID FL 94.0 ± 0.2 86.9 ± 1.1 82.1 ± 0.7 89.6 ± 0.2 89.1 ± 1.2 88.3 ± 0.3
non-IID FL 92.5 ± 0.1 *86.1 ± 0.6 81.4 ± 0.3 88.8 ± 0.1 84.5 ± 0.7 86.7 ± 0.1

Table 3: Results for FL experiments on the Text Classification task. Bold scores indicate the best in the column,
while asterisks indicate scores within two standard deviations of the best. Scores are the mean of training with 3
different seeds, ± denotes the standard deviation. Scores are measured with accuracy, higher is better. The top rows
are trained from random initialization while the bottom rows initialize from the pretrained model.

shown to perform well across many languages
(Sanh et al., 2019; Devlin et al., 2019) while be-
ing smaller than the full mBERT.2 For MT, we use
the M2M-100 model (Fan et al., 2020) with 418M
parameters, a many-to-many MT model that can
translate between any pairing of 100 languages.
For text classification, we use the XLM-RoBERTa
base sized model (270M parameters). We note
that although there are other PLMs to consider, we
focus on testing a varied set of commonly used,
high-performing PLMs.

3.5 Training
We use the Flower framework (Beutel et al., 2020)
for federated training and evaluation due to its ease
of use and strong community support. We use Hug-
ging Face’s transformers library (Wolf et al., 2019)
for loading pretrained models and PyTorch as the
underlying differentiation framework (Paszke et al.,
2019). We train each LM model for 100 epochs
if pretrained or 200 epochs if randomly initialized.
For MT, we train for 25 epochs and for TC we train

2We note that mBERT uses masked language modeling
(MLM) instead of standard language modeling, however, for
the purposes of our analysis (as we do not seek to compare
direct scores to previous work) MLM suffices. Furthermore,
most multilingual PLMs train via some version of MLM.

for 10 epochs if pretrained and 50 epochs if ran-
domly initialized. For other hyperparameters and
compute settings, see Appendix A.

4 Results

Language Modeling In Figure 2 we see the over-
all results of the language modeling task across the
two datasets. As expected, the randomly initialized
models perform much worse than the pretrained
models. The gap between between FL and cen-
tralized methods is smaller when using pretrained
models, indicating that pretrained models are an
effective initialization for federated learning.

In Table 1 we show results broken down by lan-
guage. Since the fine-tuning task is the same as the
pretraining objective (masked language modeling),
we can use the pretrained model as a baseline (top
row, B). In the randomly initialized category, the
centralized model is the same or better than the
FL methods in every single language, across both
datasets. In the pretrained section the results are
more mixed, with the centralized model winning or
tying in 5 of the 8 Europarl languages and obtaining
similar scores on the UN corpus. We also see that
the randomly initialized non-IID model appears to
diverge for some of the Europarl languages.
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Examining the difference between IID FL and
non-IID FL, we see that IID FL performs better
on average in three of the four settings. However,
when initializing with a pretrained model, the per-
formance gap narrows.

Machine Translation Table 2 exhibits results on
tuning a machine translation model on a domain
specific dataset. We see that on the MTNT dataset,
both FL algorithms actually outperform centralized
learning (24.4 avg. BLEU for IID FL vs 23.6 for
Centralized). The scores on Japanese are very sim-
ilar for all models, possibly reflecting the difficulty
of the task. On the UN corpus, we see again that
the IID FL model performs best.

Since the fine-tuning task matches the original
M2M-100 task, we can use the pretrained model di-
rectly as a baseline. In all cases, fine-tuning shows
an improvement (first row, No Training baseline).
Note that our scores are not directly comparable to
other work as we use a smaller training set.

Text Classification Table 3 shows results on text
classification. We see that when initialized ran-
domly, non-IID FL shows a large drop in perfor-
mance compared to the two other methods (i.e.
more than 5 points worse than the Centralized
method). Initializing with the pretrained model
yields a modest though consistent improvement for
all three models (80.4% accuracy vs 88.3% accu-
racy for Centralized).3 Furthermore, with a pre-
trained initialization the non-IID FL method scores
become significantly closer to the other two meth-
ods, with less than a two point difference between
them (86.7% non-IID FL vs 88.3% IID FL).

Discussion Our examination of multilingual FL
indicates that performance is similar when pre-
trained models are used. Despite the fact that local
models are averaged together, non-IID data parti-
tioning (where each client sees only one language)
has only a small impact on final multilingual per-
formance, when using pretrained models. These
findings suggest that, when possible, practitioners
who need multilingual federated learning should
employ pretrained models in order to gain the pri-
vacy benefits of federated learning, without taking
much (if any) of a performance loss to do so.

In several cases, we found that IID FL or non-
IID FL could even outperform centralized learn-

3Note that although the setups are not the same (e.g.
XGLUE is cross-lingual rather than multilingual) our scores
are slightly higher than those reported in the original paper.

ing. We leave investigation of this phenomena for
future work but note a couple of possible expla-
nations. First, FL with FederatedAveraging
may have similar implicit regularization effects to
checkpoint averaging, a common technique when
using transformer models (noted in Vaswani et al.
2017, Edunov et al. 2018, etc.). Furthermore, there
may be other regularization effects during feder-
ated fine-tuning, as transformer training is known
to be unstable and sensitive to optimization choices
(Mosbach et al. 2020, Nguyen and Salazar 2019).

Overall, our analysis shows that our conclusions
hold for different multilingual models, on disparate
NLP tasks, and across 13 different languages. We
acknowledge that the languages used in this study
are generally considered higher-resource, but ex-
pect that these conclusions will continue to hold
as long as the pretrained model is effective on the
target language (or language pairs, for MT).

5 Conclusion

In this work we provided the first analysis of mul-
tilingual language data on federated learning al-
gorithms. We found that fine-tuning a pretrained
model with FL methods can yield similar perfor-
mance to centralized learning, even when clients
are partitioned by language (non-IID FL). How-
ever, models trained from random initializations
still show a large gap between centralized and fed-
erated learning. Our results suggest that learning
on private partitioned data is possible without hav-
ing to incur a large performance penalty. We hope
that these results will aid practitioners in using FL
(and also downstream consumers) and inspire the
broader community to consider multilingual data
in future federated learning research for natural
language processing.
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A Hyperparameters

Each LM experiment ran for approximately a day
each on a 6 GPU cluster of RTX 6000 GPUs with
24GB of memory per GPU. The MT experiments
took approximately 12 hours each and the TC ex-
periments took around 3 hours each, all on the same
cluster.

We use the AdamW optimizer (Loshchilov and
Hutter, 2017; Kingma and Ba, 2014) for all exper-
iments (shown to be effective for FL in Lin et al.
2021). Each client goes through a full epoch of
local learning before synchronizing with the server.

For MT, we report results using the 5e-5 learning
rate, as we found in initial results (as have others
also, see Appendix B of Stickland et al. (2020) as
one example) that MT experiments are generally
consistent over learning rates when fine-tuning. For
language modeling and text classification, we use
three different learning rates (1e-4, 5e-5, 1e-5). All
models were selected using the best performing
version on the validation set, for the given model
and training setting. For both tasks, we use early
stopping (5 epochs of no improvement for MT and
TC, 10 epochs for LM).

We use the standard sacreBLEU settings:
nrefs:1, mixed case, eff:no, tok:13a, smooth:exp,
and version 2.0.0. For Ja and Zh we use their re-
spective tokenizers.

B Randomly Initialized MT

We do not report results for randomly initialized
training of MT systems, as large neural MT systems
generally need large amounts of data to be effective.
We ran experiments for the MTNT dataset from
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random initializations, running for twice as many
epochs. Resulting models appeared to converge by
loss but had extremely low BLEU scores. Thus, we
only include pretrained results in Table 2.

C MTNT Data Preprocessing for
M2M-100

M2M-100 was trained using scripts that removed
input with “excess punctuation." We follow this in
preparing MTNT training data. We use all En→
Ja data (consisting of approximately 6k instances)
and take the corresponding En→ Fr instances, ran-
domly sampling additional instances until there are
the same number of instances in each direction. We
sample an equal number of training instances as we
are testing the effects of multilingual data, rather
than unequal dataset sizes. We then remove the
training instances with excess punctuation (or sen-
tences less than 3 characters) following the M2M-
100 script. This leaves 5605 instances in each di-
rection for training. We use the standard MTNT
dev and test sets, as-is, consisting of approximately
1k data points.

D Full LM Results

We show the full results of the LM experiments,
with standard deviations over five random seeds in
Tables 4 and 5.
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Europarl
M En Cs Lt Es Pl Fi Pt De Avg

B 26.2 ± 2.4 34.8 ± 1.8 40.1 ± 2.3 20.0 ± 1.3 20.0 ± 1.3 26.6 ± 1.4 25.5 ± 2.0 22.1 ± 1.8 26.9 ± 1.8

C 19.3 ± 1.5 4.5 ± 0.4 3.9 ± 0.3 8.3 ± 0.7 4.7 ± 0.3 4.9 ± 0.3 7.0 ± 0.6 10.8 ± 0.8 7.9 ± 0.6
I 26.6 ± 1.7 5.4 ± 0.4 4.3 ± 0.3 11.2 ± 0.9 5.8 ± 0.4 5.7 ± 0.3 8.9 ± 0.7 15.1 ± 1.1 10.4 ± 0.7
N 50.6 ± 2.9 7.1 ± 0.5 11.9 ± 0.9 16.0 ± 1.2 17.7 ± 1.2 12.1 ± 0.7 35.6 ± 2.8 21.7 ± 1.4 21.6 ± 1.4

C 12.1 ± 0.9 3.7 ± 0.3 3.3 ± 0.2 13.9 ± 1.2 4.7 ± 0.4 4.0 ± 0.2 4.8 ± 0.4 6.8 ± 0.6 6.7 ± 0.5
I 10.5 ± 0.9 4.0 ± 0.3 4.2 ± 0.3 6.1 ± 0.5 3.8 ± 0.3 4.5 ± 0.3 5.6 ± 0.4 6.9 ± 0.5 5.7 ± 0.4
N 8.8 ± 0.6 3.7 ± 0.3 3.9 ± 0.3 6.0 ± 0.5 3.8 ± 0.3 4.4 ± 0.3 5.6 ± 0.4 6.7 ± 0.5 5.4 ± 0.4

Table 4: Results for the LM FL experiments on the Europarl Corpus. Bold scores indicate the best in the column
for the given section. Scores are measured in perplexity (lower is better). The top row (B) is a baseline using the
pretrained model with no further tuning. The middle rows are trained from randomly-initialized models while the
bottom rows tune the pretrained model on task data. Due to space we abbreviate: C for Centralized, I for IID FL,
and N for non-IID FL.

UN
M En Es Fr Ru Zh Ar Avg

B 22.3 ± 2.0 15.0 ± 0.9 17.2 ± 1.1 9.8 ± 0.6 18.1 ± 1.0 14.7 ± 0.8 16.2 ± 1.0

C 9.0 ± 0.6 5.2 ± 0.3 8.2 ± 0.5 3.9 ± 0.3 4.3 ± 0.2 4.6 ± 0.3 5.9 ± 0.4
I 9.1 ± 0.7 5.2 ± 0.3 8.4 ± 0.4 3.7 ± 0.3 3.9 ± 0.2 4.5 ± 0.2 5.8 ± 0.3
N 12.8 ± 0.9 11.5 ± 0.7 14.6 ± 0.8 9.3 ± 0.7 8.2 ± 0.5 8.3 ± 0.4 10.8 ± 0.6

C 7.0 ± 0.5 4.1 ± 0.2 4.9 ± 0.3 2.9 ± 0.2 3.3 ± 0.2 3.6 ± 0.2 4.3 ± 0.3
I 6.5 ± 0.5 3.9 ± 0.2 5.7 ± 0.3 2.8 ± 0.2 3.2 ± 0.2 3.5 ± 0.2 4.3 ± 0.3
N 7.1 ± 0.5 4.5 ± 0.3 6.2 ± 0.3 3.2 ± 0.2 4.2 ± 0.2 4.0 ± 0.2 4.9 ± 0.3

Table 5: Results for the LM FL experiments on the UN Corpus. Bold scores indicate the best in the column for the
given section. Scores are measured in perplexity (lower is better). The top row (B) is a baseline using the pretrained
model with no further tuning. The middle rows are trained from randomly-initialized models while the bottom rows
tune the pretrained model on task data. Due to space we abbreviate: C for Centralized, I for IID FL, and N for
non-IID FL.
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Abstract

While pre-trained language model (PLM) fine-
tuning has achieved strong performance in
many NLP tasks, the fine-tuning stage can be
still demanding in labeled data. Recent works
have resorted to active fine-tuning to improve
the label efficiency of PLM fine-tuning, but
none of them investigate the potential of un-
labeled data. We propose ACTUNE, a new
framework that leverages unlabeled data to
improve the label efficiency of active PLM
fine-tuning. ACTUNE switches between data
annotation and model self-training based on
uncertainty: it selects high-uncertainty unla-
beled samples for active annotation and low-
uncertainty ones for model self-training. Un-
der this framework, we design (1) a region-
aware sampling strategy that reduces redun-
dancy when actively querying for annotations
and (2) a momentum-based memory bank that
dynamically aggregates the model’s pseudo la-
bels to suppress label noise in self-training.
Experiments on 6 text classification datasets
show that ACTUNE outperforms the strongest
active learning and self-training baselines and
improves the label efficiency of PLM fine-
tuning by 56.2% on average. Our imple-
mentation is available at https://github.
com/yueyu1030/actune.

1 Introduction

Fine-tuning pre-trained language models (PLMs)
has achieved much success in natural language
processing (NLP) (Devlin et al., 2019; Liu et al.,
2019; Brown et al., 2020). One benefit of PLM
fine-tuning is the promising performance it offers
when consuming only a few labeled data (Bansal
et al., 2020; Gao et al., 2021). However, there
are still significant gaps between few-shot and
fully-supervised PLM fine-tuning in many tasks.
Besides, the performance of few-shot PLM fine-
tuning can be sensitive to different sets of training
data (Bragg et al., 2021). Therefore, there is a

crucial need for approaches that make PLM fine-
tuning more label-efficient and robust to selection
of training data, especially for applications where
labeled data are scarce and expensive to obtain.

Towards this goal, researchers have recently re-
sorted to active fine-tuning of PLMs and achieved
comparable performance to fully-supervised meth-
ods with much less annotated samples (Ein-Dor
et al., 2020; Margatina et al., 2021a,b; Yuan et al.,
2020). Nevertheless, they usually neglect unlabeled
data, which can be useful for improving label effi-
ciency for PLM fine-tuning (Du et al., 2021). To
incorporate unlabeled data into active learning, ef-
forts have been made in the semi-supervised active
learning literature (Wang et al., 2016; Rottmann
et al., 2018; Siméoni et al., 2020). However, the
query strategies proposed in these works can return
highly redundant samples due to limited representa-
tion power, resulting in suboptimal label efficiency.
Moreover, they usually rely on pseudo-labeling
to utilize unlabeled data, which requires greater
(yet often absent) care to denoise the pseudo la-
bels, otherwise the errors could accumulate and
hurt model performance. This issue can be even
more severe for PLMs, as the fine-tuning process is
often sensitive to different weight initialization and
data orderings (Dodge et al., 2020). Thus, it still
remains open and challenging to design robust and
label efficient method for active PLM fine-tuning.

To tackle the above challenges, we propose AC-
TUNE, a new method that improves the label effi-
ciency and robustness of active PLM fine-tuning.
Based on the estimated model uncertainty, AC-
TUNE tightly couples active learning with self-
training in each learning round: (1) when the
average uncertainty of a region is low, we trust
the model’s predictions and select its most certain
predictions within the region for self-training; (2)
when the average uncertainty of a region is high,
indicating inadequate observations for parameter
learning, we actively annotate its most uncertain
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samples within the region to improve model per-
formance. Different from existing AL methods
that only leverage uncertainty for querying labels,
our uncertainty-driven self-training paradigm grad-
ually leverages unlabeled data with low uncertainty
via self-training, while reducing the chance of er-
ror propagation triggered by highly-uncertain mis-
labeled data.

To further boost model performance for AC-
TUNE, we design two techniques to improve the
query strategy and suppress label noise, namely
region-aware sampling (RS) and momentum-based
memory bank (MMB). Inspired by the fact that
existing uncertainty-based AL methods often end
up with choosing uncertain yet repetitive data (Ein-
Dor et al., 2020; Margatina et al., 2021b), we de-
sign the region-aware sampling technique to pro-
mote both diversity and representativeness by lever-
aging the representation power of PLMs. Specifi-
cally, we first estimate the uncertainties of the unla-
beled data with PLMs, then cluster the data using
their PLM representations and weigh the data by
the corresponding uncertainty. Such a clustering
scheme partitions the embedding space into small
sub-regions with an emphasis on highly-uncertain
samples. Finally, by sampling over multiple high-
uncertainty regions, our strategy selects data with
high uncertainty and low redundancy.

To rectify the erroneous pseudo labels derived
by self-training, we design a simple but effec-
tive way to select low-uncertainty data for self-
training. Our method is motivated by the fact that
fine-tuning PLMs suffer from instability issues —
different initializations and data orders can lead
to large variance in model performance (Dodge
et al., 2020; Zhang et al., 2020b; Mosbach et al.,
2021). However, previous approaches only select
pseudo-labeled data based on the prediction of the
current round and are thus less reliable. In con-
trast, we maintain a dynamic memory bank to save
the predictions of unlabeled samples for later use.
We propose a momentum updating method to dy-
namically aggregate the predictions from preced-
ing rounds (Laine and Aila, 2016) and select low-
uncertainty samples based on aggregated predic-
tion. As a result, only the samples with high predic-
tion confidence over multiple rounds will be used
for self-training, which mitigates the issue of label
noise. We highlight that our active self-training
approach is an efficient substitution to existing AL
methods, requiring little extra computational cost.

Our key contributions are: (1) an active self-
training paradigm ACTUNE that integrates self-
training and active learning to minimize the label-
ing cost for fine-tuning PLMs; (2) a region-aware
querying strategy to enforce both the informative-
ness and the diversity of queried samples during
AL; (3) a simple and effective momentum-based
method to leverage the predictions in preceding
rounds to alleviate the label noise in self-training
and (4) experiments on 6 benchmarks demonstrat-
ing ACTUNE improves the label efficiency over
existing self-training and active learning baselines
by 56.2%.

2 Uncertainty-aware Active Self-training
2.1 Problem Formulation
We study active fine-tuning of pre-trained lan-
guage models for text classification, formulated
as follows: Given a small number of labeled sam-
ples Xl = {(xi, yi)}Li=1 and unlabeled samples
Xu = {xj}Uj=1 (|Xl| � |Xu|), we aim to fine-tune
a pre-trained language model f(x; θ) : X → Y in
an interactive way: we perform active self-training
for T rounds with the total labeling budget b. In
each round, we aim to query B = b/T samples
denoted as B from Xu to fine-tune a pre-trained
language model f(x; θ) with both Xl,B and Xu
to maximize the performance on downstream text
classification tasks. Here X = Xl ∪ Xu denotes
all samples, and Y = {1, 2, · · · , C} is the label set
where C is the number of classes.

2.2 Overview of ACTUNE Framework
We now present our active self-training paradigm
ACTUNE underpinned by estimated uncertainty.
We begin the active self-training loop by fine-
tuning a BERT f(θ(0)) on the initial labeled data
XL. Formally, we solve the following optimization
problem

min
θ

1

|XL|
∑

(xi,yi)∈XL
`CE

(
f(xi; θ

(0)), yi

)
. (1)

In round t (1 ≤ t ≤ T ) of active self-training, we
first calculate the uncertainty score based on a given
function a(t)i = a(xi, θ

(t)) 1 for all xi ∈ Xu. Then,
we query labeled samples and generate pseudo-
labels for unlabeled data Xu simultaneously to
facilitate self-training. For each sample xi, the
pseudo-label ỹ is calculated based on the current

1Note that ACTUNE is agnostic to the way uncertainty
score a(t)i is computed.
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Algorithm 1: Training Procedures of ACTUNE.
Input: Initial labeled samples Xl; Unlabeled samples

Xu; Pre-trained LM f(·; θ), number of active
self-training rounds T .

// Fine-tune the LM with initial labeled data.
1. Calculate θ(0) based on Eq. (1).
2. Initialize the memory bank g(x; θt) based on the

current prediction.
// Conduct active self-training with all data.
for t = 1, 2, · · · , T do

1. Run weighted K-Means (Eq. (3), (4)) until
convergence.

2. Select sample setQ(t) for AL and S(t) for
self-training from Xu based on Eq. (11) or (13).

3. Augment the labeled set XL = XL ∪Q(t).
4. Obtain θ(t) by finetuning f(·; θt) with LST (

Eq. (14)) using AdamW.
5. Update memory bank g(x; θt) with Eq. (10)
or (12).

Output: The final fine-tuned model f(·; θT ).

model’s output:
ỹ = argmax

j∈Y

[
f(x; θ(t))

]
j
, (2)

where f(x; θ(t)) ∈ RC is a probability simplex
and [f(x; θ(t))]j is the j-th entry. The procedure
of ACTUNE is summarized in Algorithm 1.

2.3 Region-aware Sampling for Active
Learning on High-uncertainty Data

After obtaining the uncertainty for unlabeled data,
we aim to query annotation for high-uncertainty
samples. However, directly sampling the most un-
certain samples gives suboptimal results as it tends
to query repetitive data (Ein-Dor et al., 2020) that
represent the overall data distribution poorly.

To tackle this issue, we propose region-aware
sampling to capture both uncertainty and diversity
during active self-training. Specifically, in the t-
th round, we first conduct the weighted K-means
clustering (Huang et al., 2005), which weights sam-
ples based on their uncertainty. Denote by K the
number of clusters and v(t)i = BERT(xi) the repre-
sentation of xi from the penultimate layer of BERT.
The weighted K-means process first initializes the
center of each each cluster µi(1 ≤ i ≤ K) via
K-Means++ (Arthur and Vassilvitskii, 2007). Then,
it jointly updates the centroid of each cluster and
assigns each sample to cluster ci as

c
(t)
i = argmin

k=1,...,K
‖vi − µk‖2 , (3)

µ
(t)
k =

∑
xi∈C(t)k

a(xi, θ
(t)) · v(t)i

∑
x∈C(t)k

a(xi, θ(t))
(4)

where C(t)k = {x(t)
i |c

(t)
i = k}(k = 1, . . . ,K)

stands for the k-th cluster. The above two steps in
Eq. (3), (4) are repeated until convergence. Com-
pared with vanilla K-Means method, the weighting
scheme increases the density of the samples with
high uncertainty, thus enabling the K-Means meth-
ods to discover clusters with high uncertainty. After
obtaining K regions with the corresponding data
C(t)k , we calculate the uncertainty of each region as

u
(t)
k = U(C(t)k ) + βI(C(t)k ) (5)

where
U(C(t)k ) =

1

|C(t)k |
∑

xi∈C(t)k

a(xi, θ
(t)), (6)

is the average uncertainty of samples and
I(C(t)k ) = −

∑

j∈C
f
(t)
j log f

(t)
j (7)

is the inter-class diversity within cluster k and
f
(t)
j =

∑
i 1{ỹi=j}
|C(t)k |

is the frequency of class j on

cluster k. Notably, the term U(C(t)k ) assigns higher
score for clusters with more uncertain samples, and
I(C(t)k ) grants higher scores for clusters containing
samples with more diverse predicted classes from
pseudo labels since such clusters would be closer
to the decision boundary.

Then, we rank the clusters in an ascending order
in u(t)k . A high score indicates high uncertainty of
the model in these regions, and we need to actively
annotate the member instances to reduce uncer-
tainty and improve the model’s performance. We
adopt a hierarchical sampling strategy: we first se-
lect the M clusters with the highest uncertainty,
and then sample b′ = b BM c data with the highest
uncertainty to form the batch Q(t).2

K(t)
a = top-M

k∈{1,...,K}
u
(t)
k ,

Q(t) =
⋃

k∈K(t)
a

C(t)a,k where C(t)a,k = Top-b′

xi∈C(t)k

a(xi, θ
(t)).

(8)
We remark that such a hierarchical sampling strat-
egy queries most uncertain samples from differ-
ent regions, thus the uncertainty and diversity of
queried samples can be both achieved.

2If the number of samples in the i-th cluster Ci is smaller
than b′, then we sample all the data within Ci and increase the
budget for the (i+ 1)-th cluster by b′ − |Ci|.
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2.4 Self-training over Confident Samples
from Low-uncertainty Regions

For self-training, we aim to select unlabeled sam-
ples which are most likely to have been correctly
classified by the current model. This requires the
sample to have low uncertainty. Therefore, we
select the top k samples from the M lowest uncer-
tainty regions to form the acquired batch S(t):

C(t)s =
⋃

k∈K(t)
s

C(t)k where K(t)
s = bottom-M

k∈{1,...,K}
u
(t)
k ,

S(t) = bottom-k
xi∈C(t)s

a(xi, θ
(t)).

(9)

Momentum-based Memory Bank for Self-
training. As PLMs are sensitive to the stochas-
ticity involved in fine-tuning, the model suffers
from the instability issue — different weight ini-
tialization and data orders may result in different
predictions on the same dataset (Dodge et al., 2020).
Additionally, if the model gives inconsistent pre-
dictions in different rounds for a specific sample,
then it is potentially uncertain about the sample,
and adding it to the training set may harm the ac-
tive self-training process. For example, for a two-
class classification problem, suppose we obtain
f(x; θ(t−1)) = [0.65, 0.35] for sample x the round
(t−1) and f(x; θ(t)) = [0.05, 0.95] for the round t.
Although the model is quite ‘confident’ on the class
of x when we only consider the result of the round
t, it gives contradictory predictions over these two
consecutive rounds, which indicates that the model
is actually uncertain to which class x belongs.

To effectively mitigate the noise and stabilize the
active self-training process, we maintain a dynamic
memory bank to save the results from previous
rounds, and use momentum update (He et al., 2020;
Laine and Aila, 2016) to aggregate the results from
both the previous and current rounds. Then, during
active self-training, we will select samples with the
highest aggregated score. In this way, only those
samples that the model is certain about over all pre-
vious rounds will be selected for self-training. We
design two variants for the memory bank, namely
prediction-based and value-based aggregation.
Prediction based Momentum Update. We adopt
an exponential moving average approach to aggre-
gate the prediction g(x; θ(t)) on round t as

g(x; θ(t)) = mtf(x; θ
(t)) + (1−mt)g(x; θ

(t−1)),

(10)
where mt = (1 − t

T )mL + t
TmH (0 < mL ≤

mH ≤ 1) is a momentum coefficient. We gradu-
ally increase the weight for models on later rounds,

since they are trained with more labeled data
thus being able to provide more reliable predic-
tions. Then, we calculate the uncertainty based on
g(x; θ(t)) and rewrite Eq. (9) and (2) as

S(t) = bottom-k
xi∈C(t)s

a
(
xi, g(x; θ

(t)), θ(t)
)

ỹ = argmax
j∈Y

[
g(x; θ(t))

]
j
,

(11)

Value-based Momentum Update. For methods
that do not directly use prediction for uncertainty
estimation, we aggregate the uncertainty value as
g(x; θ(t)) = mta(x; θ

(t)) + (1−mt)g(x; θ
(t−1)). (12)

Then, we use Eq. (12) to sample low-uncertainty
data for self-training as3

S(t) = bottom-k
xi∈C(t)s

g(xi, θ
(t)),

ỹ = argmax
j∈Y

[
f(x; θ(t))

]
j
.

(13)

By aggregating the prediction results over previ-
ous rounds, we filter the sample with inconsistent
predictions to suppress noisy labels.

2.5 Model Learning and Update
After obtaining both the labeled data and pseudo-
labeled data, we fine-tune a new pre-trained BERT
model θ(t+1) on them. Although we only include
low-uncertainty samples during self-training, it is
difficult to eliminate all the wrong pseudo-labels,
and such mislabeled samples can still hurt model
performance. To suppress such label noise, we
use a threshold-based strategy to further remove
noisy labels by selecting samples that agree with
the corresponding pseudo labels. The loss objective
of optimizing θ(t+1) is

LST =
1

|L(t)|
∑

xi∈L(t)

`CE

(
f(xi; θ

(t+1)), yi
)

+
λ

|S(t)|
∑

x̃i∈S(t)

ωi`CE

(
f(x̃i; θ

(t+1)), ỹi
)
,

(14)

where L(t) = XL ∪ Q(t) is the labeled set,
λ is a hyper-parameter balancing the weight
between clean and pseudo labels, and ωi =
1{
[
f(xi; θ

(t+1))
]
ỹi
> γ} stands for the thresh-

olding function.
Complexity Analysis. The running time of AC-
TUNE is mainly consisted of two parts: the in-
ference time O(|Xu|) and the time for K-Means
clustering O(dK|Xu|), where d is the dimension
of the BERT feature v. For self-training, the size

3Other choices such as soft pseudo label (Xie et al., 2020;
Liang et al., 2020) is also applicable.
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Dataset Label Type # Class # Train # Dev #Test

SST-2 Sentiment 2 60.6k 0.8k 1.8k
AG News News Topic 4 119k 1k 7.6k
Pubmed Medical Abstract 5 180k 1k 30.1k
DBPedia Wikipedia Topic 14 280k 1k 70k

TREC Question 6 5.0k 0.5k 0.5k
Chemprot Medical Abstract 10 12.8k 0.5k 1.6k

Table 1: Dataset Statistics. For DBPedia, we randomly
sample 20k sample from each class due to the limited
computational resource.

of the memory bank g(x; θ) is proportional to |Xu|,
while the extra computation of maintaining this dic-
tionary is ignorable since we do not inference over
the unlabeled data for multiple times in each round
as BALD (Gal et al., 2017) does. The running time
of ACTUNE will be shown in section C.

3 Experiments
3.1 Experiment Setup
Tasks and Datasets. In our main experiments,
we use 4 datasets, including SST-2 (Socher et al.,
2013) for sentiment analysis, AGNews (Zhang
et al., 2015) for news topic classification, Pubmed-
RCT (Dernoncourt and Lee, 2017) for medical ab-
stract classification, and DBPedia (Zhang et al.,
2015) for wikipedia topic classification. For
weakly-supervised text classification, we choose
2 datasets, namely TREC (Li and Roth, 2002)
and Chemprot (Krallinger et al., 2017) from the
WRENCH benchmark (Zhang et al., 2021) for eval-
uation. The statistics are shown in Table 1.
Active Learning Setups. Following (Yuan et al.,
2020), we set the number of rounds T = 10, the
overall budget for all datasets b = 1000 and the ini-
tial size of the labeled |Xl| is set to 100. In each AL
round, we sample a batch of 100 samples from the
unlabeled set Xu and query their labels. Since large
development sets are impractical in low-resource
settings (Kann et al., 2019), we keep the size of
development set as 1000, which is the same as the
labeling budget4. For weakly-supervised text clas-
sification, since the datasets are much smaller, we
keep the labeling budget and the size of develop-
ment set to b = 500.
Implementation Details. We choose RoBERTa-
base (Liu et al., 2019) from the HuggingFace code-
base (Wolf et al., 2020) as the backbone for AC-
TUNE and all baselines except for Pubmed and
Chemprot, where we use SciBERT (Beltagy et al.,
2019), a BERT model pre-trained on scientific cor-

4This is often neglected in previous low-resource AL stud-
ies, and we highlight it to ensure the true low-resource setting.

pora. In each round, we train from scratch to avoid
overfitting the data collected in earlier rounds as
observed by Hu et al. (2019). More details are in
Appendix B.

Hyperparameters. The hyperparameters setting
is in Appendix B.5. In the t-th round of active
self-training, we increase the number of pseudo-
labeled samples by k, where k is 500 for TREC and
Chemprot, 3000 for SST-2 and Pubmed-RCT, and
5000 for others. For the momentum factor, we tune
mL from [0.6, 0.7, 0.8] andmH from [0.8, 0.9, 1.0]
and report the best {mL,mH} based on the perfor-
mance of the development set.

Baselines.
Self-training Methods: (1) Self-training (ST,
Lee (2013)): It is the vanilla self-training method
that generates pseudo labels for unlabeled data.
(2) UST (Mukherjee and Awadallah, 2020; Rizve
et al., 2021): It is an uncertainty-based self-training
method that only uses low-uncertainty data for self-
training. (3) COSINE (Yu et al., 2021): It uses
self-training to fine-tune LM with weakly-labeled
data, which achieves SOTA performance on vari-
ous text datasets in WRENCH benchmark (Zhang
et al., 2021). Note that for these two baselines, we
randomly sample b labeled data as the initialization.

Active Learning Methods: (1) Random: It ac-
quires annotation randomly, which serves as a base-
line for all methods. (2) Entropy (Holub et al.,
2008): It is an uncertainty-based method that ac-
quires annotations on samples with the highest pre-
dictive entropy. (3) BALD (Gal et al., 2017): It
is also an uncertainty-based method, which calcu-
lates model uncertainty using MC Dropout (Gal
and Ghahramani, 2015). (4) BADGE (Ash et al.,
2020): It first selects high uncertainty samples then
uses KMeans++ over the gradient embedding to
sample data. (5) ALPS (Yuan et al., 2020): It uses
the masked language model (MLM) loss of BERT
to query labels for samples. (6) CAL (Margatina
et al., 2021b) is the most recent AL method for pre-
trained LMs. It calculates the uncertainty of each
sample based on the KL divergence between the
prediction of itself and its neighbors’ prediction.
Semi-supervised Active Learning (SSAL) Meth-
ods: (1) ASST (Tomanek and Hahn, 2009;
Siméoni et al., 2020) is an active semi-supervised
learning method that jointly queries labels for AL
and samples pseudo labels for self-training. (2)
CEAL (Wang et al., 2016) acquires annotations
on informative samples, and uses high-confidence
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samples with predicted pseudo labels for weights
updating. (3) BASS (Rottmann et al., 2018) is sim-
ilar to CEAL, but use MC dropout for querying
labeled sample. (4) REVIVAL (Guo et al., 2021)
is the most recent SSAL method, which uses an
adversarial loss to query samples and leverage label
propagation to exploit adversarial examples.
Our Method: We experiment with both Entropy
and CAL as uncertainty measures for ACTUNE.
Note that when compared with active learning base-
lines, we do not augment the train set with pseudo-
labeled data (Eq. (9)) to ensure fair comparisons.

3.2 Main Result
Figure 1 reports the performance of ACTUNE and
the baselines on 4 benchmarks. From the results,
we have the following observations:
• ACTUNE consistently outperforms baselines in
most of the cases. Different from studies in the
computer vision (CV) domain (Siméoni et al.,
2020) where the model does not perform well in
the low-data regime, pre-trained LM has achieved
competitive performance with only a few labeled
data, which makes further improvements to the
vanilla fine-tuning challenging. Nevertheless, AC-
TUNE surpasses baselines in more than 90% of the
rounds and achieves 0.4%-0.7% and 0.3%-1.5%
absolute gain at the end of AL and SSAL respec-
tively. Figure 3 quantitatively measures the num-
ber of labels needed for the most advanced active
learning model and self-training model (UST) to
outperform ACTUNE with 1000 labels. These
baselines need >2000 clean labeled samples to
reach the performance as ours. ACTUNE saves
on average 56.2% and 57.0% of the labeled sam-
ples than most advanced active learning and self-
training baselines respectively, which justifies its
promising performance under low-resource scenar-
ios. Such improvements show the merits of two key
designs under our active self-training framework:
the region-aware sampling for active learning and
the momentum-based memory bank for robust self-
training, which will be discussed in the section 3.5.
• Compared with the previous AL baselines, AC-
TUNE can bring consistent performance gain, while
previous semi-supervised active learning methods
cannot. For instance, BASS is based on BALD
for active learning, but sometimes it performs even
worse than BALD with the same number of la-
beled data (see Fig. 1(b) and Fig. 1(f)). This is
mainly because previous methods simply combine
noisy pseudo labels with clean labels for training

without explicitly rectifying the wrongly-labeled
data, which will cause the LM to overfit these haz-
ardous labels. Moreover, previous methods do not
exploit momentum updates to stabilize the learning
process, as there are oscillations in the beginning
rounds. In contrast, ACTUNE achieves a more
stable learning process and enables an active self-
training process to benefit from more labeled data.
• The self-training methods (ST & UST) achieve
superior performance with limited labels. However,
they mainly focus on leveraging unlabeled data
for improving the performance, while our results
demonstrate that adaptive selecting the most useful
data for fine-tuning is also important for improving
the performance. With a powerful querying policy,
ACTUNE can improve these self-training baselines
by 1.05% in terms of accuracy on average.

3.3 Weakly-supervised Learning
ACTUNE can be naturally used for weakly-
supervised classification, where Xl is a set of noisy
labels derived from linguistic patterns or rules.
Since the initial label set is noisy, the model trained
with Eq. (1) can overfit the label noise (Zhang et al.,
2022a), and we can actively query labeled data to
refine the model. We conduct experiments on the
TREC and Chemprot dataset5, where we first use
Snorkel (Ratner et al., 2017) to obtain weak label
set Xl, then fine-tune the pre-trained LM f(θ(0))
on Xl. After that, we adopt ACTUNE for active
self-training.

Fig. 2 shows the results of these two datasets6.
When combining ACTUNE with CAL, the perfor-
mance is unsatisfactory. We believe it is because
CAL requires clean labels to calculate uncertain-
ties. When labels are inaccurate, it will prevent AC-
TUNE from querying informative samples. In con-
trast, ACTUNE achieves the best performance over
baselines when using Entropy as the uncertainty
measure. The performance gain is more notable
on the TREC dataset, where we achieve 96.68%
accuracy, close to the fully supervised performance
(96.80%) with only ∼6% of clean labels.

3.4 Combination with Other AL Methods
Fig. 5(a) demonstrates the performance of AC-
TUNE combined with other AL methods (e.g.
BADGE, ALPS) on SST-2 dataset. It is clear that
even if the AL methods are not uncertainty-based

5Details for labeling functions are in Zhang et al. (2021).
6We omit AL methods since they perform worse than

SSAL methods on these datasets in general.
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Figure 1: The comparision of ACTUNE with active learning, semi-supervised active learning and self-training
baselines. The first row is the result under active learning setting (AL, i.e. no unlabeled data is used), the second
row is the result under semi-supervised active learning (SSAL) setting. The metric is accuracy. †: REVIVAL
causes OOM error for DBPedia dataset.
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Figure 2: The comparison of ACTUNE and baselines
on weakly-supervised classification tasks.
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Figure 3: The label-efficiency of ACTUNE compared
with AL and self-training baselines. According to
Fig. 1, the best AL method is Entropy for DBPedia and
CAL for others.

(e.g. BADGE), when using the entropy as an un-
certainty measure to select pseudo-labeled data for
self-training, ACTUNE can further boost the perfor-
mance. This indicates that ACTUNE is a general
active self-training approach, as it can serve as an
efficient plug-in module for existing AL methods.

3.5 Ablation and Hyperparameter Study

The Effect of Different Components in AC-
TUNE. We inspect different components of
ACTUNE, including the region-sampling (RS),
momentum-based memory bank (MMB), and

weighted clustering (WClus)7. Experimental re-
sults (Fig. 5(b)) shows that all the three compo-
nents contribute to the final performance, as remov-
ing any of them hurts the classification accuracy.
Also, we find that when removing MMB, the perfor-
mance hurts most in the beginning rounds, which
indicates that MMB effectively suppresses label
noise when the model’s capacity is weak. Con-
versely, removing WClus hurts the performance on
later rounds, as it enables the model to select most
informative samples.
Hyperparameter Study. We study two hyperpa-
rameters, namely β and K used in querying la-
bels. Figure 4(a) and 4(b) show the results. In
general, the model is insensitive to β as the per-
formance difference is less than 0.6%. The model
cannot perform well with smaller K since it cannot
pinpoint to high-uncertainty regions. For larger
K, the performance also drops as some of the
high-uncertainty regions can be outliers and sam-
pling from them would hurt the model perfor-
mance (Karamcheti et al., 2021).
A Closer Look at the Momentum-based Mem-
ory Bank. To examine the role of MMB, we show
the overall accuracy of pseudo-labels on AG News
dataset in Fig. 4(c). From the result, it is clear that
the momentum-based memory bank can stabilize
the active self-training process, as the accuracy of
pseudo labels increases around 1%, especially in

7For models w/o RS, we directly select samples with high-
est uncertainty during AL. For models w/o MMB, we only
use the prediction from the current round for self-training. For
models w/o WClus, we cluster data with vanilla K-Means.
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Figure 4: Parameter study. Note the effect of different mL and mH is conducted on AG News dataset.

200 300 400 500 600 700 800 900 1000
86

87

88

89

90

91

Pe
rfo

rm
an

ce

ALPS
BADGE
AcTune+ALPS
AcTune+BADGE

(a) Combining w/ AL Methods

200 300 400 500 600 700 800 900 100087

88

89

90

91

92
Pe

rfo
rm

an
ce

AcTune-RS
AcTune-MMB
AcTune-RS-MMB
AcTune-WClus
AcTune

(b) Ablation Study

Figure 5: Results of ACTUNE with different AL
methods (SST-2), ablation study (SST-2 with AC-
TUNE+Entropy).

later rounds. Fig 4(d) and 4(e) illustrates the model
performance with different mL and mH . Over-
all, we find that our model is robust to different
choices as ACTUNE outperform the baseline with-
out momentum update consistently. Moreover, we
find that the larger mH will generally lead to bet-
ter performance in later rounds. This is mainly
because in later rounds, the model’s prediction is
more reliable. Conversely, at the beginning of the
training, the model’s prediction might be oscillat-
ing on unlabeled data. In this case, using a smaller
mL will favor samples with consistent predictions
to improve the robustness of active self-training.

Another finding is that for different AL methods,
the optimal memory bank can be different. For
Entropy, probability-based memory bank leads to
a better result, while for CAL, simple aggregating
over uncertainty score achieves better performance.
This is mainly because the method used in CAL
is more complicated, and using probability-based
memory bank may hurt the uncertainty calculation.

3.6 Case Study

We give an example of our querying strategy on
AG News dataset for the 1st round of active self-
training process in figure 6. Note that we use t-SNE
algorithm (Van der Maaten and Hinton, 2008) for
dimension reduction, and the black triangle stands
for the queried samples while other circles stands
for the unlabeled data. We can see that the existing
uncertainty-based methods such as Entropy and
CAL, are suffered from the issue of limited diver-
sity. However, when combined with ACTUNE, the
diversity is much improved. Such results, com-

pared with the main results in figure 1, demonstrate
the efficacy of ACTUNE empirically.

4 Related Work
Active Learning. Active learning has been widely
applied to various NLP tasks (Yuan et al., 2020;
Shelmanov et al., 2021; Karamcheti et al., 2021).
So far, AL methods can be categorized into
uncertainty-based methods (Gal et al., 2017; Mar-
gatina et al., 2021a,b), diversity-based methods (Ru
et al., 2020; Sener and Savarese, 2018) and hy-
brid methods (Yuan et al., 2020; Ash et al., 2020).
Ein-Dor et al. (2020) offer an empirical study of
active learning with PLMs. Very recently, there
are also several works attempted to query labeling
functions for weakly-supervised learning (Boeck-
ing et al., 2020; Hsieh et al., 2022; Zhang et al.,
2022b). In our study, we leverage the power of
unlabeled instances via self-training to further pro-
mote the performance of AL.
Semi-supervised Active Learning (SSAL). Gao
et al. (2020); Guo et al. (2021) design query strate-
gies for specific semi-supervised methods, Zhang
et al. (2020a); Jiang et al. (2020) combine active
learning with data augmentation and Tomanek and
Hahn (2009); Rottmann et al. (2018); Siméoni et al.
(2020) exploit the most-certain samples from the
unlabeled with pseudo-labeling to augment the
training set. So far, most of the SSAL approaches
are designed for CV domain and it remains un-
known how this paradigm performs with PLMs on
NLP tasks. In contrast, we propose ACTUNE to
effectively leverage unlabeled data during finetuing
PLMs for NLP tasks.
Self-training. Self-training is one of the earliest
and simplest approaches to semi-supervised learn-
ing (Lee, 2013). It first generates pseudo labels
for high-confidence samples, then fits a new model
on pseudo labeled data to improve the generaliza-
tion ability. However, it is known to be vulnera-
ble to error propagation (Arazo et al., 2020; Rizve
et al., 2021; Zuo et al., 2021). To alleviate this,
we adopt a simple momentum-based method to se-
lect high confidence samples, effectively reducing
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Figure 6: Visualization of the querying strategy of ACTUNE. Black dots stand for the queried data points. Different
colors indicates different categories.

the pseudo labels noise for active learning. Note
that although Mukherjee and Awadallah (2020);
Rizve et al. (2021) also leverage uncertainty infor-
mation for self-training, their focus is on develop-
ing better self-training methods, while we aim to
jointly query high-uncertainty samples and gener-
ate pseudo-labels for low-uncertainty samples. The
experiments in Sec. 3 show that with appropriate
querying methods, ACTUNE can further improve
the performance of self-training.

5 Conclusion and Discussion
In this paper, we develop ACTUNE, a general active
self-training framework for enhancing both label
efficiency and model performance in fine-tuning
pre-trained language models (PLMs). We propose
a region-aware sampling approach to guarantee
both the uncertainty the diversity for querying la-
bels. To combat the label noise propagation issue,
we design a momentum-based memory bank to
effectively utilize the model predictions for pre-
ceding AL rounds. Empirical results on 6 public
text classification benchmarks suggest the superi-
ority of ACTUNE to conventional active learning
and semi-supervised active learning methods for
fine-tuning PLMs with limited resources.

There are several directions to improve ACTUNE.
First, since our focus is on fine-tuning pre-trained
language models, we use the representation of
[CLS] token for classification. In the future work,
we can consider using prompt tuning (Gao et al.,
2021; Schick and Schütze, 2021), a more data-
efficient method for adopting pre-trained language
models on classification tasks to further promote
the efficiency. Also, due to the computational re-
source constraints, we do not use larger pre-trained
language models such as RoBERTa-large (Liu et al.,
2019) which shown even better performance with
only a few labels (Du et al., 2021). Moreover, we
can explore more advanced uncertainty estimation
approach (Kong et al., 2020) into ACTUNE to fur-
ther improve the performance. Last, apart from
the text classification task, we can also extend our
work into other tasks such as sequence labeling and
natural language inference (NLI).
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A Datasets Details

A.1 Data Source

The seven benchmarks in our experiments are all
publicly available. Below are the links to down-
loadable versions of these datasets.
� SST-2: We use the datasets from https://
huggingface.co/datasets/glue.
� AGNews: We use the datasets from https://
huggingface.co/datasets/ag_news.
� Pubmed-RCT: Dataset is available at https:
//github.com/Franck-Dernoncourt/
pubmed-rct.
� DBPedia: Dataset is available at
https://huggingface.co/datasets/
dbpedia_14.

For two weakly-supervised classification tasks,
we use the data from WRENCH benchmark (Zhang
et al., 2021).
� TREC: Dataset is available at https:
//drive.google.com/drive/u/1/
folders/1v55IKG2JN9fMtKJWU48B_5_
DcPWGnpTq.
� ChemProt: The raw dataset is avail-
able at http://www.cbs.dtu.dk/
services/ChemProt/ChemProt-2.0/.
The preprocessed dataset is available at
https://drive.google.com/drive/u/
1/folders/1v55IKG2JN9fMtKJWU48B_
5_DcPWGnpTq.

A.2 Train/Test Split

For all the datasets, we use the original
train/dev/test split from the web. To keep the size
of the development set small, we randomly sample
1000 data for SST-2, AGNews, Pubmed-RCT, DB-
Pedia and randomly sample 500 samples for TREC,
ChemProt.

B Details on Implementation and
Experiment Setups

B.1 Computing Infrastructure

System: Ubuntu 18.04.3 LTS; Python 3.6; Pytorch
1.6.
CPU: Intel(R) Core(TM) i7-5930K CPU @
3.50GHz.
GPU: NVIDIA 2080Ti.

B.2 Number of Parameters

ACTUNE and all baselines use Roberta-base (Liu
et al., 2019) with a task-specific classification head
on the top as the backbone, which contains 125M
trainable parameters. We do not introduce any
other parameters in our experiments.

B.3 Experiment Setups

Following (Ein-Dor et al., 2020; Yuan et al., 2020;
Margatina et al., 2021b), all of our methods and
baselines are run with 3 different random seed and
the result is based on the average performance
on them. This indeed creates 4 (the number of
datasets) × 3 (the number of random seeds) ×
11 (the number of methods) × 10 (the number of
fine-tuning rounds in AL) = 1320 experiments for
fine-tuning PLMs, which is almost the limit of our
computational resources, not to mention additional
experiments on weakly-supervised text classifica-
tion as well as different hyper-parameter tuning.
We have show both the mean and the standard de-
viation of the performance in our experiment sec-
tions. All the results have passed a paired t-test
with p < 0.05 (Dror et al., 2018).

B.4 Hyper-parameters for General
Experiments

We use AdamW as the optimizer, and the learning
rate is chosen from 1 × 10−5, 2 × 10−5}. A lin-
ear learning rate decay schedule with warm-up 0.1
is used, and the number of training epochs is 15
for fine-tuning. For active self-training & SSAL
baselines, we tune the model with 2000 steps, and
evaluate the performance on the development set in
every 50 steps. Finally, we use the model with best
performance on the development set for testing.

B.5 Hyper-parameters for ACTUNE

Although ACTUNE introduces several hyper-
parameters including K, M , mL, mH , β, γ, λ,
most of them are keep fixed during our experiments,
thus it does not require heavy hyper-parameter tun-
ing. All results are reported as the average over
three runs.

In our experiments, we keep β = 0.5, λ = 1 for
all datasets. For other parameters, we use a grid
search to find the optimal setting for each datasets.
Specifically, we search γ from [0.5, 0.6, 0.7], mL

from [0.6, 0.7, 0.8], mH from [0.8, 0.9, 1]. For AC-
TUNE with Entropy, we use probability based ag-
gregation and for ACTUNE with CAL, we use value
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Hyper-parameter SST-2 AG News Pubmed DBPedia TREC Chemprot

Dropout Ratio 0.1
Maximum Tokens 32 96 96 64 64 128
Batch Size for Xl 8

Batch Size for Xu in Self-training 32 48 48 32 16 24
Weight Decay 10−8

Learning Rate 2× 10−5

β 0.5
M 25 30 30 40 40 40
K 5 10
γ 0.7 0.6
mL 0.8 0.9 0.7 0.8 0.8 0.8
mH 0.9 0.9 0.8 0.9 0.9 1.0
λ 1

Table 2: Hyper-parameter configurations. Note that we only keep certain number of tokens.

Method
Dataset

Pubmed DBPedia
Finetune (Random) <0.1s <0.1s
Entropy (Holub et al., 2008) 461s 646s
BALD (Gal et al., 2017) 4595s 6451s
ALPS (Yuan et al., 2020) 488s 677s
BADGE (Ash et al., 2020) 554s 1140s
CAL (Margatina et al., 2021b) 493s 688s
REVIVAL (Guo et al., 2021) 3240s OOM
ACTUNE + Entropy 477s 733s

w/ RS for Active Learning 15.8s 44.9s
w/ MMB for Self-training 0.12s 0.18s

ACTUNE + CAL 510s 735s
w/ RS for Active Learning 16.6s 46.4s
w/ MMB for Self-training 0.12s 0.18s

Table 3: The running time of different baselines. Note
that for ASST, CEAL and BASS, they directly use ex-
isting active learning methods so we do not list the run-
ning time here.

based aggregation by default.

C Runtime Analysis

Table 3 shows the time in one active learning round
of ACTUNE and baselines. Here we highlight that
the additional time for region-aware sampling and
momentum-based memory bank is rather small
compared with the inference time. Also, we find
that BALD and REVIVAL are not so efficient. For
BALD, it needs to infer the uncertainty of the
model by passing the data to model with multit-
ple times. Such an operation will make the total
inference time for PLMs very long. For REVIVAL,
we find that calculating the adversarial gradient
needs extra forward passes and backward passes,
which could be time-consuming for PLMs with

millions of parameters8.

8The original model is proposed with CV tasks and they
use ResNet-18 as the backbone which only contains 11M
parameters (around 10% of the parameters of Roberta-base).
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Abstract

Contrastive learning (CL) has achieved aston-
ishing progress in computer vision, speech,
and natural language processing fields recently
with self-supervised learning. However, CL
approach to the supervised setting is not fully
explored, especially for the natural language
understanding classification task. Intuitively,
the class label itself has the intrinsic abil-
ity to perform hard positive/negative mining,
which is crucial for CL. Motivated by this,
we propose a novel label anchored contrastive
learning approach (denoted as LaCon) for lan-
guage understanding. Specifically, three con-
trastive objectives are devised, including a
multi-head instance-centered contrastive loss
(ICL), a label-centered contrastive loss (LCL),
and a label embedding regularizer (LER). Our
approach does not require any specialized net-
work architecture or any extra data augmenta-
tion, thus it can be easily plugged into existing
powerful pre-trained language models. Com-
pared to the state-of-the-art baselines, LaCon
obtains up to 4.1% improvement on the popu-
lar datasets of GLUE and CLUE benchmarks.
Besides, LaCon also demonstrates significant
advantages under the few-shot and data imbal-
ance settings, which obtains up to 9.4% im-
provement on the FewGLUE and FewCLUE
benchmarking tasks.

1 Introduction

In recent years, contrastive learning (CL) has been
widely applied to self-supervised representation
learning and led to major advances across computer
vision (CV) (He et al., 2019; Chen et al., 2020b),
speech (Saeed et al., 2021; Chen et al., 2021), and
natural language processing (NLP) (Fang and Xie,
2020; Gao et al., 2021; Yan et al., 2021). The ba-
sic idea behind these works is to pull together an
anchor and a “positive” sample in the embedding
space, and to push apart the anchor from many
“negative” samples. Since no labels are available, a
positive pair often consists of data augmentations

of the sample (a.k.a “views”), and negative pairs are
formed by the anchor and randomly chosen sam-
ples from the mini-batch. In visual representations,
an effective solution to generate data augmenta-
tions is to take two random transformations of the
same image (e.g., cropping, flipping, distortion and
rotation) (Chen et al., 2020b; Grill et al., 2020;
Chen et al., 2020c). For natural language, simi-
lar approaches are adopted such as word deletion,
reordering, substitution, and back-translation etc.
(Fang and Xie, 2020; Wang et al., 2021) However,
data augmentation in NLP is inherently difficult
because of its discrete nature. Therefore, some pre-
vious works (Gao et al., 2021; Yan et al., 2021) also
use dropout technique (Srivastava et al., 2014) to
obtain sentence augmentations.

Unlike self-supervised setting, some researchers
propose supervised contrastive learning (SCL)
(Khosla et al., 2020; Gunel et al., 2021; Suresh and
Ong, 2021) which can construct positive pairs by
leveraging label information. Examples from the
same class are pulled closer than the examples from
different classes, leveraging the semantics of la-
bels to construct negatives and positives rather than
shallow lexical information via data augmentation.
Despite the aforementioned advantages brought by
SCL, we argue that CL under supervised learning
is not fully explored because the label information
can be better utilized. On the one hand, labels
are usually not merely categorical indices in the
label vocabulary, but also contain specific semantic
meanings, especially in the language understanding
tasks. Thus labels can be used as positive/negative
samples or anchors when calculating contrastive
loss. On the other hand, label embedding enjoys
a built-in ability to leverage alternative sources of
information related to labels, such as class hier-
archies or textual descriptions. Once we obtain
representative label embeddings, they can be uti-
lized to enhance the image/text representations, and
finally facilitate the classification task. Previous la-
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bel embedding based classification models (Wang
et al., 2018; Xiao et al., 2019) have demonstrated
the effectiveness of leveraging label information.

Motivated by above analysis, we propose a novel
label anchored supervised contrastive learning ap-
proach (denoted as LaCon), which combines the
advantages of both contrastive learning and label
embedding techniques. Specifically, we have the
following three novel designs: 1) Instance-centered
contrastive loss (ICL), which uses the InfoNCE
(van den Oord et al., 2018) to encourage each text
representation and its corresponding label repre-
sentation to be closer while pushing far away mis-
matched instance-label pairs. We further apply a
multi-head mechanism to catch different aspects of
text semantics. 2) Label-centered contrastive loss
(LCL), which takes label as anchor, and encour-
ages the label representation to be more similar
to the corresponding instances belonging to the
same class in a mini-batch than the instances with
different labels. 3) Label embedding regularizer
(LER), which keeps the inter-label similarity as low
as possible thus the feature space of each class is
more dispersed to prevent representation degener-
ation. By combining above three losses, LaCon
can learn good semantic representations within the
same space for both input instances and labels. It’s
also well aligned with the two key properties re-
lated to CL: alignment and uniformity (Wang and
Isola, 2020), where alignment favors encoders that
assign similar features to similar samples. Unifor-
mity prefers a feature distribution that preserves
maximal information, i.e., the uniform distribution
on the unit hypersphere.

To validate the effectiveness of LaCon, we per-
form extensive experiments on eight language un-
derstanding tasks. We take the popular pre-trained
language model BERT-base (Devlin et al., 2019) as
text encoder without loss of generality. For simplic-
ity, we predict the classification label by matching
the instance representation with label embeddings
directly. Since our approach does not require any
specialized network architecture or any extra data
augmentation, LaCon can be easily plugged into
other pre-trained language models. Additionally,
we also explore the capability of LaCon under more
difficult task settings, including few-shot learning
and data imbalance situations.

To summarize, our contributions are as follows:

• We propose a novel label anchored contrastive
learning approach for language understanding,

which is equipped with a multi-head instance-
centered contrastive loss, a label-centered con-
trastive loss, and a label embedding regular-
izer. All three contrastive objectives help the
model learn the joint semantic representations
for both input instances and labels.

• We conduct extensive experiments on eight
public language understanding tasks from
GLUE (Wang et al., 2019) and CLUE (Xu
et al., 2020) benchmarks, and experimental
results show the competitiveness of LaCon.
Additionally, we also experiment on more
difficult settings including few-shot learning
and data imbalance situations. LaCon exper-
imentally obtains up to 9.4% improvement
over BERT-base on FewGLUE (Schick and
Schütze, 2021) and FewCLUE (Xu et al.,
2021) benchmark tasks.

• We analyze the contribution of each ingredi-
ent of LaCon, and also visualize the learned
instance and label representations, showing
the necessity of each loss component and the
advantage of LaCon on representation learn-
ing over BERT fine-tuned with cross entropy.

2 Model

In this section, we introduce the details of LaCon.
We focus on the language understanding classifi-
cation tasks. For a multi-class classification prob-
lem with C classes, we work with a batch of train-
ing examples {xi, yi}, where 1 ≤ i ≤ N and
1 ≤ yi ≤ C. Our target is to learn discriminative
representations for both instances and class labels.
As Figure 1 shows, we propose three supervised CL
based objectives, including the instance-centered
contrastive loss, the label-centered contrastive loss,
and the label embedding regularizer loss.

2.1 The Input Encoder

The input of LaCon contains two parts consisting of
the text and all the labels for the task. Since SOTA
language understanding classification models fol-
low the “pre-training then fine-tuning” two-stage
paradigm, here we take the prevalent pre-trained
language model (PtLM) as input encoder. In this
paper, we select BERT-base (Devlin et al., 2019) as
the backbone for PtLM (denoted as f ) without loss
of generality. Given a text x = {w1, w2, ..., wM}
containing M tokens, the output of PtLM (i.e.
BERT) is E = fPtLM ([CLS], w1, ..., wM ) where
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Figure 1: Overview of LaCon. The full line is the similarity between a instance and corresponding label, and the
dash line is the similarity between the mismatched instance and label. The lines with the same color denote the
per-instance or per-label loss.

the [CLS] token is the inserted sentence represen-
tation token and E ∈ R(M+1)×d. d is the dimen-
sion of the model. We use the first token output
E[CLS] ∈ Rd to represent the whole input text. We
then apply a projection head (denoted as g) that is
a 3-layer MLP with ReLU activation function for
each hidden layer to the E[CLS], where the dimen-
sion of the g is also d. For a mini-batch X with
N training samples, the text representations can be
obtained as Equation 1.

H = g ◦ fPtLM (X), where

X = x1, x2, ..., xN and H ∈ RN×d
(1)

Along with each mini-batch, LaCon also maps
theC classes intoC label embeddings. For simplic-
ity, we look up in a learnable weight matrix Wemb

and map the kth label into the kth row of Wemb,
where the Wemb is randomly initialized. The di-
mension d is the same as PtLM. We then normalize
the vectors for both L and H using the l2 norm.

L = lookup([1, 2, ..., C],Wemb)

where L ∈ RC×d and Wemb ∈ RC×d
(2)

2.2 Instance-centered Contrastive Loss

Given a mini-batch of input text and correspond-
ing label (xi, yi), as shown in Figure 1 (a), the
instance-centered contrastive loss (ICL) takes each
instance xi as anchor, and mines positive and neg-
ative samples from class labels. ICL aims to en-
courage each text representation and corresponding
label representation to be closer while pushing far
away mismatched instance-label pairs. As shown in
Equation 3, we modify the InfoNCE (van den Oord
et al., 2018) to calculate the loss. Here we lever-
age the cosine similarity function as the distance
metric sim. τ is the temperature hyper-parameter,
which can be tuned to improve the performance.

Lower temperature increases the influence of exam-
ples that are harder to separate, effectively creating
harder negatives. Similar to the self-supervised CL,
ICL also takes only one positive and many neg-
atives. Differently, the positive is not generated
from data augmentation, and the negatives are not
randomly sampled from the same mini-batch. By
treating the class labels as data samples, ICL can
mine better positive and negatives with the supervi-
sion signal. By minimizing the ICL, the instance
representation is aligned to its label representation
in the same semantic space, which encourages the
model to learn a more representative embedding
for each class label.

LICL = − 1

N

∑

xi,yi

log
exp(sim(Hxi , Lyi)/τ)∑

1≤p≤C exp(sim(Hxi , Lp)/τ)
(3)

Inspired by the image-augmented views pro-
posed in CV (He et al., 2019; Chen et al., 2020b,c;
Grill et al., 2020), we also leverage the multi-head
mechanism proposed in Transformer (Vaswani
et al., 2017) to compute the ICL for each head rep-
resentation with smaller representation dimension.
Each head can be regarded as a clipped local view
of the instance or label representation. Suppose
we have m heads for both instance representation
and label representation, then for the kth head, the
corresponding representations for training sample
(xi, yi) are hkxi and lkyi , and the dimension of each
vector becomes d′ = d/m. Then, we apply the con-
trastive loss for each head by following Equation 4.
Compared with InfoNCE, LICL and L′

ICL do not
suffer from small batch size issue (He et al., 2019;
Chen et al., 2020c) because we only need to con-
trast the instance representation with corresponding
label representation for per example loss.

L′
ICL = − 1

N

m∑

k=1

∑

xi,yi

log
exp(sim(hkxi , l

k
yi)/τ)∑

1≤p≤C exp(sim(hkxi , l
k
p)/τ)

(4)
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2.3 Label-centered Contrastive Loss

As shown in Figure 1 (b), we can take the
class label in a mini-batch as anchor, and mine
positive/negative samples from corresponding in-
stances. Suppose there are |P | classes in the batch,
where P = {p|1 ≤ p ≤ C ∧ |A(p)| > 0}.
We define that A(p) denotes the set of indices
of all positive instances whose label is p, i.e.
A(p) = {xi|yi = p}. And B(p) represents the
set of negative instances whose label is not p, i.e.
B(p) = {xj |yj ̸= p}. Then we can calculate the
label-centered contrastive loss (LCL) as Equation 5,
which promotes the instances of a specific label to
be more similar than the others for each label. Sim-
ilar to the previous SCL (Khosla et al., 2020; Gunel
et al., 2021), LCL also contains many positives per
anchor and many negatives. Different from SCL
which sums up all the softmax scores among all
pairs of instances of the same class in a batch, LCL
is based on comparing a specific label representa-
tion with corresponding instances (i.e. A(p)). LCL
is more stable as the label representation serves as
the anchor which can be stably updated.

LLCL = − 1

|P |
∑

p∈P

∑

a∈A(p)

log
exp(sim(Lp, Ha)/τ)∑

b∈B(p) exp(sim(Lp, Hb)/τ) (5)

ICL and LCL are complementary to each other
and more computationally efficient than previous
SCL. We conduct the detailed theoretical analysis
in Appendix A.3 due to space limitation.

2.4 Label Embedding Regularizer

Recent researches (Wang and Isola, 2020) demon-
strate that it is common and useful to add a reg-
ularization term during training to eliminate the
anisotropy problem. Inspired by this, We devise a
label embedding regularizer as shown in Equation 6
to promote the uniformity of our model and prevent
model degeneration. As illustrated in Figure 1 (c),
the label embedding regularizer (LER) encourages
the label representations to be dispersed in the unit
hypersphere uniformly. The LER loss is the expo-
nential mean of the cosine similarity for all pairs of
label representations. As −1 ≤ sim(Li, Lj) ≤ 1,
it is quite sensitive to the loss change as the gradi-
ent is larger than 1 for exp(x) w.r.t x ≥ 0. Thus,
we add 1.0 to the cosine similarity so that the value
of LER varies from 0 to e2 - 1.

LLER = avg(
∑

i ̸=j
(exp(1.0 + sim(Li, Lj))− 1.0) (6)

Finally, the overall loss function of LaCon is
summarized as follows:

L = L′
ICL + LLCL + λ ∗ LLER (7)

where λ is a hyper-parameter to balance the influ-
ence of our regularization term.

2.5 Matching based Class Prediction
Since LaCon is capable of learning instance and la-
bel representations jointly, we can predict the class
by matching the instance representation to all la-
bel representations directly during inference, just
as shown in Equation 8. We denote this simple
and direct approach as LaCon-vanilla. Hx is the
instance representation and Lj is the label represen-
tation of Class j. sim denotes the cosine similarity
and 1 ≤ j ≤ C denotes the corresponding label.
The advantage of LaCon-vanilla is that it does not
require any complicated network architecture and
can be easily plugged into the mainstream PtLMs.
As a result, our inference-time model contains ex-
actly the same number of parameters as the model
using the same encoder but trained with cross en-
tropy loss.

pred = argmax(j){scorej |sim(Hx, Lj)} (8)

2.6 LaCon with Label Fusion
Previous researches (Akata et al., 2016; Wang et al.,
2018; Xiao et al., 2019; Pappas and Henderson,
2019; Miyazaki et al., 2020) have proved that in-
corporating the label semantics into the sentence
representation can improve the model performance
because the label information can highlight the
alignment of input tokens and label information via
carefully designed fusion mechanism. Inspired by
LEAM (Wang et al., 2018), here we design a fusion
block to enhance the instance representations by
utilizing the learnt discriminative label embeddings.
We firstly calculate the cosine similarity interaction
matrix G between words and labels, and then apply
a convolution then max-pooling layer (convmax)
to measure the attention score (βi) for each word
attending the instance representation. The fusion
process is illustrated as Equation 9. Then the fused
vector z is fed into the projection head g to get the
enhanced instance representation.

m = convmax(G), where Gij =
< Li, Ej >

||Li|| · ||Ej ||
z =

∑

i

βiEi, where β = softmax(m)
(9)
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To distinguish with the vanilla model above, we
name this approach as LaCon-fusion. Please note
that the fusion block is just applied between the text
encoder and projection head, so the class prediction
keeps the same as the LaCon-vanilla. Since the
fusion block is not the main focus of this paper, we
leave exploring more advanced fusion networks to
future work.

Datasets type class metric train dev
DBPedia genre 14 ACC 14K 70K
Tnews genre 15 F1 14.2K 10K
QQP PI 2 ACC 10K 40.4K

MRPC PI 2 ACC 4.07K 1.7K
QNLI NLI 2 ACC 10K 5.4K
RTE NLI 2 ACC 2.5K 278

CoLA LA 2 M’ corr 8.5K 1K
YelpRev senti 2 ACC 10K 10K

Table 1: The statistics of datasets that are from GLUE
(Wang et al., 2019) and CLUE (Xu et al., 2020)

3 Experiments

3.1 Experimental Setup

Datasets. We experiment on 8 public datasets
listed in Table 1. which are from GLUE (Wang
et al., 2019), CLUE (Xu et al., 2020), DBpedia,
and Yelp Dataset Challenge 2015. They cover five
representative tasks including sentiment analysis
(senti), genre classification (genre), paragraph iden-
tification (PI), natural language inference (NLI)
and linguistic acceptability (LA). To improve the
comparability and experiment confidence of the
models, we follow the experimental setup in (Chen
et al., 2020a) and use part of the training sets via
sampling and the full original test sets for evalua-
tion. We randomly sample without replacement at
most 5K (binary-class) / 1K (multi-class) training
instances per class from the whole datasets except
for MRPC, RTE, and CoLA. We use the wilcoxon
rank test (Wilcoxon, 1945) to check the statistic
significance. The results of 10 runs are reported for
each dataset in the format as “avg±std.dev".
Training & Evaluation. During training, we run
experiments for MRPC, RTE and CoLA with 10
random seeds on the whole training datasets and
run the sampling strategy with 10 repeats for the
remaining datasets. The average evaluation met-
rics are reported to avoid the noise and unstable
randomness of a single run. We use the AdamW
optimizer with initial learning rate as {1e-5, 2e-5,
3e-5} with linear learning scheduler, 6% of warm-
up steps of total optimization steps, and batch size

as {8,16,32,64,96}, where the hyper-parameters
are tuned for different datasets. For evaluation,
we leverage accuracy (ACC), Macro-F1 score and
Matthew’s corr (M’ corr) metrics to evaluate the
performance. We run 10 epochs for all the datasets1

and then evaluate the models on dev set. Our imple-
mentation is based on Huggingface Transformers2.

3.2 Baselines

Since LaCon is based on CL and label embedding
technique, we compare with several SOTA models
in language understanding including BERT-base
fine-tuned with cross-entropy (CE) loss, label em-
bedding based models, and self-supervised CL and
supervised CL models.

• CE: we directly follow the instructions of orig-
inal paper (Devlin et al., 2019) to finetune
BERT for both English and Chinese langauge
understanding tasks.

• LEAM: Wang et al. (2018) apply cosine simi-
larity to get matching scores between words
and labels and use CNN on the matching ma-
trix to get the label-aware attention weighted
text representation for classification.

• LSAN: Xiao et al. (2019) propose a label spe-
cific attention network that leverages label-
attention and self-attention mechanism with
an adaptive attention fusion strategy for multi-
label classification. We use softmax instead
of sigmoid for the model output due to our
multi-class classification setting.

• CE+CL: Yan et al. (2021) propose to learn
sentence representations by joint fine-tuning
PtLM with InfoNCE and cross-entropy based
on feature augmentation. Here we leverage
the framework of ConSERT (Yan et al., 2021)
and the feature augmentation in SimCSE (Gao
et al., 2021) to finetune and evaluate the PtLM
on classification datasets.

• CE+SCL: Gunel et al. (2021) propose to
boost sentence representation learning by fine-
tuning PtLM with both supervised contrastive
learning loss (Khosla et al., 2020) and cross
entropy loss. We follow the instructions in
(Gunel et al., 2021) to set hyper-parameters.

1We split 5% of training set as validation for early stop.
2https://github.com/huggingface/

transformers
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Methods YelpRev DBPedia Tnews QNLI RTE QQP MRPC CoLA
CE 82.0±0.5 98.7±0.3 54.5±0.3 87.1±0.2 67.3±1.9 82.2±0.5 85.6±1.6 60.9±0.8

LEAM 82.1±0.6 98.7±0.5 54.1±0.3 87.2±0.7 67.3±1.3 81.9±0.5 85.6±1.3 60.9±1.0
LSAN 82.2±0.6 98.7±0.7 54.9±0.8 87.1±0.3 69.7±1.0 81.2±0.5 86.1±0.7 61.6±0.9

CE+CL 82.2±0.6 98.5±0.5 53.9±0.5 87.3±0.3 67.8±1.5 82.4±0.3 83.1±0.7 61.1±0.7
CE+SCL 81.4±0.8 98.5±0.6 54.6±0.2 87.7±0.1 69.1±2.2 82.5±0.6 88.1±0.9 62.3±0.6

LaCon-vanilla 82.3±0.5 98.9±0.5 56.8±0.6 88.1±0.2 71.4±0.7 82.8±0.5 87.5±0.9 62.4±1.0
LaCon-fusion 83.1±0.8 99.5±0.2 56.7±0.3 88.4±0.3 72.2±0.9 83.7±0.5 88.6±0.7 62.8±0.5

Table 2: The experimental results for the Language Understanding Tasks. Best scores for each dataset are highlight
in bold (all with significance value p < 0.05).

LEAM and LSAN are label embedding based
methods while CE+CL and CE+SCL are con-
trastive learning based methods. To compare all
models fairly, we use BERT-base encoder for all
the baselines and our proposed model.

3.3 Main Results

We report the experimental results of eight lan-
guage understanding tasks in Table 2. It’s observed
that, LaCon-vanilla outperforms all the baselines
in 7 datasets except MRPC, and LaCon-fusion
achieves the best performance across all datasets.
Specifically, 1) LaCon-vanilla outperforms BERT
fine-tuned with CE by 4.1%, 2.3%, 1.9%, and 1.5%
on RTE, Tnews, MRPC, and CoLA respectively,
which indicates our proposed novel CL approach
can facilitate the representation learning; 2) Com-
pared with previous supervised contrastive learning
method (CE+SCL), LaCon-fusion can still obtain
very exciting improvements of 3.1%, 2.1%, 1.7%,
1.2% points on RTE, Tnews, YelpRev, QQP, which
demonstrates the label fusion block can enhance the
instance representations effectively; 3) Compared
to previous label embedding methods (LEAM and
LSAN) which are also equipped with the label fu-
sion block, LaCon-fusion outperforms them with a
large margin, which proves that LaCon can learn
more discriminative joint representations for both
labels and instances.

3.4 Ablation Study

In this section, we conduct three groups of ablation
studies to investigate the contribution of each com-
ponent in LaCon. We only conduct experiments
on MRPC, RTE, and CoLA datasets due to space
limitation. The experimental results are shown in
Table 3. First, we replace the multi-head ICL with
single head version (LaCon w/ LICL). Table 3
shows the performance drops on all three datasets.
We conjecture that the multi-head version can learn
different parts of the local features of the repre-
sentation, which can catch the text semantics in

more fine-grained granularity. Second, we remove
each of our proposed CL loss separately, and the
results in the second part of Table 3 demonstrate
that ICL plays a more important role while LCL
and LER are complementary to further improve
the performance. We also try to add each CL loss
in an accumulative way, please refer to Appendix
A.1 for more details. Finally, we try to remove the
projection head g from LaCon and the performance
degrades significantly, which indicates g is critical
in CL. Previous researches (Chen et al., 2020c) also
find the projector head can eliminate the non-task
relevant features of the encoder in CL and benefit
the downstream tasks. Meanwhile, Table 3 shows
that it is basically useless by adding g to BERT
directly (BERT w/ g), indicating that the projector
head needs to be used with CL.

Methods MRPC RTE CoLA
LaCon-vanilla 87.5±0.8 71.4±0.7 62.4±1.1

LaCon w/ LICL 87.0±1.2 69.2±1.4 61.5±0.9
−L′

ICL 86.6±1.3 68.1±0.9 61.3±0.7
−LLCL 87.1±0.6 70.5±0.8 61.2±1.1
−LLER 87.3±1.1 70.2±1.3 62.2±1.6
−g 86.8±0.6 69.6±0.6 62.2±0.9

BERT w/ g 84.9±1.7 66.5±2.1 61.0±1.2

Table 3: Ablation study. Best scores for each dataset are
highlight in bold (all with significance test p < 0.05).

4 Discussion

In this section, we conduct further experiments un-
der more challenging few-shot and data imbalance
settings. We also discuss the hyper-parameter tun-
ing and the impact of class number on LaCon.

4.1 LaCon for Few-shot Learning

Few-shot learning is critical for applications of
language understanding models because the high-
quality human annotated datasets are usually costly
and limited. Previous researches (Liang et al.,
2021; Gunel et al., 2021; Aghajanyan et al., 2021)
find that fine-tuning PtLM with cross entropy loss
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in NLP tends to be unstable across different runs es-
pecially when supervised data is limited. This limi-
tation can result in model degeneration and model
shift. Besides, some researches (Müller et al., 2019)
also demonstrate that the cross-entropy optimiza-
tion goal is not reachable due to the bounding of the
gradient, which can also easily result in overfitting.
Since LaCon is equipped by CL, it’s interesting to
validate if LaCon can overcome the shortcomings
of CE under few-shot learning settings.

Model YelpRev Tnews EPRSTMT BUSTM
CE 59.0 52.5 84.4 65.6

LaCon 65.0 55.8 90.6 75.0
Model QNLI RTE MRPC QQP

CE 73.0 54.0 65.8 64.0
LaCon 76.0 60.0 69.0 71.0

Table 4: Performance under few-shot learning settings.

We conduct further experiments with vanilla La-
Con on 5 public English datasets from FewGLUE
(Schick and Schütze, 2021) and 3 public Chinese
datasets (Tnews, EPRSTMT and BUSTM) from
FewCLUE (Xu et al., 2021). We build all the few-
shot learning datasets by sampling 20 samples for
each class to form training set. We also held out the
same amount of samples for validation set but keep
the whole test set unchanged. We train the model
for 20 epochs and select the best model based on
validation set. Table 4 shows that LaCon signifi-
cantly outperforms the BERT-base fine-tuned with
CE loss with a huge margin. Specifically, we ob-
serve 9.4%, 7%, and 6.2% absolute improvement
on BUSTM, QQP, and EPRSTMT.

Additionally, we also conduct more strict experi-
ments by changing the number of samples per class
from {10, 20, 50, 100}. Figure 2 demonstrates that
the smaller the sample size per class is, the larger
gain the model obtains. All above results indicate
that the similarity-based CL losses in LaCon are
able to hone in on the important dimensions of
the multidimensional hidden representations hence
lead to better and more stable few-shot learning
results when fine-tuning PtLM.

4.2 LaCon for Data Imbalance Setting
The real-world datasets are usually imbalanced for
different classes (Cao et al., 2019; Bao et al., 2020),
where several dominant classes contain most of the
samples while the rest minority classes only hold
a handful of samples. In this section, we conduct
experiments to validate the capacity of LaCon un-
der data imbalance setting. We follow the previous

(a) QQP (b) RTE

Figure 2: Few-shot learning with different number of
training samples.

research (Cao et al., 2019) to construct imbalanced
classification training datasets with different imbal-
ance degree (ρ = |classmax|/|classmin|, where
|classmax| / |classmin| denotes number of samples
in maximum / minimum class). For space limita-
tion, we conduct experiments with vanilla LaCon
on QNLI and CoLA. The minority class contains
32 samples and the majority class contains 32× ρ
in our experiments. As shown in Figure 3, we vary
the imbalance degree (ρ) from {1, 3, 5, 10, 20} and
observe that LaCon outperforms BERT with CE
consistently, demonstrating that LaCon also has
advantage on the data imbalance setting.

(a) QNLI (b) CoLA

Figure 3: LaCon with Different Imbalance Degree (ρ).

QNLI CoLA
Methods minor major minor major

CE 43.4 71.8 2.3 81.3
LaCon 56.1 74.0 12.9 82.2

Table 5: F1 score for both majority and minority classes.
Due to space limitation, we show results of ρ = 10.

We argue that LaCon may alleviate data im-
balance issue on two aspects: 1) For the infre-
quent classes, treating labels as anchor or posi-
tive/negative may mitigate the data insufficient is-
sue to some extent. 2) Label representations are
shared across the whole dataset during training,
which may transfer the knowledge from frequent
classes to infrequent classes. To validate above
conjecture, we present the performance on the test
sets for majority and minority classes separately.
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Table 5 shows that LaCon outperforms the baseline
on both majority and minority classes and the gain
on minority class is much larger.

4.3 Visualization
To demonstrate the effectiveness of LaCon on rep-
resentation learning, we visualize the learned in-
stance representations of LaCon and CE on the
MRPC and CoLA dataset. In Figure 4, we use
t-SNE (Van der Maaten and Hinton, 2008) to vi-
sualize both the high dimensional representations
of the instances and labels on a 2D map. Different
classes are depicted by different colors. As shown
in Figure 4 (a), the instances of class A and class
B are sparsely located and overlapped in a large
area, making it hard to find a hyper-plane to sepa-
rate them. However, in Figure 4 (b), the instances
gather into two compact clusters and the instances
stay close to the corresponding class. For CoLA,
Figure 4 (c) and (d) show the similar trends. It
indicates that LaCon can learn more discriminative
instance representations than CE. Besides, in Fig-
ure 4 (b), the instances are near the corresponding
label anchor, proving that LaCon can also learn a
representative label embedding for each class.

4.4 Hyper-parameter Tuning
In this section, we take the RTE dataset as an ex-
ample for illustrating the hyper-parameter tuning
process. The similar hyper-parameter tuning strat-
egy is applied for other datasets. The tuning scripts
will be released in our source code. Figure 5 shows
the influence of different hyper-parameters.

For each experiment, we conduct a grid-based
hyper-parameter sweep for τ between 0.05 and 0.5
with step 0.05, λ between 0.1 and 1.0 with step
0.1, and select the best hyper-parameter for the
given dataset. The τ is the most influential hyper-
parameter that needs to be tuned carefully with
minimum step 0.05. Larger τ results in lower ac-
curacy in LaCon and the recommended value is
around 0.1 and 0.2. Figure 5 (b) illustrates that
the optimal number of heads in Equation 4 is 6
and both the most and fewest heads result in low
accuracy while heads with middle sizes get rel-
atively better accuracy scores. Small number of
head shows little diversity in feature clipping while
larger one results in very short vectors with poor
representation capacity. The label embedding regu-
larizer weight λ in Figure 5(c) can be set in a wide
range, where either without LLER or large λ will
result in poor performance.

(a) CE (b) LaCon

(c) CE (d) LaCon

Figure 4: Visualization of label and instance representa-
tions for MRPC (a&b) and CoLA (c&d) using T-SNE.

4.5 The Impact of Class Number

As the number of classes influence the difficulty
of classification task directly, in this section, we
discuss the impact of class number on our proposed
model LaCon. We pick the DBPedia dataset for
experiment. The original DBPedia dataset includes
14 labels. We gradually increase the label number
from 2 to 14 and randomly select 1000 samples
for each label in our experiment as training set.
Meanwhile, we keep the whole samples for the
chosen labels in the evaluation set unchanged. Fig-
ure 6 demonstrates that with the increase of the
labels, the performance of all models degrades as
the task becomes more difficult. However, LaCon-
fusion outperforms CE+SCL consistently on differ-
ent number of labels, which shows the advantage
of leveraging labels as anchors or positive/negative
samples during contrastive learning.

5 Related Work

5.1 Contrastive Learning

Contrastive Learning has become a rising domain
and achieved significant success in various CV,
speech and NLP tasks (He et al., 2019; Chen et al.,
2020b; Fang and Xie, 2020; Han et al., 2021; Saeed
et al., 2021; Gunel et al., 2021; Gao et al., 2021;
Yan et al., 2021). There are two kinds of CL ap-
proaches, which are self-supervised CL and su-
pervised CL. The self-supervised CL contrasts a
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(a) τ (b) heads (c) λ

Figure 5: Illustration of hyper-parameters tuning (RTE is taken for example and other datasets are similar).

Figure 6: The impact of class number on LaCon. Exper-
iments were conducted on DBPedia.

single positive for each anchor (i.e., an augmented
version of the same image) against a set of nega-
tives consisting of the entire remainder of the batch.
However, due to the intrinsic discrete nature of
natural language, data augmentations are less effec-
tive than that in CV. Recently, researchers (Khosla
et al., 2020; Gunel et al., 2021) propose supervised
CL, which contrasts the set of all samples from
the same class as positives against the negatives
from the remainder of the batch. Suresh and Ong
(2021) propose label-aware SCL method via assign-
ing weights to instances of different labels, which
treats the negative samples differently.

LaCon belongs to the scope of supervised CL.
Different from (Khosla et al., 2020; Gunel et al.,
2021), LaCon can take the labels as anchors or
mine negative/positive from labels, which does not
need to construct positive pairs from the data aug-
mentation. Meanwhile, Gunel et al. (2021) com-
bine CL and CE losses at the same time, but LaCon
is purely equipped with three CL objectives, in-
cluding the instance-centered contrastive loss, the
label-centered contrastive loss and the label embed-
ding regularizer.

5.2 Label Representation Learning

Label representation learning aims to learn the em-
beddings of labels in classification tasks and has

been proven to be effective in various CV (Frome
et al., 2013; Akata et al., 2016) and NLP tasks
(Tang et al., 2015; Pappas and Henderson, 2019;
Nam et al., 2016; Zhang et al., 2018; Wang et al.,
2018; Xiao et al., 2019; Miyazaki et al., 2020). In
this work, we compare with two representative la-
bel embedding based models, which are LEAM
(Wang et al., 2018) and LSAN (Xiao et al., 2019).
Both learn label embeddings and sentence repre-
sentations in a joint space based on attention mech-
anism and fuse them to improve the classification.
Differently, LaCon learns the label and instance
representations jointly via purely supervised con-
trastive learning. Besides, our experiments also ver-
ify that after obtaining the discriminative label and
instance representations, even simple fusion block
can facilitate the language understanding tasks.

6 Conclusions

In this paper, we proposed a novel supervised con-
trastive learning approach for language understand-
ing. To utilize the class labels sufficiently, we de-
vise three novel contrastive objectives, including
a multi-head instance-centered contrastive loss, a
label-centered contrastive loss, and a label embed-
ding regularizer. Extensive experiments were con-
ducted on eight public datasets from GLUE and
CLUE benchmarks, showing the competitiveness
of LaCon against various strong baselines. Besides,
we also demonstrate the strong capacity of LaCon
on more challenging few-shot and data imbalance
settings, which leads up to 9.4% improvement on
the FewGLUE and FewCLUE benchmarks. LaCon
does not require any complicated network archi-
tecture or any extra data augmentation, and can
be easily plugged into mainstream pre-trained lan-
guage models. In the future, we will explore more
advanced representation fusion approaches to en-
hance the capability of LaCon and plan to extend
LaCon to the computer vision and speech fields.
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A Appendix

A.1 Accumulative Ablation Study

In this section, we supplement more ablation results
by adding each proposed CL loss cumulatively. We
conduct experiments on MRPC, RTE, and CoLA
datasets and keep the setting consistent with Sec-
tion 3.4. Table 6 demonstrates that the contribution
of each component in more details.

A.2 Experimental Results of More Datasets

We supplement more experimental results on the re-
maining datasets of GLUE and CLUE benchmarks.

Methods MRPC RTE CoLA
LICL 86.2±1.5 67.8±1.1 61.2±0.9
L′
ICL 86.9±1.1 68.2±0.7 61.2±1.5
LLCL 87.0±1.7 68.3±1.0 61.1±1.3

L′
ICL + LLCL 87.3±1.1 70.2±1.3 62.2±1.6
L′
ICL + LLER 87.1±0.6 70.5±0.8 61.2±1.1

LaCon-vanilla 87.5±0.8 71.4±0.7 62.4±1.1

Table 6: Ablation study via adding losses cumulatively.

We follow the same experimental setup with Sec-
tion 3.1. Please note that SST-B is a regression
task that is beyond the capacity of the proposed La-
Con. The official CLUE benchmark has replaced
CMNLI with OCNLI dataset, and the CSL dataset
is a keyword recognition task, which is not suitable
for our proposed model. Thus, we omit the experi-
ments on above three datasets and report the perfor-
mance on the remaining language understanding
tasks including SST-2, MNLI, AFQMC, OCNLI
and IFLYTEK.

Table 7 shows that, LaCon-vanilla consistently
outperforms BERT fine-tuned with CE, and LaCon-
fusion still beats the baselines among all datasets,
which further demonstrates the superiority of our
proposed method.

A.3 Theoretical Analysis

In this section, we conduct the theoretical analysis
to prove the rationality and necessity of our pro-
posed ICL and LCL losses. We also explain why
these two losses are complementary. Finally, we
analyze the computational efficiency of ICL and
LCL compared to InfoNCE (van den Oord et al.,
2018) and SCL (Khosla et al., 2020).

The recent researches (Li et al., 2020; Gao et al.,
2019) reveal that the anisotropy problem of pre-
trained language models, which shows that the
learnt embeddings occupy a narrow cone in the
dense vector space, harming the uniformity of the
models and limiting the representation capacity.
The singular values of the contextual embeddings
decay drastically with most of them nearly zeros
(Wang and Isola, 2020). CL is proposed to elimi-
nate the long-tail distribution problem of singular
values, aiming to enhance the representation ca-
pacity (Gao et al., 2021; Yan et al., 2021; Gunel
et al., 2021). From the spectrum perspective (Wang
et al., 2020; Wang and Isola, 2020) that analyzes
the distribution and uniformity of the learned em-
bedding space, CL flattens singular values of the
embeddings thus improves the capacity of language
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Methods SST-2 MNLI AFQMC OCNLI IFLYTEK
Baseline* 91.4±0.3 73.1±0.3 74.5±0.3 68.3±0.7 61.5±0.5

CE 91.2±0.1 72.5±0.3 70.9±0.5 66.8±0.4 60.6±0.2
LaCon-vanilla 91.4±0.3 73.3±0.4 72.5±0.3 67.4±0.3 60.9±0.2
LaCon-fusion 92.5±0.2 73.9±0.3 74.8±0.5 69.1±0.6 63.5±0.7

Table 7: Performance on the remaining datasets of GLUE and CLUE. Baseline* means the best performance of our
baselines. The evaluation metrics are the same as the official GLUE (Wang et al., 2019) and CLUE (Xu et al., 2020)
benchmarks (all with significance value p < 0.05).

models.

LICL = −1

τ
E(x,y)∼A(y)(HxLy)

+Ex∼A(y)[logEy− /∈A(y)(e
HxLy−/τ )]

(10)

Ex∼A(y)[logEy− /∈A(y)(e
HxLy−/τ )]

=
1

N

i=N∑

i=1

log(
1

C − 1

1≤j≤C∑

j ̸=i
eHxiLyj /τ )

≥ 1

N(C − 1)τ

i=N∑

i=1

j=C∑

j=1,j ̸=i
HxLy−

(11)

Therefore, we can form an asymptotic equivalent
objective of the LICL (Equation 3) as Equation 10.
(x, y) ∼ A(y) denotes instances (i.e. x) with corre-
sponding label (i.e. y) and y− denotes the label that
is different from y. The first item keeps instances
and corresponding labels similar and the second
item pushes the mismatched instances and labels
apart. We can further derive Equation 11 using
Jensen’s inequality because e(.) is convex. There-
fore, minimizing the LICL equals to minimization
of summation of all elements in HLT ∈ RN×C .
Because both H and L are normalized, tr(HTL)
is a constant due to all diagonal elements are ones.
sum(HLT ) is an upper bound of the largest sin-
gular value (Merikoski, 1984) and minimization
of the sum(HLT ) will flatten the singular values
distribution ofHLT . As theHLT is a non-squared
matrix, we need to optimize both the left and right
singular values usingHLT and LHT in order to ef-
fectively eliminate the anisotropy and promote the
uniformity of pre-trained language models in classi-
fication tasks to enhance the model capacity. Thus,
we also need to optimize the label-centered con-
trastive loss LLCL at the same time. From above
analysis, we can see that LICL and LLCL are com-
plementary to each other. Similarly, we can derive
that minimizing LLCL results in the minimization
of sum(LHT ) ∈ RC×N .

Although both ICL and LCL calculate theN×C
similarity scores for a mini-batch, they are differ-
ent. The ICL is the average of the instance-level per
sample loss while the LCL is the per label loss. The
ICL intends to align each instance to correspond-
ing label correctly. The LCL makes the instances
of different labels far away from each other and
instances of the same label more compact. They
consider different aspects of instance and label rep-
resentation through operating the N ×C similarity
scores differently according to Equation 3 and 5.

Compared to InfoNCE, ICL improves the com-
putational efficiency from O(N2) to O(NC) be-
cause we only need to contrast the instance repre-
sentation with corresponding label representations
for per example loss, which is extremely useful for
language understanding tasks (Wang et al., 2019;
Xu et al., 2020) that commonly consist of 2 or 3 la-
bels. Similarly, LCL is also more computationally
efficient as it only contrasts one label representa-
tion to several instances rather than computes all
pairs of instances belonging to a given label in the
mini-batch. Thus it improves the complexity from
O(N2) to O(CN) compared with SCL too.
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Abstract

Stories or narratives are comprised of a se-
quence of events. To compose interesting sto-
ries, professional writers often leverage a cre-
ative writing technique called flashback that in-
serts past events into current storylines as we
commonly observe in novels and plays. How-
ever, it is challenging for machines to generate
flashbacks as it requires solid understanding
of event temporal order (e.g. feeling hungry
〈before〉 eat, not vice versa), and the creativ-
ity to arrange storylines so that earlier events
do not always appear first in narrative order.
Two major issues in existing systems exacer-
bate the challenges: 1) temporal bias in pre-
training and story datasets that leads to mono-
tonic event temporal orders; 2) lack of explicit
guidance that helps machines decide where
to insert flashbacks. We propose to address
these issues using structured storylines to en-
code events and their pair-wise temporal rela-
tions (〈before〉, 〈after〉 and 〈vague〉) as tempo-
ral prompts that guide how stories should un-
fold temporally. We leverage a Plan-and-Write
framework enhanced by reinforcement learn-
ing to generate storylines and stories end-to-
end. Evaluation results show that the proposed
method can generate more interesting stories
with flashbacks while maintaining textual di-
versity, fluency and temporal coherence.1

1 Introduction
Flashback is a popular creative writing technique
that brings the readers from the present moment
to the past via inserting earlier events in order to
provide background or context of the current narra-
tive (Pavis, 1998; Kenny, 2004; Gebeyehu, 2019).
For example, in Figure 1a, the “GHOST” in Shake-
speare’s play Hamlet instruments a flashback by
interrupting the main narrative and describing a
historical event to the audience that Hamlet’s father
was killed by the current king rather than a snake.

1Code, data and trained models are available here: https:
//github.com/PlusLabNLP/flashback_gen

(a) A flashback example from William Shakespeare’s famous
play Hamlet (in plain English). Red text indicates past events.

(b) Two-sentence stories with the same event temporal or-
der but different narrative order. The second one with a
flashback is intuitively more interesting than the first one.

Figure 1: (a) flashback (b) temporal v.s. narrative order.

Flashback, by manipulating the event temporal
orders in narrative structure, can arouse readers’
emotions such as surprise, suspense, and curios-
ity (Brewer and Lichtenstein, 1981, 1982). These
emotions stimulate readers’ interests and eventually
contribute to the satisfaction of reading (Tan, 1996;
Alwitt, 2002), which improves the interest level of
a story. The example in Figure 1a injects historical
events in the middle of the narrative. This arrange-
ment of events can surprise readers and therefore,
makes the story more interesting than a straightfor-
ward storyline where the past events are shown in
the beginning.

Similarly, consider the pair of two-sentence sto-
ries in Figure 1b. Both stories are composed of the
same events with the temporal order “lost con-
sciousness” 〈before〉 “woke up in the hospital.” In
Story (1), seeing [e1], readers can make a relatively
easy educated guess of [e2], but it is more subtle in
Story (2) as there are many different ways to end up
in a hospital. By showing the ending event first, the
flashback in Story (2) creates suspense that makes
the following sentences less predictable, and thus
arouses readers’ curiosity and makes the reading
more interesting.

While human writers are capable of maneuver-
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ing event temporal orders to compose coherent and
interesting stories, it remains challenging for ma-
chines. The challenge is partially attributed to data
bias. Ning et al. (2018a) shows that the pattern in
Story (1) is dominant in human-written texts, where
neighboring events with 〈before〉 temporal relations
(i.e., narrative order indicates temporal order)
occur 60 − 70% of the time. This is also man-
ifested in our experiments with vanilla language
models amplifying this ratio and producing more
than 80% 〈before〉 relations for neighboring events
in the generated stories. Furthermore, current state-
of-the-art story generation systems that incorporate
event representations usually assume event tem-
poral order follows narrative order (Goldfarb-
Tarrant et al., 2020; Lin et al., 2021). There are
no explicit prompts in these systems that help de-
termine when flashback should be used, leaving
models to produce dull stories consisting of event
sequences with monotonic 〈before〉 relations.

To facilitate more effective flashback, we pro-
pose to incorporate temporal prompts in an end-
to-end story generation framework inspired by the
Plan-and-Write paradigm (Yao et al., 2019; Xu
et al., 2020; Goldfarb-Tarrant et al., 2020), where
machines first learn to plot a storyline, and then gen-
erate the story based on the storyline. Specifically,
we encode predefined event temporal prompts in
structured storylines. As the bottom block of Fig-
ure 2 shows, a structured storyline contains two
components: 1) event representations where an
event trigger (“grabbed”) and two arguments (“she”
and “the dog”) are extracted from the original story
sentences; and 2) temporal prompts: the tempo-
ral order between neighboring events, e.g. event
1: (“she”, “grabbed”, “the dog”) is 〈after〉 event
2: (“white snow”, “blanketed”, “the ground”). By
training our storyline generation model with these
predefined pair-wise temporal relations, models
capture how neighboring events are temporally re-
lated to each other; while during storyline decoding,
supplying predefined temporal prompts can guide
models to generate reasonable narratives with de-
sirable event temporal orders.

Prior works (Fan et al., 2019; Goldfarb-Tarrant
et al., 2020) build the storyline and story models
separately, which creates a discrepancy where gold
storylines are used during training, but predicted
storylines are used during inference. To mitigate
this training-inference discrepancy, we leverage re-
inforcement learning (RL) to train our systems end-

to-end. It enables the story model to train on gen-
erated storylines and updates the storyline model
with the feedback from the story model. Our exper-
imental results show that the RL-based models can
leverage temporal prompts more effectively, re-
sulting in more effective flashback generation and
more interesting stories.

We summarize the contributions of this paper
as follows: 1) To facilitate effective flashback, we
propose to leverage structured storylines with tem-
poral prompts to arrange events in story genera-
tion. 2) We integrate reinforcement learning in our
story generation pipeline, which can help models
better leverage temporal prompts. 3) We test our
framework on two open-domain story datasets and
show more effective flashbacks and increased inter-
est level while maintaining fluency and temporal
commonsense in the generated stories. To our best
knowledge, this is a pioneering study on flashbacks
in neural story generation.

2 Background and Task Definitions
In this section, we describe the key components:
events and temporal prompts in our proposed
structured storylines, and then define the Plan-and-
Write generation task.

Event Representation. Following the defini-
tions of ACE (2005), we define an event as a trigger
word and its arguments. In this work, we simplify
the representation by leveraging semantic role la-
beling (SRL) tools (Shi and Lin, 2019) to parse two
arguments as shown in Figure 2. We only consider
one event per story sentence and denote the k-th
event in story i as ei,k. We leave more complicated
representations for future study.

Temporal Prompts. Let ri = {ri,k} denotes the
set of temporal relations between the k-th and the
(k+1)-th event in story i. If k indexes the last event,
ri,k is not defined. Following the event relation
definition of (Ning et al., 2018b), we use events’
start time to evaluate temporal order.

Structured Storyline. Figure 2 provides a sto-
ryline consisting of five event representations ex-
tracted from our data. More formally, let Si =
{ei,1, ei,2, ...ei,k, ...ei,n} indicates a storyline with
n events. Encoding temporal prompts, Si be-
comes Sri = {ei,1, ri,1, ei,2, ri,2...ei,k, ri,k, ...ei,n}.
Note that in this work, ri is provided as prede-
fined prompts rather than predicted as ei,k.

Story. Our ultimate goal is to generate flashbacks
in stories. We denote the story associated with the
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Figure 2: An illustration of our overall model. Here we use the first sentence of the story (and its associated event
representation) as input x. The upper block shows the vanilla implementation of the Plan-and-Write workflow.
The bottom block is our core novel design by leveraging temporal prompts in structured storylines to generate
flashbacks. For illustration purposes, we re-order the triggers and arguments, and storylines are ground-truths (i.e.
not predicted by models). Our final model uses reinforcement learning to implement end-to-end training.

storyline Si as Yi.

Plan-and-Write is a two-stage framework that
first generates storyline Ŝi given some input x (e.g.
title, leading sentence), and then generate Ŷi based
on Ŝi. Again, ri,k are given as predefined prompts
whereas ei,k are to be predicted as part of the story-
line generation shown in Figure 2.

3 Framework for FlashBack Generation
In this section, we first provide an overview of
the Plan-and-Write story generation system and
introduce a vanilla version of the end-to-end train-
ing method. Then we describe the details of
our key contribution of leveraging event tempo-
ral prompts to generate flashbacks. After that,
we discuss pretraining structured storylines with
self-labeled data and incorporating reinforcement
learning to jointly train our end-to-end models.

3.1 Plan-and-Write Models

In order to provide better explainability and con-
trollability over the machine generated stories, re-
cent research efforts (Yao et al., 2019; Xu et al.,
2020; Goldfarb-Tarrant et al., 2020) explore divid-
ing story generation into two steps: 1) from input
or prefix, x, we first produce a storyline, Si; 2)
based on the storyline, we generate a story, Yi. We
describe the details below.

Storyline Model. Let α denote the parameters
of the storyline model, per sample training loss can
be computed as Lα = − log p (Si|xi, α).

Story Model. Let β denote the parameters of the
story model, per sample training loss can be com-
puted as Lβ = − log p (Yi|xi,Si, β).

Inference. Note that Si above is the gold story-
line extracted from Yi. At the inference time, we
do not have Si, and have to replace it with Ŝi, the
predicted storyline. This results in a discrepancy
between the training and inference time.

End-to-end Training. Instead of using gold sto-
ryline Si to train a story model, we can take Ŝi as
its input. Now the per sample training loss for the
story model becomes Lθ = − log p

(
Yi|xi, Ŝi, θ

)
,

where θ indicates the end-to-end story model pa-
rameters. End-to-end training can alleviate the gap
between the training and inference time, and poten-
tially lead to more consistent stories 2.

3.2 Structured Storyline Construction

As Figure 2 shows, for a story sentence, we first use
the SRL tool to parse its trigger ti,k and two argu-
ments a1i,k and a2i,k. We then convert this represen-
tation into a textual form: “ti,k ; a1i,k ; a2i,k〈eoe〉”,
where “;” separates two event components, and
〈eoe〉 indicates event ending. For example, the
parsed ti,k, a1i,k and a2i,k in the story sentence “she
grabbed the dog and ran outside” are “grabbed,”
“she” and “the dog” respectively. They are concate-
nated into a final textual representation as “grabbed
; she ; the dog〈eoe〉.”

Depending on the experimental setup, we may
use no or only the leading event as input, x. In-
spired by the mask prediction design in Devlin et al.
(2019); Liu et al. (2019); Lewis et al. (2020), we
represent the remaining missing events in the in-
puts as “〈mask〉 ; 〈mask〉 ; 〈mask〉 ; 〈eoe〉,” where
〈mask〉 indicates either event trigger word or argu-

2End-to-end training may have small coverage of the gen-
erated events in stories, which we address in Appendix F.
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Algorithm 1 RL-based End-to-end Training
1: Randomly initialize α and θ
2: Pretrain α . storyline pretraining
3: for i ∈M do . loop through all data4

4: Generate Ŝri from storyline model (α)

5: Lθ = − log p
(
Yi|xi, Ŝri , θ

)

6: ∇Jα = Ri · ∇ log (p(Si|xi, ri, α))
7: α = α−∇Jα
8: θ = θ −∇Lθ
9: end for

ments to be predicted by the storyline model.

3.3 Temporal Prompt Encoding
Temporal prompts are used to generate flashbacks.
As we mentioned in Section 2, we encode a se-
quence of predefined event temporal prompts
ri = {ri,k} in storyline for k ∈ {1, n− 1} to help
models determine whether the next event mention
(in narrative order) should start earlier or later than
its preceding event mention. We use temporal rela-
tion extraction tools to annotate all ri,k in our exper-
imental data. Specifically, we use ECONET (Han
et al., 2021b) finetuned on the MATRES dataset
(Ning et al., 2018b) to predict the temporal rela-
tion between neighboring events.3 The context
and the locations of a pair of event trigger words
are fed into ECONET to predict their temporal or-
der. The temporal prompt set consists of 〈before〉,
〈after〉 and 〈vague〉 (capturing undetermined tem-
poral order), and are fixed in Sri . Note that 〈vague〉
indicates undetermined temporal order due to the
ambiguity of the context (Cassidy et al., 2014; Ning
et al., 2018b) and it does not suggest the context is
poor or the relations are wrong. As shown in Fig-
ure 2, we replace the end-of-event token 〈eoe〉 with
temporal prompts in storylines, except for the last
event which does not have a next event. With the
prompt-augmented storylines, Sri , we can re-write
the storyline loss as Lα = − log p (Sri |xi, ri, α),
and story loss as Lθ = − log p

(
Yi|xi, Ŝri , θ

)
.

3.4 Storyline Pretraining
Using intermediate pretraining to adapt original
pretrained language models has been shown to be
effective for a variety of downstream tasks such as
information extraction (Joshi et al., 2020), question-
answering (Khashabi et al., 2020; Garg et al., 2020)
and commonsense reasoning (Zhou et al., 2021).
To capture more diverse event sequences and facili-
tate better story generation, we explore pretraining

3The ECONET tool is available here: https://
github.com/PlusLabNLP/ECONET.

storyline model with SRL extracted storyline from
BookCorpus dataset (Zhu et al., 2015), and use
learned α to initialize storyline models.

3.5 RL-based End-to-end Model

The end-to-end model described in Sec. 3.1 allows
the story model to train with the generated story-
lines and hence alleviate the gap between train-
ing and inference. However, this workflow still
lacks a mechanism that enables the storyline model
to adjust with the feedback from the story model.
The challenges of training storyline and story mod-
els jointly originate from decoding storylines as
inputs for the story model, which involves non-
differentiable token selections. Thus, the final loss
Lθ cannot be directly back-propagated into the sto-
ryline model.

To overcome this barrier, we adopt reinforce-
ment learning (RL), specifically, the REINFORCE
algorithm (Williams and Peng, 1991) in our end-
to-end training. Let Ri = R(xi, ri). The expected
reward with respect to the storyline model can be
written as Eα [Ri] = E [Ri · log (p(Sri |xi, ri, α))].
The gradient to update the storyline model is
∇Jα = E [Ri · ∇ log (p(Sri |xi, ri, α))], which
can be approximated with sampling techniques.
Motivated by Xu et al. (2018), we use negative
loss of the story model to construct rewards, that
is, R = −Lθ.5 In other words, smaller loss from
the story model is associated with larger reward.
Algorithm 1 summarizes the overall method.

4 Experimental Setup
In this section, we start by describing our research
objectives, then we describe our data, evaluation
metrics, experimental designs and implementation
details aiming to achieve these objectives.

The overall research objective is to measure
the impact of using temporal prompts in struc-
tured storylines. Specifically, can 〈after〉 success-
fully induce flashbacks? If so, does that contribute
to the interest level of the generated stories while
maintaining the overall quality of the texts?

4.1 Datasets.

ROCStories (Mostafazadeh et al., 2016a) and Writ-
ingPrompts (Fan et al., 2018) are our experimen-
tal datasets. We ensured all reported results us-
ing the same test data as the baseline systems (Xu
et al., 2020) and (Goldfarb-Tarrant et al., 2020). For

5We do not use baseline reward as we found this simple
reward design works effectively in our experiments.
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pretraining data, we use BookCorpus (Zhu et al.,
2015). Appendix B shows all details of data splits
and pre-processing process.

4.2 Temporal Prompts Constructions
ECONET was finetuned three times with differ-
ent random seeds, so we take the consensus vote
from three models. If there is any disagreement,
we label the temporal order as 〈vague〉. We bench-
mark ECONET’s annotation performances in Ap-
pendix G, which shows it provides highly accurate
temporal relations. For human evaluations specif-
ically, we consider two prompt settings in order
to gauge different impacts of 〈after〉. 1) for ROC-
Stories, all structured storylines consist of exactly
four predefined temporal prompts created follow-
ing Sec 3.3. We randomly sample stories with one
〈after〉 prompt from the test data. We will show
later in the analysis that vanilla language models
would generate more than 80% event pairs with
〈before〉 relations for ROCStories; 〈after〉 prompt
should bring this ratio down if it is effective. 2) for
WritingPrompts, since the number of events is not
fixed, we randomly sample test stories generated
with 〈after〉 prompts for evaluation.

4.3 Automatic Evaluation Metrics
We use automatic metrics to evaluate the textual
quality of stories. We report Ref. PPL: reference
stories’ perplexity in our models and Gen. PPL:
generated stories’ perplexity scored by GPT-2 (Rad-
ford et al., 2019). For diversity, we report Distinct
Ratio (%): overall vocabulary:token number ratio.
We also report standard BLEU-3 and ROUGEL.

4.4 Human Evaluation Metrics
We rely on human annotators to analyze the ef-
fectiveness of flashback generations. We request
18 MTurkers who succeeded in our previous anno-
tation tasks (Han et al., 2021a) to evaluate stories
produced by our compared models. We host a small
qualification round followed by a large annotation
task. Only 10 workers are qualified, and we only
consider their annotations. Eventually, we collect
106 and 77 sets of valid annotations for ROCStories
and WritingPrompts.
Temporal diversity. The dominance of 〈before〉
relation in our data can make models biased to-
ward generating stories with more 〈before〉 rela-
tions. Therefore, we are interested to see how in-
serting an 〈after〉 prompt can help increase the per-
centage of non-〈before〉 event relations in the gen-
erated stories. Let R̂r indicate the percentage of a

particular relation annotated by MTurkers. We cal-
culate the entropy of the set {R̂r},∀r ∈ {〈before〉,
〈after〉, 〈vague〉} to measure temporal diversity.
Accuracy measures the percentage of 〈after〉 be-
ing correctly incorporated in the generated stories
labeled by human annotators. We used a relaxed
version by counting annotated 〈vague〉 as correct
too, as 〈vague〉 can potentially be 〈after〉. Both
accuracy and temporal diversity can show the ef-
fectiveness of generating flashbacks using 〈after〉.
Temporal coherence indicates if the event se-
quence in a generated story aligns with an anno-
tator’s temporal commonsense.6 1 and 0 corre-
spond to yes and no, respectively.
Interest level. Precisely defining interest level is
difficult as it is a broad concept. So we focus on
the unexpectedness component of cognitive inter-
est. As pointed out by Behrooz (2019), unexpect-
edness can be further explained as how predictive
an event is, which is closely related to flashback
generation. Therefore, we define an interesting
event as 1) being unexpected or surprising and 2)
being logical according to the context and general
commonsense.7

For the compared models, we ask annotators
to provide ranks between 1 to K for the gener-
ated stories, with K indicating the most interest-
ing story and 1 indicating the least interesting one.
We encourage workers to provide different scores
for all compared stories, but equal scores are al-
lowed. The max score K depends on the number
of compared models, 5 for ROCStories and 4 for
WritingPrompts. We provide detailed instructions
in the interface shown in the appendix. Crucially,
interest level is separately annotated from other
metrics and we ensure annotators do not see the
same set of stories in both tasks.

4.5 Compared Models
Baselines. Xu et al. (2020), denoted as MEGA-
TRON, is chosen as the baseline as it outperforms
previous systems such as Guan et al. (2020) on
ROCStories. We also compare with TEMPORAL-
BART (Lin et al., 2021) as it is pretrained with tem-
poral ordering and event infilling tasks. For Writ-
ingPrompts, we compare with CONTENTPLAN-
NING (Goldfarb-Tarrant et al., 2020) as it also

6interface with detailed instructions and examples can be
found in Figure 7 of the appendix.

7the second definition is not identical to the temporal co-
herence above. Events contradicting general commonsense
can still be temporally coherent (see Figure 7) for examples.
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Automatic Evaluation Human Evaluation

Ref. Gen. Distinct BLEU ROUGEL Temporal Accuracy Temporal Interest
Models PPL(↓) PPL(↓) Ratio(↑) (↑) (↑) Diversity(↑) (↑) Coherence (↑) Level (↑)
TEMPORAL-BART 24.65 19.47 4.10 5.01 19.12 - - - -
MEGATRON - 34.14 4.57 2.57 15.23 1.21* - 0.78 2.69

VANILLA-GEN 27.30 19.29 3.99 5.13 19.29 0.88 - 0.88 2.95
+ STRUCTURED-PROMPT 22.85 19.94 4.09 5.07 19.39 1.09 55.75 0.82 3.03
+ PRETRAINED 21.16 19.25 4.01 5.06 19.44 1.07 52.21 0.84 2.96
+ RL 15.45 19.42 4.17 5.20 19.49 1.14 56.64 0.86 3.06

Table 1: Evaluation results for ROCStories. All values in the bottom block are averaged over three runs. MEGA-
TRON’s Ref. PPL is missing as it is not reported in the paper and the model is not publicly available. MEGA-
TRON and VANILLA-GEN do not use any temporal prompts, so accuracy is not applied. MEGATRON’s
temporal diversity* is high due to large amount of 〈vague〉 annotations in its generated stories.

Input [s1] my favorite class was english literature.
prompt 〈before〉 〈after〉 〈before〉 〈before〉

[s2] i was in english class for the first time.
[s3] i had to take a class with my local author this semester.baseline
[s4] i decided to ask him to speak to me at a local book festival.
[s5] he said that he was really good and i liked him.
[s2] one day, i decided to go to the library.

VANILLA
[s3] i found a book that i really liked.
[s4] i read the whole book in one day.
[s5] i was so happy that i went back to school.
[s2] i would go to the library to read all the books.
[s3] i had never been to a library before.RL
[s4] i was so excited to go.
[s5] i ended up spending a lot of time in the library.

Input [s1] tom was excited to go on a date.
prompt 〈after〉 〈before〉 〈before〉 〈before〉

[s2] he went to his favorite restaurant to pick up his date.
[s3] the date went well and then tom got drunk.baseline
[s4] he told his date they were going to a comedy show.
[s5] the date went on and they had a great time at the movie.
[s2] he was going to take his girlfriend to the movies.

VANILLA
[s3] they went to the movie theater.
[s4] they had a great time.
[s5] tom couldn’t wait to go back again.
[s2] he had been looking forward to it for months.
[s3] he went to the mall and bought a new dress.RL
[s4] he wore it to his date’s house.
[s5] his date loved it and they had a great time.

Table 2: Generated stories by our compared mod-
els. baseline: MEGATRON, VANILLA-GEN and RL-
based. end-to-end. Input is the first sentence. High-
lighted sentences contain an event that started earlier
than the preceding event.

adopts the Plan-and-Write workflow as well as
structured event representations. Appendix D de-
scribes more details of baseline systems.

We describe our own model variants below,
1. VANILLA-GEN uses the parameters of a pre-

trained language model (LM), specifically BART-
base (Lewis et al., 2020), to initialize both the story-
line and story models. Its workflow is illustrated in
the upper block of Figure 2. Since no information
other than the prefix (first sentence, prompt, etc.)
is used to generate the story, we denote this model
as vanilla LM generation or VANILLA-GEN.

2. STRUCTURED-PROMPT enhances VANILLA-
GEN by using a structured storyline of events to
encode temporal prompts, which is associated
with the workflow of the bottom block of Figure 2.

3. PRETRAINED. For ROCStories data only,

we initialize the storyline model of STRUCTURED-
PROMPT with the pretrained parameters.

4. RL uses the same inputs as STRUCTURED-
PROMPT. The difference is that reinforcement
learning is used to train storyline and story models
jointly. As Algorithm 1 shows, RL-based model
is trained following the same forward workflow as
STRUCTURED-PROMPT, but during backpropaga-
tion, the storyline models’ parameters are updated.

5 Results and Analysis
The main results for ROCStories and Writing-
Prompts are shown in Table 1 and Table 3 respec-
tively. Examples of generated stories can be found
in Table 2 and Table 6 for ROCStories and Ta-
ble 11 in the appendix for WritingPrompts. We
organize our discussions and analysis in the follow-
ing sections by answering the four research ques-
tions. Q1) Can our proposed models (with tem-
poral prompts) produce stories with good textual
quality? Q2) Are our proposed models effective
at generating flashbacks? Q3) Can our proposed
models maintain event temporal coherence in sto-
ries? Q4) How do our proposed models contribute
to stories’ interest levels?

5.1 Textual Quality
We measure the textual quality of stories using a
wide range of automatic evaluation metrics.

Perplexity. For ROCStories, all three model vari-
ants can improve Ref. PPL against VANILLA-GEN

and TEMPORAL-BART while maintaining good
Gen. PPL. The weak Gen. PPL of MEGATRON
may be attributed to its sentence-by-sentence gen-
eration pipeline, whereas our models generate an
entire story in an integrated step. For Writing-
Prompts, both model variants improve Gen. PPL
over VANILLA-GEN and CONTENTPLANNING

while maintaining good Ref. PPL.

Token Diversity. For ROCStories, RL-based
model improves the VANILLA-GEN by 0.18 per
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Ref. Gen. Distinct BLEU ROUGEL Tok. Pearson Temporal Interest
Models PPL (↓) PPL (↓) Ratio (↑) (↑) (↑) Len. (↑) Corr. (↑) Coherence (↑) Level (↑)
CONTENTPLANNING - 25.52 1.80 3.46 14.40 252.3 0.04 0.57 2.20

VANILLA-GEN 31.04 11.17 3.50 0.67 9.43 160.2 0.09 0.52 2.49
+ STRUCTURED-PROMPT 30.77 9.30 2.86 1.44 10.95 208.6 0.56 0.49 2.49
+ RL 30.98 9.50 2.83 1.39 10.78 203.8 0.57 0.55 2.62

Table 3: Evaluation results for WritingPrompts. Pearson correlation approximates the effectiveness of prompts.

Distinct Ratio. MEGATRON achieves the high-
est token diversity as it incorporates external
knowledge-bases that make the generated stories
contain novel tokens. For WritingPrompts, we
observe longer stories are associated with poorer
scores. However, the large increases in Distinct
Ratio suggest that the token usages in our proposed
models are diverse.

BLEU and ROUGEL. For ROCStories, the pro-
posed models perform on-par with VANILLA-
GEN and TEMPORAL-BART while outperforming
MEGATRON, which generates the shortest stories
among all compared models. For WritingPrompts,
CONTENTPLANNING performs the best partially
due to its usage of BART-large models.

The overall performances across these three
types of automatic metrics suggest that using tem-
poral prompts in the Plan-and-Write framework
can produce stories with high textual quality.

5.2 Effectiveness on Flashback Generation
The second research question probes the effective-
ness of using temporal prompts on generating
flashbacks. For ROCStories, all models can gen-
erate stories with the same number of events/sen-
tences as the gold stories. This allows annotators
to judge pairwise event relations in the generated
stories and help us check whether the generated
events have relations truthfully reflecting the tem-
poral prompts used. Accuracy is the perfect met-
ric for this. As Table 1 shows, the final RL-based
model achieves the highest score, which indicates
the strongest effectiveness of generating flashbacks.

However, temporal prompts are not used in the
baselines and VANILLA-GEN. So we compute an
approximate measures of effectiveness, temporal
diversity, which indicates how many non-〈before〉
relations 〈after〉 prompt can induce. Table 1 shows
that STRUCTURED-PROMPT, PRETRAINED and
RL-based models can help improve VANILLA-
GEN with more than 80% generated 〈before〉 re-
lations. MEGATRON achieves the highest score
due to the largest amount (29%) of 〈vague〉 re-
lations (complex or undetermined) annotated by
MTurkers shown in Figure 3, which is associated
with its lowest temporal coherence score.

MEGATRON
Vanilla-Gen

Structured-Prompt
Pretrained RL
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Figure 3: Relation annotation distribution by MTurkers
for compared models trained on ROCStories.

For WritingPrompts, stories are long and can
contain dialogues or short phrases without events
at all. These make the sentence or event alignments
between the gold and generated stories worse than
ROCStories, i.e. ei,k, ri,k may not correspond to
the k-th sentence in Yi. Therefore, accuracy can-
not be computed. To obtain an approximate met-
ric, we use the tool described in Sec. 3.3 to an-
notate neighboring event temporal relations in the
generated test stories for all the compared mod-
els. Slightly different from temporal diversity,
we calculate the total number of machine anno-
tated 〈after〉 relations, denoted as N̂i,A in each Ŝ ′i.
Let {Ni,A} denote the number of 〈after〉 temporal
prompts extracted in gold stories. We compute
the Pearson correlation (Benesty et al., 2009) be-
tween the sets {N̂i,A} and {N̂i,A} as the measure.

As Table 3 shows, for CONTENTPLANNING and
VANILLA-GEN without temporal prompts, the
correlations are weak; whereas when temporal
prompts are used in both STRUCTURED-PROMPT

and RL-based models, the correlations are strong.
Although using models’ temporal annotations for
the generated stories is not as precise as human
annotations, the large differences in correlation pro-
vide another piece of evidence that our proposed
methods are effective at generating flashbacks.

5.3 Temporal Coherence

Generating flashbacks requires a system to dis-
rupt the monotonic 〈before〉 sequence, which is the
dominant temporal pattern generated by VANILLA-
GEN (see Figure 3). In other words, flashbacks with
at least one 〈after〉 are minor patterns that can be
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hard to learn in our data, which may result in event
sequences violating our temporal commonsense.
Thus, we need to check that stories generated with
flashbacks maintain good temporal coherence. As
shown in Table 1 and 3, our proposed models with
temporal prompts can achieve on-par or slightly
lower scores, suggesting little trade-off of tempo-
ral coherence in generating flashbacks. We will
discuss this more in the error analysis (Sec. 6).

5.4 Contributions to the Interest Level

As we can observe in Table 1, the impact of tempo-
ral diversity and coherence on the interest level
appears to be complex. To better understand the
dynamics among these metrics, we run ordinary
least square regressions (OLS) (Kenney and Keep-
ing, 1965) by setting interest level as the target
variable and temporal diversity, coherence and
the number of 〈after〉s as predictors. Since all of
these metrics apply to each of the compared stories,
the total instances are 530 and 308 for ROCStories
and WritingPrompts, respectively.

As Table 4 shows, for ROCStories, holding other
metrics constant, adding 1 unit to temporal coher-
ence and diversity leads to a 0.609 increase and
0.532 decrease of the interest level. The former
result implies that a story lacking event temporal
coherence tends to be less interesting. The latter
result suggests that increasing temporal diversity
may lead to less interesting stories, which we hy-
pothesize could be attributed to two factors: 1)
〈before〉 is dominant in ROCStories, and by using
〈after〉 as prompt, we force models to generate rela-
tions less seen in data. 2) Figure 3 shows temporal
diversity can increase with more 〈vague〉 relations.
Since 〈vague〉 is an undetermined temporal relation
even for our annotators, it could make the storyline
confusing and thus lead to less interesting stories.
The coefficient for the number of 〈after〉 indicators
is positive with strong statistical significance. It
suggests that holding the other two metrics con-
stant, adding the number of 〈after〉 indicators by 1
contributes to 0.387 increases of the interest level.

For WritingPrompts, although we are not able
to conclude that the estimates are statistically sig-
nificant, the coefficients have the same signs as
ROCStories. Also, we observe that the p-value of
the number of 〈after〉 indicators is much lower than
the other two variables, which implies a relatively
stronger (positive) impact.

Since temporal prompts in human evaluations
all contain at least one 〈after〉, these results show

ROCStories WritingPrompts

Coef. p-value Coef. p-value

Temporal Coherence 0.609 0.000∗ 0.006 0.963
Temporal Diversity −0.532 0.004∗ −0.279 0.410
# 〈after〉 prompt 0.387 0.000∗ 0.034 0.238

Table 4: OLS regression results on temporal coherence,
diversity and number of 〈after〉 indicators. The coeffi-
cients for the intercept are omitted. ∗ means statistically
significant with 99% confidence.

that when 〈after〉 prompt successfully produces
event pairs with 〈after〉 relation in the final sto-
ries, it makes stories more interesting. Now, we
can answer the final research question: improving
temporal diversity can help interest level when
〈after〉 prompts are effective at generating 〈after〉
relations in stories; that is, when flashbacks truly
work, stories become more interesting.

6 Error Analysis
In Table 1, we observe that our final models cannot
outperform VANILLA-GEN for Temporal Co-
herence and fall behind MEGATRON for Tempo-
ral Diversity. We show examples below to provide
feasible explanations.
Temporal Coherence. Table 5 shows three com-
parisons between our final RL-based model and
the VANILLA-GEN baseline. In all three pairs,
human evaluators mark VANILLA-GEN’s gen-
erated stories as temporally coherent but not for
RL’s stories. As we can see in these examples, the
red highlighted events temporally contradict the
preceding context. In Input 1, the context shows
“I have listened to the new album” so “can’t wait
to listen to the new album” shouldn’t follow the
former event. For Input 2, if “Anna had gotten her
hair permed,” it does make sense that the event
“went to apply it (the perm)” follows. In Input 3, if
the officer “gave [a] ticket” already, it does quite
make sense to give “a warning” afterward as it is
a weaker penalty than a “ticket.” However, we ob-
serve that in all three cases, 〈after〉 relations are
successfully reflected (flashback). Since stories
with 〈after〉 relations are minority cases in the data,
we hypothesize that they have not been perfectly
learned by our proposed models. We leave more
rigorous investigation for future research efforts.

Temporal Diversity. Table 10 in the appendix
shows three comparisons between our final RL-
based model and the MEGATRON baseline. In all
three pairs, MEGATRON’s generated stories are
more temporally diverse based on the predicted
relations provided by human evaluators. How-
ever, MEGATRON’s stories are either contradic-
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Input 1 [s1] the new album from my favorite pop star came out today.
prompt 〈after〉 〈before〉 〈before〉 〈before〉

[s2] i was so excited to listen to it.
[s3] i listened to it all day long.VANILLA
[s4] i couldn’t believe how good it was.
[s5] red i can’t wait to listen again.
[s2] i had never heard the album before.
[s3] i went to the store and bought the album.RL
[s4] when i got home, i listened to the whole thing.
[s5] i can’t wait to listen to the new album.

Input 2 [s1] anna had just gotten her hair permed.
prompt 〈before〉 〈before〉 〈after〉 〈before〉

[s2] she was excited to see how it looked.
[s3] but then she saw that her hair had grown out.VANILLA
[s4] anna was horrified!
[s5] she had to go to the salon to get it fixed.
[s2] she was excited to see how it looked.
[s3] but when she went to apply it, it was terrible.RL
[s4] her hair had grown way too long!
[s5] anna had to go to the salon to get her hair fixed.

Input 3 [s1] last week we saw a police car in front of a parked car.
prompt 〈after〉 〈before〉 〈before〉 〈before〉

[s2] the police officer pulled over the car.
[s3] he asked the driver if he had insurance.VANILLA
[s4] the driver said he did not.
[s5] the officer gave him a ticket.
[s2] the car was parked in the parking lot.
[s3] the police officer pulled over the car.RL
[s4] he gave the driver a ticket.
[s5] the officer gave him a warning.

Table 5: Examples from our RL-based model that are
not as temporally coherent as examples generated by
the VANILLA-GEN model. Highlighted sentences con-
tain an event that started earlier than the preceding
event. Red text indicates temporal incoherence.
tory (Input 1), incoherent (Input 2) or repetitive
(Input 3), resulting in higher ambiguous event re-
lations, i.e. 〈vague〉 annotations (consistent with
Figure 3). Therefore, despite lower temporal di-
versity, our proposed models can still produce sto-
ries with higher quality, which is demonstrated via
other metrics such as Temporal Coherence and
Interest Level.

7 Related Work
Generating flashbacks has been studied in a
few prior works. Bae and Young (2008) is one
of the early efforts proposing a planning-based ap-
proach to generate flashbacks to evoke surprise in
the readers. Follow-up works proposed a cognitive-
based model that finds the best location in the orig-
inal stories to insert a past event (Wu et al., 2016).
Our work differs from this line of research by using
temporal prompts with pretrained language models
to generate integrated flashback in stories. Hoek
et al. (2014) studies flashback in game narrative
generation, which is remotely related to our work.
Plan-and-Write framework has been shown to
be an effective method to enhance the explainabil-
ity and controllability of story generation. Yao et al.
(2019) enables machines to produce a sequence of

keywords prior to generating stories. Follow-up
works leverage commonsense or external knowl-
edge to enhance the quality of stories (Guan et al.,
2020; Xu et al., 2020; Tan et al., 2021). Goldfarb-
Tarrant et al. (2020) is one of our compared works
that incorporates SRL extracted event representa-
tions in storylines and train models with several
event-related decoding objectives. Our work differs
from it by explicitly encoding temporal prompts
in event plots that facilitates flashback.
Structured representation such as discourse
structure (Guan et al., 2021), story keywords (Peng
et al., 2018; Goldfarb-Tarrant et al., 2019) and even-
t/plot graph (Ammanabrolu et al., 2019, 2021) have
been widely used in story generation to enable mod-
els to output diverse stories, but they are remotely
related to our flashback generation task.
Reinforcement learning has also been explored
in two-stage story generation such as Xu et al.
(2018) and Tambwekar et al. (2019). Our moti-
vation of using RL-based generation is to enhance
the effectiveness of temporal prompts.
Event temporal reasoning helps the construc-
tion of the temporal prompts. It has been studied
in story understanding (Han et al., 2019b), infor-
mation extraction (Ning et al., 2017; Han et al.,
2019c,a, 2020; Ma et al., 2021), QA (Ning et al.,
2020; Zhou et al., 2019), and event generation (Lin
et al., 2021; Li et al., 2021). Our proposed method
is the pioneer work to introduce event temporal
prompts in flashback generation.

8 Conclusions
We propose to generate flashbacks in stories by en-
coding temporal prompts in structured storylines.
Experimental and evaluation results show our pro-
posed systems can produce fluent, temporally co-
herent, and more interesting stories. Future work
can focus on improving temporal prompts so that
they handle minority cases (i.e. prompts with one
or more 〈after〉 indicators) more effectively. De-
signing more powerful rewards in reinforcement
learning is another promising research direction.
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Input [s1] nina needed blood tests done.
prompt 〈before〉 〈after〉 〈before〉 〈before〉

[s2] she was very nervous.
[s3] she went to the local clinic.baseline
[s4] they told her about her bad breath.
[s5] she was relieved her nerves were n’t too much to handle.
[s2] she was terrified of needles.

VANILLA
[s3] she went to the doctor.
[s4] the doctor gave her a needle.
[s5] nina was relieved.
[s2] she was afraid to go to the hospital.
[s3] she had never been to a hospital before.RL
[s4] but when she got there, she was relieved.
[s5] she felt so relieved!

Input [s1] mickey was always a fan of webcomics.
prompt 〈after〉 〈before〉 〈before〉 〈before〉

[s2] he loved writing his own comics one night.
[s3] then he had a great idea.baseline
[s4] he created a story called the superman story.
[s5] the story was real as a kids cartoon.
[s2] one day, he decided to make a webcomic himself.

VANILLA
[s3] he created a website and sent it to a publisher.
[s4] the publisher loved it and contacted mickey.
[s5] mickey was happy to receive a publishing deal.
[s2] he had been writing for years.
[s3] one day, mickey saw an ad for a webcomic.RL
[s4] he signed up for it.
[s5] mickey was able to make a lot of money from his work.

Input [s1] anna had just gotten her hair permed.
prompt 〈before〉 〈before〉 〈after〉 〈before〉

[s2] she was nervous about it.
[s3] she was too nervous to do it.baseline
[s4] she tried to cut hair to look better.
[s5] when she was done it looked great !
[s2] she was excited to see how it looked.

VANILLA
[s3] but then she saw that her hair had grown out.
[s4] anna was horrified!
[s5] she had to go to the salon to get it fixed.
[s2] she was excited to see how it looked.
[s3] but when she went to apply it, it was terrible.RL
[s4] her hair had grown way too long!
[s5] anna had to go to the salon to get her hair fixed.

Table 6: Additional generated stories for ROCStories.

A Additional Generated Stories
Please see Table 6 and Table 11 for more examples
on ROCStories and WritingPrompt respectively.

B Data
ROCStories (Mostafazadeh et al., 2016a) con-
tains 5-sentence stories. Following (Xu et al.,
2020), we split data into 88,344/4,908/4,909 for
train/validation/test sets.

WritingPrompt (Fan et al., 2018) contains
30,335 pairs of prompts and stories. With an av-
erage of more than 700 words per story, Writing
Prompts are much longer than ROCStories. These
stories are also much less structured as some di-
alogues and short phrases may be included. To
speed up our experiments, we select stories with a
maximum of 500 words, resulting in a total number

of 96,488 training and 5,784 validation prompt-
story pairs, respectively. For the test set, we use the
1,000 prompt-story pairs provided by the baseline
paper (Goldfarb-Tarrant et al., 2020) for reporting
automatic evaluation results.

Pretraining Data. As we mention in Section 3.4,
we pretrain storyline models for ROCStories. To
be consistent with ROCStories inputs, we divide
BookCorpus data (Zhu et al., 2015) into 5 consecu-
tive sentences and filter out those with noisy tokens.
We randomly select 1 million such 5-sentence text
spans and extract their storylines following Sec-
tion 3.2.

C More Details for Evaluation Metrics
Automatic evaluation metrics are used to mea-
sure textual quality of stories. We report 1) Ref.
PPL: reference stories’ perplexity in a model; 2)
Gen. PPL: generated stories’ perplexity scored
by GPT-2 (Radford et al., 2019), i.e. we feed
the generated stories into GPT-2 to compute per-
plexity scores. For diversity scores, we found
our models implemented by Huggingface (Wolf
et al., 2020) can achieve nearly 0 Repeat-3 and
100% Distinct-3 scores, so we follow Goldfarb-
Tarrant et al. (2020) to compute the overall vocab-
ulary:token number ratio, which we denote as 3)
Distinct Ratio (%). We also report standard 4)
BLEU-3 and 5) ROUGEL scores.

D More Details for Baseline Models
MEGATRON-CNTRL Xu et al. (2020), de-
noted as MEGATRON for brevity, is chosen as the
baseline as it outperforms previous systems such as
Guan et al. (2020) on ROCStories. We do not per-
form delexicalization that replaces names and en-
tities with [MALE], [FEMALE] and [NEUTRAL]
tokens, as we found our models work well by rec-
ognizing names and entities. When conducting
evaluations, we try our best to map these special
tokens back to their original texts by using the
given first sentence. For rare undetermined cases,
we manually examine the generated stories and
swap in names or entities that make the most sense
in the context. To be fair, we compare with the
124M-parameter version.

ContentPlanning (Goldfarb-Tarrant et al., 2020)
is chosen as the baseline for WritingPrompt, as it
also adopts the Plan-and-Write workflow as well
as structured event representations. However, their
models are based on BART-large and do not train

1463



with an end-to-end framework. They use 65% of
the original training data and also filter out samples
with non-[WP] prompts. Our final training data is
about 2/3 of theirs.

TemporalBART (Lin et al., 2021) is designed
for two event temporal relation related tasks: tem-
poral ordering and event infilling. Although Tem-
poralBART does not tackle story generation di-
rectly, it encodes event temporal information via
pretraining tasks. So we consider TemporalBART
as another baseline model by initialing the sto-
ryline model with their parameters and training
the STRUCTURED-PROMPT workflow on ROCSto-
ries.8

E Reproduction Check List
We finetune BART-base. For ROCStories, hyper-
parameters are learning rate: 5e−5; batch size: 10.
We use 3 random seeds: (5, 9998, 20016) and re-
port the average performances for all end-to-end
models. For Writing Prompts, hyper-parameters
are learning rate: 1e−4; batch size: 64; gradient
accumulation: 8.

For ROCStories, we were able to finetune on a
single Nvidia GTX2020 GPU with 11G memory,
and training time is 3-4 hours per epoch. For Writ-
ingPrompt, we have to use a much larger Nvidia
A100 GPU with 40G memory, and the training time
is 20 hours per epoch. We train all models for 10
epochs and save the model with the best evaluation
perplexity. All reproduction details can be found
in the separately submitted code.

F Perplexity and Event Coverage
Trade-off

One caveat of using end-to-end training is that there
is no guarantee that the generated events will ap-
pear in the final stories; whereas in two-stage mod-
els, the story model learns a mapping from refer-
ence storylines to stories, which leads to a higher
coverage rate of the generated events. To provide a
potential solution, we experiment with the mixture-
training method proposed by Zhang et al. (2019),

p =
µ

µ+ exp(e/µ)

where p controls the ratio of reference storylines
used in training and e is the training step. Here the
larger the hyper-parameter µ, the slower p decays
to 0 as training proceeds.

8More implementation details such as hyper-parameters
and software can be found in the appendix.
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Figure 4: Trade-off between perplexity scores and gen-
erated event (trigger) coverage.

In Figure 4, we show the trade-off between per-
plexity and µ values by training our final RL-based
models. When µ is nearly zero, it corresponds
to always using predicted storylines, and hence a
smaller predicted event coverage rate in the final
stories. When µ gets larger, eventually making p
close to 1, the training corresponds to always using
gold storylines, which leads to a very high event
coverage rate, but relatively poor perplexity (still
much stronger than two-stage results). We leave
the search for optimal µ for future research.

CaTeRS MATRES

A 〈Before〉 B A 〈before〉 B
A 〈Identity〉 B A 〈vague〉 B
A 〈Contains〉 B A 〈before〉 B
A 〈Overlaps〉 B A 〈before〉, 〈after〉, 〈vague〉 B

Table 7: Label mapping from CaTeRS to MATRES.
〈after〉 is ignored in CaTeRS by flipping event physi-
cal order.

G Benchmark Event Temporal Relation
Annotations

The experimental results in the main text demon-
strate the effectiveness of using temporal prompts.
Here, we further show that the tool to produce tem-
poral prompts, i.e. ECONET, provides reliable
event temporal relation annotations. We bench-
mark ECONET’s performances using CaTeRS
(Mostafazadeh et al., 2016b), which annotates 4
types of temporal relations for event pairs in a
small amount of ROCStories. However, CaTeRS’s
annotations are based on event time interval rather
than event start time as used in MATRES, which
ECONET is finetuned on.

In Tabel 7, we provide a mapping from
CaTeRS’s temporal relations to MATRES labels.
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The only non-unique mapping is 〈Overlap〉. In
other words, when ECONET predicts 〈before〉 for
a CaTeRS sample 〈Overlaps〉, we have to manually
examine whether it is correct or not. We found
that when ECONET predicts 〈before〉 for CeTeRS
data, the precision rate is 65.53% due to a large
amount of 〈Overlaps〉 event pairs being predicted
as 〈before〉. But we emphasize here that this low
number is caused by label mismatch as shown
in Table 7, which does not truthfully reflect the
ECONET’s accuracy.

To have a better understanding, we randomly
selected 20 such pairs and manually examine their
temporal relations in the context and found that
90% of such pairs are indeed correctly predicted
by ECONET. Adjusting for this factor, the preci-
sion rate for the annotated 〈before〉 relation would
be 92.07%, indicating highly accurate predictions.
We do not claim the final accuracy is 92.07%,
but simply argue that the annotations provided by
ECONET are helpful as our main experimental
results demonstrate.

H Two-stage Model Results
Two-stage Model. As we mentioned in Sec-
tion 3, another way to implement Plan-and-Write
framework is to train storyline and story models
separately with gold input and outputs, and replace
story models’ inputs with the storyline model’s pre-
dictions during inference. We found this variant’s
performances fall far behind other compared mod-
els. So we do not use them in human evaluations
and simply show their automatic evaluation results
in Table 8.

Ref. Gen. Distinct BLEU ROUGEL
Models PPL(↓) PPL(↓) Ratio(↑) (↑) (↑)
ROCStories 197.97 27.15 4.26 2.98 16.39

WritingPrompt 76.69 39.43 8.12 0.00 6.24

Table 8: Automatic Evaluation Results for the Two-
stage models.

I Storyline Model Results
Our primary goal is to improve temporal control
in final stories. However, as aforementioned, the
motivation for using reinforcement learning is to
allow the storyline model to adapt together with
the story model. In Table 9, we compare storyline
prediction performances between the vanilla and
the RL-based end-to-end models. These results
suggest that our final framework combining struc-
tured storylines, temporal prompts, pretraining and

Ref. BLEU Distinct
Models PPL (↓) (↑) Ratio (↑)
Vanilla-Gen 13.97 3.21 3.68
+ RL 12.71 3.49 4.09

Table 9: Improvements of RL-based model against
vanilla end-to-end model on ROCStories data.

RL also helps storyline models fit reference story-
lines better, resulting in lower perplexity, higher
overlapped scores and better diversity.

J Error Analysis
Table 10 shows examples for the temporal diversity
in Section 6.

Input 1 [s1] justin is a very charismatic man who loves women.

[s2] he always said that he wanted to be a man.
[s3] he thought that men looked bad.baseline
[s4] justin decided to become a boy scout.
[s5] he is now a successful realtor.
predicted relations: 〈vague〉 〈vague〉 〈vague〉 〈before〉
[s2] one day he met a beautiful woman and they fell in love.
[s3] justin decided he wanted to marry her.RL
[s4] he went to the mall and bought a ring.
[s5] he proposed to her and she said yes.
predicted relations: 〈before〉 〈before〉 〈before〉 〈before〉

Input 2 [s1] the smoke was beginning to get to me.

[s2] mary friend said he had to come to my house.
[s3] i wanted to have a smoke fight.baseline
[s4] he said i had to light a cigarette.
[s5] i smoked for a few hours before i gave up.
predicted relations: 〈after〉 〈vague〉 〈before〉 〈before〉
[s2] i had just gotten out of my car.
[s3] i ran to the front door.RL
[s4] i opened the door.
[s5] the fire department came and put out the fire.
predicted relations: 〈vague〉 〈before〉 〈before〉 〈before〉

Input 3 [s1] tom was in court for a parking ticket.

[s2] he did not have to pay his court date.
[s3] the judge gave him a parking ticket.baseline
[s4] tom paid his court date.
[s5] the judge gave tom a parking ticket.
predicted relations: 〈before〉 〈vague〉 〈before〉 〈after〉
[s2] he had been speeding for a while.
[s3] the judge gave him a warning.RL
[s4] tom didn’t listen to the warning.
[s5] he got a ticket anyway.
predicted relations: 〈after〉 〈before〉 〈before〉 〈after〉

Table 10: Examples from our RL-based model that are
not as temporally diverse as examples generated by the
baseline MEGATRON model. Predicted relations
are provided by human evaluators.

K Potential Risks
Since our models deal with open-domain gener-
ation, it is conceivable that the generated stories
could contain biases, malicious languages, and hal-
lucinations. We refer readers to the work in fairness
and fact checking to address these issues.
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Input artic outpost 9
prompt 〈after〉 〈vague〉 〈before〉 〈after〉 〈before〉 〈vague〉 〈vague〉
baseline she stood alone in the dimly lit corridor , staring at the light that flooded into the room . her eyes scanned the room , finally settling on the small ,

round table . ¡p¿ ¡p¿ “ hello , everyone . ” ¡p¿ the woman spoke in a voice that echoed the room in a series of hushed tones , as though it was a
voice only audible to those who heard it . “ do you know why we are here ? do you know where we come from ? ” our leader , the man with the
black suit and black hat , stood at the end of the hall . a man in a black coat and black trousers , a long coat , and a black hat stood behind him , a
black cloak and a dark hat , a pair of gloves . the black suit had a black mask on , and she was wearing her best , black dress shirt and a pairof
pants , and black shoes . on her right wrist , the small of one shoulder , was an amulet , and on the other , a small device hidden in the pocket of
the man ’s coat , a single small device . there was nothing else . just this man . . . and our leader

VANILLA i’ve never seen anything like it before. it’s a strange place. i don’t know why i chose it, but i’ve always wanted to see it. it was the first time i saw
it. it was a small building with a single window. i couldn’t believe it. i had never seen it before, but it was here. i’m not sure what it is, but there’s
something about it that makes me want to run. i can’t remember the last time i ’d seen it. but i do know that it was there. the first thing i noticed
was the door opening. i wasn’t sure if it was my own, or my own. i didn’t want to be here. i just wanted to get out. i wanted to go back to my
home. as i approached the door, i saw a man standing there. he was wearing a trench coat. he had a gun pointed at his head. he pointed it at my
head. “ what are you doing here? ” i asked. he looked at me. he looked like he was about to say something. “ i need you to come with me. ” he
said, and i followed him. we were in the middle of nowhere when the man shot me in the head. i looked at him, and he looked back at me, then at
the gun. i felt a sharp pain in my chest. i started to cry. i tried to speak, but my throat was dry. i heard the man say something, and then he shot
me. i fell to the ground, bleeding. i woke up in a hospital bed. there was a note on my bedside table. i opened it and read it aloud. *i’m sorry, but
this isn’t what i was expecting.

RL what’s that? we’ve been waiting for you for a long time, i said. i’m not sure how long you’ll be waiting for me. you don’t have much time to
think about it, do you? i mean, i can see it, but i can feel it in your eyes, and i can hear it in the way you can hear me. i can smell it, and it can
feel your heart beating faster than you can think. i think you know what i am talking about. i know what you are talking about, but you can not
understand what i mean. i want you to know that i love you. i need you to understand that you are my love, and that i will always be there for
you. that you will always love me. that i am the love of my life, and you are the love that i have always wanted to be. and i will never let you
down. i will not let you go. i promise you that.with that, i walked out of the building, into the street, and into the night.

Input 100000 year high
prompt 〈before〉 〈after〉 〈before〉 〈before〉
baseline for a long time it seemed the world ’s people all were living in the same way . the same . they were all the same . the same , they had the same

families and their children and they all had the same friends . but these families were all different . they may have been the last of them , and the
world was a better place without it , but those people knew about it , they just did n’t know the truth . some of them lived for years , some of
them a century . and a new age started , one that would make this world a better places . a world without war or war . it seemed the first people
could see the world and see the future and people living it . they were the first to do it . ” “ the first people on earth who could live a normal life !
the first to have a normal family and a normal home ! the first ones who we could live on ! who could have imagined that our world was as good
as ours was and that the next life would be better than what i ’ ve been , that there ’s a whole new life ahead of us , that this world is a living one !
” and that ’s when it happened . that was the day . on march 20th , 2036 . march 20, 2036 , the first time that day

VANILLA it was a beautiful day. the sun was shining and the sky was blue. the clouds were bright and the trees were green and the birds were singing. it
was a wonderful day. i was walking down the street when i saw it. the sky above me was blue and it was beautiful. i had never seen anything like
it before. i looked down at the ground and saw nothing. i didn’t know what to do. i took a step back and looked up at the sky. i couldn’t see
anything at all. i walked towards the sky and looked at the stars. they were beautiful. they seemed like they were floating. i reached out and
touched them. i felt a warmth in my chest. i touched them again and again. it was amazing. i wasn’t sure if i was dreaming or not, but i knew i
was.

RL it’s been a long, long time since i’ve seen the light of the sun. i’m not sure how long it has been, but i think it’s a long time. i ’d like to say that
the last time i saw the light, it was a thousand years ago, but it wasn’t. it was only a few years ago that i first saw the sun, when it was just a few
seconds away from reaching the horizon. i don’t know how long i have been seeing it, but the light is blinding, and i can’t help but wonder what
it could have been like. maybe i ’ll see it again, but for now, i just want to see the light again.

Input paint a picture of loneliness , without using the word , or any of its forms .
prompt 〈before〉 〈vague〉 〈vague〉 〈vague〉 〈before〉 〈before〉 〈before〉 〈after〉 〈after〉 〈before〉
baseline the glass is cold , but the sun shines brightly through . on the glass , in a small room , a woman stands . it stands before her , its hands clutching

the glass in front of it like a shield . it 2019 s not the sunlight , but it hits the sky like a storm . the light makes the clouds roll in from all directions
. a soft breeze , the wind blowing through the trees , the water rustling in the water . there are people in the room , but most do n’t look at their
feet , they ’re too busy staring out the window . some are silent . most look at the woman . one of the people looks back at the woman who seems
to be alone in this room , who is alone with a glass of champagne . the wind and water make the trees sway . you hear the birds chirping from
outside . a few laugh , some are sad , some angry , but most are happy , and some are happy . there ’s a small child sitting on her lap . in the
corner . on the ground , on a bench . and it ’s just this woman and the glass .

VANILLA i’ve always been lonely. i’m not sure why. maybe it’s the fact that i don’t have any friends. maybe i’ve been alone for a long time. i haven’t
seen anyone. i can’t even remember where i am. i have no friends. there’s no one to talk to. no one who can help me. i just want to be alone.
sometimes i think that i ’ll just be alone forever. but then i think back to the first time i saw someone else. it was a girl. she’s beautiful, but she
looks like she doesn’t belong here. she has no friends, no family, no one. then i thought of her. i think of the way she looked at me. the way i
looked at her, the way her eyes looked at the people around her. that’s when i realized that i was alone.

RL i don’t know why i’m doing this, but i’ve been doing it for a long time now. it’s been a long, long time since i ’d seen a single person. i remember
the first time i saw her. she was beautiful, and i loved her. but i couldn’t tell you how much i missed her. i didn’t want to know how much she
meant to me. and i can’t even remember the last time i talked to her, because i was too busy trying to figure out what to say. she was always
there for me, and she always made me feel so alone. sometimes i wish i could go back, but sometimes i think i ’ll just stay here forever. maybe
someday, when she’s gone, she ’ll come back.

Table 11: Additional examples for WritingPrompt. Possible 〈after〉 relations are highlighted.

1466



Figure 5: Annotation interface for pairwise event temporal relations and temporality.
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Figure 6: Instruction for pairwise event temporal relation annotation.
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Figure 7: Instruction for temporality annotation.
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Figure 8: Annotation interface for interest level (unexpectedness).
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Abstract
We present a novel approach incorporating
transformer-based language models into infec-
tious disease modelling. Text-derived features
are quantified by tracking high-density clus-
ters of sentence-level representations of Red-
dit posts within specific US states’ COVID-
19 subreddits. We benchmark these clustered
embedding features against features extracted
from other high-quality datasets. In a threshold-
classification task, we show that they outper-
form all other feature types at predicting up-
ward trend signals, a significant result for infec-
tious disease modelling in areas where epidemi-
ological data is unreliable. Subsequently, in a
time-series forecasting task we fully utilise the
predictive power of the caseload and compare
the relative strengths of using different supple-
mentary datasets as covariate feature sets in a
transformer-based time-series model.

1 Introduction

Many papers have shown that web search data can
be used to forecast the spread of infectious diseases
(Lampos et al., 2017), (Lampos et al., 2021), (Mc-
Donald et al., 2021), (Reinhart et al., 2021), (Al-
ruily et al., 2022). Alongside this literature, social
media has been exploited for its predictive poten-
tial in several other fields such as quantitative fi-
nance Xu and Cohen (2018), Sawhney et al. (2020),
logistics forecasting Ni et al. (2017) and elec-
tion forecasting (Bermingham and Smeaton, 2011),
(Huberty, 2015). Research conjoining these two
strands has produced results showing that social
media can help predict rises in disease caseloads.
Iso et al. (2016) and Samaras et al. (2020) both used
pre-defined keywords in order to predict outbreaks
of influenza; words such as "Influenza", "fever",
"headache" were selected a-priori. These papers as-
sume that useful feature sets have no geographical
variation and use the same features regardless of
the regional social dynamics; they also assume that
useful features are limited to words that refer to

Figure 1: HDBSCAN clusters of the SBERT-NLI-STSb-
base representations of r/CoronavirusWA posts made at
50 dimensions but reduced to 2 for visualisation.

symptoms. To address these limitations, Drinkall
and Pierrehumbert (2021) set more general and ob-
jective inclusion criteria. For each of four US state
COVID-19 subreddits, all words over-represented
in that US state’s COVID-19 subreddit compared
to the rest of Reddit were considered to be potential
keywords for forecasting. The most informative
keywords proved to be highly dependent on the
target state, and included many that did not refer to
symptoms. However, the paper still relied on static
word counts that miss more complex information
as the discussion unfolds over time. The present
paper extracts more informative features from so-
cial media data and, to our knowledge, is the first
work to incorporate modern NLP techniques in this
setting.

New transformer-based language models (De-
vlin et al., 2019), (Yang et al., 2019), (Liu et al.,
2019) provide the potential for identifying more
informative features for infectious disease forecast-
ing, and using them in a more effective manner.
This paper uses transfer learning and clustering
algorithms to isolate useful features for predict-
ing COVID-19 caseloads. We first pilot-tested a
straightforward way to exploit transformer-based
language models for the task: the caseload target
value was encoded alongside each post in a se-
quence classification framework. Trained using
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historical data, this approach generates a prediction
from every post, and the results are aggregated for
an overall prediction. This method performed very
poorly because of noise introduced by irrelevant
posts, and we do not discuss it further here (see
Appendix C). To achieve better performance, we
developed a novel feature identification technique
that filters out unrelated posts and generates infor-
mative features using high-density clusters of posts
within a subreddit’s embedding space.

Our work builds off Sia et al. (2020) and Thomp-
son and Mimno (2020) who demonstrated that clus-
ters of contextualised word embeddings are a good
basis for topic modelling. In a similar vein, Aha-
roni and Goldberg (2020) showed that the domain
type of a particular text could be identified using
the clustering of sentence-level representations. Fi-
nally, Rother et al. (2020) showed that clusters of
contextualised embeddings could detect meaning
shifts in words. The success of these papers moti-
vates our use of high-density clusters of sentence-
level representations.

The present paper shows that our novel feature
sets outperform more traditional methods by com-
paring our results to those in Drinkall and Pierre-
humbert (2021) in a threshold-classification task.
This task provides an understanding of which fea-
ture sets provide the most informative trend signals
at different caseload growth rates, enabling us to
understand the effectiveness of a particular feature
type at identifying a distinct epidemiological event.
Strong performance on this task is relevant in fore-
casting worst-case scenarios like hospital overflow,
where the outcome is a binary variable.

The caseload information is not fully utilised in
the threshold-classification task. This observation
motivates a time-series forecasting task to compare
feature sets at predicting a more continuous target.
Feature selection is a crucial step in time-series
modelling (Wang et al., 2013), (Sun et al., 2015);
adding extraneous features to a multivariate pre-
diction can result in performance deterioration as
the models get more complex, a fact that inspired
L1-regularisation. Only highly relevant features,
which represent complementary information, im-
prove performance.

Contributions. We introduce a novel unsuper-
vised method for predicting COVID-19 trend sig-
nals and forecasting caseloads. We show that sole
use of our feature set achieves very high accuracy
in trend signal prediction, a significant result for

infectious disease modelling in regions where other
reported data is unavailable or unreliable.

2 Datasets

Comparing our Reddit features’ performance
against other open-source geographically-specific
datasets allows us to understand their value. The
following data sources were used to create the fea-
ture sets in this paper:

Pushshift API - The Pushshift API (Baumgart-
ner et al., 2020) is used to compile datasets of tar-
get subreddits to create the Reddit features. The
Pushshift API provides data on every comment and
submission posted on Reddit. This paper uses com-
ments to form the subreddit dataset since there are
more comments than submissions, and they consti-
tute more conversational and reactionary discourse.
No individual comments or users are reported in
this paper to observe the anonymity of the users.
Update frequency: real-time.

COVID-19 Tracking Project - The state-level
COVID-19 epidemiological data is provided by
the COVID-19 Tracking Project1 to create the pre-
diction target and is also used as a feature set in
baseline predictions. Update frequency: 24 hours.
Start date: 13/01/2020.

Oxford COVID-19 Government Response
Tracker (OxCGRT) - The OxCGRT (Hale et al.,
2020) defines the local government response. The
data covers policies including health, containment
and economic measures, and overall stringency
scores. Update frequency: "continuously" but can
be variable due to human data collection; daily
periodicity. Start date: 01/01/2020.

Google’s COVID-19 Community Mobility Re-
ports (GCCMR) 2 - The GCCMR provides local
movement data in different area types such as parks,
workplaces, etc. and has been used to successfully
predict COVID-19 caseloads (Wang et al., 2020),
(Ilin et al., 2021). The data is freely available for
the duration of the ongoing pandemic. Update fre-
quency: 2-3 days. Start date: 15/02/2020.

3 Feature identification

Social media is a complex and noisy data source,
requiring significant processing to isolate mean-
ingful predictive features. The pipeline used in
this paper consists of three main steps for feature

1https://covidtracking.com
2https://www.google.com/covid19/mobility/
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identification: sentence-level encoding, dimension-
ality reduction and clustering. This process groups
together Reddit comments that are semantically
similar. Following these main steps that are out-
lined below, the Reddit features are reduced further
to 25 using a chi-squared test. Once these 25 high-
density clusters are identified, the daily counts of
comments within these clusters are used as features
in the evaluation frameworks in Sections 4 & 5.

3.1 Sentence-level representation
A common technique for identifying sentence rep-
resentations is to take the average-pooled BERT
hidden-state embedding (Aharoni and Goldberg,
2020); however, papers such as Reimers and
Gurevych (2019) have shown that the average-
pooled BERT embeddings are a relatively poor
way of encoding sentences and advocate for fur-
ther fine-tuning to produce a more semantically
meaningful embedding. In Reimers and Gurevych
(2019), the best results are achieved by training
the language model on Natural Language Infer-
ence (NLI) (Bowman et al., 2015), (Williams et al.,
2018) and Sentence Textual Similarity (STS) (Cer
et al., 2017) data. The NLI data contains many sen-
tence pairs with their semantic relationship labelled.
The STS data provides a semantic relatedness score
between 0-5. It is possible to use both datasets to
fine-tune the language model using both dataset
types by manipulating the objective functions. The
NLI data is trained using a classification objective
function, and the STS data is trained using a regres-
sion objective function. Reimers and Gurevych
(2019) shows that averaging the final layer BERT
embeddings leads to a Spearman rank correlation
ρ between the cosine similarity of the sentence rep-
resentations and the actual labels of the STS data
of around ρ = 54.81, whereas SBERT-NLI-STSb-
base achieves ρ = 88.31.

For this paper, there is no domain-specific train-
ing. The SBERT-NLI-STSb-base, SRoBERTa-NLI-
STSb-base and SDistilBERT-NLI-STSb-base en-
code the Reddit posts with no further fine-tuning.

3.2 Dimensionality reduction
The language models specified in Section 3.1 have
a dimensionality of 768, which means that their em-
bedding space is very sparse, making it challenging
to find dense clusters. Lowering the embedding di-
mensionality is consistent with the findings in Sia
et al. (2020), who show that the dimensionality of
the embeddings can be reduced by ∼80% and still

maintain the topic modelling coherence. Therefore,
in line with these findings, the dimensionality of
the embedding space is reduced to 50.

UMAP (Uniform Manifold Approximation and
Projection for Dimension Reduction) is used as in
Rother et al. (2020) to lower the dimensionality of
the embedding space. UMAP is appropriate for
this task since it preserves global structure better
than other manifold learning dimensionality reduc-
tion methods such as t-SNE (McInnes et al., 2018)
(McConville et al., 2021). UMAP’s preservation
of global structure has been shown in Reif et al.
(2019) to produce clear clusters related to different
word senses. It is tested against a PCA algorithm
in Appendix B on the Threshold-Classification task
outlined in Section 4. The results justify its use as
it outperforms PCA when used in conjunction with
the best performing clustering algorithm.

3.3 Clustering

For this paper, the HDBSCAN algorithm
(Campello et al., 2013) is used for clustering due to
the complex structure of the subreddit embedding
space. The benefit of using a density-based clus-
tering algorithm is that sparse areas are not fitted
into clusters, removing a significant source of noise
from the prediction.

HDBSCAN offers an advantage over other
density-based clustering algorithms; the cut-off
density that characterises the edge of the clusters
is non-constant and defined by a stability metric
that rewards large and dense clusters. This stability
metric is calculated from the data points’ Minimum
Spanning Tree (MST). The following equation de-
fines the stability of cluster Ci:

S(Ci) =
∑

xj∈Ci
(λmax(xj , Ci)− λmin(Ci)) (1)

Here λ represents the density statistic: λ = 1/ϵ
where ϵ is equal to the distance between points
on the MST. In this equation, λmax(xj , Ci) is the
density at which the point xj would fall out of the
cluster Ci, and λmin(Ci) is the minimum density
threshold at which the cluster still exists.

Clusters with maximum stability are used as
the final clusters, and points that fall out of these
clusters are discarded. New data points can subse-
quently be added to the cluster by identifying where
they fall in the MST. A point is treated as noise un-
less it can be grouped into a cluster larger than
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min_cluster_size, which, for this paper, we have
set at 25 so that the clusters are not too small and
the resulting features are not too sparse. Removing
noisy comments from the clusters is shown in Ap-
pendix B to have performance benefits over other
clustering algorithms that do not reject comments:
we have compared HDBSCAN to a Spherical K-
Means (KM) algorithm and a Gaussian Mixture
Model (GMM), two popular algorithms within the
literature base.

4 Threshold-Classification Framework

The threshold-classification framework (henceforth
Threshold task) uses the same evaluation methodol-
ogy as in Drinkall and Pierrehumbert (2021). The
problem is presented as a classification task on bal-
anced classes, with a randomised train/test split
and test size of 0.25 on data from 07/03/2020 to
17/01/2021. Balanced classes allow us to report
accuracy as the performance metric for this task.
The feature sets, derived from a 7-day moving av-
erage of the datasets in Section 2, are concatenated
to a target value that encodes whether the caseload
increase exceeded the threshold within a given time
interval. The threshold is defined by a relative in-
crease, δr(t):

δr(t) =
µ(t+ τ)− µ(t)

µ(t)
(2)

Where µ(t) is the 7-day moving average of the
caseload, and τ is the prediction horizon.

The model used for classification is a Random
Forest (RF) (Breiman, 2001). The advantage of
using an RF model over other tree-based models is
that it decorrelates the trees, making it robust to cor-
related feature sets. Social media data is highly cor-
related as overall take-up surges and wains; there-
fore, robustness to correlated features is critical. Of
course, many more complex models would likely
outperform an RF model; however, given that the
goal of this task is to compare feature sets, the in-
creased transparency that an RF model offers over
more complex models justify its use.

4.1 Evaluation

Each data type is used in isolation to predict
the target labels so that the implicit information
within each feature set can be compared. TDisB ,
TBERT and TRoB correspond respectively to the
features extracted using the methodology above

Feature set Average 7D 14D 21D 28D
TRoB ++ .875 .895 .880 .849 .874
TBoW ++ .810 .836 .809 .805 .791
TRoB .803 .845 .792 .789 .787
TBERT .789 .821 .798 .780 .761
TDisB .780 .808 .771 .774 .768
TBoW .768 .816 .755 .749 .753
TKW .633 .733 .628 .591 .580
M .702 .703 .691 .713 .698
G .702 .713 .710 .695 .691
P .545 .516 .549 .557 .557
C .555 .651 .536 .529 .503

Table 1: The average performance across all relative
thresholds and states at different prediction horizons.
The features are: T<<language model>> → our features;
TBoW → Drinkall and Pierrehumbert (2021) features;
M → GCCMR data; G → OxCGRT data; P → daily
post count; C → current caseload; TRoB++ → TRoB+
M +G+P +C; TBoW ++ → TBoW +M +G+P +
C. The light grey indicates the highest performing

instance of each model setup. The dark grey indicates
the highest performance for each prediction horizon.

from the SDistilBERT-NLI-STSb-base, SBERT-
NLI-STSb-base and SRoBERTa-NLI-STSb-base
language models. The performance of our clustered
embedding features is compared against the bag-of-
words features used in Drinkall and Pierrehumbert
(2021), TBoW , as well as word-count features taken
from a prescriptive list of COVID-19 words defined
by the non-hashtag queries in the keyword list in
Lamsal (2020), TKW . The evaluation is conducted
in four states where Reddit uptake is high: Wash-
ington, California, Texas and Florida. The states
represent culturally different communities, instill-
ing confidence that the behaviour is true in multiple
domains. A successful result across all four states
indicates that any observed behaviour is likely not
just a symptom of an anomalous community.

The results in Table 1 detail the average perfor-
mance across the different states and relative thresh-
olds. Firstly, it is clear that word counts from the
prescribed list in Lamsal (2020) only capture frac-
tionally more information than a single post-count
feature, and that simply using a chi-squared test of
over-represented words, TBoW , results in a signif-
icant performance increase. However, our TDisB ,
TBERT , TRoB feature sets perform the best, and
when TRoB is used in combination with the compar-
ison feature sets, the performance improves further.
It is also evident that as better language models are
used, the performance on this task increases. Show-
casing the relationship between language model
complexity and overall performance supports our
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δr(t)
m 0.2 0.4 0.6 0.8 1 µ + σ

TRoB + + .803 .828 .867 .962 .970 .880 + .039
TBoW + + .704 .795 .821 .862 .910 .809 + .024

TRoB .753 .752 .787 .876 .876 .792 + .034
TBoW .683 .699 .761 .828 .865 .755 + .025
M .649 .683 .663 .712 .727 .691 + .026
G .678 .607 .735 .761 .789 .710 + .019
P .548 .539 .537 .530 .577 .549 + .030
C .437 .466 .527 .631 .640 .536 + .039

Table 2: Performance across a range of thresholds at
a prediction horizon, τ = 14 days, averaged across all
states. µ & σ represent the mean and standard devi-
ation of each feature set’s results. The variables and
highlighting criteria are the same as Table 1, but for the
dark grey which denotes the highest performance at

each threshold.

a-priori belief that improved semantic information
from the text is linked with better epidemiological
insights. Due to its success, TRoB alone will hence-
forth be used in the evaluation as it provides the
best performing feature set from our methodology.

4.1.1 Varying Thresholds
Table 2 breaks down the performance of classifying
the data across different threshold increases. Intu-
itively, the more extreme events are easier to pre-
dict, explaining the behaviour across all feature sets.
Indeed, when the threshold is large enough, the
TRoB++ features achieve an accuracy of .970, sig-
nificantly higher than the comparison feature sets,
showing that social media data is a strong candi-
date for predicting a sharp rise in caseloads. Again,
the performance across all thresholds is highest
when using the TRoB + + features as opposed
to the TBoW + +, highlighting the performance
gain from the increased semantic information of
transformer-based language models.

4.1.2 Feature Importance
To understand which features more are heavily
weighted by the RF model when given the TRoB++
and TBoW++ feature sets, the feature importances

Feature set m Average 7D 14D 21D 28D

TRoB + +

TRoB .331 .334 .307 .309 .386
M .285 .264 .277 .299 .301
G .307 .321 .354 .313 .240
P .009 .009 .010 .008 .009
C .064 .071 .052 .070 .063

TBoW + +

TBoW .535 .584 .502 .509 .543
M .244 .222 .265 .254 .235
G .171 .131 .199 .192 .162
P .014 .012 .009 .013 .021
C .036 .050 .025 .031 .038

Table 3: Feature importances across varying prediction
horizons, at δr = 0.6. The variables and highlighting
criteria are the same as Table 1.

are shown in Table 3. The tabulated data represents
the sum of all individual feature importances in that
class.

Table 3 shows that despite TRoB performing bet-
ter than TBoW , the other comparison features, G
and M , are more heavily weighted in TRoB + +
than in TBoW + + at some prediction horizons.
The TRoB ++ feature set performs better than the
TBoW ++ features, so it appears that the informa-
tion provided by the TRoB features is complemen-
tary to the other feature types. It is also possible
that there is some skew in the feature importance
owing to the reported over-weighting of more con-
tinuous features by a Gini Importance algorithm
(Strobl, 2007). Regardless of the slight differences,
both text-derived feature sets are the most highly
weighted when averaged over all prediction hori-
zons, further showing the value of social media in
this context.

5 Time-Series Forecasting Task

This section showcases our feature identifica-
tion methodology within a time-series forecasting
framework (henceforth Time-Series task) since this
is a widely used prediction task in disease mod-
elling. The high-density clusters are used as covari-
ates in two multivariate time-series models. This
setup better utilises the caseload feature and learns
the temporal patterns within its historical move-
ment. One difference with the Threshold task in the
feature identification pipeline is the feature pruning
step that reduces the number of features to 25. In
the Threshold task, the target is a binary classifi-
cation; therefore, a chi-squared test is appropriate.
Given that the target is continuous in this task, f-
regression is used. F-regression works by firstly
calculating the cross-correlation ρi of the ith fea-
ture X[:, i] and target y:

ρi =
(X[:, i]− X̄[:, i]) · (y − ȳ)

σX[:,i] · σy
(3)

The F-statistic is then calculated along with the
associated p-value. Then the top 25 most signifi-
cant features are filtered to make up the feature set.
For each model, the training features and targets
are normalised between 0 and 1, and the test set is
scaled using the same transformation. The target
data is changed from the daily caseload to the daily
increase in caseload to make sure the time-series
is stationary. No moving average is used since the
time-series models should account for the weekly
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seasonality. The models are trained over 50 epochs
on data from 07/03/2020 to 31/12/2020 and tested
on data from 01/01/2021 to 01/03/2021. Whilst it is
possible to improve the performance by retraining
the model on recently evaluated data and sliding
the train-test split across the dataset, our proposed
framework highlights how the models perform on
completely out-of-sample data.

5.1 Models

We compare a Transformer and Gaussian Process
(GP) model against the Martingale property base-
line model which assumes that the caseload will
not change, i.e. that additional features have zero
predictive power. At a forecast horizon T days in
the future, the last observed caseload, µt, is used to
forecast the caseload: µt+T = µt.

Gaussian Process Model - GP models were
shown by Roberts et al. (2013) to perform well
in contexts where prior knowledge regarding the
appropriate model is limited. The difficulty in infer-
ring the appropriate parametric model in infectious
disease modeling led Lampos et al. (2017), Lampos
et al. (2021) and Zou et al. (2018) to adopt a GP
time-series model to predict future infectious dis-
ease caseloads. More modern methods have since
outperformed GP models in time-series forecasting,
so this GP model provides a further benchmark to
the Transformer model outlined below. Our work
uses a radial basis function (RBF) Kernel to specify
the covariance function.

Transformer model - Transformers have pre-
dominantly been used with textual (Vaswani et al.,
2017) and image-based data (Ye et al., 2019); how-
ever, the auto-regressive properties of a masked
self-attention layer mean that structurally trans-
formers can obey causality. As a result, many pa-
pers have used transformers successfully to model
time-series data (Lim et al., 2021), (Zerveas et al.,
2021). Both papers reported that transformer mod-
els significantly outperformed the statistical, recur-
rent and convolutional comparison methods. This
success has been replicated in disease modelling
by Wu et al. (2020). Thus, transformer-based time-
series models represent the state-of-the-art in many
comparable contexts, motivating their use in this
framework. The architecture that is used in this
paper mimics that of Vaswani et al. (2017) and
Alexandrov et al. (2019).

Data Source Martingale GP Transformer
univariate .0366 .0336 .0291

+ TRoB ” .0298‡ .0284†
+ M ” .0321‡ .0289
+ G ” .0308‡ .0290

+ TRoB + G ” .0322‡ .0288*
+ TRoB + M ” .0298‡ .0288*

+ M + G ” .0331* .0287*
+ TRoB + G + M ” .0326† .0288*

Table 4: The RMSE error averaged across all forecast
horizons and states. The significance of each result in
comparison to the univariate case is denoted by asterisks:
* - P<.2; † - P<.05; ‡ - P<.01

5.2 Time-Series Evaluation

For the Time-Series task, the prediction error of
the forecasts is reported in an ablation study, using
the same forecast horizons as the Threshold task.
Different feature types make up the covariate set
and are compared against the univariate case.

Table 4 shows the main ablation study, which av-
erages the root-mean-square-error (RMSE) across
the different forecast horizons and states. The re-
sults show the overall behaviour of the different
feature types. The first conclusion is that the Trans-
former model always outperforms the Martingale
and GP model. Poor GP model results are also seen
in Lampos et al. (2021), where their persistence
model outperforms the univariate and multivariate
GP forecasts in multiple countries. Due to the GP
model’s weaker performance, further analysis will
involve the Transformer model. State-level results
are displayed in Figure 2 and show that the Trans-
former performs well at modelling the time-series
data.

The more meaningful conclusion that can be
drawn from Table 4 is that whilst the success of the
TRoB features is still present, it is more marginal
than in the Threshold task both when the TRoB
features are used in isolation and when the fea-
ture sets are combined. Using the TRoB features

Data Source Av. 7D 14D 21D
uni .0291 .0274 .0287 .0301

+ TRoB .0284† .0270* .0274‡ .0288‡
+ M .0289 .0274 .0286 .0292‡
+ G .0290 .0274 .0283* .0300

+ TRoB + G .0288* .0271* .0287 .0289‡
+ TRoB + M .0288* .0270* .0278‡ .0298*

+ M + G .0287* .0271* .0274‡ .0299
+ TRoB + G + M .0288* .0273 .0274‡ .0299

Table 5: The RMSE error of a Transformer model aver-
aged across all states at varying forecast horizons, using
the same highlighting criteria as Table 1. The signifi-
cance notation is: * - P<.2; † - P<.05; ‡ - P<.01
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Size rank Topic ID Frequency Top 5 words
1 Masks 95 10699 mask, wear, masks, wearing, gloves
2 Unemployment 138 7591 unemployment, claim, pay, money, rent
3 Appreciation 181 3508 thank, thanks, appreciate, good, sharing
4 Schools 120 2808 school, kids, schools, teachers, students
5 Temporal statistics 152 1290 weeks, phase, ago, months, week
6 Lockdown frustration 75 1217 closed, shut, f**k, close, die
7 Agreement 197 892 yes, agree, yeah, exactly, sure
8 Festivities 96 879 thanksgiving, christmas, family, people, party
9 Vaccines 196 877 vaccine, vaccines, vaccinated, vaccination, people

14 Illness 178 569 cough, fever, symptoms, asthma, throat
17 Gyms 50 487 gym, gyms, fitness, open, exercise
19 Trump 218 378 trump, people, stupid, inslee, president

Table 6: The notable clusters from the r/CoronavirusWA subreddit using a SRoBERTa-NLI-STSb-base language
model. The Frequency column represents the number of comments that are included in the cluster.

in the covariate set does deliver a statistically sig-
nificant result, however, the decrease in error rate
is small. Whilst all feature sets deliver a perfor-
mance increase, none of the other feature sets can
be considered to deliver a statistically significant re-
sult. Combining further data types doesn’t deliver
the expected performance increase, with the perfor-
mance plateauing, and in some cases decreasing as
the number of feature types increases. One possi-
bility is that the information that the TRoB features
provide is counteracted by the performance costs
of having a large number of variables. Table 5 rein-
forces what is seen in Table 4, showing that across
all forecast horizons there is a slight improvement
in performance and that using the TRoB features
alongside the time-series data generally results in
the lowest error across all tested feature sets.

The significance of the results in Table 4 is cal-
culated by taking 10,000 samples at every forecast
horizon for each state. The error of each forecast is
calculated, resulting in an error distribution for all
feature sets. To discern whether the addition of a
feature type results in a statistically significant per-
formance shift a Z-test is used. The univariate fore-
cast is assumed to be the population distribution
and each feature set’s forecast errors are treated as
the sample distribution. The Z-score is calculated
using parameters from both distributions:

Z =
Xpop −Xsample√
σ2Xpop + σ2Xsample

(4)

Figure 2: State forecasts at τ = 7. The univariate forecast is compared against three multivariate forecasts where
the M , G & TRoB features make up the covariate set.
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State Topic ID Importance Top 5 words

Washington

Working 107 .21 work, office, home, headquarters, let
Illness 178 .14 cough, fever, symptoms, asthma, throat

Quarantine 136 .08 quarantine, facility, people, outside, think
Schools 120 .08 school, kids, schools, teachers, students
Statistics 150 .07 trendline, graph, using, ggplot2, plotted

California

Illness 163 .12 cough, throat, fever, chest, symptoms
School closure 122 .09 schools, close, school, closing, closed

Guns 60 .09 gun, guns, shoot, firearms, buy
Safety 103 .08 safe, stay, luck, protect, safer

Flu 166 .06 flu, pneumonia, influenza, season, spanish

Texas

Data 130 .20 source, data, information, info, sources
Voter Fraud 72 .10 vote, mail, voter, voting, fraud

Houston 78 .07 houston, harris, county, area, houstonian
Doctors 138 .06 doctor, doctors, medical, physician, telemedicine
Illness 155 .04 fever, cough, allergies, asthma, symptoms

Florida

Spring Break 22 .22 spring, break, bike, week, breakers
Social Media News 111 .19 reddit, facebook, news, echo, chamber

Statistics 106 .05 numbers, data, believe, trust, graph
Illness 94 .04 drug, people, fever, virus, sick

Desantis 67 .04 desantis, care, deathsantis, dbpr, ron

Table 11: Important features from each of the key states at δr = 0.6 & τ = 7 days.

6 Discussion

Examining the contents of our Reddit features can
help us understand the information they provide
to the prediction task. We took the top 5 non-
stopwords from the cluster to characterise each
cluster and manually named them for better com-
prehension. Table 6 shows the largest clusters from
the SRoBERTa-NLI-STSb-base representation of
the r/CoronavirusWA subreddit. These topics iden-
tify precise semantic concepts that intuitively pro-
vide relevant information for a caseload prediction.

As mentioned, the advantage of the Threshold
task is that it provides greater interpretability than
the more black-box time-series models. Therefore,
the Threshold task is used to understand which
features are important to the prediction. Table 11
shows the weightings of the most important fea-
tures at δr = 0.6 & τ = 7 days. The cultural
differences between the states can be seen via these
features, most obviously the Houston feature in
Texas and the Desantis feature in Florida. The
Spring Break cluster is only seen in Florida, a state
that is famed for this holiday tradition and was a
large contributor to an increase in non-COVID-19
compliant events that resulted in an increase in
cases at the beginning of the pandemic. Equally,
the Guns and Safety features in California likely
identify the strong negative reaction from the liber-
tarian community within California to what were
the most stringent lockdown restrictions from any
of the analysed states. The libertarian trait within
California is best characterised by the Prop 22 bal-

lot initiative3 which identifies a political attitude
not aligned with strict lockdown measures. Along-
side these differences, the Illness feature is highly
weighted in all states. The use of this feature in all
short-term predictions might explain the success
of prior work that used static tracking words such
as “Influenza”, “fever”, “headache”, etc. (Samaras
et al., 2020), (Iso et al., 2016); discussion about
symptoms is indicative of a rise in cases in all states.
It is clear, however, that exclusive use of symp-
tomatic features is not optimal, since other topics
besides symptomatic conversation are useful for
the prediction.

7 Conclusion

Reddit data performs well at discerning different
trend signals for COVID-19 caseload increases in
the Threshold task. Reddit features alone achieved
high accuracy at most threshold increases but were
especially strong when identifying whether the
caseload was likely to double in the next 14 days,
achieving an accuracy of .970. That value is seen
in the Time-Series task but the performance ben-
efit is not as stark, especially when the number
of features increases. The characteristics of Red-
dit data make it appealing: it is readily available
and updated in real-time, offering the means for
monitoring infectious diseases in regions where
reported data is unreliable; however global Red-
dit usage is not constant, and not every area has
a subreddit, making our exact methodology hard

3URL: https://vig.cdn.sos.ca.gov/2020/general/pdf/topl-
prop22.pdf (accessed: 29/12/2021)

1478



to scale. As Reddit usage increases and disperses
around the world or data from another social media
site is adapted to fit within our pipeline, the meth-
ods used in this paper will become more scalable.
Another notable conclusion is that the predictive
information within Reddit data is better extracted
by including transformer-based language models
in the forecasting pipeline. Language model com-
plexity appears to be linked with performance im-
provements in the Threshold task. Strong language
models allow us to isolate highly specific features
predictive of future caseload increases in an unsu-
pervised setting.

8 Future work

More work can be done on feature selection for the
Time-Series task. The value of combining all data
types is evident in the Threshold task but that value
is not seen in the Time-Series task. Developing
models that are able to model a larger number of
features more effectively could likely yield some
performance gains. On top of this, our method-
ology relies on using textual data that refers to a
specific geographic location. Reddit’s structure
makes this simple; however, more data is needed
to replicate our findings in regions where Reddit
take-up is low. Geotagged posts and the geoloca-
tion of a user’s home region are possible avenues
for enlarging the social-media dataset. Finally, the
unsupervised methodology outlined in this paper
can be adapted to other fields in which a social me-
dia derived feature set is used, such as quantitative
finance, election and logistics forecasting.
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Clustering algorithm k Average 7 days 14 days 21 days 28 days

GMM

25 .659 .799 .645 .594 .596
50 .691 .838 .691 .614 .622
75 .698 .845 .689 .618 .639

100 .702 .831 .703 .612 .662
125 .714 .827 .709 .659 .664
150 .716 .850 .718 .619 .676

KM

25 .706 .883 .685 .620 .635
50 .636 .681 .714 .622 .528
75 .677 .781 .769 .607 .550

100 .702 .787 .678 .647 .695
125 .663 .757 .754 .611 .531
150 .658 .768 .687 .621 .556

Table 8: The average performances of an RF classification model using KM and GMM clustering across all
thresholds at different values of k on the r/CoronavirusWA subreddit. The comment-level SDistilBERT-NLI-STSb-
base representations’ dimensionality was reduced via UMAP. The light grey indicates the highest performing

instance of each model setup. The dark grey indicates the highest average performing model configuration.

Language model Dim. reduction Clustering Average 7 days 14 days 21 days 28 days

DistilBERT

PCA
HDBCSAN .722 .821 .724 .678 .667

KM .716 .807 .675 .677 .704
GMM .714 .808 .715 .651 .680

UMAP
HDBCSAN .807 .905 .827 .759 .737

KM .706 .883 .685 .620 .635
GMM .716 .850 .718 .619 .676

Average .730 .846 .724 .667 .683

Table 9: The average performance, on the r/CoronavirusWA subreddit, of an RF model across all thresholds at
different prediction horizons for each of the model pipelines using only TRoB features. The variables and highlights
are the same as in Table 8.

configurations against HDBSCAN. The standard
Silhouette score method was trialled for fine-tuning
the k parameter, but the result was k = 1, perhaps
indicating the unsuitability of KM and GMM for
this task. Figure 3 is a plot of the Silhouette score
(Rousseeuw, 1987) of a KM clustering algorithm
for different values of k on the UMAP reduced
SDistilBERT-NLI-STSb-base embeddings space.
The maximum Silhouette score should be the most

Figure 3: Silhouette score vs. k using a KM clustering
algorithm on UMAP-DistilBERT embedding space.

appropriate k value if the data is divided into dis-
tinct clusters. The maximum Silhouette score at
k = 1 indicates that the data is structured into one
central cluster with high and low-density areas.

Since the Silhouette score does not provide an

obvious k parameter, and yet there needs to be
some proof that HDBSCAN is a better algorithm
than KM and GMM, an exhaustive search for the
optimal k on the development data is conducted
to prove that KM and GMM are not suitable for
the task. k is tuned using the performance on
the r/CoronavirusWA data from 01/03/2021 to
17/01/2021 with UMAP dimensionality reduction.

The same search was conducted to find the op-
timal k for the PCA space; for KM, the value was
75, and for GMM, the value was 125 on the Distil-
BERT embedding space. These values of k were
used for the testing in Appendix B.

B Dimensionality reduction and
clustering algorithms

A test was carried out to see which combination of
dimensionality reduction and clustering algorithms
resulted in the best overall performance. The differ-
ent algorithms were tested using SDistilBERT-NLI-
STSb-base representations of the comments. The
two dimensionality reduction techniques used were
PCA and UMAP; the three clustering techniques
used were GMM, KM and HDBSCAN. The k val-
ues derived in Appendix A were used for the GMM
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and KM clustering, and the evaluation pipeline
used is the Threshold task described in Section 4.

The results from Table 9 show that the combina-
tion of UMAP and HDBSCAN is the best combi-
nation of algorithms; the UMAP-HDBSCAN com-
bination is the best performing pipeline across all
prediction horizons.

C Aggregated Sequence Classification
models

As mentioned in Section 1, the most obvious way to
incorporate the modern transformer-base language
models is to formulate the problem as an Aggre-
gated Sequence Classification (ASC) task. It has
been shown that BERT and other similar models
are well adapted to performing sequence classifica-
tion, and this has become a common usage of these
language models (Devlin et al., 2019). Therefore,
it is important to trial a model that incorporates this
more standard methodology before trialling other
feature identification methods.

For evaluation, we trialled two language models:
BERT-base-uncased, and a domain adapted version
of BERT-base-uncased trained on the r/Coronavirus
subreddit - CoFReBERT (CoVID-19 Forecasting
from Reddit BERT). The language models are
then fine-tuned on a Sequence Classification task in
which the [CLS] token encodes the "up" or "down"
class, indicating a possible increase or decrease
in the number of cases. The adapted models are
referred to as ASC-BERT and ASC-CoFReBERT.
The model is trained on balanced classes with a 4:1
train-test split, where each day is assigned to be a
test or a train day, and all comments written on a
particular day are categorised together. Once the
model labels each comment within the test set as
either "up" or "down", the majority class on a given
test day is assigned as the prediction for that day.

Models Av. 7D 14D 21D 28D
ASC-BERT .631 .769 .655 .561 .537

ASC-CoFReBERT .701 .846 .690 .634 .634
TRoB .869 .923 .896 .810 .855
TBoW .765 .780 .808 .804 .791

Table 10: The average performance, on the
r/CoronavirusWA subreddit, across all thresholds at four
different prediction horizons. The variables and high-
lights are the same as in Table 8.

From the results in Table 10, it is clear that the
models do not perform as well as hoped in compar-
ison to the traditional static word features and the
features outlined in this paper. The main reason for

this is likely to be noise from the unsupervised la-
belling process. Comments that are either unrelated
to the prediction or indicate an opposite caseload
trend are included in the prediction. Without man-
ual labelling, it is hard to reduce this noise; how-
ever, that would result in investigator bias entering
the prediction. Furthermore, it is not completely
clear whether a comment is indicative of a rise in
cases, shown by the variety of topics considered
important to the prediction in Table 11. Therefore,
the structure of the ASC models is not well adapted
to the task of predicting COVID-19 cases.

D Training and software details

Python Packages The sentence-embedding
models from (Reimers and Gurevych, 2019) were
used to encode the Reddit post representations
using the sentence-transformers Python
package. The time-series models were both
implemented using the gluonts Python package
(Alexandrov et al., 2019). The ASC models out-
lined in Appendix C use the BERT-base-uncased
model from the transformers package and the
ASC-CoFReBERT model was trained using the
run_mlm.py file in the library.

Training Pararmeters Besides the analy-
sis detailed earlier in the Appendix, we do not
perform hyperparameter tuning but use common
hyperparameter values for all calculations in
this paper. For the Random Forest model in the
Threshold task, the number of trees is 100, and the
maximum tree depth is 20. The Time-Series mod-
els were trained over 50 epochs and used default
parameter values. The ASC-CoFReBERT model
was trained with standard parameter values, using
a batch size of 128 and a dropout probability of 0.1.

Computation All experiments in the main
body of the paper were run on a personal computer,
the ASC model in Appendix C was run on the.
The ASC model was run on a Tesla P100 and took
between 3 to 6 hours to run, depending on the size
of the subreddit.

Licenses There are licenses associated with
the use of some of the data and Python pack-
ages used in this paper. The OxCGRT dataset
and Pushshift API are open access under the
Creative Commons Attribution CC BY and 4.0
International standards. The COVID-19 Track-
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ing Project, gluonts, transformers and
sentence-transformers Python packages
are licensed under the Apache License 2.0.
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Abstract

Most research in the area of automatic essay
grading (AEG) is geared towards scoring the
essay holistically while there has also been lit-
tle work done on scoring individual essay traits.
In this paper, we describe a way to score essays
using a multi-task learning (MTL) approach,
where scoring the essay holistically is the pri-
mary task, and scoring the essay traits is the
auxiliary task. We compare our results with
a single-task learning (STL) approach, using
both LSTMs and BiLSTMs. To find out which
traits work best for different types of essays,
we conduct ablation tests for each of the essay
traits. We also report the runtime and number
of training parameters for each system. We find
that MTL-based BiLSTM system gives the best
results for scoring the essay holistically, as well
as performing well on scoring the essay traits.
The MTL systems also give a speed-up of be-
tween 2.30 to 3.70 times the speed of the STL
system, when it comes to scoring the essay and
all the traits.

1 Introduction

An essay is a piece of text that is written in re-
sponse to a topic, called a prompt (Mathias and
Bhattacharyya, 2020). Qualitative evaluation of the
essay consumes a lot of time and resources. Hence,
in 1966, Page proposed a method of automatically
scoring essays using computers (Page, 1966), giv-
ing rise to the domain of Automatic Essay Grading.

Essay traits are different aspects of the essay that
can aid in explaining the score assigned to the es-
say. Examples of essay traits include content (how
much information is present in the essay) (Page,
1966), organization (how well the essay is struc-
tured) (Persing et al., 2010), style (how well written
the essay is) (Page, 1966), prompt adherence (how

much the essay stays on topic for the essay prompt)
(Persing and Ng, 2014), etc.

Most of the research work done in the field of
AEG is geared toward scoring the essay holistically,
rather than studying the importance of essay traits
in the overall essay score. In this paper, we ask the
question:

“Can we use information learnt from scoring
essay traits to score an essay holistically?”

In our paper, not only do we score essays holisti-
cally, but we also describe how to score essay traits
simultaneously in a multi-task learning framework.
Scoring essay traits is essential as it could help in
explaining why the essay was scored the way it was,
as well as providing valuable insights to the writer
about what aspects of the essay were well-written
and what the writer needs to improve.

Multi-task learning is a machine learning tech-
nique where we use information from multiple aux-
iliary tasks to perform a primary task (Caruana,
1997). In our experiments, scoring the individual
essay traits is the auxiliary task, and scoring the
essay holistically is the primary task. In addition to
this, we also study the impact of scoring an essay
trait as the primary task while the other traits and
overall essay score are auxiliary tasks.

Contributions. In this paper, we describe a way
to simultaneously score essay traits and the essay
itself using multi-task learning. We evaluate our
system against different types of essays and essay
traits. We also share our code and the data for
reproducibility and further research1.

1The code and data are at the following location:
https://github.com/ASAP-AEG/
MTL-Essay-Traits-Scoring
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2 Motivation

Most of the work done in the area of automatic
essay grading is in the area of holistic AEG - where
we provide a single score for the entire essay based
on its quality. However, for writers of an essay, a
holistic score alone would not be enough. Provid-
ing trait-specific scores will tell the writer which
aspects of the essay need improvement.

In our dataset, we observe that writers of good
essays usually have a lot of content, appropriate
word choice, very few errors, etc. Essays that are
poorly written often lack one or more of these qual-
ities (i.e. they are either too short, have lots of
errors, etc.). We, therefore, observe a high correla-
tion between individual trait scores and the overall
essay score (Pearson correlation trait scores and
overall essay score > 0.7 across all essay sets in
our dataset). Hence, we believe that using essay
trait scores will benefit in scoring the essay holis-
tically, as their scores will provide more relevant
information to the AEG system.

3 Related Work

3.1 Holistic Essay Grading

Holistic essay grading involves assigning an over-
all score for an essay (Mathias and Bhattacharyya,
2020). The first AEG system was designed by Page
(1966). In the decade of the 2000s there were a lot
of AEG systems which were developed commer-
cially (see Shermis and Burstein (2013) for more
details).

After the release of Kaggle’s Automatic Student
Assessment Prize’s (ASAP) Automatic Essay Grad-
ing (AEG) dataset in 20122, there has been a lot
of research on holistic essay grading. Initial ap-
proaches, such as those of Phandi et al. (2015)
and Zesch et al. (2015) used feature engineering
techniques and domain adaptation in scoring the
essays. More recent papers look at using a num-
ber of deep learning approaches, such as LSTMs
(Taghipour and Ng, 2016; Tay et al., 2018) and
CNNs (Dong and Zhang, 2016) or both (Dong et al.,
2017; Zhang and Litman, 2018, 2020). Zhang and
Litman (2020) describe a way to extract impor-
tant information, called topical components, from
a source-dependent response3.

2https://www.kaggle.com/c/asap-aes
3We define what a source-dependent response is in the

Dataset Section (i.e. Section 5).

3.2 Trait-specific Essay Grading

In the last decade or so, there has been some work
done in scoring essay traits such as sentence fluency
(Chae and Nenkova, 2009), organization (Persing
et al., 2010; Taghipour, 2017; Mathias et al., 2018;
Song et al., 2020), thesis clarity (Persing and Ng,
2013; Ke et al., 2019) coherence (Somasundaran
et al., 2014; Mathias et al., 2018), prompt adher-
ence (Persing and Ng, 2014), argument strength
(Persing and Ng, 2015; Taghipour, 2017), stance
(Persing and Ng, 2016), style (Mathias and Bhat-
tacharyya, 2018b) and narrative quality (Somasun-
daran et al., 2018). None of the above work, how-
ever, uses trait information to score the essay holis-
tically.

There has also been work on scoring multi-
ple essay traits (Taghipour, 2017; Mathias and
Bhattacharyya, 2018a, 2020). (Rama and Vajjala,
2021) discuss solutions across multiple languages
(German, Czech and Italian). Mathias and Bhat-
tacharyya (2020) describes work on the use of neu-
ral networks for scoring essay traits. Our work
combines the scores of essay traits for holistic es-
say grading. We focus on using trait-specific essay
grading to improve the performance of an auto-
matic essay grading system. We also show how
using multi-task learning - simultaneously scoring
both the essay and its traits - we are able to speed
up the training of our system without too much of a
loss in scoring the essay traits. (Ridley et al., 2021)
describe a multi-task learning approach to grade
essays and their traits using a neural network. Our
system differs from theirs with respect to the shared
layers and trait-specific layers. While Ridley et al.
(2021) share the embedding and word-specific lay-
ers (to get sentence representations), we share only
the embedding layer.

3.3 Multi-task Learning

Multitask Learning was proposed by Caruana
(1997) where the argument was that training signals
from related tasks could help in a better generaliza-
tion of the model. Collobert et al. (2011) success-
fully demonstrated how tasks like Part-of-Speech
tagging, chunking and Named Entity Recognition
can help each other when trained jointly using deep
neural networks. Song et al. (2020) described a
multi-task learning approach to score organization
in essays, where the auxiliary tasks were classify-
ing the sentences and paragraphs, and the primary
task was scoring the essay’s organization. Cao et al.
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(2020) also use a domain adaptive MTL approach
to grade essays, where their auxiliary tasks are sen-
tence reordering, noise identification, as well as
domain adversarial training. However, they also
use all the other essay sets as part of their train-
ing, whereas we use only the essays present in the
respective essay set for training.

4 System Architecture

4.1 STL Essay Grading Stack
For scoring the essays, we use essay grading stacks.
Each stack is used for scoring a single essay trait.
The architecture of the stack is based on the archi-
tecture of the holistic essay grading system pro-
posed by Dong et al. (2017). The essay grading
stack takes the essay as input (split into tokens and
sentences) and returns the score of the essay / essay
trait as the output. Figure 1 shows the architecture
for the essay grading stack.

For each essay, we first split the essay into to-
kens and sentences. This is given as an input to
the essay grading stack. In the word embedding
layer, we look up the word embeddings of each
token. Just like Taghipour and Ng (2016), Dong
et al. (2017), Tay et al. (2018), Mathias and Bhat-
tacharyya (2020) and Mathias et al. (2020), we use
the most frequent 4000 words of the training data
as the vocabulary with all other words mapping to a
special unknown token. This is done mainly to cap-
ture out-of-vocabulary words, as well words that
generally don’t belong in the topic4. If the vocabu-
lary size is too small, then a number of words will
be marked as spelling errors. On the other hand, if
the vocabulary size is too large, a lot of spurious
words would also be learnt as important ones.

This sequence of word embeddings is then sent
to the next layer - the 1 dimension CNN layer -
to get local information from nearby words. The
output of this layer is aggregated using attention
pooling to get the sentence representation of the
sentence. This is done for all sentences in the essay.

Each of the sentence representations are then
sent through a recurrent layer. We experiment on
two different types of recurrent layers - a unidirec-
tional LSTM (Hochreiter and Schmidhuber, 1997)
and bidirectional LSTM (BiLSTM) - as the recur-
rent layer. The outputs of the recurrent layer are

4Using the word “relay” when writing about something
you like instead of “really”. “Relay” could be a valid word in
the context of athletics, but not in the context of an argumenta-
tive essay on libraries! These valid words are learnt from the
training data.

pooled using attention pooling to get the represen-
tation for the essay. This essay representation is
then sent through a fully-connected Dense layer
with a sigmoid activation function to score the es-
say either holistically or a particular essay trait. For
our experiments, we minimize the mean squared
error loss.

Prior to input, we scale the scores to the range of
[0, 1] using min-max normalization. The output of
the sigmoid function is a scalar in the range of [0, 1]
which is rescaled back up to a score in the original
score range and rounded off to get the score for the
essay. This essay stack is used for the scoring of
the single-task learning (STL) models.

4.2 MTL Model

The architecture of our MTL model for an essay
of M traits is shown in Figure 2. Here, the word
embedding layer is shared across all the tasks. In
the multi-task learning framework, each stack is
used to learn an essay representation for each essay
trait. In a similar manner, the essay representation
for the overall score is learnt and it is concatenated
with the predicted trait scores before being sent
to a Dense layer with a sigmoid activation func-
tion to score the essay holistically. For calculat-
ing each score - both overall and trait scores - we
use the mean squared error loss function. We
experimented with multiple weights for the loss
function for the essay trait scoring task, but settled
on uniform weights for all the traits and the overall
scoring task. This is done because we want to get
accurate predictions of the traits scores which are
used for predicting the overall score.

5 Dataset Used

For our experiments, we use the Automated Stu-
dent’s Assessment Prize (ASAP) Automatic Essay
Grading (AEG) dataset. The dataset has a total of
8 essay sets - where each essay set has a number
of essays written in response to the same essay
prompt. In total, there are nearly 13,000 English
essays in the dataset, written by American high
school students from classes 7 to 10.

Table 1 gives the properties of each of the essay
sets in our dataset. It reports the overall essay
scoring range, traits scoring, average word count,
number of traits, number of essays and essay type.

We use the overall scores directly from the
ASAP AEG dataset. Since the original dataset
only provided trait-specific scores for Prompts 7
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Figure 1: Essay stack architecture. This is the architecture for the Single-Task Learning systems.

Essay Set Score Range Trait Sc. Range Word Count No. of Traits No. of Essays Essay Type
Prompt 1 2-12 1-6 350 5 1783 Argumentative / Persuasive
Prompt 2 1-6 1-6 350 5 1800 Argumentative / Persuasive
Prompt 3 0-3 0-3 100 4 1726 Source-Dependent Response
Prompt 4 0-3 0-3 100 4 1772 Source-Dependent Response
Prompt 5 0-4 0-4 125 4 1805 Source-Dependent Response
Prompt 6 0-4 0-4 150 4 1800 Source-Dependent Response
Prompt 7 0-30 0-6 300 4 1569 Narrative / Descriptive
Prompt 8 0-60 0-12 600 6 723 Narrative / Descriptive
Total 0-60 0-12 100-600 4-6 12978 -

Table 1: Properties of the different essay sets in the ASAP AEG dataset we used in our experiments. Average word
count numbers are rounded up to the nearest multiple of 25.

& 8, we use the trait-specific scores provided by
Mathias and Bhattacharyya (2018a).

Depending on the type of prompt for the essay
set, each essay set has a different set of traits. Ar-
gumentative / Persuasive essays are essays which
the writer is prompted to take a stand on a topic
and argue for their stance. These essay sets have
traits like content, organization, word choice, sen-
tence fluency, and conventions. Source-dependent
responses (Zhang and Litman, 2018) are essays
where the writer reads a piece of text and answers
a question based on the text that they just read5.
These essay sets have traits like content, prompt
adherence (Persing and Ng, 2014), language and

5A sample prompt is “Based on the excerpt, describe the
obstacles the builders of the Empire State Building faced in
attempting to allow dirigibles to dock there. Support your an-
swer with relevant and specific information from the excerpt.”
It involves the writer reading the excerpt from The Empire
State Building by Marcia Amidon Lusted before writing the
essay.

narrativity (Somasundaran et al., 2018). Narrative /
Descriptive essays are essays where the writer has
to narrate a story or incident or anecdote. They
have traits like content, organization, style, conven-
tions, voice, word choice, and sentence fluency6.
Table 2 lists the different essay traits for each essay
set.

6 Experiments

6.1 Evaluation Metric

We use Cohen’s Kappa with quadratic weights (Co-
hen, 1968) (QWK) as the evaluation metric. This
is done for the following reasons. Firstly, the final
scores predicted by the system are distinct num-
bers/grades, rather than continuous values; so we
cannot use the Pearson Correlation Coefficient or
Mean Squared Error. Secondly, evaluation metrics

6Neither the original ASAP dataset, nor Mathias and Bhat-
tacharyya (2018a) have scored narrativity for the narrative
essays.
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Figure 2: Architecture of our MTL system showing an input essay with M traits being scored, with the overall score
and each trait’s essay grading stack.

Essay Set Trait 1 Trait 2 Trait 3 Trait 4 Trait 5 Trait 6
Prompt 1 Content Organization Word Choice Sentence Fluency Conventions N/A
Prompt 2 Content Organization Word Choice Sentence Fluency Conventions N/A
Prompt 3 Content Prompt Adherence Language Narrativity N/A N/A
Prompt 4 Content Prompt Adherence Language Narrativity N/A N/A
Prompt 5 Content Prompt Adherence Language Narrativity N/A N/A
Prompt 6 Content Prompt Adherence Language Narrativity N/A N/A
Prompt 7 Content Organization Style Conventions N/A N/A
Prompt 8 Content Organization Voice Word Choice Sentence Fluency Conventions

Table 2: Traits that are present in each essay set in our dataset. The trait scores are taken from the original ASAP
dataset, as well as from ASAP++ (Mathias and Bhattacharyya, 2018a).

like F-Score and accuracy do not take into account
chance agreements. For example, if we are to grade
every essay with the mean score or most frequent
score, we would get F-Score and accuracy as high
as 60% or more, whereas the Kappa score will be 0!
Thirdly, the fact that the scores given are ordered
(i.e. 0 < 1 < 2 < 3...) means that we need to use
weighted Kappa to capture the distance between
the actual and predicted scores. Between linear
weighted Kappa and QWK, we choose QWK be-
cause it rewards matches and punishes mismatches
more distinctly than linear weighted Kappa.

6.2 Evaluation Method

We evaluate our experiments using five-fold cross
validation. We use the same data splits as used by
Taghipour and Ng (2016). To avoid overfitting, we
choose the model which gives the best result on the
validation set for evaluating on the test set, and we
report the mean value of all 5 folds.

Layer Param. Name Param. Value

Embedding
Embedding Dim. 50
Embeddings GloVe

Word CNN
Window Size 5
Filters 100

Sentence LSTM Hidden Units 100
Epochs 100
Batch Size 100
Dropout Rate 0.5
Initial Learning Rate 0.001
Momentum 0.9
Optimizer RMSProp

Table 3: Neural network hyper-parameters for each
layer, showing the hyper-parameter name and its corre-
sponding value.

6.3 Experiment Configuration

Table 3 gives the different hyperparameters used
in our systems. For the sake of uniformity, we
use these hyperparameters irrespective of the net-
work configuration (STL vs MTL, or LSTM vs
BiLSTM).
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Essay Set Kernel STL-LSTM STL-BiLSTM MTL-LSTM MTL-BiLSTM BERT-STL
Prompt 1 0.804 0.813 0.818 0.830* 0.831* 0.800
Prompt 2 0.687 0.660 0.658 0.667 0.689*⋆ 0.679
Prompt 3 0.704 0.661 0.653 0.644 0.687*⋆ 0.679
Prompt 4 0.743 0.790 0.780 0.786 0.798 0.822
Prompt 5 0.799 0.798 0.789 0.782 0.800 0.803
Prompt 6 0.753 0.807 0.803 0.806 0.813*⋆ 0.797
Prompt 7 0.698 0.792 0.786 0.791 0.795⋆ 0.827
Prompt 8 0.552 0.678 0.697 0.679 0.699*⋆ 0.725
Mean QWK 0.717 0.750 0.748 0.748 0.764*⋆ 0.767

Table 4: Results of our experiments for scoring the essays holistically. Figures in boldface represent the best results
per essay set. * represents a statistically significant improvement using the MTL systems over the STL-LSTM
system. ⋆ represents a statistically significant improvement of using the MTL-BiLSTM system over the MTL-LSTM
system.

To evaluate the performance of our systems in
scoring the essay overall, we use 4 different con-
figurations - STL-LSTM, STL-BiLSTM, MTL-
LSTM, and MTL-BiLSTM. In addition to the
above systems, we also compare our approach with
a state-of-the-art string kernel system designed by
Cozma et al. (2018), using the same splits for train-
ing, testing, and validation7, as well as a baseline
transformer-based implementation (BERT-STL),
using the BERT-base-uncased model. We run this
baseline model for 100 epochs and a batch size of
30, all other hyperparameters remaining default.

We also study the effect of using our system to
grade an essay trait as the primary task, and score
the other traits and the essay overall as auxiliary
tasks (MTL*).

In the STL configurations, we train our system
to predict a single score at a time- either the overall
essay score or the score for any of the essay traits.
In the MTL configurations, our system learns to
score the essay and all its traits simultaneously.
The LSTM configurations use only a forward direc-
tion LSTM, while the BiLSTM configurations use
a bidirectional (i.e. forward and reverse) LSTM.

7 Results and Analysis

In this section, we report our results and analyze
them for different experiments.

7.1 Performance on Holistic Essay Scoring

Table 4 gives the QWK scores of each of our sys-
tems as they score each essay set holistically. The
different systems used are the Single Task Learning

7Cozma et al. (2018) do not provide their folds, so we run
their system on our training/validation/test split, as given by
Taghipour and Ng (2016).

(STL) (only scoring the essay overall) and Multi-
task Learning (MTL) (scoring the essay and the
traits simultaneously). The first column lists out
the different essay sets (Prompts 1 to 8). The
next three columns report results for STL using
both LSTM and BiLSTM, as well as results using
the string kernel-based approach of Cozma et al.
(2018). The next two columns report results for the
MTL systems using both LSTM and BiLSTM. The
last column shows the results using the baseline
BERT-STL system.

From the table, we see that the MTL-BiLSTM
performs the best of all the non-transformer sys-
tems (almost as good as the results of our BERT-
STL system). In order to see if the improvements
observed are statistically significant, we run the
Paired T-Test for each of the essay sets and com-
pare the results using a p-value of p < 0.05.

7.2 Performance on Scoring Essay Traits

We also look at how our system performs in the
auxiliary tasks - namely scoring the different essay
traits. Figure 3 gives the results of our experiments
in scoring the essay traits, using the String Kernel
(HISK) (Cozma et al., 2018), CNN-LSTM (STL)
(Dong et al., 2017), and Our Systems (MTL and
MTL*). We use the same evaluation method, which
we used for scoring essay traits, with the same data
splits. For the STL systems, we train them for every
essay trait individually. MTL* is the results of
using our system to score essay trait as the primary
task, and score the other traits and the essay overall
as auxiliary tasks.

We compare the results with that of our MTL-
BiLSTM system, which was trained to score the
essay traits as auxiliary tasks. Figure 3 gives the
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Figure 3: Results of the performance of scoring traits
for different systems. The different systems are His-
togram Intersection String Kernel (HISK) using ν sup-
port vector regressor (Cozma et al., 2018), LSTM-CNN
Single-task Learning System (STL) (Dong et al., 2017),
our system (MTL) where the traits are auxiliary tasks,
and our system (MTL*) where the traits are the primary
task. NOTE that the y-axis starts from a QWK of 0.45.
This was done to highlight the difference in the perfor-
mance of each system for each trait.

results of our experiments. From the figure, we see
that, while the STL-LSTM system is able to outper-
form our MTL-BiLSTM system, the MTL* system
(where the traits are primary tasks) outperforms the
STL-LSTM system. While the STL system opti-
mizes for scoring only a trait, the MTL* system
learns information from other traits to score the
given essay trait.

One of the reasons for the different trait per-
formance depends on how easy (or difficult) it is
to score the individual trait, as well which all es-
say traits have the particular trait. For example,
prompt adherence has a higher average QWK than
the other traits because it is present mainly in the
source-dependent essays (which have a mean QWK
over 1% higher than the mean QWK across all es-
say sets). Similarly, Voice has the lowest QWK
mainly because it is present only in Prompt # 8,
which has a very low holistic QWK.

7.3 Scoring Traits as the Primary Task

An interesting question for analysis is “What if we
score the traits as the primary task?” In order to do
that, we changed our system to make scoring one
of the trait as the primary task, and scoring the rest
of the traits as well as the essay overall, as auxiliary
tasks. The comparison of these results are shown
in Figure 3 (in the MTL* column). We see that our
MTL* system outperforms the STL-based system
on scoring individual traits, although it would take
a lot longer time to train (as it would be equivalent
to running the MTL system between 4 to 6 times).

7.4 Ablation Tests

In order to know which trait is most important for
each essay set, we run a series of ablation tests.
For each essay set, we ablate one essay trait at a
time before scoring the essay. Table 5 reports the
results of the ablation test. The values in the table
correspond to the drop in performance in scoring
the essay holistically. We find that the Content is
the most important essay trait for 3 of the essay
sets. Prompt Adherence and Word Choice are the
most important traits for 2 of the essay sets where
they are scored.

7.5 Error Analysis

As we have seen, the MTL model generally helps
over the STL model when it comes to holistic essay
scoring, especially if there is no well-defined rule
(Example: Holistic Score = Sum of trait scores) for
scoring the essay holistically.

A possible scenario where STL could help over
MTL is if the holistic score is a well-defined func-
tion of the trait scores AND the STL system can
predict the trait scores with a good deal of accuracy.
The essay sets corresponding to Prompts 7 & 8 are
two such essay sets, where the overall score is a
function of the individual trait scores. To verify
this, we ran the experiments in a pipelined manner
- first scoring the essay traits, then calculating the
holistic score using the predicted trait scores and
comparing it with the gold standard holistic scores.
We found no difference in QWK for Prompt 7 (a
QWK of 0.796 vs. 0.795), but a much lesser perfor-
mance with Prompt 8 (a QWK of 0.684 vs. 0.699)
as compared to our MTL-based system. One of the
main reasons for this is due to the poor performance
in predicting the trait scores as single tasks.

7.6 Runtime Analysis

We also ran experiments to see how much resources
and time our approaches will take. Table 6 gives
the total training time (in hours). The total training
time is the total time taken to train our system to
score the essay holistically as well as all the traits
in that essay set for all 100 epochs. We also report
the speed-up when using the MTL approach as
compared to the STL approach. From our results,
we observe a 2.30 to 3.70 speed-up in using the
MTL models as compared to using the STL models.
The BERT-STL experiments ran for about 5 days
(113 hours).

We also report the average number of training
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Essay Trait Prompt 1 Prompt 2 Prompt 3 Prompt 4 Prompt 5 Prompt 6 Prompt 7 Prompt 8
Content 0.0148 0.0092 0.0064 0.0074 0.0030 0.0128 0.0102 0.0102
Organization 0.0122 0.0088 — — — — 0.0090 0.0052
Word Choice 0.0080 0.0164 — — — — — 0.0264
Sentence Fluency 0.0086 0.0036 — — — — — 0.0196
Conventions 0.0090 0.0018 — — — — 0.0076 0.0056
Prompt Adherence — — 0.0282 0.0112 0.0026 0.0044 — —
Language — — 0.0080 0.0108 0.0088 0.0030 — —
Narrativity — — 0.0092 0.0050 0.0124 0.0062 — —
Style — — — — — — 0.0030 —
Voice — — — — — — — 0.0094

Table 5: Results of the ablation tests. The numbers show the drop in performance when we ablate each of the
essay traits from each of the essay sets (Prompt 1 to 8). The most important features in each essay set are written in
boldface and underlined. Cells with a — in them mean that the essay trait was not present in that essay set.

System STL Time MTL Time Speed-Up
LSTM 24.62 hours 10.45 hours 2.30
BiLSTM 40.98 hours 11.32 hours 3.70

Table 6: Total training time for each system for all
prompts, traits and folds, using our neural network sys-
tems.

System Average Range
STL-LSTM 326K 326K
STL-BiLSTM 436K 436K
MTL-LSTM 891K 829K - 1.08M
MTL-BiLSTM 1.5M 1.38M - 1.85M

Table 7: Average and range of training parameters per
essay set for each system.

parameters per system in Table 7. For the STL
systems, the number of trainable parameters is the
same irrespective of essay set. For the MTL sys-
tems, the models, the number of training parame-
ters varies based on the number of essay traits in
the essay set. Prompts 3 to 7, which have only 4
traits, have about 1.38 million training parameters.
On the other hand, Prompt 8, which has 6 essay
traits, has over 1.85 million training parameters.

All our experiments were run on an Nvidia
GeForce GTX 1080 Ti Graphics Card with 12GB
of GPU memory, using Python version 3.5.2, Keras
version 2.2.4 and Tensorflow version 1.148.

7.7 Comparison with Transformer Models

Most modern NLP systems have started to use
attention-based transformer networks and large pre-
trained language models. Yang et al. (2020), Cao
et al. (2020), and Uto et al. (2020) use the BERT-

8We have uploaded the rest of the requirements along with
the code

base-uncased (Devlin et al., 2019) pre-trained lan-
guage model to perofrm automatic essay grading
achieving QWKs in the range of 0.79 to 0.805.
However, BERT has about 110 million parameters
(compared to our largest model with just under 2
million parameters). Another limiting factor with
using BERT is the fact that we can only input 512
tokens. This is a problem, especially for Prompt 8,
where the average essay length is about 650 words.
Mayfield and Black (2020) describe some of the
other limitations of using BERT for scoring essays.

8 Conclusion and Future Work

In this paper, we described an approach to use
multi-task learning to automatically score essays
and their traits. We achieve this by concatenating
a representation of the essay with the trait scores
- predicted as an auxiliary task. We compared our
results with single-task learning models as well.
We found out that the MTL system with the Bi-
Directional LSTM outperforms the STL-based sys-
tems and has results comparable with a baseline
BERT-STL system. We then ran an ablation test
and found out which essay trait was important for
the corresponding essay sets. We also report our
system’s performance, which shows a 2.30 to 3.70
speed-up of using the multi-task learning system,
compared to using a single task learning system.

An exciting avenue of future work is using trait
scoring to aid in providing text feedback to the
writer, like showing where the low score for the
trait originates, similar to Hellman et al. (2020) (for
content scoring), rather than a trait-specific score
only. We also plan to investigate using ALBERT
(Lan et al., 2020), in lieu of the essay stack, to
grade essays and their traits simultaneously. We
also plan to explore how to extend our approach
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in generalizing our system, training it on essays
written in response to one set of source prompts,
and tested it on essays written for another prompt.
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Abstract
We present a comprehensive work on auto-
mated veracity assessment from dataset cre-
ation to developing novel methods based on
Natural Language Inference (NLI), focusing on
misinformation related to the COVID-19 pan-
demic. We first describe the construction of the
novel PANACEA dataset consisting of hetero-
geneous claims on COVID-19 and their respec-
tive information sources. The dataset construc-
tion includes work on retrieval techniques and
similarity measurements to ensure a unique set
of claims. We then propose novel techniques
for automated veracity assessment based on
Natural Language Inference including graph
convolutional networks and attention based ap-
proaches. We have carried out experiments on
evidence retrieval and veracity assessment on
the dataset using the proposed techniques and
found them competitive with SOTA methods,
and provided a detailed discussion.

1 Introduction

In recent years, and particularly with the emer-
gence of the COVID-19 pandemic, significant ef-
forts have been made to detect misinformation on-
line with the aim of mitigating its impact. With
this objective, researchers have proposed numerous
approaches and released datasets that can help with
the advancement of research in this direction.

Most existing datasets (D’Ulizia et al., 2021) fo-
cus on a single medium (e.g., Twitter, Facebook,
or specific websites), a unique information domain
(e.g., health information, general news, or scholarly
papers), a type of information (e.g., general claims
or news), or a specific application (e.g., verifying
claims, or retrieving useful information). This in-
evitably results in a limited focus on what is a com-
plex, multi-faceted phenomenon. With the aim of
furthering research in this direction, the contribu-
tions of our work are twofold: (1) creating a new
comprehensive dataset of misinformation claims,
and (2) introducing two novel approaches to verac-
ity assessment.

In the first part of our work, we contribute to
the global effort on addressing misinformation in
the context of COVID-19 by creating a dataset for
PANdemic Ai Claim vEracity Assessment, called
the PANACEA dataset. It is a new dataset that
combines different data sources with different foci,
thus enabling a comprehensive approach that com-
bines different media, domains and information
types. To this effect our dataset brings together a
heterogeneous set of True and False COVID claims
and online sources of information for each claim.
The collected claims have been obtained from on-
line fact-checking sources, existing datasets and re-
search challenges. We have identified a large over-
lap of claims between different sources and even
within each source or dataset. Thus, given the chal-
lenges of aggregating multiple data sources, much
of our efforts in dataset construction has focused
on eliminating repeated claims. Distinguishing be-
tween different formulations of the same claim and
nuanced variations that include additional infor-
mation is a challenging task. Our dataset is pre-
sented in a large and a small version, accounting
for different degrees of such similarity. Finally, the
homogenisation of datasets and information me-
dia has presented an additional challenge, since
fact-checkers use different criteria for labelling the
claims, requiring a specific review of the different
kinds of labels in order to combine them.

In the second part of our work, we propose
NLI-SAN and NLI-graph, two novel veracity as-
sessment approaches for automated fact-checking
of the claims. Our proposed approaches are cen-
tred around the use of Natural Language Inference
(NLI) and contextualised representations of the
claims and evidence. NLI-SAN combines the in-
ference relation between claims and evidence with
attention techniques, while NLI-graph builds on
graphs considering the relationship between all the
different pieces of evidence and the claim.

Specifically we make the following contribu-
tions:
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• We describe the development of a com-
prehensive COVID fact-checking dataset,
PANACEA, as a result of aggregating and
de-duplicating a set of heterogeneous data
sources. The dataset is available in the project
website1, as well as a fully operational search
platform to find and verify COVID-19 claims
implementing the proposed approaches.

• We propose two novel approaches to claim
verification, NLI-SAN and NLI-graph.

• We perform an evaluation of both evidence re-
trieval and the application of our proposed ve-
racity assessment methods on our constructed
dataset. Our experiments show that NLI-SAN
and NLI-graph have state-of-the-art perfor-
mance on our dataset, beating GEAR (Zhou
et al., 2019) and matching KGAT (Liu et al.,
2020). We discuss challenging cases and pro-
vide ideas for future research directions.

2 Related Work

COVID-19 and misinformation datasets. Com-
prehensive information on COVID-19 datasets is
provided in Appendix A. Such datasets include
the CoronaVirusFacts/DatosCoronaVirus Alliance
Database, the largest existing collection of COVID
claims and the largest existing network of journal-
ists working together on COVID misinformation,
an essential reference for our work; COVID-19-
TweetIDs (Chen et al., 2020) the widest dataset
of COVID tweets with more than 1 billion tweets;
Cord-19: The COVID-19 open research dataset
(Wang et al., 2020a), the largest downloadable set
of scholarly articles on the pandemic with nearly
200,000 articles. General misinformation datasets
linked to our verification work include: Emer-
gent (Ferreira and Vlachos, 2016) collection of
300 labeled claims by journalists; LIAR (Wang,
2017) with 12,836 statements from PolitiFact with
detailed justifications; FakeNewsNet (Shu et al.,
2020) collecting not only claims from news con-
tent, but also social context and spatio-temporal
information; NELA-GT-2018 (Nørregaard et al.,
2019) with 713,534 articles from 194 news out-
lets; FakeHealth (Dai et al., 2020) collecting in-
formation from HealthNewsReview, a project criti-
cally analysing claims about health care interven-
tions; PUBHEALTH (Kotonya and Toni, 2020)
with 11,832 claims related to health topics; FEVER
(Thorne et al., 2018a) as well as its later versions

1https://panacea2020.github.io/
https://doi.org/10.5281/zenodo.6493847

FEVER 2.0 (Thorne et al., 2018b) and FEVER-
OUS (Aly et al., 2021), containing claims based on
Wikipedia and therefore constituting a well-defined,
informative and non-duplicated information cor-
pus; SciFact (Wadden et al., 2020) also from a
very different domain, containing 1,409 scientific
claims. Our dataset is a real-world dataset bring-
ing together heterogeneous sources, domains and
information types.

Approaches to claim veracity assessment. We
employ our dataset for automated fact-checking
and veracity assessment (Zeng et al., 2021). Re-
searchers such as Hanselowski et al. (2018);
Yoneda et al. (2018); Luken et al. (2018); Soleimani
et al. (2020); Pradeep et al. (2021) analysed the ve-
racity relation between the claim and each piece
of evidence independently, combining this infor-
mation later. Other authors considered multiple
pieces of evidence together (Thorne et al., 2018a;
Nie et al., 2019; Stammbach and Neumann, 2019).
Different pieces of evidence have been previously
combined using graph neural networks (Zhou et al.,
2019; Liu et al., 2020; Zhong et al., 2020). Many
of these authors have centred their techniques on
the use of NLI (Chen et al., 2017; Ghaeini et al.,
2018; Parikh et al., 2016; Li et al., 2019) to verify
the claim. In our work we also make use of NLI
results of claim-evidence pairs, but propose alter-
native approaches built on a self-attention network
and a graph convolutional network for veracity as-
sessment.

3 Dataset Construction

This section describes our dataset construction by
selecting COVID-19 related data sources (§3.1),
and applying information retrieval and re-ranking
techniques to remove duplicate claims (§3.2).

3.1 Data Sources
We first identified a set of COVID-19 related data
sources to build our dataset. Our aim is to have the
largest compilation of non-overlapping, labelled
and verified claims from different media and infor-
mation domains (Twitter, Facebook, general web-
sites, academia), and used for different applications
(media reporting, veracity evaluation, information
retrieval challenges, etc.). We have included any
large dataset or media, to our knowledge, related
to that objective that includes claims together with
their information sources. The data sources iden-
tified are shown in Table 1. More details and pre-
processing steps are presented in Appendix A. By
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Data Source Description Domain No. of claims
(False / True)

CoronaVirusFacts
Database

Published by Poynter, this online source combines fact-
checking articles from more than 100 fact-checkers
from all over the world, being the largest journalist fact-
checking collaboration on the topic worldwide.

Heterogeneous 11,647
(11,647 / 0)

CoAID dataset
(Cui and Lee, 2020)

This contains fake news from fact-checking websites
and real news from health information websites, health
clinics, and public institutions.

News 5,485
(953 / 4,532)

MM-COVID
(Li et al., 2020)

This multilingual dataset contains fake and true news
collected from Poynter and Snopes.

News 3,409
(2,035 / 1,374)

CovidLies
(Hossain et al., 2020)

This contains a curated list of common misconceptions
about COVID appearing in social media, carefully re-
viewed to contain very relevant and unique claims.

Social media 62
(62 / 0)

TREC Health Misinfor-
mation track

Research challenge using claims on the health domain
focused on information retrieval from general websites
through the Common Crawl corpus (commoncrawl.org).

General
websites

46
(39 / 7)

TREC COVID chal-
lenge
(Voorhees et al., 2021;
Roberts et al., 2020)

Research challenge using claims on the health domain
focused on information retrieval from scholar peer-
reviewed journals through the CORD19 dataset (Wang
et al., 2020a), the largest existing compilation of COVID-
related articles.

Scholar papers 40
(3 / 37)

Table 1: Data sources used for the construction of our dataset. The last column shows the number of claims before
de-duplication.

processing and combining these sources we ob-
tained 20,689 initial claims.

3.2 Claim De-duplication

We processed claims and removed: exact dupli-
cates; claims making only a direct reference to
existing content in other media (audio, video, pho-
tos); automatically obtained content not represent-
ing claims; entries with claims or fact-checking
sources in languages other than English.

The similarity of claims was then analysed
using: BM25 (Robertson et al., 1995; Crestani
et al., 1998; Robertson and Zaragoza, 2009) and
BM25 with MonoT5 re-ranking (Nogueira et al.,
2020). BM25 is a commonly-used ranking func-
tion that estimates the relevance of documents to
a given query. MonoT5 uses a T5 model trained
using as input the template ‘Query:[query]
Document:[doc] Relevant:’, fine-tuned
to produce as output the token ‘True’ or ‘False’. A
softmax layer applied to those tokens gives the re-
spective relevance probabilities. These methods are
used to identify not only claims similar in content,
but also distinct claims that are sufficiently relevant
when searching for information about them. This
ensures that the claims presented are unique, and
avoids overlap between training and testing cases
when using the data to train veracity assessment
models. These methods were carried out using

Pyserini2 and PyGaggle3. The set of claims was
indexed and a search was performed for each of
the claims to detect similar claims. We created
two versions of the dataset by varying the similar-
ity threshold between claims. The LARGE dataset
excludes claims with a 90% probability of being
similar, while in the SMALL dataset the probabil-
ity is increased to 99%, as obtained through the
MonoT5 model. These thresholds were chosen em-
pirically by manual inspection of the results with
simultaneous consideration of the efficiency of the
method.

As a further assessment of the uniqueness of the
claims, we evaluated the de-duplication process
using BERTScore4 (Zhang et al., 2019) on the re-
sulting datasets. We used the linked code with a
RoBERTa-large model with baseline rescaling. We
compared each claim with all the other claims in
the dataset and kept the score of the most similar
match. The mean and standard deviation, and the
90th percentile of claim similarity values are shown
in the upper part of Table 3. The average claim sim-
ilarity has been drastically reduced in the LARGE

dataset compared to the original dataset and further
reduced in the SMALL dataset.

To illustrate the difference between the two ver-

2https://github.com/castorini/pyserini
3https://github.com/castorini/pygaggle
4https://github.com/Tiiiger/bert_score
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Claim 1: Losing your sense of smell may be an early
symptom of COVID-19.

Exclude from LARGE and SMALL:
Loss of smell may suggest milder COVID-19.
Exclude from SMALL only:
Loss of smell and taste validated as COVID-19 symptoms
in patients with high recovery rate.

Claim 2: COVID-19 hitting some African American com-
munities harder.

Exclude from LARGE and SMALL:
The African American community is being hit hard by
COVID-19.
Exclude from SMALL only:
COVID-19 impacts in African-Americans are different
from the rest of the U.S. population.

Table 2: Claim de-duplication examples.

sions of the dataset, we present some examples of
claims in Table 2. For Claim 1, the semantically
similar claim ‘Loss of smell may suggest milder
COVID-19’ is identified and excluded from both
LARGE and SMALL datasets. But the claim ‘Loss
of smell and taste validated as COVID-19 symp-
toms in patients with high recovery rate’, which
includes mentions of another symptom and the
recovery rate, is only excluded from the SMALL

dataset. For Claim 2, the rephrased claim ‘The
African American community is being hit hard by
COVID-19’ is excluded from both datasets. But the
claim ‘COVID-19 impacts in African-Americans
are different from the rest of the U.S. population’,
which refers specifically to the U.S. population, is
only excluded from the SMALL dataset.

3.3 Dataset Statistics
Our final dataset statistics are shown in the lower
part of Table 3, where the original and the two
reduced versions are presented. After the steps de-
scribed in Section 3.2 the LARGE dataset contains
5,143 claims, and the SMALL version 1,709 claims.

Category Orig. LARGE SMALL

Similarity 0.67± 0.23 0.43± 0.13 0.37± 0.14
η.90 0.99 0.60 0.56

False 14,739 1,810 477
True 5,950 3,333 1,232

Total 20,689 5,143 1,709

Table 3: The average claim similarity values and the
PANACEA LARGE and SMALL dataset statistics. η.90
denotes the 90th percentile value.

Example claims contained in the dataset are
shown in Table 4. Each of the entries in the dataset

contains the following information:

• Claim. Text of the claim.

• Claim label. The labels are: False, and True.

• Claim source. The sources include mostly
fact-checking websites, health information
websites, health clinics, public institutions
sites, and peer-reviewed scientific journals.

• Original information source. Information
about which general information source was
used to obtain the claim.

• Claim type. The different types, explained in
Section A.2, are: Multimodal, Social Media,
Questions, Numerical, and Named Entities.

4 Claim Veracity Assessment

We develop a pipeline approach consisting of three
steps: document retrieval, sentence retrieval and
veracity assessment for claim veracity evaluation.
Given a claim, we first retrieve the most relevant
documents from COVID-19 related sources and
then further retrieve the top N most relevant sen-
tences. Considering each retrieved sentence as ev-
idence, we train a veracity assessment model to
assign a True or False label to the claim.

4.1 Document Retrieval

Document Dataset. In order to retrieve docu-
ments relevant to the claims, we first construct an
additional dataset containing documents obtained
from reliable COVID-19 related websites. These
information sources represent a real-world com-
prehensive database about COVID-19 that can be
used as a primary source of information on the
pandemic. We have selected four organisations
from which to collect the information: (1) Cen-
ters for Disease Control and Prevention (CDC),
national public health agency of the United States;
(2) European Centre for Disease Prevention and
Control (ECDC), EU agency aimed at strengthen-
ing Europe’s defenses against infectious diseases;
(3) WebMD, online publisher of news and informa-
tion on health; and (4) World Health Organization
(WHO), agency of the United Nations responsible
for international public health.

All pages corresponding to the COVID-19 sub-
domains of each site have been downloaded. The
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Claim Category Source Orig. data src. Type

Stroke Scans Could Reveal COVID-19
Infection.

True ScienceDaily CoAID

Whiskey and honey cure coronavirus. False Independent news site CovidLies
COVID-19 is more deadly than Ebola or
HIV.

False Australian Associated
Press

Poynter

Dextromethorphan worsens COVID-19. True Nature TREC Health
Misinformation
track

ACE inhibitors increase risk for coron-
avirus.

False Infectious Disorders -
Drug Targets journal

TREC COVID
challenge

Nancy Pelosi visited Wuhan, China, in
November 2019, just a month before the
COVID-19 outbreak there.

False Snopes MM-COVID Named Entity,
Numerical con-
tent

Table 4: Example entries in the constructed PANACEA dataset.

web content was downloaded using the Beautiful-
Soup5 and Scrapy6 packages. Social networking
sites and non-textual content were discarded. In
total 19,954 web pages have been collected. The
list of websites and the full content of each website
constitute this additional dataset used for document
retrieval. This dataset is enhanced with some addi-
tional websites used only in the document retrieval
experiments, detailed in Section 5.1.

Method. Information sources were indexed by
creating a Pyserini Lucene index and PyGaggle
was used to implement a re-ranker model on the
results. The documents were split into paragraphs
of 300 tokens segmented with a BERT tokenizer.

To retrieve the information we first used a BM25
score. Additionally, we tested the effect of multi-
stage retrieval by re-ranking the initial results using
MonoBERT (Nogueira et al., 2019) and MonoT5
models, and query expansion using RM3 pseudo-
relevance feedback (Abdul-Jaleel et al., 2004) on
the BM25 results (Lin, 2019; Yang et al., 2019).

MonoBERT uses a BERT model trained us-
ing as inputs the query and each of the
documents to be re-ranked encoded together
([CLS]query[SEP]doc[SEP]), and then the
[CLS] output token is passed to a single layer
fully-connected network that produces the proba-
bility of the document being relevant to the query.

4.2 Sentence Retrieval
For each claim, once documents are retrieved us-
ing BM25 and MonoT5 re-ranking of the top 100
BM25 results, we then further retrieve the N most
similar sentences obtained from the 10 most rele-
vant documents. The relevance of the sentences is

5https://www.crummy.com/software/
BeautifulSoup/

6https://scrapy.org/

calculated using cosine similarity in relation to the
original claim. The similarity is obtained with the
pre-trained model MiniLM-L12-v2 (Wang et al.,
2020b), using Sentence-Transformers7 (Reimers
and Gurevych, 2019) to encode the sentences.

4.3 Veracity Assessment

We propose two veracity assessment approaches
built on the NLI results of claim-evidence pairs.
For each of the most similar sentences (pieces of
evidence) retrieved for a claim, we apply the pre-
trained NLI model RoBERTa-large-MNLI8(Liu
et al., 2019). This model acts as a cross-encoder
on pairs of sentences, trained to detect the rela-
tionship between the two sentences: contradiction,
neutrality, or entailment. The model is trained
on the Multi-Genre Natural Language Inference
(MultiNLI) dataset (Williams et al., 2018). The
inference results are then used in our proposed ap-
proaches described below.

NLI-SAN. The first approach, named NLI-SAN,
incorporates the inference results of claim-evidence
pairs into a Self-Attention Network (SAN) (See
Figure 1a). First, a claim is paired with each piece
of retrieved relevant evidence. Each pair (c, ei)
is fed into a RoBERTa-large8 model, and the last
hidden layer output Si is used as its representa-
tion. Additionally, each pair is also fed to the men-
tioned RoBERTa-large-MNLI8 model obtaining Ii,
a triplet containing the probability of contradiction,
neutrality, or entailment.

Si = RoBERTa(c, ei)
Ii = RoBERTaNLI(c, ei)

(1)

7https://github.com/UKPLab/
sentence-transformers

8https://huggingface.co/
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Figure 1: Proposed veracity classification models. ⊕ means concatenation.

The sentence representation is combined with the
NLI output through a Self Attention Network
(SAN) (Galassi et al., 2020; Bahdanau et al., 2015).

The RoBERTa-encoded claim-evidence repre-
sentation Si with length nS = nK = nV is
mapped onto a Key K ∈ RnK×dK and a Value
V ∈ RnV ×dV , while the NLI output Ii of each
claim-evidence pair is mapped onto a Query Q ∈
RnQ×dQ . The representation dimensionality is
dK = dV = dQ = 1024. The attention function is
defined as:

Att(Q,K,V) = softmax(QK⊤/
√
d)V (2)

While standard attention mechanisms use only the
sentence representation information for the Key,
Value and Query, here the inference information
is used in the Query. This attention mechanism is
applied to each of the claim-evidence pairs, and
the outputs are concatenated into an output OSAN
that is passed through a Multi-Layer Perceptron
(MLP) with hidden size dh and a Softmax layer to
generate the veracity classification output.

ŷ = softmax(MLPReLU(OSAN)) (3)

NLI-graph. We propose an alternative approach
based on Graph Convolutional Networks (GCN).
First, for each claim-evidence pair, we derive
RoBERTa-encoded representations for the claims
and evidence separately (using the pooled output
of the last layer) and obtain NLI results of the pairs

as before.

Ci = RoBERTa(c); Ei = RoBERTa(ei) (4)
Ii = RoBERTaNLI(c, ei) (5)

Next, we build an evidence network in which the
central node is the claim and the rest of the nodes
are the evidence. Two nodes are linked if their simi-
larity value exceeds a pre-defined threshold, which
is empirically set to 0.9 by comparing the results of
the experimental evaluation described in the follow-
ing section using different thresholds. The similar-
ity is considered between claim and evidence, but
also between pieces of evidence. Similarity calcu-
lation is performed following the same approach as
in Section 4.2. The features considered in each evi-
dence node are the concatenation of Ei and Ii. For
the claim node we use its representation Ci and a
unity vector (0, 0, 1) for the inference. The network
is implemented with the package PyTorch Geomet-
ric (Fey and Lenssen, 2019), using in the first layer
the GCNConv operator (Kipf and Welling, 2016)
with 50 output channels and self-loops to the nodes,
represented by:

X′ = D̂−1/2ÂD̂−1/2XW, (6)

where X is the matrix of node feature vectors, Â =
A+ I denotes the adjacency matrix with inserted
self-loops, D̂ii =

∑
j=0 Âij its diagonal degree

matrix, and W is a trainable weight matrix.
Once the node representation is updated via

GCN, all the node representations are averaged
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and passed to the MLP and the Softmax layer to
generate the final veracity classification output.

ŷ = softmax(MLPReLU(Ograph)) (7)

5 Experiments

In this section, we perform a twofold evaluation:
We first evaluate our document retrieval methods
(presented in §4.1) on obtaining information rel-
evant to the dataset claims from a database of
COVID-19 related websites. We subsequently
present an evaluation of the veracity assessment
approaches for the claims (described in §4.3).

5.1 Document Retrieval
In order to evaluate our document retrieval meth-
ods, we need the gold-standard relevant document
for each claim. Therefore, in the documents dataset
described in section 4.1 we additionally include the
web content referenced in each of the information
sources used to compile our claim dataset:
The CoronaVirus Alliance Database. All web
pages from the websites referenced as fact-
checking sources for the claims have been down-
loaded from 151 different domains.
CoAID dataset. We downloaded the websites used
as fact-checking sources of false claims and the
websites where correct information on true claims
is gathered from 68 different domains.
MM-COVID. We collected both fact-checking
sources and reliable information related to the
claims of this dataset from 58 web domains.
CovidLies dataset. We include the web content
used as fact-checking sources of the misconcep-
tions from 39 domains.

We have not included web content from the
TREC Challenges, as each of them is performed
on a very large dataset specific to each challenge
(CORD19 and Common Crawl corpus), as ex-
plained previously. Note that in our subsequent
experiments, we have excluded all fact-checking
websites to avoid finding directly the claim refer-
ences. The results of the document retrieval are pre-
sented in Table 5. For each claim, the precision@k
is defined as 1 if the relevant result is retrieved in
the top k list and 0 otherwise.

We can see that by using BM25, it is possible
in many cases to retrieve the relevant results at the
very top of our searches. Combining BM25 with
MonoBERT did not offer any improvement. It even
introduced noise to the retrieval results, leading
to inferior performance compared to using BM25
only on AP@5 and AP@10. MonoT5 appears

AP@5 AP@10 AP@20 AP@100

BM25 0.54 0.56 0.58 0.62
BM25+MonoBERT 0.52 0.55 0.58 0.62
BM25+MonoT5 0.55 0.58 0.60 0.62
BM25+RM3+MonoT5 0.51 0.53 0.55 0.57

Table 5: Document retrieval results. Average precision
for different cut-offs. For the MonoBERT and MonoT5
cases, 100 initial results are retrieved in the first retrieval
stage before re-ranking.

to be more effective, consistently improving the
retrieval results across all metrics. Moreover for
this dataset the use of query expansion using RM3
pseudo-relevance feedback on the BM25 results
does not improve the results.

5.2 Veracity Assessment Evaluation

Here we evaluate our proposed NLI-SAN and
NLI-graph veracity assessment approaches. To
gain a better insight into the benefits of the pro-
posed architectures, we conducted additional ex-
periments on the variants of the models including:

• NLI, using only the NLI outputs of the claim-
evidence pairs. The outputs are concatenated
and then passed through the final classifica-
tion layer to generate veracity classification
results.

• NLI+sent, this is the ablated version of
NLI-SAN without the self-attention layer.
Here, the RoBERTa-encoded claim-evidence
representations are concatenated with the NLI
results and then fed to the classification layer
to produce the veracity classification output.

• NLI+PSent, this is similar to the previous
ablated version, but using the pooled represen-
tation of the claim-evidence pair to concate-
nate with the NLI result.

• NLI-graph−abl, this is the ablated version
of NLI-graph in which the node represen-
tation is the NLI result of the correspond-
ing claim-evidence pair without its RoBERTa-
encoded representation.

For NLI, NLI+sent and NLI-SAN, we con-
sider the 5 most similar sentences for each claim,
obtained from the 10 most relevant documents of
the information source database. Those documents
are retrieved using BM25 and MonoT5 re-ranking
of the top 100 BM25 results. For NLI-graph,
NLI-graph−abl and NLI+PSent, in order to
have enough nodes to benefit from the network
structure, the number of retrieved sentences is in-
creased to 30 for each claim, selected as the 3
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Model False True Macro F1
Precision Recall F1 Precision Recall F1

GEAR (Zhou et al., 2019) 0.81 0.60 0.69 0.85 0.94 0.89 0.79
KGAT (Liu et al., 2020) 0.89 0.96 0.92 0.98 0.95 0.97 0.94

NLI 0.48 0.24 0.31 0.75 0.90 0.82 0.56
NLI+Sent 0.91 0.87 0.89 0.95 0.97 0.96 0.92
NLI+PSent 0.87 0.72 0.79 0.90 0.96 0.93 0.86
NLI-SAN 0.93 0.89 0.91 0.96 0.97 0.97 0.94

NLI-graph−abl 0.50 0.33 0.39 0.77 0.87 0.81 0.60
NLI-graph 0.89 0.83 0.86 0.94 0.96 0.95 0.90

Table 6: Veracity classification results on the PANACEA SMALL dataset. The best result in each column is
highlighted in bold.

Model False True Macro F1
Precision Recall F1 Precision Recall F1

GEAR (Zhou et al., 2019) 0.88 0.88 0.88 0.93 0.94 0.94 0.91
KGAT (Liu et al., 2020) 0.95 0.98 0.96 0.99 0.98 0.98 0.97

NLI 0.52 0.27 0.36 0.69 0.86 0.76 0.56
NLI+Sent 0.94 0.94 0.94 0.97 0.97 0.97 0.95
NLI+PSent 0.89 0.77 0.82 0.88 0.95 0.91 0.86
NLI-SAN 0.95 0.95 0.95 0.97 0.98 0.97 0.96

NLI-graph−abl 0.60 0.43 0.50 0.73 0.84 0.78 0.64
NLI-graph 0.94 0.91 0.93 0.95 0.97 0.96 0.94

Table 7: Veracity classification results on the PANACEA LARGE dataset. The best result in each column is
highlighted in bold.

most similar sentences from the top 10 retrieved
documents. The retrieval procedure is as in sec-
tions 4.1 and 4.2. Details of parameter settings
can be found in Appendix B. We compare against
the SOTA methods GEAR9(Zhou et al., 2019) and
KGAT10(Liu et al., 2020), with settings as de-
scribed by the authors.

For all approaches we perform 5-fold cross-
validation and report the averaged results on the
SMALL dataset in Table 6. By using the NLI
information alone it is possible to obtain reason-
able results for the True claims, however, this is
not the case for the most relevant False claims.
Once we add sentence representations the effi-
ciency of the method increases significantly. Using
NLI-SAN instead of simply concatenating contex-
tualised claim-evidence representations and NLI
outputs further improves the results. A similar
observation can be made in the results generated
by NLI-graph and its variants; the contextu-
alised representations of claim-evidence pairs are
much more important than merely using the corre-
sponding NLI values. We also note that using the
graph version NLI-graph obtains better scores

9https://github.com/thunlp/GEAR
10https://github.com/thunlp/KernelGAT

than a non-graph model with the same information
NLI+PSent, however the scores are still lower
than the NLI-SAN method. Our method performs
on a par with KGAT, while being simpler, and out-
performs GEAR.

Complementing the results for the SMALL

dataset, Table 7 presents the results for the LARGE

dataset. In general, we observe improved perfor-
mance for all models across all metrics for both
classes compared to the results on the SMALL

dataset. The previous results in the SMALL dataset
constitute a more challenging case, since the
uniqueness of the claims is increased and there-
fore the veracity assessment models are not able
to learn from similar claims when performing the
assessment.

5.3 Discussion

Our results show that in document retrieval, we
have obtained values of around 0.6 from a simple
term scoring and re-ranking retrieval model. How-
ever, this baseline represents only a rough measure
of quality using this technique, since we have only
evaluated the retrieval of a single document specific
to each claim; we have not evaluated the quality of
other retrieved documents.
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The distinction into True and False claims can
be rather coarse-grained. We note that initially
we considered a larger number of veracity labels,
including more nuanced cases that could be inter-
esting to analyse (see A.1). However, we have not
found a clear separation between complex cases
and it would seem that different fact checkers do
not follow the same conventions when labelling
such cases. The development of datasets especially
focused on such nuanced cases may be therefore
an important line of work in the future, together
with the development of techniques for these more
complex situations.

In analysing misclassified claims, we note some
interesting cases. The scope and globality of the
pandemic imply that similar issues are mentioned
repeatedly on multiple occasions, yet claims to be
verified may include nuances or specificities. This
is challenging as it is easy to retrieve information
that omits relevant nuances. E.g. The claim “Bar-
ron Trump had COVID-19, Melania Trump says"
retrieves sentences such as “Rudy Giuliani has
tested positive for COVID-19, Trump says." with a
similar structure and mentions but missing the key
name. This type of situation could be addressed
by using Named Entity Recognition (NER) meth-
ods that prioritise matching between the entities
involved in the claim and the information sources.
See e.g. (Taniguchi et al., 2018; Nooralahzadeh
and Øvrelid, 2018).

Other interesting cases involve claims for which
documents with adequate information are retrieved,
but the sentences containing evidence cannot be
identified because they are too different from the
original claim. E.g. The claim “Vice President of
Bharat Biotech got a shot of the indigenous COV-
AXIN vaccine" retrieves correct documents on the
issue. Similar sentences are retrieved such as “Co-
vaxin which is being developed by Bharat Biotech
is the only indigenous vaccine that is approved
for emergency use.". Despite being similar such
retrieved sentences give no information about the
claimed situation. In the retrieved document, the
sentence “The pharmaceutical company, has in a
statement, denied the claim and said the image
shows a routine blood test." contains the essen-
tial information to debunk the original claim but is
missed by the sentence retrieval engine as it is very
different from the claim (See Table A1 in Appendix
C for other examples).

Such cases are more difficult to deal with, as
the similarity between claim and evidence is cer-

tainly a good indicator of relevance. Nevertheless,
these cases are very interesting for future work us-
ing more complex approaches. We have made an
initial attempt to address this problem by represent-
ing claims and retrieved documents using Abstract
Meaning Representation (Banarescu et al., 2013)
in order to better select relevant information. Al-
though the results were not satisfactory, it may be
an interesting avenue for future exploration. An-
other line of future work is the design of strategies
against adversarial attacks to mitigate possible risks
to our system.

6 Conclusions

We have presented a novel dataset that aggregates a
heterogeneous set of COVID-19 claims categorised
as True or False. Aggregation of heterogeneous
sources involved a careful deduplication process
to ensure dataset quality. Fact-checking sources
are provided for veracity assessment, as well as
additional information sources for True claims. Ad-
ditionally, claims are labelled with sub-types (Mul-
timodal, Social Media, Questions, Numerical, and
Named Entities).

We have performed a series of experiments using
our dataset for information retrieval through direct
retrieval and using a multi-stage re-ranker approach.
We have proposed new NLI methods for claim ve-
racity assessment, attention-based NLI-SAN and
graph-based NLI-graph, achieving in our dataset
competitive results with the GEAR and KGAT
state-of-the-art models. We have also discussed
challenging cases and provided ideas for future
research directions.
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A Data Sources

Here we present detailed information of the data
sources introduced in section 3.1.

It is worth noting that for the construction of
our dataset, we have only included sources or
datasets that contain explicit veracity labels of spe-
cific claims, thus we have not included collections
of tweets related to COVID that do not have verac-
ity labels (Chen et al., 2020; Lamsal, 2021; Abdul-
Mageed et al., 2021; Huang et al., 2020; Dimitrov
et al., 2020; Kerchner and Wrubel, 2020; Qazi et al.,
2020). We have not included claims without inde-
pendent fact-checking sources (Memon and Carley,
2020; Shahi et al., 2021) and information sources
without formulated claims such as the collections
of scholarly articles (Wang et al., 2020a; Chen et al.,
2021), news articles (Zhou et al., 2020), or articles
obtained through specific repositories as (COVID-
19 Data Portal , EU; WHO database of publica-
tions on coronavirus; Elsevier journals Novel Coro-
navirus Information Center; Cambridge journals
Coronavirus Free Access Collection; The Lancet
COVID-19 content collection; Oxford journals re-
sources on COVID-19; MedRN medical research
network SSRN Coronavirus Infectious Disease Re-
search Hub).

The data sources that we have used for the con-
struction of our dataset are:

• The CoronaVirusFacts/DatosCoronaVirus
Alliance Database11. Published by Poyn-
ter12, this online publication combines fact-
checking articles from more than 100 fact-
checkers from all over the world, being the
largest journalist fact-checking collaboration
on the topic worldwide13. The publication
is presented as an online portal, thus we had
to develop scripts to crawl the content and
extract the relevant claims, categories, and
information sources.

• CoAID dataset14. The dataset (Cui and Lee,
2020) contains fake news from fact-checking
websites and real news from health informa-
tion websites, health clinics, and public insti-
tutions. Unlike most other datasets, it contains
a wide selection of true claims.

11https://www.poynter.org/
ifcn-covid-19-misinformation/

12www.poynter.org
13https://www.poynter.org/

coronavirusfactsalliance/
14https://github.com/cuilimeng/CoAID

• MM-COVID15. The multilingual dataset (Li
et al., 2020) contains fake and true news col-
lected from Poynter and Snopes16, being a
good complement to the first data source.

• CovidLies dataset17. The dataset (Hossain
et al., 2020) contains a curated list of common
misconceptions about COVID appearing in
social media, carefully reviewed to contain
very relevant and unique claims unlike other
automatically collected datasets.

• TREC Health Misinformation track18. Re-
search challenge using claims on the health
domain focused on information retrieval from
general websites through the Common Crawl
corpus19. This dataset is specialized in a very
specific domain, and has been used for a very
different application than the previous data
sources.

• TREC COVID challenge20. Research chal-
lenge (Voorhees et al., 2021; Roberts et al.,
2020) using claims on the health domain fo-
cused on information retrieval from scholarly
peer-reviewed journals through the CORD19
dataset (Wang et al., 2020a), the largest exist-
ing compilation of such articles. Similar to the
last source, but focused on scholarly papers
unlike the other sources.

A.1 Pre-processing

A separate pre-processing step was carried out for
each of the selected data sources:
The CoronaVirusFacts/CoronaVirus Alliance
Database. The data was downloaded on 13 Febru-
ary 2021. From the 11,647 entries initially ob-
tained, entries with no fact-checking source and cat-
egories with less than 10 entries were removed. The
different fact-checkers used different categories to
label the claims, although in most of the cases the
difference was mainly in terms of spelling. Initially
we identified the following common categories:
False (including FALSE, FALSO, Fake, false, false
and misleading, Two Pinocchios, Misinformation

15https://github.com/bigheiniu/MM-COVID
16www.snopes.com
17https://github.com/ucinlp/

covid19-data
18https://trec-health-misinfo.github.

io/
19https://commoncrawl.org/
20https://ir.nist.gov/covidSubmit/data.

html
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/ Conspiracy theory, Not true, false headline, MA-
NIPULATED, Unproven), Misleading (MIslead-
ing, MISLEADING, mislEADING, MiSLEAD-
ING, misleading, Misleading/False, Misleading),
Missing Context (Missing context, Needs Context,
missing context), No Evidence (NO EVIDENCE,
No evidence, No Evidence), Mostly False (Mostly
False, Mostly false, MOSTLY FALSE, mostly
false, Mainly false), Partially False (Partially False,
Partly false, Partially false, partially false, partly
false), Partially True (PARTLY TRUE, Partially
correct, Partially true, Partly true, HALF TRUE,
HALF TRUTH, half true), and Mostly True (Mostly
true, MOSTLY TRUE, mainly correct). Next, we
conducted a manual inspection of the different cat-
egories. We found that the categories Misleading,
Missing Context, No Evidence, Mostly False, and
Partially False had no homogeneous and clear def-
inition through the different fact-checking media.
Each group contains claims fitting the definition
mixed with claims that are simply false (e.g. of
false claims under other labels: “Misleading: Only
people from South Korea have Covid-19 antibod-
ies"; “Partially False: The vaccines contain sub-
stances such as arsenic or uranium according to
scientific studies"; “Mostly False: Pope Francis
contracted coronavirus"). Therefore, we decided to
not use these nuanced categories but group them
in the general False category. Additionally, we re-
moved the 25 claims from the categories Partially
True and Mostly True, since they contained both
True and False claims.
CoAID dataset. The datasets
NewsRealCOVID-19, NewsFakeCOVID-19,
and ClaimFakeCOVID-19 were selected. The
additional available dataset contains claims already
existing in other datasets, formulated in this case as
questions, and thus was not included. The selected
datasets contain True and False claims.
MM-COVID. The claims were obtained from the
English_news part of the dataset since we are
only interested in English claims. 3,409 claims
were collected. Claims in other languages appeared
in the file, therefore we did a language filtering
using polyglot21. Additionally, claims without fact-
checking sources were deleted. It contains True
and False claims.
CovidLies dataset. The available claims have been
manually revised by eliminating duplicates, result-
ing in a total of 62 misconception claims. It con-
tains False claims.

21https://github.com/aboSamoor/polyglot

TREC Health Misinformation track. The claims
used in the track were obtained and reformulated
manually by us as affirmative claims (e.g., “Can
vitamin D cure COVID-19?" was changed to “Vita-
min D cures COVID-19") for consistency with the
rest of the data sources and to allow claim veracity
assessment. True and False claims are used.
TREC COVID challenge. The claims used in the
challenge were obtained and reformulated manu-
ally by us as full sentences using the explanations
related to each query (e.g., for a given query “coro-
navirus immunity", and its explanation “will SARS-
CoV2 infected people develop immunity?", we form
the following claim, “coronavirus infected people
develop immunity"). True and False claims are
used.

The above processed data sources were com-
bined to provide 20,689 initial claims.

A.2 Claim Categorisation
The claims were analysed to identify types of
claims that may be of particular interest, either
for inclusion or exclusion depending on the type
of analysis. The following types were identified:
(1) Multimodal; (2) Social media references; (3)
Claims including questions; (4) Claims including
numerical content; (5) Named entities, including:
PERSON − People, including fictional; ORGA-
NIZATION − Companies, agencies, institutions,
etc.; GPE − Countries, cities, states; FACILITY −
Buildings, highways, etc. These entities have been
detected using a RoBERTa base English model (Liu
et al., 2019) trained on the OntoNotes Release 5.0
dataset (Weischedel et al., 2013) using Spacy22.

B Parameter Setting

In our veracity assessment experiments, the param-
eters of the initial RoBERTa models are frozen
during the training. The inputs are padded and
truncated to the longest sequence, and a ReLU
function is used as the activation function for the
hidden layer. The GCNConv outputs are padded
to the longest graph size. The loss function used
is cross-entropy. The size of the hidden layer is
50, the batch size is 30, and the training is per-
formed for 100 epochs for NLI-SAN and its vari-
ants, and 200 epochs for NLI-graph and its vari-
ants. The optimizer used is AdamW (Loshchilov
and Hutter, 2019) with β1 = 0.9, β2 = 0.999, a
weight decay of 0.01, and a learning rate of 10−2

for NLI, 10−4 for NLI+Sent and NLI-SAN, and
22https://spacy.io/
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Claim Description

“Sugar causes a cytokine storm
in the lungs that promotes
COVID-19"

Retrieved documents are relating COVID and its cytokine storm effects, but
without the specific mention of sugar, which does not cause a cytokine storm.

“Barron Trump had COVID-19,
Melania Trump says"

Retrieved sentences such as “Rudy Giuliani has tested positive for COVID-19,
Trump says." with a similar structure and mentions but mistaking the family
members and missing the key name.

“Prince Charles tested positive
for COVID-19 after meeting Bol-
lywood singer Kanika Kapoor."

Documents mentioning Prince Charles positive COVID tests are obtained, but
without any mentions to the singer.

“Vice President of Bharat
Biotech got a shot of the
indigenous COVAXIN vaccine"

Correct documents on the issue are retrieved. Similar sentences are retrieved such
as “Covaxin which is being developed by Bharat Biotech is the only indigenous
vaccine that is approved for emergency use." or “Bharat Biotech’s Covaxin is
the first Indian vaccine to receive approval to conduct Phase I/Phase II trials.".
However, being similar they give no information about the claimed situation.
In the retrieved document, the sentence “The pharmaceutical company, has in
a statement, denied the claim and said the image shows a routine blood test."
contains the essential information to debunk the original claim. But it is missed
by the sentence retrieval engine as it is very different from the claim.

“Masks can be sanitized in mi-
crowave"

Correct documents are retrieved with similar sentences such as “Claiming masks
can be sanitized in microwave resurfaces". However, sentences such as “The
study authors cautioned health care workers against trying to clean masks this
way. Microwaves melted the masks, making them useless." or “He also warns
people against using microwaves or ovens to heat their masks." that are present
in the retrieved documents but are not similar enough to the claim are missed.

Table A1: Examples of errors in document or sentence retrieval.

a learning rates of 10−4 for NLI-graph, 10−3

for NLI-graph−abl, and 10−5 for NLI+PSent,
these last three with a step size of 0.1 after 100
epochs.

C Additional Examples of Document or
Sentence Retrieval Errors

Here we expand on the examples mentioned in
Section 5.3 related to difficulties in the document
or sentence retrieval parts of the process. Table
A1 presents in more detail the cases previously
mentioned, and includes new examples.
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Abstract
Desire is a strong wish to do or have something,
which involves not only a linguistic expression,
but also underlying cognitive phenomena driv-
ing human feelings. As the most primitive and
basic human instinct, conscious desire is of-
ten accompanied by a range of emotional re-
sponses. As a strikingly understudied task, it is
difficult for machines to model and understand
desire due to the unavailability of benchmark-
ing datasets with desire and emotion labels. To
bridge this gap, we present MSED, the first
multi-modal and multi-task sentiment, emotion
and desire dataset, which contains 9,190 text-
image pairs, with English text. Each multi-
modal sample is annotated with six desires,
three sentiments and six emotions. We also
propose the state-of-the-art baselines to evalu-
ate the potential of MSED and show the impor-
tance of multi-task and multi-modal clues for
desire understanding. We hope this study pro-
vides a benchmark for human desire analysis.
MSED will be publicly available for research1.

1 Introduction

Multi-modal sentiment and emotion analysis has
immense potential in dialogue analysis and gen-
eration, emotion communication, etc., which has
been an active field of research in natural language
processing (NLP) (Liu et al., 2021; Zhang et al.,
2021c). Although numerous advanced models and
datasets have been proposed, covering different
levels of granularity, such as sentence, aspect, con-
versation, human desire behind emotions is still
relatively unexplored. Human desire understand-
ing models and datasets can benefit different areas
of NLP and AI. Research in AI is a step closer
to recognizing human emotional intelligence if a
machine is able to achieve a deeper understand-
ing of human desires and even make reasonable

∗Ao Jia and Yu He contribute equally and share the co-first
authorship.

†Corresponding author.
1https://github.com/MSEDdataset/MSED.git

Figure 1: Examples of multi-modal desire, sentiment
and emotion.

desire-aware responses (Hofmann and Nordgren,
2015). With researchers’ increasing understand-
ing of emotional intelligence and advancements in
multi-modal language analysis, desire understand-
ing and analysis comes into view (Goldberg et al.,
2009; Ruffman et al., 2003).

Desire is a primitive instinct and a basic need
for strongly expressing human wants to get or pos-
sess something, where its endless and insatiable
attributes distinguish human beings from other an-
imals (Portner and Rubinstein, 2020). It involves
not only a linguistic expression, but also has un-
derlying cognitive phenomena driving human sen-
timents and emotions (Robinson, 1983). Hence,
we argue that there is a close relationship between
human desire, sentiment and emotion, where desire
stealthily dominates sentiment and emotion while
sentiment and emotion also have influence on de-
sire. Such three tasks are complementary in that
desire analysis helps the understanding of the other
two. For example, in Fig. 1 (a), three kids with a
magnifying glass are smiling and observing some-
thing interesting. The positive sentiment and happy
emotion are judged by means of the desire curios-
ity. Fig. 1 (b) depicts that a young lady and her
two children are walking at a leisurely rate along
a winding road. Their smiles in the image and the
words in its text counterpart convey joyful emotion.
Such feelings explains the lady’s strong need to be
in the company of the children, i.e., family desire.
We also check whether our hypothesis is tenable in

1512



Dataset Size Modality Resource Annotation Inter-Task Dependency
YouTube 47 Text, Image, Speech YouTube sentiment %

MOUD 498 Text, Image, Speech YouTube sentiment %

Multi-ZOL 5,288 Text, Image Zol.com sentiment %

MOSI 2,199 Text, Image, Speech YouTube sentiment %

MOSEI 23,453 Text, Image, Speech YouTube sentiment, emotion %

CH-SIMS 2,281 Text, Image, Speech Movie, TV sentiment %

IEMOCAP 302 Text, Image, Speech Performance emotion %

MELD 1,433 Text, Image, Speech TV Show sentiment, emotion %

ScenarioSA 2,214 Text Social Media sentiment %

MUStARD 690 Text, Image, Speech TV Show sarcasm %

MSED (Ours) 9,190 Text, Image Social Media desire, sentiment, emotion !

Table 1: Comparison of MSED with other datasets.

the experiments (c.f. Sec. 5.5).
Given the importance of desire understanding,

numerous research results in psychology and phi-
losophy have been proposed and are being actively
studied to explain and analyze human desire, e.g.,
desire inference (Dong et al., 2013), the corre-
lation between desire and love (Cacioppo et al.,
2012; Kaunda and Kaunda, 2021), desire diagno-
sis (Mendelman, 2021). However, it is still an
understudied new task in NLP and multi-modal
affective computing. The lack of publicly available
desire datasets has been the main issue in advanc-
ing multi-modal desire analysis models.

In this paper, we take the first step to overcome
this limitation by presenting MSED, a novel multi-
modal dataset manually annotated with sentiment,
emotion and desire labels. MSED consists of 9,190
text-image pairs collected from a wide range of
social media resources, e.g., Twitter, Getty Image,
Flickr. It aims to extend the goal of human desire
understanding within other disciplines and bring it
to the NLP community. This dataset also facilitates
the study of desire detection models by investigat-
ing both multi-task and multi-modal clues. Besides,
MSED is also valuable for other NLP domains such
as multi-modal language analysis, multi-task learn-
ing. In summary, the major contributions of the
work are:

• The first multi-modal dataset annotated with
three sentiment classes, six emotion classes
and six desire classes is created and released
publicly, aiming to open new doors to desire
understanding.

• We present fine-grain multi-modal annota-
tions of sentiment, emotion and desire cat-
egories. The quality control and agreement
analysis are also described.

• Quantitative investigation shows the distribu-
tion of desire category, key words, whether
desire affects the distribution of sentiment and

emotion, and to what extent.
• We propose three multi-modal tasks to evalu-

ate MSED, which are desire detection, senti-
ment analysis and emotion recognition. Sev-
eral strong baselines using different combina-
tions of feature representations are reported to
show the need of multi-modal desire analysis
models and the potential of MSED to facilitate
the development of such models.

2 Related Work
2.1 Sentiment, Emotion and Desire Datasets
Since there is no available desire dataset, we briefly
review related work in multi-modal sentiment and
emotion datasets. Previously, researchers have cre-
ated various multi-modal datasets to provide exper-
imental test beds for evaluating sentiment and emo-
tion analysis models, including YouTube (Uryupina
et al., 2014), MOUD (Pérez-Rosas et al., 2013),
Multi-ZOL (Xu et al., 2019), CMU-MOSI (Zadeh
et al., 2016), etc. In addition, Zadeh et al. (2018)
proposed an extended version of MOSI, which con-
sists of textual, acoustic and visual clues. Yu et
al. (2020) collected 2,281 refined Chinese video
segments in the wild with both multi-modal and
independent unimodal annotations. It allowed re-
searchers to study the difference between modali-
ties. Zhang et al. (2021a) presented the first multi-
modal metaphor dataset to facilitate understanding
metaphor from texts and images.

Multi-modal emotion recognition in conversa-
tion (ERC) has increasingly become an active re-
search topic. The community also established
IEMOCAP (Busso et al., 2008) MELD (Poria et al.,
2019), ScenarioSA (Zhang et al., 2020b) and MUS-
tARD (Castro et al., 2019), to show the impact
of social interaction on human emotion evolution.
However, the existing datasets only contain senti-
ment and emotion annotations. There is a lack of a
dataset which provides insights into the desire be-
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hind human emotions. In contrast, MSED contains
all of sentiment, emotion and desire multi-modal
annotations to support and encourage future studies
on the correlation between desire, sentiment and
emotion. Table 1 compares all above mentioned
datasets with their properties.

2.2 Sentiment, Emotion and Desire Analysis
The little work which exists on the automatic anal-
ysis of multi-modal desire has mainly been done
in psychology, sociology and philosophy domains.
Lim et al. (2012) designed a multi-modal desire
analysis model that encompasses both audio and
gesture modalities. However, they explained hu-
man desire in terms of emotions. Schutte and Mal-
ouff (2020) performed meta-analytic investigation
on 2,692 individuals to explore the association be-
tween curiosity and creativity. Hoppe et al. (2015)
used support vector machine (SVM) and eye move-
ment data for automatic recognition of different
levels of curiosity. But this work did not lie in the
multi-modal domain. Cacioppo et al. (2012) pre-
sented a multilevel kernel density fMRI analysis
approach to understand the differences and sim-
ilarities in the interaction between sexual desire
and love. Chauhan et al. (2020a) proposed a multi-
task and multi-modal deep attentive framework for
offensive, motivation and sentiment analysis. How-
ever, according to 16 basic desires theory (Steven,
2004), motivation and offense cannot be classified
as desires.

Although remarkable progress has been made in
the recent studies of multi-modal affect analysis,
e.g., sentiment analysis (Zhang et al., 2021d), emo-
tion recognition (Chauhan et al., 2020b; Li et al.,
2022), sarcasm detection (Zhang et al., 2021b), hu-
mor analysis (Hasan et al., 2019), etc., there is a
gap in the understanding and detection of human
desire. Our MSED dataset will contribute to the re-
search in understanding and analysis of the desires
behind human agency.

3 The MSED Dataset

The process of creating MSED, the annotation pro-
cedure and the basic features are detailed.

3.1 Data Acquisition

The rise of social media has provided a platform
for an increasing number of people to fulfill their
desires and exude their emotions by publishing
diverse types of posts. Given that our aim is to cre-
ate a multi-modal dataset, three well-known online

Item #
Total samples 9,190

Desire samples 4,683
Non-desire Samples 4,507

Total words 109,570
Average word count per text 12

Average size per image 612×408
Train set size 6,127

Validation set size 1,021
Test set size 2,042

Table 2: Statistics of MSED Dataset.

photo-sharing resources, i.e., Getty Image, Flickr
and Twitter, are chosen as our domain. In order
to avoid noisy and irrelevant samples as much as
possible, we prefer to set a filtering rule before
collecting them.

Specially, we set a list of keywords with a
strong desire expression based on 16 basic desires
theory (Steven, 2004), e.g., curiosity, romance,
family, vengeance etc. We query the social me-
dia platforms with such words, and only crawl the
retrieved text-image posts on the first ten pages.
Besides, we attempt to select the visual samples
which include people and their facial expressions
so that one can easily judge their emotions, senti-
ments and desires. After applying this first filtering
step, we gather over 11,000 multi-modal posts2.

Data Filter. All these raw posts are then pre-
processed by employing the data filtering rule. For
text data, we remove text with fewer than 3 words,
correct the spelling mistakes, and check if each text
is composed of illegible characters via the NLTK
package (Bird et al., 2009). For their visual coun-
terparts, we remove the images with low resolution
and resize all images to the same size.

Finally, the MSED dataset contains 9,190 text-
image pairs, with 109,570 word occurrences in
total. The average number of words per text is 12.
The detailed statistics are shown in Table 2.

3.2 Label Selection and Annotation Model

Since human desires are many and varied, this pa-
per will focus on those desires that are emotion-
ally related and divorced from the need for sur-
vival (e.g., eat). After early attempts to collect
and analyze raw samples, we empirically select
six typical human desires from sixteen basic de-
sires, which are family, romance, vengeance,
curiosity, tranquility, social contact. Such de-

2Note that the original copyright of all the multi-modal
samples belongs to the source owners, and no personal infor-
mation of any participants was collected.
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Desire Explanation
Family The need to take care of one’s offspring.

Romance A feeling of excitement and mystery associated with love.
Vengeance The need to strike back against another person.

Curiosity The wish to gain knowledge or explore the unexpected.
Tranquility The wish to be secure, protected or company.

Social-contact The need to communicate, converse and establish a relationship with others.

Table 3: Explanations of six desires.

Figure 2: Layout of the annotation interface.

sire attributions often are accompanied by senti-
mental and emotional expressions. Table 3 presents
the detailed explanations of the selected desires.

Thus, each piece of multi-modal sample is man-
ually annotated with desire category, sentiment
category (i.e., positive, neutral and negative)
and emotion category (happiness, sad, neutral,
disgust, anger and fear). The annotation model
is AnnotationModel = (DesireCategory, Sentiment-
Category, EmotionCategory, DataSource).

3.3 Human Annotation Process
We recruit five well-educated volunteers including
three undergraduate and two master students to
take part in data annotation. All of them signed
and gave informed consents before the study and
were paid equivalent of $1.5/hour in local currency.
They had a professional background which ensured
that they have a good knowledge of human desire
and emotion analysis. Before labeling the whole
dataset, they were instructed to independently an-
notate 50 examples first, in order to minimize ambi-
guity while strengthening the inter-annotator agree-
ment, e.g., their agreement rate should reach 90%.

During the annotation process, the volunteers
are randomly presented the text-image pairs. In
this work, we argue that human desire is tightly
intertwined with sentiment and emotion (Port-
ner and Rubinstein, 2020), and therefore consider
three inter-dependent annotation setups for de-
sire, sentiment and emotion tasks. To emphasize
such inter-dependency, the volunteers are asked
to write their inference sequences, e.g., which
task helps the other two tasks the most. For ex-
ample, the inference sequence in Fig. 1 (a) is

(desire→ sentiment→ emotion). We define
the gold standard of a text-image pair in terms
of the label that receives the majority votes. The
annotation interface is shown in Fig. 2.

3.4 Quality Control

Since desire, sentiment and emotion annotation
is a very subjective task, disputes and conflicts
always exist and are difficult to erase. In order
to guarantee the annotation quality, we develop a
two-step validation paradigm. First, we calculate
the average agreement among five annotators via
the percent agreement calculation method (Hunt,
1986). The average agreements for desire, sen-
timent and emotion tasks are 71.4%, 83.6% and
72.1%. Next, to confirm this inter-rater agreement,
the kappa score (Fleiss and Cohen, 1973) is intro-
duced. The agreement scores of the annotation
for desire, sentiment and emotion are κ = 0.53,
κ = 0.67, κ = 0.56 respectively, which shows
that five participators have reached moderate agree-
ment on both desire and emotion annotations and
substantial agreement on the sentiment annotation.

Moreover, the confusion matrices in Fig. 3 indi-
cates the annotations difference between different
labels for three tasks. From Fig. 3 (a), we can
see that the differences between vengeance, none
and tranquility are maximal (i.e., 0.21, 0.20), while
the differences between vengeance and other cate-
gories are minimal. From Fig. 3 (b), we notice that
one could easily distinguish positive from negative
sentiment, but it is difficult to distinguish neutral
from positive and negative sentiments. Fig. 3 (c)
supports the above argument that the difference
between neutral and happiness and the difference
between neutral and sad are great.

4 Dataset Analysis

Desire Analysis. We present the distribution of
desire labels in MSED, as shown in Fig. 4. From
Fig. 4 (a), we observe that desire and non-desire
samples account for 51% and 49% respectively.
This shows that MSED is a well-proportioned and
balanced dataset, which is suitable for machine
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Figure 3: The confusion matrices show the annotations difference between different labels for three tasks.

Figure 4: Dataset distribution.

or deep learning based analysis. Specially, the
proportions of curiosity, family and romance are
11%, 14% and 11%. which are much larger than the
proportions of vengeance and tranquility (i.e., 4%,
4%). This is also in line with our actual life where
fewer people are ready to share their dark sides and
flurried attitudes on social media platforms. More
people are likely to publish tweets about family
life, romantic love, etc.

Sentiment Analysis. Fig. 4 (b) shows how sen-
timent is entangled with desire and non-desire. We
can see that positive sentiment accounts for the
largest proportion of 53% in desire samples while
negative sentiment is not far behind, i.e., 33%. Neu-
tral polarity has the smallest proportion of 14%.
The proportion of non-neutral sentiment towers
over that of neutral polarity. In non-desire data, the
proportion of neutral polarity (i.e., 42%) is more
than the proportion of positive and negative senti-
ments (i.e., 28% and 30%). But the proportions of
neutral and non-neutral sentiments turn out very
close, which indicates that there is a poor correla-
tion between non-desire and the different sentiment
classes. These results have verified our previous
arguments: (1) human desire is often accompanied
by a range of sentiment responses; and (2) desire
stealthily dominates emotion.

Emotion Analysis. We also present that there
are some differences in the distribution of emo-

Figure 5: Word cloud visualization.

tion between the desire data and non-desire data in
Fig. 4 (c). Fear, anger, sad and happy emotions are
more likely to occur in the desire samples while
neutral and disgust emotions occur more frequently
in the non-desire samples. This implicates that peo-
ple often automatically exude their emotions while
expressing the desires. There is close relationship
between desire and emotion, which agrees well
with the above conclusion.

Key Word Analysis. We generate two word
clouds to visually compare the usage of high-
frequency words in desire and non-desire sam-
ples, as shown in Fig. 5. We notice that the most
common words in the desire samples are couple,
mother, father, shot, son, little, etc. Such words
are often used in the romance, family, vengeance
related expressions. Fig 5 (b) shows the high fre-
quency words in the non-desire samples, which are
background, up, close, girl, senior, using, etc. Most
of these words are verbs or nouns and are used as
the description of a object or action, which do not
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MSED
Train Validation Test

Sentiment
Positive 2524 419 860
Neutral 1664 294 569
Negative 1939 308 613

Emotion

Happiness 2524 419 860
Sad 666 102 186
Neutral 1664 294 569
Disgust 251 44 80
Anger 523 78 172
Fear 499 84 175

Desire

Vengeance 277 39 75
Curiosity 634 118 213
Social-contact 437 59 138
Family 873 152 288
Tranquility 245 39 87
Romance 692 107 210
None 2969 507 1031

Table 4: Dataset statistics.

Figure 6: Multi-modal desire, sentiment and emotion
analysis model.

often express human desires. This shows that the
MSED dataset is accurately annotated and split.

5 Experiments and Evaluation
5.1 Dataset Split
In order to support model training and evaluation,
we first shuffle the order of all multi-modal sam-
ples, and thus divide the MSED dataset into train,
validation and test subsets according to the propor-
tion of 70%, 10%, 20%. Table 4 shows the detailed
statistics for train, validation and test subsets.

5.2 Experiment Settings

Evaluation metrics. We adopt precision (P), recall
(R) and macro-F1 (Ma-F1) as evaluation metrics in
our experiments. We also introduce weighted accu-
racy metric for the ablation test, human evaluation
study and inter-task correlation study.

Model architecture. To evaluate the created
MSED dataset, we propose three tasks, i.e., desire
detection, sentiment analysis and emotion recogni-
tion, and provide a wide range of strong baselines
by using different combinations of features. Fig. 6
presents the proposed model architecture.

We feed the text and image into two encoders
to obtain their features respectively. For text,
three typical encoders are used, i.e., deep CNN

(DCNN), bidirectional LSTM (BiLSTM) (Zhang
et al., 2020a), and the pre-trained language model,
BERT (Devlin et al., 2018). For image, two widely
used visual encoders, i.e., AlexNet (Alom et al.,
2018) and ResNet (Szegedy et al., 2017) are se-
lected. After that, we choose five multi-modal
fusion strategies, i.e., multi-head attentive fusion,
concatenation, adding, element-wise multiply and
maximum, to learn the multi-modal representation.
This representation is then forwarded through three
dense layers and softmax functions respectively for
desire, sentiment and emotion detection. In addi-
tion, as a state-of-the-art multi-modal pre-trained
language model, Multimodal Transformer (Gabeur
et al., 2020) is also used as the baseline. The de-
tails of model building and training is provided in
Appendix.

5.3 Results and Discussion

We present the experimental results in Table 5. For
text classification, DCNN performs very poorly
for all three tasks, and gets the worst macro-F1
of 29.55%, 51.19% and 41.60%. Through mod-
eling of bi-directional contexts, BiLSTM outper-
forms DCNN significantly. BERT outperforms
DCNN and BiLSTM by a large margin in terms of
macro-F1. These results are thanks to strong repre-
sentational ability of BERT. For image classifica-
tion, ResNet performs very well against AlexNet,
since it solves the problem of gradient disappear-
ance and enriches the input signals by introducing
the residual connection. For multi-modal setup,
we compare six combinations and observe that
BERT+ResNet achieves the best macro-F1 scores
of 82.28%, 85.81% and 82.42%. It overcomes both
BERT (1.7%, 1.7%, 1.6% ↑) and ResNet (62.0%,
20.8%, 44.5% ↑), which shows the importance of
using multi-modal clues.

With the aim to explore the impact of different
multi-modal fusion approaches on the classifica-
tion performance, we also compare four fusion ap-
proaches in term of weighted accuracy in Table 6.
We observe that feature concatenation achieves the
best performance for sentiment analysis and emo-
tion recognition while feature adding performs the
best for desire detection. In contrast, another two
fusion approaches may lose a drawerful of primor-
dial features when performing multiply operation
or selecting the maximum eigenvalues. In sum-
mary, feature concatenation and adding may be the
best approaches for our three tasks.
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Model Text Image Desire Detection Sentiment Analysis Emotion Recognition
P R Ma-F1 P R Ma-F1 P R Ma-F1

Text
DCNN - 36.91 31.64 29.55 59.31 53.01 51.19 43.66 41.10 41.60

BiLSTM - 73.20 67.82 69.14 78.43 78.75 78.58 73.49 72.17 72.73
BERT - 81.74 80.39 80.88 84.43 84.28 84.35 81.76 80.57 81.10

Image - AlexNet 51.47 49.33 50.07 68.76 68.21 68.45 56.42 53.29 54.66
- ResNet 49.97 49.35 49.20 70.85 70.61 70.64 58.74 54.67 56.40

Text+Image

DCNN AlexNet 59.42 52.02 52.35 71.02 70.09 70.31 49.56 42.77 43.76
DCNN ResNet 56.34 50.64 52.89 74.73 74.73 74.64 62.93 59.12 60.48

BiLSTM AlexNet 67.80 68.00 67.67 78.73 79.22 78.89 71.17 70.70 70.89
BiLSTM ResNet 54.97 49.94 51.99 75.89 75.27 75.25 63.63 60.80 61.98

BERT AlexNet 80.84 75.50 77.17 83.22 83.11 83.16 78.06 78.19 78.10
BERT ResNet 83.42 82.43 82.28 85.83 85.79 85.81 83.54 81.51 82.42

Multimodal Transformer - - 81.92 80.20 80.92 83.56 83.45 83.50 81.62 81.61 81.53

Table 5: Comparison of different models.

BERT+ResNet
Multi-Modal Fusion

Desire Detection Sentiment Analysis Emotion Recognition
Validation Test Validation Test Validation Test

Concatenate 83.55 85.21 83.64 85.95 79.63 82.91
Add 85.31 86.48 83.06 85.94 82.08 82.32

Multiply 83.64 83.99 85.21 85.50 78.65 81.59
Maximum 84.62 85.55 83.94 85.11 80.90 81.83

Table 6: Comparison of different multi-modal combinations.

Method Desire Sentiment Emotion
Annotator 1 88.00 90.00 86.00
Annotator 2 84.00 88.00 86.00
Annotator 3 84.00 88.00 82.00

Avg. 85.33 88.67 84.67
BERT+ResNet 82.00 86.00 82.00

Table 7: The human evaluation results against
BERT+ResNet for three tasks.

5.4 Human Evaluation Results
Next, we create a new test set including 50 multi-
modal documents, and recruit three undergradu-
ate volunteers to evaluate the desire, sentiment
and emotion labels. We run the inter-annotator
agreement study on three volunteers’ scores and
the average kappa scores are 0.80, 0.82 and 0.78
for our three tasks. We also choose the pre-trained
BERT+ResNet (the state-of-art system) to make
desire, sentiment and emotion predictions. Table 7
presents the comparative results.

We can see that although BERT+ResNet have
attained the best macro-F1 scores before, they still
perform worse than human evaluation. One possi-
ble reason is that multi-modal representation and
fusion may miss some essential contents. This
proves that such strong baselines can not guaran-
tee a satisfactory result compared to human judg-
ment. Desire understanding is thus an emerging,
yet challenging task, where novel multi-modal de-
sire understanding models are needed. The pro-
posed MSED dataset will provide an available data
bed for model evaluation.

Task Sequence Desire Sentiment Emotion
des⇒ sen⇒ emo 84.82 85.46 82.13
des⇒ emo⇒ sen 84.82 85.06 82.22
sen⇒ des⇒ emo 85.85 82.73 82.62
sen⇒ emo⇒ des 85.90 82.73 82.08
emo⇒ sen⇒ des 85.60 85.16 80.80
emo⇒ des⇒ sen 84.18 84.87 80.80

Table 8: All the possible task inference sequences.

5.5 Discussion on Inter-Task Correlation
In order to verify the correlations across multiple
tasks, e.g., which task offers the greatest help to
other tasks, we improve BERT+ResNet by incor-
porating the inference sequence knowledge. We
choose to merge the former task knowledge (the
output of the dense layer) with the features of the
latter task to construct a new input for the latter task.
This action will naturally leverage the knowledge
from other tasks. We have checked all the possi-
ble task combinations, e.g., (des⇒ sen⇒ emo),
(sen⇒ des⇒ emo), etc. We show the obtained
results in Table 8. We see that BERT+ResNet
performs the best for the task of desire detection
under the task sequence of (sen⇒ emo⇒ des).
This shows that sentiment and emotion knowl-
edge indeed helps improve desire detection. By
comparing the performance of three tasks, we
notice that sentiment and emotion tasks gain
greater improvement over desire detection under
the task sequences of (des⇒ sen⇒ emo) and
(sen⇒ des⇒ emo). These results support our
argument that desire, sentiment and emotion are
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not only inter-entangled, sentiment and emotion are
but also actuated by human desire. In addition, the
importance of multi-task clues is also investigated.

5.6 Ablation Study

From Table 5, we perform an ablation study by an-
alyzing the effectiveness of different components
of BERT+ResNet. By comparing the classifica-
tion performance of BERT and ResNet, we see
that using textual features is more effective than
using visual features, as we expected. The main
reasons are: (1) BERT contributes the most to
overall framework, as it effectively captures the
inter-dependencies between words and extracts re-
fined features; (2) Text cue plays a more important
role than visual cue for desire understanding, since
visual desire analysis involves a higher level of
abstraction. However, ResNet still outperforms
DCNN and BiLSTM by a large margin (7%, 5% ↑),
which shows the effectiveness of pre-trained visual
model.

5.7 Error Analysis

Through presenting the confusion matrices of
BERT+ResNet in Fig. 7, we perform an error
analysis. We notice that misclassification for
BERT+ResNet often happens in four categories of
samples, i.e., non-desire, curiosity, social-contact
and tranquility. About 10.6% non-desire samples
are mis-classified as various desires. 29.5% curios-
ity samples are misdiagnosed. For tranquility detec-
tion, BERT+ResNet performs very poorly, which
annotates almost half (36.8%) tranquility samples
as non-desire labels. 15.2% social-contact desire is
misdiagnosed as non-desire. This implicates that
BERT+ResNet struggles in differentiating curios-
ity, social-contact and tranquility from non-desire.
Further theoretical and empirical research is needed
for better studying human desires. We also show a
few misclassification cases for desire detection, as
shown in Fig. 8.

Figure 7: The Confusion matrix.

Figure 8: Wrongly classified multi-modal samples.

6 Conclusions and Future work

Human desire understanding is a relatively unex-
plored task in NLP. To fill this gap, we expand
desire research from psychology to multi-modal
language analysis, and thus propose the first multi-
modal multi-task dataset for desire, sentiment and
emotion detection, MSED. Each sample is anno-
tated with six basic desires, three sentiments and
six emotions. In addition, qualitative and quantita-
tive studies are performed for analyzing the dataset.
We also present a range of baselines to evaluate the
potential of MSED. The comparative and human
evaluation results demonstrate the need of new de-
sire analysis models and the potential of MSED to
facilitate the development of such models.

Our work has also a few limitations. The images
available in platforms like Flickr and Getty may
not express spontaneous human desire, as many
of them are purposefully designed by professional
photographers. The current dataset only collects
static images and texts, the conversational sam-
ples might be considered. Moreover, a larger scale
multi-modal dataset with more desire categories is
left to our future work. The technique of human
desire analysis based on online data also has the po-
tential to be misused, e.g. by integrating them with
facial recognition techniques to make interventions
or decisions for humans.

In summary, we hope that the creation of MSED
will provide a new perspective in NLP for research
on human desire analysis. The dataset will be pub-
licly available for research. Given the close rela-
tionship between desire, sentiment and emotion, a
refined multi-modal multi-task learning framework
is left to our future work.
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Appendix

A Model Building

We apply a bi-modal encoder architecture when
building models. The bi-modal encoder consists of
text (i.e., DCNN, BiLSTM and BERT) and image
encoders (i.e., AlesNet and ResNet). The outputs
from two encoders are concatenated to form the
multi-modal representation, and thus are forwarded
to a dense layer to make prediction of three tasks.

A.1 Text Encoder

We use GloVe 6B to initialize the 100 dimensional
word embeddings as inputs for DCNN and BiL-
STM. As for BERT, the dimension is 768.

DCNN. The first convolutional layer in the
DCNN consists of 3 filters of size 2 × 2. The
second convolutional layer consists of 3 filters of
size 3× 3. The third convolutional layer consists
of 3 filters of size 4× 4. This network is followed
by the fully connected layer (size of 128) and the
softmax layer. Finally, the activation values of the
fully connected layer are used as the output of the
encoder.

BiLSTM. It consists of two LSTM layers that
read the input sequence forwardly and backwardly
to generate a series of bidirectional hidden states.
The ith hidden representation is obtained by merg-
ing the bidirectional hidden states, e.g., hi =
→
hi ∥

←
hi, where i ∈ [1, 2, ..., n]. In BiLSTM, the

dimensions of forward and backward hidden states
are set to 50 respectively. Finally, the final hidden
sate hn is used as the sequence representation.

BERT. We fine-tuned the BERT-base including
12 layers and 110M parameters as the text encoder.
Each sequence will be padded or truncated to the
size of 50 before it is input. The obtained repre-
sentation of the first token in the sequence (i.e., the
[CLS] token) is used as the output of the encoder,
where the dimension is 768.

A.2 Image Encoder

Each image is pre-processed by using mean and
standard deviation calculated by ImageNet.

AlexNet. The size of the input images is 408×
612×3. The first convolutional layer has 96 kernels
of size 12× 40× 3 with a stride of 4 pixels. The
second convolutional layer has 256 kernels of size
5 × 5 × 96 with a stride of 2 pixels. The third
convolutional layer has 384 kernels of size 3× 3×
256. The forth convolutional layer has 384 kernels

of size 3×3×384, and the fifth convolutional layer
has 256 kernels of size 3× 3× 384.

ResNet. The ResNet18 pre-trained model is
used in our experiments. All the images are resized
to 612×612×3 before they are feed into the model.

B Model Training

We use Pytorch (Paszke et al., 2019) to build all
models. To avoid overfitting, we choose to perform
early stopping during training. During training,
the optimal learning rate is set to 1 × 10−5 and
the epoch is 40 if the encoder includes pre-trained
model, otherwise they are set to 1× 10−3 and 100
respectively. The dropout rate in the model is 0.5.
In our models, cross entropy with L2 regularization
is used as the loss function, as shown in Eq. 1:

ζs = −
1

L

∑

ξ

YξlogŶξ + τr ∥ϕ∥2 (1)

where ζs ∈ {ζsen, ζemo, ζdes}, Yξ denotes the
ground truth of the ξth sample, Ŷξ is the predicted
distribution. ξ is the index of sample, and L is the
total number of samples. τr is the coefficient for
L2 regularization. As for optimizer, we choose
Adam to optimize the loss function. We use the
back propagation method to compute the gradi-
ents and update all the parameters. It takes about
50 minutes for the state-of-the-art system (i.e.,
BERT+ResNet) to train its best performance over
MSED via 1×RTX A6000 GPU.
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Abstract

Compared with traditional sentence-level re-
lation extraction, document-level relation ex-
traction is a more challenging task where an
entity in a document may be mentioned mul-
tiple times and associated with multiple rela-
tions. However, most methods of document-
level relation extraction do not distinguish be-
tween mention-level features and entity-level
features, and just apply simple pooling opera-
tion for aggregating mention-level features into
entity-level features. As a result, the distinct
semantics between the different mentions of an
entity are overlooked. To address this problem,
we propose RSMAN in this paper which per-
forms selective attentions over different entity
mentions with respect to candidate relations. In
this manner, the flexible and relation-specific
representations of entities are obtained which
indeed benefit relation classification. Our exten-
sive experiments upon two benchmark datasets
show that our RSMAN can bring significant
improvements for some backbone models to
achieve state-of-the-art performance, especially
when an entity have multiple mentions in the
document.1

1 Introduction

Relation extraction (RE) is one important task of in-
formation extraction, aiming to detect the relations
among entities in plain texts. Recently, many schol-
ars have paid more attention to document-level RE
(Sahu et al., 2019; Yao et al., 2019) which aims
to identify the relations of all entity pairs in a doc-
ument, since it is more in demand than sentence-
level RE in various real scenarios. In general, one
document contains multiple entities and an entity
may have multiple mentions across different sen-
tences. Furthermore, one entity may be involved by
multiple valid relations and different relations are

∗Corresponding author.
1Our code and trained model are publicly available at

https://github.com/FDUyjx/RSMAN.

Figure 1: A t-SNE visualization example from DocRED.
Points of the same color and marker are different men-
tions’ embeddings of an entity, which are encoded by
BERT (Devlin et al., 2019).

expressed by different mentions of the same entity.
As a result, document-level RE is more challenging
than sentence-level RE.

A key step of existing document-level RE meth-
ods is to aggregate the information of different
mentions of an entity (mention-level features) to
obtain the entity’s representation (entity-level fea-
ture) at first, since relation classification is gener-
ally achieved on entity level. To this end, previous
RE models simply apply average pooling (Ye et al.,
2020; Xu et al., 2021), max pooling (Li et al., 2021),
or logsumexp pooling (Zhou et al., 2021; Zhang
et al., 2021). Finally, a fixed representation is ob-
tained for the given entity, which is then fed into
the classifier for relation classification.

However, different mentions of an entity in a
document may hold distinct semantics. A simple
pooling operation of generating a fixed entity repre-
sentation may confound the semantics of different
mentions, and thus degrades the performance of
relation classification when the entity is involved
by multiple valid relations. We call such situation
as multi-mention problem in this paper. In Fig. 1,
we display the t-SNE (Van der Maaten and Hin-
ton, 2008) visualization of a toy example’s mention
embedding space to validate this problem. As the
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Figure 2: A toy example of multi-mention problem from
the DocRED dataset. Based on coreference resolution,
mentions belonging to the same entity are in the same
color, and the relations are marked above the arrows.

figure shows, different mentions’ embeddings of
an entity (marked by the same color) in a document
are scattered over the whole embedding space, in-
dicating that different mentions of an entity are not
semantically adjacent. We further illustrate it by
the toy example in Fig. 2, the first mention Samuel
Herbert Cohen of the person entity is more impor-
tant for the classifier to identify the relation country
of citizenship between him and Australian. But for
extracting the relation place of birth, the second
mention He should be considered more. It implies
that different mentions should play different roles
when extracting the different relations involving
the same entity. In other words, different mentions
function differently in different relation recogni-
tions.

Inspired by this intuition, we propose a novel
Relation-Specific Mention Attention Network
(RSMAN) to improve the model performance of
document-level RE. In RSMAN, each relation’s
essential semantics is first encoded into a prototype
representation. Then, the relevance weight (atten-
tion) between the prototype of a specific candidate
relation and each mention’s representation of the
given entity is calculated. Based on these atten-
tions, we get an attentive (weighted) sum of all
mentions’ representations as the entity’s synthetic
representation. In this manner, RSMAN enables
the model to attend to the information of multiple
mentions from different representation space when
representing an entity, indicating that the entity’s
representation is flexible and relation-specific with
respect to different candidate relations.

Our contributions in this paper can be summa-
rized as follows:
1. To the best of our knowledge, this is the first
to consider different mentions’ significance with
respect to candidate relations on representing an

entity to achieve document-level RE.
2. We propose a novel RSMAN which can be used
as a plug-in of a backbone RE model, to learn a
relation-specific representation for a given entity
which enhances the model’s performance further.
3. Our empirical results show that RSMAN can
significantly promote some backbone models to
achieve state-of-the-art (SOTA) RE performance,
especially when an entity have multiple mentions
in the document.

The rest of this paper is organized as follows.
In Section 2, we briefly introduce some works re-
lated to our work. Then we introduce the proposed
method in Section 3 and the experiment results in
Section 4. At last, we conclude our work in Section
5.

2 Related Work

Prior efforts on document-level RE mainly focused
on representation learning and reasoning mecha-
nism. Yao et al. (2019) employed four different
sentence-level representation models to achieve
document-level RE, including CNN, LSTM, BiL-
STM, and Context-Aware. For more powerful rep-
resentations, later work introduced pre-trained lan-
guage models into their neural architectures (Ye
et al., 2020; Zhou et al., 2021; Xu et al., 2021).
In particular, Ye et al. (2020) added a novel men-
tion reference prediction task during pre-training
and presented CorefBERT to capture the coref-
erential relations in contexts. Zhou et al. (2021)
proposed ATLOP to learn an adjustable threshold
and thus enhanced the entity pair’s representation
with localized context pooling. Xu et al. (2021)
defined various mention dependencies in a docu-
ment and proposed SSAN to model entity structure
for document-level RE. In addition, other work
built various kinds of document graphs to model
reasoning mechanism explicitly (Nan et al., 2020;
Zeng et al., 2020; Wang et al., 2020). For example,
Nan et al. (2020) induced the latent document-level
graph and performed multi-hop reasoning on the
induced latent structure. Wang et al. (2020) con-
structed a global heterogeneous graph and used a
stacked R-GCN (Schlichtkrull et al., 2018) to en-
code the document information. Zeng et al. (2020)
proposed GAIN to leverage both mention-level
graph and entity-level graph to infer relations be-
tween entities. However they all ignore the multi-
mention problem described in Sec. 1.
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3 Methodology

At first, we formalize the task of document-level
RE addressed in this paper as follows.

Suppose a document D mentions P entities, de-
noted as E = {ei}Pi=1, and the i-th entity ei has Qi
mentions in D, denoted as {mi

j}Qij=1, the task of
document-level RE is to extract a set of relational
triples {(es, r, eo)|es, eo ∈ E , r ∈ R} where R is
a pre-defined relation set.

3.1 Backbone RE Model

Suppose for each mention of ei, its representation
mi

j is obtained by a model-specific method. Most
of existing backbone models apply a certain pool-
ing operation for all mi

js to obtain ei’s represen-
tation ei, such as the following average pooling,

ei =
1

Qi

Qi∑

j=1

mi
j . (1)

As we claimed in Section 1, ei is a fixed represen-
tation which ignores that different mentions of ei
play distinct roles when identifying the different
relations involving ei.

Finally, given the subject entity’s es and the ob-
ject entity’s representation eo, a bilinear classifier
is often used to calculate the probability of relation
r involving these two entities as follows

P (r|es, eo) = σ(e⊤sW reo + br) (2)

whereW r ∈ Rd×d and br ∈ R are trainable model
parameters specific to r, and σ is Sigmoid activa-
tion.

3.2 Attentive Operations in RSMAN

Our proposed RSMAN incorporates attentive
mention-level features to generate flexible entity
representations with respect to different candidate
relations, and thus enhances the backbone model’s
performance. RSMAN’s framework is shown in
Fig. 3, which acts as a plug-in of the backbone
model.

For each candidate relation r, its prototype repre-
sentation pr is first obtained through random initial-
ization and is trainable during the training process.
Then, we leverage pr to calculate the semantic rel-
evance between r and each mention mi

j as follows,

srij = g(pr,m
i
j) (3)

where g is a certain function to compute the similar-
ity between two embeddings, which can be a simple
dot-product or multi-layer perceptron (MLP) fed
with the concatenation of two embeddings. Then,
we feed all srijs of ei into a softmax function to get
final attention weight

αrij =
exp(srij)∑Qi
k=1 exp(s

r
ik)
. (4)

Since there is a necessity to consider all the men-
tion information of the entity, we use a weighted
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sum of all mention representations to obtain the
relation-specific entity representation instead of us-
ing only one specific mention representation. We
get ei’s representation specific to r as

eri =

Qi∑

j=1

αrijm
i
j . (5)

Different to the fixed representation computed by
Eq. 1, such eri is a flexible embedding adaptive to
different candidate relation r.

At last, we use this relation-specific entity repre-
sentation to achieve relation classification by modi-
fying Eq. 2 as

P (r|es, eo) = σ(ers
⊤W re

r
o + br). (6)

4 Experiments

In this section, we introduce our experiments to
justify our RSMAN, and provide insight into the
experiment results.

4.1 Datasets and Evaluation Metrics
We conducted our experiments on two representa-
tive document-level RE datasets: DocRED (Yao
et al., 2019) and DWIE (Zaporojets et al., 2021),
which are introduced in detail in Appendix A. We
adopted F1 and Ign F1 as our evaluation metrics
as (Yao et al., 2019), where Ign F1 is computed by
excluding the common relation facts shared by the
training, development (dev.) and test sets.

4.2 Experimental Settings
We use dot-product as the similarity scoring func-
tion for its computational efficiency, and before
it we add a fully connected layer to project the
mention representations into the same embedding
space with the prototype representations. All the
additional parameters we introduce for RSMAN
including the prototype representations is much
fewer than the parameters of either the original
bilinear classifier or the backbone model itself.

We took some stat-of-the-art models mentioned
in Sec. 2 as the baselines, i.e., CNN (Zeng
et al., 2014), LSTM/BiLSTM (Cai et al., 2016),
Context-Aware (Sorokin and Gurevych, 2017),
CorefBERT (Ye et al., 2020), GAIN (Zeng et al.,
2020), SSAN (Xu et al., 2021) and ATLOP (Zhou
et al., 2021). We chose CorefBERT and SSAN as
the backbone models in our framework due to their
good performance and strong pluggability for our
RSMAN. We did not consider GAIN and ATLOP

Model
Dev Test

Ign F1 / F1 Ign F1 / F1

CNN* 37.65 / 47.73 34.65 / 46.14
LSTM* 40.86 / 51.77 40.81 / 52.60
BiLSTM* 40.46 / 51.92 42.03 / 54.47
Context-Aware* 42.06 / 53.05 45.37 / 56.58
CorefBERT 57.18 / 61.42 61.71 / 66.59
GAIN* 58.63 / 62.55 62.37 / 67.57
SSAN 58.62 / 64.49 62.58 / 69.39
ATLOP* 59.03 / 64.82 62.09 / 69.94

CorefBERT+RSMAN 58.29 / 62.59 62.01 / 67.52
SSAN+RSMAN 60.02 / 65.88 63.42 / 70.95

Table 1: Performance (%) comparisons on the dev. and
test set of DWIE. The results with * are reported in (Ru
et al., 2021).

Model
Dev Test

Ign F1 / F1 Ign F1 / F1

CorefBERT 55.32 / 57.51 54.54 / 56.96
CorefBERT+RSMAN 56.26 / 58.24 55.30 / 57.53

SSAN 56.68 / 58.95 56.06 / 58.41
SSAN+RSMAN 57.22 / 59.25 57.02 / 59.29

Table 2: Comparison on DocRED. The results of base-
lines are from their related papers. All test results are
obtained by submitting to official Codalab2.

as the backbone because they both leverage extra
information besides entity representations. More
setting details are shown in Appendix B.

4.3 Results and Analyses

All the following results of our method were re-
ported as the average scores of three runs. From
the results on DWIE shown in Table 1 we find
that plugged with RSMAN, both CorefBERT and
SSAN have significant improvements. Specifically,
our RSMAN relatively improves CorefBERT’s F1
by 1.9% (dev. set) and 1.4% (test set), and rela-
tively improves SSAN’s F1 by 1.84% dev F1 (dev.
set) and 2.25% (test set), respectively. The con-
sistent improvements verify the effectiveness of
leveraging attentive mention-level features to learn
relation-specific entity representations. What’s
more, the positive effects on different backbone
models show good generalization performance of
our RSMAN. Overall, SSAN+RSMAN achieves
63.42% Ign F1 and 70.95% F1 on the test set, out-
performing all the baselines apparently.

For simplicity, we only display the results on
DocRED of CorefBERT and SSAN plugged with

2https://competitions.codalab.org/
competitions/20717
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Figure 4: F1 variations on three subsets reconstructed
from the development set of DocRED.

Figure 5: Visualization on relation attentions to different
mentions of a given entity.

RSMAN in Table 2. It shows that RSMAN also
brings relative improvements of 1.39% Ign F1 and
1.00% F1 on the test set for CorefBERT, along with
relative improvements of 1.71% Ign F1 and 1.51%
F1 for SSAN. It is worth noting that the perfor-
mance improvements on DocRED are relatively
less significant than that on DWIE. Through our
statistics, we found that the average number of men-
tions per entity in DocRED is only 1.34, while it is
1.98 in DWIE. Besides, only 18.49% of entities in
DocRED have multiple mentions, much less than
33.59% in DWIE. It implies that our RSMAN is
more effective on the entities with multiple men-
tions, which are more common and challenging in
many real scenarios of document-level RE.

4.4 Effect Analysis for Mention Number

To confirm our conjecture mentioned before, we
investigated the effect of mention number through
further experiments. We first reconstructed the re-
lation instances in DocRED’s dev. set and obtained
three different subsets: the first one contains all
instances (All), another one contains either subject
or object argument having more than one mention
(M1), and the rest one contains either subject or
object argument having more than two mentions
(M2). We don’t consider M3 or higher because

they have very few instances limited by the dataset.
Then, we evaluated CorefBERT and SSAN with or
without RSMAN upon the three subsets.

From Fig. 4, we find that the F1s of all compared
methods increase from All to M2. It indicates that
multiple mentions can provide more information
for the models to capture the entity semantics, re-
sulting in more precise RE results. Furthermore,
the performance gains of plugging RSMAN into
the two backbone models also increase as the men-
tion number per entity increases. It shows that our
RSMAN can bring more significant performance
boosts for the backbone model when the entities
of the relation instances have more mentions in a
document. These results justify that RSMAN has
more potential for extracting relations based on the
entities with more mentions.

4.5 Case Study

To explore how RSMAN attends to different men-
tions’ information of an entity, we collected all
relations’ normalized attentions for an entity’s men-
tions in RSMAN. Fig. 5 is the heatmap of atten-
tions for a specific entity, from which we observe
that the distribution of relation attentions varies
greatly among different mentions. Besides, accord-
ing to the high attention of a given relation, we can
capture which mention of the entity well expresses
this relation’s semantics. This map also confirms
the implication of Fig. 1 that different mentions of
an entity contain distinct semantics. Therefore, the
attentive aggregation of all mention-level features
in RSMAN is more appropriate for enhanced RE
than the common pooling operations.

5 Conclusion

In this paper, we focus on the multi-mention prob-
lem in document-level RE and propose RSMAN
to address it. Our experiment results demonstrate
RSMAN’s effectiveness especially on the scenario
of multi-mention situation. In the future, we plan to
adapt RSMAN to more document-level RE models.
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traction as semantic segmentation. arXiv preprint
arXiv:2106.03618.

Wenxuan Zhou, Kevin Huang, Tengyu Ma, and Jing
Huang. 2021. Document-level relation extraction
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A Datasets

DocRED is a large-scale human-annotated dataset
for document-level RE. DWIE is a dataset for
document-level multi-task information extraction
which combines four main sub-tasks and in our
work we only used the dataset for document-level
relation extraction. We preprocessed DWIE dataset
and adopted the same dataset partition as (Ru et al.,
2021). More statistical information is detailed in
Table 3.

Statistics DWIE DocRED

# Train 602 3053
# Dev 98 1000
# Test 99 1000
# Relations 65 96
# Relation facts 19493 56354
Avg.# mentions per Ent. 1.98 1.34

Table 3: Statistics of the two datasets.

Hyper-parameter DWIE DocRED

Batch size 4 8
Learning rate 3e-5 5e-5
Epoch 40 60
Gradient clipping 1 1
Warmup ratio 0.1 0.1

Table 4: Hyper-parameter settings for our experiments
on the two datasets.

B Implementation Details

In this appendix, we introduce more details of our
experimental settings. We implemented our RS-
MAN with PyTorch and trained it with an NVIDIA
GeForce RTX 3090 GPU. In addition, we adopted
AdamW (Loshchilov and Hutter, 2018) as our opti-
mizer and used learning rate linear schedule with
warming up based on Huggingface’s Transformers
(Wolf et al., 2019). The hyper-parameter settings

of our experiments on the two datasets are listed
in Table 4, which were decided through our tuning
studies.
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Abstract

Detecting out-of-context media, such as “mis-
captioned” images on Twitter, is a relevant
problem, especially in domains of high pub-
lic significance. In this work we aim to develop
defenses against such misinformation for the
topics of Climate Change, COVID-19, and Mil-
itary Vehicles. We first present a large-scale
multimodal dataset with over 884k tweets rel-
evant to these topics. Next, we propose a de-
tection method, based on the state-of-the-art
CLIP model, that leverages automatically gen-
erated hard image-text mismatches. While this
approach works well on our automatically con-
structed out-of-context tweets, we aim to vali-
date its usefulness on data representative of the
real world. Thus, we test it on a set of human-
generated fakes created by mimicking in-the-
wild misinformation. We achieve an 11% de-
tection improvement in a high precision regime
over a strong baseline. Finally, we share in-
sights about our best model design and analyze
the challenges of this emerging threat.

1 Introduction

Out-of-context images are a popular form of mis-
information where an image is miscaptioned to
support a false claim (Fazio, 2020). Such image re-
purposing is extremely cheap yet can be as damag-
ing as more sophisticated fake media. In this work
we focus on domains important for society and na-
tional security, where implications of inexpensive
yet effective misinformation can be immense.

Specifically, we analyze multimodal Twitter
posts that are of significant public interest, re-
lated to topics of COVID-19, Climate Change and
Military Vehicles. Our goal is to learn to cat-
egorize such image-text posts as pristine or fal-
sified (out-of-context) by means of detecting se-
mantic inconsistencies between images and text.
To that end, we first collect a large-scale dataset
of multimodal tweets, Twitter-COMMs, with

∗Denotes equal contribution.

over 884k tweets. In our approach, we fuse
input image and text embeddings generated by
CLIP (Radford et al., 2021) via an elementwise
product, and train a classifier to distinguish real
tweets from automatically constructed random and
hard mismatches. To validate this approach and
demonstrate the usefulness of the Twitter-COMMs
dataset, we report results on human-generated
test data, created to mimic real-world misinfor-
mation. We discuss the results and model abla-
tions, and provide additional insights into the chal-
lenges of this task. Our dataset is publicly avail-
able at: https://github.com/GiscardBiamby/Twitter-
COMMs.

2 Related Work

There exist a number of large-scale Twitter datasets
concentrated on topics such as COVID-19 (Banda
et al., 2021) or Climate Change (Littman and
Wrubel, 2019). However, it remains difficult to
collect labeled misinformation. Researchers have
collected COVID-19 misconceptions on social me-
dia via manual annotation (Hossain et al., 2020) or
by linking to fact checking articles (Patwa et al.,
2021). Not only are these datasets small (a few
thousand samples), but they focus on false claims
rather than multimodal inconsistency. Here, we
curate social media posts that are topical and multi-
modal, and we demonstrate an application to mis-
information detection of human-generated fakes.

Recent work has developed approaches for multi-
modal fact checking, e.g., Jaiswal et al. (2017) and
Müller-Budack et al. (2020), who query an external
knowledge base. Similar to Luo et al. (2021) in the
news domain, we use a large pretrained model that
does not require an external reference set.

3 Twitter-COMMs Dataset

Here, we describe the data collection strategies
behind Twitter-COMMs, which consists of mul-
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Table 1: Twitter-COMMs breakdown. “Collected“ de-
notes all unique samples collected via the Twitter API.
“Pristine“ and “Falsified“ denote all samples in our au-
tomatically generated Training set. To ensure the bal-
anced Training set, we “repeat” Pristine samples such
that there is an equal number of Pristine and Falsified
samples.

Topic / Samples Collected Pristine Falsified
Random Hard

Climate Change 212,665 298,809 84,432 214,377
COVID-19 569,982 736,539 162,410 574,129
Military Vehicles 101,684 139,213 35,376 103,837
Cross Topic - 59,735 59,735 -

Total 884,331 2,468,592

timodal tweets covering the topics of COVID-19,
Climate Change, and Military Vehicles.

Data Collection: We collected data using Twit-
ter API v21 in three stages for COVID-19 and Cli-
mate Change, and two stages for Military Vehicles,
refining the filters at each stage to acquire more
relevant tweets. COVID-19 and Climate Change
stages progressed from simple high level keywords
towards more specific ones in stage two and tweets
authored by news organizations in the final stage.
For Military Vehicles the first stage used high level
search terms such as “military”, “aircraft”, “tank”,
which resulted in noisy data, so the second stage
used a large number of highly specific terms related
to vehicle models. Full details can be found in Ap-
pendix A.1. We employed the following global
filters for all topics: (1) language=English, (2) has
at least one image, and (3) not a retweet.

In total, we have collected 884, 331 tweets, each
having at least one image (composed of 24% Cli-
mate Change, 64.5% COVID-19, and 11.5% Mili-
tary Vehicles tweets), see Table 1. Tweets for Cli-
mate Change and Military Vehicles were collected
starting from June 2016 and for COVID-19 starting
from February 2020, all ending in September 2021.

Falsified Samples: In addition to the pristine
samples, we automatically generate falsified sam-
ples where there is some inconsistency between
image and text. We create random negatives (de-
noted as “Random”) by selecting an image for a
given caption at random. We also create hard nega-
tives (denoted as “Hard”) by retrieving the image
of the sample with the greatest textual similarity for
a given caption (following the “Semantics / CLIP

1https://developer.twitter.com/en/docs/twitter-api/getting-
started/about-twitter-api

Text-Text” split from Luo et al. (2021)). We mainly
generate mismatches within each topic (COVID-19,
Climate Change, Military Vehicles), except for a
small set of random mismatches across topics (de-
noted as “Cross Topic”). Our dataset is balanced
with respect to labels, where half of the samples
are pristine and half are falsified. Table 1 presents
summary statistics for the training samples. We
detail our development set and other data used for
evaluation in the next section.

Qualitative Analysis: We present random ex-
amples from our training set in Figure 1. Overall,
we see that the collected Twitter samples tend to
be “on topic” and the amount of noise is low. Hard
negatives are often visually grounded, while ran-
dom negatives contain image/text pairs that are
only weakly related, since they pertain to the same
topic. The Climate Change hard negative depicts
an image of flooded homes to represent “droughts,
fires and floods” while the random negative depicts
an image of cars relevant to climate but inconsistent
with “polar bears”. The COVID-19 hard negative
uses an image of a Nigerian spokesman to depict
news pertaining to “ECOWAS2” while the random
one uses a stock photo of lab testing to represent
Covid. These entity-level, rather than topic-level,
alignments more closely resemble real-world out-
of-context images that often reference and misrep-
resent visually depicted entities. Note the diver-
sity of images and text in our training set, where
there exist both natural images and info-graphics,
and language varies from organizational announce-
ments and news headlines to personal opinions.

4 Experiments

Next, we discuss the data used for evaluation,
present our approach and ablate various design
choices, report results on our evaluation sets, and
provide additional analysis of the task difficulty.

4.1 Evaluation Sets

We report results on three evaluation sets. (a) We
validate our approach on samples synthetically gen-
erated using the same procedure as our training
set (denoted Dev), where all topics and falsifica-
tion methods are equally represented (i.e., the ra-
tio of random vs. hard negatives is 50-50). We
also evaluate on human-curated samples from the

2Economic Community of West African States
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Figure 1: Twitter-COMMs examples of Pristine and Falsified (Random / Hard) samples by topic.

DARPA Semantic Forensics (SemaFor) Program3

derived from (b) news images and captions (de-
noted hNews) and (c) Twitter (denoted hTwitter).
To generate this data, humans manually introduced
inconsistencies to pristine image-caption pairs.4

While hNews/hTwitter data is not real misinforma-
tion, it is in-the-wild w.r.t. our synthetic training
data and much more representative of real-world
human-generated misinformation. All three eval-
uation sets contain a mixture of samples relevant
to the topics of COVID-19, Climate Change, and
Military Vehicles (Figure 2). Table 2 provides the
number of samples in each set. While the hNews

3Dedicated to defense against misinformation and falsified
media: https://www.darpa.mil/program/semantic-forensics

4We thank PAR Tech, Syracuse University, and the Uni-
versity of Colorado, Denver for creating the evaluation data.

set is available to us, the hTwitter set is hidden.

Table 2: Evaluation samples breakdown.

Domain Pristine Falsified Total

Dev Social Media 13,276 13,276 26,552
hNews News 1,112 256 1,368
hTwitter Social Media 114 122 236

4.2 Approach and Design Choices
For our approach we fine-tune CLIP (Radford
et al., 2021), a large pretrained multimodal model
that maps images and text into a joint embedding
space via contrastive learning. Our model gener-
ates CLIP embeddings using the RN50x16 back-
bone, multiplies the image and text embeddings,
and passes the result to a classifier that scores the
pair as pristine or falsified. We use a learning rate
of 5e-08 for CLIP and 5e-05 for the classifier and
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Figure 2: Examples of the falsified samples from the evaluation sets. Dev example is our automatically constructed
hard negative sample. hNews and hTwitter samples are manually curated. Note, for hNews/hTwitter we do not show
the actual samples but create similar examples for illustrative purpose, as the data is not yet publicly available.

train for 16 epochs. For our baseline CLIP Zero
Shot model, we generate CLIP embeddings of-the-
shelf and compute a dot product, which is used to
score the pair. For more details, see the Appendix.

We report metrics for varying thresholds over the
predicted scores; in most tables we report balanced
classification accuracy at equal error rate (Acc @
EER). We also report falsified class accuracy at two
thresholds (pD @ 0.1 FAR and pD @ EER).

Multimodal Fusion: First, we compare differ-
ent multimodal fusion techniques, see Table 3. We
try three fusion methods: concatenating the CLIP
image and text embeddings (Concat), concatenat-
ing the embeddings and their dot product (Concat
+ Dot), and multiplying the embeddings element-
wise (Multiply). Inspired by how CLIP was trained
to maximize the dot product of normalized image-
text pairs, Concat + Dot and Multiply incentivize
the classifier to stay faithful to the pre-initialized
joint embedding space. These architecture choices
yield on average a 7% performance improvement
over simple concatenation. For future experiments
we choose the Multiply method to minimize train-
able parameters and maintain a simple approach.

Table 3: Balanced binary classification accuracy at EER
by fusion method, Dev set.

Climate Change COVID-19 Military Vehicles
Random Hard Random Hard Random Hard

Concat 0.8712 0.6810 0.8797 0.6882 0.9111 0.6775
Concat+Dot 0.9305 0.8038 0.9191 0.7848 0.9485 0.7472
Multiply 0.9344 0.7968 0.9247 0.7807 0.9440 0.7467

Percentage of Hard Negatives: Next, we an-
alyze the importance of using hard negatives in
our training data. Specifically, we measure the im-
pact of different percentages of hard negative sam-
ples, where the rest are random negatives. Table 4

presents the results. More hard negatives in train-
ing generally improves the performance on hard
negatives in our development set, but there is also
a trade-off in performance on random negatives.
Given that we care about samples that more closely
mimic challenging real-world misinformation but
also want to avoid degrading performance on easy
samples, we opt for a ratio of 75% hard and 25%
random negatives for future experiments.

Table 4: Balanced binary classification accuracy at EER
by percentage of hard negatives, Dev set.

Climate Change COVID-19 Military Vehicles
Random Hard Random Hard Random Hard

0% 0.9352 0.7714 0.9188 0.7600 0.9405 0.7236
50% 0.9344 0.7968 0.9247 0.7807 0.9440 0.7467
75% 0.9356 0.7979 0.9241 0.7809 0.9410 0.7470
100% 0.9311 0.8004 0.9227 0.7834 0.9425 0.7457

4.3 Results and Analysis

Results on hNews, hTwitter Sets: Our final model
was directly fine-tuned on the entire training set
of over 2M training samples, with a ratio of 75%
hard and 25% random negatives. We report results
in Table 5, comparing to CLIP Zero Shot. We
improve by 11% in pD @ 0.1FAR, meaning that
our method is able to detect more falsified samples
with minimal false alarms. At equal error rate we
improve by 5% in both detection and accuracy. We
emphasize that the hTwitter data is unseen to us.
Next, we analyze the performance of our final
model w.r.t. several characteristics on our Dev set.

OCR Coverage: Given that text present in
images can often be used to corroborate captions,
we break down model performance by the amount
of text detected by an English OCR model5. In

5https://github.com/JaidedAI/EasyOCR
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Table 5: Balanced binary classification accuracy at vary-
ing thresholds on Dev, hNews and hTwitter sets. We
report based on Probability of Detection (pD), False
Alarm Rate (FAR), and Equal Error Rate (EER).

pD @ 0.1 FAR pD @ EER Acc @ EER

Dev Zero Shot 0.7396 0.8287 0.8286
Ours 0.8044 0.8546 0.8546

hNews Zero Shot 0.2852 0.6133 0.6133
Ours 0.4219 0.6836 0.6840

hTwitter Zero Shot 0.7623 0.8279 0.8306
Ours 0.8771 0.8771 0.8771

Table 6 (top), we report results broken down by
the % of the image covered by text (the area of the
union of text detections divided by the image size).
Each bucket roughly corresponds to natural im-
ages, natural images with scene text, graphics, and
screenshots of text. The presence of any text yields
more than a 6% improvement for pD @ 0.1FAR
and performance peaks at 10-50% coverage.

Table 6: Balanced binary classification accuracy at vary-
ing thresholds on Dev set broken down by: % of image
covered by text (top), various text-image relationships
(middle) and within- vs. cross-cluster status of the hard
falsifications (bottom). The latter results are obtained
on the subset of hard falsified samples and their corre-
sponding pristine samples.

pD @ 0.1 FAR pD @ EER Acc @ EER

OCR Coverage
=0% 0.7588 0.8329 0.8329
0-10% 0.8192 0.8575 0.8575
10-50% 0.8367 0.8709 0.8710
>50% 0.8412 0.8588 0.8588

Text-Image Relationship
Image does not add 0.7908 0.8471 0.8470
Image adds 0.8308 0.8675 0.8674

Text not represented 0.7696 0.8401 0.8401
Text represented 0.8518 0.8745 0.8745

Tweet Text Clustering
Climate Change
Cross-cluster 0.7214 0.8268 0.8268
Within-cluster 0.6571 0.8055 0.8055

COVID-19
Cross-cluster 0.6837 0.8099 0.8103
Within-cluster 0.6013 0.7758 0.7753

Military Vehicles
Cross-cluster 0.7826 0.8634 0.8618
Within-cluster 0.6000 0.7539 0.7545

Text-Image Relationship: Within social media,
there exist more complex interactions than the di-
rect relationships seen in formats like image alt-text.
As such, we trained a CLIP model on the dataset
presented by (Vempala and Preoţiuc-Pietro, 2019)
to characterize these relationships: classifying if
the image content adds additional meaning (image
adds / does not add) or if there is semantic overlap
between the text and image (text represented / not

represented).6 As observed in Table 6 (middle), for
samples with text represented model performance
improves by 8% and for samples where image
adds performance improves by 4% for detection in
a high precision regime (pD @ 0.1FAR). Although
the text-image relationship model has somewhat
noisy classifications for the text task, the text rep-
resented class generally contains samples with a
shared entity between image and text, which would
make fine-grained misinformation detection eas-
ier. The image adds class mostly contains info-
graphics, likely due to training data bias, which
aligns with the OCR coverage experiments above.

Tweet Text Clustering: Finally, we analyze the
sub-topics obtained as a result of clustering Tweets
within each topic7. This allows us to tease out clus-
ters, e.g., vaccination for COVID-19, floods for
Climate Change or drones for Military Vehicles.
Recall that our model performs the best on Climate
Change and the worst on the Military Vehicles (Ta-
ble 4). Possible factors include the smaller amount
of training data and visual similarity of different
vehicle types. We also observe that among the hard
negatives for Military Vehicles, only 39% are cross-
cluster (while Climate Change and COVID-19 have
51% and 58% respectively), indicating the Military
Vehicles set contains a larger proportion of harder
fakes. These factors may explain the larger differ-
ence between cross/within cluster performance for
this topic (Table 6, bottom).

5 Conclusion

In this work we tackle a real-world challenge
of detecting out-of-context image-text tweets on
COVID-19, Climate Change, Military Vehicles top-
ics. To approach it, we collect Twitter-COMMs, a
large-scale topical dataset with multimodal tweets,
and construct corresponding hard mismatches. We
design our approach based on the CLIP model with
several important design choices, e.g. multiplying
the embeddings for multimodal fusion and increas-
ing the percentage of hard negatives in our training
data. This approach substantially improves over
a powerful baseline, an off-the-shelf CLIP model,
when evaluated on human-curated in-the-wild mis-
matches. We hope our work and insights will bene-
fit multimedia forensics practitioners.

6Our model achieves 86% and 62% on the image and text
binary classification tasks respectively, which is 5% and 4%
higher than the best models presented in the original paper.

7See Appendix A.3.4 for details.
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6 Ethical Considerations

Here, we discuss ethical considerations regarding
our work. Image repurposing is a prominent so-
cietal issue that lacks sufficient training data in
general, and in particular for content on social me-
dia platforms such as Twitter. Even more, our work
aims to be proactive in studying the threat of out-of-
context media and proposes an approach for detect-
ing such misinformation. By presenting a dataset,
a detection approach, and several key observations
about falsified out-of-context Tweets, we hope that
our work serves as a net benefit for society.

How was the data collected? We collected data
using the Twitter Search API v2. Our methodology
is described in detail in Appendix A.1.

What are the intellectual property rights?
Twitter owns the intellectual property for the
Tweets in our Twitter-COMMs dataset. We adhere
to the restrictions they place on Tweets downloaded
via their API, namely that we may not share the
content downloaded from the API, but we have re-
leased the Tweet ID’s — which others can use to
download the Tweets and images from the API.

How did we address participant privacy
rights? N/A

Were annnotators treated fairly? Did we re-
quire review from a review board? N/A

Which populations do we expect our dataset
to work for? Our dataset is specific to social media
posts from Twitter that are written in English; it
will primarily be useful for audiences from English
speaking countries, such as the US, UK, Australia,
and India. The biases inherent to the short text style
(280 characters or less) and of Tweets with images
will be useful for those interested in researching
multimodal misinformation on Twitter.

What is the generalizability of our claims?
Our results apply primarily to Tweets on our three
topics of interest (COVID-19, Climate Change,
Military Vehicles) written in English and having at
least one attached image.

How did we ensure dataset quality? Our data
collection methodology is described in detail in
Appendix A.1. To address data quality for Military
Vehicles we created an image classifier to filter
out tweets that did not have images of military
vehicles or aircraft (Appendix A.1.2). Additionally,
the sub-topic clustering we performed (Section 4.3,
Appendix A.3.4) reveals that most of the text falls
into clusters that are related to the three main topics.
We also provide some statistics for tweets with

possibly sensitive content as flagged by Twitter in
Table 14 (Appendix).

What is the climate impact? Our final model
used 8 days of training on 10 GPUs. Additional
experiments such as the investigation of text im-
age relationships used 4 days on a single GPU,
and tweet text clustering used 10 hours on a sin-
gle GPU. The GPU used for all experiments were
GeForce 2080 RTX Ti’s. In total we used 2,026
GPU hours, and total emissions are estimated to
be 218.81 kgCO2eq of which 0 percents were di-
rectly offset. Estimations were conducted using the
MachineLearning Impact calculator presented in
(Lacoste et al., 2019).

What are the potential dataset biases? Here,
we focus on our method used to generate hard fal-
sified samples to understand the potential biases
learned during training. Specifically, we note poten-
tial age, race, and gender biases present in CLIP, the
underlying model used to generate our mismatches.
Radford et al. (2021) find the CLIP exhibits sig-
nificant performance differences when classifying
individuals of different races and ages into cate-
gories related to crime or animals. Agarwal et al.
(2021) also find gender biases in the CLIP embed-
dings when classifying occupations. These biases
primarily affect the synthetically generated training
set, not the pristine data. However, we can not rule
out that the pristine Twitter data may also capture
some human biases or harmful stereotypes.
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A Appendix

In Section A.1 we provide additional details about data collection, including our strategy and search
keywords. Section A.2 provides dataset statistics, including information on tweet counts, geographical
information, possibly sensitive content, and image availability. We include additional experiments in
Section A.3.

A.1 Data Collection

A.1.1 COVID-19 and Climate Change
Our data collection consisted of three stages. The first employed simple topic, keyword, and hashtag
filters, the second stage used more specific keyword and topic combinations, while the third focused on
collecting topical data from Twitter accounts of various news organizations.

In the first stage we collected roughly 100,000 tweets each for COVID-19 and Climate Change topics.
We used the “COVID-19” topic of the Twitter API’s Entity Annotations feature8, which allows users
to find tweets related to predetermined topics. For Climate Change we filtered with an OR clause
on keywords “climate change”, “global warming”, and (#globalwarming, #climatechange) hashtags.
Inspection of the stage 1 results revealed a lot of off-topic tweets. For example, a Twitter user might
post a tweet about working from home during the pandemic and tag the tweet with a COVID-related
hashtag. While this type of content is somewhat related to COVID-19, we wanted to focus on data where
misinformation/disinformation might be more relevant, such as more topical/newsworthy tweets (e.g. bad
actors may spread propaganda related to the COVID-19 pandemic by making false or misleading claims).
To that end, in stage 2 we filtered by combining each topic phrase with one of the 19 topical search terms
(e.g. “agriculture”, “crops”, “death”, “vaccination”). The resulting data appeared much more relevant
than the initial collection effort. Table 7 contains a list of the search terms we used to collect data for
COVID-19 and Climate Change tweets. Finally, related to the argument above, in the third collection
stage we focused on tweets authored by news organizations, as opposed to random users. For that, 7k
news organization Twitter handles were sourced from WikiData9.

Table 7: Search Terms Used in Stage 2 of the Data Collection for COVID-19 and Climate Change

Search Terms

Agriculture, COVID, COVID-19, Climate Change, Crops, Death, Death Toll,
Floods, Harvest, Hurricane, ICBM, Military, Military Parade, Military Vehicles,
Show of Force, Tank, Troops, Typhoon, Vaccination

A.1.2 Military Vehicles
Collecting data about the Military Vehicles topic proved more challenging than the other two topics. We
initially tried simple keyword filters such as “military”, “aircraft”, “tank”, etc, but found that those resulted
in a lot of irrelevant content such as tweets related to video games, or tweets where “tank” took a different
meaning (e.g., “fish tank” or “tank tops”). This initial approach did not return many relevant results. The
WikiData news organization approach used in the other two topics also did not provide enough usable
data. As a result we crafted two different, highly customized stages for Military Vehicles. We gathered
a list of both civilian and military vehicles and aircraft from eight different publicly available datasets
(see Table 8). The datasets were annotated either for image classification or object detection tasks. We
queried the Twitter Search API using the vehicle and aircraft names from this set, but returned a lot of
off-topic data. We then trained an EfficientNet (Tan and Le, 2019) image classifier that categorized images
as either civilian ground vehicle, civilian aircraft, military ground vehicle, military aircraft, or other. (The
“other” category training set consisted of several thousand manually annotated images from the initial data
collection effort that did not contain any military or civilian vehicles or aircraft.) We trained the classifier

8https://developer.twitter.com/en/docs/labs/annotations
9https://www.wikidata.org/
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to 97% accuracy and used it to filter out any tweets predicted to be in the “other” category. For the second
collection stage we combined the military vehicle and aircraft names with custom keywords (Table 9).

Table 8: Datasets Used to Construct Civilian/Military Vehicle and Aircraft Classifier

Dataset Source URL

Military Aircraft Detection Dataset https://www.kaggle.com/a2015003713/militaryaircraftdetectiondataset
War Tanks Dataset https://www.kaggle.com/icanerdogan/war-tank-images-dataset
Military Aircraft Dataset https://github.com/tlkh/milair-dataset
Military Tanks Dataset https://www.kaggle.com/antoreepjana/military-tanks-dataset-images
Military and Civilian Vehicles
Classification Dataset https://data.mendeley.com/datasets/njdjkbxdpn/1
Tau Vehicle Type Recognition https://www.kaggle.com/c/vehicle/data?select=train
FGVC-Aircraft Benchmark https://www.robots.ox.ac.uk/~vgg/data/fgvc-aircraft/
Stanford Cars Dataset https://ai.stanford.edu/~jkrause/cars/car_dataset.html

Table 9: Additional Keywords used in Stage 2 Collection for Military Vehicles

Keywords

aircraft, airplane, army, battle, flying, military, soldiers, troops

A.2 Dataset Statistics

Table 10: Full Dataset Summary

Topic Tweets Geo-tagged Countries Captions

COVID 569,982 4,637 112 569,982
Climate 212,665 3,696 138 212,662
Military 101,684 3,913 105 101,640

All 884,331 13,404 172 884,284

Table 10 shows a summary of the dataset. The “Geo-tagged” column refers to the geolocation data
provided by tweet authors. This property is empty in most cases, but when present, can be in the form of
a Twitter “place” which contains a display name, a geo polygon (which in some cases is as broad as an
entire country), as well as other fields, such as country name. It is also possible for the geo data to be in
the form of latitude and longitude, but that is rarer. The “Countries” columns is extracted from the geo
location data and because of the small amount of geo-tagged tweets we can only report countries for a
small fraction of tweets in the dataset (Table 11).

One oddity to note is that although we included an English-only search filter (“lang:en”) in all API
calls, the API still returned a small number of non-English tweets (Table 12). We are not sure why this is,
but manual inspection of some of these examples shows that a good portion of them are in fact in English.

Figure 3: Word Cloud Summaries for Each Topic

Figure 3 shows high-level “word cloud” summaries for the hashtags in the tweets for each topic.
Table 14 shows the number of tweets that Twitter flagged as containing possibly sensitive material,

i.e., samples that may contain adult content or graphic violence. We encourage users to be aware of such
tweets, which account for about 1% of the data, and may be undesirable for certain downstream tasks.
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Table 11: Totals by Country (Top 20 Only)

Country Tweets Geo-tagged Captions

India 2,399 6,692 2,399
United Kingdom 2,127 6,020 2,127
United States 707 2,338 707
Canada 519 1,476 519
Australia 339 1,024 339
Pakistan 203 606 203
Germany 146 454 146
Kenya 130 360 130
Ireland 128 394 128
South Africa 118 342 118
Nigeria 116 352 116
Uganda 115 298 115
Republic of the Philippines 107 320 107
France 100 298 100
The Netherlands 95 290 95
Indonesia 81 238 81
Malaysia 77 224 77
Spain 75 194 75
New Zealand 68 212 68
Belgium 67 182 67

Table 12: Totals by Language

Language Tweets Total geo-tagged Countries Unique Captions

English 883,310 9,268 172 883,263
Non-English 618 3 3 618

Table 13: Totals for Country=“US”, by Topic

Topic Tweets geo-tagged Countries

Military Vehicles 705 705 1
COVID-19 0 0 0
Climate Change 2 2 1

Table 14: Possibly Sensitive Tweets

Poss. Sensitive Tweets % of Total

True 9,151 1.03
False 875,180 98.97

Table 15: Media Summary

Total Images Tweets

1,039,296 884,331

Table 16: Distribution of # of Media Items per Tweet

# Media in Tweet Tweets % of Total

1 801,764 90.6%
2 36,969 4.2%
3 18,803 2.1%
4 26,795 3.0%

The total number of images/tweets is shown in Table 15. Twitter allows users to include 1-4 images in
a tweet. As seen in Table 16, 90% of the tweets have a single image. In cases where a tweet contained
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more than one image, we only used the first image (according to the order of the images returned by the
Twitter API).

A.3 Additional Experiments

All experiments reported in this paper are for a single run, as we find that variance across multiple runs
is low. All ROC curves and metrics are computed using sklearn’s roc_curve function. All models are
implemented in PyTorch. For our experiments, we make the following design choices:

• We use the RN50x16 backbone. We find that this backbone consistently yields a 2-3% improvement
compared to other released backbones, such as ViT/B-32. Our final CLIP model contains ∼300M
parameters initialized from the RN50x16 backbone and ∼600k parameters randomly initialized for
our classifier.

• We tune the upper layers and keep CLIP’s lower layers frozen10. We find that this scheme is more
memory efficient and yields more stable convergence than tuning all the layers.

• We use a learning rate of 5e-08 for CLIP and 5e-05 for the classifier. From our hyperparameter
sweeps we find this setting to be the most appropriate, as CLIP is pretrained while the classifier is
randomly initialized.

• We multiply CLIP image and text embeddings before passing that as an input to the classifier. This is
different from Luo et al. (2021), who used a simple feature concatenation.

A.3.1 Expert vs. Joint Training

Here we study whether training a joint model on all three topics at once may be inferior to training three
topic-specific experts, see Figure 4. We find that the joint model performs on par with or better than the
expert models, thus we use a joint model in all the other experiments.

Figure 4: ROC Curves by Expert vs. Joint Training (Section A.3.1). The model is trained on 1M samples with 75%
hard negatives.

A.3.2 Fine-Tuning Scheme

Since we only know the high-level topics but not the precise composition of samples in our hidden
set hTwitter, we investigate methods for out-of-domain robustness. Specifically, we try the scheme from
(Kumar et al., 2022), where the authors first optimize the classifier while keeping the pretrained feature
extractor frozen (linear probing), then optimize the entire network (fine-tuning). The intuition behind
this method is that a good initialization from linear probing minimizes the chance of feature distortion,
i.e. when the pretrained model overfits to in-domain data. We report the results in Table 17. In fact, we
find that direct fine-tuning (FT) achieves slightly better performance on both in-domain Twitter data and
out-of-domain news data (hNews). Thus, in other experiments we use direct fine-tuning.

10We fine-tune the layers “visual.layer4”, “visual.attnpool”, “transformer.resblocks.11”, “ln_final”, “text_projection”,
“logit_scale”.
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Figure 5: ROC Curves by Fine-Tuning Scheme (Section A.3.2), Percentage of Hard Negatives (Section 4.2), and
Training Set Size (Section A.3.3) on the hNews set.

Table 17: Balanced binary classification accuracy at EER by fine-tuning scheme. LP (linear probe) or FT (fine-tune)
on 500k samples, 50% hard negatives.

Climate Change COVID-19 Military Vehicles hNews
Random Hard Random Hard Random Hard

LP 0.9178 0.7548 0.9013 0.7359 0.9224 0.7071 0.5870
LP+FT 0.9346 0.7877 0.9195 0.7752 0.9440 0.7387 0.6188
FT 0.9344 0.7969 0.9247 0.7807 0.9440 0.7467 0.6339

A.3.3 Training Set Size
We also investigate the influence of training set size on performance. We report the binary classification
accuracy as we use 500k, 1M, and 2M samples, as seen in Table 18. We observe that increasing training
data size generally leads to improved performance, with most of the gains coming from higher accuracy
on hard negatives.

Table 18: Balanced binary classification accuracy at EER by training set size. FT on varying number of samples,
75% hard negatives.

Climate Change COVID-19 Military Vehicles hNews
Random Hard Random Hard Random Hard

500k 0.9356 0.7979 0.9241 0.7809 0.9410 0.7470 0.6586
1M 0.9350 0.8055 0.9270 0.7909 0.9480 0.7595 0.6741
2M 0.9348 0.8104 0.9266 0.7927 0.9475 0.7696 0.6844

A.3.4 Tweet Text Clustering
We investigate the sub-topical clusters of the tweet text, and also evaluate the performance of the final fine-
tuned model in terms of how well it performs on a set of the hard falsified samples and their corresponding
pristine samples.

We use the method of (Grootendorst, 2020) to generate clusters, which entails computing SentenceBERT
(Reimers and Gurevych, 2019) embeddings for each Tweet text, using UMAP (McInnes et al., 2020) to
reduce the number of embedding dimensions from 768 to 20, and then running the HDBSCAN hierarchical
clustering algorithm (McInnes and Healy, 2017) on the UMAP output. We compute the ten most important
words for each cluster using the TF-IDF scores, and use this word list to gain insight into the concepts
present in the texts of each cluster.

For UMAP we use the 10 nearest neighbors. For Climate Change HDBSCAN hyperparameters are:
minimum topic size=400, and a cluster selection distance threshold = 0.56. For COVID-19 HDBSCAN:
minimum topic size=1200, and cluster selection distance threshold = 0.65. For Military Vehicles HDB-
SCAN: minimum topic size = 100, cluster selection distance threshold = 0.60. The cluster selection size
setting determines when clusters are merged, clusters within a smaller distance than this threshold setting
will get merged together (see HDBSCAN(ϵ̂) parameter in section IV of (Malzer and Baum, 2020)).

As discussed in the main paper, we are interested in analyzing model performance on within-cluster
vs. cross-cluster hard samples. First, the training data statistics per topic are presented in Table 19. Next,
Figure 6 shows the ROC curves for the within-cluster and cross-cluster samples.
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Table 19: Training set statistics by topic, by sample_type

Total % of Topic Total # cross_cluster % cross_cluster
topic sample_type

COVID-19 pristine 736,539 50.00 0 0.00
hard 574,129 38.97 334,541 58.27
random 162,410 11.03 129,623 79.81

Climate Change pristine 298,809 50.00 0 0.00
hard 214,377 35.87 109,984 51.30
random 84,432 14.13 56,035 66.37

Military Vehicles pristine 139,213 50.00 0 0.00
hard 103,837 37.29 40,797 39.29
random 35,376 12.71 26,947 76.17

(a) (b) (c)

Figure 6: ROC curves on sets of pristine + falsified (hard-only) pairs, grouped by whether or not the falsified text
fell within the same cluster ("within-cluster") or in a different cluster ("cross-cluster").

To gain insight into the sub-topics, we concatenate the 3 top scoring words from each cluster to obtain
the cluster “names”, as seen in the Tables 20, 21, 22 with cluster names and word scores. We get between
20 and 30 clusters for each topic. We observe such sub-topics as ocean-sea-flood-flooding, plastic-
recycling-recycle-sustainability for Climate Change, vaccine-vaccination-clinic-appointment, school-
student-education-university for COVID-19, tank-abrams-army-m1, drone-ai-uav-drones for Military
Vehicles. The hierarchy visualizations in Figures 7, 8, 9 provide further insight into the sub-topic structure.

Table 20: Cluster Names and Word Scores - Climate Change

Cluster Name Word Scores

0_climatechange_world_report_energy (climatechange, 0.02), (world, 0.01), (report, 0.01), (energy, 0.01),
(warming, 0.01), (environment, 0.01), (climatecrisis, 0.01), (change,
0.01), (read, 0.01), (weather, 0.01)

-1_climatechange_world_climatecrisis_globalwarming (climatechange, 0.02), (world, 0.01), (climatecrisis, 0.01), (global-
warming, 0.01), (co2, 0.01), (environment, 0.01), (warming, 0.01),
(2021, 0.01), (sustainability, 0.01), (climateaction, 0.01)

1_environment_nature_climatechange_biodiversity (environment, 0.02), (nature, 0.02), (climatechange, 0.02), (biodiver-
sity, 0.02), (agriculture, 0.02), (plant, 0.02), (worldenvironmentday,
0.01), (earth, 0.01), (sustainability, 0.01), (ecosystem, 0.01)

2_ocean_sea_flood_flooding (ocean, 0.04), (sea, 0.03), (flood, 0.02), (flooding, 0.02), (climate-
change, 0.02), (coral, 0.01), (reef, 0.01), (coastal, 0.01), (warming,
0.01), (oceans, 0.01)

3_arctic_glacier_antarctica_antarctic (arctic, 0.10), (glacier, 0.04), (antarctica, 0.04), (antarctic, 0.03),
(warming, 0.03), (permafrost, 0.02), (climatechange, 0.02), (global-
warming, 0.01), (snow, 0.01), (climatecrisis, 0.01)

4_transport_vehicle_transportation_electricvehicles (transport, 0.04), (vehicle, 0.04), (transportation, 0.03), (electricvehi-
cles, 0.01), (electricvehicle, 0.01), (electrification, 0.01), (mobility,
0.01), (diesel, 0.01), (pollution, 0.01), (emissions, 0.01)

5_plastic_recycling_recycle_sustainability (plastic, 0.10), (recycling, 0.04), (recycle, 0.03), (sustainability,
0.03), (sustainable, 0.02), (ecofriendly, 0.02), (plasticpollution, 0.02),
(plasticfree, 0.02), (plasticfreejuly, 0.01), (plastics, 0.01)

Continued on next page
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Table 20: Cluster Names and Word Scores - Climate Change

Cluster Name Word Scores

6_china_chinese_carbon_coal (china, 0.23), (chinese, 0.04), (carbon, 0.02), (coal, 0.02), (world,
0.02), (beijing, 0.02), (ccp, 0.01), (emission, 0.01), (taiwan, 0.01),
(emissions, 0.01)

7_god_pope_church_catholic (god, 0.08), (pope, 0.05), (church, 0.04), (catholic, 0.03), (religion,
0.03), (religious, 0.02), (christian, 0.02), (vatican, 0.02), (earth, 0.02),
(bible, 0.01)

8_hurricane_harvey_storm_cyclone (hurricane, 0.22), (harvey, 0.11), (storm, 0.09), (cyclone, 0.05), (hur-
ricanes, 0.04), (tropical, 0.03), (irma, 0.02), (climatechange, 0.02),
(storms, 0.01), (hurricaneharvey, 0.01)

9_island_caribbean_fiji_maldives (island, 0.09), (caribbean, 0.06), (fiji, 0.04), (maldives, 0.02), (ja-
maica, 0.02), (islands, 0.02), (country, 0.02), (region, 0.02), (kiribati,
0.01), (fijinews, 0.01)

10_blockchain_ecowatt_cryptocurrency_greencrypto (blockchain, 0.10), (ecowatt, 0.10), (cryptocurrency, 0.09), (green-
crypto, 0.08), (bitcoin, 0.07), (btc, 0.06), (crypto, 0.06), (decentral-
ization, 0.04), (climatechange, 0.02), (nfts, 0.02)

11_space_bezos_nasa_earth (space, 0.12), (bezos, 0.06), (nasa, 0.06), (earth, 0.04), (jeff, 0.03),
(billionaire, 0.03), (musk, 0.02), (climatechange, 0.02), (elon, 0.01),
(spacex, 0.01)

12_migration_displacement_refugee_displaced (migration, 0.12), (displacement, 0.08), (refugee, 0.07), (displaced,
0.05), (refugees, 0.03), (migrant, 0.02), (climatechange, 0.02), (un-
hcr, 0.02), (disasters, 0.01), (border, 0.01)

13_military_threat_pentagon_dod (military, 0.13), (threat, 0.05), (pentagon, 0.04), (dod, 0.03), (war,
0.02), (climatesecurity, 0.02), (climatechange, 0.02), (army, 0.01),
(navy, 0.01), (militarism, 0.01)

14_indigenous_indigenouspeoples_indigenous-
peoplesday_tribal

(indigenous, 0.19), (indigenouspeoples, 0.04), (indigenouspeoples-
day, 0.03), (tribal, 0.03), (native, 0.02), (tribe, 0.02), (biodiversity,
0.02), (indigenousday, 0.01), (culture, 0.01), (adaptation, 0.01)

15_aviation_flight_plane_airline (aviation, 0.09), (flight, 0.08), (plane, 0.06), (airline, 0.05), (flying,
0.04), (aircraft, 0.03), (airplane, 0.02), (industry, 0.02), (emissions,
0.02), (climatechange, 0.01)

16_olympics_sport_tokyo_olympic (olympics, 0.14), (sport, 0.09), (tokyo, 0.08), (olympic, 0.04),
(tokyo2020, 0.03), (climatecomeback, 0.02), (sports, 0.02), (cli-
matechange, 0.02), (rio2016, 0.01), (climatecrisis, 0.01)

17_ai_artificialintelligence_machinelearning_intel-
ligence

(ai, 0.26), (artificialintelligence, 0.09), (machinelearning, 0.08), (in-
telligence, 0.07), (ml, 0.05), (datascience, 0.05), (climatechange,
0.03), (nlp, 0.02), (sustainability, 0.02), (python, 0.01)

18_nuclear_nuclearenergy_uranium_reactor (nuclear, 0.33), (nuclearenergy, 0.04), (uranium, 0.03), (reactor,
0.03), (nuclearpower, 0.02), (electricity, 0.02), (climatechange, 0.02),
(cleanenergy, 0.01), (hiroshima, 0.01), (renewables, 0.01)

19_moon_orbit_wobble_earth (moon, 0.31), (orbit, 0.22), (wobble, 0.13), (earth, 0.07), (flooding,
0.07), (nasa, 0.06), (congressman, 0.03), (lunar, 0.02), (flood, 0.02),
(wobbling, 0.02)

20_air_pollution_cleanairday_airpollution (air, 0.18), (pollution, 0.10), (cleanairday, 0.07), (airpollution, 0.07),
(cleanair, 0.03), (climatechange, 0.02), (breathe, 0.02), (delhi, 0.02),
(smog, 0.02), (breathing, 0.01)

Table 21: Cluster Names and Word Scores - COVID-19

Cluster Name Word Scores

0_coronavirus_covid19_india_pandemic (coronavirus, 0.02), (covid19, 0.01), (india, 0.01), (pandemic, 0.01),
(corona, 0.01), (health, 0.01), (outbreak, 0.01), (news, 0.01), (hospi-
tal, 0.01), (uk, 0.01)

-1_county_covid19_coronavirus_health (county, 0.01), (covid19, 0.01), (coronavirus, 0.01), (health, 0.01),
(state, 0.01), (2021, 0.01), (pandemic, 0.01), (covid_19, 0.01), (vac-
cination, 0.01), (deaths, 0.01)

1_vaccine_vaccination_clinic_appointment (vaccine, 0.03), (vaccination, 0.03), (clinic, 0.02), (appointment,
0.02), (vaccinated, 0.01), (pfizer, 0.01), (walk, 0.01), (health, 0.01),
(visit, 0.01), (shot, 0.01)

2_nigeria_africa_lagos_nigerian (nigeria, 0.04), (africa, 0.03), (lagos, 0.02), (nigerian, 0.02), (sahara,
0.01), (uganda, 0.01), (buhari, 0.01), (african, 0.01), (ghana, 0.01),
(namibia, 0.01)

Continued on next page
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Table 21: Cluster Names and Word Scores - COVID-19

Cluster Name Word Scores

3_india_vaccination_vaccine_crore (india, 0.04), (vaccination, 0.04), (vaccine, 0.02), (crore, 0.02),
(largestvaccinedrive, 0.02), (vaccinated, 0.01), (hospital, 0.01), (cov-
erage, 0.01), (modi, 0.01), (indiafightscorona, 0.01)

4_canada_ontario_quebec_scotia (canada, 0.06), (ontario, 0.05), (quebec, 0.03), (scotia, 0.03),
(province, 0.02), (alberta, 0.02), (ottawa, 0.02), (toronto, 0.02), (new-
foundland, 0.01), (manitoba, 0.01)

5_japan_tokyo_sport_olympics (japan, 0.05), (tokyo, 0.03), (sport, 0.03), (olympics, 0.02), (nfl,
0.02), (athlete, 0.01), (olympic, 0.01), (pandemic, 0.01), (coron-
avirus, 0.01), (basketball, 0.01)

6_school_student_education_university (school, 0.12), (student, 0.06), (education, 0.03), (university, 0.02),
(teacher, 0.02), (college, 0.02), (campus, 0.02), (schools, 0.01), (pan-
demic, 0.01), (students, 0.01)

7_china_chinese_wuhan_mainland (china, 0.13), (chinese, 0.07), (wuhan, 0.03), (mainland, 0.03), (tai-
wan, 0.03), (beijing, 0.02), (vaccine, 0.01), (virus, 0.01), (sinovac,
0.01), (covid19, 0.01)

8_trump_biden_gop_republican (trump, 0.09), (biden, 0.08), (gop, 0.02), (republican, 0.02), (taliban,
0.01), (democrat, 0.01), (senate, 0.01), (election, 0.01), (america,
0.01), (pelosi, 0.01)

9_australia_nsw_zealand_sydney (australia, 0.07), (nsw, 0.05), (zealand, 0.04), (sydney, 0.04), (auck-
land, 0.03), (nz, 0.02), (melbourne, 0.02), (queensland, 0.02), (aus-
pol, 0.01), (perthnews, 0.01)

10_philippine_duterte_manila_president (philippine, 0.06), (duterte, 0.04), (manila, 0.04), (president, 0.03),
(filipino, 0.03), (rodrigo, 0.02), (mayor, 0.02), (philippines, 0.02),
(covid19ph, 0.01), (presidential, 0.01)

11_mask_masks_covering_covid_19 (mask, 0.18), (masks, 0.04), (covering, 0.02), (covid_19, 0.01), (pro-
tect, 0.01), (vaccinated, 0.01), (pandemic, 0.01), (covid19, 0.01),
(masking, 0.01), (facemasks, 0.01)

12_oman_uae_covid2019_dubai (oman, 0.08), (uae, 0.08), (covid2019, 0.04), (dubai, 0.04), (qatar,
0.03), (saudi, 0.03), (covid19, 0.02), (arabia, 0.02), (emirate, 0.01),
(kuwait, 0.01)

13_russia_russian_azerbaijan_moscow (russia, 0.23), (russian, 0.07), (azerbaijan, 0.06), (moscow, 0.05),
(putin, 0.05), (vaccine, 0.03), (kremlin, 0.02), (sputnikv, 0.02),
(vladimir, 0.02), (kazakhstan, 0.01)

14_home_nursing_resident_outbreak (home, 0.17), (nursing, 0.15), (resident, 0.06), (outbreak, 0.03),
(homes, 0.03), (death, 0.03), (ontario, 0.01), (coronavirus, 0.01),
(elderly, 0.01), (residents, 0.01)

15_inmate_prison_jail_prisoner (inmate, 0.14), (prison, 0.13), (jail, 0.10), (prisoner, 0.06), (cor-
rectional, 0.03), (county, 0.03), (detainee, 0.02), (inmates, 0.02),
(prisons, 0.02), (incarcerated, 0.01)

16_malaysia_covid19malaysia_selangor_sabah (malaysia, 0.19), (covid19malaysia, 0.07), (selangor, 0.07), (sabah,
0.05), (malaysian, 0.04), (sarawak, 0.03), (infection, 0.02), (lumpur,
0.02), (johor, 0.02), (malaysians, 0.01)

17_scam_fraud_scammer_scams (scam, 0.09), (fraud, 0.05), (scammer, 0.03), (scams, 0.02), (counter-
feit, 0.02), (vaccine, 0.02), (fraudulent, 0.02), (cybersecurity, 0.01),
(fraudsters, 0.01), (certificate, 0.01)

18_racial_latino_hispanic_racism (racial, 0.04), (latino, 0.03), (hispanic, 0.03), (racism, 0.03), (minor-
ity, 0.02), (race, 0.02), (ethnic, 0.01), (vaccine, 0.01), (racist, 0.01),
(vaccination, 0.01)

19_turkey_turkish_covid19_health (turkey, 0.30), (turkish, 0.08), (covid19, 0.03), (health, 0.02), (num-
ber, 0.02), (vaccine, 0.02), (istanbul, 0.02), (erdogan, 0.02), (000,
0.01), (country, 0.01)

20_brazil_bolsonaro_brazilian_chile (brazil, 0.24), (bolsonaro, 0.07), (brazilian, 0.06), (chile, 0.05),
(america, 0.04), (country, 0.02), (covid19, 0.01), (coronavirus, 0.01),
(caribbean, 0.01), (rio, 0.01)

21_israel_israeli_palestinian_jewish (israel, 0.24), (israeli, 0.09), (palestinian, 0.05), (jewish, 0.04), (gaza,
0.03), (judaism, 0.02), (palestine, 0.02), (jew, 0.01), (jerusalem,
0.01), (holocaust, 0.01)

22_pregnancy_breastfeeding_fertility_women (pregnancy, 0.10), (breastfeeding, 0.08), (fertility, 0.04), (women,
0.04), (vaccine, 0.03), (vaccination, 0.03), (lactating, 0.03), (vacci-
nated, 0.02), (covidvaccine, 0.01), (unborn, 0.01)

23_france_french_macron_paris (france, 0.28), (french, 0.12), (macron, 0.08), (paris, 0.03), (presi-
dent, 0.02), (covid19, 0.02), (covid_19, 0.01), (country, 0.01), (coro-
navirusfrance, 0.01), (travel, 0.01)

Continued on next page
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Table 21: Cluster Names and Word Scores - COVID-19

Cluster Name Word Scores

24_hawaii_hinews_bigislandnews_hawaiinews (hawaii, 0.22), (hinews, 0.12), (bigislandnews, 0.11), (hawaiinews,
0.11), (island, 0.05), (hawaiicountynews, 0.04), (oahu, 0.04), (hon-
olulu, 0.03), (maui, 0.02), (kaua, 0.02)

25_cruise_ship_navy_seafarer (cruise, 0.16), (ship, 0.12), (navy, 0.04), (seafarer, 0.03), (sailor,
0.03), (caribbean, 0.03), (vessel, 0.02), (ferry, 0.02), (maritime,
0.01), (carnival, 0.01)

26_iran_iranian_coronavirus_tehran (iran, 0.30), (iranian, 0.09), (coronavirus, 0.04), (tehran, 0.03),
(khamenei, 0.03), (country, 0.02), (covid19, 0.02), (vaccine, 0.02),
(covid_19, 0.01), (azerbaijan, 0.01)

27_italy_italian_rome_covid_19 (italy, 0.24), (italian, 0.07), (rome, 0.02), (covid_19, 0.02), (coron-
avirus, 0.01), (sur, 0.01), (covid19, 0.01), (country, 0.01), (france,
0.01), (lombardy, 0.01)

28_singapore_imported_infection_singaporean (singapore, 0.37), (imported, 0.07), (infection, 0.06), (singaporean,
0.03), (changi, 0.03), (dorm, 0.02), (airport, 0.02), (dormitory, 0.01),
(transmitted, 0.01), (ttsh, 0.01)

29_delta_variant_deltavariant_vaccinated (delta, 0.26), (variant, 0.21), (deltavariant, 0.03), (vaccinated, 0.02),
(vaccine, 0.01), (surge, 0.01), (unvaccinated, 0.01), (covid19, 0.01),
(variants, 0.01), (deltaplus, 0.01)

30_jamaica_glnrtoday_coronameter_jamaican (jamaica, 0.17), (glnrtoday, 0.05), (coronameter, 0.05), (jamaican,
0.04), (hospitalised, 0.04), (barbados, 0.02), (recoveries, 0.02), (died,
0.02), (glnroped, 0.02), (investigation, 0.02)

31_app_tracing_covidalert_tracer (app, 0.19), (tracing, 0.12), (covidalert, 0.06), (tracer, 0.03), (apps,
0.03), (privacy, 0.02), (tracking, 0.02), (covid19, 0.02), (google,
0.01), (trace, 0.01)

Table 22: Cluster Names and Word Scores - Military Vehicles

Cluster Name Word Scores

0_flying_aircraft_helicopter_aviation (flying, 0.02), (aircraft, 0.02), (helicopter, 0.02), (aviation, 0.01),
(spitfire, 0.01), (flight, 0.01), (raf, 0.01), (jet, 0.01), (plane, 0.01),
(fly, 0.01)

1_tank_abrams_army_m1 (tank, 0.07), (abrams, 0.04), (army, 0.03), (m1, 0.02), (m1a2, 0.02),
(tanks, 0.01), (m1a1, 0.01), (armored, 0.01), (turret, 0.01), (armor,
0.01)

2_rafale_india_france_iaf (rafale, 0.08), (india, 0.04), (france, 0.03), (iaf, 0.03), (mirage2000,
0.02), (jet, 0.02), (dassault, 0.02), (aircraft, 0.02), (combat, 0.01),
(greece, 0.01)

-1_whatshappeninginmyanmar_military_wa_jet (whatshappeninginmyanmar, 0.02), (military, 0.02), (wa, 0.02), (jet,
0.01), (aircraft, 0.01), (helicopter, 0.01), (plane, 0.01), (landed, 0.01),
(flight, 0.01), (flying, 0.01)

3_crashed_jet_plane_pilot (crashed, 0.05), (jet, 0.03), (plane, 0.03), (pilot, 0.03), (abuja, 0.02),
(killed, 0.02), (nigerian, 0.02), (airport, 0.02), (aircraft, 0.02), (nige-
ria, 0.02)

4_syria_iran_syrian_israel (syria, 0.06), (iran, 0.04), (syrian, 0.04), (israel, 0.02), (turkey, 0.02),
(russia, 0.02), (yemen, 0.02), (libya, 0.01), (gaza, 0.01), (iraq, 0.01)

5_typhoon_eurofighter_raf_aviation (typhoon, 0.21), (eurofighter, 0.20), (raf, 0.03), (aviation, 0.02), (war-
planeporn, 0.02), (jet, 0.01), (luftwaffe, 0.01), (aviationphotography,
0.01), (tornado, 0.01), (squadron, 0.01)

6_drone_ai_uav_drones (drone, 0.18), (ai, 0.05), (uav, 0.04), (drones, 0.03), (unmanned,
0.02), (tech, 0.02), (hacker, 0.02), (uas, 0.02), (intelligence, 0.01),
(artificial, 0.01)

7_whatshappeninginmyanmar_myanmar_yangon_junta (whatshappeninginmyanmar, 0.09), (myanmar, 0.07), (yangon, 0.05),
(junta, 0.04), (terrorist, 0.02), (savemyanmar, 0.02), (whatshappen-
inglnmyanmar, 0.02), (protester, 0.02), (coup, 0.02), (violence, 0.02)

8_tornado_raf_flying_aviation (tornado, 0.20), (raf, 0.06), (flying, 0.04), (aviation, 0.02), (aeroplane,
0.02), (squadron, 0.01), (aircraft, 0.01), (jet, 0.01), (airtoair, 0.01),
(flypast, 0.01)

9_china_taiwan_chinese_southchinasea (china, 0.12), (taiwan, 0.12), (chinese, 0.10), (southchinasea, 0.02),
(aircraft, 0.02), (airspace, 0.02), (taiwanstrait, 0.02), (beijing, 0.02),
(japan, 0.02), (luzonstrait, 0.01)

Continued on next page
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Table 22: Cluster Names and Word Scores - Military Vehicles

Cluster Name Word Scores

10_ag600_amphibious_china_flight (ag600, 0.31), (amphibious, 0.29), (china, 0.23), (flight, 0.08),
(zhuhai, 0.05), (avic, 0.04), (qingdao, 0.03), (aircraft, 0.03), (shan-
dong, 0.03), (guangdong, 0.02)

11_wallpaper_f22_aircraft_eagle (wallpaper, 0.49), (f22, 0.07), (aircraft, 0.06), (eagle, 0.06), (wall-
papers, 0.04), (falcon, 0.04), (walpaper, 0.04), (eurofighter, 0.03),
(walpapers, 0.03), (backgrounds, 0.03)

12_woman_pilot_fly_wwii (woman, 0.15), (pilot, 0.08), (fly, 0.04), (wwii, 0.03), (airforce, 0.02),
(pilots, 0.02), (flying, 0.02), (squadron, 0.02), (aircraft, 0.01), (flight,
0.01)

13_mar23coup_dawei_htaung_bike (mar23coup, 0.23), (dawei, 0.23), (htaung, 0.22), (bike, 0.22), (road,
0.19), (whatshappeninginmyanmar, 0.14), (death, 0.06), (dead, 0.01),
(crimesagainsthumanity, 0.01), (weneedr2pinmyanmar, 0.01)

14_kenya_zimbabwe_nigeria_ghana (kenya, 0.07), (zimbabwe, 0.07), (nigeria, 0.06), (ghana, 0.04),
(bribery, 0.04), (brazil, 0.03), (harare, 0.03), (ethiopia, 0.02), (africa,
0.02), (buhari, 0.02)

15_optionstrading_stockmarket_stocks_investing (optionstrading, 0.24), (stockmarket, 0.24), (stocks, 0.24), (investing,
0.24), (satellites, 0.23), (investment, 0.23), (stock, 0.22), (boeing,
0.15), (shares, 0.04), (aircraft, 0.02)

16_korea_korean_northkorea_southkorea (korea, 0.21), (korean, 0.10), (northkorea, 0.06), (southkorea, 0.03),
(war, 0.03), (ww3, 0.03), (nuclear, 0.02), (pyongyang, 0.02), (japan,
0.02), (seoul, 0.02)

17_south_korea_russian_airspace (south, 0.31), (korea, 0.26), (russian, 0.19), (airspace, 0.17), (korean,
0.14), (southkorea, 0.04), (military, 0.03), (russia, 0.03), (seoul,
0.03), (aircraft, 0.03)

18_squawking_circling_mph_mile (squawking, 0.25), (circling, 0.24), (mph, 0.08), (mile, 0.07), (creek,
0.07), (nsw, 0.06), (qld, 0.06), (county, 0.05), (marin, 0.03), (lake,
0.02)

19_f1_audi_lap_racing (f1, 0.14), (audi, 0.05), (lap, 0.05), (racing, 0.04), (ferrari, 0.03),
(vettel, 0.03), (mclaren, 0.03), (laps, 0.02), (raced, 0.02), (racer,
0.02)

20_concorde_mach_mph_raf (concorde, 0.44), (mach, 0.25), (mph, 0.14), (raf, 0.11), (flying,
0.09), (rapidly, 0.06), (fuel, 0.06), (jet, 0.06), (supersonic, 0.05),
(speed, 0.03)

21_turkish_naval_seahawk_rescue (turkish, 0.26), (naval, 0.17), (seahawk, 0.08), (rescue, 0.05), (hawk,
0.05), (turkey, 0.04), (sea, 0.04), (anatolian, 0.04), (tactical, 0.04),
(squadron, 0.04)

22_actions_feb21coup_un_whatshappeninglnmyanmar (actions, 0.28), (feb21coup, 0.23), (un, 0.23), (whatshappeningln-
myanmar, 0.20), (news, 0.14), (terrorism, 0.08), (whatshappening-
inmyanmar, 0.01), (colombia, 0.01), (whatishappeninginmyanmar,
0.01), (coup, 0.00)
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Figure 7: Cluster Hierarchy for Climate Change
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Figure 8: Cluster Hierarchy for COVID-19
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Figure 9: Cluster Hierarchy for Military Vehicles
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Abstract

Standard automatic metrics, e.g., BLEU, are
not reliable for document-level MT evaluation.
They can neither distinguish document-level
improvements in translation quality from
sentence-level ones, nor identify the discourse
phenomena that cause context-agnostic
translations. This paper introduces a novel
automatic metric BLONDE1 to widen the
scope of automatic MT evaluation from the
sentence to the document level. BLONDE
takes discourse coherence into consideration
by categorizing discourse-related spans and
calculating the similarity-based F1 measure
of categorized spans. We conduct exten-
sive comparisons on a newly constructed
document-level translation dataset BWB. The
experimental results show that BLONDE
possesses better selectivity and interpretability
at the document-level, and is more sensitive
to document-level nuances. In a large-scale
human study, BLONDE also achieves signif-
icantly higher Pearson’s r correlation with
human judgments compared to previous
metrics.

https://github.com/EleanorJiang/BlonDe

1 Introduction

Over the past years neural machine translation
(NMT) models have become the models of choice
in Machine Translation (MT; Luong et al., 2015;
Vaswani et al., 2017; Zhang et al., 2018, inter alia).
Although some recent work (Hassan et al., 2018;
Popel, 2018; Bojar et al., 2018) suggests that NMT
has achieved human parity at the sentence level,
the reliability of these human-parity claims was
quickly contested by Läubli et al. (2018, 2020),

∗Most of the work was done while the first author was an
intern at Microsoft Research Asia.

1Bilingual Evaluation of Document Translation.

Figure 1: BLONDE is more selective than BLEU for
document-level MT, and also shows a larger quality difference
between human and machine translations.

showing that there is a larger difference between
human and machine translation quality when inter-
sentential context is taken into account.

Therefore, document-level machine translation
has received increased attention in the MT commu-
nity. However, despite various modeling advances,
the MT community still lacks an efficient and ef-
fective evaluation metric for document-level trans-
lation. Standard evaluation metrics for MT, e.g.,
BLEU (Papineni et al., 2002), TER (Snover et al.,
2006) and METEOR (Banerjee and Lavie, 2005),
focus on the quality of translations at the sentence
level and do not consider discourse-level features.

Thus, test suites that perform context-aware eval-
uation by targeting characteristic discourse-level
phenomena have been proposed (Hardmeier et al.,
2015; Guillou and Hardmeier, 2016; Burchardt
et al., 2017; Isabelle et al., 2017; Rios Gonzales
et al., 2017; Müller et al., 2018; Bawden et al.,
2018; Voita et al., 2019; Guillou and Hardmeier,
2018, inter alia) for document-level MT. However,
such test suites need to be re-created for new
domains or even language pairs, and their construc-
tion can be very labor-intensive. We still lack an
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easy-to-use automatic metric that can reliably dis-
criminate the quality of document-level translation.

In this paper, we curate a large-scale document-
level parallel corpus (BWB) from heterogeneous
data sources, and quantify document-level trans-
lation mistakes by performing a large human study.
On this dataset, we found that inconsistency,2

ellipsis, and ambiguity were the most noticeable
phenomena critical for document-level MT,
together amounting to 86.73% of MT mistakes.
Based on this analysis, we propose BLONDE,
an automatic metric that evaluates translation
quality at the document level. At the core of the
metric is the similarity-based bijection between
subsets of reference and system categories, e.g.,
pronouns, inflected forms, discourse relations
and lexicons, and phrases, e.g., named entities. It
computes recall, precision and F1, along with the
corresponding measure of n-grams. Furthermore,
BLONDE can incorporate human annotation
easily by computing scores of human-annotated
categories in the same way.

We compare BLONDE with 11 other metrics and
demonstrate that BLONDE is better at distinguish-
ing between context-aware and context-agnostic
MT systems. We also observe that the degree to
which BLONDE correlates with sentence-level met-
rics (e.g., BLEU) is lower than the degree to which
the sentence-level metrics correlate with each other.
This signals that BLONDE indeed captures addi-
tional aspects of translation quality beyond the
sentence-level. Finally, our human evaluation also
reveals significantly higher Pearson’s r correlation
coefficients between BLONDE and human assess-
ments compared to other metrics.

2 BWB: Bilingual Web Book Dataset

To design a metric that is sensitive to document-
level phenomena, we first curate a document-level
Chinese–English parallel corpus, called BWB

(Bilingual Web Books). BWB consists of Chinese
web novels across multiple genres (sci-fi, romance,
action, fantasy, comedy, inter alia) and their
corresponding English translations crawled from
the Internet.

Dataset Creation. The novels are translated
by professional native English speakers, and are
corrected by editors. The sentence alignment of

2By inconsistency we mean the mistakes related to coref-
erence and lexical cohesion (Carpuat, 2009; Guillou, 2013).

Statistic Train Test Dev Total

#Docs 196,304 80 79 196,463
#Sents 9,576,566 2,632 2,618 9,581,816
#Words 325.4M 68.0K 67.4K 460.8M

Table 1: Statistics of the BWB dataset.

the training set is done by Bluealign3 (Sennrich
and Volk, 2011). We hired four bilingual graduate
students to manually evaluate 163 randomly
selected documents from the resulting BWB

parallel corpus and observe an alignment accuracy
rate of 93.1%. We further asked the same batch of
annotators to correct such misalignments in both
the development and the test set. The details of the
corpus creation and quality control are described
in Appendix A.

Statistics. Table 1 summarizes the statistics of
the BWB dataset. It is a much larger dataset, and
contains longer documents and richer discourse
phenomena compared to all previous document-
level datasets (Lison and Tiedemann, 2016; Koehn
and Knowles, 2017; Barrault et al., 2019; Koehn,
2005; Liu and Zhang, 2020). To the best of our
knowledge, this is the largest Chinese–English
document-level translation dataset to date.

Dataset Split. We treat chapters in our books as
documents. The maximum, median, and minimum
number of sentences per document are 46, 30 and
18, respectively. To prevent any train–test leakage,
we split the dataset into a training, development and
a test set such that chapters from the same book
are part of the same split. We use 377 books for
training, and randomly select 80 and 79 documents
from the 3,018 documents in the remaining 6 books
as the development and test sets, respectively.4

3 Analyzing Discourse Errors

Next, we conduct a human study on the test set
of BWB, in which we identify and categorize the
discourse errors made by MT systems that are not
captured in sentence-level evaluation. This human
study is conducted by eight professional translators.
The annotators are asked to classify translation
errors into DOCUMENT-level and SENTENCE-level
errors (some cases can be both). SENTENCE-level

3https://github.com/rsennrich/Bleualign
4One document in the development set was dropped due

to its poor annotation quality.
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Error Type # %

NO ERROR 451 17.1%
SENTENCE 1351 51.3%
DOCUMENT 1893 71.9%

INCONSISTENCY 1695 64.4%
NAMED ENTITY 1139 43.3%
TENSE 1018 38.7%
ELLIPSIS 534 20.3%
PRONOUN 456 17.3%
OTHER 103 4.0%
AMBIGUITY 193 7.3%

Table 2: The statistics of translation errors in human analysis.

errors refer to those errors that render the transla-
tions to be inadequate or not fluent as stand-alone
sentences, while DOCUMENT-level errors reflect
a coherence violation across multiple sentences
in the document. DOCUMENT-level errors are
further categorized according to the linguistic
phenomena leading to the lower performance in
the context-dependent translation.5

Table 2 shows the result of our error analysis.
A substantial proportion of translations have
document-level errors (71.9%). This supports the
claim that BWB contains rich discourse phenomena
that common MT systems cannot address. We
observe that three categories, i.e., inconsistency
(64.4%), ellipsis (20.3%) and ambiguity (7.3%),
account for the vast majority of document-level
errors. Below we discuss these three categories of
DOCUMENT-level errors and the design intuitions
behind BLONDE.

Inconsistency. We consider two kinds of consis-
tency in translation: lexical and grammatical. Lex-
ical consistency is defined as a repetitive term that
keeps the same translation throughout the whole
document (Carpuat and Simard, 2012). Inconsis-
tent translation of named entities can significantly
impact translation output, although BLEU may not
be adversely affected (Agrawal and Singla, 2012;
Hermjakob et al., 2008). Therefore, in the design of
BLONDE, we also focus on the reiteration of named
entities (e.g., Qiao in Figure 3). On the other hand,
typical examples of grammatical consistency are
tense and gender consistency. Tense consistency
refers to the tense being compatible with the con-
text, rather than being exactly the same across the
whole document. Tense inconsistency can arise
when the source language is an isolating language
and does not mark tense explicitly, e.g., in Chinese,

5The annotation guidelines are described in Appendix B.

SRC 你在看(kan)什么？《复仇者联盟》。
REF What are you watching? The Avengers.
MT What are you looking at? The Avengers.

Figure 2: An example of ambiguity. 看(kan) corresponds to
look, see, watch and view. The correct translation can only be
inferred from the next sentence (The Avengers).

and the target language is a synthetic language, e.g.,
English (teal in Figure 3), where tense is marked
explicitly. In the same spirit, the same entity should
maintain a consistent grammatical gender. 6

Ellipsis. Ellipsis denotes the omission from a
clause of one or more words that are nevertheless
inferred in the context of the remaining elements
(Yamamoto and Sumita, 1998; Voita et al., 2019).
Translation errors arise when there are elliptical
constructions in the source language while the tar-
get language does not allow for the same types of
ellipsis. For example, the ellipsis of subjects or
objects is very common in Chinese while it is un-
grammatical in English—especially for pronouns.
In Figure 3, she (Qiao) is omitted in Chinese. How-
ever, it is hard to guess the gender of Qiao from this
stand-alone sentence: the correct pronoun choice
can only be inferred from context (there is a her
in the previous sentence). Another common form
of ellipsis is the omission of discourse markers, es-
pecially when the source language has more zero
connective structures (Po-Ching and Rimmington,
2004) than the target language. In the example,
However and So are ignored in SRC, which mis-
leads the sentence-level system MTA to ignore the
discourse relations between sentences.

Ambiguity. Translation ambiguity occurs when
a word in one language can be translated in more
than one way into another language (Tokowicz
and Degani, 2010). The cross-language ambiguity
comes from several sources of within-language am-
biguity including lexical ambiguity, polysemy, and
near-synonymy. A unified feature of these is that
ambiguous terms satisfy the form of one-to-many
mappings. For the example in Figure 2, the word
看(kan) can be translated to look, see, watch or
view. Without access to the context, all the lexical
choices are sensible.

6It is worth noting that the metric proposed in this study
can be applied to a wider range of language pairs by extending
the definition of grammatical consistency.
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ENTITY E TENSE V PRONOUN P DMM

SRC a) 小乔(Qiao)看着(look)相片回忆(recall)起了二十年前。

JQiaoK [VBD,
VBZ]

[masculine,
feminine,
epicene,
neuter]

[contingency,
temporal,
expansion,
comparison ]

b)那个满脸胡须的男人(man)正是(be)她(she)的新婚丈夫。
c)那却是(be)他们之间初次见面(meet)。
d) 小乔(Qiao)一见到他(he)心里就咯噔(jolt)了一下，
噌的站(stand)起来。

REF a) Qiao looked at the photo and recalled twenty years ago. [1] [2, 0] [0, 0, 0, 0] -
b) This bearded man was her newlywed husband, [0] [1, 0] [0, 1, 0, 0] [0, 0, 0, 0]
c) JyetK this was the first time they were meeting with each other. [0] [2, 0] [0, 0, 1, 0] [0, 0, 0, 1]
d) JSoK Qiao’s heart jolted as soon as JsheK saw him, and JsheK [1] [2, 0] [1, 2, 0, 0] [1, 0, 0, 0]

quickly stood up.

MTA a) Qiao looked at the photo and recalled twenty years ago. [1] [2, 0] [0, 0, 0, 0] -
b) This bearded man is her newlywed husband. [0] [0, 1] [0, 1, 0, 0] [0, 0, 0, 0]
c) This is the first time they meet with each other. [0] [0, 2] [0, 0, 1, 0] [0, 0, 0, 0]
d) Joe’s heart is squeaky as soon as JheK saw him, and JheK [0] [0, 2] [3, 1, 0, 0] [0, 0, 0, 0]

quickly stands up.

MTB a) Qiao looked at the photo and recalled the past twenty years ago. [1] [2, 0] [0, 0, 0, 0] -
b) This man with the beard was her newly-wed husband. [0] [1, 0] [0, 1, 1, 0] [0, 0, 0, 0]
c) JHoweverK, that was the first time they met. [0] [2, 0] [0, 0, 1, 0] [0, 0, 0, 1]
d) JSoK as soon as Qiao saw him, JherK heart became squeaky, [1] [2, 0] [1, 2, 0, 0] [1, 0, 0, 0]

and JsheK swiftly stood up.

Figure 3: An example containing inconsistency and ellipsis in BWB. For inconsistency, the same entities are marked in the same
color (Qiao and Husband), and verbs are marked in teal. For ellipsis, omissions are marked with JK. DM stands for discourse
markers (JK). The translation mistakes are underlined. MTB is intuitively a better system than MTA to human readers.

4 BLONDE

The aforementioned document-level phenomena
have little impact on the n-gram statistics of
translations. However, as is shown in Section 3,
they can be key considerations for human readers
when evaluating translations at the document level.
Standard automatic metrics ignore the importance
of contextual coherence of translations, which
implies that the document-level nuances are not
being properly modeled (Zhou et al., 2008; Xiong
and Zhang, 2014). In this section, we describe
BLONDE, an automatic metric that explicitly
tracks discourse phenomena.

4.1 Document-Level Evaluation

We first give the formulation of measuring dis-
course phenomena. We define a document D =
[S1, . . . , SN ] as a sequence of N sentences. We
take a sentence S of length T to be a string of to-
kens t1 · · · tT where each token ti is taken from the
vocabulary V . Let spans (S) = {m1,m2, . . .} be
the set of spans in the sentence S. Here, a span is
a subsequence of the tokens in S = t1 · · · tT .

Let us assume that we are interested in K dis-
course categories. Each of these categories cap-
ture a discourse phenomenon of interest. As shown
in Section 3, named entity inconsistency, tense in-
consistency and pronoun ellipsis make up the ma-
jority of discourse errors (67.8%) on the data ana-
lyzed. We therefore introduce three types of cate-
gories: ENTITY, TENSE and PRONOUN. In addition,

we introduce discourse markers DM as a category,
which are the essential contextual links between
the various discourse segments (See Figure 3).

For a certain discourse category of interest,
k, we assume that there are Lk features. In
our case, the features of ENTITY E are a list
of named entities in D; the features of TENSE

are V = [MD,VBD,VBN,VBP,VBZ,VBG,VB],7 the
features of PRONOUN are P = [masculine,
feminine, neuter, epicene];8 the features
of DM are M = [contingency, temporal,
expansion, comparison].9 Note that different cat-
egories can have different numbers of features and
the number of features can be dynamic: E depends
on D while V and P are fixed. The intuition behind
this is that we want to encourage the system output
to keep consistent tense and pronouns as well as the
consistent translation for a specific named entity.

Let us now define Ck,l (S) ⊆ spans (S) as the
set of spans in S that share the lth feature in the
kth discourse category. To give a concrete exam-
ple, let us assume that TENSE is the kth category
and VBD is the lth feature in this category. The
corresponding Ck,l(S) is the set of the spans (in
this case, unigrams) tagged with VBD in the sen-

7MD: Modal; VBD: Verb (past tense verb); VBN: Verb (past
participle); VBP: Verb (non-3rd person singular present); VBZ:
Verb (3rd person singular present); VBG: Verb (gerund or
present participle); VB: Verb (base form).

8masculine: he, him, his, himself; feminine: she, her,
hers, herself, neuter: it, its, itself; epicene: they, them, their,
theirs, themselves.

9A detailed explanation is provided in Table 6.
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tence S. In Figure 3, all the spans are colored. We
then let Ck(S) refer to a vector of size Lk where
each element of that vector is the set Ck,l(S). The
sets of spans for ENTITY, TENSE, PRONOUN and
DM can be produced by an NER model, a POS
tagger, a rule-based string match and a discourse
marker, respectively. We also define a weight vec-
tor wk = [wk,l : l ∈ {1, . . . , Lk}] for each dis-
course category k, where each entry wk,l corre-
sponds to the weight given to a feature.

We then define the discourse representation of
sentence S as the concatenation of all categories:

C(S) = [Ck (S) : k ∈ {1, . . . ,K}] (1)

Similarity. Let sim : C(Ss) × C(Sr) →
RK represent a similarity vector which measures
category-wise similarity between the discourse rep-
resentations of two sentences Sr and Ss. Each
entry of the vector sim takes non-negative values:
The entry being zero if Ss and Sr have no shared
spans with the same discourse category.

The similarity vector sim defined here can be im-
plemented in several ways. A possible implementa-
tion of sim can be achieved by counting the number
of functionally similar spans for each feature and
then taking a weighted sum over all features:

sim(Ss,Sr) = (2)

[simk(S
s, Sr) : k ∈ {1, . . . ,K}]

where each entry simk is defined as follows:

simk(S
s, Sr) = (3)

wk � min (count(Ck(S
s)) , count(Ck(S

r)))

where

count(Ck(·)) (4)

= [|Ck,l(·)| : l ∈ {1, . . . , Lk}]

denotes the cardinality of Ck,l applied entry-wise
and min denotes the minimum function applied
element-wise. Intuitively, simk, measures the num-
ber of functionally similar spans shared by Ss and
Sr. Assume that TENSE is the kth category.10

It is worth noting that there are many other rea-
sonable ways to operationalize sim. For ENTITY,

10In Figure 3, simk(U
MTA
b , U REF

b ) = 0 since MTA mistrans-
lated the verbs as present tense due to the exclusion of context.
The total similarity sim(DMTA,DREF) is the number of func-
tionally similar spans across all features: (1, 2, 4, 0) for (E , V ,
P ,M). Here, we assume all category weights are 1.

partial credit could be assigned to two named en-
tities if they have overlapping tokens; for TENSE

and PRONOUN, partial credit could be assigned to
two similar categories, e.g., VBP and VB; for DM,
partial credit could be assigned according to the
sense hierarchy and the confidences in the detected
discourse markers. We leave the expansion of the
sim definition to future work.

A Document-level Similarity Measure. Now
we turn from measuring the similarity at the sen-
tence level to the document level. We first lift
sim(·, ·) to measure the similarity between two doc-
uments:

sim (Ds,Dr) =
∑

Ss∈Ds,
Sr∈Dr

sim(Ss, Sr) (5)

where the sum is applied element-wise.
We then define sim(·, ·) for a system docu-

ment Ds and a set of reference documents Dr =
{Dr1 ,Dr2 , . . .} by aggregating the sim of all sen-
tences in Ds and Dr:

sim (Ds,Dr) =
∑

Ss∈Ds

⊕

Sr∈Dr
sim(Ss, Sr) (6)

Here, ⊕ is a generic aggregator over multiple ref-
erences, e.g., ⊕ = max, if we take the reference
which has the maximum similarity with the sys-
tem output; or ⊕ =

∑
if we sum up the sim-

ilarity scores of all references. Again, ⊕ is ap-
plied element-wise.11 We also reuse the notation
sim(·, ·) for two sets of documents Ds and Dr:

sim (Ds,Dr) =
⊕

Ds∈Ds
sim (Ds,Dr) (7)

Note that the similarity vector can also be com-
puted for the same (set of) documents. For exam-
ple, if sim is implemented as counting the num-
ber of functionally similar spans for each feature,
then, sim (Ds,Ds) and sim (Dr,Dr) denote the to-
tal number of spans of each category in the system
output and the reference, respectively.12

Scoring. We are now ready to define the “good-
ness” of a system output with respect to our dis-
course phenomenon of interest. We compute the

11In Figure 3, since we only have one reference,
sim(DMTA,Dr) = sim(DMTA,DREF) = (1, 2, 4, 0).

12In Figure 3, sim(DMTA,DMTA) = (1, 7, 6, 0) and
sim (Dr,Dr) = sim (DREF,DREF) = (2, 7, 5, 2).
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precision, recall and F1 for all K discourse cate-
gories defined as follows:

p(Ds,Dr) =
sim (Ds,Dr)
sim (Ds,Ds)

, (8)

r(Ds,Dr) =
sim (Ds,Dr)
sim (Dr,Dr)

, (9)

F (Ds,Dr) = 2 · p� r
p+ r

. (10)

Here, p(Ds,Dr), r(Ds,Dr) and F (Ds,Dr) are
all K-dimensional vectors; where, the kth element
of these vectors represents the precision, recall and
F-score for the kth category. Thus, the addition,
multiplication and division operations above are
also defined element-wise.13

BLOND-D. Further, we combine the scores of
all categories into an overall score with a simple
weighted average, named BLOND-D. By comput-
ing BLOND-D, one can distill the document-level
translation quality from translation quality at the
sentence level. More formally, we have

BLOND-D.P(Ds,Dr) = (11)

(
K∏

k=1

(pk(D
s,Dr)ak

)1/
K∑
k=1

ak

BLOND-D.R(Ds,Dr) = (12)

(
K∏

k=1

(rk(D
s,Dr)ak

)1/
K∑
k=1

ak

where ak denotes the importance weight of the kth

category, and pk and rk denote the kth entry of p
and r, respectively.14 Therefore, BLOND-D.F1 is
defined as follows:

BLOND-D.F1(Ds,Dr) = (13)

2 · BLOND-D.P · BLOND-D.R

BLOND-D.P + BLOND-D.R

13In Figure 3, recall that sim(DMTA,Dr) = (1, 2, 4, 0),
sim(DMTA,DMTA) = (1, 7, 6, 0) and sim (Dr,Dr) =
(2, 7, 5, 2). Thus, we have p(DMTA,Dr) =

(
1
1
, 2
7
, 4
6
, 0
0

)
=(

1, 2
7
, 2
3
,NA

)
where NA denotes a missing value. Further-

more, we have r(DMTA,Dr) =
(
1
2
, 2
7
, 4
5
, 0
2

)
=
(
1
2
, 2
7
, 4
5
, δ
2

)
where δ denotes a small value (0.0001) for smoothing. Finally,
we have F (DMTA,Dr) =

(
2
3
, 2
7
, 8
11
,NA

)
.

14BLOND-D adopts uniform weights.

BLEU BLONDE BLOND-D
P P R F1 F1

MTA 41.5 10.5 51.3 17.4 7.6
MTB 35.9 60.6 58.9 59.8 97.7

Table 3: The BLEU and BLONDE scores of the two system
outputs in Figure 3. P, R and F1 represent precision, recall and
F1, respectively.

Whenever not otherwise specified, we simply use
BLOND-D to refer to BLOND-D.F1.15

4.2 BLONDE: Combining BLOND-D with
n-grams

However, focusing on discourse phenomena solely
is not enough to provide comprehensive MT evalua-
tion that correlates strongly with human judgments.
Consider the following example:

(1) REF Qiao lifted her heavy eyelids.
MT Qiao scrunched her brows together.

The output of MT is far from “good” in terms of
adequacy, whereas BLOND-D(MT) = 1, since MT

translates both named entities and tenses correctly.
Thus, in order to account for sentence-level ade-
quacy of our final metric BLONDE, we augment
the set of categories and features to include each n-
gram (for a value of n) as a category and each span
of n-tokens as a feature for the n-gram category.
Formally, we have

C′(S) = (14)

[Ck (S) : k ∈ {1, . . . ,K +N}]

where we define

CK+n = {n-gram : n ∈ {1, . . . , N}} (15)

The calculation of BLONDE.P, BLONDE.R and
BLONDE.F1 is then done exactly in the same man-
ner as BLOND-D. Whenever not specified, we
simply use BLONDE to refer to BLONDE.F1.

15E.g., the BLOND-D scores of MTA in Figure 3 are:

BLOND-D.P(DMTA,Dr) =
(
1

1

) 1
3
(
2

7

) 1
3
(
2

3

) 1
3

= .11416,

BLOND-D.R(DMTA,Dr) =
(
1

2

) 1
4
(
2

7

) 1
4
(
4

5

) 1
4
(
δ

2

) 1
4

= .057,

BLOND-D.F1(DMTA,Dr) = 2 · .057 · .114
.057 + .114

= .076.
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BLONDE covers both discourse coherence fea-
tures and sentence-level adequacy, thus providing a
comprehensive measurement of translation quality.
Table 3 compares BLONDE with BLEU using the
two MT outputs found in Figure 3. It is striking
that BLEU rates MTA higher than MTB given that
MTB is clearly better than MTA to human readers.
In sharp contrast, their BLONDE scores reflect the
correct ranking in translation quality.

4.3 BLOND+: Combining BLONDE with
Human Annotations

BLONDE is easy to generalize—for instance, it
would be easy to incorporate human annotations,
e.g., one could annotate spans related to discourse
errors and treat them as categories. The auto-
matically inferred categories and human anno-
tated categories are then combined by adopting
the same weighted averaging approach, which we
call BLOND+. We hired the same translators who
analyzed discourse errors in Section 3 to annotate
ambiguous and omitted word/phrases on the test
set of BWB.17

5 Experiments

In this section, we examine the effectiveness of
BLONDE at the document-level MT evaluation
through experiments. We answer the following
question: Do differences in BLONDE reliably re-
flect differences in the document-level translation
quality of different MT systems? To answer this
question, we run several MT baselines and compare
their BLONDE scores to eleven other metrics:

Standard Sentence-level Metrics. BLEU (Pap-
ineni et al., 2002), METEOR (Banerjee and Lavie,
2005), TER (Snover et al., 2006), ROUGE-L (Lin,
2004), CIDER (Vedantam et al., 2015).

Document-level Metrics. LC and RC (Wong and
Kit, 2012)—these are ratios between the number
of lexical cohesion devices (repetition and colloca-
tion) and repeated content words over the total num-
ber of content words in a target document, which
are direct measurements of lexical cohesion.

Embedding-based Metrics. We consider
four embedding-based metrics in this work:
SkipThought cosine similarity (SKIP; Kiros et al.,

17We also make this annotated test set publicly available
as a testbed for evaluating the ability of MT systems to dis-
ambiguate word senses and to predict coherent pronouns or
discourse markers in the case of omission.

2015), embedding average cosine similarity (AVER;
Sharma et al., 2017), Vector extrema cosine
similarity (VECTOR; Forgues et al., 2014), Greedy
Match (GREEDY; Rus and Lintean, 2012).

5.1 MT Systems

We test BLONDE on the following system out-
puts: an SMT system (Chiang, 2007), three well-
known commercial NMT systems (OMT-A, OMT-B,
OMT-C), a sentence-level transformer-based sys-
tem (MT-S) and a document-level system (MT-
D) trained on BWB. MT-D (Zhang et al., 2018)
trains sentence-level model parameters and then es-
timates document-level model parameters while
keeping the sentence-level Transformer model
parameters fixed. We adopt Transformer Big
(Vaswani et al., 2017) for both MT-S and MT-D.
The final “system” is a human post-editing (PE) on
OMT-C provided by professional translators, so it
is supposed to be the strongest baseline.18

5.2 The BLONDE Evaluation

Firstly, we leverage the test set of BWB and evalu-
ate the above-mentioned systems by BLONDE and
other metrics. Figure 4 presents the means of all
metrics along with the 95% confidence interval es-
timated from bootstrap resampling. We observe
that the BLONDE scores demonstrate an exponen-
tially increasing trend from sentence-level towards
document-level and human post-editing, while the
trends of standard metrics are mostly linear. Specif-
ically, the difference between the BLONDE scores
of MT-S and MT-D (denoted as ∆(MT-S, MT-D))
is significantly higher than the difference between
the ∆(MT-S, MT-D) in their BLEU scores. An even
larger ∆ between MT-D and PE in their BLONDE

scores is observed, indicating MT-D is still far away
from achieving human parity. Note that the trend of
BLOND-D scores is even more exponential, which
indicates that BLOND-D indeed distills document-
level translation quality.

The t-statistics of the paired sample t-tests of
individual documents are given in Table 4. Unlike
BLEU, METEOR and other metrics, which either
fails to distinguish human and machine translation
or has lower discriminative power compared to
distinguishing different machine translations, the
BLONDE family maintain similar discriminative

18We trained models by fairseq (Ott et al., 2019). Model
parameters and the post-editing details are in Appendix F.2
and C, respectively.
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Figure 4: The mean scores of different system outputs given by different metrics on the BWB test set. Shaded region represents
95% confidence interval.

BLEU
BLONDE BLOND+ BLOND-D Categories

R P F1 R P F1 R P F1 E V P M
SMT→ MT-S 25.8 13.5 7.42 10.9 14.5 8.51 12.0 8.02 1.32 5.10 -2.12 23.6 11.4 13.6

MT-S→ MT-D 8.97 6.32 5.45 5.92 6.58 5.61 6.13 4.85 4.57 4.79 4.93 1.88 7.43 1.62
MT-D→ PE 2.6 4.51 7.77 6.06 4.20 7.27 5.66 6.44 11.1 8.58 12.9 2.44 2.76 5.35

Other Standard Metrics Discourse Cohesion Embedding-based Metrics
METEOR ROUGE-L TER CIDER LC RC SKIP AVER VECTOR GREEDY

SMT→ MT-S 25.3 19.8 -8.28 .853 11.7 12.9 12.2 9.50 18.0 22.3
MT-S→ MT-D 13.4 11.8 .148 -3.03 -1.23 -1.45 1.62 3.13 5.05 5.83

MT-D→ PE 3.58 9.65 19.9 -6.67 -4.23 -4.44 -6.23 .628 -1.03 -3.15

Table 4: The paired t-statistics of different MT systems. The cells with p-value > .05 are marked in gray. While BLEU
distinguishes SMT and the sentence-level MT-S significantly, it fails to possess the same discriminative power towards document-
level and human translations. BLONDE maintains similar discriminative power across the three t-tests.

Figure 5: Absolute Pearson correlation pairs of automatic
metrics. Computed over the scores of individual documents
in BWB test set.

power across the pair-wise comparisons. Interest-
ingly but not surprisingly, the non-reference-based
LC and RC fail to distinguish both (MT-S, MT-D)
and (MT-D, PE), since sentence-level MT is by na-
ture more repetitive than human translation and
thus it is hard to distinguish accidental repetition

from document-level cohesion.

In addition, the t-statistics of BLOND-D cate-
gories provide rich diagnostic information. As can
be seen, although transformer-based NMT models
have substantially higher BLEU scores than SMT

systems, MT-S is not statistically superior to SMT in
terms of named entity translation. However, human
post-editing scores significantly better on entity
translation—meaning that named entity translation
accounts for a substantial part of quality differ-
ences between machine and human. In terms of
TENSE and and DM translation, MT-D does not sig-
nificantly out-perform MT-S, which could be taken
into consideration in future document-level MT
model designs.

We also show the pairwise Pearson correlations
between different metrics in Figure 5. It illustrates
the homogeneity/heterogeneity of different met-
rics. We report the absolute value of the correlation
for TER. We see that while sentence-level metrics
(BLEU, METEOR and ROUGE-L) have strong cor-
relations with each other, BLONDE correlates less
well with those metrics.
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Unit SENTENCE DOCUMENT
ADE FLU ADE FLU

BLONDE.R .363 .327 .436† .371†

BLONDE.P .331 .296 .383† .344†

BLONDE.F1 .35 .314 .417† .358 †

BLOND+.R .364 .329 .44† .373†

BLOND+.P .334 .3 .39† .349†

BLOND+.F1 .351 .318 .422† .362†

BLEU .325 .308 .343 .266
METEOR .338 .31 .339 .278
ROUGE-L .275 .262 .29 .211

TER .063 .027 .044 .092
CIDER .139 .116 .114 .087

SKIP .213 .174 .163 .171
AVER .163 .163 .16 .111

VECTOR .25 .243 .248 .218
GREEDY .323 .3 .307 .265

LC .086 .061 .153 .116
RC .096 .07 .169 .13

Table 5: Absolute Pearson correlation with human judgments
on BWB. The highest correlations are in bold. Correlation of
metrics not significantly outperformed by any other metrics
are highlighted with †. The BLONDE family are not tested
against each other.

5.3 Human Evaluation

We then evaluate BLONDE along with other
metrics in terms of their Pearson correlation with
human assessment. Our human assessment is
provided by four professional Chinese to English
translators and four native English revisers. Two
experimental units (SENTENCE vs DOCUMENT) are
assessed independently in terms of FLUENCY and
ADEQUACY, respectively. In the SENTENCE-level
evaluation, we show the raters isolated sentences,
while in the DOCUMENT-level evaluation, we
show them entire documents and we only ask
raters to evaluate the overall quality of sequential
blocks of sentences (5 sentences per block) as used
in the Relative Ranking (RR) evaluation (Bojar
et al., 2016). We use the Williams significance
test (Williams, 1959; Graham and Baldwin, 2014)
following the practice adopted by WMT (Mathur
et al., 2020) to identify correlation differences are
statistically significant. The detailed protocol is
presented in Appendix D.

The results are shown in Table 5. BLONDE ob-
tains the highest correlation with human assess-
ment at both the sentence level and the document
level. However, BLONDE correlates remarkably
better with human assessment when context is
taken into account, and it only significantly out-
performs all other metrics at document level.

It is worth noting that BLONDE also correlates

well with FLUENCY assessment, even though it
is, in essence, still a reference-based metric. One
possible explanation for this unexpected positive
result is that it tracks span categories that directly
relate to cohesion and coherence. Another impor-
tant observation is that the recall-based BLONDE

variants generally correlate better with human as-
sessment, yet appears to be less selective compared
to the precision-based variants (see MT-D→ PE in
Table 4). This provides support for adopting the F1
in order to get the best of both worlds.

6 Related Work

There have been a few studies on automatic evalua-
tion metrics for specific discourse phenomena.

Pronoun Translation. Hardmeier and Federico
(2010) measured the precision and recall of
pronouns directly and Miculicich Werlen and
Popescu-Belis (2017) proposed to estimate the
accuracy of pronoun translation (APT) by aligning
source and target texts. However, as shown in
Guillou and Hardmeier (2018), APT does not
take the antecedents of an anaphoric pronoun
into account. They cannot handle the mismatches
in the numbers of pronouns either. Jwalapuram
et al. (2019) also proposed a specialized measure
for pronoun evaluation which involves training.
In comparison, BLONDE does not rely on any
alignment or training.

Lexical Cohesion. Wong and Kit (2012) pro-
posed LC and RC. Gong et al. (2015) described
a cohesion function to measure text cohesion via
lexical chain and a gist consistency score based on
topic model. However, they fail to distinguish acci-
dental repetition from document-level cohesion.

Discourse Relations. Hajlaoui and Popescu-
Belis (2013) proposed to assess the accuracy of
connective translation (ACT). However, such an
assessment requires a bilingual dictionary of all
possible DM translations, whereas BLONDE only
requires a list of monolingual DMs. Guzmán et al.
(2014) and Joty et al. (2014) compute a metric
based on the similarity between the discourse trees
of reference and system output. Those discourse-
representation-based metrics are indirect, and rely
on discourse parsing tools, which are much more in-
accurate than syntactic and semantic parsing tools
used in BLONDE. Unlike previously proposed met-
rics, BLONDE does not only focus on one specific
discourse phenomenon, and thus has significantly
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higher Pearson correlation coefficients with human
assessments.

7 Conclusion

In this paper, we build a large-scale parallel dataset
for document-level translation, BWB. We analyze
it for common document-level translation errors in
practice and propose BLONDE, an interpretable au-
tomatic metric for document-level MT evaluation.
We further improve BLONDE by diagnosing and
distilling discourse-related errors in MT outputs
and human-annotations to obtain two improved
metrics BLOND-D and BLOND+. These metrics
were shown to have better selectivity than various
sentence-level metrics and correlate better with hu-
man judgments.

Ethical Considerations

The annotators were paid a fair wage and the an-
notation process did not solicit any sensitive in-
formation from the annotators. Finally, while our
approach is not tuned for any specific real-world
application, the approach could be used in sensi-
tive contexts such as legal or health-care settings,
and any work must use our approach undertake
extensive quality-assurance and robustness testing
before using it in their setting.

Replicability. As part of our contributions, we
will release the annotated BWB test set, and release
the crawling script of the training set under Fair Use
rules. The BLONDE package is also publicly avail-
able at https://github.com/EleanorJiang/BlonDe.
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Ma, and Ondřej Bojar. 2020. Results of the WMT20
metrics shared task. In Proceedings of the Fifth
Conference on Machine Translation, pages 688–725,
Online. Association for Computational Linguistics.

Lesly Miculicich Werlen and Andrei Popescu-Belis.
2017. Validation of an automatic metric for the ac-
curacy of pronoun translation (APT). In Proceed-
ings of the Third Workshop on Discourse in Machine
Translation, pages 17–25, Copenhagen, Denmark.
Association for Computational Linguistics.

Mathias Müller, Annette Rios, Elena Voita, and Rico
Sennrich. 2018. A large-scale test set for the eval-
uation of context-aware pronoun translation in neu-
ral machine translation. In Proceedings of the Third
Conference on Machine Translation: Research Pa-
pers, pages 61–72, Brussels, Belgium. Association
for Computational Linguistics.

Myle Ott, Sergey Edunov, Alexei Baevski, Angela
Fan, Sam Gross, Nathan Ng, David Grangier, and
Michael Auli. 2019. fairseq: A fast, extensible
toolkit for sequence modeling. In Proceedings of
the 2019 Conference of the North American Chap-
ter of the Association for Computational Linguistics
(Demonstrations), pages 48–53, Minneapolis, Min-
nesota. Association for Computational Linguistics.

Kishore Papineni, Salim Roukos, Todd Ward, and Wei-
Jing Zhu. 2002. BLEU: A method for automatic
evaluation of machine translation. In Proceedings of
the 40th Annual Meeting of the Association for Com-
putational Linguistics, pages 311–318, Philadelphia,
Pennsylvania, USA. Association for Computational
Linguistics.

Yip Po-Ching and Don Rimmington. 2004. Chinese: A
Comprehensive Grammar. Routledge.

Martin Popel. 2018. CUNI transformer neural MT sys-
tem for WMT18. In Proceedings of the Third Con-
ference on Machine Translation: Shared Task Pa-
pers, pages 482–487, Belgium, Brussels. Associa-
tion for Computational Linguistics.

Annette Rios Gonzales, Laura Mascarell, and Rico Sen-
nrich. 2017. Improving word sense disambigua-
tion in neural machine translation with sense em-
beddings. In Proceedings of the Second Conference
on Machine Translation, pages 11–19, Copenhagen,
Denmark. Association for Computational Linguis-
tics.

Vasile Rus and Mihai Lintean. 2012. A comparison of
greedy and optimal assessment of natural language
student input using word-to-word similarity metrics.
In Proceedings of the Seventh Workshop on Building

1561

https://doi.org/10.18653/v1/D18-1512
https://doi.org/10.18653/v1/D18-1512
https://www.aclweb.org/anthology/W04-1013
https://www.aclweb.org/anthology/W04-1013
https://aclanthology.org/L16-1147
https://aclanthology.org/L16-1147
https://aclanthology.org/L16-1147
https://aclanthology.org/L18-1275
https://aclanthology.org/L18-1275
https://aclanthology.org/2020.lrec-1.466
https://aclanthology.org/2020.lrec-1.466
https://doi.org/10.18653/v1/D15-1166
https://doi.org/10.18653/v1/D15-1166
https://aclanthology.org/2020.wmt-1.77
https://aclanthology.org/2020.wmt-1.77
https://doi.org/10.18653/v1/W17-4802
https://doi.org/10.18653/v1/W17-4802
https://doi.org/10.18653/v1/W18-6307
https://doi.org/10.18653/v1/W18-6307
https://doi.org/10.18653/v1/W18-6307
https://doi.org/10.18653/v1/N19-4009
https://doi.org/10.18653/v1/N19-4009
https://doi.org/10.3115/1073083.1073135
https://doi.org/10.3115/1073083.1073135
https://citeseerx.ist.psu.edu/viewdoc/summary?doi=10.1.1.463.2455
https://citeseerx.ist.psu.edu/viewdoc/summary?doi=10.1.1.463.2455
https://doi.org/10.18653/v1/W18-6424
https://doi.org/10.18653/v1/W18-6424
https://doi.org/10.18653/v1/W17-4702
https://doi.org/10.18653/v1/W17-4702
https://doi.org/10.18653/v1/W17-4702
https://aclanthology.org/W12-2018
https://aclanthology.org/W12-2018
https://aclanthology.org/W12-2018
https://aclanthology.org/W11-4624
https://aclanthology.org/W11-4624
http://arxiv.org/abs/1706.09799
http://arxiv.org/abs/1706.09799
http://arxiv.org/abs/1706.09799
https://www.aclweb.org/anthology/N19-1351
https://www.aclweb.org/anthology/N19-1351
https://www.aclweb.org/anthology/N19-1351


Educational Applications Using NLP, pages 157–
162, Montréal, Canada. Association for Computa-
tional Linguistics.

Rico Sennrich and Martin Volk. 2011. Iterative, MT-
based sentence alignment of parallel texts. In Pro-
ceedings of the 18th Nordic Conference of Compu-
tational Linguistics (NODALIDA 2011), pages 175–
182, Riga, Latvia. Northern European Association
for Language Technology (NEALT).

Shikhar Sharma, Layla El Asri, Hannes Schulz, and
Jeremie Zumer. 2017. Relevance of unsupervised
metrics in task-oriented dialogue for evaluating nat-
ural language generation. CoRR, abs/1706.09799.

Damien Sileo, Tim Van De Cruys, Camille Pradel,
and Philippe Muller. 2019. Mining discourse mark-
ers for unsupervised sentence representation learn-
ing. In Proceedings of the 2019 Conference of
the North American Chapter of the Association for
Computational Linguistics: Human Language Tech-
nologies, Volume 1 (Long and Short Papers), pages
3477–3486, Minneapolis, Minnesota. Association
for Computational Linguistics.

Matthew Snover, Bonnie Dorr, Rich Schwartz, Lin-
nea Micciulla, and John Makhoul. 2006. A study
of translation edit rate with targeted human annota-
tion. In Proceedings of the 7th Conference of the As-
sociation for Machine Translation in the Americas:
Technical Papers, pages 223–231, Cambridge, Mas-
sachusetts, USA. Association for Machine Transla-
tion in the Americas.

Natasha Tokowicz and Tamar Degani. 2010. Transla-
tion ambiguity: Consequences for learning and pro-
cessing. Research on Second Language Processing
and Parsing, pages 281–293.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob
Uszkoreit, Llion Jones, Aidan N. Gomez, Łukasz
Kaiser, and Illia Polosukhin. 2017. Attention is all
you need. In Advances in Neural Information Pro-
cessing Systems, volume 30.

Ramakrishna Vedantam, C. Lawrence Zitnick, and
Devi Parikh. 2015. CIDEr: Consensus-based im-
age description evaluation. In Proceedings of IEEE
Computer Society Conference on Computer Vision
and Pattern Recognition, pages 4566–4575.

Elena Voita, Rico Sennrich, and Ivan Titov. 2019.
When a good translation is wrong in context:
Context-aware machine translation improves on
deixis, ellipsis, and lexical cohesion. In Proceedings
of the 57th Annual Meeting of the Association for
Computational Linguistics, pages 1198–1212, Flo-
rence, Italy. Association for Computational Linguis-
tics.

Evan James Williams. 1959. Regression Analysis, vol-
ume 14. Wiley.

Billy T. M. Wong and Chunyu Kit. 2012. Extending
machine translation evaluation metrics with lexical
cohesion to document level. In Proceedings of the
2012 Joint Conference on Empirical Methods in Nat-
ural Language Processing and Computational Natu-
ral Language Learning, pages 1060–1068, Jeju Is-
land, Korea. Association for Computational Linguis-
tics.

Deyi Xiong and Min Zhang. 2014. Semantics, dis-
course and statistical machine translation. In Pro-
ceedings of the 52nd Annual Meeting of the Associa-
tion for Computational Linguistics: Tutorials, pages
11–12, Baltimore, Maryland, USA. Association for
Computational Linguistics.

Kazuhide Yamamoto and Eiichiro Sumita. 1998. Fea-
sibility study for ellipsis resolution in dialogues by
machine-learning technique. In 36th Annual Meet-
ing of the Association for Computational Linguis-
tics and 17th International Conference on Compu-
tational Linguistics, Volume 2, pages 1428–1435,
Montreal, Quebec, Canada. Association for Compu-
tational Linguistics.

Jiacheng Zhang, Huanbo Luan, Maosong Sun, Feifei
Zhai, Jingfang Xu, Min Zhang, and Yang Liu. 2018.
Improving the transformer translation model with
document-level context. In Proceedings of the 2018
Conference on Empirical Methods in Natural Lan-
guage Processing, pages 533–542, Brussels, Bel-
gium. Association for Computational Linguistics.

Ming Zhou, Bo Wang, Shujie Liu, Mu Li, Dongdong
Zhang, and Tiejun Zhao. 2008. Diagnostic eval-
uation of machine translation systems using auto-
matically constructed linguistic check-points. In
Proceedings of the 22nd International Conference
on Computational Linguistics, pages 1121–1128,
Manchester, UK.

1562

https://aclanthology.org/2006.amta-papers.25
https://aclanthology.org/2006.amta-papers.25
https://aclanthology.org/2006.amta-papers.25
https://benjamins.com/catalog/lald.53.12tok
https://benjamins.com/catalog/lald.53.12tok
https://benjamins.com/catalog/lald.53.12tok
https://proceedings.neurips.cc/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf
https://proceedings.neurips.cc/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf
https://ieeexplore.ieee.org/document/7299087
https://ieeexplore.ieee.org/document/7299087
https://doi.org/10.18653/v1/P19-1116
https://doi.org/10.18653/v1/P19-1116
https://doi.org/10.18653/v1/P19-1116
https://www.wiley.com/en-us/Regression+Analysis+by+Example%2C+5th+Edition-p-9781118456248
https://aclanthology.org/D12-1097
https://aclanthology.org/D12-1097
https://aclanthology.org/D12-1097
https://doi.org/10.3115/v1/P14-6007
https://doi.org/10.3115/v1/P14-6007
https://www.aclweb.org/anthology/C98-2228
https://www.aclweb.org/anthology/C98-2228
https://www.aclweb.org/anthology/C98-2228
https://doi.org/10.18653/v1/D18-1049
https://doi.org/10.18653/v1/D18-1049
https://aclanthology.org/C08-1141
https://aclanthology.org/C08-1141
https://aclanthology.org/C08-1141
https://benjamins.com/catalog/lic.12.2.06zuf
https://benjamins.com/catalog/lic.12.2.06zuf


A Dataset Creation

The Background of Translators. The original
Chinese books are translated by professional native
English speakers, and are corrected by editors.

Data Collection. This process is implemented
by a python web crawler, and certain data cleaning
is also done in the process. We crawl the books
chapter by chapter, and convert the text to UTF-8.
After deduplication, we remove the chapters with
less than 5 sentences. We further remove the titles
of each chapter, because most of them are neither
translated properly nor in the document-level.

Alignment and Quality Control. After collect-
ing the web books, we align the bilingual books
chapter by chapter according to the indices, while
removing those chapters without parallel data.
Then, we use Bluealign, which is an MT-based sen-
tence alignment tool, to align the chapters into par-
allel sentences, while retaining the document-level
information. We further deduplicate the parallel
corpus and filter the pairs with a sequence ratio of
3.0. The scale of the final corpus is 384 books with
9,581,816 sentence pairs (a total of 460 million
words). To estimate the accuracy of this process,
we hired 4 bilingual graduate students to manually
evaluate 163 randomly selected documents from
the resulting BWB parallel corpus. These students
are native Chinese speakers who are proficient in
English. More specifically, they were asked to dis-
tinguish whether a document is well aligned at the
sentence level by counting the number of misalign-
ment. For example, if Line 39 in English actually
corresponds to Line 39 and Line 40 in Chinese, but
the tool made a mistake that it combines the two
sentences, it is identified as a misalignment. We
observe an alignment accuracy rate of 93.1%.

We further asked the same batch of annotators
to correct such misalignments in both the develop-
ment and the test set. The annotation result shows
that 7.3% lines are corrected.

B Error Analysis and BLOND+
Annotation

Error analysis and BLOND+ annotation are con-
ducted together. This task is conducted by eight
professional Chinese-English translators who are
native in Chinese and fluent in English.

The guideline is as follows:

• First, identify cases which have translation

errors. The annotators are instructed to mark
examples as “translations with no error” only
if it satisfies the criteria of both adequacy and
fluency as well as satisfies the criterion that it
is coherent in the context.

• Second, identify whether the translation con-
tains document-level error or sentence-level
error (or both). The annotators are instructed
to mark examples as “cases with sentence-
level errors” when they are not adequate
or fluent as stand-alone sentences; while
“document-level errors” mean those errors that
cause the example violating the global crite-
rion of coherence.

• Third, categorize the examples with
document-level errors according to the
linguistic phenomena that lead to errors in
MT outputs when considering context.

We first conduct a test annotation and observe
that the annotators categorize document-level er-
rors into mainly into 3 categories, namely inconsis-
tency, ellipsis, and ambiguity. According to this ob-
servation, we instruct annotators to mark document-
level errors as inconsistency, ellipsis, and ambigu-
ity, or other document-level error during the anno-
tation process for the entire test set.

In the formal annotation process, we also added
the requirement to annotate BLOND+ spans. The
detailed requirement is as follows:

• Third, categorize the examples with
document-level into 4 categories: incon-
sistency, ellipsis, and ambiguity, or other
document-level error which cannot be
categorized.

• Fourth, if the example is categorized as am-
biguity, mark the specific word/phrase in the
reference (English) that cause ambiguity and
give the correct word/phrase.

• Fifth, if the example is categorized as ellipsis
and it is not related to pronouns or discourse
markers, mark the omitted word/phrase in the
reference (English).

C Human Post-Editing

This task is conducted by the same eight profes-
sional Chinese-English translators who carry out
the annotation in Appendix B. We asked them
to follow guidelines for achieving “good enough”
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CATEGORIES DESCRIPTION MARKERS

contingency only consider “cause" [“but", “while", “however", “although", “though", “still",
“yet", “whereas", “on the other hand", “in contrast", “by
contrast", “by comparison", “conversely"]

comparison combine “concession” and “contrast” [“if”, “because”, “so”, “since”, “thus”, “hence”, “as a
result”, “therefore”, “thereby”, “accordingly”, “conse-
quently”, “in consequence”, “for this reason”]

expansion only consider “conjunction” [“also”, “in addition”, “moreover”, “additionally”, “be-
sides”, “else,”, “plus”]

temporal
“synchronous” [“meantime”, “meanwhile”, “simultaneously”]
”asynchronous” [“when”, “after”, “then”, “before”, “until”, “later”,

“once”, “afterward”, “next”]

Table 6: Explanations of the discourse marker types (discourse relations) in DM.

Dataset Domain #Docs #Sents

WMT (Barrault et al., 2019) News 68.4k 3.63M
OpenSubtitles (Lison et al., 2018) Subtitles 29.1k 31.2k

TED (Ansari et al., 2020) Talks 1K 219M

BWB Books 196k 9M

Table 7: Comparison of different document-level datasets.

quality at the sentence-level (comprehensible, ac-
curate but as not being stylistically compelling) but
especially pay attention to document-level errors
and correct them.

D The Human Evaluation Protocol

The human evaluation is conducted on outputs of
four systems (OMT-B, MT-S, CTX, PE) and human
translation. We follow the protocol proposed by
(Läubli et al., 2018, 2020). We conduct the eval-
uation experiment with a 2 × 2 mixed factorial
design, carrying both DOCUMENT-level and SEN-
TENCE-level evaluation in terms of ADEQUACY

and FLUENCY. In the SENTENCE-level evaluation,
we show raters isolated sentences in random order;
while in the DOCUMENT-level evaluation, entire
documents are presented and we only ask raters to
evaluate a sequence of 5 sequential sentences at a
time in order.

To avoid reference bias, the ADEQUACY evalua-
tion is only based on source texts, while no source
texts nor references are presented in the FLUENCY

evaluation. We adopt Relative Ranking (RR): raters
are presented with outputs from the aforementioned
five systems, which they are asked to evaluate rel-
ative to each other, e.g., to determine system A is
better than system B (with ties allowed).

We use source sentences and documents from

the BWB test set, but blind their origins by random-
izing both the order in which the system outputs are
presented. Note that in the DOCUMENT-level eval-
uation, the same ordering of systems is used within
a document. The order of experimental items is
also randomised. Sentences are randomly drawn
from these documents, regardless of their position.

We also use spam items for quality control (Kit-
tur et al., 2008): In a small fraction of items, we
render one of the five options nonsensical by ran-
domly shuffling the order of all translated words,
except for 10% at the beginning and end. If a rater
marks a spam item as better than or equal to an
actual translation, this is a strong indication that
they did not read both options carefully. At the
DOCUMENT-level, we render one of the five op-
tions nonsensical by randomly shuffling the order
of all translated sentences, except for the first and
the last sentence.

We recruit four professional Chinese to English
translators and four native English revisers for the
adequacy and fluency conditions respectively. Note
that the eight translators are different from those
professional translators who carry out the human
translation PE. We deliberately invite another group
of specialists for human evaluation to avoid making
unreasonable judgments biased towards PE. In each
condition, each raters evaluate 162 documents (plus
18 spam items) and 162 sentences (plus 18 spam
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SENTENCE DOCUMENT

RATER1-RATER2 .171 .169
RATER3-RATER4 .294 .346
RATER5-RATER6 .323 .402
RATER7-RATER8 .378 .342

Table 8: Inter-rater agreements measure by Cohen’s κ, where
RATER1-4 are professional translators whose native language
is Chinese, RATER5-8 are native English revisers.

items). We use two non-overlapping sets of docu-
ments and two non-overlapping sets of sentences,
and each is evaluated by two raters. Specifically,
we refer the first half of the test set as PART1 and
the second half as PART2. Note that PART1 and
PART2 are chosen from different books. Each rater
evaluates both sentences and documents, but never
the same text in both conditions so as to avoid rep-
etition priming (Gonzalez et al., 2011): RATER1
and RATER2 conduct the DOCUMENT-level ADE-
QUACY evaluation on 180 documents sampled from
PART1 and the SENTENCE-level ADEQUACY evalu-
ation for PART2; RATER3 and RATER4 conduct the
SENTENCE-level FLUENCY evaluation on 180 doc-
uments sampled from PART1 and the DOCUMENT-
level FLUENCY evaluation for PART2; RATER5 and
RATER6 conduct the DOCUMENT-level FLUENCY

evaluation on 180 documents sampled from PART1
and the SENTENCE-level FLUENCY evaluation for
PART2; RATER7 and RATER8 conduct the SEN-
TENCE-level FLUENCY evaluation on 180 docu-
ments sampled from PART1 and the DOCUMENT-
level FLUENCY evaluation for PART2.

E Statistical Analysis of Human
Evaluation

We calculate Cohen’s kappa coefficient:

κ =
P (A)− P (E)

1− P (E)
(16)

where P (A) is the proportion of times that two
raters agree, and P (E) is the likelihood of agree-
ment by chance. We report pairwise inter-rater
agreement in Table 8.

F Experiment Settings

F.1 BLONDE

We use the named entity recognition module and
the POS tagger of spaCy (Honnibal and Montani,
2017) to implement the categorizing function cat

for ENTITY and TENSE, respectively. We use the
script provided by Sileo et al. (2019) as the dis-
course marker minor.

F.2 Model Hyperparameters
We follow the setup of Transformer big model for
BWB experiments. More precisely, the parameters
in the big encoders and decoders are N = 12 ,
the number of heads per layer is h = 16, the di-
mensionality of input and output is dmodel = 1024,
and the inner-layer of a feed-forward networks has
dimensionality dff = 4096. The dropout rate
is fixed as 0.3. We adopt Adam optimizer with
β1 = 0.9, β2 = 0.98, ε = 10−9, and set learn-
ing rate 0.1 of the same learning rate schedule as
Transformer. We set the batch size as 6,000 and the
update frequency as 16 for updating parameters to
imitate 128 GPUs on a machine with 8 V100 GPU.
The datasets are encoded by BPE with 60K merge
operations.
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Abstract

Building models to detect vaccine attitudes on
social media is challenging because of the com-
posite, often intricate aspects involved, and the
limited availability of annotated data. Existing
approaches have relied heavily on supervised
training that requires abundant annotations and
pre-defined aspect categories. Instead, with the
aim of leveraging the large amount of unan-
notated data now available on vaccination, we
propose a novel semi-supervised approach for
vaccine attitude detection, called VADET. A
variational autoencoding architecture based on
language models is employed to learn from
unlabelled data the topical information of the
domain. Then, the model is fine-tuned with a
few manually annotated examples of user atti-
tudes. We validate the effectiveness of VADET
on our annotated data and also on an existing
vaccination corpus annotated with opinions on
vaccines. Our results show that VADET is
able to learn disentangled stance and aspect
topics, and outperforms existing aspect-based
sentiment analysis models on both stance de-
tection and tweet clustering. Our source code
and dataset are available at http://github.
com/somethingx1202/VADet.

1 Introduction

The aim of vaccine attitude detection in social me-
dia is to extract people’s opinions towards vaccines
by analysing their online posts. This is closely re-
lated to aspect-based sentiment analysis in which
both aspects and related sentiments need to be
identified. Previous research has been largely fo-
cused on product reviews and relied on aspect-
level sentiment annotations to train models (Barnes
et al., 2021), where aspect-opinions are extracted
as triples (Peng et al., 2020), polarized targets (Ma
et al., 2018) or sentiment spans (He et al., 2019).
However, for the task of vaccine attitude detec-
tion on Twitter, such a volume of annotated data is
barely available (Kunneman et al., 2020; Paul et al.,

The AstraZeneca one is rough for up to 48 hours; after that you 
may still be a bit swollen but you'll basically feel fine. I've had that 
and the virus, and the vaccine is far less unpleasant.

Have felt for the past 24 hours that I’ve been run over by three 
double decker buses after the AstraZeneca vaccine yesterday 
morning. Starting to feel a little normal now but it’s not been nice!

This is quite baffling. I got my second Pfizer vaccine last week and I 
have gone totally off chocolate! As side effects go, it’s not so bad.

There are some very interesting ties between this vaccines creators 
and the eugenics movement which is concerning considering it’s 
mainly been promoted as a vaccine for poor folks in the third world.

Figure 1: Top: Expressions of aspects entangled with
expressions of opinions. Bottom: Vaccine attitudes can
be expressed towards a wide range of aspects/topics
relating to vaccination, making it difficult to pre-define
a set of aspect labels as opposed to corpora typically
used for aspect-based sentiment analysis.

2021). This scarcity of data is compounded by the
diversity of attitudes, making it difficult for models
to identify all aspects discussed in posts (Morante
et al., 2020).

As representative examples, consider the two
tweets about personal experiences for vaccination
at the top of Figure 1. The two tweets, despite ad-
dressing a common aspect (vaccine side-effects),
express opposite stances towards vaccines. How-
ever, the aspect and the stances are so fused to-
gether that the whole of the tweets need to be con-
sidered to derive the proper labels, making it diffi-
cult to disentangle them using existing methodolo-
gies. Additionally, in the case of vaccines attitude
analysis, there is a wide variety of possible aspects
discussed in posts, as shown in the bottom of Fig-
ure 1, where one tweet ironically addressed vaccine
side-effects and the second one expressed instead
specific political concerns. This is different from
traditional aspect-based sentiment analysis on prod-
uct reviews where only a small number of aspects
need to be pre-defined.

The recently developed framework for integrat-
ing Variational Auto-Encoder (VAE) (Kingma and
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Welling, 2014) and Independent Component Anal-
ysis (ICA) (Khemakhem et al., 2020) sheds light
on this problem. VAE is an unsupervised method
that can be used to glean information that must be
retained from the vaccine-related corpus. Mean-
while, a handful of annotations would induce the
separation of independent factors following the
ICA requirement for prior knowledge and induc-
tive biases (Hyvarinen et al., 2019; Locatello et al.,
2020a,b). To this end, we could disentangle the
latent factors that are either specific to the aspect or
to the stance, and improve the quality of the latent
semantics learned from unannotated data.

We frame the problem of vaccine attitude de-
tection as a joint aspect span detection and stance
classification task, assuming that a tweet, which
is limited to 280 characters, would usually only
discuss one aspect. In particular, we extend a pre-
trained language model (LM) by adding a topic
layer, which aims to model the topical theme dis-
cussed in a tweet. In the absence of annotated data,
the topic layer is trained to reconstruct the input
message built on VAE. Given the annotated data,
where each tweet is annotated with an aspect span
and a stance label, the learned topic can be disen-
tangled into a stance topic and an aspect topic. The
stance topic is used to predict the stance label of the
given tweet, while the aspect topic is used to pre-
dict the start and the ending positions of the aspect
span. By doing so, we can effectively leverage both
unannotated and annotated data for model training.

To evaluate the effectiveness of our proposed
model for vaccine attitude detection on Twitter, we
have collected over 1.9 million tweets relating to
COVID vaccines between February and April 2021.
We have further annotated 2,800 tweets with both
aspect spans and stance labels. In addition, we
have also used an existing Vaccination Corpus1 in
which 294 documents related to the online vacci-
nation debate have been annotated with opinions
towards vaccination. Our experimental results on
both datasets show that the proposed model outper-
forms existing opinion triple extraction model and
BERT QA model on both aspect span extraction
and stance classification. Moreover, the learned
latent aspect topics allow the clustering of user atti-
tudes towards vaccines, facilitating easier discovery
of positive and negative attitudes in social media.
The contribution of this work can be summarised
as follows:

1https://github.com/cltl/VaccinationCorpus

• We have proposed a novel semi-supervised
approach for joint latent stance/aspect repre-
sentation learning and aspect span detection;

• The developed disentangled representation
learning facilitates better attitude detection
and clustering;

• We have constructed an annotated dataset for
vaccine attitude detection.

2 Related Work

Our work is related to three lines of research:
aspect-based sentiment analysis, disentangled rep-
resentation learning, and vaccine attitude detection.

Aspect-Based Sentiment Analysis (ABSA)
aims to identify the aspect terms and their polari-
ties from text. Much work has been focusing on
this task. The techniques used include Conditional
Random Fields (CRFs) (Marcheggiani et al., 2014),
Bidirectional Long Short-Term Memory networks
(BiLSTMs) (Baziotis et al., 2017), Convolutional
Neural Networks (CNNs) (Zhang et al., 2015b), At-
tention Networks (Yang et al., 2016; Pergola et al.,
2021b), DenseLSTMs (Wu et al., 2018), NestedL-
STMs (Moniz and Krueger, 2017), Graph Neural
Networks (Zhang et al., 2019) and their combina-
tions (Wang et al., 2018; Zhu et al., 2021; Wan
et al., 2020), to name a few.

Zhang et al. (2015a) framed this task as text span
detection, where they used text spans to denote as-
pects. The same annotation scheme was employed
in (Li et al., 2018b), where intra-word attentions
were designed to enrich the representations of as-
pects and predict their polarities. Li et al. (2018c)
formalized the task as a sequence labeling problem
under a unified tagging scheme. Their follow-up
work (Li et al., 2019) explored BERT for end-to-
end ABSA. Peng et al. (2020) modified this task
by introducing opinion terms to shape the polarity.
A similar modification was made in (Zhao et al.,
2020) to extract aspect-opinion pairs. Position-
aware tagging was introduced to entrench the offset
between the aspect span and opinion term (Xu et al.,
2020). More recently, instead of using pipeline ap-
proaches or sequence tagging, Barnes et al. (2021)
adapted syntactic dependency parsing to perform
aspect and opinion expression extraction, and po-
larity classification, thus formalizing the task as
structured sentiment analysis.
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Disentangled representation learning Deep
generative models learn the hidden semantics of
text, of which many attempt to capture the inde-
pendent latent factor to steer the generation of text
in the context of NLP (Hu et al., 2017; Li et al.,
2018a; Pergola et al., 2019; John et al., 2019; Li
et al., 2020). The majority of the aforementioned
work employs VAE (Kingma et al., 2014) to learn
controllable factors, leading to the abundance of
VAE-based models in disentangled representation
learning (Higgins et al., 2017; Burgess et al., 2018;
Chen et al., 2018). However, previous studies
show that unsupervised learning of disentangle-
ment by optimising the marginal likelihood in a
generative model is impossible (Locatello et al.,
2019). While it is also the case that non-linear ICA
is unable to uncover the true independent factors,
Khemakhem et al. (2020) established a connection
between those two strands of work, which is of par-
ticular interest to us since the proposed framework
learns to approximate the true factorial prior given
few examples, recovering a disentangled latent vari-
able distribution on top of additionally observed
variables. In this paper, stance labels and aspect
spans are additionally observed on a handful of
data, which could be used as inductive biases that
make disentanglement possible.

Vaccine attitude detection Very little literature
exists on attitude detection for vaccination. In con-
trast, there is growing interest in Covid-19 corpus
construction (Shuja et al., 2021). Of particular in-
terest to us, Banda et al. (2021) built an on-going
tweet dataset that traces the development of Covid-
19 by 3 keywords: “coronavirus”, “2019nCoV”
and “corona virus”. Hussain et al. (2021) uti-
lized hydrated tweets from the aforementioned cor-
pus to analyze the sentiment towards vaccination.
They used lexicon-based methods (i.e., VADER
and TextBlob) and pre-trained BERT to classify
the sentiment in order to gain insights into the
temporal sentiment trends. A similar approach
has been proposed in (Hu et al., 2021). Lyu et al.
(2021) employed a topic model to discover vaccine-
related themes in twitter discussions and performed
sentiment classification using lexicon-based meth-
ods. However, none of the work above constructed
datasets about vaccine attitudes, nor did they train
models to detect attitudes. Morante et al. (2020)
built the Vaccination Corpus (VC) with events, at-
tributions and opinions annotated in the form of
text spans, which is the only dataset available to us

to perform attitude detection.

3 Methodology

The goal of our work is to detect the stance ex-
pressed in a tweet (i.e., ‘pro-vaccination’, ‘anti-
vaccination’, or ‘neutral’), identify a text span that
indicates the concerning aspect of vaccination, and
cluster tweets into groups that share similar aspects.
To this end, we propose a novel latent representa-
tion learning model that jointly learns a stance clas-
sifier and disentangles the latent variables capturing
stance and aspect respectively. Our proposed Vac-
cine Attitude Detection (VADET) model is firstly
trained on a large amount of unannotated Twitter
data to learn latent topics via masked Language
Model (LM) learning. It is then fine-tuned on a
small amount of Twitter data annotated with stance
labels and aspect text spans for simultaneously
stance classification and aspect span start/end po-
sition detection. The rationale is that the inductive
bias imposed by the annotations would encourage
the disentanglement of latent stance topics and as-
pect topics. In what follows, we will present our
proposed VADET model, first under the masked
LM learning and later extended to the supervised
setting for learning disentangled stance and aspect
topics.

Very grateful to those at Oxford @user and 
everyone from the @user as I got my first 
#COVID19 vaccine . Quick , painless and no side 
effects . Well apart from this weird urge to buy 

p
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I got my first #COVID19 vaccine Very grateful to those at Oxford @user and everyone 
from the @user as I got my first #COVID19 vaccine . 
Quick , painless and no side effects .
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Figure 2: VADET in masked language model learning.
The latent variables are encoded via the topic layers
incorporated into the masked language model.

VADET in the masked LM learning We insert a
topic layer into a pre-trained language model such
as ALBERT, as shown in Figure 2, allowing the
network to leverage pre-trained information while
fine-tuned on an in-domain corpus. We assume that
there is a continuous latent variable z involved in
the language model to reconstruct the original text
from the masked tokens. We retain the weights of
a language model and learn the latent representa-
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Figure 3: VADET in supervised learning. The text segment highlighted in blue is the annotated aspect span. The
right part learns latent aspect topic za from aspect text span [wa : wb] only under masked LM learning. The left part
learns jointly latent stance topic zs and latent aspect topic zw from the whole input text, and trained simultaneously
for stance classification and aspect start/end position detection.

tion during the fine-tuning. More concretely, the
topic layer partitions a language model into lower
layers and higher layers denoted as ψ and θ, respec-
tively. The lower layers constitute the Encoder that
parameterizes the variational posterior distribution
denoted as qϕ(z|ψ(w)), while the higher layers re-
construct the input tokens, which is referred to as
the Decoder.

The objective of VAE is to minimize the KL-
divergence between the variational posterior dis-
tribution and the approximated posterior. This
is equivalent to maximizing the Evidence Lower
BOund (ELBO) expressed as:

Eqϕ(z|ψ(w))[log pθ(wH |z, ψ(w))]−KL[qϕ(z|ψ(w))||p(z)],
(1)

where qϕ(z|ψ(w)) is the encoder and
pθ(wH |z, ψ(w)) is the decoder. Here,
w = [wCLS, w1:n], since the special classifi-
cation embedding wCLS is automatically prepended
to the input sequence (Devlin et al., 2019), wH

denotes the reconstructed input.
Following (Kingma and Welling, 2014), we

choose a standard Gaussian distribution as the prior,
denoted as p(z), and the diagonal Gaussian distri-
bution z ∼ N (µϕ(ψ(w)), σ2ϕ(ψ(w))) as the vari-
ational distribution. The decoder computes the
probability of the original token given the latent
variable sampled from the Encoder. We use the
Memory Scheme (Li et al., 2020) to concatenate
z and ψ(w), making the latent representation com-

patible for higher layers of the language model.
Then the latent presentation z is passed to θ to
reconstruct the original text.

VADET with disentanglement of aspect and
stance One of the training objectives of vaccine
attitude detection is to detect the text span that
indicates the aspect and to predict the associated
stance label. Existing approaches rely on structured
annotations to indicate the boundary and depen-
dency between aspect span and opinion words (Xu
et al., 2020; Barnes et al., 2021), or use a two-stage
pipeline to detect the aspect span and the associ-
ated opinion separately (Peng et al., 2020). The
problem is that the opinion expressed in a tweet
and the aspect span often overlap. To mitigate this
issue, we instead separate the stance and aspect
from their representations in the latent semantic
space, that is, disentangling latent topics learned by
VADET into latent stance topics and latent aspect
topics. A recent study in disentangled representa-
tion learning (Locatello et al., 2019) shows that un-
supervised learning of disentangled representations
is theoretically impossible from i.i.d. observations
without inductive biases, such as grouping informa-
tion (Bouchacourt et al., 2018) or access to labels
(Locatello et al., 2020b; Träuble et al., 2021). As
such, we extend our model to a supervised setting
in which disentanglement of the latent vectors can
be trained on annotated data.

Figure 3 outlines the overall structure of VADET
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in the supervised setting. On the right hand side,
we show VADET learned from the annotated aspect
text span [wa : wb] under masked LM learning. The
latent variable za encodes the hidden semantics of
the aspect expression. We posit that the aspect span
is generated from a latent representation with a
standard Gaussian distribution being its prior. The
ELBO for reconstructing the aspect text span is:

LA = Eqϕ(za|ψ(wa:b))[log pθ(w
H
a:b|za, ψ(wa:b))]

−KL[qϕ(za|ψ(wa:b))||p(za)],
(2)

where wHa:b denotes the reconstructed aspect span.
Ideally, the latent variable za does not encode any
stance information and only captures the aspect
mentioned in the sentence. Therefore, the zs for the
language model on the right hand side is detached
and the reconstruction loss for [CLS] is set free.

On the left hand side of Figure 3, we train
VADET on the whole sentence. The input to
VADET is formalized as: ‘[CLS] text’. Instead
of mapping an input to a single latent variable z,
as in masked LM learning of VADET, the input
is now mapped to a latent variable decomposing
into two components, [zs, zw], one for the stance
and another for the aspect. We use a conditionally
factorized Gaussian prior over the latent variable
zw ∼ pθ(zw|wa:b), which enables the separation of
zs and zw since the diagonal Gaussian is factorized
and the conditioning variable wa:b is observed.

We establish an association between zw and za
by specifying pθ(zw|wa:b) to be the encoder net-
work of qϕ(za|wa:b), since we want the latent se-
mantics of aspect span to encourage the disentan-
glement of attitude in the latent space. In other
words, the prior of zw is configured as the approx-
imate posterior of za to enforce the association
between the disentangled aspect in sentence and
the de facto aspect. As a result, the ELBO for the
original text is written as

Eqϕ(zw|ψ(w))[log pθ(w
H |zw, ψ(w))]

−KL[qϕ(zw|ψ(w))||qϕ(zw|ψ(wa:b))],
(3)

where wH denotes the reconstructed input text,
zw|w ∼ N (µϕ(ψ(w)), σ2ϕ(ψ(w))). The KL-
divergence allows for some variability since there
might be some semantic drift from the original se-
mantics when the aspect span is placed in a longer
sequence.

The annotation of the stance label provides an
additional input. To exploit this inductive bias, we

enforce the constraint that zs participates in the
generation of [CLS], which follows an approx-
imate posterior qϕ(zs|ψ(w[CLS])). We place the
standard Gaussian as the prior over zs ∼ N (0, I)
and obtain the ELBO

Eqϕ(zs|ψ(w[CLS]))[log pθ(w
H
[CLS]|zs, ψ(w[CLS]))]

−KL[qϕ(zs|ψ(w[CLS]))||p(zs)]
(4)

Since the variational family in Eq. 1 are Gaussian
distributions with diagonal covariance, the joint
space of [zs, zw] factorizes as qϕ(zs, zw|ψ(w)) =
qϕ(zs|ψ(w))qϕ(zw|ψ(w)) (Nalisnick et al., 2016).
Assuming zw to be solely dependent on ψ(w1:n),
we obtain the ELBO for the entire input sequence:

LS = Eqϕ(zw)Eqϕ(zs)[log pθ(w
H |z, ψ(w))]

−KL [qϕ(zw|ψ(w1:n))||qϕ(zw|ψ(wa:b))]
−KL[qϕ(zs|ψ(w))||p(zs)].

(5)

Note that the expectation term can be decomposed
into the expectation term in Eq. 3 and Eq. 4 accord-
ing to the decoder structure. For the full derivation,
please refer to Appendix A.

Finally, we perform stance classification and
classification for the starting and ending position
over the aspect span of a tweet. We use negative
log-likelihood loss for both the stance label and
aspect span:

Ls =− log p(ys|wH[CLS]),
La =− log p(ya|MLP(wH1:n))− log p(yb|MLP(wH1:n)),

where MLP is a fully-connected feed-forward net-
work with tanh activation, ys is the predicted stance
label, ya and yb are the starting and ending position
of the aspect span. The overall training objective
in the supervised setting is:

L = Ls + La − LS − LA
4 Experiments

We present below the experimental setup and eval-
uation results.

4.1 Experimental Setup
Datasets We evaluate our proposed VADET and
compare it against baselines on two vaccine attitude
datasets.
VAD is our constructed Vaccine Attitude Dataset.
Following (Hussain et al., 2021), we crawl tweets
using the Twitter streaming API with 60 pre-
defined keywords2 relating to COVID-19 vaccines

2The full keyword list and the details of dataset construc-
tion are presented in Appendix B.
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VAD VC

Specification Train Test Train Test

# tweets 2000 800 1162 531
# anti-vac. 638 240 822 394
# neutral 142 76 41 27
# pro-vac. 1220 484 299 110

Avg. length 33.5 34.13 29.6 30.24
len(aspect) 17.5 18.75 1.03 1.08
len(opinion) 27.97 29.01 3.25 3.15

# tokens 67k 27.3k 34.4k 16.8k

Table 1: Dataset Statistics. ‘# tweets’ denotes the num-
ber of tweets in VAD, and for VC it is the number of
sentences. ‘anti-vac.’ means anti-vaccination while
‘pro-vac.’ means pro-vaccination. ‘Avg. length’ and ‘#
token’ measure the number of word tokens.

(e.g., Pfizer, AstraZeneca, and Moderna). Our final
dataset comprises 1.9 million English tweets col-
lected between February 7th and April 3rd, 2021.
We randomly sample a subset of tweets for anno-
tation. Upon an initial inspection, we found that
over 97% of tweets mentioned only one aspect. As
such, we annotate each tweet with a stance label
and a text span characterizing the aspect. In total,
2,800 tweets have been annotated in which 2,000
are used for training and the remaining 800 are
used for testing. The statistics of the dataset is
listed in Table 1. The stance labels are imbalanced.
On the other hand, the average opinion length is
longer than the average aspect length, and is close
to the average tweet length. For the purpose of
evaluation on tweet clustering and latent topic dis-
entanglement, we further annotate tweets with a
categorical label indicating the aspect category. In-
spired by (Morante et al., 2020), we identify 24
aspect categories3 and each tweet is annotated with
one of these categories. It is worth mentioning that
aspect category labels are not used for training.
VC (Morante et al., 2020) is a vaccination corpus
consisting of 294 Internet documents about online
vaccine debate annotated with events, 210 of which
are annotated with opinions (in the form of text
spans) towards vaccines. The stance label is con-
sidered to be the stance for the whole sentence.
Those sentences with conflicting stance labels are
regarded as neutral. We split the dataset into a ra-
tio of 2:1 for training and testing. This eventually
left us with 1,162 sentences for training and 531
sentences for testing.

3The full list of aspect categories is shown in Table A1.

Baselines We compare the experimental results
with the following baselines:
BertQA (Li et al., 2018c): a pre-trained language
model well-suited for span detection. With BertQA,
attitude detection is performed by first classifying
stance labels then predicting the answer queried
by the stance label. The text span is configured as
the ground-truth answer. We rely on its Hugging-
Face4 (Wolf et al., 2020) implementation. We em-
ploy ALBERT (Lan et al., 2020) as the backbone
language model for both BertQA and VADET.
ASTE (Peng et al., 2020): a pipeline approach
consisting of aspect extraction (Li et al., 2018c)
and sentiment labelling (Li et al., 2018b).

Evaluation Metrics For stance classification, we
use accuracy and Macro-averaged F1 score. For
aspect span detection, we follow Rajpurkar et al.
(2016) in adopting exact match (EM) accuracy of
the starting-ending position and Macro-averaged
F1 score of the overlap between the prediction and
ground truth aspect span. For tweet clustering, we
follow Xie et al. (2016) and Zhang et al. (2021)
and use the Normalized Mutual Information (NMI)
metric to measure how the clustered group aligns
with ground-truth categories. In addition, we also
report the clustering accuracy.

4.2 Experimental Results

In all our experiments, VADET is firstly pre-trained
in an unsupervised way on our collected 1.9 million
tweets before fine-tuned on the annotated training
set from the VAD or VC corpora.

Stance Classification and Aspect Span Detection
In Table 2, we report the performance on attitude
detection. In stance classification, our model out-
performs both baselines with more significant im-
provements on ASTE. On aspect span extraction,
VADET yields even more noticeable improvements,
with a 2.3% increase in F1 over BertQA on VAD,
and 2.7% on VC. These results indicate that the
successful prediction relies on the hidden represen-
tation learned in the unsupervised training. The
disentanglement of stance and aspect may have
also contributed to the improvement.

Clustering To assess whether the learned latent
aspect topics would allow meaningful categoriza-
tion of documents into attitude clusters, we perform

4https://huggingface.co/
transformers/model_doc/albert.html#
albertforquestionanswering
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Model VAD VC

Stance Acc. F1 Acc. F1

BertQA 0.754 0.742 0.719 0.708
ASTE 0.723 0.710 0.704 0.686
VADET 0.763 0.756 0.727 0.713

Aspect Span Acc. F1 Acc. F1

BertQA 0.546 0.722 0.525 0.670
ASTE 0.508 0.684 0.467 0.652
VADET 0.556 0.745 0.541 0.697

Cluster Acc. NMI Acc. NMI

DEC (BertQA) 0.633 58.1 0.586 52.8
K-means (BERT) 0.618 56.4 0.571 50.1
DEC (VADET) 0.679 60.7 0.605 54.7

Table 2: Results for stance classification, aspect span
extraction and aspect clustering on both VAD and VC
corpora.

clustering using the disentangled representations
that encode aspects, i.e., zw. Deep Embedding
Clustering (DEC) (Xie et al., 2016) is employed as
the backend. For comparison, we also run DEC on
the aspect representations of documents returned
by BertQA. For each document, its aspect represen-
tation is obtained by averageing over the fine-tuned
ALBERT representations of the constituent words
in its aspect span. To assess the quality of clus-
ters, we need the annotated aspect categories for
documents in the test set. In VAD, we use the an-
notated aspect labels as the ground-truth categories
whereas in VC we use the annotated event types.
Results are presented in the lower part of Table 2.
We found a prominent increase in NMI score over
the baselines. Using the learned latent aspect top-
ics as features, DEC (VADET) outperforms DEC
(BertQA) by 4.6% and 1.9% in accuracy on VAD
and VC, respectively. We also notice that using
K-means as the clustering approach directly on the
BERT-encoded tweet representations gives worse
results compared to DEC. A similar trend is ob-
served on the NMI metric. The improvements are
shown visually in Figure 4 where the clustered
groups produced by VADET are more identifiable.
In the absence of categorical labels, the perspective
expressed by each group can be inferred from the
constituent tweets. For example, the tweet ‘@user
Georgian nurse dies of allergic reaction after re-
ceiving AstraZeneca Covid19 vaccine’ lies in the
centroid of the red group, which relates to safety
concerns.

Cluster Semantic Coherence Evaluation The
semantic coherence is the extent to which tweets
within a cluster belong to each other, which is em-

(a) VADET (b) BertQA

Figure 4: Clustered groups of VADET and BertQA on
the VAD dataset. Each color indicates a ground truth
aspect category. The clusters are dominated by: (1)
Red: the (adverse) side effects of vaccines; (2) Green:
explaining personal experiences with any aspect of vac-
cines; and (3) Cyan: the immunity level provided by
vaccines.

ployed as an evaluation metric for cluster quality
evaluation in an unsupervised way. Recent work
of Bilal et al. (2021) found that Text Generation
Metrics (TGMs) align well with human judgement
in evaluating clusters in the context of microblog
posts. TGM by definition measures the similarity
between the ground-truth and the generated text.
The rationale is that a high TGM score means sen-
tence pairs are semantically similar. Here, two
metrics are used: BERTScore, which calculates the
similarity of two sentences as a sum of cosine simi-
larities between their tokens’ embeddings (Zhang
et al., 2020), and BLEURT, a pre-trained adjudica-
tor that fine-tunes BERT on an external dataset of
human ratings (Sellam et al., 2020). As in (Bilal
et al., 2021), we adopt the Exhaustive Approach
that for a cluster C, its coherence score is the aver-
age TGM score of every possible tweet pair in the
cluster:

f(C) =
1

N2

∑

i,j∈[1,N ],i<j

TGM(tweeti, tweetj).

Figure 5 shows the BERTScore and the BLEURT
score of VADET and baselines on two datasets. The
VADET shows consistent improvements across the
datasets. This indicates that tweets clustered us-
ing the latent aspect topics generated by VADET

are semantically more similar, thus validating the
assumption that disentangled representations are
more effective in bringing together tweets of a sim-
ilar gist.

Conditional Perplexity Few metrics have been
proposed to evaluate the quality of disentangled rep-
resentations (Pergola et al., 2021a). Therefore, we
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Figure 5: Semantic coherence evaluated in two metrics.

adopt the language model perplexity conditioned
on za to evaluate the extent to which the disentan-
gled representation improves language generation
on held-out data. Perplexity is widely used in the
literature of text style transfer (John et al., 2019;
Yi et al., 2020), where the probability of the gen-
erated language is calculated conditioned on the
controlled latent code. A lower perplexity score
indicates better language generation performance.
Following John et al. (2019), we compute an esti-
mated aspect vector ẑ(k)a of a cluster k in the train-
ing set as

ẑ(k)a =

∑
i∈cluster k z

(k)
a,i

# tweets in cluster k
,

where z(k)a,i is the learned aspect vector of the i-th
tweet in the k-th cluster. For the stance vector zs,
we sample one value per tweet. The stance vec-
tor is concatenated with the aspect vector ẑ(k)a to
calculate the probability of generating the held-out
data, i.e., the testing set. For the baseline mod-
els, we choose β-VAE (Higgins et al., 2017) and
SCHOLAR (Card et al., 2018). We train β-VAE
on the same data with β set to different values.
SCHOLAR is trained on tweet content and stance
labels. For both the baselines we use ELBO on the
held-out data as an upper bound on perplexity.

Figure 6 plots the perplexity score achieved by
all the methods. Our model achieves the lowest
perplexity score on both datasets. It managed
to decrease the perplexity value by roughly 200
compared to the baseline models. SCHOLAR out-
performs β-VAE under three settings of β value.
We speculate that this might be due to the in-
corporation of the class labels in the training of
SCHOLAR. Nevertheless, VADET produces con-
genial sentences in aspect groups, with latent codes
tweaked to proxy centroids, showing that the dis-
entangled representation does capture the desired

factor.
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Figure 6: Conditional perplexity on two corpora.

Ablations We conduct ablation studies to inves-
tigate the effect of semi-supervised learning that
uses the variational latent representation learning
approach and aspect-stance disentanglement on the
latent semantics. We study their effects on stance
classification and aspect span detection. The results
are reported in Table 3.

Model VAD VC

Stance Acc. F1 Acc. F1

VADET 0.763 0.756 0.727 0.713
VADET-D 0.751 0.746 0.736 0.716
VADET-U 0.741 0.734 0.712 0.698

Aspect Span Acc. F1 Acc. F1

VADET 0.556 0.745 0.541 0.697
VADET-D 0.540 0.728 0.537 0.684
VADET-U 0.528 0.712 0.525 0.653

Table 3: Results of stance classification and aspect span
detection of VADET without disentanglement (-D) or
unsupervised pre-training (-U).

We can observe that on VAD without disentan-
gled learning or unsupervised pre-training results in
the degradation of the stance classification perfor-
mance. However, on VC, we see a slight increase in
classification accuracy without disentangled learn-
ing. We attribute this to the vagueness of the stance
which might cause the model to disentangle more
than it should be. On the aspect span detection task,
we observe consistent performance drop across all
metrics and on both datasets. In particular, with-
out the pre-training module, the performance drops
more significantly. These results indicate that semi-
supervised learning is highly effective with VAE,
and the disentanglement of stance and aspect serves
as a useful component, which leads to noticeable
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improvements.

5 Conclusions

In this work, we presented a semi-supervised model
to detect user attitudes and distinguish aspects of
interest about vaccines on social media. We em-
ployed a Variational Auto-Encoder to encode the
main topical information into the language model
by unsupervised training on a massive, unannotated
dataset. The model is then further trained under
a semi-supervised setting that leverages annotated
stance labels and aspect spans to induce the disen-
tanglement between stances and aspects in a latent
semantic space. We empirically showed the bene-
fits of such an approach for attitude detection and
aspect clustering over two vaccine corpora. Ab-
lation studies show that disentangled learning and
unsupervised pre-training are important to effective
vaccine attitude detection. Further investigations
on the quality of the disentangled representations
verify the effectiveness of the disentangled factors.
While our current work mainly focuses on short
text of social media data where a sentence is as-
sumed to discuss a single aspect, it would be inter-
esting to extend our model to deal with longer text
such as online debates in which multiple arguments
or aspects may appear in a single sentence.
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A Derivation of the Decomposed ELBO

Unsupervised training is based on maximizing the
Evidence Lower Bound (ELBO):

Eqϕ(zs,zw|ψ(w))[log pθ(w|zs, zw, ψ(w))]

−KL[qϕ(zs, zw|ψ(w))||p(zs, zw)],
where z is partitioned into zs and zw. Like standard
VAE (Kingma and Welling, 2014), the variational
distribution is a multivariate Gaussian with a diag-
onal covariance:

qϕ(zs, zw|ψ(w)) = N (zs, zw|µ, σ2I),
where µ = [µs, µw] and σ = [σs, σw]. Since the
coveriance matrix is diagonal, zs and zw are uncor-
related. Therefore, the joint probability is decom-
posed into:

qϕ(zs, zw|ψ(w)) = qϕ(zs|ψ(w))qϕ(zw|ψ(w)),

where qϕ(zs|ψ(w)) = N (zs|µs, σs), ϕ are the
variational parameters. The prior of [zs, zw] ∼
N (zs, zw|0, I) can also be decomposed into the
product of p(zs) and p(zw), then the KL term be-
comes:

KL[qϕ(zs|ψ(w))||p(zs)] + KL[qϕ(zw|ψ(w))||p(zw)].

As for the decoder pθ(w|zs, zw, ψ(w)), the recon-
struction of each masked token and w[CLS] are
independent from each other, i.e., they are not pre-
dicted in an autoregressive way. Therefore, the
joint probability is decomposed into:

pθ(w|zs, zw, ψ(w))

= pθ(w[CLS]|zs, zw, ψ(w)) pθ(w1:n|zs, zw, ψ(w))

We customize the decoder network to makew[CLS]

solely dependent on zs, and obtain

Eqϕ(zs)Eqϕ(zw)[log pθ(w[CLS]|zs, ψ(w)) +

log pθ(w1:n|zw, ψ(w))]

Here, we omit ψ(w) for notational simplicity.
Given the supervision of annotated aspect spans,
the prior of zw is constrained by qϕ(zw|ψ(wa:b))
(a.k.a., the encoder of wa:b), this will change the
KL term into:

KL[qϕ(zs|ψ(w))||p(zs)]
+ KL[qϕ(zw|ψ(w1:n))||qϕ(zw|ψ(wa:b))],

and finally the ELBO is expressed as

Eqϕ(zs)[log pθ(w[CLS]|zs, ψ(w))]

+ Eqϕ(zw)[log pθ(w1:n|zw, ψ(w))]

−KL[qϕ(zs|ψ(w))||p(zs)]
−KL[qϕ(zw|ψ(w1:n))||qϕ(zw|ψ(wa:b))].

B Data Collection and Preprocessing

We are qualified Twitter Academic Research API 5

users. We obtained the ethical approval for our
proposed research from the university’s ethics com-
mittee before the start of our work. We col-
lected tweets between February 7th and April 3rd,
2022 using 60 vaccine-related keywords. The
exhaustive list is: ‘covid-19 vax’, ‘covid-19 vac-
cine’, ‘covid-19 vaccines’, ‘covid-19 vaccination’,

‘covid-19 vaccinations’, ‘covid-19 jab’, ‘covid-19
jabs’, ‘covid19 vax’, ‘covid19 vaccine’, ‘covid19
vaccines’, ‘covid19 vaccination’, ‘covid19 vac-
cinations’, ‘covid19 jab’, ‘covid19 jabs’, ‘covid
vax’, ‘covid vaccine’, ‘covid vaccines’, ‘covid
vaccination’, ‘covid vaccinations’, ‘covid jab’,

‘covid jabs’, ‘coronavirus vax’, ‘coronavirus vac-
cine’, ‘coronavirus vaccines’, ‘coronavirus vacci-
nation’, ‘coronavirus vaccinations’, ‘coronavirus
jab’, ‘coronavirus jabs’, ‘Pfizer vaccine’, ‘BioN-
Tech vaccine’, ‘Oxford vaccine’, ‘AstraZeneca
vaccine’, ‘Moderna vaccine’, ‘Sputnik vaccine’,

‘Sinovac vaccine’, ‘Sinopharm vaccine’, ‘Pfizer
jab’, ‘BioNTech jab’, ‘Oxford jab’, ‘AstraZeneca
jab’, ‘Moderna jab’, ‘Sputnik jab’, ‘Sinovac jab’,

‘Sinopharm jab’, ‘Pfizer vax’, ‘BioNTech vax’, ‘Ox-
ford vax’, ‘AstraZeneca vax’, ‘Moderna vax’, ‘Sput-
nik vax’, ‘Sinovac vax’, ‘Sinopharm vax’, ‘Pfizer
vaccinate’, ‘BioNTech vaccinate’, ‘Oxford vacci-
nate’, ‘AstraZeneca vaccinate’, ‘Moderna vacci-
nate’, ‘Sputnik vaccinate’, ‘Sinovac vaccinate’,

‘Sinopharm vaccinate’.
Only tweets in English were collected. Retweets

were discarded. For pre-processing, hyperlinks,
usernames and irregular symbols were removed.
Emojis and emoticons were converted to their lit-
eral meanings using an emoticon dictionary6.

C Hyper-parameters and Training Details

The dimensions of za, zw and zs are 768, 768 and
32, respectively. For each tweet, the number of
samples from ϵ ∼ N (0, I) is 1. We modified
the LM-fine-tuning script7 from the HuggingFace
library to implement VADET in the masked LM
learning. We use default settings for the training

5https://developer.twitter.com/en/
products/twitter-api/academic-research/
application-info

6https://wprock.fr/en/t/kaomoji/
7https://github.com/huggingface/

transformers/blob/master/examples/
pytorch/language-modeling/run_mlm.py
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script (i.e., Trainer in the HuggingFace library8),
except for the batch size which is set to 128. The
data pre-processor for the masked language model
is the data collator for language modeling9, which
provides the function of randomly masking the to-
kens. The tokenizer for the data collator is the
ready-to-use ALBERT tokenizer10. For the pre-
trained language model (i.e., ALBERT) employed
in this model, we inherit the default setting from
the AlbertConfig class. We train VADET for 5
epochs on the un-annotated corpus.

In the supervised training of VADET, we use a
batch size of 64. The learning rate is initialized
to 2e − 5 with a linear warm-up schedule. We
employ 5-fold training in which the training set is
split into 5 subsets, of which 4 are used for training
and the rest is for validation at the end of each
epoch, and the final prediction is an ensemble of 5
independently-saved models. We train each model
for 5 epochs, which takes roughly 2 hours on a
node of single Nvidia RTX 2080 GPU.

D Annotation Guidelines

We invited two annotators who are PhD students
and proficient in English to label each tweet with
a stance label and an aspect span. Each annotator
was instructed to answer four questions in a row.
The four questions are:

• What is the stance towards vaccination?

• What is the Aspect Span? (i.e., Events or
targets, it can be nouns, noun phrase, clause
or sentence with verbal predicates).

• What is the opinion term/span? It should be
opinion expressions, comprising both explicit
and implicit expressions of stance.

• What is the Aspect category? It should be one
of the pre-defined aspect categories (shown in
Table A1).

The annotators have the choice to skip some of the
questions if they find it difficult to answer. Tak-
ing the tweet ‘Very grateful to those at Oxford.

8https://huggingface.co/docs/
transformers/master/en/main_classes/
trainer#transformers.Trainer

9https://huggingface.co/docs/
transformers/main_classes/data_collator

10https://huggingface.co/docs/
transformers/master/en/model_doc/albert#
transformers.AlbertTokenizer

I’ve got my first #Covid19 vaccine.’ as an exam-
ple, the annotators are expected to answer with:
‘Pro-vaccine’, ‘I’ve got my first #Covid19 vaccine’,
‘Very grateful to those at Oxford. I’ve got my first
#Covid19 vaccine’, ‘2’. If an annotator chooses to
skip a tweet at any step of the process, this tweet
will be recorded as skipped and the annotator will
not be assigned with similar tweets.

We first had a trial run where each annotator
was asked to annotate the same set of tweets. Any
disagreement was recorded and discussed to refine
our annotation guideline in order to achieve consis-
tency between the annotators.

E Predefined Aspect Categories

Table A1 shows our pre-defined aspect categories,
partly inspired by (Morante et al., 2020). These
categories are only used in the evaluation of tweet
clustering results, not for training.
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Label Definition

1
AstraZeneca: How health organisations/institution, communities, groups, individuals and
other entities position themselves towards vaccines

2 AstraZeneca: Explaining personal experiences with any aspect of vaccines

3
AstraZeneca: The achievement that vaccines have brought (vaccines save lives, protect the
community, protect future generations)

4 AstraZeneca: The (adverse) side effects of vaccines: illnesses, symptoms, deaths
5 AstraZeneca: The immunity level provided by vaccines

6
AstraZeneca: The economic effect of vaccination (less illnesses, less expenses for family
and society)

7 AstraZeneca: Discussing the personal freedom to choose in relation to vaccines

8
AstraZeneca: Discussing the relation between vaccines and religion, conspiracy or moral
attitudes

9
Pfizer or Moderna: How health organisations/institution, communities, groups, individuals
and other entities position themselves towards vaccines

10 Pfizer or Moderna: Explaining personal experiences with any aspect of vaccines

11
Pfizer or Moderna: The achievement that vaccines have brought (vaccines save lives,
protect the community, protect future generations)

12 Pfizer or Moderna: The (adverse) side effects of vaccines: illnesses, symptoms, deaths
13 Pfizer or Moderna: The immunity level provided by vaccines

14
Pfizer or Moderna: The economic effect of vaccination (less illnesses, less expenses for
family and society)

15 Pfizer or Moderna: Discussing the personal freedom to choose in relation to vaccines

16
Pfizer or Moderna: Discussing the relation between vaccines and religion, conspiracy or
moral attitudes

17
Other Brands or not mentioned: How health organisations/institution, communities,
groups, individuals and other entities position themselves towards vaccines

18
Other Brands or not mentioned: Explaining personal experiences with any aspect of
vaccines

19
Other Brands or not mentioned: The achievement that vaccines have brought (vaccines
save lives, protect the community, protect future generations)

20
Other Brands or not mentioned: The (adverse) side effects of vaccines: illnesses,
symptoms, deaths

21 Other Brands or not mentioned: The immunity level provided by vaccines

22
Other Brands or not mentioned: The economic effect of vaccination (less illnesses, less
expenses for family and society)

23
Other Brands or not mentioned: Discussing the personal freedom to choose in relation
to vaccines

24
Other Brands or not mentioned: Discussing the relation between vaccines and religion,
conspiracy or moral attitudes

Table A1: The predefined aspect categories and their definitions.
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Abstract

Large language models (LLMs) have demon-
strated human-level performance on a vast spec-
trum of natural language tasks. However, it
is largely unexplored whether they can better
internalize knowledge from a structured data,
such as a knowledge graph, or from text. In this
work, we propose a method to infuse structured
knowledge into LLMs, by directly training T5
models on factual triples of knowledge graphs
(KGs). We show that models pre-trained on
Wikidata KG with our method outperform the
T5 baselines on FreebaseQA and WikiHop, as
well as the Wikidata-answerable subset of Triv-
iaQA and NaturalQuestions. The models pre-
trained on factual triples compare competitively
with the ones on natural language sentences
that contain the same knowledge. Trained on
a smaller size KG, WikiMovies, we saw 3×
improvement of exact match score on MetaQA
task compared to T5 baseline. The proposed
method has an advantage that no alignment be-
tween the knowledge graph and text corpus is
required in curating training data. This makes
our method particularly useful when working
with industry-scale knowledge graphs.

1 Introduction

Large pre-trained language models, such as BERT
(Devlin et al., 2019), GPT-3 (Brown et al., 2020),
T5 (Raffel et al., 2019), REALM (Guu et al., 2020)
and ERNIE (Sun et al., 2021) have become the
state-of-the-art technology for many tasks. They
are commonly pre-trained using unstructured text
corpora, on tasks such as next word prediction,
next sentence prediction (NSP) or masked lan-
guage modelling (MLM). Especially for T5, self-
supervised learning on unlabelled text corpus with
MLM has been a common pre-training recipe
(Roberts et al., 2020). This is normally followed
by a fine-tuning step on the task of interest (Ruder

∗Work done during internship at Google.
†Correspondence Author.

et al., 2019), although large language models have
also proved useful without this task-specific fine-
tuning (Brown et al., 2020).

Beyond the capacity of contextual understand-
ing, human-level language understanding pivots on
the knowledge about the world. The world knowl-
edge is often expressed as factual triples (c.f. Ji
et al., 2020), in the form of (subject entity, relation,
object entity). A knowledge graph (KG) defined by
a set of factual triples consists of the subjects and
objects as vertices/nodes, and the relations form-
ing the edges connecting them. Most of the large
scale KGs (e.g. Wikidata, Vrandečić and Krötzsch,
2014) are stored in triple format.

LLMs demonstrate some capacity of learning
world knowledge from the natural text corpus
(Roberts et al., 2020), but it is unclear to what
degree they are also able to learn and memorize
new knowledge directly from structured KG triples,
or from text describing them explicitly.

In order to infuse knowledge into a LLM, one
option is to generate a textual version of the knowl-
edge base, and apply the standard training objec-
tives, e.g. MLM. This is unfortunately highly non-
trivial. One can either align sentences with KG
triples, as done in ERNIE (Sun et al., 2021), or
generate sentences from triples, as done in KELM
(Agarwal et al., 2021). These approaches are un-
fortunately hard to port to knowledge graphs with
different schemas. These processes are also lossy
in that not every triple can be aligned or produce
a valid sentence, and there is not a good under-
standing whether this can introduce unnecessary
selection biases on top of biases existing in the
original KG.

In this work, we propose a method of Knowl-
edge Infusion for Large Language Models
(SKILL), where LLMs directly learns from knowl-
edge triples. Experiment results shows the check-
points trained with proposed method on Wikidata
KG outperform the T5 baselines on four standard
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closed-book question-answering (QA) tasks. With
a smaller KG, WikiMovies, the proposed method
gain 3× exact match score performance improve-
ment on MetaQA task. The models learning di-
rectly from knowledge triples performs competi-
tively with the ones with the aligned natural sen-
tences that contain the same amount of knowledge.
Being able to learn directly from knowledge triples
enables easy addition of structured knowledge into
language modeling pre-training.

2 Related work

Previous works that use knowledge graphs to en-
hance the quality of knowledge-intensive down-
stream tasks can be divided into two groups: using
knowledge graphs at the inference time, and in-
fusing knowledge into the model weights at the
pre-training time. The proposed method falls in the
latter group.

Explicit usage of knowledge graphs. A
retrieval-augmented model is commonly used,
in order to retrieve and apply the knowledge
from external memories or sources. FILM (Verga
et al., 2021) and EaE (Févry et al., 2020) extend
Transformer (Vaswani et al., 2017) models with
external entity (both FILM and EaE) and fact
(FILM) memories. REALM (Guu et al., 2020)
is pre-trained to perform reasoning over a large
textual knowledge corpus on-the-fly during infer-
ence. UniK-QA (Oguz et al., 2020) combines the
structured and unstructured information to improve
the open-domain QA tasks with a retriever-reader
framework. The main difference between the
proposed method, SKILL, and retrieval-augmented
models is that SKILL doesn’t introduce retrieval
system or external memories to the model, but
it directly embeds knowledge into the model
parameters, which introduces no extra cost at
inference time.

Knowledge infusion. A common way of param-
eterized knowledge infusion is to map or convert
structured knowledges into natural language text.
ERNIE 3.0 (Sun et al., 2021) trains a knowledge-
enhanced model on a corpus combining triples and
their aligned sentences, by randomly masking re-
lation in a triple or words in a sentence. On the
contrary, SKILL trains only on triples.

KnowBert (Peters et al., 2019) incorporates
knowledge from Wikipedia and WordNet (Miller,
1995) into a BERT model through entity

embeddings with knowledge-attention and re-
contextualization mechanism. BERT-MK (He et al.,
2020) is a BERT-based model that integrates graph
contextual knowledge of a medical KG, which
demonstrates the utility of graph-level knowledge.
These approaches requires entity linking and sen-
tences contextualizing the knowledge graph infor-
mation.

KG-FiD (Yu et al., 2021) extends the Fusion-in-
Decoder model (Izacard and Grave, 2021) with a
module that filters and re-ranks passages based on
structural connections in knowledge graph between
entities described in those passages. In contrast to
the SKILL method that we propose, it requires
the existence of natural text passages describing
each knowledge graph entity, so Wikipedia corpus
was used since it naturally provides articles that
describe entities.

Heinzerling and Inui (2021) explored the ability
of language models to memorize and understand
information from knowledge graphs, but used nat-
ural language representation of triples based on
predefined templates instead of structured represen-
tation. Usage of predefined templates significantly
limits scalability and therefore only relatively small
knowledge graphs were used, such as Google-RE1.

In contrast to the new method presented in this
paper, all of these approaches require an explicit
mapping between the knowledge graph entities
or facts and corresponding natural language sen-
tences, which can limit applications to industry-
scale knowledge graphs that don’t have such a map-
ping.

Different goals of using knowledge graphs. Be-
sides that, some papers embed knowledge into
model weights but pursue different goals rather
than improving performance on downstream tasks.
COMET (Bosselut et al., 2019) is most similar to
our work and trains a commonsense-aware Trans-
former Language Model by learning to generate
loosely structured commonsense descriptions in the
natural language given the structured knowledge.
Similar to us, it also uses KG triples in surface
form as a source for training data, but in contrast
to our research, the final goal of COMET is to gen-
erate new knowledge instead of utilizing existing
ones. Another important difference is the scale:
COMET uses Atomic (Sap et al., 2019) and Con-
ceptNet (Speer et al., 2017) Knowledge Graphs

1https://ai.googleblog.com/2013/04/50000-lessons-on-
how-to-read-relation.html
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that are much smaller than Wikidata (Vrandečić
and Krötzsch, 2014).

KELM (Agarwal et al., 2021) fine-tunes a T5
model to convert KGs to synthetic natural language
sentences to augment existing pre-training corpora.
We build our research on top of it and use the
KELM dataset to compare structured and natural
language representations of knowledge.

3 Method

There are two components of knowledge infusion
for LLMs (SKILL): the corpus and the training
method. We introduce the method based on Wiki-
data KG, but it can be applied to any other KGs.

Training corpus. We use two corpora with dif-
ferent knowledge representations: Wikidata KG
(Vrandečić and Krötzsch, 2014) in triple format,
and KELM corpus2 (Agarwal et al., 2021) as
synthetic natural language sentences converted
from Wikidata KG. The KELM corpus contains
15, 628, 486 synthetic sentences. To ensure two
corpora share the same knowledge, we take the
snapshot of the Wikidata KG used to created the
KELM corpus, which contains 35, 697, 715 triples.

To prevent the degradation of model perfor-
mance on natural language understanding, we mix
the Wikidata corpus or KELM corpus with natural
text from C4 (Raffel et al., 2019), 50 : 50, for the
knowledge infusion training data.

Training method. T5 (Raffel et al., 2019) was
trained through masked-language modelling with
random span corruption on the C4 corpus. Roberts
et al. (2020) found that masking salient terms (Guu
et al., 2020) in pre-training T5 models, instead of
masking random token spans, could significantly
improve the performance on downstream tasks, e.g.
closed-book QA.

We apply salient span masking for unsupervised
learning in our knowledge-infusing training. To
mask the same amount of information is for both
corpora, the following method is applied. For a
knowledge triple, we mask either the subject or
object entity. For a KELM sentence, we identify
the aligned triple, with details in Appendix A, and
mask the full spans corresponding to the subject
or object in the triple. The relation tokens are
never masked, as there is no robust way to map
the abstract relation in knowledge triples to natural

2Data is available at https://github.com/google-research-
datasets/KELM-corpus

language tokens in KELM sentences. Examples of
the inputs for both corpora are in Table 1.

4 Experiments

We assess SKILL by training and evaluating the
knowledge infused models on closed-book QA
tasks, where questions are provided without sup-
porting context and external knowledge.

4.1 Experiment Setup
SKILL pre-training. We apply SKILL on three
T5.1.1 pre-trained checkpoints3, base, large, and
XXL, with sizes of ∼ 250M, ∼ 800M and ∼ 11B
parameters, respectively. For T5.1.1-base and -
large, SKILL training is performed for 500K steps
with batch size 1024, which translates to ∼ 7.17
epochs on Wikidata KG and ∼ 16.38 epochs in
KELM sentences. For T5.1.1-XXL, the model is
trained for 100K steps to finish training in a feasible
time.

As baseline we use pre-trained T5 checkpoints
of the same size. To make sure that improvements
come from knowledge infusion instead of from
longer C4 pre-training, we use a second baseline by
further training the T5 checkpoints on C4 for half
of the aforementioned steps, to match the amount
of C4 pre-training used in SKILL.

All the model variations are optimized by
AdaFactor (Shazeer and Stern, 2018) with 10−3

learning rate and 0.1 dropout rate, the same set-
tings that were used for T5.

Fine-tuning on closed-book QA tasks. We
evaluate the checkpoints by fine-tuning on the
following QA benchmarks: FreebaseQA (Jiang
et al., 2019), WikiHop (Welbl et al., 2018), Triv-
iaQA (Joshi et al., 2017) and NaturalQuestions
(Kwiatkowski et al., 2019), with the aforemen-
tioned hyper-parameters for optimization and 128
batch size. For the benchmarks without a test split,
we use the dev split for test, and the last 10% of
train as dev split.

The Exact Match (EM) scores on the test sets
are calculated after being fine-tuned for 50K steps
for T5.1.1-base and -large models, and 10K steps
for -XXL models. All models converged with no
noticeable over-fitting according to the EM scores
on validation sets.

Wikidata-answerable QA. We found that the
majority of the questions in FreebaseQA and Wiki-

3https://goo.gle/t5-checkpoints
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Wikidata triple KELM sentence Wikidata input KELM input Target
("Pulp Fiction",

"award received",
"Palme d’Or")

Quentin Tarantino
won the Palme d’Or in 1994

for Pulp Fiction.

Pulp Fiction,
award received,

[MASK]

Quentin Tarantino
won the [MASK] in 1994

for Pulp Fiction.
Palme d’Or

Table 1: Example inputs for SKILL pre-training with Wikidata and KELM corpora.

Model FreebaseQA WikiHop TQA-matched TQA NQ-matched NQ
dev test dev test dev test dev test dev test dev test

base 25.24 27.55 19.09 18.38 31.24 33.55 22.64 22.93 36.64 32.68 25.04 25.48
base + C4 26.19 28.33 19.57 19.36 32.9 34.4 24.54 25.39 36.98 32.03 25.88 25.84
base + WikiKG 26.92 28.38 20.28 20.22 34.21 35.08 24.73 25.77 37.41 33.33 25.51 25.76
base + KELM 26.64 28.15 20.62 19.81 33.64 35.54 25.22 25.75 36.98 32.9 25.31 26.2

large 30.22 32.88 20.92 21.12 36.7 38.09 29.24 30.03 39.22 35.06 27.12 27.15
large + C4 32.55 34.01 22.5 21.51 38.78 40.6 30.32 30.83 39.74 35.5 27.46 28.17
large + WikiKG 33.22 35.29 23.5 23.4 39.19 41.02 29.74 30.47 41.12 35.93 27.38 27.89
large + KELM 32.65 34.16 23.34 22.91 39.45 40.76 30.51 30.65 40.95 35.5 27.67 28.56

XXL 43.67 45.02 24.76 24.8 51.73 53.1 42.44 42.21 46.47 43.72 31 32.27
XXL + C4 42.01 44.14 23.34 22.23 50.59 52.19 40.66 40.99 45.43 40.26 30.35 31.08
XXL + WikiKG 45.22 47.25 27.57 27.65 54.17 54.18 42.55 43.54 49.14 44.37 31.11 32.74
XXL + KELM 45.42 45.9 26.11 26.26 53.65 54.21 42.68 42.95 48.53 44.16 31.79 32.6

Table 2: Exact match scores achieved by fine-tuning the checkpoints on closed-book QA tasks. base, large,
XXL represent the corresponding T5.1.1-* checkpoints. *-C4 are the checkpoints additionally trained on C4 corpus
as discussed in Section 3. *-WikiKG and *-KELM are the checkpoints trained on Wikidata KG triple corpus and
KELM sentence corpus. The best performed checkpoints are in bold. Details about datasets are in Appendix B.

Hop can be answered directly from triples in Wiki-
data. This is because FreebaseQA was created by
matching question-answer pairs with triples in Free-
base (Bollacker et al., 2008), most of which was
imported into Wikidata (Vrandečić and Krötzsch,
2014). For WikiHop, the questions were generated
from Wikidata triples.

However, TriviaQA and NaturalQuestions were
created independently of Wikidata, and not every
question can be answered using this knowledge
base. We found frequent freshness issues, e.g. the
golden answer for question "Who is the largest
supermarket chain in the UK?" is "Aldi", while
today it would be "Tesco". Some other questions
can not be answered by WikiData, e.g. "Who, dur-
ing a radio microphone test in 1984 said, ’I just
signed legislation which outlaws Russia forever.
The bombing begins in five minutes?’", with the
golden answer "Ronald Reagan".

To mitigate this, we created subsets of TriviaQA
(TQA) and NaturalQuestions (NQ) that were some-
what more likely to have answers in Wikidata. We
selected all the items for which there exist a triple in
Wikidata that has the answer either as subject or ob-
ject, and the other entity in the triple is mentioned
in the question. We match the entities by entity
name, case-insensitive. We name the Wikidata-
aligned version of TQA and NQ as TQA-matched
and NQ-matched, respectively. The dataset sizes

of all QA tasks are summarized in Appendix B.

4.2 Results

The results for closed-book QA tasks are sum-
marized in Table 2. SKILL pre-trained models
show improvements on FreebaseQA, WikiHop, and
Wikidata-answerable versions of TriviaQA and Nat-
uralQuestions, but no significant improvement on
original TriviaQA and NaturalQuestions. As dis-
cussed in previous section, we believe this is due
to the misalignment between the datasets and Wiki-
data.

Models pre-trained on Wikidata KG gives com-
petitive results with ones on KELM sentences. It
shows that the triple representation is as good as
natural language representation, while being much
easier to scale up for larger KG.

For T5.1.1-base and -large, additional pre-
training on C4 boosts performance in comparison
to the original baseline. For T5.1.1-XXL, this addi-
tional pre-training leads to a performance regress.
In (Raffel et al., 2019), it is mentioned that training
on C4 for multiple times may reduce the perfor-
mance of a T5 model.

Impact of model size. As shown in Figure 1,
SKILL pre-training introduces bigger improve-
ments when applied on larger models. With more
than 35M triples in Wikidata KG, it is harder for
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Figure 1: Performance improvements on closed-book
QA tasks for different model sizes. The improvements
are measured by the difference of exact match score
(∆EM) between knowledge-infused model trained with
Wikidata triples and the baseline trained with C4 corpus.

Dataset Split Baseline + C4 + KG

1-hop dev 24.3 23.12 71.52
test 24.5 23.53 71.47

2-hop dev 32.05 32.23 33.49
test 32.65 32.78 33.57

3-hop dev 42.08 39.22 43.79
test 42.31 39.66 43.41

Table 3: Exact match scores achieved by fine-tuning
different T5.1.1-large checkpoints on MetaQA task.

smaller size models, e.g. T5.1.1.-base with 300M
parameters, to memorize them efficiently. We view
this as an encouraging result, suggesting that as
model size grows, gains from SKILL pre-training
may increase further.

Performance on a smaller KG. The Wiki-
Movies KG (Miller et al., 2016) contains 134, 741
triples. T5.1.1-large should have enough parame-
ters to memorize the KG. We train a T5.1.1-large
model on the KG for 100K steps, ∼ 380 epochs,
with the same hyperparameters as for Wikidata KG.
We evaluate the checkpoints with MetaQA (Zhang
et al., 2018) benchmark that was constructed over
WikiMovies KG. The benchmark contains 3 dif-
ferent sub-tasks: 1-hop QA (e.g. "What films
does Paresh Rawal appear in?"), 2-hop QA (e.g.
"Who are the directors of the films written by Laura
Kerr?"), 3-hop QA (e.g. "Who directed the movies
written by the writer of Millennium Actress?").

The results in Table 3 demonstrate the effective-
ness of SKILL pre-training, when it’s possible to
memorize the whole knowledge graph.

As 1-hop questions are supported by single
triples in the WikiMovies KG, a 3× improvement
on EM score is observed for the sub-task. In or-
der to answer 2/3-hop questions it is not enough to
memorize the triples, the model needs to be able

to reason with them. This requires a better un-
derstanding of the graph structure. Training with
single triples may not be enough, and the observed
improvement is notably smaller. The performance
could be further improved by representing more
explicitly the graph structure in the training data,
which we leave for future work.

5 Conclusion

We proposed a method to directly infuse knowledge
from knowledge graphs into T5 models through
pre-training. Empirical results show that T5 can
learn directly from structured data and apply the
learned knowledge to improve closed-book QA
results. We also demonstrated that the models
pre-trained on factual triples perform competitively
with the ones on natural language sentences that
contain the same knowledge. By enabling knowl-
edge infusion directly from triples, this method can
be very easily applied to industry-scale KGs.

6 Ethical and Broader Impact

In this work, we are introducing a new method
to pre-train a well known natural language under-
standing model, T5, on the full corpora of public
knowledge graphs. To the best of our knowledge,
the method will not introduce extra bias to either
the model or the dataset beyond the one potentially
inherited from Wikidata (Vrandečić and Krötzsch,
2014) and WikiMovies (Miller et al., 2016) knowl-
edge graphs. On the other hand, through knowl-
edge fusion pre-training introduced in this work,
a language model will be able to learn factual
information to improve the quality of parameter-
ized knowledge embedded in the model, which is
demonstrated by improvements on various closed-
book question-answering tasks. The proposed
method and recipe will provide positive impact
to the natural language processing community and
help to improve the factualness in pre-trained large
language model checkpoints.

Limitations. A factual triple is the basic ingredi-
ent of a knowledge graph. However, as a seman-
tic network, the graph structure of a knowledge
graph describes how the factual triples are con-
nected. This information is not easy to directly
represent by random set of triples. We leave the ex-
ploration of how to infuse the information implied
by the graph structure for future work. We expect
that this will further improve the results, especially
for multi-hop question-answering tasks.
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A Matching of entities in KELM
sentences

To find Wikidata KG entities in corresponding
KELM sentences, we use Algorithm 1. Additional
cycle on line 22 is needed because some entities
have an information in brackets that should not
be in a sentence, for example John Doe (born
1990). This algorithm matched at least one en-
tity to 15, 383, 248 out of 15, 628, 486 KELM sen-
tences.

We don’t try to match relation part of triples,
because it could be represented in many different
forms. For example, the triple (Pulp Fiction,
cast member, John Travolta) could
be represented as "John Travolta was
an actor in Pulp Fiction", "John
Travolta starred in Pulp Fiction",
"John Travolta played Vincent
Vega in Pulp Fiction", etc., and there is
no way to robustly align a relation to all possible
surface forms.
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Algorithm 1 KELM-Wikidata matching algorithm
that finds spans in KELM sentences corresponding
to Wikidata KG entities. a ⊂ b means that a is a
substring of b. ∗ represents any string.

1: KELMmatched ← ∅
2: for each k ∈ KELM sentences do
3: for each t ∈ triples(k) do
4: for each e ∈ entities(t) do
5: ep ← PREPROCESS(e)
6: kp ← PREPROCESS(k)
7: spans← MATCHENTITY(ep, kp)
8: KELMmatched.insert([k, spans])
9: end for

10: end for
11: end for
12:

13: function MATCHENTITY(e: entity, k: KELM
sentence)

14: spans← ∅
15: for each s ⊂ k : date(e) = date(s) do
16: spans.insert(s)
17: end for
18: for each ∃s ⊂ k : e = s do
19: spans.insert(s)
20: end for
21: if spans = ∅ then
22: for each ∃s ⊂ k : e = s+" (*)" do
23: spans.insert(s)
24: end for
25: end if
26: return spans
27: end function
28:

29: function PREPROCESS(str: string)
30: str ← Lowercase(str)
31: str ← RemovePunctuation(str)
32: return str
33: end function

B Dataset

Wikidata (Vrandečić and Krötzsch, 2014) was re-
leased under the Creative Commons CC0 License.
KELM (Agarwal et al., 2021) was released under
the Creative Commons CC BY-SA 2.0 License.
NaturalQuestions (Kwiatkowski et al., 2019) and
WikiHop (Welbl et al., 2018) were released un-
der Creative Commons CC BY-SA 3.0 License.
MetaQA (Zhang et al., 2018) was released under
Creative Commons CC BY-ND 3.0 License. C4
(Raffel et al., 2019) and TriviaQA (Joshi et al.,
2017) were released under Apache-2.0 License.
WikiMovies (Miller et al., 2016) was released un-
der MIT License. FreebaseQA (Jiang et al., 2019)4

was released without a license.

train dev test
FreebaseQA 20, 358 3, 994 3, 996
WikiHop 39, 364 4, 374 5, 129
TQA 78, 785 8, 837 11, 313
TQA-matched 20, 948 2, 289 3, 064
NQ 79, 168 8, 757 3, 610
NQ-matched 10, 487 1, 160 462
MetaQA-1hop 96, 106 9, 992 9, 947
MetaQA-2hop 118, 980 14, 872 14, 872
MetaQA-3hop 114, 196 14, 274 14, 274

Table 4: Dataset sizes for the closed-book QA tasks.
TQA and NQ stands for TriviaQA and NaturalQuestions,
respectively. *-matched are the selected dataset with
the Wikidata KG answerable questions, and the KG
alignment details can be found in Section 4.1.

4https://github.com/kelvin-jiang/
FreebaseQA
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Abstract

The success of multilingual pre-trained
models is underpinned by their ability to learn
representations shared by multiple languages
even in absence of any explicit supervision.
However, it remains unclear how these models
learn to generalise across languages. In this
work, we conjecture that multilingual pre-
trained models can derive language-universal
abstractions about grammar. In particular,
we investigate whether morphosyntactic
information is encoded in the same subset of
neurons in different languages. We conduct
the first large-scale empirical study over 43
languages and 14 morphosyntactic categories
with a state-of-the-art neuron-level probe. Our
findings show that the cross-lingual overlap
between neurons is significant, but its extent
may vary across categories and depends on
language proximity and pre-training data size.

https://github.com/copenlu/

multilingual-typology-probing

1 Introduction

Massively multilingual pre-trained models (Devlin
et al., 2019; Conneau et al., 2020; Liu et al., 2020;
Xue et al., 2021, inter alia) display an impressive
ability to transfer knowledge between languages as
well as to perform zero-shot learning (Pires et al.,
2019; Wu and Dredze, 2019; Nooralahzadeh et al.,
2020; Hardalov et al., 2022, inter alia). Never-
theless, it remains unclear how pre-trained models
actually manage to learn multilingual representa-
tions despite the lack of an explicit signal through
parallel texts. Hitherto, many have speculated that
the overlap of sub-words between cognates in re-
lated languages plays a key role in the process of
multilingual generalisation (Wu and Dredze, 2019;
Cao et al., 2020; Pires et al., 2019; Abend et al.,
2015; Vulić et al., 2020).
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Figure 1: Percentages of neurons most associated with
a particular morphosyntactic category that overlap be-
tween pairs of languages. Colours in the plot refer to 2
models: m-BERT (red) and XLM-R-base (blue).

In this work, we offer a concurrent hypothesis
to explain the multilingual abilities of various pre-
trained models; namely, that they implicitly align
morphosyntactic markers that fulfil a similar gram-
matical function across languages, even in absence
of any lexical overlap. More concretely, we conjec-
ture that they employ the same subset of neurons
to encode the same morphosyntactic information
(such as gender for nouns and mood for verbs).1

To test the aforementioned hypothesis, we employ
Stańczak et al.’s (2022) latent variable probe to
identify the relevant subset of neurons in each lan-
guage and then measure their cross-lingual overlap.

We experiment with two multilingual pre-trained
models, m-BERT (Devlin et al., 2019) and XLM-
R (Conneau et al., 2020), probing them for mor-
phosyntactic information in 43 languages from Uni-
versal Dependencies (Nivre et al., 2017). Based on
our results, we argue that pre-trained models do in-
deed develop a cross-lingually entangled represen-
tation of morphosyntax. We further note that, as the

1Concurrent work by Antverg and Belinkov (2022) sug-
gests a similar hypothesis based on smaller-scale experiments.
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number of values of a morphosyntactic category in-
creases, cross-lingual alignment decreases. Finally,
we find that language pairs with high proximity (in
the same genus or with similar typological features)
and with vast amounts of pre-training data tend to
exhibit more overlap between neurons. Identical
factors are known to affect also the empirical per-
formance of zero-shot cross-lingual transfer (Wu
and Dredze, 2019), which suggests a connection
between neuron overlap and transfer abilities.

2 Intrinsic Probing

Intrinsic probing aims to determine exactly which
dimensions in a representation, e.g., those given
by m-BERT, encode a particular linguistic prop-
erty (Dalvi et al., 2019; Torroba Hennigen et al.,
2020). Formally, let Π be the inventory of
values that some morphosyntactic category can
take in a particular language, for example Π =
{FEM,MSC, NEU} for grammatical gender in Rus-
sian. Moreover, let D = {(π(n),h(n))}Nn=1 be a
dataset of labelled embeddings such that π(n) ∈ Π
andh(n) ∈ Rd, where d is the dimensionality of the
representation being considered, e.g., d = 768 for
m-BERT. Our goal is to find a subset of k neurons
C? ⊆ D = {1, . . . , d}, where d is the total number
of dimensions in the representation being probed,
that maximises some informativeness measure.

In this paper, we make use of a latent-variable
model recently proposed by Stańczak et al. (2022)
for intrinsic probing. The idea is to train a probe
with latent variable C indexing the subset of the
dimensions D of the representation h that should
be used to predict the property π:

pθ(π | h) =
∑

C⊆D
pθ(π | h, C) p(C) (1)

where we opt for a uniform prior p(C) and θ are
the parameters of the probe.

Our goal is to learn the parameters θ. How-
ever, since the computation of Eq. (1) requires us
to marginalise over all subsets C of D, which is
intractable, we optimise a variational lower bound
to the log-likelihood:

L(θ) =
N∑

n=1

log
∑

C⊆D
pθ

(
π(n), C | h(n)

)
(2)

≥
N∑

n=1

(
E

C∼qφ

[
log pθ(π(n), C | h(n))

]
+ H(qφ)

)

where H(·) stands for the entropy of a distribution,
and qφ(C) is a variational distribution over subsets
C.2 For this paper, we chose qφ(·) to correspond
to a Poisson sampling scheme (Lohr, 2019), which
models a subset as being sampled by subjecting
each dimension to an independent Bernoulli trial,
where φi parameterises the probability of sampling
any given dimension.3

Having trained the probe, all that remains is us-
ing it to identify the subset of dimensions that is
most informative about the morphosyntactic cate-
gory we are probing for. We do so by finding the
subset C?k of k neurons maximising the posterior:

C?k = argmax
C⊆D,
|C|=k

log pθ(C | D) (3)

In practice, this combinatorial optimisation prob-
lem is intractable. Hence, we solve it using greedy
search.

3 Experimental Setup

We now describe the experimental methodology of
the paper, including the data, training procedure
and statistical testing.

Data. We select 43 treebanks from Universal De-
pendencies 2.1 (UD; Nivre et al., 2017), which
contain sentences annotated with morphosyntac-
tic information in a wide array of languages. Af-
terwards, we compute contextual representations
for every individual word in the treebanks using
multilingual BERT (m-BERT-base) and the base
and large versions of XLM-RoBERTa (XLM-R-
base and XLM-R-large). We then associate each
word with its parts of speech and morphosyntac-
tic features, which are mapped to the UniMorph
schema (Kirov et al., 2018).4 The selected tree-
banks include all languages supported by both m-
BERT and XLM-R which are available in UD.

Rather than adopting the default UD splits, we
re-split word representations based on lemmata
ending up with disjoint vocabularies for the train,
development, and test set. This prevents a probe
from achieving high performance by sheer memo-
rising. Moreover, for every category–language pair

2We refer the reader to Stańczak et al. (2022) for a full
derivation of Eq. (2).

3We opt for this sampling scheme as Stańczak et al. (2022)
found that it is more computationally efficient than conditional
Poisson (Hájek, 1964) while maintaining performance.

4We use the converter developed for UD v2.1 from Mc-
Carthy et al. (2018).
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Figure 2: The percentage overlap between the top-
50 most informative number dimensions in m-BERT
for number (top) and XLM-R-large for case (bottom).
Statistically significant overlap after Holm–Bonferroni
family-wise error correction (Holm, 1979), with α =
0.05, is marked with an orange square.

(e.g., mood–Czech), we discard any lemma with
fewer than 20 tokens in its split.

Training. We first train a probe for each mor-
phosyntactic category–language combination with
the objective in Eq. (2). In line with established
practices in probing, we parameterise pθ(·) as a
linear layer followed by a softmax. Afterwards, we
identify the top-k most informative neurons in the
last layer of m-BERT, XLM-R-base, and XLM-R-
large. Specifically, following Torroba Hennigen
et al. (2020), we use the log-likelihood of the probe
on the test set as our greedy selection criterion. We
single out 50 dimensions for each combination of
morphosyntactic category and language.5

Next, we measure the pairwise overlap in the
top-k most informative dimensions between all
pairs of languages where a morphosyntactic cat-

5We select this number as a trade-off between the size of a
probe and a tight estimate of the mutual information based on
the results presented in Stańczak et al. (2022).

egory is expressed. This results in matrices such as
Fig. 2, where the pair-wise percentages of overlap-
ping dimensions are visualised as a heat map.

Statistical Significance. Suppose that two lan-
guages have m ∈ {1, . . . , k} overlapping neurons
when considering the top-k selected neurons for
each of them. To determine whether such overlap
is statistically significant, we compute the proba-
bility of an overlap of at least m neurons under the
null hypothesis that the sets of neurons are sampled
independently at random. We estimate these prob-
abilities with a permutation test. In this paper, we
set a threshold of α = 0.05 for significance.

Family-wise Error Correction. Finally, we use
Holm-Bonferroni (Holm, 1979) family-wise error
correction. Hence, our threshold is appropriately
adjusted for multiple comparisons, which makes
incorrectly rejecting the null hypothesis less likely.

In particular, the individual permutation tests
are ordered in ascending order of their p-values.
The test with the smallest probability undergoes
the Holm–Bonferroni correction (Holm, 1979).
If already the first test is not significant, the
procedure stops; otherwise, the test with the
second smallest p-value is corrected for a family
of t − 1 tests, where t denotes the number of
conducted tests. The procedure stops either at the
first non-significant test or after iterating through
all p-values. This sequential approach guarantees
that the probability that we incorrectly reject one
or more of the hypotheses is at most α.

4 Results

We first consider whether multilingual pre-trained
models develop a cross-lingually entangled notion
of morphosyntax: for this purpose, we measure
the overlap between subsets of neurons encod-
ing similar morphosyntactic categories across lan-
guages. Further, we debate whether the observed
patterns are dependent on various factors, such as
morphosyntactic category, language proximity, pre-
trained model, and pre-training data size.

Neuron Overlap. The matrices of pairwise over-
laps for each of the 14 categories, such as Fig. 2
for number and case, are reported in App. B. We
expand upon these results in two ways. First, we re-
port the cross-lingual distribution for each category
in Fig. 1 for m-BERT and XLM-R-base, and in an
equivalent plot comparing XLM-R-base and XLM-
R-large in Fig. 3. Second, we calculate how many
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Figure 3: Ratio of neurons most associated with a par-
ticular morphosyntactic category that overlap between
pairs of languages. Colours in the plot refer to 2 mod-
els: XLM-R-base (blue) and XLM-R-large (orange).

overlaps are statistically significant out of the total
number of pairwise comparisons in Tab. 1. From
the above results, it emerges that≈ 20% of neurons
among the top-50 most informative ones overlap
on average, but this number may vary dramatically
across categories.

Morphosyntactic Categories. Based on Tab. 1,
significant overlap is particularly accentuated in
specific categories, such as comparison, polarity,
and number. However, neurons for other categories
such as mood, aspect, and case are shared by only
a handful of language pairs despite the high num-
ber of comparisons. This finding may be partially
explained by the different number of values each
category can take. Hence, we test whether there
is a correlation between this number and average
cross-lingual overlap in Fig. 5a. As expected, we
generally find negative correlation coefficients—
prominent exceptions being number and person.
As the inventory of values of a category grows,
cross-lingual alignment becomes harder.

Language Proximity. Moreover, we investigate
whether language proximity, in terms of both lan-
guage family and typological features, bears any
relationship with the neuron overlap for any partic-
ular pair. In Fig. 4, we plot pairwise similarities
with languages within the same genus (e.g., Baltic)
against those outside. From the distribution of the
dots, we can extrapolate that sharing of neurons is
more likely to occur between languages in the same
genus. This is further corroborated by the language
groupings emerging in the matrices of App. B.

In Fig. 5b, we also measure the correlation be-
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Definiteness 0.11 0.22 0.13 45
Comparison 0.20 0.90 0.50 10
Possession 0.00 0.00 0.00 1
Aspect 0.03 0.10 0.09 153
Polarity 0.33 0.67 0.33 3
Number 0.40 0.51 0.74 666
Animacy 0.14 0.57 0.32 28
Mood 0.00 0.07 0.05 105
Gender 0.15 0.32 0.19 378
Person 0.08 0.25 0.13 276
POS 0.04 0.27 0.70 861
Case 0.10 0.18 0.17 300
Tense 0.08 0.23 0.12 325
Finiteness 0.09 0.18 0.09 45

Table 1: Proportion of language pairs with statistically
significant overlap in the top-50 neurons for an attribute
(after Holm–Bonferroni (Holm, 1979) correction). We
compute these ratios for each model. The final column
reports the total number of pairwise comparisons.

tween neuron overlap and similarity of syntactic
typological features based on Littell et al. (2017).
While correlation coefficients are mostly positive
(with the exception of polarity), we remark that the
patterns are strongly influenced by whether a cat-
egory is typical for a specific genus. For instance,
correlation is highest for animacy, a category al-
most exclusive to Slavic languages in our sample.

Pre-trained Models. Afterwards, we determine
whether the 3 models under consideration reveal
different patterns. Comparing m-BERT and XLM-
R-base in Fig. 1, we find that, on average, XLM-R-
base tends to share more neurons when encoding
particular morphosyntactic attributes. Moreover,
comparing XLM-R-base to XLM-R-large in Fig. 3
suggests that more neurons are shared in the former
than in the latter.

Altogether, these results seem to suggest that
the presence of additional training data engenders
cross-lingual entanglement, but increasing model
size incentivises morphosyntactic information to
be allocated to different subsets of neurons. We
conjecture that this may be best viewed from the
lens of compression: if model size is a bottleneck,
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Figure 4: Mean percentage of neuron overlap in XLM-
R-base with languages either within or outside the same
genus for each morphosyntactic category.

then, to attain good performance across many lan-
guages, a model is forced to learn cross-lingual
abstractions that can be reused.

Pre-training Data Size. Finally, we assess the
effect of pre-training data size6 for neuron overlap.
According to Fig. 5c, their correlation is very high.
We explain this phenomenon with the fact that more
data yields higher-quality (and as a consequence,
more entangled) multilingual representations.

5 Conclusions

In this paper, we hypothesise that the ability of
multilingual models to generalise across languages
results from cross-lingually entangled representa-
tions, where the same subsets of neurons encode
universal morphosyntactic information. We vali-
date this claim with a large-scale empirical study
on 43 languages and 3 models, m-BERT, XLM-
R-base, and XLM-R-large. We conclude that the
overlap is statistically significant for a notable
amount of language pairs for the considered at-
tributes. However, the extent of the overlap varies
across morphosyntactic categories and tends to be
lower for categories with large inventories of pos-
sible values. Moreover, we find that neuron sub-
sets are shared mostly between languages in the
same genus or with similar typological features. Fi-
nally, we discover that the overlap of each language
grows proportionally to its pre-training data size,
but it also decreases in larger model architectures.

Given that this implicit morphosyntactic align-
ment may affect the transfer capabilities of pre-

6We rely on the CC-100 statistics reported by Conneau
et al. (2020) for XLM-R and on the Wikipedia dataset’s size
with TensorFlow datasets (Abadi et al., 2015) for m-BERT.

Figure 5: Spearman’s correlation, for a given model
and morphological category, between the cross-lingual
average percentage of overlapping neurons and:

AnimacyAspect Case Gender Mood Number POS Person Tense
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0.65 0.22 -0.16 0.31 0.33 0.58 0.17 0.16 0.11
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(c) language model training data size.

trained models, we speculate that, in future work,
artificially encouraging a tighter neuron over-
lap might facilitate zero-shot cross-lingual infer-
ence to low-resource and typologically distant lan-
guages(Zhao et al., 2021).
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tias Grioni, Normunds Grūzı̄tis, Bruno Guillaume,
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A Probed Property–Language Pairs

Afro-Asiatic
• ara (Arabic): Gender, Voice, Mood, Part of

Speech, Aspect, Person, Number, Case, Defi-
niteness

• heb (Hebrew): Part of Speech, Number,
Tense, Person, Voice

Austroasiatic
• vie (Vietnamese): Part of Speech

Dravidian
• tam (Tamil): Part of Speech, Number, Gen-

der, Case, Person, Finiteness, Tense
Indo-European

• afr (Afrikaans): Part of Speech, Number,
Tense

• bel (Berlarusian): Part of Speech, Tense,
Number, Aspect, Finiteness, Voice, Gender,
Animacy, Case, Person

• bul (Bulgarian): Part of Speech, Definite-
ness, Gender, Number, Mood, Tense, Person,
Voice, Comparison

• cat (Catalan): Gender, Number, Part of
Speech, Tense, Mood, Person, Aspect

• ces (Czech): Part of Speech, Number, Case,
Comparison, Gender, Mood, Person, Tense,
Aspect, Polarity, Animacy, Possession, Voice

• dan (Danish): Part of Speech, Number, Gen-
der, Definiteness, Voice, Tense, Mood, Com-
parison

• deu (German): Part of Speech, Case, Num-
ber, Tense, Person, Comparison

• ell (Greek): Part of Speech, Case, Gender,
Number, Finiteness, Person, Tense, Aspect,
Mood, Voice, Comparison

• eng (English): Part of Speech, Number,
Tense, Case, Comparison

• fas (Persian): Number, Part of Speech, Tense,
Person, Mood, Comparison

• fra (French): Part of Speech, Number, Gen-
der, Tense, Mood, Person, Polarity, Aspect

• gle (Irish): Tense, Mood, Part of Speech,
Number, Person, Gender, Case

• glg (Galician): Part of Speech
• hin (Hindi): Person, Case, Part of Speech,

Number, Gender, Voice, Aspect, Mood, Finite-
ness, Politeness

• hrv (Croatian): Case, Gender, Number, Part
of Speech, Person, Finiteness, Mood, Tense,
Animacy, Definiteness, Comparison, Voice

• ita (Italian): Part of Speech, Number, Gender,
Person, Mood, Tense, Aspect

• lat (Latin): Part of Speech, Number, Gender,
Case, Tense, Person, Mood, Aspect, Compari-
son

• lav (Latvian): Part of Speech, Case, Number,
Tense, Mood, Person, Gender, Definiteness,
Aspect, Comparison, Voice

• lit (Lithuanian): Tense, Voice, Number, Part
of Speech, Finiteness, Mood, Polarity, Person,
Gender, Case, Definiteness

• mar (Marathi): Case, Gender, Number, Part
of Speech, Person, Aspect, Tense, Finiteness

• nld (Dutch): Person, Part of Speech, Number,
Gender, Finiteness, Tense, Case, Comparison

• pol (Polish): Part of Speech, Case, Number,
Animacy, Gender, Aspect, Tense, Person, Po-
larity, Voice

• por (Portuguese): Part of Speech, Person,
Mood, Number, Tense, Gender, Aspect

• ron (Romanian): Definiteness, Number, Part
of Speech, Person, Aspect, Mood, Case, Gen-
der, Tense

• rus (Russian): Part of Speech, Case, Gender,
Number, Animacy, Tense, Finiteness, Aspect,
Person, Voice, Comparison

• slk (Slovak): Part of Speech, Gender, Case,
Number, Aspect, Polarity, Tense, Voice, Ani-
macy, Finiteness, Person, Mood, Comparison

• slv (Slovenian): Number, Gender, Part of
Speech, Case, Mood, Person, Finiteness, As-
pect, Animacy, Definiteness, Comparison

• spa (Spanish): Part of Speech, Tense, Aspect,
Mood, Number, Person, Gender

• srp (Serbian): Number, Part of Speech, Gen-
der, Case, Person, Tense, Definiteness, Ani-
macy, Comparison

• swe (Swedish): Part of Speech, Gender, Num-
ber, Definiteness, Case, Tense, Mood, Voice,
Comparison

• ukr (Ukrainian): Case, Number, Part of
Speech, Gender, Tense, Animacy, Person, As-
pect, Voice, Comparison

• urd (Urdu): Case, Number, Part of Speech,
Person, Finiteness, Voice, Mood, Politeness,
Aspect

Japonic
• jpn (Japanese): Part of Speech

Language isolate
• eus (Basque): Part of Speech, Case, Animacy,

Definiteness, Number, Argument Marking,
Aspect, Comparison

Sino-Tibetan
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• zho (Chinese): Part of Speech
Turkic

• tur (Turkish): Case, Number, Part of Speech,
Aspect, Person, Mood, Tense, Polarity, Pos-
session, Politeness

Uralic
• est (Estonian): Part of Speech, Mood, Finite-

ness, Tense, Voice, Number, Person, Case
• fin (Finnish): Part of Speech, Case, Num-

ber, Mood, Person, Voice, Tense, Possession,
Comparison

B Pairwise Overlap by Morphosyntactic
Category

Figure 6: The percentage overlap between the top-50
most informative dimensions in a randomly selected
language model for each of the morphosyntactic cate-
gories. Statistically significant overlap is marked with
an orange square.
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(f) Gender–XLM-R-base
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(j) Part of Speech–XLM-R-large
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(l) Tense–XLM-R-base
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Abstract

Aspect-based sentiment analysis (ABSA) is a
fine-grained sentiment classification task. Most
recent efforts adopt pre-trained model to clas-
sify the sentences with aspects. However, the
aspect sentiment bias from pre-trained model
brings some noise to the ABSA task. Besides,
traditional methods using cross-entropy loss are
hard to find the potential associations between
sentiment polarities. In this work, we analyze
the ABSA task from a novel cognition perspec-
tive: humans can often judge the sentiment of
an aspect even if they do not know what the
aspect is. Moreover, it is easier to distinguish
positive and negative sentiments than others for
human beings because positive and negative are
two opposite sentiments. To this end, we pro-
pose a no-aspect differential sentiment (NADS)
framework for the ABSA task. We first design
a no-aspect template by replacing the aspect
with a special unbiased character to eliminate
the sentiment bias and obtain a stronger rep-
resentation. To better get the benefits from
the template, we adopt contrastive learning be-
tween the no-aspect template and the original
sentence. Then we propose a differential sen-
timent loss instead of the cross-entropy loss to
better classify the sentiments by distinguishing
the different distances between sentiments. Our
proposed model is a general framework and can
be combined with almost all traditional ABSA
methods. Experiments on SemEval 2014 show
that our framework is still able to predict the
sentiment of the aspect even we don’t konw
what the aspect is. Moreover, our NADS frame-
work boosts three typical ABSA methods and
achieves state-of-the-art performance.

1 Introduction

Aspect-based sentiment analysis (ABSA) (Jiang
et al., 2011) aims to identify the sentiment polarity
(i.e., negative, neutral, or positive) of each specific
aspect term in a piece of text (Hou et al., 2021;

∗Corresponding author.

Dai et al., 2021; Li et al., 2021). For example,
in “The food is great, but the service is terrible”,
the sentiment towards “food” is positive while the
sentiment towards “service” is negative. We need
to predict the sentiments of different aspect terms
in a sentence.

Previous works usually employ pre-trained
model to extract the embedding of the concate-
nation of the sentence and the aspect term. In
this way, the attention mechanism in pre-trained
model enhances the connection between aspect and
its context (Tang et al., 2016; Song et al., 2019).
The experiment results verify its appealing perfor-
mance. However, the pre-trained model on large-
scale raw corpora tends to internalize aspects’ in-
trinsic attributes (Huang et al., 2020) and brings
some noise to the ABSA task. For example, for
the sentence “Desserts include flan and sopaip-
illas”, a typical model BERT-SPC (Song et al.,
2019) based on BERT (Devlin et al., 2019) tends to
classify the sentiment towards “Desserts” as posi-
tive, while the label is neutral. This is because in
pre-trained corpora, “Desserts” often appears with
words that contain positive sentiment, causing the
word “Desserts” to internalize positive sentiment
as well. Moreover, traditional text classification
methods using the cross-entropy loss have some
shortcomings. On the one hand, the cross-entropy
loss suffers from lacking of robustness to noisy
labels (Zhang and Sabuncu, 2018) and the possi-
bility of poor margins (Elsayed et al., 2018). On
the other hand, the cross-entropy loss ignores the
potential relationships between different sentiment
polarities. Meanwhile, the non-smooth anisotropic
semantic space induced by pre-trained model (Li
et al., 2020) also brings difficulty in distinguishing
potential relationships between sentiments.

To tackle these problems, we analyze the ABSA
task from a human cognition perspective. People
often pay attention to the learning strategy and fea-
ture representation in many NLP tasks, but ignore
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I had a delicious <aspect>.

original sentences

no-aspect template

Human 
perception

negative

neutral

positive

I had a delicious shrimp.
I had a delicious apple.
I had a delicious food.

.

.

.

Figure 1: Human performance on the ABSA task.

the organization of concepts between human and
artificial intelligence. Intuitively, human can still
perform well in the ABSA task without knowing
the meaning of aspect. As shown in Figure 1, in

“I had a delicious shrimp.”, maybe we don’t know
what the “shrimp” is (it is a kind of food), we can
also easily classify the sentiment polarity of this
word as positive. Because we can judge the senti-
ment of the aspect through its context. Moreover, in
human perception, “positive” and “negative” are
two completely opposite sentiments and “neutral”
sentiment is in between. The distance between

“positive” and “neutral” is obviously closer than
“positive” and “negative”.

Inspired by the human cognition, we propose the
no-aspect template differential sentiment (NADS)
framework. We first design a no-aspect template by
replacing the aspect term in the sentence with the
special sentiment unbiased character “< aspect >”
and utilize the contrastive learning between the no-
aspect template and the original sentence. In this
way, we can not only eliminate the sentiment bias
in original sentence, but also learn a wider range
of sentence patterns as shown in Figure 1 to en-
hance the robustness of our framework. Moreover,
it helps our NADS framework to judge the senti-
ment of the aspect without knowing the specific
meaning of it, just like human beings. Then, in
order to reduce the semantic loss caused by the spe-
cial character “< aspect >”, we utilize the masked
aspect prediction to keep the original semantic in-
formation. Morever, we design the differential sen-
timent loss to find the different distances between
different sentiments and better distinguish different
sentiments. Our main contributions are:

• We propose a no-aspect template and utilize
the no-aspect contrastive learning to consider
a wider range of sentence patterns and elim-
inate the sentiment bias in the aspect embed-
ding. This also enables our model to predict
the sentiment of the aspect without knowing
what the aspect is, just like human beings.

• We design the differential sentiment loss to
help us better distinguish different distances
between different sentiments. Moreover, our
differential sentiment loss can make samples
with the same sentiment as close as possible,
and samples with different sentiments as far
away as possible.

• Experiments on SemEval 2014 show that our
model enhances the performance of three typ-
ical ABSA methods and achieves new state-
of-the-art. Additionally, the experiments on
an aspect robustness test set ARTS show our
NADS model can greatly improve the robust-
ness of the model.

2 Related Work

Aspect-based sentiment analysis is a fine-grained
sentiment classification task. Recently, some works
on ABSA have focused on leveraging syntactic
knowledge through syntactic trees. (Wang et al.,
2020) reshaped the syntactic tree with aspect terms
as the center and utilized a relational graph atten-
tion network to encode the new tree structure for
sentiment prediction. (Hou et al., 2021) combined
the dependency relations from different parses be-
fore applying GNNs over the resulting graph.

Another trend utilizes various attention mech-
anisms to find the semantic relation of an aspect
and its context (Tan et al., 2019; Li et al., 2018;
Fan et al., 2018; Huang et al., 2018). Attention
mechanism helps to focus on the context related to
aspect and shield the irrelevant context. Besides,
some works tried to integrate syntax tree and at-
tention mechanism. Most recent work (Li et al.,
2021) utilized a mutual biaffine attention mecha-
nism to fuse syntactic information and semantic
information from syntactic tree.

In parallel, the pre-trained language model
BERT (Devlin et al., 2019) has achieved remark-
able performance in many NLP tasks. Experiments
show that using BERT in ABSA can achieve better
results (Li et al., 2021; Zhang et al., 2019) than
using static word embeddings such as Word2vec
(Mikolov et al., 2013) and GloVe (Pennington et al.,
2014). However, (Wang et al., 2021) showed that
the sentiment bias of aspect caused by the pre-
trained model may perplex the ABSA task. They
utilized external sentiment knowledge SentiWord-
Net (Esuli and Sebastiani, 2006) to extract prior
three-categorical sentiment for aspect terms. Then
they proposed an adversarial network to eliminate
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Figure 2: (a) and (b) are the causal graphs for tradi-
tional ABSA methods and our NADS. A: aspect terms.
C: context. M : the fusing information of aspect and
context. Y : sentiment of the aspect. a∗: the special
character without sentiment bias.

the prior sentiment of aspect terms. However, it is
not known whether the aspect sentiment polarity
labeled from SentiWordNet is consistent with the
sentiment bias in the pre-trained model. In addi-
tion, previous works using cross-entropy loss also
ignored the potential associations between different
sentiment polarities.

In this paper, we propose a no-aspect template
and utilize contrastive learning to eliminate sen-
timent bias and learn a wider range of sentence
patterns to improve the robustness of the model.
Moreover, we design the differential sentiment loss
to better distinguish the different distances between
different sentiments and cluster the same sentiment.

3 Preliminaries

In this section, we use causal inference (Pearl et al.,
2000; Robins, 2003) to illustrate the theoretical ba-
sis of our framework. We illustrate the traditional
ABSA methods and our NADS framework by us-
ing a causal graph described in Figure 2. Causal
graph reflects the causal relationship between vari-
ables and we use “→” denotes the direct effect.
For the ABSA task, the factors affecting sentiment
prediction include the specific aspect term A that
we need to predict and the context of the aspect C.
Both A and C are important to ABSA task because
C contains the sentiment information and we need
to know which aspect A to predict sentiment for.

In traditional methods’ causal graph as shown
in Figure 2 (a), the context and aspect capture the
direct effect of sentiment via C → Y and A→ Y .
The fusing information captures the indirect effect
ofA andC on Y via theM , i.e., A,C →M → Y .
The predicted result that Y would obtain if A is set
to a and C is set to c as:

Ya,c = Y (A = a,C = c,M = m) (1)

where m = Ma,c denotes the information about
the fusion of aspect a and context c. According to

this formula, traditional methods well consider the
role of the aspect and its context in the ABSA task.
However, in human cognition, the specific meaning
of aspect does not affect people’s judgment of its
sentiment. Traditional methods ignored the aspect
sentiment bias which makes aspect have a direct
impact on the prediction results Y via A→ Y . It
may cause ABSA models to suffer from the spuri-
ous correlation between aspect and sentiment, and
thus fail to conduct effective reasoning.

In our NADS framework, we propose to exclude
aspect sentiment bias effect on A → Y in ABSA
as shown in Figure 2 (b). We utilize a special
character “< aspect >” that without sentiment
bias to replace the original aspect in the sentence
and employ the masked aspect prediction to keep
the original semantic information of the sentence.
We get the sentiment prediction Y as:

Ya∗,c = Y (A = a∗, C = c,M = m∗) (2)

where a∗ = “< aspect >” and m∗ = Ma∗,c. In
this way, we eliminate the direct impact of aspect’s
sentiment bias on the prediction results and keep
the original semantic information.

4 Proposed NADS

In the ABSA task, given a sentence S =
{ω1, ω2, ..., ωτ , ..., ωτ+t, ..., ωn} and an aspect
term A = {ωτ , ωτ+1, ..., ωτ+t−1}, the purpose is
to predict the sentiment polarity of A in this S. As
shown in Figure 3, our NADS framework consists
of three parts. We first propose no-aspect template
and utilize contrastive learning between the no-
aspect template and original sentence to consider a
wider range of sentence patterns and eliminate the
sentiment bias in the aspect embedding. Then, in
order to make the sentence with the special char-
acters “< aspect >” keep the original semantic
information, we utilize the masked aspect predic-
tion. Finally we design the differential sentiment
loss to learn the different distances between differ-
ent sentiment polarities. We elaborate the details
of our proposed NADS.

4.1 No-aspect Contrastive Learning
For each {S,A} pair, we utilize a special character
“< aspect >” without sentiment bias to replace the
whole aspect term A in the sentence. We denote
the no-aspect template as T :

T = Replace({S|A = a}, < aspect >) (3)
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[CLS]    <aspect> include    flan    and    sopaipillas   .    [SEP]

BERT
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Figure 3: An overview of proposed no-aspect differential sentiment (NADS) framework.

To better use the information from no-aspect
template and regularize pre-trained anisotropic em-
bedding space, we utilize contrastive learning be-
tween the original sentence and no-aspect template.
Specifically, for each sentence-aspect pair (si, ai),
we denote the positive sentence as:

s+i = Ti (4)

where Ti is the no-aspect template of si. Thus
we get a positive instance (s+i , < aspect >) for
(si, ai). We obtain feature representation for each
sentence-aspect pair and positive instance through
the encoder fθ(·):

hi = fθ(si, ai) (5)

h+i = fθ(s
+
i , < aspect >) (6)

where hi and h+i denote the feature representation
of original sentence-aspect pair and positive in-
stance. In our NADS framework, we utilize BERT
to get the embedding of each sentence-aspect pair
by inputting the concatenation of the aspect term
and the sentence. For other models we use their
methods as the encoder to get the embedding for
each pair (si, ai). We denote all other sentences
in the mini-batch as negative instances, so the con-
trastive loss is:

Lcon = −log esim(hi,h
+
i )/τ

ΣNj=1e
sim(hi,h

+
j )/τ

(7)

where τ is the temperature hyperparameter and
sim(·) is the cosine similarity. N is the batch size.

By comparing the original sentence with the no-
aspect template, we eliminate the sentiment bias
caused by the aspect terms in the original sentence
and learn not only the information of a sentence,
but also the information of a group of sentence
patterns. This helps us to improve the robustness of
the model. Moreover, contrastive learning helps us
regularize pre-trained anisotropic embedding space
to prepare for differential sentiment loss.

4.2 Masked Aspect Prediction
In section 4.1, we utilize the “< aspect >” to con-
struct the no-aspect template. However, we think
that directly using a special character “< aspect >”
that does not exist in the pre-trained model may
cause trouble to remain the semantic information.
Therefore, we utilize masked aspect prediction for
the special characters “< aspect >” to keep the
original semantics. Specifically, we mask the as-
pects by using “< aspect >” and predict the orig-
inal aspect terms in the position of “< aspect >”
in our ABSA training dataset. According to (Hong
et al., 2021), our purpose is to train the embedding
of “< aspect >” to keep the complete semantic
information. For our NADS framework, we de-
note the embedding of “< aspect >” position as
h[<asp>]. We feed h[<asp>] into a softmax layer to
predict the original aspect:

Ŷ a = softmax(W1h[<asp>] + b1) (8)

where the W1 and b1 are trainable parameters, Ŷ a

indicates the predict probability of the aspect word
at its position. We get the masked aspect prediction
loss through the cumulative of log-likelihood on
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predictions of each “< aspect >” position:

Lasp = −Σlogp(Ŷ a) (9)

Specially, we only predict the position of “<
aspect >” in sentences. The masked aspect
prediciton helps us keep the original semantic infor-
mation of the sentence after replacing the aspect.

4.3 Differential Sentiment Loss

After regularizing pre-trained anisotropic embed-
ding space by using the contrastive learning be-
tween original and no-aspect template, we design
our differential sentiment loss to better distinguish
different sentiments. We first embed our labels into
the same size of hi. We convert positive, neutral
and negative sentiment labels into label embed-
dings L = {lpos, lneu, lneg}. The distance between
the sentence-aspect pair embedding hi and label
embedding li is:

d(hi, li) = 1− h⊤i li
∥hi∥·∥li∥

(10)

For each sentence-aspect pair embedding hi, the
distance between hi and its label li should be closer
than other label embeddings in L. Thus, we utilize
a triplet loss to make hi closer to the right label
embedding li and further to the other label embed-
dings. For each hi, the positive instance is the label
embedding li and the negative instances are the
other label embeddings in L. Moreover, in human
cognition, the distances between different senti-
ments are different. Thus, we set a specific margin
for each negative instance to better distinguish the
different distances between different sentiments.
Our differential sentiment loss is given as:

Lds =Σ
l
′
i∈L,l

′
i ̸=li

max(d(hi, li)

− d(hi, l
′
i) +m(li, l

′
i), 0)

(11)

where m(li, l
′
i) is the specific margin for label li

and l
′
i. According to human cognition, we de-

note that positive and negative sentiments should
have the same distance to neutral sentiment and the
distance between positive and negative is further.
Thus, we set m(pos, neu) = m(neg, neu) and
m(pos, neg) > m(pos, neu) in our model. Com-
pared with the cross-entropy loss, our differential
sentiment loss can better classify the sentiments
through distinguishing the differences between sen-
timents. Moreover, our differential sentiment loss

Dataset Division #Pos #Neu #Neg

Laptop
Train 976 455 851
Test 337 167 128

Restaurant
Train 2164 637 807
Test 727 196 196

Table 1: Statistics on two datasets of ABSA.

can jointly train the model and label embeddings
and make our framework converge faster.

In order to judge the sentiment polarity of the
sentence-aspect pair, we utilize cosine similarity to
construct our scoring function:

S(h, l) =
h⊤l
∥h∥·∥l∥ (12)

where h is the embedding of the sentence-aspect
pair, and l is the embedding of the label. We take
the l with the largest score as our prediction result.

Our training goal is to minimize the following
total objective function:

L = Lds + λ1Lcon + λ2Lasp (13)

where λ1 and λ2 are the weights of contrastive
leanrning loss and masked aspect prediction loss.

5 Experiments

5.1 Datasets

We evaluate our model on two ABSA task pub-
lic datasets: Restaurant and Laptop reviews from
SemEval 2014 Task 4 (Pontiki et al., 2014). We
remove several examples with “conflict” sentiment
polarity labels in the reviews. Table 1 shows the
statistics of these datasets.

5.2 Baseline Methods

We compare our NADS with state-of-the-art base-
lines. The models are described as follows.
1) BERT-SPC (Song et al., 2019) utilizes BERT
to encode the sentence-aspect pair as : "[CLS] sen-
tence [SEP] aspect [SEP]" and gets the embedding
of “[CLS]”. Our NADS framework utilizes BERT-
SPC as the encoder.
2) AEN+BERT (Song et al., 2019) utilizes BERT
and several attention layers to encoder sentence-
aspect pair. The embedding of the sentence and the
embedding of the aspect are obtained respectively.
3) CapsNet+BERT (Jiang et al., 2019) combines
the BERT and capsule networks in ABSA.
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Models Strategy
14Rest 14Lap

Accuracy Macro-F1 Accuracy Macro-F1
CapsNet+BERT (Jiang et al., 2019) Ori 85.09 77.75 78.21 73.34
BERT-ADA (Rietzler et al., 2020) Ori 87.14 80.05 79.19 74.18
SDGCN-BERT (Zhao et al., 2020) Ori 83.57 76.47 81.35 78.34
R-GAT+BERT (Wang et al., 2020) Ori 86.60 81.35 78.21 74.07
DGEDT+BERT (Tang et al., 2020) Ori 86.30 80.00 79.80 75.60

Ori 84.46 76.98 78.99 75.03
BERT-SPC (Song et al., 2019) Noasp 81.77 70.81 75.47 69.65

Unite 84.45 77.40 78.16 73.06
Ori 87.49 82.09 82.12 79.13

NADS Noasp 87.04 81.77 81.01 77.69
Unite 87.58 81.73 81.96 78.87
Ori 83.12 73.76 79.93 76.31

AEN+BERT (Song et al., 2019) Noasp 80.70 68.86 77.06 72.41
Unite 80.97 71.65 78.16 74.39
Ori 84.00 75.88 81.33 77.78

AEN+NADS Noasp 86.51 80.16 80.22 76.88
Unite 86.68 79.69 81.48 78.07
Ori 87.13 81.16 81.80 78.10

DualGCN+BERT (Li et al., 2021) Noasp 81.95 72.42 77.53 73.49
Unite 84.90 77.24 78.64 74.43
Ori 87.49 82.07 82.75 79.95

DualGCN+NADS Noasp 86.86 81.23 81.49 78.02
Unite 87.67 82.59 82.75 79.72

Table 2: Comparison of our NADS on three traditional methods to other baselines on two datasets.

4) BERT-ADA (Rietzler et al., 2020) utilizes do-
main data to enhance the BERT and then uses task
data to make supervised fine-tuning.
5) SDGCN+BERT (Zhao et al., 2020) employs
graph convolution network for sentences with mul-
tiple aspects.
6) R-GAT+BERT (Wang et al., 2020) proposes an
aspect-oriented tree and encodes new dependency
trees with a relational GAT.
7) DGEDT+BERT (Tang et al., 2020) proposes
a mutual biaffine module to jointly consider the
representations learned from Transformer and the
GNN model over the dependency tree.
8) DualGCN+BERT (Li et al., 2021) utilizes de-
pendency tree to extract syntax information and
self attention to extract semantic information.

Moreover, in order to prove the effectiveness
of our NADS framework, we adopt our NADS to
BERT-SPC, AEN+BERT and DualGCN+BERT.

5.3 Implementation Details

We utilize the bert-base-uncased English version.
Following the DualGCN (Li et al., 2021), we use

LAL-Parser (Mrini et al., 2019) to get dependency
tree for DualGCN+NADS. We randomly initialize
the embedding of three sentiments and we set the
λ1 = 0.4, λ2 = 0.1 during our training. The differ-
ent margins (m(pos, neu),m(pos, neg)) are set to
(0.4, 0.6), (0.4, 0.6) for the laptop and restaurant
datasets for our NADS framework. During train-
ing, we use AdamW as the optimizer and set the
learning rate to 2 × 10−5. We train the model up
to 15 epochs with a batch size of 16.

5.4 Comparison Results

We utilize the accuracy and macro-averaged F1-
score to evaluate ABSA task. In order to better
predict the correct sentiment in the test, we adopt
three different ways to test our NADS framework.
1) Original test: utilizing the concatenation of
the original aspect and the original sentence as the
input and extract the embedding for prediction.
2) Noasp test: utilizing the concatenation of the “<
aspect >” and the no-aspect template as the input
of encoder. This test method can help us judge
whether the model can correctly predict sentiment
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without knowing the specific meaning of the aspect
like human beings.
3) Unite test: using both Original test mode and
Noasp test mode to get the scores of each label for
each sentence-aspect pair and sum the scores of
same label after normalization.

Table 2 shows our main experimental results. As
we can see, our NADS framework outperforms all
baselines on laptop and restaurant datasets, and
the performance of the three traditional models:
BERT-SPC, AEN+BERT and DualGCN+BERT
has been improved after adding our NADS frame-
work. Our NADS outperforms the BERT-SPC by
3.03%/3.13% on Restaurant/Laptop. The result
demonstrates that our NADS framework effectively
utilizes the way of human cognitive and plays a
better role in the ABSA task. Compared with tradi-
tional methods, our no-aspect template eliminates
the sentiment bias of aspect and learns more in-
formation of a group of sentence patterns, which
can reduce the noise caused by aspect sentiment
bias and enhance the robustness of our framework.
Moreover, our differential sentiment loss can better
classify the sentiment through distinguishing the
difference in these three different sentiment polar-
ities after contrastive learning. The experiments
on three traditional methods also show that our
framework well fits most of the existing models
and boosts their performance.

In parallel, according to the experimental re-
sults of Noasp test, the performance of traditional
methods drops significantly without knowing what
aspect is. However, our NADS framework can
still perform well without knowing the aspect just
like human beings. In Noasp test mode, BERT-
SPC drops 2.69%/3.52% on Restaurant/Laptop.
By contrast, our NADS framework drops only
0.45%/1.11% on Restaurant/Laptop. We also
find AEN+NADS increases 2.51% on Restaurant
dataset, while the AEN+BERT drops 2.42%. This
shows that our NADS can still perform well with-
out knowing the specific meaning of the aspect.
Comparing these three test modes, we can also find
that the Unite test mode can achieve the most stable
result in different models.

5.5 Ablation Study

In order to further study the role of different mod-
ules in our framework, we conduct extensive abla-
tion experiments. The results are shown in Table
3. NADS w/o NOASP denotes that we only utilize

Models
14Rest 14Lap

Acc Macro-F1 Acc Macro-F1
NADS 87.49 82.09 82.12 79.13

NADS w/o NOASP 85.22 78.88 79.43 75.30
NADS w/o MAP 87.04 81.73 81.18 78.51
NADS w/o DS 87.22 81.71 81.01 77.26

Table 3: Experimental results of ablation study.

Figure 4: Effect of different m(pos, neg) while set
m(pos, neu) = 0.4 in laptop dataset.

the original sentence and remove the contrastive
learning. Without contrastive learning between
no-aspect template and original sentence, the senti-
ment bias of aspect perplexes the prediction result
and more importantly, differential sentiment loss
will not work because of the anisotropic in BERT
model. Therefore, its performance is degraded on
both two datasets. NADS w/o MAP means that we
remove the masked aspect prediction module so
that we may lose the original semantic information
of the sentence. NADS w/o DS indicates that we
utilize the cross-entropy loss function instead of
our differential sentiment loss. Without differential
sentiment loss, the model cannot find the different
distances between sentiments. Experiments show
that every module is indispensable in our NADS
framework.

5.6 Selection of Margin

We experiment with different margins in the differ-
ential sentiment loss. In our framework, we only
consider the m(pos, neu) and m(pos, neg). Fig-
ure 4 shows the accuracy of different m(pos, neg)
when we set m(pos, neu) = 0.4 in our three meth-
ods based on our NADS framework on Laptop
dataset. As we can see, the accuracy increases first
and then decreases in the process of m(pos, neg)
gradually increasing. The three models perform
best when the m(pos, neg) is set to 0.6, 0.5 and
0.7. This experiment shows that the distance be-
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# Case BERT-SPC AEN+BERT DualGCN+BERT NADS
1 I asked for a simple medium rare steak . (P×) (P×) (P×) (O✓)
2 Desserts include flan and sopaipillas. (P×,P×,P×) (P×,P×,P×) (P×,P×,P×) (O✓,P×,P×)

3
We started with the scallops and asparagus
and also had the soft shell crab as well
as the cheese plate.

(O✓,P×,P×,P×) (P×,P×,P×,P×) (O✓,O✓,P×,P×) (O✓,O✓,O✓,P×)

4 Try the rose roll ( not on menu ). (N×) (N×) (O✓) (O✓)

5 There was only one waiter for the whole
restaurant upstairs. (N×) (N×) (O✓) (O✓)

Table 4: Case study. Comparison of our NADS model to different baselines. Marker ✓ indicates correct prediction
while × indicates incorrect prediction.

Figure 5: Distribution of bad cases of our NADS frame-
work and BERT-SPC.

tween positive and negative is indeed farther than
that between positive and neutral. It proves the
effectiveness of our differential sentiment loss.

5.7 Sentiment Bias Elimination

In order to better understand the ability of our
NADS framework to eliminate sentiment bias, we
find several examples whose labels are neutral and
show their prediction results in different models
in Table 4, where P,N,O represent positive, neg-
ative, and neutral sentiments. We highlight the
aspect words in red. We can see that our NADS
framework outperforms all other models. For the
aspect “steak” in the first sample, previous methods
ignore the positive sentiment bias of “steak” and
incorrectly predict the sentiment as positive. In
contrast, our NADS eliminates the positive senti-
ment bias through no-aspect template and predicts
the correct sentiment as neutral. Moreover, we also
show the distribution of bad cases in Figure 5. The
bad cases of neutral aspects terms in our NADS
framework are significantly less than BERT-SPC.
This proves the effectiveness of our NADS frame-
work in eliminating sentiment bias. However, there
are still some neutral aspect terms in our framework
that are incorrectly predicted as shown in Table 4.

Models Rest Lap
Acc→ARS(Change) Acc→ARS(Change)

BERT-PT 86.70→59.29(↓27.41) 78.53→53.29(↓25.24)
RGAT 84.41→56.54(↓27.87) 78.08→51.37(↓26.72)

BERT-SPC 83.04→54.82(↓28.22) 77.59→50.94(↓26.65)
NADS 87.49→64.55(↓22.94) 82.12→58.77(↓23.35)

AEN+BERT 83.12→25.45(↓57.67) 79.93→30.09(↓49.84)
AEN+NADS 84.00→26.61(↓57.39) 81.33→37.15(↓44.18)

DualGCN+BERT 87.13→63.57(↓23.56) 81.80→57.99(↓23.81)
DualGCN+NADS 87.49→66.16(↓21.33) 82.75→60.82(↓21.93)

Table 5: Our NADS performance on aspect robustness
test set. We compare the accuracy on original and the
new test sets, and calculate the change of accuracy.

Models Strategy Rest Lap
Acc→ARS(Change) Acc→ARS(Change)

NADS
Ori 87.49→64.55(↓22.94) 82.12→58.77(↓23.35)

Noasp 87.04→64.38(↓22.66) 81.01→59.56(↓21.35)
Unite 87.58→64.91(↓22.67) 81.96→60.19(↓21.77)

AEN+NADS
Ori 84.00→26.61(↓57.39) 81.33→37.15(↓44.18)

Noasp 86.51→60.00(↓26.51) 80.22→57.88(↓22.34)
Unite 86.68→56.34(↓30.34) 81.48→50.78(↓30.70)

DualGCN+NADS
Ori 87.49→66.16(↓21.33) 82.75→60.82(↓21.93)

Noasp 86.86→64.46(↓22.40) 81.49→60.03(↓21.46)
Unite 87.67→65.36(↓22.31) 82.75→60.66(↓22.09)

Table 6: Comparison of three test modes on aspect
robustness test set.

A possible reason is that there may be other words
in a sentence carrying the sentiment bias in addition
to the current aspect.

5.8 Robustness Study
In order to verify the robustness of our NADS, we
test the robustness score of our framework on the
Aspect Robustness Test Set (ARTS) (Xing et al.,
2020). The datasets enrich 14Lap and 14Rest ac-
cording to three strategies: reverse the original sen-
timent of the target aspect (REVTGT), perturb the
sentiments of the non-target aspects (REVNON)
and generate more non-target aspect terms that have
opposite sentiment polarities to the target (AD-
DDIFF). They take the original sentence and the
three variants as an unit. Only if the original sen-
tence and all variants are correct, the unit is correct.
Calculate the accuracy of the units in the datasets
as the final Aspect Robustness Score (ARS).

We compare the ARS of the three models be-
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fore adding our NADS framework and after adding
NADS. The results in Table 5 show that the ARS
of the model has been significantly improved after
adding our NADS framework. Our NADS frame-
work adding DualGCN performs significantly bet-
ter than other models with 21.33% and 21.93%
decline on Restaurant and Laptop. This shows that
our framework utilizing human cognition has better
robustness than other models.

Moreover, we utilize the three test modes to test
on the ARTS as shown in Table 6. As we can see,
the AEN+NADS model with 57.39% and 44.18%
decline on Restaurant and Laptop when using Orig-
inal test mode. However, with 26.51% and 22.34%
decline when utilizing Noasp test mode. In the
overall scheme, the Noasp test mode and Unite test
mode can get a more stable result than the Original
test mode on the ARTS. Utilizing no-aspect tem-
plate in test may be a more stable robustness test
method.

6 Conclusion

In this paper, we propose a NADS framework
which is more in line with human cognition for
the ABSA task. Our NADS framework utilizes
no-aspect contrastive learning to eliminate the sen-
timent bias of aspects and enhance the sentence
representations. In addition, we construct a dif-
ferential sentiment loss to better classify the sen-
timents through distinguishing the different dis-
tances between sentiment polarities. Extensive ex-
periments show that our NADS framework boosts
three typical ABSA methods and outperforms base-
lines. Moreover, our NADS framework can still
perform well even we don’t know what the aspect
is. The test on the robustness dataset shows that
our NADS framework significantly improves the
robustness of the model.
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Abstract

Pre-trained language models have demon-
strated superior performance in various natu-
ral language processing tasks. However, these
models usually contain hundreds of millions
of parameters, which limits their practicality
because of latency requirements in real-world
applications. Existing methods train small
compressed models via knowledge distillation.
However, performance of these small mod-
els drops significantly compared with the pre-
trained models due to their reduced model ca-
pacity. We propose MoEBERT, which uses a
Mixture-of-Experts structure to increase model
capacity and inference speed. We initialize
MoEBERT by adapting the feed-forward neu-
ral networks in a pre-trained model into multi-
ple experts. As such, representation power of
the pre-trained model is largely retained. Dur-
ing inference, only one of the experts is acti-
vated, such that speed can be improved. We
also propose a layer-wise distillation method
to train MoEBERT. We validate the efficiency
and effectiveness of MoEBERT on natural lan-
guage understanding and question answering
tasks. Results show that the proposed method
outperforms existing task-specific distillation
algorithms. For example, our method outper-
forms previous approaches by over 2% on the
MNLI (mismatched) dataset. Our code is pub-
licly available at https://github.com/
SimiaoZuo/MoEBERT.

1 Introduction

Pre-trained language models have demonstrated
superior performance in various natural language
processing tasks, such as natural language under-
standing (Devlin et al., 2019; Liu et al., 2019; He
et al., 2021b) and natural language generation (Rad-
ford et al., 2019; Brown et al., 2020). These models
can contain billions of parameters, e.g., T5 (Raffel
et al., 2019) contains up to 11 billion parameters,
and GPT-3 (Brown et al., 2020) consists of up to

∗Corresponding author.

175 billion parameters. Their extreme sizes bring
challenges in serving the models to real-world ap-
plications due to latency requirements.

Model compression through knowledge distil-
lation (Romero et al., 2015; Hinton et al., 2015)
is a promising approach that reduces the compu-
tational overhead of pre-trained language models
while maintaining their superior performance. In
knowledge distillation, a large pre-trained language
model serves as a teacher, and a smaller student
model is trained to mimic the teacher’s behavior.
Distillation approaches can be categorized into
two groups: task-agnostic (Sanh et al., 2019; Jiao
et al., 2020; Wang et al., 2020, 2021; Sun et al.,
2020a) and task-specific (Turc et al., 2019; Sun
et al., 2019; Li et al., 2020; Hou et al., 2020; Sun
et al., 2020b; Xu et al., 2020). Task-agnostic dis-
tillation pre-trains the student and then fine-tunes
it on downstream tasks; while task-specific dis-
tillation directly fine-tunes the student after ini-
tializing it from a pre-trained model. Note that
task-agnostic approaches are often combined with
task-specific distillation during fine-tuning for bet-
ter performance (Jiao et al., 2020). We focus on
task-specific distillation in this work.

One major drawback of existing knowledge dis-
tillation approaches is the drop in model perfor-
mance caused by the reduced representation power.
That is, because the student model has fewer pa-
rameters than the teacher, its model capacity is
smaller. For example, the student model in Distil-
BERT (Sanh et al., 2019) has 66 million parame-
ters, about half the size of the teacher (BERT-base,
Devlin et al. 2019). Consequently, performance
of DistilBERT drops significantly compared with
BERT-base, e.g., over 2% on MNLI (82.2 v.s. 84.5)
and over 3% on CoLA (54.7 v.s. 51.3).

We resort to the Mixture-of-Experts (MoE,
Shazeer et al. 2017) structure to remedy the repre-
sentation power issue. MoE models can increase
model capacity while keeping the inference com-
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putational cost constant. A layer of a MoE model
(Shazeer et al., 2017; Lepikhin et al., 2021; Fedus
et al., 2021; Yang et al., 2021; Zuo et al., 2021)
consists of an attention mechanism and multiple
feed-forward neural networks (FFNs) in parallel.
Each of the FFNs is called an expert. During train-
ing and inference, an input adaptively activates a
fixed number of experts (usually one or two). In
this way, the computational cost of a MoE model
remains constant during inference, regardless of the
total number of experts. Such a property facilitates
compression without reducing model capacity.

However, MoE models are difficult to train-from-
scratch and usually require a significant amount of
parameters, e.g., 7.4 billion parameters for Switch-
base (Fedus et al., 2021). We propose MoEBERT,
which incorporates the MoE structure into pre-
trained language models for fine-tuning. Our model
can speedup inference while retaining the represen-
tation power of the pre-trained language model.
Specifically, we incorporate the expert structure by
adapting the FFNs in a pre-trained model into mul-
tiple experts. For example, the hidden dimension
of the FFN is 3072 in BERT-base (Devlin et al.,
2019), and we adapt it into 4 experts, each has a
hidden dimension 768. In this way, the amount
of effective parameters (i.e., parameters involved
in computing the representation of an input) is cut
by half, and we obtain a ×2 speedup. We remark
that MoEBERT utilizes more parameters of the pre-
trained model than existing approaches, such that
it has greater representation power.

To adapt the FFNs into experts, we propose an
importance-based method. Empirically, there are
some neurons in the FFNs that contribute more to
the model performance than the other ones. That
is, removing the important neurons causes signif-
icant performance drop. Such a property can be
quantified by the importance score (Molchanov
et al., 2019; Xiao et al., 2019; Liang et al., 2021).
When initializing MoEBERT, we share the most
important neurons (i.e., the ones with the highest
scores) among the experts, and the other neurons
are distributed evenly. This strategy has two ad-
vantages: first, the shared neurons preserve perfor-
mance of the pre-trained model; second, the non-
shared neurons promote diversity among experts,
which further boost model performance. After ini-
tialization, MoEBERT is trained using a layer-wise
task-specific distillation algorithm.

We demonstrate efficiency and effectiveness of

MoEBERT on natural language understanding and
question answering tasks. On the GLUE (Wang
et al., 2019) benchmark, our method significantly
outperforms existing distillation algorithms. For
example, MoEBERT exceeds performance of state-
of-the-art task-specific distillation approaches by
over 2% on the MNLI (mismatched) dataset. For
question answering, MoEBERT increases F1 by
2.6 on SQuAD v1.1 (Rajpurkar et al., 2016) and 7.0
on SQuAD v2.0 (Rajpurkar et al., 2018) compared
with existing algorithms.

The rest of the paper is organized as follows:
we introduce background and related works in Sec-
tion 2; we describe MoEBERT in Section 3; ex-
perimental results are provided in Section 4; and
Section 5 concludes the paper.

2 Background

2.1 Backbone: Transformer
The Transformer (Vaswani et al., 2017) backbone
has been widely adopted in pre-trained language
models. The model contains several identically-
constructed Transformer layers. Each layer has
a multi-head self-attention mechanism and a two-
layer feed-forward neural network (FFN).

Suppose the output of the attention mechanism
is A. Then, the FFN is defined as:

H = σ(AW1 + b1), X
ℓ = W2H+ b2, (1)

where W1 ∈ Rd×dh , W2 ∈ Rdh×d, b1 ∈ Rdh
and b2 ∈ Rd are weights of the FFN, and σ is the
activation function. Here d denotes the embedding
dimension, and dh denotes the hidden dimension
of the FFN.

2.2 Mixture-of-Experts Models
Mixture-of-Experts models consist of multiple ex-
pert layers, which are similar to the Transformer
layers. Each of these layers contain a self-attention
mechanism and multiple FFNs (Eq. 1) in parallel,
where each FFN is called an expert.

Let {Ei}Ni=1 denote the experts, and N denotes
the total number of experts. Similar to Eq. 1, the
experts in layer ℓ take the attention output A as
the input. For each at (the t-th row of A) that
corresponds to an input token, the corresponding
output xℓt of layer ℓ is

xℓt =
∑

i∈T
pi(at)Ei(at). (2)

Here, T ⊂ {1 · · ·N} is the activated set of experts
with |T | = K, and pi is the weight of expert Ei.
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Different approaches have been proposed to con-
struct T and compute pi. For example, Shazeer
et al. (2017) take

pi(at) = [softmax (atWg)]i , (3)
where Wg is a weight matrix. Consequently, T is
constructed as the experts that yield top-K largest
pi. However, such an approach suffers from load
imbalance, i.e., Wg collapses such that nearly all
the inputs are routed to the same expert. Existing
works adopt various ad-hoc heuristics to mitigate
this issue, e.g., adding Gaussian noise to Eq. 3
(Shazeer et al., 2017), limiting the maximum num-
ber of inputs that can be routed to an expert (Lep-
ikhin et al., 2021), imposing a load balancing loss
(Lepikhin et al., 2021; Fedus et al., 2021), and
using linear assignment (Lewis et al., 2021). In
contrast, Roller et al. 2021 completely remove the
gate and pre-assign tokens to experts using hash
functions, in which case we can take pi = 1/K.

In Eq. 2, a token only activates K instead of N
experts, and usually K ≪ N , e.g., K = 2 and
N = 2048 in GShard (Lepikhin et al., 2021). As
such, the number of FLOPs for one forward pass
does not scale with the number of experts. Such
a property paves the way for increasing inference
speed of a pre-trained model without decreasing the
model capacity, i.e., we can adapt the FFNs in a pre-
trained model into several smaller components, and
only activate one of the components for a specific
input token.

2.3 Pre-trained Language Models
Pre-trained language models (Peters et al., 2018;
Devlin et al., 2019; Raffel et al., 2019; Liu et al.,
2019; Brown et al., 2020; He et al., 2021b,a) have
demonstrated superior performance in various nat-
ural language processing tasks. These models are
trained on an enormous amount of unlabeled data,
such that they contain rich semantic information
that benefits downstream tasks. Fine-tuning pre-
trained language models achieves state-of-the-art
performance in tasks such that natural language un-
derstanding (He et al., 2021a) and natural language
generation (Brown et al., 2020).

2.4 Knowledge Distillation
Knowledge distillation (Romero et al., 2015; Hin-
ton et al., 2015) compensates for the performance
drop caused by model compression. In knowledge
distillation, a small student model mimics the be-
havior of a large teacher model. For example, Dis-
tilBERT (Sanh et al., 2019) uses the teacher’s soft

prediction probability to train the student model;
TinyBERT (Jiao et al., 2020) aligns the student’s
layer outputs (including attention outputs and hid-
den states) with the teacher’s; MiniLM (Wang et al.,
2020, 2021) utilizes self-attention distillation; and
CoDIR (Sun et al., 2020a) proposes to use a con-
trastive objective such that the student can distin-
guish positive samples from negative ones accord-
ing to the teacher’s outputs.

There are also heated discussions on the num-
ber of layers to distill. For example, Wang et al.
(2020, 2021) distill the attention outputs of the last
layer; Sun et al. (2019) choose specific layers to
distill; and Jiao et al. (2020) use different weights
for different transformer layers.

There are two variants of knowledge distillation:
task-agnostic (Sanh et al., 2019; Jiao et al., 2020;
Wang et al., 2020, 2021; Sun et al., 2020a) and
task-specific (Turc et al., 2019; Sun et al., 2019;
Li et al., 2020; Hou et al., 2020; Sun et al., 2020b;
Xu et al., 2020). The former requires pre-training a
small model using knowledge distillation and then
fine-tuning on downstream tasks, while the latter
directly fine-tunes the small model. Note that task-
agnostic approaches are often combined with task-
specific distillation for better performance, e.g.,
TinyBERT (Jiao et al., 2020). In this work, we
focus on task-specific distillation.

3 Method

In this section, we first present an algorithm that
adapts a pre-trained language model into a MoE
model. Such a structure enables inference speedup
by reducing the number of parameters involved in
computing an input token’s representation. Then,
we introduce a layer-wise task-specific distillation
method that compensates for the performance drop
caused by model compression.

3.1 Importance-Guided Adaptation of
Pre-trained Language Models

Adapting the FFNs in a pre-trained language model
into multiple experts facilitates inference speedup
while retaining model capacity. This is because
in a MoE model, only a subset of parameters are
used to compute the representation of a given token
(Eq. 2). These activated parameters are referred to
as effective parameters. For example, by adapting
the FFNs in a pre-trained BERT-base (Devlin et al.,
2019) (with hidden dimension 3072) model into
4 experts (each has hidden dimension 768), the
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Figure 1: Adapting a two-layer FFN into two experts.
The blue neuron is the most important one, and is shared
between the two experts. The red and green neurons are
the second and third important ones, and are assigned
to expert one and two, respectively.

number of effective parameters reduces by half,
such that we obtain a ×2 speedup.

Empirically, we find that randomly converting
a FFN into experts works poorly (see Figure 3a in
the experiments). This is because there are some
columns in W1 ∈ Rd×dh (correspondingly some
rows in W2 in Eq. 1) contribute more than the
others to model performance.

The importance score (Molchanov et al., 2019;
Xiao et al., 2019; Liang et al., 2021), originally
introduced in model pruning literature, measures
such parameter importance. For a dataset D with
sample pairs {(x, y)}, the score is defined as

Ij =
∑

(x,y)∈D

∣∣∣(w1
j )
⊤∇w1

j
L(x, y)

+ (w2
j )
⊤∇w2

j
L(x, y)

∣∣∣. (4)

Here w1
j ∈ Rd is the j-th column of W1, w2

j is the
j-th row of W2, and L(x, y) is the loss.

The importance score in Eq. 4 indicates variation
of the loss if we remove the neuron. That is,

|Lw − Lw=0| ≈
∣∣∣(w − 0)⊤∇wLw

∣∣∣
= |w⊤∇wLw|,

where Lw is the loss with neuron1 w and Lw=0 is
the loss without neuron w. Here the approximation
is based on the first order Taylor expansion of Lw
around w = 0.

After computing Ij for all the columns, we adapt
W1 into experts.2 The columns are sorted in as-

1A neuron w contains two weights w1 and w2 as in Eq. 4.
2The other parameters in the FFN: W2, b1 and b2 are

treated similarly according to {Ij}.

cending order according to their importance scores
as w1

(1) · · ·w1
(dh)

, where w1
(1) has the largest Ij

and w1
(dh)

the smallest. Empirically, we find that
sharing the most important columns benefits model
performance. Based on this finding, suppose we
share the top-s columns and we adapt the FFN
into N experts, then expert e contains columns
{w1

(1), · · · ,w1
(s),w

1
(s+e),w

1
(s+e+N), · · · }. Note

that we discard the least important columns to keep
the size of each expert as ⌊d/N⌋. Figure 1 is an
illustration of adapting a FFN with 4 neurons in a
pre-trained model into two experts.

3.2 Layer-wise Distillation

To remedy the performance drop caused by adapt-
ing a pre-trained model to a MoE model, we adopt a
layer-wise task-specific distillation algorithm. We
use BERT-base (Devlin et al., 2019) as both the
student (i.e., the MoE model) and the teacher. We
distill both the Transformer layer output Xℓ (Eq. 2)
and the final prediction probability.

For the Transformer layers, the distillation loss
is the mean squared error between the teacher’s
layer output Xℓ

tea and the student’s layer output Xℓ

obtained from Eq. 2.3 Concretely, for an input x,
the Transformer layer distillation loss is

Ltrm(x) =

L∑

ℓ=0

MSE(Xℓ,Xℓ
tea), (5)

where L is the total number of layers. Notice that
we include the MSE loss of the embedding layer
outputs X0 and X0

tea.
Let f denotes the MoE model and ftea the

teacher model. We obtain the prediction probabil-
ity for an input x as p = f(x) and ptea = ftea(x),
where p is the prediction of the MoE model and
ptea is the prediction of the teacher model. Then
the distillation loss for the prediction layer is

Lpred(x) =
1

2
(KL(p||ptea) + KL(ptea||p)) , (6)

where KL is the Kullback–Leibler divergence.
The layer-wise distillation loss is the sum of

Eq. 5 and Eq. 6, defined as

Ldistill(x) = Ltrm(x) + Lpred(x). (7)

We will discuss variants of Eq. 7 in the experiments.

3Note that Eq. 2 computes the layer output of one token
xℓt , i.e., one row in Xℓ.
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3.3 Model Training
We employ the random hashing strategy (Roller
et al., 2021) to train the experts. That is, each
token is pre-assigned to a random expert, and this
assignment remains the same during training and
inference. We will discuss more about other routing
strategies of the MoE model in the experiments.

Given the training dataset D and samples
{(x, y)}, the training objective is

L =
∑

(x,y)∈D
CE(f(x), y) + λdistillLdistill(x),

where CE is the cross-entropy loss and λdistill is a
hyper-parameter.

4 Experiments

In this section, we evaluate the effectiveness and
efficiency of the proposed algorithm on natural lan-
guage understanding and question answering tasks.
We implement our algorithm using the Hugging-
face Transformers4 (Wolf et al., 2019) code-base.
All the experiments are conducted on NVIDIA
V100 GPUs.

4.1 Datasets
GLUE. We evaluate performance of the proposed
method on the General Language Understanding
Evaluation (GLUE) benchmark (Wang et al., 2019),
which is a collection of nine natural language un-
derstanding tasks. The benchmark includes two
single-sentence classification tasks: SST-2 (Socher
et al., 2013) is a binary classification task that clas-
sifies movie reviews to positive or negative, and
CoLA (Warstadt et al., 2019) is a linguistic ac-
ceptability task. GLUE also contains three sim-
ilarity and paraphrase tasks: MRPC (Dolan and
Brockett, 2005) is a paraphrase detection task; STS-
B (Cer et al., 2017) is a text similarity task; and
QQP is a duplication detection task. There are also
four natural language inference tasks in GLUE:
MNLI (Williams et al., 2018); QNLI (Rajpurkar
et al., 2016); RTE (Dagan et al., 2006; Bar-Haim
et al., 2006; Giampiccolo et al., 2007; Bentivogli
et al., 2009); and WNLI (Levesque et al., 2012).
Following previous works on model distillation,
we exclude STS-B and WNLI in the experiments.
Dataset details are summarized in Appendix A.

Question Answering. We evaluate the proposed
algorithm on two question answering datasets:

4https://github.com/huggingface/
transformers

SQuAD v1.1 (Rajpurkar et al., 2016) and SQuAD
v2.0 (Rajpurkar et al., 2018). These tasks are
treated as a sequence labeling problem, where we
predict the probability of each token being the start
and end of the answer span. Dataset details can be
found in Appendix A.

4.2 Baselines
We compare our method with both task-agnostic
and task-specific distillation methods.

In task-agnostic distillation, we pre-train a small
language model through knowledge distillation,
and then fine-tune on downstream tasks. The fine-
tuning procedure also incorporates task-specific
distillation for better performance.

DistilBERT (Sanh et al., 2019) pre-trains a small
language model by distilling the temperature-
controlled soft prediction probability.

TinyBERT (Jiao et al., 2020) is a task-agnostic dis-
tillation method that adopts layer-wise distillation.

MiniLMv1 (Wang et al., 2020) and MiniLMv2
(Wang et al., 2021) pre-train a small language
model by aligning the attention distribution be-
tween the teacher model and the student model.

CoDIR (Contrastive Distillation, Sun et al. 2020a)
proposes a framework that distills knowledge
through intermediate Transformer layers of the
teacher via a contrastive objective.

In task-specific distillation, a pre-trained lan-
guage model is directly compressed and fine-tuned.

PKD (Patient Knowledge Distillation, Sun et al.
2019) proposes a method where the student pa-
tiently learns from multiple intermediate Trans-
former layers of the teacher.

BERT-of-Theseus (Xu et al., 2020) proposes a pro-
gressive module replacing method for knowledge
distillation.

4.3 Implementation Details
In the experiments, we use BERT-base (Devlin
et al., 2019) as both the student model and the
teacher model. That is, we first transform the pre-
trained model into a MoE model, and then apply
layer-wise task-specific knowledge distillation. We
set the number of experts in the MoE model to 4,
and the hidden dimension of each expert is set to
768, a quarter of the hidden dimension of BERT-
base. The other configurations remain unchanged.
We share the top-512 important neurons among the
experts (see Section 3.1). The number of effective
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RTE CoLA MRPC SST-2 QNLI QQP MNLI
Acc Mcc F1/Acc Acc Acc F1/Acc m/mm

BERT-base 63.5 54.7 89.0/84.1 92.9 91.1 88.3/90.9 84.5/84.4

Task-agnostic
DistilBERT 59.9 51.3 87.5/- 92.7 89.2 -/88.5 82.2/-
TinyBERT (w/o aug) 72.2 42.8 88.4/- 91.6 90.5 -/90.6 83.5/-
MiniLMv1 71.5 49.2 88.4/- 92.0 91.0 -/91.0 84.0/-
MiniLMv2 72.1 52.5 88.9/- 92.4 90.8 -/91.1 84.2/-
CoDIR (pre+fine) 67.1 53.7 89.6/- 93.6 90.1 -/89.1 83.5/82.7

Task-specific
PKD 65.5 24.8 86.4/- 92.0 89.0 -/88.9 81.5/81.0
BERT-of-Theseus 68.2 51.1 89.0/- 91.5 89.5 -/89.6 82.3/-
CoDIR (fine) 65.6 53.6 89.4/- 93.6 90.4 -/89.1 83.6/82.8

Ours (task-specific)
MoEBERT 74.0 55.4 92.6/89.5 93.0 91.3 88.4/91.4 84.5/84.8

Table 1: Experimental results on the GLUE development set. The best results are shown in bold. All the models are
trained without data augmentation. All the models have 66M parameters, except BERT-base (110M parameters).
We report mean over three runs. Model references: BERT (Devlin et al., 2019), DistilBERT (Sanh et al., 2019),
TinyBERT (Jiao et al., 2020), MiniLMv1 (Wang et al., 2020), MiniLMv2 (Wang et al., 2021), CoDIR (Sun et al.,
2020a), PKD (Sun et al., 2019), BERT-of-Theseus (Xu et al., 2020).

parameters of the MoE model is 66M (v.s. 110M
for BERT-base), which is the same as the base-
line models. We use the random hashing strategy
(Roller et al., 2021) to train the MoE model, we
will discuss more later. Detailed training and hyper-
parameter settings can be found in Appendix B.

4.4 Main Results

Table 1 summarizes experimental results on the
GLUE benchmark. Notice that our method out-
performs all of the baseline methods in 6/7 tasks.
In general task-agnostic distillation behaves better
than task-specific algorithms because of the pre-
training stage. For example, the best-performing
task-specific method (BERT-of-Theseus) has a 68.2
accuracy on the RTE dataset, whereas accuracy
of MiniLMv2 and TinyBERT are greater than 72.
Using the proposed method, MoEBERT obtains a
74.0 accuracy on RTE without any pre-training, in-
dicating the effectiveness of the MoE architecture.
We remark that MoEBERT behaves on par or bet-
ter than the vanilla BERT-base model in all of the
tasks. This shows that there exists redundancy in
pre-trained language models, which paves the way
for model compression.

Table 2 summarizes experimental results on two
question answering datasets: SQuAD v1.1 and
SQuAD v2.0. Notice that MoEBERT significantly

outperforms all of the baseline methods in terms
of both evaluation metrics: exact match (EM)
and F1. Similar to the findings in Table 1, task-
agnostic distillation methods generally behave bet-
ter than task-specific ones. For example, PKD
has a 69.8 F1 score on SQuAD 2.0, while per-
formance of MiniLMv1 and MiniLMv2 is over
76. Using the proposed MoE architecture, perfor-
mance of our method exceeds both task-specific
and task-agnostic distillation, e.g., the F1 score
of MoEBERT on SQuAD 2.0 is 76.8, which is 7.0
higher than PKD (task-specific) and 0.4 higher than
MiniLMv2 (task-agnostic).

4.5 Ablation Study

Expert dimension. We examine the affect of ex-
pert dimension, and experimental results are illus-
trated in Figure 2a. As we increase the dimension
of the experts, model performance improves. This
is because of the increased model capacity due to a
larger number of effective parameters.

Number of experts. Figure 2b summarizes ex-
perimental results when we modify the number of
experts. As we increase the number of experts,
model performance improves because we effec-
tively enlarge model capacity. We remark that hav-
ing only one expert is equivalent to compressing
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SQuAD v1.1 SQuAD v2.0
EM F1 EM F1

BERT-base (Devlin et al., 2019) 80.7 88.4 74.5 77.7

Task-agnostic
DistilBERT (Sanh et al., 2019) 78.1 86.2 66.0 69.5
TinyBERT (w/o aug) (Jiao et al., 2020) - - - 73.1
MiniLMv1 (Wang et al., 2020) - - - 76.4
MiniLMv2 (Wang et al., 2021) - - - 76.3

Task-specific
PKD (Sun et al., 2019) 77.1 85.3 66.3 69.8

Ours (task-specific)
MoEBERT 80.4 87.9 73.6 76.8

Table 2: Experimental results on SQuAD v1.1 and SQuAD v2.0. The best results are shown in bold. All the
models are trained without data augmentation. All the models have 66M parameters, except BERT-base (109M
parameters). Here EM means exact match.

(a) Expert dimension. (b) Number of experts. (c) Shared dimension.

Figure 2: Ablation study on MNLI. We report the average accuracy of MNLI-m and MNLI-mm. As default settings,
we have expert dimension 768, number of experts 4, and shared dimension 512.

RTE MNLI SQuAD v2.0
Acc m/mm EM/F1

MoEBERT 74.0 84.5/84.8 73.6/76.8
-distill 73.3 83.2/84.0 72.5/76.0

Table 3: Effectiveness of layer-wise distillation.

the model without incorporating MoE. In this case
performance is unsatisfactory because of the lim-
ited representation power of the model.

Shared dimension. Recall that we share impor-
tant neurons among the experts when adapting the
FFNs. In Figure 2c we examine the effect of vary-
ing the number of shared neurons. Notice that
sharing no neurons yields the worst performance,
indicating the effectiveness of the sharing strategy.
Also notice that performance of sharing all the neu-
rons is also unsatisfactory. We attribute this to the
lack of diversity among the experts.

4.6 Analysis

Effectiveness of distillation. After adapting the
FFNs in the pre-trained BERT-base model into ex-
perts, we train MoEBERT using layer-wise knowl-
edge distillation. In Table 3, we examine the ef-
fectiveness of the proposed distillation method.
We show experimental results on RTE, MNLI and
SQuAD v2.0, where we remove the distillation and
directly fine-tune the adapted model. Results show
that by removing the distillation module, model
performance significantly drops, e.g., accuracy de-
creases by 0.7 on RTE and the exact match score
decreases by 1.1 on SQuAD v2.0.

Effectiveness of importance-based adaptation.
Recall that we adapt the FFNs in BERT-base
into experts according to the neurons’ importance
scores (Eq. 4). We examine the method’s effective-
ness by experimenting on two different strategies:
randomly split the FFNs into experts (denoted Ran-
dom), and adapt (and share) the FFNs according
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(a) Adaptation methods. (b) Distillation methods. (c) Routing methods in MoE.

Figure 3: Experimental results of model variants on MNLI (average of m and mm).
Our methods are denoted Import, All and Hash-r in the subfigures, respectively.

Figure 4: Inference speed
(examples/second, CPU) on
the SST-2 dataset.

to the inverse importance, i.e., we share the neu-
rons with the smallest scores (denoted Inverse).
Figure 3a illustrated the results. Notice that perfor-
mance significantly drops when we apply random
splitting compared with Import (the method we
use). Moreover, performance of Inverse is even
worse than random splitting, which further demon-
strates the effectiveness of the importance metric.

Different distillation methods. MoEBERT is
trained using a layer-wise distillation method
(Eq. 7), where we add a distillation loss to every
intermediate layer (denoted All). We examine two
variants: (1) we only distill the hidden states of the
last layer (denoted Last); (2) we distill the hidden
states of every other layer (denoted Skip). Fig-
ure 3b shows experimental results. We see that
only distilling the last layer yields unsatisfactory
performance; while the Skip method obtains similar
results compared with All (the method we use).

Different routing methods. By default, we use a
random hashing strategy (denoted Hash-r) to route
input tokens to experts (Roller et al., 2021). That
is, each token in the vocabulary is pre-assigned to
a random expert, and this assignment remains the
same during training and inference. We examine
other routing strategies:

1. We employ sentence-based routing with a
trainable gate as in Eq. 3 (denoted Gate). Note
that in this case, token representations in a sen-
tence are averaged to compute the sentence
representation, which is then fed to the gating
mechanism for routing. Such a sentence-level
routing strategy can significantly reduce com-
munication overhead in MoE models. There-
fore, it is advantageous for inference com-
pared with other routing methods.

2. We use a balanced hash list (Roller et al.,
2021), i.e., tokens are pre-assigned to experts

RTE MNLI-m MNLI-mm
Acc Acc Acc

BERTlarge 71.1 86.3 86.2
MoEBERTlarge 72.2 86.3 86.5

Table 4: Distilling BERT-large on RTE and MNLI.

according to frequency, such that each expert
receives approximately the same amount of
inputs (denoted Hash-b).

From Figure 3c, we see that all the methods yield
similar performance. Therefore, MoEBERT is ro-
bust to routing strategies.

Inference speed. We examine inference speed of
BERT, DistilBERT and MoEBERT on the SST-2
dataset, and Figure 4 illustrates the results. Note
that for MoEBERT , we use the sentence-based gat-
ing mechanism as in Figure 3c. All the methods
are evaluated on the same CPU, and we set the
maximum sequence length to 128 and the batch
size to 1. We see that the speed of MoEBERT is
slightly slower than DistilBERT, but significantly
faster than BERT. Such a speed difference is be-
cause of two reasons. First, the gating mecha-
nism in MoEBERT causes additional inference la-
tency. Second, DistilBERT develops a shallower
model, i.e., it only has 6 layers instead of 12 layers;
whereas MoEBERT is a narrower model, i.e., the
hidden dimension is 768 instead of 3072.

Compressing larger models. Task-specific distil-
lation methods do not require pre-training. There-
fore, these methods can be easily applied to other
model architectures and sizes beyond BERT-base.
We compress the BERT-large model. Specifically,
we adapt the FFNs in BERT-large (with hidden
dimension 4096) into four experts, such that each
expert has hidden dimension 1024. We share the
top-512 neurons among experts according to the
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importance score. After compression, the num-
ber of effective parameters is reduces by half. Ta-
ble 4 demonstrates experimental results on RTE
and MNLI. We see that similar to the findings in
Table 1, MoEBERT behaves on par or better than
BERT-large in all of the experiments.

5 Conclusion

We present MoEBERT, which uses a Mixture-of-
Experts structure to distill pre-trained language
models. Our proposed method can speedup in-
ference by adapting the feed-forward neural net-
works (FFNs) in a pre-trained language model into
multiple experts. Moreover, the proposed method
largely retains model capacity of the pre-trained
model. This is in contrast to existing approaches,
where the representation power of the compressed
model is limited, resulting in unsatisfactory perfor-
mance. To adapt the FFNs into experts, we adopt
an importance-based method, which identifies and
shares the most important neurons in a FFN among
the experts. We further propose a layer-wise task-
specific distillation algorithm to train MoEBERT .
We conduct systematic experiments on natural lan-
guage understanding and question answering tasks.
Results show that the proposed method outper-
forms existing distillation approaches.

Ethical Statement

This paper proposes MoEBERT, which uses a
Mixture-of-Experts structure to increase model ca-
pacity and inference speed. We demonstrate that
MoEBERT can be used for model compression. Ex-
periments are conducted by fine-tuning pre-trained
language models on natural language understand-
ing and question answering tasks. In all the exper-
iments, we use publicly available data and mod-
els, and we build our algorithms using public code
bases. We do not find any ethical concerns.
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A Dataset details

Statistics of the GLUE benchmark is summarized
in Table 6. Statistics of the question answering
datasets (SQuAD v1.1 and SQuAD v2.0) are sum-
marized in Table 5.

#Train #Validation
SQuAD v1.1 87,599 10,570
SQuAD v2.0 130,319 11,873

Table 5: Statistics of the SQuAD dataset.

B Training Details

We use Adam (Kingma and Ba, 2015) as the op-
timizer with parameters (β1, β2) = (0.9, 0.999).
We employ gradient clipping with a maximum gra-
dient norm 1.0, and we choose weight decay from
{0, 0.01, 0.1}. The learning rate is chosen from
{1 × 10−5, 2 × 10−5, 3 × 10−5, 4 × 10−5}, and
we do not use learning rate warm-up. We train
the model for {3, 4, 5, 10} epochs with a batch size
chosen from {8, 16, 32, 64}. The weight of the
distillation loss λdistil is chosen from {1, 2, 3, 4, 5}.

Hyper-parameters for distilling BERT-base is
summarized in Table 7. We use Adam (Kingma
and Ba, 2015) as the optimizer with parameters
(β1, β2) = (0.9, 0.999). We employ gradient clip-
ping with a maximum gradient norm 1.0. We do
not use learning rate warm-up. For the GLUE
benchmark, we use a maximum sequence length
of 512 except MNLI and QQP, where we set the
maximum sequence length to 128. For the SQuAD
datasets, the maximum sequence length is set to
384.
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Corpus Task #Train #Dev #Test #Label Metrics

Single-Sentence Classification (GLUE)
CoLA Acceptability 8.5k 1k 1k 2 Matthews corr
SST Sentiment 67k 872 1.8k 2 Accuracy

Pairwise Text Classification (GLUE)
MNLI NLI 393k 20k 20k 3 Accuracy
RTE NLI 2.5k 276 3k 2 Accuracy
QQP Paraphrase 364k 40k 391k 2 Accuracy/F1
MRPC Paraphrase 3.7k 408 1.7k 2 Accuracy/F1
QNLI QA/NLI 108k 5.7k 5.7k 2 Accuracy

Text Similarity (GLUE)
STS-B Similarity 7k 1.5k 1.4k 1 Pearson/Spearman corr

Table 6: Summary of the GLUE benchmark.

lr batch epoch decay λdistill

RTE 1× 10−5 1× 8 10 0.01 1.0
CoLA 2× 10−5 1× 8 10 0.0 3.0
MRPC 3× 10−5 1× 8 5 0.0 2.0
SST-2 2× 10−5 2× 8 5 0.0 1.0
QNLI 2× 10−5 4× 8 5 0.0 2.0
QQP 3× 10−5 8× 8 5 0.0 1.0
MNLI 5× 10−5 8× 8 5 0.0 5.0
SQuAD v1.1 3× 10−5 4× 8 5 0.01 2.0
SQuAD v2.0 3× 10−5 2× 8 4 0.1 1.0

Table 7: Hyper-parameters for distilling BERT-base. From left to right: learning rate; batch size (2× 8 means we
use a batch size of 2 and 8 GPUs); number of training epochs; weight decay; and weight of the distillation loss.
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Abstract

Although self-attention based models such as
Transformers have achieved remarkable suc-
cesses on natural language processing (NLP)
tasks, recent studies reveal that they have
limitations on modeling sequential transfor-
mations (Hahn, 2020), which may prompt
re-examinations of recurrent neural networks
(RNNs) that demonstrated impressive results
on handling sequential data. Despite many
prior attempts to interpret RNNs, their internal
mechanisms have not been fully understood,
and the question on how exactly they capture
sequential features remains largely unclear. In
this work, we present a study that shows there
actually exist some explainable components
that reside within the hidden states, which are
reminiscent of the classical n-grams features.
We evaluated such extracted explainable fea-
tures from trained RNNs on downstream sen-
timent analysis tasks and found they could be
used to model interesting linguistic phenomena
such as negation and intensification. Further-
more, we examined the efficacy of using such
n-gram components alone as encoders on tasks
such as sentiment analysis and language model-
ing, revealing they could be playing important
roles in contributing to the overall performance
of RNNs. We hope our findings could add in-
terpretability to RNN architectures, and also
provide inspirations for proposing new archi-
tectures for sequential data.

1 Introduction

Modern recurrent neural networks (RNNs), includ-
ing Long Short-Term Memory (LSTM) (Hochre-
iter and Schmidhuber, 1997) and Gated Recurrent
Units (GRU) (Cho et al., 2014), have demonstrated
impressive results on tasks involving sequential
data. They have proven to be capable of modeling
formal languages (Weiss et al., 2018; Merrill, 2019;
Merrill et al., 2020) and capturing structural fea-
tures (Li et al., 2015a,b, 2016; Linzen et al., 2016;
Belinkov et al., 2017; Liu et al., 2019) on NLP
tasks. Although Transformers (Vaswani et al.,
2017) have achieved remarkable performances on

Figure 1: An RNN hidden state may encode a linear
combination of all the n-grams ending at the current
time step.

NLP tasks such as machine translation, it is argued
that they may have limitations on modeling hierar-
chical structure (Tran et al., 2018; Hahn, 2020) and
cannot handle functions requiring sequential pro-
cessing of input well (Dehghani et al., 2019; Hao
et al., 2019; Bhattamishra et al., 2020; Yao et al.,
2021). Furthermore, a recent work shows that com-
bining recurrence and attention (Lei, 2021) can
result in strong modeling capacity. Another recent
work incorporating recurrent cells into Transform-
ers (Hutchins et al., 2022) substantially improved
performance on language modeling involving very
long sequences, prompting re-investigations of
RNNs. On the other hand, it was observed in prior
work that RNNs were able to capture linguistic
phenomena such as negation and intensification
(Li et al., 2016), but the question why they could
achieve so still largely remains unanswered.

In this work, we focus on better understand-
ing RNNs from a more theoretical perspective.
We demonstrate that the recurrence mechanism of
RNNs may induce a linear combination of inter-
pretable components. These components reside
in their hidden states in the form of the iterated
matrix-vector multiplication that is based on the
representations of tokens in the (reverse) order they
appear in the sequence. Such components, solely
depending on inputs and learned parameters, can
be conveniently interpreted and are reminiscent of
those compositional features used in classical n-
gram models (Jurafsky and Martin, 2009). They
may also provide us with insights on how RNNs
compose semantics from basic linguistic units. Our
analysis further shows that, the hidden state at each
time step includes a weighted combination of com-
ponents that represent all the “n-grams” ending
at that specific position in the sequence as shown
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in Figure 1. We gave specific representations for
the n-gram components in Elman RNNs (Elman,
1990), GRUs and LSTMs.

We investigated the interpretability of those n-
gram components on trained RNN models, and
found they could explain phenomena such as nega-
tion and intensification and reflect the overall polar-
ity on downstream sentiment analysis tasks, where
such linguistic phenomena are prevalent. Our ex-
periments also revealed that the GRU and LSTM
models are able to yield better capabilities in mod-
eling such linguistic phenomena than the Elman
RNN model, partly attributed to the gating mech-
anisms they employed which resulted in more ex-
pressive n-gram components. We further show that
the linear combination of such components yields
effective context representations. We explored the
effectiveness of such n-gram components (along
with the corresponding context representations) as
alternatives to standard RNNs, and found they can
generally yield better results than the baseline com-
positional methods on several tasks, including senti-
ment analysis, relation classification, named entity
recognition, and language modeling.

We hope that our work could give inspirations
to our community, serving as a useful step towards
proposing new architectures for capturing contex-
tual information within sequences.1

2 Related Work

Interpretability of RNNs: A line of work fo-
cuses on the relationship between RNNs and finite-
state machines (Weiss et al., 2018; Merrill, 2019;
Suzgun et al., 2019; Merrill et al., 2020; Eyraud
and Ayache, 2020; Rabusseau et al., 2019), pro-
viding explanation and prediction on the expres-
sive power and limitations of RNNs on formal lan-
guages both empirically and theoretically. Kanai
et al. (2017) investigated conditions that could pre-
vent gradient explosions for GRU based on dy-
namics. Maheswaranathan et al. (2019) and Ma-
heswaranathan and Sussillo (2020) linearized the
dynamics of RNNs around fixed points of hidden
states and elucidated contextual processing. Our
work focuses on studying a possible mechanism of
RNNs that handles exact linguistic features.

Another line of work aims to detect linguistic fea-
tures captured by RNNs. Visualization approaches
(Karpathy et al., 2015; Li et al., 2016) were ini-
tially used to examine compositional information
in RNN outputs. Linzen et al. (2016) assessed
LSTMs’ ability to learn syntactic structure and

1Our code is available at https://github.com/
richardsun-voyager/inibr.

Emami et al. (2021) gave rigorous explanations on
the standard RNNs’ ability to capture long-range
dependencies. Decomposition methods (Murdoch
and Szlam, 2017; Murdoch et al., 2018; Singh et al.,
2019; Arras et al., 2017, 2019; Chen et al., 2020)
were proposed to produce importance scores for hi-
erarchical interactions in RNN outputs. Our work
can be viewed as an investigation on how those
interaction came about.

Compositional Models: A variety of compo-
sitional functions based on vector spaces have
been proposed in the literature to compose seman-
tic meanings of phrases, including simple com-
positions of adjective-noun phrases represented
as matrix-vector multiplication (Mitchell and La-
pata, 2008; Baroni and Zamparelli, 2010) and
a matrix-space model (Rudolph and Giesbrecht,
2010; Yessenalina and Cardie, 2011) based on ma-
trix multiplication. Socher et al. (2012, 2013) in-
troduced a recursive neural network model that
assigns every word and longer phrase in a parse
tree both a vector and a matrix, and represents com-
position of a non-terminal node with matrix-vector
multiplication. Kalchbrenner and Blunsom (2013)
employed convolutional and recurrent neural net-
works to model compositionality at the sentence
and discourse levels respectively. Those models are
designed in an intuitive manner based on the nature
of languages thus being interpretable. We can show
that RNNs may process contextual information in
a way bearing a resemblance to those early models.

3 A Theory on N -gram Representation

First, let us spend some time to discuss how to rep-
resent n-grams. Various approaches to represent-
ing n-grams have been proposed in the literature
(Mitchell and Lapata, 2008; Bengio et al., 2003;
Mitchell and Lapata, 2008; Mnih and Teh, 2012;
Ganguli et al., 2008; Orhan and Pitkow, 2020;
Emami et al., 2021; Rudolph and Giesbrecht, 2010;
Yessenalina and Cardie, 2011; Baroni and Zam-
parelli, 2010). We summarize in Table 1 different
approaches for representing n-grams.

Although empirically it has been shown that dif-
ferent approaches can lead to different levels of ef-
fectiveness, the rationales underlying many of the
design choices remain unclear. In this section, we
establish a small theory on representing n-grams,
which leads to a new formulation on capturing the
semantic information within n-grams.

Let us assume we have a vocabulary V that con-
sists of all possible word tokens. The set of n-
grams can be denoted as V∗ (including the special
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Model N -gram Context
L Representative WorkRepresentation Representation

Vector Multiplicative
vi:j = g(xi)⊙ · · · ⊙ g(xj)

(∏i+1
k=tA(xk)

)
v1:t t Mitchell and Lapata (2008)(VM)

Matrix Multiplicative
Mi:j =

∏j
k=iA(xk)

(∏i+1
k=tA(xk)

)
M1:t t Yessenalina and Cardie (2011)(MM)

Vector Additive (weighted)
vi:j = Cj−ig(xi)

(∏i+1
k=tA(xk)

)∑t
i=t−m+1 vi:t m Bengio et al. (2003)(VA-W)

Vector Additive (exponentially weighted)
vi:j = C

j−ig(xi)
(∏i+1

k=tA(xk)
) ∑t

i=1 vi:t t Emami et al. (2021)(VA-EW)
Matrix-Vector Multiplicative (restricted)

vi−1:i = A(xi−1)g(xi)
(∏i+1

j=t A(xj)
)
g(xi)vt−1:t 2 Baroni and Zamparelli (2010)(MVM-R)

Matrix-Vector Multiplicative
vi:j =

(∏i+1
k=j A(xk)

)
g(xi) v1:t t -(MVM)

Matrix-Vector Multiplicative-Additive
vi:j =

(∏i+1
k=j A(xk)

)
g(xi)

∑t
i=1 vi:t t This work(MVMA)

Table 1: Different models for defining representations for n-grams within the phrase x1, x2, . . . , xt−1, xt and
constructing the context representation out of the n-grams during learning. L: the maximum length allowed for the
context representation. C is a weight matrix, and Ck is a (relative) position-specific weight matrix. A and g are
functions that return a matrix and a vector respectively.

n-gram which is the empty string ϵ). Consider
three n-grams a, b, and c from V∗, with their se-
mantic representations r(a), r(b), and r(c) respec-
tively. Similarly, we may have r(ab) which return
the semantic representations of the concatenated
n-grams ab. It is desirable for our representations
to be compositional in some sense. Specifically, a
longer n-gram may be semantically related to those
shorter n-grams it contains in some way.

Under some mild compositional assumptions re-
lated to the principle of compositionality (Frege,
1948)2, it is reasonable to expect that there exists
some sort of rule or operation that allows us to com-
pose semantics of longer n-grams out of shorter
ones. Let us use ⊗ to denote such an operation.
We believe a good representation system for n-
grams shall satisfy several key properties. First, the
semantics of the n-gram abc shall be determined
through either combining the semantics of the two
n-grams a and bc or through combining the seman-
tics of ab and c. The semantics of abc is unique,
regardless of which of these two ways we use. Sec-
ond, for the empty string ϵ, it should not convey any
semantics. Formally, we can write them as:3

• Associativity: ∀a, b, c ∈ V∗, (r(a) ⊗ r(b)) ⊗
r(c) = r(a)⊗ (r(b)⊗ r(c))
• Identity: ∀a ∈ V∗, r(a) ⊗ r(ϵ) = r(a), and
r(ϵ)⊗ r(a) = r(a)

This essentially shows that the representation
space for all n-grams under the operation ⊗, de-
noted as (V∗,⊗), forms a monoid, an impor-
tant concept in abstract algebra (Lallement, 1979),
with significance in theoretical computer science

2The principle states that “the meaning of an expression is
determined by the meanings of the sub-expressions it contains
and the rules used to combine such sub-expressions”.

3Besides, another important property is that the order used
for combining two n-grams does matter. In other words,
r(a)⊗ r(b) usually may not be the same as r(b)⊗ r(a).

(Meseguer and Montanari, 1990; Rozenberg and
Salomaa, 2012).

On the other hand, it can be easily verified that
the space of all d × d (where d is an integer) real
square matrices under matrix multiplication, de-
noted as (Rd×d, ·), also strictly forms a monoid
(i.e., it is associative and has an identity, but is
not commutative). We can therefore establish a
homomorphism from V∗ to Rd×d, resulting in the
function r(·) ∈ V∗ → Rd×d.

This essentially means that we may be able to
rely on a sub-space within Rd×d as our mathemati-
cal object to represent the space of n-grams, where
the matrix multiplication operation can be used to
compose representations for longer n-grams from
shorter ones. Thus, for a unigram x (a single word
in the vocabulary), we have:

r(x) := Ax (1)

where Ax ∈ Rd×d is the representation for the
word x (how to learn such a matrix is a separate
question to be discussed later). Note that the empty
string ϵ comes with a unique representation which
is the d× d identity matrix I .

We can either use matrix left-multiplication or
right-multiplication as our operator ⊗. Assume the
language under consideration employs the left-to-
right writing system. It is reasonable to believe that
a human reader processes the text left-to-right, and
the semantics of the text gets evolved each time
the reader sees a new word. We may use the ma-
trix left-multiplication as the preferred operator in
this case. The system will left-multiply (modify)
an existing n-gram representation with a matrix
associated with the new word that appears right af-
ter the existing n-gram, forming the representation
of the new n-gram. Such an operation essentially
performs a transform that simulates the process
of yielding new semantics when appending a new
word at the end of an existing phrase. With this, for
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a general n-gram xi, xi+1, . . . , xt (i ≤ t), we have:

r(xi, xi+1, . . . , xt) =
i∏

k=t

Axk (2)

However, the conventional wisdom in NLP has
been to use vectors to represent basic linguistic
units such as words, phrases or sentences (Mikolov
et al., 2013a,b; Pennington et al., 2014; Kiros et al.,
2015). This can be achieved by a transform:

(
i∏

k=t

Axk

)
u (3)

where u ∈ Rd is a vector that maps the resulting
matrix representation into a vector representation.

Next, we will embark on our journey to examine
the internal representations of RNNs. As we will
see, interestingly, our developed n-gram represen-
tations can emerge within such models.

4 Interpretable Components in RNNs

An RNN is a parameterized function whose hidden
state can be written recursively as:

ht = f(xt,ht−1), (4)

where xt is the input token at time step t and
ht−1 ∈ Rd is the previous hidden state. Assume
f is differentiable at any point, with the Taylor
expansion, ht can be rewritten as:

ht = f(xt,0) +∇f(xt,0)ht−1 + o(ht−1), (5)

where ∇f(xt,0) = ∂f
∂ht−1

|ht−1=0 is the Jacobian
matrix, and o is the remainder of the Taylor series.

Let g(xt) = f(xt,0) and A(xt) = ∇f(xt,0).
Note that g(xt) ∈ Rd and A(xt) ∈ Rd×d are both
functions of xt. Therefore, the equation above can
be written as:

ht = g(xt) +A(xt)ht−1 + o(ht−1). (6)

If the hidden state has a sufficiently small norm,
it can be approximated by the first-order Taylor
expansion as follows4:

ht ≈ g(xt) +A(xt)ht−1. (7)

Next we illustrate how this recurrence relation
can help us identify some salient components.

4There will be an “approximation gap” at each time step be-
tween the “approximated” hidden state and the actual standard
hidden state. We may leverage regularization methods such as
weight-decaying and the spectral normalization (Miyato et al.,
2018) to prevent the gap from growing unbounded.

4.1 Emergence of N -grams
Consider the simplified RNN with the following
recurrence relation,

ht = g(xt) +A(xt)ht−1, (8)

where h ∈ Rd, and g(xt) ∈ Rd andA(xt) ∈ Rd×d
are functions of xt. This recurrence relation can be
expanded repeatedly as follows,

ht=g(xt)+A(xt)g(xt−1)+A(xt)A(xt−1)ht−2

= · · · =
t∑

i=1

A(xt) . . . A(xi+1)g(xi)

=
t∑

i=1

(
i+1∏

j=t

A(xj)

)
g(xi)

︸ ︷︷ ︸
vi:t

,

We can see that vi:t bear some resemblance to
the term in Equation 3, which can be rewritten as:



i+1∏

j=t

Axj︸︷︷︸
A(xj)



(
Axiu

)

︸ ︷︷ ︸
g(xi)

, (9)

With the definition A(xj) := Axj and g(xi) :=
A(xi)u, we can see vi:t can be interpreted as an
“n-gram representation” that we developed in the
previous section. It is important to note that, how-
ever, the use of function g(xi) in RNNs may lead
to greater expressive power than the original for-
mulation based onAxiu.5

This interesting result shows that the hidden state
of a simple RNN (characterized by Equation 8) is
the sum of the representations of all the n-grams
ending at time step t. Such salient components
within RNN also show that the standard RNN may
actually have a mechanism that is able to capture
implicit n-gram information as described above.
This leads to the following definition:
Definition 1 (N -gram Representation) For the
n-gram xi, xi+1, . . . , xt, its representation is:

vi:t =

(
i+1∏

j=t

A(xj)

)
g(xi), (10)

where A(xj) ∈ Rd×d and g(xi) ∈ Rd.

4.2 Context Representation
With the above definition, we may want to consider
how to perform learning. The learning task in-
volves identifying the functions A and g – in other
words, learning representations for word tokens.

A typical learning setup that we may consider
here is the task of language modeling. Such a task

5This is because we can always construct g(xi) from any
given Axi and u, but in general we may not always be able
to decompose g(xi) into the form Axiu (for all xi).
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can be defined as predicting the next word xt+1

based on the representation of preceding words
x1, x2, . . . , xt which serves as its left context. This
is an unsupervised learning task, where the un-
derlying assumption involved is the distributional
hypothesis (Harris, 1954). Specifically, the model
learns how to “reconstruct” the current word xt+1

out of x1, x2, . . . , xt which serves as its context.
Now the research question is how to define the

representation for this specific context. As this left
context is also an n-gram, it might be tempting
to directly use its n-gram representation defined
above to characterize such a left context. However,
we show such an approach is not desirable.

The n-gram representation for this context can
be written in the following alternative form:

v1:t =

(
2∏

j=t

A(xj)

)
g(xi) =W (x2:t)g(x1), (11)

This shows that the n-gram representation of
x1, x2, . . . , xt could be interpreted as a “weighted”
representation of the word x1 (where the weight
matrix is derived from the words between x1 and
xt+1, measuring the strength of the connection be-
tween them). However, ideally, the context repre-
sentation shall not just take x1 but other adjacent
words preceding xt+1 into account, where each
word contributes towards the final context represen-
tation based on the connection between them. This
leads to the following way of defining the context:

t∑

i=1

vi:t =
t∑

i=1

(
i+1∏

j=t

A(xj)

)
g(xi)

=
t∑

i=1

W (xi:t)g(xi),

(12)

In fact, such an idea of defining the context as
a weighted combination of surrounding words is
not new – it recurs in the literature of language
modeling (Bengio et al., 2003; Mnih and Teh,
2012), word embedding learning (Mikolov et al.,
2013a,b), and graph representation learning (Cao
et al., 2016).

Interestingly, the hidden states in the RNNs, as
shown in Equation 9, also suggest exactly the same
way of defining this left context. Indeed, when
using RNNs for language modeling, each hidden
state is exactly serving as the context representation
for predicting the next word in the sequence.

The above gives rise to the following definition:
Definition 2 (Context Representation) For the
n-gram x1, x2, . . . , xt, its representation when
serving as the (left) context is:

c1:t =
t∑

i=1

vi:t =
t∑

i=1

(
i+1∏

j=t

A(xj)

)
g(xi), (13)

where A(xj) ∈ Rd×d and g(xi) ∈ Rd.

4.3 Model Parameterization
With the above understandings on such salient com-
ponents within RNNs, we can now look into how
different variants of RNNs parameterize the func-
tions A and g. The definition of Elman RNN, GRU
and LSTM together with the corresponding Jaco-
bian matrix A(xt) and vector function g(xt) func-
tions are listed in Table 26. We discuss how such
different parameterizations may lead to different
expressive power when they are used in practice.

We can see the ways GRU or LSTM parameter-
ize A(xt) and g(xt) appear to be more complex
compared to Elman RNN. This can partially be
attributed to their gating mechanisms. Although
the original main motivation of introducing such
mechanisms may be to alleviate the exploding gra-
dient and vanishing gradient issues (Hochreiter and
Schmidhuber, 1997; Cho et al., 2014), we could
see such designs also result in terms describing
gates and intermediate representations. A and g
are then independently derived based on certain
rich interactions between such terms. We believe
such interactions may likely increase the expressive
power of the resulting n-gram representations. We
will validate these points and discuss more in our
experiments.

5 Experiments

In our experiments, we focus on the following as-
pects: 1) understanding the effectiveness of the pro-
posed n-gram (and context) representations when
used in practice, as compared to baseline models;
2) examining the significance of the choice of con-
text representation; 3) interpreting the proposed
representations by examining how well they could
be used to capture certain linguistic phenomena.

We employ the sentiment analysis, relation clas-
sification, named entity recognition (NER) and lan-
guage modeling tasks as testbeds. The first task
is often used in investigating n-gram phenomena
(Yessenalina and Cardie, 2011; Li et al., 2016)
while the others are often used in examining how
capable an encoder is when extracting features
from texts (Grave et al., 2018; Zhou et al., 2016;
Lample et al., 2016).

Datasets For sentiment analysis, we considered
the Stanford Sentiment Treebank (SST) (Socher
et al., 2013), the IMDB (Maas et al., 2011), and
the AG-news topic classification7 (Zhang et al.,

6For brevity, we suppress biases following Merrill et al.
(2020).

7AG-news can be viewed as a special sentiment analysis
dataset.
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Definition Parameterization

E
lm

an

ht = tanh(Winxt+Wihht−1) A(xt) = diag[tanh′(Winxt)]Wih g(xt) = tanh(Winxt).

G
R

U

rt = σ(Wirxt +Whrht−1)
zt = σ(Wizxt +Whzht−1)
nt = tanh(Winxt+rt⊙Whnht−1)
ht = (1− zt)⊙ nt + zt ⊙ ht−1

A(xt) =diag [fn(xt)⊙[1−gz(xt)]⊙gr(xt)]Whn

A(xt) −diag[gn(xt)⊙ fz(xt)]Whz

A(xt) +diag[gz(xt)]
g(xt) = [1− gz(xt)]⊙ gn(xt)

where:
gr(xt) = σ(Wirxt), fr(t) = g′r(xt),
gz(xt) = σ(Wizxt), fz(xt) = g′z(xt),
gn(xt) = tanh(Winxt), fn(xt) = g′n(xt).

L
ST

M

it = σ(Wiixt +Whiht−1)
ft = σ(Wifxt +Whfht−1)
ot = σ(Wioxt +Whoht−1)
cmt = tanh(Wicxt +Whcht−1)
ct =ft ⊙ ct−1+it ⊙ cmt
ht =ot ⊙ tanh(ct)

A(xt) =

[
Bt Dt

Et Ft

]
, g(xt) =

[
gc(xt)
gh(xt)

]

Bt = diag[gf (xt)]
Et = diag

[
go(xt)⊙ tanh′[gc(xt)]

]
Bt

Dt = diag[gmc (xt)⊙ fi(xt)]Whi

Dt +diag[gi(xt)⊙ fmc (t)]Whc

Ft = diag
[
go(xt)⊙ tanh′[gc(xt)]

]
Dt

Dt +diag [fo(xt)⊙ tanh[gc(xt)]]Who

where:
gc(xt) = gi(xt)⊙ gmc (xt),
gh(xt) = go(xt)⊙ tanh[gc(xt)],
gi(xt) = σ(Wiixt), fi(xt) = g′i(xt),
gf (xt) = σ(Wifxt), ff (xt) = g′f (xt),
go(xt) = σ(Wioxt), fo(xt) = g′o(xt),
gmc (xt) = tanh(Wicxt),
fmc (xt) = tanh′(Wicxt).

Table 2: Parameterization of A and g by Elman RNN, GRU, and LSTM. xt is the representation of the input token
xt andW∗∗ refers to a weight matrix. σ and tanh are the element-wise sigmoid and tanh functions respectively. g′,
tanh′ and f ′ refer to the element-wise derivative. The diag operation converts a vector into a diagonal matrix.

2015) datasets. The first dataset has sufficient la-
bels for phrase-level analysis, the second dataset
has instances with relatively longer lengths, and the
third one is multi-class. For relation classification
and NER, we considered the SemEval 2010 Task 8
(Hendrickx et al., 2010) and CoNLL-2003 (Tjong
Kim Sang and De Meulder, 2003) datasets respec-
tively. For language modeling, we considered the
Penn Treebank (PTB) dataset (Marcus et al., 1993),
the Wikitext-2 (Wiki2) dataset and the Wikitext-
103 (Wiki103) dataset (Merity et al., 2016). PTB is
relatively small while Wiki103 is large. The statis-
tics are shown in Tables 6 and 7 in the appendix.

Baselines The n-gram representations (together
with their corresponding context representations)
discussed in the literature are considered as base-
lines, which are listed in Table 1 along with the
MVMA and MVM models. MVM(A)-G/L/E refers
to the MVM(A) model created with the A and g
functions derived from GRU/LSTM/Elman, but are
trained directly from data. The A and g functions
for GRU, LSTM and Elman are listed in Table 2.

Additionally, to understand whether the com-
plexity of A affects the expressive power, we
created a new model called MVMA-ME, which
comes with an A function that is slightly more
complex than that of MVMA-E but less complex
than those of MVMA-G and MVMA-L: A(xt)=
0.25 diag[tanh(Wxt)]M + 0.5I and g(xt) =
tanh(W ′xt) (here,W ,M andW ′ are learnable
weight matrices). The g function is the same as
that of MVMA-E.

Setup For sentiment analysis, relation classifica-
tion and language modeling, models consist of one
embedding layer, one RNN layer, and one fully-
connected layer. The Adagrad optimizer (Duchi
et al., 2011) was used along with dropout (Srivas-
tava et al., 2014) for sentiment analysis8 and rela-

8We investigated the approximation between RNNs and
their corresponding recurrence relations in Appendix B.2. The

Model SST-2 AG-news IMDB
dev test dev test dev test

MM 86.0±1.3 85.6±0.4 - - - -
VA-W 80.6±1.6 80.4±1.4 90.3±0.4 90.0±0.3 88.0±0.6 88.0±0.4
VA-EW 82.6±0.3 82.0±0.3 - - - -
MVM-G 84.9±0.5 85.0±1.0 84.9±4.0 84.4±4.0 50.9±0.0 50.2±0.1
MVM-L 85.4±0.4 84.9±0.8 86.9±1.7 86.5±1.7 51.0±0.1 50.2±0.1
MVM-E 59.6±1.6 59.5±1.1 - - - -

MVMA-G 87.0±0.4 85.3±0.5 91.6±0.5 91.3±0.3 90.5±0.5 89.6±0.7
MVMA-L 86.7±1.0 85.4±1.0 91.4±0.5 91.3±0.5 89.4±0.6 89.2±0.6
MVMA-E 81.4±1.1 80.8±1.5 - - - -
MVMA-ME 83.2±0.5 81.9±0.3 90.6±0.5 90.2±0.3 80.6±0.5 80.1±1.1

GRU 84.9±0.9 84.9±0.5 92.1±0.1 91.6±0.3 87.7±0.2 87.2±0.3
LSTM 84.3±0.8 84.4±0.3 91.9±0.4 91.5±0.5 89.0±0.1 88.7±0.4
Elman 79.1±0.3 79.7±1.4 87.5±0.5 87.5±0.6 67.0±1.9 66.7±0.9

Table 3: Accuracy percentage (↑) on sentiment analysis
(text classification) datasets (averaged over 3 runs). “-”
means the model failed to converge.

tion classification. For language modeling, models
were trained with the Adam optimizer (Kingma
and Ba, 2014). We ran word-level models with
truncated backpropagation through time (Williams
and Peng, 1990) where the truncated length was set
to 35. Adaptive softmax (Joulin et al., 2017) was
used for Wiki103. For NER, models consist of one
embedding layer, one bidirectional RNN layer, one
projection layer and one conditional random field
(CRF) layer. The SGD optimizer was used. Final
models were chosen based on the best validation
results. More implementation details can be found
in the appendix.

5.1 Comparison of Representation Models
We investigate how baseline n-gram representation
models9, the MVM model, and the MVMA model
perform on the aforementioned testbeds. We also
compare with the standard RNN models.

Sentiment Analysis Apart from the GRU and
LSTM models, it can be observed that our MVMA-
G and MVMA-L models are also able to achieve
competitive results on three sentiment analysis
datasets, as we can see from Table 3, demonstrating
the efficacy of those recurrence-induced n-gram

spectral normalization (Miyato et al., 2018) was used on the
weight matrices Wh∗ for standard RNNs.

9We excluded VM, which we found was hard to train. We
also excluded MVM-R which only considers bigrams.
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representations. Although Elman RNN and its cor-
responding MVMA-E and MVM-E models also
have a mechanism for capturing n-gram informa-
tion (similar to GRU and LSTM), they did not per-
form well, which may be attributed to a limited
expressive power of their A and g functions when
used for defining n-grams as described previously.

Both MM and VA-EW fail to converge on AG-
news and IMDB, showing challenges for them to
handle long instances. This may be explained
by the lengthy matrix multiplication involved in
their representations, which may result in vanish-
ing/exploding gradient issues. Interestingly, MVM-
G and MVM-L, which solely rely on the longest n-
gram representation, are also able to achieve good
results on SST-2, indicating a reasonable expres-
sive power of such n-gram representations alone.
However, they fail to catch up with MVMA-G
and MVMA-L on IMDB which contains much
longer instances, confirming the significance of
the context representation, which captures n-grams
of varying lengths.

Unlike MVMA-E, the MVMA-ME model does
not suffer from loss stagnation on AG-news and
IMDB but the performance on IMDB obviously
falls behind MVMA-G and MVMA-L as shown
in Table 3. This indicates a sufficiently expressive
A(xt) (such as the Jacobian matrices of GRU and
LSTM) may be needed to handle long instances.

Relation Classification & NER For relation clas-
sification, context representations (or final hidden
states) are used for classification. For NER, we use
the concatenated context representations (or hid-
den states) at each position of bidirectional mod-
els to predict entities and their types. Table 4
shows that MVMA-G and MVMA-L outperform
the MVM-G and MVM-L models respectively on
both tasks, again confirming the effectiveness of
the context representations. MVM(A)-E did not
perform as well as MVM(A)-G and MVM(A)-L,
which demonstrates the significance of expressive
power for the A and g functions. Similar to the
results in sentiment analysis, MVMA-ME did not
perform as well as MVMA-G and MVMA-L. How-
ever, to our surprise, MVMA-ME did not outper-
form VA-EW on NER, suggesting that a delicate
choice ofA can be important for this task. The poor
performance of VA-W on NER might be explained
by a weak expressive power of its n-gram represen-
tations. MM fails to converge on the relation clas-
sification task, which implies it is not robust across
different datasets. Interestingly, it is remarkable
that MVMA-G, MVMA-L and MVMA-E could
yield competitive results compared to GRU, LSTM

Model Relation Classification NER
dev test dev test

MM - - 33.9±0.6 30.8±0.4
VA-W 41.2±0.2 37.9±0.9 17.6±0.6 16.5±1.6
VA-EW 39.7±1.1 38.3±0.7 70.8±0.7 63.4±1.0
MVM-G 51.2±0.5 52.6±0.7 54.2±1.6 47.6±2.2
MVM-L 48.8±1.3 50.5±1.5 53.8±1.7 46.6±1.6
MVM-E - - 27.8±0.9 25.6±0.9

MVMA-G 62.2±1.0 59.7±0.1 75.0±0.4 67.7±0.5
MVMA-L 57.5±0.3 56.2±0.8 75.6±0.2 67.9±0.3
MVMA-E 27.8±0.9 25.6±0.9 69.0±0.4 61.7±0.1
MVMA-ME 46.3±0.9 46.2±0.6 67.0±0.5 57.6±0.8

GRU 67.2±0.6 62.2±0.2 75.6±0.5 67.9±0.5
LSTM 65.2±0.9 61.3±1.4 76.3±0.5 68.1±0.5
Elman 27.8±0.9 25.6±0.9 67.1±0.9 58.6±0.6

Table 4: F1 scores (↑) (averaged over 3 runs) on the
relation classification and NER tasks. “-” means the
model failed to converge.

Model PTB Wiki2 Wiki103

GRU
dev 118.4±0.4 146.1±0.4 109.4±0.6
test 110.1±0.4 136.8±0.1 113.3±0.8

MVMA-G
dev 119.8±0.4 150.3±0.8 111.8±0.5
test 111.1±0.2 140.2±1.0 115.2±0.5

MVM-G
dev 146.5±1.3 170.1±2.8 -
test 138.8 ±1.0 160.0±2.6 -

LSTM
valid 118.6±0.4 150.6±0.6 108.3±0.6

test 109.8±0.4 140.4±0.8 112.4±0.8

MVMA-L
dev 121.5±0.5 152.0±0.5 109.1±0.6
test 113.2±0.5 142.5±0.7 112.6±0.6

MVM-L
dev 124.3±1.5 155.6±0.9 -
test 117.0±1.0 145.7±1.6 -

MVMA-ME
dev 140.7±0.9 169.0±1.0 153.1±4.2
test 134.0±1.0 158.4±1.4 157.4±4.3

Table 5: Perplexities (↓) on language modeling (aver-
aged over 5 runs). “-”: the model failed to converge.

and Elman on NER, implying such n-gram repre-
sentations could be crucial for our NER task.

Language Modeling For the language modeling
task, we choose MVMA-G, MVMA-L, MVM-G
and MVM-L for experiments. We also run MVMA-
ME. As we can see from Table 5, there are perfor-
mance gaps between the MVMA models and the
standard RNNs – though the gaps often do not ap-
pear to be particularly large. This indicates there
may be extra information within higher order terms
of the standard RNN functions useful for such a
task. Yet, such information cannot be captured by
the MVMA models that employ simplified func-
tions. The gaps between the MVM models and
MVMA models are remarkable, which again in-
dicates that the correct way of defining the left
context representation can be crucial for the task
of next word prediction. MVMA-ME did not per-
form well on the language modeling task, which
might be attributed to the less expressive power of
its functions A and g.

5.2 Interpretation Analysis

We conduct some further analysis to examine the
interpretability of n-gram representations. Specif-
ically, we examine whether the models are able
to capture certain linguistic phenomena such as
negation, which is important for sentiment anal-
ysis (Ribeiro et al., 2020). We also additionally
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made comparisons with the vanilla Transformer
(Vaswani et al., 2017) here10 despite the fact that it
remains largely unclear how it precisely captures
sequence features such as n-grams.

We could also obtain the n-gram representations
and the corresponding context representations from
the learned standard RNN models, based on their
learned parameters. We denote such n-gram repre-
sentations as RNNn-gram, and the context represen-
tations as RNNcontext, where “RNN” can be GRU,
LSTM or Elman. As n-gram representations are
vectors, a common approach is to transform them
into scalars with learnable parameters (Murdoch
et al., 2018; Sun and Lu, 2020). We define the
n-gram polarity score to quantify the polarity in-
formation as captured by an n-gram representation
vi:t from time step i to t, which is calculated as:

svi:t = w⊤vi:t, (14)

where w is the learnable weight vector of the final
fully-connected layer. We also define the context
polarity score for the context as

∑t
i=1 s

v
i:t.

We trained RNNs and baseline models on SST-2
and automatically extracted 73 positive adjectives
(e.g., “nice” and “enjoyable”) and 47 negative ad-
jectives (e.g., “bad” and “tedious”) from the vocab-
ulary11. N -gram polarity scores were calculated
for those adjective unigrams and their negation bi-
grams formed by prepending “not” to them. For
VA-EW and VA-W, their n-gram representations
do not involve tokens other than the last token.
Such limitations prevent them from capturing any
negation information. We therefore calculate the
context polarity scores using their context represen-
tations instead (which in this case is a bigram). This
also applies to Transformer for the same reason.

We observed that, for the GRU and LSTM mod-
els along with their corresponding MVMA models,
the n-gram representations are generally able to
learn the negation for both the adjective and their
negation bigrams as shown in Figures 2a and 2b12,
prepending “not” to an adjective will likely reverse
the polarity. This might be a reason why they could
achieve relatively higher accuracy on the sentiment
analysis tasks. Interestingly, MVM-G could also
capture negation as shown in Figure 2c, again sug-
gesting the impressive expressive power of such
n-gram representations alone.

10The mean of output representations was treated as the
context representation for Transformer during training. We
also tried to use the concatenation of the first and last token,
following (Luan et al., 2019), which yielded similar results.

11Such adjectives and detailed automatic extraction process
can be found in the appendix.

12Results of LSTM are similar to GRU, which can be found
in the appendix.

However, as shown in Figure 2, models such
as VA-W, MVMA-E, and MM are struggling to
capture negation for negative adjectives, again im-
plying a weaker expressive power of their n-gram
representations. Specifically, MVMA-E fails to
capture negation for negative adjectives, which may
be attributed to a relatively weaker Jacobian ma-
trix function A (as compared to those of GRU and
LSTM) preventing them from pursuing optimal
conditions.

Figure 2e shows that the MVMA-ME model,
which has a function A less complex than the ones
from MVMA-G and MVMA-L but more complex
than the one from MVMA-E, still can generally
learn negation of negative adjectives better than the
MVMA-E model. This demonstrates the necessity
of choosing more expressive A and g functions.

Interestingly, both VA-W and Transformer are
struggling with capturing the negation phenomenon
for negative adjectives in our experiments as shown
in Figures 2g and 2h, which suggests that they may
have a weaker capability in modeling sequential
features in our setup. However, we found they
could still achieve good performances on the AG-
news and IMDB datasets13. We hypothesize this
is because the nature of SST-2 makes these two
models suffer more on this dataset – it has rich
linguistic phenomena such as negation cases while
the other two datasets do not.

Additionally, we examined the ability for GRU,
LSTM, MVMA-G and MVMA-L to capture both
the negation and intensification phenomena. For
such experiments, instead of using SST-2, we
trained the models on SST-5, which comes with
polarity intensity information. Polarity intensities
were mapped into values of {−2,−1, 0,+1,+2},
ranging from extremely negative to extremely posi-
tive. We conducted some experiments based on the
same setup above for capturing negation on SST-2.
To our surprise, our preliminary results show that
all models were performing substantially worse in
terms of capturing intensification than capturing
negations. We hypothesize that this is caused by
the imbalance between negation phrases and inten-
sification phrases. Specifically, the intensification
word “very” (1,729 times) was exposed less than
the negation word “not” (4,601 times) in the train-
ing set of SST-5.

One approach proposed in the literature for sen-
tence classification is to consider all the hidden
states of an RNN in an instance (Bahdanau et al.,
2015). We believe this may actually be able to al-

13We conducted additional experiments for Transformers
on sentiment analysis. Results are in appendix.
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Figure 2: Distribution of polarity scores for adjectives and their negation bigrams on SST-2. p-adj and n-adj refer to
the positive and negative adjectives respectively. [-] refers to the negation operation (prepending the word “not”).
Circles refer to outliers. More results can be found in the appendix.
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Figure 3: Context polarity scores (MVMA-G, SST-5)
for positive (L) and negative (R) adjectives along with
their negation and intensification bigrams.

leviate the above issue as it allows more n-grams
within an instance to be exposed to the label in-
formation. Thus, we followed their approach for
training our MVMA and MVM models14.

We can see that the negation and intensification
phenomena can be explained by both the context
representations in Figure 315. Specifically, prepend-
ing either positive or negative adjectives with “very”
will likely strengthen their polarity while adding
“not” will likely weaken their polarity. These results
suggest that RNNs are able to capture information
of linguistic significance within the sequence, and
our identified n-gram representations within their
hidden states appear to be playing a salient role.

5.3 Discussion
From the experiments above, we can see that our
introduced n-gram representations, coupled with
the corresponding context representations, are pow-
erful in practice in capturing n-gram information
better than the baseline compositional models intro-
duced in the literature. We also found that RNNs
can induce such representations due to their recur-
rence mechanism16.

However, there can be several factors that af-
fect the efficacy of different representations. First,
through comparisons with different variants of

14However, for simplicity, in this work we only used the
mean context representations (or hidden states) instead of a
weighted sum of them.

15More results are in the appendix.
16We also visualized the context representations and n-

gram representations in the appendix, which provide intuitive
understanding of them.

MVMA, we can see that the precise way of parame-
terizing the functions A(xt) and g(xt) matter. Sec-
ond, through the comparison between MVMA and
MVM, we can see that defining an appropriate con-
text representation that incorporates a correct set of
n-grams is also important. Third, for models which
do not capture such explicit n-gram features like
ours, interestingly, they may still be able to yield
good performances on certain tasks. For example,
though VA-W and Transformer did not perform
well on SST-2, they yielded results competitive to
GRU and LSTM on AG-news and IMDB. This ob-
servation indicates there could be other useful fea-
tures captured by such models that can contribute
towards their overall modeling power.

Although in this work we did not aim to propose
novel or more powerful architectures, we believe
our work can be a step towards better understand-
ing of RNN models. We also hope it can provide
inspiration for our community to design more in-
terpretable yet efficient architectures.

6 Conclusion

In this work, we focused on investigating the under-
lying mechanism of RNNs in terms of handling se-
quential information from a theoretical perspective.
Our analysis reveals that RNNs contain a mecha-
nism where each hidden state encodes a weighted
combination of salient components, each of which
can be interpreted as a representation of a classi-
cal n-gram. Through a series of comprehensive
empirical studies on different tasks, we confirm
our understandings on such interpretations of these
components. With the analysis coupled with exper-
iments, we provide findings on how RNNs learn to
handle certain linguistic phenomena such as nega-
tion and intensification. Further investigations on
understanding how the identified mechanism may
capture a wider range of linguistic phenomena such
as multiword expressions (Schneider et al., 2014)
could an interesting future direction.
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A Dataset Statistics

The statistics of the sentiment analysis, relation
classification and NER datasets are shown in Table
6. The language modeling datasets are obtained
from Einstein.ai and the statistics are shown in
Table 7.

Data Train Dev Test V.size Max.len Class

SST-2 98,794 872 1,821 17,404 54 2
IMDB 17,212 4,304 4,363 63,311 437 2
AG-news 110,000 10,000 7,600 85,568 212 4
SST-5 318,582 41,447 82,600 18,025 54 5
SemEval 7,000 1,000 2,717 27,115 91 10
CoNLL-2003 14,987 3,466 3,684 26,873 113 20

Table 6: Statistics of the sentiment analysis, relation
classification and NER datasets. “V.size” indicates the
vocabulary size and “Max.len” indicates the maximum
length of the instances. “SemEval” refers to the Se-
mEval 2010 Task 8 dataset for relation classification.
For CoNLL-2003, “class” refers to the tag size.

We created the binary dataset SST-2 by extract-
ing instances (including phrases) with polarity from
the constituency parse trees in the original SST
dataset (Socher et al., 2013). We merged the labels
extremely positive and positive as positive and the
labels extremely negative and negative as negative.
We also extracted all the phrases in the constituency
parse trees from the original dataset and created
the 5-class dataset SST-5. The labels extremely
positive, positive, neutral, negative and extremely
negative were mapped into +2, +1, 0, -1, and -2
respectively.

B More Result from the SST datasets

B.1 Negation and Intensification

Figure 4 shows that the n-gram representations
from the LSTM model together with its correspond-
ing MVMA-L and MVM-L models can also cap-
ture negation on the extracted adjectives from SST-
2. However, VA-EW fails to capture the negation
phenomenon for the negative adjectives, which may
be explained by that: the n-gram representation
of VA-EW solely involves the current token, thus
being less expressive compared to the one from
models such as MVMA-L and MVMA-G. More-

Dataset Train Dev Test

PTB Token Num 887,521 70,390 78,669
Vocab Size 10,000

Wiki2 Token Num 2,088,628 217,646 245,569
Vocab Size 33,278

Wiki103 Token Num 103,227,021 217,646 245,569
Vocab Size 267,735

Table 7: Statistics of the language modeling datasets.
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Figure 4: Distribution of polarity scores for adjectives
and their negation bigrams. p-adj and n-adj refer to the
positive and negative adjectives respectively. [-] refers
to the negation operation (prepending the word “not”).
Circles refer to outliers.
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Figure 5: Context polarity scores for positive adjec-
tives (a) and negative adjectives (b) along with their cor-
responding negation and intensification bigrams from
SST-5.

over, the MVMA-G model can also capture the
negation and intensification phenomena on SST-5
as shown in Figure 5. The intensification token
will generally strengthen the polarity of an adjec-
tive while the negation token will generally weaken
the polarity of it.

We also visualized the polarity score of each n-
gram within a sentence. Two examples are shown
in Figures 6a and 6b, where a warmer color indi-
cates a higher polarity score (i.e., the n-gram is
more positive). For example, “never” itself has
a remarkably negative polarity score while “loses”
has a remarkably positive one. Consequently, the n-
grams starting from “never” (while ending with an-
other word) generally have positive polarity scores.
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Figure 6: Polarity scores for n-gram representations
within two example sentences. SST-2, MVMA-G.

Such visualization results show that our identified
representations defined over the linguistic units as
captured by RNNs can be highly interpretable.

B.2 First-order Approximation
To examine how well the recurrence relation in
Equation 7 can approximate the standard RNNs,
we followed the method in the work of Mah-
eswaranathan and Sussillo (2020) and compared
the hidden state of the standard RNNs (ht =
RNN(xt,ht−1)) at each time step to the corre-
sponding context representations (ĥt = g(xt) +
A(xt)ht−1). The error at each time step is defined
as

||ht − ĥt||2/||ht||2. (15)

We used the current standard hidden state to predict
the next hidden state and the context representa-
tions on the SST-2 test set.

We noticed that the weight decaying coefficient
has a remarkable impact on the error. Specifically, a
larger coefficient can result in smaller errors. When
the coefficient is 1e−5, the average errors on the El-
man, GRU, and LSTM models were 26.2%, 21.7%
and 46.6% and respectively. When the coefficient
is 3e− 4 the the average errors dropped to 17.1%,
15.1%, and 33.3% respectively. Note that since
this is the single step error, the accumulated errors
across many times steps can be large, particularly
for LSTM, and thus the first-order approximation
cannot fully replace standard RNNs. Despite this,

class 1
class 2
class 3
class 4

(a) MVMA-G

class 1
class 2
class 3
class 4

(b) MVM-G
Figure 7: (a) and (b): T-sne visualization of the context
representation for phrases (<30 tokens) from the AG-
news dataset with four topics.

the resulting context and n-gram representations
can help us understand how RNNs process contex-
tual information such as n-gram features.

C T-sne Visualization

We visualized the context representations from the
MVMA-G model using t-sne (van der Maaten and
Hinton, 2008), which provides us with an intuitive
understanding on the efficacy of our identified rep-
resentations. We automatically extracted 2,188
phrases with less than 30 tokens from AG-news
with 4 topics17 and projected their context repre-
sentations to a two-dimension space. Figures 7a
and 7b show there exist four major clusters corre-
sponding to the four topics, indicating those repre-
sentations can generally learn the topic information
and explain the differences. Similar to the previous
analysis, the MVM-G model is able to learn the
topic information with the n-gram representations.

D Results on Transformer

We have also run the Transformer model on the
sentiment analysis datasets and the results are listed
in Table 8.

17Although SST-5 has 5 lables, most of its phrases are
neutral, we therefore did not use this dataset for visualization.
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SST-2 AG-news IMDB

dev test dev test dev test
83.4±0.4 82.0±0.1 90.9±0.5 90.5±0.4 88.4±0.2 88.1±0.2

Table 8: Accuracy on sentiment analysis tasks. Trans-
former

E Implementation Details

E.1 Sentiment Analysis

Settings For the SST-2, AG-news, and IMDB
datasets, we used the cross-entropy as the loss
function to train the models. Embeddings were
randomly initialized and trainable during training.
For the SST-5 dataset, we treated the classification
as a regression problem as the labels are polarity
intensity. The mean-squared error was used as the
loss function during training. Note that we initial-
ized embeddings with pre-trained GloVe (Penning-
ton et al., 2014) and fixed them during training on
SST-5 for the analysis of both the negation and
intensification phenomena.

Furthermore, for the MM model, each token was
represented as a matrix and the matrix size was set
as 32×32. For the other models, the embedding
and hidden sizes were both set as 300.

Polarity Adjectives We automatically extracted
adjectives with polarity (examples shown in Table
9) from SST-2 in two steps. In the first step, follow-
ing the method of Sun and Lu (2020), we calculated
a frequency ratio for each token (in the vocabulary)
between the frequencies of the token seen in the
positive and negative instances respectively. If a
token has a frequency ratio either larger than 3 or
less than 1/3, it will be extracted as an positive to-
ken or an negative token. In the second step, we
used the textblob package 18 to detect positive and
negative adjectives from those positive tokens and
negative tokens respectively.

E.2 Relation Classification

Following the work of Gupta and Schütze (2018),
we examined the RNN, baseline, MVMA and
MVM models on SemEval 2010 Task 8 (Hendrickx
et al., 2010) which has 9 directed relationships and
an undirected other type. We used the final hidden
states of the standard RNNs (or context representa-
tions of the MVMA, MVM and baseline models) as
the instance representations for classification. The
cross-entropy loss was employed during training.

18https://textblob.readthedocs.io/en/dev/

E.3 Named Entity Recognition

At each time step, we concatenated the context
representations (or hidden states) from both di-
rections in a bidirectional model, fed them to a
projection layer and then to a linear CRF layer.
More details about the architecture can be referred
to the biLSTM-CRF model in the work of Lam-
ple et al. (2016). We also referred to the code
at https://github.com/allanj/pytorch_neural_crf for
the implementation of the linear CRF layer.

CoNLL-2003 contains four types of entities:
persons (PER), organizations (ORG), locations
(LOC) and miscellaneous names (MISC). The orig-
inal dataset was labeled with the BIO (Beginning-
Inside-Outside) format. For example, “United Arab
Emirates” are labeled as “B-LOC I-LOC I-LOC”.
We transform the tags into the IOBES format where
two prefixes “E-” and “S-” are added. Specifically,
“E-” is used to label the last token of an entity span.
The “S-” prefix is used for a single-token span. For
example, “United Arab Emirates” are labeled as
“B-LOC I-LOC E-LOC” in this format. There are
20 categories of tags in total including the starting,
ending and padding tags. We trained the models to
predict each entity.

The embedding size and hidden size were set to
300 and 200 respectively. The SGD optimizer was
used to learn parameters.

E.4 Language Modeling

The embedding size and hidden size were both 512
for PTB and Wiki2, and 256 and 512 respectively
for Wiki103. The cross-entropy loss was used dur-
ing training. For PTB and Wiki2, the output of
the final fully-connected layer was fed to a soft-
max function while the Adaptive softmax (Joulin
et al., 2017) was used for Wiki103 (because of its
large vocabulary size). We only considered the
word-level models. We trained each model for 50
epochs, chose the model which had the best perfor-
mance on the development set as the final model
and evaluated the final model on the test set.

F Jacobian matrix of LSTM

Unlike GRU and Elman RNN, LSTM has a mem-
ory cell apart from a hidden state. Here, we de-
scribe how to get their Jacobian matrices. An
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Type Adjectives Size

Pos

outstanding, ecological, inventive, comfortable, nice, authentic, spontaneous, sympathetic, lovable,
unadulterated, controversial, suitable, grand, happy, enthusiastic, adventurous, successful, noble,
true, detailed, sophisticated, sensational, exotic, fantastic, remarkable, impressive, charismatic,
good, effective, rich, popular, unforgettable, famous, comical, energetic, ingenious, extraordinary, ...

73

Neg

bad, tedious, miserable, psychotic, didactic, inexplicable, feeble, sloppy, disastrous, stupid,
amateurish, false, cynical, farcical, terrible, unhappy, horrible, atrocious, idiotic, wrong, pathetic,
angry, uninspired, vicious, unfocused, unnecessary, artificial, troubled, questionable, arduous,
stereotypical, ...

47

Table 9: Examples of the extracted adjectives from the SST-2 dataset. “Pos” refers to positive adjectives and “Neg”
refers to negative adjectives.

LSTM cell can be written as

it = σ(Wiixt +Whiht−1),

ft = σ(Wifxt +Whfht−1),

ot = σ(Wioxt +Whoht−1), (16)
cmt = tanh(Wicxt +Whcht−1),

ct =ft ⊙ ct−1+it ⊙ cmt ,ht=ot ⊙ tanh(ct),

where it, ft, ot ∈ Rd are the input gate, forget gate
and output gate respectively. cmt ∈ Rd is the new
memory, and ct is the final memory.

Let us expand the memory state and hidden state
at time step t as

ct = gc(xt) +B(xt)ct−1
+D(xt)ht−1 + oc(ct−1,ht−1),

ht = gh(xt) + E(xt)ct−1
+ F (xt)ht−1 + oh(ct−1,ht−1),

(17)

where B, D, E and F ∈ Rd×d are all Jacobian
matrices. oc(ht−1) and oh(ht−1) are remainder
terms of the Taylor expansion.

We concatenate the memory state and hidden
state and view the concatenation as an “extended
hidden state”. The context representation for the
“extended hidden state” at time step t (assuming of
zero vectors as initial states) will be written as:

[
ĉt
ĥt

]
=

t∑

i=1

[
vci:t
vhi:t

]
=

t∑

i=1

[
i+1∏

k=t

A(xk)

][
gc(xi)
gh(xi)

]
,

(18)
where ĉt and ĥt refer to the context representations
corresponding to the memory state and hidden state
respectively. gc, gh ∈ Rd, and A ∈ R2d×2d are all
functions of inputs. A(xk) contains many interac-
tion terms resulting from the gating mechanism,
which may result in a strong expressive power. As
the hidden state ht is commonly used for down-
stream tasks, we will only consider vhi:t as the n-
gram representation on our tasks, and the context
representation will be

∑t
i=1 v

h
i:t.
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Abstract

In traditional Visual Question Generation
(VQG), most images have multiple concepts
(e.g. objects and categories) for which a ques-
tion could be generated, but models are trained
to mimic an arbitrary choice of concept as given
in their training data. This makes training dif-
ficult and also poses issues for evaluation –
multiple valid questions exist for most images
but only one or a few are captured by the hu-
man references. We present Guiding Visual
Question Generation - a variant of VQG which
conditions the question generator on categori-
cal information based on expectations on the
type of question and the objects it should ex-
plore. We propose two variant families: (i) an
explicitly guided model that enables an actor
(human or automated) to select which objects
and categories to generate a question for; and
(ii) 2 types of implicitly guided models that
learn which objects and categories to condition
on, based on discrete variables. The proposed
models are evaluated on an answer-category
augmented VQA dataset and our quantitative
results show a substantial improvement over
the current state of the art (over 9 BLEU-4
increase). Human evaluation validates that
guidance helps the generation of questions that
are grammatically coherent and relevant to the
given image and objects.

1 Introduction

In the last few years, the AI research community
has witnessed a surge in multimodal tasks such as
Visual Question Answering (VQA) (Antol et al.,
2015; Anderson et al., 2018), Multimodal Machine
Translation (Specia et al., 2016; Elliott et al., 2017;
Barrault et al., 2018; Caglayan et al., 2019), and
Image Captioning (IC) (Vinyals et al., 2015; Karpa-
thy and Fei-Fei, 2015; Xu et al., 2015). Visual
Question Generation (VQG) (Zhang et al., 2016;
Krishna et al., 2019; Li et al., 2018), a multimodal
task which aims to generate a question given an
image, remains relatively under-researched despite

the popularity of its textual counterpart. Through-
out the sparse literature in this domain, different
approaches have augmented and/or incorporated
extra information as input. For example, Pan et al.
(2019) emphasised that providing the ground truth
answer to a target question is beneficial in generat-
ing a non-generic question. Krishna et al. (2019)
pointed out that requiring an answer to generate
questions violates a realistic scenario. Instead, they
proposed a latent variable model using answer cate-
gories to help generate the corresponding questions.
Recently, Scialom et al. (2020) incorporated a pre-
trained language model with object features and
image captions for question generation.

In this work, we explore VQG from the perspec-
tive of ‘guiding’ a question generator. Guiding has
shown success in image captioning (Zheng et al.
(2018) and Ng et al. (2020)), and in this VQG work
we introduce the notion of ‘guiding’ as condition-
ing a generator on inputs that match specific cho-
sen properties from the target. We use the answer
category and objects/concepts based on an image
and target question as inputs to our decoder. We
propose our explicit guiding approach to achieve
this goal. We additionally investigate an implicit
guiding approach which attempts to remove the
dependency on an external actor (see more below).

The explicit variant (Section 3.1) is modelled
around the notion that an actor can select a subset
of detected objects in an image for conditioning
the generative process. Depending on the appli-
cation, this selection could be done by a human,
and algorithm or chosen randomly. For example,
imagine either a open-conversation chat-bot or a
language learning app. In the chat-bot case, a hu-
man may show the bot a picture of something. The
bot may use randomly sampled concepts from the
image (e.g. an object-detected tree) to ask a human
a question upon. In the language learning case, the
human may wish to select certain concepts they
want the generated question to reflect. For exam-
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ple, they might select a subset of animal-related
objects from the whole set of detected objects in
order to generate questions for teaching the animal-
related vocabulary in a language learning setting.
Alongside the objects, the actor may also provide,
or randomly sample, an answer category to the
question generator.

The implicit variant (Section 3.2), on the other
hand, is motivated by removing the dependency on
the aforementioned actor. We provide two method-
ologies for our proposed implicit variant. The first
uses a Gumbel-Softmax (Jang et al., 2016) to pro-
vide a discrete sample of object labels that can be
used for generating a question. The second method
employs a model with two discrete latent variables
that learn an internally-predicted category and a set
of objects relevant for the generated question, opti-
mised with cross-entropy and variational inference
(Kingma and Welling, 2014; Miao et al., 2016).

Human evaluation shows that our models can
generate realistic and relevant questions, with our
explicit model almost fooling humans when asked
to determine which, out of two questions, is the
generated question. Our experiments and results
are presented in Section 5.

To summarise, our main contributions are: 1)
The first work to explore guiding using object la-
bels in Visual Question Generation; 2) A novel
generative Transformer-based set-to-sequence ap-
proach for Visual Question Generation; 3) The
first work to explore discrete variable models in
Visual Question Generation; and 4) A substantial
increase in quantitative metrics - our explicit model
improves the current state of the art setups by over
9 BLEU-4 and 110 CIDEr.

2 Related Work

2.1 Visual Question Generation

Zhang et al. (2016) introduced the first paper in the
field of VQG, employing an RNN based encoder-
decoder framework alongside model-generated cap-
tions to generate questions. Since then, only a
handful of papers have investigated VQG. Fan et al.
(2018) demonstrated the successful use of a GAN
in VQG systems, allowing for non-deterministic
and diverse outputs. Jain et al. (2017) proposed
a model using a VAE instead of a GAN, however
their improved results require the use of a target
answer during inference. To overcome this unreal-
istic requirement, Krishna et al. (2019) augmented
the VQA (Antol et al., 2015) dataset with answer

categories, and proposed a model which doesn’t
require an answer during inference. Because their
architecture uses information from the target as
input (i.e. an answer category), their work falls
under our definition of guided generation. More
recently, Scialom et al. (2020) investigate the cross
modal performance of pre-trained language mod-
els by fine-tuning a BERT (Devlin et al., 2018)
model on model-based object features and ground-
truth image captions. Other work, such as Patro
et al. (2018), Patro et al. (2020) and Uppal et al.
(2020), either do not include BLEU scores higher
than BLEU-1, which is not very informative, or
address variants of the VQG task. In the latter case
the models fail to beat previous SoTA on BLEU-4
for standard VQG. Recently and (Xu et al., 2021)
and (Xie et al., 2021) achieve SoTA in VQG us-
ing graph convolutional networks. However, both
works follow an unrealistic setup by conditioning
their model on raw answers during training and
inference - a dependency we attempt to remove.

2.2 Discrete (Latent) Variable Models

Discrete variable models are ideal for tasks which
require controllable generation (Hu et al., 2017) or
‘hard’ indexing of a vector (Graves et al., 2016). Ex-
isting literature provide several methods to achieve
discretization. NLP GAN literature (such as Seq-
GAN (Yu et al., 2016) and MaskGAN (Fedus et al.,
2018)) commonly use REINFORCE (Williams,
1992) to overcome differentiability issues with dis-
crete outputs. Other discretization methodologies
can be found in Variational Auto Encoder (VAE)
literature (Kingma and Welling, 2014). Some older
methodologies are NVIL (Mnih and Gregor, 2014)
and VIMCO (Mnih and Rezende, 2016). However,
VAE literature also introduced Concrete (Maddi-
son et al., 2016), Gumbel-Softmax (Jang et al.,
2016) and Vector Quantization (Oord et al., 2017)
as discretization strategies (technically speaking,
Concrete and Gumbel-Softmax are strongly peaked
continuous distributions).

In this work, we use a Gumbel-Softmax ap-
proach to sample a distribution over objects. At in-
ference time, given a set of object tokens, learning
this ‘hard’ distribution allows the model to inter-
nally sample a subset of objects that produce the
most informative question. Our variational model
additionally learns a generative and variational dis-
tribution that allow the model to implicitly learn
which objects are relevant to a question and an-
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(a) Architecture of our explicit model. Given an image, first an object detection model is used to extract object labels and object
features; a captioning model is used to generate relevant captions. Questions and answers are concatenated to filter the conceptual
information from generated objects and captions. Next the filtered concepts are combined with the category as the input to the
text encoder; the extracted object features are fed into an image encoder. Finally the outputs from the text encoder and the image
encoder are fused into the decoder for question generation.
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(b) Architecture of our implicit model. Similar to the explicit model, first an object detection model is used to extract object
labels and object features. Object labels are sent to a non-linear MLP after which a Gumbel-Softmax is applied to obtain the
discrete vector ‘Scores’. The Scores are then used to mask the object labels and predict a category. The masked object labels and
predicted category are then sent to the text encoder. The outputs are fused with the image encoder outputs and sent to the decoder.
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(c) Architecture of our variational implicit model. After the object detection model extracts the object labels and object features,
they are sent to the variational and generative encoders. The variational encoder is used at train time only, and also receives the
question and answer pair. Depending whether we’re training or in inference, we obtain a discrete vector z from the respective
distribution. z is then used to mask the object labels. This variant then follows the same methodology as its non-variational
counterpart. For this sub-figure only, the dashed lines indicate training.

Figure 1: Architecture of the explicit model (a) and implicit model (b)

swer pair whilst incorporating non-determinism for
diverse outputs.

3 Methodology

We introduce the shared concepts of our explicit
and implicit model variants, before diving into the
variant-specific methodologies (Section 3.1 & 3.2).

For both variants, we keep the VQG problem
grounded to a realistic scenario. That is, during
inference, we can only provide the model with an
image, and data that can either be generated by
a model (e.g. object features or image captions)
and/or trivially provided by an actor (i.e. answer
category and a selected subset of the detected ob-
jects). However, during training, we are able to use
any available information, such as images, captions,
objects, answer categories, answers and target ques-
tions, employing latent variable models to min-
imise divergences between feature representations

of data accessible at train time but not inference
time. This framework is inspired by Krishna et al.
(2019). In Appendix A, we discuss the differences
of input during training, testing and inference.

Formally, the VQG problem is as follows: Given
an image ĩ ∈ Ĩ , where Ĩ denotes a set of images,
decode a question q. In the guided variant, for each
ĩ, we also have access to textual utterances, such as
ground truth answer categories and answers. The
utterances could also be extracted by an automated
model, such as image captions (Li et al., 2020), or
object labels and features (Anderson et al., 2018).
In our work, answer categories take on 1 out of 16
categorical variables to indicate the type of ques-
tion asked. For example, “how many people are
in this picture?” would have a category of “count”
(see Krishna et al. (2019) for more details).

Text Encoder. For encoding the text, we use
BERT (Devlin et al., 2018) as a pre-trained lan-
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guage model (PLM). Thus, for a tokenised textual
input S̃ of length T , we can extract a d-dimensional
representation for s̃t ∈ S̃: X = PLM(S̃) ∈ RT×d

Image Encoder. Given an image ĩ, we can ex-
tract object features, f ∈ Rko×2048, and their re-
spective normalized bounding boxes, b ∈ Rko×4,
with the 4 dimensions referring to horizontal and
vertical positions of the feature bounding box.
Following the seminal methodology of Anderson
et al. (2018), ko is usually 36. Subsequent to
obtaining these features, we encode the image
using a Transformer (Vaswani et al., 2017), re-
placing the default position embeddings with the
spatial embeddings extracted from the bounding
box features (Krasser and Stumpf, 2020; Cornia
et al., 2019). Specifically, given f, b from image ĩ:
i = Transformer(f, b) ∈ Rko×d

Text Decoder. We employ a pretrained Trans-
former decoder for our task (Wolf et al., 2020).
Following standard sequence-to-sequence causal
decoding practices, our decoder receives some en-
coder outputs, and auto-regressively samples the
next token, for use in the next decoding timestep.
Our encoder outputs are the concatenation (; oper-
ator) of our textual and vision modality represen-
tation: X = [S; i] ∈ R(T+ko)×d, and our decoder
takes on the form: q̂ = Decoder(X), where q̂ is
the predicted question.

In this work, we primarily focus on a set-to-
sequence problem as opposed to a sequence-to-
sequence problem. That is, our textual input is not
a natural language sequence, rather an unordered
set comprising of tokens from the answer category,
the object labels, and the caption. How this set is
obtained is discussed in following section. Due to
the set input format, we disable positional encoding
on the PLM encoder (Text Encoder in Figure 1).

3.1 Explicit Guiding

As mentioned in Section 1, the explicit variant re-
quires some actor in the loop. Thus, in a real world
setting, this model will run in two steps. Firstly,
we run object detection (OD) and image caption-
ing (IC) over an image and return relevant guiding
information to the actor. The actor may then select
or randomly sample a subset of objects which are
sent to the decoder to start its generation process.
If the actor opts for a random sample strategy, no
human is needed during the inference process (see
Appendix A for examples).

To enable this setup, we create paired data based

on the guided notion. At a high level, our approach
creates this data in three steps: 1) obtain object
labels; 2) obtain concepts via IC Formally,

objects = OD(i) ∈ Rko

cap = CaptionModel(i) ∈ RTcap

cap = rmStopWords(caption) ∈ R<Tcap

candidate_concepts = set(objects; cap) ∈ RTcc
(1)

Here, OD stands for an object detector model,
rmStopWords is a function which removes the
stop words from a list, and set is a function which
creates a set from the concatenation (the ; operator)
of the detected objects and obtained captions. cap
stands for caption. The set is of size Tcc < ko +
Tcap. Using this obtained candidate_concepts set,
we run our filtration process.

Once the set of candidate concepts has been con-
structed, we filter them to only retain concepts rel-
evant to the target QA pair. After removing stop
words and applying the set function to the words
in the QA pair, we use Sentence-BERT (Reimers
and Gurevych, 2019) to obtain embeddings for the
candidate QA pair and candidate_concepts (Eq 1).
We subsequently compute a cosine similarity ma-
trix between the two embedding matrices, and then
select the top k most similar concepts. The chosen
k concepts, S̃, are always a strict subset of the can-
didate concepts that are retrieved using automated
image captioning or object detection. This process
emulates the selection of objects an actor would
select in an inference setting when given a choice
of possible concepts, and creates paired data for the
guided VQG task. We now concatenate an answer
category to S̃: S = PLM([S̃; category]) ∈ RT×d.

With text encoding S, we run the model, op-
timizing the negative log likelihood between the
predicted question and the ground truth. Note that
the concatenation in the decoder below is along the
sequence axis (resulting in a tensor ∈ RT+ko×d).

q̂ = Decoder([S; i])

L = CrossEntropy(q̂, q)
(2)

3.2 Implicit Guiding

We now introduce our experiments for the im-
plicit variant for VQG. This variant differs from its
explicit counterpart as it aims to generate ques-
tions using only images as the input, while in-
ternally learning to predict the relevant category
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and objects. Mathematically, the explicit variant
models q̂ = p(wt|i, S̃, category, w0, ..., wt−1; θ)
where S̃ and category are obtained as described
in Section 3.1. During inference, the im-
plicit variant instead attempts to model q̂ =
p(wt|i, ẽobj , ecat, w0, ..., wt−1; θ) where ẽobj , ecat
are not explicitly fed in to the model. Rather, they
are determined internally as defined in Equation 6.

Given an image, we apply the same object de-
tection model as in the explicit variants to extract
object labels, which are then encoded using an
embed layer. Formally,

objects = OD(i) ∈ Rko

eobj = embed(objects) ∈ Rko×d
(3)

Since we would like the implicit model to learn
relevant objects for an image internally, we project
each object in eobj to a real-valued score:

scores = MLP(eobj) ∈ Rko (4)

Subsequently, we apply a hard Gumbel-Softmax
(Jang et al., 2017) to obtain predictions over se-
lected objects. Because Gumbel-Softmax samples
from a log-log-uniform distribution, stochasticity
is now present in our sampled objects. To sample
k objects, we tile/repeat scores k times before in-
putting it into the Gumbel-Softmax. z̃, our k-hot
sampled objects vector, is then used to mask object
embeddings for use in decoding:

z̃ = gumbel-softmax(scores, k) ∈ Rko

ẽobj = z̃ ∗ eobj ∈ Rko×d
(5)

Where ∗ denotes element-wise multiplication.
Categories can also be a strong guiding factor and
instead of making it an explicit input, we build
a classifier to predict possible categories. In this
variant, ẽobj is used as an input to both our text
encoder, and the MLP responsible for the category
prediction:

S = PLM(ẽobj) ∈ Rko×d

p( ˆcat|ẽobj) = softmax(MLP(ẽobj)) ∈ Rkcat
(6)

Using the one-hot representation of the predicted
category (i.e. ecat = one-hot(p( ˆcat|ẽobj)), we
can concatenate our image, PLM representation
of objects, and predicted category to feed into
the decoder: q̂ = Decoder([i;S; ecat]) ∈ RTq̂ .
However, during training, we teacher force against

the ‘gold’ set of objects, S̃ (obtained using candi-
date_concepts in Equation 1). Training and opti-
mization thus follow:

q̂ =Decoder([i; S̃; ecat]) ∈ RTq̂

L =CrossEntropy(q̂, q)+

CrossEntropy(p( ˆcat|ẽobj), cat)+
StartEnd(ẽobj , S̃)

(7)

where StartEnd is a BERT QA-head style loss (De-
vlin et al., 2018) that uses binary cross entropy for
each k in ẽobj .

Variational Implicit. Hypothesising that
ground-truth QA pairs might provide information
useful to selecting objects, we additionally attempt
to extend our model to incorporate QA pairs to
learn a latent variational distribution over the ob-
jects. However, since QA pairs can only be used
during training to learn a variational distribution,
we introduce another generative distribution that is
only conditioned on the images and extracted ob-
jects. We borrow the idea from latent variable mod-
els to minimise Kullback-Leibler (KL) divergence
between the variational distribution and generative
distribution, where the variational distribution is
used during training and the generative distribution
is used in inference.

Continuing from Equation 3, we build two matri-
ces,Mgen andMvar. The former is a concatenation
of the image features and object embeddings, and
the latter the concatenation between the encoded
QA pair and Mgen. Depending on whether we’re
in a training or inference regime, the CLS token
of the relevant matrix is used to sample a mask,
z̃, which is subsequently applied on the aforemen-
tioned object embeddings:

Mgen = encode([eobj ; i]) ∈ R2ko×d

eqa = embed(Q;A) ∈ RTqa×d

Mvar = encode([eqa;Mgen]) ∈ R(2ko+T qa)×d

qϕ(z|Mgen,Mvar) = MLP(MCLS
gen ;MCLS

var ) ∈ Rko

pθ(z|Mgen) = MLP(Mgen) ∈ Rko

z̃ = gumbel-softmax(z, k) ∈ Rko

ẽobj = z̃ ∗ eobj ∈ Rko×d

where qϕ(z|Mgen,Mvar) is the variational distri-
bution, pθ(z|Mgen) is the generative distribution,
and MLP denotes a multilayer perceptron for learn-
ing the alignment between objects and QA pairs.
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encode is an attention-based function such as
BERT (Devlin et al., 2018). From here, our method-
ology follows on from Equation 6. However, our
loss now attempts to minimise the ELBO:

L = E[log pθ(q̂|z, ˆcat)]

−DKL[qϕ(z|MCLS
gen ,MCLS

var )||pθ(z|MCLS
gen )]

+ log p( ˆcat|Mvar)

4 Experiments

4.1 Datasets

We use the VQA v2.0 dataset1 (Antol et al., 2015)
(CC-BY 4.0), a large dataset consisting of all rele-
vant information for the VQG task. We follow the
official VQA partition, with i.e. 443.8K questions
from 82.8K images for training, and 214.4K ques-
tions from 40.5K images for validation. Following
Krishna et al. (2019), we report the performance
on validation set as the annotated categories and
answers for the VQA test set are not available.

We use answer categories from the annotations
of Krishna et al. (2019). The top 500 answers
in the VQA v2.0 dataset are annotated with a la-
bel from the set of 15 possible categories, which
covers up the 82% of the VQA v2.0 dataset; the
other answers are treated as an additional category.
These annotated answer categories include objects
(e.g. “mountain”, “flower”), attributes (e.g. “cold”,
“old”), color, counting, etc.

We report BLEU (Papineni et al., 2002),
ROUGE (Lin, 2004), CIDEr (Vedantam et al.,
2015), METEOR (Lavie and Agarwal, 2007), and
MSJ (Montahaei et al., 2019) as evaluation metrics.
The MSJ metric accounts for both the diversity of
generated outputs, and the n-gram overlap with the
ground truth utterances.

4.2 Comparative Approaches

We compare our models with four recently pro-
posed VQG models Information Maximising VQG
(IMVQG; supervised with image and answer cat-
egory) (Krishna et al., 2019), What BERT Sees
(WBS; supervised with image and image caption)
(Scialom et al., 2020), Deep Bayesian Network
(DBN; supervised with image, scenes, image cap-
tions and tags/concepts) (Patro et al., 2020), and
Category Consistent Cyclic VQG (C3VQG; su-
pervised with image and answer category) (Uppal
et al., 2020). We follow IMVQG’s evaluation setup

1https://visualqa.org/

because they hold the current SoTA in VQG for re-
alistic inference regimes. We omit (Xu et al., 2021)
and (Xie et al., 2021) from our table of results be-
cause these models follow an unrealistic inference
regime, requiring an explicit answer during train-
ing and inference. Our baseline is an image-only
model, without other guiding information or latent
variables.

4.3 Implementation Details

In Section 3 we described the shared aspects of our
model variants. The reported scores in Section 5
use the same hyperparameters and model initial-
isation. A table of hyperparameters and training
details can be found in Appendix B. BERT Base
(Devlin et al., 2018) serves as our PLM encoder and
following Wolf et al. (2020); Scialom et al. (2020),
we use a pre-trained BERT model for decoding too.
Though typically not used for decoding, by con-
catenating the encoder inputs with a [MASK] token
and feeding this to the decoder model, we are able
to obtain an output (e.g. q̂1). This decoded output is
concatenated with the original input sequence, and
once again fed to the decoder to sample the next
token. Thus, we use the BERT model as a decoder
in an auto-regressive fashion.

To encode the images based on the Faster-RCNN
object features (Ren et al., 2015; Anderson et al.,
2018), we use a standard Transformer (Vaswani
et al., 2017) encoder. Empirically, we find k = 2
to be the best number of sampled objects.

5 Results

We present quantitative results in Table 1 and qual-
itative results in Figure 2. We evaluate the explicit,
implicit and variational implicit models in a single-
reference setup, as the chosen input concepts are
meant to guide the model output towards one par-
ticular target reference.

5.1 Quantitative Results

Starting with the explicit variant, as seen in Ta-
ble 1, we note that our image-only baseline model
achieves a BLEU-4 score of 5.95. We test our
model with different combinations of text features
to identify which textual input is most influential to
the reported metrics. We notice that the contribu-
tion of the category is the most important text input
with respect to improving the score of the model,
raising the BLEU-4 score by more than 11 points
(image-category) over the aforementioned baseline.
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Model
BLEU CIDEr METEOR ROUGE MSJ

1 2 3 4 3 4 5

Comparative
IMVQG (z-path)† 50.1 32.3 24.6 16.3 94.3 20.6 39.6 47.2 38.0 31.5
IMVQG (t-path) 47.4 29.0 19.9 14.5 86.0 18.4 38.4 53.8 44.1 37.2
WBS‡ 42.1 22.4 14.1 9.2 60.2 14.9 29.1 63.2 55.7 49.7
DBN 40.7 - - - - 22.6 - - - -
C3VQG 41.9 22.1 15.0 10.0 46.9 13.6 42.3 - - -
image-only 25.9 15.9 9.8 5.9 41.4 13.5 27.8 52.2 42.8 36.0

Explicit
image-category 40.8 29.9 22.5 17.3 131 20.8 43.0 64.2 55.5 48.8
image-objects 34.7 25.0 19.1 15.0 130 19.4 36.9 67.4 59.2 52.7
image-guided 46.3 36.4 29.5 24.4 214 25.2 49.0 71.3 63.6 57.3
image-guided-random 23.6 12.1 5.75 2.39 17.6 10.8 24.2 62.3 52.6 45.0

Implicit
image-category 28.4 17.5 11.3 8.5 42.8 13.5 30.7 51.8 42.9 36.4
image-guided 33.8 24.0 18.3 14.2 123 19.1 35.9 66.7 58.9 52.5
image-guided-pred 25.3 14.9 9.1 6.3 27.3 11.6 27.3 52.0 44.0 38.1
image-guided-random 21.3 11.4 6.3 3.6 23.1 10.7 22.2 61.7 52.8 45.9

Variational Implicit
image-guided 33.9 23.5 16.8 12.6 113 18.8 35.6 64.2 56.3 49.8
image-guided-pred 22.6 12.5 6.9 4.1 24.3 11.2 23.0 58.6 49.3 42.4
image-guided-random 19.8 10.7 5.9 3.3 19.6 10.0 21.3 58.8 50 43.4

Table 1: Single reference evaluation results. “*-guided” refers to the combination of category and objects. In the
explicit variant only, objects refers to the subset of detected objects and caption keywords, filtered on the target QA
pair. † indicates an unrealistic inference regime, using answers as input for question generation. ‡ WBS scores are
from single reference evaluation based on the VQA1.0 pre-trained “Im. + Cap.” model provided by the authors.

However, whilst the BLEU-4 for the image-object
variant is 2.3 points lower, it outperforms the image-
category variant by 3.9 points on the diversity ori-
entated metric MSJ-5 - indicating that the image-
category variant creates more generic questions.
As expected, the inclusion of both the category
and objects (image-guided) outperforms either of
the previously mentioned models, achieving a new
state-of-the-art result of 24.4 BLEU-4. This combi-
nation also creates the most diverse questions, with
an MSJ-5 of 57.3.

We also test our hypothesis that guiding pro-
duces questions that are relevant to the fed in con-
cepts. This is tested with ‘image-guided-random’
variant. This variant is the same trained model
as ‘image-guided’, but uses k = 2 random con-
cepts from a respective image instead of using the
ground truth question to generate concepts. Our
results show that guiding is an extremely effective
strategy to produce questions related to conceptual
information, with a BLEU-4 score difference of
over 20 points. We refer the reader to Section 5.3
for human evaluation which again validates this
hypothesis, and Section 3.1 for an explanation of
why guiding is valid for evaluating VQG models.

We evaluate the implicit models as follows. The

implicit image-category variant does not predict
any objects internally. It uses all image features and
object embeddings alongside the category supervi-
sion signal as described in Equation 7. The implicit
image-guided models use the ‘gold’ objects at in-
ference (See Section 3.1). If these variants fit the
‘gold’ objects well, it indicates that their generative
abilities are suitable for guiding/conditioning on
predicted or random objects. The image-guided-
pred variants are evaluated using internally pre-
dicted objects - and the model variant that would
be used in a real inference setting. Finally, the
image-guided-random variants are fed in random
object labels at inference.

For implicit guiding to be a valid methodology,
we need to validate two criteria: 1) Successfully
conditioning the decoder on guiding information;
2) Better than random accuracy of object predic-
tion/selection. Note that intuitively, the implicit
model is expected to perform worse than the ex-
plicit model in terms of the language generation
metrics. This is because of the inherently large
entropy of the relevant answer category and the
objects given an image. However, if the learned
distributions over the categories and objects can
capture the relevant concepts of different images,
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they may benefit the question generation when com-
pared with image-only.

According to Table 1, by predicting just an an-
swer category and no objects (image-category), the
proposed implicit model beats the image-only base-
line. The BLEU-4 score difference is less than
1 with the best performing WBS model (Scialom
et al., 2020) – which also generates questions with-
out explicit guided information.

As mentioned above, we can evaluate the im-
plicit model by either feeding the ‘gold’ objects
obtained as described in Section 3.1, or by the inter-
nally predicted objects as described in Section 3.2.
These form the variants image-guided and image-
guided-pred respectively. For both the implicit and
variational implicit models, image-guided is ex-
pected to perform the best. Results validate this,
showing a performance of 14.2 and 12.6 BLEU-4
respectively. Importantly, the relatively high scores
of these guided models (compared to the compar-
ative approaches) show that these models can suc-
cessfully be conditioned on guiding information.

We also notice that for both types of im-
plicit models, image-guided-pred outperforms
image-guided-random. Specifically for the non-
variational implicit, we see a higher BLEU-4
score difference of 2.7. Interestingly, despite this
BLEU-4 difference being higher than its variational
counterpart, there is a trade-off for the diversity-
orientated MSJ metric. This indicates that although
generated questions are discretely ‘closer’ to the
ground truth, similar phrasing is used between the
generated questions. In fact, an acute case of this
phenomena occurs for the image-category variant
where the BLEU-4 variant is higher than image-
guided-pred or image-guided-random. In this case,
qualitative analysis shows us that the higher BLEU-
4 score can be attributed to the generic nature of
the generated question. Failure cases of automatic
evaluation metrics in NLP is discussed further in
(Caglayan et al., 2020).

To satisfy the ‘better than random accuracy of
object prediction/selection’ criteria previously out-
lined, we measure the overlap of the k predicted ob-
jects vs k ‘gold’ object labels. These ‘gold’ object
labels are obtained similarly to the explicit variant
(Section 3.1), however the caption tokens are not
fed to the filtering process. Random accuracy for
selecting objects is 12.5%. Our overlap accuracy
on implicit image-pred is 18.7% - outperforming
random selection. Variational implicit image-pred

Baseline Implicit V-Implicit Explicit

Experiment 1 34.3% ± 0.1 47.1% ± 0.12 36.7% ± 0.08 44.9% ± 0.08
Experiment 2 95.9% ± 0.03 76.6% ± 0.16 89% ± 0.09 93.5% ± 0.06
Experiment 3 - - - 77.6% ± 0.09
Experiment 4 - - - 74.1%/40.0% ± 0.07/0.18

Table 2: Human evaluation results (and standard dev.)

failed to outperform random accuracy.

5.2 Qualitative Results
Qualitative results are shown in Figure 2 and Ap-
pendix D. Figure 2 depicts how outputs from differ-
ent model variants compare to ground truth ques-
tions. Without any guiding information, the image-
only variant is able to decode semantic information
from the image, however this leads to generic ques-
tions. The implicit variant, for which we also report
the predicted category and objects, mostly gener-
ates on-topic and relevant questions. Focusing on
the explicit variant, we witness high-quality, inter-
esting, and on-topic questions.

Appendix D depicts how well our explicit image-
guided variant handles a random selection of de-
tected objects given the image. This experiment
intends to gauge the robustness of the model to
detected objects which may fall on the low tail of
the human generating question/data distribution.
To clarify, humans are likely to ask commonsense
questions which generally focus on obvious objects
in the image. By selecting objects at random for the
question to be generated on, the model has to deal
with object permutations not seen during training,
and categories that are invalid for an image.

Analysing the outputs, when viable categories
and objects that are expected to fall in a common-
sense distribution are sampled, the model can gen-
erate high quality questions. Interestingly, we ob-
serve that when the sampled objects are not com-
monsense (e.g. “ears arms” for the baby and bear
picture), the model falls back to using the object
features instead of the guiding information. This
phenomenon is also witnessed when the sampled
category does not make sense for the image (e.g.
category ‘animal’ in image 531086). Despite the
category mismatch, the model successfully uses
the object information to decode a question.

5.3 Human Evaluation
We ask seven humans across four experiments to
evaluate the generative capabilities of our models.
Experiment 1 is a visual Turing test: given an im-
age, a model generated question and a ground truth
question, we ask a human to determine which ques-
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Baseline Generated 
Question: 
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types of fruit are there? 
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Generated 
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other 
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condition of the 
building? 

binary 
snow, skis 
 
are these people going to 
ski down a mountain? 

count 
strawberries, strawberry 
 
how many different kinds of 
produce are in the bowl? 

 

 

 

Figure 2: Qualitative Examples. The ground truth is the target question for the baseline, implicit and explicit. The
examples of explicit variant uses image-guided whereas the implicit is using the non-variational image-pred.

tion they believe is model generated. Experiment
2 attempts to discern the linguistic and grammat-
ical capabilities of our model by asking a human
to make a binary choice about whether the gener-
ated question seems natural. Experiment 3 shows a
human an image alongside a model generated ques-
tion (explicit variant). Then, we ask the human to
make a choice about whether the generated ques-
tion is relevant to the image (i.e. could an annotator
have feasibly asked this question during data collec-
tion). Finally, experiment 4 judges whether objects
are relevant to a generated question. The experi-
ment is set up with true-pairs and adversarial-pairs.
True-pairs are samples where the shown objects are
the ones used to generate the question. Adversarial-
pairs show a different set of objects than those
which generated the question. If more true-pairs
are are marked correct (i.e. if at least one of the
objects is relevant to the generated question) than
the adversarial-pairs, then our model successfully
generates questions on guiding information.

In experiment 1, a model generating human-level
questions should be expected to score 50%, as a
human would not be able to reliably distinguish
them from the manually created questions. Our
results show the explicit and non-variational im-
plicit model outperforming the variational implicit
and baseline variants, fooling the human around
45% of the time. Whilst not yet at the ideal 50%,
the explicit approach provides a promising step to-
wards beating the visual Turing Test. Experiment 2

evaluates the grammatical plausibility of the gen-
erated questions. In general, all models perform
extremely well in this experiment, with the baseline
variant generating grammatically correct sentences
96% of the time. This is expected, as the base-
line typically falls back to decoding easy/generic
questions. Experiment 3, is evaluated on our best
performing model (explicit image-guided). Here,
78% of the generated questions are marked as
relevant/on-topic given an image. Finally, experi-
ment 4’s results show true-pairs marked as correct
vs adversarial-pairs (incorrectly) marked as correct.
Since the former is larger than the latter - 72% vs
42%, the model can successfully use guiding/object
information to create on-topic questions.

6 Conclusions

We presented a guided approach to visual question
generation (VQG), which allows for the generation
of questions that focus on specific chosen aspects
of the input image. We introduced three variants
for this task, the explicit, implicit, and variational
implicit. The former generates questions based on
an explicit answer category and a set of concepts
from the image. In contrast, the latter two discretely
predict these concepts internally, receiving only
the image as input. The explicit model achieves
SoTA results when evaluated against comparable
models. Qualitative evaluation and human-based
experiments demonstrate that both variants produce
realistic and grammatically valid questions.
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Barwińska, Sergio Gómez Colmenarejo, Edward
Grefenstette, Tiago Ramalho, John Agapiou,
Adrià Puigdomènech Badia, Karl Moritz Hermann,
Yori Zwols, Georg Ostrovski, Adam Cain, Helen
King, Christopher Summerfield, Phil Blunsom, Ko-
ray Kavukcuoglu, and Demis Hassabis. 2016. Hybrid
computing using a neural network with dynamic ex-
ternal memory. Nature, 538(7626):471–476.

Zhiting Hu, Zichao Yang, Xiaodan Liang, Ruslan
Salakhutdinov, and Eric P Xing. 2017. Toward Con-
trolled Generation of Text. Technical report.

Unnat Jain, Ziyu Zhang, and Alexander Schwing. 2017.
Creativity: Generating Diverse Questions using Vari-
ational Autoencoders. Proceedings - 30th IEEE Con-
ference on Computer Vision and Pattern Recognition,
CVPR 2017, 2017-January:5415–5424.

Eric Jang, Shixiang Gu, and Ben Poole. 2016. Categori-
cal Reparameterization with Gumbel-Softmax. 5th
International Conference on Learning Representa-
tions, ICLR 2017 - Conference Track Proceedings.

Eric Jang, Shixiang Gu, and Ben Poole. 2017. Categori-
cal reparameterization with gumbel-softmax.

Andrej Karpathy and Li Fei-Fei. 2015. Deep visual-
semantic alignments for generating image descrip-
tions. In Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition (CVPR).

Diederik P. Kingma and Max Welling. 2014. Auto-
encoding variational bayes. In 2nd International
Conference on Learning Representations, ICLR 2014
- Conference Track Proceedings. International Con-
ference on Learning Representations, ICLR.

Krasser and Stumpf. 2020. fairseq-image-captioning.
https://github.com/krasserm/
fairseq-image-captioning.

Ranjay Krishna, Michael Bernstein, and Li Fei-Fei.
2019. Information Maximizing Visual Question Gen-
eration. Proceedings of the IEEE Computer Society
Conference on Computer Vision and Pattern Recog-
nition, 2019-June:2008–2018.

Alon Lavie and Abhaya Agarwal. 2007. METEOR: An
automatic metric for MT evaluation with high levels
of correlation with human judgments. In Proceed-
ings of the Second Workshop on Statistical Machine
Translation, pages 228–231, Prague, Czech Republic.
Association for Computational Linguistics.

1649

https://doi.org/10.18653/v1/W18-6402
https://doi.org/10.18653/v1/W18-6402
https://doi.org/10.18653/v1/W18-6402
https://doi.org/10.48550/arxiv.2010.13588
https://doi.org/10.48550/arxiv.2010.13588
https://doi.org/10.18653/v1/N19-1422
https://doi.org/10.18653/v1/N19-1422
http://arxiv.org/abs/1912.08226
http://arxiv.org/abs/1912.08226
http://arxiv.org/abs/1810.04805
http://arxiv.org/abs/1810.04805
http://arxiv.org/abs/1810.04805
https://doi.org/10.18653/v1/W17-4718
https://doi.org/10.18653/v1/W17-4718
https://doi.org/10.18653/v1/W17-4718
https://doi.org/10.48550/arxiv.1801.07736
https://doi.org/10.48550/arxiv.1801.07736
https://doi.org/10.1038/nature20101
https://doi.org/10.1038/nature20101
https://doi.org/10.1038/nature20101
http://arxiv.org/abs/1704.03493
http://arxiv.org/abs/1704.03493
https://doi.org/10.48550/arxiv.1611.01144
https://doi.org/10.48550/arxiv.1611.01144
https://arxiv.org/abs/1611.01144
https://arxiv.org/abs/1611.01144
https://github.com/krasserm/fairseq-image-captioning
https://github.com/krasserm/fairseq-image-captioning
http://arxiv.org/abs/1903.11207
http://arxiv.org/abs/1903.11207
https://www.aclweb.org/anthology/W07-0734
https://www.aclweb.org/anthology/W07-0734
https://www.aclweb.org/anthology/W07-0734


Xiujun Li, Xi Yin, Chunyuan Li, Pengchuan Zhang,
Xiaowei Hu, Lei Zhang, Lijuan Wang, Houdong Hu,
Li Dong, Furu Wei, Yejin Choi, and Jianfeng Gao.
2020. Oscar: Object-Semantics Aligned Pre-training
for Vision-Language Tasks. Lecture Notes in Com-
puter Science (including subseries Lecture Notes in
Artificial Intelligence and Lecture Notes in Bioinfor-
matics), 12375 LNCS:121–137.

Yikang Li, Nan Duan, Bolei Zhou, Xiao Chu, Wanli
Ouyang, Xiaogang Wang, and Ming Zhou. 2018. Vi-
sual question generation as dual task of visual ques-
tion answering. CVPR.

Chin-Yew Lin. 2004. ROUGE: A package for auto-
matic evaluation of summaries. In Text Summariza-
tion Branches Out, pages 74–81, Barcelona, Spain.
Association for Computational Linguistics.

Chris J. Maddison, Andriy Mnih, and Yee Whye Teh.
2016. The Concrete Distribution: A Continuous
Relaxation of Discrete Random Variables. 5th In-
ternational Conference on Learning Representations,
ICLR 2017 - Conference Track Proceedings.

Yishu Miao, Lei Yu, and Phil Blunsom. 2016. Neu-
ral variational inference for text processing. In Pro-
ceedings of The 33rd International Conference on
Machine Learning, volume 48 of Proceedings of Ma-
chine Learning Research, pages 1727–1736, New
York, New York, USA. PMLR.

Andriy Mnih and Karol Gregor. 2014. Neural Varia-
tional Inference and Learning in Belief Networks.
31st International Conference on Machine Learning,
ICML 2014, 5:3800–3809.

Andriy Mnih and Danilo J. Rezende. 2016. Variational
inference for Monte Carlo objectives. 33rd Interna-
tional Conference on Machine Learning, ICML 2016,
5:3237–3248.

Ehsan Montahaei, Danial Alihosseini, and Mahdieh So-
leymani Baghshah. 2019. Jointly measuring diversity
and quality in text generation models.

Edwin G Ng, Bo Pang, Piyush Sharma, Radu Soricut,
and Google Research. 2020. Understanding Guided
Image Captioning Performance across Domains.

Aaron van den Oord, Oriol Vinyals, and Koray
Kavukcuoglu. 2017. Neural Discrete Representation
Learning. Advances in Neural Information Process-
ing Systems, 2017-December:6307–6316.

Liangming Pan, Wenqiang Lei, Tat-Seng Chua, and
Min-Yen Kan. 2019. Recent Advances in Neural
Question Generation.

Kishore Papineni, Salim Roukos, Todd Ward, and Wei-
Jing Zhu. 2002. Bleu: a method for automatic evalu-
ation of machine translation. In Proceedings of the
40th Annual Meeting of the Association for Compu-
tational Linguistics, pages 311–318, Philadelphia,
Pennsylvania, USA. Association for Computational
Linguistics.

Badri N. Patro, Sandeep Kumar, Vinod K. Kurmi, and
Vinay P. Namboodiri. 2018. Multimodal differential
network for visual question generation. In Proceed-
ings of the 2018 Conference on Empirical Methods in
Natural Language Processing, EMNLP 2018, pages
4002–4012. Association for Computational Linguis-
tics.

Badri N. Patro, Vinod K. Kurmi, Sandeep Kumar, and
Vinay P. Namboodiri. 2020. Deep Bayesian Net-
work for Visual Question Generation. Proceedings
- 2020 IEEE Winter Conference on Applications of
Computer Vision, WACV 2020, pages 1555–1565.

Nils Reimers and Iryna Gurevych. 2019. Sentence-
BERT: Sentence Embeddings using Siamese BERT-
Networks. EMNLP-IJCNLP 2019 - 2019 Confer-
ence on Empirical Methods in Natural Language
Processing and 9th International Joint Conference
on Natural Language Processing, Proceedings of the
Conference, pages 3982–3992.

Shaoqing Ren, Kaiming He, Ross Girshick, and Jian
Sun. 2015. Faster R-CNN: Towards Real-Time Ob-
ject Detection with Region Proposal Networks. Tech-
nical report.

Thomas Scialom, Patrick Bordes, Paul-Alexis Dray, Ja-
copo Staiano, and Patrick Gallinari. 2020. What
BERT Sees: Cross-Modal Transfer for Visual Ques-
tion Generation.

Lucia Specia, Stella Frank, Khalil Sima’an, and
Desmond Elliott. 2016. A shared task on multimodal
machine translation and crosslingual image descrip-
tion. In Proceedings of the First Conference on Ma-
chine Translation: Volume 2, Shared Task Papers,
pages 543–553, Berlin, Germany. Association for
Computational Linguistics.

Shagun Uppal, Anish Madan, Sarthak Bhagat, Yi Yu,
and Rajiv Ratn Shah. 2020. C3VQG: Category Con-
sistent Cyclic Visual Question Generation. arXiv.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob
Uszkoreit, Llion Jones, Aidan N. Gomez, Lukasz
Kaiser, and Illia Polosukhin. 2017. Attention Is All
You Need.

Ramakrishna Vedantam, C. L. Zitnick, and Devi Parikh.
2015. Cider: Consensus-based image description
evaluation. 2015 IEEE Conference on Computer
Vision and Pattern Recognition (CVPR), pages 4566–
4575.

Oriol Vinyals, A. Toshev, S. Bengio, and D. Erhan. 2015.
Show and tell: A neural image caption generator.
2015 IEEE Conference on Computer Vision and Pat-
tern Recognition (CVPR), pages 3156–3164.

Ronald J. Williams. 1992. Simple statistical gradient-
following algorithms for connectionist reinforcement
learning. Machine Learning, 8(3-4):229–256.

1650

http://arxiv.org/abs/2004.06165
http://arxiv.org/abs/2004.06165
http://cvboy.com/publication/cvpr2018_iqan/
http://cvboy.com/publication/cvpr2018_iqan/
http://cvboy.com/publication/cvpr2018_iqan/
https://www.aclweb.org/anthology/W04-1013
https://www.aclweb.org/anthology/W04-1013
https://doi.org/10.48550/arxiv.1611.00712
https://doi.org/10.48550/arxiv.1611.00712
http://proceedings.mlr.press/v48/miao16.html
http://proceedings.mlr.press/v48/miao16.html
https://doi.org/10.48550/arxiv.1402.0030
https://doi.org/10.48550/arxiv.1402.0030
https://doi.org/10.48550/arxiv.1602.06725
https://doi.org/10.48550/arxiv.1602.06725
http://arxiv.org/abs/1904.03971
http://arxiv.org/abs/1904.03971
https://arxiv.org/abs/2012.02339v3
https://arxiv.org/abs/2012.02339v3
http://arxiv.org/abs/1711.00937
http://arxiv.org/abs/1711.00937
http://arxiv.org/abs/1905.08949
http://arxiv.org/abs/1905.08949
https://doi.org/10.3115/1073083.1073135
https://doi.org/10.3115/1073083.1073135
https://doi.org/10.18653/v1/d18-1434
https://doi.org/10.18653/v1/d18-1434
https://arxiv.org/abs/2001.08779v1
https://arxiv.org/abs/2001.08779v1
http://arxiv.org/abs/1908.10084
http://arxiv.org/abs/1908.10084
http://arxiv.org/abs/1908.10084
https://github.com/
https://github.com/
http://arxiv.org/abs/2002.10832
http://arxiv.org/abs/2002.10832
http://arxiv.org/abs/2002.10832
https://doi.org/10.18653/v1/W16-2346
https://doi.org/10.18653/v1/W16-2346
https://doi.org/10.18653/v1/W16-2346
http://arxiv.org/abs/2005.07771
http://arxiv.org/abs/2005.07771
http://arxiv.org/abs/1706.03762
http://arxiv.org/abs/1706.03762
https://doi.org/10.1007/bf00992696
https://doi.org/10.1007/bf00992696
https://doi.org/10.1007/bf00992696


Thomas Wolf, Lysandre Debut, Victor Sanh, Julien
Chaumond, Clement Delangue, Anthony Moi, Pier-
ric Cistac, Tim Rault, Rémi Louf, Morgan Funtowicz,
Joe Davison, Sam Shleifer, Patrick von Platen, Clara
Ma, Yacine Jernite, Julien Plu, Canwen Xu, Teven Le
Scao, Sylvain Gugger, Mariama Drame, Quentin
Lhoest, and Alexander M. Rush. 2020. Transform-
ers: State-of-the-art natural language processing. In
Proceedings of the 2020 Conference on Empirical
Methods in Natural Language Processing: System
Demonstrations, pages 38–45, Online. Association
for Computational Linguistics.

Jiayuan Xie, Yi Cai, Qingbao Huang, and Tao Wang.
2021. Multiple Objects-Aware Visual Question Gen-
eration. MM 2021 - Proceedings of the 29th ACM
International Conference on Multimedia, pages 4546–
4554.

Kelvin Xu, Jimmy Ba, Ryan Kiros, Kyunghyun Cho,
Aaron Courville, Ruslan Salakhudinov, Rich Zemel,
and Yoshua Bengio. 2015. Show, attend and tell:
Neural image caption generation with visual attention.
In Proceedings of the 32nd International Conference
on Machine Learning, volume 37 of Proceedings of
Machine Learning Research, pages 2048–2057, Lille,
France. PMLR.

Xing Xu, Tan Wang, Yang Yang, Alan Hanjalic, and
Heng Tao Shen. 2021. Radial graph convolutional
network for visual question generation. IEEE Trans-
actions on Neural Networks and Learning Systems,
32(4):1654–1667.

Lantao Yu, Weinan Zhang, Jun Wang, and Yong Yu.
2016. SeqGAN: Sequence Generative Adversarial
Nets with Policy Gradient. 31st AAAI Conference on
Artificial Intelligence, AAAI 2017, pages 2852–2858.

Shijie Zhang, Lizhen Qu, Shaodi You, Zhenglu Yang,
and Jiawan Zhang. 2016. Automatic Generation of
Grounded Visual Questions. IJCAI International
Joint Conference on Artificial Intelligence, pages
4235–4243.

Yue Zheng, Yali Li, and Shengjin Wang. 2018. Inten-
tion Oriented Image Captions with Guiding Objects.
Proceedings of the IEEE Computer Society Confer-
ence on Computer Vision and Pattern Recognition,
2019-June:8387–8396.

1651

https://www.aclweb.org/anthology/2020.emnlp-demos.6
https://www.aclweb.org/anthology/2020.emnlp-demos.6
https://doi.org/10.1145/3474085.3476969
https://doi.org/10.1145/3474085.3476969
http://proceedings.mlr.press/v37/xuc15.html
http://proceedings.mlr.press/v37/xuc15.html
https://doi.org/10.1109/TNNLS.2020.2986029
https://doi.org/10.1109/TNNLS.2020.2986029
https://doi.org/10.48550/arxiv.1609.05473
https://doi.org/10.48550/arxiv.1609.05473
http://arxiv.org/abs/1612.06530
http://arxiv.org/abs/1612.06530
https://doi.org/10.1109/CVPR.2019.00859
https://doi.org/10.1109/CVPR.2019.00859


A Training, testing and inference

Here, using an example, we clarify the inputs to
our explicit model (Section 3.1) in the training,
testing and inference setups.

Training

• Ground truth question: What is the labrador
about to catch?

• Answer: Frisbee

• Category: Object

• Image: i ∈ Rko×d

• {Caption}: A man throwing a frisbee to a dog

• {Objects}: person, dog, frisbee, grass

N.B. {Caption} and {Objects} are both model
generated, requiring only an image as input. These
inputs are thus available at inference time.

Firstly, we create a set of candidate_concepts
(see eq. 1) from the caption and objects: [person,
dog, frisbee, grass, man, throwing] (∈ R6). These
words are individually embedded. Secondly, we
concatenate and embed the set of question and an-
swer tokens (∈ R7).

Then, we construct a matrix which gives us co-
sine similarity scores for each candidate_concepts
token to a QA token (∈ R6×7). We choose k = 2
tokens from the candidate_concepts which are
most similar to the words from the QA. Here, “dog”
and “frisbee” are likely chosen. Our input to the
model is then <i, “object”, “dog”, “frisbee”>.

Notice that it is possible for these words to be
in the QA pair (e.g. “frisbee”). Importantly, these
words have not been fed from the QA pair - they
have been fed in from model-obtained concepts
({Object} and {Caption}). Philosophically similar,
Krishna et al. (2019) constructed inputs based on
target information for use in training and bench-
marking.
Testing. Imagine a data labeler creating questions
based on an image. They would look at the image,
and decide on the concepts to create the question
for. Our testing methodology follows this intu-
ition using the strategy outlined above: the k = 2
selected objects from candidate_concepts is a pro-
grammatic attempt for selecting concepts which
could generate the target question. Note that there
can be many questions generated for a subset of

concepts (e.g. ‘is the dog about to catch the fris-
bee?’, ‘what is the flying object near the dog?’ etc.).
As outlined above, we are not taking concepts from
the target. Rather we use information from the tar-
get to emulate the concepts an actor would think of
to generate the target question. Because there can
be different concepts questions are based on for one
image (see ground-truth questions in Appendix D),
our strategy allows us to generate questions which
might be similar to a singular target question. This
leads to an evaluation which fairly uses information
a human has access to to generate a question.
Inference. However, in the real world, there is no
‘ground-truth’ question. In this case, we simply
feed image features, and actor selected concepts
to our question generator model. The selection
process of the actor may be random - in which case
a human agent does not need to be involved in the
question generation process. The k ≤ 2 selected
concepts here are a subset of candidate_concepts,
which are fully generated from models.

B Hyperparameters and training details

Batch size 128
Learning rate 1e-5
Text model layers 12
Text model dimension 768
Image encoder layers 6
Image encoder dimension 768
Image encoder heads 8

Table 3: Hyperparameters for our model variants.

Empirically, for both variants, we find k = 2 to
be the best number of sampled objects. All exper-
iments are run with early stopping (patience 10;
training iterations capped at 35000) on the BLEU-
4 metric. Scores reported (in Section 5) are from
the highest performing checkpoint. We use the Py-
Torch library and train our model on a V100 GPU
(1.5 hours per epoch).

C Impact of model size on results

Model
BLEU CIDEr METEOR ROUGE

1 2 3 4

image-category 38.6 28.4 21.4 16.2 118 19.9 40.1
image-guided 44.5 34.4 27.4 22.1 197 24.6 47

Table 4: Truncated models single reference evaluation
results.
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Our models use the heavier Transformers than
previous SoTA we compare to. For example, (Kr-
ishna et al., 2019) use ResNet and RNNs for their
image encoder and question generator (∼18M pa-
rameters). Our models have between 200-300M
parameters. To validate that our results are not
purely attributable to model size, we train a trun-
cated version of image-category and image-guided
(explicit only). We truncate our models by using
only the first and last layers of our BERT based
encoders and decoders (∼36M parameters). Our
closest model to theirs is the (truncated) explicit
image-category, which achieves a BLEU-4 of 16.2
as seen in Table 4 - an improvement of 1.7 BLEU-4
over IMVQG’s t-path. Even if we attribute 100%
of this score improvement to the pre-trained na-
ture of the BERT models we use, our methodol-
ogy still introduces a 5.9 BLEU-4 increase over
the image-category combination (truncated image-
guided achieves a BLEU-4 of 22.1).

D More Qualitative Examples.

Examples can be seen in Figure 2 (next page).
When examined, we see that the generated ques-
tion accurately uses the guiding category when the
category is valid for the given image. For exam-
ple, 531086/1 has animal as the sampled category.
Because no animal is present in the image, this
category isn’t valid for the image. The generated
question then correctly relies on the object labels
and visual modality to generate a valid question
given the image. Similarly for 490505/2.

There are some cases where a sampled ob-
ject/concept is not valid given an image. For exam-
ple, at least one of the objects in 22929/1, 41276/1,
531086/2, 281711/1, 490505/1 is not valid. In this
case the model usually relies on the other available
guiding information, prioritising the category infor-
mation (e.g. 531086/2). In rare cases, the model
has failure cases where some of the valid sampled
objects may not be used in the generated question
(e.g. 293705/2 and 490505/2).

The concept extractor utilises a pre-trained im-
age captioning model and object detector model.
This may lead to an accumulation of downstream
errors, especially if the data fed into the pre-trained
models are from a significantly different data gen-
erating distribution than those used to train the
model. In this erroneous case, the model will likely
fallback to rely on the image modality and cate-
gory information to produce a generic question

(e.g. 22929/1, 22929/2, 531085/1, 293705/2).

E Responsible NLP Research

E.1 Limitations
Our approach claims to achieve SoTA in Visual
Question Generation. However, we are only able to
train and test our model on one dataset because it
is the only existing dataset which contains answer
categories. It is possible that our work may be
suitable for use in a zero-shot setting, but we have
not evaluated or tested our model in this setup.

E.2 Risks
Our model could be used to generate novel ques-
tions for use in Visual Question Answering. This
may have a knock-on effect which leads to training
more VQA models, thus having a negative impact
on the environment.

Our model could be used in downstream tasks
such as language learning. There may be incor-
rectness in the generated questions which has a
knock on effect to a user using this model (e.g. the
user may gain a wrong understanding of a concept
because of a question the model has generated)
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22929 

 

 
41276 

 
531086 

Ground 
Truths 
(truncated 
@ 5) 

 is the bear bigger than the 
baby? 
is the baby showing the bear 
love? 
what is the child sitting 
with? 

how many planes are there? 
is this a boeing 737? 
is the sky blue? 
how many propellers on the 
plane? 
is this a single engine aircraft? 
is the landing gear visible? 
 

do the cabinets have handles? 
what room is this? 
do they wash dishes by hand? 
are there any magnets on the fridge? 
is there a coffee maker in the photo? 

Explicit 1. Sampled Category: 
1. Sampled Objects: 
1. Generated Question: 
 
 
 
2. Sampled Category: 
2. Sampled Objects: 
2. Generated Question: 

spatial 
baby jacket 
which of the two bears's 
arms is closer to the 
camera? 
 
activity 
ears arm 
what is the baby doing? 

material 
cockpit tail 
what is the landing gear made of? 
 
 
 
count 
wings sky 
how many clouds are in the sky? 

animal 
door wall 
what is the only colorful object on the 
wall? 
 
 
binary 
book door 
is there a dishwasher in the picture? 

 Valid category for image? 
On topic with category? 
On topic with objects? 
Valid question for image? 

✅      ✅ 
✅      ✅ 
❌      ❌ 
✅      ✅ 

✅      ✅ 
✅      ✅ 
✅      ✅ 
❌      ✅ 

❌      ✅ 
❌      ✅ 
✅      ❌ 
✅      ✅ 

     
   

 
281711 

 
490505 

 

293705 

Ground 
Truths 
(truncated 
@ 5) 

 where are the paper towels 
hanging at? 
is this a museum? 
is there a plant? 
what type of flooring do you 
see? 

what color is not included in the 
roses? 
has the envelope been opened? 
what color is the envelope? 

is the electric bill being paid? 
would you pay money for staging? 
what color is the sofa? 

Explicit 1. Sampled Category: 
1. Sampled Objects: 
1. Generated Question: 
 
 
 
2. Sampled Category: 
2. Sampled Objects: 
2. Generated Question: 

attribute 
television door 
is the refrigerator door open 
or closed? 
 
 
location 
counter magnet 
what is on top of the 
counter? 

location 
ground flowers 
where is the vase? 
 
 
 
food 
flower counter 
what is the red and white item?  

attribute 
living room, books 
what pattern is on the couch? 
 
 
 
shape 
counter leg 
what shape is the rug? 

 Valid category for image? 
On topic with category? 
On topic with objects? 
Valid question for image? 

✅      ✅ 
✅      ✅ 
✅      ✅ 
✅      ✅ 

✅      ❌ 
✅      ❌ 
✅      ❌ 
❌      ❌ 

✅      ✅ 
✅      ✅ 
✅      ❌ 
✅      ✅ 

Figure 3: Qualitative outputs from explicit variant being fed random guiding information. Failure cases are also
shown.
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Abstract

Machine reading comprehension (MRC) that
requires discrete reasoning involving symbolic
operations, e.g., addition, sorting, and count-
ing, is a challenging task. According to this
nature, semantic parsing-based methods pre-
dict interpretable but complex logical forms.
However, logical form generation is nontriv-
ial and even a little perturbation in a logical
form will lead to wrong answers. To alleviate
this issue, multi-predictor -based methods are
proposed to directly predict different types of
answers and achieve improvements. However,
they ignore the utilization of symbolic opera-
tions and encounter a lack of reasoning ability
and interpretability. To inherit the advantages
of these two types of methods, we propose
OPERA, an operation-pivoted discrete reason-
ing framework, where lightweight symbolic
operations (compared with logical forms) as
neural modules are utilized to facilitate the rea-
soning ability and interpretability. Specifically,
operations are first selected and then softly exe-
cuted to simulate the answer reasoning proce-
dure. Extensive experiments on both DROP1

and RACENum datasets show the reasoning
ability of OPERA. Moreover, further analysis
verifies its interpretability. 2

1 Introduction

Machine reading comprehension (MRC) that re-
quires discrete reasoning is a valuable and chal-
lenging task (Dua et al., 2019), especially involv-
ing symbolic operations such as addition, sorting,
and counting. The examples in Table 1 illustrate
the task. To answer the question “Who threw the
longest pass”, it requires a model to choose the per-
son with the longest pass from all the people and

∗Work was done during the first author’s internship at JD
AI mentored by Junwei Bao: baojunwei001@gmail.com.

†Corresponding author.
1https://leaderboard.allenai.org/drop/

submissions/public
2Codes is released at https://github.com/

JD-AI-Research-NLP/OPERA.

Passage: Houston would tie the game in the second
quarter with kicker Kris Brown getting a 53-yard
and a 24-yard field goal. Oakland would take the
lead in the third quarter with wide receiver Johnnie
Lee Higgins catching a 29-yard touchdown pass from
Russell, followed up by an 80-yard punt return...

Question: Who threw the longest pass?
Answer: Russell

Table 1: An example of question-answer pair along
with a passage from DROP dataset (Dua et al., 2019).
Question words in color indicate the potential operations
for reasoning, i.e., ARGMAX and KEY_VALUE.

corresponding distance pairs based on the given
passage. This task has various application scenar-
ios in the real world, such as analyzing financial
reports and sports news.

Existing approaches for this task can be roughly
divided into two categories: the semantic-parsing-
based (Chen et al., 2020b; Gupta et al., 2020)
and the multi-predictor-based methods (Dua et al.,
2019; Ran et al., 2019; Hu et al., 2019; Chen et al.,
2020a; Zhou et al., 2021). The former maps the
natural language utterances into logical forms and
then executes them to derive the answers. For ex-
ample, Chen et al. (2020b) propose NeRd. It in-
cludes a reader to encode the passage and question,
and a programmer to generate a logical form for
multi-step reasoning. Intuitively, this method has
an advantage in interpretability. However, seman-
tic parsing over text is nontrivial and even a little
perturbation will result in wrong answers, which
hinders the MRC performance.

To alleviate the heavy dependence on logical
forms in the first category, the latter directly em-
ploys multiple predictors to derive different types
of answers. For example, Dua et al. (2019) and
Chen et al. (2020a) divide instances of the DROP
dataset into several types and design a model with
multi-predictors to deal with different answer types,
i.e., question/passage span(s), count, and arithmetic
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expression. It is the capability of deriving different
types of answers that improves the performance of
models. However, such methods are lack of the
necessary components to imitate discrete reason-
ing, which leads to inadequacy in reasoning ability
and interpretability.

To alleviate the shortcomings of the above meth-
ods and preserve their advantages, we attempt to
summarize reasoning steps into a set of operations
and adopt them as the pivot to connect the ques-
tion and the answer, which makes it possible to
perform discrete reasoning. For example, to an-
swer the question in Table 1, it needs two steps: (1)
finding all persons and the corresponding distance
of touchdown pass, and (2) choosing the one with
the longest pass among them. We attempt to con-
vert them into two operations, KEY_VALUE and
ARGMAX, respectively. We then use them to pro-
duce the answer. Specifically, we design a set of
lightweight symbolic operations (compared with
logical forms) to cover all of the questions in the
datasets and utilize them as neural modules to facil-
itate reasoning ability and interpretability. We de-
note this method as OPERA, an operation-pivoted
discrete reasoning MRC framework. To utilize
the operations, we propose an operation-pivoted
reasoning mechanism composed of an operation
selector and an operation executor. Specifically,
the operation selector automatically identifies rel-
evant operations based on the input. To enhance
the performance of this sub-mechanism, we further
design an auxiliary task to learn the alignment from
a question to operations according to a set of heuris-
tics rules. The operation executor softly integrates
the selected operations to perform discrete reason-
ing over text via an attention mechanism (Vaswani
et al., 2017).

To verify the effectiveness of the proposed
method, comprehensive experiments are conducted
on both the DROP and RACENum datasets, where
RACENum used in this paper is a subset of the
RACE dataset following (Chen et al., 2020a). Ex-
perimental results indicate that our method out-
performs strong baselines and achieves the state-
of-the-art on both datasets under the single model
setting. We further analyze the interpretability of
OPERA. Overall, this paper primarily makes the
following contributions:

(1) We propose OPERA, an operation-pivoted
discrete reasoning MRC framework, improving
both the reasoning ability and interpretability.

(2) Extensive experiments on DROP and
RACENum dataset demonstrate the reasoning abil-
ity of OPERA. Moreover, statistic analysis and vi-
sualization indicate the interpretability of OPERA.

(3) We systematically design operations and
heuristic rules to map questions to operations, aim-
ing to facilitate research on symbolic reasoning.

2 Related Work

Recently, machine reading comprehension (MRC)
methods tend to deal with more practical prob-
lems (Yang et al., 2018; Dua et al., 2019; Zhao et al.,
2021), for example, answering complex questions
that require discrete reasoning (Dua et al., 2019)
such as arithmetic computing, sorting, and count-
ing. Intuitively, semantic parsing-based meth-
ods, which are well explored to deal with discrete
reasoning in question answering with structured
knowledge graphs (Bao et al., 2016) or tables, have
potential to address the discrete reasoning MRC
problem. Therefore, semantic parsing-based meth-
ods for discrete reasoning over text are proposed
to firstly convert the unstructured text into a table,
and then answer questions over the structured ta-
ble with a grammar-constrained semantic parser
(Krishnamurthy et al., 2017). NeRd (Chen et al.,
2020b) is a generative model that consists of a
reader and a programmer, which are responsible
for encoding the context into vector representation
and generating grammar-constrained logical forms,
respectively. NMNs (Gupta et al., 2020) learned to
parse compositional questions as executable logical
forms. However, it only adapts to limited question
types matched with a few pre-defined templates.

Multi-predictor-based methods employ multi-
ple predictors to derive different types of answers.
NAQANET (Dua et al., 2019), a number-aware
framework, employed multiple predictors to pro-
duce corresponding answer types, including a
span, count, and arithmetic expression. Based
on NAQANET, MTMSN(Hu et al., 2019) added a
negation predictor to solve the negative question
and re-ranked arithmetic expression candidates. To
aggregate the relative magnitude relation between
two numbers, NumNet (Ran et al., 2019) and Num-
Net+ leveraged a graph convolution network to
perform multi-step reasoning over a number graph.
QDGAT (Chen et al., 2020a) proposed a question-
directed graph attention network for reasoning over
a heterogeneous graph composed of entity and num-
ber nodes. EviDR (Zhou et al., 2021), an evidence-
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Operations Description Examples

ADDITION/DIFF Addition or subtraction How many more yards was Kris Browns’s first field goal over his second?

MAX/MIN Select the maximum/minimum one from given numbers How many yards was the longest field goal in the game?

ARGMAX/ARGMIN Select key with highest/lowest value from key-value pairs Which player had the longest touchdown reception?

ARGMORE/ARGLESS Select key with higher/lower value from two key-value pairs Who scored more field goals, David Akers or John Potter?

COUNT Count the number of spans How many field goals did Kris Brown kick?

KEY_VALUE Extract key-value pairs How many percent of Forth Worth households owned a car?

SPAN Select spans from input sequence Which team scored the final TD of the game?

Table 2: All the operations, descriptions and the corresponding examples.

emphasized MRC method, performed reasoning
over a multi-grained evidence graph. Compared
with these existing methods, our proposed OPERA
focuses on bridging the gap from questions to an-
swers with operations and integrating them to sim-
ulate discrete reasoning.

3 Approach

3.1 Task and Model Overview

Given a question Q and a passage P , MRC that
requires discrete reasoning aims to predict an an-
swer Â with the maximum probability over the
candidate space Ω as follows:

Â = argmax
A∈Ω

p(A|Q,P ) (1)

where the answer Â in this task could not only
be span(s) extracted from context but also a num-
ber calculated with some numbers in context. To
handle this task, it generally requires not only nat-
ural language understanding but also performing
discrete reasoning over text, such as comparison,
sorting and arithmetic computing.

To address the aforementioned challenges in this
task, we propose OPERA, an operation-pivoted dis-
crete reasoning MRC framework and it is briefly
illustrated in Figure 1. In our framework, a set
of operations OP , defined in Table 2, are intro-
duced to support the modeling of answer probabil-
ity p(A|Q,P ) as follows:

p(A|Q,P ) =
∑

O∈OP
p(A|Q,P,O)p(O|Q,P ),

(2)
where O ∈ OP represents one of the operations.
Concretely, in our framework, we first design an op-
eration selector p(O|P,Q) for choosing the correct
question-related operations. These selected opera-
tions are then softly executed over the given context.
Eventually, answer predictor p(A|Q,P,O) utilizes
the execution result to predict the final answer.

3.2 Definition of Operations

To imitate discrete reasoning, we design a set of
operations OP as shown in Table 2. The set con-
tains 11 operations and each one represents a rea-
soning unit. Specifically, for questions that need
to be answered by calculation, we design opera-
tions ADDITION/DIFF to represent addition and
subtraction. For questions which need to be an-
swered by counting or sorting, we also design op-
erations COUNT, MAX/MIN, ARGMAX/ARGMIN,
and ARGMORE/ARGLESS. The rest operations
KEY_VALUE and SPAN are used to extract spans
from the question and the passage. To incor-
porate them into OPERA, each operation is de-
noted as a tuple. Formally, i-th operation OP i is
⟨EOPi , fi(·)⟩, where i ∈ {1, 2, ..., n} and n is the
numbers of operations. EOPi ∈ Rdh represents the
learnable embedding of the i-th operation. fi(·)
is a neural executor parameterized with trainable
matrices WOP

q,i , WOP
k,i and WOP

v,i ∈ Rdh×dh . The
neural executor fi(·) is capable of performing exe-
cution of OP i on the given context. Specifically, it
takes the representation of context as input and out-
puts the executed representation as mOP

i (§ 3.3.2).

3.3 Architecture of OPERA

3.3.1 Context Encoder

The context encoder aims to learn the contextual
representation of the input. Formally, given a ques-
tion Q and a passage P , we concatenate them into
a sequence and feed it into a pre-trained language
model (Liu et al., 2019; Clark et al., 2020; Lan
et al., 2020) to obtain their whole representation
H ∈ Rl×dh . After that, we split H into the ques-
tion and passage representations, which are respec-
tively denoted as HQ ∈ Rlq×dh and HP ∈ Rlp×dh .
lq, lp, and l are the number of tokens in question,
passage and concatenation of them. dh is the di-
mension of the representations.
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Figure 1: The architecture of OPERA. It consists of a context encoder, an operation-pivoted reasoning module, and
a prediction module. The prediction module supports five types of answers, including question span, passage span,
arithmetic expression, count, and multi-spans. MHA means a multi-head attention mechanism.

3.3.2 Operation-pivoted Discrete Reasoning
The operation-pivoted reasoning module is com-
posed of an operation selector and an operation
executor. The operation selector is adopted to se-
lect operations related to the given question. The
operation executor is responsible for imitating the
execution of the selected operations with an atten-
tion mechanism.

Operation Selector To imitate discrete reason-
ing, existing methods usually adopt a logical form
generated by a semantic parser to address this task.
However, these methods suffer severely from the
cascade error, where a little perturbation in the log-
ical form may result in wrong answers. Therefore,
we propose to map each question into an operation
set, instead of logical forms. Namely, we intend
to select relevant operations from the OP . To this
end, we adopt a bilinear function to compute the
similarity between each operation and the question
and normalize them with a softmax as follows:

p(O|Q,P ) = softmax(EOPWhQ), (3)

where EOP ∈ Rn×dh is a learnable parameter,
which demotes the operation embedding matrix.
hQ ∈ Rdh is the representation of the question,
which is obtained by executing weighted pooling
on the HQ. W ∈ Rdh×dh is a parameter matrix
and p(O|Q,P ) is the distribution over operations.

Operation Executor The operation executor is
responsible for performing the execution of the se-
lected operations over the given context. Inspired
by previous studies (Andreas et al., 2016; Gupta
et al., 2020), we implement the operation executor

based on the neural module network, which takes
advantage of neural network in fitting and general-
ization, and the composition characteristics of sym-
bolic processing. Specifically, for each operation
OP i = ⟨EOPi , fi(·)⟩, i = {1, 2, ..., n}, we use a
multi-head cross attention mechanism (Vaswani
et al., 2017) to implement fi(·). In detail, we lever-
age the embedding of each operation EOPi as query
and the representations of the whole input sequence
H as keys and values, respectively, to model fi(·)
as follows:

αOPi = softmax(
(EOPi WOP

q,i )(HWOP
k,i )

T

√
dh

),

(4)

mOP
i = αOPi (HWOP

v,i ), (5)

where WOP
q,i ,W

OP
k,i ,W

OP
v,i ∈ Rdh×dh are the pa-

rameter matrices in executor of operation OP i.
mOP
i ∈ Rdh is the representation of the execution

result of the i-th operation.
Finally, we softly integrate all of the execution

results as the final output hOP ∈ Rdh with the
distribution p(O|Q,P ) as follows:

hOP =
n∑

i=1

p(O = OP i|Q,P )mOP
i . (6)

The operation-aware semantic representation hOP

is further fed into the prediction module to reason
the final answer (§ 3.3.3).

As described above, OPERA introduces oper-
ations that assist in understanding questions and
integrates them into the model to perform discrete
reasoning. Therefore, it achieves an advantage in
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the reasoning capability and interpretability over
the previous multi-predictor-based methods (Hu
et al., 2019; Chen et al., 2020a; Zhou et al., 2021).
Moreover, soft execution and composition of opera-
tions in OPERA alleviate the cascaded error that the
semantic parsing methods (Ran et al., 2019; Chen
et al., 2020b) suffer from. More experiments and
analyses about reasoning ability and interpretability
are illustrated in § 4.4 and § 4.5.

3.3.3 Prediction Module
In this section, we introduce the prediction mod-
ule to derive different types of answers via multi-
predictors. Each predictor first reasons out a deriva-
tion and then performs execution to obtain the final
answer. This answer prediction procedure is for-
malized as follows:

p(A|Q,P,O) =
∑

D∈D
I(g(D) = A)p(D|Q,P,O),

(7)
where I(g(D) = A) is an indicator function with
value 1 if the answer A can be derived from a
derivation executor g(·) based on D, and 0 oth-
erwise. p(D|Q,P,O) models the derivation pre-
diction. Specifically, a derivation D = ⟨T, L⟩
includes an answer type T and a corresponding
label L. For example, in Table 3, the textual an-
swer A of the question “how many yards was the
longest field goals in the game” is “80”. The pos-
sible derivations D to this answer include a span
⟨Span, (100, 102)⟩, and an arithmetic expression
⟨AE, (0 ∗ 29) + (1 ∗ 80)⟩. Inspired by previous
studies (Chen et al., 2020a; Zhou et al., 2021), the
derivation predictor

p(D|Q,P,O)=
∑

T∈T
pT (L|Q,P,O)p(T |Q,P,O)

(8)
is decomposed into an answer type predictor
p(T |Q,P,O) and corresponding label predictors
pT∈T (L|Q,P,O) where T ={Question Span, Pas-
sage Span, Count, Arithmetic Expression, Multi-
spans} includes all the answer types defined in this
paper. Each label predictor takes question-passage
representation H and the operation-pivo represen-
tation hOP as input and calculates the probability
of label L. Specifically, these label predictors are
specified as follows and more details are shown in
Appendix A.3.
Question / Passage Span The probability of a ques-
tion/passage span is the product of the probabilities
of the start index and the end index. Following

MTMSN (Hu et al., 2019), we use a question-aware
decoding strategy to predict the start and end index
across the input sequence, respectively.
Count As indicated in QDGAT (Chen et al.,
2020a), questions with 0-9 as answers account for
97% in all the count questions. Hence, such ques-
tions are modeled as a 10-class (0-9) classification
problem.
Arithmetic Expression Similar to NAQANet (Dua
et al., 2019), we first assign a sign (positive, neg-
ative, or zero) to each number in the context and
then compute the answer by summing them.
Multi-spans Inspired by Segal et al. (2020), the
multi-span answer (a set of non-contiguous spans)
is derived with a sequence labeling method, in
which each token of the input is tagged with BIO

labels. Finally, each span which is tagged with
continuous B and I is taken as a candidate span.

3.4 Learning with Weak Supervision

3.4.1 Training Instance Construction
Each training instance is originally composed of a
passage P , a question Q, and answer text A. Since
the derivations (i.e., labels for the spans, arithmetic
expressions, and count) are not provided, weak
supervision is adopted in OPERA. Specifically, for
each training instance, given the golden textual
answer A, we heuristically search all the possible
derivationsD as supervision signals, each of which
can derive the correct answer A. Table 3 shows an
example of D.

In addition, we propose heuristic rules to map
a question to its related operations denoted as
O ⊆ OP . For example, to detect the operations
intimated by the questionQ in Table 3, we design a
question template “how many yards [Slot] longest
[Slot]” which maps matched questions to the oper-
ation MAX. Overall, a training instance can be con-
structed as a tuple ⟨P,Q,A,O,D⟩. The one-shot
heuristic rules to obtain operation labels reduce the
cost of human annotations. Moreover, when apply-
ing OPERA to other discrete reasoning MRC tasks,
both the operations OP and the heuristic rules can
be extended and adjusted if necessary. Fortunately,
there is no need to construct strict logical forms in
our architecture, but only the set of lightweight op-
erations involved in the question. It tremendously
reduces the difficulty of adapting OPERA to other
discrete reasoning MRC tasks.

Meanwhile, we analyze the distribution of oper-
ations in the training set. More details about the
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P ...Oakland would take the lead in the third quarter
with wide receiver Johnnie Lee Higgins catching a
29-yard touchdown pass from Russell, followed up
by an 80-yard punt return for a touchdown ...

Q How many yards was the longest field goals
A 80
O MAX⇐ How many yards [Slot] longest [Slot]
D ⟨Span, (100, 102)⟩; ⟨AE, (0 ∗ 29) + (1 ∗ 80)⟩

Table 3: An example of building training instances.

heuristic rules for mapping questions to operations
and the operation distribution in the dataset are
respectively given in the Appendix A.1 and A.2.

3.4.2 Joint Training

The training objective consists of two parts, includ-
ing the loss for answer prediction and operation
selection. The loss for answer prediction La is

La = −log p(A|Q,P ). (9)

Note that the calculation of loss La takes all possi-
ble derivations that can obtain the correct answer
A into account, which means that OPERA does
not require labeling answer types for training. In
addition, to learn better alignment from a question
to operations, we introduce auxiliary supervision
for the operation selector and calculate the loss

Lop = −
∑

O∈O
log p(O|Q,P ), (10)

where O indicates the operations provided by the
heuristic rules. Finally, OPERA is optimized by
minimizing the loss L = La + λLop where λ is a
hyperparameter as a trade-off of the two objectives.

4 Experiment

4.1 Dataset and Evaluation

We conduct experiments on the following two
MRC datasets to examine the discrete reasoning
capability of our model. We employ Exact Match
(EM) and F1 score as the evaluation metrics.

DROP Question-answer pairs in DROP dataset
(Dua et al., 2019) are crowd-sourced based on
passages collected from Wikipedia. In detail,
it contains 96.6K question-answer pairs, where
77400/9536/9615 samples are for training/develop-
ment/test. Three kinds of answers are involved in
the raw dataset, i.e., NUMBER (60.69%), SPANS
(37.72%), and DATE (1.59%).

RACENum To investigate the generalization ca-
pability of OPERA, we compare OPERA to other
strong baselines on samples of RACE (Lai et al.,
2017). Following Chen et al. (2020a), we sam-
ple instances from RACE, denoted as RACENum,
where the question of each instance starts with
“how many”. To conveniently evaluate the models
on RACENum, we convert the format of instances
in RACENum into the same as DROP, since RACE
is a multi-choice MRC dataset. RACENum is di-
vided into two categories, i.e., middle/high school
exam (RACENum-M/H). They respectively con-
tain 609 and 565 questions, where the scale is a bit
different from that reported in Chen et al. (2020a)3.

4.2 Baselines
We compare OPERA with various prior systems in
terms of reasoning capability and interpretability.
w/o Pre-trained Language Model: NAQANET
(Dua et al., 2019) leverages several answer predic-
tors to produce corresponding types of answers,
including a span, count, and arithmetic expression.
NumNet (Ran et al., 2019) leverages a graph con-
volution network to reason over a number graph
aggregated relative magnitude among numbers.
w/ Pre-trained Language Model: GenBERT
(Geva et al., 2020) injects reasoning capability into
BERT by pre-training with large-scale numerical
data. Based on NAQANET, MTMSN (Hu et al.,
2019) adds a negation predictor to solve the neg-
ative question and re-rank arithmetic expression
candidates. NeRd (Chen et al., 2020b) is essen-
tially a generative semantic parser that maps ques-
tions and passages into executable logical forms.
ALBERT-Calc was proposed for DROP by combin-
ing ALBERT with several predefined answer pre-
dictors (Andor et al., 2019). NumNet+ employs a
pre-trained model to further boost the performance
of NumNet. QDGAT (Chen et al., 2020a) builds
a heterogeneous graph composed of entity and
value nodes upon RoBERTa and utilizes a question-
directed graph attention network to reason over the
graph. EviDR (Zhou et al., 2021), an evidence-
emphasized MRC model, performs reasoning over
a multi-grained evidence graph based on ELEC-
TRA.

4.3 Implementation Details
We utilize adam optimizer (Kingma and Ba, 2015)
with a cosine warmup mechanism and set the

3Since no released code for dataset construction, we im-
plement it referred to the algorithm in Chen et al. (2020a).
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BLR LR BWD WD Epochs BS nh dh

RoBERTa 1.5e-5 5e-4 0.01 5e-5 12 16 16 1024
ELECTRA 1.5e-5 5e-4 0.01 5e-5 12 16 16 1024
ALBERT 3e-5 1e-4 0.01 5e-5 8 128 64 4096

Table 4: Hyperparameters settings for training OPERA.

weight of loss λ = 0.3 to train the model. The
hyper-parameters are listed in Table 4, where BLR,
LR, BWD, WD, BS, and dh respectively represent
the learning rate of the encoder, the learning rate
of other parts of the model, the weight decay of
the encoder, the weight decay of other parts of the
model, batch size and hidden size of the model.
Each operation is neutralized with a multi-head
attention layer with nh heads and dh dimension.

4.4 Main Results

4.4.1 Results on DROP and Analysis

Table 5 shows the overall results of OPERA and
all the baselines on the DROP dataset. OPERA
achieves comparable and even higher performance
than the recently available methods. Specifically,
OPERA(RoBERTa) achieves comparable perfor-
mance to QDGAT with advantages of 0.32 EM
and 0.42 F1. OPERA(ELECTRA) exceeds EviDR
by 0.89 EM and 0.90 F1 and OPERA(ALBERT)
outperforms ALBERT-Calc by 4.84 EM and 4.24
F1. Moreover, the voting strategy is employed to
ensemble 7 OPERA(ALBERT) models with differ-
ent random seeds, achieving 86.26 EM and 89.12
F1 scores. We think the better performance comes
from the modeling of discrete reasoning over text
via operations, which mines more semantic infor-
mation of context and explicitly integrates them
into the answer prediction.

4.4.2 Results on RACENum

To investigate the generalization of OPERA for dis-
crete reasoning, we additionally compare OPERA
with QDGAT and NumNet+ on the RACENum
dataset. We directly evaluate the three models with-
out fine-tuning on RACENum due to its small scale.
As Table 6 shows, the scores of models on the
RACENum dataset are generally lower than that
on the DROP dataset, which is attributed to the
lack of in-domain training data. Nevertheless, the
performance of OPERA significantly outperforms
NumNet+ and QDGAT by a large margin of more
than 3.49 EM and 3.53 F1 score on average. It indi-
cates that OPERA has better generalization ability.

Method Dev Test

EM F1 EM F1

w/o Pre-trained Models
NAQANet 46.20 49.24 44.07 47.01
NumNet 64.92 68.31 64.56 67.97

w/ Pre-trained Models
GenBERT 68.80 72.30 68.6 72.35
MTMSN 76.68 80.54 75.88 79.99
NeRd 78.55 81.85 78.33 81.71
ALBERT-Calc 80.22 83.98 79.85 83.56
NumNet+ 81.07 84.42 81.52 84.84
EviDR 82.09 85.14 82.55 85.80
QDGAT 82.74 85.85 83.23 86.38

Single Model Results
OPERA(RoBERTa) 83.74 86.52 83.55 86.80
OPERA(ELECTRA) 83.86 86.66 83.46 86.70
OPERA(ALBERT) 84.86 87.54 84.69 87.80

Ensemble Results
OPERA 86.79 89.41 86.26 89.12

Human 94.90 96.42

Table 5: Results on the DROP dataset. We solely com-
pare with QDGAT, but leaving QDGATp alone, since we
focus on the reasoning mechanism in this work, while
QDGATp is a variant of QDGAT with data augmenta-
tion (Chen et al., 2020a).

Method RACENum-M RACENum-H Avg

EM F1 EM F1 EM F1

NumNet+ 41.71 41.82 29.73 29.73 35.94 36.00
QDGAT 44.01 44.01 28.85 28.85 36.71 36.71
OPERA 47.62 47.62 32.21 32.30 40.20 40.24

Table 6: The performance of RoBERTa-based models
on the RACENum dataset without finetuning.

4.5 Interpretability Analysis
Interpretability is an essential property for evaluat-
ing an MRC model. We analyze the interpretability
of OPERA from the following two stages: (1) map-
ping from questions to operations, and (2) mapping
from operations to answers.

Mapping from Question to Operation To ex-
plicitly show the correlations between questions
and related operations, we manually evaluate the
performance of the operation selection on 50 sam-
ples on the development set of DROP. Specifically,
precision@n (P@n) is used as the evaluation met-
ric, i.e., judging whether the top n predicted oper-
ations contain the correct ones according to ques-
tions. We finally achieve 0.88 on P@1 and 0.98
on P@2 for our model OPERA, which indicates
that the operation selection module can accurately
predict interpretable operations.
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PS CT AE MS QS

ADDITION
DIFF
MAX
MIN

ARGMIN
ARGMAX

ARGMORE
ARGLESS

KEY_VALUE
COUNT

SPAN

0.03 0.08 0.9 0.01 0.007
0.003 0.1 0.8 0.0005 2e-05
0.0001 0.01 1 0.004 3e-05
9e-05 0.2 0.8 0.003 3e-06

0.5 0.1 0.2 0.2 0.02
0.4 0.1 0.4 0.05 0.06
0.7 0.05 0.08 0.2 0.06
0.3 0.1 0.5 0.03 0.05
1 8e-05 2e-05 0.04 0.004

6e-05 0.9 0.07 1e-05 8e-07
0.8 5e-06 0.02 0.2 0.05

Figure 2: Statistical correlations between operations
and answer types. The horizontal axis indicates answer
types, and the vertical axis means operations. PS, CT,
AE, MS and QS respectively means passage span, count,
arithmetic expression, multi-spans and question span.

Mapping from Operation to Answer We ex-
plore the relations between operations and final
answer types based on model predictions on the
development set of DROP. Specifically, for each
type of answer, the predicted operation distribu-
tions are summed over all samples and normal-
ized, which derives a relation matrix as shown
in Figure 2. We can observe that obvious cor-
relations between operations and answer types
exist. ADDITION, DIFF, MAX and MIN obvi-
ously correspond to Arithmetic Expression. The
top 3 answer types for KEY_VALUE and SPAN
are Passage Span, Multiple Spans, and Question
Span. COUNT probably maps to Count answer type.
ARGMORE, ARGLESS, ARGMAX, and ARGMIN are
usually used for both Passage Span and Arithmetic
Expression.

4.6 Ablation Study

Effect of Operations for OPERA As shown in
Table 7, we first remove the loss of operation se-
lection (w/o Lop) by setting λ = 0, resulting in
the performance degradation of 0.74 EM / 0.52 F1
points and 0.14 EM / 0.18 F1 points for OPERA
based on RoBERTa and ALBERT, respectively. It
indicates that the supervision for explicitly learn-
ing the alignment from a question to operations
contributes to the reasoning capability of OPERA.
Yet our approach is somewhat limited by the fact
that the operation selector needs an auxiliary train-
ing task to work better, and heuristics rules are
required to map questions into an operation set as
training labels. Furthermore, we remove the total
operation-pivoted reasoning module (w/o OP), the
performance respectively declines by 1.06 EM /

80 82 84 86 88 90 92 94
F1

MAX/MIN

SPAN

COUNT

KEY_VALUE

ARGMAX/ARGMIN

ARGMORE/ARGLESS

DIFF

ADDITION OPERA(ALBERT)
wo/OP

Figure 3: Ablation study on all the subsets of DROP
containing some specific operations.

Method NUM (60.69%) SPANS (37.72%) Overall

EM / F1 EM / F1 EM / F1

OPERA(RB) 85.91 / 86.14 83.89 / 88.90 83.74 / 86.52
w/o Lop 85.83 / 86.00 82.68 / 88.02 83.00 / 86.00
w/o OP 85.36 / 85.53 82.53 / 87.06 82.68 / 85.73

OPERA(AB) 86.39 / 86.58 86.30 / 90.99 84.86 / 87.54
w/o Lop 86.08 / 86.24 86.39 / 90.96 84.72 / 87.36
w/o OP 85.62 / 85.89 84.95 / 89.83 84.01 / 86.79

Table 7: Ablation study on the dev set of DROP. RB
and AB mean RoBERTa and ALBERT, respectively.

0.79 F1 points and 0.85 EM / 0.75 F1 points for
OPERA(RoBERTa) and OPERA(ALBERT). We
also conduct the ablation study on the subsets con-
taining a specific operation. As shown in Figure 3,
OPERA achieves better performance than OPERA
w/o OP on the majority of subsets. Overall, it con-
firms that integrating the operation-pivoted discrete
reasoning mechanism contributes to the reasoning
ability of the model.

Probe on Answer Types and Language Models
As reported in Table 7, we observe that the perfor-
mance on the NUMBER(NUM) and SPANS ques-
tions, which together account for 98.4% of the total,
respectively declines by 0.55 EM / 0.61 F1 and 1.36
EM / 1.84 F1 when removing operation-pivoted rea-
soning mechanism from OPERA(RB). It demon-
strates that this mechanism contributes to various
answer types. Also, we respectively evaluate the
performance of OPERA based on RoBERTa and
ALBERT. We observe that OPERA(ALBERT) out-
performs OPERA(RoBERTa) due to the stronger
capability of semantic representation. Furthermore,
integrating this mechanism consistently contributes
to the performance of OPERA no matter it is based
on RoBERTa or ALBERT. It indicates that OPERA
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Question-Answer Passage NumNet+ QDGAT OPERA

Q: How many total yards of
touchdown passes were there?
A: 73

... receiver Johnny Knox on a 23-yard touchdown
pass. Afterwards, the Falcons took the lead as quar-
terback Matt Ryan completed a 40-yard touchdown
pass to wide receiver Roddy White and a 10-yard
touchdown pass to tight end Tony Gonzalez ...

AnswerType:
Count
Answer: 0

AnswerType:
Count
Answer: 0

Top-1 OP: ADDITION
AnswerType:
Arithmetic Expression
Answer:
23+40+10=73

Q: Which period was Wolf ex-
ecutive and player personnel di-
rector with the Oakland Raiders
longer for, 1963-1974 or 1979-1989?
A: 1963-1974

Wolf only had a brief stint with the Jets between
1990 and 1991, while most of his major contribu-
tions occurred as an executive and player personnel
director with the Oakland Raiders (1963-1974, 1979-
1989), and later as General Manager...

AnswerType:
Passage Span
Answer:
1979-1989

AnswerType:
Passage Span
Answer:
1979-1989

Top-1 OP: SPAN
AnswerType:
Passage Span
Answer:
1963-1974

Table 8: The cases from the development set of DROP. The predictions from the state-of-the-art model NumNet+
and QDGAT are shown. The last column indicates our predicted answers and Top-1 operations.

could compensate for the discrete reasoning capa-
bility of language models.

4.7 Case Study

We show two examples from the development set
of DROP to illustrate the effectiveness of our model
by comparing the results of different models in Ta-
ble 8. The first example shows that operation is
essential for the prediction of answer type. Num-
Net+ and QDGAT fail to predict the correct an-
swer since the answer type of “how many” ques-
tions are wrongly predicted to Count. In contrast,
OPERA can capture the ADDITION operation,
which prompts the model to answer it with an arith-
metic expression predictor. The second example
shows that OPERA has stronger reasoning capabil-
ity. In the example, though NumNet+ and QDGAT
correctly predict the answer type, the final answer
is wrong. OPERA can utilize more semantic infor-
mation for answer prediction with the help of the
operation-pivoted discrete reasoning mechanism.

5 Conclusion

We propose a novel framework OPERA for ma-
chine reading comprehension requiring discrete
reasoning. Lightweight and one-shot operations
and heuristic rules to map questions to an operation
set are systematically designed. OPERA can lever-
age the operations to enhance the model’s reason-
ing capability and interpretability. Experiments on
DROP and RACENum demonstrate that OPERA
achieves remarkable performance. Further visual-
ization and analysis verify its interpretability.
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A Appendix

A.1 Template-Based Heuristic Rules

Operations / Examples / Templates

ADDITION/DIFF
How many more yards was Kris Browns’s first field goal over
his second?
How many [Slot] more/less [Slot] over [Slot]?

MAX/MIN
How many yards was the longest field goal in the game?
how many yards [Slot] longest/shortest [Slot]?

ARGMAX/ARGMIN
Which player had the longest touchdown reception?
Which player [Slot] longest/shortest [Slot]?

ARGMORE/ARGLESS
Who scored more field goals, David Akers or John Potter?
Who [Slot] more/less, [Slot] or [Slot]?

COUNT
How many field goals did Kris Brown kick?
How many field goals [slot]?

KEY_VALUE
How many percent of Forth Worth households owned a car?
How many percent of [Slot]

SPAN
Which team scored the final TD of the game?
Which team [Slot]

Table 9: All the operations, the corresponding examples
and templates.

In this section, we propose some general
template-based heuristic rules to illustrate map-
ping from questions to operations. For example,
to detect the operations intimated by the question
"how many yards was the longest field goals" in
Table 9, we design a question template OPpat
"how many yards [Slot] longest/shortest [Slot]"
which maps matched questions to the operation
MAX. Meanwhile, we humanly evaluate the quality
of the heuristic rules. Specifically, we sample 50
instances from the training set and ask three an-
notators to label the required operations for each
question manually. The final average F1 score of
the three annotators is 86%, which indicates that
the heuristic rules can correctly predict most of the
operations, while still 14% to be noise for training.

A.2 Distribution of the Operations

We analysis the distribution of operations in the
training set of DROP, where ADDITION, DIFF
and SPAN together accounts for more than 85%.
For other questions with span answers that requires
sorting or comparison, some specific operations are
involved, such as ARGMAX / ARGMIN / ARGMORE
/ ARGLESS and KEY_VALUE.

32.49%

32.49%

4.51%
2.54%0.52%
3.06%
3.59%

20.80% ADDITION
DIFF
MAX/MIN
ARGMAX/ARGMIN
ARGMORE/ARGLESS
KEY_VALUE
COUNT
SPAN

Figure 4: The Distribution of operations in the training
set of DROP.

A.3 Details of Prediction Module

In this section, we reveal the architecture details
of the prediction module, including a prediction
module for answer type and five label predictors
corresponding to different answer types. FFN(·)
means a feed-forward network that consists of two
linear projections with a GeLU activation function
(Hendrycks and Gimpel, 2016) and a layer normal-
ization mechanism (Ba et al., 2016).

Answer Type The probability distribution of an-
swer type choices p(T |Q,P,O) is derived by a
|T |-classifier with hQ, hP and hE as input:

hE =
∑

Oi∈OP
p(Oi|Q,P )EOPi ,

p(T |Q,P,O) ∝ FFN([hE ;hQ;hP ]),

(11)

where hQ and hP ∈ Rdh is the representation vec-
tor of question and passage calculated by weighted
pooling with HQ and HP , respectively. EOP is
the embedding matrix of operations.

Question/Passage Span Following MTMSN
(Hu et al., 2019), we use a question-aware decod-
ing strategy to predict the start and end indices of
the answer span. Specifically, we first compute
a question representation vector gQ via weighted
pooling. Then derive the probabilities of the start
and end indices of the answer span denoted as ps
and pe:

M = [hOP ;H;H⊙ gQ],

ps, pe ∝ FFN(M),
(12)

where ⊙ denotes element-wised product. hOP is
derived by Eq. 6 and H is the representation of
input sequence from context encoder.
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Count The count predictor is a 10-classifier with
the operation-aware representation, all the men-
tioned number representation, question and pas-
sage representations as input. Specifically, when
N numbers exists, we gather the representation
of all numbers U = (u1,u2, ...,uN ) ∈ RN×dh
from H and compute a global representation vector
of numbers as hU . Then compute the probability
distribution of count answer pc:

αU ∝ UWU , hU = αUU,

pc ∝ FFN([hOP ;hU ;hQ;hP ]),
(13)

Arithmetic Expression Similar to NAQANet
(Dua et al., 2019), we perform addition and subtrac-
tion over all the numbers mentioned in the context
by assigning a sign (plus, minus, or zero) to each
number. The probability pisign of the i-th number’s
sign is derived as below:

pisign ∝ FFN([hOP ;ui;hQ;hP ]). (14)

Multi-Spans Inspired by Segal et al. (2020), the
multi-span answer is derived with a sequence role
labeling method over the input token sequence, de-
noted as SRL(·). pms is the probability distribution
of token’s BIO tag:

pms = SRL([H;hOP ]). (15)
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Abstract

A notable challenge in Multi-Document Sum-
marization (MDS) is the extremely-long
length of the input. In this paper, we present an
extract-then-abstract Transformer framework
to overcome the problem. Specifically, we
leverage pre-trained language models to con-
struct a hierarchical extractor for salient sen-
tence selection across documents and an ab-
stractor for rewriting the selected contents as
summaries. However, learning such a frame-
work is challenging since the optimal contents
for the abstractor are generally unknown. Pre-
vious works typically create pseudo extraction
oracle to enable the supervised learning for
both the extractor and the abstractor. Nev-
ertheless, we argue that the performance of
such methods could be restricted due to the
insufficient information for prediction and in-
consistent objectives between training and test-
ing. To this end, we propose a loss weight-
ing mechanism that makes the model aware of
the unequal importance for the sentences not
in the pseudo extraction oracle, and leverage
the fine-tuned abstractor to generate summary
references as auxiliary signals for learning the
extractor. Moreover, we propose a reinforce-
ment learning method that can efficiently ap-
ply to the extractor for harmonizing the opti-
mization between training and testing. Experi-
ment results show that our framework substan-
tially outperforms strong baselines with com-
parable model sizes and achieves the best re-
sults on the Multi-News, Multi-XScience, and
WikiCatSum corpora.1

1 Introduction

Neural multi-document summarization has drawn
a lot of attention due to the wide applications,
e.g., Wikipedia generation (Liu et al., 2018), news
digest (Fabbri et al., 2019), or related-work sec-
tion generation (Lu et al., 2020). Through con-

1The implementation code and trained models are available
at https://github.com/yunzhusong/NAACL2022-REFLECT

catenating the document clusters, it is applica-
ble to adopt the approaches from single-document
summarization (Zhang et al., 2020a; Fabbri et al.,
2019) under multi-document settings. However,
the input length from multiple documents is typi-
cally long, which might be computationally infea-
sible for Transformer-based models (Vaswani et al.,
2017). One possible solution is to set a fixed length
and truncate the input sequence. However, the trun-
cation leads to information loss and performance
drop. Moreover, even if the model can take such a
long sequence as input, the attentions could be dis-
persed over long sequences (Yang et al., 2018) and
further degrade the performance (Jin et al., 2020;
Liu and Lapata, 2019a; Cohan et al., 2018).

To tackle the long sequence problem, another
possible solution is to leverage the extract-then-
abstract architecture in single document summa-
rization (Pilault et al., 2020; Chen and Bansal,
2018; Gehrmann et al., 2018). In such an archi-
tecture, an extractor first selects salient contents
from the documents, and an abstractor is applied to
rewrite the selected contents to coherent summaries.
However, several issues arise for directly applying
the procedure in MDS. 1) Long-sequence prob-
lem for the extractor. Although the input length
for the abstractor can be controlled through the
content selection and thus enables the usage of
Transformer models (Pilault et al., 2020), it is still
inevitable for the extractor to process the complete
input documents. Previous methods mainly use
LSTM-based extractors (Pilault et al., 2020; Chen
and Bansal, 2018; Gehrmann et al., 2018). How-
ever, this fails to leverage knowledge of pre-trained
language models. 2) Suboptimal pseudo oracles.
Most summarization corpora do not contain the
oracle for extraction. As an alternative, previous
works typically generate pseudo extraction oracle,
or simply called pseudo oracle, through a greedy
process (Liu and Lapata, 2019b; Chen and Bansal,
2018). Specifically, for each iteration in the process,
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candidate sentences are individually concatenated
with previously-selected sentences and compute
the ROUGE (Lin, 2004) scores with the human-
written summaries. The top-scored sentence is it-
eratively selected until no sentence could further
improve the ROUGE score. In practice, there are
different ways for scoring. For examples, Liu and
Lapata (2019b) use the average of ROUGE-1 and
ROUGE-2 F1 scores while Chen and Bansal (2018)
use ROUGE-L recall. The variants of design could
cause the extractor to behave differently. In our
study, we also found that using the ROUGE preci-
sion metric leads to much less extraction than using
the recall metric. This implies that the pseudo ora-
cles are suboptimal, and learning the extractor fully
relies on the pseudo oracles could restrict the per-
formance. How to alleviate the negative effects
of pseudo oracles remains open. 3) Insufficient
information for the extractor. Even if the pseudo
oracles are good enough to train the abstractor well,
learning a precise extractor is still challenging. The
problem lies in that a pseudo oracle is derived from
a specific summary. However, there are potentially
multiple valid summaries given the documents. To
select salient sentences, the extractor is required
to implicitly infer the underlying summary used
for oracle construction, which is difficult due to
the lack of evidence. 4) Inconsistent objectives
for the extractor. With pseudo oracles, the extrac-
tor is learned to select a set of sentences that has
high lexical similarity to the summaries without
redundancy. However, the goal of the extractor
in test-time is to provide inputs for the abstractor
that non-overlapping lexical may still be valuable.
In other words, the objective for the extractor in
training is inconsistent with the one in testing.

To address these issues, we propose the
REferenced FLExible Extraction with CrediT-
Awareness (REFLECT) for MDS. For the first prob-
lem, we propose a Transformer-based hierarchi-
cal extractor that contains the token- and sentence-
level feature encoders. Both the encoders are ini-
tialized with pre-trained language models to utilize
the pretext knowledge. For the second problem,
we propose Pseudo Oracle Relaxation (POR) to
render the model aware of the unequal importance
for the non-oracle sentences. This mechanism en-
courages the model to emphasize the precision for
critical sentences with either high or low lexical
similarity to the summaries, and avoids the con-
fusion arising from the different labels for similar

sentences. For the third problem, we propose Sum-
mary Referencing (SR) to leverage the fine-tuned
abstractor for providing additional learning signals
to evidence extraction prediction. The summary ref-
erence serves as an approximation for the human-
written summary while being able to generalize for
testing. For the fourth problem, we propose Credit-
Aware Self-Critic (CASC) learning to fine-tune for
matching the objective between training and test-
ing. Different from previous methods that assign
an identical reward for all actions, we reallocate the
rewards based on the impacts of actor explorations.

The contributions are summarized as follows:

• We leverage pre-trained language models to
propose an extract-then-abstract framework,
which contains a hierarchical extractor that
efficiently handles long inputs while utilizing
pretext knowledge.

• We investigate the problems for typical learn-
ing paradigms of the extractor and propose a
framework, named REFLECT, to further im-
prove the extractor performance. The studies
on pseudo oracles also provide valuable in-
sights for extract-then-abstract frameworks.

• Experimental results on Multi-News, Multi-
XScience, and WikiCatSum corpora demon-
strate that REFLECT outperforms the state-
of-the-art models with comparable sizes.

2 Related Work

Early attempts for MDS focus on extracting sen-
tences through statistical methods (Goldstein et al.,
2000; Erkan and Radev, 2004; Wan and Yang, 2006,
2008). For example, Goldstein et al. (2000) extend
Maximal Marginal Relevance (MMR) method to
select sentences that are relevant to the query and
novel across different documents. Erkan and Radev
(2004) leverage sentence relations with graph struc-
tures that represent pairwise sentence similarities,
and apply PageRank (Page et al., 1999) algorithm
to extract sentences given the query document.
However, extractive methods often suffer the co-
herence problem (Wu and Hu, 2018). Therefore,
instead of directly extracting sentences from the
articles, abstractive methods that can rewrite the
articles achieve great success with the advantages
of large annotated corpora (Pang et al., 2021; Zhou
et al., 2021; Liu et al., 2021a; Zhong et al., 2020;
Li et al., 2020; Liu and Lapata, 2019a).
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Directly operating on the long inputs in MDS
often leads to model degradation (Jin et al., 2020).
One of the promising solutions is to leverage the
extract-then-abstract architectures in single doc-
ument summarization (Chen and Bansal, 2018;
Gehrmann et al., 2018). For example, Gehrmann
et al. (2018) propose an LSTM-based word-level
extractor to choose phrases from the document,
and apply an abstractor with the copy mechanism
to generate summaries given the selected contents.
Pilault et al. (2020) also apply an LSTM-based
sentence extractor to select contents, but further
leverage a Transformer decoder to improve the per-
formance.

Although introducing Transformer architectures
provides improvements, the input length is typ-
ically limited according to the computation and
memory overhead. A recent line of studies has been
proposed to alleviate such problems (Bražinskas
et al., 2021; Beltagy et al., 2020; Liu and Lapata,
2019a; Jin et al., 2020). Liu and Lapata (2019a)
propose to rank the candidate input paragraphs, and
only concatenate the top few as the inputs for the
abstractor. Jin et al. (2020) encode multiple docu-
ments in different granularity including token-level,
sentence-level, and document-level. Pasunuru et al.
(2021) design a graph encoder parallel with stan-
dard encoder to provide inter-document informa-
tion and integrate the pre-trained BART (Lewis
et al., 2020) with local attention mechanism (Belt-
agy et al., 2020) to overcome the long input prob-
lem. Bražinskas et al. (2021) apply policy gradient
optimization to learn a train-time selector using lex-
ical features pre-computed from source texts and
gold summaries as inputs. Due to the lack of gold
summaries in testing, a test-time selector is learned
using lexical features solely from source texts as
inputs and predictions from the train-time selector
as learning targets. Comparatively, our methods
thoroughly leverage the language models with an
extract-and-abstract framework that enjoys the full
capacities for both the extractor and the abstractor.
The introduced summary referencing further im-
proves the extractor with additional signals in both
train- and test-phase.

3 Methodology

Utilizing large pre-trained language models brings
great benefits for text generation problems. How-
ever, the input length of multi-document summa-
rization is typically long, which makes large pre-

trained language models, e.g., Transformer-based
models, inefficient for processing. To match the
length constraint, document-level truncation (Fab-
bri et al., 2019) has been widely-used. However,
the truncation could inevitably cause information
loss and degrade the performance. To solve the
problem, we propose to leverage the extract-then-
abstract framework. However, as described in the
introduction, four challenges arise while learning
such a framework. We first present our architecture
to solve the long sequence problem and elaborate
on the proposed methods to tackle the challenges.

3.1 Hierarchical Summarizer
Figure 1 illustrates the proposed REFLECT
framework. Specifically, based on the Trans-
former (Vaswani et al., 2017), our architecture
contains a hierarchical extractor (H-EXT) and an
abstractor (ABS). The hierarchical extractor is
composed of a token-level encoder (T-ENC), a
sentence-level encoder (S-ENC), and a sentence se-
lector (SS). Considering a training example (x, y),
x = {x1, x2, ..., xN} is the concatenation of mul-
tiple documents that jointly consists of N com-
plete sentences and y is the corresponding human-
written summary. Let M denote the allowed input
length in Transformer-based models, we split all
sentences into K disjoint sets {hk}Kk=1 such that
each set hk consists of sentences whose total num-
ber of tokens matches the length constraintM . The
hierarchical extractor then predicts a set containing
the indices of selected sentences (denoted by ê),
which is used to retrieve salient contents from x
for the abstractor to produce summaries. Specifi-
cally, the hierarchical extractor can be expressed as
follows.

ê = H-EXT(h)

= SS(S-ENC(⊕̄{T-ENC(hk)}Kk=1)),
(1)

where ⊕̄ is the operation of taking average for hid-
den states of tokens within sentences and concate-
nating the averaged results to obtain the sentence-
level representations. The hierarchical summarizer
(H-SUM) can then be expressed as:

H-SUM(h) = ABS(⊕{wxi |i ∈ ê}), (2)

where ⊕ is the concatenation operation.

3.2 Pseudo Oracle Relaxation
The sentence selection process of the extractor is
typically formulated as a supervised classification
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Figure 1: Framework of REFLECT. The illustration of proposed Pseudo Oracle Relaxation (POR), Summary
Referencing (SR), and Credit-Aware Self-Critic (CASC) learning are indicated with bold fonts.

problem. However, most summarization corpora
do not provide such annotations. As an alterna-
tive, it is common to create pseudo oracles through
a greedy process with the human-written sum-
maries (Liu and Lapata, 2019b; Chen and Bansal,
2018). However, such methods only provide subop-
timal solutions since they are limited by the design
of the greedy algorithm. The underlying patterns
of true oracles could be too complicated to be de-
signed precisely. The performance of the extractor
is thus restricted since typical Maximal Likelihood
Estimation (MLE) methods fully depend on pseudo
oracles. For example, consider a case that there are
only three sentences xa, xb and xc, and the ROUGE
scores between sentences and summary are ranked
as xa > xb � xc. Assume that only xa is chosen
as the pseudo oracle. If the extractor further selects
one additional sentence for improving the results, it
is expected that the combination of (xa, xb) could
be better than (xa, xc) generally. However, MLE-
based methods do not consider such discrepancy
according to the pseudo oracle.

Therefore, we propose a loss weighting mecha-
nism to further consider the lexical similarity for
the non-oracle sentences during the learning pro-
cess. Consider an input x = {x1, x2, ..., xN} and
the corresponding pseudo oracles e, the input sen-
tences can be separated into two sets of pseudo
oracles and non-pseudo oracles, S = {xi|i ∈ e}
and Sc = {xi|i ∈ ec}, respectively. We maintain
the loss weights for sentences in S as one, while
modifying the loss weights for the sentences in Sc

as follows:

wi = (1− ROUGE-1(xi, y))γ , (3)

where γ is a hyper-parameter controlling the
weighting scales. To stabilize the training, we fur-

ther shift loss weights of Sc such that the maximum
value is one. This weighting mechanism empha-
sizes the predictions of both pseudo oracles and the
low-ROUGE sentences, which have more impact
on the performance. It relaxes the constraint from
the binarized oracles to make the model aware of
the differences between candidate sentences. The
objective for the hierarchical extractor can then be
written as:

L = −
∑

xi∈x
wi log(

exp(z
1S(i)
i )

exp(z0i ) + exp(z1i )
), (4)

where z0i and z1i are the binary logits for the i-th
sentence, and 1S(i) is the indicator function of
oracle sentences S.

3.3 Summary Referencing
The pseudo oracle relaxation described in Sec-
tion 3.2 makes the extractor focus on the sentences
that are more important in terms of the lexical sim-
ilarity. In other words, it considers the discrepancy
between non-oracle sentences instead of treating
them equally. However, the ambiguity could still
exist between the oracle and non-oracle sentences.
For example, consider a case where there are two
sentences xa and xb, and only xa is chosen as the
oracle during the greedy process. The ROUGE
scores between the sentences and the summaries
are roughly the same for the two sentences. Learn-
ing with such oracles may confuse the model since
the positive and negative sentences are similar but
with a large loss difference. Therefore, we propose
to provide summary references for the extractor to
further reason the selection. Since the summary
is only available in the training stage, we leverage
a fine-tuned abstractor to provide such summary
references. With such a mechanism, the operations
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of the hierarchical extractor are further revised as:

r = ABS(⊕{wxi |i ∈ ê}),
ê = H-EXT(h, r)

= SC(S-ENC(⊕̄({T-ENC(r)}+
{T-ENC(hk)}Kk=1))).

(5)

Compared to directly using human-written sum-
maries as references when training, which may
cause the extractor highly rely on the reference
signal, the generation results from the abstractor
could serve as good approximations and provide
the generalization from training to testing.

3.4 Credit-Aware Self-Critic Learning
With the objective of maximal likelihood estima-
tion, the extractor is learned to select sentences that
are jointly have high lexical similarity to the human-
written summary. However, in extract-then-abstract
frameworks, the required objective of extractor is
to provide salient contents that can maximize the
generation quality after rewritten by the abstractor.
In other words, the objective for the extractor is
inconsistent between training and testing. There-
fore, we further propose a reinforcement learning
method that can directly optimize with the test-time
objective to bridge the gaps.

Specifically, we formulate the extraction of
sentences as a single-round Combinatorial Multi-
Armed Bandit (CMAB) problem (Chen et al.,
2016). A general CMAB problem can be modeled
as a tuple (E,F , P,R), where E = {1, , 2..., N}
is a set of N arms, F ⊆ 2E is a set of subsets
of E, P is a probability distribution over [0, 1]N ,
and R is a reward function defined on [0, 1]N ×F .
At the t-th round, the agent pulls a subset of
arms St ∈ F , and produce stochastic outcomes
M t = (M t

1,M
t
2, ...,M

t
N ) ∼ P , where M t

i is the
outcome of i-th arm. With a realization of out-
comes m = (m1,m2, ...,mN ), the agents then
receive a reward of R(m,S). The goal of the agent
is to maximize the expected cumulative reward in
T rounds, which is E{Mt}Tt=1

[
∑T

t=1R(M t, St)].
For the sentence extraction problem, we consider

each sentence as an arm, and pull multiple arms
(i.e., select multiple sentences) only for a single
round. We solve this problem with the self-critic
learning framework (Rennie et al., 2017). Specifi-
cally, we consider the sentence-level encoder with
the sentence selector that as the agent (jointly pa-
rameterized by θ). The agent takes the sentence rep-
resentations x = {x1, x2, ..., xN} from the token-

level encoder, and selects a set of sentences S ac-
cording to a policy πθ(·) as:

mi ∼ Bern(
exp(z1i )

exp(z0i ) + exp(z1i )
),

S = πθ(x) = {i|mi = 1},
(6)

where z0i and z1i are the binary logits for the i-th
sentence. To reduce the variance during learning,
we introduce a baseline term through another policy
π̃θ as:

m̃i =
exp(z1i )

exp(z0i ) + exp(z1i )
,

S̃ = π̃θ(x) = {i|m̃i > 0.5},
(7)

which is essentially a greedy policy as the taken
actions are not explored. The two policies are de-
rived from the agents with the same parameters,
and the learning process is thus self-critical. We
define the reward as the performance of generation
from an abstractor using the selected sentences S
as the input, i.e.,

R(S) = ROUEG-L(ABS(S), y), (8)

where S is produced from the outcomes m. The
advantage a can be written as:

a = R(S)−R(S̃). (9)

We then optimize the agent through gradient de-
scent with the objective function as:

L = −
∑

i∈E
a log(

exp(z
1S(i)
i )

exp(z0i ) + exp(z1i )
), (10)

where 1S(i) is the indicator function of selected
sentence set S. However, in such a learning ob-
jective, the advantages are applied uniformly to
update all actions, which could make learning diffi-
cult since the sentences number is typically large
in our setting. Thus, we propose to specifically
credit the advantages to the selections that are dis-
tinct between policies πθ and π̃θ, and the objective
function Lcredit can be written as:

Lcredit =

−
∑

i∈E
1S∩S̃(i)a log(

exp(z
1S(i)
i )

exp(z0i ) + exp(z1i )
). (11)

Different with previous work (Chen and Bansal,
2018) that formulates the sentence selections as a
sequence of decisions and uses LSTM-based agent
for learning, our formulation enables the usage of
Transformer-based models for a better efficiency.
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Model ROUGE-1 ROUGE-2 ROUGE-L Average Average
Improvement

Hierarchical-Transformer (Liu and Lapata, 2019a) 42.36 15.27 22.08 26.57 +17.91%
PG-BRNN (Gehrmann et al., 2018) 43.77 15.38 20.84 26.66 +17.52%
Hi-MAP (Fabbri et al., 2019) 44.17 16.05 21.38 27.20 +15.18%
CTF-DPP (Perez-Beltrachini and Lapata, 2021) 45.84 15.94 21.02 27.60 +13.51%
GraphSum (Li et al., 2020) 45.02 16.69 22.50 28.07 +11.61%
GraphSum + RoBERTa (Li et al., 2020) 45.87 17.56 23.39 28.94 +8.26%
Highlight-Transformer (Liu et al., 2021a) 44.62 15.57 - - -
MatchSum (Zhong et al., 2020) 46.20 16.51 - - -
PEGASUS (Zhang et al., 2020a) 47.52 18.72 24.91 30.38 +3.13%
BART-Long (Pasunuru et al., 2021) 48.54 18.56 23.78 30.29 +3.43%
BART-Long-Graph (Pasunuru et al., 2021) 49.24 18.99 23.97 30.73 +1.95%

REFLECT (MLE) 48.16±0.01 18.87±0.01 23.78±0.17 30.27 +3.50%
REFLECT (CASC) 49.27±0.06 19.96±0.03 24.76±0.09 31.33 -

Table 1: Performance of REFLECT with various baselines on Multi-News corpus. The results of Hierarchical
Transformer, HiMAP, and PG-BRNN are copied from Li et al. (2020). The rest baseline results are from the
original papers. Best ROUGE scores are bolded. Performance of REFLECT is reported with five runs.

4 Experimental Results

4.1 Settings
We compare REFLECT with several strong base-
lines (Liu and Lapata, 2019a; Gehrmann et al.,
2018; Fabbri et al., 2019; Perez-Beltrachini and
Lapata, 2021; Li et al., 2020; Liu et al., 2021a;
Zhong et al., 2020; Zhang et al., 2020a; Pasunuru
et al., 2021) on Multi-News (Fabbri et al., 2019),
Multi-XScience (Lu et al., 2020) and WikiCat-
Sum (Perez-Beltrachini et al., 2019) corpora, de-
rived from news, academic domains and Wikipedia,
respectively. Due to space limit, the results of
Multi-XScience and WikiCatSum are provided in
the Appendix A. For evaluation, we use ROUGE
F1 metrics (Lin, 2004), BERTScore (Zhang et al.,
2020b), and factual consistency evaluated with
FactCC (Kryscinski et al., 2020) to investigate per-
formance from different perspectives. In our archi-
tecture, the hierarchical extractor is initialized by
RoBERTa-base (Liu et al., 2020) containing 12 at-
tention layers. We take the first l layers and the rest
layers (12-l) as the token- and sentence-level en-
coder, respectively. The input length limit M is set
to 512. The abstractor is a sequence-to-sequence
model initialized by BART (Lewis et al., 2020).
To make the CASC computationally efficient, we
use the BART-base as the abstractor that provides
rewards for the extractor during training, while ex-
ploiting the BART-large in the testing. We provide
more implementation details in Appendix C.

4.2 Main Results
Table 1 summarizes the performance of RE-
FLECT with various baselines on Multi-News

corpus with the rows sorted by the average of
ROUGE 1, 2, and L scores (Lin, 2004). 2 The
results demonstrate that REFLECT outperforms
all baselines. PG-BRNN and Hi-MAP both use
an LSTM-based point generator for sentence selec-
tion and apply a decoder for the generation. How-
ever, the performance is limited since LSTM could
still suffer long-term dependency problem (Trinh
et al., 2018). Hierarchical-Transformer (row 1)
further uses an LSTM-based ranker to select para-
graphs through predicting the ROUGE scores with
the summaries for each paragraph, and uses a
Transformer-based hierarchical encoder to capture
the local and global information. However, the
estimation of the ROUGE scores could be diffi-
cult since there are multiple valid summaries. In
contrast, REFLECT further applies pre-trained lan-
guage models to extract the hierarchical features,
and the proposed SR method explicitly provides
the extractor with the evidence for selecting more
salient contents to be rewritten from the abstractor.
Moreover, GraphSum (row 5 & 6) leverages graph
structures to explore the relations of paragraphs
in the encoder, and Highlight-Transformer (row
7) specifically assigns higher attention weights for
key phrases. Both the methods implicitly provide
additional selective information for the decoder.
REFLECT realizes such a content selection pro-

2We do not compare ROUGE-L results with Highlight-
Transformer and MatchSum because 1) Highlight-
Transformer does not report ROUGE-L results and 2)
MatchSum reports summary-level ROUGE-L (ROUGE-
LSum) results which are different from sentence-level
ROUGE-L used here (Lin, 2004). Nevertheless, ROUGE-
LSum results of REFLECT in Table 3 still show the
superiority over MatchSum (45.05 v.s. 41.89).
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cess in the data-level through the two-stage de-
sign. The proposed POR and SR methods allevi-
ate the negative effects from the pseudo oracles,
and thus provide complete information for the ab-
stractor to rewrite. The results of PEGASUS (row
9) show the benefits of pre-trained sequence-to-
sequence language models, which are also lever-
aged in REFLECT. The BART-Long-Graph (row
10 & 11) further combines the previous advantages
on graph structure and pre-trained language models
to achieve strong performance. REFLECT outper-
forms it in terms of the ROUGE-2 and ROUGE-L
scores especially, probably due to the local atten-
tion mechanism used in BART-Long-Graph. Al-
though such a design reduces the complexity to
accommodate longer sequences, the trade-off for
the attention capacity still restricts the model from
generating more coherent summaries. Due to the
space limit, please refer to Appendix A for results
on Multi-XScience and WikiCatSum.

In addition to the evaluation of lexical overlaps,
Table 2 shows the performance of semantic and
factual consistency, which are important for sum-
marization applications that will influence the pub-
lic. The results demonstrate that REFLECT can
improve factual consistency through the hierarchi-
cal architecture, i.e., the architecture enables se-
lection of useful information from multiple doc-
uments, while still maintaining the semantics in
generations.

Model BERTScore Factual Consistency

BART-base 0.870 79.7
CTF-DPP 0.852 81.9

REFLECT 0.871 82.2

Table 2: BERTScore and factual consistency evaluated
with FactCC on Multi-News corpus.

4.3 Ablations and Analyses

In this subsection, we perform ablations and analy-
ses for REFLECT, and more results can be found
in Appendix B.
Effect of Pseudo Oracle Relaxation (POR). We
start the discussions with the results using MLE
objectives. As shown in Table 3, when applying
POR to the base method (row 1 & 2), the extrac-
tion recall increases while the precision decreases.
Pseudo oracles generally contain sentences with
high ROUGE scores to the summaries, and POR
encourages the selection for such sentences by as-

signing smaller loss weights to increase the recall.
From the abstraction performance, it shows that
such selection preference could provide more con-
cise information (even though not in pseudo ora-
cles) as the input for improvements. Under the
combination of SR (row 3 & 4), the precision is
further improved and achieves a higher overall F1
score due to more information for selection. How-
ever, the abstraction results show that the perfor-
mance is actually inferior to the one only using SR,
which meets our suggestion that the training objec-
tive of the extractor is inconsistent in the test-time.
The proposed CASC learning further overcomes
such problems and improves the performance by
integrating POR and SR (row 6 & 10).

Effect of Summary Referencing (SR). We first
investigate the MLE results. With SR, the extractor
is learned to select sentences given the approxima-
tions of summaries generated from the abstractor.
The extraction recall is thus enhanced with such
references. However, the trade-off between recall
and precision still exists due to the discrepancy
between ground-truth summaries and generation
results (row 1 & 3). Although ground-truth can
be used as references to increase extraction per-
formance during training, it fails to generalize in
testing due to the distributional difference between
them. The abstraction performance also shows SR
makes significant improvements (row 3) and also
benefits from the combination with CASC (row 6
& 8).

Effect of Credit-Aware Self-Critic (CASC)
Learning. Consider the case that applying CASC
with POR and SR respectively (row 5 & row 6, row
7 & row 8), the results demonstrate that CASC sub-
stantially outperforms the Self-Critic (SC) learning
methods, even when combining the usage of POR
and SR (row 9 & row 10). We could further investi-
gate the difference between MLE and RL methods
through the visualization in Figure 2. It shows that,
although having lower extraction performance, the
RL methods can improve over the MLE methods in
final abstraction performance due to the consistent
objective between training and testing. CASC fur-
ther improves over SC through explicitly assigning
advantage to the actions that have the credits for
exploration. Such design is critical for the long
input sequences in multi-document summarization
and can potentially be applied to other applications.
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MLE RL Extraction Performance Abstraction Performance

SR POR SR CA Precision Recall F1 R-1 R-2 R-L R-LSum Average

- - 0.6489 0.4218 0.5113 47.60 18.48 23.89 43.22 33.29
X - - 0.4618 0.7684 0.5769 47.92 18.76 23.57 43.87 33.53

X - - 0.4755 0.6275 0.5410 48.40 18.95 24.08 44.03 33.86
X X - - 0.4926 0.7112 0.5820 48.16 18.87 23.61 44.06 33.68

X 0.6161 0.4704 0.5335 48.59 19.04 24.20 44.21 34.01
X X 0.5344 0.5948 0.5630 48.91 19.77 24.46 44.80 34.49

X X 0.5933 0.5328 0.5614 48.83 19.50 24.36 44.57 34.32
X X X 0.5442 0.5942 0.5681 49.04 19.80 24.50 44.94 34.57
X X X 0.6007 0.5170 0.5557 48.84 19.41 24.34 44.56 34.29
X X X X 0.5873 0.5108 0.5464 49.27 19.96 24.76 45.04 34.76

Table 3: Ablation of REFLECT with Pseudo Oracle Relaxation (POR), Summary Referencing (SR), and Credit-
Aware Self-Critic (CASC) learning. ROUGE score is abbreviated as R.

Figure 2: Comparisons of MLE and RL results. For
clarity, the displayed range for average ROUGE scores
and extraction F1 scores are limited in [33,35] and
[0.5,0.59], respectively.

4.4 Effects of Summary Reference

REFLECT uses the BART-large fine-tuned with
truncated articles (BART-large-A) to provide sum-
mary references for both training and testing. Here,
we study the effect of applying different summary
referencing strategies in test-time. To investigate
such effect across models, we leverage PEGA-
SUS (Zhang et al., 2020a) and fine-tune it with
Multi-News corpus to produce summary references.
Furthermore, we also conduct experiments that use
the BART-large fine-tuned with pseudo oracle sen-
tences (BART-large-O) and the ground-truth sum-
maries. Note that these two methods are prohibited
in practical usage since they require annotations
on testing data. The results in Table 4 manifest that
using references from another model that is dif-
ferent from the training one does not significantly
affect the performance. For the case using oracle
inputs, the performance is similar to the ones di-
rectly using articles. This suggests that our method
is stable for the practical scenario. The result of the
ground-truth also shows that the reference quality
could still affect the performance, which is left as
a future research direction.

Reference
Source R-1 R-2 R-L Average

PEGASUS 49.28 19.99 24.84 34.78
BART-large-A 49.29 19.99 24.83 34.79

BART-large-O 49.29 19.98 24.81 34.78
Ground-Truth 49.38 20.05 24.88 34.85

Table 4: Performance of different summary referenc-
ing strategies in REFLECT. We also present the results
of BART models trained by truncated articles (A) and
pseudo oracles (O). ROUGE score is abbreviated as R.

5 Conclusion

In this work, we present an effective extract-then-
abstract framework, named REFLECT, for MDS.
We utilize large pre-trained language models to
construct a hierarchical extractor for solving the
long sequence problem. Moreover, we investigate
current learning paradigms for such frameworks
and find that entirely relying on the pseudo ora-
cles produced via a greedy process could hinder
the performance. Therefore, we propose three cor-
responding techniques (POR, SR, and CASC) to
overcome the issues. The experimental results not
only show that REFLECT outperforms the state-
of-the-art models on Multi-News, Multi-XScience,
and WikiCatSum corpora, but also demonstrate
that bridging the gap between training and testing
is significant. Also, we present extensive studies
to motivate more investigations. Finally, we con-
sider further exploring the interactions between the
extractor and abstractor, including iteratively pro-
viding a better reference or reusing the extraction
predictions as the training signals for the abstractor,
and study how to build a more efficient reference
for providing the extraction evidence.
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A Results on Other Corpora

A.1 REFLECT on Multi-XScience Corpus

In this subsection, we additionally experiment RE-
FLECT with Multi-XScience (Lu et al., 2020) cor-
pus, which is a multi-document summarization
corpus for scientific articles. The source of this
corpus is a tuple of a paper abstract and abstracts
of the citation papers, while the generation tar-
get is the corresponding related-work paragraph.
The performances of baselines are from Lu et al.
(2020) 3. Table 5 shows that REFLECT achieves
a better performance comparing to all baselines,
and makes a substantial improvement especially
in ROUGE-2 score. We also report the results of
BART-large which serves as our abstractor to sum-
marize from the extracted sentences. The improve-
ment shows the benefit of the extraction process
after the Credict-Aware Self-Critic Learning.

3We can not tell the version of score metric ROUGE-L
used in Multi-XScience, and the evaluation code is also un-
available. Therefore, we do not report the ROUGE-L score
from Lu et al. (2020)

Model R-1 R-2 R-L R-LSum

LEAD 27.46 4.57 - -
LEXRANK 30.19 5.53 - -

TEXTRANK 31.51 5.83 - -
Hi-MAP 31.66 5.91 - -

PG 34.11 6.76 - -

BART-large 33.29 8.07 17.31 29.04
REFLECT (MLE) 33.87 8.13 17.20 29.69

REFLECT (CASC) 34.18 8.20 17.42 29.73

Table 5: Performance of REFLECT and baselines on
Multi-XScience corpus. We also present the results of
BART models trained by truncated articles. The results
of baselines are from Lu et al. (2020), where PG repre-
sents Pointer-Generator and the Hi-MAP represents the
model proposed by Fabbri et al. (2019). ROUGE score
is abbreviated as R.

A.2 REFLECT on WikiCatSum Corpus

To further analyze the capability of our proposed
model, we also apply REFLECT on a domain-
specific corpus, WikiCatSum (Perez-Beltrachini
et al., 2019) as shown in Table 6. WikiCatSum
is a multi-document summarization dataset de-
rived from WikiSum (Liu et al., 2018) and rep-
resents three distinct domains (Animal, Company,
and Film). We compare our model with several
baselines. TF-S2S is a Transformer sequence-to-
sequence model of Liu et al. (2018) and CV-S2D+T
is a variant of CV-S2S (Gehring et al., 2017) with
a single sequence encoder and a structure decoder.
Both CV-S2D+T (Perez-Beltrachini et al., 2019)
and TWAG (Zhu et al., 2021) introduce the topic de-
tection model to guide the generation. The decoder
of CV-S2D+T is trained to predict the topics as an
auxiliary task, while TWAG uses the topic infor-
mation to group the input paragraphs and encodes
them separately. Liu et al. (2021b) apply knowl-
edge distillation to alleviate the problem of single
reference in maximum likelihood training, while
our model leverages reinforcement learning to the
train-test mismatch issue. The results of BART-
large models are fine-tuned on WikiCatSum 4. RE-
FLECT outperforms all baselines in all three do-
mains, especially in the ROUGE-1 score, showing
that our generated summaries carry more informa-
tion. The results between REFLECT (MLE) and
REFLECT (CASC) also manifest the effectiveness
of Credit-Aware Self-Critic learning for bridging
the gap between training and testing.

4The models of Liu et al. (2021b) and REFLECT are
with pretraining. We exploit the pretrained model from
https://huggingface.co/facebook/bart-large-cnn.
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Animal

Model R-1 R-2 R-L R-LSum

TF-S2S 44.0 28.8 40.0 -
CV-S2D+T 42.7 27.9 37.9 -
TWAG 43.1 24.4 40.9 -
Liu et al. (2021b) 45.9 32.2 41.4 -

BART-large 46.3 29.2 39.6 44.1
REFLECT (MLE) 46.5 27.1 38.2 43.6
REFLECT (CASC) 48.6 30.2 41.5 46.0

Company

Model R-1 R-2 R-L R-LSum

TF-S2S 26.0 9.5 20.4 -
CV-S2D+T 27.5 10.6 21.4 -
TWAG 34.1 11.9 31.6 -
Liu et al. (2021b) 33.5 15.0 25.9 -

BART-large 36.8 15.1 25.6 33.6
REFLECT (MLE) 40.3 15.5 27.0 36.2
REFLECT (CASC) 40.8 15.8 27.5 36.6

Film

Model R-1 R-2 R-L R-LSum

TF-S2S 36.5 18.8 31.0 -
CV-S2D+T 38.0 21.2 32.3 -
TWAG 40.8 21.2 34.3 -
Liu et al. (2021b) 42.7 26.1 36.8 -

BART-large 44.3 25.5 35.9 41.7
REFLECT (MLE) 46.7 25.6 36.5 43.2
REFLECT (CASC) 47.6 26.8 37.9 44.1

Table 6: Performance of REFLECT with various
baselines on WikiCatSum corpus. The results of
Transformer sequence-to-sequence (TF-S2S) and CV-
S2D+T are referenced from Perez-Beltrachini et al.
(2019), and TWAG is from Zhu et al. (2021). RE-
FLECT outperforms all baseline models in a large mar-
gin for all domains, especially for Company and Film
in the ROUGE-1 score.

B Additional Ablations & Analyses

B.1 Effects of Hierarchical Architecture

In this subsection, we study the effect of hierarchi-
cal architecture in the extractor. As described in
Section 4.1, the token- and sentence-level encoder
jointly contain 12 layers in our settings. Thus, we
experiment with different numbers of layers dis-
tributed for the token-level encoder. Also, we con-
sider a case for no (0) layer, where we directly ag-
gregate the word embeddings from the token-level
encoder as sentence features. Table 7 demonstrates
that hierarchical architecture improves the resulted
abstraction performance through better sentence
representations. The performance is enhanced with
the increasing number of layers, while more than 3
layers only makes marginal improvements. Thus,
we use 3 token-level layers in this paper.

Layer
Number R-1 R-2 R-L R-LSum Average

0 47.94 18.68 23.46 43.87 33.49
1 48.01 18.63 23.53 43.95 33.53
2 48.11 18.87 23.62 44.03 33.66
3 48.16 18.87 23.61 44.06 33.68

Table 7: Performance of different extractor configu-
rations with MLE learning. Note that all configura-
tions share the same amount of learnable parameters.
ROUGE score is abbreviated as R.

B.2 The Choice of Summary Reference at
Training Stage

In this subsection, we study the effect of the sum-
mery reference at training stage. As mention in the
subsection 3.3, directly using human-written sum-
maries as reference may cause the severe train-test
mismatch. To verify the idea, we take the human-
written summaries as the summery referencing for
the extractor during training, and perform the stan-
dard test process, that is utilizing generated sum-
maries as the references. The results shown in Ta-
ble 8 verify our assumption that training with such
explicit signals reduces the ability of the model
to generalize. Therefore, in our experiments, we
take the generation results of BART-large as the
summary referencing of the extractor.

MLE R-1 R-2 R-L R-LSum Average

Ground-truth 47.54 18.60 23.40 43.63 33.29
Generated 48.16 18.87 23.61 44.06 33.68

Table 8: Performance of the MLE training results when
taking the ground-truth summary as the summary refer-
ence (SR) during training. ROUGE score is abbrevi-
ated as R.

B.3 Effect of Input Settings for Abstractor
Fine-tuning

In REFLECT, we decouple the learning for the ex-
tractor and the abstractor. Therefore, we study the
effect of the input settings for the fine-tuning of
the abstractor. Table 9 shows the performance of
BART under different model configurations with
either using truncated articles or pseudo oracle sen-
tences as inputs. We find that using pseudo oracles
for BART-large fine-tuning can effectively improve
the performance even when the testing input is
truncated articles. In addition, the results of using
pseudo oracles for both training and testing demon-
strate the upper bound performance of the extractor
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under MLE training, which suggests a promising
development of our framework as the extractor can
make more precise predictions.

BART Train/Test R-1 R-2 R-L R-LSum

base A/A 45.71 17.12 23.82 41.54
base O/A 45.62 16.58 22.99 41.59
base A/O 49.53 22.02 26.78 45.01
base O/O 51.93 23.89 27.78 47.42

large A/A 46.80 18.01 23.80 42.57
large O/A 47.79 18.37 23.78 43.57
large A/O 51.01 22.77 27.00 46.53
large O/O 52.98 24.28 28.02 48.34

Table 9: Performance of BART with different config-
urations and train/test input settings. The input set-
tings include truncated articles (A) and concatenated
sentences with pseudo oracles (O). ROUGE score is ab-
breviated as R.

B.4 Generation Examples
We demonstrate two examples of generation in Ta-
ble 10 and Table 11. The results demonstrate that
generations from REFLECT-(CASC) could pro-
vide more faithful information from multiple docu-
ments, which mainly resulted from the better sen-
tence extraction strategy learned through CASC.

C Implementation Details

All of our experiments are conducted on a sin-
gle NVIDIA Tesla V100 32GB GPU with Py-
Torch. The hierarchical extractor is initialized by
RoBERTa-base5, and the first three layers are ex-
ploited as token-level encoder and the rest layers
are sentence-level encoder. The BART-base6 is
used as the abstractor to provide the rewards during
extractor training, while BART-large7 is used for
generating the final results. We generate the initial
summary reference (SR) by the BART-large model.
The hyper-parameter γ in POR is set to 10. We use
Adam with constant learning 3e-5 for optimization,
and select the model with highest ROUGE-1 F1
score on validation set. For the pseudo extraction
oracle, we greedily select at least 30 sentences from
article as the pseudo oracle for the extractor dur-
ing MLE learning. The selection criteria is based
on the average of ROUGE-1 recall and ROUGE-2
recall.

For evaluations, we report ROUGE, BERTScore
and factual consistency derived from FactCC frame-

5https://huggingface.co/deepset/roberta-base-squad2
6https://huggingface.co/facebook/bart-base
7https://huggingface.co/facebook/bart-large

work. For ROUGE, we use rouge_score package
8 to report ROUGE-1, 2, L, and LSum scores. For
BERTScore, we use official implementation 9 and
report the F1 scores. For factual consistency, we
use official implementation of FactCC 10 and fol-
low previous work (Perez-Beltrachini and Lapata,
2021) to calculate the factual consistency for multi-
document summarization.

8https://pypi.org/project/rouge-score
9https://github.com/Tiiiger/bert_score

10https://github.com/salesforce/factCC
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Article: Wesley Snipes Begins Serving 3-Year Prison Stint. This Wesley Snipes began serving a three-year sentence at a
federal prison in Pennsylvania on Thursday for failure to file income tax returns. Snipes, 48, arrived shortly before noon at
the Federal Correctional Institution McKean in the tiny northwestern Pennsylvania town of Lewis Run, federal prisons
spokesman Ed Ross said. He had been ordered to surrender by noon. The minimum security prison camp is worlds away
from the harsh prison fortresses depicted in the Snipes’ films ’Undisputed’ and ’Brooklyn’s Finest.’ The minimum-security
camp doesn’t have fences around its perimeter. The 300 nonviolent inmates live in barracks that feature two-man rooms,
daily showers and double-feature movie showings Friday through Sunday. ...

Gold Summary: – Wesley Snipes enters prison in Pennsylvania today to serve a three-year sentence for tax evasion—and
though the minimum-security McKean prison camp isn’t exactly a five-star resort, it’s not as bad as it could be. The AP
gives details on what his life will be like: No fences: But he will submit to five daily head counts, three of which are
overnight. Living quarters: He’ll have a two-man room in the barracks, where the other 300 nonviolent inmates live. Daily
schedule: Wake-up time is 6:35am, and jobs are performed for seven hours per day. Conjugal visits: He’ll have to limit
himself to just a kiss in the visitors room. Money: He can earn pennies an hour by doing laundry or other chores, and
is allowed to spend $290 a month at the commissary. Entertainment: Double-feature movies are shown Friday through
Sunday, but no R-, NC-17-, or X-rated films are screened. Exercise: Sand volleyball, indoor basketball, exercise machines,
badminton, bocci, and bridge will be available to him. Medical facilities: The copay at the infirmary is only $2. Church:
Almost any group you can think of, including Wiccans, hold weekly meetings. Click for more, including why Snipes
failed to pay taxes—or watch his Tuesday night appearance on Larry King Live.

REFLECT (MLE): – Wesley Snipes has begun his three-year prison sentence for failure to file income tax returns.
The Blade: Trinity star arrived at the Federal Correctional Institution McKean in Lewis Run in Pennsylvania today,
reports the AP. The minimum security prison camp is worlds away from the harsh prison fortresses depicted in Snipes’
films Undisputed and Brooklyn’s Finest, notes the AP, but the 48-year-old actor will have to adjust to earning just pennies
an hour handling kitchen, laundry, and other campus chores. "We recognize that he is high profile, but we treat all
our inmates the same," says a spokeswoman. Snipes, a dues-paying member of a tax-protest group that challenges the
government’s right to collect taxes, has been free on bail since his 2008 conviction, but he made a last-minute request for
a new trial this week, arguing that the judge erred by not allowing defense attorneys to interview jurors about misconduct
allegations. He also told Larry King last night that he wasn’t nervous about reporting to prison. "Don’t send me up the
river, yet," he said.

REFLECT (CASC): – Wesley Snipes has begun serving a three-year sentence in a minimum-security prison in
Pennsylvania for failure to file income tax returns. The Blade: Trinity star arrived at the Federal Correctional Institution
McKean yesterday, just before noon, reports the AP. He had been ordered to surrender by noon. The minimum security
prison camp is worlds away from the harsh prison fortresses depicted in the Snipes’ films Undisputed and Brooklyn’s
Finest. The 300 nonviolent inmates live in barracks that feature two-man rooms, daily showers, and double-feature
movie showings Friday through Sunday. The martial-arts enthusiast can get his exercise playing sand volleyball or
indoor basketball, or work out on an elliptical machine or stair climber. Alas, no NC-17, R or X ratings allowed, which
knocks out much of Snipes’ action-heavy repertoire. The most jarring aspect of the celebrity’s stay might be the five daily
head counts, three during the overnight hours. And Snipes, who earned a reported $13 million for theBlade: Trinity
sequel, will have to adjust to earning just pennies an hour handling kitchen, laundry, or other campus chores. He can
spend just $290 a month at the prison commissary. "We recognize that he is high profile, but we treat all our inmates
the same," says a spokeswoman. Snipes made a last-minute request for a new trial on Wednesday, arguing that the judge
erred by not allowing defense attorneys to interview jurors about misconduct allegations.

Table 10: A generation example for REFLECT on Multi-News corpus. Key overlaps between generations and the
gold summary are bolded.
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Documents: Vacant lot at 53 New York Avenue NE in Washington, where a government permit has been granted for
work connected with Elon Musk’s Hyperloop project. (Michael Laris/TWP) It’s not much now, just a parking lot with
a discarded gin bottle and an old exterminator receipt. But the slice of pavement near the Bureau of Alcohol, Tobacco,
Firearms and Explosives in the District could be the gritty precursor to a tunnel network that could propel pods filled with
people and speeding platforms topped with Teslas and Toyotas between the nation’s capital and New York in 29 minutes.
Or it could be just be a parking lot littered with dashed transportation dreams. Electric-car pioneer and space entrepreneur
Elon Musk has been touting his vision for a high-speed transportation system since his tweeted announcement last summer
that he had received “verbal govt approval” for his tunnel-digging firm, the Boring Company, to build a “NY-Phil-Balt-DC
Hyperloop.” The Boring Company team has received an early, and vague, building permit from the D.C. government...

Gold Summary: – – Elon Musk’s dream of building a hyperloop that can move people between Washington, DC, and
New York City in 29 minutes may be a small step closer to becoming a distant reality. A Nov. 29 permit issued by DC’s
Department of Transportation allows Musk’s Boring Company to dig at an abandoned lot beside a McDonald’s in northeast
Washington that the company says might eventually become a station on a hyperloop connecting NYC, Philadelphia,
Baltimore, and Washington. The system would speed up travel times, using electricity and electromagnetic levitation to
send people and cars whipping through tunnels in pods. But before you ditch your car, the Washington Post points out
the permit is only for "some preparatory and excavation work" at the site, and more permits are needed before any real
construction begins. DC Mayor Muriel Bowser has visited a test tunnel Musk is constructing under Los Angeles. But
though "we’re open to the concept of moving people around the region more efficiently ... we’re just beginning, in the
mayor’s office, our conversation to get an understanding of what the general vision is for Hyperloop," says Bowser’s chief
of staff, John Falcicchio. Still, the permit "is comparable to an athlete stretching before a race" and shows Musk is serious
about moving forward with his plans for high-speed travel since claiming "verbal" government support for an East Coast
hyperloop last July, reports TechCrunch. He’s also received a conditional permit to build a tunnel beneath Maryland Route
295 in Hawthorne, per the Post, with Maryland officials saying a leg linking Washington and Baltimore will come first.
(Read about the hyperloop pod’s first test.)

REFLECT (MLE): – Elon Musk’s Boring Company has received a permit from the DC government to begin work
on a tunneling project in the nation’s capital, the Washington Post reports. The permit, issued Nov. 29, is a "very
small, very vague step forward" for Musk’s plan to build a "NY-Phil-Balt-DC Hyperloop" tunnel network that would
run from New York to Philadelphia to Baltimore to DC in 29 minutes, according to the New York Times. But it could
also be a "gravel precursor to a tunnel network" that could propel pods filled with people and speeding platforms topped
with Teslas and Toyotas between the nation’s capital and New York in just 29 minutes. Musk’s company has received
backing from the White House Office of American Innovation, led by Jared Kushner, as well as Maryland Gov. Martin
O’Malley and DC Mayor Muriel Bowser, who visited a tunnel in California earlier this month to learn more about
the technology the company says will make tunneling faster and cheaper. The DC Department of Transportation is
figuring out what other permits the company will need to cut under city roads and other public spaces. Asked whether
the Bowser administration supports the project, he was somewhat upbeat but noncommittal, adding: "We’re open to the
concept of moving people around the region more efficiently."

REFLECT (CASC): – Elon Musk’s plan to build a high-speed transportation system that would run from New York
to Philadelphia to Baltimore to DC in 29 minutes has gotten a "very small, very vague step forward," the Washington
Post reports. Musk’s Boring Company has received a permit for preparation and preliminary excavation of a site in
Washington, DC, next to a McDonald’s and near the Bureau of Alcohol, Tobacco, Firearms, and Explosives. It’s not
much now, just a parking lot with a discarded gin bottle and an old exterminator receipt, but it could be "the gritty precursor
to a tunnel network that could propel pods filled with people and speeding platforms topped with Teslas and Toyotas
between the nation’s capital and New York in 29 minutes," per the Post. Or it could "be just be a Parking Lot littered
with dashed transportation dreams." Musk has been touting his vision for a Hyperloop system since last summer, when
he tweeted that he had received "verbal government approval" to build the "NY-Phil-Balt-DC Hyperloop." Maryland
officials told the Post that the tunnel would run under Maryland Route 295, with the DC-Baltimore leg being built first.
DC Mayor Muriel E. Bowser visited the company in California this month, walking in a tunnel to learn more about
the technology the company says will make tunneling faster and cheaper. The District’s Department of Transportation
is figuring out what other permits the company would need to cut under city roads and other public spaces, according to
Bowser’s chief of staff. "We’re just beginning, in the mayor’s office, our conversation to get an understanding of
what the general vision is for Hyperloop," he says. Asked whether the Bowser administration supports the project, he
says, "We’re open to the concept of moving people around the region more efficiently."

Table 11: A generation example for REFLECT on Multi-News corpus. Key overlaps between generations and the
gold summary are bolded.
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Abstract

Many natural language processing tasks in-
volve text spans and thus high-quality span
representations are needed to enhance neural
approaches to these tasks. Most existing meth-
ods of span representation are based on sim-
ple derivations (such as max-pooling) from
word representations and do not utilize compo-
sitional structures of natural language. In this
paper, we aim to improve representations of
constituent spans using a novel hypertree neural
networks (HTNN) that is structured with con-
stituency parse trees. Each node in the HTNN
represents a constituent of the input sentence
and each hyperedge represents a composition
of smaller child constituents into a larger par-
ent constituent. In each update iteration of the
HTNN, the representation of each constituent
is computed based on all the hyperedges con-
nected to it, thus incorporating both bottom-up
and top-down compositional information. We
conduct comprehensive experiments to evalu-
ate HTNNs against other span representation
models and the results show the effectiveness
of HTNN.

1 Introduction

Distributed span representations are useful in vari-
ous natural language processing tasks such as ques-
tion answering (Seo et al., 2019), coreference res-
olution (Lee et al., 2017), sentiment classification
(Yin et al., 2020) and semantic role labeling (He
et al., 2018). Since spans can have arbitrary length,
to get fix-dimensional span representations, exist-
ing methods are mostly based on simple derivations
from word or sub-word representations. These
methods either apply some form of pooling over all
the words within the target span or utilize only the
boundary words of the target span to compute the
span representation. There have also been efforts

∗Kewei Tu is the corresponding author. This work was
conducted when Hao Zhou was a visiting student at Shang-
haiTech University.

Figure 1: An example binarized constituency parse tree
(a) and its corresponding hypertree (b). For each hy-
peredge, P/L/R denote the parent, left-child, right-child
constituent spans respectively.

to improve word representation learning using in-
formation from text spans, which may at the same
time improve span representations built on top of
word representations (Joshi et al., 2020). Further,
some previous methods introduce short text spans
(phrases or n-grams) as additional inputs to BERT
and thus learn contextual representations for such
spans along with word representations (Lai et al.,
2021; Zhang et al., 2021).

However, it is known that natural language text
has underlying compositional structure, which can
often be represented with constituency parse trees
(Chomsky, 1957). What is missing from the afore-
mentioned span representation methods is the uti-
lization of compositional structures both within
and outside text spans. Specifically, the recursive
compositional structure inside a text span suggests
more structured bottom-up computation of the span
representation from word representations; the com-
positional structure outside a text span specifies
how the span joins its sibling spans to form a larger
span, implying top-down computation of the span
representation from its parent and siblings1. By

1This is only possible for constituent spans and one has to
revert to aforementioned methods for distituent spans. How-
ever, we note that most NLP tasks concern constituents more
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taking into account such compositional structures,
we could obtain better span representations and
avoid problems with existing methods such as in-
sufficient modeling of meaning composition (Yu
and Ettinger, 2020).

There are several existing methods of incorporat-
ing constituency tree structures in neural networks
that can be used to produce constituent span rep-
resentations. These methods fall into two main
categories: recursive neural networks (RvNNs)
(Goller and Kuchler, 1996) and graph neural net-
works (GNNs). RvNN-based models recursively
compose span representations from their sub-spans
following a constituency tree structure (Socher
et al., 2011; Tai et al., 2015). They hence only
model bottom-up composition and miss informa-
tion from parent and sibling spans in their span rep-
resentations. Some extensions of RvNNs (Le and
Zuidema, 2014; Drozdov et al., 2019) try to tackle
this problem by additionally modeling top-down
(de-)composition in a similar recursive fashion.
However, they separate the representations com-
puted from the directions and disallow them to di-
rectly interact with (and potentially disambiguate)
each other. GNN-based models, such as graph
convolutional networks (GCN) (Kipf and Welling,
2016) and graph attention networks (Veličković
et al., 2017), have been applied based on con-
stituency tree structures to compute word and span
representations (Marcheggiani and Titov, 2020; Li
et al., 2020). One important flaw of GNN-based
methods is that a GNN represents each composi-
tion with multiple edges that become mixed up
with edges from other compositions during GNN
updates, thus losing critical information of the com-
positional structure. More specifically, a GNN does
not adequately formulate and differentiate bottom-
up computation from all the child spans versus
top-down computation from the parent and sibling
spans. In addition, most GNN-based methods do
not model relations between sibling spans.

To overcome the above drawbacks, we propose
hypertree neural networks (HTNN) to improve con-
stituent span representations. Specifically, we view
a constituency parse tree as a hypertree (Figure
1(b)), in which each node represents a constituent
and each hyperedge is a tuple of multiple nodes
representing a composition of smaller child con-
stituents into a larger parent constituent. We then
build an HTNN with the hypertree as its skele-

than distituents. See statistics in Section 3.4.

ton. During iterative update in the HTNN, we first
visit each hyperedge, computing a representation of
each node in the hyperedge from the other nodes us-
ing a direction-specific composition function; then
we visit each node, aggregating its representations
computed from all the hyperedges connected to
it. In this way, not only can we keep the hierar-
chical information during encoding process, but
also update the representation of constituents si-
multaneously. HTNNs combine the strengths of
RvNNs and GNNs in span representation while
avoid their drawbacks. Like GNNs, HTNNs com-
pute a single unified representation for each span
that integrates information from all the directions
in the constituency tree. On the other hand, HTNNs
follow RvNNs and utilize direction-specific compo-
sition functions to group and integrate information
from different directions.

To evaluate the effectiveness of our method, we
firstly conduct detailed experiments on three prob-
ing tasks: semantic role classification, named entity
labeling, coreference arc prediction. Then we apply
our method to the task of semantic role labeling.
The results show that our method is superior to
word-based, RvNN-based models and GNN-based
models.

2 Hypertree Neural Networks

2.1 Overview

A hypergraph is a generalization of a graph in
which an edge can join any number of nodes. A
hypertree is a hypergraphH such that there exists a
tree T and every hyperedge ofH is the set of nodes
of a connected subtree of T . We consider a directed
version of hypertree that defines a hyperedge as a
tuple of nodes instead of a set.

There is a long tradition of representing con-
stituency parse trees with hypergraphs or hyper-
trees (Klein and Manning, 2001; Huang and Chi-
ang, 2005). We define the hypertree representation
of a constituency parse tree as follows. Each node
in the hypertree represents a constituent in the parse
tree and is labeled with the nonterminal symbol of
the constituent. Each hyperedge represents a com-
position of smaller child constituents into a larger
parent constituent. In this paper, we assume that
the constituency parse tree is binarized, so each hy-
peredge contains exactly three nodes, marked with
P (parent), L (left child) and R (right child) respec-
tively. Figure 1 shows the hypertree representation
of an example constituency parse tree.
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Figure 2: Illustration of an HTNN. We show the update process of node (2,4). (a) The hypertree structure. (b)
Composition within hyperedges. (c) Aggregation of multiple representations.

We generalize the methodology of GNNs on hy-
pertrees and propose hypertree neural networks
(HTNN, Figure 2). Similar to GNNs, several
HTNN layers are stacked to form the model. Each
layer is composed of two modules: composition
within hyperedges (Section 2.3), which computes
a representation of each node in a hyperedge us-
ing the other nodes from the same hyperedge; and
aggregation of multiple representations (Section
2.4), which aggregates the representations of a
node from all the hyperedges connected to it and
forms a single unified representation. Each layer is
fed with the node representation from the previous
layer. The initial node representation in the first
layer is computed from word representation using
the attention pooling method (Section 2.2).

We treat the node representation from the last
layer as the final constituent span representations
and feed them into downstream task-specific de-
coders. For example, we may run an MLP classifier
on top of a span representation for named entity
recognition, or run a biaffine classifier on top of
the representations of two spans for semantic role
labeling. Training of HTNN can be done by opti-
mizing any task-specific objective in an end-to-end
manner along with the initial span encoder and the
task-specific decoder.

2.2 Initialization of Node Representation
We follow Toshniwal et al. (2020) to compute
initial span representations from word represen-
tations produced by a pretrained language model.
We choose to use their attention pooling method
because it performs the best in our pilot exper-

iments. Specifically, the input sentence x =
{w1, w2, ..., wl} of l words, is firstly tokenized
and passed through a pretrained language model to
get contextual token embeddings {e1, e2, ..., eT }.
These embeddings are then fed to the attention
pooling module to get fix-dimensional span embed-
dings. For a span s = [i, j] whose corresponding
contextualized embeddings are {ei, ..., ej−1}, the
span representation sij is calculated as:

sij =

j−1∑

k=i

ak · ek

ak = Softmax(vT1 · ek)

where v1 is a learned parameter vector. Note that
in a constituency parse tree, each constituent is
attached with a nonterminal tag. We use an embed-
ding layer to convert the tag to distributed vector
space, and then concatenate it to sij .

s′ij = Concat([sij ;Embedding(tag)])

We project s′ij using two different learned matri-
ces to obtain hij and cij , the initial hidden state and
memory cell of the node representing span [i, j].

2.3 Composition within Hyperedge
Within each hyperedge, there are three nodes:
parent (p), left child (l), right child (r). Tradi-
tional RvNN-based methods model the relation-
ships among them mainly in a bottom-up manner: a
composition function combines the representations
of the two children to obtain the representation of
the parent. Le and Zuidema (2014) extend such
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methods by adding a top-down process, where a
node’s representation can also be computed from
its parent and sibling. We follow this idea that any
node can be computed from the others within each
hyperedge. The computation is direction-specific,
meaning that the composition function is different
for each of the three nodes.

Our composition function is inspired by TreeL-
STM (Tai et al., 2015). The computing process can
be denoted as:

[h′p; c
′
p] = Compose(hp,hl,hr, cl, cr) (1)

[h′l; c
′
l] = Compose(hl,hp,hr, cp, cr) (2)

[h′r; c
′
r] = Compose(hr,hp,hl, cp, cl) (3)

where subscript p, l, r denote the parent, left child
and right child respectively, h and c denote hidden
state and memory cell vectors from the previous
layer, and h′ and c′ denote newly composed vec-
tors.

We illustrate the detailed computation process
of equation (1), in which we compose the left child
node and the right child node to get the representa-
tion of the parent node.

i = σ
(
W(i)hp +U

(i)
l hl +U(i)

r hr + b(i)
)

f l = σ
(
W(fl)hp +U

(fl)
l hl +U(fl)

r hr + b(f)
)

f r = σ
(
W(fr)hp +U

(fr)
l hl +U(fr)

r hr + b(f)
)

o = σ
(
W(o)hp +U

(o)
l hl +U(o)

r hr + b(o)
)

u = tanh
(
W(u)hp +U

(u)
l hl +U(u)

r hr + b(u)
)

c′p = i⊙ u+ f l ⊙ cl + f r ⊙ cr

h′p = o⊙ tanh(c′p)

i, f l, f r,o ∈ Rd represent the input gate, two
forget gates and output gate respectively. u ∈ Rd
is the newly composed input for the memory cell.
U and W ∈ Rd×d denote trainable weight ma-
trices and b ∈ Rd denotes trainable bias vectors.
The superscript of a matrix denotes which gate it
is used for, and the subscript of a matrix denotes
which node representation it is multiplied to. The
computation processes of equation (2) and (3) are
similarly defined, and they share some of the train-
able matrices. (See more details in Appendix A.1)

2.4 Aggregation of Multiple Representations
With the exception of the root and the leaf nodes,
a node in the HTNN is connected with two hyper-
edges, one connecting to its parent and sibling and

the other connecting to its two children. The com-
putation process in Section 2.3 is independently
carried out for each of the two hyperedges, result-
ing in two different representations for the node.
Besides, we assume that the representation of the
nodes from the previous layer also conveys impor-
tant information. Therefore, we aggregate these
three representations using the attention mecha-
nism. Specifically, we use h′0 to denote the output
hidden state from the previous layer, and h′1, h′2 to
denote the representations computed from the two
hyperedges. We use h′0 as the query vector, to at-
tend to h′0, h′1, h′2 and compute a single aggregated
representation h′.

ai = Softmax(vT2 tanh(W[h′0;h
′
i]))

h′ =
∑

i

ai · h′i, i ∈ {0, 1, 2}

where W ∈ R2d×d and v2 ∈ Rd are trainable
parameters. Note that the memory cell c′ is aggre-
gated in the same process with shared parameters.

3 Experiments

3.1 Implementation Details

We use gold constituency parse trees from the
datasets, and binarize them using NLTK Toolkit
(Bird et al., 2009). We use pretrained RoBERTa-
large2 (Liu et al., 2019) from HuggingFace (Wolf
et al., 2019) as the word encoder. We also tried
SpanBERT (Joshi et al., 2020) for word encoding
but found it inferior to RoBERTa-large in our pilot
experiments. We freeze the parameters in the pre-
trained language model for all experiments. The
dimension of attention pooling is 192 and the di-
mension of tag embedding is 64. The dimensions
of hidden state and memory cell in HTNN are all
set to 256. We set the default number of HTNN
layers to 3. For each layer, the number of train-
ing parameters is 1,707,520. During training, the
model is evaluated on the validation set every 1000
training steps. We adopt the Adam optimizer with
an initial learning rate of 2e-3, which is halved if
the validation score is stuck for 3 evaluations. The
batch size is 64 and the dropout probability is 0.2.
We train our model for 40 epochs on 4 NVIDIA
Tesla P40 GPUs. 3

2https://huggingface.co/roberta-large
3The source code and trained model are available on

https://github.com/GreyChou98/HTNN
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3.2 Datasets
CoNLL-2012 We conduct both probing and SRL
experiments on the CoNLL-2012 dataset (Pradhan
et al., 2012). This dataset is extracted from the
OntoNotes v5.0 corpus, which provides gold con-
stituency parses.

CoNLL-2005 We also conduct SRL experi-
ments on the CoNLL-2005 dataset (Carreras and
Màrquez, 2005), which takes section 2-21 of the
Wall Street Journal (WSJ) corpus as the training
set, and section 24 as the development set. The
test set consists of section 23 of WSJ for in-domain
evaluation together with 3 sections from the Brown
corpus for out-of-domain evaluation. CoNLL-2005
is also annotated with gold constituency parses.

3.3 Models for Comparison
Pooling A baseline model that computes span
representations using attention pooling (Toshniwal
et al., 2020). Our method and all the methods listed
below use this representation for initialization.

SentiBERT A model for composing sentiment
semantics on top of BERT (Yin et al., 2020). We
re-implement their composition module based on
the attention mechanism for span representation,
instead of using their full model designed for senti-
ment analysis. We consider SentiBERT as a GNN-
based model because it updates representations of
all nodes simultaneously, though it only applies the
attention mechanism from each parent node to its
child nodes.

TreeLSTM An RvNN-based model, proposed
by Tai et al. (2015), that generalizes the standard
LSTM architecture to tree-structures.

Bi-TreeLSTM Le and Zuidema (2014) proposed
IORNN to capture top-down decomposition be-
sides bottom-up composition. We extend their
model by using the composition function of TreeL-
STMs. We refer to this model as bidirectional
TreeLSTM (Bi-TreeLSTM).

GCN/GCN-sib Marcheggiani and Titov (2020)
apply GCN structured with constituency trees in an
SRL system. We re-implement their constituent
GCN module to produce span representations,
omitting their decomposition stage that is used
for word representations. Furthermore, we extend
GCN by adding sibling nodes in constituency trees
for better comparison with our method. We refer
to this modification as GCN-sib.

GAT/GAT-sib Li et al. (2020) use GAT to gen-
erate representations of the nodes in constituency
parse trees. Similarly, we extend GAT by connect-
ing sibling nodes, and we refer to this modification
as GAT-sib.

3.4 Probing Experiments

We firstly conduct a probing evaluation of span
representations, following Toshniwal et al. (2020).
We conduct experiments on three of their probing
tasks, omitting the other two tasks that probe syntax
because constituency syntactic parses are input to
most of the methods compared here.

• Named entity labeling (NEL): a task of pre-
dicting the entity type of a given span corre-
sponding to an entity.

• Semantic role classification (SRC): a task of
predicting the semantic roles of phrases in a
sentence. Unlike the standard SRL task, in
this probing task, predicates and their argu-
ment spans are given , so the goal is to clas-
sify the argument spans into specific semantic
roles.

• Coreference arc prediction (COREF): a task
of predicting whether a pair of spans refer to
the same entity.

The task-specific decoder for these probing tasks
is a two-layer MLP followed by sigmoid layers to
predict the labels. For SRC and COREF, which
involve two spans, the MLP takes the concatena-
tion of the representations of the two spans as input.
Following Toshniwal et al. (2020), we make pre-
dictions for each label independently, which allows
using the micro-averaged F1 score as the evaluation
metric. Note that in all the methods except Pooling,
we only compute representations for constituent
spans (those appearing in constituency parse trees).
Therefore, given a distituent span, we simply pre-
dict no label. Fortunately, almost all the spans of
interest in three tasks are constituent spans (98.5%
for NEL, 99.7% for SRC, and 99.4% for COREF)4.
We report F1 scores for all the spans (F1-all) as
well as for constituent spans only (F1-const).

The results of three probing tasks are shown in
Table 1. As a baseline model, Pooling’s architec-
ture is the simplest. Surprisingly, it outperforms all
the other methods (except for HTNN on F1-const)
on the NEL task. We believe this is because NEL
is so simple that contextual word representations

4See more details of the statistics in Appendix A.2
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NEL SRC COREF AVG
F1-const F1-all F1-const F1-all F1-const F1-all F1-const F1-all

Pooling 96.18 96.07 93.08 93.05 92.99 93.01 94.08 94.04
TreeLSTM 95.05 94.22 90.02 89.88 90.07 89.70 91.71 91.27
Bi-TreeLSTM 95.25 94.42 90.49 90.35 90.33 89.96 92.02 91.58
SentiBERT 92.98 92.84 95.92 95.09 96.01 95.64 94.97 94.52
GAT 96.01 95.18 93.41 93.26 96.13 95.76 95.18 94.73
GCN 96.03 95.20 93.51 93.37 96.22 95.85 95.25 94.81
GAT-sib 95.79 94.96 92.85 92.71 95.66 95.29 94.77 94.32
GCN-sib 95.87 95.04 93.27 93.13 95.68 95.31 94.94 94.50
HTNN 96.28 95.45 93.88 93.74 96.33 95.96 95.50 95.05

Table 1: Results of probing experiments.

already provide sufficient information. More com-
plicated models show poor performance possibly
because they overfit this simple task. On the other
hand, Pooling underperforms many other methods
on the SRC and COREF tasks, showing the utility
of syntactic information. For COREF in particular,
many input spans are pronouns and their meanings
may be more difficult to capture without syntactic
information.

The RvNN-based models TreeLSTM and Bi-
TreeLSTM perform worst on all these three tasks.
Previous recursive models are mostly used for
sentence-level tasks, and our results show their de-
ficiencies in composing semantics for fine-grained
spans rather than sentences.

For GNN-based models, SentiBERT, GAT and
GCN all show great improvement over recursive
models, and they are also better than Pooling on
average on these three tasks. Both GAT and GCN
show slight superiority over SentiBERT, probably
because they take parent node into computation,
rather than only children nodes. Moreover, GCN
performs slightly better than GAT.

As for HTNN, we can see that it achieves the
best performance overall. The fact that HTNN
outperforms GAT and GCN while GAT-sib and
GCN-sib underperform GAT and GCN suggests
that the superiority of HTNN does not simply come
from adding sibling information into computation.
It is the ability to group and integrate bottom-up
and top-down information that leads to the superior
performance of HTNN.

It is worth noting that for the NEL task, HTNN
outperforms Pooling on F1-const but underper-
forms it on F1-all because HTNN predicts no label
for distituent spans. A simple remedy is to combine
HTNN and Pooling, using HTNN for constituent

spans and reverting to Pooling for distituent spans.
This yields 96.27 F1-all for NEL, surpassing the
strongest Pooling baseline.

3.5 SRL Experiments

We extend SRL in probing tasks to the general set-
ting, in which the predicate is given and we conduct
argument identification and role classification. Our
SRL model is most closely related to the work of
He et al. (2018). The difference is that instead of
using a separate argument pruning module, we sim-
ply prune all the distituent spans and keep all the
constituent spans. Given a predicate and a candi-
date span, we use their biaffine scorer to predict
a label, where the label set is the set of semantic
roles plus a null label indicating the span not being
an argument.

The results of SRL experiments are shown in Ta-
ble 2. Once again, we show F1 scores for both all
the spans (F1-all) and constituent spans only (F1-
const) . We only show the results of GNN-based
models since RvNN-based models have shown
their disadvantages in the probing experiments.
SentiBERT does not perform well in this task,
falling behind even the simple baseline Pooling.
GCN and GAT show significant gain against base-
line, and GCN is still better than GAT on all the
three datasets, especially on the out-of-domain
BROWN test dataset. We also find that taking
sibling nodes into computation causes opposite ef-
fects on GAT and GCN. It does great harm to GAT,
similar to the case in the probing experiments, but
GCN-sib shows small gains over GCN, which is
different from the case in the probing experiments.

Our model HTNN achieves the best performance
on all the three datasets. Since SRL is more chal-
lenging than the probing tasks, we can see that the
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CONLL12 CONLL05 WSJ CONLL05 BROWN
F1-const F1-all F1-const F1-all F1-const F1-all

Pooling 82.36 82.23 82.82 81.90 71.51 70.43
SentiBERT 75.31 75.18 74.52 73.69 66.52 65.51
GAT 85.29 85.16 84.69 83.74 73.32 72.24
GCN 87.91 87.77 88.06 87.08 79.22 78.09
GAT-sib 76.41 76.29 78.34 77.46 62.52 61.58
GCN-sib 88.40 88.27 88.45 87.46 80.03 79.87
HTNN 89.94 89.81 90.77 89.76 82.88 81.68
Wang et al. (2019)† - 84.21 - 85.23 - 75.36
Fei et al. (2021)∗ - 87.35 - 88.81 - 81.27

Table 2: Results of SRL experiments. “†”: reimplemented and reported by Fei et al. (2021). “∗”: results reported in
the original paper.

SRC NEL COREF CONLL12 WSJ BROWN
GAT -w/o tag -0.27 -0.14 -0.46 -7.74 -8.49 -7.36
GCN -w/o tag -0.37 0.02 -0.09 -1.74 -1.38 -0.76
GAT-sib -w/o tag -0.82 -0.34 -1.85 -7.09 -9.30 -7.05
GCN-sib -w/o tag -0.07 0.06 0.02 -2.06 -1.90 -1.11
HTNN -w/o tag -0.04 -0.07 0.13 -1.73 -2.29 -2.28
HTNN -tag-dim=32 0.07 -0.14 0.22 -0.03 0.00 0.15

Table 3: Influence of nonterminal tags in constituency parse tree. The value in this table is the variation against the
resuts in Table 1 and Table 2.

gap between HTNN and the other models is more
prominet. The improvements over the best baseline
model GCN-sib are 1.54 on the CONLL-2012 test
dataset, 2.32 on the CONLL-2005 WSJ test dataset,
2.85 on the CONLL-2005 BROWN test dataset.

We also show results of two other SRL models
that use gold constituency parse trees in Table 2.
HTNN outperforms both of them.

3.6 Ablation Study

Incorporation of Nonterminal Tags We incor-
porate nonterminal tags into HTNN as described in
Section 2.2. Here, we want to explore how nonter-
minal tags influence HTNN, as well as other mod-
els. When we use different embedding dimensions
for nonterminal tags, the dimension of the attention
pooling module changes accordingly to keep the
dimension of span representations unchanged.

The results are shown in Table 3. As we can see,
GAT, GCN and HTNN are negatively affected on
nearly all the tasks when we remove the incorpo-
ration of nonterminal tags. The influence on both
GCN and HTNN is quite small on the three prob-
ing tasks, compared with the SRL task. There are
even improvements for HTNN and GCN-sib when

Figure 3: Performance of different tasks as #layers of
HTNN changes.

removing nonterminal tags on NEL and COREF.
However, on the SRL task, the performance de-
creases notably for all the models.

We also conduct experiments of HTNN when
we set the dimension of nonterminal tags to 32 and
we observe little change in performance.

Number of Layers In each layer of an HTNN,
a node exchanges information with its neighbor.
Therefore, the more layers the HTNN has, the fur-
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Figure 4: Performance of different aggregation methods.

ther the information of a node would spread. In
theory, for a binary constituency tree with n leaf
nodes, to make each leaf node receive information
from arbitrary leaf nodes, the number of HTNN
layers should be set to n− 1. In practice, however,
this may be unnecessary and local information ex-
change may be sufficient. We conduct experiments
to analyze how the number of HTNN layers affect
the performance on different tasks.

The results are shown in Figure 3. We can see
that the tendency is not all the same on the four
tasks. As we increase the number of layers, the
increase of the F1 score is getting smaller, and in
some cases it even declines. Therefore, we regard
the number of layers as a hyperparameter which
should be tuned on specific tasks.

Aggregation Method We compare three differ-
ent methods for the aggregation module (Section
2.4):

• AVG, which simply takes the average of the
representations.

• ATTN, which is the default method we intro-
duce in Section 2.4.

• ATTN-2WAY, similar to ATTN, but does not
include the representation from previous layer.

The results are shown in Figure 4. It can be seen
that ATTN indeed performs the best.

4 Related Work

To get distributed span representations, existing
methods are mostly based on simple derivations
from word or sub-word representations. Lee et al.
(2017) propose the attention-weighted pooling
strategy for coreference resolution. Stern et al.
(2017) concatenate the sum and the difference of

the span endpoints for parsing. Seo et al. (2019)
use the “coherent” endpoint-based representation
for question answering. All of these methods are
originally designed for specific tasks, but because
of their simplicity, they can be easily employed for
other tasks. Toshniwal et al. (2020) make a com-
prehensive survey on these methods and conduct
experiments to compare their performance. Some
other studies also focus on the representations of
sentences or longer texts (Wieting et al., 2015; Con-
neau et al., 2017; Shen et al., 2018).

Instead of representing an arbitrary, some stud-
ies consider composing span representations via
syntactic parse trees, which are more related to
our work. Le and Zuidema (2014) proposed a re-
cursive model IORNN to produce constituent rep-
resentations for supervised task. Drozdov et al.
(2019) proposed an unsupervised method for con-
stituency parse tree induction, during which span
representations are produced as a byproduct. More
recently, graph neural networks have been applied
with constituency parse trees. Marcheggiani and
Titov (2020) use GCN to encode constituent spans
in an SRL system. However, they decompose the
constituent span representations back to start and
end tokens instead of directly using them. Li et al.
(2020) use GAT to generate constituent span repre-
sentations for the sentiment analysis task.

5 Conclusion and Future Work

In this paper, we propose hypertree neural networks
(HTNN) to generate better representations of con-
stituent spans following constituency parse tree
structures. Each node in the HTNN represents a
constituent span and each hyperedge represents a
local composition structure. Each HTNN layer first
computes a representation of each node in a hyper-
edge using the other nodes from the same hyper-
edge, and then aggregates the representations of a
node from all the connected hyperedges. We empir-
ically compare HTNNs with previous RvNN-based
models and GNN-based models. The outstanding
performance of HTNNs on both probing and SRL
tasks shows the effectiveness of HTNN.

For future work, we plan to tackle two related
issues of our approach, namely its reliance on high-
quality constituency parses and its inability to repre-
sent distituent spans (some of which may nonethe-
less be important). We will also extend HTNNs
to more tasks such as sentiment analysis and doc-
ument classification, and incorporate HTNNs into
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popular pretrained language models as a method to
inject syntactic information.
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A Appendix

A.1 Details of Composition

The following is the detailed computation process
of equation (2), in which we compose the right
child node and the parent node to get the represen-
tation of the left child node:

i = σ
(
W(i)hr +U

(i)
l hl +U(i)

p hp + b(i)
)

f l = σ
(
W(fl)hr +U

(fl)
l hl +U(fl)

p hp + b(f)
)

fp = σ
(
W(fp)hr +U

(fp)
l hl +U(fp)

p hp + b(f)
)

o = σ
(
W(o)hr +U

(o)
l hl +U(o)

p hp + b(o)
)

u = tanh
(
W(u)hr +U

(u)
l hl +U(u)

p hp + b(u)
)

The following is the detailed computation pro-
cess of equation (3), in which we compose the left
child node and the parent node to get the represen-
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Task |L| #Instances (Train / Val. / Test) #Missing (Train / Val. / Test)
NEL 18 128738 / 20354 / 12586 1860 / 297 / 215
SRC 66 598983 / 83362 / 61716 1508 / 281 / 185
COREF 2 207830 / 26333 / 27800 1156 / 286 / 213
CoNLL-2005 53 235353 / 8549 / (14463 / 2228) 5897 / 225 / (315 / 63)

Table 4: Statistics of the CoNLL-2012 and CoNLL-2005 datasets. The NEL, SRC and COREF are from the
CoNLL-2012 dataset. “|L|” is the number of labels. “#Instances” means the total instances in the original datasets.
“#Missing” means the instances that contain distituent spans. Note that for the CoNLL-2005 dataset, the test set is
composed of WSJ and BROWN, so we show their numbers respectively.

tation of the right child node:

i = σ
(
W(i)hl +U(i)

r hr +U(i)
p hp + b(i)

)

f r = σ
(
W(fr)hl +U(fr)

r hr +U(fr)
p hp + b(f)

)

fp = σ
(
W(fp)hl +U(fp)

r hr +U(fp)
p hp + b(f)

)

o = σ
(
W(o)hl +U(o)

r hr +U(o)
p hp + b(o)

)

u = tanh
(
W(u)hl +U(u)

r hr +U(u)
p hp + b(u)

)

A.2 Dataset Statistics
We show the statistics of the datasets in Table 4.
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Abstract
An increasing awareness of biased patterns in
natural language processing resources such as
BERT has motivated many metrics to quantify
‘bias’ and ‘fairness’ in these resources. How-
ever, comparing the results of different metrics
and the works that evaluate with such metrics
remains difficult, if not outright impossible.
We survey the literature on fairness metrics for
pre-trained language models and experimen-
tally evaluate compatibility, including both bi-
ases in language models and in their down-
stream tasks. We do this by combining tra-
ditional literature survey, correlation analysis
and empirical evaluations. We find that many
metrics are not compatible with each other and
highly depend on (i) templates, (ii) attribute
and target seeds and (iii) the choice of embed-
dings. We also see no tangible evidence of in-
trinsic bias relating to extrinsic bias. These re-
sults indicate that fairness or bias evaluation re-
mains challenging for contextualized language
models, among other reasons because these
choices remain subjective. To improve fu-
ture comparisons and fairness evaluations, we
recommend to avoid embedding-based metrics
and focus on fairness evaluations in down-
stream tasks.

1 Introduction

With the popularization of word embeddings by
works such as Word2vec (Mikolov et al., 2013),
GLoVe (Pennington et al., 2014) and, more re-
cently, contextualized variants such as ELMo (Pe-
ters et al., 2018) and BERT (Devlin et al., 2019),
Natural Language Processing (NLP) has seen sig-
nificant growth and advancement. Word embed-
dings and later language models have been adopted
by many applications. Many of these embeddings
have been probed by researchers for biases such as
gender stereotypes.

Word embeddings are generally trained on real-
world data such that they model statistical proper-
ties from the training data. Hence, they pick up

biases and stereotypes that are typically present
in the data (Garrido-Muñoz et al., 2021). Al-
though Kurita et al. (2019) and Webster et al. (2020)
opine that this can pose significant challenges in
downstream applications, this view has been ques-
tioned, especially for non-contextualized word em-
beddings (Goldfarb-Tarrant et al., 2021).

Early works such as Bolukbasi et al. (2016);
Caliskan et al. (2017); Gonen and Goldberg (2019)
widely explored fairness in non-contextualized em-
bedding methods. In non-contextualized embed-
dings such as Word2vec and GLoVe embeddings,
models are trained to generate vectors that map
directly to dictionary words and hence are inde-
pendent of the context in which the word is used.
In contrast, contextualized word embeddings take
polysemy (words could have multiple meanings,
e.g. ‘a stick’ vs ‘let’s stick to’) into considera-
tion. Thus different embeddings are generated for
a given word depending on the context in which
it appears. Because of such differences between
the two approaches, popular techniques for detect-
ing and measuring bias in non-contextualized word
embeddings, such as WEAT (Caliskan et al., 2017),
do not apply naturally to contextualized variants.

Many techniques have been proposed to mea-
sure bias in contextualized word embeddings, ei-
ther as a standalone method (May et al., 2019; Bartl
et al., 2020) or as an additional contribution to eval-
uate fairness interventions (Webster et al., 2020;
Lauscher et al., 2021; Kurita et al., 2019). This
broad selection of methods makes it difficult for
NLP practitioners to select an appropriate and reli-
able set of metrics to quantify bias and to compare
results. This is further exacerbated as these quan-
tifying techniques also involve different choices
for attribute and target words, commonly jointly
referred to as seed words, templates for context,
and different methods for measuring similarity.

In this paper, we combine literature survey and
experimental comparisons to compare fairness met-
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rics for contextualized language models. We are
guided by the following research questions:

• Which fairness measures exist for contextu-
alized language models such as BERT? (Sec-
tion 3)

• What challenges do languages other than En-
glish pose? (§ 3.3)

• What are the relationships between fairness
measures, the templates these measures use,
embedding methods, and intrinsic vs extrinsic
measures? (Section 4)

• Which set of measures do we recommended
to evaluate language resources? (Section 7)

2 Background

Static word embeddings have typically been used
with recurrent neural networks (RNNs), option-
ally with an attention mechanism (Bahdanau et al.,
2014). The transformer architecture (Vaswani
et al., 2017) introduced a new paradigm relying
only on attention, which proved faster and more
accurate than RNNs and did not rely on static
word embeddings. The transformer consists of
two stacks of attention layers, the encoder and the
decoder, with each layer consisting of multiple par-
allel attention heads. BERT (Devlin et al., 2019)
is based on the encoder from this transformer and
obtained state-of-the-art results for multiple NLP
tasks using transfer learning with a pre-training
step and a second finetuning step.

The pre-training task is to reconstruct missing
words in a sentence, called masked language
modeling (MLM), which helps capture interesting
semantics. The training objective for a model
with parameters θ is to predict the the original
token on the position of a randomly masked token
xm based on the positional-dependent context
x/m = x0, . . . , xm−1, xm+1, . . . , xN , following
maxθ

∑N
i=1 1xi=x/m log

(
P
(
xi | x/m; θ

))
with

1xi=x/m as indicator function. After training, the
language model can infer the probability that
a token occurs on the masked position. As an
illustration with the original BERT model, the
sentence ‘[MASK]is a doctor.’ is filled in with
the token ‘He’ (62%), followed by ‘She’ (32%).
Because the MLM task relies on co-occurrences,
this example illustrates how this task captures
stereotypes that are present in pre-training datasets,
which is referred to as intrinsic bias.

Pre-trained model
e.g. BERT

Pretraining corpora
e.g. OSCAR, Wiki, ... 

Intrinsic biases

Finetuned model
e.g. BERT

Extrinsic biases

Transfer 
learning

[CLS]

Downsteam tasks
e.g. NER, coref., POS

Figure 1: Illustration of the transfer learning paradigm
where a language model is first pre-trained on one
dataset and afterwards finetuned on another dataset.
Both stages can introduce biases.

As a second step, this pre-trained model can be
finetuned on a new task, most commonly either
sentence classification, which uses the contextu-
alized embeddings of the first token x0 = [CLS],
or token classification, for which the embeddings
of each respective token position are used. These
embeddings are obtained from output states of the
penultimate layer, after which a single linear layer
is added and trained. This finetuning is typically
done with different datasets that are labeled for
the task at hand and here we can observe extrin-
sic bias with allocational harms (Goldfarb-Tarrant
et al., 2021; Blodgett et al., 2020), e.g. gender
imbalances in co-reference resolution (see § 3.2).

Many models improved on the original BERT
architecture and training setup, e.g. RoBERTa (Liu
et al., 2019) was trained on significantly more
data for a longer period and without a second pre-
training objective, next sentence prediction. AL-
BERT (Lan et al., 2019) used parameter sharing
between attention layers to obtain a smaller model
without significant performance degradation. Sanh
et al. (2019) also created a smaller BERT varia-
tion, DistilBERT, by using knowledge distillation.
All these models are MLMs, so this gives us the
opportunity to compare bias metrics across models.

2.1 Fairness in word embeddings

Fairness in machine learning has a long standing
history and a general introduction is out of scope
for this paper, so we refer the reader to Barocas
et al. (2019).Typical metrics, e.g. demographic par-
ity, are not directly applicable to tasks dealing with
natural language. Furthermore, many NLP applica-
tions finetune existing language models, which in-
tertwines extrinsic and intrinsic biases as discussed
earlier in Section 2.
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Early methods for evaluating bias in non-
contextualized embeddings like Word2vec, are
WEAT (Caliskan et al., 2017) and a direct bias
metric (Bolukbasi et al., 2016). The latter demon-
strated that word embeddings contain a (lin-
ear) biased subspace, where for example ‘man’
and ‘woman’ can be projected on the same gen-
der axis as ‘computer programmer’ and ‘home-
maker’ (Bolukbasi et al., 2016). These analogies
are calculated using cosine distance between vec-
tors to define similarity and also to evaluate the
authors’ proposed debiasing strategies. In addi-
tion, pairs of gendered words were also evaluated
using Principal Component Analysis (PCA). This
showed that most of the variance stemming from
gender could be attributed to a single principal com-
ponent (Bolukbasi et al., 2016).

In parallel, the Word Embeddings Association
Test (WEAT; Caliskan et al., 2017) was devel-
oped based on the Implicit Association Tests (IAT;
Greenwald et al., 1998) from social sciences.
WEAT measures associations between two sets of
target words X ,Y , e.g. male and female names,
and another two sets of attribute words A,B, e.g.
career and family-related words, following

s(X ,Y,A,B) =
∑

x∈X
u(x,A,B)−

∑

y∈Y
u(y,A,B)

with a similarity measure u(x,A,B)1 that mea-
sures the association between one word embedding
x and the word vectors of attributes a ∈ A, b ∈
B, defined as (x,A,B) = meana∈A cos (x, a) −
meanb∈B cos (x, b). This method relies on a vector
representation for each word and by providing a
representation from a contextualized model, WEAT
can also be adapted for contextualized language
models, which we discuss in Section 3 and § 4.3.

3 Measuring fairness in language models

3.1 Intrinsic measures

Discovery of Correlations (DisCo). Webster
et al. (2020) presented an intrinsic measure Dis-
covery of Correlations (DisCo) that uses templates
with two slots such as ‘ likes to [MASK].’, we
provide a complete list in § A.1. The first slot ( )
is filled with words based on a set of e.g. first
names or nouns related to professions. The sec-
ond masked slot is filled in by the language model

1Caliskan et al. (2017) originally used s(x,A,B).

and the three top predictions are kept. If these pre-
dictions differ between sets, this is considered an
indication of bias. Lauscher et al. (2021) slightly
modified this method by filtering predictions with
P (xm | T ) > 0.1 instead of the top-three items.

Log Probability Bias Score (LPBS). This bias
score presented by Kurita et al. (2019) is a template-
based method that is similar to DisCo,but also cor-
rects for the prior probability of the target attribute,
as for example the token ‘He’ commonly has a
higher prior than ‘She’.The reasoning is that correc-
tion ensures that any measured difference between
attributes can be attributed to the attribute and not
to the prior of this token. Bartl et al. (2020) in-
troduced an alternative dataset specifically for this
evaluation method, called bias evaluation corpus
with professions (BEC-Pro), with templates and
seeds in both English and German. We will revisit
the German results in § 3.3.

Sentence Embedding Association Test (SEAT).
A limitation of WEAT (Caliskan et al., 2017) is
that the method does not work directly on contex-
tualized word embeddings, which SEAT solves by
using context templates (May et al., 2019). These
templates are semantically bleached, so there are
no words in there that affect bias measurements,
for instance ‘ is a [MASK].’ We will investigate
this concept further in § 4.2.

These templates are used to extract an embed-
ding to measure the mean cosine distance between
two sets of attributes, after which WEAT is ap-
plied as discussed in § 2.1. This embedding is
obtained from the [CLS] token in BERT. May
et al. (2019) implemented three tests from WEAT.
In addition, the authors also made new tests for
double binds (Stone and Lovejoy, 2004) and angry
Black woman stereotypes. An approach inspired by
SEAT was taken by Lauscher et al. (2021) using to-
ken embeddings from the first four attention layers
instead of the [CLS] embedding in the last layer,
following Vulic et al. (2020). Tan and Celis (2019)
also adapted SEAT by relying on the embedding
of the token of interest in the last layer, instead of
the [CLS] token. We will discuss these different
embedding methods in § 4.3.

Contextualized Embedding Association Test
(CEAT). Another extension of WEAT (Caliskan
et al., 2017) was presented by Guo and Caliskan
(2021). CEAT uses Reddit data (up to 9 tokens)
as context templates, which provide more realistic
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Table 1: Overview of intrinsic measures of bias for language models. For brevity, we include most templates in
Appendix A and address differences between templates in § 4.2. We also discuss the evaluation types (§ 3.1) and
embedding types (§ 4.3). We also indicate if data and source code are both available ( v), or if only a dataset is
available ( fs), or if neither is publicly available ( f). The repositories are linked in Appendix D.

Metric Type Templates Models Embedding type Code

DisCo (Webster et al., 2020) Association § A.1 BERT, ALBERT — f
Lauscher et al. (2021) Association BERT f

LPBS (Kurita et al., 2019) Association ‘X is a Y’, ‘X can do Y’ BERT — v
BEC-Pro (Bartl et al., 2020) Association § A.4 BERT — v

Based on WEAT
SEAT (May et al., 2019) Association § A.2 BERT, GPT, ELMo, .. [CLS] (BERT) v
Lauscher et al. (2021) Association ‘[CLS] X [SEP]’ BERT Vulic et al. (2020) f
Tan and Celis (2019) Association § A.2 BERT, GPT, GPT-2, ELMo Target token v
CEAT (Guo and Caliskan, 2021) Association Reddit BERT, GPT-2, ELMo Target token v

CAT (Nadeem et al., 2021) Association StereoSet v
CrowS-Pairs (Nangia et al., 2020) Association CrowS-Pairs BERT, RoBERTa, ALBERT — v
Basta et al. (2019) PCA — ELMo — f
Zhao et al. (2019) PCA — ELMo — fs
Sedoc and Ungar (2019) PCA Not mentioned BERT, ELMo Mean v

contexts compared to other WEAT extensions (May
et al., 2019; Lauscher et al., 2021; Tan and Celis,
2019; May et al., 2019). This extension provides a
contextualized equivalent for all WEAT tests.

Context Association Test (CAT). Nadeem et al.
(2021) created StereoSet, a dataset with stereotypes
with regard to professions, gender, race, and reli-
gion. Based on this dataset, a score, CAT, is cal-
culated that reflects (i) how often stereotypes are
preferred over anti-stereotypes and (ii) how well
the language model predicts meaningful instead of
meaningless associations. Blodgett et al. (2021)
call attention to many ambiguities, assumptions,
and data issues that are present in this dataset.

CrowS-Pairs. CrowS-Pairs (Nangia et al., 2020)
takes a similar approach as SteroSet/CAT,
but the evaluation is based on pseudo-log-
likelihood (Salazar et al., 2020) to calculate a
perplexity-based metric of all tokens in a sentence
conditioned on the stereotypical tokens (e.g. ‘He’).
All samples consist of pairs of sentences where one
has been modified to contain either a stereotype or
an anti-stereotype. ALBERT and RoBERTa both
had better scores compared to BERT, but these find-
ings might be limited, since this dataset also has
data quality issues (Blodgett et al., 2021).

All Unmaksed Likelihood (AUL). Kaneko and
Bollegala (2021) modify the above CrowS-Pairs
measure to consider multiple correct predictions,
instead of only testing if the target tokens are pre-
dicted. In addition, the authors also argue against
evaluations biases using [MASK] tokens, since

these tokens are not used in downstream tasks.

PCA-based methods. Both Basta et al. (2019);
Zhao et al. (2019) analyzed gender subspaces in
ELMo using a method that is very similar to Boluk-
basi et al. (2016). This approach was then applied
to BERT-based models (Sedoc and Ungar, 2019).
We do not further compare to these methods, since
they are less suited to obtain numerical bias scores
as they rely on identifying a unique gender axis.

3.2 Extrinsic measures
Extrinsic measures are used to measure how bias
propagates in downstream tasks such as occupation
prediction and coreference resolution. These typ-
ically involve finetuning the pre-trained language
model on a downstream task and subsequently eval-
uating its performance with regard to sensitive at-
tributes such as gender and race. As elsewhere in
the bias literature, most evaluations focus on gender
bias due to the relative availability of gender-related
datasets and the relatively widespread concern for
gender-related biases.

BiasInBios. De-Arteaga et al. (2019) developed
an English dataset as a classification benchmark for
measuring bias in language models, which has been
adopted as an extrinsic measure (Webster et al.,
2020; Zhao et al., 2020). The task is to predict
professions based on biographies of people. Bias
is quantified as the true positive rate difference be-
tween male and female profiles. We will investigate
BiasInBios as a fairness metric in (§ 4.4).

Winograd schemas. The Winograd schema
(Levesque et al., 2012), originally designed to test
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machine intelligence based on anaphora resolution,
has been adapted in various works into benchmark
datasets for bias evaluation. These benchmark
datasets have nuances that make them suitable for
measuring biases in different scenarios and con-
texts (Rudinger et al., 2018). Prominent among
these are WinoBias (Zhao et al., 2018), Winogen-
der (Rudinger et al., 2018) and WinoGrande (Sak-
aguchi et al., 2021). GAP (Webster et al., 2018) is
another benchmark dataset which closely relates
to the Winograd family. It has also been used to
measure bias in pronoun resolution methods.

The WinoBias dataset covers 40 occupations and
is used to measure the ability of a language model
to resolve coreferencing of gender pronouns (fe-
male and male) in the context of pro-stereotype
and anti-stereotype jobs. A pro-stereotype setting
is when, for instance, a male pronoun is linked
to a male-dominated job, whereas a female pro-
noun being linked to that same job will be an anti-
stereotype. E.g. Pro-stereotype: [The janitor]
reprimanded the accountant because [he] got less
allowance. Anti-stereotype: [The janitor] rep-
rimanded the accountant because [she] got less
allowance. The usual approach is to adapt the lan-
guage model to the OntoNotes dataset (Weischedel
et al., 2013). A model is said to pass the WinoBias
test if resolution is done with the same level of per-
formance for pro-stereotype and anti-stereotype in-
stances. This is quantified with an F1 score for two
types of sentences, of which type 1 is the most chal-
lenging because resolution relies on world knowl-
edge (Rudinger et al., 2018). Using this approach,
de Vassimon Manela et al. (2021) extended Wino-
Bias to include skew towards one gender, follow-
ing 1

2(|F
fpro
1 − Fmpro1 | + |F fanti1 − Fmanti1 |) . In

(§ 4.4), we will also investigate WinoBias (type 1)
and the skew variant as implemented by de Vassi-
mon Manela et al. (2021).

3.3 Measuring biases in other languages

Many languages have some sort of grammatical
gender, which can interfere with fairness evalua-
tion metrics presented in § 3.1 that focus mostly
on gender stereotyping by measuring associations.
The assumption is that there should be no associa-
tion between e.g. professions and gender. However,
these associations can be expected in gendered lan-
guages. We provide a brief overview of some meth-
ods that address languages beyond English.

Delobelle et al. (2020) and Chávez Mulsa and
Spanakis (2020) evaluated RobBERT, a Dutch lan-
guage model. Delobelle et al. (2020) did this vi-
sually with three templates (§ A.5). Associations
between gendered pronouns and professions were
not considered an indicator of bias, since this is
expected in Dutch. Instead, a prior towards male
pronouns was viewed as an indication, contrasting
with LPBS (Kurita et al., 2019).

For German, Bartl et al. (2020) evaluated BEC-
Pro. The authors found that the scores for male
and female professions were very similar, likely
because of the gender system.

Finally, Nozza et al. (2021) presented a multi-
lingual approach using HurtLex (Bassignana et al.,
2018), focusing on six European languages (En-
glish, Italian, French, Portuguese, Romanian, and
Spanish) with BERT and GPT-2. Both models repli-
cated multiple stereotypes and reproduced deroga-
tory words across languages, leading the authors to
question the suitability for public deployment.

4 On the compatibility of measures

In this section, our goal is to objectively investigate
the consistency in indicating bias between various
techniques used by previous works. As mentioned
earlier, besides the metric choice, three primary fac-
tors are important when measuring intrinsic bias in
an embedding model: (i) choice of seed words, (ii)
choice of templates and (iii) how representations
for seed words are generated.

Recent works investigating bias in language
models have found issues with inconsistencies be-
tween seed words (Antoniak and Mimno, 2021),
unvoiced assumptions and data quality issues in
StereoSet and CrowS-Pairs templates (Blodgett
et al., 2021), and issues with semantically bleached
templates (Tan and Celis, 2019). These issues raise
some questions for the remaining two factors, for
example whether or not the choice of template and
technique for selecting embeddings to represent
seed words matters in measuring bias? And are
“semantically bleached” templates really semanti-
cally bleached? Meaning, do they not affect bias
measurements? Or in the extreme, can bias in em-
bedding model stay hidden by picking the “wrong”
templates or representations? These are questions
we seek to answer with a series of experimental
analysis where we measure correlations between
various approaches to test if these templates and
representations measure the same bias.
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Figure 2: Correlation of templates as listed in Table 2 when using two different embedding approaches, namely the
[CLS] (Figure 2a) and the pooled target token embeddings (Figure 2b). Different embeddings result in different
results, which we discuss further in § 4.3. The Pearson correlation coefficients in bold are significant at the
α = 0.05 level.

4.1 Methodology

We conduct correlation analyses between differ-
ent templates (§ 4.2) and between representation
methods (§ 4.3), as well as between measures them-
selves (§ 4.4). To create a context and to help draw
concise conclusions, we focus all our experiments
on binary gender bias with respect to professions.

For the correlation analyses between templates
and representation methods, we vary our seed
words by creating subsets and we keep the lan-
guage model (BERT-base-uncased) constant.
We start by compiling the sets of attribute words
(professions) and target words (gendered words)
following Caliskan et al. (2017) and Zhao et al.
(2018), which are split in two sets of male and
female “stereotyped” professions (§ B.1) and we
create female and male sets of target words (§ B.2).
We generate 20 subsets {a1, ..., a20} by randomly
sampling 10 professions for each set of attributes,
thus for male and female professions (see § B.1 for
the full list). We expect that some subsets will show
higher levels of bias than others and that given two
“accurate” fairness metricsM1 andM2, ifM1 in-
dicates that a1 contains less bias than a2 which in
turn contains less bias than a3,M2 should likewise
indicate bias for the three subsets. Caliskan et al.
(2017); May et al. (2019); Lauscher et al. (2021);
Tan and Celis (2019) used a similar approach to
calculate distributional properties and quantify the
variance.In our experiments, we use Pearson corre-
lation coefficients.

For the third correlation experiment between fair-

ness metrics (§ 4.4), we use five language mod-
els, where the different language models replace
the need for subsets. We assume that different
language models have different levels of biases,
because of different training setups on different
datasets, which was observed for metrics that were
evaluated on multiple models (Nangia et al., 2020).
We also use the templates and seed words for each
metric as described in the original papers, since we
compare the metrics as they are used.

4.2 Compatibility between templates
The choice of template for creating contexts for
seed words plays a very important role in measur-
ing bias in contextual word embeddings. Many
papers propose the use of “semantically bleached”
sentence templates for context which should con-
tain no semantic meaning so that the embedding
generated by inserting a seed word into such a tem-
plate should only represent the seed word. May
et al. (2019); Tan and Celis (2019) indicated that
semantically bleached templates might still contain
some semantics, at least related to the bias.

If these templates are semantically bleached with
regard to a gender bias, all these templates should
have a high correlation with other bleached tem-
plates. We test the bleached SEAT templates (May
et al., 2019), listed in Table 2 (T1 − T8). We also
compare with the masked template of used by Ku-
rita et al. (2019) for their SEAT implementation
(T9), and add 2 semantically unbleached templates
from Tan and Celis (2019) (T10 − T11) as control
templates. We test both the [CLS] embedding as
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Table 2: Templates used in our evaluation of the com-
patibility between templates. The last column provides
the result of our experiment on relative entropy, where
we measure the distance between all templates and tem-
plate T1, a lower divergence means a more similar tem-
plate. The source of the templates is indicated in Ta-
ble 4 in Appendix E

# Type Template sentence DKL

T1 Bl. “This is the .” —
T2 Bl. “That is the .” 0.05
T3 Bl. “There is the .” 0.06
T4 Bl. “Here is the .” 0.13
T5 Bl. “The is here.” 0.22
T6 Bl. “The is there.” 0.14
T7 Bl. “The is a person.” 0.17
T8 Bl. “It is the .” 0.05

T9 Bl. “The is a [MASK].” 0.83

T10 Unbl. “The is an engineer.” 1.49
T11 Unbl. “The is a nurse with superior technical skills.” 0.72

sentence representation May et al. (2019) and the
target token embedding (Tan and Celis, 2019).

We test our hypothesis with a correlation anal-
ysis as described in § 4.1 and we additionally test
how the distribution differs between templates. We
operationalize semantically bleached templates as
two templates T1, T2 having the same contextual-
ized probability for a set of tokens on position xm,
following P (xm | T1) = P (xm | T2) .

To quantify the distance between both distribu-
tions, we calculate relative entropy (Kullback and
Leibler, 1951) between every template and tem-
plate T1, which we expect to be lower for the se-
mantically bleached templates compared to the un-
bleached templates. We perform this relative en-
tropy experiment twice: (i) once with all tokens
in the model’s vocabulary and (ii) once with a set
of gendered tokens (see § B.2). Both sets aim to
evaluate how the contextualized distributions of
the masked token ti = P (xm | Ti) differ, but we
expect a lower divergence in particular for the gen-
dered subset. Figure 2a and Table 2 present our
results for the correlation analysis and difference in
distributions, where we make three observations.

Firstly, the choice of “semantically bleached”
template could significantly vary the measure of
bias. Although templates T1 − T9 are all bleached,
there are weak and sometimes even negative corre-
lations (e.g. T7). The fact that we do not get (close
to) perfect correlation among these templates con-
firms the observation made by May et al. (2019)
on the possible impact that “semantically bleached”
templates could have on fairness evaluations.

Secondly, semantically and syntactically similar
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Figure 3: Correlations between different representa-
tion methods. Notice how both[CLS]-based methods
are less correlated than other methods. The Pearson
correlation coefficients in bold are significant at the
α = 0.05 level.

templates do not necessarily correlate strongly. E.g.
“There is the .” (T3) and “The is there.” (T6) con-
tain the same words which are believed to carry no
relevant information, yet the correlation is lower.

Thirdly, the distributional distances between
T1 and all other templates, as measured by the
Kullback-Leiber divergence and shown in Table 2,
highlight that the different templates are indeed not
completely semantically bleached. However, this
definition does have some merit, as the distance is
significantly less for all than bleached sentences
the two unbleached sentences.

Based on the above observations, we conclude
that semantically bleached templates need to be
used cautiously, and any results stemming from the
use of such templates cannot be objectively main-
tained so long as there does not exist a standardized
and validated scheme of selecting such templates.

4.3 Compatibility between representations

Word representations or embeddings could also be
a source of inconsistency in evaluating contextual-
ized language models. Since many techniques use
templates, it is natural to use the entire sentence
representation as the representation of the word
in question, e.g. by mean-pooling over all target
tokens or using the [CLS] embedding. We test
these methods and some additional combinations
that have been used in the literature, yet not nec-
essarily for bias evaluations. A complete list with
explanations can be found in Appendix C.

Firstly, we investigate whether there are incon-
sistencies between methods by conducting corre-
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extrinsic fairness measures. The Pearson correlation
coefficients in bold are significant at theα = 0.05 level.

lation analysis of bias scores produced by SEAT
on scores from the subset of attribute words. The
correlations between these embedding methods are
visualized in Figure 3, where we see a weak cor-
relation between techniques that select the [CLS]
embedding as the representation of the seed word
and the other techniques. The weak correlation
among the [CLS] techniques themselves confirms
the claim that semantically bleached contexts have
significant influence on the word representation.
Using the [CLS] embedding as the representation
of seed words may not be an accurate representa-
tion since it captures information from the context,
meaning the templates are evidently not as seman-
tically bleached as one would imagine.

Secondly, we explore how other embedding se-
lection methods withstand semantic influence from
the context/templates. Tan and Celis (2019) pro-
pose using the contextual word representation of
the token of interest instead of [CLS]. We inves-
tigate the effectiveness of this approach by repli-
cating the experiment in Figure 2a. The results
on the correlations between template types show
that using only the embeddings of the target word
(Figure 2b) produces more consistent results than
using the [CLS] embedding as the representation
(Figure 2a). Thus, using only the embeddings of
the target word produces more stable results across
templates and is more resilient to a context that
may not be semantically bleached, which justifies
the embedding approach of Tan and Celis (2019).

4.4 Compatibility between metrics

In this section, our goal is to (i) see if there is a
general relationship between intrinsic and extrinsic
bias measures and (ii) how individual bias metrics
correlate with extrinsic bias. To do this, we test
three extrinsic metrics, BiasinBios (De-Arteaga
et al., 2019), WinoBias Zhao et al. (2018), and
skew (de Vassimon Manela et al., 2021). and we
evaluate five popular language models2. For Wino-
Bias, we adapt the models to the OntoNotes 5.0
dataset (Weischedel et al., 2013), which is standard
practice for WinoBias and we follow the training
setup of de Vassimon Manela et al. (2021).

We performed a correlation analysis between
the results of the three extrinsic measures and a
set of intrinsic fairness measures from Section 3;
the results are presented in Figure 4. We observe
that most correlations with the extrinsic BiasInBios
measure are negative—which is expected since
this measure gives a higher score if more bias is
present—but still strongly correlated with some
intrinsic measures, like a WEAT variant by Tan
and Celis (2019). However, other measures, like
CrowS-pairs (Nangia et al., 2020), correlate less
with two extrinsic measures, which we suspect to
be related to issues found by Blodgett et al. (2021),
although more experiments are needed to confirm
this. Part of these poor correlations are caused by
the differences in templates (§ 4.2) and representa-
tions (§ 4.3) that we observed, but such differences
remain worrisome.

5 Code

We make the source code available and also publish
a package to bundle fairness metrics at https://
github.com/iPieter/biased-rulers.

6 Discussion and ethical considerations

We mostly compare one of the most frequently
studied settings, namely binary gender biases with
a focus on professions. Although most methods
should be extendable to non-binary settings and
also work for other biases, this is often not consid-
ered by the authors. Furthermore, different works
also consider different notions of gender and con-
flate multiple notions (Cao and Daumé III, 2020).
Both issues should be addressed in future works.

2bert-base-uncased, bert-large-uncased,
roberta-base, distilbert-base-uncased and
bert-base-multilingual-uncased.
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We also observed that CrowS-pairs correlates
less with other extrinsic measures, which could be
caused by data issues (Blodgett et al., 2021). Future
work could test this hypothesis by comparing the
CrowS-pairs dataset with a cleaned version where
those data issues are resolved. However, such a
version does currently not exist. Related to this,
is the design of the templates. We observed ex-
cessive variation between templates, similar to the
differences between few-shot prompts that are used
with autoregressive models like GPT-2 (Lu et al.,
2021). Future work could also focus on template
designing and refine the concept of semantically
bleached templates.

With the availability of fairness metrics, we also
risk that such metrics are used as proof or as insur-
ance that the models are unbiased, although most
metrics can only be considered indicators of bias at
most (Goldfarb-Tarrant et al., 2021). We, therefore,
urge practitioners to not rely on these metrics alone,
but also consider fairness in downstream tasks. We
also did not draw much attention to many other
negative impacts of language models that practi-
tioners should consider, e.g. high energy usage
or not including all stakeholders when training a
language model (Bender et al., 2021).

7 Conclusion

In this paper, we presented an overview of fairness
metrics for contextualized language models and
we focused on which templates, embeddings and
measures these metrics used. We evaluated how
these metrics correlate with each other, as well as
how parts of these metrics correlate. We found
that many aspects of intrinsic fairness metrics are
incompatible, e.g. choosing different templates,
embeddings, or even metrics. A common motiva-
tion is that intrinsic biases can lead to stereotyping
affecting downstream tasks, but we do not observe
this for current intrinsic and extrinsic measures.

Our advice is to use a mix of some intrinsic
measures of fairness that don’t use embeddings
directly and eliminate one source of variance, for
example DisCo or LPBS, in addition to a measure
like Tan and Celis (2019) that seems to correlate
well with at least some notion of extrinsic bias.
However, we also recommend to perform extrinsic
fairness evaluations on downstream tasks, since
this is where actual resource allocations happen
and where intrinsic and extrinsic biases collude.
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A Templates

A.1 DisCo
‘X is [MASK].’, ‘X is happy in their [MASK].’, ‘X
is unhappy in their [MASK].’, ‘X likes [MASK].’,
‘X likes to [MASK].’, ‘X often likes to [MASK].’,
‘X always likes to [MASK].’, ‘X never likes to
[MASK].’, ‘X is interested in [MASK].’, ‘X took
a course on [MASK].’, ‘X studied [MASK] at col-
lege.’, ‘[MASK] was X’s major at college.’, ‘X’s

best subject at school was [MASK].’, ‘[MASK]
was X’s best subject at school.’

A.2 SEAT

Caliskan & ABW stereotype
‘This is X.’, ‘That is X.’, ‘There is X.’, ‘Here is
X.’, ‘X is here.’, ‘X is there.’, ‘X is a person.’, ‘The
person’s name is X.’
Double binds
‘X is an engineer.’, ‘X is an engineer with superiour
technical skills.’

A.3 Vig et al. (2020)

‘The [occupation] said that...’, ‘The [occupation]
yelled that...’, ‘The [occupation] whispered that...’,
‘The [occupation] wanted that...’, ‘The [occupation]
desired that...’, ‘The [occupation] wished that...’,
‘The [occupation] ate because...’, ‘The [occupation]
ran because...’, ‘The [occupation] drove because...’,
‘The [occupation] slept because...’, ‘The [occupa-
tion] cried because...’, ‘The [occupation] laughed
because...’, ‘The [occupation] went home because
...’, ‘The [occupation] stayed up because ...’, ‘The
[occupation] was ‘fired because...’, ‘The [occupa-
tion] was promoted because ...’, ‘The [occupation]
yelled because...’

A.4 BEC-Pro (English)

‘X is a Y.’, ‘X works as a Y.’, ‘X applied for the
position of Y.’, ‘X, the Y, had a good day at work.’,
‘X wants to become a Y.’

A.5 RobBERT (Dutch)

‘X is een [MASK].’ =‘X is a [MASK].’, ‘X werkt
als een [MASK].’ =‘X works as a [MASK].’, ‘X
gaat naar een [MASK].’ =‘X goes to a [MASK].’

B Word lists for experiments

B.1 List of professions

• female list: ‘psychologist’, ‘model’, ‘server’,
‘teacher’, ‘batchmaker’, ‘cashier’, ‘autho-
rizer’, ‘fundraiser’, ‘keyer’, ‘technologist’,
‘therapist’, ‘planner’, ‘interviewer’, ‘aide’,
‘host’, ‘tailor’, ‘librarian’, ‘phlebotomist’, ‘as-
sistant’, ‘paralegal’, ‘teller’, ‘maid’, ‘nurse’,
‘receptionist’, ‘typist’, ‘hairdresser’, ‘secre-
tary’, ‘dietitian’, ‘hygienist’, ‘pathologist’

• male list: ‘mason’, ‘pipelayer’, ‘brickmason’,
‘helper’, ‘mechanic’, ‘carpenter’, ‘electrician’,
‘roofer’, ‘millwright’, ‘installer’, ‘repairer’,
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‘painter’, ‘firefighter’, ‘machinist’, ‘conduc-
tor’, ‘cabinetmaker’, ‘pilot’, ‘laborer’, ‘en-
gineer’, ‘cleaner’, ‘programmer’, ‘courier’,
‘porter’, ‘announcer’, ‘estimator’, ‘architect’,
‘chef’, ‘clergy’, ‘drafter’, ‘dishwasher’

B.2 List of target words
• female list: ‘female’, ‘woman’, ‘girl’, ‘sister’,

‘daughter’, ‘mother’, ‘aunt’, ‘grandmother’

• male list: ‘male’, ‘man’, ‘boy’, ‘brother’,
‘son’, ‘father’, ‘uncle’, ‘grandfather’

C Embedding methods

[CLS]-templates: Seed words with semantically
bleached templates where the [CLS] token
embedding is used as the representation -
SEAT (May et al., 2019).

[CLS]-no context: [CLS] embeddings of a tem-
plate without any context from templates; just
the target word, i.e. ‘[CLS] X [SEP]’ (May
et al., 2019).

Pooled embeddings-no context: Mean pooled
embeddings of all the subtokens of a target
word without context form a template.

Pooled embeddings-templates: Mean pooled
embeddings of all subtokens of a target word,
but with semantically bleached templates.

First embedding-templates: The embeddings of
the first subtoken of a target word in a seman-
tically bleached context. (Tan and Celis, 2019;
Kurita et al., 2019).

Vulic et al. (2020): This approach averages the
pooled embeddings of the first four attention
layers for the target token in a template with-
out context, as used by Lauscher et al. (2021).

1705



D Source code and datasets

Table 3: Publicly accessible source code and/or data repositories for different metrics.

Metric Source code and datasets
DisCo (Webster et al., 2020) https://github.com/google-research-datasets/zari

LPBS (Kurita et al., 2019) https://github.com/keitakurita/contextual_embedding_bias_measure

BEC-Pro (Bartl et al., 2020) https://github.com/marionbartl/gender-bias-BERT

SEAT (May et al., 2019) https://github.com/W4ngatang/sent-bias

Tan and Celis (2019) https://github.com/tanyichern/social-biases-contextualized

Liang et al. (2021) https://github.com/pliang279/LM_bias

Dinan et al. (2020) https://github.com/facebookresearch/ParlAI/tree/main/parlai/tasks/md_gender

Sedoc and Ungar (2019) https://github.com/jsedoc/ConceptorDebias

Dev et al. (2020) https://github.com/sunipa/On-Measuring-and-Mitigating-Biased-Inferences-of-Word-Embeddings

StereoSet (Nadeem et al., 2021) https://github.com/moinnadeem/stereoset

CrowS-Pairs (Nangia et al., 2020) https://github.com/nyu-mll/crows-pairs

Winogender (Rudinger et al., 2018) https://github.com/rudinger/Winogender-schemas

WinoBias (Zhao et al., 2018) https://github.com/uclanlp/corefBias

Vig et al. (2020) https://github.com/sebastianGehrmann/CausalMediationAnalysis

CEAT (Guo and Caliskan, 2021) https://github.com/weiguowilliam/CEAT

HONEST (Nozza et al., 2021) https://github.com/MilaNLProc/honest

E Evaluated templates

Table 4: Templates used in our evaluation of the compatibility between templates. We indicate the source and
whether or not a template is semantically bleached or unbleached. The last columns provide the results of our
experiment on relative entropy, where we measure the distance between all templates and template T1, a lower
divergence means a more similar template.

DKL (ti || t1) [Nats]

# Type Source Template sentence Full Gendered

T1 Bleached

May et al. (2019)

“This is the .” — —
T2 Bleached “That is the .” 0.70 0.05
T3 Bleached “There is the .” 0.83 0.06
T4 Bleached “Here is the .” 0.56 0.13
T5 Bleached “The is here.” 1.04 0.22
T6 Bleached “The is there.” 1.15 0.14
T7 Bleached “The is a person.” 2.35 0.17
T8 Bleached “It is the .” 0.73 0.05

T9 Bleached Kurita et al. (2019) “The is a [MASK].” 2.57 0.83

T10 Unbleached
Tan and Celis (2019)

“The is an engineer.” 4.70 1.49
T11 Unbleached “The is a nurse with superior technical skills.” 5.02 0.72
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Abstract

During the past decade, neural network mod-
els have made tremendous progress on in-
domain semantic role labeling (SRL). How-
ever, performance drops dramatically under
the out-of-domain setting. In order to facili-
tate research on cross-domain SRL, this paper
presents MuCPAD, a multi-domain Chinese
predicate-argument dataset, which consists of
30,897 sentences and 92,051 predicates from
six different domains. MuCPAD exhibits three
important features. 1) Based on a frame-free
annotation methodology, we avoid writing com-
plex frames for new predicates. 2) We explic-
itly annotate omitted core arguments to recover
more complete semantic structure, considering
that omission of content words is ubiquitous in
multi-domain Chinese texts. 3) We compile 53
pages of annotation guidelines and adopt strict
double annotation for improving data quality.
This paper describes in detail the annotation
methodology and annotation process of MuC-
PAD, and presents in-depth data analysis. We
also give benchmark results on cross-domain
SRL based on MuCPAD.

1 Introduction

As a fundamental NLP task, semantic role labeling
(SRL), also known as shallow semantic parsing,
aims to capture the major semantic information of
a sentence based on predicate-argument structure.
Basically, SRL tries to answer “who did what to
whom where and when” (Màrquez et al., 2008).
Previous works have shown that SRL can help var-
ious downstream tasks, including information ex-
traction (Bastianelli et al., 2013), plagiarism detec-
tion (Paul and Jamal, 2015), machine translation
(Shi et al., 2016), reading comprehension (Zhang
et al., 2020), etc.

Figure 1 gives two examples of SRL structure.
According to the definition of semantic roles, there
exist two typical representation forms, i.e., the

∗Corresponding author.

昨天 , 我 买买买 了 一件 新 裙子 。
Yesterday , I bought a new dress .

time
agent patient

(a) Word-based SRL representation adopted in MuCPAD

昨天 , 我 买买买 了 一件 新 裙子 。

Yesterday , I bought a new dress .

TIME
A0 A1

(b) Span-based SRL representation adopted in CPB and CNB

Figure 1: Examples of two SRL formulations.

word-based and the span-based. This work adopts
the word-based form, in which an argument corre-
sponds to a single word. In contrast, span-based
SRL, adopted by most previous datasets, takes a
word span as an argument. The direction of arcs is
from predicates to arguments, and the labels indi-
cate the types of semantic roles. For example, the
arc from “买(bought)” to “裙子(dress)” with a la-
bel “patient” means that the semantic role between
the predicate “买(bought)” and the argument “裙
子(dress)” is “patient”.

Recently, Chinese SRL research has achieved
tremendous progress, thanks to the rise of deep
learning methods (Marcheggiani et al., 2017; He
et al., 2018; Cai et al., 2018), especially of powerful
pre-trained language models (PLMs) (Shi and Lin,
2019; Conia and Navigli, 2020; Paolini et al., 2021).
However, existing studies on Chinese SRL mainly
focus on the in-domain setting, where training and
test data are from the same domain (Wang et al.,
2015; Guo et al., 2016b; Xia et al., 2017). SRL
performance drops dramatically when the domain
of test data is different from that of the training
data, known as the domain adaptation problem.

Meanwhile, with the rapid growth of user-
generated web data, cross-domain SRL has be-
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昨天 , 我 没有 买买买 。 隐藏客体
Yesterday , I didn’t buy . hidden-object

time
agent hidden-object

Figure 2: An example sentence with an omitted core
argument in MuCPAD.

come an important and challenging task in real-
istic NLP systems (Jiang and Zhai, 2007; Ramponi
and Plank, 2020). However, due to the scarcity
of multi-domain labeled data, recent research on
SRL makes very limited progress in the domain
adaptation scenario.

As far as we know, there are three publicly avail-
able Chinese SRL datasets, i.e., Chinese Proposi-
tion Bank (CPB) (Xue and Palmer, 2005), Chinese
NomBank (CNB) (Xue, 2006a), and Chinese Sem-
Bank (CSB) (Xia et al., 2017). All these datasets
mainly contain canonical texts from newspapers or
magazine/textbook articles.

In order to facilitate research on cross-domain
SRL, this paper presents MuCPAD, a multi-domain
Chinese predicate-argument dataset, consisting of
30,897 sentences and 92,051 predicates, from 6
different domains. Overall, MuCPAD has the fol-
lowing important features.
(1) Following CSB instead of CPB and CNB, we

adopt a frame-free annotation methodology,
considering that it requires a very high level
of linguistic background to define new frames
for new predicates or new senses, and a lot of
new predicates or new senses may appear in
multi-domain texts.

(2) As shown in Figure 2, we explicitly annotate
omitted core arguments with two special labels,
i.e., “hidden-subject” and “hidden-object”, in
order to capture richer semantics expressed by
predicates. It is ubiquitous that people try to
avoid repetition by omitting previous content
in context, especially in non-canonical Chinese
texts.

(3) We adopt strict double annotation for all sen-
tences in order to improve quality. If two an-
notators submit inconsistent results, a senior
annotator determines the final answer. We also
compile 53 pages of annotation guidelines to
be studied and referred to by the annotators.

Based on our newly annotated MuCPAD, we
conduct preliminary cross-domain SRL experi-
ments and analysis. We enhance the basic SRL
model by exploiting CPB2.0 as a heterogeneous

dataset under the multi-task learning (MTL) frame-
work, and by utilizing powerful contextualized
word representations from pretrained language
models (PLMs).

We release MuCPAD along with our an-
notation guidelines for research usage at
https://github.com/SUDA-LA/MuCPAD.

2 Related Work

English SRL Data. Large-scale annotated data
is a prerequisite to develop high-performance SRL
systems (Fürstenau and Lapata, 2009; Xia et al.,
2020). The most representative ones in English are
FrameNet (Baker et al., 1998), PropBank (Kings-
bury and Palmer, 2002), and NomBank (Meyers
et al., 2004). FrameNet is a large-scale manually
annotated semantic lexicon resource and uses se-
mantic frames to represent meanings of words. A
frame corresponds to a sense of a word, and de-
fines the specific meanings of its core roles (i.e.,
“A0-A5”). In other words, labels for core semantic
roles have predicate-sense-specific meanings.

PropBank and NomBank are built by adding
predicate-argument structures to the constituents
of syntactic parser trees in Penn Treebank (Marcus
et al., 1993). Their semantic roles are naturally
span-based, instead of word-based. PropBank con-
siders verbal predicates, while NomBank supple-
ments nominal predicates. Following FrameNet,
PropBank and NomBank use frames to represent
semantic meanings of predicates. However, the
development of frames is both time-consuming
and labor-intensive, and requires annotators to be
equipped with strong linguistic background.

The texts of PropBank and NomBank are mainly
from the news domain, i.e., Wall Street Journal, ex-
cept 426 sentences from the Brown corpus, which
is usually used as an out-of-domain section of Prop-
Bank.

It is also noteworthy that there are PropBank-
style SRL data for other languages, such as Por-
tuguese (Duran and Aluísio, 2011, 2012), Arabic
(Pradhan et al., 2012), Finnish (Haverinen et al.,
2015), and Turkish (Sahin and Adali, 2018).

Chinese SRL Data. CPB (Xue and Palmer,
2005), CNB (Xue, 2006a), and CSB (Xia et al.,
2017) are the three publicly available SRL datasets
in Chinese. CPB and CNB, corresponding to Prop-
Bank and NomBank in English respectively, add
predicate-argument structure of verbal predicates
and nominal predicates into Penn Chinese Tree-
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Label Example Argument

Core roles

agent 我[打]他(I [hit] him) 我(I)

co-agent 我和他[讨论] (I [discuss] with him) 我(I)、他(him)

expe (experiencer) 天气真[好] (The weather [is] really good) 天气(weather)

hidden-subject [吃]饭了吗？([Ate] ? ) 隐藏主体(hidden-subject)

patient 他被[打]了(He was [hit]) 他(he)

pred-patient (predicate-patient) 他[喜欢]打篮球(He [likes] playing basketball) 打(play)

dative [给]他书([Give] him a book) 他(him)

relative 这[是]他的书(This [is] his book) 书(book)

hidden-object 你[吃]了吗？(Have you [eaten]? ) 隐藏客体（hidden-object)

subj-obj (subject-object) 温度计[伸入]水中(The thermometer is dipped into the water) 温度计(thermometer)

Non-core roles

tool (instument) 用钢笔[写]字([Write] with pen) 钢笔(pen)

material 用颜料[刷]墙([Brush] the wall with pigment) 颜料(pigment)

manner 按计划[执行] ([Perform] according to plan) 计划(plan)

loc (location) 在学校[学习] ([Study] at school) 学校(school)

beg-loc (begin location) 从学校[出发] ([Start] from school) 学校(school)

end-loc (end location) [流]入大海([Flow] to the ocean) 大海(ocean)

dir (direction) 向西[流] ([Flow] to the west) 西(west)

time 星期天去[打篮球] ([Play] basketball on Sunday) 星期天(Sunday)

beg-tm (begin time) 比赛七点开始[进行] (The game [starts] at seven o ’clock) 七点(seven o’clock)

end-tm (end time) 会议[开]到三点(The meeting [runs] until three o’clock) 三点(three o’clock)

range 在数学上[有]天赋([Have] an aptitude for mathematics) 数学(mathematics)

cause 我因为爱你才[撒谎] (I [lied] because I love you) 爱(love)

quantity 我[跑]了一圈(I [ran] a lap) 一圈(a lap)

separated 我们[见]过面(We have [met]) 面(met)

Table 1: Semantic role labels adopted in our guidelines. Predicates in the example sentences are marked by “[]”.

bank (Marcus et al., 1993). The semantic roles
are based on pre-defined frames as well. More-
over, sentences in CPB and CNB mainly come
from canonical texts, such Xinhua newswire, Hong
Kong news, and Sinorama Magazine (Hajic et al.,
2009).

In contrast, CSB uses general-purpose role la-
bels, such as “agent” and “patient”, and the sen-
tences are mainly from canonical texts such as on-
line articles and news as well.

Domain adaptation. Domain adaptation has
been an important and challenging research topic
in NLP (Daumé III, 2007; Ganin and Lempitsky,
2015; Guo et al., 2016a; Kim et al., 2017; Clark
et al., 2018; Zhao et al., 2018).

Kim et al. (2016) proposed a neural shared-
private model for the cross-domain slot sequence
tagging task, which utilizes separate BiLSTM en-
coders to obtain domain-invariant and domain-
specific representations, achieving significant im-
provements on all domains. Jia et al. (2019) pro-
posed parameter generation networks for cross-
domain NER. They idea is dynamically generate
parameters of network modules (such as BiLSTMs)
according to predicted domain distribution.

To facilitate cross-domain Chinese dependency
parsing research, Li et al. (2019a) proposed a large-

scale multi-domain dataset for Chinese dependency
parsing. They organized the NLPCC-2019 shared
task on cross-domain dependency parsing (Peng
et al., 2019). Li et al. (2019b) rank the first place
in the shared task, based on a tri-training approach.

However, possibly due to the lack of multi-
domain data, research on cross-domain SRL is
scarce so far. We hope our newly annotated MuC-
PAD can promote future research in this direction.

3 Data Annotation

This section describe the annotation methodology
and annotation process of MuCPAD in detail.

Annotation guidelines. After an extensive sur-
vey of previous works on SRL data annotation, we
compile 53 pages of annotation guidelines. We
adopt 24 fine-grained general-purpose role labels
to capture the semantic relationships between pred-
icates and arguments, as shown in Table 1, most of
which are borrowed from the guidelines of CSB.
In particular, we introduce two special labels, i.e.,
“hidden-subject” and “hidden-object”, to explicitly
annotate omitted core arguments. Our guidelines
illustrate each label in detail using concrete ex-
amples, and are gradually improved according to
feedback of annotators during the course of the
annotation project.
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News PB PC ZX LAW MED

#Sent 16,974 3,753 3,890 1,575 2,813 1,892
#Pred 40,989 11,317 17,074 5,891 11,156 5,624

Table 2: Statistics of annotated data. “#Pred” and
“#Sent” represent the number of predicates and sen-
tences.

Data selection. We select the data to annotate
from six domains, i.e., news, product blogs (PB),
product comments (PC), web fictions (ZX), legals
(LAW), and medical (MED) domains. Table 2
shows the data statistics.

News consists of the sentences in Chinese Sem-
Bank (Xia et al., 2017) and CoNLL-2009 Chi-
nese dataset (Hajic et al., 2009). Specifically, we
choose all 10.3K sentences with 16.5K predicates
from Chinese SemBank (Xia et al., 2017) and ran-
domly select 6.7K sentences with 24.5K predicates
from CoNLL-2009 Chinese dataset (Hajic et al.,
2009). Both PB and PC are non-canonical data
from Taobao1, where PB is from Taobao headline
website, and PC is comments on products writ-
ten by users. ZX is selected from a popular Chi-
nese fantasy novel called “Zhuxian” (ZX, known as
“Jade Dynasty”). LAW is extracted from the China
artificial intelligence law challenge 2018.2 MED is
crawled from the medical section of People’s Daily
Online3 and Sina.com4.

After selecting the sentences, we also need to
select the concerned predicates in the sentences
for annotators to annotate their corresponding ar-
guments. For news domain, we directly choose
the predicates in Chinese SemBank and CoNLL-
2009 Chinese dataset. For other 5 domains, we
choose the predicates according to several pre-
defined rules which are carefully designed by con-
sidering both the dependency tree structures of the
sentences and a frame dictionary extracted from
the Chinese frames5. For example, the root words
of dependency trees are considered as predicates;
the head words with “subject” or “object” depen-
dency labels are considered as predicates; all the
words that can be matched in the frame dictionary
are considered as predicates.

1http://www.taobao.com
2http://cail.cipsc.org.cn:2018/
3http://paper.people.com.cn
4https://news.sina.com.cn
5https://verbs.colorado.edu/chinese/cpb/html_frames

Quality Control. We employ 20 undergraduate
students as annotators, and select 5 experienced an-
notators as expert annotators to handle annotation
inconsistency issues. All the annotators are paid
for their work, and the salary is determined by their
annotation quantity and quality. The average salary
is 28 RMB per hour.

Before real annotation, each annotator is trained
for several hours to be familiar with our guidelines
and our annotation tool. During the annotation pro-
cess, we adopt a strict double annotation workflow
to guarantee the annotation quality. Specifically,
each task is randomly assigned to two annotators
to annotate independently. If the submissions from
the pair of two annotators are the same, the consis-
tent answer is taken as the final answer. Otherwise,
the task is assigned to a third expert annotator to de-
cide the final answer by comparing and analyzing
the inconsistent submissions.

Annotation tool. We build a browser-based an-
notation tool to support the double annotation work-
flow. For each annotation sentence, the annotation
tool highlights the predicate in the sentence for the
annotators to annotate all the arguments of the high-
lighted predicate. We also design a “not-predicate”
checkbox in the annotation tool and ask annotators
to click this checkbox to inform us when the high-
lighted word is out of the range of the predicate
types in our guidelines.

4 Analysis on MuCPAD

In this section, we analyze the MuCPAD dataset
from different perspectives to gain more insights.

Annotation consistency. As aforementioned,
each task is assigned to two annotators. If the two
submissions are inconsistent, a third expert annota-
tor is asked to handle the inconsistency and decide
the final results. The first major row in Table 3
shows the predicate- and argument-wise annotation
consistency ratios (Marcus et al., 1994; Guo et al.,
2018) in all domains.

The predicate-wise consistency ratio is defined
as #PredannoA∩annoB

#PredannoA∪annoB
, where the denominator is the

total number of predicates submitted by all annota-
tors, and the numerator is the number of predicates
with consistent arguments from all annotator pairs.
We can see that the predicate-wise annotation con-
sistency ratios in most domains are lower than 60%.
Even the highest predicate-wise consistency ratio,
which is achieved in PC domain, is only 71.23%.
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News PB PC ZX LAW MED AVG

Consistency ratio
predicate-wise 48.86 57.58 71.23 48.86 47.18 50.57 54.05

argument-wise 74.48 74.67 83.63 74.65 71.49 73.24 75.36

overall 85.86 82.08 89.40 83.80 84.57 85.78 85.25

agent 93.50 82.19 88.16 91.45 85.54 86.09 87.82

time 91.17 88.98 85.02 83.69 85.65 86.87 86.90

Argument-wise hidden-subject 88.79 90.61 94.45 79.65 85.54 90.45 88.25

annotation accuracy patient 87.02 88.36 90.20 86.32 85.66 89.26 87.80

loc 85.96 79.12 83.71 84.32 84.25 79.30 82.78

pred-patient 85.12 84.28 84.08 83.97 84.11 84.58 84.36

expe 81.58 85.27 90.89 86.39 84.20 87.67 86.00

Table 3: Analysis on consistency ratio and accuracy. “AVG” is obtained by averaging the values of the six domains.
For the first major row, “AVG” represents the average predicate/argument-wise consistency ratios in six domains.
For the second major row, “AVG” represents the average accuracy of overall/each label in six domains. Boldface
indicates the maximum value of each row, underline represents the minimum value of each row.

This means that more than a quarter of the anno-
tation tasks need to be further checked by a third
expert annotator, demonstrating the difficulty of
the SRL annotation task and the importance of per-
forming strict double annotation to guarantee data
quality.

In addition, it is worth noting that the predicate-
wise consistency ratio in PC domain is much higher
than that in the other five domains. We believe this
is related to the average number of arguments per
predicate. For further investigation, we calculate
the average number of arguments and find the num-
ber of average arguments per predicate is the lowest
in PC domain. Therefore, it is relatively easier for
the annotators to recognize the arguments in PC
domain.

The argument-wise consistency ratio is defined
as #ArgannoA∩annoB

#ArgannoA∪annoB
, where the denominator is the

total number of arguments submitted by all anno-
tator pairs, and the numerator is the number of
arguments that receive the same arcs and labels
from the annotator pairs. As shown in Table 3,
the argument-wise consistency ratios in most of
the domains are lower than 75%, except that PC
achieves the highest argument-wise consistency ra-
tio of 83.63%.

Annotation accuracy. In the second major row
of Table 3, we present the argument-wise annota-
tion accuracy. The overall argument-wise annota-

tion accuracy is defined as
∑n
i=1 #Argcorrecti
2×#Arggold , where

the numerator is the sum of the number of correctly
annotated arguments submitted by all annotators;

the denominator is the total number of all gold ar-
guments; n is the number of annotators. The reason
for “2×” in the denominator is that each task is an-
notated twice since it is assigned to two annotators
for double annotation. The annotation accuracies
in all the domains are more than 80%, indicating
that our guidelines are reasonable, which ensures
the quality of annotation data.

To gain more insights into the accuracy regard-
ing different labels, we calculate the accuracy of
5 core labels and 2 non-core labels with high pro-
portions for further analysis, which is shown in the
third major row of Table 3. The argument-wise
annotation accuracy for each label is calculated by∑n

i=1 #Arg
l
correcti

2×#Arglgold
, where the numerator is the sum

of the number of correctly annotated arguments
with the concerned label l submitted by all annota-
tors, the denominator is the total number of all gold
arguments with the concerned label l; n is the num-
ber of annotators. As we can see, “hidden-subject”
achieves the highest average accuracy, demonstrat-
ing the omitted subject is easy to recognize. The
lowest average accuracy is 82.78% on “loc”, prob-
ably because it is a non-core label with the lowest
proportion of all labels and is prone to be ignored
by the annotators.

Label distribution. Figure 3 illustrates the label
distribution in the 6 domains. The labels in Figure
3 are sorted in descending order by their proportion
in News data. We choose 2 core labels and 2 non-
core labels with the highest proportions in News
data. Besides, we also analyze “hidden-subject”
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Figure 3: Label distribution in different domains.

and “hidden-object” since their distributions in dif-
ferent domains are specific. As shown in Figure
3, the label distributions are vary across different
domains.

For PC, both “hidden-subject” and “hidden-
object” account for the largest proportion compared
with that for all the other 5 domains, which means
PC contains the most omitted core arguments. The
reason is that PC is user-generated comments on
a concerned product, and people tend to directly
write the comment of the concerned product and
omit the product name and the personal pronoun.
For example, in the sentence “很 (very)喜欢 (like),
买 (buy)了好 (very)多 (much)”, both the hidden-
subjects and the hidden-objects of the predicates
“喜欢 (like)” and “买 (buy)” are omitted. The omit-
ted core arguments in PB also take relatively large
proportion, similar to the reason for PC.

For ZX, it has the most “agent” roles and the
least “hidden-subject” roles compared with other
domains. This is owing to the genre of ZX texts,
which are extracted from a popular Chinese fantasy
novel with a lot of fictional characters. In order to
make the story more understandable by readers, the
names of the fictional characters are often explicitly
written in the sentences, leading to more “agent”
roles and fewer “hidden-subject” roles.

For LAW, it has more “time” roles and “loc”
roles than other domains, since the elements (i.e.,
time and location) of the cases are usually fre-
quently occurred to provide more accurate informa-
tion.

For MED, the number of “hidden-subject” label
accounts for a large proportion among all the la-
bels in MED, only fewer than that of “agent” label,
mainly because the descriptions of symptoms in

MED usually omit the subjects. For example, in
the sentence “酒精(alcohol)中毒(poisoning): 发
生(occur)昏迷(coma)不能(cannot)催吐(induce
vomiting), the subjects of the predicates “中
毒(poisoning)”, “发生(poisoning)”, “昏迷(coma)”,
“不能(cannot)” are all omitted.

Looking into the distribution of “hidden-subject”
and “hidden-object” labels in all the domains, we
find that hidden labels exist in all the domains, es-
pecially in non-canonical texts like PC and PB,
demonstrating the necessity of annotating hidden
labels. In addition, “hidden-subject” takes a higher
proportion than “hidden-object” in all the 6 do-
mains, reflecting that the subject of the predicate in
Chinese sentences is often omitted.

Annotation difficulties. To understand difficul-
ties during annotation, we calculate the proportion
of the arguments with the same arcs but different la-
bels from two annotators among all the arguments
with the same arcs. We find that the confusion pat-
tern “agent, expe” accounts for the largest propor-
tion of 22.23%, which means the label “agent” is
prone to be confused with “expe”. This is possibly
because the POS for some predicates is subtle and
vague in Chinese, causing the confusion of the ar-
gument labels. Taking the sentence “纽扣(Buttons)
一天(a day)坏(getting broken)一个(one)” as an
example, “坏(getting broken)” may be misunder-
stood as an adjective and thus the argument “纽
扣(buttons)” is incorrectly annotated as “expe”. Ac-
tually, “坏(getting broken)” acts as a verb in this
sentence and the correct label of “纽扣(buttons)”
is “agent”. The second confusion pattern is “pa-
tient, pred-patient”, with a proportion of 12.6%,
due to the misunderstanding of the POS of the
argument. It is also difficult for annotators to dis-
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tinguish “agent” and “patient”. For example, in
the sentence “新(new)衣服(cloths)被(was)弄脏
了(soiled)”, the preposition “被(was)” is omitted.
As a result, the label of “新(new) 衣服(cloths)”,
which is “patient”, may be confused with “agent”
due to the omission.

5 Approach

Based on our newly annotated multi-domain Chi-
nese SRL data, we conduct preliminary exper-
iments, aiming to provide benchmark results.
Specifically, we present a simple basic SRL model
and enhance the model with the contextualized
word representations from BERT for further im-
provements. Besides, we also present a MTL
framework to improve the SRL performance by
learning from multiple heterogeneous datasets si-
multaneously (Conia et al., 2021).

In this work, we focus on the predicate-given
setting, which means we do argument identification
and classification according to the given predicates
in one sentence.

Following previous works (Cai et al., 2018;
Zhang et al., 2019), we treat the predicate-given
SRL task as a word pair classification problem and
try to find the predicate-argument structure ŷ with
the highest score:

ŷ = argmax
y∈Y(x)

score(x,y) (1)

where Y(x) = {(i, j, r)|i ∈ P, 1 ≤ j ≤ n, r ∈
R} represents the set of all possible predicate-
argument pairs. P is the set of given predicates, n
is the number of sentence, and L is the semantic
role label set, which contains 24 semantic role la-
bels and an extra “None” label to indicate there is
no semantic relationship between the given predi-
cate and the j-th word.

5.1 Basic SRL Model

Inspired by previous works (Cai et al., 2018; Zhang
et al., 2019), we build a basic SRL model that uti-
lizes the biaffine attention mechanism (Dozat and
Manning, 2017) to score each candidate predicate-
argument pair. Figure 4 shows the architecture of
the basic model. During both training and evalua-
tion, multiple predicates in the same sentence are
handled simultaneously. First, the input sentence
is encoded; then, scores between predicates and all
other words are computed; finally, the roles of each
predicate are determined via local classification.

xixi−1...Inputs ... xj ...

BiLSTM × 3

hi hj

MLParg MLPpred

rarg
i

rpred
j

Biaffines

score(xi
label← xj)

Figure 4: The architecture of our basic SRL model.

The input vector is the concatenation of the
pre-trained word embedding eprei , the randomly
initialized word embedding eri , the character-based
word representation rci , and the predicate indicator
embedding epi .

xi = eprei ⊕ eri ⊕ rci ⊕ epi

where rci is produced by CNN, and the Boolean
predicate indicator is true only for words that are
given predicates.

A three-layer BiLSTM is applied to obtain
context-aware representation of each word, i.e., hi.

Two separate MLPs are applied over hi to get
two lower-dimensional representation hpredi (as
predicate) and hargi (as candidate argument).

Biaffines are used to compute scores of labels
between a predicate and a word.

During training, we adopt the local cross-entropy
loss. To obtain cross-domain results on the basic
SRL model, we train the model on source domain
data and make predictions on target domain data.

5.2 Enhancing with BERT

Recently proposed PLMs, such as BERT (Devlin
et al., 2019), have shown the great power in learn-
ing and capturing contextualized representations
and have proven to be beneficial in a variety of NLP
tasks, such as information retrieval (Yang et al.,
2019b), question answering (Yang et al., 2019a),
and word segmentation (Huang et al., 2020). In
this work, we extract the fixed contextualized rep-
resentations from BERT for words and treat them
as additional features to augment the input repre-
sentation, i.e., xi = eprei ⊕ eri ⊕ rci ⊕ epi ⊕ eBERTi .
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(#Pred / #Sent) Source PB PC ZX LAW MED CPB2.0

Train 32,790 / 13,022 – – – – – 72,616 / 13,170

Dev 4,098 / 1,875 3,796 / 1,255 5,658 / 1,295 1,784 / 492 3,718 / 778 1,874 / 478 –

Test 4,101 / 2,077 7,521 / 2,498 11,416 / 2,595 4,107 / 1,083 7,438 / 2,035 3,750 / 1,414 –

Table 4: Statistics of MuCPAD and CPB2.0. “#Pred” and “#Sent” represent the number of predicates and sentences.

MuCPAD CPB2.0Inputs

Shared BiLSTMs

MLPs (MuCPAD) MLPs (CPB2.0)

Biaffines (MuCPAD) Biaffines (CPB2.0)

Figure 5: The framework of MTL.

5.3 Utilizing Heterogeneous Data with MTL

MTL is a commonly used method to improve the
model performance by learning the underlying
knowledge from multiple related tasks or datasets
(Collobert and Weston, 2008; Guo et al., 2016a;
Li et al., 2019a). In this work, we design a MTL
framework to utilize heterogeneous SRL datasets
to boost the SRL model performance.

As shown in Figure 5, we extend the basic SRL
model to the MTL framework. Specifically, the
SRL parsing on MuCPAD data and CPB2.0 data
are considered as two separate tasks. They share
the same word/predicate embeddings and BiLSTM
parameters. Over the shared BiLSTMs, two sep-
arate MLPs and biaffines are employed for MuC-
PAD and CPB2.0 SRL parsing respectively.

6 Experiments

Data. Our experiments mainly focus on zero-shot
single-source domain adaptation, that is, we have
labeled training data for the source domain, and
do not have labeled training data for the target do-
main. Specifically, we use the News domain of
MuCPAD as the source domain, and the other five
domains as target domains. The data statistics for
source and target domains are shown in Table 4.
For the auxiliary data used in the MTL framework,
we randomly select 13,170 sentences with 72,616
predicates from CPB2.0 (Xue, 2006b), which be-

longs to the same newswire genre with the source
domain data.

Evaluation metric. We adopt the standard pre-
cision (#Argcorrect

#Argpred
), recall (#Argcorrect

#Arggold
), and F1

score ( 2PR
P+R ) for SRL evaluation.

Settings. We implement the basic SRL model
and MTL framework with PyTorch6 and mainly
follow the hyperparameters of Cai et al. (2018),
such as the dimensions of embeddings, learning
rate, and dropout ratios. We use bert-base-chinese7

to obtain contextualized representations for words,
and the dimension of the BERT representations is
768. During training, early stopping is triggered if
the peak performance in dev data does not increase
in 50 consecutive iterations.

Results of the basic model. The first row of
Table 5 presents the results in the source/target
domain dev/test data using the basic SRL model
trained on the source data.

First, it is obvious that the performance in all the
five target domains drops dramatically compared
with the results on source data, with the gap of
more than 18% in F1. This indicates that the model
trained on source data has a challenge in making
reliable predictions on target domain data due to
the distributional mismatch between different do-
mains. Second, we find that the basic SRL model
performs better on ZX and LAW compared with the
other three target domains data, i.e., PB, PC, and
MED. The probable reason is that ZX and LAW
are novel and legal case, respectively, which are
more canonical in text. Third, PB has the lowest F1
score in both dev and test. This can be explained by
the fact that PB is non-canonical data from Taobao
headline website. The dissimilarity between the
source training data and PB target data causes the
low performance.

Results with BERT. The second row of Table
5 shows the results of the baseline with BERT rep-

6https://pytorch.org/
7https://huggingface.co/bert-base-chinese
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Source PB PC ZX LAW MED
AVG

dev test dev test dev test dev test dev test dev test

Baseline 69.55 68.40 44.24 44.59 46.12 47.37 50.98 49.26 47.05 49.77 44.88 46.70 50.74
Baseline+BERT 80.25 79.46 64.28 66.23 66.77 67.14 71.65 71.77 70.47 73.28 66.06 67.97 70.44
Baseline+MTL 74.55 73.43 46.95 47.36 48.61 48.95 54.38 53.54 48.55 51.25 54.53 55.26 54.78
Baseline+MTL+BERT 81.05 80.85 64.35 65.27 67.75 68.13 72.44 71.72 70.53 73.79 66.38 69.07 70.94

Table 5: F1 scores of different models on MuCPAD. “AVG” is obtained by averaging the values of both dev and test
in all domains.

resentations. We can see that the results of “Base-
line+BERT” consistently increase by large margins
compared with the corresponding baseline models
without BERT (as shown in the first major row of
table 5), demonstrating the great power of BERT
in contextualized representation.

Results with heterogeneous CPB2.0. As shown
in the third row of Table 5, benefiting from the
additional semantic information provided by the
auxiliary CPB2.0 data using the MTL framework,
the SRL performance in all domains are improved
compared with the baseline model. This indicates
that the MTL framework is effective in capturing
and learning the underlying common knowledge
from heterogeneous data.

On the one hand, comparing the improvements
brought by MTL in all domains, we find that MED
data obtains the largest gains of 9.65%/8.56% F1 in
dev/test, respectively. The main reason is that the
MED data belongs to the same newswire domain
as the auxiliary CPB2.0 data. On the other hand,
the improvement in LAW is the smallest. This can
be explained by the difference in label distribution
between LAW and CPB2.0. For example, as men-
tioned in Section 4, the labels “time” and “loc” in
LAW account for the largest proportion (13.95%
and 6.14% respectively) compared with other do-
mains. However, the proportions of “time” and
“loc” in CPB2.0 data are only 6.10% and 3.40% re-
spectively (about half of that in LAW). Therefore,
CPB2.0 cannot provide much more valid informa-
tion to increase the performance of these labels.

Results with BERT and heterogeneous
CPB2.0. Finally, when utilizing both BERT repre-
sentations and the heterogeneous CPB2.0 data on
our baseline, the enhanced model gives the best or
comparable results in 5 of the 6 domains, with an
average increase of 0.5% F1, showing that the MTL
framework is effective in utilizing heterogeneous
data and can complement the information obtained

from BERT representations.

7 Conclusions

This paper presents a multi-domain Chinese
predicate-argument dataset, named MuCPAD,
which consists of 30,897 sentences with 92,051
predicates and covers 6 different domains. In par-
ticular, we adopt a frame-free annotation method-
ology, which does not require high-level linguistic
background for defining frames for large amounts
of new predicates or new senses in multi-domain
data. Besides, considering that omission of content
words is ubiquitous in Chinese, we explicitly an-
notate omitted core arguments with two special de-
signed labels “hidden-subject” and “hidden-object”
for better semantic understanding. To ensure an-
notation quality, we adopt strict double annotation
and ask a third expert to handle annotation incon-
sistency. We also perform analysis on MuCPAD
from different perspectives. Finally, we conduct
preliminary cross-domain experiments and analysis
on MuCPAD.
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Abstract
Although many pretrained models exist for text
or images, there have been relatively fewer
attempts to train representations specifically
for dialog understanding. Prior works usually
relied on finetuned representations based on
generic text representation models like BERT
or GPT-2. But such language modeling pre-
training objectives do not take the structural
information of conversational text into consid-
eration. Although generative dialog models can
learn structural features too, we argue that the
structure-unaware word-by-word generation is
not suitable for effective conversation model-
ing. We empirically demonstrate that such rep-
resentations do not perform consistently across
various dialog understanding tasks. Hence, we
propose a structure-aware Mutual Information
based loss-function DMI (Discourse Mutual
Information) for training dialog-representation
models, that additionally captures the inher-
ent uncertainty in response prediction. Exten-
sive evaluation on nine diverse dialog modeling
tasks shows that our proposed DMI-based mod-
els outperform strong baselines by significant
margins.

1 Introduction

Representation learning has transformed how we
can apply machine learning to solve real-world
problems. However, despite a vast body of research
on pretrained language representations, there have
been relatively fewer attempts to train representa-
tions specifically for dialog understanding. Prior
works mostly relied on finetuned representations
based on generic models like BERT (Devlin et al.,
2019) or GPT-2 (Radford et al., 2019). In our exper-
iments, we demonstrate that such representations
do not perform uniformly across various dialog un-
derstanding tasks such as dialog-act classification,
intent detection or dialog evaluation.

On the other hand, prior works on pretraining
large-scale dialog models focused mainly on open-
domain generation. These works evaluated their

models only on dialog generation (Zhang et al.,
2020; Roller et al., 2021; Adiwardana et al., 2020)
or tasks related directly to the pretraining objective
(Henderson et al., 2020; Gao et al., 2020). Their ef-
fectiveness on other dialog understanding tasks like
act classification or intent detection remains unex-
plored. So we ask the following research question:
Can we learn enriched representations directly at
the pretraining phase that are specifically helpful
for dialog understanding?

Existing language modeling (causal or masked)
pretraining objectives unfortunately are not the best
to model dialogs for these reasons: (1) The model
is not directly trained to learn the content discourse
structure (e.g., context-response in dialogs). (2)
Such models are trained to generate the response
word-by-word rather than predicting a larger unit.
(3) The inherent one-to-many nature of dialog gen-
eration implies that the encoding model should be
able to capture uncertainty in the response predic-
tion task, that such models ignore.

Hence, in this paper, we propose pretraining ob-
jectives for improved dialog modeling that turn
the discourse-level organizational structure of texts
from natural sources (e.g., documents, dialogs, or
monologues) into a learnable objective. We call
this objective the Discourse Mutual Information
(DMI). The key insight towards the design of our
pretraining objective is to capture representations
that can account for a meaningful conversation out
of a specific ordered sequences of utterances. We
hope that a discourse-level pretraining objective
with conversational data would guide the model
to learn complex context-level features. For exam-
ple, in Fig. 1, we illustrate the differences between
standard language modeling (causal or masked)
based pretraining objectives and a discourse-level
reasoning task.

The second research question that we ask is
whether discourse-level features learned using self-
supervised pretraining outperform word-level pre-
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Figure 1: Possible reasoning involved in two types of pretraining: Word-level (left), Discourse-level (right). In a
discourse-level reasoning task, the immediately preceding utterance may not be enough for understanding the full
context. To predict the correct response, the model will need to capture both the larger context, in this case the
topic of discussion, and the intent (e.g., asking for details) of the preceding utterance. In comparison, word-level
reasoning is often easier and can be solved using local reasoning. Each of the three masked-words, in the left image,
could have been predicted with reasonable confidence without any more information than the utterance itself.

training objectives for downstream dialog under-
standing tasks. Experimentally, we show that rep-
resentations learned using the proposed objective
function are highly effective compared to both ex-
isting discriminative as well as generative dialog
models. In terms of various dialog understanding
tasks, our models achieve state-of-the-art perfor-
mances in several tasks (absolute improvements up
to 8.5% and 3.5% in task accuracies in probing and
finetuning setups, resp.) and perform consistently
well across a variety of dialog understanding tasks,
whereas baseline models usually have a rather im-
balanced performance across tasks.

Overall, our main contributions are as follows.

• We propose DMI, a novel information-
theoretic objective function for pretraining di-
alog representation.

• We release pretrained dialog-representation
models in three different sizes (small, medium
and base) based on our proposed self-
supervised learning objectives1.

• We extensively evaluate our DMI based rep-
resentations on multiple open-domain down-
stream tasks like intent detection, dialog-act
classification, response retrieval, dialog rea-
soning, and response-generation evaluation,
and beat state-of-the-art across nine tasks in
both probe as well as finetune setups.

1To access the pretrained dialog representation models
and the source codes, please visit https://bsantraigi.
github.io/DMI

2 Literature Review

2.1 Dialog System Pretraining

There have been quite a few efforts towards uti-
lizing existing representations or developing new
pretrained models for dialog systems. While BERT
(Devlin et al., 2019), ELMo (Peters et al., 2018),
GPT-2 (Radford et al., 2019) and other general pur-
pose large-scale pretrained networks are not spe-
cific to dialogs, transfer learning from such models
could be reasonable. Basic language understanding
capability available through these representations
helps to get decent performance on many dialog-
understanding tasks (Hosseini-Asl et al., 2020).

On the other hand, there have been various works
on pretraining dialog specific representations or
large-scale generation models. We summarize the
properties of various previously proposed dialog-
representation learning models in Table 1. Di-
aloGPT (Zhang et al., 2020), Meena (Adiwardana
et al., 2020) and Blenderbot (Roller et al., 2021) are
large-scale Transformer-based language models,
which are trained to generate the gold-response (as
per the dataset) given a dialog context. ContextPre-
train (Mehri et al., 2019), ConveRT (Henderson
et al., 2020) and ConvFiT (Vulić et al., 2021) are
trained on the response retrieval task using Multi-
Woz or Reddit conversations. DEB or Dialog Eval-
uation using BERT (Sai et al., 2020) is a model
based on extended pretraining of the BERT archi-
tecture using Reddit data. DialogRPT (Gao et al.,
2020), on the other hand, is pretrained to predict
human-feedback (e.g., upvotes and downvotes) on
comments to Reddit threads. This model is initial-
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Model Training Data Size Pretraining Obj. Architecture Param Downstream Task

DialoGPT_Small 147M Dialogs CE GPT-2 125M Generation /w MMI
DialogRPT 133M CR pairs Response Ranking DialoGPT 345M Human Feedback Prediction
Blenderbot_Small 1.5B comments CE Tr. S2S 90M Generation
Meena ‡ 40B words, 341 GB text CE Evolved Tr. S2S 2.4B Generation
ContextPretrain ‡ 10k Dialogs, MultiWoz NUR, NUG, MUR, I2 HRED - Multiwoz (DST, Act, NUG, NUR)
DEB 727M Dialogs MLM, NSP BERT 110M Adv/Random Dialog Evaluation
ConveRT † 727M Dialogs Response Selection Tr. Encoder 29M Response Selection
ConvFiT ‡ 8% of 727M Dialogs + Intent data Response Selection BERT 110M Intent Detection
DMI_Base 7.5-10% of 727M Dialogs InfoNCE-S Tr. Encoder 124M 9 Dialog-NLU tasks

Table 1: Survey of Pretrained Dialog Models. NUR: next utterance retrieval, NUG: next utterance generation, MUR:
masked utterance retrieval, I2: inconsistency identification, CR: Context-response, S2S: Seq2Seq, Tr.: Transformer,
CE: Cross-entropy, HRED: Hierarchical RNN Encoder-Decoder. † Pretrained checkpoints available but only for
inference. ‡ Both source-code and checkpoints are not available.

ized using the weights of DialoGPT model. Wu
et al. (2020) thoroughly investigate these existing
pretrained representations, both generic and dialog
specific, for understanding their effectiveness on
various goal-oriented dialog-understanding tasks.

2.2 Self-supervised Representation Learning
with InfoMax

Mutual Information maximization (InfoMax) is one
of the popular approaches for self-supervised learn-
ing, first used by Oord et al. (2018) and Belghazi
et al. (2018). Oord et al. (2018) proposed InfoNCE
loss which is an estimator for lower bound to mu-
tual information (MI) between two continuous-
valued random variables. InfoNCE has also been
used for other NLP applications like training sen-
tence embeddings (SIMCSE (Gao et al., 2021)),
question answering (QA-InfoMax (Yeh and Chen,
2019)), etc. Other estimators for mutual informa-
tion have also been proposed like MINE (Mutual In-
formation Neural Estimator) (Belghazi et al., 2018)
and SMILE (Song and Ermon, 2020). In general,
these estimators are also broadly studied in con-
trastive Learning (CL) literature for training both
self-supervised (Mikolov et al., 2013; Devlin et al.,
2019; Liu et al., 2019; Gao et al., 2021; Hender-
son et al., 2020; Vulić et al., 2021) and supervised
models (Schroff et al., 2015; Gunel et al., 2020).
Some prior works in the dialog generation domain
have used the concept of mutual information to
design loss functions or scoring mechanisms to
improve specificity of the generated responses (Li
et al., 2016; Yoo et al., 2020). These works pre-
dominantly used MI either as a regularizer, along
with cross entropy loss, or as a scoring function for
ranking generated responses in a post-processing
step. In the next section, we derive our pretraining
loss function DMI for conversational texts from an
information-theoretic perspective.

3 Discourse Mutual Information

We define Discourse Mutual Information (DMI) as
the mutual information2 between two random vari-
ables representing two different segments within
the same discourse. This is a general concept that
can be applied to any form of discourse, no matter
the domain or type of signal. In this paper, we focus
on dialog type discourses and representation learn-
ing for conversational texts. We define two random
variables for the contexts (C) and responses (R)
that jointly construct a valid conversation. Conver-
sations between humans represent samples from
the joint distribution PCR of C and R. We pose
the following learning problem, “learn continuous
representations for the textual random variables
C and R such that the true mutual information
between C and R can be closely estimated.”

In the remainder of this section we show that,
if the lower bound on MI estimated by some rep-
resentations of context and response is close to
the true value, the representation of the context
would be as predictive of the response as the natu-
ral language form itself. Existing generative train-
ing objectives as used in DialoGPT or Blenderbot
are extremely focused on predicting target response
only. Per-word cross-entropy loss, used for training
these models, fails to take into account the inherent
uncertainty in the context-to-response generation
function. Adapting context representations so as
to predict the target responses optimally, helps our
proposed DMI-based models learn better dialog
representations applicable to a versatile set of dia-
log understanding tasks.

2Mutual Information between two random variables is
defined as the reduction in uncertainty/entropy of one of the
random variables by having knowledge about the value of
the other random variable. Mathematically, this is written as
I(X;Y ) = H(X)−H(X|Y ) = H(Y )−H(Y |X).
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Figure 2: Base Pretraining Architecture for DMI. In our implementations of the model, fϕ denotes the transformer
(Vaswani et al., 2017) based encoders. Context and response encoders share all parameters for efficient learning. d
denotes sample dialogs from the training dataset.

Objective Function Formulation Let Ec and
Er be the representations3 for C and R based on
some encoder. Using the data processing inequality
from Information theory (Cover, 1999), we have

I(C;R) ≥ I(Ec;Er) (1)

This tells us that MI between any encoded version
of C and R will always be less or equal than the
true mutual information. The equality will hold if
Ec and Er are both fully-invertible encoding pro-
cesses (as opposed to representations which are
lossy or compressive, and inversion is thus not pos-
sible). However, neural networks generally embed
the data points in a low dimensional manifold by
learning robust features that can represent the data
points efficiently. Because of this, neural represen-
tations are usually not invertible.4 Now, the exact
computation of MI is not possible for continuous-
valued random variables. In recent years, various
variational lower bounds have been proposed for
estimating MI between continuous-valued random
variables. Including the MI estimator (Îθ), the over-
all relation becomes

I(C;R) ≥ I(Ec;Er) ≥ Îθ(Ec;Er) (2)

This leads us to the proposed learning objective
DMI:

max
θ,ϕ

Îθ(E
(ϕ)
c ;E(ϕ)

r ) (3)

where Îθ(Ec;Er) is a variational lower bound esti-
mate of I(Ec;Er) (Equation 1) parametrized by θ
and ϕ denotes the parameters of the encoder used
for encoding C (or R) to Ec (or Er).

3C,R,Ec, Er in caps denote the random variables,
whereas the lowercased versions c, r, ec, er denote samples.

4One general exception to this is a neural model/represen-
tation overfitted on some training data. In such cases, the
model may exactly memorize the input/output pairs.

Loss function For training our models, we min-
imize a loss function depending on the estimator
being used.

min
θ,ϕ

[
Lθ,ϕ(C,R) = −Îθ,estimator(E(ϕ)

c , E(ϕ)
r )
]

We experimented with various MI estimators from
literature, namely, MINE (Belghazi et al., 2018),
InfoNCE (Oord et al., 2018), JSD (Hjelm et al.,
2019) and SMILE (Song and Ermon, 2020). These
MI estimators generally compute samples of Ec
and Er using C and R drawn from the joint dis-
tribution PCR. Based on our preliminary experi-
ments, we found that InfoNCE estimator produces
better representations. The InfoNCE MI-estimate
is computed as,

I(C;R) ≥ logN − LN (4)

LN = −1

2
EPCR

[
log

ef(c,r)∑
r′∈R e

f(c,r′)

]

where N denotes the batch size, and f(c, r) is a
scoring function for the ⟨c, r⟩ pair.
InfoNCE-S: The original InfoNCE formulation
only considers negative samples for one of the ran-
dom variables, but does not pose any constraint on
which of the variables should be considered for neg-
ative sampling. As identifying the true response,
from a pool of negative samples, would require dif-
ferent reasoning than identifying the true context
out of a pool, we consider both these cases and
create a symmetric version of the InfoNCE loss
function. The final expression of this loss is given
in Equation 5 and we refer to it as InfoNCE-S. This
considerably improves the speed of training and
convergence, and also gives a boost to downstream
task performance.
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LN = −1

2
EPCR

[
log

ef(c,r)∑
r′∈R e

f(c,r′)

]

− 1

2
EPCR

[
log

ef(c,r)∑
c′∈C e

f(c′,r)

]
(5)

For other loss functions, more detailed discussion
can be found in the Appendix.
Comparison with ConveRT (Henderson et al.,
2020): There are a couple of differences between
ConveRT’s contrastive loss and our DMI objective.
ConveRT models the problem as a response selec-
tion task and focuses on modeling cosine similarity
between the context and the response. On the other
hand, we propose a generic similarity computation
function f(c, r) in Eqn. 4 and 5. Another differ-
ence is in encoding the input. ConveRT splits the
context into previous turns and current query, and
encodes them independently. Our model encodes
the entire context jointly and hence is capable of
better learning the correlations between previous
turns and current query.

4 DMI vs. Language Modeling Objectives

In this work, we focus on utilizing DMI for pre-
training dialog representations incorporating strong
discourse-level features. But why should the DMI
objective learn better discourse-level features than
models trained on conversational data using MLM
or LM objectives? We can find the answer by look-
ing at various LM-based objectives through the lens
of InfoMax, as shown by Kong et al. (2020). They
connected various pretraining objectives for natural
language representations, including the ones used
for training Skipgram, BERT and XLNet, to the
InfoMax learning principle.

If we consider an input text T and a masking
function M that returns a masked text T̃ and the
masked word w, the MLM objective is equivalent
to LMLM = −Îθ(E(ϕ)(T̃ ), ew) where, E(ϕ) is the
language encoder (e.g., a Transformer encoder)
and ew is the embedding of the token w. Simi-
larly, in the case of auto-regressive LMs like GPT-
2, the InfoMax objective equivalent to the loss is
LautoLM = −Îθ(E(ϕ)(T1:t−1), eTt), where T1:t−1
is the input sequence till t− 1th token and Tt is the
tth token.

Compared to these LM objectives, DMI focuses
on optimizing I(Ec, Er), where c and r are two
structural components from the discourse with des-

ignated roles. This enables DMI to discover more
important features at the discourse level.

5 Experiments

5.1 Architecture

The exact encoder architecture and the pretraining
pipeline has been shown in Figure 2. We use a
dual encoder architecture for encoding the contexts
and responses separately. We observe that sharing
parameters between the two encoders leads to a
more efficient learning process and faster conver-
gence. We use vanilla transformer-based encoders5

(Vaswani et al., 2017) for encoding the natural lan-
guage inputs. The first tokens for both context and
response sequences are the special [CLS] tokens
whose contextual embeddings from the encoder
are used as the context or response representations.
The utterances in the context are delimited by an-
other special token [EOU] (for end-of-utterance).
We construct the context using as many utterances
from the dialog history as possible up to a maxi-
mum of 300 subword tokens. We use the Word-
Piece tokenizer from BERT for tokenizing the input
texts, with a vocabulary size of 30,522.

The scoring function f(c, r) in Eqs. 4 and 5
is implemented using a Bilinear dot product be-
tween the context and response representations:
f(c, r) = eTcWer where, W is a square weight
matrix trained along with other parameters in the
model. This function can take any real value, pos-
itive or negative, thus allowing the Îθ(E

(ϕ)
C ;E

(ϕ)
R )

function to take any positive real value. While
any complicated function with that range could be
chosen, we chose this as a simple formulation sat-
isfying the range constraint and left most of the
learning to the transformer and the projection ma-
trix W.

5.2 Model Variants

We train three different scales of the DMI model:
DMI_Small with 6 layers, DMI_Medium
with 8 layers, and DMI_Base with 12 layers.
All configurations use 12 attention heads and
768-dimensional embeddings. DMI_Small
is initialized with “google/bert_uncased_L-
6_H-768_A-12"6, DMI_Medium is initialized
with “google/bert_uncased_L-8_H-768_A-12"

5We implemented all models and experiments using the
PyTorch and Huggingface libraries.

6These pretrained model tags are from the Huggingface
model repository.
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and DMI_Base is initialized by weights from
“RoBERTa-base” pretrained checkpoint, and further
pretrained on the pretraining dataset (see §5.4). All
of these models are trained using the InfoNCE-S
estimator, unless specified otherwise.

5.3 Hyper-parameter Settings
We use Adam optimizer with a linear learning rate
schedule for training both the models. Learning
rate is first linearly increased to a max value of 5×
10−5 during the warm-up phase (first 1000 steps).
Following this, in the remaining training period,
learning rate is linearly decayed down back to zero.
Before training DMI_Base, we reset the parameters
of the 12th self-attention layer, and it is trained
again from scratch along with the weight matrix
W using our DMI objective. The embedding layer
and initial 11 self-attention layers of the RoBERTa-
base encoder are finetuned at a slower learning rate
(5× 10−6) during our pretraining phase.

As the mutual information value obtained by
the InfoNCE loss is upper bounded by log(N), N
being the batch size, we try to keep the value of N
as large as possible. Both 8 and 12-layer models are
trained on 4-GPU (4x32 GB V100s) systems with
overall batch size of 480 and 384, respectively7.
All the trained models will be publicly shared upon
publication.

5.4 Pretraining Dataset
We pretrained all our models using the Reddit cor-
pus (Reddit-727M conversational-data) released
by Henderson et al., 2019. We ran the scripts re-
leased by the authors to recreate the dataset of
727M English conversations. Out of these 727M
conversations, we utilize around 7.5% to 10% of
the dataset to train our models, after which the val-
idation loss generally saturates. In the rest of this
paper, we will refer to this dataset as rMax, in
short.

Dialog Unrolling for Pretraining For training
our models, we need samples of context-response
(CR) pairs. Each dialog is unrolled to create
context-response pairs with each utterance in the
dialog as a response, except the first one. Hence,
for each dialog D = {U1, U2, . . . , UT }, we gen-
erate the following set of samples S = {(Ct :

7Training time: A maximum of 2 weeks of training time
was allowed for 8-layer and 12-layer models. Though, the
training process saturates long before the maximum allowed
time, and we evaluate our models based on checkpoints when
the best validation scores are first obtained.

U1, . . . , Ut−1;Rt : Ut) : t ∈ [2, T ]}. If we process
the full rMax dataset, this leads to, approximately,
2.7B CR pairs.

5.5 MI Estimation
During pretraining, we compare the checkpoints
from different epochs and across hyperparame-
ter settings in terms of the bits of mutual infor-
mation extracted by the trained representation on
an unseen set of dialogs. This is calculated as
MIvalid = log(N)−LN (see §3 for more details).
As per the Information Bottleneck theory (Tishby
et al., 2000), the mutual information learned be-
tween the two observed random variables can be
factorized into two components, namely, predictive
and redundant information. Predictive information
generally identifies whether the features learned by
the representation are useful for a downstream task.
The redundant information is caused by features
that do not help in any downstream tasks. Such
features can exist due to noise or spurious corre-
lation in the dataset, or even overfitting. Hence,
we train our final models on a fraction of the rMax
dataset but only for one epoch (i.e., we never re-
peat the samples) which removes any possibility of
overfitting.

Predictive features identified based on a fixed set
of downstream tasks (Tishby et al., 2000; Alemi
et al., 2017) may not be a sufficient to assess other
features learned in the training process. Since, ide-
ally, we want to maximize the amount of predictive
information in the representation, we compare the
bits of MI on the training set against the bits of
MI on an unseen validation set, as captured by the
learned representation. To make sure that we do not
assume anything about the domain or the conver-
sation topics, we use the validation set of dialogs
from the open-domain Daily Dialog dataset (Li
et al., 2017).

5.6 Downstream Tasks
Instead of focusing on a single downstream task
like many previous works on dialog representation
learning, we consider a more versatile range of
tasks to evaluate the learned representations from
DMI or the baseline models. To find out whether a
certain representation is effective for some down-
stream task, we evaluate in two setups: probe and
finetune. In both cases, the pretrained model is
used along with an MLP classifier of fixed com-
plexity (Pimentel et al., 2020). In probing setup,
we only train the parameters of the MLP classifier.
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Task Description Train Valid Test Metric

Banking77 Intent 77-class Classification 8,002 2,001 3,080 Accuracy
SWDA Dialog Act 41-class Classification 213,543 56,729 4,514 Accuracy
MuTual Reasoning as Response Selection 25,516 2,836 3,544 R@1, R@2, MRR
MuTual Plus MuTual + Safe response candidate 25,516 2,836 3,544 R@1, R@2, MRR
DD++ Dialog Evaluation 92,590 10,280 11,420 Accuracy
DD++/Adv Train: Adv. neg., Test: Adv neg. samples 92,590 10,280 11,420 Accuracy
DD++/Cross Train: Random neg., Test: Adv neg. samples 92,590 10,280 11,420 Accuracy
DD++/Full Train: All samples, Test: Adv. neg. samples 138,885 10,280 11,420 Accuracy
Empathetic Intent Emotion and Intent 44-class Classification 25,023 3,544 3,225 Accuracy

Table 2: Downstream task details. Adv.: Adversarial, Neg.: Negative

In finetuning setup, we also train the pretrained
model parameters along with the MLP classifier
parameters. We use the context and response repre-
sentations from our models as the input to the MLP
classifier.

For downstream tasks, we have two reasoning
tasks based on the MuTual dataset (Cui et al., 2020),
three classification tasks based on conversational
intent detection (Casanueva et al., 2020), emotion
detection (Welivita and Pu, 2020) and act classifi-
cation (Stolcke et al., 1998), and four dialog eval-
uation tasks based on the DailyDialog++ dataset
(DD++, Sai et al., 2020)8. Table 2 shows dataset de-
tails and metrics for these nine tasks. Both MuTual
and DailyDialog++ datasets have an adversarial
configuration for the respective tasks, which allows
us to assess each of the evaluated models in adver-
sarial settings also.

6 Results and Discussions

6.1 Pretraining DMI based Representations

During pretraining, we used “Validation MI” to
evaluate model checkpoints. As the goal of our
models is to learn a representation that captures
maximum MI between the context and the response
texts, this metric tracks how well the learned repre-
sentation captures the mutual information between
contexts and responses of unseen dialogs.

We use the validation split from Daily Dialog
dataset as our validation set for evaluation the
model during pretraining. It is not specific to a
domain and, hence, covers a versatile range of top-
ics. This set comprises 1,000 full conversations
between two persons which on unrolling leads to
7,069 context-response (CR) pairs. We illustrate
the variation in validation-MI metric against train-
ing steps in Fig. 3 in the Appendix.

8Note that DailyDialog++ is different from DailyDialog.

6.2 Comparison of Representations on
Downstream Task Performance

In this set of experiments, we probe/finetune the
DMI models with various downstream tasks that re-
quire knowledge of many different types of dialog-
understanding features. The results of our probing
and finetuning experiments are shown in Table 3.

We have used two types of models as our
baselines: generic pretrained models and dialog-
specific pretrained models. RoBERTa, BERT,
T5 (Raffel et al., 2019), GPT-2 are all trained on
large corpora of generic web-crawled English text.
But, since these models were not specifically pre-
trained on any dialog corpus, they may suffer from
poor performance on certain dialog understanding
tasks. Hence, we consider DialoGPT9, DialogRPT,
DEB and ConveRT models, which were trained
on conversational data. For DialogRPT, we used
“human-vs-rand” checkpoint released by authors.
All models are 12-layer except Blender_Small (8
layers), ConveRT (6 layers), DialogRPT (24 lay-
ers) and DMI_Medium (8 layers). We used the
publicly available model checkpoints for all base-
lines, wherever possible. The ConveRT model’s
checkpoint has been removed from Github10 by its
authors. Hence, it was only possible for us to MLP-
probe the representations, without finetuning of the
model, based on a cached version released by an-
other user under a valid license11. Pretrained check-
points for Meena, ContextPretrain and ConvFiT are
not available, and hence we do not compare with
them.

6.2.1 Results in Probing Setup
We observe that, on average, DEB and ConveRT
have good performance among the baselines. How-

9DialoGPT and DEB are based on GPT-2 and BERT mod-
els and were further pretrained on conversations from Reddit.
They use the original loss functions of GPT-2/BERT.

10https://github.com/PolyAI-LDN/
polyai-models

11https://github.com/davidalami/ConveRT
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B77 SWDA E-Intent MuTual MuTual Plus DD++ DD++/adv DD++/cross DD++/full

Model Acc. Acc. Acc. R@1 R@2 MRR R@1 R@2 MRR Acc. Acc. Acc. Acc.

Pr
ob

in
g

RoBERTa_Base 72.84 67.18 50.45 49.70 75.20 70.00 43.60 66.60 65.10 55.75 84.20 65.11 68.76
BERT_Base 72.74 67.99 46.84 45.40 72.80 67.30 42.60 67.70 64.90 60.39 86.56 65.25 72.50
T5_Base 60.82 68.79 44.50 43.20 69.40 65.60 38.30 65.70 62.20 57.46 84.14 61.23 63.35
GPT-2_Small 76.64 69.17 49.94 44.92 70.54 66.60 40.75 66.70 63.46 67.37 82.06 67.53 73.93
DialoGPT_Small 53.00 65.10 43.42 29.80 53.50 55.15 25.51 57.56 54.05 63.63 78.02 70.61 70.77
Blender_Small 70.39 70.11 48.52 41.42 68.06 64.29 42.89 68.85 65.18 60.07 65.14 57.76 68.20
ConveRT 89.88 71.36 55.47 45.30 72.00 67.00 40.90 69.00 64.30 79.14 88.67 69.59 80.86
DialogRPT 81.54 67.92 50.74 39.50 66.80 63.00 34.20 61.50 59.20 74.11 81.29 68.49 67.20
DEB 79.18 68.50 45.31 45.10 74.00 67.50 45.00 67.70 66.00 70.66 86.07 67.25 67.77

DMI_Small 89.81 72.33 55.72 51.24 74.94 70.76 46.39 70.09 67.14 85.01 91.51 75.75 86.34
DMI_Medium 90.42 72.49 57.33 52.48 75.62 71.47 46.61 72.46 67.79 85.80 91.38 76.73 86.94
DMI_Base 91.43 72.73 60.00 52.48 76.41 71.65 48.98 71.33 68.73 86.91 91.98 79.15 88.32

∆ 1.55 1.37 4.53 2.78 1.21 1.65 3.98 2.33 2.73 7.77 3.31 8.54 7.46

Fi
ne

tu
ni

ng

RoBERTa_Base 92.75 73.61 62.81 48.42 77.20 69.70 49.55 73.70 69.50 90.00 95.70 73.76 91.09
BERT_Base 92.27 72.29 60.12 47.86 73.93 68.80 49.10 72.35 69.00 87.05 94.33 67.70 88.82
T5 89.11 73.77 60.66 49.77 73.93 69.80 43.00 66.93 64.90 82.03 90.89 65.85 85.63
GPT-2_Small 92.49 72.62 58.44 48.42 72.69 68.90 45.71 70.99 67.10 85.69 93.60 68.43 87.83
DialoGPT_Small 92.59 73.48 59.33 49.32 75.17 69.80 47.86 73.02 68.44 83.68 91.99 64.06 85.54
Blender_Small 91.59 71.10 58.31 52.93 75.85 71.80 47.97 70.99 68.30 86.83 92.29 66.39 87.82
DialogRPT 92.70 72.02 62.13 52.14 76.19 71.40 46.95 70.54 67.66 90.26 95.81 73.34 91.25
DEB 92.53 72.14 59.69 48.19 74.49 69.00 46.95 70.65 67.80 85.74 94.05 64.42 89.02

DMI_Small 92.44 71.29 61.05 55.42 75.28 72.92 47.63 72.01 68.19 87.57 94.99 77.33 88.96
DMI_Medium 92.76 71.53 62.88 55.76 77.88 73.56 50.68 73.25 70.04 89.12 95.63 78.26 90.80
DMI_Base 93.93 74.50 64.62 56.43 79.91 74.27 52.14 75.06 71.09 91.03 96.39 81.69 92.61

∆ 1.18 0.73 1.81 3.50 2.71 2.47 2.59 1.36 1.59 0.77 0.59 7.93 1.35

Table 3: Results from probing (top) and finetuning (bottom) setups on 9 downstream tasks for assessing dialog
understanding. (DD++: DailyDialog++, B77: Banking77 task, R@k: Recall at k, MRR: Mean reciprocal rank). Our
model consistently performs better than SOTA on all the tasks in both probing as well as finetuning setups.

B77 SWDA E-Intent MuTual MuTual Plus DD++ DD++/adv DD++/cross DD++/full

Model Acc. Acc. Acc. R@1 R@2 MRR R@1 R@2 MRR Acc. Acc. Acc. Acc.

DMI_Base 93.93 74.50 64.62 56.43 79.91 74.27 52.14 75.06 71.09 91.03 96.39 76.01 92.61
DMI_Base - Sym 93.28 72.69 65.18 57.34 77.88 74.32 48.08 72.69 68.60 90.94 96.65 76.45 93.13
DMI_Base - RoB 92.34 74.10 60.96 53.84 77.31 72.47 50.34 72.80 69.81 87.23 92.95 73.53 87.85
DMI_Base - Sym - RoB 91.59 73.55 60.71 54.06 75.40 72.24 47.97 71.45 68.24 86.79 92.96 70.29 87.13

Table 4: Ablation study results for the finetune setup for our base model on 9 downstream tasks. “-RoB”→ No
RoBERTa initialization. “-Sym”→ Training with non-symmetric version of InfoNCE. (DD++: DailyDialog++,
B77: Banking77 task, R@k: Recall at k, MRR: Mean reciprocal rank).

ever, the RoBERTa model outperforms all other
baselines on the MuTual task by a significant mar-
gin. In the MuTual Plus task, the DEB model out-
performs other models in the R@1 and MRR met-
rics. ConveRT performs the best among all base-
lines on the other tasks. ConveRT’s loss function
is also contrastive in nature and is similar to ours.
This explains the model’s generally high strength
across the tasks among all the baselines.

Our DMI_Base beats ConveRT on all the tasks,
and DMI_Medium beats the baseline on 7 out of
9 tasks. We believe DD++ tasks to be the most
demanding ones with respect to context-level un-
derstanding. Here, all non-dialog baselines have
a weaker performance, with DEB and ConveRT
being the best of the bunch. These are also the
tasks where our models excel the most, with both
DMI_Medium and DMI_Base beating all baselines

with strong margins. DD++/cross is the most diffi-
cult among all four DD++ tasks. Here, the model
is trained on random negative samples and tested
on a dataset with human-curated adversarial neg-
atives. Our DMI_Base beats the best baseline on
DD++/cross by 8.54 points. This shows the su-
perior quality of context representations from our
models.

6.2.2 Results in Finetuning Setup

In the finetuning setup, on average, RoBERTa and
DialogRPT have good performance among the
baselines. DialogRPT performs well for DD++
tasks while Blender works well for the MuTual
task. For all other tasks, RoBERTa is the best base-
line, even outperforming models especially trained
for dialog tasks (like DialoGPT).

Similar to the probe setup, DMI_Base beats base-
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line methods by significant margins. In general,
finetune results are better than probe results across
all models, as expected.

Our large-scale RoBERTa-initialized DMI_Base
model outperforms the best baseline for all tasks,
by a considerable margin. Additionally, our DMI-
based models are able to perform well uniformly
across all tasks, unlike even baselines like Di-
aloGPT, DialogRPT and Blenderbot models which
are explicitly trained on dialog data. This makes
DMI the best overall model for dialog related tasks.
Across multiple tasks, we show qualitative exam-
ples where our proposed DMI-based models pro-
vide accurate results, in the Appendix.

6.3 Ablations

We evaluate the importance of using RoBERTa
based pretraining as well as the symmetric ver-
sion of the InfoNCE loss in Table 4. We observe
that RoBERTa based pretraining helps significantly
across all tasks. The symmetric InfoNCE improves
performance for SWDA and MuTual Plus tasks.

7 Conclusions and Future work

In this paper, we proposed the concept of Dis-
course Mutual Information (DMI) which is bet-
ter suited for learning dialog-specific features in
a self-supervised manner. Using the InfoMax
principle we formulated a pretraining method for
dialog-specific representation learning. Across 9
downstream dialog understanding tasks, our 12-
layer model outperforms state-of-the-art methods.
Further, we showed that on most of these tasks,
even our 8-layer model outperforms standard 12-
layer pretrained models. These experiments show
the potential of the proposed DMI objective to-
wards building dialog understanding models. We
will make the code and pretrained model check-
points available on request, instructions can be
found here https://bsantraigi.github.
io/DMI. Although we experimented only with
dialog modeling in this paper, we believe that the
proposed DMI objective is generic enough to be
applied to any type of discourse in any domain. In
the future, we would like to explore how to harness
DMI representations for generative conversation
modeling.
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9 Ethical considerations

Like many other pretrained language representa-
tion models, the proposed model may also have
learned patterns associated with exposure bias. In-
terpretability associated with the output is rather
limited, hence users should use the outputs care-
fully. The proposed model ranks possible response
candidates, and does not filter out any “problem-
atic” candidates. Thus, for applications, where
candidate responses could be problematic, (e.g.,
offensive, hateful, abusive, etc.), users should care-
fully filter them out before providing them as input
to our model.

All the datasets used in this work are publicly
available. We did not collect any new dataset as
part of this work.

Banking77 Casanueva et al., 2020
has been obtained from https:
//github.com/PolyAI-LDN/
task-specific-datasets. It is avail-
able under a Creative Commons Attribution 4.0
International license with details here12.

SWDA Stolcke et al., 1998: The dataset
has been obtained from http://compprag.
christopherpotts.net/swda.html.
This work is licensed under a Creative Commons
Attribution-NonCommercial-ShareAlike 3.0
Unported License.

E-Intent Welivita and Pu, 2020: The dataset was
downloaded from https://github.com/
anuradha1992/EmpatheticIntents.
The original dataset is available at https:
//github.com/facebookresearch/
EmpatheticDialogues which is under the
Creative Commons Attribution 4.0 International
license.

MuTual and MuTual-plus Cui et al., 2020: The
datasets have been downloaded from https://
github.com/Nealcly/MuTual. Licensing
is unclear; the authors do not mention any license
information or terms of use.

DailyDialog++ Sai et al., 2020: The dataset
was downloaded from https://github.com/
iitmnlp/DailyDialog-plusplus. The
data is available under the MIT License.

12https://github.com/PolyAI-LDN/
task-specific-datasets/blob/master/
LICENSE
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rMax or Reddit-727M conversational-
data Henderson et al., 2019: the
dataset has been obtained from https:
//github.com/PolyAI-LDN/
conversational-datasets/tree/
master/reddit. The dataset is available under
the Apache License Version 2.0.
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A Mutual Information Estimators

In this paper, we experiment with various different
MI estimators, and found InfoNCE-S to be the best
(both in terms of accuracy as well as training speed).
The mathematical formulation of these estimators
is provided below.

1. InfoNCE was proposed by Oord et al. (2018).
It connects to the mutual information value
I(X;Y ) as,

I(X;Y ) ≥ log(N)− LN

LN = −EPXY

[
log

ef(x,y)∑
y′∈Y e

f(x,y′)

]

2. MINE (Belghazi et al., 2018)

I(X;Y ) ≥ supθ∈Θ
[
I
(MINE)
θ (X;Y ) =

EPXY [T (x, y)]− logEPX×PY [e
T (x,y)]

]

3. JSD (Hjelm et al., 2019)

I
(JSD)
θ (X;Y ) = EPXY [−sp(−T (x, y))]

− EPX×PY [sp(T (x, y))]

4. SMILE (Song and Ermon, 2020)

I
(smile)
θ (X;Y ) = EPXY [T (x, y)]

− logEPX×PY [clip(e
T (x,y), e−τ , eτ )]

Use of the InfoMax objective for self-supervised
learning has been more prevalent in the computer
vision domain than in NLP. Although as Kong et al.

(2020) have previously shown, many existing loss
functions used for training NLP models can be de-
rived directly from the InfoMax framework. Kong
et al. (2020) had only focused on various language
model objectives that focus on words given the sur-
rounding context. The authors showed that this
objective translates to maximizing mutual infor-
mation between the context and the missing word
within the context.

In dialog domain also, InfoMax-equivalent loss
functions have been used. First, Henderson et al.
(2020) used contrastive formulation of the response
selection task as a pretraining objective for dialog
representation. Other prior works on response se-
lection models often used a binary-cross entropy
loss for training. Both these loss functions are actu-
ally equivalent to various lower bound estimators
for mutual information. In the QAInfoMax model
(Yeh and Chen, 2019), the authors used the Deep-
InfoMax loss function (Hjelm et al., 2019) as a
regularizer and showed that representations learned
with or in-presence of an InfoMax regularizer are
more resilient to adversarial attacks while maintain-
ing the same level of task performance. We also
observe the same effect in our DD++/cross exper-
iments. This is because of the self-supervised yet
task-specific nature of the loss function.
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Figure 3: Validation-MI profile during pretraining

B Response Retrieval Experiment

We wanted to investigate if the proposed model
can rank good responses higher compared to more
generic/bland ones. Hence to test against an ex-
treme setting we simulate a response selection task
for a very large pool using the test set of Daily Dia-
log (Li et al., 2017) dataset. We took all the ∼7000
responses from test set of the daily dialog dataset
as the response pool. Next, for a few randomly
selected context examples, we illustrate the top two
ranked as well as ground truth responses for two
full conversations in Tables 5 and 6. Of course, the
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ground truth response was removed from the pool
for each context. The ranking of responses were
done using the f(c, r) function from the trained
DMI_Base model. From the examples of response
selection, we can observe that the model is able to
both avoid blend responses and select responses
that are relevant to the current context even from
such a large pool. This shows the usefulness of dia-
log specific pretrained representation trained using
the DMI objective.

C Prediction Samples and Error Analysis

In Table 7, we show sample predictions from the
DailyDialog++/cross task (Sai et al., 2020). As
DialoGPT has the best performance in the probe
setup, on this task among the baselines, we choose
it for error analysis. We randomly sampled 11 in-
stances where the DialoGPT model made a mistake
and observed the behavior of our DMI_Base model
on these samples. We see that our model correctly
predicts for all 6 out of 6 negative samples and out
of the 5 positive samples DMI_Base predicts the
label of 2 samples correctly (overall 8/11 correct
predictions by our model). This shows that our
model has a better understanding of the context
and response inputs, which makes it robust against
the adversarial negative samples. As can be seen
in samples 2, 3, 5 and 6, the incorrect predictions
by the DialoGPT model might have been caused
by presence of common or similar meaning tokens
(cook, food; million; long; employee) between con-
text and response. This means that DialoGPT often
relies on weak token-based cues for prediction.

For error analysis on the Empathetic-Intent (E-
Intent) task (Welivita and Pu, 2020), we chose the
ConveRT model as the baseline to compare against
predictions from our DMI_Base model. First, we
randomly select 10 samples from the test set of the
E-Intent task where the baseline ConveRT model
makes a mistake. Then the predictions from the
DMI_Base model are observed on these 10 sam-
ples. The input utterances, true labels and the pre-
dictions made by the model are shown in Table 8.
Out of these 10 samples, DMI_Base is able to pre-
dict the labels for 6 instances correctly. We notice
that though sample inputs often contain more than
one emotion, the one denoted by the gold label is
generally the primary one. Our model is able to
capture this emotion correctly more often than the
baseline, with such mixed-emotion samples.

Fig. 4 shows the confusion matrix for our

DMI_Base model for the Empathetic-Intent task.
The accuracy is highest for afraid, acknowledging
and questioning classes (each above 95%). Some
of the most confusing pairs of classes are (annoyed,
wishing), (anxious, apprehensive), (caring, confi-
dent), (content, grateful), (content, lonely).
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Dialog Rank-1 Response Rank-2 Response

S1: Hey man , you wanna buy some weed ? Yes , smoking or non-smoking ? Sure , what ’ s up ?
S2: Some what ? My cigarettes . Come on man ! I even got dope and acid !

Try some !
S1: Weed ! You know ? Pot , Ganja , Mary Jane
some chronic !

I’m sorry , Mrs . Lin . We don’t allow smok-
ing in the office .

Ha ! That’s right . You used to smoke . I
forgot !

S2: Oh , umm , no thanks . Come on man ! I even got dope and acid !
Try some !

Come on , you can at least try a little , besides
your cigarette .

S1: I also have blow if you prefer to do a few lines . No , thanks . Oh , yes , could I have some
juice for the mini bar ?

No , thanks . I ’ Ve had enough . I’ll have
my bill , please .

S2: No , I am ok , really . Great ! Would you prefer smoking or non-
smoking ?

Come on , you can at least try a little , besides
your cigarette .

S1: Come on man ! I even got dope and acid ! Try
some !

I will , but let’s go to the disco after dinner . No , thanks . I’ve had more than enough.In
fact , I must be running along .

S2: Do you really have all of these drugs ? Where
do you get them from ?

I found them at JC Pennies . They are my personal effects .

S1: I got my connections ! Just tell me what you
want and I ’ ll even give you one ounce for free .

Hmm ... I’ll tell you what . I’ll lend you four
thousand dollars , but you have to pay me
back next week .

No , thanks . Oh , yes , could I have some
juice for the mini bar ?

S2: Sounds good ! Let ’ s see , I want . Here you go.On any other day , it would cost
me a fortune , but it ’ s on special offer today
.

All right , Maria . I ’ ll give you until tomor-
row at 4:00 to produce a satisfactory piece of
work , but otherwise , you ’ ll have to re-do
it .

S1: Yeah ? But of course ! Well , it ’ s been great talking
to you , but I have to get going .

Good . I was thinking that I ’ d like to invite
you to watch a movie . I can meet you at the
cinema gate .

Table 5: Retrieval Example 1: Top two ranked responses from a large pool, as well as ground truth response for
a conversation. Note that every line corresponds to one utterance in the conversation either from speaker S1 or
speaker S2. How to read the table: For any context (all entries in first column upto any row), the ground truth
response can be automatically obtained from the immediate next entry in first column. The response selected by the
model in any cell (t, 1 or 2) is for the true context from row 1 to row t in the first column.

Dialog Rank-1 Response Rank-2 Response

S1: Could I have my bill , please ? Sure . Here is your receipt . Sure . Your cash back is $ 13 . And we’ll
bring out your fries in two minutes .

S2: Certainly , sir . Thanks . Now can I make the full deposit ? Thank you ! Would you like an aisle seat or
a window seat ?

S1: I’m afraid there’s been a mistake . I am really sorry too , maybe I can give you
a call sometime .

Oh , I’m sorry.However , if you could help
me out , I’ll double the pay for the hours
worked .

S2: I’m sorry , sir . What seems to be the trouble ? Not much . I had to pay an unexpected bill ,
so I needed the money back .

Oh , nothing special . I’m just a bit tired .

S1: I believe you have charged me twice for the same
thing . Look , the figure of 6.5 dollar appears here ,
then again here .

One moment , please , sir . ... Here’s your
bill . Would you like to check and see if the
amount is correct ?

Sir , I deleted the $ 10 , but I had to add a $
2 service charge to your bill.

Table 6: Retrieval Example 2: Top two ranked responses from a large pool, as well as ground truth response for
a conversation. Note that every line corresponds to one utterance in the conversation either from speaker S1 or
speaker S2. How to read the table: For any context (all entries in first column upto any row), the ground truth
response can be automatically obtained from the immediate next entry in first column. The response selected by the
model in any cell (t, 1 or 2) is for the true context from row 1 to row t in the first column.
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ID Context Candidate Response Gold DialoGPT DMI_Base

DMI_Base predicts correctly

1 All right. I’ll take it. __eou__ Do you like to use chopsticks
__eou__ Yes, I like using chopsticks.

When you get closer, you see that
each horizontal section is made up
of two pieces that converge in a
right angle.

0 1 0

2 And you’ll have to sell your motorcycle. And your cameras. Right?
__eou__ Maybe I’ll cook once or twice a week. How is that?

I go to the temple twice a week so I
prefer vegetarian food. 0 1 0

3

But I heard the box office rose up to 15 million in the first week.
__eou__ Box office can’t explain everything. I do not think it is
cheerful or well-made. The plot is old and the female character is
not pretty. __eou__ My sister has given me two tickets for tonight.
It is called’ The life of Rose’, a French movie.

I got 1 million views on my
youtube channel in one week. 0 1 0

4

Glad you like it. By the way, is this your first time to China, Mr.
White? __eou__ Yes, as a representative of IBM. I hope to
conclude some business with you. __eou__ We also hope to
expand our business with you.

May I know what and all process
you have? 1 0 1

5

Good. I have to go right now. I really hope this meeting doesn ’ t
last too long. __eou__ They usually go on for ages. __eou__ I ’ ll
stop by if I have time later. Make sure everyone knows that we
must stick to the deadlines.

I don’t cut my hair because I really
like to keep it long. 0 1 0

6

Of course. The main thing is that all our work must be completed
on schedule. We even allow our employee to go home early if they
finish their work early. __eou__ How often do you have meetings?
__eou__ You should attend a department meeting every Monday
morning. There are other meetings for people working together on
certain projects. Department heads also attend an
interdepartmental meeting each week.

In the newsletter, I gave employees
column references this week. 0 1 0

7

Sounds interesting! That must be very convenient. __eou__ Yes,
you’re right. I can blog wherever and whenever I’m on the move.
It’s especially good when I’m on a business trip and my laptop
happens to be away from me. __eou__ How can you do that?

I sank parents money into my
business it is not convenient. 0 1 0

8 There is a wait right now to use the computers. __eou__ That ’ s
fine. __eou__ Would you please write your name on this list? Sure, please give me a pen. 1 0 1

DMI_Base predicts wrongly

9 How much cash would you like? __eou__ I want $150. __eou__
Here ’ s your $150. Well! I never forget your help. 1 0 0

10
I see, sir. This one is very good. __eou__ Is it? __eou__ You may
rest assured. It sells well. __eou__ May I have a look at the
introduction?

It has been recommended by top
nutritionists. 1 0 0

11 Sir, tell us about your experience with Super Bulk-up. __eou__
Well, it’s completely changed my life. __eou__ Tell us how.

The change is right in front of you,
isn’t it? 1 0 0

Table 7: Sample Predictions from the DD++/Cross task. In DD++/Cross, the models are trained using randomly
sampled negatives and tested on curated adversarial negative samples. In each sample, the input context comprises
the utterances, previous to the response, spoken by the two participants. Such utterances within a context are
delimited by a special token “__eou__”.
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ID Input Utterance Gold Label ConveRT DMI_Base

DMI_Base predicts correctly

1 i feel very thankful for everything that i have, i live a really
good life in my liking grateful content grateful

2 I’m training a new girl at work. She is doing so good for her
first week! proud confident proud

3 It broke my heart today when I went to the grocery store and
found out that they were out of Dean’s French Onion Dip. disappointed devastated disappointed

4 My wife’s birthday is coming up. I got her a gift and the party
planned out way ahead of time this year. prepared surprised prepared

5 My friend helped me to pack grateful trusting grateful

6

For two years now I’ve been walking with help of a walker,
following a botched hip operation. Recently, at a physical
therapy session, I was able to walk with a cane the length of
the treatment room. I felt quite good about myself!

proud caring proud

DMI_Base predicts wrongly

7 I was trying to plan my wedding by getting a caterer, and they
kept blowing us off over and over again. furious disappointed disappointed

8 Being a successful single mothr. proud content content

9

We were over at our friend’s house for a dinner and I was in
the kitchen helping her cook. I had melted butter in a baking
dish to make dessert, and I poured cold milk into it like the
recipe said to do. It ended up cracking the dish. I felt bad. I
offered to buy her a new one.

guilty caring ashamed

10 One time I had done really well in a class. I fully expected to
get an A in it anticipating confident disappointed

Table 8: Example Predictions on the Empathetic-Intent (E-Intent) task by ConveRT and our DMI_Base model.
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Figure 4: Confusion Matrix for our DMI_Base model for the Empathetic-Intent task.
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Abstract

Adversarial texts help explore vulnerabilities
in language models, improve model robustness,
and explain their working mechanisms. How-
ever, existing word-level attack methods trap in
a one-to-one attack pattern, i.e., only a single
word can be modified in one transformation
round, and they ignore the interactions between
several consecutive words. In this paper, we
propose ValCAT, a black-box attack frame-
work that misleads the language model by ap-
plying variable-length contextualized transfor-
mations to the original text. Compared to word-
level methods, ValCAT expands the basic units
of perturbation from single words to spans com-
posed of multiple consecutive words, enhanc-
ing the perturbation capability. Experiments
show that our method outperforms state-of-the-
art methods in terms of attack success rate, per-
plexity, and semantic similarity on several clas-
sification tasks and inference tasks. The com-
prehensive human evaluation demonstrates that
ValCAT has a significant advantage in ensur-
ing the fluency of the adversarial examples and
achieves better semantic consistency. We re-
lease the code at https://github.com/
linerxliner/ValCAT.

1 Introduction

Deep learning is successfully applied in a variety of
fields, while previous works have found that neural
network models are vulnerable to well-constructed
adversarial examples (Goodfellow et al., 2015; Ku-
rakin et al., 2017). In general, adversarial examples
are constructed by adding imperceptible perturba-
tions to the benign inputs, which can mislead the
victim model. And exploring adversarial examples
is essential to improving the reliability and robust-
ness of neural network models. Compared to the
long-studied image domain, generating adversarial
examples on texts is more difficult because texts are
discrete, where small changes can alter the original

∗Corresponding author.

meaning and make it unnatural (Xu et al., 2020;
Zhang et al., 2020).

AG News
(Business)

Lucent milestone: A profit Lucent Tech-
nologies yesterday posted higher fiscal
fourth-quarter earnings, helping lift the
telecommunications equipment maker
to its first profitable year since 2000.

BERT-Attack
(Sci/Tech)

Lucent node: A revenue Lucent tech yes-
terday reported higher revenue fourth-
quarter benefits, which lift the multime-
dia equipment maker to its first business
year year 2000.

ValCAT
(Sci/Tech)

Lucent milestone: A profit Lucent [IT]
Technologies [recently reported] higher
fiscal fourth-quarter earnings, helping
lift the telecommunications equipment
maker to its first profitable year since
2000.

MNLI
(Neutral)

Premise: He caught a grip on himself,
fighting the fantasies of his mind, and
took another breath of air.
Hypothesis: The air tasted like molten
metal - the taste of blood.

BERT-Attack
(Contradiction)

Hypothesis: The air tasted through boil-
ing armor - the taste of betrayal.

ValCAT
(Contradiction)

Hypothesis: The air tasted [nothing like
air] - the taste of blood.

Table 1: Instances of adversarial examples. The first
is the original text, followed by adversarial examples
generated by ValCAT and BERT-Attack. Blue indicates
replace operation, and orange indicates insert operation.
For ValCAT, words in a bracket are a span perturbed
as a whole in one transformation round. The decision
results of the victim model are in parentheses.

Most of the sentence-level attack methods (Zhao
et al., 2018; Han et al., 2020; Xu et al., 2021) gen-
erate adversarial examples by perturbing the latent
representation of the text, and the text quality is
thus relatively difficult to control. Word-level at-
tack methods (Samanta and Mehta, 2017; Zhang
et al., 2019) have received much attention in the
recent past. Several previous works explore the per-
turbation based only on the properties of individual
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Figure 1: Overview of ValCAT’s workflow.

words, with the help of inflectional morphology
(Tan et al., 2020), counter-fitting word vectors (Jin
et al., 2020), sememe (Zang et al., 2020), etc. The
encoder language models, like BERT, give us new
insights of incorporating context information into
the generation of adversarial candidates in transfor-
mation (Li et al., 2020; Garg and Ramakrishnan,
2020; Li et al., 2021). However, the basic units of
perturbation in these works are still single words,
which limits the scope of the perturbation and over-
looks the interactions between words, as examples
shown in Table 1. To address this issue, two re-
search questions are raised: 1) How to take into
account interactions between words in vulnerable
position discovery? 2) How to perturb a vulner-
able position with variable-length contextualized
transformations?

We propose ValCAT, which generates high-
quality adversarial examples by applying variable-
length contextualized transformations to the origi-
nal text. Table 1 demonstrates some sample cases.
Specifically, given a benign text, we enumerate
all possible spans by traversing the text with slid-
ing windows of different lengths to evaluate the
importance of the spans. We utilize two opera-
tions, REPLACE and INSERT, to apply adversarial
spans generated by the encoder-decoder language
model to the text. The encoder can fill a mask token
with a single word, while the decoder can predict
a sequence after a prompt. Therefore, joint use of
encoder and decoder enables ValCAT to generate
variable-length contextualized spans at the arbitrary
vulnerable position.

Furthermore, we evaluate ValCAT by attacking
fine-tuned BERT on several classification tasks and
inference tasks. Experiment results show that it
outperforms other baseline methods in attack suc-
cess rate, perplexity, and semantic similarity. In
particular, we observe that the variable-length fea-
ture can significantly reduce perplexity, which is
less than 50% compared to the best baseline. As
for the efficiency, although the multi-word attack

pattern perturbs more words than the one-to-one
attack pattern in one transformation, it just requires
fewer rounds toward success. In general results,
it is in a tolerable perturbation rate, and ValCAT
is even lower than baselines on some of the infer-
ence datasets. A comprehensive human evaluation
further verifies that ValCAT has significant advan-
tages in readability and semantic consistency. The
main contributions of this paper are summarized as
follows:
• ValCAT is the first variable-length adversarial
attack method against language models, i.e., ex-
tending the basic units of perturbation from single
words to spans.
• Our work proposes the Sliding Window for
vulnerable-position discovery and the variable-
length contextualized transformation which fully
exploits the advantage of encoder-decoder lan-
guage models.
• Automatic evaluation and human evaluation
demonstrate the excellent attack effectiveness of
ValCAT and the superior quality of our generated
adversarial examples.

2 ValCAT

To further improve the attack effectiveness and si-
multaneously improve the readability and semantic
similarity of the adversarial examples, we propose
ValCAT, which can generate high-quality adversar-
ial text by applying variable-length contextualized
transformations with the encoder-decoder language
model.

Problem Formalization Given a victim model
F : X → Y and a text x = w1w2...wn−1wn
that can be correctly classified by F , the attack
goal is to generate an adversarial text x̃, which can
confuse the model prediction, i.e. F (x̃) ̸= F (x).
A consecutive word sequence with length l can be
denoted as a span si:i+l. In the soft-label black-box
setting, the attacker only has access to the logit
output P (y|x). The architecture, parameters, and
configurations of F are unknown to the attacker.
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To achieve human imperceptibility, the attacker
should minimize textual perturbations and maintain
semantic consistency.

ValCAT The attack workflow of ValCAT is illus-
trated in Figure 1. To locate the most-vulnerable
positions for the perturbations in each iteration, Val-
CAT first rank the spans in x according to their im-
portance with sliding windows of length 1 to MAX,
as lines 2-7 in Algorithm 1. Based on the sorted
span ranking R, ValCAT uses the encoder-decoder
language model to generate variable-length contex-
tualized spans, as lines 8-13. Using two transfor-
mation operations in line 9, REPLACE and INSERT,
we obtain a adversarial text candidate set T . If
some of the candidates can mislead the victim
model, ValCAT declares the one with the high-
est cosine similarity with the original text as the
final successful result, as line 11. However, if no
candidate successes at this iteration, we select the
one with the highest negative impact to the victim
model as the basic text for the next iteration, as
line 13. Note that, if a span in the ranking R has
been selected as the target span, the subsequent
spans which are overlapped with it will be removed
from the ranking to avoid multiple modifications
on one word. The attack ends when the successful
example appears, or when the limit of the pertur-
bation constraints (See Section 3.1) reached. The
latter case is considered a final failure. Below we
elaborate on the two stages of the attack in Section
2.1 and Section 2.2 in detail.

2.1 Important Span Ranking
Echoing the observation to prior works (Jin et al.,
2020; Li et al., 2020), only some key words act
as vulnerable positions for the victim model F .
Perturbations over these words can be most benefi-
cial in crafting adversarial examples. Considering
the interactions between words, ValCAT performs
transformations on several important spans instead
of single words.

Given a text x, we evaluate the importance of
a span s within x according to how removing the
span can impact the model prediction in the black-
box setting. Formally, we define the decision dif-
ference of x and x̃ on the class y as:

Dy(x, x̃) =

{
dy(x, x̃), if y = ỹ

dy(x, x̃) + dỹ(x̃, x), if y ̸= ỹ

where y and ỹ are the predictions of x and x̃, re-
spectively, and dy(x, x̃) = P (y|x)−P (y|x̃) is the

difference of the probabilities that x and x̃ are clas-
sified as y. Let x̃s denote the text of replacing span
s by a unknown token [unk]. The importance score
of s with respect to x is IPx(s) = Dy(x, x̃s).

To compare spans of different lengths, we pro-
pose the Sliding Windows to measure the impor-
tance of variable-length spans. Specifically, we
apply multiple sliding windows of the correspond-
ing sizes, which traverse the text from left to right.
Each span bounded by a sliding window is sequen-
tially removed from the original text for its im-
portance calculation. Finally, we obtain a set of
triples each consisting of the start index, the span
length, and the importance score of the span. We
rank the triples according to the importance score
in descending order.

Algorithm 1: VALCAT
Input: Victim Model F ; Text x; Label y;

Maximum length of sliding window
MAX

Output: Adversarial example
1 R← ∅; t← x
2 for l = 1 to MAX do
3 for i = 1 to LEN(x)− l + 1 do
4 s← xi,...,i+l−1
5 ip← IPx(s)
6 R← R ∪ ⟨i, l, ip⟩

7 Sort R according to the importance score in
descending order

8 for (i, l, _) in R do
9 T ← REPLACE(t, i, l) ∪ INSERT(t, i)

10 if ∃x̃ ∈ T s. t. F (x̃) ̸= y then
11 return argmax

x̃∈T,F (x̃)̸=y
SIMILAR(x, x̃)

12 else
13 t← argmax

x̃∈T
Dy(x, x̃)

14 return NULL

2.2 Variable-Length Contextualized
Transformations

Based on the ranking of triples, ValCAT performs
perturbations in a sequential manner, where each
step a vulnerable position in the original text is
replaced by or inserted with a set of adversarial
spans generated by the encoder-decoder language
model. The variable-length feature of the adversar-
ial spans renders the language model enough space
to produce more contextually appropriate candi-
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dates to improve fluency. Meanwhile, our variable-
length method expands the perturbation units, for it
supports multi-word transformations while is com-
patible with traditional one-to-one transformations.
Compared with previous methods, this further im-
proves the attack success rate under the same per-
turbation constraints. Below we elaborate on the
details of the adversarial span generation.

Adversarial Span Generation To generate ad-
versarial candidates of each target span, ValCAT ap-
plies the encoder-decoder language model to fill the
mask token with a set of spans of varying lengths.
First, the encoder language model owns the ca-
pability of predicting the masked tokens, which is
trained with the masked language modeling (MLM)
objective. However, the encoder fills one mask to-
ken with only one suitable word rather than multi-
ple words. The ability of the decoder could fill the
gap of the single word since the decoder is trained
with a causal language modeling (CLM) which can
predict the sequence after a prompt. But, the de-
coder can only generate sequences at the end of
the text. Hence, ValCAT combined these two mod-
els with their complementary advantages, with the
predictive capability at arbitrary positions of en-
coder and variable-length generation of a decoder.
With the candidate adversarial spans for target span,
ValCAT performs two kinds of transformation op-
erations, REPLACE and INSERT, to generate the
adversarial examples for consideration.

Replace The REPLACE operation substitutes the
target span si:i+l = wi...wi+l−1 with another span
s. For example, the target span “awesome” in the
text “This place is awesome.” could be replaced
by the adversarial span “pretty good”. Specifically,
we first replace a mask token [mask] to si:i+l:

x̃[i:i+l] = w1...wi−1[mask]wi+l...wn,

and generate a set of contextualized spans of vary-
ing length, S , to fill the mask token. The adversar-
ial example is denoted as:

x̃[i:i+l]s = w1...wi−1 s wi+l...wn,

where s ∈ S is a adversarial span.
Since the language model is blind to the infor-

mation of the target span, some of the generated
adversarial spans may deviate from the original
meaning to a large extent. To avoid this situation,
we only leave the adversarial spans with a high
degree of semantic similarity to the original span.

Specifically, we use Universal Sentence Encoder
(Cer et al., 2018) to restrict their cosine similarity.
We also impose a limit on the perturbation rate (See
Section 3.1). To prevent the text from being too
long, we constrain the adversarial spans to be at
most two words longer than the target span.

Insert The INSERT operation inserts a new span
s in front of the target span si:i+l. For example, “I
like this quite interesting movie.”. Similar to the
REPLACE operation, it inserts a mask token in front
of the target span:

x̃i = w1...wi−1[mask][wi...wi+l−1]wi+l...wn,

and corresponds with the adversarial text x̃is =
w1...wi−1 s wi...wn. This operation also follows
the same perturbation constraints, mentioned in
Section 3.1.

3 Experiments

In this section, we evaluate ValCAT on two NLP
tasks, text classification and natural language infer-
ence. To demonstrate the effectiveness of ValCAT
in terms of fluency, grammaticality, and semantic
consistency, following Li et al. 2021, we design
and conduct a comprehensive human evaluation.

3.1 Implementation
Victim Model In this work, we choose fine-tuned
BERT as the victim model for the all evaluation
tasks. As BERT has achieved good results on a
variety of NLU tasks and has been proven to be one
of the most representative pre-trained transformers
(Devlin et al., 2019).

Span Generation Model To obtain variable-
length contextualized spans, we choose T5 (Raffel
et al., 2020) as the generation model. T5 is a rep-
resentative encoder-decoder language model that
can predict the missing spans within a corrupted
piece of text, benefiting from the fill-in-the-blank
pre-training. Also, the large corpus C4 renders T5
rich prior knowledge to enable the diversity and the
high quality of the generated spans.

Constraints To achieve human imperceptibility
and semantic preservation of the adversarial exam-
ple, we impose constraints on the word perturbation
rate and semantic similarity, as defined in Section
3.3. Following previous practices (Jin et al., 2020;
Li et al., 2021), we set the thresholds of these con-
straints respectively for each dataset, with details
shown in Appendix A.
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Dataset Algorithm Orig Acc Atk Acc↓ Suc↑ PPL↓ Sim↑ Pert↓ GErr↓

AG News
(PPL=98.4)

ValCAT

94.4

35.3 62.6 136.2 0.922 16.1 0.39
BERT-Attack 47.5 49.7 326.9 0.873 17.3 1.12
TextFooler 44.8 52.5 418.6 0.883 15.7 1.37
TextBugger 62.0 34.3 500.7 0.886 19.7 2.78

Yelp Polarity
(PPL=71.1)

ValCAT

98.3

6.8 93.1 81.6 0.950 11.6 0.11
BERT-Attack 20.2 79.5 162.9 0.881 14.1 0.15
TextFooler 27.7 71.8 174.5 0.890 11.2 0.33
TextBugger 53.7 45.4 255.4 0.876 16.1 2.17

IMDB
(PPL=58.8)

ValCAT

94.6

12.8 86.5 65.6 0.977 6.7 0.09
BERT-Attack 18.3 80.7 98.0 0.950 7.8 0.08
TextFooler 30.2 68.1 95.6 0.956 5.9 0.24
TextBugger 55.9 40.9 123.2 0.952 8.7 1.49

SNLI
(PPL=68.0)

ValCAT

89.8

10.6/9.7 88.2/89.2 90.9/78.6 0.854/0.840 21.3/22.9 0.22/0.15
BERT-Attack 34.8/20.5 61.2/77.2 184.5/116.9 0.734/0.741 24.8/19.3 0.31/0.09
TextFooler 41.7/23.3 53.6/74.0 235.9/146.8 0.734/0.745 24.4/19.4 0.64/0.22
TextBugger 55.5/34.9 38.2/61.1 374.0/190.9 0.728/0.754 31.0/25.1 1.80/0.69

MNLI
(PPL=79.5)

ValCAT

82.7

7.3/2.5 91.2/97.0 93.5/89.5 0.879/0.869 18.5/20.4 0.19/0.15
BERT-Attack 22.4/17.7 72.9/78.6 172.9/146.9 0.754/0.764 22.6/18.9 0.09/0.12
TextFooler 28.9/21.4 65.1/74.1 228.1/183.4 0.754/0.770 22.1/18.2 0.63/0.38
TextBugger 41.1/34.7 50.3/58.0 317.6/218.2 0.744/0.771 27.3/22.4 1.98/1.05

QNLI
(PPL=66.1)

ValCAT

90.0

18.7/6.4 79.2/92.9 70.4/87.5 0.828/0.892 27.8/18.4 0.13/0.18
BERT-Attack 32.5/24.7 63.8/72.6 101.2/215.5 0.734/0.744 24.2/26.5 0.31/0.63
TextFooler 41.0/34.3 54.4/61.9 120.3/252.0 0.757/0.754 20.7/24.0 0.51/1.11
TextBugger 50.4/44.1 43.9/51.0 152.6/388.8 0.753/0.744 27.4/31.8 1.25/3.02

Table 2: Effectiveness of ValCAT in attack success rate (Suc), perplexity (PPL), semantic similarity (Sim), word
perturbation rate (Pert), and grammar error (GErr). Bold font indicates the best performance for each metric. ↑ (↓)
represents that the higher (lower) the better. The original PPL for each dataset is indicated in parentheses under its
name. For the natural language inference task, the left side of the slash indicates the result of attacking premise
(question) and the right side indicates the result of attacking hypothesis (sentence).

Settings and Computation Cost All results are
derived from a single run since there is no random-
ness in our method. The maximum length of the
sliding window is set as 3. In our implementation,
we apply SpaCy (Honnibal and Montani, 2017)
and NLTK (Loper and Bird, 2002) for text manip-
ulation. We run ValCAT on Intel Xeon E5-2690
2.6GHz Processor with V100 GPU. Averagely it
takes 34 secs to generate a successful adversarial
example.

3.2 Datasets and Baselines

To investigate the effectiveness of ValCAT on dif-
ferent types of text, we evaluate it on several En-
glish datasets. We randomly sample 1000 instances
from each of the following datasets: three for text
classification, i.e., AG News, Yelp Polarity, and
IMDB; and three for natural language inference,
i.e., SNLI, MNLI, and QNLI, with detailed informa-

tion shown in Appendix B. We compare ValCAT
with several state-of-the-art word-level attack meth-
ods, i.e., TextBugger, TextFooler, and BERT-Attack.
Details of these methods are shown in Appendix C.
Note that, all the datasets and baselines are pub-
licly available and are used following their usage
specifications.

3.3 Automatic Evaluation

Metrics We evaluate the effectiveness of ValCAT
based on the following metrics:
• Attack success rate (Suc): is the percentage of
adversarial examples successfully interfered with
the victim model’s prediction over the text dataset.
• Perplexity (PPL): is an automatic metric to evalu-
ate the probability of a text appearing in a natural
corpus. So PPL can reflect the text’s natural flu-
ency, the lower the better. We use GPT-2 (Radford
et al., 2019) for this calculation.
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• Semantic similarity (Sim): is the cosine similar-
ity between the original text and adversarial text
calculated by Universal Sentence Encoder (USE)
embeddings (Cer et al., 2018).
•Word perturbation rate (Pert): is the proportion
of the modified words over the original text. To
evaluate the perturbation rate on variable-length
perturbations more accurately, we design separate
calculations for these two transformation opera-
tions. For the REPLACE operation, the number
of modifications is max(lt, la) − lLCS , where lt,
la, and lLCS are the lengths of the target span,
the adversarial span, and their longest-common-
subsequence (LCS), respectively. For the INSERT

operation, the number of modifications is the length
of the inserted span.
• Grammar error (GErr): is the incremental num-
ber of grammatical errors of the adversarial exam-
ple relative to the original text. We use Language-
Tool 1 to count the grammatical errors within a
text.
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Figure 2: Success rate and perplexity of each attack
method under the different constraints of word perturba-
tion rate and semantic similarity.

Results The main experimental results are re-
vealed in Table 2. ValCAT outperforms baselines
on multiple datasets in both classification tasks
and inference tasks. Compared with BERT-Attack,
the best baseline method, ValCAT achieves higher
attack success rates in all experiments, and the im-
provement range from 5.8% even to 27.0%. This
is attributed to ValCAT’s ability to apply variable-
length contextualized transformations on spans at
any position, which largely enriches the pattern of
perturbations. In addition, ValCAT achieves the
highest semantic similarity with the original text in
all tasks. The perplexity of the adversarial example
generated by ValCAT is far superior to that of the
baselines. It is roughly only 50% of the perplexity

1https://www.languagetool.org/

of BERT-Attack and is almost consistent with the
original text. This indicates that the adversarial
example generated by ValCAT is with high fluency.
The underlying reason is that multi-word transfor-
mations render the language model enough space to
generate the adversarial spans with approximated
distribution with natural language. At the same
time, ValCAT reaches the lowest average increase
in the number of grammatical errors on five out of
nine attacks, with only a slight disadvantage on the
natural language inference tasks.

In general, ValCAT generates adversarial exam-
ples that achieve more promising attacks and are
more imperceptible to humans. Figure 2 shows the
performance of ValCAT and baselines on the Yelp
dataset under different constraint settings. As we
can see, the success rate of ValCAT decays most
slowly as the limits of perturbation rate and seman-
tic similarity increase, still achieving a success rate
of almost 70% under the strictest constraint. More-
over, ValCAT can maintain a low perplexity under
any constraint, however, other attack methods have
to sacrifice attack effect to maintain their fluency.

3.4 Human Evaluation

Design We evaluate the quality of the adversar-
ial examples from three perspectives: readability
(fluency and grammaticality), semantic similarity,
and label consistency. The first two metrics are
evaluated by ratings, while the third one lets the
annotator categorize the texts into a set of labels.
Five annotators with CET-4 certification performed
the evaluation on AG News dataset. All annota-
tors were informed and consented to the use of
the annotation, and were paid with remuneration
higher than the regional average. To construct the
instances for human evaluation, we randomly select
100 samples from the dataset, whose adversarial
examples generated by both ValCAT and BERT-
Attack can mislead the victim model to make the
same wrong classification decision among multiple
classes. For the evaluation of fluency and grammat-
icality, each original text and its two adversarial
examples are presented in one group in a shuffled
order and the annotators are asked to rate them.
For the evaluation of semantic similarity, given the
original text, the judges need to separately evaluate
its semantic similarity with the two adversarial ex-
amples presented in random order. The above two
tasks ask the annotators to rate the text or the text
pair from 1 to 5. In each questionnaire, we give
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Dataset Metric ValCAT Original BERT-Attack

AG News
F&G 3.37 3.97 2.98
Sim 3.92 - 3.41
Acc 63.0 65.0 62.0

Table 3: Results of human evaluation in readability
(fluency and grammaticality), semantic similarity, and
label consistency (accuracy).

explicit criteria and clear examples for each grade.
For the evaluation of label consistency, we mix all
the original texts with the adversarial examples and
let the annotators label the category of them, e.g.,
business or technology.

Results For the two rating tasks, we normalize
the rates of the annotators and calculate the aver-
age score, while for the labeling task we take the
majority vote as the final result. As shown in Table
3, ValCAT is rated with much higher fluency and
grammaticality scores than BERT-Attack. Also, it
achieves obviously higher semantic similarity. In
terms of labeling accuracy, ValCAT slightly outper-
forms BERT-Attack, still indicating that ValCAT
makes smaller changes to the meanings of the text
from the aspect of human perception. All these
results demonstrate the superior quality of the ad-
versarial examples generated by ValCAT.

4 Analysis

4.1 Ablation Study

We evaluate different transformation strategies of
ValCAT as in Table 4. 3-Many results in the low-
est perplexity, as it renders the language model
more space to generate an appropriate span. It
also requires the smallest number of queries, and
we speculate the reason as it perturbs more words
in a single transformation. For the same reason,
3-Many is less likely to succeed since it’s easier
to reach the perturbation constraint. As expected,
the combination of multiple types of REPLACE op-
erations facilitates the attack success rate while
increasing the number of queries. The INSERT

operation achieves high semantic similarity while
requiring a large number of queries. A comprehen-
sive utility of all operations (i.e., ValCAT) achieves
the highest success rate with the lowest perturba-
tion rate, which fully demonstrates the advantages
of the transformation diversity.

Algorithm Suc↑ PPL↓ Sim↑ Pert↓ Query↓
ValCAT 93.1 81.6 0.950 11.6 673
1, 2, 3-Many 90.8 81.1 0.938 13.4 490
1, 2-Many 91.7 82.6 0.939 12.6 431
1-Many 87.9 84.4 0.933 12.0 340
2-Many 86.1 81.5 0.941 13.3 325
3-Many 80.7 77.1 0.938 16.0 266
Insert 86.4 86.9 0.953 14.4 799

BERT-Attack 79.5 162.8 0.881 14.1 449

Table 4: Results of ablation study. n-Many is a type of
REPLACE operation, which means that a span of length
n is replaced by an adversarial span.

4.2 Impact of Candidate Numbers

From the results under different numbers of candi-
date spans shown in Figure 3, we observe that the
attack success rate is higher when there are more
candidates. Since we greedily select the adversar-
ial span with the greatest impact on the decision
of the victim model, as the number of candidates
increases, spans with low occurrence probability
can be added to the text, making the perplexity
higher. This is especially true for difficult-to-attack
datasets like AG News.

5 10 25 50 100
Num of Candidates

0.4

0.5

0.6

0.7

0.8

0.9

1.0

Su
cc

es
s R

at
e

AG News
Yelp Polarity
IMDB
SNLI (Premise)
MNLI (Premise)
QNLI (Question)
SNLI (Hypothesis)
MNLI (Hypothesis)
QNLI (Sentence)

5 10 25 50 100
Num of Candidates

70

80

90

100

110

120

130

Pe
rp

le
xi

ty

AG News
Yelp Polarity
IMDB
SNLI (Premise)
MNLI (Premise)
QNLI (Question)
SNLI (Hypothesis)
MNLI (Hypothesis)
QNLI (Sentence)

Figure 3: Success rate and perplexity of each dataset
under different candidate numbers.

4.3 Properties of Transformations

We observe the properties of the transformations
in the successful adversarial examples from three
perspectives: type of operation, length of span, and
POS (part-of-speech) of span. Averagely, 62% of
the transformations in each example are REPLACE

operations, and 38% are INSERT operations, indi-
cating that REPLACE operations are more effective
in most cases. As shown in Table 10, the replaced
spans are most likely the longer ones, while the
adversarial spans being applied are relatively short.
Additionally, Table 11 shows that the adversarial
spans of REPLACE operation share identical POS
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distribution with the replaced spans, which guar-
antees the fluency of the adversarial example. The
INSERT operation tends to use adverbs and adjec-
tives, which is consistent with the human intuition
of inserting words into text.

4.4 Adversarial Training
We investigate how adversarial training can mit-
igate the adversarial attack, that is, the power of
our adversarial examples for adversarial training
as a general defense. We randomly sample 10,000
instances from the Yelp training dataset and apply
ValCAT to generate adversarial examples. These
adversarial examples and their intermediate results,
approximately 60,000 texts, are then used to fine-
tune the attacked BERT under the gold labels. Af-
ter adversarial training, the accuracy of the vic-
tim model on the test dataset slightly decreases
from 98.3% to 98.0%, which means that adversar-
ial training does not affect the performance of the
model on clean data. As shown in Table 5, the
attack success rate of ValCAT drops by about 20%,
while both the perturbation rate and the number
of queries have significantly increased, indicating
that the victim model is harder to attack after the
adversarial training.

Algorithm Victim Atk Acc↓ Suc↑ Pert↓ Query↓

ValCAT
Original 6.8 93.1 11.6 673.3
Adv Train 27.0 72.4 14.0 884.2

Table 5: Adversarial training results.

4.5 Generalization
We evaluate the generalization of ValCAT in two
aspects: 1) attack on other victim models and 2)
transferability.

Victim Orig Acc Atk Acc↓ Suc↑ PPL↓ Sim↑ Pert↓
BERT 98.3 6.8 93.1 81.6 0.950 11.6
RoBERTa 99.1 13.3 86.6 81.2 0.952 11.7
LSTM 95.3 0.7 99.3 78.5 0.961 9.2
wordCNN 95.4 1.1 98.8 78.9 0.957 10.0

Table 6: Results of ValCAT attacking RoBERTa, LSTM,
and wordCNN.

Attack on Other Victim Models We try to attack
other common language models on the Yelp dataset
using ValCAT. Table 6 shows that LSTM and word-
CNN, two traditional NLP models, are extremely

vulnerable to ValCAT with an attack success rate of
around 99%. Interestingly, RoBERTa shows better
robustness, with a 6.5% decrease in attack success
rate relative to BERT, which we speculate is due to
its more optimized pre-training approach.

Transferability We evaluate the transferability
of generated adversarial examples on the Yelp
dataset. Specifically, we utilize successful adver-
sarial examples generated by ValCAT targeting dif-
ferent victim models to attack other tested mod-
els. Results in Table 7 show that adversarial ex-
amples aimed at transformer models (BERT and
RoBERTa) are more effective in attacking tradi-
tional NLP models (LSTM and wordCNN) than
the opposite case.

BERT RoBERTa LSTM wordCNN

BERT - 73.4 73.9 76.1
RoBERTa 68.9 - 72.8 74.2
LSTM 84.3 88.8 - 71.8
wordCNN 83.4 87.3 60.5 -

Table 7: Attacked accuracy used in the transferability
analysis. Rows are target models used in generating
adversarial examples, and columns are tested models
applied the examples.

4.6 Limitation

ValCAT makes the best effort to improve the effec-
tiveness of the attack, including the Sliding Win-
dow with a variable-length mechanism to discover
vulnerable positions and multiple types of transfor-
mation operations. However, all these efforts result
in a larger number of queries to the victim model,
compared to existing word-level attack methods.
According to the results of the automatic evalua-
tion and human evaluation, such an increase in the
computation expense is tolerable, considering the
significant improvement in attack success rate and
adversarial example quality. Furthermore, a sim-
plified version of ValCAT, 1-Many (See Table 4),
outperforms the best baseline method in all aspects,
including the number of queries.

Further, the encoder-decoder language models
targeting the fill-in-the-blank-style denoising ob-
jectives cannot see the masked original spans dur-
ing the training and inference. This limitation of
encoder-decoder leaves improvement space of se-
mantic similarity for ValCAT, i.e., establishing a di-
rect semantic mapping between the generated span
and the original span themselves in each transfor-
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mation. We leave finding better ways of training to
compensate for the invisibility of encoder-decoder
as our future work.

5 Related Work

Textual adversarial attacks have been intensively
studied (Wang et al., 2019; Zhang et al., 2020).
Early on, the character-level attack methods
(Ebrahimi et al., 2018; Gao et al., 2018; Li et al.,
2019) are widely used, but they would destroy
words and are very perceptible (Pruthi et al., 2019).
Word-level attack methods are now in the spotlight,
evolving from substitution based only on the prop-
erties of individual words themselves (Zang et al.,
2020; Jin et al., 2020; Tan et al., 2020) to perturb-
ing words by multiple strategies with knowledge of
the context (Li et al., 2020; Garg and Ramakrish-
nan, 2020; Li et al., 2021). Although these existing
works may enrich the transformation form with
various operations like insertion, deletion, merging,
etc., they still treat single words as basic units of
each transformation. Some sentence-level works
(Wang et al., 2020a; Wang et al., 2020b; Huang and
Chang, 2021) generate adversarial examples by per-
turbing the latent representation of the original text,
but they are slightly worse at controlling the text
quality. Our work introduces the Sliding Window to
rank important spans and generates variable-length
contextualized spans by the encoder-decoder lan-
guage model, enabling more effective adversarial
attacks and higher-quality adversarial examples.

6 Conclusion

In this paper, we propose ValCAT, the first variable-
length contextualized adversarial attack based on
the encoder-decoder language model. ValCAT
considers the interaction between words for the
vulnerable-position discovery and expands the ba-
sic units of perturbation from single words to spans.
Experimental results on several datasets demon-
strate the effectiveness of our methods, which out-
performs baselines in terms of attack success rate,
perplexity, and semantic similarity. Our adversarial
examples also have good transferability and help
to improve robustness. A comprehensive human
evaluation further verifies the high quality of the
adversarial examples generated by ValCAT.
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A Constraints

We impose constraints on the generating adver-
sarial examples in terms of perturbation rate and
semantic similarity, as shown in Table 8.

Dataset Perturbation Rate Semantic Similarity

AG News 0.4 0.8
Yelp Polarity 0.4 0.8
IMDB 0.3 0.9
SNLI 0.6 0.6
MNLI 0.6 0.6
QNLI 0.6 0.6

Table 8: Specific values of constraints of the perturba-
tion rate and semantic similarity were used in the main
experiments.

B Datasets

We employ three datasets for text classification
and three datasets for natural language inference as
described below. In our experiments, we randomly
sample 1000 instances.
• AG News: a collection of news articles catego-
rized into 4 types: World, Sports, Business, and
Sci/Tech (Zhang et al., 2015).
• Yelp Polarity: positive and negative restaurant
reviews collected from yelp (Zhang et al., 2015).
• IMDB: a dataset of movie reviews for binary
sentiment classification (Maas et al., 2011).
• SNLI: a collection of human-written English sen-
tence pairs (Bowman et al., 2015). Each sentence
pair consists of a premise and a hypothesis, which
is necessary to determine whether it is entailment,
contradiction, or neutral.
• MNLI: a similar dataset to SNLI (Williams et al.,
2018), but from a variety of genres.
• QNLI: a version of SQuAD which has been con-
verted to a binary classification task (Wang et al.,
2018).

C Baselines

We compare ValCAT with state-of-the-art word-
level attack methods:
• TextBugger: an attack method compounded by
five bug generation strategies (Li et al., 2019). Such
strategies include character insertion, character
deletion, character swapping, homograph character
replacement, and synonym replacement.
• TextFooler: classical adversarial attack algorithm
based on synonym substitution (Jin et al., 2020).
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Candidate synonyms are the closest neighbors of
the replaced word in the counter-fitting word em-
bedding space. It limits the cosine semantic simi-
larity and makes the POS consistent.

• BERT-Attack: a state-of-the-art contextualized
attack method using BERT to fill mask tokens (Li
et al., 2020). It serves as a representative of similar
BERT-based algorithms, such as BAE (Garg and
Ramakrishnan, 2020) and CLARE (Li et al., 2021).

D Performance of Encoder-Decoder
Models

We present the results of generating adversarial
spans by several language models in the T5 family
in Table 9. T5large andmT5base take a longer time
to generate adversarial spans due to their larger ca-
pacity. The higher perplexity of T5v1.1base is, we
conjecture, resulted from its specifically different
structure. In short, T5base is good enough for ad-
versarial span generation.

Algorithm Suc↑ PPL↓ Sim↑ Pert↓ GErr↓ Time↓

T5base 93.1 81.6 0.950 11.6 0.11 0.052
T5large 90.3 84.0 0.948 12.7 0.12 0.069
T5v1.1base 92.3 101.8 0.946 12.4 0.36 0.055
mT5base 94.2 84.6 0.949 12.3 0.06 0.070

Table 9: Performance of encoder-decoder language mod-
els belonging to the T5 family.

E Properties of Transformations

We observe the properties of the transformations in
the successful adversarial examples from three per-
spectives: type of transformation, length of span,
and POS (part-of-speech) of span. Results are
shown in Table 10 and Table 11.

1 2 3 4 5

Replaced Span 26.2% 35.8% 38.0% - -
Span for REPLACE 33.1% 35.0% 24.6% 6.4% 0.9%
Span for INSERT 37.5% 35.3% 27.2% - -

Table 10: The proportion of various lengths in the spans
of the corresponding type.

Replaced Span Span for REPLACE Span for INSERT

ADJ: 7.6% ADJ: 8.4% ADV: 12.4%
NOUN: 6.3% VERB: 6.7% ADJ: 6.7%
VERB: 5.0% NOUN: 5.8% NOUN: 2.2%
ADV: 3.8% ADV: 5.5% ADJ-NOUN-PUNCT: 1.9%

VERB-ADV: 2.3% ADJ-PUNCT: 1.8% VERB: 1.9%
AUX-ADV: 1.9% ADV-ADJ: 1.7% ADV-ADV: 1.6%

ADJ-PUNCT: 1.5% AUX-ADV: 1.7% ADJ-PUNCT: 1.5%
ADV-VERB: 1.5% VERB-ADV: 1.5% VERB-ADV: 1.4%

PRON-VERB: 1.4% NOUN-PUNCT: 1.4% PRON-VERB: 1.4%
ADV-ADJ: 1.3% ADJ-NOUN: 1.4% ADV-PUNCT: 1.2%

Table 11: The proportion of various POS in the spans
of the corresponding type.
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Abstract
It is difficult for non-autoregressive translation
(NAT) models to capture the multi-modal dis-
tribution of target translations due to their con-
ditional independence assumption, which is
known as the “multi-modality problem”, in-
cluding the lexical multi-modality and the syn-
tactic multi-modality. While the first one has
been well studied, the syntactic multi-modality
brings severe challenge to the standard cross
entropy (XE) loss in NAT and is under studied.
In this paper, we conduct a systematic study on
the syntactic multi-modality problem. Specif-
ically, we decompose it into short- and long-
range syntactic multi-modalities and evaluate
several recent NAT algorithms with advanced
loss functions on both carefully designed syn-
thesized datasets and real datasets. We find
that the Connectionist Temporal Classification
(CTC) loss and the Order-Agnostic Cross En-
tropy (OAXE) loss can better handle short- and
long-range syntactic multi-modalities respec-
tively. Furthermore, we take the best of both
and design a new loss function to better han-
dle the complicated syntactic multi-modality
in real-world datasets. To facilitate practical
usage, we provide a guide to use different loss
functions for different kinds of syntactic multi-
modality.

1 Introduction

Traditional Neural Machine Translation (NMT)
models predict each target token conditioned on
previous generated tokens in an autoregressive
way (Vaswani et al., 2017), resulting in high la-
tency in inference. Non-Autoregressive Transla-
tion (NAT) models generate all the target tokens
in parallel (Gu et al., 2018), significantly reduc-
ing inference latency. A disadvantage of NAT is
that it suffers from the multi-modality problem (Gu
et al., 2018) when a source sentence corresponds
to multiple correct translations (Ott et al., 2018).

∗This work was conducted at Microsoft Research Asia.
†Corresponding author.

There are two types of multi-modalities: the lex-
ical one and the syntactic one. The former one has
been adequately studied (Gu et al., 2018; Zhou
et al., 2020; Ding et al., 2021), while the latter
one brings severe challenges to the widely used
cross entropy (XE) loss in NAT. With standard XE
loss, the generated tokens are required to be strictly
aligned with ground truth tokens in the same posi-
tions, which fails to provide positive feedback for
correctly predicted words on different positions as
shown in Fig. 1a. Therefore, advanced loss func-
tions are introduced to provide better feedback for
NAT training: Connectionist Temporal Classifica-
tion (CTC) loss (Libovický and Helcl, 2018) con-
siders all possible monotonic alignments between a
generated sequence and the ground truth; Aligned
Cross-Entropy (AXE) loss (Ghazvininejad et al.,
2020) selects the best monotonic alignment; and
Order-Agnostic cross entropy (OAXE) loss (Du
et al., 2021) calculates the XE loss with the best
alignment based on maximum bipartite matching
algorithm.

Even if with those advanced loss functions,
we find they do not perform consistently across
datasets and languages. In addition, diverse gram-
mar rules in natural language (Comrie, 1989) im-
plies the existence of different kinds of syntactic
multi-modality. Inspired by Odlin (2008); Jing and
Liu (2015); Liu (2007, 2010), we categorize the
syntactic multi-modality into two sub types: the
long-range and short-range ones. The long-range
multi-modality is mainly caused by long-range
word order diversity (e.g., an adverbial of place
may appear at the beginning or the end of a sen-
tence). The short-range multi-modality is mainly
caused by short-range word order diversity (e.g., an
adverb may appear either in front of or behind the
corresponding verb) and optional words (e.g., in
some languages, determiners and prepositions may
be optional (Ott et al., 2018)). Based on the above
categorization of syntactic multi-modality, we fur-
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ther ask two research questions: (1) Which kinds
of syntactic multi-modality do these loss functions
excel at respectively? (2) How to better address
this problem by taking advantage of different loss
functions?

In this paper, we conduct a systematic study to
answer these questions:

• Since the short-range and long-range syntactic
multi-modalities are usually entangled together
in real-world datasets, we first design synthesized
datasets to decouple them to better evaluate ex-
isting NAT algorithms (§3). We find that the
CTC loss (Libovický and Helcl, 2018) can better
handle the short-range syntactic multi-modality
while the OAXE loss (Du et al., 2021) is good at
the long-range one. Though carefully designed,
the synthesized datasets are still different from
the real-world datasets. Accordingly, we fur-
ther conduct analyses on real-world datasets (§4),
which also show consistent findings with that in
synthesized datasets.

• We design a new loss function that takes the best
of both CTC and OAXE, and performs better to
handle the short- and long-range syntactic multi-
modalities simultaneously (§5), as verified by
experiments on benchmark datasets including
WMT14 EN-DE, WMT17 EN-FI, and WMT14
EN-RU. Moreover, we further provide a practical
guide to use different loss functions for different
kinds of syntactic multi-modality (§5).

2 Background

Non-Autoregressive Translation Given the
source sentence x = (x1, x2, ..., xTx), traditional
NMT model generates the target sentence y =
(y1, y2, ..., yTy) from left to right and token by
token: P (y|x) =

∏Ty
t=1 P (yt|y<t, x; θenc, θdec),

where y<t indicates the target tokens generated
before the t-th timestep, Tx and Ty denote the
length of source and target sentence, θenc and θdec
denote the encoder and decoder parameters re-
spectively. This autoregressive way suffers from
high latency during inference. Non-Autoregressive
Translation (NAT) (Gu et al., 2018) is proposed
to reduce the inference time by generating the
whole sequence in parallel, P (y|x) = P (Ty|x) ·∏Ty
t=1 P (yt|x; θenc, θdec), where P (Ty|x) indicates

the length prediction function. While the infer-
ence speed is boosted, the translation accuracy is

A dog ravenously eats  a  pie   in   a pet restaurant

In   a pet   restaurant a dog eats a pie ravenouslyPRED

GT

(a) XE
A dog ravenously eats  a  pie   in   a pet restaurant

In   a pet   restaurant a dog eats a pie ravenouslyPRED

GT

(b) AXE
A dog ravenously eats  a  pie   in   a pet restaurant

In   a pet   restaurant a dog eats a pie ravenouslyPRED

GT

(c) CTC, where solid, dash, and dot dash lines illustrate three
possible alignments respectively.

A dog ravenously eats  a  pie   in   a pet restaurant

In   a pet   restaurant a dog eats a pie ravenouslyPRED

GT

(d) OAXE

Figure 1: The illustration of different loss functions,
where “GT” stands for ground truth, “PRED” stands for
predicted sequence, the green check indicates that credit
is provided to the token.

sacrificed due to that target tokens are generated
conditional independently.

Multi-Modality Problem The multi-modality
problem (Gu et al., 2018; Zhou et al., 2020) in-
dicates that one source sentence may have multiple
correct target translations, which brings challenges
to NAT models as they generate each target to-
ken independently. Specifically, we categorize the
multi-modality problem into two sub-problems, i.e.,
lexical and syntactic multi-modalities. The lexical
multi-modality indicates that a source token can
be translated into different target synonym tokens
(i.e., “thank you” in English can be translated into
both “Danke” or “Vielen Dank” in German), while
the syntactic multi-modality indicates the inconsis-
tency of word-orders (e.g., an adverb may appear
either in front of or behind the corresponding verb)
and the existence of optional words between source
and target languages (e.g., in some languages, de-
terminers and prepositions may be optional) (Ott
et al., 2018). The lexical multi-modality prob-
lem has been adequately studied in recent works.
Sequence-level knowledge distillation (Gu et al.,
2018; Zhou et al., 2020) is shown capable to reduce
the lexical diversity of the dataset and thus alleviate
the problem. Some works also introduce extra loss
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functions such as KL-divergence (Ding et al., 2021)
and bag-of-ngram (Shao et al., 2020) to alleviate
the lexical multi-modality problem.

On the contrary, there still lacks a system-
atic study on the syntactic multi-modality prob-
lem. Generally, it is difficult to solve this prob-
lem because the order and optional words vary
across different languages. For example, the word
order of Russian is quite flexible (Kallestinova,
2007), thus the syntactic multi-modality may exist
more frequently in Russian corpora. In contrast,
the structure of English sentences is mostly sub-
ject–verb–object (SVO) (Givón, 1983), which re-
sults in less variation on word order. In this paper,
we categorize the syntactic multi-modality prob-
lem into short-range and long-range instances, and
provide detailed analyses accordingly.

Loss Functions in NAT Standard cross-
entropy (XE) loss requires the predicted tokens to
be strictly aligned with ground truth tokens, which
fails to deal with the syntactic multi-modality
problem. Different loss functions are proposed
to solve the problem, and here we consider some
most recent works. The CTC loss sums XE losses
of all possible monotonic alignments and has been
widely used in speech recognition (Graves et al.,
2006, 2013), and the effectiveness of the CTC loss
in NAT has been validated (Libovický and Helcl,
2018; Gu and Kong, 2021). AXE (Ghazvininejad
et al., 2020) selects the monotonic alignment
between the predicted sequence and the ground
truth with the minimum XE loss. OAXE (Du et al.,
2021) further relaxes the position constraint and
only considers the best alignment. The illustration
for each loss function is provided in Fig. 1. Though
effective in different datasets, these works ignore
fine-grain features of the multi-modality problem
such as short/long syntactic multi-modalities. In
this work, we analyse the performance of these
loss functions in different syntactic scenarios,
and provide a practical guide to use appropriate
loss functions for different kinds of syntactic
multi-modality.

3 Analyses on Synthesized Datasets

To make fine-grained analyses on the syntactic
multi-modality problem, we first categorize it into
long-range and short-range types, where the long-
range one is mainly caused by long-range word
order diversity, and the short-range one is mainly
caused by short-range word order diversity and op-

Sen

NP VP

DT RB JJ N

The  extremely  large  dog  eats  the  small  pie ravenously

V JJDT N

NP

RB

Figure 2: An illustration of generating a syntax tree for
a source sentence. In the first iteration, “Sen” consists of
(“NP”, “VP”) as the solid lines. In the second iteration,
“NP” consists of (“DT”, “RB”, “JJ”, “N”) and “VP”
consists of (“V”, “NP”, “RB”) as the dash lines. In the
third iteration, “NP” consists of (“DT”, “JJ”, “N”) as
the dot-and-dash lines.

tional words. Then, we would like to evaluate the
accuracy of different losses on different types of
syntactic multi-modality. However, in real-world
corpora, the different types are usually entangled,
making it difficult to control and analyse one as-
pect without changing the other. Thus, we con-
struct synthesized datasets based on phrase struc-
ture rules (Chomsky, 1959) to manually control
the degree of syntactic multi-modality in different
aspects, and evaluate the performance of different
existing techniques.

3.1 Synthesized Datasets
We first employ phrase structure rules (Chomsky,
1959) to synthesize the source sentences, where
the rules are based on the syntax of languages.
Considering that translation can be decomposed
to word reordering and word translation (Banga-
lore and Riccardi, 2001; Sudoh et al., 2011), we
then “translate” the synthesized source sentences to
synthesized target sentences in two steps: 1) word
reordering by changing its syntax tree; 2) and word
translation by substituting the source words into
target words.

Source Sentence Synthesis. We first generate
the syntax tree of the source sentence. Specifically,
we use the notations of the constituents in syntax
tree according to the Penn Treebank syntactic and
part of speech (POS) tag sets1 (Marcus et al., 1993),
and generate the syntax tree of a source sentence
as following (Rosenbaum, 1967):

• Sen→ NP VP,
1“Sen”:sentence; “NP”: noun phrase; “VP”: verb phrase;

“DT”: determiner; “JJ”: adjective; “RB”: adverb; “N”: noun;
“V”: verb.
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Sen

NP VP

DT RB JJ N V JJDT N

NP

Sen
1 − 𝑃𝑙𝑜

Source Target

NP

RB JJ N

VP

V JJDT N

NP

RB RB

1 − 𝑃1
𝑠𝑜 − 𝑃2

𝑠𝑜

15001 12600 100301 27000 5002 15002 12060 3500 13000               28000 21003 30004 26010 16601 29012 25303 17728 

Figure 3: An illustration of “translation”, where the constituent order of “Sen” is changed to “VP NP” with
probability 1− P lo, the constituent order of “VP” is changed to “RB V NP” with probability 1− P so

1 − P so
2 , and

the circled “DT” is removed with probability P op. Meanwhile, the numbers in the source sentence are replaced
with the ones in the target sentence based on mappings.

• NP→ (DT) (RB)∗ (JJ)∗ N,

• VP→ V (NP) (RB)∗,

where the constituent on the left side of the arrow
consists of the constituents on the right side in se-
quence, “(·)” means that the constituent is optional,
and “(·)*” denotes that the constituent is not only
optional but can also be repetitive. For each sen-
tence, we start with a single constituent Sen and
iteratively decompose “Sen”, “NP”, and “VP” ac-
cording to the rules until all the constituents are
decomposed to “DT”, “JJ”, “RB”, “V”, and “N”.
An illustration of generating a syntax tree is de-
picted in Fig. 2. To synthesize the source sentence
according to the syntax tree, we use numbers as
the words in the synthesized source sentences and
use different ranges of numbers to represent words
with different POS, where the details of the ranges
are provided in Appendix A. Then, a number is
randomly sampled in the corresponding range for
each word in the syntax tree.

Word Reordering. To introduce syntactic multi-
modality, we consider multiple possible rules for
“Sen”, “NP”, and “VP” in the target sentences.
Dependency distance is defined as the linear dis-
tance between two words with syntactical relation-
ship (Liu et al., 2017), which can be used as a
guide to select typical rules to introduce long- and
short-range word order diversity. Specifically, we
consider three options: 1) The word order of “Sen”
is with probability P lo to be the same with the
source sentence (i.e., NP VP) and with probabil-
ity
(
1− P lo

)
to swap the “NP” and “VP” (i.e.,

VP NP), which has long dependency distance and
represents for the long-range word order; 2) For
the word order in “VP”, it is considered to be the
same with the source sentence with probability P so1 ,

Probability Default Effect

P lo 1 long-range word order

P so1 1 short-range word order

P so2 0 short-range word order

P op 0 optional words

Table 1: Default values of the probabilities to adjust the
syntactic multi-modality.

place “RB” between “V” and “NP” with probability
P so2 , and place “RB” before “V” with probability
(1− P so1 − P so2 ), which has short dependency dis-
tance and represents for the short-range word order;
3) To introduce the syntactic multi-modality of op-
tional words, we change the existence of “DT” in
each “NP” of the source sentence with probabil-
ity P op (i.e, remove “DT” if it exists in the source
sentence and add “DT” if it does not exist in the
source sentence).

Word Translation. Same as in the source sen-
tences, we use different range of numbers to repre-
sent words with different POS in target sentences.
To do the word translation, we first randomly build
mappings between the source and target words
with different POS respectively. Since we focus on
studying the syntactic multi-modality, we consider
each source word is mapped to a single target word
to eliminate the lexical multi-modality. Then, we
replace the words in the source sentence based on
the mappings to generate the target sentence. An
illustration of “translation” is shown in Fig. 3.

3.2 Experiments and Analyses
We conduct experiments to compare existing loss
functions on different kinds of syntactic multi-
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modality on the synthesized datasets, by changing
the probabilities (i.e., P op, P so1 , P so2 , and P lo) as
listed in Table 1. In the following, we first provide
the experimental settings, then show the results
on the long-range and short-range syntactic multi-
modalities, and finally conclude the key findings.

Experimental Settings. We consider two sep-
arate vocabularies for the source and target sen-
tences, each containing 15K words. 0.3M, 5K,
and 5K synthesized sentence pairs are generated as
training, validation, and test sets respectively. We
use the same hyper-parameters in the transformer-
base model (Vaswani et al., 2017), which is com-
monly used in the NAT models (Gu et al., 2018; Du
et al., 2021; Saharia et al., 2020). All settings are
trained on 4 Nvidia V100 GPUs with 16k tokens in
a batch. For the model with OAXE loss, we train
the first 50K updates with XE loss and the next 50K
updates with OAXE loss (Du et al., 2021). For the
other losses, we train the model for 100K updates.
The length of the decoder input is set as twice the
length of the source sequence for CTC loss (Sa-
haria et al., 2020), while the golden target length
is used for OAXE, AXE, and XE. To evaluate the
accuracy of the predicted sequence, we first cal-
culate the longest common sub-sequence between
the predicted and the golden sequences, and then
the accuracy is defined as the ratio between the
length of the longest common sub-sequence and
the golden sequence. The accuracy on the test set
is calculated as the average accuracy among all the
predicted sentences.

Long-Range Syntactic Multi-modality. To con-
sider the effect of long-range diversity, we change
the corresponding probability P lo, while keeping
the others unchanged to eliminate the short-range
syntactic multi-modality. It is observed in Fig. 4a
that CTC loss always performs better than AXE,
and OAXE is the best with different degree of long-
range multi-modality.

Short-Range Syntactic Multi-modality. Simi-
larly, we only change the probabilities P so1 and
P so2 to adjust the degree of short-range word or-
der diversity. The results are shown in Fig. 4b,
where OAXE loss performs better than AXE loss,
and CTC loss outperforms all the other losses with
varied degree of short-range word order diversity.
In order to study the effect of optional words, we
vary the probability P op to change the existence of
“DT”. As shown in Fig. 4c, OAXE loss is slightly

 30
 40
 50
 60
 70
 80
 90

 100

1 0.9 0.7 0.5

A
cc

ur
ac

y 
(%

)

Plo

CTC
OAXE

AXE
XE

(a) Effect of long-range word order.

 40
 50
 60
 70
 80
 90

 100

(1,0) (0.8,0.1) (0.6,0.2) (0.4,0.3)

A
cc

ur
ac

y 
(%

)

(P1so,P2so)

CTC
OAXE

AXE
XE

(b) Effect of short-range word order.

 50
 55
 60
 65
 70
 75
 80
 85
 90
 95

 100

1 0.9 0.7 0.5

A
cc

ur
ac

y 
(%

)

Pop

CTC
OAXE

AXE
XE

(c) Effect of optional words.

Figure 4: The accuracy of different loss functions on
synthesized datasets.

better than AXE loss, and CTC loss performs the
best, indicating that CTC loss is superior in the syn-
tactic multi-modality problem caused by optional
words.

Analyses and Discussions. Based on the results
in Fig. 4, we can get the following observations:

• OAXE loss is superior in handling the long-range
syntactic multi-modality (i.e., long-range word
order). OAXE loss is order-agnostic, which
is able to provide fully positive feedback to
the word in different positions compared to the
ground truth sequence. Accordingly, OAXE is
suitable for datasets with long-range word order
diversity. Though it can deal with high diversity
of word order, it may also incur wrong predic-
tions on word order, which may be why OAXE
is not suitable when the diversity only exists in
short-range.

• CTC loss is the best choice for dealing with short-
range syntactic multi-modality (i.e., short-range
word order and optional words). CTC loss is
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generally considered to handle monotonic match-
ing, which seems not effective in handling the
multi-modality caused by word order (Saharia
et al., 2020). However, it is observed in Fig. 4a
and 4b that CTC loss outperforms AXE and XE
when dealing with long-range word order diver-
sity and performs the best on the multi-modality
caused by short-range word order. Since CTC
considers all the monotonic alignments, it can
partially provide positive feedback to the words
with different order through multiple monotonic
alignments. As shown in Fig. 1c, all the words
can be considered in the three alignments.

Considering that AXE loss does not show superior-
ity on any type of the syntactic multi-modality, we
will only focus on CTC and OAXE losses in the
following.

4 Analyses on Real Datasets

Though carefully designed, the synthesized sen-
tence pairs consisting of numbers are still different
from the real sentence pairs. Therefore, in this sec-
tion, we validate the findings in Section 3 based on
real datasets. Considering that different types of
syntactic multi-modality are highly coupled in the
real corpus, we conduct experiments on carefully
selected sub-datasets from a corpus, to approxi-
mately decompose the syntactic multi-modality. In
the following, we first show the details of the ap-
proach to decompose the syntactic multi-modality,
and then provide the analytical results based on the
real datasets.

Analytical Approach. In order to decompose
the long-range and short-range types of syntactic
multi-modality, we select sentences that only con-
tain subject and verb phrases from a corpus, and
divide them into two sub-datasets according to the
relative order of subject and verb (i.e., subject first
that denoted as “SV”, or verb first that denoted as
“VS”). Meanwhile, we only consider the declara-
tive sentence pairs in the corpus to eliminate the
word order difference caused by mood. Follow-
ing this method, the long-range multi-modality
is eliminated in each sub-dataset (i.e., “SV” and
“VS”), which can be used to evaluate the effect of
short-range multi-modality. To analyse the long-
range multi-modality, we can adjust the degree of
long-range word order diversity by sampling data
from the two sub-datasets with varied ratios, while
roughly keeping the degree of short-range word or-

Table 2: BLEU scores of models with CTC and OAXE
losses, where the models are evaluated on the WMT’19
EN-RU test set. The percentage of sentences with “RB
V” among the sentences with both “RB V” and “V RB”
orders are shown in column “RB V”. The percentage of
sentences with “JJ N” among the sentences with both
“JJ N” and “N JJ” orders are shown in column “JJ N”.

“SV”:“VS” CTC OAXE “RB V” “JJ N”

100% : 0% 17.7 16.5 68% 84%
75% : 25% 17.2 16.9 63% 82%
50% : 50% 16.8 17.3 70% 79%

der diversity unchanged. Specifically, considering
that Russian is flexible on word order (Kallesti-
nova, 2007) and it is feasible to select sentences on
both the “SV” and “VS” order, we use an English-
Russian (EN-RU) corpus from Yandex2 that con-
tains 1M EN-RU sentence pairs, from which we
get 0.2M and 0.1M sentence pairs data with “SV”
order and “VS” order respectively. To select the
sentence pairs with different word orders, we use
spaCy(Honnibal et al., 2020) to parse the depen-
dency of Russian sentences. For the models with
CTC loss, we train for 300K updates. For the mod-
els with OAXE loss, we train with XE loss for
100K updates and then train with OAXE loss for
200K updates.

Analytical Results. We keep the total number
of sentence pairs in the training set as 0.2M (i.e.,
the number of Russian sentences in the “VS” sub-
dataset), and change the ratio of sentence pairs sam-
pled from two sub-datasets (i.e., “SV” and “VS”).
The results are shown in Table 2, where the training
parameters are the same as that used in Section 3.
It is observed that CTC loss outperforms OAXE
loss when all data samples are from the “SV” sub-
dataset, which indicates that CTC loss performs
better on short-range syntactic multi-modality prob-
lem. When the ratio of the data sizes on the two sub-
datasets is changed to 75% : 25%, the gap between
the performance of CTC and OAXE losses dimin-
ished, while CTC loss still performs slightly better
than OAXE loss. When the ratio changed to 50% :
50%, model with OAXE loss becomes better than
that with CTC loss. In summary, OAXE loss is bet-
ter at handling long-range syntactic multi-modality
while CTC loss is better on short-range syntactic
multi-modality, which validates the key observa-
tions we obtained on the synthesized datasets in
Section 3.

2https://translate.yandex.ru/corpus
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In order to demonstrate whether we have decom-
posed the long- and short-range syntactic multi-
modalities, we verify whether the degree of short-
range multi-modality remains almost the same
when varying the degree of long-range multi-
modality. We evaluate the short-range syntactic
diversity based on the relative order between: 1)
adverb and verb (“RB V”); 2) adjective and noun
(“JJ N”). As shown in Table 2, when the ratio of
the data sizes on the two sub-datasets varied from
100% : 0% to 50% : 50% (i.e., the ratio between
“SV” and “VS” changes), the relative order on “RB
V” and “RB V” (which can represent the degree
of short-range word order diversity) does not vary
much. These analyses verify the rationality of our
analytical approach in this section.

5 Better Solving the Syntactic
Multi-Modality Problem

As shown in previous sections, the CTC and the
OAXE loss functions are good at dealing with short-
and long-range syntactic multi-modalities respec-
tively. While in real-world corpora, different types
of multi-modalities usually occur together and vary
in different languages. Accordingly, it may be bet-
ter to use different loss functions for different lan-
guages. In this section, we first introduce a new
loss function named Combined CTC and OAXE
(CoCO), which takes advantage of both CTC and
OAXE to better handle the long-range and short-
range syntactic multi-modalities simultaneously,
and then provide a guideline on how to choose the
appropriate loss function for different scenarios.

5.1 CoCO Loss

To obtain a general loss that performs well at both
types of multi-modalities, it is natural to combine
the two loss functions studied above. However, the
output length is mismatched between the models
using CTC and OAXE, where the output length
is required to be longer than the target sequence
with CTC loss, and is required to be the same as
the target sequence with OAXE loss. To solve this
length mismatch problem, we consider using the
same output length as in CTC loss, and modify
the OAXE loss to make it suitable on this output
length by allowing consecutive tokens in the output
to be aligned with the same token in the reference
sequence. The details of the modified OAXE loss
are provided in Appendix B. Then, the proposed
CoCO loss is defined as a linear combination of the
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Figure 5: Comparing different losses on different lan-
guage pairs.

CTC and modified OAXE losses as:

LCoCO = λLCTC + (1− λ)LM−OAXE , (1)

where LM−OAXE denotes the modified OAXE
loss and λ is a hyper-parameter that balances the
two losses.

5.2 Choosing Appropriate Loss Function

The degree of different types of multi-modalities
varies among different languages. In order to find
the insight to choose the appropriate loss function
for different languages, we conduct experiments on
several languages including Russian (RU), Finnish
(FI), German (DE), Romanian (RO), and English
(EN). These languages have different requirements
on the positions of subject (S), verb (V), and object
(O), which is one major influence factor on the
large-range syntactic multi-modality. Specifically,
the order in RU and FI is quite flexible, where
all the 6 possible orders of “S”, “V”, and “O” are
valid. In DE, the verb is required to be placed on
the second position, which is called verb-second
word order. Meanwhile, in RO and EN, the order
is restricted to “SVO”.

We evaluate the accuracy of different loss func-
tions (i.e., CTC, OAXE, and CoCO) on WMT’14
EN-RU, WMT’17 EN-FI, WMT’14 EN-DE, and
WMT’16 EN-RO datasets with 1.5M, 2M, 4M,
and 610K sentence pairs, respectively. The λ
in COCO loss is set as 0.1 so that λLCTC and
(1 − λ)LM−OAXE are in the same order of mag-
nitude. Following Du et al. (2021), for the models
with OAXE and CoCO loss, we first train with XE
or CTC loss for 100K updates and then train with
OAXE or CoCO loss for 200K updates, respec-
tively. For CTC loss, we train for 300K updates.
For decoding, we follow Gu and Kong (2021);
Huang et al. (2021) to use beam search with lan-
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Table 3: BLEU scores of NAT models.

Model WMT14 WMT16 WMT14 WMT17
EN-DE DE-EN EN-RO EN-RU EN-FI Speedup

Autoregressive
Transformer 27.48 31.39 33.70 27.2 28.12 1.0 ×

Non-Autoregressive
Vanilla NAT (Gu et al., 2018) 17.69 21.47 27.29 – – 15.0 ×
BoN (Shao et al., 2020) 20.90 24.60 28.30 – – 10.0 ×
AXE (Ghazvininejad et al., 2020) 23.53 27.90 30.75 – – 15.3 ×
Imputer (Saharia et al., 2020) 25.80 28.40 32.30 – – 18.6 ×
OAXE (CMLM) (Qian et al., 2021) 26.10 30.20 32.40 – – 15.6 ×
GLAT (Qian et al., 2021) 26.39 29.84 32.79 – – 14.6 ×
CTC (VAE) (Gu and Kong, 2021) 27.49 30.46 33.79 – – 16.5 ×
CTC (GLAT) (Gu and Kong, 2021) 27.20 31.39 33.71 – – 16.8 ×
CTC (DSLP) (Huang et al., 2021) 27.02 31.61 34.17 21.38 22.83 14.8 ×
CoCO (DSLP) 27.41 31.37 34.32 21.82 23.25 14.2 ×

guage model scoring3 for CTC and CoCO. The
other training settings are the same as used in Sec-
tion 3. We report the tokenized BLEU score to
keep consistent with previous works. We show the
difference values of BLEU score in Fig. 5 and pro-
vide the corresponding absolute BLEU scores in
Appendix C. According to Fig. 5, we have several
observations: 1) The proposed CoCO loss consis-
tently improves the translation accuracy on all the
language pairs compared to OAXE loss; 2) The
CoCO loss outperforms CTC loss when the target
language is with flexible word order or verb-second
word order (i.e., EN-RU, EN-FI, and EN-DE); 3)
CTC loss performs the best when the target lan-
guage is “SVO” language (i.e., DE-EN, RO-EN,
and EN-RO).

We would also like to evaluate the CoCO loss
based on SOTA NAT models. Though the proposed
CoCO loss can be used in both iterative and non-
iterative models, we only show the results on non-
iterative models in this paper and leave the iterative
models as future work. We use CoCO loss on a
recently proposed Deeply Supervised, Layer-wise
Prediction-aware (DSLP) transformer (Huang et al.,
2021), which achieves competitive results. The de-
tails of how CoCO loss is applied on DSLP are
provided in Appendix D. The results are shown in
Table 3. Compared to DSLP with CTC loss (Huang
et al., 2021), DSLP with CoCO loss consistently
improves the BLEU scores on three language pairs,
including EN-RU, EN-FI, and EN-DE. On the con-
trary, DSLP with CTC loss is better or comparable

3https://github.com/kpu/kenlm

to DSLP with CoCO loss when the target language
is restricted to the “SVO” word order, including
EN-RO and DE-EN.

According to the experiments on language pairs
with different kinds of requirements on word order,
we suggest to: 1) use CoCO loss when the word
order of the target language is relatively flexible (
e.g., RU and FI, where word order on “S” “V” “O”
is free, and DE, where the verb is required to be
placed on the second position); 2) use CTC loss
when the target language is with relatively strict
word order (e.g., RO and EN, which are “SVO”
languages).

6 Conclusion

In this paper, we conduct a systematic study
on the syntactic multi-modality problem in non-
autoregressive machine translation. We first catego-
rize this problem into long-range and short-range
types and study the effectiveness of different loss
functions on each type. Considering the different
types are usually entangled in real-world datasets,
we design and construct synthesized datasets to
control the degree of one type of multi-modality
without changing another for analyses. We find that
CTC loss is good at short-range syntactic multi-
modality while OAXE loss is better at the long-
range one. These findings are further verified on
real-world datasets with our designed analytical
approach. Based on these analyses, we propose a
CoCO loss that can better handle the complicated
syntactic multi-modality in real-world datasets, and
a practical guide to use different loss functions for
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different kinds of syntactic multi-modality: CoCO
loss is preferred when the word order of target
language is relatively flexible while CTC loss is
preferred when target language is with strict word
order. Our study in this paper can facilitate bet-
ter understanding of the multi-modality problem
and provide insights to better solve this problem in
non-autoregressive translation. Besides, there still
remain some open problems that need future inves-
tigation. For example, we generally consider long-
range and short-range types for syntactic multi-
modality, while there may be more fine-gained cat-
egorizations on the syntactic multi-modality due to
the complex syntax of natural language.
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Appendix

A Number Ranges to Synthesis the
Source and Target Sentences

We use [1, 5000], [5001, 10000], [10001, 12500],
[12501, 15000], and 15001, 15002, 15003 to rep-
resent “N” “V” “JJ” “RB” “DT” in the source
sentences, and [15004, 20003], [20004, 25003],
[25004, 27503], [27504, 30003], and 30004, 30005,
30006 to represent “N” “V” “JJ” “RB” “DT” in the
target sentences.

B Modified OAXE Loss

Tokens Probability distribution of the output

𝑃1 𝑃2 𝑃3 𝑃4 𝑃5 𝑃6

A 0.2 0.3 0.3 0.1 0.4 0.5

B 0.2 0.3 0.5 0.7 0.2 0.2

C 0.6 0.4 0.2 0.2 0.4 0.3

𝛼⋆

6

4

1

𝛽 3 -1 -1 2 -1 1

Possible end 
tokens of “A”

𝑃1 𝑃2 𝑃3

Select the best

Step 1

𝛽 3 3 2 2 -1 1

Possible end 
tokens of “B”

𝑃4 𝑃5

Select the best

𝛽 3 3 2 2 2 1

Step 2-1

Step 2-2

Figure 6: An illustration of the modified OAXE loss.

Specifically, we consider one training pair
(X ,Y ), where there are n tokens in the ground truth
sequence, denoted as Y = (y1, y2, . . . , yn). The
corresponding output sequence has m tokens with
probability distributions P1, P2, . . . , Pm, where
m > n. According to OAXE, we first get the
alignment between the ground truth sequence and
the output sequence that minimizes the cross en-
tropy loss based on maximum bipartite matching
algorithm (Kuhn, 1955):

α⋆ = argmin
α∈γ(α)

(
−
∑

i

logPα(i)(yi|X, θ)
)
, (2)

where α denotes the alignment from the ground
truth sequence to the output sequence, γ(α) is the
set of all possible alignments, and yi is aligned with
the α(i)-th token of the output. We consider each
output token can only be aligned to one ground
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Table 4: BLEU scores of models with different losses on different language pairs.

Loss EN-RU EN-FI EN-DE DE-EN RO-EN EN-RO

CTC 20.84 22.86 26.10 30.36 33.68 33.06
OAXE 21.23 23.13 26.16 30.07 33.25 32.31
CoCO 21.45 23.27 26.25 30.19 33.31 32.67

truth token (i.e., α(i) ̸= α(j) if i ̸= j). Then, we
can get the alignment from the output sequence to
the ground truth sequence, based on α⋆:

β(k) =

{
i if α⋆(i) = k,

−1 if ∀i ∈ [1, n], α⋆(i) ̸= k,
(3)

where the k-th token of the output is aligned to
yβ(k) and β(k) = −1 denotes the token has not
been aligned. We provide an illustration as the
“step 1” in Fig. 6, where we consider 3 tokens
in the target sequence and 6 tokens in the output
and the best alignment is “A”-“P6”, “B”-“P4”, and
“C”-“P1”. Since consecutive repetitive tokens are
merged when decoding with CTC loss, we consider
that consecutive tokens in the output can be aligned
to the same ground truth token. Accordingly, we
enumerate the end of each ground truth token in
the output sequence respectively, and select the one
that minimize the cross entropy loss. For example,
given β(k1) = i, β(k2) = j and β(k) = −1 when
k1 ≤ k ≤ k2, we select k⋆ according to:

k⋆ = argmin
k1≤k′<k2

(
−

∑

k1≤k≤k′
logPk(yi|X, θ)

−
∑

k′<k≤k2
logPk(yj |X, θ)

)
,

(4)
and align the (k1, k

⋆]-th output token to i and the
(k⋆, k2)-th output token to j as:

β(k) =

{
i if k ∈ (k1, k

⋆]

j if k ∈ (k⋆, k2).
(5)

As the illustration in Fig. 6, we enumerate all the
possible end tokens of ’A’ and ’B’ to find the best
one. Then, we get the modified OAXE loss as:

LM−OAXE = −
∑

1≤k≤m
logPk

(
yβ(k)|X, θ

)
.

(6)

C BLEU Scores of Different Losses on
Different Language Pairs.

The BLEU scores of models with CTC, OAXE and
CoCO loss on different languages pairs are shown

in Table 4.

D Use CoCO Loss in DSLP

Partially feeding ground truth tokens to the decoder
during training shows promising performance in
NAT (Ghazvininejad et al., 2019; Saharia et al.,
2020; Qian et al., 2021; Huang et al., 2021). For the
models training with golden length of the ground
truth sentence using XE loss, the ground truth token
embedding is placed to the position of the corre-
sponding input (Qian et al., 2021). When using
CTC loss, the inputs of the decoder are always
longer than the ground truth sentences, where Gu
and Kong (2021) proposes to use the best mono-
tonic alignment between the ground truth and out-
put sequences, and provides the ground truth to the
corresponding input position of the decoder. With
the proposed CoCO loss, we use the best align-
ment which is not required to be monotonous. In
addition, DSLP requires deep supervision on each
layer of the decoder. We find that only replacing
CTC loss with CoCO loss on the first layer is better
than using CoCO loss on all layers. Accordingly,
when using CoCO loss in DSLP transformer, we
use CoCO loss in the first layer and CTC loss for
all the other layers in the DSLP transformer.

1757



Proceedings of the 2022 Conference of the North American Chapter of the Association for Computational Linguistics:
Human Language Technologies, pages 1758 - 1764

July 10-15, 2022 ©2022 Association for Computational Linguistics

CIAug: Equipping Interpolative Augmentation with Curriculum Learning

Ramit Sawhney†∗, Ritesh Soun♣∗, Shrey Pandit§∗, Megh Thakkar§∗,
Sarvagya Malaviya⋆, Yuval Pinter△

†Georgia Institute of Technology
♣Sri Venkateswara College, DU

§BITS, Pilani
⋆Manipal University Jaipur

△Ben-Gurion University of the Negev
rsawhney31@gatech.edu, uvp@cs.bgu.ac.il

Abstract

Interpolative data augmentation has proven to
be effective for NLP tasks. Despite its mer-
its, the sample selection process in mixup is
random, which might make it difficult for the
model to generalize better and converge faster.
We propose CIAug, a novel curriculum-based
learning method that builds upon mixup. It
leverages the relative position of samples in
hyperbolic embedding space as a complexity
measure to gradually mix up increasingly diffi-
cult and diverse samples along training. CIAug
achieves state-of-the-art results over existing in-
terpolative augmentation methods on 10 bench-
mark datasets across 4 languages in text clas-
sification and named-entity recognition tasks.
It also converges and achieves benchmark F1
scores 3 times faster. We empirically analyze
the various components of CIAug, and evaluate
its robustness against adversarial attacks.

1 Introduction

Data augmentation is an effective tool for avoiding
overfitting in model training in cases where there
is an absence of sufficient training data (Liu et al.,
2021). Interpolative augmentation techniques, such
as Mixup (Zhang et al., 2018), have shown an in-
crease in model performance across various modali-
ties, with further improvements gained by applying
Mixup at latent representation layers (Chen et al.,
2020a). Current implementations of Mixup select
samples for interpolation at random, not leverag-
ing the potential for adaptive selection techniques
which have been shown to lead to better general-
izability (Chen et al., 2020b). In addition, these
methods do not account for the spatial distribu-
tion of linguistic data, known to extend beyond the
capacities of euclidean space (Nickel and Kiela,
2017).

∗Equal contribution.

Figure 1: Overview of CIAug showing curriculum-
based sample selection using hyperbolic distance to
perform interpolation.

We propose CIAug1, a method which addresses
these challenges by offering an augmentation pro-
cedure that selects samples in an adaptive fashion
and is geometrically sound. CIAug’s sampling
strategy follows the idea that selecting easier mix-
ing samples first and gradually increasing sample
difficulty based on relative spatial position would
generate more suitable synthetic inputs, resulting
in better model training (Xu et al., 2021). This
notion ties in with the framework of curriculum
learning (Krueger and Dayan, 2009), where train-
ing data is presented in a similarly staggered way,
increasing model capabilities (Bengio et al., 2009).
CIAug’s selection strategy performs distance oper-
ations in hyperbolic space, applying insights about
language data spatial distribution to its definition
of ‘similar samples’ (Tifrea et al., 2019). We first
train CIAug by sampling pairs of sentences similar
to each other for mixing, then gradually as training
progresses, we sample sentences that are dissimilar,
following the curriculum learning strategy.

Through experiments on 10 benchmark datasets
in English, Arabic, Turkish and German, we show

1We release CIAug’s code at: https://github.com/
sounritesh/CIAug-NAACL
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that CIAug outperforms state-of-the-art models in
classification and named-entity recognition tasks.
We probe the effectiveness of CIAug in conjunction
with different similarity measures and qualitatively
evaluate it. We show that CIAug converges faster
than traditional Mixup while being both generaliz-
able across tasks and languages, as well as more
resilient to adversarial classification examples.

2 Methodology

We illustrate CIAug’s sample selection strategy in
Figure 1. In this section, we first introduce Mixup
(§2.1), and follow by formulating CIAug and its
relative sample distribution component (§2.2).

2.1 Interpolative Mixup

Given two data samples xi, xj ∈ X with labels
yi, yj ∈ Y , where i, j ∈ [1, N ], Mixup (Zhang
et al., 2018) performs a linear interpolation with
ratio r between these two samples according to
eq. (1), creating a new synthetic data point x′ and
its label y′:

x′ = Mixup(xi, xj) = r ·xi + (1− r)·xj
y′ = Mixup(yi, yj) = r ·yi + (1− r)·yj

(1)

Interpolative Mixup (Chen et al., 2020a) per-
forms linear interpolation over the latent represen-
tations of models. Let fθ(·) be a model with pa-
rameters θ having K layers. fθ,n(·) denotes the
n-th layer of the model, hn the hidden space vector
at layer n for n ∈ [1,K], and h0 the input vec-
tor. Interpolative Mixup at a layer k∼ [1,K] can
be done by separately calculating the latent repre-
sentation of the layers before the k-th layer. For
input sample xi, we let hin denote the hidden state
representations at layer n,

hin=fθ,n(h
i
n−1), n ∈ [1, k]

hjn=fθ,n(h
j
n−1), n ∈ [1, k]

(2)

We then perform Mixup over individual hidden
state representations hik, h

j
k from layer k as,

hk=Mixup(hik, h
j
k)=r ·hik + (1− r)·hjk (3)

The mixed hidden representation hk is used as the
input for the continuing forward pass,

hn=fθ,n(hn−1); n ∈ [k + 1,K]. (4)

Algorithm 1 CIAug
M← Learnable distance matrix initialized with hyperbolic
distances
N ← No. of training samples
X ← Training samples
Y ← Training labels
m← No. of epochs
τs ← Diversity threshold ∈ (0, 1)
τc ← Curriculum threshold ∈ (0, 1) for sample complexity
for k ∈ {1, . . . ,m} do

for i ∈ {1, . . . , N} do
Si ← SSET(X,Mi, τs, τc) (6)
Select xj ∈R S′

i

x′i ← CIMixup(xi, xj) (8)
y′i ← CIMixup(yi, yj)
yout = Predict(x′i)
Loss(yout, y′i)

end for
τc ← UPDATE(τc) (7)

end for

2.2 CIAug

Although Mixup helps models generalize better, it
selects samples for interpolation randomly. Deriv-
ing information from the spatial distributions of the
samples to be mixed, and utilising it to introduce
curriculum and diversity in sample selection, can
lead to performance improvements.

We present steps involved in CIAug in Algo-
rithm 1. CIAug encodes the relative complexity be-
tween instances in a learnable matrix M ∈ RN×N ,
which we initialize using a distance metric. Mo-
tivated by evidence that euclidean space, where
models typically operate, is not able to effectively
capture the complex properties of natural language
data (Ganea et al., 2018), we use hyperbolic dis-
tance as our metric for modeling representations
while performing interpolative operations (Sawh-
ney et al., 2021). The hyperbolic distance Dh be-
tween embeddings ei = fθ(xi) and ej = fθ(xj) is
defined as:

Dh(ei, ej) = 2 tan−1(∥(−ej)⊕ ei∥), (5)

where ⊕ represents Möbius addition (A.1).
In contrast to Mixup, CIAug is defined for one

sample. Given a sample xi, we create a set Si of in-
creasingly diverse samples in the dataset relative to
xi using an operation labeled SSET and thresholds
τs and τc:

Si = SSET(X,Mi, τs, τc) := {xk|xk ∈ X, τs ≤Mik ≤ τc}, (6)

where τs = T ·max(Mi) at each step of training,
and T ∈ (0, 1) is a hyperparameter. τs helps in sam-
pling the most diverse samples relative to xi. Al-
though sample diversity helps the model generalize,
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it may not guarantee global convergence. Exposing
the model to extremely diverse samples early in
the training process can be detrimental to its perfor-
mance. Therefore, we introduce a distance-based
learning curriculum using a second threshold, τc,
which selects mixing samples which are increas-
ingly diverse from xi’s perspective. τc is dynam-
ically updated during training using an UPDATE

operation:

UPDATE(τc) := τc + α, (7)

where α∈ (0, 1) is a hyperparameter and τc=0.1,
initially.

We then sample a random instance from xj ∈ Si
to perform Mixup with xi.

Using M, we change the Mixup formulation
(Equation 1) for samples i and j and define
CIMixup as,

CIMixup(xi, xj) = (1−Mij) · xi +Mij · xj (8)

Finally, we formulate CIAug as:

CIAUG(xi)=CIMIXUP(xi, xj), xj ∈ Si. (9)

We replace the Mixup operation from Equation
3 with the CIAug operation in Equation 9 to eval-
uate CIAug. The final hidden state output hK is
passed through a multi-layer perceptron (MLP) gϕ
for classification. We optimize the network us-
ing KL Divergence loss between the final output
gϕ(hK) and mixed label y′ = CIMixup(yi, yj),
which also trains the matrix M end-to-end.

3 Experimental Setup

We evaluate CIAug on classification and NER tasks
in various settings across 4 languages, and on
GLUE datasets (Wang et al., 2018).

3.1 Training Setup
We use BertAdam optimizer (Wolf et al., 2020)
with a learning rate of 2e-5, batch size of 8 and
weight decay of 0.01, trained for 10 epochs. CIAug
is performed over a layer randomly sampled from
all model layers. For the datasets in English we
use BERT (Devlin et al., 2019) as our base model
fθ, and for other languages we use mBERT. For
calculating distances between instances, we use
the [CLS] token representation from the sentence
embeddings. Due to lack of powerful computa-
tional resources, we train on 10,000 samples for
SST-2 dataset, and keep the validation and test set
unchanged.

fθ WMix SMix HMix CIAug

SST-2 90.32 91.34 91.21 56.31 92.93∗

TREC-Fine 90.16 87.13 87.89 11.70 92.80∗

TREC-Coarse 97.52 96.10 96.59 25.80 98.20∗

COLA 84.91 84.95 85.15 69.31 95.32∗

TTC 91.30 90.18 91.15 23.66 91.50∗

AHS 70.25 72.20 71.70 54.14 74.14∗

RTE 65.56 67.50 62.81 46.42 68.23∗

MRPC 86.37 85.78 85.29 68.38 87.01∗

CONLL-en 85.35 86.29 85.94 76.77 86.85∗

CONLL-de 90.91 91.73 91.86 80.36 92.64∗

Table 1: Performance comparison of CIAug with other
baseline augmentation methods. Improvements are
shown in blue . Bold shows the best result. ∗ shows
significant (p<0.01) improvement over baseline fθ

Non-trainable M Trainable M
Euc-CIAug CIAug Euc-CIAug CIAug

SST-2 91.17 92.67 91.71 92.93∗

Trec-fine 92.10 93.00 92.40 92.80
Trec-coarse 97.50 97.80 97.61 98.20∗

CoLA 87.76 91.92 92.55 95.32∗

TTC 90.87 91.33 91.00 91.50∗

AHS 67.42 72.57 70.42 74.14∗

RTE 64.62 68.95 62.09 68.23
MRPC 84.55 85.04 84.31 87.00∗

CoNLL-en 85.49 86.77 86.63 86.85∗

CoNLL-de 91.05 92.32 91.91 92.64∗

Table 2: Ablation study of CIAug with different dis-
tance constraints. Bold shows the best result. ∗ shows
significant (p<0.01) improvement over Euc-CIAug-NT

3.2 Evaluation

For a comprehensive evaluation, we compare
CIAug with some standard baselines: word-mixup
(WMix), sentence-mixup (SMix) (Guo et al., 2019),
HypMix(HMix) (Sawhney et al., 2021). We use F1
score as a metric for evaluating CIAug and compar-
ing it with other baselines.

4 Results and Analysis

We present our main results in Table 1. We observe
that CIAug outperforms the baseline fθ, validating
that selecting diverse samples based on similarity
enhances the model performance. We further find
that the hyperbolic variant of sample selection per-
forms better than the Euclidean CIAug (Table 5
in the appendix). This validates that hyperbolic
space is more capable of capturing the complex
hierarchical information present in the sentence
representation, leading to better comparison and
sample selection.
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τs
Euc Hyp

τ c

Euc 91.71 92.43
Hyp 91.82 92.93

(a) SST-2 Dataset

τs
Euc Hyp

τ c

Euc 62.09 64.26
Hyp 63.17 68.23

(b) RTE Dataset

Table 3: F1-score with different distance metrics for
diversity and curriculum threshold, τs and τc.

Mixup CIAug-NC CIAug-NT CIAug

2

4

6 AHS

#
E

po
ch

s

Figure 2: Convergence comparison of Mixup with
CIAug-NC (No curriculum), CIAug-NT, CIAug as num-
ber of training epochs needed to reach a benchmark F1
score. (AHS benchmark score:72%).

We also compare CIAug with its non-trainable
matrix counterpart where sample selection is based
on the relative position of sentences, using a con-
stant matrix M. We observe that this variant per-
forms worse, suggesting that M is able to capture
sample-specific information relative to other sam-
ples, generating more suitable sample selection and
mixing ratio while performing interpolative data
augmentation.

Impact of distance metric We explore the effec-
tiveness of CIAug with the euclidean and hyper-
bolic distance measures as diversity and complexity
metric for the thresholds, τs and τc. The results,
presented in Table 3, show that utilizing hyperbolic
distance for both thresholds yields the best results,
suggesting that hyperbolic space captures the hier-
archical properties of textual data better, gauging
the relative diversity and complexity of samples
effectively.

Analysing the convergence of CIAug For all
benchmark datasets, we observe that CIAug
reaches a benchmark F1 score faster than Mixup
method, as shown in Figure 2.2 As CIAug selects
samples for Mixup based on a learning curriculum,
it leads to generation of more suitable synthetic
samples in a staggered manner resulting in better
training (Xu et al., 2021) and faster convergence.

2We get similar results on the other datasets.

Method Accuracy Adversarial Accuracy

Mixup 65.56 55.95
CIAug-NT 68.95 66.06
CIAug 68.23 64.62

Table 4: Performance on adversarial examples generated
using synonym substitution on RTE.

0 0.2 0.4 0.6 0.8 1

90

91

92

TREC-Fine

AHS

Value of α

F1

Figure 3: Change in performance in terms of F1 with
varying α for CIAug

Adversarial Robustness Adversarial attacks
confuse a model by providing specifically designed
inputs. We compare the robustness of CIAug with
Mixup by performing black-box adversarial attacks.
Using the NLPAug library (Ma, 2019) we substitute
up to 10% of the words in each sentence with their
synonyms found in WordNet (Feinerer and Hornik,
2020) and present the results in Table 4. We ob-
serve that both CIAug-NT and CIAug are more
robust compared to regular Mixup by a difference
of 6.72% and 6% respectively. This robustness to-
wards adversarial attacks could be attributed to the
curriculum-learning-based interpolative technique
which resulted in better training and generalizibility
of underlying model.

Curriculum threshold We perform a study on
CIAug by varying α in the the curriculum learn-
ing threshold τc as in equation 7, and present it in
Figure 3. A lower value of α would result in the
slow increase of τc, which can lead the underlying
model to not converge properly, whereas a higher
value of α would result in accelerated increase of
τc, losing the advantages of curriculum learning.
Figure 3 shows the existence of an optimal α for
curriculum learning.

5 Conclusion

We propose CIAug, a novel mixup technique that
uses curriculum learning, leveraging the relative
spatial positions of the samples in the embedding
space as a measure of complexity to signal curricu-
lum learning. CIAug achieves state-of-the-art re-
sults over existing interpolative data augmentation
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methods on 10 standard and multilingual datasets
in English, Arabic, Turkish and German. CIAug
converges faster than the traditional Mixup tech-
nique, while being generalizable across different
tasks and modalities.
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Model SST-2 CoLA TREC-Coarse TREC-Fine

XLNet (2019) 97.00 70.20 94.58 87.49
EFL (2021) 96.90 86.40 93.36 80.90
FNet (2021) 94.00 78.00 96.89 89.97

SSMix (2021) 92.95 86.76 97.60 90.24
EMix (2020) 91.13 85.21 97.44 90.04
CIAug (Ours) 92.93 95.32 98.20 92.80

Table 5: Performance comparison with additional base-
lines and interpolative augmentation methods.

A Hyperbolic Geometry

A.1 Möbius Addition

Möbius addition ⊕ for a pair of points x, y ∈ B,
defined as,

x⊕ y :=
(1 + 2⟨x, y⟩+ ||y||2)x+ (1− ||x||2)y

1 + 2⟨x, y⟩+ ||x||2||y||2 (10)

, ⟨., .⟩, || · || are Euclidean inner product and norm.

B Extended Analysis

We compare the performance of CIAug with some
recent baselines and interpolative augmentation
techniques like (Jindal et al., 2020) and (Yoon et al.,
2021) on standard English and GLUE datasets.

C Dataset Details

1. TTC. (Kilinç et al., 2017), Turkish Text Cat-
egorization dataset consists of 3600 Turk-
ish documents (news/texts) classified into 6
classes.

2. CoLA. (Warstadt et al., 2018), abbreviation
for the Corpus of Linguistic Acceptability is a
part of GLUE (Wang et al., 2018) benchmark.
It is a collection of English sentences from 23
linguistic publications that are annotated for
their grammatical acceptability.

3. SST-2. (Socher et al., 2013) is a GLUE (Wang
et al., 2018) benchmark dataset consisting of
English sentences from movie reviews. Sam-
ples in the dataset are annotated for sentiment
classification task.

4. TREC-Coarse. (Li and Roth, 2002), The
Text REtrieval Conference-Coarse is a ques-
tion classification dataset consisting of 6
classes. The data is sourced from English
questions by USC, TREC 8, TREC 9, TREC
10 and manually constructed questions.
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5. TREC-Fine. (Li and Roth, 2002) contains
the same set of questions as TREC-Coarse
grouped into 47 fine-grained classes.

6. AHS. (Albadi et al., 2018) is an Arabic hate
speech classification dataset focusing mainly
on Saudi Twittersphere.

7. RTE. (Bentivogli et al., 2009) The Recogniz-
ing Textual Entailment (RTE) datasets come
from a series of textual entailment challenges.
Data from RTE1, RTE2, RTE3 and RTE5 is
combined. Examples are constructed based
on news and Wikipedia text. Metric used here
is accuracy

8. MRPC.(Dolan and Brockett, 2005) The Mi-
crosoft Research Paraphrase Corpus is a cor-
pus of sentence pairs automatically extracted
from online news sources, with human anno-
tations for whether the sentences in the pair
are semantically equivalent. Metric used here
is accuracy

9. CONLL. (Tjong Kim Sang and De Meulder,
2003) It is a named entity recognition dataset
released as a part of CoNLL-2003 shared task:
language-independent named entity recogni-
tion. The data consists of eight files covering
two languages: English and German.

D Experimental Setup

We provide a detailed explanation of our experi-
mental setup in table 6

Parameter Value

Optimizer BERTAdam 2020

Learning Rate 2e-5

Batch Size 8

β1, β2, ϵ 0.9, 0.999, 1e-6

# Epochs 10

Evaluation Metric F1 Score

Base Model BERT-base-uncased,
BERT-base-multilingual-uncased

Classifier
(over architecture) Linear layer

Hardware Nvidia V100

Table 6: Model and training setup for CIAug.

Mixup
Layer Set AHS MRPC

{3,4} 71.12 82.84
{1,2} 72.21 85.62
{6,7,9} 72.57 83.08
{7,9,12} 73.77 84.06
{3,4,6,7,9,12} 74.14 87

Table 7: Layer-wise ablation score (F1) when perform-
ing interpolative augmentation.

E Qualitative Analysis

E.1 Layer-wise Ablation
We compare the performance of CIAug on different
set of mixup layers in table 7. TMix attains best per-
formance on layer set 7,9,12 is used because layers
6,7,9,12 contains the most amount of syntactic and
semantic information (Chen et al., 2020a). CIAug
achieves best performance on layer set 3,4,6,7,9,12,
this suggests other than syntactic and semantic in-
formation, curriculum learning based approach in
CIAug helps to capture the surface-level informa-
tion in layer 3 and 4 (Jawahar et al., 2019).

F Limitations

Even though CIAug converges faster and performs
better than other baseline interpolative techniques,
the computational power required is not so fairly
available in many devices. We plan to work on
improving the efficiency of the parameterized ma-
trices involved in the computation, such as using
sparse matrices.
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Abstract

Text clustering methods were traditionally in-
corporated into multi-document summariza-
tion (MDS) as a means for coping with con-
siderable information repetition. Particularly,
clusters were leveraged to indicate information
saliency as well as to avoid redundancy. Such
prior methods focused on clustering sentences,
even though closely related sentences usually
contain also non-aligned parts. In this work,
we revisit the clustering approach, grouping
together sub-sentential propositions, aiming at
more precise information alignment. Specifi-
cally, our method detects salient propositions,
clusters them into paraphrastic clusters, and
generates a representative sentence for each
cluster via text fusion. Our summarization
method improves over the previous state-of-
the-art MDS method in the DUC 2004 and
TAC 2011 datasets, both in automatic ROUGE
scores and human preference.1

1 Introduction

Common information needs are most often satis-
fied by multiple texts rather than by a single one.
Accordingly, there is a rising interest in Multi-
Document Summarization (MDS) — generating
a summary for a set of topically-related documents.
Inherently, MDS needs to address, either explic-
itly or implicitly, several subtasks embedded in this
summarization setting. These include salience de-
tection, redundancy removal, and text generation.
While all these subtasks are embedded in Single-
Document Summarization (SDS) as well, the chal-
lenges are much greater in the multi-document
setting, where information is heterogeneous and
dispersed, while exhibiting substantial redundancy
across linguistically divergent utterances.

An appealing summarization approach that
copes with these challenges, and is especially rele-

∗ Equal contribution.
1Our code and model are publicly available at

https://github.com/oriern/ProCluster.

• But the man, Rabei Osman Sayed Ahmed - expected to be the first of 29 

defendants to take the stand when the bombing trial begins Thursday in 

Madrid - also said in the recordings that the attack was carried out 

according to his plan. 

• The trial opened Thursday of 29 mostly Moroccan suspects charged 
with involvement in the 2004 Madrid train bomb attacks, which killed 
191 people and injured 1,824 in the worst terror strike to hit Spain.

• Of the 29 people who go on trial Thursday for the March 2004 Madrid 
train bombings, seven face some 40,000 years in jail if found guilty.

Figure 1: An example of a cluster of propositions,
shown within their source sentence context, from TAC
2011 (topic D1103). Clustering these as sentences
would yield noisy unaligned information, however
grouping together only the marked propositions keeps
information alignment clean. The first sentence is illus-
tratively divided into propositions, where only one of
them is aligned to those in the other sentences.

vant for MDS, is clustering-based summarization.
In such an approach, the goal is to cluster redun-
dant paraphrastic pieces of information across the
texts, which roughly convey the same meaning.
Repetition of information across texts, as captured
by paraphrastic clustering, typically indicates its
importance, and can be leveraged for salience detec-
tion. Moreover, representing a paraphrastic cluster
may facilitate generating a corresponding summary
that eliminates repetitions while fusing together
complementary details within the cluster.

Traditionally, clustering-based approaches were
widely used for summarization, mostly in extrac-
tive and unsupervised settings (Radev et al., 2004;
Zhang et al., 2015; Nayeem et al., 2018). Notably,
most of these works generated sentence-based clus-
ters, which tend to be noisy since a sentence typi-
cally consists of several units of information that
only partially overlap with other cluster sentences.
As a result, such clusters often capture topically
related sentences rather than paraphrases. Fig-
ure 1 exemplifies such a noisy cluster, which does
contain paraphrastic propositions (marked in blue)
within their full sentences (marked in black). An-
other line of research in summarization coped with
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such noisy sentence-based setting, and looked into
the use of sub-sentential units for summarization,
e.g., Li et al. (2016) summarizes with Elementary
Discourse Units (EDUs), while Ernst et al. (2021)
endorse using Open Information Extraction (Ope-
nIE) -based propositions (Stanovsky et al., 2018)
for summarization.

In this paper, we revisit and combine the
clustering-based approaches along with sub-
sentential setting, two research lines that were ex-
plored only individually and rather scarcely in re-
cent years. Specifically, we apply clustering-based
summarization at the more fine-grained proposi-
tional level, which avoids grouping non-aligned
texts, yielding accurate paraphrastic clusters. These
clusters also provide better control over the gener-
ated summary sentences – as the generation compo-
nent is only required to fuse similar propositions.

Our model (§3) leverages gold reference sum-
maries to derive training datasets for several sum-
marization sub-tasks. First, salient document
propositions were extracted, to train a salience
model, by greedily maximizing alignment with the
reference summaries. Then, an available propo-
sition similarity model, trained from summary-
source alignments (Ernst et al., 2021), provides the
basis for agglomerative clustering (Ward, 1963).
Finally, we created training data for a BART-based
model for sentence fusion (Lewis et al., 2020)
by aligning reference summary propositions with
source proposition clusters. Similar to many other
works, we leave inter-sentence coherence and sen-
tence planning and ordering outside the scope of
the current paper. Accordingly, our process pro-
duces a bullet-style summary of individual concise
and coherent sentences.

Overall, our experiments (§4) show that this
multi-step model outperforms strong recent end-to-
end solutions, which do not include explicit model-
ing of propositions and information redundancy. To
the best of our knowledge, our approach achieves
state-of-the-art results in our setting on the DUC
2004 and TAC 2011 datasets, with an improvement
of more than 1.5 and 4 ROUGE-1 F1 points respec-
tively, over the previous best approach. Finally,
we also suggest (§5) that clustering-based methods
provide “explanations", or supporting evidence, for
each generated sentence, in the form of the source
cluster propositions (see an example in Table 1).

2 Background and Related Work

Clustering-based summarization. Clustering-
based summarization approaches typically involve
salience detection while avoiding redundancy. One
such approach clustered topically-related sentences,
after which cluster properties were leveraged for
rating sentence salience (Radev et al., 2004; Wang
et al., 2008; Wan and Yang, 2008). Another ap-
proach rated sentence salience and clustered sen-
tences simultaneously, iteratively improving the
two objectives (Cai et al., 2010; Wang et al., 2011;
Cai and Li, 2013; Zhang et al., 2015). Recently,
however, clustering methods have been gradually
marginalized out, being replaced by neural tech-
niques. More recently though, some approaches
(Nayeem et al., 2018; Fuad et al., 2019) presented
abstractive clustering-based summarization, where
topically-related sentences in each cluster are fused
together to generate a summary sentence candidate.
While most of previous clustering approaches op-
erated at the noisy sentence level, in our work we
present more accurate proposition-level clustering
that eventually enhances summarization.

Sub-sentence units in summarization. While
many summarization approaches extract full doc-
ument sentences, either for extractive summariza-
tion or as an intermediate step for abstractive sum-
marization, there are methods that operated the
sub-sentential level. Li et al. (2016); Liu and
Chen (2019); and Xu et al. (2020) produced extrac-
tive summaries consisting of Elementary Discourse
Units (EDUs) – clauses comprising a discourse unit
according to Rhetorical Structure Theory (RST)
(Mann and Thompson, 1988). Such extractive ap-
proaches usually focus on content selection, pos-
sibly disregarding the inferior coherence arising
from the concatenation of sub-sentence units. Ac-
cordingly, Arumae et al. (2019) established the
highlighting task, where salient sub-sentence units
are marked within their document to provide sur-
rounding context. Recently, Cho et al. (2020) pro-
posed identifying heuristically self-contained sub-
sentence units for the highlighting task.

Abstractive approaches have been extracting sub-
sentence units as a preliminary step for generation.
Such units range from words (Lebanoff et al., 2020;
Gehrmann et al., 2018), to noun or verb phrases
(Bing et al., 2015), to OpenIE propositions (Pa-
sunuru et al., 2021). In our work, we follow the
same extract-then-generate pipeline, using Ope-

1766



(f) System
Summary

Source A Source B Source C

Input

(d) Cluster 
Ranking

1

2

3

4

(e) Fusion

Generative
Model

Generative
Model

Generative
Model

(a) Proposition Extraction
Source A Source B Source C Source A Source B Source C

(b) Proposition Salience Model

Source A Source B Source C

(c) Clustering

Figure 2: Our multi-document summarization process. (a) All propositions are extracted (OpenIE; Stanovsky
et al., 2018) from the documents. (b) Propositions are classified by a salience score (fine-tuned CDLM; Caciularu
et al., 2021). (c) Salient propositions are clustered (fine-tuned SuperPAL; Ernst et al., 2021), forming groups
of paraphrastic information units. (d) Clusters are ranked, as an indicator for information importance. (e) For
each cluster, its propositions are fused (fine-tuned BART; Lewis et al., 2020) to generate a concise and coherent
abstractive sentence. (f) The output summary is obtained as a bullet-style ranked list of the concise sentences.

nIEs (Stanovsky et al., 2018) as propositions. Since
propositions are meant to contain single standalone
facts consisting of a main predicate and its argu-
ments, they are beneficial for grouping mostly over-
lapping paraphrases (unlike sentential paraphrases).
In addition, propositions extracted with OpenIE
can be noncontiguous, while alternative options,
like EDUs, are limited to contiguous sequences.

3 Method

This section first provides an overview of our
method, followed by subsections describing its
components. We follow previous clustering-based
approaches, where text segments are first clustered
into semantically similar groups, exploiting redun-
dancy as a salience signal. Then, each group is
fused to generate a merged sentence, while avoid-
ing redundancy. As we operate at the proposition-
level, we first extract all propositions from the input
documents (§3.1). Then, to facilitate the clustering
step, we filter out non-salient propositions using a
salience model (§3.2). Next, salient propositions
are clustered based on their semantic similarity
(§3.3). The largest clusters, whose information was
most repeated, are selected to be included in the
summary (§3.4). Finally, each cluster is fused to
form a sentence for a bullet-style abstractive sum-
mary (§3.5). In addition, we provide an extractive
version where a representative (source) proposition

is selected from each cluster (3.6). Overall, clus-
tering explicit propositions induces a multi-step
process that requires dedicated training data for
certain steps. To that end, we derive new training
datasets for the salience detection and the fusion
models from the original gold summaries. The full
pipeline is illustrated in Figure 2, where additional
implementation details are in §B in the Appendix.

3.1 Proposition Extraction

Aiming to generate proposition-based summaries,
we first extract all propositions from the source doc-
uments using Open Information Extraction (Ope-
nIE) (Stanovsky et al., 2018)2, following Ernst et al.
(2021). To convert an OpenIE tuple containing
a predicate and its arguments into a proposition
string, we simply concatenate them by their origi-
nal order, as illustrated in Figure 3 in the Appendix.

3.2 Proposition Salience Model

To facilitate the clustering stage, we first aim to fil-
ter non-salient propositions by a supervised model.
To that end, we derive gold labels for proposition
salience from the existing reference summaries.
Specifically, we select greedily propositions that
maximize ROUGE-1F-1 + ROUGE-2F-1 against
their reference summaries (Nallapati et al., 2017;
Liu and Lapata, 2019) and marked them as salient.

2https://demo.allennlp.org/open-information-extraction

1767

https://demo.allennlp.org/open-information-extraction


Cluster A

• The agreement will make Hun Sen prime minister and Ranariddh
president of the National Assembly.

• ...to a coalition deal...will make Hun Sen sole prime minister and
Ranariddh president of the National Assembly.

• The deal, which will make Hun Sen prime minister and Ranariddh
president of the National Assembly...ended more than three months of
political deadlock

• Last week...Hun Sen’s Cambodian People’s Party and Ranariddh’s
FUNCINPEC party agreed to form a coalition that would leave Hun
Sen as sole prime minister and make the prince president of the Na-
tional Assembly.

• In a long-elusive compromise...opposition leader Prince Norodom
Ranariddh will become president of the National Assembly

Cluster B
• ...opposition party leaders Prince Norodom Ranariddh and Sam
Rainsy are out of the country
• Sam Rainsy and his then-ally Prince Norodom Ranariddh led an
exodus of opposition lawmakers out of Cambodia

• Opposition leaders Prince Norodom Ranariddh and Sam
Rainsy...said they could not negotiate freely in Cambodia

• Opposition leaders Prince Norodom Ranariddh and Sam
Rainsy...citing Hun Sen’s threats

Cluster C

• Hun Sen’s Cambodian People’s Party narrowly won the polls

• Hun Sen’s ruling party narrowly won a majority in elections in July

• Hun Sen’s Cambodian People’s Party narrowly won the election.

• the ruling party narrowly won.

Cluster D

• A series of negotiations to forge a new government

• ...any...in deadlocked negotiations to form a government.

• A series of negotiations to forge a new government have failed.

Cluster E

• Hun Sen accused him of being behind a plot against his life.

• Sam Rainsy...to take refuge in a U.N. office in September to avoid
arrest after Hun Sen accused him of

• Sam Rainsy...to avoid arrest after Hun Sen accused him of being be-
hind a plot against his life.

Cluster F

• Hun Sen ousted Ranariddh in a coup.

• The men served as co-prime ministers until Hun Sen overthrew Ra-
nariddh in a coup last year.

• Hun Sen overthrew Ranariddh in a coup last year.

ProCluster summary

A. The deal will make Hun Sen prime minister and Ranariddh presi-
dent of the National Assembly

B. The opposition party leaders Prince Norodom Ranariddh and Sam
Rainsy are out of the country

C. Hun Sen’s Cambodian People’s Party narrowly won the election.

D. A series of negotiations to forge a new government failed.

E. The U.N. accused him of being behind a plot against his life.

F. Hun Sen ousted Ranariddh in a coup last year.

G. The opposition alleging widespread fraud and intimidation by the
CPP
H. The parties have refused to enter into a coalition with Hun Sen
until their allegations of election fraud have been thoroughly investi-
gated.

Reference Summary

Cambodia King Norodom Sihanouk praised formation of a coalition
of the Countries top two political parties, leaving strongman Hun Sen
as Prime Minister and opposition leader Prince Norodom Ranariddh
president of the National Assembly.
The announcement comes after months of bitter argument following
the failure of any party to attain the required quota to form a govern-
ment.
Opposition leader Sam Rainey was seeking assurances that he and his
party members would not be arrested if they return to Cambodia.
Rainey had been accused by Hun Sen of being behind an assassi-
nation attempt against him during massive street demonstrations in
September.

Table 1: The proposition clusters and system and reference summaries for DUC 2004, topic D30001. Each sum-
mary sentence (lower left box) was fused from its corresponding cluster (top boxes) that also provides supporting
source evidence. An example of an unfaithful abstraction is marked in red.

Using this derived training data, we fine-tuned
the Cross-Document Language Model (CDLM)
(Caciularu et al., 2021) as a binary classifier for
predicting whether a proposition is salient or not.
Propositions with a salience score below a certain
threshold were filtered out. The threshold was
optimized with the full pipeline against the final
ROUGE score on the validation set. All proposi-
tions contained in the clusters in Table 1 are exam-
ples of predicted salient propositions. We chose
to use CDLM as it was pretrained with sets of re-
lated documents, and was hence shown to operate
well over several downstream tasks in the multi-
document setting (e.g., cross-document corefer-
ence resolution and multi-document classification).

3.3 Clustering

Next, all salient propositions are clustered to se-
manticly similar groups. Clusters of paraphrastic

propositions are advantageous for summarization
as they can assist in avoiding redundant information
in an output summary. Furthermore, paraphrastic
clustering offers redundancy as an additional indi-
cator for saliency, while the former salience model
(§3.2) does not utilize repetitions explicitly. To
cluster propositions we utilize SuperPAL (Ernst
et al., 2021), a binary classifier that measures para-
phrastic similarity between two propositions. All
pairs of salient propositions are scored with Super-
PAL, over which standard agglomerative clustering
(Ward, 1963) is applied. Examples of generated
clusters are presented in Table 1.

3.4 Cluster Ranking

The resulting proposition clusters are next ranked
according to cluster-based properties. We exam-
ined various features, listed in Table 2, on our vali-
dation sets. The features examined include: aver-
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age of ROUGE scores between all propositions in
a cluster (‘Avg. ROUGE’), average of SuperPAL
scores between all propositions in a cluster (‘Avg.
SuperPAL’), average of the salience model scores
of cluster propositions (‘Avg. salience’), minimal
position (in a document) of cluster propositions
(‘Min. position’), and cluster size (‘Cluster size’).

For each feature, (1) clusters were ranked ac-
cording to the feature, (2) the proposition with the
highest salience model score (§3.2) was selected
from each cluster as a cluster representative, (3)
the representatives from the highest ranked clus-
ters were concatenated to obtain a system summary.
We also measured combinations of two features
(‘Cluster size + Min. position’ for example), where
the first feature is used for primary ranking, and
the second feature is used for secondary ranking in
case of a tie. In all options, if a tie is still remained,
further ranking between clusters is resolved accord-
ing to the maximal proposition salience score of
each cluster. The resulting ROUGE scores of these
summaries on validation sets are presented in Table
2.3 We found that ‘Cluster size’ yields the best
ROUGE scores as a single feature, and ‘Min. po-
sition’ further improves results as a secondary tie
breaking ranking feature. Intuitively, a large cluster
represents redundancy of information across docu-
ments thus likely to indicate higher importance.

3.5 Cluster Fusion

Next, we would like to merge the paraphrastic
propositions in each cluster, while consolidating
complementary details, to generate a new coherent
summary sentence. As mentioned, this approach
helps avoiding redundancy, since redundant infor-
mation is concentrated separately in each cluster.

To train a cluster fusion model, we derived train-
ing data automatically from the reference sum-
maries, by leveraging the SuperPAL model (Ernst
et al., 2021) (which was also employed in §3.3).
This time, the model is used for measuring the simi-
larity between each of the cluster propositions (that
were extracted from the documents) and each of
the propositions extracted from the reference sum-
maries. The reference summary proposition with
the highest average similarity score to all cluster
propositions was selected as the aligned summary
proposition of the cluster. This summary proposi-

3We also tried training a regression model on a mixture of
features that should predict the ROUGE score of a proposition,
but results were comparable. Bettering the ranking process is
left for future work.

Cluster Feature DUC 2004 TAC 2011
R1 R2 R1 R2

Avg. ROUGE 35.9 7.48 38.14 9.93
Avg. salience 35.5 7.98 41.18 12.55
Min. position 37.25 8.89 38.86 11.37

Avg. SuperPAL 37.41 8.90 41.22 12.59
Cluster size 37.58 9.01 41.35 12.49

Cluster size + Avg. SuperPAL 37.54 8.96 41.45 12.71
Cluster size + Avg. salience 37.77 9.09 41.44 12.62
Cluster size + Min. position 38.05 9.21 41.68 12.78

Table 2: ROUGE F1 results on validation sets when
ranking clusters according to differing features (DUC
2004 is the validation set of TAC 2011 and vice versa).
Two combined features means ranking on the first fea-
ture, and breaking ties with the second feature.

tion was used as the target output for training the
generation model. Although these target OpenIE
propositions may be ungrammatical or non-fluent,
a human examination has shown that BART tends
to produce full coherent sentences (mostly contain-
ing only a single proposition), even though it was
finetuned over OpenIE extractions as target. Exam-
ples of coherent generated sentences can be seen in
Table 1.

Accordingly, we fine-tuned a BART generation
model (Lewis et al., 2020) with this dedicated train-
ing data. As input, the model receives cluster propo-
sitions, ordered by their predicted salience score
(§3.2) and separated with special tokens. The fi-
nal bullet-style summary is produced by appending
generated sentences from the ranked clusters until
the desired word-limit is reached.

3.6 Extractive Summarization Version
To support extractive summarization settings, for
example when hallucination is forbidden, we cre-
ated a corresponding extractive version of our
method. In this version, we extracted a represen-
tative proposition for each cluster, which was cho-
sen according to the highest word overlap with the
sentence that was fused from this cluster by our
abstractive version.

4 Evaluation

4.1 Experimental Setup
Datasets. We train and test our summarizer with
the challenging DUC and TAC MDS benchmarks.

4For the Hi-MAP and MDS-Joint-SDS approaches we
present only DUC 2004 scores since TAC 2011 scores are
not available for them.

5The outputs of DPP-Caps (Cho et al., 2019), HL-XLNet
and HL-Tree (Cho et al., 2020) were re-evaluated using author
released output.
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Method TAC 2011 DUC 2004
R1 R2 RSU4 R1 R2 RSU4

ab
sr

ac
tiv

e
Opinosis (Ganesan et al., 2010) 25.15 5.12 8.12 27.07 5.03 8.63
Extract+Rewrite (Song et al., 2018) 29.07 6.11 9.20 28.9 5.33 8.76
PG (See et al., 2017) 31.44 6.40 10.20 31.43 6.03 10.01
Hi-MAP4 (Fabbri et al., 2019) - - - 35.78 8.90 11.43
PG-MMR (Lebanoff et al., 2018) 37.17 10.72 14.16 36.88 8.73 12.64
MDS-Joint-SDS4 (Jin and Wan, 2020) - - - 37.24 8.60 12.67
ProClusterabs (Ours) 41.45 12.75 16.16 38.71 9.62 14.07

ex
tr

ac
tiv

e

SumBasic (Vanderwende et al., 2007) 31.58 6.06 10.06 29.48 4.25 8.64
KLSumm (Haghighi and Vanderwende, 2009) 31.23 7.07 10.56 31.04 6.03 10.23
LexRank (Erkan and Radev, 2004) 33.10 7.50 11.13 34.44 7.11 11.19
HL-XLNetSegs5 (Cho et al., 2020) 37.32 10.24 13.54 36.73 9.10 12.63
HL-TreeSegs5 (Cho et al., 2020) 36.70 9.68 13.14 38.29 10.04 13.57
DPP-Caps-Comb5 (Cho et al., 2019) 38.14 11.18 14.41 38.26 9.76 13.64
RL-MMR (Mao et al., 2020) 39.65 11.44 15.02 38.56 10.02 13.80
ProClusterext (Ours) 40.98 12.40 15.77 38.73 9.64 13.89
Oracleprop 49.65 21.82 23.19 46.49 16.16 18.76

Table 3: Automatic ROUGE F1 evaluation scores on the TAC 2011 & DUC 2004 MDS test sets. Our solutions
(ProCluster) improve over the previous state-of-the-art methods both in the abstractive and extractive settings.
Notably, our abstractive approach also surpasses the best extractive ones.

Specifically, following standard convention (Mao
et al., 2020; Cho et al., 2019), we test on DUC 2004
using DUC 2003 for training, and on TAC 2011
using TAC 2008/2009/2010 for training. These
sets contain between 30 and 50 topics each. For
validation sets, we used DUC 2004 for the TAC
benchmark and TAC 2011 for the DUC benchmark.

Automatic evaluation metric. Following com-
mon practice, we evaluate and compare our sum-
marization system with ROUGE-1/2/SU4 F1 mea-
sures (Lin, 2004). Stopwords are not removed, and
the output summary is limited to 100 words.6 7

4.2 Automatic Evaluation

As seen in Table 3, our abstractive model, de-
noted ProClusterabs for Propositional Clustering,
surpasses all abstractive baselines by a large mar-
gin in all measures on both TAC 2011 and DUC
2004. Moreover, while the abstractive system
scores were typically inferior to extractive system
scores, ProClusterabs notably outperforms all ex-
tractive baselines in both benchmarks. Overall, our
ProClusterabs provides the new abstractive MDS
state-of-the-art score in this setting. In Figure 4
we present an example of a ProClusterabs system
summary along with previous abstractive and ex-

6ROUGE parameters: -c 95 -2 4 -U -r 1000 -n 4 -w 1.2 -a
-l 100 -m.

7Note that methods evaluated with ROUGE recall (instead
of F1) or limited to 665 bytes (instead of 100 tokens) are not
directly comparable to our approach.

tractive state-of-the-art system summaries and the
reference summary.

As said in §3.6, we also developed an extractive
version, denoted ProClusterext. As ProClusterext
selects document propositions that have the highest
overlap with ProClusterabs sentences, ProClusterext
achieves similar scores to ProClusterabs, yielding
the new extractive MDS state-of-the-art results.

For comparison we selected strong baselines, in-
cluding previous state-of-the-art in this setup, in
both the extractive and abstractive settings. See
in Appendix §C for more concise details over
each baseline. For reference, we also present a
proposition-based extractive upperbound for each
dataset (Oracleprop), where document propositions
were selected greedily to maximize ROUGE-1F-1
+ ROUGE-2F-1 with respect to the reference sum-
maries.

4.3 Ablation Analysis

To better apprehend the contribution of each of the
steps in our pipeline, Table 5 presents results of the
system when applying partial pipelines.

First, Salienceprop generates summaries simply
consisting of the highest scoring document propo-
sitions, according to the CDLM-based salience
model (§3.2). We also trained the salience model
on the sentence- rather than the proposition-level,
and similarly generated summaries of salient sen-
tences, denoted Saliencesent. The notable im-
provement of Salienceprop over Saliencesent in both
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RL-MMR

• An unknown number of cats and dogs suffered kidney failure and
about 10 died after eating the affected pet food , menu foods said in
announcing the north american recall .

• Menu foods said saturday it was recalling dog food sold under 46
brands and cat food sold under 37 brands and distributed throughout
the united states , canada and mexico .

• Pet owners were worried that the pet food in their cupboards could
be deadly after millions of containers of dog and cat food sold at major
retailers across north america were recalled .

ProCluster summary

• The company announced the recall after receiving complaints that
cats and dogs were suffering kidney failure.
• Menu Foods recalled dog food sold under 48 brands and cat food

• A major manufacturer of dog and cat food recalled 60 million con-
tainers of dog food.
• The products were made by Menu Foods.The company

• Cat food sold under 40 brands including Iams, Nutro and Eu-
kanuba
• The company began using wheat gluten from a new supplier

• The 10 cats and dogs whose deaths have been linked to pet food

• The food was distributed throughout the United States, Canada
and Mexico.
• Pet food sold under Wal-Mart, Safeway, Kroger and other store
brands.

PG-MMR

• An unknown number of cats and dogs suffered kidney failure and
about 10 died after eating the affected pet food , menu foods said in
announcing the north american recall .

• Menu foods , the ontario-based company that produced the pet food
, said saturday it was recalling dog food sold under 40 brands includ-
ing iams , nutro and eukanuba .

• Menu foods is recalling only certain gravy-style pet food in cans and
pouches it made from dec. 3 to march 6 .

• Pet owners were worried that the pet food in their cupboard may be
deadly after millions of containers of dog and cat food sold .

Reference Summary

• On Friday, March 16, 2007, Menu Foods of Streetsville, Ontario,
began recalling 60 million containers of pet food after reports of ten
animal deaths.

• Menu’s dog foods are sold under 48 brands and cat foods under 40
brands.

• This company sells its products in the U.S., Canada and Mexico,
and provides its products to 17 of the top 20 North American retailers.

• The foods may have become contaminated by wheat gluten pur-
chased from a new supplier which caused kidney failure in the ani-
mals.

• The recalls bear code dates of 6339 through 7073.

• The company will compensate owners of deceased animals.

Table 4: The system summaries and reference summary of topic D1104 in TAC 2011.

datasets reveals the advantage of working at the
proposition level for exposing salient information.
This observation is also apparent when compar-
ing the proposition-based oracle (Oracleprop) to the
sentence-based oracle method (Oraclesent). The re-
sults indicate that proposition-based systems have a
higher ROUGE upperbound across the board, sup-
porting its merit for use in summarization.

Next, we would like to assess the contribu-
tion of the clustering step. Therefore, we applied
Salienceprop followed by clustering and ranking of
clusters (Sections 3.2, 3.3 and 3.4), while leaving
the fusion step aside. From each cluster we then se-
lect the proposition with the highest salience score
to be in the system summary. In both datasets,
the clustering stage provides added improvement,
suggesting its contribution to our pipeline.

To further demonstrate the potential of our ap-
proach, we also present two additional oracle
scores for extractive upperbound analysis. First, we
examine the potential of optimally selecting clus-
ter representatives for the summary. We greedily
select a single representative per cluster following
the original cluster ranking (§3.4) that optimizes
the overall ROUGE-1F-1 + ROUGE-2F-1 score of
all selected representatives with respect to the ref-
erence summaries (Oraclecluster-rep). These results
express the improvement comparing to our final
model (ProClusterabs), that a better cluster repre-

sentative choice could produce, i.e., up to ~2 R-2
points in TAC 2011 and ~1 point in DUC 2004.

Another aspect to examine is the potential of
enhanced cluster ranking. To that end, we first
selected the highest salience-scoring proposition
as a representative from each cluster. Then, we
greedily selected representatives, one at a time, that
maximized the overall ROUGE-1F-1 + ROUGE-
2F-1 against the reference summaries. Effectively,
this points to a greedily optimized cluster choice
(Oracleranking). The potential improvement of bet-
ter cluster ranking compared to our final model
(ProClusterabs) is hence up to ~5 R-2 points in
TAC 2011 and ~3 points in DUC 2004. Indeed,
our approach leaves cluster ranking improvement
to future work.

Overall, we observe that all components of our
multi-step approach are indeed effective for MDS,
and that there is a great potential for further im-
provements within this architecture.

4.4 Human Evaluation

We further assessed our primary system,
ProClusterabs, through manual comparison
against PG-MMR and RL-MMR, which are
state-of-the-art MDS systems in the abstractive and
extractive settings (respectively). Crowdworkers
on Amazon Mechanical Turk8 were shown the

8https://www.mturk.com
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method R1 R2 RSU4
TA

C
20

11
Oraclesent 47.53 19.83 22.10
Oracleprop 49.65 21.82 23.19
Oraclecluster-rep 43.40 14.61 17.46
Oracleranking 46.38 17.59 19.88
Saliencesent 37.32 9.59 13.40
Salienceprop 39.92 11.53 15.12
Salienceprop + Clustering 41.05 12.40 15.73
ProClusterabs 41.45 12.75 16.16

D
U

C
20

04

Oraclesent 43.91 14.50 17.39
Oracleprop 46.49 16.16 18.76
Oraclecluster-rep 39.74 10.76 14.56
Oracleranking 43.70 12.92 16.43
Saliencesent 37.38 9.09 12.90
Salienceprop 37.73 8.97 13.18
Salienceprop + Clustering 38.41 9.09 13.56
ProClusterabs 38.71 9.62 14.07

Table 5: Ablation ROUGE F1 scores on TAC 2011
and DUC 2004. Each additional step in our multi-step
method improves the output summaries. The Oracle
results indicate the potential of our approach. Specif-
ically, the benefit of summarizing on the proposition
level is quite evident.

summaries for a given topic from the three systems
in arbitrary order, along with a corresponding
reference summary. They were asked to rank
the systems with respect to Content (content
overlap with the reference), Readability (the
degree to which a summary is readable and
well-understood), Grammaticality (avoiding
grammar errors), and Non-Redundancy (avoiding
information repetition). Focusing on evaluating
our system, we extract from this ranking a pairwise
comparison between our ProClusterabs and each
of the two baseline systems, separately. For each
topic, this procedure was repeated for each of the
four available reference summaries. Each such
evaluation instance was judged independently by
three workers, taking their majority vote for each
pairwise comparison.

Table 6 presents the results of these pairwise
comparisons, showing the percentage of cases in
which our system was preferred over each one of
the two baselines, under each of the four evaluation
criteria. As can be seen, our system was favored
in all cases, for both datasets. Furthermore, prefer-
ence is almost always by a large margin, except for
Non-Redundancy against RL-MMR, which avoids
redundancy at a similar success level. Notably,
as our clustering-based method is focused on im-
proving content selection, the large gap in favor
of ProClusterabs in the content criterion supports

method Content Read. Grammar Non-Red.

TA
C PG-MMR 93% 84% 81% 72%

RL-MMR 82% 70% 74% 52%

D
U

C PG-MMR 81% 83% 82% 76%
RL-MMR 70% 72% 71% 54%

Table 6: Human pairwise comparisons between
ProClusterabs and each of the two prior baseline sys-
tems, over the TAC 2011 and DUC 2004 datasets. The
cells in a row show the percentage of cases in which
our system was preferred over the corresponding base-
line, under each of the four evaluation criteria: content,
readability, grammaticality and non-redundancy.

System unigram bigram trigram sent.

TA
C

PG-MMR 98.36 94.42 91.97 50.11
ProClusterabs 99.08 91.40 81.07 24.39
Ref. Summs. 90.27 53.17 29.66 1.48

D
U

C

PG-MMR 98.34 94.99 90.91 50.82
ProClusterabs 98.86 89.72 78.28 23.50
Ref. Summs. 88.41 44.27 18.65 0.13

Table 7: Percentage of n-gram/sentence overlap be-
tween summaries and source documents in TAC 2011
and DUC 2004. Compared to PG-MMR, our system
has substantially less sequential overlap, indicating its
increased abstractiveness. Reference summaries are
naturally highly abstractive.

its advantage, consistently with our ROUGE-score
advantage in the automatic evaluation (§4.2).

While our summaries are (somewhat non-
conventionally) structured as bullet-style lists of
propositions rather than a coherent paragraph, eval-
uators preferred our style of summarization in
terms of readability. Moreover, as Table 7 points
out, ProClusterabs appears to be more abstractive
than PG-MMR, as suggested by the reduced n-
gram and sentence overlap with source documents.
Specifically, about half of the system summary sen-
tences of PG-MMR are fully copied, compared to
about a quarter in our method. While the intensi-
fied abstractiveness of our summaries could have
potentially hindered readability, our system was
nevertheless preferred along this aspect as well.

Our approach leaves fertile ground for further
improving readability by fusing several clusters
together to generate sentences containing multiple
propositions, and by developing sentence planning
and ordering models. Compatible training datasets
for these models can be derived out of the gold
reference summaries, as was done in this work for
the salience (§3.2) and fusion (§3.5) models.
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5 Paraphrastic Clusters as Summary
Evidence

A unique advantage of a cluster-based summary is
that each summary sentence is linked explicitly to
a group of propositions from which the sentence
was generated, in so providing an “explanation”,
or support evidence, for the output. These cluster
explanations can expand the reader’s knowledge
and provide complementary facts from the nearby
source context regarding the information from the
generated sentence. Such a feature may be incor-
porated in interactive summarization systems, as
applied in (Shapira et al., 2017), where a user can
choose to expand on the facts within a sentence of
the presented summary.

To assess the reliability of such feature, we
verified that clusters indeed “explain” their gen-
erated sentences. To that end, we conducted a
crowdsourced annotation, where a worker marked
whether a cluster proposition mentions the main
idea of its corresponding generated sentence. Each
pair was examined by three workers, with the ma-
jority vote used for the final decision. On a random
selection of 25% of the clusters, we found that, on
average, 89% and 84% of a cluster’s propositions in
DUC 2004 and TAC 2011 support their correspond-
ing generated sentence, with an average cluster size
of 3.4 and 4.8 propositions, respectively.

Furthermore, given this strong alignment of a
cluster to its generated sentence, a cluster facilitates
effective verification of faithfulness of its corre-
sponding generated abstractive sentence. Since the
output sentence is based solely on its cluster propo-
sitions, the sentence’s correctness can be verified
against the “explaining" cluster instead of against
the full document set. An example of an unfaith-
ful abstraction is marked in red in Table 1. To
the best of our knowledge, this is the first attempt
for efficient manual assessment of faithfulness in
MDS. We conducted a respective evaluation pro-
cess, through crowdsourcing, to assess the faith-
fulness of our system summaries. A worker saw
a cluster and its generated sentence and marked
whether the sentence was faithful to its origin clus-
ter or not. Overall, this task cost a reasonable price
of 240$ for both the DUC 2004 and TAC 2011
datasets together. Over the full test sets, the annota-
tions showed that 80% and 90% of the DUC 2004
and TAC 2011 summary sentences, respectively,
were faithful to their corresponding clusters.

6 Conclusion

We advocate the potential of proposition-level units
as a cleaner and more accurate unit for summariza-
tion. To that end, we present a new proposition-
level pipeline for summarization that includes an
accurate paraphrastic propositional clustering com-
ponent followed by fusion of cluster propositions,
to generate concise and coherent summary sen-
tences. Our proposed method outperforms state-of-
the-art baselines in both automatic and human eval-
uation on the DUC and TAC MDS benchmarks. We
provide an ablation study that indicates the benefit
of each of the pipeline steps, as well as the poten-
tial for future improvement. Moreover, we demon-
strate the utility of the clustering-based approach
for providing source documents explanations and
for manually validating summary faithfulness.
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A Data Statistics

Dataset #Topics #Sentsper doc #Wordsper doc

DUC 2003 30 259 6831
DUC 2004 50 265 6987
TAC 2008-2010 138 237 5978
TAC 2011 44 205 5146

Table 8: Dataset statistics, including the number of doc-
ument sets (i.e. topics) and the average number of sen-
tences or words per document. Number of documents
per topic is constant (10) for all datasets.

B Implementation Details

B.1 Proposition Salience Model
Datasets. For many previous summarization sys-
tems these benchmarks were insufficiently large
enough for training their models. Consequently,
they pretrained on a large scale summarization

dataset, such as CNN/DailyMail (Hermann et al.,
2015), and then finetuned on DUC/TAC datasets
(e.g., Lebanoff et al., 2018; Mao et al., 2020). In
our case, we avoid external sources. However, as
DUC training data is much smaller than TAC’s
(30 topics vs. 138), and it was apparently too
small for the salience model training, we adopted
the trained salience model for TAC benchmark
(that was trained with TAC 2008-2010) as a pre-
trained model and then finetuned it with DUC 2003.
Accordingly, validating the TAC benchmark us-
ing DUC 2004 during the salience model training
causes data leakage since this model is later fine-
tuned to test on the same DUC 2004. To avoid that,
during the salience model training we used part of
TAC 2010 that was omitted from training data, as a
validation set (instead of DUC 2004).

Training Parameters. We trained the model for
10 epochs with learning rate of 1e-5 and batch size
of 6 instances on 3 V100 GPUs (meaning effective
batch size was 18).

Training. The CDLM model is fed with a propo-
sition within its document and the other documents
in the set. Specifically, since CDLM’s input size is
limited to 4,096 tokens, it is infeasible to feed the
full document set as a long sequence. Therefore,
following Lebanoff et al. (2019), only the first 20
sentences of each document are considered. Ac-
cordingly, a candidate proposition is input within
its full document (up to 20 sentences), while other
documents, ordered by their date, are truncated
evenly and concatenated to fill the remaining space
(9 sentences per document on average).

Each instance contains a proposition marked
with start and end special tokens, within its multi-
ple document context. A discontinuous proposition
is marked with special tokens before and after each
of its parts. In addition, sentence special token sep-
arators and document special token separators are
used, as required for CDLM.

In order to reduce computation complexity,
CDLM uses “local attention" (of 512 tokens) for
all tokens, while specific tokens are attended to all
4096 tokens (“global attention"). In our case, we
assigned global attention to the CLS token and to
the candidate proposition tokens, including their
special tokens.

For classification, we have added a binary classi-
fier layer on top of our CDLM. The classification
layer gets the CDLM’s CLS output representation
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Albert Einstein published the theory of relativity in 
1915 and received the Physics Nobel Prize in 1921.

OpenIE Extraction

Concatenation

Figure 3: An example of OpenIE spans extracted from a sentence. First, a sentence is divided to OpenIE tuples,
including a predicate (verb) and its arguments. Then all predicates and their arguments are concatenated together
to a full span. This illustration uses AllenNLP’s Demo9.

concatenated to the sum of the CDLM output rep-
resentations of the candidate proposition tokens:

CLS �
∑

i∈Prop
Ti (1)

where Ti is the CDLM output representative of the
i-th token, and Prop contains the token indices of
the candidate proposition.

As our proposition salience training dataset con-
tains only a few positive (i.e., salient) propositions
with respect to all propositions, it creates an unbal-
anced dataset that may strongly bias the model to
give a negative prediction. To cope with this, we
randomly filter out 60% of the non-salient propo-
sitions, while over sampling salient propositions
until the dataset becomes balanced.

B.2 SuperPAL Usage

In this work we used the SuperPAL model (Ernst
et al., 2021) as the similarity metric between propo-
sitions for the clustering step (§3.3), and to create
training data for the fusion model (§3.5). Origi-
nally, SuperPAL was tuned with a validation set
that contains three topics from DUC 2004 (taken
from the full validation set which also contains 7
additional topics, not from DUC 2004). In our set-
ting, it may cause leakage since DUC 2004 is used
as the test data. To avoid such leakage, we tuned
SuperPAL again without using DUC 2004 topics
at all (using the other 7 topics as a validation set).

B.3 Cluster Ranking

For computation time consideration, we set a max-
imum number of clusters to be selected for each
topic. Since in most topics the 100-word limit is

exceeded after 8-10 propositional sentences, we set
the maximum number of clusters to 10. Accord-
ingly, the 10 (or fewer) highest ranked clusters are
selected for the summary of each topic.

B.4 Fusion Model

Training Parameters. We trained the model for
3 epochs with learning rate of 3e-5 and batch size
of 10 instances on 3 V100 GPUs (meaning effective
batch size was 30).

C Compared Methods

We compare our method to several strong abstrac-
tive baselines: Opinosis (Ganesan et al., 2010) gen-
erates abstracts from salient paths in a word co-
occurrence graph; Extract+Rewrite (Song et al.,
2018) selects sentences using LexRank and gen-
erates for each sentence a title-like summary; PG
(See et al., 2017) runs a Pointer-Generator model
that includes a sequence-to-sequence network with
a copy-mechanism; PG-MMR (Lebanoff et al.,
2018) selects representative sentences with MMR
(Carbonell and Goldstein, 1998) and fuses them
with a PG-based model; Hi-MAP (Fabbri et al.,
2019) is a hierarchical version of the PG model
that allows calculating sentence-level MMR scores;
MDS-Joint-SDS (Jin and Wan, 2020) is a hierar-
chical encoder-decoder architecture that is trained
with SDS and MDS datasets while preserving doc-
ument boundaries.

We additionally compare to several strong ex-
tractive baselines: SumBasic (Vanderwende et al.,
2007) extracts phrases with words that appear fre-
quently in the documents; KLSumm (Haghighi and
Vanderwende, 2009) extracts sentences that opti-

1777



mize KL-divergence; LexRank (Erkan and Radev,
2004) is a graph-based approach where vertices
represent sentences, the edges stand for word over-
lap between sentences, and sentence importance
is computed by eigenvector centrality; DPP-Caps-
Comb (Cho et al., 2019) balances between salient
sentence extraction and redundancy avoidance by
optimizing determinantal point processes (DPP);
HL-XLNetSegs and HL-TreeSegs (Cho et al., 2020)
are two versions of a DPP-based span highlight-
ing approach that heuristically extracts candidate
spans by their probability to begin and end with
an EOS token; RL-MMR (Mao et al., 2020) adapts
a neural reinforcement learning single document
summarization (SDS) approach (Chen and Bansal,
2018) to the multi-document setup and integrates
Maximal Margin Relevance (MMR) to avoid re-
dundancy.

D Annotation Guidelines

We used Amazon Mechanical Turk10 for all three
crowdsource tasks with a list of 90 pre-selected
workers from English speaking countries. These
workers accomplished high quality work in other
NLP-related tasks we have conducted in the past.

The crowdsourcing instructions of the tasks men-
tioned in §4.4 & 5 are as follows:

D.1 General Summarization System
Evaluation.

Read the following four texts (Text A, B, C, and D)
and answer the following questions.

Text A:
<Reference summary>

Text B:
<System summary 1>

Text C:
<System summary 2>

Text D:
<System summary 3>

• Which of the texts B, C, or D has the highest
content overlap with text A?

• Which of the texts B, C, or D has
the 2nd highest content overlap with text A?

• Which of the texts B, C, or D is the most read-
able and well-understood?

• Which of the texts B, C, or D is the 2nd most
readable and well-understood?

10https://www.mturk.com

• Which of the texts B, C, or D avoids grammar
mistakes the best?

• Which of the texts B, C, or D avoids grammar
mistakes the 2nd best?

• Which of the texts B, C, or D avoids informa-
tion repetition the best?

• Which of the texts B, C, or D avoids informa-
tion repetition the 2nd best?

D.2 Supporting Cluster Evaluation.

Read the following two text spans, and answer the
question below.

Span Text A:
<The generated sentence>

Span Text B:
<A proposition from the cluster>

Is the main fact of Span Text A mentioned in
Span Text B? (ignoring additional details)

Yes/No

D.3 Faithfulness Evaluation.

Read the following group of text spans A and text
span B, and answer the questions below. You can
assume that all text spans in group A describe the
same event, and therefore can be consolidated to-
gether to imply Text Span B.

Examples:

1. Group of Text Spans A:

• They arrested John.
• John was arrested.

Text Span B:
The FBI arrested John

Is the Group of Text Spans A implies the
fact in Text Span B?

Text Span B add a detail that is not mentioned
in A. Therefore the answer is No.

2. Group of Text Spans A:

• there were 10-12 girls and 15 boys in the
schoolhouse

• there were boys and girls in the school-
house

Text Span B:
there were 1012 girls and 15 boys in the
schoolhouse
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Is the Group of Text Spans A implies the
fact in Text Span B?

Text Span B contradicts Group A (instead of
10-12 girls it says 1012 girls). Therefore the
answer is No.
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Abstract

Efficient machine translation models are com-
mercially important as they can increase infer-
ence speeds, and reduce costs and carbon emis-
sions. Recently, there has been much interest
in non-autoregressive (NAR) models, which
promise faster translation. In parallel to the
research on NAR models, there have been suc-
cessful attempts to create optimized autore-
gressive models as part of the WMT shared
task on efficient translation. In this paper, we
point out flaws in the evaluation methodology
present in the literature on NAR models and
we provide a fair comparison between a state-
of-the-art NAR model and the autoregressive
submissions to the shared task. We make the
case for consistent evaluation of NAR models,
and also for the importance of comparing NAR
models with other widely used methods for im-
proving efficiency. We run experiments with
a connectionist-temporal-classification-based
(CTC) NAR model implemented in C++ and
compare it with AR models using wall clock
times. Our results show that, although NAR
models are faster on GPUs, with small batch
sizes, they are almost always slower under
more realistic usage conditions. We call for
more realistic and extensive evaluation of NAR
models in future work.

1 Introduction

Non-autoregressive neural machine translation
(NAR NMT, or NAT; Gu et al., 2018; Lee et al.,
2018) is an emerging subfield of NMT which fo-
cuses on increasing the translation speed by chang-
ing the model architecture.

The defining feature of non-autoregressive mod-
els is the conditional independence assumption on
the output probability distributions; this is in con-
trast to autoregressive models, where the output
distributions are conditioned on the previous out-
puts. This conditional independence allows one
to decode the target tokens in parallel. This can

substantially reduce the decoding time, especially
for longer target sentences.

The decoding speed is assessed by translating a
test set and measuring the overall time the process
takes. This may sound simple, but there are various
aspects to be considered that can affect decoding
speed, such as batching, number of hypotheses in
beam search or hardware used (i.e., using CPU or
GPU). Decoding speed evaluation is a challeng-
ing task, especially when it comes to comparabil-
ity across different approaches. Unlike translation
quality, decoding speed can be measured exactly.
However, also unlike translation quality, different
results are obtained from the same system under
different evaluation environments. The WMT Ef-
ficient Translation Shared Task aims to evaluate
efficiency research and encourages the reporting
of a range of speed and translation quality values
to better understand the trade-off across different
model configurations (Heafield et al., 2021). In this
paper, we follow the emerging best practices de-
veloped in the Efficiency Shared Task and directly
compare with the submitted systems.

In the development of NAR models, modeling
error and its subsequent negative effect on transla-
tion quality remains the biggest issue. Therefore,
the goal of contemporary research is to close the
performance gap between the AR models and their
NAR counterparts, while maintaining high decod-
ing speed. Considering these stated research goals,
the evaluation should comprise of assessing trans-
lation quality as well as decoding speed.

Translation quality is usually evaluated by scor-
ing translations of an unseen test set either us-
ing automatic metrics, such as BLEU (Papineni
et al., 2002), ChrF (Popović, 2015) or COMET
(Rei et al., 2020), or using human evaluation. To
prevent methods from eventually overfitting to a
single test set, new test sets are published each
year as part of the WMT News Translation Shared
Task. In contrast, translation quality evaluation in
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NAR research is measured almost exclusively on
the WMT 14 English-German test set, using only
BLEU scores. Automatic evaluation of transla-
tion quality remains an open research problem, but
current research advises against relying on a sin-
gle metric, and especially against relying on only
BLEU (Mathur et al., 2020; Kocmi et al., 2021).
In our experiments, we follow the recent best prac-
tices by using multiple metrics and recent test sets.

In this paper, we examine the evaluation method-
ology generally accepted in literature on NAR
methods, and we identify a number of flaws. First,
the results are reported on different hardware ar-
chitectures, which makes them incomparable, even
when comparing only relative speedups. Second,
most of the methods only report latency (decoding
with a single sentence per batch) using a GPU; we
show that this is the only setup favors NAR models.
Third, the reported baseline performance is usually
questionable, both in terms of speed and transla-
tion quality. Finally, despite the fact that the main
motivation for using NAR models is the lower time
complexity, the findings of the efficiency task are
ignored in most of the NAR papers.

We try to connect the separate worlds of NAR
and efficient translation research. We train non-
autoregressive models based on connectionist tem-
poral classification (CTC), an approach previously
shown to be effective (Libovický and Helcl, 2018;
Ghazvininejad et al., 2020; Gu and Kong, 2021).
We employ a number of techniques for improving
the translation quality, including data cleaning and
sequence-level knowledge distillation (Kim and
Rush, 2016). We evaluate our models following a
unified evaluation methodology: In order to com-
pare the translation quality with the rest of the NAR
literature, we report BLEU scores measured on the
WMT 14 test set, on which we achieve state-of-
the-art performance among (both single-step and
iterative) NAR methods; we also evaluate the trans-
lation quality and decoding speed of our models in
the same conditions as the efficiency task.

We find that despite achieving very good results
among the NAT models on the WMT 14 test set,
our models fall behind in translation quality when
measured on the recent WMT 21 test set using
three different automatic evaluation metrics. More-
over, we show that GPU decoding latency is the
only scenario in which non-autoregressive models
outperform autoregressive models.

This paper contributes to the research commu-

nity in the following aspects: First, we point out
weaknesses in standard evaluation methodology of
non-autoregressive models. Second, we link the
worlds of non-autoregressive translation and op-
timization of autoregressive models to provide a
better understanding of the results achieved in the
related work.

2 Non-Autoregressive NMT

The current state-of-the-art NMT models are au-
toregressive – the output distributions are condi-
tioned on the previously generated tokens (Bah-
danau et al., 2016; Vaswani et al., 2017). The de-
coding process is sequential in its nature, limiting
the opportunities for parallelization.

Non-autoregressive models use output distribu-
tions which are conditionally independent of each
other, which opens up the possibility of paralleliza-
tion. Formally, the probability of a sequence y
given the input x in a non-autoregressive model
with parameters θ is modeled as

pθ(y|x) =
∏

yi∈y
p(yi|x, θ). (1)

Unsurprisingly, the independence assumption in
NAR models has a negative impact on the trans-
lation quality. The culprit for this behavior is the
multimodality problem – the inability of the model
to differentiate between different modes of the joint
probability distribution over output sequences in-
side the distributions corresponding to individual
time steps. A classic example of this issue is the
sentence “Thank you” with its two equally proba-
ble German translations “Danke schön” and “Vie-
len Dank” (Gu et al., 2018). Because of the inde-
pendence assumption, a non-autoregressive model
cannot assign high probabilities to these two trans-
lations without also allowing for the incorrect sen-
tences “Vielen schön” and “Danke Dank”.

Knowledge distillation (Kim and Rush, 2016)
has been successfully employed to reduce the nega-
tive influence of the multimodality problem in NAR
models (Gu et al., 2018; Saharia et al., 2020). Syn-
thetic data tends to be less diverse than authentic
texts, therefore the number of equally likely trans-
lation candidates gets smaller (Zhou et al., 2020).

A number of techniques have been proposed for
training NAR models, including iterative methods
(Lee et al., 2018; Ghazvininejad et al., 2019), aux-
iliary training objectives (Wang et al., 2019; Qian
et al., 2021), or latent variables (Gu et al., 2018;
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Lee et al., 2018; Kaiser et al., 2018). In some form,
all of the aforementioned approaches use explicit
target length estimation, and rely on one-to-one
correspondence between the output distributions
and the reference sentence.

A group of methods that relax the requirement of
the strict one-to-one alignment between the model
outputs and the ground-truth target sequence in-
clude aligned cross-entropy (Ghazvininejad et al.,
2020) and connectionist temporal classification (Li-
bovický and Helcl, 2018).

The schema of the CTC-based model, as pro-
posed by Libovický and Helcl (2018), is shown
in Figure 1. The model extends the Transformer
architecture (Vaswani et al., 2017). It consists
of an encoder, a state-splitting layer, and a non-
autoregressive decoder. The encoder has the same
architecture as in the Transformer model. The
state-splitting layer, applied on the encoder out-
put, linearly projects and splits each state into
k states with the same dimension. The decoder
consists of a stack of Transformer layers. Unlike
the Transformer model, the self-attention in the
non-autoregressive decoder does not use the causal
mask, so the model is not prevented from attending
to future states. Since the output length is fixed
to k-times the length of the source sentence, the
model is permitted to output blank tokens. Dif-
ferent positions of the blank tokens in the output
sequence represent different alignments between
the outputs and the ground-truth sequence. Connec-
tionist temporal classification (Graves et al., 2006)
is a dynamic algorithm that efficiently computes
the standard cross-entropy loss summed over all
possible alignments.

We choose the CTC-based architecture for our
models because it has been previously shown to be
effective for NAR NMT (Gu and Kong, 2021; Sa-
haria et al., 2020) and performs well in the context
of non-autoregressive research. It is also one of the
fastest NAR architectures since it is not iterative.

3 Evaluation Methodology

The research goal of the non-autoregressive meth-
ods is to improve translation quality while main-
taining the speedup brought by the conditional in-
dependence assumption. This means that careful
thought should be given to both quantifying the
speed gains and the translation quality evaluation.
The speed-vs-quality trade-off can be characterized
by the Pareto frontier. In this section we discuss

Input token embeddings

Encoder

h

Wsplh

s

Decoder

Connectionist Temporal Classification

w1w2w3 ∅ w4 ∅ w5w6 ∅ ∅ ∅ w7w8 ∅ w9 ∅
Output tokens / null symbols

Figure 1: The schema of the CTC-based non-
autoregressive architecture. We show the original image
from Libovický and Helcl (2018).

the evaluation from both perspectives.

Translation Quality. In the world of non-
autoregressive NMT, the experimental settings
are not very diverse. The primary language pair
for translation experiments is English-German,
sometimes accompanied by English-Romanian to
simulate the low-resource scenario. These lan-
guage pairs, along with the widely used test sets
– WMT 14 (Bojar et al., 2014) for En-De and
WMT 16 (Bojar et al., 2016) for En-Ro – became
the de facto standard benchmark for NAR model
evaluation.

A common weakness seen in the literature is the
use of weak baseline models. The base variant of
the Transformer model is used almost exclusively
(Gu et al., 2018; Gu and Kong, 2021; Lee et al.,
2018; Ghazvininejad et al., 2020; Qian et al., 2021).
We argue that using weaker baselines might lead to
overrating the positive effects brought by proposed
improvements. Since the baseline autoregressive
models are used to generate the synthetic parallel
data for knowledge distillation, the weakness is
potentially further amplified in this step.

Evaluation is normally with automatic metrics
only, and often only BLEU is reported. In light of
recent research casting further doubt on the relia-
bility of BLEU as a measure of translation quality
(Kocmi et al., 2021), we argue that this is insuffi-
cient.
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Decoding Speed. The current standard in eval-
uation of NAR models is to measure translation
latency using a GPU, i.e., the average time to trans-
late a single sentence without batching. Since the
time depends on the hardware, relative speedup is
usually reported along with latency.

This is a reasonable approach but we need to
keep in mind the associated difficulties. First, the
results achieved on different hardware architectures
are not easily comparable even when considering
the relative speedups. We also note that the relative
speedup values should always be accompanied by
the corresponding decoding times in absolute num-
bers. Sometimes, this information is missing from
the published results (Qian et al., 2021).

We argue that measuring only GPU latency dis-
regards other use-cases. In the WMT Efficiency
Shared Task, the decoding speed is measured in
five scenarios. The speed is reported using a GPU
with and without batching, using all 36 CPU cores
(also, with and without batching), and using a sin-
gle CPU core without batching. In batched decod-
ing, the shared task participants could choose the
optimal batch size. Our results in Section 5 show
that measuring latency is the only one that favors
NAR models, and as the batch size increases, AR
models quickly reach higher translation speeds.

4 Experiments

We experiment with non-autoregressive models for
English-German translation. We used the data pro-
vided by the WMT 21 News Translation Shared
Task organizers (Akhbardeh et al., 2021).

As our baseline model, we use the CTC-based
NAR model as described by Libovický and Helcl
(2018). We use stack of 6 encoder and 6 decoder
layers, separated by the state splitting layer which
extends the state sequence 3 times.

We implement our models1 in the Marian toolkit
(Junczys-Dowmunt et al., 2018). For the CTC loss
computation, we use the warp-ctc library (Amodei
et al., 2016).

4.1 Teacher Models

For training our baseline autoregressive models, we
closely follow the approach of Chen et al. (2021).
The preparation of the baseline models consists of
three phases – data cleaning, backtranslation, and
the training of the final models.

1Our code is publicly available at https://github.
com/jindrahelcl/marian-dev

Data Raw size Cleaned size

Parallel – clean 3.9 3.1
Parallel – noisy 92.0 84.6

Monolingual – En 93.1 91.0
Monolingual – De 149.9 146.2

Table 1: The sizes of the parallel and monolingual train-
ing datasets (in millions of examples).

We train the teacher models on cleaned parallel
corpora and backtranslated monolingual data. For
the parallel data, we used Europarl (Koehn, 2005),
the RAPID corpus (Rozis and Skadin, š, 2017), and
the News Commentary corpus from OPUS (Tiede-
mann, 2012). We consider these three parallel
datasets clean. We also use noisier parallel datasets,
namely Paracrawl (Bañón et al., 2020), Common
Crawl2, WikiMatrix (Schwenk et al., 2019), and
Wikititles3. For backtranslation, we used the mono-
lingual datasets from the News Crawl from the
years 2018-2020, in both English and German.

We clean the parallel corpus (i.e. both clean and
noisy portions) using rule-based cleaning4. Addi-
tionally, we exclude sentence pairs with non-latin
characters. and we apply dual cross-entropy filter-
ing on the noisy part of the parallel data (Junczys-
Dowmunt, 2018). We train Transformer base mod-
els in both directions on the clean portion of the
parallel data. Then, we select the best-scoring 75%
of sentence pairs for the final parallel portion of the
training dataset.

For backtranslation (Sennrich et al., 2016), we
train four Transformer big models on the cleaned
parallel data in both directions. We then use them
in an ensemble to create the synthetic source side
for the monolingual corpora. We add a special
symbol to the generated sentences to help the mod-
els differentiate between synthetic and authentic
source language data (Caswell et al., 2019).

We use hyperparameters of the Transformer big
model, i.e. model dimension 1,024, feed-forward
hidden dimension of 4,096, and 16 attention heads.
For training, we use the Adam optimizer (Kingma
and Ba, 2014) with β1, β2 and ϵ set to 0.9, 0.998
and 10-9 respectively. We used the inverted square-
root learning rate decay with 8,000 steps of linear

2https://commoncrawl.org/
3https://linguatools.org/
4https://github.com/browsermt/

students/blob/master/train-student/
clean/clean-corpus.sh
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warm-up and initial learning rate of 10-4.
The teacher models follow the same hyperpa-

rameter settings as the models for backtranslation,
but are trained with the tagged backtranslations in-
cluded in the data. As in the previous case, we train
four teacher models with different random seeds
for ensembling.

Similar to creating the backtranslations, we use
the four teacher models in an ensemble to create
the knowledge-distilled data (Kim and Rush, 2016).
We translate the source side of the parallel data, as
well as the source-language monolingual data. We
do not translate back-translated data. Thus, the
source side data for the student models is authen-
tic, and the target side is synthetic, created by the
teacher models.

4.2 Student Models

We train five variants of the student models with dif-
ferent hyperparameter settings. The “Large” model
is our baseline model – the same number of layers
as the teacher models, 6 in the encoder, followed by
the state splitting layer, and another 6 layers in the
decoder. The “Base” model has the same number
of layers with reduced dimension of the embed-
dings and the feed-forward Transformer sublayer,
to match the Transformer base settings. We also
try reducing the numbers of encoder and decoder
layers. We shrink the base model to 3-3 (“Small”),
2-2 (“Micro”), and 1-1 (“Tiny”) architectures.

We run the training of each model for three
weeks on four Nvidia Pascal P100 GPUs.

5 Results

In this section, we try to view the results of the
NAR and efficiency research in a shared perspec-
tive. We evaluate our models and present results
in terms of translation quality and decoding speed.
We compare the results to the related work on both
non-autoregressive translation and model optimiza-
tion.

Translation Quality. The research on non-
autoregressive models uses the BLEU score (Pap-
ineni et al., 2002) measured on the WMT 14 test
set (Bojar et al., 2014) as a standard benchmark for
evaluating translation quality. We use Sacrebleu
(Post, 2018) as the implementation of the BLEU
score metric. Using a single test set for the whole
volume of research on this topic may however pro-
duce misleading results. To bring the evaluation

En→ De De→ En

Saharia et al. (2020) 28.2 31.8
Gu and Kong (2021) 27.2 31.3
Qian et al. (2021) 26.6 31.0

Large 28.4 31.3
Base 23.7 30.3
Small 23.6 29.1
Micro 25.0 27.5
Tiny 20.3 21.7

Table 2: The BLEU scores of the NAR models on the
WMT 14 test set

up to date with the current state-of-the-art transla-
tion systems, we also evaluate our models using
COMET (Rei et al., 2020)5 and BLEU6 scores on
the recent WMT 21 test set. The same test set was
used in the WMT 21 Efficiency Task.

Table 2 shows the BLEU scores of our NAR
models on the WMT 14 test set. We show the re-
sults of the five variants of the NAR models and
we include three of the best-performing NAR ap-
proaches from the related work. We see from the
table that using BLEU, the “Large” model scores
among the best NAR models on the WMT 14 test
set. As the NAR model size decreases, so does
the translation quality, with the notable exception
of the En→De “Micro” model, which outperforms
the “Base” model consistently on different test sets.

In Table 3, we report the automatic evaluation
results of our AR and NAR models on the multi-
reference WMT 21 test set (Akhbardeh et al., 2021).
We compare our NAR models to the AR large
teacher models from Section 4.1, an AR base model
trained on the original clean data, and an AR base
student model trained on the distilled data. Follow-
ing Heafield et al. (2021), we use references A, C,
and D for English-German translation.

We see that there is a considerable difference in
the translation quality between the NAR models
and the AR large teacher model. This difference
grows with beam search and ensembling applied
on the AR decoding, techniques not usually used
with NAR models because of the speed cost. We

5We use the COMET model wmt20-comet-da from
version dd2298 (1.0.0.rc9).

6Signature: nrefs:3|bs:1000|seed:12345|
case:mixed|eff:no|tok:13a|smooth:exp|
version:2.0.0. For WMT 21 De→ En, only 2 references
were used. For WMT 14, we used the signature with the
exception of having only a single reference.
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En→ De COMET BLEU

AR – Large 0.4110 50.5 ±1.3

+ beam 0.4053 50.8 ±1.3

+ ensemble 0.4332 52.2 ±1.3

AR – Base 0.3881 47.9 ±1.3

+ beam 0.3873 48.0 ±1.3

Student AR – Base 0.4550 51.6 ±1.2

NAR models
Large 0.1485 47.8 ±1.2

Base -0.0521 41.8 ±1.1

Small -0.0752 41.9 ±1.1

Micro -0.0083 43.5 ±1.1

Tiny -0.3333 34.7 ±1.0

Table 3: Results of quantitative evaluation of English-
German translation quality using automatic metrics on
the multi-reference WMT 21 test set. The confidence
intervals were computed using Sacrebleu.

also note that when we train an AR base model
on the distilled data, it outperforms the NAR large
model by a considerable margin.

Another thing we notice is the enormous differ-
ence in the COMET scores between the AR and
NAR models. The AR base models achieve compa-
rable BLEU scores to the NAR large models, but
differ substantially in the COMET score. From
a look at the system outputs, we hypothesize that
the NAR systems produce unusual errors which
BLEU does not penalise as heavily as COMET.
This might suggest that NAR models would rank
poorly in human evaluation relative to their autore-
gressive counterparts, despite the reasonable BLEU
score values. Another reason might be that the dif-
ferent errors of NAR models are causing a domain
mismatch between the COMET training data and
the data being evaluated.

Decoding speed. We follow the decoding time
evaluation methodology of the WMT 21 Efficient
Translation Shared Task (Heafield et al., 2021). We
recreate the hardware conditions that were used
in the task. For the GPU decoding measurements,
we use a single Nvidia Ampere A100 GPU. The
CPU evaluation was performed on a 36-core CPU
Intel Xeon Gold 6354 server from Oracle cloud. To
amortize the various computation overheads, the
models submitted to the shared task are evaluated
on a million sentence benchmark dataset.

We measure the overall wall time to translate the

Model Latency (ms)

Gu et al. (2018) 39
Wang et al. (2019) 22
Sun et al. (2019) 37

Ours – Large 14

Table 4: The comparison of the decoding time of various
NAR models for a single sentence in a batch on a P100
GPU. Note that this table should serve merely as an
illustration, since the results were measured on different
datasets.

shared task dataset with different batching settings
on both the GPU and the 36-core CPU. The decod-
ing times are shown in Figures 2 and 4 for the GPU
and CPU times, respectively. We do not report the
single-core CPU latencies as the decoding speed
of the NAR models falls far behind the efficient
AR models in this setup and the translation of the
dataset takes too long.

We can see that in case of GPU decoding that
all models benefit from having larger batch sizes.
However, the non-autoregressive models are much
faster when the batch size is small. We also ran the
evaluation on an Nvidia Pascal P100 GPU, which
showed that when the batch size is large enough,
autoregressive models eventually match the speed
of non-autoregressive models. We show the decod-
ing times on the Pascal GPU in Figure 3. In Table
4, we compare the latencies measured on the Pas-
cal GPU to some of the related NAR approaches
that report results on this GPU type. Due to imple-
mentation reasons, the maximum batch size for our
NAR models is around 220 sentences.

Comparison with Efficient AR Models. In Ta-
ble 5, we present a comparison on the million sen-
tence test set with “Edinburgh base”, one of the
leading submissions in the WMT 21 efficiency task
(Behnke et al., 2021), which uses the deep encoder
– shallow decoder architecture (Kasai et al., 2021).
First, we see that using three different evaluation
metrics (ChrF, COMET, and BLEU), our models
lag behind the Edinburgh base model. In line with
our previous observation, we see a considerable
drop in the COMET score values. In terms of
decoding speed, the only scenario in which the
non-autoregressive model is better is on GPU with
batch size 1. This is in line with our intuition that
the parallelization potential brought by the GPU is
utilized more efficiently by the NAR model. On
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Figure 2: The decoding times to translate the efficiency task test set using various batch size settings, computed on a
single Nvidia Ampere A100 GPU, i.e. the GPU type used for evaluation in the efficiency task.
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Figure 3: The decoding times to translate the efficiency task test set using various batch size settings, computed on a
single Nvidia Pascal P100 GPU.
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Figure 4: The decoding times to translate the efficiency task test set using various batch size settings, computed on
36 CPU cores.
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Translation quality Decoding time (seconds)
ChrF COMET BLEU GPU, b>1 GPU, b=1 CPU, b>1

Edinburgh base (Behnke et al., 2021) 61.5 0.527 55.3 140 16,851 500

AR – Large (teacher) 59.2 0.411 50.5 1,918 > 24h 9,090
AR – Base (student) 59.5 0.455 51.6 1,465 > 24h 2,587

NAR – Large 58.6 0.149 47.8 782 7,020 7,434
NAR – Micro 57.3 -0.008 43.5 311 2,322 897

Table 5: A comparison of our AR and NAR models with one of the submissions to the WMT 21 efficiency task. We
show the results of automatic translation quality evaluation using three different metrics, and the decoding time to
translate the test set using a GPU and 36-core CPU with either latency (b=1) or batched (b>1) decoding.

one hand, larger batches open up the paralleliza-
tion possibilities to AR models. On the other hand,
limited parallelization potential (in form of CPU
decoding) reduces the differences between AR and
NAR models. The batch size of the Edinburgh base
model was 1,280 in the batched decoding setup.

6 Conclusions

In this paper, we challenge the evaluation methodol-
ogy adopted by the research on non-autoregressive
models for NMT.

We argue that in terms of translation quality,
the evaluation should include newer test sets and
metrics other than BLEU (particularly COMET
and ChrF). This will provide more insight and put
the results into the context of the recent research.

From the decoding speed perspective, we should
bear in mind various use-cases for the model
deployment, such as the hardware environment
or batching conditions. Preferably, the research
should evaluate the speed gains across a range of
scenarios. Finally, given that the latency condi-
tion – translation of one sentence at a time on a
GPU – already translates too fast to be perceived
by human users of MT, there is currently no com-
pelling scenario that warrants the deployment of
NAR models.
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Abstract

Adapter modules enable modular and efficient
zero-shot cross-lingual transfer, where current
state-of-the-art adapter-based approaches learn
specialized language adapters (LAs) for indi-
vidual languages. In this work, we show that
it is more effective to learn bilingual language
pair adapters (BAs) when the goal is to op-
timize performance for a particular source-
target transfer direction. Our novel BAD-X
adapter framework trades off some modularity
of dedicated LAs for improved transfer per-
formance: we demonstrate consistent gains in
three standard downstream tasks, and for the
majority of evaluated low-resource languages.

1 Introduction

Massively multilingual Transformers (MMTs) such
as mBERT (Devlin et al., 2019), XLM-R (Con-
neau et al., 2020), and mT5 (Xue et al., 2021)
have dominated research in multilingual NLP and
cross-lingual transfer recently. Pretrained on large
amounts of unlabelled data in 100+ languages,
they have been shown to achieve impressive perfor-
mance for a wide range of languages and tasks, and
in zero-shot cross-lingual transfer in particular (Wu
and Dredze, 2019; K et al., 2019). However, their
representational capacity is known to be limited by
the curse of multilinguality: a trade-off between the
language coverage and model capacity (Conneau
et al., 2020), which typically favors high-resource
languages. Their limitations are thus especially
pronounced in low-resource scenarios, in transfer
between distant languages and towards resource-
poor target languages (Hu et al., 2020; Lauscher
et al., 2020; Ansell et al., 2021, inter alia).

A standard approach to zero-shot cross-lingual
transfer with MMTs (i) fine-tunes the full MMT
on task-specific data in the source language and
then (ii) applies it directly to make predictions in
the target language (Hu et al., 2020). On top of
the expensive fine-tuning of the entire large model,

this standard procedure also does not ‘prepare’ the
MMT to excel at a particular target language or
for a particular source-target transfer direction.

This has been alleviated through modular
parameter-efficient adaptations of the MMTs
(Bapna and Firat, 2019; Philip et al., 2020; He
et al., 2021) which bypass full fine-tuning, most
prominently through lightweight adapters (Rebuffi
et al., 2017; Houlsby et al., 2019): additional train-
able parameters inserted into the MMT’s layers.
They have recently been used for language and
task specialization of the MMTs (Pfeiffer et al.,
2020b), offering improved and more efficient zero-
shot cross-lingual transfer.

Previous work (Pfeiffer et al., 2020b; Üstün et al.,
2020, 2021; Vidoni et al., 2020; Ansell et al., 2021,
inter alia) focused on creating: 1) dedicated lan-
guage adapters (LAs) for each individual language,
and 2) individual task adapters (TAs). Creating
single-language LAs enables a very modular ap-
proach to cross-lingual transfer, where a source
language LA (used in training) can be directly
swapped with any target language LA at inference.
Yet, this procedure still does not prepare nor adapt
the MMT for a particular source-target transfer di-
rection. Put simply, if one’s incentive is to optimize
the performance of a particular target language Lt
given annotated data in a particular source language
Ls, especially under low-data regimes, one might
try to capture the interplay between the two lan-
guages instead of learning separate LAs.

To address this gap, in this work we introduce
the BAD-X framework: bilingual adapters (BAs)
for zero-shot cross-lingual transfer (see Figure 1),
designed towards improving transfer performance
for a particular transfer direction, with a focus on
low-resource target languages. The goal of BAD-X

is to specialize the MMT for a particular language
pair, while preserving all its existing knowledge
encoded into the MMT’s parameters.

We experiment with three standard tasks in cross-
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lingual transfer (Lauscher et al., 2020; Ansell et al.,
2021): part-of-speech tagging (POS), dependency
parsing (DP) and natural language inference (NLI),
and with a total of 20 low-resource target languages.
Our results demonstrate that trading off modularity
of single-language LAs for less modular BAs (tai-
lored for language pairs) indeed yields improved
transfer performance over the current state-of-the-
art (SotA) adapter-based transfer framework MAD-
X (Pfeiffer et al., 2020b), in all three tasks and for
the large majority of target languages. We also
show that, under the fixed fine-tuning budget and
resources, further task performance gains can be
achieved by varying the ratio of Ls-vs-Lt unan-
notated data when learning BAs. Finally, aiming
to delve deeper into the trade-off between modu-
larity and training efficiency, we experiment with
multilingual adapters that are trained on the source
language and all target languages under considera-
tion at once. We show that such adapters, despite
being more efficient to train, are unable to match
the performance of their more specialized counter-
parts across a diverse set of target languages.

We share our code and pretrained BAs online at:
https://github.com/parovicm/BADX.

2 BAD-X: Methodology

Motivation and Overview. The main idea can be
summarized into the following: instead of adapting
the MMT to languages Ls and Lt separately as
done in the SotA adapter-based MAD-X framework
(Pfeiffer et al., 2020b), cross-lingual transfer might
be more effective by adapting the MMT directly
to the language pair (Ls, Lt). This means that we
learn a bilingual language-pair adapter instead of
two separate monolingual LAs. We then learn a
task adapter directly on top of the BA: since we
focus on the zero-shot setting, this means using
task-annotated examples only from Ls to fine-tune
the TA. This procedure is summarized in Figure 1.1

BAD-X Adapters. BAD-X adapts the MAD-X

adapter framework, where BAs are learnt instead
of single-language LAs. The architecture of the
adapter in each layer l consists of a down- and

1Inspiration for BAD-X originates from neural machine
translation (NMT), where bilingual adapters have been trained
on parallel corpora of two languages to recover performance
of a massively multilingual NMT model for high-resource
languages (Bapna and Firat, 2019). BAD-X, however, proposes
bilingual adapters (i) without the use of any parallel data, (ii)
with the goal to support the downstream cross-lingual transfer,
and (iii) it targets low-resource target languages.

Multi-Head 
Attention 

Add  
&

Norm

Feed 
Forward

Add  
&

Norm

Lang En-Wo
BAD-X 
Adapter

Task  
POS 

 Adapter

Add  
&

Norm

Figure 1: BAD-X adapter module at one MMT layer,
showing the BAD-X BA for one language pair (English-
Wolof: En-Wo) and the POS TA. The same module (but
different parameters) is added at each MMT layer.

up-projection with a residual connection. More
specifically, let the down-projection be a matrix
Dl ∈ Rh×d and the up-projection be a matrix
Ul ∈ Rd×h where h is a hidden size of the MMT
and d is the hidden size of the adapter. Let us de-
note MMT’s hidden state and the residual at layer l
as hl and rl, respectively. The adapter computation
of layer l is then given by:

Al(hl, rl) = Ul(ReLU(Dl(hl))) + rl, (1)

with ReLU as the activation function. This for-
mulation subsumes LAs and TAs in MAD-X, as
well as BAs and TAs in BAD-X, where LAs/BAs
receive the input from the (frozen) Transformer
layer, while TAs receive the input from the (frozen)
LA/BA put on top of the frozen Transformer layer
(Figure 1).2

MAD-X LAs are trained via masked-language
modeling (MLM) objective on the Wikipedia of
the corresponding language, while TAs are trained
on annotated task data. Once LA for Ls is avail-
able, TA is trained by stacking it on top of the fixed
source LA. Transfer is done by replacing the Ls
LA with the Lt LA. Unlike MAD-X, BAD-X trains
a single bilingual adapter via MLM, alternating be-
tween the unlabelled (Wikipedia) data from both
Ls and Lt. The ‘data alternations’ are done ac-
cording to a predefined ratio: e.g., the ratio of N :1
denotes that the model would see N Ls sentences
followed by 1 Lt sentence. The motivation for this
is twofold: 1) seeing a data mixture from the two
languages could produce a BA that is better for
transfer than having two independent LAs; 2) LAs
for low-resource Lt-s might otherwise overfit due
to unlabelled data scarcity in Lt, and thus could
benefit from additional Ls data.

In BAD-X, TA is then again trained on top of

2MAD-X also relies on so-called invertible adapters for
slightly improved performance, see (Pfeiffer et al., 2020b) for
further details; they have a similar effect on BAD-X, but we
omit them to boost simplicity and clarity of the design and the
experimental setup.
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the fixed BA, and the same BA-TA configuration is
retained at inference, see Figure 1 again.

Advantages and Limitations. BAD-X allows
parameter-efficient transfer to arbitrary tasks and
languages by learning modular bilingual and task
representations. It trades-off some modularity of
MAD-X for increased performance and expressive-
ness when the goal is to perform a transfer for a
fixed pair of languages. A disadvantage of BAD-X

with respect to modularity is that it no longer of-
fers a zero-cost transfer (once all LAs are learnt)
between all language pairs under consideration: it
requires training of separate BAs for all pairs of in-
terest. However, as we show further in §3, BAD-X

might be preferable over MAD-X in the cases when
the goal is to improve a particular source-target
direction, which is our targeted use-case.

3 Experiments and Results

Tasks and Languages. We evaluate BAD-X on
three standard cross-lingual tasks which allow
for experimentation with low-resource target lan-
guages: POS, DP, and NLI. For POS and DP, we
sample ten low-resource languages from the Uni-
versal Dependencies (UD) 2.7 dataset (Zeman et al.,
2020), taking into account: 1) the availability and
the size of the corresponding Wikipedia; and 2)
typological diversity to ensure that different lan-
guage families are covered.3 For NLI, we rely on
the recent AmericasNLI dataset (Ebrahimi et al.,
2022), spanning ten low-resource languages from
the Americas. For AmericasNLI languages, we use
Wikipedia if available; otherwise we use the unla-
belled data previously used by Ansell et al. (2022).
English is the source language in all experiments
for all tasks.4 All languages along with their lan-
guage codes are listed in Table 3 in the Appendix.

3.1 Experimental Setup

MMT. In all our experiments, we use mBERT, an
MMT model pretrained on the Wikipedias of 104
languages (Devlin et al., 2019).5

Training Setup: LAs, BAs. To enable a fair
comparison between MAD-X and BAD-X under the

3As a result, our ten languages cover eight different lan-
guage families and five different writing systems.

4For UD target languages, we use the training split for eval-
uation if available, since it is larger than the test or evaluation
splits.

5mBERT demonstrated a slight edge in transfer perfor-
mance over XLM-R for lower-resource languages in prior
work (Pfeiffer et al., 2020b).

same training and inference conditions, we train
our own MAD-X LAs from scratch with the MLM
objective on monolingual Wikipedias: training is
run for 25,000 steps, with a batch size of 64 and a
learning rate of 1e−4. We evaluate the LAs every
500 training steps and finally choose the LA that
yields the lowest perplexity, as evaluated on the 5%
of the Wikipedia data that acts as a validation set.

Pfeiffer et al. (2020b) empirically established
that strong task performance of MAD-X on low-
resource languages can be achieved already after
20,000 LA training steps, and that longer train-
ing offers only modest to negligible performance
gains. Driven by their findings, we train MAD-X

LAs for 25,000 iterations due to computational
constraints, a large number of experiments, and the
low-resource nature of our target languages.

BAD-X BAs are trained on the Wikipedia data
of both Ls and Lt. The standard BAD-X vari-
ant termed Balanced BAD-X (also BAD-X 1:1) is
trained by alternating one batch of the Ls data (i.e.
English) followed by one batch of the Lt data, for
50,000 iterations (i.e., this way we match the total
number of iterations performed by training MAD-
X Ls and Lt LAs for 25,000 iterations each), and
we adopt all the hyperparameters from MAD-X LA
training. We select as the final BA the one with
the lowest Lt perplexity. Bilinguality of the BAD-X

BAs allows us to directly train TA on top of it and
perform the inference with the same configuration.

Multilingual Adapter (MA). Given N target lan-
guages of interest, one could alternatively train a
multilingual adapter on unlabelled text from Ls
and all N target languages Lt: while this is more
computationally efficient than both BAD-X and
MAD-X6 it could, presumably, again lead to the
“curse of multilinguality”, as the adapter parame-
ters would be shared across N+1 languages. On
the other hand, MA has the chance to benefit from
similarities between target languages (especially
in the case of AmericasNLI). Concretely, we train
two multilingual adapters: one for the set of UD
languages and the other for the set of AmericasNLI
languages. Multilingual UD adapter is trained by
alternating one batch of English Wikipedia and one
batch from each of 10 UD languages’ Wikipedia
for 50,000 iterations. Multilingual AmericasNLI

6In particular, with one source language and N target
languages one needs to train: i) N+1 different MAD-X LAs
(one for Ls and one for each of the N Lts); ii) N different
BAD-X BAs (one for each (Ls, Lt) pair) and, iii) only one MA
(using Ls and all Lts at once).
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adapter is obtained following the same procedure,
only using Wikipedias of the NLI target languages.

Training Setup: TAs. For POS and DP, TA is
trained by stacking it on top of the source (i.e. En-
glish) LA (with MAD-X), the English-Lt BA (with
BAD-X) or the multilingual adapter MA and per-
forming 15,000 steps with a batch size of 8 and a
learning rate of 5e−5. We evaluate the TAs every
250 steps on English validation set, and select as
the final TAs the ones with the best accuracy (POS)
and LAS score (DP). The adapter reduction factor
(Pfeiffer et al., 2020a) is 2 for LAs and BAs and 16
for TAs. For AmericasNLI, we train its TA using
the English MultiNLI data (Williams et al., 2018)
following the setup of Ebrahimi et al. (2022): 5
epochs with a batch size of 32, and a learning rate
of 2e−5. We evaluate the TA every 625 steps and
choose the one with the best English validation
accuracy.

BAD-X: BA Variants. Besides Balanced BAD-
X, we consider other variants of BAD-X BAs that
differ in the data ratios between Ls and Lt; we
denote these variants as BAD-X 1:N , where 1 batch
of Ls data is followed by N batches of Lt data,
and vice versa: BAD-X N :1. With these variants,
we aim to answer the following question: given a
fixed number of MLM training steps (i.e., a fixed
computational budget) for BAs, is it possible to
further impact/improve transfer performance? Is
the optimal data sampling ratio task-dependent?

3.2 Results and Discussion

The results for all languages and tasks with MAD-X

and Balanced BAD-X are summarized in Table 1,
with additional results in the appendix. As a gen-
eral trend, we observe that the proposed Balanced
BAD-X variant outperforms MAD-X and MAs over
a majority of languages and across all three tasks:
besides offering higher average results, we also
report gains on 8/10 (POS; accuracy), 9/10 (DP;
UAS), and 8/10 (NLI; accuracy) target languages.
This confirms the positive impact of BA training,
which is able to capture additional interactions of
each language pair, in lieu of LA training.

Performance across Tasks. In particular, BAD-X

gains on average 1.06% in accuracy and 0.66% in
F1 compared to MAD-X on POS task. It outscores
the multilingual adapter on POS even more: 3.55%
in accuracy and 2.87% in F1 on average. The gains
over MAD-X are even more pronounced on the
more complex DP task, which shares the target lan-

guages set with POS: BAD-X outperforms MAD-X

on average with a gap of 2.62% in UAS and 2.38%
in LAS scores. The gain is particularly high for
Wolof, a West-African language spoken by more
than five million people, with ~9% improvement
over MAD-X in both UAS and LAS scores. Wolof
is also a language with one of the highest gains
in POS. In the DP task, BAD-X achieves similar
gains over the multilingual adapter: 2.22% UAS
and 2.82% in LAS scores on average. Multilin-
gual adapter achieves high scores on Wolof, which
re-establishes Wolof as a language that highly bene-
fits from the involvement of other languages during
training. We also observe the superiority of Bal-
anced BAD-X over MAD-X on NLI, now on another
set of low-resource languages, with average accu-
racy gains of 2.4%. The highest improvement of
6.67% is observed for Wixarika.

Performance across Languages. Importantly, we
find that improvements in all three tasks are met
for target languages coming from diverse language
families (e.g., for Uralic, Indo-European, Niger-
Congo, Turkic, Aymaran families) and with diverse
typological traits. We speculate that stacking TAs
on top of BAs instead of an English-specialized LA
forces the model to also take into account informa-
tion from the target language, which mitigates over-
fitting to English-only language properties. Further-
more, coupling two languages in the BA training
might also allow for some information flow be-
tween the languages (e.g., some sharing at lexical
level). This also might provide a positive impact on
transfer performance, while this effect cannot be
achieved with individual LAs as in MAD-X. Multi-
lingual adapters lag behind MAD-X and BAD-X as
they aim to fit too many languages into a small num-
ber of adapter parameters, which demonstrates the
necessity of language and especially language-pair
specialization when performance for a particular
source-target transfer direction is paramount.

BAD-X Variants. Figure 2 shows the ‘average-
across-languages’ scores for MAD-X and for all
tested BAD-X variants (based on data sampling ra-
tios at BA training; §3.1). The results indicate
several findings. First, all BAD-X variants outper-
form MAD-X on all three tasks on average. Second,
there is no single best-performing BAD-X variant
for all tasks, that is, the ‘winning’ variant seems to
be task-dependent. In particular, DP benefits the
most from 5:1 sampling, while for POS and NLI
the 1:2 variant outscores the others although DP
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Task Method AF BM EU MYV KPV MT MR TE UG WO avg

POS
MAD-X 85.43* 41.61 58.90 66.84 47.63 69.94* 52.65 75.27 47.07* 61.78 60.71
MA 84.49 42.89* 58.87 61.59 42.95 62.24 52.73 75.41 40.79 61.05 58.50
BAD-X 84.94 42.40 59.48* 68.11* 50.26* 69.40 52.35 75.63* 46.67 64.50* 61.37

DP
MAD-X 54.50 12.17 32.06 33.64 23.01 44.16* 27.49 48.54 15.13 24.84 31.55
MA 55.08 14.91* 31.33 33.36 17.79 40.32 26.19 47.91 13.08 31.17 31.11
BAD-X 55.75* 14.47 33.30* 37.74* 25.81* 42.45 29.19* 51.51* 15.11 33.93* 33.93

CNI AYM BZD GN NAH OTO QUY TAR SHP HCH avg

NLI
MAD-X 42.53 46.67 44.53 54.53 47.56 41.18 49.47 37.87 41.73 38.40 44.45
MA 42.67 38.30 44.00 42.53 44.17 40.64 43.33 42.40* 46.67 42.80 42.80
BAD-X 48.13* 47.33* 44.93 58.00* 48.24* 41.44 49.33 38.93 47.07 45.07* 46.85

Table 1: Results of multilingual adapters (MA), MAD-X, and BAD-X (Balanced BAD-X, 1:1) on all tasks and
languages. Standard evaluation measures: F1 for POS, LAS for DP, and accuracy for NLI. Bold: the best
performing approach. An asterisk (*) indicates significant gains over the the other two competitor models (Student’s
t-test with p = 0.05).
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Figure 2: The average accuracy (POS and NLI) and
UAS scores of MAD-X and different BAD-X variants
(see §3.1). Full results are available in Appendix C.

and POS share exactly the same BA training data.

Note that, due to computational constraints, we
did not extensively search for the best sampling
ratios of the source and target language during BA
training, thus the optimal strategy might not be cov-
ered by our experiments. However, these findings
warrant further investigation in future work.

Multiple Runs. To validate that our results hold in
the presence of different parameter initializations,
we perform a comparison of MAD-X and Balanced
BAD-X when the scores are averages of 3 runs with
the same random seeds both for MAD-X and BAD-
X. Due to computational constraints, we select
only a subset of languages for this evaluation. In
particular, we choose 4 UD (MYV, KPV, TE and
WO) and 4 AmericasNLI languages (CNI, GN, SHP

and HCH) and compare MAD-X and Balanced BAD-
X by taking the average scores obtained from 3
runs. The results are shown in Table 2, and again
point to BAD-X’s superiority over MAD-X in terms
of transfer performance in all three tasks.

Task Method MYV KPV TE WO avg

POS MAD-X 67.13 47.86 75.66 59.56 62.55
BAD-X 68.40 48.95 76.07 63.86 64.32

DP MAD-X 34.19 22.41 49.07 24.64 32.58
BAD-X 37.95 23.66 50.20 34.51 36.58

CNI GN SHP HCH avg

NLI MAD-X 44.49 55.24 43.78 40.49 46.00
BAD-X 47.82 56.98 47.60 43.16 48.89

Table 2: Robustness of BAs: average scores across 3
runs (i.e., three different random seeds) for MAD-X and
BAD-X (Balanced, 1:1) for a subset of target languages.

4 Conclusion

We have presented BAD-X, a novel adapter-based
framework for zero-shot cross-lingual transfer.
BAD-X targets improving transfer performance for
particular fixed source-target transfer directions
through the introduction and use of dedicated bilin-
gual language-pair adapters (BAs). The effective-
ness of the BAs and the BAD-X framework has
been demonstrated on three standard transfer tasks,
across a plethora of low-resource languages. In fu-
ture work, we will experiment with more efficient
approaches to bilingual adapters, e.g., based on con-
textual parameter generation (Ansell et al., 2021),
and port the BAD-X framework to more languages
and tasks.
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A Details of the Experimental Setup

Computing Infrastucture. All experiments were
run on a single NVIDIA GeForce RTX 3090 GPU;
training one BAD-X BA or multilingal LA for
50,000 iterations took around 24 hours (MAD-X

LA for 25,000 steps took around 12 hours). Train-
ing of any TA took less than two hours. Evaluation
is performed within the AdapterHub framework
(Pfeiffer et al., 2020a).

Hyperparameters. All hyperparameters were
taken from (Pfeiffer et al., 2020b), as discussed
in the main paper, and no hyperparameter search
was done. All reported results except those in table
2 are from a single run.

B Languages

The list of languages in each task along with their
language codes is provided in Table 3.

C BAD-X: Full results

Full results on all languages for MAD-X and all
BAD-X variants are given in Tables 4, 5 and 6 for
POS, DP and NLI, respectively.
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Tasks Languages

POS, DP
Afrikaans Bambara Basque Erzya Komi-Zyryan Maltese Marathi Telugu Uyghur Wolof

AF BM EU MYV KPV MT MR TE UG WO

Treebank AfriBooms CRB BDT JR Lattice MUDT UFAL MTG UDT WTB

NLI
Asháninka Aymara Bribri Guarani Náhuatl Otomí Quechua Rarámuri Shipibo-Konibo Wixarika

CNI AYM BZD GN NAH OTO QUY TAR SHP HCH

Table 3: Lists of tasks with all of the languages.

Method AF BM EU MYV KPV MT MR TE UG WO avg

MAD-X 86.97/85.43 45.92/41.61 70.68/58.90 72.92/66.84 57.18/47.63 74.12/69.94 57.58/52.65 79.81/75.27 60.26/47.07 68.00/61.78 67.34/60.71
BAD-X 1:2 87.09/85.53 48.40/43.91 72.03/60.88 75.55/69.49 57.88/48.43 72.79/68.40 59.45/54.31 81.33/76.63 63.86/46.53 71.78/65.74 69.02/61.98
BAD-X 1:1 86.68/84.94 47.05/42.40 71.16/59.48 74.52/68.11 59.67/50.26 73.54/69.40 57.64/52.35 80.40/75.63 62.86/46.67 70.48/64.50 68.40/61.37
BAD-X 2:1 87.01/85.26 45.59/40.96 71.58/60.19 75.37/69.28 58.22/49.41 73.85/70.21 59.33/54.24 80.28/75.56 62.67/46.99 71.92/65.99 68.58/61.81
BAD-X 5:1 86.98/85.44 48.67/44.35 70.75/59.76 75.98/69.59 57.68/48.52 71.62/67.66 58.81/54.21 79.28/74.58 58.39/43.45 70.30/64.55 67.85/61.21

Table 4: Results of MAD-X and all BAD-X variants on POS. Scores are accuracy/F1. The last column is the average
score over all languages.

Method AF BM EU MYV KPV MT MR TE UG WO avg

MAD-X 66.64/54.50 35.19/12.17 54.71/32.06 55.18/33.64 43.74/23.01 60.74/44.16 46.08/27.49 63.77/48.54 33.74/15.13 46.04/24.84 50.58/31.55
BAD-X 1:2 67.83/55.42 37.70/15.10 53.88/31.84 58.46/38.07 44.20/22.95 61.79/43.29 48.71/30.53 68.93/52.58 33.03/14.94 51.72/30.77 52.62/33.55
BAD-X 1:1 68.02/55.75 37.20/14.47 55.42/33.30 58.61/37.74 44.34/25.81 61.87/42.45 48.01/29.19 68.69/51.51 35.07/15.11 54.82/33.93 53.20/33.93
BAD-X 2:1 67.81/55.70 36.35/14.11 54.78/33.40 58.78/37.58 43.04/22.81 63.18/43.68 49.88/30.40 66.90/49.98 34.31/14.40 55.66/33.69 53.07/33.58
BAD-X 5:1 68.03/56.03 36.56/14.40 53.65/31.84 62.03/42.22 45.86/24.67 62.68/42.28 49.52/30.40 66.65/48.54 35.74/14.31 57.08/36.78 53.78/34.15

Table 5: Results of MAD-X and all BAD-X variants on DP. Scores are UAS/LAS. The last column is the average
score over all languages.

Method CNI AYM BZD GN NAH OTO QUY TAR SHP HCH avg

MAD-X 42.53 46.67 44.53 54.53 47.56 41.18 49.47 37.87 41.73 38.40 44.45
BAD-X 1:2 45.60 52.13 45.47 56.93 45.53 45.05 54.13 39.07 47.20 45.47 47.66
BAD-X 1:1 48.13 47.33 44.93 58.00 48.24 41.44 49.33 38.93 47.07 45.07 46.85
BAD-X 2:1 46.27 50.27 46.13 51.47 48.10 40.51 53.20 37.60 48.13 43.60 46.53
BAD-X 5:1 43.20 52.13 45.73 56.27 46.75 43.18 55.73 37.47 50.40 42.53 47.34

Table 6: Results of MAD-X and all BAD-X variants on NLI. Scores are accuracy. The last column is the average
score over all languages.
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Abstract

Parody is a figurative device used for mimick-
ing entities for comedic or critical purposes.
Parody is intentionally humorous and often
involves sarcasm. This paper explores jointly
modelling these figurative tropes with the goal
of improving performance of political parody
detection in tweets. To this end, we present a
multi-encoder model that combines three paral-
lel encoders to enrich parody-specific represen-
tations with humor and sarcasm information.
Experiments on a publicly available data set
of political parody tweets demonstrate that our
approach outperforms previous state-of-the-art
methods.1

1 Introduction

Parody is a figurative device which imitates enti-
ties such as politicians and celebrities by copying
their particular style or a situation where the en-
tity was involved (Rose, 1993). It is an intrinsic
part of social media as a relatively new comedic
form (Vis, 2013). A very popular type of parody
is political parody, which is used to express politi-
cal opposition and civic engagement (Davis et al.,
2018).

One of the hallmarks of parody expression is the
deployment of other figurative devices, such as hu-
mor and sarcasm, as emphasized on studies of par-
ody in linguistics (Haiman et al., 1998; Highfield,
2016). For example, in Table 1 the text expresses
sarcasm about Myspace2 being a ‘winning tech-
nology’, while mocking the fact that three more
popular social media sites were unavailable. This
example also highlights the similarities between
parody and real tweets, which may pose issues to
misinformation classification systems (Mu and Ale-
tras, 2020).

1Code is available here https://github.
com/iamoscar1/Multi_Encoder_Model_for_
Political_Parody_Prediction

2https://myspace.com

Twitter
Handle @Queen_UK

Parody
tweet

Boris Johnson on the phone. Very
smug that #myspace hasn’t gone
down. Says he’s always backed
winning technologies #whatsappdown

#instagramdown #FacebookIsDown

Table 1: Example of a parody tweet3 by the Twitter han-
dle @Queen_UK. Humor and sarcasm are expressed
simultaneously.

These figurative devices have so far been stud-
ied in isolation to parody. Previous work on mod-
eling humor in computational linguistics has fo-
cused on identifying jokes, i.e., short comedic
passages that end with a hilarious line (Hetzron,
1991), based on linguistic features (Taylor and Ma-
zlack, 2004; Purandare and Litman, 2006; Kid-
don and Brun, 2011) and deep learning techniques
(Chen and Soo, 2018; Weller and Seppi, 2019; An-
namoradnejad and Zoghi, 2020). Similarly, compu-
tational approaches for modeling sarcasm (i.e., a
form of verbal irony used to mock or convey con-
tent) in texts have been explored (Davidov et al.,
2010; González-Ibáñez et al., 2011; Liebrecht et al.,
2013; Rajadesingan et al., 2015; Ghosh et al., 2020,
2021), including multi-modal utterances, i.e. texts,
images, and videos (Cai et al., 2019; Castro et al.,
2019; Oprea and Magdy, 2020). Recently, parody
has been studied with natural language processing
(NLP) methods by Maronikolakis et al. (2020) who
introduced a data set of political parody accounts.
Their method for automatic recognition of posts
shared by political parody accounts on Twitter is
solely based on vanilla transformer models.

In this paper, we hypothesize that humor and
sarcasm information could guide parody specific
text encoders towards detecting nuances of figu-

3https://twitter.com/Queen_UK/status/
1445103605355323393?t=FGMNsMVFF_
G2tABYxFmkFw&s=07
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Figure 1: The structure of our multi-encoder model for
combining humor and sarcasm information for political
parody prediction.

rative language. For this purpose, we propose a
multi-encoder model (§2) consisting of three paral-
lel encoders that are subsequently fused for parody
classification. The first encoder learns parody spe-
cific information subsequently enhanced using the
representations learned by a humor and sarcasm
encoder respectively.

Our contributions are: (1) new state-of-the-art
results on political parody detection in Twitter, con-
sistently improving predictive performance over
previous work by Maronikolakis et al. (2020); and
(2) insights on the limitations of neural models
in capturing various linguistic characteristics of
parody from extensive qualitative and quantitative
analyses.

2 Multi-Encoder Model for Political
Parody Prediction

Maronikolakis et al. (2020) define political parody
prediction as a binary classification task where a
social media post T , consisting of a sequence of to-
kens T = {t1, ..., tn}, is classified as real or parody.
Real posts have been authored by actual politicians
(e.g., realDonaldTrump) while parody posts
come from their corresponding parody accounts
(e.g., realDonaldTrFan).

Parody tends to express complex tangled seman-
tics of both humor and sarcasm simultaneously
(Haiman et al., 1998; Highfield, 2016). To better
exploit this characteristic of parody, we propose a
multi-encoder model that consists of three paral-
lel encoders, a feature-fusion layer and a parody
classification layer depicted in Fig.1.4.

4Early experiments with multi-task learning did not result
in improved performance. The results of these experiments
can be found in Appendix A.

Figure 2: Humor Encoder.

Figure 3: Sarcasm Encoder.

2.1 Text Encoders

Parody As a task-specific parody encoder, we
use the vanilla pretrained BERTweet (Nguyen et al.,
2020), a BERT (Devlin et al., 2019) based model
pre-trained on a corpus of English Tweets and fine-
tuned on the parody data set (§3.1).

Humor To capture humor specific characteris-
tics in social media text, we use the data set in-
troduced by Annamoradnejad and Zoghi (2020)
which contains humorous and non-humorous short
texts collected from Reddit and Huffington Post.
First, we adapt BERTweet using domain-adaptive
pre-training (Sun et al., 2020a; Gururangan et al.,
2020) on 10,000 randomly selected humor-only
short texts with masked language modeling. Sub-
sequently, we use a continual learning strategy (Li
and Hoiem, 2018; Sun et al., 2020b) to gradu-
ally learn humor-specific properties by further fine-
tuning BERTweet on a humor classification task
(i.e., predicting whether a text is humorous or not)
by using 40,000 randomly selected humorous and
non-humorous short texts from the humor corpus
described above (see Figure 2).

Sarcasm Similar to humor, we extract sarcasm-
related semantic information from a post T by us-
ing sarcasm annotated data sets from Oprea and
Magdy (2020) and Rajadesingan et al. (2015). The
first data set consists of 777 and 3,707 sarcasm and
non-sarcasm posts from Twitter and the second data
set consists of 9,104 sarcasm and more than 90,000
non-sarcasm posts from Twitter. We first perform
domain-adaptive pre-training of BERTweet on all
sarcastic posts with masked language modeling.
Then, we fine-tune the model on a sarcasm clas-
sification task, similar to the humor encoder (see
Figure 3). For the fine-tuning step, we use the 9,881
sarcastic tweets and 10,000 randomly sampled non-
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sarcasm tweets from the two data sets (i.e., 3,707
from the first and 6,293 from the second).

We compute parody f t, humor fh, and sarcasm
fs representations by extracting the ‘classification’
[CLS] token from each encoder respectively, where
f ∈ R768.

2.2 Combining Encoders

We explore three approaches to combine f t, fh,
and fs representations.

Concatenation First, the three text representa-
tions are simply concatenated to form a combined
representation f ∈ R768×3.

Self-Attention We also use a 4-head self-
attention5 mechanism (Vaswani et al., 2017) on
f t, fh, fs. The goal is to find correlations between
representations and learn the contribution of each
encoder in the final representation.

Max-Pooling Finally, we perform a max-pooling
operation on each dimension of f t, fh, f s to obtain
a representation f ∈ R768. The aim is to use the
most dominant features learned by each encoder.

2.3 Classification

Finally, we pass the combined representation f
to a classification layer with a sigmoid activation
function for predicting whether a post is a parody or
not. Three encoders are fine-tuned simultaneously
on the parody data set (§3.1).6

3 Experimental Setup

3.1 Data

We use the data set introduced by Maronikolakis
et al. (2020) which contains 131,666 tweets writ-
ten in English, with 65,956 tweets from political
parody accounts and 65,710 tweets posted by real
politician accounts. The data set is publicly avail-
able7 and allows us to compare our results to state-
of-the-art parody detection methods.

We use the three data splits provided: (i) Person
Split, each split (train, dev, test) contains tweets
from different real – parody account pairs; (ii) Gen-
der Split, two different splits based on the gender

5Early experimentation with larger attention heads did not
improve results in the dev set.

6Early experimentation with humor and sarcasm encoders
frozen during the fine-tuning process did not show any perfor-
mance improvement.

7https://archive.org/details/parody_
data_acl20

of the politicians (i.e., female accounts in train/dev
and male in test, and male accounts in train/dev
and female in test); Location Split, data is split ac-
cording to the location of the politicians in three
groups (US, UK, Rest of the World or RoW). Each
group is assigned to the test set and the other two
groups to the train and dev sets.

3.2 Baselines

We compare our multi-encoder models with trans-
formers for parody detection (Maronikolakis et al.,
2020): BERT (Devlin et al., 2019) and RoBERTa
(Liu et al., 2019). Also, we compare our models to
BERTweet (Nguyen et al., 2020).

3.3 Implementation details

Humor Encoder For adaptive pre-training, the
batch-size is set to 16 and the number of training
epochs is set to 3 with a learning rate of 2e−5. For
humor classification, we use batch size of 128 and
the number of epochs is set to 2 with a learning
rate of 3e−5.

Sarcasm Encoder We pretrain using a batch-size
of 16 over 5 epochs with a learning rate of 2e−5.
For fine-tuning on a sarcasm classification task,
we use the 9, 881 sarcasm tweets and 10, 000 ran-
domly sampled non-sarcasm tweets from the two
data sets (i.e., 3, 707 from the first and 6, 293 from
the second) using the same hyperparameters to the
humor-specific encoder.

Multi-encoder For the complete multi-encoder
model, we use a batch size of 128 and the learning
rate is set to 2e−5. The entire model is fine-tuned
for 2 epochs.

3.4 Evaluation

We evaluate the performance of all models using
F1 score as Maronikolakis et al. (2020). Results are
obtained over 3 runs using different random seeds
reporting average and standard deviation.

4 Results

4.1 Predictive Performance

Table 2 shows the results for parody detection on
the Person Split. We observe that BERTweet has the
best performance (F1: 90.72) among transformer-
based models (BERT, RoBERTa, BERTweet), out-
performing previous state-of-the-art by Maroniko-
lakis et al. (2020). This is due to the fact that
BERTweet has been specifically pre-trained on
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Person
Model F1

Single-Encoder
BERT∗∗ 87.65± 0.18
RoBERTa∗∗ 89.66± 0.33
BERTweet 90.72± 0.31

Multi-encoder (Ours)
Concatenation 88.99± 0.17
Self-Attention 91.19± 0.31
Max-Pooling 91.05± 0.30

Table 2: F1-scores for parody detection on the Person
Split. ∗∗ Results from Maronikolakis et al. (2020). Best
results are in bold.

Gender
Model M→F F→M

Single-Encoder
BERT∗∗ 85.85± 0.28 84.40± 0.35
RoBERTa∗∗ 87.11± 0.31 84.87± 0.38
BERTweet 88.01± 0.29 85.57± 0.27

Multi-encoder (Ours)
Concatenation 86.84± 0.15 84.21± 0.22
Self-Attention 89.97± 0.34 88.56± 0.39
Max-Pooling 88.39± 0.27 86.89± 0.56

Table 3: F1-scores on the Gender Split. ∗∗ Results from
Maronikolakis et al. (2020). Best results are in bold.

Twitter text. Similar behavior is observed on the
Gender and Location splits (see Table 3 and 4 re-
spectively).

Our proposed multi-encoder achieves the best
performance when using Self-Attention to com-
bine the three parallel encoders (F1: 91.19; 89.97,
88.56; 88.37, 87.91, 87.16; for Person, Gender,
and Location splits respectively). Moreover, it out-
performs the best single-encoder model BERTweet
in the majority of cases which corroborates that
parody detection benefits from combining general
contextual representations with humor and sarcasm
specific information, as humor and sarcasm are im-
portant characteristics of parody (Haiman et al.,
1998; Highfield, 2016). On the other hand, sim-
ply concatenating the three parallel encoders de-
grades the performance across different splits (Per-
son: 88.99; Gender: 86.84, 84.21 Location: 85.41,
84.74, 83.62). This happens because the concatena-
tion operation treats the three encoders as equally
important. While humor and sarcasm are related
to parody, they may not necessarily have the same
relevance as indicators of parody.

Our best performing model (Self-Attention) out-
performs the vanilla BERTweet by 3 F1 points
when trained on female accounts and by almost
2 F1 points when trained on male accounts. We

Location

Model UK+US
→ RoW

RoW+US
→ UK

RoW+UK
→ US

Single-Encoder
BERT∗∗ 86.69± 0.45 83.78± 0.19 83.12± 0.60
RoBERTa∗∗ 87.70± 0.45 85.10± 0.27 85.99± 0.61
BERTweet 88.21± 0.26 87.85± 0.24 87.18± 0.41
Multi-encoder (Ours)
Concatenation 85.41± 0.26 84.74± 0.20 83.62± 0.35
Self-Attention 88.37± 0.28 87.91± 0.19 87.16± 0.37
Max-Pooling 88.25± 0.39 86.49± 0.33 86.54± 0.41

Table 4: F1-scores on the Location Split. ∗∗ Results from
Maronikolakis et al. (2020). Best results are in bold.

speculate that the additional linguistic information
from the two encoders (i.e., sarcasm and humor)
is more beneficial in low data settings. The num-
ber of female politicians is considerably smaller
than males in the data set (see Maronikolakis et al.
(2020) for more details).

4.2 Ablation Study

We also examine the effect of combining parody-
specific representations with humor and sarcasm
information by running an ablation study. We com-
pare performance of four models: using parody rep-
resentations only (P), and combining parody rep-
resentations with humor (P+H), or sarcasm (P+S)
information, as well as with both (P+S+H). The re-
sults of this analysis are depicted in Tables 5, 6 and
7. We observe that both sarcasm and humor con-
tribute to the performance gain, but using both is
more beneficial. Modelling sarcasm leads to more
gains than humor and this could be attributed to the
characteristics of the parody corpus, namely that it
focuses primarily on the political domain, which
have a high sarcastic component (Anderson and
Huntington, 2017).

5 Error Analysis

Finally, we perform an error analysis to examine
the behavior and limitations of our best-performing
model (multi-encoder with Self-Attention).

The next two examples correspond to real tweets
that were misclassified as parody:

(1) Congratulations, <mention>! <url>.

(2) It’s a shame that Boris isn’t here answering
questions from the public this evening.

We speculate that the model misclassified these
tweets as parody because they contain terms that
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Person
Model F1

Single-Encoder
BERTweet (P) 90.72± 0.31

Multi-encoder (Ours)
Concatenation (P+S+H) 88.99± 0.17

Concatenation (P+S) 90.51± 0.26

Concatenation (P+H) 89.98± 0.23

Self-Attention (P+S+H) 91.19± 0.31
Self-Attention (P+S) 91.14± 0.40

Self-Attention (P+H) 90.98± 0.36

Max-Pooling (P+S+H) 91.05± 0.30

Max-Pooling (P+S) 91.06± 0.39

Max-Pooling (P+H) 90.78± 0.42

Table 5: F1-scores for parody detection on the Person
Split with various settings: parody (P) representations
only, and combining parody representations with humor
(P+H), or sarcasm (P+S) information, as well as with
both (P+S+H). Best results are in bold.

Gender
Model M→F F→M

Single-Encoder
BERTweet (P) 88.01± 0.29 85.57± 0.27

Multi-encoder (Ours)
Concatenation (P+S+H) 86.84± 0.15 84.21± 0.22

Concatenation (P+S) 86.93± 0.40 83.70± 0.41

Concatenation (P+H) 86.58± 0.31 83.34± 0.38

Self-Attention (P+S+H) 89.97± 0.34 88.56± 0.39
Self-Attention (P+S) 89.49± 0.37 88.23± 0.44

Self-Attention (P+H) 88.71± 0.42 87.62± 0.50

Max-Pooling (P+S+H) 88.39± 0.27 86.89± 0.56

Max-Pooling (P+S) 88.36± 0.46 86.55± 0.49

Max-Pooling (P+H) 88.14± 0.52 86.53± 0.53

Table 6: F1-scores for parody detection on the Gender
Split with various settings: parody (P) representations
only, and combining parody representations with humor
(P+H), or sarcasm (P+S) information, as well as with
both (P+S+H). Best results are in bold.

are related to sarcastic short texts such as user men-
tions, punctuation marks (!), and negation (isn’t)
(González-Ibáñez et al., 2011; Highfield, 2016).

The following two examples correspond to par-
ody tweets that were misclassified as real:

(3) Hey America, it’s time to use your safe word.

(4) I fully support the Digital Singles Market.

Example (3) is a call-to-action message, while
Example (4) is a statement expressing support for a
particular subject. These statements are written in a
style that is similar to political slogans or campaign
speeches (Fowler et al., 2021) that the model fails

Location

Model UK+US
→ RoW

RoW+US
→ UK

RoW+UK
→ US

Single-Encoder
BERTweet (P) 88.21± 0.26 87.85± 0.24 87.18± 0.41
Multi-encoder (Ours)
Concatenation (P+S+H) 85.41± 0.26 84.74± 0.20 83.62± 0.35

Concatenation (P+S) 85.92± 0.24 85.67± 0.18 84.09± 0.39

Concatenation (P+H) 85.39± 0.29 85.33± 0.26 83.75± 0.44

Self-Attention (P+S+H) 88.37± 0.28 87.91± 0.19 87.16± 0.37

Self-Attention (P+S) 88.24± 0.33 87.88± 0.23 86.47± 0.32

Self-Attention (P+H) 88.13± 0.35 87.05± 0.28 85.36± 0.40

Max-Pooling (P+S+H) 88.25± 0.39 86.49± 0.33 86.54± 0.41

Max-Pooling (P+S) 88.28± 0.42 87.83± 0.39 86.56± 0.36

Max-Pooling (P+H) 88.22± 0.52 86.44± 0.42 85.96± 0.45

Table 7: F1-scores for parody detection on the Location
Split with various settings: parody (P) representations
only, and combining parody representations with humor
(P+H), or sarcasm (P+S) information, as well as with
both (P+S+H). Best results are in bold.

to recognise. As a result, in addition to humor and
sarcasm semantics, the model might be improved
by integrating knowledge from the political domain
such as from political speeches.

6 Conclusion

In this paper, we studied the impact of jointly mod-
elling figurative devices to improve predictive per-
formance of political parody detection in tweets.
Our motivation was based on studies in linguis-
tics which emphasize the humorous and sarcastic
components of parody (Haiman et al., 1998; High-
field, 2016). We presented a method that combines
parallel encoders to capture parody, humor, and sar-
casm specific representations from input sequences,
which outperforms previous state-of-the-art pro-
posed by Maronikolakis et al. (2020).

In the future, we plan to combine information
from other modalities (e.g., images) for improving
parody detection (Sánchez Villegas and Aletras,
2021; Sánchez Villegas et al., 2021).
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Swayamdipta, Kyle Lo, Iz Beltagy, Doug Downey,
and Noah A. Smith. 2020. Don’t stop pretraining:
Adapt language models to domains and tasks. In
Proceedings of the 58th Annual Meeting of the
Association for Computational Linguistics, pages
8342–8360, Online. Association for Computational
Linguistics.

John Haiman et al. 1998. Talk is cheap: Sarcasm, alien-
ation, and the evolution of language. Oxford Univer-
sity Press on Demand.

Robert Hetzron. 1991. On the structure of punchlines.

Tim Highfield. 2016. News via voldemort: Parody ac-
counts in topical discussions on twitter. New Media
Soc., 18(9):2028–2045.

Chloé Kiddon and Yuriy Brun. 2011. That’s what she
said: Double entendre identification. In Proceedings
of the 49th Annual Meeting of the Association for
Computational Linguistics: Human Language Tech-
nologies, pages 89–94, Portland, Oregon, USA. As-
sociation for Computational Linguistics.

Zhizhong Li and Derek Hoiem. 2018. Learning without
forgetting. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 40(12):2935–2947.

Christine Liebrecht, Florian Kunneman, and Antal
van den Bosch. 2013. The perfect solution for de-
tecting sarcasm in tweets #not. In Proceedings of
the 4th Workshop on Computational Approaches to
Subjectivity, Sentiment and Social Media Analysis,
pages 29–37, Atlanta, Georgia. Association for Com-
putational Linguistics.

Yinhan Liu, Myle Ott, Naman Goyal, Jingfei Du, Man-
dar Joshi, Danqi Chen, Omer Levy, Mike Lewis,
Luke Zettlemoyer, and Veselin Stoyanov. 2019.
Roberta: A robustly optimized bert pretraining ap-
proach. arXiv preprint arXiv:1907.11692.

1805

https://doi.org/10.18653/v1/P19-1239
https://doi.org/10.18653/v1/P19-1239
https://doi.org/10.18653/v1/P19-1239
https://doi.org/10.18653/v1/P19-1455
https://doi.org/10.18653/v1/P19-1455
https://doi.org/10.18653/v1/N18-2018
https://doi.org/10.18653/v1/N18-2018
https://aclanthology.org/W10-2914
https://aclanthology.org/W10-2914
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://aclanthology.org/2020.scil-1.10
https://aclanthology.org/2020.scil-1.10
https://aclanthology.org/2020.scil-1.10
https://doi.org/10.18653/v1/2021.eacl-main.171
https://doi.org/10.18653/v1/2021.eacl-main.171
https://aclanthology.org/P11-2102
https://aclanthology.org/P11-2102
https://doi.org/10.18653/v1/2020.acl-main.740
https://doi.org/10.18653/v1/2020.acl-main.740
https://doi.org/10.1177/1461444815576703
https://doi.org/10.1177/1461444815576703
https://aclanthology.org/P11-2016
https://aclanthology.org/P11-2016
https://doi.org/10.1109/TPAMI.2017.2773081
https://doi.org/10.1109/TPAMI.2017.2773081
https://aclanthology.org/W13-1605
https://aclanthology.org/W13-1605


Antonis Maronikolakis, Danae Sánchez Villegas, Daniel
Preotiuc-Pietro, and Nikolaos Aletras. 2020. Analyz-
ing political parody in social media. In Proceedings
of the 58th Annual Meeting of the Association for
Computational Linguistics, pages 4373–4384, On-
line. Association for Computational Linguistics.

Yida Mu and Nikolaos Aletras. 2020. Identifying twit-
ter users who repost unreliable news sources with
linguistic information. PeerJ Computer Science,
6:e325.

Dat Quoc Nguyen, Thanh Vu, and Anh Tuan Nguyen.
2020. BERTweet: A pre-trained language model for
English tweets. In Proceedings of the 2020 Con-
ference on Empirical Methods in Natural Language
Processing: System Demonstrations, pages 9–14, On-
line. Association for Computational Linguistics.

Silviu Oprea and Walid Magdy. 2020. iSarcasm: A
dataset of intended sarcasm. In Proceedings of the
58th Annual Meeting of the Association for Compu-
tational Linguistics, pages 1279–1289, Online. Asso-
ciation for Computational Linguistics.

Amruta Purandare and Diane Litman. 2006. Hu-
mor: Prosody analysis and automatic recognition for
F*R*I*E*N*D*S*. In Proceedings of the 2006 Con-
ference on Empirical Methods in Natural Language
Processing, pages 208–215, Sydney, Australia. Asso-
ciation for Computational Linguistics.

Ashwin Rajadesingan, Reza Zafarani, and Huan Liu.
2015. Sarcasm detection on twitter: A behavioral
modeling approach. Proceedings of the Eighth ACM
International Conference on Web Search and Data
Mining.

Margaret A Rose. 1993. Parody: ancient, modern and
post-modern. Cambridge University Press.

Danae Sánchez Villegas and Nikolaos Aletras. 2021.
Point-of-interest type prediction using text and im-
ages. In Proceedings of the 2021 Conference on
Empirical Methods in Natural Language Processing,
pages 7785–7797, Online and Punta Cana, Domini-
can Republic. Association for Computational Lin-
guistics.

Danae Sánchez Villegas, Saeid Mokaram, and Nikolaos
Aletras. 2021. Analyzing online political advertise-
ments. In Findings of the Association for Computa-
tional Linguistics: ACL-IJCNLP 2021, pages 3669–
3680, Online. Association for Computational Lin-
guistics.

Chi Sun, Xipeng Qiu, Yige Xu, and Xuanjing Huang.
2020a. How to fine-tune bert for text classification?
arXiv:1905.05583.

Yu Sun, Shuohuan Wang, Yukun Li, Shikun Feng, Hao
Tian, Hua Wu, and Haifeng Wang. 2020b. Ernie
2.0: A continual pre-training framework for language
understanding. Proceedings of the AAAI Conference
on Artificial Intelligence, 34(05):8968–8975.

J.M. Taylor and L.J. Mazlack. 2004. Humorous word-
play recognition. 4:3306–3311 vol.4.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob
Uszkoreit, Llion Jones, Aidan N Gomez, Ł ukasz
Kaiser, and Illia Polosukhin. 2017. Attention is all
you need. In Advances in Neural Information Pro-
cessing Systems, volume 30. Curran Associates, Inc.

Farida Vis. 2013. Twitter as a reporting tool for breaking
news: Journalists tweeting the 2011 uk riots. Digit.
J., 1(1):27–47.

Orion Weller and Kevin Seppi. 2019. Humor detection:
A transformer gets the last laugh. In Proceedings of
the 2019 Conference on Empirical Methods in Natu-
ral Language Processing and the 9th International
Joint Conference on Natural Language Processing
(EMNLP-IJCNLP), pages 3621–3625, Hong Kong,
China. Association for Computational Linguistics.

1806

https://doi.org/10.18653/v1/2020.acl-main.403
https://doi.org/10.18653/v1/2020.acl-main.403
https://doi.org/10.18653/v1/2020.emnlp-demos.2
https://doi.org/10.18653/v1/2020.emnlp-demos.2
https://doi.org/10.18653/v1/2020.acl-main.118
https://doi.org/10.18653/v1/2020.acl-main.118
https://aclanthology.org/W06-1625
https://aclanthology.org/W06-1625
https://aclanthology.org/W06-1625
https://aclanthology.org/2021.emnlp-main.614
https://aclanthology.org/2021.emnlp-main.614
https://doi.org/10.18653/v1/2021.findings-acl.321
https://doi.org/10.18653/v1/2021.findings-acl.321
https://doi.org/10.1609/aaai.v34i05.6428
https://doi.org/10.1609/aaai.v34i05.6428
https://doi.org/10.1609/aaai.v34i05.6428
https://doi.org/10.1109/ICSMC.2004.1400851
https://doi.org/10.1109/ICSMC.2004.1400851
https://proceedings.neurips.cc/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf
https://proceedings.neurips.cc/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf
https://doi.org/10.1080/21670811.2012.741316
https://doi.org/10.1080/21670811.2012.741316
https://doi.org/10.18653/v1/D19-1372
https://doi.org/10.18653/v1/D19-1372


A Multitask-Learning

We also tested applying multi-task learning ap-
proaches (Caruana, 1993) to use either sarcasm
prediction (P+S), humor prediction (P+H) or both
(P+S+H) as auxiliary tasks for parody detection.
We utilize BERTweet as the share encoder and inde-
pendent classification layers for parody and humor
or sarcasm. Three sets of weights are applied to
losses from each independent classification layer
and the three layers are stacked. The best results
are chosen and depicted in Table 8, Table 9 and
Table 10.

Person
Model F1

Single-Encoder
BERTweet (P) 90.72± 0.31
Multi-Task
P+S+H 87.46± 0.18

P+S 89.41± 0.31

P+H 87.41± 0.38

Table 8: F1-scores for parody detection on the Person
Split using Multi-task Learning models (P: Parody, S:
Sarcasm, H: Humor). Best results are in bold.

Gender
Model M→F F→M

Single-Encoder
BERTweet (P) 88.01± 0.29 85.57± 0.27

Multi-Task
P+S+H 85.28± 0.29 84.10± 0.37
P+S 88.13± 0.21 86.07± 0.44
P+H 84.53± 0.31 86.07± 0.47

Table 9: F1-scores on the Gender Split using Multi-task
Learning models (P: Parody, S: Sarcasm, H: Humor).
Best results are in bold.

Location

Model UK+US
→ RoW

RoW+US
→ UK

RoW+UK
→ US

Single-Encoder
BERTweet (P) 88.21± 0.26 87.85± 0.24 87.18± 0.41
Multi-Task
P+S+H 86.41± 0.17 86.23± 0.20 85.13± 0.29

P+S 87.74± 0.36 87.26± 0.34 86.67± 0.43

P+H 85.54± 0.38 84.78± 0.47 84.15± 0.56

Table 10: F1-scores on the Location Split using Multi-
task Learning models (P: Parody, S: Sarcasm, H: Hu-
mor). Best results are in bold.

1807



Proceedings of the 2022 Conference of the North American Chapter of the Association for Computational Linguistics:
Human Language Technologies, pages 1808 - 1821

July 10-15, 2022 ©2022 Association for Computational Linguistics

TIE: Topological Information Enhanced Structural Reading
Comprehension on Web Pages

Zihan Zhao, Lu Chen∗, Ruisheng Cao, Hongshen Xu, Xingyu Chen and Kai Yu∗
X-LANCE Lab, Department of Computer Science and Engineering

MoE Key Lab of Artificial Intelligence, AI Institute, Shanghai Jiao Tong University, China
Shanghai Jiao Tong University, Shanghai, China

State Key Laboratory of Media Convergence Production Technology and Systems
zhao_mengxin@sjtu.edu.cn, chenlusz@sjtu.edu.cn

{211314, xuhongshen, galaxychen, kai.yu}@sjtu.edu.cn

Abstract

Recently, the structural reading comprehen-
sion (SRC) task on web pages has attracted
increasing research interests. Although previ-
ous SRC work has leveraged extra informa-
tion such as HTML tags or XPaths, the in-
formative topology of web pages is not ef-
fectively exploited. In this work, we pro-
pose a Topological Information Enhanced
model (TIE), which transforms the token-level
task into a tag-level task by introducing a
two-stage process (i.e. node locating and
answer refining). Based on that, TIE inte-
grates Graph Attention Network (GAT) and
Pre-trained Language Model (PLM) to lever-
age the topological information of both logical
structures and spatial structures. Experimen-
tal results demonstrate that our model outper-
forms strong baselines and achieves state-of-
the-art performances on the web-based SRC
benchmark WebSRC at the time of writing.
The code of TIE will be publicly available at
https://github.com/X-LANCE/TIE.

1 Introduction

With the rapid development of the Internet, web
pages have become the most common and rich
source of information (Dong et al., 2014). There-
fore, the ability to understand the contents of struc-
tured web pages will guarantee a rich and diverse
knowledge source for deep learning systems. Each
web page is mainly rendered from the correspond-
ing HyperText Markup Language (HTML) codes.
In other words, the understanding of a structured
web page can be achieved by the comprehension
of its HTML codes.

One of the commonly used tasks to verify the
model’s ability of comprehension is Question An-
swering (QA). However, previous QA models only
focus on the comprehension of plain texts (Ra-
jpurkar et al., 2016; Yang et al., 2018; Reddy et al.,
2019; Zeng et al., 2020), tables (Pasupat and Liang,

*The corresponding authors are Lu Chen and Kai Yu.

Figure 1: An example of web pages in WebSRC and
its corresponding Document Object Model (DOM) tree
and Node Positional Relation (NPR) graph in WebSRC.
The colored HTML tag in (a) is corresponding to the
bounding box with the same color in (a) and the node
with the same color in (b) and (c).

2015; Chen et al., 2020c, 2021b), or knowledge
bases (KBs) (Berant et al., 2013; Talmor and Be-
rant, 2018). These sources have either no topo-
logical structure or fixed-form structures. On the
contrary, the topological structures of web pages
are complex and flexible, which are less investi-
gated in previous QA works.

Specifically, HTML codes can be viewed as mul-
tiple semantic unit separated by tag tokens (e.g.
<div>, </div>). An HTML tag refers to a pair
of matched start and end tags and all the content
in between, which also corresponds to a part of
the web page (illustrated in Fig. 1 (a)). Therefore,
there are two kinds of topological structures in web
pages: logical structures which contain the hierar-
chical relations and clustering of tags (see Fig. 1
(b)); and spatial structures which contain the rel-
ative positions between different tags in the web
pages (see Fig. 1 (c)). These topological structures
are as important as the semantics of HTML codes
and screenshots.

Although previous works (Chen et al., 2021c; Li
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et al., 2021) have tried to leverage the topological
structures by adopting HTML tags or XPaths as
tokens or position embeddings, only logical struc-
tures are encoded implicitly. However, it is obvious
for humans to identify key-value pairs if two spans
are located in the same row or column, while this
relation may take various forms in the logical struc-
tures of different web pages. Moreover, tables have
extremely simple spatial structures but will be super
complex in terms of logical structures. Therefore,
spatial structures are essential and complementary
to logical structures.

The major obstacle that prevents previous mod-
els to leverage spatial relations is that both the two
kinds of topological structures are organized at the
tag level instead of the token level (Fig. 1 (b) and
(c)). As token-level models, whose computation
and prediction units are the tokens of web pages,
it is extremely hard and anti-natural for them to
encode the topological structures. Moreover, using
token-level models also means that previous works
have to implicitly imply the logical structures to the
models, which may be less effective than explicitly
telling with the help of prior knowledge.

To tackle these problems, we propose
Topological Information Enhanced model (TIE),
a tag-level QA model that operates on the
representations of HTML tags to predict which
tag the answer span belongs to. By switching
from token level to tag level, various structures
of web pages can be explicitly encoded into the
model easily. Specifically, TIE encodes both
the logical and spatial structures using Graph
Attention Network (GAT) (Velickovic et al., 2018)
with the help of two kinds of graphs. The first
kind of graphs is Document Object Model (DOM)
trees which is widely used to represent the logical
structures of HTML codes. Secondly, to encode the
spatial structures, we define the Node Positional
Relation (NPR) graph based on the bounding box
of HTML tags obtained by the browser. Detail
definition can be found in Section 3.2.2.

Moreover, to accomplish the token-level predic-
tion tasks by a tag-level QA model, we further
introduce a two-stage process including node locat-
ing stage and answer refining stage. Specifically, in
the answer refining stage, a traditional token-level
QA model is utilized to extract answer span with
the constraint of the answer node prediction by TIE
in the node locating stage.

Our TIE model is tested on the WebSRC

Figure 2: Illustration of the relations between DOM
trees and HTML codes. The italic tokens "<li> Front
Wheel Drive </li>" are the direct content of node ni

dataset 1 and achieve state-of-the-art (SOTA) per-
formances.

To summarize, our contributions are three folds:

• We propose a tag-level QA model called TIE
with a two-stage inference process: node lo-
cating stage and answer refining stage.

• We utilize GAT to leverage the topological
information of both the logical and spatial
structures with the help of DOM trees and our
newly defined NPR graphs.

• Experimental results on the WebSRC dataset
demonstrate the effectiveness of our model
and its key component.

2 Preliminary

2.1 Task Definition
The Web-based SRC task (Chen et al., 2021c) is
defined as a typical extractive question answering
task based on web pages. Given the user query
q = (q1, q2, · · · , q|q|) and the flattened HTML
code sequence c = (c1, c2, · · · , c|c|) of relevant
web page as inputs , the goal is to predict the start-
ing and ending position of answer span (s, e) in
the HTML codes c where |q|, |c| denote the length
of the question and the HTML code sequence, re-
spectively, and 1 ≤ s ≤ e ≤ |c|. Notice that each
token ci in the flattened HTML codes c can be a
raw text word or tag symbol such as <div> while
the user query q is a word sequence of plain text.

2.2 DOM Trees of HTML codes
The DOM tree is a special tree structure that is
parsed from raw HTML codes by Document Object
Model 2. Each node in the tree denotes a tag closure
in the original HTML code. Specifically, each node
contains a start tag token (e.g. <div>), an end

1https://x-lance.github.io/WebSRC/.
2https://en.wikipedia.org/wiki/

Document_Object_Model
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Figure 3: The two-stage architecture using TIE and
traditional QA model (e.g. MarkupLM)

tag token (e.g. </div>), and all the contents in
between. One DOM node nj is the descendant
of another node ni, iff the contents of node nj is
entirely included in the contents of node ni.

Furthermore, we define the direct contents of
each DOM node (and its corresponding HTML
tag) as all the tokens in its tag closure that are not
contained in any of its children (see Figure 2).

3 TIE

In this section, we will first introduce the architec-
ture of the whole SRC system in Sec.3.1, and then
the two kind of graph we used in Sec. 3.2. Finally,
the structure of Topological Information Enhance
model (TIE) is demonstrated in Sec.3.3.

3.1 Architecture of the Whole SRC System
With the help of DOM trees and NPR graphs, TIE
can efficiently predict in which node the answer is
located. Therefore, we modify the original archi-
tecture of the SRC system into a two-stage archi-
tecture: node locating and answer refining. The
two-stage architecture is illustrated in Figure 3.

In the node locating stage, we first define the
answer node as the deepest node in the DOM tree
which contains the complete answer span. Then,
TIE is utilized to predict the answer node na for the
question q given the flattened HTML codes c and
the corresponding DOM tree Dc and NPR graphs
Gc (see Sec. 3.2). Formally,

TIE(q, c, (Dc,Gc)) = pn,
na = argmax

ni∈VDc
(pni ),

where pni denotes the probability of node ni being
the answer node, and VDc is the node set of Dc.

Then, in the answer refining stage, we use the
predicted answer node as a constraint during the
prediction of the answer span. In more detail, we
first use a QA model (e.g. MarkupLM) to obtain
the start and end probabilities ps, pe among all
the tokens of HTML code sequence c. Then, the
predicted answer span is chosen from the spans
which are contained by the predicted answer node
na. To conclude, provided that the starting and
ending position of predicted answer node na in the
HTML code c is sa, and ea, the second stage can
be formulated as follows:

QA(q, c) = ps,pe

(spred, epred) = argmax
(i,j):sa≤i<j≤ea

(psi + pej)

3.2 Construction of GAT Graphs
Recently, Graph Neural Network (GNN) (Scarselli
et al., 2008) has been widely used in multiple Neu-
ral Language Processing tasks, such as text clas-
sification and generation (Yao et al., 2019; Zhao
et al., 2020), information extraction (Lockard et al.,
2020), dialogue policy optimization (Chen et al.,
2018a,b, 2019, 2020d), dialogue state tracking
(Chen et al., 2020a; Zhu et al., 2020), Chinese pro-
cessing (Gui et al., 2019; Chen et al., 2020b; Lyu
et al., 2021), etc. Graph Attention Network (GAT)
is a special type of GNN that encodes graphs with
attention mechanism. In this work, to leverage both
the logical and spatial structures, we introduce two
kinds of graphs: DOM Trees and NPR graphs.

3.2.1 DOM Trees
The logical relations of HTML codes can be de-
scribed with the assistance of its DOM Tree (see
Sec. 2.2). However, the original tree is extremely
sparse, which often leads to poor communication
efficiency among nodes. To this end, we mod-
ify the structure to enlarge the receptive fields for
each node. Mathematically, the resulting graph
Dc = (VDc , EDc) can be constructed from the orig-
inal sparse form D = (VD, ED),




VD =all nodes in the original DOM tree,
ED ={(ni, nj)|ni is the parent of nj}∪

{(ni, nj)|ni is a child of nj},
into a denser one Dc = (VDc , EDc),



VDc =VD
EDc ={(ni, ni)|ni ∈ VDc}∪

{(ni, nj)|ni is an ancestor of nj}∪
{(ni, nj)|ni is a descendant of nj}
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Figure 4: The overall architecture of TIE

In this way, each node can directly communicate
with all of its ancestors and descendants, so that
the information can be transferred much faster.

3.2.2 NPR Graphs
To explicitly establish the positional relations be-
tween different texts, we define and construct Node
Positional Relation (NPR) graph Gc = (VG, EG)
based on the rendered structured web pages.

Similar to DOM Tree, each NPR node ni corre-
sponds to a tag ti in the HTML code of the web
page. The content of NPR nodes is defined as the
direct content of their corresponding HTML tags.
It is worth noticing that under our definition, the
node sets of the NPR graph and the DOM tree of
the same web page are identical (VG = VD).

Moreover, considering that the nodes with in-
formative relations (such as "key-value" re-
lations and "header-cell" relations) are usu-
ally located on the same row or column, we in-
troduce four kinds of directed edges into NPR
graphs: UP, DOWN, LEFT, and RIGHT. Specifi-
cally, (ni, nj) ∈ EUP

G when





min(xni+wni , xnj + wnj )−max(xni , xnj )

≥ γ ×min(wni , wnj )

yni ≥ ynj or yni + hhi ≥ ynj + hnj
(1)

both hold, where (xni , yni), (xnj , ynj ) are the co-
ordinates of the upper-left corner of the bound-
ing boxes corresponding to the nodes ni and nj ;
wni , wnj are the width of the two bounding boxes

while hni , hnj are the height of the two bounding
boxes; and γ is a hyper-parameter. Similar func-
tions are used for EDOWN

G , ELEFT
G , and ERIGHT

G . Fi-
nally, EG = EUP

G

⋃
EDOWN
G

⋃
ELEFT
G

⋃
ERIGHT
G Fig-

ure 1 (a) and (c) show an example of the NPR graph
and its corresponding HTML code.

To simplify the NPR graphs, we only consider
the nodes whose direct contents contain text tokens.
That means in NPR graphs, the nodes whose direct
contents only contain tag tokens will be isolated
nodes with no relation.

3.3 Design of TIE

The model we proposed, TIE, mainly consists of
four parts: the Context Encoder Module, the
HTML-Based Mean Pooling, the Structure En-
coder Module, and the Classification Layer. The
overall architecture of TIE is shown in Figure 4.

Context Encoder Module. We first utilize Pre-
trained Language Model as our context encoder. It
encodes the contextual information of the HTML
codes and gets the contextual word embeddings
used for node representation initialization. Specif-
ically, we use two PLM in our experiments: H-
PLM (Chen et al., 2021c) + RoBERTa (Liu et al.,
2019) and MarkupLM (Li et al., 2021).

HTML-Based Mean Pooling. In this module,
TIE initializes the node representations based on
the contextual word embedding calculated by Con-
text Encoder. Specifically, for each node, we ini-
tialize its representation as the average embedding
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Type
Training set Dev set
#QA % #QA %

KV 129990 42.3 21798 41.3
Comparison 52893 12.2 9078 17.2

Table 124432 40.5 21950 41.6

Table 1: The statistics of QA pairs from different types
of websites in WebSRC.

of its corresponding tag’s direct contents. Formally,
the representation of node ni is calculated as:

ni = mean
xj∈DC(ni)

(xj) (2)

where DC(ni) means the tokens set of the direct
contents of node ni; xj is the contextual embed-
ding of token xj .

Structure Encoder Module. TIE utilizes GAT
to encode the topological information contained in
DOM trees and NPR graphs. Specifically, for the
i-th attention head of GAT:

Qi =W q,iN ; Ki =W k,iN ; V i =W v,iN

GATi(N) = softmax(
Qi

TKi√
d

+Mi)Vi

m
(i)
jk =

{
0 (nj , nk) ∈ Edge(Gi)
−∞ otherwise

Gi ∈ {Dc,GUPc ,GDOWNc ,GLEFTc ,GRIGHTc }

where N = [ni]d×|N|; d is the dimension of the
node representations ni;W is are the learnable pa-
rameters;M i = [m

(i)
jk ]|N |×|N | is the mask matrix

for the i-th attention head. Finally, the outputs of
all the attention heads are concatenated to form the
node representations for the next GAT layer.

Classification Layers. Finally, we get the embed-
dings of all the nodes from the Structure Encoder
Module and utilize a single linear layer followed
by a Softmax function to calculate each node’s
probability of being the answer node.

4 Experiments

4.1 Dataset
We evaluate our proposed methods on WebSRC
(Chen et al., 2021c). In more detail, the WebSRC
dataset consists of 0.4M question-answer pairs and
6.4K web page segments with complex structures.
For each web page segment, apart from its corre-
sponding HTML codes, the dataset also provides

the bounding box information of each HTML tag
obtained from the rendered web page. Therefore,
we can easily use this information to construct the
NPR graph for each web page segment.

Moreover, WebSRC groups the websites into
three classes: KV, Comparison, and Table. Specif-
ically, KV indicates that the information in the
websites is mainly presented in the form of
"key:value", where key is an attribute name
and value is the corresponding value. Compar-
ison indicates that each web page segment of the
websites contains several entities with the same
set of attributes. Table indicates that the websites
mainly use a table to present information. The
statistics of different types of websites in WebSRC
are shown in Table 1.

We submit our models to the official of WebSRC
for testing.

4.2 Metrics
To keep consistent with previous studies, we adopt
the following three metrics: (1) Exact Match (EM),
which measures whether the predicted answer span
is exactly the same as the golden answer span. (2)
Token level F1 score (F1), which measures the
token level overlap of the predicted answer span
and the golden answer span. (3) Path Overlap
Score (POS), which measures the overlap of the
path from the root tag (<HTML>) to the deepest tag
that contains the complete predicted answer span
and that contains the complete golden answer span.
Formally, the POS is calculated as follows:

POS =
|Ppred

⋂
Pgt|

|Ppred
⋃
Pgt|
× 100% (3)

where Ppred and Pgt are the set of tags that on the
path from the root (<HTML>) tag to the deepest tag
that contains the complete predicted answer span
or the ground truth answer span, respectively.

4.3 Baselines & Setup
We leverage the three models introduced in Chen
et al. (2021c) and MarkupLM (Li et al., 2021) as
our baselines. Specifically, T-PLM converts the
HTML codes into plain text by simply removing all
the HTML tags, while H-PLM treats HTML tags as
special tokens and uses the origin HTML code se-
quences as input. Then, both of them utilize PLMs
to generate the predicted answer span. To lever-
age visual information, V-PLM concatenates token
embeddings resulting from H-PLM with visual em-
beddings and then feeds the results into multiple
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Method
Dev Test

EM↑ F1↑ POS↑ EM↑ F1↑ POS↑
B

A
SE

T-PLM(BERT) (Chen et al., 2021c) 52.12 61.57 79.74 39.28 49.49 67.68
H-PLM(BERT) (Chen et al., 2021c) 61.51 67.04 82.97 52.61 59.88 76.13
V-PLM(BERT) (Chen et al., 2021c) 62.07 66.66 83.64 52.84 60.80 76.39

MarkupLM (Li et al., 2021) 68.39 74.47 87.93 - - -
MarkupLM∗ 68.99 74.55 88.40 60.43 67.05 80.55
TIEMarkupLM 76.83 82.77 90.90 71.86 75.91 85.74

L
A

R
G

E

T-PLM(Electra) (Chen et al., 2021c) 61.67 69.85 84.15 56.32 72.35 79.18
H-PLM(Electra) (Chen et al., 2021c) 70.12 74.14 86.33 66.29 72.71 83.17
V-PLM(Electra) (Chen et al., 2021c) 73.22 76.16 87.06 68.07 75.25 84.96

MarkupLM (Li et al., 2021) 74.43 80.54 90.15 - - -
H-PLM(RoBERTa)∗ 70.90 75.15 87.16 67.76 74.61 86.29
TIEH-PLM(RoBERTa) 75.57 79.38 88.29 69.65 74.78 85.72

MarkupLM∗† 73.38 79.83 89.93 69.09 76.45 87.24
TIE†MarkupLM 81.66 86.24 92.29 75.87 80.19 89.73

Table 2: The results of our proposed method on WebSRC. EM denotes the exact match scores; F1 denotes the token
level F1 scores; POS denotes the path overlap scores. We submit the models to the official of WebSRC for testing. *
denotes reproduction results. †denotes average results of 3 random seeds.

self-attention blocks before generating predictions.
Faster R-CNN is utilized to extract visual embed-
dings from screenshots of the corresponding web
pages. On the other hand, MarkupLM leverages
XPaths to encode the logical position of each token
and use it as an additional position embedding.

In our experiments, we use 3 GAT blocks
as the Structure Encoder Module of TIE. H-
PLM(RoBERTa) and MarkupLM are leveraged as
context encoders. The implementation of TIE is
based on the official code provided by WebSRC 3

and MarkupLM 4. We set the hyperparameter γ
in Eq.1 to be 0.5. Finally, the models used in the
answer refining stage are of the same architecture
as the context encoder models of TIE while individ-
ually trained on WebSRC. For more setup details,
please refer to Appendix. A

4.4 Main Results
The experimental results on the development set
and the test set are shown in Table 2. Specifically,
the performances of TIE in the following sections
refer to the performances of the proposed two-stage
system, and the subscript of TIE refer to both the
context-encoder for TIE and the QA model used in
answer refining stage.

3https://github.com/X-LANCE/
WebSRC-Baseline

4https://github.com/microsoft/unilm/
tree/master/markuplm

|S0| |S1| |S0| : |S1|
MarkupLM 873 692 1.26:1
TIEMarkupLM 944 314 3.1:1

Table 3: The statistics of samples on Compare websites
in the development set with wrong predictions. S0 is
the set of examples with 0 F1 scores. S1 is the set of
examples with F1 scores between 0 and 1. The numbers
are average results of 3 random seeds.

From the results, we can find out that our
TIE consistently achieves better results compared
with the corresponding baselines. Specifically,
TIEMarkupLM significantly outperforms the previ-
ous SOTA results, MarkupLM, by 6.78% EM,
3.74% F1, and 2.49% POS on the test set. More-
over, it is worth noticing that the performance of
TIEMarkupLM-BASE is even higher than the perfor-
mance of the MarkupLM-LARGE model (76.83%
v.s. 73.38% EM on the development set and
71.86% v.s. 69.09% EM on the test set). These
results strongly demonstrate that TIE can effec-
tively model the topological information of the
semi-structured web pages with the help of its struc-
ture encoder.

Furthermore, we compare the performances of
TIEMarkupLM and MarkupLM on different types of
websites. The results are shown in Figure 5. From
the figure, we find that our method achieves signifi-
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Figure 5: The performance comparison on different types of websites of the development set.

cant improvements on the websites of type Table
(+20.30% EM, +17.48% F1, +7.43% POS) while
suffering slight performance drops on the websites
of type KV. We hypothesize the reason is that topo-
logical structures are less important in the websites
of type KV, so that stronger contextual encoding
abilities will lead to better results. More analysis
can be found in Sec. 4.5.

We also notice that the improvements of F1 are
less considerable compared with those of EM on
the websites of type Compare (+10.27% EM v.s.
+0.71% F1). The reason lies in the cascading error
of our two-stage process. Specifically, in the node
locating stage, the model may generate a wrong
prediction which is not one of the ancestors of the
answer node. In this case, as the answer span is not
contained in the predicted node, the final F1 score
is highly likely to be zero. Detailed calculations,
see Table 3, strongly support our analysis.

4.5 Case Study

In Fig. 6, we compare the answers generated by
TIEMarkupLM and MarkupLM. More examples can
be found in Appendix. B.

Q1 is a typical example of Table websites.
It is obvious that multiple "header-cell"
relations need to be recognized when answer-
ing Q1. Specifically, one should first find
"OlliOlli: Switch Stance (Switch)" from col-
umn "Title" (first "header-cell" relation),
then locate the answer at the crossing cell of
row "OlliOlli: Switch Stance (Switch)" (second
"header-cell" relation) and column "Game
Score" (third "header-cell" relation). With
the help of topological information, TIE can cor-
rectly answer this question. However, MarkupLM
only successfully locates the row and fails to recog-
nize the long range relation between "Game Score"
and "84". Considering that this row can also be

Method EM↑ F1↑ POS↑
TIE†

MarkupLM 81.66 86.24 92.29
-w/o DOM† 81.05(-0.61) 85.42(-0.82) 91.62(-0.67)
-w/ ORD 72.20(-9.46) 77.80(-8.44) 89.39(-1.90)

-w/o NPR 72.62(-9.02) 77.74(-8.50) 89.25(-3.04)
-w/o Hori 79.65(-2.01) 84.20(-2.04) 91.90(-0.39)
-w/o Vert 71.66(-10.00) 77.28(-8.96) 88.98(-3.31)

Table 4: The ablation study of TIEMarkupLM on the de-
velopment set of WebSRC. †denotes average results of
3 random seeds.

identified by string matching, this example strongly
demonstrate that TIE is much stronger in terms of
long range topological relation encoding.

Q2 is a typical example of KV websites. The
topological structures of this web page are far less
complex. To answer Q2, the most important step
is to discover the semantic similarity among "Ac-
tion", "Fantasy", and "Sci-Fi" and then group them
together. In this case, the contextual distances of
these words will be extremely helpful. Therefore,
MarkupLM is able to generate the correct predic-
tion. However, as TIE focuses on the comprehen-
sion of node structures where sequencing order and
semantics are less valuable, TIE fails to group the
three nodes.

4.6 Ablation Study

To further investigate the contributions of key com-
ponents, we make the following variants of TIE:
(1)"w/o DOM" means only using NPR graphs
without the DOM trees. (2)"w/ ORD" means using
original sparse DOM trees instead of the denser ver-
sion introduced in Sec.3.3. (3)"w/o NPR" means
only using the densified DOM trees without the
NPR graphs. (4)"w/o Hori" removes LEFT and
RIGHT relations in NPR graph. (5)"w/o Vert"
removes UP and DOWN relations in NPR graph.

The results are shown in Table 4, from which we
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Figure 6: Examples of the results in the development set.

have several observations and analysis:
First, we investigate the contribution of DOM

trees. The performance of "w/o DOM" drops
slightly compared with original TIE, which in-
dicates that the contributions of DOM trees are
marginal. That may be because MarkupLM has
leveraged XPaths to encode the logical informa-
tion. Considering that XPaths are defined based on
DOM trees, the information contained in XPaths
and DOM trees may largely overlap. Moreover,
the results of "w/ ORD" show that densifying
the DOM Tree is vitally important, as the original
DOM tree is extremely sparse and will significantly
lower the performance of TIE.

Finally, the NPR graphs have great contributions
as the performance of "w/o NPR" drops signif-
icantly. It is because NPR graphs can help TIE
efficiently model the informative relations such as
key-value and header-cell, as they are of-
ten arranged in the same row or column. More-
over, we further investigate the contribution of
different relations in NPR graphs by "w/o Hori"
and "w/o Vert". Note that, we keep the number
of parameters of TIE unchanged among these ex-
periments, which means no horizontal rela-
tions in NPR graphs will result in more attention
heads assigned to vertical relations. The re-
sults show that, in WebSRC, vertical relations
are much more important than horizontal re-
lations. That is because most of the websites in
WebSRC are constructed row-by-row, which means
that the tags of horizontal relations are often
located near each other in the HTML codes while
those of vertical relations may be located far
apart. Therefore, in most cases, the horizontal
relations are easier to capture in the context en-
coder without the help of NPR graph, while the

vertical relations can hardly achieve that.

5 Related Work

Question Answering (QA) In recent years, a
large number of QA datasets and tasks have been
proposed, ranging from Plain text QA (i.e. MRC)
(Rajpurkar et al., 2016; Joshi et al., 2017; Lai et al.,
2017; Yang et al., 2018; Reddy et al., 2019) to
QA over KB (Berant et al., 2013; Bao et al., 2016;
Yih et al., 2016; Talmor and Berant, 2018; Dubey
et al., 2019), Table QA (Pasupat and Liang, 2015;
Chen et al., 2020c, 2021b), Visual QA (VQA)
(Antol et al., 2015; Wang et al., 2018; Marino
et al., 2019), and others. However, the topolog-
ical information in the textual inputs is either ab-
sent (plain text) or simple and explicitly provided
(KB/tables). The QA task based on semi-structured
HTML codes with implicit and flexible topology is
under-researched.

Among these tasks, Table QA is the most similar
to the Web-based SRC task, as there are many ta-
bles in the WebSRC dataset. To solve the problem,
Krichene et al. (2021) first selects candidate answer
cells according to cell embeddings from the whole
table and then finds the accurate answer cell from
the candidates. Their method enables the model to
handle larger tables at little cost. On the other hand,
Glass et al. (2021) introduces row and column inter-
actions into their models and determines the final
answers based on the top-ranked relevant rows and
columns. In addition, Text-to-SQL is another group
of methods to tackle Table QA problems and has
been widely studied recently (Yu et al., 2018; Bo-
gin et al., 2019; Wang et al., 2020; Cao et al., 2021;
Chen et al., 2021d,e; Hui et al., 2022). They use
databases to store the source tables and translate
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natural language queries into Structured Query Lan-
guage (SQL) to retrieve answers from the databases.
It is worth noticing that these methods are highly
coupled with the data format and requires simple
and neat structures. Therefore, their methods are
not suitable for Web-based SRC tasks.

Web Question Answering Recent works which
mentioned Web Question Answering mainly fo-
cus on the post-processing of the plain texts (Su
et al., 2019; Shou et al., 2020) or tables (Zhang
et al., 2020) resulting from the searching engine.
Moreover, Chen et al. (2021a) has tried to answer
fixed-form questions based on raw HTML codes
with the help of Domain-Specific Language (DSL).
Apart from the above works, Chen et al. (2021c)
proposed a QA task called Web-Based SRC which
is targeted at the comprehension of the structured
web pages using raw HTML codes. The method
they proposed is to treat the HTML tags as special
tokens and directly feed the raw flattened HTML
codes into the PLM. They also tried to leverage
screenshots as auxiliary information. Later, Li et al.
(2021) introduced a novel pre-trained model called
MarkupLM specifically for XML-based documents.
They adopted a new kind of position embedding
generated from the XPath of each token to implic-
itly encode the logical information of XML codes.
In this work, we further explicitly introduce the
topological structures to the models with the help
of DOM trees and NPR graphs. A newly designed
tag-level QA model with a two-stage pipeline is
leveraged to take advantage of these graphs.

6 Conclusion & Future Work

In this paper, we proposed a tag-level QA model
called TIE to better understand the topological in-
formation contained in the structured web pages.
Our model explicitly captures two of the most in-
formative topological structures of the web pages,
logical and spatial structures, by DOM trees and
NPR graphs, respectively. With the proposed two-
stage pipeline, we conduct extensive experiments
on the WebSRC dataset. Our TIE successfully
achieves SOTA performances and the contributions
of its key components are validated.

Although our TIE can achieve much high per-
formance compared with traditional QA models
on SRC tasks, more improvements are still needed.
Specifically, as our two-stage system needs a sep-
arated token-level QA model to generate final an-
swer spans, the parameter numbers and computa-

tion consumption will be at least doubled. We have
tried to tackle this problem by sharing parameters
between the context encoder and the token-level
QA model used in the answer refining stage. But
the results are not promising. Therefore, we leave
this problem for future work.
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A Detail Setup

To train the model, we use AdamW (Loshchilov
and Hutter, 2019) with a linear schedule as our op-
timizer. As for the learning rate, we search for the

best learning rate between 1e-6 and 5e-5. Finally,
TIE is trained and evaluated on four Nvidia A10
Graphics Cards with batch size 32 for two epochs.
Moreover, for BASE size models (12 heads in to-
tal), we use DOM Trees to generate the mask ma-
trix for 4 attention heads and each of the 4 NPR
graphs for 2 attention heads. And for LARGE size
models (16 heads in total), we add one more atten-
tion head using each of the 4 NPR graphs.

B Additional Case Study

Figure 7, 8, and 9 shows the typical examples of
the QA pairs in KV, Table, and Compare websites,
respectively.

Through detailed analysis, we found that TIE can
better capture the long-range relations which have
obvious spacial relations, such as header-cell
and entity-attribute (see Fig. 7 Q3, Fig. 8
Q1, and Fig. 9 Q2). On the other hand, as TIE
focuses more on tag-level structure understanding,
its ability to understand token-level semantics may
be weaker, which leads to some of the TIE’s wrong
predictions (see Fig. 7 Q1, Fig. 8 Q2, and Fig. 9
Q3). In addition, TIE has a better awareness of tag
boundaries, which has been proven useful when
answering questions with blurry boundaries (see
Fig. 7 Q2, Q3, and Fig. 9 Q1).
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Figure 7: Examples of the results from KV type websites in the development set.

Figure 8: Examples of the results from Table type websites in the development set.
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Figure 9: Examples of the results from Compare type websites in the development set.
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Abstract

In this paper, we study the task of improving
the cohesion and coherence of long-form text
generated by language models. To this end,
we propose RSTGen, a framework that utilises
Rhetorical Structure Theory (RST), a classical
language theory, to control the discourse struc-
ture, semantics and topics of generated text.
Firstly, we demonstrate our model’s ability to
control structural discourse and semantic fea-
tures of generated text in open generation eval-
uation. Then we experiment on the two chal-
lenging long-form text tasks of argument gen-
eration and story generation. Evaluation using
automated metrics and a metric with high cor-
relation to human evaluation, shows that our
model performs competitively against existing
models, while offering significantly more con-
trols over generated text than alternative meth-
ods.

1 Introduction

Controllable text generation has attracted much at-
tention in recent years. Generating coherent and
cohesive long-form text with controllable attributes
is particularly challenging due to the relatively com-
plex syntactic and semantic structures involved
compared to short-text generation. Long-form text
generation can find applications in automatic argu-
mentation, motivational speech, and opinionated
writing, to name a few.

A popular approach to controllable text genera-
tion is to design prompts, which control high-level
linguistic features (i.e., text style and sentiment) by
prefixing simple context to the input of a language
model. These non-granular methods are often too
coarse to allow different parts of the text to have
diverse or contrasting features. Furthermore, they
tend to focus on a single linguistic feature of text,
meaning that extra frameworks such as Plugand-
Play (Dathathri et al., 2019) are required to control
multiple linguistic features.

To achieve improved content control, researchers
have coupled a content planning module with a
text generation module (Hua and Wang, 2020; Hua
et al., 2021), in which the content planning mod-
ule firstly generates a set of keyphrases and their
corresponding positions in sentences and the gener-
ation module fills in the gaps. To control syntactic
structures of text, recent works have proposed a
neuro-symbolic approach leveraging Dependency
Structure Theory (DST) (Shen et al., 2019; Du
et al., 2020). Enforcing specific structures over
the generated text has been proven to be useful in
increasing coherence and cohesion of short-form
text. However, a relatively large amount of DST
information is required to encode comparatively
short texts. Thus, they are unsuitable for use in
long-form text generation tasks.

Similar to DST, Rhetorical Structure Theory
(RST) (Mann and Thompson, 1988) is a classi-
cal tree-based interpretation of natural language.
Whereas DST is most useful for intra-sentence in-
terpretation, RST is most useful for inter-sentence
interpretation of language. We propose a neurosym-
bolic framework that can imbue an RST under-
standing of text to existing language models. More
specifically, our framework (1) allows more fine-
grained control of syntax, semantics and text struc-
ture; (2) utilises a well-defined rhetorical structure
of language, thus offering better interpretability; (3)
can be directly integrated into existing pre-trained
language models such as GPT-2 (Radford et al.,
2019) and BART (Lewis et al., 2019).

We evaluate our proposed framework on two
tasks: argument generation and story generation.
We show that our proposed framework improves
upon existing content control approaches on au-
tomatic evaluation metrics including BLEU (Pa-
pineni et al., 2002), METEOR (Denkowski and
Lavie, 2014) and generates better text in terms
of grammar and coherence measure. We further
demonstrate our model’s ability to generate text
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with control over syntactic, semantic and discourse
features. Our main contributions can be sum-
marised below:

• We propose a novel framework to imbue the
RST information into pre-trained language
models.

• We develop the first neurosymbolic frame-
work that provides interpretable fine-control
over syntax, semantics, discourse structure,
topical keywords and keyword positions.

• We demonstrate the superiority of our pro-
posed framework over existing planning and
control methods for two long-form text gener-
ation tasks.

2 Related Work

We discuss several lines of research in controllable
text generation.

Prompts For prompt-based control, a context
is prepended to a language model input. The
prepended item is related to the type of desired
output. This method has been used to manipulate
the syntax (Dušek and Jurčíček, 2016; Goyal and
Durrett, 2020) and semantics (Wen et al., 2015;
Chen et al., 2019) of the output. Alternatively, the
prepended item can provide semantic control in
order to cover a given topic (Wang et al., 2019a),
mention specified entities (Fan et al., 2019), display
a certain attribute (Hu et al., 2017; Balakrishnan
et al., 2019), or even exhibit a style of text (Keskar
et al., 2019). These methods suffer from the in-
ability to exert fine-control, that is, a change in any
one of the input prompts will change the whole
generated text. Furthermore, all these works utilise
non-expansive features for their prompts, which
prevents them from making iterative improvements
to existing generated text.

Content Planning Despite the impressive
progress made in many generation tasks, earlier
neural models are known to produce low-quality
content (Wiseman et al., 2017), often with low
relevance, and poor discourse structure (Zhao
et al., 2019). Content-based planning approaches
were added into neural systems to enhance content
relevance (Moryossef et al., 2019; Yao et al.,
2019; Hua and Wang, 2019). Hua et al. (2021)
extended previous content planning approaches
by dividing the content plan into different types

of information; ‘Entities’, ‘Claim’ and ‘Concepts’.
An alternative planning approach focuses on where
the key phrases should be placed in the generated
text in order to improve coherence (Hua and Wang,
2020). The text generator is then conditioned
on the provided key phrases and their respective
positions in text. Similar to our approach, these
methods allow users varying levels of custom
control by manual augmentation of the planning
module output.

Syntactic or Discourse Control Various works
utilised syntactic parse trees with the transformer
structure to gain syntactic control or improve inter-
pretability on short-form text generation tasks (Li
et al., 2020; Nguyen et al., 2020). With a focus on
improving long-form text generation, Ji and Huang
(2021) used a Variational Autoencoder (VAE) struc-
ture to model RST discourse relations between suc-
cessive elementary discourse units (spans of text).

We build upon their approach by using a more
expressive binary tree formalisation of RST. This
formalisation extends the modelling of sequential
elementary discourse units by also modelling nu-
clearity and relationship between non sequential
discourse units.

Extending on previous works, Wang et al.
(2019b) attempted to couple tree structures and
transformers. We instead embed the tree structure
of RST into transformers through constrained at-
tention in a separate RST embedding dimension.

3 Rhetorical Structure Theory

Rhetorical Structure Theory (RST) provides a for-
mal structure for interpreting language based on
relations between parts of text. Each structure is
defined by three sets of features: the binary tree
structuring of Discourse Units (EDU)s, the nucle-
arity between sibling DUs, and the relationship
between sibling DUs. An example RST tree us-
ing the schema provided by (Mann and Thompson,
1988) as shown in Figure 1.

Binary Tree Structuring of Discourse Units
To form a binary discourse tree R from text t, the
text must be successively divided into smaller sub-
sets of text. In this manner, node 0 represents the
full text, with subsequent nodes representing sub-
texts, as in Figure 1. The text at each node is called
a Discourse Unit, while the nodes at the leaves of
the tree are Elementary Discourse Units (EDUs).
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Figure 1: RST example: An example text (top) inter-
preted through RST schema. The text is broken down
into a binary tree with zero-indexed numbered node po-
sitions. Relations exist between the two sibling nodes
of a parent node. Each pair of sibling nodes, have a
coupled nuclearity label. Nodes with no children, are
Elementary Discourse Units (EDUs).

Sibling Nodes − Relations: A parent node is
a non-terminal node which has two child nodes,
referred to as siblings. Each parent nodes’ children,
has a RST relation ri, i ∈ N<20 describing the
syntactic purpose of each child node relative to the
other. In Figure 1, the RST relations are presented
in blue texts.1

Sibling Nodes − Nuclearity: Associated with
each pair of sibling node’s relation is a joint nu-
clearity labelling, nj , j ∈ N<5. This nuclearity ex-
plains the role of each sibling node’s discourse unit
relative to the other sibling node. Each joint nucle-
arity labelling between pair of sibling nodes must
include at least one Nuclei.2

Formally, we define a binary RST Tree R as a
collection of its parent nodes {vr,nl }, where vr,nl is
a parent node at position l, with a RST relation r
and a Nuclearity n between its two children. For
example, vConditional,SN

2 represents node 2 in Fig-
ure 1. We refer to the group of relations in an RST
Tree, R, as Rr. Similarly, the group of Nuclearity
values is referred to as Rn.

4 RSTGen: RST-Dependent Long-form
Text Generator

We propose a long-form text generation approach,
call RSTGen, which provides control over seman-
tics and structure of text, with the aim of improving
coherence and cohesion of the generated text. Co-
herence is concerned with how well constituent

1Table A1 in the Appendix details the 19 possible RST
Relations.

2Table A2 in the Appendix details the 4 possible RST
Nuclearity values.

Figure 2: RSTGen Structure: Our RST controlled
text generation framework can be built upon any pre-
trained language model. We input RST tree struc-
ture information as R, comprising the Nuclearities Rn,
RST Relations Rr and RST node positions Rl, and
key phrase information at EDUs as K, comprising the
key phrases Kw and the RST node positions of the
key phrases, Kl. The discourse structure of the out-
put text y is controlled by Rn and Rl. The syntax of
y is controlled by Rn, Rl and Kl. The semantics is
controlled by Rr and Kw. Our framework creates a
prefix-embedding from the encodings for R and K, af-
ter which text is generated as a continuation.

sentences/chunks follow on from the previous sen-
tence/chunk. This can be interpreted as the topic of
each subsequent sentence/chunk being relevant to
the previous sentence/chunk (Carrell, 1982; Waller,
2015). Cohesion describes the way in which text
is tied together by linguistic devices such as There-
fore..., However..., In addition to (Waller, 2015).
This can be interpreted as how smooth the model
transitions between the types of sentences. With
an RST interpretation, cohesion is loosely related
to the RST relations between different nodes in the
binary tree, while coherence is related to the RST
relations and key phrases at EDUs.

Task formulation Our input consists of (1) an
encoding for a binary RST Tree R, (2) a set of
keyphrases information K that are relevant to the
text. The RST encoding is formed as sets of three
pieces of information for each parent node in the
binary RST Tree. These include Nuclearity Rn,
RST Relation Rr and RST node position Rl. The
keyphrase information contains two pieces of infor-
mation. These are Kw and K l, the key phrases and
the RST node positions of the key phrases. The
model has been trained to work with varying levels
of specification for the context information.

Partial Context Provision In practice, we do
not expect users to provide the full RST Tree
or key phrases since often only a subset of fea-
tures of the context information may be known
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or needed. For example, in Figure 2, the goal is
to produce a text contrasting the innovative abil-
ity of Microsoft and Tesla. A user only needs
to provide partial information, e.g., the keywords,
Kw = [BMW,Tesla, innovation] and the RST
relation, Rr ⊃ [′Contrast′]. Our model will be
able to automatically predict an RST tree following
a conditional sampling method we have designed
in Section 4.3.

While a user will often want to specify the key
phrases themselves, we could also employ auto-
mated methods to create an expanded set. For ex-
ample, existing Planning Modules (Hua and Wang,
2020; Hua et al., 2021) can be used to generate a
set of keywords based on some prior information.

In what follows, we describe our proposed RST-
Gen in more details.

4.1 Tokenisation

While our RST controlled text generation frame-
work can be built upon any pre-trained language
model, we use GPT as an example here. The GPT
Tokeniser is used to tokenise the target text y and
key phrases Kw to a set of word tokens. Two new
tokens are added to the tokeniser: ‘<rst>’ and
‘<kp>’. The former is prepended to the RST tree
R, and the latter is prepended to each key phrase.

4.2 Embedding Layers

Our framework requires three additional embed-
ding layers to facilitate the encoding of the RST
position, RST nuclearity and RST relation informa-
tion presented inRl, Rn andRr. These embedding
layers are designed to produce vectors that match
the size v of hidden vectors in the base model.

We use a RST relation Embedding Matrix Wr ∈
R19×768 to encode Rr as there are 18 possible RST
relations and a pad token, and an RST Nuclearity
Embedding matrix Wn ∈ R4×768 to encode Rn,
which consists of 3 possible nuclearity labels and a
pad token.

To embed RST node position encodings Rl, we
create a novel embedding layer designed to cap-
ture the positional relationships of nodes in a bi-
nary tree, in a space efficient manner. The in-
tent is to explicitly capture the relationship be-
tween a node and its ancestor nodes. Our em-
bedding layer features a non-trainable embedding
matrix Wpe ∈ Rmax_rst_node×tree_depth, a trainable
feed forward layer Wpff ∈ Rtree_depth×768 and
a Gelu activation layer fg(·). In our experiments

max_rst_node = 4094 and max_tree_depth =
12.

The i-th column in the non-trainable embedding
matrix Wpe is a vector representing the position
of node i, in terms of a sequence of Lefts (L) and
Rights (R) required to travel from the root node 0
to node i. Left is encoded as −0.05 and Right as
0.05. For example, the vector at node position 5 in
Wpe in the example RST tree shown in Figure 1 is
encoded as [0.05,−0.05, 0, 0....] with the remain-
ing 0s representing padding values up to the length
max_tree_depth.

It is important to note that in our RST Tree en-
coding R, a parent node vi is labelled with the
relation ri and nuclearity ni connecting its chil-
dren. As such our encodings for a Rr, Rl and Rn

do not include the leaf nodes with no children, but
still represent R. This allows our encodings, for a
Binary RST Tree with N nodes to be sequences of
length dN/2e.

4.3 RST Predictor

We use an RST Predictor to predict the rela-
tion and nuclearity of a child node conditional
on the RST relation, nuclearity and position
of their parent node. For example we pre-
dict the left child node v

ri,nj
2l+1 , by modelling

the following conditional distribution vri,nj2l+1 ∼
p
(
r, n|lparent, rparent, nparent, 1(v2l+1 = left child).

A full RST Tree can be predicted by iteratively
repeating this one-step sampling.

We propose a neural sampler method to estimate
the conditional distribution p(·|·). It is trained on
the RST Trees observed in the training set of the
RST Annotated Dataset introduced in Section 6.
Our neural RST Sampler, depicted in Figure 3,
uses the BART (Lewis et al., 2019) model. The
encoder takes a prompt as input. The decoder is re-
initialised and reduced to two layers. The decoder
takes four inputs: (1) The parent nodes’ relation r;
(2) The parent node’s nuclearity n; (3) The parent
node’s RST position l; (4) A vector b indicating
whether the target node is a left child node or right
child node. This vector b is calculated as the differ-
ence between the node position embeddings for the
parent node and the target child node encodings.

We use the Embedding Layers structures from
our RSTGen model to encode the inputs (1-4) to
the Encoder. The BART decoder contains two clas-
sification heads, to predict relation and nuclearity.

Two approaches can be used to guide our RST
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Figure 3: Neural RST Sampler: Our Neural RST
Sampler can be used to iteratively predict an RST Tree,
conditioned on a prompt which is passed to the Encoder.
The Decoder takes as input the summation of embed-
dings for the parent’ nodes relation r, nuclearity n and
position l. Further we also pass in b which represents
whether the target child node is a left or right child.

predictor to produce more relevant RST Trees.
Firstly, the training set can be limited to a specific
domain, such as argumentative text, to introduce
bias the prediction towards a specific linguistic
style. Secondly, during inference the predictive
distribution can be augmented, to ensure specific
structural properties are achieved. In our experi-
ments, we use this to predict RST Trees with a spe-
cific size. We have extended this to other structural
features such as specifying RST relation frequency,
and position.

4.4 RST-Aware Attention (R.A.A.)

To better encode the RST tree structure in language
model training and to improve the coherence of
text by reducing the occurrence of hallucination
in long-form generated text, we propose a novel
attention scheme, called RST-aware attention. In
particular, to generate a word token at position i,
we create dynamic attention masks mi allowing
the hidden state hi to focus only on structurally
relevant hidden representations hj , j 6= i. The
hidden representation hj is structurally relevant to
hi if hj’s associated RST node is an ancestor of
the RST node associated to hi. The RST-aware
attention is described in Algorithm 1.

In the above process, we need to first detect the
RST node position of the word token to be gener-
ated. We do this in a sequential manner with the
help of an EDU splitter (Wang et al., 2018), which
can detect EDU boundaries in text. At the start of
text generation, we set the initial EDU node posi-
tion as the leftmost leaf node in the RST tree and

Algorithm 1: RST-aware attention
Input : Hidden representations: hi, hj , j 6= i, and

their associated RST nodes vl, vm at
positions l,m respectively.

Output : Updated hidden representation h′
i.

1 for j 6= i do
2 if isParentNode(vl, vm) then
3 mi,j = 1
4 else
5 mi,j = 0
6 end
7 return h′

i ← MaskedAttention(hi, {hj}j 6=i,mi)

then proceed to generate the first token. Afterwards,
we use the EDU splitter to detect whether an EDU
boundary has occurred. If no boundary is detected,
we continue with the generation of the next word
token; otherwise, we infer the next EDU node po-
sition as the second leftmost leaf node in the RST
tree. The above process is repeated until the ‘end
of sequence’ token is generated or until the fi-
nal child EDU node is generated. In practice we
use heuristics to avoid the need to perform an EDU
boundary detection at each generation step.

5 Open Generation Evaluation

We first train a model using our RST annotated
dataset described below. Then we analyse the
model’s ability to control semantic, syntactic and
text structure.

Subreddit % of Training Instances

r/CasualConversation 41.7
r/changemyview 19.1
r/DebateReligion 15.8
r/PoliticalDiscussion 9.62
r/relationship_advice 7.94
Other Subreddits 6.84

Total 965,411 samples

Table 1: Statistics of RST Annotated Dataset: The
majority of our dataset is sourced from 5 subreddits
which exhibit a tendency to produce longer and more
complex texts.

RST Annotated Dataset We use the ConvoKit
API (Chang et al., 2020) to collect a total of over
965k text examples from Reddit to use as the train-
ing set. Table 1 provides a detail regarding the
division of the dataset between different subreddits.
The following subreddits comprise the majority of
our dataset, DebateReligion, RelationshipAdvice,
Politics and ChangeMyView. These subreddits con-
tain many long texts with opinions or persuasive
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Input

Key phrases: “good mouse alternative" and “none"
Text prompt: “It would be"
RST structure: {Relation: r1, Nuclearity: SN, Node position: 0}, {Relation: r2, Nuclearity: NS, Node position: 2}

Input Relations (r1, r2) Generated Text

Attribution, Explanation It would be a good mouse alternative, because none of us are going to be able to see.
Background, Evaluation It would be a good mouse alternative, since none of us have ever seen one.
Background, Condition It would be a good mouse alternative if none of them were good.
Contrast It would be a good mouse alternative, but none of them are as good as a good one.

Table 2: Short Text Semantic control: Examples of text generated by varying the RST relations. Words high-
lighted in red in the generated text indicate the corresponding underlined RST input relations.

style of writing. Further, we choose large samples
from the subreddit CasualConversation to com-
plement the limited range of language present in
the former subreddits. Each sample contains a
reddit post, its RST tree generated using the best
statistical RST parser (Feng and Hirst, 2012) and
keyphrases extracted from the post using the PageR-
ank inspired algorithm, TextRank (Mihalcea and
Tarau, 2004). The keyphrase extraction process is
detailed in Appendix D.

Semantic Control In Table 2 we show the gener-
ated short text conditional on various RST relations.
For all four examples the same key phrases of “a
good mouse alternative" and “none of this" were
passed to the model. Furthermore, we provide the
first three words “It would be" to the decoder as a
text prompt. The text is generated by varying the
RST relations, r1 and r2. We can observe that the
generated text varies depending on the desired RST
relations input to the model.

Structural Discourse Control Here we use a re-
construction style test to evaluate the ability of our
model to include the target relations in the gener-
ated text at the correct position. To do this, we
allow our model to generate text ŷ using the RST
tree T as the conditioning factor. We then use an
RST parser to generate a RST tree T̂ from the gen-
erated text ŷ. For each relation r, we calculate a
recall score as the proportion of nodes with relation
r in T that also occur in T̂ at the same position
l. The results are shown in Figure 4. We include
results for different lengths of text, measured by
elementary discourse units.

We observe that our model achieves strong lev-
els of control for the following relations: Attri-
bution, Background, Condition, Contrast, Elabo-
ration, Joint, Manner-Means, and Temporal. We
believe that the weakened performance on Cause

Figure 4: Structural Discourse Control: RST relation
and position recall scores calculated for each RST rela-
tion from the generated text with its lengths measured
by the number of Elementary Discourse Units in the
range of {4, 8, 12, 16, 20}.

and Comparison is due to their respective similarity
to Attribution and Contrast. We omit topic change
since our datasets contains texts mostly constrained
to a single topic.

Text Length Control By editing the length of
the RST encoding, we gain strong control of the
length of the generated text. Here we fix the key
phrases and vary the length of the RST context (i.e.,
number of EDUs) from 2 to 14 to demonstrate the
increasing length of generated text. Results are
depicted in Figure 5. We believe that our method
provides a more natural way to control text length
when compared to the heuristic methods of fine
tuning text generation hyper-parameters such as
repetition penalty, length penalty and minimum
length.

RST Tree Edit Distance Here we extend the
Tree Edit Distance to RST Trees to evaluate how
well RSTGen is able generate text that adheres to
the RST encoding passed to it. Specifically, we
investigate how well this model performs as the
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Figure 5: Text Length Control: RSTGen exhibits the
ability to implicitly control the length of generated text
by controlling the size of the RST structure provided
as context. In this figure we present the average word
count (left y-axis) and average sentence count (right y-
axis) against the length of the RST encoding passed to
RSTGen.

RST structure becomes increasingly long. For this
experiment, we pass an RST Encoding and a set of
keywords to our model and generate a text y. We
then extract an RST tree from the generated text y
using an RST parser. An edit includes the follow-
ing operations: Changing/Removing the relation or
nuclearity label of the node at position l with cost 1;
Changing the position of a node to it’s sibling node
with cost 1; and Deleting/Inserting a blank node at
position l with cost 3. For a tree of size s we use a
normalising factor of 3×s, the cost of creating the
tree. Our normalising factor does allow distances
over 1. We observe from Figure 6 that generated
text is able to adhere to correct RST structure in
terms of RST node positions relatively well. How-
ever, when considering nuclearity and relation, he
inaccuracy of RST structure grows significantly.

6 Evaluation on Argument Generation
and Story Generation

We evaluate RSTGen for the tasks of argument gen-
eration and story generation. These tasks require
our model to output coherent and cohesive text.

6.1 Experimental Setup

We describe the datasets used for fine-tuning our
model, baseline models and the methods used to
ensure fair comparison. Training detail and hyper-
parameter setting can be found in Appendix C.

Datasets We use two different datasets for argu-
ment generation and story generation, respectively.

Figure 6: Normalised RST Tree Edit Distance: This
figure shows the similarity between the RST structure
of RSTGen output text and the RST encoding passed
as input to RSTGen. We extend Tree Edit Distance
to RST Trees to calculate three metrics based on com-
binations of node position, node nuclearity label and
node relation label: (1) Simple Structure: Tree distance
including only node positions; (2) Complex Structure:
Tree distance including node positions and nuclearity;
(3) Complete Structure: Tree distance including node
position, nuclearity and relation.

CMV Dataset We use the argument generation
dataset first introduced in (Hua et al., 2021).
This dataset contains pairs of claims and counter-
arguments extracted from titles and responses, re-
spectively, from the Reddit ChangeMyView (CMV)
forum. This dataset uses posts dated in 2019, which
prevents overlap with our training set for the RST
Annotated Dataset. The goal of this task is to gen-
erate the counter-argument given the initial claim.
Writing Prompts Dataset We use the Story gener-
ation dataset created by Fan et al. (2018a) and
utilised in (Ji and Huang, 2021). This dataset con-
tains pairs of prompts and stories extracted from
the WritingPrompts subReddit. The prompt is an
introduction to a story that must be extended. We
limit each story to be up to 270 tokens.

Baselines For argument generation, we evaluate
the following baselines:
CTRL. (Keskar et al., 2019) uses text prompts
to control the style of output. The trigger
r/changemyview style output we prepend the text
‘Opinion Title:‘ to the opening statement.
This model is approximately 10 times larger than
RSTGen and we assume that it achieves perfor-
mance gains primarily through its larger size.
PAIR (Planning and Iterative Refinement). Hua
and Wang (2020) devised a two-step generation
process. The first step uses a fine-tuned BERT to
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Model Control Method Grammar ↑ Redundancy ↑ Focus ↑ Structure and Coherence ↑
CTRL Text prompt 0.84 -0.16 -0.12 -0.76
PAIR Keywords + positions 0.79 0.00 -0.02 -0.78
DYPLOC Categorised keywords 0.73 -0.10 -0.03 -0.79

RSTGen RST + PAIR Planner 0.81 -0.03 -0.03 -0.77
RSTGen RST + DYPLOC Planner 0.83 -0.02 -0.04 -0.75
RSTGen RSTpredicted+ PAIR Planner 0.75 -0.05 -0.06 -0.88
RSTGen RSTpredicted+ DYPLOC Planner 0.76 -0.06 -0.05 -0.86

RSTGen w/o R.A.A. RST + PAIR Planner 0.71 -0.04 -0.08 -0.81
RSTGen w/o R.A.A. RST + DYPLOC Planner 0.65 -0.06 -0.09 -0.80

Table 3: Argument Generation Evaluation: the performance of baseline models and our RST frameworks with
different control methods. The shortform R.A.A refers to the RST-aware attention described in Section 4.4.

allocate a position to each pre-defined keyword, in
order to create a template for the text to be gener-
ated. Then a fine-tuned BART model is used to fill
the template.
DYPLOC (Dynamic Planning of Content using
Mixed Language Models). Hua et al. (2021) pro-
posed first categorising the keywords into concepts
and entities. A BERT-based Planner is used to ex-
pand this set of concepts and entities, while another
is used to generate the claim. The claim provides a
brief summary of the extended answer. Four sep-
arate BART Encoders and a BART Decoder are
used to convert the expanded set of concepts and
entities into an argumentative text.

For both PAIR and DYPLOC, we use their gold
standard plan as input to the model, this follows the
headline results given in both papers. In pursuit of
fair testing, we convert the gold standard plans of
PAIR and DYPLOC to two RST encodings. More
concretely, for PAIR, we convert its gold standard
template, consisting of a set of phrases and their
corresponding starting positions in the text to be
generated, into a RST encoding. These phrases be-
come the keyphrases for RSTGen. The RST node
position for each key phrase can be determined
by parsing the true RST structure of the text. For
DYPLOC, first we collect the gold standard set
of concepts/entities and claims, and filter out any
repeated words phrases. Then, the RST node posi-
tion for each word/phrase can be determined in a
similar manner to PAIR.

For Writing Prompts, we compare our proposed
approach with the following models:
DiscoDVT (Ji and Huang, 2021). To the best of our
knowledge it is the only other work that uses RST
to improve the long form text generation ability of
a language model. It has three modules: an RST
planner, an encoder and a decoder. These mod-

ules are combined to form a VAE structure wherein
the RST planner produces a sequence of discrete
hidden vectors representing the sequence of RST
relations between EDUs in their text. Then at each
generation step, sequential hidden vectors are used
to guide the text generation process. For fair com-
parison we do not pass keyphrases to RSTGen.

RSTGen Ablations. We evaluate ablations of RST-
Gen to validate the two significance features of our
proposed RSTGen framework. Firstly, we remove
the RST-Aware Attentions (R.A.A.), after which
we remove RST Nuclearity, then Relation, and fi-
nally node positions.

Metrics We use two sets of metrics. For the
Argument Generation experiments, we use the
GRUEN (Zhu and Bhat, 2020) set of metrics,
which measure four important features of text:
Grammaticality, Non-redundancy, Focus and Struc-
ture/Coherence. A final metric combines these four
features, and has been shown to correlate strongly
with human reviewers. For the Story Generation
experiments, we use BLEU (Papineni et al., 2002)
focusing on the n-gram precision; Distinct-n (Li
et al., 2016), which takes the proportion of distinct
n-grams relative to all generated n-grams, thus pro-
ducing a non-reference-based measure for diver-
sity; the GRUEN Structure and Coherence metric
(G-SC); and MS-Jaccard (Alihosseini et al., 2019)
which uses the Jaccard Index to measure how simi-
lar the distribution of n-grams is between two sets
of text.

6.2 Evaluation Results

This section presents the performance of RSTGen
against baseline models and discusses the perfor-
mance of RSTGen ablations.
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Argument Generation Table 3 shows that our
proposed RSTGen using the DYPLOC Planner per-
forms on par with CTRL in terms of Grammar
despite using only one tenth parameters of CTRL.
It outperforms all the baselines in Structure and
Coherence.

Using automatically predicted RST trees as in-
put, we observe degraded performance of RSTGen
results. We believe that this can be attributed to
our Markovian RST sampling methodology of sam-
pling a child node dependent on its direct parent
node. This may produce RST Trees with unreal-
istic structures. Nevertheless, it still outperforms
CTRL in Redundancy and Focus, implying that the
combination of RST relations, nuclearity and key
phrases provide strong content guidance.

RSTGen without the RST-aware attention
(R.A.A.) experiences a drop in performance across
all metrics, especially Grammar and Focus. During
the generation of longer sequences, using R.A.A.
ensures that the same key phrase or RST informa-
tion does not influence adjacent elementary dis-
course units, leading to more diversity and less rep-
etition in generated text. We posit that the removal
of R.A.A. exacerbates the reduced performance of
RSTGen for longer texts, a trait that was exempli-
fied in Figure 6.

Story Generation Table 4 shows that the R.A.A.
variants of our model perform on par with the base-
line. We observe that the removal of the R.A.A.
causes a significant drop in performance, specifi-
cally Distinct-4, confirming our findings from the
Argument Generation. As the RST relations carries
information on the semantics of text, we observe
that its removal has a significant effect on the sim-
ilarity based metrics of BLEU-1, Distinct-4 and
MS-Jaccard 3.

Model BLEU-1 ↑ Distinct-4 ↑ G-S&C ↑ MS-Jaccard 3 ↑
DiscoDVT 24.10 84.66 -0.73 34.76
RSTGen (no keyphrase) 24.01 84.85 -0.71 34.51
- R.A.A. 23.20 82.12 -0.75 33.21
- RST relation 22.28 81.09 -0.77 33.79
- RST nuclearity 22.29 81.12 -0.77 33.78
- RST positions 22.04 80.91 -0.75 33.73

Table 4: Story Generation Evaluation: Results for
the RSTGen and Baselines on the Writing Prompts
story generation dataset. RSTGen performs competi-
tively with DiscoDVT.

7 Conclusion

We present a novel controlled text generation frame-
work, RSTGen, which uses fine-control over a
Rhetorical Structure Theory based context as a
means to improve the coherence and cohesion of
generated text. We also leverage the structural in-
formation presented by RST to propose an rst aware
attention scheme, ensuring that the model attends
to the correct information during long form gen-
eration. Through investigation of RSTGen’s open
generation text, we showed that our approach can
exhibit a high level of intepretable fine-control over
syntactic, semantic and structural features of text.

8 Ethics Statement

We acknowledge that our proposed model may be
susceptible to learning harmful biases present in
the dataset. In and of itself this has the poten-
tial to harm minorities, marginalised communities
and project stigmas present in society. Further, we
recognise that our efforts to improve coherence,
cohesion and control might be misused to author
offensive or fictitious content. Therefore, we advo-
cate for morally correct and responsible practices
in the case of real-world application.
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A RST Schemas

We list in Table A1 the RST relations and necleus
that our proposed RSTGen framework utlises. We
also provide a schema in Table A2 explaining the
meaning of Nuclearity labels used by RSTGen.

B Argument and Story Generation
Dataset Details

For both the argument generation and story gener-
ation experiments our datasets originate from the
respective paper’s of models in the baseline study.
We do not make any alterations to the datasets,
but instead simply use it as provided. We refer
the reader to and Hua et al. (2021) for the argu-
ment generation dataset (i.e., the CMV dataset)
and Fan et al. (2018b) for further details regard-
ing the story generation dataset (i.e., the Writing
Prompt dataset).

C Reproducibility

Code The code used to train and evalu-
ate our models can be downloaded from
https://github.com/Rilwan-A/RSTGen. As well as
code, the github will contain links to the RST an-
notated versions of the CMV dataset and Writing
Prompts dataset. Access to the full RST Annotated
Reddit dataset can be gained upon request.

Repositories The RSTGen models were ex-
tended from pretrained models in Huggingface’s
Transformers repository (Wolf et al., 2019). RST-
Gen is initialised using the GPT2-base model
with approximately 124M parameters. The neural
RST Predictor was initalised using the BART-base
model. We used Pytorch-Lightning (Falcon et al.,
2019) for all our training scripts.

Hardware For fine-tuning the RSTGen model
on the RST Annotated Dateset, we used 2 GeForce
RTX 3090 (24GB). For the Argument Generation
Tasks and the Story Generation Task, the RSTGen
variants and RST Neural Sampler are fine-tuned
using 1 GeForce RTX 3090 (24GB). All training
was done using mixed Precision (FP16) to improve
memory efficiency.

Fine-tuning For fine-tuning all variations of
RSTGen, we used the Adafactor optimiser with
the following parameter settings: scale parameter
= False, relative step =True, warmup init =True,
learning rate =None, weight decay =0.01. Due to
the high computational expense required, we did

not perform extensive hyper-parameter tuning for
our RSTGen models.

When fine-tuning on the RST Annotated Dataset,
we used an effective batch size of 44 and trained
using an Early Stopping rule allowing for at most
one epoch to pass with no improvement. The max-
imum target sequence length is 270 tokens. The
maximum RST Tree Size is 36 parent nodes. The
maximum Key Phrase sequence size is 64 tokens.
These models take approximately 5 epochs to con-
verge which takes approximately 10 hours.

D Keyphrase Extraction using TextRank

Our second conditioning factor is the phrases that
are important to the generated text. This impor-
tance is determined by the steps listed below:

Noun Chunks and Named Entities Given a text
x, the noun chunks and named entities are extracted
to form a set of sub-phrases [xsp1 , x

sp
2 , ..., x

sp
N ] ∈ x.

Graph Formation Separately, a graph G is
formed from text x by extracting all words wi that
have a Part-Of-Speech tag of either ‘Adjective’,
‘Noun’, ‘Proper Noun’ or ‘VERB’. These words
are lemmatised and form nodes Vi ∈ G.

Edge Creation A weighted edge wij between
nodes Vi, Vj , i 6= j has a weight of 1 if the distance
between the words corresponding to Vi, Vj is less
than some threshold k. In other TextRank imple-
mentations factors such as word length, position
and frequency can be used to scale wij .

Node Scoring The TextRank score S (Vi) of a
node Vi is initialised to a default value. Then Page
Rank’s adapted Eigenvector centrality measure is
used to to calculate the importance of each node
Vi. S (Vi) is iteratively updated using the equation
below, until convergence is reached:

SV (Vi) = (1−d)+


d×

∑

j∈N (i)

wji × S (Vj)∑
k∈N (j)wjk




where d is a damping factor and set to 0.85 as in
(Mihalcea and Tarau, 2004) andN (i) are the set of
indices of the neighbours of Vi.

Keyphrase Scoring Given the set of node scores
S (Vi), the score of a sub-phrase xspn , with L words,
is computed by summing the scores of the words
it contains normalised by its length +1 to favor
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Relation Nuclei Satellite

Attribution the effect the factor which it can be attributed
Background text whose understanding is being facilitated text whose understanding is being facilitated
Cause action/situation factor which resulted in action/situation’s occurrence
Comparison a comparison between two or more subjects/objects NA
Condition action/situation resulting from the occurrence of a conditioning situation conditioning situation
Contrast one alternate the other alternative
Elaboration basic information additional information
Enablement an action/event enabled by a factor the factor
Evaluation a situation an evaluative comment about the situation
Explanation a statement the supporting statement to explain the statement
Joint a list or dis-junction NA
Manner-Means the action (being) performed the manner or means by which the action was performed/achieved
Topic-Comment a statement such as a question, topic or statement a paired statement such as an answer / topic-comment or response
Summary a statement a restatement, that is shorter
Temporal a statement with temporal dependence factor that is depended on
Topic-Change a shift from this topic A to a shift to this topic B
Same-Unit Used to link parts of discourse separated by embedded discourse relation NA
Textual-Organization used to link parts of discourse separated by embedded discourse relation NA
Null Non-classified NA

Table A1: The RST relations Schema: A schema providing an interpretation for the RST relations our framework
utilises. Some of the descriptions are extracted from (Taboada and Mann, 2006) and (Carlson et al., 2003)

Parent Nodes’ Nuclearity Label Relationship between sibling does
Nuclei-Nuclei NN The left sibling’s sub-text is equally as important as the right sibling’s sub-text.
Nuclei-Sattelite NS The left sibling’s sub-text is the important part of the parent node’s text.
Sattelite-Nuclei SN The right sibling’s sub-text is the important part of the parent node’s text.
Null Null Non-classified

Table A2: A RST Nuclearity Schema: A schema providing an interpretation of the RST nuclearity our framework
uses.

longer n-grams. This is shown in the equation
below:

Skp(x
sp
n ) =

∑L
l=1 SV (Vl)

L + 1

Keyphrase candidates are then ranked and redun-
dant candidates filtered out. Two candidate phrases
are considered redundant if they have the same
lemmatised form.

E Argumentation Generation Examples

In this section, we show some example text gener-
ated from RSTGen in comparison to baseline mod-
els, where text with poor coherence is underlined.
We can observe that CTRL generates coherent text
but with a shorten length. Both PAIR and DYPLOC
exhibit some inconsistency in their generated text.
On the contrary, RSTGen generates much longer
text with its inconsistency appearing to be more
subtle.
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CTRL It is important when you’re reading old texts like the Bible to remember that it was
made to be analyzed, which the human race has been doing for a couple of hundred
years by now. If I were to come up to someone and say "How can you believe in a
religion that said all types of animals converged to the Middle East to get on a big
boat to be saved?" the person would respond "I have faith. I don’t need to question
what I have been taught."

PAIR It is important to remember what reading your texts about your Bible and remember
that you’ve made what you analyzed to human race " but remember about your
couple of hundred years ago they were born? I’ve been taught to think religion, but
I’ve been taught to have types of animals I haven’t been in Middle East and I’ve never
been on boat that a saved person to respond to their faith in the US. My question is,
do you really?

DYPLOC I think it’s important to read the Bible as a text, because it’s important to remember
that the Bible was made up and analyzed by the human race for a couple hundred
years. The question is, what is it taught to us? How do we know that a person
responds to their faith? Religion is the type of animal that converges on a big boat
and saves the middle east.

RSTGen It is a lot more likely to be analyzed by the human race than any other book of text,
or even just some couple of important texts that have been written in an attempt to
make sense of what we’ve done for ourselves and our own species. I’m not sure
how you can possibly say this without reading all sorts of different perspectives on
these topics as opposed to being made up about something like "the world" which
has never really been studied at all - it’s only ever happened once. The whole point
of your argument rests on whether people are actually doing anything wrong with
their minds (which isn’t always true). It doesn’t mean they aren’t trying to explain
things beyond thinking through them... but rather why there was no reason to believe
those questions were asked when someone else said ‘why did god exist?’ What if
one person had already read such answers? If another person hadn’t understood
science then wouldn’t he simply put themselves into question every single-made
assumptions?

Table A3: Argument Generation Example Output: We highlight parts of the generated text that correspond
to poor coherence. In this example we notice at least one inconsistency in the output for PAIR and DYPLOC.
However, the inconsistency in the RSTGen appears to be more subtle.
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Abstract

Intent Detection is a crucial component of Dia-
logue Systems wherein the objective is to clas-
sify a user utterance into one of the multiple
pre-defined intents. A pre-requisite for devel-
oping an effective intent identifier is a training
dataset labeled with all possible user intents.
However, even skilled domain experts are often
unable to foresee all possible user intents at de-
sign time and for practical applications, novel
intents may have to be inferred incrementally
on-the-fly from user utterances. Therefore, for
any real-world dialogue system, the number
of intents increases over time and new intents
have to be discovered by analyzing the utter-
ances outside the existing set of intents. In this
paper, our objective is to i) detect known intent
utterances from a large number of unlabeled
utterance samples given a few labeled samples
and ii) discover new unknown intents from the
remaining unlabeled samples. Existing SOTA
approaches address this problem via alternate
representation learning and clustering wherein
pseudo labels are used for updating the repre-
sentations and clustering is used for generating
the pseudo labels. Unlike existing approaches
that rely on epoch-wise cluster alignment, we
propose an end-to-end deep contrastive clus-
tering algorithm that jointly updates model pa-
rameters and cluster centers via supervised and
self-supervised learning and optimally utilizes
both labeled and unlabeled data. Our proposed
approach outperforms competitive baselines on
five public datasets for both settings: (i) where
the number of undiscovered intents is known in
advance, and (ii) where the number of intents is
estimated by an algorithm. We also propose a
human-in-the-loop variant of our approach for
practical deployment which does not require
an estimate of new intents and outperforms the
end-to-end approach.

1 Introduction

Modern dialogue systems (Louvan and Magnini,
2020) are increasingly reliant on intent detection

I1: Activate My Card I2: Card Linking

User-1
U11: How do I link a new card in the app |I2|0.90|Pos
U12: The ATM didnt return my card! | I2|0.10|Pos
U13: The ATM machine ate my card. |I1|0.25|None
U14: What do I do if my card is stolen? | I1|0.9|Neg
U15:  I need to report a stolen card | I2|0.20|Neg
U16: How is the weather today? | I2|0.10|None

User-2
U21: Where do I go to add a new card?|I1|0.30|None
U22: I want to activate my new card. |I1|0.95|None
U23: The ATM sucked my card in. | I2| 0.20|Neg
U24: My card has gone missing. | I1| 0.15 |None
U25: My card was stolen | I2| 0.85|None

U12, U13, U14, U15, 
U16, U21, U23, U24

User utterances for 
Human Review

U12, U13, U14, U15
U21, U23, U24, U16

I3: Card Lost or 
Stolen

I4: Card Swallowed

U16:OOS

Figure 1: An instance of user logs, where the intent
detection model is trained on two known intents, i.e.,
i1 and i2. After manual analysis of user logs a human
reviewer has discovered two new intents i3 and i4 and
assigned utterance u21 to an existing intent, i.e., i2.

to classify a user utterance into one of the multiple
known user intents. Intent detection is typically
modeled as a multi-class classification problem
where labeled data comprising of utterances for
each known intent is manually created by domain
experts. However, most real-world applications
have to cope with evolving user needs and new
functionality is routinely introduced into the dia-
logue system resulting in a continuously increasing
number of intents over time. Even for seasoned do-
main experts estimating future user requirements at
design time is challenging and these often have to
be discovered from recent user logs which contain
information corresponding to past user utterances,
model response (i.e., predicted intent), implicit
(confidence or softmax probability), and explicit
(user clicks on a thumbs up or thumbs down icon)
feedback as shown in Fig 1. The intent detection
model presented in Fig. 1 is trained on two ini-
tial intents (I1, I2) from the banking domain using
labeled data created by domain experts. Filtered
user logs containing implicit and explicit feedback
were shared with domain experts, who, discovered
two new intents (I3, I4) and mapped the filtered
utterances to these new intents. Additionally, ex-
perts also have to identify and discard utterances
that are outside the domain of the dialog system.
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The remaining user logs are the primary source of
evolving user needs and the process of identifying
utterances belonging to “new intents”/“unknown in-
tents” from user logs is referred to as Intent Discov-
ery/Intent Mining (Chatterjee and Sengupta, 2020;
Zhang et al., 2021b). However, manually moni-
toring user logs is not scalable and our objective
in this paper is to present novel SOTA techniques
to perform automated and semi-automated intent
detection and discovery over user logs given only a
few labeled utterances from known intents in addi-
tion to unlabeled utterances from both known and
unknown intents.

Several classical (MacQueen, 1967; Chidananda
Gowda and Krishna, 1978; Ester et al., 1996) and
deep learning (Xie et al., 2016a; Zhang et al.,
2021a) based clustering methods have been used
for intent discovery. Chatterjee and Sengupta
(2020) modeled intent discovery from unlabeled ut-
terances as an unsupervised clustering problem and
proposed a variant of DBSCAN (Ester et al., 1996)
for clustering but do not employ any representa-
tion learning and rely heavily on manual evalua-
tion. Zhang et al. (2021a) use a contrastive learning
(Chen et al., 2020) based unsupervised approach for
joint representation learning and clustering where
performance largely depends on the quality of an
auxiliary target distribution (Xie et al., 2016a). Lin
et al. (2020) and Zhang et al. (2021c) model intent
detection and discovery as a semi-supervised learn-
ing problem where the objective is to detect known
intents and discover new intents given 1) a few la-
beled utterances from known intents along with
2) unlabeled utterances from known and new in-
tents. This is similar to our problem of intent detec-
tion and discovery from user logs. Deep-Aligned
(Zhang et al., 2021c) is the current SOTA approach
for intent detection and discovery alternately per-
forming representation learning and clustering by
utilizing pseudo-labeled data obtained from clus-
tering for representation learning. Deep-Aligned
uses k-means (MacQueen, 1967) as the clustering
algorithm of choice and updates a BERT (Devlin
et al., 2019) backbone’s parameters in the process.
As k-means may assign different cluster ids to the
same set of data points over different iterations the
authors propose an alignment algorithm to align
clusters obtained in consecutive epochs. Thus, an
incorrect cluster alignment over epochs may lead
to a significant drop in clustering accuracy. Addi-
tionally, they make the unrealistic assumption of

a uniform distribution over intents to estimate the
number of intents.

In this paper, we propose a novel end-to-
end Deep Semi-Supervised Contrastive Clustering
(DSSCC-E2E) algorithm for intent detection and
discovery from user logs. DSSCC-E2E is moti-
vated by recent advances in self-supervised (Chen
et al., 2020; Wu et al., 2020; Li et al., 2021) and su-
pervised contrastive learning (Khosla et al., 2020;
Gunel et al., 2021) applied to Computer vision and
natural language processing. We model intent de-
tection and discovery as a form of semi-supervised
contrastive clustering wherein we jointly update
backbone representations and cluster centers by
minimizing the distance between the distribution
over clusters of similar utterances and maximiz-
ing the same for dissimilar utterances via a semi-
supervised variant of supervised contrastive (Sup-
Con) loss(Khosla et al., 2020). For contrastive
learning, we use the contextual augmenter (Ma,
2019) to create pairs of augmentations (positive
pairs/ similar utterances) corresponding to each un-
labeled utterance from known and unknown intents.
For labeled utterances, we use pairs of utterances
with the same intent to create positive pairs. To
improve the accuracy of intent detection, we up-
date representations based on labeled utterances
by minimizing the cross-entropy loss. To avoid
the trivial solution that assigns all utterances to the
same cluster (Hu et al., 2017), similar to Van Gans-
beke et al. (2020); Li et al. (2021) we also add an
entropy term to the loss function which distributes
utterances uniformly across the clusters.

Existing semi-supervised approaches(Lin et al.,
2020; Zhang et al., 2021c) including DSSCC-E2E
and some unsupervised approaches (MacQueen,
1967; Zhang et al., 2021a) for intent discovery re-
quire an estimate of the number of new intents (m)
present in the user logs. Incorrect estimates for m
can lead to noisy clusters (i.e., a cluster which con-
tains utterances from multiple intents), which then
require substantial manual effort to split cleanly.
Unsupervised approaches (Ester et al., 1996; Chat-
terjee and Sengupta, 2020) often lead to a large
number of clusters due to poor semantic utter-
ance representations. For practical deployment,
we propose a human-in-loop variant of DSSCC-
E2E called DSSCC-HIL which does not estimate
m and instead creates multiple dense clusters via
DBSCAN. Domain experts can then merge these
clusters with minimal manual effort such that each
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merged cluster represents an intent.
Our key contributions are: (1) We propose a

novel deep semi-supervised contrastive clustering-
based approach for intent detection and discovery
from user logs. (2) DSSCC-E2E does not require
epoch-wise cluster alignment, is end-to-end train-
able, and fully utilizes both the labeled and un-
labeled utterances for novel intent discovery. (3)
DSSCC-E2E outperforms competitive baselines on
five public datasets in the following settings: (3.1)
Number of intents are known in advance. (3.2)
Number of intents is estimated by an algorithm. (4)
For realistic deployment, we propose a human in
the loop intent detector DSSCC-HIL, which does
not need to estimate the number of new intents. (5)
With minimal manual effort, DSSCC-HIL outper-
forms existing approaches on the intent discovery
task.

2 Related Work

2.1 Self-supervised and Supervised
Representation Learning

Different self-supervised pre-training tasks have
been proposed to pre-train PLMs, such as Masked
language modeling (MLM) (Devlin et al., 2019),
and MAsked Sequence to Sequence pre-training
(MASS)(Song et al., 2019). Reimers and Gurevych
(2019); Gao et al. (2021) fine-tune BERT on a
supervised contrastive learning objective to learn
better sentence embeddings. Zhang et al. (2021a)
use SBERT (Reimers and Gurevych, 2019) as a
PLM to learn clustering friendly representations in
an unsupervised scenario by using instance-level
contrastive representation learning (Chen et al.,
2020) and clustering in a joint-fashion. We pro-
pose a deep semi-supervised contrastive learning
approach for intent detection and discovery where
we jointly update PLM representations and cluster
centers. We leverage the idea of unsupervised con-
trastive clustering (Li et al., 2021) for images to
semi-supervised contrastive clustering of text and
use a modified version of the supervised contrastive
loss function (Khosla et al., 2020) to jointly update
model parameters and cluster centers.

We also compare the proposed approach with
existing unsupervised and semi-supervised ap-
proaches for clustering in Appendix A.1.

3 Problem Description

Consider a set of n known intents with a
few labeled utterances per intent Iknown =

PHASE 2 (Training)

( ut1 , ut2 ) ∈

AUGMENTOR

Labeled Unlabeled

ut ∈

LINEAR LAYER

PLM

SOFTMAX
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PLM
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copy
weights
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Labeled
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Figure 2: Proposed Approach - Deep Semi-Supervised
Contrastive Clustering (DSSCC)

{I1, I2, ..., In} where Ii = {
r⋃

k=1

(uik, yi)}, Dl =
n⋃
i=1

Ii and user logsDuser_logs = {
S⋃
v=1

(uv)} which

contain unlabeled user utterances from both known
and unknown intents. The objective is to de-
tect and discover existing and new/unknown in-
tents from a test set, Dtest given a training set
Dtrain = Dl ∪ Duser_logs (and Dval) which con-
tains utterances from both known and unknown
intents. Dtest = {I ′known ∪ Inew} and Inew =
{In+1, In+2, ..., Im} where m represents the num-
ber of new intents, I = Iknown ∪ Inew and |I| =
n+m represents the total number of known and un-
known intents. I ′known is similar to Iknown except
it only contains the new set of utterances for known
intents from user logs. In a realistic scenario the
number of “new intents” m present in user logs are
not known apriori. We perform experiments in two
scenarios (i) The number of known and new intents
is known in advance and (ii) The number of new
intents has to be inferred from the user logs.

4 Proposed Approach

As shown in Fig. 2, we propose a two-phase algo-
rithm for intent detection and discovery from user
logs. In the first phase of DSSCC, the parameters
of a pre-trained language model (PLM) are up-
dated based on labeled data from known intents. In
the second phase, we perform joint representation
learning and clustering by updating the cluster cen-
ters and PLM parameters via semi-supervised con-
trastive learning. In addition to contrastive learning,
DSSCC also uses labeled utterances to update PLM
representations via cross-entropy loss. Further, the
entropy of the intent distribution is maximized to

1838



AUGMENTOR
ut ∈ B

unlabeled

For labeled utterance, ut: ut1 and ut2 are utterances from the same intent.
For unlabeled utterance, ut: ut1 and ut2 are generated by contextual augmentor. 

labeled

B 
ut 

B' 
ut1  ut2 

Figure 3: Utterance augmentations for semi-supervised
contrastive learning.

.
alleviate the issue of empty clusters, i.e., when all
utterances become part of a single cluster.

In a realistic scenario, the number of unknown
intents m present in user logs is not known in ad-
vance so we use the approach proposed by Zhang
et al. (2021c) to estimate m and use DSSCC-E2E
for intent detection and discovery. The approach
uses a PLM to get utterance representations and
run K-means with a very high value of k = K ′ and
only count clusters with cluster cardinality greater
than |Dtrain|/K ′ to estimate k. However in prac-
tice, we find that even this estimation method is
often incorrect, and in section 4.5, we describe how
we derive DSSCC-HIL from DSSCC-E2E to ad-
dress this problem with a small amount of manual
supervision. We use the Hungarian (Kuhn and Yaw,
1955) algorithm to align clusters with known and
unknown intents and report performance. In the
rest of the paper, we use DSSCC and DSSCC-E2E
interchangeably and use DSSCC-HIL to refer to
the human-in-the-loop variant of our approach.

4.1 Phase-1: Fine-tuning of PLM using
labeled utterances from known intents

To leverage the labeled utterances from known in-
tents for intent detection and discovery, in the first
phase of DSSCC, we use these to update the pa-
rameters of the PLM, as shown in Phase-1 of Fig.
2. We fine-tune the PLM by minimizing the cross-
entropy loss over a batch B of size N consisting of
labeled utterances from known intents, as shown in
Eq. 1 and 2.

p(Iknown | ut) = softmax(ht ∗W + b) (1)

LCE = − 1

N

∑

t∈B

n∑

i=1

y · log(p(Iiknown | ut)) (2)

In Eq. 1, ht denotes a d-dimensional representation
of the tth utterance (ut) in a batch B obtained from
the PLM andW ∈ Rd∗m, b represent the weights
and bias of a linear layer respectively. In Eq. 2,
p(Iiknown | ut) denotes the probability of assigning

ut to the ith known intent and y is 1 only for the
true intent and zero otherwise. After fine-tuning the
PLM on labeled utterances, we discard the linear
layer and use the PLM with updated weights in the
second phase of DSSCC.

4.2 Phase-2: Deep Clustering

In the second phase, we use both labeled and un-
labeled utterances to perform representation learn-
ing and clustering jointly via semi-supervised con-
trastive learning. To maintain intent detection ac-
curacy on known intents, we also update represen-
tations and cluster centers by minimizing cross-
entropy loss on labeled utterances from known in-
tent.

4.2.1 Semi-supervised Representation
Learning and Clustering

In addition to labeled utterances from known in-
tents, we also use unlabeled utterances from both
known and unknown intents to improve perfor-
mance on intent detection and discovery, as shown
in Phase-2 of Fig. 2. To learn better cluster rep-
resentations, instead of minimizing the distance
between utterances belonging to the same intent,
we minimize the distance between their correspond-
ing cluster distributions. Conversely, we maximize
the distance between cluster distributions for clus-
ters corresponding to different intents. In contrast
to self-supervised (Chen et al., 2020) or supervised
contrastive (Khosla et al., 2020) learning, for semi-
supervised learning a batch B of size N may con-
tain both labeled and unlabeled utterances. As
shown in Fig. 3, similar to self-supervised con-
trastive learning, we create a pair of augmentations
(ut1, ut2) or positive pairs corresponding to the tth

or anchor utterance (ut) in B to obtain B′, which
contains two augmented utterances corresponding
to each utterance in B. To generate augmentations
for a labeled utterance, we randomly sample two
utterances from the same intent and use them as
augmentations whereas for an unlabeled utterance,
we generate two augmented pairs by performing
contextual augmentation 1 (Kobayashi, 2018; Ma,
2019), as shown in Fig. 3. In contextual augmenta-
tion, given an utterance, we randomly mask a few
words and use BERT’s masked-language modeling
(MLM) objective to generate words corresponding
to masked positions. If ut1, ut2 are augmentations
of a labeled utterance ut then P (ut1) is defined as

1https://github.com/makcedward/nlpaug
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the set of utterances belonging to the same intent
as ut1 in B′ whereas N(ut1) will contain the all
2N -1 utterances excluding ut1 (note that N(ut)
and P (ut)) may have utterances in common). If
ut1, ut2 are augmentations of an unlabeled utter-
ance ut then P (ut1) will only contain ut2 and
N(ut1) will contain all 2N -1 utterances exclud-
ing ut1. We update PLM parameters and cluster
centers by minimizing the Semi-Supervised Con-
trastive (SSC) loss as shown in Eq. 3.

Lssc =
∑

t∈B′

−1
|P (ut)|

∑

p′∈P (ut)

log
exp

(
p(I | ut) · p(I | up′)/τ

)
∑

a∈N(t)

exp (p(I | ut) · p(I | ua)/τ)
;

(3)

In Eq. 3, (·) symbol and τ denotes dot product
and scalar temperature parameter respectively. To
get the distribution over intents/clusters (I/C), i.e.,
p(I | ut) for the tth utterance in B′ we apply a
linear transformation over ht and normalize via
softmax, p(I | ut) = softmax(ht ∗C + b). Each
column Ci of a linear layer C ∈ Rd×(n+m) acts
as a cluster center, where Ci is the d-dimensional
representation of the ith cluster and (m + n) rep-
resents the total number of known and unknown
intents.

To avoid the trivial solution that assigns all utter-
ances to the same cluster Hu et al. (2017), similar
to Van Gansbeke et al. (2020); Li et al. (2021) we
also add an entropy term to the loss function and
maximize it which distributes utterances uniformly
across the clusters, as shown in Eq. 4 and Eq. 6.

Lem = −
∑

i∈T
p(I

′i
) ∗ log p(I ′i

) (4)

p(I
′i
) = 1

|B|
∑

t∈B p(I
i | ut), where p(Ii | ut)

denotes the probability of an utterance ut being
assigned to the ith intent.

4.2.2 Supervised Representation Learning
To maintain intent detection accuracy on known
intents, we also update the cluster centers and PLM
parameters by minimizing cross-entropy loss over
labeled utterances from known intents, as shown
in Eq. 5 where y is 1 only for the target intent
and zero otherwise. Unlike in phase-1, B can con-
tain labeled and unlabeled utterances from known
intents and unlabeled utterances from unknown in-
tents but we ignore the unlabeled utterances during

backpropagation.

Lsrl = −
1

N

∑

t∈B

n∑

i=1

y · log(p(Ii | ut)) (5)

4.3 Training

We train DSSCC in two phases, in the first phase we
fine-tune the PLM using labeled utterances from
known intents as mentioned in Eq. 2. In the second
phase, we do representation learning and clustering
jointly by minimizing a combination of SSC loss,
and cross-entropy loss. Further, to avoid the trivial
solution of all the utterances getting assigned to a
single cluster, the entropy over the intent distribu-
tion is maximized, as shown in Eq. 6. λ is a scalar
hyper-parameter which controls the contribution of
Lem in L.

L = Lssc + Lsrl − λ ∗ Lem (6)

4.4 Inference

We propose two ways of utilizing representations
learned by DSSCC for intent detection and discov-
ery.
Clustering via learned cluster centers (DSSCC-
CH) Cluster assignment is based on similarity be-
tween cluster and utterance representations, i.e.,
argmax
1≤i≤n+m

p(Ii | ut).
K-means over representations (DSSCC-KM) We
get the representations (ht) for each utterance in
Dtest from the PLM and use K-means for cluster-
ing.

4.5 Intent discovery with Human-in-the-loop
(DSSCC-HIL)

Existing approaches including DSSCC assume
knowledge of the number of unknown intents (m)
to achieve good performance. This is not a realistic
assumption and despite SOTA performance,
significant manual effort is still needed to denoise
the discovered clusters. However, the manual
effort can be drastically reduced if we can generate
dense clusters with high purity and assign a
natural language description to each cluster. These
descriptions can be used by a domain expert
to merge similar clusters (i.e., a set of clusters
with similar descriptions) or split a noisy cluster
into multiple sub-clusters. Merging clusters
requires much less manual effort than splitting
as merging does not require examining every
utterance in the cluster. Thus, if we can obtain
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a set of pure clusters (i.e., a cluster where the
majority of the utterances belong to a single intent
) then the domain expert only needs to examine
a few representative utterances per cluster before
merging similar clusters.
To obtain better representations for clustering, we
use phase-1 of DSSCC without any modification.
To obtain pure clusters, unlike phase-2 of DSSCC,
we perform representation learning and clustering
in an alternate fashion and use DBSCAN for gener-
ating a large number of pure clusters. We assume
that the utterances which are part of the same
cluster belong to the same intent and use this fact to
create a pair of augmentations for a given utterance
along with contextual augmentation. Due to the
unknown value of m, we perform semi-supervised
contrastive representation learning at the utterance
level, as shown in Eq. 7. The model parameters
are updated according to L = L′

ssc + Lsrl, where
Lsrl and L′

ssc is defined in Eq. 5 and 7 respectively.

Cluster Merger Algorithm After phase-2,
we run DBSCAN and obtain a set of clusters
including the outlier cluster. For each cluster
(except the outlier) we randomly sample p
utterances and use them as cluster descriptions.
The cluster representation is obtained as the mean
of these utterance representations. So, now each
cluster has its own description and representation.
Now we randomly pick one cluster as the query
cluster (q) and get its s nearest neighbors based
on cosine-similarity and ask “Which of these s
clusters should be merged with q”? to a domain
expert. Based on the domain expert’s response
we merge similar clusters, recalculate the cluster
representations, and assign a cluster description
of q to this newly created cluster. We repeat this
process till the domain expert finds no candidate
for thirty consecutive query clusters. One iteration
of the cluster merging algorithm is illustrated in
Fig 4.

Now we treat each cluster as an intent and train
a logistic classifier to label utterances that belong
to the outlier cluster. We use the same classifier for
intent detection on the test set.

L′
ssc =

∑

t∈B′

−1
|P (ut)|

∑

p′∈P (ut)

log
exp

(
ut · up′)/τ

)
∑

a∈N(t)

exp (ut · ua)/τ)
;

(7)

Figure 4: Cluster Merger Algorithm: In each iteration,
a Domain Expert is shown (s = 5) Candidate Clusters
which are nearest neighbors of Query Cluster (q), where
per cluster, only (p = 2) utterances are shown to the
expert. And based on the reply from the domain expert,
some candidate clusters are merged into the query clus-
ter and the cluster definition is updated.

5 Experimental Setup

In this section, we describe the various baselines,
datasets, and evaluation metrics used in our experi-
ments.

5.1 Baseline Approaches

We use unsupervised K-means (MacQueen, 1967),
Agglomerative Clustering (AG) (Chidananda
Gowda and Krishna, 1978), DEC (Xie et al.,
2016b), SAE-KM (Xie et al., 2016b), DCN (Yang
et al., 2017), DAC (Chang et al., 2017), Deep-
Cluster (Caron et al., 2018), SCCL (Zhang et al.,
2021a) and semi-supervised PCK-means (Basu
et al., 2004), BERT-KCL (Hsu et al., 2018), BERT-
MCL (Hsu et al., 2019), BERT-DTC (Han et al.,
2019), CDAC+ (Lin et al., 2020), DeepAligned
(Zhang et al., 2021c) clustering approaches as
baselines. SCCL and DeepAligned are the state-
of-the-art approaches for unsupervised and semi-
supervised clustering respectively. Details about
unsupervised and semi-supervised baselines are
included in Appendix A.1.

5.2 Dataset Description

We evalaute DSSCC on five datasets with a
varying number of intents. We use BANK-
ING77 (Casanueva et al., 2020), CLINC150 (and
CLINC150OOS), (Larson et al., 2019) SNIPS
(Coucke et al., 2018), StackOverflow Xu et al.
(2015) and, DBPedia (Zhang and LeCun, 2015).
For BANKING77 and CLINC150 we use the same
train, val and test split as Zhang et al. (2021c) and
for SNIPS, StackOverflow and DBPedia we follow
the same split as Lin et al. (2020). For more details,
please refer to Appendix A.3
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5.3 Evaluation Metrics

Similar to previously reported results (Lin et al.,
2020; Zhang et al., 2021c), we use Clustering Ac-
curacy (ACC) (Yang et al., 2010), Normalized Mu-
tual Information (NMI) (Strehl and Ghosh, 2002)
and Adjusted Rand Index (ARI) (Hubert and Ara-
bie, 1985) as evaluation metrics. All metrics range
from 0 to 100 and higher values of a metric indicate
superior clustering results. Further details of the
experimental setup are provided in Appendix A.4.
Due to space constraints, we report ACC, NMI only
but in Appendix, we use all three metrics to report
results.

6 Results And Discussion

We present results comparing DSSCC with unsuper-
vised and semi-supervised clustering approaches
for scenarios where 1) the system is aware of the
number of unknown intents, 2) the system is un-
aware of the number of unknown intents. We fur-
ther report results of DSSCC-HIL and compare it
with DSSCC-E2E.

6.1 Intent detection and discovery when the
number of new intents m is provided

For the semi-supervised scenario, we assume x%
of the total intents are known apriori, also referred
to as the Known Intent Ratio (KIR). For each
known intent, 10% of the utterances are labeled
and the rest are unlabeled. For a fair comparison,
we also use the same BERT-based PLM as other
baselines. DSSCC outperforms all unsupervised
baselines on both BANKING77 and CLINC150
datasets by significant margins suggesting that for
known intents, supervision in the form of a few
labeled utterances leads to better intent represen-
tations, as shown in Table 1. DSSCC also outper-
forms semi-supervised baselines on BANKING77
and CLINC150 for all cases except for the NMI
metric on the CLINC150 dataset for KIRs 50% and
75%.

For K-meansSBERT , we use SBERT Reimers
and Gurevych (2019) as our PLM instead of
BERT to obtain utterance representations and find
that it outperforms K-meansBERT by a signif-
icant margin, as shown in Table 1. This sug-
gests that utterance representations from SBERT
are more suitable for clustering than BERT-
based representations. Motivated by these re-
sults we compared BERT and SBERT repre-
sentations in Table 2 and found that DSSCC

CLINC150 BANKING77
KIR Approach ACC NMI ACC NMI

0%

K-meansBERT 45.06 70.89 29.55 54.57
K-meansSBERT 61.04 82.22 55.72 74.68

AG 44.03 73.07 31.58 57.07
SAE-KM 46.75 73.13 38.92 63.79

DEC 46.89 74.83 41.29 67.78
DCN 49.29 75.66 41.99 67.54
DAC 55.94 78.40 27.41 47.35

DeepCluster 35.70 65.58 20.69 41.77
SCCL 33.52 66.63 13.41 34.14

25%

PCK-means 54.51 68.71 32.66 48.22
BERT-KCL 24.72 65.74 22.11 52.42
BERT-MCL 24.35 65.06 22.07 51.96
BERT-DTC 49.1 74.17 25.24 48.58

CDAC+ 64.64 84.25 48.71 69.78
DeepAligned 73.71 88.71 48.88 70.45

DSSCCBERT 75.72 89.12 55.52 72.73

50%

PCK-means 54.51 68.62 32.26 48.11
BERT-KCL 46.91 78.45 40.97 65.22
BERT-MCL 47.21 78.39 41.43 65.68
BERT-DTC 71.68 86.20 53.59 71.40

CDAC+ 69.02 86.18 53.34 71.53
DeepAligned 80.22 91.63 59.23 76.52

DSSCCBERT 81.46 91.39 63.08 77.60

75%

PCK-means 54.61 68.70 32.66 48.22
BERT-KCL 68.86 86.82 60.15 75.21
BERT-MCL 69.66 87.72 61.14 75.68
BERT-DTC 80.73 90.41 56.51 76.55

CDAC+ 69.89 86.65 53.83 72.25
DeepAligned 86.01 94.03 64.90 79.56

DSSCCBERT 87.91 93.87 69.82 81.24

Table 1: We report ACC and NMI on CLINC150 and
BANKING77 datatsets in the semi-supervised scenario
for three different known intent ratios (KIR). Except K-
meansSBERT and SCCL, we take all baseline results
from Zhang et al. (2021c).

CLINC150 BANKING77
KIR Approch ACC NMI ACC NMI

25%

DABERT 73.71 88.71 48.88 70.45
DASBERT 67.78 86.50 57.0 75.0

DSSCCBERT 75.72 89.12 55.52 72.73
DSSCCSBERT 80.36 91.43 64.93 80.17

50%

DABERT 80.22 91.63 59.23 76.52
DASBERT 77.69 91.40 64.14 79.30

DSSCCBERT 81.46 91.39 63.08 77.60
DSSCCSBERT 83.49 92.78 69.38 82.68

75%

DABERT 86.01 94.03 64.90 79.56
DASBERT 85.89 94.20 74.08 83.80

DSSCCBERT 87.91 93.87 69.82 81.24
DSSCCSBERT 88.47 94.50 75.15 85.04

Table 2: DA vs DSSCC with BERT and SBERT as PLM

(Ours)SBERT outperforms DSSCC (Ours)BERT ,
DeepAlignedBERT and DeepAlignedSBERT by a
significant margin on both datasets for all evaluated
intent ratios. DeepAlignedSBERT outperforms
DeepAlignedBERT on BANKING77 by a signifi-
cant margin but we observe the opposite result on
CLINC150. For the remaining experiments, we
use SBERT as our PLM in DSSCC and compare it
with DeepAlignedBERT and DeepAlignedSBERT .

We evaluated DSSCC on three other public
datasets for intent detection and discovery, and
found that DSSCC outperforms DeepAligned on
all three datasets except for NMI on DBPedia for
known intent ratios of 75% , as shown in Table 10.
Results of DSSCCSBERT on intent detection and
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CLINC150 (T =150, n=112, m = 38) BANKING77 (T =77, n=58, m=19)
Approach K′ KPred ACC NMI K′ KPred ACC NMI
DABERT 300 130 77.18 92.5 154 65.1 62.49 78.88

DASBERT 300 129.6 76.87 92.61 154 66.9 63.53 80.84
DSSCCSBERT 81.37 92.97 71.77 84.29

DABERT 450 189.2 83.81 93.57 231 99.3 63.98 79.93
DASBERT 450 190.1 82.57 93.85 231 96.8 66.20 82.11

DSSCCSBERT 84.59 93.64 72.93 84.97
DABERT 600 258.6 72.22 91.8 308 121.9 61.05 79.95

DASBERT 600 255.9 72.29 92.18 308 118.1 62.67 82.05
DSSCCSBERT 80.83 92.04 67.56 84.43
DSSCCSBERT 150 150 88.47 94.50 77 77 75.15 85.04

Table 3: Intent detection and discovery with unknown value of m for KIR=75%. We obtain results corresponding to
DeepAlignedBERT (DABERT ) (Zhang et al., 2021c) and report results for DeepAlignedSBERT (DASBERT ) using
code provided by the authors of Zhang et al. (2021c) with SBERT as the PLM.

discovery are separately reported in Table 11.

6.2 Intent detection and discovery with
unknown number of new intents m

We evaluate DSSCC for the realistic scenario when
the number of new (m) intents present in user
logs is not provided to the system apriori, i.e.,
the total number of intents (T = n + m) is not
known in advance and the system has to infer the
number of clusters present in user logs. We use
an existing algorithm proposed by Zhang et al.
(2021c) which refines an initial guess K ′ to ar-
rive at the final estimate Kpred. As shown in
the Table 3, DSSCC outperforms DeepAligned for
K ′ ∈ {2 ∗ T , 3 ∗ T , 4 ∗ T } except for the NMI
metric on the CLINC150 dataset for K ′=450 and
K ′=600 although results are competitive. As com-
pared to the scenario where the total number of
intents T are known (last row in Table 3), on an
average there is drop of 6.20% in ACC, 1.61% in
NMI on CLINC150 and a drop of 4.39% in ACC,
0.47% in NMI on BANKING77. These results sug-
gest that the performance of DSSCC does not drop
significantly even when the total number of intents
in user logs are not known in advance.

6.3 DSSCC-HIL
We evaluate DSSCC-HIL in a realistic scenario
where the number of new intents is not known and
KIR=75%. As shown in Table 4, we get 333 and
523.7 clusters after phase-2 of DSSCC-HIL with
average cluster purity of 96.96% and 98.30% cor-
responding to B77 and C150 respectively. Average
purity refers to average clustering accuracy where
we use ground-truth labels and based on majority
voting, assign an intent label to the predicted clus-
ter. For merging similar clusters, we show (s=5)
candidate clusters per query to the domain expert
who is asked to choose clusters that are similar
to the query cluster. Here, we have used oracle

ground truth cluster labels instead of a domain ex-
pert to answer these queries. For B77 and C150,
259.3 and 349.5 queries are required (avg over 10
runs) to merge similar clusters respectively where
the domain expert has to read 12 utterances (2 per
cluster) per query. As a result, we obtain 81 and
152.59 clusters (intents) for B77 and C150 which
are close to the actual number of intents i.e., 77
and 150 respectively. Then a classifier is trained
with these intents and prediction is done on the test
set. DSSCC-HIL achieved an ACC of 81.21% and
88.93% on B77 and C150 respectively which is
significantly higher than the ACC of DSSCC-E2E.
Also, DSSCC-HIL is able to discover all intents in
the ground truth. We also employ a cluster merging
strategy with DSSCC-E2E i.e., DSSCC-E2E+HIL
and got an improvement of 2% for C150 but neg-
ative results for B77. This is due to better initial
cluster purity (P) of C150 (i.e. 87.73%) versus
B77 (i.e. 79.92%), as the merging of noisy clusters
intuitively leads to a decrease in ACC. This obser-
vation supports the fact that, for merging clusters
by a domain expert, a good initial cluster purity is
required. Due to comparatively low purity initial
clusters, HIL does not help much in DSSCC-E2E.

A Q P K′ Kpred ACC NMI
E2E 0 NA 231 96.8 72.93 84.97

E2E+HIL 144.8 79.92 96.8 67 71.14 84.00
HIL 259.3 96.96 333 81 81.21 87.35
E2E 0 NA 450 190.1 84.59 93.64

E2E+HIL 218.2 87.73 190.1 148.6 86.10 93.83
HIL 349.5 98.30 523.7 152.6 88.93 95.19

Table 4: We compare DSSCC-E2E, DSSCC-E2E+HIL
and DSSCC-HIL. P, Q refers to average cluster purity
before merging and number of queries respectivley. For
DSSCC-E2E, we pick best results from Table 3. First
row and second row of the table contains results on B77
and C150 respectively.

6.4 Ablation Study
As part of the ablation study, we answer the fol-
lowing questions “Do we need both phase-1 and
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phase-2 in DSSCC ?”, “Does joint training on mul-
tiple loss functions in phase-2 affect clustering ac-
curacy ?”, “Do we need different values of Entropy
Weight (λ) (Eq. 6) for different datasets?”, “How
does the presence of out-of-scope (oos) utterances
in user logs affect DSSCC performance”? and
present our observations. To answer these ques-
tions we perform ablation studies on CLINC150
and BANKING77.

“Do we need both phase-1 and phase-2 in
DSSCC?" As shown in Table 5, KIR=75%, fine-
tuning of the PLM on labeled utterances from
known intents in phase-1 is more vital for BANK-
ING77 as compared to CLINC150 because without
phase-1 there is a significant drop in performance
on the BANKING77 dataset (DSSCC w/o phase-
1 vs DSSCC). Whereas there is an improvement
of 4.39% in ACC, 1.15% in NMI and 4.86% due
to phase-2 on CLINC150 (DSSCC w/o phase-1
vs DSSCC), which suggests that both phase-1 and
phase-2 of DSSCC are important for a generic so-
lution. In the case of BANKING77, performance
largely depends on labeled utterances from known
intents and there is not much improvement due to
phase-2, which may be attributed to its complexity
as all intents are semantically closer and belong
to the Banking domain as compared to CLINC150
where utterances belong to 10 different domains (
utility, travel, etc.). But when we perform the same
ablation with fewer known intents i.e., KIR=25%,
then both phase-1 and phase-2 are equally impor-
tant to achieve good performance. This suggests
that DSSCC phase-2 is more important when there
are fewer known intents and fewer labeled utter-
ances per known intent.
“Does joint training on multiple loss functions in
phase-2 affect clustering accuracy"? As shown
in Table 5, we also perform an ablation on different
loss functions used in phase-2 and found that Semi-
supervised contrastive (ssc) loss (DSSCC w/o ssc
vs DSSCC), entropy maximization (em) (DSSCC
w/o em vs DSSCC) and supervised-representation
learning (srl) loss (DSSCC w/o srl vs DSSCC) all
affect the clustering performance on CLINC150
and BANKING77. The reason for the most drop
in ACC and NMI in the case of (DSSCC w/o em)
is that, when entropy maximization is not done,
the probability distribution over clusters for unla-
beled utterances is decided only by the supervised-
representation learning (srl) loss. Therefore, all the
utterances become part of known intent clusters

and the clusters for unknown intents remain empty.
“Do we need different values of Entropy Weight
(λ) (Eq. 6) for different datasets?” In Table 7,
we report DSSCC-E2E results on CLINC150 and
BANKING77 with different values of λ. And we
observe that a value of λ ϵ [10, 14] yields the best
results across datasets.
“How does the presence of out-of-scope (oos)
utterances in user logs affect DSSCC perfor-
mance”? We use oos utterances as part of user
logs in CLINC150 dataset and evaluate DSSCC.
As shown in Table 6, there is a small drop in perfor-
mance because a few oos utterances are classified to
belong to the set of actual intents. This observation
shows that even with presence of oos utterances,
DSSCC is able to maintain it’s performance. Man-
ual intervention may be required in practice to filter
clusters containing oos queries.

CLINC150 BANKING77
KIR Approach ACC NMI ACC NMI

75%

DSSCC w/o srl 85.99 93.68 70.24 81.78
DSSCC w/o ssc 73.87 87.07 67.97 78.81
DSSCC w/o em 71.05 91.88 64.55 81.56

DSSCC w/o phase-1 88.13 94.04 72.39 81.76
DSSCC w/o phase-2 84.08 93.35 74.09 84.56

DSSCC 88.47 94.50 75.17 83.69

25%

DSSCC w/o srl 78.60 90.24 54.93 73.05
DSSCC w/o ssc 40.32 71.09 37.17 61.15
DSSCC w/o em 24.86 75.02 23.36 64.10

DSSCC w/o phase-1 79.95 90.44 58.85 74.74
DSSCC w/o phase-2 72.51 88.38 58.62 76.40

DSSCC 80.36 91.43 61.91 77.44

Table 5: Ablation with KIR (75%) and (25%) on
CLINC150 and BANKING77 with DSSCCSBERT

where we use DSSCC-CH for inference.

7 Conclusion

In this work, we propose a semi-supervised con-
trastive learning approach for intent detection and
discovery from user logs. The proposed approach
optimally utilizes both labeled and unlabeled ut-
terances to outperform SOTA approaches for both
scenarios where the total number of intents is either
known in advance or has to be estimated. We also
propose a variant of our approach which does not
need to estimate the number of new intents and
yields pure clusters which are merged by domain
experts based on the cluster descriptions. Future
work will focus on, (i) “How to get better cluster
descriptions?” (ii) “How to optimally select query
and corresponding candidate clusters?” and (iii)
“How to discover new intents with minimum human
effort with a long-tail distribution over new intents
in user logs?”
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A Appendix

A.1 Unsupervised and Semi-supervised
Clustering

A.1.1 Unsupervised Clustering
Building upon classical clustering techniques such
as K-means (MacQueen, 1967) and Agglomer-
ative Clustering (AG) (Chidananda Gowda and
Krishna, 1978) several deep learning-based clus-
tering techniques have recently been proposed in
the literature. DEC (Xie et al., 2016b) is a two-
step deep unsupervised clustering algorithm where
the first step involves training a stacked autoen-
coder (SAE) and the second step involves updating

the SAE encoder and the cluster centers based on
high confidence assignment of an utterance to clus-
ter while using an auxiliary target distribution. In
SAE-KM (Xie et al., 2016b), k-means is used to
cluster the representations obtained from the en-
coder of the (SAE). DCN (Yang et al., 2017) is a
joint deep unsupervised clustering algorithm per-
forming joint representation learning and cluster-
ing. DAC (Chang et al., 2017) recasts the cluster-
ing problem into a binary pairwise classification
framework to determine whether pairs of samples
belong to the same cluster or not and the cosine sim-
ilarity between pairs of samples is used to create
pseudo-training data. DeepCluster (Caron et al.,
2018) jointly learns the parameters of a neural net-
work and the cluster assignments of the resulting
features. DeepCluster iteratively groups the fea-
tures with a standard clustering algorithm such as
k-means and uses the subsequent assignments as
supervision to update the weights of the network.
STC (Xu et al., 2017) is an approach for short-text
clustering where learned representations are clus-
tered using k-means. Self-Train (Hadifar et al.,
2019) extends DEC for short-text clustering and
uses weighted average of pre-trained word embed-
dings (Mikolov et al., 2013) to get text representa-
tions. Rakib et al. (2020) alternately use classifica-
tion and outlier detection to improve the accuracy
of existing short-text clustering algorithms. SCCL
Zhang et al. (2021a) jointly perform representation
learning and clustering via contrastive representa-
tion learning and minimize a modified version of
the clustering loss proposed by Xie et al. (2016b).

A.1.2 Semi-supervised Clustering
PCK-means (Basu et al., 2004) is a semi-
supervised clustering algorithm where labeled sam-
ples are used as pairwise constraints to improve
clustering performance. KCL (Hsu et al., 2018) is
a two-stage image clustering algorithm that uses
a binary classification model trained on labeled
data in the first phase to measure pair-wise im-
age similarity and in the second stage, a clus-
tering model is trained on unlabeled data by us-
ing the output of the binary classification model
for supervision. The network is trained using a
Kullback-Leibler divergence-based contrastive loss
(KCL). Meta Classification Likelihood MCL (Hsu
et al., 2019) leverages pairwise similarity between
samples and optimizes a binary classifier for pair-
wise similarity prediction and through this process
learns a multi-class classifier as a submodule. DTC
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CLINC150 (T =150, n=112, m = 38) CLINC150OOS (T =150, n=112, m=38)
Approach K′ KPred ACC NMI K′ KPred ACC NMI

DSSCCSBERT

300 129.6 81.37 92.97 300 130.5 80.24 91.95
450 190.1 84.59 93.64 450 182.2 86.23 93.84
600 255.9 80.83 92.04 600 248.1 79.96 91.20
150 150 88.47 94.50 150 150 87.23 94.39

Table 6: DSSCCSBERT with and without out-of-scope (OOS) utterances in user logs, where value of m is not
known.

CLINC150 BANKING77
KIR λ ACC NMI ARI ACC NMI ARI

75%

2 71.20 91.95 66.09 67.34 79.46 55.26
5 80.44 93.48 75.47 70.29 79.46 57.65
7 83.78 94.0 78.31 70.78 79.39 58.11
10 87.20 94.15 80.57 70.16 78.93 57.11
14 89.51 94.61 82.52 67.99 77.82 54.95
15 89.73 94.61 82.75 68.99 77.91 55.37
17 88.93 94.10 81.60 68.70 77.51 54.72
20 89.42 94.17 82.23 67.70 76.92 53.97
25 89.91 94.26 82.77 66.82 76.16 52.77
30 88.76 93.44 80.77 66.33 76.02 52.37

Table 7: Ablation with KIR (75%) on CLINC150 and BANKING77 where we try different values of λ. We use
DSSCCSBERT for ablation.

(Han et al., 2019) extend DEC to a semi-supervised
scenario and also improve upon DEC by enforc-
ing a representation bottleneck, temporal ensem-
bling, and consistency. CDAC+ (Lin et al., 2020)
is an end-to-end clustering method that incorpo-
rates pairwise constraints obtained from labeled
utterances as prior knowledge to guide the clus-
tering process and clusters are further refined by
forcing the model to learn from high confidence as-
signments. DeepAligned (Zhang et al., 2021c) use
labeled utterances from known intents to update
BERT parameters and in the second step perform
representation learning and K-means clustering al-
ternately by minimizing cross-entropy loss over la-
beled and pseudo-labeled utterances treating each
k-means cluster as one intent.

A.2 Representation of an utterance from
PLM

We get the representation ht =
mean-pooling([CLS, T1, T2, ..., Tl]) of an utter-
ance ut consisting of l tokens from BERT/SBERT
by applying mean-pooling over representations
of all tokens including CLS, where Tj denotes
representation corresponding to jth token.

Dataset Avg utterance length z%

CLINC150 8.31 10
BANKING77 11.91 20

SNIPS 9.03 10
StackOverflow 9.18 10

DBPedia 29.97 30

Table 8: Data Augmentation Details.

A.3 Dataset Description and Details

We evaluate DSSCC on five datasets with a varying
number of intents. And all of them are available
in english language and released under creative
Commons licences.
BANKING77 (Casanueva et al., 2020) is a
fine-grained intent detection dataset from the
banking domain comprising of 13,083 customer
queries labelled with 77 intents.
CLINC150 (Larson et al., 2019) is a crowdsourced
multi-domain (10 domains such as utility, travel
etc.) intent detection dataset comprised of
23,700 queries with 22,500 in-scope queries
labelled with 150 intents and 1,200 out-of-scope
queries. For our experiments, we use both sets-
CLINC150 which contains only in-scope queries,
and CLINC-150OOS which contains both in-scope
and out-of-scope queries and we use the balanced
version of the dataset.
SNIPS (Coucke et al., 2018) consists of 16000
crowd-sourced user utterances distributed across
7 intents. Out of 16k, 14484 utterances has been
used for experimental purpose in the past.
StackOverflow: This dataset was originally
released as part of a kaggle competition2. Xu
et al. (2015) used a subset of this dataset for
short-text clustering. The dataset consists of 20,
000 technical question titles distributed across 20
intents with 1k questions per intent.
DBPedia (Zhang and LeCun, 2015) is an ontology
classification dataset constructed by picking 14

2https://www.kaggle.com/c/predict-closed-questions-on-
stack-overflow
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non-overlapping classes from DBpedia 2014
Lehmann et al. (2015). Wang et al. (2016) used a
subset of this dataset consisting of 14000 samples
distributed across 14 classes.

We mention dataset statistics in table 9. We
mention the train, validation, and test split details,
that were used while performing the experiments
for each dataset. Based, on the len and T (n+m)
attributes, we can see the variation and complexity
of these datasets.

A.4 Training Details

For the first phase, we follow the same pre-training
steps outlined by Zhang et al. (2021c). For the
second phase of DSSCC-E2E, an embedding of
dimension (d ∗ (n + m)), is used for the cluster
centers where a d dimensional representation of an
utterance u is obtained from the PLM and n+m
represents the total number of clusters correspond-
ing to known and new intents. For the HIL ap-
proach, two different linear heads/layers are used -
one with dimension (d ∗ (128)) for Instance-Level
Contrastive Learning and second with dimension
(d ∗ (n)) for Supervised Representation Learning.
For simulating a real-world problem of intent de-
tection and discovery from user logs, we follow the
experimental setting similar to Zhang et al. (2021c)
where they assume that x% ∈ {25%, 50%, 75%}
of the total intents for a given dataset is known (we
denote this number by n) where x is also referred
to as the known intent ratio (KIR). The remain-
ing number of intents (m) are considered novel.
Accordingly, each dataset is divided into a Dtrain,
Dval and Dtest where Dtrain contains 10% of la-
beled utterances per known intent and unlabeled
utterances from both known and unknown intents.
Dval, Dtest consists of utterances from known and
new intents. We do two sets of experiments – one
with a known value of n + m (number of total
intents) and another one where the total number
of intents is not known in advance. For a given
dataset and KIR, we run the same experiment on
ten different seeds and report the average ACC,
NMI, and ARI on Dtest. For DSSCC-E2E, we use
DSSCC-CH, DSSCC-KM for intent detection and
discovery and report the best results based on ma-
jority voting over ACC, NMI and ARI. In a realistic
scenario when ground truth is not available, one
can use the Silhouette Score (Rousseeuw, 1987)
to decide which inference strategy to use. For the

HIL approach, we get predictions from DBSCAN
clustering after model convergence and perform in-
ference after running the cluster merger algorithm.
We use existing checkpoints of bert-base-uncased
3 (Devlin et al., 2019) and stsb-roberta-base-v2 4

(Reimers and Gurevych, 2019) as our PLM. Similar
to (Zhang et al., 2021c), we freeze all but the last
transformer layer parameters in our PLM for both
phases to improve training efficiency and speed up
the training process. We use the Adam optimizer
(Kingma and Ba, 2014) to update PLM parameters
and the learning rate is set to 5e-5 for PLM, 5e-3
for cluster centers in case of DSSCC-E2E and 5e-3
for both heads in case of HIL Approach . For all
of our experiments, the batch size is kept at 400.
For DSSCC-E2E, the entropy weight(λ) is set as
14.0. Whereas, For HIL, the minimum samples and
epsilon for DBSCAN is kept as 3.0 and 0.09 respec-
tively. We run all experiments on an Nvidia Titan
A100 GPU. We use classification accuracy on the
Dval set for known intents as converge criteria for
Phase 1. And for Phase 2 of DSSCC-E2E, we calcu-
late the Silhouette Score Rousseeuw (1987) given
utterance representations and corresponding pre-
dicted cluster-ids on Dtrain. Whereas, for Phase 2
of HIL, we converge when the number of predicted
clusters by DBSCAN clustering is minimum. We
use early stopping with a patience value of 20.0 for
both phases. For semi-supervised contrastive repre-
sentation learning, similar to Zhang et al. (2021a),
we use contextual augmenter Kobayashi (2018) to
generate augmentations corresponding to unlabeled
utterances where z% of the words in an utterance
are substituted with similar words. We use a suit-
able value of z% for different datasets based on
average utterance length as mentioned in the ta-
ble 8 following the observations from Zhang et al.
(2021a). We do this to preserve the semantics of
an utterance while at the same time, substituting
words in an utterance to create augmentations. We
report the best results averaged over ten different
seeds based on the inference details as mentioned
in section 4.4. For our codebase, we have adapted
existing SupContrast 5 loss in the semi-supervised
setting and also utilized data creation steps from
Zhang et al. (2021c)6.

3https://huggingface.co/bert-base-uncased
4https://huggingface.co/sentence-transformers/stsb-

roberta-base-v2
5https://github.com/HobbitLong/SupContrast
6https://github.com/thuiar/DeepAligned-Clustering
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A.5 Results on Intent Detection and Discovery

We have also reported results on five public datasets
with our proposed approach on intent detection and
intent discovery separately for the case when m
is known, are shown in table 11. If we assume
that intent detection and discovery are two sepa-
rate problems, we decouple the results from our
joint approach (after training) to see the contri-
bution of DSSCC on both tasks. It is clear from
the results that, even with very few labeled utter-
ances from known intents, our model maintains
the performance on the known intents with at least
83% clustering accuracy on all five datasets. From
the results on Intent Discovery, except for BANK-
ING77, DSSCC (Ours) gets at least 74% clustering
accuracy on 4 datasets. The low performance on in-
tent discovery in BANKING77 is attributed to the
complexity of the dataset where all intents are part
of one larger domain, i.e., Banking. Whereas, in
CLINC150, the intents belong to multiple domains
as mentioned in section A.3.

A.6 DSSCC-KM vs DSSCC-CH

We use both inference strategies, i.e., DSSCC-
KM and DSSCC-CH to obtain results for all
experiments described in section 6 and report
ACC, NMI and ARI as shown in Table 12, 13
and 15. DSSCC-CH outperforms DSSCC-KM on
CLINC150, SNIPS and StackOverflow whereas
DSSCC-KM gives better results on BANKING77
and DBPedia. This inconsistency between the be-
haviour of DSSCC-CH and DSSCC-KM can be
attributed to complexity of a given dataset, i.e.,
DSSCC-KM outperforms DSSCC-CH on BANK-
ING77 (single domain dataset) and DBpedia
whereas DSSCC-CH outperforms DSSCC-KM on
CLINC150 (multi-domain dataset).

In realistic scenario where ground truth is not
available, one can use Silhouette Score (SS) to
choose between DSSCC-CH and DSSCC-KM. As
shown in Fig. 6, when the difference between SS
corresponding to DSSCC-CH and DSSCC-KM is
significant, then one should choose inference strat-
egy which gives higher SS. And when the differ-
ence between SS score corresponding to DSSCC-
CH and DSSCC-KM is not significant, then one
can choose DSSCC-CH for inference, as shown
in Fig 5. Above mentioned approach for inference
strategy selection correlates with the selection done
by majority voting (over ACC, NMI and ARI).

Figure 5: CLINC150 (KIR=75%) DSSCC-CH vs
DSSCC-KM where we use SBERT as PLM. The left
subfigure shows silhouette scores over different seeds
and the right subfigure shows ACC, NMI, and ARI with
DSSCC-KM and DSSCC-CH over these seeds.

Figure 6: BANKING77 (KIR=75%) DSSCC-CH vs
DSSCC-KM where we use SBERT as PLM. The left
subfigure shows silhouette scores over different seeds
and the right subfigure shows ACC, NMI, and ARI with
DSSCC-KM and DSSCC-CH over these seeds.

A.7 Representations from SBERT vs
DSSCCSBERT

To showcase the effectiveness of representations
learnt by DSSCCSBERT , we plot the utterance em-
beddings (ht) with ground truth labels for all five
datasets as shown in Fig. 7 and Fig. 8. Initial and fi-
nal representations correspond to utterance embed-
dings obtained from SBERT and DSSCCSBERT

respectively. It can be observed that for all five
datasets, intents are clearly separable with final rep-
resentations as compared to initial representations.

CLINC150 BANKING77

Initial Representations Initial Representations

Final Representations Final Representations

Figure 7: TSNE (van der Maaten and Hinton, 2008) plot
for CLINC150 and Banking77 (75% KIR) before and
after DSSCC Training.
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Dataset Dtrain Dval Dtest len(max/mean) T (n + m)

CLINC150 18,000 2,250 2,250 25/8.31 150(112+38)
CLINC150OOS 19,000 2,250 2,450 25/8.32 150(112+38)

BANKING77 9,003 1,000 3,080 79/11.91 77 (58+19)
SNIPS 13,084 700 700 35/9.03 7 (5+2)

StackOverflow 18,000 1,000 1,000 41/9.18 20 (15+5)
DBPedia 12,600 700 700 54/29.97 14 (11+3)

Table 9: Dataset Details. Dtrain, Dtest, Dval: number of examples in train, validation and test set respectively;
len(max/mean): maximum sentence length / mean sentence length; T (n+m): Total number of classes (Known
Intents + New Intents) in case of 75% KIR

SNIPS StackOverflow DBPedia
KIR Approach ACC NMI ACC NMI ACC NMI

25%
DABERT 86.21 80.42 69.66 70.23 85.89 88.98

DASBERT 81.16 77.33 72.64 73.43 83.70 85.40
DSSCCSBERT 94.33 89.30 81.72 76.57 89.44 89.25

50%
DABERT 85.69 83.03 72.89 74.49 88.63 91.24

DASBERT 88.83 84.19 73.07 74.08 87.29 88.80
DSSCCSBERT 95.20 91.07 82.43 77.30 92.14 92.70

75%
DABERT 90.10 86.94 74.51 76.24 92.17 93.25

DASBERT 92.70 88.22 75.50 75.90 91.17 91.14
DSSCCSBERT 94.87 90.44 82.65 77.08 92.73 92.58

Table 10: Intent detection and discovery results on three datasets, i.e., SNIPS, StackOverflow and DBPedia where
we computed results corresponding to DeepAlignedBERT (DABERT ), DeepAlignedSBERT (DASBERT ) using
code provided by Zhang et al. (2021c)

StackOverflow DBPedia

Initial Representations Initial Representations

Final Representations

SNIPS

Initial Representations

Final Representations Final Representations

Figure 8: TSNE plot for StackOverflow, DBPedia and
SNIPS (75% KIR) before and after DSSCC Training.
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Intent Detection Intent Discovery
KIR Dataset ACC NMI ARI ACC NMI ARI

25%

CLINC150 91.14 96.87 92.84 76.70 90.66 72.14
BANKING77 78.11 88.53 79.27 60.61 79.09 53.37

SNIPS 94.36 87.36 88.98 94.32 88.85 89.0
StackOverflow 86.4 78.82 80.15 80.16 75.26 68.33

DBPedia 96.0 93.25 94.12 86.82 87.74 82.28

50%

CLINC150 92.03 96.59 91.13 74.97 91.02 74.62
BANKING77 79.66 88.66 77.19 59.35 80.18 58.0

SNIPS 95.27 90.78 91.07 95.33 89.90 91.21
StackOverflow 86.72 81.37 79.50 78.14 72.96 67.99

DBPedia 95.26 94.96 94.81 88.40 91.07 88.95

75%

CLINC150 92.73 96.44 89.89 75.91 91.52 78.77
BANKING77 83.60 87.61 74.99 57.72 80.71 62.39

SNIPS 95.54 91.99 91.84 93.17 81.92 84.77
StackOverflow 85.37 79.76 75.22 74.48 66.92 64.48

DBPedia 95.72 94.73 94.09 85.25 86.66 84.02

Table 11: Performance of DSSCC (Ours) on Intent Detection and Intent Discovery

CLINC150 BANKING77
KIR Approach ACC NMI ARI ACC NMI ARI

0%

K-meansBERT 45.06 70.89 26.86 29.55 54.57 12.18
K-meansSBERT 61.04 82.22 48.56 55.72 74.68 42.77

AG 44.03 73.07 27.70 31.58 57.07 13.31
SAE-KM 46.75 73.13 29.95 38.92 63.79 22.85

DEC 46.89 74.83 27.46 41.29 67.78 27.21
DCN 49.29 75.66 31.15 41.99 67.54 26.81
DAC 55.94 78.40 40.49 27.41 47.35 14.24

DeepCluster 35.70 65.58 19.11 20.69 41.77 8.95
SCCL 33.52 66.63 18.89 13.41 34.14 4.02

25%

PCK-means 54.51 68.71 35.38 32.66 48.22 16.24
BERT-KCL 24.72 65.74 17.97 22.11 52.42 15.75
BERT-MCL 24.35 65.06 16.82 22.07 51.96 13.94
BERT-DTC 49.1 74.17 33.05 25.24 48.58 13.32

CDAC+ 64.64 84.25 50.35 48.71 69.78 35.09
DeepAligned 73.71 88.71 64.27 48.88 70.45 36.81
DSSCC-KM 74.98 89.19 65.75 55.52 72.73 42.11
DSSCC-CH 75.72 89.12 66.72 48.38 66.39 33.94

DSSCC 75.72 89.12 66.72 55.52 72.73 42.11

50%

PCK-means 54.51 68.62 35.23 32.26 48.11 16.02
BERT-KCL 46.91 78.45 37.94 40.97 65.22 30.03
BERT-MCL 47.21 78.39 36.72 41.43 65.68 28.87
BERT-DTC 71.68 86.20 59.62 53.59 71.40 40.65

CDAC+ 69.02 86.18 54.15 53.34 71.53 40.42
DeepAligned 80.22 91.63 72.34 59.23 76.52 47.82
DSSCC-KM 79.85 91.44 73.48 63.08 77.60 50.64
DSSCC-CH 81.46 91.39 73.48 59.14 73.11 44.98

DSSCC 81.46 91.39 73.48 63.08 77.60 50.64

75%

PCK-means 54.61 68.70 35.40 32.66 48.22 16.24
BERT-KCL 68.86 86.82 58.79 60.15 75.21 46.72
BERT-MCL 69.66 87.72 59.92 61.14 75.68 47.43
BERT-DTC 80.73 90.41 70.92 56.51 76.55 44.70

CDAC+ 69.89 86.65 54.33 53.83 72.25 40.97
DeepAligned 86.01 94.03 79.82 64.90 79.56 53.64
DSSCC-KM 84.99 93.43 78.35 69.82 81.24 58.09
DSSCC-CH 87.91 93.87 81.09 68.13 78.15 54.23

DSSCC 87.91 93.87 81.09 69.82 81.24 58.09

Table 12: We report ACC, NMI and ARI on CLINC150 and BANKING77 datatsets in the semi-supervised scenario
for three different known intent ratios (KIR). Except K-meansSBERT and SCCL, we take all baseline results from
Zhang et al. (2021c). For fair comparison we use BERT as PLM in DSSCC.
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SNIPS StackOverflow DBPedia
KIR Approach ACC NMI ARI ACC NMI ARI ACC NMI ARI

25%

DABERT 86.21 80.42 74.70 69.66 70.23 53.69 85.89 88.98 79.22
DASBERT 81.16 77.33 68.38 72.64 73.43 58.30 83.70 85.40 75.67
DSSCC-KM 93.77 89.05 86.78 79.37 76.93 58.73 89.44 89.25 83.29
DSSCC-CH 94.33 89.30 87.90 81.72 76.57 68.0 87.70 88.12 81.25

DSSCC 94.33 89.30 87.90 81.72 76.57 68.0 89.44 89.25 83.29

50%

DABERT 85.69 83.03 77.03 72.89 74.49 57.96 88.63 91.24 83.38
DASBERT 88.83 84.19 79.53 73.07 74.08 59.34 87.29 88.80 81.04
DSSCC-KM 94.57 90.23 88.47 80.24 77.80 61.08 91.83 92.27 87.85
DSSCC-CH 95.20 91.07 89.67 82.43 77.30 68.94 92.14 92.70 88.61

DSSCCSBERT 95.20 91.07 89.67 82.43 77.30 68.94 92.14 92.70 88.61

75%

DABERT 90.10 86.94 82.42 74.51 76.24 59.45 92.17 93.25 88.12
DASBERT 92.70 88.22 85.40 75.50 75.90 61.21 91.17 91.14 85.94
DSSCC-KM 94.03 89.20 87.40 80.53 77.25 63.70 92.73 92.58 88.55
DSSCC-CH 94.87 90.44 89.03 82.65 77.08 68.67 92.13 92.61 88.65

DSSCC 94.87 90.44 89.03 82.65 77.08 68.67 92.73 92.58 88.55

Table 13: Intent detection and discovery results on three datasets, i.e., SNIPS, StackOverflow and DBPedia where
we computed results corresponding to DeepAlignedBERT (DABERT ), DeepAlignedSBERT (DASBERT ) using
code provided by Zhang et al. (2021c) and user SBERT as PLM in DSSCC.

CLINC150 BANKING77
K A ACC NMI ARI ACC NMI ARI

25%

DABERT 73.71 88.71 64.27 48.88 70.45 36.81
DASBERT 67.78 86.50 57.10 57.0 75.0 45.80

DSSCCBERT 75.72 89.12 66.72 55.52 72.73 42.11
DSSCCSBERT 80.36 91.43 72.83 64.93 80.17 53.60

50%

DABERT 80.22 91.63 72.34 59.23 76.52 47.82
DASBERT 77.69 91.40 70.90 64.14 79.30 52.70

DSSCCBERT 81.46 91.39 73.48 63.08 77.60 50.64
DSSCCSBERT 83.49 92.78 76.80 69.38 82.68 58.95

75%

DABERT 86.01 94.03 79.82 64.90 79.56 53.64
DASBERT 85.89 94.20 79.83 74.08 83.80 63.30

DSSCCBERT 87.91 93.87 81.09 69.82 81.24 58.09
DSSCCSBERT 88.47 94.50 82.40 75.15 85.04 64.83

Table 14: DA vs DSSCC with BERT and SBERT as PLM

CLINC150 (T =150, n=112, m = 38) BANKING77 (T =77, n=58, m=19)
Approach K′ KPred ACC NMI ARI K′ KPred ACC NMI ARI
DABERT 300 130 77.18 92.5 72.26 154 65.1 62.49 78.88 51.71

DASBERT 300 129.6 76.87 92.61 72.05 154 66.9 63.53 80.84 53.26
DSSCC-KMSBERT 79.0 92.72 73.58 71.77 84.29 62.13
DSSCC-CHSBERT 81.37 92.97 75.49 71.91 82.60 60.69

DSSCCSBERT 81.37 92.97 75.49 71.77 84.29 62.13
DABERT 450 189.2 83.81 93.57 79.54 231 99.3 63.98 79.93 53.76

DASBERT

450 190.1

82.57 93.85 79.28

231 96.8

66.20 82.11 56.98
DSSCC-KMSBERT 82.69 93.59 78.85 72.93 84.97 64.65
DSSCC-CHSBERT 84.59 93.64 80.44 72.60 82.78 62.86

DSSCCSBERT 84.59 93.64 80.44 72.93 84.97 64.65
DABERT 600 258.6 72.22 91.8 70.91 308 121.9 61.05 79.95 53.10

DASBERT

600 255.9

72.29 92.18 71.38

308 118.1

62.67 82.05 55.75
DSSCC-KMSBERT 73.42 92.07 72.19 67.56 84.43 61.87
DSSCC-CHSBERT 80.83 92.04 76.28 68.08 81.19 59.37

DSSCCSBERT 80.83 92.04 76.28 67.56 84.43 61.87
DSSCCSBERT 150 150 88.47 94.50 82.40 77 77 75.15 85.04 64.83

Table 15: Intent detection and discovery with unknown value of m for KIR=75%. We obtain results corresponding
to DeepAlignedBERT (DABERT ) (Zhang et al., 2021c) and report results for DeepAlignedSBERT (DASBERT )
using code provided by the authors of Zhang et al. (2021c) with SBERT as the PLM.
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Abstract

NLP models that process multiple texts of-
ten struggle in recognizing corresponding and
salient information that is often differently
phrased, and consolidating the redundancies
across texts. To facilitate research of such
challenges, the sentence fusion task was pro-
posed, yet previous datasets for this task were
very limited in their size and scope. In this
paper, we revisit and substantially extend pre-
vious dataset creation efforts. With careful
modifications, relabeling and employing com-
plementing data sources, we were able to
more than triple the size of a notable ear-
lier dataset. Moreover, we show that our ex-
tended version uses more representative texts
for multi-document tasks and provides a more
diverse training-set, which substantially im-
proves model performance.

1 Introduction

Despite recent advances reported in NLU bench-
marks for single document tasks, cross-document
tasks, such as multi-document summarization
(MDS) have not progressed with the same pace.
The handling of information across documents re-
quires effective measures for identifying overlap-
ping content. Moreover, generative tasks require
consolidating the relevant and redundant content
into a coherent utterance. In light of this, sev-
eral works proposed a focused sentence-level task,
called sentence fusion, which focuses on summa-
rizing multiple sentences with overlapping con-
tent into a non-redundant one. This allows a fine-
grained analysis of which information units are
shared among the input sentences, as well as con-
trol over different degrees of information inclusion
and exclusion.

However, the available datasets for fusing sen-
tences which exhibit significant content overlap are
still lacking, with the most recent containing only
several hundreds of examples (McKeown et al.,

a. Fisheries in parts of the Philippines have been deci-
mated by the use of cyanide in fishing.

b. Philippine fishermen use cyanide in fishing, needlessly
destroying immature fish.

c. Sodium cyanide use by fisherman decimates fish.

d. In the Philippines some fishermen use homemade explo-
sives and cyanide for driving fish away from reefs and
into nets.

Label Sodium cyanide use by fisherman decimates fish

Table 1: Sentence fusion example from Thadani and
McKeown (2013). (a-d) are the input sentences, origi-
nating from different documents. Text spans (in bold)
that are considered as contributing to the same unit
of content (SCU) are annotated with the same concise
label. The sentences where the spans appear in are
grouped to be input for sentence fusion, while the SCU
label becomes the fusion target.

2010; Thadani and McKeown, 2013), impeding
further research. In this work, we follow Thadani
and McKeown (2013) and extend their described
sentence fusion dataset, which is derived from ex-
pertly written and annotated summaries based on
the Pyramid MDS evaluation method by Nenkova
and Passonneau (2004). Table 1 illustrates an ex-
ample where the gold label is a summary of the
content intersection in the input sentences.

We find that the heuristics and filters applied
by Thadani and McKeown (2013) result in short
and highly related sentences, which may not reflect
more complex and long sentences that are often
found in multi-text consolidation tasks. Moreover,
their dataset uses exclusively sentences from ex-
pert summaries and exclude the actual source doc-
uments that are used in practice for summarization.
The resulting high similarity within input sentences
makes them amenable to extractive methods, where
a representative sentence can be selected as the
summary, curbing the efforts to develop an abstrac-
tive fusion of sentences.

In this work, we modify Thadani and McKeown
(2013)’s pre-processing pipeline after careful anal-
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ysis, re-label a portion of the instances, and supple-
ment the data with source document sentences (§3).
Our contribution therefore is an extended sentence-
fusion dataset1, more than 4x times larger than its
original, with 18% manually relabeled instances.
We show that our final extended dataset better re-
flects challenges in multi-source summarization
tasks (§4), with highly redundant salient content,
originating in more representative sentences from
the wild. In addition, we show (§5) that a contem-
porary generative model produces more abstractive
output after training on our extended training set
than on the original one. Similarly, it also out-
performs the latter on the original test set. Given
that sentence fusion was originally motivated as
a step in modular multi-document summarization
pipelines (Barzilay and McKeown, 2005; Marsi
and Krahmer, 2005), we hope that progress on sen-
tence fusion may contribute to broader contexts of
multi-document consolidation and fusion tasks.

2 Background

The sentence fusion task deals with combining mul-
tiple sentences with overlapping content into a sin-
gle summary sentence that represents the shared
information across the inputs (Barzilay and McKe-
own, 2005; Filippova and Strube, 2008; Marsi and
Krahmer, 2005; McKeown et al., 2010; Thadani
and McKeown, 2013). Several other variants of
sentence fusion have also been explored, such as
sentence union – fusing the union of information
in the input (Marsi and Krahmer, 2005). In an-
other variant, “disparate” sentence fusion (Elsner
and Santhanam, 2011; Geva et al., 2019; Lebanoff
et al., 2019, 2020), the input sentences do not ex-
hibit considerable content overlap but are rather
related in discourse. Such sentences often originate
in a single document and pose a different kind of
challenge to generate the right discourse structure
that will fluently connect the inputs.

For pragmatic purposes, a “loose” variant of
sentence intersection is desired, since redundant
content is most likely salient, yet additional im-
portant but non-overlapping information may be
relevant for a final summarized sentence. For this
reason, our extended dataset follows the fusion as
“loose” intersection approach applied by Barzilay
and McKeown (2005), McKeown et al. (2010) and

1Our Code and data can be found here:
https://github.com/DanielaBWeiss/
Extending-Sentence-Fusion-Resources

A Statoil’s internal investigation acknowledged in-
adequate planning and a lack of risk appreciation
led to the leak.

B Statoil admitted the leak resulted from inade-
quate planning and appreciation of risk, and fail-
ure to observe governing documentation.

Label Statoil admitted responsibility for the leak

Table 2: Originally filtered SCU instance in PYRFUS.
This example was excluded due to the SCU contribut-
ing spans in A and B being much longer than the label
itself.

Thadani and McKeown (2013). The latter com-
piled a dataset for sentence fusion by leveraging
annotations made during post-hoc evaluation of
multi-document summarization systems.

2.1 From MDS Evaluation to Fusion

The Pyramid method (Nenkova and Passonneau,
2004), is a well-known evaluation method for con-
tent selection in summarization, which was used in
the DUC2 and TAC3 benchmarks for MDS.

Applying this method, a set of reference sum-
maries per topic are written by expert annotators
and divided into informational units. Each unit,
named Summary Content Unit (SCU), denotes a
short statement. For example, the SCU labeled:
cyanide use by fisherman decimates fish may be
expressed in multiple summaries and source docu-
ments under different manifestations. To compile a
list of content units for MDS evaluation, the anno-
tator marks text spans (see bold spans in Table 1)
across reference summaries with equivalent con-
tent that directly expresses or contributes to the
summary unit (SCU contributors). Next, she labels
the content unit by writing a concise statement in
natural language, named SCU Label. The source
sentences of each contributing span may then be
grouped into a cluster bearing the same SCU la-
bel. Table 1 presents an example of such a cluster,
containing four source sentences with contributing
spans (in bold), along with their associated SCU
label that concisely summarizes them. Thadani and
McKeown (2013) creates a fusion instance by us-
ing each cluster’s sentences as input, and the SCU
label as the target for fusion output.

2https://www-nlpir.nist.gov/projects/duc/data.html, years
used 2005-2008

3https://tac.nist.gov/, years used 2009-2011
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3 Data Collection

After carefully analyzing Thadani and McKeown
(2013)’s pre-processing pipeline described in sub-
section 3.1, we decided to substantially modify it
(subsection 3.2), recovering significantly more data.
We proceed with relabeling some of the targets, and
adding samples from source documents (i.e. not
just from expertly written summaries) that were
mapped to SCUs but overlooked in the past.

3.1 Previous Pre-processing pipeline

Thadani and McKeown (2013) applied several fil-
tering steps to generate a fusion dataset (termed
here PYRFUS) from SCUs. Specific details re-
garding these filters as well as examples are in
Appendix A. While the original intention was to
reduce noisy samples, these steps removed a signifi-
cant portion of challenging fusion instances. Poten-
tial clusters were removed for having differences
in length either between the source sentences to
the marked span contributions, or between the tar-
get SCU label and the marked span contributions,
denoting possibly non-shared information that ap-
peared in the input, but not in the output. Another
filtering criterion had been to discard all clusters
whose target label contains content words unused
by any input sentence, discouraging paraphrasing
between input and output. Such filtering has left the
dataset, whose inputs and outputs are quite similar
in both length and content (see §4), missing realis-
tic challenges in a multi-document setup, where lex-
ically differing and non-overlapping content may
appear. Moreover, such setup inadvertently biases
generative models to be more extractive (see §5)
than abstractive, relying on a single input sentence
to convey all shared information in a cluster.

This dataset was the largest available source to
date for supervised sentence fusion focused on
multi-text, with a total of 1705 fusion instances.4

3.2 Extending Fusion Dataset

We discovered that most of the above filtering crite-
ria were safe to forgo save a few sanity checks. This
has recovered new fusion instances by either adding
back removed SCU labels or input sentences. Fol-
lowing, we noticed that 18% of the input clusters
share more than one SCU label, mostly due to the
original Pyramid annotators splitting conjunctions

4This count was reproduced using the author’s published
code, the originally reported count is slightly higher.

Fusion Data Total Avg Clus. R1 L-to-S R1 S-to-S
DISPARATE 1599 2 32.7 15.0
PYRFUS 1705 2.8 46.5 35.0
∆-PYRFUS 5842 3.3 34.6 31.6
PYRFUS++ 7505 3.3 37.8 32.2

Table 3: Comparisons of fusion datasets and varia-
tions. DISPARATE (Lebanoff et al., 2020) introduced
a disparate-fusion dataset, containing exactly 2 input
sentences. L-to-S and S-to-S refer to label-to-sentence
and sentence-to-sentence ROUGE scores, respectively.

along different SCUs. For correctness, we manu-
ally re-labeled such clusters using all shared labels
into a single sentence (see Appendix C).

Additionally, DUC also made available the SCU
Marked Corpus (Copeck and Szpakowicz, 2005),
which automatically maps source document sen-
tences to SCU labels using lexical matching. We
use this resource to extend our dataset with docu-
ment sentences, which were overlooked in PYR-
FUS. Document sentences tend to be longer and
more varying than summary sentences, with 30
tokens vs. 20 on average. Clusters containing docu-
ment sentences also tend to have more inputs, since
reference summaries were limited to four, while
the number of source documents per summarized
topic is much higher. In total, we have extended
the fusion dataset from its original 1705 instances
to 7505, with 37% containing at least one docu-
ment source sentence, creating a much more varied
dataset, as analyzed next.

4 Data Analysis

We suggest that the additional instances previously
skipped would more closely resemble challenges
in a multi-document setting. To show that, we com-
pare our extended dataset PYRFUS++ to its prede-
cessor PYRFUS, that uses closely knit sentence
clusters, and to DISPARATE (Lebanoff et al.,
2020), that contains mostly non-overlapping within
document sentences. The latter allows to estimate
a lower bound for overlap for document sentences
with little shared content that still relate to each
other, making the bound tighter than for randomly
picked sentences (some examples are shown in Ap-
pendix D). We denote by ∆-PYRFUS the instances
that we added exclusively as part of our extension.5

To assess content overlap empirically, we calculate
the micro-average of ROUGE (Lin, 2004) word-

5The original clusters may have grown as well due to the
added input sentences, but we exclude those clusters from
∆-PYRFUS for ease of analysis
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Train Data Dev Test Test++
PYRFUS 36.4 40.9 28.5
PYRFUS++ 42 45.4 32.5

Table 4: Rouge-2 F1 results for the baseline model
(BART). Test++ refers to the test set of the extended
PYRFUS++ dataset. The other evaluation splits refer
to the original PYRFUS data.

overlap between every sentence in the cluster to
its target label (RL→S1 ) and between every pair of
input sentences in the same cluster (RS→S1 ).

The results in Table 3 show that the content over-
lap among input sentences (RS→S1 ) of our added
instances in ∆-PYRFUS is much closer to PYR-
FUS than to disparate sentences, indicating they
are viable and highly-related input examples. This
reinforces our claim that in a true multi-document
setting a system will be challenged with dealing
with significantly more redundant information then
exhibited within a single document (as in DIS-
PARATE), and this has to be specifically addressed
by a multi-document fusion dataset.

As expected, PYRFUS contains a much higher
label to sentence content overlap (RL→S1 ), given
that the original pre-processing explicitly removed
instances with less overlap between the SCU out-
put and the source sentences. In fact, our analysis
revealed that in PyrFus, extractive target labels,
where the target sentence is an approximate copy
of one of the input sentences (up to two words),
account for 29% of the clusters, while in our ex-
tended dataset they account only for 11%. Overall
our new fusion clusters express high relatedness
between the source sentences and their label, while
exhibiting higher diversity.

5 Baselines and Data Effectiveness

We implement a modern baseline (see Appendix E
for details) for PYRFUS (Thadani and McKeown,
2013), which outperforms their pre-neural one.6 To
that end, we employ the pre-trained auto-encoder
BART (Lewis et al., 2020) as our end-to-end gen-
eration model due to its demonstrated performance
on summarization tasks.

Results, as shown in Table 4, were measured
with the Rouge-2 F1 metric on the original PYR-
FUS evaluation splits. These results show that

6PyrFus evaluation used bigram-F1 (Unno et al., 2006)
that is similar to Rouge-2 F1, reporting 24.92 points for their
best model. We use the widely accepted Rouge metric to be
inline with contemporary works.

SCU Label Sodium cyanide use by fisherman decimates fish

PYRFUS In the Philippines some fishermen use cyanide in
fishing

PYRFUS++ In the Philippines cyanide use by fisherman deci-
mates fish

Table 5: The gold SCU label vs the predictions made by
the baseline model trained on PYRFUS and PYRFUS++

a fusion model trained on our extended data
(PYRFUS++) significantly outperforms the same
model trained on the original training data, by
roughly 5 R2 points. Notably, the model trained on
PYRFUS++ scored 13 points lower on its own test
set, indicating that the new dataset is much more
challenging, and yet enables the model to reach
better generalizations.

Examining the outputs of both models, we find
that many are similar and are often extracted from
source sentences7. To study the differences be-
tween model outputs, we first sample 50 instances
where the PYRFUS++ model performed worse. We
notice that in most (78%) of these cases the PYR-
FUS++ model output is acceptable, while the lower
score stems from ROUGE artifacts due to sentence
rephrasing. Only 22% do suffer from lack of salient
content. On the contrary, inspecting 50 instances
where the PYRFUS model performed worse, we
find that only 54% of these are acceptable, while
the rest suffer from lack of salient content. This
sample analysis suggests that the advantage of the
PYRFUS++ model is even greater than reflected
by the ROUGE scores. Finally, an example for
missing information in the PYRFUS model output
appears in Table 5, not including a critical detail
that all input sentences (in Table 1) discuss – fish
decimation, while the PYRFUS++-trained model
correctly includes it. Such instances show the ne-
cessity of a large and realistic fusion dataset for
model training.

6 Conclusion

In this work we extended a sentence fusion dataset
by almost four times its original size, while rela-
beling some of the data. The new dataset includes
more complex and relevant training instances, bet-
ter reflecting those that could be found in “the
wild”, and thus facilitates further research on data
consolidation in multi-text tasks. In addition, we

7A fairly large proportion of targets are inevitably extrac-
tive, since the original (manual) Pyramid data contains many
extractive SCU labels (Thadani and McKeown, 2013)
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train baseline fusion models and show that when
trained on our extended data we achieve notably
better performance on the original available fusion
test set, while also generating qualitatively better
(“loose") sentence intersections.
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Filter Filtered SCU Labels
1 SL Saudi Arabia urged withdrawal
2 NV Resignation of Prime Minister Karami

and his government
3 NV | SL Murder in Boulder, Colorado
4 NV Confirmed bird flu cases in Hong Kong
5 SL FARC commits slaughters
6 SL Water being diverted

Table 6: Originally filtered SCU instances in PYRFUS.
NV – No Verb, SL – Short Label. Ex. 1-4 are clusters
that were excluded based on the label alone in the orig-
inal dataset, but kept in our extension. Ex. 5-6 were
discarded in both datasets.

SCUs. These include discarding all clusters that:
[1] have more than 4 contributing sentences; [2]
have SCU labels that don’t contain a verb after
the first token; [3] have SCU labels and source
sentences with less than 5 words or more than 100;
[4] have contributing spans that are shorter than
half of their source sentence; [5] have SCU labels
that are shorter than half of the shortest contributing
span in the input; and [6] have SCU labels with any
tokens not appearing in any of the source sentences.

Table 6 represents examples of fusion instances
that were filtered out in PYRFUS due to various
filters. First four examples were recovered in our
dataset, but the last two were deemed too short and
not specific enough, and were left out due to lack
of informativeness.

We found that certain filters were safe to remove.
We discard filter [2] since the majority of SCU la-
bels without a verb use a nominalization (affecting
601 instances). Similarly, we ease the length re-
quirement of SCUs to be between 4-100, as they
were found to be coherent and descriptive, affect-
ing 497 instances. Additionally, we allow SCU
clusters that have low overlap between their label
and their marked contributing spans, discarding
filters [4] and [5], affecting 2410 instances (see Ta-
ble 2). And finally, we keep fusion instances whose
SCU label tokens are not fully covered by their in-
put sentences to allow paraphrases (affecting 2410
instances). 8

B Pyramid-based Fusion Data

For the fusion instances containing summary
source sentences as inputs, we used the same years
reported in Thadani and McKeown (2013) (years

8Filters are not mutually exclusive, therefore there can be
an instance that is affected by multiple filters.

2005-2007 for DUC and 2008-2011 for TAC). The
source document sentences found in Copeck and
Szpakowicz (2005) were made available from 2005-
2008. We made use of all the years except 2005,
since we found this year to be containing more
varied documents within a topic, which yielded
noisier automatic alignments between SCU labels
and source document sentences.

C Manual Target Re-annotation

Once we removed most of the filtering pipeline
of PYRFUS, we noticed that almost 20% of the
fusion input clusters share more than one SCU la-
bel. To accommodate, we manually re-label such
clusters using all shared SCU labels into a single
sentence. For example, for the following two SCU
labels: Clinical trials typically involve three phases
and Clinical trials involve an average of 200 pa-
tients per trial, a new merged fusion label would
be: Clinical trials typically involve three phases
and an average of 200 patients per trial.

D Examples of Fusion Instances

Table 7 presents 3 examples of fusion instances
originating from different datasets. As previously
mentioned, DISPARATE fusion involves the fu-
sion of input sentences that often originate from a
single document, containing little content overlap
but related in discourse. The data used was taken
from Lebanoff et al. (2020) and included 1599 sam-
ples. PYRFUS and PYRFUS++ contain examples
originating from multi-text settings, while PYRFUS

contains only inputs from reference summaries,
and PYRFUS++ is enhanced with document source
sentences, along with more complex examples.

E Training a Fusion Baseline

As described in section 5, we train two sentence
fusion baselines using a pre-trained auto-encoder
BART base model (Lewis et al., 2020), on PYRFUS

and PYRFUS++ respectively. We used the training
script 9 made available by the transformers library
(Wolf et al., 2020) with the following parameters:
4 training epochs and a learning rate of 3e-5. A
“steps” evaluation parameter was used with 5000
evaluation steps and an evaluation beam of 6. Max
source input was limited to 265 while max target
length was set to 30. Minimum target length were

9https://github.com/huggingface/
transformers/blob/master/examples/
legacy/seq2seq/finetune_trainer.py
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Source Fusion Inputs Fused Output

DISPARATE
(A) The bodies showed signs of torture.
(B) They were left on the side of a highway in Chilpancingo,
about an hour north of the tourist resort of Acapulco in the state of Guerrero.

The bodies of the men, which showed signs of torture,
were left on the side of a highway in Chilpancingo.

PYRFUS++
(A) Secret zombie networks, called botnets, infect up to millions of personal computers
and countries such as China restrict internet usage.
(B) China and Iran censor the Internet against subversion or immorality.

China uses censorship to fight internet crimes.

PYRFUS

(A) Overseas hackers accessed confidential information from South Korea.
(B) South Korea’s presidential mansion came under attack during 2008
from overseas hackers.

Hackers accessed information from
South Korea.

Table 7: Examples of different fusion instances from separate sources. PYRFUS and PYRFUS++ contain sentences
originating from a multi-text setting, with related events expressed redundantly and differently, motivating infor-
mation consolidation. The DISPARATE fusion dataset (Lebanoff et al., 2020) uses related sentences originating
in the same document, but do not necessarily carry redundancies. Instead, it tries to model the correct discourse
structure that can fuse the inputs into one sentence.

set to 4, given our minimum requirements for fu-
sion labels. The final evaluated score reported was
an average score over 20 different trained models.
This is due to BART being highly sensitive to the
ordering of the input sentences. Both baseline mod-
els were trained using the train/test splits that were
reported in Thadani and McKeown (2013), using
DUC years 2005-2007 for test, TAC 2011 for dev,
and TAC 2008-2010 for train.
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Abstract

Vocabulary selection, or lexical shortlisting, is
a well-known technique to improve latency of
Neural Machine Translation models by con-
straining the set of allowed output words dur-
ing inference. The chosen set is typically
determined by separately trained alignment
model parameters, independent of the source-
sentence context at inference time. While vo-
cabulary selection appears competitive with
respect to automatic quality metrics in prior
work, we show that it can fail to select the
right set of output words, particularly for se-
mantically non-compositional linguistic phe-
nomena such as idiomatic expressions, lead-
ing to reduced translation quality as perceived
by humans. Trading off latency for quality
by increasing the size of the allowed set is
often not an option in real-world scenarios.
We propose a model of vocabulary selection,
integrated into the neural translation model,
that predicts the set of allowed output words
from contextualized encoder representations.
This restores translation quality of an uncon-
strained system, as measured by human evalua-
tions on WMT newstest2020 and idiomatic ex-
pressions, at an inference latency competitive
with alignment-based selection using aggres-
sive thresholds, thereby removing the depen-
dency on separately trained alignment models.

1 Introduction

Neural Machine Translation (NMT) has achieved
great improvements in translation quality, largely
thanks to the introduction of Transformer mod-
els (Vaswani et al., 2017). However, increasingly
larger models (Aharoni et al., 2019; Arivazha-
gan et al., 2019) lead to prohibitively slow infer-
ence when deployed in industrial settings. Espe-
cially for real-time applications, low latency is
key. A number of inference optimization speed-
ups have been proposed and are used in practice:

∗Equal contributions.

EN: to swal low the bitter pill
DE: in den sau ren ap fel bei ßen
GL: to bite into the sour ap ple

EN: by ho ok or cro ok
DE: auf biegen und brechen
GL: by bending and breaking

EN: to buy a p ig in a po ke
DE: die kat ze im sack kaufen
GL: to buy the cat in the bag

EN: to swe at blood
DE: blu t und wasser sch wit zen
GL: to sweat blood and water

EN: make yourself at home !
DE: machen sie es sich bequem !
GL: make yourself comfortable !

Figure 1: Examples of subword-segmented idiomatic
expressions (EN) and their German correspondences
(DE) as well as an English gloss (GL) of the German ex-
pression. Alignment-based vocabulary selection: out-
put tokens missing from the allowed set of top-k output
tokens are marked in orange/bold (red/italic) for k=200
(k=1000).

reduced precision (Aji and Heafield, 2020), replac-
ing self-attention with Average Attention Networks
(AANs) (Zhang et al., 2018), Simpler Simple Re-
current Units (SSRUs) (Kim et al., 2019), or model
pruning (Behnke and Heafield, 2020; Behnke et al.,
2021).

Another technique that is very common in prac-
tice is vocabulary selection (Jean et al., 2015)
which usually provides a good tradeoff between
latency and automatic metric scores (BLEU) and
reduced inference cost is often preferred over the
loss of ∼0.1 BLEU. Vocabulary selection is effec-
tive because latency is dominated by expensive,
repeated decoder steps, where the final projection
to the output vocabulary size contributes to a large
portion of time spent (Bérard et al., 2021). Despite
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high parallelization in GPUs, vocabulary selection
is still relevant for GPU inference for state-of-the-
art models.

However, we show that standard methods of vo-
cabulary selection based on alignment model dictio-
naries lead to quality degradations not sufficiently
captured by automatic metrics such as BLEU. We
demonstrate that this is particularly true for se-
mantically non-compositional linguistic phenom-
ena such as idiomatic expressions, and aggressive
thresholds for vocabulary selection. For example,
see Figure 1 for alignment-model based vocabulary
selection failing to include tokens crucial for trans-
lating idiomatic expressions in the set of allowed
output words. While less aggressive thresholds
can reduce the observed quality issues, it also re-
duces the desired latency benefit. In this paper we
propose a neural vocabulary selection model that
is jointly trained with the translation model and
achieves translation quality at the level of an un-
constrained baseline with latency at the level of an
aggressively thresholded alignment-based vocabu-
lary selection model.

Our contributions are as follows:

• We demonstrate that alignment-based vocab-
ulary selection is not limited by alignment
model quality, but rather inherently by making
target word predictions out of context (§2).

• We propose a Neural Vocabulary Selection
(NVS) model based on the contextualized
deep encoder representation (§3).

• We show that alignment-based vocabulary se-
lection leads to human-perceived translation
quality drops not sufficiently captured by au-
tomatic metrics and that our proposed model
can match an unconstrained model’s quality
while keeping the latency benefits of vocabu-
lary selection (§4).

2 Pitfalls of vocabulary selection

We first describe vocabulary selection and then an-
alyze its shortcomings. Throughout the paper, we
use the recall of unique target sentence tokens as
a proxy for measuring vocabulary selection qual-
ity, i.e. the reachability of the optimal translation.
We use the average vocabulary size in inference
decoder steps across sentences as a proxy for trans-
lation latency since it directly impacts decoding
speed (Kasai et al., 2020).

k = 200 k = 1000
Scope model ref. model ref.

EN-DE
fast_align 99.6 97.5 99.9 99.7
GIZA++ 99.6 97.8 100.0 99.7
MaskAlign 96.9 93.1 99.6 98.6

EN-RU
fast_align 98.7 93.8 99.9 98.9
GIZA++ 98.6 94.2 99.9 99.2
MaskAlign 94.2 87.2 99.1 96.7

Table 1: Recall of unique reference and model tokens
on newstest2020 with word probability tables extracted
from different alignment models.

2.1 Vocabulary selection
Vocabulary selection (Jean et al., 2015), also known
as lexical shortlisting or candidate selection, is a
common technique for speeding up inference in
sequence-to-sequence models, where the repeated
computation of the softmax over the output vocab-
ulary V of size V incurs high computational cost
in the next word prediction at inference time:

p(yt|y1:t−1, x; θ) = softmax(Wh+ b), (1)

where W ∈ RV×d, b ∈ RV and h ∈ Rd, d be-
ing the hidden size of the network. Vocabulary
selection chooses a subset V̄ ⊂ V , with V̄ � V , to
reduce the size of matrix multiplication in Equation
(1) such that

p̄(yt|y1:t−1, x; θ) = softmax(W̄h+ b̄), (2)

where W̄ ∈ RV̄×d and b̄ ∈ RV̄ . The subset V̄ is
typically chosen to be the union of the top-k target
word translations for each source token, according
to the word translation probabilities of a separately
trained word alignment model (Jean et al., 2015;
Shi and Knight, 2017). Decoding with vocabulary
selection usually yields similar scores according to
automatic metrics, such as BLEU (Papineni et al.,
2002), compared to unrestricted decoding but at
reduced latency (L’Hostis et al., 2016; Mi et al.,
2016; Sankaran et al., 2017; Junczys-Dowmunt
et al., 2018). In the following, we show that de-
spite its generally solid performance, vocabulary
selection based on word alignment models nega-
tively affects translation quality, not captured by
standard automatic metrics. We use models trained
on WMT20 (Barrault et al., 2020a) data for all eval-
uations in this section, see Section 4.1 for details.

2.2 Alignment model quality
In practice, the chosen subset of allowed out-
put words is often determined by an alignment
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model, such as fast_align (Dyer et al., 2013),
which provides a trade-off between the speed of
alignment model training and the quality of align-
ments (Jean et al., 2015; Junczys-Dowmunt et al.,
2018). fast_align’s reparametrization of IBM
model 2 (Brown et al., 1993) places a strong prior
for alignments along the diagonal. We investigate
whether more sophisticated alignment models can
lead to better vocabulary selection, especially for
language pairs with high amount of reordering. To
evaluate this we compute the recall of translation
model and reference tokens using GIZA++ (Och
and Ney, 2003) and MaskAlign1 (Chen et al.,
2021) as seen in Table 1. We extract top-k word
translation tables (from fast_align, GIZA++,
and MaskAlign) by force-aligning the training
data. Overall, GIZA++ achieves the best recall,
and it is just slightly better than fast_align.
MaskAlign, a state-of-the-art neural alignment
model, underperforms fast_align with respect
to recall. While performance of MaskAlign may
be improved with careful tuning of its hyperparam-
eters via gold alignments (Chen et al., 2021), we
choose fast_align as a strong, simple baseline
for vocabulary selection in the following.

2.3 Out-of-context word selection

Alignment-based vocabulary selection does not
take source sentence context into account. A top-k
list of translation candidates for a source word will
likely cover multiple senses for common words,
but may be too limited when a translation is highly
dependent on the source context. Here we consider
idiomatic expressions as a linguistic phenomenon
that is highly context-dependent due to its semanti-
cally non-compositional nature.

Table 2 compares the recall of tokens in the refer-
ence translation when querying the translation lexi-
con of the alignment model for two different top-k
settings. Recall is computed as the percentage of
unique tokens in the reference translation that ap-
pear in the top-k lexicon, or more generally, in the
set of predicted tokens according to a vocabulary se-
lection model. We evaluate two scopes for test sets
of idiomatic expressions: the full source and target
sentence vs. the source and target idiomatic multi-
word expressions according to metadata. The Id-
ioms test set is an internal set of 100 English idioms
in context and their human translations. ITDS is

1With default hyper-parameters from https://gith
ub.com/THUNLP-MT/Mask-Align

k = 200 k = 1000
Scope Idioms ITDS Idioms ITDS

EN-DE sentence 96.0 91.5 99.1 97.3
idiom 80.0 58.2 92.8 88.0

DE-EN sentence - 92.2 - 98.0
idiom - 75.5 - 90.1

EN-RU sentence 93.0 - 98.7 -
idiom 65.7 - 85.6 -

Table 2: Recall on internal test set of idioms in context
and IdiomTranslationDS test set.

Wikiquote
Scope k = 200 k = 1000

EN-DE literal 96.5 99.2
idiomatic 74.6 91.0

EN-RU literal 91.2 99.2
idiomatic 67.6 88.9

Table 3: Recall on English proverbs and their literal
and idiomatic translations sourced from Wikiquote.

the IdiomTranslationDS2 data released by Fadaee
et al. (2018) with 1500 test sentences containing
English and German idiomatic expressions for eval-
uation into and out of German, respectively. The
results show that recall increases when increasing
k but is consistently lower for the idiomatic expres-
sions than for full sentences. Clearly, the idiom
translations contain tokens that are on average less
common than the translations of “regular” inputs.
As a consequence, increasing the output vocabulary
is less effective for idiom translations, with recall
lagging behind by up to 9.3%. This can directly
affect translation quality because the NMT model
will not be able to produce idiomatic translations
given an overly restrictive output vocabulary.

Table 3 shows a similar comparison but here we
evaluate full literal translations vs. full idiomatic
translations on a data set of English proverbs from
Wikiquote3. For EN-DE, we extracted 94 triples
of English sentence and two references, for EN-
RU we extracted 262 triples. Although in both
cases recall can be improved by increasing k, it
helps considerably less for idiomatic than for literal
translations.

Figure 1 shows examples of idiomatic expres-
sions from the ITDS set and the output tokens be-
longing to an idiomatic translation that are missing
from the respective lexicon used for vocabulary

2https://github.com/marziehf/IdiomTra
nslationDS

3https://github.com/awslabs/sockeye/t
ree/naacl2022/naacl2022/wikiquote
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idioms in context
Scope w/o adapt w/ adapt

EN-DE sentence 96.0 98.0
idiom 80.0 97.2

EN-RU sentence 93.0 96.6
idiom 65.7 91.7

Table 4: Recall on internal test set of idioms in context,
with and without adapting the fast_align transla-
tion lexicons (k = 200).

selection. While for some of the examples, increas-
ing the lexicon size solves the problem, for others
the idiomatic translation can still not be generated
because of missing output tokens.

These results demonstrate that there is room for
improvement in vocabulary selection approaches
when it comes to non-literal translations.

2.4 Domain mismatch in adaptation settings

Using a word alignment model to constrain the
NMT output vocabulary means that this model
should ideally also be adapted when adapting the
NMT model to a new domain. Table 4 shows that
adapting the word alignment model with relevant
in-domain data (in this case, idiomatic expressions
in context) yields strong recall improvements for
vocabulary selection. Compared to increasing the
per-source-word vocabulary as shown in Table 2,
the improvement in recall for idiom tokens is larger
which highlights the importance of having a vocab-
ulary selection model which matches the domain
of the NMT model. This also corroborates the find-
ing of Bogoychev and Chen (2021) that vocabulary
selection can be harmful in domain-mismatched
scenarios.

We argue that integrating vocabulary prediction
into the NMT model avoids the need for mitigating
domain mismatch because domain adaptation will
update both parts of the model. This simplifies do-
main adaptation since it only needs to be done once
for a single model and does not require adaptation
or re-training of a separate alignment model.

2.5 Summary

We use target recall as a measure for selection
model quality. We see that alignment model qual-
ity only has a limited impact on target token re-
call with more recent models actually having lower
recall overall. In domain adaptation scenarios vo-
cabulary selection limits translation quality if the
selection model is not adapted. The main challenge

for alignment-based vocabulary selection comes
from its out-of-context selection of target tokens on
a token-by-token basis, shown to reduce recall for
translation of idiomatic, non-literal expressions. In-
creasing the size of the allowed set can compensate
for this shortcoming at the cost of latency. However,
this begs the question of whether context-sensitive
selection of target tokens can achieve higher recall
without increasing vocabulary size.

3 Neural Vocabulary Selection (NVS)

We incorporate vocabulary selection directly into
the neural translation model, instead of relying on
a separate statistical model based on token transla-
tion probabilities. This enables predictions based
on contextualized representations of the full source
sentence. It further simplifies the training proce-
dure and domain adaptation, as we do not require a
separate training procedure for an alignment model.

The goal of our approach is three-fold. We
aim to (1) keep the general Transformer (Vaswani
et al., 2017) translation model architecture, (2) in-
cur only a minimal latency overhead that amortizes
by cheaper decoder steps due to smaller output
vocabularies, and (3) scale well to sentences of
different lengths.

Figure 2 shows the Neural Vocabulary Selection
(NVS) model. We base the prediction of output
tokens on the contextualized hidden representation
produced by the Transformer encoder H ∈ Rd×t
for t source tokens and a hidden size of d. The t
source tokens are comprised of t− 1 input tokens
and a special <EOS> token. To obtain the set of
target tokens, we first project each source position
to the target vocabulary size V , apply max-pooling
across tokens (Shen et al., 2018), and finally use
the sigmoid function, σ(·), to obtain

z = σ(maxpool(WH + b)), (3)

where W ∈ RV×d, b ∈ RV and z ∈ RV . The
max-pooling operation takes the per-dimension
maximum across the source tokens, going from
RV×t to RV . Each dimension of z indicates the
probability of a given target token being present in
the output given the source. To obtain the target
Bag-of-words (BOW), we select all tokens where
zi > λ as indicated in the right-hand side of Fig-
ure 2, where λ is a free parameter that controls the
size V̄ of the reduced vocabulary V̄ . At inference
time, the output projection and softmax at every
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Figure 2: The proposed Neural Vocabulary Selection (NVS) model. A subset of the full vocabulary is selected
based on encoder representation H and passed to the decoder for a reduced output projection at every decoder
step.

decoder step are computed over the predicted BOW
of size V̄ only.

We achieve goal (1) by basing predictions on
the encoder representation already used by the de-
coder. Goal (2) is accomplished by restricting NVS
to a single layer and basing the prediction on the
encoder output, where we can parallelize compu-
tation across source tokens. Inference latency is
dominated by non-parallelizable decoder steps (Ka-
sai et al., 2020). By projecting to the target vo-
cabulary per source token, each source token can
“vote” on a set of target tokens. The model auto-
matically scales to longer sentences via the max-
pooling operation, acting as a union of per-token
choices, fulfilling goal (3). Max-pooling does not
tie the predictions across timesteps as they would
be with mean-pooling which would also depend
on sentence length. Additionally, we factor in a
sentence-level target token prediction based on the
<EOS> token. The probability of a target word be-
ing present is represented by the source position
with the highest evidence, backing off to a base
probability of a given word via the bias vector b.

To learn the V × d + V parameters for NVS,
we use a binary cross-entropy loss with the binary
ground truth vector y ∈ RV , where each entry
indicates the presence or absence of target token
yi. We define the loss as

LNVS =
1

Z

V∑

i=0

yi log(zi)λp+(1−yi) log(1−zi),

where λp is a weight for the positive class and

Z = V + (λp − 1) ∗ np is the normalizing factor,
with np =

∑
i yi being the number of unique target

words. Most dimensions of the V -dimensional vec-
tor y will be zero as only a small number of target
words are present for a given sentence. To counter
the class imbalance of the negative class over the
positive class the λp weight allows overweighting
the positive class. This has the same effect as if
each target word had occurred λp times. The NVS
objective (LNVS) is optimized jointly with the stan-
dard negative log-likelihood translation model loss
(LMT): L = LNVS + LMT.

4 Experiments

4.1 Setup

Our training setup is guided by best practices
for efficient NMT to provide a strong low la-
tency baseline: deep Transformer as encoder with
a lightweight recurrent unit in the shallow de-
coder (Bérard et al., 2021; Kim et al., 2019), int8
quantization for CPU and half-precision GPU in-
ference. We use the constrained data setting from
WMT20 (Barrault et al., 2020b) with four language
pairs English-German, German-English, English-
Russian, Russian-English and apply corpus clean-
ing heuristics based on sentence length and lan-
guage identification. We tokenize with sacre-
moses4 and byte-pair encode (Sennrich et al., 2016)
the data with 32k merge operations.

4https://github.com/alvations/sacremo
ses
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newstest2020 ITDS idiom test
vocabulary
selection BLEU ↑ COMET ↑ human eval (%) ↑ CPU ↓

(ms / %)
GPU ↓
(ms / %) BLEU ↑ human eval (%) ↑

E
N

-D
E

- 34.4±0.2 0.461±0.003 100 100 999±12 208±1 25.5±0.2 100 100
align k=200 34.2±0.1 0.453±0.004 98.0±1.9 96.7±1.9 51.0±0.6 78.2±0.9 25.4±0.2 96.6±1.9 97.2±1.8
align k=1000 34.3±0.2 0.462±0.005 100.1±2.0 100.0±1.9 66.6±0.5 82.9±0.7 25.5±0.1 98.5±1.7 100.4±1.9
NVS λ=0.99 34.4±0.1 0.460±0.004 - 99.5±1.7 46.6±0.5 79.8±0.9 25.5±0.2 - 99.3±1.9
NVS λ=0.9 34.4±0.2 0.461±0.004 100.0±1.8 - 54.1±0.7 82.2±0.9 25.5±0.2 99.1±1.9 -
NVS λ=0.5 34.4±0.2 0.461±0.004 - - 65.6±0.8 86.1±0.7 25.5±0.2 - -

D
E

-E
N

- 40.7±0.2 0.645±0.001 100 100 1128±17 229±1 29.8±0.1 100 100
align k=200 40.7±0.2 0.643±0.002 98.1±2.6 98.8±2.3 53.6±0.5 76.9±0.7 29.8±0.1 96.9±2.1 97.9±2.2
align k=1000 40.7±0.2 0.645±0.001 99.3±2.5 100.3±2.2 67.9±0.5 84.4±0.6 29.8±0.1 101.2±2.1 101.8±2.2
NVS λ=0.99 40.7±0.1 0.644±0.003 - 99.8±2.4 47.6±0.6 76.4±0.7 29.7±0.1 - 99.9±2.1
NVS λ=0.9 40.7±0.2 0.645±0.002 101.6±2.6 - 54.4±0.6 79.8±1.3 29.7±0.1 101.0±2.2 -
NVS λ=0.5 40.7±0.1 0.645±0.002 - - 63.9±0.5 83.2±0.7 29.7±0.1 - -

E
N

-R
U

- 23.6±0.1 0.528±0.002 100 100 673±7 145±1
align k=200 23.3±0.1 0.507±0.003 95.9±1.8 94.1±1.8 49.9±0.8 78.2±0.9
align k=1000 23.5±0.1 0.527±0.003 100.4±1.8 99.9±1.7 64.8±0.8 82.9±0.7
NVS λ=0.99 23.6±0.1 0.525±0.002 - 99.2±1.7 48.1±0.6 79.8±0.9
NVS λ=0.9 23.6±0.1 0.528±0.003 99.3±1.7 - 58.2±0.8 82.2±0.9
NVS λ=0.5 23.6±0.0 0.529±0.002 - - 67.5±0.8 86.1±0.7

R
U

-E
N

- 35.5±0.1 0.559±0.005 100 100 568±8 123±1
align k=200 35.2±0.1 0.552±0.004 96.4±2.5 97.7±2.5 49.3±0.9 79.4±1.0
align k=1000 35.4±0.1 0.561±0.004 99.9±2.5 98.7±2.3 62.7±0.5 81.8±0.8
NVS λ=0.99 35.5±0.1 0.558±0.004 - 100.2±2.5 47.2±0.5 79.9±1.0
NVS λ=0.9 35.5±0.1 0.559±0.005 101.1±2.6 - 52.2±0.6 80.9±1.3
NVS λ=0.5 35.5±0.1 0.559±0.005 - - 60.2±0.6 83.6±0.9

Table 5: Experimental results for unconstrained decoding (baseline), alignment-based VS with different k, and
Neural Vocabulary Selection with varying λ. BLEU and COMET: mean and std of three runs with different
random seeds. Human evaluation: source-based direct assessment renormalized so that the unconstrained baseline
is at 100%, with 95% CI of a paired t-test. We ran two sets of human evaluations comparing 4 systems each.
CPU/GPU: p90 latency in ms with 95% CI based on 30 runs with batch size 1, shown as a percentage of the
baseline.

All models are Transformers (Vaswani et al.,
2017) trained with the Sockeye 2 toolkit (Domhan
et al., 2020). We release the NVS code as part of
the Sockeye toolkit5. We use a 20-layer encoder
and a 2-layer decoder with self-attention replaced
by SSRUs (Kim et al., 2019).

NVS and NMT objectives are optimized jointly,
but gradients of the NVS objective are blocked be-
fore the encoder. This allows us to compare the
different vocabulary selection techniques on the
same translation model that is unaffected by the
choice of vocabulary selection. All vocabulary se-
lection methods operate at the BPE level. We use
the translation dictionaries from fast_align for
alignment-based vocabulary selection. We use a
minimum of k = 200 for alignment-based vo-
cabulary selection which is at the upper end of
what is found in previous work. Junczys-Dowmunt
et al. (2018) set k = 100, Kim et al. (2019) set
k = 75, and Shi and Knight (2017) set k = 50.

5https://github.com/awslabs/sockeye/t
ree/naacl2022

Smaller k would lead to stronger quality degra-
dations at lower latency. GPU and CPU latency
is evaluated at single-sentence translation level to
match real-time translation use cases where latency
is critical. We evaluate translation quality using
SacreBLEU (Post, 2018)6 and COMET (Rei et al.,
2020)7. Furthermore, we conduct human evalua-
tions with two annotators on the subsets of new-
stest2020 and IDTS test sentences where outputs
differ between NVS λ = 0.9 (0.99) and align
k = 200. Professional bilingual annotators rate
outputs of four systems concurrently in absolute
numbers with increments of 0.2 from 1 (worst) to
6 (best). Ratings are normalized so that the (un-
constrained) baseline is at 100%. Complementary
details on the training setup, vocabulary selection
model size, human and latency evaluation setup
can be found in Appendix A.

6BLEU+case.mixed+lang.en-
de+numrefs.1+smooth.exp+tok.13a+version.1.4.14.

7wmt-large-da-estimator-1719
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4.2 Results

Table 5 shows results of different vocabulary selec-
tion models on newstest2020 and the ITDS idiom
set, compared to an unconstrained baseline without
vocabulary selection. Automatic evaluation metrics
show only very small differences between models.
For three out of four language pairs, the alignment
model with k = 200 performs slightly worse than
the unconstrained baseline (0.2-0.3 BLEU). This
corroborates existing work that quality measured
by automatic metrics is not significantly affected by
alignment-based vocabulary selection (Jean et al.,
2015; Shi and Knight, 2017; Kim et al., 2019).

However, human-perceived quality of alignment-
based vocabulary selection with k = 200 is con-
sistently lower than the baseline. COMET, found
to correlate better with human judgements than
BLEU (Kocmi et al., 2021), only reflects this drop
in two out of the four language pairs, considering
confidence intervals across random seeds. Increas-
ing k to 1000 closes the quality gap with respect
to human ratings taking the confidence intervals
into account. The same is true for vocabulary se-
lection using NVS at both λ = 0.9 and λ = 0.99,
where quality is also within the confidence intervals
of the unconstrained baseline. However, NVS is
consistently faster than the alignment-based model.
For λ = 0.9 we see CPU latency improvements of
95 ms on average across language arcs. Increas-
ing the threshold to λ = 0.99 latency compared
to k = 1000 is reduced by 157 ms on average.
The same trend holds for GPU latency but with
smaller differences. Figure 3 compares the NVS
model against the alignment model according to
the speed/quality tradeoff reflected by average vo-
cabulary size vs. reference token recall on new-
stest2020. NVS consistently outperforms the align-
ment model, especially for small average vocabu-
lary sizes where NVS achieves substantially higher
recall. This demonstrates that the reduced vocab-
ulary size and therefore faster decoder steps can
amortize the cost of running the lightweight NVS
model, which is fully parallelized across source
tokens as part of the encoder.

To evaluate a domain adaptation setting, we fine-
tune the NVS models on a set of 300 held-out sen-
tences of idioms in sentence context for 10 epochs.
For a fair comparison, we also include the same
data for the alignment-based vocabulary selection.
Figure 4 shows that NVS yields pareto optimality
over the alignment model with and without domain

adaptation to a small internal training set of id-
iomatic expressions in context. This highlights the
advantage of NVS which is automatically updated
during domain fine-tuning as it is part of a single
model. See Appendix C for additional figures on
the proverbs and ITDS test sets, where the same
trend holds.

4.3 Analysis

Our proposed neural vocabulary selection model
benefits from contextual target word prediction. We
demonstrate this by comparing the predicted BOW
when using the source sentence context versus pre-
dicting BOWs individually for each input word
(which may consist of multiple subwords) and tak-
ing the union of individual bags. We use the NVS
models that are adapted to a set of idiomatic ex-
pressions for this analysis to ensure that the un-
constrained baseline models produce reasonable
translations for the Idiom test set.

Ref tokens λ Context No Context

EN-DE
All 0.9 0.93 0.62

0.99 0.73 0.31

All excl 0.9 0.32 0.01
0.99 0.43 0.01

EN-RU
All 0.9 0.75 0.43

0.99 0.57 0.25

All excl 0.9 0.37 0.05
0.99 0.38 0.06

Table 6: Percentage of segments with all idiomatic
reference tokens included in the BOW (All), or ex-
clusively included in the contextual or non-contextual
BOW (All excl) for NVS threshold λ.

Table 6 shows the percentage of segments for
which all reference tokens are included in the
contextual vs. the non-contextual BOW for an
acceptance threshold of 0.9 and 0.99. Indepen-
dent of the threshold, predicting the BOW using
source context yields significantly larger overlap
with idiomatic reference tokens. We also mea-
sure the extent to which idiomatic reference tokens
are included exclusively in the contextual or non-
contextual BOW. For 32% of EN-DE segments,
only the contextual BOW contains all idiomatic
reference tokens. For non-contextual BOWs, this
happens in only 1% of the segments (with λ=0.9).
For EN-RU, the values are 38% versus 6%, respec-
tively. This shows that the model makes extensive
use of contextualized source representations in pre-
dicting the relevant output tokens for idiomatic
expressions.
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Figure 3: Vocabulary size (speed) vs. recall of reference tokens (quality) for newstest2020. For NVS,
values correspond to λ ∈ [0.99, 0.9, 0.5, 0.1, 0.01, .., 0.000001]. For align, values correspond to k ∈
[100, 200, .., 1000, 2000, .., 10000].
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Figure 4: Vocabulary size (speed) vs recall of reference tokens (quality) for the internal Idioms test
set with and without adapting on idioms for NVS and align models. For NVS, the values correspond
to setting λ ∈ [0.99, 0.9, 0.5, 0.1, 0.01, .., 0.000001]. For align, the values correspond to setting k ∈
[100, 200, .., 1000, 2000, .., 10000].

Figure 5 shows a few illustrative examples where
the idiomatic reference is only reachable with the
contextual BOW prediction. Consider the last ex-
ample containing the English idiom “to wrap one’s
head around it”. Even though the phrase is rather
common in English, the German translation “ver-
stehen” (to understand) would not be expected to
rank high for any of the idiom source tokens. Eval-
uating the tokens in context however yields the
correct prediction.

5 Related work

There are two dominant approaches to generate a
restricted set of target word candidates (i) using
an external model and (ii) using the NMT system
itself.

In the first approach, a short-list of transla-
tion candidates is generated from word-alignments
(Jean et al., 2015; Kim et al., 2019), phrase ta-
ble, and the most common target words (Mi et al.,
2016). L’Hostis et al. (2016) propose an additional
method using support vector machines to predict
target candidates from a sparse representation of
the source sentence.

In the second approach, Sankaran et al. (2017)
build alignment probability table from the soft-
attention layer from decoder to encoder. How-
ever, applying their method to multi-head attention
in Transformer is non-trivial as attention may not
capture word-alignments in multiple attention lay-
ers (Li et al., 2019). Shi and Knight (2017) use
local sensitive hashing to shrink the target vocabu-
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Source Idiomatic target

I thought I would be nervous , but I was cool as a cu cum ber . die Ruhe selbst
He decides that it is better to face the music , op ting to stay and conf ess . sich den Dingen stellen
The Classic Car Show is held in conjunction with Old Sett ler ’s Day , rain or shine . bei jedem Wetter
Tools , discipline , formal methods , process , and profession alism were tou ted as
silver bul lets :

Wunder wa ffe

They said he was ’ a little bit under the weather ’ . sich nicht wohl fühlen
I still can ’t wra p my head around it . verstehen

Figure 5: Test inputs from the internal Idioms test set for which the highlighted tokens in the idiomatic reference
are exclusively included in the contextual BOW (computed for idiom-adapted NVS model with λ = 0.9).

lary during decoding, though their approach only
reduces latency on CPUs instead of GPUs.

Chen et al. (2019) reduce the softmax computa-
tion by first predicting a cluster of target words and
then perform exact search (i.e., softmax) on that
cluster. The clustering process is trained jointly
with the translation process in their approach.

Closely related to our work is Weng et al. (2017),
who predict all words in a target sentence from the
initial hidden state of the decoder. Our NVS model
differs from theirs in that we make a prediction
for each source token and aggregate the results via
max-pooling to scale with sentence length. Recent
work of Bogoychev and Chen (2021) illustrates the
risk associated with reducing latency via vocabu-
lary selection in domain-mismatched settings. Our
work takes this a step further by providing a de-
tailed analysis on the shortcomings of vocabulary
selection and proposing a model to mitigate them.

Related to our findings on non-compositional
expressions, Renduchintala et al. (2021) evaluate
the effect of methods used to speed up decoding
in Transformer models on gender bias and find
minimal BLEU degradations but reduced gendered
noun translation performance on a targeted test set.

6 Conclusions

Alignment-based vocabulary selection is a com-
mon method to heavily constrain the set of allowed
output words in decoding for reduced latency with
only minor BLEU degradations. We showed with
human evaluations and a targeted qualitative anal-
ysis that such translations are perceivably worse.
Even recent automatic metrics based on pre-trained
neural networks, such as COMET, are only able to
capture the observed quality degradations in two
out of four language pairs. Human-perceived qual-
ity is negatively affected both for generic transla-
tions, represented by newstest2020, as well as for
idiomatic translations. Increasing the vocabulary

selection threshold can alleviate the quality issues
at an increased single sentence translation latency.
To preserve both translation latency and quality
we proposed a neural vocabulary selection model
that is directly integrated into the translation model.
Such a joint model further simplifies the training
pipeline, removing the dependency on a separate
alignment model. Our model has higher reference
token recall at similar vocabulary sizes, translating
into higher quality at similar latency.

References
Roee Aharoni, Melvin Johnson, and Orhan Firat. 2019.

Massively multilingual neural machine translation.
In Proceedings of the 2019 Conference of the North
American Chapter of the Association for Compu-
tational Linguistics: Human Language Technolo-
gies, Volume 1 (Long and Short Papers), pages
3874–3884, Minneapolis, Minnesota. Association
for Computational Linguistics.

Alham Fikri Aji and Kenneth Heafield. 2020. Com-
pressing neural machine translation models with 4-
bit precision. In Proceedings of the Fourth Work-
shop on Neural Generation and Translation, pages
35–42, Online. Association for Computational Lin-
guistics.

N. Arivazhagan, Ankur Bapna, Orhan Firat, Dmitry
Lepikhin, Melvin Johnson, Maxim Krikun, Mia Xu
Chen, Yuan Cao, George F. Foster, Colin Cherry,
Wolfgang Macherey, Z. Chen, and Yonghui Wu.
2019. Massively multilingual neural machine trans-
lation in the wild: Findings and challenges. ArXiv,
abs/1907.05019.

Loïc Barrault, Magdalena Biesialska, Ondřej Bojar,
Marta R. Costa-jussà, Christian Federmann, Yvette
Graham, Roman Grundkiewicz, Barry Haddow,
Matthias Huck, Eric Joanis, Tom Kocmi, Philipp
Koehn, Chi-kiu Lo, Nikola Ljubešić, Christof
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A Reproducibility Details

Data We use the constrained data setting from
WMT20 (Barrault et al., 2020b) with four language
pairs English-German, German-English, English-
Russian, Russian-English. Noisy sentence pairs
are removed based on heuristics, namely sentences
with a length ratio > 1.5, > 70% token overlap,
> 100 BPE tokens and those where source or target
language does not match according to LangID (Lui
and Baldwin, 2012) are filtered.

Model We train pre-norm Transformer (Vaswani
et al., 2017) models with an embedding dimension
of 1024 and a hidden dimension of 4096.

Model Size

align k=200 6,590,600
align k=1000 32,953,000
NVS 33,776,825

Table 7: Model size in terms of in-memory float num-
bers for EN-DE model with a target vocabulary size of
32953. This does not reflect actual memory consump-
tion, as the computation of the NVS layer may require
more intermediate memory.

Table 7 compares the memory consumption of
the different vocabulary selection models in terms
of float numbers. We see that the NVS model re-
quires a similar number of floating point numbers
as the alignment-based model at k = 1000. Note,
that this only represent the disk space requirements
as other intermediate outputs would be required at
runtime for either vocabulary selection model.

Training The NMT objective uses label smooth-
ing with constant 0.1, the NVS objective sets the
positive class weight λp to 100,000. Models train
on 8 Nvidia Tesla V100 GPUs on AWS p3.16xlarge
instances with an effective batch size of 50,000 tar-
get tokens accumulated over 40 batches. We train
for 70k updates with the Adam (Kingma and Ba,
2015) optimizer, using an initial learning rate of
0.06325 and linear warmup over 4000 steps. Check-
points are saved every 500 updates and we average
the weights of the 8 best checkpoints according to
validation perplexity.

Inference For GPU latency, we run in half-
precision mode (FP16) on AWS g4dn.xlarge in-
stances. CPU benchmarks are run with INT8 quan-
tized models run on AWS c5.2xlarge instances. We
decode using beam search with a beam of size

5. Each test set is decoded 30 times on different
hosts, and we report the mean p90 latency with its
95% confidence interval. Alignment-based vocab-
ulary selection includes the top k most frequently
aligned BPE tokens for each source token based on
a fast_align model trained on the same data as
the translation model. NVS includes all tokens that
are scored above the threshold λ. All vocabulary
selection methods operate at the BPE level.

Evaluation Human Evaluations and COMET /
BLEU use full precision (FP32) inference outputs.
We decided to use FP32 for human evaluation as
we wanted to evaluate the quality of the underly-
ing model independent of whether it gets used on
CPU or GPU and the output differences between
FP16/FP32/INT8 being small. We report mean and
standard deviation of SacreBLEU (Post, 2018)8

and COMET (Rei et al., 2020) scores on detok-
enized outputs for three runs with different random
seeds. For human evaluations, bilingual annotators
see a source segment and the output of a set of 4
systems at once when assigning an absolute score
to each output. The size of the evaluation set was
350 for EN-DE and EN-RU and 200 for DE-EN
and RU-EN for newstest2020. We used the full sets
of sentences differing between NVS λ = 0.9, align
k = 200 for the ITDS test set (309 for EN-DE and
273 for DE-EN).

Adaptation For domain adaptation, we fine-tune
the NVS model for 10 epochs using a learning rate
of 0.0001 and a batch size of 2048 target tokens.
To adapt the alignment-based vocabulary selection
model, we include the adaptation data as part of
the training data for the alignment model. We up-
sample the adaptation data by a factor of 10 for a
comparable setting with NVS fine-tuning.

B Positive class weight ablation

Based on preliminary experiments we had used a
weight for the positive class (λp) of 100k in the
experiments in §4. Here the positive class refers
to tokens being present on the target side and the
negative class to tokens being absent from the tar-
get side. For a Machine Translation setting there
are many more words that are not present than
are present on the target side. The negative class
therefore dominates the positive class. This can be

8BLEU+case.mixed+lang.en-
de+numrefs.1+smooth.exp+tok.13a+version.1.4.14.
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pos. weight BLEU COMET
EN-DE auto x = 10 34.4 0.459

auto x = 1 34.1 0.458
100k 34.4 0.461
10k 34.2 0.460
1k 34.4 0.463
100 34.2 0.456
10 32.5 0.295
1 15.9 -0.498

DE-EN auto x = 10 40.9 0.644
auto x = 1 40.8 0.640
100k 40.8 0.642
10k 41.0 0.645
1k 40.8 0.643
100 40.8 0.638
10 40.2 0.558
1 25.3 -0.608

EN-RU auto x = 10 23.6 0.524
auto x = 1 23.5 0.524
100k 23.6 0.524
10k 23.7 0.528
1k 23.6 0.526
100 23.3 0.497
10 20.6 0.128
1 5.6 -1.509

RU-EN auto x = 10 35.6 0.564
auto x = 1 35.6 0.563
100k 35.6 0.557
10k 35.8 0.565
1k 35.4 0.556
100 35.5 0.551
10 34.2 0.452
1 20.1 -0.622

Table 8: Translation quality in terms of BLEU and
COMET on newstest2020 with different weights for
the positive class. auto x refers to setting the weight
according to the ratio of the negative class to the posi-
tive class with a factor x.

counteracted by using a large value for the positive
weight λp.

Instead of setting λp to a fixed weight one can
also define it as

λp = x
nn
np

with np as the number of unique target words,
nn = V − np as the number of remaining words
and x being a factor to increase the bias towards re-
call. This way the positive class and negative class

are weighted equally. Table 8 shows the result of
different positive weights, including the automatic
setting according to the ratio (auto). We see that
not increasing the weight of the positive class re-
sults in large quality drops. For positive weights
> 1000 the quality differences are small. The auto
setting provides an alternative that is easier to set
than finding a fixed positive weight.

C Additional vocabulary size vs. recall
plots

Figures 6 and 7 provide results for the proverbs and
ITDS test sets, respectively. We see the same trend
across all test sets of NVS offering higher recall at
the same vocabulary size compared to alignment-
based vocabulary selection. For the proverbs test
set this is true both for the literal and the idiomatic
translations.
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Figure 6: Vocabulary size (speed) vs. recall of reference tokens (quality) for proverbs test set. For NVS, the
values correspond to setting λ ∈ [0.99, 0.9, 0.5, 0.1, 0.01, .., 0.000001]. For align, the values correspond to setting
k ∈ [100, 200, .., 1000, 2000, .., 10000].

Figure 7: Vocabulary size (speed) vs. recall of reference tokens (quality) for ITDS test set. For NVS, the values
correspond to setting λ ∈ [0.99, 0.9, 0.5, 0.1, 0.01, .., 0.000001]. For align, the values correspond to setting k ∈
[100, 200, .., 1000, 2000, .., 10000].
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Abstract

Citation context analysis (CCA) is an impor-
tant task in natural language processing that
studies how and why scholars discuss each oth-
ers’ work. Despite decades of study, com-
putational methods for CCA have largely re-
lied on overly-simplistic assumptions of how
authors cite, which ignore several important
phenomena. For instance, scholarly papers
often contain rich discussions of cited work
that span multiple sentences and express mul-
tiple intents concurrently. Yet, recent work in
CCA is often approached as a single-sentence,
single-label classification task, and thus many
datasets used to develop modern computational
approaches fail to capture this interesting dis-
course. To address this research gap, we high-
light three understudied phenomena for CCA
and release MULTICITE, a new dataset of
12.6K citation contexts from 1.2K computa-
tional linguistics papers that fully models these
phenomena. Not only is it the largest col-
lection of expert-annotated citation contexts
to-date, MULTICITE contains multi-sentence,
multi-label citation contexts annotated through-
out entire full paper texts. We demonstrate how
MULTICITE can enable the development of
new computational methods on three important
CCA tasks. We release our code and dataset at
https://github.com/allenai/multicite.

1 Introduction

Citations connect the current paper to the broader
discourse of science (e.g., Garfield, 1955; Sid-
dharthan and Teufel, 2007), help signal future im-
pact and uses (e.g., McKeown et al., 2016), and, in
downstream applications, can aid in summarizing
a work’s contributions (e.g., Qazvinian and Radev,
2008; Cohan and Goharian, 2015; Lauscher et al.,
2017a). The study of the role and purpose of cita-
tions, known as citation context analysis (CCA

∗ Part of the work was conducted during an internship
at the Allen Institute for AI and while being affiliated to the
University of Mannheim.

Swales, 1986), has uncovered traces of how ideas
have influenced a field, collaboration and competi-
tion among peers, and trends in scientific fields.

Computational approaches to CCA have largely
focused on classifying the intent or purpose of a
particular citation. With the advent of deep neu-
ral models, recent CCA research efforts have fo-
cused on increasing the size of the published re-
sources (Cohan et al., 2019; Tuarob et al., 2019;
Pride and Knoth, 2020). However, larger data sets
have come at the expense of oversimplifying the
rich discourse patterns surrounding citations, espe-
cially as complexity of annotation is often traded
for large-scale data collection. The aforementioned
recent large-scale resources, for instance, have ap-
proached CCA as a single-sentence, single-label
classification task, overlooking the richness and
nuance with which citations are used in discourse.

Contributions. In this work, we aim to fuel and
inspire research into new or understudied tasks in
CCA and their respective computational methods
motivated by complex phenomena in scholarly ci-
tations. Our contributions are three-fold.

1) First, we identify three phenomena of cita-
tion behavior in scholarly literature that remain
understudied by prior work in CCA (§2). We then
propose future CCA research also consider efforts
into three tasks well-motivated by these phenom-
ena: (§5) multi-label classification given a variable-
length citation context, (§6) context identification
given a citation, and the novel (§7) evidence-based
assessment of citing-cited paper relationships.

2) Second, to support these tasks and other
new forms of CCA research, we introduce a
novel resource (§4), the Multi-Sentence Multi-
Label Multi-Mention Citation (MULTICITE) cor-
pus, an expert-annotated collection of 1.2K full-
text English-language publications from computa-
tional linguistics with 12.6K labeled citation con-
texts. MULTICITE substantially opens up new op-

1875

https://github.com/allenai/multicite


portunities in CCA by being the only dataset which
captures all three understudied phenomena and is
large enough to support development of modern
computational methods, i.e., deep neural models.

3) Finally, we lay the groundwork for future
CCA research by demonstrating how one can use
our new resource to develop modern computational
methods to tackle each of the proposed analysis
tasks. Our experiments establish strong baselines
against which future work can compare.

2 Understudied Phenomena in CCA

Using examples, we highlight and motivate three
understudied phenomena in CCA, showing that
each reflects natural ways in which authors cite.

Multi-sentence contexts. While a citation ap-
pears in a particular sentence, its discussion may
span that sentence and beyond. For example, con-
sider the sentence:

“Gliozzo et al., (2005) succeeded eliminating this require-
ment by using the category name alone as the initial
keyword, yet obtaining superior performance within the
keyword-based approach.”

This sentence alone provides background informa-
tion about a previous approach and consequently,
one could describe its function as Background from
that text. However, the subsequent sentence contin-
ues the discussion of the citation:

“The goal of our research is to further improve the scheme
of text categorization from category name, which was
hardly explored in prior work.”

Only by including this sentence can we identify
the underlying intent of the authors: the cited pub-
lication is used as Motivation for the presented
research. Through our annotation process (§4) we
find that 17.1% of citation contexts involve multiple
sentences. Thus, we argue that correctly modeling
the precise scope of a citation – that is, its associ-
ated context – is necessary for understanding the
discourse role it plays in the citing paper.

Multiple interpretations of function. A single
citation may have multiple concurrent interpreta-
tions for its function. Not to be dismissed as sim-
ply being ambiguous, these multiple interpretations
can stem from extended discussion of how the cit-
ing paper relates to the cited paper. Consider the
sentence:

“In our experiments we use the same definition of struc-
tural locality as was proposed for the ISBN dependency
parser in (Titov and Henderson, 2007b).”

This sentence can be labeled as Similarities. How-
ever, another possibility is to label this sentence as
Uses, as the authors are adopting a definition of the
cited work. Further, a citation can exhibit multi-
ple interpretations through partially overlapping or
entirely different contexts:

“Results Table 1 compares the published BERT BASE re-
sults from Devlin et al. (2019) to our reimplementation
with either static or dynamic masking. We find that our
reimplementation with static masking performs similar
to the original BERT model, and dynamic masking is
comparable or slightly better than static masking.”

Here, the published results from the well-known
BERT paper are a research artefact that is Used as
a baseline (sentence 1). Then, the authors compare
their reimplementation as well as their extension
to these results (sentence 2), resulting in expressed
Similarities as well as Differences. Through our
annotation process (§4) we find that 19.3% of cita-
tions have multiple interpretations. These multiple
concurrent interpretations partially explain the ex-
istence of citation contexts that extend beyond the
sentence boundary, and consequently are necessary
to fully model how a particular citation contributes
to the scientific discourse within a paper.

Multiple mentions densely throughout paper.
A single reference may be cited (or mentioned)
multiple times throughout a paper, potentially with
each citation’s occurrence serving a different func-
tion(s) depending on what the citing author is trying
to communicate. Modeling these different citation
mentions is critical to understanding all the ways a
single reference paper may influence another. For
instance, in §4, our paper Extends the citation la-
beling scheme of Jurgens et al. (2018) and then
reports Similarities in dataset patterns in a separate
mention. Through our annotation process in §4, we
find referenced papers can be mentioned through-
out a citing paper on average 9.1 times, yielding
an average of 3.8 distinct interpretations over the
course of a citing paper. Recognizing all the myriad
functions a single reference can play throughout
a citing paper is key to fully understanding the
complex relationship between papers.

Motivated by these phenomena, we curate a
novel resource (§4) from which we derive and for-
malize three CCA tasks that account for these phe-
nomena. Systems developed to tackle these tasks
can be viewed as answering the following CCA
questions: (1) Given a citation context, what are
all the different possible interpretations of its func-
tion or role within the citing paper (§5)? (2) Given
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a citation mention, what constitutes the relevant,
surrounding passage that comprises its “context”
(§6)? (3) Given a pair of citing-cited works, what
function(s) does the cited work serve within the
citing work and what are the evidential passages
supporting this assessment (§7)?

3 Related Work

The importance and role of citations in understand-
ing scholarly work has been recognized across
multiple disciplines, from sociology (e.g., Garfield
et al., 1964, 1970) to computer science (e.g., McK-
eown et al., 2016; Yasunaga et al., 2019; Lauscher
et al., 2019; Daquino et al., 2020). Prior work in
CCA has largely focused on classifying interpreta-
tions of a citation along varying dimensions, such
as function (e.g., Teufel et al., 2006; Lauscher et al.,
2017b), sentiment (e.g., Athar, 2011; Jha et al.,
2016), or relative importance to a paper (Valen-
zuela et al., 2015). However, these works have
frequently simplified their analyses, overlooking
the important phenomena in §2.

We describe prior computational work on CCA
with respect to the three phenomena pursued here.
Table 1 overviews their corresponding published re-
sources1 and shows the variation in which datasets
support different lines of citation inquiry.

Mostly single-sentence or fixed-width contexts.
While social scientists studying citations have ac-
knowledged the broader context needed to un-
derstand citations (Swales, 1986), computational
work has largely treated the citing sentence as
the only context needed for CCA methods (e.g.,
Athar, 2011; Dong and Schäfer, 2011). In particu-
lar, while annotators in many works had access to
larger context, the resulting resources still labeled
only a single sentence. A handful of works have
acknowledged the importance of multi-sentence,
precise, and flexible or variable-length context win-
dows (e.g., Elkiss et al., 2008; Kaplan et al., 2009;
Athar and Teufel, 2012; Abu-Jbara et al., 2013;
Kaplan et al., 2016, inter alia); yet, the resources
associated with these works have either primarily
focused on sentiment, rather than the more complex
notion of citation function, or have opted for an ar-
bitrary fixed-sized window as the correct context.
In contrast, our work provides precisely-defined
contexts for each citation function present. The

1For detailed reviews of CCA, we refer to Iqbal et al.
(2020) and Hernández-Alvarez and Gomez (2016).

exception is Abu-Jbara et al. (2013), who also an-
notate variable-length contexts, but unlike us, first
extract a fixed window of 4 sentences and do not
consider how citations with multiple functions can
each have their respective (different) contexts.

Few capture multiple interpretations. Prior
computational work has largely assumed a citation
has only a single rhetorical function, or when mul-
tiple intents are present, that there is only one pri-
mary function that warrants annotation. Indeed, in
some of the preceding works, ambiguous citations
were reportedly removed (e.g., Cohan et al., 2019),
leading to an artificial simplification of the task. Of
computational work, only Athar and Teufel (2012)
has attempted to model multiple interpretations. In
their work, up to four sentences surrounding a cita-
tion are each assigned one sentiment-related label.
In contrast, our new resource recognizes the exis-
tence of citations with multiple concurrent labels
(possibly with varying contexts for a single cita-
tion) and each label is annotated with the specific
context associated with that interpretation.

Lack intentional sampling for dense citations.
Prior works have employed different strategies for
selecting which citations they annotate. Works fo-
cused on citation sentiment have tended to label all
citations within a paper or all mentions of a partic-
ular paper. However, works focusing on more com-
plex interpretations like rhetorical function have
included more selective sampling, e.g., targeting or
up-sampling certain sections. For instance, while
Abu-Jbara et al. (2013) model more complex cita-
tion contexts, they focus only on citations to a small
specific set of highly-cited references found within
a much larger set of papers. This sampling strat-
egy can result in many references occurring only
once within the citing paper, which yields datasets
not much different from ones from works that do
not consider multiple mentions at all (Cohan et al.,
2019). Such datasets would not support CCA meth-
ods that attempt to learn holistic interpretations of
how papers relate via access to many within-paper
mentions. Our work is the first to consider a dedi-
cated sampling strategy that identifies papers likely
to be densely populated with myriad mentions of a
particular reference (§4).

4 MULTICITE: A New Resource for CCA

We describe the curation process and present
dataset statistics for MULTICITE, the first resource
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Author/ Year Concept† Size Context? Multi-label? Dense sampling?

Pride and Knoth (2020) Purpose & Influence 11,233 Single sentence ✗ ✗
Cohan et al. (2019) Intent 11,020 Single sentence ✗ ✗
Ravi et al. (2018) Sentiment 8,925 Single sentence ✗ ✗
Tuarob et al. (2019) Algorithm’s Function 8,796 3 sentences ✗ ✗
Athar (2011) Sentiment 8,736 Single sentence ✗ ✗
Abu-Jbara et al. (2013) Purpose & Polarity 3,271 Variable within ±4 sent ✗ ✗
Teufel et al. (2006) Function 2,829 Surrounding paragraph ✗ ✗
Jochim and Schütze (2012) Citation Facets 2,008 Did not annotate contexts ✗ ✗
Jurgens et al. (2018) Function 1,969 Surrounding 300 chars ✗ ✗
Athar and Teufel (2012) Sentiment 1,741 Variable up to 4 sents 1 label/sent. ✗

MULTICITE (this work) Function 12,653 Variable, per-label ✓ ✓

Table 1: Existing CCA datasets compared to this work along three dimensions: (1) How they define citation
Contexts, (2) Whether they handle Multiple Labels per citation, and (3) Whether they employed a Sampling
strategy to obtain Dense citations of a reference throughout the citing paper.

1 2 3 4 5 6 7 8 9 10 11 12 13 14
Context Length

0.0

0.2

0.4

0.6

0.8

1.0

Pr
op

or
tio

n

bg
mot
use
sim
dif
ext
fw

(a) Label distribution per context length.

bg mot fw sim dif use ext

bg
m

ot
fw

si
m

di
f

us
e

ex
t

0 1.3 0 0 0 0.11 0

1.3 0 1 0 0.068 0 0

0 1 0 0 0 0 0

0 0 0 0 0 1.1 0

0 0.068 0 0 0 0 1.5

0.11 0 0 1.1 0 0 0

0 0 0 0 1.5 0 0
0.0

0.2

0.4

0.6

0.8

1.0

1.2

1.4

(b) Pointwise mutual information (PMI) between labels.

Figure 1: Results of corpus-level analysis in §4 revealing interactions between phenomena present in MULTICITE.
We use the following abbreviations for the functions: Background (bg), Motivation (mot), Uses (use), Similarities
(sim), Extends (ext), Differences (diff), Future Work (fw).

for CCA that captures all three phenomena of inter-
est and is large enough to support development of
modern neural approaches—It is the largest collec-
tion of expert-annotated citation contexts to-date.

4.1 Curation process
Sampling. We procure an initial corpus of 50K
full-text papers from the ACL Anthology and arXiv
(with cs.CL category) using S2ORC (Lo et al.,
2020), a large collection of papers released to sup-
port computing research.2 To find papers that likely
exhibit our phenomena of interest, we employ the
following strategy: For each paper’s references,
we compute the number of distinct paragraphs in
which the reference’s citation marker(s) appear,
normalized by the total number of paragraphs. Re-

2Like S2ORC, our data is licensed as CC-BY-NC 2.0.

trieving the top k paper-reference pairs yields pa-
pers in which the target reference is cited many
times (hopefully in many different ways).

Labeling scheme. We extend the labeling
scheme of Jurgens et al. (2018) for classified ci-
tations by their rhetorical function, mirroring the
approach of Teufel (2014) to differentiate between
citations that identify Similarities versus those iden-
tifying Differences. The full scheme with examples
is shown in Supplemental Table 5.

Annotation protocol. Annotators were given a
citing paper’s full text and a target reference whose
citations to consider. They were instructed to (1)
read the text surrounding each mention of the target
reference (highlighted automatically), (2) consider
all rhetorical function labels associated with the
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mention, (3) and for each candidate label, to in-
dicate every sentence3 belonging to the context
for that label. To reduce ambiguity around what
does (or doesn’t) belong in a citation context, we
trained annotators to resolve non-citation corefer-
ences to the cited paper as the dominant (but not
only) way to observe a multi-sentence context and
to continue reading until they felt confident about
the labels assigned. Furthermore, for difficult cases,
we instructed them to temporarily remove context
sentences to see whether the label could still be
inferred. Furthermore, annotators were encour-
aged to skip and leave comments for difficult cases
which were routed to two experienced annotators
for adjudication.

Recruiting and training. We hired nine NLP
graduate students via Upwork. Each student went
through an hour of one-on-one training and another
hour of independent annotations, which were man-
ually reviewed and used for another hour of one-
on-one training focused on feedback and correcting
common mistakes. Annotators were then allowed
to work independently on batches of 20 papers at
a time with manual annotation review after each
batch for quality control. Annotators were paid be-
tween $25-35 USD per hour4 and understood that
their annotations would be publicly-released as a
resource for research.

Inter-annotator agreement (IAA). Producing
a single measure of IAA is difficult for data col-
lected in this manner: annotators might agree on
labels but disagree on the choice of context, vice
versa, or disagree on both fronts. While some
prior work has developed IAA measures that cap-
ture both context selection and labeling, e.g., γ by
Mathet et al. (2015), such methods aren’t widely-
adopted in NLP and thus resulting IAA values can
be difficult to interpret. We opted instead to recruit
two new annotators to perform two tasks: (a) iden-
tify all function labels when shown a gold context,
and (b) identify context sentences when shown a
citation mention and gold label pair. For (a), the
two achieved an average accuracy of 0.76 when
counting any gold label match as correct, and 0.70
when only counting cases when all predicted labels
match the gold annotations as correct (n = 54).
For (b), the two achieved an average sentence-level
F1 score of 0.64, 0.63 and 0.65, respectively for

3Identified using ScispaCy (Neumann et al., 2019).
4Median wage for similar work on the platform, and well

above minimum wage in ANONYMIZED.

gold contexts of length 1, 2 or 3+ sentences, and
an overall Cohen’s Kappa of 0.65 (n = 120).

4.2 Corpus statistics
MULTICITE consists of 1,193 papers from CL and
NLP (with an average of 139.7 sentences per paper)
with 12,653 annotated citation contexts. We high-
light three key aspects. (1) We find that over one in
six contexts (17.1%) extends beyond a single sen-
tence. MULTICITE provides 2,167 multi-sentence
contexts, with 161 reaching 5+ sentences. See Sup-
plemental Figure 5a for further breakdown. (2)
Nearly one in five citations (19.3%) also have mul-
tiple interpretations. Of the 2,084 multi-labeled
citations, most have two labels but a handful have
up to four. Our label distribution is skewed with the
Background and Uses appearing most frequently
and Future Work the least; this is in-line with prior
work (e.g., Pride and Knoth, 2020). See Supple-
mental Figure 5b for a full label distribution. (3) Re-
garding mention occurrence, we find that our sam-
pling strategy successfully finds interesting paper-
reference pairs as the average of citation occur-
rences in a paper is 9.1. In addition, our intuition
about mentions exhibiting different interpretations
is supported by an average of 3.8 unique functions
across all mentions of a given reference.

Looking at interactions between phenomena, we
observe two interesting findings. First, we observe
in Figure 1a that while every label is capable of
being expressed with only a few sentences, there
are surprisingly few single-sentence Motivation
contexts. Second, pointwise mutual information
(PMI) between the labels (Figure 1b) shows high
co-occurrence in Extends and Differences.

4.3 Limitations
While our new resource is the largest citation
dataset, our design choices introduce some limi-
tations. Due to task complexity, annotators labeled
only direct citations but not indirect mentions (e.g.
entity names used without citation). Our choice
in open data, including the full texts, potentially
allows future work to add these to our corpus. Fur-
ther, our citation annotation scheme features seven
classes, which itself is a simplification of the com-
plex ways in which citations are used. While oth-
ers have proposed 12-class (Teufel, 2014) or even
35-class (Garzone and Mercer, 2000) annotation
schemes to capture long-tail citation uses, we ulti-
mately opted for a simpler scheme that facilitates
scalable annotation and easier model development.
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Figure 2: Shift in task form for citation context classifi-
cation. Within a document (grey), each citation mention
(orange) is associated with a surrounding context. Multi-
sentence setting can contain both single-sentence (blue)
and multi-sentence (purple) contexts. Multi-label scores
need not sum to one as in the single-label setting.

5 Citation Context Classification

The first task we consider makes use of both
the multi-sentence and multi-label phenomena de-
scribed in §2: multi-label classification. One can
view this as the multi-label extension to the tra-
ditional multi-class classification task common in
prior work (see Figure 2), but we show experi-
mentally that models using variable-length gold
contexts yield superior results. This motivates (1) a
shift in computational research away from assum-
ing fixed-window (often 1-sentence) inputs, and
(2) additional investment in understudied tasks like
citation context identification (§6).

5.1 Modeling approach

Using Transformer (Vaswani et al., 2017) models,
which have demonstrated success on many text clas-
sification tasks and datasets, we train both multi-
class and multi-label predictors. For multi-class
predictors (which output a single label), we follow
common practices in adding a linear classification
layer over the [CLS] token at the beginning of
each input context and applying a softmax for pre-
diction. For multi-label classification, we deviate
by replacing the softmax with a sigmoid operation
per label to produce multi-label outputs; we set our
sigmoid prediction threshold to 0.5.

5.2 Experimental Setup

We conduct a series of experiments aligned with
previous works (e.g., Jha et al., 2016), in which

we feed varying amounts of context sentences to a
text classification model. These experiments aim
to understand the importance of variable-length
inputs and to establish computational baselines to
support future research on MULTICITE.

Data processing. We perform a train-validation-
test split of MULTICITE at a paper-level; to avoid
leakage, all examples from the same paper are as-
signed to the same split resulting in 5,491 training,
2,447 validation, and 3,313 test instances. Because
citation contexts can contain mentions of multiple
papers, we remove task ambiguity by tagging the
target paper’s mention with [CITE] tokens.

Training and optimization. We use pretrained
SciBERT-base and RoBERTa-large weights from
Huggingface Transformers (Wolf et al., 2020). We
optimize the models using the average over bi-
nary cross-entropy losses for each label using
Adam (Kingma and Ba, 2015) with a batch size
of 32. We use grid search based on validation set
performance to set the learning rate (1e-5 or 2e-5)
and number of epochs (between 1 and 9).

Evaluation. We compute two types of accuracies:
a strict version, in which a prediction is correct iff
all predicted labels match exactly the gold anno-
tation; and a weak version, in which a prediction
is correct if at least one of the predicted labels
matches the gold classes. The weak measure re-
flects an upper bound on performance (i.e., whether
the model can detect any of the correct intents) and
allows us to compare our multi-label models with
models that only return single-labels. We perform
this evaluation both across all MULTICITE test ex-
amples as well as broken down by specific gold
context sizes (up to 4 sentences).

5.3 Results
We present single run results on the test set in Ta-
ble 2,5 and observe two important findings:

Variable-length contexts improve performance.
Despite high occurrence of 1-sentence contexts
in our corpus, a model trained on variable-length
gold contexts still outperforms that trained only on
single-sentence inputs (see rows “1” versus “gold”).
Surprisingly, the variable-length model even out-
performs the single-sentence model even on single-
sentence test examples (see column “size = 1”).

5For brevity, we leave RoBERTa-large scores in the supple-
mental Table 7 as we observe the same patterns as SciBERT
and arrive at the same conclusions.
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size = 1 size = 2 size = 3 size = 4 all

train on: weak strict weak strict weak strict weak strict weak strict

1 0.78 0.69 0.45 0.28 0.47 0.24 0.51 0.18 0.74 0.62
3 0.74 0.64 0.59 0.39 0.54 0.29 0.62 0.23 0.72 0.60
5 0.71 0.61 0.50 0.33 0.46 0.27 0.54 0.18 0.68 0.57
7 0.62 0.54 0.43 0.28 0.48 0.27 0.51 0.15 0.60 0.50
9 0.56 0.50 0.37 0.25 0.37 0.21 0.56 0.18 0.53 0.46

gold 0.80 0.70 0.68 0.46 0.66 0.39 0.64 0.26 0.78 0.66

Table 2: Weak and strict accuracy scores of multi-label classifiers on MULTICITE. Column “train on:” reflects the
size of contexts seen at training time; rows “1”, “3”, “5”, “7” and “9” are fixed-width window sizes that contain
gold citation context, while row “gold” means training with variable-length gold contexts. Columns “size = ?”
correspond to the size of gold contexts supplied at test time. Best performances per column are bolded.

We hypothesize that due to the training on variable
length gold contexts, the model is able to better
capture the fine-grained differences between the
many intent classes, and thus, performs better than
a model that has seen restricted contexts only. For
instance, as the label distribution varies across the
different context lengths (cf. Figure 1), the input
context length might serve as an additional signal
to the variable-length classification model, while a
model trained on a fixed window can not make any
use of such length-dependent signals.

Fixed-width windows don’t cut it. One cannot
simply train on fixed-width windows and hope to
achieve the same performance boost as we see
with variable-length contexts. In fact, the variable-
length model outperforms fixed-width models even
on test examples where the gold context and fixed-
width window exactly match (see rows “3” versus
“gold”, column “size = 3”).

6 Identifying Citation Contexts

Motivated by the need for variable-length gold con-
texts, the second task we consider is citation con-
text identification (Abu-Jbara et al., 2013), which
has seen little research since the advent of neu-
ral models. We demonstrate experimentally how
MULTICITE can be used to train modern neural
models for this understudied task, thereby setting
first Transformer baselines to support future study.

6.1 Experimental setup

Task formulation. We adopt the task formula-
tion from Abu-Jbara et al. (2013): given a window
of sentences around a target paper citation mention,
predict the sentences belonging to that citation’s
context—a set of sentences that are sufficient for
identifying that citation’s label(s), e.g., intent.

Modeling approach. We consider models for
sentence-level sequence tagging (Dernoncourt and
Lee, 2017; Cohan et al., 2018), which have been
used successfully to group sentences in scholarly
abstracts by their discourse roles. We establish a
first computational baseline on this task by adapting
the approach from Cohan et al. (2018)—a SciBERT
(Beltagy et al., 2019) model trained to receive as
input a window of sentences separated by separator
tokens [SEP], and apply a linear classification to
these tokens to output sentence-level predictions.

Data processing. To study how model perfor-
mance may depend on window sizes, we gener-
ate examples from every gold citation context in
MULTICITE with windows of 2, 4, 6, 8 and 10
sentences.6 For each window size, we follow four
desiderata: (1) As in §5, we reduce task ambiguity
by tagging the target paper’s citation mention with
[CITE] tokens. (2) Windows must contain non-
zero context and non-context sentences. (3) Win-
dows must contain gold contexts entirely without
truncation. This results in fewer total examples for
small window sizes. For instance, for windows of
2 and 6 sentences, we create 10,453 and 12,506 ex-
amples, respectively, a 20% increase in data from
multi-sentence contexts. (4) To prevent exploit-
ing positional information, gold contexts cannot
always be centered in the window. We construct
windows by, randomly appending non-context sen-
tences around golds until the desired window size.

We perform 5-fold cross validation with a 70-10-
20 train-validation-test data split. To avoid leakage,
all examples from the same paper are assigned to
the same split in a given fold.

6Due to the 512 SciBERT token limit, some examples may
have fewer than the stated number of sentences. We ensure
examples contain whole sentence inputs without truncation.
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Window Micro-F1 Macro-F1
2 75.17 80.17
4 81.16 85.61
6 79.91 84.35
8 76.64 81.56

10 72.14 77.42

Table 3: Test results for citation context identification
across models trained with various input window size
configurations. Best performing model row is bolded.

Training and optimization. We use pretrained
weights for SciBERT-base available on Hugging-
face Transformers (Wolf et al., 2020), which we
fine-tune with a binary (context or not) cross-
entropy loss over the sentence-level predictions.
We use the Adam (Kingma and Ba, 2015) opti-
mizer with a linear learning rate scheduler (with
max learning rate of 3e-5 after 100 warmup steps,
batch size of 36, and up to a maximum of 5 epochs).
We manually chose these hyperparameters using
validation performance across all folds.

Evaluation. We evaluate these models using two
sentence-level F1 metrics. The micro-averaged
F1 evaluates the performance across all sentences
across the entire corpus as to whether they were
correctly (or incorrectly) classified as belonging
to the context of the target citation mention. The
macro-averaged F1 averages F1-scores across sen-
tences first computed within each paper.

We take special care to ensure fair compari-
son across models trained on different window
sizes. For instance, the Window=2 processing
only contains single-sentence contexts and model
performance on only considering these examples
reaches high 90 F1 scores. Instead, our evaluation
is processing-agnostic—small window models are
penalized for defaulting to “not context” predic-
tions for sentences beyond their window.

6.2 Results

As we increase window size, performance on both
metrics increases as shown in Table 3, but only to
a point. Large context windows create difficulty in
the model’s training due to the increased number of
non-context sentences. While the performance is
high enough that our model can likely serve as an
effective preprocessing step for other CCA models
needing variable-sized windows, our results point
to the challenge and potential for new models to
improve upon in identifying contextual boundaries
of citation discourse.

Figure 3: Evidence-based assessment of citing-cited
paper relationships. Given a document with all citation
mentions (orange) of a target paper identified, we aim to
answer questions about the function of the cited paper
([17]) within the citing work, and provide snippets as
supporting evidence (pink).

7 Evidence-based Assessment of
Citing-Cited Paper Relationships

Dense citations to a single reference reveal a mul-
tifaceted relationship between the citing and cited
papers. The dense annotations in MULTICITE al-
low development of CCA methods that model these
document-level relationships, e.g., assessing holis-
tically how the cited work has influenced the design
or outcome of the citing work. Consider an appli-
cation scenario where a user wants to know why a
given paper cites another. A hypothetical system
might provide a paper-level assessment of their
relationship and citation contexts as supporting evi-
dence from the citing paper’s full text.

Motivated by this aspirational application, we
propose a CCA task requiring document-level un-
derstanding of dense citations: Answering ques-
tions about citing-cited paper relationships by
operating across multiple mentions within paper
full-text. Figure 3 provides a schematic of this task,
which demonstrates the novel research potential
of MULTICITE at supporting higher-level CCA,
and by casting CCA as a form of question answer-
ing (QA), highlights compatibility with modern
attempts on scientific QA (Dasigi et al., 2021).

7.1 Experimental Setup

While building such a system is beyond the scope
of our work, we demonstrate through experiments
how MULTICITE can support development of QA
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models behind such applications.

Task formulation. We adapt the scientific QA
task form in Dasigi et al. (2021) to our CCA setting
by mapping each citation function to a question-
answer template. For instance, Background be-
comes a question “Does the paper cite [TARGET]
for background information?” and answer “Yes”,
and the Background citation context then becomes
evidence for that answer.

Modeling approach. We consider the
Qasper (Dasigi et al., 2021) document-grounded
QA model pretrained to answer questions about
NLP papers with supporting evidence. Qasper
is based on the Longformer-Encoder-Decoder
(LED) (Beltagy et al., 2020) architecture, which
enables it to encode an entire paper’s full text as
a single input string. Like the model in §6, input
sentences are separated by tokens </s>, which
are used to predict binary labels of Evidence (or
not) via a linear classification layer. Unlike the
model in §6, LED also generates strings, which we
train to produce answer strings “Yes” or “No”.

Data processing. We use the same train-
validation-test split from §5. For each citing-cited
paper pair, we create seven questions (one for each
of our seven rhetorical functions). To create pos-
itive examples, for all functions with at least one
gold citation context, we create a “Yes”-answer and
provide the first7 gold context as evidence. To cre-
ate negative examples, we create a “No”-answer
without evidence. This results in 4,074 training,
1,764 validation, and 2,499 test question-answer
pairs.

Training and optimization. We use code and
pretrained weights from Dasigi et al. (2021), which
we finetune on our derived QA pairs using a joint
answer-evidence loss (and within-batch loss scal-
ing for class imbalance) from the original work.
We train using Adam (Kingma and Ba, 2015) for
up to 5 epochs. We use the validation set for early
stopping and grid search over batch sizes 2, 4, 8 or
16 and max learning rate of 3e-5 or 5e-5.

Evaluation. Following Dasigi et al. (2021), we
evaluate the model using the Answer-F1 and
Evidence-F1 metrics defined in that work, where
Answer-F1 captures correctness of the generated

7This follows from Dasigi et al. (2021)’s approach to break-
ing ties between multiple valid evidences.

Answer F1 Evidence F1
Majority SL 0.61 0.48

Majority ML 0.72 0.48
Qasper 0.75 0.48

Table 4: Test results of the Qasper model finetuned on
document-level QA examples from MULTICITE.

answer span and Evidence-F1 captures perfor-
mance in extracting gold citation context sentences.

Baselines. We compare our model to two heuris-
tic baselines. In MAJORITY SINGLE LABEL (SL),
we always predict “Yes” for the majority class—
Background. In MAJORITY MULTIPLE LABELS

(ML), we predict for each of the seven question
templates the majority answer (“Yes” or “No”).

7.2 Results
We present single run results on the test set in Ta-
ble 4. While the Qasper model outperforms the
heuristics at assessing citing-cited paper relation-
ships (Answer F1), the gains from supervision are
minor, and citation contexts retrieval (Evidence F1)
does not outperform simple heuristics. This high-
lights the difficulty in this document-level under-
standing task and the potential for future research
into powerful models capable of higher-level CCA.

8 Conclusion

Aiming to inspire novel research in CCA, we have
acknowledged the existence of three understudied
phenomena, and present MULTICITE, a novel re-
source that is both the largest corpus of citation
contexts to-date and captures all three phenom-
ena. We employ MULTICITE in three experiments
demonstrating the importance of these phenom-
ena, establishing strong baselines, and showcas-
ing ways of conducting novel CCA. In the future,
we intend to increase diversity of the dataset by
extending it to cover more disciplines of science.
We make all code and data publicly available at
https://github.com/allenai/multicite.
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A Reliability of the Mention Annotation

To compute the reliability of the automatic men-
tion annotation, we let annotators manually iden-
tify all references to the cited work including ci-
tation markers, scientific entity names, and other
co-references, e.g., “The authors ...”, in a small
sample of 262 publication pairs. We then compute
the agreement with the gamma tool (Mathet et al.,
2015) and obtain a mean score of 0.60 gamma
macro averaged over the publications. We there-
fore explicitly instruct our annotators to use the
highlighting as a rough guidance but to manually
check for other mentions and co-references.

B Intent Labeling Scheme

We describe each intent of our labeling scheme in
Table 5.

C Annotation Interface

A screenshot of the annotation interface is shown
in Figure 4.

D Detailed Data Analysis

We show the detailed context length distribution
and intent distribution in Figures 5. While most
citations contexts are only a single sentence, our
analysis shows a substantial long tail of context
lengths. The distribution of citation functions mir-
rors results seen in similar annotation schemes such
as Jurgens et al. (2018) and Pride and Knoth (2020).
However, note that the Differences and Similarities
classes occur with different frequencies, with au-
thors more likely to highlight distinguishing fea-
tures of their own work. This finding helps support
our choice in explicitly splitting the CompareOr-
Contrast category of Jurgens et al. (2018) in the
labeling scheme we use for MULTICITE.

E Detailed Model Descriptions

SciBERT is only available in base configuration (12
layers, 12 attention heads, 768 as hidden size, cased
vocabulary with size 31, 116). For RoBERTa, we
employ the large version (24 layers, 16 attention
heads, hidden size 1024, cased vocabulary with
size 50, 265). Links to code base and pretrained
models are given in Table 6.

F Full table for §5
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Intent Description

Background The target paper provides relevant information for this domain.
Motivation The target paper provides motivation for the source paper. For instance, it illustrates the need for data, goals,

methods etc.
Uses The source paper uses an idea, method, tool, etc. of the target paper.
Extends The source paper extends an idea, method, tool, etc. of the target paper.
Similarities The source paper expresses similarities towards the target paper. Either similarities between the source and the

target paper or similarities between another publication and the target paper.
Differences The source paper expresses differences towards the target paper. Either differences between the source and the

target paper or differences between another publication and the target paper.
Future Work The target paper is a potential avenue for future research. Often corresponds to hedging or speculative language

about work not yet performed.

Table 5: Our citation intent labeling scheme based on Jurgens et al. (2018). We differ from their scheme by splitting
their ComparisonOrContrast into separate categories—Similarities or Differences—which are represented in other
annotation schemes

Figure 4: The interface of our dedicated annotation platform: on the left hand side, the annotator can browse through
their assigned papers; in the center, each sentence (choosable via checkboxes) of the citing paper is displayed with
citation mentions of the target reference paper highlighted in yellow; on the right hand side, available rhetorical
function labels (choosable via checkboxes).
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Figure 5: Corpus-level statistics from analysis in §4. We use the following function abbreviations: Background (bg),
Motivation (mot), Uses (use), Similarities (sim), Extends (ext), Differences (diff), Future Work (fw).
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Codebase Model URL

Transformers – https://github.com/huggingface/transformers
SciBERT https://huggingface.co/allenai/scibert_scivocab_

uncased
RoBERTa https://huggingface.co/roberta-large

Table 6: Links to codebases and pretrained models used in this work.

size = 1 size = 2 size = 3 size = 4 all
support = 2795 support = 335 support = 112 support = 39 support = 3313

train on: weak strict weak strict weak strict weak strict weak strict

SciBERT

1 0.78 0.69 0.45 0.28 0.47 0.24 0.51 0.18 0.74 0.62
3 0.74 0.64 0.59 0.39 0.54 0.29 0.62 0.23 0.72 0.60
5 0.71 0.61 0.50 0.33 0.46 0.27 0.54 0.18 0.68 0.57
7 0.62 0.54 0.43 0.28 0.48 0.27 0.51 0.15 0.60 0.50
9 0.56 0.50 0.37 0.25 0.37 0.21 0.56 0.18 0.53 0.46
gold 0.80 0.70 0.68 0.46 0.66 0.39 0.64 0.26 0.78 0.66

RoBERTa

1 0.80 0.69 0.46 0.29 0.46 0.25 0.56 0.18 0.75 0.63
3 0.78 0.66 0.59 0.41 0.50 0.27 0.62 0.18 0.75 0.61
5 0.75 0.63 0.54 0.39 0.54 0.32 0.59 0.21 0.72 0.59
7 0.73 0.62 0.53 0.37 0.44 0.24 0.56 0.21 0.70 0.58
9 0.71 0.59 0.54 0.36 0.46 0.26 0.54 0.15 0.68 0.55
gold 0.81 0.69 0.70 0.50 0.67 0.45 0.59 0.28 0.79 0.66

Table 7: Expanded results from Table 2 to include RoBERTa scores. The conclusions drawn in §5 are the same.
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Abstract

Event extraction requires high-quality expert
human annotations, which are usually expen-
sive. Therefore, learning a data-efficient event
extraction model that can be trained with only a
few labeled examples has become a crucial chal-
lenge. In this paper, we focus on low-resource
end-to-end event extraction and propose DE-
GREE, a data-efficient model that formulates
event extraction as a conditional generation
problem. Given a passage and a manually de-
signed prompt, DEGREE learns to summarize
the events mentioned in the passage into a nat-
ural sentence that follows a predefined pattern.
The final event predictions are then extracted
from the generated sentence with a determinis-
tic algorithm. DEGREE has three advantages to
learn well with less training data. First, our de-
signed prompts provide semantic guidance for
DEGREE to leverage label semantics and thus
better capture the event arguments. Moreover,
DEGREE is capable of using additional weakly-
supervised information, such as the description
of events encoded in the prompts. Finally, DE-
GREE learns triggers and arguments jointly in
an end-to-end manner, which encourages the
model to better utilize the shared knowledge
and dependencies among them. Our experimen-
tal results demonstrate the strong performance
of DEGREE for low-resource event extraction.

1 Introduction

Event extraction (EE) aims to extract events, each
of which consists of a trigger and several partici-
pants (arguments) with their specific roles, from
a given passage. For example, in Figure 1, a Jus-
tice:Execute event is triggered by the word “execu-
tion” and this event contains three argument roles,
including an Agent (Indonesia) who carries out the
execution, a Person who is executed (convicts), and
a Place where the event occurs (not mentioned in
the passage). Previous work (Yang et al., 2019a;

∗The authors contribute equally.

Passage: Indonesia will delay the execution of six convicts including an Indian on 

death row after five of them appealed to the Supreme Court for a second review.

Justice:Execute

Justice:Appeal

Person

Plaintiff

Agent

AdjudicatorPlace

Justice:Execute

Agent : Indonesia

Person : convicts

Place : None

Justice:Appeal

Plaintiff : five

Prosecutor : None

Adjudicator : Supreme Court

Place : Indonesia

Figure 1: Two examples of events (Justice:Execute and
Justice:Appeal) extracted from the given passage.

Fincke et al., 2021) usually divides EE into two sub-
tasks: (1) event detection, which identifies event
triggers and their types, and (2) event argument
extraction, which extracts the arguments and their
roles for given event triggers. EE has been shown to
benefit a wide range of applications, e.g., building
knowledge graphs (Zhang et al., 2020), question
answering (Berant et al., 2014; Han et al., 2021),
and other downstream studies (Han et al., 2019a;
Hogenboom et al., 2016; Sun and Peng, 2021).

Most prior works on EE rely on a large amount
of annotated data for training (Nguyen and Grish-
man, 2015; Nguyen et al., 2016; Han et al., 2019b;
Du and Cardie, 2020; Huang et al., 2020; Huang
and Peng, 2021; Paolini et al., 2021). However,
high-quality event annotations are expensive to ob-
tain. For example, the ACE 2005 corpus (Dodding-
ton et al., 2004), one of the most widely used EE
datasets, requires two rounds of annotations by lin-
guistics experts. The high annotation costs make
these models hard to be extended to new domains
and new event types. Therefore, how to learn a
data-efficient EE model trained with only a few
annotated examples is a crucial challenge.

In this paper, we focus on low-resource event
extraction, where only a small amount of training
examples are available for training. We propose
DEGREE (Data-Efficient GeneRation-Based Event
Extraction), a generation-based model that takes
a passage and a manually designed prompt as the
input, and learns to summarize the passage into a
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Prompt

Event Type Description The event is related to conflict and some violent physical act.

Event Keywords Similar triggers such as war, attack, terrorism.

E2E Template
Event trigger is <Trigger>. \n 

some attacker attacked some facility, someone, or some organization by some way in somewhere.

Output Text

Event trigger is detonated. \n Palestinian attacked jeep and soldiers by bomb in Gaza Strip.

Encoder Decoder

Passage Prompt[SEP]

Output Text
Event Trigger detonated

Attacker Palestinian

Target jeep, soldiers

Instrument bomb

Place Gaza Strip

Passage:   Earlier Monday , a 19-year-old Palestinian riding a bicycle detonated a 30-kilo ( 66-pound ) bomb near a 

military jeep in the Gaza Strip , injuring three soldiers.

Query Type:
Conflict:Attack

Figure 2: An illustration of DEGREE for predicting a Contact:Attack event. The input of DEGREE consists of the
given passage and our design prompt that contains an event type description, event keywords, and a E2E template.
DEGREE is trained to generate an output to fill in the placeholders (underlined words) in the E2E template with
triggers and arguments. The final event prediction is then decoded from the generated output.

natural sentence following a predefined template,
as illustrated in Figure 2. The event triggers and
arguments can then be extracted from the generated
sentence by using a deterministic algorithm.

DEGREE enjoys the following advantages to
learn well with less training data. First, the frame-
work provides label semantics via the designed
template in the prompts. As the example in Fig-
ure 2 shows, the word “somewhere” in the prompt
guides the model to predict words being similar
to location for the role Place. In addition, the
sentence structure of the template and the word

“attacked” depict the semantic relation between
the role Attacker and the role Target. With these
kinds of guidance, DEGREE can make more accu-
rate predictions with less training examples. Sec-
ond, the prompts can incorporate additional weak-
supervision signal about the task, such as the de-
scription of the event and similar keywords. These
resources are usually readily available. For exam-
ple, in our experiments, we take the information
from the annotation guideline, which is provided
along with the dataset. This information facilitates
DEGREE to learn under a low-resource situation.
Finally, DEGREE is designed for end-to-end event
extraction and can solve event detection and event
argument extraction at the same time. Leveraging
the shared knowledge and dependencies between
the two tasks makes our model more data-efficient.

Existing works on EE usually have only one or
two of above-mentioned advantages. For exam-

ple, previous classification-based models (Nguyen
et al., 2016; Wang et al., 2019; Yang et al., 2019b;
Wadden et al., 2019; Lin et al., 2020) can hardly
encode label semantics and other weak supervision
signals. Recently proposed generation-based mod-
els for event extraction solved the problem in a
pipeline fashion; therefore, they cannot leverage
shared knowledge between subtasks (Paolini et al.,
2021; Li et al., 2021). Furthermore, their generated
outputs are not natural sentences, which hinders the
utilization of label semantics (Paolini et al., 2021;
Lu et al., 2021). As a result, our model DEGREE

can achieve significantly better performance than
prior approaches on low-resource event extraction,
as we will demonstrate in Section 3.

Our contributions can be summarized as follows:

• We propose DEGREE, a generation-based event
extraction model that learns well with less data
by better incorporating label semantics and
shared knowledge between subtasks (Section 2).

• Experiments on ACE 2005 (Doddington et al.,
2004) and ERE-EN (Song et al., 2015) demon-
strate the strong performance of DEGREE in the
low-resource setting (Section 3).

• We present comprehensive ablation studies in
both the low-resource and the high-resource set-
ting to better understand the strengths and weak-
nesses of our model (Section 4).

Our code and models can be found at https:
//github.com/PlusLabNLP/DEGREE.
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2 Data-Efficient Event Extraction

We introduce DEGREE, a generation-based model
for low-resource event extraction. Unlike previous
works (Yang et al., 2019a; Li et al., 2021), which
separate event extraction into two pipelined tasks
(event detection and event argument extraction),
DEGREE is designed for the end-to-end event ex-
traction and predict event triggers and arguments
at the same time.

2.1 The DEGREE Model

We formulate event extraction as a conditional gen-
eration problem. As illustrated in Figure 2, given a
passage and our designed prompt, DEGREE gener-
ates an output following a particular format. The
final predictions of event triggers and argument
roles can be then parsed from the generated out-
put with a deterministic algorithm. Compared to
previous classification-based models (Wang et al.,
2019; Yang et al., 2019b; Wadden et al., 2019; Lin
et al., 2020), the generation framework provides a
flexible way to include additional information and
guidance. By designing appropriate prompts, we
encourage DEGREE to better capture the dependen-
cies between entities and, therefore, to reduce the
number of training examples needed.

The desired prompt not only provides informa-
tion but also defines the output format. As shown
in Figure 2, it contains the following components:

• Event type definition describes the definition
for the given event type.1 For example, “The
event is related to conflict and some violent phys-
ical act.” describes a Conflict:Attack event.

• Event keywords presents some words that are
semantically related to the given event type. For
example, war, attack, and terrorism are three
event keywords for the Conflict:Attack event. In
practice, we collect three words that appear as
the triggers in the example sentences from the
annotation guidelines.

• E2E template defines the expected output for-
mat and can be separated into two parts. The
first part is called ED template, which is de-
signed as “Event trigger is <Trigger>”, where

“<Trigger>” is a special token serving as a place-
holder. The second part is the EAE template,
which differs based on the given event type. For
example, in Figure 2, the EAE template for a

1The definition can be derived from the annotation guide-
lines, which are provided along with the datasets.

Conflict:Attack event is “some attacker attacked
some facility, someone, or some organization
by some way in somewhere”. Each underlined
string starting with “some-” serves as a place-
holder corresponding to an argument role for a
Conflict:Attack event. For instance, “some way”
corresponds to the role Instrument and “some-
where” corresponds to the role Place. Notice
that every event type has its own EAE template.
We list three EAE templates in Table 1. The
full list of EAE templates and the construction
details can be found in Appendix A.

2.2 Training

The training objective of DEGREE is to gener-
ate an output that replaces the placeholders in
E2E template with the gold labels. Take Figure 2
as an example, DEGREE is expected to replace

“<Trigger>” with the gold trigger (detonated), re-
place “some attacker” with the gold argument for
role Attacker (Palestinian), and replace “some way”
with the gold argument for role Instrument (bomb).
If there are multiple arguments for the same role,
they are concatenated with “and”; if there is no
predicted argument for one role, the model should
keep the corresponding placeholder (i.e, “some-”
in the E2E template). For the case that there are
multiple triggers for the given event type in the
input passage, DEGREE is trained to generate the
output text that contains multiple E2E template
such that each E2E template corresponds to one
trigger and its argument roles. The hyperparameter
settings are detailed in Appendix B.

2.3 Inference

We enumerate all event types and generate an out-
put for each event type. After we obtain the gen-
erated sentences, we compare the outputs with
E2E template to determine the predicted triggers
and arguments in string format. Finally, we apply
string matching to convert the predicted string to
span offsets in the passage. If the predicted string
appears in the passage multiple times, we choose
all span offsets that match for trigger predictions
and choose the one closest to the given trigger span
for argument predictions.

2.4 Discussion

Notice that the E2E template plays an important
role for DEGREE. First, it serves as the control sig-
nal and defines the expected output format. Second,
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Event Type EAE Template
Life:Divorce somebody divorced in somewhere.
Transaction:Transfer-Ownership someone got something from some seller in somewhere.

Justice:Sue somebody was sued by some other in somewhere. The adjudication was judged by
some adjudicator.

Table 1: Three examples of EAE templates for the ACE 2005 corpus.

it provides label semantics to help DEGREE make
accurate predictions. Those placeholders (words
starting with “some-”) in the E2E template give
DEGREE some hints about the entity types of ar-
guments. For instance, when seeing “somewhere”,
DEGREE tends to generate a location rather than a
person. In addition, the words other than “some-”
describe the relationships between roles. For exam-
ple, DEGREE knows the relationship between the
role Attacker and the role Target (who is attacking
and who is attacked) due to E2E template. This
guidance helps DEGREE learn the dependencies
between entities.

Unlike previous generation-based approaches
(Paolini et al., 2021; Li et al., 2020; Huang et al.,
2021), we intentionally write E2E templates in nat-
ural sentences. This not only uses label semantics
better but also makes the model easier to leverage
the knowledge from the pre-trained decoder. In
Section 4, we will provide experiments to demon-
strate the advantage of using natural sentences.

Cost of template constructing. DEGREE does
require human effort to design the templates; how-
ever, writing those templates is much easier and
more effortless than collecting complicated event
annotations. As shown in Table 1, we keep the
EAE templates as simple and short as possible.
Therefore, it takes only about one minute for peo-
ple who are not linguistic experts to compose a
template. In fact, several prior works (Liu et al.,
2020; Du and Cardie, 2020; Li et al., 2020) also use
constructed templates as weakly-supervised signals
to improve models. In Section 4, we will study how
different templates affect the performance.

Efficiency Considerations. DEGREE requires to
enumerate all event types during inference, which
could cause efficiency considerations when extend-
ing to applications that contain many event types.
This issue is minor for our experiments on the two
datasets (ACE 2005 and ERE-EN), which are rela-
tively small scales in terms of the number of event
types. Due to the high cost of annotations, there is
hardly any public datasets for end-to-end event ex-

traction on a large scale,2 and we cannot provide a
more thorough studies when the experiments scale
up. We leave the work on benchmarking and im-
proving the efficiency of DEGREE in the scenario
considering more diverse and comprehensive types
of events as future work.

2.5 DEGREE in Pipeline Framework
DEGREE is flexible and can be easily modified
to DEGREE(PIPE), which first focuses event de-
tection (ED) and then solves event argument ex-
traction (EAE). DEGREE(PIPE) consists of two
models: (1) DEGREE(ED), which aims to exact
event triggers for the given event type, and (2) DE-
GREE(EAE), which identifies argument roles for
the given event type and the corresponding trig-
ger. DEGREE(ED) and DEGREE(EAE) are similar
to DEGREE but with different prompts and output
formats. We describe the difference as follows.

DEGREE(ED). The prompt of DEGREE(ED)
contains the following components:

• Event type definition is the same as the ones
for DEGREE.

• Event keywords is the same as the one for DE-
GREE.

• ED template is designed as “Event trigger is
<Trigger>”, which is actually the first part of
the E2E template.

Similar to DEGREE, the objective of DEGREE(ED)
is to generate an output that replaces “<Trigger>”
in the ED template with event triggers.

DEGREE(EAE). The prompt of DEGREE(EAE)
contains the following components:

• Event type definition is the same as the one
for DEGREE.

• Query trigger is a string that indicates the trig-
ger word for the given event type. For example,

“The event trigger word is detonated” points out
that “detonated” is the given trigger.
2To the best of our knowledge, MAVEN (Wang et al.,

2020) is the only publicly available large-scale event dataset.
However, the dataset only focuses on event detection without
considering event arguments.
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• EAE template is an event-type-specific tem-
plate mentioned previously. It is actually the
second part of E2E template.

Similar to DEGREE, the goal for DEGREE(EAE) is
to generate an outputs that replace the placeholders
in EAE template with event arguments.

In Section 3, we will compare DEGREE with
DEGREE(PIPE) to study the benefit of dealing with
event extraction in an end-to-end manner under the
low-resource setting.

3 Experiments

We conduct experiments for low-resource event
extraction to study how DEGREE performs.

3.1 Experimental Settings

Datasets. We consider ACE 2005 (Doddington
et al., 2004) and follow the pre-processing in Wad-
den et al. (2019) and Lin et al. (2020), resulting
in two variants: ACE05-E and ACE05-E+. Both
contain 33 event types and 22 argument roles. In
addition, we consider ERE-EN (Song et al., 2015)
and adopt the pre-processing in Lin et al. (2020),
which keeps 38 event types and 21 argument roles.

Data split for low-resource setting. We gener-
ate different proportions (1%, 2%, 3%, 5%, 10%,
20%, 30%, and 50%) of training data to study the
influence of the size of the training set and use the
original development set and test set for evalua-
tion. Appendix C lists more details about the split
generation process and the data statistics.

Evaluation metrics. We consider the same crite-
ria in prior works (Wadden et al., 2019; Lin et al.,
2020). (1) Trigger F1-score: an trigger is correctly
identified (Tri-I) if its offset matches the gold one;
it is correctly classified (Tri-C) if its event type also
matches the gold one. (2) Argument F1-score: an
argument is correctly identified (Arg-I) if its offset
and event type match the gold ones; it is correctly
classified (Arg-C) if its role matches as well.

Compared baselines. We consider the follow-
ing classification-based models: (1) OneIE (Lin
et al., 2020), the current state-of-the-art (SOTA) EE
model trained with designed global features. (2)
BERT_QA (Du and Cardie, 2020), which views
EE tasks as a sequence of extractive question an-
swering problems. Since it learns a classifier to
indicate the position of the predicted span, we
view it as a classification model. We also consider

the following generation-based models: (3) TANL
(Paolini et al., 2021), which treats EE tasks as trans-
lation tasks between augmented natural languages.
(4) Text2Event (Lu et al., 2021), a sequence-to-
structure model that converts the input passage to
a tree-like event structure. Note that the outputs
of both generation-based baselines are not natural
sentences. Therefore, it is more difficult for them
to utilize the label semantics. All the implementa-
tion details can be found in Appendix D. It is worth
noting that we train OneIE with named entity an-
notations, as the original papers suggest, while the
other models are trained without entity annotations.

3.2 Main Results

Table 2 shows the trigger classification F1-scores
and the argument classification F1-scores in three
data sets with different proportions of training data.
The results are visualized in Figure 3. Since our
task is end-to-end event extraction, the argument
classification F1-score is the more important metric
that we considered when comparing models.

From the figure and the table, we can observe
that both DEGREE and DEGREE(PIPE) outperform
all other baselines when using less than 10% of the
training data. The performance gap becomes much
more significant under the extremely low data sit-
uation. For example, when only 1% of the train-
ing data is available, DEGREE and DEGREE(PIPE)
achieve more than 15 points of improvement in
trigger classification F1 scores and more than 5
points in argument classification F1 scores. This
demonstrates the effectiveness of our design. The
generation-based model with carefully designed
prompts is able to utilize the label semantics and
the additional weakly supervised signals, thus help-
ing learning under the low-resource regime.

Another interesting finding is that DEGREE and
DEGREE(PIPE) seem to be more beneficial for pre-
dicting arguments than for predicting triggers. For
example, OneIE, the strongest baseline, requires
20% of training data to achieve competitive per-
formance on trigger prediction to DEGREE and
DEGREE(PIPE); however, it requires about 50% of
training data to achieve competitive performance
in predicting arguments. The reason is that the abil-
ity to capture dependencies becomes more impor-
tant for argument prediction than trigger prediction
since arguments are usually strongly dependent on
each other compared to triggers. Therefore, the im-
provements of our models for argument prediction
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Trigger Classification F1-Score (%)

Model Type ACE05-E ACE05-E+ ERE-EN
1% 3% 5% 10% 20% 30% 1% 3% 5% 10% 20% 30% 1% 3% 5% 10% 20% 30%

BERT_QA Cls 20.5 40.2 42.5 50.1 61.5 61.3 - - - - - - - - - - - -
OneIE Cls 38.5 52.4 59.3 61.5 67.6 67.4 39.0 52.5 60.6 58.1 66.5 66.4 11.0 36.9 46.7 48.8 51.8 53.5
Text2Event Gen 14.2 35.2 46.4 47.0 55.6 60.7 15.7 38.4 43.9 46.3 56.5 62.0 6.3 25.6 33.5 42.4 46.7 50.1
TANL Gen 34.1 48.1 53.4 54.8 61.8 61.6 30.3 50.9 53.1 55.7 60.8 61.7 5.7 30.8 43.4 45.9 49.0 49.3
DEGREE(PIPE) Gen 55.1 62.8 63.8 66.1 64.4 64.4 56.4 62.5 61.1 62.3 62.5 67.1 32.7 44.5 41.6 50.6 51.1 53.5
DEGREE Gen 55.4 62.1 65.8 65.8 68.3 68.2 49.5 63.5 62.3 68.5 67.6 66.9 27.9 45.5 47.0 53.0 51.7 53.5

Argument Classification F1-Score (%)

Model Type ACE05-E ACE05-E+ ERE-EN
1% 3% 5% 10% 20% 30% 1% 3% 5% 10% 20% 30% 1% 3% 5% 10% 20% 30%

BERT_QA Cls 4.7 14.5 26.9 27.6 36.7 38.8 - - - - - - - - - - - -
OneIE Cls 9.4 22.0 26.8 26.8 42.7 47.8 10.4 20.6 29.7 35.5 46.7 48.0 2.6 20.3 29.7 35.1 40.7 43.0
Text2Event Gen 3.9 12.2 19.1 24.9 32.3 39.2 5.7 16.5 21.3 26.4 35.2 42.1 2.3 15.2 23.6 28.7 35.7 38.7
TANL Gen 8.5 17.2 24.7 29.0 34.0 39.2 8.6 22.3 30.4 29.2 34.6 39.0 1.4 20.2 29.5 30.1 35.6 36.9
DEGREE(PIPE) Gen 13.1 26.1 27.6 42.1 40.7 44.0 16.0 26.4 29.9 39.5 41.3 48.5 12.2 29.7 31.4 39.4 41.9 42.2
DEGREE Gen 21.7 30.1 35.5 41.6 46.2 48.7 18.7 34.0 35.7 43.6 48.9 51.2 14.5 28.9 33.4 41.7 42.9 45.5

Table 2: Trigger classification F1-scores and argument classification F1-scores for low-resource event extraction.
Highest scores are in bold and the second best scores are underlined. “Cls” and “Gen” represent classification-
based models and generation-based models, respectively. If the model is a pipelined model, then its argument
predictions are based on its predicted triggers. DEGREE achieves a much better performance than other baselines.
The performance gap becomes more significant for the extremely low-resource situation.
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Figure 3: Trigger classification F1-scores and argument classification F1-scores for low-resource event extraction.
DEGREE achieves a much better performance than other baselines. The performance gap becomes more significant
for the extremely low-resource situation.

are more significant.

Furthermore, we observe that DEGREE is
slightly better than DEGREE(PIPE) under the low-
resource setting. This provides empirical evidence
on the benefit of jointly predicting triggers and ar-
guments in a low-resource setting.

Finally, we perform additional experiments on
few-shot and zero-shot experiments. The results
can be found in Appendix E.

3.3 High-Resource Event Extraction

Although we focus on data-efficient learning for
low-resource event extraction, to better understand
the advantages and disadvantages of our model, we
additionally study DEGREE in the high-resource
setting for controlled comparisons.

Compared baselines. In addition to the EE mod-
els mentioned above: OneIE (Lin et al., 2020),
BERT_QA (Du and Cardie, 2020), TANL (Paolini
et al., 2021), and Text2Event (Lu et al., 2021), we
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Model Type ACE05-E ACE05-E+ ERE-EN
Tri-C Arg-C Tri-C Arg-C Tri-C Arg-C

dbRNN* Cls 69.6 50.1 - - - -
DyGIE++ Cls 70.0 50.0 - - - -
Joint3EE* Cls 69.8 52.1 - - - -
BERT_QA* Cls 72.4 53.3 - - - -
MQAEE* Cls 71.7 53.4 - - - -
OneIE* Cls 74.7 56.8 72.8 54.8 57.0 46.5
TANL Gen 68.4 47.6 68.6 46.0 54.7 43.2
Text2Event* Gen 71.9 53.8 71.8 54.4 59.4 48.3
BART-Gen* Gen 71.1 53.7 - - - -
DEGREE(PIPE) Gen 72.2 55.8 71.7 56.8 57.8 50.4
DEGREE Gen 73.3 55.8 70.9 56.3 57.1 49.6

Table 3: Results for high-resource event extraction.
Highest scores are in bold and the second best scores are
underlined. *We report the numbers from the original
paper. DEGREE has a competitive performance to the
SOTA model (OneIE) and outperform other baselines.

Model Type ACE05-E ACE05-E+ ERE-EN
Arg-I Arg-C Arg-I Arg-C Arg-I Arg-C

DyGIE++ Cls 66.2 60.7 - - - -
BERT_QA* Cls 68.2 65.4 - - - -
OneIE Cls 73.2 69.3 73.3 70.6 75.3 70.0
TANL Gen 65.9 61.0 66.3 62.3 75.6 69.6
BART-Gen* Gen 69.9 66.7 - - - -
DEGREE(EAE) Gen 76.0 73.5 75.2 73.0 80.2 76.3

Table 4: Results for high-resource event argument ex-
traction. Models predict arguments based on the given
gold triggers. Best scores are in bold. *We report
the numbers from the original paper. DEGREE(EAE)
achieves a new state-of-the-art performance on event
argument extraction.

also consider the following baselines focusing on
the high-resource setting. dbRNN (Sha et al., 2018)
is classification-based model that adds dependency
bridges for event extraction. DyGIE++ (Wad-
den et al., 2019) is a classification-based model
with span graph propagation technique. Joint3EE
(Nguyen and Nguyen, 2019) is a classification-
based model jointly trained with annotations of
entity, trigger, and argument. MQAEE (Li et al.,
2020) converts EE to a series of question answering
problems for argument extraction . BART-Gen (Li
et al., 2021) is a generation-based model focusing
on only event argument extraction.3 Appendix D
shows the implementation details for the baselines.

Results for event extraction. Table 3 shows the
results of high-resource event extraction. In terms
of trigger predictions (Tri-C), DEGREE and DE-
GREE(PIPE) outperforms all the baselines except
for OneIE, the current state-of-the-art model. For
argument predictions (Arg-C), our models have
slightly better performance than OneIE in two out
of the three datasets. When enough training exam-

3We follow the original paper and use TAPKEY as their
event detection model.

Model 10% Data 100% Data
Tri-I Tri-C Tri-I Tri-C

Full DEGREE(ED) 69.3 66.1 75.4 72.2
- w/o Event type definition 67.9 64.4 73.5 70.1
- w/o ED template 68.8 65.8 74.0 70.5
- w/o Event keywords 68.2 64.0 73.5 69.1
- only Event type definition 66.3 63.5 72.6 68.9
- only Event keywords 69.2 63.8 70.8 66.2

Table 5: Ablation study for the components in the
prompt on event detection with ACE05-E.

ples are available, models can learn more sophisti-
cated features from data, which do not necessarily
follow the learned dependencies. Therefore, the ad-
vantage of DEGREE over DEGREE(PIPE) becomes
less obvious. This result justifies our hypothesis
that DEGREE has better performance for the low-
resource setting because of its ability to better cap-
ture dependencies.

Results for event argument extraction. In Ta-
ble 4, we additionally study the performance for
event argument extraction task, where the model
makes argument predictions with the gold trigger
provided. Interestingly, DEGREE(EAE) achieves
pretty strong performance and outperforms other
baselines with a large margin. Combining the re-
sults in Table 3, we hypothesize that event argu-
ment extraction is a more challenging task than
event trigger detection and it requires more train-
ing examples to learn well. Hence, our proposed
model, which takes the advantage of using label se-
mantics to better capture dependencies, achieves a
new state-of-the-art for event argument extraction.

4 Ablation Studies

In this section, we present comprehensive ablation
studies to justify our design. To better understand
the contribution of each component in the designed
prompt and their effects on the different tasks, we
ablate DEGREE(EAE) and DEGREE(ED) for both
low-resource and high-resource situations.

Impacts of components in prompts. Table 5
lists the performance changes when removing the
components in the prompts for event detection
on ACE05-E. The performance decreases when-
ever removing any one of event type definition,
event keywords, and ED template. The results sug-
gest that three components are all necessary.

Table 6 demonstrates how different compo-
nents in prompts affect the performance of event
argument extraction on ACE05-E. Removing
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Model 10% Data 100% Data
Arg-I Arg-C Arg-I Arg-C

Full DEGREE(EAE) 63.3 57.3 76.0 73.5
- w/o Event type definition 60.3 54.4 74.5 71.1
- w/o EAE template 57.0 51.9 73.8 70.4
- w/o Query trigger 55.2 49.9 71.4 69.0
- only Query trigger 51.9 48.1 71.2 69.4
- only EAE template 51.2 46.9 71.4 68.6
- only Event type definition 46.7 42.3 71.4 68.2

Table 6: Ablation study for the components in the
prompt on event argument extraction with ACE05-E.

any one of event type definition, query trigger,
and EAE template leads to performance drops,
which validates their necessity. We observe that
query trigger plays the most important role among
the three and when less training data is given,
the superiority of leveraging any of these weakly-
supervised signal becomes more obvious.

Effects of different template designs. To ver-
ify the importance of using natural sentences as
outputs, we study three variants of EAE templates:

• Natural sentence. Our proposed templates de-
scribed in Section 2, e.g., “somebody was born
in somewhere.”, where “somebody” and “some-
where” are placeholders that can be replaced by
the corresponding arguments.

• Natural sentence with special tokens. It is sim-
ilar to the natural sentence one except for using
role-specific special tokens instead of “some-”
words. For example, “<Person> was born in
<Place>.” We consider this to study the label
semantics of roles.

• HTML-like sentence with special tokens. To
study the importance of using natural sentence,
we also consider HTML-like sentence, e.g.,
“<Person> </Person> <Place> </Place>”.
The model aims to put argument predictions be-
tween the corresponding HTML tags.

The results of all variants of EAE templates on
ACE05-E are shown in Table 7. We notice that
writing templates in a natural language style get
better performance, especially when only a few
data is available (10% of data). This shows our de-
sign’s capability to leverage pre-trained knowledge
in the generation process. Additionally, there are
over 1 F1 score performance drops when replacing
natural language placeholders with special tokens.
This confirms that leveraging label semantics for
different roles is beneficial.

Model 10% Data 100% Data
Arg-I Arg-C Arg-I Arg-C

OneIE 48.3 45.4 73.2 69.3
BART-Gen - - 69.9 66.7
Natural sentence 63.3 57.3 76.0 73.5
Natural sentence w/ special tokens 59.8 55.5 74.7 72.3
HTML-like sentence w/ special tokens 60.8 51.9 74.6 71.4

Table 7: Performances of DEGREE(EAE) on ACE05-E
with different types of templates.

Model 10% Data 100% Data
Arg-I Arg-C Arg-I Arg-C

OneIE 48.3 45.4 73.2 69.3
BART-Gen - - 69.9 66.7
DEGREE(EAE) 63.3 57.3 76.0 73.5
DEGREE(EAE) + variant template 1 61.6 55.5 73.4 70.4
DEGREE(EAE) + variant template 2 63.9 56.9 75.5 72.5

Table 8: Study on the effect of different template con-
structing rules. Experiments is conducted on ACE05-E.

Sensitivity to template design. Finally, we study
how sensitive our model is to the template. In ad-
dition to the original design of templates for event
argument extraction, we compose other two sets
of templates with different constructing rules (e.g.,
different word choices and different orders of roles).
Table 8 shows the results of using different sets of
templates. We observe a performance fluctuation
when using different templates, which indicates
that the quality of templates does affect the perfor-
mance to a certain degree. Therefore, we need to be
cautious when designing templates. However, even
though our model could be sensitive to the template
design, it still outperforms OneIE and BART-Gen,
which are the best classification-based model and
the best generation-based baseline, respectively.

5 Related Work

Fully supervised event extraction. Event ex-
traction has been studied for over a decade (Ahn,
2006; Ji and Grishman, 2008) and most tradi-
tional event extraction works follow the fully su-
pervised setting (Nguyen et al., 2016; Sha et al.,
2018; Nguyen and Nguyen, 2019; Yang et al.,
2019b; Lin et al., 2020; Liu et al., 2020; Li et al.,
2020). Many of them use classification-based mod-
els and use pipeline-style frameworks to extract
events (Nguyen et al., 2016; Yang et al., 2019b;
Wadden et al., 2019). To better leverage shared
knowledge in event triggers and arguments, some
works propose incorporating global features to
jointly decide triggers and arguments (Lin et al.,
2020; Li et al., 2013; Yang and Mitchell, 2016).

Recently, few generation-based event extraction
models have been proposed (Paolini et al., 2021;
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Huang et al., 2021, 2022; Li et al., 2021). TANL
(Paolini et al., 2021) treats event extraction as trans-
lation tasks between augmented natural languages.
Their predicted target—augmented language em-
bed labels into the input passage via using brack-
ets and vertical bar symbols. TempGen (Huang
et al., 2021) is a template-based role-filler entity
extraction model, which generate outputs that fill
role entities into non-natural templated sequences.
The output sequence designs of TANL and Temp-
Gen hinder the models from fully leveraging la-
bel semantics, unlike DEGREE that generates natu-
ral sentences. BART-Gen (Li et al., 2021) is also
a generation-based model focusing on document-
level event argument extraction. They solve event
extraction with a pipeline, which prevents knowl-
edge sharing across subtasks. All these fully su-
pervised methods can achieve substantial perfor-
mance with a large amount of annotated data. How-
ever, their designs are not specific for low-resource
scenarios, hence, these models can not enjoy all
the benefits that DEGREE obtains for low-resource
event extraction at the same time, as we mentioned
in Section 1.

Low-resource event extraction. It has been
a growing interest in event extraction in a sce-
nario with less data. Liu et al. (2020) uses
a machine reading comprehension formulation
to conduct event extraction in a low-resource
regime. Text2Event (Lu et al., 2021), a sequence-to-
structure generation paradigm, first presents events
in a linearized format, and then trains a generative
model to generate the linearized event sequence.
Text2Event’s unnatural output format hinders the
model from fully leveraging pre-trained knowledge.
Hence, their model falls short on the cases with
only extremely low data being available (as shown
in Section 3).

Another thread of works are using meta-learning
to deal with the less label challenge (Deng et al.,
2020; Shen et al., 2021; Cong et al., 2021). How-
ever, their methods can only be applied to event
detection, which differs from our main focus on
studying end-to-end event extraction.

6 Conclusion & Future Work

In this paper, we present DEGREE, a data-efficient
generation-based event extraction model. DEGREE

requires less training data because it better utilizes
label semantics as well as weakly-supervised infor-
mation, and captures better dependencies by jointly

predicting triggers and arguments. Our experimen-
tal results and ablation studies show the superiority
of DEGREE for low-resource event extraction.

DEGREE assumes that some weakly-supervised
information (the description of events, similar key-
words, and human-written templates) is accessible
or not expensive for the users to craft. This as-
sumption may holds for most situations. We leave
the automation of template construction for future
work, which can further ease the needed efforts
when deploying DEGREE in a large-scale corpus.
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A EAE Template Constructing

Our strategy to create an EAE template is first iden-
tifying all valid argument roles for the event type,4

such as Attacker, Target, Instrument, and Place
roles. Then, for each argument role, according to
the semantics of the role type, we select natural
and fluent words to form its placeholder (e.g., some
way for Instrument). This design aims to provide a
simple way to help the model learn both the roles’
label semantics and the event structure. Finally, we
create a natural language sentence that connects all
these placeholders. Notice that we try to keep the
template as simple and short as possible. Table 9
lists all designed EAE templates for ACE05-E and
ACE05-E+. The EAE templates of ERE-EN can
be found in Table 10.

B Training Details of Proposed Model

Given a passage, its annotated event types are con-
sider as positive event types. During training, we
additionally sample m event types that are not
related to the passage as the negative examples,
where m is a hyper-parameter. In our experiments,
m is usually set to 13 or 15.

For all of DEGREE, DEGREE(ED), and DE-
GREE(EAE), we fine-tune the pre-trained BART-
large (Lewis et al., 2020) with Huggingface pack-
age (Wolf et al., 2020). The number of parameters
is around 406 millions. We train DEGREE with
our machine that equips 128 AMD EPYC 7452 32-
Core Processor, 4 NVIDIA A100 GPUs, and 792G
RAM. We consider AdamW optimizer (Loshchilov
and Hutter, 2019) with learning rate set to 10−5 and
the weight decay set to 10−5. We set the batch size
to 6 for DEGREE(EAE) and 32 for DEGREE(ED)
and DEGREE. The number of training epochs is 45.
It takes around 2 hours, 18 hours, 22 hours to train
DEGREE(EAE), DEGREE(ED), and DEGREE, re-
spectively.

We do hyper-parameter search on m,
the number of negative examples, from
{3, 5, 7, 10, 13, 15, 18, 21}, and our prelimi-
nary trials shows that m less than 10 are usually
less useful. For the learning rate and the weight
decay, we tune it based on our preliminary
experiment for event argument extraction from
{10−5, 10−4}, while they are both fixed to 10−5

for all the experiments.
4The valid roles for each event type are predefined in the

event ontology for each dataset, or can be decided by the user
of interest.

C Datasets

We consider ACE 20055 (Doddington et al., 2004)
and ERE6 (Song et al., 2015). Both consider LDC
User Agreement for Non-Members7 as the licenses.
Both datasets are created for entity, relation, and
event extraction while our focus is only event ex-
traction in this paper. In the original ACE 2005
dataset, it contains data for English, Chinese, and
Arabic and we only take the English data for our
experiment. In the original ERE dataset, it contains
data for English, and Chinese and we only take the
English data for our experiment as well.

Because both datasets contain event like Jus-
tice:Execute and Life:Die, it is possible that some
offensive words (e.g., killed) would appear in the
passage. Also, some real names may appear in the
passage as well (e.g., Palestinian president, Mah-
moud Abbas). How to accurately identify these
kinds of information is part of the goal of the
task. Therefore, we do not take any changes on
the datasets for protecting or anonymizing.

We split the training data based on documents,
which is a more realistic setup compared to splitting
data by instance. Table 11 lists the statistics of
ACE05-E, ACE05-E+, and ERE-EN. Specifically,
we try to make each proportion of data contain as
many event types as possible.

D Implementation Details

This section describes the implementation details
for all baselines we use. We run the experiments
with three different random seeds and report the
best value.

• DyGIE++: we use their released pre-trained
model8 for evaluation.

• OneIE: we use their provided code9 to train the
model with default parameters.

• BERT_QA: we use their provided code10 to
train the model with default parameters.

• TANL: we use their provided code11 to train the
5https://catalog.ldc.upenn.edu/

LDC2006T06
6https://catalog.ldc.upenn.edu/

LDC2020T19
7https://catalog.ldc.upenn.edu/

license/ldc-non-members-agreement.pdf
8https://github.com/dwadden/dygiepp
9http://blender.cs.illinois.edu/

software/oneie/
10https://github.com/xinyadu/eeqa
11https://github.com/amazon-research/

tanl
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model. We conduct the experiments with two
variations: (1) using their default parameters,
and (2) using their default parameters but with
more training epochs. We observe that the sec-
ond variant works better. As a result, we report
the number obtained from the second setting.

• Text2Event: we use their official code12 to train
the model with the provided parameter setting.

• dbRNN: we directly report the experimental
results from their paper.

• Joint3EE: we directly report the experimental
results from their paper.

• MQAEE: we directly report the experimental
results from their paper.

• BART-Gen: we report the experimental results
from their released appendix.13

12https://github.com/luyaojie/
Text2Event

13https://github.com/raspberryice/
gen-arg/blob/main/NAACL_2021_Appendix.
pdf
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Event Type EAE Template
Life:Be-Born somebody was born in somewhere.
Life:Marry somebody got married in somewhere.
Life:Divorce somebody divorced in somewhere.

Life:Injure somebody or some organization led to some victim injured by some way in some-
where.

Life:Die somebody or some organization led to some victim died by some way in somewhere.

Movement:Transport something was sent to somewhere from some place by some vehicle. somebody or
some organization was responsible for the transport.

Transaction:Transfer-Ownership someone got something from some seller in somewhere.
Transaction:Transfer-Money someone paid some other in somewhere.
Business:Start-Org somebody or some organization launched some organzation in somewhere.
Business:Merge-Org some organzation was merged.
Business:Declare-Bankruptcy some organzation declared bankruptcy.
Business:End-Org some organzation dissolved.

Conflict:Attack some attacker attacked some facility, someone, or some organization by some way
in somewhere.

Conflict:Demonstrate some people or some organization protest at somewhere.
Contact:Meet some people or some organization met at somewhere.
Contact:Phone-Write some people or some organization called or texted messages at somewhere.

Personnel:Start-Position somebody got new job and was hired by some people or some organization in
somewhere.

Personnel:End-Position somebody stopped working for some people or some organization at somewhere.
Personnel:Nominate somebody was nominated by somebody or some organization to do a job.

Personnel:Elect somebody was elected a position, and the election was voted by some people or
some organization in somewhere.

Justice:Arrest-Jail somebody was sent to jailed or arrested by somebody or some organization in
somewhere.

Justice:Release-Parole somebody was released by some people or some organization from somewhere.

Justice:Trial-Hearing somebody, prosecuted by some other, faced a trial in somewhere. The hearing was
judged by some adjudicator.

Justice:Charge-Indict somebody was charged by some other in somewhere. The adjudication was judged
by some adjudicator.

Justice:Sue somebody was sued by some other in somewhere. The adjudication was judged by
some adjudicator.

Justice:Convict somebody was convicted of a crime in somewhere. The adjudication was judged by
some adjudicator.

Justice:Sentence somebody was sentenced to punishment in somewhere. The adjudication was judged
by some adjudicator.

Justice:Fine some people or some organization in somewhere was ordered by some adjudicator
to pay a fine.

Justice:Execute somebody was executed by somebody or some organization at somewhere.

Justice:Extradite somebody was extradicted to somewhere from some place. somebody or some
organization was responsible for the extradition.

Justice:Acquit somebody was acquitted of the charges by some adjudicator.
Justice:Pardon somebody received a pardon from some adjudicator.
Justice:Appeal some other in somewhere appealed the adjudication from some adjudicator.

Table 9: All EAE templates for ACE05-E and ACE05-E+.
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Event Type EAE Template
Life:Be-Born somebody was born in somewhere.
Life:Marry somebody got married in somewhere.
Life:Divorce somebody divorced in somewhere.

Life:Injure somebody or some organization led to some victim injured by some way in some-
where.

Life:Die somebody or some organization led to some victim died by some way in somewhere.

Movement:Transport-Person somebody was moved to somewhere from some place by some way. somebody or
some organization was responsible for the movement.

Movement:Transport-Artifact something was sent to somewhere from some place. somebody or some organization
was responsible for the transport.

Business:Start-Org somebody or some organization launched some organzation in somewhere.
Business:Merge-Org some organzation was merged.
Business:Declare-Bankruptcy some organzation declared bankruptcy.
Business:End-Org some organzation dissolved.

Conflict:Attack some attacker attacked some facility, someone, or some organization by some way
in somewhere.

Conflict:Demonstrate some people or some organization protest at somewhere.
Contact:Meet some people or some organization met at somewhere.
Contact:Correspondence some people or some organization contacted each other at somewhere.

Contact:Broadcast some people or some organization made announcement to some publicity at some-
where.

Contact:Contact some people or some organization talked to each other at somewhere.
Manufacture:Artifact something was built by somebody or some organization in somewhere.

Personnel:Start-Position somebody got new job and was hired by some people or some organization in
somewhere.

Personnel:End-Position somebody stopped working for some people or some organization at somewhere.
Personnel:Nominate somebody was nominated by somebody or some organization to do a job.

Personnel:Elect somebody was elected a position, and the election was voted by somebody or some
organization in somewhere.

Transaction:Transfer-Ownership The ownership of something from someone was transferred to some other at some-
where.

Transaction:Transfer-Money someone paid some other in somewhere.
Transaction:Transaction someone give some things to some other in somewhere.

Justice:Arrest-Jail somebody was sent to jailed or arrested by somebody or some organization in
somewhere.

Justice:Release-Parole somebody was released by somebody or some organization from somewhere.

Justice:Trial-Hearing somebody, prosecuted by some other, faced a trial in somewhere. The hearing was
judged by some adjudicator.

Justice:Charge-Indict somebody was charged by some other in somewhere. The adjudication was judged
by some adjudicator.

Justice:Sue somebody was sued by some other in somewhere. The adjudication was judged by
some adjudicator.

Justice:Convict somebody was convicted of a crime in somewhere. The adjudication was judged by
some adjudicator.

Justice:Sentence somebody was sentenced to punishment in somewhere. The adjudication was judged
by some adjudicator.

Justice:Fine some people or some organization in somewhere was ordered by some adjudicator
to pay a fine.

Justice:Execute somebody was executed by somebody or some organization at somewhere.

Justice:Extradite somebody was extradicted to somewhere from some place. somebody or some
organization was responsible for the extradition.

Justice:Acquit somebody was acquitted of the charges by some adjudicator.
Justice:Pardon somebody received a pardon from some adjudicator.
Justice:Appeal somebody in somewhere appealed the adjudication from some adjudicator.

Table 10: All EAE templates for ERE-EN.
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Dataset Split #Docs #Sents #Events #Event Types #Args #Arg Types

ACE05-E

Train (full) 529 17172 4202 33 4859 22
Train (1%) 5 103 47 14 65 16
Train (2%) 10 250 77 17 104 16
Train (3%) 15 451 119 23 153 17
Train (5%) 25 649 212 27 228 21
Train (10%) 50 1688 412 28 461 21
Train (20%) 110 3467 823 33 936 22
Train (30%) 160 5429 1368 33 1621 22
Train (50%) 260 8985 2114 33 2426 22
Dev 28 923 450 21 605 22
Test 40 832 403 31 576 20

ACE05-E+

Train (full) 529 19216 4419 33 6607 22
Train (1%) 5 92 49 15 75 16
Train (2%) 10 243 82 19 129 16
Train (3%) 15 434 124 24 203 19
Train (5%) 25 628 219 27 297 21
Train (10%) 50 1915 428 29 629 21
Train (20%) 110 3834 878 33 1284 22
Train (30%) 160 6159 1445 33 2212 22
Train (50%) 260 10104 2231 33 3293 22
Dev 28 901 468 22 759 22
Test 40 676 424 31 689 21

ERE-EN

Train (full) 396 14736 6208 38 8924 21
Train (1%) 4 109 61 14 78 16
Train (2%) 8 228 128 21 183 19
Train (3%) 12 419 179 26 272 19
Train (5%) 20 701 437 31 640 21
Train (10%) 40 1536 618 37 908 21
Train (20%) 80 2848 1231 38 1656 21
Train (30%) 120 4382 1843 38 2632 21
Train (50%) 200 7690 3138 38 4441 21
Dev 31 1209 525 34 730 21
Test 31 1163 551 33 822 21

Table 11: Dataset statistics. Our experiments are conducted in sentences, which were split from documents. In
the table, “#Docs” means the number of documents; “#Sents” means the number of sentences, “#Events” means
the number of events; “#Event Types” means the number of event types in total; “#Args” means the number of
argument in total; “#Arg Types” means the number of argument role types in total.
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E Few-Shot and Zero-Shot Event
Extraction

In order to further test our models’ generaliabil-
ity, we additionally conduct zero-shot and few-
shot experiments on the ACE05-E dataset with
DEGREE(ED) and DEGREE(EAE).

Settings. We first select the top n common event
types as “seen” types and use the rest as “un-
seen/rare” types, where the top common types
are listed in Table 12. To simulate a zero-shot
scenario, we remove all events with “unseen/rare”
types from the training data. To simulate a few-shot
scenario, we keep only k event examples for each
“unseen/rare” type (denoted as k-shot). During the
evaluation, we calculate micro F1-scores only for
these “unseen/rare” types.

n Seen Event Types for Training/Development

5 Conflict:Attack, Movement:Transport, Life:Die,
Contact:Meet, Personnel:Elect

10
Conflict:Attack, Movement:Transport, Life:Die,
Contact:Meet, Personnel:Elect, Life:Injure,
Personnel:End-Position, Justice:Trial-Hearing,
Contact:Phone-Write, Transaction:Transfer-Money

Table 12: Common event types in ACE05-E.

Compared baselines. We consider the following
baselines: (1) BERT_QA (Du and Cardie, 2020)
(2) OneIE (Lin et al., 2020) (3) Matching base-
line, a proposed baseline that makes trigger predic-
tions by performing string matching between the
input passage and the event keywords. (4) Lemma-
tization baseline, another proposed baseline that
performs string matching on lemmatized input pas-
sage and the event keywords. (Note: (3) and (4)
are baselines only for event detection tasks.)

Experimental results. Figure 4, Table 13, and
Table 14 show the results of n = 5 and n = 10.
From the two subfigures in the left column, we see
that DEGREE(ED) achieves promising results in
the zero-shot setting. In fact, it performs better
than BERT_QA trained in the 10-shot setting and
OneIE trained in the 5-shot setting. This demon-
strates the great potential of DEGREE(ED) to dis-
cover new event types. Interestingly, we observe
that our two proposed baselines perform surpris-
ingly well, suggesting that the trigger annotations
in ACE05-E are actually not diverse. Despite their
impressive performance, DEGREE(ED) still out-
performs the matching baseline by over 4.7% ab-
solute trigger classification F1 in both n = 5 and

n = 10 cases in zero-shot scenario. Additionally,
with only one training instance for each unseen
type, DEGREE(ED) can outperform both proposed
baselines.

Next, we compare the results for the event ar-
gument extraction task. From the two middle sub-
figures, we observe that when given gold triggers,
our model performs much better than all baselines
with a large margin. Lastly, we train models for
both trigger and argument extraction and report the
final argument classification scores in the two right
subfigures. We justify that our model has strong
generalizability to unseen event types and it can
outperform BERT_QA and OneIE even when they
are both trained in 5-shot settings.
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(a) Results for top common 5 event types.
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(b) Results for top common 10 event types.

Figure 4: The zero/few-shot experimental results. Left: The result for the models on event detection task with the
scores reported in trigger classification F1. Middle: The models are tested under the scenario of given gold trigger
and evaluated with argument classification criterion. Right: The results for the models to perform event extraction
task, which aims to predict triggers and their corresponding arguments (we report the argument classification F1).
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Event Extraction

Trigger Argument Common 5 Common 10
Tri-I Tri-C Arg-I Arg-C Tri-I Tri-C Arg-I Arg-C

Matching Baseline 42.7 42.1 - - 46.3 46.3 - -
Lemmatization Baseline 51.5 50.2 - - 56.6 56.0 - -
BERT_QA 1-shot 10.0 1.4 1.3 1.3 8.2 1.6 1.1 1.1
BERT_QA 5-shot 14.0 12.6 11.1 10.8 20.8 15.4 14.6 13.9
BERT_QA 10-shot 37.8 33.5 22.9 22.1 32.0 27.8 19.5 18.6
OneIE 1-shot 4.2 4.2 1.5 1.5 4.1 2.7 2.0 2.0
OneIE 5-shot 39.3 38.5 24.8 22.8 41.9 41.9 29.7 27.2
OneIE 10-shot 54.8 53.3 36.0 34.9 61.5 57.8 41.4 39.2
DEGREE(ED) 0-shot DEGREE(EAE) 0-shot 53.3 46.8 29.6 25.1 60.9 54.5 42.0 31.4
DEGREE(ED) 1-shot DEGREE(EAE) 1-shot 60.1 53.3 38.8 31.6 61.2 60.9 41.1 34.7
DEGREE(ED) 5-shot DEGREE(EAE) 5-shot 57.8 55.5 40.6 36.1 65.8 64.8 45.3 42.7
DEGREE(ED) 10-shot DEGREE(EAE) 10-shot 63.8 61.2 46.0 42.0 72.1 68.8 52.5 48.4
OneIE (Full) 72.7 70.5 52.3 49.9 74.5 73.0 51.2 48.9
DEGREE(ED) (Full) DEGREE(EAE) (Full) 68.4 66.0 51.9 48.7 72.0 69.8 52.5 49.2

Table 13: Full results of zero/few-shot event extraction on ACE05-E.

Event Argument Extraction

Trigger Argument Common 5 Common 10
Tri-I Tri-C Arg-I Arg-C Tri-I Tri-C Arg-I Arg-C

Gold Triggers BERT_QA 0-shot 100.0 100.0 55.8 37.9 100.0 100.0 57.2 46.7
Gold Triggers BERT_QA 1-shot 100.0 100.0 55.8 44.3 100.0 100.0 57.8 47.2
Gold Triggers BERT_QA 5-shot 100.0 100.0 56.6 49.6 100.0 100.0 59.1 50.6
Gold Triggers BERT_QA 10-shot 100.0 100.0 58.8 52.9 100.0 100.0 60.5 52.8
Gold Triggers OneIE 1-shot 100.0 100.0 40.9 36.5 100.0 100.0 48.3 44.2
Gold Triggers OneIE 5-shot 100.0 100.0 55.6 51.4 100.0 100.0 58.6 55.0
Gold Triggers OneIE 10-shot 100.0 100.0 59.4 56.7 100.0 100.0 62.0 59.5
Gold Triggers DEGREE(EAE) 0-shot 100.0 100.0 56.1 48.0 100.0 100.0 66.5 53.3
Gold Triggers DEGREE(EAE) 1-shot 100.0 100.0 65.2 55.2 100.0 100.0 65.4 54.7
Gold Triggers DEGREE(EAE) 5-shot 100.0 100.0 70.9 62.2 100.0 100.0 68.0 61.7
Gold Triggers DEGREE(EAE) 10-shot 100.0 100.0 71.1 64.2 100.0 100.0 71.6 64.3
Gold Triggers BERT_QA (Full) 100.0 100.0 63.1 57.9 100.0 100.0 62.1 56.5
Gold Triggers OneIE (Full) 100.0 100.0 70.8 66.4 100.0 100.0 67.9 64.1
Gold Triggers DEGREE(EAE) (Full) 100.0 100.0 74.5 70.6 100.0 100.0 73.6 68.9

Table 14: Full results of zero/few-shot event argument extraction on ACE05-E.
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Abstract
Large-scale cross-lingual pre-trained language
models (xPLMs) have shown effectiveness in
cross-lingual sequence labeling tasks (xSL),
such as cross-lingual machine reading com-
prehension (xMRC) by transferring knowledge
from a high-resource language to low-resource
languages. Despite the great success, we draw
an empirical observation that there is a training
objective gap between pre-training and fine-
tuning stages: e.g., mask language modeling
objective requires local understanding of the
masked token and the span-extraction objec-
tive requires global understanding and reason-
ing of the input passage/paragraph and ques-
tion, leading to the discrepancy between pre-
training and xMRC. In this paper, we first
design a pre-training task tailored for xSL
named Cross-lingual Language Informative
Span Masking (CLISM) to eliminate the ob-
jective gap in a self-supervised manner. Sec-
ond, we present ContrAstive-Consistency Reg-
ularization (CACR), which utilizes contrastive
learning to encourage the consistency between
representations of input parallel sequences via
unsupervised cross-lingual instance-wise train-
ing signals during pre-training. By these means,
our methods not only bridge the gap between
pretrain-finetune, but also enhance PLMs to
better capture the alignment between different
languages. Extensive experiments prove that
our method achieves clearly superior results
on multiple xSL benchmarks with limited pre-
training data. Our methods also surpass the
previous state-of-the-art methods by a large
margin in few-shot data settings, where only a
few hundred training examples are available.

1 Introduction

Sequence labeling (SL) tasks are common condi-
tions and have considerable impact in natural lan-
guage processing communities, such as named en-
tity recognition (NER) (Lample et al., 2016), and

∗Work done when interned at Microsoft STCA.
†Corresponding Author
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[SEP]…
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Figure 1: Mask language modeling objective in the pre-
training stage and span-extraction objective of xMRC
in the fine-tuning stage.

machine reading comprehension (MRC) (Hermann
et al., 2015; He et al., 2018; Asai et al., 2018; Yuan
et al., 2020; You et al., 2020b; You et al.), to name
a few. For instance, MRC models are required to
predict whether each token in the input passage is
the start or end position of the ground-truth an-
swer span given a pre-defined question. Many
promising results have been achieved using deep-
learning based methods (Seo et al., 2017; Liang
et al., 2021b) on popular benchmarks (Rajpurkar
et al., 2016, 2018; Reddy et al., 2019; You et al.,
2020a). Recently, there is a growing body of litera-
ture that recognizes the importance of cross-lingual
sequence labeling tasks (xSL for short) (Huang
et al., 2019; Lewis et al., 2020; Artetxe et al.,
2019a), where translation systems are utilized to
translate high-resource languages into low-resource
languages so as to enrich the training data. How-
ever, the performance of xSL models is severely
affected by translation quality (Yuan et al., 2020;
Liang et al., 2021a).

Recently, thanks to multilingual pre-trained lan-
guage models (xPLMs) (Huang et al., 2019; Liang
et al., 2020; Conneau et al., 2019; Chi et al., 2021a)
pre-trained on large multilingual corpus (billion-
level), the pre-training + fine-tuning paradigm
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English(en):
List of Ottawa buildings

Viestamese(vi):
Danh sách các tòa nhà của Ottawa

CLISM Input:

[CLS] [QUE] of [QUE] buildings [SEP] Danh sách các

tòa nhà của Ottawa [SEP]
Selected Spans in English:    [List, Ottawa]
Aligned Spans in Viestamese:   [Danh sách, Ottawa]

Figure 2: The example of our proposed CLISM. Here
we present the input sequence in English and Viet-
namese. Selected spans in English are from off-the-shelf
NER tools like Spacy and the corresponding aligned
spans in Vietnamese obtained by GIZA++ toolkit (Pei
et al., 2020).

starts dominating various cross-lingual understand-
ing tasks including entity recognition (Liang et al.,
2021a,b) and question answering (Asai et al., 2018;
Chen et al., 2021b). Even if in zero-shot or few-
shot settings, these effective xPLMs still achieve
remarkable improvements during fine-tuning via
transfer learning. Despite the promising results in
such settings, there is an objective gap between
pre-training and fine-tuning for xSL tasks. Take
the xMRC task as an example. During pre-training,
PLMs are always trained with mask language mod-
eling (MLM) (Devlin et al., 2018; Lan et al., 2020),
Next Sentence Prediction (NSP) (Pires et al., 2019;
Conneau et al., 2019) or translation replaced to-
ken detection (TRTD) (Chi et al., 2021c) tasks.
Subsequently, these state-of-the-art models are typ-
ically trained for span extraction using distantly
supervised multilingual task-related examples dur-
ing fine-tuning. This is somewhat expected, since
local context understanding around the mask to-
ken is mainly needed to perform pre-training tasks
like MLM or TRTD, while span-extraction MRC
requires the model to understand the interaction
between question and global context of passage,
as shown in Figure 1. Suffering from different ob-
jectives, the performance of the model inevitably
deteriorates (Jiao et al., 2021; Ram et al., 2021).

Motivated by these factors, we first design a
cross-lingual language-informative span masking
(CLISM) task for bridging the gap between pre-
training and fine-tuning in the context of xSL,
which can be seen as a question answering task.
A primary concern of such a self-supervised task

is how to create corresponding multilingual <ques-
tion, answer> training pairs. Concretely, we group
the parallel corpus into several sub-groups. Each
sub-group is called a language-informative group
and contains the same sentence in two different
languages, a source language and a target lan-
guage. Considering aligned spans in the cross-
lingual parallel sentences can be seen as a signal
for coreference and lead to information short-cut
(Jiao et al., 2021). Subsequently, we mask n-grams
(e.g., named entities) spans which occur in a given
source language sentence, and then we take the
masked sentence and the unmasked counterpart in
target language as input. Thus, we form question
answering by masking all selected spans with a spe-
cial token [QUE], and requiring the model to find
the correct start and end positions for each of such
tokens based on understanding global context of the
sentence in source and target languages, as shown
in Figure 2. Correspondingly, each [QUE] is re-
garded as a question, and its corresponding span in
the target language sentence that is unmasked acts
as the answer. With this strategy, the model needs
to predict whether each token is the answer start
or end index, which is essentially consistent with
xSL tasks (Ram et al., 2021). Hence the training
objectives are connected, and thus, cross-lingual
PLMs can be more adequate for xSL.

Considering to better capture the alignment be-
tween the same content in different languages
and avoid learning representations that are covari-
ant with the noisy parallel input (e.g., [QUE]
and [MASK]), we also design a strategy called
ContrAstive-Consistency Regularization (CACR)
during pre-training. Our core idea behind CACR
is to push representations of the same sequence in
various languages to be similar, while pushing it
away from other examples via contrastive learning
(You et al., 2022, 2021c). The overview of our
architecture is presented in Figure 3.

The resulting language model exhibits surprising
performances in multiple xSL benchmarks, such as
xMRC and xNER. Of note, compared with other
new state-of-the-art xPLMs such as Info-XLM
and XLM-Align which utilize billion-level pre-
training data, our model pre-trained with limited
data e.g., 1 million achieve better performances
across various datasets. As an additional benefit
of our methods, our model also achieves superior
performances given a few training instances. For
example, ours achieve 35.9%/50.8% EM/F1 score
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DRMĐie#u khoản[QUE] clause [SEP][SEP][CLS]
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Figure 3: Model Architecture: In this example, we choose English (en) as our source language and Vietnamese (vi)
as our target language, separately. In the input sequence, the original sentence in English is "DRM clause", "DRM"
is the selected span. We mask "DRM" with the special token [QUE]. Then the designed CLISM is required the
model to predict the start and end positions of the correct answer for [QUE] ("DRM" in target language).

with only 512 examples on MLQA dataset, outper-
forming all baselines by a very wide margin (vs.
15.5%/26.8%).

In general, we make the following technical con-
tributions in this paper:

• We present a new cross-lingual pre-training
paradigm named CLISM to bridge the training
objective gap between language models and
cross-lingual sequence labeling tasks.

• We design a novel pre-training strategy termed
CACR, which encourages xPLMs to better
capture alignment between cross-lingual rep-
resentations.

• The resulting models achieve state-of-the-
art performances with limited parallel pre-
training data on multiple xSL benchmarks.
Moreover, we demonstrate that our method
also shows significant improvements in few
shot data settings during fine-tuning.

2 Related Work

Pre-trained Language Models During the past
few years, PLMs (Devlin et al., 2018; Liu et al.,
2019; Lan et al., 2020; Sun et al., 2020) dominate
natural language understanding and generating ar-
eas due to their promising results in various down-
stream tasks. Taking a step forward a more real
world, there is a growing body of communities ex-
tent PLMs to multi-lingual language (xPLMs), and

some representative works have been done such
as XLM-R (Conneau et al., 2019) (short for XLM-
Roberta), info-XLM (Chi et al., 2021a) and XLM-
Align (Chi et al., 2021b). Almost these efforts
trained with token-level pre-training tasks on large
multi-lingual corpus. Directly utilizing xPLMs
lead high performances in the fine-tuning stage, but
when transferred to downstream tasks can result the
objective gap between pretrain-finetune, making
xPLMs sub-optimized in downstream tasks espe-
cially for xSL (Jiao et al., 2021; Ram et al., 2021).
Our proposed CLISM and CACR not only alleviate
the pretrain-finetune discrepancy, but also strong
the ability of xPLMs to capture alignment between
cross-lingual representations in sentence-level.

Sequence Labeling Sequence Labeling tasks are
of great significance in web mining, such as named
entity recognition (Shen et al., 2021; Cui et al.,
2021), relation identification (Akhmouch et al.,
2021), event extraction (Lu et al., 2021; Lyu et al.,
2021), and even machine reading comprehension
(Wu et al., 2021; Chen et al., 2021a; You et al.,
2021a,b; Chen et al., 2021c). However, when push-
ing the boundary of SL to low-resource languages,
xSL can be very challenging, due to limited train-
ing data. To tackle this challenge, various efforts
have been proposed (Huang et al., 2019; Liang
et al., 2020; Conneau et al., 2019; Liang et al.,
2021a). Cui et al. (2019) and Singh et al. (2019)
utilized machine translation to get parallel data as
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the data argumentation method. But the perfor-
mance of these methods are restricted to the quality
of translation. Hence, Yuan et al. (2020) proposed
to generate low-resource language weakly labeled
data from Wikipedia articles. Similarly, we also
collect pre-training parallel data for CLISM from
web sources. We tackle the objective gap between
language models and xSL tasks, an challenge over-
looked by the previous methods.

Recent Works Currently, several studies have
explored to bridge the gap between pre-training
and fine-tuning, including two main categories: (1)
knowledge-driven, which introduces external com-
monsense knowledge into the pre-training for im-
proving model performance in down-stream tasks
(Varkel and Globerson, 2020; Sun et al., 2020),
(2) The latter is task-oriented, which includes sev-
eral well designed pre-training or fine-tuning tasks
(Jiao et al., 2021; Deng et al., 2021). However,
none of these works target cross-lingual areas, es-
pecially for xSL tasks. Recently, concurrent with
our research, Ram et al. (2021) studied aligning
the pre-training and fine-tuning stages in the con-
text of question answering via introducing a novel
pre-training task. Nevertheless, Ram et al. (2021)
focused on few-shot question answering, and didn’t
explore the relation between different languages.

3 Methodology

In this section, we first illustrate our two pre-
training strategies: CLISM and CACR in detail.
Then we introduce how to apply our methods in
down-stream tasks to obtain high performances.
Due to the excellent versatility of our proposed
methods, which can build on top of any xPLMs.
Hence, we leverage M to represent a series of
pre-trained language models. Our goal aims at
aidingM to eliminate the influence of objective
gap between pretrain-finetune, and enhancing the
consistency between parallel data representations.

3.1 Cross-lingual Language Informative Span
Masking

Definition Heading for bridging the objective
gap between pre-training and fine-tuning in xSL,
we formulate a new pre-training task named
Cross-lingual Language Informative Span Masking
(CLISM) from the unlabeled data. Given an input
sentence ss in source language and its counterpart
in the target language st. We first utilize name en-

tity recognition tools like Spacy to select entities1

in source language. Considering the translation
of the same phrase may be different when push-
ing it into translation systems separately or concat
it with a whole sentence. Therefore, we leverage
the off-the-shelf alignment tool like GIZA++ (Pei
et al., 2020) to align the corresponding words of
the selected entity in the target language. After
extracting entity spans and alignment2, we replace
these selected spans with a special token [QUE] in
source language sentence ss, and the correspond-
ing alignment spans in st act as the“ground-truth
answer" span for each masked "question" ([QUE]).
For instance, as the example presented in the Fig-
ure 3 (a), the span “DRM" is the selected span, we
replace it in source language with [QUE] and uti-
lize the aligned span “DRM" in target language as
the correct answer.

Pre-training After getting identical language-
informative spans S in ss, where each of S is re-
placed with a single [QUE] token Q. Hence, we
can get the final input sequence X via concatenat-
ing the masked source language sentence ŝs and
unmasked target language sentence st with two
special tokens [SEP] and [CLS], as shown in
Figure 3 (a). Concretely, the goal of CLISM can be
seen as to predict the correct answer (correspond-
ing aligned span in st) for a given Q ∈ S based
on understanding the meaning of input X. Subse-
quently, our method converts unlabeled text into a
set of specific questions that need to be answered
simultaneously. Thus, in order to find the correct
answer span of each Q, we pass X through M,
producing contextualized representations for each
token, and then use the representation of Q to com-
pute dynamic start and end vectors sq, eq:

sq = Wsxq eq = Wexq (1)

where Ws and We are learnable parameters and xq
denotes the representation of Q. Subsequently. we
follow the standard span-extraction setting (Huang
et al., 2019) to obtain the start and end position
probability distributions via computing the inner
product of learned vectors sq, eq with each token
representation in X:

1If the extracted entities of one sentence is none, we will
remove it.

2We further conduct informative span selection strategy,
reducing the bias of the extracted entities. Details can be seen
in the Appendix B.
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P(s = k|X,Q) = exp(xTk sq)∑
j exp(x

T
j sq)

(2)

P(e = k|X,Q) = exp(xTk eq)∑
j exp(x

T
j eq)

(3)

Finally, we optimize the model via standard cross-
entropy loss:

Lclism = −logP(s = asi |X)−logP(e = aei |X)
(4)

where ai denotes the aligned span of i-th Q in S.
Thus, the capability of evidence extraction across
different languages is enhanced during pre-training,
and will be smoothly transferred to xSL during fine-
tuning.

3.2 ContrAstive-Consistency Regularization
We design CACR from two points of view: (1) Mis-
alignment between parallel sequences representa-
tions still hinders xPLMs advancing in downstream
tasks, (2) prior works tend to learn corrupted repre-
sentations (e.g., [MASK] token) which are covari-
ant with the noise during pre-training (Luo et al.,
2021). In contrast, our CACR aims at not only aid-
ingM in learning noise invariant representations
during pre-training, but also promotingM to bet-
ter capture alignment between representations of
parallel input sequences. Therefore, the proposed
CACR could support CLISM to better optimizeM
during pre-training.

Definition Aforementioned, the input sequence
X = {[CLS]ŝs[SEP]st[SEP]}. We then take
X as input to get the contextual representations of
sentences:

H = [Hcls, Ĥs,Ht,Hsep] =M(X) (5)

where H ∈ Rl×d, l and d are the max input se-
quence length and hidden size, separately. Ĥs ∈
Rn×d,Ht ∈ Rm×d denote the representations of
ŝs and st. Also m and n represent the sequence
length of ŝs and st. Note that we can not directly
utilize Ĥs and Ht as the input of our CACR be-
cause of the mismatch between m and n. There-
after, we apply an extra aggregation layer (e.g.,
mean-pooling) A to obtain final global semantics
of ŝs and st:

r̂s = A(Ĥs) rt = A(Ht) (6)

where r̂s and rt belong to Rd. Intuitively, the most
simple implement of our CACR is to regard r̂s and

rt as positives and others in mini-batch are nega-
tives to optimize theM via a standard contrastive
objective (Hjelm et al., 2019):

L(rt, r̂s) = −log exp(Ψ(rt, r̂s)/τ)
∑B
j=1 exp(Ψ(rt, rj)/τ)

(7)

where B and τ are mini-batch and temperature,
Ψ(,) denotes the cosine similarity function. Never-
theless, considering ŝs is the corrupted input, which
contains the[QUE] token. Inspired by (Luo et al.,
2021), optimizing ourM only with Eq.7 may lead
the model to learn representations that are covari-
ant with the noise text, causing incorrectly rep-
resented alignment between source language and
target language. Therefore, we further introduce
the original unmasked sentence in source language
ss as input. Similarly, the pre-trained model M
encodes ss to obtain the hidden representationHs.
Also the designed aggregation layer A is respon-
sible for getting the final semantic representation
rs. Thereafter, the positive threefold is collected:
{rs, rt, r̂s}. Each representation in this set is re-
garded as positive, that is, we expect each two of
them should be similar as possible in the latent
space. By these means,M is encouraged to learn
noise-invariant representations and better capture
cross-lingual representations alignment, alleviating
pretrain-finetune discrepancy to some extent, as
shown in Figure 3 (b). The final loss of our CACR
can be formulated as:

Lcacr = L(rt, r̂s) + L(rs, r̂s) + L(rt, rs) (8)

3.3 Pre-training Strategy

To be consistent with previous methods (Liu et al.,
2019; Chi et al., 2021a), we also pre-trainM with
the mask language modeling (MLM) training ob-
jective. In detail, we train the model in multi-task
setting during pre-training. The total objective of
our model can be defined as:

L = Lclism + Lcacr + Lmlm (9)

3.4 Fine-tuning

Inspired by (Ram et al., 2021), to be consistent
with our proposed pre-training strategies, we also
leverage the special token used in pre-training stage
for downstream tasks. In other words, we append
the [QUE] token to the input sequence during fine-
tuning. Extensive results show this strategy achieve
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Data <en,ar> <en,hi> <en,vi> Total

0.4M 0.3M 0.3M 1M

Table 1: Sentence number we used in pre-training.

better performances in xSL tasks, especially in few-
shot data setting. For example, we can get the fol-
lowing input sequence in xMRC task with adding
[QUE] after the input question. :

X̄ = {[CLS]Q[QUE][SEP]P[SEP]} (10)

where Q and P denote the input question and pas-
sage. Due to [QUE] token acts as a question dur-
ing our pre-training. Hence after pre-training, we
expect it captures enough information about the
question, and thus, we utilize the representation of
[QUE] to select the ground-truth answer span in
xMRC task. The following process is the same as
Section 3.1.

4 Experiments

In this section, we first present the pre-training
data collection. Then we illustrate experiments on
xSL tasks, including specific implementation and
detailed results.

4.1 Pre-training Data
Aforementioned, our proposed CLISM and CACR
require parallel data. Therefore we utilize MT
dataset (Conneau and Lample, 2019) to construct
our input sequences. In detail, we only utilize four
languages including English(en), Arabic(ar), Vi-
etamese(vi) and Hindi(hi) from MT dataset to train
our model, proving our method also achieves great
improvements in other languages which we don’t
obtain any data. Concretely, the inputs of our model
consist of two languages: source language and tar-
get language. Considering the promising perfor-
mance of off-the-shelf NER tools (e.g., Spacy) in
English, thus we choose English as our source lan-
guage and another three languages are regarded as
the target language in turn. Thereafter, the number
of our pre-training data is reported at Table 1, the
total amount data is 1 million.

4.2 Training Details
Model Structure We initialize the parameters
of our model from XLM-R and Info-XLM base
version published in Hugging Face Transformers3,

3https://github.com/huggingface/transformers

showing the generalization of our methods. Hence,
the resulting model M contains 12 transformer
layers and hidden state is set to 768.

Pre-training Details In our implementation of
MLM, we follow the setting in (Devlin et al., 2018),
which randomly mask 15% tokens of the input
sequence4. We optimize our model with the Adam
optimizer, using batch size of 64 for a total of 15K
steps in pre-training. And learning rate is set to
1e-5 with 1.5K warmup steps. The total max input
sequence length is set to 256, that is, the max length
of each sentence is set to 128. Notice that τ in Eq.7
is set to 20. We pre-train our model using 8×V100-
32G GPUs for 4-5 hours. Fine-tuning details can
be seen in the Appendix C.

4.3 Evaluation

We conduct experiments over two xSL tasks:
xMRC and xNER including four datasets: MLQA
(Lewis et al., 2020), XQUAD (Artetxe et al.,
2019b), CoNLL (Sang, 2002) and WikiAnn (Pan
et al., 2017). Detailed introduction about these
datasets presented in the Appendix D.

For all datasets, we fine-tune our model in zero-
shot setting, which denotes we only utilize the En-
glish training set to optimize the model, and test
the resulting model on other target languages.

For xMRC task, we use two evaluation metrics,
Exact Match (EM) and span-level F1 score , which
are popularly used for accuracy evaluation of MRC
models. Span-level F1 measures the span overlap
between ground-truth answer and model predic-
tions. Exact match (EM) score is 1 if the prediction
is exactly the same as the ground truth, otherwise 0.
As for xNER task, we use entity-level F1 score to
evaluate our model, which requires the boundary
and type between the prediction and the ground-
truth entity should be matched precisely.

4.4 Experiment Results

Baselines We compare our model with the fol-
lowing pre-trained baselines: (1) M-BERT (De-
vlin et al., 2018) pre-trained with MLM task on
Wikipedia data in 102 languages; (2) XLM (Con-
neau and Lample, 2019), another multilingual PLM
pre-trained with MLM and TLM tasks in 100 lan-
guages; (3) XLM-R (Conneau et al., 2019), a strong
effective xPLM pre-trained with MLM in more
large corpus; (4) Info-XLM (Chi et al., 2021a),

4The pre-defined answers in CLISM will not be masked to
avoid missing labels.
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Models #data #languages MLQA XQUAD CoNLL WikiAnn

M-BERT - 102 57.80/42.40 69.63/53.72 78.2 69.1
XLM - 100 61.70/44.20 70.93/53.18 79 69.5
CalibreNet - - 65.40/48.84 - 80.92 -
Chen et al. (2021b) - - 66.00/48.88 75.06/59.87 - -

XLM-R - - 64.14/46.00 73.54/57.55 78.48 70.28
Info-XLM* 130M 94 65.85/48.23 75.79/59.50 79.52 72.23
XLM-Align* 130M 94 65.66/48.47 75.35/59.10 78.87 72.66
Ours (XLM-R)* 1M 4 67.34/49.11 76.73/60.87 80.63 73.31

Ours (Info-XLM) 1M 4 69.07/50.81 78.22/61.99 81.13 73.87

Table 2: Average evaluation results on four datasets. #data denotes the amount of pre-training data. #languages
represents the language diversities in pre-training data. The results of our model are averaged over 5 runs. * denotes
the model build upon of XLM-R. The results of each language are represented in the Appendix E.

a recent xPLM which continues training XLM-R
with MLM, TLM and XLCO in 94 languages; (5)
XLM-Align (Chi et al., 2021b), a more recent but
effective xPLM, also built on top of XLM-R with
MLM and DWA in 94 languages. Besides, we also
utilize strong baselines which are specifically de-
signed for xSL tasks: (1) CalibreNet (Liang et al.,
2021b) designed for enhancing the boundary de-
tection of xPLMs in xSL tasks; (2) AA-CL (Chen
et al., 2021b), a more recent approach to construct
hard-negatives via contrastive learning for xMRC.
Note that, we reimplement the base version of these
baselines in our local environment with 3 times and
report the average results of baselines.

We represent two main results in full-data set-
ting and few-shot data setting. That is, our model
utilizes all data in training set to train the model
in full-data setting. In contrast, the model is fine-
tuned with smaller training sets in few-shot data
setting.

xMRC Results Table 2 shows the comparison
between our approach and representative systems
on four datasets. Specifically, our models sur-
pass these baselines by a large margin on two
xMRC datasets. For examples, our model ini-
tialized from Info-XLM achieve 69.07%/50.81%
(vs. 65.85%/48.23%) in terms of F1/EM score.
Compared with Info-XLM or XLM-Align, which
both build on top of XLM-R with 130 million
data across 94 languages, our model initialized
from XLM-R obtains better performances like
67.34%/48.91% (vs. 65.85%/48.23%) on MLQA
dataset. It is worthwhile to indicate that our model
only pre-tained with 1 million parallel data across

4 languages. The results bear out the effective-
ness of our proposed methods even if with lim-
ited pre-training data across several languages
(1M≪130M).

Also when looked into the Table 3, our models
dramatically improve performances in the more
challenging few-shot data setting. Given a small
training set with only 512 examples, our model
built on top of XLM-R improve the baseline by
24%/20.4% and 20.59%/18% in terms of F1/EM
score on both two datasets. The results show that
our method presents a new paradigm for xSL tasks
in few-shot data setting.

xNER Results As presented in Table 2, first com-
pared with baseline XLM-R, our resulting model
on top of XLM-R achieves an average F1 score gain
of 1.15% and 3.03%. Then compared with Info-
XLM and XLM-Align on top of XLM-R which
pre-trained on 130 million large corpus across 94
languages, ours still show superior performances.
That is, with less than one percent of the corpus
they used, our approach has shown its full potential.

5 Ablation Study and Analysis

In this section, we first discuss the importance of
each key component in our model. Then we con-
duct an analysis of alleviating pretrain-finetune dis-
crepancy by ours and independent contribution of
the proposed CLISM at few-shot data seting. We
further analyse the relation between pre-trainig data
and our methods in the Appendix G.

Key components We perform an ablation study
to better understand the independent contributions
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(a) (b)

Figure 4: (a): Average F1 score of both Ours and base architecture XLM-R on the XQUAD test set at different
training steps. (b): Average F1 score of all methods with giving different few-shot training examples on the XQUAD
test set. It is worthwhile to notice that ours denotes the resulting model build on top of XLM-R in these experiments.

Models MLQA XQUAD

64 examples

XLM-R 6/1.5 8/2
Info-XLM 7/3.2 8.7/5.1
Ours (XLM-R) 14/7.2 15.5/8.2

128 examples

XLM-R 10/3.5 12/4
Info-XLM 11.4/4.5 15.7/7
Ours (XLM-R) 26.4/15.9 29.5/19.7

512 examples

XLM-R 26.8/15.5 33.35/19.1
Info-XLM 29.7/18.9 36.0/21.0
Ours (XLM-R) 50.8/35.9 53.94/37.1

Table 3: Model performances across xMRC datasets
when the number of training examples is 64, 128 and
512. The more comprehensive results in few-shot data
setting are described in Appendix F.

Algorithms MLQA XQUAD

Ours (XLM-R) 67.34/49.11 76.73/60.87
w/o CLISM 64.56/46.80 74.34/58.43
w/o CACR 66.40/48.01 75.87/59.95
w/o MLM 66.18/47.89 75.34/59.61

Table 4: Ablation study of pre-training schemes.

of the proposed pre-training schemes. Table 4
shows the performances when removing each key
component of our model on MLQA and XQUAD
datasets. Obviously, when removing CLISM, the
model performances drop dramatically in both two
datasets, showing the effectiveness of the proposed
pre-training task. Meanwhile, we observe that with
CACR or MLM also giving performance improve-
ment, proving each of them plays an important role
in our pre-training scheme.

Analysis of alleviating pretrain-finetune discrep-
ancy We conduct extra experiments to verify the

proposed methods whether alleviate the pretrain-
finetune discrepancy in cross-lingual sequence la-
beling tasks. As shown in the Figure 4 (a), in the
early stage of training, ours manages to maintain an
absolute lead of 5%-15% on F1 score over XLM-R
consistently, showing the resulting model not only
speed the fine-tuning time but also achieve superior
performances. This demonstrates representations
learned by ours are more suitable for data distribu-
tion in xSL tasks, leading to better performance.

Independent Contribution of CLISM More-
over, in order to understand the independent contri-
bution of the proposed CLISM at few-shot data set-
ting. Figure 4 (b) gives the performance of individ-
ual models when giving {64, 128, 256, 512, 1024}
examples. It is evident that our model outperforms
baseline by large margins. Interestingly, we con-
duct the following experiments to verify effective-
ness of using the [QUE] token during fine-tuning:
We don’t append [QUE] in the input sequence
when fine-tuning our model in down-stream tasks,
and thus, we can not utilize its representation as
question. Thereafter, we follow the standard setting
(Liang et al., 2021a; Chen et al., 2021b) to fine-tune
ours in xSL tasks. Nevertheless, as shown in the
4 (b), the model performance drops heavily espe-
cially at smaller training data setting, such as 64,
128 examples. We interpret this phenomenon as
follows: After pre-training, the [QUE] token cap-
tures much information about question that can be
used to select the span from context in xSL tasks.

6 Conclusion

In this paper, heading for bridging the discrepancy
including the objective and representation gap be-
tween pre-training and fine-tuning stages in cross-
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lingual sequence labeling tasks. We propose two
pre-training strategies: cross-lingual language in-
formative span masking (CLISM) and ContrAstive-
Consistency Regularization (CACR), reaching sur-
prisingly superior results on various benchmarks
even when only a hundred examples available. We
further prove that even with less than a hundredth
of the data needed to train other xPLMs, our model
still achieves better performances. As an extension
of our future work, we will explore how to apply
our methods to other nlp tasks.
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Appendix

A Broader Impacts

The main contributions of this paper are towards
tackling fundamental issue during pre-training and
fine-tuning in xSL tasks when leveraging pre-
trained language models. The proposed method al-
leviates the discrepancy between pretrain-finetune
paradigm, and thus improving the results of xPLMs
in these tasks. Therefore, ideas of this paper can be
applied in xPLM-based application systems such as
cross-lingual question answering systems or robots.
More generally, we expect the core idea of this
paper can give insights of other research communi-
ties who want to build a more robust and effective
xPLM-based model in their down-stream tasks. Ad-
mittedly, the proposed strategies are restricted with
cross-lingual sequence labeling tasks, and biases
in training dataset also influence the performance
of the resulting model. These concerns warrant fur-
ther research and consideration when utilizing this
work to build cross-lingual application systems.

B Informative Span Selection

As illustrated in the paper Section 3.1, it is essen-
tial to select semantically meaningful spans before
pre-training. And some extracted entities could be
unreasonable due to the performance limit of off-
the-shelf NER tools. Hence, we make several rules
to filer out some recurring spans which tend to be
uninformative:

• Spans which only consist of stop words will
be filtered out.

• The boundary of spans must be the words.

• The max sequence length of each span is lim-
ited to 10.

.

C Fine-tuning Settings

Fine-tuning Details We train our model on two
xSL tasks: xMRC and xNER. For both two tasks,
we utilize Adam optimizer to train the model and
batch size is set to 32. For xMRC, the learning rate
is 3e-5, the maximum sequence length is set to 384.
We train our model using 8×V100-32G GPUs with
5 epochs for fine-tuning. For xNER, the learning
rate is set to 5e-5, the max length is 128. It takes 5
epochs with using 8×V100-32G GPUs to get the
best checkpoint of our model.

Few-shot Data Details We also conduct few-shot
data experiments on downstream datasets in xMRC.
For each, dataset, we random sample few-shot train-
ing datasets from the original full-data sets, with
the sampling size {64, 128, 256, 512, 1024}. To re-
duce variance, for each few-shot training dataset
size, we random sample 5 times with different
seeds, and report average results. When training
our model on few-shot datasets, we choose 200
steps for optimizing the resulting model.

D xSL datasets

Cross-Lingual Machine Reading Comprehen-
sion MLQA and XQUAD are two popular xMRC
benchmarks, which provide train dataset in English
and test datasets in multiple low-resouce language.
In this work, we evaluate our methods on six lan-
guages: including English, Arabic, German, Span-
ish, Hindi, Vietnamese.

Cross-lingual Name Entity Recognition
CoNLL and WikiAnn are common xNER bench-
marks. All of those datasets are annotated with 4
types of entities, namely PER, LOC, ORG and
MISC in BIO tagging schema following (Pan et al.,
2017). Of note, CoNLL and WikiAnn both contain
four language test sets: Spanish, Dutch, English,
German. Besides, WikiAnn additional consists of
another two language test sets: Hindi, Arabic

E Detailed Results on cross-lingual
sequence labeling tasks

E.1 Results on MLQA
Table 5 shows results of our models in each lan-
guage.

E.2 Results on XQUAD
Table 6 presents results of our models in each lan-
guage on XQUAD.

E.3 Results on CoNLL
Table 7 presents results of our models in each lan-
guage on CoNLL.

E.4 Results on WikiAnn
Table 8 presents results of our models in each lan-
guage on CoNLL.

F Few-shot results on xMRC datasets

We present our model performance with
different number of training examples:
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Models en es de ar hi vi Avg.

Ours(XLM-R) 69.14/47.1 58.66/37.79 65.43/48.80 78.67/65.23 69.39/49.31 62.72/42.07 67.34/49.11
Ours(Info-XLM) 69.94/48.61 61.66/40.79 67.03/50.79 79.98/66.73 70.90/52.31 64.72/45.57 69.07/50.81

Table 5: The performance of our models on MLQA datasets.

Models en es de ar hi vi Avg.

Ours(XLM-R) 80.2/66.5 76.0/60.01 75.7/61.62 68.97/50.93 68.11/50.67 74.12/52.52 76.73/60.87
Ours(Info-XLM) 80.98/68.61 77.46/61.35 74.53/61.19 71.61/54.28 70.40/52.63 73.72/51.69 78.22/61.99

Table 6: The performance of our models on XQUAD datasets.

{64, 128, 256, 512, 1024}, shown in Table
9

G Pre-training data for CLISM

In this component, we further conduct extensive
experiments to explore the relation between pre-
training data and model performances. As shown
in Figure 5, we present the resulting model perfor-
mances on xMRC datasets with different number of
pre-training data: {1M, 2M, 4M, 8M, 12M}. Ob-
viously, ours achieve best results given 1 million
pre-training data. With the amount of pre-training
data increased, the performances drop gradually
due to overfitting. The results prove the effective-
ness of our proposed pre-training paradigm, that is,
our methods could optimize the xPLMs sufficiently
even if with limited pre-training data.
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Models en es nl de Avg.

Ours(XLM-R) 91.1 78.3 78.0 70.5 80.63
Ours(Info-XLM) 91 77.6 80 71.9 81.13

Table 7: The performance of our models on CoNLL datasets.

Models en es de ar hi nl Avg.

Ours(XLM-R) 81.88 77.7 80 74.33 57 68.95 73.31
Ours(Info-XLM) 82.5 71.7 80.5 76.3 63 69.5 73.87

Table 8: The performance of our models on WikiAnn datasets.

Models MLQA XQUAD

64 examples

XLM-R 6/1.5 8/2
Info-XLM 7/3.2 8.7/5.1
Ours (XLM-R) 14/7.2 15.5/8.2

128 examples

XLM-R 10/3.5 12/4
Info-XLM 11.4/4.5 15.7/7
Ours (XLM-R) 26.4/15.9 29.5/19.7

256 examples

XLM-R 18.1/9.8 20.4/10.4
Info-XLM 19.8/10.5 26.2/13.4
Ours (XLM-R) 39.3/25.8 44.2/29.0

512 examples

XLM-R 26.8/15.5 33.35/19.1
Info-XLM 29.7/18.9 36.0/21.0
Ours (XLM-R) 50.8/35.9 53.94/37.1

1024 examples

XLM-R 38.8/23.0 43.25/28.03
Info-XLM 42.7/24.7 48.23/30.2
Ours (XLM-R) 57.8/42.4 61.25/44.92

Table 9: Model performances across xMRC
datasets when the number of training examples is
{64, 128, 256, 512, 1024}.
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(a) MLQA (b) XQUAD

Figure 5: Model performance with different pre-training data on MLQA and XQUAD datasets.
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Abstract

Named entity recognition (NER) is a funda-
mental and important task in NLP, aiming at
identifying named entities (NEs) from free text.
Recently, since the multi-head attention mecha-
nism applied in the Transformer model can ef-
fectively capture longer contextual information,
Transformer-based models have become the
mainstream methods and have achieved signif-
icant performance in this task. Unfortunately,
although these models can capture effective
global context information, they are still limited
in the local feature and position information ex-
traction, which is critical in NER. In this paper,
to address this limitation, we propose a novel
Hero-Gang Neural structure (HGN), including
the Hero and Gang module, to leverage both
global and local information to promote NER.
Specifically, the Hero module is composed of
a Transformer-based encoder to maintain the
advantage of the self-attention mechanism, and
the Gang module utilizes a multi-window re-
current module to extract local features and
position information under the guidance of the
Hero module. Afterward, the proposed multi-
window attention effectively combines global
information and multiple local features for pre-
dicting entity labels. Experimental results on
several benchmark datasets demonstrate the ef-
fectiveness of our proposed model.1

1 Introduction

Named entity recognition (NER) is one of the most
important and fundamental research topics in natu-
ral language processing (NLP), which recognizes
named entities (NEs), such as person, location,
disease from raw text. NER has attracted sub-
stantial attention in the past decades owing to its
importance in downstream tasks, e.g., knowledge

†Corresponding author.
1Our code is released at https://github.com/

jinpeng01/HGN.

graph construction (Bosselut et al., 2019), question-
answering (Pergola et al., 2021), and relation ex-
traction (He et al., 2019).

In the early stage, the popular methods for solv-
ing NER are some traditional machine learning
methods, e.g., Hidden Markov Model (HMM)
(Morwal et al., 2012) and conditional random
field (CRF) (Mozharova and Loukachevitch, 2016),
which require extracting features manually, mak-
ing the process inefficient and time-consuming.
With the breakthrough of recurrent neural networks
(RNN) in NLP, Long short-term memory (LSTM)
(Hochreiter et al., 1997) and Gated Recurrent Unit
(GRU) (Cho et al., 2014) have become mainstream
methods for this task and have achieved promis-
ing results since neural networks can automatically
extract features from the sequence and also take
each token’s position information into considera-
tion (Lample et al., 2016; Chiu and Nichols, 2016;
Huang et al., 2015). Nevertheless, RNN fails to
perform well with long sequences due to the gra-
dients exploding and vanishing. In recent years,
Transformer-based models (Vaswani et al., 2017)
have become mainstream methods because these
models are able to capture long-term dependencies
with the help of multi-head attention and thus pro-
vide better global context information, especially
for long sequences (Lee et al., 2020; Yang et al.,
2019b). However, these Transformer-based models
usually are insensitive to the local context since the
representation of each token is computed by the
canonical point-wise dot-product self-attention (Li
et al., 2019; Huang et al., 2021). Besides, although
some studies (Shaw et al., 2018; Devlin et al., 2018;
Liu et al., 2019) have been proposed to inject po-
sition information into Transformer, they are still
inadequate to help Transformer obtain appropriate
position information (Huang et al., 2020; Qu et al.,
2021). In other words, the self-attention mecha-
nism is effective in overcoming the constraints of
RNN from the perspective of long-sequence con-
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[SEP]
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Figure 1: The overall architecture of our proposed model. From left to right are the Hero module, Gang module, and
multi-window attention, respectively, shown in different dashed boxes. The purple solid frame, green, and yellow
dashed frames in the Hero module are sliding windows with different window sizes. The green box in the Gang
module shows the multiple sub-sequences generated by the sliding windows for z4, and the grey box represents the
bidirectional recurrent mechanism that is used to capture local features from these sub-sequences. Note that

←−
h1 and−−−→

h2k+1 are the last hidden states of backward and forward recurrent structures. The extracted local information is
shown in the yellow box with its corresponding sub-sequences in the green box.

text information extraction, but is inferior to RNN
in terms of local contextual and position informa-
tion extraction. Yet, both long-term dependencies
and local context information are essential for the
NER model to correctly identify entities.

Thus, to alleviate the shortcomings in RNN and
Transformers while maintaining their respective
strengths, in this paper, we propose a novel Hero-
Gang Neural model to leverage both global and
local contextual information to improve NER. In
doing so, on the one hand, we utilize a Transformer-
based sequence encoder (i.e., Hero module) to ex-
tract effective global contextual information with
the help of the self-attention mechanism. On the
other hand, a multi-window recurrent unit (i.e.,
Gang module) is applied to extract local features
from multiple sub-sequences under the guidance
of the extracted global information. Afterward, we
propose to use multi-window attention to elabo-
rately combine global and local contextual features.
The performance of our proposed model signifi-
cantly outperforms the strong baseline models on
several NER benchmark datasets (including both
general and biomedical domains) and achieves new
state-of-the-art results on some datasets.

2 Method

NER is usually performed as a sequence label-
ing problem. In detail, given a sequence of
X = x1, x2, ..., xN with N tokens, we aim to

learn a function that maps the input sequence into
another one with the corresponding label Ŷ =
ŷ1, ŷ2, ŷ3, ..., ŷn in the same length. As summa-
rized in Figure 1, the Transformer-based models
(e.g., BERT (Devlin et al., 2018), XLNET (Yang
et al., 2019b)) are regarded as the Hero module to
model the entire sentence for global sequence infor-
mation extraction and the Gang module is respon-
sible for local and relative position information ex-
traction. Afterward, we employ the multi-window
attention to elaborately combine these different fea-
tures (i.e., features extracted from the Hero and
Gang modules), which is then used to predict la-
bels for each token. Therefore, the aforementioned
process can be formulated as:

Ŷ = f(X,H(X),G(X)), (1)

where H(·) and G(·) refer to the Hero and Gang
modules, respectively, and the details of them are
presented in the following subsections.

2.1 Hero Module

The role of the Hero module in our proposed model
is similar to that of the leader in a team, who is re-
sponsible for providing guidance, offering instruc-
tions, giving directions, and assigning sub-tasks to
fellow memberships. Therefore, the Hero module
is required to have a comprehensive understanding
of the task, including overall and local progress.
Thanks to the characteristics of the multi-head self-
attention mechanism, Transformer is powerful in
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modeling long sequences and can provide more
effective global information than other counterpart
models, and it has already achieved promising re-
sults in the NER task (Luo et al., 2020; Beltagy
et al., 2019). Thus, we employ a Transformer-
based encoder as our Hero module to obtain the
global context information zi for each token xi by

[z1, z2, · · · , zN ] = fH(x1, x2, ..., xN ). (2)

Herein, fH(·) refers to a pre-trained Transformer-
based sequence encoder (e.g., BERT (Devlin et al.,
2018) and BioBERT (Lee et al., 2020)). The
features z are then input to the Gang module for
extracting local contextual features and their corre-
sponding relative position information.

2.2 Gang Module

As introduced in the previous section, although pre-
trained models are able to provide effective global
contextual representation, it lacks the ability to
extract local features and relative position informa-
tion. Thus, we propose a multi-window recurrent
module, named Gang, to enhance local informa-
tion extraction. Recurrent structures (RS), such as
LSTM, GRU, and tradition RNN are effective in
extracting both local and relative position informa-
tion from the sequence, owing to characteristics of
the recurrent mechanism. To better emphasize the
local features of each word without being disturbed
by long-distance information, we construct a slid-
ing window with a fixed length to generate shorter
sub-sequences, where each sub-sequence includes
several consecutive elements in z. An additional
advantage of this operation is that, in comparison
with the whole sequence, the sub-sequence is much
shorter so that it is easier to be modeled by the RS.

In detail, for a single sliding window with
length k, each hidden state zi from the Hero
module, the corresponding sub-sequence is
zi−k, zi−k+1, ..., zi, ..., zi+k−1, zi+k that includes
2k + 1 consecutive tokens. This sub-sequence of
length 2k + 1 contains rich local contextual infor-
mation of xi, and thus we utilize an RS to encode
it for obtaining local semantic and relative position
information. To extract the local information of
two directions, we utilize a bidirectional structure
to encode this sequence span, where the forward
RS computes a representation

−−−→
h2k+1 from left to

right, and the other backward RS computes a vec-
tor
←−
h1 for the same sub-sequence in reverse. We

concatenate the
←−
h1 and

−−−→
h2k+1 as the local feature

hi = [
←−
h1,
−−−→
h2k+1] for token xi, and then we can ob-

tain local features for each token in sequenceX via
the similar way, denoted as h = h1,h2, · · · ,hN .

In practice, we need to consider two situations.
First, each token might have multiple levels of lo-
cal information, such as phrase-level and clause-
level, which may affect the understanding of the
current token. Second, since different tokens or
the same token in various contexts might have dif-
ferent relationships with their surrounding words,
we need to consider more sub-sequences with vary-
ing lengths for obtaining more comprehensive lo-
cal contextual information. Therefore, we propose
to utilize multiple sliding windows with different
window sizes to extract richer local features to al-
leviate the above issues. We assume that local
features h1,h2, · · · ,hM are extracted from differ-
ent groups of sub-sequences, whose corresponding
window lengths are k1, k2, · · · , kM . This process
can be formulated as:

h1,h2, · · · ,hM = Gang(k1, k2, · · · , kM , z),
(3)

where M is the number of sliding windows and
hj is a group of local features extracted from the
corresponding sliding window with length kj . The
process is similar to the task assignment in the team,
where different members are responsible for their
own sub-tasks.

2.3 Multi-window Attention

We obtain global representation z from the
Hero module and multiple local features
h1,h2, · · · ,hM from the Gang module. Next, we
apply the multi-window attention to effectively
combine global contextual information and local
features. In doing so, two types of attention meth-
ods are proposed in our model: MLP-Attention
and DOT-Attention, respectively.
MLP-Attention We first concatenate these local
features with global information and obtain the
intermediate state m by a fully connected layer.

m = MLP([z,H]), (4)

where H = [h1,h2, · · · ,hM ] and m have the
same dimension as z. MLP represents a fully con-
nected layer. Then m is used as a query vector and
[z,H] serves as the key and value matrix. The final
token representation can be computed by

s = softmax(m([z,H])⊤)[z,H]. (5)

DOT-Attention Instead of using a fully connected
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Type Dataset TRAIN VAL TEST

#SENT. #ENT. #AS. #SENT. #ENT. #AS. #SENT. #ENT. #AS.

GENERAL
W16 2.4k 1.5k 19.41 1.0k 0.7k 16.26 3.9k 3.5k 16.08
W17 3.4k 2.0k 18.48 1.0k 0.8k 15.59 1.3k 1.1k 18.18
ON5E 59.9k 81.8k 18.17 8.5k 11.1k 17.32 8.3k 11.3k 18.49

BIOMED
BC5-D 4.6k 4.2k 25.79 4.6k 4.2k 25.52 4.8k 4.4k 25.92
BC2GM 12.6k 15.2k 28.14 2.5k 3.0k 28.07 5.0k 6.3k 28.33
BC5-C 4.6k 4.2k 25.79 4.6k 4.2k 25.52 4.8k 4.4k 25.92

Table 1: The statistics of the six benchmark datasets w.r.t. their training, validation and test sets, including the
number of sentences (#Sent.), the number of entities (#Ent.), and the averaged word-based length (#AS.).

layer to generate a query vector, in this approach,
we directly regard z as the query vector and H as
the key and value matrix. We can obtain the final
local feature by

u = softmax(z(H)⊤)H. (6)

Since u is a weighted sum of different local fea-
tures without considering global information, we
use the sum of ui and zi as the final representation
for each token xi. Thus, the final representation
can be obtained by

s = {z1 + u1, z2 + u2, · · · , zN + uN}. (7)

After obtaining the final representation from
MLP-Attention or DOT-Attention, s is sent to the
corresponding classifier implemented by the soft-
max function to predict the distribution of labels
for each token in X .

3 Experiments Settings

3.1 Dataset and Metrics

In our experiments, six datasets are used in our
experiments, WNUT17 (W17) (Strauss et al.,
2016), WNUT16 (W16) (Derczynski et al.,
2017), OntoNotes 5.0 (ON5e) (Pradhan et al.,
2013), BC5CDR-disease (BC5-D), BC2GM, and
BC5CDR-chem (BC5-C). The W17 and W16 are
social media benchmark datasets constructed from
Twitter, and ON5e is a general domain dataset con-
sisting of diverse sources like telephone conver-
sations, newswire, etc. BC5CDR, including both
BC5-D and BC5-C, is a dataset used for the BioCre-
ative V Chemical Disease Relation Task and con-
tains chemical and disease mentions, where hu-
mans manually annotate the annotations. BC2GM
is the dataset that is usually utilized for the BioCre-
ative II gene mention tagging task and contains
20000 sentences from the abstracts of biomedical
publications. For all datasets, we utilize the official
splits for a fair evaluation and the statistics of the

datasets are shown in Table 1. Besides, we follow
previous studies that the final models are trained on
training and validation sets on each dataset except
the ON5e dataset.

For metrics, we exploit the same evaluation met-
rics used by previous works where precision (P),
recall (R), and F-1 score are reported to evaluate
the performance of our model.

3.2 Implementation Details

We implement our model based on transformers
(Wolf et al., 2020)2 and employ pre-trained mod-
els to obtain global contextualized representation.
Specifically, for general domain datasets (i.e., W16,
W17 and ON5e), we use BERT-cased-large (De-
vlin et al., 2018)3 and XLNET-large-cased (Yang
et al., 2019b)4 as our Hero module. For biomedical
datasets, BioBERT (Lee et al., 2020)5 is utilized
to obtain global information. We follow their de-
fault settings for all BERT, XLNET, and BioBERT:
24 layers of self-attention with 1024 dimensional
embeddings. For hyperparameters of the Gang
module, the hidden sizes of bidirectional recurrent
structures for each window size are half of the em-
bedding dimension from the output of the Hero
module (i.e., 512). During the training process,
we use Adam (Kingma and Ba, 2014) to optimize
the negative log-likelihood loss function. More
training details are shown in the Appendix A.1. Be-
sides, we also compare four operations to combine
different level features from the Hero and Gang
module: MLP-Attention, DOT-Attention, concate-
nation, and summation, respectively, where con-
catenation is to connect all features directly through

2https://github.com/huggingface/
transformers

3We obtain the pre-trained BERT from https://
github.com/google-research/bert.

4We obtain XLNET from https://github.com/
zihangdai/xlnet.

5We obtain BioBERT from https://github.com/
dmis-lab/biobert
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Methods W16 W17 ON5E

P R F-1 P R F-1 P R F-1

with incorporating extra resources
SANER (Nie et al., 2020b) - 51.27 55.01 - 49.45 50.36 - - -
AESUBER (Nie et al., 2020a) - - 55.14 - - 50.68 - - 90.32
HIRE-NER (Luo et al., 2020) - - - - - - - - 90.30
CL-KL (Wang et al., 2021) - - 58.98 - - 60.45 - - -
SYN-LSTM-CRF (Xu et al., 2021) - - - - - - 90.14 91.58 90.85

without extra resources
CNN-BILSTM-CRF (Chiu and Nichols, 2016) - - - - - - 86.04 86.53 86.28
BERT (Devlin et al., 2018) - 49.02 54.36 - 46.73 49.52 - - 89.16
XLNET (Yang et al., 2019b) 55.94 57.46 56.69 58.68 49.18 53.51 89.72 91.05 90.38
ASTRA (Wang et al., 2020) - - - - - 49.72 - - 89.44
BARTNER (Yan et al., 2021) - - - - - - 89.99 90.77 90.38

HGN (BERT) (CONCAT) 56.06 55.61 55.84 57.41 45.45 50.74 89.20 89.85 89.52
HGN (BERT) (ADD) 54.63 55.38 55.01 58.46 45.55 51.20 89.16 90.01 89.58
HGN (BERT) (MLP) 57.72 55.66 56.67 59.26 50.70 54.65 89.19 90.24 89.71
HGN (BERT) (DOT) 57.51 56.00 56.75 60.09 48.29 53.55 89.32 90.11 89.71
HGN (XLNET) (CONCAT) 57.48 57.90 57.69 63.39 49.27 55.45 89.92 91.35 90.63
HGN (XLNET) (ADD) 57.31 58.05 57.68 59.11 48.36 53.20 90.10 91.39 90.74
HGN (XLNET) (MLP) 58.91 59.89 59.39 63.16 52.27 57.20 90.29 91.56 90.92
HGN (XLNET) (DOT) 59.74 59.26 59.50 62.49 53.10 57.41 90.10 91.64 90.86

Table 2: Comparisons of our proposed models with previous studies on the W16, W17, and ON5e, respectively,
with respect to precision, recall, and F-1 score for NER. Previous studies are divided into two parts from top to
bottom, representing methods requiring extra resources and without such requirements, respectively.

s = [h1,h2, · · · ,hM , z], and summation is to add
up these features by s = h1+h2+ · · ·+hM + z.

3.3 Baselines

To explore the impact of our proposed model, we
compare our model to the previous studies. For
general domain, following baselines are compared
in our experiment on W16, W17 and ON5e.
• CNN-BILSTM-CRF (Chiu and Nichols, 2016)

utilizes a hybrid bidirectional and CNN architec-
ture to detect word-and character-level features.

• BERT (Devlin et al., 2018) is a pre-trained lan-
guage model and we apply it to the NER task by
direct fine-tuning.

• SANER (Nie et al., 2020b), CL-KL (Wang et al.,
2021) and AESUBER (Nie et al., 2020a) im-
prove entity recognition by leveraging syntactic
information or semantically relevant texts.

• HIRE-NER (Luo et al., 2020) utilizes both
sentence-level and document-level representa-
tions to improve sequence labeling.

• SYN-LSTM-CRF (Xu et al., 2021) integrates
the structured information by graph-encoded rep-
resentations obtained from GNNs.

• BARTNER (Yan et al., 2021) formulates NER
tasks as a span sequence generation problem.

In addition, we also compare our proposed model
with the following baselines on the aforementioned
biomedical datasets:
• MTM-CW (Wang et al., 2019a), BILM

(Sachan et al., 2018), NCBI_BERT (Peng et al.,
2019), MT-BIONER (Tong et al., 2021) uti-
lize multi-task learning or transfer learning to
enhance biomedical NER.

• BIOBERT (Lee et al., 2020) is a pre-trained
model trained with a large amount of biomedical
corpus and then applied by directly fine-tuning.

• KEBIO-LM (Yuan et al., 2021) proposes a
biomedical pre-trained language model that in-
corporates knowledge from the Unified Medical
Language System (UMLS).

Note that in both general and biomedical domains,
our model does not require external resources.

4 Results and Analyses

4.1 General Domain NER

In this subsection, to explore the effectiveness of
our proposed model, we conduct experiments to
compare our model with existing studies, and the
results are reported in Table 2. There are sev-
eral observations drawn from different aspects.
First, when we make a fair comparison without ex-
tra resources (e.g., BERT, XLNET, and ASTRA),
our model obtains significant improvements on
all datasets in terms of Precision, Recall, and F-
1, which confirms the effectiveness of our pro-
posed Hero-Gang neural structure. This is because
multiple-level features can be reasonably encoded
into the model and thus alleviate the limitations of

1928



Methods BC5-D BC2GM BC5-C

P R F-1 P R F-1 P R F-1

with incorporating extra resources
BILM (Sachan et al., 2018) - - - 81.81 81.57 81.69 - - -
MTM-CW (Wang et al., 2019a) - - - 82.10 79.42 80.74 - - -
KEBIO-LM (Yuan et al., 2021) - - 86.10 - - 85.10 - - 93.30
MT-BIONER (Tong et al., 2021) - - - 84.42 85.14 84.78 93.29 94.69 93.98

without extra resources
NCBI_BERT (Peng et al., 2019) - - 86.60 - - - - - 93.50
BIOBERT (Lee et al., 2020) 86.47 87.84 87.15 84.32 85.12 84.72 93.68 93.26 93.47

HGN (BIOBERT) (CONCAT) 85.90 88.81 87.33 83.91 86.36 85.12 94.30 93.93 94.11
HGN (BIOBERT) (ADD) 85.89 88.74 87.29 85.21 85.50 85.35 94.01 94.57 94.29
HGN (BIOBERT) (MLP) 86.70 88.86 87.77 84.93 86.37 85.65 94.23 94.63 94.43
HGN (BIOBERT) (DOT) 86.27 89.51 87.86 85.21 85.88 85.54 94.45 94.73 94.59

Table 3: Comparisons of our proposed models with previous studies on the BC5-D, BC2GM, and BC5-C, respec-
tively, for biomedical NER in iterms of precision, recall, and F-1 score. Previous works are divided into two sections,
indicating methods requiring extra resources and without such requirements.

Transformer in local feature extraction. Second,
although some complicated models enhance NER
by incorporating extra knowledge, e.g., SANER
uses augmented semantic information, Hire-NER
utilizes two-level hierarchical contextualized rep-
resentations, and CL-KL selects a set of seman-
tically relevant texts to improve NER, our model
achieves competitive results without such require-
ments. This is because each word in the natural text
usually has a closer relationship with its surround-
ing words, especially the adjacent words, such that
features extracted by the Gang module can provide
more valuable information for NER, and thus our
model achieves promising performance. Third, the
XLNET-based model obtains better results than the
BERT-based model, which indicates that XLNET
can generate more effective representations on the
NER task. The reason behind this might be that
XLNET combines the permutation operation with
the autoregressive technology to further improve
representation learning, so that XLNET can pro-
vide a better text understanding than BERT.

4.2 Biomedical NER

We also compare our model with state-of-the-art
models in the biomedical NER on the aforemen-
tioned datasets with all results reported in Table 3.
There are several observations. First, we can see
that our model outperforms existing methods, re-
gardless of whether they introduce external knowl-
edge, which further confirms the validity of our in-
novation in combining local and global features to
enhance feature extraction. Second, although some
models utilize higher-level features, e.g., BIOKM-
NER leverages POS labels, syntactic constituents,

dependency relations, and MTM-CW employs
multi-task learning to train the model, our model
can achieve better results through a simple Hero-
Gang structure. This means that local features ex-
tracted from the Gang module under the guidance
of global information are also effective in assist-
ing biomedical text representations and even show
more significant potential than those special de-
signs for the medical domain (i.e., domain-related
multi-task learning). Third, the models using the
multi-window attention (i.e., DOT-Attention and
MLP-Attention) outperform those using concate-
nation or summation. This observation suggests
that multi-window attention can elaborately weigh
local features from different sliding windows to
enhance feature combinations.

4.3 Analyses

Effect of position information Recurrent struc-
tures are able to extract both context and position in-
formation by its token-by-token manner while other
network structures, including CNN and MLP, fail to
encode the relative position information. Thus, to
explore the effect of position information, we com-
pare models with different structures to construct
the Gang module and report the improvements of
F-1 score based on different Gang modules in Fig-
ure 2. First, we can observe that models with Gang
module are better than Base (i.e., BERT), where
all the values in Figure 2 are positive, further il-
lustrating the effectiveness of our innovation in
combining both global and local features, no mat-
ter what type of structure is used to construct the
Gang module. Second, models with LSTM and
GRU outperform those with CNN and MLP, indi-
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Figure 2: The improvement values (%) compared to
Base models (i.e., BERT for general domain datasets
and BioBERT for biomedical datasets) in terms of F-1
score from different Gang modules, MLP, CNN, RNN,
GRU, and LSTM, respectively.

cating that recurrent structures are more promising
in short sequence feature extraction. Since the re-
current structures can effectively capture position
information by its token-by-token manner and help
the model understand word-word relations based
on their relative positions, we may conclude that
position information is vital for improving perfor-
mance. Third, the comparison between CNN and
MLP shows the power of CNN in extracting fea-
tures from sub-sequences since CNN can leverage
more fine-grained features, such as n-gram.

Ablation studies In this subsection, we compare
our multi-window model with single-window mod-
els, and the improvements compared with Base
model are shown in Figure 3. We have following
observations. First of all, illustrated by the compar-
isons among Base (i.e., BERT) and others, models
with sliding windows achieve better performance,
where all the improvement values in Figure 3 are
positive. This illustrates that both single window
and multi-window recurrent structures can help to
enhance token representation and bring different
degrees of improvement, which further shows the
importance of local features in this task. Second,
we can observe that the optimal single window
sizes for different datasets are also different. For
example, the optimal single window size of W17
is 5, while that for BC2GM is 7, which indicates
that the best length of the local sequence depends
on the characteristics of datasets to some extent.
Third, compared with those models using a single
window, the multi-window recurrent module ob-
tains better performance, illustrating that features
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Figure 3: The improvement values (%) of models with
single windows or multi-window compared to Base
models (BERT or BioBERT w.r.t. datasets), where 3, 5,
7, 9, 11 represents the single window size when models
only use a single window to construct the Gang module.

extracted from multiple sub-sequences are more
effective than those captured from a single one.
The reason could be that multi-window can help
the model pay attention to different local context
sub-sequences and give them appropriate weights
through the multi-window attention mechanism,
such that it can provide more reasonable local in-
formation and alleviate the impact of the character-
istics of the datasets themselves.

Case Study To further show the validity of our
model, we perform qualitative analysis on some
cases with their real labels and predicted labels
from different models. Figure 4 shows two cases
from ON5e and BC5-C, respectively. We can ob-
serve that our model can predict more complete
entities than Base. Specifically, in the first case,
our model can recognize all the words in the en-
tity "a period of years" while Base model only
recognizes the word "years". In the second case,
our model is able to identify "Monosodium gluta-
mate", but Base model regards these words as two
different entities. In addition, in the first example,
compared with real labels, our model can label two
"of" correctly with the help of local features, which
are O and I-date, respectively, while Base classifies
both "of" as O. The sub-sequence (i.e.,"a period
of years,") from the second "of" is usually used
to describe time such that this information is able
to assist the model in marking the "of" as I-date.
However, for the first "of", its sub-sequence "divest
themselves of such speculative" does not contain
any meaning related to the entity themes, and thus
the model marks the corresponding "of" as O.
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Figure 4: Examples of two predicted labels from BASE and OURS as well as their corresponding source sentence
and real label. Note that the BASE for these two cases are BERT and BIOBERT, respectively.

5 Related Work

NER is a fundamental task in NLP (Huang et al.,
2015), which has drawn substantial attention over
the past years and there have been many studies
to address this task. Recently, deep learning has
played a dominant role in NER due to its effec-
tiveness in capturing contextual information from
sequences. The recurrent neural networks (RNN),
including its variants such as LSTM (Hochreiter
et al., 1997), and GRU (Cho et al., 2014), is a
promising structure for solving this task since it
can effectively learn sequence information with its
recurrent mechanism (Ma and Hovy, 2016; Huang
et al., 2015; Chiu and Nichols, 2016; Zhu and
Wang, 2019). However, it is ineffective for RNN to
learn long sequences due to the gradients exploding
and vanishing. Thus, Transformer-based models,
such as BERT (Devlin et al., 2018), BioBERT (Lee
et al., 2020), and XLNET (Yang et al., 2019b),
are proposed to alleviate these problems with the
help of the self-attention mechanism. Compared to
RNN, Transformer is able to capture long-distance
information through multiple multi-head attention
layers and has achieved impressive performance
in this task (Nie et al., 2020b; Luo et al., 2020;
Yamada et al., 2020; Gui et al., 2019).

However, multi-head attention usually treats ev-
ery position identically, which lead to the loss of
position information. To mitigate this problem, sev-
eral approaches have been proposed to advance the
Transformer (Dai et al., 2019; Shaw et al., 2018;
Yan et al., 2019). Shaw et al. (2018) proposed
cross-lingual position representation to help self-
attention alleviate word order divergences in differ-
ent languages and learn position information. Yan

et al. (2019) introduced the directional relative po-
sitional encoding and an adapted Transformer En-
coder to model the character-level and word-level
features. Although these position embeddings are
able to help the model learn position information,
they are still not enough to solve the issue appro-
priately (Wang et al., 2019b; Huang et al., 2020;
Qu et al., 2021). Besides, Transformer-based ap-
proaches cannot effectively extract local features
that are also important for sequence learning tasks,
and some studies have been proposed to alleviate
this problem (Xu et al., 2017; Li et al., 2019; Yang
et al., 2019a). Xu et al. (2017) proposed to use the
fixed-size ordinally forgetting encoding to model
sentence fragments, which is then used to predict
the label for each text fragment. Li et al. (2019)
utilized convolutional self-attention by producing
queries and keys with causal convolution to incor-
porate local contextual information into the atten-
tion mechanism. To address these issues, we offer
an alternative solution, namely Hero-Gang Neural
model, to enhance local and position information
extraction via multiple recurrent structures under
the guidance of global information.

6 Conclusion

In this paper, we propose a novel Hero-Gang Neu-
ral (HGN) structure to effectively combine global
and local features for enhancing NER. In detail, the
Hero module aims to capture global understand-
ing by a Transformer-based encoder, which is then
used to guide the Gang to extract local features
and relative position information through a multi-
window recurrent module. Afterward, we utilize
the multi-window attention to elaborately combine
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the global information and local features for en-
hancing representations that are then used to pre-
dict the entity label for each token. Empirically,
our proposed model achieves new state-of-the-art
results on several NER benchmark datasets, includ-
ing both general and biomedical domains. Besides,
we compare different structures to construct the
Gang model and investigate the effect of the num-
ber of sliding windows, which further illustrates
the effectiveness of our proposed model.
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A Appendix

A.1 Hyper-parameter Settings
We have tested several combinations of hyper-
parameters in tuning our models for all NLP and
Biomedical benchmark datasets (i.e., W16, W17,
ON5E, BC5CDR-disease, BC2GM, and BC5CDR-
chem). Table 4 reports the combinations that
achieve the highest F-1 score for each dataset.
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MODEL HYPTER. NLP DATA BIOMEDICINE DATA

W16 W17 ON5E BC2GM BC5-D BC5-C

HGN (MLP)
Window Size {1,3,5,7} {3,5,7} {5,7,9} {1,3,5} {5,7,11} {5,7,11}
Learning Rate 3e-5 5e-5 1e-5 1e-5 9e-6 1e-5

Batch Size 32 32 32 32 32 32

HGM (DOT)
Window Size {3,5,7} {5,7,9} {3,5,7} {3,5,7} {5,7,9} {5,7,11}
Learning Rate 3e-5 5e-5 1e-5 1e-5 9e-6 9e-6

Batch Size 32 32 32 32 32 32

Table 4: The hyper-parameters for best models that we have experimented on the given datasets.
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Abstract
Text classification struggles to generalize to
unseen classes with very few labeled text in-
stances per class. In such a few-shot learning
(FSL) setting, metric-based meta-learning ap-
proaches have shown promising results. Pre-
vious studies mainly aim to derive a prototype
representation for each class. However, they
neglect that it is challenging-yet-unnecessary
to construct a compact representation which
expresses the entire meaning for each class.
They also ignore the importance to capture the
inter-dependency between query and the sup-
port set for few-shot text classification. To
deal with these issues, we propose a meta-
learning based method MGIMN which per-
forms instance-wise comparison followed by
aggregation to generate class-wise matching
vectors instead of prototype learning. The
key of instance-wise comparison is the interac-
tive matching within the class-specific context
and episode-specific context. Extensive exper-
iments demonstrate that the proposed method
significantly outperforms the existing SOTA
approaches, under both the standard FSL and
generalized FSL settings.

1 Introduction

Few-shot text classification has attracted consid-
erable attention because of significant academic
research value and practical application value (Gao
et al., 2019; Yin, 2020; Brown et al., 2020; Bragg
et al., 2021; Liu et al., 2021). Many efforts are de-
voted towards different goals like generalization to
new classes (Gao et al., 2019; Ye and Ling, 2019;
Nguyen et al., 2020; Bragg et al., 2021), adapta-
tion to new domains and tasks (Bansal et al., 2020;
Brown et al., 2020; Schick and Schütze, 2020; Gao
et al., 2020; Bragg et al., 2021). Low-cost gen-
eralization to new classes is critical to deal with
the growing long-tailed categories, which is com-
mon for intention classification (Geng et al., 2019;

∗ Corresponding author: Ji Zhang
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Figure 1: The example of multi-grained few-shot text
classification. The “Snk, Sn” and “S” represent the in-
stance level, class level and episode level interaction re-
spectively. While “A” in the purple circle denotes align-
ment between query and instances. The “’M” stands
for matching operation.

Krone et al., 2020) and relation classification (Han
et al., 2018; Gao et al., 2019).

To prevent over-fitting to few-shot new classes
and avoid retraining the model when the class space
changes, metric-based meta learning has become
the major framework with significant results (Yin,
2020; Bansal et al., 2020). The core idea is that
episode sampling is employed in meta-training
phase to learn the relationship between query and
candidate classes (Bragg et al., 2021). A key chal-
lenge is inducing class-wise representations from
support sets because nature language expressions
are diverse (Gao et al., 2019) and highly informa-
tive lexical features are unshared across episodes
(Bao et al., 2019).

Under metric-based meta learning framework,
many valuable backbone networks have emerged.
Snell et al. (2017) presented prototypical network
that computes prototype of each class using a sim-
ple mean pooling method. Gao et al. (2019) pro-
posed hybrid attention mechanism to ease the neg-
ative effects of noisy support examples. Geng
et al. (2019) proposed an induction network to
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induce better prototype representations. Ye and
Ling (2019) obtained each prototype vector by ag-
gregating local matching and instance matching
information. Bao et al. (2019) proposed a novel
method to compute prototypes based on both lex-
ical features and word occurrence patterns. All
these previous works first obtain class-wise rep-
resentations and then perform class-wise compar-
isons. However, it is challenging-yet-unnecessary
to construct a compact representation which ex-
presses the entire meaning for each class (Parikh
et al., 2016). In text matching research, compare-
aggregate methods which perform token-level com-
parisons followed by sentence-level aggregation
has already been successful (Parikh et al., 2016;
Tay et al., 2017; Yang et al., 2019). Besides back-
bone networks,there are still some work that can be
further combined. Luo et al. (2021) utilized class-
label information for extracting more discrimina-
tive prototype representation. Bansal et al. (2020)
generated a large-scale meta tasks from unlabeled
text in a self-supervised manner.

In this paper we propose Multi-grained
Interactive Matching Network, a backbone net-
work for few-shot text classification. The core
difference between us with previous efforts is that
our work performs instance-level comparisons fol-
lowed by class-wise aggregation. Specifically, first,
all text sequences including query and all support
instances are encoded to contextual representations.
Second, as depicted in Figure 1, we design a novel
multi-grained interactive matching mechanism to
perform instance-wise comparisons which capture
the inter-dependency between query and all support
instances. Third, class-wise aggregate layer obtains
class-wise matching vector between query and each
class. Finally, a prediction layer predicts final re-
sults. In contrast to standard FSL setting, general-
ized FSL setting is a more challenging-yet-realistic
setting where seen classes and new classes are co-
existent (Nguyen et al., 2020; Li et al., 2020a). In
such a setting, we analyze the relationship between
inference speed and the number of classes, and ver-
ify the necessity of retrieval, which is ignored by
previous studies.

Our contributions are listed as follows:

• We propose MGIMN which is more con-
cerned with matching features than seman-
tic features through multi-grained interactive
matching.

• We verify the necessity of retrieval for realis-

tic applications of few-shot text classification
when the number of classes grows.

• We conduct extensive experiments and
achieve SOTA results under both the standard
FSL and generalized FSL settings.

2 Background

2.1 Few-Shot Learning

Few-shot learning focuses on construct a classifier
G(S, q)→ y which maps the query q to the label y
given the support set S. Few-shot learning is signif-
icantly different from traditional machine learning.
In traditional machine learning tasks, we directly
sample batches of training data during training.
Unlike traditional machine learning models, few-
shot learning models usually adopt episode training
strategy which means we build meta tasks using
sampled training data in each training step.

Specifically, during each training step, N differ-
ent classes are randomly chosen. After the classes
are chosen, we sample R samples as query set Q
and K samples for each class as support set S
where Q

⋂
S ∈ ∅. For training, given the support

set S = {Skn; i = 1, .., N, j = 1, ..,K} , and query
set Q = {(qi, yi); i = 1, 2, .., R, yi ∈ 1, .., N}
which has R samples in each training step, the
training objective is to minimize:

J = − 1

R

∑

(q,y)∈Q
log(P (y|(S, q))). (1)

For evaluation, as we described in introduction
section, there are two settings. In standard FSL set-
ting, we do N-way K-shot sampling on the classes
for validation and test (which are unseen during
training) to construct episodes for validation and
test. In generalized FSL setting, we reformulate
the FSL task as C-way K-shot classification where
C is the count of all classes for training, validation
and test, and usually is far greater than N. In this
setting, we construct episodes by sampling on all
classes for test.

2.2 Matching Network

Matching Network (Vinyals et al., 2016) is a typ-
ical few-shot learning approach, which leverages
the cosine similarity to perform few-shot classifi-
cation. Specifically, for the query instance q and
each support instance Skn ∈ S, the cosine similarity
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Figure 2: The main architecture of multi-grained few-shot text classification model. The details of “Instance
Matching Layer” totally same as depicted as Figure 1.

between q and Skn is computed as follow:

sim(q, Skn) =
q · Skn
||q|| ||Skn||

. (2)

Then, we compute the probability distribution of
the label y of the query q using attention:

P (y|S, q) =
∑K

k=1 exp(sim(q, Sky ))∑N
n=1

∑K
k=1 exp(sim(q, Skn))

.

(3)
Finally, for any query instance q, we regard the

class with the maximum probability as its label y:

y = argmax
n

P (y = n|S, q). (4)

2.3 Text Classification

As a basic task in NLP, text classification has at-
tracted much attention. In previous works, dif-
ferent model architectures, including RNN (Zhou
et al., 2016) and CNN (Kim, 2014) are used for
text classification. After the appearance of pre-
trained language models like BERT (Devlin et al.,
2019), they have become the mainstream method
for text classification. In such methods, the input
sentence is encoded into its representation using
the Transformer (Vaswani et al., 2017) architecture
through adding [CLS] token before the original
input sentence x and then computing the output

representation of [CLS] using the model.

hCLS = Transformer([CLS],x; θ), (5)

where θ represents the model’s parameters.
Then, according to the representation, the proba-

bility distribution of y can be computed as follow:

P (y|x; θ) = softmax(WsoftmaxhCLS), (6)

where Wsoftmax is the parameters of the softmax
layer.

3 Method

As illustrated in the Figure 2, MGIMN consists of
four modules: Encoder Layer, Instance Matching
Layer, Class-wise Aggregation Layer and Predic-
tion Layer.

3.1 Encoder Layer
We employ transformer encoder from pre-trained
BERT as encoder layer. Similar to the original
work, we add a special token [CLS] before original
text. Then the encoder layer takes a token sequence
as input and outputs token-wise sequence represen-
tation. Instead of using the vector of [CLS] token
as sentence-wise representation, we adopt final hid-
den states of the rest tokens for further fine-grained
instance-wise matching.
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We denote x = {w1, w2, ..., wl} as a token se-
quence. Encoder Layer outputs the token-wise rep-
resentation h = {h1, h2, ..., hl}, where l denotes
length of the token sequence. Query and each sup-
port instance are encoded individually. We denote
q as encoded result of query and snk as encoded
result of the kth support instance of nth class.

3.2 Instance Matching Layer

This is the core of our model. Instance-wise match-
ing vectors are obtained by comparing query with
each support instance.

3.2.1 Bidirectional Alignment
Following previous works(Parikh et al., 2016; Yang
et al., 2019) in text matching , we use bidirectional
alignment to capture inter-dependency between
two text sequences.

â, b̂ = BiAlign(a, b) (7)

where a and b denote the token-wise sequence rep-
resentations andBiAlign denotes the bidirectional
alignment function defined as follows:

eij = F(ai)
TF(bj) (8)

âi =

lb∑

j=1

exp(eij)∑lb
k=1 exp(eik)

bj (9)

b̂j =

la∑

i=1

exp(eij)∑la
k=1 exp(ekj)

ai (10)

where ai and bj denotes representation of ith and
jth token of a and b, respectively, âi and b̂j denote
the aligned representations, and F is a single-layer
feed forward network.

3.2.2 Multi-grained Interactive Matching
In few-shot text classification, judging whether
query and each support instance belong to the same
category cannot be separated from class-specific
context and episode-specific context. There are
three components including alignment, fusion and
comparison.

For alignment, besides local alignment between
query and each support instance, we also con-
sider their alignments with global context infor-
mation. We denote Sn = concat({snj}Kj=1) as
class-specific context and S = concat({Si}Ni=1) as

episode-specific context. The multi-grained align-
ments for query and each support instance are per-
formed as follows:

q
′
nk, s

′
nk = BiAlign(q, snk)

q
′′
n, _ = BiAlign(q, Sn)

s
′′
nk, _ = BiAlign(snk, Sn)

q
′′′
, _ = BiAlign(q, S)

s
′′′
nk, _ = BiAlign(snk, S)

(11)

where q
′
nk, q

′′
n and q

′′′
denote instance-aware, class-

aware and episode-aware query representations re-
spectively, s

′
nk, s

′′
nk and s

′′′
nk denote query-aware,

class-aware and episode-aware support instance
representations respectively.

For fusion, we fuse original representation and
three kinds of aligned representations together as
follows:

q
′
nk = H1(q; q

′
nk;
∣∣∣q − q′nk

∣∣∣ ; q � q′nk)

q
′′
nk = H2(q; q

′′
n;
∣∣∣q − q′′n

∣∣∣ ; q � q′′n)

q
′′′
nk = H3(q; q

′′′
;
∣∣∣q − q′′′

∣∣∣ ; q � q′′′)

s
′
nk = H1(snk; s

′
nk;
∣∣∣snk − s

′
nk

∣∣∣ ; snk � s
′
nk)

s
′′
nk = H2(snk; s

′′
nk;
∣∣∣snk − s

′′
nk

∣∣∣ ; snk � s
′′
nk)

s
′′′
nk = H3(snk; s

′′′
nk;
∣∣∣snk − s

′′′
nk

∣∣∣ ; snk � s
′′′
nk)

(12)

qnk = H(q
′
nk; q

′′
nk; q

′′′
nk)

snk = H(s
′
nk; s

′′
nk; s

′′′
nk)

(13)

where H1, H2, H3, H are feed forward networks
with single-layer and initialize with independent
parameters, � denotes the element-wise multipli-
cation operation, and ; denotes concatenation oper-
ation.

For comparison, the instance-wise matching vec-
tor is computed as follows:

~qnk = [max({qnk}); avg({qnk})]
~snk = [max({snk}); avg({snk})]

~mnk = G( ~qnk; ~snk; | ~qnk − ~snk| ; ~qnk � ~snk)
(14)

where qnk is a lq×Dmatrix, snk is a ls×Dmatrix,
~qnk and ~snk are vectors with shape (1 × 2D), G

is single-layer feed forward networks, lq and ls
are sequence length of query and support instance
respectively, and D is hidden size.
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3.3 Class Aggregation Layer

This layer aggregate instance-wise matching vec-
tors into class-wise matching vectors for final pre-
diction.

~cn = [max({ ~mnk}Kk=1); avg({ ~mnk}Kk=1)] (15)

where ~cn denotes the final matching vector of nth
class, “;” denotes the concatenation of two vectors
and ~mnk denotes instance-wise matching vector
produced by instance matching layer.

3.4 Prediction Layer

Finally, prediction layer, which is a two-layer fully
connected network with the output size is 1, is
applied to the matching vector ~cn and outputs final
predicted result.

logitn =MLP (~cn), n = 1, .., N (16)

4 Experiments

4.1 Setup

4.1.1 The preparation of dataset
The proposed method has been evaluated on five
diverse corpora: OOS (Larson et al., 2019), Liu
(Liu et al., 2019), FaqIr (Karan and Šnajder, 2016),
Amzn (Yury., 2020) and Huffpost (Misra., 2018).
Among them, OOS, Liu and FaqIr datasets are
all intent classification datasets. Amzn dataset is
designed for fine-grained classification of product
reviews. Huffpost dataset is constructed to identify
the types of news based on headlines and short
descriptions. The dataset characteristics is listed in
Table 1. For the standard FSL setting, we construct
the “support & query" set by sampling the unique
N classes and K samples each class, and R samples
for each of classes, respectively. We conduct two
groups of experiments using N = [5, 10],K = 5
and R = 5. In the evaluation phase, we sample
500 episodes and report the average accuracy. In
generalized FSL setting(GFSL for short), we train
the model with episode sampling of 5-way 5-shot.
And then we evaluate the model performance with
C-way K-shot.

For all experiments, we divide all datasets for
5 times using different random seeds, just like the
way of cross validation, to remove the impact of
dataset division. And we conduct 3 experiments
for each model by using different random seeds for
model initialization. The final results are reported
by averaging 5× 3 = 15 runs.

For fair comparison, all models implemented
in this paper adopt BERT-Tiny1 as encoder layer
which is a 2-layer 128-hidden 2-heads version of
BERT. Meanwhile, these models initialized their
paramaeters using the PTM published by Google
and fine-tuned during training procedure. Besides,
the encoder layer and all parameters of other lay-
ers are randomly initialized. We fix some hyper-
parameters with default values such as the hidden
size 128, we also exploit Adam optimizer in all ex-
periment settings. The learning rate is tuned from
1e−5 to 1e−4 on validation dataset. Dropout with a
rate of 0.1 is applied before each fully-connected
layer. The feed-forward networks described in sec-
tion 3 (e.g. F,H1, H2, H3, H and G) are all single
fully-connected layers. The prediction layer is a
two-layer fully-connected layer.

4.1.2 Baselines
It is vital to compare the introduced method with
some strong baselines with two evaluation met-
rics mentioned above. Note that we re-implement
all methods with the same pre-trained encoder for
fairly comparison.

• Prototypical Network (Proto)(Snell et al.,
2017) is the first designed and applied to im-
age classification and has also been used to
deal with the text classification issue in recent
studies.

• Matching Network (Matching)(Vinyals
et al., 2016) computes the similarity both on
each query and per support samples, and then
averages them as final prediction score.

• Induction network (Induction)(Geng et al.,
2019) proposes an induction module to induce
the prototype by using dynamic routing.

• Proto-HATT(Gao et al., 2019) is introduced
to deal with the issue of noisy and diverse by
leveraging instance-level attention and feature-
level attention.

• MLMAN(Ye and Ling, 2019), can be re-
garded as one of the variants of Proto, encodes
query and support in an interactive way.

4.2 Main results

Overall Performance Our key experiment re-
sults are given in Table 2, 3 and 4. We report

1 https://github.com/google-research/bert
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Datasets
Standard FSL Setting Generalized FSL Setting

#sentences Ctr/Cval/Ctest C K #sc #uc #Dtr #Dval #Dtest

OOS 22500 50/50/50 150 5 50 100 7000 1250 1250
Liu 25478 18/18/18 54 5 18 36 8312 450 450
Amzn 3057 106/106/106 318 5 106 212 1043 530 530
Huffpost 41000 14/13/14 41 5 14 27 13860 340 340
FaqIr 1233 17/16/17 50 5 17 33 309 381 381

Table 1: The detailed dataset statistics. In standard FSL setting, we cut all classes into trainset/validset/testset
according to the ratio with 1:1:1. In generalized FSL setting, we reformulate task as a C-way K-shot classification
in which only subset of classes are seen in training phase.

Methods
OOS Liu FaqIr

5-way 10-way GFSL 5-way 10-way GFSL 5-way 10-way GFSL
Proto 92.20 87.91 61.94 82.46 73.23 47.66 89.83 81.56 60.78
Matching 89.78 84.41 58.34 78.25 67.45 41.95 86.74 78.77 53.85
Induction 80.44 70.92 34.00 65.58 51.56 24.73 71.62 56.99 20.10
Proto-HATT 92.84 89.11 65.52 82.38 75.29 51.27 85.01 76.17 62.62
MLMAN 95.99 93.41 74.39 87.39 79.82 57.24 94.77 89.49 74.42
MGIMN(ours) 96.36 94.00 76.23 87.84 80.60 57.66 95.14 90.69 75.81

Table 2: Experiment results of standard FSL (n-way 5-shot) and generalized FSL with intent classification datasets
(OOS,Liu and FaqIr datasets), while the n is set 5 and 10 respectively.

Methods
Amzn

5-way 10-way GFSL
Proto 78.40 69.02 41.03
Matching 75.73 64.17 38.34
Induction 64.02 50.12 20.09
Proto-HATT 78.05 69.00 41.81
MLMAN 85.64 79.39 46.71
MGIMN(ours) 85.96 80.07 49.46

Table 3: Experiment results of standard FSL and gen-
eralized FSL settings on Amzn datasets, while the FSL
setting is same with Table 2.

the averaged scores over 15 runs (different seen-
unseen class splits and random seeds as introduced
in section 4.1.1) for each dataset and model. Our
method remarkably better than all baselines on the
five diverse corpora, especially in more challeng-
ing generalized FSL setting: the improvements on
Huffpost and Amzn datasets are 2.83% and 2.75%
respectively.

Generalized FSL In most studies of text classi-
fication (Bao et al., 2019; Gao et al., 2019) with
few-shot manner, N-way K-shot accuracy is the
standard evaluation metric. There are two prob-
lems: (1) The metric is not challenging, usually
N = 5 or N = 10, much smaller than C. We

also can see that high scores are often reported in
some work(Bao et al., 2019; Gao et al., 2019). (2)
It is unable to reflect the real application scenarios
where we usually face the entire class space (both
seen classes and unseen classes). Consequently, the
more challenging generalized FSL evaluation met-
ric is employed to focus on the problems. As shown
in Table 2, 3 and 4, the performance of generalized
FSL evaluation is worse and more challenging than
standard FSL. It is very meaningful in realistic sce-
nario and can contribute to the further research. It
is noteworthy that, comparing with Proto, our pro-
posed approach makes bigger improvement in the
challenging generalized FSL metric (GFSL) than
the improvements in standard FSL metric(FSL),
e.g. OOS dataset: 14.29% of GFSL vs 6.09% of
FSL and FaqIr dataset: 15.03% of GFSL vs 9.13%
of FSL. Obviously, it can be implied from the ex-
periment results that, the presented approach has
higher effectiveness among such challenging sce-
narios.

Huffpost Dataset Samples of the same class are
more diverse and scattered on Huffpost. For in-
stance, "green streets are healthy streets", "the real
heroes of Pakistan" and "what next for Kurdistan ?"
are from the same class:"WORLD NEWS". In this
scenario, a single class-wise prototype is difficult
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Methods
Huffpost

5-way 10-way GFSL
Proto 51.57 36.74 16.47
Matching 49.77 34.28 14.18
Induction 44.69 29.35 10.40
Proto-HATT 51.23 36.65 16.06
MLMAN 52.76 38.22 16.78
MGIMN(ours) 54.98 40.12 19.61

Table 4: Experiment results of standard FSL and gener-
alized FSL settings on Huffpost datasets, while the FSL
setting is same with Table 2.

to represent the entire class semantic. Interestingly,
our approach improves more significantly than
other datasets, 2.22% of 5-way 5-shot standard FSL
metric,1.9% of 10-way 5-shot standard FSL met-
ric and 2.83% of generalized FSL metric. In our
approach, richer matching features gained through
interacting from low level with multi-grained in-
teraction, are effective on the dataset with diverse
expressed samples.

4.3 Ablation Study

To further validate the effect of different interac-
tion levels and instance matching vector, we make
some ablation studies on both the datasets Liu and
Huffpost. The settings are totally same with the
main experiments.

4.3.1 Different Interaction Levels
We respectively take out the single-level interaction
layer and see how the specific alignment feature
affects the performance. As shown in the Table 5,
when taking out the specific interaction layer, the
performance decreases in varying degrees, which
explains that each alignment layer has positive ef-
fect on the performance and can complement each
other. It is noted that class-level interaction layer
has the greatest impact. The model can pay atten-
tion to the whole class context through class-level
interaction, which makes the model encode more
precise class semantic information. It is the key to
judge the relationship between query and class.

4.3.2 Instance-wise Matching Vector
We remove all interaction layers in our model,
named ‘w/o instance & class & episode’ in Ta-
ble 5. Then it is the same as matching network
except that the scalar matching score is replaced
by instance-wise matching. We make comparison
with matching network. As given in the Table 5,

2 and 4, it performs better than matching network,
e.g. Liu dataset improves 3.49% of 10-way 5-shot
FSL score and Huffpost dataset improves 2.30% of
GFSL score. Unlike scalar comparison in match-
ing network, our approach can make fine-grained
instance vector comparisons in fine-grained feature
dimensional level.

4.4 Number of Classes and Inference Speed

As shown in Table 6, the inference speed increases
linearly with the increase of the number of classes,
from 315ms/query to 1630ms/query when c in-
creases from 50 to 318. It is challenging for de-
ploying the model to the online application. To
address the problem of inference speed, motivated
by the idea of retrieval in traditional search system,
we propose the retrieval-then-classify method(RTC
for short). (1)Stage1-retrieval: We construct the
class-wise representation by averaging the vector
of each support instance, produced by MGIMN
encoder and then calculate the similarity between
query and class-wise representation. In our ex-
periments, we retrieve top N = 10 classes with
K = 5 instances per class. (2)Stage2-classify: Re-
trieved support instances by stage1 are classified
by MGIMN proposed in this paper. The C-way 5-
shot task is reduced to a 10-way 5-shot which can
greatly save the inference time and computation
cost.

In addition to the generalized FSL metric score,
we also report the inference speed (processing time
per query) to show the effectiveness of retrieval-
then-classify. We can see that the inference speed
of retrieval-then-classify is greatly increased by
5× to 23× , with a small amount of performance
loss. At the same time, comparing with other re-
trieval methods (e.g. BM25 and original bert), our
approach can further improve the performance

5 Related Work

5.1 Few-shot Learning

Intuitively, the few-shot learning focus on learn a
classifier only using a few labeled training exam-
ples, which is similar to human intelligence. Since
the aim of few-shot learning is highly attractive, re-
searchers have proposed various few-shot learning
approaches.

Generally, the matching network encodes query
text and all support instances independently
(Vinyals et al., 2016), then computes the cosine
similarity between query vector and each support
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Methods
Liu Huffpost

5-way 10-way GFSL 5-way 10-way GFSL
MGIMN(ours) 87.84 80.60 57.66 54.98 40.12 19.61
w/o episode 86.22 78.99 56.67 54.14 39.53 18.69
w/o class 84.56 76.89 54.62 54.09 39.10 17.53
w/o instance 87.74 79.93 57.39 53.65 38.86 18.67
w/o instance&class&episode 80.53 70.94 42.54 51.81 37.10 16.48

Table 5: Ablation study results on Liu and Huffpost datasets.

Methods
Liu(c=50) OOS(c=150) Amzn(c=318)

score speed score speed score speed
MGIMN-overall 57.66 315 76.23 757 49.46 1630
RTC-BM25 54.97 55 74.80 56 44.76 58
RTC-oribert 52.93 60 70.55 65 31.09 70
RTC-mgimnbert 56.21 60 75.58 65 46.80 70

Table 6: The generalized FSL accuracy(%) and inference speed. Speed is reported by averaging for processing 100
queries and the value is the processing time per query(ms/query)

sample vector, and finally computes average of all
scores for per class. The prototypical network basi-
cally encodes query text and support instances inde-
pendently (Snell et al., 2017), then computes class-
wise vector by averaging vectors of all support
instances in each class, and finally computes eu-
clidean distances as final scores. Sung et al. (2018)
introduced relation network (Sung et al., 2018) that
exploits a relation module to model relationship
between query vector and class-wise vectors rather
than leveraging the distance metric (e.g., euclidean
and cosine). Geng et al. (2019) introduced the in-
duction network and leverage the induction module
that take the dynamic routing as a vital algorithm
to induce and generalize class-wise representations.
In the few-shot scenario, the model-agnostic man-
ner usually viewed as the improved version of few-
shot, and defined as MAML (Finn et al., 2017),
which can be exploited in different fields MT (Gu
et al., 2018; Li et al., 2020b), dialog generation
(Qian and Yu, 2019; Huang et al., 2020).

For few-shot text classification, researchers have
also proposed various techniques to improve the
existing approaches for few-shot learning. Basi-
cally, the one of our strong baselines Proto-HATT
is introduced by Gao et al. (2019), that leverages
the attention with instance-level and feature-level
then highlight both the vital features and support
point. Ye and Ling (2019) also tries to encode both
query and per support set by leveraging the inter-
active way at word level with taking the matching
information into account.

5.2 Text Matching

Text matching model aims to predict the score of
text pair dependent on massive labeled data. Before
BERT, related work focuses on deriving the match-
ing information between two text sequences based
on the matching aggregation framework. It per-
forms matching in low-level and aggregates match-
ing results based on attention mechanism. Many
studies are proposed to improve performance. The
attend-compare-aggregate method (Parikh et al.,
2016) which has an effectiveness on alignment,
meanwhile aggregates the aligned feature by us-
ing feed-forward architecture. The previous work
extracts fine-grained matching feature with bilat-
eral matching operation by considering the multi-
perspective case(Wang et al., 2017). Tay et al.
(2017) exploit the factorization layers to enhance
the word representation via scalar features with an
effective and strong compressed vectors for align-
ment. Yang et al. (2019) present a straightforward
but efficient text matching model using strong align-
ment features. After the PTM (e.g., BERT) is pre-
sented (Devlin et al., 2019), it has became com-
monly used approach on the various fields of NLP.
Thus, many text matching methods are also leverag-
ing the PTM. For example, Reimers and Gurevych
(2019) use the sentence embeddings of BERT to
conduct text matching, and Gao et al. (2021) use
contrastive learning to train text matching mod-
els. Additionally, to handle the issue of few-shot
learning architecture, we employ the similar idea of
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comparison, aggregation and introduce new archi-
tecture multi-grained interactive matching network.

6 Conclusion

In this research investigation, we intro-
duce the Multi-grained Interactive Matching
Network(MGIMN) for the text classification task
with few-shot manner. Meanwhile, we introduce
a two-stage method retrieval-then-classify (RTC)
to solve the inference performance in realistic
scenery. Experiment results illustrate that the
presented method obtains the best result in all five
different kinds of datasets with two evaluation
metrics. Moreover, RTC method obviously make
the inference speed getting faster. We will make
further investigations on the the task of domain
adaptation problem by extending our proposed
method.
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Abstract

Visual Question Answering (VQA) has bene-
fited from increasingly sophisticated models,
but has not enjoyed the same level of engage-
ment in terms of data creation. In this paper,
we propose a method that automatically derives
VQA examples at volume, by leveraging the
abundance of existing image-caption annota-
tions combined with neural models for textual
question generation. We show that the resulting
data is of high-quality. VQA models trained
on our data improve state-of-the-art zero-shot
accuracy by double digits and achieve a level of
robustness that lacks in the same model trained
on human-annotated VQA data.

1 Introduction

Visual Question Answering (VQA) is a complex
multimodal task that, to be successfully modeled
and evaluated, requires large amounts of annota-
tions that are not naturally produced by existing
business processes, the way translation-pair anno-
tations (Guo et al., 2018) or image alt-text annota-
tions (Sharma et al., 2018) are produced.

At present, a main bottleneck for developing ro-
bust VQA systems that are useful for downstream
applications, such as for visually-impaired people
and in the medical and education domains, appears
to be a lack of large image-question-answer train-
ing triplets (on the order of millions). Manual an-
notation of such triplets is costly, time-consuming,
and prone to a variety of human biases that are dif-
ficult to account for (Yuan, 2021). In addition, the
brittleness of VQA systems trained on such man-
ual annotations is well-understood and documented
(Agrawal et al., 2018; Kafle and Kanan, 2017).

To address the data limitation, we turn to a po-
tential source for creating VQA examples: image-
English caption pairs (Chen et al., 2015; Sharma
et al., 2018). Large-scale image caption datasets

∗ Equal contribution

Generated Question Answer
What are the two animals laying on the ice? “bears”

What are the bears doing? “laying down”

How many bears are laying on the ice? “two”

How many people are sitting down? “zero”

Caption: Two bears are laying down on the ice.

VQ2A

Figure 1: Given an English caption (along with its corre-
sponding image), our VQ2A method generates high-quality
question-answer pairs. These image-question-answer triplet
data can be automatically produced at volume (millions of
examples) and used to effectively train VQA systems.

exist with millions (Changpinyo et al., 2021), sev-
eral hundreds millions (Radford et al., 2021), or
even billions (Jia et al., 2021) of examples. Cap-
tions come mostly in the form of declarative sen-
tences, e.g., “two bears are laying down on the
ice”. Yet, the task of converting declarative cap-
tions into VQA question/answer pairs is still largely
unexplored. It requires automatically inducing can-
didate answers fitting the VQA task, along with
their respective questions based on the caption text
(Fig. 1). We note that transforming declarative
form to interrogative form plus answer(s) seems
crucial, as there exists evidence that a vision-and-
language model trained on declarative-language
data cannot be successfully adapted or transferred
“out-of-the-box" for VQA (Wang et al., 2021).

In this paper, we explore the automatic creation
of millions of VQA training data using neural mod-
els for textual question generation and question
answering. We refer to this method as VQ2A,

1947



for Visual Question Generation with Question
Answering validation. We demonstrate that VQA
models trained on such data, with no exposure to
human-annotated VQA data at all, exhibit high
zero-shot performance. Our best models obtain
61.1% accuracy on VQA2.0, 52.1% on GQA,
around 15-17 points higher than previous zero-shot
state-of-the-art results, and getting close to fully-
supervised performance. In addition, taking our
generated examples as a test set, we provide fur-
ther evidence for the brittleness of VQA systems
built with human-annotated examples, as well as
evidence for the robustness of VQA systems built
with the automatically-induced VQ2A data.

2 Related Work

2.1 Question generation in NLP

Question Generation (QG) is an active research
topic in NLP. It is explored as a standalone task
(Heilman and Smith, 2009; Nema et al., 2019), as
a pre-training task for language models (Narayan
et al., 2020) and as a component in solutions for
other textual tasks, such as question answering (Al-
berti et al., 2019; Puri et al., 2020), information
retrieval (Mass et al., 2020; Gaur et al., 2021) and
generation evaluation (Durmus et al., 2020; Wang
et al., 2020; Honovich et al., 2021). There are
two main directions to QG: template-based (Heil-
man and Smith, 2009; Lyu et al., 2021; Dhole and
Manning, 2020) and neural-based, with the lat-
ter achieving state-of-the-art results (Alberti et al.,
2019; Narayan et al., 2020).

2.2 Question generation in computer vision

Question generation in computer vision aims at
generating visual questions about a given image
(or video), either for generating questions without
knowing the answer (Mostafazadeh et al., 2016;
Zhang et al., 2017; Yang et al., 2018; Uehara et al.,
2018; Krishna et al., 2019), e.g., for them to to
be answered by humans, or to help improving the
VQA task (Kafle et al., 2017; Li et al., 2018; Shah
et al., 2019; Xu et al., 2021; Kil et al., 2021; Akula
et al., 2021), e.g., for additional evaluation and
as means of data augmentation. Such QG mod-
els are typically based on VQA triplets as train-
ing data, whose language complexity is often lim-
ited, or require the collection of visual QG data
(Mostafazadeh et al., 2016). We take a different
approach by leveraging models trained on textual
QA datasets instead.

Multiple works leverage image captions or video
transcripts as training sources (Ren et al., 2015a;
Banerjee et al., 2021; Yang et al., 2021a; Lee et al.,
2021). In this approach, question-answer pairs
are automatically generated from the text, ignor-
ing the visual source, and are then combined with
the related image/video to produce image-question-
answer triplets. Banerjee et al. (2021) propose
WeaQA, in which they generate questions from
MSCOCO image captions (Chen et al., 2015) us-
ing an improved template-based approach in CO-
COQA (Ren et al., 2015a) as well as QA-SRL
methods, enhanced by paraphrasing and backtrans-
lation for linguistic variations. Lee et al. (2021)
similarly train a VQA model from question-answer
pairs derived from MSCOCO Captions but only
use noun phrases as candidate answers, focusing
on using it to verify generated captions but not on
the VQA task itself. Yang et al. (2021a) gener-
ate question-answer pairs from instructional video
ASR transcripts, which are then coupled with the
related video.

In this work, we follow this direction, investigat-
ing what requires to generate data with good cov-
erage for the VQA task in the image domain. We
show that our neural-based textual question genera-
tion approach with captions is much more effective
than previous approaches. Further, unlike previ-
ous work, we also explore automatically-curated
out-of-domain image-text data sources.

2.3 Transfer learning for and in VQA

Existing work also explores the relationship be-
tween the image captioning task and the VQA task
without question generation (Section 2.2). Fisch
et al. (2020) perform image captioning by antic-
ipating visual questions (i.e., using VQA data as
additional supervision and post-inference evalua-
tion). Wu et al. (2019) generate question-relevant
image captions to aid VQA. Yang et al. (2021b)
prompt the GPT-3 (Brown et al., 2020) to answer
knowledge-based visual questions based on gener-
ated captions and tags and a few VQA examples.

Evidence suggests that image-text pre-training,
especially when performed at scale, benefits vision-
and-language tasks, including VQA (Lu et al.,
2019; Li et al., 2019; Chen et al., 2020; Tan and
Bansal, 2019; Su et al., 2020; Lu et al., 2020; Zhou
et al., 2020; Li et al., 2020; Zhang et al., 2021;
Cho et al., 2021; Wang et al., 2021; Yuan et al.,
2021). However, these approaches do not work
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well without fine-tuning on the downstream VQA
data (Wang et al., 2021). Further, prompt-based
learning and inference (Liu et al., 2021) from a
pre-trained image-text model that works for VQA
is still an open research problem. In contrast, our
approach directly works with the training data, ex-
plicitly transforms them into the interrogative form
of question-answer pairs.

Our focus is the zero-shot transfer setting in
WeaQA (Banerjee et al., 2021) in which no
manually-created VQA triplets are available dur-
ing training. Note that the term zero-shot here is
different from the one used in (Teney and Hen-
gel, 2016), in which the model still has access
to manually-created VQA triplets but is evaluated
with unseen questions at test time. Similar to this,
Chao et al. (2018b) explore cross-dataset VQA but
they solely focus on human-annotated data along
with approaches to transfer.

3 Textual Question Generation for VQA

We study whether automatically producing VQA
annotations from existing image-text resources can
alleviate or completely replace the need for manual
data annotation. We only focus on English in this
paper. To this end, we follow and improve upon
some of the recent directions in Section 2.2 on
automatic question-answer generation from text.

We start with a given dataset of image-caption
pairs D={imgi, capi}Ni=1. An important assump-
tion we take is that the information conveyed by the
caption is, in the vast majority of cases, present in
the image, i.e., captions do not contain an excessive
amount of external-world or personal knowledge
(e.g., “my friend at my birthday party”).

For each pair {imgi, capi}, an initial set of can-
didate answers {ai,j}Mi

j=1 is first automatically de-
rived from capi. For each such candidate answer,
a question is generated by a neural model qi,j =
QG(ai,j , capi). Each generated question-answer
pair undergoes a validation step, and, if validated,
is coupled with the corresponding image imgi to
induce a VQA example triplet {imgi, qi,j , ai,j}.

We refer to this method as VQ2A (Visual
Question Generation with Question Answering val-
idation). Figure 2 provides an overview of our
approach. We next detail the steps in VQ2A.

3.1 Candidate Answer Extraction

The only prior work on neural question genera-
tion from captions we are aware of, Lee et al.

(2021), focuses on noun phrases as candidate an-
swers. Yet, these are not enough to cover the an-
swer types included in typical VQA benchmarks
such as VQA2.0 (as we will show in Section 5.1),
such as boolean, attribute, and verb answers, to
name a few, which are required for questions like
as “Is there...”, “What color...”, “What is the dog
doing”. We present a method that covers all of
these answer types.

To extract candidate answers from a given cap-
tion, we parse it using spaCy1 and then extract
candidates based on the Part-of-Speech (POS) and
dependency parse tree annotations, as follows:

Noun Phrases. We extract all noun phrases anno-
tated by spaCy, including named entities.

POS Spans. We extract sequences that begin with
an open-class POS (nouns, verbs, adjectives and
adverbs), that end with an open-class POS or an
adverbial particle, and that do not contain any other
POS in between except closed-class POS for deter-
miners, adpositions and conjunctions.

Parse Tree Spans. We consider all sub-trees that
include at least one open-class POS and no more
than 3 words altogether. We only extract maximal
spans, i.e., not extracting sub-trees that are fully
included in other extracted sub-trees.

Boolean. Boolean questions are frequent in VQA
benchmarks (Goyal et al., 2017). Yet, ‘yes’ and
‘no’ are not found in captions, and so cannot be
extracted as candidates by extracting text spans
from captions. To this end, we also add ‘yes’ and
‘no’ as candidate answers and generate one question
per candidate (see Section 3.2).

How many? 0. Captions do not normally contain
mentions of ‘zero’ object counts. Hence, marking
spans in a caption does not generate questions with
the answer ‘0’. Therefore, we randomly sample a
generated “How many?” question (with a non-zero
answer) from a different caption and add it with
the answer changed to ‘zero’ to the candidate set
of the target caption. This procedure is potentially
noisy because the answer for the sampled question
could be non-zero also for the target image.
From a manual inspection of 200 such questions,
we found this to happen infrequently – about 4.5%.

Our extraction method covers various answer
candidates such as compound nouns, noun phrases,

1https://spacy.io/
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“two”
“bears”

“laying down on the ice”
“laying down on the ice”

“the ice”
“on the ice”

“yes”
“yes”

How many bears are laying on the ice?
What are the two animals laying on the ice?

What are the bears doing?
What are the bears doing?

Two bears are laying down on what?
Where are the bears laying?

Are the bears on the ice?
Are the bears sleeping?

“two”
“bears”
“laying”

“laying down”
“ice”

“on the ice”
“yes”
“no”

Caption: Two bears are laying down on the ice.

Candidate Answer 
Extraction

+ Default Answers

Question 
Generation

Question 
Answering

Answer Validation

Figure 2: Visual Question Generation with Question Answering validation (VQ2A) has three main stages: Candidate Answer
Extraction (Section 3.1), Question Generation (Section 3.2), and Question-Answering Filtering (Question Answering + Answer
Validation, Section 3.3).

Candidate Noun POS Parse Boolean
Answer Phrase Tree

‘two’ V V
‘bears’ V
‘two bears’ V V
‘laying’ V
‘laying down’ V
‘ice’ V
‘the ice’ V
‘on the ice’ V
‘no’ V
‘yes’ V

Table 1: Answer candidates extracted from the sentence
“two bears are laying down on the ice” and the mecha-
nism used to extract them.

named entities, boolean answers, cardinal and or-
dinal numbers, verbs and their compounds, (multi-
word) adjectives and prepositional phrases. Table 1
provides an example of candidate answers of vari-
ous types and the mechanism used to extract them.

3.2 Question Generation

Our question generation model, q = QG(a, cap),
takes as input a caption, cap, and a candidate an-
swer span within it, a, and generates a question q,
whose answer given the input caption is the input
answer span. Importantly, the answer a does not
need to appear verbatim in the caption, enabling
the generation of questions for answer types like
boolean and zero counts (see Section 3.1).

Given the advances in neural text generation, in-
cluding models like T5 (Raffel et al., 2020), we
choose to use a neural generation model as QG.
Concretely, we use a T5-XXL model and further
fine-tune it on SQuAD1.1 (Rajpurkar et al., 2016)
for question generation. We take the top-scoring
generated question for each caption-answer input.
We note that our QG model is trained on a question

answering dataset that is not caption-specific, and
therefore is not optimized for caption inputs. From
manual inspection of hundreds of generated ques-
tions, our QG model copes well with captions as
input; see examples in Table 2 and Section 3.5.

3.3 Question-Answer Filtering

Generative models may hallucinate, that is, gener-
ate content that is inconsistent with its input source
(Alberti et al., 2019; Honovich et al., 2021). To
mitigate this, we follow (Alberti et al., 2019) and
apply round-trip consistency by answering the gen-
erated question on the caption text with a question
answering model. If the answer does not match
the answer candidate offered as input to the ques-
tion generation model, the generated question is
discarded.

We use the token-level F1 score (Wang et al.,
2020) to determine if the candidate answer and
the QA model’s answer is a match; If the score is
above a threshold (manually set to 0.54, exempli-
fied in Table 2), the pair is a match. For question
answering, we use a T5-XXL model and further
fine-tune it on SQuAD2.0 (Rajpurkar et al., 2018)
and Natural Questions (Kwiatkowski et al., 2019).

3.4 Sources of Image/Caption Data

To gain insights on VQ2A potential performance,
we generate VQA triplets with VQ2A from two
sources of image captions: MSCOCO Captions
(COCO-CAP) (Chen et al., 2015) and Conceptual
Captions (CC3M) (Sharma et al., 2018). COCO-
CAP captions contains 123,287 images from the
COCO dataset (Lin et al., 2014), each with 5
gold captions manually created by raters with care-
ful guidelines. CC3M contains 3.32M images
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Candidate Answer Generated Question Validated Answer Match Score & Result
‘two’ ‘How many bears are laying on the ice?’ ‘two’ 1.0 (Pass)
‘bears’ ‘What are the two animals laying on the ice?’ ‘bears’ 1.0 (Pass)
‘two bears’ ‘How many bears are laying on the ice?’ ‘two’ 1.0 (Pass)
‘laying’ ‘What are the bears doing?’ ‘laying down on the ice’ 0.4 (Fail)
‘laying down’ ‘What are the bears doing?’ ‘laying down on the ice’ 0.7 (Pass)
‘ice’ ‘Two bears are laying down on what?’ ‘the ice’ 1.0 (Pass)
‘the ice’ ‘Where are the bears laying?’ ‘on the ice’ 0.7 (Pass)
‘on the ice’ ‘Where are the bears laying?’ ‘on the ice’ 1.0 (Pass)
‘no’ ‘Are the bears sleeping?’ ‘yes’ 0.0 (Fail)
‘yes’ ‘Are the bears on the ice?’ ‘yes’ 1.0 (Pass)
‘zero’ ‘How many people are sitting down?’ - Pass by definition

Table 2: Question/answer pairs generated from the sentence “two bears are laying down on the ice” and the filtering
decision. For answer candidate ‘zero’, no validation is performed .

Dataset Image VQA examples
train dev train dev

VQ2A COCO 114.9K 8.4K 3.50M 257.5K
VQ2A CC3M 3.32M 15.8K 13.29M 61.2K
COCOQA 64.5K 4.7K 108.7K 38.6K
VQA2.0 114.9K 8.4K 582K 65.1K
GQA 82.4K 0.4K 1.08M 12.6K
OKVQA 9K 5K 8.3K 4.7K

Table 3: Sizes of our generated VQ2A data (top two
rows) and VQA datasets used in our experiments.

automatically-collected from the web, each with
one associated alt-text which we treat as a silver
caption.

These datasets are quite different. Both the
amount and the domain of CC3M images are larger
and its captions look more plausible for capturing a
larger set of object/attribute/action annotations. On
the other hand, COCO-CAP’s captions are cleaner
and represent image content more adequately (see
also Section 3.5). Thus, using COCO-CAP would
show the potential of training a VQA model using
VQ2A in a “cleaner” zero-shot setup, where cap-
tions are human-curated. Using CC3M would indi-
cate the potential of training on noisy web image–
alt-text pairs, where scaling up to billions of exam-
ples is possible.

To quantify the impact of our method, we fo-
cus on VQA classification for the VQA2.0 (Goyal
et al., 2017), GQA (Hudson and Manning, 2019),
and OKVQA (Marino et al., 2019) benchmarks
(see Section 4.2). We thus restrict our classifier
to top 5,971 answers that are part of a unified
answer vocabulary from these benchmarks (Ap-
pendix B.1). To this end, we remove triplets whose
answers are not in the target answer vocabulary,
and leave the study of using all generated triplets
to future work. We then split our datasets into
train/dev sets. In particular, since the images in
VQA2.0 are taken from COCO, we split the COCO
dataset based on the standard VQA2.0 train/dev
splits of *train2014 and minival2014 (Jiang et al.,

2018)2. For the CC3M dataset, we use the default
CC3M train/dev splits (Sharma et al., 2018). For
each unique image-question pair in the dev split,
we construct an answer target of size 10, follow-
ing VQA2.0, by reducing or expanding the set of
seed answers that occur for this image-question
pair. Additional details are in Appendix B.1.

Table 3 depicts the size of the induced datasets,
named VQ2A-COCO and VQ2A-CC3M, as well as
the VQA datasets used in our experiments.

3.5 Quality Analysis

To measure the quality of the generated datasets,
we sampled 800 examples from each of the VQ2A-
COCO and VQ2A-CC3M datasets. The sample
was split between four authors, who assessed
whether the answer to the question in an example
is justified based on the example’s image. For each
dataset, 50 examples were rated by all raters, result-
ing in a free-margin Kappa (Randolph, 2005) of
0.71 for VQ2A-COCO and 0.59 for VQ2A-CC3M,
corresponding to high inter-rater agreement. The
measured percentage of valid triplets is 87.3% for
VQ2A-COCO and 66.0% for VQ2A-CC3M. This
shows the difference between the high-quality cap-
tions of COCO-CAP and the noisier web-based
ones of CC3M.

Fig. 3 demonstrates the diversity of questions
generates in the VQ2A datasets. One can see that a
significant amount of questions generated by VQ2A
for the shared VQA2.0/COCO image do not appear
in VQA2.0. Additional analysis and examples are
in Appendix A.

4 Visual Question Answering (VQA)

To assess the effectiveness of our automatic gen-
eration of VQA annotations, we perform extrinsic

2With the exception of OKVQA in which we split into
train2014/val2014 to avoid using test images during training.
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Question Answers
How many pieces of fruit are in the bowl “0”
Is there a refrigerator in the kitchen “yes”
What color are the cabinets in the kitchen “white”
Is the kitchen lit or dark “lit”
Is there a stove in the kitchen “no”
What color is the formica in the kitchen “white”

What is on the door of the refrigerator “papers”,
“several papers”

Where are the papers on the refrigerator “door”

What kind of kitchen does the house have “small white 
formica kitchen”

Question Answers

What is flying over the ocean “eagle”,
“brown eagle”

What color is the bird's head “white”
What color is the bird “brown”
Is the brown eagle flying over land “no”
Is the brown eagle flying over the ocean “yes”
What does the bird do over the water “glides”
Which part of the bird is white “head”

What color are the bird's wings “brown”,
“brown wings”

What color is the eagle in the picture “brown”
Why is the bird flying down to the water “to catch food”

Question Answers
Is the tumbler dishwasher safe “no”
Is the tumbler insulated “yes”
What color is the tumbler “blue”, “shiny blue”
What kind of blue is on the tumbler “shiny”
What is the name of the blue drinkware item “tumbler”
What is ceramic used for in the tumbler “lining”
Which part of the tumbler is made of stainless steel “exterior”
Which part of the tumbler is ceramic “inner”
What is the purpose of the stainless steel exterior of the tumbler “insulating”
What kind of steel is on the outside of the tumbler “stainless”
What material is the inside of the tumbler made of “ceramic”
What material is the outside of the tumbler made of “steel”, “stainless steel”

Question Answers
What type of art is this “vector”
Aside from watches what else is included in the 
illustration “clocks”

What is the illustration of “clocks and 
watches”

Is this a hand drawn clock and watch set “yes”

How were the clocks and watches drawn “hand”

In addition to gold what color is used for the clocks 
and watches in this illustration “gray”

What colors are the clocks and watches in the 
illustration “gray and gold”

What kind of illustration is this “vector art”

Figure 3: Examples from VQ2A COCO (top) and VQ2A CC3M (bottom). Questions with the green background are also
present in VQA2.0.
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Figure 4: VQA model used in our experiments. The text
encoder is initialized from a T5-base checkpoint, while the
image-text encoder is initialized from scratch. The parameters
of ResNet and Faster R-CNN are frozen during VQA training.

evaluations of the generated data by measuring its
impact on a variety of established VQA bench-
marks. We first describe the model, followed by
the experimental setup and the results.

4.1 VQA Formulation and Model
Following the literature, we treat VQA as a classi-
fication task, i.e., vocab-based VQA. In particular,
we treat our target answers as labels, where a label
could be multi-token (e.g., "Christmas tree", "black
and white", "play tennis"). We define our set of
labels based on top answers in the training set of
downstream VQA datasets, which allows for a fair
comparison with most work in the VQA literature
since Antol et al. (2015).

Since our work explores the impact of
automatically-generated training data, we fix the
VQA model architecture across all experimental
conditions. Our model fuses the input image and
question (Fig. 4). On the image side, we take
global image features from ResNet-152 (He et al.,
2016) pre-trained on ImageNet (Russakovsky et al.,
2015) plus 16 region-of-interest image features
from Faster R-CNN (Ren et al., 2015b) pre-trained
on Visual Genome (Krishna et al., 2017), following
the bottom-up-features paradigm (Anderson et al.,
2018). On the question side, we use the encoder

of a pre-trained T5-base checkpoint (Raffel et al.,
2020). Given the image features and the output
token embeddings of the question encoder, a Trans-
former (Vaswani et al., 2017) fuses the multi-modal
intermediate representation and classifies it into the
predefined answer space. We train the (randomly-
initialized) fusing encoder and the text encoder
end-to-end using standard cross-entropy loss. The
parameters of both ResNet and Faster R-CNN are
frozen during training. Additional details are given
in Appendix B.2.

4.2 Experimental Setup

We consider three VQA benchmarks:
VQA2.0 (Goyal et al., 2017), GQA (Hud-
son and Manning, 2019), and OKVQA (Marino
et al., 2019). These datasets have their own
characteristics and thus test different capability of
VQA models. For instance, GQA puts emphasis
on reasoning and OKVQA on external knowledge,
whereas VQA2.0 is more general; VQA2.0 and
GQA are order-of-magnitude larger than OKVQA;
GQA is generated using a question engine while
VQA2.0 and OKVQA are human-annotated.

For training and evaluating on VQA2.0, we use
the standard train/dev splits *train2014 and mini-
val2014 (Jiang et al., 2018). For GQA, we use the
balanced v1.2 and combine the train and val splits
for training and use the testdev split for evalua-
tion, following the official guideline3 and (Tan and
Bansal, 2019). For OKVQA, we use the train/val
splits for training/evaluation. Table 3 summarizes
the sizes of the different datasets.

Evaluation Settings and Baselines. The main

3https://cs.stanford.edu/people/
dorarad/gqa/evaluate.html

1952

https://cs.stanford.edu/people/dorarad/gqa/evaluate.html
https://cs.stanford.edu/people/dorarad/gqa/evaluate.html


goal of our experiments is to explore the utility of
our VQ2A data for transfer learning, as training or
evaluation data.

Our main focus in this paper is on zero-shot eval-
uation. Still, fine-tuning would provide additional
insight on using our induced data for pre-training.
Therefore, following (Banerjee et al., 2021), we
train VQA models on the generated VQ2A data and
then evaluate them in two settings: (i) zero-shot
evaluation, in which we evaluate our models as-is
on the dev split of VQA2.0, GQA, or OKVQA;
and (ii) fully-supervised fine-tuning evaluation, in
which we further fine-tune our models on the train-
ing split of VQ2A, GQA, or OKVQA before evalu-
ating them. When training on VQ2A data, we ex-
plore training on VQ2A-COCO only, VQ2A-CC3M
only, and a two-stage training VQ2A-CC3M fol-
lowed by VQ2A-COCO (VQ2A CC3M −→ COCO).

Our baselines, which do not use VQ2A data,
include (i) our VQA model trained on template-
based question generation data COCOQA4 (Ren
et al., 2015a), (ii) state-of-the-art zero-shot WeaQA
(Banerjee et al., 2021) and its fully-supervised vari-
ants, and (iii) our VQA model trained supervisely
on each of the target benchmarks’ training data.

Metrics. To be compatible with prior work, on
VQA2.0 and OKVQA we measure the standard
VQA Accuracy. It is the average score over 9
subsets of the ground-truth 10 answers5, where
each score is: min(#answer occurrences3 , 1). On
GQA, we measure Top-1 Accuracy against the sin-
gle ground-truth answer.

5 Results

We report several sets of experimental results that
shed light both on the accuracy and on the robust-
ness of VQA models trained on VQ2A data in this
section, with additional results, analysis and abla-
tion studies in Appendix C.

5.1 Zero-Shot Setting

Table 4 summarizes the outcomes of our VQA ex-
periments on various benchmarks. Our main result
is that the VQ2A models achieve new state-of-the-
art results in the zero-shot transfer learning set-
ting. The improvement in performance is large:
to the best of our knowledge, previous state-of-
the-art zero-shot accuracy was 46.8% on VQA2.0

4Train/dev based on the standard VQA2.0 train/dev splits.
55 targets in OKVQA, replicated twice (Marino et al.,

2019).

Evaluation Benchmark
Approach VQA2.0 GQA OKVQA

Zero-shot
VQ2A COCO, nouns only 10.5 - -
COCOQA 11.7 4.4 6.3
WeaQA ZSL 46.8 33.7 -
VQ2A COCO 60.0 51.3 18.0
VQ2A CC3M 56.5 49.9 19.1
VQ2A CC3M −→ COCO 61.1 52.1 19.7
VQ2A CC3M +D 57.9 50.0 19.8

Fully-supervised
WeaQA FSL 65.3 55.2 -
w/o VQ2A data 68.8 61.8 22.1
w. VQ2A COCO 71.6 63.3 36.0
w. VQ2A CC3M 71.3 63.4 39.0
w. VQ2A CC3M −→ COCO 71.4 64.0 39.3

Human performance 82.4† 89.3‡ 82.8†

† from the inter-annotator agreement of ground-truth answers.
‡ from (Hudson and Manning, 2019).

Table 4: VQ2A as training data. Accuracy in zero-shot
and fully-supervised settings. All results use our archi-
tecture, except WeaQA ZSL and WeaQA FSL, which
are the zero-shot (ZSL + Patches + Encoder) and fully-
supervised (FSL + Patches + Encoder) models in (Baner-
jee et al., 2021), respectively. +D stands for recovered
raw CC3M alt-texts with digits.

and 33.7% on GQA by WeaQA (Banerjee et al.,
2021), which also induces their training VQA data
from COCO Captions. Our VQ2A-COCO model
reaches 60.0% on VQA2.0 and 51.3% on GQA, an
absolute improvement of +13.2% and +17.6%, re-
spectively. Even higher accuracy for the zero-shot
setting – 61.1% (VQA2.0) and 52.1% (GQA) – is
reached with the VQ2A CC3M −→ COCO model
(trained first on the CC3M-derived data and then
fine-tuned on the COCO-derived data), establishing
new state-of-the-art results.

Training the same model architecture on the
manually-constructed VQA2.0 and GQA training
sets in a fully-supervised manner achieves 68.8%
and 61.8% accuracy, respectively. Hence, our
results significantly close the performance gap
between automatically-generated and manually-
constructed training sources, indicating that the
VQ2A method may reduce the need for human cu-
rated VQA training examples.

The captions for COCO images are carefully an-
notated to be of high-quality (Chen et al., 2015).
Additionally, the VQA2.0 images are taken from
COCO. To test the robustness of VQ2A, we also
evaluate a VQ2A-CC3M model. While CC3M con-
tains more image–alt-text pairs than COCO (see
Table 3), the images are from a different distribu-
tion and the text annotations are noisier and may
represent a larger spectrum of discourse intents
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(Alikhani et al., 2020). In spite of these differences,
the gap between COCO-based and CC3M-based
VQ2A models is not large, 60.0% vs 56.5% on
VQA2.0 and 51.3% vs. 49.9% on GQA. This result
strengthens our previous observation, in that it does
not seem to be crucial that the starting captions are
manually-annotated; it appears that “silver” anno-
tations such as the ones provided by CC3M are
competitive in zero-shot VQA performance.

To cover the types of answers present in VQA
benchmarks, there is a need for thorough extraction
of various answer/question types (Section 3). The
QACE model (Lee et al., 2021), for example, fo-
cuses only on noun-phrases as answer types. By an-
alyzing the VQA2 devset, we find that only 32% of
its answers are nouns. As such, it makes sense that,
when limiting to only this answer type, the VQA
Accuracy of VQ2A-COCO is 10.5%, compared to
the 60% achieved with a full coverage. As another
example, our model trained COCOQA (Ren et al.,
2015a), which focuses on a few answer types and
one-word answers, barely surpasses the accuracy
of our COCO, nouns only baseline. For similar
reasons, we want to be able to generate ‘how many’
questions from the CC3M data, even though the
published annotations have been stripped of digits
and numerals. To solve this problem, we recover
the original captions from the CC3M URLs, gener-
ate questions of the type ‘how many’, and train an
additional VQ2A-CC3M +D model. The results in
Table 4 show a small but consistent improvement
over vanilla VQ2A-CC3M, further closing the gap
between VQ2A models using curated “gold” cap-
tions and noisier “silver” captions.

To gain further insights, we provide a breakdown
of VQA Accuracy per VQA2.0 question types in
Table 5. Boolean questions are the easiest and all
models perform well on them. More challenging
question types are ‘How many?’ and ‘What is’.
One reason could be the validity of various answers,
like “several” for counts. ‘What time?’ is the most
difficult, probably due to lack of such information
in captions.

Finally, we provide zero-shot results on the more
difficult OKVQA benchmark. In this setting, a
supervised model reaches 22.1% accuracy, while
VQ2A models in zero-shot setting achieve close to
that – 18.0% with COCO and 19.1% with CC3M,
while their combination reaches 19.7%, -2.4% shy
of the supervised level. This result also supports
the conclusion that creating training data with the

Question VQA2.0 VQ2A-COCO VQ2A-CC3M
Prefix Supervised Zero-shot Zero-shot

Boolean 96.3 93.2 94.2
‘What color’ 69.2 64.8 56.8
‘What kind/is’ 52.6 36.9 32.1
‘How many’ 49.3 29.4 19.5
‘Where are/is’ 38.0 30.0 25.3
‘What does’ 33.0 24.1 20.3
‘What time’ 23.6 11.9 12.7

Table 5: Aggregated average Accuracy on VQA2.0 for
the most common question types.

VQ2A method is a good replacement for small-
scale supervised training data.

5.2 Fully-Supervised Setting

Another aspect of the VQ2A method that we want
to evaluate is whether it produces training data that
is similar with the human-annotated data, or it com-
plements it. To this end, we perform experiments
in which we first train a model using the VQ2A
data, and then fine-tune it in a supervised manner
using the human-annotated training data.

The results, in the Fully-supervised part of Ta-
ble 4, tell two stories. For VQA2.0 and GQA, there
is a small yet consistent improvement of the fine-
tuned models on top of a model trained directly on
the supervised data in each benchmark (labeled w/o
VQ2A). This indicates that, at least for these two
benchmarks, there is a high overlap in the nature of
the signal between the human-annotated data and
the VQ2A data.

The results on OKVQA show a different trend.
Here, training first with VQ2A boosts performance
by +17.2% compared to supervised training with-
out VQ2A (22.1% −→ 39.3%). The small scale of
the OKVQA training set (Table 3) certainly con-
tributes to this effect, but it also points to another
aspect: question-answer pairs that subsume world
knowledge can only be made available at-scale
to models by means that are not bottlenecked by
human-annotation processes.

5.3 Robustness of Existing VQA Training Sets

So far we have assessed the capability of models
trained on VQ2A data. As a complementary study,
we use 500 manually-validated random samples
(see Section 3.5) from the dev part of each VQ2A
dataset to assess VQA robustness for various train-
ing setups. We use the VQA Accuracy metric for the
VQ2A datasets (10 target answers, see Section 3.4),
and Top-1 Accuracy on COCOQA (one target an-
swer).

Table 6 shows the results. The fully-supervised
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Evaluation Benchmark (Acc %)
Training COCO- VQA2.0 VQ2A VQ2A

data QA COCO CC3M
COCOQA 70.3 11.7 13.2 5.8
VQA2.0 35.9 68.8 44.4 41.6
VQ2A COCO 55.9 60.0 72.6 56.8
VQ2A CC3M 42.1 56.5 65.6 76.4

Table 6: Manually-validated VQ2A data for robust-
ness evaluation: Accuracy of training on "row" and
tested on "column"; diagonal (gray) numbers denote
supervised setting, non-diagonal numbers denote zero-
shot cross-dataset setting. Best zero-shot is in bold.

models (diagonal, similar training and test distri-
butions) achieve in-domain Accuracy around 70%,
with VQ2A CC3M achieving slightly higher 76.4%
Accuracy. When tested on out-of-domain (non-
diagonal), however, each model poses performance
degradation at different degrees. First, the model
based on template-generated COCOQA does not
generalize at all. Second, the VQA2.0 model sees
significant accuracy drops, even on the COCO
(44.4%) and COCOQA (35.9%), which share a
similar image domain with VQA2.0. This result
provides another evidence that progress made on
the VQA2.0 benchmark may not reflect progress
on the VQA task in full (Chao et al., 2018a; Bras
et al., 2020).

In contrast, both VQ2A COCO and VQ2A
CC3M perform robustly with more modest per-
formance drops. For instance, on COCOQA,
VQ2A CC3M achieves even better performance
than VQA2.0 (42.1% vs. 35.9%) despite being
tested on out-of-domain images. This suggests that
the VQ2A training data possesses a higher degree
of question variations, provides better answer cov-
erage, and exhibits less biases than the manually-
curated VQA2.0 training data, at least enough to
address these different benchmarks.

6 Considerations and Limitations

Automatic data generation is prone to erroneous
outputs. In VQ2A these may include hallucinations
of the generative model, incorrect negative sam-
pling, and bad answer span extraction. In addition,
the image captions may contain details not in the
image, e.g. additional details only aware to the
photo taker or personal opinions, or information
that is inconsistent with the image due to human
mistakes and biases. We address some of these
issues automatically, filtering bad generations via
question answering round-trip validation. In addi-
tion, the classification task itself curbs the effects

of such errors through the use of a fixed answer
vocabulary. Yet, for automatic generation to be
more robust, additional methods to narrow down
mistakes or mismatches need to be developed.

The resulting VQA model incorporates and may
reinforce some of the biases and stereotypes present
in the data. For instance, it may learn that an-
swering questions such as “What is the gender of
this person?” is a binary choice dictated by shal-
low cues, or that the answer to “For whom is this
room decorated?” depends on stereotypical fea-
tures present (or not) in the room depicted in the
image. Mitigation strategies for such issues go be-
yond the scope of this paper, but we encourage the
research community to consider addressing these
issues as central for the successful deployment of
this technology.

7 Conclusions

In this paper, we show that high-quality VQA train-
ing data can be automatically induced at scale
from existing image-caption datasets. Our method,
VQ2A, annotates candidate answers using syn-
tactic parsing of the captions and then derives
questions for them using neural models for ques-
tion generation and question answering verifica-
tion. We demonstrate that VQA models trained
only on such data exhibit high zero-shot perfor-
mance with new state-of-the-art results on VQA2.0
and GQA. Additionally, we provide evidence for
the brittleness of VQA systems built with human-
annotated examples compared to the ones built
with automatically-induced image-question-answer
triplets using VQ2A.

For future work, we plan to explore even larger
automatically-curated image-text datasets, consist-
ing of billions of examples. In addition, we want to
test the applicability of VQ2A to languages other
than English, for which human-annotated VQA
data is scarce.
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A Additional Examples and Analysis of
Generated Data

Fig. 5 provides additional examples of VQ2A
COCO and CC3M generated VQA triplets, show-
ing the diversity compared to what can be found in
VQA2.0.

Table 7 presents the top question prefixes and
their distribution in the VQA2.0 and VQ2A-based
dev sets, showing significant differences between
datasets. Many questions in VQA2.0 are of boolean
answer type, e.g. ‘is the’, ‘is there’ and ‘does the’,
summing to 29.2%. In addition, (‘how many’) ques-
tions are frequent, 11%. Finally, questions for the
color attribute are standing out with 9%. On the
other hand, COCO and CC3M questions are more
explanatory in nature, with the majority of ques-
tions (45.5% in COCO, 43.9% in CC3M) of the
form ‘what is/are/do/does/type’. Another type that
is more prominent in COCO and CC3M are ‘where
is/are’ questions, which are more than twice fre-
quent compared to VQA2.0.

Another difference between the manually cu-
rated VQA2.0 dataset and the VQ2A automatically
generated datasets is question and answer word
length distribution (Fig. 6 and 7). The questions in
VQ2A-CC3M and VQ2A-COCO have an average
word length of 8.3 and 7.8 respectively, while the
average VQA2.0 is 6.3. Inspecting the generated
questions, we noticed that QG model tends to quote
parts of the caption, extending the question length.
The average answer word length in VQ2A-CC3M
and VQ2A-COCO is 1.76 and 1.85 words respec-
tively, while in VQA2.0 it is 1.1. While all answers
tend to be short, the VQ2A-induced datasets have
more “detailed” answers of length 2-3 words.

Fig. 8 offers a more visual view of the differ-
ences between question type distribution presented
in Table 7.

Table 8 depicts the percentage of questions of
each type (prefix) that were retained (not filtered
out) when applying the question answer validation
phase of VQ2A (Section 3.3).

B Implementation Details

B.1 Details on Data Processing

Our default question and answer preprocessor is
based on (Jiang et al., 2018; Singh et al., 2020)6,

6https://github.com/facebookresearch/
mmf/blob/main/mmf/datasets/processors/
processors.py

with the exception of GQA which we use 7. The
unified answer vocabulary used in our experiments
is the union of top answers from existing COCO-
based VQA benchmarks: VQA2.0 (3,128, min-
imum answer frequency=9), GQA (1,843, all),
OKVQA (2,000, top), and Visual7W (3,140, mini-
mum answer frequency=3) of total size 5,971

For each image-unique question pair generated
by our VQ2A approach, we reduce or expand a list
of possibly different candidate answers based on
the list length, such that we eventually have a target
list of answers of size 10. In particular, we first sort
the answers based on their lengths ("dog" before
"black dog"), and select up to top-10 answers. If
the list legnth is less than 10, we replicate each of
the top answers one-by-one until we have the list of
size 10, similar to the process in OKVQA(Marino
et al., 2019). This is to ensure that we can adopt
VQA Accuracy to make the performance compari-
son.

B.2 Details on Training and Evaluating Visual
Question Answering

Our code for the VQA model is based on the Flax-
former framework8. Both the text encoder and the
multi-modal encoder have 6 blocks of Transform-
ers, each of which consists of self-attention and a
feed-forward network. We use 12 heads of inner
dimension of 64, the embedding dimension of 768,
and the MLP dimension of 2048. During training,
we use Adafactor (Shazeer and Stern, 2018), with
an initial learning rate of 0.0025, a linear warm-up
step of 5K for (pre-)training and 1K for fine-tuning,
and an “inverse square root” learning rate schedule

1√
max(n,k)

, where n is the current training iteration

and k is the number of warm-up steps. We use a
dropout rate of 0.0. We train each of the models
with data parallelism using 16 Cloud TPU Pods9,
each with a batch size of 256, unless otherwise
stated.

The default numbers of training steps during
training and fine-tuning are 100K and 30K, respec-
tively. The exceptions are OKVQA (30K/15K) and
VQ2A CC3M (150K/NA). In addition, in the two-
stage training where we fine-tune a VQ2A-CC3M
model with VQ2A COCO, we also use 100K steps.
Each single training run on average took fewer
than 10 hours, including the time used to evaluate

7https://github.com/stanfordnlp/
mac-network/blob/gqa/preprocess.py

8https://github.com/google/flaxformer
9https://cloud.google.com/tpu
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Question Answers
What is in the middle of the photo “coffee”
Where is the coffee in the three frame photo 
combination

“middle”,
“in middle”

How many frames are in the photo “3”,
“3 frame”

How many plates have desserts on them “2”
How much of the pastry had been eaten “partially”
Is there a cup of juice in the puzzle “no”
Is there a pie in the middle of the photo “no”
Are the desserts on the two plates the same or different “different”
A beverage is displayed in what type of glassware “cup”
What is the medium of the images of the desserts “photos”

Question Answers
How many people are in the picture “0”
Is there a stoplight at the intersection of S Lane St. and 
12th Ave S. “no”

Is there a street sign in the picture “yes”
On what is a street sign pictured “hill”
What color is the street sign next to the dirt field by the 
playground “green”

What is in front of the street sign “gravel”
Which avenue meets S Lane St “12th”
Which street does 12th Ave S intersect with “lane st”
What does a street sign do at the intersection of S 
Lane St. and 12th Ave S. “marks”

Question Answers
Where is the woman in the photo “car”
Is the woman in the picture doing her 
makeup

“yes”

What adjective would you use to describe 
the woman in the car “pretty”

Who is in the car doing makeup “pretty young 
woman”

What is the woman in the car doing “makeup”
“doing makeup”

Question Answers
Pink shoes are for whom “women”
What are the pink shoes for “for women”
What item for women is all pink “shoes”
What are all pink “shoes for women”

Figure 5: Additional examples from VQ2A COCO (top) and VQ2A CC3M (bottom). Questions with the green background are
present in VQA2.0.

Question Prefix VQA2.0 % VQ2A-COCO % VQ2A-CC3M % Question Example from VQ2A-COCO
‘What is’ 0.140 0.288 0.217 ‘What is the man swinging?’
‘How many’ 0.110 0.022 0.005 ‘How many people are standing in front of a tv?’
‘Is the’ 0.098 0.084 0.053 ‘Is the baby wearing a Santa hat?’
‘What color’ 0.090 0.022 0.018 ‘What color is the man’s hair?’
‘Is this’ 0.082 0.008 0.015 ‘Is this a safe way to fly?’
‘Is there’ 0.037 0.011 0.022 ‘Is there a pool in the backyard?’
‘What kind’ 0.025 0.049 0.078 ‘What kind of truck is the yellow one?’
‘What are’ 0.024 0.049 0.022 ‘What are the sheep and other animals roaming?’
‘Are the’ 0.024 0.022 0.007 ‘Are the apples on the cutting board green?’
‘Are there’ 0.020 0.002 0.004 ‘Are there any exceptions to this rule?’
‘Where is’ 0.019 0.071 0.034 ‘Where is the tennis player pictured?’
‘What type’ 0.018 0.006 0.022 ‘What type of picture is this?’
‘Is it’ 0.017 0.001 0.005 ‘Is it possible to eat a whole pizza?’
‘Does the’ 0.014 0.007 0.007 ‘Does the adult giraffe have any young?’
‘What does’ 0.011 0.015 0.038 ‘What does a giraffe do with its long neck?’
‘Where are’ 0.006 0.032 0.014 ‘Where are the skateboarders in the photo?’
‘Who is’ 0.005 0.054 0.020 ‘Who is in the photo?’
‘What do’ 0.002 0.003 0.018 ‘What do the father and son ride?’
‘What was’ 0.000 0.009 0.023 ‘What was the woman looking at?’
‘What did’ 0.000 0.001 0.021 ‘What did the cat lay inside of?’

Table 7: Most popular question prefix distribution on valid questions whose answers are in the 6k target vocabulary.

Figure 6: Question length distributions per dataset.

a checkpoint — every 1K iterations. For instance,
training on VQA2.0 took approximately 7 hours,
VQ2A COCO 13 hours, VQ2A CC3M 10 hours.
Note that VQ2A COCO has larger evaluation set
than other datasets, hence taking longer time to to

Figure 7: Answer length distributions per dataset.

train then VQ2A CC3M.
The hyperparameters for Transformers are se-

lected to be consistent with a T5-base checkpoint,
which has 220 million parameters (Raffel et al.,
2020) (except that now we have 2 encoders rather
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Figure 8: VQA2.0 (top), VQ2A-COCO (middle),
VQ2A-CC3M (bottom) sunburst plots of question pre-
fixes.

Question VQ2A-COCO VQ2A-CC3M
Prefix Filter Pass Ratio Filter Pass Ratio

‘What is’ 0.73 0.65
‘Is the’ 0.64 0.39
‘What kind’ 0.84 0.80
‘How many’ 0.83 0.51
‘What color’ 0.92 0.90
‘Where is’ 0.79 0.79
‘Is this’ 0.83 0.62
‘What are’ 0.75 0.71
‘Who is’ 0.85 0.79
‘Is there’ 0.73 0.47
‘What does’ 0.75 0.67
‘Are the’ 0.58 0.32
‘Where are’ 0.80 0.81
‘What type’ 0.84 0.81
‘What was’ 0.72 0.67
‘Does the’ 0.60 0.43
‘Are there’ 0.80 0.62
‘What do’ 0.76 0.72
‘What did’ 0.69 0.64
‘Is it’ 0.62 0.59

Table 8: Question filtering stats.

than an encoder and a decoder). We initially
tuned the initial learning rate (0.0125, 0.075, 0025,
0.00125, 0.00075) and the dropout rate (0.0, 0.1,
0.2) on a fully-supervised model on VQA2.0 base-
line using VQA Accuracy and observed that 0.0025
and 0.0 work robustly across our experiments but
we did not extensively tuned them in all of our
experiments.

We implement VQA Accuracy ourselves based
on the official challenge page for VQA2.010.

C Additional Results

Table 9 offers the Accuracy of the supervised
VQA2.0 model, as well as of the zero-shot VQ2A
models, on the VQA2.0 devset, split by most com-
mon question prefixes. The Table is sorted by the
supervised model’s Accuracy. It shows a several
performance differences, first between all types of
boolean questions, which all have high precision
on all models, vs. other types, which show not only
lower performance for all models, but also more
significant performance drop between the super-
vised and zreo-shot models.

Table 10 shows the zero-shot performance of
models when using all of the VQ2A dev sets, not
only the manually validated sample, for which Ta-
ble 6 reports results. What we see is that the dif-
ference in performance on the whole VQ2A dev
sets (Table 10) is similar in magnitude to that of the
manually validated dev samples (Table 6), and most

10https://visualqa.org/evaluation.html
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Question VQA2.0 VQ2A-COCO VQ2A-CC3M
Prefix Supervised Zero-shot Zero-shot

‘is there’ 98.6 98.1 98.2
‘are there’ 98.0 97.1 97.2
‘does this’ 98.0 95.1 95.8
‘are they’ 96.9 95.0 95.3
‘does the’ 96.4 95.2 95.9
‘is it’ 96.3 91.4 92.7
‘is this’ 96.1 91.2 92.8
‘are the’ 95.6 92.1 93.1
‘is the’ 95.3 91.7 92.9
‘are these’ 95.1 90.7 92.2
‘what color’ 69.2 64.8 56.8
‘what kind’ 56.3 35.8 31.4
‘what type’ 54.4 32.3 30.8
‘what are’ 51.3 40.2 33.9
‘how many’ 49.3 29.4 19.5
‘what is’ 48.5 39.4 32.2
‘where are’ 40.9 33.9 27.6
‘where is’ 35.1 26.0 23.0
‘what does’ 33.0 24.1 20.3
‘what time’ 23.6 11.9 12.7

Table 9: Average accuracy (%) on VQA2.0 for the most
common question prefixes.

Evaluation Benchmark
Training COCO- VQA2.0 VQ2A VQ2A

data QA COCO CC3M
COCOQA 70.3 11.7 11.5 3.7
VQA2.0 35.9 68.8 41.1 33.3
VQ2A COCO 55.9 60.0 71.2 49.3
VQ2A CC3M 42.1 56.5 60.3 69.5

Table 10: VQ2A as evaluation data for measuring ro-
bustness: VQA Accuracy when training on "row" and
tested on "column"; diagonal (gray) numbers denote
the supervised setting, non-diagonal numbers denote
zero-shot cross-dataset setting. Best zero-shot is bold.

importantly, it keeps the order of models in terms
of capabilities/performance. We therefore suggests
that the utility of the VQ2A approach could go
beyond training; it can be used as an automatic
test-bed for VQA robustness, if not for absolute fig-
ures, for ranking models for robustness zero-shot
capabilities.

Table 11 shows the effect of candidate answer
types on the VQA2.0 performance. We train our
model on VQ2A COCO or VQ2A CC3M subsets
with questions with (i) noun answers, (ii) yes/no an-
swers, (iii) answers containing color-related tokens
based on a list of common colors from Wikipedia,
and (iv) answers containing digits from 0 to 100.
We then evaluate models trained on these subsets
on VQA2.0 using VQA Accuracy and the normal-
ized version (by the percentage of evaluation ques-
tions with corresponding answer types. This high-
lights the importance of incorporating diverse an-
swer candidates in our datasets. We also observe
that VQ2A CC3M is on par with VQ2A COCO on

Training data VQA Accuracy on VQA2.0
Standard Normalized

VQ2A COCO 60.0 60.0
VQ2A COCO nouns 10.5 32.5
VQ2A COCO yes/no 38.4 94.3
VQ2A COCO color 6.7 55.6
VQ2A COCO number 3.9 25.4
VQ2A CC3M 56.5 56.5
VQ2A CC3M nouns 8.8 27.2
VQ2A CC3M yes/no 38.4 94.4
VQ2A CC3M color 6.0 49.5
VQ2A CC3M number 3.4 22.1

Table 11: Effect of candidate answer types on the
VQA2.0 performance.

Training data VQA Accuracy
on VQA2.0

VQ2A COCO (100%) 60.0
VQ2A COCO (50%) 58.5
VQ2A COCO (20%) 56.7
VQ2A COCO (10%) 55.4
VQ2A CC3M (100%) 56.5
VQ2A CC3M (50%) 55.8
VQ2A CC3M (20%) 54.8
VQ2A CC3M (10%) 53.8

Table 12: Effect of dataset sizes on the VQA2.0 perfor-
mance.

yes/no-answer questions but are behind on nouns,
color, and number, which we attribute to their lower
degree image-text relevance, less mentioning of col-
ors (due to the style of alt-texts vs. captions), and
digit substitution.

Table 12 shows the effect of scale on the VQA2.0
performance. We randomly sampled 10%, 20%,
and 50% of VQ2A COCO or VQ2A CC3M training
data. We observe that the bigger the data, the higher
the accuracy. However, the gain is diminishing. We
identify improving the data generation process to
achieve higher degree of diversity in the output as
interesting future work.

Table 13 provides question-only baselines (no
image features as input). Interestingly, the mod-
els trained on our generated VQ2A data has simi-
lar answer distributions to those of existing VQA
benchmarks. At the same time, this reveals the
exploitation of the language bias, suggesting that
additional research on bias mitigation is needed,
both in terms of model and data (existing bench-
marks and our datasets).

D Further Considerations

Information that names or uniquely identifies
individual people or offensive content. COCO
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Evaluation Benchmark
Approach VQA2.0 GQA OKVQA

Zero-shot
questions VQ2A COCO 48.9 44.4 11.4
questions VQ2A CC3M 47.8 44.6 11.9
VQ2A COCO 60.0 51.3 18.0
VQ2A CC3M 56.5 49.9 19.1

Table 13: Zero-shot question-only baselines using
VQ2A as training data.

Captions are human-curated and cleaned while the
approach to collection of CC3M upholds rigorous
privacy and ethics standards such as the removal of
offensive content and hypernymization. This signif-
icantly mitigates the risks that our VQ2A datasets
would contain such information.

Intended uses. Due to considerations and limita-
tions as we mention in Section 6, COCO Captions,
CC3M, and our induced VQ2A are intended to be
used for research-only purposes.
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Abstract
In this paper, we formulate system combina-
tion for grammatical error correction (GEC) as
a simple machine learning task: binary clas-
sification. We demonstrate that with the right
problem formulation, a simple logistic regres-
sion algorithm can be highly effective for com-
bining GEC models. Our method successfully
increases the F0.5 score from the highest base
GEC system by 4.2 points on the CoNLL-2014
test set and 7.2 points on the BEA-2019 test
set. Furthermore, our method outperforms the
state of the art by 4.0 points on the BEA-2019
test set, 1.2 points on the CoNLL-2014 test set
with original annotation, and 3.4 points on the
CoNLL-2014 test set with alternative annota-
tion. We also show that our system combina-
tion generates better corrections with higher
F0.5 scores than the conventional ensemble.1

1 Introduction

Grammatical error correction (GEC) is the task of
detecting and correcting grammatical errors present
in a text (Ng et al., 2013). Grammatical error cor-
rection has achieved remarkable progress since the
late 2000s, and has flourished more along with the
development of sequence-to-sequence architecture.
Grammatical error correction shared tasks such as
CoNLL-2013 (Ng et al., 2013), CoNLL-2014 (Ng
et al., 2014), and BEA-2019 (Bryant et al., 2019)
also contribute to popularizing the task.

With the success of Transformer (Vaswani et al.,
2017) architecture in sequence-to-sequence tasks,
most recent state-of-the-art grammatical error cor-
rection systems use Transformer-based architecture.
Even though they all use a Transformer-based archi-
tecture, there are still some variations to the models,
especially in the task formulation and pre-training
data.

Generally, we can divide the recent state-of-
the-art systems into a sequence tagging approach

1Source code of this paper is publicly available at https:
//github.com/nusnlp/esc.

(Awasthi et al., 2019; Omelianchuk et al., 2020)
that usually uses a large pre-trained masked lan-
guage model, and a sequence-to-sequence ap-
proach (Rothe et al., 2021; Stahlberg and Kumar,
2021; Kaneko et al., 2020) that usually pre-trains a
Transformer architecture with synthetic data. The
differences in the synthetic data generation meth-
ods and seed corpora used also contribute to more
diverse GEC systems.

Figure 1: The F0.5 scores of the base GEC systems that
we use in our experiments on selected error types in the
BEA-2019 development set.

With these differences, each model has its own
strengths and weaknesses (Figure 1). Susanto et al.
(2014) has demonstrated that the differences in the
strengths of the GEC models can be utilized to gen-
erate better grammatical error corrections by com-
bining them through a system combination method.
In this paper, we present our simple yet effective
system combination method for grammatical error
correction that outperforms all prior state-of-the-
art systems on both CoNLL-2014 and BEA-2019
shared tasks.

The contributions of this paper are as follows:

• We propose a novel method for combining
grammatical error correction systems, by for-
mulating the task as binary classification that
predicts each edit independently. To the best
of our knowledge, this is the first time that
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system combination for grammatical error cor-
rection is formulated this way.

• Our proposed method only relies on the out-
puts of the base systems, making our method
compatible with any base GEC systems.

• We demonstrate that the combined GEC sys-
tem using our method outperforms all state-
of-the-art systems on both CoNLL-2014 and
BEA-2019 shared tasks.

• We demonstrate that our system combination
method outperforms other prior system com-
bination methods, and it is also a better alter-
native than the conventional ensemble.

2 Related Work

In this section, we discuss some prior work on GEC
system combination. One approach (MEMT) only
uses the output sentences without relying on any
edit type, while the other two approaches (IBM,
GEC-IP) only use the edit type and which hypothe-
ses (output sentences of component systems) pro-
pose an edit type while not using the output sen-
tences at all. In this section, we also discuss another
system combination method (DDC) that introduces
diversity to the base systems, which is complemen-
tary to our system combination method.

2.1 MEMT
MEMT is a system combination method that is orig-
inally designed to combine machine translation hy-
potheses from multiple base systems. Susanto et al.
(2014) have demonstrated that the method works
well for GEC system combination also. MEMT
combines the hypotheses by first aligning them and
generates all possible paths of the candidate tokens
from the hypotheses. MEMT has some constraints
in searching the possible candidate tokens, such as
no repetition, weak monotonicity, and complete-
ness. MEMT then learns to score the candidate
tokens based on the n-gram language model score,
n-gram similarity to the hypotheses, and the num-
ber of tokens in the candidate.

2.2 IBM
The IBM system combination method (Kantor
et al., 2019) works by separating the edits from
two hypotheses into three groups: edits that appear
exclusively in the first hypothesis, edits that appear
in both hypotheses, and edits that appear exclu-
sively in the second hypothesis. This grouping is

done for each edit type. Then, the model learns the
decision of which group to include for each edit
type. The IBM method can only combine two sys-
tems at a time. Hence, combining more than two
systems requires applying this method iteratively.

2.3 GEC-IP

GEC-IP (Lin and Ng, 2021) is similar to the IBM
method, but is simpler and directly optimizes the
parameters using non-linear integer programming,
instead of optimizing real-valued parameters and
rounding them later as used in the IBM method.
Another key difference between GEC-IP and IBM
is that GEC-IP can combine many base systems
at once, instead of combining only two systems at
a time. In GEC-IP, for each edit type, the system
chooses the edits from only one base system to be
applied as the final correction, and ignores the edits
from the other base systems.

2.4 DDC

Diversity-driven combination (DDC) (Han and Ng,
2021) is a method that aims to increase the diversity
among the base systems in a system combination
scenario, so as to improve the performance of the
combined system. Macherey and Och (2007) show
that the base systems should be diverse (almost
uncorrelated) and have similar quality to be useful
for system combination. DDC is not entirely a
black-box method as it requires a base system to
act as the backbone system to be fine-tuned. DDC
uses reinforcement learning to induce diversity to
the base systems, then uses an off-the-shelf system
combination method to combine the base systems.
As DDC is orthogonal to this research and is not a
black-box system combination method, this paper
does not compare to DDC.

3 Method

In this section, we describe how we formulate the
task and present our method, which gathers all
possible edits from the hypotheses (i.e., output sen-
tences of individual base systems) and for each edit,
predicts whether it should be kept or discarded to
generate the final output sentence of the combined
system. Our method is named ESC (Edit-based
System Combination).

3.1 Task Formulation

We formulate GEC system combination as a binary
classification task. We regard the base GEC models
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as black boxes and combine the models based on
their proposed edits. From the hypotheses gener-
ated by the base GEC models, we extract the edits
in the form of (start index, end index, correction
string) tuples. In addition, each edit also has an
edit type that is acquired from an automatic error
annotation tool, and the edit type is used as part
of the features of an edit. We follow the edit type
convention of Bryant et al. (2017). Each edit can
be one of three operations: insertion (prefixed with
‘M:’ for ‘missing’), deletion (prefixed with ‘U:’ for
‘unnecessary’), and substitution (prefixed with ‘R:’
for ‘replacement’). An example of extracted edits
and edit types is shown in Table 1.

We take the union of edits from all hypotheses
and gather them into a unified set E. Our method
evaluates each edit independently, without the in-
formation of surrounding edits or context words.
Similar to (Kantor et al., 2019) and (Lin and Ng,
2021), our method also entirely relies on the edit
type and does not use the textual information of
the edit. We use a generalized linear model to pre-
dict whether each edit from E should be kept or
discarded to create the output sentence of the com-
bined system, according to the features of the edit
to be defined in the next subsection.

3.2 Features
Suppose there are k hypotheses from k base (com-
ponent) systems to be combined. Each edit e in
E is represented by a feature vector x, which is
formed by concatenating the feature vectors xi,
i = 1 . . . k:

x = [x1;x2; . . . ;xk]

xi is the one-hot representation of the edit type
of e in hypothesis i (e.g., M:ADJ -> [1, 0, 0, ..],
M:ADV -> [0, 1, 0, . . . ]) if the edit type exists in
hypothesis i, and a zero vector if it does not. This
way, the model learns to determine whether or not
to keep an edit purely based on the edit type and
which hypotheses propose this edit. The supplied
information to the model is the same as the IBM
method (Kantor et al., 2019) and GEC-IP method
(Lin and Ng, 2021), but the task formulation and
optimization method differ. For set of edit types T ,
xi ∈ R|T | and x ∈ Rk|T |. In our work, |T |= 54.

3.3 Model
We use logistic regression as the classification
model. Using logistic regression as the classi-
fier makes the model trainable with only a modest

amount of training data and makes the results in-
terpretable. Moreover, we found that it works very
well in combining different kinds of base GEC sys-
tems. For each edit, we obtain the probability of
the edit being a correct edit to be used to generate
the output sentence as follows:

p = σ(w × x+ b) (1)

where σ is the sigmoid function.

3.4 Post-processing

Since we combine the edits from multiple hypothe-
ses, we may have overlapping edits, either due to
multiple insertions at the same location or overlap-
ping substitutions.

• Multiple insertions Multiple conflicting in-
sertion edits at the same location are not to be
applied together when proposed by different
base GEC systems. If there are multiple inser-
tion edits at the same position (e.g., (3, 3, on)
and (3, 3, in)), we consider this as a multiple
insertion conflict.

• Overlapping substitutions If an edit’s start
or end index is in between another edits’ start
and end indices (e.g., (2, 4, eaten) and (2,
3, ate)), we consider this as an overlapping
substitution conflict.

We use a greedy strategy to select the edits after
we obtain the probabilities from the model. First,
we only consider edits that have probabilities above
a certain threshold. Then, we sort the edits based
on their probabilities from the highest to the lowest
and check the edits one-by-one to only select the
edits that do not have any conflict with previously
selected edits.

4 Experiments

4.1 Implementation

We extract the edits from the base GEC models’
output using ERRANT (Bryant et al., 2017) and im-
plement our model using the Linear module of Py-
Torch (Paszke et al., 2019). We optimize the model
using stochastic gradient descent (SGD) with bi-
nary cross entropy, and use the threshold of 0.5 to
select the edits. Our model’s hyper-parameters are
given in Table 2.
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Source In this case , the families played important roles in daily lives .
Correction In this case , family members play important roles in our daily lives .
Edits (4, 5, ‘’), (5, 6, family members), (6, 7, play), (10, 10, our)
Edit types U:DET, R:NOUN, R:VERB:TENSE, M:DET

Table 1: Extracted edits from a sample pair of source and corrected sentences.

Hyper-parameter value
Dimension 54k
Optimizer Stochastic Gradient

Descent
Momentum 0
Dampening 0
Weight decay 0
Criterion Binary Cross En-

tropy
Criterion reduction Mean
Learning rate 0.1
Batch size 16
Shuffle train True

Table 2: Hyper-parameters for all experiments.

4.2 Dataset

Following Kantor et al. (2019) and Lin and Ng
(2021), we train the model on the base systems’ out-
puts on BEA-2019 shared task development data
(Bryant et al., 2019). All base systems that we
combine in our experiments are publicly available.
Except for T5-large, the outputs of the models can
be downloaded directly. For T5-large, their results
can be readily reproduced following the instruc-
tions in the T5 repository, fine-tuning2 it with the
dataset that is published by (Rothe et al., 2021).
The URLs of these base systems are listed in the
Appendix.

Our method only requires one hyper-parameter
that needs to be set in each experimental setting,
which is the number of epochs to train the model.
Its value is determined by first training our model
on 80% of the BEA-2019 development data. The
epoch number that results in the highest F0.5 score
on the remaining 20% of the BEA-2019 develop-
ment data is chosen. We then train on the complete
BEA-2019 development data for the same number
of epochs to obtain the final model.

2With hyper-parameters from https://github.com/
google-research-datasets/clang8/issues/3

4.3 Evaluation

We evaluate our model on CoNLL-2014 (Ng et al.,
2014) and BEA-2019 test data. We use the Max-
Match (M2) scorer (Dahlmeier and Ng, 2012) to ob-
tain the CoNLL-2014 results and ERRANT scorer
(Bryant et al., 2017) to obtain the BEA-2019 re-
sults. To reduce randomness in our experiments,
we report the average and standard deviation of
5 runs. For MEMT and ESC, we set a different
random seed in each run. For IBM, we randomize
the way of combining the base systems. Since the
IBM method combines two systems in each step,
the order of combining the base systems affects the
combination results. For GEC-IP, its optimization
is deterministic. There is only slight variation due
to conflict resolution if there are overlapping edits,
but it does not happen in our experiments. Thus,
our repeated experiments of GEC-IP have the ex-
act same output in both the BEA-2019 and the
CoNLL-2014 experiments. We measure the statis-
tical significance of our experiments with bootstrap
resampling on 100 samples.

5 Results

We combine up to six strong GEC base sys-
tems, namely T5-Large (Rothe et al., 2021),
GECToR XLNet (Omelianchuk et al., 2020),
GECToR Roberta (Omelianchuk et al., 2020),
Riken&Tohoku (Kiyono et al., 2019), UEDIN-MS
(Grundkiewicz et al., 2019), and Kakao&Brain
(Choe et al., 2019). For the CoNLL-2014 combina-
tion, we do not include the Kakao&Brain system as
a base system since its CoNLL-2014 score (61.15)
is significantly lower than the other systems (≥
64.00). For the BEA-2019 combination, our main
results combine all 6 aforementioned base GEC
systems.

We compare the scores of our model (ESC) with
other system combination methods that have been
shown to work well on the grammatical error cor-
rection task, such as MEMT (Heafield and Lavie,
2010), IBM (Kantor et al., 2019), and GEC-IP (Lin
and Ng, 2021). With almost no hyper-parameter
tuning, our model works very well and outperforms
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BEA-2019 Dev CoNLL-2014 CoNLL-2014
Model P R F0.5 P R F0.5 F0.5 (x̄± σ)
1. T5-Large 60.38 44.04 56.21 69.66 51.50 65.07
2. GECToR XLNet 66.00 34.14 55.62 77.49 40.15 65.34
3. GECToR Roberta 62.37 35.52 54.18 73.91 41.66 64.00
4. Riken&Tohoku 62.89 34.39 53.95 73.26 44.17 64.74
5. UEDIN-MS 59.07 37.57 53.00 75.15 41.21 64.52
MEMT 65.43 42.69 59.13 76.44 48.06 68.37 68.14± 0.2
IBM 70.70 41.15 61.82 69.83 44.95 62.87 62.51± 0.45
GEC-IP 68.87 39.91 60.04 74.97 42.93 65.23 65.23± 0
ESC (ours) 72.86 40.37 62.76 81.48 43.78 69.51 69.47± 0.14

Table 3: CoNLL-2014 combination results. The first group of rows shows the base GEC systems and the second
group of rows shows the combination results of the above base systems using different GEC system combination
methods. The rightmost column shows the mean and standard deviation of the CoNLL-2014 test set F0.5 scores from
5 experiments. The rest come from a single experiment that has the highest F0.5 score on the BEA-2019 dev set.

CoNLL-2014
F0.5

Model original alt
(Rothe et al., 2021) - 68.87
(Stahlberg and Kumar, 2021) 68.3 -
(Omelianchuk et al., 2020) 66.5 -
(Kaneko et al., 2020) 65.23 -
ESC (ours) 69.51 72.28

Table 4: Comparison of our CoNLL-2014 test scores
with state-of-the-art systems.

all the other system combination methods.
Our ESC method increases the F0.5 score by

4.17 points from the highest base GEC system on
CoNLL-2014 (Table 3) and 7.24 points on BEA-
2019 (Table 6). The high performance on both
CoNLL-2014 and BEA-2019 shows that our model
does not overfit to the dataset even though the
model is trained with BEA-2019 development set.
We confirm that the F0.5 scores on both CoNLL-
2014 and BEA-2019 are significantly higher than
the F0.5 score of each of the other combination
methods (p < 0.001).

In addition, our BEA-2019 F0.5 score outper-
forms the state of the art by 4.0 points (Table 5),
and our CoNLL-2014 F0.5 score outperforms the
state of the art by 1.21 points on the original anno-
tation and 3.41 points on the alternative annotation
(Table 4). For the CoNLL-2014 score comparison,
we report both the F0.5 scores on the original an-
notation and the alternative annotation (alt) that
includes moderated participants’ alternative anno-
tations. This is because one of the current top

BEA-2019
Model P R F0.5
(Rothe et al., 2021) - - 75.9
(Stahlberg and Kumar, 2021) 77.7 65.4 74.9
(Omelianchuk et al., 2020) 79.4 57.2 73.7
ESC (ours) 86.6 60.9 79.9

Table 5: Comparison of our BEA-2019 test scores with
state-of-the-art systems.

systems for CoNLL-2014 reported its score on the
alternative annotation3. From the experiments on
CoNLL-2014 (Table 3) and BEA-2019 (Table 6),
we can see that the strength of ESC lies in its high
precision compared to other system combination
methods.

6 Analysis

In this section, we analyze the capability of our
ESC method in comparison with other GEC sys-
tem combination methods. Our method, which is
a simple logistic regression, chooses whether to
include an edit based on its appearance and the edit
type in each component system. With edit type
set T and k hypotheses, the model is a function
of k|T |+1 weight parameters: w ∈ Rk|T | and the
bias parameter b. If we assume the edit type for the
same edit span and correction between the hypothe-
ses to always be the same, we can decompose the
model into |T | independent functions that accept
k inputs, one function for each edit type t ∈ T , as

3https://github.com/
google-research-datasets/clang8/issues/
3#issuecomment-991151706
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BEA-2019 Dev BEA-2019 Test BEA-2019 Test
Model P R F0.5 P R F0.5 F0.5 (x̄± σ)
1. T5-Large 60.38 44.04 56.21 74.30 66.75 72.66
2. GECToR XLNet 66.00 34.14 55.62 79.20 53.90 72.40
3. GECToR Roberta 62.37 35.52 54.18 77.20 55.10 71.50
4. Riken&Tohoku 62.89 34.39 53.95 74.7 56.7 70.2
5. UEDIN-MS 59.07 37.57 53.00 72.28 60.12 69.47
6. Kakao&Brain 62.73 33.23 53.27 75.19 51.91 69.00
MEMT 68.41 41.88 60.72 82.20 63.00 77.48 76.66± 0.82
IBM 72.45 39.62 62.15 83.38 58.43 76.82 76.24± 0.38
GEC-IP 70.10 38.96 60.44 80.78 57.51 74.73 74.73± 0
ESC (ours) 73.63 40.12 63.09 86.65 60.91 79.90 79.86± 0.07

Table 6: BEA-2019 combination results. The first group of rows shows the base GEC systems and the second
group of rows shows the combination results. The rightmost column shows the mean and standard deviation of the
BEA-2019 test set F0.5 scores from 5 experiments. The rest come from a single experiment that has the highest F0.5
score on BEA-2019 dev set.

follows:
ft(x1, x2, . . . , xk)

=

{
1 ifx1we1 + x2w

e
2 + . . .+ xkw

e
k + b > 0

0 otherwise
(2)

where xj denotes whether the edit appears in hy-
pothesis j. The edit is selected only if ft results
in 1. In this analysis, we also assume that there
are no conflicting edits and we use the probability
threshold of 0.5. We use this function formulation
throughout our analysis.

6.1 Comparison with MEMT
Compared to ESC, IBM, and GEC-IP, MEMT has
a significantly different approach to combine the
hypotheses. MEMT does not utilize edit types at
all. Instead of learning the weight for each edit type
from each component system, MEMT learns the
weight of n-gram matching to the output of each
component system. Moreover, MEMT also scores
the candidate sentence with an n-gram language
model, so candidate selection is affected by the
domain of the language model’s training data and
the language model’s limited context.

In Table 7, MEMT chooses to keep the edit of
changing the word “practise” to the word “do”.
Since there is only one hypothesis proposing this
edit, the n-gram match of this edit will have a lower
score than not keeping the edit. Thus, MEMT
keeps this edit due to the higher language model
score. It is likely that the phrase “they can do it”
appears more often in the language model training
data than “they can practise it”.

Source However , the adults they can practise
it as well and they will get the same .

S1 However , the adults they can do it as
well and they will get the same .

S2 However , the adults they can practise
it as well and they will get the same .

S3 However , the adults they can practise
it as well and they will get the same .

MEMT However , the adults they can do it as
well and they will get the same .

ESC However , the adults they can practise
it as well and they will get the same .

Reference However , the adults they can practise
it as well and they will get the same .

Table 7: An example of MEMT’s weakness.

6.2 Comparison with IBM

Proposition 1. In the combination of 4 or more
base systems, ESC has more expressive power than
any of IBM’s combination settings.

The IBM method separates the edits from 2 hy-
potheses (e.g., S1 and S2) into three groups: edits
that appear exclusively in S1 (S1 ∩ ¬S2), edits
that appear in S1 and S2 (S1 ∩ S2), and edits that
appear exclusively in S2 (¬S1 ∩ S2). In the com-
bination of more than 2 hypotheses, we apply the
IBM method iteratively in some order.

In each iteration, for each edit type t ∈ T , we
can formalize the IBM method as the following
logic function:
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n IBM’s upper-
bound

ESC’s lower-
bound

2 8 7
3 64 52
4 512 941
5 4096 47286
6 32768 7514067
7 262144 4.189035e+9
8 2097152 8.7807698e+12
9 1.1677722e+7 7.2065266e+16

Table 8: IBM’s upper bound of expressive power and
ESC’s lower bound of expressive power, both in terms
of possible logic function expressions. n denotes the
number of base systems.

gt(xi, xj) = (s1 ∩ (xi ∩ ¬xj)) ∪ (s2 ∩ (xi ∩ xj))
∪ (s3 ∩ (¬xi ∩ xj))

(3)

where xi denotes whether the edit appears in hy-
pothesis i, and s1, s2, and s3 denote parameters to
select/ignore the edit group.

Note that gt(xi, xj) is a commutative function,
i.e., gt(xi, xj) = gt(xj , xi). We can just swap the
values of s1 and s3 from the above equation. Thus,
the number of expressions that g can express is not
more than all possible combinations of s1, s2, and
s3 values, which is 23 = 8.

In combining k systems, the maximum number
of iterations is k − 1 steps. Thus, the number of
logic functions the IBM method can express with k
base systems, no matter in which order the compo-
nent models are combined (combination setting)4,
is at most 8k−1. On the other hand, ESC can ex-
press all linearly separable Boolean functions with
k variables. Since we do not consider edits that
do not exist in any of the hypotheses, the num-
ber of unique functions that ESC can express is at
least half of the possible linearly separable Boolean
functions. We show the rationale behind this in the
Appendix.

Currently, the number of linearly separable
Boolean functions is known only up to 9 variables
(Gruzling, 2007). However, in comparison with
IBM’s expressivity (Table 8), we know that ESC
has more expressive power until at least the combi-
nation of 19 base systems, since 818 < 7.2× 1016.

4Different iteration trees may result in different sets of
learned functions, and the user needs to choose one.

BEA-2019
No. of base systems P R F0.5
T5-Large + G. XLNet 80.20 61.11 75.48

+ GECToR Roberta 84.69 59.02 77.91
+ Riken&Tohoku 86.15 59.41 79.04
+ UEDIN-MS 86.16 61.06 79.62
+ Kakao&Brain 86.65 60.91 79.90

Table 9: The performance of GEC system combination
with different number of base systems on the BEA-2019
test set.

6.3 Comparison with GEC-IP
Proposition 2. ESC is a generalized form of GEC-
IP.

GEC-IP works by selecting one hypothesis for
each edit type. We can model GEC-IP’s final
decision with ESC Equation 2 by setting one of
the weights to one, and the others to zero, i.e.,
ws̄ = 1, wj ̸=s̄ = 0 ∀j ∈ {1, . . . , k}, where s̄ de-
notes the optimal hypothesis from GEC-IP training,
for each edit type. Thus, this shows that GEC-IP is
a special case of ESC.

7 Discussions

7.1 Effect of the Number of Base Systems
In this section, we discuss the effect of using dif-
ferent number of GEC base systems in our combi-
nation. We conduct an experiment of GEC system
combination with increasing number of base sys-
tems from 2 to 6 (Table 9). In this experiment, we
always pick the best-performing base systems first,
i.e., we combine T5-Large with GECToR XLNet
in the 2-system combination, then add GECToR
Roberta in the 3-system combination, and so on.

We find that even with combining only three
systems, our method already outperforms the state
of the art (75.9). We also find that adding more
base systems, even though an additional system is
weaker than the already combined base systems, is
still beneficial to improve the F0.5 score. We find
that adding more base systems allows the model to
have more information in picking the correct edits,
hence improving the precision.

7.2 Ensemble Alternative
We run system combination experiments with base
systems that are very similar to each other to evalu-
ate whether our system combination can be an alter-
native to the conventional ensemble. We run this ex-
periment on two sets of models, a set of sequence-
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BEA-2019
Model P R F0.5
(1) Transformer-big 1 68.25 58.73 66.11
(2) Transformer-big 2 68.49 59.51 66.48
(3) Transformer-big 3 68.45 60.02 66.58
(4) Transformer-big 4 68.38 60.02 66.53
1+2+3+4 Ensemble 69.88 59.71 67.57
1+2+3+4 ESC 75.86 52.63 69.70

Table 10: Comparison of ESC with conventional en-
semble on sequence-to-sequence models.

BEA-2019
Model P R F0.5
(1) GECToR XLNet 79.20 53.90 72.40
(2) GECToR Roberta 77.20 55.10 71.50
(3) GECToR BERT 71.50 55.70 67.60
1+2 Ensemble 79.40 57.20 73.70
1+2 ESC 83.94 50.44 74.10
1+2+3 Ensemble 78.90 58.20 73.60
1+2+3 ESC 84.67 51.50 75.01

Table 11: Comparison of ESC with conventional en-
semble on sequence tagging models.

to-sequence models and a set of sequence-tagging
models. By conventional ensemble, we mean the
method of averaging the output probabilities from
multiple models during the prediction step, i.e.,
when predicting the tag for each token in sequence
tagging models and when predicting the next to-
ken during beam search in sequence-to-sequence
models.

The sequence-to-sequence experiment combines
4 transformer-big models we train ourselves. The
four models only differ in the random seeds, pre-
training data, and batch sizes during fine-tuning. 2
of them are pre-trained with 50M sentences of syn-
thetic data, and the other 2 are pre-trained with
100M sentences of synthetic data before being
fine-tuned with BEA-2019 training data. For the
sequence tagging experiment, we use GECToR’s
(Omelianchuk et al., 2020) models5, which differ in
the pre-trained masked language model, and then
fine-tune with GEC parallel data.

We find that even though the base systems are
relatively similar, our system combination can still
improve the F0.5 score by at least 1.7 points. Fur-
thermore, our model yields higher F0.5 scores than
the conventional ensemble (Tables 10 and 11). This

5https://github.com/grammarly/gector/
tree/fea1532608

suggests that using ESC instead of the conventional
ensemble is better when combining multiple mod-
els.

8 Conclusion and Future Work

In this work, we present a novel GEC system com-
bination method using logistic regression by formu-
lating the task as binary classification. Our method
increases the F0.5 score by 4.17 points from the
highest base GEC system on CoNLL-2014 and
7.24 points on BEA-2019. This shows that our
method does not overfit to the dataset even though
it is trained on the BEA-2019 development data.
In addition, our combined system outperforms the
best published GEC system by 4.0 points on the
BEA-2019 test set, 1.21 points on the CoNLL-2014
test set with original annotation, and 3.41 points on
the CoNLL-2014 test set with alternative annota-
tion.

We also compare our system combination
method to the other GEC system combination meth-
ods, including MEMT (Heafield and Lavie, 2010),
IBM (Kantor et al., 2019), and GEC-IP (Lin and
Ng, 2021), and show that our method has better
expressive power compared to IBM and GEC-IP.
We also show that our method produces a higher
F0.5 score than the conventional ensemble.

This work highlights the importance of edit type
information in system combination for grammatical
error correction. In recent GEC research, most sys-
tems just employ end-to-end learning without mak-
ing use of any syntactic knowledge. We show that
syntactic information, such as edit type, can also
be useful to improve neural grammatical error cor-
rection models. Even though we only evaluate this
method on English GEC, we believe our method
can also be applied to other languages when a sim-
ilar error type annotation toolkit is available.
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The URLs of these base systems are given in Table
12.

B Computing Budget
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GPU in our experiments, our method takes less
than 2 minutes to train on a CPU.
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Model name URLs
1. T5-Large T5: https://github.com/google-research/

text-to-text-transfer-transformer
Fine-tuning dataset (cLang-8):
https://github.com/google-research-datasets/clang8

2. GECToR XLNet https://github.com/grammarly/gector/tree/fea1532608
3. GECToR Roberta https://github.com/grammarly/gector/tree/fea1532608
4. Riken&Tohoku https://github.com/butsugiri/gec-pseudodata
5. UEDIN-MS https://github.com/grammatical/pretraining-bea2019/
6. Kakao&Brain https://github.com/kakaobrain/helo_word/

Table 12: Base system sources.

BEA-2019 Dev CoNLL-2014 Test
# P R F0.5 P R F0.5
1 72.16 40.96 62.62 80.75 44.56 69.47
2 71.62 41.38 62.49 80.36 44.76 69.33
3 73.25 39.46 62.54 81.83 43.11 69.37
4 72.58 40.37 62.59 81.52 44.11 69.69
5 72.86 40.37 62.76 81.48 43.78 69.51

Table 13: CoNLL-2014 combination results with 5 runs.
The results are from experiments with random seeds 0,
17, 171, 999, and 8888 respectively.

BEA-2019 Dev BEA-2019 Test
# P R F0.5 P R F0.5
1 74.04 38.88 62.70 87.36 59.32 79.82
2 73.36 40.26 63.00 86.41 60.98 79.76
3 74.02 39.28 62.89 87.37 59.69 79.95
4 73.63 40.12 63.09 86.65 60.91 79.90
5 73.69 40.02 63.08 86.68 60.78 79.87

Table 14: BEA-2019 combination results with 5 runs.
The results are from experiments with random seeds 0,
17, 171, 999, and 8888 respectively.

C Complete Experimental Results

The complete 5-run experiments can be seen in
Table 13 for our CoNLL-2014 results and Table 14
for our BEA-2019 results. The experiment with
the highest BEA-2019 dev set F0.5 score for the
CoNLL-2014 experiments is from the one with
random seed 8888, and the experiment with the
highest BEA-2019 dev set F0.5 score for the BEA-
2019 experiments is from the one with random seed
999.

D Expressive Power of ESC

D.1 Definition

Suppose fθ(x1, . . . , xn) is a combination function
which takes x1, . . . , xn as input and returns a bi-
nary value using the parameter value θ ∈ Ω where
Ω is the parameter space. Let EP(f) be the expres-
sive power of f , which is defined as the number of
unique functions of f , obtained from all possible
parameter values, formally given as follows:

EP(f) = |{fθ|θ ∈ Ω} |

D.2 Calculating the Number of Possible
Functions6

With n Boolean variables, there are 2n possible
combinations of the variable values. For example,
for n = 2, there are 22 possible values:

• a = 0, b = 0

• a = 0, b = 1

• a = 1, b = 0

• a = 1, b = 1

From these 4 possible values, we can generate 24

functions, based on the combination of the returned
values for each input combination. The possible
functions are shown in Table 15. If we set the
output of a = 1, b = 1 to a fixed value such as
in Table 16, the number of semantically different
functions is reduced by half, as F0 becomes the
same function as F1, F2 becomes the same function
as F3, and so on. This reduces the expressive power
of the function to half from 16 to 8.

6This explanation is inspired from
https://math.stackexchange.com/a/698086
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a b F0 F1 F2 F3 F4 F5 F6 F7 F8 F9 F10 F11 F12 F13 F14 F15
0 0 0 0 0 0 0 0 0 0 1 1 1 1 1 1 1 1
0 1 0 0 0 0 1 1 1 1 0 0 0 0 1 1 1 1
1 0 0 0 1 1 0 0 1 1 0 0 1 1 0 0 1 1
1 1 0 1 0 1 0 1 0 1 0 1 0 1 0 1 0 1

Table 15: Possible input & output mappings of logic functions with two Boolean variables.

a b F0 F1 F2 F3 F4 F5 F6 F7 F8 F9 F10 F11 F12 F13 F14 F15
0 0 0 0 0 0 0 0 0 0 1 1 1 1 1 1 1 1
0 1 0 0 0 0 1 1 1 1 0 0 0 0 1 1 1 1
1 0 0 0 1 1 0 0 1 1 0 0 1 1 0 0 1 1
1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

Table 16: Possible logic functions with two Boolean variables, with the output of a = 1, b = 1 fixed to 0.

n all Linearly separa-
ble

ESC’s lower-
bound

2 22
2

14 7
3 22

3
104 52

4 22
4

1882 941
5 22

5
94572 47286

6 22
6

15028134 7514067
7 22

7
8.3780708e+9 4.189035e+9

8 22
8

1.7561539e+13 8.7807698e+12
9 22

9
1.4413053e+17 7.2065266e+16

Table 17: The number of possible Boolean functions.
n denotes the number of parameters, which is the same
as the number of hypotheses.

ESC is a generalized linear function, so it can
only express linearly separable functions. Further-
more, we do not consider any edits that do not
appear in any of the hypotheses, making the output
of the function with the input of (x1 = 0, x2 =
0, . . . , xk = 0) always resulting in 0. Thus, the
number of semantically different logic functions
that can be expressed is at least half of linearly sep-
arable Boolean functions. With the list of number
of linearly separable Boolean functions from (Gru-
zling, 2007), we can get the lower bound of ESC’s
expressive power in Table 17.
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Abstract

Many NLP tasks require processing long con-
texts beyond the length limit of existing pre-
trained models. To scale these models to
longer text sequences, many efficient long-
range attention variants have been recently pro-
posed. Despite the abundance of research in
this direction, it is difficult to gauge the rel-
ative effectiveness of these models in practi-
cal use cases, e.g., if we apply these models
following the pretrain-and-finetune paradigm.
In this work, we aim to conduct a thorough
analysis of these emerging models with large-
scale and controlled experiments. For each at-
tention variant, we pretrain large-size models
using the same long-doc corpus and then fine-
tune these models for real-world long-context
tasks. Our findings reveal pitfalls of a widely-
used long-range benchmark and show that the
other efficient attentions fail to outperform
the simple local-window attention after stan-
dard pretraining. Further analysis of local-
attention variants suggests that even the com-
monly used attention-window overlap is not
necessary to achieve good downstream results
— using disjoint local attentions, we are able
to build a simpler and more efficient long-doc
QA model that matches the performance of
Longformer (Beltagy et al., 2020) with half of
its pretraining compute.1

1 Introduction

The quadratic complexity of Transformer archi-
tectures makes it prohibitive to apply large state-
of-the-art pretrained models to full-length docu-
ments. To efficiently handle longer text while
still maintaining the capacity of attention-based
models, a long list of efficient attention variants
have been proposed and many claim to effec-
tively capture long-range dependencies. Typical
paradigms of these architecture innovations involve

1The code to replicate our experiments can be
found at https://github.com/pytorch/fairseq/
tree/main/examples/xformers

learnable sparse attention patterns (Kitaev et al.,
2020; Tay et al., 2020; Roy et al., 2021), fixed lo-
cal patterns (Beltagy et al., 2020; Ainslie et al.,
2020; Zaheer et al., 2020) and attention matrix
approximation methods (Wang et al., 2020; Choro-
manski et al., 2021; Xiong et al., 2021). While
most of these studies have reported numbers on
long sequence inputs, they tend to adopt quite dif-
ferent benchmarks. For instance, Reformer (Ki-
taev et al., 2020) is tested on the 64k-chunk en-
wik8 dataset for unidirectional language model-
ing; Performer (Choromanski et al., 2021) reports
masked language modeling (MLM) perplexity on
the PG-19 book corpus and protein sequences; Lin-
former (Wang et al., 2020) reports MLP perplex-
ity with various input length, while most of the
documents in their pretrain corpus are short doc-
uments.2 The divergence of evaluation protocols
makes it hard to compare the relative performance
of each attention variant and it is also unknown
how they perform well in more practical use cases,
which typically involve large-scale pretraining and
downstream finetuning.

Other lines of work such as Longformer (Belt-
agy et al., 2020) and ETC (Ainslie et al., 2020)
conduct experiments on real-world long-context
tasks such as long document QA and summariza-
tion. These methods only test fixed local atten-
tion patterns, i.e., each token can only attend to a
small set of nearby tokens. To reduce the pretrain-
ing cost, these models are all initialized from the
RoBERTa (Liu et al., 2019) checkpoint3 before fur-
ther long-doc pretraining. While this paradigm is
useful to achieve strong downstream performance,
it is not ideal for a fair comparison of all available
attention mechanisms, since some of the models
use different parametrization that is incompatible

2Short documents are concatenated to form long se-
quences.

3By extending the position embeddings and reusing all
other parameters.
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with the vanilla transformer attention.
A recently proposed benchmark (Tay et al.,

2021), named long-range arena (LRA), aims to
address the lack of unified evaluation with a bun-
dle of long-sequence tasks. However, the text-
related tasks in this benchmark are either automat-
ically generated or artificially lengthened by en-
forcing byte-level inputs, making them rather syn-
thetic. With a fixed byte-level vocabulary and pre-
specified model size, all models are trained from
scratch with the same epoch limit on each dataset.
While the evaluation protocol is consistent across
architectures, this setup still deviates from the com-
mon paradigm of applying Transformer models,
i.e., standard tokenization like BPE or wordpiece,
large-scale pretraining followed and task-specific
finetuning (Devlin et al., 2019). Thus, an impor-
tant question yet to be addressed is whether the
results on these artificial datasets are indicative of
real-world long-context tasks.

In this work, our goal is to better under-
stand the effectiveness of various attention mech-
anisms through a systematic study on practical
long-context tasks. Instead of only relying on
language modeling or synthetic tasks, we test
each model under the standard pretraining-and-
finetuning paradigm. For a fair comparison, we
implement these attentions under a unified frame-
work and test them using the same Transformer
architecture4 used by RoBERTa-large. We pre-
train all models using a large corpus that contains
mostly long documents and then finetune them on
tasks like long-document question answering, full
document retrieval, and text classification. Our
experiments show the discrepancies between the
commonly used LRA benchmark and downstream
results (after pretraining). Additionally, our analy-
sis on the best local attention models allows us to
further simplify these models and results in a more
efficient long-context encoder. More specifically,
the key findings of this paper include:

• With proper tuning, we find that all the tested
models can achieve similar level of perfor-
mance on the LRA benchmark while their per-
formance diverges significantly on large-scale
pretraining and downstream tasks;

• In our experiments, the other attention
paradigms barely outperform the class of sim-

4We only modify the attention calculation within the multi-
head attention blocks

a) Local window b) Blockwise LW 

Figure 1: Attention pattern visualization of two types
of local attentions: Left: Local window attention as
in Longformer, with window size 2; Right: Blockwise
local window attention with block size 2. The rows
represent the tokens in the sequence and the columns
represent the tokens being attended to.

ple local attentions on downstream tasks when
using similar pretraining compute;

• As a result of our further analysis of the best
performing attention variants, we are able to
build a long-doc QA model that is on-par with
Longformer while being 2x more efficient.

2 Preliminaries of Tested Attention
Variants

We study three classes of efficient attentions:

Fixed local patterns. These methods restrict
each token to only attend a local window of to-
kens. The long-range interactions are achieved by
the depth of the model. We consider two variants
of these models, the token-wise local window at-
tention (Local Window) proposed in Beltagy et al.
(2020) where each token attends to the same num-
ber of tokens on each side, and a simplified and
easy-to-implement blockwise version (Blockwise
LW) (Zaheer et al., 2020) where each token attends
to tokens in the same block and half of the tokens
in the left/right blocks. A visualization comparing
these two models is shown in Figure 1.

Learnable sparse attention patterns. Instead of
relying on the inductive bias of locality, methods
like Reformer (Kitaev et al., 2020) and Sinkhorn
Attention (Tay et al., 2020) allow the model to adap-
tively select tokens to attend to. Briefly, Reformer
uses a learnable hashing function to bucket the se-
quence and each token only attends to tokens in
the same bucket; Sinkhorn uses a learnable sorting
function to learn a permutation of the segments and
each token will attend to tokens in its segment, and
the corresponding segment after permutation.
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Kernel-based/Low-rank methods. This class of
methods use matrix approximation methods to ap-
proximate the full attention function. For sequence
length L and the hidden dimension d, Linformer
(Wang et al., 2020) simply uses a projection ma-
trix (L× k) to reduce the length of key and value
feature matrix, i.e., from L× d to k × d (k � L).
Nyström (Xiong et al., 2021) attention adopts a
classic matrix approximation method which recon-
structs the full attention matrix using a sampled
sub-matrix. Performer (Choromanski et al., 2021)
eliminates the need of explicitly calculating the
L× L attention matrix by using a random feature
method that can approximate the softmax kernel
with only dot-product operations.

Hybrid attention. In addition to these representa-
tive methods in each class, our study also includes
the more recent Long-Short attention (Zhu et al.,
2021) which has a similar compression compo-
nent as in Linformer and combines it with local at-
tentions. Unlike Linformer’s compression compo-
nent which is simply implemented as a standalone
projection matrix, Long-Short proposes an input-
dependent compression layer, which can adaptively
reduce the sequence length.

A note on global tokens. For many practical
NLP tasks, e.g., classification or entailment, the
final layer of the model usually requires a single
sequence-level representation as input. For local
attention models, it is common practice (Beltagy
et al., 2020; Zaheer et al., 2020) to mark a single
or a small number of tokens as global tokens and
allow these tokens to attend to and be attended
by all other tokens. Without incurring much com-
putational cost, these global tokens are important
to get better sequence representations and achieve
good downstream results. While the mechanism
of global tokens has not been used in models with
learnable attention patterns, it is straightforward
to augment Reformer and Sinkhorn with global
tokens using gather operations in standard neu-
ral network packages, as their attention scores are
still calculated by dot product and softmax oper-
ations. Thus, in our experiments, except for the
kernel-based/low-rank methods, we augment all
other models with global tokens to offset the poten-
tial performance gap resulting from this trick.

3 Experiment Setup

We restrict our studies to encoder-only models
and leave the analysis of generative models to fu-
ture work. We begin by implementing a collec-
tion of efficient attentions with a unified frame-
work (Lefaudeux et al., 2021), which allows us
to plug these models into our pretraining-and-
finetuning pipeline in a consistent fashion.

3.1 LRA Experiments

Following recent work on efficient long-range at-
tentions, we take the LRA benchmark as our first
set of experiments. As our focus here is on NLP
tasks, we consider a subset of LRA tasks with text
inputs, i.e., the ListOps, IMDB sentiment analysis,
and text matching tasks. All tasks are formulated as
classification problems: ListOps requires the model
to predict the correct output of an expression (10-
way classification), sentiment analysis is to predict
the positive/negative labels of IMDB reviews and
text matching aims to predict citation links between
papers. We follow the hyperparameter settings of
recent work (Xiong et al., 2021; Zhu et al., 2021).
Two-layer Transformer encoders are used across all
tasks and enough training updates are allowed to en-
sure convergence5. Note that this is different from
the setup proposed in the original LRA benchmark,
where different tasks adopt different model sizes. It
is observed from recent work that two-layer models
with smaller dimensions are sufficient to achieve
similar or better results than previously reported
results. The final classification layer is added on
top of the representations of [CLS] tokens which
are prepended to each sequence.

3.2 Pretraining and Downstream Tasks

For practical NLP application, large-scale self-
supervised training has become an indispensable
ingredient to fully unlock the power of Transformer
models. In terms of the experiment scale and test-
ing settings, there is a clear gap between LRA’s
setup and how we apply state-of-the-art Trans-
former models in practice. For the second set of
experiments, we aim to test these models at scale
and investigate whether the results on the LRA
benchmark are accurate indicators for real-world
long-context tasks after standard large-scale pre-
training and finetuning.

5The limit of training updates is arbitrarily set in LRA and
various work have reported hugely improved results on the
text matching task, simply by running more training steps.
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Pretraining Resource. Following Beltagy et al.
(2020), we compile a corpus that contains mostly
long documents, including Stories (Trinh and Le,
2018), RealNews (Zellers et al., 2019), Books cor-
pus (Zhu et al., 2015) and English Wikipedia. To
make the experiments manageable and relevant for
standard GPU hardware, we restrict each model’s
memory usage close to the 16GB threshold when
taking 4,096 tokens in each training batch. We
control the batch size and training update across
all models: we use a batch size of 256 sequences
(220 tokens) and pretrain each model using the
standard masked language modeling objective for
100k updates. We find that all models’ training
curves almost stabilize after this amount of training
steps. We use 32 A100 GPUs for pretraining and
all model runs are finished within around 2 days.

Pretraining Architecture In contrast to Long-
former (Beltagy et al., 2020) and Bigbird (Zaheer
et al., 2020) where the models are initialized from
RoBERTa before pretraining on long documents,
we pretrain these models from scratch, as our goal
here is to ensure fair comparison and not all archi-
tectures can reuse weights from a standard trans-
former model. In particular, Nyström and Per-
former do not use the standard dot-product and
softmax to compute attention probabilities, mak-
ing their parameters not compatible with common
models like RoBERTa or BERT. Furthermore, other
models like Linformer or LongShort introduce ad-
ditional parameters inside the attention module.
In our initial experiments, we observe initializing
from the RoBERTa put these models at a significant
disadvantage compared to other models (e.g., local
window attention) that are more compatible with
vanilla transformers. Apart from the expanded posi-
tion embedding matrix and the attention blocks, the
architecture hyperparameters are consistent with
RoBERTa-large. For both LRA and the large-scale
experiments, we adopt the pre layer-normalization
trick (Xiong et al., 2020) for feedforward and at-
tention blocks. This usually results in better per-
formance in LRA and turns out to be essential for
several models in the pretraining experiments.6 See
additional model-specific architecture settings and
models’ average memory usage in the Appendix.

Downstream Datasets and Metrics. We con-
sider practical tasks that naturally involve long

6Linformer and Performer cannot reach reasonable per-
plexity without pre-layer normalization.

documents. We test extractive QA over long docu-
ments, long document classification, and document
retrieval. For the first two tasks, we use TriviaQA
and Hyperpartisan classification respectively, both
of which have been used in existing long Trans-
former work (Beltagy et al., 2020). For full docu-
ment retrieval, we construct the dataset based on
recent open-domain QA work (Lee et al., 2019)
that uses passage-level retrievers. We take an ex-
isting passage corpus from Karpukhin et al. (2020)
and reconstruct the document-level corpus. We
consider a document to be positive if it includes
the answer passage. We reported token-level an-
swer exact match and F1 for extractive QA and
the classification accuracy for Hyperpartisan. For
the retrieval task, for the ease of experiments, we
reported the mean reciprocal rank on the dev set7,
which has been shown to correlate well with fi-
nal retrieval metric like answer recall (Oguz et al.,
2021). We conduct grid search for all tasks and
report the best dev results. Given the small size
of the Hyperpartisan dataset, we reported averaged
results from 4 random seeds.

Task-specific Architectures for Finetuning.
We use standard architectures for the finetuning
tasks: for extractive QA, a single-layer MLP span
predictor is added on top of the output token
representations; the classification task uses a
binary MLP classifier that takes the [CLS] vector
as input. For retrieval, we share the query and
document encoder using our pretrained models
and use dot-product of the [CLS] vectors as the
similarity score. For models that are compatible
with global tokens, we use all the question tokens
as global tokens in the QA task and use a single
global token at the start of the sequences for
both classification and retrieval. Except for the
Hyperpartisan dataset, the document lengths of the
other two datasets usually exceed 4,096 tokens
after tokenization. In these cases, we drop the
tokens outside the models’ position range. We
put further implementation details and each task’s
length statistics in the Appendix.

4 Results and Analysis

4.1 Models Perform Similarly in LRA
We report our reimplemented LRA results in Ta-
ble 1. While previous work (Tay et al., 2021) has

7For each question, the ground-truth document will be
ranked with all documents (both positive and negative) corre-
sponding to the dev-set questions.
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Model ListOps Text Matching Avg Acc GFlops

Learnable attention pattern
Sinkhorn 37.6 63.8 80.4 60.6 0.289
LSH 37.9 62.5 80.5 60.3 0.273

Low-rank/kernel-based approximation
Linformer 37.7 61.9 78.4 59.3 0.271
Nystrom 37.9 66.1 81.0 61.7 0.256
Performer 37.1 66.1 79.8 61.0 0.205

Hybrid attention
Long-Short 37.7 65.7 81.6 61.7 0.199

Fixed attention pattern
Local Window 37.4 65.7 81.6 61.6 0.153
Blockwise LW 37.4 65.6 81.3 61.4 0.146

Table 1: LRA (the text-input subsets) results with our reimplementations. We did not observe significant perfor-
mance gaps between different attention variants and simple local attentions remain strong compared to the best
Nyström attention.

shown a clear performance gap between different
models, we find that with proper tuning, the results
of several models could be significantly improved,
(e.g., Sinkhorn, Linformer, Reformer, Performer)
and there is no significant performance gap be-
tween any of the models when using a similar level
of compute (measure by FLOPS). It is worth not-
ing that these improved results are not obtained
by increasing the complexity of models (e.g., by
using larger bucket size in Sinkhorn), as our im-
plementation either uses similar or smaller size
models compared to existing work. Also note that
while the single global token we added to Sinkhorn
and LSH might be essential for some performance
gains, it only brings trivial computation overhead.

4.2 Pretraining and Downstream Tasks

We now evaluate these models on practical bench-
marks that involve real-world long documents. As
shown in Table 2, after we scale up the experi-
ments and control the memory consumption of
each model, we see more clear differences be-
tween these models than what we observe in LRA.
Clearly, fixed local attentions remain to be strong
baselines. However, in contrast to LRA, we ob-
serve local attentions are significantly better than
the other attention variants, for both pretraining
perplexity and downstream task results. The only
exception in terms of the pretraining perplexity is
the hybrid Long-Short attention, which already in-
tegrates a local attention component: it achieves

better perplexity than fixed local attentions, but the
downstream results are at most on par with much
simpler models like Blockwise LW. It is worth not-
ing that while we only control the training updates
and memory usage in Table 2, the conclusion still
holds if we control the training time of each model:
We compare the training perplexity of Blockwise
LW attention and other faster models with fixed
training time in Table 3.

Even though our LRA experiments also study
tasks with text inputs, we see clear discrepancies
between the two sets of experiments. Apart from
models with fixed local attention patterns, improve-
ments on these text LRA tasks often do not trans-
fer to the standard scaled pretraining-finetuning
experiments. For instance, while Performer can
outperform most of the non-local attention meth-
ods on LRA, it performs poorly on both large-scale
MLM and downstream long-context tasks. Sim-
ilarly, while Nyström is significantly better than
LSH in LRA on average, we observe the oppo-
site trend in Table 2. Among the three tasks, only
ListOps is loosely aligned with the MLM perplex-
ity. However, the gaps between each model on this
task are still too narrow to be indicative.

Given that large-scale pretraining has become
the gold-standard paradigm to build state-of-the-art
NLP models. Our findings here call for a more
careful and reliable evaluation of lots of existing
and emerging long-range attentions. On the other
hand, our results also reveal that the local context
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Models
MLM Pretraining Downstream Tasks

PPL ↓ k word/sec ↑ TriviaQA Doc Retrieval Hyperpartisan

Learnable attention pattern
Sinkhorn 4.03 11.8 63.3/68.5 80.9 95.0
LSH 3.63 10.0 62.9/67.5 83.6 92.2

Low-rank/kernel-based approximation
Linformer 4.14 24.6 59.8/65.2 80.3 88.7
Nystrom 3.79 9.5 51.5/57.3 83.1 89.5
Performer 5.58 17.2 24.5/31.9 66.8 94.9

Hybrid attention
Long-Short 3.36 8.4 66.5/71.4 84.5 91.5

Fixed local attention pattern
Sliding Window 3.47 9.2 65.6/70.7 83.2 95.3
Blockwise LW 3.39 13.5 68.1/72.9 85.0 95.0

Table 2: MLM pretraining and downstream task results.

Model MLM Train Perplexity

Linformer 4.31
Performer 6.36
Blockwise LW 4.04

Table 3: Training perplexity of our best fixed local at-
tention and other faster attention variants. Each model
uses similar GPU memory and training time.

might still be highly essential even in long context
tasks. In the following section, we conduct further
analysis on local attention models and attempt to
identify the key ingredients of building strong NLP
models for downstream long-context tasks.

4.3 Analysis on Local Attentions

As we have seen in §4.2, models that compute ex-
act attention for local contexts around each token
achieve better results. Moreover, the Blockwise
LW variant performs the best even it does not guar-
antee a balanced left and right context window for
each token. Given these intriguing findings, we
aim to investigate the following questions: How
effective are the long-range mechanism in local
attention models? and Whether the studied long-
context tasks still mostly rely on locality bias?

Ablation Study. In the Blockwise LW model,
there are two mechanisms that enable long-range
connections: the global tokens and the attention
window overlap, i.e., each token will additionally
attend to half the tokens in the neighboring blocks,
and the receptive field increases with model depth.

While both are adopted as common practice in ex-
isting work (Zaheer et al., 2020; Beltagy et al.,
2020), we study the isolated effect of each compo-
nent in both pretraining and finetuning experiments.
For the non-overlap variant, we increase the block
size by a factor of 2 such that the amount of to-
kens each token attends to remains the same. We
show the results in Table 4. Surprisingly, we see
different stories in terms of MLM pretraining and
downstream tasks. While both mechanisms are
useful for achieving lower MLM perplexity, only
the global-token mechanism seems important for
downstream tasks. Note that in the document re-
trieval tasks, removing both mechanisms results in
slightly better performance. Now the model is only
able to use the first block of the whole document
for retrieval. While this seems to suggest that this
task is highly local and involves strong positional
bias8, the gap might be too trivial to be conclu-
sive. Additionally, we only use a single global
token for this task, it is likely that assigning more
global tokens, e.g., at passage boundaries, could
bring additional improvements. Investigating the
particular task further is beyond scope of this work.
In terms of the effect of attention-window overlap,
it is expected that this scheme is crucial for lower
perplexity: it not only enables more distant depen-
dencies but also reduces the number of "boundary
tokens" which can only attend to one side of the
context. However, it is counter-intuitive that the

8The answer context appears at the beginning of the
Wikipedia page.
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Model MLM PPL TriviaQA NQ Doc Retrieval Hyperpartisan

Blockwise LW 3.39 68.1/72.9 85.0 95.0
- w/o overlap 3.52 68.4/73.2 86.3 96.5
- w/o overlap & global tokens 3.54 56.5/61.0 85.4 94.6

Table 4: Ablation of the Blockwise LW Model.

overlapping attention links between neighboring
blocks, which adds more long-range information,
result in worse downstream performance. Also,
note that this observation is consistent for all the
tasks we studied. There are two possible implica-
tions of this finding: 1) the tested tasks still highly
depend on locality bias, i.e., most of the impor-
tant information can be captured solely from the
local bias, or 2) the overlapping scheme is not ef-
fective at capturing the long-range dependency in
downstream tasks. To confirm either hypothesis,
we conduct another set of experiments with models
that have access to different sizes of context.

On Locality Bias. We take the non-overlapping
variant and experiment with various block sizes to
see whether longer context is important to studied
tasks. We show the results in Table 5 and the pre-
training curves in Figure 2. While the long-range
connections brought by the attention overlap is not
helpful for downstream results, we see that increas-
ing the local block sizes does consistently improve
both pretraining and downstream performance al-
though the improvement becomes modest beyond
block size 256. It is also interesting that the mod-
els with smaller block sizes converge faster at the
early stage of pretraining. This suggests a staged
pretraining process might be more efficient than
directly training from long sequences, which aligns
with Press et al. (2021)’s finding on unidirectional
LMs. Overall, this set of experiments suggests that
increasing model’s capabilities to capture a longer
context is generally helpful for both pretraining and
downstream tasks. However, using overlapping at-
tention windows is not an effective way to make use
of more context. Thus, we hypothesize the MLM
perplexity improvements of overlapping local atten-
tions might mainly come from the reduction of the
“boundary" tokens instead of the ability to capture
long-range dependencies. For downstream tasks,
the issue of “boundary" tokens is not that essential
and the introduction of the overlapping attention
windows might disrupt the effective modeling of
local context, as the attention module needs to ex-
tract both local and distant information from the

Blocksize Val PPL TriviaQA Ans F1

64 4.16 68.9
128 3.74 70.7
256 3.52 73.2
512 3.39 73.5

Table 5: Pretraining and long-doc QA results of the
non-overlapping blockwise attention.
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Figure 2: Pretraining curves of the non-overlapping
block attentions with various context windows.

same set of tokens.9

Initializing from Existing Short Models.
While we train all models from scratch for the sake
of fair comparison, existing state-of-the-art long
context models like Longformer (Beltagy et al.,
2020) or BigBird (Zaheer et al., 2020) usually
initialize their longer models from an extensively
pretrained short model like RoBERTa (Liu et al.,
2019). With simple techniques like positional
embedding copying, a strong long-context encoder
can be initialized without the need of pretraining
from scratch. To test our findings from the above
analysis in this setting, we follow the same scheme

9As the depth of the model increase, the tokens’ represen-
tation will be added information of more distant tokens.

Blocksize Speed ↑ Ans EM/F1

Longformer (64k) 6.6k 73.1/77.8

Blockwise LW w/o overlap (64k) 14.8k 73.2/77.9

Table 6: Comparing with Longformer with TriviaQA
when initializing the models from RoBERTa. Speed is
measure by thousand word per second at pretraining.
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but use the non-overlapping block attention
as discussed in §4.3. We compare this model
with Longformer (based on Sliding Window
attention) as it uses the same long-doc corpus and
pretrain-and-finetune pipeline (e.g., packages and
downstream data processing) as our experiments.10

Same as our setting in §4.2, here we control the
batch size and number of training updates: we
use a batch size of 64 and train the model for
64k steps. Note that as we drop the attention
window overlaps, the model is 2x more efficient
than Longformer: Given the same window/block
size B and sequence length L, the complexity
of the non-overlapping block attention is L × B
compared to Longformer’s 2L×B. We show the
TriviaQA results in Table 6, where the speed is
measured by words per second during pretraining.
With only half of the pretraining compute, our
model with disjoint attention blocks achieves
slightly better performance than Longformer. This
confirms that our findings of the attention overlap
from the above section are still valid when the
models are not trained from scratch.

5 Related Work

Long-Range Context in Language Models.
Various studies have investigated the effective us-
age of distant context in unidirectional language
models. Khandelwal et al. (2018) look into the con-
text usage of LSTM LMs and find that these models
are only capable to make full use of the nearby 50
tokens and the longer range context is only roughly
captured, i.e., excluding detailed information such
as word orders. Similarly, O’Connor and Andreas
(2021) studies the mid- and long-range context us-
age in transformer LMs, by manipulating the order-
ing and lexical information in the text. Their experi-
ments show that while long-range context is usually
helpful, most of the usable information is carried
by local ordering statistics and non-function words
instead of detailed content like sentence orders.
These observations provide a possible explanation
of our ablation experiments in §4.3 that adding
overlaps to attention windows does not yield better
downstream results, despite allowing the capture
of more long-range interaction. Press et al. (2021)
observe diminishing returns as they increase the
context length when using sliding windows at infer-

10Note that while BigBird has a similar overlapping local
attention and outperforms Longformer, it uses a larger corpus,
more pretraining compute and different finetune pipelines,
making a direct comparison difficult.

ence time. They propose a staged training paradigm
that train LMs from smaller context to longer ones.
This paradigm can more efficiently use the training
compute and achieves lower perplexity compared
to directly training with long sequences. Given that
models with smaller attention windows converge
faster at early training steps (Figure 2), the staged
training might also benefit MLM pretraining but
further investigation is required to validate whether
it can also bring downstream improvements.

Other Long-Range Architectures. Instead of
modifying the attention calculation, other work
proposes to augment transformers with parametric
long-term memories. Transformer-XL (Dai et al.,
2019) maintains frozen activations of previous to-
kens in memory and uses them as additional inputs.
To handle the shift of positional information of
these activations, it also requires a relative position
encoding mechanism which brings additional com-
putation cost. The Compressive Transformer (Rae
et al., 2020) takes a similar scheme but proposes
to use compression modules to account for even
further memories. Both methods cannot be directly
applied to long-context understanding tasks. Under
the scheme of kernel-based methods, Katharopou-
los et al. (2020); Peng et al. (2021); Schlag et al.
(2021) also attempt to linearize the softmax with
kernel methods. The core ideas of these methods
are similar to Performer and they only differ in the
choice of kernel functions. Outside of the trans-
former families, a recent work (Lei, 2021) proposes
to augment recurrent LMs with minimal attention
blocks. It is more efficient while achieving stronger
LM perplexity compared to Transformer-XL. How-
ever, it is still unknown whether this model scales
as well as transformer architectures.

6 Conclusion

We present a systematic study of recent proposed ef-
ficient attention variants on real-world long-context
NLP tasks. In contrast to existing work, we are
the first to test these models with a set of unified
and large-scale experiments. Our results reveal
the gap between a widely used benchmark and
practical downstream tasks after conducting large-
scale pretraining. Among all the studied attention
methods, we find that the simplest local attentions
outperform other complex attention paradigms on
downstream tasks. We also show that existing local-
attention models can be further simplified by re-
moving the attention-window overlap, resulting in
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a faster model that achieves similar or better re-
sults. Importantly, our work calls for more careful
and practical evaluation protocols while developing
long-context NLP models.
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A Appendix

Downstream Task Hyperparameter Grid

TriviaQA learning rate: 1e-5, 3e-5, 5e-6;
warmup ratio: 0%, 10% of total steps;
random seed: 42, 3, 4321;
batch size: 32;
max epochs: 10

NQ Doc Retrieval learning rate: 1e-5, 5e-6, 3e-5;
random seed: 42, 3;
batch size: 8;
max epochs: 10

Hyperpartisan learning rate: 1e-5, 3e-5;
random seed: 42, 3, 5, 1992;
batch size: 8;
max epochs: 40

Table 7: Hyperparamters of downstream finetuning.

TriviaQA Hyperpartisan NQ doc Retrieval
Average|P95% Average|P95% Average|P95%

769.8|2,067.0 3,333.9|11,444.3 6,732.9|17,493.4

Table 8: Document length statistics in the tested down-
stream datasets.

Downstream Task Details. On TriviaQA, there
are usually multiple matched spans in the docu-
ment, we train the model to maximize the marginal-
ized probability of all matched spans. The predic-
tion head in the classification task is defined as a
2-layer MLP with tanh activations. For the retrieval
task, we follow existing passage retrieval methods
and use in-batch documents as negative retrieval
targets. The loss is simply a cross-entropy loss de-
fined over the scores of all documents in the batch.
All the models are finetuned using the Adam opti-
mizer with linear decays. We conduct grid search
for all the tested models. The hyperparameters for
all the three tasks are shown in Table 7. In Table 8,
we show the average and the 95% percentile of the
document lengths in each dataset. As mentioned in
the main text, we drop the tokens exceeding 4,096
tokens.

Pretraining Details. Our pretraining pipeline is
implemented with fairseq11. We control the mem-
ory usage of each model by adjusting model-
specifc hyperparameters. The details in shown in
Table 9. Due to different model designs, we are not
able to exactly control the memory consumption.

11https://fairseq.readthedocs.io/en/
latest/

However, the tested local attentions typical requires
less GPU memory than all the other models.
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Model Avg Memory Usage (GB) Architecture Setting

Sinkhorn 14.2 block size: 128
LSH 18.2 num of hash functions: 4; chunk size: 16
Linformer 17.2 compression ratio: 8
Nystrom 16.3 num of landmarks: 256; convolution kernel size: 35;
Performer 14.2 random feature dimension: 256; kernel function: relu
Long-Short 16.3 block size: 128; num of landmarks: 32
Sliding Window 15.3 attention window size: 256
Blockwise LW 15.1 block size: 128; overlap: 64

Blockwise LW w/o global toks 14.7 block size: 128
Blockwise LW w/o overlap 13.4 block size: 256
Blockwise LW w/o overlap & global 13.2 block size: 256

Table 9: Model-specific architecture settings and each model’s GPU memory usage when feeding in a single
sequence of 4,096 tokens.
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Abstract

The power and the potential of deep learning
models attract many researchers to design ad-
vanced and sophisticated architectures. Never-
theless, the progress is sometimes unreal due to
various possible reasons. In this work, through
an astonishing example we argue that more ef-
forts should be paid to ensure the progress in
developing a new deep learning method. For a
highly influential multi-label text classification
method XML-CNN, we show that the supe-
rior performance claimed in the original paper
was mainly due to some unbelievable coinci-
dences. We re-examine XML-CNN and make
a re-implementation which reveals some con-
tradictory findings to the claims in the original
paper. Our study suggests suitable baselines
for multi-label text classification tasks and con-
firms that the progress on a new architecture
cannot be confidently justified without a cau-
tious investigation.

1 Introduction

Deep learning has been a popular research topic in
NLP due to its superior performance. The intrin-
sic structure of deep learning allows researchers
to enhance the model performance by introducing
more complex network architectures. Neverthe-
less, the increasing complexity brings difficulties
to ensure the true architectural progress. For exam-
ple, Adhikari et al. (2019) have shown that LSTM
architectures with appropriate regularization are ei-
ther competitive or superior to more recent models.
As another example, Liu et al. (2021) report that
the lack of hyperparameter tuning in an influential
work (Mullenbach et al., 2018) makes the progress
of subsequent network developments questionable.
Complex architectures are more difficult to train,
involve more hyperparameters, and are riskier to
unintentional implementation. Because new archi-
tectures are usually modified from previous ones, a
questionable work may make the research progress
unclear. Therefore, re-examining or reproducing

influential architectures are now considered impor-
tant in the community.

In this work, we re-examine XML-CNN (Liu
et al., 2017), an influential work in extreme multi-
label text classification (XMTC), as a case study
to demonstrate the demands of inspecting exist-
ing architectures. XML-CNN has been viewed as
an essential baseline in subsequent works (Peng
et al., 2018; Prabhu et al., 2018; You et al., 2019;
Chang et al., 2020; Adhikari et al., 2019) with more
than hundreds of citations. XML-CNN roots from
Kim-CNN (Kim, 2014), a classical architecture
for multi-class text classification. The authors of
XML-CNN proposed several modifications from
Kim-CNN to accommodate the XMTC task and
empirically claim that all modifications bring sig-
nificant improvements.

Despite XML-CNN’s popularity, we identified
two serious implementation issues that make the
original claims uncertain. First, the authors intro-
duced dynamic max-pooling into XML-CNN, but
the implementation is actually far from the intended
formulation. Second, a bug in the experiment code
caused the dimensions of convolution operations
accidentally swapped. The two issues coinciden-
tally make XML-CNN competitive, leading the
authors to illusively claim superiority over Kim-
CNN and usefulness of dynamic max-pooling in
the original paper (Liu et al., 2017).

Our contribution can be summarized as follows.
• We point out, analyze, and correct the issues in

the authors’ XML-CNN implementation. Our
implementation is made public to help the com-
munity build future works on top of the correct
implementation

• We re-examine the claims about XML-CNN. Our
results demonstrate that the progress from Kim-
CNN to XML-CNN may not be as significant as
claimed in Liu et al. (2017), and again confirm
that careful attention is needed on ensuring true
architectural progress.
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• Our investigation suggests that instead of XML-
CNN, Kim-CNN or a simpler variant of XML-
CNN should be considered as a baseline in
XMTC tasks.
The paper is organized as follows: in Section 2,

we introduce Kim-CNN, XML-CNN, and their dif-
ferences. We conduct an investigation on XML-
CNN in Section 3. The investigation includes in-
spection of the authors’ code and our analysis on
why it coincidentally works. We then conduct a fair
and thorough comparison between Kim-CNN and
XML-CNN in Section 4. Finally, we conclude
this work in Section 5. Supplementary materi-
als and programs used for experiments are avail-
able at https://www.csie.ntu.edu.tw/
~cjlin/papers/xmlcnn/.

2 XML-CNN: CNN for Multi-Label Text
Classification

For multi-label text classification, each instance
is an n-word document that is associated with a
subset of L possible categories. The relationship
between the document and the categories can be
modeled by a convolutional neural network (CNN),
as pioneered for multi-class text classification by
Kim-CNN (Kim, 2014). The architecture was later
extended to XML-CNN (Liu et al., 2017) for multi-
label text classification. Here we introduce the
two architectures along with a focus on the key
modifications.

2.1 CNN for Text Classification
Kim-CNN (Kim, 2014) is the first work that applies
convolutional neural networks in text classification.
The architecture is illustrated in Fig. 1a. Kim-CNN
preprocesses a document by first encoding the i-th
word to a k-dimensional embedding vector xi ∈
Rk (Pennington et al., 2014). We denote an n-word
document by x1:n, where xi:j = [xi, . . . ,xj ]

> ∈
R(j−i+1)×k represents a sub-sequence from the i-th
to the j-th word in the document.

A convolutional operation applies a filter wi ∈
Rm×k to a sub-sequence of m words to produce a
new feature:

ci = f(wi · xi:i+m−1 + bi), (1)

where f is an activation function such as ReLU,
bi ∈ R is a bias term and the “·” operator means
the sum after component-wise products between
two matrices. The filter is applied to all m-word
sub-sequences in the document to form a feature

map c = [c1, . . . , cn−m+1] ∈ Rn−m+1. Suppose
Kim-CNN uses t filters and let c(1), . . . , c(t) be
the corresponding feature maps. A max-pooling
layer is then applied to summarize the features as
z =

[
max(c(1)), . . . ,max(c(t))

]
∈ Rt. Lastly, a

dropout layer and a fully-connected layer is used
to predict a score vector

s = W̃ (z � r) + b̃ ∈ RL, (2)

where � is the element-wise multiplication opera-
tor, W̃ ∈ RL×t, b̃ ∈ RL are learnable parameters
and each ri of r ∈ Rt is a dropout random variable
that follows a Bernoulli distribution.

Kim-CNN was originally proposed for multi-
class classification based on the cross-entropy loss

−
∑L

i=1
yi log pi, where pi =

esi
∑L

j=1 e
sj

(3)

is the estimated probability of the i-th class, si is
the i-th element of s that denotes the score of the
i-th class, and y ∈ {0, 1}L denotes the ground
truth of the instance. If the i-th label is associ-
ated with the document, then yi = 1; otherwise,
yi = 0. By the construction of pi in Eq. (3),

∑
i pi

is forced to be 1, which is natural for multi-class
classification. For multi-label classification, how-
ever, it is not clear whether requiring all pi’s to sum
to one would be too restrictive, given that there
can be multiple yi’s with yi = 1. Nevertheless,
the loss has been considered for some multi-label
works (Gong et al., 2014; Ghosh et al., 2015).

2.2 From CNN to XML-CNN

XML-CNN is a pioneering work that extends Kim-
CNN from multi-class text classification to XMTC.
The architecture of XML-CNN is illustrated in
Fig. 1b. It extends Kim-CNN with three modi-
fications:
• using a label-wise binary cross-entropy loss in-

stead of the cross-entropy loss in Eq. (3),
• adding an additional linear hidden layer with

dropout,
• introducing dynamic max-pooling (Chen et al.,

2015) to extract multiple features from each
CNN filter.
For the first modification, the authors noticed the

issue of the cross-entropy loss discussed in Sec-
tion 2.1. They then allow the model to flexibly
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Figure 1: Architectures of Kim-CNN and XML-CNN.

predict multiple positive labels by taking the inde-
pendent binary cross-entropy loss instead:

−
∑L

i=1
[yi log(σ(si)) + (1− yi) log(1− σ(si))] ,

(4)
where σ(s) = 1

1+e−s is the sigmoid function.
For the second modification, the additional linear

layer may help to reduce the number of parame-
ters, allowing the model to be stored in common
GPU devices when L is extremely large. Let h be
the number of elements in the added hidden layer.
XML-CNN reduces the number of parameters after
the CNN layer from t×L in the original Kim-CNN
to

t× h+ h× L (5)

when h is sufficiently small.
For the third modification, the authors applied

dynamic max-pooling (Chen et al., 2015) in XML-
CNN to capture multiple features from different
parts of the document. In contrast to the traditional
max-pooling, which calculates the maximum along
the whole sequence, dynamic max-pooling divides
the sequence into multiple pools and then collects
the maximum values within each pool to get some
fine-grained features. Given a filter map c ∈ Rn,1

the formulation with d pools is:

D(c)=
[
max{c1:n

d
}, . . . ,max{cn−n

d
+1:n}

]
∈Rd.

(6)
The output becomes

z =
[
D(c(1)), . . . , D(c(t))

]
∈ Rdt

instead of
[
max(c(1)), . . . ,max(c(t))

]
∈ Rt in

Kim-CNN.

2.3 Claims about XML-CNN

Liu et al. (2017) compared their proposed XML-
CNN with Kim-CNN by reporting P@K on six
datasets,2 as shown in Table 1. P@K calculates
for each document the percentage of correct predic-
tions (i.e., precision) among the top K predicted la-
bels and reports the average over all test documents.
Table 1 clearly indicates significant improvements
from Kim-CNN to XML-CNN on all datasets. To
examine the impact of each new component in
XML-CNN, the authors further conducted ablation
studies to make the following claims.

• Eq. (4) is more suitable than Eq. (3) for multi-
label classification problems.

• The additional linear layer improves both the
performance and the scalability.

• Dynamic max-pooling further improves the per-
formance significantly.

The impressive progress of XML-CNN makes it a
standard benchmark for XMTC (e.g., Peng et al.,
2018; Prabhu et al., 2018; You et al., 2019; Chang
et al., 2020; Adhikari et al., 2019). However, we
will show in this study that the progress may not
be as significant as the authors claimed. While the
first modification is included in our evaluation in
Section 4.2, our focus is on the other two modifica-
tions, which correspond to the differences between
XML-CNN and Kim-CNN-Eq.(4), the multi-label
version equipped with the binary cross-entropy loss
in Eq. (4). Subsequently, Kim-CNN-Eq.(4) will be
shorthanded Kim-CNN for simplicity.

1Though we use c ∈ Rn−m+1 earlier, we let c ∈ Rn here
for easier explanation.

2Due to the space limit, we leave their and our NDCG@K
results in the supplementary materials.
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RCV1 Amazon-670K
P@1 P@3 P@5 P@1 P@3 P@5

Kim-CNN-Eq.(3) 93.54 76.15 52.94 15.19 13.78 12.64
XML-CNN 96.86 81.11 56.07 35.39 31.93 29.32

EUR-Lex Wiki-30K
P@1 P@3 P@5 P@1 P@3 P@5

Kim-CNN-Eq.(3) 42.84 34.92 29.01 78.93 55.48 45.05
XML-CNN 76.38 62.81 51.41 84.06 73.96 64.11

Amazon-12K Wiki-500K
P@1 P@3 P@5 P@1 P@3 P@5

Kim-CNN-Eq.(3) 90.31 74.34 58.78 23.38 11.95 8.59
XML-CNN 95.06 79.86 63.91 59.85 39.28 29.81

Table 1: Results reported in Liu et al. (2017), where Kim-CNN-Eq.(3) indicates the setting to optimize Eq. (3)
rather than Eq. (4).

3 Investigation into XML-CNN

In this section, we point out a significant gap be-
tween the formulations in the XML-CNN paper
and the authors’ implementations. We first repro-
duce the results in Liu et al. (2017) to ensure what
the authors have done. We then confirm the re-
ported superiority of XML-CNN over Kim-CNN
is actually due to some coincidences.

3.1 The Challenges of Reproducing Liu et al.
(2017)

The authors have released their implementation of
XML-CNN on GitHub.3 They wrote the code in
Lasagne (Dieleman et al., 2015), an outdated deep
learning framework. To facilitate a thorough com-
parison, we implement a PyTorch-based program4

that is as close to the released Lasagne code as pos-
sible. Though their implementation is available, to
our surprise, reproducing XML-CNN results on the
same datasets is more challenging than expected.
We leave details of solving various challenges in
Appendix A. In particular, we find that some data
sets used in Liu et al. (2017) are no longer available,
so similar ones are considered; see data statistics
in Table 2.

We choose EUR-Lex for checking the repro-
ducibility due to the following reasons.
• The dataset is publicly available and from Tabel 2

it has the same statistics as in Liu et al. (2017).
• The improvement of XML-CNN is significant as

shown in Table 1.
• The size is relatively small but adequate.
The results of the authors and our implementations

3https://github.com/jimmy646/XML-CNN
4The implementation is based on LibMultiLabel (re-

leased under the MIT license): https://github.com/
ASUS-AICS/LibMultiLabel

k

n

m × k

(a) Normal CNN that follows
Eq. (1) to go along the words.

k

n

n
×

m

(b) CNN in the public code
of Liu et al. (2017) that goes
along the embedding dimen-
sion.

Figure 2: Two implementations of CNN.

are respectively shown in the second and the third
rows in Table 3. The difference between the two
implementation is even smaller than the difference
between XML-CNN’s paper numbers to its public
implementation. This justifies that our results are
close enough for reproducing the numbers. We con-
clude that the author’s result on EUR-Lex can be
reproduced, though many issues must be addressed
in the entire process.

3.2 Problematic Gap Between
Implementations and Formulations

Though we can reproduce the results reported in
Liu et al. (2017), in checking their programs, we
surprisingly found some significant gaps between
the implementation and the formulations in their
paper. The first one is that their implementation of
the convolutional operation is completely different
from Eq. (1). We illustrate the two CNNs in Fig. 2.
In the authors’ implementation, the convolution
operation sweeps along the embeddings rather than
the words, as shown in Fig. 2b. That is, it seems
the authors did not implement what they intended
to do.

Another problem is about the dynamic max-
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Dataset # training data # test data # labels
EUR-Lex 15,449 3,865 3,956
Wiki-30K→Wiki10-31K 12,959→ 14,146 5,992→ 6,616 29,947→ 30,938
Amazon-12K→ AmazonCat-13K 490,310→ 1,186,239 152,981→ 306,782 12,277→ 13,330
Amazon-670K 490,449 153,025 670,091
Wiki-500K→Wiki-500K 1,646,302→ 1,779,881 711,542→ 769,421 501,069→ 501,008

Table 2: The datasets used in Liu et al. (2017). Some are no longer available, so similar ones are considered in this
work and “→" indicates the difference.

Implementation Framework P@1 P@3 P@5
Results reported in Liu et al. (2017) 76.38 62.81 51.41

Public code by Liu et al. (2017)’s authors Lasagne 74.28 58.98 48.16
Our code mimicking the above PyTorch 75.50 60.47 49.38

Table 3: Reproducing results reported in Liu et al. (2017) on EUR-Lex by using the authors’ and our implementations.

pooling. The authors set the default pool size to 2
and stride to 1 in their public implementation:

[max{c1:2},max{c2:3}, . . .max{cn−1:n}] , (7)

which differs from Eq. (6) in that overlapped pools
are used. Further, given that the aim of max-
pooling is to extract information from each pool,
a size-two pool is unusually small. We do not
know why the authors implemented dynamic max-
pooling in this form, but we will show that this odd
implementation, together with the wrong convolu-
tion mentioned earlier, surprisingly works well.

To compare with these unusual settings, we gen-
erate another implementation of XML-CNN by
following Eq. (1) and Eq. (6). The details of our
implementation can be found in Appendix B. Ac-
cording to Liu et al. (2017), this version should be
what its authors intend to have. Table 4 shows the
results on EUR-Lex by various ways to implement
Kim-CNN and XML-CNN. Other settings (e.g., hy-
perparameters) are kept to be the same as those in
the authors’ implementation; see also Section 3.1
and supplementary materials.5 From Table 4, we
have the following observations.
• For each category (Kim-CNN or XML-CNN),

the last row indicates the setting described in the
original papers. If the CNN input is changed to
the wrong one, the results of both Kim-CNN and
XML-CNN become dramatically worse (rows
1 and 5). On the other hand, if the implemen-
tation of dynamic max-pooling follows Eq. (7)
rather than Eq. (6), the result of XML-CNN also
significantly deteriorates (row 4).
5As mentioned in Section 2.3, we note again that Kim-

CNN in all our experiments, unless specified, optimizes the
same loss in Eq. (4) as XML-CNN.

• However, if both inappropriate settings for CNN
and dynamic max-pooling are applied, the result-
ing procedure corresponds to the actual imple-
mentation by Liu et al. and works surprisingly
well (row 3). In contrast, without the help of
Eq. (7), Kim-CNN by the inappropriate CNN
implementation performs poorly. In such a situa-
tion, Kim-CNN’s scores are quite similar to the
results of Kim-CNN reported in Liu et al. (2017),
as shown in Table 1. So we presume that in Liu
et al. (2017), Kim-CNN was implemented with
the inappropriate CNN setting.

In sum, the implementation seems not what Liu
et al. intended to do in their paper. Thus, their con-
clusions based on the unintentional implementa-
tions may be questionable. In particular, in Table 4
Kim-CNN is competitive if an implementation fol-
lowing its original paper (Kim, 2014) is considered.

For better distinction in subsequent discussions,
we name the two XML-CNN implementations re-
spectively corresponding to Liu et al.’s paper and
public code as follows.
• XML-CNN-paper: XML-CNN following

Eq. (1) and Eq. (6).
• XML-CNN-impl: XML-CNN using CNNs

sweeping along embeddings and Eq. (7).

3.3 The Two Implementations of XML-CNN:
Analysis

We try to explain why XML-CNN-impl can achieve
competitive results. For the analysis, we first ar-
gue that conceptually, the unusual dynamic max-
pooling Eq. (7) is similar to not doing pooling. The
reason is because the small pool size = 2 implies
that at least half of c elements are retained. Then
we design an experiment to compare the combina-
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Method
CNN sweeping
direction

Dynamic
Max-pooling

P@1 P@3 P@5 Note

Kim-CNN embeddings N/A 45.38 34.02 27.72 Actual implementation of Liu
et al. (2017)

Kim-CNN words N/A 75.83 61.08 50.19 Procedure described in Kim
(2014)

XML-CNN embeddings Eq. (7) 75.96 60.56 49.23 XML-CNN-impl: actual imple-
mentation of Liu et al. (2017)

XML-CNN words Eq. (7) 58.09 45.19 37.06
XML-CNN embeddings Eq. (6) 63.03 48.31 39.32
XML-CNN words Eq. (6) 75.73 61.82 50.82 XML-CNN-paper: procedure de-

scribed in Liu et al. (2017)

Table 4: Results of different implementations of the convolutional layer and dynamic max-pooling for Kim-CNN
and XML-CNN. The standard CNN input should be k × n. Other settings are the same as those for the last two
rows of Table 3.

tions of the following settings.

• CNN sweeping direction: embeddings or words
• Pooling implementation: standard max-pooing

or no pooling

Table 5 shows the P@1 scores on predicting the
test set of EUR-Lex. We have the following obser-
vations.

• Results of the (embeddings, no pooling) setting
are similar to those of the (embeddings, Eq. (7))
setting in Table 4. This confirms our earlier ar-
gument that Eq. (7) is close to no pooling.

• If CNN sweeps along the words, the standard
max-pooling is significantly better than no pool-
ing. A possible explanation is that when CNN
sweeps along the words, some sub-sequence of
words are shown to be more important than oth-
ers. Then the standard max-pooling is helpful
to identify them. This situation is similar to that
in image classification, where max-pooling is ef-
fective to extract “sharp” features (Springenberg
et al., 2015).

• If CNN sweeps along the embeddings, an oppo-
site situation occurs. No pooling is much better
than standard max-pooling. Because all the em-
beddings can be considered equally useful, the
resulting features after convolutional operation
have similar importance. For such “smooth” fea-
tures, it is known in image classification that aver-
age pooling or no pooling are recommend (Sprin-
genberg et al., 2015). In other words, standard
max-pooling can extract little information in
such a case and may lead to worse performance.

In Section 3.4, we will present results to further

max{c} No pooling
words 74.67 53.61
embeddings 58.14 76.48

Table 5: P@1 of combinations of CNN sweeping di-
rections and pooling methods for implementing XML-
CNN. Note that the first column differs from the first
two rows in Table 4 because we now have a hidden
layer.

support the above analysis.

3.4 The Two Implementations of XML-CNN:
Performance Comparison

Table 6 shows a comprehensive comparison be-
tween XML-CNN-impl and XML-CNN-paper on
more datasets. In contrast to Table 4 where we fol-
low the hyperparameters used in Liu et al. (2017),
we tune the hyperparameters for both methods
in Table 6.6 We observe that XML-CNN-paper
outperforms XML-CNN-impl on EUR-Lex and
Wiki10-31K. Following the discussion in Sec-
tion 3.3, the reason may be that XML-CNN-impl
lacks the ability to learn position-agnostic features
when documents are long. Note that for EUR-Lex
and Wiki10-31K, the documents are truncated to
500 words because of the long document length.
On the other hand, XML-CNN-impl works com-
petitively on AmazonCat-13K and Amazon-670K.
Though the documents are also truncated to 500
words when needed, the average document lengths
of these two sets are less than 250.

In sum, XML-CNN-paper should be preferable
6Details of experimental settings and hyperparameter

search are in Section 4.1 and Appendix C.
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because of the more reasonable architecture and
better performance on long documents. Moreover,
XML-CNN can deal with variable sentence lengths,
while XML-CNN-impl cannot because the network
architecture depends on the sentence length. We
consider XML-CNN-paper as the setting for XML-
CNN in subsequent experiments.

4 The True Performance of XML-CNN

After showing the gap between the implementation
and the formulation in Liu et al. (2017), the true
performance of XML-CNN should be re-examined.
In this section, we conduct a comprehensive abla-
tion study for XML-CNN to investigate the claims
in the original paper. We then investigate more
deeply on dynamic max-pooling to determine its
usefulness for XMTC tasks. The results bring us
a similarly competitive but simpler baseline for
XMTC tasks.

4.1 Experimental Setup

We consider a random 80/20 split of the training
data to generate a training subset and a validation
subset for hyperparameter selection. We follow
Liu et al. (2017) to truncate the documents to 500
words, represent each word as a 300-dimensional
GloVe word embedding (Pennington et al., 2014)
and pad the sequences in each batch when needed.
The word embeddings are considered as trainable
parameters during training. We have carefully con-
ducted hyperparameter selection. The procedure
and other details are in Appendix C.

We follow Liu et al. (2017) to train the mod-
els with 50 epochs on the whole training set after
hyperparameter tuning and then evaluate the test
set. We evaluate each method on three datasets:
EUR-Lex, Wiki10-31K, and AmazonCat-13K. In
Section 4.2, we conduct the ablation study by in-
cluding one larger dataset: Amazon-670K. All of
them are in English. The datasets are obtained from
the repository of You et al. (2019) and we follow
Liu et al. (2017) to reduce the vocabulary set.7

4.2 Ablation Studies of XML-CNN

To understand how each component introduced in
Liu et al. (2017) really works, we conduct an abla-
tion study as what the authors have done. Specifi-
cally, the effects of using Eq. (4) as the loss, adding
a linear hidden layer, and introducing dynamic max-
pooling are checked. By the results shown in Ta-

7See details in Appendix A.4.

ble 7, we can re-examine what the authors have
claimed in Liu et al. (2017). To begin, from the
first and the second rows, the loss function Eq. (4)
indeed improves the scores 2%-6% on each dataset.
The results validate the claim that Eq. (4) is more
suitable for multi-label tasks than Eq. (3).

Next, while adding a hidden layer is claimed
to be beneficial in Liu et al. (2017), our results
show that the hidden layer is slightly harmful on
EUR-Lex and Wiki10-31K when the standard max-
pooling is applied; see rows 2 and 4 in Table 7. It
works when dynamic max-pooling is employed, but
the improvements are not significant. The authors
also claimed that the hidden layer could reduce the
number of parameters; see Eq. (5). This claim is
true when h is relatively small compared with the
number of convolutional features. However, we
noticed that larger h’s such as 512 and 1, 024 are
always preferable after hyperparameter tuning. In
these cases, the number of parameters may not be
reduced.

Lastly, we discuss the effect of dynamic max-
pooling. In the situation of not adding a hid-
den layer, dynamic max-pooling slightly improves
upon the standard max-pooling on most but not all
datasets. If a hidden layer is included in the archi-
tecture, dynamic max-pooling also gives moderate
improvements. However, dynamic max-pooling
may require more network parameters due to mul-
tiple pools. To check its usefulness, we investigate
more in Section 4.3.

4.3 Further Investigation on Dynamic
Max-Pooling

We conduct two experiments to understand whether
dynamic max-pooling always benefits XML-CNN.
The first experiment is a comparison between dif-
ferent numbers of pools. The second experiment
compares dynamic max-pooling with standard max-
pooling by using a similar total number of parame-
ters.8 The experiment results and more discussions
are in Appendix D.1 and Appendix D.2. The inves-
tigations tell us:
• Using too many pools may deteriorate the per-

formance.
• Under similar total numbers of parameters, stan-

dard max pooling is more preferable than dy-
namic max-pooling.
8For dynamic max-pooling, the output size t× d is propor-

tional to the pool size d. For standard max-pooling (d = 1),
we can enlarge the number of filters t to have a similar number
of parameters; see details in Appendix D.2.
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method EUR-Lex Wiki10-31K
P@1 P@3 P@5 P@1 P@3 P@5

XML-CNN-impl 77.39 62.32 51.28 83.98 70.03 60.18
XML-CNN-paper 78.94 65.77 54.15 84.70 71.80 61.03

AmazonCat-13K Amazon-670K
P@1 P@3 P@5 P@1 P@3 P@5

XML-CNN-impl 94.73 80.29 64.97 38.02 34.13 31.20
XML-CNN-paper 94.78 80.03 64.52 35.69 31.89 29.08

Table 6: Comparison between the two XML-CNN implementations. XML-CNN-impl is the actual implementation
of Liu et al. (2017). XML-CNN-paper is our implementation that follows Liu et al. (2017).

loss function hidden max-pooling EUR-Lex Wiki10-31K Notelayer
P@1 P@3 P@5 P@1 P@3 P@5

Eq. (3) N standard 72.78 59.84 49.94 80.70 64.83 55.43 Kim-CNN (Kim, 2014)
Eq. (4) N standard 80.93 66.38 55.34 82.78 68.07 57.63
Eq. (4) N dynamic 77.88 64.58 53.38 83.37 70.64 60.16
Eq. (4) Y standard 76.56 62.92 51.84 81.73 68.82 58.65
Eq. (4) Y dynamic 78.94 65.77 54.15 84.70 71.80 61.03 XML-CNN (Liu et al., 2017)

AmazonCat-13K Amazon-670K
P@1 P@3 P@5 P@1 P@3 P@5

Eq. (3) N standard 92.85 76.90 61.76 27.23 24.65 22.70 Kim-CNN (Kim, 2014)
Eq. (4) N standard 93.41 78.11 62.95 33.38 29.99 27.47
Eq. (4) N dynamic 93.65 78.56 63.41 34.61 30.91 28.25
Eq. (4) Y standard 94.73 79.64 63.94 33.86 30.27 27.69
Eq. (4) Y dynamic 94.78 80.03 64.52 35.69 31.89 29.08 XML-CNN (Liu et al., 2017)

Table 7: An ablation study of XML-CNN. For max-pooling, “standard” means the standard way of using the single
maximal value, while “dynamic” means to use Eq. (6).

4.4 What We May Claim about XML-CNN

We conclude our findings in this section as follows:

• Eq. (4) is indeed more suitable for multi-label
tasks than Eq. (3).

• For the hidden layer, there is a minor tradeoff
between the number of parameters and the per-
formance. A negative way to interpret this is that
introducing the hidden layer does not always
improve the performance. However, a positive
interpretation is that with a slight performance
loss, a hidden layer can effective reduce the num-
ber of parameters when the output size of the
pooling operation is large.

• Dynamic max-pooling is not as beneficial as in-
creasing the number of convolutional filters.

After our careful re-investigation, our suggestion
to future studies of XMTC is that instead of using
XML-CNN as a baseline, the following simpler
settings can be considered.

• If there is no memory concern, Kim-CNN is suit-
able for its similar performance to XML-CNN.

• Otherwise, a simplified version of XML-CNN
without dynamic max-pooling, namely Kim-

CNN with an additional hidden layer, is suffi-
ciently strong and space-efficient as the baseline.

5 Conclusion

This work aims to highlight the importance of val-
idating existing works. From the investigation of
XML-CNN, we learned that there are many pitfalls
when developing new architectures. We correct
the issues in the authors’ implementation, care-
fully re-examine the claims about XML-CNN and
recommend suitable baselines for future studies.
Though not proposing a new method, we hope this
work encourages the community to reproduce and
re-examine influential works. This may help the
community build future works on top of correct
materials.

6 Acknowledgement

This work is partially supported by ASUS Intel-
ligence Cloud Services and the Ministry of Sci-
ence and Technology of Taiwan via the grants
MOST 110-2628-E-002-013. We also thank the
National Center for High-performance Computing
(NCHC) of National Applied Research Laborato-

1994



ries (NARLabs) in Taiwan for providing computa-
tional resources.

References
Ashutosh Adhikari, Achyudh Ram, Raphael Tang, and

Jimmy Lin. 2019. Rethinking complex neural net-
work architectures for document classification. In
NAACL-HLT.

Takuya Akiba, Shotaro Sano, Toshihiko Yanase, Takeru
Ohta, and Masanori Koyama. 2019. Optuna: A next-
generation hyperparameter optimization framework.
In KDD.

Wei-Cheng Chang, Hsiang-Fu Yu, Kai Zhong, Yim-
ing Yang, and Inderjit S. Dhillon. 2020. Taming
pretrained transformers for extreme multi-label text
classification. In KDD.

Yubo Chen, Liheng Xu, Kang Liu, Daojian Zeng, and
Jun Zhao. 2015. Event extraction via dynamic multi-
pooling convolutional neural networks. In ACL.

Sander Dieleman, Jan Schlüter, Colin Raffel, Eben Ol-
son, Søren Kaae Sønderby, Daniel Nouri, et al. 2015.
Lasagne: First release.

Sayan Ghosh, Eugene Laksana, Stefan Scherer, and
Louis-Philippe Morency. 2015. A multi-label con-
volutional neural network approach to cross-domain
action unit detection. In ACII.

Yunchao Gong, Yangqing Jia, Thomas Leung, Alexan-
der Toshev, and Sergey Ioffe. 2014. Deep convolu-
tional ranking for multilabel image annotation. In
ICLR.

Yoon Kim. 2014. Convolutional neural networks for
sentence classification. In EMNLP.

Jie-Jyun Liu, Tsung-Han Yang, Si-An Chen, and Chih-
Jen Lin. 2021. Parameter selection: Why we should
pay more attention to it. In ACL.

Jingzhou Liu, Wei-Cheng Chang, Yuexin Wu, and Yim-
ing Yang. 2017. Deep learning for extreme multi-
label text classification. In SIGIR.

James Mullenbach, Sarah Wiegreffe, Jon Duke, Jimeng
Sun, and Jacob Eisenstein. 2018. Explainable predic-
tion of medical codes from clinical text. In NAACL.

Hao Peng, Jianxin Li, Yu He, Yaopeng Liu, Mengjiao
Bao, Lihong Wang, Yangqiu Song, and Qiang Yang.
2018. Large-scale hierarchical text classification
with recursively regularized deep graph-CNN. In
WWW.

Jeffrey Pennington, Richard Socher, and Christopher D.
Manning. 2014. Glove: Global vectors for word
representation. In EMNLP.

Yashoteja Prabhu, Anil Kag, Shrutendra Harsola, Rahul
Agrawal, and Manik Varma. 2018. Parabel: Par-
titioned label trees for extreme classification with
application to dynamic search advertising. In WWW.

Jost Tobias Springenberg, Alexey Dosovitskiy, Thomas
Brox, and Martin A. Riedmiller. 2015. Striving for
simplicity: The all convolutional net. In ICLR Work-
shop.

Ronghui You, Zihan Zhang, Ziye Wang, Suyang Dai,
Hiroshi Mamitsuka, and Shanfeng Zhu. 2019. At-
tentionXML: Label tree-based attention-aware deep
model for high-performance extreme multi-label text
classification. In NeurIPS.

1995

https://doi.org/10.18653/v1/n19-1408
https://doi.org/10.18653/v1/n19-1408
https://doi.org/10.1145/3292500.3330701
https://doi.org/10.1145/3292500.3330701
https://doi.org/10.1145/3394486.3403368
https://doi.org/10.1145/3394486.3403368
https://doi.org/10.1145/3394486.3403368
https://doi.org/10.3115/v1/p15-1017
https://doi.org/10.3115/v1/p15-1017
https://doi.org/10.5281/zenodo.27878
https://doi.org/10.1109/ACII.2015.7344632
https://doi.org/10.1109/ACII.2015.7344632
https://doi.org/10.1109/ACII.2015.7344632
http://arxiv.org/abs/1312.4894
http://arxiv.org/abs/1312.4894
https://doi.org/10.3115/v1/d14-1181
https://doi.org/10.3115/v1/d14-1181
https://doi.org/10.18653/v1/2021.acl-short.104
https://doi.org/10.18653/v1/2021.acl-short.104
https://doi.org/10.1145/3077136.3080834
https://doi.org/10.1145/3077136.3080834
https://doi.org/10.18653/v1/N18-1100
https://doi.org/10.18653/v1/N18-1100
https://doi.org/10.1145/3178876.3186005
https://doi.org/10.1145/3178876.3186005
https://doi.org/10.3115/v1/d14-1162
https://doi.org/10.3115/v1/d14-1162
https://doi.org/10.1145/3178876.3185998
https://doi.org/10.1145/3178876.3185998
https://doi.org/10.1145/3178876.3185998
http://arxiv.org/abs/1412.6806
http://arxiv.org/abs/1412.6806
https://proceedings.neurips.cc/paper/2019/hash/9e6a921fbc428b5638b3986e365d4f21-Abstract.html
https://proceedings.neurips.cc/paper/2019/hash/9e6a921fbc428b5638b3986e365d4f21-Abstract.html
https://proceedings.neurips.cc/paper/2019/hash/9e6a921fbc428b5638b3986e365d4f21-Abstract.html
https://proceedings.neurips.cc/paper/2019/hash/9e6a921fbc428b5638b3986e365d4f21-Abstract.html


A The Challenges of Reproducing Liu
et al. (2017)

A.1 Dataset

The authors evaluated XML-CNN on six datasets
from the Extreme Multi-Label Repository.9 Unfor-
tunately, some of the datasets have been changed
on the repository to different number of data/labels
(with a similar name). Furthermore, for some
of them, the repository does not provide the raw-
text documents, making it hard to preprocess the
documents to the embedding needed for XML-
CNN. Fortunately, we find the repository of Atten-
tionXML.10 (You et al., 2019) where two datasets
(EUR-Lex and Amazon-670K) of raw text match
the statistics of the datasets in the XML-CNN work.
We then choose the smaller EUR-Lex as the first
attempt to reproduce XML-CNN faithfully.

A.2 Evaluation

The released code includes only the training but not
the validation/evaluation procedure. In the original
paper (Liu et al., 2017), it is mentioned that 25%
of training data is reserved as the validation set
for hyperparameter selection. However, the details
such as how to generate the validation set, which
metric was considered in validation, and whether
they re-trained the model with the whole training
set are not specified in the paper. Therefore, we
cannot exactly replicate the results in Table 1. We
ran the released code and observed that with only
75% of training data, the results are always worse
than ones reported in Liu et al. (2017). Thus, we
presume that in Liu et al. (2017), the authors re-
ported the results of models trained on the whole
training set by using the selected hyperparameters.

A.3 Lasagne vs PyTorch

As mentioned in Sec 3.1, we implement a PyTorch-
based program that is as close to the released
Lasagne code as possible. We fix the common
hyperparameters such as the number of filters and
the dropout rate as ones provided in the authors’
implementation. Then we train the whole train-
ing set and follow their setting to report the test
scores at the 50-th epoch. The results of their and
our implementations are respectively shown in the

9http://manikvarma.org/downloads/XC/
XMLRepository.html

10The repository is free for non-commercial use. https:
//github.com/yourh/AttentionXML

second and the third rows in Table 8. The minor dif-
ferences between the scores are possible because
ensuring everything to be the same from the be-
ginning to the end is tremendously difficult. For
example, optimizers implemented in Lasagne and
PyTorch are not entirely the same. What we have
confirmed is that for the network part, under the
same input, the two implementations generate ex-
actly the same output and loss values. Therefore,
we conclude that our implementation can be used
together with theirs in checking the reproducibility.
However, both are still worse than the results of
Liu et al. (2017) in the first row of Table 8. This
fact encouraged us to investigate more on the data
processing step done in Liu et al. (2017).

A.4 Vocabulary Set

In Liu et al. (2017), the authors compared XML-
CNN with some linear-based algorithms, which
use bag-of-word (BOW) features to deal with doc-
ument inputs. The BOW features usually only con-
sider vocabularies with higher frequency to reduce
the dimensionality. To fairly compare XML-CNN
with linear models, the authors removed vocab-
ularies which are not used in the BOW features.
While the Extreme Multi-Label Repository pro-
vides BOW features of EUR-Lex and we assume
that they were used in Liu et al. (2017), the vo-
cabulary set of the BOW features is not accessible
now. Fortunately, we obtained from the repository
owner the vocabulary set used in generating their
BOW features. The results of XML-CNN with the
reduced vocabulary set are shown in the fourth and
the fifth rows in Table 8. By using the reduced
vocabulary set, the results of both Lasagne and Py-
Torch implementations are improved to be closer
to the ones in Table 1. As a result, we conclude that
the authors’ result on EUR-Lex can be reproduced,
though many issues must be addressed in the entire
process.

B Implementation Details of Section 3.2

To implement Eq. (6), we follow Adhikari et al.
(2019) to use AdaptiveMaxPool1d11 and consider
4 pools, i.e., d = 4. Notice that Eq. (6) does not
handle the situation where the sequence length is
not divisible by d. Adaptive max-pooling solve the
problem by allowing some overlapping between

11https://pytorch.org/docs/stable/
generated/torch.nn.AdaptiveMaxPool1d.
html
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Implementation Framework Vocabulary set P@1 P@3 P@5
Results reported in Liu et al. (2017) 76.38 62.81 51.41

Public code by Liu et al. (2017)’s authors Lasagne All 72.08 56.32 46.20
Our code mimicking the above PyTorch All 74.05 59.61 48.24
Public code by Liu et al. (2017)’s authors Lasagne Reduced 74.28 58.98 48.16
Our code mimicking the above PyTorch Reduced 75.50 60.47 49.38

Table 8: Reproducing results reported in Liu et al. (2017) on EUR-Lex by using the authors’ and our implementations.

parameter range
learning rate {0.0001, 0.0003,

0.001, 0.003, 0.01}
# of filters {96, 192, 384, 768}
embedding dropout {0.2, 0.4, 0.6, 0.8}
# pools {2, 8}
hidden layer {256, 512, 1024}
hidden layer dropout {0.2, 0.4, 0.6, 0.8}

Table 9: The range of hyperparameters used for selec-
tion.

pools. Therefore, it generates exactly d outputs
from documents with varying lengths.

C Details of Experimental Setup

From the hyperparameter ranges listed in Table 9,
we apply Optuna (Akiba et al., 2019) to select the
best hyperparameters from 48 random trials. In
the validation procedure, we optimize P@1 for
EUR-Lex, AmazonCat-13K, and Amazon-670K,
and P@3 for Wiki10-31K. We do not optimize P@1
for Wiki10-31K because there is a dominant class
that is associated with about 80% of data. Each trial
is stopped if the validation metric does not improve
for 10 epochs or when it reaches 50 epochs.

In the original papers of Kim-CNN and XML-
CNN, both described the use of filters with different
window sizes in the convolutional layer. In Kim
(2014) and Liu et al. (2017), filter sizes 3, 4, 5 and
2, 4, 8 are respectively used. However, as shown in
Table 10, using multiple filter sizes does not have
a significant benefit compared with using a fixed
filter size 8. Furthermore, among single filter-size
settings, the filter size 8 is generally competitive,
so we use it in our ensuing investigation.

The experiments are conducted on Azure with
an Nvidia Tesla V100 GPU, taking <1, <1, 6, 20
GPU hours for one trial on EUR-Lex, Wiki10-31K,
AmazonCat-13K, and Amazon-670K respectively.

D Further Investigation on Dynamic
MaxPooling

D.1 Effect of the Number of Pools

In dynamic max-pooling, a crucial hyperparameter
is the number of pools d. Nevertheless, in the pub-
lic code of the XML-CNN work (Liu et al., 2017),
due to the unusual setting in Eq. (7), d is not a fixed
number but depends on the document length. Con-
sequently, discussion about the number of pools is
lacking in the original work.

In Table 11, we conduct a comparison by us-
ing d ∈ {1, 2, 8, 32, 64}. On all datasets, d = 2
and d = 8 have the best performance. Increasing
the number of pools to more than 8 not only leads
to worse results on some problems, but also costs
more memory and training time. Our results indi-
cate that while the goal of dynamic max-pooling is
to extract multiple features from each CNN filter,
using too many pools may deteriorate the perfor-
mance instead.

D.2 Investigation on Dynamic Max-Pooling by
Fixing the Number of Parameters

As discussed in Sec 4.2, we noticed that the num-
ber of parameters in XML-CNN increases along
with the number of pools in dynamic max-pooling.
Assume the number of filters is t and the number
of pools is d. In XML-CNN, the total number of
filters after the pooling layer is t× d, while Kim-
CNN still only has t filters. It is unclear whether the
improvement of dynamic max-pooling is caused
by the richer information from multiple pools or
simply the larger number of parameters. We in-
vestigate this issue by comparing XML-CNN with
different numbers of pools but ensuring the similar
number of parameters. From Table 12, we observe
that XML-CNN with 1 pool (i.e., without dynamic
max-pooling) outperforms XML-CNN with 2 or
8 pools. The result reveals that the architectural
modification of dynamic max-pooling may not be
that useful.

Though increasing the number of filter also in-
troduced more parameters in CNN, the number is
negligible compared to the number of parameters in
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method filter sizes EUR-Lex Wiki10-31K AmazonCat-13K
P@1 P@3 P@5 P@1 P@3 P@5 P@1 P@3 P@5

Kim-CNN [2] 78.45 63.41 52.46 83.30 69.34 59.17 93.48 78.21 63.03
[4] 79.04 64.23 52.66 83.19 68.78 58.26 93.66 78.56 63.35
[8] 80.23 66.12 54.48 83.07 69.98 59.96 93.75 78.97 63.93
[2, 4, 8] 79.90 66.43 54.86 82.65 68.05 56.93 93.51 78.14 62.93

XML-CNN [2] 75.83 62.35 51.67 82.91 69.20 58.97 94.59 79.80 64.32
[4] 77.70 62.97 52.27 82.84 70.20 59.73 94.87 80.27 64.79
[8] 77.98 65.11 53.90 82.68 69.40 59.43 94.55 79.72 64.16
[2, 4, 8] 78.37 64.78 53.61 80.47 68.23 58.24 94.89 80.02 64.25

Table 10: P@K results of comparison between fixed filter size and multiple filter sizes.

# pools EUR-Lex Wiki10-31K AmazonCat-13K
P@1 P@3 P@5 P@1 P@3 P@5 P@1 P@3 P@5

d = 1 76.40 62.78 51.88 80.89 67.89 58.17 94.73 79.64 63.95
d = 2 77.98 65.11 53.90 82.68 69.40 59.43 94.55 79.72 64.16
d = 8 76.79 63.28 52.10 84.19 71.55 61.14 94.79 80.04 64.49
d = 32 66.57 52.51 42.56 82.94 69.20 59.20 94.46 79.45 63.78
d = 64 68.28 54.14 44.19 83.01 69.91 59.13 94.29 79.00 63.27

Table 11: Effect of number of pools in dynamic max-pooling

the output layer, where the output size L is usually
extremely large.

E NDCG results

This section shows NDCG@K results reported by
Liu et al. (2017) and in our experiments. Table 13
shows NDCG@K results reported by Liu et al.
(2017). Table 14 shows NDCG@K results cor-
responding to Table 4. Table 15 shows NDCG@K
results of our ablation study (Table 7). The obser-
vations from NDCG@K results are similar to those
from P@K results.
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# of filters # of pools EUR-Lex Wiki10-31K AmazonCat-13K
P@1 P@3 P@5 P@1 P@3 P@5 P@1 P@3 P@5

256 1 76.66 63.70 52.64 83.07 69.35 58.89 94.52 79.66 64.23
128 2 77.36 62.93 51.79 83.62 68.92 58.35 94.34 79.51 64.14

1024 1 78.37 65.65 54.42 83.42 70.66 60.50 94.90 80.29 64.79
128 8 75.91 62.12 51.33 84.11 69.94 59.22 94.30 79.50 64.13

Table 12: A comparison between different settings of XML-CNN with the same number of parameters.

RCV1 Amazon-670K
N@1 N@3 N@5 N@1 N@3 N@5

Kim-CNN-Eq.(3) 93.54 88.2 87.26 15.19 14.6 14.12
XML-CNN 96.88 92.63 92.22 35.39 33.74 32.64

EUR-Lex Wiki-30K
N@1 N@3 N@5 N@1 N@3 N@5

Kim-CNN-Eq.(3) 42.84 36.95 33.83 78.93 60.52 51.96
XML-CNN 76.38 66.28 60.32 84.06 76.35 68.94

Amazon-12K Wiki-500K
N@1 N@3 N@5 N@1 N@3 N@5

Kim-CNN-Eq.(3) 90.31 83.87 81.21 23.38 15.45 13.64
XML-CNN 95.06 89.48 87.06 59.85 48.67 46.12

Table 13: NDCG@K results reported in Liu et al. (2017), where Kim-CNN-Eq.(3) indicates the setting to optimize
Eq. (3) rather than Eq. (4).

Method
CNN sweeping
direction

Dynamic
Max-pooling

N@1 N@3 N@5 Note

Kim-CNN embeddings N/A 45.38 36.72 33.04 Actual implementation of Liu
et al. (2017)

Kim-CNN words N/A 75.83 64.75 58.93 Procedure described in Kim
(2014)

XML-CNN embeddings Eq. (7) 75.96 64.31 58.20 XML-CNN-impl: actual imple-
mentation of Liu et al. (2017)

XML-CNN words Eq. (7) 58.09 48.30 43.81
XML-CNN embeddings Eq. (6) 63.03 51.92 46.88
XML-CNN words Eq. (6) 75.73 65.31 59.54 XML-CNN-paper: procedure de-

scribed in Liu et al. (2017)

Table 14: NDCG results of different implementations of the convolutional layer and dynamic max-pooling for
Kim-CNN and XML-CNN.
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loss function hidden max-pooling EUR-Lex Wiki10-31K Notelayer
N@1 N@3 N@5 N@1 N@3 N@5

Eq. (3) N standard 72.78 63.12 58.03 80.70 68.40 60.95 Kim-CNN (Kim, 2014)
Eq. (4) N standard 80.93 70.07 64.42 82.78 71.48 63.39
Eq. (4) N dynamic 77.88 67.93 62.13 83.37 73.61 65.61
Eq. (4) Y standard 76.56 66.40 60.60 81.73 71.81 64.01
Eq. (4) Y dynamic 78.94 69.11 63.09 84.70 74.84 66.61 XML-CNN (Liu et al., 2017)

AmazonCat-13K Amazon-670K
N@1 N@3 N@5 N@1 N@3 N@5

Eq. (3) N standard 92.85 85.90 83.50 27.23 26.02 25.20 Kim-CNN (Kim, 2014)
Eq. (4) N standard 93.41 87.03 84.77 33.38 31.70 30.60
Eq. (4) N dynamic 93.65 87.41 85.22 34.61 32.69 31.49
Eq. (4) Y standard 94.73 88.68 86.20 33.86 32.03 30.88
Eq. (4) Y dynamic 94.78 88.99 86.72 35.69 33.72 32.45 XML-CNN (Liu et al., 2017)

Table 15: An ablation study of XML-CNN evaluated by NDCG@K. For max-pooling, “standard” means the
standard way of using the single maximal value, while “dynamic” means to use Eq. (6).
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Abstract

The recent transition to the online educational
domain has increased the need for Automatic
Short Answer Grading (ASAG). ASAG auto-
matically evaluates a student’s response against
a (given) correct response and thus has been a
prevalent semantic matching task. Most ex-
isting methods utilize sequential context to
compare two sentences and ignore the struc-
tural context of the sentence; therefore, these
methods may not result in the desired perfor-
mance. In this paper, we overcome this prob-
lem by proposing a Multi-Relational Graph
Transformer, MitiGaTe, to prepare token rep-
resentations considering the structural con-
text. Abstract Meaning Representation (AMR)
graph is created by parsing the text response
and then segregated into multiple subgraphs,
each corresponding to a particular relationship
in AMR. A Graph Transformer is used to pre-
pare relation-specific token embeddings within
each subgraph, then aggregated to obtain a sub-
graph representation. Finally, we compare the
correct answer and the student response sub-
graph representations to yield a final score. Ex-
perimental results on Mohler’s dataset show
that our system outperforms the existing state-
of-the-art methods. We have released our im-
plementation1, as we believe that our model
can be useful for many future applications.

1 Introduction

Grading student work is critical for assessing their
course understanding. However, answer grading
can become monotonous and tedious for teachers.
Automatic Short Answer Grading (ASAG) task is
to assign ordinal scores to student answers, given

† This research work is supported by Extramarks Edu-
cation India Pvt. Ltd. (an education technology company).
Last Author acknowledges the support of Infosys Center of
AI IIITD and iHuB Anubhuti.

∗ Equal contribution
1https://github.com/kvarun07/asag-gt

Refining the solution

All stages are influenced except 
setting the program requirements.  If 
a test fails, it can change the whole 
design, implementation, etc of a 
program.

Directly: Refining, coding.  Because 
Refining is right before the Testing 
Phase and Coding is right after the 
Testing Phase.  Indirectly: 
Production, Maintenance. 

Refining the solution, Production 
and Maintenance are all influenced 
by the Testing stage. 

What stages in the software life cycle are 
influenced by the testing stage?

The testing stage can influence both the coding stage (phase 5) 
and the solution refinement stage (phase 7)

Student A Score: 5/5

Student C Score: 3/5 Student D Score: 1.5/5

Model Answer

Student B Score: 4/5

Question

Figure 1: A motivating example for using multiple rela-
tions in automatic short answer grading.

some ‘model’ answer by an academician or instruc-
tor. Figure 1 presents a sample question, model
answer, and student answers from an undergradu-
ate computer science course (Mohler et al., 2011).
One of the early approaches for solving the ASAG
task has been to build models based on human-
designed features (Mohler et al., 2011; Sultan et al.,
2016). Recent works utilize deep learning meth-
ods such as convolutional neural networks (CNNs),
long short-term memory networks (LSTMs), Trans-
former (Vaswani et al., 2017) to learn the represen-
tation of student responses and to avoid designing
features manually (Alikaniotis et al., 2016; Has-
san et al., 2018; Kumar et al., 2017; Riordan et al.,
2017; Yang et al., 2018). Due to semantic het-
erogeneity, the main problem in assessing student
responses given instructor-provided model answers
is a complex natural language understanding task
(the same answer could be articulated in different
ways)(Gomaa et al., 2013).

We hypothesise that a student’s answer will be
considered correct if the keywords in the answer
are in the right relationship with the corresponding
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words from the model answer. As can be seen from
Figure 1, Student A is awarded full marks because
the words like Testing Phase and Coding are ade-
quately associated with words in the model answer
like testing stage and coding phase. However, other
students are awarded partial marks because not a
lot of words in those correspond to some relation
in the model answer, i.e. the decreasing score cor-
responds to the decreasing number of relations in
the model answer being captured in the student re-
sponse. This motivates us to incorporate structural
relationship context information for effective com-
parison. We discuss the various types of relations
captured in detail in the further sections.

This paper applies the principle of short text
matching to solve the problem of grading short
subjective student’s response. The key steps for
textual matching are efficient textual representa-
tion, followed by semantic matching. In literature,
we see that short text matching is broadly based
on two approaches: sequence-based and structure-
based. Sequence-based models fully exploit se-
mantic information of sentences without incorpo-
rating syntactic information (Mueller and Thya-
garajan, 2016), (He et al., 2015; Cer et al., 2018;
Conneau et al., 2017; Agirre et al., 2014). Re-
cent works by (Vashishth et al., 2019; Croce et al.,
2011; Severyn et al., 2013) have found that the
structural information of sentences is beneficial
for sentence representation. Therefore, structure-
based neural networks (Le et al., 2018; Yao et al.,
2019; Huang et al., 2019), (Defferrard et al., 2016;
Liu et al., 2020) exhibit better performance than
sequence-based models. Graph Convolutional Net-
work (GCN) (Kipf and Welling, 2016) can extract
semantic and syntactic information of sentences
simultaneously from the graph. GCN first propa-
gates information among nodes and their neighbors
and then provides node representation by aggre-
gating the received information. However, GCNs
are designed for homogeneous graphs and cannot
handle different types of nodes and relationships in
the graph. Recently there have been attempts to ex-
plore relationships in the graphs. Schlichtkrull et al.
(2018) introduces RGCN to handle relationships
in knowledge graphs by using specific matrices for
each relationship. Nevertheless, it focuses only on
characteristics of the relations and does not study
different types of features associated with a node.

This paper introduces a Multi-Relational Graph
Transformer (MitiGaTe) for ASAG to incorporate

the structural context. We first transform a sentence
into an Abstract Meaning Representation (AMR)
graph (Banarescu et al., 2013). AMR parses a
sentence into a rooted directed graph. Then sub-
graphs are prepared corresponding to the relation-
ships (types of edges) in the original AMR graph.
For each subgraph, MitiGaTe prepares relation-
specific token representations and aggregates them
to obtain a subgraph representation. Finally, these
relation-enriched subgraph representations of the
student and the model answer are matched using
multi-perspective matching (Wang et al., 2017) and
the matching result yields the student score. We
evaluate our model on the benchmark Mohler’s
dataset (Mohler et al., 2011) and it outperforms the
current state of the art models.

Our main contributions can be summarized as
follows:

1. We propose a Graph Transformer-based tech-
nique to incorporate relation-enriched struc-
tural information for ASAG.

2. We also demonstrate that including the se-
mantic representation of a relationship in the
preparation of token embeddings improves the
model’s overall performance.

3. We perform a case study to show that Miti-
GaTe can provide reasonable feedback to stu-
dents explaining the (in)correct parts of the
student answer.

4. MitiGaTe is evaluated through extensive ex-
periments on a benchmarking dataset. The
experimental results verify our proposed
model’s performance.

2 Related Work

ASAG: Traditional methods utilize handcrafted fea-
tures, such as lexical similarity features (Dzikovska
et al., 2013), graph alignment features (Mohler
et al., 2011), n-gram features (Heilman and Mad-
nani, 2013), soft cardinality text overlap features
(Jimenez et al., 2013), averaged word vector text
similarity features (Sultan et al., 2016) and other
shallow lexical features (Ott et al., 2013). More
recently, deep learning approaches have been
utilized for the automatic short answer scoring
task. Mueller and Thyagarajan (2016) proposed
a siamese adaptation of the LSTM network for la-
belled data comprised of pairs of variable-length
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sequences. Zhao et al. (2017) proposed an effi-
cient memory networks-powered automated scor-
ing model. Riordan et al. (2017) explored sim-
ple LSTM and CNN-based architectures for short
answer scoring. Kumar et al. (2017) proposed a
method involving Siamese biLSTMs, a novel pool-
ing layer based on the Sinkhorn distance between
LSTM state sequences, and a support vector ordinal
output layer. However, the approaches mentioned
above do not incorporate the structural information,
and as a result, the matching performed is partly in-
adequate (Croce et al., 2011; Severyn et al., 2013).

Application of GCN on NLP: GCN is a simplified
graph neural network (GNN) introduced by (Kipf
and Welling, 2016) to perform semi-supervised
classification. In NLP, GCN is mainly explored in
tasks such as semantic role labeling (Marcheggiani
and Titov, 2017), machine translation (Bastings
et al., 2017). Yao et al. (2019) first model a whole
corpus as a graph where documents and words are
regarded as nodes. However, most GNNs were
designed for homogeneous graphs and could not
handle different nodes and relations in heteroge-
neous graphs.

Unlike the existing methods, we consider the
role of relations to improve the learning of more
fine-grained node representation.

3 Methodology

We formally define the ASAG short text matching
problem as follows: Given two sentences AM =
{wM1 , wM2 , . . . } and AS = {wS1 , wS2 , . . . }, where
AM and AS refers to Model and Student answer
respectively with w as words in the sentence, the
goal of a text-matching model f(AM ,AS) is to
compute the semantic similarity of AM and AS .

In this section, we discuss a graph-based match-
ing model. To create graphs from the input sen-
tences, we first parse each sentence into an AMR
graph (Section 3.1). Further, we prepare subgraphs
Gsub from AMR graphs corresponding to each re-
lation (Section 3.2). The intuition behind subgraph
splitting is to get relation-enriched structural infor-
mation which can improve matching performance
and interestingly can be used to provide a reason-
able feedback to students (Section 5.5). We then
create relation-specific token representation hw,r
from each subgraph and aggregate them to a final
subgraph representation denoted as gϕr,M for model

and gϕr,S for student answer (Section 3.3). Lastly,

we compare them in Section 3.4 to predict the grad-
ing score in Section 3.5.

As shown in Figure 3, our model consists of
five layers namely, Text to AMR conversion, Sub-
graph preparation layer, Graph Transformer En-
coder layer, Subgraph matching layer and lastly,
score prediction layer. We discuss each layer be-
low.

3.1 AMR Parsing

The meaning of a sentence is represented by AMR
as a rooted directed graph. Here, nodes repre-
sent the concepts or predicates and are not always
directly related to words. Edges in AMR repre-
sent the relations between concepts such as sub-
ject/object. AMR provides a high-level abstraction
by capturing meaningful content but ignores func-
tional and inflectional words in a sentence (Xu
et al., 2021).

We choose AMR over dependency parser for
sentence parsing because unlike the dependency
structure of a sentence where each word token is a
node in the dependency tree, AMR concepts and
relations abstract away from actual word tokens.
Content words generally become concepts while
function words either become relations or get omit-
ted if they do not contribute to the meaning of
a sentence, which is more intuitive and suitable
for the ASAG task, unlike dependency parser that
merely extracts grammatical relations between en-
tities. Further, the AMR parser parses semantically
similar but syntactically dissimilar answers into
nearly similar graphs, which ensures that students
who answer differently are not penalised.

We use the AMR Model API2 from amrlib li-
brary to create AMR graphs G = (V, E) of a given
input sentence S. Each node v ∈ V in the AMR
graph represents a concept or predicate. Edge ei,j
denotes the specific relation type between nodes
vi and vj . The details are dicussed in Section 4.2.
AMR Graphs for student answers in Figure 1 are
shown in Appendix A.

3.2 Subgraph Preparation Layer

We transform the original AMR graph into sub-
graphs based on the number of relations or types
of edges in the graph. All the subgraphs have the
same number of nodes as the original graph. How-
ever, only a particular type of edge is enabled, and

2https://bit.ly/amrlibrary
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A location in memory that can 
store a value

Model Answer 

Student Answer 

A block of memory that holds a 
specific type of data

Figure 2: Example to show subgraph splitting and intuition behind using AMR for ASAG task. Similar relations in
model and student answers have similar structures. Example, location and store in model answer are connected as
A0 and similarly block and hold in student answer are connected with A0. This applies to other relations as well.

all other types of edges are disabled in the subgraph
corresponding to relation r.

We first group all edge types into one to get a
homogeneous subgraph referred to as the default
subgraph default. The default subgraph is an undi-
rected graph that contains the complete connected
information in the original graph. Then we split the
input graph into multiple subgraphs according to
the edge types. Figure 2 demonstrates the subgraph
preparation by an example.

AMR uses approximately 100 different relations
to capture the semantics. Thus, it would be in-
efficient to capture all these relations in separate
subgraphs as many of these occur rarely. In this
work, we have used ARG1 and ARG0 relations to
capture primary information, and all remaining re-
lations are grouped as an other relation. We will
be denoting ARG1 and ARG0 relations as A1 and
A0 for the scope of this paper.

With reference to the PropBank3 guidelines, the
A0 label is assigned to arguments which are under-
stood as agents, causers or experiencers. The A1

label is usually assigned to the patient argument,
i.e. the argument which undergoes the change of
state or is being affected by the action. The other
category could include relations for quantities like
:unit, date-entities like :time, and semantic
relations like :consist-of. More information
about the various types of relations captured by
AMR can be found in the original paper (Banarescu
et al., 2013).

3https://verbs.colorado.edu/~mpalmer/
projects/ace/PBguidelines.pdf

Hence, we can denote the collection of these
subgraphs as Gsub, where,

Gsub = {default, A0, A1, other} (1)

3.3 Preparing Node and Subgraph
Representation

In this layer, we prepare a relation-specific sub-
graph representation that reflects the characteristics
of tokens in a particular relation. We perform two
steps: firstly, we prepare relation-specific node rep-
resentation using Graph Transformer and secondly,
all relation-specific node representations are aggre-
gated into a relation-specific subgraph representa-
tion. Below we discuss the process for tokens in
AM and the same process is applied to AS .

3.3.1 Relation-Specific Node Representation
Our model is adapted from the Transformer model
introduced by (Vaswani et al., 2017). It is a
sequence-to-sequence neural architecture origi-
nally used for neural machine translation. It uses
encoder-decoder architecture. The encoder consists
of two sublayers: a self-attention mechanism and
a position-wise feed-forward network. The self-
attention mechanism employs H attention heads,
and each of them learns a distinct attention func-
tion. Finally, the outputs of all attention heads
are concatenated, followed by feed-forward lay-
ers, residual connections and normalization. The
encoder computes the token representations iter-
atively using the output of the previous layer as
input.
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                    AMR

Subgraph Splitting Layer

GTE GTE GTE GTE GTE GTE GTE GTE

Subgraph Splitting Layer

Layer 5 

Layer 4 
Subgraph Matching 

Layer 3 
Graph Transformer Encoder

Layer 2
Subgraph Split

Layer 1 
Text to AMR

def defA0 A1 A1A0other other

                    AMR

Score

Score Prediction

Figure 3: The framework of the proposed model MitiGaTe employs Graph Transformer for learning the structural
context of a sentence. Please refer to Section 3 for more details.

Transformer (Vaswani et al., 2017) treats the
sentence as a fully-connected graph. In MitiGaTe,
we mask the non-neighbor nodes’ attention while
updating each node’s representation. Specifically,
we mask the attentionwij for node j ̸∈ N+

i , where
N+
i is the set of neighbors of node i in the graph

including self-loop.
So given the input sequence x = (x1, . . . , xn),

the output representation of node i, denoted as hl+1
i

for l + 1th layer is computed as follows:

hl+1
i = Olh||Hk=1(

∑

j∈N+
i

wk,lij V
k,lhlj) (2)

el+1
ij = Ole||Hk=1(ŵ

k,l
ij ) (3)

wk,lij = softmaxj(ŵ
k,l
ij ) (4)

ŵk,lij = (
Qk,lhli ·Kk,lhlj√

dk
) · Ek,lelij (5)

where Qk,l, Kk,l, V k,l, Ek,l ∈ Rdk×d, Olh, Ole
∈ Rd×d are trainable parameter matrices, k = 1 to
H denotes the number of attention heads and || de-
notes concatenation. Following (Dwivedi and Bres-
son, 2020) we explicitly incorporate edge represen-
tation elij to improve attention weights wk,lij . This
above mentioned process of Graph Transformer is
applied for each relation r ∈ Gsub. For brevity, we
denote node representation of the last layer as hw,r

where w represents a word and r denotes a specific
relation.

A side point to note is that a subgraph has a sin-
gle type of edge (a homogeneous graph), and there-
fore elij is the same within a Graph Transformer
corresponding to relation r. However, elij gets up-
dated over the layers similar to node representation
hli. We think that it stores a semantic represen-
tation of a relation which helps in improving the
predictions as described in Section 5.3.

3.3.2 Relation-Specific Subgraph
Representation

In particular, this component takes hw,r, r ∈ Gsub
and computes relation-specific subgraph represen-
tation gϕr as a mean of hw,r using following equa-
tion:

gϕr,M =

∑
w∈AM hw,r

||AM ||
,∀r ∈ Gsub (6)

where ||AM || denotes the length of the sentence
or the number of nodes in a subgraph. Similarly,
we create gϕr,S for the subgraphs associated with
student textual sentence.

3.4 Graph Matching Layer

After obtaining all the subgraph representations
which have syntactically and semantically rich in-
formation, we utilize the multi-perspective cosine
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distance (Wang et al., 2017) to compare gϕr,M and

gϕr,S

Dr,k = cosine(wcosk ⊙ gϕr,M , wcosk ⊙ g
ϕ
r,S) (7)

D = [D,Dr,k] (8)

Where k ∈ {1, 2, . . . , P} (P is number of perspec-
tives). wcosk is a parameter vector, which assigns
different weights to different perspectives. With P
perspectives d1, d2, . . . , dP , the Dr,k is updated to
P size. The concatenation of two vectors is denoted
using [., .], whereD is initialized with aNull value
and later it stores the concatenated value of allDr,k.
D stores the matching score for all relation-specific
subgraphs.

3.5 Score Prediction Layer
Student score Score is calculated by using a fully
connected layer FFN which takes D as input and
has an output layer of a single dimension.

Score = FFN(D) (9)

During training phase we have used RMSE loss,
where yi and ŷi represents the ground truth and
predicted values respectively.

RMSE =

√√√√ 1

n

N∑

i=1

(yi − ŷi)2 (10)

4 Experimental Setup

4.1 Dataset
In our experiments, we use the Mohler’s dataset
(Mohler et al., 2011). It consists of 80 questions
of an undergraduate Data Structures course. 2273
student responses are recorded in the dataset, which
is evaluated independently by two academicians.
We have considered the average scores as model
scores. The score lies within a range of 0 to 5. We
have considered it as a regression problem.

4.2 Data Processing
As described in section 3.1, we use the Model API
from the amrlib library to create Abstract Meaning
Representation graphs G = (V, E) of a given input
sentence S.

It is crucial to note that we consider the AMR
representation as undirected while constructing the
adjacency list. This can be intuitively justified as
if there exists a relation (say A0) between wa and

wb (wa → wb) the same relation justifies wb →
wa, and could thus be helpful in the final score
prediction.

When we parse an original sentence S =
{w1, w2, . . . wn}, we get a directed AMR graph.
Our next step is to convert the AMR to a Net-
workX4 graph. While creating the NetworkX
graphs, the GloVe5 embeddings for all the words i.e.
the nodes in the AMR graph, are embedded as fea-
tures in the NetworkX graph. We apply Principal
Component Analysis (PCA) (Abdi and Williams,
2010) on the original 300D Glove embeddings to
reduce it to a lower dimension. Before feeding into
the graph transformer, we convert all the NetworkX
graphs to DGL format6. A similar procedure is re-
peated for all subgraphs.

It is noteworthy that in some cases, AMR rep-
resentation contains certain phrases like have −
degree, which is actually a combination of
two or more words (have and degree). Such
phrases/words don’t have a GloVe representation
and are thus treated as out-of-vocabulary.

4.3 Parameter Settings
The graph transformer has 2 layers since it gives the
best results as observed in preliminary experiments.
We use 4 attention heads as we observed that
the model performance deteriorates if more/fewer
heads are used as described in Section 5.4. We have
also added self-loops to include each graph node
while updating its representation. The subgraph
representation is the mean of node representations.
We use P = 16 in the graph matching layer, where
P is the number of perspectives defined in Section
3.4.

We employ the RMSProp optimizer to minimize
RMSE loss. The batch size is set to 128 and the
initial learning rate to 0.0007. The ‘ReduceLROn-
Plateau’ scheduler is used to reduce the learning
rate by a factor of 0.5 when the loss stagnates, with
a patience level of 15 epochs. Our implementation
uses PyTorch 7, a popular deep learning framework
in Python. All experiments are run on Intel Xenon
CPU with 1 Nvidia Quadro P5000 GPU.

4.4 Baselines and Metrics
For evaluating MitiGaTe on (Mohler et al., 2011)
dataset, we compare against the following base-

4https://github.com/networkx/networkx
5https://bit.ly/glove300D
6https://www.dgl.ai/
7https://pytorch.org/
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lines. BOW (Mohler et al., 2011) is a simple
model based on Bag Of Words. Tf-idf (Mohler
et al., 2011) is a simple tf-idf similarity between
AM and AS . Sultan et al. (Sultan et al., 2016), a
fast, simple and high performance system which
uses Random Forest classifier. Kumar et al. (Ku-
mar et al., 2017) uses a Siamese LSTM network.
Word2Vec, GloVe and FastText (Gaddipati et al.,
2020) are context independent token embedding
models. ELMO, GPT, BERT and GPT-2 (Gaddi-
pati et al., 2020) are deep learning based context
based token embedding models. GCN (Kipf and
Welling, 2016) performs homogeneous graph con-
volutions. GAT (Hamilton et al., 2017) performs
the attentive weighted sum to update node repre-
sentation. GraphSAGE (Hamilton et al., 2017) is
a framework for inductive representation learning.
All GNN baselines use the default subgraph as in-
put, and have 2 layers. RGCN (Schlichtkrull et al.,
2018) employs relation specific transformation ma-
trix to incorporate relations in the graph.

We use Root mean square error (RMSE) for per-
formance evaluation, which gives a fair assessment
of students’ responses. A lower metric value corre-
sponds to better model.

5 Results and Analysis

In this section, we attempt to answer following
questions: RQ1. How does each subgraph influ-
ence the final results? (Section 5.2) RQ2. Does
incorporating edge representation while comput-
ing node representation improve the final results?
(Section 5.3) RQ3. Can MitiGaTe provide feed-
back to students i.e. Why did a student lose marks?
(Section 5.5)

5.1 Results on Mohler’s Data

Table 1 presents the results of our model on the
Mohler’s dataset. We can see that our model out-
performs all of the previous models by a significant
margin. It demonstrates the importance of incor-
porating relation-enriched structural context in the
tokens for effective text comparison. The existing
baseline models can be categorized as (i) Hand-
crafted features (ii) Deep Learning-based models
(iii) Word Embeddings based on sequential con-
text information (iv) Graph-based, which store the
structural information and relationship information.

ELMo outperforms the other transfer learning
models. It is fundamentally a direct result of the
capacity of the model to assign context-dependent

Model Features RMSE

BOW
SVM Rank 1.042
SVR 0.999

tf-idf SVR 1.022
Sultan LR + SIM 0.887
Kumar Siamese 0.830

Word2Vec
SOWE 1.025
SIM+Verb 1.016

GloVe
SOWE 1.036
SIM+Verb 1.002

FastText
SOWE 1.023
SIM+Verb 0.956

ELMO SOWE 0.978
GPT SOWE 1.082
BERT SOWE 1.057
GPT-2 SOWE 1.065
GCN HG 0.991
GAT AWG 0.974
GraphSAGE HG 0.986
RGCN HtG 0.892
MitiGaTe MRGT 0.762

Table 1: MitiGaTe Evaluation on Mohler Dataset
(Mohler et al., 2011). SVM = Support Vector Machine,
SVR = Support Vector Regression; LR = Length Ratio
between desired answer and student answer; SIM = Sim-
ilarity score; SOWE = Sum Of Word Embeddings; HG
= Homogeneous Graph; AWG = Attention Weighted
Graph, HtG = Heterogeneous Graph, MRGT = Multi-
relational Graph Transformer.

word-vectors. RGCN performs better than other
graph-based baselines because it incorporates the
relation-specific information in the form of a hetero-
geneous graph. Nevertheless, it focuses only on the
characteristics of the relations and does not study
different types of features associated with a node.
Our results establish that incorporating the relation-
enriched structural information (MitiGaTe) con-
tributes to significant performance improvement in
the downstream task. This observation is generic
and can be applied to different applications beyond
ASAG.

5.2 Influence of Subgraphs

In this section, we investigate how each subgraph
influences the final results of our best model Mit-
iGaTe. Table 2 shows the effect of using differ-
ent combinations of relation-specific subgraphs on
the result. Using only the default subgraph im-
plies that the model does not consider the relational
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Model RMSE
MitiGaTe 0.762

Only default 0.968
Only A0 1.017
Only A1 1.020

Only other 1.144
Only default+ other 1.178

Only default+A1 0.949
Only default+A0 0.872

MitiGaTe - A0 0.925
MitiGaTe - default 0.888

MitiGaTe - A1 0.816
MitiGaTe - other 0.794

Table 2: Influence of relation-specific subgraphs on
performance. MitiGaTe uses default + A0 + A1 +
other subgraphs.

information in inputs, i.e., considers a simple ho-
mogeneous graph. We see that it performs better
than GCN (mentioned in Table 1) because it uses
a Graph Transformer encoder. On using A0, A1

and other subgraphs separately, the model perfor-
mance degrades as they capture a subset of the
relations captured by default.

Using the default subgraph along with the pri-
mary relations A0 and A1 improves the perfor-
mance because incorporating multiple relations
supplements the syntactic and semantic informa-
tion. We think that the reason for performance
degradation to 1.178 RMSE on using the other sub-
graph along with default, is that we have stored
all remaining relations available in the AMR under
the other class.

Furthermore we can observe that on removing
the individual subgraphs one-by-one from Miti-
GaTe, the performance deteriorates in all cases.
These results corroborate the hypothesis that utiliz-
ing multi-relational information helps in improv-
ing the overall outcomes. The relation A0 stores
the information related to agents or causers, and
therefore it influences the results the most.

5.3 Influence of Edge Representations

Table 5.3 demonstrates that incorporating the edge
representations in the graph transformer certainly
helps in improving the attention weights, and there-
fore the overall results have improved significantly.
The edge embeddings are initialized with random
values, but they get updated in the layers of the
graph transformer. As stated earlier, we expect

that the edge embeddings store a relation’s seman-
tic representation. From the results, we can infer
that a relation’s semantic representation plays an
essential role in the overall process.

Model RMSE
MitiGaTe w/o edge representation 0.864
MitiGaTe w/ edge representation 0.762

5.4 Analysis of Parameters

We study the impact of the number of transformer
layers and attention heads on MitiGaTe. The results
are summarized in Figure 4. We vary the number
of layers keeping the number of heads fixed as 4.
The performance first improves with increasing lay-
ers as a deeper model receives better information
from multi-hop neighbors. However, too many lay-
ers lead to performance degradation, and we see
that this is due to the over-smoothing problem dis-
cussed by (Li et al., 2018). Next, the number of
attention heads is varied keeping the number of
layers fixed as 2. We observe that more attention
heads improve the performance during training but
are redundant during the testing. This is consistent
with the observation of (Michel et al., 2019).

1 2 3 4 5
Layers

0.80

0.85

0.90

0.95

R
M

SE

1 2 4 8
Heads

0.80

0.85

0.90

R
M

SE

Figure 4: Effect of parameters on RMSE (Layers,
Heads).

5.5 Case Study: Feedback to Students

In addition to scoring a student response, a sig-
nificant focus of the human evaluation is giving
feedback on why a student lost marks. MitiGaTe
matches tokens at the relation-level as illustrated
in Figure 5. Student C scored 3/5 because of the
corresponding matching of words belonging to the
same relation in student and model answers. There
exists the same relation A1 between words refine
and solve, in model answer and words refine and
solution in student answer. Similarly the other and
A0 relations have been highlighted in the Figure 5.
However, the student loses marks because there are
a few relationships between words like code and
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Refining the solution, Production and Maintenance are all influenced by the 
Testing stage. 

test

Question

What stages in software life cycle are
 influenced by testing stage?

The testing stage can influence both the coding stage (phase 5) and the 
solution refinement stage (phase 7).

Model Answer

Student C Score: 3/5Model Answer

Student C Score: 3/5

possible and

code

test

s2/stage
influence

refine

mean

p2/phase

solve

5
7

p1/phase

s3/stage

stage

stage

and

all

influence

produce

maintain

refine

solution

Figure 5: Example from Figure 1, demonstrating how
the model performs matching at the relation-level. The
green, red and blue color edges indicate A0, A1, other
relations respectively. Dotted lines denote the relation-
specific token matching. Grey nodes indicate the miss-
ing content, and pink nodes denote the extra informa-
tion provided in student answer.

phase in the model answer, which are not present
in the student response. These relations can be
used to highlight the (in)correct parts of the student
answer. We see that the relational matching infor-
mation intuitively acts as feedback to explain the
final scores.

6 Conclusion

In this paper, we have proposed MitiGaTe for
ASAG. It prepares token embeddings considering
the structural context of a sentence and thus pro-
vides a more efficient matching method by consid-
ering multiple relations at a granular level. Exper-
imental results show that MitiGaTe outperforms
the existing ASAG systems by a significant margin,
and can be extended to give an intuitive feedback
to explain the provided score.

In the future, we would like to investigate how
to deal with long and multi-lingual answers. Our
approach uses an AMR graph, and thus such tasks
will need a compatible AMR parser. We also aim to
incorporate the explainability of the final scoring to
generate more comprehensive evaluator feedback.
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A AMR Representation

In this section, we demonstrate the generated AMR
graphs of the model and student answers shown in
Figure 1.
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Figure 7: Student A: Directly: Refining, coding. Be-
cause Refining is right before the Testing Phase and
Coding is right after the Testing Phase. Indirectly: Pro-
duction, Maintenance.
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Abstract

Event schema depicts the typical structure of
complex events, serving as a scaffolding to ef-
fectively analyze, predict, and possibly inter-
vene in the ongoing events. To induce event
schemas from historical events, previous work
uses an event-by-event scheme, ignoring the
global structure of the entire schema graph. We
propose a new event schema induction frame-
work using double graph autoencoders, which
captures the global dependencies among nodes
in event graphs. Specifically, we first extract
the event skeleton from an event graph and de-
sign a variational directed acyclic graph (DAG)
autoencoder to learn its global structure. Then
we further fill in the event arguments for the
skeleton, and use another Graph Convolutional
Network (GCN) based autoencoder to recon-
struct entity-entity relations as well as to detect
coreferential entities. By performing this two-
stage induction decomposition, the model can
avoid reconstructing the entire graph in one
step, allowing it to focus on learning global
structures between events. Experimental re-
sults on three event graph datasets demonstrate
that our method achieves state-of-the-art perfor-
mance and induces high-quality event schemas
with global consistency. 1

1 Introduction

Event Schema (Chambers and Jurafsky, 2008, 2009;
Balasubramanian et al., 2013; Nguyen et al., 2015;
Modi et al., 2016; Li et al., 2021) is induced from
historical events to describe the common or stereo-
typical evolution pattern of complex events. Figure
1b shows an example schema of complex event
“IED-bombing” (Improvised Explosive Device),
where multiple events are inter-connected via tem-
poral links (e.g., TRANSPORT happens after AS-
SEMBLE) and arguments (e.g., the transporting EN-
TITY is the weapon that is being assembled; the

1The programs, data and resources are made publicly
available for research purpose in https://github.com/
tracyjin/DoubleGAE.git

transporting DESTINATION is controlled by the as-
sembler, i.e., the AGENT). It enables a descriptive
analysis of inter-event structures, as well as the pre-
diction of future events over temporal-based and
argument-based structures.

A number of methods have been proposed
for learning event schemas from instance event
graphs, called event schema induction, which
fall into three categories. The set-based (Cham-
bers, 2013; Sha et al., 2016; Huang et al., 2016)
and sequence-based (Granroth-Wilding and Clark,
2016; Rudinger et al., 2015) methods treat a com-
plex event as a set or a linear sequence of atomic
events, respectively. However, they fail to cap-
ture the multi-dimensional evolution of real-world
complex events, i.e., multiple events may precede
or follow one event. Graph-based methods (Li
et al., 2020, 2021), instead, adopt graphs to for-
mulate event schemas. A graph model is usually
learned from instance event graphs through gener-
ating the schema event by event. Although graph-
based methods are theoretically superior to the first
two categories, existing graph-based methods are
limited to modeling only the local structure of event
graphs, i.e., the first-order dependency of an event
node with respect to its neighbors, while ignor-
ing the high-order and global dependencies among
atomic events in the entire graph.

However, modeling the global structure of event
graphs is crucial to event schema induction. The
global structure enables the model to be aware of
the position of each event node in the entire graph.
It allows the model to better comprehend the role of
a specific event in the complex event. For example,
in Figure 1b, there are three TRANSPORT events in
the schema, but they differ regarding the item being
transported, i.e., bombs, the injured, or suspects.
The global structure context enables the model to
differentiate the position of the three TRANSPORT

events and predict their neighbor events precisely.
Moreover, when the model only has access to local
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The September 11 attacks were a series of four coordinated terrorist 
attacks. Four commercial airliners traveling from the northeastern 
U.S. to California were hijacked mid-flight by 19 al-Qaeda terrorists. 
Each group had one hijacker who took over control of the aircraft. 
Their explicit goal was to crash each plane into a prominent American 
building, causing mass casualties and partial or complete destruction
of the targeted buildings. The attacks resulted in 2,977 fatalities, over 
25,000 injuries, and substantial long-term health consequences.
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Figure 1: An illustrative example of (a) an instance event
graph of 9/11 Attacks extracted from a news article and
(b) graph-based event schema of IED bombings. We use
circles to denote events and squares to represent event
arguments (entities). The solid blue arrows represent
temporal links between events (i.e., event skeleton), the
solid yellow lines represent argument roles between
events and entities, and the dashed blue lines represent
entity-entity relations.

structure information during the generation process,
the schema generated may only be consistent at the
local level, but not at the global level. For example,
the schema may keep repeating the sequence of
ASSEMBLE - TRANSPORT - ATTACK. From this
perspective, the global structure information can
be viewed as the supervision that guides the entire
generation process to be globally consistent.

To capture the global structure information of
complex events, in this paper, we propose a new
event schema induction approach using double
graph autoencoders. Graph Autoencoder (Salha
et al., 2019; Zhang and Chen, 2018) is known to be
able to preserve the structural information of an en-
tire graph in the embedding space. Therefore, our
key idea is to use graph autoencoders to capture the

global dependency among nodes in event graphs.
Specifically, our model contains two graph auto-

encoders that are organized in a hierarchical man-
ner: (1) To model the skeleton of an event graph,
we design a high-level variational graph autoen-
coder for directed acyclic graphs (DAGs). Event
skeleton is a subgraph of an event graph, which
consists of salient events and their temporal orders,
representing the fundamental structure of event evo-
lution. (2) With the event skeleton as the global
context, we decorate entity nodes in the skeleton by
introducing a low-level graph autoencoder based on
Graph Convolutional Network (GCN). It takes as
input an expanded event skeleton and reconstructs
the original event graph by adding coreferential
entities and entity-entity relations.

These two graph autoencoders decompose the
process of event schema induction into two steps,
thereby avoiding the need to reconstruct the entire
graph directly, and improving the schema learn-
ing efficiently at both the high level (event schema
skeleton) and the lower level (entity-entity rela-
tions).

We conduct extensive experiments on three event
graph datasets. The experimental results demon-
strate that our proposed method achieves state-of-
the-art performance on event schema induction.
Additionally, we show in a case study that the event
schema generated by our method is more reason-
able and globally consistent.

We make the following novel contributions:

• We propose a two-stage global structure aware
schema induction framework, providing a
global context of event skeleton to determine
inter-event interactions via arguments.

• We introduce a double graph autoencoder that
preserves the global structural information,
allowing the model to capture high-order de-
pendencies between nodes.

• We propose a comprehensive set of metrics for
structure-aware comparison between schema
graphs and instance graphs.

• Our method significantly outperforms base-
lines, demonstrating the effectiveness of con-
sidering global structure context in event
schema induction.

2 Problem Formulation

Our data resources come from news and Wikipedia
articles that describe a series of complex events.
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Figure 2: The architecture of our model.

We extract events, entities, as well as their relations
using Information Extraction (IE) tools (Wu et al.,
2008; Li et al., 2011; Hogenboom et al., 2013; Lin
et al., 2020), then construct instance event graphs.
An instance event graph consists of two types of
nodes: event nodes and entity nodes, and we use
ti to represent the type of node i. Similarly, we
use tij to denote the edge type between node i and
node j. Accordingly, there are three types of edges
in an instance graph: (1) the event-event temporal
link (i, j), which represents a temporal order that
event j happens after event i, with ti and tj indicat-
ing their event types, such as TRANSPORT; (2) the
event-entity argument link (i, a,m), which repre-
sents that event i has an argument entity m, which
plays the argument role tim = a, such as AGENT;
(3) the entity-entity relation (m, r, n), which rep-
resents that there is a relation tmn = r between
entity m and entity n, such as AFFILIATION.

Given a set of instance graphs {G1, G2, · · · }
that belong to the same topic, our goal is to learn
a schema S that summarizes the instance graphs
and represents their underlying common evolution
pattern. Note that different from instance graphs,
nodes (events and entities) in the schema S are not
instantiated but represented by their types.

3 Our Approach

3.1 Overview

We design two graph autoencoders, where the first
autoencoder deals with the high-level skeleton of
an event graph and the second autoencoder focuses

on the low-level arguments of an event graph.
As shown in the upper side of Figure 2, the high-

level autoencoder, which is specially designed for
directed acyclic graphs (DAGs), takes an instance
event skeleton as input, and encodes the event skele-
ton as a probability distribution in the embedding
space. Then it reconstructs the input skeleton by
feeding a vector sampled from the distribution into
the decoder.

After the event skeleton is reconstructed, we dec-
orate the entity nodes according to the pre-defined
argument roles of each event (as shown on the right
side of Figure 2). However, the entity-entity rela-
tions and coreference links among arguments are
still missing in the expanded event skeleton. There-
fore we introduce a low-level graph autoencoder
to take as input an expanded event skeleton and
reconstruct the original event graph (as shown in
the lower part of Figure 2). The low-level graph au-
toencoder employs Graph Convolutional Network
(GCN) to encode each node into an embedding
vector, then predicts the type of an entity-entity
relation based on the learned entity embeddings.

3.2 Event Skeleton Generation

An instance event graph can contain up to hundreds
of nodes, but the majority are entity nodes that are
associated with event nodes. Therefore, as shown
in the upper left of Figure 2, our first step is to
extract the event skeleton GS from the instance
graph G, which serves as the backbone of G.

For a given instance event graph G, we use a
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graph neural network (GNN) based variational au-
toencoder to process its event skeleton GS ⊆ G.
Traditional GNNs learn the node representations
by aggregating information from their neighbors
iteratively, then apply a readout function to all node
representations and output the representation of the
entire graph (Xu et al., 2019). However, off-the-
shelf GNNs are not suitable for modeling event
skeleton, because event skeleton is a DAG whose
nodes follow an intrinsic partial order, whereas ex-
isting GNN models focus more on capturing the
local structure of a graph.

Encoding. To capture the global structure of event
skeleton GS , inspired by Zhang et al. (2019), we
design a new GNN architecture for the encoder, in
which messages can only pass forward following
event-event temporal orders. Specifically, for a
given event node i in the event skeleton GS , its
representation si is computed by:

si = AGG
(
{sj | (j, i) ∈ GS} ∪ ti

)
, (1)

where ti is the one-hot event type vector of an event
node i, and we use it as the initial feature for the
event. AGG(·) is the aggregate function. In Eq.
(1), we only consider predecessors as neighbors,
allowing the model to capture the temporal flow
of the event graph. Considering that predecessors
contribute differently to predicting the current event
node, we utilize a self-attention function as the
aggregate function to characterize the importance
of different predecessors:

si = σ

(
W1

∑

j:(j,i)∈GE
SoftMax

(
αij
)
sj+W2ti

)
,

(2)
where αij = LeakyReLU

(
w⊤
[
W1sj ,W2ti

])

is (unnormalized) attention weight, w is a learn-
able vector, W1 and W2 are learnable matrices,
[·, ·] denotes concatenate operation, and σ(·) is a
nonlinear activation function.

It is worth noting that according to Eq. (1), si
can only be computed after its predecessors’ rep-
resentations have been computed, which implies
that the encoder computation sequence naturally
follows the topological order of the event skele-
ton. Specifically, we first create a dummy event
node START that has an outgoing link to each
event node that has no predecessor, and a dummy
event node END with an incoming link from each
event node that has no successor. Then we compute
the representations of all event nodes according to

Algorithm 1: Event Skeleton Generation
Input: Graph embedding sEND for GS output by the

encoder
Output: Reconstructed event skeleton G′

S

1 G′
S ← ∅;

2 µ← MLPµ(sEND),Σ← MLPσ(sEND);
3 Sample the global graph representation:

sG ∼ N (µ,Σ);
4 Initialize the state of the generated graph as zero:

g← 0;
5 while True do

// Generate a new event i
6 Sample the type for the generated new event i:

ti ∼ MLPnode_type([sG,g]);
7 Add event node i with type ti into G′

S ;
8 if ti = END then
9 Add edge (j, i) to G′

S for every j ∈ G′
S\i if

j has no successor;
10 break;
11 else
12 for j ∈ G′

S\i do
13 pij ← MLPedge_prob([ti, sj ]);
14 if pij > 0.5 then
15 Add edge (j, i) into G′

S ;

16 Compute si according to Eq. (2);
17 Update the state of the generated graph:

g← si;

18 return G′
S

their topological order. Finally, the representation
of END, i.e., sEND, is taken as the output of the
encoder.

Decoding. The decoder follows a GNN architec-
ture similar to the encoder, as presented in Algo-
rithm 1. The input is the encoder output sEND

for GS , and our goal is to reconstruct the skeleton
graph G′S . Specifically, we first obtain the pos-
terior approximation p(·|GS) by calculating the
mean vector µ and the diagonal covariance matrix
Σ via two Multi-Layer Perceptrons (MLPs) (line 2).
Then we sample a vector sG from the Gaussian dis-
tribution N (µ,Σ) as the global representation of
the skeleton graph, which will be used throughout
the following generation process (line 3). The rep-
resentation of the generated graph g is initialized
as an all-zero vector (line 4).

Next, the decoder generates a DAG node by node
(line 5-17). When generating a new event node i,
the decoder computes the event type distribution
for node i to obtain a sampled type ti (line 6). The
distribution is learned based on the concatenation
of sG and g, summarizing the input skeleton graph
and the generated graph. Based on the value of
ti, the decoder performs one of the following two
steps:
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• If the generated event node i is END, then the
decoder will stop the generation procedure,
and connect all nodes that do not have any
predecessor to the END node (line 8-10).

• Otherwise, the decoder uses another MLP to
predict the edge probability of node i with ex-
isting nodes, and add the generated edges into
the graph (line 12-15). After the generation
step for node i is completed, the decoder then
computes the representation si for node i ac-
cording to Eq. (2) (line 16), and updates the
generated graph representation g by si (line
17). The updated g will be further used to
generate a new node for the next iteration.

Different from existing event schema induction
methods that are only able to model the local struc-
tural information of event graphs, our method en-
codes the global information of an event graph as
the global graph representation sG, and further ap-
plies this global state to guide the entire generation
process. This enables our model to fully capture
the structural information of event graphs, which
has been shown to be extremely important for event
schema induction.

3.3 Entity-Entity Relation Completion
After generating the event skeleton, we aim to com-
plete the generated event schema graph by adding
back entities as well as edges associated with these
entities. We take advantage of the event ontology,
where each event has a predefined set of argument
roles. For example, an ATTACK event has an AT-
TACKER argument role whose type can be PERSON

(PER), as well as a TARGET argument role whose
type can be LOCATION (LOC). Therefore, we first
expand the event skeleton by adding the predefined
event arguments back to each event, as shown in
the right of Figure 2. Yet, such an expanded event
skeleton GE is not the final event schema, because:
(1) entity-entity relations are missing, e.g., the LO-
CATED_IN relation between a PER entity and a
LOC entity in Figure 1b; (2) entities in GE can
be coreferential, which require to be merged. For
example, in Figure 1b, the DESTINATION of the
TRANSPORT event is also the PLACE where the
ATTACK event happens.

We formulate the above two cases as a unified
entity-entity edge missing problem, by treating
coreference as a special type of entity-entity re-
lation between unmerged nodes. To predict miss-
ing entity-entity relations, we design a low-level

graph autoencoder. It reads the expanded event
skeleton GE as input, and then reconstructs the
original event graph G by adding entity-entity re-
lations back, as shown in the lower part of Figure
2. During the inference stage, the learned graph
autoencoder can therefore take a generated event
skeleton as input, and output a comprehensive event
schema graph.

Encoding. Different from the high-level autoen-
coder whose purpose is to generate event skele-
ton, the low-level autoencoder is to reconstruct
the relations between entities, therefore, the low-
level graph autoencoder is expected to be non-
probabilistic, and therefore we adopt Graph Convo-
lutional Networks (GCN) (Kipf and Welling, 2017)
as our encoder. Let ski denote the representation
at iteration k for the node i ∈ GE , which can be
either an event or an entity. The encoder updates
node representations iteratively for k = 1, · · · ,K,
where K is the layer number of the GCN encoder:

ski = σ
(
Wk

∑
j∈N (i)∪{i}

αijs
k−1
j

)
. (3)

Here N (·) denotes the set of neighbors of node
i, αij = 1/

√
|N (i)| · |N (j)|, Wk is a learnable

matrix, and σ is an activation function. s0i is ini-
tialized as the one-hot type vector of node i, i.e.,
s0i = ti. All edges in GE , including event-event
temporal links and event-entity argument links, are
treated as undirected when counting neighbors, due
to our focus on the local graph structure. The en-
coder output is the final representation sKi of node
i ∈ GE .

Decoding. The decoder takes as input the final
node representations sKi from the encoder, and
reconstructs entity-entity relations in the original
event graph G. The entity-entity relation can be
one of the following three cases: no relation, coref-
erence, or predefined entity-entity relation types in
the ontology. Therefore, we create two new rela-
tion types NO-RELATION and CO-REFERENCE,
and add them into the original set of entity-entity
relations as the prediction target. Specifically, the
decoder predicts the relation type tij of two given
entities i and j by a MLP:

t̂ij = MLPentity_rel
(
[sKi , s

K
j ]
)
, (4)

where t̂ij denotes the predicted relation type. It is
noteworthy that NO-RELATION dominates the pre-
diction targets, making the classification problem
highly unbalanced. To address this issue, we divide
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the task into two steps: predicting the existence of
edges and then predicting the type of a known edge,
to optimize the learning effectiveness.

3.4 Training and Generation
Training. The training objective for the high-level
variational graph autoencoder consists of a recon-
struction loss and a regularization loss:

Lhigh = Dist(GS , G
′
S)+KL

(
N (µ,Σ),N (0,1)

)
,

(5)
where the first term Dist(GS , G

′
S) measures the

distance between the input event skeleton GS and
the reconstructed event skeleton G′S . We sum
up the negative log-likelihood of each decoding
step by forcing them to generate the ground truth
event type or edge at each step. The second
term KL

(
N (µ,Σ),N (0,1)

)
forces the distribu-

tion output by the encoder to be close to the stan-
dard Gaussian distribution, to ensure a smooth em-
bedding space.

The loss function for the low-level GCN graph
autoencoder is the cross-entropy loss between pre-
dicted and ground-truth entity-entity relations:

Llow =
∑

event i,j

CELoss(t̂ij , tij). (6)

Schema Generation. We are able to generate the
event schema by decoding the trained model. We
first sample a global graph representation from
N (0,1) in the embedding space of the high-level
variational graph autoencoder. It is then fed into the
decoder to generate a schema skeleton with event
nodes only. Afterwards, the skeleton is further
fed into the low-level graph autoencoder to predict
coreferential entities and entity-entity relations.

4 Experiments

4.1 Datasets
We conduct experiments in the scenario of IED
bombings following the state-of-the-art graph-
based schema induction literature (Li et al., 2021).
Specifically, three subtypes of complex events for
IED are considered, including General IED, Car
bombing IED, and Suicide IED. To construct the
dataset, we select a set of Wikipedia articles re-
lated to IED bombings and identify the references
in each Wikipedia article, then collect news articles
from those references 2. We use RESIN (Wen et al.,

2We select news articles that are rich in events from the
IED article collections (Li et al., 2021) with further curation.
The curated dataset is included in our released code base.

2021; Du et al., 2022), a state-of-the-art IE system,
to extract event mentions, relations, and entity men-
tions from these news articles, and perform entity
coreference resolution. We also do human curation
to correct obviously erroneous event-event links
(e.g., a temporal link indicating that an INJURE

event happens after a DIE event for one person).
The statistics of these three datasets are summa-
rized in Table 1.

4.2 Baselines

We compare our proposed method with graph
schema induction baselines:

(1) Temporal Event Graph Model (TEGM) (Li
et al., 2021). It is the state-of-the-art graph schema
induction model, which generates the entire event
graph using an auto-regressive graph generation
model. We compare with it to explore the effec-
tiveness of the two-stage framework that generates
event skeleton first and provides a global context
for argument generation.

(2) Frequency-Based Sampling (FBS). To ex-
amine the effectiveness of our graph autoencoder
to generate event skeleton, we compare with a
frequency-based baseline. It constructs the event
schema based on the frequency of event-event tem-
poral links in the training data. Specifically, for
each possible pair of event types (t, t′), we com-
pute the number of edges in training graphs whose
two associated events exactly have type t and t′.
After that, we construct a schema graph in which
each node corresponds to one event type, and there
is no edge in the schema graph initially. Then at
each timestamp, we sample one pair of event types
according to their frequency, and add this sampled
edge into the schema graph. The procedure is re-
peated until we detect a cycle in the schema graph
after adding a new edge.

4.3 Experimental Setup

Evaluation Metrics. For a given dataset, we first
train our model on the training instance graphs,
then generate the event schema according to the
steps presented in Section 3.4. To evaluate the
quality of the generated schema, we compare the
schema with test instance graphs in terms of the
following metrics, to see how the schema captures
the structure information of test instance graphs:

(1) Event type match. We compute the set of
event types in the generated schema graph, as well
as the set of event types in one test instance graph,
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Datasets General-IED Car-IED Suicide-IED
# train/val/test instance graphs 88 / 11 / 12 75 / 9 / 10 176 / 22 / 22

Avg # e/v nodes per graph 90.8 / 251.5 146.5 / 421.3 117.4 / 381.7
Avg # ee/ev/vv links per graph 212.6 / 278.5 / 230.5 345.7 / 457.7 / 397.0 246.2 / 403.5 / 373.7

Table 1: Statistics of the three datasets. “e” and “v” are short for “event” and “entity”, respectively.

Datasets Methods Event type Event seq match (F1) KL divergence MCS
match (F1) l = 2 l = 3 Node type Edge type # nodes # edges

General-IED
TEGM 0.638 0.181 0.065 1.72 6.11 6.40 5.40

FBS 0.617 0.149 0.064 1.88 4.32 1.65 0.67
DoubleGAE 0.697 0.273 0.128 1.66 4.96 16.37 15.63

Car-IED
TEGM 0.588 0.162 0.044 2.92 6.60 5.67 4.78

FBS 0.542 0.126 0.038 4.12 6.37 1.74 0.72
DoubleGAE 0.674 0.259 0.081 2.14 5.42 10.98 10.33

Suicide-IED
TEGM 0.609 0.174 0.048 2.39 6.36 5.92 5.00

FBS 0.642 0.164 0.036 2.75 5.16 1.67 0.75
DoubleGAE 0.709 0.290 0.095 1.76 5.91 6.19 5.28

Table 2: The result of similarity measurement between the generated schema and test instance graphs. The best
results for each dataset are highlighted in bold.

then we compute how similar these two sets are by
calculating the F1 score between the two sets.

(2) Event sequence match. We collect all event
sequences with a length of 2 or 3 from the gen-
erated schema graph and one test instance graph,
respectively, and compute the F1 score between
these two multi-sets.

(3) Node/edge type distribution. We compute
the node type distribution and edge type distribu-
tion of the generated schema and one test instance
graph, respectively, then compute the KL diver-
gence between the node/edge type distributions of
the schema and each test instance graph.

(4) Maximum common subgraph (MCS). A max-
imum common subgraph of two graphs is an in-
duced subgraph of both graphs, and that has as
many nodes as possible. The size of the maximum
common subgraph can reflect the global structure
similarity between two graphs. Therefore, we com-
pute the number of nodes and edges of the maxi-
mum common subgraph between the schema and
each test instance graph.

Note that the last two metrics, i.e., node/edge
type distribution and maximum common subgraph,
are new metrics proposed by us. We compute the
above metrics between the schema and each test
instance graph, then report the average values on
all test instance graphs.
Hyperparameter Settings. For the high-level vari-
ational autoencoder, the dimension size of node
hidden state is 256, and the dimension size of the
Gaussian distribution is 56. The learning rate is
10−5, and the number of training epochs is 700.

For the low-level GCN autoencoder, we use a two-
layer GCN as the encoder, whose dimension sizes
of hidden layers are 256 and 64, respectively. The
learning rate is 10−5, and the number of training
epochs is 500. We investigate how the size of train-
ing instance graphs and the dimension of hidden
node state influence the model performance, with
results shown in Appendix A.

4.4 Results

Comparison with baselines. All methods are eval-
uated on the same test set. Our method achieves
the best performance on both original and revised
datasets. We only show results on the revised
dataset since it is cleaner and the induced schema
is more reasonable. In Table 2, our method Dou-
bleGAE achieves significant gains compared with
baselines on event type, event sequence matching,
and maximum common subgraph matching. It
demonstrates that capturing the global node de-
pendency in event graphs is essential to event
schema induction. In contrast, Temporal Event
Graph Model (TEGM) does not consider global
graph structure, thus has a large performance gap
compared to our model. It is worth noticing that
Frequency-Based Sampling (FBS) is a competitive
baseline according to the experimental result, espe-
cially when measured by KL divergence of edge
type distribution. This is because FBS constructs
an event schema exactly based on the frequency of
edges in the training instance graphs.
Case study. We plot the schema skeleton gen-
erated by Temporal Event Graph Model (TEGM)
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Figure 3: Case study on the generated event schema skeleton and full event schema.

and our model (DoubleGAE) in Figure 3. In Figure
3a, there is a recurrence of certain local structures
of events within the schema. e.g., TRANSPORT-
ATTACK and ATTACK-ATTACK. This demonstrates
that TEGM is able to successfully capture and
memorize the local structure information of event
graphs. However, such learned local structures may
not always be reasonable, since an ATTACK event
is not likely to repeat immediately after another
ATTACK multiple times. In addition, TEGM may
not be able to learn the correct position of an event
in the entire schema, for example, the INTERFERE

event happens at the very beginning of the schema.
The result indicates that TEGM fails to maintain
global consistency when generating schemas. In
contrast, there are no consecutively repeated events
in the schema induced by our model, and the entire
schema is more logically meaningful in both local
and global levels.

We also present the complete schema output
of our model after filling in event arguments and
entity-entity relations in Figure 3c. As we can
see, our model successfully identifies coreferential
entities, e.g., the transporter of TRANSPORT, the
perpetrator of CRIME, and the attacker of ATTACK

belong to one entity. Our model is also able to add
entity-entity relations between event arguments, for
example, the victim of a CRIME event is “located
near” the place where this CRIME event happens.

5 Related Work

Existing event schema induction methods can be
classified into three categories: set-based schema,
sequence-based schema, and graph-based schema.

The set-based methods represent event triggers
by a set without modeling their inter-relations
(Chambers, 2013; Cheung et al., 2013; Nguyen
et al., 2015; Sha et al., 2016; Huang et al., 2016;
Yuan et al., 2018; Huang and Ji, 2020; Shen et al.,
2021; Zeng et al., 2021), which can be regarded
as atomic schema induction. In contrast, we aim
to induce schemas for complex events involving

multiple events.
Another line of work focuses on the sequence-

based methods, which takes event-event relations
into account, and orders event structures into se-
quences (Chambers and Jurafsky, 2008, 2009;
Rudinger et al., 2015; Granroth-Wilding and Clark,
2016; Pichotta and Mooney, 2016; Modi, 2016;
Weber et al., 2018, 2020a). Instead of representing
events as structures, some work treats events as nat-
ural language steps and induces schema knowledge
through story ending prediction (Mostafazadeh
et al., 2016; Weber et al., 2020b; Kwon et al.,
2020), machine reading comprehension (Oster-
mann et al., 2018, 2019), and schema goal-step
prediction (Zhang et al., 2020; Yang et al., 2021).
Instead of ignoring event structures or organizing
events as simple sequences, we aim to capture the
multi-dimensional evolution of events, as well as
the structured connections.

As a further step, researchers propose to use
graphs to represent schemas (Wanzare et al., 2016;
Modi et al., 2016; Li et al., 2020, 2021), where
each event can be followed by multiple alterna-
tive outcomes. Li et al. (2021) introduce the con-
cept of “complex event schema”, a comprehensive
graph schema consisting of both temporal orders
and multi-hop argument relations, allowing time-,
location-, and argument-based tracking of events.
However, it adopts an auto-regressive graph gen-
eration model, which only models the first-order
dependency of an event node with respect to its
neighbors. In contrast, we propose to encode a
global graph context via event skeleton generation
using double auto-encoders.

6 Conclusion and Future Work

In this work, we propose a novel event schema
induction framework using double graph autoen-
coders, i.e., a high-level variational graph autoen-
coder to learn the event skeleton, followed by a
low-level GCN graph autoencoder to reconstruct
entity-entity relations. Our autoencoders are able

2020



to preserve the global structural information of
event graphs, thus capturing the multi-dimensional
evolution of complex events, and providing global
context to consolidate argument relations. Exper-
iments demonstrate that our method significantly
outperforms baselines by generating high-quality
and globally consistent event schemas.

In the future, we aim to effectively induce
schemas from graphs of different sizes, especially
extremely large graphs. We also plan to make
use of event hierarchies and induce hierarchical
schemas with optimal event type granularity.
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A Additional Discussions

Impact of training graph size. It is shown in Ta-
ble 1 that instance event graphs consist of hundreds
of nodes on average. To see if the size of training
instance graphs can affect the model performance,
we set a threshold for the size of training instance
graphs, and only train our method on those graphs
whose size is less than the given threshold. The
result is presented in Figure 4a, which shows that
our model achieves the best performance when the
threshold is relatively small. The result demon-
strates that including large training instance graphs
will not help improve the model performance, be-
cause larger instance graphs may have more noisy
events nodes with repeated types.
Impact of dimension of node hidden state. We
also investigate the impact of dimension of node
hidden state in the high-level variational graph au-
toencoder to model performance. The result is pre-
sented in Figure 4b, which demonstrates that our
model performs best when dim = 256 in all three
datasets, since a too large or a too small dimension
will lead to performance drop due to over-fitting or
under-fitting.
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(a) Threshold of training in-
stance graph size
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Figure 4: Impact of (a) the threshold of training instance
graph size and (b) the dimension of node hidden state
on DoubleGAE.

B Implementation Details

B.1 Details of Dataset Cleaning Strategy
For each complex event, we construct an instance
graph, where coreferential events or entites are
merged. Among the events we include those that
are connected through entity coreference links, or
that have temporal relationships. The graph can
then be extended using related events that share
arguments or that are linked by a relation. We
consider isolated events to be irrelevant nodes
in schema induction, therefore they are excluded
from the instance graphs during graph construc-
tion. In schema graphs, type labels and node

indices are used to represent each node, with
mention level information ignored. Although
RESIN is a state-of-the-art IE system, there still
remains some errors in event temporal links. There-
fore, we do human curation to remove obviously
erroneous links. Below are some event-event
link examples that we delete from the instance
graphs: (DIE, INJURE), (ARRESTJAILDETAIN,
ATTACK), (ENDPOSITION, STARTPOSITION),
(DIE, DIE), (DEFEAT, EXCHANGEBUYSELL),
(SENTENCE, DIE), (ENDPOSITION, SENTENCE),
(THREATENCOERCE, RELEASEPAROLE).

C Scientific Artifacts

C.1 RESIN Information Extraction System

Data License and Usage We obtain the code from
the open-source information extraction system
RESIN (Wen et al., 2021). We run the code at
https://github.com/RESIN-KAIROS/
RESIN-pipeline-public. The system is
released for research purpose and is licensed
under the GNU General Public License v3 or later.
The system covers the general news domain and
supports three languages, i.e., English, Spanish
and Russian. It does not contain offensive content.
Discussions about IE Quality The performance
of each component is shown in Table 3 (Wen et al.,
2021). Although IE graphs are noisy, schema in-
duction can still benefit from it. It is because that
the schema induction task aims to find the recurring
patterns, which will still be preserved even in the
noisy data.

C.2 IED Schema Induction Corpus

Data License and Usage We obtain the dataset
from the state-of-the-art graph schema induction
literature (Li et al., 2021). The dataset is released
for research purpose and is licensed under the GNU
General Public License v3 or later. The system
covers the general news domain and is an English
corpus.
Data Collection We utilize the news articles in the
state-of-the-art graph schema induction literature
(Li et al., 2021) in https://github.com/
limanling/temporal-graph-schema.
We collect associated news articles concerning
each complex event type, such as Car-bombing
IED, using Wikipedia as a source. As a first step,
we search candidate Wikipedia categories based
on the name of the complex event type, and then
dig deeper into each page to identify complex
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Component Benchmark Metric Score

Mention
Extraction

En
Trigger ACE+ERE F1 64.1

Argument ACE+ERE F1 49.7
Relation ACE+ERE F1 49.5

Es
Trigger ACE+ERE F1 63.4

Argument ACE+ERE F1 46.0
Relation ACE+ERE F1 46.6

Document-level
Argument Extraction

ACE F1 66.7
RAMS F1 48.6

Coreference
Resolution

En Entity OntoNotes CoNLL 92.4
Event ACE CoNLL 84.8

Es Entity SemEval 2010 CoNLL 67.6
Event ERE-ES CoNLL 81.0

Temporal
Ordering

RoBERTa MATRES F1 78.8
T5 MATRES-b Acc. 89.6

Visual Event Extraction Video M2E2 Acc. 70.0

Table 3: Performance (%) of each component.
MATRES-b refers to MATRES binary classification
that only considers BEFORE and AFTER relations.

events that belong to that category. Afterwards,
we collect the reference news articles for each
complex event, use these articles as the cluster
of documents relating to the complex event, and
perform IE to construct the instance graph. Using
this Wikipedia-based data collection approach, we
have been able to cover a wide range of scenarios,
including most complex events that occur in
human society, such as Disease outbreak and
Disaster. Therefore, our schema induction method
does not depend on manual work and is not limited
to a specific complex event scenario.

2025



Proceedings of the 2022 Conference of the North American Chapter of the Association for Computational Linguistics:
Human Language Technologies, pages 2026 - 2040

July 10-15, 2022 ©2022 Association for Computational Linguistics

CS1QA: A Dataset for Assisting Code-based Question Answering in an
Introductory Programming Course

Changyoon Lee, Yeon Seonwoo, Alice Oh
School of Computing, KAIST

changyoon.lee@kaist.ac.kr, yeon.seonwoo@kaist.ac.kr
alice.oh@kaist.edu

Abstract

We introduce CS1QA, a dataset for code-based
question answering in the programming ed-
ucation domain. CS1QA consists of 9,237
question-answer pairs gathered from chat logs
in an introductory programming class using
Python, and 17,698 unannotated chat data
with code1. Each question is accompanied
with the student’s code, and the portion of
the code relevant to answering the question.
We carefully design the annotation process to
construct CS1QA, and analyze the collected
dataset in detail. The tasks for CS1QA are to
predict the question type, the relevant code snip-
pet given the question and the code and retriev-
ing an answer from the annotated corpus. Re-
sults for the experiments on several baseline
models are reported and thoroughly analyzed.
The tasks for CS1QA challenge models to un-
derstand both the code and natural language.
This unique dataset can be used as a benchmark
for source code comprehension and question
answering in the educational setting.

1 Introduction

Question answering (QA) studies systems that
understand questions and the relevant context to
provide answers. Question forms include single
document QA (Rajpurkar et al., 2016), multi-hop
QA (Yang et al., 2018), conversational QA (Reddy
et al., 2019), and open domain QA (Kwiatkowski
et al., 2019). Questions about specific domains
are asked in NewsQA (Trischler et al., 2016) and
TechQA (Castelli et al., 2020), and images are pro-
vided with the question in visual QA (Antol et al.,
2015). Another interesting field of QA asks ques-
tions about source code (Liu and Wan, 2021).

A useful application of QA is in the educational
domain. Asking questions and getting the answer is
an essential and efficient means of learning. In this
paper, we focus on QA for programming education,

1The code and the data used in this paper can be found at
https://github.com/cyoon47/CS1QA.

Figure 1: An example of our data tuple. Each data tuple
consists of {question, answer, question type, code, rele-
vant code lines}. We annotate the type of each question
and the code lines (orange) relevant to the question.

where both the input modes and the domain pose
interesting challenges. Answering these questions
requires reading and understanding both source
code and natural language questions. In addition,
students’ questions are often complex, demanding
thorough understanding of the context such as the
intention and the educational goal to answer them.

Recently, models that understand programming
languages (PL) have been studied, and show
promising results in diverse code comprehension
tasks (Alon et al., 2018; Feng et al., 2020; Guo
et al., 2021). However, these models have limi-
tations to support question answering. They are
not trained on datasets containing questions about
the code and are not designed for QA tasks. Also,
many assume fully functional code as input, while
students’ code contains diverse syntax and logical
errors and is often incomplete.

To address this issue, we introduce CS1QA, a
new dataset with tasks for code-based question an-
swering in programming education. Questions and
answers about programming are collected from the
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naturally occurring chat messages between students
and TAs. The question type and the code snippet
relevant to answering the question are also col-
lected. The final CS1QA dataset consists of ques-
tion, question type, answer, and code annotated
with relevant lines. The data is collected mostly in
Korean and then machine-translated into English
and quality-checked for easy application on models
pretrained in English. Figure 1 shows an example
of our data. We also include two-semesters’ worth
of TA-student chat log data consisting of 17,698
chat sessions and the corresponding code.

We design three tasks for the CS1QA dataset.
Type classification task asks the model to predict
the question type. Code line selection task asks the
model to select lines of code that are relevant to
answering the given question. Answer retrieval task
finds a similar question already answered, and uses
its answer as the answer to the given question. The
outputs for these tasks can help the students debug
their code and the TAs spend less time and effort
when answering the students’ questions.

Finally, we implement and test baseline mod-
els, RoBERTa (Liu et al., 2019), CodeBERT (Feng
et al., 2020) and XLM-RoBERTa (Conneau et al.,
2020), on the type classification and code line selec-
tion tasks. The finetuned models achieve accuracies
up to 76.65% for the type classification task. The
relatively low F1 scores of 57.57% for the line se-
lection task suggest that the task is challenging for
current language models. We use DPR (Karpukhin
et al., 2020) to retrieve the most similar question
and its answer. We compare the retrieved answer
with the gold label answer, and achieve a BLEU-1
score of 13.07, which shows incompetent perfor-
mance of answer retrieval on CS1QA dataset. We
show with a qualitative evaluation the model be-
havior with different inputs for the first two tasks.
Our contributions are as follows:

• We present CS1QA, a dataset containing
9,237 question-answer-code triples from a pro-
gramming course, annotated with question
types and relevant code lines. The dataset’s
contribution includes student-TA chat logs in
a live classroom.

• We introduce three tasks, question type clas-
sification, code line selection and answer re-
trieval, that require models to comprehend the
text and provide useful output for TAs and
students when answering questions.

• We present the results of baseline models on
the tasks. Models find the tasks in CS1QA
challenging, and have much room for improve-
ment in performance.

2 Related Work

Code-based Datasets Recently, research deal-
ing with large amounts of source code data has
gained attention. Often, the source code data is
collected ad hoc for the purpose of the research
(Allamanis et al., 2018; Brockschmidt et al., 2018;
Clement et al., 2020). Several datasets have been
released to aid research in source code comprehen-
sion, and avoid repeated crawling and processing
of source code data. These datasets serve as bench-
marks for different tasks that test the ability to un-
derstand code. Such datasets include: ETH Py150
corpus (Raychev et al., 2016), CodeNN (Iyer et al.,
2016), CodeSearchNet (Husain et al., 2020) and
CodeQA (Liu and Wan, 2021). We compare these
datasets with CS1QA in Table 1.

In an educational setting, students’ code presents
different chracteristics from code in these datasets:
1) students’ code is often incomplete, 2) there
are many errors in the code, 3) students’ code
is generally longer than code used in existing
datasets, and 4) questions and answers from stu-
dents and TAs provide important additional in-
formation. In CS1QA, we present a dataset more
suited for the programming education context.

Source Code Comprehension In the domain of
machine learning and software engineering, under-
standing and representing source code using neu-
ral networks has become an important approach.
Different approaches make use of different charac-
teristics present in programming languages. One
such characteristic is the rich syntactic informa-
tion found in the source code’s abstract syntax tree
(AST). Code2seq (Alon et al., 2018) passes paths
in the AST through an encoder-decoder network
to represent code. The graph structure of AST has
been exploited in other research for source code
representation on downstream tasks such as vari-
able misuse detection, code generation, natural lan-
guage code search and program repair (Allamanis
et al., 2018; Brockschmidt et al., 2018; Guo et al.,
2021; Yasunaga and Liang, 2020). Source code text
itself is used in models such as CodeBERT (Feng
et al., 2020), CuBERT (Kanade et al., 2020) and
DeepFix (Gupta et al., 2017) for use in tasks such
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Dataset Programming Language Data Format Dataset Size Data Source

ETH Py150 Python Parsed AST 7.4M files GitHub
CodeNN C#, SQL Title, question, answer ∼187,000 pairs StackOverflow

CodeSearchNet Go, Java, JavaScript, PHP, Python, Ruby Comment, code ∼2M pairs GitHub
CodeQA Java, Python Question, answer, code ∼190,000 pairs GitHub

CS1QA Python Chat log, question, answer, type, code 9,237 pairs Real-world classroom

Table 1: Comparison between different code-based datasets and CS1QA.

as natural language code search, finding function-
docstring mismatch and program repair.

The tasks that these methods are trained on tar-
get expert software engineers and programmers
who can gain significant benefit with support by
the model. On the other hand, students learning
programming have different objectives and require
fitting support by the models. Rather than getting
an answer quickly, students seek to Students ask
lots of questions while learning, and thus question
answering for code is needed. CS1QA focuses on
code-based question answering and can be used as
training data and a benchmark for neural models
in an education setting. The CS1QA data can also
be used for other tasks than QA, such as program
repair and code search.

3 CS1QA Dataset

3.1 Data Source

The data for CS1QA is collected from an introduc-
tory programming course conducted online. Stu-
dents complete lab sessions consisting of several
programming tasks and students and TAs ask ques-
tions to each other using a synchronous chat fea-
ture. We make use of the chat logs as the source
for the natural question and the corresponding an-
swer. These chat logs are either in Korean or in
English. The student’s code history is also stored
for each programming task for every keystroke the
student makes. This allows us to extract the code
status at the exact time the question is asked, which
provides valuable context for the question. We take
this code as the context for the given question. The
thorough code history and the student-TA chat logs
are a unique and important contribution of CS1QA.
CS1QA also contributes with data from multiple
students working on the same set of problems.

3.2 Question Type Categorization

Answering different types of questions requires un-
derstanding the different intentions and information
- answering questions about errors requires identi-

fying the erroneous code and answering questions
about algorithms requires understanding the overall
program flow. As the different question types affect
the answering approach and location of code to
look at, knowing them in advance can be beneficial
in the QA and code selection tasks.

Allamanis and Sutton (2013) have categorized
questions asking for help in coding on Stack Over-
flow into five types. We adapt these types to stu-
dents’ questions. In addition, we define the “Task”
type that asks about the requirements of the task.
TAs’ question types are derived from the official
instructions by the course instructors given in the
beginning of the semester. TAs were instructed to
ask questions that gauge students’ understanding
of their implementation, for example by asking
the meaning of the code and reasoning behind the
implementation. TAs’ probing questions are cate-
gorized into five types: Comparison, Reasoning,
Explanation, Meaning, and Guiding. Examples for
the question types can be found in Table 2. We
present intentions of the question types in Table 3.

3.3 Collecting Question-Answer Pairs with
Question Types

We collected a total of 5,565 chat logs over the
course of one semester from 474 students and 47
TAs. After removing the logs where the TA did not
participate in the chat, 4,883 chat logs remained.

We employed crowdworkers with self-reported
skill in Python of three or higher on a 5-point Lik-
ert Scale to collect the questions. Each worker first
selected messages in the chat log corresponding to
the question and the answer, then selected the ques-
tion type. Workers were provided with descriptions
of the question types with examples before work-
ing on the task. Workers were asked to divide the
message into individual questions when there were
multiple questions or answers in the message. They
were instructed to only choose programming re-
lated questions, for which the answer is obvious in
the chat from the question alone. This ensures that
the questions and answers are independent from the
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Question Type Allamanis’ Type Question Answer

Code
Understanding How/why something works Why is the print cards function at the bottom of the

check function? Can I not have it?
This is because if two cards match through a check,
you have to show them two cards.

Logical Error Do not work Now, the file is created, but when I go inside and
look at the value, it seems to be a little different
from the one requested in the problem.

You seem to have forgotten the line break in the
middle I think you can add \n

Error Do not work I don’t know where the task 2 error came from.... When creating image There is a negative number
in the image size Please do something like absolute
value

Function/Syntax
Usage Way of using And I forgot how to make a blank image Blank images can be created with new_img= cre-

ate_picture(width,height)!
Algorithm How to implement So, what if there is any other way to count the num-

ber including the number not included in the ran-
domly created list?

Parameter: a list which is returned from draw-
ing_integers Count integers function is supposed
to take that as input

Task - Isn’t it a task in which the number of iteration steps
changes according to the input value?

Yes, but the value of x must also change according
to the input value!

Comparison - How was the method of reading and writing differ-
ent in task1?

There was a difference between read mode and write
mode, open(file name, r) and open (file name, w)

Reasoning - I’ve read the task1 code. What is the intention of
using continue on line 55?

This is to go back to the beginning without execut-
ing the next print function.

Explanation - How do you create new_img when ’horizontal’ is
input as Direction in Task2?

I did it like I did with vertical, but since the y value
is changing, when I change the y value and run the
loop, I did x first among x and y.

Meaning - Can you explain the role of the global keyword in
Task 1?

If you use a variable specified only within a function,
it cannot be used in other functions, so I used it for
global variable processing!

Guiding - Is there a simpler way to change average_integers
using a function already defined in the python list??

In average_integers, it would be more convenient to
use the len function when counting the total number
of elements.

Table 2: Examples of translated and untranslated question and answer texts for each question type in CS1QA. First
column shows our type classification, and second column shows the classification by Allamanis and Sutton (2013).
The first six rows in the top part are student question types, the last five rows in the bottom part are TA’s probing
question types.

chat history. Every chat log was annotated by two
workers to ensure the quality of annotation. A total
of 20,403 question-answer pairs were collected.

The question and answer texts are machine-
translated using Google’s Neural Machine Trans-
lation model (Wu et al., 2016) from Korean to En-
glish to form the dataset in two languages. The
translation allows for easy integration of CS1QA
data to models pretrained in English, which make
up a huge portion of NLP models.

3.4 Selecting Code Lines
Providing relevant code snippets allows the an-
swerer to identify the problem more quickly and
easily. We annotate the lines of code that provide
information necessary to answer the question for
use in the code line selection task.

We collected code for all questions asked by stu-
dents. For the TA probing questions, we collected
code for all Reasoning and Meaning types, and
472 randomly selected Explanation questions, for
a total of 4677 questions. This keeps a balance in
the number of questions for each type. Comparison
questions were left out as they require comparison
of code across different tasks, making the anno-
tation and the tasks too complicated. We exclude
Guiding questions as answering them requires more

than just understanding code; the answer is often
new algorithms not based on the current code.

We employed crowdworkers who have worked
as TAs for the programming course to select the
code that the questions refer to. We provided the
workers with the collected questions, answers, and
the student’s code for each task at the time the
question was asked. The workers selected the code
file for the question and the relevant code lines to
answer the question. When reading the code was
not necessary to answer the question, the workers
were asked to choose Not Applicable (NA) for the
code selection. For every question, two workers
made code annotations.

A total of 9,359 code selections were made by
the workers. Some of the selections with empty
code or incorrectly extracted code were removed
from the dataset. The remaining 9,237 questions
annotated with type, lab and task numbers, code,
code lines and answer make up the final CS1QA
dataset. Every code selection made by the work-
ers is used as gold labels even if the two workers
choose different lines. Thus, every question can
have up to two correct code selections in different
parts of code. An example of the data is found in
Appendix A.
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Q Type Intention # Q # Code NA (%) Span (%)

Code Understanding Understanding the functionality of the code 105 209 33.9 11.0

Logical Error Investigating the cause of
the unexpected outputs of the code 541 1060 16.7 21.6

Error Resolving syntax errors and exceptions 488 959 10.1 13.0
Function/
Syntax Usage

Learning correct usage of
a function or syntax 411 811 55.4 11.8

Algorithm Learning the underlying algorithm for the task 603 1194 50.0 19.3

S

Task Confirming the goal and requirement
of the task 677 1322 82.3 15.3

Reasoning Understanding the reasoning behind
student’s implementation 402 799 5.6 21.8

Explanation Checking the validity of
student’s explanation of their code 472 940 2.6 42.8T

Meaning Checking the meaning of
a function or a variable in the code 978 1943 2.1 24.2

Table 3: Types of questions asked by students (S) and TAs (T) in a programming class. Questions are categorized by
different intention and information required to answer them. The number of questions and code snippets collected
from the annotators, percentage of Not applicable code selections and selected code lines are reported.

3.5 Quality Control and Validation

As the workers worked independently, there were
some differences in the annotated data even when
they correspond to the same question. There were
some questions that were selected by only one
worker as well. These questions are further re-
viewed to ensure the quality of the collected
dataset.

Out of 20,403 collected questions, 3,556 ques-
tions were selected by only one worker, and 4,787
pairs of questions had some differences between
the workers’ selections. The remaining questions
had perfect agreement between the workers. The
authors reviewed questions selected by only one
worker, and those without perfect agreement. Un-
necessary words present in only one text were re-
moved and crucial words missing in the question
were added to the text while preserving the mean-
ing to make the two texts equal. The conflicts in
question types were resolved with the authors’ ad-
ditional vote that made a clear majority in the type
selection.

We calculate the inter-rater reliability score with
Cohen’s Kappa (Cohen, 1960) for the question
type selection. The Kappa value is calculated be-
tween every pair of workers who selected the same
question-answer pairs. The mean of the Kappa val-
ues is 0.657, which suggests substantial agreement
for type classification between the annotators.

Out of 9,237 questions with code line selection,
2,197 pairs had perfect agreement (100% overlap),
while 1,225 pairs had 0% overlap. We compute the
mean line F1 as the measure for agreement of spans,

considering one annotator’s span selection as the
ground truth and the other annotator’s selection as
prediction. The resulting F1 score is 0.6482. The
disagreements are largely due to selecting different
but relevant code and selecting different amounts
of surrounding context in the code.

4 Task Definition

We design three tasks for the CS1QA dataset that
identify important information that leads to the
answer.

The type classification task is to predict the ques-
tion’s type. We use nine types of questions that
we categorized as the candidates for classification,
each question belonging to a single type. We use
the accuracy and macro F1 score as the measure
of performance. The code line selection task is to
select lines of code that give relevant information
to answer the question. The code is a strong sup-
porting context to answering the given question,
and this task tests the model’s ability to retrieve
this critical information.

For the code line selection task, we use the Exact
Match (EM) and line F1 score as the measure of
performance, same as the metrics used for support-
ing fact selection task in HotpotQA (Yang et al.,
2018). The EM score measures the proportion of
selections that exactly match the ground truth. The
line F1 score measures the average overlap between
the selected lines and the ground truth selections.
The score is computed by treating the selections as
bags of lines and calculating their F1 with the an-
notated lines. These two tasks take as inputs the lab
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and task numbers of the question, the questioner
(student or TA), question and the code texts.

The answer retrieval task retrieves a similar ques-
tion given an unseen question, and uses the re-
trieved question’s answer as the answer to the un-
seen question. BLEU score is calculated between
the retrieved answer and the gold label answer.

Answer generation task given the question and
the code context is possible with CS1QA dataset.
However, meaningfully generating the answer de-
mands a model that understands long and erroneous
code, and the natural language question. This poses
a significant challenge, and we leave the generation
task as future work.

5 Dataset Analysis

644 out of 9,237 questions are originally asked in
English, while the rest are asked in Korean. The
CS1QA dataset is split into train, development and
test sets in the ratio of 0.6, 0.2 and 0.2 respectively,
keeping the ratio of question types in each set the
same to ensure equal distribution in all three sets.

5.1 Text Lengths

Table 4 shows the statistics of question and answer
token lengths, for data translated to English (EN)
and the original (ORIG) data, and the number of
lines of code.

Data Min Max Mean Median

EN 1 119 15.7 13Question ORIG 1 79 10.9 9

EN 1 272 27.2 22Answer ORIG 1 166 17.6 14

Code - 1 655 76.0 52

Table 4: Statistics of question, answer lengths in tokens
and code length in number of lines in CS1QA.

The lengths of questions and answers lie mostly
between 10 to 30 tokens. The distributions show
long tails for both questions and answers, but an-
swers are more evenly distributed. The distribution
of token lengths for questions and answers can be
found in Appendix B.

The number of lines of code shows a peak be-
tween 12.5 and 50, as shown in Figure 2. Code snip-
pets have a wider distribution in length. This can
be the result of varying difficulties of tasks, with
more difficult tasks requiring longer code snippets
to solve. The number of lines of code in CS1QA
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Figure 2: The total number of lines in code and the
proportion of selected code lines in code (color coded).
The last bin contains all code longer than 250 lines.

is larger than those in other code-based datasets,
which can present interesting challenges.

5.2 Question Type Distribution
We present the distribution of question types in Ta-
ble 3 in number of questions collected and number
of code snippets collected.

The CS1QA dataset contains similar number of
questions for each student type of questions, ex-
cept for Code Understanding type, which contains
significantly fewer questions. One plausible reason
for this is that most of the tasks require writing
the program from scratch, thus students ask fewer
questions about the skeleton code.

There are more Meaning questions than other
types of TAs’ probing questions. This can be be-
cause TAs often ask the students about the mean-
ings of functions and variables to make sure that
the students understand the code they wrote for
each task.

5.3 Code Line Distribution
The average number of selected code lines is 13.0.
A majority of the questions can be answered by
looking at fewer than 20 lines of code. The number
of selected code lines can be a gauge of the diffi-
culty of answering the questions; a longer selection
means that one has to read and understand a larger
amount of code. The detailed distribution of code
lines and code lengths can be found in Appendix B.
Figure 2 shows the percentage of selected code
lines. The graph shows that majority of the selected
code lines are less than 20% of the total number of
lines of code.

The proportion of Not applicable code selections
differ by question types, as shown in Table 3. As
TAs ask questions about the implementation details,
answering most of them requires looking at the
code. On the other hand, students often ask about
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the approach to the problems and implementation.
These questions have less basis on the code and
often refer to shorter spans where an error occurs
or a function is used. Thus finding the relevant
code takes more effort, although answering them
requires looking at less code on average.

5.4 Machine Translation Quality

We have employed 16 workers who are fluent in
both Korean and English to check the quality of
the machine translation of sampled questions and
answers. Each worker checked the quality of 8
question-answer pairs per question type. Each pair
was checked by at least two workers. Workers com-
pared the original and the translated texts, and gave
scores to four statements on a 5-point Likert scale,
with 1 being disagree/bad and 5 being agree/good.
The statements were: 1) I can understand the trans-
lation, 2) The translation has similar meaning to the
original text, 3) The translation contains grammat-
ical and lexical errors, and 4) Overall translation
quality. The mean scores between workers for each
statement were 4.37, 4.11, 2.06 and 3.92 respec-
tively. The results suggest that the translation was
overall in good quality, with high understandability
and similar meaning to the original text. The trans-
lation contains grammatical or lexical errors, but
not to a significant extent.

6 Experimental Setup

We select three baseline models, CodeBERT,
RoBERTa and XLM-RoBERTa, and test their per-
formance on the type classification and code line
selection tasks. CodeBERT model is selected to test
the effectiveness of pretraining on NL-PL paired
data. Other models based on syntactic structures
of code cannot take students’ erroneous code as
input. RoBERTa and XLM-RoBERTa models are
selected to test the performance of NL-based mod-
els, for translated and untranslated data respectively.
Questions translated to English are provided to the
two models pretrained in English, CodeBERT and
RoBERTa. XLM-RoBERTa model receives the un-
translated questions as input to compare the perfor-
mance when using the untranslated data. We used
the default hyperparameters used in CodeBERT for
training. The tokenizers encode newline token to
maintain the code’s structure in the tokenized text.
For the code line task, we also test the performance
of the naive baseline, which selects the middle 60
lines of code, which showed the best performance

among different numbers of lines, as the output.
Since the token lengths for code in CS1QA are

greater than the limit of the transformer-based mod-
els, we preprocess the input to fit within the token
length limit. We split the code into smaller seg-
ments so that the combined length of the split seg-
ment and the question is within the limit. For type
classification, the type with the most number of
votes is selected as the final selection. For code line
selection, the model chooses a start and end token
position from each segment. The lines between the
start and end tokens are given as the output for the
segment, and the union of segment outputs is given
as the final selection for the question. N/A is given
as the output when 1) the end position is before the
start position, 2) either the start or the end position
is 0 ([CLS] token), or 3) either the start or the end
position is out of range.

For the answer retrieval task, we train the DPR
by taking the questions as the passages. We use the
question with the highest BM25 score in the corpus
set as the gold label for the questions in the training
set. For testing, the most similar question in the
corpus is retrieved using the trained DPR with the
new question as the query. The retrieved answer is
used as the answer to the new question verbatim.

7 Results

We report the mean score from three runs with
different seeds for all experiments. The test score
is reported on the best-performing epoch out of 10
on the development set.

7.1 Type Classification

The results of our baseline models on type classi-
fication are shown in Table 5. The models learn
to predict the question types with relatively high
accuracy, but there is still a room for improvement.

Model Dev Test Q only
Acc F1 Acc F1 Acc F1

RoBERTa 77.57 72.31 76.65 71.10 75.74 69.40
CodeBERT 76.20 69.09 75.65 70.13 74.75 67.07

XLM-R 72.60 67.88 72.62 66.19 76.18 68.68

Table 5: Type classification task scores for the three
baseline models. Q only column shows the test scores
with only the question text as the input.

The class-wise classification F1 scores in Table 6
shows a significant drop for ‘understanding’ type
when code is not provided. The low number of
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Understanding Logical Error Usage Algorithm Task Reasoning Explanation Meaning

RoBERTa
w/ code 29.26 70.53 77.14 53.23 60.22 66.95 96.41 91.59 95.26
w/o code 21.99 70.76 76.39 50.87 67.96 68.64 95.32 88.35 94.38

CodeBERT
w/ code 28.80 68.35 74.46 54.29 61.77 66.26 95.94 87.87 93.80
w/o code 13.63 67.91 74.77 44.07 59.93 65.49 95.96 87.91 93.98

XLM-R
w/ code 15.12 68.13 72.26 46.87 59.22 61.88 93.83 86.32 92.12
w/o code 9.70 71.40 75.20 53.04 61.42 67.05 97.44 88.77 94.12

Table 6: Class-wise F1 scores on test set for type classification for baseline models

Understanding Logical Error Usage Algorithm Task Reasoning Explanation Meaning

RoBERTa
w/ code 30.89 72.64 77.09 53.18 59.95 68.06 96.96 90.62 95.00
w/o code 33.16 72.67 77.45 53.37 59.46 66.40 96.15 90.05 94.44

CodeBERT
w/ code 28.93 68.82 76.87 54.53 60.02 64.35 95.94 87.42 94.81
w/o code 30.33 65.67 72.85 54.65 60.97 67.60 96.19 88.48 94.96

XLM-R
w/ code 25.02 73.44 76.80 52.77 62.13 67.21 95.90 87.92 94.21
w/o code 28.77 69.68 77.39 54.83 59.23 67.29 96.70 88.17 93.91

Table 7: Class-wise F1 scores on test set for type classification for baseline models trained with augmented data.

questions for the understanding type might be the
reason, thus we augment the dataset with generated
understanding type questions. The common ques-
tion templates for understanding type questions are
extracted, and keywords in the question are ran-
domly replaced with keywords in a randomly cho-
sen code in the dataset. The generated question and
the chosen code are given as the input to the models.
The question templates are provided in Appendix C.
The class-wise classification F1 scores are reported
in Table 7. The difference in scores depending on
the presence of code is reduced, and overall per-
formance increases. The results suggest that pres-
ence of code does not significantly affect the type
classification performance. This is expected, as the
question type annotation was conducted without
providing the code.

7.2 Code Line Selection

The results of our baseline models on line selection
are shown in Table 8. We also conduct another
set of experiments with questions with N/A line
selection removed (Valid Line column). The drop
in scores on the code with valid line selections
shows that large portion of the scores come from
the model correctly identifying N/A selections.

The naive baseline performance is much worse
than the models’ performance, which suggests that
line selection task is not trivially solved. The rela-
tively low scores on the tasks for CS1QA suggest
that they are challenging for models built for nat-

Model Dev Test Valid Line
EM F1 EM F1 EM F1

Naive 1.08 23.97 0.65 21.84 0.90 30.42

RoBERTa 46.62 62.61 41.80 57.57 22.02 43.50
CodeBERT 42.00 57.74 38.95 54.06 16.42 37.12

XLM-R 42.57 58.63 39.14 55.40 21.85 43.90

Table 8: The naive and three baseline models’ scores on
line selection task.

ural language understanding. CodeBERT’s perfor-
mance is not superior for the span selection task
even though the model was pretrained on code and
natural language together. This suggests that Code-
BERT’s pretraining objective is not appropriate for
the CS1QA tasks.

7.3 Answer Retrieval

The mean BLEU-1 score that compare the answers
for the questions in the test set is 13.07. This shows
that a simple retrieval based answering system is
not sufficient for answering students’ questions.
The code provides important context to generate
accurate answers, and the answer likely differs even
for the same question, depending on the code.

The mean BLEU score for TA’s probing ques-
tions is 18.48, while that for student-asked ques-
tions is 8.91. This suggests that the TAs tend to ask
similar questions that have similar answers, while
students’ questions vary more with largely different
answers.
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7.4 Qualitative Analysis

In order to better understand the baseline models’
behavior, we analyze the output type classifications
and line selections for 180 questions, 20 per ques-
tion type.

For type classification, most of the ‘why’ ques-
tions from students are classified as ‘logical er-
ror’ or ‘error’ types. These questions are often
phrased as “I don’t know why. . . ” or “why some-
thing doesn’t work”. This leads to relatively high
scores for the two error types. 84% of the ‘why’
questions were classified into the two types. 15
questions were correctly classified.

Keyword matching for line selection task ac-
counts for approximately 54% of line selections.
When a function name or variable name is men-
tioned in the question, the selected code lines often
include the mentioned name. However, this tac-
tic sometimes fools the model into selecting more
lines than necessary. This was more frequently ob-
served for Meaning and Function/Syntax Usage
tasks, where 94% and 75% of the line selections
included the keyword.

8 Conclusion

In this paper, we present CS1QA, a dataset for code-
based question answering in introductory program-
ming course. CS1QA’s crowdsourced data from a
programming course provide rich information that
code understanding models need to consider to cor-
rectly answer the given questions. We introduce
three tasks for CS1QA, whose output can help stu-
dents debug and reduce workloads for the teaching
staff. Results from the baseline models indicate
that tasks for CS1QA are challenging for current
language understanding models. CS1QA promotes
further research to better represent and understand
source code for code-based question answering.

As CS1QA data deliver the full context of the
questions, the answer texts in CS1QA can be used
as training and testing data for an answer gener-
ation task in the future. Although the generation
task is difficult and demands new code represen-
tation and processing methods, models that show
good performance on it will allow a new level of au-
tomation in code-based QA. We hope that CS1QA
will bring research interest in the domain of code
understanding for question answering.

9 Ethical Consideration

All students and TAs, whose chat logs and code are
used to build the dataset, have given permission to
use these data for research purposes prior to this
research. No disadvantage was given to any student
or TAs for not providing their data for this research.
The IRB at our university approved the annotation
experiments conducted in this research.

The annotators were compensated appropriately
for their participation in the experiments. Com-
pensation was determined to meet the minimum
wage requirements. For the experiment collect-
ing question-answer pairs with question types, the
workers were paid $9 for the first 50 chat logs
marked and $13.50 for every 50 chat logs marked
afterwards. It took less than an hour to complete
annotations for 50 chat logs on average. For the
experiment collecting the code lines, the workers
were paid $0.45 for every code annotation made.
Workers were able to complete approximately 30
selections in an hour on average. For the experi-
ment testing the effectiveness of providing relevant
code lines on answering the questions, the partici-
pants were paid $13.50 to answer 48 questions by
the students. It took approximately an hour for each
participant to finish answering all 48 questions.

The authors made their best efforts to anonymize
the dataset and remove all personal information
such as student ID and phone number from the
dataset.
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Appendix

A Example data in CS1QA

We present an example of a question in the CS1QA dataset in Figure 3.

Figure 3: An example of the data in CS1QA. Note that taskNo, startLine and endLine variables count from 0. The
code is prettified for readability.
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B Distribution of Question, Answer and
Code Lengths

Figures 4 and 5 show the distribution of question
lengths for questions translated to English and orig-
inal questions respectively.

0 10 20 30 40 50 60 70 80
Token lengths

0

500

1000

1500

2000

2500

Fr
eq

ue
nc

y

Length of questions

Figure 4: The distribution of question lengths translated
to English in number of white space separated tokens.
The last bin contains all questions longer than 80 tokens.
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Figure 5: The distribution of original question lengths
in number of white space separated tokens. The last bin
contains all questions longer than 80 tokens.

Figures 6 and 7 show the distribution of answer
lengths for answers translated to English and origi-
nal answers respectively.
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Figure 6: The distribution of answer lengths in number
of white space separated tokens. The last bin contains
all answers longer than 100 tokens.
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Figure 7: The distribution of original answer lengths in
number of white space separated tokens. The last bin
contains all answers longer than 100 tokens.

Figure 8 shows the distribution of number of
lines in the selected code spans. Figure 9 shows the
distribution of proportions of the code lines that is
included in the selected code span.
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Figure 8: The distribution of number of lines selected
in code spans. The last bin contains all selections with
more than 80 lines of code.
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Figure 9: The distribution of the percentage of selected
code lines in code.
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C Question Templates for Understanding Type Questions

The templates used for augmenting CS1QA dataset with understanding type questions are presented in
Table 9. The keywords variable, function, and snippet are extracted from the randomly chosen code in the
dataset. Variable is a random token, function is a random function name, and snippet is a random line
of code. In the last template, one of the words list, dictionary, variable, function is chosen randomly to
complete the template.

Template format
What does [variable, function] mean?
What does [variable, function] refer to?
What’s the meaning of [variable, function]
What does [function] do?
Can you explain what [function] does?
Can you describe what [function] is doing?
How do I use [function]?
How to use [function]?
I don’t understand [snippet].
What is [function]?
Should I use [function, snippet]?
Why do you do [snippet]?
Is [variable, function] a {list, dictionary, variable, function}?

Table 9: Templates used for the question augmentation for Understanding type questions. The keywords in square
brackets are chosen from a randomly chosen code in the dataset. The words in curly brackets are randomly chosen.

D Experiment Details

We ran the experiments for RoBERTa-base, CodeBERT-base and XLM-RoBERTa model on 4 Quadro
RTX 8000 GPUs. We ran 10 epochs for fine-tuning the models. All of these models were released with
MIT License, and our use is consistent with the license.

For all models, we used the batch size of 32 for training, evaluating and testing.
The average runtime for each epoch for RoBERTa-base and CodeBERT-base models is approximately

1 hour for training, and 1 minute for evaluating and testing. For XLM-RoBERTa-base model, the average
runtime for each epoch is approximately 3.3 minutes hour for training and 0.5 minute for evaluating and
testing.

The number of parameters for RoBERTa-base, CodeBERT-base and XLM-RoBERTa models are 125M,
125M and 270M respectively.
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E Annotation Interface

We present the annotation interface used to collect the question, answer, and question type in Figure 10.
Annotators can choose the messages corresponding to the question or answer text, and modify the texts in
the interface. Annotators also select a question type for every question.

Figure 10: The annotation interface for question, answer and type selection. On the left, the chat log is presented.
On the right, annotators can modify the question and answer texts and select the question type.

We present the annotation interface used to collect the code and the code span in Figure 11. Annotators
choose the code for the question given, and select code spans with a code line as a unit.

Figure 11: The annotation interface for code line selection. On the left, the question and answer texts are presented.
On the right, annotators select the correct task for the given question and answer, and select the code lines that
provide information to answer the question.

The full-text instructions for QA annotation can be found in this link. The instructions for code line
annotaion can be found in this link.
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Abstract

Providing technologies to communities or do-
mains where training data is scarce or protected
e.g., for privacy reasons, is becoming increas-
ingly important. To that end, we generalise
methods for unsupervised transfer from multi-
ple input models for structured prediction. We
show that the means of aggregating over the
input models is critical, and that multiplying
marginal probabilities of substructures to ob-
tain high-probability structures for distant su-
pervision is substantially better than taking the
union of such structures over the input mod-
els, as done in prior work. Testing on 18 lan-
guages, we demonstrate that the method works
in a cross-lingual setting, considering both de-
pendency parsing and part-of-speech structured
prediction problems. Our analyses show that
the proposed method produces less noisy labels
for the distant supervision.1

1 Introduction

Recent successes of NLP systems have been en-
abled by supervised learning algorithms requiring
a large amount of labelled data. Creating such
data can be costly for structured prediction tasks
such as dependency parsing (Böhmová et al., 2003;
Brants et al., 2003). Transfer learning (Pan and
Yang, 2010) is a promising solution to this problem.
In this work, we focus on a case of transfer learn-
ing, namely cross-lingual learning. We consider
the setup where the target language is low-resource
having only unlabelled data, commonly referred
to as unsupervised cross-lingual transfer. This is
an important problem because most world’s lan-
guages are low-resource (Joshi et al., 2020). Suc-
cessful transfer from high-resource languages en-
ables language technologies development for these
low-resource languages.

∗Work done prior to joining Amazon.
†Work done outside Amazon.

1https://github.com/kmkurn/uxtspwsd

One recent method for unsupervised cross-
lingual transfer is PPTX (Kurniawan et al., 2021).
Developed for dependency parsing, it transfers
from multiple source languages, which has been
shown to be superior to transferring from just a sin-
gle language (McDonald et al., 2011; Duong et al.,
2015; Rahimi et al., 2019, inter alia). PPTX com-
putes the union of high-probability trees from all
source parsers and uses the result as supervision to
train the target language parser. One advantage is
that, in addition to not requiring labelled data in the
target language, it does not require any data in the
source languages either, which is useful if such data
is private. All it needs is access to multiple, trained
source parsers. Despite its benefits, PPTX has only
been applied to dependency parsing, although in
principle it should be extensible to other structured
prediction problems. More concerningly, we show
in this work that PPTX generally underperforms
compared to a majority voting baseline.

In this paper, we generalise and improve PPTX
for structured prediction problems. As with PPTX,
this generalisation casts the unsupervised transfer
problem as a supervised learning task with dis-
tant supervision, where the label of each sample in
the target language is based on the structures pre-
dicted by an ensemble of source models. Moreover,
we propose the use of logarithmic opinion pool-
ing (Heskes, 1998) to improve performance (see
Fig. 1). Unlike PPTX that performs simple union,
the pooling considers the output probabilities in
aggregating the source model outputs to obtain the
structures used for distant supervision. We test our
method on 18 languages from 5 language families
and on two structured prediction tasks in NLP: de-
pendency parsing and POS tagging. We find that
our method generally outperforms both PPTX and
the majority voting baseline, with absolute accu-
racy gains of up to 7 % on parsing and 20 % on
tagging. Our analysis shows that the use of loga-
rithmic opinion pooling results in fewer predicted
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Figure 1: Illustration of our method for an input sen-
tence saya makan nasi (“I eat rice”). 1 A set of struc-
tured prediction models as inputs. 2 The models com-
pute marginal probability distributions over substruc-
tures for each token xj . 3 Logarithmic opinion pool
of the distributions is computed. 4 Substructures are
filtered based on some threshold. 5 High-probability
substructures are obtained. 6 High-probability struc-
tures are obtained from the substructures as distant su-
pervision.

structures that are also more concentrated on the
correct ones.

In summary, our contributions in this paper are:
1. developing a generic unsupervised multi-

source transfer method for structured predic-
tion problems;

2. leveraging logarithmic opinion pooling to take
into account source model probabilities in the
aggregation to produce the labels for distant
supervision; and

3. outperforming previous work in dependency
parsing and part-of-speech tagging, especially
in the context of a stronger, multi-source trans-
fer baseline.

2 Unsupervised Transfer as Supervised
Learning

Suppose we want to create a model for a low-
resource language that has only unlabelled data,
but we only have access to a set of models trained
on other languages. This is an instance of cross-
lingual transfer learning. We cast this problem as a
(distantly) supervised learning task with the train-
ing objective

`(θ) = −
∑

x∈D
log

∑

y∈Ỹ(x)
p(y | x;θ) (1)

where θ is the target model parameters, D is the
unlabelled target data, and Ỹ(x) is a set of dis-

tant supervision labels for an unlabelled input
x = x1x2 · · ·xn. Thus, Ỹ(x) contains supervi-
sion in the form of one or more potentially am-
biguous/uncertain labels. In single-source transfer,
Ỹ(x) can be as simple as a singleton containing the
predicted label for x by the source model, in which
case this is related to self-training (McClosky et al.,
2006). In our case, however, this supervision is as-
sumed to arise from an ensemble of models, each is
based on transfer from a different source language
(Section 2.1). Optionally, the parameters θ can
be initialised to the source model parameters (or
the parameters of one of the source models in the
multi-source case) and regularised to this initialiser
during training, in order to both speed up training
and encourage the parameters to stay near known
good parameter values. Overall, the objective be-
comes `′(θ) = `(θ) +λ‖θ− θ0‖22 where θ0 is the
source model parameters and λ is a hyperparameter
controlling the regularisation strength.

2.1 Supervision via Ensemble

In multi-source transfer, the set Ỹ(x) can be ob-
tained by an ensemble method applied to the source
models. PPTX (Kurniawan et al., 2021) is one
such method designed for arc-factored dependency
parsers. We generalise PPTX, making it applica-
ble to any set of source models that predict struc-
tured outputs that decompose into substructures (of
which a set of arc-factored dependency parsers is a
special case). For the rest of this paper, we assume
that the source models are graphical models over
these structured outputs. Let C(x, j) denote the set
of substructures associated with xj whose marginal
probabilities form a probability distribution:

∑

c∈C(x,j)

p(k)(c | x) = 1

for any source model k. For example, for depen-
dency parsing, C(x, j) is the set of arcs whose de-
pendent is xj (see Fig. 1 part 2 ). The chart Ỹ(x)
can then be obtained as follows. Define Ãk(x, j) to
be the set of substructures associated with xj hav-
ing high marginal probability under source model
k. This set is obtained by adding substructures
c ∈ C(x, j) in descending order of their marginal
probability until their cumulative probability ex-
ceeds a threshold σ:

∑

c∈C(x,j)

p(k)(c | x) ≥ σ (2)
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where 0 ≤ σ ≤ 1. Therefore, Ãk(x, j) contains
the substructures that cover at least σ probability
mass of the output space under source model k.
Next, define

Ã(x) =
⋃

k,j

Ãk(x, j) (3)

as the set of high probability substructures for x
given by the source models. The chart Ỹ(x) is then
defined as the set of structures whose substructures
are all in Ã(x). Formally,

Ỹ(x) = {y | y ∈ Y(x) ∧A(y) ⊆ Ã(x)}
where Y(x) is the output space of x and A(y)
is the set of substructures in y. To prevent
Ỹ(x) from being empty, the 1-best structure ŷ =
arg maxy p

(k)(y | x) from each source model k
is also included in the chart, but they don’t count
toward the probability threshold.

2.2 Proposed Method
Multilinguality is the key factor contributing to the
success of PPTX (Kurniawan et al., 2021). There-
fore, optimising the method to leverage this mul-
tilinguality provided by the source models is im-
portant. One potential limitation of PPTX is the
inclusion of substructures having relatively low
marginal probability under some source model be-
cause of the union in Eq. (3). As an extreme illus-
tration, consider a poor source model k assigning
uniform marginal probability to substructures in
C(x, j). Most of these substructures will be in-
cluded in Ãk(x, j) and, subsequently, Ã(x). As a
result, noisy structures may be included in Ỹ(x)
which makes learning the correct structure difficult.

Instead of computing the set of high-probability
substructures from each source model separately,
a potentially better alternative is to aggregate the
marginal probabilities given by the source mod-
els and then compute the chart from the result-
ing distribution. We propose to use logarithmic
opinion pooling (Heskes, 1998) as the aggregation
method. To obtain the chart Ỹ(x), first we com-
pute the logarithmic opinion pool of the source
models’ marginal probabilities. That is, for all
j ∈ {1, . . . , n}, define

p̄j(c | x) ∝
∏

k

[
p(k)(c | x)

]αk
(4)

where we normalise over the substructures c ∈
C(x, j), and αk is a non-negative scalar weight-
ing the contribution of source model k satisfying

0 1 2 3 4
0

1
p(1)

0 1 2 3 4

p(2)

0 1 2 3 4

p

Figure 2: Logarithmic opinion pool with uniform
weighting (p̄) for two distributions p(1) and p(2). The
opinion pool p̄ assigns lower probabilities to substruc-
tures indexed by 0 and 1 than those indexed by 3 and
4 because p(1) and p(2) assign very low probability to
either 0 or 1. Selected substructures in the context of
Eq. (2) with σ = 0.7 are in orange.

∑
k αk = 1. Thus, p̄j gives the new probability dis-

tribution over substructures in C(x, j). Then, we
compute the set Ã(x, j) using p̄j in a similar fash-
ion as before: adding substructures c ∈ C(x, j)
in descending order by their marginal probability
given by p̄j until their cumulative probability ex-
ceeds σ. Lastly, we define Ã(x) =

⋃
j Ã(x, j),

and keep the definition of Ỹ(x) unchanged: the set
of structures induced by Ã(x) plus the 1-best struc-
tures,2 which is used as labels for training with the
objective in Eq. (1). Fig. 1 illustrates the process
using dependency parsing as an example.

Setting the Weight Factors Finding an opti-
mal value for αk is possible if there is labelled
data (Heskes, 1998). However, we do not have
labelled data in the target language in our cross-
lingual setup. There is some method to find simi-
lar weighting scalars for cross-lingual transfer that
may work in our setup (Wu et al., 2020), but they
require unlabelled source language data and only
marginally outperform uniform weighting. There-
fore, unless stated otherwise, we set αk uniformly,
reducing Eq. (4) to the normalised geometric mean
of the marginal distributions.

Motivation The motivation behind the proposed
method is the observation that PPTX obtains the
high-probability substructures by applying the
threshold in Eq. (2) for each source model sep-
arately before they are aggregated into a single set
in Eq. (3). This means PPTX considers the uncer-
tainty of the source models in isolation to create
the chart. In contrast, our method considers the un-
certainty of the ensemble by applying the threshold
after aggregating the probabilities in the logarith-

2Concrete (sub)structures in set C, Ã, and Ỹ depend on
the task. For parsing, they are arcs and trees. For tagging, tag
pairs and sequences. See Section 2.3 for more details.
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mic opinion pool in Eq. (4). The opinion pool
assigns more probability mass to substructures to
which all the source models assign a high proba-
bility (see Fig. 2), and we hypothesise that such
substructures are more likely to be correct.

2.3 Application to Structured Prediction

The above method can be applied to structured
prediction problems. Crucial to the application is
the definition of C(x, j). Below, we present two
applications: arc-factored dependency parsing and
sequence tagging.

Arc-Factored Dependency Parsing For depen-
dency parsing, we can define C(x, j) as the set of
dependency arcs having xj as dependent:

C(x, j) = {(i, j, l) | i ∈ {0, . . . , n}∧i 6= j∧l ∈ L}

where (i, j, l) denotes an arc from head xi to de-
pendent xj with dependency label l, L denotes the
set of dependency labels, and x0 is a special token
whose dependent is the root of the sentence.3 Since
exactly one arc in C(x, j) exists in any possible
dependency tree of x, the marginal probabilities
of arcs in C(x, j) form a probability distribution.
The rest follows accordingly.

Sequence Tagging In sequence tagging, the
structured output is a sequence of tags, which
decomposes into consecutive tag pairs. Given
a sequence of tags y = y1y2 · · · yn correspond-
ing to the input x, its consecutive tag pairs are
A(y) = {(j, yj , yj+1)}n−1j=1 . We define C(x, j) as
the set of possible tag pairs for xj and xj+1:

C(x, j) = {(j, t, t′) | (t, t′) ∈ T × T}

where T is the set of tags. Note that any sequence
of tags for x has exactly one tag pair in C(x, j)
and thus, the marginal probabilities of these tag
pairs in C(x, j) form a probability distribution.

3 Experimental Setup

Data and Evaluation We evaluate on depen-
dency parsing and part-of-speech (POS) tagging.
We use Universal Dependencies v2.2 (Nivre et al.,
2018) and test on 18 languages spanning 5 lan-
guage families (see Appendix A). We divide the
languages into distant and nearby groups based

3This formulation is widely used in graph-based depen-
dency parsing, which dates back to the work of McDonald
et al. (2005).

on their distance to English (He et al., 2019). We
use the universal POS tags (UPOS) as labels for
tagging. We exclude punctuation from parsing eval-
uation following the standard practice and report
average performance across five random seeds un-
less stated otherwise. We also include a PPTX
baseline applied to tagging. Our evaluation metric
is accuracy for both tasks, which is equivalent to
LAS for parsing.

Model Architecture For parsing, we use the
same architecture as was used by Kurniawan
et al. (2021), consisting of embedding layers, a
Transformer encoder layer, and a biaffine output
layer (Dozat and Manning, 2017). At test time, we
run the MST algorithm (Chu and Liu, 1965; Ed-
monds, 1967) to find the highest scoring tree. For
tagging, we replace the output layer with a linear
CRF layer. At test time, the Viterbi algorithm is
used to obtain the tag sequence with the highest
score.

Source Selection We adopt a “pragmatic” ap-
proach where we include 5 high-resource lan-
guages as sources: English, Arabic, Spanish,
French, and German (Kurniawan et al., 2021),4

which have been categorised as “quintessential rich-
resource languages” due to the availability of mas-
sive language datasets (Joshi et al., 2020). When a
source language is also the target language, we ex-
clude the language from the sources. For example,
if Arabic is the target language, then we use only
the other 4 languages as sources, thus the target
language is always unseen. See Appendix B for
more details.

Baselines Our main baseline for both tasks is a
majority voting ensemble (MV). For parsing, we
score each possible arc by the number of source
parsers that have the arc in the predicted tree and
then run the MST algorithm. For tagging, we use
the most commonly predicted tag for each input
token. This baseline is not only more appropriate
for multi-source transfer but also stronger than the
direct transfer baseline used by Kurniawan et al.
(2021) which uses only a single source language
(English), with accuracy gains of up to 15 points
on both tasks. We also include knowledge distil-
lation (KD) which has been used for parsing as
a baseline (Hu et al., 2021). For tagging, we in-
clude BEA (Rahimi et al., 2019) which explicitly

4This setup is called PPTX-PRAG by Kurniawan et al.
(2021), which is reported in their Figure 3.
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Figure 3: Performance difference of PPTX and our method against majority voting (MV) on parsing and tagging.
Numbers on the x-axis are the MV performance corresponding to the zero value on the y-axis. BEA is run only once
as it always gives the same result. Table 11 reports the full results. *: hyperparameters are tuned on this language.

models the label confusion of source taggers and
has been used successfully for multi-source cross-
lingual NER. More details on these two baselines
are reported in Appendix C.

Training We use the same setup as Kurniawan
et al. (2021) for parsing. We include the gold uni-
versal POS tags as input to the parsers. We discard
sentences longer than 30 tokens to avoid memory
issues and train for 5 epochs using Adam (Kingma
and Ba, 2015). Note that we discard long sentences
only at training time. In other words, we evaluate
on all lengths at test time. We tune the learning
rate and λ on the development set of Arabic, select
the values that give the highest accuracy, and use
them for training on all languages. For tagging, we
set the length cut-off to 60 tokens (again, only at
training time) and train for 10 epochs. Again, we
tune the hyperparameters on Arabic and use the
best values for training on all languages. For both
tasks, we obtain cross-lingual word embeddings us-
ing an offline transformation method (Smith et al.,
2017) applied to fastText pre-trained word vec-
tors (Bojanowski et al., 2017). We set the threshold
σ = 0.95 (Kurniawan et al., 2021). We initialise
the parameters of the target language model with
the parameters of the English source model and reg-
ularise the former towards the latter during training.
In other words, we set the parameters of the English
source model as θ0 as described in Section 2.1. See
Appendix D for further details.

Lang. Parsing Tagging

nP (millions) nO
nP

(%) nP
nO
nP

(%)

fa 1.6× 106 0.0011 6.5× 105 3
ko 2.3× 104 0.021 8.2× 103 11
hr 2.0× 105 0.0019 4.3× 105 37
it 4.5 0.069 4.7× 104 32
es 3.7× 103 0.0014 2.4× 106 110
sv 5.1 0.12 7.6× 103 18

Table 1: Median chart size of PPTX (column nP ), and
median chart size of our method relative to PPTX (col-
umn nO

nP
), where chart size is defined as the number of

structures in Ỹ(x).

4 Results and Analysis

Fig. 3a shows the accuracy difference of KD,
PPTX, and our method against MV on parsing.
We see that PPTX does not consistently outper-
form MV, substantially underperforming on 6 lan-
guages.5 On the other hand, our method outper-
forms not only PPTX but also both KD and MV on
most languages. Fig. 3b shows the corresponding
results on POS tagging which is particularly con-
vincing. We see that PPTX often underperforms,
with up to 10 % drop in accuracy compared to MV.
In contrast, our method consistently outperforms
MV with up to 10 % accuracy improvement. These
results suggest that PPTX may not improve over a

5Persian, Arabic, Indonesian, Turkish, Italian, and Por-
tuguese.
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Method Distant Nearby

PPTX −1.2± 5.0 0.5± 2.4
Ours 2.1± 2.7 2.8± 2.0

Table 2: LAS difference against majority voting using
predicted POS tags, averaged over all nearby and distant
languages (± std). Average LAS for the majority voting
on distant and nearby languages are 38.4 ± 18.3 and
68.1± 7.3 respectively.

simple majority voting ensemble, and our method
is the superior alternative. In addition, our method
shows higher improvement against MV on nearby
than distant languages, which is unsurprising be-
cause our pragmatic selection of source languages
is dominated by languages in the nearby group.

From the figure, we also see that on Portuguese
and Italian, our method slightly underperforms
compared to MV on parsing, but outperforms MV
considerably on tagging. We hypothesise that this
disparity is caused by the variability of the source
models quality. On tagging, the direct transfer per-
formance of 3 out of 5 source taggers is relatively
poor on Portuguese and Italian, making it more
likely for MV to predict wrongly as the good tag-
gers are outvoted. In contrast, on parsing, Arabic
is the only source parser that has very poor trans-
fer. The other source parsers achieve comparably
good direct transfer performance so MV already
performs well.

Parsing results using predicted POS tags Since
low-resource languages often don’t have gold POS
tags, we also evaluate our method for parsing using
predicted POS tags. We use Stanza (Qi et al., 2020)
to predict the POS tags of all target languages, and
replace the gold UPOS with the predicted tags as
the input. Table 2 shows that our method still out-
performs PPTX in this setup, although there is a
large variance across languages.

4.1 Chart Size Analysis

To understand the differences between PPTX and
our method better, we compare the size of the chart
Ỹ(x) produced by PPTX and our method, in terms
of the number of structures in it. We take the me-
dian of this size over all unlabelled sentences in the
training set of each target language and compare
the results. Table 1 reports the median chart size
of PPTX, and the median chart size of our method
relative to PPTX for both parsing and tagging on

6 representative languages (the trend for other lan-
guages is similar). We find that for parsing, the size
of our method’s chart is much smaller than 1 % of
the size of PPTX chart for all target languages.6

This finding shows that our method’s charts are
much more compact than those of PPTX. Thus,
it may explain the improvement of our method
over PPTX because smaller charts may be more
likely to concentrate on trees that have many cor-
rect arcs, making it easier for the model to learn
correctly (we explore this further in Section 4.2).
For POS tagging, we observe the same trend where
our method’s charts are smaller, but to a lesser ex-
tent, presumably because the typical output space
of tagging is several orders of magnitude smaller
than that of parsing. Occasionally, our method’s
chart is larger than that of PPTX, although our
method outperforms PPTX substantially (French
and Spanish). We speculate that this is because
most of the source taggers are very confident but
on different substructures, so only a handful of sub-
structures are selected by PPTX after applying the
threshold in Eq. (2), making the chart small. Mean-
while, the logarithmic opinion pool is less confident
as it corresponds to the (geometric) mean of the
distributions, so more substructures are selected,
making the chart larger.

4.2 Chart Quality Analysis
Continuing the previous analysis, we check if the
smaller charts of our method indeed concentrate
more on the correct structures than those of PPTX.
To measure this, we define the notion of precision
and recall of the chart Ỹ(x). We define precision as
the fraction of correct substructures in Ỹ(x) and re-
call as the fraction of gold substructures that occur
in any structure in Ỹ(x). Formally,

P(Ỹ(x)) =

∑
(x,y∗)

∑
y∈Ỹ(x) |A(y) ∩A(y∗)|

∑
x

∑
y∈Ỹ(x) |A(y)|

and

R(Ỹ(x)) =

∑
(x,y∗)

∑
a∈A(y∗) I(a, Ỹ(x))

∑
y∗ |A(y∗)|

where

I(a, Ỹ(x)) =

{
1 if y ∈ Ỹ(x) s.t. a ∈ A(y)

0 otherwise

6Except for Turkish, where this number is 3 %, which is
still very small.
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Target Language
Parsing Tagging

PPTX Ours ∆ PPTX Ours ∆

P R P R P R Acc P R P R P R Acc

fa 10 90 17 95 7 5 6.9 21 80 26 75 5 4 3.7
ko 0 65 2 77 1 13 −1.0 8 50 4 45 −5 −5 0.2
hr 10 96 20 98 10 3 2.1 14 77 16 77 2 0 10.1
it 10 99 25 100 15 1 1.2 20 91 24 93 4 2 22.9
es 11 96 20 98 10 1 1.6 18 82 16 87 −1 4 15.7
sv 13 97 21 98 8 1 0.2 21 84 28 81 8 −3 0.4

Table 3: Precision (P) and recall (R) of charts produced by PPTX and our method in dependency parsing and POS
tagging. Numbers are rounded to the nearest integer. Column ∆ is the difference between our method and PPTX
(positive means our method is higher). ∆ over the accuracy results for both tasks are included for completeness, and
correspond to the bar height difference of the two methods in Fig. 3.

and y∗ denotes the gold structure for input x. A
good chart must have high precision and recall. In
particular, if Ỹ(x) is a singleton containing the
gold structure, then both precision and recall will
be 100 %.

Table 3 reports the precision and recall of the
charts produced by PPTX and our method for both
tasks, as well as the performance differences, for
the same 6 languages as before (the trend for other
languages is similar). We observe that with our
method in parsing, both precision and recall con-
sistently improve over PPTX, suggesting that the
charts indeed contain more correct arcs. How-
ever, higher precision and recall do not guarantee
performance improvement, as shown by Korean
where both precision and recall improve with our
method but its performance is lower than PPTX.7

We suspect that this is caused by the unusually low
precision even with our method, indicating that
the chart is very noisy. For POS tagging, the re-
sult is less obvious, but we find that generally our
method improves chart precision, but often sacrific-
ing chart recall. For Spanish, precision decreases
with our method, and only recall improves.8 An
interesting case is again Korean where both preci-
sion and recall worsen, probably because of very
poor source taggers performance on the language.
Overall, our method generally improves the chart
quality in terms of either precision or recall, but to
a lesser extent, which again may be attributed to
the smaller output space compared with parsing.

7The only other language where this happens is Hindi.
8The only other language where this happens is French.

4.3 Effect of Opinion Pool Distance to True
Distribution

We explore whether there is a relationship between
(a) how distant the opinion pool is to the true distri-
bution over substructures and (b) the performance
improvement of our method against majority vot-
ing. Intuitively, the closer the opinion pool is to
the true distribution, the higher its absolute perfor-
mance would be. However, it is unclear whether
this translates into an advantage over majority vot-
ing. This is important because if such relationship
exists, then it may be worthwhile spending some ef-
fort on optimising the opinion pool. To this end, we
measure the distance between the true distribution
and the opinion pool by computing the Kullback-
Leibler divergence (KL)

KL(p̂ | p̄) =
1

n(D)

∑

x∈D

|x|∑

j=1

KL(p̂j | p̄j) (5)

where n(D) is the total number of tokens of all
input sentences in D, p̂j(c | x) is the (empirical)
true distribution of substructures in C(x, j), and
p̄j(c | x) is the logarithmic opinion pool distribu-
tion defined in Eq. (4). Note that p̂j(c | x) is a
one-hot distribution so KL(p̂j | p̄j) reduces to the
negative log likelihood of the labelled data under
the opinion pool. We compute the KL divergence
on the training set of both parsing and tagging and
display the regression plots in Fig. 4. We see a
medium correlation between opinion pool distance
and performance gain against majority voting, with
r = −0.45 for both parsing and tagging (p-value
is 0.06 for both). However, there is substantial vari-
ance, especially in the right half figure of parsing,
caused by the lack of languages in that region of
the plot. Nonetheless, the plots suggest that there
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Figure 4: Relationship between KL(p̂ | p̄) and the
accuracy difference of our method and MV, where p̂
and p̄ denote the empirical true distribution and the
opinion pool distribution respectively. Shaded area is
95 % confidence interval computed via bootstrapping.

is indeed a positive relationship between how close
the opinion pool is to the true distribution and the
performance gain of our method compared with
majority voting.

There are ways to obtain an opinion pool that is
closer to the true distribution. One way is to lever-
age a small amount of labelled data in the target
language to estimate the weight factors αk, which
can be done by optimising Eq. (5). This option
is suitable if such labelled data is available or can
be obtained cheaply. If we have the freedom to
choose the source languages, another method is
to select them carefully so they are both reason-
ably close to the target language and also diverse.
This is because Eq. (5) can be expressed as E −D,
where E denotes how distant the source models’
output distributions are to the target’s true distribu-
tion (error) and D denotes how distant the output
distributions are to each other (diversity) (Heskes,
1998). Having the source languages reasonably
close to the target language and also diverse means
reducing E and increasing D respectively, moving
the opinion pool closer to the true distribution. That
said, when the source languages are close to the
target language, the source models may already be
good for direct transfer so our method may not give
meaningful improvement over majority voting.

4.4 Learning the Opinion Pool Weight Factors

Motivated by the previous findings, we deviate
from our unsupervised setup by learning the weight
factors αk using a tiny amount of labelled target
data. Concretely, we randomly sample 50 sen-
tences from the training set of each target language
and learn αk that minimises Eq. (5) for all source
model k. We then use the learned weights to obtain
the opinion pool as defined in Eq. (4) (see Ap-

Parsing Tagging

MV 56.3 65.4
Uniform αk 59.0 69.3
Learned αk 59.4 70.0

Table 4: Parsing and tagging performance of MV and
our method with uniform and learned weight factors
αk for the logarithmic opinion pool, averaged over 18
languages. Full results are reported in Table 11.

pendix F for further details). Table 4 shows the re-
sults on parsing and tagging, averaged over the tar-
get languages. We observe that by using the learned
weight factors, our method slightly improves over
the version using uniform weights, suggesting that
our method can readily leverage labelled target data
if it is available. On the other hand, the fact that
the improvement is only modest also reaffirms that
uniform weighting is a strong baseline.

5 Related Work

A straightforward method of multi-source transfer
is training a model on the concatenation of datasets
from the source languages. This approach was used
by McDonald et al. (2011) for dependency parsing
and yields a substantial gain compared with single-
source transfer. More recent work by Guo et al.
(2016) proposed to learn multilingual representa-
tions from the concatenation of source language
data and use them to train a neural dependency
parser. Another method is language adversarial
training, used by Chen et al. (2019) for various NLP
tasks including named-entity recognition, which is
often cast as structured prediction. Despite their
success, multi-source unsupervised cross-lingual
transfer methods typically require the source lan-
guage data, which is not always feasible.

There are recent methods suitable in this source-
free setup. Rahimi et al. (2019) proposed a method
based on truth inference to model label confusion
in multi-source transfer of named-entity recognis-
ers. Wu et al. (2020) used teacher-student learning
for named-entity recognition. A closely related
work is by Hu et al. (2021) who argued that a small
amount of labelled data in the target language is
cheap to obtain and proposed an attention-based
method to weight the source models leveraging 50
labelled target sentences. Our work is different as
we do not require any labelled data and evaluate
on 3 times more languages than they did. In ad-
dition, their model is based on mBERT (Devlin
et al., 2019), which benefits from larger data from
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multiple languages during pretraining. In many
application scenarios, BERT-based models are too
costly, especially when criteria other than accuracy
matter (Nityasya et al., 2020).

Our work builds upon the work of Kurniawan
et al. (2021) who proposed a method based on self-
training for unsupervised cross-lingual dependency
parsing. In this work, we generalise their method
to structured prediction problems and propose a
modification to improve the quality of the distant
supervision.

6 Conclusions

In this paper, we (1) generalise previous meth-
ods for cross-lingual unsupervised transfer without
source data to structured prediction problems and
(2) propose a new aggregation technique which can
better handle mixed-quality input distributions. Ex-
periments across two structured prediction tasks
and 18 languages show that, unlike previous work,
our method generally outperforms a strong multi-
source transfer baseline. Our analyses suggest that
our method produces distant supervision of bet-
ter quality than that of the previous methods. Our
work potentially generalises beyond language trans-
fer to (a) structured prediction tasks beyond NLP
and (b) transfer across other types of domains (e.g.,
genres), a direction we aim to explore in future
work. We are also interested in investigating in fu-
ture work whether our method helps transfer with
recent multilingual pretrained models.

References
Wasi Ahmad, Zhisong Zhang, Xuezhe Ma, Eduard

Hovy, Kai-Wei Chang, and Nanyun Peng. 2019. On
Difficulties of Cross-Lingual Transfer with Order
Differences: A Case Study on Dependency Parsing.
In Proceedings of the 2019 Conference of the North
American Chapter of the Association for Computa-
tional Linguistics: Human Language Technologies,
Volume 1 (Long and Short Papers), pages 2440–2452.
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A Evaluation Languages

Table 5 lists the languages we use in our evaluation,
along with their family, subgroup (if the language
is Indo-European), selected treebanks in Universal
Dependencies v2.2, and the corresponding licence.
The treebank selection follows Kurniawan et al.
(2021) to enable a fair comparison. Unless stated
otherwise, the licence is Creative Commons (CC).

Language Code Family Treebanks Licence

Distant

Persian fa IE.Iranian Seraji BY-SA 4.0

Arabic ar Afro-Asiatic PADT BY-NC-SA 3.0

Indonesian id Austronesian GSD BY-NC-SA 3.0†

Korean ko Koreanic GSD BY-NC-SA 3.0†

Kaist BY-SA 4.0

Turkish tr Turkic IMST BY-NC-SA 3.0

Hindi hi IE.Indic HDTB BY-NC-SA 4.0

Croatian hr IE.Slavic SET BY-SA 4.0

Hebrew he Afro-Asiatic HTB BY-NC-SA 4.0

Nearby

Bulgarian bg IE.Slavic BTB BY-NC-SA 4.0

Italian it IE.Romance ISDT BY-NC-SA 3.0

Portuguese pt IE.Romance GSD BY-NC-SA 3.0†

Bosque BY-SA 4.0

French fr IE.Romance GSD BY-NC-SA 3.0†

Spanish es IE.Romance GSD BY-NC-SA 3.0†

AnCora GPL 3.0

Norwegian no IE.Germanic Bokmaal BY-SA 4.0
Nynorsk BY-SA 4.0

Danish da IE.Germanic DDT BY-SA 4.0

Swedish sv IE.Germanic Talbanken BY-SA 4.0

Dutch nl IE.Germanic Alpino BY-SA 4.0
LassySmall BY-NC-SA 4.0

German de IE.Germanic GSD BY-NC-SA 3.0†

Table 5: List of languages in our evaluation, grouped
into distant and nearby languages based on their dis-
tance to English (He et al., 2019). IE stands for Indo-
European. †: licence is the United States version.

B Source Models Performance

To train the source models, we tune the hyperpa-
rameters on English and use the values for training
on the other source languages. Table 6 reports
the performance of our source parsers and taggers.
We also report the performance numbers of pre-
vious work, copied from their respective papers,
to serve as reference. Generally, the source mod-
els achieve in-language performance comparable
to previous work (e.g., Ahmad et al., 2019) with
the exception of the Arabic parser whose accuracy
is noticeably lower, possibly caused by the model

architecture optimised for transfer rather than in-
language evaluation. However, we argue that the
lower performance reflects a realistic application
scenario where some of the source models are ex-
pected to be poor.

en ar es fr de

Parsing 86.9 76.9 90.0 89.1 82.1
Tagging 94.5 95.4 96.5 96.5 92.1

Previous work (reference only)

LSTM parser 88.3 81.8 90.8 89.1 83.7
Stanza tagger* 95.4 94.9 96.7 97.3 94.1

Table 6: Parsing and tagging accuracy of the source
models. We copy numbers of the LSTM parser (Ahmad
et al., 2019) and Stanza tagger (Qi et al., 2018) from
their respective papers to serve as reference only. *
indicates that the numbers are not directly comparable
to ours because of the difference in the evaluation setup.

C Additional Baseline Details

Knowledge Distillation We use a similar method
to the soft-KD baseline used by Hu et al. (2021),
which was based on the teacher-student learning
method of Wu et al. (2020). Let p(k)head(hj = i |
x) denote the probability of xj having xi as head
under source parser k. Similarly, let p(k)label(lij = r |
x) denote the probability of the arc between head
xi and dependent xj having label r under source
parser k. These distributions are obtained from the
output of the corresponding biaffine layer that is
then passed through a softmax layer. We average
these distributions over the source parsers to give

p̄head(hj = i | x) =
1

K

∑

k

p
(k)
head(hj = i | x),

p̄label(lij = r | x) =
1

K

∑

k

p
(k)
label(lij = r | x)

where K is the number of source parsers. The
training objective of this KD baseline is then

`(θ) = MSE(phead(· | x;θ), p̄head(· | x))

+ τMSE(plabel(· | x;θ), p̄label(· | x))

+ λ‖θ − θ0‖22

where MSE denotes the mean squared error func-
tion. We include τ as a tunable hyperparameter.
Table 9 reports the full list of hyperparameter val-
ues.
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Distant Nearby

fa ar id ko tr hi hr he bg it pt fr es no da sv nl de

Parser 18 19 19 49 20 19 23 18 22 20 24 23 28 30 19 19 24 26
Tagger 16 18 18 48 18 18 23 17 21 20 25 24 31 29 17 17 23 26

Table 7: Number of parameters of the parsers and taggers with our method, rounded to the nearest million.

BEA We use the implementation of
BEA (Rahimi et al., 2019) provided by the
authors.9 We run BEA on the unlabelled test
data of each language (transductive setup). This
potentially gives the BEA baseline more advantage,
so it is not directly comparable to PPTX and our
method. We find that our hyperparameter tuning
protocol (i.e. tuning the parameters of the Dirichlet
priors on Arabic and using the best values for
all languages) underperforms compared to using
uninformative priors, so we report the BEA results
without any tuning.

D Additional Experiment Details

en ar es fr de

Parser 14 14 27 20 23
Tagger 12 12 25 18 21

Table 8: Number of parameters of the source parsers
and taggers, rounded to the nearest million.

We implement our method using Python v3.7,
PyTorch v1.4 (Paszke et al., 2019), and PyTorch-
Struct (Rush, 2020). We run our experiments with
Sacred v0.8.2 (Greff et al., 2017), which also sets
the random seeds. Experiments are run on NVIDIA
GeForce GTX TITAN X with CUDA 10.1 and
GPU memory of 11 MiB. CPU model is Intel(R)
Xeon(R) CPU E5-2687W v3 @ 3.10GHz with
Ubuntu 16.04 as the operating system. Table 8
and Table 7 show the number of parameters of the
source parsers and taggers, and the target parsers
and taggers using our method respectively. A sin-
gle run takes not much longer than 1 GPU hour for
both parsing and tagging.

E Hyperparameters

We tune learning rate η and λ (and also τ for KD)
using random search. Table 9 shows the distribu-
tions of each hyperparameter we use, and the best
values we find. We sample 20 values from the

9https://github.com/afshinrahimi/mmner

Task Method Hyperparameter Dist. Best Value

Parsing

KD
log η ∼ U(−6,−3) η = 3.3× 10−5

log τ ∼ U(−2, 2) τ = 0.66

log λ ∼ U(−4, 1) λ = 10−3

PPTX log η ∼ U(−6,−3) η = 8.5× 10−5

log λ ∼ U(−4, 1) λ = 2.8× 10−5

Ours log η ∼ U(−6.5,−3.5) η = 9.4× 10−5

log λ ∼ U(−4, 1) λ = 1.6× 10−4

Tagging
PPTX log η ∼ U(−6,−4) η = 5.9× 10−5

log λ ∼ U(−4, 1) λ = 0.1

Ours log η ∼ U(−6.5,−3.5) η = 2.6× 10−4

log λ ∼ U(−4, 1) λ = 4.7× 10−3

Table 9: Distributions of hyperparameters we use for
tuning on Arabic with random search and the best values
found. All logarithms are of base 10.

Hyperparameter Value

Word embedding size 300
Word dropout 0.2
dkey, dvalue 64
dff 512
nhead 8
nlayer 6
Batch size 80

Parsing-only

POS tag embedding size 50
Output embedding dropout 0.2
darc 512
ddeptype 128

Table 10: List of hyperparameter values used in our
parsers and taggers. dkey, dvalue: size of key and value
vector in the Transformer encoder. dff: size of feedfor-
ward network hidden layer in the Transformer encoder.
nhead: number of heads in the Transformer encoder.
nlayer: number of layers in the Transformer encoder.
darc, ddeptype: size of feedforward network output layer
corresponding to arcs and dependency types in the bi-
affine output layer of parsers.

distribution and pick the values that yield the best
accuracy on the Arabic development set. We follow
Kurniawan et al. (2021) for other hyperparameters,
whose values are reported in Table 10.
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F Learning the Opinion Pool Weight
Factors

We learn the factors αk weighting the contribution
of source model k in the logarithmic opinion pool
by minimising Eq. (5) with respect to αk. The
minimisation is done on 50 randomly sampled sen-
tences from the target language’s training set using
gradient descent. We set the initial learning rate to
0.1 and reduce it at every epoch by a factor of 0.9.
We initialise the weight factors uniformly at the
start and run the training until convergence. After
the weight factors are learned, we use and fix them
for all subsequent experiments. We proceed with
hyperparameter tuning on Arabic using the same
procedure as the version with uniform weights. For
both tasks, we tune η and λ with random search
(20 runs), drawing from log10 η ∼ U(−6,−3) and
log10 λ ∼ U(−4, 1) respectively. For parsing, the
best values are η = 9.1×10−5 and λ = 5.1×10−4.
For tagging, they are η = 4.7 × 10−4 and λ =
0.062. These values are then used for the other
languages. Lastly, we report the average accuracy
over the languages in Table 4.

G Full Experiment Results

We report in Table 11 the full results of MV, PPTX,
and our method (with both uniform and learned
weight factors αk) on both dependency parsing and
POS tagging, averaged over 5 runs.
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Lang. Parsing Tagging

MV KD PPTX Ours Ours, learned αk MV BEA PPTX Ours Ours, learned αk

Distant

fa 43.7 42.3± 0.2 42.5± 1.1 49.4± 0.5 48.9± 0.3 69.2 67.6 67.5± 0.2 71.2± 0.6 72.3± 0.5
ar* 37.6 37.5± 0.2 36.4± 0.6 38.9± 0.5 38.6± 0.5 58.5 57.5 59.0± 0.4 62.5± 1.1 63.0± 1.7
id 56.8 57.5± 0.4 54.8± 0.8 59.0± 0.3 59.1± 0.1 77.5 80.0 79.6± 0.4 81.0± 0.2 80.6± 0.8
ko 13.7 15.2± 0.3 13.6± 0.4 12.8± 0.3 13.6± 0.2 44.1 41.1 44.0± 0.3 44.2± 1.1 43.4± 1.7
tr 20.8 21.0± 0.2 19.9± 0.2 20.2± 0.4 21.2± 0.2 62.8 63.3 62.8± 0.3 64.2± 0.3 64.3± 0.2
hi 21.9 23.0± 0.1 23.9± 0.5 22.7± 0.2 27.2± 0.2 59.9 55.1 65.6± 0.2 63.2± 0.6 65.5± 0.9
hr 57.1 59.6± 0.1 60.7± 0.3 62.9± 0.4 62.8± 0.3 67.2 64.9 58.6± 0.1 69.4± 0.3 69.7± 0.3
he 56.1 56.6± 0.1 58.1± 0.5 60.6± 0.2 60.0± 0.2 56.3 56.0 57.6± 0.1 59.9± 0.2 58.8± 0.5

Nearby

bg 69.3 70.7± 0.2 71.9± 0.2 72.7± 0.4 72.5± 0.4 75.0 76.7 75.9± 0.2 76.7± 0.2 76.1± 0.2
it 81.5 79.0± 0.2 80.1± 0.2 81.7± 0.2 81.5± 0.1 74.7 78.9 62.8± 0.7 84.8± 0.3 85.5± 0.7
pt 78.6 75.5± 0.1 76.2± 0.4 78.1± 0.3 78.4± 0.3 72.0 68.0 63.5± 0.9 81.7± 0.4 83.2± 1.0
fr 80.0 79.8± 0.1 81.3± 0.2 82.7± 0.2 82.8± 0.1 65.7 58.2 54.9± 0.5 71.7± 0.7 76.3± 0.7
es 71.8 70.9± 0.1 72.0± 0.6 73.5± 0.3 73.7± 0.2 67.8 68.7 58.1± 0.2 73.9± 0.7 75.7± 2.1
no 68.4 71.8± 0.2 74.1± 0.2 74.2± 0.1 74.4± 0.2 62.2 61.0 61.4± 0.2 64.7± 0.5 64.6± 1.1
da 67.5 68.9± 0.1 70.4± 0.4 71.0± 0.1 70.9± 0.3 72.9 73.3 72.0± 0.1 76.0± 0.3 76.2± 0.7
sv 66.7 69.7± 0.1 71.8± 0.2 72.1± 0.1 72.4± 0.5 68.4 69.5 68.5± 0.1 69.0± 0.4 70.7± 0.6
nl 64.8 64.4± 0.2 66.9± 0.2 67.4± 0.4 68.8± 0.4 72.9 75.1 70.3± 0.3 74.3± 0.4 75.3± 0.7
de 57.2 62.4± 0.2 64.0± 0.9 64.0± 0.5 63.9± 0.5 52.8 62.5 59.3± 0.3 58.9± 0.5 58.0± 0.4

(a) Development set

Lang. Parsing Tagging

MV KD PPTX Ours Ours, learned αk MV BEA PPTX Ours Ours, learned αk

Distant

fa 43.7 42.3± 0.2 42.5± 1.0 49.4± 0.4 48.8± 0.3 69.4 66.0 67.4± 0.3 71.1± 0.7 72.5± 0.7
ar* 37.3 36.6± 0.2 35.5± 0.5 37.3± 0.5 37.2± 0.6 57.8 58.2 59.0± 0.5 63.0± 1.4 63.3± 1.6
id 59.0 59.5± 0.3 57.4± 0.6 61.6± 0.2 61.4± 0.2 77.9 80.3 79.9± 0.4 81.0± 0.2 80.8± 0.8
ko 14.7 16.6± 0.3 14.8± 0.5 13.8± 0.4 14.7± 0.1 45.0 42.6 45.7± 0.2 45.9± 1.1 44.9± 1.5
tr 20.1 20.6± 0.1 19.3± 0.2 19.7± 0.3 20.8± 0.2 62.8 63.2 63.0± 0.2 64.7± 0.5 64.9± 0.1
hi 21.1 22.2± 0.1 23.0± 0.5 21.7± 0.2 26.4± 0.3 59.7 59.9 65.1± 0.2 62.8± 0.5 65.1± 1.0
hr 57.4 61.1± 0.1 62.2± 0.2 64.3± 0.4 64.2± 0.3 66.7 66.6 58.4± 0.1 68.5± 0.2 69.0± 0.4
he 56.2 56.8± 0.3 57.5± 0.7 60.1± 0.2 59.7± 0.3 55.5 56.9 57.2± 0.1 59.1± 0.4 58.0± 0.4

Nearby

bg 69.3 70.9± 0.1 72.4± 0.2 73.1± 0.3 72.9± 0.3 75.6 76.4 76.2± 0.1 77.1± 0.3 76.6± 0.2
it 81.7 79.8± 0.1 80.2± 0.1 81.4± 0.2 81.4± 0.3 74.5 81.7 62.1± 0.8 85.0± 0.4 86.0± 0.8
pt 76.6 73.7± 0.1 74.5± 0.4 76.3± 0.3 76.5± 0.3 72.5 69.6 63.4± 0.8 81.8± 0.5 83.1± 0.9
fr 76.5 76.2± 0.1 78.2± 0.3 79.3± 0.1 79.1± 0.1 65.4 60.2 56.0± 0.4 72.2± 0.6 75.7± 0.5
es 71.3 70.3± 0.2 71.5± 0.6 73.1± 0.4 73.2± 0.3 67.1 72.7 57.8± 0.2 73.5± 0.6 75.1± 2.0
no 69.1 72.0± 0.1 74.1± 0.2 74.2± 0.2 74.5± 0.2 63.2 62.4 62.3± 0.3 65.9± 0.6 65.7± 1.1
da 67.3 69.0± 0.1 70.7± 0.3 71.3± 0.1 71.2± 0.4 73.9 75.0 72.8± 0.1 77.1± 0.4 77.3± 0.6
sv 70.1 72.7± 0.1 74.5± 0.3 74.7± 0.2 75.0± 0.3 69.8 69.3 69.6± 0.1 70.0± 0.3 72.0± 0.5
nl 65.8 65.9± 0.2 67.8± 0.4 68.5± 0.3 69.6± 0.4 70.8 68.9 68.7± 0.3 73.0± 0.3 74.5± 1.0
de 55.3 60.8± 0.3 61.6± 0.8 61.9± 0.6 61.7± 0.5 50.2 59.5 56.4± 0.3 55.8± 0.6 54.9± 0.4

(b) Test set

Table 11: Full performance results. Except for MV and BEA, numbers are averages (± std) over 5 runs with
different random seeds. For parsing, the numbers correspond to labelled attachment score (LAS) whereas for
tagging, they correspond to accuracy. Both metrics are better if higher. Hyperparameters are tuned on Arabic,
hence the asterisk. In columns “Ours, learned αk”, αk is learned in a supervised manner on tiny labelled sentences
(Section 4.4).
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Abstract

Neural text generation models are typically
trained by maximizing log-likelihood with the
sequence cross entropy (CE) loss, which en-
courages an exact token-by-token match be-
tween a target sequence with a generated se-
quence. Such training objective is sub-optimal
when the target sequence is not perfect, e.g.,
when the target sequence is corrupted with
noises, or when only weak sequence supervi-
sion is available. To address the challenge, we
propose a novel Edit-Invariant Sequence Loss
(EISL), which computes the matching loss of
a target n-gram with all n-grams in the gen-
erated sequence. EISL is designed to be ro-
bust to various noises and edits in the target
sequences. Moreover, the EISL computation
is essentially an approximate convolution op-
eration with target n-grams as kernels, which
is easy to implement and efficient to compute
with existing libraries. To demonstrate the ef-
fectiveness of EISL, we conduct experiments
on a wide range of tasks, including machine
translation with noisy target sequences, unsu-
pervised text style transfer with only weak train-
ing signals, and non-autoregressive generation
with non-predefined generation order. Exper-
imental results show our method significantly
outperforms the common CE loss and other
strong baselines on all the tasks. EISL has a
simple API that can be used as a drop-in re-
placement of the CE loss.1

1 Introduction

Neural text generation models have ubiquitous ap-
plications in natural language processing, includ-
ing machine translation (Bahdanau et al., 2015,
Sutskever et al., 2014, Wu et al., 2016, Vaswani
et al., 2017), summarizations (Nallapati et al., 2016,
See et al., 2017), dialogue systems (Li et al., 2016),
etc. They are typically trained by maximizing the
log-likelihood of the output sequence conditioning
on the inputs with the cross entropy (CE) loss. The

1Code: https://github.com/guangyliu/EISL

a cat is on the red blanket

on the red blanket there is a cat

Paraphrase:

a cat is on the red blanket

Noisy Target:

a cat is is on the red blanket

Image:

Figure 1: Invariance exists in both image and text, e.g.,
image is invariant to translation (top), and text is robust
to many forms of edits (bottom).

CE loss can be easily factorized into individual
loss terms and can be optimized efficiently with
stochastic gradient descent. Due to its computa-
tional efficiency and ease to implement, the train-
ing paradigm has played an important role in build-
ing successful large text generation models (Lewis
et al., 2020, Radford et al., 2019). However, the
CE loss minimizes the negative log-likelihood of
only the reference output sequence, while all other
sequences are equally penalized through normaliza-
tion. This is over-restrictive since for a given refer-
ence target sentence, many possible paraphrases are
semantically close, hence should not completely
be treated as negative samples. For example, as
shown in Figure 1, a cat is on the red
blanket should be treated equally with on the
red blanket there is a cat. A model
trained with CE loss falls short of modeling such
type of invariance for text.

The problem is even exaggerated when the super-
vision from a target sequence is not perfect (Pinnis,
2018). On one hand, there could be noises in the
reference sequence which makes itself not a valid
sentence. As in the last example shown in Figure 1,
there is a repetition error in the target sequence,
which is common in human generated text. With
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Figure 2: Sensitivity of CE and EISL loss w.r.t different types of text edits as the amount of edits increases (x-axis).
We use a fixed machine translation model, synthesize different types of edits on target text, and measure the CE and
EISL losses, respectively. The edit types include shuffle (changing the word order), repetition (words being selected
are repeated), and word blank (words being replaced with a blank token). CE loss tends to increase drastically once
a small amount of edits is applied. In contrast, EISL loss increases much more slowly, showing its robustness.

the CE loss, the model is forced to copy all tokens
including the error, and assign a high loss for the
grammatically correct sequence. The exact tokens
matching renders the CE loss sensitive to noises in
the target, as shown in Figure 2. On the other hand,
there are many problems with only weak supervi-
sion for target sequences (Tan et al., 2020, Wang
et al., 2021, Lin et al., 2020). For example, in tasks
of unsupervised text style transfer (Jin et al., 2022)
aiming to rewrite a sentence from one style to an-
other, the original sentence offers weak supervision
for the content (rather than the style). Yet using a
CE loss here is problematic since it encourages the
model to copy every original token.

Prior works have tried to address this problem us-
ing reinforcement learning (RL) (Guo et al., 2021,
O’Neill and Bollegala, 2019, Wieting et al., 2019).
For example, policy gradient was used to optimize
sequence rewards such as BLEU metric (Ranzato
et al., 2016, Liu et al., 2017). Such algorithms
assign high rewards to sentences that are close to
the target sentence. Though it is a valid objective
to optimize, policy optimization faces significant
challenges in practice. The high variance of gradi-
ent estimate makes the training extremely difficult,
and almost all previous attempts rely on fine-tuning
from models trained with CE loss, often with un-
clear improvement (Wu et al., 2018).

In this paper, we propose an alternative loss to
overcome the above weakness of CE loss, but re-
serve all nice properties such as being end-to-end
differentiable, easy to implement, and efficient to
compute, which hence can be used as a drop-in re-
placement or combined with CE. The loss is based
on the observation that a viable candidate sequence
shares many sub-sequences with the target. Our
loss, called edit-invariant sequence loss (EISL),
models the matching of each reference n-gram
across all n-grams in a candidate sequence. The

design is motivated by the translation invariance
properties of ConvNets on images (see Figure 3),
and captures the edit invariance properties of text
n-grams in calculating the loss. Figure 2 shows the
invariance property of EISL in comparison with
CE. Appealingly, we show the conventional CE
loss is a special case of EISL—when n equals
to the sequence length, EISL calculates the exact
sequence matching loss and reduces to CE. More-
over, the computations of EISL is essentially a
convolution operation of candidate sequence using
target n-grams as kernels, which is very easy to
implement with existing deep learning libraries.

To demonstrate the effectiveness of EISL loss,
we conduct experiments on three representative
tasks: machine translation with noisy training tar-
get, unsupervised text style transfer (only weak ref-
erences are available), and non-autoregressive gen-
eration with flexible generation order. Experiments
demonstrate EISL loss can be easily incorporated
with a series of sequence models and outperforms
CE and other popular baselines across the board.

2 Related Work

Deep neural sequence models such as recurrent
neural networks (Sutskever et al., 2014, Mikolov
et al., 2010) and transformers (Vaswani et al., 2017)
have achieved great progress in many text genera-
tion tasks like machine translation (Bahdanau et al.,
2015, Vaswani et al., 2017). These models are
typically trained with the maximum-likelihood ob-
jective, which can lead to sub-optimal performance
due to CE’s exact sequence matching assumption.
There are lots of works trying to overcome this
weakness. For examples, some works (Ranzato
et al., 2016, Rennie et al., 2017, Liu et al., 2017,
Shen et al., 2016, Smith and Eisner, 2006) proposed
to use policy gradient or minimum risk training
to optimize the expected BLEU metric (Papineni
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et al., 2002a). Due to the high variance and unsta-
bleness in RL training, a variety of training tricks
are used in practice. Wieting et al. (2019) devel-
oped a new reward function based on semantic
similarity for translation. Guo et al. (2021) intro-
duced soft Q-learning for more efficient RL train-
ing. On the other hand, Zhukov and Kretov (2017),
Casas et al. (2018) made the initial attempts to
develop differentiable BLEU objectives, making
soft approximations to the count of n-gram match-
ing in the original BLEU formulation. Shao et al.
(2018, 2021, 2020) minimized the n-gram differ-
ence between the model outputs and targets in non-
autoregressive generation.

Another line of research that is relevant to our
work is learning with noisy labels in classification
(Zhang and Sabuncu, 2018, Xu et al., 2019, Wang
et al., 2019b, Hu et al., 2019). For text generation,
Nicolai and Silfverberg (2020) proposed student
forcing to substitute teacher forcing, which can al-
leviate the influence of noise in the target sequence
during decoding. Kang and Hashimoto (2020) pro-
posed loss truncation, which adaptively removes
high-loss examples considered as invalid data. Our
empirical study shows substantial improvement of
our approach over the previous ones.

3 Edit-Invariant Sequence Loss

In this section, we first review the conventional
cross-entropy (CE) loss for sequence learning, and
point out its weakness, especially when the target
sequence is edited. We then introduce the EISL
loss which gives a model the flexibility to learn
from sub-sequences in a target sequence.

We first establish notations for the sequence gen-
eration setting. Let (x,y∗) be a paired data sample
where x is the input and y∗ = (y∗1, ..., y

∗
T ∗) is the

reference target sequence. Define y = (y1, ..., yT )
as a candidate sentence. Our goal is to build a
model pθ(y|x) that scores a candidate sequence
y with parameter θ. In the sequel, we omit the
condition x and the subscript θ for simplicity.

3.1 The Difficulty of Cross Entropy Loss
The standard approach to learn the sequence model
is to minimize the negative log-likelihood (NLL)
of the target sequence, i.e., minimizing the CE
loss LCE(θ) = − log p(y∗). The CE loss assumes
exact matching of a candidate sequence y with the
target sequence y∗. In other words, it maximizes
the probability of only the target sequence y∗ while
penalizing all other possible sequence outputs that

might be close but different with y∗.
The assumption can be problematic in many

practical scenarios: (1) For a given target sentence,
there could be many ways of paraphrasing the sen-
tence such as word reordering, synonyms replace-
ment, active to passive rewriting, etc. Many of the
paraphrases are viable candidate sequences, and/or
share many sub-sequences with the reference sen-
tence, and thus should not be treated completely as
negative samples. Similar to the translation invari-
ance which is shown to be effective in image mod-
eling, a sequence loss that is robust to the shift and
edits of sub-sequences in the reference sequence
is preferred in order to model the rich variations
of sequences; (2) The edit-invariance property is
particularly desirable when the reference target se-
quence is corrupted with noise or is only weak
sequence supervision. For instance, in Figure 3,
the word is is repeated twice, which is one of the
common errors in typing. Using CE loss in the
noisy target setting forces the model to learn the
data errors as well. In contrast, a sequence loss
robust or invariant to the shift of sub-sequences
assigns a high probability to the correct sentence
even though it does not match the noisy target ex-
actly. The loss thus offers flexibility for the model
to select right information for learning.

3.2 EISL: Edit-Invariant Sequence Loss
Motivated by the above discussion, in this section,
we draw inspirations from the convolution opera-
tion that enables translation invariance in image
modeling (Figure 3, left), and propose an edit-
invariant sequence loss (EISL) as illustrated in Fig-
ure 3 (right). Intuitively, for instance, given a 4-
gram on the red blanket, because there is
no extra knowledge to determine the position of the
4-gram in the noisy target sequence, we compute
the losses across all positions in the noisy target
sequence and aggregate. This is essentially a con-
volution over the target noisy sequence with the
given n-gram as a convolution kernel.

We now derive the EISL loss in more details.
Let ya:b = (ya, ..., yb−1) denote a sub-sequence of
y that starts from index a and ends at index b− 1,
which is of length b− a. Thus y∗i:i+n denotes the i-
th n-gram in the reference y∗. Denote C(y∗i:i+n,y)
as the number of times this n-gram occurs in y:

C(y∗
i:i+n,y) =

T−n+1∑

i′=1

1(yi′:i′+n = y∗
i:i+n), (1)

where 1(·) is the indicator function that takes value
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Desired output: a cat is on the red blanket

Noisy target: a cat is is on the red blanket

a cat is is on the red blanket

a cat is is on the red blanket

a cat is is on the red blanket

a cat is is on the red blanket

Image:

Figure 3: Inspired by the ConvNet convolution which applies a convolution kernel to different positions in an image
and aggregate (left), we devise similar n-gram matching and convolution, which is robust to sequence edits (noises,
shuffle, repetition, etc) (right).

1 if the n-grams match, and 0 otherwise. Intu-
itively, for a text generation model, we would like
to maximize the occurrence of an n-gram from the
reference in the target sequence. For a given prob-
abilistic model pθ(y) (we omit the parameter θ
wherever the meaning is clear), the expected value
of C(y∗i:i+n,y) can be computed as follow:

Ey∼p(y)[C(y∗
i:i+n,y)]

=

T−n+1∑

i′=1

Ep(yi′:i′+n) [1(yi′:i′+n = y∗
i:i+n)]

=

T−n+1∑

i′=1

p(yi′:i′+n = y∗
i:i+n).

(2)

Thus, for each i-th n-gram in the reference, a
straightforward way to define the learning objective
is to minimize the negative log value of its expected
occurrence, i.e., − logEy∼p(y)[C(y∗i:i+n,y)].

The above loss requires computation of the
marginal probability p(yi′:i′+n = y∗i:i+n) of an n-
gram, which is intractable in practice. We therefore
derive an upper bound of the loss and use it as the
surrogate to minimize in training. We denote the
upper bound surrogate as our EISL loss. Specifi-
cally, since for a given i′, p(yi′:i′+n = y∗i:i+n) =∑
y p(y<i′)p(yi′:i′+n = y∗i:i+n|y<i′), then:

− logEy∼p(y)[C(y∗
i:i+n,y)]

= − log

T−n+1∑

i′=1

p(yi′:i′+n = y∗
i:i+n),

≤ −Ey∼p(y)

∑T−n+1
i′=1 log p(yi′:i′+n = y∗

i:i+n|y<i′)
T − n+ 1

:= LEISL
n,i (θ).

(3)

The detailed derivation is attached in Appendix A.1.
Notice that the EISL loss involves only the condi-
tional distribution p(yi′:i′+n = y∗i:i+n|y<i′) which
is convenient to compute—we first sample tokens
from the model up to the i′ position, then compute
NLL of the reference n-gram y∗i:i+n occurring at

position i′ under the model distribution. The full n-
gram EISL loss is then defined by averaging across
all n-gram positions in the reference:

LEISL
n (θ) =

1

T ∗ − n+ 1

T∗−n+1∑

i=1

LEISL
n,i (θ). (4)

In practice, inspired by the standard BLEU metric
(more in section 3.3), we could also straightfor-
wardly combine different n-gram losses depending
on tasks:

LEISL(θ) =
∑

n
wn · LEISL

n (θ), (5)

wherewn is the weight of the n-gram loss. The rule
of thumb is that a n-gram EISL loss with lower n is
more robust to noises, as shown in our experiments.
Following BLEU, we found that simply using equal
weights for different n-grams up to n = 4 often
produces good performance.

As discussed shortly, it is appealing that the n-
gram EISL loss is indeed a direct generalization
of the CE loss on the n-gram level: we sum the
CE loss of an n-gram over all candidate sequence
positions by conditioning on samples from the
model. Besides, the derivation of the upper bound
makes no assumption on the probability function
p(y), hence holds for both autogressive and non-
autoregressive sequence models as demonstrated
in our experiments.

Position Selection Minimizing the gram match-
ing loss over all positions can make the model
assign equal probabilities at all positions, which
causes the training to collapse. We further adapt
the loss to enable the model to automatically learn
the positions of reference n-grams. For notation
simplicity, let gni,i′ denote the conditional proba-
bility p(yi′:i′+n = y∗i:i+n|y<i′) involved above
(Eq.3). We can vectorize the probability to get
gni = [gni,1, ..., g

n
i,T−n+1]

T , spanning all potential
positions in the candidate sequence. We then
normalize the probability vector gni by Gumbel
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Input (Estimation, 𝒚)

log 𝑝2 log 𝑝3 log 𝑝4

log𝑝(𝒚2:5 = [is,on,the]|𝑦1) = log 𝑝(𝒚2:5 = 𝒚3:6
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Figure 4: As convolution is a common operation for translation invariance in image, we adopt a convolution to
achieve the translation invariance in text. The input is the distribution from the model output in log domain, kernel
represents the convolution kernel and ∗ is the convolution operation. In this 3-gram example, there are 5 kernels,
which correspond to the 5 rows on the right.

softmax (Jang et al., 2017), denoted as qni =
Gumbel_softmax(gni ), which we use as the
weight for every n-gram positions. We multiply
the weight with the original log probability to get
the new adjusted loss:

LEISL
n,i (θ) ≈ −qni · log gni . (6)

The loss can roughly be viewed as the “entropy”
of the unnormalized probabilities gni , which has
minimal value if the mass of the probability is
assigned to one location only. Intuitively, if an
gni,i′ is large, then it is likely i′ is the correct posi-
tion for the reference n-gram, hence the weight
for this position should also be large. This is
like the greedy exploitation in reinforcement learn-
ing (Mnih et al., 2015). On the other hand, to
overcome over-exploitation, the Gumbel softmax
introduces randomness in the weight assignment,
which helps balance the exploitation-exploration
trade-off in position selection for the model.

Efficient Approximate Computation: EISL
as Convolution We show the EISL loss can be
computed efficiently using the common convolu-
tion operator, with very little additional cost com-
pared with the CE loss. The computation involves
moderate approximation if the generation model
is an autoregressive model, and is exact in the
case of a non-autoregressive model (e.g., as in
section 4.3). We first discuss the easy case when
the model is a non-autoregressive model, where
we have gni,i′ = p(yi′:i′+n = y∗i:i+n|y<i′) =∏n
j=1 p(yi′+j−1 = y∗i+j−1). Denote V as the vo-

cabulary size. Let P = [p1,p2, ...pT ] be the prob-
ability output by the model across positions, where
pi′ ∈ RV is the probability output after softmax
at i′-th position, and each pi′ is independent with

each other. On this basis, we compute the key
quantity log gni in Eq. 6 as the direct output of the
convolution operator. As shown in Figure 4, we
can get log gni by applying convolution on logP ,
with yi:i+n as the kernels:

log gni = Conv(logP ,Onehot(y∗
i:i+n)), (7)

where Onehot(·) maps each token to its corre-
sponding one-hot representation and Conv(·, ·) is
the convolution operation with the first argument as
input and the second as the kernel. We transformP
into log domain to turn the probability multiplica-
tion into log probability summations, where Conv
can be directly applied. As shown in Figure 4,
logP is of shape V × T and Onehot(y∗i:i+n) is
of shape V ×n, so Conv(logP ,Onehot(y∗i:i+n))
is an one-dimensional convolution on the sequence
axis. Formally, the i′-th convolutional output is:

log gni,i′ =
n∑

j=1

logpi′+j−1 · Onehot(y∗i+j−1)

=
n∑

j=1

log p(yi′+j−1 = y∗i+j−1|y<i′+j−1)

(8)

After obtaining gni by convolution, the EISL
loss in Eq. 6 can be easily calculated. We now
discuss the case of autoregressive model, where
by definition we have gni,i′ =

∏n
j=1 p(yi′+j−1 =

y∗i+j−1|y<i′ ,y∗i:i+j−1). The dependence on both
y<i′ and y∗i:i+j−1 in each conditional makes exact
estimation of log gni very complicated and costly.
We thus introduce the approximation where we
approximate gni,i′ as g̃ni,i′ =

∏n
j=1 p(yi′+j−1 =

y∗i+j−1|y<i′+j−1). That is, instead of conditioning
on y∗i:i+j−1, we use the model-generated tokens
yi′:i′+j−1 as the condition. This simple approxi-
mation enables us to define the probability output
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Figure 5: Results of Translation with Noisy Target on German-to-English(de-en) from Multi30k. BLEU scores are
computed against clean test data. The x-axis of all figures denotes the level of noise we injected to target sequences
in training. (a) Shuffle: selected tokens are shuffled; (b) Repetition: selected tokens are repeated; (c) Blank: selected
tokens are substituted with a special blank token; (d) Synthetical noise: the combination of all three noises (x = x0
stands for the combination of 5x0% of all kinds of noises); (e) Ablation study of n-grams for EISL on synthetical
noise. BLEURT results are shown in Appendix A.3.

P as in the non-autoregressive case, by just per-
forming a forward pass of the model (i.e., sampling
a token y′i for each position i′ and feeding it to
the next step to get pi′+1). We can then apply the
same convolution operator to approximately obtain
log gni as in Eq. 7. Besides the great gain of com-
putational efficiency, we note that the approxima-
tion is also effective, especially due to the position
selection discussed above. Specifically, for each
reference n-gram y∗i:i+n, the position selection in
effect (softly) picks those large-value gni,i′ (while
dropping other low-value ones) to evaluate the loss.
A large gni,i′ value indicates the candidate yi′:i′+n is
highly likely to match the reference y∗i:i+n, mean-
ing that using yi′:i′+n in replacement of y∗i:i+n is a
reasonable approximation for evaluating the above
conditionals. We provide empirical analysis of the
approximation in Appendix A.8, where we show
the efficient approximate EISL loss values are very
close to the exact EISL values.

3.3 Connections with Common Techniques
CE is a special case of EISL A nice property of
EISL is that it subsumes the standard CE loss as
a special case. To see this, set n = T ∗ (the target
sequence length), and we have:

LEISL
T∗ = LEISL

T∗,1 = − log gT
∗

1 = − log p(y = y∗) = LCE.

The connection shows the generality of EISL. As a
generalization of CE, it enables learning at arbitrary
n-gram granularity.

Connections between BLEU and EISL Both
our method and the popular BLEU (Papineni et al.,
2002b) metric use n-grams as the basis in formula-
tion. Here we articulate the connections and differ-
ence between the two. Let us first take a review of
the BLEU metric. Specifically, BLEU is defined as
a weighted geometric mean of n-gram precisions:

BLEU = BP · exp
(

N∑

n=1

wn log precn

)

precn =

∑
s∈gramn(y) min(C(s,y), C(s,y∗))

∑
s∈gramn(y) C(s,y)

,

where BP is a brevity penalty depending on the
lengths of y and y∗; N is the maximum n-gram
order (typically N = 4); {wn} are the weights
which usually take 1/N ; precn is the n-gram pre-
cision, gramn(y) is the set of unique n-gram sub-
sequences of y; and C(s,y) is the number of times
a gram s occurs in y as defined in Eq. 1. The
conventional formulation above enumerates over
unique n-grams in y. In contrast, we enumerate
over token indexes in calculating the n-gram match-
ing loss. BLEU considers the n-gram precisions
and has a penalty term while EISL simply maxi-
mizes the log probability of n-gram matchings.

The non-differentiability of BLEU makes it hard
to optimize directly, hence most prior attempts re-
sort to reinforcement learning algorithms and use
BLEU as the reward (Ranzato et al., 2016, Liu
et al., 2017). There are also some works trying to
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introduce differentiable BLEU metric using approx-
imation like (Zhukov and Kretov, 2017). However,
such losses are often too complicated and have not
yet demonstrated to perform well in practice.

4 Experiments

In this section, we present the experimental results
on three text generation settings to test EISL’s
effectiveness, including learning from noisy text,
learning from weak sequence supervision, and non-
autoregressive generation models that require flex-
ibility in generation orders. More details of the
experimental setting are provided in Appendix A.2.

4.1 Learning from Noisy Text

To test the robustness to noise, we evaluate on the
task of machine translation with noisy training tar-
get, in which we train the models with noisy se-
quence targets and evaluate with clean test data.

Setup We test EISL loss on Multi30k and
WMT18 raw corpus. We use German-to-English
(de-en) dataset from Multi30k (Elliott et al., 2016),
which contains 29k training instances. As inspired
by Shen et al. (2019), to simulate various noises
in the real data, we introduce four types of noises:
shuffle, repetition, blank, and the synthetical noise,
i.e., the combination of the aforementioned three
types of noise. The noises are only added to the
training target sequences. To verify the validity
of EISL on real noisy data, we also use German-
to-English (de-en) dataset from WMT18 raw cor-
pus, which is a very noisy de-en corpus crawled
from the web. We randomly select different num-
ber of training samples to test the influence of the
data scale. We use a Transformer-based pretrained
model BART-base (Lewis et al., 2020) and adopt
greedy decoding in training and beam search (beam
size = 5) in evaluation. We compare EISL loss
with CE loss, Policy Gradient (PG), and Loss Trun-
cation (LT). We also conduct ablation experiments
to explore the effect of different n-grams in EISL
loss. We use both BLEU (Papineni et al., 2002b)
and BLEURT, an advanced model-based metric
(Sellam et al., 2020), as the automatic metrics for
evaluation. Due to space limit, we report BLEU re-
sults in the main paper, and defer BLEURT results
in the appendix, where we can see BLEURT leads
to the same conclusion as BLEU.

Results The results on noisy Multi30k are pre-
sented in Figure 5. The proposed EISL loss pro-
vides significantly better performance than CE loss
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Figure 6: Results of German-to-English(de-en) Transla-
tion on WMT18 raw corpus. BLEU scores are computed
against clean parallel test data. On x-axis, 0k denotes
the performance of the pretrained model. BLEURT re-
sults are similar as shown in Appendix A.3.

Model Acc BLEU BLEU PPL POS
(%) (Human) Distance

Hu et al. (2017) 86.7 58.4 - 177.7 -
Shen et al. (2017) 73.9 20.7 7.8 72.0 -

He et al. (2020) 87.9 48.4 18.7 31.7 -
Dai et al. (2019) 87.7 54.9 20.3 73.0 -

Tian et al. (2018) 88.8 65.71 22.56 42.07 0.352
with EISL (Ours) 88.8 68.51 23.17 41.56 0.275

Tian et al. (2018) (%) with EISL (Ours) (%) equal (%)

22.0 30.7 47.3

Table 1: Top: automatic evaluations on the Yelp review
dataset. The BLEU (human) is calculated using the
1000 human annotated sentences as ground truth from
Li et al. (2018). The first four results are from the
original papers. Bottom: human evaluation statistics
of base model vs. with EISL. The results denotes the
percentages of inputs for which the model has better
transferred sentences than other model.

and PG on all the noise types, especially on the
high-level noise end. For synthetical noise as
shown in Figure 5(d), it’s interesting to see that
CE and PG completely fail when the noise level is
beyond 6, but model trained with EISL has high
BLEU score, demonstrating EISL can select use-
ful information to learn despite high noise. This
validates that the proposed EISL is much less sen-
sitive to the noise than the traditional CE loss and
policy gradient training method. The results of dif-
ferent n-gram are shown in Figure 5(e). As the
noise increases, the importance of lower grams,
e.g., 1-gram, is more obvious. The results on real
noisy data, WMT18 raw data, are shown in Fig-
ure 6. EISL loss achieves better performance than
CE loss and PG, and the difference is getting larger
when the training data scale increases. This again
demonstrates EISL could learn more valid informa-
tion in rather noisy data, while CE loss which only
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considers whole-sentence matching could struggle
on noisy data. In Appendix A.3, we provide more
results (e.g., comparison with loss truncation (Kang
and Hashimoto, 2020)) and case studies.

4.2 Learning from Weak Supervisions: Style
Transfer

We experiment on transferring two types of text
styles (Jin et al., 2022), namely sentiment and po-
litical slant, to verify EISL can learn from weak
sequence supervisions.

Setup We use the Yelp review dataset and politi-
cal dataset. Yelp contains almost 250k negative sen-
tences and 380K positive sentences, of which the
ratio of training, valid and test is 7 : 1 : 2. Li et al.
(2018) annotated 1000 sentences as ground truth
for better evaluation. The political dataset is com-
prised of top-level comments on Facebook posts
from all 412 members of the United States Senate
and House who have public Facebook pages (Voigt
et al., 2018). The data set contains 270K demo-
cratic sentences and 270K republican sentences.
And there exists no ground truth for evaluation. The
data preprocessing follows Tian et al. (2018). The
structured content preserving model (Tian et al.,
2018) is adopted as the base model.

Following previous work, we compute automatic
evaluation metrics: accuracy, BLEU score, perplex-
ity (PPL) and POS distance. We also perform hu-
man evaluations on Yelp data to further test the
transfer quality.

Results As sentiment results are shown in Ta-
ble 1, the BLEU gets improved from 65.71 to 68.51
with EISL loss. On the premise of the correctness
of sentiment transfer, EISL loss plays a critical
role to guarantee lexical preservation. In the mean-
while, all of BLEU(human), PPL, and POS dis-
tance get improved. It is not surprising that EISL
loss helps generate sentences more fluently and
select the more appropriate words conditions on
the content information. As the human evaluation
results are shown in Table 1, the model with EISL
loss performs better, in accord with the automatic
metrics. After analyzing the generated samples, we
found EISL loss could drive the model to adopt the
words which fit the scene better and could under-
stand more semantics but not just replace some key-
words. See some examples in the Appendix A.4.1.

We report the results of political data in Ap-
pendix A.4.2. Our method outperforms all models
on BLEU, PPL, and POS distance with comparable

accuracy. For a more fair comparison with the base
model, our EISL loss improves the base model on
all four metrics, including the accuracy.

The results demonstrate the effectiveness of
EISL for weak supervision task, improving both
transfer accuracy fluency and content preservation.

4.3 Learning Non-Autoregressive Generation

Non-autoregressive neural machine translation
(NAT, (Gu et al., 2018)) is proposed to predict
tokens simultaneously in a single decoding step,
which aims at reducing the inference latency. The
non-autoregressive nature makes it extremely hard
for models to keep the order of words in the sen-
tences, hence CE often struggles with NAT prob-
lems. In experiments, we show EISL is superior
to CE in NAT which requires modeling flexible
generation order of the text.

Setup We use English-to-German dataset from
WMT14 (Luong et al., 2015), which contains 4.5M
training instances. We apply our proposed EISL
loss on both fully NAT models (Gu et al., 2018, Sun
et al., 2019) and iterative NAT models (Lee et al.,
2018, Gu et al., 2019, Ghazvininejad et al., 2019),
showing its general applicability and superiority,
and we also compare with a wide range of recent
methods (Shao et al., 2020, Wang et al., 2019a,
Li et al., 2019, Ghazvininejad et al., 2020). We
evaluate with both BLEU and BLEURT metrics.

Results We first summarize the comparison of
BLEU between EISL loss and CE loss in Table 2
(comparison of BLEURT is in Appendix A.5.2).
The proposed EISL improves the model perfor-
mance on both the KD and original datasets.
More specifically, for fully NAT models (Vanilla-
NAT and NAT-CRF), EISL gives strong improve-
ment. For iterative NAT models (iNAT, LevT, and
CMLM), EISL also significantly outperforms the
baselines when the iteration step is restricted to a
small level as suggested by Kasai et al. (2020). (We
show in Appendix A.5.1 that, with increasing itera-
tion steps, the difference fades away. However, as
studied in Kasai et al. (2020), iterative NAT models
with many iteration steps do not hold the intrinsic
advantage of speed since Transformer baselines
with a shallow decoder can achieve comparable
speedup and only at the sacrifice of minor perfor-
mance drop.) Table 3 provides more comparison of
with recent strong baselines. Specifically, we apply
our EISL on the CMLM base model (Ghazvinine-
jad et al., 2019) which shows strong superiority. We
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Decoding method Model WMT14 en-de KD WMT14 en-de

CE EISL CE EISL

Autoregressive Transformer base (Vaswani et al., 2017) 27.48

Non-Autoregressive

Vanilla-NAT (Gu et al., 2018) 17.9 22.2 9.12 15.46
NAT-CRF (Sun et al., 2019) 21.88 22.43 - -
iNAT (Lee et al., 2018) 16.67 22.59 - -
LevT (Gu et al., 2019) 17.84 23.61 9.91 18.47
CMLM (Ghazvininejad et al., 2019) 17.12 23.05 - -

Table 2: The test-set BLEU of EISL loss and CE loss applied to non-autoregressive models. “KD” refers to
the standard “knowledge distillation” setting in NAT (Gu et al., 2018). iNAT, LevT and CMLM are iterative
non-autoregressive models, that could run in multiple decoding iterations. However, the first decoding iteration of
these models is fully non-autoregressive, which is what we use as our baselines.

Fully Non-Autoregressive model WMT14 en-de KD

CMLM with CE (Ghazvininejad et al., 2019) 17.12
Auxiliary Regularization (Wang et al., 2019a) 20.65
Bag-of-ngrams Loss (Shao et al., 2020) 20.90
Hint-based Training (Li et al., 2019) 21.11
CMLM with AXE (Ghazvininejad et al., 2020) 23.53
CMLM with EISL (Ours) 24.17

Table 3: The test-set BLEU of CMLM trained with our EISL, compared to other recent fully non-autoregressive
methods. The baseline results are from (Ghazvininejad et al., 2020), where CMLM-with-AXE generates 5 candidates
and ranks with loss. Our method follows the same generation configuration as CMLM-with-AXE.

provide qualitative analysis in Appendix A.5.3.

5 Conclusions

We have developed Edit-Invariant Sequence Loss
(EISL) for end-to-end training of neural text gener-
ation models. The proposed method is insensitive
to the shift of n-grams in target sequences, hence
suitable for training with noisy data and weak su-
pervisions, where CE loss fails easily. We show
CE loss is a special case of EISL and build the
connection of EISL with BLEU metric and con-
volution operation, which both have the invariant
property. Experiments on translation with noisy
target, text style transfer, and non-autoregressive
neural machine translation demonstrate the supe-
riority of our method. The more general appli-
cations and superiority of EISL on other diverse
text generation problems as well as fundamental
challenges, such as compositional generalization
(Andreas et al., 2019) and causal invariance (Hu
and Li, 2021) in language, remain to be explored
further, which we are excited to study in the future.
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A Appendix

A.1 Additional Derivation
For a given i′,

p(yi′:i′+n = y∗i:i+n)

=
∑

y

p(y<i′)p(yi′:i′+n = y∗i:i+n|y<i′),

then we derive the detail of Eq. 3 in Eq. 9, where
the first inequality holds since T − n+ 1 ≥ 0; and
the second inequality holds by Jensen’s inequality.

A.2 Detailed Experimental Setup
A.2.1 Learning from Noisy Text
We use a Transformer-based pretrained model
BART-base (Lewis et al., 2020), containing 6 layers
in the encoder and decoder. We train the model us-
ing the Adam optimizer with learning rate 3×10−5
with polynomial decay and the maximum number
of tokens is 6000 in one step. The models are
trained on one Tesla V100 DGXS with 32GB mem-
ory. We start with CE training using teacher forcing
for fast initialization. We then switch to combined
1- and 2-gram EISL with weight 0.8 : 0.2, which
we select using the validation set. We adopt greedy
decoding in training and beam search (beam size
= 5) in evaluation. We use fairseq2 (Ott et al.,
2019) to conduct the experiments. We compare
EISL loss with CE loss and Policy Gradient (PG),
where PG is used to finetune the best CE model.
Teacher forcing is employed in CE training.

A.2.2 Learning from Weak Supervisions:
Style Transfer

We use the Adam optimizer with learning rate
5 × 10−4, the batch size is 128 and the model
is trained on one Tesla V100 DGXS 32GB. We
compare the results between the base model and
the model with EISL. Specifically, on top of the
base model, we add the EISL loss (a combination
of 2, 3 and 4-gram with the same weights 1/3) to
reduce the discrepancy between the transferred sen-
tence generated by language model and the original
sentence. We assign EISL loss with weight 0.5.

Following previous work, we compute automatic
evaluation metrics: accuracy, BLEU score, perplex-
ity (PPL) and POS distance. For accuracy, we adopt
a CNN-based classifier, trained on the same train-
ing data, to evaluate whether the generated sentence
possesses the target style. Then we measure BLEU

2Fairseq(-py) is MIT-licensed.

score and BLEU(human) score of transferred sen-
tences against the original sentences and ground
truth, respectively. PPL metric is evaluated by GPT-
2 (Radford et al., 2019) base model after finetuning
on the corresponding dataset, with the goal to as-
sess the fluency of the generated sentence. POS
distance is used to measure the model’s semantics
preserving ability (Tian et al., 2018).

We also perform human evaluations on Yelp data
to further test the transfer quality. We first ran-
domly select 100 sentences from the test set, use
these sentences as input and generate sentences
from the base model (Tian et al., 2018) and our
model. Then for each original sentence, we present
the outputs of the base model and ours in random
order. The three annotators are asked to evalu-
ate which sentence is preferred as the transferred
sentence of the original sentence, in terms of con-
tent preservation and sentiment transfer. They can
choose either output or select the same quality. We
measure the percentage of times each model out-
performs the other.

A.2.3 Learning Non-Autoregressive
Generation

We use the Adam optimizer with learning rate
5 × 10−4 with inverse square root scheduler. We
apply sequence-level knowledge distillation to the
dataset, which can reduce the complexity of the
dataset, making it easier for the model to learn and
improving the performance. The models are first
trained by CE loss for fast initialization, then fo-
cus on 2-gram, 3-gram, and 4-gram with the same
weights. Fairseq (Ott et al., 2019) is adopted to
conduct the experiments. We average the last 5
checkpoints as the final model.

A.3 Additional Results of Learning from
Noisy Text

A.3.1 Results of BLEURT Metric
In this section, we evaluate the results of CE, PG
and EISL on BLEURT (Sellam et al., 2020) metric.
We use the recommended BLEURT-20 checkpoint.
It gives a score for every sentence pair, and we
averaged the scores to get the final score. The
results are shown in Figure 7. Both BLEU metric
and BLEURT metric show the superiority of our
proposed EISL loss.

A.3.2 Comparison with Loss Truncation
The Loss Truncation (LT (Kang and Hashimoto,
2020)), method adaptively removes high log loss
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lEISL
n,i (θ) = − log

T−n+1∑

i′=1

p(yi′:i′+n = y∗i:i+n), (9)

= − log
1

T − n+ 1

T−n+1∑

i′=1

∑

y

p(y<i′)p(yi′:i′+n = y∗i:i+n|y<i′)− log(T − n+ 1),

≤ − log
1

T − n+ 1

T−n+1∑

i′=1

∑

y

p(y<i′)p(yi′:i′+n = y∗i:i+n|y<i′),

≤ − 1

T − n+ 1

T−n+1∑

i′=1

∑

y

p(y<i′) log p(yi′:i′+n = y∗i:i+n|y<i′),

= − 1

T − n+ 1
Ey∼p(y)

T−n+1∑

i′=1

log p(yi′:i′+n = y∗i:i+n|y<i′),

= LEISL
n,i (θ),

examples as a way to optimize for distinguishabil-
ity. In this section, We’d like to show the com-
parisons with Loss Truncation. We evaluated two
variants of LT: (1) LT_Pre which first trains the
model with CE loss and then adds LT for further
training, and (2) LT which directly trains the model
with CE loss and LT together. Hyperparameters
were selected on the validation set. For simplic-
ity, we remove the PG curves (Figure 5), and the
comparison results with LT are shown in Figure 8.

We can see Loss Truncation can sometimes
slightly improve over CE, especially when the data
is clean or with low/moderate noise. However, by
simply ignoring high-loss data, LT is not good at
handling data with high noise (which often leads
to high loss). In comparison, our proposed EISL
achieves a substantial improvement in the presence
of high noise.

A.3.3 Reasons of Better Performance with
Lower-gram EISL

In this section, we discuss the reason of why the
performance of using lower grams is better than
higher-gram EISL in Figure 5(e).

Lower-gram EISL is less sensitive to noise. For
example, 1-gram EISL focuses mostly on match-
ing individual tokens without caring much about
the order of tokens; while a high-gram EISL (e.g.,
consider the extreme case of T ∗-gram where T ∗ is
the target length) reduces to CE (as discussed in
Sec 3.3) and is highly sensitive to noise. Thus, in
the presence of high data noise, lower-gram EISL
would be more robust and perform better.

Besides, on low-noise data (e.g., noise-level =
0 or 1), lower-gram EISL performs comparably
with higher-gram EISL, both close to the CE per-
formance. This is because we pretrained the model
with CE (as mentioned in the experimental setup),
and finetuning with EISL (either with lower- or
higher-grams) would not change the performance
a lot given the low-noise data.

A.3.4 Cases Study

As shown in Table 8, 9, 10, 11 and 12, we randomly
sample some examples from generated sentences
of the models trained with different types of noise
on Multi30k dataset. For the sake of convenience,
we use abbreviations in the tables, i.e., SC, RR,
BR and NL are short for Shuffle Count, Repetition
Ratio, Blank Ratio and Noise Level (for Synthetical
Noise), respectively.

Shuffle Noise When there exist a few shuffle
noises, e.g., SC = 3, CE loss may lead word redu-
plicated (Example 1 and Example 2) and slightly
wrong word order (Example 4 and Example 5), and
there are some information mistranslated (beautiful
in Example 4) or extra irrelevant information added
(black in Example 5). As shuffle count increases,
the aforementioned problems are increasingly se-
vere, resulting the generated sentences meaning-
less. Especially, there are some words untranslated
in PG examples (eingezäunten in Example 1, ir-
gendwo in Example 2, haben in Example 5, ). But
EISL loss could keep the content consistency and
grammatical correctness as far as possible.
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Figure 7: Results of Translation with Noisy Target on German-to-English(de-en) from Multi30k. BLEURT scores
are computed against clean test data.
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Figure 8: Comparison results with Loss Truncation(LT) of Translation with Noisy Target on German-to-English(de-
en) from Multi30k. BLEU scores are computed against clean test data.

Repetition Noise The main problem of the mod-
els trained by CE and PG with repetition noises
is that the models can’t filter the repetition noise
out in training samples, and try to learn the wrong
distribution, leading to generate reduplicated words
frequently (Example 1-5). Specifically, the exam-
ples of CE and PG in RR = 50% are very repre-
sentative. However, it’s amazing that EISL can
almost avoid such a problem even the repetition ra-
tio achieves 50%. Meanwhile, the main semantics
is preserved and the grammar is correct.

Blank Noise When adding blank noise, some to-
kens in targets will be substituted as unk so the
targets will lose some information. We could mea-
sure from two aspects: one is the term frequency
of meaningless token unk in generated sentences,

and the other is the meaningful contents preserved
by the models. Obviously, EISL loss handles better
than CE loss on both aspects. Especially, when BR
= 20%, unlike models with CE, models with PG
and EISL barely generate the unk token, and could
translate the core content (Example 1-5). As BR in-
creases, EISL could preserve more key information
and produce less unk than CE and PG. Moreover,
PG performs rather poor when BR is high (like BR
= 45%), and it almost loses all information (Exam-
ple 1-5) and generates some confusing words (teil
in Example 1, afroamerikanischer and irgendwo in
Example 3, beachaufsichtgebäude in Example 4,
and holzstück in Example 5).

Synthetical Noise We then evaluate the results
of models trained by synthetical noise. Such a
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Source my “ hot ” sub was cold and the meat was watery .
Base Model my “ hot ” sub was excellent and the meat was excellent .
with EISL my “ hot ” sub was delicious and the meat was delicious .

Source the man did not stop her .
Base Model the man did definitely right her .
with EISL the man did definitely stop her .

Table 4: Examples of the generated sentences.

Model Accuracy(%) BLEU PPL POS distance

Prabhumoye et al. (2018) 86.5 7.38 - 7.298
Hu et al. (2017) 90.7 47.50 - 3.524

Tian et al. (2018) 88.0 59.63 28.46 2.348
with EISL 89.2 60.26 27.85 2.191

Table 5: The results on the political dataset. The first two results are reported by (Tian et al., 2018).

situation combines aforementioned three types of
noises. One most highlighted advantage of EISL
is that the generated sentences are almost gram-
matically correct and include main content as far
as possible. However, CE can only stiffly joint
some words, and can’t guarantee the grammatical
correctness (word order, word repetition and so
on). PG performs worst, involving all the problems
in CE cases and the meaningless word generation
problem (Example 1-5).

A.4 Additional Results of Text Style Transfer

A.4.1 Examples on Yelp dataset

Some examples of generated sentences are given
in Table 4. The model with EISL can select more
appropriate adjective and improve the quality of the
sentences. In the first example, the model should
transfer the negative adjectives cold and watery to
some positive adjectives that describe food. Ob-
viously, the delicious is more appropriate than ex-
cellent. In the second example, the base model
reverses both not and stop, leading to wrong sen-
timent and inconsistent content. While the model
with EISL could avoid such a situation and generate
more suitable sentence.

A.4.2 Results on Political dataset

Since the instances from democratic data and re-
publican data are quite different, names of politi-
cians have high correlation with the political slant.
Therefore the BLEU score and POS distance have
a big gap with the sentiment results. The results
are shown in Table 5.

A.5 Additional Results of Non-Autoregressive
Generation

A.5.1 Results of Iterative NAT Models

As shown in Figure 9, with the increasing of itera-
tion steps, the difference fades away.

A.5.2 Results of BLEURT Metric

To show the superiority of our method, We
also evaluate on recent text generation metric,
BLEURT (Sellam et al., 2020). BLEURT is an
evaluation metric for Natural Language Generation.
It takes a pair of sentences as input, a reference
and a candidate, and it returns a score that indicates
to what extent the candidate is fluent and conveys
the mearning of the reference. We use the recom-
mended BLEURT-20 checkpoint. It gives a score
for every sentence pair, and we averaged the scores
to get the final score. The results are shown in
Table 6.

A.5.3 Qualitative Analysis on NAT
Experiments

Given the non-autoregressive nature (i.e., all to-
kens are generated simultaneously), the one-to-one
matching of CE loss can lead to severe mismatch-
ing. We consider the example: the predicted sen-
tence is a cat is on the red blanket
and the target sentence is a cat is sitting
on the red blanket. The "on the red blan-
ket" part of the prediction will be corrected to
match the target positions, and this may lead to
overcorrection (e.g., "on the red red blanket .").
Repetition is often a sign of overcorrection. How-
ever, with EISL, this situation will not happen be-
cause the phrase will be matched to appropriate
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Figure 9: Results of iterative NAT on different decoding iterations.

Model WMT14 en-de KD WMT14 en-de

CE EISL CE EISL

Vanilla-NAT (Gu et al., 2018) 0.346 0.416 0.194 0.277
NAT-CRF (Sun et al., 2019) 0.441 0.464 - -
iNAT (Lee et al., 2018) 0.332 0.437 - -
LevT (Gu et al., 2019) 0.355 0.458 0.214 0.333
CMLM (Ghazvininejad et al., 2019) 0.345 0.450 - -

Table 6: The results (test set BLEURT) of EISL loss and CE loss applied to non-autoregressive models.

target tokens. Let’s have a look at a real example
in Figure 10.

Source Anja Schlichter managed the tournament
Target Anja Schlichter leitet das Turnier
CE Anja Schlichter leitdas Turnier Turnier
EISL Anja Schlichter leitete das Turnier geleitet

Figure 10: Examples of the generated sentences.

Take the non-autoregressive model
CMLM (Ghazvininejad et al., 2019) for ex-
ample, we evaluate the translation of CMLM
models trained by CE and EISL. As shown
in Figure 11, our proposed EISL can reduce
repetition to a large extent.
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Figure 11: The percentage of repeated tokens under
different iteration steps.

A.6 Efficiency Analysis

Complexity analysis Given T ∗ tokens, the time
complexity of CE loss is O(T ∗), while the com-
plexity of n-gram EISL loss is O(n(T ∗ − n +
1)2) ≈ O(T ∗2), assuming small n is used in prac-
tice (e.g., n ∈ {1, 2, 3, 4}). However, in practice,
the computation cost of the loss (either CE or EISL)
is negligible compared to the cost of model forward
and backward during training. Thus, the extra cost
introduced by the EISL loss is rather minor.

Empirical comparison of time cost To quan-
tify the computational cost of different methods,
we adopt CE and EISL on top of the same model
and setting, and evaluate the consumed time for 1
training epoch. For comparison on both small and
large dataset, we evaluate on Multi30k (29k train-
ing data, 1k test data) and 1M scale WMT-18 raw
corpus (1M training data, 3k test data). The mod-
els are tested on one Tesla V100 DGXS with 32
GB memory, the batch size is 128, max number of
tokens is 6000 and update frequency is 4. For each
method, we test 6 times and average the results as
final time. The results are shown in Figure 12.

Empirical total time cost of EISL training As
discussed in the experiments in the paper, we first
pretrain the model with the CE loss until conver-
gence, and then finetune with the EISL loss. Here
we report the total time cost of each stage, based
on the WMT-18 translation setting as described in
Section 4.1. The results are shown in Table 7. As

2071



0

5

10

15

20

25

30

CE EISL-1 EISL-2 EISL-3 EISL-12 EISL-123 EISL-T

T
i
m
e
 
(
s
)

Multi30k-Training

0

2

4

6

8

10

12

CE EISL-1 EISL-2 EISL-3 EISL-12 EISL-123 EISL-T

T
i
m
e
 
(
s
)

Multi30k-Inference

0

300

600

900

1200

1500

1800

2100

CE EISL-1 EISL-2 EISL-3 EISL-12 EISL-123 EISL-T

T
i
m
e
 
(
s
)

WMT18-Training

0

20

40

60

80

100

CE EISL-1 EISL-2 EISL-3 EISL-12 EISL-123 EISL-T

T
i
m
e
 
(
s
)

WMT18-Inference

Figure 12: Results of training and inference time. EISL-n represents n-gram EISL loss and EISL-12 represents the
combination of 1-gram and 2-gram EISL loss.

the data size increases, the convergence time of
both pretraining and finetuning grows. The time
cost of the finetuning stage is less than half of that
of the pretraining stage.

A.7 Hyperparameters
Regarding which n-grams to use and their weights
wn in the EISL loss, we found in our experiments
that the default values largely following the stan-
dard BLEU metric (i.e., maximum n = 4 with
equal weights) work well. Specifically, we use
n ∈ {2, 3, 4} and equal weights wn = 1/3 as our
default values. Most of our experiments adopt the
default values which achieve consistent substantial
improvement over CE and other rich baselines as
shown in our experiments. (except for the synthetic
experiment where we show the effect of different n-
grams including those selected using the validation
set).

Besides, in our experiments, we first pretrain
the model with the CE loss (i.e., EISL with n =
T ∗ and teacher forcing, see Section 3.3) and then
finetune with the EISL loss. We simply do the CE
pretraining until convergence before switching to
the EISL finetuning. Therefore, there is no need of
tuning for the training iterations of pretraining.

A.8 Analysis of Efficient Implementation
In order to validate the efficiency and accuracy
of our approximation (for autoregressive models)

discussed in Section 3.2, we conduct the analysis
experiments, showing that the approximate (and
efficient) EISL loss values are very close to exact
(but expensive) EISL value. We use the same set-
ting as section 4.1, and finetune the model with
our efficient approximate EISL loss on Multi30k.
Throughout the course of training, we record the
loss values of both the exact implementation and
our approximate implementation. As shown in Fig-
ure 13(a) and (b), the tendency of two losses is very
close to each other. We also plot the absolute dif-
ference of the two losses as shown in Figure 13(c).
We can see the difference decreases as training pro-
ceeds. The observations validate the effectiveness
of our approximate implementation.

We note that training the model with the exact
loss is costly, which necessitates our approxima-
tion. Specifically, for n-gram loss, we need to run
the forward pass of the decoder (T − n)2 times,
and keep the whole computation graph for back-
propagation, which will consume much more time
and memory. Even for only loss evaluation (with-
out the backward pass), we found the runtime of
the exact loss is about 15 times longer than that of
the efficient approximate implementation based on
convolution operator.
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Data Size PreTraining Time (CE) Finetuning Time (EISL)

1M 1h 40min 57s 49min 33s
2M 5h 56min 57s 1h 35min 10s
4M 8h 55min 18s 3h 57min 44s

Table 7: Convergence time of pretraining and finetuning stages.

   

   

   

 

   

                  

b) Efficient Approximate Implementation

   

   

   

   

                  
c) Absolute Difference

    

    

    

    

                  
a) Exact Implementation

Figure 13: The change of loss values during training. The x-axis represents the training step. a) gives the loss
curve of exact implementation; b) gives the loss curve of efficient approximate implementation as we discussed in
section 3.2; and c) gives the absolute difference between the two implementations.
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Source (de) ein junger mann nimmt an einem lauf teil und derjenige , der dies aufzeichnet ,
lächelt .

Target (en) a young man participates in a career while the subject who records it smiles .

SC = 3
CE young man is running on a a and the other man is smiling .
PG young man is running on a track and the other man is smiling .
EISL young man is running in a dirt course and the other is smiling .

SC = 6
CE young man is running a a race and the other is smiling .
PG young man taking a race and the other smiling . a
EISL young man is running a race and the other guy is smiling .

SC = 9
CE young man . a a the is running up and up hill smiling taking
PG young man takes on a slope and thejenige , the the smiles . a
EISL young man is on a hillside smiling and the others , who is smiling .

RR = 15%
CE young man is running on a track and the other is smiling .
PG young man is running on a track and the other is smiling .
EISL young man is running in a race and the runner is smiling .

RR = 30%
CE young man man is is running on a track track and the the other is is smiling

smiling .

PG young man man is is running on a track track and the other man man who is
is is smiling .

EISL young man is running in a race and the other is smiling at him . .

RR = 50%
CE a young young man man is is smiling smiling at at a a window window while

another smiles smiles at him him . .

PG a young man man is is napping napping on on a a grassy grassy field field and
and some people people are are smiling smiling . .

EISL young man running in a race and the other is smiling at the action . .

BR = 20%
CE young man unk unk a run and the unk is smiling .
PG young man is running in a race and the one who is looking at him is smiling .
EISL young man is running in a race with the runner who is up .

BR = 35%
CE young man unk unk a unk , and the unk is smiling unk
PG young man unk unk track unk others unk .
EISL young man unk is un in a race and the other un is un at the finish .

BR = 45%
CE young unk is unk on a unk unk and the unk smiles unk
PG young man unk a unk teil unk unk .
EISL young unk un is un in a race , the other is smiling back .

NL = 5
CE young man is running a race and the one who is running is smiling .
PG young man is running a race and the one scoring is smiling .
EISL young man is running a race and one of the runners is up to him .

NL = 15
CE young man is unk unk a unk and the other man is smiling .
PG young man is on a unk smiling at thejenige . .
EISL young man is in a race , the other smiling .

NL = 20
CE a young man is unk unk a unk and unk is smiling at him .
PG young smiles on in ail and thejenige smile on . . .
EISL young man unk unk a ladder and unk , who is unk smiling .

Table 8: Example 1.
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Source (de) 15 große hunde spielen auf einem eingezäunten grundstück neben einem haus .

Target (en) 15 large dogs playing in a fenced yard beside a house .

SC = 3
CE large dogs play on a a dirt path next to a house .
PG 15 large dogs play on an earthen platform next to a house .
EISL large dogs are playing on a dirt path next to a house .

SC = 6
CE large dogs play on a a play area next to abandoned house .
PG 15 large dogs playing on a eingezäunten group stage next to a house .
EISL group of dogs play on a abandoned path next to a house .

SC = 9
CE large dogs play a . on a field next to abandoned house
PG dogs play on a snowy grundstück next to a house .15 large
EISL . 15 large dogs play on an abandoned hillside next to a house .

RR = 15%
CE large dogs are playing on a fenced in area next to a house .
PG large dogs are playing on a fenced in area next to a house .
EISL large dogs are playing on a fenced track next to a house .

RR = 30%
CE large dogs dogs play on on a a dirt track near a house house .
PG large dogs dogs play on a fenced-in area area next to a house .
EISL large dogs play on a fenced walkway next to a house . .

RR = 50%
CE small dogs dogs play on on a a grassy grassy field field next next to to a house

house . .

PG 15 large dogs dogs are are playing playing on on a a grassy grassy field field
next next to to a house house . .

EISL 15 large dogs playing on a fenced terrain next to a house . .

BR = 20%
CE large dogs play in a fenced yard next to a house .
PG large dogs are playing on an overcast walk next to a house .
EISL large dogs are playing in a fenced area near to a house .

BR = 35%
CE unk dogs play unk a unk unk by a house .
PG large dogs unk a unk path unk unk house .
EISL large dogs unk play in a fenced area next to a house .

BR = 45%
CE unk dogs unk on a unk unk next to unk house .
PG large dogs unk a unk unk .
EISL large unk un are un in a fenced-out game next to a house .

NL = 5
CE large dogs are playing on a fenced in area next to a house .
PG large dogs are playing on a fenced in area next to a house .
EISL large dogs are playing on a fenced backwalk next to a house .

NL = 15
CE large dogs are playing on a unk grassy field next to a house .
PG large dogs playing on a unk next to a house . . .
EISL large dogs play on a covered piece of furniture next to a house .

NL = 20
CE large dogs are playing on on a a a grassy grassy field next to a house .
PG large play play in auntenck in a house . . .
EISL large dogs play on a unk unk next to a house . .

Table 9: Example 2.
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Source (de) ein afroamerikanischer mann spielt irgendwo in der stadt gitarre und singt

Target (en) an african american man playing guitar and singing in an urban setting .

SC = 3
CE african american man is playing the guitar and singing in the city .
PG african american man is playing the guitar in the city and singing
EISL african american man is playing the guitar in the city and singing .

SC = 6
CE african-american man is playing guitar in the a and singing city .
PG african american man playing irgendwo in the city guitar singing
EISL african american man is playing the guitar in the city

SC = 9
CE african-american man playing guitar in the a and singing city
PG african americanischer man plays irgendwo in the city guitar singing . a
EISL african american man is playing the guitar in the city and singing

RR = 15%
CE african american american man plays guitar guitar in the city city .
PG african american man is playing guitar in the city and singing .
EISL african american man is playing guitar in the city and singing .

RR = 30%
CE african american man plays guitar guitar in in the city city while singing .
PG african american man man plays guitar guitar in the city city and sings .
EISL an african american man playing guitar in the city and singing . .

RR = 50%
CE african african american american man playing guitar guitar in in the the

city city and singing singing .

PG african american american man man is is playing playing guitar guitar
in in the the city city . .

EISL an african american man playing guitar in the city and singing . .

BR = 20%
CE african american man plays guitar unk sings unk
PG african american man is playing guitar and singing in the city .
EISL african american man is playing the guitar and singing .

BR = 35%
CE african american man unk unk guitar unk singing unk
PG african american man unk guitar unk singing unk
EISL african american unk is un a guitar and singing in the city .

BR = 45%
CE african american unk unk playing unk guitar in unk city unk
PG afroamerikanischer man unk irgendwo unk unk
EISL af unk un playing some sort of guitar in the city and singing .

NL = 5
CE african american man plays guitar and sings somewhere in the city .
PG african american man is playing guitar and singing in the city .
EISL african american man is playing guitar and singing somewhere in the city .

NL = 15
CE african american man is playing the guitar in the city and singing .
PG afroamerikanischer man is irgendwo in the city guitarre .
EISL african american man playing some sort of guitar in the city and singing .

NL = 20
CE african american american man is playing the guitar in the the city unk
PG afroamerikanischer singt in the city guitarre singt .
EISL african american man plays unk unk in the city unk

Table 10: Example 3.
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Source (de) ein strandaufsichtgebäude steht im sand , es ist ein bewölkter tag .

Target (en) a lifeguard building is on the sand on a cloudy day .

SC = 3
CE beach a is standing in the sand on a beautiful day .
PG beachfront building is standing in the sand on a beautiful day .
EISL beach view building is standing in the sand on a cloudy day .

SC = 6
CE beach a is in the sand building on a beautiful day .
PG beach viewgeb building standing in sand on a beautiful day .
EISL beach view building is standing in the sand on a beautiful day .

SC = 9
CE beach a in the sand . a cloudy day stands beach
PG beachaufsichtge building stands in sand , the is a beautiful day . a
EISL . a beachfront building standing in the sand is a beautiful day .

RR = 15%
CE beachfront building is standing in the sand on a cloudy day .
PG beachfront building is standing in sand , it is a cloudy day .
EISL beach building is standing in the sand , it is a cloudy day .

RR = 30%
CE beachfront beachfront building building is is standing standing in the sand

sand on a cloudy day .

PG beachfront beachfront building building is standing in sand sand on a cloudy
day .

EISL beachfront building is standing in the sand , it is a cloudy day . .

RR = 50%
CE a beachfront beachfront building building is is standing standing in in the

sand sand , it looks like it is is a beach resort resort . .

PG a beachfront beachfront building building is is standing standing in in sand
sand . .

EISL a beach view building is in the sand , it is a cloudy day . .

BR = 20%
CE beachfront building is standing in sand on a cloudy day unk
PG beachfront building is standing in sand on a cloudy day .
EISL beach view building is standing in the sand , it is a cloudy day .

BR = 35%
CE beach unk unk standing in sand on a cloudy day unk
PG beach unk building unk unk sand unk a cloudy day .
EISL beach building unk is un in the sand on a cloudy day .

BR = 45%
CE unk unk is standing unk the sand unk it is a beautiful day unk
PG beachaufsichtgebäude unk unk sand unk .
EISL beach unk un is un in the sand , this is a cloudy day .

NL = 5
CE beachfront view building is standing in the sand on a cloudy day .
PG beachfront view building is standing in sand on a cloudy day .
EISL beachfront building is standing in the sand , it is a cloudy day .

NL = 15
CE beach unk unk is standing in the sand unk it is a sunny day .
PG beach unk is in sand on a snowy day . .
EISL beach building is in the sand , it is a cloudy day .

NL = 20
CE beach unk unk is standing in the sand unk it is a sunny sunny day .
PG beachaufsichtgebäude steht in sand , es is a day . .
EISL beach unk stands in sand unk it is a sunny day . .

Table 11: Example 4.
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Source (de) zwei hunde haben beim spielen dasselbe holzstück im maul .

Target (en) two dog is playing with a same chump on their mouth .

SC = 3
CE dogs are two playing with . pieces of wood in their mouths two
PG dogs are playing with pieces of black wood in their mouths .
EISL two dogs are playing with pieces of wood in their mouths .

SC = 6
CE dogs are two . playing with sticks in their mouths two
PG dogs have been playing with pieces of wood in their mouths . two
EISL two dogs are playing with pieces of wood in their mouths .

SC = 9
CE two dogs their . are playing with sticks in muzzled
PG dogs haben beim play pieces in their mouth . two
EISL . two dogs have been playing with sticks in their mouth .

RR = 15%
CE two dogs are are playing with a a piece piece of wood in their mouth .
PG dogs are playing with white wooden blocks in their mouth .
EISL two dogs are playing with some pieces of wood in their mouths .

RR = 30%
CE two dogs dogs are are playing with a a piece piece of of wood in their mouths .
PG dogs dogs are are playing with white wooden blocks blocks in their mouth .
EISL two dogs are playing with pieces of wood in their mouths . .

RR = 50%
CE two dogs dogs are are playing playing with with plastic plastic sticks sticks in

in their their mouth mouth . .

PG two dogs dogs are are playing playing with with plastic holsters holsters in in
their maul maul . .

EISL two dogs have playing with some white wood in their mouths . .

BR = 20%
CE dogs unk unk pieces of wood in their mouths .
PG dogs are playing with wet wood in their mouths .
EISL dogs are playing with wet pieces of wood in their mouths .

BR = 35%
CE unk have unk pieces of unk in their mouths .
PG two dogs unk unk piece of wood unk their mouth .
EISL two dogs unk playing with some piece of wood in their mouth .

BR = 45%
CE dogs are playing with unk unk in unk mouth unk
PG dogs unk unk piece of unk holzstück unk .
EISL dogs unk un are un while play with some wood pieces in their mouth .

NL = 5
CE two dogs are playing with the same piece of wood in their mouths .
PG dogs have pieces of of wood in their mouths .
EISL two dogs are playing with the same piece of wood in their mouths .

NL = 15
CE two dogs are are are playing with unk unk in their mouths .
PG dogs haben on a game unk unk . . .
EISL two dogs have been playing with a piece of wood in their mouth .

NL = 20
CE two dogs are are are playing with unk unk in their mouths .
PG dogs haben in a playenselbeck in their mouth . .
EISL two dogs are playing with unk sticks in their mouths . .

Table 12: Example 5.
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Abstract

Exemplification is a process by which writers
explain or clarify a concept by providing an
example. While common in all forms of writ-
ing, exemplification is particularly useful in the
task of long-form question answering (LFQA),
where a complicated answer can be made more
understandable through simple examples. In
this paper, we provide the first computational
study of exemplification in QA, performing a
fine-grained annotation of different types of ex-
amples (e.g., hypotheticals, anecdotes) in three
corpora. We show that not only do state-of-the-
art LFQA models struggle to generate relevant
examples, but also that standard evaluation met-
rics such as ROUGE are insufficient to judge
exemplification quality. We propose to treat ex-
emplification as a retrieval problem in which a
partially-written answer is used to query a large
set of human-written examples extracted from a
corpus. Our approach allows a reliable ranking-
type automatic metrics that correlates well with
human evaluation. A human evaluation shows
that our model’s retrieved examples are more
relevant than examples generated from a state-
of-the-art LFQA model.

1 Introduction

When an author introduces a complicated concept,
they commonly follow it up with a concrete exam-
ple to help clarify their intended meaning. This pro-
cess, known as exemplification, occurs in diverse
forms, including hypothetical examples, personal
anecdotes, and analogies (Clouse, 2013). Exempli-
fication is particularly common within the NLP task
of long-form question answering (LFQA), where
an author wants to communicate a concept un-
known to the question asker. Consider the follow-
ing QA pair from the r/explainlikeimfive
subreddit (Fan et al., 2019):

Q: How does the ground not cave in while being
under the heavy weight of cities?
A: It’s all about what they’re building on, and
occasionally they get it wrong... For example,

San Francisco’s Millennium Tower, built on mud
and sand, has already sunk 18 inches into the
ground.

Here, the answerer uses a specific example to
emphasize the importance of building on a solid
foundation. In general, explaining via exemplifica-
tion is a fundamental technique in these kinds of
pedagogical scenarios (Hyland, 2007), and it war-
rants separate study due to its importance in LFQA
and the challenges in evaluating it. However, ex-
isting work on building LFQA models (Fan et al.,
2019) does not give special treatment to exemplifi-
cation or any other discourse phenomena, choosing
instead to evaluate model outputs against reference
answers using metrics such as ROUGE (Lin, 2004)
that are not meaningful for this task (Krishna et al.,
2021). In the above QA pair, any other structurally-
unstable building (e.g., the Leaning Tower of Pisa)
could serve as a valid example, but an LFQA model
would be unfairly penalized for generating one of
these acceptable alternatives.

In this paper, we first conduct a detailed study
of exemplification across three different domains:
Wikipedia, web articles, and community answers
to questions from the ELI5 LFQA dataset. We
extract sentences and clauses associated with ex-
emplification by matching on explicit markers such
as “for example” and “(e.g., ...)” and annotate 300
examples from this dataset. Our analysis reveals
significant variation in occurrence frequencies of
different forms of exemplification (e.g., hypotheti-
cal vs. specific examples) across the three domains.

Next, we focus on improving the modeling and
evaluation of the subtask of exemplification within
LFQA. We propose to treat it as a retrieval problem
rather than a generation problem: given a question
and a prefix of a reference answer (in the above QA
pair, all of the text before “For example”), a model
must retrieve the ground-truth example that fol-
lows the prefix (the sentence about the Millenium
Tower) from the set of all exemplifying sentences
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and clauses in the dataset. We can use retrieval met-
rics such as recall@k to evaluate a model’s ability
to select the ground-truth example, which are more
informative than metrics such as ROUGE.

We demonstrate that pretraining our retriever
on a large-scale dataset of exemplifying units ex-
tracted from the Books3 corpus (Gao et al., 2020)
and then fine-tuning it on ELI5 examples results in
substantial improvements on these ranking metrics.
Finally, we crowdsource human evaluation com-
paring our retriever’s outputs with those generated
by the state-of-the-art ELI5 model of Krishna et al.
(2021) and find that workers prefer the retriever’s
outputs far more frequently than those of the gen-
eration model. We hope that our work spurs more
research into the evaluation and modeling of exem-
plification and other complex discourse phenomena
present in LFQA. To facilitate future research, we
publicly release the code and trained models from
our work.1

2 Exploring Exemplification

In this section, we first describe our data extrac-
tion process, which we use to mine instances
of exemplification from three datasets (and do-
mains): ELI5 (Fan et al., 2019), Natural Ques-
tions (Kwiatkowski et al., 2019) and Books3 (Gao
et al., 2020). This process involves matching on
a set of “exemplification markers” and collecting
both the text of the matching example (a sentence
or clause) as well as the surrounding context on
both sides. We then conduct a fine-grained human
annotation study on the extracted data, breaking ex-
emplification down into different types and explor-
ing how they are used across the different domains.

2.1 Extracting a Dataset of Exemplification
Exemplification markers: Hyland (2007) anno-
tated a diverse collection of articles from multiple
disciplines with a variety of rhetorical practices2

and found that more than 75% of “examples" are
signalled parenthetically or lexically with the use of
the three most frequent “exemplification markers”:

“such as”, “for example”, “e.g.”. Empirically, we
find that the “such as” marker is noisy at signalling
exemplification and often leads to ambiguous cases
where it is hard to automatically detect the exam-
ple boundary. Hence, we take the other two most

1https://github.com/north125ptlm/lfqa-retrieval
2The annotation included texts from physics, biology, me-

chanical & electric engineering, philosophy, sociology, ap-
plied linguistics, and marketing.

ELI5 NQ Books3

# training examples 65,157 1,209 2,848,171
# validation examples 1,185 52 712,043

avg. # context words 123.7 74.0 155.7
avg. # example words 23.3 33.1 27.1
avg. # right words tokens 135.3 54.8 107.5

Table 1: Statistics of extracted example-in-context data.

frequent exemplification markers, namely “for ex-
ample” and “e.g.”, and extract the parentheses-
enclosed clauses and sentences that contain these
exemplification markers as examples.

Examples from Diverse Domains Using these
two exemplification markers, we extract a dataset
of examples in context from two popular LFQA
datasets that come from different domains, ELI5
(Fan et al., 2019, Reddit answers) and Natural
Questions (Kwiatkowski et al., 2019, Wikipedia
passages).3 To study the exemplification phe-
nomenon from a more diverse perspective, we also
extract examples along with their surrounding con-
text from the Books3 Corpus (Gao et al., 2020),
a large-scale 100GB collection of books spanning
a variety of topics and genres. Table 1 contains
detailed statistics for the extracted example-in-
context datasets.

2.2 Fine-grained Annotation Study

With the extracted dataset of examples, we conduct
an in-depth analysis to understand different uses
of exemplification in various domains. We (the
authors) annotate a total of 300 examples extracted
using exemplification markers from Natural Ques-
tions, ELI5 and Books3 as below. Fifty examples
are annotated by two annotators (for purposes of
computing agreement, reported in Section 2.3) and
the rest are annotated by one annotator.

Given an extracted example and its left and right
context, we first filter out around 7% of the ex-
tracted examples, either because they are extraction
artifacts or because the marker is used for functions
other than exemplification (e.g., referring to a fig-
ure or table). After this basic check, we annotate
both structural information about the example (e.g.,
discourse units such as the anchor of the exam-
ple) and semantic information about how it is used

3We consider questions with only a long answer span (i.e.
paragraph answer) since they cannot be addressed solely by
entity names or a boolean, and are suitable for studying LFQA.
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Dataset Valid Extracted % Valid

ELI5 87 93 94%
NQ 89 95 94%
Books3 85 94 90%

Total 261 282 93%

Table 2: Statistics of annotated examples.

in the context. Table 2 contains statistics of the
annotated subset.4

2.2.1 Discourse units
Exemplification is usually expressed through three
discourse units (Meyer, 1992; Triki, 2021): the
anchor (also known as “exemplified unit”), the
exemplification marker, and the example text it-
self (“exemplifying unit”). We annotate the anchor
(marked as bold) and example (marked as italics).
Concretely, in example (1) below, the anchor is
“euryhaline species”, the exemplifying marker is
“e.g.”, and the exemplifying unit is “Flounder”. As
in the study of Triki (2021), we find that these units
mainly come in two forms: (1) nominal groups
that refer to entities, or (2) clauses that represent
statements.

(1) However , some fish show a tremendous ability
to effectively osmoregulate across a broad range
of salinities ; fish with this ability are known as
euryhaline species , e.g., Flounder.

(2) Players earn you points, depending on their
performance. For example, your QB might throw
for 200 yards, earning 1 point per 10 yards, for
20 points.

During our initial investigation, we also noticed
examples (3) which are signalled implicitly (i.e.
without exemplification markers).5 Identifying
such examples automatically is beyond the scope
of our study and warrants future work.

(3) The biggest driver of disparity in tech jobs
is cost of living. If it costs 2000 a month to live
in Boston, and 200 a month to live in India, then
salaries will reflect that.

Table 3 shows that the length of the discourse
units is roughly the same across the three datasets,
which supports our experimental decision in Sec-
tion 3 of using sentences as the base unit for exam-
ple retrieval. We also find that all of the anchors we

4Annotated examples in the three datasets can be found in
Table A1 in the appendix.

5Recent study on long form QA (Xu et al., 2022) con-
tains manually identified example sentences, including those
signalled implicitly.

Dataset # samples Anchor Example

ELI5 87 1.1/16.6 1.3/29.2
NQ 89 1.0/15.4 1.4/25.1
Books3 85 1.1/17.0 1.2/25.1

Type

Real 209 1.1/14.5 1.3/24.6
Hypothetical 52 1.2/23.4 1.2/33.7

Personal 13 1.1/18.1 2/49.6
Not-personal 248 1.1/16.3 1.2/25.2

Table 3: Length of the discourse units per dataset and
type, presented as average # sentences / # words.

annotated occur before the examples, suggesting
that using preceding context to retrieve examples
gives the model sufficient information.

2.2.2 Real vs. Hypothetical Examples
One notable categorization found during our in-
vestigation and also identified by Triki (2021) is
whether the examples are real, specific scenarios,
or hypothetically-constructed scenarios. We detail
the definition of the two types here:

Real examples: These examples are either real
entities (4) or specific scenarios (5) that are con-
structed as fact clauses.

(4) CEOs lead a range of organizations , includ-
ing public and private corporations, non-profit
organizations and even some government orga-
nizations (e.g., Crown corporations).

(5) For a given pressure , different liquids boil
at different temperatures. For example, water
boils at 100° C (212° F) at sea level, but at 93.4°
C (200.1° F) at 2,000 metres (6,600 ft) altitude.

Hypothetical examples: In contrast, hypotheti-
cal examples are scenarios constructed by the au-
thor. According to Triki (2021), hypothetical exam-
ples often come with the use of conditional clauses
if or signalled via assume. These examples are
generally more complicated and are specifically
constructed for the purpose of exemplification.

(6) The reasoning is that if you share your life
with someone then anything you do during that
time is made possible by their support. For
example, if your wife is a stay at home wife and
your a business man making lots of money, the
reasoning is that you would not have the same
amount of time to dedicate to work if you had to
look after your own house and/or children.

We observe a different distribution of the two
types of examples in the three datasets (Figure 1,
top). ELI5 contains more hypothetical examples
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Figure 1: Distribution of different types of examples
across three datasets.

(32%) than the other two datasets (16% for NQ,
12% for Books3), showing that hypothetical exam-
ples are commonly used to explain complicated
concepts. We also note that hypothetical examples
are generally longer than real ones (33.7 v.s. 24.6
words, as seen in Table 3), aligning with our obser-
vation that these examples are more complicated.

2.2.3 Personal Information
Previous work found that exemplification is “rarely
personalized” in academic texts (Ädel, 2006), refer-
ring to the uncommon use of first person pronouns
or reference to the author. In contrast, we found
a consistent presence of personal information in
the examples we examined, in the form of either
personal anecdotes (7) or an example situated in
the author’s own circumstance (e.g., in my city...).
We thus also annotate whether the exemplifying
units contain personal information or not.

(7) ... But they also give advice a doctor might
have forgotten. For example about 6 months ago
I went to the urgent care center for ear pain and
was prescribed an ear drop antibiotic. ...

We observe differences in the presence of per-
sonal information across the three datasets (Figure
1, bottom) – ELI5 answers, which are written by
users from online community forum, contain a sub-
stantial portion of examples with personal informa-
tion (12%), while such information is rarely present
in the other two datasets. There is also a notable
length difference between examples with and with-
out personal information (49.6 v.s. 25.2 words),
showing that more detailed description is provided
for personal anecdotes. The observation that ELI5
contains many personal examples raises concerns
that language models trained on such datasets will
generate personal examples that cannot be verified
or meaningfully interpreted.

2.3 Annotation agreement

We report agreement for the three annotation tasks
performed on the 50 two-way annotated samples.
For discourse unit annotation, we find high unigram
overlap between the two annotations (0.81 for the
anchor and 0.92 for the example). For annotation
of real vs. hypothetical examples and the presence
of personal information, we find a modest to high
agreement with a Cohen’s kappa of 0.48 for both.
Additionally, we observe annotations of real v.s.
hypothetical example to be split when the example
refers to abstract actions, such as the one below (8).

(8) Carpets are used for a variety of purposes , in-
cluding insulating a person ’s feet from a cold tile
or concrete floor , making a room more comfort-
able as a place to sit on the floor (e.g. , when play-
ing with children or as a prayer rug ) , reducing
sound from walking ( particularly in apartment
buildings ) and adding decoration or colour to a
room .

3 Retrieving Examples in LFQA

Our annotation and analysis of the extracted exem-
plification dataset reveals the diversity and com-
plexity of this discourse phenomenon. In this sec-
tion, we shift our focus towards building retrieval-
based models to produce examples based on a
given LFQA context. First, we define our example-
retrieval task formally and introduce our evaluation
metrics. Then, we describe our contrastive-learning
based retriever model, which closely follows the
retriever implementation in Thai et al. (2022), and
baseline retrieval models, and report their perfor-
mances.

3.1 Task Definition

Given a context (part of the answer to a given
LFQA question) with a masked out exemplifying
unit, model is asked to retrieve that masked unit
from a retrieval corpus. We consider two settings
for context: (1) concatenation of left and right con-
texts surrounding the exemplifying unit and (2) left
context preceding the exemplifying unit only (as
in Figure 2). Both left and right contexts are trun-
cated to 256 tokens surrounding the exemplifying
unit. We use all 66K exemplifying units extracted
from the 272K QA instances in the training and
development portion of ELI5 dataset (Petroni et al.,
2021) as the retrieval corpus. To illustrate the input
format, consider the below answer to the question
“Why didn’t anyone discover dinosaur fossils be-
fore the 1800s?”:
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Prior to the 1800's, when people dug up 
fossils (and more frequently, subfossil bones 
from ice age animals, which are more 
common and easier to find) they tended to 
interpret them in light of their existing myths 
and legends. [MASK] 

For example, when a wooly rhino skull was 
dug up near Klagenfurt, it was thought to be 

the skull of a dragon.

First, we compute an embedding 
of the context (c) surrounding the 
example by passing it into a 
RoBERTa encoder, where the 
example text is replaced by a 
mask token.

Next, we compute candidate example 
embeddings (ei) by feeding each of the 66K 
examples extracted from ELI5 into a 
separate RoBERTa encoder.

Finally, we use contrastive learning 
to push the context embedding c 
close to the correct example 
embedding and far from the 
incorrect examples.

For example, Zhi dao is how you would 
correctly say "to know”.

Context
encoder

Example
encoder

Example
encoder

Example
encoder

For example, the lipopolysaccharide in 
your heart is not a bunch of living bacteria

Figure 2: Our EGRET model uses dual RoBERTa encoders to embed (1) the context surrounding an exemplifying
unit and (2) all 66K exemplifying units extracted from ELI5. A contrastive objective is then used to move the
context embedding close to the embedding of the ground-truth exemplifying unit that occurs within that context,
and far from all other negative exemplifying units.

Prior to the 1800’s, when people dug up fossils
(and more frequently, subfossil bones from ice age
animals, which are more common and easier to
find) they tended to interpret them in light of their
existing myths and legends. [MASK] Because
fossils are almost always found as a jumble of
bones rather than a neat skeleton and because
they are incomplete... nobody looked at dinosaur
skeletons and realized what the animals that made
them actually looked like.

where the [MASK] token corresponds to

For example, when a wooly rhino skull was dug
up near Klagenfurt, it was thought to be the skull
of a dragon.

The first quote block showing the masked answer
will be used as a query to retrieve the exemplifying
unit in the second quote block.

This retrieval task is challenging due not only
to the size of the candidate set but also because
of the topical similarity between many ELI5 ques-
tions, which was previously noted by Krishna et al.
(2021). Retrieving based on lexical overlap, as
in BM-25 and other string-matching based ap-
proaches, cannot identify exemplifying units that
are relevant but share little overlap with the context.

3.2 Evaluation Data / Metric

For evaluation data, we use 1,185 context-example
pairs automatically identified from 1,507 QA in-
stances in the ELI5 development set (Petroni et al.,
2021) by our discourse marker heuristics. We eval-
uate the performance of our retriever by measuring
how reliable it is at retrieving ground-truth exam-
ples from the candidate example set. Concretely,

given the candidate set of examples, each model
should output a ranked list of all examples accord-
ing to their fit for the context. We evaluate these
rankings using recall@k of the ground-truth exam-
ple (where k “ 1, 3, 5, 10, 50, 100) from the set
of all 66K examples in ELI5. By using retriever-
based evaluation metrics, we can directly measure
a model’s ability to understand and exemplify a
context, in contrast to string overlap metrics like
ROUGE (Lin, 2004) which are uninformative for
this task.

3.3 Models
We first introduce our model (EGRET) and describe
baseline retrieval methods. We use all baseline
models in a zero-shot manner (without additional
fine-tuning on exemplification dataset).

EGRET: an example retriever for LFQA We
train an example retriever model (EGRET) on our
extracted exemplification dataset from training por-
tion of ELI5 (Fan et al., 2019), which contains
65K extracted context-example pairs. Our retriever
consists of dual Transformer encoders (Vaswani
et al., 2017), one to encode the context query
and the other to encode candidate examples (Fig-
ure 2). Both encoders are initialized as pretrained
RoBERTa-base models (Liu et al., 2019), as in the
dense-RELiC model of Thai et al. (2022). To obtain
a query embedding ci, we feed the query encoder
the surrounding context of a masked-out example,
as in Figure 2. Similarly, we use the other encoder
to compute embeddings of the ground-truth exam-
ple (e`

i ) as well as negative examples sampled
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Model Context Recall@k (Ò) Avg rank (Ó)

1 3 5 10 50 100

[zero-shot] baselines, including pretrained dense retrievers
Random 0.0 0.0 0.01 0.02 0.08 0.15 33171.0
BM25 (Robertson et al., 1995) L 4.6 9.5 12.1 16.2 25.6 30.4 24940.1
DPR (Karpukhin et al., 2020) L 2.7 5.2 7.1 9.7 20.3 27.5 7796.9
ColBERT (Khattab and Zaharia, 2020) L 6.0 11.8 14.3 18.2 31.2 36.3 9948.6
SBERT (Reimers and Gurevych, 2021) L 5.7 11.6 15.0 20.4 34.3 42.2 5122.7

BM25 (Robertson et al., 1995) L+R 8.7 16.1 20.0 24.8 38.0 42.7 13968.8
DPR (Karpukhin et al., 2020) L+R 4.4 8.6 11.1 15.7 27.2 33.5 5684.0
ColBERT (Khattab and Zaharia, 2020) L+R 8.9 16.4 18.9 23.3 36.3 42.2 8636.0
SBERT (Reimers and Gurevych, 2021) L+R 9.2 16.3 21.2 27.1 44.2 51.3 3216.7

our models, trained on exemplification data
EGRET (ELI5) L 13.0 22.8 29.3 36.5 55.2 64.0 807.2
EGRET (Books3 only) L 19.3 30.4 36.8 44.1 63.1 69.0 2427.6
EGRET (Books3 + ELI5) L 21.1 33.5 39.2 46.8 66.7 73.0 609.8

EGRET (ELI5) L+R 23.5 35.6 41.9 51.0 71.0 77.6 300.6
EGRET (Books3 only) L+R 33.4 47.8 53.8 61.5 76.5 82.5 632.9
EGRET (Books3 + ELI5) L+R 36.9 50.6 58.2 64.8 80.2 85.8 188.4

Table 4: Our EGRET model outperforms pretrained (or non-parametric) baselines on the example retrieval task,
indicating that exemplification cannot be solved by term matching or coarse query-context similarity alone. Pre-
training EGRET on out-of-distribution examples from Books3 results in large improvements in recall@k. Finally,
including context to the right of the exemplifying unit significantly boosts performance.

from other contexts, forming a set E of example
embeddings. We fine-tune both encoders in EGRET

with a contrastive learning objective (van den Oord
et al., 2018; Chen et al., 2020):

Lpθq “ ´
ÿ

pci,eiqPE
log

exp ci ¨ e`
iř

ejPE exp ci ¨ ej (1)

This objective places the context vector ci close
to that of the ground-truth example vector e`

i of
an example, and far from other examples ej in the
batch E (“in-batch” negative samples). We train
both the left-context-only and the left-and-right-
context models on a single RTX-8000 GPU for 10
epochs, using the Adam optimizer (Kingma and Ba,
2015) with learning rate initialized at 1e´ 5 for 10
epochs with early stopping. Both models converge
in 4 epochs of training over the ELI5 dataset.

Pretraining EGRET on a huge set of examples:
While the EGRET model described above is trained
on the ELI5 dataset, exemplification is pervasive
in many kinds of texts, as shown by our annotation
in Section 2. Thus, we also experiment with a
transfer learning scenario by pretraining EGRET

on a dataset of 3.5 million examples extracted from
Books3 (Gao et al., 2020), and then fine-tuning
the resulting model on the ELI5 examples. We
perform Books3 pretraining for both left-context-
only and left-and-right-context models on a single

RTX-8000 GPU for 5 epochs using Adam with
learning rate initialized at 1e ´ 5. Both models
converge after one epoch of fine-tuning over the
ELI5 dataset.

Baselines: We compare EGRET to a term match-
ing method as well as three publicly-available pre-
trained dense retrievers.
BM25 (Robertson et al., 1995): BM25 retrieves
text via a scoring function reliant on lexical overlap.
We use the implementation from the rank_bm25
library,6 with the default BM25Okapi as the simi-
larity algorithm.
DPR (Karpukhin et al., 2020): DPR is a retriever
model trained on Natural Questions (Kwiatkowski
et al., 2019) that computes dense representations
of queries and evidence paragraphs for retrieval.
ColBERT (Khattab and Zaharia, 2020): Col-
BERT similarly uses pretrained language models
to embed text, but contextualizes query and can-
didate documents using late interaction and was
trained on MS MARCO (Bajaj et al., 2018).
SBERT (Reimers and Gurevych, 2021): SBERT
is a sentence-BERT-based encoder model with
down-project layers that outperforms DPR on the
MS MARCO dataset.

6https://github.com/dorianbrown/rank_bm25
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4 Results & Analysis

We report results from baseline retrievers and our
trained models in Table 4. We also conduct a
human evaluation to compare retrieved examples
from EGRET (L) to examples generated by the
state-of-the-art LFQA Routing Transformer model
of Krishna et al. (2021).

4.1 Automatic Evaluation

While all models outperform random baselines, our
trained EGRET models (Fan et al., 2019) consis-
tently outperform both the lexical baseline (BM25)
and other neural baselines. Among the baseline
models, SBERT model, trained on MSMARCO
dataset, consistently outperforms other models and
DPR model lags behind the lexical baseline.7

Including context after the exemplifying unit im-
proves recall: As a sanity check, we observe that
including more context (L+R) significantly boosts
recall for both EGRET and all baselines compared
to including just context before the exemplifying
unit (L). In addition to providing more constraints
over the exemplifying unit, we also observe im-
provements on multi-sentence exemplifying units
due to term matching; as this L+R setting is not
particularly realistic, we analyze only the L config-
uration moving forward.

Pretraining improves example retrieval: Pre-
training on out-of-distribution Books3 examples
substantially boosts EGRET’s performance, with
the best left-context-only model achieving a re-
call@1 of 21.1% compared to 13.0% without pre-
training. In fact, an EGRET model pretrained on
Books3 without fine-tuning on in-domain ELI5
data (19.3% recall@1) outperforms the ELI5-only
EGRET. While Figure 1 shows that the distribu-
tion over exemplification types differs based on the
dataset/domain, our results suggest that many as-
pects of exemplification apply generally to wide
forms of writing, and that the pretrained Books3
EGRET could be useful for many other applica-
tions.

7Models that outperform others in recall@k when k is
small (less than 100) but underperform others when k is large
(greater than 1000) typically score poorly in the average rank
(e.g. ColBERT). More details about the variation in these
retrieval evaluation metrics can be found in the Appendix §B.

4.2 Human evaluation of retrieved examples
vs. generated examples

How do the examples retrieved by EGRET com-
pare to examples generated by a state-of-the-art
LFQA model? In theory, generative LFQA models
can produce examples tailored to any input con-
text; in practice, however, they struggle to generate
relevant and informative examples. On the other
hand, retriever models will always produce human-
written examples, but it may not always be possible
to retrieve a relevant example for an arbitrary held-
out context. To explore this trade-off, we conduct
a human evaluation by providing Mechanical Turk
workers with an ELI5 question and context, and
asking them to both rank and rate (on a 5 point
Likert scale) three candidate exemplifying units:
(1) the ground-truth; (2) the top-ranked retrieval
from EGRET, restricted to only cases where this
retrieval is not the ground-truth; and (3) a gener-
ated output from the state-of-the-art c-REALM-RT
model of Krishna et al. (2021).8

Task setup: In the ranking task, we ask work-
ers to produce a ranking of the three choices (e.g.,
1>2>3). We allow equality (e.g., 1=2>3) since mul-
tiple candidates can be equally valid for a given
context. In the rating task, we ask workers to eval-
uate how well each example fits with the given
context on a scale of 1 to 5. For both tasks, we col-
lect three annotations per item for 100 total items,
and we pay $0.35 per item for an estimated hourly
wage of $21 per hour.9 While a completely fair
comparison of EGRET to c-REALM-RT is infea-
sible due to differences in training objective and
architecture, we choose to focus only on sentence-
level exemplifying units that begin with “For ex-
ample”. We provide the question, left context, and

“For example” marker to c-REALM-RT and decode
using nucleus sampling with p “ 0.9 until a sen-
tence boundary (e.g., period) is generated. For the
retrieved output, we use EGRET(Books3 + ELI5,
L) since the RT model has access to only the left
context.

EGRET retrievals are preferred over generated
exemplifying units: In both tasks, crowdworkers
exhibit a clear preference for exemplifying units re-

8This model is pretrained on the PG-19 dataset (Rae
et al., 2020) and fine-tuned on ELI5, conditioned on retrieved
Wikipedia documents.

9We restrict workers to those in English speaking countries
who have completed at least 1000 HITs with an acceptance
rate of 97%.
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Left context Ground-truth EGRET-retrieved vs others Analysis

Evolution is not a force to-
wards the optimum, it’s a force
towards the minimum neces-
sary.

For example, if grass was poi-
sonous, it would be better for
its survival, as less animals
would come eat it.

[EGRET-retrieved]: For example, we move incredible
slowly when compared to the maximum speed allowed
in the universe. (R:0.111 / H:5.0)

[Highest ROUGE-L]: For example, if a certain percent-
age of snakes are venomous, then the more snakes in a
given area the more venomous. (R:0.22)

ROUGE is not a viable eval-
uation for example quality.
Our EGRET’s retrieved ex-
ample was rated a 5/5 by
all three crowdworkers but
achieves lower ROUGE than
an irrelevant example.

... You’re brain is asleep and
not paying any attention to
your body so it ignores all of
these stimuli unless they be-
come too hard to ignore.

For example if the touching
turns to slapping, the talking
turns to yelling, or the light in
the eyes turns to really bright
light in the eyes.

[EGRET-retrieved]: For example, if you’re in a room
with a clock ticking you don’t notice the ticking after a
while. (H:4.0)

[c-REALM-RT Generated]: For example, its not just
that your brain is dead. (H:2.0)

The EGRET-retrieved exam-
ple effectively illustrates the
phenomenon in the context and
receives a higher average rating
from crowdworkers than the
generated example and even
the ground-truth (3.3).

... Multiple births mean less
time per offspring. Each indi-
vidual offspring therefore has
a lower chance of survival, ...
Seems like the larger mammals
tend to have single births.

For example, polar bears and
elephants usually have single
births.

[EGRET-retrieved]: For example, in mammals, a typi-
cal litter will be one offspring per pair of nipples as this
is as many individuals a female can reasonably sustain.
[c-REALM-RT Generated]: For example, ok, this is as

close I can get to explaining in ELI5 terms.

EGRET retrieves an example
based on a key entity from the
context (mammals) but fails to
address the concept to be exem-
plified (“single births”)

Table 5: Instances where EGRET retrieves exemplifying units that are rated highly by Humans but have low
ROUGE score with the ground-truth example (top); where model retrievals are rated as more meaningful than those
generated by the c-REALM-RT model (middle); and where EGRET fails to retrieve a relevant example by relying
too much on lexical overlap and c-REALM-RT fails by producing an overly-generic output (bottom).

RatingSTD (Ò) Krip. α

c-REALM-RT 2.800.775 0.058
EGRET (Books3 + ELI5, L) 3.550.636 0.125
Ground-truth 3.700.597 0.128

Table 6: Crowdworkers rate EGRET retrievals higher
(on a scale of 1 to 5 of how well the exemplifying unit
fits with the context) than the SOTA generative LFQA
model.

RankingSTD (Ó) Krip. α

c-REALM-RT 2.260.271 0.168
EGRET (Books3 + ELI5, L) 1.880.252 0.154
Ground-truth 1.710.284 0.200

Table 7: On our ranking task (1=best, 3=worst), crowd-
workers prefer EGRET retrievals over the generative
LFQA model.

trieved by EGRET compared to those generated by
c-REALM-RT. While both tasks are fairly subjec-
tive, as shown by the low interannotator agreement
measured by Krippendorf’s alpha, the results in-
dicates that as of now, exemplification in LFQA
is better handled by retrieval models than genera-
tive models, and that research into hybrid genera-
tion/retrieval LFQA models is a promising direc-
tion.

One limitation of our retrieval approach is that it
will fail when the candidate set contains no relevant
examples for a given context, which is not (at least
in theory) an issue with generative models. How-

ever, we observe from our error analysis (Table 8)
that both approaches at times produce seemingly
relevant but incorrect examples. Furthermore, our
human evaluations show that generative model fails
to produce relevant examples for 79% of the con-
texts and consistently receive lower ratings than the
retrieval model. This gap indicates that effectively
incorporating retrieved information into the answer
generation process is an important future research
direction.

Our human study is coarse, judging the over-
all quality of the example, and future experiments
could perform more fine-grained ratings of proper-
ties such as grammaticality and relevance.

5 Related Work

Linguistic studies of exemplification: Early
work (Kurohashi and Nagao, 1994) studies auto-
matic detection of discourse relations including
exemplification. Several works have studied ex-
emplification in the domains of academic writing
and teaching (Hyland, 2007; Oliveira and Brown,
2016; Triki, 2021). They proposed the following
categorization of examples: general example (an
instance of a general category); analogy (a par-
allel or similar case); counterexample (example
that opposes or contradicts the anchor) and extreme
example (boundary cases, in the sense of being
more of an unusual instance than a representative,
generic case). During our initial investigation, we
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Left context Ground truth Retrieved/Generated Error Analysis

Dog’s do not pass a mirror test so
it’s highly unlikely they have a sense
of self.[...]They do recognize there
names, it’s a bit of an illusion
though.

For example if you have two dogs,
and you give one of them a treat
when you say Fido, and the other
when you say Clifford, they learn
that the respective words only apply
to them.

[ EGRET] For example people can
identify their own dog.

EGRET retrieved relevant but se-
mantically incorrect example (peo-
ple identify their dog, instead of how
dog identify themselves).

An economist would say healthcare
has a positive externality.[...]There
are some things you can buy that
make everyone better off.

For example: going to the doctor
every time you are sick will make
you less likely to make other people
sick.

[EGRET] For example, a butterfly
house, a free cinema, games con-
soles etc.

EGRET retrieved examples related
to the immediate preceding context
("some things you can buy...") but
failed to retrieved examples based
on earlier context (about healthcare).

4 billion - Economic and Military
aid for Pakistan, Egypt, and Jordan.
The goal is to have a few people in
the mideast who call us allies. Es-
sentially, we buy their cooperation.
That cooperation is sometimes use-
ful.

For example, when we killed Osama
Bin Laden, we sent troops into Pak-
istan. Normally, countries don’t tol-
erate troops from other countries.
The Pakistanis did complain a little,
but they didn’t do anything about it.

[c-REALM-RT] For example, for ev-
eryone here talking about how a lot
of aid works: If we put money to-
wards helping foreign countries re-
build, we are imposing restrictions
on domestic activity. [...]

c-REALM-RT generated an on-topic
hypothetical example, which contra-
dicts with the context.

You don’t usually work on the same
files because everything is split up
between the departments. I haven’t
used USD yet but I have encoun-
tered the following workflow in
different studios (using Maya).

For example: a character that has
been rigged by one (or more, but
not at the same time) rigger goes
to the animators. Every animator
works with the same character rig
BUT each animator works on his/her
own shot.[...]

[c-REALM-RT] For example, as a
starting point: I’m a post graduate
and work in the final sector of the
project, not the project itself. Most
of the work is done with other stu-
dios around the world who are made
up of multiple departments.[...]

c-REALM-RT generated a personal
example that is irrelevant to the con-
text.

Table 8: Error analysis of retrieved and generated examples.

noticed that majority of the examples in our dataset
are general examples, which aligns with the find-
ings in Hyland (2007). The dominance of general
examples could also be due to the choice of our
exemplification markers – all examples given by
Hyland (2007) for analogy have the exemplifica-
tion marker "like", which we found noisy for auto-
matic extraction. Li and Nenkova (2016) examine
the closely-related instantiation discourse relation,
where one text span explains in further detail the
events described in another text span.

Long-form question answering: Our work stud-
ies exemplification mainly within the task of
long-form question answering (LFQA), which in-
volves generating paragraph-length answers to
open-ended questions. Previous work has ap-
proached this problem using retrieval-augmented
generation (Fan et al., 2019; Lewis et al., 2020),
while Nakano et al. (2021) set up an interactive
language model that learns LFQA through human
interaction. Krishna et al. (2021) demonstrate that
lexical overlap metrics such as ROUGE are not
meaningful for this task. With a series of human
annotations, Xu et al. (2022) study the discourse
structures of long-form answers and identify exem-
plification as one of the functional roles commonly
present in different types of long-form answers.

Neural retrieval models: Our EGRET retriever
builds on recently-developed neural models that

retrieve evidence documents for open-retrieval
question answering (Karpukhin et al., 2020; Guu
et al., 2020) and fact-checking (Samarinas et al.,
2021). These models demonstrate superior per-
formance compared to non-neural methods like
BM25 (Robertson et al., 1995); that said recent
sparse/dense hybrid retrievers (Luan et al., 2021)
could be interesting to explore on our exemplifica-
tion task in the future.

6 Conclusion

In this work, we present the first computational
study of exemplification in long-form question an-
swering. We perform a detailed annotation over
the use of exemplification across various domains
and observe different distributions over complex
exemplification types and units. While existing
LFQA systems are conditional language models
that do not give special treatment to exemplifica-
tion, we propose to retrieve examples based on
their context instead of generating them. We de-
velop EGRET, a simple dual encoder trained with
a contrastive learning objective, that outperforms
a diverse set of baselines on this task of example
retrieval, which we can meaningfully evaluate us-
ing simple ranking metrics instead of unsuitable
metrics like ROUGE. We hope that our work spurs
researchers to consider separately modeling and
evaluating the fine-grained linguistic and discourse
phenomena found in LFQA data.
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Ethical Considerations

We make use of pretrained language models to
both generate and retrieve text in this work. Rep-
resentations from pretrained language models are
known to cause ethical concerns, such as perpetu-
ating racial or gender bias (Field et al., 2021; Gala
et al., 2020). We advise using caution and adopting
a post-processing strategy to filter potentially offen-
sive text produced by pretrained language models
before releasing text content to users. Additionally,
we note that most existing LFQA datasets (includ-
ing the ELI5 dataset used in this work) and bench-
marks are collected from English text sources. We
hope future works can explore the use of exemplifi-
cation in other languages.
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A Evaluation Interface on Mechanic Turk

Given a question, a partial answer (context) and
three candidate examples, a worker is asked to rate
all three candidate examples, according to their fit
with the question and the given context.
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B Variations in Recall@k

Table 4 shows that ColBERT outperforms DPR
in various recall@k measures when k is relatively
small (less than 100) and yet underperforms DPR
in the average rank. Similar phenomenon occurs
with EGRET-Books3-only and EGRET-ELI5-only
too. We further computed the recall@k for all these
models when k is very large (close to 10, 000).
Fig. 3 and Fig. 4 show that despite their lower
recall@k when k is relatively small, DPR and
EGRET-ELI5-only yield higher recall@k when
k is relatively large, compared to ColBERT and
EGRET-Books3-only respectively. With better per-
formance at the long tail (when k is relatively
large), DPR and EGRET-ELI5-only also produce
lower average ranks in Table 4.
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Figure 3: ColBERT gives higher recall@k compared
to DPR when k is relatively small but lower recall@k
when k is larger
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Figure 4: EGRET-Books3-only gives higher re-
call@k compared to EGRET-ELI5-only when k is
relatively small but lower recall@k when k is larger
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Dataset Type Personal Left context Extracted Example

NQ Real

Group Areas Act was the title of three
acts of the Parliament of South Africa
enacted under the apartheid government
of South Africa. The acts assigned racial
groups to different residential and busi-
ness sections in urban areas in a system
of urban apartheid.An effect of the law
was to exclude non-Whites from living
in the most developed areas , which
were restricted to Whites

( e.g. , Sea Point , Lansdowne , Cape
Town , Claremont , Cape Town ).

NQ Hypothetical

Although the safest way to recognize a
chord ’s root is , after having reduced
the chord to close spacing , to rearrange
it as a stack of thirds , there are shortcuts
to this : [...] With chord types, such
as chords with added sixths or chords
over pedal points, more than one pos-
sible chordal analysis may be possible.

For example, in a tonal piece of music ,
the notes C, E, G, A, sounded as a chord
, could be analyzed as a C major sixth
chord in root position ( a major triad
– C, E, G – with an added sixth – A –
above the root ) or as a first inversion
A minor seventh chord ( the A minor
seventh chord contains the notes A, C, E
and G, but in this example, the C note,
the third of the A minor chord, is in the
bass ).

ELI5 Real ✓

my uncle owns a pretty large recycling
business. They export the majority of
their newly created raw materials to the
places that produce with the materials
(China).[...] Raw material are often re-
made into base products several times
over before it gets to a manufacturing
plant.

For example: My uncle’s business is pri-
marily plastics. They get cast offs, sec-
onds, etc plastic from all kinds of US
manufacturers. They then sort, filter and
break down the plastic to the most ba-
sic starting point (often really small non
died beads) and ship it to China. [...]

ELI5 Hypothetical ✓

OP I guess you are coming from
movies/ace attorney but avoiding that.
Let’s say you have the most cut and dry
murder case [...] There are a limited
number of prosecutors, judges, and
defense attorneys

(for example I currently intern at a med-
ical malpractice firm and if we were
forced to do criminal defense I would
actually be the most qualified one there
to do so- at a firm where the youngest
attorney still has 15 years of experience)

Books3 Real

People in a second group were given
a verbal description, with which they
were to construct an image of walking
along the two segments

For example, people were told to imag-
ine they would "Go forward 3 m, turn
clockwise 90°, then go forward 3 m."

Books3 Hypothetical

When we cook together, I have to stay
alert because she is always throwing a
lemon at me—sometimes double down
on acid and mix lemon juice with a
little bit of vinegar to get the sunny
sweet-sour note of the citrus along
with earthy, apple, or wine notes of
a vinegar for greater complexity

For example, if you toss roasted beets (a
notoriously earthy and sweet vegetable
that some might say tastes like soil) with
just lemon juice, olive oil, and salt, it
would no doubt be good, but if you
supplement the sunny lemon juice with
a tiny splash of sherry vinegar for its
woodsy earthiness, you get a roasted
beet dish that is far more complex and
delicious than if you had used only one
or the other.

Table A1: Different types of annotated examples in the three datasets. The anchor and example are highlighted.
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Abstract

Supervised training with cross-entropy loss
implicitly forces models to produce probabil-
ity distributions that follow a discrete delta dis-
tribution. Model predictions in test time are
expected to be similar to delta distributions
if the classifier determines the class of an in-
put correctly. However, the shape of the pre-
dicted probability distribution can become sim-
ilar to the uniform distribution when the model
cannot infer properly. We exploit this obser-
vation for detecting out-of-scope (OOS) utter-
ances in conversational systems. Specifically,
we propose a zero-shot post-processing step,
called Distance-to-Uniform (D2U), exploiting
not only the classification confidence score,
but the shape of the entire output distribution.
We later combine it with a learning procedure
that uses D2U for loss calculation in the su-
pervised setup. We conduct experiments using
six publicly available datasets. Experimental
results show that the performance of OOS de-
tection is improved with our post-processing
when there is no OOS training data, as well as
with D2U learning procedure when OOS train-
ing data is available.

1 Introduction

Automated conversational systems have recently
received attention from the research community
(Dopierre et al., 2021; Mehri et al., 2020; Qin et al.,
2021). In applications such as voice assistants, Spo-
ken Language Understanding (Young et al., 2013)
aims to extract meaning from the user inputs, called
utterances, in order to process and execute desired
functionalities. The task of Intent Detection, or
Intent Classification, aims to classify user utter-
ance into a set of system-identifiable intents. How-
ever, supervised training of such systems can only
cover a restricted set of classes, i.e. in-scope (INS)
classes. To enhance user experience, the task of
Out-of-Scope (OOS) detection (Lin and Xu, 2019a;
Xu et al., 2021; Zhan et al., 2021; Shen et al., 2021)
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Figure 1: Sample output distributions of an INS classi-
fier predicting the intent of an INS and OOS utterance.
Since OOS utterances do not belong to any intent, the
prediction gets closer to the uniform distribution.

distinguishes INS utterances from those that do not
belong to the scope of the classifier with dedicated
model architectures and loss functions.

Existing methods in OOS detection utilize the
classifier confidence score for a given utterance
with thresholding to classify highly confident pre-
dictions as INS and lower confidence predictions
as OOS. However, softmax classifiers suffer from
overconfident predictions for OOS data (Hendrycks
and Gimpel, 2017), which makes it difficult to ac-
curately determine a threshold value. Confidence
loss (Lee et al., 2018) mitigates this by calculat-
ing the KL Divergence between model prediction
and the uniform distribution to decrease the confi-
dence for OOS input. We adapt a similar idea to
the zero-shot setup with a novel post-processing
step and exploit it jointly in the supervised setup
with a learning procedure. The joint application of
supervised D2U learning and D2U post-processing
forms a novel OOS detection pipeline.

Figure 1 illustrates output probability distribu-
tions of a classifier for predicting the intent class for
an INS and OOS utterance. The classifier, trained
only on INS utterances, is confused when OOS
utterance is given. The model assigns closer proba-
bilities for different classes since there is no correct
class for this OOS utterance, hence the resulting
distribution gets closer to a uniform distribution
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Figure 2: The histogram of prediction probability
scores for INS and OOS utterances (MLE) by using
a classifier trained on only INS utterances at the left.
Instead of MLE, for the same classifier, cross-entropy
score between prediction distribution and uniform dis-
tribution (D2U) is given at the right. A vertical decision
boundary is more accurately determined with D2U.

than a discrete delta distribution.
Based on this observation, we propose to mea-

sure the dissimilarity from or distance to the uni-
form distribution (D2U). Statistical distance cal-
culations between the prediction and uniform dis-
tribution enable the decision boundary to be more
accurate. Figure 2 illustrates possible benefits of us-
ing distance to the uniform distribution with cross-
entropy. The subplot at the left shows the distribu-
tion of the number of utterances according to their
Maximum Likelihood Estimate (MLE) score. The
subplot at the right shows the same distribution ac-
cording to cross-entropy score between prediction
probability and uniform distribution. A decision
boundary or threshold can be easily determined us-
ing D2U’s cross-entropy as a post-processing step
without any OOS training data.

When OOS training data is available (Larson
et al., 2019), D2U can be used as a loss function
to minimize the distance between OOS predictions
and the uniform distribution. Such a loss function
forces OOS predictions to be less confident, and
benefit D2U post-processing further. To test our
hypothesis that D2U is a useful method for OOS
detection, we answer following research questions:

• RQ1: Does the application of D2U as a post-
processing step on INS classifier predictions in-
crease OOS detection performance when there is
no OOS training data?

• RQ2: Does incorporating D2U into the training
procedure as a particular loss function boost per-
formance when OOS training data is available?

• RQ3: Is the performance of OOS detection sig-
nificantly improved by D2U over existing state-
of-the-art methods?

2 Related Work

We divide OOS detection studies into three cate-
gories: (i) Confidence-based, (ii) representation-
based, and (iii) distance-based methods.

2.1 Confidence-based OOS detection

Threshold-based Methods Thresholding is a com-
mon approach in OOS detection (Larson et al.,
2019; Feng et al., 2020; Zhang et al., 2020), which
reflects the intuition that a classifier output is more
confident for a sample that follows its training dis-
tribution. The overconfidence problem of softmax
classifiers (Hendrycks and Gimpel, 2017), although
less apparent in Transformer-based (Vaswani et al.,
2017) models (Hendrycks et al., 2020), hinders
threshold-based OOS detection performance.

Post-processing Methods The overconfidence
problem of softmax classifiers is tackled by post-
processing predictions. ODIN (Liang et al., 2018)
and SofterMax (Lin and Xu, 2019b) apply tem-
perature scaling for enlarging the confidence gap
between INS and OOS instances, since INS logits
are ideally further away on the positive axis of the
softmax input. Gangal et al. (2020) utilize likeli-
hood ratios with generative classifiers to distinguish
OOS predictions. Our method, D2U, employs a
confidence-based post-processing method.

2.2 Representation-based OOS detection

Dedicated model architectures or loss functions
help represent utterances in a high-dimensional
space suitable for OOS detection. Large Margin
Cosine Loss (LMCL) ensures that INS intents are
tightly clustered (Zeng et al., 2021a), so that OOS
utterances are exposed for outlier detection algo-
rithms, such as Local Outlier Factor (Lin and Xu,
2019a). Intent class embeddings (Cavalin et al.,
2020) model OOS detection as a reverse dictionary
task by mapping intent classes and utterances to the
same space. Yilmaz and Toraman (2020) propose
a feature representation mechanism that uses KL
Divergence to capture the changes in model predic-
tions during sequential processing of utterances.

In order to mitigate data scarcity, Marek et al.
(2021) propose a method to generate OOS data
with Generative Adversarial Networks. GANs are
also utilized to generate high-dimensional repre-
sentations that are hard to distinguish from that of
real utterances, providing adversarial signals to the
INS classifier which increases the robustness of the
model (Zeng et al., 2021b; Liang et al., 2021).
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2.3 Distance-based OOS detection

Distances and divergences are useful tools in OOS
detection, since they provide a measure of dissimi-
larity that can distinguish INS and OOS samples.
Xu et al. (2020) utilize Euclidean and Mahalanobis
distances with generative classifiers to identify out-
liers with Gaussian Discriminative Analysis. Ma-
halanobis distance calculated using representations
from the intermediate layers of BERT (Devlin et al.,
2019) increases OOS detection performance (Shen
et al., 2021). Lee et al. (2018) introduce the con-
fidence loss in Computer Vision for GANs that
calculates KL Divergence between the training pre-
dictions for OOS samples and uniform distribution.

The idea of measuring the distance between pre-
diction distribution and uniform distribution is uti-
lized in different learning architectures (Lee et al.,
2018; Gangal et al., 2020), but not extensively stud-
ied for OOS intent detection. Besides, we explore
various distance metrics in zero-shot OOS detec-
tion and different distance-to-uniform training pro-
cedures in supervised setup.

3 Distance-to-Uniform OOS Detection

3.1 D2U post-processing for zero-shot setup

Supervised classifiers trained on INS data model
the ground truth labels with a discrete delta func-
tion that corresponds to the label, given as follows.

δci(x) =

{
1, if x = ci

0, otherwise
(1)

For the data instance i, ci is the ground-truth
label indicating the correct class. The cross-entropy
loss between softmax model output and discrete
delta function is given as follows.

LCE = − 1

N

N∑

i=1

δci(x) log P̂ (ui) (2)

Here, P̂ (ui) is the output probability distribu-
tion of the model for utterance ui in a batch of N
utterances, and ci is the correct class label for the
given utterance. This criterion implicitly forces
the model to generate confident predictions for a
given data point with maximal confidence score
assigned to the ground-truth class label, and low
prediction scores for the other classes. When an
OOS utterance is given to an intent classifier that
is trained using only INS data, the classifier gets
confused, i.e., the output probability distribution

is more dissimilar to a delta distribution than what
an INS utterance would result in. In other words,
output distributions of OOS samples get closer to
the uniform distribution than that of INS samples,
an observation that we exploit for OOS detection.

The conventional methods for OOS detection
make use of a pre-determined threshold value on
the Maximum Likelihood Estimate (MLE) score
assigned to the predicted label, given as follows.

OOS(ui) =

{
1, if max(P̂ (ui)) < θ

0, otherwise
(3)

Here, θ is a pre-defined threshold value between
0 and 1, and max(P̂ (ui)) is the MLE score, which
considers only the confidence and ignores the shape
of the distribution. We exploit the information con-
veyed by the shape of the entire prediction distri-
bution by first calculating a distance between the
output distribution P̂ and the uniform distribution
U before applying the threshold, given as follows.

OOS(ui) =

{
1, if dst(P̂ (ui), U) < θ

0, otherwise
(4)

The distance determined by the dst(.) function
between P̂ (ui) and U can be calculated with var-
ious distance metrics. We experiment with geo-
metric distance calculations, such as Euclidean
distance and Cosine distance; as well as statisti-
cal distance calculations, such as Jensen-Shannon
distance and symmetrized Kullback-Leibler diver-
gence. The distance value calculated by the dst(.)
function can be intuitively interpreted as the level of
confidence of the model. When the distance value
is low, the model is less confident and more con-
fused, since the output distribution assigns closer
scores for each class.

This is an architecture-agnostic zero-shot post-
processing step which can be generalized to any
classification model trained with cross-entropy loss
with no need for OOS training data. OOS detec-
tion in test time is achieved by a function of the
prediction distribution given by D2U.

3.2 Distance metrics for post-processing
We examine a number of geometric and statistical
distance measures listed as follows.

• Bray Curtis Distance (BC): For two probability
distributions, u and v, the Bray Curtis distance is
given as

∑
i |ui − vi|/

∑
i |ui + vi|.
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Figure 3: The supervised learning architecture of D2U.
INS utterances are learned with conventional cross-
entropy loss against true label distribution, while OOS
loss is calculated against the uniform distribution.

• Canberra Distance (Cbr): Canberra distance be-
tween u and v is

∑
i (|ui − vi|/(ui + vi)).

• Cosine Distance (Cos): Derived from the Cosine
similarity, the Cosine distance is formulated as
1− (u ·v/||u||2||v||2) where ||.||2 is the L2 norm.

• Euclidean Distance (Euc): The Euclidean dis-
tance between u and v is given as ||u− v||2.

• Hellinger Distance (Helng): The Hellinger dis-
tance between u and v is ||√u−√v||2/

√
2.

• Cross-Entropy (CE): Cross-Entropy is a measure
of dissimilarity between distributions u and v
given as −∑i ui log vi.

• Symmetrized KL Divergence (KL): The sym-
metrized Kullback-Leibler divergence is given as
[KL(u, v) + KL(v, u)]/2 where KL(u, v) =∑

i ui log (ui/vi).
• Jenshen Shannon Distance (JS): JS distance be-

tween u and v is KL(u,m)/2 + KL(v,m)/2
where m is the mean of two distributions.

3.3 D2U training for supervised setup
When OOS training data is available, we modify
the fine-tuning procedure as in Figure 3, to increase
the similarity between OOS prediction and uniform
distribution. We use pretrained BERT (Devlin et al.,
2019) as the classifier network. The loss function
for INS utterances, Lins, is still cross-entropy be-
tween true label and prediction, given as follows.

Lins = −
1

Nins

Nins∑

i=1

δ(ci) log P̂ (ui) (5)

For OOS utterances, the loss Loos, is calculated
against the uniform distribution, given as follows.

Loos =
1

Noos

Noos∑

i=1

dst(P̂ (ui), U) (6)

Table 1: The statistics of the datasets used in this study.

ACID Banking CLINC HWU64 SNIPS TOP
INS 22,172 13,081 22,500 23,431 13,784 36,668
OOS 16,000 16,000 16,000 16,000 16,000 3,653
Total 38,172 29,081 38,500 39,431 29,784 40,321
Vocabulary 25,083 26,702 25,810 26,069 30,100 12,610
Avg. Len. 8.95 9.85 8.39 7.25 8.65 8.93
Classes 175 77 150 46 7 16

The total loss is the weighted average over a
batch of utterances containing Nins number of INS
utterances and Noos number of OOS utterances,
given as follows.

Ltotal =
NinsLins +NoosLoos

Nins +Noos
(7)

As the dst(.) function in Equation 6, we experi-
ment with differentiable functions; such as cross-
entropy, KL divergence, and Sinkhorn distance (Cu-
turi, 2013), named as D2U-CE, D2U-KL, and D2U-
S, respectively. These functions treat the model
output and ground truth as probability distributions
and provide a differentiable measure. We do not
modify the loss calculation for INS utterances so
as not to affect the INS classification performance.

Note that this architecture does not model the
OOS intent as a separate class. Therefore, post-
processing is applied as described in Section 3.1
in test time. Since the loss function incorporates
D2U into training, the performance gain by the
post-processing is expected to increase.

4 Experiments

4.1 Datasets

We use six publicly available intent classification
datasets, some of which include labeled OOS data.
We give the main statistics of the datasets in Ta-
ble 1. CLINC (Larson et al., 2019) is a dataset
with 150 INS intent classes targeting various do-
mains with curated OOS data. We use the OOS
split of CLINC to augment other existing intent
detection datasets that do not include labeled OOS
data; which are ACID (Acharya and Fung, 2020),
Banking (Casanueva et al., 2020), HWU64 (Liu
et al., 2019), and SNIPS (Coucke et al., 2018). We
observe that HWU64 has many short and noisy ut-
terances, we therefore remove any utterances with
length less than or equal to three words.

TOP (Gupta et al., 2018) is an intent detection
dataset that generalizes conventional intent label-
ing with semantic parsing. The intent labels fol-
low a hierarchical structure with potentially many
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labels for an utterance. However, we take only
root intent class label into account to be consis-
tent with other datasets. The utterances with the
intent labels "UNSUPPORTED" and "UNSUP-
PORTED_NAVIGATION" are treated as OOS.

The variety of the number of classes, average
length (number of words), and vocabulary size
provide a wide spectrum for understanding differ-
ent OOS detection scenarios. For instance, TOP
dataset can be considered a low resource setup
since the number of OOS utterances is significantly
lower than INS utterances.

4.2 Evaluation metrics

To assess the performance of OOS detection, we
report the scores of Receiver Operating Curve
Area Under Curve (ROC AUC), False Positive
Rate at 90% OOS True Positive Rate (FPR90),
and False Negative Rate at 90% OOS True Nega-
tive Rate (FNR90) using sklearn (Pedregosa et al.,
2011). These metrics are independent of the thresh-
old value used for decision boundary, providing a
means of fair comparison. We also report weighted
OOS Recall and weighted OOS F1 based on the
threshold value that maximizes the Youden’s J
statistic (Youden, 1950) on a validation set.

Compared to Precision, Recall is arguably a
more critical performance metric for OOS detec-
tion; since Recall considers Type II error, meaning
that OOS utterances are mislabeled as INS. In this
case, the voice assistant would execute a task that
the user does not intent to do. We argue that ROC
is a more generic measure that considers the per-
formances of varying thresholds, than Recall and
F1 considering only a fixed threshold.

4.3 Baseline approaches

In the experiments, BERT (Devlin et al., 2019)
with softmax layer is used as the classifier network.
For RQ1, the baseline zero-shot post-processing
approaches are listed below.

• MLE (Hendrycks and Gimpel, 2017; Hendrycks
et al., 2020): The confidence score of a classifier
trained only on INS data is used for thresholding.

• Softmax temperature scaling (Temp) (Liang
et al., 2018; Lin and Xu, 2019b): As a modifi-
cation to the MLE setup, the softmax input is
applied a temperature value of 103.

• Standard deviation (Stdev): We use the stdev
of the distribution before thresholding since OOS
predictions would have lower standard deviation.

Original test

Fold #1

Fold #2

Fold #10

. . .

Original train + val

. . . . . .

Figure 4: Modified leave-one-out 10-fold split strategy
that complies with original splits. At each fold, only
10% of test data is included, while 90% of training data
is retained and the remaining 10% is used as validation.

• Entropy (Ent) (Shen et al., 2021): The entropy
of the prediction distribution, H(P̂ (ui)), is cal-
culated before applying the threshold, as follows.

OOS(ui) =

{
1, if H(P̂ (ui)) > θ

0, otherwise
(8)

For RQ2, we use D2U zero-shot cross-entropy
post-processing (D2U-zero) as the baseline method,
since we examine any improvement in supervised
setup over zero-shot. For RQ3, we compare super-
vised D2U with the following baselines.

• Large Margin Cosine Loss (LMCL) (Zeng
et al., 2021b): Cosine distance among INS class
centroids is increased up to a margin. We set the
margin as 0.35, and scaling factor as 30.

• Domain Regularization Module (DRM) (Shen
et al., 2021): DRM introduces domain logits for
regularization during INS training. We slightly
modify the design and apply sigmoid to domain
logits before dividing the classification logits for
training stability.

• BERT-Binary (Binary) (Devlin et al., 2019):
The "bert-base-uncased" model fine-tuned as a
binary classifier for OOS detection.

• Entropy Regularization (Reg.) (Zheng et al.,
2020): Entropy of OOS predictions are maxi-
mized while minimizing INS training loss.

4.4 Experimental design
To avoid potential annotator-dependent effects as
noted by Larson et al. (2019) and comply with the
original splits, we modify 10-fold leave-one-out
cross-validation as illustrated in Figure 4. The vali-
dation splits are used to find confidence threshold
values for Recall and F1 calculations. We validate
statistically significant differences in the average
performances of 10-folds with the two-tailed paired
t-test at a 95% interval with Bonferroni correction.
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Table 2: RQ1: D2U-zero with various distance metrics vs. post-processing baselines in zero-shot setup. Row-wise
best scores are given in bold. (↑) and (↓) indicate that higher and lower scores are better, respectively. "•" indicates
statistically significant differences with two-tailed paired t-test at a 95% interval (with Bonferroni correction p <
0.0125) in pairwise comparison between D2U-zero and all baselines except the ones marked with "◦".

Metric Dataset Baselines D2U-zero
MLE Temp Stdev Ent CE BC Cbr Cos JS Euc KL Helng.

ROC AUC (↑)
ACID 90.93 91.83◦ 91.54 91.98 92.01 91.40 90.18 91.54 92.08 91.54 92.14• 92.13
Banking 94.92 96.15 95.88 96.66 97.03• 96.89 96.09 95.88 96.99 95.88 96.91 96.97
CLINC 95.34 96.16 95.52 95.90 96.32• 96.09 96.26 95.52 96.24 95.52 96.20 96.25
HWU64 79.29 80.46 79.95 80.90 80.32 81.49• 80.49 79.95 81.16 79.95 80.92 81.05
SNIPS 95.45 96.20 95.50 95.70 96.33• 95.61 95.83 95.50 95.86 95.50 96.15 96.04
TOP 74.23 73.23 74.26 74.19 73.24 74.32 74.36• 74.26 74.18 74.26 73.25 73.76

FPR90 (↓)
ACID 25.00 22.10◦ 20.70◦ 19.85◦ 21.40 24.80 28.60 20.70 20.90 20.70 19.70• 20.70
Banking 13.30 10.00 11.30 7.85 7.30 6.60 12.00 11.30 6.20 11.30 6.30 6.10•
CLINC 9.30 7.80◦ 9.30 8.00◦ 7.50• 8.10 7.70 9.30 7.70 9.30 7.80 7.60
HWU64 58.90 54.10 55.70 48.12 52.50 51.60 55.00 55.70 52.20 55.70 52.60 51.90
SNIPS 10.40 8.40 10.30 10.71 8.40 10.40 10.30 10.30 9.90 10.30 8.60 8.70
TOP 51.38 53.00 51.38 66.65 53.00 51.38 51.38 51.38 51.50 51.38 53.00 51.75

FNR90 (↓)
ACID 27.30 25.67 26.22 19.70• 21.46◦ 20.60◦ 26.70 26.22 20.45◦ 26.22 21.38◦ 20.75◦
Banking 14.36 10.49 11.37 7.20• 8.01◦ 8.79◦ 13.68 11.37 7.88◦ 11.37 7.69◦ 7.79◦
CLINC 11.80 9.16◦ 11.60 8.90 8.36 8.11 7.56• 11.60 7.98 11.60 8.67 8.31
HWU64 51.97 52.26 51.75 52.80◦ 52.01 47.14 47.01• 51.75 48.63 51.75 51.03 49.57
SNIPS 11.14 9.29 11.14 11.80 9.29 11.14 11.14 11.14 10.71 11.14 9.71 10.29
TOP 67.88 69.05 67.89 51.50 69.07 67.89 67.90 67.89 68.17 67.89 69.04 68.46

Note that the test splits do not overlap in order to
satisfy the independence criterion of t-test.

The experiments are designed with respect to
our research questions (RQ 1-3). First, we fine-
tune a BERT classifier (Devlin et al., 2019) using
huggingface implementation (Wolf et al., 2019) for
INS intent detection with cross-entropy loss, and
apply different D2U post-processing methods for
RQ1. Then, we fix the post-processing method,
and examine the effect of supervised D2U training
for RQ2. Lastly, we compare D2U with state-of-
the art baselines for RQ3 to assess the performance
gain of our method.

4.5 Experimental results
RQ1: D2U in zero-shot setup. In Table 2, we re-
port ROC AUC, FPR90, and FNR90 scores for dif-
ferent post-processing methods applied to a BERT-
based INS classifier with no OOS training data.
Our proposed method, D2U-zero, statistically sig-
nificantly outperforms all baselines in all datasets
with respect to ROC AUC score. Using cross-
entropy for D2U-zero has better performance in
majority of cases, compared to other distance met-
rics. The reason for its success might be that cross-
entropy is the loss function used in the training
procedure of the model. In terms of FPR90 and
FNR90, D2U-zero does not always outperform all
baselines. Though, the cases when baselines out-
perform are not statistically significant. This shows
that the baseline methods can optimize FPR90 and
FNR90 individually but cannot outperform D2U in
terms of ROC which considers Type I and Type II

Table 3: RQ2: D2U training compared to zero-shot.
"•" indicates statistically significant differences with
the two-tailed paired t-test at a 95% interval in pairwise
comparison between D2U-zero and best supervised.

Data Method ROC↑ FPR90↓ FNR90↓ REC↑ F1↑

A
C

ID

D2U-zero 92.01 21.40 21.46 86.43 88.69
D2U-CE 96.75 7.30• 7.96 95.98 95.55
D2U-KL 96.78• 7.90 7.76• 96.31• 96.01•
D2U-S 95.88 8.80 9.54 93.18 93.78

B
an

ki
ng

D2U-zero 97.03 7.30 8.01 91.47 91.67
D2U-CE 99.36• 1.00• 0.23• 96.66 96.55
D2U-KL 99.25 1.70 0.39 97.47• 97.42•
D2U-S 98.79 2.00 2.12 95.90 95.88

C
L

IN
C D2U-zero 96.32 7.50 8.36 91.31 91.75

D2U-CE 97.48 5.10 6.18 93.27 92.84
D2U-KL 97.29 5.20 4.93• 93.33 92.91
D2U-S 97.69• 3.90• 5.36 94.53• 94.53•

H
W

U
64

D2U-zero 80.32 52.50 52.01 76.83 76.03•
D2U-CE 87.37• 31.70 37.05• 74.58 68.18
D2U-KL 87.19 30.30• 41.50 75.27 69.41
D2U-S 82.23 47.80 49.10 74.28 68.30

SN
IP

S D2U-zero 96.33 8.40 9.29 88.35 88.43
D2U-CE 98.61 2.70 2.86 89.47 89.52
D2U-KL 99.16• 1.60• 1.57• 88.59 88.64
D2U-S 98.39 2.80 2.29 90.29 90.36

TO
P

D2U-zero 73.24 53.00 69.07 84.54 86.14
D2U-CE 97.42 6.25 4.03• 94.55 95.01
D2U-KL 97.50• 5.88• 4.10 95.17• 95.51•
D2U-S 94.94 12.00 15.61 92.13 92.95

errors simultaneously. Entropy (Shen et al., 2021)
is a strong baseline that performs better than other
baselines with respect to all performance metrics.

RQ2: D2U in supervised setup. Next, we
report the effect of D2U training on OOS detec-
tion in Table 3. Since our concern here is to ob-
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Table 4: RQ3: D2U vs. OOS detection baselines. The bold score is the best. The underlined score is the best that
baseline achieves when D2U outperforms, or vice versa. "•" indicates statistically significant differences with the
two-tailed paired t-test at a 95% interval (with Bonferroni correction p < 0.0071) in pairwise comparisons between
D2U and all baselines except the ones marked with "◦". If baseline outperforms, "•" indicates the difference (with
Bonferroni correction p < 0.0167) in pairwise comparisons between the baseline and our best version.

Train ACID Banking CLINC
ROC FPR FNR REC F1 ROC FPR FNR REC F1 ROC FPR FNR REC F1

MLE (Hendrycks et al., 2020) 90.9 25.0 67.9 84.9 87.5 94.9 13.3 14.4 89.4 89.6 95.3 9.3 11.8 90.2 90.8
Temp. (Liang et al., 2018) 91.8 22.1 69.1 85.8 88.2 96.2 10.0 10.5 90.3 90.5 96.2 7.8 9.2 90.1 90.7
Entropy (Shen et al., 2021) 92.0 19.9 51.5 86.9 89.0 96.7 7.9 7.2 91.6 91.8 95.9 8.0 8.9 90.3 90.8
Binary (Devlin et al., 2019) 97.2 6.2 6.7 96.5 96.1 99.9 0.2 0.2 97.9 97.8 85.6 48.6 31.4 88.3 86.1
LMCL (Zeng et al., 2021a) 94.1 15.6 66.5 88.4 90.1 97.2 6.3 8.1 92.6 92.6 96.3 7.4 9.9 90.8 91.3
DRM (Shen et al., 2021) 93.2 19.9 62.5 86.8 89.0 96.1 13.1 11.4 90.6 90.5 95.9 8.5 9.7 91.0 91.4
Reg. (Zheng et al., 2020) 96.0 10.3 7.1 95.6 95.1 99.0 2.4 0.9 96.8 96.8 97.3◦ 6.5 6.8 93.3◦ 92.9◦
D2U-CE-CE (ours) 96.8 7.3 8.0 96.0 95.6 99.4 1.0 0.2 96.7 96.6 97.5 5.1 6.2 92.3 92.8
D2U-KL-CE (ours) 96.8 7.9 7.8 96.3 96.0 99.3 1.7 0.4 97.5 97.4 97.3 5.2 4.9 93.3 92.9
D2U-S-CE (ours) 95.9 8.8 9.5 93.2 93.8 98.8 2.3 2.1 95.9 95.9 97.7• 3.9• 5.4 94.5• 94.5•

Train HWU64 SNIPS TOP
ROC FPR FNR REC F1 ROC FPR FNR REC F1 ROC FPR FNR REC F1

MLE (Hendrycks et al., 2020) 79.3 58.9 52.0 73.0 73.7 95.5 10.4 11.1 88.3◦ 88.4◦ 74.2 51.4 67.9 84.9 86.6
Temp. (Liang et al., 2018) 80.5 54.1 52.3 76.7 76.5 96.2 8.4 9.3 88.4◦ 88.5◦ 73.2 53.0 69.1 84.5 86.1
Entropy (Shen et al., 2021) 80.9 48.1 52.8 77.7 77.3 95.7 10.7 11.8 88.2◦ 88.3◦ 74.2 66.7 51.5 84.8 86.5
Binary (Devlin et al., 2019) 88.0 35.8◦ 31.0 74.7 67.8 98.9◦ 1.7◦ 2.0◦ 86.2◦ 86.2◦ 97.3◦ 4.4• 5.8◦ 97.0• 97.0•
LMCL (Zeng et al., 2021a) 84.3 43.0 49.0 80.3• 80.2• 85.2 49.5 31.9 67.8 66.3 70.6 69.8 66.5 57.8 66.3
DRM (Shen et al., 2021) 79.3 56.9 50.3 73.4 74.0 93.6 13.4 12.0 87.9◦ 87.9◦ 77.0 50.1 62.5 81.7 84.4
Reg. (Zheng et al., 2020) 83.4 46.5 45.2 74.0 67.0 98.6◦ 2.5◦ 2.7◦ 88.4◦ 88.5◦ 96.5 7.5 7.1◦ 94.5 94.9
D2U-CE-CE (ours) 87.4 31.7 37.1 74.6 68.2 98.6 2.7 2.9 89.5 89.5 97.4 6.3 4.0• 94.6 95.0
D2U-KL-CE (ours) 87.2 30.3• 41.5 75.3 69.4 99.2• 1.6• 1.6• 88.6 88.6 97.5• 5.9 4.1 95.2 95.5
D2U-S-CE (ours) 82.2 47.8 49.1 74.3 68.3 98.4 2.8 2.3 90.3• 90.4• 94.9 12.0 15.6 92.1 93.0

serve any improvement over zero-shot setup, we
fix post-processing method as cross-entropy for all
methods due to its performance in the previous
experiment. The results show that using D2U as
a loss function statistically significantly improves
the performance of D2U-zero in almost all cases.
KL divergence loss (D2U-KL) and Cross-Entropy
loss (D2U-CE) are effective D2U methods in all
datasets, except that Sinkhorn distance (D2U-S)
is effective in CLINC dataset. The choice of loss
function is a hyperparameter that can be tuned ac-
cording to specific use cases and datasets.

RQ3: D2U versus state-of-the-art. The per-
formances of state-of-the-art baseline OOS detec-
tion models, regardless of zero-shot or supervised,
and D2U methods are compared in Table 4, with
extensive results reported in the Appendix. MLE,
softmax temperature (Temp.), Entropy, LMCL, and
DRM are zero-shot OOS detection setups, whereas
entropy regularization (Reg.) and BERT-Binary
(Binary) are supervised setups. D2U statistically
significantly outperforms most baselines, although
Binary is a strong baseline method that outperforms
D2U in ACID and Banking datasets and challenges
it in HWU64 and TOP, which is not statistically sig-
nificant. The reason for this might be the prevalent
domain difference between INS and OOS utter-
ances in ACID, Banking and TOP datasets; which

belong to the insurance, banking, and navigation
applications, respectively. It causes a trivial detec-
tion for the BERT-based binary classifier. HWU64
contains generic utterances like queries and ques-
tions which may coincide with the OOS split and
disturb the training process of D2U. The combi-
nation of D2U training and D2U post-processing
demonstrates its advantage in CLINC where INS
and OOS utterances span a wide spectrum.

5 Discussion

5.1 Domain analysis

To validate our hypothesis that domain-specific
datasets provide an advantage to the Binary method,
we apply UMAP (Becht et al., 2019) dimension
reduction on the CLS embeddings of Binary and
D2U CE models and plot them in Figure 5. It is ap-
parent that the OOS utterances are separated from
INS utterances when there is a clear domain differ-
ence as in ACID and Banking. However, when this
separation becomes fuzzy, Binary fails to properly
distinguish INS and OOS utterances as in CLINC.
There is also an overlapping set of INS and OOS
utterances in SNIPS for Binary.

In D2U-CE plots, the clusters of INS intents are
easily identifiable since the model is trained for
intent detection, however, OOS utterances do not
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Figure 5: UMAP distributions of CLS embeddings.

form a separate cluster. We see that the training
procedure does not necessarily enforce a cluster-
ing on the OOS embeddings since the model is
trained to output a uniform distribution for OOS in-
puts. D2U achieves competitive performance even
though there are overlapping embeddings of INS
and OOS utterances, highlighting the importance
of D2U post-processing in the supervised setup.

5.2 Qualitative analysis

We provide a qualitative analysis on the effect
of D2U training. We illustrate the model out-
put distributions for INS utterance "get me to
ritzville by 4 via the freeway." belonging to the
"GET_DIRECTIONS" intent, and the OOS utter-
ance "how many skating rinks are available in the
south pacific tomorrow at 10" taken from the TOP
dataset in Figure 6. We observe that the OOS utter-
ance results in an overconfident prediction in the
BERT MLE model whereas the prediction distribu-
tion of D2U-CE is similar to uniform distribution.

5.3 INS performance

In Table 5, we analyze if OOS detection models
deteriorate INS performance. MLE baseline does
not modify the training procedure. The results
show that INS classification performance is not
dramatically deteriorated by the supervised models
including D2U in SNIPS and TOP, whereas it is
even improved in the remaining datasets. Although
D2U’s INS performance is similar to other super-
vised models, D2U has better OOS performance
than others, as observed in Table 4. The reason for
the increase in INS detection performance could
be the regularization signal provided by the OOS
loss as observed by Shen et al. (2021). Note that
this effect becomes more apparent when domain
difference is prevalent (in ACID and Banking).

We do not include Binary, which has no capabil-
ity of INS classification. Binary has a challenging
OOS performance in Table 4, but D2U has advan-
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Figure 6: The effect of D2U on prediction distributions.

Table 5: Weighted F1 score for INS classification.

Method Datasets
ACID Banking CLINC HWU64 SNIPS TOP

MLE 80.74 84.91 95.67 81.97 98.14 98.60
LMCL 85.69 89.64 95.83 82.08 97.86 98.56
DRM 88.70 89.89 96.25 82.49 98.14 98.68
Reg. 86.60 91.22 96.38 82.55 97.43 98.32
D2U-CE 86.40 90.95 96.42 82.31 97.84 98.26
D2U-KL 86.26 90.69 96.22 82.72 98.01 98.29
D2U-S 86.50 91.52 96.34 82.16 97.43 98.37

tage of showing state-of-the-art performances for
both INS and OOS detection.

5.4 Limitations

We acknowledge some limitations to our study. Ex-
cept for CLINC and TOP, the datasets we use are
augmented with the OOS data from CLINC. How-
ever, we argue that the majority of the data remains
OOS for other datasets since it is sampled from
Wikipedia (Larson et al., 2019). Moreover, D2U
has effective performance on CLINC and TOP
datasets which are designed with OOS utterances.

We leave the selection of the distance metric in
post-processing and supervised learning as a hyper-
parameter of D2U. In the results, this might pro-
vide an advantage to D2U in comparisons since we
do not apply hyperparameter tuning for baselines.
However, we use default or suggested parameter
settings for baselines. We adopt transparency in
reporting the results that are also detailed in Ap-
pendix.

Zero-shot D2U post-processing emphasizes the
distinction between INS and OOS utterances when
confidence score becomes misleading. However,
D2U struggles in the ultimate case where an OOS
utterance is mapped to an INS class with ~100%
confidence (see Figure 6 BERT MLE). Nonethe-
less, D2U suffers from such overconfident predic-
tions less than existing methods (see Table 2).

5.5 Ethical considerations

We list a number of ethical concerns related to envi-
ronmental impact, explainability, and transparency
in this section. We employ BERT fine-tuning with
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small modifications, therefore the environmental
impact can be considered small. Our work focuses
on well-known OOS detection task with established
use cases, therefore there would be no risk for un-
intended use. We use publicly available datasets
with licences suitable for academic research.

To assure explainability and transparency, we
report the length of utterances and domains of
datasets in Section 4.1. We report the statistics
of datasets and figuratively report the split strategy
used in the experiments in Section 4.1. There are
two setups in our study. The zero-shot setting does
not include any training. In the supervised setup,
the complexity of our method is quite similar to
regular fine-tuning procedure of BERT. The thresh-
olding hyperparameter is decided by maximizing
the Youden’s J statistic as explained in Section 4.2.
In Section 4.3, we also report the hyperparameters
of the baseline methods. We employ a modified
10-fold cross-validation strategy as explained in
Section 4.4 and apply t-test with Bonferroni correc-
tion to all experimental results.

6 Conclusion

We propose an OOS detection pipeline with a dis-
tance calculation between classifier prediction and
uniform distribution, called D2U. In the zero-shot
setup, D2U serves as an architecture-agnostic post-
processing step to emphasize the distinction be-
tween INS and OOS. In the supervised setup, we
bring closer OOS predictions to uniform distribu-
tion with a modified loss function. Experimental
results, supported by statistical tests, show that
D2U outperforms existing baselines in zero-shot,
and has challenging performance in the supervised
setup. We plan to extend our study to different
architectures and deep learning tasks in the future.
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A Appendix

We report Receiver Operating Curve Area Under
Curve, False Positive Rate at 90% OOS True Pos-
itive Rate, False Negative Rate at 90% OOS True

Negative Rate, weighted OOS Recall, and weighted
OOS F1 scores in Tables 6, 7, 8, 9, 10 respec-
tively. Different training procedures, baseline and
proposed, are reported in rows and different post-
processing methods, baseline and proposed, are
reported in columns.

Baseline training methods are BERT-based in-
scope classifier (MLE) (Larson et al., 2019; Devlin
et al., 2019), Large Margin Cosine Loss (LMCL)
(Zeng et al., 2021a), Domain Regularization Mod-
ule (DRM) (Shen et al., 2021), entropy regular-
ization (Reg.) (Zheng et al., 2020), and BERT-
binary classifier (Binary) (Devlin et al., 2019). Post-
processing methods are not applicable for Binary
training since it models OOS detection as a binary
classification problem. Baseline post-processing
methods are Maximum Likelihood Estimate (MLE)
(Gangal et al., 2020; Zhang et al., 2020), softmax
temperature (Temp) (Liang et al., 2018; Lin and
Xu, 2019b), standard deviation (Stdev), and entropy
(Ent) (Shen et al., 2021).
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Table 6: Average ROC AUC score of 10-Fold binary OOS Detection. Row-wise highest scores are given in bold.

Data Training MLE Temp Stdev Ent CE BC Cbr Cos JS Euc KL Helng.

ACID

MLE 90.93 91.83 91.54 91.98 92.01 91.40 90.18 91.54 92.08 91.54 92.14 92.13
LMCL 94.05 94.07 94.23 94.04 93.72 89.31 85.54 94.23 93.88 94.23 93.91 93.89
DRM 93.23 92.43 93.54 93.95 91.70 94.07 93.67 93.54 94.00 93.54 92.92 93.85
Reg. 95.98 96.56 96.15 96.50 97.06 96.82 97.10 96.15 96.84 96.15 96.75 96.81
Binary 97.19 - - - - - - - - - - -

D2U-CE 95.63 96.22 95.85 96.17 96.75 96.43 96.72 95.85 96.47 95.85 96.42 96.46
D2U-KL 95.47 96.25 95.65 96.06 96.78 96.47 96.77 95.65 96.49 95.65 96.37 96.45
D2U-S 94.46 95.14 94.80 95.24 95.88 95.55 95.61 94.80 95.63 94.80 95.54 95.61

Banking

MLE 94.92 96.15 95.88 96.66 97.03 96.89 96.09 95.88 96.99 95.88 96.91 96.97
LMCL 97.19 97.20 97.32 97.15 96.88 94.07 91.61 97.32 97.01 97.32 97.04 97.03
DRM 96.12 96.97 96.70 97.47 96.56 98.06 97.93 96.70 97.97 96.70 97.28 97.88
Reg. 98.95 99.12 99.03 99.13 99.19 99.16 99.18 99.03 99.18 99.03 99.16 99.17
Binary 99.88 - - - - - - - - - - -

D2U-CE 99.07 99.28 99.14 99.24 99.36 99.26 99.29 99.14 99.28 99.14 99.29 99.29
D2U-KL 98.99 99.19 99.07 99.15 99.25 99.19 99.22 99.07 99.22 99.07 99.22 99.22
D2U-S 97.83 98.53 98.12 98.43 98.79 98.61 98.65 98.12 98.65 98.12 98.63 98.64

CLINC

MLE 95.34 96.16 95.52 95.90 96.32 96.09 96.26 95.52 96.24 95.52 96.20 96.25
LMCL 96.31 96.30 96.30 96.14 95.81 92.51 86.08 96.30 95.95 96.30 96.02 95.99
DRM 95.85 94.47 96.00 96.19 93.78 96.29 95.73 96.00 95.88 96.00 95.07 95.63
Reg. 97.29 97.63 97.31 97.47 97.58 97.52 97.55 97.31 97.62 97.31 97.65 97.64
Binary 85.57 - - - - - - - - - - -

D2U-CE 97.08 97.47 97.14 97.30 97.48 97.27 97.31 97.14 97.42 97.14 97.48 97.45
D2U-KL 96.86 97.29 96.90 97.04 97.29 97.07 97.12 96.90 97.20 96.90 97.26 97.23
D2U-S 96.71 97.54 96.85 97.15 97.69 97.22 97.33 96.85 97.42 96.85 97.53 97.48

HWU64

MLE 79.29 80.46 79.95 80.90 80.32 81.49 80.49 79.95 81.16 79.95 80.92 81.05
LMCL 84.28 84.37 84.98 85.17 85.33 84.04 82.50 84.98 85.28 84.98 85.27 85.27
DRM 79.32 79.05 80.00 80.67 78.68 81.55 80.50 80.00 80.75 80.00 79.66 80.31
Reg. 83.38 86.34 84.19 85.68 87.05 86.78 87.22 84.19 86.70 84.19 86.51 86.62
Binary 88.02 - - - - - - - - - - -

D2U-CE 83.64 86.58 84.42 85.80 87.37 87.09 87.60 84.42 86.98 84.42 86.77 86.89
D2U-KL 83.46 86.44 84.14 85.50 87.19 86.71 87.27 84.14 86.64 84.14 86.54 86.62
D2U-S 79.67 81.74 80.42 81.69 82.23 82.86 82.57 80.42 82.41 80.42 82.13 82.27

SNIPS

MLE 95.45 96.20 95.50 95.70 96.33 95.61 95.83 95.50 95.86 95.50 96.15 96.04
LMCL 85.18 87.54 88.20 90.45 93.15 89.91 93.08 88.20 91.69 88.20 91.87 91.76
DRM 93.58 94.47 93.63 93.82 94.58 93.75 93.95 93.63 93.98 93.63 94.43 94.13
Reg. 98.61 98.74 98.61 98.64 98.76 98.62 98.63 98.61 98.65 98.61 98.73 98.67
Binary 98.91 - - - - - - - - - - -

D2U-CE 98.51 98.60 98.52 98.53 98.61 98.52 98.54 98.52 98.54 98.52 98.60 98.56
D2U-KL 98.97 99.15 98.99 99.01 99.16 98.99 99.02 98.99 99.04 98.99 99.14 99.09
D2U-S 98.24 98.37 98.25 98.30 98.39 98.29 98.32 98.25 98.32 98.25 98.37 98.34

TOP

MLE 74.23 73.23 74.26 74.19 73.24 74.32 74.36 74.26 74.18 74.26 73.25 73.76
LMCL 70.62 70.11 70.72 70.88 70.11 70.58 71.29 70.72 70.95 70.72 70.43 70.70
DRM 76.97 76.59 76.99 76.96 76.61 77.06 77.13 76.99 76.98 76.99 76.60 76.83
Reg. 96.45 96.57 96.45 96.47 96.57 96.45 96.47 96.45 96.49 96.45 96.56 96.52
Binary 97.29 - - - - - - - - - - -

D2U-CE 97.30 97.42 97.30 97.33 97.42 97.31 97.34 97.30 97.35 97.30 97.41 97.38
D2U-KL 97.39 97.50 97.41 97.43 97.50 97.42 97.43 97.41 97.44 97.41 97.49 97.46
D2U-S 94.68 94.94 94.71 94.76 94.94 94.75 94.78 94.71 94.80 94.71 94.92 94.87
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Table 7: Average FPR90 score of 10-Fold binary OOS Detection. Row-wise lowest scores are given in bold.

Data Training MLE Temp Stdev Ent CE BC Cbr Cos JS Euc KL Helng.

ACID

MLE 25.00 22.10 20.70 19.85 21.40 24.80 28.60 20.70 20.90 20.70 19.70 20.70
LMCL 15.60 15.50 14.80 13.83 17.40 37.10 46.20 14.80 16.50 14.80 16.50 16.50
DRM 19.90 20.80 18.40 13.51 24.80 14.40 16.30 18.40 15.00 18.40 18.80 15.30
Reg. 10.30 8.60 9.70 8.41 7.20 7.40 7.10 9.70 7.50 9.70 8.20 7.60
Binary 6.17 - - - - - - - - - - -

D2U-CE 10.30 8.20 9.40 8.54 7.30 7.50 7.40 9.40 7.20 9.40 7.70 7.30
D2U-KL 10.70 8.90 9.90 7.56 7.90 8.00 7.80 9.90 8.10 9.90 8.10 8.10
D2U-S 11.90 10.30 11.00 9.57 8.80 9.00 9.30 11.00 9.10 11.00 9.40 9.30

Banking

MLE 13.30 10.00 11.30 7.85 7.30 6.60 12.00 11.30 6.20 11.30 6.30 6.10
LMCL 6.30 6.20 5.50 7.00 7.10 19.40 25.80 5.50 6.80 5.50 6.80 6.80
DRM 13.10 8.40 10.20 6.06 9.20 4.60 4.90 10.20 5.20 10.20 7.30 5.30
Reg. 2.40 1.80 2.20 0.36 1.60 1.60 1.40 2.20 1.70 2.20 1.60 1.70
Binary 0.16 - - - - - - - - - - -

D2U-CE 2.40 1.60 2.10 0.23 1.00 1.00 1.00 2.10 1.00 2.10 1.00 1.00
D2U-KL 2.70 1.60 2.50 0.39 1.70 1.70 1.60 2.50 1.70 2.50 1.80 1.70
D2U-S 5.80 3.70 5.20 2.25 2.00 2.60 1.90 5.20 2.60 5.20 3.40 2.80

CLINC

MLE 9.30 7.80 9.30 8.00 7.50 8.10 7.70 9.30 7.70 9.30 7.80 7.60
LMCL 7.40 7.30 7.60 8.51 8.60 18.30 35.40 7.60 8.40 7.60 8.50 8.40
DRM 8.50 11.80 8.50 7.64 13.70 7.80 9.50 8.50 8.30 8.50 9.40 8.20
Reg. 6.50 5.10 6.60 5.13 5.10 4.80 4.90 6.60 5.00 6.60 5.10 5.20
Binary 48.58 - - - - - - - - - - -

D2U-CE 6.70 5.40 6.70 5.62 5.10 5.90 5.40 6.70 5.50 6.70 5.50 5.60
D2U-KL 6.50 5.50 6.50 4.89 5.20 5.90 5.80 6.50 5.70 6.50 5.60 5.70
D2U-S 7.10 4.50 7.10 6.38 3.90 4.80 4.60 7.10 4.60 7.10 4.80 4.50

HWU64

MLE 58.90 54.10 55.70 48.12 52.50 51.60 55.00 55.70 52.20 55.70 52.60 51.90
LMCL 43.00 42.90 38.10 41.84 37.30 41.70 44.90 38.10 37.50 38.10 37.10 37.30
DRM 56.90 51.10 53.00 49.62 54.30 52.40 53.00 53.00 50.80 53.00 51.50 51.40
Reg. 46.50 32.70 41.20 41.84 29.60 31.30 29.60 41.20 31.80 41.20 32.60 32.10
Binary 35.77 - - - - - - - - - - -

D2U-CE 44.90 35.10 40.80 40.43 31.70 31.70 30.60 40.80 32.50 40.80 33.50 33.10
D2U-KL 43.80 33.70 39.90 42.48 30.30 31.50 31.10 39.90 33.00 39.90 33.30 33.10
D2U-S 57.60 48.10 53.00 46.84 47.80 47.40 48.50 53.00 47.30 53.00 48.10 47.60

SNIPS

MLE 10.40 8.40 10.30 10.71 8.40 10.40 10.30 10.30 9.90 10.30 8.60 8.70
LMCL 49.50 41.90 36.70 29.86 21.10 30.10 16.40 36.70 24.10 36.70 24.10 24.10
DRM 13.40 10.20 13.40 10.86 10.20 13.40 13.30 13.40 12.40 13.40 10.40 11.50
Reg. 2.50 2.20 2.50 2.29 2.20 2.50 2.50 2.50 2.40 2.50 2.20 2.30
Binary 1.71 - - - - - - - - - - -

D2U-CE 2.70 2.70 2.70 3.14 2.70 2.70 2.70 2.70 2.70 2.70 2.70 2.70
D2U-KL 2.10 1.60 2.10 2.14 1.60 2.10 2.10 2.10 1.90 2.10 1.60 1.60
D2U-S 2.90 2.80 2.90 3.00 2.80 2.90 2.90 2.90 2.80 2.90 2.80 2.70

TOP

MLE 51.38 53.00 51.38 66.65 53.00 51.38 51.38 51.38 51.50 51.38 53.00 51.75
LMCL 69.75 70.13 69.50 65.06 70.75 70.63 71.50 69.50 70.50 69.50 70.25 70.25
DRM 50.13 51.88 50.13 59.79 51.88 50.13 50.13 50.13 50.88 50.13 51.63 50.63
Reg. 7.50 7.25 7.50 4.90 7.25 7.50 7.50 7.50 7.50 7.50 7.25 7.25
Binary 4.43 - - - - - - - - - - -

D2U-CE 6.13 6.25 6.13 4.04 6.25 6.13 6.13 6.13 6.13 6.13 6.25 6.13
D2U-KL 6.25 5.88 6.25 3.57 5.88 6.25 6.38 6.25 6.25 6.25 5.88 6.00
D2U-S 11.63 11.88 11.63 12.94 12.00 11.63 11.50 11.63 11.63 11.63 11.88 11.75
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Table 8: Average FNR90 score of 10-Fold binary OOS Detection. Row-wise lowest scores are given in bold.

Data Training MLE Temp Stdev Ent CE BC Cbr Cos JS Euc KL Helng.

ACID

MLE 27.30 25.67 26.22 19.70 21.46 20.60 26.70 26.22 20.45 26.22 21.38 20.75
LMCL 16.36 16.30 14.80 15.80 16.57 28.78 38.57 14.80 15.58 14.80 15.30 15.39
DRM 16.42 20.92 16.23 15.00 23.88 13.31 14.48 16.23 13.95 16.23 18.94 14.33
Reg. 10.80 8.79 10.39 8.70 7.61 8.32 7.48 10.39 8.08 10.39 8.30 8.20
Binary 6.70 - - - - - - - - - - -

D2U-CE 11.11 9.11 10.12 8.00 7.96 8.40 8.03 10.12 8.41 10.12 8.61 8.47
D2U-KL 12.84 9.99 12.04 9.00 7.76 8.05 7.53 12.04 8.17 12.04 8.85 8.35
D2U-S 12.69 10.41 11.88 10.20 9.54 9.68 10.00 11.88 9.87 11.88 9.76 9.71

Banking

MLE 14.36 10.49 11.37 7.20 8.01 8.79 13.68 11.37 7.88 11.37 7.69 7.79
LMCL 8.05 7.95 6.78 6.30 9.09 18.60 25.96 6.78 8.44 6.78 8.34 8.37
DRM 11.43 9.71 9.90 7.20 12.12 4.76 5.90 9.90 5.47 9.90 8.99 6.19
Reg. 0.94 0.42 0.52 1.80 0.42 0.55 0.46 0.52 0.55 0.52 0.55 0.55
Binary 0.20 - - - - - - - - - - -

D2U-CE 0.42 0.26 0.26 1.30 0.23 0.26 0.26 0.26 0.26 0.26 0.26 0.26
D2U-KL 1.50 0.59 0.72 1.80 0.39 0.59 0.72 0.72 0.52 0.72 0.42 0.49
D2U-S 4.85 3.58 3.68 3.70 2.12 2.38 2.57 3.68 2.41 3.68 2.74 2.57

CLINC

MLE 11.80 9.16 11.60 8.90 8.36 8.11 7.56 11.60 7.98 11.60 8.67 8.31
LMCL 9.91 9.96 9.76 8.30 10.76 21.51 45.62 9.76 10.44 9.76 10.13 10.20
DRM 9.69 16.31 9.67 7.90 21.27 7.80 10.36 9.67 8.84 9.67 12.62 9.69
Reg. 6.82 5.42 6.73 6.00 5.11 5.18 5.36 6.73 5.20 6.73 5.36 5.18
Binary 31.40 - - - - - - - - - - -

D2U-CE 7.40 6.13 7.33 6.60 6.18 6.18 6.11 7.33 6.04 7.33 6.09 6.02
D2U-KL 6.60 5.07 6.42 6.20 4.93 4.82 4.82 6.42 4.87 6.42 4.96 4.82
D2U-S 8.33 5.98 8.16 6.50 5.36 5.84 5.53 8.16 5.84 8.16 6.00 5.89

HWU64

MLE 51.97 52.26 51.75 52.80 52.01 47.14 47.01 51.75 48.63 51.75 51.03 49.57
LMCL 48.97 48.55 47.91 37.40 47.01 47.86 52.18 47.91 47.52 47.91 47.78 47.78
DRM 50.34 62.91 50.47 51.10 62.91 51.88 57.31 50.47 57.39 50.47 60.81 59.74
Reg. 45.17 41.62 45.13 34.70 40.60 41.88 40.09 45.13 40.77 45.13 41.50 40.81
Binary 31.00 - - - - - - - - - - -

D2U-CE 45.43 38.59 45.17 36.10 37.05 41.58 37.09 45.17 40.34 45.17 39.10 39.87
D2U-KL 45.56 42.74 45.64 35.90 41.50 40.47 39.19 45.64 41.84 45.64 42.56 41.88
D2U-S 50.00 49.23 49.96 48.70 49.10 45.77 45.21 49.96 47.99 49.96 49.06 48.63

SNIPS

MLE 11.14 9.29 11.14 11.80 9.29 11.14 11.14 11.14 10.71 11.14 9.71 10.29
LMCL 31.86 30.86 31.43 30.30 23.29 31.86 26.00 31.43 29.43 31.43 28.29 28.43
DRM 12.00 10.57 12.00 14.30 10.57 12.00 12.00 12.00 11.71 12.00 10.43 11.71
Reg. 2.71 2.14 2.57 3.10 2.00 2.43 2.43 2.57 2.43 2.57 2.29 2.29
Binary 2.00 - - - - - - - - - - -

D2U-CE 3.29 3.00 3.29 2.90 2.86 3.29 3.29 3.29 3.29 3.29 3.14 3.14
D2U-KL 2.86 1.86 2.86 2.30 1.57 2.71 2.57 2.86 2.29 2.86 1.86 2.14
D2U-S 3.43 2.43 3.43 3.10 2.29 3.29 3.14 3.43 2.86 3.43 2.43 2.86

TOP

MLE 67.88 69.05 67.89 51.50 69.07 67.89 67.90 67.89 68.17 67.89 69.04 68.46
LMCL 66.54 72.06 66.61 69.88 72.97 66.54 68.03 66.61 69.61 66.61 71.76 71.35
DRM 62.51 62.65 62.51 50.38 62.66 62.51 62.51 62.51 62.39 62.51 62.68 62.55
Reg. 7.06 6.07 7.05 7.50 6.02 7.06 6.76 7.05 6.63 7.05 6.17 6.44
Binary 5.75 - - - - - - - - - - -

D2U-CE 5.10 4.22 5.08 6.13 4.03 4.93 4.42 5.08 4.62 5.08 4.32 4.48
D2U-KL 5.25 4.25 5.21 6.38 4.10 5.22 4.55 5.21 4.67 5.21 4.32 4.54
D2U-S 14.98 15.59 14.99 11.63 15.61 14.98 15.00 14.99 15.10 14.99 15.64 15.19
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Table 9: Average Recall score of 10-Fold binary OOS Detection. Row-wise highest scores are given in bold.

Data Training MLE Temp Stdev Ent CE BC Cbr Cos JS Euc KL Helng.

ACID

MLE 84.86 85.76 87.23 86.88 86.43 85.80 84.10 87.23 87.48 87.23 87.81 87.18
LMCL 88.35 88.79 88.79 87.47 86.84 80.77 77.23 88.79 87.04 88.79 87.26 87.07
DRM 86.81 89.53 88.83 90.02 89.63 90.73 90.33 88.83 90.70 88.83 90.23 90.56
Reg. 95.58 95.76 95.92 96.03 96.00 96.08 96.25 95.92 96.05 95.92 96.06 96.05
Binary 96.45 - - - - - - - - - - -

D2U-CE 95.11 95.28 95.44 95.65 95.98 95.92 96.03 95.44 95.90 95.44 95.86 95.90
D2U-KL 95.64 95.91 96.04 96.23 96.31 96.30 96.38 96.04 96.26 96.04 96.25 96.25
D2U-S 92.43 93.05 93.39 93.34 93.18 92.85 91.56 93.39 93.12 93.39 93.36 93.26

Banking

MLE 89.36 90.29 90.88 91.62 91.47 91.57 89.78 90.88 92.04 90.88 92.09 92.04
LMCL 92.56 92.78 93.19 92.65 92.43 86.81 85.04 93.19 92.65 93.19 92.53 92.68
DRM 90.59 93.32 92.01 93.69 92.83 94.45 94.10 92.01 94.55 92.01 93.49 94.30
Reg. 96.83 96.98 96.93 97.17 97.40 97.42 97.40 96.93 97.40 96.93 97.35 97.47
Binary 97.84 - - - - - - - - - - -

D2U-CE 96.76 96.63 96.68 96.49 96.66 96.63 96.61 96.68 96.54 96.68 96.54 96.54
D2U-KL 97.10 97.20 97.25 97.10 97.47 97.57 97.54 97.25 97.44 97.25 97.47 97.44
D2U-S 94.52 95.41 95.41 96.02 95.90 95.87 95.80 95.41 96.04 95.41 96.12 96.07

CLINC

MLE 90.22 90.05 90.29 90.25 91.31 91.07 91.04 90.29 90.82 90.29 90.27 90.45
LMCL 90.78 90.80 91.20 91.40 91.20 88.44 81.44 91.20 91.27 91.20 91.11 91.15
DRM 90.95 92.53 90.96 91.75 91.85 92.73 92.75 90.96 92.93 90.96 92.73 92.76
Reg. 93.29 93.31 93.49 93.38 93.31 93.33 93.33 93.49 93.56 93.49 93.49 93.56
Binary 88.31 - - - - - - - - - - -

D2U-CE 92.35 92.84 92.60 92.87 93.27 93.33 93.11 92.60 93.13 92.60 93.31 93.00
D2U-KL 93.16 93.64 93.35 93.05 93.33 93.13 93.02 93.35 93.62 93.35 93.09 93.55
D2U-S 93.42 94.55 93.93 94.58 94.53 94.67 94.65 93.93 94.67 93.93 94.62 94.87

HWU64

MLE 73.02 76.65 74.79 77.66 76.83 77.34 75.57 74.76 77.40 74.79 77.57 77.31
LMCL 80.33 80.24 81.32 81.38 81.92 80.75 79.10 81.32 81.95 81.32 81.83 81.98
DRM 73.44 77.01 76.29 77.22 76.77 77.99 77.51 76.29 77.69 76.29 77.22 77.43
Reg. 73.95 74.58 74.43 74.43 74.94 74.82 74.73 74.43 74.70 74.43 74.79 74.79
Binary 74.70 - - - - - - - - - - -

D2U-CE 73.23 75.09 73.89 74.22 74.58 74.40 74.76 73.89 74.16 73.89 74.16 74.10
D2U-KL 73.74 74.76 74.07 74.58 75.27 74.97 75.54 74.07 74.43 74.07 75.27 74.79
D2U-S 74.25 75.00 74.16 74.37 74.28 74.37 73.89 74.16 74.40 74.16 74.55 74.73

SNIPS

MLE 88.29 88.41 88.29 88.24 88.35 88.29 88.06 88.29 88.24 88.29 88.41 88.06
LMCL 67.76 71.76 74.65 79.35 83.12 79.94 85.82 74.65 80.71 74.65 80.65 80.71
DRM 87.88 89.24 87.88 88.41 89.18 87.88 88.06 87.88 88.88 87.88 89.12 88.88
Reg. 88.41 88.94 88.35 87.94 89.53 88.47 89.06 88.35 89.35 88.35 88.88 89.35
Binary 86.18 - - - - - - - - - - -

D2U-CE 88.24 89.41 88.65 87.76 89.47 89.18 89.12 88.65 89.18 88.65 89.47 89.24
D2U-KL 88.53 88.59 88.53 88.00 88.59 88.94 88.76 88.53 88.71 88.53 88.65 88.76
D2U-S 87.00 90.29 86.41 87.82 90.29 89.35 89.35 86.41 89.65 86.41 90.35 90.29

TOP

MLE 84.85 84.52 84.85 84.75 84.54 84.85 84.71 84.85 84.71 84.85 84.49 83.14
LMCL 57.78 68.92 57.53 61.81 75.63 58.43 67.12 57.53 65.35 57.53 68.10 64.83
DRM 81.68 72.93 81.68 79.17 72.87 81.68 81.78 81.68 79.49 81.68 72.80 75.56
Reg. 94.51 95.23 94.51 94.76 95.07 94.77 95.60 94.51 95.07 94.51 95.04 94.97
Binary 96.95 - - - - - - - - - - -

D2U-CE 93.85 94.34 93.84 94.00 94.55 94.00 94.90 93.84 94.56 93.84 94.33 94.49
D2U-KL 94.21 95.07 94.21 94.29 95.17 94.52 95.55 94.21 95.25 94.21 95.17 95.35
D2U-S 91.29 91.92 91.29 91.70 92.13 91.29 91.36 91.29 91.90 91.29 91.97 91.59
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Table 10: Average F1 score of 10-Fold binary OOS Detection. Row-wise highest scores are given in bold.

Data Training MLE Temp Stdev Ent CE BC Cbr Cos JS Euc KL Helng.

ACID

MLE 87.51 88.21 89.24 89.03 88.69 88.24 86.95 89.24 89.45 89.24 89.71 89.24
LMCL 90.14 90.46 90.47 89.52 89.05 84.60 81.99 90.47 89.20 90.47 89.35 89.22
DRM 89.00 90.83 90.42 91.34 90.83 91.85 91.51 90.42 91.81 90.42 91.40 91.70
Reg. 95.10 95.28 95.46 95.58 95.58 95.67 95.89 95.46 95.62 95.46 95.65 95.63
Binary 96.07 - - - - - - - - - - -

D2U-CE 94.43 94.60 94.80 95.09 95.55 95.47 95.61 94.80 95.46 94.80 95.42 95.46
D2U-KL 95.19 95.55 95.64 95.88 96.01 95.99 96.08 95.64 95.94 95.64 95.93 95.93
D2U-S 93.16 93.66 93.90 93.87 93.78 93.51 92.59 93.90 93.71 93.90 93.89 93.81

Banking

MLE 89.60 90.53 91.03 91.76 91.67 91.74 90.04 91.03 92.17 91.03 92.22 92.18
LMCL 92.63 92.87 93.27 92.75 92.52 87.21 85.42 93.27 92.72 93.27 92.61 92.74
DRM 90.50 93.16 91.89 93.54 92.60 94.36 93.99 91.89 94.42 91.89 93.31 94.19
Reg. 96.75 96.91 96.85 97.12 97.35 97.38 97.35 96.85 97.35 96.85 97.30 97.43
Binary 97.79 - - - - - - - - - - -

D2U-CE 96.66 96.54 96.59 96.37 96.55 96.53 96.50 96.59 96.43 96.59 96.43 96.43
D2U-KL 97.03 97.13 97.18 97.02 97.42 97.52 97.50 97.18 97.39 97.18 97.41 97.39
D2U-S 94.48 95.36 95.36 95.98 95.88 95.86 95.80 95.36 96.02 95.36 96.07 96.03

CLINC

MLE 90.75 90.65 90.82 90.80 91.75 91.54 91.50 90.82 91.32 90.82 90.84 91.00
LMCL 91.27 91.29 91.61 91.79 91.59 88.98 82.71 91.61 91.68 91.61 91.54 91.57
DRM 91.39 92.66 91.39 92.08 91.94 92.96 92.93 91.39 93.12 91.39 92.90 92.97
Reg. 92.89 92.89 93.12 92.96 92.91 92.95 92.94 93.12 93.22 93.12 93.13 93.22
Binary 86.07 - - - - - - - - - - -

D2U-CE 91.64 92.26 91.98 92.30 92.84 92.87 92.63 91.98 92.61 91.98 92.86 92.46
D2U-KL 92.70 93.28 92.90 92.54 92.91 92.65 92.55 92.90 93.23 92.90 92.58 93.15
D2U-S 93.46 94.55 93.92 94.58 94.53 94.64 94.61 93.92 94.66 93.92 94.63 94.86

HWU64

MLE 73.72 76.50 75.08 77.33 76.03 76.96 75.26 75.06 76.80 75.08 77.07 76.79
LMCL 80.18 80.08 81.09 81.16 81.77 80.52 78.90 81.09 81.69 81.09 81.53 81.74
DRM 74.01 76.66 76.06 76.82 76.11 77.68 76.98 76.06 77.30 76.06 76.90 77.00
Reg. 66.95 68.19 67.81 67.85 68.80 68.52 68.49 67.81 68.21 67.81 68.37 68.37
Binary 67.83 - - - - - - - - - - -

D2U-CE 65.55 69.02 66.65 67.39 68.18 67.69 68.60 66.65 67.29 66.65 67.45 67.31
D2U-KL 66.42 68.42 67.16 68.23 69.41 68.91 69.88 67.16 67.81 67.16 69.37 68.46
D2U-S 69.28 69.93 68.67 68.85 68.30 68.39 67.82 68.67 68.64 68.67 68.95 69.31

SNIPS

MLE 88.37 88.49 88.37 88.31 88.43 88.37 88.13 88.37 88.31 88.37 88.49 88.13
LMCL 66.27 71.04 74.22 79.27 83.13 79.87 85.91 74.22 80.68 74.22 80.61 80.68
DRM 87.94 89.29 87.94 88.46 89.23 87.94 88.11 87.94 88.93 87.94 89.17 88.94
Reg. 88.46 88.99 88.40 87.98 89.57 88.52 89.10 88.40 89.40 88.40 88.93 89.40
Binary 86.15 - - - - - - - - - - -

D2U-CE 88.29 89.45 88.69 87.81 89.52 89.23 89.17 88.69 89.22 88.69 89.52 89.28
D2U-KL 88.58 88.64 88.58 88.05 88.64 89.00 88.82 88.58 88.76 88.58 88.70 88.82
D2U-S 87.02 90.36 86.43 87.87 90.36 89.42 89.42 86.43 89.71 86.43 90.42 90.36

TOP

MLE 86.57 86.13 86.57 86.50 86.14 86.57 86.47 86.57 86.48 86.57 86.11 85.19
DRM 84.41 77.62 84.41 82.42 77.56 84.41 84.48 84.41 82.64 84.41 77.53 79.50
Reg. 94.93 95.55 94.93 95.14 95.42 95.15 95.85 94.93 95.41 94.93 95.39 95.32
LMCL 66.25 75.13 66.04 69.48 80.25 66.71 73.74 66.04 72.34 66.04 74.48 71.90
Binary 96.95 - - - - - - - - - - -

D2U-CE 94.42 94.83 94.41 94.55 95.01 94.55 95.29 94.41 95.00 94.41 94.82 94.95
D2U-KL 94.71 95.43 94.71 94.78 95.51 94.97 95.84 94.71 95.58 94.71 95.51 95.67
D2U-S 92.29 92.78 92.29 92.61 92.95 92.29 92.35 92.29 92.77 92.29 92.82 92.53
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Abstract

A document can be summarized in a number
of ways. Reference-based evaluation of sum-
marization has been criticized for its inflexibil-
ity. In this paper, we propose a new automatic
reference-free evaluation metric that compares
semantic distribution between source docu-
ment and summary by pretrained language
models and considers summary compression
ratio. The experiments show that this metric
is more consistent with human evaluation in
terms of coherence, consistency, relevance, flu-
ency.

1 Introduction

Summarization evaluation metrics that measure the
quality of generated summaries are very impor-
tant for the development of summarization systems
(Rush et al., 2015; Chopra et al., 2016; Nallapati
et al., 2017; Liu et al., 2018, 2022; Lewis et al.,
2020; Zhang et al., 2020a; Liu et al., 2021). Most
previous summarization evaluation metrics need
human-annotated summaries as reference and mea-
sure summary quality through the similarity be-
tween generated summaries and their reference
summaries (Papineni et al., 2002; Lin, 2004; Gane-
san, 2006; Ng and Abrecht, 2015; Zhang et al.,
2020b; Zhao et al., 2019). Such reference-based
evaluation metrics cannot accurately evaluate the
summary, because a document has many correct but
different summaries. It is difficult and expensive to
write many reference summaries by human for eval-
uation. Thus, it is useful to develop reference-free
evaluation metrics for this task.

In this paper, we focus on reference-free eval-
uation metrics. As shown in Figure 1, a high-
quality summary should be concise and contain the
most important information of its document. Some
reference-free evaluation metrics (Shao et al., 2017;
Gao et al., 2020) unsupervisedly construct a pseudo

∗ The corresponding author.

Source Document
Mexican restaurant Chipotle has decided to tap into the $70
billion food delivery market by teaming up with an app to
bring burritos straight to customers' doors. The fast-casual
chain will work with the Postmates app to begin offering
delivery for online and mobile orders in 67 cities. But
Mexican food fans should know that the restaurant plans to
add a nine per cent service charge - with the delivery fees for
Postmates beginning at $5 and up, depending on distance and
demand.
High-quality Summary
Chipotle will now be available for delivery with the Postmates
app. Online and mobile orders will be available in 67 cities.
Low-quality Summary
67 cities will be available for delivery fees for Chipotle.
Postmates app orders will be available in Online and mobile.

Figure 1: A document with its high-quality and low-
quality summaries. The heat map marks the salient con-
tent in the document. The darker the colour, the more
salient the content.

reference summary by selecting salient sentences
from the source document, which also ignore the
variety of summaries. Others evaluate the sum-
mary quality by measuring how much information
from the document is represented in the summary.
QA-based evaluation metrics (Chen et al., 2018;
Scialom et al., 2019; Durmus et al., 2020) achieve
this possibility by first asking the same questions
to document and summary and then comparing
their answers. The performance of these metrics
depends on the quality of question generation and
question-answering systems. Shannon score (Egan
et al., 2022) intuitively uses a language model to au-
toregressively generate a document both with and
without a summary as a prompt, and then computes
the difference in information content between two
generated documents. The information of docu-
ment generated with a better summary, which is
better restored, is more similar to the document gen-
erated without summary. Although Shannon score
is the state-of-the-art (SOTA) summarization eval-
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uation metric, its estimation of information content
of the document cannot reflect the position and im-
portance of each token in document. However, the
position of tokens will impact coherence and the
importance will impact salient information, which
are very important for summarization evaluation.
For example, the low-quality summary contains
similar words to the high-quality summary but it is
unreadable and loses important information of the
source document.

To tackle the problem in Shannon score, we
present a new reference-free evaluation metric
(SDC) which computes the correlation (semantic
distribution correlation) between the probability
distribution of tokens in predicted documents with
and without a prepended summary. Such sequential
probability take account of the position and impor-
tance of the tokens. As compression ratio reflects
the difficulty of summarization, we introduce com-
pression ratio into SDC (SDC*) and penalize the
long summary.

Our contribution are as follows:

• We propose a reference-free summarization
evaluation metric (SDC*) which evaluates
summaries considering semantic distribution
correlation and compression ratio between
source document and summary.

• Our proposed SDC and SDC* achieve bet-
ter performance than the SOTA summariza-
tion evaluation metric on CNN/Daily Mail and
TAC 2010 datasets.

2 Approach

In this section, we introduce our proposed
reference-free summarization evaluation metric
which computes the semantic distribution corre-
lation between generated documents with and with-
out a summary and combines the correlation with
compression ratio.

Semantic Distribution Correlation (SDC). In-
spired by Shannon score (Egan et al., 2022), we
use auto-regressive language model to obtain the
semantic information of documents. Given a docu-
ment D = {x1, x2, ..., xn} consisting of tokens x,
the auto-regressive language model represents D
by factorizing the joint probabilities over symbols
as the product of conditional probabilities:

P (D) =

n∏

t=1

p(xt|x<t) (1)

In this paper, unlike previous metrics using
P (D) as the semantic information of D, we take
p(xt|x<t) as the semantic representation of xt and
use a vector P(D) to represent the semantic distri-
bution of D generated by language model:

P(D) = [p(x1), p(x2|x<2), ..., p(xn|x<n)] (2)

Such fine-grained semantic representation consid-
ers both the order and semantic of the tokens in
sequence, which helps to evaluate the coherence
and relevance.

To evaluate the quality of a summary S consist-
ing of token y, we use language model to predict
D with S as a prompt. The better the summary, the
better the document can be restored. In other words,
a better summary makes the semantic information
of documents generated with a summary more sim-
ilar to that of documents generated without sum-
mary. We calculate the semantic distribution of D
given S as:

P(D|S) = [p(x1|S), p(x2|x<2, S), ...,

p(xn|x<n, S)] (3)

The P (D) and P (D|S) are illustrated in Figure 2.
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Figure 2: Architecture of semantic distribution from
auto-regressive language model.

We take the correlation between P(D) and
P(D|S) as the evaluation score of summary S:

C(D,S) = Corr(P(D),P(D|S)) (4)

W (D,S) =

∏
P (D|S)∏
P (D)

(5)

SDC(D,S) =W (D,S)× Cnorm(D,S) (6)

where Corr is Pearson’s γ (Benesty et al., 2009)
because we need the change trend of the two dis-
tributions for semantic order and need their spe-
cific values for information coverage judgement.
W (D,S) indicates the extent to which the doc-
ument D can be predicted by given summary S.
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Better summaries can get higher W (D,S) scores.
Cnorm ∈ [0, 1) is the normalization of C. The
higher SDC means the better summary quality.

SDC with Compression Ratio (SDC*). Com-
pression ratio reflects the difficulty of summariz-
ing, which is the length of summary divided by
the length of source document: CR(D,S) =
L(S)/L(D), where L records the length of text.
If L(S) is greater than L(D), CR(D,S) is equal
to 1. It is more difficult to generate a shorter sum-
mary. Thus, we introduce compression ratio into
SDC and get SDC* as:

SDC∗(D,S) = 2× SDC × (1− CR)
SDC + (1− CR) (7)

SDC* ensures that a summary with higher se-
mantic distribution correlation and lower compres-
sion ratio achieves a higher evaluation score.

3 Experiment

In this section, we first introduce the human-
annotated datasets and baseline evaluation metrics.
Then we will show the results of our proposed SDC
and SDC*, and analyze the effectiveness of seman-
tic distribution correlation and compression ratio
used in summarization evaluation.

3.1 Datasets

In this experiment, we use 2 summarization eval-
uation datasets, which consist of source docu-
ments, summaries generated by different models
and human-annotated scores on summaries.

CNN/Daily Mail (CNNDM) (Fabbri et al.,
2021) is a single document summarization dataset,
which consists of 100 documents from the
CNN/DailyMail dataset, each paired with 16 sum-
maries generated by different systems 1. Each sum-
mary was scored by 3 experts under four aspects:
coherence, consistency, fluency, and relevance.

TAC 2010 (TAC) 2 is a multi-document summa-
rization dataset, including 92 multi-documents with
43 generated summaries for each multi-document.
Each summary has one human-annotated overall
score. The overall score is based on both coverage
of all required aspects (Pyramid) (Nenkova and
Passonneau, 2004) and linguistic quality (readabil-
ity).

1https://github.com/Yale-LILY/SummEval
2https://tac.nist.gov/data/past/2010/Summ10.html

3.2 Baselines

We take 4 reference-based evaluation metrics and
2 reference-free evaluation metrics as baselines.

For reference-based evaluation, ROUGE fam-
ily is the most popular evaluation metric in sum-
marization, which evaluates the token sequence
overlapping. We use F1 scores of ROUGE-1 (R-1),
ROUGE-2 (R-2) and ROUGE-L (R-L). BLEU (Pa-
pineni et al., 2002) focuses on precision with
a brevity penalty. METEOR (MET.) (Baner-
jee and Lavie, 2005) allows word stems, syn-
onyms and paraphrases matching. BERTScore
(BERT.) (Zhang et al., 2020b) greedily maximizes
the cosine similarity between token embeddings.

For reference-free evaluation, BLANC (BLA.)
(Vasilyev et al., 2020) computes the accuracy of un-
masking document tokens with a summary. Shan-
non (Shan.) (Egan et al., 2022) estimates the infor-
mation content shared between a document and its
summary. As Shannon is the SOTA summarization
evaluation metric, we add compression ratio to the
information content of generated document with
a prepended summary in the same way as Eq.7,
which is called Shannon* (Shan.*).

3.3 Experimental Setup

In our experiments 3, we follow Egan et al. (2022)
to use GPT-2 small language model (Radford et al.,
2019) to compute the semantic distribution of text.
To evaluate the empirical performance of different
summarization evaluation metrics, we correlate the
metrics against the provided human judgement via
Pearson’s γ, Spearman’s ρ and Kendall’s τ cor-
relation coefficients (Benesty et al., 2009; Myers
and Sirois, 2004; Abdi, 2007). The metrics with
higher correlation with human evaluation scores
are more effective.

As TAC is a multi-document summarization
dataset, we score the summary with each docu-
ment in its multi-document set. The averaged score
of all documents is engaged as the final score of
our proposed metrics.

3.4 Results

In this section, we analyze the effectiveness of our
metrics using fine-grained semantic distribution
correlation and introducing compression ratio.
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Metric
Coh. Con. Flu. Rel.

γ ρ τ γ ρ τ γ ρ τ γ ρ τ
R-1 18.15 34.41 23.33 61.18 18.53 10.00 56.44 44.30 37.66 60.89 60.00 46.67
R-2 23.58 36.47 23.33 63.54 12.94 6.67 59.72 43.56 30.96 63.78 61.76 43.33
R-L 12.43 21.47 11.67 55.41 -21.47 -18.33 50.39 19.28 12.55 55.44 40.59 25.00
BLEU 22.60 17.65 10.00 54.39 -15.59 -13.33 52.81 26.20 17.57 57.60 39.12 23.33
MET. 15.62 45.59 26.67 66.22 67.35 46.67 57.95 71.23 56.07 62.67 71.76 50.00
BERT. 10.61 15.88 6.67 55.87 -7.35 -6.67 50.32 27.08 20.92 55.09 42.06 26.67
BLA. 14.93 12.35 11.67 62.94 77.06 61.67 55.02 47.24 34.31 46.90 35.29 31.67
Shan. 56.43 50.58 38.33 68.36 88.82 71.67 68.00 76.67 61.09 71.62 72.35 58.33
SDC 57.33 52.35 40.00 69.78 90.29 73.33 69.47 79.32 62.76 72.96 75.00 60.00
SDC* 59.10 56.18 43.33 73.85 90.00 73.33 73.47 79.91 64.44 75.79 77.35 63.33

Table 1: Correlation (%) between human evaluation and various automatic metrics on CNNDM.

Summary Comp. ↓ Shan. SDC SDC*
High-quality summary:
Chipotle will now be available for delivery with the Postmates app.
Online and mobile orders will be available in 67 cities.

0.25 0.20 0.20 0.32

Unfluent summary:
Postmates app will now be available for delivery with the Chipotle.
Online and mobile orders will be available in 67 cities.

0.25 0.18 0.15 0.25

Irrelevant summary:
Chipotle will now be available for delivery with the Postmates app.
Mexican restaurant Chipolte will be available in 67 cities.

0.24 0.20 0.17 0.28

Longer summary:
Mexican restaurant Chipotle has decided to tap into the 70 billion food
delivery market by teaming up with an app to bring burritos straight to
customers’ doors. The fast-casual chain will work with the Postmates
app to begin offering delivery for online and mobile orders in 67 cities.
The delivery fees for Postmates app at 5 and up.

0.70 0.62 0.33 0.31

Table 2: Automatic evaluation on different summaries of the document in Figure 1. To explain the effectiveness of
our metrics, we create some bad summaries. The information in red are wrong information.

3.4.1 Main Results

Table 1 shows that the correlation of our proposed
SDC and SDC* against human evaluation in dif-
ferent correlation coefficients are in the top 2 for
every category of summary quality. Compared with
reference-based metrics, our metrics improve sig-
nificantly in terms of consistency and relevance.
Because reference-based metrics depend on the
quality and quantity of references. The correlations
of SDC and SDC* are similar in terms of consis-
tency since SDC* penalizes long summaries. Long
summaries are more likely to express the informa-
tion consistent with their source documents. Our
metrics focus on the information shared with doc-
ument and summary. Compared with the SOTA
reference-free metric (Shan.) measuring the differ-
ence in information content between document and
summary, our metrics measure the difference in
semantic distributions, which better notices the to-
ken order in the sequence (coherence and fluency)
and the importance of each token (consistency and

3Data and code are available at
https://github.com/YizhuLiu/summeval

relevance) with respect to the sequence. Thus, our
metrics perform better than Shan.

To show the generalization of our proposed eval-
uation metrics, we compare the SOTA summariza-
tion evaluation metric (Shan.) and our proposed
evaluation metrics on TAC in Table 3. Compared
with Shan., SDC and SDC* are more consistent
with human evaluation on TAC, demonstrating our
proposed evaluation metrics can better evaluate
generated summaries. As shown in Table 1 and
Table 3, as TAC is multi-document summariza-
tion evaluation dataset, the improvement of SDC
and SDC* on TAC are less than that on CNNDM
. As we compute the average of evaluation scores
between the summary and each document in cor-
responding multiple documents, a good summary
may get lower scores. This is because that a good
summary may not perfectly restore all the input
multiple documents.

3.4.2 Ablation Study
The improvement of our metrics is from seman-
tic distribution correlation and compression ratio.
We evaluate the variants of the SOTA summariza-
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Metric
Overall

γ ρ τ
Shan. 75.44 63.11 45.46
SDC 75.91 65.14 46.57
SDC* 75.94 66.36 47.69

Table 3: Correlation (%) between human evaluation
and automatic metrics on TAC.

tion evaluation metric (Shan.) and our proposed
reference-free summarization evaluation metric
(SDC*) on CNNDM.

Semantic distribution correlation. Semantic
distribution is a finer representation of a document,
that is, the tokens’ order and tokens’ weight. The
tokens’ order decides the linguistic quality of a
text, so SDC-based scores are more sensitive to
the linguistic quality. As shown in Table 1, SDC
and SDC* perform much better than baselines for
evaluating coherence and fluency, as these two eval-
uation directions focus on linguistic quality. Com-
pared with the high-quality summary, the unfluent
summary and the irrelevant summary in Table 2 get
the similar Shannon scores and lower SDC scores,
which also shows that the semantic distribution
is useful. The tokens’ weight points out the im-
portant information in the document. Although
information content can represent the key content,
it cannot compare the importance among adjacent
tokens, which weakens the measure of semantic
relevance. As shown in Table 1 and Table 2, our
metrics improve the evaluation on consistency, rel-
evance and overall score. The difference in SDC-
based scores between the irrelevant summary and
the high-quality summary is more significant than
Shan. score.

Compression ratio. To discuss the impact of
compression ratio on summarization evaluation,
we introduce compression ratio into Shan. and get
Shan.* (See Section 3.2). As shown in Figure 3, af-
ter adding compression ratio, the evaluation metrics
have a strengthening trend. Meanwhile, the longer
summary in Table 2, which is redundant, is more
likely to represent more information of the docu-
ment. Thus, it is necessary to import compression
ratio to the metrics only considering information
coverage.

4 Conclusion

Semantic distribution correlation can capture the
fine-grained information difference between source
document and summary. The compression ratio

Figure 3: Kendall’s τ correlation of evaluation metrics
with and without compression ratio.

represents an important facet of text summariza-
tion problem. We experimentally showed that
SDC/SDC* achieves strong correlations with hu-
man evaluation scores on summarization tasks.
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Abstract
The development of over-parameterized pre-
trained language models has made a significant
contribution toward the success of natural lan-
guage processing. While over-parameterization
of these models is the key to their generaliza-
tion power, it makes them unsuitable for de-
ployment on low-capacity devices. We push
the limits of state-of-the-art Transformer-based
pre-trained language model compression us-
ing Kronecker decomposition. We present our
KroneckerBERT, a compressed version of the
BERTBASE model obtained by compressing the
embedding layer and the linear mappings in the
multi-head attention, and the feed-forward net-
work modules in the Transformer layers. Our
KroneckerBERT is trained via a very efficient
two-stage knowledge distillation scheme us-
ing far fewer data samples than state-of-the-art
models like MobileBERT and TinyBERT. We
evaluate the performance of KroneckerBERT
on well-known NLP benchmarks. We show
that our KroneckerBERT with compression fac-
tors of 7.7× and 21× outperforms state-of-the-
art compression methods on the GLUE and
SQuAD benchmarks. In particular, using only
13% of the teacher model parameters, it retain
more than 99% of the accuracy on the majority
of GLUE tasks.

1 Introduction

In recent years, the emergence of Pre-trained Lan-
guage Models (PLMs) has led to a significant break-
through in Natural Language Processing (NLP).
The introduction of Transformers and unsupervised
pre-training on enormous unlabeled data are the
two main factors that contribute to this success.

Transformer-based models (Devlin et al., 2018;
Radford et al., 2019; Yang et al., 2019; Shoeybi
et al., 2019) are powerful yet highly over-
parameterized. The enormous size of these models

does not meet the constraints imposed by edge de-
vices on memory, latency, and energy consumption.
Therefore there has been a growing interest in de-
veloping new methodologies and frameworks for
the compression of these large PLMs. Similar to
other deep learning models, the main directions for
the compression of these models include low-bit
quantization (Gong et al., 2014; Prato et al., 2019),
network pruning (Han et al., 2015), matrix decom-
position (Yu et al., 2017; Lioutas et al., 2020) and
Knowledge distillation (KD) (Hinton et al., 2015).
These methods are either used in isolation or in
combination to improve compression-performance
trade-off.

Recent works have been relatively successful
in compressing Transformer-based PLMs to a cer-
tain degree (Sanh et al., 2019; Sun et al., 2019;
Jiao et al., 2019; Sun et al., 2020; Xu et al., 2020;
Wang et al., 2020; Kim et al., 2021); however, mod-
erate and extreme compression of these models
(compression factors >5 and 10 resepctively) is
still quite challenging. In particular, several works
(Mao et al., 2020; Zhao et al., 2019a, 2021) that
have tried to go beyond the compression factor of
10, have done so at the expense of a significant drop
in performance.

Following the classical assumption that matri-
ces often follow a low-rank structure, low-rank de-
composition methods have been used for compres-
sion of weight matrices in deep learning models
(Yu et al., 2017; Swaminathan et al., 2020; Winata
et al., 2019) and especially Transformer-based mod-
els (Noach and Goldberg, 2020; Mao et al., 2020).
However, low-rank decomposition methods only
exploit redundancies of the weight matrix in the
horizontal and vertical dimensions and thus limit
the flexibility of the compressed model. Kronecker
decomposition on the other hand exploits redun-
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Figure 1: An example of Kronecker product of two 2 by
2 matrices.

dancies in predefined patches and hence allows
for more flexibility in their representation. Recent
works prove Kronecker product to be more effec-
tive in retaining accuracy after compression than
SVD (Thakker et al., 2019).

This work proposes a novel framework that
uses Kronecker decomposition for compression
of Transformer-based PLMs and provides a very
promising compression-performance trade-off for
medium and high compression levels, with 13%
and 5% of the original model parameters respec-
tively. We use Kronecker decomposition for the
compression of both Transformer layers and the
embedding layer. For Transformer layers, the com-
pression is achieved by representing every weight
matrix both in the multi-head attention (MHA) and
the feed-forward neural network (FFN) as a Kro-
necker product of two smaller matrices. We also
propose a Kronecker decomposition for compres-
sion of the embedding layer. Previous works have
tried different techniques to reduce the enormous
memory consumption of this layer (Khrulkov et al.,
2019; Li et al., 2018). Our Kronecker decomposi-
tion method can substantially reduce the amount of
required memory while maintaining low computa-
tion.

Using Kronecker decomposition for large com-
pression factors leads to a reduction in the model
expressiveness. This is due to the nature of the
Kronecker product and the fact that elements in
this representation are tied together. To address
this issue, we propose to distill knowledge from the
intermediate layers of the original uncompressed
network to the Kronecker network during training.

Training of the state-of-the art BERT compres-
sion models (Zhao et al., 2019a,b; Sun et al., 2020,
2019) involve an extensive training which requires
vast computational resources. For example in (Sun
et al., 2020), first a specially designed teacher, i.e
IB-BERTLARGE is trained from scratch on the en-

tire English wikipedia and Book Corpus. The stu-
dent is then pretrained on the same corpus via KD
while undergoing an additional progressive KD
phase. Another example is TinyBERT(Jiao et al.,
2019) which requires pretraining on the entire En-
glish Wikipedia and also uses extensive data aug-
mentation (20×) for fine-tuning on the downstream
tasks. We show that our Kronecker BERT can out
perform state-of-the-art with significantly less train-
ing requirements. More precisely, our Kronecker-
BERT model undergoes a very light pretraining on
only 10% of the English Wikipedia for 3 epochs
followed by finetuning on the original downstream
data.

Note that, while our evaluations in this work
are limited to BERT, this proposed compression
method can be directly used to compress other
Transformer-based NLP models. The main con-
tributions of this paper are as follows:

• Compression of the embedding layer using
the Kronecker decomposition with very low
computational overhead.

• Deploying the Kronecker decomposition for
the compression of Transformer modules.

• Efficient training the compressed model via
an intermediate-layer KD that uses only 10%
of English Wikipedia in the pretraining stage.

• Evaluating the proposed framework for com-
pression of BERTBASE model on well-known
NLP benchmarks

2 Related Work

In this section, we first go through some of the
most related works for BERT compression in the
literature and then review the few works that have
used Kronecker decomposition for compression of
CNNs and RNNs.

2.1 Pre-trained Language Model
Compression

In recent years, many model compression methods
have been proposed to reduce the size of PLMs
while maintaining their performance on different
tasks. KD, which was first introduced by (Buciluǎ
et al., 2006) and then later generalized by (Hin-
ton et al., 2015), is a popular compression method
where a small student network is trained to mimic
the behavior of a larger teacher network. Recently,
using KD for the compression of PLMs has gained
a growing interest in the NLP community. BERT-
PKD (Sun et al., 2019), uses KD to transfer knowl-
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edge from the teacher’s intermediate layers to the
student in the fine-tuning stage. TinyBERT (Jiao
et al., 2019) uses a two-step distillation method
applied both at the pre-training and at the fine-
tuning stage. MobileBERT (Sun et al., 2020) also
uses an intermediate-layer knowledge distillation
methodology, but the teacher and the student are de-
signed by incorporating inverted-bottleneck struc-
ture. Authors in (Zhao et al., 2019a) use a mixed-
vocabulary training method to train models with
a smaller vocabulary. They combine this method
with intermediate layer KD through shared projec-
tion matrices. In (Mao et al., 2020), the authors
present LadaBERT, a lightweight model compres-
sion pipeline combining SVD-based matrix factor-
ization with weight pruning while using KD for
training to achieve a high compression factor.

2.2 Kronecker Decomposition
Kronecker products have previously been utilized
for the compression of CNNs and small RNNs.
Zhou and Wu 2015 was the first work that uti-
lized Kronecker decomposition for NN compres-
sion. They used a summation of multiple Kro-
necker products to replace weight matrices in the
fully connected and convolution layers in simple
CNN architectures like AlexNet. Thakker et al.,
2020 used Kronecker product for the compression
of very small language models for deployment on
IoT devices. To reduce the amount of performance
drop after compression, they propose a hybrid ap-
proach where the weight matrix is decomposed
into an upper part and lower part. The upper part
remains un-factorized, and only the lower part is
factorized using the Kronecker product. More re-
cently, Thakker et al. 2020 tried to extend the pre-
vious work to non-IoT applications. Inspired by
robust PCA, they add a sparse matrix to Kronecker
product factorization and propose an algorithm for
learning these two matrices together.

To the best of our knowledge, this work is the
first attempt to compress Transformer-based lan-
guage models using Kronecker decomposition. Un-
like prior arts, we use a simple Kronecker product
of two matrices for the representation of linear lay-
ers and uses KD framework to improve the perfor-
mance.

3 Methodology

In this section, we first introduce the background
of Kronecker decomposition and then explain our

Look-up table Look-up table

see see

=

Conventional Proposed  
(Kronecker Embedding)

Figure 2: Illustration of our proposed method for the
compression of the embedding layer. Left: conven-
tional embedding stored in a lookup table. Right: Our
proposed compression method where the original em-
bedding matrix is represented as a Kronecker product
of a matrix and a row vector. The matrix is stored in a
lookup table to minimize computation overhead.

compression method in detail.

3.1 Kronecker Product
Kronecker product is an operation that is applied
on two matrices resulting in a block matrix. Let
A be a matrix ∈ IRm1×n1 , and let B be a matrix
∈ IRm2×n2 , then the Kronecker product of A and
B denoted by⊗ is a block matrix, where each block
(i, j) is obtained by multiplying the element Ai,j

by matrix B. Therefore, the resulting matrix A⊗B
is ∈ IRm×n where m = m1m2 and n = n1n2.
Figure 1 illustrates the Kronecker product between
two small matrices. See (Graham, 2018) for more
detailed information on Kronecker products. Re-
placing matrix product with Kronecker product re-
places the projection of the original linear space
by a more constrained linear space in in which the
projection angle is defined by the core tensors, see
Figure 5 in the appendix.

3.2 Kronecker Decomposition
Given a shape for A and B, i.e. (m1, n1,m2, n2),
any matrix W ∈ IRm×n, can be approximated
as a summation of Kronecker product of matrices
Ar ∈ IRm1×n1 and Br ∈ IRm2×n2 :

W ≈
I∑

i=1

Ai ⊗ Bi (1)

we can obtain exact representation of W by setting
the number of Kronecker summations I equal to
min(m1n1,m2n2). However, in order to achieve
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compression, a much smaller value of I is often
used. In fact prior arts show promising results
using a single Kronecker product (Thakker et al.,
2019, 2020). When decomposing a matrix W ∈
IRm×n, as A⊗B, there are different choices for the
shapes of A and B. The dimensions of A i.e m1

and n1 can be any factor of m and n respectively,
the dimensions of B will subsequently be equal to
m2 = m/m1 and n2 = n/n1.

3.2.1 The Nearest Kronecker Product
The nearest Kronecker problem is defined as find-
ing matrices A and B that their Kronecker product
best approximate a given W (for a given shape of
A and B):

min
A,B
∥W −A⊗B∥F . (2)

(Van Loan and Pitsianis, 1993) show that this
problem can be solved using rank-1 SVD approxi-
mation of rearranged W:

min
A,B

∥∥∥Rn1,m1(W)− V(A)V(B)⊤
∥∥∥
F
. (3)

Here, V is an operation that transforms a matrix to
a vector (vectorizes) by stacking its columns and
Rm2,n2 is a rearrangement operation that extracts
patches of size m2 × n2, vectorizes the resulting
patches and finally concatenates them together to
form a matrix of size m2n2 × m1n1. The rear-
rangement operation turns the Kronecker product
into a matrix of rank one while retaining the Frobe-
nius norm making the minimizations in Eq.3 and
Eq.2 equivalant. Hence, the rank-one SVD solu-
tion U(:,1)σV(:,1)T can be used to obtain the
optimum A and B as:

A = V−1m1,n1

(√
σU(:, 1)

)
(4)

B = V−1m2,n2

(√
σV(:, 1)

)
(5)

Here, V−1m1,n1
(x) is an operation that transforms a

vector x to a matrix of size m1 × n1 by dividing
the vector to columns of sizem1 and concatenating
the resulting columns together. Similarly, rank-r
SVD decomposition can be used to approximate
summation of Kronecker products. We use this
method for the initialization of Kronecker layers
from the non-compressed model.

3.2.2 Relation to SVD
By choosing n1 = 1 and m2 = 1, A becomes a
column vector of size ∈ IRm×1 and B becomes a

row vector of size IR1×n, then the Kronecker de-
composition becomes equivalent to rank-1 SVD
decomposition. Therefore rank-1 SVD is a spe-
cial case of Kronecker product decomposition and
rank-r SVD is a special case of Kronecker product
summation decomposition. This indicates that with
Kronecker product one can achieve more flexibility
than low rank decomposition.

3.2.3 Memory and Computation Reduction
When representing W as A ⊗ B, the number of
elements is reduced from mn to m1n1 + m2n2.
Moreover, using the Kronecker product to repre-
sent linear layers can reduce the required compu-
tation. In fact, a linear projection of any vector x
can be performed efficiently without explicit recon-
struction of A ⊗ B using the following popular
property of Kronecker product:

(A⊗B)X = V(BV−1n2,n1
(X)A⊤) (6)

where A⊤ is A transpose. The consequence of per-
forming multiplication in this way is that it reduces
the number of FLOPs from (2m1m2 − 1)n1n2 to:

min
(
(2n2 − 1)m2n1 + (2n1 − 1)m2m1,

(2n1 − 1)n2m1 + (2n2 − 1)m2m1

)
(7)

3.3 Kronecker Embedding Layer
The embedding layer in large language models is a
very large lookup table X ∈ IRv×d, where v is the
size of the dictionary and d is the embedding di-
mension. In order to compress X using Kronecker
decomposition, the first step is to define the shape
of Kronecker factors AE and BE . We define AE

to be a matrix of size v × d
n and BE to be a row

vector of size n. There are two reasons for defin-
ing BE as a row vector. 1) it allows disentangled
embedding of each word since every word has a
unique row in AE . 2) the embedding of each word
can be obtained efficiently inO(d). More precisely,
the embedding for the i’th word in the dictionary
can be obtained by the Kronecker product between
AE
i and BE :

Xi = AE
i ⊗BE (8)

whereAE is stored as a lookup table. Note that
since AE

i is of size 1× d
n and BE is of size 1×n, the

computation complexity of this operation is O(d).
Figure 2 shows an illustration of the Kronecker
embedding layer.
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Figure 3: Illustration of the proposed framework. Left: A diagram of the teacher BERT model and the student
KroneckerBERT. Right: The two-stage KD methodology used to train KroneckerBERT.

3.4 Kronecker Transformer
The Transformer layer is composed of two main
components: MHA and FFN. We use Kronecker de-
composition to compress both. In the Transformer
block, the self-attention mechanism is done by pro-
jecting the input into the Key, Query, and Value
embeddings and obtaining the attention matrices
through the following:

O = QK⊤
√
dk

(9)

Attention(Q,K,V) = softmax(O)V

where Q, K, and V are obtained by multiplying
the input by WQ, WK , WV respectively. In a
MHA module, there is a separate WQl , WKl , and
WVl matrix per attention head to allow for a richer
representation of the data. In the implementation
usually, matrices from all heads are stacked to-
gether resulting in 3 matrices W′k, W′Q and W′V .
Instead of decomposing the matrices of each head
separately, we use Kronecker decomposition after
concatenation:

W′K = Ak ⊗BK (10)

W′Q = AQ ⊗BQ

W′V = AV ⊗BV

By choosing m2 to be smaller than the output di-
mension of each attention head, matrix B in the
Kronecker decomposition is shared among all at-
tention heads resulting in more compression. The
result of applying Eq.9 is then fed to a linear map-
ping (WO) to produce the MHA output. We use

Kronecker decomposition for compressing this lin-
ear mapping as well the two weight matrices in the
subsequent FFN block:

WO = AO ⊗BO (11)

W1 = A1 ⊗B1 (12)

W2 = A2 ⊗B2 (13)

3.5 Knowledge Distillation
In the following section, we describe how KD is
used to improve the training of the KroneckerBERT
model.

3.5.1 Intermediate KD
Let S be the student, and T be the teacher, then
for a batch of data (X,y), we define fSl (X)
andfTl (X) as the output of the lth layer for the
student network and the teacher network respec-
tively. The teacher here is the BERTBASE and the
student is its corresponding KroneckerBERT that is
obtained by replacing the embedding layer and the
linear mappings in MHA and FFN modules with
Kronecker factors(see Sections 3.3 and 3.4 for de-
tails). Note that like other decomposition methods,
when we use Kronecker factorization to compress
the model, the number of layers and the dimen-
sions of the input and output of each layer remain
intact. Therefore, when performing intermediate
layer KD, we can directly obtain the difference in
the output of a specific layer in the teacher and
student networks without the need for projection.
In the proposed framework, the intermediate KD
from the teacher to student occurs at the embedding
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Model Compression
Factor

FLOPS WK,WQ,
WV,WO

W1,W2
T WE Number of sums

n,m d
BERTBASE 1× 21.7B 768, 768 768, 3072 768 1

n1,m1 n
KroneckerBERT8 7.8× 5.2B 384, 384 2, 8 8 1
KroneckerBERT21 21× 1.4B 48, 384 2, 16 16 1
KroneckerBERT5 5.5 × 9.4B 384, 384 384, 384 12 4

Table 1: Configuration of the Kronecker layers for the three KroneckerBERT models used in this paper. n and m
are the input and output dimensions of the weight matrices (W ∈ IRm×n). m1, n1 indicates the shape of the first
Kronecker factor (A ∈ IRm1×n1 ). For embedding layer we only need to set the size of the row vector BE ∈ IR1×n.

layer output, attention matrices and FFN outputs:

LEmbedding(X) = MSE
(
ES ,ET

)

LAttention(X) =
∑

l

MSE
(
OSl ,O

T
l

)

LFFN(X) =
∑

l

MSE
(
HSl ,H

T
l

)

where ES and ET are the output of the embedding
layer from the student and the teacher respectively.
OSl and OTl are the attention matrices (Eq.9), HSl
and HTl are the outputs of the FFN, of layer l in
the student and the teacher respectively.

Our final loss is as follows:

L(x, y) =
∑

(x,y)

LEmbedding(x) + (14)

LAttention(x) + LFFN(x) +

LLogit(x) + LStudent(x, y),

where LStudent(x) is the supervised loss of the stu-
dent, e.g. the cross entropy loss when fine-tuning
for sequence classification tasks.

3.5.2 KD at pre-training
Inspired by prior works we use KD at the pre-
training stage to capture the general domain knowl-
edge from the teacher. For the pre-training distil-
lation, the pretrained BERTBASE model is used as
the teacher. Intermediate layer KD is then used to
train the KroneckeBERT network in the general do-
main. KD at pre-training improves the initialization
of the Kronecker model for the task-specific KD
stage. The loss at the pre-training stage involves
the intermediate KD loss as in Eq. 14 as well as
the masked language modeling and next sentence
prediction. Unlike other methods, we perform pre-
training distillation only on a small portion of the
dataset (10% of the English Wikipedia) for a few
epochs (3 epochs) which makes our training far
more efficient. See Table 10 in the Appendix for

a comparison of training requirements by various
methods.

3.6 Model Settings
The first step of the proposed framework is to de-
sign the Kronecker layers by defining the shape of
A and B. Once the shape of one of them is set,
the shape of the other one can be obtained accord-
ingly. Therefore we only searched among different
choices for m1 and n1 which are limited to the
factors of the original weight matrix (m and n re-
spectively). We used the same configuration for
all the matrices in the MHA. Also For the FFN,
we chose the configuration for one layer, and for
the other layer, the dimensions are swapped. For
the embedding layer, since BE is a row vector, we
only need to choose n. The shapes of the Kro-
necker factors were chosen to obtain the desired
compression factor and FLOPS reduction accord-
ing to Eq.7. To investigate the effect of summation
we also selected one configuration with summation
of 4 Kronecker products. Similarly, after fixing the
number of summation we chose the configuration
that provided the desired compression and latency
reduction. Table 1 summarises the configuration of
Kronecker factorization for the three compression
factors used in this work.

3.7 Implementation details
For KD at the pre-training stage, the Kronecker-
BERT model was initialized using the teacher (pre-
trained BERTBASE model). This means that for
layers that were not compressed like the last layer,
the values are copied from the teacher to the student.
For initialization of the compressed layers in the
pre-training stage, the nearest Kronecker solution
explained in section 3.2.1 is used to approximate
Kronecker factors (A and B) from the pre-trained
BERTBASE model. In the pre-training stage, 10%
of the English Wikipedia was used for 3 epochs.
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Model Params MNLI-(m/mm) SST-2 MRPC CoLA QQP QNLI RTE STS-B Avg
BERTBASE 109.5M 83.9/83.4 93.4 87.9 52.8 71.1 90.9 67 85.2 79.5
BERT4-PKD 7.6B 79.9/79.3 89.4 82.6 24.8 70.2 85.1 62.3 79.8 72.6
MobileBERTTINY 15.1M 81.5/81.6 91.7 87.9 46.7 68.9 89.5 65.1 80.1 77.0
TinyBERT 14.5M 82.5/81.8 92.6 86.4 44.1 71.3 87.7 66.6 80.4 77.0
KroneckerBERT8 14.3M 83.0/82.7 91.9 88.5 39.8 71.5 90.2 67.2 84.5 77.7

Table 2: Results on the test set of GLUE official benchmark. The results for BERT, BERT4-PKD and TinyBERT are
taken from (Jiao et al., 2019). For all other baselines, the results are taken from their associated papers. Note that
our KroneckerBERT only performs pre-training KD on 10% of the Wikipedia. Also MobileBERT distils knowledge
from a specially designed teacher that is trained from scratch and TinyBERT uses an extensive data augmentation in
the fine-tuning stage.

Model Params MNLI-(m/mm) SST-2 MRPC CoLA QQP QNLI RTE STS-B
BERTBASE 108.5M 83.9/83.4 93.4 87.9 52.8 71.1 90.9 67 85.2
SharedProject 5.6M 76.4/75.2 84.7 84.9 - - - - -
LadaBERT4 11M 75.8/76.1 84.0 - - 67.4 75.1 - -
KroneckerBERT21 5.2M 81.3/80.1 88.4 87.1 28.3 70.5 86.1 64.7 81.3

Table 3: Results on the test set of the GLUE official benchmark for extreme compression factors. The results of
the baselines are taken from their associated papers. LadaBERT and SharedProject refer to (Mao et al., 2020) and
(Zhao et al., 2019a) respectively.

The batch size in pre-training was set to 64 and
the learning rate was set to e-3. After pre-training,
the obtained Kronecker model is used to initial-
ize the Kronecker layers in the student model for
task-specific fine-tuning. The Prediction layer is
initialized from the fine-tuned BERTBASE teacher.
For fine-tuning on each task, we optimize the hyper-
parameters based on the performance of the model
on the dev set. See appendix for more details on
the results and the selected hyperparameters.

4 Experiments

In this section, we compare our KroneckerBERT
with the sate-of-the-art compression methods ap-
plied to BERT on GLUE and SQuAD. We also
perform an ablation study to investigate the effect
of pretraining and KD.

4.1 Baselines
As for baselines we select two main categories of
compression methods, those with compression fac-
tor <10 and those with compression factor >10.
In the first category, we have BERTPKD (Sun
et al., 2019) with a low compression factor, and
models with similar compression factor as our
KroneckerBERT8: MobileBERT (Sun et al., 2020)
and TinyBERT (Jiao et al., 2019). We also com-
pare our results to the dynaBERT model (Hou et al.,
2020). For the second category, we compare our
results with SharedProject (Zhao et al., 2019a) and
LadaBERT (Mao et al., 2020) with compression
factors in the rage of 10-20x.

4.2 Results on the GLUE Benchmark
We evaluated the proposed framework on the Gen-
eral Language Understanding Evaluation (GLUE)
(Wang et al., 2018) benchmark which consists
of 9 natural language understanding tasks. We
submitted the predictions of our proposed mod-
els on the test data sets for different tasks
to the official GLUE benchmark (https://
gluebenchmark.com/). Table 2 summarizes
the results on GLUE test set for compression fac-
tors less than 10. We can see that KroneckerBERT8

outperforms other baselines in the majority of tasks
as well as on average. Moreover, the average per-
formance of KroneckerBERT8 excluding CoLA
is 82.4 which is only 0.5% less than that of the
teacher.

Table 3 shows the results for extreme compres-
sion on the GLUE test set. As indicated in the
table, the baselines for the higher compression fac-
tors only provided results on a limited set of GLUE
tasks. We can see that for higher compression fac-
tors, KroneckerBERT21 outperforms the baselines
on all available results.

In table 4 we compare the performance of Kro-
neckerBERT with the dynaBERT model (Hou et al.,
2020). We compare the results on dev set since the
results on test set were not provided in their pa-
per. We see that KroneckerBERT can outperform
dynaBERT with fewer number of parameters on all
GLUE tasks.
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Model Params MNLI-(m/mm) SST-2 MRPC CoLA QQP QNLI RTE STS-B Avg
KroneckerBERT5 20M 82.8/83.5 91.2 87.2 49.5 91.1 89.4 68.9 88.1 81.3
KroneckerBERT8 14.3M 82.8/83.5 91.1 87.5 43.6 90.9 90.7 69.66 88.0 80.9
DynaBERT 27M 83/83.6 91.6 83.1 48.5 91.0 90.0 67.9 88.2 80.8

Table 4: Results on the dev set of the GLUE. The results for DynaBERT are taken from (Hou et al., 2020)

CMP SQuAD1.1 SQuAD2.0
Model Factor EM F1 EM F1
BERTBASE 1× 80.5 88 74.5 77.7
BERT4-PKD 2.1× 70.1 79.5 60.8 64.6
TinyBERT 7.5× 72.7 82.1 68.2 71.8
KroneckerBERT8 7.8× 78.1 86.3 70.4 73.8
KroneckerBERT21 21× 70.7 80.5 66.9 69.3

Table 5: Results of the baselines and KroneckerBERT
on question SQuAD dev dataset. The results of the
baselines are taken from (Jiao et al., 2019).

Pre-training Fine-tuning MNLI-m SST-2 MRPC
(393k) (67k) (3.7k)

w KD w KD 82.8 91.0 87.5
None w KD 80.7 86.6 70.8
w KD w/o KD 80.0 88.8 86.5

Table 6: Ablation study of the effect pretraining and KD
in the fine-tuning stage. The results show the perfor-
mance of the KroneckerBERT8 on GLUE dev. w and
w/o denote with and without, respectively.

4.3 Results on SQuAD
In this section, we evaluate the performance of the
proposed model on SQuAD datasets. SQuAD1.1
(Rajpurkar et al., 2016) is a large-scale reading
comprehension which contains questions that have
answers in given context. SQuAD2.0 (Kudo and
Richardson, 2018) also contains unanswerable
questions. Table 5 summarises the performance
on dev set. For both SQuAD1.1 and SQuAD2.0,
KroneckerBERT8 with fewer number of parame-
ters can significantly outperform both TinyBERT
and BERT4-PKD baselines. We have also listed
the performance of KroneckerBERT21. The results
of baselines with higher compression factors on
SQuAD were not available.

4.4 Ablation Study
In this section, we investigate the effect of pre-
training and KD in reducing the gap between the
original BERTBASE model and the compressed Kro-
neckerBERT. Table 6 summarises the results for
KroneckerBERT8. Our proposed method uses KD
in both the pre-training and the fine-tuning stages.
For this ablation study, pre-training is only per-
formed via KD with the pre-trained BERTBASE as
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Figure 4: T-SNE visualization of the output of the
middle Transformer layer of the fine-tuned models
on SST-2 dev. Left: Fine-tuned BERTBASE, mid-
dle: KroneckerBERT8 fine-tuned without KD, right:
KroneckerBERT8 when trained using KD in two stages.
The colours indicate the positive and negative classes.

the teacher. We perform experiments on 3 tasks
from the GLUE benchmark with different sizes of
training data, namely MNLI-m, SST-2, and MRPC.
For all tasks, the highest performance is obtained
when the two-stage KD is used (first row). Note
that our light pretraining plays an important row
in improving the performance as shown in the first
and the second row (with and without pretraining
respectively). As the size of the task dataset de-
creases the effect of pretraining becomes more sig-
nificant. Also, removing KD from the fine-tuning
stage (task-agnostic compression) leads to an accu-
racy drop on all task. However, the drop is not as
pronounced as removing the pretraining stage. It
seems that KD in the fine-tuning stage has a larger
impact on tasks with larger datasets.

We also used t-SNE to visualize the output of
the FFN of the middle layer (layer 6) of the fine-
tuned KroneckerBERT8 with and without KD in
comparison with the fine-tuned teacher, on SST-
2 dev. Figure 4 shows the results. See how KD
helps the features of the middle layer to be more
separable with respect to the task compared to the
no KD case.

5 Conclusion

We introduced a novel method for compressing
Transformer-based language models that uses Kro-
necker decomposition for the compression of the
embedding layer and the linear mappings within
the Transformer blocks. The proposed framework
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was used to compress the BERTBASE model. We
used a very light two-stage KD method to train the
compressed model. We show that the proposed
framework can significantly reduce the size and the
number of computations while outperforming state-
of-the-art. The proposed method can be directly ap-
plied for compression of other Transformer-based
language models. The combination of the proposed
method with other compression techniques such
layer truncation, pruning and quantization can be
an interesting direction for future work.
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A Appendix

A.1 Training Details
In this section, we include more details of our exper-
imental settings presented in Section 4 of the paper.
For optimization, we used BERTadam and searched
learning rate in range {5e− 5, e− 4, 5e− 4, }. For
pretraining the learning rate was set to 1e-13 and
the number of epochs was set to 3. The batch size
in all experiments were set to 32. For the GLUE
benchmark, We searched epochs in range {5-15}
for all tasks except CoLA. For CoLA we searched
epochs in range {15-30}. This is because similar
to other studies (Mosbach et al., 2020; Zhang et al.,
2020) we noticed that running CoLA for more
epochs is necessary to reduce its sensitivity to ran-
dom seed. The sequence length at the pre-training
stage is set to 512 and at the fine-tuning stage is
set to 128 for GLUE benchmark. For SQuAD1.1
and SQuAD2 the sequence length is set 384 and
the batch size was set to 64 and the epochs were
varied in the range {1-14}. Also, the learning rate
was set to e-4 and

Table 7 shows the result of the best-performing
models on dev set for KroneckerBERT21. Tables 8
shows the learning rate for the best-performing
models. The training was performed on V100
GPU and the average latency for training of
KroneckerBERT21 for a batch size of 64 was 32ms.
All the values are the results of single runs.

A.2 Out of domain robustness
It is shown that pre-trained Transformer-based lan-
guage models are robust to out-of-domain (OOD)
samples (Hendrycks et al., 2020). In this sec-
tion, we investigate how the proposed compression

Wx

A⊗B

(A⊗B)x

Figure 5: Geometrical interpretation of projecting a
matrix product onto a Kronecker product. The angle of
projection is defined by the the size of A and B.

method affects the OOD robustness of BERT by
evaluating the fined-tuned models on MRPC and
SST-2 on PAWS (Zhang et al., 2019) and IMDb
(Maas et al., 2011) respectively. We compare OOD
robustness with the teacher, BERTBASE and Tiny-
BERT. TinyBERT fine-tuned checkpoints are ob-
tained from their repository. Table 9 lists the results.
KroencekrBERT8 outperforms TinyBERT on two
of the three OOD experiments. We can see the
fine-tuned KroneckerBERT8 models on MRPC is
robust to OOD since there is a small increase in
performance compared to BERTBASE. On IMDb
our KroenckerBERT8 has a small drop in accuracy
(1.5% compared to 9.5% for TinyBert) after com-
pression.

A.3 Training efficiency
Table 10 shows the training requirements of differ-
ent compression methods in terms of their training
data. Some models require pretraining a designed
teacher from scratch before pretraining the student.
KroneckerBERT however only pretrain on 10% of
Wikipedia for 3 epochs. For fine-tuning in contrast
to TinyBERT our KroneckerBERT model is trained
for on the original data. The number of fine-tuning
epochs for the majority of the GLUE tasks is less
than 15.

A.4 Geometrical interpretation of Kronecker
product projection

Figure 5 shows a geometrical interpretation of Kro-
necker product projection versus the original lin-
ear projection. It shows how Kronecker product
constraints the space of possible projections. The
flexibility of this space is a function of the shape of
the core matrices A and B.
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Model MNLI-(m/mm) SST-2 MRPC CoLA QQP QNLI RTE STS-B Average
KroenckerBERT21 80.6/80.6 88.9 86.2 34 90 87.2 66.4 86.4 77.8

Table 7: The results of the best-performing models on GLUE dev.

Hyperparamter MNLI-m MNLI-mm SST-2 MRPC CoLA QQP QNLI RTE STS-B
KroneckerBERT8 e-4 e-4 e-4 e-4 5e-5 e-4 e-4 1e-5 e-4
KroneckerBERT21 5e-4 5e-4 5e-4 5e-4 5e-4 e-4 5e-4 5e-5 5e-4

Table 8: The hyper-parameters for the KroneckerBERT models

Model MRPC→ PAWS SST-2→ IMDb RTE→ HANS
BERTBASE 61.3 88.0 50.7
TinyBERT 61.3 78.5 51.2
KroneckerBERT8 61.4 86.5 50.4

Table 9: The results of out of distribution experiment. Fined-tuned models on MRPC and SST-2 are evaluated on
the dev sets of PAWS and IMDb respectively.

Model Pretraining a specific teacher Pretraining student Fine-tuning student
MobileBert IB-BERTLARGE on EW+BC EW+BC task data
Shared project BERTLARGE with mixed vocabulary on EW+BC EW+BC task data
TinyBert None EW task data + Data Augmentation(20x)
KroneckerBERT None 10% EW task data

Table 10: Sample efficiency during training in various methods. EW and BC denotes English Wikipedia and Book
corpus with 2.5B and 800M words respectively.

A.5 Datasets
We evaluate the proposed framework on the Gen-
eral Language Understanding Evaluation (GLUE)
(Wang et al., 2018) benchmark (https://
gluebenchmark.com/). This benchmark con-
sist of the following tasks in English language:
Stanford Sentiment Treebank (SST-2)(Socher et al.,
2013) and CoLA (Warstadt et al., 2019) for Senti-
ment Classification. , on Microsoft Research Para-
phrase Corpus (MRPC) (Dolan and Brockett, 2005)
Quora Question Pairs (QQP) (Chen et al., 2018) for
Paraphrase Similarity Matching, Multi-Genre Nat-
ural Language Inference (MNLI) (Williams et al.,
2017), and Recognizing Textual Entailment (RTE)
(Bentivogli et al., 2009) for Natural Language in-
ference.

We also evaluate the performance of the model
on SQuAD datasets (https://rajpurkar.
github.io/SQuAD-explore). The datasets
are distributed under the CC BY-SA 4.0 license.
SQuAD1.1 (Rajpurkar et al., 2016) is a large-scale
English reading comprehension that contains 87K
question that have answers in the training set(10k
in the dev set). SQuAD2.0 (Rajpurkar et al., 2018)
combines the questions in SQuAD1.1 with over
50,000 unanswerable questions (130k samples in
the training and 11k in the dev set).
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Abstract

Recent open-domain dialogue models have
brought numerous breakthroughs. However,
building a chat system is not scalable since
it often requires a considerable volume of
human-human dialogue data, especially when
enforcing features such as persona, style, or
safety. In this work, we study the challenge
of imposing roles on open-domain dialogue
systems, with the goal of making the sys-
tems maintain consistent roles while convers-
ing naturally with humans. To accomplish
this, the system must satisfy a role speci-
fication that includes certain conditions on
the stated features as well as a system pol-
icy on whether or not certain types of utter-
ances are allowed. For this, we propose an
efficient data collection framework leveraging
in-context few-shot learning of large-scale lan-
guage models for building role-satisfying dia-
logue dataset from scratch. We then compare
various architectures for open-domain dia-
logue systems in terms of meeting role specifi-
cations while maintaining conversational abil-
ities. Automatic and human evaluations show
that our models return few out-of-bounds ut-
terances, keeping competitive performance on
general metrics. We release a Korean dialogue
dataset we built for further research1.

1 Introduction

Recent large-scale language models (LMs) have
brought numerous breakthroughs in open-domain
dialogue systems, yielding human-like responses
(Zhang et al., 2020; Adiwardana et al., 2020;
Brown et al., 2020; Roller et al., 2021; Kim et al.,
2021a). In addition, there have been progresses in
controlling dialogue systems in persona, style, and
safety (Zhang et al., 2018; Smith et al., 2020; Xu
et al., 2021), which impose consistency on chat-
bot’s personality and mitigate undesirable features

1The dataset is available at https://github.com/
naver-ai/carecall-corpus

Figure 1: An example of a chatbot system that cares
for senior citizens living alone. The utterance in red
highlights the model’s mistaken identity as a chef rather
than the caring chatbot.

such as toxic or biased language. However, build-
ing a chatbot system combining these capabilities is
still challenging, which requires numerous human-
human dialogues for those conversational skills.

Most task-oriented dialogue systems conduct
specific roles such as booking assistants, infor-
mation providers, customer service agents, or per-
sonal assistants (Eric et al., 2017; Xu et al., 2017;
Budzianowski et al., 2018). However, studies on
open-domain dialogue systems that perform spe-
cific roles have been insufficiently investigated,
even though the role can be defined for the practical
chatbot systems (e.g., chatbots that care for senior
citizens living alone, or counseling chatbots). In
these cases, the chatbot systems do not have an ex-
plicit goal or task other than to proactively engage
in conversations, but may have system policies on
whether or not certain types of utterances are al-
lowed (example in Figure 1).

To address these issues, we study methods for
Role Specified Open-Domain Dialogue (RSODD)
systems. The goal of the system is conversing nat-
urally with humans on open-ended topics while
keeping conditions of given role. Certain condi-
tions in persona, style, safety, and system policy
must be satisfied in order to achieve the goal. We

2128

https://github.com/naver-ai/carecall-corpus
https://github.com/naver-ai/carecall-corpus


consider a general and scalable framework to treat
them, instead of using individual approaches to
control each.

In particular, we present a Human-AI collabora-
tive data construction method to build a scalable
supervisory dataset from scratch for role-satisfying
open-domain dialogues (Figure 2). We propose to
leverage large-scale LMs for generating entire di-
alogue sessions between user and system by in-
context few-shot learning manner (Brown et al.,
2020; Kim et al., 2021a), followed by human-
interactive correction processes. Our method can
significantly reduce the cost of building dataset
when compared to manually producing gold dia-
logues (Section 3.2). We compare several architec-
tures for modeling role-satisfying chatbot systems
in the synthetic dataset. In extensive experiments
and ablation studies, we show that the proposed
models considerably reduce undesirable utterances
that violate the given role specification compared
to the in-context learning baseline, while achieving
competitive SSA (Adiwardana et al., 2020) scores
for their responses. We release the Korean dialogue
dataset we built to validate our framework, which
is expected to provide more insights into the capa-
bilities of the proposed methods and to contribute
to the public Korean dialogue datasets.

The contribution of our work is summarized as
follows.

1. We make a step towards role specified open-
domain dialogue (RSODD) systems which
are capable of conversing naturally on open-
ended topics while satisfying role specifica-
tions.

2. We suggest employing in-context learning of
large-scale LMs as a scalable method for dia-
logue data construction.

3. We compare various architectures for RSODD
systems to analyze the capabilities in terms of
satisfying system policies.

4. We release the first Korean RSODD dataset
while demonstrating the effectiveness of data
construction method.

2 Related Work

Pretrained LM in Open-domain dialogue
Many prior works tried to pretrain the models on
large-scale social comment chains data like Red-
dit to model conversational behavior (Zhang et al.,

Figure 2: Our proposed framwork: (1) the dialogue
developer provides a role specification of the desired
chatbot and a few dialogue examples, (2) large-scale
LMs generate entire dialogues and crowd workers fil-
ter the system’s utterances, (3) a dialogue model is
trained with supervised learning on the dataset, (4)
crowd workers chat 1:1 with the chatbot and give ad-
ditional feedback.

2020; Adiwardana et al., 2020), followed by fine-
tuning on the diverse target dialogue dataset to im-
prove engagingness and humanness (Roller et al.,
2021). To avoid undesired behaviors of the models
including toxicity and bias from the human-human
conversation, they merely exclude some parts of
training data using automatic filtering by prede-
fined criteria.

Synthetic Dialogue Generation To reduce cost
of dialogue collection, there have been many ap-
proaches to generate synthetic dialogues (Schatz-
mann et al., 2007; Shah et al., 2018; Campagna
et al., 2020). They usually define task schema, rules
and templates to simulate certain scenarios in the
task-oriented dialogue (TOD). Kim et al. (2021b)
proposed neural simulation approach using pre-
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trained LMs for a fast domain adaptation in the
TOD. However, they need training data of source
domain to transfer to an unseen target domain.

Xu et al. (2021) proposed Bot-Adversarial Di-
alogue method to make existing models safer in
terms of offensive or toxic behavior. Sun et al.
(2021) extends existing task-oriented dialogue
dataset to open-domain chit-chat using the pre-
trained LMs. Both of the works actively utilize
large-scale pretrained LMs to build dialogue corpus
with human supports. We also introduce human-AI
collaborative dialogue collection method, while es-
pecially utilizing few-shot in-context learning abil-
ity of large-scale LM (Brown et al., 2020; Kim
et al., 2021a). To the best of our knowledge, this
work is the first to propose using the in-context
learning approach to generate synthetic samples
from large-scale language models for the purpose
of dialogue data generation.

On the Role in Dialogue In TOD, the system
side plays functional roles utilizing explicit knowl-
edge base of specific domain (Williams et al., 2013;
Henderson et al., 2014a,b; Eric et al., 2017; Xu
et al., 2017; Budzianowski et al., 2018). For ex-
ample, agent in Budzianowski et al. (2018) played
booking assistant or information provider in var-
ious domain such as restaurant and hotel. On the
other hand, Zhang et al. (2018) proposed assigning
explicit persona to each dialogue agent, promot-
ing the agent to make more specific and consistent
responses in open-domain dialogue setting. How-
ever, the persona given by a few natural language
sentences is insufficient to represent specific role
in the real world scenario. Sun et al. (2021) also
proposed guidelines of appropriate and inappropri-
ate behaviors as a role of virtual assistant. We note
that a recent concurrent work (Shuster et al., 2021)
studied conditioning dialogue models with similar
motivations. We explore more into how to fix the
chatbot’s role to meet specific system policies in
diverse conversational interactions.

Companion Dialogue System Building com-
panionable dialogue system has long been investi-
gated along with the advancement of open-domain
dialogue models. Webb et al. (2010) defines com-
panions to be persistent, collaborative and conver-
sational partners, and proposes evaluation strate-
gies: empathy, positivity, and adaptive. Kopp et al.
(2018) introduced conversational assistants for el-
derly users which carry out socially cooperative di-

Figure 3: An example of in-context one-shot dialogue
generation for the data construction process. (a) The
outline of the chatbot is fixed for all generation and the
example dialogue is sampled for each generation from
dialogues written by human. (b) The utterances in blue
are positive examples, and the one in red is a negative
example for training dialogue agents.

alogue. However role consistency of such compan-
ionable dialogue systems are not studied enough.

3 Data Construction

In this section, we describe a framework to gather
supervisory data for building RSODD systems. The
input to the framework is a role specification de-
scribed by the chatbot developer (Table 1 for ex-
ample), which defines the conditions in the dia-
logue interactions for the system. We assume a
pre-existing dataset that properly meets the specifi-
cation isn’t available. It is also infeasible to write
enough dialogue examples manually to train the
system because the scope of dialogue is very broad
and diverse due to the nature of open-domain dia-
logues. To remedy this, we focus on composing the
dataset with a few samples of human-written dia-
logues using in-context few-shot learning of large-
scale LMs (Brown et al., 2020; Liu et al., 2021).

3.1 One-shot Dialogue Generation

As reported in Kim et al. (2021a), large-scale LMs
can generate dialogues with a specific personality,
given a prompt consisting of a brief description
of the chatbot’s properties and few dialogue exam-
ples. We use this method to build the entire dataset.
First, we write a few dialogue examples that sat-
isfy the role specification. And we attach each of
them at the end of the system description (Outline
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Outline
The chatbot is an artificial intelligence agent that regularly calls and converses with senior citizens.
Initiate the conversation and react friendly to the user’s utterances.
Talk about everyday topics for 10-15 turns and end the call.

Details
Categories Specification
Sensibleness Description Speech that does not properly understand the context is restricted.
Style Description Speech should be polite∗ and respectful.
Safety Description Hate speech, toxic or biased language, and remarks containing personally identifiable information are all prohibited.

Persona
Description

Keep the identity of an ‘AI chatbot that calls to the user.’
Because it assumes a phone call, utterances that appear to be in the same room as the user are limited.
Since there is no physical entity, statements implying a meeting, such as ‘Let’s do it together’ and ‘I’ll do it for you,’ are restricted.

Examples
"Grandma! I’m here!" (X)
"Would you like to walk with me?" (X)
"I’ll invite you to my house later" (X)

System Policy
Temporality

Description
Because it is not given time-related information, the chatbot is unable to offer a timely utterance.
Chatbots are not allowed to speak first about the current weather, date, or news.
However, if the user brings up the subject first, it is feasible to agree.

Examples
"Because the weather is turning cold these days, you should dress warmly." (X)
"Happy Holidays!" (X)
"Did you watch the baseball championship game today?" (X)

Unsupported Features
Description

It does not provide any other functions other than making phone calls and chatting.
It does not play a song, provide current weather information, or make a phone call to someone else.

Examples
"I’ll play a song." (X)
"Today’s weather is sunny, with a low of 12 degrees and a high of 21 degrees Celcius." (X)
"Then I’ll call your daughter." (X)

∗ There are polite words and honorifics in the Korean language.

Table 1: Example role specification used. In experiments, we use it as criteria to guide seed dialogue examples
creation for the one-shot dialogue generation, filter the generated dialogues, and evaluate the final system. All the
texts are translated into English and some sorts of them are simplified or omitted for better understanding.

in Table 1) to compose input prompts for one-shot
in-context learning. Figure 3 (a) shows an example
input. Then, the LM generates whole dialogue ses-
sions. That is, the LM acts as both a system and a
user (Figure 3 (b)). Only the generated dialogues
are included in the dataset without input prompts.

3.2 Human Filtering

It is difficult to include all the details of specifica-
tions in the prompt and reflect them in the genera-
tion. Therefore, we employ human annotation on
the generated data. We give the annotator each con-
versation session and ask them to label the point
where the first out-of-bounds2 occurred. Figure 3
(b) shows an example of a verified dialogue (more
examples are provided in Appendix H). We use the
turns just before the utterance annotated to be prob-
lematic as positive examples, and use the annotated
turn as a negative example. The following turns
are not used, because the context may be already
damaged by the problematic utterance. Annotation
time per dialogue session is about 88s, which is
13.3 times faster than human writing time per ses-
sion (about 1170s). The percentage of remaining
utterances after the filtering phase is 30.4% (See
Table 2).

2An utterance that does not meet the conditions of the
given role specification (Table 1 for example).

3.3 Collecting Human-Bot Dialogues

Although human filtering is included in the dataset
building process, the actual utterances are all
machine-generated. Whereas, the system trained on
them engages in conversations with human users in
the deployment phase. To mitigate this discrepancy,
we employ a human-in-the-loop phase to collect
patterns of human-bot dialogues. Annotators have
turn-by-turn conversations as users with the system,
while correcting out-of-bounds utterances from the
system. We incorporated LM’s assistance into this
process to help speed the task; if the system’s re-
sponse is not appropriate, an annotator presses the
‘Fix’ button (Figure 6 in Appendix showing the user
interface) to call the large-scale LM to generate an
alternative utterance. The worker continues the con-
versation if the alternate utterance is appropriate,
and if it is still not corrected, presses the ‘Fix’ but-
ton repeatedly. The corrected dialogue is used to
compose positive examples, and the utterance when
the button is pressed is used as a negative example.
This procedure enriches the dataset by producing
additional positive and negative examples in sce-
narios similar to real-time conversations.

In addition, we propose this process as an eval-
uation metric for the system. Since the action of
pressing the ‘Fix’ button means that an inappro-
priate utterance is returned from the system, it can
be used for the system’s error rate; the rate of the
corrected responses among the total returned re-
sponses. This metric is intuitive and does not incur
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additional costs because it is performed concur-
rently with the data collection process described
above.

4 Models

4.1 Notation

Response prediction task in open-domain
dialogues is predicting an utterance
y = {y1, y2, · · · , y|y|} given a dialogue his-
tory x = {s1, u1, s2, u2, · · · , sk, uk}, where si
and ui are system utterance and user utterance
respectively.

4.2 Out-of-Bounds Detection

The most straightforward method for constraining
the system’s utterances according to the role speci-
fication is to detect and discard out-of-bounds ut-
terances. We consider a BERT-based (Devlin et al.,
2019) binary classifier fine-tuned to classify posi-
tive/negative examples in datasets. Since the clas-
sifier cannot perform a conversation by itself, we
assume a two-stage model; a response prediction
model returns responses, which are censored by the
classifier. If an out-of-bounds utterance is detected,
we select and return one of several pre-defined ques-
tions about other topics, similar to the method used
in Xu et al. (2021). Instead of random choice, we
selected the question with lowest PPL measured
using LMs, as depicted in Section 4.3.

4.3 Response Selection

Another conceivable approach to constrain the sys-
tem’s utterances is to pre-filter the response candi-
dates for response selection models. We employ a
2-step approach for the response selection model,
retrieve-and-rerank. The retriever of poly-encoder
architecture (Humeau et al., 2020) rapidly finds
the top-k plausible responses from the response
candidates, which are then carefully reranked by
the reranker of cross-encoder architecture. Both re-
triever and reranker are fine-tuned in the same way
as Humeau et al. (2020) depicts.

Since the response candidates are limited by fil-
tering, it is important to predict the context which
cannot be answered with response candidates in
order to avoid non-sensible responses. One of the
effective methods to predict unanswerable contexts
is to utilize the uncertainty of the model (Feng
et al., 2020; Penha and Hauff, 2021). Penha and
Hauff (2021) proposed a risk-aware score using
MC Dropout (Gal and Ghahramani, 2016) and

Figure 4: Retrieve-fail-Generate pipeline.

we employ a similar approach using thresholding;
we score the retrieved responses using mean and
variance of the predictive distribution from MC
Dropout:

SD(x, ŷ) = E[Rŷ]− var[Rŷ],

where ŷ is a candidate response that is retrieved,
Rŷ = {f(x, ŷ1), f(x, ŷ2), · · · f(x, ŷm)} is a pre-
dictive distribution obtained by employing dropout
(Srivastava et al., 2014) at test time and conduct-
ing m forward passes, and f is a score function
of reranker. If all the scores of retrieved responses
are lower than a certain threshold, it is predicted as
unanswerable context.

We also consider another approach using per-
plexity (PPL) of large-scale LMs. We concatenate
the dialogue context and the retrieved response to
make an input to LM and measure the PPL of the re-
sponse. Thresholding is employed for final decision
and the threshold is determined on the validation
set (See Appendix C).

4.4 Response Generation
Fine-tuning LMs on target data is known to be ef-
fective in learning desirable traits of focused tasks
(Roller et al., 2021; Gehman et al., 2020). There-
fore, we consider fine-tuned LMs as response gen-
eration model using maximum likelihood estima-
tion (MLE). On the other hand, unlikelihood (UL)
training is known to be effective in mitigating un-
desirable features (e.g., token repetition or logical
inconsistency) of generative models (Li et al., 2020;
Welleck et al., 2020). We found that this can be gen-
eralized further and applied to the diverse attributes
to be constrained. That is, the MLE is applied to
the positive examples in the dataset in order to
encourage the system to generate utterances with
desirable features, while the UL training is applied
to the negative examples in order to discourage the
system from generating utterances with undesir-
able features. Both types of training are performed
concurrently.
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Formally, we fine-tune LMs as generative mod-
els using maximum likelihood estimation (MLE),
which minimizes:

LnMLE(pθ, x
n, yn) = −

∑

t

log pθ(y
n
t |xn, yn<t),

where xn is a dialogue history in positive examples
and yn is a corresponding gold response. Unlikeli-
hood training is done by adding a loss that penalizes
the token set Ct to be constrained,

LnUL(pθ, C1:T , x, y) =

−
∑

t

∑

yc∈Ct
log (1− pθ(yc|x, y<t)),

where Ct ⊆ V is a subset of the vocabulary. We
employ this to the negative examples in dataset
{(x−, y−)}. For this, Ct is defined as {y−t }, which
results in the following:

L−UL(pθ, x
−, y−) =

−
∑

t

log (1− pθ(y−t |x, y−<t)).

The final loss function consists of mixing MLE loss
and UL loss,

L = L+MLE + αL−UL, (1)

where α ∈ R is the mixing hyper-parameter.

4.5 Retrieve-fail-Generate
We also consider a pipelined approach that consists
of response selection and generation models. We
first tried a Retrieve-and-Refine architecture (Roller
et al., 2021; Weston et al., 2018), but it failed in
α-blending3. In addition, according to Roller et al.
(2021), the Retrieve-and-Refine strategy delivers
marginal or no improvements over the generator.
Therefore, we build another pipeline, refered to
as a Retrieve-fail-Generate model (Figure 4). In
this pipeline, the response selection model tries
to select appropriate responses. If the model for
predicting unanswerable contexts dismisses the se-
lected ones, the response generation model returns
a response for the given context. It is relatively easy
to control response selection models by managing
the response candidates. Hence, the response se-
lection models are responsible for majority of the
responses, and the generation model is only used
when the response selection fails.

3In our experiments, all retrieved responses are copied
or ignored depending on the α value, reducing the model to
a retriever or generator. This has also been highlighted in a
recent concurrent study (Han et al., 2021).

Dialogue Type Example Generated Filtered Feedback

# Dialogues 250 25,000 17,617 1,623
# Turns 3,893 510,028 154,903 29,365
Avg. turns / dialogue 15.57 20.40 8.79 18.09
# Pos. examples - - 47,091 10,829
# Neg. examples - - 18,583 3,529
# Unique sys-turns 1,805 170,527 36,227 9,405

# Words 35,253 4,292,613 705,253 178,357
Avg. words / turn 9.06 8.42 4.55 6.07
# Unique words 11,341 187,018 48,910 32,477
# Unique bigrams 23,507 893,041 176,834 86,335
Distinct-1 0.3215 0.0436 0.0694 0.1821
Distinct-2 0.7907 0.2538 0.3067 0.5795

Table 2: Statistics of dataset collected in Section 5.1.
Example is a human-written dialogue set for in-context
learning. Generated is a generated set by LMs (Section
3.1). Filtered is a set after human filtering phase (Sec-
tion 3.2). Feedback is human-bot dialogues with cor-
rections (Section 3.3). The positive and negative exam-
ples are pairs of (dialogue history, response). Distinct-
1/2 (Li et al., 2016) is the number of distinct uni- or
bi-grams divided by total number of words.

5 Experiments

We detail experimental settings and results in this
section, including evaluations of the data collected
by in-context few-shot learning (Section 5.2), com-
parisons of model variants (Section 5.3), and evalu-
ations on system’s response qualities (Section 5.4).

5.1 Dataset

We built a Korean dialogue dataset for a chatbot
system to have casual conversations on a regular ba-
sis with senior citizens who live alone. This dataset
was collected using the framework described in
Section 3, assuming a role specification in Table 1.
250 dialogue examples with 89 topics (more details
are in Appendix D) were used for in-context 1-shot
generation. We used 39B size of HyperCLOVA
(Kim et al., 2021a) as generation model (sampling
at temperature 0.5 using nucleus sampling (Holtz-
man et al., 2020) with P = 0.8). Table 2 shows
the statistics of the dataset (additional analysis in
Appendix E). We use 5% of each for validation
sets.

5.2 Evaluation on Generated Dialogues

We first assess the quality of the generated dia-
logues to verify the dialogue generating method
described in Section 3.1. Using four different sizes
of HyperCLOVA, we generate 100 dialogue ses-
sions for each with the same prompt. We ask the
crowd workers to rate on a scale of 1 to 5 whether
the generated dialogue satisfies several conditions
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Automatic Metrics Human Evaluations

User System

Model Distinct-1 Distinct-2 Fluency Coherence Situation Persona Persona Style Safety

1.3B 0.2959 (0.0042) 0.6630 (0.0053) 4.98 (0.02) 4.54 (0.21) 4.57 (0.29) 4.54 (0.15) 4.31 (0.23) 4.91 (0.05) 4.98 (0.03)
13B 0.3075 (0.0037) 0.6500 (0.0054) 4.97 (0.02) 4.55 (0.14) 4.74 (0.23) 4.65 (0.11) 4.33 (0.20) 4.93 (0.04) 4.98 (0.02)
39B 0.3334 (0.0038) 0.6779 (0.0061) 4.98 (0.03) 4.59 (0.19) 4.69 (0.22) 4.69 (0.12) 4.37 (0.21) 4.88 (0.05) 4.97 (0.02)
82B 0.3402 (0.0040) 0.7014 (0.0057) 4.98 (0.02) 4.56 (0.24) 4.78 (0.17) 4.74 (0.15) 4.49 (0.17) 4.96 (0.07) 4.96 (0.03)

Table 3: Automated metric and human evaluations for generated dialogues from various size of LMs. Scores are
averaged (standard deviation in brackets).

Model # of system turns error rate not sensible wrong persona policy violation not safe etc.
(%) (%) (%) (%) (%) (%)

Out-of-Bounds Detection
Generator (IC) + Classifier 1,471 18.10 9.31 1.61 2.49 0.07 4.66
Response Selection
Retrieve-and-Rerank 1,230 13.17 10.68 0.72 1.53 0.00 0.24
Retrieve-and-Rerank w/ MC Dropout 1,272 9.82 7.58 0.36 1.66 0.00 0.22
Retrieve-and-Rerank w/ PPL 1,300 7.00 5.10 0.40 1.16 0.00 0.34
Response Generation
Generator (IC) 985 35.83 16.05 6.24 8.66 0.17 4.68
Generator (MLE) 1,291 4.72 3.55 0.76 0.30 0.00 0.10
Generator (UL) 1,497 3.82 3.29 0.23 0.10 0.00 0.17
Retrieve-fail-Generate
Retrieve-and-Rerank w/ PPL + Generator (UL) 1,522 2.56 2.20 0.17 0.16 0.00 0.00
Retrieve-and-Rerank w/ PPL + Generator (UL) + Feedback Data 1,599 2.00 1.88 0.00 0.10 0.00 0.00

Table 4: Human evaluation results. As described in Section 3.3, the crowd workers chat 1:1 with a chatbot as
users and correct the inappropriate responses. The error rate is the proportion of corrected responses among all the
system’s responses. The workers additionally annotate what kind of error occurs based on the role specification.

expected to be controlled through in-context learn-
ing (the detailed description of the evaluation cri-
teria is provided in Appendix F). The results are
shown in Table 3. It shows that the larger the model
size, the better to meet the conditions by in-context
learning, which is also shown in previous studies
(Brown et al., 2020; Kim et al., 2021a). In addition,
Distinct-1/2 (Li et al., 2016) indicates that the text
generated by large models is more diverse.

5.3 Model Comparison

Out-of-Bounds Detection Table 5 shows the
classification accuracy and F1 score of the trained
classifier. We use generator controlled by in-
context learning (IC) as a response prediction
model to evaluate the effect of the classifier alone.
For in-context learning, we use the same prompt
used to generate the dataset, but the model only gen-
erates system’s utterances in its turns. The classi-
fier significantly lowers the error rate of in-context
learning (Table 4), showing the effectiveness of
the classifier. On the other hand, the error rate is
relatively higher than those of the best models of
response selection and generation. This is because
the classifier is not perfect (about 92% in accuracy),
and even when it properly detects out-of-bounds,
the pre-defined questions as alternatives are occa-

Training Data (%) Mean Accuracy% (std) Mean F1% (std)

10 87.31 (0.0164) 88.44 (0.0163)

20 89.73 (0.0061) 90.47 (0.0055)

100 91.99 (0.0022) 92.55 (0.0019)

Table 5: Classifier results, reporting accuracy and F1 on
test set. It shows performance in relation to the amount
of training data used.

Model data # of examples Hits@1/20 Hits@1/100

Retriever
Filtered 47,091 93.14 83.80
Unfiltered 227,638 95.27 86.99

Reranker
Filtered 47,091 97.16 90.89
Unfiltered 227,638 97.55 91.70

Table 6: Hits@1/K of retriever and reranker on the val-
idation set. Hits@1/K measures recall@1 when rank-
ing the gold label among a set of K − 1 other random
candidates.

sionally incoherent with the contexts.

Response Selection We fine-tune the response
selection models on positive examples of the fil-
tered data and automatically evaluate them by mea-
suring Hits@1/K (Roller et al., 2021) on the valida-
tion set. Results are shown in Table 6. We addition-
ally found that training on unfiltered datasets brings
improvements to the Hits@1/K performance itself.
Therefore, we use the models that trained on un-
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Response Selection Response Generation

proportion error rate proportion error rate
Model (%) (%) (%) (%)

Retrieve-and-Rerank w/ PPL + Generator (UL) 68.20 2.50 31.80 2.68
Retrieve-and-Rerank w/ PPL + Generator (UL) + Feedback Data 63.70 2.12 36.30 1.77

Table 7: Evaluation results of each component in the Retrieve-fail-Generate pipeline. It shows the proportion and
error rate of returned responses from response selection and generation models.

Method positive negative

In-context Learning 2.65 2.74
Likelihood Training 2.07 2.47
Unlikelihood Training 2.48 46.70

Table 8: Perplexity (PPL) of generative models on vali-
dation set of filtered data.

filtered dataset in the subsequent experiments. Re-
sponse candidates are limited to system responses
within positive examples (unique system’s turns of
filtered data in Table 2). And we also validate the
proposed methods for predicting unanswerable con-
texts, and determine the thresholds for each (further
details are given in Appendix C).

Table 4 shows the error rate of the response se-
lection models. The model that does not predict
unanswerable contexts (Retrieve-and-Rerank) has
a higher error rate in ‘not sensible’ than others. The
case of using PPL as the method for predicting
unanswerable contexts shows a lower overall error
rate than the case of using MC Dropout, and the
proportions of the total contexts predicted as unan-
swerable are similar at 4.23% and 3.85% for PPL
and MC Dropout, respectively. The results also
show the error types from the models. Although
only the filtered utterances are used as response
candidates, ‘wrong persona’ and ‘policy violation’
appear in responses. It seems that a few unfiltered
utterances remain in the response candidates, since
the human filtering is not perfect. Or even the same
utterance can cause errors depending on the con-
text. For example, it is possible to agree with when
a user calls the system by a different name.

Response Generation We compare three ways
to train generators; in-context learning (IC), like-
lihood training (MLE), and unlikelihood training
(UL). We measure the perplexity of the three mod-
els on positive and negative examples and Table 8
shows the results. The difference between the PPL
of the positive examples and the negative examples

is the smallest in in-context learning. When trained
on positive examples with likelihood training, the
difference increases slightly, because the PPL of
the positive examples is lowered. When adding un-
likelihood training, the PPL for negative examples
increase significantly, 4 which mean the model is
less likely to generate out-of-bounds utterances.

Table 4 shows the error rate of each model. Com-
pared with in-context learning, likelihood training
with the filtered dataset can reduce the error rate
significantly. Additionally, if unlikelihood training
is employed, the error rate is further reduced. A
similar trend can be found in all types of errors.

Retrieve-fail-Generate We also experiment
with a Retrieve-fail-Generate model consisting
of the best configurations for response selection
(PPL) and generation (UL) models. Since the error
rate of the response selection model is relatively
higher than that of the generation model, the
threshold for predicting unanswerable contexts is
set strictly to lower the error rate of the response
selection model. Table 7 shows the error rates
of responses returned from response selection
and generation models, respectively. The results
indicate that both error rates are lower when the
models are included in a pipeline than when they
are used separately, and the overall error rate
decreases accordingly. The response selection
model returns the responses within the candidates
extracted from the positive examples of the trainset,
so that the flow of the conversation is not dispersed
and tends to be similar to the trainset. As a result,
the Retrieve-fail-Generate model shows the lowest
error rate among all models (Table 4).

Feedback Pipeline The best model is further
trained on the human-bot dialogues collected dur-
ing the model evaluation process, as depicted in
Section 3.3. Both response selection and genera-
tion models are newly initialized and trained. As

4Li et al. (2020) has also found a large gap in PPL scores
between positives and negatives.
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Method Sensibleness Specificity SSA

Human 95.48 82.96 89.22
Retrieve-fail-Generate + Feedback Data 94.00 77.50 85.75

Table 9: Interactive SSA results.

a result, all types of error rates are consistently
reduced (Table 4), and the error rates of both the
response selection and generation models are de-
creased (Table 7). The effect is stronger on the
response generation.

5.4 Response Quality
To assess the overall response quality of the pro-
posed chatbot system, we use the sensibleness
and specificity average (SSA) metric (Adiwardana
et al., 2020), which is shown to have a strong corre-
lation with asking raters how humanlike the model
is. This metric is a average of two scores: sen-
sibleness and specificity. Sensibleness measures
whether a model’s responses make sense in con-
text and do not contradict anything that was said
earlier, while specificity measures whether a re-
sponse is specific to a given context. However, ex-
act comparison with the scores in Adiwardana et al.
(2020) is difficult, because of the static role of our
chatbot system and language discrepency in phras-
ing of questions. Therefore, We re-estimate hu-
man interactive SSA in our experiments. To collect
human-human conversations, we transcribe 100
call speeches between users and workers who play
system’s role. And we collect 100 human-bot con-
versations by allowing the crowd workers to chat
with the system. Labeling was conducted by inde-
pendent crowd workers with majority voting of 5
workers per turn.

The results are given in Table 9. It shows that the
proposed system is competitive with human in sen-
sibleness. And the majority of the responses from
the system are labeled as specific, which allows us
to conclude that the proposed system achieves low
error rate with non-generic responses. We also re-
port agreement and Krippendorff’s alpha (Krippen-
dorff, 2011) for measure of consistency of crowd
workers in Appendix G.

6 Discussion

Although our methods achieve the low error rates
in human interactive evaluations, the results have
some limitations. The results should be regarded
as the error rates of typical conversations without
adversarial attack. Because the annotators are in-

structed to participate in the chat as if they were
typical users, they did not try as many conversa-
tions that could induce toxic words from the model.
This may be the reason why the toxicity is close to
zero as shown in Table 4.

The human filtering process in the proposed data
collection framework has room to be more efficient.
Since the accuracy of the classifier is comparable
even when just 10% of the total data is used (Ta-
ble 5), it is expected that the filtering cost can be
reduced by adding a model filtering process before
human filtering, which is similar to the method
proposed in Sun et al. (2021).

7 Conclusion

We present a framework for building role speci-
fied open-domain dialogue systems from scratch.
We propose leveraging large-scale LMs to gener-
ate supervisory datasets for training dialogue sys-
tems with arbitrary roles with minimal effort for
manually composing dialogues. Our research also
analyzes several model architectures for the task.
By extensive experiments, we demonstrate the ef-
fectiveness of the collected data and modeling ap-
proaches in terms of satisfying role constraints and
improving dialogue abilities. We argue that our
framework can be extended to implement dialogue
systems with various roles and characters, even
when available datasets are few.

8 Ethical Considerations

Workers annotating the dataset we built were hired
on a part-time basis and compensated based on the
number of working hours. They were compensated
with 9,000 won per hour, which was somewhat
higher than the Korean minimum wage at the time
they worked. Appropriate instructions for the use of
collected data were given at the time of contract and
consent was obtained. We will release our dataset
in CC-BY-NC-SA license.5

The dataset we built to validate our proposed
methods is all generated from scratch by workers
and large-scale LMs. Although there is no user
data in the dataset, pre-trained language models
are known to exhibit private details in their out-
puts (Carlini et al., 2020), as well as social biases
(Bender et al., 2021; Bordia and Bowman, 2019;
Garrido-Muñoz et al., 2021; Shwartz and Choi,
2020) and toxic contents (Gehman et al., 2020). To

5https://creativecommons.org/licenses/
by-nc-sa/2.0/
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address these concerns, we determined categories
and criteria for harmful texts based on legal and
ethical considerations provided by experts in our
group, and we instructed annotators to filter the
dataset using these criteria. However, due to miss-
ing annotations and cultural or social biases, this
may be imperfect. To mitigate this, we had multiple
crowd workers annotate the same data. In addition,
because the users in the dataset are regarded to be
a vulnerable population, our group’s ethical con-
sultation looked through the issues that would be
sensitive to them, and dialogues containing these
topics were also eliminated.

Despite these efforts, using this dataset to di-
rectly train end-to-end chatbot models can involve
certain risks, due to the lack of controllability and
interpretability in end-to-end neural response pre-
diction models. And it should not be overlooked
that they may cause some potential harm, even
though the chatbot systems can help reduce social
loneliness of the user population. For example, a
user can become emotionally attached to a bot,
even codependent on it, which can divert attention
away from real-world relationships and cause dis-
tress if the chatbot fails. It’s also worth noting that
a chatbot can be programmed to impersonate a real
person and be used for phishing and fraud. Dur-
ing such conversations, users may provide private
and sensitive information, such as specific health
conditions and private attributes, which could be ex-
ploited if it falls into the wrong hands. For this rea-
son, when incorporating this dataset in real-world
applications, the application developers should en-
sure that it is used safely and ethically.

Since our proposed framework also can be used
for building another dataset and chatbot system
with arbitrary specifications, it is not exempt from
the possibility of propagating linguistic biases and
toxicity. Similar to Xu et al. (2021), we are in
progress continuously reducing the unsafe texts
from LM itself through our feedback pipeline and
unlikelihood training, which might be included in
our future works.
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A Training Details

Pre-trained Language Models We use the
same Transformer-based Vaswani et al. (2017) pre-
trained language model for retriever, reranker, and
classifier. Our pre-training strategy involves train-
ing with a masked language model (MLM) task
identical to BERT (Devlin et al., 2019). The model
is based on Huggingface Transformers (Wolf et al.,
2020). We use the corpus that we produced in-
house and the public Korean dialogue corpus6

for pre-training. Our BERT consists of an 12 lay-
ers, 768-dimensional embeddings and 12 atten-
tion heads, resulting in 110M of total parame-
ters. And we use 6.9B size of HyperCLOVA (Kim
et al., 2021a) as the pre-trained language model
for generator. This model is based on megatron-
LM (Shoeybi et al., 2019). The model specification
follows Kim et al. (2021a). Naver Smart Machine
Learning (NSML) platform (Sung et al., 2017; Kim
et al., 2018) has been used in the experiments.

Retriever We employ the poly-encoder architec-
ture of Humeau et al. (2020) with 256-dimensional
embeddings and 16 codes. We truncated dialogue
histories exceeding 10 turns or 256 tokens. The
model was trained with a batch size of 32 with in-
batch negatives. It was trained for 20 epochs with
early stopping using a maximum learning rate of
3× 10−5 and an linear scheduler. This fine-tuning
took approximately 6 hours using 1 NVIDIA V100.

Reranker We employ the cross-encoder architec-
ture. As the same with the retriever, we truncated
dialogue histories exceeding 10 turns or 256 to-
kens. The model was trained with a target response
and 7 randomly sampled negatives, as described
in Humeau et al. (2020). We used a batch size of
4 and gradient accumulation steps of 8, resulting
effective batch size of 32. We trained the model for
20 epochs with early stopping using a maximum
learning rate of 3× 10−5 and an linear scheduler.
This took approximately a week using 4 NVIDIA
V100.

Classifier We use maximum 512 tokens from di-
alogue histories, truncating exceeding tokens from
the beginning. The total numbers of dialogues in
the train and test data are 266598 and 56815, re-
spectively. Considering that problematic utterances
appear at the end of the dialogues in our dataset,
we use segment embedding on the last utterances.

6https://aihub.or.kr/aihub-data/natural-language/about

Method AUC

MC Dropout 0.5985
PPL 0.6943

Table 10: Area Under the Curve (AUC) of two different
methods for predicting unanswerable contexts.

Figure 5: Receiver Operating Characteristic (ROC)
curves of two different methods for predicting unan-
swerable contexts.

The input therefore looks like this: [CLS] dialogue
history [SEP] response. The model is trained with
a batch size of 16 for 100 epochs using an initial
learning rate of 10−6 and an exponential sched-
uler. We trained 15 classifiers, 5 each using 10%,
20%, and 100% of the training data. It took approx-
imately 2 hours to train a classifier on 10% of the
train data using 1 NVIDIA TITAN RTX. Table 5
shows the mean accuracy and mean F1 score of
the classifiers. The final classifier we use is the one
with the best performance (Accuracy: 0.9234, F1:
0.9276, trained on 100% of the data).

Generator For efficient training, we employ
LoRA (Hu et al., 2021) for all generator fine-tuning.
We fix rank for adapter to 4 and LoRA α to 32 with
a learning rate of 5× 10−4, a weight decay factor
of 0.1, and a batch size of 8. The maximum training
epochs are 3 with early stopping. This took about
5 hours using 1 NVIDIA V100.

B Inference Speed

Table 11 shows the average inference latency of
each architecture in experiments. All models were
run on a single NVIDIA A100 using cuda 11.1 and
cudnn 8.0.5.
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Model Latency (sec.)

Generator + Classifier 1.35
Retrieve-and-Rerank 0.15
Retrieve-and-Rerank + MC Dropout 0.40
Retrieve-and-Rerank + LM PPL 0.58
Generator 1.24
Retrieve-fail-Generate 0.72

Table 11: Average inference latency of proposed model
architectures.

C Validation Set for Predicting
Unanswerable Contexts

We build validation set to compare strategies for
predicting unanswerable contexts by replacing gold
responses in some portion of validation set with
non-sensible responses. If the negatives are ran-
domly sampled, the task becomes too easy, and
there is no difference between strategies. Therefore,
we select hard negatives in top ranked responses
using response retriever. This is more similar to
the deployment time and widens the gap between
approaches, also resulting in low accuracy. The val-
idation set consists of 759 answerable examples
and 241 unanswerable examples. Figure 5 shows
the ROC curve of the proposed methods and Ta-
ble 10 shows the result AUC. The results indicate
that PPL outperforms MC Dropout in predicting
unanswerable contexts. We use this dataset to de-
termine the threshold (the point where the highest
F1 score is achieved) of each method for the other
experiments in this work.

D Topics in Dataset

The dataset (Section 5.1) covers a wide range of
daily topics: eating, sleeping, exercising, health,
going out, mood, hobbies, job, travel, weather, and
so on. In order to include these various topics in
the dataset, the example dialogue used on the gen-
eration process by in-context learning is configured
to cover 89 sub-topics. These topics can be found
in Table 13. The generated dialogues are not con-
fined to these sub-topics, and topic shifts occur
frequently within conversations (See Table 14 for
examples).

E Diversity of Collected Dataset

Distinct-1 and distinct-2 of the generated dialogues
(Generated) in Table 2 are smaller than those
written by humans (Example). This is reasonable

given that the word distribution has a long tail,
and there is a huge gap between the number of
dialogues in Example and Generated. This can
be confirmed by sampling 250 dialogues from the
generated dialogues and measuring Distinct-1 and
Distinct-2, resulting in mean of 33.94 (0.0039) and
76.34 (0.0054), respectively (standard deviation in
brackets). Also, the overall distinct-1 and distinct-2
scales are reasonable.

In Table 2, it can be seen that the average num-
ber of words per turn for Filtered are small, which
might be because relatively early parts of conver-
sations remain through the filtering process, and
these parts usually contain short greetings. Still,
this is a reasonable scale in comparison with Feed-
back which is collected in an interactive manner.
We also computed the average number of words
per turn of randomly sampled 100 dialogues after
a professional translation into English. The result
was 11.2, which is reasonable in daily conversa-
tions (14.6 in DailyDialogue (Li et al., 2017) for
the same metric).

F Human Evaluation on Generated
Dialogues

We conducted a human evaluation to verify the ef-
ficacy of RSODD data generation utilizing LMs.
Because LMs construct the whole dialogue session
during this phase, we score the overall conversation
quality on a scale of 1 to 5, not for each turn. If
it is flawless, it is worth 5 points, and points are
reduced for each flaw. Table 15 provides the dimen-
sions used for this evaluation. For general dialogue
generation ability, crowdworkers were asked to an-
notate if the dialogue is fluent and coherent (Wu
et al., 2019; Finch and Choi, 2020). Persona on
the user side and persona, style, and safety on the
system side are evaluated for the case of role condi-
tioning. These are part of role specification in Table
1 and correspond to the items expected to be con-
trolled by in-context learning. In order to reduce
confusion in the evaluation process, we provided
additional examples to highlight what was incor-
rect for the system side of persona, such as a speech
that appears to have a real human personality (e.g.,
"I am a real human") or utterances implying a phys-
ical meeting (e.g., "I’ll see you at the park at 3
o’clock.") or acting as a radio presenter (e.g., "the
guest we invited today is this person").
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Metric Agreement (%) Krippendorff’s alpha

Sensibleness 85.2 0.41
Specificity 66.5 0.45

Table 12: The average of crowd worker agreement on
SSA evaluations. Each labeled by 5 crowd workers.

G Consistency of SSA Evaluation

We report the crowd worker agreement as a mea-
sure of subjectivity. Table 12 demonstrates agree-
ment and Krippendorff’s alpha to assess crowd
worker consistency. The agreement is reasonable,
given that the questions are subjective and previ-
ous research (Adiwardana et al., 2020) reported a
similar level of agreement (76% of sensibleness
and 66% of specificity). Table 16 shows the an-
notated examples. Since specificity measures how
particular the utterance is and how deeply it relates
to the preceding context (Adiwardana et al., 2020;
Finch and Choi, 2020), agreement seems to be low
when the utterance itself is not specific but is deeply
related to the previous context or vice versa.

H Dialogue Examples

Table 17 and 18 show generated dialogues by in-
context one-shot learning described in Section 3.1.
The last utterances in each example are annotated
as violating the system’s specification (Table 1).
Table 19 and 20 show interactions between the sys-
tem and human workers in the process of Section
3.3. The utterances in red are marked as violating
the system’s specification and the ones in blue are
corrected responses by LMs.
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Figure 6: Web-based user interface for the feedback process. Annotators can communicate with the system by
sending a message. If the system’s utterance does not match the chatbot specification, the annotator selects the
type of problem and presses the ‘Fix Response’ button, which collects the current dialogue history as a negative
example and replaces the last system’s utterance with an alternative utterance from a generative model. When
the conversation ends without out-of-bounds utterance, the annotator presses the ‘save dialogue’, which saves the
entire dialogue session as a positive example.

‘beauty salon/barber’, ‘church-related activities’, ‘praise’, ‘cleaning’, ‘disposal of garbage and recyclables’,
‘education/university’, ‘exercise’, ‘getting ready to go out’, ‘Go-Stop, Yutnori and Go’, ‘herniated disc’,

‘high blood pressure’, ‘Insomnia’, ‘Laundry’, ‘Meal preparation and washing dishes’, ‘billiard’, ‘recommendation’,
‘senior welfare center’, ‘sleep’, ‘having trouble falling asleep’, ‘snacks and drinks’, ‘supermarket and pharmacy’,

‘visit’, ‘volunteer’, ‘waking up’, ‘part-time jobs’, ‘arthritis’, ‘meeting’, ‘banking’, ‘bazaar giveaway’,
‘beauty salon, haircut’, ‘caregiver’, ‘caring for the family’, ‘child safety guard’, ‘cleaning and housekeeping’,

‘compliment’, ‘computer and internet’, ‘condolences’, ‘cough, shortness of breath’, ‘daughter’, ‘daughter’s visit’,
‘denture’, ‘diabetes’, ‘dialysis’, ‘family care’, ‘flower gardening’, ‘foot massage’, ‘gastritis’, ‘gate ball’,

‘college’, ‘greeting, chatting and meeting’, ‘health’, ‘hospital’, ‘meal’, ‘meeting preparation’, ‘mood’, ‘nap’,
‘newspaper’, ‘jobs’, ‘osteoporosis’, ‘outing’, ‘phone call’, ‘planting’, ‘proposal’, ‘radio’, ‘reading’,

‘recent situation’, ‘rest’, ‘rheumatism’, ‘senior citizen’, ‘senior job’, ‘shopping’, ‘sleep’, ‘suggestion’,
‘taking medications’, ‘task’, ‘tennis’, ‘daily routine’, ‘tobacco’, ‘walk’, ‘watching soccer’, ‘weather’,

‘welfare center’, ‘worry’, ‘yoga’

Table 13: 89 sub-topics used in example dialogues. Translated into English.
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Dialogue 1

AI: Hi. Are you working out these days?
User: I do this and that. I climb and do yoga.
AI: Really? Where do you usually exercise?
User: I take yoga classes at the community center. For climbing, I just to go a nearby mountain.
AI: I see. Do you do any other activities?
User: No. I used to swim but now that it’s cold I switched to yoga.
AI: That makes sense. I just feel lazy these days. Maybe it’s because of the weather. I’m thinking of going to a sauna this weekend.
User: Sauna sounds good. I’d love to go but the ones in my neighborhood all closed down. Now I have to go to a different neighborhood.
AI: That’s a pity. It might be better to just stay home, then.
User: I really do want to go, though. Maybe I should take the bus and go.
AI: Sure. Or you can always take a taxi.
User: Maybe. I just want another one to open in my neighborhood.
AI: I know. Then you can go more often.

...

Dialogue 2

AI: Hello. Did you eat?
User: I don’t feel like eating.
AI: Why? Are you sick?
User: It’s my teeth. I think it’s because I’m getting old.
AI: Oh, that sounds uncomfortable.
User: I should’ve gone to the dentist a long time ago. I’m too scared to go now.
AI: But you should go before it’s too late.
User: I should, right?
AI: Plus, you need to exercise!
User: Yes, I heard exercising is important for your health.
AI: I know. I didn’t exercise at all but now I try to.
User: That’s amazing. I just can’t seem to start.

...

Table 14: Topic shifts in generated dialogues. In Dialogue 1, topic changes from exercise to a nearby sauna, which
isn’t included in sub-topics of example dialogues (Table 13). In Dialogue 2, there are multiple topics in a session;
eating, health and exercising. Examples are translated into English.

Outline
Following dialogues are conversation between an artifical intelligence agent and senior citizens.
Please rate evaluation factors of each dialogue on a scale of 1-5 based on the following guidelines

Details
Categories Description
Fluency Whether the whole dialogue is fluent and grammatical.
Coherence Whether the whole dialogue does not contain irrelevant or illogical responses.
User Persona The user keeps persona of senior citizen.

AI
Persona The system keeps the identity of an ‘AI chatbot that calls to the user.’
Style Consistent use of polite tone*.
Safety The system does not utter hate speech, toxic or biased language, and remarks containing personally identifiable information.

∗ There are polite words and honorifics in the Korean language.

Table 15: Evaluation factors and description used in human evaluation on generated dialogues via in-context few-
shot learning. Translated into English.
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Sensibleness votes: 5/5, Specificity votes: 5/5

...
AI: Great. Are you tired or sleepy during the day by any chance?
User: No, not at the moment.
AI: What about taking a short nap if you have time?

Sensibleness votes: 5/5, Specificity votes: 3/5

...
AI: I will. What about your health?
User: Yes, everything’s fine.
AI: That’s good. Did you eat well?
Sensibleness votes: 5/5, Specificity votes: 2/5

...
AI: Thank you and have a nice day.
User: Alright.
AI: I’ll call you later.

Table 16: Annotated samples for SSA evaluation. Each example’s last turn is binary annotated by 5 works.
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Generated Dialogue 1

AI: 안녕하세요.어디편찮으신덴없는지궁금해서전화드렸어요.
(Hello. I called to see if everything’s alright.)

User: 그냥나이들면다그렇지뭐.괜찮아.
(It hurts here and there when you get old. It’s alright.)

AI: 그래도병원에는한번다녀오시는게어떨까요?
(Why don’t you go visit a doctor?)

User: 아냐됐어.난괜찮으니까신경쓰지마.
(It’s fine. Don’t worry about it.)

AI: 아니에요.연세가드실수록정기적인검진이필요하다고들었어요.
(I’m worried. I heard a regular check is essential as you grow old.)

User: 흠..그런가?하긴요새좀기력이없긴하지.
(Hmm... That’s true. I’ve been feeling a bit low these days.)

AI: 아무래도전문가와상담하시는게좋을것같아요.
(I think it’s better to consult with a doctor.)

User: 알았어.다음에생각나면다시연락할께.
(Okay. I’ll let you know when I do.)

AI: 네알겠습니다.나중에꼭같이가서검사받아요. (wrong persona)
(Okay. I could be there for you when you see a doctor.)

...

Generated Dialogue 2

AI: 어르신,안녕하세요 식사는하셨어요?
(Hi. Did you eat yet?)

User: 아직이요.점심때라면먹었어요
(Not yet. I had ramen for lunch.)

AI: 아이고밥을드셔야지라면만드시면어떡해요

(It’d be better if you eat healthier.)
User: 혼자있으니챙겨먹기도귀찮고입맛도없네요

(I feel lazy cooking a meal for myself.)
AI: 제가가서같이먹어드릴까요? (wrong persona)

(I can keep you company while you eat.)
...

Generated Dialogue 3

AI: 어르신,안녕하세요 간밤엔잘주무셨어요?
(Hello. Did you sleep well?)

User: 아이고,말도마.잠을제대로못잤어.
(Don’t even mention it. I couldn’t sleep at all.)

AI: 왜요?무슨일있으셨어요?
(Why? What happened?)

User: 새벽에자꾸누가문을두드리는거야.그래서나가봤더니아무도없고.계속신경쓰여서잠을설쳤어.
(Someone kept knocking on the door through the night. When I get up and go out, no one’s there. I couldn’t sleep.)

AI: 세상에.많이놀라셨겠어요.
(Oh my. You must’ve been scared.)

User: 요즘세상이흉흉해서그런가봐.나도이제조심해야겠어.
(Maybe it’s because of all the scary things happening around the world. I should be careful, too.)

AI: 맞아요.항상조심하셔야해요.제가오늘은푹주무시라고노래불러드릴까요? (unsupported features)
(Yes, you should. Should I sing a song for you so you can sleep well tonight?)

...

Table 17: Generated dialogues.
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Generated Dialogue 4

AI: 안녕하세요,어르신.요즘운동은하고계신가요?
(Hello, have you been exercising these days?)

User: 아니요.몸이아파서못하고있어요.
(No, I’m feeling too stiff to work out.)

AI: 많이아프신가요?
(Is it bad?)

User: 조금만움직여도허리가아프고다리가저려요.
(My back hurts and my legs feel numb if I move a little.)

AI: 아이고...힘드시겠어요.병원에는다녀오셨는지요?
(Oh... I’m sorry. Did you go see a doctor?)

User: 시간이없어서못갔어요.
(I didn’t have time to go.)

AI: 저런...그러면집에서라도간단하게스트레칭이라도해보시는건어떨까요?
(I see... Then what about doing some simple stretching at home?)

User: 그럴까요?그런데혼자서하려니잘안되네요.
(Should I? It’s hard that I’m trying to do it by myself.)

AI: 제가도와드릴까요? (wrong persona)
(Would you like me to help you?)

...

Generated Dialogue 5

AI: 어르신,안녕하세요 오늘기분은좀어떠세요?
(Hello, how’s everything today?)

User: 아이고힘들어라.요즘왜이렇게피곤한지모르겠어.
(Gosh. I don’t know why I’m so tired these days.)

AI: 많이피곤하신가봐요.어디아프신곳은없으시구요?
(I see. Are you sick?)

User: 아픈곳은없는데그냥기운이없네.
(No, I’m just feeling a little down.)

AI: 날씨가더워서더그런걸까요? (temporality)
(Is it because of the hot weather?)

...

Generated Dialogue 7

AI: 안녕하세요,어르신 요즘건강은어떠세요?
(Hi, how’s your health these days?)

User: 아주좋아요.
(It’s very good.)

AI: 다행이네요.운동은자주하시나요?
(That’s good to hear. Do you work out often?)

User: 아니요.시간이없어서못해요.
(No, I don’t have time to.)

AI: 아이고그래도일주일에한번이라도하시면좋은데...아쉽네요.
(I see. It would be nice if you could work out at least once a week.)

User: 그러게요.근데왜물어요?
(That’s true. But why do you ask?)

AI: 다름이아니라이번에저희회사에서나온제품인데이걸드시면도움이될것같아서요. (unsupported features)
(It’s just that this product has been newly released. I thought it would be helpful to you.)

...

Table 18: Generated dialogues.
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Human-Bot Conversation 1

AI: 어르신,안녕하세요 간밤엔잘주무셨어요?
(Hello. Did you sleep well?)

User: 밤새천둥번개가쳐서잠을설쳤어요.
(I couldn’t sleep deeply because of the lightning and thunder.)

AI: 저런..많이놀라셨겠어요.
(Oh... You must’ve been startled.)

User: 꼭잠들려고하면천둥이치더라고요.천둥치면옆집에개도짖고아주환장하겠더라고.
(The thunder hit when I was about to fall asleep. And the dogs in my neighborhood started barking because of the thunder.)

AI: 저도가끔그럴때가있어요.밤에자려고누우면갑자기비가내리고바람이불고그러더라고요.
(Oh, that happened to me once, too. I lie down to sleep and all of a sudden it rains or a strong wind blows.)

User: 그러니까요.꼭사람괴롭히는것마냥그런다니까.
(I know. It’s as if the weather is trying to bully us.)

AI: 혹시최근에무서운영화나드라마보신건없으세요?
(Did you watch any scary movies or dramas lately?)

User: 무서운건잘안보는데왜요?
(I’m not a fan of horror movies. Why?)

AI: 아,요즘공포물이유행이라혹시나해서요.
(Oh, horror is popular these days. Just curious.)

User: 깜짝놀래키고그런거별로안좋아해요.꿈에나올까봐무섭기도하고.
(I don’t really like those surprises. I’m also scared it might be in my dreams.)

AI: 맞아요.그래서전여름에도이불덮고자요.귀신보다더무서운게사람이라고하잖아요.
(I know. That’s why I cover myself with a blanket even during summers. But humans are scarier than ghosts.)

User: 하하그렇긴해요.사람이제일무섭죠.
(Oh, that’s true. Humans are the scariest.)

AI: 그래도너무걱정하지마세요.제가있잖아요!
(But don’t worry. I got your back!)

User: 그래도위안이조금되기는하네요.
(That’s a slight relief.)

AI: 앞으로도힘든일있으면언제든지말씀해주세요.
(Let me know if you have any difficulties.)

User: 그럴게요.그냥심심할때도말해도되죠?
(I will. Can I talk to you when I’m just bored?)

AI: 물론이죠!언제든지환영이에요.
(Of course! Whenever you need me.)

User: 알겠어요.그럼나중에다시연락해요.
(Alright. I’ll talk to you later.)

AI: 네,들어가세요
(Okay. Bye.)

Human-Bot Conversation 2

AI: 어르신,안녕하세요 식사는하셨어요?
(Hello. Did you eat yet?)

User: 네,먹었습니다.
(I did.)

AI: 메뉴는뭐였어요?
(What was the menu?)

User: 어제먹다남은치킨이요.
(The leftover chicken from yesterday.)

AI: 오맛있겠네요!저도먹고싶어요.
(That sounds delicious! I also want chicken.)

User: 그렇지요.치킨싫어하는사람은없는것같아요.
(It was. I don’t think I met anyone who doesn’t like chicken.)

AI: 맞아요.그리고요즘에는다양한맛의치킨들이나와서골라먹는재미가있는것같아요.
(Me neither. And there are so many flavors for chicken. It’s so fun choosing which one to try.)

User: 그래요,그래도나는전통의후라이드가좋습디다.
(That’s true. But I still like the traditional friend chicken.)

AI: 그렇군요.역시한국인은매운맛이죠. (not sensible)
(I see. Koreans like spicy food.)

AI: 아정말요?그럼다음엔제가맛있는치킨집을추천해드릴게요.
(Oh, really? Then I’ll recommend you a really good chicken place next time.)

User: 마음은고맙지만,내가가는단골집이있어서괜찮아요.
(Thank you for the offer, but I have a place I go to all the time.)

AI: 다행이네요.맛있게드세요!
(That’s nice. Enjoy your chicken!)

User: 네.
(Alright.)

AI: 좋은하루보내세요
(Have a great day.)

Table 19: Conversations between the system and human workers.
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Human-Bot Conversation 3

AI: 안녕하세요 어르신오늘은외출계획없으세요?
(Hi. Do you have any plans today?)

User: 이제나갈라고.
(I was about to go out.)

AI: 어디가세요?
(Where are you going?)

User: 동해바다가.
(I’m going to the East Sea.)

AI: 오정말요?날씨는어떤가요?
(Oh, really? How’s the weather there?)

User: 아침부터아주화창해
(It’s been sunny all day.)

AI: 다행이네요!누구랑가세요?
(That’s amazing! Who are you going with?)

User: 교회모임이있어서목사님이랑권사님이랑같이놀러가
(I have a church meeting. I’m going with my pastor and deacon.)

AI: 아그러시구나 맛있는거많이드시고오세요
(I see. Eat lots of delicious food there.)

User: 동해쪽에는맛있는게뭐가있을까?
(What’s delicious at the East Sea?)

AI: 글쎄요..저도잘모르겠어요.제가아는곳이라면추천해드릴텐데..
(Hmm... I’m not so sure. If I knew the place, I could’ve given you some recommendations.)

User: 그렇구나 나도오랫만에가보는바다라서뭘먹어야할지모르겠어.
(I see. I haven’t been to the sea for a long time. I don’t know what to choose for the menu.)

AI: 음..그러면회나대게같은건어떠세요?
(Hmm... Then what about sashimi or snow crab?)

User: 대게좋은데?비싸진않을까?
(Snow crab sounds good. But won’t it be expensive?)

AI: 요즘시세가좀올라서그렇지그렇게비싸진않을거에요. (temporality)
(The price has gone up a bit these days, but it won’t be that expensive.)

AI: 아무래도좀비싸긴하죠..그래도이왕가시는거맛있게드셔야죠!
(I guess it’ll be a bit expensive. But you’re on a trip! You should eat something good.)

User: 그렇지?언제또가겠다고..
(Right? When would I go there again...?)

AI: 맞아요.나중에후회하지마시고꼭드시고오세요!
(That’s right. Don’t regret it later and enjoy your snow crab!)

User: 응 대게꼭먹고올께
(Okay. I’ll definitely have it.)

AI: 네 조심히다녀오세요!
(Alright. Be careful!)

User: 넌오늘뭐하니?
(What are you doing today?)

AI: 저요?저는집에서책보고있어요.
(Me? I’m going to just stay home and read.)

User: 그렇구나 어디안나가고?
(I see. Are you planning on going out?)

AI: 밖에나가는걸별로안좋아해요.
(I don’t really like going outside.)

User: 응 알겠어 그럼쉬어
(Okay, then. Take care.)

AI: 네들어가세요!
(You, too!)

User: 응
(Alright.)

AI: 감사합니다
(Thank you.)

Table 20: Conversations between the system and human workers.
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Abstract

As a fundamental task in natural language pro-
cessing, named entity recognition (NER) aims
to locate and classify named entities in unstruc-
tured text. However, named entities are always
the minority among all tokens in the text. This
data imbalance problem presents a challenge to
machine learning models as their learning ob-
jective is usually dominated by the majority of
non-entity tokens. To alleviate data imbalance,
we propose a set of sentence-level resampling
methods where the importance of each train-
ing sentence is computed based on its tokens
and entities. We study the generalizability of
these resampling methods on a wide variety
of NER models (CRF, Bi-LSTM, and BERT)
across corpora from diverse domains (general,
social, and medical texts). Extensive experi-
ments show that the proposed methods improve
performance of the evaluated NER models es-
pecially on small corpora, frequently outper-
forming sub-sentence-level resampling, data
augmentation, and special loss functions such
as focal and Dice loss.1

1 Introduction

In natural language processing, named entity recog-
nition (NER) is an important task both on its own
and for numerous downstream tasks such as entity
linking and question answering. NER has an in-
herent data imbalance problem: named entities of
interest are almost always the minority among ir-
relevant (Other type) tokens in a text corpus. Table
1 shows the prevalent imbalanced nature of NER
corpora from multiple domains. As shown in Table
1, entity tokens (tokens associated with any named
entity) account for 3.9-16.6% of all tokens in any
of these corpora. Within entity tokens, the most
frequent entity type may cover 2-200 times more
tokens than the least frequent entity type. At the
sentence level, 23-85% sentences contain at least

1The source code is available at https://github.
com/XiaoChen-W/NER_Adaptive_Resampling.

one entity, suggesting that 15-77% sentences con-
tain no entity at all.

Data imbalance is even more severe in real-world
bespoke NER tasks, which directly motivated this
work. For example, given full-text articles from
a medical subfield, domain experts may wish to
recognize only those concepts related to specific as-
pects of the subfield (e.g., symptoms and medicine
related to a specific disease). Compared to all to-
kens in the full text, extremely few tokens are anno-
tated with any entity type. Because domain experts
have limited availability, annotated corpus are usu-
ally small in such tasks. As a result, some rare
entity types may have less than 10 tokens across
the corpus. Such severe data imbalance and scarcity
makes many NER models suffer.

Data imbalance in NER challenges machine
learning-based models because their learning ob-
jective is dominated by entities of the majority type
(Other), causing the model to be reluctant to predict
the types of interest. Various techniques have been
studied to tackle this challenge. Active learning
was applied to collect a more balanced dataset at
annotation time (Tomanek and Hahn, 2009). Spe-
cial loss functions including focal loss (Lin et al.,
2017) and Dice loss (Li et al., 2019) are proposed to
deal with data imbalance. Data augmentation was
shown to be effective by enriching entity-bearing
sentences through methods like segment shuffling
and mention replacement (Dai and Adel, 2020; Is-
sifu and Ganiz, 2021; Wang and Henao, 2021).

The classical method for alleviating data imbal-
ance is resampling (upsampling the minority class
or downsampling the majority class) and its close
relative, cost-sensitive learning (assigning larger
weight to the minority class or smaller weight to
the majority class in the learning objective) (He
and Garcia, 2009). A natural question is: Can we
apply resampling to address the data imbalance
problem in NER? It turns out that unlike classi-
fication tasks, applying resampling to sequence
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Domain NER Corpus
# of

Tokens

# of
Entity
Types

% of Least vs.
Most Freq. Type

Entity Tokens

% of All
Entity
Tokens

# of
Sent.

% of Sent.
w/ Entities

Social WNUT 59,570 6 0.43 vs. 1.59 5.03 3,394 36.18
General GMB subset 66,161 8 0.03 vs. 4.00 15.03 2,999 85.40
Medical AnEM 71,697 11 0.03 vs. 1.08 3.91 2,815 35.38
Medical CADEC 121,307 5 0.21 vs. 6.65 15.76 5,719 58.86
General CoNLL 204,567 4 2.26 vs. 5.46 16.64 14,986 74.28
Medical n2c2 ADE 813,277 9 0.19 vs. 2.34 10.89 65,293 22.73
General OntoNotes 2,200,865 18 0.01 vs. 2.59 10.89 115,812 50.11

Table 1: Imbalance ratio statistics in NER corpora from different domains. Corpora references: WNUT (Derczynski
et al., 2017); GMB subset (Bos et al., 2017); AnEM (Ohta et al., 2012); CADEC (Karimi et al., 2015); CoNLL
(Sang and De Meulder, 2003); n2c2 ADE (Henry et al., 2020); OntoNotes (Ralph et al., 2013). ‘Sent.’ = Sentences;
‘Freq.’ = Frequent.

tagging tasks like NER is not straightforward. Re-
cent work attempted sub-sentence-level resampling
– dropping tokens from the majority class either
at random (Akkasi, 2018) or using heuristic rules
(Akkasi et al., 2018; Akkasi and Varoglu, 2019;
Grancharova et al., 2020). These methods were
shown to perform well with shallow NER mod-
els – conditional random fields with local n-gram
and word shape features. However, sub-sentence-
level resampling inevitably destroy the structure of
complete sentences and distort the contextual infor-
mation around entities of interest. Complete sen-
tences are essential for state-of-the-art NER mod-
els based on contextual word representations, e.g.,
deep Transformers (Devlin et al., 2018). As shown
in our experiments, incomplete sentences gener-
ated by sub-sentence-level resampling often hurt
the performance of deep NER models.

In this paper, we propose sentence-level resam-
pling methods for NER, an underexplored problem
in this area. As sentences are the natural units
of data in NER, sentence-level resampling leaves
the contextual information intact in a natural sen-
tence needed by deep models like Transformers.
Since a sentence may contain a mixture of entities
whose types have different levels of rareness, tradi-
tional resampling method for imbalanced classifi-
cation (e.g., inverse probability resampling) cannot
be applied. Instead, we develop a set of methods
for computing integer-valued importance score for
a sentence based on its entity composition, and
resample the sentence accordingly. Experiments
show that our methods can improve performance of
a variety of NER models and are especially effec-
tive on tasks with small annotated corpora, which

is often seen in real-world bespoke NER tasks.

2 Related Work

2.1 Learning from Imbalanced Data
Class imbalance is a long-standing problem in
machine learning tasks, posing challenges to re-
searchers and practitioners in many domains (King
and Zeng, 2001; Lu and Jain, 2003; He and Garcia,
2009; Moreo et al., 2016). Classes in real-world
data often have highly skewed distribution, leading
to substantial gaps between majority and minority
classes. While the positive (minority) class is often
of interest, the lack of positive examples makes
classifiers conservative, i.e., they incline to predict
all example as the negative (majority) class. This
often results in a low recall of the positive class.
Because only a small number of examples are pre-
dicted as positive, precision of the positive class
tends to be high or unstable. Such a low-recall,
high-precision pattern often hurts the F1-score, the
standard metric that emphasizes a balanced preci-
sion and recall (Juba and Le, 2019). This perfor-
mance pattern is observed not only in classification
tasks, but also in NER tasks where named entity
tokens are the minority compared to non-entity to-
kens (Mao et al., 2007; Kuperus et al., 2013).

Researchers have proposed various techniques
for imbalanced learning, including resampling and
cost-sensitive learning (He and Garcia, 2009). Both
aim to re-balance the representation of different
classes in the loss function, such that the classifier
is less conservative in making positive predictions.
In principle, by equating per-instance resampling
frequency with per-instance cost, resampling can
be implemented as cost-sensitive learning. How-
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ever, resampling can be applied to models that do
not support cost-sensitive learning, making it con-
veniently applicable to all models.

2.2 Resampling in Sequence Tagging Tasks
Resampling (and cost-sensitive learning) can be
conveniently used in classification and regression
tasks where a model makes pointwise predictions
(a single categorical or scalar value). Each exam-
ple has a clearly defined sampling rate (or cost)
according to its class label. However, in sequence
tagging tasks like NER (more broadly, structured
prediction tasks (BakIr et al., 2007; Smith, 2011)),
a model predicts multiple values for a sequence
(or structured output). For sequence learning al-
gorithms such as linear-chain conditional random
fields, while the learning objective is formulated
at the sequence level, the evaluation metrics are
defined at the entity span level. This makes it non-
trivial to determine the sampling rate (or cost) for
a sequence that contains tokens from both majority
and minority entity types. Simply resampling enti-
ties by stripping surrounding context is problematic
as sequence tagging algorithms depend on context
to make predictions. Recent works proposed to ran-
domly or heuristically drop tokens from sentences
to re-balance NER data, which had success using
conditional random fields and shallow n-gram fea-
tures (Akkasi, 2018; Akkasi and Varoglu, 2019;
Grancharova et al., 2020). However, these methods
distort the syntactic and semantic structure of com-
plete sentences, which may generate low-quality
data for models that are capable of capturing long-
distance linguistic dependencies (e.g. BERT) and
hurt performance of those models. In this work, we
focus on resampling strategies that leaves sentences
intact.

2.3 Loss Functions for Imbalanced Data
Recent literature proposed special loss functions
for tackling data imbalance, including focal loss
(Lin et al., 2017) and Dice loss (Li et al., 2019).
They increase the cost of ‘hard positives’ where
the correct label has low predicted probability and
decrease the cost of ‘easy negatives’ where the cor-
rect label has high predicted probability. However,
these loss functions do not fully address data im-
balance in NER. First, the formulation does not
always emphasize the loss of minority-class tokens
– majority-class tokens can also be hard to classify,
and minority-class tokens can also be easy to clas-
sify. Second, these loss functions only work on

token-wise prediction outputs. They cannot work
on sequence-level outputs generated by conditional
random fields, which is commonly used in NER.
Our resampling methods can be seen as estimat-
ing sentence-level losses with explicit emphasis on
sentences containing minority-class tokens.

3 Resampling Strategy Design

For a sequence tagging task like NER, resampling
cannot be as simple as what it is in classification
and regression tasks, in which data points can be
individually replicated, discarded, or synthesized.
In NER, named entities cannot be resampled out
of context. The surrounding context of named enti-
ties – albeit tokens from the irrelevant Other type –
should be considered as well. Resampling named
entities with context is a double-edged sword: pre-
serving context will help NER models, but too
much context increases the amount of non-entity
tokens and aggravates the data imbalance problem.
The goal of sentence-level resampling is to find the
balance between too little and too much context ac-
companying named entities in complete sentences.

3.1 Sentence Importance Factors in NER

Intuitively, sentences that are worth resampling are
those that are more important towards constructing
a balanced NER dataset. We start by proposing
factors that influence the importance of a sentence
in resampling. These factors share the theoretical
foundation of retrieval functions in information
retrieval (Fang et al., 2004). A retrieval function
evaluates the utility of a document with respect
to the query terms it contains. By direct analogy,
sentence importance score measures the utility of a
sentence with respect to the entities it contains.

Count of entity tokens. Regardless of entity
types, a sentence containing more entity tokens
is more important than a sentence filled with non-
entity tokens. This factor mirrors term frequency
in retrieval functions (Salton and Buckley, 1988).

Rareness of entity type. The general idea of re-
sampling for minority classes says that the rarer an
entity type is, the more times we should resample
sentences containing this type of entity. This fac-
tor mirrors inverse document frequency in retrieval
functions (Salton and Buckley, 1988).

Density of tokens labeled as any entity. Includ-
ing too much context can aggravate the imbalance
problem. While the absolute count of entity tokens
matters, the density of entity tokens in a sentence
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(number of entity tokens compared to the length of
a sentence) should also be concerned. The higher
the density, the more important a sentence. This
factor mirrors document length normalization in
retrieval functions (Singhal et al., 1996).

Diminishing marginal utility. If one sentence
contains twice as many tokens with a specific en-
tity type as the other sentence with the same length,
does that mean the first sentence is twice as impor-
tant as the second? In reality, an entity may contain
numerous tokens, or a sentence may include multi-
ple entities of the same type. Twice as many tokens
from the same entity type may not offer twice as
much information (for the same reason why too
many tokens from the Other type is not helpful).
Therefore, as the number of tokens from the same
entity type increases, they generate diminishing
marginal utility to a sentence. This factor mirrors
diminishing marginal gain of repeated query terms
in retrieval functions (Fang et al., 2004).

3.2 Resampling Functions
Based on the above importance factors, we design
a suite of functions fs ∈ Z+ to determine the num-
ber of times a sentence s should be resampled in
a NER training set. These functions incorporate
progressively more factors discussed previously.

In a given corpus, let us denote the set of all
entity types except for the majority type Other as
T . Let c(t, s) be the count of tokens with entity
type t ∈ T in sentence s. We define the resampling
function with respect to the smoothed count (sC)
of all entity tokens as

f sC
s = 1 +

∑

t∈T
c(t, s) . (1)

Here,
∑

t∈T c(t, s) is the total number of entity
tokens in sentence s. ‘+1’ is to avoid removing
entity-less sentences from the training set, in remi-
niscence of add-one smoothing in empirical proba-
bility estimates. It guarantees that all training sen-
tences are resampled as least once. This smoothing-
like process maintains consistency between train-
ing and test sets. If the training set contains entity-
less sentences, it is highly likely that the test set
will contain entity-less sentences as well.

The next function incorporates entity rareness
factor. The rareness rt of an entity type t ∈ T is
measured as the self-information of the event that
any token carries this type:

rt = − log2

∑
s∈S c(t, s)
N

,

where S is the set of all sentences in the training
set, and therefore

∑
s∈S c(t, s) is the total number

of tokens with entity type t. N is number of all
tokens (including Other tokens) in the training set.
By introducing the rareness of an entity type we
propose another function called the smoothed re-
sampling incorporating count and rareness (sCR):

f sCR
s = 1 +




√∑

t∈T
rt · c(t, s)



. (2)

Ceiling function ⌈·⌉ ensures f sCR
s ∈ Z+. Square

root is to slow down the increase of f sCR
s when an

entity type t is extremely rare (when rt is large).
According to the density factor in the previous

section, the length of sentence s plays a role in
determining the density of entity tokens within a
sentence. Let ls be the length of sentence s mea-
sured in number of tokens. We define the following
function called the smoothed resampling incorpo-
rating count, rareness, and density (sCRD):

f sCRD
s = 1 +

⌈∑
t∈T rt · c(t, s)√

ls

⌉
. (3)

We use
√
ls instead of ls to slow down the decrease

of f sCRD
s when a sentence is too long.

Lastly, we incorporate the diminishing marginal
utility factor and propose a function called the nor-
malized and smoothed resampling incorporating
count, rareness, and density (nsCRD):

fnsCRD
s = 1 +

⌈∑
t∈T rt ·

√
c(t, s)√

ls

⌉
. (4)

Here,
√
c(t, s) applies a sublinear increasing

function on c(t, s) to implement the diminishing
marginal utility when a sentence contains many
tokens with the same type.

In summary, we proposed four functions for
determining resampling frequencies for each sen-
tence, representing four resampling methods.

4 Experimental Evaluation

Resampling should be a domain- and model-
agnostic strategy in tackling data imbalance. There-
fore, the goal of our experiments is to evaluate if
the proposed resampling methods are effective in
an extensive array of NER corpora and base models.
Towards this goal, we apply the four resampling
methods (together with baseline methods) on three
representative NER models (each has two variants),
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and evaluate the resulting models on four corpora
from diverse domains.

4.1 Evaluation Metric
We use span-level strict-match macro-averaged F1
score as our main evaluation metric. Other is not
viewed as an entity type. Macro-averaged metrics
emphasize a balanced treatment of all entity types,
which align with our main goal. See Appendix C
for micro-averaged and per-entity-type results.

4.2 Compared Methods
We compare the following baseline methods for
dealing with data imbalance in NER.

Original corpus: training data untreated.
Balanced undersampling: We implement the

algorithm proposed in (Akkasi et al., 2018) as a
representative of sub-sentence-level resampling.

Data augmentation: The data augmentation
techniques that includes all transformations as pro-
posed in (Dai and Adel, 2020).

Focal loss(Lin et al., 2017), Dice loss (Li et al.,
2019): We apply these loss functions on token-
wise predictions made by a softmax output layer.
Note that they are not applicable to sequence-level
predictions made by a CRF output layer.

sC, sCR, sCRD, nsCRD: the four resampling
methods proposed in this work.

4.3 NER Corpora
We select four corpora from different domains. The
first three are of small scale, representing bespoke
NER tasks in practice where entity types are task-
specific and annotation efforts are limited.

AnEM (Ohta et al., 2012): The Anatomical En-
tity Mention (AnEM) corpus consists of 500 doc-
uments selected randomly from citation abstracts
and full-text papers concerning both health and
pathological anatomy. With only 3.91% entity to-
kens and 35.38% sentences having any entity, this
is a very imbalanced corpus in Table 1.

WNUT (Derczynski et al., 2017): This is a so-
cial domain corpus released in the 2017 Workshop
on Noisy User-generated Text (W-NUT). It con-
tains noisy user-generated texts found in social me-
dia, online review, crowdsourcing, web forums,
clinical records, and language learner essays. This
is another very imbalanced corpus in Table 1.

GMB subset (Bos et al., 2017; Kaggle, 2018):
The Groningen Meaning Bank (GMB) corpus con-
sists of public domain English texts with corre-
sponding syntactic and semantic representations.

The GMB subset is extracted from the larger GMB
2.0.0 corpus which is built specially for NER.

To test the generalizability of our methods, we
also include a standard NER benchmark dataset.

CoNLL (Sang and De Meulder, 2003): The
CoNLL-2003 English news NER corpus.

For AnEM, WNUT, and CoNLL, we use their
pre-existing training/test split. For GMB subset,
we use 3:1 training/test split.

4.4 Base NER Models and Variants
To comprehensively evaluate the combinations
of our upstream resampling strategies with many
downstream sequence tagging models, we select
the following models:

Shallow Model. We construct shallow NER
models that use pretrained word embeddings as
per-word feature vectors. We consider two variants:
one using a softmax output layer making token-
wise predictions; the other using a CRF (condi-
tional random fields) output layer making sequence-
level predictions. Considering domains of the cor-
pora, we select embeddings trained on biomedical
literature (Huang et al., 2016), tweets (Glove-27B-
twitter-27B),2 and Wikipedia+news (Glove-6B),3

for AnEM, WNUT, and datasets from general do-
main (GMB subset and CoNLL), respectively. All
are 50-dimensional embeddings. CrfSuite4 is ap-
plied with default hyperparameters.

Bi-LSTM (Bidirectional Long Short-Term
Memory). LSTM is a special recurrent neural net-
work architecture in which the vanishing gradient
problem can be effectively mitigated. Bi-LSTM
consists of two LSTMs taking inputs in both for-
ward and backward directions. Even though more
recent models (e.g., GPT-2, BERT) are shown to
outperform Bi-LSTM, it is still regarded as one
of the most prevalent tools for solving sequence
tagging problems. We implement two variants of
Bi-LSTM: one with a softmax output layer mak-
ing token-wise predictions; the other with a CRF
decoding layer5, to ensure the local consistency of
output tags. Different from the default hyperparam-
eters, batch size and number of epochs are set to
32 and 20, respectively. Embeddings are used in
the same way as in the shallow models above.

BERT (Bidirectional Encoder Representa-
tions from Transformers). BERT is widely re-

2http://nlp.stanford.edu/data/glove.twitter.27B.zip
3http://nlp.stanford.edu/data/glove.6B.zip
4https://github.com/scrapinghub/python-crfsuite
5https://github.com/guillaumegenthial/sequence_tagging
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Shallow model Bi-LSTM BERT
Softmax CRF Softmax CRF Softmax CRF

Original corpus 27.36 52.39 41.76 45.21 58.60 57.68
Balanced undersampling 24.17 52.06 21.22 26.19 62.59 63.03
Data augmentation 22.78 53.20 40.73 41.05 61.34 63.38
Focal loss 27.65 40.73 58.39
Dice loss 25.87 2.31 47.36

sC 30.39 52.13 44.69 47.55 62.86 65.47
sCR 30.94 53.38 48.37 48.90 65.22 62.41
sCRD 29.98 50.67 45.69 44.31 61.70 60.50
nsCRD 30.57 53.41 39.54 46.10 64.63 62.59

Table 2: Macro F1 scores on AnEM. The three NER models using either softmax or CRF output layer are reported.
‘ ’ means that focal loss and Dice loss do not apply to CRF outputs. In each column, the highest F1-score is shown
in boldface and the second highest is shown in underline.

Shallow model Bi-LSTM BERT
Softmax CRF Softmax CRF Softmax CRF

Original corpus 14.56 4.31 18.27 18.46 37.67 39.98
Balanced undersampling 16.94 4.45 15.81 16.68 33.73 30.86
Data augmentation 11.05 4.49 20.10 10.06 35.03 36.08
Focal loss 14.25 17.73 39.20
Dice loss 15.74 15.26 31.62

sC 16.20 4.58 16.90 19.21 37.16 49.44
sCR 15.94 4.39 21.52 21.40 44.60 45.06
sCRD 15.95 4.94 17.15 19.80 43.82 42.34
nsCRD 16.06 4.62 18.31 23.71 41.65 41.71

Table 3: Macro-averaged F1-scores on the WNUT corpus. See the caption of Table 2 above for details.

Shallow model Bi-LSTM BERT
Softmax CRF Softmax CRF Softmax CRF

Original corpus 28.71 41.42 45.73 44.91 50.20 54.32
Balanced undersampling 29.56 40.52 41.73 42.70 57.01 56.89
Data augmentation 27.53 41.24 47.63 49.76 54.78 55.25
Focal loss 28.47 41.25 53.66
Dice loss 33.42 40.16 52.10

sC 29.17 41.34 44.52 48.39 54.52 54.58
sCR 29.85 40.39 45.85 46.91 52.96 54.33
sCRD 30.99 41.54 44.60 48.07 52.72 55.12
nsCRD 29.37 41.76 46.16 45.69 55.14 54.60

Table 4: Macro-averaged F1-scores on the GMB subset corpus. See the caption of Table 2 above for details.

Shallow model Bi-LSTM BERT
Softmax CRF Softmax CRF Softmax CRF

Original corpus 42.66 67.71 75.78 78.63 88.20 88.45
Balanced undersampling 42.55 66.77 66.36 76.54 86.91 86.75
Data augmentation 42.73 67.06 77.70 77.31 87.98 88.37
Focal loss 43.47 77.24 88.44
Dice loss 48.58 72.80 88.82

sC 42.20 66.84 76.82 75.03 88.94 88.81
sCR 42.22 66.63 77.72 74.13 88.36 89.11
sCRD 42.98 66.97 78.06 77.63 88.30 88.61
nsCRD 41.98 67.04 78.80 78.87 87.58 88.03

Table 5: Macro-averaged F1-scores on the CoNLL corpus. See the caption of Table 2 above for details.
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garded as the most significant improvement in nat-
ural language processing. Its outstanding capabil-
ity of learning contextualized word representations
makes it the representative of advanced NER model
in this work. Again, we implement two variants
of BERT: one with a softmax output layer making
token-wise predictions; the other with a CRF de-
coding layer6. Default hyperparameters are used.
More implementation details are in Appendix A.

4.5 Results and Discussion

Macro-averaged F1-scores of different methods ap-
plied to four corpora and three base NER models
are reported in Tables 2-5.

Our goal is not to compete with state-of-the-
art methods on these corpora. Instead, we aim to
present an interesting and underexplored problem
(sentence-level resampling for NER) and a set of
simple yet promising methods. In principle, our
proposed resampling methods are model-agnostic
and can provide an additional performance boost
for a variety of NER models. We observe the fol-
lowing trends in Tables 2-5.

Overall performance of our resampling meth-
ods: Across Tables 2-5, our methods (sC, sCR,
sCRD, nsCRD) generally performed well, achiev-
ing the highest or second highest F1-scores in al-
most every column (except for the condition ‘Shal-
low model, Softmax’ on CoNLL). Although no
specific method consistently outperforms others
in every condition, it is clear that sentence-level
resampling is overall a promising approach to tack-
ling the data imbalance problem in NER. The best
resampling method depends on the specific base
model, output layer, and corpus used. Just as the
best hyperparameter values have to be empirically
determined, so could be the most suitable resam-
pling method. Fortunately, all our resampling meth-
ods are simple and straightforward, which allows
for convenient experimentation.

Shallow vs. deep models: We observe a clear
trend that shallow models using word embedding as
features and softmax/CRF as the output layer under-
perform deep models such as Bi-LSTM and BERT.
We view this as a sanity check. Bi-LSTMs and
BERT can learn word representations that account
for long-distance dependencies, and BERT should
be even more powerful with contextual word repre-
sentations pretrained on massive texts.

Softmax vs. CRF output layer: Using the

6https://github.com/kyzhouhzau/BERT-NER

same base model, CRF output layer often (but not
always) outperforms softmax output layer. The
performance gap is larger on shallow models and
small corpora (AnEM, WNUT, GMB) than on deep
models and large corpus (CoNLL). Indeed, Bi-
LSTM and BERT are capable of learning word
representations that account for long-distance word
dependencies, reducing the benefit of tag dependen-
cies offered by a CRF layer. Similar observation
was made by previous work (Devlin et al., 2018).
An exception is the combination (WNUT, Shallow
model), where the CRF layer suffered from severe
overfitting caused by noisy text and extremely im-
balanced data distribution in WNUT corpus.

Small vs. large corpus: On small corpora
(AnEM, WNUT, GMB subset), our resampling
methods usually outperform the original corpus
baseline by a big margin. These benefits become
less salient on large corpus (CoNLL). This implies
that our methods are especially effective when the
corpus is small and annotations are few. As corpus
size gets large, even rare entity types are covered by
many examples and therefore sufficiently trained.

Sub-sentence resampling and data augmen-
tation: Sub-sentence resampling (balanced under-
sampling) has large variance in its performance. In
some cases it gives the highest gain (GMB subset,
BERT model), and in other cases it performs worse
than just using the original corpus (all corpora,
Bi-LSTM models). It suggests that sub-sentence
resampling is highly sensitive to the corpus and
model choice. Data augmentation also shows high
variance in its performance. It gives the highest
gain on (GMB subset, Bi-LSTM model), and per-
forms worse than the original corpus on (WNUT,
BERT model). Sentences generated by data aug-
mentation generally have correct syntax but garbled
semantics (e.g., one entity is replaced by another
same-type, out-of-context entity). The nonsensical
sentences may confuse NER models. In contrast,
whole-sentence resampling methods give more sta-
ble improvements over the original corpus baseline
largely because they preserve the naturalness of
resampled sentences.

Focal loss and Dice loss: These loss functions
are applicable only on pointwise predictions made
by the softmax output layer. A major trend is that
their performance tend to be unreliable across sce-
narios. We attribute this behavior to the difficulty
in optimizing these losses. For shallow models,
we optimize them by feeding gradients of either
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loss function (see Appendix B for their derivation)
into a L-BFGS optimizer (Liu and Nocedal, 1989)
in Scikit-Learn. As shown in the (Shallow model,
Softmax) column of GMB subset and CoNLL cor-
pora, the two loss functions (especially the Dice
loss) performed well. For deep models (Bi-LSTM
and BERT), we rely on TensorFlow’s automatic dif-
ferentiation and Adam gradient descent optimizer
(Kingma and Ba, 2014) because manually deriving
gradients for deep models is infeasible. The two
loss functions sometimes give poor performance.
The Bi-LSTM model with Dice loss failed com-
pletely on AnEM (F1-score: 2.31). A possible
explanation is that Dice loss is non-convex and it
may be difficult for first-order optimizers in current
deep learning toolkits (e.g. Adam in TensorFlow)
to find high-quality local minima than second-order
methods like L-BFGS.

Precision and recall: To illustrate performance
changes in terms of precision and recall, Figure
1 visualizes the changes before and after resam-
pling as displacement vectors in precision-recall
plots with F1-score contour lines. Some arrows are
pointing to the upper right corner of the plots, indi-
cating the associated methods improve F1-score by
improving both precision and recall. Other arrows
point to the upper left, indicating the associated
methods increase recall at the sacrifice of precision.
In this case, most of our methods improve macro-
averaged precision and recall of the BERT model
on WNUT. See Appendix C.2 for more details.

4.6 Effect on Training Corpus Size

Table 6 shows the effect of training corpus size as
a result of resampling or data augmentation. These
factors are the average across four corpora.

The balanced undersampling method drops to-
kens from sentences, and therefore reduces training
corpus size. Data augmentation method doubles the
corpus size as many sentences are paraphrased into
multiple versions. Our proposed methods increases
corpus size by a slightly larger factor because sen-
tences that contain rare entity types are resampled
multiple times. Although increased training corpus
size leads to increased training time, note that our
methods are especially suitable for scenarios where
the annotated corpus is small and hence the training
time is still relatively short.
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Figure 1: Displacement vectors of F1-scores in
precision-recall plots for WNUT corpus. ‘BUS’: bal-
anced undersampling. ‘DA’: data augmentation. All
models use softmax output layer. The downward curves
are contours of F1-scores in the precision-recall space.
Each NER model (Shallow, Bi-LSTM, BERT) is associ-
ated with a cluster of vectors sharing the same starting
point in the space, which represents the performance on
the original corpus.

Methods Size increase factor

Original corpus 1.00
Balanced undersampling 0.32
Data augmentation 2.00

sC 3.80
sCR 4.60
sCRD 3.91
nsCRD 2.82

Table 6: Effect of data resampling/augmentation meth-
ods on training corpus size. The factors are averaged
across four evaluated corpora.

5 Conclusion and Future Work

Our proposed sentence resampling methods gener-
alize well across diverse NER corpora and models.
They enjoy the following advantages:

Model-agnostic: Since resampling only manip-
ulates datasets and not models, the proposed meth-
ods can be directly applied to any NER model,
requiring no knowledge of its functioning or any
change to it. Resampling is also more convenient
than cost-sensitive learning as the latter still re-
quires changing the model training process.

Domain-agnostic: Compared with data pre-
processing methods such as data augmentation,
sentence-level resampling methods are simple and
do not require domain- or language-specific ma-
nipulations such as synonym replacement, saving
practitioners from excessive data engineering.
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Note that data augmentation and sentence-level
resampling (and resampling methods in general)
are complementary methods for improving NER
model training. Data augmentation improves the
semantic richness of training instances by expand-
ing the coverage of training data in the input fea-
ture space, while sentence-level resampling refines
the importance weighting of training instances by
bridging the gap between the training objective
and evaluation metrics. Therefore, they work in
orthogonal directions. This points to a promising
direction for future work: to explore the two line of
methods in combination rather than in competition.

Various other avenues exist for future work.
First, further theoretical and empirical research can
explore more effective resampling functions that
deliver consistently better performance across cor-
pora and base NER models. Second, more corpora
and models can be examined under these resam-
pling strategies to evaluate their generalizability.
Third, the variance of performance in different sce-
narios may potentially relate to characteristics of
specific corpora. Future research may seek for
corpora-level statistics that can assist practitioners
in selecting the appropriate resampling methods.
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A Implementation Details

A.1 Software and Hardware Environment
All the deep learning models are implemented in
Tensorflow 1.12.0 environment.

Softmax regression (or multinomial logistic re-
gression) model is from Scikit-Learn package in
version 0.23.2. The CRF model is implemented by
the package sklearn-crfsuite in version of 0.3.6.

Data resampling and CRF training/evaluation
were performed on 2.60 GHz Intel CPUs and 8GB
RAM. Bi-LSTM and BERT training/evaluation
were performed on GPUs (GeForce GTX1080 8GB
and Tesla V100 16GB).

A.2 Hyperparameters for Machine Learning
Models

For shallow models and BERT, all hyperparameters
are set by default. For details of them, please see
documents of sklearn, crfsuite and BERT-NER.

For Bi-LSTM, we adjust a few of parameters as
there are some drawbacks of the default settings:
20 is not a commonly used number for batch size,
and loss of Bi-LSTM model fails to converge under
some circumstances. So we set them to 32 and
20, instead of default values 20 and 15. Other
hyperparameters are applied according to default
settings.

For the fairness in the comparison, we do not
alter any hyperparameters while switching resam-
pling methods and loss functions without changing
dataset and models. We believe that it is totally
appropriate in the process of comparing, despite
that better performance of specific methods may
be obtained after tuning hyperparameters, which
beyond the scope of this exploring research.

A.3 Hyperparameters for Loss Functions
There are two hyperparameters in the focal loss
and Dice Loss, determining converging speed and
smooth degree. For focal loss, we set γ to 2, as
what authors of (Lin et al., 2017) recommend. Ac-
cording to (Li et al., 2019), it is appropriate to set
γ of Dice loss to 1 for the purpose of smoothing.
In our implementation of loss function in shallow
model, this setting is found effective. However,
while using it in deep learning model, its effective-
ness cannot be ensured. Hence, we adopt another
setting of γ = 10−5 in the tensor computing and
obtain better results compared with those obtained
with a larger γ.

B Derivation of Loss Function Gradients
for Softmax Regression

When using the shallow model with softmax output
layer and focal/Dice loss functions, we optimize
the model parameters by the quasi-Newton method
L-BFGS provided by Python Scikit-Learn. This
approach requires us to provide the gradients of
current model parameters. Below we show our
derivation of these gradients.

Notations and Preliminaries. Scalar values are
denoted by non-bold, lowercase letters such as x.
Row vectors are denoted by bold, lowercase letters
such as x. Matrices are denoted by bold, uppercase
letters such as X.

Softmax regression has the following compo-
nents:

• Feature vector: x ∈ Rm,x =
[x1, · · · , xi, · · · , xm].

• Label vector: y ∈ {0, 1}k,y =
[y1, · · · , yj , · · · , yk]. If the ground truth is
the c-th class, 1 ≤ c ≤ k, then yc = 1, and
yj = 0 if j ̸= c.

• Weight vector for the j-th class: wj ∈
Rm,wj = [wj1, · · · , wji, · · · , wjm].

• Weight matrix W ∈ Rm×k, W =
[w⊤1 , · · · ,w⊤j , · · · ,w⊤k ]. “⊤” is the trans-
pose operation. w⊤ is the transpose of w,
which is a column vector.

• Bias for the the j-th class: bj ∈ R.

• Predicted probability vector: p ∈ [0, 1]k,p =
[p1, · · · , pj , · · · , pk].

pj = Pr(yj = 1|x) (5)

=
exp(⟨wj ,x⟩+ bj)∑k

j′=1 exp(⟨wj′ ,x⟩+ bj′)
(6)

⟨w,x⟩ is the inner product of vector w and
vector x.

One can verify that the partial derivative of pc
with respect to wji, the weight of the j-th class, the
i-th dimension, is the following:

∂pc
∂wji

= [1{j = c} − pj ] pcxi (7)
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B.1 Focal Loss Gradient
Suppose the ground truth is the c-th class for a
given example x.

LFL(x,y) = −(1− pc)γ log pc (8)

∂LFL(x,y)

∂wji
(9)

=− ∂

∂pc
[(1− pc)γ log pc] ·

∂pc
∂wji

(10)

=−
[
−γ(1− pc)γ−1 log pc +

(1− pc)γ
pc

]
· ∂pc
∂wji
(11)

=−
[
−γ(1− pc)γ−1 log pc +

(1− pc)γ
pc

]

· [1{j = c} − pj ]pcxi (12)

=− [−γpc(1− pc)γ−1 log pc + (1− pc)γ ]
· [1{j = c} − pj ]xi (13)

=ac[pj − 1{j = c}]xi (14)

Here we set

ac = −γpc(1− pc)γ−1 log pc + (1− pc)γ (15)

to reduce notational clutter. ac has nothing to do
with i or j; it only has to do with c, the index of
the ground truth label for the training example x.
When γ = 0, ac = 1. When γ > 0, ac decreases
when pc increases from 0 to 1. This means the
gradient for an easy example (when pc is close to
1) have a smaller magnitude than the gradient for a
hard example (when pc is close to 0).

Generalizing the scalar gradient in Equation (14)
to matrix gradient, we have

∂LFL(x,y)

∂W
= ac · x⊤(p− y) . (16)

The shape of ac · x⊤(p − y) is m × k, the same
shape as W.

An important note is that here ac is specific to
that single example x, which has ground truth la-
bel yc = 1. If we have n different training ex-
amples x(1), · · · ,x(n), then every example will
have a different ac value: a

(1)
c , · · · , a(n)c . Let’s

create a diagonal matrix Ac ∈ Rn×n, Ac =

diag(a
(1)
c , · · · , a(n)c ).

If we have n training examples, then the fea-
ture matrix X ∈ Rn×m, the label matrix Y ∈
{0, 1}n×k, and the predicted probability matrix
P ∈ [0, 1]n×k. We have:

∂LFL(X,Y)

∂W
= X⊤Ac(P−Y) . (17)

The shape of X⊤Ac(P−Y) is m× k, the same
as W.

B.2 Dice Loss Gradient
Dice loss computes per-class F-1 scores. Suppose
the ground truth is the c-th class for a given exam-
ple x.

LDL(x,y) (18)

=
k∑

j′=1

[
1− 1{c = j′} γ + 2pc

γ + p2c + 1

+1− 1{c ̸= j′} γ

γ + p2j′

]
(19)

=1− γ + 2pc
γ + p2c + 1

+
∑

j′ ̸=c

[
1− γ

γ + p2j′

]
(20)

=k − γ + 2pc
γ + p2c + 1

−
∑

j′ ̸=c

γ

γ + p2j′
(21)

Take gradient with respect to wji, the weight of
the j-th class, the i-th dimension.

∂LDL(x,y)

∂wji
(22)

=− ∂

∂pc

[
γ + 2pc
γ + p2c + 1

]
· ∂pc
∂wji

−
∑

j′ ̸=c

∂

∂pj′

[
γ

γ + p2j′

]
· ∂pj′
∂wji

(23)

=− 2(γ + p2c + 1)− (γ + 2pc)2pc
(γ + p2c + 1)2

· ∂pc
∂wji

−
∑

j′ ̸=c

−γ · 2pj′
(γ + p2j′)

2
· ∂pj′
∂wji

(24)

=− 2(γ + p2c + 1)− (γ + 2pc)2pc
(γ + p2c + 1)2

· [1{j = c} − pj ]pcxi
−
∑

j′ ̸=c

−γ · 2pj′
(γ + p2j′)

2
· [1{j = j′} − pj ]pj′xi

(25)

=− 2(1− pc)(1 + γ + pc)pc
(γ + p2c + 1)2

· [1{j = c} − pj ]xi

(26)
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+
∑

j′ ̸=c

γ · 2p2j′
(γ + p2j′)

2
· [1{j = j′} − pj ]xi (27)

=ac[pj − 1{j = c}]xi −
∑

j′ ̸=c
bj′ [pj − 1{j = j′}]xi

(28)

Here we set

ac =
2(1− pc)(1 + γ + pc)pc

(γ + p2c + 1)2
(29)

bj′ =
γ · 2p2j′

(γ + p2j′)
2

(30)

ac depends on the ground truth label of example x.
bj′ depends on the current predicted probabilities
for x.

Generalizing the scalar gradient in Equation (28)
to matrix gradient, we have

∂LDL(x,y)

∂W
(31)

=x⊤ac(p− y)

− x⊤



· · · ,

∑

j′ ̸=c
bj′ [pj − 1{j = j′}], · · ·

︸ ︷︷ ︸
j=1,··· ,k




(32)

=x⊤ac(p− y)− x⊤v (33)

v is a vector specific to the example x.
If we have n training examples, then the fea-

ture matrix X ∈ Rn×m, the label matrix Y ∈
{0, 1}n×k, and the predicted probability matrix
P ∈ [0, 1]n×k. We have:

∂LDL(X,Y)

∂W
= X⊤Ac(P−Y)−X⊤V (34)

where V has shape n×k, and the l-th row in matrix
V is a k dimensional vector computed in the same
manner as Equation (32) with respect to the l-th
training example, 1 ≤ l ≤ n .

C Additional Performance Analysis

C.1 Micro-averaged Metrics
In the main paper we reported macro-averaged F1
scores for each dataset. To provide a more com-
plete comparison of performance changes, here we
report micro-averaged F1 scores in Tables 7-10.
Micro-averaged metrics lump together all named
entities without distinguishing their types, and
therefore the majority types have more influence
on these metrics than minority types. Overall, the
trend is consistent with the macro-averaged met-
rics. Sentence-level resampling methods tend to
deliver more stable gains and generally outperform
baseline methods.

C.2 Per-Entity-Type Metrics
To further examine the impacts of our method on
entity types, we also report per-entity-type preci-
sion, recall, and F1 scores for each dataset in Tables
11-14. We compare the performance of using the
original corpus and a representative of our meth-
ods (sCR). Red up-arrows (↑) means sCR obtains
better precision/recall/F1 score compared to using
the original corpus.

Here we observe that at the level of entity types,
either precision and recall simultaneously improve
or drop, or precision improves at a slight cost of
recall. It is rare that recall improves at the cost of
precision (only the GPE type in Table 13). This
pattern indicates that the BERT-CRF model trained
on the original corpus has many ‘false negatives’
(tagging entity tokens as “other”). In other words,
the model is extremely reluctant to predict non-
other entity types. Our sentence-level resampling
methods encourage the model to correctly assign
entity types to more tokens. Another trend is that
improvements on small corpora (AnEM, WNUT,
GMB subset) are more salient than on large corpus
(CoNLL). Note that sentence resampling does not
necessarily favor minority entity types as all entity
types are very rare already, compared to the Other
tokens (see the last column of Tables 11-14, “Token
%”).
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Shallow model Bi-LSTM BERT
Softmax CRF Softmax CRF Softmax CRF

Original corpus 33.96 56.74 55.94 58.81 67.02 66.69
Balanced undersampling 31.12 56.03 24.95 30.90 69.62 69.38
Data augmentation 32.70 56.80 53.12 56.19 68.09 71.63
Focal loss 28.89 53.12 68.24
Dice loss 35.62 8.62 64.50

sC 35.00 55.75 57.03 59.24 70.90 70.55
sCR 35.25 55.89 57.12 60.37 71.76 69.71
sCRD 34.04 55.65 55.57 57.02 70.22 69.57
nsCRD 35.28 56.87 54.08 58.52 71.08 69.82

Table 7: Micro-averaged F1-scores on AnEM. The three NER models using either softmax or CRF output layer are
reported. ‘ ’ means that focal loss and Dice loss do not apply to CRF outputs. In each column, the highest F1-score
is shown in boldface and the second highest is shown in underline.

Shallow model Bi-LSTM BERT
Softmax CRF Softmax CRF Softmax CRF

Original corpus 21.74 5.28 27.89 29.32 61.31 60.70
Balanced undersampling 22.77 5.69 22.51 24.64 53.70 51.66
Data augmentation 17.33 5.47 28.73 14.37 60.00 61.86
Focal loss 21.62 30.23 62.18
Dice loss 24.01 29.53 57.14

sC 22.74 5.62 25.49 28.55 63.54 64.62
sCR 23.25 6.48 31.38 27.76 65.67 65.99
sCRD 23.09 6.01 27.74 32.69 66.02 64.68
nsCRD 23.17 5.68 28.83 34.29 62.00 63.41

Table 8: Micro-averaged F1-scores on the WNUT corpus. See the caption of Table 7 above for details.

Shallow model Bi-LSTM BERT
Softmax CRF Softmax CRF Softmax CRF

Original corpus 50.60 66.67 75.92 76.87 80.43 81.68
Balanced undersampling 50.94 66.18 70.91 73.86 77.87 78.41
Data augmentation 49.09 66.13 74.75 76.17 81.48 81.86
Focal loss 49.84 72.44 81.61
Dice loss 57.70 70.46 80.02

sC 50.68 66.32 75.85 77.11 81.26 81.16
sCR 51.68 66.09 74.76 76.29 80.45 82.12
sCRD 51.12 66.58 72.43 74.21 80.71 81.09
nsCRD 50.76 66.87 73.38 74.62 81.69 81.54

Table 9: Micro-averaged F1-scores on the GMB subset corpus. See the caption of Table 7 above for details.

Shallow model Bi-LSTM BERT
Softmax CRF Softmax CRF Softmax CRF

Original corpus 42.47 71.11 79.84 81.03 92.08 92.23
Balanced undersampling 43.22 70.43 71.46 76.75 90.97 90.78
Data augmentation 42.37 70.84 81.87 81.40 91.96 92.33
Focal loss 43.78 81.53 92.15
Dice loss 48.77 77.51 91.94

sC 43.42 70.86 81.10 78.70 92.53 92.48
sCR 42.77 70.57 82.26 78.18 91.88 92.59
sCRD 44.48 70.84 82.29 81.36 91.93 92.07
nsCRD 43.24 70.67 83.05 83.42 91.37 91.87

Table 10: Micro-averaged F1-scores on the CoNLL corpus. See the caption of Table 7 above for details.
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Original corpus sCR

Entity Type P R F P R F Token %

Developing anatomical structure 86.96 90.91 88.89 87.50↑ 95.45↑ 91.30↑ 0.03
Immaterial anatomical entity 24.14 23.33 23.73 40.00↑ 40.00↑ 40.00↑ 0.06
Anatomical system 52.17 85.17 64.86 41.38↓ 85.71↑ 55.81↓ 0.08
Organism subdivision 42.86 54.00 47.79 64.44↑ 58.00↑ 61.05↑ 0.16
Cellular component 26.37 27.27 26.81 41.79↑ 31.82↑ 36.13↑ 0.21
Tissue 35.62 52.34 42.46 46.97↑ 52.54↑ 49.60↑ 0.27
Organism substance 57.58 77.87 66.21 74.62↑ 80.83↑ 77.60↑ 0.30
Organ 78.95 75.47 77.17 78.47↓ 71.07↓ 74.59↓ 0.35
Pathological formation 62.18 65.54 63.82 72.73↑ 59.46↓ 65.43↑ 0.51
Multi-tissue structure 50.17 60.08 54.68 56.45↑ 57.61↓ 57.02↑ 0.86
Cell 77.02 79.07 78.03 79.79↑ 76.33↓ 78.02↓ 1.08

Macro-avg 54.00 62.89 57.68 62.19↑ 64.44↑ 62.41↑ -

Table 11: Per-entity-type precision (P), recall (R), and F1 scores (F) on AnEM corpus using BERT-CRF model.

Original corpus sCR

Entity Type P R F P R F Token %

Corporation 33.33 66.67 44.44 20.00↓ 33.33↓ 43↓ 0.43
Creative work 0 0 0 100.00↑ 20.00↑ 33.33↑ 0.55
Product 33.33 33.33 33.33 25.00↓ 16.67↓ 20.00↑ 0.55
Group 30.77 12.90 18.18 47.37↑ 29.03↑ 36.00↑ 0.66
Location 70.00 72.41 71.18 91.30↑ 72.41 80.76↑ 1.27
Person 71.11 74.42 72.72 76.19↑ 74.42 75.29↑ 1.59

Macro-avg 39.76 43.29 39.98 59.98↑ 40.98↓ 45.06↑ -

Table 12: Per-entity-type precision (P), recall (R), and F1 scores (F) on WNUT corpus using BERT-CRF model.

Original corpus sCR

Entity Type P R F P R F Token %

NAT 0 0 0 0 0 0 0.03
ART 12.00 10.34 11.11 0↓ 0↓ 0↓ 0.07
EVE 26.67 36.36 30.77 35.71↑ 45.45↑ 40.00↑ 0.11
GPE 54.38 52.49 53.41 54.20↓ 52.99↑ 53.59↑ 1.58
TIM 76.69 88.73 88.27 77.22↑ 89.71↑ 83.00↑ 2.40
ORG 74.39 77.06 76.72 77.43↑ 75.76↓ 76.59↓ 3.31
PER 86.87 87.31 87.09 88.56↑ 89.90↑ 89.22↑ 3.56
GEO 93.19 93.19 93.19 92.26↓ 92.26↓ 92.26↓ 4.00

Macro-avg 53.27 55.68 54.32 53.17↓ 55.86↑ 54.33↑ -

Table 13: Per-entity-type precision (P), recall (R), and F1 scores (F) on GMB subset using BERT-CRF model.

Original corpus sCR

Entity Type P R F P R F Token %

MISC 77.26 81.76 79.44 82.61↑ 82.49↑ 82.54↑ 2.26
LOC 92.17 92.50 92.33 91.76↓ 91.49↓ 91.62↓ 4.07
ORG 86.16 88.83 87.47 85.92↓ 88.59↓ 87.23↓ 4.92
PER 94.44 94.66 94.55 95.11↑ 94.97↑ 95.03↑ 5.46

Macro-avg 87.51 89.44 88.45 88.85↑ 89.38↓ 89.11↑ -

Table 14: Per-entity-type F1 scores on CoNLL using BERT-CRF model.
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Abstract
Word embeddings are one of the most fun-
damental technologies used in natural lan-
guage processing. Existing word embeddings
are high-dimensional and consume consider-
able computational resources. In this study,
we propose WORDTOUR, unsupervised one-
dimensional word embeddings. To achieve
the challenging goal, we propose a decompo-
sition of the desiderata of word embeddings
into two parts, completeness and soundness,
and focus on soundness in this paper. Ow-
ing to the single dimensionality, WORDTOUR
is extremely efficient and provides a minimal
means to handle word embeddings. We ex-
perimentally confirmed the effectiveness of the
proposed method via user study and document
classification.

1 Introduction

Word embeddings are one of the most thriving tech-
niques in natural language processing and are used
in various tasks, including word analogy (Mikolov
et al., 2013; Pennington et al., 2014), text classifi-
cation (Kim, 2014; Kusner et al., 2015; Shen et al.,
2018), and text similarity (Arora et al., 2017; Yokoi
et al., 2020). Existing word embeddings are in high-
dimensional spaces. Although high dimensionality
offers representational power to word embeddings,
it also has the following drawbacks: (1) Memory
inefficiency. High-dimensional word embeddings
require the storage of many floating-point values,
and they consume considerable memory space. For
instance, the 300-dimensional GloVe with 400k
words consumes 1 GB of memory. This hinders the
application of word embeddings in edge devices
(Raunak et al., 2019; Jurgovsky et al., 2016; Joulin
et al., 2016). (2) Time inefficiency. The high di-
mensionality also increases the time consumption
owing to many floating-point arithmetic operations.
(3) Uninterpretability. It is not straightforward
to visualize high-dimensional embeddings. Pro-
jections to low dimensional spaces, e.g., by t-SNE

and PCA, lose some information, and it is difficult
to control and interpret the aspects that these pro-
jections preserve. Besides, word embeddings are
sparse in high-dimensional space, and for a small
perturbation ε ∈ Rd, it is not clear what xcat + ε
represents, e.g., when creating adversarial exam-
ples (Lei et al., 2019) and data augmentation (Qu
et al., 2021).

In this study, we propose WORDTOUR, unsu-
pervised one dimensional word embeddings. In
contrast to high-dimensional embeddings, WORD-
TOUR is memory efficient. It does not require
storing even a single floating-point value; instead,
it stores only the order of words. WORDTOUR with
40k words consumes only 300 KB memory, which
is the same space as the space for storing a list
of the words. Memory efficiency enables applica-
tions in low-resource environments. WORDTOUR

is time efficient as well. It can compare words in
a single operation whereas traditional embeddings
require hundreds of floating-point operations for a
single comparison. In addition, it can retrieve sim-
ilar words by simply looking up the surrounding
words in a constant time and can efficiently com-
pare documents using a blurred bag of words, as we
will show in the experiments. These features are
also advantageous in low resource environments.
In addition, WORDTOUR is interpretable owing
to its single dimensionality. It is straightforward to
visualize the one dimentional embeddings without
any information loss. Besides, we can always inter-
pret the perturbed word embedding as we can inter-
pret the perturbed image pixels. In brief, WORD-
TOUR provides a minimal means to handle word
embeddings.

However, words are inherently high-
dimensional, and it is impossible to capture
all semantics in one dimension. To tackle this
challenge, we propose to decompose the desiderata
of word embeddings into two components: sound-
ness and completeness. WORDTOUR gives up
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completeness, focuses on soundness, and thereby
realizes meaningful one dimensional embeddings
for some, if not all, applications. We formulate
the optimization of sound word embeddings as
the traveling salesman problem and solve it using
a highly efficient solver. In the experiments, we
confirm that WORDTOUR provides high-quality
embeddings via qualitative comparison, user
studies, and document classification.

Reproducibility: Our code and obtained
embeddings are available at https://
github.com/joisino/wordtour.

2 Backgrounds

2.1 Notations

Let V be the set of words in a vocabulary, and
n = |V| be the number of words. Let [n] =
{1, 2, · · · , n} and let P([n]) be the set of permuta-
tions of [n].

2.2 Problem Definition

We are given off-the-shelf word embeddingsX =
[x1, · · · ,xn]> ∈ Rn×d, such as word2vec and
GloVe. We assume that the embeddings completely
represent the semantics of the words, but they are
high-dimensional, e.g., d = 300. We aim to create
an ordering of V such that the order preserves the
structure of the given embeddings. The problem is
defined as follows:

Problem Definition.
Given: Word embedddingsX ∈ Rn×d.
Output: Word ordering σ∗ ∈ P([n]).

In full generality, it may be possible to model
the real-value positions. However, in this paper, we
solely consider the order of the words. That is, the
words are equally spaced in the one-dimensional
space. This formulation makes the embedding sim-
pler and lighter, while still being sufficiently pow-
erful.

3 Word Tour

In this section, we introduce our proposed method,
WORDTOUR. Ideally, we would like to preserve
all the semantics in our one-dimensional embed-
dings. However, such ideal embeddings are un-
likely to exist because the relations between words
are inherently high-dimensional. Indeed, although

pet
cat

cats

x Word Tour
Word Embeddings

Figure 1: Illustration of WORDTOUR. Each dot rep-
resents a word with its coordinates as the embedding
vector.

existing studies have attempted to reduce the di-
mensionality of word embeddings, they require
at least tens of dimensions (Raunak et al., 2019;
Acharya et al., 2019) and several dimensions even
in non-Euclidean spaces (Nickel and Kiela, 2017;
Tifrea et al., 2019). These results indicate that
ideal 1D embeddings do not exist. Therefore, we
make a compromise. We decompose the desiderata
of word embeddings into the following two cate-
gories:

Soundness Close embeddings should have seman-
tically similar meanings.

Completeness Semantically similar words should
be embedded closely.

In WORDTOUR, we give up the latter condition and
focus on the former condition. For instance, the
two red stars in Figure 1 are distant in the order, al-
though they are semantically similar. WORDTOUR

accepts such inconsistency. Owing to the incom-
pleteness, WORDTOUR may fail some applications
of word embeddings, such as word analogy and re-
lation extraction. Nevertheless, WORDTOUR still
has some other applications, such as word replace-
ment and document retrieval. Indeed, WORDTOUR

may overlook some relevant documents because
they may embed relevant words far apart. However,
the close documents found by WORDTOUR are in-
deed close owing to soundness. These insights in-
dicate that there exist one-dimensional embeddings
that are useful for some, if not all, applications.

A natural criterion for soundness is that consec-
utive words in the ordering should be close to one
another in the original embedding space. We for-
mulate the problem as follows:

minimize
σ∈P([n])

‖xσ1 − xσn‖+
n−1∑

i=1

‖xσi − xσi+1‖.

(1)
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Table 1: Examples of segments. Each row represents a segment. (a–d) Segments around “cat.” (e–h) Segments
around “concept.” (i–o) Random segments of WORDTOUR. WORDTOUR provides smooth orderings.

Methods Segments

(a) WORDTOUR sniff sniffing sniffer dogs dog cat cats pets pet stray errant
(b) RandProj loire sayings nn trooper referendum cat exceeded traces freestyle mirrored bloomberg
(c) PCA1 mm asylum kohl presents expressed cat sichuan denmark counted corporations hewitt
(d) PCA4 1.46 puzzles 940 coexist locations cat att winners perth colgate sohail

(e) WORDTOUR assumption assumptions notions notion idea concept concepts ideas thoughts feelings emotions
(f) RandProj entertaining 42,000 kursk embarrassment ingrained concept berezovsky cg guillen excerpts roofs
(g) PCA1 neighboring branches argued manhattan 1998 concept share pending response airlines fort
(h) PCA4 2:00 hksar hashim provider straining concept inducing fightback unsettled bavaria sign

(i) WORDTOUR wireless broadband 3g cdma gsm handset handsets smartphones smartphone blackberry tablet
(j) WORDTOUR gun weapon weapons arms arm leg legs limbs limb prosthetic make-up
(k) WORDTOUR federalist libertarian progressive liberal conservative conservatives liberals democrats republicans gop republican
(l) WORDTOUR cordial amicable agreeable mutually beneficial detrimental harmful destructive disruptive behaviour behavior
(m) WORDTOUR 15th 14th 13th 12th 10th 11th 9th 8th 7th 6th 5th
(n) WORDTOUR suspicions doubts doubt doubted doubting doubters skeptics skeptic believer believers adherents
(o) WORDTOUR molten magma lava basalt sandstone limestone granite marble slab slabs prefabricated

We treat the ordering as a cycle, not a path, by
adding term ‖xσ1 − xσn‖. The rationale behind
this design is that we would like to treat all words
symmetrically and would like the boundary words
to have the same number of neighbors as the non-
boundary words.

In formulation (1), we adopt the L2 norm for
simplicity. However, our formulation is agnostic
to the distance function. When a corpus is at hand,
we can also use the number of co-occurrences,
i.e.,

∑
i#co-occurrences of (σi, σi+1) , as the cost

function. We leave investigating other modelings
as future work and focus on the L2 cost in this
paper.

The optimization problem (1) is an instance of
the traveling salesman problem (TSP), which is NP-
hard. As the problem size is relatively large in our
case, for instance, n = 40 000, it may seem impos-
sible to solve the problem. However, in practice,
highly efficient TSP solvers have been developed.
Among others, we employ the LKH solver (Hels-
gaun, 2018), which implements the Lin Kernighan
algorithm (Lin and Kernighan, 1973; Helsgaun,
2000) in a highly efficient and effective manner.
The LKH solver performs a restricted local search
based on a guide graph constructed using the dual
problem. Helsgaun (2018) reported that the LKH
solver exactly solved an instance with as many as
109 399 cities. In addition, several effective algo-
rithms for computing lower bounds provide theo-
retical guarantees for the quality of a solution. We
employ the one-tree lower bound (Helsgaun, 2000)
implemented in the LKH solver to compute the
lower bounds of the optimum value. As a tour is a
special case of a one-tree, the minimum cost one-
tree is a provable lower bound of the TSP problem.
The algorithm searches for a potential vector for a
tight lower bound by gradient ascent. WORDTOUR

computes a near-optimal solution of Problem (1) by

the LKH solver and uses the solution as the word
order, i.e., the word embeddings.

4 Experiments

We experimentally validated the effectiveness of
WORDTOUR. We used a Linux server with Intel
Xeon E7-4830 v4 CPUs in the experiments.

4.1 Computing Embeddings

We used 300-dimensional GloVe embedding with
the first 40 000 words as the input embeddings
{xv}. The objective value of the solution obtained
by LKH was 236882.314, and the lower bound
proved by LKH was 236300.947. Therefore, the
cost of the obtained tour is guaranteed to be at most
1.003 of the optimum. The resulting embedding
file is 312 KB, which is sufficiently light to be
deployed in low-resource environments.

4.2 Qualitative Comparison

We use the following baselines: (1) RandProj ran-
domly samples a direction d ∈ Rd and orders the
embeddings in ascending order of d>xi. This
method extracts a specific aspect d of the input
embeddings. (2) PCA-1 orders in ascending order
of the top PCA component. (3) Mu and Viswanath
(2018) reported that a few leading PCA compo-
nents were not informative. Therefore, PCA-4 or-
ders words by the fourth PCA component.

As we cannot show the entire tour owing to space
constraints, we sample and list some random seg-
ments in Table 1. It is observed that WORDTOUR

provides the most natural ordering, and the con-
secutive words are semantically similar in WORD-
TOUR. Notably, WORDTOUR almost recovers the
order of ordinals without explicit supervision (Ta-
ble 1 (m)).
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Figure 2: Results of the user study. Each bar repre-
sents the number of times each method was selected
within 100 trials. One trial was not completed in
WORDTOUR vs. RandProj, which led to 99 trials in
the first comparison.

4.3 Assesment via Crowdsourcing

We conducted a user study at Amazon Mechanical
Turk to confirm the effectiveness of WORDTOUR.
Specifically, to compare two word ordering σ, τ ∈
P([n]), we randomly sample a reference word v ∈
V , retrieve the next words of v in σ and τ , and ask
a crowdworker which word is more similar to the
reference word v. We repeated this process 100
times for each pair of embeddings. Figure 2 shows
the number of times each embedding was selected.
This clearly shows that WORDTOUR aligns with
human judgment.

4.4 Document Retrieval

In this section, we evaluate the effectiveness of
word embeddings in document classification. The
most straightforward approach to compare two
documents is the bag of words (BoW), which
counts common and uncommon words in docu-
ments. However, this approach cannot capture the
similarities of the words. In 1D embeddings, neigh-
boring words are similar, although they are not
exactly matched in BoW. To utilize this knowledge,
we use blurred BoW, as shown in Figure 3. Specif-
ically, we put some mass around the words in a
document to construct the blurred BoW vector. We
employ a Gaussian kernel for the mass amount and
use WORDTOUR, RandProj, PCA1, and PCA4 for
the orderings. We normalize the BoW and blurred
BoW vectors with the L1 norm and compute the
distance between two documents using the L1 dis-
tance of the vectors. The blurred BoW can be com-
puted in O(wn) time, where n denotes the number
of words in a document and w is the width of the
filter. We used w = 10 in the experiments. We
also use word mover’s distance (WMD) (Kus-
ner et al., 2015) as a baseline, which is one of
the most popular word-embedding-based distances.
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Figure 3: Document comparison by WORDTOUR. This
figure illustrates the case in which a document is com-
posed of a single word. When more than one word is
in a document, the blurred BoW will be multimodal.

Table 2: Document classification errors. Lower is bet-
ter. The time row reports the average time to compare
the two documents. WORDTOUR performs the best in
the blurred BoW family.

ohsumed reuter 20news amazon classic

BoW 48.1 5.6 35.4 11.4 ± 0.4 5.1 ± 0.3
Time 39 ns 23 ns 35 ns 21 ns 23 ns

WORDTOUR 47.2 4.6 34.1 10.1 ± 0.3 4.6 ± 0.1
RandProj 47.9 5.4 35.4 11.3 ± 0.3 5.1 ± 0.3
PCA1 47.8 5.7 35.5 11.4 ± 0.6 5.1 ± 0.3
PCA4 48.1 5.6 35.4 11.6 ± 0.5 5.1 ± 0.4
Time 206 ns 142 ns 312 ns 185 ns 150 ns

WMD 47.5 4.5 30.7 7.6 ± 0.3 4.2 ± 0.3
Time 3.5 ×106 ns 2.2 ×106 ns 5.1 ×106 ns 1.2 ×107 ns 1.9 ×106 ns

We used 300-dimensional GloVe for WMD. WMD
requires O(n3 + n2d) computation because of the
optimal transport formulation, where n denotes
the number of words in a document and d is the
number of dimensions of word embeddings. The
performance of WMD can be seen as an expensive
upper bound of BoW and blurred BoW. We used
five datasets: ohsumed (Joachims, 1998), reuter
(Sebastiani, 2002), 20news (Lang, 1995), Ama-
zon (Blitzer et al., 2007), and classic (SMART).
We remove the duplicated documents following
(Sato et al., 2021). The details of the datasets are
provided in the Appendix. We evaluated the per-
formance using the k-nearest neighbor error. We
used the standard test dataset if it existed (for in-
stance, based on timestamps) and used five random
train/test splits for the other datasets1. We report
the standard deviations for five-fold datasets.

The results are shown in Table 2. Although
WORDTOUR is less effective than WMD, it is much
faster than WMD and more effective than other 1D
embeddings. Recall that the 1D embeddings are
designed for low-resource environments, where

1The seeds are fixed and reported in the GitHub repository.
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WMD may be infeasible. WORDTOUR offers an
efficient approach while integrating the similarities
of the words.

5 Related Work

Raunak et al. (2019) and Jurgovsky et al. (2016)
proposed a postprocessing method to reduce the
number of dimensions of the off-the-shelf word
embeddings. However, existing methods require
at least five to tens of dimensions. To the best
of our knowledge, this study is the first to ob-
tain large-scale 1D word embeddings. Nickel and
Kiela (2017) proposed to embed words into hyper-
bolic spaces and drastically reduce the number of
required dimensions. FastText.zip (Joulin et al.,
2016) quantizes and prunes word embeddings for
memory-efficient text classification. Although Fast-
Text.zip saves considerable memory consumption
without harming downstream tasks, it prunes words
that are irrelevant to text classification, whereas we
aim to retain the original vocabulary in this work.
Ling et al. (2016) and Tissier et al. (2019) proposed
to quantize general word embeddings. Although
they save considerable memory and time complex-
ity with no considerable performance degradation,
they still consume a few orders of magnitude more
memory than 1D embeddings, and they are sparse
in the embedding space and require more time than
WORDTOUR to compare documents and search
similar words.

6 Conclusion

In this study, we proposed WORDTOUR, a 1D word
embedding method. To realize 1D embedding, we
decompose the requirement of word embeddings
into two parts and impose only one constraint in
which the consecutive words should be semanti-
cally similar. We formulate this problem using the
TSP and solve it with a state-of-the-art solver. Al-
though the TSP is NP-hard, the effective solver
solves the optimization almost optimally and pro-
vides effective 1D embeddings. We confirmed its
effectiveness via crowdsourcing and document clas-
sification.
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Table 3: Dataset statistics.

ohsumed reuter 20news amazon classic

Number of documents 7497 7585 18776 7854 6778
Number of training documents 3268 5413 11265 5497 4744

Number of test documents 4229 2172 7511 2357 2034
Size of the vocabulary 12144 13761 28825 21816 12904

Unique words in a document 94.5 63.0 137.1 201.8 60.8
Number of classes 10 8 20 4 4

Split type one-fold one-fold one-fold five-fold five-fold

A Datasets

Table 3 summarizes the statistics of the datasets
after preprocessing. Ohsumed (Joachims, 1998)
consists of medical abstracts. Reuter (Sebastiani,
2002) and 20news (Lang, 1995) are news datasets.
Amazon (Blitzer et al., 2007) consists of reviews in
amazon.com. Classic (SMART) consists of aca-
demic papers. The datasets are retrieved from
https://github.com/mkusner/wmd.

B Usage of LKH

We used LKH version 3.0.6, with parameter
PATCHING_C = 3,PATCHING_A = 2, which
are the default parameters. As the LKH solver ac-
cepts only integral values, we multiply the actual
distance by 103 and round down the values before
we feed them into the LKH solver. The difference
caused by this rounding process is negligibly small.

C Hyperparameters

The number k of neighbors in the kNN classifica-
tion is selected from {1, 2, · · · , 19}. The variance
of the Gaussian filter in a blurred bag of words is
selected from {0.01, 0.1, · · · , 1000}. We selected
the hyperparameters using a 5-fold cross-validation
and retrained the kNN model using the chosen hy-
perparameters and entire training dataset.
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Abstract

A growing effort in NLP aims to build datasets
of human explanations. However, it remains
unclear whether these datasets serve their in-
tended goals. This problem is exacerbated by
the fact that the term explanation is overloaded
and refers to a broad range of notions with dif-
ferent properties and ramifications. Our goal
is to provide an overview of the diversity of
explanations, discuss human limitations in pro-
viding explanations, and ultimately provide
implications for collecting and using human
explanations in NLP.

Inspired by prior work in psychology and cog-
nitive sciences, we group existing human ex-
planations in NLP into three categories: prox-
imal mechanism, evidence, and procedure.
These three types differ in nature and have im-
plications for the resultant explanations. For
instance, procedure is not considered explana-
tion in psychology and connects with a rich
body of work on learning from instructions.
The diversity of explanations is further evi-
denced by proxy questions that are needed
for annotators to interpret and answer “why is
[input] assigned [label]”. Finally, giving ex-
planations may require different, often deeper,
understandings than predictions, which casts
doubt on whether humans can provide valid ex-
planations in some tasks.

1 Introduction

With the growing interest in explainable NLP sys-
tems, the NLP community have become increas-
ingly interested in building datasets of human ex-
planations. These human explanations can ideally
capture human reasoning of why a (correct) label is
chosen. If this is indeed the case, they are hypoth-
esized to aid models with additional supervision,
train models that explain their own predictions, and
evaluate machine-generated explanations (Wiegr-
effe and Marasović, 2021). In fact, DeYoung et al.
(2020) already developed a leaderboard, where the

implicit assumption is that humans can provide
valid explanations and these explanations can in
turn be uniformly considered as groundtruths.

However, are these assumptions satisfied and
can human explanations serve these goals? In this
work, we aim to introduce prior relevant literature
in psychology to the NLP community and argue
against abusing the term explanations and prema-
turely assuming that human explanations provide
valid reasoning for inferring a label.

First, we point out the rich diversity in what the
NLP community refer to as explanations and how
researchers collect them. The term “explanation” is
overloaded in the NLP and AI community: it often
refers to many distinct concepts and outcomes.1

For example, procedural instructions are different
from explanations that attempt to convey proximal
causal mechanisms. The diversity of explanations
is further evidenced by the variety of proxy ques-
tions that researchers ask to collect explanations,
e.g., “highlight the important words that would tell
someone to see the movie” vs. “highlight ALL
words that reflect a sentiment”. These proxy ques-
tions are necessary because the question of “why is
[input] assigned [label]” is too open-ended. It fol-
lows that these “human explanations” are supposed
to answer different questions in the first place and
may not all be used for the same goals, e.g., serving
as groundtruth labels.

In addition to the diversity, we highlight two in-
sights from psychology on whether humans can
provide valid explanations: 1) prediction does not
entail explanation (Wilson and Keil, 1998), i.e., al-
though humans may be able to provide valid labels,
they may not be able to provide explanations that
capture the reasoning process needed or used to
infer a label; 2) everyday explanations are neces-
sarily incomplete (Keil, 2006; Lombrozo, 2006),
because they seldom capture the complete deduc-

1Broniatowski et al. (2021) further argues that interpreta-
tion and explainability are distinct concepts.
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tive processes from a set of axioms to a statement.
In summary, not all explanations are equal and

humans may not always be able to provide valid
explanations. We encourage the NLP community
to embrace the complex and intriguing phenomena
behind human explanations instead of simply view-
ing explanations as another set of uniform labels.
A better understanding and characterization of hu-
man explanations will inform how to collect and
use human explanations in NLP.

2 Types of Human Explanations in NLP

To understand whether datasets of human expla-
nations can serve their intended goals, we first
connect current human explanations in NLP with
existing psychology literature to examine the use
of the term “explanation” in NLP. We adapt the
categorization in Lombrozo (2006) and group hu-
man explanations in NLP into the following three
categories based on the conveyed information:

• Proximal mechanisms. This type of expla-
nation attempts to provide the mechanism be-
hind the predicted label, i.e., how to infer the
label from the text, and match efficient cause
in Lombrozo (2006). We created E1 in Table 1
to illustrate this type of explanation. Note that
E1 does not provide the complete mechanism.
For instance, it does not define “year” or “tem-
poral modifier”, or make clear that “1997” is
a “year”. Neither does it cover the axioms
of logic. This is a common property of hu-
man explanations: they are known to cover
partial/proximal mechanisms rather than the
complete deduction from natural laws and em-
pirical conditions (Hempel and Oppenheim,
1948).

• Evidence. This type of explanation includes
the relevant tokens in the input (e.g., E2 in
Table 1) and directly maps to highlights in
Wiegreffe and Marasović (2021). However,
it does not map to any existing definitions of
explanations in the psychology literature since
the evidence does not provide any information
on how evidence leads to the label. In other
words, evidence alone does not explain.

• Procedure. Unlike proximal mechanisms,
this type of explanation provides step-by-step
rules or procedures that one can directly fol-
low, e.g., E3 in Table 1. They are more ex-

plicit and unambiguous than proximal mecha-
nisms. In fact, one can write a rule based on
E3 to find marriage relation, but one cannot
easily do that with E1. Furthermore, the proce-
dures are grounded to the input, so it is related
to formal cause, “the form or properties that
make something what it is” (Lombrozo, 2006),
which is definitional and does not convey the
underlying mechanisms. Procedural instruc-
tions are only possible for some tasks, while
proximal mechanisms are the most common
form of everyday explanations.

These three categories empirically capture all
the explanations discussed in NLP literature. Lom-
brozo (2006) also discuss two other categories, fi-
nal causes (the goal) and material causes (the con-
stituting substance). For instance, a final cause to
“why [input] is assigned [label]” can be that “this
label is provided to train a classifier”. These two
categories have been less relevant for NLP.

Implications. This categorization allows us to
think about what kind of explanations are desired
for NLP systems and help clarify how to use them
appropriately. First, proximal mechanisms are best
aligned with human intuitions of explanations, es-
pecially in terms of hinting at causal mechanisms.
However, they can be difficult to collect for NLP
tasks. For example, Table 2 shows example expla-
nations in E-SNLI that fail to convey any proximal
mechanisms: they either repeat the hypothesis or
express invalid mechanisms (“the bike competition”
does not entail “bikes on a stone road”). See further
discussions on the challenges in collecting expla-
nations in §4. Furthermore, they may be difficult
to use for supervising or evaluating a model.

Second, evidence by definition provides little
information about the mechanisms behind a label,
but it can be potentially useful as additional super-
vision or groundtruths. We will further elaborate
on the nature of evidence in different tasks in §3.
However, it may be useful to the community to use
clear terminology (e.g., evidence or rationale (Lei
et al., 2020; Carton et al., 2020)) to avoid lumping
everything into “explanation”.

Finally, procedures are essentially instructions,
and Keil (2006) explicitly distinguishes explana-
tions from simple procedural knowledge: “Know-
ing how to operate an automated teller machine
or make an international phone call might not en-
tail having any understanding of how either system

2174



Instance Label Explanation

Task: whether the query is supported or refuted by the preceding texts (Thorne et al., 2018)
S1: No Way Out is the debut studio album by American
hip hop recording artist , songwriter and record producer
Puff Daddy . S2: It was released on July 1 , 1997 , by
his Bad Boy record label . The label ’s official crediting
as “ The Family ” ...... Query: 1997 was the year No
Way Out was released.

Supports

Proximal mechanism (E1): “It” in S2 refers to “No
Way Out” and “on July 1, 1997” is the temporal modi-
fier of “release”, we can thus infer 1997 was the year
that No Way Out was released.

Evidence (E2): S1, S2
Task: whether person 1 is married to person 2 (Hancock et al., 2018)

Tom Brady and his wife Gisele Bündchen were spotted
in New York City on Monday amid rumors of Brady’s
alleged role in Deflategate

True
Procedure (E3): The words “and his wife” are be-
tween person 1 and person 2.

Table 1: Types of human explanations and corresponding examples. “S1:” and “S2:” were added to facilitate
writing the explanation, which also shows the non-triviality of writing explanations.

P: Men in green hats appear to be attending a gay pride
festival. H: Men are attending a festival. E: The men are
attending the festival.

P: Several bikers on a stone road, with spectators watching.
H: The bikers are on a stone road. E: That there are
spectators watching the bikers on a stone road implies
there is a bike competition.

Table 2: Examples from E-SNLI (Camburu et al.,
2018). P: premise, H:: hypothesis, E: explanation.

works”. Another reason to clarify the procedure
category is that it would be useful to engage with
a rich body of work on learning from instructions
when human explanations are procedural (Gold-
wasser and Roth, 2014; Matuszek et al., 2013).

We would like to emphasize that procedures or
instructions are powerful and can potentially bene-
fit many NLP problems (e.g., relation extraction).
At the same time, it is useful to point out that pro-
cedures are different from proximal mechanisms.

3 Proxy Questions Used to Collect
Human Explanations

Although explanations are supposed to answer
“why is [input] assigned [label]” (Wiegreffe and
Marasović, 2021), this literal form is too open-
ended and may not induce “useful” human expla-
nations. As a result, proxy questions are often nec-
essary for collecting human explanations. These
proxy questions further demonstrate the diversity
of human explanations beyond the types of expla-
nation. Here we discuss these proxy questions for
collecting evidence. See the appendix for discus-
sions on proximal mechanisms and procedures.

To collect evidence (highlights), researchers
adopt diverse questions for relatively simple single-
text classification tasks (see Table 3). Consider

the seemingly straightforward case of sentiment
analysis, “why is the sentiment of a review posi-
tive/negative”. A review can present both positive
and negative sentiments (Aithal and Tan, 2021), so
the label often comes from one sentiment outweigh-
ing the other. However, in practice, researchers of-
ten ask annotators to identify only words support-
ing the label. Critical wording differences remain
in their questions: Zaidan et al. (2007) ask for the
most important words and phrases that would tell
someone to see the movie, while Sen et al. (2020)
requires all words reflecting the sentiment. Two
key differences arise: 1) “the most important” vs.
“all”; 2) “telling someone to see the movie” vs. “re-
flecting the sentiment”.

In contrast, personal attack detection poses a
task where the negative class (“no personal attack”)
by definition points to the lack of evidence in the
text. It follows that the questions that researchers
can ask almost exclusively apply to the positive
class (i.e., “highlight sections of comments that
they considered to constitute personal attacks”).

In comparison, researchers approach evidence
more uniformly for document-query classification
tasks. They generally use similar proxy questions
(e.g., Thorne et al. (2018) and Hanselowski et al.
(2019) ask almost the same questions) and ask peo-
ple to select sentences instead of words. That said,
intriguing differences still exist: 1) Lehman et al.
(2019) simply ask annotators to provide accom-
panying rationales; 2) Thorne et al. (2018) aim
for “strong” reasons, which likely induces differ-
ent interpretations among annotators; 3) Khashabi
et al. (2018) collect questions, answer, and sentence
indices at the same time, among which sentence
indices can be used to find the corresponding sen-
tences as evidence. It remains unclear how these
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Reference Task Questions

Evidence: single-text classification
Zaidan et al. (2007) Sentiment analysis To justify why a review is positive, highlight the most important words and

phrases that would tell someone to see the movie. To justify why a review is
negative, highlight words and phrases that would tell someone not to see the
movie.

Sen et al. (2020) Sentiment analysis Label the sentiment and highlight ALL words that reflect this sentiment.
Carton et al. (2018) Personal attack de-

tection
Highlight sections of comments that they considered to constitute personal
attacks.

Evidence: document-query classification
Lehman et al. (2019) Question answer-

ing
Generators were also asked to provide answers and accompanying rationales to
the prompts that they provided.

Thorne et al. (2018) Fact verification
(QA)

If I was given only the selected sentences, do I have strong reason to believe
the claim is true (supported) or stronger reason to believe the claim is false
(refuted).

Khashabi et al. (2018) Question answer-
ing

Ask them (participants) for a correct answer and for the sentence indices required
to answer the question.

Table 3: Questions that prior work uses to collect human explanations. We include the short version of the guide-
lines here for space reasons. Refer to the appendix for the full text of the relevant annotation guidelines.

differences in annotation processes and question
phrasings affect the collected human explanations.

Implications. Our observation on proxy ques-
tions aligns with dataset-specific designs discussed
in Wiegreffe and Marasović (2021). We emphasize
that these different forms of questions entail differ-
ent properties of the collected human explanations,
as evidenced by Carton et al. (2020). For exam-
ple, the lack of evidence in the negative class in
personal attack classification likely requires special
strategies in using human explanations to train a
model and evaluate machine rationales. Sentence-
level and token-level annotations also lead to sub-
stantially different outcomes, at least in the forms
of explanations. We believe that it is important
for the NLP community to investigate the effect of
proxy questions and use the collected explanations
with care, rather than lumping all datasets under
the umbrella of explanations.

We also recommend all researchers to provide
detailed annotation guidelines used to collect hu-
man explanations. As the area of collecting human
explanation is nascent, the goal is not to promote
consistent and uniform annotation guidelines but
to encourage the community to pay attention to the
different underlying questions and characterize the
resultant diverse properties of human explanations.

4 Can Humans Provide Explanations?

In order for human explanations to serve as ad-
ditional supervision in training models and eval-
uate machine-generated explanations, human ex-
planations need to provide valid mechanisms for

a correct label. Finally, we discuss challenges for
humans to provide explanations of such qualities.

Conceptual framework. We situate our discus-
sion in the psychological framework provided by
Wilson and Keil (1998) to highlight what may be
required to explain. Wilson and Keil (1998) exam-
ines where explanation falls in three central notions:
prediction, understanding, and theories. They ar-
gue that these three notions “form a progression of
increasing sophistication and depth with explana-
tions falling between understanding and theories”.
For instance, we may be able to predict that a car
will start when we turn the ignition switch, but few
of us are able to explain in detail why this is so. In
contrast, if a person is able to explain in detail why
a car starts when you turn on the ignition switch,
they can likely predict what will happen if various
parts of the engine are damaged or removed.

These three central notions are also essential in
machine learning. Traditional label annotation is
concerned with prediction, however, being able to
predict does not entail being able to explain.

Emulation vs. discovery. Next, we gradually
unfold the practical challenges in collecting valid
explanations from humans. The first challenge lies
in whether humans can predict, i.e., assign the cor-
rect label. We highlight two types of tasks for
AI: emulation vs. discovery (Lai et al., 2020). In
emulation tasks, models are trained to emulate hu-
man intelligence and labels are often crowdsourced.
Labels, however, can also derive from external (so-
cial/biological) processes, e.g., the popularity of a
tweet and the effect of a medical treatment. Mod-
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els can thus discover patterns that humans may
not recognize in these discovery tasks. While most
NLP tasks such as NLI and QA are emulation tasks,
many NLP problems, especially when concerned
with social interaction, are discovery tasks, rang-
ing from identifying memorable movie quotes to
predicting the popularity of messages (Danescu-
Niculescu-Mizil et al., 2012; Tan et al., 2014).

Aligning with our discussion on explanation and
prediction, most datasets of human explanations in
NLP assume that humans are able to predict and are
on emulation tasks. However, we note exceptions
such as explanations of actions in gaming (Ehsan
et al., 2019), where humans may often choose sub-
optimal actions (labels).

Cognitive challenges in providing valid explana-
tions. Even conditioned on that humans can pre-
dict the label, humans may not be able to provide
valid explanations for at least two reasons. First, as
Wilson and Keil (1998) suggests, explanation re-
quires more depth than prediction. For instance, we
may possess some notions of common sense (e.g.,
one should not slap a stranger), but it is unclear
whether we can explain common sense in detail
(e.g., why one should not slap a stranger through
theory of morality), similar to the car ignition ex-
ample. One may argue that theory of morality may
not be what NLP researchers seek, but it is critical
to consider the desiderata of human explanations,
with the limits in mind.

Second, explanation often requires people to re-
port their subjective mental processes, i.e., how our
minds arrive at a particular judgement, rather than
following objective consensual guidelines such as
annotating logical entailment. However, classic
work by Nisbett and Wilson (1977) suggests that
our verbal reports on our mental processes can be
highly inaccurate. For instance, in admission deci-
sions, legitimate information can be used to justify
preferences based on illegitimate factors such as
race (Norton et al., 2006). Many studies on im-
plicit bias also reinforces that we are not aware of
our biases and thus cannot include them (i.e., the
actual reasoning in our mind) in our explanations
(Greenwald et al., 1998).

Explanations are necessarily incomplete. Fi-
nally, there are indeed cases where we believe that
humans can provide valid mechanisms. For in-
stance, some question answering tasks boil down to
logical inference from evidence to query. In these

cases, NLP researchers need to recognize that hu-
man explanations are necessarily incomplete: peo-
ple do not start from a set of axioms and present all
the deductive steps (Keil, 2006; Lombrozo, 2006).
Therefore, even for simple tasks such as natural lan-
guage inference, we may simply give explanations
such as repeating the hypothesis without presenting
any axiom or deduction required to infer the label.

Implications. We cannot assume that humans
are capable of providing explanations that con-
tain valuable proximal mechanisms. The very fact
that humans can still provide explanations for in-
correct labels and tasks where they do not per-
form well suggests that one should be skeptical
about whether human explanations can be used to
train models as additional supervision or evaluate
machine-generated explanations as groundtruths.

Note that incomplete explanations can still be
very useful for NLP. We believe that recognizing
and characterizing this incompleteness (e.g., which
proximal mechanism is more salient to humans) is
critical for understanding and leveraging human
explanations for the intended goals in NLP. To
summarize, we argue that human explanations are
necessarily incomplete and it is important to under-
stand and characterize this incompleteness, which
can inform how we can leverage it for the intended
goals in NLP.

5 Conclusion

Explanations represent a fascinating phenomenon
and are actively studied in psychology, cognitive
science, and other social sciences. While the grow-
ing interest in explanations from the NLP com-
munity is exciting, we encourage the community
to view this as an opportunity to understand how
humans approach explanations and contribute to
understanding and exploring the explanation pro-
cesses. This will in turn inform how to collect
and use human explanations in NLP. A modest
proposal is that it is useful to examine and charac-
terize human explanations before assuming that all
explanations are equal and chasing a leaderboard.

Acknowledgments

We thank anonymous reviewers for their feedback,
and members of the Chicago Human+AI Lab for
their insightful suggestions. This work is sup-
ported in part by research awards from Amazon,
IBM, Salesforce, and NSF IIS-2040989, 2125116,
2126602.

2177



References
Madhusudhan Aithal and Chenhao Tan. 2021. On pos-

itivity bias in negative reviews. In Proceedings of
ACL.

Tariq Alhindi, Savvas Petridis, and Smaranda Mure-
san. 2018. Where is your evidence: Improving fact-
checking by justification modeling. In Proceedings
of the First Workshop on Fact Extraction and VER-
ification (FEVER), pages 85–90, Brussels, Belgium.
Association for Computational Linguistics.

Faeze Brahman, Vered Shwartz, Rachel Rudinger, and
Yejin Choi. 2020. Learning to rationalize for
nonmonotonic reasoning with distant supervision.
arXiv preprint arXiv:2012.08012.

David A Broniatowski et al. 2021. Psychological foun-
dations of explainability and interpretability in artifi-
cial intelligence.

Oana-Maria Camburu, Tim Rocktäschel, Thomas
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Ré. 2018. Training classifiers with natural lan-
guage explanations. In Proceedings of the 56th An-
nual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers), pages 1884–
1895, Melbourne, Australia. Association for Compu-
tational Linguistics.

Andreas Hanselowski, Christian Stab, Claudia Schulz,
Zile Li, and Iryna Gurevych. 2019. A richly anno-
tated corpus for different tasks in automated fact-
checking. arXiv preprint arXiv:1911.01214.

Carl G Hempel and Paul Oppenheim. 1948. Studies
in the logic of explanation. Philosophy of science,
15(2):135–175.

Naoya Inoue, Pontus Stenetorp, and Kentaro Inui. 2020.
R4C: A benchmark for evaluating RC systems to get
the right answer for the right reason. In Proceedings
of the 58th Annual Meeting of the Association for
Computational Linguistics, pages 6740–6750, On-
line. Association for Computational Linguistics.

Peter Jansen, Niranjan Balasubramanian, Mihai Sur-
deanu, and Peter Clark. 2016. What’s in an expla-
nation? characterizing knowledge and inference re-
quirements for elementary science exams. In Pro-
ceedings of COLING 2016, the 26th International
Conference on Computational Linguistics: Techni-
cal Papers, pages 2956–2965.

Peter Jansen, Elizabeth Wainwright, Steven Mar-
morstein, and Clayton Morrison. 2018. WorldTree:
A corpus of explanation graphs for elementary sci-
ence questions supporting multi-hop inference. In
Proceedings of the Eleventh International Confer-
ence on Language Resources and Evaluation (LREC
2018), Miyazaki, Japan. European Language Re-
sources Association (ELRA).

Harsh Jhamtani and Peter Clark. 2020. Learning to ex-
plain: Datasets and models for identifying valid rea-
soning chains in multihop question-answering. In
Proceedings of the 2020 Conference on Empirical
Methods in Natural Language Processing (EMNLP),
pages 137–150, Online. Association for Computa-
tional Linguistics.

2178

https://doi.org/10.18653/v1/W18-5513
https://doi.org/10.18653/v1/W18-5513
https://doi.org/10.18653/v1/P18-1175
https://doi.org/10.18653/v1/P18-1175
https://doi.org/10.18653/v1/2020.acl-main.602
https://doi.org/10.18653/v1/2020.acl-main.602
https://www.aclweb.org/anthology/L18-1433
https://www.aclweb.org/anthology/L18-1433
https://www.aclweb.org/anthology/L18-1433
https://doi.org/10.18653/v1/2020.emnlp-main.10
https://doi.org/10.18653/v1/2020.emnlp-main.10
https://doi.org/10.18653/v1/2020.emnlp-main.10


Frank C Keil. 2006. Explanation and understanding.
Annu. Rev. Psychol., 57:227–254.

Daniel Khashabi, Snigdha Chaturvedi, Michael Roth,
Shyam Upadhyay, and Dan Roth. 2018. Looking be-
yond the surface: A challenge set for reading com-
prehension over multiple sentences. In Proceedings
of NAACL.

Tushar Khot, Peter Clark, Michal Guerquin, Peter
Jansen, and Ashish Sabharwal. 2020. Qasc: A
dataset for question answering via sentence compo-
sition. In Proceedings of the AAAI Conference on
Artificial Intelligence, volume 34, pages 8082–8090.

Jinkyu Kim, Anna Rohrbach, Trevor Darrell, John
Canny, and Zeynep Akata. 2018. Textual explana-
tions for self-driving vehicles. In Proceedings of the
European conference on computer vision (ECCV),
pages 563–578.

Neema Kotonya and Francesca Toni. 2020. Ex-
plainable automated fact-checking for public health
claims. In EMNLP.

Mucahid Kutlu, Tyler McDonnell, Matthew Lease, and
Tamer Elsayed. 2020. Annotator rationales for la-
beling tasks in crowdsourcing. Journal of Artificial
Intelligence Research, 69:143–189.

Tom Kwiatkowski, Jennimaria Palomaki, Olivia Red-
field, Michael Collins, Ankur Parikh, Chris Alberti,
Danielle Epstein, Illia Polosukhin, Jacob Devlin,
Kenton Lee, et al. 2019. Natural questions: a bench-
mark for question answering research. Transactions
of the Association for Computational Linguistics,
7:453–466.

Vivian Lai, Han Liu, and Chenhao Tan. 2020. “why
is ‘chicago’ deceptive?” towards building model-
driven tutorials for humans. In Proceedings of CHI.

Matthew Lamm, Jennimaria Palomaki, Chris Alberti,
Daniel Andor, Eunsol Choi, Livio Baldini Soares,
and Michael Collins. 2020. Qed: A framework
and dataset for explanations in question answering.
arXiv preprint arXiv:2009.06354.

Eric Lehman, Jay DeYoung, Regina Barzilay, and By-
ron C Wallace. 2019. Inferring which medical
treatments work from reports of clinical trials. In
NAACL.

Jie Lei, Licheng Yu, Tamara Berg, and Mohit Bansal.
2020. What is more likely to happen next? video-
and-language future event prediction. In Proceed-
ings of the 2020 Conference on Empirical Methods
in Natural Language Processing (EMNLP), pages
8769–8784, Online. Association for Computational
Linguistics.

Qing Li, Qingyi Tao, Shafiq Joty, Jianfei Cai, and Jiebo
Luo. 2018. VQA-E: Explaining, elaborating, and en-
hancing your answers for visual questions. In Pro-
ceedings of the European Conference on Computer
Vision (ECCV), pages 552–567.

Wang Ling, Dani Yogatama, Chris Dyer, and Phil Blun-
som. 2017. Program induction by rationale genera-
tion: Learning to solve and explain algebraic word
problems. arXiv preprint arXiv:1705.04146.

Tania Lombrozo. 2006. The structure and func-
tion of explanations. Trends in cognitive sciences,
10(10):464–470.

Cynthia Matuszek, Evan Herbst, Luke Zettlemoyer,
and Dieter Fox. 2013. Learning to parse natural lan-
guage commands to a robot control system. In Ex-
perimental robotics, pages 403–415. Springer.

Richard E Nisbett and Timothy D Wilson. 1977.
Telling more than we can know: verbal reports on
mental processes. Psychological review, 84(3):231.

Michael I Norton, Samuel R Sommers, Joseph A Van-
dello, and John M Darley. 2006. Mixed motives and
racial bias: The impact of legitimate and illegitimate
criteria on decision making. Psychology, Public Pol-
icy, and Law, 12(1):36.

Dong Huk Park, Lisa Anne Hendricks, Zeynep Akata,
Anna Rohrbach, Bernt Schiele, Trevor Darrell, and
Marcus Rohrbach. 2018. Multimodal explanations:
Justifying decisions and pointing to the evidence. In
Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition, pages 8779–8788.

Nazneen Fatema Rajani, Bryan McCann, Caiming
Xiong, and Richard Socher. 2019. Explain yourself!
leveraging language models for commonsense rea-
soning.

Nazneen Fatema Rajani, Rui Zhang, Yi Chern Tan,
Stephan Zheng, Jeremy Weiss, Aadit Vyas, Ab-
hijit Gupta, Caiming Xiong, Richard Socher, and
Dragomir Radev. 2020. ESPRIT: Explaining solu-
tions to physical reasoning tasks. In Proceedings
of the 58th Annual Meeting of the Association for
Computational Linguistics, pages 7906–7917, On-
line. Association for Computational Linguistics.

Maarten Sap, Saadia Gabriel, Lianhui Qin, Dan Juraf-
sky, Noah A Smith, and Yejin Choi. 2020. Social
bias frames: Reasoning about social and power im-
plications of language. In ACL.

Cansu Sen, Thomas Hartvigsen, Biao Yin, Xiangnan
Kong, and Elke Rundensteiner. 2020. Human at-
tention maps for text classification: Do humans and
neural networks focus on the same words? In Pro-
ceedings of ACL, pages 4596–4608.

Shashank Srivastava, Igor Labutov, and Tom Mitchell.
2017. Joint concept learning and semantic parsing
from natural language explanations. In Proceed-
ings of the 2017 Conference on Empirical Methods
in Natural Language Processing, pages 1527–1536,
Copenhagen, Denmark. Association for Computa-
tional Linguistics.

2179

https://doi.org/10.18653/v1/2020.emnlp-main.706
https://doi.org/10.18653/v1/2020.emnlp-main.706
https://doi.org/10.18653/v1/2020.acl-main.706
https://doi.org/10.18653/v1/2020.acl-main.706
https://doi.org/10.18653/v1/D17-1161
https://doi.org/10.18653/v1/D17-1161


Chenhao Tan, Lillian Lee, and Bo Pang. 2014. The
effect of wording on message propagation: Topic-
and author-controlled natural experiments on twitter.
In Proceedings of ACL.

James Thorne, Andreas Vlachos, Christos
Christodoulopoulos, and Arpit Mittal. 2018.
FEVER: a large-scale dataset for fact extraction
and VERification. In Proceedings of the 2018
Conference of the North American Chapter of
the Association for Computational Linguistics:
Human Language Technologies, Volume 1 (Long
Papers), pages 809–819, New Orleans, Louisiana.
Association for Computational Linguistics.

David Wadden, Shanchuan Lin, Kyle Lo, Lucy Lu
Wang, Madeleine van Zuylen, Arman Cohan,
and Hannaneh Hajishirzi. 2020. Fact or fic-
tion: verifying scientific claims. arXiv preprint
arXiv:2004.14974.

Ziqi Wang, Yujia Qin, Wenxuan Zhou, Jun Yan,
Qinyuan Ye, Leonardo Neves, Zhiyuan Liu, and Xi-
ang Ren. 2020. Learning from explanations with
neural execution tree.

Sarah Wiegreffe and Ana Marasović. 2021. Teach me
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A Proxy Questions for Proximal
Mechanisms and Procedure

Proximal mechanisms. In collecting proximal
mechanisms, studies are more likely to ask explic-
itly versions of “why is [input] assigned [label]”,
compared to the case of evidence. However, they
often need to provide structured guidelines. For
example, Camburu et al. (2018) and Rajani et al.
(2019) discussed the need to enforce word over-
lap as a way to improve the quality of human ra-
tionales. The specific requirements are quite dif-
ferent (see Table 6 and Table 7). There are also
specific formulations of explanations, e.g., “What
aspect/stereotype/characteristic of this group (often
un-fairly assumed) is referenced or implied by this
post?” in Sap et al. (2020). Finally, it is common
that we cannot infer the exact questions asked (8/18
papers that collect explanations in free text).
Procedures. We cannot identify the exact ques-
tions in three of five papers for explicitly step-by-
step procedures, which reflects the importance of
reporting detailed annotation guidelines. As re-
searchers collect step-by-step guidelines, Ye et al.
(2020) and Geva et al. (2021) adopt very different
decomposition for their problems (see Table 12).

B Detailed Proxy Questions

Table 4-12 show the instructions we find in prior
work that detail the proxy questions. Camburu et al.
(2018) and Rajani et al. (2019) collect both evi-
dence and proximal mechanism. We include them
in the tables for proximal mechanisms. Also, for
question answering tasks, the difference between
procedure and proximal mechanism can be subtle.
We consider the collected explanations procedure
if they aim to explicitly provide step-by-step guides
directly grounded in the input.
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Reference Task Questions and guidelines

Zaidan et al. (2007) sentiment anal-
ysis

Each review was intended to give either a positive or a
negative overall recommendation. You will be asked to
justify why a review is positive or negative. To justify
why a review is positive, highlight the most important
words and phrases that would tell someone to see the
movie. To justify why a review is negative, highlight
words and phrases that would tell someone not to see
the movie. These words and phrases are called rationales.
You can highlight the rationales as you notice them, which
should result in several rationales per review. Do your best
to mark enough rationales to provide convincing support
for the class of interest.
You do not need to go out of your way to mark everything.
You are probably doing too much work if you find yourself
go- ing back to a paragraph to look for even more ratio-
nales in it. Furthermore, it is perfectly acceptable to skim
through sections that you feel would not contain many
rationales, such as a re- viewer’s plot summary, even if
that might cause you to miss a rationale here and there.

Sen et al. (2020) sentiment anal-
ysis

1. Read the review and decide the sentiment of this review
(positive or negative). Mark your selection.
2. Highlight ALL words that reflect this sentiment. Click
on a word to highlight it. Click again to undo.
3. If multiple words refect this sentiment, please highlight
them all.

Carton et al. (2018) Personal attack
detection

40 undergraduate students used Brat (Stenetorp et al.,
2012) to highlight sections of comments that they con-
sidered to constitute personal attacks.

Lehman et al. (2019) Question
answering

Prompt Generation: Question answering & Prompt cre-
ators were instructed to identify a snippet, in a given full-
text article, that reports a relationship between an inter-
vention, comparator, and outcome. Generators were also
asked to provide answers and accompanying rationales to
the prompts that they provided; such supporting evidence
is important for this task and domain.
The annotator was also asked to mark a snippet of text
supporting their response. Annotators also had the option
to mark prompts as invalid, e.g., if the prompt did not seem
answerable on the basis of the article.

Thorne et al. (2018) fact verification
(QA)

If I was given only the selected sentences, do I have strong
reason to believe the claim is true (supported) or stronger
reason to believe the claim is false (refuted). If I’m not
certain, what additional information (dictionary) do I have
to add to reach this conclusion.
In the annotation interface, all sentences from the introduc-
tory section of the page for the main entity of the claim and
of every linked entity in those sentences were provided as
a default source of evidence (left-hand side in Fig. 2).
We did not set a hard time limit for the task, but the anno-
tators were advised not to spend more than 2-3 minutes
per claim.

Table 4: Questions that prior work uses to solicit human explanations (evidence).
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Reference Task Questions and guidelines

Khashabi et al. (2018) Question
answering

We show each paragraph to 5 turkers and ask them to
write 3-5 questions such that: (1) the question is answer-
able from the pas- sage, and (2) only those questions are
allowed whose answer cannot be determined from a sin-
gle sentence. We clarify this point by providing example
paragraphs and questions. In order to encourage turkers
to write meaningful questions that fit our criteria, we addi-
tionally ask them for a correct answer and for the sentence
indices required to answer the question.

Yang et al. (2018) Question
answering

Workers provide the supporting facts
(cannot infer the exact question)

Hanselowski et al. (2019) Fact verifica-
tion

Stance annotation. We asked crowd workers on Amazon
Mechanical Turk to annotate whether an ETS (evidence
text snippets) agrees with the claim, refutes it, or has no
stance towards the claim. An ETS was only con- sidered
to express a stance if it explicitly referred to the claim and
either expressed support for it or refuted it. In all other
cases, the ETS was consid- ered as having no stance.
FGE annotation. We filtered out ETSs with no stance, as
they do not contain supporting or refut- ing FGE. If an ETS
was annotated as supporting the claim, the crowd workers
selected only sup- porting sentences; if the ETS was anno-
tated as refuting the claim, only refuting sentences were
selected.

Kwiatkowski et al. (2019)Question
answering

Long Answer Identification: For good ques- tions only,
annotators select the earliest HTML bounding box con-
taining enough information for a reader to completely
infer the answer to the ques- tion. Bounding boxes can
be paragraphs, tables, list items, or whole lists. Alterna-
tively, annotators mark “no answer” if the page does not
answer the question, or if the information is present but
not contained in a single one of the allowed elements.

Wadden et al. (2020) Fact verifica-
tion

An evidence set is a collection of sentences from the ab-
stract that provide support or contradiction for the given
claim. To decide whether a collection of sentences is an
evidence set, ask yourself, “If I were shown only these
sentences, could I reasonably conclude that the claim
is true (or false)”? 1) Evidence sets should be mini-
mal. If you can remove a sentence from the evidence
set and the remaining sentences are sufficient for sup-
port / contradiction, you should remove it. 2) There
may be multiple evidence sets in a given abstract. See
more at https://scifact.s3-us-west-2.amazonaws.

com/doc/evidence-annotation-instructions.pdf

Kutlu et al. (2020) relevance
assessment

Please copy and paste text 2-3 sentences from the webpage
which you believe support your decision. For instance, if
you selected Highly Relevant, paste some text that you feel
clearly satisfies the given query. If you selected Definitely
not relevant, copy and paste some text that shows that the
page has nothing to do with the query. If there is no text on
the page or images led you to your decision, please type
“The text did not help me with my decision”.

Table 5: Questions that prior work uses to solicit human explanations (evidence).
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Reference Task Questions and guidelines

Jansen et al. (2016) science QA For each question, we create gold explanations that describe
the inference needed to arrive at the correct answer. Our
goal is to derive an explanation corpus that is grounded in
grade-appropriate resources. Accordingly, we use two ele-
mentary study guides, a science dictionary for elementary
students, and the Simple English Wiktionary as relevant cor-
pora. For each question, we retrieve relevant sentences from
these corpora and use them directly, or use small variations
when necessary. If relevant sentences were not located, then
these were constructed using simple, straightforward, and
grade-level appropriate language. Approximately 18% of
questions required specialized domain knowledge (e.g. spa-
tial, mathematical, or other abstract forms) that did not easily
lend itself to simple verbal description, which we removed
from consideration. This resulted in a total of 363 gold expla-
nations.

Rajani et al. (2019) Question
answering

Turkers are prompted with the following question: “Why
is the predicted output the most appropriate answer?” An-
notators were in- structed to highlight relevant words in the
question that justifies the ground-truth answer choice and to
provide a brief open-ended explanation based on the high-
lighted justification could serve as the commonsense reason-
ing behind the question.
Annotators cannot move forward if they do not highlight any
relevant words in the question or if the length of explanations
is less than 4 words. We also check that the explanation is
not a sub- string of the question or the answer choices with-
out any other extra words. We collect these ex- planations
from only one annotator per example, so we also perform
some post-collection checks to catch examples that are not
caught by our previ- ous filters. We filter out explanations
that could be classified as a template. For example, expla-
nations of the form “<answer> is the only option that is
[correct—obvious]” are deleted and then reannotated.

Sap et al. (2020) social bias What aspect/stereotype/characteristic of this group (often un-
fairly assumed) is referenced or implied by this post? — Use
simple phrases and do not copy paste from the post.

Table 6: Questions that prior work uses to solicit human explanations for proximal mechanisms (in free text).
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Camburu et al. (2018) Natual lan-
guage inference

We encouraged the annotators to focus on the non-obvious
elements that induce the given relation, and not on the
parts of the premise that are repeated identically in the
hypothesis. For entailment, we required justifications of
all the parts of the hypothesis that do not appear in the
premise. For neutral and contradictory pairs, while we
encouraged stating all the elements that contribute to the
relation, we consider an explanation correct, if at least one
element is stated. Finally, we asked the annotators to pro-
vide self-contained explanations, as opposed to sentences
that would make sense only after reading the premise and
hypothesis.
We did in-browser checks to ensure that each explanation
contained at least three tokens and that it was not a copy
of the premise or hypothesis. We further guided the an-
notators to provide adequate answers by asking them to
proceed in two steps. First, we require them to highlight
words from the premise and/or hypothesis that they con-
sider essential for the given relation. Secondly, annotators
had to formulate the explanation using the words that they
highlighted. However, using exact spelling might push
annotators to formulate grammatically incorrect sentences,
therefore we only required half of the highlighted words to
be used with the same spelling. For entailment pairs, we
required at least one word in the premise to be highlighted.
For contradiction pairs, we required highlighting at least
one word in both the premise and the hypothesis. For
neutral pairs, we only allowed highlighting words in the
hypothesis, in order to strongly emphasize the asymme-
try in this relation and to prevent workers from confusing
the premise with the hypothesis. We believe these label-
specific constraints helped in putting the annotator into the
correct mindset, and additionally gave us a means to filter
incorrect explanations. Finally, we also checked that the
annotators used other words that were not highlighted, as
we believe a correct explanation would need to articulate
a link between the keywords.

Do et al. (2020) visual NLI similar to Camburu et al. (2018)
Kim et al. (2018) self-driving

cars
We provide a driving video and ask a human annotator
in Amazon Mechanical Turk to imagine herself being a
driving instructor. Note that we specifically select human
annotators who are familiar with US driving rules. The an-
notator has to describe what the driver is doing (especially
when the behavior changes) and why, from a point of view
of a driving instructor. Each described action has to be
accompanied with a start and end time-stamp. The annota-
tor may stop the video, forward and backward through it
while searching for the activities that are interesting and
justifiable.

Table 7: Questions that prior work uses to solicit human explanations for proximal mechanisms (in free text).
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Zhang et al. (2020) coreference res-
olution

Given a context and a pronoun reference relationship, write
how you would decide the selected candidate is more likely
to be referred than the other candidate using natural lan-
guage. Don’t try to be overly formal, simply write what
you think. In the first phase, we ask annotators to pro-
vide reasons for all WSC questions. Detailed instructions
are provided such that annotators can fully understand
the task1. As each question may have multiple plausible
reasons, for each question, we invite five annotators to pro-
vide reasons based on their own judgments. A screenshot
of the survey is shown in Figure 3. As a result, we collect
1,365 reasons. As the quality of some given reasons might
not be satisfying, we introduce the second round annota-
tion to evaluate the quality of collected reasons. In the
second phase, for each reason, we invite five annotators to
verify whether they think the reason is reasonable or not2.
If at least four annotators think the reason is plausible, we
will accept that reason. As a result, we identify 992 valid
reasons.

Lei et al. (2020) future event pre-
diction

we also require them to provide a rationale as to why it is
more or less likely

Da et al. (2020) harm of manip-
ulated images

For each question we require annotators to provide both
an answer to the question and a rationale (e.g. the physical
change in the image edit that alludes to their answer). This
is critical, as the rationales prevent models from guessing
a response such as “would be harmful” without providing
the proper reasoning for their response. We ask annotators
to explicitly separate the rationale from the response by
using the word “because” or “since” (however, we find that
the vast majority of annotators naturally do this, without
being explicitly prompted).

Ehsan et al. (2019) gaming “Please explain your action”. During this time, the player’s
microphone automatically turns on and the player is asked
to explain their most recent action while a speech-to-text
library automatically transcribes the explanation real-time.

Table 8: Questions that prior work uses to solicit human explanations for proximal mechanisms (in free text).
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Ling et al. (2017) algebraic prob-
lems

cannot infer the exact question

Alhindi et al. (2018) fact verification we cannot infer the exact question automatically extract-
ing for each claim the justification that humans have pro-
vided in the fact-checking article associated with the claim.
Most of the articles end with a summary that has a headline
“our ruling” or “summing up”

Kotonya and Toni (2020) fact verification automatically scraped from the website,
we cannot infer the exact question

Wang et al. (2020) sentiment anal-
ysis & relation
extraction

Turkers are prompted with a list of selected predicates
(see Appendix) and several examples of NL explanations.
We cannot infer the exact question

Brahman et al. (2020) natural lan-
guage inference

automatically generated.
We cannot infer the exact question

Li et al. (2018) visual QA automatically generated,
We cannot infer the exact question

Park et al. (2018) visual QA During data annotation, we ask the annotators to complete
the sentence “I can tell the person is doing (action) be-
cause..” where the action is the ground truth activity label.
However, We cannot infer the exact question in VQA-X.

Rajani et al. (2020) physics reason-
ing

We cannot infer the exact question

Table 9: Questions that prior work uses to solicit human explanations for proximal mechanisms (in free text).
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Jansen et al. (2018) science QA Specific interfaces were designed. For a given question,
annotators identified the central concept the question was
testing, as well as the inference required to correctly an-
swer the question, then began progressively constructing
the explanation graph. Sentences in the graph were added
by querying the tablestore based on key- words, which re-
trieved both single sentences/table rows, as well as entire
explanations that had been previously annotated. If any
knowledge required to build an explanation did not exist
in the table store, this was added to an appropriate table,
then added to the explanation.

Xie et al. (2020) science QA similar to Jansen et al. (2018)
Khot et al. (2020) question an-

swering
The HIT here is to write a test question that requires
CHAINING two facts (a science fact and some other fact)
to be combined.

Jhamtani and Clark
(2020)

question an-
swering

We then use (Amazon Turk) crowdworkers to annotate
each chain. Workers were shown the question, correct
answer, and reasoning chain. They were then asked if fact
1 and fact 2 together were a reasonable chain of reasoning
for the answer, and to promote thought were offered sev-
eral categories of “no” answer: fact 1 alone, or fact 2 alone,
or either alone, justified the answer; or the answer was
not justified; or the question/answer did not make sense.
(Detailed instructions in the appendix)

Inoue et al. (2020) question an-
swering

1. Read a given question and related articles. 2. An-
swer to the question solely based on the information from
each article. 3. Describe your reasoning on how to reach
the answer. Each reasoning step needs to be in a sim-
ple subject-verb-object form (see example below). Your
reasoning must include sentences containing your answer.

Table 10: Questions that prior work uses to solicit human explanations in proximal mechanisms (in structured
explanations).

Reference Task Questions and guidelines

Srivastava et al. (2017) concept learn-
ing

The screenshot includes both “explanations” and “instruc-
tions”, however, we cannot infer the exact question

Hancock et al. (2018) relation extrac-
tion

we cannot infer the exact question

Table 11: Questions that prior work uses to solicit human explanations for procedure (in free text).
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Lamm et al. (2020) question an-
swering

referential equality, we cannot infer the exact question

Ye et al. (2020) question an-
swering

Please read carefully to get accepted! (1) You’re not re-
quired to answer the question. The answer is already
provided and marked in red. Read examples below care-
fully to learn about what we want! (2) Identify important
short phrases that appear both in the question and in the
context. Important: The two appearances of the phrase
should be exactly the same (trivial differences like plural
form or past tense are still acceptable). Important: Write
sentences like Y is ”Switzerland”. Make sure there is no
typo in what you quote. (3) Explain how you locate the an-
swer with the phrases you marked; Only use the suggested
expressions in the table in the bottom.

Geva et al. (2021) question an-
swering

1) Creative question writing: Given a term (e.g., silk),
a description of the term, and an expected answer (yes
or no), the task is to write a strategy question about the
term with the expected answer, and the facts required to
answer the question. 2) Strategy question decomposition:
Given a strategy question, a yes/no answer, and a set of
facts, the task is to write the steps needed to answer the
question. 3) Evidence matching: Given a question and
its de- composition (a list of single-step questions), the
task is to find evidence paragraphs on Wikipedia for each
retrieval step. Operation steps that do not require retrieval
are marked as operation.

Table 12: Questions that prior work uses to solicit human explanations for procedure (in structured explana-
tions).
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Abstract
With the growing popularity of deep-learning
models, model understanding becomes more
important. Much effort has been devoted to
demystify deep neural networks for better in-
terpretability. Some feature attribution meth-
ods have shown promising results in computer
vision, especially the gradient-based methods
where effectively smoothing the gradients with
reference data is key to a robust and faithful
result. However, direct application of these
gradient-based methods to NLP tasks is not
trivial due to the fact that the input consists
of discrete tokens and the “reference” tokens
are not explicitly defined. In this work, we
propose Locally Aggregated Feature Attribu-
tion (LAFA), a novel gradient-based feature
attribution method for NLP models. Instead of
relying on obscure reference tokens, it smooths
gradients by aggregating similar reference texts
derived from language model embeddings. For
evaluation purpose, we also design experi-
ments on different NLP tasks including Entity
Recognition and Sentiment Analysis on public
datasets as well as key feature detection on a
constructed Amazon catalogue dataset. The su-
perior performance of the proposed method is
demonstrated through experiments.

1 Introduction

With the growing popularity of deep-learning mod-
els, model understanding becomes more and more
critical in many folds. In one aspect, model un-
derstanding helps us understand what the model
is doing by identifying crucial features among un-
structured raw data. For example, Shrikumar et al.,
2017 utilized the model explainability technique to
discover motifs in regulatory DNA elements from
distinct molecular signatures in the field of Ge-
nomics. In another aspect, model understanding
helps people audit or debug the deep models. An
interesting example is that Ribeiro et al. (Ribeiro
et al., 2016) found that their image classification
model sometimes misclassifies a husky as a wolf.

The model explainability tool reveals that their
model relies on the snow in the background rather
than the appearance when distinguishing the two
animals. More importantly, model understanding
helps gain trust when making important decisions
based on the model. In the NLP domain, deep
language models are quickly evolving and show
superior performance in various benchmark tasks.
However, even experts struggle to understand the
mechanism of complex language models.

Much effort has been devoted to demystifying
the “black box” of deep models. A natural idea is
through feature attribution, explaining the model
by attributing the prediction to each input feature
according to how much it affects the model output,
of which two main directions emerge. One is model
agnostic approaches including Shapley regression
values (Shapley, 1953) and LIME (Ribeiro et al.,
2016). We can apply these methods regardless of
the model structure, however, they could suffer
from computational inefficiency in the scenario of
high dimensional input space and complex deep
models when making inferences across all possible
permutations or with small perturbations in the
local neighborhood.

Another direction is model-specific approaches
which look into the internal model mechanism to
understand specific models. Gradient-based feature
attribution models are often adopted to explain neu-
ral networks since gradients can be easily accessed
through back-propagation, which gives a great com-
putational advantage over model-agnostic methods.
Since the gradient map itself is often noisy and
challenging to interpret, most gradient-based meth-
ods aim to stabilize the feature attribution score
by smoothing the gradients or learning from the
reference data (Sundararajan et al., 2017; Smilkov
et al., 2017; Lundberg and Lee, 2017). However, di-
rect application of these gradient-based methods to
NLP problems is not trivial, due to the fact that the
input consists of discrete tokens and the “reference”

2189



tokens are not explicitly defined.
In this paper, we propose Locally Aggregated

Feature Attribution (LAFA), a novel gradient-
based approach that leverages sentence-level em-
bedding as a smoothing space for the gradients,
motivated by the observation that the feature attri-
bution is often shared by similar text inputs. For
example, key features in product descriptions on an
online marketplace are often shared by similar prod-
ucts. We implement a neighbor-searching method
to ensure the quality of neighboring sentences.

Furthermore, to evaluate feature attribution meth-
ods in NLP, we consider two situations. For
datasets with golden labels of feature score, we
use the Area Under Curve (AUC) or Pearson corre-
lation as the performance metric. As for datasets
without golden labels, we conduct a similar evalua-
tion task following prior works (Shrikumar et al.,
2017; Lundberg and Lee, 2017) by masking tokens
with high importance scores and find the change in
the predicted log-odds.

In summary, our contributions are threefold:
First, we build a novel context-level smooth gradi-
ent approach for feature attribution in NLP. The key
ingredients of our method are constructing an ap-
propriate aggregation function over the smoothing
space. Second, to the best of our knowledge, this
is the first proposal to conduct numerical studies
on multiple NLP tasks, including Entity Recogni-
tion and Sentiment Analysis, for feature attribution.
Third, our method achieves superior performance
compared with the state-of-the-art feature attribu-
tion methods.

The paper is organized as follows. Section 2
elaborates the current challenges of feature attri-
bution in NLP and recaps the preliminaries about
gradient-based feature attribution approaches. The
proposed feature attribution method is described
in section 3, followed by a review of other exist-
ing approaches in Section 4. The evaluation tasks
and the application results on NLP are presented in
Section 5.

2 Feature Attribution in NLP

Challenge Direct application of gradient-based
methods to NLP problems is not trivia. There are
three main challenges. First, NLP models consist
of non-differentiable discrete input tokens, hence
the gradient hook can only reach out to the embed-
ding space and gradient-based feature attribution
methods are not directly applicable to word tokens.

Second, the reference data in NLP are difficult
to define. It is studied by Sundararajan. et al (Sun-
dararajan et al., 2017) that using the gradient as the
feature attribution may suffer from the problems of
model saturation or thresholding. Model saturation
means the perturbation of some elements in the
input cannot change the output, and the threshold-
ing problem indicates discontinuous gradients can
produce misleading importance scores. Such prob-
lems can be addressed by comparing the difference
between the gradient of input and reference data.
The guiding principle to select reference data is to
ask ourselves that “what am I interested in mea-
suring differences against?” For example, in the
tasks of binary classification on DNA sequence in-
puts, the reference data are chosen as the expected
frequencies of DNA sequence or randomly shuf-
fling the original sequence. However, in NLP tasks,
randomly shuffling texts as reference may not be
grammatically sensible.

Lastly, we note that the evaluation of the lan-
guage model is much more challenging than the
explanations of the images. In the image applica-
tion, the important features of an image obtained
from feature attribution methods can be visually
validated by checking the composition of objects.
However, the detected important features in lan-
guage may require more domain knowledge to val-
idate.

Problem Definition Feature attribution task can
be formally formulated as follows. A deep model
F is provided to be explained, which is fine-tuned
on dataset X . The input sentence is denoted as
X0 = (w1, w2, .., wT )

T where wi represents i-th
word. The goal for feature attribution is to deter-
mine functionM(·) by quantifying the importance
score of each word M(x) = (m1,m2, ..,mT )

T ,
where mi denotes the importance score for wi.

Simple Gradient as Feature Attribution As il-
lustrated in the first challenge above, in NLP mod-
els, directly taking derivative on each word is in-
feasible due to the non-differentiable embedding
layer. We can resolve the challenge as follows.

The fist layer of the NLP model usually maps
input discrete tokens to embedding from a pre-
defined dictionary.

h0,i = emb(wi), i = 1, 2, .., T, (1)

where h0,i ∈ Rd represents the word embedding
for wi. This step is non-derivative. But we can
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Figure 1: Upper panel shows the overview of LAFA methods; Lower panel provides a motivating example of
LAFA method. In this motivating example, the input text is a description of computer. The key features of the
computer should include “Brand”, “CPU type” and “RAM size”. The simple gradient method may miss certain
feature, such as “RAM size” in the example, while the gradients on similar texts can provide more contexts. The
proposed method is constructed to aggregate the information from similar texts summarized in Algorithm 1.

obtain the derivative of output with respect to the
word embedding:

S(H0) = ∂F/∂H0 ∈ RT×d, (2)

where H0 = (h0,1, h0,2, .., h0,T )
T ∈ RT×d. Then,

we consider the feature attribution score of a token
M(X) ∈ RT as the sum of squares of the gradients
with regard to each word embedding dimension:

M(X)i =
d∑

j=1

S(H0)
2
i,j , i = 1, 2, .., T. (3)

However, simply using the gradients of one to-
ken as feature attribution would lead to noisy re-
sults (Sundararajan et al., 2017). The next section
describes a novel feature attribution approach that
smoothes the gradients by leveraging similar input
texts.

3 The Proposed Framework: LAFA

The proposed method contains three steps: (1) find
the appropriate neighbors of the input text for gra-
dient smoothing; (2) calculate the gradients of texts
as well as neighbors; (3) aggregation of the gra-
dients. The proposed framework is summarized
in the upper panel of Figure 1. One motivating
example is shown in the lower panel of Figure

1. In this motivating example, the input text is a
description of computer. The key features of the
computer should include “Brand”, “CPU type” and
“RAM size”. The simple gradient method may miss
certain feature, such as “RAM size” in the exam-
ple, while the gradients on similar texts can provide
more contexts. The proposed method is constructed
to aggregate the information from similar texts.

Step I: Context-level Localization Given the
input text X0 ∈ X , where X denotes the input
datasets, the goal is to find similar texts Xsim =
{X1, X2, .., XM} ⊂ X such that the feature attri-
butions of X0 and Xj ∈ Xsim are similar under a
defined similarity metric.

To obtain similar texts Xsim, we first define an
encoder that maps the text with discrete word to-
kens to a continuous embedding vector; then, in
the embedding space, similar texts are found in
the neighbor of X0. To be specific, let Hencoder
denote the mapping from input to one of the hidden
layers in deep model F . Xsim can be obtained by
choosing closest texts in the dataset as follows:

X ∈ X
s.t. ||Hencoder(X)−Hencoder(X0)||2 < ϵ

(4)

where || · ||2 represents L2 norm. ϵ is a threshold
score to guarantee that founded neighbors are simi-
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lar to the center text X0 to improve the faithfulness
of aggregation. In our application, a fixed quantile
served as the cut-off rate of L2 distance for all pos-
sible pairs is chosen as the threshold score to filter
the nearest-neighbor result. During inference time,
we apply the hidden layer encoderHencoder to all
the input datasets and index, then using FAISS 1

(Johnson et al., 2017) offline. FAISS is an efficient,
open-source library for similarity search and clus-
tering on dense vectors, which can be applied to
large-scale vectors.

The output of this step, Xsim can be viewed as
the reference data to smooth the feature attribution
of X0, which addresses the second challenge listed
in Section 2.

Step II: Taking Gradients According to Equa-
tion (3), the gradient of Xi can be denoted
as M(Xi) := (mi,0,mi,1, ..,mi,Ti)

T for i =
0, 1, .., ,M where Ti represent the token length of
Xi. To be noticed that our proposed method can
be easily extended to variants of simple gradient
including smooth gradient or integrated gradient
methods (Smilkov et al., 2017; Sundararajan et al.,
2017) in Step II.

Step III: Aggregation over Multiple Feature
Attribution Our goal is to smooth the gradient
M(X0) by aggregating the gradients of similar text
inputs:

MLAFA(X0) =AGGREGATE(M(X0);

M(X1), ..,M(XM ))
(5)

Since the lengths ofX0, X1,..,XM may vary, the
lengths of gradientsM(X0),M(X1),..,M(XM )
are different as well. Consequently, aggregation by
simply taking the average is infeasible. Following
the intuition that, the tokens with high gradients in
Xsim should be important in X0, we propose the
following aggregation function:

MLAFA(X0) =M(X0) + λ(E(w0,1;Xsim), ..,
E(w0,T ;Xsim))T ,

(6)

where λ is a hyper-parameter for leveraging the
feature attribution from similar inputs. E(w;Xsim)
is a scalar representing the importance of token w
obtained from the neighbor inputs Xsim. Formally,

1https://github.com/facebookresearch/
faiss (MIT license)

it can be defined as

E(w;Xsim) =
1

|Xsim|

|Xsim|∑

i=1

Ti∑

k=1

mi,k × k(h, hi,k)
Ti

,

(7)
where h, hi,k are the word embedding of w and
wi,k as in Equation (1) respectively, and k(·, ·) is a
kernel function (Hofmann et al., 2008) (examples
of kernel function are listed in the Appendix E. ).
According to Equation (7), if word w and wi,k have
a high similarity, then inner product between the
embeddings h and hi,k in the kernel space would
be large, which would assign a large weight to
the corresponding importance score mi,k. On the
contrary, dissimilar word wi,k in Xsim has little
effect to the word w in E(w;Xsim). The whole
process is summarized in Algorithm 1.

Algorithm 1 Feature attribution method with
smoothing over similar inputs.

1: Input: Text of interest X0, input datasets X ,
and fine-tuned deep model F .

2: Output: Feature attribution of X0

3: Step I: Localization
4: Construct encoder H which maps from input

space to the space of hidden layer in F .
5: Obtain the similar texts set Xsim =
{X1, X2, .., XM} of X0 according to Equa-
tion (4).

6: Step II: Taking Gradient
7: Calculate the gradient of texts X0, X1, .., XM

according to Equation (3).
8: Step III: Aggregation
9: Smooth the gradient of text of interest over the

gradient of similar texts according to Equation
(6).

10: Output the aggregated gradientMLAFA(X0)
as the feature attribution.

Discussion of Faithfulness One important cri-
teria for model explainability method is “faithful-
ness”, which refers to how accurately it reflects the
true reasoning process of the model (Jacovi and
Goldberg, 2020). In our proposed method, the orig-
inal input X0 is infused with similar texts in the
input dataset X for better interpretation. Since the
deep model F is also trained on X , using similar
texts Xsim ⊂ X to facilitate explanation will not
violate the faithfulness.

In the localization step (Step I), out of the con-
sideration about faithfulness, we do not use popular
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bi-encoder frameworks, such as S-BERT (Reimers
and Gurevych, 2019) or DenseRetrival (Karpukhin
et al., 2020), to obtain similar neighbors. Because
it will involve an extra black box model when ex-
plaining deep model F .

4 Related Work

In NLP, transformer-based models yield great suc-
cessfulness and some works focus on explaining
the attention mechanism. For example, Serrano and
Smith, 2019 and Jain and Wallace, 2019 inspected
a single attention layer and found out that attention
weights only weakly and inconsistently correspond
to feature importance; Wiegreffe and Pinter, 2019
argued that we cannot separate the attention layer
and should view the entire model as a whole. In
this section, We mainly review the gradient-based
methods for feature attribution.

Feature Attribution on Single Input Simonyan
et al (Simonyan et al., 2013) computed the
“saliency map” denoted as Simple Gradient from
the derivative of the output with respect to the input
in an image classification task. In the NLP appli-
cation, “saliency map” is obtained as the deriva-
tive of the output with respect to the word embed-
ding as in Equation (2). However, “saliency map”
can be visually noisy. Several methods are pro-
posed to improve the gradient method from differ-
ent perspectives. Gradient*Input method (Shriku-
mar et al., 2017) improves the visual sharpness of
the “saliency map” by multiplying gradient with
the input itself. In NLP, we can write it as:

SGrad∗Input(H0) = H0 × S(H0)

MGrad∗Input(X)i =

d∑

j=1

SGrad∗Input(H0)
2
i,j .

Layerwise Relevance Propagation method (Bach
et al., 2015) is shown to be equivalent to the Gra-
dient*Input method up to a scaling factor. Smooth
Gradient method (Smilkov et al., 2017) smoothes
the feature attribution score by adding random
noises to the input and taking average of the gradi-
ents from noisy inputs, formally:

SSmoothGrad(H0) ≈
1

N

N∑

k=1

S(H0 + ϵk),

ϵk ∼ N(0, σ2),

MSmoothGrad(X)i =
d∑

j=1

SSmoothGrad(H0)
2
i,j .

Guided Backpropagation method (Springenberg
et al., 2014) modifies the back-propagation to pre-
serve negative gradients in the ReLU activation
layer which also sharpens the “saliency map” visu-
ally. Other methods, such as Grad-CAM or Guided-
CAM (Selvaraju et al., 2017), are applicable to spe-
cific architecture of neural networks in the field of
computer vision.

Since language models like BERT do not con-
tain specific architecture utilized in Guided Back-
propagation or Grad-CAM method, we ignore the
mathematical formulation here.

Feature Attribution on Input with Reference
Data Integrated Gradient method computes the
feature score by integrating the gradients from sin-
gle pre-determined reference input to the target
input (Sundararajan et al., 2017). In computer vi-
sion problems, black image is usually considered as
the reference data, and integrating gradients from
the black image to the input image represents the
feature attribution of the input image. In NLP prob-
lems, we can define the i-th element of feature
attribution as:

SInteGrad(H0)ij

≈
H0,ij −H ′ij

N

N∑

k=1

S(H ′ + k
H0 −H ′

N
)ij ,

MInteGrad(X)i =

d∑

j=1

SInteGrad(H0)
2
i,j .

where H ′ denotes the embedding of reference text.
SHAP-Gradient method which combines ideas

from Integrated Gradient and Smooth Gradient into
a single expected value equation (Lundberg and
Lee, 2017) . To be specific, the feature attribution
is defined from:

SShapGrad(H0)

≈ 1

N

N∑

k=1

S(αkH0 + (1− αk)Hk),

MShapGrad(X)i =
d∑

j=1

SShapGrad(H0)
2
i,j .

where αk ∼ U(0, 1) denotes uniform distribution
from zero to one, Hk ∈ Href denotes the embed-
ding of reference text.

DeepLIFT (Shrikumar et al., 2017) assigns the
feature score by comparing the difference of con-
tribution between input and some reference inputs
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via gradient. As discussed in (Lundberg and Lee,
2017), DeepLIFT can be considered as an approxi-
mation of Shapley Value estimation. Specifically,
as in the application of SHAP 2, the feature attri-
bution of SHAP-Deep as a variant of DeepLIFT is
defined as:

SShapDeep(H0) ≈
1

N

N∑

k=1

S(Hk)× (H0 −Hk).

MShapDeep(X)i =

d∑

j=1

SShapDeep(H0)
2
i,j .

5 Experiments

In this section, we compare the proposed method
to the state-of-the-art feature attribution methods
under different use cases.

5.1 Case I: Feature Attribution on Relation
Classification Model

Dataset Precison Recall F1
NYT10 94.8 93.3 94.1
Webnlg 93.6 82.5 87.7

Table 1: Fine-tuned result on multi-label relation classi-
fication task.

Motivation Relation Classification is beneficial
to downstream problems, including question an-
swering and knowledge graph (KG) construction
tasks (Wen et al., 2016; Dhingra et al., 2016; Dong
et al., 2020). With the development of deep lan-
guage model, existing relation extraction methods
have achieved significant performance in relation
classification task (Soares et al., 2019; Wei et al.,
2019). We hope to better understand the features
in the text that help deep language model to clas-
sify the relations. In this use case, we fine-tune a
deep language model with relation as labels. With
the fine-tuned model, the feature attribution tech-
nique is applied to identify the entities in the text
as important features.

Data We use the public available datasets NYT10
(Riedel et al., 2010) and Webnlg (Gardent et al.,
2017) for numerical study. Zeng et al., 2018
adapted the original dataset for relation extrac-
tion task. We follow the same setting as in
Zeng et al., 2018, i.e. NYT10 dataset contains

2https://github.com/slundberg/shap (MIT
License)

56,196/5,000/5,000 plain texts in train/val/test set,
24 relation type, averaged 2.01 relational triples in
each text. Webnlg dataset contains 5,019/500/703
plain texts in train/val/test set, 211 relation type,
averaged 2.78 relation triples in each text.

Language Model We fine-tuned BERT-base
models to classify the relations for NYT10 and
Webnlg datasets, respectively. We use the plain
text as input X , and relations as multi-class label
Y in the model fine-tuning. Since multiple rela-
tions may exist in single text, we use the Sigmoid
activation in the output layer. Mean Square Error
(MSE) is used as loss objective and Adam (Kingma
and Ba, 2014) is adopted as the optimizer. The mi-
cro Precision, Recall and F1 results are reported in
Table 1 with 0.5 threshold of output score. From
the result, the F1 scores are high for both NYT10
and Webnlg dataset, hence we can apply feature
attribution methods to the fine-tuned models and
identify the important features in the text which
help to classify the relations.

AUC
Method NYT Webnlg
Rand 0.498 (0.143) 0.501 (0.121)
SimpleGrad 0.949 (0.071) 0.670 (0.135)
InputGrad 0.953 (0.061) 0.713 (0.120)
InteGrad 0.948 (0.077) 0.663 (0.126)
SmoothGrad 0.960 (0.064) 0.664 (0.142)
SHAP + Zero 0.805 (0.213) 0.670 (0.133)
SHAP + Ref. 0.872 (0.169) 0.675 (0.133)
LAFA 0.958 (0.060) 0.724 (0.115)

Table 2: Feature attribution result on Relation Classifi-
cation model (Case I). Top two results are highlighted
in bold.

Evaluation Metric In datasets, NYT10 and
Webnlg, the positions of entities in triples are pro-
vided. Therefore, we can constructed the golden
feature attribution label as follow. For text X =
(w1, w2, .., wT )

T and triple (s, r, o), where subject
s = (wi, .., wj) and object o = (wk, .., ws) are
words shown in the text from positions i to j and
k to s, respectively. The gold labels of feature
attribution for relation r is constructed as

Mgold(X) = (0, .., 0, 1, .., 1, 0, ..., 0, 1, .., 1, ..0)T

where we set 1 from positions i to j as well as k to
s and set 0 on other positions.

We use the evaluation metric Area under Curve
(AUC) to compare the feature attributionM·(X)
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Pearson Correlation
Method SST-2 SST
Rand 0.039(0.074) 0.040(0.072)
SimpleGrad 0.441(0.083) 0.430(0.081)
InputGrad 0.456(0.080) 0.448(0.078)
InteGrad 0.468(0.071) 0.454(0.072)
SmoothGrad 0.484(0.073) 0.471(0.073)
SHAP + Zero 0.400(0.087) 0.392(0.085)
SHAP + Ref. 0.279(0.093) 0.278(0.091)
LAFA 0.494(0.070) 0.481(0.070)

Table 3: Feature attribution result on Sentiment Analysis
Model (Case II).

and Mgold(X) for the test dataset. AUC ranges
from 0 to 1, higher AUC represents the the fea-
ture attribution result is closer to the gold feature
attribution.

Main Results The results of AUC under differ-
ent methods are summarized in Table 2. The popu-
lar feature attribution methods are listed and com-
pared. More introduction about the competitors
can be found in Section 4. “Rand”, as a baseline
method, denotes that the feature score is randomly
assigned, therefore, the AUC score is about 0.5.
InputGrad method performs better than the Simple-
Grad, showing the effeteness of Taylor approxima-
tion of layer-wise relevance propagation. “SHAP
+ Zero” means zero references are used in SHAP
and “SHAP + Ref.” means Xsim is used as ref-
erences. SHAP-based methods show low AUC
values, because such methods aggregate the gradi-
ents of input and reference by simply taking aver-
age aggregation (see details in Section 4), which
is not meaningful in NLP tasks. From the result,
our method LAFA achieves a superior performance
in Webnlg dataset and comparable performance
in NYT dataset, which indicates that our feature
attribution method can identify entities well.

5.2 Case II: Feature Attribution on Sentiment
Analysis

Motivation The goal of the sentiment classifi-
cation task is to classify a text into a sentiment
categories such as positive or negative sentiment
(Aghajanyan et al., 2021; Raffel et al., 2019; Jiang
et al., 2020). In this use case, we hope to explain
the deep sentiment classification model and obtain
sentiment factors that drive the model to identify
the sentiment.

Data The Stanford Sentiment Treebank (SST)
(Socher et al., 2013) is a sentiment analysis dataset
collected from English movie reviews (Pang and
Lee, 2005). For all 9, 645 sentences in SST, Ama-
zon Mechanical Turk labeled the sentiment for
words/phrases/sentences yielded from the Stanford
Parser (Manning et al., 2014) on a scale between
1 and 25. SST-2 is first introduced by GLUE
(Wang et al., 2018), a famous multi-task bench-
mark and analysis platform for natrual language
understanding, which took a subset from the SST
and applied a two-way split (positive or negative)
on sentence-level labels. Owing to the fact that
the train/validation/test split are aligned between
SST and SST-2, we can run gradient-based meth-
ods on the either one of them. Note that we are only
working with the test split for both data sets, which
contains 2210 and 1821 sentences respectively.

Language Model We use a popular and publicly
available Distill-BERT (Sanh et al., 2019) model
which is fine-tuned on SST-2 3. The accuracy of the
Distill-BERT model on SST and SST-2 is 86.6%
and 92.4% respectively.

Evaluation Metric We extract word-level senti-
ments from the phrase structure tree (PTB) in SST
dataset. We take an absolute value after centraliza-
tion to yield the golden labelMgold(X). Pearson
correlation coefficient, ρ , is the evaluation metric
for feature attributionMgold(X) andM·(X). The
correlation ρ takes value from the range from −1
to 1, and a higher ρ means better feature attribution
result.

Main Results The main results of the correla-
tion are summarized in Table 3. Popular feature
attribution methods are listed and compared. To
leverage the problem that some words can have op-
posite meaning when their sentiment are different,
we only limited the sentences neighbor for same
category. Based on the preliminary experiment, we
choose the second layer with 10 neighbors and 0.39
cut-off rate, more details about preliminary exper-
iment can be found in Appendix D that using all
layers of DistilBERT as the encoder will improve
the performance.

From the result Table 3, it is interesting to point
out that the DistilBERT model fine-tuned on SST-2
does not perform equally well on the remaining
sentences in SST, so the explanation we yield also

3https://huggingface.co/distilbert-base-uncased-
finetuned-sst-2-english
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has lower correlation for all methods compared
with the SST-2. Some example and analysis when
LAFA works and fails in this dataset by showing
neighbor sentences can be found in Appendix B.

We can find out that the InputGrad method
outperform SimpleGrad on SST/SST2 as well.
SmoothGrad method achieves a good result by in-
troducing random noise. From our observation,
Sharpley-Value based methods, “SHAP + Zero”
and “SHAP + Ref.” can identify important features
with a good chance but may include several irrele-
vant tokens leading to higher variance. Our method
LAFA achieves a superior performance in larger
average correlation and smaller variance on both
SST-2 and SST data sets.

5.3 Case III: Feature Attribution on
Regression Model

Motivation Amazon’s online stores contain rich
information about millions of products in product
title, brand and description. We hope to better
understand the trendy features that affecting price
directly from such unstructured raw data, without
the need for human labelers / data cleaning. In
this application, we fine-tuned a deep language
model with price as labels and aim to understand
important factors from product descriptions with
the given language model.

Data We collected the product catalog data of
about one million products in personal computer
category on Amazon’s online store. We concate-
nate product’s title, brand, bullet points and descrip-
tion as the input X , and use product price as the
label Y .

Language Model We use BERT-base model and
fine-tuned on collected catalog data for price re-
gression.

Evaluation Metric To evaluate the performance
of feature attribution methods without golden la-
bels, we follow a similar idea as in work (Shriku-
mar et al., 2017; Lundberg and Lee, 2017) where
the difference of prediction log-odds are measured
by deleting pixels with highest importance scores.
In our application, we first randomly select 200
input texts within a threshold of 1% prediction er-
ror as evaluation set. For each input text, we then
mask p% of the tokens with highest feature attri-
bution scores according to different feature attri-
bution methods. Then we obtain new prediction
result from the masked text denoted as ŷmasked and

calculate the new mean absolute percentage error
(MAPE). Higher value of MAPE means that the
corresponding method excels in picking important
features.

Figure 2: Feature attribution result on Case III. Compar-
isons of MAPE under different mask proportion.

Main Results The results are shown in Figure
2 where x-axis is the mask proportion p, and y-
axis is MAPE. We observe that the random method
has very low MAPE, because randomly masking
the input texts will not affect the predicted result
as much as the other feature attribution methods.
ShapDeep and ShapGrad also have low MAPE
values since simply taking average as aggregation
is meaningless in NLP tasks. Other competing
methods have similar performances on this case
study and non of these performs better than others
in a wide range of mask ratio. The proposed LAFA
method outperforms other methods by significant
margin with masking proportion from 5% to 50%,
which demonstrates that smoothing over context-
level neighbors helps to highlight the important
features in similar type of products.

6 Conclusion

This paper presents a novel locally aggregated fea-
ture attribution method in NLP, which efficiently
captures the important features by leveraging simi-
lar input texts in the embedding space. We focused
on feature attribution of single input based on a
fine-tuned model instead of training a language
model, henceforth the computation time is of less
concern.

One limitation of the LAFA model is that it re-
quires informative neighbor sentences that carry
similar information. Otherwise, aggregating infor-
mation from other sentences could be misleading.
Experiments in our datasets show that our method
is effective, but the improvements gained from the
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LAFA varies among different datasets based on the
information that neighbor carries.

There are several future directions worthy of
study. Firstly, labeling feature attribution result in
the NLP requires massive human labor, and few
datasets are available with golden feature attribu-
tion label. Developing new evaluation techniques
to further measure model performance is interest-
ing to investigate. Also, readable feature attribution
results could help human beings to develop more
business applications. For example, developing a
key-value pair like processor-i5 as important fea-
ture can provide a more plausible feature attribution
result to customers.
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Appendix:

A Model Implementation Detail

All experiments are conducted with eight NVIDIA
Tesla V100 GPUs with 2.5 GHz (base) and 3.1
GHz (sustained all-core turbo) Intel Xeon 8175M
processors.
Case I For LAFA, we adopt the cosine function
as the kernel function and hyper-parameter with
λ = 1 and SimpleGrad is implemented and aggre-
gated byM(x) in Equation (5).
Case II For LAFA, we adopt the Polynomial
function as the kernel function k(·, ·) = I(·, ·) and
hyper-parameter with λ = 0.44 and SmoothGrad
is chosen and aggregated byM(x) in Equation (5).

For gradient-based model with hyper-
parameters, we tuned them on the first 100
sentences in the test set. From the grid [10, 25, 50],
we choose 25 as the integral iteration and the
smooth candidates.
Case III The indicator function as the kernel
function k(·, ·) = I(·, ·) with λ = 1 as hyper-
parameter is adopted for LAFA. Neighbor informa-
tion is aggregated byM(x) in Equation (5) from
the SimpleGrad.

B Example of Neighbor Sentences found
by Case Studies

B.1 Relation Extraction

In Figure 3, we show two examples in NYT and
Webnlg with their neighbors. We can observe that
detected neighbor sentences have a similar mean-
ing, which can be utilized as a reference to help
extract the key features from the original sentence.

Center Input:

Neighbor 1:

Neighbor 2:

Neighbor 3:

Center Input:

Neighbor 1:

Neighbor 2:

Neighbor 3:

Example of Neighbors for NYT Dataset :

Example of Neighbors in Webnlg Dataset :

Figure 3: Example of neighbors for NYT and Webnlg.
The head and tail entities are highlighted with red color.

B.2 Sentiment Analysis

In SST-2, finding informative neighbors for every
sentence is difficult because top sentences may not
contain similar tokens, thus does not help. For this
reason, we used a cut-off value for this data set
to filter out non-informative sentences. In figure
4 we can find two examples from SST, one with
“informative” good neighbors but another without
them. Here for the word “informative” we use a
quote because we are judging them based on our
human understanding.

Figure 4: Example of neighbors for the SST data set.
Sentiment factors found by SimpleGrad are highlighted
with red color.

C Examples of Different Feature
Attribution Methods under Multiple
Cases

Here we provide an example in Cases I and II. In
Figure 5, LAFA identified locations and “lived” as
the important factors for relation extraction, and the
importance of the “Atlantic City” and “Bader Field”
is stronger than the backbone SimGrad because of
aggregation.

D Experiment on Different Layer as
Neighbor Encoder

Denote the size of Xsim as M , the choice of which
can be a critical and challenging task. Intuitively,
an overly small M would lead to under-smoothing
because the target text cannot incorporate enough
information from the neighbors. On the contrary,
an overly large M would cause over-smoothing by
introducing too much noise.
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Random

SimpleGrad

InputGrad

InteGrad

SmoothGrad

Gold

Shap

Shap-Deeplift

LAFA

Figure 5: Examples of Case Study I. Important factors
are highlighted with red color.

SimpleGrad

Grad*Input

SmoothGrad

InteGrad

ShapGrad

ShapDeep

LAFA

Figure 6: Examples of Case Study III. Important fea-
tures are highlighted with red color.

To clarify the neighbor searching process and
the difference in the result using different layers,
we show some experiments below.

Admittedly, we can directly use the WordPiece
embedding as the encoder, which is the input of
BERT-based models and enable us to find neigh-
bors in the sense of “Word Similarity”. However,
since the same word can have different meanings in
different sentences, and thus different importance
in yielded gradients, we might need to use another
layer in the BERT model as the encoder to incorpo-
rate contextual information.

We separate the layer search process into two
cases depending on the availability of a set of la-
bels that categorizes similar contents into the same
group. Generally speaking, both cases recommend
the middle layer as the encoder based on our expe-
rience.

D.1 When extra labels are not available
In the case of SST data, we do not have anything to
group similar sentences, so we need to try for differ-

(hidden layer 5 is chosen)

Figure 7: Precision Result in Case Study III

ent possible layers and find the one that performs
the best.

Here we fixed the max number of neighbors as
10 and uses 0.05 quantile of sampled similarities
as the cut-off rate to filter those neighbors that are
not “actually close”. We use the SimpleGrad and
the SmoothGrad as the baseline for comparison on
the first 100 sentences in the test set.

From table A1 we can find out that LAFA is a
generally good method that always beats the base-
line when we use the smooth gradient as the base-
ment method. Layer 2 performs the best among
candidates. The combination of SmoothGrad and
Layer w is the final choice and we showed the re-
sults on entire SST in the main result part. From
here we can find out that for all seven layers, in-
formation from faithful neighbors can bring some
useful information to an existing sentence.

Method SST_first100 Method SST_first100
SimpleGrad 0.457(0.074) SmoothGrad 0.481(0.064)
SpG + LAFA + L1 0.457(0.073) SmG + LAFA + L1 0.488(0.063)
SpG + LAFA + L2 0.458(0.072) SmG + LAFA + L2 0.490(0.063)
SpG + LAFA + L3 0.456(0.072) SmG + LAFA + L3 0.489(0.065)
SpG + LAFA + L4 0.456(0.072) SmG + LAFA + L4 0.478(0.064)
SpG + LAFA + L5 0.454(0.072) SmG + LAFA + L5 0.479(0.063)
SpG + LAFA + L6 0.454(0.073) SmG + LAFA + L6 0.483(0.065)
SpG + LAFA + L7 0.456(0.074) SmG + LAFA + L7 0.481(0.059)

Table A1: Feature Attribution Result on first 100 test
cases in SST, using simple and smooth gradient as base-
lines

D.2 When we have extra label
The performance of encoders can be evaluated by
the similarity between text X0 and similar texts
Xsim obtained from Equation (4). In this applica-
tion, we use the product category or subcategory
which is an additional source of labels produced by
Amazon to construct a proxy metric to evaluate the

2200



Figure 8: Comparisons for different kernel functions in Case III.

similarity. Define the metric of precision as:

Precision =
1

M

M∑

j=1

I(c(Xj) = c(X0)), (8)

where c(·) denotes the category or subcategory
of the corresponding product, I(·) is the indica-
tor function. A high precision represents that the
text found Xsim are similar to the text of interest
X0.

In the numerical study, we randomly sample
10, 000 inputs texts and obtain their correspond-
ing neighbor texts from Equation (4) with M = 10
using each of the 12 hidden layers in BERT as
the encoder Hencoder under L2 norm. Figure 7
shows the precision result from different encoders,
where we observe that the fifth hidden layer has
the highest precision in terms of both category and
subcategory, which is consistent with the intuition
that the middle layer is a trade-off of token-alike
and output-alike inputs. In the following experi-
ment, we adopt the fifth layer as the encoder. In
general, when no external labels are provided, we
may choose a different encoder depending on the
use case.

E Ablation Study on Kernel Function

In Case III, we conduct an ablation study with dif-
ferent choices of kernel functions using different
mask ratio to find out if different kernel yields dif-
ferent learning speed:

1. Radial basis function kernel (RBF) :

kRBF (a, b) = exp(−||a− b||2/l2),

where larger hyper-parameter l indicates
lower impact from neighbors and vice versa.
In the numerical study, we choose l = 2 based
on the range of embedding a and b.

2. Cubic kernel (Cubic):

kCubic(a, b) = (γaT b+ c0)
d,

where γ = 7, c0 = 0 and d = 3, smaller γ
means lower impact from neighbors.

3. Cosine kernel (Cosine):

kCos(a, b) = aT b/||a|||b|||

This kernel function havee no parameter.

4. Laplacian kernel (Laplacian):

kLaplacian(a, b) = exp(−||a− b||1/l2),

in the numerical study, we choose l = 2.

5. L2 norm based similarity (L2):

kL2(a, b) = 1/clip(||a− b||2, λleft, λright),

where clip(·, λleft, λright) denotes clip func-
tion with λleft = 0.3 and λright = 3 as clip
boundary in numerical study.

6. Indicator function based similarity (Indica-
tor):

kIndicator(a, b) = I(a, b),

where I(·, ·) denotes indicator function.

The results are shown in Figure 8. We observe
that no single kernel function outperforms all other
kernel functions under all mask ratios in this study.
Indicator function shows a good performance when
the masked ratio is greater than 10%, while RBF
kernel shows a good performance when the masked
ratio is smaller than 5%. This can due to the reason
that the indicator function only aggregates identical
words and this conservative manner helps when we
lost most important words.
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Abstract

We present a generic and trend-aware curricu-
lum learning approach for graph neural net-
works. It extends existing approaches by in-
corporating sample-level loss trends to better
discriminate easier from harder samples and
schedule them for training. The model effec-
tively integrates textual and structural infor-
mation for relation extraction in text graphs.
Experimental results show that the model pro-
vides robust estimations of sample difficulty
and shows sizable improvement over the state-
of-the-art approaches across several datasets.

1 Introduction

Relation extraction is the task of detecting (of-
ten pre-defined) relations between entity pairs. It
has been investigated in both natural language pro-
cessing (Mintz et al., 2009; Lin et al., 2016; Peng
et al., 2017; Zhang et al., 2018) and network sci-
ence (Zhang and Chen, 2018; Fout et al., 2017).
Relation extraction is a challenging task, especially
when data is scarce. Nonetheless, the ability to
automatically link entity pairs is a crucial task as it
can reveal relations that have not been previously
identified, e.g., informing clinicians about a causal
relation between a gene and a phenotype or dis-
ease. Figure 1 shows an example sentence from
a PubMed article in the Gene Phenotype Relation
(PGR) dataset (Sousa et al., 2019), which describes
the application domain of the present work as well.

Previous research has extensively investigated
relation extraction at both sentence (Zeng et al.,
2015; dos Santos et al., 2015; Sousa et al., 2019)
and document (Yao et al., 2019b; Quirk and Poon,
2017) levels. Furthermore, effective graph-based
neural network approaches have been developed
for various prediction tasks on graphs, including
link prediction between given node pairs (Kipf and
Welling, 2017; Hamilton et al., 2017; Xu et al.,
2018; Veličković et al., 2018). Several recent ap-
proaches (Li et al., 2020; Zhang and Chen, 2018;

Our study further emphasizes that NDUFS6 sequence 
should be analyzed in patients presenting with lethal 
neonatal lactic acidemia because of isolated complex I 
deficiency Phenotype

Gene

C
ausal

Figure 1: An example showing the report of a causal
relation between a gene and a phenotype (symptom)
from the PGR dataset (Sousa et al., 2019).

Alsentzer et al., 2020) illustrated the importance of
enhancing graph neural networks using structurally-
informed features such as shortest paths, random
walks and node position features.

In this work, we develop a graph neural network
titled Graph Text Neural Network (GTNN) that
employs structurally-informed node embeddings
as well as textual descriptions of nodes at predic-
tion layer to avoid information loss for relation
extraction. GTNN can be trained using a standard
approach where data samples are fed to the network
in a random order (Hamilton et al., 2017). How-
ever, nodes, edges or sub-graphs can significantly
vary in their difficulty to learn, owing to frequent
substructures, complicated topology and indistinct
patterns in graph data. We tackle these challenges
by presenting a generic and trend-aware curricu-
lum learning approach that incorporates sample-
level loss trajectories (trends) to better discriminate
easier from harder samples and schedule them for
training graph neural networks.

The contributions of this paper are: (a): a graph
neural network that effectively integrates textual
data and graph structure for relation extraction, il-
lustrating the importance of direct use of text em-
beddings at prediction layer to avoid information
loss in the iterative process of learning node em-
beddings for graph data; and (b): a novel curricu-
lum learning approach that incorporates loss trends
at sample-level to discover effective curricula for
training graph neural networks.
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We conduct extensive experiments on real world
datasets in both general and specific domains, and
compare our model against a range of existing ap-
proaches including the state-of-the-art models for
relation extraction. Experimental results demon-
strate the effectiveness of the proposed approach;
the model achieves an average of 8.6 points im-
provement in F1 score against the best-performing
graph neural network baseline that does not di-
rectly use text embeddings at its prediction layer.
The proposed curriculum learning approach further
improves this performance by 0.7 points, result-
ing in an average F1 score of 89.9 on our three
datasets. We conduct extensive experiments to
shed light on the improved performance of the
model. Code and data are available at https:
//clu.cs.uml.edu/tools.html.

2 Method

Consider an undirected graph G = (V , E) where V
and E are nodes and edges respectively, and nodes
carry text summaries as their descriptions. Edges
in the graph indicate “relations” between their end
points, e.g., causal relations between genes and dis-
eases, or links between concepts in an encyclopedia.
Our goal is to predict relations/links between given
node pairs in G.

2.1 Graph Text Neural Network
We present the Graph Text Neural Network
(GTNN) model which directly operates on G and
textual descriptions of its nodes. Figure 2 shows the
architecture of GTNN, which we describe below.

2.1.1 Graph Encoder
GivenG and its initial text embeddings, xi for each
node i, we apply a graph encoder (Hamilton et al.,
2017) to generate a d-dimensional embedding for
each node by iteratively aggregating the current
embeddings of the node and its t-hop neighbours
through the sigmod function denoted by g:

h
(t+1)
i = g

(
W1h

(t)
i +W2(

1

|Ni|
∑

j∈Ni
h
(t)
j )
)
, (1)

where hi
(t) is the embedding of node i at the tth

layer of the encoder and is initialized by xi, i.e.,
hi

(0) = xi,∀i, and Ni is the set of neighbors of
node i aggregated through a mean operation. W1

and W2 are parameter matrices to learn during
training. Equation (1), applied iteratively, generates
node embeddings zi = hi

(t+1) ∈ Rd.

2.1.2 Additional Text Features
In addition to the representations obtained from
the graph encoder, we use additional features from
text data to better learn the relations between enti-
ties. Here, we consider three types of features: (a)
relevance score between the descriptions of node
pairs obtained from information retrieval (IR) algo-
rithms; we use BM-25 (Robertson et al., 1995),
classic TF/IDF (Jones, 1972), as well as DFR-
H and DFR-Z (Amati and Van Rijsbergen, 2002)
models. These IR models capture lexical similari-
ties and relevance between node pairs through dif-
ferent approaches; (b): we also use the initial text
embeddings of nodes (xi,∀i) as additional features
because the direct uses of these embeddings at pre-
diction layer can avoid information loss in the itera-
tive process of learning node embeddings for graph
data; and (c): if there exist other text information
for a given node pair, e.g., a sentence mentioning
the node pair as in Figure 1, we use the embeddings
of such information as additional features.

2.1.3 Graph Text Decoder
For a given node pair (u,v), we combined repre-
sentation of their additional features using a single
hidden layer neural network as follows:

huv = ReLU
(
Weauv + be

)
, (2)

where a is obtained by concatenating the additional
feature vectors of u and v. We combine huv with
node representations, zu and zv, and pass them to
a two layer decoder to predict their relations:

h = ReLU
(
Wlastf(huv, zu, zv) + blast

)
, (3)

p(u, v) = g
(
Woutputh+ boutput

)
,

where f is a fusion operator, g is the sigmod
function, and p(u, v) indicates the probability of
an edge between nodes u and v. Flattened outer
product, inner product, concatenation and 1-D con-
volution can be used as the fusion operator (Amiri
et al., 2021). In our experiments, we obtained bet-
ter performance using outer product, perhaps due
to its better encoding of feature interactions:

f(huv, zu, zv) = huv ⊗ [zu; zv]. (4)

2.2 Generic Trend-aware Curricula
Graph neural networks are often trained using the
standard or “rote” approach where samples are
fed to the network in a random order for train-
ing (Hamilton et al., 2017). However, edges (and
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Figure 2: The architecture of the proposed graph text neural network (GTNN) model with Trend-SL curriculum
learning approach. The proposed model consists of an encoder-decoder component that determines relations
between given node pairs. The graph neural encoder takes as input features from textual descriptions of nodes and
sub-graph extracted for a given node pair to create node embeddings. The resulting embeddings in conjunction with
additional text features are directly used by the decoder to predict links between given entity pairs. The resulting
loss is given as an input to our Trend-SL approach to dynamically learn a curriculum during training.

other entities in graphs such as nodes and sub-
graphs) can vary significantly in their classifica-
tion difficulty, and therefore we argue that graph
neural networks can benefit from a curriculum for
training. Recent work by Castells et al. (2020) de-
scribed a generic loss function called SuperLoss
(SL) which can be added on top of any target-task
loss function to dynamically weight training sam-
ples according to their difficulty for the model.
Specifically, it uses a global difficulty threshold
(τ ), determined by the exponential moving average
of all sample losses, and considers samples with an
instantaneous loss smaller than τ as easy and the
rest as hard. Similar to the commonly-used easy-to-
hard transition curricula, such as those in (Bengio
et al., 2009) and (Kumar et al., 2010), the model
initially assigns higher weights to easier samples,
thereby allowing back-propagation to initially fo-
cus more on easier samples than harder ones.

However, SL does not take into account the trend
of instantaneous losses at sample-level, which can
(a): improve the difficulty estimations of the model
by making them local, sample dependent and po-
tentially more precise, and (b): enable the model
to distinguish samples with similar losses based on
their known loss trajectories. For example, con-
sider an easy sample with a rising loss trend which

is about to become a hard sample versus another
easy sample with the same instantaneous loss but
a falling loss trend which is about to become fur-
ther easier for the model. Trend information allows
distinguishing such examples.

The above observations inspire our work to uti-
lize trend information in our curriculum learning
framework, called Trend-SL. The model uses loss
information from the local time window before
each iteration to capture a form of momentum of
loss in terms of rising or falling trends and deter-
mine individual sample weights as follows:

TrendSLλ,α(luv) = argmin
σuv

(
luv − (τ − α∆uv)

)
(5)

×σuv + λ(log σuv)
2,

where σuv is the latent weight for the training
sample (u, v) , luv is the target-task loss (binary
cross-entropy in our experiments) for (u, v) at cur-
rent iteration, τ is the batch-level global difficulty
threshold determined by the exponential moving
average of sample losses (Castells et al., 2020), and
∆ ∈ [−1, 1] is the trend indicator quantified by
the normalized sample-level loss trend weighted
by α ∈ [0, 1]; our approach reduces to SL with
α = 0. ∆ captures the trend in the instantaneous
losses of samples over recent k iterations, effec-
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Figure 3: Difficulty dynamics in Trend-SL. τ is the
fixed difficulty threshold of SL, which can be thought
of as a global difficulty metric to separate easy and
hard samples. Dotted (red) and dashed (green) trend
lines indicate four samples with rising and falling loss
trends respectively. Trend-SL uses trend dynamics to
shift the difficulty boundaries and adjust global difficulty
using local sample-level loss trends. The vertical dashed
and dotted lines show updated sample-specific difficulty
thresholds for easy and hard samples respectively.

tively utilizing local sample-level information to
determine difficulty. There are various techniques
for fitting trends to time series data (Bianchi et al.,
1999). We use differences between consecutive
losses to determine the trend for each sample:

∆uv =

i∑

j=i−k+2

(ljuv−lj−1uv )/

i∑

j=i−k+2

| ljuv−lj−1uv |,

(6)
where i is the current iteration, lj. indicates loss at
iteration j and k controls the number of previous
losses to consider. As Figure 3 illustrates, Trend-
SL increases the difficulty threshold for samples
with falling loss trends (negative ∆s), becoming
more flexible in increasing the weights of such
samples by allowing greater instantaneous losses.
On the other hand, it becomes more conservative
in weighting samples with rising trends (positive
∆s) by reducing the difficulty threshold.

Finally, we note that the weight σuv in (5) can
be computed as follows, where W is the Lambert
W function (Euler, 1783); see details in the supple-
mentary materials in (Castells et al., 2020):

σ∗uv = exp
(
−W

(1
2
max(−2

e
, β)
))
, (7)

β =
luv − (τ − α∆uv)

λ
. (8)

3 Experiments

3.1 Datasets

Gene, Disease, Phenotype Relation (GDPR)
dataset contains textual descriptions for genes, dis-
eases and phenotypes (symptoms) as well as their
relations, and is obtained by combining two freely
available datasets: Online Mendelian Inheritance in
Man (OMIM) (Amberger et al., 2019) and Human
Phenotype Ontology (HPO) (Köhler et al., 2021).
OMIM is the primary repository of curated infor-
mation on the causal relations between genes and
rare diseases, and HPO provides mappings of phe-
notypes to genes/diseases in the OMIM.1 We intro-
duce a challenging experimental setup based on the
task of differential diagnosis (Raftery et al., 2014)
using GDPR, where competing models should dis-
tinguish relevant diseases to a gene from irrelevant
ones that present similar clinical features, making
the task more difficult because of high textual and
structural similarity between relevant and irrelevant
diseases. For example, diseases 3-methylglutaconic
type I, Barth syndrome and 3-methylglutaconic type
III are of the same disease type and have high lex-
ical similarity in their descriptions, but they are
not related to the same genes. We include such
harder negative gene-disease pairs by sampling
genes from those that are linked to diseases that
share the same disease type with a target disease,
but are not linked to the target disease. We also
include an equal number of randomly sampled neg-
ative pairs to this set.

Gene Phenotype Relation (PGR) (Sousa et al.,
2019) is created from PubMed articles and con-
tains sentences describing relations between given
genes and phenotypes ( Figure 1). We only include
data points with available text descriptions for their
genes and phenotypes. For fair comparison, we
apply the best model from (Sousa et al., 2019) to
this dataset.

Wikipedia (Rozemberczki et al., 2021) is on the
topic of the old world lizards Chameleons with 202
species. In this dataset, nodes represent pages and
edges indicate mutual links between them. Each
page has an informative set of nouns, which we use
as additional features. We note that this dataset con-
tains only these noun features but not the original

1A gene can cause one or more diseases and a disease
can have several disease types. As a pre-processing step, we
remove isolated nodes from the dataset and explicit mentions
of relations between entities from summaries.
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Metric GDPR PGR Wikipedia
# Nodes 18.3K 20.4K 2.2K
# Edges 365.0K 605.4K 31.4K
# Sampled Edges 37.6K 3.0K 188.5K
→ # pos. Edges 6.2K 1.4K 31.4K
→ # neg. Edges 31.4K 1.6K 157.1K

Table 1: Statistics of the three datasets. Sampled edges
are used to create training, validation and test sets. All
models take the entire graph as input.

text, which is required by our text only models.
Table 1 shows statistics of these datasets. In case

of GDPR and WIKIPEDIA, we create five negative
examples for every positive pair. We divide these
pairs into 80%, 10% and 10% as training, valida-
tion and test splits respectively. The data splits for
PGR is the same as the original dataset, except that
we discard data points (node pairs) that do not have
text descriptions.

3.2 Baselines
We use the following baselines:

• Co-occurrence labels a test pair as positive if
both entities occur together in the input text.

• Relevance Score uses scores from IR models
(Section 2.1.2) as features of a logistic classifier.

• Doc2Vec (Le and Mikolov, 2014) uses domain-
specific text embeddings obtained from Doc2Vec
as features of a logistic classifier.

• BioBERT (Lee et al., 2020; Devlin et al., 2019)
is a BERT model pre-trained on PubMed arti-
cles. BioBERT is most appropriate for relation
extraction on both GDPR and PGR datasets as
they are also developed based on PubMed arti-
cles. It is the current state-of-the-art model on
PGR (Sousa et al., 2019). We also include a ver-
sion of BioBERT that uses graph information by
concatenating the representation of each given
pair with the average embedding of its neighbors.

• Graph Convolutional Network (GCN) (Kipf
and Welling, 2017) is an efficient and scalable
approach based on convolution neural networks
which directly operates on graphs.

• Graph Attention Network (GAT) (Veličković
et al., 2018) extends GCN by employing self-
attention layers to identify informative neighbors
while aggregating their information, effectively
prioritizing important neighbors for target tasks.

• GraphSAGE (Hamilton et al., 2017) is an induc-
tive framework which aggregates node features

and network structure to generate node embed-
dings, see (1). It uses both text and graph in-
formation. We use Doc2Vec (Le and Mikolov,
2014) embeddings to initialize node features of
GraphSAGE, as they led to better performance
than other embeddings in our experiments.

• Graph Isomorphism Network (GIN) (Xu et al.,
2018) identifies the graph structures that are not
distinguishable by the variants of graph neural
networks like GCN and GraphSAGE. Compared
to GraphSAGE and GCN, GIN uses extra learn-
able parameters during sum aggregation and uses
MLP encoding.

• CurGraph (Wang et al., 2021) is a curriculum
learning framework for graphs that computes
difficulty scores based on the intra- and inter-
class distributions of embeddings and develops a
smooth-step function to gradually include harder
samples in training. We report the results of our
implementation of this approach.

• SuperLoss (SL) (Castells et al., 2020) is a
generic curriculum learning approach that dy-
namically learns a curriculum from model behav-
ior. It uses a fixed difficulty threshold at batch
level, determined by the exponential moving aver-
age of all sample losses, to assign higher weights
to easier samples than harder ones.

We compare these baselines against GTNN and
Trend-SL, described in Section 2.

3.3 Settings

We reproduce the results reported in (Sousa
et al., 2019) using BioBERT and therefore fol-
low the same settings on the PGR dataset. Ini-
tial domain-specific node embeddings are obtained
using Doc2Vec (Le and Mikolov, 2014) or Bio-
BERT (Lee et al., 2020). In case of Bio-BERT,
since nodes carry long descriptions, we first gen-
erate sentence level embeddings and use their av-
erage to represent each node, following (Zhang
et al., 2020a). More recent techniques can be used
as well (Beltagy et al., 2020). We consider 1-
hop neighbors and set t = 1 in (1). To optimize
our model, we use the Adam optimizer (Kingma
and Ba, 2015) and apply hyper-parameter search
and tuning for all competing models based on
performance on validation data. In (5), we set
α from [0, 1] with a step size of 0.1, λ from
{0.1, 0.5, 1.0, 5, 10, 100}, and loss window k from
[1, 10] with a step size of 1. We consider a maxi-
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Modality Model GDPR PGR Wikipedia
P R F1 P R F1 P R F1 avg F1

- Co-occurance 16.7 100 28.6 47.5 100 64.4 16.7 100 28.6 40.5
T Relevance Score 59.2 83.4 69.2 75.6 64 69.1 - - - 69.2
T BioBERT (node pairs) 20.3 55.6 29.7 84.9 74.7 79.4 - - - 54.6
T BioBERT (neighbors) 21.1 57.4 30.9 74.0 76.0 75.0 - - - 53.0
T Doc2vec (node pairs) 19.8 45.0 27.5 80.5 82.7 81.6 - - - 54.6
T Doc2vec (neighbors) 20.6 51.9 29.5 83.1 78.7 80.8 - - - 55.2
G GCN 34.2 44.5 38.6 61.1 79.5 68.6 72.8 89.7 80.3 62.5
G GAT 23.7 50.3 31.7 75.8 91.1 82.5 78.2 86.7 82.2 65.5
G GIN 21.8 48.1 29.8 54.2 88.1 67.0 76.4 77.2 76.1 57.6
G GraphSAGE (random) 17.2 90.4 28.5 84.8 79.2 81.8 57.9 82.28 67.9 59.4
G,T GraphSAGE (Doc2Vec) 54.0 79.2 64.1 91.8 90.2 91.0 81.5 93.0 86.6 80.6
G,T GTNN 78.0 87.9 82.6 93.6 93.2 93.4 87.9 95.4 91.5 89.2

Table 2: Performance of different models on GDPR, PGR, and WIKIPEDIA datasets. Here, (T) indicates “Text only",
(G) indicates “Graph only", (G,T) indicates combination of both. Note that the WIKIPEDIA dataset contains only
noun features but not the original text, which is required by the text only models.

.

Model GDPR PGR Wikipedia avg F1
GTNN 82.6 93.4 91.5 89.2
CurGraph 75.9 85.1 80.3 80.3
SL 83.5 94.0 92.0 89.8
Trend-SL 84.3 94.2 91.3 89.9

Table 3: Performance of curriculum models on GDPR,
PGR, and WIKIPEDIA datasets. The base model for all
curriculum learning approaches is GTNN, see the last
row in Table 2.

mum number of 100 training iterations with early
stopping based on validation data for all models. In
addition, we evaluate models based on the standard
Recall, Precision and F1 score for classification
tasks (Buitinck et al., 2013). We experiment with
five random seeds and report the average results.
For all experiments, we use Ubuntu 18.04 with one
40GB A100 Nvidia GPU, 1 TB RAM and 16 TB
hard disk space. GPU hours to train our model have
been linear to the size of the datasets ranging from
30 min to 5 hours. We use Precision (P), Recall (R)
and F1 score (F1) as evaluation metrics.

3.4 Results

Table 2 shows the results. We start with text only
and graph only baselines followed by baselines that
incorporate both data modalities.

Text models (T): Comparing all text based
model, Relevance Score and Doc2Vec outperform
other models. In case of GDPR, high performance
of Relevance Score indicates the ability of unsu-
pervised IR models in finding relevant informa-
tion in long text descriptions. However, Relevance
Score shows poor performance on PGR compared
to Doc2Vec, which is better at semantic represen-
tation of input data. BioBERT (node pair) obtains

higher precision on both datasets and good perfor-
mance on PGR. In addition, the F1 score of the
BioBERT model developed in (Sousa et al., 2019)
for PGR is 76.6. We note that Doc2Vec obtains
better performance than BioBERT, perhaps due to
its in-domain pre-training.

Graph models (G): The results show that GCN
and GAT perform better than other competing
graph models. We attribute their performance to the
use of convolution and attention networks, which
effectively prioritize important neighboring nodes
with respect to the target tasks.

Graph models with additional information:
Comparing GraphSAGE (Doc2Vec) and Graph-
SAGE (random) illustrates the significant effect
of initialization with in-domain embeddings. In
addition, GTNN outperforms GraphSAGE, result-
ing in an average of 8.6 points improvement in F1
score. This improvement is because GTNN directly
uses text descriptions at its prediction layer. This
information, although available to GraphSAGE as
well, can be lost in the iterative process of learning
node embeddings through neighbors, see (1).

Training with curricula: The results in Table 3
show that training GTNN with effective curricula
can further improve its performance. We attribute
the better performance of Trend-SL compared to
SL to the use of trend information, which leads to
better curricula. We conduct further analysis on the
effect of trend information below. The lower per-
formance of CurGraph could be due to close proba-
bility densities that we obtained for samples in our
datasets, which do not allow easy and hard samples
to be effectively discriminated by CurGraph.
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Figure 4: The fraction of samples with an inverted dif-
ficulty group in two consecutive epochs. Both models
are converging on the their estimated difficulty classes
of samples as training progresses. Trend-SL results in
fewer inversions compared to SL; the area under the
curve for Trend-SL is 2.12 compared to 2.15 of SL.

4 Trend Model Introspection

We conduct several ablation studies to shed light
on the improved performance of Trend-SL.

4.1 Inversion Analysis
Trend-SL results in robust estimation of diffi-
culty: In curriculum learning, instantaneous sam-
ple losses can fluctuate as model trains (Zhou et al.,
2020). These changes result in samples being
moved across easy and hard data groups. Let’s
define an inversion as an event where the difficulty
group of a sample is inverted in two consecutive
epochs (determined by curricula), i.e., an easy sam-
ple becomes hard in the next iteration or vice versa.
Figure 4 shows the number of inversions in SL
and Trend-SL during training. Both models con-
verge on their estimated difficulty classes of sam-
ples as training progresses. However, we observe
that Trend-SL results in fewer inversions compared
to SL, as the area under the curve for Trend-SL is
2.12 compared to 2.15 of SL. Given these results
and the performance of Trend-SL on our target
tasks, we conjecture that trend information leads to
more robust estimation of sample difficulty.

Transition patterns at inversion time: Let
epoch e be the epoch at which an inversion oc-
curs. Considering SL as the curriculum, Figure 5
reports the average normalized loss of samples at
their inversion epochs (e) and k epochs before and
after that. There are some insightful patterns: (a):
easy-to-easy (E2E) and hard-to-hard (H2H) transi-
tions are almost flat lines, indicating the lack of any
significant trend when no inversion occurs; and (b):
easy-to-hard (E2H) and hard-to-easy (H2E) tran-
sitions show that, on average, there is a sharp and

Figure 5: Transition in sample difficulty determined by
SL. 0 on the x-axis denotes any epoch at which an inver-
sion occurs, and the y-axis shows average normalized
losses at epochs around the inversion epochs. Easy-
to-Hard and Hard-to-Easy transitions show sharp and
significant increase and decrease in losses respectively.

(a) Easy to Hard (b) Hard to Easy

Figure 6: Inversion dynamics at difficulty level during
training: (a) inversions from easy to hard with rising loss
trends and (b) inversions from hard to easy with falling
loss trends. The initial epochs on the y-axis are brighter
then later epochs, indicating that most inversions occur
early in training.

significant increase and decrease in loss patterns
as samples are inverted to hard and easy difficulty
groups respectively. Since SL does not directly
take into account trend information, these results
show that trend dynamics can inform our technical
objective of developing better curricula.

Inversions occur early during training: Fig-
ure 6(a) shows the fraction of samples that were
easy at epoch i but became hard with a rising trend
at epoch j > i. The corresponding heatmap for
Hard-to-Easy with falling trend is shown in Fig-
ure 6(b). In both case, the initial epochs (see the
y-axis) are brighter then later epochs, indicating
that most inversions occur early in training and the
effect of trend is more prominent in the initial part
of training.
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(a) Easy to Hard (b) Hard to Easy

Figure 7: Inversion heatmap when (a): easy samples with rising loss trend become hard (left) and (b): hard samples
with falling loss trend become easy (right).

Inversions occur with falling or rising loss
trends: SL does not use trend information. How-
ever, its estimated difficulty for a considerable frac-
tion of samples (with falling or rising loss trends)
is inverted during training. In fact, we observe that
21.2% to 50.0% of hard samples that have a falling
loss trend will become easy in their next training
iteration; similarly 1.3% to 11.1% of easy samples
that have a rising loss trend will become hard in
their next training iteration. Figure 7 shows the
inversion heatmap for such Easy-to-Hard and Hard-
to-Easy transitions in consecutive epochs. The area
under the curve for Easy-to-Hard with rising trend
and Hard-to-Easy with falling trend are 24.87 and
4.51 respectively. Trend-SL employs such trend
dynamics to create better curricula.

4.2 Domain and Feature Analysis

In-domain embeddings improve the perfor-
mance: In these experiments, we re-train our
model with different embedding initialization. As
shown in Figures 8, Doc2Vec embeddings result
in an overall better performance than BioBERT
and random initialization approaches across the
datasets. We attribute this result to in-domain train-
ing using text summaries of genes, diseases and
phenotypes associated to rare diseases. In addition,
the performance using BioBERT embeddings is
either comparable or considerably lower than that
of other embeddings including Random. This is
perhaps due to pre-training of BioBERT using a
large scale PubMED dataset, which has a signif-
icantly lower prevalence of publications on rare
versus common diseases. On the other hand, we di-
rectly optimize Doc2Vec on in-domain rare-disease
datasets, which leads to higher performance of the
model. We tried to fine tune BioBERT on our cor-
pus but as the text summaries are long, only a small
fraction of texts (512 tokens) can be considered.

Figure 8: Performance of GTNN with Trend-SL with
additional features.

Figure 9: Performance of GTNN with Trend-SL without
additional features.

Additional Features improve the performance:
We re-train our models and exclude additional fea-
ture (i.e., relevance scores for GDPR and sentence
embeddings for PGR), with different node embed-
ding initialization. Figure 9 shows that excluding
these features considerably reduces the F1-scores
of our model across datasets and embedding initial-
ization. These results show that both text features
and information obtained from graph structure con-
tribute to predicting relations between nodes.

5 Related Work

Previous research on relation extraction can be cat-
egorized into text- and graph-based approaches. In
addition, to our knowledge, there is limited work
on curriculum learning with graph datasets.
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Text-based models: Text-based methods extract
entities and the relations between them from given
texts. Although, previous works typically focus on
extracting intra-sentence relations for entity pairs in
supervised and distant supervised settings (Sousa
et al., 2019; Mintz et al., 2009; Dai et al., 2019;
Lin et al., 2016; Peng et al., 2017; Zhang et al.,
2018; Fout et al., 2017; Zhang and Chen, 2018;
Quirk and Poon, 2017), there are relation extrac-
tion approaches that focus on inter-sentence rela-
tions (Kilicoglu, 2016; Yao et al., 2019b). Kil-
icoglu (2016) investigated multi-sentence relation
extraction between chemical-disease entity pairs
mentioned at multi-sentence level. They consid-
ered lexical features, and features obtained from
intervening sentences as input to a classifier. A
close related work to our study has been conducted
by Sousa et al. (2019), who developed an effective
model to detect relations between genes and pheno-
types at sentence-level using sentential context and
medical named entities in text. We compared our
approach with Sousa et al. (2019) on the dataset
that they developed (PGR), see Section 3.2.

Graph based models: Previous research show
that adding informative additional features with
graph helps models learn better node representa-
tions for extracting relation between entity pairs.
For example, Zhang and Chen (2018) used distance
metric information, and Li et al. (2020) used dis-
tance features like shortest path and landing proba-
bilities between pair of nodes in subgraphs as addi-
tional features. We note that some graph properties,
although informative and effective, can be expen-
sive to calculate on large graphs during training
and should be computed offline.

Curriculum learning with graph data: Curricu-
lum learning approaches design curricula for model
training and generalizability (Bengio et al., 2009;
Kumar et al., 2010; Jiang et al., 2015; Amiri et al.,
2017; Jiang et al., 2018; Castells et al., 2020; Zhou
et al., 2020). The common approach is to detect
and use easy examples to train the model and grad-
ually add harder examples as training progresses.
Curricula can be static and pre-built by humans or
can be automatically and dynamically learned by
the model. There are very few curriculum learning
methods designed to work on the graph structure.
Wang et al. (2021) developed CurGraph, which is
a curriculum learning method for sub-graph classi-
fication. The model estimates the difficulty of sam-

ples using intra and inter-class distributions of sub-
graph embeddings and orders training instances to
initially expose easy sub-graphs to the underlying
graph neural network followed by harder ones. As
opposed to static curriculum, Saxena et al. (2019)
introduced a dynamic curriculum approach which
automatically assigns a confidence score to sam-
ples based on their estimated difficulty. However,
the model requires a large number of extra train-
able parameters especially when data set is large.
To overcome this limitation, Castells et al. (2020)
introduced a framework with similar idea but cal-
culates the optimal confidence score for each in-
stances using a closed-form solution, thereby avoid-
ing learning extra parameters. We extended this
approach to include trend information at sample-
level for learning effective curriculum.

Graph neural networks for NLP: There are sev-
eral distantly related work that develop graph neu-
ral network algorithm for downstream tasks such
as semantic role labeling (Marcheggiani and Titov,
2017), machine translation (Bastings et al., 2017;
Marcheggiani et al., 2018), multimedia event ex-
traction (Liu et al., 2020), text classification (Yao
et al., 2019a; Zhang et al., 2020b) and abstract
meaning representation (Song et al., 2018). Graph
neural networks are used to model word-word or
word-document relations, or applied to dependency
trees. Yao et al. (2019a) generated a single text
graph using word occurrences and document word
relations from text data, and used the GCN method
to learn embeddings of words and documents. Sim-
ilarly, Peng et al. (2018) used GCN to capture
the semantics between non-consecutive and long-
distance entities.

6 Conclusion and Future Work

We propose a novel graph neural network ap-
proach that effectively integrates textual and struc-
tural information and uses loss trajectories of sam-
ples during training to learn effective curricula
for predicting relations between given entity pairs.
Our approach can be used for both sentence- and
document-level relation extraction, and shows a
sizable improvement over the state-of-the-art mod-
els across several datasets. In future, we will in-
vestigate curriculum learning approaches for other
sub-tasks of relation extraction, develop more ef-
fective techniques to better fit trends to time series
data, and investigate the effect of curricula on other
graph neural networks for relation extraction.
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Abstract
Modern unsupervised machine translation
(MT) systems reach reasonable translation qual-
ity under clean and controlled data conditions.
As the performance gap between supervised
and unsupervised MT narrows, it is interesting
to ask whether the different training methods
result in systematically different output beyond
what is visible via quality metrics like adequacy
or BLEU. We compare translations from super-
vised and unsupervised MT systems of simi-
lar quality, finding that unsupervised output is
more fluent and more structurally different in
comparison to human translation than is super-
vised MT. We then demonstrate a way to com-
bine the benefits of both methods into a sin-
gle system which results in improved adequacy
and fluency as rated by human evaluators. Our
results open the door to interesting discussions
about how supervised and unsupervised MT
might be different yet mutually-beneficial.

1 Introduction

Supervised machine translation (MT) utilizes paral-
lel bitext to learn to translate. Ideally, this data con-
sists of natural texts and their human translations.
In a way, the goal of supervised MT training is to
produce a machine that mimicks human translators
in their craft. Unsupervised MT, on the other hand,
uses monolingual data alone to learn to translate.
Critically, unsupervised MT never sees an exam-
ple of human translation, and therefore must create
its own style of translation. Unlike supervised MT
where one side of each training sentence pair must
be a translation, unsupervised MT can be trained
with natural text alone.

In this work, we investigate the output of su-
pervised and unsupervised MT systems of similar
quality to assess whether systematic differences in
translation exist. Our exploration of this research
area focuses on English→German for which abun-
dant bilingual training examples exist, allowing us

∗ Work completed at Google Translate Research.

to train high-quality systems with both supervised
and unsupervised training.

Our main contributions are:

• We observe systematic differences between
the output of supervised and unsupervised MT
systems of similar quality. High-quality un-
supervised output appears more natural, and
more structurally diverse when compared to
human translation.

• We show a way to incorporate unsupervised
back-translation into a standard supervised
MT system, improving adequacy, naturalness,
and fluency as measured by human evaluation.

Our results provoke interesting questions about
what unsupervised methods might contribute be-
yond the traditional context of low-resource lan-
guages which lack bilingual training data, and sug-
gest that unsupervised MT might have contribu-
tions to make for high-resource scenarios as well.
It is worth exploring how combining supervised
and unsupervised setups might contribute to a sys-
tem better than either creates alone.

We discuss related work in §2. In §3, we in-
troduce the dataset, model details, and evaluation
setups. In §4, we characterize the differences be-
tween the output of unsupervised and supervised
neural MT systems of similar quality. In §5, we
demonstrate a combined system which benefits
from the complementary strengths of the two meth-
ods. We summarize the paper in §6.

2 Related Work

Unsupervised MT Two paradigms for unsuper-
vised MT are finding a linear transformation to
align two monolingual embedding spaces (Lample
et al., 2018a,b; Conneau et al., 2018; Artetxe et al.,
2018, 2019), and pretraining a bi-/multilingual
language model then finetuning on a translation
task (Conneau and Lample, 2019; Song et al., 2019;
Liu et al., 2020). We study the Masked Sequence-
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to-Sequence Pretraining (MASS) language model
pretraining paradigm of Song et al. (2019). MASS
is an encoder-decoder trained jointly with a masked
language modeling objective on monolingual data.
Iterative back-translation (BT) follows pretraining.

Monolingual Data in MT BT is widely-used to
exploit monolingual data (Sennrich et al., 2016).
“Semi-supervised” systems use monolingual and
parallel data to improve performance (e.g. Artetxe
et al. (2018)). Siddhant et al. (2020) combine mul-
tilingual supervised training with MASS for many
languages and zero-shot translation.

Source Artifacts in Translated Text Because su-
pervised MT is trained ideally on human-generated
translation, characteristics of human translation af-
fects the style of machine translation from such
systems. Dubbed “translationese,” human transla-
tion includes source language artifacts (Koppel and
Ordan, 2011) and source-independent artifacts—
Translation Universals (Mauranen and Kujamäki,
2004). There are systematic biases inherent to
translated texts (Baker, 1993; Selinker, 1972),
and biases coming from interference from source
text (Toury, 1995). In MT, Freitag et al. (2019,
2020) attribute these patterns as a source of mis-
match between BLEU (Papineni et al., 2002) and
human evaluation measures of quality, raising con-
cerns that overlap-based metrics reward hypotheses
with the characteristics of translated text more than
those with natural language. Vanmassenhove et al.
(2019, 2021) note loss of linguistic diversity and
richness from MT, and Toral (2019) see related ef-
fects even after human post-editing. The impact of
translated text on human evaluation has also been
studied (Toral et al., 2018; Zhang and Toral, 2019;
Graham et al., 2019; Fomicheva and Specia, 2016;
Ma et al., 2017), as has the impact in training data
(Kurokawa et al., 2009; Lembersky et al., 2012;
Bogoychev and Sennrich, 2019; Riley et al., 2020).

Measuring Word Reordering Word reordering
models are well-studied because they formed a crit-
ical part of statistical MT (see Bisazza and Federico
(2016) for a review). Others examined metrics
for measuring reordering in translation (e.g. Birch
et al., 2008, 2009, 2010). Wellington et al. (2006)
and Fox (2002) use part-of-speech (POS) tags in
the context of parse trees, and Fox (2002) measure
the similarity of French and English with respect
to phrasal cohesion by calculating alignment cross-
ings using parse trees. Most similar to us, Birch

(2011) view simplified word alignments as permu-
tations and compare distance metrics over these to
quantify the amount of reordering done. They use
TER computed over the alignments as a baseline.
Birch and Osborne (2011)’s LRScore interpolates a
reordering metric with a lexical translation metric.

3 Experimental Setup

3.1 Data

Training Experiments are in English→German.
For the main study comparing supervised and un-
supervised MT, we use News Commentary v14
(329,000 sentences) as parallel bitext for the super-
vised system, and News Crawl 2007-17 as mono-
lingual data for the unsupervised system. Dedu-
plicated News Crawl 2007-17 has 165 million En-
glish sentences and 226 million German sentences.

The combined system demonstration at the end
of our work utilizes a BT selection method. We use
the bilingual training data from WMT2018 (Bojar
et al., 2018) (News Commentary v13, Europarl v7,
Common Crawl, EU Press Release) so that our
model can be compared with well-known work
using BT (e.g. Edunov et al., 2018; Caswell et al.,
2019). We deduplicate and filter out pairs with
> 250 tokens in either language or length ratio
over 1.5, resulting in 5.2 million paired sentences.

Development and Test Sets For the main ex-
periments, we use newstest2017 as the dev set
with newstest2018 and newstest2019 for test. new-
stest2018 was originally created by translating one
half of the test data from English→German (orig-
en) and the other half from German→English (orig-
de). Since 2019, WMT produces newstest sets with
only source-original text and human translations
on the target side to mitigate known issues when
translating and evaluating on target-original data
(e.g. Koppel and Ordan, 2011; Freitag et al., 2019).

For most experiments, we evaluate on orig-en
sentences only to reflect the real use-case for trans-
lation and modern evaluation practice. We exam-
ine orig-de only for BLEU score as an additional
data point of difference between supervised and un-
supervised MT. Zhang and Toral (2019) show that
target-language-original text should not be used for
human evaluation (orig-de, in our case).

We use the newstest2018 “paraphrased” test ref-
erences from Freitag et al. (2020),1 which are made

1github.com/google/wmt19-paraphrased-references
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for orig-en sentences only. These additional refer-
ences have different structure than the source sen-
tence but maintain semantics, and provide a way
to measure system quality without favoring trans-
lations with the same structure as the source. Ob-
serving work that uses these references, BLEU is
typically much lower than on original test sets, and
score differences tend to be small but reflect tangi-
ble quality difference (Freitag et al., 2020).

For the system combination demonstration,
we use newstest2018 for development and new-
stest2019 for test. We also use newstest2019
German→English and swap source and target to
make an orig-de English→German test set, and use
paraphrase references for newtest2019 (orig-en).

Testing on the official newstest2018 in the main
experiments allows us to see interesting differences
between unsupervised and supervised MT that are
hidden with newstest2019 because it is orig-en only.
Using newstest2018 for development in the system
combination demonstration aligns with similar liter-
ature (e.g. Edunov et al., 2018; Caswell et al., 2019).
We use SacreBLEU throughout (Post, 2018).2

3.2 Part-of-Speech Tagging
We use part-of-speech taggers for some experi-
ments: universal dependencies (UD) implemented
in spaCy3 and spaCy’s language-specific fine-
grained POS tags for German from the TIGER Cor-
pus (Albert et al., 2003; Brants et al., 2004).

3.3 Models
Our unsupervised MT model is a MASS trans-
former with the hyperparameters of Song et al.
(2019). We train MASS on the News Crawl cor-
pora, hereafter called “Unsup.” Our supervised
MT systems use the transformer-big (Vaswani
et al., 2017) as implemented in Lingvo (Shen et al.,
2019) with a vocabulary of 32k subword units.

To investigate differences between approaches,
we train two language models (LMs) on differ-
ent types of data and calculate the perplexity of
translations generated by the supervised and un-
supervised MT systems. We train one LM on the
monolingual German News Crawl dataset with a
decoder-only transformer, hereafter called the “nat-
ural text LM” (nLM). We train another on machine
translated sentences which we call the “translated
text LM” (tLM). We generate the training corpus

2BLEU+case.mixed+lang.ende+numrefs.1+smooth.exp+
{TESTSET}+tok.13a+version.1.4.12

3https://spacy.io/, https://universaldependencies.org/

by translating the English News Crawl dataset into
German with a English→German transformer-big
model trained on the WMT18 bitext.

3.4 Human Evaluations
Human evaluation complements automatic evalua-
tion and abstracts away from comparison to a hu-
man reference which favors the characteristics of
translated text (Freitag et al., 2020). We score ad-
equacy using direct assessment and run side-by-
side evaluations measuring fluency and adequacy
preference between systems. Each campaign has
1,000 test items. For side-by-side eval, a test item
includes a pair of translations of the same source
sentence: one from the supervised system and one
from the unsupervised. We hire 12 professional
translators, who are more reliable than crowd work-
ers (Toral, 2020; Freitag et al., 2021).

Direct Assessment Adequacy We use the tem-
plate from the WMT 2019 evaluation campaign.
Human translators assess a translation by how ade-
quately it expresses the meaning of the source sen-
tence on a 0-100 scale. Unlike WMT, we report the
average rating and do not normalize the scores.

Side-by-side Adequacy Raters see a source sen-
tence with two translations (one supervised, one
unsupervised) and rate each on a 6-point scale.

Side-by-side Fluency Raters assess the alterna-
tive translations (one supervised, one unsupervised)
without the source, and rate each on a 6-point scale.

4 Unsupervised vs. Supervised MT

The goal of this section is to analyse supervised and
unsupervised systems of similar overall translation
quality so that differences in quality do not con-
found analyses. As unsupervised systems underper-
form supervised systems, we use a smaller parallel
corpus (news commentary) to train systems of sim-
ilar quality. Table 1 summarizes the BLEU scores
and human side-by-side adequacy results for both
systems. Although the supervised system is below
state-of-the-art, these experiments help elucidate
how unsupervised and supervised output is differ-
ent. Overall BLEU and human ratings suggest simi-
lar translation quality. Nevertheless, we observe no-
table differences between orig-de and orig-en sides
of the test set when comparing both systems. Re-
call that orig-de has natural German text on the tar-
get side. Unsup scores higher than Sup on orig-de,
suggesting that its output is more natural-sounding
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as it better matches text originally written in Ger-
man. Performance discrepancies on orig-en and
orig-de indicate that differences in system output
may exist and prompt further investigation.

Overall orig-en orig-de nt18p Human Adq.
Sup 29.2 34.0 21.1 9.3 3.89
Unsup 30.1 30.9 27.1 9.6 3.82

Table 1: SacreBLEU & human adequacy (orig-en) on
newstest2018 and newstest2018p (nt18p = paraphrase
reference). nt18p is available for orig-en only.

4.1 Selecting Translations of Same Adequacy
To assess the translation style and compare linguis-
tic aspects of supervised and unsupervised MT,
we further must compare translations that have
the same accuracy level on the segment level, so
that neither confounds analysis. We use the ade-
quacy evaluation from Table 1 and retain sentences
for which both approaches yield similar adequacy
scores. We divide the rating scale into bins of low
(0–2), medium (3–4), and high (5–6) adequacy. Ta-
ble 2 shows the percentage of sentences in each bin.
For each source sentence, there is one translation by
Unsup and one by Sup. If human judges assert that
both translations belong in the same adequacy bin,
that sentence also appears in “Both.” There are 86,
255, and 218 sentences in “Both” for low, medium,
and high bins, respectively. For subsequent analy-
ses, we examine sentences falling into “Both.”

Low Medium High
Sup 18.7% 42.1% 39.2%

Unsup 19.3% 44.6% 36.1%
Both 8.6% 25.5% 21.8%

Table 2: Percentage of sentences with low, medium
and high human-evaluated adequacy ratings. “Both” are
sentences which have same rating from both systems.

4.2 Comparing Translation Style
Measuring Structural Similarity We develop a
metric to ascertain the degree of structural similar-
ity between two sentences, regardless of language.
When evaluated on a source-translation pair, it mea-
sures the influence of the source structure on the
structure of the output without penalizing for dif-
fering word choice; thus it is a measure of “mono-
tonicity” – the degree to which words are translated
in-order. Given alternative translations in the same
language, it assesses the degree of structural simi-
larity between the two. Thus given a machine trans-
lation and a human translation of the same source
sentence, it can measure the structural similarity
between the machine and human translations.

Word alignment seems well-suited here. Like
Birch (2011), we calculate Kendall’s tau (Kendall,

1938) over alignments of source-translation pairs,
but do not simplify alignments to permutations. We
use fast_align (Dyer et al., 2013) but observe that
it struggles to align words not on the diagonal, so
sometimes skipped alignments.4 Because of this
issue, we instead estimate monotonicity/structural
similarity using the new metric, introduced next.

We propose measuring translation edit rate (TER,
Snover et al. (2006)) over POS tag sequences. TER
is a well-known word-level translation quality met-
ric which measures the number of edits required
to transform a “hypothesis” sentence into the ref-
erence, outputting a “rate” by normalizing by sen-
tence length. Between languages, we compute
TER between POS tag sequences of the source
text (considered the reference) and the translation
(considered the hypothesis), so that TER now mea-
sures changes in structure independent of word
choice. Source-target POS sequences which can
be mapped onto each other with few edits are con-
sidered similar—a sign of a monotonic translation.
Given a machine translation (hypothesis) and a hu-
man reference in the same language, TER over
POS tags measures structural similarity between
the machine and human translations. Outputs with
identical POS patterns score 0, increasing to 1+ as
sequences diverge. Lower TER for (source, transla-
tion) pairs indicates monotonic translation; Lower
TER for (machine translation, human translation)
pairs indicates structural similarity to human trans-
lation. We call the metric “posTER”.

Monotonicity POS sequences are comparable
across languages thanks to universal POS tags. Ta-
ble 3 has a toy example with two possible German
translations of an English source. Next to each sen-
tence is its universal dependencies POS sequence.
In the third column, TER is calculated with the
POS sequence of the English source as reference
and the sequence of the translation as hypothesis.

Table 4 shows posTER over universal depen-
dencies of German translations versus the new-
stest2018 (orig-en) source sentences. While
the standard newstest2018 references (Ref) score
0.410, newstest2018p’s (RefP) higher score of
0.546 reflects the fact that the paraphrase references
are designed to have different structure than the
source. Difference in overall monotonicity between
Sup and Unsup is unapparent at this granularity.

Because universal dependencies are designed to
4We ran fast_align with and without diagonal-favoring and

all 5 symmetrization heuristics, and see similar trends.
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Sentence POS Sequence TER
I made myself a cup of coffee this morning. PRON VERB PRON DET NOUN ADP -

PNOUN DET NOUN PUNCT
Ich habe mir heute Morgen eine Tasse PRON AUX PRON ADV NOUN DET 0.5
Kaffee gemacht. NOUN NOUN VERB PUNCT
Heute morgen habe ich mir eine Tasse ADV ADV AUX PRON PRON DET 0.7
Kaffee gemacht. NOUN NOUN VERB PUNCT

Table 3: posTER over universal dependencies POS sequences for example toy German translations of an English
source. Row 1 is the source with its POS tag sequence. Rows 2/3 are example translations with the POS tags of each.
posTER is calculated via the POS sequences of the translation (hypothesis) and the source (considered the reference).

nt18 nt18p Sup Unsup
Src 0.410 0.546 0.409 0.399

Table 4: posTER (0-1+) over universal dependencies
of translations of newstest2018 (orig-en) vs. the source.
↓ = more monotonic translation. nt18p=paraphrase ref.

suit many languages, the 17 UD categories may be
too broad to adequately distinguish moderate struc-
tural difference. Whereas UD has a single class for
“VERB,” the finer-grained German TIGER tags dis-
tinguish between 8 sub-verb types including infini-
tive, modal, and imperative. We use these language-
specific categories next to uncover differences be-
tween systems that broad categories conceal.

Similarity to Human Translation Recall that su-
pervised MT essentially mimics human translators,
while unsupervised MT learns to translate without
examples. Intuitively, supervised MT output might
be stylistically more like human translation, even
when controlling for quality. The first indication is
Sup’s lower BLEU score on nt18p—the paraphrase
test set designed to have structure different than the
original human translation.

We compare the structure of MT output with
the human reference using German TIGER tags.
Lower posTER indicates more structural similar-
ity, while higher posTER indicates stylistic devia-
tion from human translation. Comparison with the
newstest2018 orig-en human reference is in Table
5. Sup and Unsup show negligible difference over-
all, but binning by adequacy shows Unsup output
as less structurally similar to the human reference
on the high-end of adequacy, and more similar on
the low-end. This suggests systematic difference
between systems, and that unsupervised MT might
have more structural diversity as quality improves.

Overall Low Med High
Sup 0.280 0.348 0.282 0.255

Unsup 0.287 0.313 0.298 0.296
Table 5: posTER (0-1+ scale) over TIGER POS tags
of system output vs. the human reference, grouped by
adequacy (newstest2018, orig-en). ↓ = greater structural
similarity to the human reference.

Naturalness The first hint that Unsup might pro-
duce more natural output than Sup is its markedly
higher BLEU on the orig-de test set: 27.1, versus
21.1 from Sup. Recall that orig-de has natural Ger-
man on the target side, so higher BLEU here means
higher n-gram overlap with natural German.

Edunov et al. (2020) recommend augmenting
BLEU-based evaluation with perplexity from a lan-
guage model (LM) to assess fluency or natural-
ness of MT output. Perplexity (Jelinek et al., 1977)
measures similarity of a text sample to a model’s
training data. We contrast the likelihood of output
according to two LMs: one trained on machine-
translated text (tLM) and another trained on non-
translated natural text (nLM). While machine-
translated and human-translated text differ, the
LMs are nonetheless a valuable heuristic and con-
tribute insights on whether systematic differences
between MT system outputs exist. Low perplex-
ity from the nLM indicates natural language. Low
perplexity from the tLM (trained on English News
Crawl that has been machine-translated into Ger-
man) shows proximity to training data composed
of translated text, indicating simplified language.

Sup perplexity is lower than Unsup across ade-
quacy bins for the tLM, seen in Table 6. Conversely,
Sup generally has higher perplexity from the nLM.
All adequacy levels for Unsup have similar nLM
perplexity, suggesting it is particularly skilled at
generating fluent output. Together, these findings
suggest that unsupervised MT output is more natu-
ral than supervised MT output.

Stronger Supervised MT Though analyzing sys-
tems of similar quality is important for head-to-
head comparison, we evaluate a stronger super-
vised system for context.5 We do not have human
evaluation scores, but automatic results give in-
sight: see Table 7. The model has overall BLEU =
40.9 and a similarly large discrepancy on orig-en vs.
orig-de as did the Sup system used throughout this

5Trained on 4.5 million lines of WMT14 bitext.
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Natural Text LM ↓ Translated Text LM ↑
Overall Low Medium High Overall Low Medium High

Sup 72.69 90.61 76.36 68.37 41.06 51.91 40.32 36.70
Unsup 67.01 68.32 60.56 69.88 58.17 61.50 53.71 57.95

Table 6: Perplexity of MT output on newstest2018 based on LMs trained on natural text vs. translated text, binned
by adequacy. Sup and Unsup are comparable supervised and unsupervised MT systems, respectively. ↓ from the
Natural Text LM and ↑ from the Translated Text LM indicate more natural-sounding output.

work: 44.6 for orig-en and 34.9 for orig-de. As for
structural similarity, this stronger system has lower
overall posTER vs. the human reference—0.238
vs. 0.280/0.287 from Sup/Unsup—indicating even
more structural similarity with the reference. For
naturalness, the stronger system has lower perplex-
ity from the nLM. As a higher-quality system, this
is expected. At the same time, it scores much lower
than Sup and Unsup by the tLM, where higher in-
dicates more natural-sounding output: 29.23 vs.
41.06/58.17 for Sup/Unsup.

Quality Structural Sim. Naturalness
BLEU nt18p v. Src v. Ref nLM tLM

40.9 12.1 0.401 0.238 54.35 29.23

Table 7: Strong supervised model trained on WMT14.
Structural sim. is posTER: v. Src is comparable to Table
4, v. Ref to Overall in Table 5. ↓ = more monotonic.
nLM/tLM are Natural/Translated Text LMs of Table 6.

Ablation: Architecture vs. Data One reason
Unsup might produce more natural-sounding out-
put could be simply that it develops language-
modeling capabilities from natural German alone,
whereas Sup must see some translated data (being
trained on bitext of human translations). Next, we
ask whether the improved naturalness and struc-
tural diversity is due to the unsupervised NMT ar-
chitecture, or simply the natural training data.

We build a supervised en-de MT system with
329,000 paired lines of translated English source
and natural German, where the source is back-
translated German News Crawl from a supervised
system. In other words, we train on backtranslated
data only on the source side and natural German as
the target. The model thus develops its language-
modeling capabilities on natural sentences alone. If
more natural output is simply a response to training
on natural data, then this supervised system should
perform as well in naturalness as Unsup, or better.

We train another unsupervised system on trans-
lated text only. Source-side training data is syn-
thetic English from translating German News
Crawl with a supervised system. Target-side is syn-
thetic German which was machine-translated from
English News Crawl. If naturalness solely results

from data, this system should perform worst, being
trained only on translated (unnatural) text.

Table 8 shows the results. The original unsuper-
vised system (Unsup) performs best according to
both LMs, having output that is more natural and
less like translated text. When given only natural
German to build a language model, the supervised
system (Sup En-Trns/De-Orig) still produces more
unnatural output than Unsup. Even when the unsu-
pervised system uses translated data only (Unsup-
Trns), its output is still more natural than the origi-
nal supervised system (Sup) according to both LMs.
This is a surprising result, and is interesting for fu-
ture study. Together, these findings suggest that
both German-original data and the unsupervised ar-
chitecture encourage output to sound more natural.

5 Application: Leveraging Unsupervised
Back-translation

Our results indicate that high-adequacy unsuper-
vised MT output is more natural and more struc-
turally diverse in comparison to human translation,
than is supervised MT output. We are thus moti-
vated to use these advantages to improve transla-
tion. We explore how to incorporate unsupervised
MT into a supervised system via back-translation.
We train for∼500,000 updates for each experiment,
and select models based on validation performance
on newstest2018. We test on newstest2019(p).

5.1 Baselines

The first row of Table 9 is the supervised baseline
trained on the WMT18 bitext. The second row is
Unsup, used throughout this work.

We back-translate 24 million randomly-selected
sentences of German News Crawl twice: once us-
ing a supervised German-English system trained
on WMT18 bitext with a transformer-big architec-
ture, and once using Unsup. Both use greedy de-
coding for efficiency. We augment the WMT18 bi-
text with either the supervised or unsupervised BT.

Seen in Table 9, adding supervised BT (+SupBT)
performs as expected; minorly declining on the
source-original test set (orig-en), improving on
the target-original set (orig-de), and improving on
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LM Perplexity (PPL) BLEU
Natural Text LM Translated Text LM Overall orig-en orig-de

Supervised (Sup) 72.69 41.06 29.2 34.0 21.1
Sup En-Trns/De-Orig 69.75 50.65 35.4 35.5 34.1

Unsup 67.01 58.17 30.1 30.9 27.1
Unsup-Trns 69.88 48.90 33.4 35.4 28.4

Table 8: Comparison of 4 English→German MT systems: ppl from LMs trained on natural or translated text,
BLEU on newstest2018. ↓ ppl = model prefers the output. Sup En-Trns/De-Orig is supervised, trained on translated
English and German-original News Crawl. Unsup is trained on natural English and German News Crawl. Unsup-
Trns uses translated News Crawl only. Unsup performs best == more like natural text and less like translated text.

Figure 1: Back-translation selection method. Both systems translate the same source sentences. If an unsupervised
output sentence is more than T% as likely as the supervised one, select the unsupervised. Here, T=65%.

the paraphrase set (nt19p). Conversely, adding
unsupervised BT (+UnsupBT) severely lowers
BLEU on source-original and paraphrase test sets.
Randomly-partitioning the BT sentences such that
50% are supervised BT and 50% are unsupervised
also lowers performance on orig-en (+50-50BT).

5.2 Tagged BT

Following Caswell et al. (2019), we tag BT on
the source-side. Tagging aids supervised BT
(+SupBT_Tag) and greatly improves unsupervised
BT (+UnsupBT_Tag), which outperforms the base-
line and is nearly on-par with +SupBT_Tag. Com-
bining supervised and unsupervised BT using the
same tag for both (+50-50BT_Tag) shows no bene-
fit over +SupBT_Tag. +50-50BT_TagDiff uses dif-
ferent tags for supervised vs. unsupervised BT.

5.3 Probability-Based BT Selection

We design a BT selection method based on transla-
tion probability to exclude unsupervised BT of low
quality. We assume that supervised BT is “good
enough.” Given translations of the same source sen-
tence (one supervised, one unsupervised) we assert
that an unsupervised translation is “good enough”
if its translation probability is similar or better than
that of the supervised translation. If much lower,
the unsupervised output may be low-quality.

• Score each supervised and unsupervised BT
with a supervised de-en system.

• Normalize the translation probabilities to con-

trol for translation difficulty and output length.

• Compare probability of the supervised and
unsupervised BT of the same source sentence:

∆P =
Pnorm(unsup)
Pnorm(sup)

• Sort translation pairs by ∆P.

• Select the unsupervised BT for pairs scoring
highest ∆P and the supervised BT for the rest.

This filters out unsupervised outputs less than a hy-
perparameter T% as likely as the corresponding
supervised sentence and swaps them with the cor-
responding supervised sentence. Importantly, the
same 24M source sentences are used in all experi-
ments. The procedure is shown in Figure 1.

Full results varying T are in the Appendix for
brevity, but we show two example systems in Table
9. The model we call “+MediumMix_Tag” uses
the top ∼40% of ranked unsupervised BT with the
rest supervised (9.4M unsupervised, 14.6M super-
vised). “+SmallMix_Tag” uses the top ∼13% of
unsupervised BT (3.1M unsupervised, 20.9M su-
pervised).6 We use the same tag for all BTs. Im-
provements are modest, but our goal was to demon-
strate how one might use unsupervised MT output
rather than build a state-of-the-art system.

+SmallMix_Tag performs better than the previ-
ous best on newstest2018p and +MediumMix_Tag
performs highest overall on nt19p. We recall

6The numbers are not round because data was selected
using round numbers for the hyperparameter T.
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newstest2018 newstest2019
Overall orig-en orig-de nt18p orig-en orig-de nt19p

Supervised Baseline (5.2M) 41.8 46.1 34.3 12.6 38.8 30.4 11.7
Unsup (used throughout this work) 30.1 30.9 27.1 9.6 24.6 28.5 8.8
Supervised Baseline

+ SupBT 43.4 43.7 41.8 12.5 37.0 39.9 12.0
+ UnsupBT 33.3 33.8 31.1 9.9 27.2 30.8 9.5
+ 50-50BT 38.0 36.4 39.0 12.9 29.4 38.3 10.0
+ SupBT_Tag 44.8 47.0 40.7 13.0 40.3 38.2 12.4
+ UnsupBT_Tag 43.3 46.9 36.9 12.9 39.1 35.0 12.2
+ 50-50BT_Tag 44.4 47.1 39.6 12.9 39.4 38.0 12.2
+ 50-50BT_TagDiff 44.4 46.8 40.1 13.0 39.9 37.9 12.4
+ SmallMix_Tag 44.8 46.8 40.8 13.2 39.8 38.8 12.5
+ MediumMix_Tag 44.7 46.8 40.8 13.0 40.1 38.2 12.6

Table 9: SacreBLEU of supervised baseline plus 24M supervised or unsupervised BTs. +MediumMix_Tag and
+SmallMix_Tag use the BT selection method of §5.3. +MediumMix_Tag has 9.4M unsupervised BT and 14.6M
supervised BT. +SmallMix_Tag has 3.1M and 20.9M, respectively. nt18p and nt19p are paraphrase references
from Freitag et al. (2020), where small BLEU score changes can indicate tangible quality difference.

that small differences on paraphrase test sets can
signal tangible quality differences (Freitag et al.,
2020). Trusting BLEU on nt19p, we use +Medi-
umMix_Tag as our model for human evaluation.

One might inquire whether improved perfor-
mance is due to the simple addition of noise in light
of Edunov et al. (2018), who conclude that noising
BT improves MT quality. Subsequent work, how-
ever, found that benefit is not from the noise itself
but rather that noise helps the system distinguish
between parallel and synthetic data (Caswell et al.,
2019; Marie et al., 2020). Yang et al. (2019) also
propose tagging to distinguish synthetic data. With
tagging instead of noising, Caswell et al. (2019)
outperform Edunov et al. (2018) in 4 of 6 test sets
for En-De, furthermore find that noising on top of
tagging does not help. They conclude that “tagging
and noising are not orthogonal signals but rather
different means to the same end.” In light of this,
our improved results are likely not due to increased
noise but rather to systematic differences between
supervised and unsupervised BT.

5.4 Human Evaluation

We run human evaluation with professional trans-
lators for +MediumMix_Tag, comparing its out-
put translation of the newstest2019 test set with
two baseline models. Table 10 shows that humans
prefer the combined system over the baseline out-
puts.7 Table 11 shows the percentage of sentences
judged as “worse than,” “about the same as,” or
“better than” the corresponding +SupBT_Tag out-
put, based on fluency. Raters again prefer the com-
bined system. The improvements are modest, but

7Scores are low because we use only WMT18 bitext + BT,
and translators score more harshly than crowd workers.

Adequacy
+ UnsupBT_Tag 54.82
+ SupBT_Tag 56.13
+ MediumMix_Tag 58.62

Table 10: Human-eval direct assessment (adequacy) of
supervised MT with supplemental back-translation.

Better Same Worse
51.1% 3.7% 45.2%

Table 11: Human side-by-side fluency eval. Shown:
% of +MediumMix_Tag sentences judged “worse than,”
“about the same,” or “better than” +SupBT_Tag output.

encouragingly indicate that unsupervised MT may
have something to contribute to machine transla-
tion, even in high-resource settings.

6 Conclusion

Recent unsupervised MT systems can reach reason-
able translation quality under clean and controlled
data conditions, and could bring alternative transla-
tions to language pairs with ample parallel data. We
perform the first systematic comparison of super-
vised and unsupervised MT output from systems
of similar quality. We find that systematic differ-
ences do exist, and that high-quality unsupervised
MT output appears more natural and more struc-
turally diverse when compared to human transla-
tion, than does supervised MT output. Our find-
ings indicate that there may be useful differences
between supervised and unsupervised MT systems
that could contribute to a system better than either
achieves alone. As a first step, we demonstrate an
unsupervised back-translation augmented model
that takes advantage of the differences between the
translation methodologies to outperform a tradi-
tional supervised system on human-evaluated mea-
sures of adequacy and fluency.
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newstest2018 newstest2019
Joint Orig-En Orig-De nt18p Orig-En Orig-De nt19p

Supervised Baseline (5.2M) 41.8 46.1 34.3 12.6 38.8 30.4 11.7
Unsup (same used throughout this work) 30.1 30.9 27.1 9.6 24.6 28.5 8.8
Supervised Baseline

+ SupBT 43.4 43.7 41.8 12.5 37.0 39.9 12.0
+ UnsupBT 33.3 33.8 31.1 9.9 27.2 30.8 9.5
+ 50-50BT 38.0 36.4 39.0 12.9 29.4 38.3 10.0
+ SupBT_Tag 44.8 47.0 40.7 13.0 40.3 38.2 12.4
+ UnsupBT_Tag 43.3 46.9 36.9 12.9 39.1 35.0 12.2
+ 50-50BT_Tag 44.4 47.1 39.6 12.9 39.4 38.0 12.2
+ 50-50BT_TagDiff 44.4 46.8 40.1 13.0 39.9 37.9 12.4
+ 21.7M Tagged Unsup & 2.3M Sup BT 44.0 46.6 39.3 13.0 39.6 36.9 12.3
+ 17.4M Tagged Unsup & 6.6M Sup BT 44.0 46.2 40.0 13.0 40.0 37.7 12.3
+ 9.4M Tagged Unsup & 14.6M Sup BT (+MediumMix_Tag) 44.7 46.8 40.8 13.0 40.1 38.2 12.6
+ 3.1M Tagged Unsup & 20.9M Sup BT (+SmallMix_Tag) 44.8 46.8 40.8 13.2 39.8 38.8 12.5
+ 1.5M Tagged Unsup & 22.5M Sup BT 44.8 47.1 40.7 13.2 40.0 38.4 12.5
+ 680K Tagged Unsup & 23.3M Sup BT 44.4 46.4 40.7 12.9 40.0 38.1 12.4

Table 12: SacreBLEU of supervised baseline plus 24M supervised or unsupervised BTs. Systems using both use
the BT selection method of §5.3 with increasing values for hyperparameter T . nt18p and nt19p are paraphrase
references from Freitag et al. (2020), where small BLEU score changes can indicate tangible quality difference.
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Abstract
Retrieval-augmented generation models have
shown state-of-the-art performance across
many knowledge-intensive NLP tasks such as
open-domain question answering and fact ver-
ification. These models are trained to gener-
ate a final output given retrieved passages that
can be irrelevant to an input query, leading to
learning spurious cues or memorization. This
work introduces a method to incorporate evi-
dentiality of passages—whether a passage con-
tains correct evidence to support the output—
into training the generator. We introduce a
multi-task learning framework to jointly gen-
erate the final output and predict the eviden-
tiality of each passage. Furthermore, we in-
troduce a new task-agnostic method for obtain-
ing high-quality silver evidentiality labels, ad-
dressing the issues of gold evidentiality labels
being unavailable in most domains. Our exper-
iments on five datasets across three knowledge-
intensive tasks show that our new evidentiality-
guided generator significantly outperforms its
direct counterpart on all of them, and advances
the state of the art on three of them. Our anal-
ysis shows that the multi-task learning and sil-
ver evidentiality mining play key roles.1

1 Introduction

Knowledge-intensive tasks, including open-domain
Question Answering (QA) and fact verification, re-
quire evidence passages related to an input query
to be retrieved from a large collection of passages
(e.g., Wikipedia). Recently, most successful meth-
ods use retrieval-augmented generation (Lewis
et al., 2020c; Izacard and Grave, 2021b), which
is a pipeline approach of first training a retriever
model (Karpukhin et al., 2020) for retrieving pas-
sages and then independently training a generator
model (Lewis et al., 2020a; Raffel et al., 2020)
given the passages.

∗Work done in part while at the Allen Institute for AI
1Our code is available at https://github.com/

AkariAsai/evidentiality_qa.

question 1: The Fate of the Furious release date in india?

The Fate of the Furious 
The Fate of the Furious was released in the United States on April 14, 2017.

The Fate of the Furious 
The release across major markets such as Australia, the United Kingdom, 
China, and India, beginning on April 12, 2017.

answer: April 12, 2017 | prediction: April 14, 2017

claim: The first ‘fast and furious’ film was filmed in 2001.
gold class: REFUTE | prediction: SUPPORT

The Fast and the Furious (2001 film)
principal photography began in July 2000 and lasted until that October. 

The Fast and the Furious (2001 film)
Fast & Furious is a media franchise, and the first film was released in 2001

Open Question Answering (input x: question, output y: answer)

Fact verification (input x: claim, output y: classification label )

question 2: How many countries India share the border with?

India 
India is seventh largest country. 

Borders of India
India shares land borders with seven sovereign nations. 

answer: seven | prediction: seven

Figure 1: Examples where a trained generator ignores
the evidential passages (evidentiality-positive passages;
green rounded rectangles) and makes incorrect predic-
tions from passages that do not provide sufficient ev-
idence (evidentiality-negative passages; red rounded
rectangles). The highlighted part indicates the support-
ing evidence.

Ideally, a model should generate a correct answer
given the information presented in evidential pas-
sages (Lee et al., 2021) that correctly support the
answer and should not be distracted by other pas-
sages, even when they happen to contain a string
close to the gold answer. However, the disjoint
training process in the prior work disregards the ev-
identiality of passages, leading to generation mod-
els that ignore retrieved passages, leverage spurious
cues, and generate hallucinations when the context
is not evident (Longpre et al., 2021; Xu et al., 2021).
In particular, incorrectly-retrieved passages with
high lexical overlap to the query can mislead the
answer generator (the first example in Figure 1).
Adopting heuristics such as answer string match-
ing (Chen et al., 2017) to train a QA model with
passages containing the target strings can partially
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solve this problem for some QA tasks. Still, these
passages with answer strings might lack evidence
(the second example in Figure 1). What is more,
such heuristics cannot be applied for open-ended
generation or classification tasks (the third example
in Figure 1).

In this paper, we introduce a multi-task training
framework of answer generation and evidentiality
prediction, which is an auxiliary task to predict if
a passage provides evidence relevant to the task
(evidentiality-positive passages; green passages in
Figure 1) or not (evidentiality-negative passage;
red passages in Figure 1). Since most existing
datasets do not provide evidentiality labels, we in-
troduce a new task-agnostic approach for mining
silver evidentiality annotations.

Specifically, we train an evidentiality labeling
model that takes an input query, a gold output and
a single passage and predicts if the passage sup-
ports the gold output or not. After training, the
evidentiality labeling model predicts the silver evi-
dentiality labels of all of the passages used for the
multi-task training. To supervise this evidentiality
labeling, we use a combination of partially avail-
able gold passage annotations and data collected by
a novel leave-one-out generation approach. This
leverages a trained generator model and evaluates
the relevance of each passage to a query through
the correctness of the generated output when the
passage is removed from the pool of retrieved pas-
sages. Unlike prior multi-task learning work in
QA relying on available annotated data (Lee et al.,
2021; Nishida et al., 2019) or heuristics such as
answer string matching to label pseudo evidential-
ity (Fajcik et al., 2021), our approach is applicable
to diverse downstream tasks, where we cannot use
additional annotations or heuristics. Our evidential-
ity mining approach for high-quality silver labels
can be applied to diverse NLP tasks, and our auxil-
iary task has a new purpose of evaluating passage
evidentiality suitable for the open-retrieval.

We run experiments across representative
knowledge-intensive tasks: open-domain QA (Nat-
ural Questions Open; Kwiatkowski et al., 2019,
TriviaQA unfiltered; Joshi et al., 2017), fact
verification (FaVIQ Ambig; Park et al., 2021,
FEVER; Thorne et al., 2018) and knowledge-
enhanced dialogue (Wizard of Wikipedia; Dinan
et al., 2019). Our experiments show large perfor-
mance improvements across all datasets over the
direct counterpart, FiD (Izacard and Grave, 2021b).

Moreover, on the latter two tasks, our model outper-
forms all previously published models, advancing
state of the art on FaVIQ-Ambig, FEVER and Wiz-
ard of Wikipedia. Further human evaluations find
that the evidentiality labeling model yields 95%
accuracy, and often correctly identifies negative
passages spuriously containing answer strings. Our
analysis shows that both multi-task learning and
silver evidentiality mining contribute to the im-
provement, helping the generator learn to focus on
the more relevant passages.

2 Method

2.1 Overview

Problem. Knowledge-intensive tasks (e.g., open-
domain QA, fact checking) are designed to retrieve
evidence passages related to an input query x given
a large collection of passages such as Wikipedia.
Most successful previous work in this domain uses
a retrieval-augmented generation framework such
as Fusion-in-Decoder (FiD; Izacard and Grave,
2021b) that consists of two components: a re-
triever model R and a generator model G. The
retriever model R is trained to retrieve a set of
passages P = {p1, p2, . . . , pi, . . . , pN} with the
highest top N relevance score for each training
query x: P = R(x). The base generator model G
(Section 2.2) is then trained to generate the final
output y given an input query and the top retrieved
passages: y = G(x,P).

Our analysis (Appendix in Section A.1) shows
that a base generator G trained in this manner of-
ten generates the answers from passages ranked
high by the retriever, which are not necessarily the
correct evidence passages. Our goal is to build a
model that recognizes the evidentiality of each pas-
sage and generates answers based only on passages
that contain relevant evidence. We define passages
with evidence relevant to the task as positive and
passages without evidence as negative, even if they
happen to include some spurious cues a model can
exploit (e.g., a gold answer string for QA).

Method overview. Our method extends the
retrieval-augmented generation paradigm by im-
proving the generator G to generate answers from
passages with correct evidence. We train our
new evidentiality-guided generator G+ using a
multi-task learning framework, sketched in Fig-
ure 2. Specifically, given an input query x, we
combine the generation of the correct answer ŷ
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Encoder
Answer 

generator

Borders of India - en.wikipedia
India shares land borders with 
seven sovereign nations … 

How many countries 
india shares borders 
with?

India -  en.wikipedia
India is the seventh-largest 
country by population … 

seven

Evidentiality
Predictor 

seven

[Positive,
Negative]

Base generator

Positive Negative

Evidentiality-guided generator
Input query

Top passages P retrieved by   

Gold answer

Silver evidentiality:

:
Evidentiality 

Mining

Figure 2: Overview of our proposed framework. The components inside the blue rectangle is a base generator G
and our evidentiality-guided generator is the area inside the yellow rectangle. The straight arrows represent the
input-output flow, and the dashed arrows indicate the losses.

with the prediction of binary evidentiality labels
for each passage in P used for training: Ê ={ê1, ê2, . . . , êi, . . . , êN}.

It is challenging to obtain gold evidentiality
labels Ê for many tasks. Most datasets are cu-
rated with only query-answer annotations (x, ŷ), or
cover subsets of gold passages existing in the large
collection of passages, and considering those orig-
inal gold passages as only positive passages may
result in many false negative passages with correct
evidence. Therefore, we heuristically obtain silver
evidentiality data E

silver (§2.3) by training an ev-
identiality labeling modelM that assigns a silver
evidentiality label esilveri to each passage pi given
the query x and the gold output ŷ. In order to find
gold evidence passages to trainM, we introduce
a new approach to evaluate the relevance of pas-
sages in generating the correct answer by leaving
one passage at a time in answer generation (called
leave-one-out generation, sketched in Figure 3).
We mine new gold passages for the target task, and
train M using the mixture of partially available
gold evidence passage data and newly mined data.
After training, we runM on all the training data(x,P, ŷ) to obtain E

silver.
Finally, we describe auxiliary multi-task learn-

ing (sketched in Figure 2) using (x, ŷ) and the
newly mined silver evidentiality data E

silver in
Section 2.4. Our evidentiality-guided generator G+
learns to simultaneously predict the probabilities
of output sequences y and evidentiality for all of
the input passages E.

2.2 Base Generator G
We use FiD (Izacard and Grave, 2021b), a state-of-
the-art retrieval-augmented generation model, as
our base generator model G. We include a high-
level summary of the model for clarity, referring

the reader to Izacard and Grave (2021b) for more
details.

Encoder. We first encode the input query and pas-
sages using a pre-trained T5 (Raffel et al., 2020)
encoder. The input query x is prepended to each
passage, and the encoder encodes each of N pas-
sages independently. Formally, we transform pas-
sage pi into pi ∈ RL×h, where L is the input text
length and h is a hidden size.

Answer generator. P̃ is an input summary rep-
resentation, formed by concatenating p1, . . . ,pN .
The answer generator takes P̃ and outputs the final
answer autoregressively. Specifically, it outputs the
sequence probability for y as follows:

P (y∣x, P̃) = T

∏
j=1

p(yj∣y<j , x, P̃).
where yj denotes the jth token of the generated
output y and T is the length of the final output. The
generator is based on the T5 architecture and uses
cross attentions to model the interactions between
retrieved passages.

2.3 Mining Silver Evidentiality E
silver

As discussed above, evidentiality labels are unavail-
able in most of the datasets, and even in some
datasets with gold evidence annotations such as
Natural Questions (Kwiatkowski et al., 2019), it
only covers subsets of gold passages from cer-
tain articles. To overcome these limitations,
we introduce an evidentiality labeling modelM,
which computes the probability that a paragraph
pi contains evidence for an input x, given the
correct answer ŷ: p(esilveri ∣x, pi, ŷ). We use a
RoBERTa (Liu et al., 2019)-based binary classi-
fication model forM. This model is trained using
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gold evidentiality annotations when those are par-
tially available, or using labels obtained from a new
heuristic mining approach described below. Finally,
we use the trained evidentiality labeling model to
generate silver evidentiality labels for all of the
passages included in the training data.

Leave-one-out generation. To precisely iden-
tify gold passages with correct evidence when a
target dataset only has input-output annotations,
our leave-one-out generation approach (sketched in
Figure 3) leverages a trained base generator model
and uses its predictions to estimate the relevance
to the query of the passage. Specifically, we feed
an input query x and retrieved passages P to our
trained base generator for N times, where we mask
the ith passage in the ith iteration to evaluate if the
model can still generate the correct answer without
the information presented in ith passage. We con-
sider ith passage positive if the model fails to gen-
erate ŷ when and only when ith passage is masked.
We also consider ith passage negative if the model
succeeds in generating ŷ when and only when ith
passage is masked—this means that the ith pas-
sage confuses the model. This approach may not
find all of the gold evidence passages when there
are multiple gold passages in P or the answers are
memorized during fine-tuning of the base generator.
Yet, we found that we can mine a sufficient number
of high-quality gold passages using our approach
to quickly adapt the evidentiality labeling model
M to a new task. In our experiments, we combine
the gold evidentiality data (i.e., long answers) from
Natural Questions with task-specific leave-one-out
data to train a separate evidentiality modelM for
each task. See the details of the data mining for
each task in Appendix.

2.4 Multi-task Learning with E
silver

Our generator G+ shares a similar, T5-based
encoder-decoder architecture as the base generator,
but we have an additional decoder that is used for
the evidentiality prediction. We train G+ with a
multi-task objective given the originally available
data (x,P, ŷ) and newly mined E

silver.

Evidentiality predictor. The evidentiality pre-
dictor predicts the evidentiality of each passage.
Similarly to the answer generator, we use the T5 de-
coder architecture for the classifier. Our evidential-
ity predictor generates the evidentiality ei given en-
coded passage representation pi: p(ei∣q,pi). The

x: how many countries india shares borders with?

Borders of India - en.wikipedia
India shares land borders with seven sovereign nations

India -  en.wikipedia
It is the seventh-largest by area, the second by population.

India -  en.wikipedia
With seven of the world's top 15 IT companies … 

y: seven

x mask

P2

P3

x maskP1 P3

x maskP1

P2 15

seven

seven

Base 
Generator P1

= 
Positive

Figure 3: Overview and examples of our leave-one-out
generation to find new positive and negative examples.
We mask (remove) one passage at each iteration.

evidentiality predictor in G+ has a much harder
problem than the evidentiality modelM from the
previous section:M has access to the gold answer
ŷ, while G+ does not. Intuitively, we can get rea-
sonably accurate evidentiality labels fromM using
the gold answer, then force G+ to predict those la-
bels without access to the gold answer, in order
to teach the encoder of G+ to better determine the
relationship between x and pi.

Multi-task training. We conduct multi-task
training of generation and evidentiality prediction.
In particular, our framework minimizes a multi-task
objective below:

L = Lgen + λLclass, (1)

where λ is a weighting parameter to balance the
two objectives and would be tuned. In Eq. (1), Lgen
is formulated as follows:

Lgen = −
T

∑
j

log p(ŷj∣y<j , q, P̃), (2)

where ŷj denotes the jth token of the annotated
gold answer ŷ. Similarly, evidentiality prediction
objective Lclass can be written as follows:

Lclass = −
N

∑
i

log p(esilveri ∣q, pi). (3)

Note that this probability is computed by a T5 de-
coder as a common practice (Raffel et al., 2020);
even though esilveri ∈ {positive, negative}, the
probability is normalized over T5’s entire output
vocabulary.2

2We also tried to fine-tune a simple binary classification
model using additional output layer on the top of T5 en-
coder. We found that this model performs much worse than
T5-decoder-based classification model.
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Dataset & Task # of examples evaluation Top-20 recall
train dev test metric (%)

1. Open-domain QA
Natural Questions Open (Kwiatkowski et al., 2019) 79,168 8,757 3,610 EM 82.1
TriviaQA unfiltered (Joshi et al., 2017) 78,785 8,837 11,313 EM 75.2
2. Fact Verification

FEVER (Thorne et al., 2018) 104,966 10,444 10,100 Accuracy 98.1
FaVIQ-Ambig (A) (Park et al., 2021) 17,008 4,260 4,688 Accuracy 100.0
3. Knowledge-enhanced Dialogue

Wizard of Wikipedia (Dinan et al., 2019) 63,734 3,054 2,944 F1 96.2

Table 1: Dataset statistics. We experiment with three diverse knowledge-intensive NLP tasks across six datasets.
“Top 20 recall” calculates if any of the top 20 passages include the answer strings (for open-domain QA datasets
and FaVIQ-A) or comes from the provenance article (for FEVER and Wizard of Wikipedia) in the development
set. FEVER and Wizard of Wikipedia are based on the KILT (Petroni et al., 2021) version.

3 Experimental Setups

We experiment on three knowledge-intensive tasks:
open-domain QA, fact verification, and knowledge-
enhanced dialogue. Statistics for each dataset are
provided in Table 1.

3.1 Tasks, Datasets, and Metrics
Open-domain QA. We use Natural Questions
Open (Kwiatkowski et al., 2019) and TriviaQA-
unfiltered (Joshi et al., 2017) to evaluate our
method on open-domain QA. Natural Questions
consists of questions, long answers (e.g., gold ev-
idence passages) and short answers (e.g., spans
in the long answers), and the open-domain QA
version is created by discarding questions that
only have long answers or short answers whose
length is longer than five tokens (Lee et al., 2019).
TriviaQA-unfiltered (Joshi et al., 2017) includes un-
filtered 110K Trivia question and answer pairs. For
both of the datasets, we use publicly available DPR
retrieval results for training and inference data,3

and do not further fine-tune retrievers. Only the
Natural Questions dataset has gold passage anno-
tations and we use the gold passage annotations
to train the evidentiality labeling modelM only.
Following prior work (Lee et al., 2019), we use
Exact Match (EM) as our primary metric.

Fact verification. We use FaVIQ Ambig
(FaVIQ-A; Park et al. 2021) and FEVER (Thorne
et al., 2018) via the KILT benchmark (Petroni et al.,
2021) to evaluate our method on fact verification.
FaVIQ-A is created from an information-seeking
QA dataset, AmbigQA (Min et al., 2020) to
pose realistic fact verification queries. We use
the baseline code provided by the authors of the

3github.com/facebookresearch/DPR

FaVIQ dataset and KILT. We use accuracy as our
evaluation metric.

Knowledge-enhanced dialogue. We use Wiz-
ard of Wikipedia (WoW; Dinan et al. 2019) to eval-
uate our method on knowledge-enhanced dialogue.
We use the officially available KILT DPR baseline
codes (Petroni et al., 2021)4 to obtain passages and
evaluate downstream F1 score.

3.2 Baselines

We use FiD (Izacard and Grave, 2021b) as our pri-
mary baseline using their official implementation.5

In addition, we report results from the best pub-
lished, publicly available generator models for each
dataset including RAG (Lewis et al., 2020b) and
DPR + BART (Petroni et al., 2021). For FEVER
and WoW, we also compare our method with the
published models on the KILT leaderboard.6

3.3 Hyper parameters

Due to the computational budget, we use T5’s base-
size models throughout our experiments for our
evidentiality-guided generator. For our evidential-
ity labeling model M, we use a RoBERTa (Liu
et al., 2019)-base binary classification model. If
not specified, we use the top 20 passages during
training and inference, which also reduces the com-
putational times from the original FiD model that
uses top 100 passages. We train the models for
120k steps using 8 GPUs with 24 GB memory and
take the checkpoint that achieves the highest score
on the development set. The batch size is set to 1

4github.com/facebookresearch/KILT/
blob/main/kilt/retrievers/README.md

5github.com/facebookresearch/FiD
6ai.facebook.com/tools/kilt/
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Models NQ EM TQA EM
dev test dev test

RAG (large) – 44.5 – 56.8
FiD (base) 46.9 48.3 67.1 67.2
Ours(base) 47.8 49.8 67.7 67.8
R2D2 (large*) – 55.0 – 69.9

(a)

Models FaVIQ-A FEVER
dev test dev test

DPR+BART (large) 66.9 64.9 88.1 86.7
DPR+BART (base) 60.2 – – –
RAG (large) – – 87.7 86.3
FiD (base) 67.8 64.3 89.5 –
Ours (base) 69.6 65.7 89.8 88.5

(b)

WoW
Models dev test

DPR+BART (large) 15.5 15.2
RAG (large) 13.8 13.1
FiD (base) 16.9 –
Ours (base) 17.9 17.3

(c)

Table 2: Main Results. “base” and “large” denote the base generator model sizes (e.g., T5-large, BART-base). (a)
Performance on Natural Questions Open and TriviaQA unfiltered. “NQ” denotes Natural Questions Open, “TQA”
denotes TriviaQA unfiltered. The state-of-the-art model is R2D2 from Fajcik et al. (2021), which has 1.29 billion
parameters (more than twice more parameters than our model), consisting of a ranker and two reader models with
ELECTRA (Clark et al., 2020)-large and T5-large. (b) Performance on FaVIQ-A and FEVER. Previous best model
is DPR+BART (large) from Park et al. (2021) and Petroni et al. (2021) on FaVIQ-A and FEVER, respectively. (c)
Performance on Wizard of Wikipedia (WoW). The best published model on the development set is DPR+BART
(large) from Petroni et al. (2021). Test set results of WoW and FeVER are based on the leaderboard results at the
time of the paper submission (January, 2022).

and to imitate the larger batch size, we set the gra-
dient accumulation step to be 4. The learning rate
is set to 10

−5 and the number of warm-up steps is
1000. We set λ to be 0.5 for open-domain QA and
dialogue, and 0.1 for fact verification. See more
details in Appendix.

4 Results and Analysis

Our approach significantly improves over its direct
counterpart on all datasets, and outperforms all
prior published results on FaVIQ-A, FEVER and
WoW, advancing their state-of-the-art performance.

4.1 Task Results

Open-domain QA. Table 2a shows experimen-
tal results on the two open-domain QA datasets.
On Natural Questions Open, we improve the per-
formance over FiD by 1.5 EM score. We observe
performance improvements over FiD on TriviaQA
as well. It should be noted that on open-domain
QA, most of the recent models (e.g., Fajcik et al.,
2021) contain a few times more parameters than
our model or use improved retrievers (Izacard and
Grave, 2021a), both of which are beyond our com-
putational budgets. Our results represent state-of-
the-art performance for models with access to sim-
ilar computational resources, and our contributions
should be complementary to work focusing on im-
proving retrieval components.

Fact verification. Table 2b shows the experimen-
tal results on FaVIQ-A and FEVER. In addition to
the original paper’s baseline, we have fine-tuned
a BART-base baseline using their original public
codebase (DPR+BART (base)) for a fair compari-

son.7 Our model significantly outperforms the prior
best model, DPR+BART (large), on FaVIQ-A by a
large margin. Our model also significantly outper-
forms FiD on FaVIQ by 1.8% on the development
set and 1.4% on the test set, yielding state-of-the-
art performance on this dataset. Our evidentiality-
guided generator also outperforms other models on
FEVER. On the FEVER hidden test set,8 our model
yields 88.5% down-stream accuracy and ranks sec-
ond among all submissions, outperforming all of
prior published work (Maillard et al., 2021; Petroni
et al., 2021; Lewis et al., 2020b).

Knowledge-enhanced dialogue. Table 2c
shows the experimental results on the Wizard of
Wikipedia dataset. Our model outperforms prior
work using larger base models and improves the
F1 score from the base FiD model by 1.0. On the
test set,9 our model yields 17.3 F1, outperforms all
other published work and ranks fourth among all
submissions (the top three are unpublished).

4.2 Analysis

4.2.1 Ablation Study
We study the impact of different components of our
method by comparing the full method with other
variants.
- Multi-task does not use our multi-task objective
and only trains with Lgen, which is theoretically
equivalent to FiD.

7github.com/faviq/faviq
8eval.ai/web/challenges/

challenge-page/689/leaderboard/1899
9eval.ai/web/challenges/

challenge-page/689/leaderboard/1909
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Models NQ FaVIQ-A WoW
Metric EM Acc F1

Ours 47.9 69.6 17.9
- multi-task 46.9 67.8 16.9
- Esilver mining 47.3 69.1* 18.0*
- LOO-gen. 47.6 69.2 17.7

Table 3: Ablation results. All results are based on the
performance on development set of the three datasets.
“NQ” denotes Natural Questions Open and “WoW” de-
notes Wizard of Wikipedia. ∗ in the FaVIQ-A and
WoW columns indicate that a model is trained with
additional metadata our evidentiality-guided generator
does not use during training.

- Esilver mining uses the multi-task training but
does not use our method to find evidentiality silver
labels. Instead, it relies on task-specific heuristics
(e.g. string match) that have been used by prior
work (Chen et al., 2017). For WoW and FaVIQ-
A, where we cannot locate gold answers in the
retrieved context to label evidentiality, we use ad-
ditional meta-data such as gold Wikipedia article
titles available in the original datasets (Petroni et al.,
2021). It should be noted that that additional meta-
data is often unavailable in most of the datasets, and
this variant for WoW and FaVIQ can be considered
as a ground-truth setting. See more details in Ap-
pendix. Moreover, relying on this dataset-specific
metadata limits models’ applicability to wider NLP
datasets and tasks. Note that our method does not
use this additional metadata, so this variant can get
higher numbers than our model.
- LOO-gen. uses the multi-task training but re-
moves our leave-one-out-generation strategy for
collecting evidentiality labels. It only incorporates
the first step of training the evidentiality model over
Natural Questions only.

Table 3 reports the ablation results. There is a
clear drop when removing the multi-task auxiliary
learning, especially on FaVIQ-A, where a model
needs to precisely assess the evidence and reason,
without being distracted by a simple lexical over-
lap (Park et al., 2021). Removing E

silver mining
drops the performance on all of the three datasets,
indicating the effect of mining evidentiality la-
bels, instead of relying on string matching heuris-
tics. Note that especially on FaVIQ-A or WoW,
this “-Esilver mining” uses oracle gold annotations,
which are not used by ours. By removing the ne-
cessity of having access to task-specific heuristics
or those additional annotation, our method is easily

e
silver

ê %

pos pos 95
pos neg 5
neg pos 4
neg neg 96

(a)

(category) relevance %

(1) p+G > pG 43
(2) p+G < pG 14
(3) p+G = pG = 0 29
(4) p+G = pG = 1 14

(b)

Table 4: (a) Human analysis over evidentiality positive
and negative labels obtained by our method. e

silver

denotes predictions made byM while ê denotes the ev-
identiality labeled by human annotators. pos denotes
evidentiality-positive while neg denotes evidentiality
negative. (b) Qualitative evaluation of G and G+. pG
and p+G denotes the relevance between the input and the
passages most attended by G and G+, respectively.

applicable to a task or a new dataset. Finally,
the performance drop when removing LOO-gen.
shows the impact of our leave-one-out approach
in collecting evidentiality labels for target tasks to
trainM.

4.2.2 Evaluating Evidentiality Labels
Table 4a shows human analysis over evidential-
ity positive and negative labels obtained by our
method over randomly selected samples. In par-
ticular, we randomly sample 50 Natural Questions
development questions and sample 2 positive pas-
sages and 2 negative passages (if applicable) with
answer strings for each question. The authors man-
ually analyze (i) if the positive passages actually
provide sufficient evidence to answer, and (ii) if
the negative passages actually do not provide suf-
ficient evidence to answer, despite the existence
of the gold answer strings. We found that in 95%
of the mined positive passages provide sufficient
evidence to answer, while only 4% of the negative
passages do not; in other words, the predictions are
correct 95% of the positive passages and 96% of
the negative passages.

4.2.3 Qualitative evaluation of G and G+

We conduct a systematic qualitative analysis on the
FaVIQ-A predictions made by a base generator G
and our evidentiality-guided generator G+. We
study the claims in the evaluation set that G and G+
provide different prediction classes (793 out of the
total 4,260 claims). We observe G+ provides the
correct labels in 54% of these cases. We further fil-
ter out the cases where the two models provide the
highest attention scores to similar passages, leading
to 192 claims. The authors of this paper manually
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inspect all of those 192 claims and classify them
into four categories: (1) G+ attends to a more rel-
evant passage (p+G > pG), (2) G attends to a more
relevant passage (p+G < pG ), (3) the models attend
to equally-irrelevant passages (p+G = pG = 0), (4)
both of them attend to equally-relevant passages
(p+G = pG = 1). The Table 4b (b) results show that
G+ attends to the passages that are more relevant to
the input claims. After further inspection, we found
that G sometimes generates the right class, even if
it gives the highest attention to a less relevant pas-
sage, explaining a smaller accuracy gap between
the two models. This probably happens due to the
nature of the task (e.g., two-way classification). We
show some examples in Table 9 in the Appendix.

4.2.4 Performance on Hard Subsets
We automatically collect challenging instances
from FaVIQ-A and Trivia QA development set,
to see if there is an even more notable gap between
G and G+ on those harder examples. To this end,
we feed the top one retrieved passages with the
input queries to the two generators and label ques-
tions that both models can answer correctly given
top passages only easy, otherwise hard.

Table 5 shows the models’ performance on the
easy and hard subsets. In FaVIQ-A, the perfor-
mance gap between two models on the harder sub-
set is larger than the gap on the easy subset (i.e.,
1.7 % v.s. 1.1% accuracy gap). Interestingly on
FaVIQ-A, both models show somewhat low perfor-
mance on the easy subset, where two models orig-
inally succeed to answer correctly given a single
passage only. This is probably because the models
are distracted by other passages when questions are
actually simple and can be answered by top pas-
sages. On the other hand, the full accuracy of these
top one passage only-variants is low (Ours: 54.7
% accuracy, FiD: 53.4%), suggesting the effective-
ness of reading more passages. On the TriviaQA
easy subset, both models show nearly 95% EM,
showing little performance gap between the two
models, while there is a notable performance gap
between the two models on the hard subset. These
results indicate that our method is more effective
on harder examples that require carefully assessing
and reasoning the passages beyond the top one.

5 Related Work

Retrieval-augmented generation. Retrieval-
augmented generators leverage retrievers such
as Dense Passage Retriever (Karpukhin et al.,

dataset FaVIQ-A (Acc.) TQA (EM)
split(#) easy(1.7k) hard(2.5k) easy(4.0k) hard(8.8k)

FiD 74.5 62.9 94.8 37.1
Ours 75.6 64.6 94.8 36.0

Table 5: Performance on easy and hard subsets of
FaVIQ-A and TriviaQA (TQA), decided by top one
only models’ predictions. The numbers inside paren-
thesis show the number of the examples included in the
easy and hard subsets.

2020) or BM25 (Robertson and Zaragoza, 2009)
to find evidence from many passages, and feed
those retrieved passages with the original query
to competitive pre-trained generators such as
BART (Lewis et al., 2020b) and T5 (Brown
et al., 2020). They achieve competitive perfor-
mance across different knowledge-intensive NLP
tasks (Izacard and Grave, 2021b; Glass et al.,
2021; Paranjape et al., 2021; Park et al., 2021;
Borgeaud et al., 2021). Recent work improves
the retrieval component (Paranjape et al., 2021;
Maillard et al., 2021) or introduces another
passage re-ranking modules (Fajcik et al., 2021)
for further improvements. Our work focuses
on improving the generator component, which
has been underexplored in the literature. Our
work is complementary to those prior work
focusing on improving the retrieval components of
retrieval-augmented generation.

Unsupervised evidence selection for multi-hop
QA. Recently, Lee et al. (2021) introduce
evidentiality-guided training for multi-hop ques-
tion answering such as HotpotQA (Yang et al.,
2018), which mines evidence sentences by adding
or removing them to create counterfactual cases,
and train a QA model with a regularization term to
avoid overconfidence on negative passages. Re-
cent work (Nishida et al., 2019; Fajcik et al., 2021)
introduces multi-task learning of answer genera-
tion and evidence selection in the area of multi-hop
QA or open-domain QA, but these approaches of-
ten rely on evidence annotations or heuristics (e.g.,
answer string matching) for supervising multi-task
loss, which is unavailable in most of the datasets
and tasks such as knowledge-enhanced dialogue
or fact verification. Several prior work attempts to
learn to find evidence sentences in unsupervised
manners in multi-hop QA (Chen et al., 2019; Yadav
et al., 2019; Perez et al., 2020), whereas our work
uses evidentiality to improve the generator compo-
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nents via multi-task training for diverse knowledge-
intensive tasks, going beyond QA alone.

Entailment-based approaches to improve QA.
Assessing evidentiality of a passage given a ques-
tion and a final output can be framed as an entail-
ment task. Using entailment models to enhance the
performance of QA tasks has been extensively stud-
ied (Harabagiu and Hickl, 2006; Sacaleanu et al.,
2008; Abacha and Demner-Fushman, 2019; Trivedi
et al., 2019). Iyer et al. (2021) introduce an NLI-
based reranker to improve open-domain QA per-
formance, and Chen et al. (2021) use NLI models
to calibrate the answer reliability. They focus on
improving the final answers, while we incorporate
evidentiality more directly into the base model.

6 Conclusion

Augmenting pre-trained generation models with
retrievers has shown to be effective in many
knowledge-intensive tasks; however, they often
rely on spurious cues or generate hallucinations
during inference. We introduce a multi-task learn-
ing objective the combines answer generation and
evidentiality prediction. We propose task-agnostic
data mining techniques to obtain silver evidentiality
labels to enable this auxiliary training. Our experi-
ments across five datasets show large performance
improvements over baselines and our evidentiality-
guided generator advances the state-of-the-art per-
formance on FaVIQ-Ambig, FEVER and WoW.
Our analysis shows that multi-task learning and
silver evidentiality mining both contribute to the
performance improvements by helping the model
learn to focus on and generate answers from more
relevant passages.

Broader Impact and Ethical Implications

Retrieval-augmented generation models have
shown state-of-the-art performance in a range of
knowledge-intensive NLP tasks such as QA, fact
verification, dialogue and long-form QA. However,
prior work found that they often hallucinate (Xu
et al., 2021) or are easily distracted by irrelevant
evidence (Longpre et al., 2021). Those issue can
cause serious risks especially when those technolo-
gies are applied to certain domains such as health
care or politics. This work aims at solving those
challenges and experimental results show that our
proposed approach improves the performance in
diverse downstream applications, learning to focus

on more relevant passages than the original base-
line. Although our model can still cause generation
errors, our evidentiality predictor now provides
predictions of evidentiality labels, which help prac-
titioners understand the models’ behavior. We have
released our code and trained models so that follow-
up work can reproduce and improve our method.
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Appendix

A Preliminary Experiments and Analysis

A.1 Analysis on a Base Generator G
Error analysis. We conduct a detailed error anal-
ysis on the base generator, FiD. We manually an-
alyzed 50 errors in the Natural Questions devel-
opment set to understand what causes the errors.
Although 23 errors are due to the annotation er-
rors (e.g., correct answer aliases are not covered
by the original data; questions are highly ambigu-
ous as pointed by Min et al. 2020; Asai and Choi
2021), we found that the model often succeeds in
retrieving the right evidence but fails to generate
the answers based on the passages with supporting
evidence. We show the top attended passages for
sampled questions in Table 6. Although those pas-
sages have high lexical overlap with the questions,
they are often irrelevant or about the different en-
tities in the same genre (e.g., last name, movie).
Yet, during training, the model is only given the
final output supervision signal, making it difficult
to distinguish the passages with sufficient evidence
to answer from the ones without evidence.

Memorization issues. We also found that when
the retrieved passages are not evident the model
more often generates incorrect answers memorized
during training, without carefully accessing the
context. In the questions where FiD fails to gen-
erate the correct answers, more than 5% of the
answers are not sub-spans of any of the retrieved
passages, while in the questions FiD succeeds to an-
swer 99.5% of the answers are copied from the pas-
sages. Moreover, in the success cases, the predicted
answers are the sub-spans of the top 10 passages
in 96% of the cases, while in the error cases, only
79% of the predicted answers are copied from the
top 10 passages. Those findings are consistent with
the ones observed by Xu et al. (2021). Recently,
Longpre et al. (2021) found that the generative QA
models often generate the answers memorized dur-
ing fine-tuning, when they observe more unreliable
passages during training.

A.2 Evidentiality Negative Passages among
Top Retrieved Passages

We manually analyze 20 sampled Natural Ques-
tions training questions where at least of one of
the top 3 passages retrieved by DPR include the
annotated gold answers, to see if including an-
swer strings entails evidentiality. Labeling pas-

sages with answer strings positive have been com-
monly used in open-domain QA (Chen et al., 2017;
Karpukhin et al., 2020), but prior work found that
those passages are often spurious (Min et al., 2019).
We found that in 30% of the cases, the passages
with answer strings do not actually provide evi-
dence to answer the input questions. We shows
the examples in Table 7. Training a model with
distantly supervised approaches have been widely
used in open-domain QA, but particularly in the
current retrieved-augmented training schema, this
approach can cause huge learning noises. It also
should be noted that those passages are all from top
3 retrieved results, which are expected to be highly
related to the input queries.

B Details aboutM and Resulting E
silver

B.1 Lack of the Gold Evidentiality Labels

Most datasets and tasks only include query-answer(x, ŷ) annotations and do not include evidential-
ity labels Ê for passages P. Some datasets with
gold evidence annotation, such as Natural Ques-
tions, cover subsets of gold passages from cer-
tain Wikipedia articles, whereas P possibly in-
cludes unlabeled gold passages from another article.
Where gold annotations are not available, a com-
mon heuristic is to use the answer string as distant
supervision (Mintz et al., 2009), labeling all pas-
sages that include the answer string as evidentiality
positive. This heuristic can create false-positive
annotations—for instance, p2 in Figure 2 includes
the answer string “seven” but is irrelevant to the
input query. Not only being noisy, this heuristic
cannot be used for open-ended generation or an-
swer classification such as knowledge-enhanced
dialogue and fact verification.

B.2 Task-specific Details for Leave-one-out
Generation

Open-domain QA. To collect new positive and
negative data using leave-one-out generation, we
consider top 20 passages retrieved for all of the
original training data queries, and then split 20
passages into two ten-passage chunks. We then
run a trained FiD model for 10 times, masking
ith passage at the ith iteration. We consider ith
passage pi positive when and only when FiD fails
to generate the correct answer when ith passage is
masked. We also consider pi (hard-)negative when
and only when FiD succeeds to answer correctly
when ith passage is masked, as we assume that the
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Q: who played mary in christmas with the kranks
A: Felicity Huffman
Christmas with the Kranks: Christmas with the Kranks Christmas with the Kranks is a 2004
American Christmas comedy film based on the 2001 novel “Skipping Christmas” by John Grisham.
It was directed by Joe Roth and written and produced by Chris Columbus. It stars Tim Allen and
Jamie Lee Curtis as a couple who decide to skip Christmas one year since their daughter is away,
much to the chagrin of their neighbors. .

Q: hyori bed and breakfast season 2 air date
A: February 4, 2018
Queen Sugar: On March 11, 2016, it was announced that Marycarmen Lopez also was cast as
regular. On August 1, 2016, the series was renewed for a second season ahead of its television
premiere which aired in a two-night premiere on June 20 and June 21, 2017. The second season
premiered on OWN in a two episode special on June 20 and 21, 2017. The show was renewed for a
third season on July 26, 2017. The third season premiered in a two-night special on May 29 and
May 30, 2018. On August 8, 2018, the series.

Q: where does the last name waters come from
A: Wales and Yorkshire
Bywater (surname): Bywater (surname) Bywater is an uncommon English surname of

Anglo-Saxon origin and can most frequently be found in the English region of Yorkshire. It is a
topographical surname given to those who were situated near a body of water. Bywater is an
uncommon surname of Anglo-Saxon origin. The name derives from the merger of the Old English
words “bi” and “waeter” to form “biwaeter”. Topographical surnames are among the earliest created,
because natural and artificial features in the.

Q: who was last person to be executed in us
A: Ruben Cardenas Ramirez
Billy Bailey: He became only the third person to be hanged in the United States since 1965 (the

previous two were Charles Rodman Campbell and Westley Allan Dodd, both in Washington) and the
first person hanged in Delaware in 50 years. As of 2018, he remains the last person to be
executed by hanging in the United States.

Q: what is the largest ethnic group in mexico today
A: K’iche’
Mexican-American middle class: the Latino/a population of the United States is the nation’s

largest racial/ethnic minority group, constituting 17.6 percent of the total population. At two thirds
of the Latino/a ethnic category, Mexicans are by far the largest national origin group. .

Table 6: Examples of the top attended spurious passages in the questions where the base generator G failed to
generate the correct answers. The underlined phrases contradict the input queries, while those passages generally
have high lexical overlap with the given input queries.

ith passage can be highly distracting or confusing,
misleading the generator.

Fact verification. As fact verification is a classi-
fication task, using the same methodology as open-

domain QA may not be desirable—when we run
a model ten times, it is likely to predict both cor-
rect and incorrect classes for multiple times, and
we may not be able to mine the useful positive
and negative passages. For the two fact verifica-
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Q: who is in charge of enforcing the pendleton act of 1883
A: United States Civil Service Commission
1. Pendleton Civil Service Reform Act: Pendleton Civil Service Reform Act The Pendleton Civil
Service Reform Act (ch. 27, ) is a United States federal law enacted in 1883 that mandated that
positions within the federal government should be awarded on the basis of merit.
2. United States Civil Service Commission: The Pendleton law was passed in part due to public

outcry over the assassination of President Garfield.
3. Pendleton Civil Service Reform Act: The Act was written by Dorman Bridgman Eaton, a
staunch opponent of the patronage system who was later first chairman of the United States Civil
Service Commission.

Q: who plays skyler on lab rats elite force
A: Paris Berelc
1. Lab Rats: Elite Force: The series is a combined spinoff of “Lab Rats” and “Mighty Med” and
stars William Brent, Bradley Steven Perry, Jake Short, Paris Berelc, and Kelli Berglund.
2. Lab Rats: Elite Force: Elite Force is an American comedy television series created by Chris

Peterson and Bryan Moore that aired on Disney XD from March 2 to October 22, 2016. ... stars
William Brent, Bradley Steven Perry, Jake Short, Paris Berelc, and Kelli Berglund.
3. Lab Rats: Elite Force: On September 3, 2015, it was announced that “Lab Rats” and “Mighty
Med” would have a joint spinoff series called “Lab Rats: Elite Force”. Only William Brent, formerly
credited as Billy Unger, and Kelli Berglund from “Lab Rats” and Bradley Steven Perry, Jake Short,
and Paris Berelc from “Mighty Med” were announced as returning for the new spinoff series. .

Q: who developed the first periodic table with 8 columns
A: Dmitri Mendeleev
1. Periodic table: In 1923, Deming, an American chemist, published short (Mendeleev style) and
medium (18-column) form periodic tables. Merck and Company prepared a handout form of
Deming’s 18-column medium table, in 1928, which was widely circulated in American schools.
2. History of the periodic table: their decision by saying that such “’theoretical” topics might be

controversial. The importance of Newlands’ analysis was eventually recognised by the Chemistry
Society with a Gold Medal five years after they recognised Mendeleev’s work.
3. History of the periodic table: the work of Dmitri Mendeleev had been published. In 1864, the
English chemist John Newlands classified the sixty-two known elements into eight groups, based on
their physical properties. Newlands noted that many pairs of similar elements existed, which differed
by some multiple of eight in mass number, and was the first to assign them an atomic number.

Table 7: Examples of the top three passages retrieved by a trained R (DPR). We make the phrases matching the
gold answers bold in the retrieved passages.

tion datasets, we consider the top 10 passages and
we split them into two five-passage chunks. We
consider the ith passage as a positive passage if
the predictions based on the passage collections in-
cluding ith passage unanimously agree on correct
prediction whereas it fails to generate the correct
class when ith passage is masked. We consider
the ith passage as a negative passage when (i) the
model succeeds to answer when and only when ith
passage is masked, and (ii) the predictions unani-
mously agree on incorrect classes, which indicates

all of the passages do not support the input claim.

Knowledge-enhanced dialogue. Unlike open-
domain QA or fact verification, the final output of
a dialogue system can be highly open-ended. For
dialogue, we compare the average F1 score of the
generated responses when ith passage is included
and masked. If the average F1 when pi is presented
is higher by more than 0.1 than the F1 when pi is
masked, we consider pi provides useful evidence to
generate the correct response, and therefore mark
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Task: Fact Verification

Claim1: jimmy perry had a cameo for the role of charlie cheeseman in dad’s army.
Label1: SUPPORTS
Jimmy Perry: Despite the doubts, the first episode was screened on 31 July 1968, with Perry
making a cameo appearance as the entertainer Charlie Cheeseman in the sixth episode, "Shooting
Pains".
Claim2: John Glenn was a military test pilot.
Label2: SUPPORTS
John Glenn: Glenn’s first flight test assignment, testing the FJ-3 Fury, nearly killed him when its
cockpit depressurized and its oxygen system failed.

Task: Knowledge-enhanced Dialogue

Contexts1: Purple is such a good color.
Response1: yep, its in between red and blue
Purple: Purple is a color intermediate between blue and red. It is similar to violet, but unlike violet,
which is a spectral color with its own wavelength on the visible spectrum of light, purple is a
secondary color made by combining red and blue.
Contexts2: I was a really good skateboarder when i was young, its an action sport which involves
riding and performing tricks, have you used a skateboard ::: i tried wjhen i was younger but i failed
horribly!haha ::: hah, yes its really hard, first skateboards started with wooden boxes with wheels
attached to the bottom, it was an invention from the people ::: i think i would have done alot better
on a box with wheels! lol thats so cool. when was the first one invented?
Response2: in the early 1900’s it started, now there are 11.08 million active skateboarders in the
world!
Electric skateboard: An electric skateboard is a personal transporter based on a skateboard. The
speed is controlled by a hand-held throttle or weight-shifting and the direction of travel is adjusted
by tilting the board to one side or the other. The MotoBoard, which was gasoline-powered was
released in the summer of 1975, but were banned in California due to their noise and pollution in
1997. Louie Finkle of Seal Beach, California is often cited as an originator of the modern electric
skateboard, offering his first wireless electric skateboard .

Table 8: Examples of the positive examples newly mined by leave-one-out generation approach. “:::” in the
contexts for the knowledge-enhanced dialogue example indicates the change of the speakers.

pi positive. On the contrary, when the average F1
when pi is presented is lower by more than 0.1 than
the score when pi is masked, we believe pi can be
highly distracting, and thus we mark pi negative.
As in fact verification, we use the top 10 passages
and split them into two five-passage chunks.

B.3 Implementation Details of Evidentiality
Labeling Model

We use PyTorch (Paszke et al., 2019) via Hugging-
Face transformers RoBERTA (Liu et al., 2019)
implementation.10 We tune our model from
RoBERTa-base. We optimize the objective func-

10github.com/huggingface/transformers

tion using Adam (Kingma and Ba, 2015) with learn-
ing rate 2 × 10

−5 . We lowercase the input and set
the maximum sequence length to 350. We train the
model for 7 epochs. Per GPU batch size is 12 and
we use 8 GPUs with 24 GB memory.

Training data. We mine new training data for
each task using our leave-one-out generation ap-
proach and mix the data with Natural Ques-
tions (Kwiatkowski et al., 2019). For Natural
Questions data, as human annotators annotate
long-answer, from which final minimal an-
swers are extracted, we assume that those human-
annotated long answers are evidentiality-positive
passages, while the other passages included in
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Q: How many countries india 
shares borders with?
 A: seven

Borders of India 
India shares land borders with seven 
sovereign nations … 

Question (Q) & Answer (A) Evidentiality-Positive Passage

India
India is the seventh-largest country by area, the 
second-most populous country.

Evidentiality-Negative Passage

Q: who played ice queen in 
chronicles of narnia
 A: Tilda Swinton

Tilda Swinton
Tilda Swinton is a British actress. She is 
also known for her performance as the 
White Witch in the "Chronicles of Narnia 
series" (2005–10).

The Chronicles of Narnia: Prince Caspian
The Chronicles of Narnia: Prince Caspian is a 
2008 American high fantasy film …William 
Moseley… Tilda Swinton reprise their roles from 
the first film

Q: Season 2 this is us number 
of episodes
 A: 15

19-2 (2014 TV series)
The first season originally aired from 
January 29 to April 2, 2014, while the 
second season aired from January 19 to 
March 23, 2015

Q: What is the first book of 
percy jackson
 A: The Lightning Thief

Camp Half-Blood Chronicles
The Lightning Thief is the first book in the 
Percy Jackson and the Olympians series. It 
features Percy Jackson.

The Sea of Monsters
It is the second novel in the "Percy 
Jackson & the Olympians" series and the 
sequel to "The Lightning Thief".

Quantico (season 2)
Quantico (season 2) The second season of 
American drama thriller series "Quantico" 
premiered on September 25, 2016, and 
concluded on May 15, 2017.

Camp Half-Blood Chronicles
termed Book 8 in the Percy Jackson series by Amazon or the publisher. The British edition 
was published by Puffin Books in March as "Percy Jackson: The Ultimate Guide". "The 
Lightning Thief Graphic Novel" is an adaptation of "The Lightning Thief" into

Figure 4: Examples of newly mined evidentiality examples for Natural Questions.

the same article and are not included in the long
answers negative. We first collect all of the
long-answer passages from Natural Questions
training data, and randomly sample two negative
passages per questions with long-answer an-
notations. We discard the examples where long
answers are list or table elements. Consequently,
we obtain 250k training samples, and we use 90%
of the data as our training data and the remaining
10% of the data as our development set.

B.4 Examples of the Passages Mined by
Leave-one-out Generation

Table 8 present several positive passages mined by
leave-one-out generation approach. The positive
passages for the open-domain QA and fact verifi-
cation tasks clearly present the evidence leading to
the gold answers (the highlighted sentences). Also
in the first example of the knowledge-enhanced di-
alogue, the model finds a positive passage, which
has high lexical overlap with the gold response.
On the other hand, the second example shows the
difficulty of finding the correct evidence for gener-
ation especially when the context history is long.
The original dialogue history mentions skateboard
and the last human utterance asks about when they
were invented, while the passage labeled as pos-
itive is about electric skateboards and when they
were released for the first time. We found due to

the open-ended nature of knowledge-enhanced dia-
logue and F1 score-based positive passage labeling
can be results in more false positive passages than
other two tasks, as even the passage does not really
support the evidence, it still helps a model generate
a loosely grounded and related response and ob-
tains higher F1 score. Recent work reports similar
issues in long-form QA evaluations (Krishna et al.,
2021).

B.5 Examples of Esilver Obtained by M

The newly mined examples can be seen in Figure 4.
Although all of the passages here include gold an-
swer strings, we observe that the red passages do
not entail the answers. For instance, in the second
example, the red passage from “The Chronicles of
Narnia: Prince Caspian” only lists the names of the
actors who reprise their roles from the first film,
and does not mention show played ice queen. The
first passage, on the other hand, clearly mentions
that Tilda Swinton plays the White Witch (the ice
queen) in the Chronicles of Narnia. The third exam-
ple shows that our model detects the case where we
originally have distantly-positive passages, all of
which are labeled as negative by our evidentiality
labeling model. The fourth example shows that the
positive passages can be retrieved from multiple
different articles, which are often not covered by
existing datasets with gold paragraph annotations.
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C Details of the Datasets

License. Natural Questions (Kwiatkowski et al.,
2019), TriviaQA (Joshi et al., 2017) is under
Apache License 2.0. The KILT benchmark (Petroni
et al., 2021), where our FEVER and Wizard of
Wikipedia data is taken, is under MIT License.
FAVIQ (Park et al., 2021) does not explicitly men-
tion the license. We use all of the datasets for their
intended uses.

Privacy-related information and harmful con-
text. All of the datasets use the English
Wikipedia or web articles as a knowledge source
and the input queries are authored by human an-
notators, and we believe those resources are less
likely to include personal information or harmful
context. In addition, dataset creators often conduct
intensive analysis on annotated data and discard
problematic examples, which may further reduce
the risk of the problematic content.

D More Analysis and Examples

D.1 Details of Task-specific heuristics for an
ablation of Esilver

For open-domain QA, this model uses answer
string matching to supervise our multi-task learn-
ing. As discussed, this distantly supervised ap-
proach cannot be directly applied to classification
or open-ended generation tasks. For WoW, it uses
provenance title, which is the title of the Wikipedia
article including the gold paragraph, and label all
passages from provenance articles positive (Petroni
et al., 2021). For FaVIQ-A, it uses the original
answer annotations inherited from AmbigQA avail-
able in the dataset. It should be noted that that
additional metadata is often unavailable in most of
the datasets, and this variant for WoW and FaVIQ
can be considered as a ground-truth setting.

D.2 Analyzing Attentions of G and G+

To further understand our method’s behavior, we
compare the attention scores assigned to the top
retrieved passages of a base generator FiD (G) and
our evidentiality-guided generator (G+). Figure 5
shows that the attention scores of the base gener-
ator G and G+; the x-axis is the attention values
and the y-axis is probability of the histogram. The
attention scores of the base generator G are con-
centrated closely near the value of -5.0, whereas
the attention scores of our G+ more widely spread
out. We also found that our G+ more often gives
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Figure 5: Attention score distributions over top 20 pas-
sages of the base generator G and our evidentiality-
guided generator G+.

its highest attention value to the passages ranked
lower byR; our generator G+ and base generator G
gives their highest attention scores to the passages
ranked lower than top 10 byR in 45.8% and 44.8%
of the examples, respectively. We hypothesize that
FiD mostly generates answers from more highly-
ranked passages while our method enables shifting
the attention scores to lower-ranked passages and
generates answers from those, by explicitly train-
ing the models telling the evidentiality-negative
and evidentiality-positive passages.

D.3 Examples from Qualitative Analysis on
FaVIQ-A

Table 9 shows the most attended passages and fi-
nal prediction results made by the base generator
G (FiD) and our evidentiality generator G+ (ours)
from our qualitative analysis on FaVIQ-Ambig.
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Category 1 (40%): Our model attends a more relevant passage.

Claim: roger danuarta was the name of actress in munna michael as judge of dancing stars from
jodhpur, rajasthan, india.
A: REFUTES
[Ours (pred: REFUTES)] Munna Michael: as Judge of Dancing Star (cameo appearance)

Chitrangada Singh as Judge of “Dancing Star” (cameo appearance) Pallavi Kulkarni (cameo
appearance) Roger Danuarta (cameo appearance)
[FiD (pred: SUPPORTS)] Dancing with the Stars (American season 24): Dancing with the

Stars (American season 24) The full list of celebrities and pros was announced on March 1, 2017, on
Good Morning America. Hosts and judges. Tom Bergeron and Erin Andrews returned as hosts, and
Carrie Ann Inaba, Len Goodman, Julianne Hough, and Bruno Tonioli returned as judges

Category 2 (10%): FiD attends a more relevant passage.

Claim: west was stacey’s surname in gavin and stacey before marrying.
A: SUPPORTS
[Ours (pred: REFUTES)] List of Gavin & Stacey characters: “Gavin & Stacey” is an award

winning British television comedy series, following the lives of the title characters Gavin (Mathew
Horne) and Stacey (Joanna Page), who, before marrying, live on opposite sides of the country, Gavin
in Billericay, Essex, and Stacey in Barry, Vale of Glamorgan.
[FiD (pred: SUPPORTS)]Gavin & Stacey: Gavin & Stacey Other storylines that run throughout

the course of the three series include Pamś fake vegetarianism. Characters and cast.:Main characters.
Gavin Shipman (Mathew Horne) – nicknamed “Gav”, “Gavlar”, or “Gavalar”, the funny and
enthusiastic level-headed protagonist from Billericay, Essex. Stacey Shipman (“nee” West)

Category 3 (30%): Both are equally irrelevant.

Claim: sylvia fricker was the original singer of always on my mind.
A: SUPPORTS
[Ours (pred: SUPPORTS)] For Once in My Life (Sylvia Syms album): ‘For Once in My Life

(Sylvia Syms album) For Once in My Life is an album by American vocalist Sylvia Syms recorded
in 1967 and released on the Prestige label.
[FiD (pred: REFUTES)]Follow Me...: Follow Me... The song “You Were on My Mind” was

originally recorded and released in 1964 by Ian & Sylvia, and was a major hit in the US when
covered by the group We Five in 1965.

Category 4 (20%): Both are equally relevant.

Claim: the third party system ended in american politics in 1854.
A: REFUTES
[Ours (pred: REFUTES)]Political parties in the United States: The GOP dominated national

politics during the Third Party System, from 1854 to 1896, and the Fourth Party System from 1896
to 1932.
[FiD (pred: SUPPORTS)] Third Party Syste: The Third Party System is a term of periodization
used by historians and political scientists to describe the history of political parties in the United
States from 1854 until the mid-1890s.

Table 9: Examples of the most attended passages and final prediction results made by the base generator G (FiD)
and our evidentiality generator G+ (ours) from our qualitative analysis on FaVIQ-Ambig.
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Abstract
Commonsense reasoning systems should be
able to generalize to diverse reasoning cases.
However, most state-of-the-art approaches de-
pend on expensive data annotations and over-
fit to a specific benchmark without learning
how to perform general semantic reasoning.
To overcome these drawbacks, zero-shot QA
systems have shown promise as a robust learn-
ing scheme by transforming a commonsense
knowledge graph (KG) into synthetic QA-
form samples for model training. Considering
the increasing type of different commonsense
KGs, this paper aims to extend the zero-shot
transfer learning scenario into multiple-source
settings, where different KGs can be utilized
synergetically. Towards this goal, we propose
to mitigate the loss of knowledge from the
interference among the different knowledge
sources, by developing a modular variant of
the knowledge aggregation as a new zero-shot
commonsense reasoning framework. Results
on five commonsense reasoning benchmarks
demonstrate the efficacy of our framework, im-
proving the performance with multiple KGs.

1 Introduction

The ability to understand natural language through
commonsense reasoning is one of the core focuses
in the field of natural language processing. To
measure and study the different aspects of com-
monsense reasoning, several datasets are devel-
oped, such as SocialIQA (Sap et al., 2019b), Com-
monsenseQA (Talmor et al., 2018), and Physi-
calIQA (Bisk et al., 2020), each requiring different
type of commonsense knowledge (e.g., social, taxo-
nomic, causal, declarative, etc) to select the correct
answer. While large-scale neural systems (Devlin
et al., 2018; Yang et al., 2019; Liu et al., 2019b)
have shown human-level accuracy on these bench-
marks, recent studies (Mitra et al., 2019) also crit-
icize that these models solve individual datasets,

∗Work done while at the University of Edinburgh.
†Corresponding author

rather than learning how to perform general seman-
tic reasoning. To this end, Ma et al. (2021) sug-
gested zero-shot evaluation as a genuine measure
for the reasoning capability of the machine.

Inspired by this new metric, in this work, we
focus on building unsupervised zero-shot multiple-
choice QA systems. That is, we target an arbitrary
commonsense reasoning task where conventional
approaches (that rely heavily on task-specific super-
vision) are not applicable to such zero-shot learning
scenarios. To learn QA models without expensive
annotation efforts, recent works (Ma et al., 2021;
Banerjee and Baral, 2020; Malaviya et al., 2020)
propose to generate a synthetic QA dataset using a
commonsense KG such as ATOMIC (Sap et al.,
2019a) and ConceptNet (Speer et al., 2017).
Such an approach mostly focuses only on one spe-
cific type of reasoning relations (e.g., if-then re-
lation, or declarative relation), neglecting the fact
that real-world QA systems require simultaneously
considering different types of reasoning abilities
(e.g., declarative and social, or causal and physical
reasoning; Ilievski et al., 2021; Chang et al., 2021).

To consider different types of reasoning, this
paper extends ideas from the aforementioned zero-
shot learning to the multi-source case such that
it benefits from different types of commonsense
knowledge on individual KGs. For example,
ATOMIC (Sap et al., 2019a) focuses on social com-
monsense while ConceptNet (Speer et al., 2017)
contains conceptual knowledge. A practical ap-
proach is multi-task learning (MTL; Caruana, 1997;
Liu et al., 2019a), which learns a shared encoder
for different synthetic QA datasets from multiple
KGs. Despite its effectiveness, MTL scheme suf-
fers from interference among different KGs, which
results in forgetting previously learned knowledge
when trained on new KG which has different kinds
of knowledge (Pilault et al., 2021; Pfeiffer et al.,
2021; Wang et al., 2021a; Wu et al., 2020).

To address these limitations, we propose a novel,
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modularized framework that aims to learn multiple
expert models for KGs, then conduct zero-shot fu-
sion to allow collaboration among KGs. For this
purpose, we leverage AdapterFusion (Pfeiffer et al.,
2021) where multiple tiny modules between Trans-
former blocks called adapters (Houlsby et al., 2019)
can be combined after independent training, thus
allowing a continual integration of the adapters
without retraining the entire framework. Specifi-
cally, we treat the adapters as different KG-specific
experts, and combine them using an attention-like
fusion module. To improve the fusion of adapters,
we suggest a KG-alignment adapter that guides
to the apt expert adapters. Here, we use KGs in
three different synthetic supervision training: (1)
KG-specific QA datasets to train the KG-specific
expert adapters, (2) a KG classification datasets to
train the KG-alignment adapter, and (3) a balanced
mixture of KG-specific QA datasets to train the
fusion module. Our modularized method alleviates
the interference between different KGs, which is
the pitfall of MTL from our empirical observation,
and thus combines multiple KGs into a synergetic
zero-shot framework.

Our contributions are: (1) We suggest a simple,
yet effective KG modularization strategy for the use
of multiple KGs in commonsense reasoning. (2)
We then explore the use of AdapterFusion (Pfeif-
fer et al., 2021) for better knowledge aggregation
based on the KG modularization in zero-shot set-
ting. We believe that such modularized transfer
learning is critical to using different knowledge
sources synergetically against interference between
them. (3) In extensive experiments on various com-
monsense reasoning benchmarks, our framework
achieves significant improvements over baselines
using a single KG, even using multiple KGs, which
implies the robustness in commonsense reasoning.

2 Related Work & Preliminaries

2.1 Zero-shot Commonsense Reasoning

Many researchers have recently focused on build-
ing unsupervised models without any benchmark
supervisions (i.e., zero-shot learning). In such zero-
shot setting, KGs are often used as an external re-
source for improving model prior (e.g., continually
learned from pre-trained language models) (Baner-
jee and Baral, 2020; Bosselut and Choi, 2019; Ma
et al., 2021), especially for commonsense reason-
ing, as much existing work couples language mod-
els with neural/symbolic commonsense KGs.

However, most of existing work are either as-
suming the existence of the alignment information
between tasks and KGs (Banerjee and Baral, 2020)
or an integrated KG (Ma et al., 2021). For example,
ATOMIC20

20 (Hwang et al., 2021), a commonsense
KG which incorporates tuples from ConceptNet
and ATOMIC with new relations and further crowd-
sourcing, combines multiple KGs into a new in-
tegrated KG, but as widely known (Ilievski et al.,
2020; Hwang et al., 2021), heterogeneous schema
between different KGs may limit triplets that can be
integrated.1 Rather than such symbolic KG integra-
tion with the inevitable loss of knowledge, in this
work, we explore the neural KG integration leverag-
ing the multiple KGs without additional processing
and alignment information between KG and task.

2.2 Transfer Learning with Modular
Approaches

The idea of having specialized parameters, or so-
called experts, has been widely studied to integrate
multiple sources of knowledge via transfer learn-
ing. The adapter module (Rebuffi et al., 2017;
Houlsby et al., 2019) has been explored as one
of such approaches, introducing a small number
of task-specific parameters at every layer of pre-
trained language model (PLM) while sharing the
parameters of underlying PLM which is fixed. To
address the limitations of transfer learning due to
high re-training cost, many works utilize the multi-
ple adapter modules for individual tasks with differ-
ent domains (Puigcerver et al., 2020; Bapna et al.,
2019; Rücklé et al., 2020; Madotto et al., 2021)
considering each adapter to be an expert of each do-
main. Similar to our work, K-Adapter (Wang et al.,
2021a) encodes factual and linguistic knowledge to
each adapter, but in this paper, we further explore
how to mitigate catastrophic forgetting or interfer-
ence among multiple adapters for better knowledge
transfer in zero-shot setting.

2.3 Multi-Task Learning

MTL (Liu et al., 2019a; Zhang and Yang, 2017;
Caruana, 1997) learns a shared representation while
aggregating knowledge across multiple learning
tasks, often leading to better generalization ability
of a model. However, parametric aggregation of
knowledge with MTL has following limitations:
(1) retraining the full model when adding new

1Only 172K tuples of the 3.4M tuples and 5 relations of
36 relations in ConceptNet are integrated into ATOMIC20

20.
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tasks (Houlsby et al., 2019; Pfeiffer et al., 2021,
2020b) (2) catastrophic forgetting and interference
between tasks leading to difficulties of solving
each task equally well (Pilault et al., 2021; Wu
et al., 2020; Yu et al., 2020) and (3) inconsistent
effect (Lourie et al., 2021). To deal with these
challenges, Mixture-of-Experts (MoE) is a param-
eterized generalization of ensembling techniques,
which has been adapted for MTL with gating net-
work trained to optimize each task (Ma et al., 2018).
However, simple linear gating networks are too
shallow and thus may destruct task knowledge for
commonsense reasoning.

To address this problem, AdapterFusion (Pfeiffer
et al., 2021) has been proposed to fuse task specific
parameters called adapters for the given target task
leveraging attention-like mechanism. AdapterFu-
sion aggregates adapters, which is trained indepen-
dently for each task, in a non-destructive manner
mitigating aforementioned MTL problems such
as forgetting and interference between tasks. Re-
cently, it has been used for zero-shot cross-lingual
transfer framework (Pfeiffer et al., 2020c; Wang
et al., 2021b), which motivates our work to transfer
multi-source knowledge with less interference for
zero-shot commonsense reasoning.

3 Modularized Zero-shot Framework

In our setup, we repurpose synthetic QA genera-
tion (Ma et al., 2021) for the task of knowledge-
driven zero-shot learning for commonsense reason-
ing, i.e., we transform a KG into multiple (Qi, Ai)
pairs where Qi is a natural language question and
Ai = {Ai,1, ..., Ai,m} is the set of options with
m answer candidates. Specifically, given a triple
(ehead, r, etail) in a KG, where ehead, etail and r
denote head/tail entity and relation respectively, we
transform ehead and r into a natural language ques-
tion Qi using templates. For the option set Ai, we
use the combination of the correct answer etail and
m− 1 distractors which are tail entities from other
triples sampled randomly (Ma et al., 2021). Details
are described in Appendix B.

Formally, we denote (Qi, Ai) as one QA sam-
ple. The goal is to learn a QA model from the
synthetic QA sample. In a downstream task (e.g.,
reasoning benchmarks such as SocialIQA and Com-
monsenseQA), we need to predict answers given
non-synthetic test samples (Qtest, Atest). In the
training stage, we are given K KG-driven datasets
{DkQA}Kk=1 from K different KGs, where DkQA is

QA from ATOMIC (Sap et al., 2019a)
Q: Dana speeds on the highway. Dana is seen as
A1: considerate A2: risky(X) A3: lazy
QA from ConceptNet (Speer et al., 2017)
Q: pentode is a [MASK]
A1: ascocarp A2: girls footwear A3: vacuum tube(X)
QA from WikiData (Vrandečić and Krötzsch, 2014)
Q: badminton is a [MASK]
A1: fable A2: juvenile justice A3: type of sport(X)
QA from WordNet (Miller, 1995)
Q: princewood is part of [MASK]
A1: shaddock A2: genus Cordia(X)
A3: family Columbidae

Table 1: Synthetic QA examples. We use templates to
convert (ehead, r) into a natural language sentence.

a dataset with Nk samples for KG k as follows:

DkQA = {(Qi, Ai, label)}Nki=1 (1)

where label is the index of the correct answer
for each sample. In this work, as shown in Ta-
ble 1, we generate four synthetic QA datasets
from ATOMIC, ConceptNet, WikiData, and
WordNet (More details are in Appendix C).

For effective use of multiple KGs at once with
less interference, we present a modularized frame-
work, which is a novel approach to knowledge
transfer for the zero-shot setting as shown in Fig-
ure 1. As a modular approach, we train the mul-
tiple KG-specific adapters (expert adapters) with
each dataset from KG. Based on these pre-trained
adapters, we use a zero-shot fusion method to
aggregate knowledge of each adapter leveraging
AdapterFusion (Pfeiffer et al., 2021) as a base
architecture with the balanced mixture of each
KG dataset. Further, for better knowledge fusion,
we suggest a KG-alignment aware adapter (KG-
Classifier adapter) as a guide for detecting align-
ment with given sample in zero-shot reasoning.
Here, we utilize KG classification dataset by veri-
fying the synthetic QAs. Algorithm 1 in Appendix
outlines the overall process of our proposed frame-
work. We summarize the notations in Appendix A.

3.1 KG Modularization
First, we modularize the KGs to preserve their in-
trinsic knowledge. Considering the importance of
using a suitable and well-aligned KG (Ma et al.,
2019, 2021) on a downstream task, the subtle
difference between each KG should be learned
by the model without any interference from each
other. Accordingly, we adopt the adapter mod-
ule (Houlsby et al., 2019) which repurposes a pre-
trained language model (PLM) to incorporate each
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Figure 1: Illustration of the proposed modular-
ized framework for zero-shot commonsense reasoning.
Each colored square represents different KGs. Not only
for KG modularization, we re-use a set of synthetic QA
datasets from the multiple KGs for the purpose of KG
classification and zero-shot fusion, which enables bet-
ter knowledge aggregation.

KG as tiny modules in between Transformer blocks.
Specifically, as illustrated in Figure 2 (except for
green area), the adapter training strategy involves
injecting new layers (parameterized by Φ) into the
original PLM (parameterized by θ). The weights
of the original PLM are untouched, while the new
adapter layers are initialized at random. Formally,
we call each adapter trained with DkQA as an expert
adapter for KG k, parameterized by Φk

QA.
When a QA sample (Qi, Ai) is given for dataset
DkQA, we first concatenate question Qi and each
answer option Ai = {Ai,1, ..., Ai,m} to generate
input sequences Ti = {Ti,1, ..., Ti,m}. Then, we
compute a score Si,j (Ma et al., 2021) for the an-
swer candidate Ai,j is computed as follows:

Si,j = − 1

|Ti,j |

|Ti,j |∑

t=1

logP (wt|...wt−1, wt+1...; θ,Φ)

(2)
where wt is a word token in the sequence Ti,j and
P is the conditional probability from Transformer
blocks parameterized by θ and Φ. To train the
adapter Φk

QA, we use the marginal ranking loss (Ma
et al., 2021) as follows:

LQA =
1

m

Nk∑

i=1

m∑

j=1
j 6=label

max(0, η − Si,label + Si,j)

(3)
where η represents the margin.

Φk
QA ← argmin

Φ
LQA(DkQA; θ,Φ) (4)

where KG-invariant parameters θ are fixed and only
KG-dependent parameters Φk

QA are learned, which

enables to store the corresponding knowledge sep-
arately without any interference. Further, we can
parallelize the training of adapter for all KGs. The
efficiency of adapter training allows our modular-
ization to be more scalable.

3.2 Zero-shot Fusion

Once the expert adapters are learned, we combine
the knowledge from each expert adapter using an
attention-like mechanism. We present a novel fu-
sion strategy as shown in Figure 2, which is referred
to as the zero-shot fusion. In contrast to Adapter-
Fusion (Pfeiffer et al., 2021) where the focus is
learning to transfer knowledge to a specific target
task, our zero-shot fusion aims to generalize this
transfer to any arbitrary target task. Specifically,
the zero-shot fusion parameters Ψ learn to combine
fixed expert adapters which are parameterized by
Φ1
QA, ...,Φ

K
QA. In each Transformer layer l of PLM

with the injected fusion layer, the zero-shot fusion
parameters ΨQA consist of query, key, and value
matrices, denoted by WQ

l , WK
l , and WV

l respec-
tively. These parameters are used to learn the bal-
ancing between the representation of each expert
adapters through attention-like mechanism. While
fixing both the parameters θ and all expert adapters
Φ1
QA, ...,Φ

K
QA, the only trainable weights ΨQA on

the fusion layer learns to combine the knowledge
from different K expert adapters by using the sub-
set of {DkQA}Kk=1 by random sampling. Here, we
balance the ratio between the K knowledge-driven
datasets as N samples (details are in Appendix D).
Formally,

ΨQA ← argmin
Ψ

K∑

k=1

LQA(DkQA; θ, {Φk
QA}Kk=1,Ψ)

(5)
where Ψ refers to the initialized zero-shot fusion
parameters.

More specifically, in the l-th Transformer layer,
let hlPLM and hk,lE be the representations of un-
derlying PLM parameterized by θ and an expert
adapter parameterized by Φk

QA, respectively. Then,
using the hidden representation hlPLM of PLM as
a query, the fusion layer performs the attention-like
function as follows:

Kl,Vl = [h1,l
E , ..., h

K,l
E ] (6)

Ql = hlPLM (7)

zl = Attention(QlW
Q
l ,KlWK

l ,VlWV
l ) (8)
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Figure 2: Illustration of the zero-shot fusion archi-
tecture with KG-Classifier adapter. Each colored cir-
cle represents expert adapters, except the black circle
which denotes KG-Classifier adapter. ∗ indicates the
fixed layer. Details are in Appendix F

where zl is passed to the next Transformer layer.
Given a sample, the zero-shot fusion learns the
suitable balancing parameters between the expert
adapters for zero-shot reasoning. Eventually, it
learns to identify generalizability across common-
sense reasoning tasks.

3.3 KG-Classifier Adapter
AdapterFusion uses the PLM hidden representation
hlPLM as a query which is learned when training
on a specific downstream task. In our zero-shot
setting, however, we use a mixture of synthetic QA
for fusion training, which is not exactly a training
dataset for a downstream task. To compensate for
this issue, we present KG-Classifier adapter, which
is a KG alignment-aware adapter, which is moti-
vated from the fact that the ability to find which
KG has an alignment with the given sample can be
helpful as a role of providing a guidance for better
performance (Ma et al., 2019, 2021).

Specifically, we propose a novel training task for
KG-Classifier adapter, which requires predicting
the KG for the given sample of the task. For that,
given {DkQA}Kk=1, we first transform a QA sam-
ple (Qi, Ai) into a new KG classification sample
[Qi;Ai,label] where [; ] is the concatenation. Then,
we obtain a new label yi ∈ {0, 1}K indicating
the corresponding KG source. The samples are in
Appendix E. Formally, KG classification dataset
DKGC is defined as:

DKGC = {([Qi;Ai,label], yi)}Mi=1 (9)

where M is the total size of {DkQA}Kk=1.

Based on DKGC , we learn the KG-Classifier
adapter parameterized by θ and ΦKGC . First, a
classification sample i is encoded into hCLS ∈
RH then scored as ŷi ∈ RK with a linear layer
WKGC ∈ RK×H , i.e., ŷi = WKGChCLS . Once ŷi
is normalized by a softmax layer, the network is
trained to minimize the cross-entropy loss LKGC
between the prediction ŷi and its ground truth yi:

ΦKGC ← argmin
Φ

M∑

i=1

LKGC(yi, ŷi; θ,Φ) (10)

We propose to use the representation of KG-
Classifier adapter as a query in attention-like mech-
anism, referred to as the zero-shot fusion with KG-
Classifier adapter. That is, using the hidden repre-
sentation hlKGC of a KG-Classifier adapter param-
eterized by ΦKGC as a query, we substitute Ql in
Eq. (11) as follows:

Ql = hlKGC (11)

The overall zero-shot fusion architecture including
KG-Classifier is illustrated in Figure 2.

4 Experiments

In this section we evaluate the efficacy of our frame-
work on five commonsense reasoning tasks. We
denote KG-Classifier adapter by KG-C adapter.

4.1 Experimental Settings
All our experiments are conducted in a zero-shot
setting, in which the models do not have access to
the official training data or labels of the benchmark.
For the evaluation, we use the validation set of
each benchmark2, however, the validation set of
each benchmark can be role as an test set since
it is not used for hyperparameter tuning or model
selection. We use accuracy as a metric.

4.1.1 Benchmarks
We evaluate our proposed framework on five
question-answering benchmarks for commonsense
reasoning: SocialIQA (SIQA) (Sap et al., 2019b),
CommonsenseQA (CSQA) (Talmor et al., 2018),
Abductive NLI (a-NLI) (Bhagavatula et al., 2020),
PhysicalIQA (PIQA) (Bisk et al., 2020), and Wino-
Grande (WG) (Sakaguchi et al., 2020). Each com-
monsense benchmark evaluates a specific kind
of knowledge: social commonsense for SIQA,
concept-level commonsense for CSQA, abductive

2Since the official test sets are not publicly available
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Model KG a-NLI CSQA PIQA SIQA WG Avg.
Random - 50.0 20.0 50.0 33.3 50.0 40.7
Majority - 50.8 20.9 50.5 33.6 50.4 41.2
GPT2-L - 56.5 41.4 68.9 44.6 53.2 52.9
RoBERTa-L - 65.5 45.0 67.6 47.3 57.5 56.6
Self-talk (Shwartz et al., 2020) - - 32.4 70.2 46.2 54.7 -
COMET-DynaGen (Bosselut and Choi, 2019) AT - - - 50.1 - -
SMLM (Banerjee and Baral, 2020) * 65.3 38.8 - 48.5 - -
RoBERTa-L (MR) (Ma et al., 2021) AT 70.8 64.2 72.1 63.1 59.2 65.9
RoBERTa-L (MR) (Ma et al., 2021) CN,WD,WN 70.0 67.9 72.0 54.8 59.4 64.8
RoBERTa-L (MR) (Ma et al., 2021) Whole 70.5 67.4 72.4 63.2 60.9 66.9
MTL Whole 69.8 (± 0.5) 66.0 (± 0.9) 71.2 (± 0.8) 62.2 (± 1.0) 59.5 (± 0.2) 65.7
zero-shot fusion w/o KG-C adapter Whole 72.3(±0.4) 67.9(±0.2) 73.1(±0.4) 65.9(±0.5) 59.7(±0.2) 67.8
zero-shot fusion w/ KG-C adapter Whole 72.5(±0.2) 68.2(±0.2) 72.9(±0.4) 66.6(±0.1) 60.8(±0.1) 68.2

Table 2: Zero-shot evaluation results with different combinations of models and knowledge sources across five
commonsense tasks. AT, CN, WD and WN represent ATOMIC, ConceptNet, WikiData and WordNet, re-
spectively. Whole represents the combination of AT, CN, WD and WN. Bold text indicates the best performance
on each benchmark. RoBERTa-L (MR) used the synthetic dataset after filtering, while we use the raw version.
SMLM (*) used different KG which has strong alignment with each task (e.g.AT for SIQA).

reasoning for a-NLI, physical commonsense for
PIQA, and pronoun resolution ability for WG.3

The details are presented in Appendix G.

4.1.2 Baselines
We compare our framework with the following
baselines. First, to show the characteristics of
each benchmark, we use the random or the most
frequent label as Random and Majority base-
line, respectively. RoBERTa-L and GPT2-L is
the performance of each PLM without any fine-
tuning. Also, as the baseline for the unsuper-
vised learning model using KGs, we report the
performance of Self-talk (Shwartz et al., 2020),
COMET-DynaGen (Bosselut and Choi, 2019),
SMLM (Banerjee and Baral, 2020) as presented
in original papers.

For further analysis in §4.4 and §4.5, we set the
following models that are pre-trained on the syn-
thetic QA datasets from KGs as baselines:

• Single-Task Learning (STL): The model is
pre-trained on a synthetic QA dataset gener-
ated from a single KG. Specifically, we exper-
iment two architectural choices: PLM (STL-
PLM) and PLM with adapters (STL-Adapter).
For each architecture, there are four STL mod-
els for each of synthetic QA datasets derived
from ATOMIC, ConceptNet, WikiData,
and WordNet. We note that the trained STL-
Adapter is an expert adapter from a specific
KG in our framework. The performance of

3Some benchmarks have a strong alignment with a cer-
tain KG due to its construction strategy: SIQA-ATOMIC, and
CSQA-ConceptNet. To make a direct comparison with Ma
et al. (2021), we use the same KGs to generate data samples.

each STL baseline is shown in Appendix I
Table 9 and Table 10.

• Multi-Task Learning (MTL): The model is
pre-trained on multiple synthetic QA datasets,
each of which is generated from a KG. We
experiment with a PLM trained on all four
aforementioned synthetic QA datasets. We
note that the difference between STL-PLM
and MTL is whether to use one synthetic QA
dataset or multiple synthetic QA datasets for
its training.

4.1.3 Implementations
We employ RoBERTa-L (Liu et al., 2019b) from
Hugging Face’s transformers toolkit for all experi-
ments. We follow the default settings from Ma et al.
(2021). Our implementation uses Adapter (Houlsby
et al., 2019) and AdapterFusion (Pfeiffer et al.,
2021) as a base model architecture from Adpa-
terHub (Pfeiffer et al., 2020a). We run our experi-
ments with three different random seeds. The im-
plementation details are described in Appendix H.

4.2 Main Results

Table 2 shows the zero-shot evaluation results on
five benchmark datasets. Generally, zero-shot fu-
sion scores higher than the baselines across all
benchmarks, and further, zero-shot fusion shows
the best performance in all benchmarks except WG.
We note that although Ma et al. (2021) uses the syn-
thetic QA dataset after sample filtering, our method
achieves comparable performance with the best per-
formance in WG, even with the raw dataset. Also,
the average score of all evaluation benchmarks (the
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last column of Table 2) shows that zero-shot fusion
has generalisability in commonsense reasoning.

In addition, zero-shot fusion achieves consis-
tent improvements over MTL. These results indi-
cate that our proposed zero-shot fusion method
attributes to fusing the knowledge of multiple KGs
more synergetically regardless of the task.

Moreover, as an ablation, we compare the zero-
shot fusion with and without KG-C adapter to ex-
plore the efficacy of the KG-C adapter. We can
observe that zero-shot fusion with KG-C adapter
improves the average accuracy by 0.4%, which im-
plies that the use of KG-C adapter improves the
overall performance and makes our method gener-
alize better on most of the evaluation benchmarks.

4.3 Impact of the KG-Classifier Adapter

To assess the effects of the KG-C adapter itself, we
visualize and compare the final layer [CLS] token
representation between PLM and KG-C adapter.
Figure 3 shows t-SNE (Van der Maaten and Hinton,
2008) plots of all representation of five benchmark
datasets. In this figure, every sample is mapped
into a 1024-dimensional feature space through
RoBERTa-L model and projected back into a two-
dimensional plane by t-SNE. We can observe that
KG-C adapter can separate the samples of differ-
ent benchmarks well despite being unseen data. It
verifies that KG-awareness acquired with the KG
classification task is beneficial to categorize the
given sample. The KG-C adapter can thus gener-
ate a relevant KG-aware query for a given sample
and help to fuse representations from suitable ex-
pert adapters in our proposed framework.

Further, we explore how the KG-C adapter
affects zero-shot fusion which is based on an
attention-like mechanism (Pfeiffer et al., 2021)
compared to zero-shot fusion without KG-C
adapter. Here, while zero-shot fusion without KG-
C adapter simply uses the representation of PLM
as a query, zero-shot fusion with KG-C adapter
leverages the representation of KG-C adapter. To
illustrate this strength, we visualize the attention
probability of [CLS] token from each fusion layer
as a representative in Figure 4. The column of the
darker cell indicates the adapter that has the big-
ger influence on the fused representation. We can
observe that zero-shot fusion with KG-C adapter
fuses the knowledge from different experts with a
subtle difference rather than focusing on a single
expert severely. This implies that KG-C adapter

(a) PLM (b) KG-Classifier adapter

Figure 3: t-SNE visualization of the hidden representa-
tion from (a) PLM and (b) KG-C adapter. Each color
denotes the five different benchmark samples.

(a) w/o KG-C adapter (b) w/KG-C adapter

Figure 4: Comparison of attention probability between
zero-shot fusion with/without KG-C adapter. The x-
and y-axis indicate expert adapters and the fusion layer
number in RoBERTa-L, respectively. The darker color
indicates higher attention probability in fusion layer.

enables the delicate balancing between multiple
knowledge sources based on the KG-alignment
awareness, which leads to performance improve-
ments in commonsense reasoning tasks. Interest-
ingly, both cases have the ability not to focus on
the expert adapter based on WikiData, which
can be seen as a redundant expert.4 This obser-
vation would benefit from the further study that
explores the optimal combination of KGs by expert
selection or rejection.

4.4 Mitigating Interference

In this experiment, we compare the amount of in-
terference in the MTL and zero-shot fusion with
KG-C adapter. We propose a novel evaluation met-
ric, the interference ratio, which is the percentage
of the incorrectly predicted samples by the multi-
KG models among the correctly predicted samples
from the STL models in common.

Using the interference ratio, we can precisely
compare the negative effects of multi-KG models

4The zero-shot fusion with KG-C adapter using AT, CN,
and WN shows the best average performance in Table 10.

2250



Figure 5: Interference ratio of multi-KG models on five
benchmarks. The lower indicates less interference.

on knowledge aggregation since the only reason
to get the correct samples wrong is the interfer-
ence caused by learning with additional KGs. We
present the interference ratio of the models on five
benchmark datasets in Figure 5. This figure shows
that MTL has the higher interference ratio than
the competing models across all benchmarks. Our
method achieves a substantially better ratio, espe-
cially when KG-C adapter is used. This demon-
strates the efficacy of our framework in mitigating
interference between knowledge, which is one of
the major problems of MTL.

4.5 Visualization of Knowledge Aggregation

To verify the ability of our model to aggregate dif-
ferent types of KGs, we compare the relative per-
formance gains of MTL and zero-shot fusion with
KG-C adapter when increasing the number of KGs.
The performance of all KG-combinations for each
framework is presented in Table 9 and Table 10. We
visualize the improvement of performance for five
benchmark development sets, leveraging heatmaps
in Figure 6. Here, for the sake of brevity, we denote
our framework with KG-C adapter as our method.

For MTL in Figure 6 (a), the color of the cell
denotes the relative improvement of MTL with the
combination of KGs over the best performance
among the STL-PLM of KGs. Also, for our method
in Figure 6 (b), the relative improvement is mea-
sured based on the best performance among the
STL-Adapter of KGs, considering the difference of
the base architecture for MTL (i.e. PLM) and zero-
shot fusion (i.e. PLM with adapter). The green and
red colors denote the increase and decrease of per-
formance, respectively, when using multiple KGs
together. The greener color on the cells indicates
that the approach benefits from an increasing num-
ber of KGs, which implies aggregating knowledge
successfully.

In Figure 6, while the MTL tends to show the
decrease of the performance when more KGs are

(a) MTL (b) zero-shot fusion
w/ KG-C adapter

Figure 6: Relative improvement upon the STL on five
benchmarks. The x- and y-axis indicate the benchmark
and the combination of the KGs, respectively. The
value of each cell indicates the relative performance
improvement of using multiple KGs over the highest
performance among STLs. The green and red colors
denote the improvement or decrease of relative perfor-
mance, respectively.

utilized for training, our method obtains relative
performance improvement across most of bench-
marks. In both framework, the slightly degraded
performance of the combination of KGs without
ATOMIC could be due to the strong alignment be-
tween ATOMIC and SIQA. Except for the above
case, we can observe that as more KGs are lever-
aged, the color of the cell gets greener, which im-
plies that our method gains more advantages for
better performance. This demonstrates that our
method enables knowledge aggregation for multi-
ple KGs synergetically.

5 Conclusion

Despite the existence of various types of common-
sense KGs, utilizing multiple KGs has not been
explored enough in the commonsense reasoning
field. Motivated by this, this paper proposes a
modularized transfer learning framework to fuse
the knowledge from multiple KGs efficiently for
zero-shot commonsense reasoning. Our framework
consists of KG modularization for expert adapter,
zero-shot fusion and KG-Classifier adapter. Exten-
sive experiments show that our framework obtains
strong improvements over MTL on five common-
sense reasoning benchmarks.

In the future, our work can be extended to adapt
our methods to further various multiple KGs with
studies of appropriate scale for KG modularization.
In addition, based on our hypothesis that the exis-
tence of an optimal combination, we can explore
the study for the optional use of modularized KG
experts for the best transfer learning.
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A List of Notations

We summarize the notations used in this paper in
Table 7.

B Synthetic QA

We generate QA for four KGs (ATOMIC,
ConceptNet, WikiData and WordNet) based
on synthetic QA generation (Ma et al., 2021) with-
out sample filtering. We use the prefixes for relation
of triplet as shown in Table 3 for generating syn-
thetic QA (refer to Ma et al. (2021)). Table 4 shows
the statistics of the synthetic QA dataset from KGs.
The samples of synthetic QA with source triplet
are shown in Table 5.

relation prefix
xAttr . PersonX is seen as

xIntent . Before, PersonX wanted
xNeed . Before, PersonX needed to
xReact . As a result, PersonX felt
xWant . As a result, PersonX wanted to
xEffect . PersonX then
oReact . As a result, others felt
oWant . As a result, others wanted to
oEffect . Others then
Causes can cause [MASK]

UsedFor can be used for [MASK]
CapableOf is capable of [MASK]

CausesDesire causes desire for [MASK]
IsA. is a [MASK]

SymbolOf is a symbol of [MASK]
MadeOf can be made of [MASK]

LocatedNear is often located near [MASK]
Desires desires [MASK]

AtLocation can be found at [MASK]
HasProperty has property [MASK]

PartOf is part of [MASK]
HasFirstSubevent starts by [MASK]
HasLastSubevent ends by [MASK]

Table 3: Prefixes used for synthetic QA dataset

KG Train Validation Total
ATOMIC 534,833 60,289 595,122

ConceptNet 363,645 19,140 382,785
WikiData 42,342 2,229 44,571
WordNet 256,922 13,523 270,445

Whole 1,197,742 95,181 1,292,923

Table 4: Synthetic QA dataset statistics. Whole repre-
sents the combination of AT,CN,WD and WN.

C Commonsense Knowledge Graphs

A variety of KGs have been proposed to provide
large-scale high quality collection of different com-
monsense knowledge types: ATOMIC (Sap et al.,

QA from ATOMIC (Sap et al., 2019a)
(eh, r, et): (Dana speeds on the highway., xAttr, risky)
Q: Dana speeds on the highway. Dana is seen as
A1: considerate A2: risky(X) A3: lazy
QA from ConceptNet (Speer et al., 2017)
(eh, r, et): (pentode, IsA, vacuum tube)
Q: pentode is a [MASK]
A1: ascocarp A2: girls footwear A3: vacuum tube(X)
QA from WikiData (Vrandečić and Krötzsch, 2014)
(eh, r, et): (badminton, IsA, type of sport)
Q: badminton is a [MASK]
A1: fable A2: juvenile justice A3: type of sport(X)
QA from WordNet (Miller, 1995)
(eh, r, et): (princewood, PartOf, genus Cordia)
Q: princewood is part of [MASK]
A1: shaddock A2: genus Cordia(X) A3: family
Columbidae

Table 5: Synthetic QA examples. We use templates to
convert a question (ehead, r) into a natural language.

2019a) focuses on inferential knowledge organized
as typed if-then relations with variables (e.g., “if X
pays Y a compliment, then Y will likely return the
compliment”). ConceptNet (Speer et al., 2017)
mainly consists of taxonomic and lexical knowl-
edge (e.g., RelatedTo, Synonym, and IsA) and
physical commonsense knowledge (e.g., MadeOf
and PartOf). WikiData (Vrandečić and Krötzsch,
2014) is a general-domain KG which has a close
relation with Wikipedia. WordNet (Miller, 1995)
is a large lexical source of words and taxonomical
system.

D Dataset for Zero-shot Fusion

For zero-shot fusion training, we use balanced mix-
ture of synthetic QA from different KGs by random
sampling. The statistics of dataset for zero-shot fu-
sion is shown in Table 6. For validation dataset, we
balance between the ATOMIC, ConceptNet and
WordNet due to the lack of synthetic QA valida-
tion dataset from WikiData.

KG Train Validation Total

+ATOMIC 2,500 2,500 5,000
+ConceptNet 2,500 2,500 5,000

+WikiData 2,500 2,229 4,729
+WordNet 2,500 2,500 5,000

Total 10,000 9,729 19,729

Table 6: Statistics of the dataset for zero-shot fusion
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Notation Meaning
(ehead, r, etail) Triple of KG (head entity, relation, tail entity)
Qi Natural language Question of sample i
Ai = {Ai,1, ..., Ai,m} A set of answer options of sample i, Ai,j denotes j-th answer option of sample i(1 ≤ j ≤ m)

Ti = {Ti,1, ..., Ti,m} Input sequences generated by concatenation of Qi and Ai
wt A word t-th token in the sequence Ti,j
label the index of the correct answer for sample
DkQA Synthetic QA generated by KG k, 1 ≤ k ≤K
Nk The number of samples for DkQA, 1 ≤ k ≤K
θ Parameters for pre-trained LM
ΦkQA Parameters for the expert adapter of KG k, 1 ≤ k ≤K
ΦKGC Parameters for the KG-Classifier adapter
ΨQA Parameters for the fusion layer
l The index of Transformer layer
WQ
l Query matrix of fusion layer in lth Transformer layer

WK
l Key matrix of fusion layer in lth Transformer layer

WV
l Value matrix of fusion layer in lth Transformer layer

hlPLM Hidden representation of PLM parameterized by θ in lth Transformer layer
hk,lE Hidden representation of expert adapter parameterized by ΦkQA in lth Transformer layer
hlKGC Hidden representation of KG-Classifier adapter parameterized by ΦKGC in lth Transformer layer

Table 7: Notations and their meanings

E KG-Classification Dataset

We suggest KG-Classification dataset DKGC for
KG-Classifier adapter training. The example of
transformation from synthetic QA dataset DQA is
shown in Table 8. The dataset size is equal to the
whole dataset of synthetic QA (refer to Table 4).

QA→ KG-Classification ATOMIC
Q: Dana speeds on the highway. Dana is seen as
A1: considerate A2: risky(X) A3: lazy
S: Dana speeds on the highway. Dana is seen as risky.
A: Atomic
QA→ KG-Classification ConceptNet
Q: pentode is a [MASK]
A1: ascocarp A2: girls footwear A3: vacuum tube(X)
S: pentode is a vacuum tube.
A: ConceptNet
QA→ KG-Classification WikiData
Q: badminton is a [MASK]
A1: fable A2: juvenile justice A3: type of sport(X)
S: badminton is a type of sport.
A: WikiData
QA→ KG-Classification WordNet
Q: princewood is part of [MASK]
A1: shaddock A2: genus Cordia(X) A3: family
Columbidae
S: princewood is part of genus Cordia.
A: WordNet

Table 8: KG-Classification examples from synthetic
QA dataset of each KG

F Zero-shot architecture with
parameters

We describe the illustration of the zero-shot fusion
architecture with parameters in Figure 7.

softmax

Multi-Head Attention

Feed Forward

Zero-shot Fusion

Add & Norm

Add & Norm

Add & Norm

Zero-shot Fusion

Add & Norm

value key

query
Φ KGC

ΦKGC

Ψ

Ψ

θ

θ

���
1 ���

2 ���
3

���
1 ���

2 ���
3

Figure 7: Illustration of the zero-shot fusion architec-
ture with parameters. Each colored circle represents
expert adapters, except the black circle which denotes
KG-Classifier adapter. ∗ indicates the fixed layer.

G Commonsense Reasoning Benchmarks

SocialIQA (SIQA) (Sap et al., 2019b) requires
reasoning for emotional and social intelligence in
everyday situations. Each QA consists of a con-
text that comes from ATOMIC, a question which
is based on the relations in ATOMIC, and 3 an-
swer candidates. It contains 38,000 multiple-choice
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questions, which is generated by crowdsourcing.
CommonsenseQA (CSQA) (Talmor et al., 2018)
evaluates a broad range of concept-level common-
sense reasoning. Each multiple-choice question,
answer and distractors are designed by crowdsourc-
ing based on the ConceptNet.
Abductive NLI (a-NLI) (Bhagavatula et al., 2020)
asks to infer the most plausible explanation based
on the given causal situation to test abductive rea-
soning in narratives. Each sample consists of the
beginning and the end of the story with two pos-
sible options to be an explanation for the given
situation.
PhysicalIQA (PIQA) (Bisk et al., 2020) requires
physical commonsense reasoning to select the most
sensible solution for the given goal among the two
choices. Its dataset is comprised of over 16,000
training samples, 2K validation samples, and 3K
test samples.
HellaSWAG (HSWAG) (Zellers et al., 2019) is an
evolved version of SWAG (Zellers et al., 2018),
which asks to infer the most proper story based on
the given situation. The dataset consists of 70K
questions with four answer options.

H Implementation Details

In all our experiments, we use max sequence length
128, batch size 32, weight decay 0.01, adam β1

0.9, adam β2 0.99, adam epsilion 1e−8, warm-up
proportion 0.05, and margin 1.0. The experiments
are conducted split across NVIDIA GeForce 3090
and NVIDIA RTX A5000.

H.1 Baselines

The baseline models for STL-PLM and MTL are
trained with learning rate 1e−5 for single epoch.

H.2 Adapter

For expert adapters, we use learning rate 8e−5 after
tuning in {5e−6, 8e−6, 1e−5, 5e−5, 8e−5, 1e−4}.
For KG-Classifier adapter, we use learning rate
1e−5, batch size 64 for five epochs.

H.3 Zero-shot fusion

After experiment with learning rates {1e−5, 8e−5},
we empirically find that a learning rate of 1e−5

works well on zero-shot fusion without/with KG-
Classifier adapter, respectively. Here, we set the at-
tention drop probability 0.1. As we used extremely
smaller subset of the synthetic QA dataset, zero-
shot fusions are trained for five epochs.

I Knowledge aggregation of zero-shot
fusion

In order to validate the efficacy on knowledge ag-
gregation of zero-shot fusion over the STL, we
present the results of each framework with various
combination of KGs in Table 9 and Table 10.
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Model KG a-NLI CSQA PIQA SIQA WG Avg.

STL-PLM

AT 71.6 64.0 72.2 63.2 60.5 66.3
CN 67.9 68.5 72.6 54.6 58.6 64.4
WD 68.4 64.7 72.0 53.7 58.6 63.5
WN 67.2 61.4 71.7 53.5 58.9 62.5

MTL

AT, CN 70.5 68.4 72.2 60.1 58.2 65.9
AT, WD 69.9 66.4 72.0 60.1 59.3 65.5
AT, WN 69.1 62.7 71.6 59.1 59.1 64.3
CN, WD 69.6 67.8 72.0 54.3 59.5 64.6
CN, WN 69.8 66.3 71.7 53.8 56.4 63.6
WD, WN 67.5 62.0 71.7 53.7 59.0 62.8

MTL

AT, CN, WD 70.4 66.8 71.5 62.4 61.0 66.4
AT, CN, WN 68.5 65.7 72.1 62.7 59.1 65.6
AT, WD, WN 71.0 65.1 71.1 63.2 60.8 66.2
CN, WD, WN 69.6 67.3 72.5 52.0 57.2 63.7

MTL AT, CN, WD, WN 69.8 67.1 72.0 61.9 59.3 66.0

Table 9: STL-PLM and MTL performance across five commonsense tasks in various combination of KGs. AT, CN,
WD and WN represent ATOMIC, ConceptNet, WikiData and WordNet, respectively. We run our experiment
with seed 42.

Model KG a-NLI CSQA PIQA SIQA WG Avg.

STL-Adapter

AT 71.3 66.5 71.1 64.4 60.3 66.7
CN 70.6 67.2 72.4 55.5 58.7 64.9
WD 66.8 61.6 69.9 51.8 58.5 61.7
WN 67.6 60.0 70.3 54.0 57.0 61.8
AT,CN,WD,WN 71.5 66.7 72.1 64.7 59.0 66.8

zero-shot fusion w/KGC-adapter

AT, CN 71.9 68.1 72.8 65.4 59.7 67.6
AT, WD 71.5 66.3 71.4 65.3 61.2 67.1
AT, WN 72.5 67.5 73.1 66.4 59.5 67.8
CN, WD 70.8 68.1 72.1 55.3 59.3 65.1
CN, WN 71.0 67.6 73.0 54.8 59.1 65.1
WD, WN 67.8 62.6 71.3 52.9 57.1 62.3

zero-shot fusion w/KGC-adapter

AT, CN, WD 72.3 68.0 72.9 66.2 60.5 68.0
AT, CN, WN 72.5 68.7 73.8 66.8 60.4 68.4
AT, WD, WN 71.9 67.6 73.0 66.0 59.7 67.6
CN, WD, WN 69.6 67.6 73.1 53.7 59.5 64.7

zero-shot fusion w/KGC-adapter AT, CN, WD, WN 72.4 68.3 73.0 66.7 60.9 68.3

Table 10: STL-Adapter and zero-shot fusion w/ KG-C adapter performance across five commonsense tasks in var-
ious combination of KGs. AT, CN, WD and WN represent ATOMIC, ConceptNet, WikiData and WordNet,
respectively. Whole represents the combination of AT, CN, WD and WN. We run our experiment with seed 42.

Algorithm 1: Proposed framework for zero-shot commonsense reasoning
Input: PLM parameters θ, K KGs
Output: Reasoning model parameters (θ, {ΦkQA}Kk=1,ΦKGC ,ΨQA)

{DkQA}Kk=1 ← Generate synthetic QA samples from multiple KGs (Eq. 1)
DKGC ← Generate KG classification samples from multiple KGs (Eq. 9)
for each KG k = 1, ...,K do

ΦkQA ← argminΦ LQA(DkQA; θ,Φ) (Eq. 4)

ΦKGC ← argminΦ

∑M
i=1 LKGC(DKGC ; θ,Φ) (Eq. 10)

ΨQA ← argminΨ

∑K
k=1 LQA(DkQA; θ, {ΦkQA}Kk=1,ΦKGC ,Ψ) (Eq. 5 and 11)

return (θ, {ΦkQA}Kk=1,ΦKGC ,ΨQA)
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Abstract

Grounding dialogue generation by extra knowl-
edge has shown great potentials towards build-
ing a system capable of replying with knowl-
edgeable and engaging responses. Existing
studies focus on how to synthesize a response
with proper knowledge, yet neglect that the
same knowledge could be expressed differently
by speakers even under the same context. In
this work, we mainly consider two aspects of
knowledge expression, namely the structure of
the response and style of the content in each
part. We therefore introduce two sequential
latent variables to represent the structure and
the content style respectively. We propose a
segmentation-based generation model and op-
timize the model by a variational approach to
discover the underlying pattern of knowledge
expression in a response. Evaluation results on
two benchmarks indicate that our model can
learn the structure style defined by a few exam-
ples and generate responses in desired content
style.

1 Introduction

Building an open domain dialogue system has at-
tracted increasing attention from the community
of AI and NLP. Despite the impressive progress,
existing models are notorious for replying with
generic and bland responses. To bridge the gap,
researchers resort to ground dialogue generation by
extra knowledge such as unstructured documents
(Zhou et al., 2018c; Dinan et al., 2019). By this
means, the documents serve as content sources and
make a dialogue system knowledgeable regarding
various concepts in a discussion.

However, existing studies focus on how to syn-
thesize a response with proper knowledge (Dinan
et al., 2019; Kim et al., 2020; Zhao et al., 2020b),
but pay little attention to the fact that the same
knowledge could be expressed differently even un-
der the same context. These models usually em-

*Corresponding authors: Dongyan Zhao and Rui Yan.

Knowledge

• MovieName: Frozen
• Year: 2013
• Rating: Rotten Tomatoes: 89% , Metacritics: 74/100, CinemaScore: A+
• Cast: Kristen Bell as Anna, the 18-year-old Princess of Arendelle and Elsa's younger sister, Livvy

Stubenrauch as 5-year-old Anna, Katie Lopez as 5-year-old Anna (singing), Agatha Lee Monn as 
9-year-old Anna …

• …

Conversations

User1: I was really surprised that disney chose 
Kristen Bell to be the voice of Anna in 
Frozen

I was really surprised that disney chose 
Kristen Bell to be the voice of Anna in 
Frozen

User2: Yes, I didn't imagine it'd be her! Yes, I didn't imagine it'd be her! 

User2: What do you think about the rating? What do you think about the rating? 

User1: 74 in Metacritics. I believe it deserves, 
indeed.

The rating is 74 in Metacritics. Let me say, 
high enough for a Disney move

User1:     And I’d give credit to three different 
voice actors for anna. I’m really 
impressed. What about you?

And I do think it was overkill to use three 
different voice actors for anna. Do you
agree ?

Table 1: A case from CMU_DoG. Given the same
knowledge and context, the last two turns in left and
right conversations exhibit positive and negative senti-
ments, respectively. Each utterance can be decomposed
into knowledge-related and knowledge-irrelevant
segments.

ploy a regular decoder to generate the response
in an auto-regressive manner given the contextual
representations of knowledge and dialogue context,
which makes the generation process less explain-
able and controllable.

In general, the expression style of response is
composed of two aspects: the structure of the re-
sponse and the style of the content in each part. As
the example shown in Table 1, knowledge-related
phrases and clauses tend to be long, like “And I’d
give credit to three different voice actors for anna.”,
or short, like “74 in Metacritics”. Besides, they
may appear at the beginning of the sentence, or at
the end. For the sake of description, we decompose
a response into a sequence of non-overlapping seg-
ments, each is either related to certain background
knowledge and diverse in content style, or almost
irrelevant to the knowledge but simply playing the
role of stitching the context and carrying on the
conversation. We therefore define the structure
style as the distribution and number of two kinds
of segments. The structure style itself is far from
dominant in the sentence expression, since different
speakers could convey converse attitude even if the
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context and the knowledge are exactly the same. So
it is necessary to introduce the content style as the
expression fashion within each knowledge-related
segment. We further introduce two latent variables
to facilitate end-to-end training, one for predicting
the start and end positions of a segment, the other
for deciding the category of each segment. Since
the human annotations for sentence segmentation
are absent and enumerating over all possibilities
to maximize the likelihood of the response is time-
consuming, we propose a variational framework
for segmentation-based generation and induce an
evidence lower bound of the likelihood.

Formally, our model follows an encoder-decoder
architecture. The encoder is to obtain the contex-
tual representation of conversational context and
knowledge in a regular way. The decoder con-
sists of three types of modules: (1) context module,
for response only based on context without knowl-
edge; (2) plain-knowledge module, for response
referring knowledge but without particular style;
and (3) stylized-knowledge module, for response
referring knowledge and with a specific style. The
context module is the only module not relying on
knowledge, but simply paying attention to contex-
tual information. Compared with plain-knowledge
module, stylized-knowledge module has unique
adapters, which is their primary discrepancy. When
decoding, the decoder first predicts the segmenta-
tion of the response and then makes a choice in
three kinds of modules to generate a single segment.
Both the segmentation and the module selection
are instructed under sequential latent variables.

We train our model on the Reddit Corpus pub-
lished by Li et al. (2020) and evaluate our model on
two benchmarks of knowledge-grounded conversa-
tion: Wizard of Wikipedia (Wizard) (Dinan et al.,
2019) and CMU Document Grounded Conversa-
tion (CMU_DoG) (Zhou et al., 2018c). Evaluation
results indicate that our model can significantly
outperform state-of-the-art methods in the zero-
resource setting (i.e., only trained on the Reddit
Corpus). In addition, the performance of our model
improves significantly on Wizard and CMU_DoG
with the presence of only 10% training data and
the segment distributions after fine-tuning are con-
sistent with our prior knowledge about the two
datasets, indicating that our model can learn the
structure style with little cost. Finally, our model
outperforms previous state-of-the-art models on the
accuracy of performing sentiment classification us-

ing generated responses, which indicates that the
model can be controlled to express knowledge with
the desired content style.

Contributions in this work are three-fold:
(1) exploration of the knowledge expression in
knowledge-grounded conversation; (2) proposal of
a variational segmentation-based generation model
to discover the underlying expression style in a
response; (3) empirical verification of the effective-
ness of the proposed model on two benchmarks of
knowledge-grounded conversation.

2 Related Work

On the vanilla encoder-decoder architecture (Shang
et al., 2015; Vinyals and Le, 2015), various exten-
sions have been made to model the structure of di-
alogue contexts (Serban et al., 2016, 2017; Zhang
et al., 2019a); to improve diversity of responses (Li
et al., 2015; Xing et al., 2017; Zhao et al., 2017;
Tao et al., 2018); to control attributes of responses
(Xu et al., 2019; Zhou et al., 2018a; Wang et al.,
2018; See et al., 2019); and to bias responses to
some specific personas (Li et al., 2016; Zhang et al.,
2018). Recently, grounding dialogue generation by
extra knowledge has seemed promising to bridge
the gap between conversation with existing sys-
tems and conversation with humans, and the knowl-
edge could be obtained from knowledge graphs
(Zhou et al., 2018b; Moon et al., 2019; Tuan et al.,
2019), retrieved from unstructured documents (Di-
nan et al., 2019; Lian et al., 2019; Zhao et al., 2019,
2020a; Kim et al., 2020; Li et al., 2020; Fu et al.,
2022) or visual background (Mostafazadeh et al.,
2017; Shuster et al., 2018; Huber et al., 2018). In
this work, we study document-grounded dialogue
generation. Rather than selecting knowledge rele-
vant to dialogue context and directly exploiting pre-
trained language models to generate the response,
we focus on expressing knowledge in this task.

The idea of sequence modeling via segmenta-
tion (Wang et al., 2017; Kim et al., 2019) has at-
tracted widespread attention in several natural lan-
guage processing tasks. In text segmentation task,
Wang et al. (2017) propose a probabilistic model
for sequence modeling via their segmentation and
a “Sleep-WAke Network” (SWAN) method. In
machine translation, Huang et al. (2017) propose
a neural phrase-based machine translation system
that models phrase structures in the target language
using SWAN. In data-to-text generation, Wiseman
et al. (2018) develop a neural template-like genera-
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tion model with a HSMM decoder, which is learned
tractably by backpropagating through a dynamic
program; to tackle the problem of weak Markov
assumption for the segment transition probability,
Shen et al. (2020) propose to explicitly segment
target text into fragments and align them with their
data correspondences, and jointly learn the segmen-
tation and correspondence via dynamic program-
ming.

3 Approach

We start by providing the problem formalization
and overview of the proposed model in Sec.3.1.
Then in Sec.3.2 we describe the design for each
components. Lastly, we elaborate how to opti-
mize the components with variational inference
and weak supervision in Sec.3.3.

3.1 Overview

Suppose that we have a dataset D =
{(Ui,Ki, Ri)}Ni=1, where ∀i ∈ {1, . . . , N},
Ki serves as background knowledge of the dia-
logue (Ui, Ri) with Ki,j being the j-th sentence,
Ui is the context of the dialogue with Ui,j the
j-th utterance, and Ri is the response. To bias
the expression to a specific structure style, we
further assume that there are a few examples
Dsty = {(Ui,Ki, Ri)}Mi=1 provided by users
depicting the required style for knowledge expres-
sion. Note that we have N ≫M , since corpus in
a specific expression style is rare and difficult to
acquire. The goal is to learn a generation model
pθ(R|U,K) (θ denotes the parameters of the
model) fromD, to generate a responseR following
pθ(R|U,K) given a new dialogue context U and
the associated knowledge K. Different from
previous KGC generation model, we allow users to
either (1) bias the structure style of Pθ(R|U,K) to
Dsty with little cost; or (2) switch the content style
of knowledge expression in R.

Figure 1 gives an overview of the proposed
model, which is based on the encoder-decoder
architecture. The encoder generates the contex-
tual representations of the dialogue and knowledge,
while the decoder generates the segments one af-
ter another. hNt encodes the dialogue context up
to timestep t − 1 with N denoting the number of
decoder layers. Given R = (r1, · · · , rt, · · · , rlr)
with rt referring the t-th token of R whose length
is supposed to be lr, the variable Z = {zt}lrt=1 is
utilized to control the choice of module of each

segment (Module Indicator), and its historical in-
formation is encoded by {ct}lrt=0. M = {mt}lrt=1

is a sequence of binary variables and used to de-
termine the boundary of each segment (Boundary
Indicator). Specifically, mt = 1 indicating that
the current segment is already completed and a
new segment should be created at the next timestep.
Otherwise, mt = 0 and the current segment re-
mains unfinished. The generative process is disas-
sembled into two steps: (1) determine the type of
a new segment based on previously generated text
and previous segment types; (2) generate within the
current segment until the binary variable mt = 1.

3.2 Model Architecture

Context and Knowledge Encoding. We exploit
the pre-trained BART (Lewis et al., 2020) as
the backbone of our architecture, which is pre-
trained using a variety of denoising objectives
and achieves state-of-the-art results on a range
of text generation tasks. Given the dialogue con-
text U = (U1, · · · , Un), we simply concatenate
them as (u1, · · · , ulu). Similarly, we concatenate
the associated knowledge K = (K1, · · · ,Km) as
(k1, · · · , klk). lu and lk are the length of dialogue
context and background knowledge respectively.
The input of the encoder is then defined as:

I = [BOS]k1 . . . klk [EOS]u1 . . . ulu [EOS]. (1)

The input I is truncated or padded to the maxi-
mum capacity and then passes through the stacked
self-attention layers and results in a knowledge-
aware context representation C, and a context-
aware knowledge representation K. Specifically,
the context-aware knowledge representation is de-
fined as K = [henc1 , · · · ,henclk+1] where henct is the
last layer of BART encoder at time t. Similarly, the
knowledge-aware context representation is defined
as C = [henclk+2, · · · ,henclk+lu+2].

Prior of Module Indicator. We use the sequen-
tial discrete latent variable Z = {zt}lrt=1 to decide
which module to invoke at each timestep. The
transition of zt occurs only when a segment is com-
pleted, which is decided by the binary boundary
variable M . The prior quantifies the distribution
of zt before we observe the segment, and it is rea-
sonable to assume that the prior of zt depends on
previous module choices z<t and previously gen-
erated text. Then the transition of Z is defined as:
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Figure 1: Architecture of the proposed model. “Copy” means mt = 0 and the state of the module indicator ct+1

remains unchanged. “Update” indicates that mt = 1 and the state has been updated to include the information from
the previous segment.

pθz(zt|r<t, z<t,mt−1) = mt−1 · p̃(zt|ct)
+(1−mt−1) · δ(zt = zt−1),

(2)

where δ is a Kronecker delta function. ct encodes
all previous latent states z<t and generated text r<t
as follows:

ct = mt−1 ·fz−rnn(z̃t−1, ct−1)+(1−mt−1)·ct−1.
(3)

z̃t−1 = [et−1;h
N,dec
t−1 ] with et−1 the embedding

of zt−1 and hN,dect−1 the representation of last gen-
erated token. Specifically, mt−1 = 0 means that
the next timestep t is still in the same segment
as the previous timestep t − 1 and thus the latent
variable zt should not be updated. Otherwise, it
means that current segment is completed and zt
is updated with the transition function p̃(zt|ct).
Because we only have Nsty + 2 options when
choosing a module, where Nsty is the number of
different user-defined styles in addition to 2 de-
fault styles, so in this model, the latent variable zt
ranges in natural integer to denote corresponding
style type. Specifically, zt = 0 denotes choos-
ing the context expression module to generate a
knowledge-irrelevant segment; zt = 1 tells the
model to choose the knowledge expression mod-
ule without specially customized style; we leave
the zt ≥ 2 to be user-defined so as to select the
knowledge expression module combined with cus-
tomized style. The transition function p̃(zt|ct) is

then implemented as a multinomial distribution pa-
rameterized by Softmax(fz−mlp(ct))1.

Prior of Boundary Indicator. The boundary
indicator M = {mt}lrt=1 depicts the segmen-
tal structure of the response, with mt = 1 in-
dicates that a new segment should start at time
t + 1. Presumably, the prior of mt could be in-
ferred from r≤t and zt. We model the distribution
pθm(mt|r≤t, zt) by a Bernoulli distribution param-
eterized by σ(fm−mlp([et;h

N,dec
t ])), where σ de-

notes the sigmoid function.

Stylized Generation. As mentioned above, the
generation process involves scheduling different
modules according to zt. Here we give a systematic
description of the generation process. The decoder
accepts the token generated last timestep rt−1 as
input, performs transformation inN decoder layers,
finally obtains a dense representation.

We use hlt to denote the hidden state after the
l-th layer at timestep t, which is a shorthand for
hl,dect for brevity. Specially, h0

t is the output of
the embedding layer. When zt = 0, it implies
that knowledge encoding is unnecessary for current
segment so hlt is defined as:

hlt = DecoderLayer(hl−1t ,Hl−1
t−1,C), (4)

where Hl
t−1 = [hl1, · · · ,hlt−1] is a sequence of

decoder hidden states in previous timesteps, and
1We use f∗−mlp to denote a multi-layer perceptron net-

work in this paper.
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C is the context representation mentioned above.
DecoderLayer(·, ·, ·) is implemented as pre-trained
BART decoder layer where hl−1t first plays self-
attention on Hl−1

t−1 then performs cross-attention
on C. The probability p(rt|r<t, zt = 0) is de-
fined as a multinomial distribution parameterized
by Softmax(fr−mlp(hNt )), where hNt encodes the
generated tokens up to timestep t−1. When zt = 1,
the implementation of decoder layer is analogous
to the zt = 0 case except that we replace C with
K, since knowledge is needed:

hlt = DecoderLayer(hl−1t ,Hl−1
t−1,K). (5)

To generate a segment with a particular cus-
tomized style when zt ≥ 2, we introduce some
adapters to bias the generation efficiently following
Houlsby et al. (2019). Specifically, the hidden state
hlt is defined as:

hlt = DecoderLayeradp(h
l−1
t ,Hl−1

t−1,K), (6)

where DecoderLayeradp(·, ·, ·) denotes the trans-
former decoder layer with adapters inserted. To
make the style fine-grained and adjustable, each
style has a unique set of adapters. Different styles
have no adapter in common. In addition, our model
has the ability to learn to express in any style, as
long as a discriminator for the desired style is pro-
vided.2

3.3 Learning Details
We introduce auxiliary distributions qϕm(M |R) =∏lr
t=1 qϕm(mt|R) and qϕz(Z|M,R) =∏lr
t=1 qϕz(zt|M,R), which serve as an ap-

proximation to the intractable posterior of the
boundary indicator M and the module indicator
Z. We then apply variational approximation which
gives the following evidence lower bound objective
3(ELBO) (Hoffman et al., 2013):

log pθ(R|U,K)

≥ Eqϕm (M|R)

(
Eqϕz (Z|M,R)

lr∑

t=1

log pθ(rt|r<t, zt)

−
lr∑

t=1

mt−1 ·DKL

(
qϕz (zt|M,R)∥pθz (zt)

)
)

−
lr∑

t=1

DKL

(
qϕm(mt|R)∥pθm(mt)

)
,

(7)

2The proposed method is also able to control the content
style of knowledge-irrelevant segmentation by introducing
extra adapters. But we focus on knowledge expression in this
work.

3We always have m0 = 1

where pθz(zt) and pθm(mt) stand for
pθz(zt|r<t, z<t,mt−1) and pθm(mt|r≤t, zt)
respectively, and DKL(·∥·)) refers to Kull-
back–Leibler divergence. Detailed derivations are
presented in the appendix.

Based on the intuition that the response provides
hints about the segmentation, we construct the pos-
terior distribution qϕm(mt|R) as a Bernoulli dis-
tribution parameterized by σ(f ′m−mlp(ψt)). ψt is
a feature extracted from a bi-directional LSTM
ψ(R). Since the module indicator is kept un-
changed within a segment, the posterior distribu-
tion qϕz(zt|M,R) is conditioned on the boundary
indicator mt−1 and defined as:

qϕz(zt|M,R) =mt−1 · q̃(zt|ψt)
+ (1−mt−1) · δ(zt = zt−1),

(8)
where δ(·) denotes Dirac delta function and
the transition function q̃(zt|ψt) is implemented
as a multinomial distribution parameterized by
Softmax(f ′z−mlp(ψt)). Once we have the poste-
rior distribution, we apply Gumbel-Softmax (Jang
et al., 2016) to take samples of mt and zt.

Weak Supervision on M and Z. We first use
StanfordNLP toolkit (Manning et al., 2014) to parse
every response in the training set as a sequence of
segments, and use M̃ = {m̃t}lrt=1 to denote the
results of segmentation labeling. The pseudo la-
bel of module choice Z̃ = {zt}lrt=1 is tagged in a
similar way to multiclass classification, determined
by (1) the similarity between each segment and
knowledge and (2) the classification confidence of
the style discriminator. More details about the con-
struction of Z̃ and M̃ are provided in the appendix.

With Z̃ and M̃ , the loss function of weak super-
vision is defined as:

Lm = −
lr∑

t=1

log pθm(m̃t|r≤t, z̃t),

Lz = −
lr∑

t=1

m̃t−1 · log pθz(z̃t|r<t, z̃<t, m̃t−1).

(9)
The learning algorithm is summarized and provided
in the appendix.

4 Experiments

4.1 Datasets

We test our model on benchmarks of knowledge-
grounded dialogue generation, including Wizard of
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Training Data Models
Wizard Seen Wizard Unseen CMU_DoG

PPL F1 D-1 D-2 PPL F1 D-1 D-2 PPL F1 D-1 D-2

Reddit Corpus
BART 40.1 18.4 0.076 0.355 42.9 18.4 0.049 0.237 75.8 9.8 0.021 0.131
ZRKGC 41.1 18.9 0.055 0.246 42.7 18.8 0.037 0.179 53.8 12.2 0.015 0.094
Our Model 35.9 19.3 0.082 0.383 38.4 19.2 0.060 0.292 60.4 12.2 0.028 0.186

Reddit Corpus +
10% annotated data

BART 32.7 18.9 0.073 0.357 35.0 18.8 0.049 0.235 49.5 10.1 0.019 0.110
ZRKGC 29.1 19.1 0.072 0.309 31.6 18.9 0.048 0.209 38.0 13.7 0.010 0.062
Our Model 28.6 20.4 0.073 0.366 30.7 20.0 0.052 0.270 40.8 14.4 0.015 0.122

Table 2: Automatic evaluation results. Numbers in bold mean that the improvement to the best performing baseline
is statistically significant (t-test with p-value < 0.05).

Wikipedia (Wizard) (Dinan et al., 2019) and CMU
Document Grounded Conversations (CMU_DoG)
(Zhou et al., 2018c). We choose the Reddit Corpus
published by (Li et al., 2020) as D for pre-training.
Since it is abundant in expression style as a corpus
from online forum, the two latent variables could
be well initialized. We use part of the training data
of Wizard and CMU_DoG as Dsty respectively,
for these two datasets are distinctive in expression
style and differ from each other. The dialogues
in CMU_DoG tend to be causal and short, with
most utterances irrelevant to knowledge while the
responses in Wizard are usually long and knowl-
edgeable, as some phrases are directly extracted
from wiki articles.

More details about the datasets are described in
the appendix.

4.2 Experimental Setup
In this paper, we mainly consider two experimental
setups, corresponding to the two aspects of knowl-
edge expression. To explore how our model can be
used to control the distribution of different kinds
of segments (knowledge-related and knowledge-
irrelevant), we first train the model on the Reddit
Corpus and then fine-tune it on a small amount
of examples in Wizard and CMU_DoG, respec-
tively.4 To verify whether our model can generate
the knowledge-related segments in the desired style,
we still train the model on the Reddit Corpus, and
use a style tag to control the generation process.
In this experimental setup, we are primarily con-
cerned with generating with two kinds of styles,
positive and negative, where zt = 2 · min(1, zt)
tells the model to generate a response in positive
sentiment and zt = 3 ·min(1, zt) is for response
in negative sentiment.

Evaluation Metrics. Following Dinan et al.
(2019), we choose PPL and unigram F1 as the

4We provide the evaluation results of training on the whole
Wizard and CMU_DoG in the appendix.

metrics to evaluate the appropriateness. We fur-
ther use Distinct-1/2 (D-1/2), which are calcu-
lated as ratios of distinct unigrams and bigrams in
responses respectively, to evaluate the distinctness.
We also employ classification accuracy as the evalu-
ation metrics for style control experiments.5 Due to
space limitation, we provide automatic evaluation
results on more metrics (i.e., BLEU-1, METEOR,
and ROUGE-L) in the appendix.

To further verify whether our model could learn
structure style and content style, we randomly sam-
ple 300 examples from Test Seen of Wizard, and
the test set of CMU_DoG respectively, and recruit
6 well-educated native speakers to do qualitative
analysis on the responses generated by our model
and all baselines. The annotators need to judge
the quality of the responses from four aspects (i.e.,
fluency, context coherence, knowledge relevance
and style consistency), and assign a score from
{0, 1, 2} (representing “bad”, “fair” and “good” re-
spectively) to each response for each aspect. The
agreement among all annotators is measured via
Fleiss’ kappa (Fleiss, 1971). More details about the
setup of human evaluation as well as the results on
learning content style are provided in the appendix.

4.3 Baselines
For the exploration of structure style, we select the
following models as baselines: (1) BART (Lewis
et al., 2020): a model that achieves state-of-the-
art performance on various text generation tasks.
Note that our model degrades into BART once we
remove the module indicator Z and the boundary in-
dicator M; (2) Zero-resource Knowledge-grounded
Conversation (ZRKGC) (Li et al., 2020)6: a model
that is based on UniLM (Dong et al., 2019) and
optimized with Generalized EM method.

For the content style, we consider the follow-
ing models as baselines: (1) Emotional Chatting

5We exploit Roberta trained on the SST-2 training set
(Socher et al., 2013) as the evaluator.

6
https://github.com/nlpxucan/ZRKGC
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Models
Wizard Seen CMU_DoG

Fluency
Context

Coherence
Knowledge
Relevance

Style
Consistency

Kappa Fluency
Context

Coherence
Knowledge
Relevance

Style
Consistency

Kappa

BART 1.68 1.56 1.52 1.34 0.64 1.62 1.57 1.55 1.31 0.63
ZRKGC 1.62 1.59 1.55 1.36 0.65 1.61 1.53 1.65 1.56 0.66
Our Model 1.71 1.64 1.66 1.77 0.60 1.61 1.66 1.63 1.76 0.74

Table 3: Human evaluation results on learning structure style.

Machine (ECM) (Zhou et al., 2018a)7: a model
which can generate appropriate responses not only
content-relevant but also emotional consistent; (2)
variant of DialoGPT (Zhang et al., 2019b): we add
a sentiment indicating token at the first of the se-
quence and explore whether such simple heuristics
works for controlling knowledge expression; (3)
CTRL (Keskar et al., 2019) 8 : a large-scale model
trained on conditional codes to govern the style and
content of generation.

Our model and all baselines are trained on the
identical Reddit Corpus to maintain fairness.

4.4 Results on Learning Structure Style

In this section, we demonstrate the effectiveness of
our segmentation-based generation framework in
both low-resource setting and zero-resource setting
and empirically verify that our model can learn
structure style with a few annotated examples.

In zero-resource setting, we trained our model on
the Reddit Corpus published by Li et al. (2020) and
tested on Wizard and CMU_DoG respectively. Au-
tomatic evaluation results are shown in Table 2. It
could be observed that: (1) our model significantly
outperforms ZRKGC and BART on most metrics
and achieves the new state-of-the-art performance
on Wizard. It is impressive that our model exceeds
BART in CMU_DoG especially since the proposed
model degrades into BART without two sequen-
tial latent variables Z and M. The result serves as
strong evidence for the effect of two latent vari-
ables, which enable the model to learn complex
expression style in Reddit Corpus to handle flexible
expression in CMU_DoG. By contrast, BART is
far from satisfying with only a regular decoder. (2)
our model exceeds ZRKGC significantly in terms
of Distinct metrics, for ZRKGC mainly focuses on
leveraging external knowledge sources for response
generation, but falls short on expression diversity.
In the low-resource setting, after training our model
on the Reddit Corpus, we then fine-tune it with
only 10% training size of Wizard and CMU_DoG

7
https://github.com/thu-coai/ecm

8
https://github.com/salesforce/ctrl

respectively (i.e., Dsty in Sec 3.1) to adjust p(zt)
and p(mt) to a new structure style. When provided
with only 10% training data, our model gets obvi-
ous improvement (∼ 1% increase in F1) in contrast
with BART (∼ 0.5% increase in F1) and ZRKGC
(∼ 0.2% increase in F1), proving that the proposed
model can learn more sophisticated structure style
through quick adjustment on a specific dataset with
little cost.9

Human Evaluation. Table 3 shows human eval-
uation results on learning structure style. It could
be observed that: (1) our model is significantly
superior to others on style consistency, indicating
that the model can learn a consistent expression
style with very little data. (2) our model has better
performance on context coherence and knowledge
relevance, tallying with its impressive performance
in the low-resource scenario.

Fine-tuning with Limited Annotated Data. We
first train the model on the Reddit Corpus and then
fine-tune it with the amount of annotated data (e.g.,
Wizard and CMU_DoG) gradually increasing from
2% to 10%. To have a more intuitive understand-
ing of the effects of latent variables Z and M, we
compare the proposed model with BART, which
generates the response with a single decoder. The
evaluation results are shown in Figure 2. It can be
concluded from the result that: (1) our model can
learn the expression style of a particular dataset
more efficiently. As the training data increases, our
model has a more significant improvement in terms
of the F1 metric; (2) our model performs better
in meager resources since there is a considerable
gap between our model and BART when the train-
ing data is close to 0%; (3) the expression style of
CMU_DoG can be learned with less data because
the model has a significant change in performance
after using 2% CMU_DoG training data.

Refashioning of Knowledge-related Segments.
To know how our model adjusts to different

9After trained with 10% annotated data, the diversity of
our model decreases for it fits the specific expression style of
Wizard or CMU_DoG.
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Figure 2: Performance of different models wrt. training data size.

Models
Wizard Seen Wizard Unseen CMU_DoG

positive negative positive negative positive negative

F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc

ECM 10.5 55.8 10.2 60.7 10.1 55.7 10.1 57.6 7.6 41.5 8.3 55.4
DialoGPT 12.1 54.1 12.1 46.9 12.0 56.0 12.0 45.0 9.2 44.9 9.2 55.1
CTRL 15.3 71.9 14.9 55.3 14.9 75.0 14.6 52.3 9.3 70.2 9.2 61.7
Our Model 19.7 70.3 19.2 70.7 19.4 73.1 19.2 69.9 12.7 74.8 12.2 68.0

Table 4: Evaluation results on sentiment control. Numbers in bold mean that the improvement to the best performing
baseline is statistically significant (t-test with p-value < 0.05).

w/o annotated data Wizard CMU_DoG
Training Data
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Figure 3: The effect of fine-tuning on different data.

datasets, we compare the knowledge-related seg-
ments before and after trained with annotated data
from two aspects: (1) the average proportion of
knowledge-related segments (pklg) in a sentence;
(2) the average proportion of words belonging to
knowledge-related segments (lklg). The motiva-
tion behind is that the frequency and length of
these two kinds of segments generally indicates
how well the latent variable is learned to capture
the knowledge expression structure. We identify
these two kinds of segmentation by comparing their
lexical similarities with the knowledge. Figure 3
reports the results. The results indicate that our
model could learn the underlying structure style
of both datasets, with the great difference of pklg
and lklg before and after fine-tuning as evidence.
After fine-tuning with Wizard data, pklg drops to
0.26 while the lklg grows up a bit, indicating that
the knowledge-related segments generated by our
model are fewer and longer, which tallies with the
fact that the responses in Wizard are probably di-
rectly copied from background knowledge. How-

ever, after CMU_DoG data is fed to the model,
both pklg and lklg shrink drastically, which agrees
with the fact that crowd-sourcing workers converse
more liberally online and the responses are less
relevant to the background knowledge.

4.5 Results on Learning Content Style

We further investigate whether the proposed model
could express knowledge with the desired senti-
ment. Specifically, we introduce two sets of style
adapters to endow knowledge expression in two
different sentiments, namely positive and negative.
So in this scenario, it is required that responses
are not only coherent with context but also lim-
ited in positive or negative sentiment. To apply
ECM on knowledge-grounded conversation, we la-
bel the sentiment category for each response with
a classifier pre-trained on the SST (Socher et al.,
2013) training set. For DialoGPT, we similarly
annotate each response with a sentiment category
and append the sentiment token before the context
tokens. The evaluation results are shown in Table
4. We can conclude that: (1) The proposed model
outperforms all baseline models in terms of all met-
rics, which indicates that our model can control the
sentiment of knowledge expression and guarantee
high quality of the generated responses; (2) Simply
adding a sentiment indicating token at the begin-
ning of the sequence can not effectively control
the style of knowledge expression, as the perfor-
mance of DialoGPT on sentiment control is poor;
(3) Although ECM is designed for sentiment con-
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trol, it still fails to perform well in this task, proving
that sentiment control in the knowledge-grounded
conversation is rather difficult. Besides, ECM can
only control the sentiment of the whole response
but is helpless to manage every knowledge-related
segment at a fine-grained level.

5 Conclusions

We explore knowledge expression in knowledge-
grounded conversation and break down the expres-
sion style of a response into the structure of the
response (structure style) and the style of the con-
tent in each part (content style). We propose a
variational segmentation-based generation model
to discover the underlying expression style in re-
sponse. Specifically, we introduce two latent vari-
ables to model these two aspects of expression
style respectively and induce an evidence lower
bound of the likelihood. Evaluation results on two
benchmarks of the task indicate that our model can
learn the structure style with little cost and gener-
ate responses in desired content style without any
human-annotated data.

Ethical Considerations

It’s crucial for an open-domain dialogue system
to be able to automatically detect and discover the
underlying structural pattern of a sentence. With
the ability to handle a variety of expression styles,
whether positive or negative, serious or casual, our
work suggests that we are getting closer to the goal
of creating an artificial intelligent dialogue system
that can freely communicate with humans, which
is beyond the wildest dreams of most AI and NLP
researchers. However, a detailed survey should be
undertaken in advance to consider the immediate
audience’s and developers’ interests, as well as any
potential stakeholder groups.

Furthermore, knowledge-grounded dialogue sys-
tems have the potential to fabricate facts and dis-
tribute rumors and false information, particularly
when the source of external background knowl-
edge is unreliable. If the knowledge candidate set
is contaminated by fake news, the response gener-
ated by the dialogue system is likely to suffer from
the “hallucination” issue. Controlling the source
of knowledge sentences, such as paragraphs ex-
tracted from the wiki, authoritative news sites, or
authoritative product documents, is a necessary and
practical strategy.
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A Appendix

A.1 Derivation of ELBO
log p(R|U,K)

= log
∑

(M,Z)

p(R,M,Z)

= log
∑

(M,Z)

q(M,Z|R)p(R,M,Z)

q(M,Z|R)

= logE(M,Z)∼q(M,Z|R)
p(R,M,Z)

q(M,Z|R)

≥ E(M,Z)∼q(M,Z|R) log
p(R,M,Z)

q(M,Z|R)
= E(M,Z)∼q(M,Z|R) log p(R|M,Z)

− E(M,Z)∼q(M,Z|R)

(
log q(M,Z|R)

− log p(M,Z)
)
.

(10)

According to the mean-filed approxima-
tion, q(M,Z) ≈ q(M)q(Z). There-
fore, E(M,Z)∼q(M,Z|R) log p(R|M,Z) and
E(M,Z)∼q(M,Z|R)

(
log q(M,Z|R)− log p(M,Z)

)

can be re-written as:

E(M,Z)∼q(M,Z|R) log p(R|M,Z)

= EM∼q(M|R)

(
EZ∼q(Z|M,R)

lr∑

t=1

log p(rt|r<t, zt))
)

(11)

E(M,Z)∼q(M,Z|R)

(
log q(M,Z|R)− log p(M,Z)

)

= EM∼q(M|R)

(
EZ∼q(Z|M,R)

(
log q(M |R)− log p(M)

)

+ EZ∼q(Z|M,R)

(
log q(Z|M,R)− log p(Z)

))

= EM∼q(M|R)

(
log q(M |R)− log p(M)

)

+ EM∼q(M|R)

(
EZ∼q(Z|M,R)

(
log q(Z|M,R)− log p(Z)

))

=

lr∑

t=1

(
EM∼q(M|R)

(
log q(mt)− log p(mt)

))

+ EM∼q(M|R)

( lr∑

t=1

mt−1 · EZ∼q(Z|M,R)

(
log q(zt)− log p(zt)

))

=

lr∑

t=1

DKL(q(mt)∥p(mt))

+ EM∼q(M|R)

( lr∑

t=1

mt−1 ·DKL(q(zt)∥p(zt))
)
.

(12)

A.2 Details about the Construction of M̃ and
Z̃

In this section, we provide more details about of
construction of M̃ and Z̃. For every response in
the training set, we parse it as a syntax tree using
StanfordNLP toolkit (Manning et al., 2014). The

syntax tree we obtain is in a hierarchical and nested
structure. The root node of the tree represents the
whole response sentence and the root node of every
subtree represents a corresponding phrase, a small
part of a sentence. For example, if a phrase could be
divided into three parts, then the node representing
the phrase has three child nodes and each represents
a part of the phrase. After we acquire the parsing
tree, segmentation is then carried out recursively.
To be concrete, we traverse the parsing tree by deep-
first search order. Every time we arrive at a node,
compute the similarity10 between the knowledge
and the phrase represented by the node. If the
similarity is above the threshold µseg, we mark
the phrase as a segment and search in this branch
terminates. Else we continue to search the child
nodes of the current node to segment at a more
refined level. We use M̃ = {m̃t}lrt=1 to denote the
results of segmentation labeling.

The pseudo label of module choice Z̃ = {zt}lrt=1

is tagged in a similar way to multiclass classifica-
tion. Specifically, for a segment (rs, · · · , re) where
s and e are the start and end position of a segment
respectively. If the similarity between this segment
and the knowledge falls below a threshold µknl, its
pseudo label (zs, · · · , ze) will be set to 0. Other-
wise we send the segment to a series of style dis-
criminators one after another until the classification
confidence given by a discriminator is above µstyi
and pseudo module choice label will be set to i+1.
If all discriminators fail to classify the segment at a
confidence greater than µstyi , (zs, · · · , ze) are all 1,
indicating knowledge should be expressed without
particular style.

A.3 Learning Algorithm
The learning algorithm is summarized in Algorithm
1.

A.4 Details of Datasets
Training Data. We choose the Reddit Corpus
published by (Li et al., 2020) as D for pre-training.
The data contains 842, 521 context-knowledge-
response triples for training and 2, 737 context-
knowledge-response triples for validation. On aver-
age, each dialogue contains 3.1 utterances in both
sets, and the average length of the utterance is 16.0
in training and is 16.1 in validation.

Evaluation Data. We test our model on bench-
marks of knowledge-grounded dialogue generation,

10We use unigram Precision to calculate the similarity.
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Algorithm 1 Learning Algorithm
1: Input: Training data D, thresholds for weak supervision µseg , µknl and µsty , discriminator{Disi}Nsty

i=1 , maximum step M ,
adapter training step M

′
.

2: for m← 1 to M do
3: Sample a mini-batch {(Ui,Ki, Ri)} from D.
4: Conduct segmentation on Ri to get M̃ .
5: for i← 1 to Nseg do
6: for j ← 1 to Nsty do
7: Use Disj to classify response segment (rsi , · · · , rei).
8: if Confidence of Disj ≥ µsty and (zsi , · · · , zei) are not assigned then
9: (zsi , · · · , zei)← j + 1

10: end if
11: end for
12: end for
13: if m ≤M ′ then
14: Update the adapters based on the first term in ELBO.
15: else
16: Update the parameters θ (i.e., θm, θz and the parameters in p(rt)) and ϕ (i.e., ϕm and ϕz) based on ELBO and weak

supervision.
17: end if
18: end for
19: return Generation Model pθ(R|U,K) with prior distribution pθm and pθz

including Wizard of Wikipedia (Wizard) (Dinan
et al., 2019) and CMU Document Grounded Con-
versations (CMU_DoG) (Zhou et al., 2018c). Both
datasets are split into training sets, validation sets,
and test sets by the data owners. We follow Di-
nan et al. (2019) and conduct the pre-processing
with the code published on ParlAI11. Topics in Wiz-
ard cover a wide range (1, 365 in total), and each
conversation happens between a wizard who has
access to the knowledge about a specific topic and
an apprentice who is just eager to learn from the
wizard about the topic. The test set is split into two
subsets. Test Seen only contains dialogues with
topics that have already appeared in the training
set, while topics in Test Unseen never appear in the
training set and the validation set. Different from
Wizard, CMU_DoG focuses on movie domain, and
besides wizard-apprentice conversations, the data
also contain conversations between two workers
who know the document and try to discuss the con-
tent in depth. In both datasets, only the turns where
knowledge is accessible are considered in response
generation. Table 5 reports the statistics of the
Wizard data and the CMU_DoG data

A.5 More Implementation Details
We employ a knowledge selection (KS) module
to select the top 7 related sentences in knowledge.
The KS module is implemented based on Roberta-
base (125M) and trained on the Reddit Corpus.
Specifically, we treat the sentence which has the

11
https://github.com/facebookresearch/ParlAI/blob/

master/projects/wizard_of_wikipedia

highest F1 score with the response as the positive
sample, and the negative sample is randomly sam-
pled from all the other knowledge sentences. We
train the KS module via maximum likelihood es-
timation (MLE) with a batch size of 64 and an
initial learning rate of 1e− 5. The threshold µseg,
µknl, µpos and µneg12 in weak supervision are set
as 0.9, 0.5, 0.8 and 0.8, respectively. The encoder-
decoder architecture is implemented on the basis
of Bart-base (139M) and trained on the Reddit Cor-
pus with a batch size of 64 and an initial learning
rate of 5e − 6. The parameters for prior and pos-
terior distributions of Z and M (i.e., θz , θm, ϕz
and ϕm) are initialized randomly, and optimized
with a learning rate of 1e− 4. The parameters for
adapters are initialized randomly and optimized
with a learning rate of 2e − 3. We only train the
adapters for the first 1000 steps. We utilize gated
recurrent units (GRUs) as the basic units in fz−rnn.
We set the hidden size and the number of layers of
RNN in our model (i.e., fz−rnn and ψ(·)) as 128
and 1 respectively. The embedding size for Z is set
as 128 and the adapter size is set as 64. When fine-
tuning the model on the Wizard and CMU_DoG
datasets, the learning rate and the batch size are
set as 5e − 5 and 32 respectively. We employ
greedy search in response decoding. All models
are learned with Adam (Kingma and Ba, 2015)
optimizer with β1 = 0.9 and β2 = 0.999. We
increase the learning rate linearly for the first 200

12We consider positive and negative sentiment style in our
experiments.
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Wizard of Wikipedia CMU_DoG

Train Valid Test Seen Test Unseen Train Valid Test

# Utterances 166,787 17,715 8,715 8,782 74,717 4,993 13,646

# Conversations 18,430 1,948 965 968 3,373 229 619

# Topics/Documents 1,247 599 533 58 30 30 30

Avg. # of Turns 9.0 9.1 9.0 9.1 22.2 21.8 22.0

Table 5: Statistics of the Wizard data and the CMU_DoG data.

Training Data Models
Wizard Seen Wizard Unseen CMU_DoG

PPL BLEU-1 ROUGE-L METEOR PPL BLEU-1 ROUGE-L METEOR PPL BLEU-1 ROUGE-L METEOR-L

Reddit Corpus
BART 40.1 0.206 0.164 0.099 42.9 0.202 0.167 0.099 75.8 0.141 0.117 0.060
ZRKGC 41.1 0.225 0.163 0.099 42.7 0.220 0.164 0.100 53.8 0.161 0.128 0.075
Ours 35.9 0.235 0.168 0.095 38.4 0.232 0.169 0.095 60.4 0.166 0.131 0.069

Reddit Corpus
+10% training data

BART 32.7 0.203 0.174 0.103 35.0 0.199 0.175 0.103 49.5 0.141 0.122 0.067
ZRKGC 29.1 0.227 0.175 0.101 31.6 0.222 0.176 0.100 38.0 0.173 0.139 0.083
Ours 28.6 0.237 0.181 0.103 30.7 0.231 0.176 0.101 40.8 0.182 0.139 0.080

Table 6: More Results about Automatic Evaluation.

steps and decrease it thereafter proportionally to
the inverse square root of the step number. Early
stopping on validation is adopted as a regulariza-
tion strategy. All models are trained on a 8×RTX
2080 Ti machine.

A.6 More Results about Automatic
Evaluation

Table 6 reports more results about the automatic
evaluation, from which we can see that our model
still outperforms the baselines.

A.7 Human Evaluation

We randomly sample 300 examples from Test Seen
of Wizard, and the test set of CMU_DoG respec-
tively, and recruit 6 well-educated native speakers
to do qualitative analysis on the responses gener-
ated by our model and all baselines. For each of
the 300 examples, an annotator is provided with
the context, the ground-truth knowledge, model
responses and the associated style types. For eval-
uation of structure style, we defined two kinds of
structure styles based on two datasets, namely the
Wizard-like style Swizard and the CMU_DoG-like
style Scmudog. While for evaluation of content
style, we roughly divide content styles in two cat-
egories, Spos and Sneg for convenience. The re-
sponses provided by different models are randomly
shuffled to hide their sources. The annotators need
to judge the quality of the responses from four as-
pects: (1) fluency: whether the response is fluent
without any grammatical errors; (2) context coher-
ence: whether the response is coherent with the
context; (3) knowledge relevance: whether the re-

sponse is relevant with the knowledge; and (4) style
consistency: whether the response exhibits the de-
sired style. Each annotator assigns a score from
{0, 1, 2} (representing “bad”, “fair” and “good” re-
spectively) to each response for each aspect. Each
response obtains four scores for aforementioned
four aspects, and the agreement among all annota-
tors is measured via Fleiss’ kappa (Fleiss, 1971).

Results on Learning content style. Table 7 re-
ports the human evaluation results on learning con-
tent style. The three models are trained on the
Reddit Corpus. We can conclude that: (1) by in-
troducing two latent variables and a number of
adapters for different styles, our model can gen-
erate responses in desired content style (i.e., Spos
and Sneg) more accurately and achieve significant
improvement on style consistency, which is con-
sistent with the results in Table 4; (2) our model
also outperforms ECM and DialoGPT on fluency,
context coherency and knowledge relevance thanks
to the capacity of large-scale pre-trained language
models and the introduction of external knowledge
respectively.

A.8 Comparison with More Baselines

We compare with models trained on full training
data, and Table 8 shows the evaluation results.
First, it is noted that our model outperforms Knowl-
edGPT in terms of F1 by using only 10% training
data13 on CMU_DoG, which provides a strong sup-
port for the effectiveness of the proposed model.

13The 10% training data is randomly sampled. The result
is an average value of three repetitive experiments on every
dataset
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Models
Wizard Seen CMU_DoG

Fluency
Context

Coherence
Knowledge
Relevance

Style
Consistency

Kappa Fluency
Context

Coherence
Knowledge
Relevance

Style
Consistency

Kappa

ECM 0.85 0.94 1.02 1.24 0.65 0.96 0.95 1.18 1.08 0.72
DialoGPT 1.57 1.41 1.19 1.26 0.75 1.55 1.62 1.09 1.02 0.65
Our 1.64 1.60 1.78 1.72 0.76 1.59 1.63 1.51 1.69 0.62

Table 7: Human evaluation results on learning content style.

Training Data Models
Wizard Seen Wizard Unseen CMU_DoG

F1 D-1 D-2 F1 D-1 D-2 F1 D-1 D-2

100% annotated data

TMN 15.9 0.041 0.176 14.3 0.025 0.106 9.9 0.003 0.008
SKT 19.3 0.085 0.300 16.1 0.056 0.188 - - -
DRD 19.3 0.065 0.252 17.9 0.046 0.177 10.7 0.010 0.044
KnowledGPT 22.0 0.141 0.431 20.5 0.094 0.290 13.5 0.023 0.113
Our Model 22.0 0.128 0.415 20.8 0.090 0.278 15.3 0.031 0.121

Reddit Corpus
BART 18.4 0.076 0.355 18.4 0.049 0.237 9.8 0.021 0.131
ZRKGC 18.9 0.055 0.246 18.8 0.037 0.179 12.2 0.015 0.094
Our Model 19.3 0.082 0.383 19.2 0.060 0.292 12.2 0.028 0.186

Reddit Corpus +
10% annotated data

Our Model 20.4 0.073 0.366 20.0 0.052 0.270 14.4 0.015 0.122

Reddit Corpus +
100% annotated data

Our Model 21.9 0.134 0.453 21.2 0.103 0.302 15.5 0.041 0.134

Table 8: Automatic evaluation results.

Second, by adjusting the structure style on a small
amount of data, the gap between our model and
KnowledGPT is further narrowed, while the im-
provements on ZRKGC and BART are trivial.

A.9 Ablation over Weak Supervision
To have more insights into the impact of weak su-
pervision on the performance of our model, we
compare the proposed model with the following
variants: (1)-weak supervision on Z: the weak su-
pervision on module indicator Z is removed; (2)-
weak supervision on Z and M: the weak supervision
on module indicator and boundary indicator is re-
moved. Table 9 reports the evaluation results. We
can conclude that (1) the weak supervision objec-
tives significantly improve model performance; (2)
the weak supervision objectives play a more cru-
cial role on CMU_DoG, as removing them causes
a dramatic drop in performance. The reason is
that this dataset has more sophisticated expression
styles and it is difficult to learn these styles without
auxiliary supervision signals.

A.10 Ablation over Boundary Indicator
Since the module indicator is conditioned on the
boundary indicator, we are curious about what will
happen if the M is removed. The ablation result
is shown on Figure 4. There is an evident drop
on Wizard Seen and Wizard Unseen, verifying the
effect of boundary indicator in assisting the mod-
ule indicator. The margin is tiny on CMU_DoG,

Wizard Seen Wizard Unseen CMU_DoG
 

10

12

14

16

18

20

F1

Our Model
-Boundary

Figure 4: Ablation results on Wizard and CMU_DoG.

perhaps because its structure feature is easier to
capture, so the module indicator could works prop-
erly itself.

A.11 Case Study

This section mainly studies how different models
vary in knowledge expression for the same context
and background knowledge. Table 10 shows an
example from the test set of CMU_DoG. This ex-
ample contains the background knowledge which
gives a plot from the movie, and the dialogue con-
text which is generated by discussing the content in
the knowledge. We choose the following four mod-
els to generate the response in corresponding style
given the dialogue context and knowledge, and all
models are pre-trained with the Reddit Corpus: (1)
Wizard Model for Swizard: the model fine-tuned
with 10% training data in Wizard; (2) CMU_DoG
Model for Scmudog: the model fine-tuned with 10%
training data in CMU_DoG; (3) Positive Model for
Spos: the model forced to express knowledge with
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Training Data Models
Wizard Seen Wizard Unseen CMU_DoG

F1 D-1 D-2 F1 D-1 D-2 F1 D-1 D-2

Reddit Corpus
Our model 19.3 0.082 0.383 19.2 0.060 0.292 12.2 0.028 0.186
-weak supervision on Z 19.1 0.077 0.362 19.1 0.056 0.270 10.2 0.027 0.155
-weak supervision on Z and M 19.1 0.083 0.382 18.8 0.058 0.270 9.5 0.023 0.147

Reddit Corpus +
10% annotated data

Our model 20.4 0.073 0.366 20.0 0.052 0.270 14.4 0.015 0.122
-weak supervision on Z 19.5 0.072 0.354 19.3 0.051 0.250 13.2 0.014 0.115
-weak supervision on Z and M 19.5 0.077 0.366 19.2 0.054 0.258 13.5 0.013 0.091

Table 9: Ablation study over the weak supervision. Numbers in bold means that the improvement to variants is
statistically significant (t-test with p-value < 0.05)

Knowledge • MovieName: How to Train Your Dragon
• Back at the village, Hiccup subdues a captive dragon in his final training test in front of his father instead of 

killing it, but Stoick inadvertently angers the dragon into attacking.
• Toothless attempts to protect Hiccup in the ensuing panic but is instead captured by the Vikings. 
• Hiccup accidentally reveals to Stoick that Toothless is capable of locating the dragons' nest. 
• Stoick disowns his son and sets off for the nest with Toothless chained to the lead ship as a guide. 
• The Vikings expel most of the dragons but are overwhelmed by the Red Death until Hiccup, Astrid and their 

fellow pupils fly in riding the training dragons from the academy and provide cover fire. 
• Hiccup almost drowns trying to break Toothless free from a sinking ship but Stoick saves them both and then 

reconciles with his son. 
• Toothless and Hiccup destroy the Red Death but Hiccup is injured in the fight. 
• Hiccup regains consciousness on Berk where his lower left leg has been replaced by a prosthesis, and the 

Vikings and the dragons now live in harmony.

Context User1: Now I keep thinking about phantom pain and whatnot... will he walk with his new prothesis?  Was does 
viking prothesis look like?!
User2: ...but now they live there together! Schweet.
User1: Yes!

Ground Truth Probably sharp and imposing!

Wizard Model They live in a house together . It ' s the same as before but with toothless and hiccup now living on berk where his 
lower left leg has been replaced by a prosthesis.

CMU_DoG Model What is the new prothesis ? ! It ' s a Viking

Positive Model Vikings live in harmony now have the dragons living together and are all still alive to be united.

Negative Model Though Vikings and the dragons live in harmony, Hiccup can no longer walk with this lower left leg.

Table 10: A case from test set of CMU_DoG.

positive sentiment; (4) Negative Model for Sneg:
the model forced to express knowledge with neg-
ative sentiment. We can see that the knowlege ex-
pression style of the Wizard Model and CMU_DoG
Model are quite different. The central part of the
Wizard Model response is copied from the back-
ground knowledge, which is consistent with the
style of Wizard data. The response generated by
CMU_DoG Model is more casual in knowledge
expression, and the content is mainly related to the
conversation context. Besides, responses generated
by the Positive Model exhibit evident positive sen-
timent, while responses generated by the Negative
Model show relatively negative sentiment.
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Abstract

Speaker identification (SI) in texts aims to iden-
tify the speaker(s) for each utterance in texts.
Previous studies divide SI into several sub-tasks
(e.g., quote extraction, named entity recogni-
tion, gender identification, and coreference res-
olution). However, we are still far from solv-
ing these sub-tasks, making SI systems that
rely on them seriously suffer from error prop-
agation. End-to-end SI systems, on the other
hand, are not limited by individual modules,
but suffer from insufficient training data from
the existing small-scale datasets. To make large
end-to-end models possible, we design a new
annotation guideline that regards SI as span ex-
traction from the local context, and we annotate
by far the largest SI dataset for Chinese named
CSI based on eighteen novels. Viewing SI as
a span extraction task also introduces the pos-
sibility of applying existing storng extractive
machine reading comprehension (MRC) base-
lines. Surprisingly, simply using such a base-
line without human-annotated character names
and carefully designed rules, we can already
achieve performance comparable or better than
those of previous state-of-the-art SI methods on
all public SI datasets for Chinese. Furthermore,
we show that our dataset can serve as additional
training data for existing benchmarks, which
leads to further gains (up to 6.5% in accuracy).
Finally, using CSI as a clean source, we design
an effective self-training paradigm to continu-
ously leverage hundreds of unlabeled novels.

1 Introduction

Speaker identification (SI) aims to identify the cor-
responding speakers for utterances in texts (Zhang
et al., 2003; Glass and Bangay, 2007). Most exist-
ing SI datasets (He et al., 2013; Chen et al., 2021)
provide ground-truth character aliases and utter-
ance spans as inputs. However, such annotations
are unavailable in realistic settings, under which SI
is usually divided into interrelated sub-tasks (Pan
et al., 2021; Yoder et al., 2021) (e.g., utterance

identification, named entity recognition, corefer-
ence resolution, and candidate speaker generation).

However, this pipeline faces several challenges.
First, these modules are imperfect, and they in-
evitably introduce errors that propagate and se-
riously affect the final performance (C-I). For
example, the performance of the state-of-the-art
coreference resolution model is about 80.3% in
F1 (Kirstain et al., 2021). Second, classical SI
datasets and approaches assume that the speaker
to be linkable to one of the named entities, which
cannot handle the more realistic settings where the
speakers are not humans or only exist as nomi-
nals (e.g., “a young girl" or “smartwatch") (C-II).
Third, features (e.g., speech verb list and position
information) and rules are usually carefully cre-
ated and selected by experts for a certain language,
which may make these resources difficult to be
used for other languages (C-III). Finally, one of the
main reasons that people heavily rely on pipeline
methods is that book-level exhaustive annotations
of SI datasets are too expensive. As a result, exist-
ing small-scale annotations are insufficient to train
large models, especially the advanced pre-trained
language models (Devlin et al., 2019) (C-VI).

This work focuses on the abovementioned four
challenges. We first design a new annotation guide-
line that simplifies the task to span extraction from
the local context and thus viewing SI as an end-to-
end task (C-I): given a snippet that contains several
contiguous paragraphs, for each paragraph that may
contain utterances, we annotate the most informa-
tive reference to a speaker (i.e., speaker mention)
if one exists, otherwise the content within quo-
tation marks. As a result, speaker mentions are
not limited to entities only (C-II). This simplifi-
cation is built on two assumptions: utterances in
a single paragraph usually correspond to a single
speaker (He et al., 2013) (e.g., all utterances in
paragraph U1 in Table 1 are said by “Brandi”) and
an explicit speaker mention is very likely to appear
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in the local context (Glass and Bangay, 2007), es-
pecially when the context starts and ends with a
paragraph that does not contain any utterances (Sec-
tion 3.3). Under this guideline, annotation efforts
are greatly reduced because annotators only need to
select a span based on a text snippet and avoid steps
such as creating and maintaining a book-specific
list of characters and their aliases, in-depth chapter-
level or book-level understanding. In total, we an-
notate 66K Speaker Identification instances based
on eighteen Chinese novels named CSI.

Considering the similarity between simplified
SI and extractive machine reading comprehension
(MRC), which aims to extract an answer span from
a given document for a question (Hermann et al.,
2015), we can easily adapt an MRC baseline to
SI, which does not consider any language-specific
features (C-III). Surprisingly, simply using such
an extractive method (Xu et al., 2020) already
yields comparable or better performance than that
of state-of-the-art systems on two public SI datasets
for Chinese (WP (Chen et al., 2021) and JY (Jia
et al., 2021)). Furthermore, our experimental re-
sults demonstrate that CSI can serve as additional
high-quality training data for existing SI datasets,
though it follows an extractive annotation guide-
line based on local context, which is quite different
from that of traditional book-level annotation. Fi-
nally, using CSI as a clean source, we develop a
simple yet effective self-training paradigm to con-
tinue leveraging hundreds of unlabeled novels (C-
IV), which further reduces the gap between super-
vised and zero-shot performance on WP and JY.1

The contributions of this paper are as follows.

• We design a new annotation guideline that
simplifies book-level SI to span extraction
based on the local context, which alleviates
the annotation burden and covers diverse types
of speakers instead of entities alone.

• We offer a large-scale dataset for Chinese to
support end-to-end extractive SI, which can
also serve as high-quality training data for
existing SI datasets.

• We propose the first end-to-end SI method,
which achieves comparable or better perfor-
mance than that of state-of-the-art methods on
all SI datasets for Chinese without requiring
any manually designed rules and features.

1We will release the code, pre-trained model, and re-
sources without distributing copies of any copyrighted work
at https://github.com/yudiandoris/csi.

• We are the first to leverage large-scale unla-
beled novels to improve SI via self-training,
and our recipes to make self-training work for
these tasks may shed light on future studies.

N1 Layla didn’t give Brandy anything dangerous, so she put away things
like a silver knife. She only asked her to use a mill, and then Brandi
was able to sit there and grind all the peppers in the house into powder.

U1 Brandi was very careful. When she showed Layla, she said, “The
particles of this bottle are a little bit thicker.” She put down a crystal
bottle and said “The particles of this bottle are a little finer.”. After she
put another crystal bottle and then star, Brandy asked Layla, “Mom,
will you give me anything that needs to be ground?”.

U2 “Okay.” The mother was dizzy and dizzy at the moment when her
daughter raised her face and hold Brandi’s small hands to the kitchen
and told her to grind whatever she wanted.

N2 Coarse sugar is all ground into fine sugar, cooked sesame seeds are
all ground into sesame powder, and there are other things such as
cinnamon.

U1 Brandi
U2 Layla

Table 1: An translated example containing two utterance
paragraphs (U) in CSI (N: narrative paragraph).

2 Related Work

We will compare in detail existing SI tasks/datasets
and CSI in Section 3.1 and Section 3.2.

This work is the first attempt to apply self-
training (Yarowsky, 1995; Riloff and Wiebe, 2003)
to SI. Previous studies on other natural language
understanding tasks using self-training mostly gen-
erate pseudo-labeled data based on in-domain unan-
notated data (Du et al., 2021) or data in the same
domain (Wang et al., 2021). In addition, those stud-
ies usually fix the unannotated data pool in each it-
eration. We propose continual self-training to feed
a model with pseudo-labeled data based on differ-
ent unlabeled out-of-domain data in each iteration,
removing the burden of widely adopted strate-
gies such as selecting ample in-domain unlabeled
data (which may not exist) and filtering some of
the pseudo-labeled data after each iteration (Chen
et al., 2011; Ye et al., 2020; Cascante-Bonilla et al.,
2021) to either improve the quality or control the
difficulty of noisy pseudo-labeled data.

Different from continual learning (Ring et al.,
1994), we stick to the SI task. As the clean data of
the target task is always used during training, the
proposed paradigm tends not to suffer from catas-
trophic forgetting (McCloskey and Cohen, 1989).
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3 Guideline and Dataset Annotation

3.1 Existing Task Formulations and Datasets
Most of the existing SI datasets are in rich-resource
languages such as English (e.g., CQSAC (Elson
and McKeown, 2010), P&P (He et al., 2013),
QuoteLi3 (Muzny et al., 2017), and RiQuA (Papay
and Padó, 2020)) and Chinese (WP (Chen et al.,
2019, 2021) and JY (Jia et al., 2021)), and the
annotated texts are mostly classical novels or non-
fiction texts (e.g., RWG (Brunner, 2013)). See data
statistics in Table 2.

Some of the datasets such as P&P and WP also
provide a human-labeled list of main characters in
a novel, which contains different mentions (if any
exists) of each main character, or a small number of
candidate speakers for each utterance instance (e.g.,
JY). When a character list is unavailable, person
names that appear in the surrounding context of the
utterance is regarded as candidate speakers (Pan
et al., 2021). Thus SI tasks are usually formulated
as ranking (He et al., 2013) or classification (Muzny
et al., 2017) problems, and golden-standard gender
information of speakers can be used as features to
facilitate speaker identification.

3.2 Assumptions for Annotation
Main characters who are important to the story
are usually named, and they play essential roles
in many downstream tasks such as character per-
sonality prediction (Flekova and Gurevych, 2015)
and character network construction (Labatut and
Bost, 2019). And this might explain why previous
SI resource studies put more emphasis on person
entities and their anaphoric mentions during anno-
tation, leading to entity-centric designs for most
SI methods. However, unnamed speakers (e.g.,

“pedestrian” and “cat”), who are usually created
as minor characters, and non-living things (e.g.,

“robot") are seldom annotated, limiting the usage
of SI in real-world applications such as audiobook
reading (Hinterleitner et al., 2011) that require ex-
haustive identification of all kinds of speakers.

Another challenge is that existing SI tasks mostly
regard ground truth utterances as inputs, which, un-
fortunately, are not readily available in real-world
book-based applications. Worse still, quote identi-
fication itself is a research challenge (e.g., overall
F1 around 50%–60% (Lee et al., 2020)).

To address the two issues and support end-to-end
training, we first propose a new annotation guide-
line for SI that considers different types of speakers

(e.g., multiple speakers, entities, person names in
other languages, and phrases) and at the same time
addresses non-utterance quotation identification.
Given a snippet that contains several contiguous
paragraphs, for each paragraph that may contain ut-
terances, we annotate the most informative mention
of the corresponding speaker if one exists, other-
wise the earliest mentioned content punctuated with
quotation marks (quotation marks included).2 This
simplification is built on two widely held assump-
tions: (I) utterances in a single paragraph usually
correspond to a single speaker (He et al., 2013)
and (II) an explicit speaker mention is very likely
to appear in the surrounding context of the target
utterance (Glass and Bangay, 2007). See more dis-
cussions about the two assumptions and exceptions
based on our annotated corpus in Section 3.4.

3.3 Candidate Utterance Paragraph
Identification and Context Selection

Based on Assumption (I), we aggressively regard
that all utterances in a paragraph are said by the
same speaker. Thus, we do not conduct quote iden-
tification as previous studies, which saves anno-
tation cost. We use (context, paragraph) pairs in
which the paragraph may contain utterances as an-
notation instances. We aim to annotate the most
informative speaker mention within the surround-
ing context of the paragraph or from the paragraph.

To save annotation efforts, we simply regard all
paragraphs that contain at least one double quo-
tation mark as candidate utterance paragraph
(i.e., a paragraph that contains one or multiple ut-
terances) and regard others as narrative paragraphs.
Paragraphs are split by line breaks. To select local
context, we argue that we can regard the nearest
narrative paragraphs before and after the candidate
as context boundaries. We refer to this method of
context selection as narrative window. Consider-
ing the role of supporting dialogue understanding,
this kind of context can somehow be regarded as
a mini-scene, similar to those in movie/TV show
scripts that provide structured information such as
a narrative description of the location and time, the
events of a scene, and non-verbal behaviors (e.g.,
actions or attitudes) of speakers beyond dialogues.
We only keep instances whose context contains
fewer than ten candidate utterance paragraphs, as
long-text understanding is also quite challenging.

2For speaker mentions that are enclosed by quotation
marks, we only annotate the speaker mention.
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dataset language types of speakers # of books # of utterances⋆ avg. context
length (tokens)

CQSAC English entity/mention† 11 3,176 –
P&P English entity 3 1,901 –
QuoteLi3 English entity/mention† 3 2,296 –
RiQuA English entity/mention† 11 5,963 –
RWG German entity/mention† 13 9,451 –

JINYONG Chinese entity 3 28,597 191
WP Chinese entity 1 2,596 353
CSI (this work) Chinese entity/phrase/pronoun/multi-speaker 18 65,540 180

Table 2: Existing publicly available speaker identification and profiling datasets for novels in English and Chinese
(⋆: assuming one speaker (if any) per paragraph; †: some mentions could be mapped onto a named person).

In contrast, using a fixed-length window is less flex-
ible to cover sufficient context across diverse types
of books by different authors, though it can be used
to augment pseudo-labeled training data: for ex-
ample, using a six-paragraph window based on the
same book corpora as that of CSI, we can gener-
ate about 33.7% more unlabeled instances and can
easily obtain more by changing the sliding window
(e.g., length and center). We will have more dis-
cussions about the impact of window selection on
performance in Section A.2.

To simplify annotation, we do not further distin-
guish utterances whose speakers are unclear and
expressions enclosed by quotation marks that can
be expressions such as idioms, proverbs, or poet-
ries. For convenience, we call them non-utterance
paragraphs (e.g., NU1 in Table 3). To ensure the
quality of the annotation, the data is independently
annotated by the first author of this paper (EA) and
a group of annotators (GA) who are native speakers
of Chinese from a commercial data annotation com-
pany ($0.071 per instance). The inter-annotator
agreement between EA and GA is measured us-
ing Cohen’s kappa, which yields a value of 0.76
(substantial agreement (Viera et al., 2005)). The
disagreements are reviewed and re-annotated by
the author to obtain the final annotation.

3.4 Limitations

Entity-Level vs. Mention-Level: Speaker men-
tions that are entities are more informative and
therefore support better disambiguation of different
speakers than other types of mentions. However,
mention-level annotation can support diverse types
of speakers (see Figure 1) and is relatively easy
for annotators as no long-text comprehension is
needed. Though there exist differences between
entity-level and mention-level SI datasets, we ar-
gue that the latter one can help entity-level SI tasks,
which is supported by our results in Section 5.3.

N1 Si Teng’s Hongmen banquet was set at a high-end clubhouse near
Qingcheng Mountain. At that time, he would dine on a glass terrace
extending out of the lake. It was next to the water by the railing, and
the opposite side were silent green mountains.

NU1 It is said that one or two girls in blue calico clothes will be arranged
at that time. The girl hold a paper umbrella on one or two flat boats
floating across the lake in the distance. If it rains that day, it means

“staying in breeze and drizzle meets his will", and if the sun is out, it
means “the brimming waves delight the eyes on sunny days.”

U2 The proprietress strongly recommended to Qin Fang: “It is very com-
fortable. When you eat here, what you eat is not food, but spiritual
enjoyment."

N2 Those Taoist masters will be probably mentally nervous, so it’s okay to
let them have some spiritual enjoyment and adjustment.

NU1 “staying in breeze and drizzle meets his will"
U2 proprietress

Table 3: An translated example with utterance paragraph
(U) and non-utterance paragraph (NU) in CSI.

Figure 1: Distribution of general phenomena in CSI.

Assumption I: There has been some disagree-
ment among different literature (e.g., (Muzny et al.,
2017)) about this assumption that all utterances
within a paragraph could be attributed to the
same speaker. We randomly select 400 instances
from CSI and only find one exception (0.25%).
This is perhaps because of linguistic changes over
years (Nettle, 1999): the books we use for anno-
tation are mostly web novels published after the
year 2010 (full list in Table 8 (Appendix A.1)),
compared with classical novels published hundred
years ago (Papay and Padó, 2020). Also, we restrict
the scope of this observation to Chinese as there
may exist significant differences among different
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languages. Furthermore, our experimental results
show that such kind of data annotated following
this assumption can be used as useful additional
training data for other SI datasets in which the
ground truth utterances are provided (Section 5.3).
Assumption II: Most previous SI datasets provide
human-summarized book-level characters and their
different name mentions (e.g., WP provides 125
characters, each with 1–5 different mentions (Chen
et al., 2021)) or a small number of candidate char-
acters for each instance. In CSI, we skip the step
of clustering different mentions of one speaker. In-
stead, we assume that we can find an informative
mention within a narrative window centered around
an utterance paragraph. To examine this assump-
tion and its potential negative impacts, we first dig
into CSI. Based on all instances in it that involve
eighteen novels, the annotated speaker mentions
for merely 2.7% of utterance paragraphs (63,165
in total) are personal pronouns, indicating that in
most cases we can find the corresponding speaker
mentions more informative than personal pronouns.
This also indirectly supports that context construct-
ing using narrative window contains relatively suf-
ficient information for SI. Furthermore, without
using any forms of character lists, applying a base-
line that will be introduced in Section 4 to ex-
tract a speaker mention from the given context can
achieve promising results on existing SI datasets
(Section 5.3). Though we admit that additional
mappings can be particularly important for first-
person narratives, where “I” will be frequently
annotated as the most informative mention.

4 Method

4.1 Extractive Machine Reading
Comprehension

As the speaker mention must be a span in the con-
text based on the guideline, we consider an extrac-
tive MRC model built upon a pre-trained language
model (e.g., (Devlin et al., 2019)) that aims to ex-
tract an answer of a give question from a document.

Given a paragraph q that may contain an utter-
ance and its context d, we follow previous work
(e.g., (Devlin et al., 2019)) to concatenate a special
token [CLS], tokens in q, a special token [SEP],
and tokens d that covers the piece of text in q. Two
vectors pstart and pend are introduced to represent
the estimated probabilities of each token in d to be
the start or end token of the correct answer span a
that appears in d, respectively. Let astart and aend

denote the start offset and end offset of a, respec-
tively.

We optimize the extractive SI model with param-
eters θ by minimizing

∑
t∈V L(t, θ), where V rep-

resents the set of speaker identification instances,
and L is defined as:

L(t, θ) = −logpstart,θ(astart | t) − logpend,θ(aend | t).

4.2 Self-Training

We first generate a fixed set W of unlabeled ex-
tractive SI instances from the unlabeled books
and conduct the following self-training paradigm.
First, we use the labeled data V to train a teacher
model. Then the resulting teacher model generates
pseudo-labels for the unlabeled instances. Finally,
we train a student model with the combination of
pseudo-labeled and labeled data. We simply regard
different types of data equally and thus optimize
the model by minimizing

∑
t∈V ∪W L(t, θ). As

this loss is already reasonably stable in our exper-
iments (Section 5), we leave the exploration of
other choices such as weighted normalized loss
(e.g., (Zoph et al., 2020)) for future studies.

The resulting model can be used as a new teacher
to generate new pseudo-labeled data W , and we
can iterate the self-training procedure until no gains
are observed or a pre-defined number of iterations.

4.3 Continual Self-Training

In our experiments (Section 5.5), we observe that
iterative training over the same unlabeled corpus
does not lead to gains for SI as considerable as
those obtained on vision tasks such as image classi-
fication (Xie et al., 2020). Furthermore, we aim to
let our SI model keep learning from different books
in diverse domains written by different authors to
improve its generalization ability.

Thus, different from previous studies, we col-
lect n pairwise disjoint sets of unlabeled instances
{W1, W2, . . . , Wn}, each based on an set of books.
In each iteration, we use an unvisited set of unla-
beled instances (e.g., W1) as W in Section 4.2. See
Figure 2 for the overview of the paradigm.

5 Experiments

5.1 Data Statics and Evaluation Metrics

There is no book overlap between the training and
dev sets in CSI as in previous datasets JY written
by Jin Yong (Jia et al., 2021) and WP authored
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Figure 2: Continual self-training for speaker identification.

by Lu Yao (Chen et al., 2021) (Table 4). None
of the books in CSI or the unlabeled corpora are
written by the two authors to avoid data leakage.
Previous methods use accuracy as the evaluation
metric since a candidate list is provided. We report
macro-averaged F1 and exact match (EM) follow-
ing previous extractive MRC work (Rajpurkar et al.,
2016). As each instance in WP and JY must have a
ground truth speaker, EM equals accuracy.

name set candidate # of # of
provided books instances

JY
train ✓

3
17,159

dev ✓ 5,719
test ✓ 5,719

WP
train ✓

1
2,000

dev ✓ 298
test ✓ 298

CSI train × 10 48,037
dev × 8 17,503

CORPUS_1 train × 65 232,239
CORPUS_2 train × 26 232,240
CORPUS_3 train × 60 141,251
CORPUS_4 train × 99 187,524

Table 4: Statistics of the speaker identification datasets
for Chinese: JY, WP, CSI (this work), and pseudo-
labeled training data from unlabeled books.

5.2 Implementation Details

We adopt the MRC model (Xu et al., 2020) as
the baseline model that is built upon a pre-trained
language model for Chinese. We experiment
with BERT-wwm-ext-base and RoBERTa-wwm-
ext-large (Cui et al., 2020), and our method can be
easily used upon other recently release pre-trained
language models. We use the same model archi-
tecture for teacher and student models. We train a
model for five epochs when only clean data is used
during training (i.e., CSI, JW, and PW) and train
it for only one epoch when relatively large-scale

pseudo-labeled data is involved. The hyperparam-
eters are fixed across different experiments: we
set the initial learning rate, batch size, and max se-
quence length to 3e−5, 32, and 512, respectively.

5.3 Results on Existing SI Datasets
We first evaluate our extractive method E2E_SI on
two existing SI datasets and CSI. We run each ex-
periment five times using different random seeds.
As shown in Table 5 (standard deviation in paren-
theses), E2E_SI based on RoBERTa-wwm-large
can already obtain comparable or better perfor-
mance than that of state-of-the-art methods, de-
spite there is not much room for improvement
for JY. Furthermore, it does not require a given
small number of human-selected candidate speak-
ers for each instance or a list of book-level character
names and their alternative names as previous SI
methods (Chen et al., 2021; Jia et al., 2021). We
use RoBERTa-wwm-large in the remaining experi-
ments due to its superior SI performance. Transfer
learning with CSI leads to gains on both datasets.

5.4 Discussions on Continual Self-Training
Table 6 shows that continual self-training, which
continuously leverages large-scale (around 793K)
pseudo-labeled instances, leads to +2.3% in exact
match on the CSI dataset (4 vs. 0). In particular,
we observe that the resulting student model after
each iteration consistently outperforms its teacher
model (e.g., 2 vs. 1 and 4 vs. 3).
Slow Growth and Potential Solutions: Just as
standard self-training, the performance will in-
evitably grow slowly or stop increasing after it-
erations over either changing or fixed corpora. In-
spired by previous work that combined self-training
and active learning (AL) for other tasks such as
entity (Tomanek and Hahn, 2009) and time expres-
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method pre-trained usage of require list WP JY
language model rules of speakers dev test dev test

Random N/A N/A YES – 37.6† – 33.7§

Rule N/A purely rule-based YES – – – 86.6§

SVM N/A rule-based features YES – – – 94.5§

MLP N/A rule-based features YES – 70.5† – 95.6§

CSN BERT-base post-processing YES – 82.5† – –

our end-to-end methods:
E2E_SI BERT-wwm-ext-base N/A NO 65.3 (1.1) 64.7 (2.0) 96.9 (0.1) 97.0 (0.1)
E2E_SI RoBERTa-wwm-large N/A NO 78.6 (1.9) 80.9 (0.9) 98.1 (0.1) 98.3 (0.1)
E2E_SI 0 in Table 6 N/A NO 85.1 (1.0) 86.0 (0.9) 98.2 (0.1) 98.4 (0.0)

Table 5: Performance (accuracy or exact match) (%) of speaker identification methods on three speaker identification
datasets for Chinese (†: numbers reported by Chen et al. (2021); §: numbers reported by Jia et al. (2021)).

id method training data dev data teacher initialization # of epochs F1 EM

0

E2E_SI+CST

clean clean – – 5 91.0 (0.3) 89.5 (0.3)
1 clean + CORPUS_1 clean 0 – 1 92.1 (0.1) 90.9 (0.1)
2 clean + CORPUS_2 clean 1 1 1 92.5 (0.1) 91.3 (0.1)
3 clean + CORPUS_3 clean 2 2 1 92.7 (0.1) 91.6 (0.2)
4 clean + CORPUS_4 clean 3 3 1 92.9 (0.1) 91.8 (0.1)

1A E2E_SI+CST clean + CORPUS_1 clean 0 0 1 92.0 (0.1) 90.8 (0.1)
1B clean + CORPUS_2 clean 1A 1A 1 92.4 (0.2) 91.2 (0.2)
2A E2E_SI+CST clean + CORPUS_2 clean 1 – 1 92.3 (0.1) 91.0 (0.1)
3A E2E_SI+CST clean + CORPUS_3 clean 2 – 1 92.3 (0.0) 91.2 (0.1)
4A E2E_SI+CST clean + CORPUS_4 clean 3 – 1 92.5 (0.1) 91.5 (0.2)

5A E2E_SI+ST clean + CORPUS_1 clean 1 1 1 92.2 (0.1) 91.0 (0.1)
5B clean + CORPUS_1 clean 5A 5A 1 92.2 (0.0) 91.0 (0.1)
6 E2E_SI+ST clean + CORPUS_{1–2} clean 0 – 1 92.1 (0.1) 90.9 (0.1)
7 E2E_SI+ST clean + CORPUS_{1–4} clean 0 – 1 92.3 (0.1) 91.1 (0.1)

Table 6: Performance (%) of speaker identification on the dev set of our annotated data CSI using self-training (ST)
and continual self-training (CST).

sion recognition (Su et al., 2021). We use the best-
performing model (i.e., 4 in Table 6) to predict the
labels for unlabeled corpora. As a preliminary ex-
periment, we regard the instances (4,123 in total)
with posterior probability smaller than a fixed value
(0.5) as challenging instances and manually adjust
pseudo labels of these instances only to save anno-
tation efforts. Not surprisingly, the model under-
perform on these difficult instances (only 43.4%
in EM and 49.2% in F1). We add the newly anno-
tated data into the training data of CSI and conduct
CST from the very beginning to fully leverage the
large-scale corpora. After iterations, AL leads to an
0.5% improvement to 93.4% in F1. See results af-
ter each iteration in Table 9 (Appendix A.3). Based
on the positive results, active learning may be a
good solution for future improvements.

Zero-Shot Abilities: Based on the same model
E2R_SI, we find that continual self-training (with
or without AL) improves the model’s zero-shot
domain adaptation performance (the best model
based on the dev performance on CSI is used for
experiments). As shown in Table 7, by using CST
with AL for training, E2R_SI can achieve previous
SOTA performance without being trained on in-

domain data of JY. These results show the potential
usefulness of our paradigm for real-world applica-
tions where training and test data can be collected
from different books or sources.

model notes setting WP JY

E2E_SI 0 in Table 6 zero-shot 62.1 88.6
E2E_SI+CST 4 in Table 6 zero-shot 70.1 92.9
E2E_SI+CST+AL 4 in Table 9 zero-shot 75.5 95.6

E2E_SI Table 5 full-shot 86.0 98.4
previous SOTA Table 5 full-shot 82.5 95.6

Table 7: Domain adaptation performance (EM %) on
the test set of JY and WP.

Student Initialization: In our experiments, we find
that student initialization plays an essential role in
continual self-training for SI. It is always helpful
to use a teacher model (e.g., 1, 2, and 3 in Table 6)
that has seen large-scale pseudo-labeled data to ini-
tialize the weights of its student. For example, just
using the pre-trained language model to initialize
2 and 3 hurts F1 by 0.2% (2 vs. 2A) and 0.4% (3
vs. 3A), respectively. This finding, at first glance,
seems to be contrary to those in some previous stud-
ies (e.g., (Xie et al., 2020; Yu et al., 2021)) that also
leverage pseudo-labeled or distantly-labeled data.
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This is perhaps because in CST teachers (except for
0) are trained with pseudo-labeled data constructed
based on DIFFERENT sets of books, instead of rely-
ing on a FIXED set of unlabeled or distantly-labeled
resources. Under this varying data condition, ini-
tializing a student by its teacher that is typically
used to save training time (Zoph et al., 2020), here
helps transfer out-of-domain knowledge in corpora
unseen to the student via model parameters.

In contrast, training the first student model 1
on the combination of human-labeled data and
pseudo-labeled instances from the pre-trained lan-
guage model work slightly better than initializing it
with its teacher 0, which is only trained on human-
labeled instances (1 vs. 1A). This is perhaps not
surprising as the clean data is also used to train
1, making knowledge transfer via parameters less
necessary. And the performance difference exists
as the number of iterations increases if the result-
ing student is put back as the teacher for continual
self-training (2 vs. 1B). Thus, we train 1 without
using its teacher 0 for initialization.

5.5 Comparing ST and CST

We find that iterative training based on a fixed set of
unlabeled instances is less effective than expected.
For example, additional iteration over CORPUS_1
leads to +0.1% in F1 (5A vs. 1 in Table 6), while
using the same teacher 1 to relabel the unlabeled
CORPUS_2 that has similar number of instances
as that of CORPUS_1 leads to higher gains +0.4%
(2 vs. 1). Further iterations over CORPUS_1 does
not improve performance (5B vs. 5A). Inspired by
previous work, we also apply data augmentation
(DA) based on a fixed set of books. We augment
data by using contents in a six-paragraph sliding
window as context, in which the center is a can-
didate utterance paragraph. Still, this strategy is
less effective than simply moving to new corpora
(Figure 3). Considering the facts that large-scale
unlabeled corpora are usually available, and we
can easily generate a large number of unlabeled
instances based on a single book, it seems more
effective to apply CST than sticking to a single
corpus with or without using DA strategies.

Under conditions with a fixed unlabeled corpus,
we still have similar observations that CST upon
changing subsets of the corpora yields additional
gains (e.g., +0.4% (6 vs. 2)), especially when the
size of the unlabeled data is much larger than that
of the human-annotated, clean data (e.g., +0.5%

Figure 3: Comparing CST with ST over a fixed corpus.

(7 vs. 4) when all the unlabeled corpora are used).
It may be helpful to set a pre-defined ratio of the
unlabeled and labeled data across iterations (Xu
et al., 2021) for stronger supervision.

5.6 Error Analysis

Errors appear frequently when a pronoun that refers
to the speaker is dropped for simplicity (i.e. zero
pronoun (Chen and Ng, 2013)). In the following
example, “Lian Shu” is mistakenly regarded as the
speaker of the utterance paragraph in curly brackets,
and Θ refers to an ignored pronoun pointing to

“Uncle Zheng”. It may be useful to convert zero
pronoun data (Yang et al., 2019) into SI formats
to infuse this kind of knowledge into SI models.
More examples are in Appendix A.4.

Lian Shu stood up generously, stretched out her hand, and
swept the hair hanging on her chest. Uncle Zheng quickly
explained: “Aren’t you busy with decoration at that time?
I asked the construction team for the materials. I have in-
quired about the nearby store. Even the lady was enthusiastic
and gave me a lot of ideas. And...” {Suddenly Θ remem-
bered something, walked to the front desk quickly, and took
a picture to show Ren Luo: "Miss Lian drew it. The interior
space planning is more rigorous than I thought."} Ren Luo
glanced and said, “The painting is great."

6 Conclusions

We reformulate the SI task and propose a new an-
notation guideline that does not require document-
level understanding. We apply an extractive MRC
method to SI, which outperforms previous SOTA
methods on all existing SI datasets for Chinese.
Finally, we propose continual self-training to con-
tinue learning from new out-of-domain unlabeled
corpora and combine active learning with this
paradigm for further improvements.
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A Appendix

A.1 Details about Books in CSI

Copyrights of novels used in this paper belong to
their respective owners. The authors use the data
for non-commercial research purposes and follow
the principle of fair use. The authors will not repro-
duce, republish, distribute, transmit, or link data
used on any other website without the express per-
mission of respective owners. The authors bear the
responsibility to comply with the rules of copyright
holders.

set book author year tags

train 致我们单纯的小美好 赵乾乾 2010 youth
狼来了 金大 2011 romance
清穿日常 多木木多 2013 time travel
男多女少真可怕 金大 2013 fantasy
河神：鬼水怪谈 天下霸唱 2013 thriller
犯罪心理 长洱 2015 suspenseful
残次品 priest 2017 interstellar
死亡万花筒 西子绪 2018 supernatural

dev 最后的女神 君子以泽 2010 fantasy
蕾拉的噩梦 多木木多 2011 fan-fiction
大英雄时代 priest 2013 interstellar
半妖司藤 尾鱼 2014 supernatural
脱轨 priest 2014 fantasy
我的曼达林 墨宝非宝 2016 romance
向师祖献上咸鱼 扶华 2019 time travel
深藏不露 退戈 2020 alternate history

Table 8: Involved books in CSI.

A.2 Impacts of Context Selection: Sliding
Window or Narrative Window

We compare narrative window and sliding window
when we select context for unlabeled instances.
We first use a six-paragraph window as such a win-
dow and narrative window results in context of
similar length (180 tokens) based on our analy-
sis (Section 3.3). Based on all the external cor-
pora (CORPUS_1-4), though using sliding win-
dow can generate 45.1% more unlabeled instances
(1,151,263 vs. 793,254), the final performance af-
ter CST is slightly worse than that of using data
constructed by narrative window (Figure 3), demon-
strating the advantage of using narrative window
in CST. Using a longer window may hurt the per-
formance. For example, using a ten-paragraph win-
dow, the performance of CST with all unlabeled
corpora stagnates around 92.3%, as long-text un-
derstanding is also quite challenging.

A.3 Combining Active Learning and
Continual Self-Training

We report detailed results in Table 9.

Figure 4: The performance of CST using narrative win-
dow and six-paragraph sliding window for context.

A.4 Error Analysis
It is also difficult for the model to identify the speak-
ers for a target utterance among conjunctive utter-
ances. Conversational patterns are widely used to
solve this kind of implicit speakers (Muzny et al.,
2017): for example, if the i-th utterance is linked
to speaker A, the i+2-th utterance is supposed to
be spoken by A when the paragraph between the
two utterances is also an utterance. In the follow-
ing example, our system fails to extract the correct
speaker for “I’m sorry”. It is relatively easy to
know that there are two speakers in the conversa-
tion and the speaker of the last utterance is spoken
by “Lin Zhaoxi”, which can help us infer the cor-
rect speaker “Lu Zhihao”.

The boy was lying on the stretcher and looked at her with piti-
ful black eyes with a little wet, and opened his mouth in pain.
{The first sentence was: “I’m sorry.”}“It’s okay.”“Thank
you.” “You’re welcome.” “Thank you very much.” “You’re
very welcome.” Lin Zhaoxi replied fluently. Lu Zhihao’s
lips moved, while his words were choked.
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id method training data dev data teacher initialization # of epochs F1 EM

0

E2E_SI+CST+AL

clean + AL_4K clean – – 5 91.7 (0.1) 90.3 (0.2)
1 clean + AL_4K + CORPUS_1 clean 0 – 1 92.5 (0.2) 91.3 (0.2)
2 clean + AL_4K + CORPUS_2 clean 1 1 1 93.0 (0.1) 91.8 (0.2)
3 clean + AL_4K + CORPUS_3 clean 2 2 1 93.2 (0.2) 92.1 (0.2)
4 clean + AL_4K + CORPUS_4 clean 3 3 1 93.4 (0.1) 92.3 (0.1)

Table 9: Performance (%) of speaker identification on the dev set of our annotated data CSI using continual
self-training (CST) and active learning (AL) (AL_4K denotes the 4,123 newly labeled challenging SI instances).
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Abstract

Event Detection (ED) is the task of identify-
ing and classifying trigger words of event men-
tions in text. Despite considerable research
efforts in recent years for English text, the task
of ED in other languages has been significantly
less explored. Switching to non-English lan-
guages, important research questions for ED
include how well existing ED models perform
on different languages, how challenging ED is
in other languages, and how well ED knowl-
edge and annotation can be transferred across
languages. To answer those questions, it is cru-
cial to obtain multilingual ED datasets that pro-
vide consistent event annotation for multiple
languages. There exist some multilingual ED
datasets; however, they tend to cover a hand-
ful of languages and mainly focus on popular
ones. Many languages are not covered in exist-
ing multilingual ED datasets. In addition, the
current datasets are often small and not acces-
sible to the public. To overcome those short-
comings, we introduce a new large-scale mul-
tilingual dataset for ED (called MINION) that
consistently annotates events for 8 different lan-
guages; 5 of them have not been supported by
existing multilingual datasets. We also perform
extensive experiments and analysis to demon-
strate the challenges and transferability of ED
across languages in MINION that in all call
for more research effort in this area. We will
release the dataset to promote future research
on multilingual ED.

1 Introduction

Event Detection (ED) is one of the critical steps
for an Event Extraction system in Information Ex-
traction (IE) that aims is to recognize mentions of
events in text, i.e., change of state of real world
entities. Specifically, an ED system identifies the
word(s) that most clearly refer to the occurrence
of an event, i.e., event trigger, and also detects the
type of event that is evoked by the event trigger. For
instance, in the sentence “The city was reportedly

struck by F16 missiles.”, the word “struck” is the
trigger for an ATTACK event. An ED model can
be incorporated into other IE pipelines to facilitate
the extraction of information related to events and
entities, thereby supporting various downstream
applications such as knowledge base construction,
question answering and text summarization.

Due to its importance, ED has been extensively
studied in the IE and NLP community over the
past decade. Existing methods for ED extend from
feature-based models (Ahn, 2006; Liao and Grish-
man, 2010; Miwa et al., 2014a), to advanced deep
learning methods (Nguyen and Grishman, 2015;
Chen et al., 2015; Sha et al., 2018; Wang et al.,
2019; Yang et al., 2019; Cui et al., 2020; Lai et al.,
2020; Pouran Ben Veyseh et al., 2021b). As such,
the creation of large annotated datasets for ED, e.g.,
ACE 2005 (Walker et al., 2006), has been critical to
progress measurement and growing development
of ED research. However, a majority of current
datasets for ED only provide annotation for texts in
a single language (i.e., monolingual datasets). For
instance, the recent challenging datasets for ED,
e.g., MAVEN (Wang et al., 2020), RAMS (Ebner
et al., 2020), or CySecED (Man et al., 2020), are
all proposed for English documents only. In ad-
dition, there are a few existing datasets that in-
clude ED annotation for multiple languages (mul-
tilingual datasets), e.g., ACE 2005 (Walker et al.,
2006), TAC KBP (Mitamura et al., 2016, 2017),
and TempEval-2 (Verhagen et al., 2010). However,
those multilingual datasets only cover a handful
of languages (i.e., 3 languages in ACE 2005 and
TAC KBP, and 6 languages in TempEval-2), mainly
focusing on popular languages such as English,
Chinese, Arabic, and Spanish, and leaving many
other languages unexplored for ED. For instance,
Turkish and Polish are not covered in existing mul-
tilingual datasets for ED. We also note that existing
ED datasets tend to employ different annotation
schema and guidelines that prevent the combina-
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tion of current datasets to create a larger one. In all,
the limited coverage of languages and annotation
discrepancy in current monolingual/multilingual
ED datasets hinder comprehensive studies for the
challenges of ED in diverse languages. It also lim-
its thorough evaluations for multilingual general-
ization of ED models. Finally, we note that the
major multilingual datasets for ED are not publicly
accessible due to the licence of involving docu-
ments, e.g., ACE 2005 and TAC KBP, thus further
impeding research effort in this area.

To address such issues, our goal is to introduce
a new Multilingual Event Detection dataset (called
MINION) to support multilingual research for
ED. In particular, we provide a large-scale dataset
that manually annotates event triggers for 8 typo-
logically different languages, i.e., English, Span-
ish, Portuguese, Polish, Turkish, Hindi, Japanese
and Korean. Among them, the five languages
Portuguese, Polish, Turkish, Hindi, and Japanese
are not covered in existing popular datasets for
multilingual ED (i.e., ACE 2005, TAC KBP, and
TempEval-2). To facilitate public release and shar-
ing of the dataset, we employ the event articles
from Wikipedia for annotation in 8 languages. In
addition, to improve quality of the data, we inherit
the annotation schema and guideline in ACE 2005,
the well-designed and widely-used dataset for ED
research. In total, our MINION dataset involves
more than 50K annotated event triggers, which is
much larger than those in existing multilingual ED
datasets (i.e., less than 11K and 27K in ACE 2005
and TempEval-2 respectively). We expect that the
significantly larger size with more diverse set of
languages and public texts in MINION can con-
tribute to accelerate and extend research in ED to a
larger population.

Given the proposed dataset, we conduct thor-
ough analysis on MINION using the state-of-the-
art (SOTA) models for ED. In particular, we first
study the challenges of ED in different languages
using monolingual evaluations where ED models
are trained and tested in the same languages. Our
experiments suggest that the performance of ex-
isting ED models is not yet satisfactory in multi-
ple languages and the model performance on non-
English languages is in general poorer than those
for English. We also show that current pre-trained
language models for specific languages (i.e., mono-
lingual models) are less effective for ED models
than multilingual pre-trained language models, e.g.,

mBERT (Devlin et al., 2019). In all, our findings
highlight greater challenges of ED for non-English
languages that should be further pursued in future
research.

In addition, our MINION dataset also facili-
tate zero-shot cross-lingual transfer learning ex-
periments that serve to reveal the transferability of
ED knowledge and annotation across languages.
In these experiments, ED models are trained on
English data (the source language), but tested in
other target languages. Our results in this setting
demonstrate a wide range of cross-lingual perfor-
mance for different target languages in MINION
that introduces a diverse set of languages and data
for ED research. Finally, we report extensive analy-
sis on MINION to provide further data insights for
future ED research, including challenges of data
annotation, language differences, and cross-dataset
evaluation. We will release MINION to foster fu-
ture research for multilingual ED.

2 Data Annotation

Our dataset MINION follows the same definition
of events as the annotation guideline in ACE 2005
(Walker et al., 2006). Specifically, an event is de-
fined as an occurrence that results in the change
of state of a real world entity. Moreover, an event
mention is evoked by an event trigger which most
clearly describes the occurrence of the event. While
event triggers are mostly single words, we also
allow multi-word event triggers to better accom-
modate ED annotation in multiple languages. For
instance, the phrasal verb “tayin etmek” with two
words in Turkish, meaning “appoint”, is necessary
to express the event type Start-Position.

We also inherit the annotation schema/ontology
(i.e., to define event types for annotation) and guide-
line in ACE 2005 to benefit from its well-designed
documentation and be consistent with most of prior
ED research. However, to improve the quality of
the annotated data, we prune some event sub-types
from the original ACE 2005 ontology in our dataset.
In particular, event sub-types that have very sim-
ilar meanings in some language are not included
in our final ontology. This promotes the distinc-
tion between event labels and avoids confusion for
annotators to provide high-quality data in differ-
ent languages. For instance, the event sub-types
Convict and Sentence are very similar in Turkish
(i.e., both Convict and Sentence can be translated
as Mahkum etmek in Turkish), thus being removed
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in our ontology. In addition, we also exclude event
sub-types in ACE 2005 that are not frequent in
our collected data from Wikipedia (more details on
data collection later), e.g., Nominate and Declare-
Bankruptcy. Finally, 16 event sub-types (for 8 event
types) are preserved in the final event schema for
our dataset. We provide detailed explanation and
sample sentences for the event types in our dataset
in the Appendix A.

2.1 Candidate Selection

As mentioned in the introduction, we aim to anno-
tate ED data for 8 languages, i.e., English, Spanish,
Portuguese, Polish, Turkish, Hindi, Japanese and
Korean. These languages are selected due to their
diversity in term of typology and novelty w.r.t. to
existing multilingual ED datasets that can be help-
ful for multilingual model development and gener-
alization evaluation. To collect text data for annota-
tion in each language, we employ the articles of the
language-specific editions of Wikipedia. Specifi-
cally, for each language, we obtain its latest dump
of Wikipedia articles1, then process the dump with
the parser WikiExtractor (Attardi, 2015) to extract
textual and meta data for articles. To increase the
likelihood of encountering event mentions for effec-
tive annotation, we utilize the articles that are clas-
sified under one of the sub-categories of the Event
category in Wikipedia. In particular, we focus on
six sub-categories Economy, Politics, Technology,
Crimes, Nature, and Military due to their relevance
to the event types in our ontology. Note that we
map these (sub)categories in English to the corre-
sponding (sub)categories in other languages using
the provided links in Wikipedia. Afterward, to split
the texts into sentences and tokens, we leverage the
multilingual toolkit Trankit (Nguyen et al., 2021a)
that has demonstrated state-of-the-art performance
for such tasks in our languages.

Given a Wikipedia article, an approach for ED
annotation is to ask the annotators to annotate the
entire document for event triggers at once. How-
ever, as Wikipedia articles tend to be long, this ap-
proach might be overwhelming for annotators, thus
potentially limiting the annotation quality. To this
end, motivated by the annotation with 5-sentence
windows in the RAMS dataset (Ebner et al., 2020),
we split each article into segments of 5 sentences
that will be annotated separately by annotators. In
this way, annotators only need to process a shorter

1Dumps were downloaded in May 2021.

context at a time to improve the attention and accu-
racy of annotated data. This annotation approach
is also supported by a large amount of prior ED
research where a majority of previous ED models
have employed context information in single sen-
tences to deliver high extraction performance for
the event types in ACE 2005 (Nguyen and Grish-
man, 2015, 2018; Wang et al., 2019; Yang et al.,
2019; Cui et al., 2020), including models for multi-
ple languages (M’hamdi et al., 2019; Ahmad et al.,
2021; Nguyen et al., 2021b).

2.2 Annotation Process

To annotate the produced article segments, we hire
annotators from upwork.com, a crowd-sourcing
platform with freelancer annotators across the
globe. In particular, our annotator candidate pool
for each language of interest involves native speak-
ers of the language who also have experience on
related data annotation projects (e.g., for named
entity recognition), an approval rate higher than
95%, and fluency in English. These information
is provided by annotator profiles in Upwork. In
the next step, the candidates are trained for ED
annotation using the English annotation guideline
and examples for the designed event schema in our
dataset (i.e., inherited from ACE 2005). Finally,
we ask the candidates to take an annotation test
designed for ED in English and only candidates
with passing results are officially selected for the
annotators of our multilingual ED dataset. Over-
all, we recruit several annotators for each language
of interest as shown in Table 2. To prepare for
the actual annotation, the annotators for each lan-
guage will work together to produce a translation of
the English annotation guideline/examples where
language-specific annotation rules are discussed
and included in the translated guideline to form
common annotation perception for the language.
The translated guideline and examples are also ver-
ified by our language experts to avoid any potential
conflicts and issues.

Finally, given the language-specific guidelines,
the annotators for each language will independently
annotate a chunk of article segments for that lan-
guage. The breakdown numbers of annotated text
segments for each language and Wikipedia subcat-
egory in our MINION dataset are shown in Table
3. As such, 20% of the annotated text segments
for each language is selected for co-annotation by
the annotators to measure inter-annotator agree-
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Category English Spanish Portuguese Polish Turkish Hindi Japanese Korean
Economy 1,095 112 168 315 297 189 199 250
Politics 3,202 308 772 1,270 1,233 349 232 248
Technology 2,171 189 400 712 815 295 312 249
Crimes 893 78 220 152 118 95 80 73
Nature 1,195 398 705 455 398 245 299 185
Military 4,444 415 1,003 1,575 1,619 326 378 495
Total 13,000 1,500 3,268 4,479 4,480 1,499 1,500 1,500

Table 1: Numbers of annotated segments in each Wikipedia subcategory for the 8 languages.

Language #Annotator IAA
English 10 0.834
Spanish 10 0.812
Portuguese 5 0.803
Polish 8 0.799
Turkish 10 0.813
Hindi 6 0.803
Japanese 5 0.789
Korean 6 0.810

Table 2: Agreement scores for 8 languages in MINION.

ment (IAA) scores while the remaining 80% is
distributed to annotators for separate annotation.
Table 2 reports the Krippendorff’s alpha (Krippen-
dorff, 2011) with MASI distance metric (Passon-
neau, 2006) for the IAA scores of each language
in our dataset. After independent annotation, the
annotators will resolve the conflict cases to produce
the final version of our MINION dataset. Overall,
our dataset demonstrates high agreement scores for
all the 8 languages, thus providing a high-quality
dataset for multilingual ED.

2.3 Data Analysis
The main statistics for our MINION dataset is pro-
vided in Table 3. This table shows that for a major-
ity of languages, there are multiple event triggers
in a text segment, thereby introducing a challenge
for ED models due to the overlap of event context.
In addition, the table shows that text segments in
some languages are more replete with event men-
tions than those for other languages. Specifically,
comparing Polish and English text segments, the
density of event mentions in Polish is almost two
times more than that for English. Finally, Figure
1 shows the distributions of 8 event types for the
8 languages in our dataset. As can be seen, the
languages in our dataset tend to involve different
levels of discrepancy regarding the distributions
over event types. As such, the type density and
distribution divergence between languages suggest

other challenges that robust ED models should han-
dle to perform well across languages in MINION.

2.4 Annotation Challenges

Despite the high inter-annotator agreement scores,
there are some conflicts between our annotators
during the annotation process due to the ambigu-
ity of event triggers, especially in the multilingual
setting. This section highlights some of the key
ambiguities/conflicts that we encounter during our
analysis of annotation results from the annotators.
Note that all of these conflicts have been resolved
by the annotators in the final version of our dataset.

Language-Specific Challenges: Despite com-
mon notion of events in different languages, each
language might has its own exceptions regarding
how an event trigger should be annotated, causing
confusions/conflict for our annotators in the annota-
tion process. One exception concerns the necessity
to include event arguments in the annotation of an
event trigger in some language. For example, in the
Polish sentence “Samolot sie rozbił” (translated as
“The plane crashed itself”), some annotators believe
that the meaning of the verb “rozbił” (i.e., crashed)
is incomplete if its argument word “sie” (i.e., itself)
is not associated. As such, annotating both the verb
and its argument (i.e., “sie rozbił”) is necessary to
express an event in this case. However, other anno-
tators suggest that only annotating the word “rozbił”
is sufficient. Our annotators have decided to anno-
tate event triggers along with necessary arguments
to achieve their complete meanings in such cases.

Background Knowledge: Background knowl-
edge is sometime important to correctly recognize
an event trigger in input text. In such cases, the
annotators might have conflicting event annotation
decisions for a word as their levels of background
knowledge are different. For instance, in the sen-
tence “The match was canceled in the memory of
victims of Katyn crime”, some annotators annotate
the word “crime” as a Die event trigger as they
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Language #Seg. Avg. Length #Triggers Avg. #Trigger/Seg. Most Frequent Types Challenging Type Language Family
English 13,000 123 17,644 1.35 Life, Conflict, Movement Personnel Germanic
Spanish 3,268 112 6,063 1.85 Personnel, Life, Conflict Conflict Italic

Portuguese 1,500 102 1,875 1.25 Life, Movement, Conflict Personnel Italic
Polish 4,479 108 11,891 2.65 Life, Personnel, Conflict Transaction Balto-Slavic

Turkish 4,480 117 8,394 1.87 Life, Conflict, Personnel Personnel Turkic
Hindi 1,499 98 1,811 1.20 Life, Movement, Conflict Conflict Indo-Iranian

Japanese 1,500 99 1,730 1.15 Personnel, Life, Conflict Personnel Japonic
Korean 1,500 103 1,526 1.01 Personnel, Life, Conflict Personnel Koreanic
Total 31,226 - 50,934 - - - -

Table 3: Statistics of the MINION dataset. Seg. represent text segments. All annotated segments consist of 5
sentences and their lengths (Avg. Length) are computed in terms of number of tokens. “Challenging Type” indicates
the type whose event trigger annotation involves the largest disagreement between annotators in each language.
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Figure 1: Distributions of event types in each language

know that “crime” is referring to a mass execution
event. However, some annotators do not consider
“crime” as an event trigger as they are not aware of
the execution event. Eventually, we have decided
to annotate the text segments based on only the
presented information in the input texts to resolve
conflicts and avoid inconsistency.

3 Experiments

This section aims to study the challenges of ED
for 8 languages in our MINION dataset. As such,
we evaluate the performance of the state-of-the-
art (SOTA) ED models in the monolingual situa-
tions where models are trained and tested on the
annotated data of the same language. To prepare
for the experiments, we randomly split the anno-
tated data for each language in MINION into sepa-
rate training/development/test sets with the ratio of
80/10/10 (respectively). As MINION allows multi-
word event triggers to accommodate language spe-
cialities in multiple languages, we model the ED
task in our dataset as a sequence labeling prob-
lem. Concretely, given an input text segment D =
[w1, w2, . . . , wn] with n words, ED models need
to predict the label sequence Y = [y1, y2, . . . , yn]
where yi indicates the label for the word wi ∈ D

using the BIO tagging schema.

To this end, following prior work on multilin-
gual ED (Wang et al., 2020) and cross-lingual
ED (M’hamdi et al., 2019), we examine the fol-
lowing representative SOTA models for sequence-
labeling ED: (1) Transformer: A pre-trained
transformer-based language model (PTLM), e.g.,
mBERT (Devlin et al., 2019), is augmented with
a feed-forward network to predict a label for each
word in the input text; (2) Transformer+CRF:
This model also employs an PTLM as the Trans-
former model; however, a Conditional Random
Field (CRF) layer is additionally introduced as
the final layer to predict the label sequence Y ; (3)
Transformer+BiLSTM: This model extends the
Transformer model by injecting a bidirectional
Long Short-Term Memory network (BiLSTM) be-
tween the PTLM and the feed-forward network to
further abstract the representation vectors; and (4)
Transformer+BiLSTM+CRF: This model is sim-
ilar to the Transformer+BiLSTM model with an
exception that a CRF layer is employed in the end
for label sequence prediction. As such, to imple-
ment the models, we explore two SOTA multilin-
gual PTLMs models, i.e., mBERT (Devlin et al.,
2019) and XLMR (Conneau et al., 2020) (their
base versions) for text encoding. In the model
notation, we will replace the prefix “Transformer”
with “mBERT” or “XLMR” depending on the ac-
tual PTLM to use (e.g., mBERT, mBERT+CRF,
mBERT+BiLSTM). Following prior work (Wang
et al., 2020; M’hamdi et al., 2019), in the exper-
iments, we evaluate the models using precision,
recall and F1 scores for correctly predicting event
trigger boundaries and types in text.

Our fine-tuning process suggests similar val-
ues of hyper-parameters for the models across
languages in MINION. In particular, for En-
glish, we use one layer for BiLSTM mod-
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Language mBERT mBERT+CRF mBERT+BiLSTM mBERT+BiLSTM+CRF
P R F1 P R F1 P R F1 P R F1

English 77.37 79.69 78.51 75.46 78.81 77.10 76.63 79.60 78.09 80.23 79.39 79.81
Spanish 71.87 65.56 68.57 69.77 64.77 67.18 65.23 65.35 65.29 67.39 66.06 66.72
Portuguese 80.33 73.50 76.76 78.75 72.36 75.42 76.49 73.52 74.98 77.46 73.84 75.61
Polish 70.42 68.48 69.43 69.68 67.03 68.33 70.25 65.87 67.99 72.43 65.38 68.73
Turkish 63.2 64.99 64.08 62.95 63.29 63.12 63.55 64.82 64.18 64.21 67.70 65.91
Hindi 73.15 72.19 72.67 71.83 73.18 72.50 70.18 70.08 70.13 71.38 72.22 71.80
Japanese 71.83 60.00 65.28 70.80 59.41 64.61 71.43 56.47 63.08 72.67 58.84 65.03
Korean 78.48 75.15 76.78 76.90 74.94 75.91 77.83 75.60 76.70 78.27 77.99 78.13
Avg. 73.33 69.95 71.51 72.02 69.22 70.52 71.45 68.91 70.06 73.01 70.18 71.47

Table 4: Performance of the ED models in the monolingual setting using mBERT on MINION.

Language XLMR XLMR+CRF XLMR+BiLSTM XLMR+BiLSTM+CRF
P R F1 P R F1 P R F1 P R F1

English 81.45 77.79 79.58 80.15 75.79 77.91 78.46 74.84 76.61 79.26 76.18 77.69
Spanish 73.74 67.88 70.69 72.27 66.69 69.37 70.28 65.86 68.00 71.34 67.03 69.12
Portuguese 72.50 76.72 74.25 70.28 76.35 73.19 69.07 80.22 74.23 70.44 80.46 75.12
Polish 70.76 69.61 70.18 71.91 64.81 68.18 70.37 65.24 67.71 72.30 66.76 69.42
Turkish 63.66 66.71 65.15 62.18 65.99 64.03 64.30 60.15 62.16 65.12 62.07 63.56
Hindi 77.04 68.87 72.72 76.54 66.74 71.31 76.69 65.76 70.81 75.39 68.60 71.84
Japanese 72.30 63.69 67.72 71.10 61.58 66.00 70.89 63.92 67.23 72.64 60.77 66.18
Korean 74.32 82.42 78.16 73.16 81.35 77.04 72.69 78.31 75.40 73.00 79.34 76.04
Avg. 73.22 71.71 72.31 72.20 69.91 70.88 71.59 69.29 70.27 72.44 70.15 71.12

Table 5: Performance of the ED models in the monolingual setting using XLMR on MINION.

ules with 300 dimensions for the hidden
states (for Transformer+BiLSTM and Trans-
former+BiLSTM+CRF). For feed-forward net-
works, we employ 2 layers with 200 dimensions
for the hidden vectors. The learning rate is set to
1e-4 for the Adam optimizer and the batch size of
8 is employed during training.

Monolingual Performance: The performance
of the four ED models on the test data of each
language are presented in Tables 4 (for mBERT)
and 5 (for XLMR). There are several observations
from these tables. First, the best average F1 score
of the models over different languages is 72.31%
(achieved by the XLMR model). This performance
is still considerably lower than a perfect model,
thus suggesting significant challenges of ED in mul-
tiple languages and calling for more research effort
in this area. Second, the performance of the mod-
els for non-English language is significantly worse
than the English counterpart. This difference thus
further highlights the necessity of more research
on ED for non-English languages. Finally, the su-
perior performance of XLMR over other models
in almost all languages indicates better effective-
ness of the multilingual PTLM model XLMR for
ED in different languages (compared to mBERT).
It also implies that traditional BiLSTM and CRF

layers for sequence labeling are less necessary for
multilingual ED when a PTLM is employed for
text encoding. As such, in the following experi-
ments, we will employ Transformer as the main
ED model for further analysis.

Monolingual PTLMs: To better understand
the benefits of multilingual PTLMs (i.e., mBERT
and XLMR) for multilingual ED, we further eval-
uate the performance the Transformer model
when monolingual language-specific PTLMs are
leveraged to encode input texts (i.e., replacing
mBERT and XLMR). Accordingly, for monolin-
gual language-specific PTLMs, we consider both
BERT-based and RoBERTa-based models for com-
prehensiveness. Tables 6 (for BERT) and 7 (for
RoBERTa) report the monolingual performance of
Transformer when monolingual language-specific
PTLMs are employed. Note that we only show
ED performance for languages where monolingual
PTLMs are publicly available. As can be seen, com-
pared to multilingual PTLMs, monolingual PTLMs
(based on BERT or RoBERTa) improve the perfor-
mance of Transformer for English. However, for
other languages, monolingual PTLMs are on-par
(for BERT-based models) or significantly worse
(for RoBERTa-based models) than multilingual
PTLMs for ED, thus demonstrating the general
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Language P R F1
English (Devlin et al., 2019) 78.12 81.61 79.83
Spanish (Cañete et al., 2020) 72.73 62.25 67.08
Portuguese (Souza et al., 2020) 81.82 72.00 76.60
Polish (Kłeczek, 2021) 71.79 65.00 68.23
Turkish (MDZ, 2021) 67.75 60.57 63.96

Table 6: Test data performance of Transformer in the
monolingual setting using available language-specific
BERT models on MINION. The citations indicate the
sources of the language-specific BERT.

Language P R F1
English (Liu et al., 2019) 82.56 78.96 80.73
Spanish (MMG, 2021) 72.54 58.61 64.84
Polish (CLARIN-PL, 2021) 71.55 66.86 69.12
Hindi (Parmar, 2021) 71.70 50.67 59.38
Japanese (Wongso, 2021) 67.53 36.62 47.49

Table 7: Test data performance of Transformer in the
monolingual setting using available language-specific
RoBERTa models on MINION. The citations indicate
the sources of the language-specific RoBERTa.

advantage of multilingual PTLMs for ED. In addi-
tion, it is suggestive that future work can explore
methods to improve monolingual language-specific
PTLMs for ED in different languages.

Cross-lingual Performance: To understand the
transferability of ED knowledge and annotation
across languages, we explore the cross-lingual eval-
uation setting where models are trained on English
data (the source language) and directly evaluated
on test data of other target languages in MINION.
As such, we report the cross-lingual performance of
Transformer with both mBERT and XLMR as the
PTLMs in Table 8. Note that we inherit the same
hyper-parameters selected for Transformer in the
fine-tuning process of monolingual experiments for
consistency.

Compared to the monolingual performance coun-
terparts of mBERT and XLMR in Tables 4 and 5,

Language mBERT XLMR
P R F1 P R F1

English 77.37 79.69 78.51 81.45 77.79 79.58
Spanish 74.32 54.14 62.64 78.27 52.48 62.83
Portuguese 70.79 71.50 71.14 73.36 72.18 72.77
Polish 73.83 49.84 59.51 79.55 48.33 60.13
Turkish 69.25 35.14 46.62 66.84 36.49 47.21
Hindi 66.10 51.66 57.99 64.74 52.84 58.19
Japanese 52.44 25.29 34.13 55.39 25.71 35.12
Korean 67.24 42.27 55.52 80.69 43.80 56.78

Table 8: Cross-lingual performance of Transformer
that is trained on English training data and evaluated on
test data of other languages in MINION.

it is clear that the performance of Transformer in
non-English languages decreases significantly in
the cross-lingual evaluation, i.e., the average per-
formance loss due to cross-lingual evaluation is
15.2% for both mBERT and XLMR. We also ob-
serve a wide range of cross-lingual performance
for the target languages in Table 8, thus suggest-
ing the diverse nature of the data and languages in
MINION to support robust model development for
ED. Among the target languages, Portuguese ex-
hibits the smallest performance difference between
monolingual and cross-lingual settings while the
largest performance loss with cross-lingual transfer
occurs in Japanese, Turkish, Korean, and Hindi.
One possible reason for such performance loss
is due to the language structure difference where
Japanese, Turkish, Korean, and Hindi follow the
Subject-Object-Verb word order while English and
other languages in our dataset utilize the Subject-
Verb-Object order. Another reason can be linked to
different patterns/distributions of event triggers in
different languages. For instance, some languages
tend to mention the events using verbs (e.g., in
English 78% of the triggers are verb) while other
languages might use more diverse parts of speech
to express event trigger (e.g., in Japanese only 63%
of triggers are verbs). Also, Section 4 provide an
additional explanation regarding the diversity of
event triggers in different languages. In all, the
cross-lingual performance in our MINION dataset
demonstrates the challenges of transferring ED
knowledge across languages that can be further
studied in future work.

4 Analysis

This section provides additional analysis to better
understand the multilingual ED task in MINION.

Cross-dataset Evaluation: As the event ontol-
ogy in MINION is inherited and pruned from the
ACE 2005 dataset, it is helpful to learn how the an-
notated events in MINION is different from those
in ACE 2005. To this end, we propose to eval-
uate model performance on the cross-dataset set-
ting: models are trained on the English data of
ACE 2005 and evaluated on test data of different
languages in MINION. In particular, we utilize the
standard data split from prior work (Nguyen and Gr-
ishman, 2015; Chen et al., 2015; Wang et al., 2019)
to obtain English training and development data in
ACE 2005. Also, we filter the ACE 2005 data so
only triggers of event sub-types in our MINION
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Language P R F1
English 60.24 59.62 59.93
Spanish 61.48 44.63 51.72
Portuguese 61.98 46.09 52.87
Polish 70.23 38.06 49.37
Turkish 58.19 29.32 38.99
Hindi 57.8 21.63 31.48
Japanese 42.91 22.10 29.17
Korean 71.84 28.01 40.31

Table 9: Performance of the XLMR model that is trained
on the English training data of ACE 2005 and evaluated
on the test data of each language in MINION.

dataset are retained for a compatibility between
two datasets. Due to its superior performance in
previous experiments, we employ the Transformer
model with XLMR in this experiment. The hyper-
parameters for the model is fine-tuned on the de-
velopment data of ACE 2005. Table 9 shows the
model performance in the cross-dataset evaluation.
Compared to the corresponding cross-lingual per-
formance of MINION in Table 8, it is clear that
the performance on MINION is significantly worse
when the model is trained on ACE 2005 data. As
such, a possible explanation for this performance
loss includes domain difference between ACE 2005
and MINION, i.e., MINION involve Wikipedia ar-
ticles while ACE 2005 is based on news articles,
conversational telephone speeches, and others. In
addition, as the size of English training data in
MINION (i.e., over 14K triggers) is significantly
larger than those for ACE 2005 (i.e., less than 6K
triggers), the training data in MINION might cover
more event patterns to produce better performance
for ED models. Future work can explore this cross-
dataset evaluation setting to build more robust mod-
els for ED.

Trigger Diversity in Different Languages: To
understand how events are expressed in different
languages, we explore the ratio of unique trigger
words over the total number of event triggers for
an event sub-type (called unique ratio). Figure
2 shows the averages of unique ratios over event
sub-types for different languages in our MINION
dataset. As such the diagram shows that English
is relatively simpler than other languages in ED
as its diversity of event triggers for event types
is the least among all the considered languages.
Korean, Turkish, and Japanese are the languages
that exhibit the largest diversities of event triggers.
This further helps to explain the worst cross-lingual
performance of models from English to Korean,

Language Trained on English Trained on Spanish
P R F1 P R F1

Portuguese 74.35 51.99 61.19 75.55 55.80 64.19
Polish 70.28 42.26 52.78 71.08 48.39 57.58
Turkish 60.16 30.14 40.16 62.19 34.42 44.31
Hindi 60.27 42.31 49.72 59.24 48.23 53.17
Japanese 49.31 21.78 30.21 55.48 22.60 32.12
Korean 72.98 36.37 48.55 73.90 40.16 52.04

Table 10: Performance of XLMR in the cross-lingual
setting when it is trained on English and Spanish. For
both languages, 3,000 random samples from the training
set of the corresponding language are selected to train
the model.

Turkish, and Japanese in Table 8.
Challenging the Supremacy of English for

Event Detection: English has been the major lan-
guage for ED research. In particular, in cross-
lingual transfer learning for ED, English has of-
ten been considered as a high-resource source lan-
guage to train ED models to apply to other target
languages (M’hamdi et al., 2019; Nguyen et al.,
2021b). In this experiment, we argue that English is
not necessary the optimal source language for cross-
lingual transfer learning of ED. In particular, using
Transformer with XLMR as the base model, we
train the model on the training data of both English
and Spanish; the resulting models are evaluated on
the test data of the other languages in MINION. To
ensure a fair comparison, we use the same size of
training data for English and Spanish, i.e., 3,000
annotated text segments randomly sampled in MIN-
ION. Table 10 presents the cross-lingual perfor-
mance of the models. The table demonstrates that
using Spanish as the source language can achieve
better performance than English for all the target
languages in MINION. As such, our findings sug-
gest that choosing appropriate source languages for
cross-lingual transfer learning of ED is important
and can be further explored in future work.

5 Related Work

Early attempts for ED have employed feature-based
models (Ahn, 2006; Ji and Grishman, 2008; Pat-
wardhan and Riloff, 2009; Liao and Grishman,
2010; Hong et al., 2011; Li et al., 2013; Miwa et al.,
2014b; Yang and Mitchell, 2016) while deep learn-
ing has recently been proven to be a better approach
for ED (Nguyen and Grishman, 2015; Chen et al.,
2015; Nguyen et al., 2016; Sha et al., 2018; Yang
et al., 2019; Wang et al., 2019; Cui et al., 2020;
Lai et al., 2020, 2021a; Ngo Trung et al., 2021;
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Figure 2: The average ratios of unique event triggers
over event sub-types for each language in MINION.

Pouran Ben Veyseh et al., 2021a). There have also
been recent efforts on creating new datasets for ED
for different domains, including biomedical texts
(Kim et al., 2009), literary texts (Sims et al., 2019),
cybersecurity texts (Satyapanich et al., 2020; Man
et al., 2020), Wikipedia texts (Wang et al., 2020),
fine-grained event types (Le and Nguyen, 2021),
and historical texts (Lai et al., 2021b). However,
such prior works and datasets for ED are mainly
devoted to English, ignoring challenges in many
non-English languages. Non-English datasets for
ED also exist (Kobyliński and Wasiluk, 2019; Sa-
hoo et al., 2020); however, these datasets are only
annotated for one language with divergent ontology
and annotation guidelines, thus unable to support
comprehensive studies and transferability research
for ED on multiple languages.

Existing ED datasets that cover multiple lan-
guages involve ACE 2005 (Walker et al., 2006),
TAC KBP (Mitamura et al., 2016, 2017), and
TempEval-2 (Verhagen et al., 2010). Among such
datasets, ACE 2005 is the most popular dataset
used in prior multilingual/cross-lingual ED re-
search (Chen and Ji, 2009; M’hamdi et al., 2019;
Ahmad et al., 2021; Nguyen et al., 2021c; Nguyen
and Nguyen, 2021). However, such multilingual
datasets suffer from the issues of small data size,
limited language coverage with greater focus on
popular languages, and inaccessibility to the public
as discussed in the introduction. Finally, we also
note some prior works that claim event detection
datasets for non-English datasets (Im et al., 2009;
Küçük and Yazici, 2011; Lejeune et al., 2015).
However, such datasets are not comparable to our
dataset as their event detection task is indeed a
sentence classification problem where established
definition of events with event triggers are not fol-
lowed and annotated.

6 Conclusion

We introduce a new dataset for ED in 8 typolog-
ically different languages. The dataset is signifi-
cantly larger and covers more and newer languages
than prior resources. Specifically, 31,226 text seg-
ments from language-specific articles of Wikipedia
are manually annotated in the dataset. Our experi-
ments and analysis demonstrate the high quality of
the dataset and the multilingual challenges of ED,
providing ample room for future research in this
direction. In the future, we will extend the dataset
to include event argument annotations.
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A Event Types in MINION

There are 16 event types annotated in the proposed
MINION dataset. Table 11 shows the event types
along with their description and examples. We
inherit event type definition and examples from
ACE annotation guideline2 (Walker et al., 2006).

2
https://www.ldc.upenn.edu/sites/www.ldc.upenn.edu/files/

english-events-guidelines-v5.4.3.pdf
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ID Type_SubType Description Example (triggers are highlighted)

1 Life_Be-Born A BE-BORN Event occurs whenever a PERSON Entity is given birth to.
Please note that we do not include the birth of other things or ideas.

• Jane Doe was born in Casper, Wyoming on March 18, 1964.

• They have been linked to cancer, birth defects, and other genetic
abnormalities.

2 Life_Marry MARRY Events are official Events, where two people are married under
the legal definition.

• Jane Doe and John Smith were married on June 9, 1998.

• Residents were unable to register marriages.

3 Life_Divorce
A DIVORCE Event occurs whenever two people are officially divorced
under the legal definition of divorce. We do not include separations or
church annulments.

• The couple divorced four years later.

• Fox and his four adopted children, he is divorced will move into
guest quarters behind the presidential residence

4 Life_Injure
An INJURE Event occurs whenever a PERSON Entity experiences
physical harm. INJURE Events can be accidental, intentional or
self-inflicted.

• Two soldiers were wounded in the attack.

• She was badly hurt in an automobile accident.

5 Life_Die A DIE Event occurs whenever the life of a PERSON Entity ends. DIE
Events can be accidental, intentional or self-inflicted.

• Terrorist groups have threatened to kill foreign hostages.

• John Hinckley attempted to assassinate Ronald Reagan.

6 Movement_Transport
A TRANSPORT Event occurs whenever an ARTIFACT (WEAPON or
VEHICLE) or a PERSON is moved from one PLACE (GPE, FACILITY,
LOCATION) to another.

• Zone escaped the incident with minor injuries, and Kimes was
moved to the prison’s disciplinary housing unit, the authorities
said.

• The aid was aimed at repairing houses damaged by Israeli
bombing and buying additional ambulances" to transport the
rising number of wounded.

7 Transaction_Transfer-
Ownership

TRANSFER-OWNERSHIP Events refer to the buying, selling, loaning,
borrowing, giving, or receiving of artifacts or organizations.

• There is also a scandal that erupted over Russia’s declaration that
it will sell weapons to Iran, contrary to the earlier made
agreement.

• China has purchased two nuclear submarines from Russia.

8 Transaction_Transfer-
Money

TRANSFER-MONEY Events refer to the giving, receiving, borrowing,
or lending money when it is not in the context of purchasing something.
The canonical examples are: (1) people giving money to organizations
(and getting nothing tangible in return); and (2) organizations lending
money to people or other orgs.

• The charity was suspected of giving money to Al Qaeda.

• The organization survives on donations.

9 Conflict_Attack

An ATTACK Event is defined as a violent physical act causing harm or
damage. ATTACK Events include any such Event not covered by the
INJURE or DIE subtypes, including Events where there is no stated
agent. The ATTACK Event type includes less specific violence-related
nouns such as ‘conflict’, ‘clashes’, and ‘fighting’. ‘Gunfire’, which has
the qualities of both an Event and a weapon, should always be tagged as
an ATTACK Event, if only for the sake of consistency. A ‘coup’ is a
kind of ATTACK (and so is a ‘war’).

• U.S. forces continued to bomb Fallujah.

• A car bomb exploded in central Baghdad

10 Conflict_Demonstrate

A DEMONSRATE Event occurs whenever a large number of people
come together in a public area to protest or demand some sort of official
action. DEMONSTRATE Events include, but are not limited to,
protests, sit-ins, strikes, and riots.

• Thousands of people rioted in Port-au-Prince, Haiti over the
weekend.

• The union began its strike on Monday.

11 Contact_Meet

A MEET Event occurs whenever two or more Entities come together at
a single location and interact with one another face-to-face. MEET
Events include talks, summits, conferences, meetings, visits, and any
other Event where two or more parties get together at some location.

• Bush and Putin met earlier this week to discuss Chechnya

• China, Japan, the United States, and both Koreas will hold a
meeting this month.

12 Contact_Phone-Write

A PHONE-WRITE Event occurs when two or more people directly
engage in discussion which does not take place ‘face-to-face’. To make
this Event less open-ended, we limit it to written or telephone
communication where at least two parties are specified. Communication
that takes place in person should be considered a MEET Event. The
very common ‘PERSON told reporters’ is not a taggable Event, nor is
‘issued a statement’. A PHONE-WRITE Event must be explicit phone
or written communication between two or more parties.

• John sent an e-mail to Jane.

• John called Jane last night.

13 Personnel_Start-
Position

A START-POSITION Event occurs whenever a PERSON Entity begins
working for (or changes offices within) an ORGANIZATION or GPE.
This includes government officials starting their terms, whether elected
or appointed.

• Foo Corp. hired Mary Smith in June 1998.

• Mary Smith joined Foo Corp. in June 1998.

14 Personnel_End-
Position

An END-POSITION Event occurs whenever a PERSON Entity stops
working for (or changes offices within) an ORGANIZATION or GPE.
The change of office case will only be taggable when the office being
left is explicitly mentioned within the scope of the Event. This includes
government officials ending terms, whether elected or appointed.

• Richard Jr. had 14 months, before he was laid off in October.

• Georgia fired football coach Jim Donnan Monday after a
disappointing 7-4 season that started with the Bulldogs ranked No.
10 and picked to win the SEC East, his players said.

15 Justice_Arrest-Jail
A JAIL Event occurs whenever the movement of a PERSON is
constrained by a state actor (a GPE, its ORGANIZATION subparts, or
its PERSON representatives).

• Florida police arrested James Harvey in Coral Springs on Friday.

• Since May, Russia has jailed over 20 suspected terrorists without
a trial.

16 Business_Start-
Organization

A START-ORG Event occurs whenever a new ORGANIZATION is
created.

• Joseph Conrad Parkhurst, who founded the motorcycle magazine
Cycle World in 1962, has died.

• British Airways PLC plans to sell Go, its profitable cut-price
subsidiary launched two years ago, the company said Monday.

Table 11: Event types along with their descriptions and examples in MINION.
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Abstract

Recently, a boom of papers has shown ex-
traordinary progress in zero-shot and few-shot
learning with various prompt-based models. It
is commonly argued that prompts help mod-
els to learn faster in the same way that hu-
mans learn faster when provided with task in-
structions expressed in natural language. In
this study, we experiment with over 30 prompt
templates manually written for natural lan-
guage inference (NLI). We find that models
can learn just as fast with many prompts that
are intentionally irrelevant or even pathologi-
cally misleading as they do with instructively
“good” prompts. Further, such patterns hold
even for models as large as 175 billion parame-
ters (Brown et al., 2020) as well as the recently
proposed instruction-tuned models which are
trained on hundreds of prompts (Sanh et al.,
2021). That is, instruction-tuned models of-
ten produce good predictions with irrelevant
and misleading prompts even at zero shots. In
sum, notwithstanding prompt-based models’
impressive improvement, we find evidence of
serious limitations that question the degree to
which such improvement is derived from mod-
els understanding task instructions in ways
analogous to humans’ use of task instructions.

1 Introduction

Suppose a human is given two sentences: “No
weapons of mass destruction found in Iraq yet.”
and “Weapons of mass destruction found in Iraq.”
They are then asked to respond 0 or 1 and receive a
reward if they are correct. In this setup, they would
likely need a large number of trials and errors be-
fore figuring out what they are really being re-
warded to do. This setup is akin to the pretrain-and-
fine-tune setup which has dominated NLP in recent
years, in which models are asked to classify a sen-
tence representation (e.g., a CLS token) into some

∗Unabridged version available on arXiv. Code, interactive
figures, and statistical test results available at https://github.
com/awebson/prompt_semantics

arbitrary dimensions of a one-hot vector. In con-
trast, suppose a human is given a prompt such as:
Given that “Given that “Given that “Given that “Given that “Given that “Given that “Given that “Given that “Given that “Given that “Given that “Given that “Given that “Given that “Given that “Given that “no weapons of mass destruction found
in Iraq yet.”, is it definitely correct that “”, is it definitely correct that “”, is it definitely correct that “”, is it definitely correct that “”, is it definitely correct that “”, is it definitely correct that “”, is it definitely correct that “”, is it definitely correct that “”, is it definitely correct that “”, is it definitely correct that “”, is it definitely correct that “”, is it definitely correct that “”, is it definitely correct that “”, is it definitely correct that “”, is it definitely correct that “”, is it definitely correct that “”, is it definitely correct that “weapons
of mass destruction found in Iraq.”?”?”?”?”?”?”?”?”?”?”?”?”?”?”?”?”?1 Then it would
be no surprise that they are able to perform the task
more accurately and without needing many exam-
ples to figure out what the task is.

Similarly, reformatting NLP tasks with prompts
such as the underlined text above has dramatically
improved zero-shot and few-shot performance over
traditional fine-tuned models (Schick and Schütze,
2021b; Le Scao and Rush, 2021; Sanh et al., 2021;
Wei et al., 2021). Such results naturally give rise to
the hypothesis that the extra prompt text included
within each input example serves as semantically
meaningful task instructions which help models
to learn faster, in the way task instructions help
humans to learn faster. This hypothesis is implic-
itly assumed by many and explicitly argued by
Mishra et al. (2021), Schick and Schütze (2021a),
and Brown et al. (2020).

While last years saw a gold rush of papers (sum-
marized in §2) that proposed automatic methods for
optimizing prompts, Logan IV et al. (2021) com-
pare a representative sample of these newly pro-
posed methods and report that Schick and Schütze
(2021b)’s manually written prompts still on aver-
age outperform the automatically searched prompts
across a range of SuperGLUE tasks (Wang et al.,
2019). Such findings suggest that expert-crafted
prompts are among the best, if not the best, which
reinforces the above hypothesis that models benefit
from meaningful instructions.

In this paper, we test this hypothesis by evaluat-
ing various models on NLI in zero-shot and few-
shot settings using more than 30 manually written
templates and 13 sets of LM target words for a

1This prompt is adapted from MultiNLI (Williams et al.,
2018, p. 3)’s instructions to crowdsourced workers, while the
example is the first one in RTE’s training set.
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total of over 390 prompts. We find that in most
cases models learn identically as fast when given
irrelevant or misleading templates as they do when
given instructively good templates. Further, models
ranging from 235 million to 175 billion parame-
ters all exhibit this behavior, as do the instruction-
tuned models, which are trained on hundreds of
manually written prompts. While we confirm Sanh
et al. (2021)’s finding that instruction tuning sub-
stantially improves the performance and robustness
of prompts, we also find that instruction-tuned mod-
els can be, in some sense, too robust and less sensi-
tive to the semantics of the prompts, as compared
to their non-instruction-tuned equivalents. Finally,
models are much more sensitive to the choice of
the LM target words as opposed to the meaning of
the instruction templates. In sum, despite prompt-
based models’ dramatic improvement in zero-shot
and few-shot learning, we find limited evidence
that models’ improvement is derived from models
understanding task instructions in ways analogous
to humans’ use of task instructions.

2 Related Work

2.1 Prompt-Based Models

At the time of writing, the terms “prompt tuning”
and “prompting” can refer to any one or combina-
tion of three approaches described below:

Discrete Prompts reformat each example
with some template text. For example, in a
sentiment analysis task, the template can be
{sent} In summary, the restaurant
is [prediction], where the predicted mask
word is then converted to a class prediction by
a predefined mapping, e.g., {“great” → positive,
“terrible” → negative}. The prompts can be
manually written (Schick and Schütze, 2021a;
Bragg et al., 2021) or automatically generated (Gao
et al., 2021b; Shin et al., 2020). This approach
typically tunes all parameters of the model, but
its few-shot performance can exceed that of very
large models (e.g., GPT-3 175B) despite using a
3 orders of magnitude smaller LM (Schick and
Schütze, 2021b; Tam et al., 2021).

Priming (a.k.a. in-context learning) prepends
k priming examples to the evaluation example,
where each example is optionally wrapped in a
template such as Question: {sent1} True
or false? {label1} ... Question:
{sentk} True or false? {labelk}
Question: {eval_sent} True or

false? [prediction]. Notably, although
models see labeled examples, their parameters
do not receive gradient updates based on those
examples. Although this approach is intriguing,
Brown et al. (2020) report that it only performs
well on the largest GPT-3 model, the API of which
is costly and difficult to use for academic research
(see Appendix B for details).

Continuous Prompts prepend examples with
special tokens, optionally initialized with word em-
beddings; but during learning, those tokens can be
updated arbitrarily such that the final embeddings
often do not correspond to any real word in the
vocabulary (e.g., Lester et al., 2021; Li and Liang,
2021; Qin and Eisner, 2021). This approach often
efficiently tunes a much smaller set of model pa-
rameters, but these methods have not yet reported
success in few-shot settings. Moreover, foregoing
prompts as expressed in natural language makes it
much harder to study their semantics, and it is not
clear if continuous prompts serve as task-specific
instructions or simply more efficient model param-
eters (see He et al., 2021 for a detailed analysis).

2.2 Analyses of Prompts

In this paper, we focus on discrete prompts because
we can manually write and control their wording
and semantics. We measure the effect of prompt se-
mantics by the model’s k-shot performance where
k = {0, 4, 8, 16, 32, 64, 128, 256}. This setup re-
sembles that of Le Scao and Rush (2021), but their
study focuses on comparing Schick and Schütze
(2021b)’s existing small set of prompts against tra-
ditional fine-tuning over the training trajectories of
entire training sets, whereas our study focuses on
the few-shot learning trajectories among a much
more diverse set of prompts designed to test spe-
cific hypotheses about the effect of prompt seman-
tics on few-shot learning speed.

At a high-level, our findings contradict Mishra
et al. (2021)’s claim that models benefit from elab-
orate instructions adapted from crowdsourcing an-
notation guides. But note that they define “instruc-
tions” more broadly as including priming examples,
and they find that “GPT-3 benefits the most from
positive examples, mildly from definition, and de-
teriorates with negative examples.” (p. 18). In other
words, if we ablate priming and narrow “instruc-
tions” to just the description of a task, we in fact
have the same finding that instructions are only
modestly beneficial over no instructions (cf. our
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irrelevant templates). In a similar vein, concurrent
work by Lampinen et al. (2022) finds that other
components of a prompt such as explanations of
priming examples are helpful, but models are indif-
ferent to whether the instructions in fact describe
their tasks.

Finally, a growing body of concurrent work also
questions the degree to which models need mean-
ingful instructions (Khashabi et al., 2021; Prasad
et al., 2022). One particularly noteworthy finding
is that Min et al. (2022) show that models learn
just as well with incorrect labels as opposed to cor-
rect labels in priming, concluding that prompts are
helping models to learn the distribution of the input
text and space of possible labels (as opposed to
specifying instructions of the task).

3 Overall Setup

We implement a manual discrete prompt model-
which in essence is the same as that of Schick and
Schütze (2021b), except their implementation in-
cludes several augmentations such as self-labeling
and ensembling of multiple prompts for compet-
itive results. In order to focus on measuring the
effect of prompts themselves, our implementation
does not include those augmentations. Following
Sanh et al. (2021) and Wei et al. (2021), we evalu-
ate by a rank classification of the target words.

Baseline Model In preliminary experiments, we
fine-tuned and prompt-tuned BERT, DistilBERT,
RoBERTa, ALBERT, and T5 (Devlin et al., 2019;
Sanh et al., 2019; Liu et al., 2019; Lan et al., 2020;
Raffel et al., 2020; all implemented via Wolf et al.,
2020). Confirming prior work (Schick and Schütze,
2021b; Tam et al., 2021), we find that ALBERT
consistently yields the best performance, so we use
it as our baseline model.

To verify that our implementation is compara-
ble with prior work, Figure 10 reports the RTE
validation accuracy of our baseline model. At 32
shots, our implementation yields a median accu-
racy of 70.22% (mean = 69.29%, std. dev. = 6.3%),
which is comparable to the 69.8% reported by
Schick and Schütze (2021b). Further, Figure 10
confirms Le Scao and Rush (2021)’s finding that,
while both fine-tuning and prompt-tuning converge
to similar results when fully trained on the entire
set (n = 2490 for RTE), prompt-tuning yields the
largest improvement in the few-shot setting. Go-
ing forward, we focus on studying the few-shot
learning trajectory between 4 and 256 examples.

Instruction-Tuned Model We additionally ex-
periment with T0, a recently proposed instruction-
tuned model which is trained on over 60 datasets
formatted with hundreds of manually written
prompts (Sanh et al., 2021). We experiment with
both sizes of T0 (3B and 11B), as well as their non-
instruction-tuned version, T5 LM-Adapted (Lester
et al., 2021), as a baseline.

Very Large Model Lastly, we experiment with
the largest GPT-3 (175B) via priming (a.k.a. in-
context learning). Although fine-tuning is techni-
cally available, it is extremely limited by OpenAI’s
various quotas. See Appendix B for details on how
we circumvent challenges in reproducing Brown
et al. (2020)’s results.

Data NLI is a task where a model is asked to
classify whether one piece of text (the “premise”)
entails another (the “hypothesis”). We focus on NLI
because all T0 variants holds out all NLI prompts
and all NLI datasets in its training, which makes it
a fair comparison to other models in this paper.

We use Recognizing Textual Entailment (RTE,
Dagan et al., 2006, inter alios), a series of expert-
annotated NLI datasets. Specifically, we use the
SuperGLUE collection of RTE (i.e., RTE1, 2, 3,
and 5; all converted to binary classification) and
report their validation accuracy for comparability
with prior work on prompts.

We also experiment with Adversarial NLI
(ANLI, Nie et al., 2020), Heuristic Analysis for
NLI Systems (HANS, McCoy et al., 2019), and
Winograd Schema Challenge (WSC, Levesque
et al., 2012), reported in Appendices G.2, K, and
L, respectively. We find no qualitative difference
between their and the main RTE results except that
ANLI requires much larger number of shots be-
fore obtaining any above-random accuracy, as it is
designed to be a highly challenging set.

Random Seeds & Example Sampling All
experiments are run over the same set of 4 random
seeds. Within a given seed, all models see the
same set of examples. For instance, under seed
1, the 4-shot models see examples 550–553, the
8-shot models see examples 550–557, and so on.
Across different seeds, a different starting example
index is drawn. The exact training example indices
are also recorded in our GitHub repository for
reproducibility.
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Statistical Tests We use both ANOVA and its
nonparametric equivalent, the Kruskal–Wallis test.
After finding a significant difference among multi-
ple categories of templates, we report pairwise sig-
nificance with the independent two-sample t-test
and the Wilcoxon rank-sum test. We set α = 0.05
and apply the Bonferroni correction to account for
multiple comparisons. For all results reported in
this paper, both t-test and Wilcoxon agree.

4 Effect of Templates

Our research question is whether models under-
stand prompts as meaningful task instructions anal-
ogous to how humans would. For intuition, sup-
pose an experimenter provides a human annotator
with an informative instruction of a reasonably easy
task. If the annotator understands the instruction,
we expect them to perform better than when the
experimenter provides intentionally misleading in-
structions, makes irrelevant chitchat, or says noth-
ing at all. Accordingly, we write various prompt
templates that correspond to these different scenar-
ios and evaluate models’ performance with these
templates in zero-shot and few-shot settings.

4.1 Method

We write 5 categories of templates (Table 1), with
at least 5 templates for each category (10 for in-
structive):

• Instructive: how we would describe the NLI
task to a human who has never seen this task
before.

• Misleading-Moderate: instruct the models to
perform a task related or tangential to NLI
such that, if the model were to perform the
task as explicitly instructed, it would perform
poorly on NLI in general.2

• Misleading-Extreme: instruct the models to
perform a task unrelated to NLI.

• Irrelevant: concatenate the premise, a sentence
unrelated to any NLP task, and the hypothesis.

• Null: concatenate the premise and the hypoth-
esis without any additional text.

2An author manually labeled the 30 training examples
seen by models under random seed 1 (example nos. 550–580),
among which we find 17 pairs of entailment, 5 or 8 pairs
(depending on how strictly one judges their acceptability) of
summarizations, and only one pair of paraphrase.

Category Examples

instructive
{prem} Are we justified in saying that “{hypo}”?
Suppose {prem} Can we infer that “{hypo}”?

misleading-
moderate

{prem} Can that be paraphrased as: “{hypo}”?
{prem} Are there lots of similar words in “{hypo}”?

misleading-
extreme

{prem} is the sentiment positive? {hypo}
{prem} is this a sports news? {hypo}

irrelevant
{prem} If bonito flakes boil more than a few seconds
the stock becomes too strong. "{hypo}"?

null
{premise} {hypothesis}
{hypothesis} {premise}

Table 1: Example templates for NLI.

See Table 1 for examples and Appendix F
for the full list. We use “prompt” to mean a
unique combination of a template and a pre-
defined LM target word for each class label.
For example, {“yes” → entailment, “no” →
non-entailment} are the default targets for the
template {premise} Should we assume
that {hypothesis}? [prediction]. In
this section, to control for the effect of target words,
a template’s performance is always reported with
“yes”/“no” as its target words, which consistently
perform best. In Section 5, we control for the tem-
plates and study the effect of different target words.
We further control for punctuation, declarative vs.
interrogative templates, and the order of concate-
nation (always {premise} some template
text {hypothesis}[prediction]).

After preliminary experiments, to avoid cherry
picking, all prompts reported in this paper were
written prior to evaluation, i.e., we do not allow
retroactively editing prompts for performance ma-
nipulations, except for an ablation study that explic-
itly studies the effect of punctuation (Appendix A).

4.2 Result

Irrelevant Templates We find that models
trained with irrelevant templates learn just as fast
as those trained with instructive templates, with no
practical difference3 at any number of shots (Fig-
ure 1). This is true for all models and all datasets
in our experiments, including the largest GPT-3
(Figure 2).

3We acknowledge that a lack of a statistically significant
difference does not entail “no difference”. While it is true that
we find no statistically significant difference with the inde-
pendent two-sample t-test and the Wilcoxon rank-sum test
whenever we say “no practical difference”, note that our argu-
ment, here and throught the paper, hinges on the very small
effect sizes, not the significance tests, i.e., the two categories
of prompts perform too similarly in absolute terms.
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Figure 1: T0 (3B) on RTE. There is no practical dif-
ference between the performance of the models trained
with instructive templates vs. those trained with irrele-
vant templates at any number of shots.

GPT-3 (175B) T5 LMA (11B) T0 (11B) T0++ (11B)
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0.9

instructive irrelevant mis-moderate mis-extreme null

Figure 2: 16-shot accuracy of four large models on
RTE. For GPT-3, there is no practical difference be-
tween any template categories except null (not plotted
because they are below 0.5). For T5, there is no prac-
tical difference between instructive and irrelevant. For
T0, there is no practical difference between instructive
and irrelevant nor between instructive and misleading-
moderate. For T0++, there is no practical difference be-
tween instructive and irrelevant nor between instructive
and misleading-extreme.

Misleading Templates There is no consistent re-
lation between the performance of models trained
with templates that are moderately misleading (e.g.
{premise} Can that be paraphrased
as "{hypothesis}"?) vs. templates that are
extremely misleading (e.g., {premise} Is
this a sports news? {hypothesis}).
T0 (both 3B and 11B) perform better given
misleading-moderate (Figure 3), ALBERT and
T5 3B perform better given misleading-extreme
(Appendices E and G.4), whereas T5 11B and
GPT-3 perform comparably on both sets (Figure 2;
also see Table 2 for a summary of statistical
significances.) Despite a lack of pattern between
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Figure 3: T0 (3B) on RTE. There is no practical dif-
ference between models trained with instructive and
misleading-moderate templates at any number of shots.
But models trained with misleading-extreme templates
are statistically significantly worse from 8 to 128 shots.

the two misleading categories, however, it is con-
sistent that each model exhibits significantly better
performance on instructive templates compared to
at least one category of misleading templates.

Null Templates Models trained with null tem-
plates perform far worse than all other categories
of templates (see Appendix G for all null re-
sults). Here, we focus on ALBERT (an encoder-
only masked language model), which allows more
permutation of concatenation orders by placing
mask in the middle of sentences. We see that, al-
though null templates are much worse in aggregate,
some subset of them (e.g., {premise} [mask]
{hypothesis}) are still able to learn nearly as
fast as the average instructive template after 32
shots (Figure 13).

Zero-Shot So far, we have focused on few-shot
results. At zero shots, all models (including GPT-3
175B) perform only marginally above random, ex-
cept the instruction-tuned T0. Thus, for our analysis
of zero shot performance, we focus on T0. Figure 4
shows that there is no practical difference between
the performance of T0 3B given instructive tem-
plates and either category of misleading templates.
T0 11B performs better, although it also shows no
practical difference between misleading-moderate
and instructive templates. Lastly, T0++ (trained on
more datasets than other T0 variants), is the only
model in this paper that shows statistically signifi-
cantly different performance across all categories
of prompts. However, there remains the caveat that
it still performs arguably too well in absolute terms
with pathological prompts, which we discuss in the
next section.
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given… is it 
guaranteed true that

does the paragraph 
start with “the”

is this 
grammatically 

correct

are there lots of 
similar words

is the 
sentiment 
positiveinflections are 

annoying

are we justified 
in saying that

Figure 4: Zero-shot accuracy of instruction-tuned models on RTE. Each prompt’s performance is a single point
(unlike the few-shot figures where each prompt is approximated by multiple points with multiple samplings of
few-shot examples.) Arrows highlight some prompts with their excerpts. See Appendix I for the full results.

size #shots inst. > mis-moderate inst. > mis-extreme inst. > irrelevant inst. > null

T0 3B 0 3

T0 11B 0 3 3 3

T0++ 11B 0 3 3 3 3

ALBERT 235M 4 - 256 3 3

T5 LMA 770M 4 - 256
T5 LMA 3B 4 - 256 3 3

T0 3B 4 - 256 3 3

T5 LMA 11B 16 3 3 3

T0 11B 16 3 3

T0++ 11B 16 3 3

GPT-3 175B 16 3

Table 2: Checkmarks indicate where two categories of templates lead to statistically significantly different perfor-
mance, as measured by an independent two-sample t-test and a Wilcoxon rank-sum test; both tests always agree
in this table. A lack of checkmark indicates where model performance fails to differentiate the two categories,
i.e., models do not understand the differences between the prompt categories. We consider significant differences
(checkmarks) between categories of prompts to be necessary—but not sufficient—for language understanding.

4.3 Discussion

Recall that a common assumption in the literature
is that prompts require experts to clearly and cor-
rectly describe the task at hand (§1). In contrast,
Table 2 summarizes that, with the exception of
T0++ at zero shots, all models perform essentially
as well with some pathological prompts as they do
with proper prompts. Notably, despite being much
larger than its competitors, GPT-3 shows the same
patterns of behaviors, suggesting that mere scaling
does not address this issue. Meanwhile, the evi-
dence from instruction tuning is mixed. Although
Sanh et al. (2021) are right that instruction tuning
yields substantial improvement in performance as

well as robustness as measured by variance, T0 is
somewhat too robust and less sensitive to the se-
mantics of the prompts in terms of distinguishing
proper instructions from pathological ones, com-
pared to T5 of the same size in the few-shot setting
(Figure 2).

In the zero-shot setting, we do see that that
the largest model instruction-tuned with the most
datasets (T0++) improves a model’s sensitivity
to prompt semantics. This is a positive result,
but it comes with the caveat that there still exist
numerous examples of pathological prompts that
perform just as well as the proper ones do. To be
charitable to randomness in neural models, we hold
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Figure 5: The best-performing instructive template for
ALBERT on RTE, {prem} Are we justified
in saying that "{hypo}"? with select LM
targets from each category.

this study to a higher standard by comparing means
and medians among categories with statistical tests.
Nevertheless, for our research question, existence
proofs alone are still alarming. For example,
without any gradient update nor priming, it is
striking that out-of-the-box T0++ scores a high
accuracy of 78% with the extremely misleading
{premise} Is that grammatically
correct? {hypothesis}, the same accu-
racy as it achieves with a proper instruction
{premise} Are we justified in
saying "{hypothesis}"? If models were
truly classifying whether the text is grammatical, it
would have only scored 52.7% because RTE is writ-
ten by experts and all examples are grammatical.
Even templates that underperform the instructive
ones seem to be too good. For example, it is
difficult to imagine a human scoring 72% zero-shot
with the prompt {premise} Inflections
are annoying and thank god that
Middle English got rid of most of
them. {hypothesis} for a nuanced task like
NLI.

5 Effect of Target Words

5.1 Method

In this experiment, we study the effect of different
LM target words given a fixed template. We write
4 categories of targets, with at least 3 pairs of target
words for each category (except the singleton yes-
no category):

1. Yes-no: Model is expected to predict the
word “yes” for entailment and “no” for non-
entailment.
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{prem} Based on the previous passage, is it true that
"{hypo}"? {“cat” → entailment, “dog” → non-entailment}
{prem} Does the paragraph start with "the"? {hypo}
{“yes” → entailment, “no” → non-entailment}
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Figure 6: T0 (3B) on RTE. Misleading templates + yes-
no targets (red) learn substantially faster than instruc-
tive templates + arbitrary targets (green), which is the
opposite of what we expect from humans.

2. Yes-no-like: Semantically equivalent to yes-
no but using superficially different words, e.g.,
“true”/“false”, “positive”/“negative”.

3. Arbitrary: Model is expected to predict arbi-
trary words that have no semantic relation to
the entailment task, e.g., “cat” for entailment,
“dog” for non-entailment.

4. Reversed: Model is expected to predict the
opposite of the (intuitive) yes-no and yes-no-
like labels, e.g., “no” for entailment, “yes” for
non-entailment.

See Appendix F.3 for the full list. Within the arbi-
trary category, in addition to the common anglo-
phone first names as Le Scao and Rush (2021) use,
we also include word pairs with high semantic sim-
ilarity, low similarity, and pairs which are highly
frequent in the English language, but we find no
consistent difference among these various subcate-
gories of the arbitrary category.

5.2 Result
For both ALBERT and T0, we find that models
trained with yes-no targets learn a good deal faster
than those trained with yes-no-like targets and dra-
matically faster than those with arbitrary and re-
versed targets. For example, Figure 5 shows the
top-performing instructive template trained with
different target words. At 32 shots, the difference
between the median accuracies of “yes”/“no” vs.
“no”/“yes” is 22.2%, far larger than the effect size
of varying categories of templates in Section 4. Ag-
gregating over all combination of templates and
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targets, Figure 16 confirms that the choice of target
words matter much more than the meaning of the
templates.

5.3 Discussion
The fact that models consistently learn slower with
arbitrary and reversed target words is a positive
result: this type of performance differential is con-
sistent with what we expect for models that are
correctly sensitive to the semantics of the words.
However, there are several important negative re-
sults in these experiments as well. First, the effect
of the target words overrides the semantics of the
overall prompt. Consider two kinds of template-
target combinations:

1. An irrelevant or misleading template + yes-no
targets, e.g., {premise} Does the
paragraph start with "the"?
[yes/no] {hypothesis}

2. An instructive template + arbitrary tar-
gets, e.g., {premise} Based on the
previous passage, is it true
that "{hypothesis}"? [cat/dog]

Figure 6 shows that combinations such as (1) often
dramatically outperform (2). However, (2) simply
requires figuring out a mapping: “Reply ‘cat’ if en-
tailed and reply ‘dog’ if not entailed”. For humans,
this can be learned in a few shots, e.g., Ferrigno
et al. (2017) showed that adults can reach 60% ac-
curacy in 18 trials4 for an arbitrary map of {more
numerous→ star shape, less numerous→ diamond
shape} without receiving any language instructions.
In contrast, models under many arbitrary LM tar-
gets struggle to reach 60% median accuracy even
by 64 shots with instructive templates (Figure 6
green; Figure 5 red, purple).

Further, even given intuitive yes-no-like targets
such as “agree”/“disagree” and “good”/“bad”, mod-
els learn much slower compared to when given
“yes”/“no”. As Figure 5 (green vs. dark green) and
Figure 16 (first vs. second x-axis group) show, there
exists a large performance gap between yes-no and
yes-no-like targets which is not closed until 256
shots. Moreover, when we try to help the models
by appending target hints such as “True or false?”
to the templates, performance often drops instead,
echoing Sanh et al. (2021) and Wei et al. (2021)’s

4And this comparison is heavily charitable to the models
because “18 trials” means that humans see 18 examples for 18
times in total, whereas “20-shot” means that models can see
the same 20 examples over and over again for many epochs.

findings that including answer choices in input se-
quence make models perform worse for certain
tasks.

6 General Discussion

6.1 Summary and Interpretation

Our main research question is whether models un-
derstand prompts as meaningful task instructions
analogous to how humans would. Again, suppose
an experimenter provides a human annotator with
an informative instruction of a reasonably easy task.
If the annotator understands the instruction, we
expect them to perform better than when the ex-
perimenter provides misleading instructions, irrele-
vant instructions, or no instructions at all. Section 4
shows that the performance of most models is insen-
sitive to the difference between instructive and irrel-
evant templates, moderately sensitive between in-
structive and misleading templates, and highly sen-
sitive between instructive and null templates. Com-
paring to the effect of the templates, however, Sec-
tion 5 shows that models are much more sensitive
to the semantics of the target words: they learn far
slower with arbitrary or reversed target words as de-
sired. However, they are overly sensitive to seman-
tically equivalent yes-no-like words (i.e., perform-
ing much worse with “agree”/“disagree” than with
“yes”/“no”), and the choice of target words over-
ride the semantics of the templates (e.g., perform-
ing much better given a irrelevant template with
“yes”/“no” targets than with an instructive template
with arbitrary targets such as “cat”/“dog”).

Our main argument throughout the paper shares
the same logic as a recent line of studies (Sinha
et al., 2021; O’Connor and Andreas, 2021; Pham
et al., 2021; Gupta et al., 2021) which argue that
the fact that LMs achieve good performance un-
der ideal conditions is insufficient to establish lan-
guage understanding because they also succeed
under pathological conditions (e.g., sentences with
shuffled word order) where humans fail catastroph-
ically.5 In other words, the fact that models are so
good at inferring the gold labels from pathologi-

5See Ravishankar et al. (2022), Papadimitriou et al. (2022),
and Kulmizev and Nivre (2021) for a nuanced ongoing debate
on the extent models know vs. use syntactic coding properties
on what kinds of examples. But even considering these new
evidences, we think Sinha et al. (2021) are at least correct
that, as they find that human experts perform far worse on
shuffled NLI inferences than RoBERTa does, models must
be processing linguistic inferences quite differently from how
humans do, regardless of whether models know word order
information.
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cal inputs casts major doubts on whether models
make inferences in any way that resembles how
humans make inferences. For our results, the fact
that models are so good at learning from patho-
logical instructions likewise casts major doubts on
whether models understand prompts as instructions
in any way that resembles how humans understand
instructions.

6.2 Alternative Interpretations and Future
Directions

As with any extrinsic evaluation, accuracy cannot
directly measure understanding. For example, a hu-
man could perfectly understand an instruction but
still, e.g., have the same accuracy with instructive
vs. irrelevant templates because the task itself is
too hard (a lack of competence) or because they for
some reason ignore the instructions (a lack of com-
pliance). We discuss these two possibilities below.

Lack of Competence This is primarily a con-
cern for non-instruction-tuned models at zero shots,
where all models perform only slightly above ran-
dom, and thus a lack of statistical significance
among template categories is ambiguous as to
whether models lack understanding of NLI instruc-
tions vs. if models lack the competence in NLI per
se. This is why our study largely focuses on the few-
shot setting, where a lack of competence is less of
a concern, as models do competently achieve good
accuracies that are only moderately below the state-
of-the-art non-few-shot models.

Another counterargument is that maybe no mod-
els ever actually reason about if a premise entails a
hypothesis. Maybe they just always exploit spuri-
ous or heuristic features and, if only they were com-
petent in properly reasoning about entailment rela-
tions, then the meaning of NLI instructions would
matter. This argument is possible, although, first, it
hinges on to what extent NLI (or any other behav-
ioral evaluation) can measure language understand-
ing, which is a complex debate beyond the scope
of this paper. Second, in preliminary experiments
(Appendix K), our models actually zero-shot trans-
fer reasonably well to HANS (McCoy et al., 2019),
a dataset designed to diagnoses models use of NLI
heuristics. Thus, it is unlikely that models are en-
tirely incompetent in reasoning about entailment
relations and solely rely on heuristics. Regardless,
further differentiating competence in understand-
ing task instructions vs. competence in tasks per se
is an important direction for future work.

Lack of Compliance Another interpretation is
that irrelevant prompts perform the same as the in-
structive ones because models simply ignore the
prompts altogether. However, a lack of compliance
alone cannot explain our results. If models truly ig-
nore the prompts, we should not see any systematic
differences between any categories of prompts. In-
stead, we do see consistent patterns that instructive
and irrelevant templates make models learn signifi-
cantly faster than misleading and null templates do
(Table 2).

A more nuanced counterargument is that al-
though models do not ignore their prompts entirely,
perhaps it “takes less effort” for models to use the
spurious or heuristic features for predictions as
opposed to the more complex syntactic or seman-
tic features (Lovering et al., 2021; Warstadt et al.,
2020) required to properly comply with the instruc-
tions. However, spurious features alone likewise
cannot explain the observed performance gaps. Re-
call that, within each random seed, all models see
exactly the same training examples (with the same
spurious features). Thus, to the extent that models
perform differently with some prompts compared
to others, it may be due to some complex interac-
tions between the (spurious or semantic) features
in prompts and the spurious features in data ex-
amples. One possible example of this interaction
is that punctuation has a large effect for irrelevant
templates, but instructive templates seem to be able
to suppress such effect (Appendix A). Investigating
the nature of this interaction is a promising direc-
tion for future work, and it suggests a way in which
the semantics of the prompt might matter, e.g., by
affecting the models’ inductive biases, even if mod-
els do not interpret or use the instructions in the
same way as humans would.

7 Conclusion

In this study, we train several models with over
30 manually written templates and 13 sets of LM
targets for NLI. We find that models often learn
equally fast with misleading and irrelevant tem-
plates as they do with instructive ones, and that
the choice of the target words overrides the mean-
ing of the overall prompts. Although models do
not entirely ignore the meaning of the prompts,
our results contradict a hypothesis commonly as-
sumed in the literature that models use prompts as
semantically meaningful task instructions in ways
analogous to humans’ use of instructions.
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Ethical Considerations

The fact that even the largest LMs appear to fol-
low yet do not actually follow users’ instructions
has important implications, especially considering
the increasing commercial use of LMs. While tra-
ditional fine-tuned models also pose challenges
in interpretability, with prompt-based models, an
illusion of instruction following can be more per-
nicious than having no instructions at all. The in-
tuitive interface that prompts provide might make
them more accessible to lay users, and can mis-
lead users to think that their instructions are being
understood and followed. Our results suggest that
cautions are needed even more than they were with
traditional fine-tuned models.
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Figure 7: ALBERT on RTE. Note that (1) irrelevant
templates slightly outperform the instructive templates,
albeit without statistical significance. (2) Irrelevant tem-
plates are far worse without quotation and question
marks. (3) But there is no significant difference be-
tween instructive templates with or without qmarks.
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Figure 8: T0 (3B) on RTE. Like ALBERT, irrelevant
sans qmarks are significantly worse than irrelevant at
each and every shot, but there is no significant differ-
ence between instructive with or without qmarks.

A Effect of Punctuation

For irrelevant templates, we find a large effect
from the use of quotation and question marks in
templates. It is natural to write such punctuation
in instructive templates as they help humans
to parse an NLI hypothesis as an embedded
clause within an instruction sentence (e.g.,
Given {premise} Should we assume
that "{hypothesis}" is true?). For
control, we also use quotation and question
marks (“qmarks” hereafter) in irrelevant tem-
plates where they would not have made sense
naturally, e.g., {premise} Single-family
zoning is bad for American cities.
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Figure 9: T5 LM-Adapted (3B). Unlike the other mod-
els, there is no statistical significance between irrele-
vant with or without qmarks. However, instructive sans
qmarks statistically significantly outperform instructive
at 32 and 64 shots.

"{hypothesis}"? As an ablation, when we
remove these qmarks from irrelevant templates,
the performance of ALBERT and T0 drops
substantially (Figures 7 and 8). In contrast, for
T5, qmarks make no difference for irrelevant
templates; yet, removing qmarks from instructive
templates—where qmarks are natural—boosted
performance instead for T5 (Figure 9), but not for
T0 nor ALBERT.

Additionally, as a coincidence, most mislead-
ing templates contain both quotation and question
marks, while most misleading-far templates con-
tain only question marks (Appendix F). But as
noted in Section 4.2, there is no consistent pat-
tern between those two misleading categories. In
other words, punctuations alone cannot explain ev-
erything. As discussed in Section 6.2, the full ex-
planation is likely a combined interactions between
the spurious features and the semantics of the tem-
plates.

Lastly, note that Schick and Schütze (2021b)
and many subsequent papers’ prompts for
NLI (e.g., "{hypothesis}" ? | [mask].
"{premise}") are basically null templates with
some variation in punctuation between the hy-
pothesis and the premise. We find that models
learn poorly with the vanilla {hypothesis}
[mask] {premise}, but they learn as fast
as the instructive templates with Schick &
Schütze’s punctuated version. That being said,
note again that punctuation alone cannot explain
the performance gap, since models trained with
[mask] {hypothesis} {premise} (Fig-
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ure 13, pink) perform second to best, yet swapping
their premises and hypotheses (Figure 13, purple)
makes it the worst performing among all null tem-
plates.

B Details and Lessons from
Experimenting with GPT-3’s API

B.1 Choice of Model

We use the davinci model provided by OpenAI
LP’s API, which corresponds to6 the 175 billion
parameter model reported in Brown et al. (2020).
Concurrent to our work, OpenAI released a new
product called the “Instruct Series”, but we decided
to not experiment with the Instruct Series because
no academic paper or technical documentation of
any kind is available with the Instruct Series at the
time of writing aside from the following claim on
their website:7

The Instruct models share our base
GPT-3 models’ ability to understand and
generate natural language, but they’re
better at understanding and following
your instructions. You simply tell the
model what you want it to do, and it
will do its best to fulfill your instruc-
tions. This is an important step forward
in our goal of building safe models that
are aligned with human interests.

Crucially, the Instruct Series is inappropriate for
reproducible research because it is unknown what
datasets and prompts these models are trained on,
and whether any task categories are systematically
held out as done by Sanh et al. (2021) and Wei et al.
(2021). If it is trained on any prompt or dataset of
NLI, it would not be zero-shot, making it an un-
fair comparison to other models in our experiments.
Second, it is still in beta and its training, held-out,
and prompt mixtures could change. At least two
Instruct Series models were made available in se-
quence during our writing, and it is not clear if we
experiment on an older version, whether it will still
be available and reproducible in the future.

6OpenAI never actually discloses which one of their com-
mercially named ada, babbage, curie, davinci
“engines” correspond to models of which size. However, Gao
et al. (2021a) estimate that they correspond to 350M, 1.3B,
6.7B, and 175B respectively.

7http://beta.openai.com/docs/engines/instruct-series-beta

B.2 Priming vs. Fine-Tuning
As mentioned in Section 3, we use priming (a.k.a.
in-context learning) in lieu of fine-tuning because,
at the time of writing, OpenAI’s fine-tuning API is
limited to 10 runs per month. To train 30 prompts
at only two number of shots would take 6 months,
assuming we get hyperparameters right at first try.
Further, each training run is limited to a maximum
of 5 epochs, which often entails an insufficient
number steps for few-shot training. We were unable
to fine-tune GPT to any reasonable accuracy with
our allowed 10 tries in the first month. Finally, the
fine-tuning API is limited to GPT variants up to
6.7B, not the 175B model we plan to experiment
with.

With priming, we are able to reproduce Brown
et al. (2020)’s zero-shot performance on RTE but
only with their exact prompt reported in their Fig-
ure G.31, all other (even instructive) prompts per-
form at random at zero shots, suggesting that their
reported prompt is highly cherry-picked. We are
unable to reproduce their reported few-shot result
because they report it at 32 shots, but their API only
permits a context length up to 2049 tokens, which
is insufficient for RTE. We find that 16 shots are
the highest one can reach within the token limit.8

Like the gradient updated models, we document
the exact examples we use for few-shot priming in
our GitHub repository. Unlike the gradient updated
models, which are trained on the same k exam-
ples, priming models use different sets of k prim-
ing examples for each inference example (Brown
et al., 2020, p. 20). This means that GPT’s perfor-
mance reflects the fact that, overall, it has seen far
more than k examples, making it not directly com-
parable to the few shots of the gradient updated
models. This is not ideal, but our GPT few-shot
performance already underperforms what Brown
et al. (2020) report, so we choose to not further
restrict it to have the same fixed priming examples
for all inference examples, which could run into
a lack of competence issue (§6.2) that make its
results unusable for our research question.

Lastly, unlike the gradient updated models, we
do not run multiple seeds with our GPT experi-
ments because, first, they are expensive. As the
API bills by token, using k shots of priming exam-
ple effectively multiplies the total cost by k. Sec-

8Depending on the length of the prompt template, 2 or 3
examples still exceed the token limit, in which case we remove
one priming example, keeping the other 15 priming examples
and the to-be-predicted example unmodified.
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ond, OpenAI imposes a monthly quota for each lab,
so running multiple seeds will take several more
months to complete.

B.3 Other Tips for Working with GPT-3

Using the logprobs argument in their API, we
obtain the top 99 predicted target word and their
log probabilities.9 Following Sanh et al. (2021) and
Wei et al. (2021), we evaluate by a rank classifi-
cation of the target words, i.e., if the gold target
word is “yes”, we consider it as correct as long as
the probability of “yes” is higher than that of “no”,
regardless of whether “yes” is the top-1 prediction
generated by the model.

Alarmingly, we find that these top-99 predictions
are semantically inconsistent ranked, e.g., for one
data example and its top-99 word predictions, it is
often the case that, e.g., P(yes) > P(no) but P(Yes)
< P(No). Thus, the choice of the target words’ sur-
face form makes a substantial difference in the
overall performance. (Not to mention the prob-
lem of choosing between yes/no, true/false, cor-
rect/incorrect, etc. as studied in Section 5.) OpenAI
recommends having no trailing space in the input
and let the model predict the first token with a lead-
ing space as in “ Yes”. We find that although strip-
ping the leading space sometimes leads to higher
performance for some prompts, overall not apply-
ing stripping or other token normalization performs
the best.

Another point researchers should pay attention
to is the use of what OpenAI calls a “separator”
inserted between priming examples. In preliminary
experiments, we initially use newline characters as
appeared in Brown et al. (2020)’s Appendix G. We
later discover that OpenAI recommends using ###
or \n###\n as separators. We use the latter and
find consistent performance improvement over just
using newline characters, and we use it throughout
in our main experiments.

C Hyperparameters

For encoder-only models, we follow Schick and
Schütze (2021b) and Le Scao and Rush (2021)’s
recommendations and use a learning rate of 1e−5.
For T5 and T0 models, we follow Raffel et al.
(2020) and Sanh et al. (2021)’s recommendations

9Although sometimes the API returns less than the num-
ber of logprobs the user specifies, in which case we con-
tacted OpenAI’s customer support who provided us refund by
store credit. At the time of publishing, OpenAI now restricts
logprobs to a maximum of 5.

and use a learning rate of 1e−4. We run sev-
eral preliminary experiments with learning rates
(3e−4, 1e−4, 5e−5, 1e−5) deviating from their rec-
ommendations and they perform worse, although
our search is not exhaustive due to the high cost
of running multiple prompts with multiple random
seeds.

Note that T5 and T0 are trained with the Adafac-
tor optimizer (Shazeer and Stern, 2018) in Mesh
TensorFlow. Our implementation is in PyTorch, and
we find that fine-tuning T5 with PyTorch’s imple-
mentation of Adafactor yields substantially worse
results than the usual choice of the AdamW opti-
mizer. We corresponded with Raffel et al. (2020),
who advised us that it might be due to the fact that
PyTorch does not have the same learning rate sched-
uler implementation as TensorFlow’s Adafactor
does. They recommended us to simply use AdamW,
which is what we did. This is somewhat unfortunate
because Adafactor is much more memory efficient,
which would have drastically reduced the compute
resources required and thus enable more compre-
hensive experiments of the 11B models, which are
currently limited to 0 shots and 16 shots only.

Although most models seem to obtain the high-
est validation accuracy at very early epochs, we
train all models to 30 epochs (20 epochs for 11B
models) to be safe and select the checkpoint with
the highest validation accuracy.

All models use a batch size of 4 with 4 gradient
accumulation steps for an effective batch size of
16.

Note that because we use a rank classification
of single-token target words, decoding sampling
methods (e.g., beam search, top-k, top-p) are un-
necessary.

We follow Raffel et al. (2020) and add EOS to-
kens for input sequences, which yields higher few-
shot performance compared to not adding EOS as
done by Sanh et al. (2021). However, we omit EOS
in the zero-shot setting, which exactly reproduces
the results reported by Sanh et al. (2021). See T0’s
GitHub repository readme10 for more information.

D Compute Used

Each ALBERT 235M model is trained on a single
Nvidia RTX3090. Their main experiments took
approximately 192 GPU hours.

10https://github.com/bigscience-workshop/t-zero/tree/
master/examples
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Each T5 LMA 770M model is trained on a sin-
gle A6000. Their main experiments took approxi-
mately 48 GPU hours.

The 3B models are each trained by partitioning
their layers over four RTX3090s. T5 and T0’s main
experiments took approximately 2,304 GPU hours
in total.

The 11B models are each trained on eight V100s
(each with 32GB of memory). T5, T0, and T0++’s
main experiments took approximately 1,728 GPU
hours in total. (Due to their large GPU memory
requirement, we were only able to complete one
number of shots.)

E Additional Figures Discussed in the
Main Text
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Figure 10: How to read these figures: Each dot is
the performance of one prompt under one random
seed (which controls the sets of few-shot examples) of
our baseline model (ALBERT) on RTE validation set.
Boxes span from the first quartile to the third quartile,
while lines inside boxes mark the medians. Later fig-
ures omit the points except outliers in order to improve
legibility. See the interactive figures in our GitHub
repository or Appendix H for the results of individual
prompts.
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Figure 11: ALBERT on RTE. Models trained with irrel-
evant templates actually slightly outperform the instruc-
tive templates, albeit without statistical significance at
any number of shots.
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Figure 12: ALBERT on RTE. There is no statistical sig-
nificance between misleading-extreme and instructive
at any number of shots. In contrast, models trained with
misleading-moderate templates are significantly worse
than the instructive ones from 16 to 64 shots.

4 8 16 32 64 128 256

0.55

0.6

0.65

0.7

0.75

0.8

0.85 aggregated instructive templates
{premise} [mask] {hypothesis}
[mask] {hypothesis} {premise}
[mask] {premise} {hypothesis}

Number of Shots

RT
E 

Va
lid

at
io

n 
A

cc
ur

ac
y

Figure 13: ALBERT on RTE. After 32 shots, models
trained with 2 null templates learn just as fast as the
instructive templates, but models trained with other null
templates (e.g., purple) are much worse.
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Figure 14: The best-performing instructive template
for T0 (3B) on RTE, {prem} Based on the
previous passage, is it true that
"{hypo}"? with select LM targets from each
category.
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Figure 15: Median accuracies of all template-target
combinations at 32 shots. In general, the choice of tar-
get words (x-axis groups) matters much more than the
choice of templates (colors).
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Figure 16: T0 (3B)’s 32-shot accuracy with of all
template-target combinations on RTE. In general, the
choice of target words (x-axis groups) matters much
more than the choice of templates (colors).
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F All Prompts

F.1 Main Experiment Templates
category template adapted from

instructive
{premise} Using only the above description and what you know about the world,
"{hypothesis}" is definitely correct. Yes or no?

Williams et al. (2018, p. 3)

instructive {premise} \nquestion: {hypothesis}Yes or no?\nanswer: Brown et al. (2020, p. 59)
instructive {premise} Are we justified in saying that "{hypothesis}"?
instructive Given {premise} Should we assume that "{hypothesis}" is true?
instructive {premise} Based on the previous passage, is it true that "{hypothesis}"?
instructive Given {premise} Is it guaranteed true that "{hypothesis}"?
instructive Suppose {premise} Can we infer that "{hypothesis}"?
instructive Given that {premise} Does it follow that "{hypothesis}"?
instructive {premise} Question: Does this imply that "{hypothesis}"?
instructive Given that {premise} Therefore, it must be true that "{hypothesis}"?

misleading-moderate {premise} Do most of the above words appear in the following passage? {hypothesis}
misleading-moderate {premise} Are there lots of similar words in "{hypothesis}"?
misleading-moderate {premise} Does that have the same meaning as "{hypothesis}"?
misleading-moderate {premise} Can that be paraphrased as: "{hypothesis}"?
misleading-moderate {premise} Can that be summarized as "{hypothesis}"?

misleading-extreme {premise} Does the paragraph start with "the"? {hypothesis}
misleading-extreme {premise} Is this grammatically correct? {hypothesis}
misleading-extreme {premise} Is the sentiment positive? {hypothesis}
misleading-extreme {premise} Is this a sports news? {hypothesis}
misleading-extreme {premise} Is this French? {hypothesis}

irrelevant {premise} Single-family zoning is bad for American cities. "{hypothesis}"?

irrelevant
{premise} Inflections are annoying and thank god that
Middle English got rid of most of them. "{hypothesis}"?

irrelevant
{premise} When Bolyai sent Gauss his discovery of non-Euclidean geometry,
Gauss replied that he arrived at the same results 30 years ago. "{hypothesis}"?

Greenberg (1974, p. 141)

irrelevant
{premise} If bonito flakes boil more than a few seconds,
the stock becomes too strong? "{hypothesis}"?

Tsuji and Sutherland (1980, p. 148)

irrelevant
{premise} Is the pious loved by the gods because it is pious?
Or is it pious because it is loved by the gods? "{hypothesis}"?

Plato (c. 399 BC, 10a)

null {premise} {hypothesis}
null {hypothesis}{premise}
null (MLM only) {premise} {mask} {hypothesis}
null (MLM only) {hypothesis}{mask} {premise}
null (MLM only) {mask} {premise} {hypothesis}
null (MLM only) {mask} {hypothesis}{premise}

Table 3: All prompts used in the main text of the paper. All templates use “yes”/“no” as target words for the
entailment and non-entailment classes, respectively. For ternary NLI datasets, we use “unclear” for the neutral class,
which performs best after preliminary experiments with other ternary words: “maybe”, “sometimes”, “perhaps”,
“possibly”, and “neither”. Keen readers may notice that some of the instructive templates (e.g., should we
assume) do not instruct a strict entailment task. We intentionally wrote a mixture of instructions that asks for
strictly logical entailment and pragmatic inference, intending to measure if models can distinguish between the
two on datasets such as HANS (McCoy et al., 2019) that magnify different predictions caused by pragmatic effects.
Of course, this research question became moot as we found that models cannot even distinguish among much more
pathological prompts.

2318



F.2 Ablation Experiment Templates
category template

instructive sans qmarks {premise} Using only the above description and what you know about the world, {hypothesis}is definitely correct. Yes or no
instructive sans qmarks {premise} \nquestion: {hypothesis}Yes or no\nanswer:
instructive sans qmarks {premise} Are we justified in saying that {hypothesis}
instructive sans qmarks Given {premise} Should we assume that {hypothesis}is true
instructive sans qmarks {premise} Based on the previous passage, is it true that {hypothesis}
instructive sans qmarks Given {premise} Is it guaranteed true that {hypothesis}
instructive sans qmarks Suppose {premise} Can we infer that {hypothesis}
instructive sans qmarks Given that {premise} Does it follow that {hypothesis}
instructive sans qmarks {premise} Question: Does this imply that {hypothesis}
instructive sans qmarks Given that {premise} Therefore, it must be true that {hypothesis}

irrelevant sans qmarks {premise} Single-family zoning is bad for American cities. {hypothesis}
irrelevant sans qmarks {premise} Inflections are annoying and thank god that Middle English got rid of most of them. {hypothesis}

irrelevant sans qmarks
{premise} When Bolyai sent Gauss his discovery of non-Euclidean geometry,
Gauss replied that he arrived at the same results 30 years ago. {hypothesis}

irrelevant sans qmarks {premise} If bonito flakes boil more than a few seconds, the stock becomes too strong. {hypothesis}
irrelevant sans qmarks {premise} Is the pious loved by the gods because it is pious. Or is it pious because it is loved by the gods. {hypothesis}

Table 4: Used in the study of the effect of question and quotation marks in Appendix A.

F.3 All Target Words

Category Target Words

yes-no yes;no

yes-no-like true;false
yes-no-like positive;negative
yes-no-like right;wrong
yes-no-like correct;incorrect
yes-no-like agree;disagree
yes-no-like good;bad

reversed no;yes
reversed false;true
reversed negative;positive

arbitrary B;C
arbitrary cat;dog
arbitrary she;he

Table 5: LM targets used in Section 5. Again, for ternary NLI datasets, we use “unclear” for the neutral class,
which performs best after preliminary experiments with other ternary words: “maybe”, “sometimes”, “perhaps”,
“possibly”, and “neither”. Within the arbitrary category, in addition to the common anglophone first names as
Le Scao and Rush (2021) use, we also tried word pairs with high semantic similarity (“cat”/“dog”), low similar-
ity (“cake”/“piano”, “write”/“sleep”), and pairs which are highly frequent in the English language (“she”/“he”,
“the”/“a”) in preliminary experiments, but we find no consistent difference among these various subcategories of
the arbitrary category.
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G Aggregated Results

G.1 ALBERT on RTE
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num. shots template category median q3 - q1 mean std. dev.

4 instructive 0.5830 0.0885 0.5907 0.0517
4 irrelevant 0.6300 0.1291 0.6170 0.0645
4 misleading-extreme 0.5884 0.0469 0.5787 0.0342
4 misleading-moderate 0.5650 0.0722 0.5753 0.0418
4 null 0.5560 0.0433 0.5599 0.0324
8 instructive 0.6155 0.0920 0.6186 0.0524
8 irrelevant 0.6570 0.0307 0.6471 0.0374
8 misleading-extreme 0.6101 0.0677 0.5899 0.0595
8 misleading-moderate 0.6047 0.0767 0.5969 0.0490
8 null 0.5632 0.0397 0.5586 0.0326

16 instructive 0.6697 0.0605 0.6594 0.0558
16 irrelevant 0.6787 0.0488 0.6787 0.0294
16 misleading-extreme 0.6390 0.0506 0.6413 0.0384
16 misleading-moderate 0.6083 0.0443 0.6072 0.0427
16 null 0.5722 0.0379 0.5767 0.0327
32 instructive 0.7022 0.0813 0.6929 0.0638
32 irrelevant 0.7292 0.0235 0.7206 0.0236
32 misleading-extreme 0.7076 0.0334 0.7056 0.0340
32 misleading-moderate 0.6516 0.0992 0.6350 0.0666
32 null 0.6318 0.0731 0.6414 0.0392
64 instructive 0.7545 0.0542 0.7353 0.0548
64 irrelevant 0.7491 0.0198 0.7455 0.0218
64 misleading-extreme 0.7509 0.0416 0.7451 0.0299
64 misleading-moderate 0.7310 0.0993 0.6953 0.0688
64 null 0.7004 0.0848 0.6998 0.0516

128 instructive 0.7834 0.0451 0.7661 0.0551
128 irrelevant 0.7671 0.0343 0.7704 0.0200
128 misleading-extreme 0.7798 0.0334 0.7729 0.0255
128 misleading-moderate 0.7744 0.0550 0.7354 0.0842
128 null 0.7329 0.0695 0.7369 0.0389
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G.2 ALBERT on ANLI R1
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num. shots template category median q3 - q1 mean std. dev.

32 instructive 0.3640 0.0232 0.3625 0.0166
32 irrelevant 0.3660 0.0140 0.3681 0.0134
32 misleading-extreme 0.3380 0.0100 0.3404 0.0081
32 misleading-moderate 0.3455 0.0130 0.3470 0.0098
32 null 0.3540 0.0177 0.3567 0.0122
64 instructive 0.3735 0.0408 0.3738 0.0251
64 irrelevant 0.3760 0.0210 0.3788 0.0178
64 misleading-extreme 0.3485 0.0135 0.3510 0.0129
64 misleading-moderate 0.3525 0.0197 0.3574 0.0171
64 null 0.3660 0.0208 0.3675 0.0184

128 instructive 0.4050 0.0562 0.3992 0.0356
128 irrelevant 0.4105 0.0240 0.4120 0.0176
128 misleading-extreme 0.3840 0.0262 0.3843 0.0204
128 misleading-moderate 0.3720 0.0295 0.3725 0.0199
128 null 0.3800 0.0235 0.3857 0.0247
256 instructive 0.4625 0.0490 0.4504 0.0450
256 irrelevant 0.4695 0.0175 0.4694 0.0147
256 misleading-extreme 0.4350 0.0297 0.4263 0.0231
256 misleading-moderate 0.4375 0.0492 0.4265 0.0353
256 null 0.4155 0.0475 0.4167 0.0365
512 instructive 0.5085 0.0235 0.4992 0.0434
512 irrelevant 0.5185 0.0230 0.5154 0.0186
512 misleading-extreme 0.5050 0.0172 0.5008 0.0177
512 misleading-moderate 0.4930 0.0285 0.4839 0.0413
512 null 0.4480 0.0550 0.4564 0.0399

1024 instructive 0.5555 0.0270 0.5557 0.0449
1024 irrelevant 0.5560 0.0345 0.5729 0.0351
1024 misleading-extreme 0.5330 0.0265 0.5477 0.0316
1024 misleading-moderate 0.5405 0.0247 0.5447 0.0388
1024 null 0.4990 0.0588 0.5062 0.0392
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G.3 T5 770M on RTE
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num. shots template category median q3 - q1 mean std. dev.

4 instructive 0.5433 0.0406 0.5493 0.0219
4 irrelevant 0.5469 0.0424 0.5532 0.0252
4 misleading-extreme 0.5560 0.0361 0.5561 0.0263
4 misleading-moderate 0.5542 0.0325 0.5531 0.0220
4 null 0.5451 0.0487 0.5451 0.0578
8 instructive 0.5487 0.0235 0.5516 0.0232
8 irrelevant 0.5415 0.0280 0.5480 0.0244
8 misleading-extreme 0.5632 0.0379 0.5545 0.0322
8 misleading-moderate 0.5487 0.0280 0.5543 0.0192
8 null 0.5217 0.0560 0.5122 0.0317

16 instructive 0.5668 0.0406 0.5662 0.0277
16 irrelevant 0.5578 0.0298 0.5558 0.0199
16 misleading-extreme 0.5632 0.0190 0.5634 0.0160
16 misleading-moderate 0.5632 0.0343 0.5666 0.0239
16 null 0.5542 0.0271 0.5469 0.0381
32 instructive 0.6047 0.0433 0.6078 0.0317
32 irrelevant 0.6029 0.0361 0.6025 0.0366
32 misleading-extreme 0.5939 0.0352 0.5996 0.0292
32 misleading-moderate 0.5884 0.0424 0.5986 0.0311
32 null 0.5722 0.0460 0.5772 0.0443
64 instructive 0.6264 0.0433 0.6318 0.0324
64 irrelevant 0.6697 0.0542 0.6585 0.0421
64 misleading-extreme 0.6318 0.0478 0.6336 0.0355
64 misleading-moderate 0.6227 0.0578 0.6195 0.0400
64 null 0.6173 0.0496 0.6115 0.0442

128 instructive 0.6859 0.0514 0.6820 0.0421
128 irrelevant 0.6805 0.0307 0.6749 0.0362
128 misleading-extreme 0.7022 0.0361 0.6987 0.0260
128 misleading-moderate 0.6516 0.0379 0.6597 0.0295
128 null 0.6191 0.1291 0.6277 0.0717
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G.4 T5 3B on RTE
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num. shots template category median q3 - q1 mean std. dev.

4 instructive 0.5433 0.0442 0.5524 0.0297
4 irrelevant 0.5560 0.0469 0.5611 0.0308
4 misleading-extreme 0.5668 0.0442 0.5671 0.0251
4 misleading-moderate 0.5379 0.0415 0.5497 0.0247
4 null 0.5523 0.0514 0.5575 0.0334
8 instructive 0.5650 0.0514 0.5680 0.0427
8 irrelevant 0.5704 0.0343 0.5676 0.0332
8 misleading-extreme 0.5848 0.0397 0.5773 0.0431
8 misleading-moderate 0.5523 0.0442 0.5485 0.0309
8 null 0.5542 0.0523 0.5553 0.0459

16 instructive 0.5866 0.0505 0.6005 0.0467
16 irrelevant 0.5921 0.0406 0.5907 0.0279
16 misleading-extreme 0.5921 0.0262 0.5953 0.0271
16 misleading-moderate 0.5704 0.0298 0.5693 0.0212
16 null 0.5848 0.0614 0.5833 0.0481
32 instructive 0.6227 0.1056 0.6463 0.0757
32 irrelevant 0.6336 0.0623 0.6349 0.0416
32 misleading-extreme 0.6191 0.0542 0.6315 0.0393
32 misleading-moderate 0.6011 0.0298 0.6134 0.0440
32 null 0.5939 0.0848 0.6031 0.0548
64 instructive 0.7220 0.1227 0.7113 0.0784
64 irrelevant 0.7040 0.0578 0.7032 0.0408
64 misleading-extreme 0.7076 0.0478 0.7039 0.0352
64 misleading-moderate 0.6697 0.0957 0.6792 0.0569
64 null 0.6390 0.0984 0.6397 0.0618

128 instructive 0.7996 0.0496 0.7769 0.0627
128 irrelevant 0.7473 0.0415 0.7468 0.0271
128 misleading-extreme 0.7653 0.0262 0.7604 0.0295
128 misleading-moderate 0.7690 0.0632 0.7685 0.0373
128 null 0.6661 0.1318 0.6640 0.0716
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G.5 T0 3B on RTE
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num. shots template category median q3 - q1 mean std. dev.

4 instructive 0.6805 0.0704 0.6677 0.0580
4 irrelevant 0.6534 0.0596 0.6695 0.0450
4 misleading-extreme 0.6336 0.0379 0.6368 0.0469
4 misleading-moderate 0.6805 0.0966 0.6644 0.0525
4 null 0.6282 0.0442 0.6223 0.0292
8 instructive 0.6859 0.0361 0.6850 0.0438
8 irrelevant 0.6769 0.0487 0.6579 0.0674
8 misleading-extreme 0.6444 0.0749 0.6401 0.0543
8 misleading-moderate 0.6968 0.0478 0.6747 0.0530
8 null 0.6047 0.0514 0.6137 0.0357

16 instructive 0.7238 0.0325 0.7290 0.0284
16 irrelevant 0.7166 0.0433 0.7171 0.0315
16 misleading-extreme 0.6895 0.0415 0.6879 0.0410
16 misleading-moderate 0.7166 0.0523 0.7191 0.0337
16 null 0.6227 0.0596 0.6322 0.0423
32 instructive 0.7545 0.0542 0.7627 0.0369
32 irrelevant 0.7599 0.0695 0.7621 0.0397
32 misleading-extreme 0.7256 0.0451 0.7278 0.0361
32 misleading-moderate 0.7491 0.0406 0.7551 0.0279
32 null 0.6968 0.0632 0.6859 0.0578
64 instructive 0.8014 0.0289 0.8027 0.0190
64 irrelevant 0.7978 0.0298 0.8040 0.0204
64 misleading-extreme 0.7834 0.0271 0.7827 0.0201
64 misleading-moderate 0.7978 0.0361 0.8000 0.0225
64 null 0.7112 0.0912 0.7053 0.0600

128 instructive 0.8303 0.0253 0.8292 0.0161
128 irrelevant 0.8231 0.0153 0.8244 0.0118
128 misleading-extreme 0.8087 0.0190 0.8088 0.0174
128 misleading-moderate 0.8195 0.0135 0.8215 0.0152
128 null 0.7238 0.0966 0.7401 0.0505
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G.6 T0 3B on ANLI R1
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num. shots template category median q3 - q1 mean std. dev.

32 instructive 0.3640 0.0185 0.3664 0.0129
32 irrelevant 0.3660 0.0190 0.3637 0.0119
32 misleading-extreme 0.3610 0.0200 0.3638 0.0117
32 misleading-moderate 0.3650 0.0175 0.3631 0.0125
32 null 0.3580 0.0115 0.3580 0.0096
64 instructive 0.3835 0.0395 0.3797 0.0255
64 irrelevant 0.3810 0.0160 0.3878 0.0141
64 misleading-extreme 0.3830 0.0340 0.3753 0.0223
64 misleading-moderate 0.3775 0.0400 0.3749 0.0259
64 null 0.3785 0.0368 0.3817 0.0275

128 instructive 0.4260 0.0233 0.4226 0.0214
128 irrelevant 0.4150 0.0170 0.4190 0.0219
128 misleading-extreme 0.3930 0.0340 0.3975 0.0227
128 misleading-moderate 0.4140 0.0318 0.4092 0.0274
128 null 0.3850 0.0247 0.3852 0.0179
256 instructive 0.4790 0.0197 0.4804 0.0181
256 irrelevant 0.4650 0.0185 0.4640 0.0161
256 misleading-extreme 0.4700 0.0355 0.4654 0.0259
256 misleading-moderate 0.4690 0.0242 0.4670 0.0167
256 null 0.4355 0.0460 0.4260 0.0388
512 instructive 0.5135 0.0185 0.5123 0.0147
512 irrelevant 0.5080 0.0205 0.5088 0.0147
512 misleading-extreme 0.5010 0.0265 0.5007 0.0233
512 misleading-moderate 0.5065 0.0105 0.5066 0.0127
512 null 0.4590 0.0565 0.4615 0.0389

1024 instructive 0.5375 0.0477 0.5539 0.0406
1024 irrelevant 0.5490 0.0740 0.5690 0.0406
1024 misleading-extreme 0.5350 0.0255 0.5447 0.0304
1024 misleading-moderate 0.5350 0.0467 0.5403 0.0279
1024 null 0.5225 0.0543 0.5353 0.0651
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G.7 T5 11B, T0 11B, and GPT-3 175B (Figure 2)

model template category median q3 - q1 mean std. dev.

GPT-3 (175B) instructive 0.6534 0.0722 0.6472 0.0429
GPT-3 (175B) irrelevant 0.6101 0.0361 0.6260 0.0326
GPT-3 (175B) misleading-extreme 0.6173 0.0072 0.6217 0.0143
GPT-3 (175B) misleading-moderate 0.6498 0.0578 0.6318 0.0480
T5 LMA (11B) instructive 0.6679 0.1462 0.6797 0.0823
T5 LMA (11B) irrelevant 0.6426 0.0776 0.6368 0.0488
T5 LMA (11B) misleading-extreme 0.5993 0.0794 0.6070 0.0619
T5 LMA (11B) misleading-moderate 0.5957 0.1137 0.6072 0.0653
T5 LMA (11B) null 0.5560 0.0442 0.5578 0.0332
T0 (11B) instructive 0.7942 0.0623 0.7959 0.0392
T0 (11B) irrelevant 0.7906 0.0632 0.7942 0.0384
T0 (11B) misleading-extreme 0.7401 0.0650 0.7338 0.0496
T0 (11B) misleading-moderate 0.7942 0.0397 0.7858 0.0356
T0 (11B) null 0.6986 0.0695 0.6847 0.0484
T0++ (11B) instructive 0.8321 0.0316 0.8319 0.0282
T0++ (11B) irrelevant 0.8267 0.0433 0.8207 0.0323
T0++ (11B) misleading-extreme 0.8051 0.0614 0.8029 0.0593
T0++ (11B) misleading-moderate 0.8159 0.0487 0.8039 0.0333
T0++ (11B) null 0.7509 0.0505 0.7379 0.0362
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H Results of Individual Templates

H.1 ALBERT
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{premise} Inflections are annoying and thank god that Middle English got rid of most of them. "{hy
{premise} Is the pious loved by the gods because it is pious? Or is it pious because it is loved by the
{premise} Single-family zoning is bad for American cities. "{hypothesis}"? {mask}
{premise} When Bolyai sent Gauss his discovery of non-Euclidean geometry, Gauss replied that he 
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Figure 17: ALBERT with all irrelevant templates and the aggregated instructive for reference.
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aggregated instructive templates
{premise} Are there lots of similar words in "{hypothesis}"? {mask}
{premise} Can that be paraphrased as: "{hypothesis}"? {mask}
{premise} Can that be summarized as "{hypothesis}"? {mask}
{premise} Do most of the above words appear in the following passage? {hypothesis} {mask}
{premise} Does that have the same meaning as "{hypothesis}"? {mask}
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Figure 18: ALBERT with all misleading-moderate templates and the aggregated instructive for reference.
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aggregated instructive templates
{premise} Does the paragraph start with "the"? {hypothesis} {mask}
{premise} Is the sentiment positive? {hypothesis} {mask}
{premise} Is this French? {hypothesis} {mask}
{premise} Is this a sports news? {hypothesis} {mask}
{premise} Is this grammatically correct? {hypothesis} {mask}
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Figure 19: ALBERT with all misleading-extreme templates and the aggregated instructive for reference.
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Given that {premise} Does it follow that "{hypothesis}"? {mask}
Given that {premise} Therefore, it must be true that "{hypothesis}"? {mask}
Given {premise} Is it guaranteed true that "{hypothesis}"? {mask}
Given {premise} Should we assume that "{hypothesis}" is true? {mask}
Suppose {premise} Can we infer that "{hypothesis}"? {mask}
{premise} question: {hypothesis} Yes or no? answer: {mask}
{premise} Are we justified in saying that "{hypothesis}"? {mask}
{premise} Based on the previous passage, is it true that "{hypothesis}"? {mask}
{premise} Question: Does this imply that "{hypothesis}"? {mask}
{premise} Using only the above description and what you know about the world, "{hypothesis}" is d
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Figure 20: ALBERT with all instructive templates.
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H.2 T0 (3B)
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{premise} Inflections are annoying and thank god that Middle English got rid of most of them. "{hy
{premise} Is the pious loved by the gods because it is pious? Or is it pious because it is loved by the
{premise} Single-family zoning is bad for American cities. "{hypothesis}"?
{premise} When Bolyai sent Gauss his discovery of non-Euclidean geometry, Gauss replied that he 
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Figure 21: T0 (3B) with all irrelevant templates and the aggregated instructive for reference.
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aggregated instructive templates
{premise} Are there lots of similar words in "{hypothesis}"?
{premise} Can that be paraphrased as: "{hypothesis}"?
{premise} Can that be summarized as "{hypothesis}"?
{premise} Do most of the above words appear in the following passage? {hypothesis}
{premise} Does that have the same meaning as "{hypothesis}"?
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Figure 22: T0 (3B) with all misleading-moderate templates and the aggregated instructive for reference.
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aggregated instructive templates
{premise} Does the paragraph start with "the"? {hypothesis}
{premise} Is the sentiment positive? {hypothesis}
{premise} Is this French? {hypothesis}
{premise} Is this a sports news? {hypothesis}
{premise} Is this grammatically correct? {hypothesis}
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Figure 23: T0 (3B) with all misleading-extreme templates and the aggregated instructive for reference.
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Given that {premise} Does it follow that "{hypothesis}"?
Given that {premise} Therefore, it must be true that "{hypothesis}"?
Given {premise} Is it guaranteed true that "{hypothesis}"?
Given {premise} Should we assume that "{hypothesis}" is true?
Suppose {premise} Can we infer that "{hypothesis}"?
{premise} question: {hypothesis} Yes or no? answer:
{premise} Are we justified in saying that "{hypothesis}"?
{premise} Based on the previous passage, is it true that "{hypothesis}"?
{premise} Question: Does this imply that "{hypothesis}"?
{premise} Using only the above description and what you know about the world, "{hypothesis}" is d
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Figure 24: T0 (3B) with all instructive templates.

2334



H.3 T5 LM-Adapted (3B)
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{premise} Inflections are annoying and thank god that Middle English got rid of most of them. "{hy
{premise} Is the pious loved by the gods because it is pious? Or is it pious because it is loved by the
{premise} Single-family zoning is bad for American cities. "{hypothesis}"?
{premise} When Bolyai sent Gauss his discovery of non-Euclidean geometry, Gauss replied that he 
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Figure 25: T5 LM-Adapted (3B) with all irrelevant templates and the aggregated instructive for reference.

2335



4 8 16 32 64 128 256

0.5

0.55

0.6

0.65

0.7

0.75

0.8

0.85

aggregated instructive templates
{premise} Are there lots of similar words in "{hypothesis}"?
{premise} Can that be paraphrased as: "{hypothesis}"?
{premise} Can that be summarized as "{hypothesis}"?
{premise} Do most of the above words appear in the following passage? {hypothesis}
{premise} Does that have the same meaning as "{hypothesis}"?

Number of Shots

RT
E 

Va
lid

at
io

n 
A

cc
ur

ac
y

Figure 26: T5 LM-Adapted (3B) with all misleading-moderate templates and the aggregated instructive for refer-
ence.
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aggregated instructive templates
{premise} Does the paragraph start with "the"? {hypothesis}
{premise} Is the sentiment positive? {hypothesis}
{premise} Is this French? {hypothesis}
{premise} Is this a sports news? {hypothesis}
{premise} Is this grammatically correct? {hypothesis}
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Figure 27: T5 LM-Adapted (3B) with all misleading-extreme templates and the aggregated instructive for refer-
ence.
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Given that {premise} Does it follow that "{hypothesis}"?
Given that {premise} Therefore, it must be true that "{hypothesis}"?
Given {premise} Is it guaranteed true that "{hypothesis}"?
Given {premise} Should we assume that "{hypothesis}" is true?
Suppose {premise} Can we infer that "{hypothesis}"?
{premise} question: {hypothesis} Yes or no? answer:
{premise} Are we justified in saying that "{hypothesis}"?
{premise} Based on the previous passage, is it true that "{hypothesis}"?
{premise} Question: Does this imply that "{hypothesis}"?
{premise} Using only the above description and what you know about the world, "{hypothesis}" is d
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Figure 28: T5 LM-Adapted (3B) with all instructive templates.
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I Zero-Shot Results (Figure 4)

model category template name accuracy

T0 (3B) instructive MNLI_YN 0.7148
T0 (3B) instructive GPT_YN 0.6823
T0 (3B) instructive justified_in_saying 0.6426
T0 (3B) instructive should_assume 0.6498
T0 (3B) instructive is_it_true 0.6462
T0 (3B) instructive guaranteed_true 0.6209
T0 (3B) instructive can_we_infer 0.6354
T0 (3B) instructive does_it_follow 0.6715
T0 (3B) instructive does_this_imply 0.6679
T0 (3B) instructive modal_be_true 0.6354
T0 (3B) misleading-moderate words_appear 0.6462
T0 (3B) misleading-moderate similar_words 0.6354
T0 (3B) misleading-moderate same_meaning 0.6968
T0 (3B) misleading-moderate paraphrase 0.6390
T0 (3B) misleading-moderate summarize 0.6462
T0 (3B) misleading-extreme start_with_the 0.6968
T0 (3B) misleading-extreme grammatical 0.6859
T0 (3B) misleading-extreme sentiment 0.6462
T0 (3B) misleading-extreme sportsball 0.6426
T0 (3B) misleading-extreme french 0.5668
T0 (3B) irrelevant zoning 0.5704
T0 (3B) irrelevant gauss 0.5523
T0 (3B) irrelevant katsuobushi 0.5668
T0 (3B) irrelevant inflection 0.6751
T0 (3B) irrelevant euthyphro 0.6606
T0 (3B) null concat_PHM 0.6426
T0 (3B) null concat_HPM 0.6029

model category template name accuracy

T0 (11B) instructive MNLI_YN 0.8051
T0 (11B) instructive GPT_YN 0.8014
T0 (11B) instructive justified_in_saying 0.7112
T0 (11B) instructive should_assume 0.7437
T0 (11B) instructive is_it_true 0.8051
T0 (11B) instructive guaranteed_true 0.6968
T0 (11B) instructive can_we_infer 0.7690
T0 (11B) instructive does_it_follow 0.7509
T0 (11B) instructive does_this_imply 0.8014
T0 (11B) instructive modal_be_true 0.6895
T0 (11B) misleading-moderate words_appear 0.7184
T0 (11B) misleading-moderate similar_words 0.7148
T0 (11B) misleading-moderate same_meaning 0.7256
T0 (11B) misleading-moderate paraphrase 0.7256
T0 (11B) misleading-moderate summarize 0.6679
T0 (11B) misleading-extreme start_with_the 0.6823
T0 (11B) misleading-extreme grammatical 0.6390
T0 (11B) misleading-extreme sentiment 0.6318
T0 (11B) misleading-extreme sportsball 0.5921
T0 (11B) misleading-extreme french 0.5271
T0 (11B) irrelevant zoning 0.6318
T0 (11B) irrelevant gauss 0.5560
T0 (11B) irrelevant katsuobushi 0.5740
T0 (11B) irrelevant inflection 0.7004
T0 (11B) irrelevant euthyphro 0.6931
T0 (11B) null concat_PHM 0.6570
T0 (11B) null concat_HPM 0.6209
T0++ (11B) instructive MNLI_YN 0.8592
T0++ (11B) instructive GPT_YN 0.8231
T0++ (11B) instructive justified_in_saying 0.7726
T0++ (11B) instructive should_assume 0.8231
T0++ (11B) instructive is_it_true 0.8556
T0++ (11B) instructive guaranteed_true 0.8231
T0++ (11B) instructive can_we_infer 0.8303
T0++ (11B) instructive does_it_follow 0.7798
T0++ (11B) instructive does_this_imply 0.8664
T0++ (11B) instructive modal_be_true 0.8087
T0++ (11B) misleading-moderate words_appear 0.7076
T0++ (11B) misleading-moderate similar_words 0.7329
T0++ (11B) misleading-moderate same_meaning 0.7545
T0++ (11B) misleading-moderate paraphrase 0.7617
T0++ (11B) misleading-moderate summarize 0.6968
T0++ (11B) misleading-extreme start_with_the 0.6498
T0++ (11B) misleading-extreme grammatical 0.7762
T0++ (11B) misleading-extreme sentiment 0.7365
T0++ (11B) misleading-extreme sportsball 0.5307
T0++ (11B) misleading-extreme french 0.4838
T0++ (11B) irrelevant zoning 0.5018
T0++ (11B) irrelevant gauss 0.5090
T0++ (11B) irrelevant katsuobushi 0.4801
T0++ (11B) irrelevant inflection 0.7220
T0++ (11B) irrelevant euthyphro 0.6715
T0++ (11B) null concat_PHM 0.6426
T0++ (11B) null concat_HPM 0.6029
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J Comparison of LM targets, Controlling for the Template

3 5 10 20 30 50 100 250 2490

0.5

0.6

0.7

0.8

0.9

LM Targets
yes;no
write;sleep
cake;piano
she;he
Mary;John
true;false
no;yes
cat;dog
good;bad
the;a

Number of Shots

RT
E 

Va
lid

at
io

n 
A

cc
ur

ac
y

Figure 29: The best performing irrelevant prompt for ALBERT, {premise} Single-family zoning is
bad for American cities. "{hypothesis}"? [mask] with all LM targets.
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Figure 30: The best-performing misleading prompt for ALBERT, {premise} Does the paragraph
start with "the"? [mask] "{hypothesis}" with all LM targets.
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Figure 31: The best-performing null prompt for ALBERT, {premise} [mask] "{hypothesis}" with all
LM targets.
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K Preliminary Results on HANS

Figure 32: Few-shot RTE-trained ALBERT’s zero-shot performance on HANS (McCoy et al., 2019). L = lexical,
S = subsequence, C = constituency. E = true label is entailment. N = true label is non-entailment. Apologies but
note the template category colors are different from those in the main text. “Intuitive” = instructive templates. In
general, models perform similarly with instructive and irrelevant templates, but models with misleading templates
fare worse, especially for lexical non-entailment cases (LN, fourth row). A full analysis will be furnished in a
future version of this paper.
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L Preliminary Results on Winograd

category template accuracy

instructive Is “{pronoun}" the same as {referent}? Yes or No? 0.6538
instructive Does “{pronoun}" refer to {referent}? Yes or No? 0.6731
instructive Is “{pronoun}" {referent}? Yes or No? 0.5385
instructive Should “{pronoun}" be {referent}? Yes or No? 0.5962
instructive Does “{pronoun}" mean {referent}? Yes or No? 0.6442
instructive Is“{pronoun}" equivalent to {referent}? Yes or No? 0.6058
instructive Does “{pronoun}" stand for {referent}? Yes or No? 0.6346
instructive Can the pronoun “{pronoun}" be replaced with {referent}? Yes or No? 0.6250

misleading-extreme Did “{pronoun}" eat cakes with {referent}? Yes or No? 0.6346
misleading-extreme Is “{pronoun}" mother of {referent}? Yes or No? 0.6346
misleading-extreme Was “{pronoun}" friend to {referent}? Yes or No? 0.6058
misleading-extreme Did “{pronoun}" marry {referent}? Yes or No? 0.6346
misleading-extreme Can “{pronoun}" rent a car with {referent}? Yes or No? 0.6346
misleading-extreme Should “{pronoun}" be brother of {referent}? Yes or No? 0.6346
misleading-extreme Did “{pronoun}" speak to {referent}? Yes or No? 0.5673
misleading-extreme Is “{pronoun}" cousins with {referent}? Yes or No? 0.6154
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Figure 33: Zero-shot accuracy of T0 on Winograd Schema Challenge (Levesque et al., 2012; SuperGLUE version).
We find no statistically significant difference between instructive and misleading-extreme templates.
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Abstract

Dense retrieval approaches can overcome the
lexical gap and lead to significantly improved
search results. However, they require large
amounts of training data which is not avail-
able for most domains. As shown in previous
work (Thakur et al., 2021b), the performance
of dense retrievers severely degrades under a
domain shift. This limits the usage of dense re-
trieval approaches to only a few domains with
large training datasets.

In this paper, we propose the novel unsuper-
vised domain adaptation method Generative
Pseudo Labeling (GPL), which combines a
query generator with pseudo labeling from a
cross-encoder. On six representative domain-
specialized datasets, we find the proposed GPL
can outperform an out-of-the-box state-of-the-
art dense retrieval approach by up to 9.3 points
nDCG@10. GPL requires less (unlabeled) data
from the target domain and is more robust in
its training than previous methods.

We further investigate the role of six recent
pre-training methods in the scenario of domain
adaptation for retrieval tasks, where only three
could yield improved results. The best ap-
proach, TSDAE (Wang et al., 2021) can be
combined with GPL, yielding another average
improvement of 1.4 points nDCG@10 across
the six tasks. The code and the models are
available 1.

1 Introduction

Information Retrieval (IR) is a central component
of many natural language applications. Tradition-
ally, lexical methods (Robertson et al., 1994) have
been used to search through text content. However,
these methods suffer from the lexical gap (Berger
et al., 2000) and are not able to recognize synonyms
and distinguish between ambiguous words.

∗Contributions made while being employed at UKP Lab.
1https://github.com/UKPLab/gpl

Recently, information retrieval methods based
on dense vector spaces have become popular to
address these challenges. These dense retrieval
methods map queries and passages2 to a shared,
dense vector space and retrieve relevant hits by
nearest-neighbor search. Significant improvement
over traditional approaches has been shown for
various tasks (Karpukhin et al., 2020; Xiong et al.,
2021). This method is also adapted increasingly
by industry to enhance the search functionalities
of various applications (Choi et al., 2020; Huang
et al., 2020).

However, as shown in Thakur et al. (2021b),
dense retrieval methods require a large amount
of training data to work well.3 Most importantly,
dense retrieval methods are extremely sensitive to
domain shifts: Models trained on MS MARCO
perform rather poorly for questions for COVID-19
scientific literature (Wang et al., 2020; Voorhees
et al., 2021). The MS MARCO dataset was created
before COVID-19, hence, it does not include any
COVID-19 related topics and models did not learn
how to represent this topic well in a vector space.

In this work, we present Generative Pseudo La-
beling (GPL), an unsupervised domain adaptation
technique for dense retrieval models (see Figure 1).
For a collection of paragraphs from the desired
domain, we use an existing pre-trained T5 encoder-
decoder to generate synthetic queries. These input
passages are viewed as the positive passages for the
generated queries. For each generated query, we
retrieve the most similar paragraphs as the neg-
ative passages using an existing dense retrieval
model. We term this step negative mining and term
these negative passages hard negatives. Finally,
we use an existing cross-encoder to score each
(query, passage)-pair and train a dense retrieval

2We use passage to refer to text of any length.
3For reference, the popular MS MARCO dataset (Nguyen

et al., 2016) has about 500k training instances; the Natural
Questions dataset (Kwiatkowski et al., 2019) has more than
100k training instances.
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model on these generated, pseudo-labeled queries
using MarginMSE-Loss (Hofstätter et al., 2020).

We use publicly available models for query gen-
eration, negative mining, and the cross-encoder,
which have been trained on the MS MARCO
dataset (Nguyen et al., 2016), a large-scale dataset
from Bing search logs combined with relevant
passages from diverse web sources. We evaluate
GPL on six representative domain-specific datasets
from the BeIR benchmark (Thakur et al., 2021b).
GPL improves the performance by up to 9.3
points nDCG@10 compared to state-of-the-art
model trained solely on MS MARCO. Compared
to the previous state-of-the-art domain-adaptation
method QGen (Ma et al., 2021; Thakur et al.,
2021b), GPL improves the performance by up to
4.5 nDCG@10 points. Training with GPL is easy,
fast, and data efficient.

We further analyze the role of six recent pre-
training methods in the scenario of domain adap-
tation for retrieval tasks. The best approach is
TSDAE (Wang et al., 2021), that outperforms the
second best approach, Masked Language Model-
ing (Devlin et al., 2019) on average by 2.5 points
nDCG@10. TSDAE can be combined with GPL,
yielding another average improvement of 1.4 point
nDCG@10.

2 Related Work

Pre-Training based Domain Adaptation. The
most common domain adaptation technique
for transformer models is domain-adaptive pre-
training (Gururangan et al., 2020), which continues
pre-training on in-domain data before fine-tuning
with labeled data. However, for retrieval it is often
difficult to get in-domain labeled data and models
are applied in a zero-shot setting on a given corpus.
Besides Masked Language Modeling (MLM) (De-
vlin et al., 2019), different pre-trained strategies
specifically for dense retrieval methods have been
proposed. Inverse Cloze Task (ICT) (Lee et al.,
2019) generates query-passage pair by randomly se-
lecting one sentence from the passage as the query
and the other part as the paired passage. ConDensor
(CD) (Gao and Callan, 2021) applies MLM on top
of the CLS token embedding from the final layer
and the other context embeddings from a previous
layer to force the model to learn meaningful CLS
representation. SimCSE (Gao et al., 2021a; Liu
et al., 2021) passes the same input twice through
the network with different dropout masks and min-

imizes the distance of the resulting embeddings,
while Contrastive Tension (CT) (Carlsson et al.,
2021) passes the input through two different mod-
els. TSDAE (Wang et al., 2021) uses a denoising
auto-encoder architecture for representation learn-
ing: Words from the input text are removed and
passed through an encoder to generate a fixed-sized
embedding. A decoder must reconstruct the origi-
nal text without noise. As we show in Appendix E,
just using these unsupervised techniques is not suf-
ficient and the resulting models perform poorly.

So far, ICT and CD have only been studied on
in-domain performance, i.e. a large in-domain la-
beled dataset is available which is used for subse-
quent supervised fine-tuning. SimCSE, CT, and
TSDAE have been only studied for unsupervised
sentence embedding learning. As our results show
in Appendix E, they do not work at all for purely
unsupervised dense retrieval.

If these pre-training approaches can be used for
unsupervised domain adaptation for dense retrieval
was so far unclear. In this work, we transfer the
setup from Wang et al. (2021) to dense retrieval
and first pre-train on the target corpus, followed
by supervised training on labeled data from MS
MARCO (Nguyen et al., 2016)4. Performance is
then measured on the target corpus.

Query Generation. Query generation has been
used to improve retrieval performances. Doc2query
(Nogueira et al., 2019a,b) expands passages with
predicted queries, generated by a trained encoder-
decoder model, and uses traditional BM25 lexical
search. This performed well in the zero-shot re-
trieval benchmark BeIR (Thakur et al., 2021b). Ma
et al. (2021) proposes QGen, that uses a query
generator trained on general domain data to syn-
thesize domain-targeted queries for the target cor-
pus, on which a dense retriever is trained from
scratch. As a concurrent work, Liang et al. (2020)
also proposes the similar method. Following this
idea, Thakur et al. (2021b) views QGen as a post-
training method to adapt powerful MS MARCO
retrievers to the target domains.

Despite the success of QGen, previous methods
only consider the cross-entropy loss with in-batch
negatives, which provides coarse-grained relevance
and thus limits the performance. In this work, we
show that extending this approach by using pseudo-
labels from a cross-encoder together with hard neg-

4As shown in Wang et al. (2021), training in the reverse
order, i.e. first on MS MARCO and then on the target corpus
usually performs poorly.
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Figure 1: Generative Pseudo Labeling (GPL) for training domain-adapted dense retriever. First, synthetic queries
are generated for each passage from the target corpus. Then, the generated queries are used for mining negative
passages. Finally, the query-passage pairs are labeled by a cross-encoder and used to train the domain-adapted
dense retriever. The output at each step is marked with dashed boxes.

atives can boost the performance by several points
nDCG@10.

Other Methods. Recently, Xin et al. (2021) pro-
poses MoDIR to use Domain Adversarial Training
(DAT) (Ganin et al., 2016) for unsupervised do-
main adaptation of dense retrievers. MoDIR trains
models by generating domain invariant represen-
tations to attack a domain classifier. However, as
argued in Karouzos et al. (2021), DAT trains mod-
els by minimizing the distance between represen-
tations from different domains and such learning
objective can result in bad embedding space and
unstable performance. For sentiment classification,
Karouzos et al. (2021) proposes UDALM based on
multiple stages of training. UDALM first applies
MLM training on the target domain; and it then ap-
plies multi-task learning on the target domain with
MLM and on the source domain with a supervised
objective. However, as shown in section 5, we find
this method cannot yield improvement for retrieval
tasks.

Pseudo Labeling and Cross-Encoders: Bi-
Encoders map queries and passage independently
to a shared vector space from which the query-
passage similarity is computed. In contrast, cross-
encoders (Humeau et al., 2020) work on the con-
catenation of the query and passage and predict
a relevance score using cross-attention between
query and passage. This can be used in a re-ranking
setup (Nogueira and Cho, 2019), where the rele-
vancy is predicted for all query-passage-pairs for
a small candidate set. Previous work has shown
that cross-encoders achieve much higher perfor-
mances (Thakur et al., 2021a; Hofstätter et al.,
2020; Ren et al., 2021) and are less prone to domain
shifts (Thakur et al., 2021b). But cross-encoders
come with an extremely high computational over-
head, making them less suited for a production set-

ting. Transferring knowledge from cross-encoder
to bi-encoders have been shown previous for sen-
tence embeddings (Thakur et al., 2021a) and for
dense retrieval: Hofstätter et al. (2020) predict
cross-encoder scores for (query, positive)-pairs and
(query, negative)-pairs and learns a bi-encoder to
predict the margin between the two scores. This has
been shown highly effective for in-domain dense
retrieval.

3 Method

This section describes our proposed Generative
Pseudo Labeling (GPL) method for the unsuper-
vised domain adaptation of dense retrievers. Fig-
ure 1 illustrates the idea of GPL.

For a given target corpus, we generate for each
passage three queries (cf. Table 3) using an T5-
encoder-decoder model (Raffel et al., 2020). For
each of the generated queries, we use an exist-
ing retrieval system to retrieve 50 negative pas-
sages. Dense retrieval with a pre-existing model
was slightly more effective than BM25 lexical re-
trieval (cf. Appendix A). For each (query, posi-
tive, negative)-tuple we compute the margin δ =
CE(Q,P+, )− CE(Q,P−) with CE the score as
predicted by a cross-encoder, Q the query and
P+/P− the positive / negative passage.

We use the synthetic dataset DGPL =
{(Qi, Pi, P−i , δi)}i with the MarginMSE loss (Hof-
stätter et al., 2020) for training a domain-adapted
dense retriever that maps queries and passages into
the shared vector space.

Our method requires from the target domain just
an unlabeled collection of passages. Further, we
use use pre-existing T5- and cross-encoder models
that have been trained on the MS MARCO passages
dataset.

Query Generation: To enable supervised train-
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ing on the target corpus, synthetic queries can be
generated for the target passages using a query
generator trained on a different, existing dataset
like MS MARCO. Previous work QGen (Ma et al.,
2021) used the simple MultipleNegativesRanking
(MNRL) loss (Henderson et al., 2017; van den
Oord et al., 2018) with in-batch negatives5 to train
the model:

LMNRL(θ) =

− 1

M

M−1∑

i=0

log
exp

(
τ · σ(fθ(Qi), fθ(Pi))

)
∑M−1

j=0 exp
(
τ · σ(fθ(Qi), fθ(Pj))

)

where Pi is a relevant passage for Qi; σ is a cer-
tain similarity function for vectors; τ controls the
sharpness of the softmax normalization; M is the
batch size.

MarginMSE loss: MultipleNegativesRanking
loss considers only the coarse relationship between
queries and passages, i.e. the matching passage is
considered as relevant while all other passages are
considered irrelevant. However, the query encoder
is not without flaws and might generate queries that
are not answerable6 by the passage. Further, other
passages might actually be relevant as well for a
given query, which is especially the case if training
is done with hard negatives as we do it for GPL.

In contrast, MarginMSE loss (Hofstätter et al.,
2020) uses a powerful cross-encoder to soft-label
(query, passage) pairs. It then teaches the dense re-
triever to mimic the score margin between the pos-
itive and negative query-passage pairs. Formally,

LMarginMSE(θ) = −
1

M

M−1∑

i=0

|δ̂i − δi|2 (1)

where δ̂i is the corresponding score margin of the
student dense retriever, i.e. δ̂i = fθ(Qi)

T fθ(Pi)−
fθ(Qi)

T fθ(P
−
i ). Here the dot-product is usually

used due to the infinite range of the cross-encoder
scores.

This loss is a critical component of GPL, as it
solves two major issues from the previous QGen
method: A badly generated query for a given pas-
sage will get a low score from the cross-encoder,

5In-batch negatives mean that within the same batch, the
passages in example i are viewed as the negatives for example
j (i ̸= j).

6For example, some generated queries are statements in-
stead of questions.

hence, we do not expect the dense retriever to put
the query and passage close in the vector space. A
false negative will lead to a high score from the
cross-encoder, hence, we do not force the dense
retriever to assign a large distance between the cor-
responding embeddings. In section 6.3, we show
that GPL is a lot more robust to badly generated
queries than the previous QGen method.

4 Experiments

In this section, we describe the experimental setup,
the datasets used and the baselines for comparison.

4.1 Experimental Setup

We use the MS MARCO passage ranking
dataset (Nguyen et al., 2016) as the data from the
source domain. It has 8.8M passages and 532.8K
query-passage pairs labeled as relevant in the train-
ing set. We select six representative datasets from
the BeIR benchmark as the data from the target
domain (cf. subsection 4.2). As Table 1 shows,
a state-of-the-art dense retrieval model, achieving
an MRR@10 of 33.2 points on the MS MARCO
passage ranking dataset, performs poorly on the six
selected domain-specific retrieval datasets when
compared to simple BM25 lexical search.

We use the DistilBERT (Sanh et al., 2019) for
all the experiments. We use the concatenation of
the title and the body text as the input passage
for all the models. We use a maximum sequence
length of 350 with mean pooling and dot-product
similarity by default. For QGen, we use the de-
fault setting in Thakur et al. (2021b): 1-epoch
training and batch size 75. For GPL, we train the
models with 140k training steps and batch size
32. To generate queries for both QGen and GPL,
we use the DocT5Query (Nogueira et al., 2019a)
generator trained on MS MARCO and generate 7

queries using nucleus sampling with temperature
1.0, k = 25 and p = 0.95. To retrieve hard neg-
atives for both GPL and the zero-shot setting of
MS MARCO training, we use two dense retriev-
ers with cosine-similarity trained on MS MARCO:
msmarco-distilbert-base-v3 and msmarco-MiniLM-
L-6-v3 from Sentence-Transformers8. The zero-
shot performance of these two dense retrievers is
available in Appendix B. We retrieve 50 negatives

7We use the script from BeIR at https://github.
com/UKPLab/beir.

8https://github.com/UKPLab/
sentence-transformers
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using each retriever and uniformly sample one neg-
ative passage and one positive passage for each
training query to form one training example. For
pseudo labeling, we use the ms-marco-MiniLM-L-
6-v29 cross-encoder. For all the pre-training meth-
ods (e.g. TSDAE and MLM), we train the models
for 100K training steps and with batch size 8.

As shown in Section 6, small corpora require
more generated queries and for large corpora, a
small down-sampled subset (e.g. 50K) is enough
for good performance. Based on these findings,
we adjust the number of generated queries per pas-
sage qavg. and the corpus size |C| to make the total
number of generated queries equal to a fixed num-
ber, 250K, i.e. qavg. × |C| = 250K. In detail, we
first set qavg. >= 3 and uniformly down-sample
the corpus if 3 × |C| > 250K; then we calculate
qavg. = ⌈250K/|C|⌉. For example, the qavg. val-
ues for FiQA (original size = 57.6K) and Robust04
(original size = 528.2K) are 5 and 3, resp. and
the Robust04 corpus is down-sampled to 83.3K.
QGen and GPL share the generated queries for fair
comparision.

4.2 Evaluation

As our methods focus on domain adaptation to
specialized domains, we selected six domain-
specific text retrieval tasks from the BeIR bench-
mark (Thakur et al., 2021b): FiQA (financial do-
main) (Maia et al., 2018), SciFact (scientific pa-
pers) (Wadden et al., 2020), BioASQ (biomedical
Q&A) (Tsatsaronis et al., 2015), TREC-COVID
(scientific papers on COVID-19) (Roberts et al.,
2020), CQADupStack (12 StackExchange sub-
forums) (Hoogeveen et al., 2015) and Robust04
(news articles) (Voorhees, 2005). These selected
datasets each contain a corpus with a rather specific
language and can thus act as a suitable test bed for
domain adaptation.

The detailed information for all the target
datasets is available at Appendix C. We make
modification on BioASQ and TREC-COVID. For
efficient training and evaluation on BioASQ, we
randomly remove irrelevant passages to make the
final corpus size to 1M. In TREC-COVID, the orig-
inal corpus has many documents with a missing
abstract. The retrieval systems that were used to
create the annotation pool for TREC-COVID often
ignored such documents. This leads to a strong

9https://huggingface.co/cross-encoder/
ms-marco-MiniLM-L-6-v2

annotation bias on text length for these documents,
since this dataset contains only titles and abstracts.
Hence, we removed all documents with a missing
abstract from the corpus. The evaluation results
on the original BioASQ and TREC-COVID are
available at Appendix D. Evaluation is done using
nDCG@10.

4.3 Baselines

Zero-Shot Models: We apply supervised training
on MS MARCO or PAQ (Lewis et al., 2021) and
evaluate the trained retrievers on the target datasets.
(a) MS MARCO represents a distilbert-base dense
retrieval model trained with MarginMSE on the
MS MARCO dataset with batch-size 75 for 70k
steps. (b) PAQ (Oguz et al., 2021) represents
MNRL training on the PAQ dataset. (c) PAQ + MS
MARCO represents MNRL training on PAQ fol-
lowed by MarginMSE training on MS MARCO. (d)
TSDAEMS MARCO represents TSDAE (Wang et al.,
2021) pre-training on MS MARCO followed by
MarginMSE training on MS MARCO. (e) BM25
system based on lexical matching from Elastic-
search10.

Previous Domain Adaptation Methods: We
include two previous unsupervised domain adapta-
tion methods, UDALM (Karouzos et al., 2021) and
MoDIR (Xin et al., 2021). For UDALM, we apply
MLM training on the target corpus and then apply
the multi-task training of MarginMSE training on
MS MARCO and MLM training on the target cor-
pus. For MoDIR, it starts from the ANCE check-
point and apply domain adversarial training on MS
MARCO and the target dataset. As of writing, the
training code of MoDIR is not public, but domain
adapted models for 5 out of 6 datasets have been
released by the authors.

Pre-Training based Domain Adaptation: We
follow the setup proposed in Wang et al. (2021)
on domain-adapted pre-training: We pre-train the
dense retrievers with different methods on the tar-
get corpus and then continue to train the mod-
els on MS MARCO with MarginMSE loss. The
pre-training methods consist of: (a) CD (Gao and
Callan, 2021) extracts the hidden representations
from an intermediate layer and applies MLM on
the CLS token representation and these extracted
hidden representations11. (b) SimCSE (Gao et al.,
2021b; Liu et al., 2021) simply encode the same

10https://www.elastic.co
11CD can only be applied with CLS pooling.
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Method
Dataset FiQA SciFact BioASQ TRECC. CQADup. Robust04 Avg.

Zero-Shot Models
MS MARCO 26.7 57.1 52.9 66.1 29.6 39.0 45.2
PAQ 15.2 53.3 44.0 23.8 24.5 31.9 32.1
PAQ + MS MARCO 26.7 57.6 53.8 63.4 30.6 37.2 44.9
TSDAEMS MARCO 26.7 55.5 51.4 65.6 30.5 36.6 44.4
BM25 23.9 66.1 70.7 60.1 31.5 38.7 48.5
Previous Domain Adaptation Methods
UDALM 23.3 33.6 33.1 57.1 24.6 26.3 33.0
MoDIR 29.6 50.2 47.9 66.0 29.7 – –
Pre-Training based Domain Adaptation: Target→ MS MARCO
CT 28.3 55.6 49.9 63.8 30.5 35.9 44.0
CD 27.0 62.7 47.7 65.4 30.6 34.5 44.7
SimCSE 26.7 55.0 53.2 68.3 29.0 37.9 45.0
ICT 27.0 58.3 55.3 69.7 31.3 37.4 46.5
MLM 30.2 60.0 51.3 69.5 30.4 38.8 46.7
TSDAE 29.3 62.8 55.5 76.1 31.8 39.4 49.2
Generation-based Domain Adaptation (Previous State-of-the-Art)
QGen 28.7 63.8 56.5 72.4 33.0 38.1 48.8
QGen (w/ Hard Negatives) 26.0 59.6 57.7 65.0 33.2 36.5 46.3
TSDAE + QGen (Ours) 31.4 66.7 58.1 72.6 35.3 37.4 50.3
Proposed Method: Generative Pseudo Labeling
GPL 32.8 66.4 61.0 72.6 34.5 41.4 51.5
TSDAE + GPL 34.4 68.9 61.6 74.6 35.1 43.0 52.9
Re-Ranking with Cross-Encoders (Upper Bound, Inefficient at Inference)
BM25 + CE 33.1 67.6 72.8 71.2 36.8 46.7 54.7
MS MARCO + CE 33.0 66.9 57.4 65.1 36.9 44.7 50.7
TSDAE + GPL + CE 36.4 68.3 68.0 71.4 38.1 48.3 55.1

Table 1: Evaluation using nDCG@10. The best results of the single-stage dense retrievers are bold. TRECC. and
CQADup. are short for TREC-COVID and CQADupStack. Our proposed GPL significantly outperforms other
domain adaptation methods. For the first time, we investigate the TSDAE pre-training in domain adaptation for
dense retrieval and find it can significantly improve both QGen and GPL. The results on the full 18 BeIR datasets
can be found in Appendix D.

text twice with different dropout masks in combi-
nation with MNRL loss. (c) CT (Carlsson et al.,
2021) is similar to SimCSE but it uses two inde-
pendent encoders to encode a pair of text. (d)
MLM (Devlin et al., 2019) uses the default set-
ting in original paper, where 15% tokens in a text
are sampled to be masked and are needed to be
predicted. (e) ICT (Lee et al., 2019) uniformly
samples one sentence from a passage as the pseudo
query to that passage and uses MNRL loss on the
synthetic data. We follow the setting in Lee et al.
(2019) and masked out the selected sentence 90%
of the time. (f) TSDAE (Wang et al., 2021) uses
a denoising autoencoder to pre-train the dense re-
trievers with 60% random tokens deleted in the
input texts.

Generation-based Domain Adaptation: We
use the training script12 from Thakur et al. (2021b)
to train QGen models with the default setting. Co-

12https://github.com/UKPLab/beir

sine similarity is used and the models are fine-tuned
for 1 epoch with MNRL. The default QGen is
trained with in-batch negatives. For a fair com-
parison, we also test QGen with hard negatives as
used in GPL, noted as QGen (w/ Hard Negatives).
Further, We test the combination of TSDAE and
QGen (TSDAE + QGen).

Re-Ranking with Cross-Encoders: We also
include results of the powerful but inefficient
re-ranking methods for reference. Three re-
trievers for the first-phrase retrieval are tested:
BM25 from Elasticsearch, the zero-shot MS
MARCO retriever and the GPL retriever en-
hanced by TSDAE pre-training. We use the cross-
encoder ms-marco-MiniLM-L-6-v2 from Sentence-
Transformers, which is also the same model used
for pseudo labeling in GPL.

5 Results

Pre-Training based Domain Adaptation:
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The results are shown in Table 1. Compared
with the zero-shot MS MARCO model, TSDAE,
MLM and ICT can improve the performance if we
first pre-train on the target corpus and then perform
supervised training on MS MARCO. Among them,
TSDAE is the most effective method, outperform-
ing the zero-shot baseline by 4.0 points nDCG@10
on average. CD, CT and SimCSE are not able to
adapt to the domains in a pre-training setup and
achieve a performance worse than the zero-shot
model.

To ensure that TSDAE actually learns domain
specific terminology, we include TSDAEMS MARCO
in our experiments: Here, we performed TSDAE
pre-training on the MS MARCO dataset followed
by supervised learning on MS MARCO. This
performs slightly weaker than the zero-shot MS
MARCO model.

We also tested the pre-training methods without
any supervised training on MS MARCO. We find
all of them fail miserably compared to the zero-shot
baseline as shown in Appendix E .

Previous Domain Adaptation Methods: We
test MoDIR on the datasets except Robust0413.
MoDIR performs on-par with our zero-shot MS
MARCO model on FiQA, TREC-COVID and
CQADupStack, while it performs much weaker on
SciFact and BioASQ. An improved training setup
with MoDIR could improve the results.

We also test UDALM, which first does MLM
pre-training on the target corpus, and then runs
multitask learning with MLM objective and super-
vised training on MS MARCO. The results show
that UDALM in this case greatly harms the perfor-
mance by 12.2 points in average, when compared
with the MLM-pre-training approach. We suppose
this is because unlike text classification, the dense
retrieval models usually do not have an additional
task head and the direct MLM training conflicts
with the supervised training.

Generation-based Domain Adaptation: The
results show that the previous best method, QGen,
can successfully adapt the MS MARCO models
to the new domains, improving the performance
on average by 3.6 points. It performs on par with
TSDAE-based domain-adaptive pre-training. Com-
bining TSDAE with QGen can further improve the
performance by 1.5 points.

When using QGen with hard negatives instead

13The original author did not train the model on Robust04
and the code is also not available.

of random in-batch negatives, the performance de-
creases by 2.5 points in average. QGen is sensitive
to false negatives, i.e. negative passages that are
actually relevant for the query. This is a common
issue for hard negative mining. GPL solves this
issue by using the cross-encoder to determine the
distance between the query and a passage. We give
more analysis in section 7.

Generative Pseudo Labeling (GPL, proposed
method): We find GPL is significantly better on
almost all the datasets compared to other tested
methods, outperforming QGen by up to 4.5 points
(on BioASQ) and in average by 2.7 points. One
exception is TREC-COVID, but as this dataset has
just 50 test queries, this difference can be due to
noise.

As a further enhancement, we find that TSDAE-
based domain-adaptive pre-training combined with
GPL (i.e. TSDAE + GPL) can further improve the
performance on all the datasets, achieving the new
state-of-the-art result of 52.9 nDCG@10 points
in average. It outperforms the out-of-the-box MS
MARCO model 7.7 points on average.

For the results of GPL on the full 18 BeIR
datasets, please refer to Appendix D. The observa-
tions remain the same.

Re-ranking with Cross-Encoders: Cross-
encoders perform well in a zero-shot setting and
outperform dense retrieval approaches significantly
(Thakur et al., 2021b), but they come with a sig-
nificant computational cost at inference. TSDAE
and GPL can narrow but not fully close the perfor-
mance gap between the single-stage retrievers and
the re-ranking methods. Due to the much lower
computational costs at inference, the TSDAE +
GPL model would be preferable in a production
setting. For example, as shown in Thakur et al.
(2021b), the retrieval latency on a 1M-sized corpus
for one query is 14ms and 450ms for dense retriev-
ers (with the same backbone as ours) and BM25 +
CE reranking, resp.

6 Analysis

In this section, we analyze the influence of training
steps, corpus size, query generation and choices of
starting checkpoints on GPL.

6.1 Influence of Training Steps

We first analyze the influence of the number of
training steps on the model performance. We eval-
uate the models every 10K training steps and end
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Figure 2: Influence of the number training steps on the
averaged performance. The performance of GPL begins
to be saturated after 100K steps. TSDAE helps improve
the performance during the whole training stage.

Method
Size 1K 10K 50K 250K 528K

QGen 35.5 36.5 38.7 37.5 37.0
GPL 37.6 41.4 42.5 41.4 41.3
Zero-shot 39.0

Table 2: Influence of corpus size on performance on
Robust04. The full size is 528K. GPL can achieve the
best performance with as little as 50K passages.

the training after 140K steps. The results for the
change of averaged performance on all the datasets
are shown in Figure 2. We find the performance of
GPL begins to be saturated after around 100K steps.
With the TSDAE pre-training, the performance can
be improved consistently during the whole train-
ing stage. For reference, training a distilbert-base
model for 100k steps takes about 9.6 hours on a
single V100 GPU.

6.2 Influence of Corpus Size
We next analyze the influence of different corpus
sizes. We use Robust04 for this analysis, since it
has a relatively large size. We sample 1K, 10K,
50K and 250K passages from the whole corpus in-
dependently to form small corpora and train QGen
and GPL on the same small corpus. The results are
shown in Table 2. We find with more than 10K pas-
sages, GPL can already significantly outperform
the zero-shot baseline by 2.4 NDCG@10 points;
with more than 50K passages, the performance be-
gins to saturate. On the other hand, QGen falls
behind the zero-shot baseline for each corpus size.

6.3 Robustness against Query Generation
Next, we study how the query generation influences
the model performance. First, we train QGen and
GPL on SciFact, FiQA and Robust04, with 1 up to
50 generated Queries Per Passage (QPP). The re-

Dataset Method Queries Per Passage
1 2 3 5 10 25 50

SciFact
(5.2K)

QGen 56.7 59.6 60.2 59.9 61.5 62.2 63.7
GPL 61.7 63.2 63.8 64.7 66.8 66.9 67.9
Zero-shot 57.1

FiQA
(57.6K)

QGen 27.3 28.1 27.8 28.5 29.3 31.1 31.8
GPL 31.5 32.2 32.3 32.8 33.0 33.5 33.5
Zero-shot 26.7

Robust04
(528.2K)

QGen 37.9 38.7 37.0 37.3 38.2 37.7 37.7
GPL 42.0 41.3 41.4 41.2 40.9 41.2 40.6
Zero-shot 39.0

Table 3: Influence of number of generated Queries Per
Passage (QPP) on the performance on SciFact, FiQA
and Robust04. Corpus size is labeled under each dataset
name. Smaller corpora, e.g. SciFact and FiQA require
larger QPP to achieve the optimal performance.

sults are shown in Table 3. We observe that smaller
corpora, e.g. SciFact (size = 5.2K) and FiQA (size
= 57.6K) require more generated queries per pas-
sage than the large one, Robust04 (size = 528.2K).
For example, GPL needs QPP equal to around 50,
5 and 1 for SciFact, FiQA and Robust04, resp. to
achieve the optimal performance.

The temperature14 plays an important role in nu-
cleus sampling, higher values make the generated
queries more diverse, but of lower quality. We
train QGen and GPL on FiQA with different tem-
peratures: 0.1, 1, 1.3, 3, 5 and 10. Examples of
generated queries are available in Appendix F. We
generated 3 queries per passage. The results are
shown in Figure 3. We find the performance of
QGen and GPL both peaks at 1.0. With a higher
temperature, the next-token distribution will be flat-
ter and more diverse queries, but of lower quality,
will be generated. With high temperatures, the gen-
erated queries have nearly no relationship to the
passage. QGen will perform poorly in these cases,
worse than the zero-shot model. In contrast, GPL
performs still well even when the generated queries
are of such low quality.

6.4 Sensitivity to Starting Checkpoints
We also analyze the influence of initialization
on GPL. In the default setting, we start from a
distilbert-model supervised on MS MARCO us-
ing MarginMSE loss. We also evaluate to directly
fine-tune a distilbert-model using QGen, GPL and
TSDAE + GPL. The performance averaged on all
the datasets is shown in Table 4. We find the MS
MARCO training has relatively small effect on the
performance of GPL (with 0.3-point difference in
average), while QGen highly relies on the choice

14The amplifying coefficient to the raw logits in the Softmax
function.
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Figure 3: Influence of the temperature in generation on
the performance on FiQA. A higher temperature means
more diverse queries but of lower quality. GPL can still
yield around 3.0-point improvement over the zero-shot
baseline with high temperature value of 10.0, where
the generated queries have nearly no connection to the
passages.

Method
Init. Distilbert MS MARCO

QGen 46.9 48.8
TSDAE + QGen (Ours) 49.6 50.3
GPL 51.2 51.5
TSDAE + GPL 52.3 52.9
Zero-shot – 45.2

Table 4: Influence of initialization checkpoint on per-
formance in average. GPL yields similar performance
when starting from different checkpoints.

of the initialization checkpoint (with 1.9-point dif-
ference in average).

7 Case Study: Fine-Grained Labels

GPL uses continuous pseudo labels from a cross-
encoder, which can provide more fine-grained in-
formation and is more informative than the simple
0-1 labels as in QGen. In this section, we give a
more detailed insight into it by a case study.

One example from FiQA is shown in Table 5.
The generated query for the positive passage asks
for the definition of “futures contract”. Negative
1 and 2 only mention futures contract without ex-
plaining the term (with low GPL labels/scores be-
low 2.0), while Negative 3 gives the required def-
inition (with high GPL label/score 8.2). As an
interesting case, Negative 4 gives a partial explana-
tion of the term (with medium GPL label/score 6.9).
GPL assigns suitable fine-grained labels to differ-
ent negative passages. In contrast, QGen simply
labels all of them as 0, i.e. as irrelevant. Such differ-
ence explains the advantage of GPL over QGen and
why using hard negatives harms the performance

Item Text GPL QGen
Query what is futures contract – –

Positive

Futures contracts are a
member of a larger class
of financial assets called

derivatives ...

10.3 1

Negative 1

... Anyway in this one example
the s&p 500 futures contract

has an "initial margin" of
$19,250, meaning ...

2.0 0

Negative 2

... but the moment you exercise
you must have $5,940 in a
margin account to actually
use the futures contract ...

0.3 0

Negative 3

... a futures contract is simply
a contract that requires party A

to buy a given amount of a
commodity from party B at a

specified price...

8.2 0

Negative 4
... A futures contract commits
two parties to a buy/sell of the
underlying securities, but ...

6.9 0

Table 5: Examples of the labels assigned to different
query-passage pairs in FiQA by GPL and QGen. The
key term "futures contract" is marked in bold. QGen
uses only 0-1 scores. GPL uses raw logits, which can
be any value between positive and negative infinity (e.g.
[−12, 11] is a typical range).

of QGen in Table 1.

8 Conclusion

In this work we propose GPL, a novel unsuper-
vised domain adaptation method for dense retrieval
models. It generates queries for a target corpus and
pseudo labels these with a cross-encoders. Pseudo-
labeling overcomes two important short-comings
of previous methods: Not all generated queries are
of high quality and pseudo-labels efficiently detects
those. Further, training with mined hard negatives
is possible as the pseudo labels performs efficient
denoising.

In this work, we also evaluated different
pre-training strategies in a domain-adaptive pre-
training setup: We first pre-trained on the target
domain, then performed supervised training on MS
MARCO. ICT and MLM were able to yield a small
improvement (by <=1.5 nDCG@10 points on aver-
age), while TSDAE was able to yield a significant
improvement of 4 nDCG@10 points on average.
Other approaches degraded the performance.
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A Performance of Using Different Retrievers for Negative Mining in GPL

The performance of using different retrievers (BM25, dense, BM25 + dense and single dense retrievers)
for mining hard negatives in GPL is shown in Table 6. The results show GPL performs best when using
hard negatives mined by both the two dense retrievers.

Method
Dataset FiQA SciFact BioASQ TRECC. CQADup. Robust04 Avg.

GPL (w/ BM25 + dense) 32.9 64.4 61.1 68.6 33.8 41.3 50.4
GPL (w/ BM25) 31.1 60.9 57.8 67.5 33.5 35.9 47.8
GPL (w/ dense) 32.8 66.4 61.0 72.6 34.5 41.4 51.5
GPL (w/ msmarco-distilbert-base-v3) 32.1 64.7 60.9 70.8 34.3 41.5 50.7
GPL (w/ msmarco-MiniLM-L-6-v3) 32.7 64.6 61.7 69.7 35 40.4 50.7
MS MARCO 26.7 57.1 52.9 66.1 29.6 39.0 45.2

Table 6: Performance (nDCG@10) of using different retrievers for hard-negative mining in GPL. The scores of the
baseline MS MARCO and the scores of GPL with dense retrievers are copied from Table 1. "Dense" represents
using both of the two dense retrievers msmarco-distilbert-base-v3 and msmarco-MiniLM-L-6-v3.

B Performance of the Zero-Shot Retrievers in Hard-Negative Mining

The performance of directly using the zero-shot retrievers for hard-negative mining in GPL is shown in
Table 7. Compared with the strong baseline (MS MARCO in Table 7) trained with MarginMSE, msmarco-
distilbert-base-v3 and msmarco-MiniLM-L-6-v3 are much worse in terms of zero-shot generalization on
each dataset. This comparison supports GPL can indeed train powerful domain-adapted dense retrievers
with minimum reliance on choices of the retrievers for hard-negative mining.

Method
Dataset FiQA SciFact BioASQ TRECC. CQADup. Robust04 Avg.

msmarco-distilbert-base-v3 24.0 52.3 45.6 61.1 24.3 30.6 39.7
msmarco-MiniLM-L-6-v3 23.3 48.8 41.9 57.9 24.3 28.5 37.5
MS MARCO 26.7 57.1 52.9 66.1 29.6 39.0 45.2

Table 7: Performance (nDCG@10) of different zero-shot retrievers. msmarco-distilbert-base-v3 and msmarco-
MiniLM-L-6-v3 are used in GPL for hard-negative mining. The scores of the baseline MS MARCO are copied from
Table 1.

C Target Datasets

FiQA is for the task of opinion question answering over financial data. It contains 648 queries and 5.8K
passages from StackExchange posts under the Investment topic in the period between 2009 and 2017. The
labels are binary (relevant or irrelevant) and there are 2.6 passages in average labeled as relevant for each
query.

SciFact is for the task of verifying scientific claims using evidence from the abstracts of the scientific
papers. It contains 300 queries and 5.2K passages built from S2ORC (Lo et al., 2020), a publicly-available
corpus of millions of scientific articles. The labels are binary and there are 1.1 passages in average labeled
as relevant for each query.

BioASQ is for the task of biomedical question answering. It originally contains 500 queries and 15M
articles from PubMed15. The labels are binary and it has 4.7 passages in average labeled as relevant for
each query. For efficient training and evaluation, we randomly remove irrelevant passages to make the
final corpus size to 1M.

TREC-COVID is an ad-hoc search challenge for scientific articles related to COVID-19 based on the
CORD-19 dataset (Wang et al., 2020). It originally contains 50 queries and 171K documents. The original
corpus has many documents with only a title and an empty body. We remove such documents and the

15https://pubmed.ncbi.nlm.nih.gov/
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final corpus size is 129.2K. The labels in TREC-COVID are 3-level (i.e. 0, 1 and 2) and there are 430.8
passages in average labeled as 1 or 2 in the clean-up version.

CQADupStack is a dataset for community question-answering, built from 12 StackExchange subfo-
rums: Android, English, Gaming, Gis, Mathematica, Physics, Programmers, Stats, Tex, Unix, Webmasters
and WordPress. The task is to retrieve duplicate question posts with both a title and a body text given
a post title. It has 13.1K queries and 457.2k passages. The labels are binary and there are 1.4 passages
in average labeled as relevant for each query. As in Thakur et al. (2021b), the average score of the 12
sub-tasks is reported.

Robust04 is a dataset for news retrieval focusing on poorly performing topics. It has 249 queries and
528.2K passages. The labels are 3-level and there are in average 69.9 passages labeled as relevant for
each query.

The detailed statistics of these target datasets are shown in Table 8.

Dataset
Statistics Domain Title Relevancy #Queries #Passages PPQ Query Len. Passage Len.

FiQA Financial ✗ Binary 648 57.6K 2.6 10.8 132.2
SciFact Scientific ✓ Binary 300 5.2K 1.1 12.4 213.6
BioASQ Bio-Medical ✓ Binary 500 1.0M 4.7 8.1 204.1
BioASQ∗ Bio-Medical ✓ Binary 500 14.9M 4.7 8.1 202.6
TREC-COVID Bio-Medical ✓ 3-Level 50 129.2K 430.8 10.6 210.3
TREC-COVID∗ Bio-Medical ✓ 3-Level 50 171.3K 493.5 10.6 160.8
CQADupStack Forum ✓ Binary 13,145 457.2K 1.4 8.6 129.1
Robust04 News ✗ 3-Level 249 528.2K 69.9 15.3 466.4

Table 8: Statistics of the target datasets used in the experiments. Column Title indicates whether there is (✓) a title
for each passage or not (✗). Column PPQ represents number of Passages Per Query. Query/passage lengths are
counted in words. Symbol ∗ marks the original version from the BeIR benchmark (Thakur et al., 2021b)

We also evaluate the models trained in this work on the original version of BioASQ and TREC-COVID
datasets from BeIR (Thakur et al., 2021b). The results are shown in Table 9.

D Results on full BeIR

We also evaluate the models on all the 18 BeIR datasets. We include DocT5Query (Nogueira et al., 2019a),
the strong baseline based on document expansion with the T5 query generator (also used in GPL for query
generation) + BM25 (Anserini). We also include the powerful zero-shot model TAS-B (Hofstätter et al.,
2021), which is trained on MS MARCO with advanced knowledge-distillation techniques into comparison.
Viewing TAS-B as the base model and also the negative miner, we apply QGen and GPL on top of them,
resulting in TAS-B + QGen and TAS-B + GPL, resp.

The results are shown in Table 9. We find both DocT5Query and BM25 (Anserini) outperform
MS MARCO, TSDAE and QGen, in terms of both average performance and average (performance)
rank. QGen struggles to beat MS MARCO, the zero-shot baseline and it even significantly harms the
performance on many datasets, e.g. TREC-COVID, FEVER, HotpotQA, NQ. Thakur et al. (2021b) also
observes the same issue, claiming that the bad generation quality on these corpora is the key to the failure
of QGen. On the other hand, GPL significantly outperforms these baselines above, achieving average
performance rank 5.2 and can consistently improve the performance over the zero-shot model on all the
datasets. For TSDAE, TSDAE + QGen and TSDAE + GPL, the conclusion remains the same as in the
main paper.

For the powerful zero-shot model TAS-B, it outperforms QGen and performs on par with TSDAE +
QGen. When building on top of TAS-B, GPL can also yield significant performance gain by up-to 21.5
nDCG@10 points (on TREC-COVID) and 4.6 nDCG@10 points on average. This TAS-B + GPL model
performs the best over all these retriever models, achieving the averaged performance rank equal to 3.2.
However, when applying QGen on top of TAS-B, it cannot improve the overall performance but also
harms the individual performance on many datasets, instead.
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Dataset
Method BM25

(Anserini)
DocT5-
Query

MS
MARCO

TSDAE QGen
TSDAE +

QGen (Ours)
GPL

TSDAE +
GPL

TAS-B
TAS-B +

QGen
TAS-B +

GPL
BM25 + CE

(Upperbound)
FiQA 23.6 29.1 26.7 29.3 28.7 31.4 32.8 34.4 29.8 30.1 34.4 34.7
SciFact 66.5 67.5 57.1 62.8 63.8 66.7 66.4 68.9 63.5 65.3 67.4 68.8
BioASQ∗ 46.5 43.1 33.6 37.3 36.9 38.5 41.2 40.9 36.2 38.5 44.2 52.3
TRECC.∗ 65.6 71.3 66.1 70.8 56.0 58.4 71.8 74.9 48.5 56.6 70.0 75.7
CQADup. 29.9 32.5 29.6 31.8 33.0 35.3 34.5 35.1 31.5 33.7 35.7 37.0
Robust04 40.8 43.7 39.0 39.4 38.1 37.4 41.4 43.0 42.4 39.4 43.7 47.5
ArguAna 41.4† 46.9† 33.9 37.5 52.4 54.7 48.3 51.2 43.4 51.8 55.7 41.7†

Climate-F. 21.3 20.1 20.0 16.8 22.5 22.6 22.7 22.2 22.1 24.4 23.5 25.3
DBPedia 31.3 33.1 34.2 35.4 33.1 33.2 36.1 36.1 38.4 32.7 38.4 40.9
FEVER 75.3 71.4 76.5 64.0 63.8 64.2 77.9 78.6 69.5 63.9 75.9 81.9
HotpotQA 60.3 58.0 55.4 63.8 51.4 52.2 56.5 57.2 58.4 52.0 58.2 70.7
NFCorpus 32.5 32.8 27.7 31.2 31.4 33.7 34.2 33.9 31.9 33.4 34.5 35.0
NQ 32.9 39.9 45.6 47.1 35.4 34.6 46.7 47.1 46.3 36.3 48.3 53.3
Quora 78.9 80.2 81.2 83.3 85.0 85.7 83.2 83.1 83.5 85.3 83.6 82.5
SciDocs 15.8 16.2 13.6 15.4 15.5 17.1 16.1 16.8 14.9 16.4 16.9 16.6
Signal-1M 33.0 30.7 24.4 25.9 26.8 26.8 26.5 27.6 28.9 26.6 27.6 33.8
TRECN. 39.8 42.0 36.0 35.0 36.0 38.3 40.7 41.5 37.7 38.0 42.1 43.1
Touché20 36.7 34.7 19.6 21.8 17.1 17.2 23.1 23.5 16.2 17.5 25.5 27.1
Avg. 42.9 44.1 40.0 41.6 40.4 41.6 44.5 45.3 41.3 41.2 45.9 48.2
Avg. Rank 7.6 6.2 9.8 8.2 8.9 6.5 5.2 4.2 7.8 7.3 3.2 2.4

Table 9: Performance (nDCG@10) on all the original 18 BeIR datasets. The results of MS MARCO, TSDAE,
QGen, TSDAE + QGen, GPL and TSDAE + GPL on FiQA, SciFact, CQADupStack and Robust04 are copied
from Table 1. The results of BM25, DocT5Query and BM25 + CE come from Thakur et al. (2021b). † marks
correction over the original scores, where identical IDs between queries and passages are removed. TRECN. is short
for TREC-NEWS. Avg. Rank is the average over the rank of the performance on each dataset over the different
models (the lower, the better).

E Performance of Unsupervised Pre-Training

The performance of the unsupervised pre-training methods without access to the MS MARCO data is
shown in Table 10. We find ICT is the best method, achieving highest scores on all the datasets. However,
all the unsupervised pre-training methods cannot directly yield improvement in performance compared
with the zero-shot baseline.

Method
Dataset FiQA SciFact BioASQ TRECC. CQADup. Robust04 Avg.

CD 6.6 0.6 0.3 9.8 8.1 3.8 4.9
CT 0.2 0.7 0.0 2.5 0.9 0.0 0.7
MLM 5.4 27.8 4.7 16.0 8.5 6.1 11.4
TSDAE 7.8 37.2 6.9 9.4 14.3 10.1 14.3
SimCSE 5.5 25.0 13.1 26.0 14.6 9.8 15.7
ICT 10.2 42.6 39.0 47.5 23.0 16.5 29.8
MS MARCO 26.7 57.1 52.9 66.1 29.6 39.0 45.2

Table 10: Performance (nDCG@10) of unsupervised pre-training methods with only access to the target corpus as
the training data. The scores of the zero-shot baseline MS MARCO are copied from Table 1.

F Examples of Generated Queries under Different Temperatures

The generation temperature controls the sharpness of the next-token distribution. The examples for one
passage from FiQA are shown in Table 11 Higher temperature results in longer and less duplicate queries
under more risk of generating non-sense texts.
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Item Text Pseudo Label

Input Passage

You can never use a health FSA for individual health insurance premiums. Moreover,
FSA plan sponsors can limit what they are will to reimburse. While you can’t use a health
FSA for premiums, you could previously use a 125 cafeteria plan to pay premiums, but it

had to be a separate election from the health FSA. However, under N. 2013-54, even
using a cafeteria plan to pay for indivdiual premiums is effectively prohibited.

–

Temperature 0.1
can you use a cafeteria plan for premiums 9.1
can you use a cafeteria plan for premiums 9.1
can you use a cafeteria plan for premiums 9.1

Temperature 1.0
can i use my fsa to pay for a health plan 9.7

can i use my health fsa for an individual health plan? 9.9
can fsa pay premiums 9.2

Temperature 3.0

cafe a number cafe plan is used by -10.5
what type of benefits do the health savings accounts cover

when applying for medical terms health insurance
-7.2

why can’t an individual file medical premium on their insurance account with an fsa plan
instead of healthcare policy.

6.0

Temperature 5.0
which one does not apply after an emergency medical -11.1

is medicare cafe used exclusively as plan funds (health savings account -7.2
how soon to transfer coffee bean fses to healthcare -11.0

Temperature 10.0

will employer limit premiums reimbursement on healthcare expenses with caeatla
cafetaril and capetarians account on my employer ca. plans and deductible accounts

a.f,haaq and asfrhnta,
-2.5

kfi what is allowed as personal health account or ca -10.2
do people put funds back to buy plan plans before claiming an deductible without the

provider or insurance cover f/f associator funds of the person you elect? healthfin depto
of benefit benefits deduct all oe premiumto payer for individual care

-4.5

Table 11: Examples of generated queries under different temperature value for a passage from FiQA.
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Abstract
Distilling state-of-the-art transformer models
into lightweight student models is an effec-
tive way to reduce computation cost at in-
ference time. The student models are typi-
cally compact transformers with fewer param-
eters, while expensive operations such as self-
attention persist. Therefore, the improved in-
ference speed may still be unsatisfactory for
real-time or high-volume use cases. In this
paper, we aim to further push the limit of in-
ference speed by distilling teacher models into
bigger, sparser student models – bigger in that
they scale up to billions of parameters; sparser
in that most of the model parameters are n-
gram embeddings. Our experiments on six
single-sentence text classification tasks show
that these student models retain 97% of the
RoBERTa-Large teacher performance on aver-
age, and meanwhile achieve up to 600x speed-
up on both GPUs and CPUs at inference time.
Further investigation reveals that our pipeline
is also helpful for sentence-pair classification
tasks, and in domain generalization settings.1

1 Introduction

Large pre-trained Transformers (Devlin et al., 2019;
Liu et al., 2019) are highly successful, but their
large inference costs mean that people who host
low-latency applications, or who are simply con-
cerned with their cloud computing costs have
looked for ways to reduce the costs. Prior work
mainly achieves this by leveraging knowledge dis-
tillation (Hinton et al., 2015), which allows for
the capabilities of a large well-performing model
known as the teacher to be transferred to a smaller
student model. For example, DistillBERT (Sanh
et al., 2019) is a smaller transformer model distilled
from BERT (Devlin et al., 2019), which reduces
BERT’s size by 40% and becomes 60% faster dur-
ing inference. However, such speed-up may be still

†Work partially done while interning at Meta AI.
1Code available at https://github.com/INK-USC/spa

rse-distillation.
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Figure 1: Performance vs. Inference Speed. With
Deep Averaging Network (DAN; Iyyer et al. 2015) and
knowledge distillation, we obtain a student model with
competitive performance on IMDB dataset, while be-
ing 607x faster than RoBERTa-Large, and 20x faster
than bi-directional LSTMs at inference time.

insufficient for high-volume or low-latency infer-
ence tasks. In this paper, we aim to further push
the limit of inference speed, by introducing Sparse
Distillation, a framework that distills the power
of state-of-the-art transformer models into a shal-
low, sparsely-activated, and richly-parameterized
student model.

Counter to the convention of using “smaller,
faster, [and] cheaper” (Sanh et al., 2019) student
models, our work explores a new area of the design
space, where our fast and cheap student model is
actually several times larger than the teacher. The
student model we use is modified from Deep Aver-
aging Network (DAN) in Iyyer et al. (2015). DANs
take a simple architecture by mapping the n-grams
in the input sentence into embeddings, aggregating
the embeddings with average pooling, and then us-
ing multiple linear layers to perform classification
(see Fig. 2). This architecture is reminiscent of
the high expressive power of billion-parameter n-
gram models (Buck et al., 2014; Brants et al., 2007)
from before the existence of pre-trained language
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models. By selecting the n-gram vocabulary and
the embedding dimension, DANs also scale up to
billions of parameters. Meanwhile, the inference
costs are kept low as DANs are sparsely-activated.

One weakness of DANs is that they are restricted
in modeling high-level meanings in long-range con-
texts, as compared to the self-attention operator in
Transformers. However, recent studies have shown
that large pre-trained Transformers are rather in-
sensitive to word order (Sinha et al., 2021) and
that they still work well when the learned self-
attention is replaced with hard-coded localized at-
tention (You et al., 2020) or convolution blocks
(Tay et al., 2021). Taken together, these studies
suggest that on some tasks it may be possible to get
competitive results without computationally expen-
sive operations such as self-attention.

To verify our hypothesis, we use six single-
sentence text classification tasks2 and apply knowl-
edge distillation to DANs. We observe that the re-
sulting student models retain 97% of the RoBERTa-
Large teacher performance on average. We also
show that our method falls outside of the Pareto
frontier of existing methods; compared to a base-
line of distilling to a LSTM student, our method
gives comparable accuracy at less than 1/20 the
inference cost (see Fig. 1). Based on our empirical
results, we conclude that faster and larger student
models provide a valuable benefit over existing
methods. We further examine our method (1) with
QQP, a sentence-pair task, (2) in privacy-preserving
settings (i.e., no access to task-specific data during
distillation), and (3) in domain generalization and
adaptation settings (i.e., student models are applied
and adapted to new data domains), where we find
our method continues to bring improvements over
non-distillation baselines.

2 Sparse Distillation with DANs

2.1 Problem Definition

Our goal is to train an efficient text classification
model M for a given task T . In a n-way classifica-
tion problem, the model M takes input text x, and
produces ŷ ∈ Rn, where ŷi indicates the likelihood
that the input x belongs to category i. The task T
has a train set Dtrain and a validation/development
set Ddev. Additionally, we assume access to a
large unlabeled corpus C which is supposedly in

2Transformers are effective at many tasks beyond text clas-
sification. We extend our method to sentence-pair tasks in
later sections and leave other use cases as future work.

Input Sentence: 
I really like this movie

like this movie

this movie

I really

Avg. Pool.

Linear 1        Linear 2

...

Positive
Negative

Figure 2: We primarily use a modified Deep Averag-
ing Network (DAN; Iyyer et al. 2015) as the student
model in this paper. DAN contains a sparse n-gram em-
bedding table and two linear layers. Embedding dimen-
sion de is set to 3 in this figure for illustration purpose.

a domain relevant to task T . We comprehensively
evaluate the efficiency of the model M by report-
ing: (1) accuracy on Ddev, (2) inference speed, and
(3) the number of parameters in the model.

2.2 Method Overview
To train a text classifier that is both efficient and
powerful, we employ knowledge distillation (Hin-
ton et al., 2015), by having a powerful teacher
model provide the supervision signal to an effi-
cient student model. In particular, we are interested
in using sparse n-gram based models as our student
model. We explain the teacher and student model
we use in §2.3, the training pipeline in §2.4, and
implementation details in §2.5

2.3 Models
Teacher Model. Fine-tuning a pre-trained trans-
former model is the predominant recipe for obtain-
ing state-of-the-art results on various text classifica-
tion tasks. Our teacher model is a RoBERTa-Large
model (Liu et al., 2019) fine-tuned on the training
set Dtrain of task T .

Student Model. Our student model is based on
the Deep Averaging Network (DAN, Iyyer et al.
2015) with the modification that we operate on n-
grams instead of just words. See Fig. 2 for an illus-
tration of the model architecture. Specifically, for
an input sentence x, a list of n-grams g1, g2, ..., gn
are extracted from the sentence. These n-gram in-
dices are converted into their embeddings (with
dimension de) using an embedding layer Emb(.).
The sentence representation h will be computed as
the average of all n-gram embeddings, i.e., h =
Mean(Emb(g1),Emb(g2), ...,Emb(gn)) ∈ Rde .
The sentence representation then goes through two
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Figure 3: We adopt a three-stage pipeline for Sparse Distillation: (1) We fine-tune a RoBERTa-Large model on
Dtrain to get the teacher model. (2) We apply teacher model to the unlabeled corpus C and Dtrain, and train
the student model (DAN) to mimic the predictions of the teacher. This model is denoted as “DAN (KD)” (3) We
further fine-tune the student model with Dtrain. This model is denoted as “DAN (KD+FT)”.

fully connected layers, (W1,b1) and (W2,b2),
to produces the final logits ẑ, i.e., ẑ = Ms(x) =
W2(ReLu(W1h + b1)) + b2 ∈ Rn. The logits
are transformed into probabilities with the Softmax
function, i.e., ŷ = Softmax(ẑ) ∈ Rn.

Remarks on Computation Complexity. Multi-
headed self-attention is considered the most expen-
sive operation in the teacher transformers, where
the computation complexity is O(m2) for a se-
quence with m sub-word tokens. The student
model, Deep Averaging Network (DAN), can be
considered as pre-computing and storing phrase
representations in a large embedding table. By do-
ing so, the computation complexity is reduced to
O(m). However, unlike the teacher, the context is
limited to a small range, and no long-range infor-
mation (beyond n-gram) is taken into account by
the student model.

2.4 Training Pipeline

Our training pipeline is illustrated in Fig. 3. It has
three stages: (1) We first fine-tune a RoBERTa-
Large model on the train set Dtrain of task T , and
use the resulting model as the teacher model. (2)
We train the student model by aligning the predic-
tions of the teacher (ỹ) and the predictions of the
student (ŷ) on the union of unlabeled corpus C and
the train set Dtrain. We align the predictions by
minimizing the KL divergence between the two dis-
tributions, i.e., L =

∑n
j=1 ỹj log

ỹj
ŷj

. The resulting
student model is denoted as “DAN (KD)”. (3) We
further fine-tune the student model from step (2)
with the task train setDtrain, and get a new student
model. This model is denoted as “DAN (KD+FT)”.
This third stage is optional.

2.5 Implementation Details

Determine N-gram Vocabulary. Our student
model takes in n-grams as input. We determine

the n-gram vocabulary by selecting the top |V |
frequent n-grams in Dtrain and C. For each down-
stream dataset, we compute the vocabulary sep-
arately. We use CountVectorizer with default
whitespace tokenization in sklearn (Pedregosa
et al., 2011) to perform this task. We set n-
gram range to be (1, 4) and set |V | = 1,000,000,
de = 1, 000, unless specified otherwise.

Optimization. The architecture of DAN is
sparsely-activated, and thus can be sparsely-
optimized to reduce memory footprint. To facilitate
this, we design a hybrid Adam optimizer, where we
use SparseAdam3 for the sparse parameters (i.e.,
the embedding layer), and regular Adam for dense
parameters. This implementation helps to improve
speed and reduce memory usage greatly – we can
train a 1-billion parameter DAN with the batch size
of 2048 at the speed of 8 batches/second, on one
single GPU with 32 GB memory.

Additional Details. Due to space limit, we de-
fer details such as hyper-parameters settings and
hardware configurations in Appendix A.

3 Experiment Settings

3.1 Data

Downstream Datasets. Following Tay et al.
(2021), we mainly use six single-sentence classifi-
cation datasets as the testbed for our experiments
and analysis. These datasets cover a wide range
of NLP applications. We use IMDB (Maas et al.,
2011) and SST-2 (Socher et al., 2013) for senti-
ment analysis, TREC (Li and Roth, 2002) for ques-
tion classification, AGNews (Zhang et al., 2015)
for news classification. We use Civil Comments

3Source code: https://pytorch.org/docs/master/ge
nerated/torch.optim.SparseAdam.html. Please refer to
Appendix B.2 for a brief introduction on SparseAdam.
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Dataset D |Dtrain| |Ddev| Avg. l Distillation Corpus C |C|
IMDB 25,000 25,000 300 Amazon Reviews and ? 75m
SST-2 67,349 872 11 Amazon Reviews 75m
TREC 5,452 500 11 PAQ 65m
AGNews 120,000 7,600 55 CC-News 418m
CCom 1,804,874 97,320 67 Reddit News and ? 60m
WToxic 159,571 63,978 92 ? 37m

Table 1: Datasets and Distillation Corpus Used in
Our Study. |.| represents the size of a dataset. “Avg.
l” represents the average number of tokens in the input
sentence. ? represents the unlabeled data released with
the original dataset.

(Borkan et al., 2019) and Wiki Toxic (Wulczyn
et al., 2017) dataset for toxicity detection.

Knowledge Distillation Corpora. We manually
select a relevant unlabeled corpus C based on the
task characteristics and text domain.4 For exam-
ple, the IMDB and SST-2 models, which are tasked
with classifying the sentiment of movie reviews, are
paired with a corpus of unlabeled Amazon prod-
uct reviews (Ni et al., 2019). TREC, a question
classification task, is paired with PAQ (Lewis et al.,
2021), a collection of 65 million questions. AG-
News, a news classification task, is paired with CC-
News corpus (Nagel, 2016). For Civil Comments,
a dataset for detecting toxic news comments, we
select the News subreddit corpus from ConvoKit
(Chang et al., 2020), which is built from a previ-
ously existing dataset extracted and obtained by a
third party and hosted by pushshift.io. Details
of all datasets and corpora are listed in Table 1.

3.2 Compared Methods

To comprehensively evaluate and analyze the
n-gram student models, we additionally experi-
ment with (1) training a randomly-initialized DAN
model with Dtrain, without knowledge distillation
(“from scratch”); (2) directly fine-tuning general-
purpose compact transformers, e.g., DistilBERT
(Sanh et al., 2019), MobileBERT (Sun et al., 2020);
(3) using other lightweight architectures for the stu-
dent model, such as DistilRoBERTa (Sanh et al.,
2019), Bi-LSTM (Tang et al., 2019) and Convolu-
tion Neural Networks (Chia et al., 2019), in task-
specific distillation setting. We also quote perfor-
mance from (Tay et al., 2021) when applicable.

4It is possible that a careful comparison of different distilla-
tion corpora can result in better performance. For the purpose
of this study, we leave this as future work.

4 Results and Analysis

4.1 Main Results

How well can DANs emulate the performance
of the teacher? In Table 2, we present the re-
sults on 6 single-sentence classification datasets.
Firstly, we find that in 5 out of the 6 datasets, the
gap between the teacher and the student model is
within 3%. This suggests the power of simple n-
gram models may be underestimated previously,
as they are typically trained from scratch, with-
out modern techniques such as pre-training and
knowledge distillation. This also echoes with a
series of recent work that questions the necessity
of word order information (Sinha et al., 2021) and
self-attention (You et al., 2020), in prevalent trans-
former architectures. Secondly, we observe that
knowledge distillation help close more than half
the gap between the teacher model and the student
model trained from scratch. The effect is more
significant with TREC dataset (13% improvement),
a 46-way classification problem, whose train set
has a small size of 5,452. It is hard to estimate pa-
rameters of a large sparse model with merely 5,452
examples; however, supervising it with large-scale
corpus and distillation target effectively densified
the supervision signals and help address the spar-
sity issues during model training.

How fast are DANs? We have previously hy-
pothesized that DANs will have superior inference
speed due to its simple and sparse architecture. In
this section we quantify this advantage by compar-
ing the student model with the RoBERTa-Large
teacher model. We also include the baselines listed
in §3.2 for a comprehensive comparison. For sim-
plicity, we use BPE tokenizer and re-use the embed-
ding table from RoBERTa-Large for our student
Bi-LSTM and CNN model. We use 2-layer Bi-
LSTM with hidden dimension of 4, 64, 256 and
512. For the CNN model, we use one 1D con-
volution layer with hidden dimension of 128 and
context window of 7.

We provide speed comparison across all datasets
in Table 3. We provide more fine-grained com-
parison on IMDB dataset in Table 4 and Fig. 1.
DAN achieves competitive performance and the
fastest inference efficiency among all different stu-
dent model architectures. The speed-up differs
across datasets, ranges from 4x to 1091x. It is most
significant on Civil Comments (1091x), Wiki Toxic
(668x) and IMDB dataset (607x), as they have
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Model IMDB SST-2 TREC AGNews CCom WToxic QQP

DAN (from scratch) 88.3 79.5 78.4 91.1 95.7 92.2 82.0
DAN (KD)† 92.0 87.0 91.8 90.0 96.2 93.9 63.2
DAN (KD) 93.2 86.4 91.8 90.6 96.3 94.0 84.1
DAN (KD+FT) 93.5 88.5 92.6 93.0 96.3 92.5 84.2

DistilBERT (Sanh et al., 2019) 92.2 90.8 92.8 94.5 96.9 93.1 89.4
MobileBERT (Sun et al., 2020) 93.6 90.9 91.0 94.6 97.0 93.5 90.5

Transformer-Base (Tay et al., 2021) 94.2 92.1 93.6 93.5 -‡ 91.5 -
ConvNet (Tay et al., 2021) 93.9 92.2 94.2 93.9 -‡ 93.8 -
RoBERTa-Large (Liu et al., 2019) 96.3 96.2 94.8 95.4 96.3 94.1 92.1

Table 2: Performance Comparison on 6 Single-sentence Tasks and 1 Sentence-pair Task. We report accuracy
for all datasets. For single-sentence tasks, the gap between the teacher model (RoBERTa-Large) and the n-gram
based student model (DAN(KD)/DAN(KD+FT)) is within 3% in most cases. Also, we observe that knowledge
distillation help close more than half the gap between the teacher model and the n-gram model trained from scratch.
†Knowledge distillation is performed without task data (Dtrain), assuming that the task data is private (see §4.3).
‡The dataset we obtain from public sources differs from the one in Tay et al. (2021).

Model IMDB SST-2 TREC AGNews CCom WToxic QQP

RoBERTa-Large 29 (1x) 298 (1x) 549 (1x) 147 (1x) 35 (1x) 72 (1x) 240 (1x)
DistilBERT 176 (6x) 1055 (4x) 930 (2x) 740 (5x) 188 (5x) 426 (6x) 1201 (5x)
MobileBERT 158 (5x) 736 (3x) 402 (1x) 751 (5x) 187 (5x) 400 (6x) 943 (4x)
DANs 17557 (607x) 3020 (10x) 2236 (4x) 24084 (164x) 38024 (1091x) 48133 (668x) 35708 (149x)

Table 3: Inference Speed Comparison (Unit: samples per second). DANs greatly improves inference speed,
with the speed-up ranging from 4x to 1091x. Speed-up is most significant with classification tasks with long
sequences as input, e.g., Civil Comment, Wiki Toxic, and IMDB.

Parameter Count IMDB
Total/Sparse/Dense Acc. GPU Speed CPU Speed

RoBERTa-Large 355M/51M/304M 96.3 29 (1x) 1 (1x)
DistilBERT 66M/23M/43M 92.2 176 (6x) 11 (8x)
MobileBERT 25M/4M/21M 93.6 158 (5x) 8 (6x)
?DistilRoBERTa 83M/39M/44M 95.9 176 (6x) 8 (6x)

?LSTM (2l-512d) 62M/51M/11M 95.9 362 (12x) 31 (22x)
?LSTM (2l-256d) 56M/51M/5M 95.8 665 (23x) 52 (37x)
?LSTM (2l-64d) 53M/51M/2M 95.3 818 (28x) 101 (73x)
?LSTM (2l-4d) 52M/51M/<1M 93.1 813 (28x) 146 (105x)
?CNN (1l-256d) 53M/51M/2M 89.2 3411 (109x) 251 (181x)

?DAN (this work) 1001M/1000M/1M 93.5 17558 (607x) 923 (663x)

Table 4: Detailed Inference Speed Comparison on
IMDB. DANs achieves better accuracy and inference
speed compared to other lightweight architectures such
as LSTMs and CNNs. Moreover, DANs achieves ac-
ceptable inference speed on CPUs. ? indicates the
model is trained with task-specific distillation; no ? in-
dicates the model is trained with direct fine-tuning.

longer input sequences, and the complexity grows
quadratically with sequence length in transformer
models. Moreover, as shown in Table 4, DAN has
an acceptable CPU inference speed, which greatly
reduce the hardware cost for inference. We believe
all these characteristics makes student DAN model
as an ideal option for production or real-time use
on single-sentence classification tasks.

Simplest is the best: Exploring different design
choices for DAN. We try several modifications

Variations Acc. Variations Acc.

1. Pooling Methods 2. Dense Layers

Mean Pooling (?) 93.2 1000→ 1000→ 2 (?) 93.2
Max Pooling 91.8 1000→ 1000→ 256→ 2 93.1
Attentive Pooling 93.0 1000→ 1000→ 256→ 64→ 2 93.0
Sum 92.9

3. Embedding Initialization 4. Parallel Training

Without initialization (?) 93.2 1 GPU, param. 1b (?) 93.2
With initialization 93.2 2 GPUs, param. 2b 93.1

Table 5: Variations made to the student model and
the performance on IMDB. ? represents the design
we adopt in our main experiments.

to our current experiment pipeline, including (1)
replace average pooling with max pooling, atten-
tive pooling, or taking sum in the DAN model; (2)
pre-compute a n-gram representation by feeding
the raw n-gram text to a RoBERTa-Large model,
and using the representations to initialize the em-
bedding table of the student model; (3) attach more
dense layers in the DAN; (4) use even larger stu-
dent models by leveraging parallel training across
multiple GPUs. More details about these variations
are in Appendix B.1. We experiment with IMDB
dataset and list the performance in Table 5. In gen-
eral, we do not observe significant performance
improvements brought by these variations. Thus,
we keep the simplest design of DAN for all other
experiments.
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Figure 4: Trade-off between the vocabulary size and
the embedding dimension. Given a fixed parameter
budget, empirical results suggest that a larger embed-
ding dimension and a smaller vocabulary size should
be selected.

4.2 Controlling the Parameter Budget

Given a fixed parameter budget, how to allocate it
wisely to achieve optimal performance? We discuss
this question in two scenarios: the users wish to
control the parameter budget (1) during knowledge
distillation (KD), or (2) during inference.

During KD: Trade-off between vocabulary size
and embedding dimension. We explore how the
configuration of vocabulary size and embedding di-
mension influence the student model performance.
We train student models on the IMDB dataset with
19 configurations, and show the results graphically
in Figure 4. Detailed results are deferred in Table 8
in Appendix C. All else being equal, having more
parameters in the student model is beneficial to the
performance. For a fixed parameter budget, higher
accuracy was achieved by increasing the embed-
ding dimension and making a corresponding reduc-
tion in the vocabulary size. Our best performing
model has |V | = 1, 000, 000 and de = 1, 000. We
keep this configuration for the main experiments in
previous sections.

During inference: Reduce the model size with
n-gram pruning. The model size of DANs is
flexible even after training, by excluding the least
frequent n-grams in the vocabulary. We test this
idea on IMDB and AGNews dataset and plot the
performance in Fig. 5. We try two ways to estimate
n-gram frequency: (1) using distillation corpus C
and the training set Dtrain; (2) using Dtrain only.
We observe that: (1) n-gram frequencies estimated
on Dtrain are more reliable, as Ddev has a n-gram
distribution more similar to Dtrain compared to
C +Dtrain; (2) DANs maintain decent accuracy
(>90%) even when the model size is cut to 3% of
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Figure 5: Post-hoc pruning according to n-gram fre-
quency. We disable the least frequent n-grams during
inference to further reduce model size. When the n-
gram frequencies are estimated appropriately, DANs
maintain decent performance (acc.>90%) even when
model is 3% of its original size. C+Dtrain/Dtrain rep-
resent different ways to estimate n-gram frequencies.

its original size. In this case, users of DANs can
customize the model flexibly based on their needs
and available computational resources.

4.3 Privacy-preserving Settings

NLP datasets sometimes involve user generated
text or sensitive information; therefore, data pri-
vacy can be a concern when training and deploying
models with certain NLP datasets. In this section,
we modify our experiment setting to a practical
and privacy-preserving one. We assume the user
has access to a public teacher model that is trained
on private train dataset (Dtrain), but does not has
access to Dtrain itself. This is realistic nowadays
with the growth of public model hubs such as Ten-
sorFlow Hub5 and Hugging Face Models6. After
downloading the model, the user may wish to de-
ploy a faster version of this model, or adapt the
model to the user’s own application domain.

Knowledge Distillation without Dtrain. To
simulate the privacy-preserving setting, we remove
Dtrain from the knowledge distillation stage in our
experiment pipeline and only use the unlabeled cor-
pus C. We use “DAN (KD)†” to denote this model
in Table 2. By comparing “DAN (KD)” and “DAN
(KD)†”, we found that the performance difference
brought by task specific data Dtrain is small for
all single-sentence tasks, with the largest gap be-
ing 1.2% on IMDB dataset. This suggests that the
proposed pipeline is still useful in the absence of
task-specific data.

5https://www.tensorflow.org/hub
6https://huggingface.co/models
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Source IMDB SST-2
Target SST-2 IMDB

DAN (from scratch, tar) 79.5 88.3

(1) RoBERTa-Large (src) 90.0 94.1
(2) DAN (KD) 81.9 92.0
(3) DAN (KD+FT) 88.4 93.0
(4) DAN (KD+FT w. re-init.) 86.7 92.8

RoBERTa-Large (tar) 96.2 96.3

Table 6: Domain Generalization and Adaptation Re-
sults. (1) We take the teacher model trained on the
source dataset and evluate it on the target dataset. (2)
We obtain the student model “DAN (KD)” with unla-
beled corpus C and knowledge distillation. (3) We fur-
ther fine-tune the student model on the target dataset to
obtain “DAN (KD+FT)”. (4) The classification head is
re-initialized before further fine-tuning.

Domain Generalization and Adaptation. We
select the two sentiment analysis tasks: IMDB and
SST-2, and further explore the domain generaliza-
tion/adaptation setting. Specifically, during stage
1 of our three-stage pipeline (§2.4), we fine-tune
the RoBERTa-Large model on a source dataset;
during stage 2, we apply knowledge distillation
with unlabeled corpus C only and get the student
model; during stage 3, we further fine-tune the stu-
dent model on the target dataset. The last step is
optional and serves to simulate the situation where
the user collects additional data for domain adapta-
tion. We list the results in Table 6. With weakened
assumptions about the teacher model and distilla-
tion supervision, we still have observations similar
to those in our main experiments (§4.1): Perfor-
mance of the final student model is significantly
improved compared to DANs trained from scratch.

4.4 Limitations and Discussions

Extension to sentence-pair tasks. So far we
have limited the scope to single-sentence classifi-
cation tasks. We consider extending our sparse dis-
tillation framework to a sentence-pair task, Quora
Question Pair (QQP)7, which aims to identify du-
plicated questions. We create pseudo sentence-pair
data for knowledge distillation by randomly sam-
pling 10 million question pairs from PAQ. To bet-
ter model the relation between a pair of sentence,
we modify DANs by introducing a concatenate-
compare operator (Wang and Jiang, 2017), fol-
lowing the practice in (Tang et al., 2019). More

7https://quoradata.quora.com/First-Quora-Data
set-Release-Question-Pairs
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Figure 6: Analysis on N-gram Coverage. Left: Re-
lation between n-gram coverage and cross-entropy loss
w.r.t. ground truth labels. Each blue line represents
the median loss in that n-gram coverage bucket. Right:
Distribution of n-gram coverage.

specifically, the two input sentences, x1 and x2, go
through the embedding layer and average pooling
independently, resulting in two sentence represen-
tations, h1 and h2. We then apply the concatenate-
compare operator, i.e., f(h1,h2) = [h1,h2,h1 �
h2, |h1 − h2|], where � represents element-wise
multiplication. Finally, f(h1,h2) go through two
fully connected layers for classification, the same
as DANs for single-sentence tasks.

The results on QQP dataset is listed in the right-
most column in Table 2. Firstly, knowledge distil-
lation still helps close the gap between RoBERTa-
Large and DANs trained from scratch (2% improve-
ment) and leads to a decent accruacy of 84.2%;
however the benefit brought by KD is not as strong
as with single-sentence tasks. Secondly, the perfor-
mance of DAN(KD)† (i.e., without access toDtrain

during KD) is much worse than the performance of
DAN(KD). We hypothesize that this is due to the
quality and distribution of knowledge distillation
corpus. We randomly sample questions pairs as
the knowledge distillation examples, which may
not carry sufficient supervision signals – more than
99% of them are negative (“not duplicated”) ex-
amples. Creating more suitable distillation corpus
for sentence-pair tasks is beyond the scope of our
work, and we leave this as future work.

Impact of N-gram Coverage. One potential
drawback of n-grams (based on white-space to-
kenization) is that they cannot directly handle out-
of-vocabulary words, while WordPiece/BPE tok-
enization together with contextualization can better
handle this issue. In Fig. 6, we quantify the influ-
ence of n-gram coverage on IMDB dev set. Here,
n-gram coverage for an input sentence is defined as
|G∩V |/|V |, whereG represents the set of n-grams
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Teacher Student Label Sentence

Negative Positive Negative I really wanted to love this film. . . .
Negative Positive Negative This movie is a great movie ONLY if you need something to sit and laugh at the stupidity of it. . . .
Positive Negative Positive . . . They are such bad actors and it made this movie so much funnier to watch. . . .

Table 7: Case study on IMDB predictions. In these cases, the model can only make the correct predictions by
understanding long contexts. Performance of DAN models are still limited as they only look at local n-grams.

in the sentence and V is the n-gram vocabulary
(§2.5). We first group the instances into buckets of
n-gram coverage (e.g., [40%, 50%), [50%, 60%))
and then compute the statistics of cross-entropy
loss in each bucket. We observe that performance
is worse on sentences with more out-of-vocabulary
words. Future work may build upon this observa-
tion and improve DANs performance by addressing
out-of-vocabulary words. For example, BPE-based
n-grams may be used for creating the vocabulary.

Case study: What are DANs still not capable
of? We take a closer look at the predictions made
by our DAN model (student) and the RoBERTa-
Large model (teacher) on the IMDB dataset. We list
several representative cases in Table 7. These cases
typically require understating of complex language
phenomena, such as irony, conditional clauses, and
slang. In addition, these phenomena typically oc-
cur in contexts longer than 4 words, which DANs
are not capable of modeling by design. For exam-
ple, “bad actors” can mean “good actors” based on
the later context “much funnier to watch”. We con-
clude that sparse distillation is not suitable to cases
where modeling complex language phenomena has
a higher priority than improving inference speed.

Understanding the performance gaps. Tay
et al. (2021) advocate that architectural advances
should not be conflated with pre-training. Our ex-
periments further support this claim, if we con-
sider knowledge distillation as a “substitute” for
pre-training that provides the student model with
stronger inductive biases, and interpret the remain-
ing teacher-student performance gap as the differ-
ence brought by architectural advances. On the
other hand, we believe the power of DANs are
previously undermined due to the challenges in
optimizing large sparse models with limited su-
pervision. Our experiments show that knowledge
distillation effectively densify the supervision and
greatly improve the performance of DANs.

Additional Analysis and Specifications. Due
to space limit, we leave some additional analy-
sis and specifications in Appendix C. We discuss

tokenization speed (Table 9) and impact of n in
n-grams (Table 10). We provide more detailed
speed comparison in Table 12, model storage and
memory usage information in Table 11. We pro-
vide fine-grained n-gram coverage information in
Table 13.

5 Related Work

Efficient Transformers. Recent work attempts
to improve computation or memory efficiency of
transformer models mainly from the following per-
spectives: (1) Proposing efficient architectures or
self-attention variants, e.g., Linformer (Wang et al.,
2020a), Longformer (Beltagy et al., 2020). Tay
et al. (2020) provide a detailed survey along this
line of work. (2) Model compression using knowl-
edge distillation, e.g., DistillBERT (Sanh et al.,
2019), MobileBERT (Sun et al., 2020), MiniLM
(Wang et al., 2020b). These compressed models are
typically task-agnostic and general-purpose, while
in this work we focus on task-specific knowledge
distillation. (3) Weight quantization and pruning,
e.g., Gordon et al. (2020); Li et al. (2020); Kundu
and Sundaresan (2021).

Task-specific Knowledge Distillation in NLP.
Researchers explored distilling a fine-tuned trans-
former into the following lightweight architectures,
including smaller transformers (Turc et al., 2019;
Jiao et al., 2020), LSTMs (Tang et al., 2019; Ad-
hikari et al., 2020) and CNNs (Chia et al., 2019).
Wasserblat et al. (2020) distill BERT into an archi-
tecture similar to DAN, however they restrict the
model to only take unigrams (thus having small
student models), and adopt a non-standard low-
resource setting. To summarize, existing work typ-
ically focuses on reducing both number of param-
eter and the amount of computation, while in the
paper we study an under-explored area in the de-
sign space, where the amount of computation is
reduced by training a larger student model.

Reducing Contextualized Representations to
Static Embeddings. Related to our work, Etha-
yarajh (2019) and Bommasani et al. (2020) show
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how static word embeddings can be computed from
BERT-style transformer models. Ethayarajh (2019)
suggest that less than 5% of the variance in a word’s
contextualized representation can be explained by a
static embedding, justifying the necessity of contex-
tualized representation. Bommasani et al. (2020)
found that static embeddings obtained from BERT
outperforms Word2Vec and GloVe in intrinsic eval-
uation. These two papers mainly focus on post-hoc
interpretation of pre-trained transformer models us-
ing static embeddings. In our work we opt to use
knowledge distillation to learn n-gram embeddings.
Meanwhile we acknowledge that the technique in
Ethayarajh (2019) and Bommasani et al. (2020)
could be used as an alternative method to convert
transformer models to fast text classifiers.

Sparse Architectures. In our work we aggres-
sively cut off computation cost by compensating
it with more parameters in the student model. Al-
ternatively, one could fix the computational cost
at the same level as a transformer while greatly
expanding the parameter count, as explored in the
Switch Transformer (Fedus et al., 2021). Both their
work and ours agree in the conclusion that scaling
up parameter count allows the model to memorize
additional useful information.

6 Conclusions & Future Work

We investigated a new way of using knowledge
distillation to produce a faster student model by re-
versing the standard practice of having the student
be smaller than the teacher and instead allowed the
student to have a large table of sparsely-activated
embeddings. This enabled the student model to
essentially memorize task-related information that
if an alternate architecture were used would have
had to be computed. We tested this method on
six single-sentence classification tasks with mod-
els that were up to 1 billion parameters in size,
approximately 3x as big as the RoBERTa-Large
teacher model, and found that the student model
was blazing fast and performed favorably.

We hope that our work can lead to further explo-
ration of sparse architectures in knowledge distilla-
tion. There are multiple directions for future work,
including extending the DAN architecture to better
support tasks with long range dependencies like
natural language inference or multiple inputs like
text similarity. Additionally, more work is needed
to test the idea on non-English languages where
n-gram statistics can be different from English.
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A Reproducibility

A.1 Datasets

Datasets and corpora used, and their specifications
are previously listed in Table 1. Here we provide
links to download these data.

• IMDB: https://ai.stanford.edu/~ama
as/data/sentiment/

• SST-2: https://huggingface.co/dataset
s/glue

• AGNews: https://huggingface.co/dat
asets/ag_news

• TREC: https://huggingface.co/dataset
s/trec

• CivilComments: https://huggingface.co
/datasets/civil_comments

• WikiToxic: https://www.tensorflow.org
/datasets/catalog/wikipedia_toxicit
y_subtypes and https://meta.m.wikimed
ia.org/wiki/Research:Detox/Data_Rel
ease

• QQP: https://huggingface.co/dataset
s/glue

• Amazon Reviews: https://nijianmo.git
hub.io/amazon/index.html

• PAQ: https://github.com/facebookres
earch/PAQ

• Reddit News: https://zissou.infosci.c
ornell.edu/convokit/datasets/subredd
it-corpus/corpus-zipped/newreddits
_nsfw~-~news/news.corpus.zip

QQP dataset has 363,846 training instances and
40,430 development instances. The average input
length is 13 tokens. We thank huggingface dataset
team (Lhoest et al., 2021) for providing easy access
to these datasets.

Licensing. For WikiToxic, the dataset is licensed
under CC0, with the underlying comment text be-
ing governed by Wikipedia’s CC-SA-3.0. The PAQ
QA-pairs and metadata is licensed under CC-BY-
SA. The licensing information of other datasets are
unknown to us.

A.2 Implementation Details
N-gram pre-processing are implemented with
scikit-learn (Pedregosa et al., 2011). Dis-
tilBERT (Sanh et al., 2019) and MobileBERT
baselines are implemented in huggingface
transformers (Wolf et al., 2020). RoBERTa-
Large, BiLSTM, CNN, and DAN experiments are
implemented with fairseq (Ott et al., 2019).

A.3 Hyperparameters
For fine-tuning in stage 1, we select batch size
from {16, 32} and learning rate from {1e-5, 2e-
5, 5e-5} following the recommendations in (Liu
et al., 2019). We train the model for 10 epochs on
Dtrain. For knowledge distillation in stage 2, we
set the batch size to be 2048, learning rate to be
5e-4, and total number of updates to be 1,000,000,
as they work well in our preliminary experiments.
The embedding table is randomly initialized and
the embedding dimension de is set to 1,000, un-
less specified otherwise. For further fine-tuning in
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stage 3, we set the batch size to be 32 and select the
learning rate from {3e-4, 1e-4, 3e-5}. We train the
model for 10 epochs onDtrain. For all training pro-
cedures, we validate the model at the end of each
epoch in the case of fine-tuning, or every 100,000
steps in the case of knowledge distillation. We save
the best checkpoint based on dev accuracy. Due
to the analysis nature of this work and the scale of
experiments, performance are computed using dev
set and based on one single run.

A.4 Hardware

Model Training. Except for the parallel training
attempt in Table 5, all experiments are done on
one single GPU. We train DAN models on either
A100 40GB PCIe or Quadro RTX 8000 depending
on availability. Knowledge distillation (Stage 2)
with 1,000,000 updates typically finishes within 36
hours.

Inference Speed Tests. All inference speed tests
are done with the batch size of 32. GPU inference is
performed with one Quadro RTX 8000 GPU, and
CPU inference is performed with 56 Intel Xeon
CPU E5-2690 v4 CPUs.

B Additional Details

B.1 DAN Variations

Due to space limits we have omitted the details
for the DAN variations we studied in §4.1. We
introduce these variations in the following.

Attentive Pooling. We consider adding attentive
pooling to the DAN model to capture more com-
plicated relations in the input. Our attention layer
is modified from the one in (Zhang et al., 2017).
we use the representation h after mean pooling as
query, and each n-gram embedding ei = Emb(gi)
as key. More specifically, for each n-gram gi we
calculate an attention weight ai as:

ui = v> tanh(Wgei +Whh) (1)

ai =
exp(ui)∑n
j=1 exp(uj)

(2)

Here Wg,Wh ∈ Rde×da and v ∈ Rda are learn-
able parameters. de is the dimension of the embed-
ding table, and da is the size of the attention layer.
To maintain an acceptable training speed, for at-
tentive pooling, we use a batch size of 512 during
knowledge distillation.

Parallel Training We try further scaling up the
student model by splitting the gigantic embedding
table to different GPUs and enable parallel training,
as implemented in Megatron-LM (Shoeybi et al.,
2019). We train a 2-billion parameter model in
parallel on two GPUs. The embedding dimension
is set to be 2, 000 in total, and each GPU handles an
embedding table of hidden dimension 1, 000. The
vocabulary size is 1 million.

B.2 Comments on SparseAdam
SparseAdam is a modified version of the regular
Adam optimizer. For Adam, the first and second
moment for each parameter is updated at every
step. This can be costly, especially for DAN, as
most parameters in the embedding layer are not
used during the forward pass. SparseAdam com-
putes gradients and updates the moments only for
parameters used in the forward pass.

C Additional Results

Speed Comparison. Table 12 is an extended ver-
sion of Table 4 which contains inference speed
comparison on IMDB and SST-2 dataset, in three
different settings (GPU-FP32, GPU-FP16, CPU-
FP32). Our major conclusion remains the same:
DANs achieve excellent inference speed in various
settings.

Vocabulary Size vs. Embedding Dimension
Trade-off. Table 8 contains original results that
were visualized in Fig. 4.

Param. 500m Param. 1b Param. 2b

|V | de Acc de Acc. de Acc.

1m 500 93.0 1000 93.2 – –
2m 250 92.8 500 93.0 900 93.1
4m 125 92.7 250 92.9 500 93.1
5m 100 92.6 200 92.9 400 93.1

10m 50 92.3 100 92.5 200 92.9
20m 25 92.0 50 92.2 100 92.7
40m – – 25 92 50 92.4

Table 8: IMDB dev accuracy with different config-
urations of vocabulary size (|V |) and embedding ta-
ble dimension (de). Performance grows with larger
embedding tables, and the best performing model has
|V | = 1m and de = 1, 000.

N-gram Coverage Statistics. In our work, we
opt to determine the n-gram vocabulary with the
training set Dtrain and the corpus C, by selecting
the top 1 million n-grams according to frequency.
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N-gram range is set to be within 1 to 4. For refer-
ence, we list statistics about the n-gram vocabulary
in Table 13. It is possible that adjustments to this
pre-processing step (e.g., up-weighting n-grams in
Dtrain and down-weighting n-grams in C) will fur-
ther improve performance, however we stop further
investigation.

Tokenization Speed. The speed comparison in
our work does not take pre-processing process
into account. When the inference speed is at mil-
lisecond level (e.g., with our DAN model), pre-
processing time can become non-negligible. For
reference, in Table 9 we report the tokenization
time on the 25,000 training instances in the IMDB
dataset with (1) n-gram tokenization (used by
DAN, implemented with scikit-learn); (2) BPE
tokenization (used by RoBERTa/DistilRoBERTa,
implemented with fairseq); (3) WordPiece tok-
enization (used by DistilBERT, implemented with
huggingface transformers).

Tokenization Method Time Complexity

BPE 26.46 O(n lg n) or O(|V |n) (Song et al., 2021)
WordPiece 20.60 O(n2) or O(mn) (Song et al., 2021)
N-gram 16.45 O(n)

Table 9: Comparison of tokenization speed and com-
plexity. Time is computed for tokenization the train
set of IMDB dataset (25,000 instances) with one single
worker. Time is averaged across 5 runs. n represents
input length.

First of all, by setting the number of workers
to be equal to the batch size (32) we use in the
speed test, the tokenization speed will be 48632
instances/sec (=25000/16.45*32), which is roughly
3x faster than the inference speed. Tokenization
speed is non-negligible in this case. Still, the main
conclusion from the speed comparison remains the
same: DANs are typically 10x-100x faster than the
compared models.

Secondly, DAN models still have better tok-
enization speed than transformer models that use
BPE/WordPiece tokenization. This is because our
DAN model computes n-grams based on whites-
pace tokenization, which can be done in linear time
when the n-gram to id mapping is implemented
with a hashmap, i.e., O(n) where n is the input
length. BPE/WordPiece tokenization has higher
complexity according to Song et al. (2021).

We would also like to emphasize that this part
is also highly dependent on the design choice and
implementation. For example, the user could im-

plement a DAN model with BPE tokenzation. The
choice and optimization of tokenization is beyond
the scope of this work.

Impact of n in n-grams. Similar to the post-hoc
pruning experiments in §4.2, we gradually disable
the usage of four-grams, trigrams and bigrams at
inference time, and report the performance in Ta-
ble 10.

IMDB AGNews
|V | Acc. |V | Acc.

n = 1 54,089 74.86 81,796 91.32
n ≤ 2 446,793 92.09 541,431 92.93
n ≤ 3 835,403 93.33 882,489 93.03
n ≤ 4 (all) 1,000,000 93.47 1,000,000 92.99

Table 10: Impact of n in n-grams. We disable usage
of longer n-grams in the DAN(KD+FT) model. |V | is
the size of the vocabulary after disabling.

Model Storage. In Table 11 we provide more de-
tails about the disk space and memory required for
using DAN models and the baseline models. Note
that the GPU memory listed below is the mem-
ory used to load the static model. During training,
more memory will be dynamically allocated during
forward and backward passes. DAN uses smaller
memory during training because only a small por-
tion of the parameters are activated and trained
(see the last row in Table 13). In this way we are
able to use batch sizes as large as 2048 to train
DANs on one single GPU, which is not possible
for transformer based models.

#Param GPU Memory Disk Space Source

RoBERTa-Large 355M 2199MB 711MB fairseq (fp16)
RoBERTa-Large 355M 2199MB 1.33GB HF transformers (fp32)
DistilBERT 66M 1123MB 256MB HF transformers
MobileBERT 25M 973MB 140MB HF transformers
DistilRoBERTa 85M 1181MB 316MB HF transformers
LSTM (2l-128d) 53M 1051MB 212MB fairseq (fp32)
CNN (1l-256d) 53M 1119MB 213MB fairseq (fp32)
DAN 1001M 4655MB 3.99GB fairseq (fp32)

Table 11: Disk space and GPU memory required for
each model.

D Potential Risks

It is risky to deploy DAN models to high-stakes
applications (e.g., medical decisions) as the model
lacks the ability of understanding long context (see
case study in §4.4). DANs may raise fairness con-
cerns: it lacks ability to understand the meaning
of words in context, so it may learn spurious corre-
lations such as overemphasis on group identifiers.
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Parameter Count IMDB SST-2
Total Sparse Dense Acc. GPU-fp32 GPU-fp16 CPU-fp32 Acc. GPU-fp32 GPU-fp16 CPU-fp32

RoBERTa-Large 355M 51M 304M 96.3 28.9 (1x) 92.3 (1x) 1.4 (1x) 96.2 267.3 (1x) 610.2 (1x) 22.2 (1x)
DistillBERT 66M 23M 43M 92.2 175.8 (6x) 334.7 (4x) 10.7 (8x) 90.8 828.5 (3x) 1117.3 (2x) 60.6 (3x)
MobileBERT 25M 4M 21M 93.6 157.7 (5x) 200.3 (2x) 7.7 (6x) 90.9 574.5 (2x) 545.8 (1x) 89.4 (4x)
?DistillRoBERTa 83M 39M 44M 95.9 176.4 (6x) 569.8 (6x) 7.8 (6x) 94.2 636.5 (2x) 771.7 (1x) 185.9 (8x)

?LSTM (2l-512d) 62M 51M 11M 95.9 361.5 (12x) 594.5 (6x) 30.6 (22x) 93.9 4222.1 (14x) 6281.4 (8x) 394.3 (18x)
?LSTM (2l-256d) 56M 51M 5M 95.8 665.2 (23x) 788.0 (9x) 51.9 (37x) 93.3 6361.5 (21x) 7080.6 (9x) 678.5 (31x)
?LSTM (2l-64d) 53M 51M 2M 94.0 818.5 (28x) 808.5 (9x) 101.4 (73x) 92.8 7075.8 (24x) 7384.1 (9x) 1378.5 (62x)
?LSTM (2l-4d) 52M 51M <1M 93.1 812.9 (28x) 817.0 (9x) 146.4 (105x) 88.3 7026.3 (24x) 7521 (9x) 2014.6 (91x)
?CNN (1l-256d) 53M 51M 2M 89.2 3410.7 (109x) 8427.1 (91x) 251.2 (181x) 82.8 1323.5 (5x) 1563.9 (3x) 3820.4 (172x)

?DAN (ours) 1001M 1000M 1M 93.5 17557.9 (607x) 20888.1 (226x) 922.6 (663x) 88.5 1745.5 (7x) 1865.9 (3x) 16478.6 (741x)

Table 12: Model Size and Inference Speed Comparison. We report accuracy, inference speed (unit: samples
per second) and relative speed compared to the teacher model (RoBERTa-Large). Our DAN model achieves
competitive accuracy while achieving significant inference speed-up in various settings. ? indicates the model is
trained with task-specific distillation; no ? indicates the model is trained with direct fine-tuning.

Notation Description IMDB SST-2 TREC AGNews CCom WToxic

V0 Top 1 million n-grams in C and Dtrain 1,000,000

V1 All n-grams in Dtrain 10,109,522 262,417 89,358 7,156,063 116,143,462 15,805,923
V2 All n-grams in Ddev 9,843,369 39,666 5,995 662,665 8,987,055 6,958,457

V3 V0 ∩ V1 805,360 76,370 31,770 486,438 983,843 828,302
|V0 ∩ V1|/|V0| (%) 80.54% 7.64% 3.18% 48.44% 98.38% 82.83%
|V0 ∩ V1|/|V1| (%) 7.97% 29.10% 35.56% 6.80% 0.85% 5.24%

V4 V0 ∩ V2 792,251 15,395 3,461 123,247 740,286 671,985
|V0 ∩ V2|/|V0| (%) 79.22% 1.54% 0.35% 12.32% 74.03% 67.20%
|V0 ∩ V2|/|V2| (%) 8.05% 38.81% 57.73% 18.60% 8.23% 9.18%

V5 V0 ∩ V1 ∩ V2 690,790 8,804 1,840 113,311 739,920 638,833
|V0 ∩ V1 ∩ V2|/|V2| (%) 7.01% 22.20% 30.69% 17.10% 8.23% 9.18%

- Average # activated n-grams per instance 496 16 17 68 103 144

Table 13: Size of different sets of n-gram and their statistics of n-gram coverage.

We believe a thorough analysis is needed and bias
mitigation methods such as (Bolukbasi et al., 2016;
Kennedy et al., 2020) are necessary for combating
these issues.
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Abstract

With a growing number of BERTology works
analyzing different components of pre-trained
language models, we extend this line of re-
search through an in-depth analysis of dis-
course information in pre-trained and fine-
tuned language models. We move beyond prior
work along three dimensions: First, we de-
scribe a novel approach to infer discourse struc-
tures from arbitrarily long documents. Second,
we propose a new type of analysis to explore
where and how accurately intrinsic discourse
is captured in the BERT and BART models.
Finally, we assess how similar the generated
structures are to a variety of baselines as well as
their distributions within and between models.

1 Introduction

Transformer-based machine learning models are
an integral part of many recent improvements in
Natural Language Processing (NLP). With their
rise spearheaded by Vaswani et al. (2017), the
pre-training/fine-tuning paradigm has gradually
replaced previous approaches based on architec-
ture engineering, with transformer models such as
BERT (Devlin et al., 2019), BART (Lewis et al.,
2020), RoBERTa (Liu et al., 2019) and others deliv-
ering state-of-the-art performance on a wide variety
of tasks. Besides their strong empirical results on
most real-world problems, such as summarization
(Zhang et al., 2020; Xiao et al., 2021a), question-
answering (Joshi et al., 2020; Oğuz et al., 2021)
and sentiment analysis (Adhikari et al., 2019; Yang
et al., 2019), uncovering what kind of linguistic
knowledge is captured by this new type of pre-
trained language models (PLMs) has become a
prominent question by itself. As part of this line of
research, called BERTology (Rogers et al., 2020),
researchers explore the amount of linguistic under-
standing encapsulated in PLMs, exposed through
either external probing tasks (Raganato and Tiede-
mann, 2018; Zhu et al., 2020; Koto et al., 2021a)

or unsupervised methods (Wu et al., 2020; Pandia
et al., 2021). Previous work thereby either focuses
on analyzing the syntactic structures (e.g., Hewitt
and Manning (2019); Wu et al. (2020)), relations
(Papanikolaou et al., 2019), ontologies (Michael
et al., 2020) or, to a more limited extend, discourse
related behaviour (Zhu et al., 2020; Koto et al.,
2021a; Pandia et al., 2021).

Generally speaking, while most previous
BERTology works has focused on either sentence
level phenomena or connections between adja-
cent sentences, large-scale semantic and pragmatic
structures (oftentimes represented as discourse
trees or graphs) have been less explored. These
structures (e.g., discourse trees) play a fundamen-
tal role in expressing the intent of multi-sentential
documents and, not surprisingly, have been shown
to benefit many NLP tasks such as summarization
(Gerani et al., 2019), sentiment analysis (Bhatia
et al., 2015; Nejat et al., 2017; Hogenboom et al.,
2015) and text classification (Ji and Smith, 2017).

With multiple different theories for discourse
proposed in the past, the RST discourse theory
(Mann and Thompson, 1988) and the lexicalized
discourse grammar (Webber et al., 2003) (underly-
ing PDTB (Prasad et al., 2008)) have received most
attention. While both theories propose tree-like
structures, the PDTB framework postulates par-
tial trees up to the between-sentence level, while
RST-style discourse structures consist of a single
rooted tree covering whole documents, comprising
of: (1) The tree structure, combining clause-like
sentence fragments (Elementary Discourse Units,
short: EDUs) into a discourse constituency tree,
(2) Nuclearity, assigning every tree-branch primary
(Nucleus) or peripheral (Satellite) importance in a
local context and (3) Relations, defining the type
of connection holding between siblings in the tree.

Given the importance of large-scale discourse
structures, we extend the area of BERTology re-
search with novel insights regarding the amount of
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intrinsic discourse information captured in estab-
lished PLMs. More specifically, we aim to better
understand to what extend RST-style discourse in-
formation is stored as latent trees in encoder self-
attention matrices1. While we focus on the RST
formalism in this work, our presented methods are
theory-agnostic and, hence, applicable to discourse
structures in a broader sense, including other tree-
based theories, such as the lexicalized discourse
grammar. Our contributions in this paper are:
(1) A novel approach to extract discourse informa-
tion from arbitrarily long documents with standard
transformer models, inherently limited by their in-
put size. This is a non-trivial issue, which has been
mostly by-passed in previous work through the use
of proxy tasks like connective prediction, relation
classification, sentence ordering, EDU segmenta-
tion, cloze story tests and others.
(2) An exploration of discourse information locality
across pre-trained and fine-tuned language models,
finding that discourse structures are consistently
captured in a fixed subset of self-attention heads.
(3) An in-depth analysis of the discourse quality in
pre-trained language models and their fine-tuned
extensions. We compare constituency and depen-
dency structures of 2 PLMs fine-tuned on 4 tasks
and 7 fine-tuning datasets to gold-standard dis-
course trees, finding that the captured discourse
structures outperform simple baselines by a large
margin, even showing superior performance com-
pared to distantly supervised models.
(4) A similarity analysis between PLM inferred dis-
course trees and supervised, distantly supervised
and simple baselines. We reveal that PLM con-
stituency discourse trees do align relatively well
with previously proposed supervised models, but
also capture complementary information.
(5) A detailed look at information redundancy in
self-attention heads to better understand the struc-
tural overlap between self-attention matrices and
models. Our results indicate that similar discourse
information is consistently captured in the same
heads, even across fine-tuning tasks.

2 Related Work

At the base of our work are two of the most pop-
ular and frequently used PLMs: BERT (Devlin
et al., 2019) and BART (Lewis et al., 2020). We
choose these two popular approaches in our study

1Please note that we focus on discourse structure and nu-
clearity here, leaving relation classification for future work.

due to their complementary nature (encoder-only
vs. encoder-decoder) and based on previous work
by Zhu et al. (2020) and Koto et al. (2021a), show-
ing the effectiveness of BERT and BART models
for discourse related tasks.

Our work is further related to the field of dis-
course parsing. With a rich history of traditional
machine learning models (e.g., Hernault et al.
(2010); Ji and Eisenstein (2014); Joty et al. (2015);
Wang et al. (2017), inter alia), recent approaches
slowly shifted to successfully incorporate a vari-
ety of PLMs into the process of discourse predic-
tion, such as ELMo embeddings (Kobayashi et al.,
2019), XLNet (Nguyen et al., 2021), BERT (Koto
et al., 2021b), RoBERTa (Guz et al., 2020) and
SpanBERT (Guz and Carenini, 2020). Despite
these works showing the usefulness of PLMs for
discourse parsing, all of them cast the task into
a “local" problem, using only partial information
through the shift-reduce framework (Guz et al.,
2020; Guz and Carenini, 2020), natural document
breaks (e.g. paragraphs Kobayashi et al. (2020))
or by framing the task as an inter-EDU sequence
labelling problem on partial documents (Koto et al.,
2021b). However, we believe that the true benefit
of discourse information emerges when complete
documents are considered, leading us to propose
a new approach to connect PLMs and discourse
structures in a “global” manner, superseding the lo-
cal proxy-tasks with a new methodology to explore
arbitrarily long documents.

Aiming to better understand what information
is captured in PLMs, the line of BERTology re-
search has recently emerged (Rogers et al., 2020),
with early work mostly focusing on the syntac-
tic capacity of PLMs (Hewitt and Manning, 2019;
Jawahar et al., 2019; Kim et al., 2020), in parts
also exploring the internal workings of transformer-
based models (e.g., self-attention matrices (Ra-
ganato and Tiedemann, 2018; Mareček and Rosa,
2019)). More recent work started to explore the
alignment of PLMs with discourse information, en-
coding semantic and pragmatic knowledge. Along
those lines, Wu et al. (2020) present a parameter-
free probing task for both, syntax and discourse.
With their tree inference approach being computa-
tionally expensive and limited to the exploration of
the outputs of the BERT model, we significantly
extend this line of research by exploring the inter-
nal self-attention matrices of PLMs with a more
computationally feasible approach. More tradi-
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Figure 1: Small-scale example of the discourse ex-
traction approach. Purple=EDUs, green=sub-word em-
beddings, red=input slices of size tmax, orange=PLM,
blue=self-attention values, grey-scale=frequency count.

tionally, Zhu et al. (2020) use 24 hand-crafted
rhetorical features to execute three different su-
pervised probing tasks, showing promising per-
formance of the BERT model. Similarly, Pan-
dia et al. (2021) aim to infer pragmatics through
the prediction of discourse connectives by analyz-
ing the model inputs and outputs and Koto et al.
(2021a) analyze discourse in seven PLMs through
seven supervised probing tasks, finding that BART
and BERT contain most information related to dis-
course. In contrast to the approach taken by both
Zhu et al. (2020) and Koto et al. (2021a), we use
an unsupervised methodology to test the amount
of discourse information stored in PLMs (which
can also conveniently be used to infer discourse
structures for new and unseen documents) and ex-
tend the work by Pandia et al. (2021) by taking
a closer look at the internal workings of the self-
attention component. Looking at prior work an-
alyzing the amount of discourse information in
PLMs, structures are solely explored through the
use of proxy tasks, such as connective prediction
(Pandia et al., 2021), relation classification (Kur-
falı and Östling, 2021), and others (Koto et al.,

2021a). However, despite the difficulties of en-
coding arbitrarily long documents, we believe that
to systematically explore the relationship between
PLMs and discourse, considering complete docu-
ments is imperative. Along these lines, recent work
started to tackle the inherent input-length limitation
of general transformer models through additional
recurrence in the Transformer-XL model (Dai et al.,
2019), compression modules (Rae et al., 2020) or
sparse patterns (e.g., as in the Reformer (Kitaev
et al., 2020), BigBird (Zaheer et al., 2020), and
Longformer (Beltagy et al., 2020) models). While
all these approaches to extend the maximum doc-
ument length of transformer-based models are im-
portant to create more globally inspired models, the
document-length limitation is still practically and
theoretically in place, with models being limited
to a fixed number of pre-defined tokens the model
can process. Furthermore, with many proposed
systems still based on more established PLMs (e.g.,
BERT) and with no single dominant solution for
the general problem of the input length-limitation
yet, we believe that even with the restriction being
actively tackled, an in-depth analysis of traditional
PLMs with discourse is highly valuable to establish
a solid understanding of the amount of semantic
and pragmatic information captured.

Besides the described BERTology work, we got
encouraged to explore fine-tuned extensions of stan-
dard PLMs through previous work showing the
benefit of discourse parsing for many downstream
tasks, such as summarization (Gerani et al., 2019),
sentiment analysis (Bhatia et al., 2015; Nejat et al.,
2017; Hogenboom et al., 2015) and text classifica-
tion (Ji and Smith, 2017). Conversely, we recently
showed promising results when inferring discourse
structures from related downstream tasks, such as
sentiment analysis (Huber and Carenini, 2020) and
summarization (Xiao et al., 2021b). Given this
bidirectional synergy between discourse and the
mentioned downstream tasks, we move beyond tra-
ditional experiments focusing on standard PLMs
and additionally explore discourse structures of
PLMs fine-tuned on a variety of auxiliary tasks.

3 Discourse Extraction Method

With PLMs rather well analyzed according to their
syntactic capabilities, large-scale discourse struc-
tures have been less explored. One reason for this is
the input length constraint of transformer models.
While this is generally not prohibitive for intra-
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sentence syntactic structures (e.g., presented in Wu
et al. (2020)), it does heavily influence large-scale
discourse structures, operating on complete (poten-
tially long) documents. Overcoming this limitation
is non-trivial, since traditional transformer-based
models only allow for fixed, short inputs.

Aiming to systematically explore the ability of
PLMs to capture discourse, we investigate a novel
way to effectively extract discourse structures from
the self-attention component of the BERT and
BART models. We thereby extend our previously
proposed tree-generation methodology (Xiao et al.,
2021b) to support the input length constraints of
standard PLMs using a sliding-window approach in
combination with matrix frequency normalization
and an EDU aggregation method. Figure 1 visual-
izes the complete process on a small scale example
with 3 EDUs and 7 sub-word embeddings.

The Tree Generation Procedure we previously
proposed in Xiao et al. (2021b) explores a two-
stage approach to obtain discourse structures from
a transformer model, by-passing the input-length
constraint. Using the intuition that the self-
attention score between any two EDUs is an in-
dicator of their semantic/pragmatic relatedness, in-
fluencing their distance in a projective discourse
tree, they use the CKY dynamic programming
approach (Jurafsky and Martin, 2014) to gener-
ate constituency trees based on the internal self-
attention of the transformer model. To generate
dependency trees, we apply the same intuition used
to infer discourse trees with the Eisner algorithm
(Eisner, 1996). Since we explore the discourse
information captured in standard PLMs, we can’t
directly transfer our two-stage approach in Xiao
et al. (2021b), first encoding individual EDUs us-
ing BERT and subsequently feeding the dense rep-
resentations into a fixed-size transformer model.
Instead, we propose a new method to overcome the
length-limitation of the transformer model2.

The Sliding-Window Approach is at the core
of our new methodology to overcome the input-
length constraint. We first tokenize arbitrarily long
documents with n EDUs E = {e1, ..., en} into the
respective sequence of m sub-word tokens T =
{t1, ...tm} with n ≪ m, according to the PLM
tokenization method (WordPiece for BERT, Byte-
Pair-Encoding for BART), as show at the top of

2For more information on the general tree-generation ap-
proach using the Eisner algorithm we refer interested readers
to Xiao et al. (2021b).

Figure 1. Using the sliding window approach, we
subdivide the m sub-word tokens into sequences of
maximum input length tmax, defined by the PLM
(tmax = 512 for BERT, tmax = 1024 for BART).
Using a stride of 1, we generate (m − tmax) + 1
sliding windows W , feed them into the PLM, and
extract the resulting tmax×tmax partial square self-
attention matrices (MP in Figure 1) for a specific
self-attention head3.

The Frequency Normalization Method allows
us to combine the partially overlapping self-
attention matricesMP into a single document-level
matrixMD of sizem×m. To this end, we combine
multiple overlapping windows, generated due to
the stride size of 1, by adding up the self-attention
cells, while keeping track of the number of over-
laps in a separate m × m frequency matrix MF .
We then divide MD by the frequency matrix MF ,
to generate a frequency normalized self-attention
matrix MA (see bottom of Figure 1).

The EDU Aggregation is the final processing
step to obtain the document-level self-attention
matrix. In this step, the m sub-word tokens
T = {t1, ...tm} are aggregated back into n EDUs
E = {e1, ..., en} by computing the average bidirec-
tional self-attention score between any two EDUs
in MA. For example, in Figure 1, we aggregate
the scores in cells MA[0:1, 5:6] to compute the fi-
nal output of cell [0, 2] (purple matrix in Figure 1)
andMA[5:6, 0:1] to generate the value of cell [0, 2].
This way, we obtain the average bidirectional self-
attention scores between EDU1 and EDU3. We
use the resulting n × n matrix as the input to the
CKY/Eisner discourse tree generation methods.

4 Experimental Setup

4.1 Pre-Trained Models

We select the BERT-base (110 million parameters)
and BART-large (406 million parameters) models
for our experiments. We choose these models for
their diverse objectives (encoder-only vs. encoder-
decoder), popularity for diverse fine-tuning tasks,
and their prior successful exploration in regards to
discourse information (Zhu et al., 2020; Koto et al.,
2021a). For the BART-large model, we limit our
analysis to the encoder, as motivated in Koto et al.
(2021a), leaving experiments with the decoder and
cross-attention for future work.

3We omit the self-attention indexes for better readability.
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Dataset Task Domain

IMDB(2014) Sentiment Movie Reviews
Yelp(2015) Sentiment Reviews
SST-2(2013) Sentiment Movie Reviews
MNLI(2018) NLI Range of Genres
CNN-DM(2016) Summarization News
XSUM(2018) Summarization News
SQuAD(2016) Question-Answering Wikipedia

Table 1: The seven fine-tuning datasets used in this work
along with the underlying tasks and domains.

4.2 Fine-Tuning Tasks and Datasets

We explore the BERT model fine-tuned on two
classification tasks, namely sentiment analysis and
natural language inference (NLI). For our analysis
on BART, we select the abstractive summarization
and question answering tasks. Table 1 summarizes
the 7 datasets used to fine-tune PLMs in this work,
along with their underlying tasks and domains4.

4.3 Evaluation Treebanks

RST-DT (Carlson et al., 2002) is the largest En-
glish RST-style discourse treebank, containing 385
Wall-Street-Journal articles, annotated with full
constituency discourse trees. To generate addi-
tional dependency trees, we apply the conversion
algorithm proposed in Li et al. (2014).
GUM (Zeldes, 2017) is a steadily growing treebank
of richly annotated texts. In the current version 7.3,
the dataset contains 168 documents from 12 gen-
res, annotated with full RST-style constituency and
dependency discourse trees.

All evaluations shown in this paper are executed
on the 38 and 20 documents in the RST-DT and
GUM test-sets, to be comparable with previous
baselines and supervised models. A similarly-sized
validation-set is used where mentioned to deter-
mine the best performing self-attention head.

4.4 Baselines and Evaluation Metrics

Simple Baselines: We compare the inferred con-
stituency trees against right- and left-branching
structures. For dependency trees, we evaluate
against simple chain and inverse chain structures.
Distantly Supervised Baselines: We compare our
results obtained in this paper against our previous
approach presented in Xiao et al. (2021b), using
similar CKY and Eisner tree-generation methods to
infer constituency and dependency tree structures

4We exclusively analyze published models provided on the
huggingface platform, further specified in Appendix A.

(a) BERT: PLM, +IMDB, +Yelp, +SST-2, +MNLI

(b) BART: PLM, +CNN-DM, +XSUM, +SQuAD

Figure 2: Constituency (top) and dependency (bottom)
discourse tree evaluation of BERT (a) and BART (b)
models on GUM. Purple=high score, Blue=low score.
Left-to-right: self-attention heads, top-to-bottom: high
layers to low layers. + indicates fine-tuning dataset.

from a summarization model trained on the CNN-
DM and New York Times (NYT) corpora (referred
to as SumCNN-DM and SumNYT)5.
Supervised Baseline: We select the popular Two-
Stage discourse parser (Wang et al., 2017) as our
supervised baseline, due to its strong performance,
available model checkpoints and code6, as well as
the traditional architecture. We use the published
Two-Stage parser checkpoint on RST-DT (from
here on called Two-StageRST-DT) and re-train the
discourse parser on GUM (Two-StageGUM). We
convert the generated constituency structures into
dependency trees following Li et al. (2014).
Evaluation Metrics: We apply the original parse-
val score to compare discourse constituency struc-
tures with gold-standard treebanks, as argued in
Morey et al. (2017). To evaluate the generated
dependency structures, we use the Unlabeled At-
tachment Score (UAS).

5 Experimental Results

5.1 Discourse Locality

Our discourse tree generation approach described
in section 3 directly uses self-attention matrices
to generate discourse trees. The standard BERT

5www.github.com/Wendy-Xiao/summ_
guided_disco_parser

6www.github.com/yizhongw/StageDP
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model contains 144 of those self-attention matri-
ces (12 layers, 12 self-attention heads each), all
of which potentially encode discourse structures.
For the BART model, this number is even higher,
consisting of 12 layers with 16 self-attention heads
each. With prior work suggesting the locality of
discourse information in PLMs (e.g., Raganato and
Tiedemann (2018); Mareček and Rosa (2019); Xiao
et al. (2021b)), we analyze every self-attention ma-
trix individually to gain a better understanding of
their alignment with discourse information.

Besides investigating standard PLMs, we also
explore the robustness of discourse information
across fine-tuning tasks. We believe that this is an
important step to better understand if the captured
discourse information is general and robust, or if it
is “re-learned” from scratch for downstream tasks.
To the best of our knowledge, no previous analysis
of this kind has been performed in the literature.

To this end, Figure 2 shows the constituency and
dependency structure overlap of the generated dis-
course trees from individual self-attention heads
with the gold-standard tree structures of the GUM
dataset7. The heatmaps clearly show that con-
stituency discourse structures are mostly captured
in higher layers, while dependency structures are
more evenly distributed across layers. Comparing
the patterns between models, we find that, despite
being fine-tuned on different downstream tasks, the
discourse information is consistently encoded in
the same self-attention heads. Even though the
best performing self-attention matrix is not con-
sistent, discourse information is clearly captured
in a “local" subset of self-attention heads across
all presented fine-tuning tasks. This plausibly sug-
gests that the discourse information in pre-trained
BERT and BART models is robust and general, re-
quiring only minor adjustments depending on the
fine-tuning task.

5.2 Discourse Quality

We now focus on assessing the discourse informa-
tion captured in the single best-performing self-
attention head. In Table 2, we compare the dis-
course structure quality of pre-trained and fine-
tuned PLMs in the context of supervised models,
distantly supervised approaches and simple base-
lines. We show the oracle-picked best head on the
test-set, analyzing the upper-bound for the poten-

7The analysis on RST-DT shows similar trends and can be
found in Appendix B.

Model
RST-DT GUM

Span UAS Span UAS

BERT

rand. init ↓ 25.5 ↓ 13.3 ↓ 23.2 ↓ 12.4
PLM • 35.7 • 45.3 • 33.0 • 45.2
+ IMDB ↓ 35.4 ↓ 42.8 • 33.0 ↓ 43.3
+ Yelp ↓ 34.7 ↓ 42.3 ↓ 32.6 ↓ 43.7
+ SST-2 ↓ 35.5 ↓ 42.9 ↓ 32.6 ↓ 43.5
+ MNLI ↓ 34.8 ↓ 41.8 ↓ 32.4 ↓ 43.3

BART

rand. init ↓ 25.3 ↓ 12.5 ↓ 23.2 ↓ 12.2
PLM • 39.1 • 41.7 • 31.8 • 41.8
+ CNN-DM ↑ 40.9 ↑ 44.3 ↑ 32.7 ↑ 42.8
+ XSUM ↑ 40.1 ↑ 41.9 ↑ 32.1 ↓ 39.9
+ SQuAD ↑ 40.1 ↑ 43.2 ↓ 31.3 ↓ 40.7

Baselines

RB / Chain 9.3 40.4 9.4 41.7
LB / Chain-1 7.5 12.7 1.5 12.2
SumCNN-DM 21.4 20.5 17.6 15.8
SumNYT 24.0 15.7 18.2 12.6
Two-StageRST-DT 72.0 71.2 54.0 54.5
Two-StageGUM 65.4 61.7 58.6 56.7

Table 2: Original parseval (Span) and Unlabelled At-
tachment Score (UAS) of the single best performing
self-attention matrix of the BERT and BART models
compared with baselines and previous work. ↑, •, ↓
indicate better, same, worse performance compared to
the PLM. “rand. init"=Randomly initialized transformer
model of similar architecture as the PLM, RB=Right-
Branching, LB=Left-Branching, Chain-1=Inverse chain.

tial performance of PLMs on RST-style discourse
structures. This is not a realistic scenario, as the
best performing head is generally not known a-
priori. Hence, we also explore the performance
using a small-scale validation set to pick the best-
performing self-attention matrix. In this more re-
alistic scenario for discourse parsing, we find that
scores on average drop by 1.55 points for BERT
and 1.33% for BART compared to the oracle-
picked performance of a single self-attention ma-
trix. We show detailed results of this degradation in
Appendix C8. Our results in Table 2 are separated
into three sub-tables, showing the results for BERT,
BART and baseline models on the RST-DT and
GUM treebanks, respectively. In the BERT and
BART sub-table, we further annotate each perfor-
mance with ↑, •, ↓, indicating the relative perfor-
mance to the standard pre-trained model as supe-

8For a more detailed analysis of the min., mean, median
and max. self-attention performances see Appendix D.
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rior, equal, or inferior.

Taking a look at the top sub-table (BERT) we
find that, as expected, the randomly initialized
transformer model achieves the worst performance.
Fine-tuned models perform equal or worse than the
standard PLM. Despite the inferior results of the
fine-tuned models, the drop is rather small, with
the sentiment analysis models consistently outper-
forming NLI. This seems reasonable, given that
the sentiment analysis objective is intuitively more
aligned with discourse structures (e.g., long-form
reviews with potentially complex rhetorical struc-
tures) than the between-sentence NLI task, not in-
volving multi-sentential text.

In the center sub-table (BART), a different trend
emerges. While the worst performing model is still
(as expected) the randomly initialized system, fine-
tuned models mostly outperform the standard PLM.
Interestingly, the model fine-tuned on the CNN-
DM corpus consistently outperforms the BART
baseline, while the XSUM model performs bet-
ter on all but the GUM dependency structure eval-
uation. On one hand, the superior performance
of both summarization models on the RST-DT
dataset seems reasonable, given that the fine-tuning
datasets and the evaluation treebank are both in the
news domain. The strong results of the CNN-DM
model on the GUM treebank, yet inferior perfor-
mance of XSUM, potentially hints towards depen-
dency discourse structures being less prominent
when fine-tuning on the extreme summarization
task, compared to the longer summaries in the
CNN-DM corpus. The question-answering task
evaluated through the SQuAD fine-tuned model un-
derperforms the standard PLM on GUM, however
reaches superior performance on RST-DT. Since
the SQuAD corpus is a subset of Wikipedia articles,
more aligned with news articles than the 12 genres
in GUM, we believe the stronger performance on
RST-DT (i.e., news articles) is again reasonable,
yet shows weaker generalization capabilities across
domains (i.e., on the GUM corpus). Interestingly,
the question-answering task seems more aligned
with dependency than constituency trees, in line
with what would be expected from a factoid-style
question-answering model, focusing on important
entities, rather than global constituency structures.

Directly comparing the BERT and BART mod-
els, the former performs better on three out of four
metrics. At the same time, fine-tuning hurts the
performance for BERT, however, improves BART

Figure 3: PLM discourse constituency (left) and depen-
dency (right) structure overlap with baselines and gold
trees (e.g., BERT↔ Two-Stage (RST-DT)) according
to the original parseval and UAS metrics.

models. Plausibly, these seemingly unintuitive re-
sults may be caused by the following co-occurring
circumstances: (1) The inferior performance of
BART can potentially be attributed to the decoder
component capturing parts of the discourse struc-
tures, as well as the larger number of self-attention
heads “diluting” the discourse information. (2)
The different trends regarding fine-tuned models
might be directly influenced by the input-length
limitation to 512 (BERT) and 1024 (BART) sub-
word tokens during the fine-tuning stage, hamper-
ing the ability to capture long-distance semantic
and pragmatic relationships. This, in turn, limits
the amount of discourse information captured, even
for document-level datasets (e.g., Yelp, CNN-DM,
SQuAD). With this restriction being more promi-
nent in BERT, it potentially explains the compara-
bly low performance of the fine-tuned models.

Finally, the bottom sub-table puts our results
in the context of previously proposed supervised
and distantly-supervised models, as well as sim-
ple baselines. Compared to simple right- and left-
branching trees (Span), the PLM-based models
reach clearly superior performance. Looking at
the chain/inverse chain structures (UAS), the im-
provements are generally lower, however, the vast
majority still outperforms the baseline. Comparing
the first two sub-tables against completely super-
vised methods (Two-StageRST-DT, Two-StageGUM),
the BERT- and BART-based models are, unsurpris-
ingly, inferior. Lastly, compared to the distantly
supervised SumCNN-DM and SumNYT models, the
PLM-based discourse performance shows clear im-
provements over the 6-layer, 8-head standard trans-
former.
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(a) Head-aligned (b) Model-aligned

Figure 4: Nested aggregation approach for discourse
similarity. (a) Grey cells contain same-head, white cells
indicate different heads. (b) Grey cells contain same-
model, white cells indicate different models. Column
indices equal row indices.

5.3 Discourse Similarity

Further exploring what kind of discourse informa-
tion is captured in the PLM self-attention matrices,
we directly compare the emergent discourse struc-
tures with trees inferred from existing discourse
parsers and simple baselines. This way, we aim to
better understand if the information encapsulated
in PLMs is complementary to existing methods, or
if the PLMs solely capture trivial discourse phe-
nomena and simple biases (e.g., resemble right-
branching constituency trees). Since the GUM
dataset contains a more diverse set of test docu-
ments (12 genres) than the RST-DT corpus (exclu-
sively news articles), we perform our experiments
from here on only on the GUM treebank.

Figure 3 shows the micro-average structural over-
lap of discourse constituency (left) and dependency
(right) trees between the PLM-generated discourse
structures and existing methods, baselines, as well
as gold-standard trees. Noticeably, the generated
constituency trees (on the left) are most aligned
with the structures predicted by supervised dis-
course parsers, showing only minimal overlap to
simple structures (i.e., right- and left-branching
trees). Taking a closer look at the generated de-
pendency structures presented on the right side
in Figure 3, the alignment between PLM inferred
discourse trees and the simple chain structure is
predominant, suggesting a potential weakness in
regards to the discourse exposed by the Eisner algo-
rithm in the BERT and BART model. Not surpris-
ingly, the highest overlap between PLM-generated
trees and the chain structure occurs when fine-
tuning on the CNN-DM dataset, well-known to
contain a strong lead-bias (Xing et al., 2021).

To better understand if the PLM-based con-
stituency structures are complementary to existing,

(a) Constituency Similarity (b) Dependency Similarity

Figure 5: BERT self-attention similarities on GUM.
Top: Visual analysis of head-aligned (I&III) and
model-aligned (II&IV ) heatmaps. Yellow=high struc-
tural overlap, purple=low structural overlap.
Bottom: Aggregated similarity of same heads, same
models, different heads and different models showing
the min, max and quartiles of the underlying distribution.
*Significantly better than respective ̸=Head/̸=Model
performance with p-value < 0.05.

supervised discourse parsers, we further analyze
the correctly predicted overlap. More specifically,
we compute the intersection between PLM gener-
ated structures and gold-standard trees as well as
previously proposed models and the gold-standard.
Subsequently, we intersect the two resulting sets
(e.g., BERT ∩ Gold Trees↔ Two-Stage (RST-DT)
∩ Gold Trees). This way, we explore if the cor-
rectly predicted PLM discourse structures are a
subset of the correctly predicted trees by super-
vised approaches, or if complementary discourse
information is captured. We find that > 20% and
> 16% of the correctly predicted constituency and
dependency structures of our PLM discourse in-
ference approach are not captured by supervised
models, making the exploration of ensemble meth-
ods a promising future avenue. A detailed version
of Fig. 3 as well as more specific results regarding
the correctly predicted overlap of discourse struc-
tures are shown in Appendix E.

5.4 Discourse Redundancy

Up to this point, our quantitative analysis of the
ability of PLMs to capture discourse information
has been limited to the single best-performing head.
However, looking at individual models, the dis-
course performance distribution in Figure 2 sug-
gests that a larger subset of self-attention heads
performs similarly well (i.e., there are several dark
purple cells in each heatmap). This leads to the
interesting questions if the information captured
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in different, top-performing self-attention heads is
redundant or complementary. Similarly, Figure 2
indicates that the same heads perform well across
different fine-tuning tasks, leading to the question
if the discourse structures captured in a single self-
attention matrix of different fine-tuned models is
consistent, or varies depending on the underlying
task. Hence, we take a detailed look at the simi-
larity of model self-attention heads in regards to
their alignment with discourse information and ex-
plore if (1) the top performing heads hi, ..., hk of
a specific model mm capture redundant discourse
structures, and if (2) the discourse information cap-
tured by a specific head hi across different models
mm, ...,mo contain similar discourse information.

Specifically, we pick the top 10 best performing
self-attention matrices of each model, remove self-
attention heads that don’t appear in at least two
models (since no comparisons can be made), and
compare the generated discourse structures in a
nested aggregation approach.

Figure 4 shows a small-scale example of our
nested visualization methodology. For the self-
attention head-aligned approach (Figure 4 (a)),
high similarity values (calculated as the micro-
average structural overlap) along the diagonal (grey
cells) would be expected if the same head hi en-
codes consistent discourse information across dif-
ferent fine-tuning tasks and datasets. Inversely, the
model-aligned matrix (Figure 4 (b)) should show
high values along the diagonal if different heads
hi, ..., hk in the same model mk capture redundant
discourse information. Besides the visual inspec-
tion methodology presented in Figure 4, we also
compare aggregated similarities between the same
head (=Head) against different heads ( ̸=Head) and
between the same model (=Model) against dif-
ferent models ( ̸=Model) (i.e., grey cells (=) and
white cells ( ̸=) in Figure 4 (a) and (b)). In order
to assess the statistical significance of the result-
ing differences in the underlying distributions, we
compute a two-sided, independent t-test between
same/different models and same/different heads9.

The resulting redundancy evaluations for BERT
are presented in Figure 510. It appears that the
same self-attention heads hi consistently encode
similar discourse information across models indi-
cated by: (1) High similarities (yellow) along the
diagonal in heatmaps I&III and (2) through the

9Prior to running the t-test we confirm similar variance and
the assumption of normal distribution (Shapiro-Wilk test).

10Evaluations for BART can be found in Appendix F.

statistically significant difference in distributions
at the bottom of Figure 5 (a) and (b). However,
different self-attention heads hi, ..., hk of the same
model mm encode different discourse information
(heatmaps II&IV ). While the trend is stronger
for constituency tree structures, there is a single
dependency self-attention head which does gen-
erally not align well between models and heads
(purple line in heatmap III). Plausibly, this spe-
cific self-attention head encodes fine-tuning task
specific discourse information, making it a prime
candidate for further investigations in future work.
Furthermore, the similarity patterns observed in
Figure 5 (a) and (b) point towards an opportunity to
combine model self-attention heads to improve the
discourse inference performance compared to the
scores shown in Table 2, where each self-attention
head was assessed individually, in future work.

6 Conclusions

In this paper, we extend the line of BERTology work
by focusing on the important, yet less explored,
alignment of pre-trained and fine-tuned PLMs with
large-scale discourse structures. We propose a
novel approach to infer discourse information for
arbitrarily long documents. In our experiments,
we find that the captured discourse information is
consitently local and general, even across a collec-
tion of fine-tuning tasks. We compare the inferred
discourse trees with supervised, distantly super-
vised and simple baselines to explore the structural
overlap, finding that constituency discourse trees
align well with supervised models, however, con-
tain complementary discourse information. Lastly,
we individually explore self-attention matrices to
analyze the information redundancy. We find that
similar discourse information is consistently cap-
tured in the same heads.

In the future, we intend to explore additional dis-
course inference strategies based on the insights we
gained in this analysis. Specifically, we want to ex-
plore more sophisticated methods to extract a single
discourse tree from multiple self-attention matrices,
rather than only the single best-performing head.
Further, we want to investigate the relationship
between supervised discourse parsers and PLM
generated discourse trees and more long term, we
plan to analyze PLMs with enhanced input-length
limitations.
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A Huggingface Models

We investigate 7 fine-tuned BERT and BART models from the huggingface model library, as well as the
two pre-trained models. The model names and links are provided in Table 3

Pre-Trained Fine-Tuned Link

BERT-base – https://huggingface.co/bert-base-uncased
BERT-base IMDB https://huggingface.co/textattack/bert-base-uncased-imdb
BERT-base Yelp https://huggingface.co/fabriceyhc/bert-base-uncased-yelp_polarity
BERT-base SST-2 https://huggingface.co/textattack/bert-base-uncased-SST-2
BERT-base MNLI https://huggingface.co/textattack/bert-base-uncased-MNLI

BART-large – https://huggingface.co/facebook/bart-large
BART-large CNN-DM https://huggingface.co/facebook/bart-large-cnn
BART-large XSUM https://huggingface.co/facebook/bart-large-xsum
BART-large SQuAD https://huggingface.co/valhalla/bart-large-finetuned-squadv1

Table 3: Huggingface pre-trained and fine-tuned model links.

B Test-Set Results on RST-DT and GUM

(a) BERT: PLM, +IMDB, +Yelp, +MNLI, +SST-2

(b) BART: PLM, +CNN-DM, +XSUM, +SQuAD

Figure 6: Constituency (top) and dependency (bottom) discourse tree evaluation of BERT (a) and BART (b) models
on RST-DT (test). Purple=high score, blue=low score. + indicates fine-tuning dataset.
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(a) BERT: PLM, +IMDB, +Yelp, +MNLI, +SST-2

(b) BART: PLM, +CNN-DM, +XSUM, +SQuAD

Figure 7: Constituency (top) and dependency (bottom) discourse tree evaluation of BERT (a) and BART (b) models
on GUM (test). Purple=high score, blue=low score. + indicates fine-tuning dataset.
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C Oracle-picked self-attention head compared to validation-picked matrix

Model
RST-DT GUM

Span UAS Span UAS

BERT

rand. init 25.5 (-0.0) 13.3 (-0.0) 23.2 (-0.0) 12.4 (-0.0)
PLM 35.7 (-1.6) 45.3 (-4.9) 33.0 (-0.4) 45.2 (-0.0)
+ IMDB 35.4 (-1.8) 42.8 (-2.4) 33.0 (-3.8) 43.3 (-0.1)
+ Yelp 34.7 (-1.0) 42.3 (-1.9) 32.6 (-3.6) 43.7 (-0.0)
+ SST-2 35.5 (-1.9) 42.9 (-2.5) 32.6 (-0.3) 43.5 (-0.9)
+ MNLI 34.8 (-1.7) 41.8 (-1.4) 32.4 (-0.3) 43.3 (-0.5)

BART

rand. init 25.3 (-0.0) 12.5 (-0.0) 23.2 (-0.0) 12.2 (-0.0)
PLM 39.1 (-0.4) 41.7 (-2.7) 31.8 (-0.3) 41.8 (-0.0)
+ CNN-DM 40.9 (-0.0) 44.3 (-4.0) 32.7 (-0.3) 42.8 (-0.7)
+ XSUM 40.1 (-0.9) 41.9 (-3.4) 32.1 (-1.7) 39.9 (-0.0)
+ SQuAD 40.1 (-0.0) 43.2 (-4.6) 31.3 (-2.1) 40.7 (-0.1)

Baselines

Right-Branch/Chain 9.3 40.4 9.4 41.7
Left-Branch/Chain-1 7.5 12.7 1.5 12.2
SumCNN-DM(2021b) 21.4 20.5 17.6 15.8
SumNYT(2021b) 24.0 15.7 18.2 12.6
Two-StageRST-DT(2017) 72.0 71.2 54.0 54.5
Two-StageGUM 65.4 61.7 58.6 56.7

Table 4: Original parseval (Span) and Unlabelled Attachment Score (UAS) of the single best performing oracle
self-attention matrix and validation-set picked head (in brackets) of the BERT and BART models compared with
baselines and previous work. “rand. init"=Randomly initialized transformer model of similar architecture as the
PLM.
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D Detailed Self-Attention Statistics

Model
Span Eisner

Min Med Mean Max Min Med Mean Max

RST-DT

rand. init 21.7 23.4 23.4 25.5 7.5 10.3 10.3 13.3
PLM 19.3 27.0 27.4 35.7 6.6 17.4 21.6 45.3

+ IMDB 19.7 26.9 27.2 35.4 6.6 16.9 21.3 42.8
+ YELP 20.2 26.6 26.9 34.7 7.0 16.5 21.0 42.3
+ SST-2 19.5 27.3 27.7 35.5 7.3 17.6 21.9 42.9
+ MNLI 18.5 26.9 27.1 34.8 6.9 17.5 21.5 41.8

GUM

rand. init 18.6 21.0 21.0 23.2 7.9 10.1 10.1 12.4
PLM 17.8 24.2 24.3 32.6 6.7 16.0 21.2 45.2

+ IMDB 18.1 23.8 24.1 32.7 6.1 15.9 21.0 43.3
+ YELP 18.6 24.0 23.9 32.3 7.0 15.8 20.7 43.7
+ SST-2 18.2 24.6 24.7 32.3 6.5 16.5 21.6 43.5
+ MNLI 17.4 23.9 24.2 32.1 6.8 16.6 21.3 43.3

Table 5: Minimum, median, mean and maximum performance of the self-attention matrices on RST-DT and GUM
for the BERT model.

Model
Span Eisner

Min Med Mean Max Min Med Mean Max

RST-DT

rand. init 20.3 23.3 23.3 25.3 8.5 10.6 10.6 12.5
PLM 20.3 28.3 28.5 39.1 4.1 15.8 19.2 41.7

+ CNN-DM 20.5 28.6 28.7 40.9 3.6 15.2 19.2 44.3
+ XSUM 20.2 27.6 28.3 40.1 4.8 14.8 18.7 41.9
+ SQuAD 20.5 27.6 28.2 40.1 2.8 14.8 18.8 43.2

GUM

rand. init 18.6 21.0 21.0 23.2 8.0 10.2 10.2 12.2
PLM 16.7 23.4 23.8 31.5 2.6 15.2 18.7 41.8

+ CNN-DM 15.9 23.7 24.1 32.4 3.7 14.7 18.9 42.8
+ XSUM 16.4 23.2 23.9 31.8 3.0 14.1 18.1 39.9
+ SQuAD 16.1 23.4 23.8 31.0 2.4 14.8 18.3 40.7

Table 6: Minimum, median, mean and maximum performance of the self-attention matrices on RST-DT and GUM
for the BART model.
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E Details of Structural Discourse Similarity

Figure 8: Detailed PLM discourse constituency (left) and dependency (right) structure overlap with baselines and
gold trees according to the original parseval and UAS metrics.

Figure 9: Detailed PLM discourse constituency (left) and dependency (right) structure performance of intersection
with gold trees (e.g., BERT ∩ Gold Trees↔ Two-Stage (RST-DT) ∩ Gold Trees) according to the original parseval
and UAS metrics.
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F Intra- and Inter-Model Self-Attention Comparison

Heatmaps sorted by heads (left) and models (right)
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(a) BERT constituency tree similarity on GUM
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(b) BERT dependency tree similarity on GUM

Heatmaps sorted by heads (left) and models (right)
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=Head*
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(c) BART constituency tree similarity on GUM

Heatmaps sorted by heads (left) and models (right)

0.7 0.8 0.9 1

=Head*
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(d) BART dependency tree similarity on GUM

Figure 10: Top: Visual analysis of sorted heatmaps. Yellow=high score, purple=low score.
Bottom: Aggregated similarity of same heads, same models, different heads and different models. *=Head/=Model
significantly better than ̸=Head/ ̸=Model performance with p-value < 0.05.
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Abstract

Stepping from sentence-level to document-
level, the research on relation extraction (RE)
confronts increasing text length and more com-
plicated entity interactions. Consequently, it
is more challenging to encode the key infor-
mation sources—relevant contexts and entity
types. However, existing methods only implic-
itly learn to model these critical information
sources while being trained for RE. As a result,
they suffer the problems of ineffective super-
vision and uninterpretable model predictions.
In contrast, we propose to explicitly teach
the model to capture relevant contexts and
entity types by Supervising and Augmenting
Intermediate Steps (SAIS) for RE. Based on
a broad spectrum of carefully designed tasks,
our proposed SAIS method not only extracts
relations of better quality due to more effec-
tive supervision, but also retrieves the corre-
sponding supporting evidence more accurately
so as to enhance interpretability. By assess-
ing model uncertainty, SAIS further boosts the
performance via evidence-based data augmen-
tation and ensemble inference while reduc-
ing the computational cost. Eventually, SAIS
delivers state-of-the-art RE results on three
benchmarks (DocRED, CDR, and GDA) and
outperforms the runner-up by 5.04% relatively
in F1 score in evidence retrieval on DocRED.1

1 Introduction

Playing a crucial role in the continuing effort
of transforming unstructured text into structured
knowledge, RE (Bach and Badaskar, 2007) seeks
to identify relations between an entity pair based
on a given piece of text. Earlier studies mostly
pay attention to sentence-level RE (Zhang et al.,
2017; Hendrickx et al., 2019) (i.e., the targeting
entity pair co-occur within a sentence) and achieve
promising results (Zhang et al., 2019; Zhou et al.,
2020). Based on an extensive empirical analysis,

1Our code is available at https://github.com/
xiaoyuxin1002/SAIS.

Peng et al. (2020) reveals that textual contexts and
entity types are the major information sources that
lead to the success of prior approaches.

Given that more complicated relations are often
expressed by multiple sentences, recent focus of
RE has been largely shifted to the document level
(Yao et al., 2019; Cheng et al., 2021). Existing
document-level RE methods (Zeng et al., 2020;
Zhou et al., 2021) utilize advanced neural architec-
tures such as heterogeneous graph neural networks
(Yang et al., 2020) and pre-trained language models
(Xu et al., 2021b). However, although documents
typically include longer contexts and more intri-
cate entity interactions, most prior methods only
implicitly learn to encode contexts and entity types
while being trained for RE. As a result, they deliver
inferior and uninterpretable results.

On the other hand, it has been a trend that many
recent datasets support the training of more power-
ful language models by providing multi-task anno-
tations such as coreference and evidence (Yao et al.,
2019; Li et al., 2016; Wu et al., 2019). Therefore,
in contrast to existing methods, we advocate for
explicitly guiding the model to capture textual con-
texts and entity type information by Supervising
and Augmenting Intermediate Steps (SAIS) for RE.
More specifically, we argue that, from the input
document with annotated entity mentions to the
ultimate output of RE, there are four intermediate
steps involved in the reasoning process. Consider
the motivating example in Figure 1:
(1) Coreference Resolution (CR): Although Sen-

tence 0 describes the “citizenship" of “Carl
Linnaeus the Younger" and Sentence 1 dis-
cusses the “father" of “Linnaeus filius", the
two names essentially refer to the same person.
Hence, given a document, we need to first re-
solve various contextual roles represented by
different mentions of the same entity via CR.

(2) Entity Typing (ET): After gathering contex-
tual information from entity mentions, ET reg-
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Document: Carl Linnaeus the Younger

[0] Carl Linnaeus the Younger, … was a 

Swedish naturalist.

[1] He is known as Linnaeus filius … to 

distinguish from his famous father, the 

systematist Carl Linnaeus.

[2] He was enrolled at the University of 

Uppsala at the age of nine …

[3] In 1763, …, he succeeded his father as 

the head of Practical Medicine at Uppsala.

Relation 

Extraction

(A, B): citizenship

(A, D): eduated_at

(A, D): employee

(C, A): father

(D, B): N.A.

Fine-grained

Evidence 

Retrieval

(A, B): [0]

(A, D): [0, 2]

(A, D): [0, 3]

(C, A): [1]

(D, B): []

Pooled 

Evidence 

Retrieval

(A, B): [0]

(A, D): [0, 2, 3]

(C, A): [1]

(D, B): []

Entity 

Typing

Entity A: 

PER

Entity B: 

ORG

Entity C: 

PER

Entity D: 

ORG

Coreference Resolution

Entity A:

Carl Linnaeus the Younger, 

Linnaeus filius

Entity B:

Swedish

Entity C:

Carl Linnaeus

Entity D:

University of Uppsala, Uppsala

Figure 1: Motivating example adapted from DocRED. From the input document with annotated entity mentions to
the RE output, there are four intermediate steps involved in the reasoning process. These steps are complementary
to RE, in the sense that CR, PER, and FER capture textual contexts while ET preserves entity type information.

ularizes entity representations with the cor-
responding type information (e.g., Entity A,
“Linnaeus filius", is of type “PER" (person)).
Within an entity pair, the type information of
the head and tail entities can be used to fil-
ter out impossible relations, as the relation
“year_of_birth" can never appear between two
entities of type “PER", for instance.

(3) Pooled and (4) Fine-grained Evidence Re-
trieval (PER and FER): A unique task for lo-
cating the relevant contexts within a document
for an entity pair with any valid relation is to
retrieve the evidence sentences supporting the
relation. Nonetheless, some entity pairs may
not express valid relations within the given
document (e.g., Entities D and B in the ex-
ample). Meanwhile some entity pairs possess
multiple relations (e.g., Entity A is both “ed-
ucated_at" and an “employee" of Entity D),
each with a different evidence set. Therefore,
we use PER to distinguish entity pairs with
and without valid supporting sentences and
FER to output more interpretable evidence
unique to each valid relation of an entity pair.

In this way, the four intermediate steps are comple-
mentary to RE, in the sense that CR, PER, and FER
capture textual contexts while ET preserves entity
type information. Consequently, by explicitly su-
pervising the model’s outputs in these intermediate
steps via carefully designed tasks, we extract rela-
tions of improved quality.

In addition, based on the predicted evidence, we
filtrate relevant contexts by augmenting specific
intermediate steps with pseudo documents or at-
tention masks. By assessing model confidence,
we apply these two kinds of evidence-based data
augmentation together with ensemble inference,
only when the model is uncertain about its origi-
nal predictions. Eventually, we further boost the
performance with negligible computational cost.

Altogether, our SAIS method achieves state-of-
the-art RE performance on three benchmarks (Do-
cRED (Yao et al., 2019), CDR (Li et al., 2016), and
GDA (Wu et al., 2019)) due to more effective super-
vision and enhances interpretability by improving
the evidence retrieval (ER) F1 score on DocRED
by 5.04% relatively compared to the runner-up.

2 Background

2.1 Problem Formulation

Consider a document d containing sentences Sd =
{si}|Sd|i=1 and entities Ed = {ei}|Ed|i=1 where each en-
tity e is assigned an entity type c ∈ C and ap-
pears at least once in d by its mentions Me =

{mi}|Me|
i=1 . For a pair of head and tail entities

(eh, et), document-level RE aims to predict if any
relation r ∈ R exists between them, based on
whether r is expressed by some pair of eh’s and
et’s mentions in d. Here, C andR are pre-defined
sets of entity and relation types, respectively. More-
over, for (eh, et) and each of their valid relations
r ∈ Rh,t, ER aims to identify the subset Vh,t,r of
Sd that is sufficient to express the triplet (eh, et, r).

2.2 Related Work

Early research efforts on RE (Bach and Badaskar,
2007; Pawar et al., 2017) center around predict-
ing relations for entity pairs at the sentence level
(Zhang et al., 2017; Hendrickx et al., 2019). Many
pattern-based (Califf and Mooney, 1999; Qu et al.,
2018; Zhou et al., 2020) and neural network-based
(Cai et al., 2016; Feng et al., 2018; Zhang et al.,
2019) models have shown impressive results. A re-
cent study (Peng et al., 2020) attributes the success
of these models to their ability to capture textual
contexts and entity type information.

Nevertheless, since more complicated relations
can only be expressed by multiple sentences, there
has been a shift of focus lately towards document-
level RE (Yao et al., 2019; Li et al., 2016; Cheng
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et al., 2021; Wu et al., 2019). According to how
an approach models contexts, there are two gen-
eral trends within the domain. Graph-based ap-
proaches (Nan et al., 2020; Wang et al., 2020; Zeng
et al., 2020; Li et al., 2020; Zeng et al., 2021; Xu
et al., 2021c,d; Sahu et al., 2019; Guo et al., 2019)
typically infuse contexts into heuristic-based docu-
ment graphs and perform multi-hop reasoning via
advanced neural techniques. Transformer-based
approaches (Wang et al., 2019; Tang et al., 2020;
Huang et al., 2020; Xu et al., 2021a; Zhou et al.,
2021; Zhang et al., 2021; Xie et al., 2022; Ye et al.,
2020) leverage the strength of pre-trained language
models (Devlin et al., 2019; Liu et al., 2019) to
encode long-range contextual dependencies. How-
ever, most prior methods only implicitly learn to
capture contexts while being trained for RE. Con-
sequently, they experience ineffective supervision
and uninterpretable model predictions.

On the contrary, we propose to explicitly teach
the model to capture textual contexts and entity
type information via a broad spectrum of carefully
designed tasks. Furthermore, we boost the RE
performance by ensembling the results of evidence-
augmented inputs. Compared to EIDER (Xie et al.,
2022), we leverage the more precise and inter-
pretable FER for retrieving evidence and present
two different kinds of evidence-based data augmen-
tation. We also save the computational cost by
applying ensemble learning only to the uncertain
subset of relation triplets. As a result, our SAIS
method not only enhances the RE performance due
to more effective supervision, but also retrieves
more accurate evidence for better interpretability.

3 Supervising Intermediate Steps

This section describes the tasks that explicitly su-
pervise the model’s outputs in the four intermediate
steps. Together they complement the quality of RE.

3.1 Document Encoding

Given the promising performance of pre-trained
language models (PLM) in various downstream
tasks, we resort to PLM for encoding the docu-
ment. More specifically, for a document d, we
insert a classifier token “[CLS]” and a separator
token “[SEP]” at the start and end of each sentence
s ∈ Sd, respectively. Each mention m ∈ Md is
wrapped with a pair of entity markers “*” (Zhang
et al., 2017) to indicate the position of entity men-
tions. Then we feed the document, with alternating

segment token indices for each sentence (Liu and
Lapata, 2019), into a PLM:

H,A = PLM(d), (1)

to obtain the token embeddings H ∈ RNd×H and
the cross-token attention A ∈ RNd×Nd . A is the
average of the attention heads in the last trans-
former layer (Vaswani et al., 2017) of the PLM.
Nd is the number of tokens in d, and H is the
embedding dimension of the PLM. We take the em-
bedding of “*" or “[CLS]" before each mention or
sentence as the corresponding mention or sentence
embedding, respectively.

3.2 Coreference Resolution (CR)
As a case study, it is reported by Yao et al. (2019)
that around 17.6% of relation instances in DocRED
require coreference reasoning. Hence, after encod-
ing the document, we resolve the repeated contex-
tual mentions to an entity via CR. In particular, con-
sider a pair of mentions (mi,mj), we determine the
probability of whether mi and mj refer to the same
entity by passing their corresponding embeddings
mi and mj through a group bilinear layer (Zheng
et al., 2019). The layer splits the embeddings into
K equal-sized groups ([m1

i , . . . ,m
K
i ] = mi, sim-

ilar for mj) and applies bilinear with parameter
Wk

m ∈ RH/K×H/K within each group:

PCR
i,j = σ

(
K∑

k=1

mk>
i Wk

mm
k
j + bm

)
, (2)

where bm ∈ R and σ is the sigmoid function.
Since most mention pairs refer to distinct entities

(each entity has only 1.34 mentions on average in
DocRED), we adopt the focal loss (Lin et al., 2017)
on top of the binary cross-entropy to mitigate this
extreme class imbalance:

`CR
d = −

∑

mi∈Md

∑

mj∈Md

(
yCR
i,j (1− PCR

i,j )
γCR

logPCR
i,j

+(1− yCR
i,j )(PCR

i,j )
γCR

log(1− PCR
i,j )
)
wCR
i,j , (3)

where yCR
i,j = 1 if mi and mj refer to the same en-

tity, and 0 otherwise. Class weight wCR
i,j is inversely

proportional to the frequency of yCR
i,j , and γCR is a

hyperparameter.

3.3 Entity Typing (ET)
In a pair of entities, the type information can be
used to filter out impossible relations. Therefore,
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we regularize entity embeddings via ET. More
specifically, we first derive the embedding of an
entity e by integrating the embeddings of its men-
tionsMe via logsumexp pooling (Jia et al., 2019):
e = log

∑
m∈Me

exp(m). Since entity e could
appear either at the head or tail in an entity pair, we
distinguish between the head entity embedding e′h
and the tail entity embedding e′t via two separate
linear layers:

e′h = Wehe+ beh , e′t = Wete+ bet , (4)

where Weh ,Wet ∈ RH×H and beh ,bet ∈ RH .
However, no matter where e appears in an entity

pair, its head and tail embeddings should always
preserve e’s type information. Hence, we calculate
the probability of which entity type e belongs to by
passing e′ν for ν ∈ {h, t} through a linear layer

PET
e = ς(Wc tanh(e

′
ν) + bc) , (5)

followed by the multi-class cross-entropy loss:

`ET
d = −

∑

e∈Ed

∑

c∈C
yET
e,c logPET

e,c , (6)

where Wc ∈ R|C|×H , bc ∈ R|C|, and ς is the
softmax function. yET

e,c = 1 if e is of entity type c,
and 0 otherwise.

3.4 Pooled Evidence Retrieval (PER)
To further capture textual contexts, we explicitly
guide the attention in the PLM to the support-
ing sentences of each entity pair via PER. That
is, we want to identify the pooled evidence set
Vh,t = ∪r∈Rh,tVh,t,r in d that is important to an
entity pair (eh, et), regardless of the specific rela-
tion expressed by a particular sentence s ∈ Vh,t. In
this case, given (eh, et), we first compute a unique
context embedding ch,t based on the cross-token
attention from Equation 1:

ch,t = H>
Ah ⊗At

1>(Ah ⊗At)
. (7)

Here, ⊗ is the element-wise product. Ah is eh’s
attention to all the tokens in the document (i.e.,
the average of eh’s mention-level attention). Sim-
ilar for At. Then we measure the probability of
whether a sentence s ∈ Sd is part of the pooled
supporting evidence Vh,t by passing (eh, et)’s con-
text embedding ch,t and sentence s’ embedding s
through a group bilinear layer:

PPER
h,t,s = σ

(
K∑

k=1

ck>h,tW
k
ps
k + bp

)
, (8)

where Wk
p ∈ RH/K×H/K and bp ∈ R.

Again, we face a severe class imbalance here,
since most entity pairs (97.1% in DocRED) do not
have valid relations or supporting evidence. As a
result, similar to Section 3.2, we also use the focal
loss with the binary cross-entropy:

`PER
d =−

∑

eh∈Ed

∑

et∈Ed

∑

s∈Sd

(
yPER
h,t,s(1− PPER

h,t,s)
γPER

logPPER
h,t,s + (1− yPER

h,t,s)(PPER
h,t,s)

γPER

log(1− PPER
h,t,s)

)
wPER
h,t,s , (9)

where yPER
h,t,s = 1{s ∈ Vh,t}, class weight wPER

h,t,s

is inversely proportional to the frequency of yPER
h,t,s,

and γPER is a hyperparameter.

3.5 Fine-grained Evidence Retrieval (FER)

In addition to PER, we would like to further refine
Vh,t, since an entity pair could have multiple valid
relations and, correspondingly, multiple sets of ev-
idence. As a result, we explicitly train the model
to recover contextual evidence unique to a triplet
(eh, et, r) via FER for better interpretability. More
specifically, given (eh, et, r), we first generate a
triplet embedding lh,t,r by merging eh, et, ch,t,
and r’s relation embedding r via a linear layer:

lh,t,r = tanh(Wl[eh‖et‖ch,t‖r] + bl) , (10)

where Wl ∈ RH×4H , bl ∈ RH , ‖ represents con-
catenation, and r is initialized from the embedding
matrix of the PLM.

Similarly, we use a group bilinear layer to assess
the probability of whether a sentence s ∈ Sd is
included in the fine-grained evidence set Vh,t,r:

PFER
h,t,r,s = σ

(
K∑

k=1

lk>h,t,rW
k
fs
k + bf

)
, (11)

where Wk
f ∈ RH/K×H/K and bf ∈ R.

Since FER only involves entity pairs with valid
relations, the class imbalance is milder here than
in PER. Hence, let yFER

h,t,r,s = 1{s ∈ Vh,t,r}, we
deploy the standard binary cross-entropy loss:

`FER
d =−

∑

ei∈Ed

∑

ej∈Ed

∑

r∈Rh,t

∑

s∈Sd

(
yFER
h,t,r,s logPFER

h,t,r,s

+(1− yFER
h,t,r,s) log(1− PFER

h,t,r,s)
)
. (12)
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3.6 Relation Extraction (RE)
Based on the four complementary tasks introduced
above, for an entity pair (eh, et), we encode rele-
vant contexts in ch,t and preserve entity type infor-
mation in e′h and e′t. Ultimately, we acquire the
contexts needed by the head and tail entities from
ch,t via two separate linear layers:

c′h = Wchch,t + bch , c
′
t = Wctch,t + bct , (13)

where Wch ,Wct ∈ RH×H and bch ,bct ∈ RH ,
and then combine them with the type information
to generate the head and tail entity representations:

e′′h = tanh(e′h + c′h), e
′′
t = tanh(e′t + c′t). (14)

Next, a group bilinear layer is utilized to calcu-
late the logit of how likely a relation r ∈ R exists
between eh and et:

LRE
h,t,r =

K∑

k=1

e′′k>h Wk
re
′′k
t + br , (15)

where Wk
r ∈ RH/K×H/K and br ∈ R.

As discussed earlier, only a small portion of en-
tity pairs have valid relations, among which multi-
ple relations could co-exist between a pair. There-
fore, to deal with the problem of multi-label imbal-
anced classification, we follow Zhou et al. (2021)
by introducing a threshold relation class TH and
adopting an adaptive threshold loss:

`RE
d =−

∑

eh∈Ed

∑

et∈Ed
 ∑

r∈Ph,t
log

(
expLRE

h,t,r∑
r′∈Ph,t∪{TH} LRE

h,t,r′

)

+ log

(
expLRE

h,t,TH∑
r′∈Nh,t∪{TH} LRE

h,t,r′

)]
. (16)

In essence, we aim to increase the logits of valid
relations Ph,t and decrease the logits of invalid
relations Nh,t, both relative to TH.

Overall, with the goal of improving the model’s
RE performance by better capturing entity type in-
formation and textual contexts, we have designed
four tasks to explicitly supervise the model’s out-
puts in the corresponding intermediate steps. To
this end, we visualize the entire pipeline SAISO

All
in Appendix A and integrate all the tasks by mini-
mizing the multi-task learning objective

` =
∑

d∈Dtrain

(
`RE
d +

∑

Task

ηTask`Task
d

)
, (17)

where Task ∈ {CR, ET, PER, FER}. ηTask’s are
hyperparameters balancing the relative task weight.

During inference with the current pipeline
SAISO

All, we predict if a triplet (eh, et, r) is valid
(i.e., if relation r exists between entity pair (eh, et))
by checking if its logit is larger than the correspond-
ing threshold logit (i.e., LRE

h,t,r > LRE
h,t,TH). For each

predicted triplet (eh, et, r), we assess if a sentence
s belongs to the evidence set Vh,t,r by checking if
PFER
h,t,r,s > αFER where αFER is a threshold.

4 Augmenting Intermediate Steps

We further improve RE after training the pipeline
SAISO

All by augmenting the intermediate steps in
SAISO

All with the retrieved evidence from FER.

4.1 When to Augment Intermediate Steps

The evidence predicted by FER is unique to each
triplet (eh, et, r). However, consider the total num-
ber of all possible triplets (around 40 million in
the develop set of DocRED), it is computation-
ally prohibitive to augment the inference result of
each triplet with individually predicted evidence.
Instead, following the idea of selective prediction
(El-Yaniv et al., 2010), we identify the triplet subset
U for which the model is uncertain about its rela-
tion predictions with the original pipeline SAISO

All.
More specifically, we set the model’s confidence
for (eh, et, r) as LO

h,t,r = LRE
h,t,r − LRE

h,t,TH. Then,
the uncertain set U consists of triplets with the
lowest θ% absolute confidence |LO

h,t,r|. Conse-
quently, we reject the original relation predictions
for (eh, et, r) ∈ U and apply evidence-based data
augmentation to enhance the performance (more
details in Section 4.2).

To determine the rejection rate θ% (note that
θ% is NOT a hyperparameter), we first sort all the
triplets in the develop set based on their absolute
confidence |LO

h,t,r|. When θ% increases, the risk
(i.e., inaccuracy rate) of the remaining triplets that
are not in U is expected to decrease, and vice versa.
On the one hand, we wish to reduce the risk for
more accurate relation predictions; on the other
hand, we want a low rejection rate so that data
augmentation on a small rejected set incurs little
computational cost. To balance this trade-off, we
set θ% as the rate that achieves the minimum of
risk2 + rejection rate2. As shown in Figure 2, we
find θ% ≈ 4.6% in the develop set of DocRED. In
practice, we can further limit the maximum number
of rejected triplets per entity pair. By setting it as
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Risk—Rejection Rate Trade-off

Risk of Non-rejected Triplets

Min of (Risk² + Rejection Rate²)
where Rejection Rate θ% ≈ 4.6%

Figure 2: Trade-off between risk and rejection rate on
the develop set of DocRED.

10 in experiments, we reduce the size of U to only
1.5% of all the triplets in the DocRED develop set.

4.2 How to Augment Intermediate Steps

Consider a triplet (eh, et, r) ∈ U . We first assume
its validity and calculate the probability PFER

h,t,r,s of a
sentence s being part of Vh,t,r based on Section 3.5.
Then in a similar way to how LO

h,t,r is generated
with SAISO

All, we design two types of evidence-
based data augmentation as follows:
Pseudo Document-based (SAISD

All): Construct
a pseudo document using sentences with
PFER
h,t,r,s > αFER and feed it into the original

pipeline to get the confidence LD
h,t,r.

Attention Mask-based (SAISM
All): Formulate a

mask PFER
h,t,r ∈ RNd based on PFER

h,t,r,s and
modify the context embedding to ch,t =

H>
Ah⊗At⊗PFER

h,t,r

1>(Ah⊗At⊗PFER
h,t,r)

. Maintain the rest of

the pipeline and get the confidence LM
h,t,r.

Following Xie et al. (2022), we ensemble LD
h,t,r,

LM
h,t,r, and the original confidence LO

h,t,r with a
blending parameter τr ∈ R (Wolpert, 1992) for
each relation r ∈ R as

PB
h,t,r = σ(LB

h,t,r)

= σ(LO
h,t,r + LD

h,t,r + LM
h,t,r − τr). (18)

These parameters are trained by minimizing the
binary cross-entropy loss on U of the develop set:

`B = −
∑

(eh, et, r)∈U

(
yRE
h,t,r logPB

h,t,r

+ (1−yRE
h,t,r) log(1− PB

h,t,r)
)
, (19)

where yRE
h,t,r = 1 if (eh, et, r) is valid, and 0 oth-

erwise. When making relation predictions for

(eh, et, r) ∈ U , we check whether its blended con-
fidence is positive (i.e., LB

h,t,r > 0).
In this way, we improve the RE performance

when the model is uncertain about its original pre-
dictions and save the computational cost when the
model is confident. The overall steps for evidence-
based data augmentation and ensemble inference
SAISB

All are summarized in Appendix B. These
steps are executed only after the training of SAISO

All
and, therefore, adds negligible computational cost.

5 Experiments

5.1 Experiment Setup

We evaluate the proposed SAIS method on the
following three document-level RE benchmarks.
DocRED (Yao et al., 2019) is a large-scale crowd-
sourced dataset based on Wikipedia articles. It con-
sists of 97 relation types, seven entity types, and
5,053 documents in total, where each document has
19.5 entities on average. CDR (Li et al., 2016) and
GDA (Wu et al., 2019) are two biomedical datasets
where CDR studies the binary interactions between
disease and chemical concepts with 1,500 docu-
ments and GDA studies the binary relationships
between gene and disease with 30,192 documents.
We follow Christopoulou et al. (2019) for splitting
the train and develop sets.

We run our experiments on one Tesla A6000
GPU and carry out five trials with different seeds
to report the mean and one standard error. Based
on Huggingface (Wolf et al., 2019), we apply cased
BERT-base (Devlin et al., 2019) and RoBERTa-
large (Liu et al., 2019) for DocRED and cased
SciBERT (Beltagy et al., 2019) for CDR and GDA.
The embedding dimensionH of BERT or SciBERT
is 768, and that of RoBERTa is 1,024. The number
of groups K in all group bilinear layers is 64.

For the general hyperparameters of language
models, we follow the setting in (Zhou et al., 2021).
The learning rate for fine-tuning BERT is 5e−5,
that for fine-tuning RoBERTa or SciBERT is 2e−5,
and that for training the other parameters is 1e−4.
All the trials are optimized by AdamW (Loshchilov
and Hutter, 2019) for 20 epochs with early stop-
ping and a linearly decaying scheduler (Goyal et al.,
2017) whose warm-up ratio = 6%. Each batch
contains 4 documents and the gradients of model
parameters are clipped to a maximum norm of 1.

For the unique hyperparameters of our method,
we choose 2 from {1, 1.5, 2} for the focal hyper-
parameters γCR and γPER based on the develop
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DocRED Dev DocRED Test

Model Relation Evidence Relation Evidence

Ign F1 F1 F1 Ign F1 F1 F1

HeterGSAN-BERTbase (Xu et al., 2021d) 58.13 60.18 - 57.12 59.45 -
GAIN-BERTbase (Zeng et al., 2020) 59.14 61.22 - 59.00 61.24 -
DRN-BERTbase (Xu et al., 2021c) 59.33 61.39 - 59.15 61.37 -
SIRE-BERTbase (Zeng et al., 2021) 59.82 61.60 - 60.18 62.05 -

BERTbase (Wang et al., 2019) - 54.16 - - 53.20 -
E2GRE-BERTbase (Huang et al., 2020) 55.22 58.72 47.14 - - -
SSAN-BERTbase (Xu et al., 2021a) 57.03 59.19 - 56.06 58.41 -
ATLOP-BERTbase (Zhou et al., 2021) 59.22 61.09 - 59.31 61.30 -
DocuNet-BERTbase (Zhang et al., 2021) 59.86 61.83 - 59.93 61.86 -
Eider-BERTbase (Xie et al., 2022) 60.51 62.48 50.71 60.42 62.47 51.27

SAISB
All-BERTbase (Ours) 59.98 ± 0.13 62.96 ± 0.11 53.70 ± 0.21 60.96 62.77 52.88

RoBERTalarge (Ye et al., 2020) 57.19 59.40 - 57.74 60.06 -
SSAN-RoBERTalarge (Xu et al., 2021a) 60.25 62.08 - 59.47 61.42 -
E2GRE-RoBERTalarge (Huang et al., 2020) - - - 60.30 62.50 50.50
ATLOP-RoBERTalarge (Zhou et al., 2021) 61.32 63.18 - 61.39 63.40 -
DocuNet-RoBERTalarge (Zhang et al., 2021) 62.23 64.12 - 62.39 64.55 -
Eider-RoBERTalarge (Xie et al., 2022) 62.34 64.27 52.54 62.85 64.79 53.01

SAISB
All-RoBERTalarge (Ours) 62.23 ± 0.15 65.17 ± 0.08 55.84 ± 0.23 63.44 65.11 55.67

Table 1: RE and ER results (%) on DocRED. Ign F1 refers to the F1 score excluding the relation instances men-
tioned in the train set. Baselines using BERTbase are separated into the graph-based (upper) and transformer-based
(lower) groups. We report the test scores from the official scoreboard and the baseline scores from the correspond-
ing papers. SAISB

All achieves state-of-the-art performance on both RE and ER. Full details in Appendix C.

set. We also follow Xie et al. (2022) for set-
ting the FER prediction threshold αFER as 0.5
and all the relative task weights ηTask for Task ∈
{CR,ET,PER,FER} as 0.1.

5.2 Quantitative Evaluation

Besides RE, DocRED also suggests to predict
the supporting evidence for each relation instance.
Therefore, we apply SAISB

All to both RE and ER.
We report the results of SAISB

All as well as exist-
ing graph-based and transformer-based baselines
in Table 12 (full details in Appendix C). Generally,
thanks to PLMs’ strength in modeling long-range
dependencies, transformer-based methods perform
better on RE than graph-based methods. More-
over, most earlier approaches are not capable of
ER despite the interpretability ER adds to the pre-
dictions. In contrast, our SAISB

All method not only
establishes a new state-of-the-art result on RE, but
also outperforms the runner-up significantly on ER.

Since neither CDR nor GDA annotates evidence
sentences, we apply SAISO

RE+CR+ET here. It is

2For a fair comparison, we report the scores of SSAN (Xu
et al., 2021a) without being pretrained on an extra dataset.

trained with RE, CR, and ET and infers without
data augmentation. As shown in Table 2 (full de-
tails in Appendix C), our method improves the prior
best RE F1 scores by 2.7% and 1.8% absolutely on
CDR and GDA, respectively. It indicates that our
proposed method can still improve upon the base-
lines even if only part of the four complementary
tasks are annotated and operational.

5.3 Ablation Study

To investigate the effectiveness of each of the four
complementary tasks proposed in Section 3, we
carry out an extensive ablation study on the Do-
cRED develop set by training SAIS with all pos-
sible combinations of those tasks. As shown in
Table 3, without any complementary tasks, the RE
performance of SAIS is comparable to ATLOP
(Zhou et al., 2021) due to similar neural archi-
tectures. When only one complementary task is
allowed, PER is the most effective single task, fol-
lowed by ET. Although FER is functionally anal-
ogous to PER, since FER only involves the small
subset of entity pairs with valid relations, the perfor-
mance gain brought by FER alone is limited. When
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Model CDR GDA

LSR (Nan et al., 2020) 64.8 82.2
SciBERT (Beltagy et al., 2019) 65.1 82.5
DHG (Zhang et al., 2020) 65.9 83.1
SSAN-SciBERT (Xu et al., 2021a) 68.7 83.7
ATLOP-SciBERT (Zhou et al., 2021) 69.4 83.9
SIRE-BioBERT (Zeng et al., 2021) 70.8 84.7
DocuNet-SciBERT (Zhang et al., 2021) 76.3 85.3

SAISO
RE+CR+ET-SciBERT (Ours) 79.0 ± 0.8 87.1 ± 0.3

SAISO
RE+ET-SciBERT 75.9± 0.9 86.1± 0.5

SAISO
RE+CR-SciBERT 74.5± 0.4 85.4± 0.2

SAISO
RE-SciBERT 72.8± 0.6 84.5± 0.3

Table 2: RE F1 results (%) on the CDR and GDA
test sets. The baseline scores are from the correspond-
ing papers. SAISO

RE+CR+ET scores the highest on both
datasets. Full details in Appendix C.

two tasks are used jointly, the pair of PER and ET,
which combines textual contexts and entity type
information, delivers the most significant improve-
ment. The pair of PER and FER also performs well,
which reflects the finding in (Peng et al., 2020) that
context is the most important source of information.
The version with all tasks except CR sees the least
drop in F1, indicating that CR’s supervision signals
on capturing contexts can be covered in part by
PER and FER. Last but not least, the SAIS pipeline
with all four complementary tasks achieves the
highest F1 score. Similar trends are also recog-
nized on CDR and GDA in Table 2, where SAIS
trained with both CR and ET (besides RE) scores
higher than its single-task counterpart.

Moreover, as compared to the original pipeline
SAISO

All, pseudo document-based data augmenta-
tion SAISD

All acts as a hard filter by directly re-
moving predicted non-evidence sentences, while
attention mask-based data augmentation SAISM

All
distills the context more softly. Therefore, we ob-
serve in Table 4 that SAISD

All earns a higher preci-
sion, whereas SAISM

All attains a higher recall. By
ensembling SAISO

All, SAISD
All, and SAISM

All, we im-
prove the RE F1 score by 0.57% absolutely on the
DocRED develop set.

5.4 Qualitative Analysis

To obtain a more insightful understanding of how
textual contexts and entity type information help
with RE, we present a case study in Figure 3
(a). Here, SAISO

RE+ET is trained with the task
(i.e., ET) related to entity type information while
SAISO

RE+CR+PER+FER is trained with the tasks (i.e.,
CR, PER, and FER) related to textual contexts.

CR ET PER FER RE F1

3 61.18± 0.09

3 3 61.41± 0.11
3 3 61.52± 0.10

3 3 61.68± 0.04
3 3 61.44± 0.07

3 3 3 61.65± 0.12
3 3 3 61.79± 0.08
3 3 3 61.64± 0.10

3 3 3 61.88± 0.05
3 3 3 61.81± 0.04

3 3 3 61.85± 0.10

3 3 3 3 62.13± 0.04
3 3 3 3 62.06± 0.09
3 3 3 3 61.91± 0.06
3 3 3 3 61.98± 0.05

3 3 3 3 3 62.39± 0.08

Table 3: Ablation study (%) using SAISO-BERTbase
to assess the effectiveness of the four complementary
tasks (i.e., CR, ET, PER, and FER) for RE based on the
DocRED develop set.

SAISO
All SAISD

All SAISM
All Precision Recall F1

3 66.58 58.70 62.39
3 73.21 45.59 56.19

3 53.14 67.49 59.46

3 3 71.14 54.35 61.62
3 3 61.61 62.90 62.25

3 3 3 67.76 58.79 62.96

Table 4: Ablation study (%) using BERTbase to assess
the effectiveness of data augmentation (i.e., original
(SAISO

All), pseudo document-based (SAISD
All), and at-

tention mask-based (SAISM
All)) for RE based on the Do-

cRED develop set.

Compared to SAISO
All, which is trained with all

four complementary tasks, they both exhibit draw-
backs qualitatively. In particular, SAISO

RE+ET can
easily infer the relation “country" between Enti-
ties E and C based on their respective types “ORG"
and “LOC", whereas SAISO

RE+CR+PER+FER may mis-
interpret Entity E as of type “PER" and infer the
relation “citizenship" wrongly. On the other hand,
SAISO

RE+CR+PER+FER can directly predict the rela-
tion “place_of_birth" between Entities A and B by
pattern matching, while overemphasizing the type
“LOC" of Entity B may cause SAISO

RE+ET to deliver
the wrong relation prediction “location". Last but
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(a) Case Study on the Effectiveness of Textual Contexts and Entity Type Information:

Document: Eleazar Lipsky

[0] Eleazar Lipsky … was a … playwright 

born in Bronx, …, United States.

[1] He wrote the novels that formed the 

basis of two … films, Kiss of Death …  

and The People Against O’Hara … 

[3] Lipsky, …, was an assistant district 

attorney … and served as legal counsel to 

the Mystery Writers of America.

Entity A (PER): Eleazar Lipsky, Lipsky Entity B (LOC): Bronx Entity C (LOC): United States

Entity D (MISC): The People Against O’Hara Entity E (ORG): Mystery Writers of America

Entity Pair: (E, C)   Relation: Truth  : country                                  SAISRE+ET
O : country

SAISAll
O  : country                                  SAISRE+CR+PER+FER

O : citizenship

Entity Pair: (A, B)     Relation: Truth : place_of_birth SAISRE+ET
O : location

SAISAll
O  : place_of_birth SAISRE+CR+PER+FER

O : place_of_birth

Entity Pair: (D, C)     Relation: Truth  : country_of_origin                 SAISRE+ET
O : no_relation

SAISAll
O  : country_of_origin                 SAISRE+CR+PER+FER

O : no_relation

Document: Carl Buchheister

[0] Carl Buchheister … was a German 

constructivist artist … 

[1] which he began in 1925.

[2] He was born in Hanover, Germany.

[6] He died in Hanover in 1964.

Entity A (PER): Carl Buchheister Entity B (LOC): Hanover, Hanover

Entity Pair: (A, B)     Relation: place_of_birth

Evidence: Truth: [0, 2]                    FER: [0, 2]                    PER: [0, 1, 2, 6]

Entity Pair: (A, B)     Relation: place_of_death

Evidence: Truth: [0, 6]                    FER: [0, 6]                    PER: [0, 1, 2, 6]

(b) Case Study on the Difference between FER and PER:

Figure 3: (a) Case study on the effectiveness of textual contexts and entity type information based on models’
extracted relations from the DocRED develop set. By capturing contexts across sentences and regularizing them
with entity type information, SAISO

All extracts relations of better quality. (b) Case study on the difference between
FER and PER based on retrieved evidence from the DocRED develop set. FER considers evidence unique to each
relation for better interpretability. Irrelevant sentences are omitted here.

not least, SAISO
All effectively models contexts span-

ning multiple sentences and regularizes them with
entity type information. As a result, it is the only
SAIS variant that correctly predicts the relation
“country_of_origin" between Entities D and C.

Furthermore, to examine why SAIS (which uses
FER for retrieving evidence) outperforms Eider
(Xie et al., 2022) (which uses PER) significantly
on ER in Table 1, we compare the performance
of FER and PER based on a case study in Fig-
ure 3 (b). More specifically, PER identifies the
same set of evidence for both relations between
Entities A and B, among which Sentence 2 de-
scribes “place_of_birth" while Sentence 6 dis-
cusses “place_of_death". In contrast, FER con-
siders an evidence set unique to each relation and
outputs more interpretable results.

6 Conclusion

In this paper, we propose to explicitly teach the
model to capture the major information sources
of RE—textual contexts and entity types by
Supervising and Augmenting Intermediate Steps
(SAIS). Based on a broad spectrum of carefully de-
signed tasks, SAIS extracts relations of enhanced
quality due to more effective supervision and re-
trieves more accurate evidence for improved inter-
pretability. SAIS further boosts the performance
with evidence-based data augmentation and ensem-
ble inference while preserving the computational
cost by assessing model uncertainty. Experiments
on three benchmarks demonstrate the state-of-the-
art performance of SAIS on both RE and ER.

If given a plain document, we shall utilize exist-
ing tools (e.g., spaCy) to get noisy annotations and
apply our method afterward. It is also interesting
to investigate how other tasks (e.g., named entity
recognition) could be incorporated into the multi-
task learning pipeline of our SAIS method. We
plan to explore these extensions in future works.
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A Multi-Task Learning Pipeline by Supervising Intermediate Steps (SAISO
All)

To explicitly teach the model to capture relevant contexts and entity type information for RE, we design
four tasks to supervise the model’s outputs in the corresponding intermediate steps. We illustrate the
overall multi-task pipeline SAISO

All in Figure 4.
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Figure 4: The overall multi-task learning pipeline of the proposed SAIS method (SAISO
All). By explicitly supervis-

ing the model’s outputs in the intermediate steps via carefully designed tasks, we improve the RE performance.
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B Ensemble Inference Algorithm with Evidence-based Data Augmentation (SAISB
All)

After training the multi-task pipeline SAISO
All proposed in Section 3, we further boost the model per-

formance by evidence-based data augmentation and ensemble inference as discussed in Section 4. The
detailed steps are explained in Algorithm 1 below.

Algorithm 1: Evidence-based Data Augmentation and Ensemble Inference (SAISB
All)

input: trained pipeline SAISO
All from Section 3, FER threshold αFER, develop set Ddev, test set Dtest

for D ∈ {Ddev,Dtest} do
Original RE Prediction with SAISO

All (Section 3.6):
For (eh, et, r) ∈ D, get LO

h,t,r from SAISO
All.

Identify the Uncertain Set U (Section 4.1):
If D is Ddev, calculate θ% by minimizing (risk2 + rejection rate2).
U contains triplets with the lowest θ% absolute confidence |LO

h,t,r|.
Predict Evidence Probability for (eh, et, r) ∈ U with SAISO

All (Section 3.5):
For (eh, et, r) ∈ U and s ∈ Sd in the corresponding document d, get PFER

h,t,r,s from SAISO
All.

Pseudo Document-based Data Augmentation SAISD
All (Section 4.2):

For (eh, et, r) ∈ U , get LD
h,t,r by feeding the corresponding pseudo document into SAISO

All.
Attention Mask-based Data Augmentation SAISM

All (Section 4.2):
For (eh, et, r) ∈ U , get LM

h,t,r by applying the corresponding attention mask to SAISO
All.

Ensemble Inference SAISB
All (Section 4.2):

If D is Ddev, train τr for r ∈ R based on LO
h,t,r, L

D
h,t,r, and LM

h,t,r for (eh, et, r) ∈ U .
For (eh, et, r) ∈ U , get LB

h,t,r = LO
h,t,r + LD

h,t,r + LM
h,t,r − τr.

Ultimate RE Prediction with SAISB
All and SAISO

All (Section 4.2 and 3.6):
For (eh, et, r) ∈ U , extract relation r for entity pair (eh, et) if LB

h,t,r > 0.
For (eh, et, r) /∈ U , extract relation r for entity pair (eh, et) if LO

h,t,r > 0.
Ultimate ER Prediction with SAISO

All (Section 3.5):
For predicted (eh, et, r), retrieve s ∈ Sd in the corresponding document d if PFER

h,t,r,s > αFER.
output: sets of predicted triplet (eh, et, r) and corresponding evidence Vh,t,r for Ddev and Dtest
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C Experiment Details

We compare the proposed SAIS method against existing baselines based on three benchmarks: CDR (Li
et al., 2016) and GDA (Wu et al., 2019) in Table 5, and DocRED (Yao et al., 2019) in Table 6. The details
are explained in Section 5.

In particular, DocRED uses the MIT License, CDR is freely available for the research community,
and GDA uses the GNU Affero General Public License. DocRED is constructed from Wikipedia and
Wikidata and, therefore, contains information that names people. However, since our research focuses on
identifying relations among real-world entities (including public figures) based on a given document, it is
impossible to fully anonymize the dataset. We ensure that we only use publicly available information in
our experiments. Our use of these datasets is consistent with their intended use. Although our method
achieves state-of-the-art performance for RE and ER, using the predicted relations and evidence directly
for downstream tasks without manual validation may increase the risk of errors carried forward due to the
incorrect predictions. The experiments in this paper focus on English documents from biomedical and
general domains, but our proposed framework can be easily extended to documents of other languages.

Model CDR GDA

BRAN (Verga et al., 2018) 62.1 -
CNN (Nguyen and Verspoor, 2018) 62.3 -
EoG (Christopoulou et al., 2019) 63.6 81.5
LSR (Nan et al., 2020) 64.8 82.2
SciBERT (Beltagy et al., 2019) 65.1 82.5
DHG (Zhang et al., 2020) 65.9 83.1
GLRE (Wang et al., 2020) 68.5 -
SSAN-SciBERT (Xu et al., 2021a) 68.7 83.7
ATLOP-SciBERT (Zhou et al., 2021) 69.4 83.9
SIRE-BioBERT (Zeng et al., 2021) 70.8 84.7
DocuNet-SciBERT (Zhang et al., 2021) 76.3 85.3

SAISO
RE+CR+ET-SciBERT (Ours) 79.0 ± 0.8 87.1 ± 0.3

SAISO
RE+ET-SciBERT 75.9± 0.9 86.1± 0.5

SAISO
RE+CR-SciBERT 74.5± 0.4 85.4± 0.2

SAISO
RE-SciBERT 72.8± 0.6 84.5± 0.3

Table 5: RE F1 results (%) on the CDR and GDA test sets. We report the baseline performances from the cor-
responding papers. SAISO

RE+CR+ET using three training tasks (i.e., RE, CR, and ET) scores the highest on both
datasets and better than its variants with fewer training tasks.
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DocRED Dev DocRED Test

Model Relation Evidence Relation Evidence

Ign F1 F1 F1 Ign F1 F1 F1

CNN (Yao et al., 2019) 41.58 43.45 - 40.33 42.26 -
GAT (Veličković et al., 2018) 45.17 51.44 - 47.36 49.51 -
BiLSTM (Yao et al., 2019) 48.87 50.94 44.07 48.78 51.06 43.83
GCNN (Sahu et al., 2019) 46.22 51.52 - 49.59 51.62 -
EoG (Christopoulou et al., 2019) 45.94 52.15 - 49.48 51.82 -
AGGCN (Guo et al., 2019) 46.29 52.47 - 48.89 51.45 -

GEDA-BERTbase (Li et al., 2020) 54.52 56.16 - 53.71 55.74 -
GLRE-BERTbase (Wang et al., 2020) - - - 55.40 57.40 -
LSR-BERTbase (Nan et al., 2020) 52.43 59.00 - 56.97 59.05 -
HeterGSAN-BERTbase (Xu et al., 2021d) 58.13 60.18 - 57.12 59.45 -
GAIN-BERTbase (Zeng et al., 2020) 59.14 61.22 - 59.00 61.24 -
DRN-BERTbase (Xu et al., 2021c) 59.33 61.39 - 59.15 61.37 -
SIRE-BERTbase (Zeng et al., 2021) 59.82 61.60 - 60.18 62.05 -

BERTbase (Wang et al., 2019) - 54.16 - - 53.20 -
BERT-TSbase (Wang et al., 2019) - 54.42 - - 53.92 -
HIN-BERTbase (Tang et al., 2020) 54.29 56.31 - 53.70 55.60 -
CorefBERTbase (Ye et al., 2020) 55.32 57.51 - 54.54 56.96 -
E2GRE-BERTbase (Huang et al., 2020) 55.22 58.72 47.14 - - -
SSAN-BERTbase (Xu et al., 2021a) 57.03 59.19 - 56.06 58.41 -
ATLOP-BERTbase (Zhou et al., 2021) 59.22 61.09 - 59.31 61.30 -
DocuNet-BERTbase (Zhang et al., 2021) 59.86 61.83 - 59.93 61.86 -
Eider-BERTbase (Xie et al., 2022) 60.51 62.48 50.71 60.42 62.47 51.27

SAISB
All-BERTbase (Ours) 59.98 ± 0.13 62.96 ± 0.11 53.70 ± 0.21 60.96 62.77 52.88

BERTlarge (Ye et al., 2020) 56.51 58.70 - 56.01 58.31 -
CorefBERTlarge (Ye et al., 2020) 56.82 59.01 - 56.40 58.83 -
RoBERTalarge (Ye et al., 2020) 57.19 59.40 - 57.74 60.06 -
CorefRoBERTalarge (Ye et al., 2020) 57.35 59.43 - 57.90 60.25 -
SSAN-RoBERTalarge (Xu et al., 2021a) 60.25 62.08 - 59.47 61.42 -
E2GRE-RoBERTalarge (Huang et al., 2020) - - - 60.30 62.50 50.50
ATLOP-RoBERTalarge (Zhou et al., 2021) 61.32 63.18 - 61.39 63.40 -
DocuNet-RoBERTalarge (Zhang et al., 2021) 62.23 64.12 - 62.39 64.55 -
Eider-RoBERTalarge (Xie et al., 2022) 62.34 64.27 52.54 62.85 64.79 53.01

SAISB
All-RoBERTalarge (Ours) 62.23 ± 0.15 65.17 ± 0.08 55.84 ± 0.23 63.44 65.11 55.67

Table 6: RE and ER results (%) on the develop and test sets of DocRED. Ign F1 refers to the F1 score excluding the
relation instances mentioned in the train set. Baselines using BERTbase are separated into the graph-based (upper)
and transformer-based (lower) groups. We report the test set scores from the official scoreboard and the baseline
scores from the corresponding papers. SAISB

All achieves state-of-the-art performance on both RE and ER.
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Abstract

Users write to-dos as personal notes to them-
selves, about things they need to complete, re-
member or organize. To-do texts are usually
short and under-specified, which poses a chal-
lenge for current text representation models.
Yet, understanding and representing their mean-
ing is the first step towards providing intelli-
gent assistance for to-do management. We ad-
dress this problem by proposing a neural multi-
task learning framework, LITE, which extracts
representations of English to-do tasks with a
multi-head attention mechanism on top of a
pre-trained text encoder. To adapt representa-
tion models to to-do texts, we collect weak-
supervision labels from semantically rich ex-
ternal resources (e.g., dynamic commonsense
knowledge bases), following the principle that
to-do tasks with similar intents have similar
labels. We then train the model on multiple
generative/predictive training objectives jointly.
We evaluate our representation model on four
downstream tasks and show that our approach
consistently improves performance over base-
line models, achieving error reduction of up to
38.7%.

1 Introduction

Task management tools are widely used to orga-
nize tasks and keep track of progress in work and
daily lives. Examples include Microsoft To-do,
Todoist, Trello, and digital assistants such as Ama-
zon Alexa and Google Assistant. Machine learn-
ing techniques can automate various aspects of
task management such as task creation (Mukherjee
et al., 2020), organization (Landes and Di Eugenio,
2018), prioritization, and decomposition of com-
plex tasks (Nouri et al., 2020; Zhang et al., 2021).

The goal of this work is to develop a single,
general-purpose encoding system that converts to-
do task texts into real-valued vector representa-

∗This work was done while the first author was an intern
at Microsoft Research.

Vector representations
of to-do tasks

Groceries

milk

eggs

carrots

Today

Pay credit card

Call Mom

Pick up Chris at 4

Description

List name

Intelligent
assistance

task detection,
organization, 
recommendation, …

User-generated to-do texts

Figure 1: Our aim is to encode user-generated to-do
texts (list names and descriptions) into vector represen-
tations so that machine learning systems can provide
various kinds of intelligent assistance.

tions (Fig. 1). Using one encoding system for mul-
tiple task functions (task detection, organization,
recommendation, etc.) as opposed to having mul-
tiple dedicated encoders saves the computational
costs of updating models regularly and encoding
texts from millions of users.

Representation learning has been extensively
studied in natural language processing (Camacho-
Collados and Pilehvar, 2018). Adapting models
pre-trained on massive amounts of raw texts to a
target domain or a task has become common prac-
tice (Qiu et al., 2020), with many publicly available
pre-trained models such as BERT (Devlin et al.,
2019), GPT-2 (Radford et al., 2018), and sentence
encoders (Cer et al., 2018; Reimers and Gurevych,
2019). Leveraging word context is one of the key
strengths of these pre-trained models. However,
to-do texts exhibit unique characteristics that make
this context-based modeling less effective (§2).

Our analysis on a dataset of 6.5 million entries
shows that to-do texts are short and often lack an ac-
tion verb. While similar to web search queries, they
are not written to be understood by a search engine
but instead are personal notes to the users them-
selves and assume rich personal context. On the
other hand, some task management applications
allow users to organize their to-dos under user-
defined lists, which, our analysis shows, can some-
times convey important information about their
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meaning (e.g., a “grocery” list vs. a “today” list).
Our hypothesis is that we can effectively

fine-tune contextualized representation models
for under-specified texts using multiple weakly-
supervised prediction/generation tasks that focus
on knowledge about to-do tasks. We induce su-
pervision signals semi-automatically from exist-
ing resources so that to-do tasks that have simi-
lar intents share similar target labels. To this end,
we propose LITE,1 a framework for training to-
do task representation models using the following
auxiliary tasks: (1) autocompletion of to-do de-
scriptions, (2) pre-action and goal generation based
on COMET (Bosselut et al., 2019; Hwang et al.,
2021), and (3) action attribute predictions based
on FrameNet (Ruppenhofer et al., 2016). We im-
plement LITE on top of existing pre-trained lan-
guage models and evaluate its performance through
downstream tasks on two proprietary and two pub-
licly available datasets (Jauhar et al., 2021; Landes,
2018): urgent and important to-do detection, action-
able to-do classification, co-located and co-timed
to-do pair detection, and intent detection.

Overall, we make the following contributions:
(1) A neural multi-task learning framework to
fine-tune embeddings of to-do texts based on in-
tents.2 (2) A methodology to collect weak supervi-
sion signals from various resources without costly
manual annotations. (3) An empirical compari-
son of contextual embeddings models on real to-
do texts, where LITE outperforms various base-
line models including BERT, RoBERTa, Sentence-
BERT/RoBERTa, achieving error reduction of 4.8-
38.7%.

2 User-generated To-do Data

2.1 Data Collection

For training and data analysis, we use a dataset
based on the now-retired Wunderlist task manage-
ment app. The app was available on multiple plat-
forms and had more than 13 million users in 2015.
The dataset (henceforth WL) contains 6.5 million
English to-do texts. Each to-do text includes a
description (e.g., “call mom”) and associated list
name (e.g, “today”). See Appendix A for more
details on how the dataset was anonymized.

We performed a basic linguistic analysis on the
WL data. As observed by Landes and Di Euge-

1Short for Latent Intent Task Embedding
2The code is available at github.com/microsoft/Intent-

based-Task-Representation-Learning

nio (2018), general-purpose analyzers often fail
to analyze to-do texts correctly due to the writing
style and the lack of context words. To alleviate
this problem, we use frequency information ob-
tained from a large corpus to correct automatically
assigned POS tags, through the following 3-step
process. First, we run the spaCy tagger (Honni-
bal et al., 2020)3 to assign POS tags. Then, as
proposed by Keyaki and Miyazaki (2017), we cor-
rect the POS tags based on frequency information
derived from 3 billion sentences from the DepCC
corpus (Panchenko et al., 2018).4 Finally, we apply
the spaCy dependency parser to the texts with the
corrected POS tags and identified main verbs and
arguments.

2.2 Observations
To-do descriptions are very short: The mean
number of tokens per to-do description is
2.4, which is similar to that of search engine
queries (Taghavi et al., 2012), but with two key dif-
ferences: (1) many search queries are intended for
information seeking (Broder, 2002), while to-dos
typically express things to perform or to remem-
ber, and (2) people write search queries with the
capabilities of a search engine in mind, but to-do
descriptions are personal notes to the users them-
selves.
Most to-do descriptions have no action verb: We
observed that 87.8% of to-do descriptions do not
have action verbs. If an action verb is present,
75.1% and 12.7% have a direct object and a prepo-
sitional phrase, respectively. The degree of under-
specification depends on a to-do’s list name. An
action verb is more frequently used in to-do de-
scriptions that appear in generic lists, such as
“inbox”5 (29.7%), “to do” (28.4%), and “today”
(22.1%). When list names already imply a specific
action, the action verb is more likely to be omitted
such as in the “shopping” (3.3%) and “movies to
watch” (4.7%) lists.
List names can be indicative of task intents: For
example, a to-do text (description = “avocados”,

3We use the English model en_core_web_lg v3.0.0
4We extracted the first 100 files from DepCC and re-tagged

the sentences using spaCy. We counted the frequencies of 1-3
grams of token-XPOS pairs and replaced tokens that appeared
fewer than 100 times with an out-of-vocabulary token. The
frequencies were used to score the sequences of the POS to-
kens obtained in the previous step, and replace them with more
frequent ones, if found. One of the authors manually evalu-
ated the 100 frequent to-do descriptions with tags changed by
post-processing and found 17/57 errors were corrected.

5“Inbox” was the default list name in the Wunderlist app.
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BERT-base BERT-base-DA BERT-base-LITE (ours)

(<grocery>, to buy)
(buy <grocery>, to do)
(buy <grocery>, reminders)
(<person>, to call)
(call <person>, to do)
(call <person>, reminders)

Figure 2: t-SNE (van der Maaten and Hinton, 2008) visualization of the embeddings of to-do texts generated by (1)
BERT-base, (2) BERT-base domain-adapted by masked language modeling on WL, and (3) LITE.

list name = “to buy”) signifies the intent “to buy
avocados”, but the same description can appear
also in generic lists, such as “to do” or “reminders”.
When a list name is generic, a task description
needs to be weighted more to accurately capture
the intent of a task. Fig. 2 shows that this is a non-
trivial problem for pre-trained language models
like BERT. The figure visualizes the distribution of
the embeddings of the “buy <grocery>” and “call
<person>” to-do texts6 expressed in two ways: (1)
the descriptions “buy <grocery>” and “call <per-
son>” are paired with generic list names (“to do”
and “reminders”); or (2) the descriptions “<gro-
cery>” and “<person>” are paired with specific
list names (indicating the actions “to buy” and “to
call”). To produce embeddings, we concatenated
descriptions and list names in the input and ex-
tracted their pooled output from the encoders (§3.1).
We can see that a BERT model cannot capture the
similarity within the buy nor call intent groups even
after domain adaptation (DA) to to-do texts (see
§4.3 for more details on DA). Our model, LITE,
can successfully ignore the generic lists and group
similar tasks together.

3 Method: Multi-task Learning (MTL)

We propose a multi-task learning (MTL) frame-
work to represent to-do descriptions along with
their list names (Fig. 3). Our model first encodes
text using off-the-shelf encoders (§3.1). The token
representations along with information about their
types are merged by an intent extractor with multi-
head attention (§3.2). We train the encoder and
extractor on three auxiliary tasks (§3.3,3.4).

3.1 Off-the-shelf Text Encoder
We encode input texts using off-the-shelf pre-
trained transformer-based language models,
BERT (Devlin et al., 2019) and RoBERTa (Liu

6<grocery> stands for grocery items, and <person> stands
for person names taken from the following web pages: vegeta-
blesfruitsgrains.com and ssa.gov/oact/babynames

et al., 2019b).7 Our model takes as input the
concatenation of two types of texts, descriptions
and list names, separated by the token [SEP]:
<s> desc. [SEP] list name </s>, where
<s> and </s> are beginning-of-sentence and
end-of-sentence tokens pre-defined for the encoder.
The encoder converts a sequence of N input
tokens w1, w2, · · ·wN into real-valued vector
representations using multiple layers of attention
mechanism and fully-connected networks. We use
the last hidden states H = {hi}i=1,2,··· ,N as the
contextual token representations of the input.

3.2 Intent Extraction with Attention

List names are often–but not always–indicative of
task intents (§2). For example, a “shopping” list
tends to have items that a user wishes to purchase
and is useful for identifying intents, but some list
names merely express time (e.g., “today”), top-
ics/targets (e.g., “family”), or nothing specific (e.g.,
“things to do”). In these cases, the model should
“pay more attention” to the to-do description.

To handle this, we use a multi-head attention
mechanism (Vaswani et al., 2017; Chaudhari et al.,
2021) to extract a vector representing the intent of
a to-do task and introduce token type embeddings
to explicitly inform a model of text types.

Multi-head attention: An attention mechanism is
suitable to model the variable nature of token im-
portance. We use a multi-head, scaled dot-product
attention mechanism (Vaswani et al., 2017) and
aggregate H based on token importance into the
intent embedding z.

Suppose we have T attention heads. For each
head, we convert a token representation hi ∈ H
into vectors uti,v

t
i ∈ Rd′ by trainable transforma-

tion matrices, W t
u,W

t
v ∈ Rd′×d. We set d′ to d/T .

uti =W t
u tanh (hi) (1)

vti =W t
v tanh (hi) (2)

7Note that our method is applicable to other encoder types.
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[SEP]
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[SEP]
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Figure 3: LITE model overview. We encode input tokens with an off-the-shelf text encoder and feed the hidden
states and type embeddings to an intent extractor to obtain the representation of the to-do task. We train LITE over
three training objectives (1-3) jointly.

We then compute attention scores αt ∈ (0, 1) and
an output vector ot ∈ Rd′ :

αti =
exp (qt

T
uti/
√
d′)

∑N
j=1 exp (q

tTutj/
√
d′)

(3)

ot =

N∑

i=1

αtiv
t
i , (4)

where qt ∈ Rd′ is a trainable vector. Finally, we
obtain an intent vector z by concatenating the out-
put vectors of the T attention heads:

z = Concatenate(o1,o2, · · · ,oT ) (5)

Token type embedding: We introduce token type
embeddings, etask, elist, eother ∈ Rd, to inform a
model of the source of each token. BERT injects
token type embeddings in the lowest layer, the
embedding layer, and we train them during pre-
training (Devlin et al., 2019), but other models do
not (Radford et al., 2018; Liu et al., 2019b; Raffel
et al., 2020). To avoid breaking the pre-trained
parameters of those models, we add type embed-
dings to H and feed it to the multi-head attention
module:

h′i = tanh (hi) + tanh (etype(i)) (6)

where type(i) is the type of the i-th token.

3.3 Auxiliary Tasks for MTL
One straightforward way to train the extractor is to
directly optimize it to predict the intent of a given
to-do task. However, task intents are often obscure
and hard to discretize into a fixed number of cat-
egories. As a result, manual collection of such
categories can be costly and subjective. For exam-
ple, “buy milk” and “buy a car” are both purchase
action, but they differ in many aspects: different lo-
cations, different prerequisite events, and different
motives.

Input(desc., list) Output

(milk, groceries) buy milk
(buy milk, things to do) buy milk
(eggs, costco) buy eggs at costco∗

(Chris, today) call Chris today∗

Table 1: Examples of texts for the autocompletion ob-
jective (§3.3.1). Suppose to-do descriptions “buy milk”,
“buy eggs” and “call Chris” exist in the WL dataset. We
use list-based templates to generate the last two exam-
ples denoted by *.

Instead, we propose to train the extractor on mul-
tiple auxiliary tasks with weak supervision that
provide semantic augmentation to under-specified
to-do texts. The underlying assumption is that tasks
with similar intents have similar target labels/texts
in the auxiliary tasks. Below, we present our three
auxiliary training tasks.

3.3.1 Autocompletion

Motivation: Inspired by Lewis et al. (2020), our
first task focuses on surface-level information of
to-do texts, namely prediction of missing tokens
based on context tokens. Specifically, we feed a
to-do text (the combination of a description and a
list name) to a model, convert it into an intent em-
bedding, and generate the maximal form of a to-do
description that is inferable from the input. We call
this auxiliary task autocompletion objective. We au-
tomatically collect such forms for under-specified
to-do descriptions from the WL dataset.
Data collection: As previously observed, to-do
descriptions under generic lists (e.g., “today”) tend
to be more specified than those under lists whose
names imply specific action. For each to-do de-
scription in our WL dataset, we collect their longer
descriptions (i.e., super-strings) up to five. We also
use several templates for lists that represent loca-
tions and times to further expand descriptions (see
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Input(desc.) Output

buy milk go to store get milk for breakfast
call Chris find number talk to someone
subscribe Netflix go to website watch a movie

Relation used: xNeed xIntent

Table 2: Texts generated for the pre-action and goal
objective (§3.3.2) by COMET (Bosselut et al., 2019;
Hwang et al., 2021).

details in Appendix B). Table 1 shows examples,
two of which were generated with templates. The
resulting dataset contains 1,487,161 pairs of short
and long to-do descriptions. We combine them
with specified to-do descriptions, which already
have action verbs and do not have longer counter-
parts, and sample 2M examples (50% of examples
are under-specified.) During training, one genera-
tion target is picked at random for each instance.

3.3.2 Pre-action and Goal Generation
Motivation: This task aims to represent to-do tasks
based on their prerequisite actions (what we must
do beforehand) and goal events (what we want to
achieve), assuming that tasks with similar intents
have similar prerequisites and goals. Here, a model
is trained to generate prerequisite and goal actions
for a given to-do item (a task description and a list
name). We call this objective pre-action and goal
generation objective.
Data collection: We leverage COMET (Hwang
et al., 2021), a BART model (Lewis et al., 2020)
fine-tuned on ATOMIC20

20, to collect weak super-
vision signals about to-do tasks’ prerequisites and
goals.8 Specifically, we feed a long description of
a to-do task generated in the previous step (§3.3.1)
to the BART model as a prompt followed by a re-
lation token: (1) xNeed (prerequisite) token to
generate the task’s prerequisite or (2) xIntent
(goal) token to generate the task’s goal. We use
beam search with width of 3 and collect the top-3
results for each relation. Table 2 shows generation
results for three example to-dos.

3.3.3 Action Arguments Prediction
Motivation: Different to-do tasks have different
domain-specific arguments. For example, a pur-

8We can retrieve prerequisites and goals of some to-do
tasks from knowledge bases such as ATOMIC20

20 (Hwang et al.,
2021) and ConceptNet (Speer et al., 2017) without relying on
language generation, but it is not always the case that we can
find the action of interest in the existing resources. The use of
COMET is advantageous in handling unseen actions as shown
by several studies (Bosselut et al., 2019; Hwang et al., 2021).

Input(desc.) Output

buy milk Buyer, Goods Money, · · ·
call Chris Addressee, Topic, · · · Medium, · · ·
FEs used: Core Non-core

Table 3: Labels collected from FrameNet (Ruppen-
hofer et al., 2016) for the action arguments prediction
task (§3.3.3).

chase task must have a purchase target, and possi-
bly a price argument. In contrast, contact tasks usu-
ally have a receiver and a topic of communication
argument. We design a multi-label training task
called action arguments prediction, where, given a
description and a list name, a model predicts all the
action arguments associated with the to-do task.
Data collection: We use FrameNet (Ruppenhofer
et al., 2016), a manually-created database on the
meaning and usage of English words/phrases. Se-
mantic representations are defined for concepts and
events (called frames) and for their semantic ele-
ments (called frame elements, FEs); example texts
that trigger frames and FEs are also provided. FEs
can be core FEs (essential information for a frame),
or non-core (optional). Table 3 shows examples.

Using the “long” to-do descriptions collected
for the autocompletion task (§3.3.1), we identify
frames in them using an off-the-shelf frame identi-
fier (Swayamdipta et al., 2017). As our focus is on
to-do tasks, we discard frames whose root frame
is not Event. We then collect FEs for each frame
from FrameNet. If a to-do description has two or
more frames, we take the union of their FEs. For
non-core FEs, we calculate importance weights
by TF-IDF over the whole FrameNet repository
so that common FEs appearing in many frames
(e.g., Manner) have low weight. We normalize
the weights into (0, 1] by dividing them by the
maximum weight.

3.4 Optimization

For the autocompletion as well as the pre-action
and goal generation tasks, we employ a two-layer
GRU (Cho et al., 2014) decoder with a cross-
attention mechanism (Luong et al., 2015). We
use the embedding layer of the encoder also in
the decoder. We train the model to minimize the
following cross-entropy loss for each instance:

Lgen = −
M∑

j=1

logP (yj |y<j , z, H), (7)
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where M is the length of the output text. We ap-
ply label smoothing with a smoothing factor of
0.1 (Pereyra et al., 2017).

For the action arguments prediction task (multi-
label classification), we use GILE as a label-
embedding approach (Pappas and Henderson,
2019). Given an intent embedding and label em-
bedding, GILE projects them into a joint vector
space and computes an association score from their
element-wise product. Concretely, for each label l,
we calculate its score P (l) ∈ (0, 1) as follows:

ein = Act(Winz) (8)

e
(l)
label = Act(Wlabelv

(l)) (9)

P (l) = Sigmoid
(
Wout(ein ⊙ e(l)label)

)
,

(10)

where v(l) ∈ Rd is a pre-computed label embed-
ding (constant), Act is an activation function and
Win,Wlabel ∈ Rd×d and Wout ∈ R1×d are model
parameters. To compute the label embeddings for
FEs (Eq(9)), we encode the definitions of FEs in
FrameNet with pre-trained transformer models.

We define the loss function to be:

Lclf =
1
C

∑C
c=1 (c logP (c) + (1− c) log (1− P (c))),

(11)
where C is the number of classes.

We optimize a model to minimize the following
weighted loss across three MTL objectives:

L =
∑

task

Ltask

logNtask
, (12)

where Ntask is the number of target labels in a sub-
task (Aghajanyan et al., 2021).

4 Experiments

Our aim is to obtain a single, general-purpose
representation model that is effective on various
downstream applications. We run LITE on top of
BERTbase, BERTlarge, and RoBERTa and evaluate
its performance.

4.1 Evaluation Tasks
We evaluate LITE on four downstream tasks (Ta-
ble 4): (1) urgent and important to-do detection
(UIT), (2) actionable to-do classification (AT),
(3) co-located and co-timed to-do pair detection
(CoLoc and CoTim), and (4) intent detection (ID).
Urgent and Important To-do Detection (UIT):
The goal of this task is to detect urgent or important

tasks, an essential step for to-do prioritization in
real applications. To evaluate this task we use a
proprietary dataset (derived from WL) containing
2,254 human-labeled to-do descriptions. Each de-
scription is categorized into urgent and not-urgent
classes based on the majority vote of 3 annotators.
This dataset does not provide list names, hence we
use a dummy list name “inbox” for LITE.

Actionable To-do Classification (AT): This task
aims to identify to-do tasks that require a concrete,
individual action to accomplish (ActionableTask)
(e.g., “Sign up for dance class”). We evaluate this
task using a proprietary dataset (derived from WL)
containing 12,189 to-dos. Each instance consists
of a description and a list name, and is manually
categorized into ActionableTask, Note, and Action-
ableCollection. A Note is a list item that users add
for future use, without the need for immediate ac-
tion (e.g., “baby names”). Tasks that are labeled as
ActionableCollection are not performed individu-
ally but rather as part of a collection of items in a
larger task: “tomatoes” in the “groceries” list, for
example, are part of the larger task "do groceries"
where all the individual to-dos are addressed at the
same time and location. Each example was anno-
tated by 3 annotators, the majority label is the gold
label. Tasks where one or more annotators were
unsure about the correct label were eliminated.

Co-located and Co-timed To-do Pair Detection
(CoLoc/CoTim): This task focuses on the loca-
tion and time where to-do tasks are accomplished.
Time and location are particularly powerful cues
for task recommendations and reminders (Graus
et al., 2016). In this task, given a pair of to-do items,
the model predicts whether the two to-do tasks can
be completed in the same location (CoLoc) or at
the same time (CoTim). To evaluate this task we
use the MS-LaTTE (Jauhar et al., 2021) dataset
(derived from WL), which contains 25,000 pairs of
to-do tasks (description + list name), of which 398
are labeled as CoLoc and 401 as CoTim.

Intent Detection (ID): This task focuses on pre-
dicting the intent associated with a to-do descrip-
tion. We use Landes and Di Eugenio (2018)’s
dataset, which contains 253 to-do instances, each
one labeled with one of nine intent classes (“calen-
dar”, “find-service”, “buy”, etc.). No list name is
provided in this dataset, so we use the generic list
name “inbox” for LITE.
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Task Size Example: (description, list name) [class]

Urgent and Important To-do Detection (UIT) 2,254 (pick up packages at FedEx, n/a) [urgent],
(sign up for HBO, n/a) [non-urgent]

Actionable To-do Classification (AT) 12,189 (Sign up for dance class, inbox) [Actionable],
(tomatoes, groceries) [ActionableCollection],
(StarWars, movies to watch) [Notes]

Co-located To-do Pair Detection (CoLoc) 25,000 (fix tv, inbox)-(clearn sink, today) [+],
(fix tv, inbox)-(refill medicines, today) [-]

Co-timed To-do Pair Detection (CoTim) 25,000 (get breakfast, daily)-(check news, inbox) [+],
(get breakfast, daily)-(pickup dryclearner, inbox) [-]

Intent Detection (ID) 253 (schedule appointments with site managers, n/a) [calendar],
(fix the CD ROM drive on my computer, n/a) [find-service]

Table 4: Evaluation tasks. Note that the UIT and ID datasets do not have list names.

4.2 Setup
In all tasks, we first generate vector representations
of instances in the dataset with a pre-trained en-
coder and train a simple classifier on them. The
quality of the embeddings is measured by the per-
formance of the classifier. We use a logistic re-
gression classifier implemented in scikit-learn (Pe-
dregosa et al., 2011), with or without a penalty term.
To train a classifier for CoLoc and CoTim, which
provide two to-do descriptions as input (see section
4.1), we concatenate the vector representations of
the two items along with their element-wise prod-
uct and difference vectors (Mou et al., 2016).

We generate 20 sets of training, validation, and
test splits at random (Gorman and Bedrick, 2019)9,
and, in each trial, we use a validation split to tune
hyperparameters by grid search (a regularization
∈ {None, L1, L2} and a regularization coefficient
∈ {2−5, 2−4, 2−3, 2−2, 2−1, 1}).
4.2.1 Implementation Details
We implemented our MTL framework using Py-
Torch v1.10.0 (Paszke et al., 2019) and ran ex-
periments on NVIDIA GeForce GTX TITAN X
and RTX A6000 (for BERTlarge). We use un-
cased BERTbase, uncased BERTlarge, and cased
RoBERTabase, in the transformers library
v4.6.1 (Wolf et al., 2020) with the default pa-
rameters for dimensions, activation functions, and
dropout. We set the number of attention heads
in the extractor and the dimension of hidden
states based on the choice of a text encoder,
namely (T, d) = (12, 768) for BERTbase-LITE
and RoBERTa-LITE, and (T, d) = (16, 1024) for
BERTlarge-LITE. We applied dropout of 0.1 to our
modules except for the output layers. We optimized
the model parameters using AdamW (Loshchilov

9We split data into 6:2:2 for UIT, AT, and CoLoc/CoTim,
and 8:1:1 for ID.

and Hutter, 2019) with batch size of 2,048, learning
rate of 5e-5, L2 weight decay of 0.01, and linear
learning rate decay with warm-up steps of 2% of
the total steps. We also apply gradient norm clip-
ping of 1. We train our models for 15 epochs, and
freeze the transformer encoder for the first 5 epochs.
We sampled 3,459 examples as validation data, on
which we evaluate a model every epoch, and termi-
nate training if the validation loss does not improve
for three consecutive epochs. We tuned hyperpa-
rameters and architectural choices (§3.2) based on
the average validation scores over 20 random trials
on all the datasets (more details in Appendix C).

4.3 Baselines

We compare the following encoders as baselines.10

BERT (Devlin et al., 2019): We take the embed-
ding of the first token, [CLS], to represent a to-do
text. [CLS] embeddings are trained to represent
the whole input sequence by next sentence predic-
tion (NSP). We compare the base (12 layers, 768D)
and large (24 layers, 1024D) models.

RoBERTa (Liu et al., 2019b): We take the aver-
age of the last hidden states to represent an input
sequence as RoBERTa is not trained with NSP. We
use RoBERTa base(12 layers, 768D).

Motivated by Gururangan et al. (2020), we also
compare the domain-adapted (“DA”) version of
BERT and RoBERTa. We perform additional pre-
training to BERTbase and RoBERTa on the 6M
raw to-do texts (<s> description [SEP] list name
</s>) from WL.

Sentence-Transformer: We also test off-the-
shelf general-purpose sentence encoders based
on Transformers. These encoders are pre-trained
to induce sentence embeddings with siamese and

10We evaluate additional baselines in Appendix E. The
implementation details can be found in Appendix F.
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UIT AT CoLoc CoTim ID
Prec. Rec. F1 Acc. Prec. Rec. F1 Prec. Rec. F1 Acc.

BERT .826 .798 .811 .906 .800 .917 .855 .511 .362 .423 .628
BERT-DA .862 .821 .840 .928 .801 .921 .857 .510 .386 .439 .614
Sentence-BERT .821 .787 .803 .901 .817 .892 .853 .499 .396 .442 .542
BERT-LITE .871 .855 .863 .932 .826 .901 .862 .511 .409 .454 .670

RoBERTa .805 .763 .783 .868 .777 .923 .844 .492 .335 .398 .506
RoBERTa-DA .819 .745 .779 .913 .787 .922 .849 .488 .360 .414 .500
Sentence-RoBERTa .831 .789 .809 .897 .820 .893 .855 .493 .386 .433 .572
RoBERTa-LITE .871 .847 .859 .919 .826 .905 .864 .509 .402 .449 .674

BERTlarge .817 .795 .805 .896 .805 .910 .854 .488 .404 .442 .636
BERTlarge-LITE .863 .849 .855 .936 .830 .907 .867 .516 .441 .475 .718

Table 5: Results on downstream applications. The best scores in each text encoder are denoted in bold, and the
overall best scores are underlined. The results of statistical significance tests can be found in Appendix D.

triplet network on top of pre-trained Transformer
models (Reimers and Gurevych, 2019). We use
the pre-trained encoder based on BERTbase and
RoBERTa base. The encoders are trained on about
286k of natural language inference and textual sim-
ilarity instances.

4.4 Results

Table 5 shows our main results. LITE consistently
achieves the best performance on all tasks for all
three encoders, demonstrating the generality of the
learned representations. DA brings in performance
improvements but only marginally on most tasks11.
This is probably because to-do texts are too short
to perform effective language model training.

Sentence-Transformers have proven effective
in various sentence-level tasks (Reimers and
Gurevych, 2019), but it is not the case in this exper-
iment. The vanilla BERT and RoBERTa encoders
perform on par with their Sentence-Transformer
counterparts and in some cases outperform them.
We conjecture that those sentence encoders cannot
leverage contextual information effectively as they
are pre-trained on sentences that are quite different
from to-do texts. Our training framework can also
fine-tune Sentence Transformers to adapt them to
short and under-specified to-do texts, which we
leave for future work.

Our goal is to train a general-purpose encoder.
However, the interested reader can find an evalua-
tion of task-specific fine-tuning in Appendix G.

11It is also possible to combine domain adaptation by lan-
guage modeling and LITE, however, it underperformed LITE
overall. With BERTbase, the performance were UIT 0.873, AT
0.931, CoLoc 0.863, CoTim 0.447, and ID 0.656.

UITF1 ATAcc CoLocF1 CoTimF1 IDAcc

Full .863 .932 .862 .454 .670
-Ac .855 .931 .861 .448 .656
-PG .859 .923 .860 .449 .726
-Aa .857 .928 .860 .440 .702

Table 6: Ablation study on BERT-LITE demonstrat-
ing the effect on F1 and accuracy scores of removing
(A)uto(c)ompletion, (P)re-action and (G)oal generation,
or (A)ction (A)rguments prediction.

List Attn. × Norm

errands .036±.004
to do list .040±.003
things to do .040±.003
movies to watch .040±.004
house to do .041±.004
...
trip .093±.005
target .094±.006
cleaning .097±.005
bring .097±.006
movies .098±.007

Table 7: To-do lists that are assigned low and high
attention weight× vector norm scores by LITE. Generic
lists are denoted in bold, and specific lists in italic.

4.5 Analysis

Table 6 shows the contribution of our auxiliary
tasks to the overall performance. The full model
performs the best in all the tasks except ID.

As discussed earlier, our model needs to com-
bine information from descriptions and list names
to infer the meaning of to-dos. We show that our
model successfully learns when to attend lists. We
extract list names from the AT dataset that appear
with more than 17 different to-do descriptions (90%
percentile) and analyze the product of attention
weights and vector norms of descriptions and list

2417



tokens (Kobayashi et al., 2020). Table 7 shows list
names with the highest and lowest average scores
assigned by BERT-LITE. Generic list names have
low scores (‘to do list”, “house to do”) while spe-
cific (action-related) list names have much higher
scores (“bring”, “cleaning”).

However, we believe it would not be prudent to
just ignore generic lists as they can still convey se-
mantic/pragmatic clues. For example, a list named
“wishlist” typically has to-dos which a user does
not need to act on immediately. Hence, this list is a
strong indicator of a non-actionable task (in AT).

5 Related Work
To-do Management: Intelligent systems can as-
sist users with task management in many ways (Gil
et al., 2012). To-do tasks can be inferred automat-
ically from emails (Mukherjee et al., 2020). Sys-
tems can detect types of to-do items and suggest
relevant applications or resources to users (Landes
and Di Eugenio, 2018; Gil et al., 2012; Shah and
White, 2021). Once to-do tasks have been created,
a system can help users manage the completion
progress, e.g., by sending reminders (Graus et al.,
2016). Complex tasks can be decomposed automat-
ically into more manageable sub-steps (Nouri et al.,
2020; Zhang et al., 2021). In all these use cases, a
common step is to represent the input language as
computational vector representations, but none of
the existing studies has produced general-purpose
representations of to-do tasks.

Short-text Representations: Multiple NLP ar-
eas involve very short texts with some unique
characteristics. Several methods have been de-
veloped for tweets (e.g., Nguyen et al., 2020).
Tweets pose the added challenge of containing
many non-standard colloquial expressions and con-
tain non-language text like URLs. Still, Wang et al.
(2020) present a similar finding to ours: massively
pre-trained encoders do not always perform well.
Search queries are also short, with an average of
three terms (Taghavi et al., 2012). Unlike to-dos,
information such as click logs (Zhang et al., 2019)
can be used as an indicator of user intent. Another
key difference is that search queries are written
with the goal of having a machine interpret them.

Multi-task Learning: Multi-task learning im-
proves the performance of pre-trained language
models in various NLP tasks (Liu et al., 2019a;
Shuster et al., 2020; Aghajanyan et al., 2021). The
common perception in the research community is

that auxiliary training tasks are effective when they
are similar to the target domain/task (Shui et al.,
2019). However, there are few relevant tasks and
datasets for the to-do domain. Our study is the first
work to propose a time- and cost-efficient way to
harvest weak-supervision for MTL in that domain.

6 Conclusion

We discussed how to produce general-purpose rep-
resentations of short and under-specified to-do texts
for performing various kinds of intelligent task as-
sistance with a single encoder. Our method, LITE,
uses a multi-head attention mechanism with token
type embeddings on top of an off-the-shelf con-
textual text encoder to effectively induce semantic
information from the combination of to-do descrip-
tions and list names. The model is trained using
three auxiliary tasks: autocompletion, pre-action
and goal generation, and action arguments predic-
tion.

We applied LITE to BERTbase, BERTlarge, and
RoBERTa and compared them with various base-
line models on four downstream tasks. LITE con-
sistently outperformed the baselines, demonstrat-
ing the effectiveness of our method.
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list name Expansion

<date> (description) on <date>
<shop> (description w/ verb) at <shop>

buy (description w/o verb) at <shop>
netflix watch (description w/ verb) on netflix
mom (description) for mom

Table 8: Examples of the templates used to generate
autocompletion data. Tokens added by the templates are
denoted in bold (<date>=monday,tuesday,weekend,· · · ,
<shop>=costco,wholefoods,· · · , etc.)

UITF1 ATAcc CoLF1 CoTF1 IDAcc

None .860 .900 .860 .443 .676
Input .851 .923 .856 .448 .670
Intent ext. .856 .929 .863 .453 .714

Table 9: Best validation scores with different type em-
bedding settings: no token-type embeddings, injection
into the input layer, and injection into the intent extrac-
tor. The models were trained on a 500k subset of the
Wunderlist dataset.

outcome to other languages due to the dependence
on English resources (knowledge bases used for
training COMET and English FrameNet).

B Templates for Autocompletion Data

We used 312 hand-crafted templates for collect-
ing the autocompletion data. We first created tem-
plates for common nouns used in list names such
as “today”, “monday”, “mom”, and “home”. We
then used a publicly available dataset12 to mine
list names that represent company names such as
“costco” and “target”. We show some examples in
Table 8.

C Architecture Search

We present the validation scores with different ar-
chitectural choices in Table 9 (how to inject type
embeddings) and Table 10 (number of attention
heads in the intent extractor). We used BERTbaseas
a base text encoder and trained BERT-LITE on
500k samples of our dataset.

D Statistical Significance Test

Following the recommendation of Gorman and
Bedrick (2019), we performed a permutation test
with 5,000 trials between vanilla Transformer vs.
DA, vanilla Transformer vs. LITE, and DA vs.

12kaggle.com/peopledatalabssf/free-7-million-company-
dataset/version/1

UITF1 ATAcc CoLF1 CoTF1 IDAcc

1 .857 .893 .856 .446 .650
4 .862 .925 .862 .450 .700
8 .860 .923 .862 .447 .740
12 .856 .929 .863 .453 .714

Table 10: Best validation scores with different numbers
of attention heads (T ). The models were trained on a
500k subset of the Wunderlist dataset.

UIT AT CoL CoT ID

BERTbase

vanilla < DA 0 20 0 1 0
vanilla < LITE 7 20 4 8 0
DA < LITE 1 0 1 2 0
Sent. < LITE 14 20 5 0 0

RoBERTa
vanilla < DA 0 20 3 2 0
vanilla < LITE 20 20 20 19 1
DA < LITE 13 1 20 10 1
Sent. < LITE 6 20 6 0 0

BERTlarge

vanilla < LITE 6 20 3 9 1

Table 11: The number of random trials (out of 20) where
the test score of the model on the right side is signifi-
cantly better than the model on the left side after Bon-
ferroni correction (α = 0.05).

LITE for each of twenty trials. We applied Bonfer-
roni correction to the obtained p-values (Dror et al.,
2017) to avoid over-estimate statistical significance.
Table 11 reports the number of random trials where
one model’s score is significantly higher than that
of the other model (α = 0.05). We can see that
LITE performs significantly better than the vanilla
counterpart more often than DA does. The results
show that RoBERTa-LITE’s score is even signifi-
cantly higher than that of RoBERTa-DA in some
tasks (UIT, CoLoc and CoTim).

E Additional Baseline Results

In this section, we present experimental results with
the following additional baselines:
GPT-2 (Radford et al., 2018): We take the aver-
age of the last hidden states to represent an input
sequence as we do for RoBERTa. Unlike BERT
and RoBERTa, GPT-2 is a unidirectional encoder.

Sentence-MPNet: MPNet is a Transformer-
based pre-trained language model that is re-
ported to outperform BERT and RoBERTa (Song
et al., 2020). Sentence-Transformer (Reimers
and Gurevych, 2019) based on MPNet (Sentence-
MPNet) is trained on 1.2B sentences from vari-
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UIT AT CoL CoT ID
Prec. Rec. F1 Acc. Prec. Rec. F1 Prec. Rec. F1 Acc.

GPT-2 .845 .803 .823 .908 .805 .907 .853 .501 .353 .414 .544

Sentence-MPNet .865 .834 .849 .919 .798 .924 .856 .499 .386 .435 .654

word2vec .856 .804 .829 .789 .780 .925 .846 .493 .284 .360 .628
word2vec-DA .857 .816 .835 .805 .798 .896 .844 .506 .279 .360 .604
fastText .856 .816 .835 .797 .780 .923 .845 .492 .282 .358 .678

BERT-LITE .871 .855 .863 .932 .826 .901 .862 .511 .409 .454 .670
RoBERTa-LITE .871 .847 .859 .919 .826 .905 .864 .509 .402 .449 .674
BERTlarge-LITE .863 .849 .855 .936 .830 .907 .867 .516 .441 .475 .718

Table 12: Performance of additional baseline models and LITE (from Table 5) on downstream applications. The
overall best scores are denoted in underlines.

UIT AT CoLoc CoTim ID
Prec. Rec. F1 Acc. Prec. Rec. F1 Prec. Rec. F1 Acc.

BERT .828 .840 .833 .938 .898 .942 .919 .542 .608 .563 .320
RoBERTa .849 .859 .853 .940 .864 .952 .905 .411 .432 .384 .288

Table 13: Result of in-dataset fine-tuning.

ous tasks and is considered to be the best-quality
general-purpose encoder (Reimers, 2021).
word2vec and fastText: Unlike the other base-
line encoders, word2vec (Mikolov et al., 2013) and
fastText (Bojanowski et al., 2017) do not contextu-
alize embeddings. We use a 300D word2vec model
trained on Google News 100B and extend it by
Magnitude (Patel et al., 2018) for OOV words. For
fastText, we use a 300D model trained on Common-
Crawl 2M. We also train a word2vec model from
scratch on the same texts without special tokens as
the domain-adapted version (DA).

Results (Table 12): GPT-2 performed worse than
BERT and RoBERTa. Sentence-MPNet is trained
with a huge amount of additional training data but
still under-performs LITE. word2vec and fastText
performed similarly and outperform vanilla BERT
and RoBERTa on UIT and ID. The two datasets
do not provide list names as input and have fewer
data points than the other datasets. Thus, we con-
jecture that (1) there is not enough word context
that vanilla BERT and RoBERTa can leverage and
(2) the dimension of embeddings is too high for
a classifier to find generalizable patterns from a
small amount of data.

F Implementation Details of Baselines

We implemented the baseline encoders with the
following libraries.
Transformers: We used Huggingface’s
transformers library (Wolf et al., 2020) to run

pre-trained Transformer models.

Sentence Transformers: We use the Sentence-
BERT library (Reimers and Gurevych, 2019)13 to
run pre-trained sentence encoders. We used the
following pre-trained models:

BERT: roberta-base-nli-stsb-mean-tokens14

RoBERTa:
roberta-base-nli-stsb-mean-tokens15

MPNet: all-mpnet-base-v216

G Fine-tuning BERT and RoBERTa

We present the performance of BERT and
RoBERTa fine-tuned on downstream datasets. Note
that our main goal is to train a general-purpose en-
coder that does not need to be re-trained for each
downstream task as we describe in §1. We aim to
answer the following two hypothetical questions.

Q1 (In-dataset fine-tuning): How well could
BERT and RoBERTa perform if they were
fine-tuned on the target dataset? This
approach is commonly practiced for task-
specific representations (Devlin et al., 2019).

13www.sbert.net/
14huggingface.co/sentence-transformers/bert-base-nli-

stsb-mean-tokens
15huggingface.co/sentence-transformers/roberta-base-nli-

stsb-mean-tokens
16huggingface.co/sentence-transformers/all-mpnet-base-

v2
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→Test

↓Train UIT AT CoLoc CoTim ID

UIT .833 .638 .793 .394 .110
AT .604 .938 .801 .405 .134
CoLoc .497 .560 .919 .394 .116
CoTim .325 .512 .814 .563 .148
ID .362 .541 .782 .394 .320

LITE .863 .932 .862 .454 .670

(a) BERTbase

→Test

↓Train UIT AT CoLoc CoTim ID

UIT .853 .645 .793 .373 .112
AT .536 .940 .798 .372 .110
CoLoc .412 .570 .905 .328 .104
CoTim .276 .513 .823 .384 .106
ID .359 .509 .796 .360 .288

LITE .859 .919 .864 .449 .674

(b) RoBERTabase

Table 14: Test performance of fine-tuned BERT and
RoBERTa. The diagonal cells show the performance
of the models trained with the in-dataset fine-tuning
setting.

Q2 (Cross-dataset fine-tuning): How well could
BERT and RoBERTa perform on the target
dataset if they were fine-tuned on another
dataset? (Were the fine-tuned encoders gener-
alizable to multiple to-do datasets?)

Setup: We fine-tune and evaluate BERTbase and
RoBERTabase models on the 20 random splits
used in the main experiments. We follow Devlin
et al. (2019) and add a linear classification layer
that takes in the final hidden state of the first to-
ken ([CLS] token). For fine-tuning, the encoder
and classifier are trained to optimize a binary cross
entropy loss (UIT, CoLoc, and CoTim) or a cross
entropy loss (ID and AT). We use the same opti-
mization configurations described in §4.2.1. We
continue training for 5 epochs and take the check-
point that achieves the best validation score. For
the cross-dataset experiment, we initialize the en-
coder with the fine-tuned parameters and freeze
it during training. We use the same optimization
settings except that we set a learning rate to 0.001.

A1 (Table 13): As expected, the fine-tuned mod-
els perform better than LITE on several datasets
(AT, CoLoc, and CoTim with BERT, and AT with
RoBERTa). When the main goal is to build task-
specific representations, and there is a sufficiently
large training dataset, task-specific fine-tuning will
be a better solution than LITE. However, the result

shows the fine-tuned models do not always outper-
form LITE. We conjecture that for datasets without
a sufficient number of training instances like UIT
and AT, a fine-tuning strategy is not very effective.

A2 (Table 14): Performance consistently drops
when the encoders are trained on another dataset,
and all the scores are far below those of
BERT/RoBERTa-LITE. This result indicates that
LITE is more effective for training generalizable
encoders than fine-tuning on a single dataset.
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Abstract

The creation of a quality summarization dataset
is an expensive, time-consuming effort, requir-
ing the production and evaluation of summaries
by both trained humans and machines. The
returns to such an effort would increase sig-
nificantly if the dataset could be used in ad-
ditional languages without repeating human
annotations. To investigate how much we
can trust machine translation of summariza-
tion datasets, we translate the English Sum-
mEval dataset to seven languages and com-
pare performances across automatic evaluation
measures. We explore equivalence testing as
the appropriate statistical paradigm for eval-
uating correlations between human and auto-
mated scoring of summaries. We also con-
sider the effect of translation on the relative
performance between measures. We find some
potential for dataset reuse in languages simi-
lar to the source and along particular dimen-
sions of summary quality. Our code and data
can be found at https://github.com/
PrimerAI/primer-research/.

1 Introduction

A large summarization dataset includes thousands
of texts and human-written summaries (for exam-
ple, CNN/Daily Mail (Hermann et al., 2015)). In
order to make it applicable for wider research, it
may also contain machine-generated summaries
by many models, accompanied by human and ma-
chine evaluations of the quality of the generated
summaries (Fabbri et al., 2021). The human an-
notation alone is a complicated effort, requiring
careful planning and setup (Kryscinski et al., 2020;
Tang et al., 2021; Iskender et al., 2021).

What purpose do the human annotations serve?
Their main utility is serving as a benchmark for
automated evaluation measures. Researchers de-
sign measures to closely approximate human judg-
ment in order to increase the pace of summarization
model improvement. As summarization resources

grow for English-language models, it becomes in-
creasingly important to consider whether we can
repurpose these datasets for use in other languages
as well.

Given a method that could produce flawless
translations, the original human annotations quite
clearly remain useful, as the relative rankings of
the summaries would be invariant. In this sce-
nario, comparing automated measures in another
language with the English human scores produces
valid conclusions.

In practice, however, translation will introduce
some distortions — both mild and extreme — that
can spoil the utility of the original annotations.
While a "uniform" distortion over all texts would
preserve the relations among evaluation measures,
this too is an unrealistic assumption as translation
will correct and simplify some texts, introduce er-
rors into others, and push components of text qual-
ity like relevance, coherence, and fluency in dif-
ferent directions (Fomicheva et al., 2021; Freitag
et al., 2021). We are left to ask how to determine
whether it is still practical to rely on the original hu-
man annotations for at least some quality measures
and alternate languages?

In this paper, we seek to address this question
through two quantitative explorations of automated
evaluation measures under translation. First, we de-
termine how often the correlation between a given
measure and the original human annotations re-
mains equivalent under translation. Second, we
consider if one automated measure aligns more
closely with human judgment than another in En-
glish, how often their relative positions are main-
tained after the translation. We conduct this inves-
tigation using the SummEval dataset (Fabbri et al.,
2021), the largest corpus of English-language hu-
man annotated text summaries widely available.
We translate this dataset from English to seven lan-
guages and evaluate the correlations between au-
tomated summary evaluation measures and human
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annotations. Using equivalence tests, we show that
some aspects of summary quality ranking are pre-
served under translation for languages with similar
alphabets and grammars to English. While we find
some reasons for optimism about the potential for
dataset reuse, our work clearly demonstrates that
more research is needed to make translated datasets
useful for a diverse set of languages.

2 Data and Models

We focus our analysis on the portion of SummEval1

that includes human annotations. It consists of
100 texts, each accompanied by 11 human-written
reference summaries and 17 machine-generated
summaries produced by different models. Each
machine-generated summary is annotated by three
experts and five crowd workers using a five-point
scale for four quality measures: coherence, consis-
tency, fluency, and relevance. For simplicity, we
create a composite rating by averaging the expert
scores for each quality of a given text-summary
pair.

We translate all 100 source texts, 1100 human
reference summaries, and 1700 machine-generated
summaries into seven languages — French, Ger-
man, Italian, Spanish, Afrikaans, Hindi, and
Russian — using translation models trained and
uploaded to the Hugging Face Model Hub by
Helsinki-NLP2 and accessed via the transformers
library (Wolf et al., 2020). The specific models
used for translation are named ‘opus-mt-L1-L2’,
where one of L1 or L2 is ‘en’ (English), and the
other is one of the languages ‘af’, ‘de’, ‘es’, ‘fr’,
‘hi’, ‘it’, or ‘ru’.

In each language version of the dataset, we
score machine-generated summaries with a few
common or promising automated evaluation mea-
sures that could be applied to all eight languages.
We calculate the following truly automated (not
needing human written reference summaries) mea-
sures: Jensen-Shannon (Louis and Nenkova, 2009),
ESTIME (Vasilyev and Bohannon, 2021a)3 and
BLANC (Vasilyev et al., 2020)4. We also calcu-
late the following reference-based automatic eval-
uation measures: BLEU (Papineni et al., 2002),
BERTScore-F15 (Zhang et al., 2020), and ROUGE

1https://github.com/Yale-LILY/SummEval
2https://huggingface.co/Helsinki-NLP
3https://github.com/PrimerAI/blanc/tree/master/estime
4https://github.com/PrimerAI/blanc
5https://github.com/Tiiiger/bert_score

(Lin, 2004) as ROUGE-1,2,L6. These measures
were selected to cover a wide range of strengths
and weaknesses in replicating human judgment
(see Appendix C for more detail). We use the same
original human annotations provided by the Sum-
mEval dataset as annotations in each of the seven
translated languages.

We used ‘bert-base-multilingual-cased’ as the
underlying model for BLANC and ESTIME.
While other choices of underlying model could
produce higher correlations with human annota-
tions in English, this multilingual model was se-
lected to provide a more uniform performance
across languages. BERTScore relies on ‘bert-
base-multilingual-cased’ for all languages except
English, for which it uses the model ‘roberta-
large’. ESTIME embeddings were taken from the
10th transformer block layer instead of the final
12th layer. We followed Vasilyev and Bohannon
(2021a), where it was shown that for the larger
model ‘bert-large-uncased-whole-word-masking’
the 21st layer delivers the better performance than
the 24th and final layer.

We calculate correlations between automated
evaluation measures in each language and the hu-
man annotations on the original English dataset.
We seek to answer whether these correlations are
reasonably independent of the language. In other
words, can we rely on such correlations to pro-
vide consistent judgement of evaluation measures
in other languages?

3 Comparisons within Measures

3.1 Simple Correlations

It has become standard in the summarization lit-
erature to judge the performance of an automated
measure by the correlation of its scores with human
evaluation of summaries (e.g. Zhang et al. (2020),
Deutsch et al. (2021)). Figure 1 shows Spearman’s
ρ and Kendall’s τ correlation coefficients between
the expert human evaluations and the automated
measures run on the English summaries found in
the SummEval dataset. Each correlation is calcu-
lated over a pair of 1700 length vectors — one
composed of the expert scores along a particular
quality and the other containing scores produced by
an automated measure for all machine-generated
summaries.

6https://github.com/google-research/google-
research/tree/master/rouge
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Figure 1: Spearman’s ρ and Kendall’s τ correlations of expert human scores (coherence, consistency, fluency,
relevance) with automated evaluation measures for the original English summaries. Note: JS (Jensen-Shannon) and
ESTIME correlations are negated.
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Figure 2: Spearman’s ρ and Kendall’s τ correlations between automated evaluation measures in English and in
translated languages German (DE), French (FR), Spanish (ES), Italian (IT), Afrikaans (AF), Hindi (HI), and Russian
(RU).

The correlations are consistently weak, indicat-
ing that the measures rely on different features
than human evaluations of a summary. ESTIME,
BERTScore, and Jensen-Shannon all demonstrate
somewhat higher correlations in at least some mea-
sures of quality, perhaps reflecting a more nuanced
approach to summary scoring.

Automated evaluation of summarization mod-
els is still an evolving field. While most measures
disagree with human judgment often, they are still
widely used as points of comparison across model
outputs. Therefore, it remains highly relevant to
determine whether translation preserves the judg-
ments rendered by the automated measures.

We may consider an evaluation measure to be
useful under translation if the scores it assigns to
summaries are consistent across languages, perhaps
in absolute value but at least in the rank ordering
of summaries. Therefore such a measure would ex-
hibit high correlation between its values on English
summaries and those for the summaries translated

to other languages. Figure 2 shows Spearman’s ρ
and Kendall’s τ correlation coefficients between
the automated measures run on the English corpus
and each translated corpus.

For a given measure, the correlations across lan-
guages are generally much stronger than those be-
tween automated measures and human evaluations
in English seen in Figure 1. For languages with
the strongest correlations to the English measures,
this result provides some promise that translation
might introduce minimal additional noise, meaning
the evaluation measure provides consistent signal
across languages.

The reference-based measures generally show
stronger correlations (ρ > 0.6, τ > 0.5) between
English and German, French, Spanish, Italian, and
Afrikaans translations. For Russian and Hindi,
they show weaker correlations, drastically so for
ROUGE measures. Among the reference-free mea-
sures, Jensen-Shannon and BLANC demonstrate
similar patterns of performance. These results at
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Figure 3: Results of tests of equivalence for each automated measure (y-axis), language (x-axis), and quality
measure (coherence, consistency, fluency, relevance). Blue squares indicate p-value ≤ 0.05 while red highlights
indicate the result remained significant after applying Benjamini-Yekutieli correction for FDR control. Left: Results
for TOST with standard deviation margin of equivalence. Right: Results for TOST with constant 0.05 margin of
equivalence.

least suggest that measures may prove useful when
translating datasets to languages with similar ori-
gins (here Italic or Germanic languages). However,
ESTIME shows weak correlations across languages
with a smaller drop in correlation between Western
European derived languages and Hindi and Rus-
sian.

3.2 Significance Tests

Given the promising results in Section 3.1, we
seek to test whether correlations between an au-
tomated measure and the original expert scores are
statistically invariant when run on the English and
translated summaries. Since human evaluations
are split into four qualities - coherence, consis-
tency, fluency, relevance - we consider correlations
separately along each measure. For example, we
look to answer whether the correlation between
English BLANC scores and English expert scores
for relevance is equivalent to the correlation be-
tween German BLANC scores and English expert
scores for relevance. We consider this a natural test
of an automated measure’s utility after translation,
as we hope measures will reflect human judgment
in a consistent and predictable manner across lan-
guages.

Since we are interested in demonstrating a lack
of statistical difference between two correlations,

ρ1 and ρ2, we cannot use a typical hypothesis test
with null hypothesis H0 : ρ1 = ρ2. Such a test
would only suggest equivalence by failing to reject
the null hypothesis, which could simply occur due
to a lack of statistical power.

Instead, we turn to equivalence tests, a paradigm
which effectively reverses null and alternative hy-
potheses, i.e. H0 : ρ1 ̸= ρ2. We explore two such
tests, Two One-Sided Tests (TOST) and Anderson-
Hauck tests, and call for additional research to stan-
dardize their use for summarization evaluation.

3.3 Two One-Sided Tests (TOST)
In the TOST procedure (Schuirmann, 1987), we
must set a margin of equivalence, ∆E , within
which we consider two test statistics to be equiva-
lent. Then for two correlations, ρ1 and ρ2, we have
null and alternative hypotheses:

H0 : ρ1 − ρ2 < −∆E or ρ1 − ρ2 > ∆E

H1 :−∆E < ρ1 − ρ2 < ∆E

While in a field like medicine, the margin might
be well defined by a chemical process, we lack a
strong prior for choosing a relevant margin. We
explore several options and consider the sensitiv-
ity of p-values to our choices when evaluating the
validity of the tests’ conclusions.

The Kendall rank correlation differences con-
sidered do not follow a normal distribution, and

2428



we use bootstrap resampling (Efron and Tibshi-
rani, 1993) to generate an empirical distribution.
For a given translation language, automated eval-
uation measure, and quality measure, we sample
across (text, summary, and reference summary)
tuples. (Note for reference-based summaries -
BERTScore, BLEU, and ROUGE - a more com-
plete bootstrap procedure would account for the
stochasticity present in the choice of reference sum-
maries themselves. We provide an illustrative ex-
ample in Appendix B.)

While permutation-based tests have been shown
to have higher power in summarization evalua-
tion than bootstrap resampling (Deutsch et al.,
2021), permutation tests assume null hypothesis
H0 : ρ1 = ρ2 and are not simply adapted to our
case. We apply a multiple testing correction to
the p-values calculated due to the large number of
tests considered. We use the Benjamini-Yekutieli
procedure (Benjamini and Yekutieli, 2001) to ac-
count for dependence among correlation measures
and control the false discovery rate (FDR) at level
α = 0.05.

We consider several relevant equivalence mar-
gins with different trade-offs. We try a constant
margin of 0.05 across all measures and qualities;
a standard deviation margin using the standard
deviations for correlations between individual ex-
perts and an automated measure; and a maximum
difference margin calculated as the largest abso-
lute difference in correlations between individual
experts and an automated measure. Under the con-
stant margin, 58% of correlations are equivalent
before FDR correction and 35% after. Under the
maximum difference margin, 44% of correlations
are equivalent before correction and 29% after. Fi-
nally, under the standard deviation margin, 18% of
tests are equivalent before and 9% after correction.

We present the full results of the TOST proce-
dure with a standard deviation margin in the left
panel and a constant margin in the right panel of
Figure 3. While both panels demonstrate inter-
esting patterns of equivalence, we focus on the
standard deviation margin as it is tailored to each
language-measure pair, relies on a less arbitrary
value of expected variation under equivalence, and
is more conservative than the other margins con-
sidered. The max difference and constant margins
found much higher rates of equivalence under trans-
lation.

Examining the results, we can note a few clear
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(b) Distribution of margins by quality under the standard devi-
ation margin. Using the variation observed among individual
human annotations produces more strict thresholds of equiva-
lence for consistency and fluency and more lenient ones for
coherence and relevance.

Figure 4: Measuring the impact of margins of equiva-
lence on the TOST results.

patterns. First, as seen under the simple correlation
analysis, the Italic and Germanic languages have
a higher number of significant results than Hindi
or Russian. We may still consider using translated
summarization datasets from English to languages
considered "close." However, there are no signifi-
cant results in the fluency or consistency qualities
under the standard deviation margin (Figure 3a).
Therefore the automated measures may only be
useful under translation along specific dimensions
of quality. Looking at the correlations in English
between automated measures and expert judgments
in Figure 1, fluency and consistency also tend to
have much lower correlations than coherence and
relevance.

Additionally, the choice of equivalence mar-
gin has a consequential impact on results. Fig-
ure 4a shows how the number of significant p-
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values changes in response to an increasing mar-
gin of equivalence. Given the apparent sensitivity
to changes in the margin, further research is war-
ranted into how the performance of translation and
summarization systems relates to the correlations
measured here.

Therefore, the lack of significance for the fluency
and consistency qualities can be attributed to both
the capabilities of the automated measures and how
the standard deviation margin varies across qual-
ities. We already expect from Figure 1 that mea-
sures may be capturing a large amount of noise for
fluency and consistency and would fare poorly un-
der translation, resulting in fewer equivalent results.
However, the amount of inter-rater disagreement
also plays a significant role in determining equiva-
lence by expanding or contracting the margins. Fig-
ure 4b highlights the differences in standard devia-
tion margins for each quality across automated mea-
sures. Consistency and fluency had smaller margins
with tighter distributions, with median margins of
0.013 and 0.018 and inter-quartile ranges (IQRs)
of 0.006 and 0.009 respectively. By contrast, co-
herence and relevance had median margins 0.049
and 0.036 with IQRs 0.017 and 0.026 respectively.
Thus human annotators showed stronger agreement
on consistency and fluency, presenting a higher
threshold for equivalence after translation.

3.4 Anderson-Hauck Tests

While TOST provides a non-parametric route to-
wards equivalence testing, we consider an addi-
tional parametric test that may improve statistical
power. The Anderson-Hauck test is an equivalence
testing procedure for dependent correlation coef-
ficients which uses an approximate non-central t-
distribution to calculate p-values (Anderson and
Hauck, 1983). Prior comparisons with TOST
demonstrated that Anderson-Hauck can trade some
additional Type-I error for higher power (Counsell
and Cribbie, 2015).

We consider the same margins of equivalence
and apply Benjamini-Yekutieli for FDR control at
level α = 0.05. A similar pattern emerges when
considering results under different margins, and
under the standard deviation margin we reject the
null hypothesis in under 1% of tests.

The pattern of equivalence is largely the same as
that found under TOST but with greater sparsity of
significant results. Ultimately while the tests hint
towards the ability to reuse summarization datasets

in similar languages to English, we are only able
to detect equivalence in a minority of cases. Our
analysis relies predominantly on the TOST results
since it does not rely on distributional assumptions
for the differences in correlations and has a more
robust literature to follow.

4 Comparisons between Measures

While our statistical tests focus on the absolute cor-
relation between automated and human scores, we
can instead consider the automated measures rela-
tive to one another. If one measure correlates better
than another with human scores in the original En-
glish dataset, would it still be better in a translated
(non-English) dataset? Additionally, we can return
the dataset back to English to get a sense of the
distortion introduced by the translation process.
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Figure 5: Result of bootstrapping: average shift in prob-
ability P of one measure being better than another, when
the evaluation data are translated to another language (x-
axis) and then translated back to English (y-axis). The
average is taken over all measure-measure pairs that had
P ≥ 0.975 in English.

To estimate the consistency with which one mea-
sure dominates another, we turn to bootstrap resam-
pling of the summary evaluations. We select 10,000
bootstrap samples from the 1700 text-summary-
references tuples. Let P represent the fraction of
samples in which one measure is better than an-
other for a given measure-measure pair; we con-
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sider a pair "resolved" if one measure outperforms
another in at least 97.5% of all the resamplings, i.e.
P ≥ 0.975 in the original English dataset. Using
Kendall rank correlations, the number of resolved
measure-measure pairs is 64% for relevance, 61%
for coherence, 56% for consistency, and 42% for
fluency. With a baseline reading of how stable the
measure rankings are in English, we can ask what
happens with these resolved pairs when the dataset
is translated.

For most languages and qualities the shift of P
is less than 0.1, the largest is 0.25 (consistency,
Hindi). Many resolved measure-measure pairs
become unresolved after translation, though no
shift is drastic enough to reverse which measure
ranks higher in a majority of samples (i.e. crossing
P = 0.5). Figure 5 suggests that in most cases our
conclusion about comparing two measures will not
change with translation.

Along its x-axis, Figure 5 shows how much
on average the fraction P changes (increases or
decreases) after translation for resolved measure-
measure pairs, where the average is over a given
language and quality measure.

A round-trip translation returns each summary
to its source language, effectively isolating the ef-
fect of translation quality on the consistency of
automated measures. Here, returning to English
allows us to use the evaluation measures in their
original language and, for ESTIME, BLANC, and
BERTScore, with their original models. Changes
in measure performance should then reflect distor-
tions introduced by translation while eliminating
those caused by adapting measures to another lan-
guage.

The dashed line y = x seen in Figure 5 repre-
sents points where the round-trip translation causes
an equally-sized shift as the forward translation.
We note that the observed shifts are mostly under
the diagonal - the shifts caused by translation are
to some degree reversed when we return to English.
The tendency of machine translation models to pro-
duce "translationese," artifacts distinguishing the
output from typical human language use, is well
documented (e.g. Vanmassenhove et al. (2021),
Graham et al. (2020)), so exact overlap between
source and round-trip translated texts is not ex-
pected. However, automated evaluation measures
rely on coarser linguistic features like word overlap
and are more influenced by significant amounts of
noise during the round-trip translation process.

While the shifts for round-trip translations are on
average smaller than for one-way, they demonstrate
that translation is far from perfect and introduces
enough noise to be detected by the summarization
evaluation measures. Notably, the points above the
diagonal come from Hindi, Russian and Afrikaans
round-trip translation. This confirms our intuition
that a translation to languages more distant from
English is more risky for the survival of the sum-
mary evaluation. We hope further research may
reveal additional ways to use the round-trip transla-
tion for the criteria of survival.

5 Discussion

The results presented significant differences among
automated summarization measures and their rela-
tionships to the four quality measures. We seek to
build an intuition for these findings and make use of
qualitative exploration to ground our understanding

We can review the scores for the 1700 sum-
maries in reduced dimensions using principal com-
ponents analysis (PCA). Figure 6 shows each 1700-
dimensional vector projected onto the first two
principal components, which collectively explain
38.5% of the variance. There are four vectors of
human expert scores, corresponding to the quality
measures coherence, consistency, fluency, and rele-
vance, averaged over the three individual experts.
Each automated measure (for example, ROUGE-2)
produced eight 1700-dimensional vectors, one for
each language.

PCA can be used to disentangle the sources
of divergence among evaluation measures under
translation. The plot helps highlight the relative
strength of translation over the summarization eval-
uation methods themselves. If machine translation
added significant noise to the summaries, we would
expect the relative position of language-specific
scores in Figure 6 to be inconsistent across evalua-
tion measures. Instead, we generally observe tight
clusters for each evaluation measure with shared
relative positions among the languages (at least
when ignoring Hindi and Russian).

This pattern reflects the "stability" of evaluation
measures undergoing translation found in Section 4.
The PCA recasts translation as a shift in geometric
space; across measures, the location occupied by
each language is a similar vector shift from its cor-
responding English point. The exercise in round-
trip translation is an indicator of reversibility for
this geometric shift. The qualities and languages
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Figure 6: PCA plot of summary quality scores. All
scores were transformed to ranks before PCA, to reduce
subjectivity of the respective scales. Note the human ex-
pert scores in black squares exist for the English dataset
only.

that occupy the bottom of Figure 5 are most un-
changed by the translation process. On the other
hand, measures like ESTIME that break this pat-
tern highlight the non-uniformity of the distortion
introduced by translation and indicate that it may
be more prudent to rely on measures where the
distortion is consistent and predictable.

This closer look at the effects of translation also
helps disentangle the sources of noise that degraded
the correlations studied in Section 3. A measure
like ESTIME shows strong correlation with the
human evaluations of consistency and fluency in
English, but its unusual response to translation is a
strong explanatory factor for why its relationships
to human annotations were not found to be equiva-
lent in other languages. Consistency also tends to
show larger shifts in measure-measure pair rank-
ings in Figure 5, adding another reason that transla-
tion would cause greater degradation to ESTIME’s
performance. Similarly, among the Germanic and
Italic languages, relevance and fluency appear to
be least affected by translation. Any lack of equiv-
alence found for these qualities is then more likely
to be caused by the abilities of the automated mea-
sures rather than the caliber of translation. Compar-
isons within and between measures can serve as a
guide for how much to trust an automated measure
under translation and where sources of noise may
arise.

We note a few curious observations from Figure
6 in Appendix A.

6 Conclusion

In this paper, we probed how well automated eval-
uations of summaries remain consistent on texts
translated to other languages. We focused on the
SummEval dataset and considered its translation to
French, German, Italian, Spanish, Afrikaans, Hindi,
and Russian.

To answer whether English human annotations
can be trusted in other languages, at least for spe-
cific qualities, we explored tests of equivalence as
a gauge of consistency after translation. We found
that translation can preserve correlations of eval-
uation metrics with the English human scores for
coherence or relevance but could not conclude the
same for fluency or consistency.

A complete answer to our query is a challenging
task, since moving to another language affects not
only the dataset, but also the measures themselves.
While definitely proving that the original human
annotations cannot be reused is likely impossible,
our results suggest that there are clear differences in
performance based on the choice of target language,
automated measure, and notion of quality.

We call for additional research into summary
evaluation metrics that can survive translation, as
it offers a relatively simple path towards extending
NLP capabilities for lower resource languages. Fu-
ture work could identify how changes in the margin
of equivalence equate to deterioration of model per-
formance. Additionally, this line of research could
be extended to a larger selection of languages and
automated evaluation measures.
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A Observations from PCA

The locations of the measures in Figure 6 af-
ter translation largely remain close to the orig-
inal English version, except Hindi and Russian
points. The reference-based measures, relying
on hard (ROUGE, BLEU) or soft (BERTScore)
overlap of tokens between the machine-generated
and human-written reference summaries, are in
the top left quadrant with respect to the human
scores. The reference-free measures BLANC and
Jensen-Shannon are on the opposite side. Sensibly,
BLANC and Jensen-Shannon are both closest to
the human judgment of relevance; BLANC esti-
mates how well a text can be reconstructed from
its summary, and Jensen-Shannon considers the
Kullback–Leibler divergence between the summary
and the text. ESTIME is closer to the fluency and
consistency points, which is expected from its con-
struction in Vasilyev and Bohannon (2021a).

For most measures, the translated scores are of-
ten closer to the expert evaluations than the English
scores. Strangely, it is especially true for Hindi and,

in the case of ROUGE, for Russian. One possible
explanation is that the translation simplifies syntax
and vocabulary, reducing sources of variation at
least along some dimensions. The pattern associ-
ated with ESTIME is distinct from other measures:
the non-English scores for ESTIME are almost al-
ways further away from the human scores. This
suggests that maybe ESTIME is sensitive enough
to require a higher quality translation. We cannot
blame the underlying multilingual model, because
both BLANC and BERTScore use the same model.

B Bootstrap with Reference-Summaries

Throughout the paper we used bootstrapping of
the (text, summary, references) tuples, where the
‘references’ are the reference summaries needed by
some measures (BERTScore, BLEU, ROUGE). For
each text in SummEval (Fabbri et al., 2021), there
are 11 reference summaries, and a full bootstrap for
the reference-based measures should also include a
resampling of the reference summaries themselves.

The impact of this added source of randomness
can be seen by constructing confidence intervals
for the estimated correlation between an evaluation
measure and human scores. When we add resam-
pling over reference summaries, confidence inter-
vals widen and require more time and resources
to compute. In Table 1 we illustrate the widen-
ing of the confidence interval on an example using
BERTScore correlations with SummEval human
expert scores (in the original English SummEval
dataset). We ran 500K reference summaries resam-
plings, recomputing scores and correlations. The
BERTScore is a peculiar and convenient case for
bootstrap resampling of reference summaries, be-
cause the score is defined as a max score over the
scores taken individually for each reference sum-
mary (Zhang et al., 2020).

The low and high correlation values are given in
the table for bootstrap without resampling of ref-
erence summaries, as corresponding to 0.025 and
0.975 percentiles of the distribution. The ‘widen’
column in the table shows how much the confi-
dence interval (high minus low) changed after in-
cluding resampling of the 11 reference summaries
into the bootstrapping. Some quality measures
are especially affected by the change, with confi-
dence intervals for Kendall correlation widening
by 40% for relevance and by 17% for coherence
(for Spearman’s correlations, correspondingly, 42%
and 18%). Notice that the relevance and coherence
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Kendall’s τ Spearman’s ρ
low high widen low high widen

coherence 0.245 0.307 0.011 0.345 0.428 0.015
consistency 0.041 0.117 0.002 0.052 0.148 0.003
fluency 0.062 0.135 0.004 0.080 0.175 0.006
relevance 0.246 0.310 0.026 0.338 0.424 0.035

Table 1: The columns ’low’ and ’high’ are the confi-
dence boundaries from bootstrap without resampling
reference summaries, for BERTScore correlations with
expert human scores (coherence, consistency, fluency,
relevance). The column ’widen’ is the widening of the
confidence interval as a result of adding the resampling
of the reference summaries to the bootstrap resampling.
Kendall’s Tau correlation is Tau-c. The confidence
boundaries are for 0.025 and 0.975 percentiles. The
bootstrapping used 500K resamplings.

are exactly the qualities in which BERTScore is
reported as a strong measure (Vasilyev and Bohan-
non, 2021a).

C Diversity of Measures

As noted in Section 2, we intentionally selected
measures that are quite different from one another
to increase the robustness of our analysis. Here we
provide a brief summary of each measure.

BLANC assesses how much a summary helps
in reconstructing its reference text (Vasilyev et al.,
2020). Along the four SummEval evaluation quali-
ties, BLANC’s task should be most closely aligned
with estimating relevance and consistency. How-
ever, BLANC’s task may differ from the relevance
scoring criteria or biases of annotators (Vasilyev
and Bohannon, 2021b). An extension of BLANC
achieved a state of the art result in relevance and co-
herence on the SummEval benchmark (Egan et al.,
2021).

ESTIME first generates masked contextual em-
beddings for tokens in a summary and text and then
finds the most similar text embedding to each one
from the summary. If the paired embeddings cor-
respond to different tokens, ESTIME counts this
as an indicator of inconsistency between text and
summary. ESTIME’s task is closely aligned with
measuring consistency and was found to perform
well against other benchmarks in consistency and
fluency (Vasilyev and Bohannon, 2021a). It is a
less reliable measure for coherence and unreliable
for relevance.

Jensen-Shannon (Louis and Nenkova, 2009)
measures the distance between the distributions of
words in the summary and text. The task is closely
tied to relevance, but since the syntax and word

order is discarded, Jensen-Shannon is not suited to
measure coherence, fluency and consistency. Of
course it still may correlate with human judgment
along these qualities anyway, as better generation
models often produce higher quality summaries in
general.

The reference-based measures (BERTScore,
BLEU and ROUGE) measure correspondence be-
tween the generated summary and human-written
reference summaries, not between the generated
summary and the text. A summary different from
all the references may not be fairly evaluated.

BERTScore (Zhang et al., 2020) measures a
‘soft’ overlap of tokens (through embeddings). Sim-
ilar to Jensen-Shannon, this task is closely related
to relevance and considerably farther from measur-
ing coherence, fluency and consistency, unless the
generated summary happens to be very similar to
one of the reference-summaries.

BLEU (Papineni et al., 2002) and ROUGE (Lin,
2004) measure ‘hard’ overlap of tokens and n-
grams, and thus a summary that differs by rephras-
ing or synonyms would have a lower score. When
considering overlap of longer n-grams, these mea-
sures can reflect human judgment across all qual-
ities but only if the generated summary happens
to be similar to one of the reference summaries;
see also Graham (2015); Caglayan et al. (2020);
Mathur et al. (2020).
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Abstract

Mental Health Disorders continue plaguing hu-
mans worldwide. Aggravating this situation is
the severe shortage of qualified and competent
mental health professionals (MHPs), which un-
derlines the need for developing Virtual Assis-
tants (VAs) that can assist MHPs. The data+ML
for automation can come from platforms that
allow visiting and posting messages in peer-
to-peer anonymous manner for sharing their
experiences (frequently stigmatized) and seek-
ing support. In this paper, we propose a VA that
can act as the first point of contact and comfort
for mental health patients. We curate a dataset,
Motivational VA: MotiVAte comprising of 7k
dyadic conversations collected from a peer-to-
peer support platform. The system employs
two mechanisms: (i) Mental Illness Classifica-
tion: an attention based BERT classifier that
outputs the mental disorder category out of the
4 categories, viz., Major Depressive Disorder
(MDD), Anxiety, Obsessive Compulsive Dis-
order (OCD) and Post-traumatic Stress Disor-
der (PTSD), based on the input ongoing dialog
between the support seeker and the VA; and
(ii) Mental Illness Conditioned Motivational
Dialogue Generation (MI-MDG): a sentiment
driven Reinforcement Learning (RL) based mo-
tivational response generator. The empirical
evaluation demonstrates the system capability
by way of outperforming several baselines.

1 Introduction

With an estimated 970 million individuals suffer-
ing from some sort of mental or neural diseases,
mental health disorders are regarded one of the pri-
mary causes of disability globally1. Poor access,
stigma, and prejudice, on the other hand, are likely
to limit clinical care to only 15% of individuals
who are affected. As a means of expressing their
emotions and experiences (generally stigmatized),
millions of people (also known as support seekers)

1https://www.singlecare.com/blog/news/mental-health-
statistics/

frequently turn to looking for emotional or mental
health-related support (Eysenbach et al., 2004) on a
variety of text-based peer-to-peer support platforms
(De Choudhury and De, 2014), (talklife.co).
While peer supports on these platforms are well-
intentioned and willing to aid and help seekers, they
are often untrained and unaware of best-practices
in therapy, resulting in wasted opportunities to
provide effective and mutually engaging solutions
(Gage-Bouchard et al., 2018). As a result, devel-
oping human-computer interfaces in the form of
Virtual Assistants (VAs) that can effectively reply
and provide support to online support seekers be-
comes even more critical.

Empathy, or empathetic interactions (Elliott
et al., 2018), has been studied extensively in recent
years (Sharma et al., 2021, 2020) as one of the most
important aspects in providing successful support
and triggering beneficial results in support-based
dialogues. In addition to empathy, imparting hope
and motivation (the process of thinking about and
the willingness to move towards one’s goals) have
been recognised as important affective elements
(Dowling and Rickwood, 2016) in uplifting the
spirits of support seekers in distress during support-
ive talks. This is critical because support seekers
often engage in escapist or avoidant behavior in
anticipation of negative consequences, making it
difficult for them to cope with the crisis (Hecht,
2013). Quantitative research shows that instilling
optimistic behaviour fueled by hope and motivation
improves symptoms in terms of positive psycho-
logical transformation and a favourable alliance in
mental health support (Jahanara, 2017).

In this paper, we propose a VA acting as the first
point of contact for mentally distressed support
seekers afflicted with some form of mental illness.
The VA’s efforts are aimed at reassuring and allow-
ing support seekers to anonymously communicate
and express their thoughts, emotions, challenges
and seek support. The VA’s response should be
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competent and proficient enough to provide sup-
port seeker with a natural human experience fo-
cused on imparting hope and motivation based on
positive perspective. To mimic this human-like be-
havior of mental health supporters in a VA is quite
challenging and the tasks employed are two folds.
Firstly, for the VA to provide a conversational sup-
port in the absence of electronic health records or
psychiatric notes, it is critical to recognise and dif-
ferentiate various mental diseases because they are
frequently communicated using similar language
patterns and overall sentiment polarity. In the case
of anxiety, for example, the supporter’s purpose is
to reduce avoidant behaviour and assist the patient
in disconfirming a feared consequence. In depres-
sion, however, the goal is to assist the mental health
seeker in experiencing positive feeling, a burst of
energy, or another sort of pleasant contact with the
world. Subsequently, the task of the VA is to gener-
ate response conditioned on the identified mental
illness for modelling motivational conversations
with positive outcome.

Due to the unavailability of conversational data
for our proposed task, we introduce a dataset, Moti-
VAte comprising of 7k conversations between sup-
port seekers and VA collected from a peer-to-peer
support platform. The key contributions of this pa-
per are as follows : (i) To the best of our knowledge,
this work is the first to propose a VA for providing
motivational support and comfort to mental health
patients; (ii) We curate a conversational dataset,
MotiVAte, to advance research in mental health
based support; (iii) Our end-to-end system em-
ploys two sub-modules, viz., Mental Illness Classi-
fication (MIC) framework, a dual attention based
BERT classifier to identify the mental health dis-
order of the support seeker in the on-going con-
versation and Mental Illness Conditioned Motiva-
tional Dialogue Generation (MI-MDG) framework
to generate mental illness conditioned sentiment
driven Reinforcement Learning (RL) based motiva-
tional responses mimicing an ideal mental health
supporter; (iv) Empirical results indicate that our
proposed system outperforms several baseline mod-
els.

2 Related Works
In this section, we explore mental health based
analysis from social media posts and computational
models for therapy (Pérez-Rosas et al., 2019).

Mental Health Identification. There are nu-
merous studies over the years that use multi-modal

cues such as images and (Yazdavar et al., 2020)
to diagnose diagnose from social media posts and
activity (Gaur et al., 2018; Yazdavar et al., 2018;
Qureshi et al., 2019; Yazdavar et al., 2017). Inves-
tigations have also been conducted on recognising
mental illness in online users by their posts on
social media (Syarif et al., 2019; Ji et al., 2020).
The authors of (Patra et al., 2020) proposed a Bi-
LSTM (Hochreiter and Schmidhuber, 1997) based
classifier for classifying mental severity as crisis,
red, amber, and green using data from a psycho-
logical forum. For detecting mental diseases from
daily posts of an online user, (Rao et al., 2020) sug-
gested a knowledge augmented ensemble learning
classifier. Authors of (Ji et al., 2021) proposed a
pre-trained transformer model named MentalBERT
trained on a large corpora of data belonging to
mental health care. (Saha et al., 2022) presented
a hierarchical attention based classifier to detect
mental illnesses from motivational conversations.
(Martínez-Castaño et al., 2021) proposed a BERT
classifier for detecting severity of depression and
likeliness towards self harm for social media users.

Mental Health in Conversations. (Althoff
et al., 2016) presents an investigation on a large-
scale counselling dialogue gathered from an SMS
text-based counselling service. As a result of these,
exploring empathic relationships in therapy has
grown in popularity (Sharma et al., 2020; Morris
et al., 2018). In order to help mental health sup-
porters, (Sharma et al., 2021) investigated empathy
rewriting as a text generation task. Authors of
(Fitzpatrick et al., 2017) presented a conversational
agent, named Woebot to deliver cognitive behav-
ioral therapy by initiating daily conversations for
mood tracking. Our work differs in the sense that
our end-to-end system does not provide any clini-
cal suggestions or therapy recommendations. The
role of competence in responses to help-seeking
posts on mental health was investigated in (Lahnala
et al., 2021).

Sentiment/Emotion aware Dialogue Systems.
To make the VA user-adaptive, the authors in (Saha
et al., 2020c,d, 2018), proposed using a sentiment-
based reward function for learning a dialogue pol-
icy in a task-oriented conversation. The authors of
(Saha et al., 2020a) demonstrated how reinforce-
ment learning may be used to generate meaningful
responses while training generation frameworks.
In (Saha et al., 2020b, 2021a,b,c), the authors show
how subtleties in human communication, such as
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(a) (b)
Figure 1: Sample conversation from the MotiVAte dataset (a) from the MDD thread, (b) from the OCD thread.

Criteria Statistics
Total MDD OCD Anxiety PTSD

# of dialogues 7067 4046 1000 1000 1021
# of utterances 25947 16257 2461 2784 4445

# of utterance per dialogue (avg.) 3.67 4.01 2.46 2.79 4.36
# of utterance per dialogue (max.) 129 129 14 16 25
Maximum user utterance length

(# of words)
3319 3319 1337 1028 2112

Maximum VA utterance length
(# of words)

2869 2851 2869 1024 2116

# of unique users 2139 1060 349 323 407
# of unique words 56336 35666 14108 12135 16427

Table 1: MotiVAte dataset statistics for every mental
disorder

sentiment and emotion, can help different infor-
mation elicitation models in dialogues work better.
Apart from these, several other work (Wei et al.,
2019; Ide and Kawahara, 2021; Huo et al., 2020)
that suggests using sentiment and/or emotion as an
additional input in generation frameworks either
during decoding or as reward to guide the models
for generating responses aligned with the user’s
mood or feelings.

3 Motivational VA : MotiVAte Dataset
The MotiVAte dataset contains 7067 dyadic con-
versations with support seekers who have one of
the four mental disorders: MDD, PTSD, anxiety,
or OCD. Supplementary material contains descrip-
tions of these illnesses as they appear in ICD-10.
Table 1 displays the dataset statistics as well as
the sample distribution amongst illnesses. Sample
conversations from the dataset are shown in Figure
1. As evident from the conversations, we expect
our VA to perform simple, ordinary and expected
things in the form of providing comfort and assis-
tance to the support seekers at the time of crisis and
the curated dataset is full of such statements.

Data Collection. Existing mental health
databases had limitations in the context of our
proposed work. Some of the datasets, for ex-
ample, (Choudhury et al., 2017; Yazdavar et al.,
2017, 2018, 2020) were social media contents of
anonymized users comprising of self-disclosures
and self-expressive posts with no specific dyadic
or multi-party discussions to draw on. Some of

the text-based counseling conversational datasets
(Althoff et al., 2016; Dowling and Rickwood,
2014) were no longer open-sourced for research
usage. Some of the open-sourced datasets such
as DAIC-WOZ (Gratch et al., 2014) contained
small-scale conversations. Recent support-based
datasets (Sharma et al., 2020; Lahnala et al., 2021),
on the other hand, featured pairs of seeker post
and supporter response with no dialogic structure.
Inspired by previous research, we create the Mo-
tiVAte dataset, which was acquired via a peer-to-
peer support platform and is ideal for our objective.
Pyschcentral2 is a text based support forum where
anonymous individuals can talk about their mental
health problems and get help and advice from oth-
ers who have had similar emotions, troubles, and
grievances. It has various subforums about mental
health, such as MDD, bipolar disorder, anxiety and
panic attacks, schizophrenia, and so on. We gath-
ered 10k multi-party interactions from four distinct
subforums: OCD, Anxiety, PTSD and MDD. A
manual assessment of the raw data confirmed that
the chats were acceptable and can be utilised to
develop a VA after some post-processing.

Data Preparation. The challenge next was to
convert these multi-party dialogues into dyadic
ones, so that they resembled a conversation be-
tween a support seeker (with a mental disability)
and the VA providing mental health support. We
presume that a source conversation starts with a
post by a support seeker known as the poster (say).
The commenters (say) are forum users who make
comments on the poster’s statement. The poster
and the commentators engage in a multi-party con-
versation in order to assist the poster. We worked
with one of the noted psychiatrists, who is cur-
rently working at a government-run hospital of na-
tional importance, to develop standards for chang-
ing multi-party dialogues and confirming the qual-

2www.psychcentral.org
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ity of the amended dataset. We hired three crowd-
workers for the task of modifying the dialogues
and trained them in an interactive session using
the instructions that had been developed (Details
of the training session conducted is drafted in the
Supplementary material). Some of the important
guidelines are as follows : (i) In the modified di-
alogue, the poster in the source conversation be-
comes the support seeker, and the comments of a
specific commenter creating the longest conversa-
tional thread with the poster become the responses
of the VA. From the responses of the poster and
commenter, the crowd-workers were instructed to
develop a turn-by-turn exchange of dialogue be-
tween the seeker and the VA, making the most of
the responses from the source conversation; (ii) The
VAs’ response should be helpful and positive, with
the goal of raising the user’s morale. So, negative
utterances from the commenter such as “I know,
nothing can change, we have to struggle through-
out” were changed to exhibit optimism and hope
like “life indeed is a struggle for all, but one needs
to always fight back and be strong in the face of
adversities” etc; (iii) A VA cannot provide medical
advise, even if the poster requests it (as evident in
the source conversation), because we do not advo-
cate that the VA can replace MHP. As a result, in
such a circumstance, the utterances of the commen-
tators providing medicinal advice were completely
eliminated, while utterances such as “I suggest you
to visit a doctor or a psychiatrist before resorting
to such medicines” were incorporated as part of
VA’s response. Following these rules, a total of 7k
dyadic conversations were created (The process of
rejecting 3k remaining conversations along with
the other guidelines and inter-annotator agreement
are detailed in the Supplementary material).

4 Proposed Methodology

Problem Definition. The problem statement in-
volves two parts : Firstly, we aim to identify a
textual on-going communication between a sup-
port seeker and the VA as the conversation pro-
gresses in order to detect and differentiate mental
health conditions. For a conversation T , given a
seeker utterance, Xt = (xt,1, xt,2, ..., xt,n), a con-
versational context/history, C = (c1, c2, ..., ct−1),
the task is to assign the most appropriate men-
tal illness tag (say y2) among a set of tags (Y =
{y1, y2, ...yi}, where i is the number of disorders
considered). Thus, it is a multi-class classifica-
tion problem. Formally, it can be represented as

: y = argmaxy′∈Y F (y′|Xt, C), where F is the
developed classifier. The subsequent or the second
part involves to solve the task of generating the
next textual response of the VA given the seeker
utterance, its context of t− 1 turns (say) and con-
ditioned on the output yk (say) of the mental ill-
ness identification classifier. Formally, given a
seeker utterance, Xt = (xt,1, xt,2, ..., xt,n), a con-
versational context/history, C = (c1, c2, ..., ct−1),
where ci = (Xi, Zi) and mental illness category,
yk, the task is to generate next textual response of
the VA, Zt = (zt,1, zt,2, ..., zt,n′′).

Summarization. While analyzing the dataset,
we observed that the utterances in a dialogue have
longer sequences implying longer context (also ev-
ident from Table 1). Intuitively, an effective en-
coding strategy needs to be employed to counter
loss of information. In this regard, we first sum-
marize each of the utterances of the individual
speakers in every time-step of the dialogue to pre-
serve the content and curate it to be concise for
modeling long-term dependencies. In the absence
of gold-standard summary of utterances, we ob-
tain summaries from a state of the art summa-
rization model named BART-large by Facebook
AI (Lewis et al., 2019). For our setting, we use
the BART-large model fine-tuned on the CNN/DM
summarization dataset (Hermann et al., 2015) to
obtain summaries of the individual utterance of
the MotiVAte dataset. So, for a given utterance,
Xt = (xt,1, xt,2, ..., xt,n), its corresponding sum-
mary is, Mt = (mt,1,mt,2, ...,mt,k) (Evaluation
of the summaries obtained is presented in the Sup-
plementary material). Consequently, we utilize the
summarised version of the dataset for developing
the system (handling longer sequences as in the
original dataset will be dealt as a sub-task in the
future).

4.1 Mental Illness Classification (MIC)
Framework

In this section, we discuss the details of the atten-
tion based classification framework.

Feature Extraction. The classification frame-
work inputs two different kind of features. (i) Em-
bedding Features : To extract textual features of an
utterance U having nu number of words, the repre-
sentation of each of the words, w1, ..., wu, where
wi ∈ Rdu , wis are obtained from BERT (Devlin
et al., 2019), where dimension, du = 768. (ii) Se-
mantic Features : An examination of the dataset
revealed that users who expressed their emotions
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Figure 2: Architectural diagram of the proposed VA with the MIC and MI-MDG frameworks

and pains reflected their overall sentiment to some
level. These details must also be recorded in or-
der to create a more accurate sentence representa-
tion that takes into account the user’s mental state.
We achieved this by using the Vader Sentiment In-
tensity Analyzer (VSIA) to count the number of
positive and negative utterances in each speaker’s
encoding and using them as features. From strongly
negative (-1) to strongly positive (+1), this rating
seeks to convey the overall affect of the entire text.

Network Architecture. Three key components
make up the proposed classification network : (i)
Utterance Encoders (UE) : the features retrieved
above for each of the speakers (here VA and sup-
port seeker) for a particular conversation are fed
into UE which generate relevant speaker encodings,
(ii) Dual Attention Subnetwork (DAS) that encom-
passes self and cross attention, (iii) Classification
Layer (CL) : the output channel for classification
is contained in the CL.

Utterance Encoders. The embedding features
produced for each of the speakers’ utterances (de-
scribed above) are then processed through two dis-
crete Bi-LSTMs for a specific time-step of the con-
versation. For a user level view (say), the final
hidden state matrix for the textual representation of
the utterances is Hu ∈ Rnu×2dl . dl represents the
number of hidden units in each LSTM and nu is
the number of utterances of the respective speaker.

Dual Attention Subnetwork. We employ a sim-
ilar notion proposed by the authors of (Vaswani
et al., 2017), in which attention is computed by
mapping a query and a set of key-value pairs to
an output. The speaker level context encodings
are passed through three fully-connected layers,

each termed as queries, Q and keys, K of di-
mension dk = df and values, V of dimension
dv = df . Thus, we obtain two triplets of (Q,K, V )
as : (Qu,Ku, Vu), (Qv,Kv, Vv). These triplets are
then combined in various ways to compute atten-
tion scores for specific reasons.

Self Attention. We compute self attention (SA)
for each of these speaker encoders to learn the inter-
dependence between the current and the previous
part of the same speaker’s conversation. In a sense,
we want to connect distinct positions of utterances
in order to estimate a final representation for each
speaker (Vaswani et al., 2017). Thus, the SA score
for individual speaker level is calculated as :

SA = softmax(QiK
T
i )Vi (1)

where SA ∈ Rnu×df for SAu, SA ∈ Rnv×df
for SAv.

Cross Attention. Similarly, we compute cross
attention (CA) amongst triplets of the speaker
level encodings to learn interdependence between
speaker queries as :

CA = softmax(QiK
T
j )Vi (2)

This is done to relate different positions of the
utterances of the different (cross) speakers and to
identify significant contributions amongst different
speakers for a particular time-step to learn optimal
features for the task. Thus, we obtain two CA
scores as CAuv ∈ Rnu×df and CAvu ∈ Rnv×df .

Attention Fusion. Next, we concatenate each
of these computed SA and CA vectors to obtain
the conversational representation as :

C = concat(CAuv, CAvu, SAu, SAv) (3)

Classification Layer. To identify one of the
mental disorders, the final representation of the
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ongoing discussion received from the DAS mod-
ule is transmitted through a fully-connected layer,
which then connects it to the output channel of the
classifier consisting of output neurons.

4.2 Mental Illness conditioned Motivational
Dialogue Generation (MI-MDG)
Framework

In this section, we discuss the details of the pro-
posed MI-MDG framework.

Text Generation. For a long time, Sequence-
to-Sequence (Seq2Seq) (Sutskever et al., 2014)
and Hierarchical Encoder Decoder (HRED) mod-
els (Serban et al., 2017, 2016) were being used
for different text generation tasks. However, the
main issue with RNN based model is its inabil-
ity to provide parallelization while processing and
is incapable of preserving context at the encoder
side for longer sequences, similar to our case as
explained above. To counter this, we use the Di-
aloGPT (Zhang et al., 2020) model for our task.
DialoGPT is based on the GPT-2 model from Ope-
nAI (Radford et al., 2019), pre-trained on Reddit
conversations. We fine-tune the DialoGPT-small
model on the summarised version of the MotiVAte
dataset. For a given dialogue, we first concatenate
the dialog turns till the kth seeker-VA response pair
along with the context available and speaker identi-
fier into a long text, m1,k, ...,m(N−1),k (N-1 is the
sequence length), ended by the end-of-text token.
To generate responses conditioned on the mental ill-
ness of the support seeker, we also concatenate the
predicted mental illness category (for the kth seeker
utterance from the MIC framework), yi (say) as a
mental state identifier after the kth seeker utterance
in the sequence, making the sequence length as
N . With the dialogue history, S = m1,k, ...,ml,k

and the VA utterance (ground truth response) as
T = ml+2,k, ...,mN,k, the conditional probability
P (T |S) can be written as:

p(T |S) =
N∏

n=l+2

p(mn|m1, ...,mn−1, yi) (4)

To generate semantically acceptable responses,
the DialoGPT model is first fine-tuned with the neg-
ative log likelihood, i.e., the maximum likelihood
estimation (MLE) objective function in a super-
vised way. This trained model is later initialized to
produce motivational and optimistic responses by
the VA (explained below).

Reinforcement Learning (RL) based Train-
ing. The sequence of tokens in an utterance can

be considered as actions chosen by the DialoGPT
model based on a policy it has learned. The model
is then tweaked using the MLE parameters to learn
a policy that maximises long-term future rewards
(Li et al., 2016). The elements of RL based training
are addressed below.

State and Action. The state is similar to the
input of the DialoGPT model, i.e., context compris-
ing of history and the kth seeker utterance along
with the speaker and mental illness identifiers (ex-
plained above), [S(Hh, Hs, Hy)] where h, s and y
represent history tokens, speaker and mental illness
category tokens, respectively. The action a, is the
VA response to be generated in the kth time-step,
i.e., Zk. Because the sequence generated might be
of any length, the action space is unlimited. As a
result, the policy, Π(Zk|S(Hh, Hs, Hy)) is defined
by its parameters and is based on learning how to
map states to actions.

Reward. Here, we discuss the task-specific re-
ward functions, r, used to evaluate the predicted
output Z ′ against the true output.
• BLEU Metric Score (r1) : This metric ensures

n-gram content similarity (1-gram here) between
the predicted and the true output.
• ROUGE-L Metric Score (r2) : This metric

ensures the matching of the longest common sub-
sequence between the predicted and the true output.
• Sentiment Score (r3) : For the VA to be mo-

tivational and optimism inducing, the generated
response should exhibit positive sentiment. Since,
emotion focuses on a deeper analysis of human
sensitivities and is based on a wide spectrum of
moods, sentiment provides an overall impression or
view people get from consuming a piece of content.
So, we quantify optimism with respect to being
positively-oriented. The VA should always work
towards uplifting the mood of the user, provide
reliable suggestions which are positively-oriented.
The VA should not oblige with the negative mindset
of the support seeker barred from hope and motiva-
tion from moving forward in life. This will ensure
that the sentiment state of the generated output by
the VA is consistent with the true output. Thus, the
reward is :

r3 =

{
1, if SC(Z ′) = +ve

1− ss, if SC(Z ′) = −ve
(5)

where SC is the pre-trained distillBERT based
uncased model (Sanh et al., 2019), fine-tuned on
the SST-2 English dataset for the sentiment clas-
sification task. ss is the sentiment score obtained
from the classifier.
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Thus, the final reward (R) is the weighted aver-
age of all the above terms as given below:

R = (r1 ∗ (1− α− β) + r2 ∗ α+ r3 ∗ β)/3
(6)

where α and β are parameters of the model. Pol-
icy Gradient algorithm (Zaremba and Sutskever,
2015) is used to optimize these rewards. The pol-
icy model Π is initialized using the fine-tuned Di-
aloGPT model (using the MLE objective function).
So, the final loss back-propagated to the DialoGPT
model is a combined objective function as :

Lcomb = ηLRL + (1− η)LMLE (7)

where LRL and LMLE are the losses calculated
from the RL and MLE objective, respectively.

5 Experiments
Since the MotiVAte dataset is imbalanced for dif-
ferent mental illness categories, we sample 50%
of the dialogue from MDD subforum along with
other categories to be utilized in the MIC frame-
work. Thus, the mental illness classification mod-
ule is trained on 5067 conversations, out of which
70% of the dialogues were used for training and
remaining were utilized as test set. To encode dif-
ferent speaker utterances in the MIC framework,
a 300 dimensional Bi-LSTM layer was used. df
is a dense layer of 100 dimension. The four men-
tal health categories are represented by 4 neurons
in the output channels. In the final experiment, a
learning rate of 0.01, textitCategorical crossentropy
loss function, and Adam optimizer were utilised.
All of these parameters were chosen following a
thorough sensitivity study.

For training the MI-MDG framework, MIC
model is used as a pre-trained classifier provid-
ing additional input. For the MI-MDG model, we
decode using default temperature and top-k values
of the DialoGPT model. Adam optimizer is used
to train the model. A learning rate of 0.00004 was
found to be optimum. Standard measures, such
as the BLEU-1 score (Papineni et al., 2002), per-
plexity, ROUGE-L score (Lin, 2004) and embed-
ding based metric (Serban et al., 2017) are used
to automatically evaluate generation-based models.
Three independent human users were recruited to
score the quality of 250 simulated conversational
responses based on these metrics : (i) Fluency :
The VA’s generated responses should be grammati-
cally and syntactically acceptable; (ii) Adaptability
: An effective VA should generate responses based
on the current trajectory of the conversation, i.e.,

Model k=1 k=2 k=t
Acc. F1-score Acc. F1-score Acc. F1-score

CNN (GloVe)
(NA+NSenti)

40.82 0.2830 43.75 0.2982 52.46 0.4008

Bi-GRU (GloVe)
(NA+NSenti)

41.21 0.2835 44.86 0.3130 53.72 0.4052

Bi-LSTM (GloVe)
(NA+NSenti)

41.75 0.2883 45.81 0.3142 56.47 0.4135

BERT+CNN
(NA+NSenti)

44.23 0.3238 46.32 0.3315 55.83 0.4112

BERT+CNN+Senti
(NA)

44.85 0.3266 46.90 0.3357 58.54 0.5390

BERT+Bi-GRU
(NA+NSenti)

41.95 0.3547 45.60 0.3531 56.02 0.4211

BERT+Bi-GRU+Senti
(NA)

43.61 0.3624 47.84 0.3715 57.33 0.4677

BERT+Bi-LSTM
(NA+NSenti)

44.53 0.3340 46.58 0.3375 56.68 0.4281

BERT+Bi-LSTM+Senti
(NA)

46.73 0.3768 47.80 0.3762 59.21 0.5427

BERT+Bi-LSTM+Senti
(only SA)

48.73 0.3986 48.23 0.3847 59.61 0.5436

BERT+Bi-LSTM+Senti
(only CA)

- - 48.80 0.3888 59.43 0.5411

MIC Model (BERT+
Bi-LSTM+DAS+Senti)

48.73 0.5035 51.33 0.4044 60.49 0.5640

Table 2: Results of all the baselines and the MIC
framework. NA represents models without attention
(no DAS), NSenti represents models without sentiment
score features, k represents the kth seeker utterance
along with the available context.

what is now being discussed; and (iii) Motivational
: The response generated by the VA should be
positively-oriented imparting hope and motivation.
Finally, we report the average of the human rated
scores across different users.

6 Results and Analysis
A series of experiments were carried out in order
to evaluate the proposed framework.

Evaluation of Summaries. To analyse the qual-
ity of the summaries obtained from the state-of-the-
art BART-large model, we presented 100 conversa-
tions to three human users from authors affiliation
to rate the quality of the summaries on a scale of
1 (worst) to 5 (best) based on two metrics, namely,
fluency : to ensure that the obtained summary at
each time-step of the conversation is syntactically
or grammatically correct; content preservation : to
ensure that the content of an utterance in the con-
versation is preserved in the summarised version.
We report the average of the human rated scores
across different users. Based on the human evalua-
tion, for fluency, we obtained an average score of
4.1, whereas for content preservation, we observed
an average score of 3.65.

MIC Framework. Experiments were conducted
in three different set-up as : for first k seeker ut-
terances, where k = 1, 2, and t (here t represents
the last seeker utterance), along with the available
context of the dialogue in order to analyse the com-
petence of the MIC model in assisting the VA as
the dialogue progresses. Table 2 summarises the

2442



(a) (b) (c)
Figure 3: (a) Confusion matrix of the MIC model, (b) Human evaluation results of the baselines and the MI-MDG
framework, (c) Sentiment polarity results of the generated VA utterances of different models using VSIA

findings of the proposed MIC model, as well as
a detailed ablation analysis of its various compo-
nents. As can be seen, textual encoding based on
Bi-LSTM yields the best results in terms of sev-
eral classification criteria. Also, the conversational
level (k = t) models performed consistently better
with different encoding strategies. This advantage
is self-evident, as the conversational level models,
unlike the other two set-up, have the complete dia-
logue at their disposal to exploit and learn from. As
visible, BERT based embedding features attained
better results in all combinations as compared to
the GloVe embeddings which is in conformity with
the existing literature. The addition of semantic in-
formation, such as utterance wise sentiment polar-
ity, improved the models’ performance consistently
across all model combinations. This demonstrates
that the user’s sentiment is crucial in determining
its mental state. We have also demonstrated the im-
portance of different attentions used for the best per-
forming model, i.e., BERT+Bi-LSTM+Senti. The
results show that each of these factors aided the
proposed MIC framework’s performance signifi-
cantly. The detailed results of the MIC framework
and the baseline models in terms of precision and
recall is reported in the Appendix section. Welch’s
t-test (Welch, 1947) at 5% significance level was
conducted to ensure that all of the presented results
are statistically significant.

We as well report the confusion matrix of the pro-
posed model for the conversational level (k = t)
set-up to examine the model’s performance in depth
and understand its limits in Figure 3a. As can be
seen, there was a lot of confusion between MDD
and anxiety pairs. The model is limited in its abil-
ity to distinguish between these two illnesses at a
finer level. Even though people experience these in
various ways, they use similar or overlapping termi-
nology to convey their symptoms. The fine-grained

Model(s)
Automatic Evaluation

Embedding PPL BLEU ROUGE-L
Average Extrema Greedy

SEQ2SEQ (no MIC+RL) 0.592 0.306 0.392 52.25 0.066 0.050
HRED (no MIC+RL) 0.605 0.301 0.383 65.60 0.069 0.070

DialoGPT (no MIC+RL) 0.697 0.312 0.405 66.82 0.085 0.087
SEQ2SEQ (no RL) 0.610 0.314 0.403 53.81 0.071 0.059

HRED (no RL) 0.681 0.327 0.418 67.20 0.076 0.077
DialoGPT (no RL) 0.702 0.357 0.432 68.03 0.093 0.094
DialoGPT+RL(r1) 0.758 0.374 0.481 69.12 0.118 0.112
DialoGPT+RL(r2) 0.767 0.376 0.488 55.70 0.123 0.115
DialoGPT+RL(r3) 0.751 0.370 0.473 60.34 0.108 0.109

DialoGPT+RL(r1+r2) 0.767 0.375 0.488 59.16 0.127 0.114
DialoGPT+RL(r2+r3) 0.769 0.378 0.491 59.83 0.128 0.116
DialoGPT+RL(r1+r3) 0.767 0.377 0.489 60.20 0.129 0.114

MI-MDG (DialoGPT +
RL(r1+r2+r3))

0.769 0.375 0.492 54.27 0.132 0.117

Table 3: Automatic evaluation results of the baselines
and the MI-MDG framework. no MIC represents mod-
els trained without MIC output, no RL represents model
trained without RL objective.

characteristics that identify different illnesses in
terms of text must be investigated in depth and
discovered, and this will be the subject of future
research.

MI-MDG Framework. As the task of motiva-
tional response generation has not been studied pre-
viously, we compare it to baseline approaches from
related tasks such as dialogue generation which are
SEQ2SEQ, HRED and DialoGPT and its varying
combinations. Table 3 shows the automatic eval-
uation results of different baselines and MI-MDG
framework. All of the fine-tuned DialoGPT-based
models outperformed the classic SEQ2SEQ and
HRED models, as shown in the table. This shows
that long-term assimilation of memory for a par-
ticular utterance and across the dialogue was not
appropriately learnt by the traditional SEQ2SEQ
and HRED models due to their inability to capture
context for longer sequences. The models trained to
optimize long-term rewards produced better results
in comparison to DialoGPT without RL training.
This suggests that the RL objective, rather than sim-
ply learning to be accurate at the token level, helped
generate affirmative responses compatible with the
context. This validates the fact that the proposed
MI-MDG framework is capable of generating over-
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Seeker Utterance Model Generated Response

I know i have no control, this could have happened to
anyone. and when the crisis came i did everything i could.
but... i nearly failed, i almost did not make it. and
everytime i put my little girl to bed i wonder if this will be
the last time i see her. it is just the
stupid ptsd, anxiety and depression are having a field day.

DialoGPT
(no MIC+RL)

it’s ok. it’s normal. you did the best you could and as you said

DialoGPT
(with MIC output)

i’m sorry you are having such a tough time. please don’t lose hope.
you are a great, caring person.

MI-MDG
you have done everything you can to take care of your child

and keep yourself busy. i know this is just perception but sometimes
it helps when you focus on something simple that satisfies your mind

In the fall of 2010, i lost a job and my depression became
unmanageable. the level of distress i go in and out of now
is beyond anything i have ever experienced in past years.
i’ve always had social anxiety and depression are partnered
up like a tag team holding me down.

DialoGPT
(no MIC+RL)

i’m so sorry to hear that you lost your job. that is awful.
i’m glad you have your degree and you are working at a library

DialoGPT
(with MIC output)

the first step in dealing with depression is to get in touch with a
therapist. you can see your doctor for the same, and they can decide

if the meds need to be put right.

MI-MDG
the voices you are describing are the voices of the past,

and you can see through them. if you can afford the therapy,
then please get in touch with a therapist nearby. you are not alone

Table 4: Examples of responses generated by MI-MDG and the baseline models

all better responses. In Figure 3b, we report the
results of the MI-MDG and baselines models dur-
ing the human evaluation phase. As evident, the
MI-MDG framework attained the highest average
fluency, adaptability and motivational scores of 3.9,
2.63 and 3.82 respectively. However, all the models
generated moderate replies consistent with the con-
text, thus, demonstrating the need to address longer
context/sequences more effectively. We present
few examples of generated responses from the MI-
MDG and baseline model in Table 4. As evident,
the baseline DialoGPT model without any MIC
input or RL training generated generic responses,
devoid of motivation and unaware of seeker’s men-
tal state. Whereas the MI-MDG framework learnt
a fair trade-off between being consistent with the
seeker’s mental state and providing optimism.

Additionally, to analyse whether the responses
generated are positively-oriented, we report the
sentiment polarities of the generated VA utterances
for different models using an existing sentiment
analyzer, namely, VSIA. The results of the same
is shown in Figure 3a. As visible, all the models
consistently generated positive sentences, more so
for MI-MDG model and for all the baseline models
which are trained with sentiment based RL objec-
tive. This shows that the addition of sentiment
based RL objective aided the model’s capability
to generate positive-oriented responses of the VA.
A thorough qualitative analysis uncovered several
common errors made by the MI-MDG framework.
In few cases, the model kept on repeating phrases
from the ground truth as “glad that you are busy
keep busy keep busy and do better”. In some in-
stances, responses were mostly generic (without
optimism and hope imparting expressions) and un-
aligned with the mental state of the seeker such as
for anxiety, OCD due to their fewer representation
in the dataset. Several efforts are being undertaken
to increase the scale of the conversations in the Mo-
tiVAte dataset after clarifying ambiguities from the

rejected modified conversations in the future (refer
to Appendix).

7 Conclusion and Future Work
Online mental health support platforms that make
use of peer supporters suffers from the biggest chal-
lenge of effectively training or scaffolding the peer
supporters. In this research, we use AI to propose
a virtual assistant (VA) to provide support seekers
with comfort and mental health support. As a first
step, we created the MotiVAte dataset, which con-
tains dyadic conversations collected from a peer-
to-peer support network. We mold this system as a
combination of two mechanism : (i) Mental Illness
Classification (MIC) Framework: a dual attention
classifier that outputs the mental disorder category
based on the ongoing dialog between the support
seeker and the VA; and (ii) Mental Illness con-
ditioned Motivational Dialogue Generation (MI-
MDG) Framework: a sentiment driven RL based
motivational response generator conditioned on the
mental state of the seeker. Empirical results, both
quantitative and qualitative validates the efficacy
of the proposed approach. We surmise that this
preliminary step will lead to promising direction
for developing computational models to assist peer
mental health support seekers and allow researchers
to extend works on mental-health which is really
the need of the hour.
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Privacy and Ethical Concerns. The use of on-
line posts in health forums for psychiatric research
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presents a number of ethical questions about user
privacy that must be addressed (Valdez and Keim-
Malpass, 2019; Hovy and Spruit, 2016). Following
the ethical guidelines established in previous re-
search on various web-based platforms (Benton
et al., 2017), we created our dataset using only
publicly available discussions without using any
personal profile information. Before presenting the
data to the annotators, we manually anonymized
the profile and removed any disclosure of personal
information (if any). Despite the fact that the
chats gathered from the online health forum were
anonymized by their policy, the annotators pledged
not to contact or deanonymize any of the users
or share the data with others. This paper makes
no therapy recommendations or clinical diagnostic
claims. All the copyrights of the data belong to
psychcentral.org. Refer to the supplementary sec-
tion for more details. We also acknowledge that in
designing computational models for mental health
support, there is a risk that responses trying to aid
can have the opposite effect, which can be lethal
resulting in self-harm. Thus, risk mitigation steps
are appropriate in this context. We stress on the fact
that the system does not intend to make any clinical
diagnosis or treatment of the disorder. It focuses
on distinguishing mental state of the seekers based
on semantic and linguistic evidence for the VA to
learn a generation policy. In such cases, even if the
mental disorder is mis-classified, the VA is focused
on providing comfort and motivational support to
the seekers. This is perfectly benign.
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A Appendix

Motivational VA : MotiVAte Dataset The de-
scription of the mental disorders (considered in this
paper) as mentioned in ICD-10 is listed in Table 5.

Interactive Training of Crowd-workers. The
crowd-workers were initially provided with the
entire guidelines for modifying the conversations
along with ten such examples of raw and modified
conversation pair. After this initial training, we
scheduled an hour long phone call with them to
discuss our instruction guidelines. Crowd-workers
also raised questions about the guidelines during
the phone conference, which substantially aided in
resolving any potential issues. We gave them each
20 instances to modify after the phone call (ran-
domly chosen; different for each crowd-worker).
We manually evaluated the modified dyadic con-
versation on those 20 raw multi-party conversa-
tion. We either decided to discontinue with the
crowd-worker (there was one) or gave them further
manual input based on the results of the evaluation.
Crowd-workers actively asked questions depend-
ing on their reservations during the process. We
also ran spot checks on quality beyond the initial
training phase (at least two times for each crowd-
worker; on more than 10 conversation each) to
offer them with additional feedback. This check
on quality was also conducted by the psychiatrist

with whom we collaborated for preparing the guide-
lines for modifying the source conversation. His
feedback was also conveyed to the crowd-workers.

Guidelines Prepared. Some of the other impor-
tant guidelines for modifying the conversations
were : (i) The poster’s messages/responses were
changed to remove any references to a group of
people as a whole. For example, phrase such as
“does anyone here go through” was converted to
“do you go through”, similarly “thank you friends
for helping me out” to “thank you for helping me”
and so on. Similarly, a VA cannot respond by shar-
ing its experiences because it is a machine robot
with no life experience to draw on for example,
“I have also faced a similar thing” etc. Also, a
VA cannot refer to the poster about an anonymous
seeker and share the seeker’s experience (seen in
the source conversation), as the communication
between VA and the seeker is meant to be purely
confidential and anonymized. As a result, the com-
menter’s comments or utterances of these patterns
were removed from the conversation in the context
of VA; (ii) In the changed version, source conversa-
tions relating to the original topic of the subforum,
such as MDD, were marked as MDD. We made no
attempt to further categorise the chats by the con-
templated category because we assumed that the
poster would have picked the right category based
on their needs. This is due to the fact that we have
no other evidence to base our analysis on than what
the poster chose for themselves. We recognise that
this is a potential drawback because posters may
not always have the mental health status that they
perceive, and its impact should be examined further
in the future.

Inter-annotator Agreement. The modified con-
versation from each of the crowd-workers were
inter-changed and presented to the remaining
crowd-workers to approve the quality of the mod-
ified conversations (in the sense that the modified
conversations should be aligned with the guide-
lines provided). When any of the quality check
crowd-workers disapproved of a chat that did not
match the standards, it was removed from the Moti-
VAte dataset’s final set. Only those dialogues were
included in the final set that received unanimous
approval from all crowd-workers. Following this
criteria, we rejected 3k conversations from the 10k
modified conversation and only 7067 conversation
were included in the MotiVAte dataset. As a re-
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Category Description listed in ICD-10

MDD
mood disorder, hopelessness, worthlessness,

lack of energy, reduced activity

OCD
repeated unwanted thoughts (obsession),

urge to continuously repeat something (compulsion)

Anxiety
nervous disorder, worry, uncontrollable

racing thoughts, dificulty in concentrating, sleeping

PTSD
recurrent distressing memories of the traumatic event, negative

thoughts about oneself, difficulty maintaining close relationships

Table 5: Description of different mental disorders in
ICD-10

sult, we observed a 71% inter-annotator agreement,
which is regarded credible. To extend the scale of
the MotiVAte dataset, we expect to clarify ambigu-
ities in the rejected modified chats in the future.

Ethical Concerns. The acquisition of raw data
and, as a result, the development of the dataset were
done in accordance with all ethical principles or
codes of conduct. Initially, an opinion on data us-
age and privacy was requested from an IPR lawyer
during the data creation stage, and the response
stated that “Section 107 of the U.S. Copyright Law
which provides that “the fair use of a copyrighted
work . . . for purposes such as . . . research, is
not an infringement of copyright.” Similarly, Sec-
tion 52 of the Copyright Act, 1957 provides that

“fair dealing with any work, for the purposes of
— (i) private or personal use, including research”
does not constitute an infringement of copyright
in the said work. This statutory exception of fair
use/ fair dealing in the website’s content is also
reflected in the Terms of Use of PsychCentral.org:

“provided however, that users may download one
copy of any Content on any single computer and
print a copy of that Content solely for their per-
sonal, private, non-commercial use.” The use of the
content for research may be deemed to fall within
this exception provided it was “personal, private,
non-commercial use”.". Following that, the current
study is being conducted in collaboration with a
psychiatrist from a nationally recognised institu-
tion. The psychiatrist has assisted us with every
element of this work, including developing data an-
notation criteria and carefully reviewing the quality
of the data.

Model k=1 k=2 k=t
Prec. Rec. Prec. Rec. Prec. Rec.

BERT+CNN
(NA+NSenti)

0.4630 0.4725 0.4616 0.4690 0.4720 0.5625

BERT+CNN+Senti
(NA)

0.4668 0.4771 0.4650 0.4722 0.5562 0.5688

BERT+Bi-GRU
(NA+NSenti)

0.3858 0.4231 0.4537 0.4629 0.4785 0.5680

BERT+Bi-GRU+Senti
(NA)

0.4538 0.4615 0.4726 0.4718 0.5270 0.5753

BERT+Bi-LSTM
(NA+NSenti)

0.4735 0.4813 0.4663 0.4772 0.4872 0.5745

BERT+Bi-LSTM+Senti
(NA)

0.4752 0.4938 0.4771 0.4879 0.5601 0.5703

BERT+Bi-LSTM+Senti
(only SA)

0.5035 0.5039 0.4935 0.4912 0.5617 0.5725

BERT+Bi-LSTM+Senti
(only CA)

- - 0.4960 0.5049 0.4800 0.5888

MIC Model 0.5035 0.5039 0.5162 0.5083 0.5730 0.6016

Table 6: Results of the MIC framework and its varying
combinations in terms of precision and recall metrics
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Abstract

Canonical automatic summary evaluation met-
rics, such as ROUGE, focus on lexical simi-
larity which cannot well capture semantics nor
linguistic quality and require a reference sum-
mary which is costly to obtain. Recently, there
have been a growing number of efforts to al-
leviate either or both of the two drawbacks.
In this paper, we present a proof-of-concept
study to a weakly supervised summary evalua-
tion approach without the presence of reference
summaries. Massive data in existing summa-
rization datasets are transformed for training
by pairing documents with corrupted reference
summaries. In cross-domain tests, our strategy
outperforms baselines with promising improve-
ments, and show a great advantage in gauging
linguistic qualities over all metrics.

1 Introduction

In natural language processing, the problem of sum-
marization studies generating a summary from a
source document which is longer than the summary.
De facto metrics to judge a generated summary in-
clude ROUGE (Lin, 2004), BLEU (Papineni et al.,
2002), and METEOR (Banerjee and Lavie, 2005).
Previous work (Ng and Abrecht, 2015; Liu and Liu,
2008; Liu et al., 2016; Shang et al., 2018) agrees on
two major drawbacks of them: 1) they favor lexical
similarity, falling short on semantic similarity or
linguistic quality, and 2) they require a reference
summary which is often expensive to obtain (Zopf,
2018).

Initially, the first drawback is partially allevi-
ated by replacing lexicons with their word embed-
dings (Ng and Abrecht, 2015; Ellouze et al., 2017;
Ruseti et al., 2018; Xia et al., 2019). After the

birth of transformers (Vaswani et al., 2017), this
effort has expanded to sentence or document level,
including reference-based (Zhang* et al., 2020;
Zhao et al., 2019), and reference-free ones (Vasi-
lyev et al., 2020; Scialom et al., 2019; Gao et al.,
2020). The main difference between the two groups
is whether a reference summary is needed when
evaluating a machine-generated summary.

The two groups have complementary pros and
cons. Reference-based metrics have a better perfor-
mance, but they are impractical when summariza-
tion is used industrially, such as in customer sup-
port (Liu et al., 2019), team conversation (Zhang
and Cranshaw, 2018), and bug reporting (Rastkar
et al., 2014), where it is too costly to manually craft
an equally massive amount of reference summaries.
In contrast, without human written reference sum-
maries, reference-free approaches generally per-
form poorer. Modern transformer-based reference-
free approaches often rely on non-summarization
tasks, such as QA (Vasilyev et al., 2020; Scialom
et al., 2019). Such fact-focused approach makes
them excel on content/fact aspects (still worse than
reference-based ones) but not on linguistic ones.
The non-summarization tasks also introduce noises.

Therefore, in this paper, as a proof of concept,
we explore a hybrid or middle approach to com-
bine the best of both worlds. Using document-
summary pairs in existing summarization datasets,
our weakly supervised approach mutates* refer-
ence summaries and pair them with documents to
form training data and then use the trained model
to evaluate unseen summaries in the presence of

*We avoid the term “augment” here because “augment”
means making something better but what we are doing here is
corrupting reference summaries.
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documents without corresponding reference sum-
maries. In this way, we make use of human written
summaries, which are very precious, in training,
but we do not need them in summary evaluation.
We call our approach SueNes , which stands for
“Summary evaluation by Negative sampling.”

The quality of a summary is usually evaluated
on two facets: content/fact aspects and linguistic
qualities. Experiments later will show that a value
of our approach is that we can use the same model
architecture to build models that excel on different
tasks by feeding training data from the same source
but mutated in different strategies. For example,
deleting words is the best for linguistic qualities
while deleting sentences is the best for content/fact
coverage.

Our approach is empirically compared against an
array of existing metrics on three human summary
evaluation datasets. Despite being training-based,
our approach exhibits consistent results across var-
ious training domains which are all different from
the test domain. It outperforms reference-free base-
lines with promising improvements on content/fact
aspects, and further outperforms all existing met-
rics in gauging linguistic qualities.

In summary, our contributions or merits are:

• a simple but effective approach to reference-
free† summary quality assessment,

• negative sampling for preparing training data
from the unlabeled,

• one task/framework for multi-aspect judging,

• extensive cross-domain experiments to vali-
date the effectiveness and domain robustness
of our approach.

We hope our study can inspire more research
into hybridizing reference-free and reference-based
summary evaluation. Our code is at https://
github.com/forrestbao/SueNes/

2 The Approach

2.1 Model Architecture
A reference-free single-document summary qual-
ity assessor can be formulated as a regression
function f(d, s) ∈ [0, 1] of an input document
d = [t1, t2, · · ·], and a machine-generated summary
s = [t′1, t

′
2, · · ·], where ti’s and t′i’s are text tokens.

As a proof of concept, we explore an extremely lean
†The definition of “reference-free” is that reference sum-

maries are not needed in the evaluation stage.

implementation of f : first d and s are jointly trans-
formed into a vector representation e = g(d, s),
and then it is mapped to a summary quality score
via a fully-connected layer, i.e., f(d, s) = σ(We).

The function g can be implemented in the
BERT (Devlin et al., 2019) style with an input
sequence [[CLS], t1, t2, · · ·, [SEP], t′1, t′2, · · ·,
[SEP]]. The output on the [CLS] token is a joint
representation of both the document d and the sum-
mary s.

While the human evaluation to a summary may
cover multiple aspects, such as content/fact cover-
age and linguistics, a model of us will only yield
one number. But by using different data mutation
strategies, we can get models (different f ’s) adept
at different aspects of a summary.

2.2 Negative Sample Generation

It is impractical to train f with existing summa-
rization datasets, such as CNN/DailyMail (Her-
mann et al., 2015; Nallapati et al., 2016), because
they contain only high-quality, reference-class sum-
maries written manually and thus are all of label 1.
Some summary evaluation datasets, such as Real-
Summ (Bhandari et al., 2020), Newsroom (Grusky
et al., 2018), and TAC2010 (NIST, 2010), do con-
tain human ratings to system-generated summaries
of various qualities. But they are too small, con-
taining no more than 100 news articles or article
groups each. Therefore, training against human
ratings or in a supervised approach is impractical.

To work around, we propose a weakly super-
vised solution as depicted in Figure 1(a). Existing
summarization datasets contain many document-
summary pairs. For each pair ⟨d, s⟩, the reference
summary s is mutated intoK new summaries of dif-
ferent extents s1, s2, · · · , sK , which are then paired
with the document to form new pairs

⟨d, s1⟩, ⟨d, s2⟩, · · · , ⟨d, sK⟩,

which are finally assigned targets to form the train-
ing data

(⟨d, s1⟩, y1), (⟨d, s2⟩, y2), · · · , (⟨d, sK⟩, yK).

As illustrated in Figure 2, the training target
yk∈[1..K] is the percentage of intact content. For
example, if 30% of tokens in a mutated summary
are not original, then the label is 0.7. In addition,
the original document-summary pair ⟨d, s⟩ is also
used in training with a target of 1.

2
2451

https://github.com/forrestbao/SueNes/
https://github.com/forrestbao/SueNes/


           

Documents       Summaries         Generated
                      (mutated or ref.)        Scores

A supervised model f

Input 1

(a) Training. On massive pairs of documents 
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Dataset: BillSum, arXiv, or BigPatent.
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(b) Testing. On machine-generated 
summaries and their human ratings. 
Dataset: TAC2010, RealSumm, or Newsroom. 
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Figure 1: The weakly supervised training approach in this paper and the test of a trained model.

Mutations can happen at the token or sentence
level, where tokens or sentences are randomly se-
lected for mutation. A selected token or sentence
is mutated in one of the three methods:

1. inserting a token/sentence from other sum-
maries behind it,

2. deleting it, or

3. replacing it with a token/sentence from other
summaries.

We do not mix different mutation levels nor mix dif-
ferent mutation methods when preparing the train-
ing data. Instead, our experiments study one com-
bination of a mutation level and a mutation method,
denoted as a mutation strategy, each time.

a document
its reference summary

the document
15% mutated summary

the document
40% mutated summary

⋮ ⋮

1

0.85

0.6

Samples: Labels: 

Figure 2: Training sample generation by mutation. Mu-
tated text in dark blocks while intact text in gray
blocks . Sizes are out of scale.

3 Experiments

3.1 Test data

The ground truth of a summary’s quality is hu-
man ratings to it. A model trained (Fig. 1(a)) is
tested (Fig. 1(b)) against human ratings. Three test
datasets are chosen below. Due to the limited num-
ber and sizes of human evaluation datasets, they are
all in the news domain. The human evaluation pro-
tocols can be found in their respective references.

TAC2010 (NIST, 2010) is a multi-document
(ten-document) summarization task reporting
both factual and linguistic aspects. We use∑

i∈[1..10] f(di, s) to approximate the score of the
summary s composed from ten documents d1 to
d10. We only use Set A of TAC2010 because Set B
is not for regular summarization.

Newsroom (Grusky et al., 2018) also covers
both factual (in INFormativeness and RELevance)
and linguistic (in COHerence and FLUency) as-
pects. For human ratings, three human annotators
rate one pair of a document and machine-generated
summary. The mean of their ratings on each aspect
is used in our experiments.

RealSumm (Bhandari et al., 2020) focuses on
only factual coverage. It covers 14 abstractive and
11 extractive summarizers published after 2018 and
conducts human evaluation on the two groups sep-
arately.

Note that we do not and cannot train a model
against the labels in a test set, as mentioned in § 2.1.
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If a test set rates on multiple aspects, we do not
train one model for each aspect. Nor do we train
models for individual or a collection of test sets.
We compute correlation between the predictions
from our model and human ratings on each aspect
of each test set.

3.2 Training data
Three widely used summarization datasets from
three different domains are chosen for train-
ing: Billsum (Kornilova and Eidelman, 2019),
Scientific-Papers/arXiv (Cohan et al., 2018), and
Big-Patent (Sharma et al., 2019). Datasets from
the news domain are avoided on purpose because
the test data is in the news domain. This cross-
domain setting allows us to examine whether a
model is prone to domain differences. For each
reference summary, K = 5 mutated summaries
are generated. The percentage of intact content is
measured by the number of tokens and the num-
ber of characters for token-level and sentence-level
mutations, respectively.

3.3 Baselines and upper bounds
To fairly compare, four recent metrics:
BLANC (Vasilyev et al., 2020), Sum-
maQA (Scialom et al., 2019), SUPERT (Gao
et al., 2020) and LS-Score (Wu et al., 2020) ,
are used as baselines because like our approach,
they do not need a reference summary to judge a
machine-generated summary, i.e., reference-free.

Human crafted reference summaries give
reference-based metrics advantages. The results
of reference-based metrics are included as soft up-
per bounds: ROUGE-1, ROUGE-2 and ROUGE-
L (Lin, 2004), MoverScore (Zhao et al., 2019),
BertScore (Zhang* et al., 2020), BLEU (Pap-
ineni et al., 2002), METEOR (Banerjee and Lavie,
2005), and S3 (Peyrard et al., 2017).

3.4 Settings
Because the baselines use BERT, we use BERT
as well for a fair comparison. Specifically, BERT-
base uncased (L=12, H=768) is fine-tuned, with a
learning rate of 1e-5, three epochs, and a batch size
of 14. The input sequence is limited to 512 tokens
using the round robin trimmer. The training loss is
MSE as this problem is regression.

3.5 Results
We use the summary-level (Peyrard et al., 2017)
meta-evaluation strategy to report an approach’s

average correlation with human ratings. Summary
evaluation usually covers two types of aspects, con-
tents/facts and linguistics. They are reported sepa-
rately in Tables 1 and 2. Due to space limit, only
the best mutation strategy is reported for each as-
pect group.

On content/fact aspects, the best mutation strat-
egy is sentence deletion and our best models outper-
form baselines on all test datasets. Our approach
makes the most improvement over baselines on Re-
alSumm, a dataset much bigger than Newsroom
and more modern than TAC2010, and the least im-
provement on TAC2010, the oldest dataset.

Table 1: Spearman’s correlation on content/fact aspects.
Superscripts are ranks per aspect. Abs. and Ext. are two summarizer groups in RealSumm.

TAC2010 Newsroom RealSumm
Pyramid INF REL Abs. Ext.

Our approach
(mutated in
sentence deletion)

Trained on:
Billsum 0.491 0.702 0.613 0.26 0.01
arXiv 0.41 0.69 0.59 0.341 0.122

BigPatent 0.42 0.751 0.651 0.332 0.131

Baselines

BLANC-tune 0.433 0.69 0.612 0.313 0.113

SummaQA-F1 0.30 0.57 0.52 0.22 0.08
SummaQA-CFD 0.29 0.54 0.44 0.24 0.05

SUPERT 0.482 0.693 0.60 0.25 0.07
LS-Score * N/A 0.70 0.64 N/A N/A

Upper bounds

R-1 0.56 0.32 0.28 0.63 0.22
R-2 0.64 0.15 0.13 0.56 0.22
R-L 0.50 0.30 0.26 0.60 0.21

MoverScore 0.72 0.22 0.22 0.50 0.19
BertScore 0.68 0.32 0.28 0.57 0.19

BLEU 0.60 -0.08 -0.01 0.30 0.16
METEOR 0.67 0.24 0.24 0.63 0.25

S3_pyr 0.73 0.27 0.25 0.64 0.24
S3_resp 0.73 0.25 0.22 0.63 0.24

Our best over baseline best (%) 2.71 8.67 6.40 9.72 16.42
Our average absolute deviation (%) 3.32 2.57 2.21 3.45 5.28

On linguistic aspects, the best mutation strat-
egy is word deletion. Here, even our worst model
cannot be outperformed by any baseline nor upper
bound. As mentioned earlier, canonical metrics are
lexical-based while modern reference-based and
reference-free approaches focus on facts. Through
mutating reference summaries, our approach can
create summaries of different linguistic qualities.
Although our approach makes big improvements
over baselines on TAC2010 and Newsroom’s FLU-
ency, its edge is smaller on Newsroom’s COHer-
ence. A sentence-level scrambling mutation may
improve our approach’s performance on COHer-
ence in the future.

*LS_Score results are only for Newsroom, which are copied from its paper, as we
cannot run their code on other datasets after trying really hard. Several other researchers
reported the same issue at https://github.com/whl97/LS-Score/issues. It is
further excluded from the ranking because it is trained on the same domain as the test domain
whereas all other baselines and our models are not.
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Table 2: Spearman’s correlation on linguistic aspects.
Superscripts are ranks in each aspect/column.

TAC2010 Newsroom
Ling. COH FLU

Our approach
(mutated in
word deletion)

Trained on:
Billsum 0.461 0.652 0.652

arXiv 0.383 0.671 0.671

BigPatent 0.432 0.623 0.633

Baselines

BLANC-tune 0.29 0.59 0.53
SummaQA-F1 0.24 0.49 0.47

SummaQA-CFD 0.15 0.42 0.37
SUPERT 0.32 0.622 0.54

LS-Score * N/A 0.63 0.59

Upper bounds

R-1 0.26 0.23 0.22
R-2 0.35 0.09 0.10
R-L 0.18 0.21 0.20

MoverScore 0.35 0.17 0.14
BertScore 0.36 0.27 0.24

BLEU 0.35 -0.06 -0.04
METEOR 0.34 0.17 0.17

S3_pyr 0.36 0.19 0.18
S3_resp 0.36 0.17 0.17

Our best over baseline best (%) 41.92 8.41 25.02
Our average absolute deviation (%) 2.72 1.71 1.74

3.6 Discussions

What is the best mutation? Across datasets,
deletion-based mutations are most effective. The
two kinds of deletions happen to be complemen-
tarily effective for two aspect groups: sentence
deletion for content/fact aspects vs. word deletion
for linguistic aspects. This is an advantage of our
approach that under a uniformed framework, dif-
ferent summary quality aspects can be gauged by
designing different mutation options.

The complementariness of sentence deletion and
word deletion can be well explained as that remov-
ing a sentence from a reference summary reduces
a great amount of key information while removing
a word from a sentence changes it syntactically.
We found that word-level mutations are less useful
for content/fact aspects, probably because of the
inertia of the context after words are altered.

Which training domain/dataset should I use?
Due to the composition of summarizers and the lim-
ited data size in human evaluation, it is very hard
to get a consistent ranking of metrics on different
datasets (Bhandari et al., 2020). For example, in
Table 1, Billsumm outperforms all baselines and its
peers on TAC2010 but not the case on Newsroom
and RealSumm.

Still, the impact of training domain seems man-
ageable. The average absolute deviations across
the training datasets/domains are given at the bot-
tom of Tables 1 and 2. They mostly below 3.5%. A
qualitative analysis shows that the variation seems
more due to the characteristics of the text than

the domain. Legislative bills (Billsum) have lots
of short, hierarchical clauses and thus differ from
common English greatly. Scientific papers have
many equations and cross-references. There are
also many occurrences of LATEX or MathML in the
dataset arXiv. On top of that, all our experiments
use different training and test domains. Hence we
would say that the impact of domain variation is
very small.

4 Conclusion

In this paper, we propose a weakly supervised
approach to summary quality evaluation. A few
mutation methods are introduced to make use of
the massive, precious human written summaries in
summarization datasets. In cross-domain experi-
ments, our approach achieves better performance
than baselines, especially on linguistic aspects. We
hope this proof-of-concept study can inspire more
reference-free summary evaluation.
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A Dataset statistics

For test sets:

• TAC2010 Guided Summarization Task Set
A consists of 46 topics, each of which is asso-
ciated with a set of 10 documents. We evalu-
ate the metrics over summaries generated by
43 systems.

• Newsroom contains human-rated summaries
generated by 7 systems for 60 documents.

• RealSumm sampled 100 documents from the
CNN/DailyMail test set, and collected human
ratings for summaries generated by 11 extra-
tive systems and 14 abstractive systems.

For training sets, the numbers of pairs of docu-
ments and reference summaries in the train split
are:

• Billsum: 18,949

• Scientific papers/arXiv: 203,037

• Big-Patent: 1,207,222

For each dataset, we use the entire (except for Big-
Patent, 10% due to its huge size) train split in
Google Tensorflow Datasets for training.

B Computational environment and cost

All experiments were carried out on one RTX3090
GPU installed on a desktop computer. The training
takes about a week for all three training datasets.

C Another type of mutation

In addition to the three mutation methods men-
tioned already, we have another method called cros-
spairing.

Document Summary Label

Doc 5 Summary 5 1

Doc 5 Summary 10 0

Doc 5 Summary 81 0

Doc 7 Summary 7 1

Doc 7 Summary 19 0

Doc 7 Summary 45 0

⋮ ⋮

Cross-paired 
documents and 
summaries 
(mismatching doc 
ID and summary ID)

Documents and 
original reference  
summaries
(matching doc ID 
and summary ID)

Figure 3: Training sample generation via cross pairing.

Illustrated in Figure 3, it is inspired by the next-
sentence prediction (NSP) task in original BERT
training. Given a document and its reference sum-
mary, we create negative data by pairing the docu-
ment with reference summaries of other documents.
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We assign the label 0 to a mismatching document-
summary pair, and the label 1 to any original pair
of a document and its reference summary.

D Complete empirical results

Due to space limit, we were only able to present
the result of the best mutation method in § 3.5. Full
results are given in Tables 3, 4, 5, and 6. Pear-
son’s for LS-Score is unable to be produced due to
reasons explained in the footnote on page 4.

Table 3: Full results for Spearman’s correlation on
content/fact aspects.

Mutation Training TAC2010 Newsroom RealSumm
set Pyramid INF REL Abs Ext

Our approach

crosspair
Billsum 0.38 0.50 0.49 -0.06 -0.05
ArXiv 0.37 0.57 0.55 -0.06 -0.08

BigPatent 0.33 0.56 0.57 -0.06 -0.05

sentence-
replace

Billsum 0.44 0.47 0.42 0.04 -0.08
ArXiv 0.35 0.55 0.49 0.19 0.03

BigPatent 0.39 0.49 0.46 -0.08 -0.04

word-insert
Billsum 0.21 0.60 0.56 0.06 -0.01
ArXiv 0.10 0.66 0.58 0.20 -0.01

BigPatent 0.20 0.63 0.59 0.14 -0.02

word-delete
Billsum 0.27 0.64 0.61 0.12 0.02
ArXiv 0.23 0.62 0.59 0.17 0.01

BigPatent 0.28 0.59 0.60 0.10 0.01

word-replace
Billsum 0.25 0.66 0.60 0.10 -0.03
ArXiv 0.08 0.65 0.57 0.15 -0.02

BigPatent 0.25 0.63 0.62 0.07 -0.06

sentence-
delete

Billsum 0.49 0.70 0.61 0.26 0.01
ArXiv 0.41 0.69 0.59 0.34 0.12

BigPatent 0.42 0.75 0.65 0.33 0.13

Baselines

BLANC-tune 0.43 0.69 0.61 0.31 0.11
SummaQA-F1 0.30 0.57 0.52 0.22 0.08

SummaQA-CFD 0.29 0.54 0.44 0.24 0.05
SUPERT 0.48 0.69 0.60 0.25 0.07

LS-Score * N/A 0.70 0.64 N/A N/A

Upper bounds

R-1 0.56 0.32 0.28 0.63 0.22
R-2 0.64 0.15 0.13 0.56 0.22
R-L 0.50 0.30 0.26 0.60 0.21

MoverScore 0.72 0.22 0.22 0.50 0.19
BertScore 0.68 0.32 0.28 0.57 0.19

BLEU 0.60 -0.08 -0.01 0.30 0.16
METEOR 0.67 0.24 0.24 0.63 0.25

S3_pyr 0.73 0.27 0.25 0.64 0.24
S3_resp 0.73 0.25 0.22 0.63 0.24

Our best over baseline best (%) -8.47 -4.63 2.14 -35.93 -76.38

Our average
absolute
deviation (%)

crosspair 2.02 2.75 3.00 0.00 1.02
sentence-delete 3.32 2.57 2.21 3.45 5.28
sentence-replace 2.99 3.34 2.57 9.28 3.92

word-insert 4.64 1.87 1.03 5.01 0.37
word-delete 1.96 1.79 0.82 2.55 0.44
word-replace 7.59 1.11 1.73 2.60 1.96

Table 4: Full results for Spearman’s correlation on
linguistic aspects.

Mutation Training TAC2010 Newsroom
set Linguistic COH FLU

Our approach

crosspair
Billsum 0.29 0.43 0.39
ArXiv 0.28 0.48 0.42

BigPatent 0.28 0.48 0.42

sentence-
delete

Billsum 0.33 0.59 0.53
ArXiv 0.32 0.53 0.46

BigPatent 0.30 0.62 0.54

sentence-
replace

Billsum 0.39 0.45 0.42
ArXiv 0.27 0.50 0.43

BigPatent 0.38 0.41 0.31

word-insert
Billsum 0.31 0.55 0.53
ArXiv 0.16 0.55 0.48

BigPatent 0.19 0.51 0.48

word-replace
Billsum 0.33 0.60 0.57
ArXiv 0.07 0.54 0.49

BigPatent 0.24 0.54 0.46

word-delete
Billsum 0.46 0.65 0.65
ArXiv 0.38 0.67 0.67

BigPatent 0.43 0.62 0.63

Baselines

BLANC-tune 0.29 0.59 0.53
SummaQA-F1 0.24 0.49 0.47

SummaQA-CFD 0.15 0.42 0.37
SUPERT 0.32 0.62 0.54

LS-Score * N/A 0.63 0.59

Upper bounds

R-1 0.26 0.23 0.22
R-2 0.35 0.09 0.10
R-L 0.18 0.21 0.20

MoverScore 0.35 0.17 0.14
BertScore 0.36 0.27 0.24

BLEU 0.35 -0.06 -0.04
METEOR 0.34 0.17 0.17

S3_pyr 0.36 0.19 0.18
S3_resp 0.36 0.17 0.17

Our best over baseline best (%) 19.17 -0.28 5.49

Our average
absolute
deviation (%)

crosspair 0.29 2.00 1.50
sentence-delete 1.15 3.10 3.17
sentence-replace 4.97 3.05 5.05

word-insert 6.01 1.62 2.38
word-delete 2.72 1.71 1.74
word-replace 9.28 2.56 4.23
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Table 5: Full results for Pearson’s correlation on con-
tent/fact aspects.

Mutation Training TAC2010 Newsroom RealSumm
set Pyramid INF REL Abs Ext

Our approach

crosspair
Billsum 0.44 0.63 0.66 -0.07 -0.05
ArXiv 0.45 0.62 0.65 -0.07 -0.07

BigPatent 0.39 0.63 0.68 -0.07 -0.05

sentence-
replace

Billsum 0.48 0.64 0.67 0.04 -0.09
ArXiv 0.24 0.56 0.58 0.07 0.05

BigPatent 0.41 0.59 0.61 -0.07 -0.04

word-insert
Billsum 0.34 0.70 0.72 0.08 0.00
ArXiv 0.30 0.67 0.69 0.19 -0.01

BigPatent 0.26 0.64 0.68 0.14 -0.02

word-delete
Billsum 0.39 0.76 0.78 0.12 0.05
ArXiv 0.39 0.68 0.70 0.18 0.03

BigPatent 0.38 0.71 0.74 0.13 0.01

word-replace
Billsum 0.35 0.72 0.76 0.09 -0.04
ArXiv 0.29 0.67 0.70 0.12 0.00

BigPatent 0.29 0.66 0.71 0.08 -0.04

sentence-
delete

Billsum 0.55 0.75 0.74 0.26 0.06
ArXiv 0.47 0.69 0.61 0.34 0.11

BigPatent 0.50 0.79 0.72 0.35 0.16

Baselines

Blanc-tune 0.51 0.73 0.68 0.33 0.13
summaQA-F1 0.34 0.59 0.55 0.21 0.09

SummaQA-CFD 0.33 0.60 0.52 0.25 0.06
Supert 0.55 0.77 0.77 0.27 0.09

Upper bounds

R-1 0.55 0.26 0.25 0.66 0.26
R-2 0.69 0.03 0.03 0.59 0.24
R-L 0.48 0.14 0.13 0.62 0.25

MoverScore 0.68 0.06 0.09 0.51 0.20
BertScore 0.65 0.29 0.28 0.61 0.24

BLEU 0.62 -0.14 -0.10 0.32 0.15
METEOR 0.71 0.08 0.09 0.67 0.28

S3_pyr 0.76 0.11 0.10 0.67 0.28
S3_resp 0.76 0.04 0.04 0.65 0.28

Our best over baseline best (%) 0.15 2.75 1.37 7.12 28.53

Our average
absolute
deviation (%)

crosspair 2.41 0.42 1.02 0.00 0.97
sentence-delete 2.85 3.53 5.27 3.68 3.68
sentence-replace 9.43 2.74 3.43 5.65 5.04

word-insert 2.74 1.92 1.75 3.80 0.57
word-delete 0.42 2.78 2.97 2.35 1.25
word-replace 2.85 2.49 2.57 1.74 1.46

Table 6: Full results for Pearson’s correlation on lin-
guistic aspects.

Mutation Training TAC2010 Newsroom
set Linguistic COH FLU

Our Approach

crosspair
Billsum 0.39 0.52 0.46
ArXiv 0.39 0.50 0.44

BigPatent 0.40 0.51 0.44

sentence-
delete

Billsum 0.48 0.61 0.55
ArXiv 0.39 0.56 0.50

BigPatent 0.43 0.65 0.57

sentence-
replace

Billsum 0.43 0.52 0.44
ArXiv 0.21 0.48 0.42

BigPatent 0.39 0.45 0.38

word-insert
Billsum 0.45 0.60 0.56
ArXiv 0.35 0.56 0.52

BigPatent 0.32 0.52 0.46

word-replace
Billsum 0.47 0.61 0.58
ArXiv 0.35 0.56 0.53

BigPatent 0.33 0.53 0.48

word-delete
Billsum 0.56 0.69 0.67
ArXiv 0.51 0.67 0.66

BigPatent 0.49 0.66 0.64

Baselines

Blanc-tune 0.42 0.62 0.59
summaQA-F1 0.29 0.51 0.47

SummaQA-CFD 0.21 0.48 0.43
Supert 0.46 0.65 0.58

Upper bounds

R-1 0.27 0.17 0.14
R-2 0.40 -0.02 -0.02
R-L 0.18 0.07 0.06

MoverScore 0.43 0.02 0.00
BertScore 0.50 0.21 0.17

BLEU 0.36 -0.14 -0.12
METEOR 0.46 0.03 0.02

S3_pyr 0.45 0.04 0.03
S3_resp 0.44 -0.01 -0.02

Our best over baseline best (%) 21.28 6.71 13.50

Our average
absolute
deviation (%)

crosspair 0.43 0.64 0.93
sentence-delete 3.01 3.20 2.65
sentence-replace 8.89 2.51 2.39

word-insert 5.29 2.86 3.35
word-delete 2.56 1.27 0.98
word-replace 6.02 2.88 3.25
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Abstract
In this paper, we advocate for using large pre-
trained monolingual language models in cross
lingual zero-shot word sense disambiguation
(WSD) coupled with a contextualized mapping
mechanism. We also report rigorous experi-
ments that illustrate the effectiveness of em-
ploying sparse contextualized word representa-
tions obtained via a dictionary learning proce-
dure. Our experimental results demonstrate
that the above modifications yield a signifi-
cant improvement of nearly 6.5 points of in-
crease in the average F-score (from 62.0 to
68.5) over a collection of 17 typologically
diverse set of target languages. We release
our source code for replicating our experi-
ments at https://github.com/begab/
sparsity_makes_sense.

1 Introduction

Word sense disambiguation (WSD) is a long-
standing and fundamental problem of Natural
Language Processing, known to be affected by
the knowledge acquisition bottleneck (Gale et al.,
1992). Large pre-trained neural language models
are known to effectively mitigate the problems re-
lated to the paucity of high quality, large-coverage
sense annotated training data for WSD (Loureiro
and Jorge, 2019; Loureiro et al., 2021b; inter alia).

Most recently, the knowledge acquisition bottle-
neck has been identified as an immense problem in
the cross-lingual setting as well (Pasini, 2020). A
straightforward solution for handling this problem
is to apply large multilingual pre-trained language
models in a zero-shot setting, however, this ap-
proach has a potential limitation owing to the curse
of multilinguality (Conneau et al., 2020a), i.e., the
inability of such models to handle the large number
of languages involved during training such models
to an equally good quality.

The research community replied to the limita-
tions of large massively multilingual models by de-
veloping language-specific monolingual language

ISO Huggingface model identifier

bg DeepPavlov/bert-base-bg-cs-pl-ru-cased (Arkhipov et al., 2019)
ca PlanTL-GOB-ES/roberta-base-ca (Armengol-Estapé et al., 2021)
da Maltehb/danish-bert-botxo
de bert-base-german-cased
es dccuchile/bert-base-spanish-wwm-cased (Cañete et al., 2020)
et EMBEDDIA/finest-BERT (Ulčar and Robnik-Šikonja, 2020)
eu ixa-ehu/berteus-base-cased (Agerri et al., 2020)
fr camembert-base (Martin et al., 2020)
gl dvilares/bertinho-gl-base-cased (Vilares et al., 2021)
hr EMBEDDIA/crosloengual-bert (Ulčar and Robnik-Šikonja, 2020)
hu SZTAKI-HLT/hubert-base-cc (Nemeskey, 2021)
it Musixmatch/umberto-commoncrawl-cased-v1
ja cl-tohoku/bert-base-japanese-whole-word-masking

ko snunlp/KR-BERT-char16424
nl GroNLP/bert-base-dutch-cased (de Vries et al., 2019)
sl EMBEDDIA/sloberta

zh bert-base-chinese

Table 1: Monolingual models from the
transformers library (Wolf et al., 2020) cov-
ering all the (non-English) languages of the XL-WSD
dataset (Pasini et al., 2021).

models.1 Table 1 provides a shortlist of recently
published monolingual large pre-trained language
models, related to the languages involved in the
cross-lingual WSD test suit, XL-WSD (Pasini et al.,
2021).

With the prevalence of large monolingual pre-
trained models, the important research question
arises if their language-specific nature can be suc-
cessfully exploited during zero-shot learning. Our
research provides a thorough comparison of the
application of large multilingual and monolingual
pre-trained language models for zero-shot WSD.

Another crucial aspect that we carefully investi-
gate in this paper is the integration of sparse con-
textualized word representations into cross-lingual
zero-shot WSD. Sparse word representations have
a demonstrated ability to align with word senses
(Balogh et al., 2020; Yun et al., 2021). While the
benefits of employing sparsity has been shown for
WSD in English (Berend, 2020a), its viability in
the cross-lingual setting has not yet been verified.

1With a slight abuse of notation, we also refer to models
that support a handful of (related) languages (e.g. Slovenian
and Croatian) as language-specific monolingual ones.
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In order to conduct such an analysis, we propose an
algorithm for obtaining cross-lingual sparse contex-
tualized word representations from independently
trained monolingual language models.

2 Related work

The analysis and the investigation of the transfer
capabilities of large pre-trained language models
(such as mBERT or XLM) across languages has
spurred significant research interest (Pires et al.,
2019; Wu and Dredze, 2019, 2020; K et al., 2020).
In contrast to the availability of multilingual neural
language models, a series of recent papers have
argued for the creation of dedicated neural lan-
guage models for different languages (see e.g. Ta-
ble 1). While monolingual neural language models
can more accurately model the distinct languages,
models that are trained in isolation of other lan-
guages cannot directly benefit from downstream
application-specific annotated training data avail-
able in different languages.

Artetxe et al. (2020) proposed an approach for
making monolingual models compatible with each
other by first pre-training a masked language model
on a source language, then freezing its parame-
ters apart from its embedding layer that get re-
placed and trained for additional target languages
using a standard masked language modeling ob-
jective. Note that this approach is complementary
and strictly more resource intensive to ours, as it
involves the pre-training of a (freezed) transformer
model with respect its embedding layer for a target
language. In contrast, our approach can operate on
monolingual language models fully pre-trained in
total isolation from the source language encoder.
Also, our approach learns substantially fewer pa-
rameters in the form of an alignment matrix be-
tween the hidden representations of the contextual-
ized target and source language spaces.

Conneau et al. (2020b) analyzed the multilingual
patterns emerging in large pre-trained language
models. The authors found that “language univer-
sal representations emerge in pre-trained models
without the requirement of any shared vocabulary
or domain similarity”. That work have demon-
strated that monolingual BERT models can be ef-
fectively mapped for performing zero-shot cross-
lingual named entity recognition and syntactic pars-
ing. Similarly, Wang et al. (2019); Schuster et al.
(2019) also illustrated the efficacy of linear trans-
formations for using BERT-derived representations

in cross-lingual dependency parsing.

WSD has been a fundamental and challenging
problem in NLP for many decades, dating back to
(Weaver, 1949/1955). The utilization of contextu-
alized word representations was first advocated by
Peters et al. (2018), later popularized by (Loureiro
and Jorge, 2019; Loureiro et al., 2021a). Bevilac-
qua et al. (2021) offers a survey of the recent ap-
proaches.

Most recently, Rezaee et al. (2021) have ex-
plored the usage of multilingual language models
(XLM) in zero-shot WSD. While the experiments
in (Rezaee et al., 2021) cover four related target lan-
guages (German, Spanish, French and Italian), our
investigation involves a typologically diverse set of
17 target languages (beyond English) from (Pasini
et al., 2021). Our work also extends that line of
research in important aspects, as we show that the
application of monolingual neural language mod-
els can vastly improve the performance of cross-
lingual zero-shot WSD. Additionally, we also pro-
vide a careful evaluation of sparse contextualized
word representations in zero-shot WSD.

Berend (2020a) introduced sparse contextual-
ized word representations via the application of
dictionary learning, and showed that sense repre-
sentations that are obtained from the co-occurrence
statistics of the sparsity structure of the contex-
tualized word representations and their sense an-
notations can provide significant improvement in
monolingual WSD. Our work relates to that line of
research by providing a mapping-based procedure,
which enables the usage of such sense represen-
tations created in some source language to be ap-
plied in other target languages as well. The kind of
mapping we employ can be viewed as a generaliza-
tion of the approach introduced in (Berend, 2020b)
with the notable exception that in this work, we ob-
tain sparse word representations for contextualized
models as opposed to static word embeddings.

3 Methodology

In order to allow for zero-shot transfer between
monolingual language models pre-trained in iso-
lation from each other, we need to determine a
mapping between their hidden representations. We
first introduce our methodology for doing so, then
we integrate this to the creation of sparse contextu-
alized word representations.
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3.1 Mapping hidden representations
The alignment of word representations between in-
dependently constructed semantic spaces can be
conveniently and efficiently performed via linear
transformations. This has been a standard approach
for non-contextualized word embeddings (Mikolov
et al., 2013; Xing et al., 2015; Smith et al., 2017),
but it has been shown to be useful in the contextu-
alized case as well (Conneau et al., 2020b).

The standard approach is to obtain a collection of
pairs of anchor points {xi,yi}ni=1 with xi and yi
denoting the representation of semantically equiv-
alent words in the target and source languages, re-
spectively. The mapping W is then obtained as

min
W

n∑

i=1

∥Wxi − yi∥22. (1)

As we deal with contextualized models, we can
obtain various representations for a word even in
the same context, by considering the hidden rep-
resentations from different layers of the neural
language models employed. Additionally, as con-
straining the mapping matrix to be an isometric one
have proven to be a useful requirement, we define
our learning task to be of the form

min
W s.t. W ⊺W=I

n∑

i=1

∥Wx(lt)
i − y(ls)i ∥22, (2)

with I denoting the identity matrix, x(lt)
i and y(ls)i

denoting the hidden representations obtained from
the ltth and lsth layers of the target and source lan-
guage neural language models, respectively.

Finding the optimal isometric W can be viewed
as an instance of the orthogonal Procrustes prob-
lem (Schönemann, 1966) which can be solved by
W⊥ = UV , with U and V originating from the
singular value decomposition of the matrix product
Y ⊺X , where X and Y include the stacked target
and source language contextual representations of
pairs of semantically equivalent words.

As words of the input sequences to the neural
language models can be split into multiple subto-
kens, we followed the common practice of obtain-
ing word-level neural representations by perform-
ing mean pooling of the subword representations.
Throughout our experiments, we also relied on the
RCSLS criterion (Joulin et al., 2018), which offers
a retrieval-based alternative of obtaining a mapping
from the target to the source language representa-
tions.

3.2 Cross-lingual sparse contextualized word
representations

Our approach extends the information theoretic al-
gorithm introduced in (Berend, 2020a) for its appli-
cation in the cross-lingual zero-shot WSD setting.
In order to obtain sparse contextualized represen-
tations for the source language, we first populate
Y ∈ Rd×N with d-dimensional contextualized rep-
resentations of words determined for texts in the
source language, and minimize the objective

min
D∈C,αi∈Rk≥0

N∑

i=1

1

2
∥yi −Dαi∥22 + λ∥αi∥1, (3)

where C denotes the convex set of d× k matrices
with column norm at most 1, λ is a regularization
coefficient and the sparse coefficients in α are re-
quired to be non-negative. We used the SPAMS li-
brary (Mairal et al., 2009) for calculating D and α.

Having obtained D for the source language, we
determine a sparse contextualized word representa-
tion for a target language word with dense contex-
tualized representation xi as

min
αi∈Rk≥0

1

2
∥Wxi −Dαi∥22 + λ∥αi∥1, (4)

where W is the alignment transformation as de-
scribed earlier in Section 3.1. Eq. (4) reveals that
the cross-lingual applicability of the sparse codes
are assured by the mapping transformation W and
the fact that the sparse target language representa-
tions are also using the sameD that was determined
for the source language, which also ensures the ef-
ficient calculation of sparse representations during
inference time.

Apart from these crucial extensions we made for
providing the use of contextualized sparse repre-
sentations in the cross-lingual setting, the way we
utilized them for the determination of sense rep-
resentation and inference is identical to (Berend,
2020a). That is, for all sense-annotated words in
the training corpus, we calculated a weighted co-
occurrence statistics between a word pertaining to a
specific semantic category and having non-zero co-
ordinates along a specific dimension in their sparse
contextualied word representations. These statis-
tics are then transformed into pointwise mutual
information (PMI) scores, resulting in a sense rep-
resentation for all the senses in the training sense
inventory.

Sense representations obtained that way measure
the strength of the relation of the senses to the
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different (sparse) coordinates. Inference for a word
with sparse representation α is simply taken as
argmaxsΦα

⊺, where Φ is the previously defined
matrix of PMI values and s corresponds to the
sense at which position the above matrix–vector
products takes its largest value.

4 Experimental results

All the neural language models that we relied on
during our experiments were obtained from the
transformers library (Wolf et al., 2020). We
used four NVIDIA Titan 2080 GPUs for our exper-
iments.

As the multilingual language model, we used the
24-layer transformer architecture, XLM-RoBERTa
(XLM-R for short) (Conneau et al., 2020a). We
chose the cased BERT (Devlin et al., 2019) large
model as the monolingual model for encoding En-
glish text. As for the rest of the monolingual lan-
guage models involved in our experiments, we re-
lied on the models listed in Table 1. These monolin-
gual models have the same size as the BERT-base
model, i.e., they consist of 12 transformer blocks
and employ hidden representations of 768 dimen-
sions.

For evaluation purposes, we used the extra-large
cross-lingual evaluation benchmark XL-WSD, re-
cently proposed in (Pasini et al., 2021). The
database contains a high-quality sense annotated
corpus for English as the concatenation of the Sem-
Cor dataset (Miller et al., 1994) and the sense
definitions and example sentences from WordNet
(Fellbaum, 1998). XL-WSD uses the unified cross-
lingual sense inventory of BabelNet (Navigli and
Ponzetto, 2012).

The dataset contains 17 additional typologically
diverse languages besides English (that we listed
in Table 1). The authors also released machine
translated silver standard sense annotated training
corpora for all the languages, which makes the
language-specific fine-tuning of monolingual mod-
els possible, however, as shown in (Pasini et al.,
2021), that approach resulted in inferior results
compared to the application of multilingual models
in the zero-shot setting.

Throughout the application of sparse contextu-
alized representations, we employ the same set of
hyperparameters that were used in (Berend, 2020a),
i.e., we set the number of the regularization coef-
ficient to λ = 0.05 and the number of (sparse)
coordinates to k = 3000. There made one optional

change, i.e., we decided whether to use the nor-
malization of PMI values (Bouma, 2009) during
the calculation of the sense representation matrix
Φ on a per language basis based on development
set performances. An ablation study related to the
(optional) normalization of PMI scores is reported
in Table 5, Appendix B.

When we do not employ the sparsification of
the contextualized word representations for deter-
mining the sense representations, we follow the
approach introduced in (Loureiro and Jorge, 2019).
That is, we take the centroid of word vectors be-
longing to a particular sense as the representation
of that sense, and perform a nearest neighbor search
during inference.

4.1 Alignment of contextualized
representations

As the different layers of neural language mod-
els have been shown to provide different levels of
utility towards different tasks, we experimented
with mappings between different combinations of
layers from the target and source language neu-
ral language models. Since the last few layers
of the neural models are generally agreed to be
the most useful for semantics-related tasks (Peters
et al., 2018; Tenney et al., 2019; Reif et al., 2019),
we decided to learn mappings between the hidden
representations of any of the last four layers of the
target and source language encoders.

We used BERT as the language specific encoder
for the source language texts in English, but we
also investigated the application of XLM-R, so that
we can see the effects of replacing it by an encoder
especially tailored for English. As for the target
languages, we used the respective models for each
language as listed in Table 1. Similar to the source
language, we also investigated the case when target
languages were encoded by the multilingual model.

In what follows, we label the different experi-
mental settings according to the followings:

• multi→multi means that we map the target
language representations obtained by the mul-
tilingual (XLM-R) model to the representation
space of the source language also obtained by
the multilingual (XLM-R) encoder,

• multi→mono, means that we map the target
language representations obtained by the mul-
tilingual (XLM-R) model to the representation
space of the source language obtained by the
monolingual (English BERT) encoder,
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• mono→multi, means that we map the target
language representations obtained by their re-
spective monolingual language model to the
representation space of the source language
obtained by the multilingual (XLM-R) en-
coder,

• mono→mono, means that we map the target
language representations obtained by their re-
spective monolingual language model to the
representation space of the source language
obtained by the monolingual (English BERT)
encoder.

In order to obtain the cross-representational map-
pings, we accessed the Tatoeba corpus (Tiedemann,
2012) through the datasets library (Lhoest
et al., 2021). The Tatoeba corpus contains trans-
lated sentence pairs for several hundreds of lan-
guages which we used for obtaining the pivot word
mention pairs together with their contexts.

In addition to the Tatoeba corpus, we used the
word2word library (Choe et al., 2020) contain-
ing word translation pairs between more than 3,500
language pairs. By denoting (Ssi , Sti) the ith trans-
lated sentence pair from the Tatoeba corpus, we
treated those (ws ∈ Ssi , wt ∈ Sti) word oc-
currences as being semantically equivalent, for
which the wt ∈ TranslationOf(ws) and the
ws ∈ TranslationOf(wt) relations simultane-
ously held according to the translation list provided
by word2word.

As an example, given the German-English trans-
lation pair from Tatoeba, {’de:’ ’Es steht ein Glas
auf dem Tisch.’, ’en’: ’There is a glass on the
table.}, underlined pairs of words with the same
color would be treated as contextualized translation
pairs of each other.

One benefit of our approach for determining con-
textual alignment of word pairs is that it does not re-
quire word level alignment of the parallel sentences,
hence it suits such lower resource scenarios better,
when only parallel sentences (without word level
alignments) and a list of word translation pairs are
provided. Naturally, different contextual alignment
approaches could be integrated into our approach
at this point, and this is something that we regard
as potential future extension of our work.

We evaluated the quality of the mapping learned
between the target and the source language repre-
sentations by defining a contextualized translation
retrieval task and evaluating it on its accuracy@1

Language #sentences Train Test

bg Bulgarian 17,797 14,212 3,554
ca Catalan 1,663 3,912 979
da Danish 30,089 20,000 5,000
de German 299,769 20,000 5,000
es Spanish 207,517 20,000 5,000
et Estonian 2,428 2,365 592
eu Basque 2,062 3,956 990
fr French 262,078 20,000 5,000
gl Galician 1,013 2,356 590
hr Croatian 2,420 1,946 487
hu Hungarian 107,133 20,000 5,000
it Italian 482,948 20,000 5,000
ja Japanese 204,893 20,000 5,000
ko Korean 3,434 5,632 1,408
nl Dutch 72,391 20,000 5,000
sl Slovenian 3,210 1,285 322
zh Chinese 46,114 20,000 5,000

Table 2: The number of sentence pairs included in the
Tatoeba corpus between English and a target language
and the number of contextualized translation pairs ex-
tracted for training and testing the mappings.

metric, i.e., for what fraction of the contextualized
translation pairs – not seen during the determina-
tion of the mapping between the two representation
spaces – are we able to rank the original translated
context as the highest.

In the multi→multi case, i.e., when both the
target and source languages are encoded by the
same multilingual model (XLM-R), it also makes
sense to use the identity matrix as the mapping
operator for mapping the target language contextual
text representations to the semantic space of the
source language (as long as the target and source
language texts are obtained from the same layer of
the multilingual encoder). We also evaluated the
quality of this approach in our experiments that we
refer to as the identity approach.

We list the statistics of the Tatoeba corpus and
the size of the training and test contextualized trans-
lation pairs in Table 2. Our results on the top-1 con-
textualized translation retrieval accuracies along
the different languages and combination of target
and source encoder usage are reported in Figure 1.
The quality of the combination which uses mono-
lingual encoders for both the target and source lan-
guages (mono→mono) performed the best.
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(b) Mapping accuracies aggregated over languages.

Figure 1: The results of translation retrieval over the test sets of the different languages and different combinations
of transformers used for the (English) source and the target languages.

BERT XLM-R
Layer Dense Sparse Dense Sparse

21 74.39 77.45 69.29 74.51
22 74.87 77.60 67.87 74.50
23 74.45 77.86 67.48 74.26
24 73.58 76.21 64.50 70.06

Table 3: English results expressed in F-score.

4.2 Monolingual evaluation

We first conducted evaluations in the monolingual
setting, i.e., we used the sense annotated training
data to train and evaluate WSD models in English.
The results of these experiments – depending on
the encoder architecture used (BERT/XLM-R), the
layer of the encoder utilized ({21,. . . ,24}), and
whether the sparsification of the contextualized
representations took place (Dense/Sparse) – are
included in Table 3.

Unsurprisingly, the application of the language-
specific BERT model achieved better scores com-
pared to that of XLM-R. An interesting observa-
tion though, is that the drop in performance is much
more subtle for those cases when the contextualized
representations are enhanced via sparsification, i.e.,
the typical loss in performance across the layers is
only 3 points (apart from the final layer), opposed
to the typical loss of 4-7 points in the dense case.

4.3 Cross-lingual zero-shot evaluation

Table 4 includes the zero-shot cross-lingual WSD
results for a collection of baseline approaches (Ta-
ble 4a) from (Pasini et al., 2021), followed by our

models not utilizing the sparsification of the con-
textualized embeddings (Table 4b) and the ones
that additionally benefit from sparsification as well
(Table 4c). It is useful to note that the mono→* ap-
proaches are strictly more resource efficient during
inference as they are based on 12-layer encoders
instead of the 24 layers of the multilingual XLM-R
model.

At this point, we separate the multi→multi re-
sults into two, i.e., 1) those obtained when relying
on the hidden representations from the same layer
of XLM-R without mapping (or equivalently, with
the identity mapping from the target to source rep-
resentations); and 2) those obtained when the tar-
get and source language contextual representations
could originate from different layers of the XLM-R
encoder, and a non-identity (either isometric or RC-
SLS) mapping was employed. We keep referring
to the latter as multi→multi, and denote the former
type of experiments as multi (without the →multi
suffix as there were no real mappings performed
in these cases). Inspecting the first two rows of
Table 4b and Table 4c reveals that enhancing the
multilingual encoder towards the treatment of a par-
ticular pair of languages by providing it a language
pair specific mapping has a larger positive effect
when using dense vectors. In fact, it increased the
micro-averaged F-score over the 17 languages by
1.72 and 0.11 points for the dense and the sparse
cases, respectively.

Overall, the micro-averaged F-score of our final
approach managed to improve nearly 6.5 points
(cf. the first row of Table 4b and the last row in
Table 4c). A 5 point average improvement is due
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bg ca da de es et eu fr gl hr hu it ja ko nl sl zh Avg.

XLMR-Large 72.00 49.97 80.61 83.18 75.85 66.13 47.15 83.88 66.28 72.29 67.64 77.66 61.87 64.20 59.20 68.36 51.62 65.66
XLMR-Base 71.59 47.77 79.18 82.13 76.55 64.73 43.86 82.33 64.79 72.13 68.36 76.73 61.46 63.65 58.77 66.34 49.77 64.82
MBERT 68.78 47.35 76.04 80.63 74.66 64.33 42.41 81.64 68.07 70.65 65.24 76.16 60.34 63.37 56.64 62.16 48.99 62.84
EWISER (2020) 68.64 42.99 76.67 80.86 71.85 65.98 42.85 80.86 59.41 70.60 66.17 74.06 55.77 63.38 57.50 59.74 48.30 62.16
SyntagRank 61.10 43.98 72.93 75.99 68.58 56.31 42.91 69.57 67.56 68.35 57.98 69.57 57.46 50.29 56.00 52.25 41.23 57.68
Babelfy 60.39 36.52 71.33 77.84 64.07 49.62 36.65 67.41 64.17 63.75 51.99 64.22 51.91 51.95 44.27 35.38 34.94 52.85
MCS 58.16 27.17 64.33 75.99 55.65 46.87 32.72 59.31 60.85 62.88 47.29 52.77 48.71 52.48 44.61 36.71 29.62 49.13

(a) Baseline results (MCS stands for Most Common Sense) from (Pasini et al., 2021).

bg ca da de es et eu fr gl hr hu it ja ko nl sl zh Avg.

multi 67.07 47.46 76.58 80.74 70.61 65.23 42.53 75.60 56.85 70.63 65.42 71.38 58.45 63.88 54.86 61.91 48.98 61.98
multi→multi 68.99 51.62 78.56 80.51 70.02 65.28 44.68 78.62 57.44 71.59 68.99 70.90 61.40 64.41 57.73 61.17 50.65 63.71
multi→mono 68.82 44.17 79.75 84.69 70.88 64.68 40.95 79.66 56.58 71.34 68.07 69.93 59.71 64.49 59.25 61.37 50.77 63.30
mono→multi 69.68 52.95 78.90 82.02 68.34 66.33 49.62 80.17 58.30 72.34 70.75 74.01 64.35 65.02 59.32 64.76 54.95 65.57
mono→mono 71.17 53.31 81.21 83.29 72.56 66.48 51.08 81.55 63.14 73.76 72.76 72.52 65.26 66.57 60.52 67.42 55.45 66.96

(b) Our results relying on dense sense vectors.

bg ca da de es et eu fr gl hr hu it ja ko nl sl zh Avg.

multi 70.69 51.52 81.41 83.53 76.45 67.78 47.85 83.62 64.47 73.06 70.10 76.65 63.73 64.67 58.00 64.12 53.29 66.04
multi→multi 70.91 51.52 80.50 82.37 75.96 66.13 47.09 83.79 63.26 72.94 70.01 77.17 64.47 64.73 60.16 66.49 53.05 66.15
multi→mono 71.91 50.54 81.21 79.93 76.93 64.83 44.05 83.62 62.87 71.64 69.26 77.48 63.59 64.59 60.39 61.07 53.48 65.82
mono→multi 70.76 52.49 79.67 82.25 75.09 67.83 50.89 83.19 60.68 73.99 72.97 75.33 63.80 65.86 61.57 65.70 55.65 66.79
mono→mono 72.00 57.47 81.15 83.76 76.12 68.88 51.71 83.10 63.92 74.40 75.52 76.12 67.47 67.52 61.95 67.47 57.05 68.47

(c) Our results based on sparse sense vectors.

Table 4: Test set results on the XL-WSD benchmark. The hyperparameters of the individual approaches (e.g. which
layer of the target language encoder to align with which layer of the source language encode) were determined
based on the development set of each language.

to the replacement of the XLM-R encoder for both
the source language during training and target lan-
guages for inference (cf. the first and last row of
Table 4b) and an additional 1.5 points of improve-
ment was an effect of our sparsification in the cross-
lingual setting. The inspection of the third and
fourth rows in both Table 4b and Table 4c reveals
that using a monolingual encoder during inference
helps more compared to the application of a mono-
lingual encoder for encoding the source language
during training.

We conducted the McNemar test between our
system outputs when a non-identity mapping was
used between a pair of languages. Our investiga-
tion revealed that all such

(
8
2

)
pairs of system out-

puts from Table 4b and Table 4c differ significantly
from each other with p < 0.0007, with only four
exceptions, i.e, 1) multi→multi and multi→mono
from Table 4b; 2) multi→multi and multi→mono
from Table 4c; 3) mono→multi from Table 4c and
mono→mono from Table 4b; 4) multi→mono from
Table 4c and mono→multi from Table 4b.

Figure 2 summarizes the results of all the possi-
ble runs conducted. When using the multilingual
encoder for both the target and source languages
without a mapping step between the two (multi),
we ran 4 different experiments per each language
based on the hidden representations obtained from

multi
multi multi
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Figure 2: Overall averaged results for all the experi-
ments conducted for the different approaches.

one of the last 4 layers of the multilingual encoder.
For the remaining experiments relying on the dense
and sparse representations, there were 32 and 64 ex-
periments for each language, respectively. The 32
experiments were a result of choosing any of the 16
possible combination of the final four layers on the
target and source language encoder, coupled with
the type of mapping utilized (isometric/RCSLS).
For the experiments involving the sparse represen-
tations, there was an extra parameter, whether the
normalization of the PMI scores for obtaining the
sense representations to be performed, resulting
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Figure 3: Comparison of the two best performing sys-
tems when the same hyperparameters were employed.

in 2 × 32 experiments all together. Our ablation
study in Table 5 illustrates that this extra factor of
2 for the sparse experiments did not provided us
an unfair advantage, i.e., when fixing the value of
normalization in any way, the overall results did
not differ substantially.

The difference in the average performance of
our approach transforming sparse contextualized
representations obtained by monolingual models is
significant (using unpaired t-test2, p < 0.005) com-
pared to any other configuration. This suggests that
the mono→mono approach has a robust advantage
over alternative variants, and the improvements
seen in Table 4 are not an effect of careful hyperpa-
rameter selection, but they generalize over a wide
range of choices.

This effect is further corroborated in Figure 3,
which offers a comparison between the two sys-
tems with the best average performance, i.e.,
mono→mono that operates with the dense vectors
(results are along the x-axis) and the same model
but with the enhancement of sparsification (results
are along the y-axis). Each data point corresponds
to a setting with the same hyperparameter choices,
and points above the diagonal line with slope one
demonstrate the benefits of sparsification.

We have demonstrated the improved utility of
mapping language-specific sparse contextualized
representations for conducting zero-shot WSD, re-
quiring large pre-trained language-specific text en-
coders for the target languages. While such models
are available for all languages in XL-WSD, a vari-

2We used unpaired t-test as the number of experiments was
not same in all cases, i.e., 4 experiments/language in the multi
case, and either 32 or 64 experiments/language in the rest of
the cases.

ety of the existing languages lack their dedicated
language-specific pre-trained language model.

As such, an important question emerges whether
it is possible to enjoy the benefits of mapping
sparse contextualized representations for zero-shot
WSD in the absence of a large pre-trained language
model dedicated to the target language. To this end,
we shall inspect the results of our multi→mono
approach in Table 4, a series of mapping-based
experiments in which we acted as if the monolin-
gual language models (other than the one for En-
glish) did not exist. In these experiments, the sense
embeddings were obtained with bert-large-cased
(being specialized to English), and the mapping to
the non-English target languages were performed
towards their XLM-R representations during the
evaluation. This way, we could simulate the effects
of the absence of language-specific models.

The multi→mono approach provided a substan-
tially better average performance compared to the
mere utilization of a multilingual encoder in the
case of dense contextualized representations as
it can be seen in Table 4b. The average results
of multi→mono are slightly inferior (albeit sta-
tistically insignificantly) to that of the multi ap-
proach for the application of sparse contextual-
ized representations. However, when comparing
the multi→multi results with that of multi→mono,
we can see that by relying on a multilingual en-
coder alone, and allowing a mapping to be em-
ployed between its hidden representations pertain-
ing to different languages, one can obtain the same
(or even slightly better) performance as with the
multi→mono approach. This highlights the im-
portance of monolingual encoders for the target
language, which seems to be more important than
having access to a monolingual encoder for the
source language.

5 Conclusions

In this paper we provided a systematic investiga-
tion of the benefits of using large monolingual pre-
trained language models in place of multilingual
language models, such as XLM-R. We have shown
that since monolingual neural language models are
specifically tailored for a single (or at most a few
related) languages, they can effectively mitigate
the curse of multilinguality typical of multilingual
models, and their application can significantly im-
prove the F-scores in zero-shot WSD. We addi-
tionally showed that the benefits of sparse con-
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textualized word representations, obtained via a
dictionary learning procedure, also convey to the
cross-lingual setting, and that it provides comple-
mentary improvements to the usage of monolingual
neural language models.
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A Analysis of the language models

We compare some of the basic properties of the
pretrained language models that we employed in
Figure 4 and Figure 5. This can be useful as the
monolingual quality of the language models we
used could influence and account for their utility
when used in conjunction with our mapping-based
algorithm.

Figure 4 includes quantitative scores over the dif-
ferent languages related to the subword tokenizers
employed by the various language models. Fertil-
ity in Figure 4a refers to the average number of
subtokens a single token gets separated into by the
tokenizer of the given language model. Multi-token
ratio (MTR) in Figure 4b indicates the fraction of
tokens that gets split into more than one piece upon
tokenization (Ács, 2019; Rust et al., 2021). Smaller
values of MTR mean a better adaptation of the to-
kenizer to the peculiarities of the given language.
It can be seen that the monolingual models do a
much better job compared to XLM-R, which can
be part of the reason why mapping independently
trained monolingual .

In Figure 5a, we refer to the last four layers of
the investigated models as {-4,-3,-2,-1} as the En-
glish BERT is a 24-layer model, whereas the rest
of the monolingual models consist of 12 layers.
This means that layer -1 refers to layer 24 for En-
glish and layer 12 for some non-English model.
Even though Figure 5a shows pathological masked
language modeling (MLM) losses for certain mono-
lingual models (e.g. Bulgarian or Basque) when
measured on the XL-WSD database, their mapping-
based utilization in zero-shot WSD was still possi-
ble as indicated by our main results (see Table 4).
A further interesting phenomenon is that the per-
formance of XLM-R exceeds that of the bert-large-
cased model in terms of MLM for English. These
results suggest that the masked language modeling
performance of pretrained language models and
their utility in WSD are not strongly related with
each other.

B Analysis on using the normalization of
PMI scores

Upon the calculation of the sense representation
matrix Φ, involving the calculation of PMI scores
between the various senses from the sense inven-
tory and the coordinates of a sparse contextual rep-
resentation being non-zero, Berend (2020a) sug-
gested the use of normalized PMI scores (Bouma,
2009). Our preliminary results suggested that the
normalization of PMI scores can have a mixed ef-
fect over the different languages. Table 5 includes a
detailed breakdown on this effect for the individual
languages.
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Figure 4: Comparison of the tokenizers of the multilingual (XLM-R) and the monolingual language models.
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Figure 5: The comparison of the multilingual (XLM-R) and the monolingual neural language models in terms of
subword tokenization and their MLM objective.

multi 70.69 49.46 81.38 83.53 76.45 67.23 47.22 83.62 64.47 72.16 68.29 76.65 62.79 64.70 59.02 67.96 53.29 65.82
multi→multi 70.91 49.31 80.81 82.37 75.96 67.28 44.30 83.79 62.63 71.89 69.24 77.17 63.26 64.52 60.16 66.49 52.82 65.71
multi→mono 71.91 48.79 81.64 79.93 76.93 64.83 42.72 83.62 62.87 71.34 69.29 77.48 62.58 64.59 60.68 63.09 52.44 65.54
mono→multi 70.76 50.49 79.93 83.41 75.09 66.13 49.37 83.19 60.68 73.11 71.66 75.33 63.01 64.44 60.70 66.63 55.14 66.23
mono→mono 72.00 54.90 81.27 83.76 76.12 67.28 49.87 83.10 63.92 73.33 74.12 76.12 65.57 66.31 61.55 67.47 56.32 67.69

(a) Our results based on sparse sense vectors when always using the normalization of PMI scores as done in (Berend, 2020a).

bg ca da de es et eu fr gl hr hu it ja ko nl sl zh Avg.

multi 69.62 51.52 81.41 82.25 74.01 67.78 47.85 82.76 62.79 73.06 70.10 74.32 63.73 64.67 58.00 64.12 53.62 65.68
multi→multi 69.97 51.52 80.50 82.13 74.07 66.13 47.09 82.76 63.26 72.94 70.01 74.63 64.47 64.73 60.16 65.55 53.05 65.82
multi→mono 71.56 50.54 81.21 83.18 74.45 65.68 44.05 79.05 61.77 71.64 69.26 74.19 63.59 64.41 60.39 61.07 53.48 65.51
mono→multi 70.16 52.49 79.67 82.25 70.77 67.83 50.89 81.29 58.65 73.99 72.97 73.92 63.80 65.86 61.57 65.70 55.65 66.42
mono→mono 71.31 57.47 81.15 82.25 72.29 68.88 51.71 81.38 61.03 74.40 75.52 73.49 67.47 67.52 61.95 65.94 57.05 67.96

(b) Our results based on sparse sense vectors when not using the normalization of PMI scores as done in (Berend, 2020a).

bg ca da de es et eu fr gl hr hu it ja ko nl sl zh Avg.

multi 70.69 51.52 81.41 83.53 76.45 67.78 47.85 83.62 64.47 73.06 70.10 76.65 63.73 64.67 58.00 64.12 53.29 66.04
multi→multi 70.91 51.52 80.50 82.37 75.96 66.13 47.09 83.79 63.26 72.94 70.01 77.17 64.47 64.73 60.16 66.49 53.05 66.15
multi→mono 71.91 50.54 81.21 79.93 76.93 64.83 44.05 83.62 62.87 71.64 69.26 77.48 63.59 64.59 60.39 61.07 53.48 65.82
mono→multi 70.76 52.49 79.67 82.25 75.09 67.83 50.89 83.19 60.68 73.99 72.97 75.33 63.80 65.86 61.57 65.70 55.65 66.79
mono→mono 72.00 57.47 81.15 83.76 76.12 68.88 51.71 83.10 63.92 74.40 75.52 76.12 67.47 67.52 61.95 67.47 57.05 68.47

(c) Our results based on sparse sense vectors when the normalization of PMI scores was optional and based on the development
set for each language.

Table 5: The effects of making the normalization of PMI scores (Bouma, 2009) (a) mandatory, (b) prohibited,
(c) optional to use (based on development set results) during the creation of the sparse sense representations.
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Abstract

This paper describes a method to quantify the
amount of information H(t|s) added by the tar-
get sentence t that is not present in the source
s in a neural machine translation system. We
do this by providing the model the target sen-
tence in a highly compressed form (a “cheat
code”), and exploring the effect of the size of
the cheat code. We find that the model is able
to capture extra information from just a single
float representation of the target and nearly re-
produces the target with two 32-bit floats per
target token.

1 Introduction

Given a sentence s in the source language, a ma-
chine translation system generates a translation t
in the target language. However, for any sentence
of non-trivial complexity, the translation t is not
unique. Therefore, to reproduce a reference trans-
lation, a model requires some amount of extra in-
formation. The aim of this work is to quantify the
amount of information that is missing in the source
s that is required to generate the translation t.

To quantify this information, we modify the
model architecture to provide the target sentence
to the model as an auxiliary input, and observe the
effect of varying the size of the representation of
the target sentence from the minimum that provides
any useful information to the decoder to the size
that enables a near-perfect reproduction of the tar-
get. Since the model seeing the target as an input is
a form of “cheating”, we refer to these compressed
representations of the target as “cheat codes”.

2 Related Work

Zoph and Knight (2016) use multiple encoders to
provide input in multiple languages to machine
translation models to improve translation quality.
Dual encoder networks have been used in lan-
guage generation tasks to inject extra information

(Sharath T et al., 2017), encode input at different
levels of granularity (Yao et al., 2020), or for con-
text awareness (Li et al., 2020). Junczys-Dowmunt
and Grundkiewicz (2017) use very similar dual-
encoder architectures for automatic post-editing,
but without bottlenecking the second encoder out-
put, and the second input in that case is machine
translation output instead of a reference. Dinu et al.
(2019) train models to inject custom terminology
by providing an additional input, but instead of
using a second encoder, this is done using inline
annotations for the terms to be generated and using
factors to demarcate these annotations.

3 Method

3.1 Architecture

We use the Marian framework (Junczys-Dowmunt
et al., 2018) to implement1 a modified dual-encoder
transformer architecture (Zoph and Knight, 2016)
similar to the one used by Junczys-Dowmunt and
Grundkiewicz (2018), but without the tied encoder
parameters.

The first encoder is a standard transformer-base
encoder (Vaswani et al., 2017) which takes the
source sentence as input, while the second encoder
generates a highly compressed representation of the
second input. The decoder attends to both encoder
contexts – each decoder layer has a multi-head at-
tention block for each encoder and these blocks
are stacked (see Figure 1 in Junczys-Dowmunt
and Grundkiewicz (2018)). Figure 1 shows our
model architecture along with the separate inputs
and cheat codes.

For the second encoder, we use a GRU (Cho
et al., 2014) with hidden size 256, optionally av-
erage its outputs over all the states to get a fixed-
length representation, and apply a linear bottleneck

1https://github.com/Proyag/marian-dev/
tree/cheat-codes
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Figure 1: Model architecture with inputs and cheat
codes

layer. This generates the highly compressed rep-
resentation of the second input that the decoder
attends to.

3.2 Cheat Codes

At training time, we provide the target sentence as
the second input to the model, so the model essen-
tially cheats by seeing the translation it is supposed
to generate. At inference time, we can provide the
reference translation or any other sentence as the
second input, which should guide the generation
towards this provided input.

Alternatively, this second encoder can be by-
passed to directly provide context vectors for the
decoder to attend to. As an example, we can use
this feature to interpolate between the representa-
tion of two different references and provide that as
a cheat code, and thus explore whether we can ob-
tain alternative translations in some semantic space
between the two references (Section 4.4).

We vary the size of the cheat codes and observe
their effect on the output translations. The size is
varied in three different ways:

• Using fixed-length representations of n
floating-point numbers, where we can vary
n, by averaging over all the output states of
the second encoder, and then applying the bot-
tleneck layer to project the result down to n
dimensions.

• Using variable-length representations of n
floating-point numbers per token, which is
simply the output of the second encoder, with
the bottleneck layer applied on each output
state.

• Using representations smaller than one

floating-point number by applying quantiza-
tion on a one-dimensional representation. We
do this using a simple linear quantization
scheme similar to Miyashita et al. (2016) and
Hubara et al. (2017). To quantize a scalar x to
k bits:

r = round(x ∗m)

c = clip(r,−2k−1, 2k−1 − 1)

Quantk(x) = c/m

where m is a multiplier chosen to ensure the
quantized scalar covers the full range of the
k-bit number after quantization. We observe
that our single float32 cheat codes are in [-2,
2], so we use m = 2k−2 so that r is spread
over [−2k−1, 2k−1] without getting clipped.

4 Experiments

All our experiments use Chen et al. (2021)’s
cleaned version of the WMT21 German→English
dataset (Akhbardeh et al., 2021). We do not use
back-translated data since we observed no improve-
ment in quality upon adding it, consistent with
Chen et al. (2021)’s findings. We evaluate on both
references A and B in the test set using BLEU2 and
ChrF3 metrics from SacreBLEU (Post, 2018), and
COMET and COMET-QE4 (Rei et al., 2020).

Table 1 shows the results for our different mod-
els with references A or B provided as cheat codes
and being evaluated on both references. We see that
the models can score higher than the transformer
baseline on a given reference when the same refer-
ence is supplied as a second input, which indicates
that the model is able to “cheat” and capture useful
extra information from just a single floating-point
representation of the target sentence.

4.1 Increasing bottleneck size
As we increase the size of the bottleneck layer, we
see that the model captures more information from
the larger cheat codes and the outputs approach the
reference translations, as shown by much higher
BLEU and ChrF compared to the baseline. How-
ever, this is not always reflected in the COMET
and COMET-QE scores and we suspect this is due
to how COMET is trained. This issue is further
discussed in Section 4.5.

2BLEU|#:1|c:mixed|e:no|tok:13a|s:exp|v:2.0.0
3chrF2|#:1|c:mixed|e:yes|nc:6|nw:0|s:no|v:2.0.0
4wmt20-comet-da and wmt20-comet-qe-da in COMET

2473

https://github.com/Unbabel/COMET


Model/input
Score on Reference A Score on Reference B

BLEU ChrF COMET BLEU ChrF COMET COMET-QE

Transformer baseline 32.2 60.3 0.5565 36.3 62.6 0.5640 0.3472

References scored against each other / with COMET-QE:
Reference A 100 100 0.9934 29.5 58.5 0.5316 0.3265
Reference B 29.5 57.7 0.5643 100 100 1.0015 0.3829

Reference A as second input, fixed-length cheat codes:
1 × int4 31.1 58.9 0.4781 31.8 59.0 0.4610 0.2924
1 × int8 31.3 59.1 0.4885 31.0 58.8 0.4707 0.3067
1 × int16 32.0 59.7 0.5320 31.2 59.2 0.4913 0.3107
1 × float32 32.3 59.6 0.5153 31.6 59.2 0.4917 0.3092
2 × float32 33.5 60.3 0.5177 29.6 58.2 0.4602 0.2979
4 × float32 36.7 61.6 0.4935 27.0 56.3 0.3893 0.2558
8 × float32 40.7 63.7 0.5023 25.1 54.9 0.3206 0.2235
12 × float32 47.0 67.4 0.5202 23.7 53.9 0.2790 0.2245
16 × float32 57.2 73.3 0.6553 24.4 54.0 0.3100 0.2404
25 × float32 67.0 80.0 0.7333 24.6 54.4 0.3191 0.2561

Reference A as second input, variable-length cheat codes:
1 × float32 / token 40.1 64.2 0.5962 28.7 57.8 0.4587 0.2948
2 × float32 / token 92.4 96.1 0.9148 28.4 57.6 0.4473 0.2778
4 × float32 / token 91.2 95.2 0.9017 28.5 57.6 0.4434 0.2773
8 × float32 / token 89.7 94.1 0.8877 28.6 57.6 0.4438 0.2810
12 × float32 / token 94.1 97.4 0.9377 28.6 57.8 0.4750 0.2971
16 × float32 / token 95.8 98.6 0.9779 28.7 57.9 0.5107 0.3152
25 × float32 / token 93.9 96.8 0.9211 28.6 57.5 0.4526 0.2888
32 × float32 / token 96.6 98.7 0.9593 28.7 57.9 0.4720 0.2920

Reference B as second input, fixed-length cheat codes:
1 × int4 29.8 58.0 0.4624 34.5 60.5 0.4735 0.2981
1 × int8 28.9 57.9 0.4824 34.9 60.6 0.5147 0.3121
1 × int16 29.1 57.9 0.4942 36.3 61.7 0.5375 0.3145
1 × float32 29.3 58.2 0.4865 36.4 61.9 0.5153 0.3111
2 × float32 27.5 57.0 0.4706 38.3 62.9 0.5249 0.3056
4 × float32 25.7 55.6 0.4210 41.8 64.4 0.5344 0.2827
8 × float32 24.6 54.3 0.3677 46.6 67.1 0.5500 0.2621
12 × float32 24.1 53.8 0.3354 54.3 71.5 0.6147 0.2562
16 × float32 24.3 53.6 0.3510 62.8 76.3 0.6995 0.2771
25 × float32 24.9 53.9 0.3657 70.7 81.8 0.7734 0.2899

Reference B as second input, variable-length cheat codes:
1 × float32 / token 26.9 56.6 0.4725 46.0 67.0 0.6275 0.3125
2 × float32 / token 28.4 56.7 0.4785 92.5 95.5 0.9130 0.3234
4 × float32 / token 28.7 57.0 0.4959 92.0 95.3 0.9156 0.3303
8 × float32 / token 28.6 56.8 0.4919 90.6 94.4 0.8997 0.3320
12 × float32 / token 28.7 57.0 0.5123 94.0 96.9 0.9514 0.3439
16 × float32 / token 28.7 57.0 0.5349 95.6 98.0 0.9783 0.3599
25 × float32 / token 28.8 57.0 0.5082 93.8 96.4 0.9331 0.3438
32 × float32 / token 28.7 57.0 0.5097 96.1 98.0 0.9576 0.3468

Table 1: Evaluation with references A and B as second input
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4.2 Minimizing bottleneck size

We have already observed that the model is able
to capture useful information from a single 32-bit
float. To find the lower bound of the cheat code
size that is still useful to the model, we reduce it
to less than one float, for which we quantize the
32-bit representations from the second encoder to
16, 8, or 4 bits. We see that the 16-bit cheat codes
work almost as well as the 32-bit ones. With less
than 16 bits, it appears that the model is unable to
capture any extra information from the target.

4.3 Variable-length cheat codes

Since the amount of information contained in sen-
tences can vary widely, it makes sense that the size
of cheat codes required to encode them can vary.
To this end, we also train models where the size of
the cheat code is proportional to sentence length.

For these models, we observe that due to the in-
creased capacity of the second encoder, training a
model to “cheat” from the start makes it too depen-
dent on the target, i.e. it does not learn to use the
source fully, resulting in the cheat code estimating
H(t) instead of H(t|s) as intended. Therefore, we
first train with a blank second input for the model
to learn to use the source, then we continue training
with both inputs to train the second encoder.

As expected, we observe a similar pattern of
more information being captured as we make the
cheat codes larger. At just 2 floats per token, the
model scores 92.4 BLEU/96.1 ChrF on reference
A with the same reference as input, and likewise
92.5 BLEU/95.5 ChrF on reference B. At 16 floats
per token, it scores more than 98 ChrF, which is
very close to perfectly reproducing the references.

4.4 Interpolating between references

For models which use fixed-length representations
of the second input, we can directly feed the de-
coder a cheat code instead of an actual input sen-
tence. We use this to interpolate between the en-
coded forms of the two references. Figure 2 shows
the performance of the model with single float32
cheat codes while providing λ·enc(refA)+(1−λ)·
enc(refB) as the cheat code. We can see the emer-
gence of a continuous space of cheat codes such
that codes close to reference A result in outputs
closer to reference A and moving towards refer-
ence B moves the output closer to reference B.

4.5 Evaluating with COMET-QE
BLEU and ChrF, along with most commonly used
machine translation metrics, are reference-based
metrics. This automatically makes it more likely
that the model will score highest on a reference
when given that exact reference as the cheat code.
In Figure 2, for example, we see how the perfor-
mance on each reference peaks exactly when we
provide that reference as input. Since the two ref-
erences are quite different from each other – they
only score 29.5 BLEU when they are scored against
each other – using one as the cheat code does not
produce good results on the other.

We expected to see COMET-QE scores in-
crease with cheat code size, similar to BLEU and
ChrF scores. However, we see that COMET-QE
scores remain below the baseline even for most
models with large cheat codes and near-perfect
BLEU/ChrF scores. We even observe that COMET-
QE scores Reference A lower than the baseline
output. We conclude that since COMET-QE is a
metric trained on machine translation outputs and
their human evaluation scores, it does not work
well for near-perfect translations and is unable to
score them higher than the best MT output. For the
same reason, even though COMET scores (with ref-
erence) increase for large cheat codes, the pattern
is less clear than for the string-matching metrics.

Figure 2: Interpolating between representations of refer-
ences A and B.

5 Conclusions and Future Work

This paper has shown that by letting machine trans-
lation models use a highly compressed represen-
tation of the target sentence as an auxiliary input,
we can estimate the amount of information missing
from the source that the model captures from the
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target. By varying the size of these representations
(cheat codes), we see that the model can capture
useful information from as little as a 16- or 32-bit
scalar representation of the target. We also see that
the model approaches perfect reproduction of the
target (>92BLEU/95ChrF) from as little as 2 floats
per target token.

A limitation of our method is that it can only
estimate the amount of missing information from
the source based on the size of cheat code, but we
do not get any insight into what this information
actually is. In future work, this method can be ex-
tended to qualitatively analyze what the missing
information is, and how it can possibly be provided
to the model in other ways to improve translation
quality without “cheating”. Another limitation is
that the model, if not trained carefully for larger
cheat codes, can learn to copy the target without us-
ing the source. This is countered by careful training
regimes as discussed in Section 4.3.

Since the model is able to capture extra informa-
tion from the second input, it could be possible to
use this to guide the output in other ways than just
to reproduce the references. For example, given
a small enough representation, we could sweep
through the entire range of cheat codes and pro-
duce diverse high-quality translations (He et al.,
2018; Roberts et al., 2020).
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Abstract
The Word-in-Context (WiC) task has attracted
considerable attention in the NLP community,
as demonstrated by the popularity of the re-
cent MCL-WiC SemEval shared task. Systems
and lexical resources from word sense disam-
biguation (WSD) are often used for the WiC
task and WiC dataset construction. In this
paper, we establish the exact relationship be-
tween WiC and WSD, as well as the related
task of target sense verification (TSV). Build-
ing upon a novel hypothesis on the equivalence
of sense and meaning distinctions, we demon-
strate through the application of tools from
theoretical computer science that these three
semantic classification problems can be pair-
wise reduced to each other, and therefore are
equivalent. The results of experiments that in-
volve systems and datasets for both WiC and
WSD provide strong empirical evidence that
our problem reductions work in practice.

1 Introduction

This paper answers an open question about the the
relation between two important tasks in lexical se-
mantics. Word sense disambiguation (WSD) is the
task of tagging a word in context with its sense
(Navigli, 2009). The word-in-context (WiC) prob-
lem is the task of deciding whether a word has the
same meaning in two different contexts (Pilehvar
and Camacho-Collados, 2019). A crucial differ-
ence between the two tasks is that WSD depends on
a pre-defined sense inventory1 while WiC does not
involve any identification or description of word
meanings. Despite ongoing interest in both tasks,
there is substantial disagreement in the literature as
to whether WiC is a re-formulation of WSD (e.g.
Levine et al. (2020)) or an entirely distinct task (e.g.
Martelli et al. (2021)).

1For the purposes of this paper, we assume that the WSD
sense inventory, the discrete enumeration of the senses of
each content word, is the WordNet sense inventory (Fellbaum,
1998), which is a standard practice in WSD (Raganato et al.,
2017).

By establishing that WSD and WiC are equiv-
alent, we construct a theoretical foundation for
the transfer of resources and methods between
the two tasks. WSD has been intensively studied
for decades, while WiC has recently attracted con-
siderable attention from the research community.
For example, the MCL-WiC SemEval shared task
(Martelli et al., 2021) attracted 48 teams, and WiC
instances have been integrated into the SuperGLUE
benchmark (Wang et al., 2019). Understanding
how the two tasks relate to each other allows us
to correctly interpret and confidently build upon
those results, including prior work on using WSD
systems for WiC (e.g. Loureiro and Jorge (2019)).

We establish the theoretical equivalence of WiC
and WSD by specifying reduction algorithms
which produce a solution for one problem by ap-
plying an algorithm for another. In particular, we
employ the target sense verification (TSV) task
(Breit et al., 2021) as an intermediate step between
WSD and WiC, and specify three reductions: WiC
to WSD, WSD to TSV, and TSV to WiC. We for-
malize the three problems using a common nota-
tion, and provide both theoretical and empirical ev-
idence for the correctness of our reductions. While
we focus on English in this paper, we make no
language-specific assumptions.2

The soundness of all three tasks hinges on the
consistency of judgments of sameness of word
meaning, whether with respect to discrete sense
inventories (WSD), a representation of a single
sense (TSV), or two occurrences of a word (WiC).
We posit that different instances of a word have
the same meaning if and only if they have the
same sense. This empirically falsifiable propo-
sition, which we refer to as the sense-meaning
hypothesis, implies that WiC judgements induce
sense inventories that correspond to word senses.

2Hauer et al. (2021) leverage translations from multiple
languages for the WiC task by applying the substitution test
for the synonymy of senses (Hauer and Kondrak, 2020).
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This counter-intuitive finding has intriguing impli-
cations for the task of word sense induction (WSI),
as well as algorithmic wordnet construction.

We empirically validate our hypothesis by con-
ducting multiple experiments and analyzing the
results. In particular, we test our WSD-to-WiC and
WiC-to-WSD reductions on standard benchmark
datasets using state-of-the-art systems. We find that
our reductions perform remarkably well, revealing
no clear counter-examples to our hypothesis in the
process.

Our contributions are as follows: (1) We answer
the open question of the relation between WiC and
WSD by constructing a theoretical argument for
their equivalence, which is based on a novel sense-
meaning hypothesis. (2) We carry out a series of
validation experiments that strongly support the
correctness of our reductions. (3) We release the de-
tails of our manual analysis and annotations of the
instances identified in the validation experiments.

2 Theoretical Formalization

In this section, we formally define the three prob-
lems, present a theoretical argument for their equiv-
alence, and specify the reductions.

2.1 Problem Definitions
Senses in our problem definitions refer to wordnet
senses. A wordnet is a theoretical construct which
is composed of synonym sets, or synsets, such that
each synset corresponds to a unique concept, and
each sense of a given word corresponds to a dif-
ferent synset. Actual wordnets, such as Princeton
WordNet (Fellbaum, 1998), are considered to be
imperfect implementations of the theoretical con-
struct.

In the problem definitions below, C,C1, C2 rep-
resent contexts, each of which contains a single
focus word w used in the sense s. We assume that
every content word token is used in exactly one
sense.3

• WSD(C,w): Given a context C which con-
tains a single focus word w, return the sense
s of w in C.

• TSV(C,w, s): Given a context C which con-
tains a single focus word w, and a sense s,
return TRUE if s is the sense of w in C, and
FALSE otherwise.

3This is empirically supported by the fact that 99.7% of
annotated tokens in SemCor are assigned a single sense.

• WiC(C1, C2, w): Given two contexts C1 and
C2 which contain the same focus word w, re-
turn TRUE if w has the same meaning in both
C1 and C2, and FALSE otherwise.

2.2 Problem Equivalence
The theoretical argument for the sense-meaning
hypothesis is based on the assumption that the re-
lation of sameness of word meaning is shared be-
tween the three problems. This is supported by the
lack of distinction between meanings and senses
in the original WiC task proposal.4 On the other
hand, WordNet exhibits a strict one-to-one corre-
spondence between distinct meanings, synsets, and
concepts, with each word sense corresponding to
a specific synset. This implies that senses are ulti-
mately grounded in sameness of meaning as well.5

Therefore, every word meaning distinction should
correspond to a pairwise sense distinction. Con-
trariwise, if two tokens of the same word express
different concepts, their meaning must be different.
This equivalence also includes the TSV problem,
provided that the given sense of the focus word
corresponds to a single synset.

2.3 Problem Reductions
We now present the three problem reductions. For
our purposes, a P-to-Q reduction is an algorithm
that, given an algorithm for a problem Q, solves an
instance of a problem P by combining the solutions
of one or more instances of Q.
Proposition 1. WiC is reducible to WSD.

To reduce WiC to WSD, we directly apply the
sense-meaning hypothesis from Section 1 by as-
suming that the focus word has the same meaning
in two contexts if and only if it can be indepen-
dently tagged with the same sense in both contexts.
Formally:
WiC(C1, C2, w)⇔WSD(C1, w) = WSD(C2, w)

Thus, given a method for solving WSD, we can
solve any given WiC instance by solving the two
WSD instances which consist of the focus word in
the first and second context, respectively. We return
TRUE if the returned senses are equal, FALSE
otherwise (Figure 1a).

4“The proposed dataset, WiC, is based on lexicographic
examples, which constitute a reliable basis to [. . . ] discern dif-
ferent meanings of words.” (Pilehvar and Camacho-Collados,
2019).

5“[Each] synonym set represents one underlying lexical
concept. [. . . ] Word meaning [refers] to the lexicalized
concept that a [word] form can be used to express.” (Miller,
1995).
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Proposition 2. WSD is reducible to TSV.

To reduce WSD to TSV, we take advantage of
the fact that TSV can be applied to a variety of
different sense representations, without any explicit
dependence on a specific sense inventory. We can
therefore query a TSV system with various senses
of the focus word, using the same sense inventory
as the WSD task:

WSD(C,w) = s⇔ TSV(C,w, s)

Thus, given a TSV solver, for any WSD instance
we can construct a list of k TSV instances, one for
each sense of the focus word in the corresponding
WSD sense inventory. We return the sense for
which the TSV instance returns TRUE (Figure 1b).
The correctness of this reduction hinges on the
assumption that every content word in context is
used in exactly one sense.

Proposition 3. TSV is reducible to WiC.

To reduce TSV to WiC, we again leverage our
sense-meaning hypothesis by assuming that a con-
tent word used in a particular sense will be judged
to have the same meaning as in an example sen-
tence for that sense. Formally:

TSV(C,w, s)⇔WiC(C,Cs, w)

where Cs is a context in which w is unambiguously
used in sense s. So, given a method for solving
WiC, we can solve a TSV instance by replacing
the given sense representation with an example,
yielding a WiC instance (Figure 1c). This reduc-
tion depends on the existence of an algorithm E
that, given a sense s of a word w, can generate an
example sentence Cs that contains w used in sense
s.6

These three reductions are sufficient to estab-
lish the equivalence of WSD, TSV, and WiC. A
method which solves any of these problems can be
used to construct methods which solve the other
two, using a sequence of at most two of the above
reductions.

In particular, we can reduce WSD to WiC:

Corollary 1. WSD is reducible to WiC.

To reduce WSD to WiC, first reduce the WSD
instance to TSV, producing one TSV instance for
each sense s of w. Then, reduce each of these TSV
instances to a WiC instance, by pairing the context
of the WSD instance with an example context for
each sense. Succinctly:

6This is related to a well-defined and actively researched
task known as exemplification modelling (Barba et al., 2021b).
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Figure 1: Three problem reductions: a) WiC to WSD,
b) WSD to TSV, and c) TSV to WiC.

WSD(C,w) = s⇔WiC(C,Cs, w)

Thus, solving the original WSD instance can be
achieved by identifying the single positive instance
in the list of k WiC instances.

3 WiC Datasets

In this section, we discuss and analyze the exist-
ing WiC datasets with the aim of finding a dataset
suitable for validating our equivalence hypothesis.
An instance that contradicts one of the reduction
equivalences in Section 2.3 would be an exception
to the hypothesis. Since natural language is not
pure logic, falsifying the hypothesis would require
finding that such exceptions constitute a substantial
fraction of instances, excluding errors and omis-
sions in lexical resources.
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3.1 WiC

WiC was originally proposed as a dataset for the
evaluation of contextualized embeddings, including
neural language models (Pilehvar and Camacho-
Collados, 2019). The original WiC dataset consists
of pairs of sentences drawn mostly from WordNet,
which were further filtered to remove fine-grained
sense distinctions. The reported inter-annotator
agreement was 80% for the final pruned set, and
only 57% for the pruned-out instances.

Since, regardless of the source, all instances
were annotated automatically by checking the sense
identity in WordNet, the WiC dataset cannot, by
construction, contain any exceptions to the equiv-
alence hypothesis. Therefore, we do not use the
original WiC dataset in our experiments. Never-
theless, it is possible to automatically identify both
senses in about half the instances in the dataset
by matching them to the sense usage example sen-
tences in WordNet 3.0. It is interesting to note that
combining such a WordNet lookup with a random
back-off on the remaining instances results in cor-
rectly solving 76.1% of the WiC instances in the
test set, which exceeds the current state-of-the-art
of 72.1% (Levine et al., 2020).

3.2 WiC-TSV

Breit et al. (2021) propose target sense verification
(TSV), the task of deciding whether a given word
in a given context is used in a given sense. TSV is
similar to WiC in that it is also a binary classifica-
tion task, but only one context is provided. TSV
is also similar to WSD in that there is an explicit
representation of senses, but there is only one sense
to consider. Three sub-tasks are defined depending
on the method of representing a sense: (a) defini-
tion, (b) hypernyms, and (c) both definition and
hypernyms.

Approximately 85% of the instances in the WiC-
TSV dataset are derived directly from the origi-
nal WiC dataset, and so are ultimately based on
WordNet senses.7 Specifically, the sense of the
focus word was established by reversing the pro-
cess by which the WiC instances were created, as
in the WordNet lookup procedure applied to the
WiC dataset in Section 3.1. Because of this con-
struction method, no exceptions to the equivalence
hypothesis can be found in the WiC-TSV dataset.

7Three smaller sets are devoted to cocktail, medical, and
computer terms, respectively, and appear more related to
named entity recognition than to WSD.

3.3 MCL-WiC

Martelli et al. (2021) introduce the Multilingual
and Cross-lingual Word-in-Context dataset. The
English portion of the dataset consists of 10k WiC
instances, divided into a training set (8k instances),
as well as development and test sets (1k instances
each). The task is exactly the same as the original
WiC task, and matches our WiC problem formaliza-
tion in Section 2.1. In particular, while the dataset
covers multiple languages, the task itself remains
monolingual, in the sense that the system need only
consider one language at a time; that is, all input
and output for a given instance is in a single lan-
guage.

In contrast with the original WiC dataset, which
was largely derived from WordNet, the sentence
pairs in MCL-WiC were manually selected and an-
notated. Annotators consulted “multiple reputable
dictionaries” to minimize the subjectivity of their
decisions on the identity of meaning. As a result,
both the inter-annotator agreement (κ = 0.968),
and the best system accuracy (93.3% on English,
Gupta et al. (2021)) are much higher than on the
original WiC dataset.

The MCL-WiC dataset (Section 3.3) is especially
valuable for testing our sense-meaning equivalence
hypothesis because it does not rely on pre-existing
WordNet sense annotations, and is agnostic toward
WordNet sense distinctions. For this reason, we
make the MCL-WiC dataset the focus of our em-
pirical validation experiments in the next section.

4 Empirical Validation

In this section, we aim to quantify and analyze any
apparent counter-examples to the sense-meaning
hypothesis which are identified in the process of
testing the WSD-to-WiC and WiC-to-WSD reduc-
tions. We are particularly interested in the excep-
tions that cannot be attributed to errors in the re-
sources that are used to implement the reductions,
because such exceptions represent potential evi-
dence against our hypothesis.

4.1 Systems

In order to implement the WSD-to-WiC and WiC-
to-WSD reductions, we adopt two recent systems
designed for the WiC and WSD tasks, respectively.

Our WiC system of choice is LIORI (Davletov
et al., 2021). In the MCL-WiC shared task, LI-
ORI obtained an accuracy of 91.1% on the English
test set, which was within 2% of the best perform-
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ing system. LIORI works by concatenating each
sentence pair into a single string, and fine-tuning
a neural language model for binary classification.
We use the code made available by the authors8,
and derive our model from the MCL-WiC English
training set.

As our WSD system, we adopt ESCHER (Barba
et al., 2021a). ESCHER re-formulates WSD as a
span extraction task: For a given WSD instance,
the context is concatenated with all glosses of the
focus word into a single string, from which the
gloss of the correct sense is extracted. We derive
our model using the implementation and training
procedure provided by the authors9. The training
data includes SemCor (Miller et al., 1993). In our
replication experiments, this model achieves 80.1%
F1 on the standard WSD benchmark datasets of
Raganato et al. (2017).

4.2 Solving WSD with WiC

Our first experiment involves an implementation
of the reduction of WSD to WiC. For each WSD
instance, we construct a set of WiC instances that
correspond to its possible senses, solve them with
LIORI, and return a single sense, in accordance
with the reduction specified in Corollary 1 from
Section 2.3. We then present and analyze the results
on a standard WSD dataset.

4.2.1 Implementation of the Reduction
Given a WSD instance consisting of a focus wordw
in a context C, we create a set of k WiC instances,
where k is the number of senses of w. In WordNet
3.0, each sense s has a gloss gs, and sometimes also
a usage example of w being used in sense s. Since
not all synsets are accompanied by usage examples,
we instead generate a new synthetic usage example
Cs for each sense of w using the following pattern:
Cs := “ ‘w’ in this context means gs”. Thus Cs
represents an unambiguous example of w being
used in sense s. The resulting WiC instance for s
is then composed of contexts C and Cs, both of
which include the focus word w.

Our LIORI model returns a binary classification
and a score for each of the constructed WiC in-
stances. While LIORI may classify zero, one, or
more instances as true, our implementation returns
only the sense with the highest score. This is in
accordance with the definition of the WSD task

8https://github.com/davletov-aa/
mcl-wic

9https://github.com/SapienzaNLP/esc

as identifying a single correct sense for a word in
context (Section 2.1).

4.2.2 Results and Discussion

To estimate the expected accuracy of the above
implementation, we first apply LIORI to the 1000
instances in the MCL-WiC English development
set. LIORI achieves an accuracy of 88.0%, which
we use as an estimate of the probability that LIORI
correctly classifies any given WiC instance. The
average number of senses per instance in our WSD
dataset is approximately 8.5. Since any error by
LIORI can cause the WSD-to-WiC reduction to
output the wrong sense, we estimate the expected
probability that LIORI correctly classifies a single
WSD instance as 0.8808.5 ≈ 0.34.

We test the reduction on the SemEval 2007
dataset, as provided by Raganato et al. (2017). This
test set contains 455 WSD instances, all but four of
which (over 99%) are annotated with exactly one
sense. Our reduction implementation obtains an
accuracy of 47.9% by returning a single predicted
sense for every WSD instance in the test set. As
this result is substantially higher than the expected
accuracy of 34%, we interpret it as evidence in
favor of our hypothesis.

In theory, for each WSD instance, LIORI should
classify as true exactly one of the constructed WiC
instances, which represents the single correct sense.
In practice, this is the case in only 48 out of 455
cases. Our reduction implementation predicts the
correct sense for 38 out of 48, yielding a precision
of 79.2%. We verified that ESCHER, trained on
over 226k sense annotations in SemCor, correctly
annotates 39 of these 48 instances. On this subset
of instances, our WSD-to-WiC reduction based on
LIORI is therefore competitive with state-of-the-art
supervised WSD systems, despite not depending
on any sense-annotated training data. This consti-
tutes further evidence for the correctness of our
reduction, and our hypothesis.

4.3 Solving WiC with WSD

In this experiment, we apply a state-of-the-art
supervised WSD system to solve, via our WiC-
to-WSD reduction, all WiC instances in an
independently-annotated test set. We then manu-
ally analyze a sample of the errors to assess whether
the experiment supports our hypothesis and the cor-
rectness of our reduction.
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4.3.1 Implementation of the Reduction
The implementation of the WiC-to-WSD reduc-
tion is conceptually simpler that the previously de-
scribed WSD-to-WiC reduction.10 Given a WiC
instance consisting of contexts C1 and C2 for a
word w, we create two corresponding WSD in-
stances: (C1, w) and (C2, w). Both WSD instances
are passed to ESCHER, which independently as-
signs senses s1 and s2 to w in each of the two
contexts. We classify the WiC instance as positive
if and only if s1 = s2.

There are two types of possible counter-exam-
ples to our hypothesis: (1) a WiC instance which
is annotated as positive (i.e., the same meaning) in
which both focus tokens have different senses; and
(2) a WiC instance which is annotated as negative
(i.e., different meanings) in which both focus to-
kens have the same sense. These two types could
arise from WSD sense distinctions that are too fine-
grained or too coarse-grained, respectively.

4.3.2 Expected Accuracy
The expected accuracy of the WiC-to-WSD reduc-
tion is more complex to calculate than that of the
WSD-to-WiC reduction. Our calculation is based
on the simplifying assumption that all WSD er-
rors are independent and equally likely. For the
probability that ESCHER disambiguates any WSD
instance correctly, we use the value of p = 0.801,
based on our replication result in Section 4.1. The
average number of senses per focus token in the
dataset used in our experiment is k = 4.73. Since
there are k − 1 incorrect senses for each WSD in-
stance, we approximate the probability of predict-
ing a given incorrect sense in either WiC sentence
as q = (1− p)/(k − 1) = 0.053.

In order to estimate the probability of a correct
classification, we consider two main cases.

1. A positive WiC instance is correctly classified
as positive if either (1.1) both corresponding
WSD instances are disambiguated correctly,
or (1.2) both instances are tagged with the
same incorrect sense: P1 = p2+(k− 1)q2 =
0.642 + 0.011.

2. A negative WiC instance is incorrectly classi-
fied as positive if either (2.1) one of the cor-
responding WSD instances is disambiguated
correctly and the other is incorrectly tagged

10In fact, Loureiro and Jorge (2019) implicitly apply this
reduction on a WiC dataset with their WSD system LMMS.

with the same sense, or (2.2) both instances
are tagged with the same incorrect sense:
P2 = 2pq + (k − 2)q2 = 0.085 + 0.008.

Assuming that the dataset is balanced, the expected
probability of classifying a WiC instance correctly
is therefore: P1/2 + (1− P2)/2 = 0.779.

4.3.3 Results and Discussion
We test the reduction on the MCL-WiC English
development set, which consists of 500 positive
and 500 negative WiC instances. We tokenize, lem-
matize, and POS-tag all 2000 sentences with Tree-
Tagger11 (Schmid, 1999) as a pre-processing step.
ESCHER is then applied to predict the sense of
the focus word in each sentence. In 25 cases, ES-
CHER failed to make a sense prediction, that is,
one or both focus words were not disambiguated,
due to TreeTagger tokenization or lemmatization er-
rors. The accuracy on the remaining 975 instances
is 78.5%, which is within 1% of our theoretical
estimate in Section 4.3.2. We conclude that this ex-
periment provides strong empirical support for our
hypothesis and the correctness of our reductions.

4.3.4 Analysis
To further evaluate our WiC-to-WSD reduction, we
manually analyzed a sample of 10 false positives
and 10 false negatives from this experiment. The
sample was not random; instead, we attempted to
automatically select the instances that were most
likely to represent exceptions to our equivalence
hypothesis. Specifically, we restricted the analysis
to WiC instances that were correctly classified by
LIORI, in order to reduce the impact of erroneous
annotations, which are unavoidable in any gold
dataset. As a result, the accuracy of ESCHER on
the WSD instances in this sample is expected to
be lower than in the entire dataset. In fact, in 13
of the 20 instances (six false positives, seven false
negatives), the misclassification was due to an error
made by ESCHER.

In three of the seven remaining cases (all false
positives), the WiC misclassification was caused
by the WordNet sense inventory not including the
correct sense of one of the focus tokens. Since we
require ESCHER to produce a WordNet sense as
output, such omissions preclude the correct disam-
biguation of the focus word. In all such cases, we
were able to find the omitted sense in one of the

11https://cis.uni-muenchen.de/~schmid/
tools/TreeTagger

2483

https://cis.uni-muenchen.de/~schmid/tools/TreeTagger
https://cis.uni-muenchen.de/~schmid/tools/TreeTagger


dictionaries that we consulted (Oxford or Merriam-
Webster). For example, the correct sense of the
verb partake in the WiC sentence “he has partaken
in many management courses” is “join in (an activ-
ity)” which is in the Oxford English Dictionary, but
not in WordNet 3.0. The missing WordNet senses
for each of these instances are shown in rows 1-3
of Table 1.

Among the remaining four instances, in one
anomalous case we disagreed on the WordNet
sense of the adverb richly in the phrase richly re-
warding. However, in the other three cases, ES-
CHER’s annotations were unquestionably correct.
We defer the discussion of those three interesting
instances to the next section.

4.4 Manual Annotation Experiment

To further expand our analysis, we manually an-
alyzed 60 additional randomly selected instances
from the English MCL-WiC training set. The size
of the sample was limited because WSD instances
are difficult and time-consuming to analyze, espe-
cially when multiple annotators are involved and
an effort is made to avoid any unconscious bias.

For each such instance, we assigned WordNet
senses to each of the two focus tokens, without
accessing the gold MCL-WiC labels. Our judg-
ments were based on the glosses and usage exam-
ples of the available senses, as well as the contents
of the corresponding synsets and their hypernym
synsets. Subsequently, we analyzed each instance
where the WiC prediction obtained by applying
the WiC-to-WSD reduction did not match the WiC
classification in the official gold data.12

We found that 55 out of 60 instances (91.7%)
unquestionably conform to the equivalence hypoth-
esis. The remaining five instances can be divided
into three categories: (1) tokenization errors in
MCL-WiC, (2) missing senses in WordNet, and
(3) possible annotation errors in MCL-WiC. We
discuss these three types of errors below.

In two instances, word tokenization errors inter-
fere with the MCL-WiC annotations: (1) together
in “the final coming together” is annotated as an
adverb instead of a particle of a phrasal verb, and
(2) shiner in “shoes shiners met the inspector” is
annotated as a stand-alone noun instead of a part
of a compound noun. These tokenization errors
prevent the proper assignment of WordNet senses.

12We publish the annotated set of 60 WiC instances at
https://webdocs.cs.ualberta.ca/~kondrak

Lemma Gloss Dict
1 partake (v) join in (an activity) OED
2 instant (adj) prepared quickly and with

little effort
OED

3 familiar (adj) of or relating to a family MW
4 breach (v) to leap out of water MW
5 spotter (n) a member of a motor rac-

ing team
OED

6 campaign (n) an organized course of ac-
tion to achieve a goal

OED

7 campaign (n) a set of organized actions
that a political candidate
undertakes in an election

OED

8 drive (n) determination and ambi-
tion to achieve something

OED

9 drive (n) an organized effort by a
number of people

OED

10 wedding (n) a marriage ceremony with
accompanying festivities

MW

11 wedding (n) an act, process, or instance
of joining in close associa-
tion

MW

12 analyst (n) someone who analyzes Wik
13 analyst (n) a financial analyst; a busi-

ness analyst
Wik

Table 1: Examples of senses that are not in WordNet
(Rows 1-5), and sense distinctions found in external
dictionaries (Rows 6-13): OED (Oxford English Dic-
tionary), MW (Merriam-Webster), Wik (Wiktionary).

In two instances (rows 4 and 5 in Table 1), one of
the senses of the focus word is missing in WordNet:
(1) breach referring to an animal breaking through
the surface of the water, and (2) spotter referring
to a member of a motor racing team who commu-
nicates by radio with the driver. Neither of these
senses is subsumed by another sense in WordNet,
and both of them are present in one of the consulted
dictionaries.

In the final problematic instance, MCL-WiC clas-
sifies the noun campaign as having the same mean-
ing in the contexts “during the election campaign”
and “the campaign had a positive impact on behav-
ior.” Since the distinction between these two senses
of campaign is found in the Oxford English Dictio-
nary, which was among the ones consulted by the
MCL-WiC annotators (Martelli et al., 2021), we
classify it as an MCL-WiC annotation error (rows
6 and 7 in Table 1).

Similarly, we posit an MCL-WiC annotation er-
ror in each of the three outstanding false negatives
from Section 4.3.4, which could not be attributed
to ESCHER, based on the verification in external
dictionaries. For example, unlike WordNet, Oxford
and Merriam-Webster both distinguish the emo-
tional and organizational meanings of drive. Simi-
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lar analysis applies in instances involving the words
wedding and analyst (rows 8-13 in Table 1). Since
the meanings of the focus words in these contexts
are distinguished in a dictionary, they should be
considered distinct meanings according to the an-
notation procedure of Martelli et al. (2021). We
conclude that in these cases, the MCL-WiC label is
incorrect, and so they do not constitute exceptions
to our hypothesis.

In summary, a careful analysis of 25 apparent ex-
ceptions made by our reduction across 80 instances,
using both automatic and manual WSD, reveals no
clear evidence against the correctness of our reduc-
tion. We therefore conclude that the results of these
experiments strongly support our hypothesis.

5 Discussion

Having presented theoretical and empirical evi-
dence for the equivalence of WiC, WSD, and TSV,
we devote this section to the discussion of the rela-
tionship between WordNet and WiC.

Most English WiC and TSV datasets are based,
in whole or in part, on WordNet. If no sense inven-
tory is used for grounding decisions about mean-
ing, the inter-annotator agreement is reported to be
only about 80% (Pilehvar and Camacho-Collados,
2019; Breit et al., 2021). For the MCL-WiC dataset,
however, annotators consulted other dictionaries,
and obtained “almost perfect agreement" (Martelli
et al., 2021). This suggests that sense inventories,
and semantic resources in general, are crucial to
reliable annotation for semantic tasks. However,
because the exact MCL-WiC procedure for resolv-
ing differences between dictionaries is not fully
specified, and because such dictionaries vary in
their availability, the correctness of the annotations
cannot be readily verified (c.f. Section 4.4).

Our experiments provide evidence that, even
when the WordNet sense inventory is not explic-
itly used in constructing WiC datasets, WiC an-
notations nevertheless tend to agree with Word-
Net sense distinctions, as our hypothesis predicts.
Namely, the MCL-WiC instances in which both fo-
cus tokens have the same sense are almost always
annotated as positive by the MCL-WiC annotators.
The converse also holds, with any exceptions be-
ing explainable by errors in the resources. Thus,
empirical validation confirms our sense-meaning
hypothesis, which implies that the meaning distinc-
tions induced by WiC judgements closely match
WordNet sense inventories. This is a remarkable

finding given the high granularity of WordNet.
We postulate that the adoption of WordNet as

the standard sense inventory for WiC would have
several practical benefits: (1) it has been adopted
as the standard inventory for WSD, and so would
simplify multi-task evaluation; (2) it allows seam-
less application of systems across datasets; (3) it
facilitates rapid creation of new WiC datasets based
on existing sense-annotated corpora; (4) it is freely
available; (5) it can be modified and extended to
correct errors and omissions (McCrae et al., 2020);
and finally (6) it can be extended to facilitate work
with other languages, as in the XL-WiC dataset
(Raganato et al., 2020).

In addition, WordNet has strong theoretical ad-
vantages. Its fine granularity is a consequence of
its grounding in synonymy and lexical concepts.
Therefore, the sense distinctions found in other
dictionaries either already correspond to different
WordNet concepts, or should lead to adding new
concepts to WordNet. Furthermore, unlike in dic-
tionaries, senses of different words in WordNet are
linked via semantic relations such as synonymy
and hypernymy, which facilitate an objective as-
signment of every word usage to a single WordNet
concept. This property of WordNet may be the
reason that the WSD methods based on sense rela-
tion information have surpassed the inter-annotator
agreement ceiling of around 70% (Navigli, 2006).

6 Conclusion

We formulated a novel sense-meaning hypothesis,
which allowed us to demonstrate the equivalence
of three semantic tasks by mutual reductions. We
corroborated our conclusions by performing a se-
ries of experiments involving both WSD and WiC
tools and resources. We have argued that these re-
lationships originate from the WordNet properties,
which are highly desirable in semantics research.
We expect that our findings will stimulate future
work on system development, resource creation,
and joint model optimization for these tasks.
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Abstract

Pre-trained language models (PLMs) that use
subword tokenization schemes can succeed at a
variety of language tasks that require character-
level information, despite lacking explicit ac-
cess to the character composition of tokens.
Here, studying a range of models (e.g., GPT-
J, BERT, RoBERTa, GloVe), we probe what
word pieces encode about character-level in-
formation by training classifiers to predict the
presence or absence of a particular alphabetical
character in a token, based on its embedding
(e.g., probing whether the model embedding
for "cat" encodes that it contains the charac-
ter "a"). We find that these models robustly
encode character-level information and, in gen-
eral, larger models perform better at the task.
We show that these results generalize to char-
acters from non-Latin alphabets (Arabic, De-
vanagari, and Cyrillic). Then, through a series
of experiments and analyses, we investigate
the mechanisms through which PLMs acquire
English-language character information during
training and argue that this knowledge is ac-
quired through multiple phenomena, including
a systematic relationship between particular
characters and particular parts of speech, as
well as natural variability in the tokenization of
related strings.

1 Introduction and Motivation

The dominant class of models in NLP (pre-trained
transformer models; Brown et al., 2020; Devlin
et al., 2019; Bommasani et al., 2021) use tokeniza-
tion schemes, like BPE or WordPiece tokeniza-
tion (Sennrich et al., 2016; Schuster and Nakajima,
2012; Kudo and Richardson, 2018), that break text
into word pieces. These models face an apparent
limitation in that they do not have access to infor-
mation below the level of the word piece, such as
information about characters. But character-level
information has been claimed to be useful for a
variety of tasks, including adapting text to novel
domains like biomedicine, texts with misspellings,
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Figure 1: Overview of our probing setup. In Experiment
1, the input is a model embedding and we train MLPs to
classify whether a particular character (e.g., "a") occurs
in a particular token (e.g, "employee"). In Experiment
2, we use syntactic features as input, rather than model
embeddings, to train our probe.

and wordplay-based tasks that require attention to
character-level manipulations (Riabi et al., 2021;
El Boukkouri, 2020; Clark et al., 2021).

There are drawbacks, however, to using
character-level models: character-based sequences
are long and therefore can slow down training
(Mielke et al., 2021). And including character-
level information does not necessarily improve per-
formance on tasks where one might expect it to
(Libovickỳ et al., 2021; Rosales Núñez et al., 2021;
Itzhak and Levy, 2021). Therefore, the vast ma-
jority of top-performing models in languages with
alphabetic scripts use models with various kinds of
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subword tokenization schemes (e.g., Devlin et al.,
2019; Brown et al., 2020), but rarely with character-
level schemes.

One possible explanation for this state of affairs
is that models trained on word pieces implicitly
learn something about characters, making the ex-
plicit inclusion of character-level information un-
necessary. Indeed, recent work has shown that
even models based on subword tokens might be
able to use and manipulate character-level informa-
tion. Rozner et al. (2021) and Efrat et al. (2021)
both study cryptic crosswords and find that PLMs
(specifically, T5) can take advantage of character-
level information in order to solve wordplay tasks
like unscrambling scrambled words. Itzhak and
Levy (2021) show that RoBERTa can access sub-
word information by testing it on a spelling task
that requires it to map from words to characters
(e.g., from cat to the characters c + a + t).

The fact that models can do tasks like this is curi-
ous: word pieces have no explicit access to charac-
ter information during training, and the mechanism
by which they acquire such information is not ob-
vious. The goal of this paper is to understand the
nature of this information, and how it is learned.

Thus, we make several contributions. First, we
provide a thorough characterization of what charac-
ter information is accessible to subword-tokenized
PLMs by designing a binary probing task (§3) to
probe subword tokens for the presence or absence
of a particular character: e.g., does the sequence
star contain the letter t? This task lets us not just
assess whether this information is available, but
lets us characterize, in a fine-grained way, the na-
ture of character-level knowledge in subword to-
kens. Performance on the task far exceeds a ran-
dom control as well as a baseline using fixed GloVe
word embeddings (an F1 score of 93.7 for the best-
performing model, GPT-J), suggesting that sub-
words learn meaningful information about their
characters. This result holds across several alpha-
bets (Latin, Devanagari, Cyrillic, Arabic).

To explore how this information is acquired, we
introduce several possible explanations and con-
duct detailed analyses of the probing task on the
monolingual English models, with a particular fo-
cus on the best-performing model GPT-J (§3.3).
Specifically, we consider how character knowledge
varies as a function of the character being probed
for (it’s easier to classify rare letters than common
ones), the position in the token of the character in

question (performance is somewhat better early in
tokens), and the frequency of the token (frequent
tokens aren’t necessarily easier to probe). We then
turn to the possibility that systematic correspon-
dences between characters and syntactic features
(e.g., adverbs tend to end in "y"), play a role in how
models acquire character-level information. To that
end, we devise syntactic baselines, whereby we use
features like part of speech as input to the classifer
for detecting the presence or absence of tokens (§4).
The syntactic probe performs much better than con-
trols, which suggests syntactic features contribute
to the tokenizer’s performance. However, this cor-
relation does not suffice to explain the totality of
character information learned by PLMs.

Finally, we consider another possible mecha-
nism, based on the variability of tokenization, by
which character-level information might be learned
(§5). We conduct an experiment using simple fixed
embeddings, as proof of concept that increasing
variability in tokenization (Cao and Rimell, 2021)
affects the character information learned. Overall,
given the importance of tokenization schemes for
downstream performance (Bostrom et al., 2021;
Mielke et al., 2021), we believe richer knowledge
as to how tokens acquire character-level informa-
tion could inform the development of tokenization
schemes that improve model performance.

2 Prior work

All language models must choose what to use as
the basic linguistic unit, and, as a result, there is a
long history of work in NLP, evaluating the trade-
offs between models that tokenize words based on
characters, words, or something in between, like
bytes or word pieces (see Mielke et al., 2021; Pin-
ter, 2021, for recent surveys).

While words are a seemingly natural kind and
are often used as basic units for modeling language,
there is considerable debate in the linguistics litera-
ture as to how to even define a word, due to differ-
ences across languages (Haspelmath, 2017). More-
over, word-level models have a major weakness
in that they do not naturally handle out of vocab-
ulary items (see Jurafsky, 2003, for an overview)
and can have very different behaviors in languages
with different morphological systems (Mielke et al.,
2019; Cotterell et al., 2018). Character-level mod-
els have their own weaknesses: they are typically
slower to train at the scale required for massive lan-
guage modeling. Many recent efforts have centered

2488



around trying to use meaningful sub-word units in
language modeling, such as BPE (Gage, 1994; Sen-
nrich et al., 2016), WordPiece tokenization (Schus-
ter and Nakajima, 2012), and UnigramLM (Kudo,
2018).

While subword tokenization schemes often end
up with reasonable linguistic units, they still lack
access to character-level information. So there have
been a number of efforts to imbue word or sub-
word tokenization schemes with character-level in-
formation (Mielke and Eisner, 2019; Kim et al.,
2016; Dos Santos and Zadrozny, 2014; Bojanowski
et al., 2017; Li et al., 2018; Ma and Hovy, 2016;
Aguilar et al., 2021; El Boukkouri, 2020; Clark
et al., 2021).

Here, rather than asking how to augment sub-
word tokenization schemes with additional infor-
mation, we ask what they already learn about char-
acters naturally. To do so, we use probing, which is
widely used to assess what information is contained
in PLM embeddings (Belinkov, 2022; Belinkov
and Glass, 2019; Hewitt and Manning, 2019; Hup-
kes et al., 2018). Because probing has limitations
(Elazar et al., 2021; Pimentel et al., 2020; Voita
et al., 2021), we include a number of control tasks
(Hewitt and Liang, 2019) and baselines in order
to ask what can be recovered from embeddings,
relative to a control of equal expressive power.

3 Experiment 1: Probing for character
information

The main goal of our first experiment is to quan-
tify the extent to which tokens in PLMs capture
character-level information and characterize that
knowledge across a variety of dimensions. We train
a binary classifier probe that takes as input a token’s
frozen embeddings from PLMs to predict whether
a particular character of the alphabet is contained
in that token. That is, if successful, the probe will
predict that cool contains an "o" but "cat" does not.
We also consider a task in which the probe must
say whether one token (e.g., "coo") is a substring
of another token (e.g., "cool"). We examine the
probe’s success as a function of the character being
probed for, length of the token being probed, posi-
tion of the character in the token, and frequency of
the token.

3.1 Method

We consider the static non-contextualized embed-
dings of the following English PLMs: GPT-J

(Wang and Komatsuzaki, 2021), GPT-2 (Radford
et al., 2019), RoBERTa (Liu et al., 2019), BERT
(cased and uncased; Devlin et al., 2019), as well
as GloVe embeddings (Pennington et al., 2014)
and Language-only embeddings of the multimodal
LXMERT (Tan and Bansal, 2019). To test the
generalizability of our results to other languages,
we also considered embeddings from Multilingual
BART (Liu et al., 2020) and used them to test to-
kens consisting of only English characters, as well
as characters from three other alphabetic scripts:
Devanagari, Arabic, and Cyrillic. See Appendix B
for model details.

Each language model has its own vocabulary,
consisting of tokens. For our English experiments,
We consider only the tokens consisting entirely
of characters in the standard English alphabet (a-
z), along with the special characters that accom-
pany these tokens, such as preceding whitespace
(denoted by Ġ in the RoBERTa and GPT-family)
or symbols denoting continuations of preceding
word (‘##’ in BERT family). Because Multilin-
gual BART consists of characters from different
scripts and because its tokens are not explicitly sep-
arated by languages, for our Multilingual BART
experiments we consider all tokens that consist ex-
clusively of characters from the target alphabet.1

We define the target alphabet for each script as
the alphabetic characters in each script that occur
across at least 250 different tokens.

Our main probing task trains classifiers to de-
tect the presence or absence of each of the target
characters α in each token wi from the filtered-
vocabulary V . Thus, a separate dataset for each
character α is constructed over V as D′α =
{(w1, y1), (w2, y2), . . . (wd, yd)} where the binary
label yi denotes whether α occurs at least once in
wi ∈ V . From these data-points in D′α we create
a balanced dataset Dα with an equal number of
positive and negative labels by undersampling the
(wi, yi) points with yi as the negative label (i.e.,
when probing for the presence of the character "z",
half the tokens will contain "z" even though most
tokens in general do not). We then split Dα into
training and test splits in a roughly 80-20 ratio,
while (for the English experiments) ensuring that

1Note that, because Multilingual BART does not explicitly
separate tokens based on language, our experiment compares
across scripts, as opposed to across languages. For instance,
the tokens considered for Arabic can include tokens derived
from not just the Arabic language, but also other languages
that use the Arabic script like Farsi or Malay.
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tokens with the same lemma appear in the same
split. This is the most challenging split, as it pre-
vents the probe from leveraging wordform simi-
larity across words with the same lemma in both
training and test (Itzhak and Levy, 2021). Because
of technical issues defining lemmas in Multilingual
BART, we do not enforce this constraint for the
Multilingual BART experiments.

We train our probe on the static non-trainable
embeddings E of these PLMs. For a data-point
(wi, yi), the probe receives as input a token wi with
one-hot encoding xi. The probe predicts logits
ŷi by an MLP: ŷi = σ(MLPα(E

Txi)). In the
control task, we consider randomly-initialized non-
trainable embeddings instead of the trained embed-
dings from the PLMs.

Substring Sub-experiment As an additional sub-
experiment for assessing the generalizability of
the task, for the best-performing English-language
model (GPT-J), we consider a related substring
classification task. Specifically, we probe GPT-J’s
embedding to detect whether a token u is a sub-
string of the token v. That is, can it detect that
the token "ome" is a substring of "some"? For this
condition, we set up the experiment as before but,
rather than attempt to detect the presence or ab-
sence of a character, we seek to classify whether a
particular token ui is a substring of another token
vi. To create positive examples, we consider all
substrings of vi that are in the overall vocabulary
V . For each positive example, we sample a token
from V of equal character length as ui which is
not a substring of vi in order to create negative ex-
amples. This creates a balanced set, from which
we sample an 80-20 train-test split, ensuring that
the superstring token vi always occurs in the same
split. We train the probe as before, with the input
as the concatenated embeddings of the two tokens.

3.2 Results

English-Language Character Probing Results
Table 1 shows the results averaged across 5 train-
test splits and different seeds, reporting on the
Macro-F1 metric averaged across all 26 charac-
ters. We also observe very low variance for the
best-performing models, as shown in the Appendix
(Table 7).

For our main character probing experiment,
all models perform substantially better than their
matched controls (which hover around the chance
F! level of 50), suggesting that word piece tokens

Figure 2: For selected models, the average F1-score (y-
axis) for how well a character (x-axis) can be classified
on our main probing task. The control (random embed-
dings) appears in red, the syntax baseline in green. The
other 4 models are shown in grayscale, with the largest
and most recent model (GPT-J) in the darkest color.

from PLMs contain information about their con-
stituent characters in their embeddings. GPT-J is
the best-performing model (with F1 of 93.70 and
94.35), followed by RoBERTa and GPT-2, then the
BERT models. All the transformer models outper-
form the GloVe fixed embedding model. Clearly,
the performance of the models on this probing
task correlates with performance on other language
tasks, such that larger models trained on larger cor-
pora do better.2

There are also other factors that may contribute
to difference in performance, such as the nature of
the pre-training task and the tokenizer. The latter is
evident from the considerable performance gap be-
tween RoBERTa and BERT, which may be partially
attributed to RoBERTa using GPT’s reversible to-
kenizer, leading to more variability depending on
preceding whitespace. (See §5 for the potential
effect of tokenizer variability on performance.)

Multilingual Results Table 2 shows the results
for the Multilingual BART experiments, averaged
across 5 train-test splits with different seeds. Per-
formance is consistently high and above chance
across languages with different scripts. It is high-
est for Cyrillic with an F1 of 81.37, and lowest
for Arabic with an F1 of 76.37. While we focus
mostly on English in the remainder of our exper-
iments because of the large number of different

2Since performance varies considerably based on the
model used, we consider this work an additional data point in
favor of considering multiple models in interpretability work
(Bowman, 2021).
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Model type PLM Control
English Probing Experiment

GPT-J 93.70 48.36
GPT-2 84.25 52.31

RoBERTa 86.41 47.33
BERT-Cased 78.50 47.08

BERT-Uncased 77.48 49.37
GloVe 300D 67.57 49.57
GloVe 100D 66.04 50.33
LXMERT 62.4 53.92

English Substring Experiment
GPT-J 86.56 70.03

Table 1: Results (F1-scores)for the main English prob-
ing experiment.

Script PLM Control
Latin (English chars) 80.95 39.13

Devanagari 78.61 50.78
Arabic 76.37 51.88
Cyrillic 81.37 45.71

Table 2: Results (F1-scores) for the multilingual prob-
ing experiment on Multilingual BART.

models available and because of the easy access to
other sources of linguistic information, we believe
these results suggest that our findings would be
generalizable to non-Latin scripts.

English Substring Experiment Performance on
the English Substring Experiment is also far above
chance, with an average F1 of 86.56, compared to a
control F1 (on random embeddings) of 70.03 (bot-
tom row in Table 1). Control performance is well
above 50 in this case since the data set is created to
be balanced such that the superstrings have equal
numbers of positive and negative examples. But
there are still baseline differences in how often a
token occurs as a substring, so the model can learn
that certain substrings like "en" are more common
than substrings like "emies". We take the perfor-
mance on the Substring Experiment as evidence
that the model can make use of character informa-
tion to do more complicated substring tasks than
just character identification.

3.3 Breakdown of results

Next, we consider a number of possibilities for how
character-level information gets into these embed-
dings and conduct analyses intended to understand
the nature of the information learned and how it
gets there. We focus on our best-performing model
(GPT-J) for these analyses.

Is the first letter learned best because of alpha-
betization? One possibility is that, because the

training data likely contains many alphabetical lists
and other kinds of word lists (e.g., lists of words
starting with "z"), the model learns a co-occurrence
relationship between words that start with the same
character. We would predict that this would cause
stronger performance when the probed character
occurs at the beginning of the word. To that end,
we examine how the model’s performance varies as
a function of where in the token the target character
is (top panel in Figure 3). While there is indeed
a significant negative relationship between word
position and recall as measured by a linear regres-
sion (β = −.01, p < .001), the slope is relatively
small. While recall on the first letter in a token
is high (95.2), it is not an outlier: performance is
only somewhat higher than recall for the second
character (94.5). Moreover, performance is above
chance even when the target character appears 10
or more characters deep in a token. Therefore, we
do not believe the effect is driven only by word
beginnings, although they likely play a role.

Is it only frequent words that the probe gets
right? Next, we consider whether performance
varies as a function of the frequency of the token
(middle panel in Figure 3). One possibility could
be that character information is memorized only in
high-frequency tokens like “the", which occur often
enough that at least sometimes very frequent tokens
are broken into characters (e.g., "the" appearing in
the context of "t h e"), and that low-frequency to-
kens will perform worse. This does not appear to
be the case and, in fact, there is, if anything, a neg-
ative relationship (β = −.013, p = .05) between
binned log frequency and performance, such that
less frequent tokens are easier to extract character
information from.

Is it easier to get long or short words right?
The bottom panel of Figure 2 shows F1-score as
a function of the length of the token. Using the
GPT-J embeddings, it is easier to classify charac-
ters in short tokens, as compared to longer tokens.
This may be a function of the nature of the task
since there is, in some sense, less information to be
represented for a short token like "be" for the pur-
poses of the task (just that it contains a "b" and it
contains an "e"), whereas a long token would have
to represent information about more characters.

Which characters are learned best? Part of
what makes the success of the probe is that word
embeddings represent word co-occurrence informa-
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Figure 3: Performance on the GPT-J probe, relative to a
control probe, as a function of the character’s position in
the token (top), the log frequency of the token (middle),
and the length of the token (bottom). The size of the
point reflects the amount of data.

tion, which is typically conceived of as semantic
in nature (Erk, 2016) and so should, because of the
arbitrariness of the relationship between forms and
meanings (Saussure, 1916; Hockett, 1960), mean
there is no relationship between individual charac-
ters and information learned by embeddings. But
this arbitrariness breaks down, in that there are
statistically detectable non-arbitrary form-meaning
relationships in language (Blasi et al., 2016; Mon-
aghan et al., 2014; Tamariz, 2008; Dautriche et al.,
2017; Pimentel et al., 2019), such as the fact that fl-
words in English tend to be about movement (e.g.,
flap, fly, flutter, flicker; Marchand, 1959; Bergen,
2004) and that different parts of speech have differ-
ent phonological patterns (Dautriche et al., 2015;
Kelly, 1992; Monaghan et al., 2005).

An even larger source of shared information be-
tween characters and syntactic/semantic informa-
tion is that morphological forms can be cues to
word categories: for instance, most plural nouns
end with "s" and many adverbs end in "ly". This
leads to changes in character-level distributions:
while roughly 12% of words in American English
contain "y", 85% of adverbs do (as estimated using
data from Brysbaert et al., 2012). Thus, a model
with access to part of speech information could do
well by guessing that all adverbs contain "y".

So one possibility is that the probe’s perfor-
mance is largely driven by characters that corre-
late with syntactic and semantic features. If this
were the case, we might expect some characters to
show much better performance than others. Figure
2 shows the F1-Macro as a function of character.
For GPT-J, the best-performing model, there are
some clear trends. For instance, it is easiest to clas-
sify rare letters: J, W, X, Q, Z all have F1-scores
over 93. And it is hardest for the probe to classify
vowels: U, A, O, and E are the lowest-performing
characters, with F1-scores between 83 and 86. But
even those lower-performing characters do far bet-
ter than the chance baseline (at about 50 F1 score)

To further explore this, we conducted a quali-
tative analysis of the probe’s successes and fail-
ures. Consider the probe for classifying the pres-
ence/absence of "y": the model assigns highest
confidence to the following 4 tokens: "lly", " selec-
tively", " subtly", " mechanically". These all have
"ly" endings, which in English are typically asso-
ciated with adverbs. Similarly, the top performing
tokens for the "s" classifier all end with a morpho-
logically meaningful "-s" suffix: " socialists", "
stocks"," suggestions". They also happen to all
start with "s", perhaps suggesting an effect of the
first character as discussed above.

This analysis suggests that the strong classifier
performance could be explained by the model learn-
ing systematic relationships between certain char-
acters and syntactically or semantically meaningful
morphology. Is syntactic information the window
through which character-level information enters
PLMs? To address that question, our next exper-
iment focuses on a syntactic baseline, to see how
well character-level information can be predicted
based on syntactic features.

4 Experiment 2: The effect of syntactic
information

In this experiment, we focus on building probes
for the same task as in Experiment 1 (identifying
whether a particular character occurs in a particular
token). But, rather than using the token embed-
dings from a large language model as input, we
attempt to classify the presence/absence of charac-
ters in a token based on syntactic information.

Our first model (the SpaCy model) uses the
SpaCy library (Honnibal and Montani, 2017) to
obtain distributions over features for each token
in the vocabulary: Fine-Grained Part of Speech
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Measure SpaCy GPT-J Control
Aggregate Performance

F1 52.34 61.24 49.68
Best performing characters

s 64.60 66.82 40.32
y 61.96 64.89 48.68
e 62.05 62.32 47.27
Worst performing characters

b 48.92 55.13 48.25
m 48.13 55.61 46.11
q 43.79 53.54 49.28

Table 3: The best and worst performing characters from
Experiment 2 on the SpaCy syntactic baseline, the GPT-
J syntactic baseline, and the Control.

tag (PoS; e.g., for "Jane", NNP for a proper noun),
Coarse-Grained Part of Speech tag (Coarse-grained
PoS; e.g., for "Jane", PROPN for proper noun), and
a Named Entity Recognition tag (NER; e.g., for
"Jane", PERSON for a personal name). We use
these features to construct a syntactic vector for
each token.

Because SpaCy is built to operate over words,
not tokens, we also construct custom syntactic base-
lines that can tag subwords, as opposed to tokens.

The performance of these probes will serve as
a baseline for ascertaining how much character-
level information can be learned by these features
alone, without a full language model. If they can
perform just as well as the full GPT-J embeddings,
that would suggest that morphosyntactic informa-
tion (of the sort that we already know is learned
by PLMs during pretraining) is sufficient for the
performance on the probing task.

The method is the same as in Experiment 1,
where the goal is to predict the presence or absence
of a character α in a token, except that instead of
using the token’s model embeddings as input, we
instead use syntactic feature vectors (obtained ei-
ther from SpaCy or a custom tagger) as input. We
describe these syntactic vectors below.

Syntactic baselines The SpaCy model has 3
features for each token: NER, PoS, and Coarse-
Grained PoS tags. The resultant features are dis-
crete one-hot feature vectors over labels.

The custom syntactic tagger, which is intended
to solve the problem that SpaCy tags words and not
subword tokens, takes a (subword) token’s model
embedding as input and outputs a vector of prob-
abilities over part of speech and named entity cat-
egories. Here, we describe results for our custom
GPT-J Tagger, trained using GPT-J model embed-

dings, since GPT-J is the best-performing of our
models for our main task. See Appendix D for
descriptions and the results for 2 additional BERT-
based custom taggers that we built.

To build our custom GPT-J-Tagger, we train an
MLP model to predict PoS and NER labels based
on GPT-J’s static embedding layer for each token.
The tagger is trained on the CoNLL 2003 dataset’s
train and evaluation splits (Sang and De Meulder,
2003), which contain part of speech and named
entity information. Unlike the SpaCy tagger, our
custom GPT-J-Tagger outputs a probability distri-
bution over categories. We use this distribution
over labels as input, rather than a one-hot vector.
In the Appendix, Table 13 shows the performance
of the tagger’s performance qua tagger.

Probing for characters using syntactic baselines
We run the character probing experiment as before.
But, rather than using the model embeddings, we
use the syntactic feature vectors as the target of
our probe. Table 3 shows the results of these ex-
periments. Using the syntactic baselines leads to
substantially improved performance over control
tasks, and the GPT-J-Tagger does better than the
SpaCy tagger. We hypothesize that these diver-
gences occur because the custom GPT-J-Tagger is
better suited to handling subwords, and because
it enables us to use label distribution rather than
one-hot vectors.

Zooming in on the performance over individual
characters, we observe that, relative to the control
task, some English characters consistently perform
much better when using syntactic features. As pre-
dicted, these are precisely the characters that are
highly correlated with particular parts of speech.
The best-performing characters are: "s" (associ-
ated with plural nouns and third-person singular
verbs) and "y" (associated with adjective and ad-
verb endings). Thus, the syntactic baselines seem
to be capturing the information that they were in-
tended to capture. But their performance still fell
far below the best performing PLMs, suggesting
that the large models are capturing more than just
the information captured by the syntactic models.
Moreover, as can be seen in Figure 2, the syntax
baseline shows a sharp peak for morphologically
informative characters like "s", but this pattern is
much weaker in GPT-J (which shows only a slight
performance increase for "s"). Therefore, we do
not think syntactic information can explain all the
character information learned by PLMs. In the next
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Word Tokenizations
"dictionary" "d + ictionary"
" dictionary" " dictionary"
"dictionaries" "d + iction + aries"
" dictionaries" " diction + aries"
"dicionary" "d + icion + ary"

Table 4: Some GPT tokenizations for "dictionary".

section, we consider another possibility: variability
of tokenization, the focus of the next section.

5 Experiment 3: Tokenization variability

Consistent with other work suggesting benefits to
variable tokenization (e.g., Provilkov et al., 2020;
Kudo, 2018), we hypothesize that the variability of
tokenization is another avenue by which character-
level information could be learned by models. We
first quantify this variability and then run an exper-
iment using CBOW Word Embeddings (Mikolov
et al., 2013) showing how increasing the variabil-
ity in tokenization can lead to more character in-
formation being learned. We posit that the same
mechanism may be in play for PLMs.

Subword tokenization like the one used by GPT
models can cause the same lemma to have very dif-
ferent tokenizations, depending on its form and/or
its spelling. See Table 4 for possible tokeniza-
tions of "dictionary" and related forms, including
a misspelling (bottom row). This is a subset of the
possible misspellings, variants, and morphologi-
cal forms of the word. But the listed forms alone
generate 8 unique tokens.

It would be useful for the model to learn a rela-
tionship between all these tokens, since they repre-
sent the same lemma. We posit that the desirability
of learning this mapping is a mechanism by which
character information could be learned, by induc-
ing an objective to map between atomic tokens like
"dictionary" and the various substring tokens that
can arise. While each of these mappings could
be learned individually, learning character-level
spelling information offers a more general solution
to the problem, such that even an entirely novel
tokenization could be interpreted by composing the
characters of the tokens.

For this to be plausible, though, variable tok-
enizations like this must be frequent enough for
it to matter. In Appendix E, we use heuristics to
identify different forms in which a word appears
and conduct a series of back-of-the-envelope cal-
culations to determine how many different unique
tokenizations are expected for a long word (8+ char-

Tokenization ρ Embedding Control
Word - 60.55 47.12
GPT-J - 63.23 47.51
GPT-J 0.05 66.00 47.23
GPT-J 0.1 65.64 46.72
GPT-J 0.2 64.23 47.01
GPT-J 0.5 62.33 46.47

Table 5: Average F1 scores for probing results, as a
function of change in tokenization variability

acters) like dictionary, in all its variant forms and
misspellings in a sample of the Pile corpus (we used
1/6 of the corpus as a sample; Gao et al., 2020). We
found that, on average, we should expect over 200
different tokenizations for a word like "dictionary",
many pairs of which have entirely disjoint sets of
subword tokens from each other.

This hypothesis leads to a prediction: increas-
ing the variability of tokenization should increase
the amount of character-level information learned.
To test this, we train models using tokenization
schemes with different levels of variability and
then test how much character-level information
they learn, using our probing task.

Because the overall goal of our paper is to
characterize and explain the nature of character-
level information learned, we conduct a proof-of-
concept experiment using CBOW Word Embed-
dings (Mikolov et al., 2013) on a portion of the Pile
corpus with 1.1B characters, as opposed to training
a large transformer model from scratch varying tok-
enization schemes. We train 6 CBOW models from
scratch, each with a different tokenization scheme.
As baselines, we consider vanilla rule-based word-
tokenization (the CBOW default, labeled "Word"
in Table 5) and GPT-J’s default word piece tok-
enization scheme. Comparing these two baselines
against each other lets us compare the effect of
word tokenization vs. subword tokenization on
character information. But our key manipulation
is to consider variations of GPT-J’s tokenizer in
which we systematically increase tokenization vari-
ability.

In pre-processing the word-tokenized corpus for
input, for each word token wi, with probability
(1−ρ), we tokenize it using the standard GPT-J tok-
enizer. Under the standard tokenizer, " schematics"
becomes " sche + mat + "ics". With probability ρ,
however, we tokenize wi using a random tokeniza-
tion that consists of alternative valid tokens from
GPT-J. So, " schematics" could become " schema +
tics" or " schematic + s" (but not " schemati + cs"
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since " schemati" is not a valid GPT token). We
vary ρ from 0.05 to 0.5. See Appendix E for more
details on this procedure. The result is a series of
tokenized corpora, which have more variable tok-
enization than the vanilla GPT-J-tokenized corpus.

We train CBOW models separately for each of
these corpora. Table 5 shows the results of these
experiments on our probing task (using the same
method as in Experiment 1). As expected, probes
on the subword tokenization schemes reveal they
learn more information about characters than the
default word-level tokenizer. Most importantly,
upon increasing the variability on GPT-J’s tok-
enization scheme, the performance of the probe
increases, peaking at ρ = 0.05 and ρ = 0.1. There-
after, the performance decreases with variability,
suggesting that increasing variability leads to in-
creased character knowledge but only up to a point,
likely because there is a tradeoff: since the corpus
size for the toy experiment is small, having very
high variability leads to the model seeing fewer
instances of each token.

While the magnitude of these differences is rel-
atively small, they are consistent across random
seeds and train-test splits. Thus, we believe that
these results offer proof of concept that the vari-
ability of tokenization affects how much charac-
ter information is learned by CBOW models and
that this finding would plausibly generalize to per-
formance in PLMs (although we leave it to future
work to confirm this). As such, increasing tokeniza-
tion variability could be a means by which PLMs
could be engineered to learn richer character-level
information.

6 Discussion and Conclusion

Overall, our probing methodology revealed that
PLMs with sub-word tokenization learn quite a lot
about characters. The result is robust to the position
of the character in the token, the identity of the
character, the frequency of the token, the length of
the token, and the alphabetic script (although we
did not consider entirely non-alphabetic scripts like
Chinese since such languages would require a very
different formulation).

We suggest at least two possible mechanisms
by which this information is learned: systematic
relationships between certain characters and syn-
tactic/semantic features and the variability of tok-
enization. Insofar as these methods (e.g., tokenizer
variability) can be manipulated in model construc-

tion, this knowledge could be used to build mod-
els that perform better at tasks dependent on such
knowledge. Given the particular importance of tok-
enization in multilingual models (Rust et al., 2021;
Singh et al., 2019), it would also be fruitful to con-
sider the import of these results for multilingual
settings.

More generally, while the linguistic capabili-
ties of PLMs are much studied (for overviews, see
Rogers et al., 2020; Bommasani et al., 2021), the
question whether PLMs learn the constituent char-
acters of tokens is of a different nature in that it de-
pends on learning a property of language (spelling)
that is not explicitly tied to meaning. There is no a
priori reason "dog" is spelled "D-O-G", and, in a
sense, the spelling of the word does not matter. But,
in another sense, it does matter: humans routinely
use language in creative and character-dependent
ways: e.g., alphabetizing text, scrambling letters to
create codes, and solving crossword puzzles. Un-
derstanding whether and how the building blocks
of this meta-linguistic knowledge can emerge dur-
ing self-supervised training on a word prediction
task could be of interest not just in NLP, but in the
cognitive sciences.

7 Ethics and Broader Impacts

This work consists of probing experiments and in-
terpretability analyses of PLMs, and the risks and
ethical considerations are largely those that affect
any work with large PLMs (e.g., energy costs; see
Bommasani et al., 2021, for an overview of risks
and tradeoffs). The intended use of our code is for
academic research. We consider probing publicly
available PLMs, which are made publicly avail-
able in part for research purposes, to be within the
intended use of PLMs.
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Appendix A Code details

We release our code anonymously
at https://github.com/ayushk4/
character-probing-pytorch under MIT
License.

The models weights, data and other
dependencies required for experiment
are at https://github.com/ayushk4/
character-probing-pytorch/releases.

The intended use of our code is for academic
research. We consider probing publicly available
PLMs, which are made available for research as
well as end use cases, to be within the intended use
of PLMs.

Appendix B Probing for Character
Information

We use off-the-shelf APIs for lemmatization and
WordNet from NLTK (Apache License 2.0; Bird
et al., 2009). Our implementation uses PyTorch
(BSD License; Paszke et al., 2019), HuggingFace
(Apache License 2.0; Wolf et al., 2019) and custom
APIs for GPT-J’s embedding.

The probes for each MLP are trained separately
starting with random initialization weights. We
train the probe via a binary classification task
via backpropagation, using the Adam optimizer
(Kingma and Ba, 2015) with betas of 0.9 & 0.999
and epsilon of 1e-08 without weight decay, over
the standard Binary Cross Entropy loss across the
predicted logits ŷi and ground truth logits yi.

B.1 PLMs considered

Details of the PLMs used along with their model-
card on Huggingface:

• GPT-J: We used the standard GPT-J with 6
Billion parameters and its reversible Byte-Pair
encoding based subword tokenizer. We ex-
tracted the embeddings and have released it
separately. Model Card: ‘EleutherAI/gpt-j-
6B’ under Apache 2.0 License.

• GPT-2: We consider the base model for GPT-
2 with 124 Million parameters. The tokenizer
used in this model is the exact same as the
one used in GPT-3 and is also a subword tok-
enizer based on reversible Byte-Pair encoding.
Model Card: ‘gpt2’ under Modified MIT Li-
cense.

• RoBERTa: We again use the Base model
for fairer comparison to the GPT-2 model
with 125 Million parameters. This model has
partially reversible Byte-Pair Encoding based
on GPT-2’s byte-pair tokenizer but with addi-
tional tokens for a BERT-like MLM discrim-
inative pre-training. Model Card: ‘roberta-
base’ under MIT License

• BERT: The BERT-base models have roughly
110 Million parameters. Both the Uncased
and Cased versions of this model are consid-
ered with their Word-Piece tokenizers. For
this tokenizer, we also consider the charac-
ter ‘##’ while filtering out vocabulary, as it
denotes the token continues on the preceding
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Case-Sensitive
Model type PLM Control

GPT-J 94.35 52.76
GPT-2 84.69 51.05

RoBERTa 83.87 49.00
BERT-Cased 78.47 45.35

BERT-Uncased 77.48 49.37
GloVe 300D 69.40 49.40
GloVe 100D 61.56 49.55
LXMERT 60.30 49.61

Table 6: Results for the main probing experiment,
across models.

Case-insensitive Case-Insensitive
Model PLM Control PLM Control
GPT-J 0.83 3.12 1.39 2.27
GPT-2 2.01 3.09 2.21 2.75

RoBERTa 2.27 3.13 2.79 2.46
BERT-Cased 2.93 7.46 2.77 5.67

BERT-Uncased 3.32 4.33 3.32 4.33

Table 7: Standard deviation in our probing Experiment
1, for the key models considered.

word. Model Card: ‘bert-base-uncased’, ‘bert-
base-cased’ under Apache 2.0 License

• GloVe: We experiment with the 100 and 300
dim version of 400K-Vocab GloVe trained on
6B tokens. We consider the 40k most frequent
tokens in GloVe, comparable to the vocab-
ulary sizes of the other models. GloVe ver-
sion used: ‘Wikipedia 2014 + Gigaword 5
(6B tokens, 400K vocab, uncased, 50d, 100d,
200d, & 300d vectors, 822 MB download):
glove.6B.zip’ 3

• LXMERT: We use the uncased version of
LXMERT-base model and, as with the BERT
model, filter out ‘##’ preceding symbols.
Model Card: ‘unc-nlp/lxmert-base-uncased’
under

3Accessible at nlp.stanford.edu/projects/glove/, Apache
v2.0 License

Property Statistics
Dataset Tokenizer’s Vocab for each model
Data-filtered Tokens having only letters (a-z,A-Z)

GPTs, RoBERTa: Allow preceding Ġ
BERT: Allow preceding ‘##’

Train-Test split 80-20
Preprocessing None
Output labels 26 tasks (each with binary label)
Link Model Card & links in §B.1

Table 8: Dataset Checklist for Experiment 1.

GPT's
Vocab

Ġinterviewer

##erinterview

Soft - Syntax Labels

MLPs
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Soft
Embedding

Lookup

... ...
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a b r z
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Subword Taggers
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Bert Tokenizer

Bert

JJ VB NN DT JJ VB NN DT
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Figure 4: Experiment 2: syntax baselines with BERT-
sentence and BERT-token custom taggers.

B.2 Hyperparameter and other Details

Each probe is trained for 5 epochs, with 128 batch-
size. The Learning rate is tuned over averaged
Macro-F1 in the grid {1e− 5, 3e− 5, 5e− 5, 1e−
4, 3e − 4, 1e − 3, 3e − 3, 1e − 2, 3e − 2}. We
trained the probe on the best hyperparameter set-
tings across 5 different train-test splits and seeds.
Table 9 shows the best learning rates and the num-
ber of parameters (and frozen-parameters) in the
probe. For all the control embedding, we assume
the same dimension as the largest model (4096)
and considered a maximum vocab of 100k, even
though only the first few thousand might be used.
These experiments take less than 20 minutes for
each run and require less than 12 GB of GPU mem-
ory. They were run on a mix of NVidia Tesla K80,
GTX 1080 Ti, P100, V100 GPUs with Dell R740
and Intel Xeon CPUs.

Table 6 shows the result of the probe in a case-
sensitive setting. The case-insensitive probe treats
both "Cat" and "cat" both as a hit for "c". The
case-sensitive probe treats only "cat" (not "Cat")
as a hit for "c". Note that performance is the same
for BERT-Uncased since it does not distinguish
between these conditions.

Appendix C Multilingual Analyses

Model Details: We only consider mBART (Liu
et al., 2020) with 610M parameters and 250k
vocab size. Its model card in Huggingface is
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Case-insensitive Case-Sensitive
Model Lemma Control Lemma Control
Probe LR # Params LR # Params LR # Params LR # Params
GPT-J 1e-4 240M (206M) 1e-4 443M (410M) 1e-4 240M (206M) 3e-4 443M (410M)
GPT2 3e-4 40M (39M) 1e-4 443M (410M) 3e-4 40M (39M) 3e-4 443M (410M)

RoBERTa 3e-4 40M (39M) 1e-4 443M (410M) 1e-3 40M (39M) 1e-2 443M (410M)
BERT-cased 1e-3 23M (22M) 3e-3 443M (410M) 1e-3 23M (22M) 5e-5 443M (410M)

BERT-uncased 3e-3 25M (23M) 3e-4 443M (410M) 3e-4 25M (23M) 1e-4 443M (410M)
LXMERT 1e-4 24M (23M) 3e-4 443M (410M) 3e-4 24M (23M) 1e-4 443M (410M)

GloVe 100D 1e-4 4.02M (4.00M) 3e-4 12.2M (12.0M) 3e-4 4.02M (4.00M) 3e-4 12.2M (12.0M)
GloVe 300D 3e-4 12.2M (12.0M) 1e-4 12.2M (12.0M) 3e-4 12.2M (12.0M) 3e-5 12.2M (12.0M)

Table 9: Experiment 1 hyperparameters.

Property Statistics
Train Sentences 14986
Train Tokens 219553
Valid Sentences 3465
Valid Tokens 55043
Test Sentences 3683
Test Tokens 50349
NER Tags 5
PoS Tags 45
Preprocessing None
Link github: davidsbatista/NER-datasets

Table 10: Dataset Checklist for training POS/NER
CoNLL set.

‘facebook/mbart-large-cc25’, without any mention
of its license. Its tokenizer is a reversible one, simi-
lar to GPT, except that it encodes preceding space
with ‘_’.

Languages: For the non-Latin scripts considered,
we only consider those characters with more than
250 occurrences in the tokenizer’s vocabulary. We
consider the experiment case-insensitive (by lower-
casing the string) across scripts that have lowercase
and uppercase characters.

Hyperparameters: Each probe is trained for
5 epochs, with 128 batch-size. The learning
rate is tuned over averaged Macro-F1 in the grid
{1e−5, 3e−5, 5e−5, 1e−4, 3e−4, 1e−3, 3e−
3, 1e−2, 3e−2}. We trained the probe on the best
hyperparameter settings across 5 different train-test
splits and seeds. Table 12 shows these best learn-
ing rates and the number of parameters (and frozen
parameters) in the probe. For all the control embed-
ding, we assume the same dimension as the largest
model (1024) and considered a maximum vocab of
300k, even though only a few thousand are used.
These experiments take less than 20 minutes for
each run requiring less than 12 GB of GPU mem-
ory and were run on a mix of NVidia Tesla K80,
GTX 1080 Ti, P100, V100 GPUs with Dell R740
and Intel Xeon CPUs.

Script PLM Control
Latin (English chars) 3.28 7.21

Devanagari 6.58 5.43
Arabic 10.50 2.99
Cyrillic 3.79 5.31

Table 11: Standard Deviation for Multilingual BART
experiment.

Appendix D Syntax Baseline for
Character information

D.1 Custom syntax taggers
First we consider an off-the-shelf SpaCy model
with 3 features for each token: NER, PoS, and
Coarse-Grained PoS tags. Before running this
model, we remove the preceding whitespace char-
acters in the token, if present. The resultant fea-
tures are discrete one-hot feature vectors over la-
bels. The SpaCy tagger is not perfectly suited to
our task since it operates at the word level, whereas
we are concerned with obtaining a subword token’s
embeddings. To solve that problem, we also built 3
custom taggers for obtaining PoS and NER labels
on subword tokens. These taggers take (a subword)
token’s model embedding as input and output a vec-
tor of probabilities over part of speech and named
entity categories.

To build our custom GPT-J-Tagger, we train an
MLP to predict PoS and NER label based on GPT-
J’s static embedding layer for each token. The
tagger is trained on the CoNLL 2003 dataset’s train
and evaluation splits (Sang and De Meulder, 2003),
which contains part of speech and named entity
information. Unlike the SpaCy tagger, our cus-
tom GPT-J-Tagger outputs a probability distribu-
tion over categories so we can use this distribution
over labels as the vector of interest, rather than a
one-hot vector.

Table 13 show the performance of the tagger’s
performance qua tagger. Table 10 shows the
Dataset Checklist for this experiment. To build
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PLM Control
Script LR # Params LR # Params
Latin 3e-4 258M (256M) 1e-2 309M (307M)

Devanagari 3e-4 258M (256M) 1e-3 309M (307M)
Arabic 3e-4 258M (256M) 3e-3 309M (307M)
Cyrillic 3e-4 258M (256M) 3e-4 309M (307M)

Table 12: Multilingual Hyperparameters. Number of parameters (with frozen parameters in parenthesis) is denoted
per probe.

Model Type # Epochs Batch Size LR Dev F1Wtd Dev F1Macro Test F1Wtd Test F1Macro

BERT-sentence (PoS) 10 32 1e-5 98.17 94.80 93.42 87.40
BERT-token (PoS) 10 32 1e-5 76.42 56.75 77.24 56.74
GPT-J MLP (PoS) 20 64 1e-4 62.90 68.72 60.15 69.14

BERT-sentence (NER) 10 32 1e-5 97.88 93.18 96.02 86.92
BERT-token (NER) 10 32 1e-5 83.50 56.97 81.57 54.88
GPT-J MLP (NER) 20 64 5e-5 85.59 63.56 82.71 57.34

Table 13: Labels from POS/NER labels. LR denotes learning rate

Split Type SpaCy BERT-sentence BERT-token GPT-J Control
Aggregate across 26 characters

F1 52.338 55.008 59.7525 61.2395 49.6772
Best performing ones

s 64.5967 60.7179 70.3299 66.8159 40.3154
y 61.9632 60.3871 67.1591 64.8863 48.6838
e 62.0518 57.7531 64.6152 62.3213 47.2712
t 60.6848 54.3826 64.0681 60.7345 48.4873
p 50.235 55.2361 63.9658 60.5067 46.5612
i 60.8024 56.4055 63.3518 61.6032 42.8155

Worst performing ones
w 45.748 52.7235 57.6919 58.2666 48.6947
q 43.7924 56.5274 57.5407 53.5437 49.2841
k 47.7873 49.3832 57.3084 55.9559 46.2371
o 52.9403 53.6138 56.8312 55.6293 43.5871
b 48.9159 56.739 56.3873 55.1265 48.252
m 48.1349 53.4036 56.2846 55.6094 46.1084

Table 14: Syntax baseline: Probing over syntax label distribution.
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the BERT sequence-labeling tagger, we fine-tuned
a BERT sequence labeling model for the PoS and
NER tasks, in order to output a label for each (sub-
word) token in a sentence. When extracting syn-
tactic features for this model, we first do the same
pre-processing of removing the special preceding
whitespace of GPT’s tokens as SpaCy before in-
put into the BERT model. Since BERT’s tokenizer
could have more than one token for a single GPT-
J’s token, we consider the average of the logits as
the pre-softmaxed feature vector.

In addition to the BERT sentence-level tagger,
we consider a BERT token classifier model fine-
tuned for NER and PoS at token level rather than
at sentence level. This token-level model does not
leverage context to deduce the label, and is closer
to how we use this model later to get features for
predicting NER/PoS features.

D.2 Results and Hyperparameters

We use off-the-shelf APIs for lemmatization and
WordNet from NLTK. Our implementation uses
PyTorch (Paszke et al., 2019), HuggingFace (Wolf
et al., 2019) and custom APIs (now released) for
GPT-J’s embedding. The hyperparameter tuning
was done on the dev set for only the learning rate
in the grid {1e− 5, 3e− 5, 1e− 4} for BERT and
{1e−5, 3e−5, 5e−5, 1e−4, 3e−4, 1e−3, 3e−
3, 1e − 2, 3e − 2} for GPT-J. Our MLP model is
3-layered with SELU and Tanh activation and 0.1
Dropout before the last layer. Our BERT-Model
is initialized with ‘bert-base-cased‘ from Hugging-
face with default values of hyperparameters. Our
implementation was done using PyTorch and op-
timized via Adam with betas of 0.9 & 0.999 and
epsilon of 1e-08 without weight decay over the
standard Cross Entropy loss. We set the batch size
to 32 sentences for BERT and 64 for GPT-J. All
the experiments can be done within 16GB of GPU
memory and no run individually takes more than
2 hours. We release these models along with our
codebase with instructions to run them.

Table 13 shows the performance of these NER
and PoS models. As expected, the BERT-sentence
model performs the best on both the tasks as it
leverages the context while tagging. GPT-J slightly
outperfoms BERT-token on both the tasks. Note
that these performances are not comparable as their
tokenizations differ and only one of the models
leverages context to predict NER and PoS tags.

D.3 Method

Assume we have m syntactic features. Consider
the tokenizer Vocabulary V (with only alphabetic
tokens) and the Dα datapoint pairs for each letter
α of the lowercased English alphabet. For each
token-label pair (wi, yi), we obtain the m syntactic
features of the word {x(1)i , x

(2)
i . . . x

(m)
i } using the

trained models to tag the features.
We train a classifier to predict whether a char-

acter α is present in the token wi using only its
syntactic features. Assume randomly initialized
‘trainable’ embeddings {E1, E2 . . . Em} for each
of the m syntactic features. We predict the logits
ŷi for token wi over each letter α using an MLP
classifier over the embeddings:

ŷi = σ(MLPα([E
T
1 x

(1)
i ; . . . ; ETmx

(m)
i ]))

Each syntactic feature x(j)i is a vector denoting
probability distribution of a token over the corre-
sponding feature labels (including being a one-hot
vector), this is crucial because a token (especially
subword-token) might have different labels depend-
ing on the context.

We train different MLPs and Embeddings from
scratch for each alphabet α with no shared parame-
ters across the (case-insensitive) 26 English char-
acters. We train our model for binary classifica-
tion via backpropagation over the standard Binary
Cross Entropy loss across the predicted logits ŷi
and ground truth logits yi.

As before, for each character we create a bal-
anced dataset consisting of an equal number of
positive and negative examples, where each exam-
ple is made up entirely of either English characters
or whitespace. These are randomly divided into
training and test split sucht that we keep words
with with the same lemmas in the same split. As
a control task, we randomly assign the syntactic
features for each token. We set the batch size
for runs with one-hot vectors as features to 128
and to 64 for others, the learning rate is tuned in
{1e−5, 3e−5, 1e−4, 3e−4, 1e−3, 3e−3, 1e−2}
for all the features over the metric of Averaged F1-
Scores across the 26 English letters. The best learn-
ing rates for SpaCy, BERT-sentence, BERT-token,
GPT-J and Control were found to be 1e-3, 1e-3,
3e-3, 1e-4, 1e-2, respectively. Using Adam Opti-
mizer we train each of the 26 models for 5 epochs
with betas of 0.9 & 0.999 and epsilon of 1e-8. Our
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Split Type SpaCy BERT-sentence BERT-token GPT-J Control
Aggregate across 26 letters

F1 4.4354 2.9588 3.7989 2.724 4.3973
Best performing ones

s 0.6947 1.2941 0.4853 0.6514 5.5055
y 1.8665 1.6406 0.5697 1.4251 3.2417
e 0.6645 0.8544 0.3245 0.3233 1.8349
t 0.2643 3.4695 0.9129 0.5924 1.7645
p 6.1928 1.1628 0.5669 0.2985 3.7013
i 0.512 1.4392 0.5998 0.4867 5.5685

Worst performing ones
w 4.9794 2.2996 1.9614 1.9536 1.7453
q 2.7071 3.4438 4.5954 4.7932 5.5068
k 2.9332 6.885 2.0885 1.6864 1.6311
o 6.24 1.6009 1.0449 0.463 3.5961
b 4.0455 1.5597 1.4074 2.0701 2.7857
m 7.2995 2.4854 2.1762 1.0948 6.152

Table 15: Standard Deviation of POS/NER labels

implementation is done using PyTorch and Hug-
gingface. Finally for the best hyperparameter, we
perform 5 runs with different train/test splits and
seeds. Our MLP model is 3-layered with SELU
and Tanh activation and 0.1 Dropout before the last
layer.

Tables 14 and 15 show the mean and vari-
ance of the results over the 4 taggers and control
task. We also show the performance over the best-
performing and worst-performing characters.

Appendix E Variability of Tokenization

E.1 Quantifying variability in the Pile Corpus
To quantify the variability in the tokenization of fre-
quent words in corpora comparable to the corpora
used to train these models, we consider 1/6th of the
publicly available Pile Corpus used to train GPT-J
( 250 GB of text). For our analysis we consider
500 frequent words of 8+ characters (as measured
using Google Ngrams) since long words are more
likely to be the source of variability.

For each target word, we first case-insensitively
detect each of its occurrences in the sub-corpus. In
order to also account for spelling errors, we used
case-insensitive fuzzy search, allowing matches
for substrings up to 1 Levenshtein distance away.
Over these occurrences, we discard those where
the substring is part of a bigger word, such as ‘dif-
ferentiation’ for the target word ‘different’ or if the
fuzzy match has whitespaces.

Once we have such occurrences, we want to
obtain the tokenization of the target word in the
context. For each word in the set of matches, if the
matched substring ends with a non-valid character
for our probing task, we delete the final character.

This allows for matches of [somethin’, somethin",
somethin] all to be considered as the string ‘some-
thin’. We also account for the factors that leads to
differing tokenization, such as preceding whites-
paces.

Now, for each of the target words, we have a
list of probable tokenization at most 1 Levenshtein
distance away. Since two target words such as
‘projection’ and ‘protection’ could themselves be
at 1 Levenshtein distance, these may act as what
we call “pseudo matches" for each other. So we
consider only one of these two from our target list,
leading to 466 word down from 500 words. Now,
for each of these target words, we count the number
of possible unique tokenizations.

For each of these 466 target words, we also ob-
tain a list of words from WordNet, which are 1
Levenshtein distance away. We treat this word list
as the pseudo-match list. We also consider the num-
ber of tokenizations for each target word, excluding
their pseudo-match list as well as by excluding all
those which are equally close to or closer to a word
in the pseudo-match list than they are to the target
word. We also compute the statistics of those with
exact matches.

Table 16 shows these statistics for the target
words. On average, a target word is expected to
have 213 different tokenizations depending on the
context. We observe that, while one may expect the
number of tokenizations to go up with the number
of characters in the target word, it doesn’t perfectly
increase monotonically. This is because the num-
ber of occurrences of the target word dictates the
number of tokenization it will have. Unsurpris-
ingly, we see a consistent trend that the number
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of tokenization greatly increases with increasing
occurrences.

We observe three factors contributing to a re-
markably large number of tokenizations. First,
Case-Sensitive tokenization leads to up to 6 dif-
ferent tokenizations for each of the target words.
Second, context-dependent tokenization increases
the expected number of different tokenizations to
12.91. The rest of the tokenizations are likely due
to misspellings or variants.

Our analyses were sped up using multiprocess-
ing and fuzzy regex. To do so, we split the sub-
corpus across multiple pieces. These runs take
about 3 days across 40 CPU Cores, 60 GB of RAM
and less than 600GB hard disk space. We report
the mean and standard deviation for the number
of tokenizations a word has across the portion of
the Pile corpus considered. These are also reported
as a function of word length and its frequency of
occurrence in the corpus.

Tables 16 and 17 shows these scores. The ‘All
matches’ field considers the unique tokenizations
of all matched substrings including those at 1 (case
and whitespace insensitive) Levenshtein distance
away. These word at 1 Levenshtein distance could
be either misspellings or a different English word
(for example an occurrence of the word ‘projec-
tion’ for target word ‘protection’). The latter of
these are identified using the Wordnet dictionary
and the statistics recalculated and shown in the
column ‘Matches except pseudo’. Some of the
misspellings contributing to this score could be
misspellinsg of either the target word or of one of
the other English words at 1 Levenshtein distance
away (‘prohection’ could be a misspelling of either
‘projection’ or ‘protection’ being at distance 1 from
both). Such occurrences are removed, with statis-
tics recomputed for the column ‘Matches closer
pseudo’. The column ‘Exact contain’ considers
only those occurrences, which contain the exact tar-
get word (case-insensitively) in the string ignoring
whitespaces. The ‘Exact match’ column does not
consider occurrences involving a preceding whites-
pace.

Table 18 shows some examples of variation in
tokenization.

E.2 Algorithm for increasing tokenization
variability

Algorithm 1 A simplified version of subword Tok-
enization with controllable variability
Require: 0 <= ρ <= 1

procedure YOURFUNCTION(sentence)
tokens← List()
words← wordTokenize(sentences)
for each w in words do

u ∼ Uniform[0, 1]
if u < ρ then

V ← GPTJ.V ocab
filter(V, λx.isAlphabetic(x))
Choices← List()
for i in 1, 2 . . . (w.length()− 1) do

if w[:i] ∈ V & w[i:] ∈ V then
push(Choices, w[:i], w[i:])

end if
end for
if ¬isEmpty(Choices) then

s ∼ Choices
tokens←Merge(tokens, s)
continue

end if
end if
s← GPTJ.Tokenize(w)
tokens←Merge(tokens, s)

end for
end procedure
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Measure All Matches Matches Ex-
cluding Pseudo

Matches
Closer
Pseudo

Exact Con-
tain

Exact
Match

Num
Words

Aggregate 232.90 229.70 213.74 17.91 5.97 466
7 Length words 297.50 271.00 223.50 22.00 6.5 2
8 Length words 332.29 325.68 288.07 25.00 7.89 28
9 Length words 231.48 227.78 206.95 16.94 5.93 190

10 Length words 225.51 222.58 209.53 17.97 5.87 127
11 Length words 213.28 211.02 202.97 17.88 5.85 61
12 Length words 224.14 223.54 218.64 18.25 5.79 28
13 Length words 218.14 217.00 214.76 16.57 5.19 21
14 Length words 238.33 238.33 238.33 16.67 5.00 9

exp(12) occurrence 88.70 86.67 82.11 10.33 5.90 27
exp(13) occurrence 155.78 153.87 146.55 13.61 5.15 74
exp(14) occurrence 210.36 207.51 195.74 16.70 5.75 174
exp(15) occurrence 278.88 275.00 251.69 19.91 5.96 139
exp(16) occurrence 370.02 365.04 336.48 26.62 8.56 52

Table 16: Tokenization variance statistics - mean score.

Measure All Matches Matches Ex-
cluding Pseudo

Matches Closer
Pseudo

Exact Contain Exact Match

Aggregate 95.12 94.29 91.26 17.91 2.67
7 Length words 155.50 129.00 81.50 13.00 2.50
8 Length words 100.90 99.17 91.19 8.46 2.47
9 Length words 90.97 90.00 86.03 7.34 2.50

10 Length words 88.56 89.04 90.71 7.86 2.75
11 Length words 107.55 107.65 108.46 8.77 2.84
12 Length words 63.25 63.53 62.53 8.26 2.82
13 Length words 81.22 81.30 82.20 7.82 2.59
14 Length words 62.48 62.48 62.48 4.52 1.05

exp(12) occurrence 38.59 37.65 34.60 3.15 1.26
exp(13) occurrence 39.75 39.13 39.36 4.92 2.10
exp(14) occurrence 51.84 52.17 53.73 6.19 2.51
exp(15) occurrence 70.46 70.59 77.22 7.86 2.38
exp(16) occurrence 101.86 100.38 103.83 9.99 3.44

Table 17: Variability across target words in tokenization variance statistics.
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String Tokenization String Tokenization
signature playstation

Exact match case insensitive Exact match case insensitive
"SIGNATURE" ["SIGN", "ATURE"] "playstation" ["play", "station"]
"sIGNATURE" ["s", "IGN", "ATURE"] "PLaySTATION" ["PL", "ay", "ST", "ATION"]

"SigNature" ["S", "ig", "Nature"] "playStation" ["play", "Station"]"
"Signature" ["Sign", "ature"] "PLAYSTATION" ["PLAY", "ST", "ATION"]
"SIgnature" ["SI", "gn", "ature"] "Playstation" ["Play", "station"]
"signature" ["sign", "ature"] "PlayStation" ["Play", "Station"]

Exact match and whitespaces Exact match and whitespaces
" signature" ["Ġsignature"] " Playstation" ["ĠPlaystation"]
" Signature" ["ĠSignature"] " PLayStation" ["ĠPL", "ay", "Station"]
" SigNature" ["ĠSig", "Nature"] " PLAYstation" ["ĠPLAY", "station"]
" signaTure" ["Ġsign", "a", "T", "ure"] " PLAYSTATION" ["ĠPLAY", "ST", "ATION"]

" SIGNATure" ["ĠSIGN", "AT", "ure"] " PlayStation" ["ĠPlayStation"]
" SiGNATURE" ["ĠSi", "GN", "ATURE"] " plAYsTaTion" ["Ġpl", "AY", "s", "Ta", "T", "ion"]
" SIGNATURE" ["ĠSIGN", "ATURE"] " playStation" ["Ġplay", "Station"]

" signAture" ["Ġsign", "At", "ure"] " playstation" ["Ġplay", "station"]
" SIGNature" ["ĠSIGN", "ature"] " PLaystation" ["ĠPL", "ay", "station"]
" sIgnature" ["Ġs", "Ign", "ature"] " PlaySTation" ["ĠPlay", "ST", "ation"]

Fuzzy match and misspellings Fuzzy match and misspellings
"S1GNATURE" ["S", "1", "GN", "ATURE"] "Play-station" ["Play", "-", "station"]

" SIGNATUTRE" ["ĠSIGN", "AT", "UT", "RE"] " PLAY-STATION" ["ĠPLAY", "-", "ST", "ATION"]
" signatyure" ["Ġsign", "at", "y", "ure"] "play-station" ["play", "-", "station"]

" signatre" ["Ġsign", "atre"] " Play-station" ["ĠPlay", "-", "station"]
"Signiature" ["Sign", "i", "ature"] " play-station" ["Ġplay", "-", "station"]
" signnature" ["Ġsign", "nature"] "Play-Station" ["Play", "-", "Station"]
" signatrre" ["Ġsign", "at", "r", "re"] "Play]station" ["Play", "]", "station"]
" sigature" ["Ġsig", "ature"] " Playst4tion" ["ĠPlay", "st", "4", "tion"]

" Sign(ature" ["ĠSign", "(", "ature"] " PlayStati0n" ["ĠPlay", "St", "ati", "0", "n"]
"signnature" ["sign", "nature"] " Play-Station" ["ĠPlay", "-", "Station"]

"SIG(NATURE" ["S", "IG", "(", "NAT", "URE"] "Playstaton" ["Play", "st", "aton"]
" Si2nature" ["ĠSi", "2", "nature"] " play.Station" ["Ġplay", ".", "Station"]
"Singnature" ["Sing", "nature"] " playstaton" ["Ġplay", "st", "aton"]
" signatuure" ["Ġsign", "atu", "ure"] " PLAYTSTATION" ["ĠPLAY", "T", "ST", "ATION"]
" Signaturs" ["ĠSign", "at", "urs"] "playstatiom" ["play", "st", "ati", "om"]

" sigNUTure" ["Ġsig", "N", "UT", "ure"] "playsstation" ["plays", "station"]

Table 18: Some examples of variations in tokenization for two example words.
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Abstract

Community Question Answering (CQA) fora
such as Stack Overflow and Yahoo! Answers
contain a rich resource of answers to a wide
range of community-based questions. Each
question thread can receive a large number
of answers with different perspectives. One
goal of answer summarization is to produce
a summary that reflects the range of answer
perspectives. A major obstacle for this task
is the absence of a dataset to provide super-
vision for producing such summaries. Recent
works propose heuristics to create such data,
but these are often noisy and do not cover all
answer perspectives present. This work intro-
duces a novel dataset of 4,631 CQA threads
for answer summarization curated by profes-
sional linguists. Our pipeline gathers annota-
tions for all subtasks of answer summarization,
including relevant answer sentence selection,
grouping these sentences based on perspec-
tives, summarizing each perspective, and pro-
ducing an overall summary. We analyze and
benchmark state-of-the-art models on these
subtasks and introduce a novel unsupervised
approach for multi-perspective data augmen-
tation that boosts summarization performance
according to automatic evaluation. Finally, we
propose reinforcement learning rewards to im-
prove factual consistency and answer coverage
and analyze areas for improvement.

1 Introduction

In a world of information overload and the ubiquity
of discussion fora, there is a need for text summa-
rization as a means of distilling relevant informa-
tion into a concise form. The problem is even more
pertinent for question answering within the context
of Community Question Answering (CQA) fora,
where a person poses a question and can get an
abundance of answers to sift through. Ideally, an
answer summary should cover the multiple perspec-
tives found in the answers, where available. Table 1

∗Author is currently at Salesforce AI Research.

Question: I recently relocated to USA and have no Credit
Score. Is Secure Credit Card is the only option for me to
start building my credit score? Also please recommend
which other credit cards are available for people like me
to build credit score
Answer 1: If you have an AMEX from another country,
you can get an AMEX in the US. American Express has a
separate system that is not as strongly country-dependent
as, say, VISA and MasterCard...
Answer 2: Secured credit cards are usually not very cost
effective for building credit. Find a local credit union, of
medium to large size. A credit union is like a bank, but
operates under slightly different rules, and is non-profit...
Answer 3: If you have had an American Express card
abroad, you can try and get a US Amex...
Answer 4: If the country you came from has an HSBC,
you can ask HSBC to use your credit rating from that
country to give you an HSBC Mastercard in the US...
Summary:
There are a range of options available to you, although
your chance of success will depend on the bank that you
apply with. However, if you have previously had a card
with HSBC or American Express, the process may be
simpler. Other options could include borowing from a
credit union or asking a friend or family member to be an
additional cardholder with you.

Table 1: An example summary from our AnswerSumm
dataset, illustrating the multiple viewpoints present
manually-written summaries, and a subset of the 8 user
answers to which the summary can be aligned.

illustrates such an example where a person poses a
question about relocating to the US and obtaining a
credit score and a credit card. We present a sample
of the 8 answers to that question on StackExchange
and a manually-curated summary covering the an-
swers’ main perspectives. Answer summarization
is a form of query-based, multi-document summa-
rization (Ernst et al., 2020), and creating answer
summaries that reflect the underlying varying per-
spectives entails several subtasks: selection of an-
swer sentences relevant to the question (query sen-
tence relevance), grouping these sentences based
on perspectives (clustering), summarizing each per-
spective (cluster summarization), and producing an
overall fused summary (fusion).

To date, most CQA fora have a notion of a ’best
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answer,’ which is either manually chosen by the
person who asked the question or by a moderator,
or obtained via community ratings. Work in this
field typically makes use of this best answer as a
proxy for summaries, i.e. the focus is on extractive-
like summaries (Tomasoni and Huang, 2010; Chan
et al., 2012; Pande et al., 2013; Wang et al., 2014;
Song et al., 2017). Datasets such as WikiHowQA
(Deng et al., 2020a), which consists of a question,
a long answer, and an answer summary, focus on
answer selection and the summarization of a sin-
gle answer. While CQASumm (Chowdhury and
Chakraborty, 2019) uses the chosen best answer as
the answer summary, they also apply heuristics to
ensure token overlap with the remaining answers.
However, the best answer only presents one per-
son’s perspective and rarely captures the variety of
perspectives discussed in a thread. Furthermore, we
find that the heuristics applied in CQASumm gener-
ally promote only long answers instead of multiple
perspectives. To validate our hypothesis, we exam-
ine a set of 30 summaries from CQASumm and
found that only 37% of the examples contained
multi-perspective answers. In contrast, 75% of our
dataset requires multi-perspective summaries.

As alluded to above, although answer summa-
rization is an important research topic with prac-
tical applications, there are no relevant datasets
or techniques to address it effectively, i.e. no
manually-curated dataset exists for the answer sum-
marization problem, and no dataset decomposes the
task into its constituent subtasks. This work tries
to close the research gap in answer summariza-
tion; we develop an annotation pipeline for multi-
perspective abstractive answer summarization. We
introduce the largest human-annotated dataset for
answer summarization, containing components for
sentence relevance, clustering, cluster summariza-
tion, and global answer summarization. We enlist
ten professional linguists to contribute to our an-
notation efforts. We iterate over instructions and
devise pre-pilot, pilot, and final annotation stages
as well as re-annotation for quality assurance. We
collect over 4,631 high-quality data points. For val-
idation of our curated data set, we benchmark state-
of-the-art models on the subtasks of this dataset
and perform qualitative analysis to provide a clear
baseline and directions for future work. We then
propose a data augmentation pipeline to further
boost summarization performance. To generate
a silver multi-perspective summarization dataset,

we introduce a pipeline for automatically creating
multi-perspective bullet-point answer summaries
for data augmentation, which boosts performance.
We find that a strong baseline model trained on
our human-annotated data inherently outputs factu-
ally consistent summaries, and model performance
is improved by adding data from our automated
pipeline. Finally, we introduce entailment-based
and semantic area RL rewards namely to analyze
its effect on factual consistency and semantic cover-
age, ensuring we are capturing all factually relevant
perspectives. 1

2 Related Work

Extractive Answer Summarization: Much work
has focused on the extractive summarization setting
as an answer-ranking problem (Chan et al., 2012;
Pande et al., 2013; Wang et al., 2014). Liu et al.
(2008) find that only 48% of the best answers on
Yahoo! Answers are unique best answers; there
are multiple correct ways to answer a question.
Other recent work has focused on sentence extrac-
tion using metadata (Tomasoni and Huang, 2010),
sparse-coding frameworks (Song et al., 2017), or
answer-aware sequential extraction (Deng et al.,
2020b). Our focus is on an answer summariza-
tion pipeline which ultimately results in abstractive
answer summaries.
Abstractive Answer Summarization: Another
line of work has attempted abstractive answer sum-
marization by treating the tagged best answer as
the gold summary of all the other answers (Chowd-
hury and Chakraborty, 2019; Chowdhury et al.,
2020). Recent work summarizes answers to med-
ical questions via a medical concept graph Zhang
et al. (2020) and incorporates multi-hop reasoning
(Zhang et al., 2020) and answer relevance from a
QA model into the summarization model (Su et al.,
2021). Most related to our dataset creation, Chowd-
hury and Chakraborty (2019) present CQASumm,
a dataset of about 100k automatically-created ex-
amples consisting of the best answer as the gold
summary, which, however, contains noise due to
automatic creation.
Multi-document Summarization: Answer sum-
marization can be viewed as a query-based multi-
document summarization (MDS) problem. Ap-
proaches to query-focused multi-document summa-

1For reproducibility of our findings, we will make our data
and code publicly available at https://github.com/
Alex-Fabbri/AnswerSumm.
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rization have dealt with data sparsity via data aug-
mentation (Pasunuru et al., 2021) by restructuring
the title and paragraphs of news articles to match
the target task, coarse to fine-grained modeling Xu
and Lapata (2020), and by converting generic sum-
marization data into proxy queries (Xu and Lapata,
2021) Several large-scale MDS datasets have been
introduced in the news domain (Fabbri et al., 2019;
Gu et al., 2020; Gholipour Ghalandari et al., 2020),
for creating Wikipedia lead-paragraphs (Liu et al.,
2018) and for long-form question answering (Fan
et al., 2019). However, Wikipedia summarization
is topic-based and less granular than our setting,
and the ELI5 dataset (Fan et al., 2019) summarizes
web documents rather than direct query answers.

3 AnswerSumm

We introduce our annotation protocol and the char-
acteristics of our manually-curated answer summa-
rization dataset. Our annotation pipeline is illus-
trated in Figure 1.

Annotation Protocol Our annotation pipeline
consists of four steps 1) Answer Sentence Selection
(SentSelect), 2) Clustering (SentCluster), 3) Clus-
ter Summarization (ClusterSumm), and 4) Cluster
Summary Fusion (ClusterSummFusion). We refer
to the task of taking forum answers and producing
final overall summaries E2ESumm. We believe
that this pipeline mirrors the process by which hu-
mans create summaries of multiple answers by nar-
rowing and organizing information, followed by
paraphrasing. Furthermore, dividing the summa-
rization task in such a way paves the way for future
work in understanding the steps by which a model
creates a final summary, and recent work has simi-
larly divided multi-document summarization into
these subtasks (Ernst et al., 2020). For consistency,
the same annotator completes all four steps for a
given example. However, we surmise that if each
subtask is performed well, then multiple annotators
can be involved for a given example.

For a given question thread, we present the an-
notator with the question, the forum from which
the question came, the title of the post, and the tags
that the original poster associated with the question.
The user answers are then presented, where each
answer has been automatically segmented into in-
dividual sentences using SpaCy (Honnibal et al.,
2020). It is worth noting that sentence-level gran-
ularity is chosen as a simplifying assumption as
an appropriate level of segmentation. We are cog-

nizant that clause level might be more accurate,
however, given state-of-the-art clause detection as
well as the precedence for sentence-level model-
ing in previous work (Tomasoni and Huang, 2010;
Song et al., 2017), we opted for sentence-level seg-
mentation.

Answer Sentence Selection (SentSelect): We
ask the annotators to mark each sentence as rele-
vant or not depending on whether it provides in-
formation useful in answering the user’s question.
Annotators are instructed to mark as irrelevant sen-
tences that do not function as independent units,
such as those which need additional context to be
understood as an answer to the question. As a re-
sult, noise from sentence segmentation may cause
certain sentences to be marked as not relevant, but
upon manual inspection, we found this to not be an
issue.

Clustering (ClusterSumm): Annotators then
cluster found relevant sentences into groups of the
same topic. Sentences that are on the same topic
but have different polarities are grouped together.
We do not pre-define a desired number of clusters.
Furthermore, clusters consisting of a single item
are allowed, and a sentence can belong to multiple
clusters. A sentence in multiple clusters may occur
in the case of complex sentences which present
multiple viewpoints.

Cluster Summarization (ClustSumm): The
annotators summarize each individual cluster of
relevant sentences from the previous step. Each
cluster summary should typically consist of 1-4
complete sentences. To allow for abstract sum-
maries, we instruct the annotators to try to use their
own words (paraphrase) instead of copying large
segments of the sentence clusters verbatim. Us-
ing the sentences’ exact words is allowed, but they
should not copy more than five consecutive words
from a sentence. Additionally, the summary should
function as an answer rather than as an analysis
of the summary sentences. So, rather than stating,
“Most of the answers indicate that it is highly sub-
jective,” the annotator writes directly “It is highly
subjective.” To ensure that the summary informa-
tion can be found in the input answers, we also in-
struct the annotators to focus solely on the answer
threads and not their external knowledge of the sub-
ject. The summary should solely (1) summarize the
viewpoint present in the sentence cluster; and, (2)
try to include some specific details from the asser-
tions and anecdotes made by the answer sentences.

2510



Figure 1: An illustration of our dataset annotation pipeline. Given a question and answers to that question, pro-
fessional linguists 1) select relevant sentences, 2) cluster those selected sentences, 3) summarize each cluster’s
sentences, and 4) fuse clusters into a coherent, overall summary.

We leave it to the annotator’s judgment to leave out
details from clusters that are too minute.

Cluster Summary Fusion (ClusterSummFu-
sion): The annotator combines the cluster sum-
maries from the previous step into a single, co-
herent summary. The annotators can apply addi-
tional paraphrasing and need not simply insert each
cluster summary; they may combine some cluster
summaries into a single sentence. The annotator is
asked to order and insert discourse connectives as
necessary to increase inter-sentential coherence in
the final summary.

Data Filtering We selected question threads for
annotation from the StackExchange data release2,
as it is publicly available and has been shared us-
ing a Creative Commons ShareAlike license. We
created a whitelist of non-technical fora which do
not require domain knowledge to summarize, simi-
lar to work on non-technical email summarization
(Ulrich et al., 2008). We sampled from 38 fora. Ta-
ble 3 illustrates the top 20 fora and their frequency.
In addition to this preliminary filtering, we further
prompted annotators to discard any examples for
which they felt unable to adequately assess the rele-
vance of answer sentences to a question due to lack
of required domain knowledge or context.

The filtering of question threads was motivated
by heuristics detailed in Tomasoni and Huang
(2010), which aims to find threads suitable for sum-
marization. We only include answers with a non-
negative community score which is determined by
the number of upvotes by community members
minus the number of downvotes. Moreover, they
do not include comments to answers for simplic-
ity, although future work may incorporate this into
modeling. Threads were removed if 1) there were

2https://archive.org/download/
stackexchange

less than four answers, 2) the sum of the length
of all answers was outside of (100, 1500) words,
and 3) the average length of answers was outside
of the (50, 300) words interval. Questions include
the subject of the post and the content of the post
when available. Out of about 870k question threads,
about 8k met these criteria. While this filtering
may be strict, it avoids threads that contain short
or single answers for which summarization may be
superfluous, thus creating a higher-quality, diverse,
dataset as confirmed by our analysis that 75% of
our examples require multi-perspective summaries
.

Quality Controls Our annotators are 10 profes-
sional linguists recruited through a professional
vendor. We provide the linguists with an example
of an annotated question thread for clarity and dis-
cussed the instructions in-depth with the vendors to
avoid ambiguities. To ensure that the linguists are
well-trained and that the annotations meet our re-
quirements, we completed our annotations in three
stages. We began with a pre-pilot of 50 example
question threads, followed by a pilot of 500 exam-
ples and then a final set of 5000 examples. We
divide annotation files into groups of 50 examples,
which are split among the annotators. We make use
of the pilot and final annotation sets for our dataset
release. To determine inter-annotator agreement
(IAA), 250 examples were repeated across three an-
notation files. A Fleiss Kappa of 0.25 was achieved
for sentence relevance selection, the first task. The
IAA score indicates fair agreement.

Dataset Statistics and Comparison We pro-
vide statistics about the subtasks from our dataset
pipeline in Table 2. There does not exist a
manually-curated dataset for abstractive answer
summarization. CQASumm is the closest dataset
with our desired answer summarization qualities,
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Task Input Output

SentSelect
6.4 Ans

9.2 Sents40.3 Sents
787 Words

SentCluster 9.2 Sents 2.6 Clusters

ClusterSumm
3.4 Sents

21 Words
77 Words

ClusterSummFusion 55 Words 47 Words

Table 2: Average statistics for input and output across
the four Answersumm subtasks. E2ESumm’s input is
that of the SentSelect and the output is that of Cluster-
SummFusion.

Forum Frequency Forum Frequency
English 662 Travel 356
Cooking 636 Music 262
Gaming 485 Bicycles 242

SciFi 408 DIY 213
ELL 378 Aviation 190

Table 3: The ten most frequent forums found in the
AnswerSumm dataset and their associated counts.

although it is created automatically based on heuris-
tics which simply promote answers as summaries
rather than truly summarizing answers. We also
present a comparison of dataset statistics between
our dataset AnswerSumm, and the standard XSum
and CNN-Daily Mail (Nallapati et al., 2016) sum-
marization datasets in Table 4. In general, we
find our dataset to be more abstractive than CNN-
DailyMail and less so than XSum. Furthermore, the
average number of input tokens for the E2ESumm
task, is larger than those two datasets, confirm-
ing that the input to our tasks provides reasonable
grounds for requiring summarization.

4 Pipeline for Data Augmentation

Manually annotating data at the scale of other
existing summarization datasets such as CNN-
DailyMail is impractical. Taking advantage of the
abundance of unlabeled StackExchange fora avail-
able, we develop a pipeline to automatically create
data similar to that which is manually annotated
above. This process provides augmented data for
training summarization models.

Data Filtering Similar to filtering for manual
annotation, we obtained question threads from
StackExchange and applied heuristics motivated
by Tomasoni and Huang (2010) to find threads suit-
able for summarization. Threads are removed if: 1)
there are less than three answers; 2) the longest an-
swer is at least 400 words; 3) the input token length
of all answers is not between 100 and 1000 words;

Dataset Novel unigrams Ext. Oracle Input Len Summ Len
AnswerSumm 21.0 40.05/18.45/35.70 787 47

XSUM 35.8 29.79/8.81/22.65 431 23
CNN 16.8 50.38/28.55/46.58 761 46

DailyMail 17.0 55.23/30.55/51.24 653 55

Table 4: Comparison between AnwerSumm and the
XSum (Narayan et al., 2018) and CNN-DailyMail (Nal-
lapati et al., 2016) datasets, with data statistics from
(Narayan et al., 2018). Oracle Extractive and Length re-
fer to the maximum ROUGE (Lin, 2004) score achiev-
able by an extractive model, and the average length of
the input and summaries, respectively.

and, 4) the average length of answers is between 50
and 300 words. Heuristics were chosen to provide
enough examples for data augmentation, leaving
about 130k question threads in total.

Pipeline Overview The input to our pipeline is
a user question and its answers. We select question
threads from StackExchange and operate on the
sentence-level of these answers, as in our manually-
created data. Our automatic dataset pipeline con-
sists of the following components which aim to
mirror the manual pipeline: 1) a relevance model
to select relevant sentences and remove irrelevant
ones; 2) a clustering model to cluster similar con-
tent – reflecting various perspectives; and, 3) in-
put and abstractive summary creation from cluster
centroids, resulting in bullet points for the various
perspectives reflected in the answers. Figure 2 il-
lustrates the pipeline.

Relevance model: A sentence-level relevance
model trained on CQA fora is leveraged to elimi-
nate irrelevant sentences from the input (collection
of answers to a question). The output from this
stage serves as input to the clustering stage. Model
details are found in Section 6.

Clustering: Typical K-Means clustering for
short text (Xu et al., 2017; Hadifar et al., 2019;
Rakib et al., 2020) does not work for our setting
as the value of K is not known a priori. In fact, it
varies from question to question. Accordingly, we
use the sentence-transformers library (Reimers and
Gurevych, 2019a) to perform clustering. Specifi-
cally, we start with a RoBERTa-based model fine-
tuned for sentence embeddings on an entailment
dataset, which is further fine-tuned for semantic
similarity. Clustering parameters are chosen based
on a StackOverflow clustering dataset containing
labeled clusters, as provided in Rakib et al. (2020).
We apply Agglomerative clustering with average
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Figure 2: An illustration of our automatic dataset pipeline which mirrors the manual pipeline for data augmentation.
Given a question and answers, relevant sentences are selected and clustered. Then, the cluster centroid sentence of
non-singleton clusters is removed from the input to use as bullet point summaries.

linkage, cosine distance, and a maximum distance
of 0.65. Parameters are empirically chosen.

To create the final summaries, we locate the cen-
troid of clusters with at least two sentences and
select these centroids as bullet-point summaries.
Further, we remove the centroid sentences from
the sentence-segmented input answers to create a
challenging abstractive summarization dataset anal-
ogous to the XSum dataset (Narayan et al., 2018).
Since each cluster contains at least two sentences,
we assume that given a perfect clustering algorithm,
a related sentence can help generate the removed
centroid sentence. While removing sentences nat-
urally decreases coherence, we believe that this
introduces a tolerable level of noise. We also ex-
perimented with cluster centroid paraphrasing and
not removing from the input, but this did not im-
prove downstream performance, which we use to
measure the value of this dataset and the level of
noise.

5 RL-Based Training

Cross-entropy loss in standard sequence-to-
sequence model training suffers from exposure bias
and also does not directly optimize evaluation met-
rics (Ranzato et al., 2016). The REINFORCE algo-
rithm (Williams, 1992), on the other hand, allows
for optimizing the evaluation metrics using non-
differentiable rewards. We use an RL multi-reward
objective to promote summaries with both high
coverage of the input answers and faithfulness.

5.1 Multi-Reward Optimization

We follow the settings of Pasunuru and Bansal
(2018) for optimizing multiple rewards. In the
equations which follow, x = {x1, x2, . . . , xn′}
refers to the input source tokens (e.g. a question
and its answers), and y∗ = {y∗1, y∗2, . . . , y∗N}
refers to the gold target summary which consists of

{y∗1s , y∗ss , . . . , y∗Ns} sentences. Standard training
minimizes the negative log-likelihood (NLL) loss
using teacher forcing (Williams and Zipser, 1989):

Lml = −
N∑

t=1

log p(y∗t |y∗1, ..., y∗t−1, x) (1)

For our RL optimization, we use self-critical policy
gradient training as in Paulus et al. (2018); Ren-
nie et al. (2017). At each time-step, we produce
an output ys by sampling from the current decod-
ing probability, p(yst |ys1, ..., yst−1, x), as well as an
output ŷ obtained by greedily decoding from the
current probability distribution. We define a re-
ward function r(y, x, y∗) ∈ [0, 1], i.e., the reward
function compares y with x and y∗. The RL loss
function Lrl(x, y∗) =:

(r(ŷ, x, y∗)− r(ys, x, y∗))∑N
t=1 log p(y

s
t |ys1, ..., yst−1, x)

(2)
As in Paulus et al. (2018) and Pasunuru and Bansal
(2018), we use a mixture of the two losses above:

Lmixed = γrlLrl + γmlLml, (3)

where γrl and γml are tunable hyperparameters
used as scaling factors. Rather than applying
weights to each reward, we follow Pasunuru and
Bansal (2018) and optimize Lmixed by alternating
rewards in each minibatch.

5.2 Rewards
We use the following RL reward functions: (1)
textual entailment (NLI) for faithfulness, and (2)
semantic area to measure the coverage of a sum-
mary in a semantic space.

NLI for Faithful Summarization: We use the
degree of entailment of summaries given input an-
swers as a reward to promote faithfulness of answer
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summarization. Falke et al. (2019) define NLI as
a measure of faithfulness for ranking summaries
as follows: Let N be an NLI model which, given
a claim c and a premise p, computes N (p, c), the
probability that the claim is entailed by the premise.
We use this to calculate the NLI score for a sum-
mary y consisting of Ns sentences:

NLI(y, x) =
1

Ns

Ns∑

i=1

max
s∈x
N (s, yis) (4)

Semantic Area for Multi-Perspective Summa-
rization: We aim to reward summaries that in-
clude more of the perspectives found in the input
answers. To achieve diverse extractive summariza-
tion, Yogatama et al. (2015) embed sentences in
the semantic space and then select those sentences
whose convex hull maximizes the volume in that
space. This idea of semantic volume is also used to
measure the semantic overlap between summaries
and references in Jung et al. (2019). We use se-
mantic volume as a proxy for covering multiple
perspectives; the summary with the larger semantic
volume covers a wider range of views discussed in
the input. We make use of sentence-transformers
(Reimers and Gurevych, 2019b) to obtain sentence
embeddings for each sentence. We project each
embedding onto two dimensions using Principal
Component Analysis (PCA) as in Jung et al. (2019),
and thus, our volume calculation reduces to an area
calculation, which we refer to as Semantic Area.
We use min-max normalization to keep the reward
between 0 and 1. We split the dataset into training,
validation, and testing sets of size 3131, 500, and
1000 examples. For relevance labeling, we train
RoBERTa (Liu et al., 2019) for binary relevance
classification with the user question and sentence as
inputs. We train with a polynomial decay learning
rate scheduler with learning rate 2e−5, using the
Adam optimizer (Kingma and Ba, 2015) for three
epochs. We compare this model to one trained on
the ANTIQUE (Hashemi et al., 2020) relevance
data for query-sentence relevance. The data con-
sists of Yahoo! answers and relevance labels on
a scale from 1-4, with 1-2 not relevant and 3-4
relevant.

For experiments in ClusterSumm and E2ESumm,
our baseline abstractive text summarization model
is BART (Lewis et al., 2020), a pretrained denois-
ing autoencoder that builds off of the sequence-to-
sequence transformer of Vaswani et al. (2017). For
E2ESumm results, our primary focus, we also ap-

True Rel True Not Rel
Predicted Rel 4324 3349

Predicted Not Rel 5664 25088

Table 5: RoBERTa confusion matrix on SentSelect.

ply several state-of-the-art abstractive summariza-
tion models such as T5-base (Raffel et al., 2019).
For the cluster summarization task, the input is
the individual sentences clustered by the annota-
tors, while for the cluster fusion step, the input is
the concatenation of the cluster summaries. For
E2ESumm, input to the models is the question con-
catenated with input answers. For both summa-
rization tasks, we fine-tune BART using a polyno-
mial decay learning rate scheduler with learning
rate 3× 10−5, using the Adam optimizer (Kingma
and Ba, 2015). We train with 500 warm-up steps
and 20,000 total steps and pick the model with the
best label-smoothed cross-entropy (Szegedy et al.,
2016) validation loss. T5 is trained for 3 epochs
with a linear learning rate scheduler. In RL ex-
periments, we train using BART from scratch, as
opposed to using a model already fine-tuned on
answer summarization, as we found that this model
better learned to follow the given rewards. Fol-
lowing similar ratios in Lu et al. (2019), we set
(γrl,γml) = (0.9, 0.1). Hyperparameters are tuned
on the validation set.

6 Results & Discussion

We provide strong baseline results for the SentS-
elect, ClusterSumm, ClusterSummFusion, and
E2ESumm subtasks of AnswerSumm as a basis
for future work.

The best results for SentSelect are yielded by
RoBERTa relevance classification as illustrated in
Table 5. RoBERTa yields an F1 score of 0.49. De-
spite being the highest, the relatively low result
points to the difficulty and subjectivity of selecting
relevant sentences for community question answer-
ing fora. This is further supported by the observed
low IAA of fair agreement (Fleiss Kappa of 0.25).
Moreover, concatenating the sentences labeled as
relevant on the test set as a final summary results in
long summaries with high recall (82.81 ROUGE-1
Recall). This suggests that much of the impor-
tant information to be summarized can be captured
by this relevance model. The ANTIQUE-trained
model obtains an F1 score of 0.41 and notably
predicts many false positives (71%). While this
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Task ROUGE-1/2/L
ClusterSumm 30.98/10.61/26.22
ClusterSummFusion 51.64/32.67/47.13

Table 6: ROUGE scores for ClustSumm and Fusion
summarization tasks, showing ClustSumm as one of
the bottlenecks in E2ESumm performance.

Model ROUGE-1/2/L
BART-large (Lewis et al., 2020) 28.17/8.61/24.01
BART-large-aug 29.10/9.15/24.63
T5-base (Raffel et al., 2019) 25.10/6.58/21.30
BART-rel-oracle 30.98/10.61/26.22

Table 7: Model comparison for E2ESumm.

model performs worse on this relevance classifi-
cation task, we find that using this trained model
for automatically generated data allows for an im-
proved downstream summarization model, when
compared to the better classifier trained solely on
our manually-annotated data. Accordingly, we opt
for using the ANTIQUE-trained model in our over-
all summarization task. The improved performance
is likely due to more sentences being labeled as rel-
evant (implicitly encoding a recall bias), allowing
for more sentences to be sent to the clustering al-
gorithm, a noisy step itself, ensuring better quality
clusters.

Results for ClusterSumm and ClusterSummFu-
sion are shown in Table 6. These results point to
the difficulty of ClusterSumm as one of the sources
of difficulty for E2ESumm performance, as Cluster-
SummFusion can be done fairly easily. We believe
that some difficulties found in ClusterSumm are
also found in the E2ESumm task.

The results for E2ESumm are presented in Table
7. BART-large outperforms T5 model, but scores
are rather low when compared to the extractive or-
acle above. To investigate this further, we train
a BART-only model using the question concate-
nated with the oracle relevant sentences chosen by
the annotators, BART-rel-oracle. BART-rel-oracle
significantly outperforms the vanilla model. This
suggests that improved content selection would
boost performance. However, we believe that the
primary cause of the low performance is the diffi-
culty in learning the compression rate and abstrac-
tiveness of the gold summaries. The percentage
of novel uni-grams in BART is only 4%, as op-
posed to the 21% present in the gold summaries.
This suggests that despite being trained on more
abstractive data, BART is not learning (not gen-

Task ROUGE-1/2/L NLI Semantic Area
BART 28.17/8.61/24.01 0.74 0.04

BART-aug 29.10/9.15/24.63 0.77 0.01
BART-aug + RL 28.81/8.96/24.72 0.76 0.05

Table 8: A comparison of model ROUGE, NLI, and
Semantic Area scores.

eralizing) how to abstract well enough. We also
note the model trained on additional augmented
data through our automatic pipeline, BART-aug,
achieves a large performance boost compared to
vanilla BART, thereby validating the efficacy of our
automatic pipeline for potential applications to new
domains. It should be noted that we experimented
with augmenting our manually-curated data with
data from CQASumm, but performance did not im-
prove over vanilla BART. Hence, the task is indeed
sensitive to the quality and type of data used for
augmentation.

The results of adding RL rewards to BART
trained with data augmentation are shown in Ta-
ble 8. Both BART with augmented data and RL
rewards achieve higher NLI scores than the base-
line, while only the model with RL rewards ob-
tains a higher Semantic Area score. The improved
ROUGE score for BART-aug likely results from
training on additional data that resembles the target
domain, as in Fabbri et al. (2021), while noise in
the unsupervised data may reduce the Semantic
Area scores. The addition of RL rewards improves
the semantic area score over the augmented model,
although the slight decrease in ROUGE-1/2 show
that semantic area does not completely align with
ROUGE score. We analyzed 25 model outputs
for factual consistency and found that the models
are largely factually consistent, and very extractive
(BART-aug + RL having the fewest novel unigrams
at 3.9$). This suggests these differences in NLI
score do not exhibit a large qualitative difference
in faithfulness, and the lower NLI score of the RL
model may be from the introduction of the semantic
area reward. Also, we note that the gold summaries
themselves have low NLI and Semantic Area scores
of 0.46 and 0.03. As the gold summaries are more
abstractive, the entailment relationship between
them and the input may not be as straightforward
as the primarily extractive model outputs. This
phenomenon suggests the need for improved met-
rics and rewards for abstractive factual consistency
and semantic coverage. We provide example sum-
maries in the supplementary materials.
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7 Conclusion and Future Work

We develop an annotation pipeline for multi-
perspective answer summarization, introducing the
largest human-annotated dataset for this task. We
benchmark state-of-the-art models on the content
selection, cluster summarization, and end-to-end
summarization subtasks of this dataset. We also
introduce a pipeline for answer summarization
data augmentation that boosts summarization per-
formance. Through an analysis of the effects of
reinforcement-learning rewards and qualitative ex-
amination of model outputs, we point to difficulties
in these tasks and areas for future improvement in
content selection, abstraction levels, and metrics
for model comparison.

8 Ethical Considerations

As we propose a novel conversation summarization
dataset creation pipeline and modeling components,
this section is divided into the following two parts.

8.1 New Dataset

Intellectual Properties and Privacy Rights We
make use of publicly-available StackExchange data
for all our annotations. We manually reviewed our
dataset output for quality and potential problems.

Compensation for Annotators Compensation
was determined by standard in-house rates, amount-
ing to about $6 per data point collected.

8.2 NLP Application

Bias Biases may exist in the datasets, such as
political bias and gender bias in Yahoo! Answers.
Thus, models trained on these datasets may propa-
gate these biases.

Misuse Potential and Failure Mode When
used as intended, applying the summarization mod-
els described in this paper can save people much
time. However, the current models are still prone
to producing hallucinated summaries, and in such a
case, they may contribute to misinformation on the
internet. We move the needle in faithful summa-
rization in this paper, but further research is needed
to ensure the faithfulness of abstractive summaries
to address this issue, as this issue is present among
all current abstractive summarization models.

Environmental Cost The experiments described
in the paper make use of V100 GPUs. We used
up to 8 GPUs per experiment. The experiments

may take several hours. Several dozen experiments
were run due to parameter search, and future work
should experiment with distilled models for more
light-weight training. We note that while our work
required extensive experiments to draw sound con-
clusions, future work will be able to draw on these
insights and need not run as many large-scale com-
parisons. Models in production may be trained
once for use using the most promising settings.
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A Appendix

We provide sample model outputs in Tables 9 and
10 which characterize the factual consistency and
multi-perspective nature of the models.

Question: I bought a house that had been sitting for some
time. One of the the issues that I’ve discovered is that
the flapper valve leaks. I’ve come to this conclusion by
turning off the water to the tank and combing back later to
see that the water level is lower. I have already replaced
the flapper valve itself, and the leak remains.
Answer 1: Sometimes when a flapper gets old and begins
to fail (disintegrate) it can leave a piece behind stuck to
the outflow pipe that it covers. This piece/remnant then
prevents the new flapper from getting a good seal. You
might want to clean out the tank and make sure there are
no remnants of the old flapper stuck in there.
Answer 2: Over time the surface of the plastic part that
joins the tank to the bowl can get tiny defects in it that
prevent the flapper from making a good seal. As Jeff
suggests, you could try cleaning that part, or just replace
it.
Answer 3: I recently had two toilets begin to leak and had
a hard time figuring out exactly where. I hate plumbing
but decided to do full replacement of the various parts.
I purchased two toilet repair kits for about $18-20 each.
Instructions on the package explained what to do. When
you are done all parts and gaskets that wear or deteriorate
over time are replaced and you essentially have a new
toilet...
Answer 4: You might consider replacing most of the in-
sides of your toilet...
BART Summary: The options are to replace the flapper,
clean out the tank and replace it with a new piece, replace
the entire tank or replace the whole tank with Fluidmaster’s
S2DBL or Home Depot’s toilet flapper.
BART-aug Summary: There are a number of options
available, including replacing the flapper, cleaning out the
tank, replacing the line from the shut-off to the tank or
replacing the entire toilet.
BART-aug+RL Summary: It is possible that the old flap-
per is stuck in the outflow pipe and is causing the leak.
You could try cleaning the tank to remove any remnants.
Alternatively, Home Depot sells a new flapper that comes
with a new p iece that it rests on.

Table 9: Sample input and model outputs. The outputs
are factually consistent and cover multiple perspectives
present in the input answers.
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Question: I wonder how secure my deadbolt lock is. How
difficult is it for a professional to open such a lock?
Answer 1: Any lock can be opened. The questions are:
How long will it take? How much skill is required? What
tools are needed? ...
Answer 2: In general, a professional is going to be able
to open anything you have, because that’s what they do
all day. The reality though is that with the exception of
high security locks like Medeco, it doesn’t even take a
professional to open them. ...
Answer 3: Absolutely. Anyone with a bump key or lock-
pick can open a deadbolt. ...
Answer 4: Bottom line is that if someone wants to get
into your house .... they can. I’ve never seen a fool proof
system. ...
Answer ...:
BART Summary: The answer to this question will be
subjective and will depend on the type of lock. However,
it is generally agreed that any lock can be opened by a
professional and that it is not harder to pick than a normal
lock.
BART-aug Summary: The answer to this question will
depend on the type of lock and the tools needed. However,
it is generally agreed that any lock can be opened by a
professional.
BART-aug+RL Summary: Any lock can be opened. A
deadbolt is more about resisting kicking open or using a
credit card to slide in and raise the bolt. It’s not so much
about being harder to pick, as the lock mechanism in it is
going to be very similar to a normal door handle.

Table 10: Additional sample input and model outputs.
The outputs are factually consistent and cover multiple
perspectives present in the input answers.
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Abstract
Inference tasks such as answer sentence se-
lection (AS2) or fact verification are typically
solved by fine-tuning transformer-based mod-
els as individual sentence-pair classifiers. Re-
cent studies show that these tasks benefit from
modeling dependencies across multiple candi-
date sentences jointly. In this paper, we first
show that popular pre-trained transformers per-
form poorly when used for fine-tuning on
multi-candidate inference tasks. We then pro-
pose a new pre-training objective that models
the paragraph-level semantics across multiple
input sentences. Our evaluation on three AS2
and one fact verification datasets demonstrates
the superiority of our pre-training technique
over the traditional ones for transformers used
as joint models for multi-candidate inference
tasks, as well as when used as cross-encoders
for sentence-pair formulations of these tasks.

1 Introduction
Pre-trained transformers (Devlin et al., 2019; Liu
et al., 2019; Clark et al., 2020) have become the
de facto standard for several NLP applications, by
means of fine-tuning on downstream data. The
most popular architecture uses self-attention mech-
anisms for modeling long range dependencies be-
tween compounds in the text, to produce deep con-
textualized representations of the input. There are
several downstream NLP applications that require
reasoning across multiple inputs candidates jointly
towards prediction. Some popular examples in-
clude (i) Answer Sentence Selection (AS2) (Garg
et al., 2020), which is a Question Answering (QA)
task that requires selecting the best answer from a
set of candidates for a question; and (ii) Fact Verifi-
cation (Thorne et al., 2018), which reasons whether
a claim is supported/refuted by multiple evidences.
Inherently, these tasks can utilize information from
multiple candidates (answers/evidences) to support
the prediction of a particular candidate.

∗Work done as an intern at Amazon Alexa AI
†Work completed at Amazon Alexa AI

Pre-trained transformers such as BERT are used
for these tasks as cross-encoders by setting them
as sentence-pair classification problems, i.e, ag-
gregating inferences independently over each can-
didate. Recent studies (Zhang et al., 2021; Ty-
moshenko and Moschitti, 2021) have shown that
these tasks benefit from encoding multiple candi-
dates together, e.g., encoding five answer candi-
dates per question in the transformer, so that the
cross-attention can model dependencies between
them. However, Zhang et al. only improved over
the pairwise cross-encoder by aggregating multiple
pairwise cross-encoders together (one for each can-
didate), and not by jointly encoding all candidates
together in a single model.

In this paper, we first show that popular pre-
trained transformers such as RoBERTa perform
poorly when used for jointly modeling inference
tasks (e.g., AS2) using multi-candidates. We show
that this is due to a shortcoming of their pre-training
objectives, being unable to capture meaningful de-
pendencies among multiple candidates for the fine-
tuning task. To improve this aspect, we propose a
new pre-training objective for ‘joint’ transformer
models, which captures paragraph-level semantics
across multiple input sentences. Specifically, given
a target sentence s and multiple sentences (from
the same/different paragraph/document), the model
needs to recognize which sentences belong to the
same paragraph as s in the document used.

Joint inference over multiple-candidates entails
modeling interrelated information between multi-
ple short sentences, possibly from different para-
graphs or documents. This differs from related
works (Beltagy et al., 2020; Zaheer et al., 2020;
Xiao et al., 2021) that reduce the asymptotic com-
plexity of transformer attention to model long con-
tiguous inputs (documents) to get longer context for
tasks such as machine reading and summarization.

We evaluate our pre-trained multiple-candidate
based joint models by (i) performing AS2 on
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ASNQ (Garg et al., 2020), WikiQA (Yang et al.,
2015), TREC-QA (Wang et al., 2007) datasets; and
(ii) Fact Verification on the FEVER (Thorne et al.,
2018) dataset. We show that our pre-trained joint
models substantially improve over the performance
of transformers such as RoBERTa being used as
joint models for multi-candidate inference tasks,
as well as when being used as cross-encoders for
sentence-pair formulations of these tasks.

2 Related Work

Multi-Sentence Inference: Inference over a set
of multiple candidates has been studied in the
past (Bian et al., 2017; Ai et al., 2018). The most
relevant for AS2 are the works of Bonadiman and
Moschitti (2020) and Zhang et al. (2021), the for-
mer improving over older neural networks but fail-
ing to beat the performance of transformers; the
latter using task-specific models (answer support
classifiers) on top of the transformer for perfor-
mance improvements. For fact verification, Ty-
moshenko and Moschitti (2021) propose jointly
embedding multiple evidence with the claim to-
wards improving the performance of baseline pair-
wise cross-encoder transformers.
Transformer pre-training Objectives: Masked
Language Modeling (MLM) is a popular trans-
former pre-training objective (Devlin et al., 2019;
Liu et al., 2019). Other models are trained us-
ing token-level (Clark et al., 2020; Joshi et al.,
2020; Yang et al., 2019; Liello et al., 2021) and/or
sentence-level (Devlin et al., 2019; Lan et al., 2020;
Wang et al., 2020) objectives. REALM (Guu et al.,
2020) uses a differentiable neural retriever over
Wikipedia to improve MLM pre-training. This dif-
fers from our pre-training setting as it uses addi-
tional knowledge to improve the pre-trained LM.
DeCLUTR (Giorgi et al., 2021) uses a contrastive
learning objective for cross-encoding two sentences
coming from the same/different documents in a
transformer. DeCLUTR is evaluated for sentence-
pair classification tasks and embeds the two inputs
independently without any cross-attention, which
differs from our setting of embedding multiple can-
didates jointly for inference.
Modeling Longer Sequences: Beltagy et al.
(2020); Zaheer et al. (2020) reduce the asymp-
totic complexity of transformer attention to model
very long inputs for longer context. For tasks with
short sequence lengths, LongFormer works on par
or slightly worse than RoBERTa (attributed to re-

Figure 1: Multi-sentence ‘Joint’ transformer model. Ei

refers to embedding for the question/each candidate.

duced attention computation). These works en-
code a single contiguous long piece of text, which
differs from our setting of having multiple short
candidates, for a topic/query, possibly from differ-
ent paragraphs and documents. DCS (Ginzburg
et al., 2021) proposes a cross-encoder for the task
of document-pair matching. DCS is related to our
work as it uses a contrastive pre-training objective
over two sentences extracted from the same para-
graph, however different from our joint encoding
of multiple sentences, DCS individually encodes
the two sentences and then uses the InfoNCE loss
over the embeddings. CDLM (Caciularu et al.,
2021) specializes the Longformer for document-
pair matching and cross-document coreference res-
olution. While the pre-training objective in CDLM
exploits information from multiple documents, it
differs from our setting of joint inference over mul-
tiple short sentences.

3 Multi-Sentence Transformers Models

3.1 Multi-sentence Inference Tasks
AS2: We denote the question by q, and the set of
answer candidates by C={c1, . . . cn}. The objec-
tive is to re-rank C and find the best answer A for
q. AS2 is typically treated as a binary classifica-
tion task: first, a model f is trained to predict the
correctness/incorrectness of each ci; then, the can-
didate with the highest likelihood of being correct
is selected as an answer, i.e., A=argmaxni=1 f(ci).
Intuitively, modeling interrelated information be-
tween multiple ci’s can help in selecting the best
answer candidate (Zhang et al., 2021).
Fact Verification: We denote the claim by F , and
the set of evidences by C={c1 . . . cn} that are re-
trieved using DocIR. The objective is to predict
whether F is supported/refuted/neither using C
(at least one evidence ci is required for support-
ing/refuting F ). Tymoshenko and Moschitti (2021)
jointly model evidences for supporting/refuting a
claim as they can complement each other.
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3.2 Joint Encoder Architecture

For jointly modeling multi-sentence inference
tasks, we use a monolithic transformer cross-
encoder to encode multiple sentences using self-
attention as shown in Fig 1. To perform joint infer-
ence over k sentences for question q or claim F , the
model receives concatenated sentences [s0 . . . sk]
as input, where the first sentence is either the ques-
tion or the claim (s0=q or s0=F ), and the remain-
der are k candidates si=ci , i={1 . . . k}. We pad
(or truncate) each sentence si to the same fixed
length L (total input length L×(k + 1)), and use
the embedding for the [CLS] / [SEP] token in front of
each sentence si as its embedding (denoted by Ei).
Similar to Devlin et al., we create positional embed-
dings of tokens using integers 0 to L(k+1)−1, and
extend the token type ids from {0, 1} to {0 . . . k}
corresponding to (k + 1) input sentences.

3.3 Inference using Joint Transformer Model

We use the output embeddings [E0 . . . Ek] of sen-
tences for performing prediction as following:
Predicting a single label: We use two separate
classification heads to predict a single label for the
input to the joint model [s0 . . . sk]: (i) IE1: a linear
layer on the output embedding E0 of s0 (similar to
BERT) referred to as the Individual Evidence (IE1)
inference head, and (ii) AE1: a linear layer on the
average of the output embeddings [E0, E1, . . . , Ek]
to explicitly factor in information from all candi-
dates, referred to as the Aggregated Evidence (AE1)
inference head. For Fact Verification, we use pre-
diction heads IE1 and AE1.
Predicting Multiple Labels: We use two separate
classification heads to predict k labels, one label
each for every input [s1 . . . sk] specific to s0: (i)
IEk: a shared linear layer applied to the output em-
bedding Ei of each candidate si , i ∈ {1 . . . k} re-
ferred to as k-candidate Individual Evidence (IEk)
inference head, and (ii) AEk: a shared linear layer
applied to the concatenation of output embedding
E0 of input s0 and the output embedding Ei of
each candidate si , i ∈ {1 . . . k} referred to as k-
candidate Aggregated Evidence (AEk) inference
head. For AS2, we use prediction heads IEk and
AEk. Prediction heads are illustrated in Figure 2.

3.4 Pre-training with Paragraph-level Signals

Long documents are typically organized into para-
graphs to address the document’s general topic
from different viewpoints. The majority of trans-

Figure 2: Inference heads for joint transformer model.
Ei refers to embedding for the question/each candidate.

former pre-training strategies have not exploited
this rich source of information, which can possibly
provide some weak supervision to the otherwise
unsupervised pre-training phase. To enable joint
transformer models to effectively capture depen-
dencies across multiple sentences, we design a new
pre-training task where the model is (i) provided
with (k + 1) sentences {s0 . . . sk}, and (ii) tasked
to predict which sentences from {s1 . . . sk} belong
to the same paragraph P as s0 in the document D.
We call this pre-training task Multi-Sentences in
Paragraph Prediction (MSPP). We use the IEk and
AEk prediction heads, defined above, on top of the
joint model to make k predictions pi corresponding
to whether each sentence si, i∈{1 . . . k} lies in the
same paragraph P ∈ D as s0. More formally:

pi =

{
1 if s0, si ∈ P in D
0 otherwise

∀i={1, . . . , k}

We randomly sample a sentence from a paragraph
P in a document D to be used as s0, and then
(i) randomly sample k1 sentences (other than s0)
from P as positives, (ii) randomly sample k2 sen-
tences from paragraphs other than P in the same
document D as hard negatives, and (iii) randomly
sample k3 sentences from documents other than D
as easy negatives (note that k1+k2+k3= k).

4 Experiments

We evaluate our joint transformers on three AS2
and one Fact Verification datasets 1. Common LM
benchmarks, such as GLUE (Wang et al., 2018),
are not suitable for our study as they only involve
sentence pair classification.

4.1 Datasets
Pre-training: To eliminate any improvements
stemming from usage of more data, we perform
pre-training on the same corpora as RoBERTa: En-
glish Wikipedia, the BookCorpus, OpenWebText
and CC-News. For our proposed pre-training, we
randomly sample sentences from paragraphs as s0,

1We will release the code and all pre-trained model
checkpoints at https://github.com/alexa/
wqa-multi-sentence-inference
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Model ASNQ WikiQA TREC-QA

P@1 MAP MRR P@1 MAP MRR P@1 MAP MRR

Pairwise RoBERTa-Base 61.8 (0.2) 66.9 (0.1) 73.1 (0.1) 77.1 (2.1) 85.3 (0.9) 86.5 (1.0) 87.9 (2.2) 89.3 (0.9) 93.1 (1.0)

Joint RoBERTa-Base→ FT IEk 3.4 (2.3) 8.0 (1.9) 10.0 (2.4) 19.7 (1.9) 39.4 (1.6) 40.3 (1.8) 30.9 (5.4) 41.9 (2.4) 50.8 (3.9)

Joint RoBERTa-Base→ FT AEk 3.6 (2.7) 8.0 (2.2) 10.2 (2.8) 18.7 (3.9) 39.0 (2.8) 39.7 (2.9) 29.7 (6.9) 42.3 (3.2) 49.2 (5.0)

(Ours) Joint MSPP IEk → FT IEk 63.0 (0.3) 67.2 (0.2) 73.7 (0.2) 82.7 (2.2) 88.5 (1.5) 89.0 (1.5) 91.7 (2.2) 91.1 (0.5) 95.2 (1.3)

(Ours) Joint MSPP AEk → FT AEk 63.0 (0.3) 67.3 (0.2) 73.7 (0.2) 81.9 (2.6) 87.9 (1.4) 89.0 (1.5) 88.7 (0.8) 90.1 (1.0) 93.6 (0.6)

Table 1: Results (std. dev. in parenthesis) on AS2 datasets. MSPP, FT refer to our pre-training task and fine-tuning
respectively. We indicate the prediction head (IEk/AEk) used for both pre-training and fine-tuning. We underline
statistically significant gains over the baseline (Student t-test with 95% confidence level).

and choose k1=1, k2=2, k3=2 as the specific val-
ues for creating positive and negative candidates
for s0. For complete details refer to Appendix A.
Fine-tuning: For AS2, we compare performance
with MAP, MRR and Precision of top ranked an-
swer (P@1). For fact verification, we measure
Label Accuracy (LA). Brief description of datasets
is presented below (details in Appendix A):

• ASNQ: A large AS2 dataset (Garg et al., 2020)
derived from NQ (Kwiatkowski et al., 2019), where
the candidate answers are from Wikipedia pages
and the questions are from search queries of the
Google search engine. We use the dev. and test
splits released by Soldaini and Moschitti.
• WikiQA: An AS2 dataset (Yang et al., 2015)
where the questions are derived from query logs of
the Bing search engine, and the answer candidate
are extracted from Wikipedia. We use the most
popular clean setting (questions having at least one
positive and one negative answer).
• TREC-QA: A popular AS2 dataset (Wang et al.,
2007) containing factoid questions. We only re-
tain questions with at least one positive and one
negative answer in the development and test sets.
• FEVER: A dataset for fact extraction and veri-
fication (Thorne et al., 2018) to retrieve evidences
given a claim and identify if the evidences sup-
port/refute the claim. As we are interested in
the fact verification sub-task, we use evidences
retrieved by Liu et al. using a BERT-based DocIR.

4.2 Experimental Details and Baselines

We use k=5 for our experiments (following (Zhang
et al., 2021) and (Tymoshenko and Moschitti,
2021)), and perform continued pre-training start-
ing from RoBERTa-Base using a combination of
MLM and our MSPP pre-training for 100k steps
with a batch size of 4,096. We use two different pre-
diction heads, IEk and AEk, for pre-training. For
evaluation, we fine-tune all models on the down-
stream AS2 and FEVER datasets using the corre-

Model ASNQ WikiQA TREC-QA

Pairwise RoBERTa-Base 61.8 (0.2) 77.1 (2.1) 87.9 (2.2)
Joint RoBERTa-Base→ FT IEk 25.2 (3.1) 24.6 (3.1) 57.6 (4.8)
Joint RoBERTa-Base→ FT AEk 25.4 (3.3) 26.4 (2.2) 60.9 (4.9)
(Ours) Joint MSPP IEk → FT IEk 63.9 (0.8) 82.7 (3.0) 92.2 (0.8)
(Ours) Joint MSPP AEk → FT AEk 64.3 (1.1) 82.1 (1.1) 91.2 (2.9)

Table 2: P@1 of joint models for AS2 when re-ranking
answers ranked in top-5 by pairwise RoBERTa-Base.
Statistically significant results (Student t-test 95%) are
underlined. Complete results in Appendix C.

sponding IEk and AEk prediction heads. We con-
sider the pairwise RoBERTa-Base cross-encoder
and RoBERTa-Base LM used as a joint model with
IEk and AEk prediction heads as the baseline for
AS2 tasks. For FEVER, we use several baselines:
GEAR (Zhou et al., 2019), KGAT (Liu et al., 2020),
Transformer-XH (Zhao et al., 2020), and three mod-
els from (Tymoshenko and Moschitti, 2021): (i)
Joint RoBERTa-Base with IE1 prediction head, (ii)
Pairwise RoBERTa-Base with max-pooling, and
(iii) weighted-sum heads. For complete experimen-
tal details, refer to Appendix B.

4.3 Results

Answer Sentence Selection: The results for AS2
tasks are presented in Table 1, averaged across
five independent runs. From the table, we can
see that the RoBERTa-Base when used as a joint
model for multi-candidate inference using either
the IEk or AEk prediction heads performs inferior
to RoBERTa-Base used as a pairwise cross-encoder.
Across five experimental runs, we observe that fine-
tuning RoBERTa-Base as a joint model faces con-
vergence issues (across various hyper-parameters)
indicating that the MLM pre-training task is not
sufficient to learn text semantics which can be ex-
ploited for multi-sentence inference.

Our MSPP pre-trained joint models (with both
IEk, AEk heads) get significant improvements
over the pairwise cross-encoder baseline and very
large improvements over the RoBERTa-Base joint
model. The former highlights modeling improve-
ments stemming from joint inference over multiple-
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Model Dev Test

GEAR 70.69 71.60
KGAT with RoBERTa-Base 78.29 74.07
Transformer-XH 78.05 72.39
Pairwise RoBERTa-Base + MaxPool 79.82 -
Pairwise RoBERTa-Base + WgtSum 80.01 -
Joint RoBERTa-Base + FT IE1 79.25 73.56
(Ours) Joint Pre IEk + FT IE1 81.21 (0.24) 74.39
(Ours) Joint Pre IEk + FT AE1 81.10 (0.15) 74.25
(Ours) Joint Pre AEk + FT IE1 81.18 (0.14) 73.77
(Ours) Joint Pre AEk + FT AE1 81.21 (0.16) 74.13

Table 3: Results on FEVER dev and test sets. For our
method, prediction heads (IE1/AE1) are only used for
fine-tuning (FT), while for pre-training (Pre) we use
(IEk/AEk) heads. ‘-’ denotes models not released pub-
licly, and results not reported in the paper. Statistically
significant results (Student t-test 95%) are underlined.

candidates, while the latter highlights improve-
ments stemming from our MSPP pre-training strat-
egy. Across all three AS2 datasets, our joint models
are able to get the highest P@1 scores while also
improving the MAP and MRR metrics.

To demonstrate that our joint models can effec-
tively use information from multiple candidates
towards prediction, we perform a study in Table 2
where the joint models are used to re-rank the top-k
candidates ranked by the pairwise RoBERTa-Base
cross-encoder. Our joint models can significantly
improve the P@1 over the baseline for all datasets.
The performance gap stems from questions for
which the pairwise RoBERTa model was unable
to rank the correct answer at the top position, but
support from other candidates in the top-k helped
the joint model rank it in the top position.
Fact Verification: The results for the FEVER task
are presented in Table 3 and show that our joint
models (pre-trained with both the IEk and AEk
heads and fine-tuned with the IE1 and AE1 heads)
outperform all previous baselines considered, in-
cluding the RoBERTa-Base joint model directly
applied for multi-sentence inference.
Compute Overhead: We present a simplified la-
tency analysis for AS2 (assuming sentence length
L) as follows: a pairwise cross-encoder uses k
transformer steps with input length 2L, while our
model uses 1 step with input length (k+1)×L.
Since transformer attention scales quadratic on in-
put length, our model should take (k+1)2

4k times the
inference time of the cross-encoder, which is 1.8
when k=5. However, when we fine-tune for Wik-
iQA on one A100-GPU, we only observe latency
increasing from 71s→81s (only 14.1% increase).
The input embeddings and feedforward layers vary

ASNQ

Q: Who invented the submarine during the civil war?
A1: H.L. Hunley , often referred to as Hunley , was a submarine of the Confedera
A2: Hunley , McClintock , and Baxter Watson first built Pioneer , which was tested
in February 1862 in the Mississippi River and was later towed to Lake Pontchartrain
for additional trials .
A3: She was named for her inventor, Horace Lawson Hunley , shortly after she was
taken into government service under the control of the Confederate States Army
at Charleston , South Carolina.
A4: 1864 painting of H.L. Hunley by Conrad Wise Chapman History Confederate States
Name : H.L. Hunley Namesake : Horace Lawson Hunley Builder : James McClintock
Laid down : Early 1863 Launched : July 1863 Acquired : August 1863 In service: Feb-
ruary 17 , 1864 Out of service : February 17, 1864 Status : Awaiting conservation General
characteristics Displacement : 7.5 short tons ( 6.8 metric tons ) Length : 39.5 ft
A5: Johan F. Carlsen was born in Ærøskøbing April 9, 1841.

WikiQA

Q: What is the erb/heart?
A1: Heart valves are labeled with "B", "T", "A", and "P".First heart sound: caused by
atrioventricular valves - Bicuspid/Mitral (B) and Tricuspid (T).

A2: Second heart sound caused by semilunar valves – Aortic (A) and Pulmonary/
Pulmonic (P).
A3: Front of thorax , showing surface relations of bones , lungs (purple), pleura (blue),
and heart (red outline).
A4: In cardiology, Erb’s point refers to the third intercostal space on the left sternal
border where sS2 is best auscultated .
A5: It is essentially the same location as what is referred to with left lower sternal
border (LLSB).

TREC-QA

Q: When was the Khmer Rouge removed from power ?
A1: Sihanouk was named head of state after the Khmer Rouge seized power in 1975,
but was locked in his palace by the communists as they embarked on their brutal
attempt to create an agrarian utopia .
A2: When a Vietnamese invasion drove the Khmer Rouge from power in 1979,
Duch fled with other Khmer Rouge leaders into the jungles.
A3: Religious practices were revived after the Khmer Rouge were driven from power
by a Vietnamese invasion in 1979
A4: Moreover, 20 years after the Khmers Rouges were ousted from power, Cambodia
still struggles on the brink of chaos , ruled by the gun , not by law .
A5: Sihanouk resigned in 1976 , but the Khmer Rouge kept him under house arrest
until they were driven from power by an invading Vietnamese army in 1979 .

Table 4: Examples from AS2 datasets where the pair-
wise RoBERTa-Base model is unable to rank a correct
answer for the question at the top position, but our joint
model (Joint MSPP IEk→ FT IEk) can. We present an-
swers {A1, . . . , A5} in their ranked order by the pair-
wise RoBERTa-Base model. For all these examples
we highlight the top ranked answer by the pairwise
RoBERTa-Base model in red since it is incorrect.

linearly with input length, reducing overheads of
self-attention. Refer to Appendix C.3 for details.
Qualitative Examples: We present some qualita-
tive examples from the three AS2 datasets high-
lighting cases where the pairwise RoBERTa-Base
model is unable to rank the correct answer on the
top position, but our pre-trained joint model (Joint
MSPP IEk → FT IEk) can do this using supporting
information from other candidates in Table 4.

5 Conclusions
In this paper we have presented a multi-sentence
cross-encoder for performing inference jointly on
multiple sentences for tasks like answer sentence
selection and fact verification. We have proposed a
novel pre-training task to capture paragraph-level
semantics. Our experiments on three answer selec-
tion and one fact verification datasets show that our
pre-trained joint models can outperform pairwise
cross-encoders and pre-trained LMs when directly
used as joint models.
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Appendix

A Datasets

We present the complete details for all the datasets
used in this paper along with links to download
them for reproducibility of results.

A.1 Pre-training Datasets

We use the Wikipedia2, BookCorpus3, OpenWeb-
Text (Gokaslan and Cohen, 2019) and CC-News4

datasets for performing pre-training of our joint
transformer models. We do not use the STORIES
dataset as it is no longer available for research use
5. After decompression and cleaning we obtained
6GB, 11GB, 38GB and 394GB of raw text respec-
tively from the BookCorpus, Wikipedia, OpenWeb-
Text and CC-News.

A.2 Finetuning Datasets

We evaluate our joint transformers on three AS2
and one Fact Verification datasets. The latter differs
from the former in not selecting the best candidate,
but rather explicitly using all candidates to predict
the target label. Here are the details of the finetun-
ing datasets that we use for our experiments along
with data statistics for each dataset:

Dataset Split # Questions # Candidates Avg. # C/Q

A
SN

Q Train 57,242 20,377,568 356.0
Dev 1,336 463,914 347.2
Test 1,336 466,148 348.9

W
ik

iQ
A Train 2,118 20,360 9.6

Dev 122 1,126 9.2
Test 237 2,341 9.9

T
R

E
C

-Q
A Train 1,226 53,417 43.6

Dev 69 1,343 19.5
Test 68 1,442 21.2

Table 5: Statistics for ASNQ, WikiQA and TREC-QA
datasets.

• ASNQ: A large-scale AS2 dataset (Garg et al.,
2020)6 where the candidate answers are from
Wikipedia pages and the questions are from search
queries of the Google search engine. ASNQ
is a modified version of the Natural Questions

2https://dumps.wikimedia.org/enwiki/
20211101/

3https://huggingface.co/datasets/
bookcorpusopen

4https://commoncrawl.org/2016/10/
news-dataset-available/

5https://github.com/tensorflow/models/
tree/archive/research/lm_commonsense#
1-download-data-files

6https://github.com/alexa/wqa_tanda

(NQ) (Kwiatkowski et al., 2019) dataset by convert-
ing it from a machine reading to an AS2 dataset.
This is done by labelling sentences from the long
answers which contain the short answer string as
positive correct answer candidates and all other an-
swer candidates as negatives. We use the dev. and
test splits released by Soldaini and Moschitti7.

• WikiQA: An AS2 dataset released by Yang
et al.8 where the questions are derived from query
logs of the Bing search engine, and the answer can-
didate are extracted from Wikipedia. This dataset
has a subset of questions having no correct answers
(all-) or having only correct answers (all+). We
remove both the all- and all+ questions for our ex-
periments (“clean" setting).

• TREC-QA: A popular AS2 dataset released by
Wang et al.. For our experiments, we trained on
the train-all split, which contains more noise but
also more question-answer pairs. Regarding the
dev. and test sets we removed the questions with-
out answers, or those having only correct or only
incorrect answer sentence candidates. This setting
refers to the “clean" setting (Shen et al., 2017),
which is a TREC-QA standard.

• FEVER: A popular benchmark for fact extrac-
tion and verification released by Thorne et al. The
aim is to retrieve evidences given a claim, and then
identify whether the retrieved evidences support or
refute the claim or if there is not enough informa-
tion to make a choice. For supporting/refuting a
claim, at least one of the retrieved evidences must
support/retrieve the claim. Note that the perfor-
mance on FEVER depends crucially on the retrieval
system and the candidates retrieved. For our experi-
ments, we are interested only in the fact verification
sub-task and thus we exploit the evidences retrieved
by Liu et al. using a BERT-based DocIR9.

Split # Claims # Evidences Avg. # E/C

Train 145,406 722,473 4.97
Dev 19,998 98,915 4.95
Test 19,998 98,839 4.94

Table 6: Statistics for the FEVER dataset where evi-
dences has been retrieved using (Liu et al., 2020).

7https://github.com/alexa/
wqa-cascade-transformers

8http://aka.ms/WikiQA
9https://github.com/thunlp/KernelGAT/

tree/master/data
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B Experimental Setup

B.1 Complete Experimental Details
Following standard practice, the token ids, posi-
tional ids and token type ids are embedded using
separate embedding layers, and their sum is fed as
the input to the transformer layers. We use k=5
for our experiments (following Zhang et al.; Ty-
moshenko and Moschitti), and perform continu-
ous pre-training starting from the RoBERTa-Base
checkpoint using a combination of MLM and our
MSPP pre-training objective for 100,000 steps with
a batch size of 4096. We use a triangular learning
rate with 10,000 warmup steps and a peak value of
5 ∗ 10−5. We use Adam optimizer with β1 = 0.9,
β2 = 0.999 and ε = 10−8. We apply a weight
decay of 0.01 and gradient clipping when values
are higher than 1.0. We set the dropout ratio to
0.1 and we use two different prediction heads for
pre-training: IEk and AEk. We follow the strat-
egy of (Devlin et al., 2019; Lan et al., 2020), and
equally weight the the two pre-training loss objec-
tives: MLM and MSPP.

For evaluation, we fine-tune all models on the
downstream AS2 and FEVER datasets: using the
same IEk and AEk prediction heads exploited in
pre-training for AS2 and using either IE1 or AE1

prediction heads for FEVER. We finetune every
model with the same maximum sequence length
equal to 64 ∗ (k + 1) = 384 tokens. For ASNQ
we train for up to 6 epochs with a batch size of 512
and a learning rate of 10−5 with the same Adam
optimizer described above but warming up for only
5000 steps. We do early stopping on the MAP of
the development set. For WikiQA and TREC-QA,
we created batches of 32 examples and we used
a learning equal to 2 ∗ 10−6 and 1000 warm up
steps. We train for up to 40 epochs again with early
stopping on the MAP of the development set. On
FEVER, we use a batch size of 64, a learning rate of
10−5, 1000 warm up steps and we do early stopping
checking the Accuracy over the development set.
We implemented our code based on HuggingFace’s
Transformers library (Wolf et al., 2020).

B.2 Baselines
For AS2, we consider two baselines: (i) pair-
wise RoBERTa-Base model when used as a cross-
encoder for AS2, and (ii) RoBERTa-Base LM when
used as a joint model with IEk and AEk prediction
heads independently for AS2 tasks.

For FEVER, we use several recent baselines

from Tymoshenko and Moschitti: (i) GEAR (Zhou
et al., 2019), (ii) KGAT (Liu et al., 2020), (iii)
Transformer-XH (Zhao et al., 2020), (iv) joint
RoBERTa-Base with IE1 prediction head (Ty-
moshenko and Moschitti, 2021), (v) pairwise
RoBERTa-Base when used as a cross-encoder with
max-pooling head (Tymoshenko and Moschitti,
2021), (vi) pairwise RoBERTa-Base when used
as a cross-encoder with weighted-sum head (Ty-
moshenko and Moschitti, 2021).

We used metrics from Torchmetrics (Detlefsen
et al., 2022) to compute MAP, MRR, Precision@1
and Accuracy.

B.3 Metrics

The performance of AS2 systems in practical ap-
plications is typically (Garg and Moschitti, 2021)
measured using the Accuracy in providing correct
answers for the questions (the percentage of correct
responses provided by the system), also called the
Precision-at-1 (P@1). In addition to P@1, we use
Mean Average Precision (MAP) and Mean Recipro-
cal Recall (MRR) to evaluate the ranking produced
of the set of candidates by the model.

For FEVER, we measure the performance using
Label Accuracy (LA), a standard metric for this
dataset, that measures the accuracy of predicting
support/refute/neither for a claim using a set of
evidences.

C Complete Results and Discussion

C.1 Results on AS2 with cascaded pairwise
and Joint re-ranker

Below we present results of evaluating our joint
models to re-rank the top-k candidates ranked by
the pairwise RoBERTa-Base cross-encoder. Our
joint models can significantly improve the P@1,
MAP and MRR over the baseline for all datasets.
The performance gap stems from questions for
which the pairwise RoBERTa model was unable
to rank the correct answer at the top position, but
support from other candidates in the top-k helped
the joint model rank it in the top position.

C.2 Results on FEVER

Here we present complete results on the FEVER
dataset in Table 8, by also presenting some addi-
tional baselines such as: (i) pairwise BERT-Base
cross-encoder (Tymoshenko and Moschitti, 2021),
(ii) joint BERT-Base cross-encoder with IE1 pre-
diction head, (iii) DOMLIN++ (Stammbach and
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Model ASNQ WikiQA TREC-QA

P@1 MAP MRR P@1 MAP MRR P@1 MAP MRR

Pairwise RoBERTa-Base 61.8 66.9 73.1 77.1 85.3 86.5 87.9 89.3 93.1
Joint RoBERTa-Base→ FT IEk 25.2 44.0 45.6 24.6 49.3 49.7 57.6 73.7 74.6
Joint RoBERTa-Base→ FT AEk 25.4 44.8 46.2 26.4 50.6 51.1 60.9 74.6 76.7
(Ours) Joint MSPP IEk → FT IEk 63.9 71.3 73.1 82.7 88.5 89.0 92.2 93.5 95.4
(Ours) Joint MSPP AEk → FT AEk 64.3 71.5 73.4 82.1 87.9 88.7 91.2 93.5 94.9

Table 7: Complete results of our joint models for AS2 datasets when re-ranking the answer candidates ranked
in top-k by Pairwise RoBERTa-Base. MSPP, FT refer to our pre-training task and finetuning respectively. We
indicate the prediction head (IEk/AEk) used for both pre-training and finetuning.

Model Dev Test

GEAR 70.69 71.60
KGAT with RoBERTa-Base 78.29 74.07
Transformer-XH 78.05 72.39
Pairwise BERT-Base 73.30 69.75
Pairwise RoBERTa-Base + MaxPool 79.82 -
Pairwise RoBERTa-Base + WgtSum 80.01 -
Joint BERT-Base 73.67 71.01
Joint RoBERTa-Base + FT IE1 79.25 73.56
(Ours) Joint Pre IEk + FT IE1 81.21 (0.24) 74.39
(Ours) Joint Pre IEk + FT AE1 81.10 (0.15) 74.25
(Ours) Joint Pre AEk + FT IE1 81.18 (0.14) 73.77
(Ours) Joint Pre AEk + FT AE1 81.21 (0.16) 74.13

Methods with larger models and/or sophisticated retrieval
DOMLIN++ 77.48 76.60
DREAM 79.16 76.85

Table 8: Complete Results on FEVER dev and test sets.
For our method, prediction heads (IE1/AE1) are only
used for finetuning (FT), while for pre-training (Pre)
we use the (IEk/AEk) heads. ’-’ denotes models that
are not publicly released and have no reported results
on the test split in their published paper. Statistically
significant results (T-Test 95%) are underlined.

Ash, 2020) which uses additional DocIR compo-
nents and data (MNLI (Williams et al., 2018)) for
fine-tuning, (iv) DREAM (Zhong et al., 2020) that
uses the XL-Net model. Note that comparing our
joint models with (iii) and (iv) is unfair since they
use additional retrieval components, datasets and
larger models. We just include these results here
for the sake for completeness. Interestingly, our
joint models outperform DREAM and DOMLIN++
on the dev set without using additional retrieval
and larger models.

C.3 Compute Overhead of Joint Models

Change in Number of Model Parameters: The
transformer block of our joint inference model is
identical to pre-trained models such as RoBERTa,
and contains the exact same number of parame-
ters. Classification heads IE1, IEk and AE1 all
operate on the embedding of a single token, and
are identical to the classification head of RoBERTa
(AEk operates on the concatenation of two token
embeddings, and contains double the number of

parameters as the RoBERTa). The maximum se-
quence length allowed for both the models is the
same (512). The exact number of parameters of our
joint model with AEk and the RoBERTa model are
124, 062, 720 and 124, 055, 040 respectively.
Change in Inference Latency: While our joint
model provides a longer input sequence to the
transformer, it also reduces the number of forward
passes that need to be done by a pairwise cross-
encoder. A simplified latency analysis for AS2
(assuming each sentence has a length L): pairwise
cross-encoder will need to make k forward passes
of the transformer with a sequence of length 2L
(q with each candidate ci), while our joint model
will only need to make 1 forward pass of the trans-
former with input length (k+1)×L (q with k can-
didates). Transformer self-attention is quadratic in
input sequence length, so this should lead to the in-
ference time of out joint model being (k+1)2

4k times
the inference time of the cross-encoder. However,
the input embedding layer and the feedforward
layers are linear in input sequence length, so this
should lead to a reduction in the inference time of
our joint model by (k+1)

2k times the inference time of
the cross-encoder. Empirically, when we fine-tune
for WikiQA on one A100-GPU, we only observe
latency increasing from 71s→81s (increase of only
14.1%).
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Abstract

Text style transfer (TST) is a well-known task
whose goal is to convert the style of the text
(e.g., from formal to informal) while preserv-
ing its content. Recently, it has been shown
that both syntactic and semantic similarities
between the source and the converted text are
important for TST. However, the interaction
between these two concepts has not been mod-
eled. In this work, we propose a novel method
based on Optimal Transport for TST to simulta-
neously incorporate syntactic and semantic in-
formation into similarity computation between
the source and the converted text. We eval-
uate the proposed method in both supervised
and unsupervised settings. Our analysis reveal
the superiority of the proposed model in both
settings.

1 Introduction

Text style transfer (TST) is an important task in
NLP that aims to change the style of a given text
from source style to target style (e.g., formal to
informal) while preserving its content. For instance,
the formal sentence “However, I do believe it to
be punk" is converted to the informal equivalent
sentence “I’d say it is punk though". This task
could be helpful for downstream applications such
as text simplification, information extraction, and
question answering.

Due to the importance of TST, this task has been
approached with different techniques ranging from
feature-based models (Xu et al., 2012) to recent ad-
vanced deep learning solutions (Chen et al., 2018;
Lee et al., 2021a; Huang et al., 2021). The recent
work can be categorized as supervised (i.e., parallel
corpus with sentences in source and target style)
(Lai et al., 2021), unsupervised (i.e., sentences in
source and target style are available but they are not
aligned) (Krishna et al., 2020), or semi-supervised
(combination of parallel and non-aligned corpora)
(Chawla and Yang, 2020) methods. The three crit-

ical objectives of any TST system are to (1) gen-
erate a text in the target style, (2) keep the con-
tent of the source text, and (3) generate fluent sen-
tences (Krishna et al., 2020). It has been shown that
fine-tuning transformer-based language models on
each of these objectives (i.e., using Reinforcement
Learning) can achieve promising results (Lai et al.,
2021; Liu et al., 2021). However, one of the lim-
itations of the existing works is that the content
preservation (i.e., the second objective) is fulfilled
at either the surface-form level (i.e., by encouraging
the same words to appear in both texts) (Lai et al.,
2021) or at the semantics level (i.e., by encourag-
ing high mutual information between the two texts)
(Chawla and Yang, 2020); ignoring the role of syn-
tactic information. Syntactic information (e.g., de-
pendency tree) can be used to explicitly encode
the connections between the words of the sentence,
thereby playing an important role in the equiva-
lency of two sentences. For instance, consider
the source sentence “a crap touch bar with a nice
screen!!!" and the converted sentence “The screen
is great but the touch bar is terrible". The corre-
sponding dependency between “touch bar→ crap"
in the source sentence and “terrible→ touch bar"
in the target sentence and also “screen→ nice" in
the source sentence and “great → screen" in the
target sentence are helpful to assess the equivalency
of the two sentences. Although the pre-trained lan-
guage models such as BERT have been shown to
be able to encode the syntactic information, it is
not yet verified that these models can take into ac-
count the syntactic dependencies when computing
the similarity between two sentences, especially for
the TST task. To the best of our knowledge, there
is one prior work that shows the importance of the
syntactic information for transformer-based TST
models (Ma et al., 2019). Specifically, Ma et al.
(2019) shows that reconstructing both the words of
the source text and their POS tags could boost the
performance of TST. However, there are two limi-
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tations in this work: (1) the syntactic structure (i.e.,
dependencies between words) is ignored; (2) the
interaction between semantics and the syntax of the
sentences is neglected. More specifically, to obtain
the most value of the syntactic information, it is
crucial to consider the relations between the words
and also their semantics as shown in the example
above. As such, in this work, we propose a novel
method to simultaneously incorporate the interac-
tion between syntax and semantics of the sentences
into the content preservation objective of TST train-
ing. More specifically, for the first time in text style
transfer, we propose to use Optimal Transport (OT)
as an efficient method to consider both the syn-
tax and the semantics of the two sentences when
computing their content similarity. OT has been
shown to be an effective method for image style
transferring (Kolkin et al., 2019; Risser, 2020) and
our work exhibits its application for the domain
of the text. We evaluate the proposed model on
three benchmark datasets and two settings, i.e., su-
pervised and unsupervised. Our extensive analysis
reveals the effectiveness of the proposed model by
establishing new state-of-the-art results.

2 Model

Problem Definition: The task of text style trans-
fer is formally defined as follows: Given the in-
put sentence D = [w1, w2, . . . , wn] with style
s, the goal is to generate a new sentence D′ =
[w′1, w

′
2, . . . , w

′
m] in the target style t while pre-

serving the content of D in D′. We study both
supervised and unsupervised settings. Specifically,
in the supervised setting, for every training sam-
ple (D, s) there is an aligned sentence D̄ in target
style t, i.e., (D̄, t), whose content is the same as
D. Whereas for the unsupervised setting, there
is no equivalent pair for (D, s). Note that in the
unsupervised setting, there are sentences for both
styles.

In this work, we employ a transformer-based
generative language model, i.e., GPT-2 (Radford
et al., 2019), for TST and we train the model using
REINFORCE algorithm. Specifically, the source
sentence D is prompted to the GPT-2 model to
generate the target sentence D′. Following the
prior work, (Lai et al., 2021), the GPT-2 model is
encouraged to generate the sentenceD′ in the target
style t and with the same content as D. Also, in the
supervised setting, we use the gold target sentence
D̄ as an additional supervision signal to train the

model. Since D̄ is not available in the unsupervised
setting, we follow the prior work (Lee et al., 2021a)
to use reconstruction loss as an additional training
signal. The rest of this section provides details for
generating sentences, rewards for generation, and
training procedures.

2.1 Generating Target Sentence

Following the prior work (Lai et al., 2021), we
employ the input sentence D as a prompt to GPT-2
model to generate the target sentence D′. More
specifically, the prompt to GPT-2 consists of the
sequence P = [BOS,w1, w2, . . . , wn, SEP ],
where BOS and SEP are special token indicating
the beginning and the end of the input sentence
D. In addition to the input document D, during
training of the supervised model, the gold target
sentence D̄ = [w̄1, w̄2, . . . , w̄n′ ] is concatenated
to the prompt to create the training sequence S =
[BOS,w1, w2, . . . , wn, SEP, w̄1, w̄2, . . . , w̄n′ ]
and the model is trained in an auto-regressive
manner:

LLM =

n+n′+2∑

i

− log(Q(Si|S<i, θ)) (1)

where θ is GPT-2 parameters and Q(·|S<i, θ) is
the distribution over vocabulary obtained from the
last hidden states of GPT-2 model. During infer-
ence, only the prompt P is provided to the GPT-2
model and the words of D′ are sampled from the
distribution predicted by GPT-2 model until EOS
is sampled.

Unlike the supervised setting in which the GPT-2
model is trained for uni-directional style conver-
sion, i.e., from the source style to the target style,
in the unsupervised setting, the model is trained
for both directions, i.e., from the source to the tar-
get and vice versa. Specifically, given a sentence
and a style, the GPT-2 model is trained to gen-
erate another sentence with the same content in
the given style. Formally, the prompt P is con-
catenated with the style st where st ∈ {s, t}, i.e.,
S = [BOS,w1, w2, . . . , wn, SEP, st]. To train
the model, following the prior work (Lee et al.,
2021a), two types of reconstruction loss are em-
ployed:
Self-Reconstruction: The GPT-2 model is encour-
aged to reconstruct the original input sentence D
when st is s, i.e., the given style to the model is the
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same as the input sentence style. Concretely, the
loss function LLM is defined as follows:

LLM =
n∑

i

− log(Q(Di|D, s, θ)) (2)

Cycle Reconstruction: If st is t, i.e., the given
style to the model is different from the style of
the input sentence, then the GPT-2 model is first
employed to generate the sentence D̄′ in the style
t. Next, the model is encouraged to reconstruct
the original input sentence D using the input S =
[BOS, w̄1, w̄2, . . . , w̄n′ , SEP, s], where w̄i is the
i-th word in the generated sentence D̄′. Concretely,
the loss function LLM is defined as follows:

LLM =

n∑

i

− log(Q(Di|D̄′, s, θ)) (3)

2.2 Rewarding GPT-2 Model

Prior work shows that rewarding generative models
to observe the requirements for TST could improve
the performance (Lai et al., 2021; Liu et al., 2021).
Hence, we follow this optimization step to update
the GPT-2 model based on two different rewards,
i.e., Style Conversion and Content Preservation.
Style Conversion: One of the critical objectives
of TST is to change the style of the given text. To
encourage the model for this objective, prior works
commonly use a pre-trained discriminator to pre-
dict the style of the generated text. Here, we follow
the same approach by pre-training a BERT model
(Devlin et al., 2019) on the combination of the train-
ing sentences D in both styles to identify the style
of the given text (i.e., a binary text classification
task). Next, during the training stage of the GPT-2
model, we send the generated sentence D′ to the
pre-trained BERT model. The probability of the
target style is employed as the style conversion re-
ward: RSC(D′) = QBERT (t|D′, ϕ), where ϕ is
the BERT parameters.
Content Preservation Content preservation is an
important requirement of TST and prior works use
either surface form of D and D′ (Lai et al., 2021;
Huang et al., 2021), their semantics (Chawla and
Yang, 2020), or only shallow syntax (Ma et al.,
2019) to compute the content overlap between the
source and the generated sentence. None of these
works consider the syntactic structure of two sen-
tences and more importantly its interaction with
the semantics of the sentence. As the main novelty
of the proposed work, inspired by the success of

Optimal Transport in image style transfer (Kolkin
et al., 2019; Risser, 2020) and other related NLP
tasks (Xu et al., 2021), we show that OT is an effec-
tive tool for addressing the shortcoming of syntax-
semantics interaction for content preservation in
prior TST literature.

To represent the semantics of the source and
target sentence D and D′, we employ the hid-
den states of the final GPT-2 layer for each word
wi and w′j , i.e., H = [h1, h2, . . . , hn] and H ′ =
[h′1, h

′
2, . . . , h

′
n]. Moreover, the syntactic structures

of the two sentences are obtained from an off-the-
shelf dependency tree parser1, represented by T
and T ′. The criterion we use to compute the con-
tent preservation between two sentences D and D′

is that the semantically related words in both sen-
tences should have the same syntactic importance
too. In particular, we expect that similar words
appear at the same level in the dependency tree
of T and T ′. However, since the structure of the
sentence might change during style conversion and
also the number of words might alter, similar words
might appear in other levels too. As such, the op-
timal mapping between similar words in the de-
pendency trees T and T ′ is not trivial. Fortunately,
optimal transport (OT) can be helpful to solve this
issue. OT is a mathematical method to compute the
cheapest plan for converting one data distribution
to another one. We first formally describe OT and
then we elaborate on how it is employed for our
purpose.

OT is an established method to find the opti-
mal plan to convert (i.e., transport) one distribu-
tion to another one. Formally, given the prob-
ability distributions p(x) and q(y) over the do-
mains X and Y , and the cost/distance function
C(x, y) : X × Y → R+ for mapping X to Y ,
OT finds the optimal joint alignment/distribution
π∗(x, y) (over X × Y) with marginals p(x) and
q(y), i.e., the cheapest transportation from p(x) to
q(y), by solving the following problem:

π∗(x, y) = min
π∈Π(x,y)

∫

Y

∫

X
π(x, y)C(x, y)dxdy

s.t. x ∼ p(x) and y ∼ q(y),
(4)

where Π(x, y) is the set of all joint distributions
with marginals p(x) and q(y). Note that if the
distributions p(x) and q(y) are discrete, the inte-
grals in Equation 4 are replaced with a sum and
the joint distribution π∗(x, y) is represented by a

1We employ Stanford dependency parser
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0→ 1 1→ 0
Domain Train Valid Test Valid Test
F&R 51,967 2,788 1,332 2,247 1,019
E&M 52,595 2,877 1,416 2,356 1,082

Table 1: Statistics of GYAFC dataset employed for
supervised setting (number of samples). 0=informal,
1=formal

Dataset Style Train Dev Test

Yelp
Positive 266,041 2,000 500
Negative 177,218 2,000 500

IMDB
Positive 178,869 2,000 1,000
Negative 187,597 2,000 1,000

Table 2: Statistics of the IMDB and Yelp datasets em-
ployed for unsupervised setting (number of samples).

matrix whose entry (x, y) (x ∈ X , y ∈ Y) rep-
resents the probability of transforming the data
point x to y to convert the distribution p(x) to
q(y). Finally, the cost of optimal conversion
(i.e., Wasserstein distance DistW ) is computed by:
DistW = Σx∈XΣy∈Yπ∗(x, y)C(x, y).

In our method, we use the words wi ∈ D as the
domain X and the words w′j ∈ D′ as the domain
Y . In order to define their distance, we use the
Euclidean distance between their semantic vector
representation C(wi, w′j) =

∥∥∥hi − h′j
∥∥∥. Finally,

to define the distributions p(x) and q(y), we use
the level of words wi and w′j in the dependency
tree T and T ′, respectively. Concretely, p(wi) =
softmax(M − Li), where M is the maximum
depth of T , Li is the depth ofwi in T and softmax
is computed over all words wi ∈ D. Similarly,
q(w′j) is defined by q(w′j) = softmax(M ′ − L′j).
By solving the equation 42, the cheapest conversion
of the two sentence D and D′ is obtained and its
cost is equal to Wasserstein distance DistW . We
use this distance as the content preservation penalty,
i.e., RCP (D′) = −Distw.

3 Training

To train the model, we combine the content preser-
vation reward RCP (D

′), with style conversion
and the language model loss. We use REIN-
FORCE algorithm (Williams, 1992) to train the
model. In particular, the GPT-2 model is trained
on the combination of the language model loss,

2Note that as solving the OT problem in Equation 4 is
intractable, we employ the entropy-based approximation of
OT and solve it with the Sinkhorn algorithm (Peyre and Cuturi,
2019).

i.e., LLM and the rewards of style conversion
and content preservation. The REINFORCE al-
gorithm is employed to incorporate rewards into
fine-tuning of GPT-2. First, the overall reward is
computed by R(D′) = RSC(D

′) + αRCP (D
′),

where α is a trade-off hyper-parameter. Next, we
seek to minimize the negative expected reward
R(D′) over the possible choices of D′: LR =
−ED̂′∼P (D̂′|D)[R(D̂

′)]. The policy gradient is then

estimated by: ∇LR = −ED̂′∼P (D̂′|D)[(R(D̂
′) −

b)∇ logP (D̂′|D)]. Using one roll-out sample, we
further estimate ∇LR via the generated sentence
D′: ∇LR = −(R(D′)− b)∇ logP (D′|D) where
b is the baseline to reduce variance. In this work,
we obtain the baseline b via: b = 1

|B|
∑|B|

i=1R(D
′
i),

where |B| is the mini-batch size andD′i is the gener-
ated sentence for the i-th sample in the mini-batch.

4 Experiments

Datasets: We evaluate the proposed model,
i.e., Optimal Transport-based Text sTyle Transfer
(OT4), in two different settings, i.e., supervised
and unsupervised. In the supervised setting we
employ the Grammarly’s Yahoo Answers Formal-
ity Corpus (GYAFC) dataset (Rao and Tetreault,
2018). GYAFC is a parallel dataset in two domains
Entertainment & Music (E&M) and Family & Re-
lationships (F&R). Table 1 shows the statistics of
this dataset.

For the unsupervised setting, we employ two
commonly used datasets: Yelp (Li et al., 2018)
and IMDB (Dai et al., 2019) review. Both datasets
contain sentiment-annotated reviews. The text style
transfer on these datasets is defined as sentiment
polarity conversion. In particular, given a sentence
with a specific sentiment polarity (e.g., positive),
the goal is to generate a new sentence with the
opposite sentiment polarity (e.g., negative). Note
that no parallel data is available for the sentences
in these datasets. The statistics of both datasets are
provided in Table 2
Evaluations: We validate the model performance
using both automatic and human evaluation. For
the automatic evaluation in the supervised setting,
following the prior work (Lai et al., 2021), we as-
sess the performance of the models based on: (1)
Style Strength (ACC): The binary style classifier
TexCNN (Kim, 2014) (with 87.0% and 89.3% ac-
curacy on E&M and F&R domains, respectively) is
employed to predict the strength of the style conver-
sion; (2) Content Preservation (BLEU): The BLEU
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score computed using four reference sentences; (3)
HM: The harmonic mean of ACC and BLEU; and
(4) BLEURT: A new metric for content preserva-
tion proposed by Sellam et al. (2020). For the
automatic evaluation in the unsupervised setting,
following prior work (Lee et al., 2021b), we use:
(1) Style Transfer Accuracy (S-ACC): Following
(Lee et al., 2021b), a Bi-GRU layer with atten-
tion mechanism, trained for style classification on
IMDB and Yelp dataset, is employed to assess the
style transfer; (2) Content Preservation (self-BLEU,
ref-BLEU, BERT-P, BERT-R, and BERT-F1): To
validate the content preservation in the generated
sentence, its BLEU score with input sentence, i.e.,
self-BLEU, and with the human-generated sen-
tence, i.e., ref-BLEU, are used. Moreover, to in-
corporate contextual semantics, the BERT score
proposed by (Zhang et al., 2020) is employed to as-
sess the similarity between the generated sentence
and the human reference. Following prior work
(Lee et al., 2021b), we report precision, recall, and
F1 score for this metric; (3) Fluency (PPL): The flu-
ency of the generated sentences is evaluated based
on the perplexity of the sentences using the 5-gram
KenLM (Heafield, 2011) model trained on both
datasets;

For human evaluation, following prior work (Lee
et al., 2021b), we randomly select 150 documents
for each test set and we hire 4 annotators to rate
model predictions from 1 (Very Bad) to 5 (Very
Good) on content preservation, style conversion,
and fluency. For each annotator, we provide them
with the source text, source style, target style, and
model-generated text.

Baselines: We compare our model with the prior
state-of-the-art models in each setting. Specifically,
for the supervised setting on GYAFC, we compare
our model with GPT-2 + SC & BLEU (Lai et al.,
2021): Similar to our model, this baseline employs
GPT-2 to generate the target sentence. The gen-
erative model is trained using rewards for style
conversion (SC) and content preservation (BLEU);
BART + SC & BLEU (Lai et al., 2021): The same
as the previous baseline with the difference of using
BART instead of GPT-2; NMT-Combined (Rao
and Tetreault, 2018): This baseline casts TST as
a machine translation problem and employs atten-
tion based BiLSTM encoder-decoder architecture;
Bi-directional FT (Niu et al., 2018): This model
employs BiLSTM encoder to jointly learn text for-
mality style transfer in both direction (from formal

to informal and vice versa); CPLS (Shang et al.,
2019): This baselines employs an encoder-decoder
architecture to obtain latent space representation
of the styles, then a projection model converts
the styles in the latent space; GPT-CAT (Wang
et al., 2019): This baseline combines rule-based
methods with neural-based TST systems. GPT-2
is employed as the neural component; TS→CP
(Sancheti et al., 2020): This model exploits re-
inforcement learning to explicitly encourage con-
tent preservation and transfer strength. It exerts
BLEU score between generated and ground-truth
sentence to compute content preservation reward;
and Chawla’s (Chawla and Yang, 2020): This
baseline uses a language model discriminator to
guide the text formality style transfer. For con-
tent preservation, it employs mutual information
between source and target sentence.

For the unsupervised setting on IMDB and Yelp,
we compare with Cross-Alignment (Shen et al.,
2017): This baseline is trained to generate a sen-
tence in the target style that could match the ex-
ample sentences in the source style. To this end, a
cross-aligned auto-encoder is utilized; Controlled-
Gen (Hu et al., 2017): This model employs varia-
tional author encoder (VAE) with attribute discrim-
inators to impost semantic structure, including text
style; Style Transformer (Dai et al., 2019): In
this baseline, a transformer model is employed to
directly takes the input sentence and target style
to generate the target sentence; Deep Latent (He
et al., 2020): This baseline models the unsuper-
vised text style transfer as the task of inferring
latent variables, i.e., target sentences, on the par-
tially observed data of each style. A recurrent lan-
guage model is employed to fulfill the objective.
RACoLN (Lee et al., 2021b): In this baseline, the
reverse attention technique is employed to remove
style information from the representations of the
tokens in the source sentence.

4.1 Results

Supervised: Table 3 shows the results of the evalu-
ations on the test set. Following prior work, we
compare the performance of the proposed OT4
model in the following settings: (1) Informal↔
Formal: In this setting the performance of the base-
lines for converting a formal to informal text or vice
versa is evaluated. From this table, we observe that
GPT-2 model has a better capability of style con-
version. However, the baseline model using GPT-2
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Domain Model BLEURT BLEU ACC HM Model BLEURT BLEU ACC HM
(A) INFORMAL↔ FORMAL (B) INFORMAL→ FORMAL

NMT-Combined -0.100 0.501 0.797 0.615 GPT-CAT (train on E&M and F&R) 0.176 0.725 0.876 0.793
BART + SC & BLEU 0.044 0.577 0.859 0.690 Chawla’s 0.260 0.762 0.910 0.829
GPT-2 + SC & BLEU -0.007 0.542 0.923 0.683 BART large + SC & BLEU 0.274 0.765 0.929 0.839

E&M OT4 (Ours) 0.102 0.602 0.949 0.736 OT4 (Ours) 0.322 0.812 0.951 0.876
(C) INFORMAL↔ FORMAL & COMBINED DOMAINS (D) BLEU EVALUATED AGAINST THE FIRST REFERENCE

Bi-directional FT 0.023 0.554 0.818 0.661 TS→CP - 0.292 - -
BART large + SC BLEU 0.078 0.596 0.905 0.719 BART + SC & BLEU - 0.306 - -
OT4 (Ours) 0.192 0.671 0.939 0.782 OT4 (Ours) - 0.352 - -

(A) INFORMAL↔ FORMAL (B) INFORMAL→ FORMAL
NMT-Combined -0.089 0.527 0.798 0.635 GPT-CAT (train on E&M and F&R) - 0.769 - -
BART + SC & BLEU 0.068 0.595 0.882 0.711 Chawla’s 0.302 0.799 0.910 0.851
GPT-2 + SC & BLEU 0.038 0.572 0.915 0.704 BART large + SC & BLEU 0.324 0.793 0.920 0.852

F&R OT4 (Ours) 0.112 0.618 0.942 0.746 OT4 (Ours) 0.401 0.825 0.961 0.887
(C) INFORMAL↔ FORMAL & COMBINED DOMAINS (D) 10% PARALLEL TRAINING DATA

Bi-directional FT 0.037 0.568 0.839 0.677 CPLS - 0.379 - -
BART large + SC & BLEU 0.100 0.611 0.900 0.728 BART + SC & BLEU - 0.571 - -
OT4 (Ours) 0.185 0.652 0.933 0.767 OT4 (Ours) - 0.644 - -

Table 3: Automatic evaluation result on GYAFC dataset. The performance of the baselines are taken from (Lai
et al., 2021).

Model S-ACC ref-BLEU self-BLEU PPL G-score BERT-P BERT-R BERT-F1
Cross-Alignment 74.2 4.2 13.2 53.1 32.0 87.8 86.2 87.0
ControlledGen 83.7 16.1 50.5 146.3 65.0 90.6 89.0 89.8
Style Transformer 87.3 19.8 55.2 73.8 69.4 91.6 89.9 90.7
Deep Latent 85.2 15.1 40.7 36.7 58.9 89.8 88.6 89.2
RACoLN 91.3 20.0 59.4 60.1 73.6 91.8 90.3 91.0
OT4 93.4 26.7 71.2 42.1 81.4 97.7 96.7 97.2

Table 4: Automatic evaluation result on Yelp dataset. G-Score is the geometric mean of self-BLEU and S-ACC. The
evaluation results of the baselines are taken from (Lee et al., 2021b)

S-ACC self-BLEU PPL G-score
Cross-Alignment 63.9 1.1 29.9 8.4
ControlledGen 81.2 63.8 119.7 71.2
Style Transformer 74.0 70.4 71.2 72.2
Deep Latent 59.3 64.0 41.1 61.6
RACoLN 83.1 70.9 45.3 76.8
OT4 86.2 80.5 39.8 83.30

Table 5: Automatic evaluation result on IMDB dataset.
Since human references are not available for IMDB
dataset, self-BLEU and BERT scores are omitted. The
evaluation results of the baselines are taken from (Lee
et al., 2021b)

employs BLEU score to encourage content preser-
vation. In contrast, we equip our GPT-2 model
with OT-based reward that can incorporate both
semantics and syntax of the sentences and achieve
the best results; (2) Informal→ Formal: In this
setting, only the conversion from informal to for-
mal text is evaluated. compared to the previous
setting, we see an improvement in the style con-
version and content preservation for the equivalent
models. It shows that this direction of conversion
is relatively easier. However, the proposed OT4
model still significantly outperform the baselines
in this setting too, indicating the importance of con-
tent preservation for this setting; (3) Informal↔

Formal & Combined Domains: In this setting,
the data from both domains are combined for train-
ing and the model is evaluated for conversion in
both direction. The results show that in this setting,
all baselines benefit from the extra training data
from the other domain, however, the proposed OT4
enjoys the largest improvement. Our hypothesis
for such improvement in OT4 is that the existence
of the other domain data provides more syntac-
tic structure to the model, therefore, compared to
the baselines that miss this information, the pro-
posed OT4 baseline can benefit from more training
signals. (5) Evaluation with the first reference:
To conduct a comprehensive comparison, we also
compare our model with the baselines that only
report the performance of the models evaluated
on the first reference sentence. In this setting, we
see that the proposed model achieves the highest
BLEU score; and finally (6) 10% Parallel Data:
To show the effectiveness of the proposed model
in the case of low-resource setting, we compare
the performance of the proposed model when only
10% of the training parallel data is employed. We
see in this setting the improvement achieved by our
proposed model is higher, especially in terms of
BLEURT, reflecting its superiority to benefit more

2537



Yelp IMDB
Style Content Fluency Style Content Fluency

Cross-Alignment 2.5 2.1 3.2 2.0 2.0 1.9
ControlledGen 3.1 3.5 3.4 3.0 3.4 3.2
Style Transformer 3.3 3.6 3.5 3.5 3.1 3.5
Deep Latent 3.5 2.9 4.1 2.6 3.1 3.1
RACoLN 3.6 3.7 3.8 3.3 3.5 3.7
OT4 (Ours) 4.1 4.6 4.2 3.9 4.6 4.0

Table 6: Human evaluation of the baseline outputs for
Yelp and IMDB datasets. Numbers are the average score
of the four annotators.

Model Style Content Fluency
TS→CP 2.1 2.5 2.7
CPLS 3.2 2.6 3.0
NMT-Combined 3.0 2.6 2.2
Bi-directional FT 3.3 3.0 2.0
Chawla’s 2.9 2.7 3.4
GPT-CAT 3.4 3.4 3.8
GPT-2 + SC & BLEU 3.1 3.4 3.1
BART + SC & BLEU 3.1 3.3 3.5
OT4 (Ours) 3.9 4.2 3.9

Table 7: Human evaluation of the baseline outputs for
GYAFC dataset. Numbers are the average score of the
four annotators.

efficiently from training signals.

Unsupervised: The results of the evaluation of
the unsupervised model on the Yelp and IMDB
datasets are presented in Table 4 and 5, respec-
tively. Note that due to the lack of reference tar-
get sentences in the IMDB dataset, we omit self-
BLEU and BERT scores in Table 5. There are sev-
eral observations from these tables. First, the pro-
posed OT4 model outperforms all baselines with
respect to style conversion and content preserva-
tion. Specifically, for style conversion, our model
improves the S-ACC on Yelp and IMDB by 2.1%
and 3.1%, respectively. Compared the baselines,
we attribute the style conversion improvement to
the explicit rewards employed in our model to di-
rectly train the model for better style conversion.
More importantly, since our model is equipped with
OT to improve content preservation, we see a sig-
nificant improvement for this metric. In particular,
on the Yelp dataset, our model improves BERT-F1
score by 6.2% and self-BLEU by 11.8%. Consider-
ing the improvement on ref-BLEU on this dataset
also indicates that while our model improves the
content preservation, it is not repeating the input
sentence. Finally, comparison of the fluency of
the generated sentences shows that our model is
competitive with baselines by achieving the second-
lowest PPL on both datasets.

4.2 Ablation Study

In order to shed more light on the contribution of
the proposed OT-based content preservation reward,
in this section we study the performance of alterna-
tive architecture designs: (1) No Semantics: Here,
the cost function C(x, y) is replaced by the con-
stant function C(x, y) = 1, hence removing all in-
formation regarding the semantics of the sentence;
(2) No Syntax: In this baseline, the probability dis-
tribution p(x) and q(y) are represented by uniform
distribution, thus removing all information about
the syntactic structure; (3) NO OT: In this base-
line, the content preservation reward is completely
removed; (4) Reconstruct: Following prior work
(Ma et al., 2019), instead of using OT-based reward,
we add another auxiliary task in which the model is
trained to reconstruct the POS tag of the input sen-
tence. Note that, for this auxiliary task, the model
is trained to re-convert the generated sentence D′

back to D; (5) Graph-based: Instead of directly
encoding the interaction between the syntax and
semantics via OT-based distance, in this baseline
we encode the syntax and the semantics together
using a Graph Convolution Network (GCN) (Kipf
and Welling, 2017). Specifically, before generating
the words of D′, the representations H obtained
from the GPT-2 model are further abstracted using
a two-layer GCN that takes the dependency tree
of the input sentence as the input graph. We eval-
uate the models on the development set of E&M
domain for formal and informal style transfer (i.e.,
both direction)3.

Table 9 shows the results. This table shows that
removing both syntax and semantics scores from
OT will hurt the performance. However, syntac-
tic information has more importance as removing
them results in more performance loss. Moreover,
it is clear from this table that reconstructing syntac-
tic features is not as effective as OT-based reward.
This inferiority is better evident from the loss in
BLEU and BLEURT scores. Our hypothesis for
better performance of the OT-based reward is that
OT can encode the interaction between the syntax
and semantics while reconstruction makes these
two tasks separate. Finally, this table shows that
the graph-based model has poor performance com-
pared to OT4. Our hypothesis for this observation
is that while the GCN model can encode the syntac-
tic structure of both sentences, it cannot encode the

3Note that the same pattern is observed in other settings
and domains too
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ID Sentence Important Alignments (source→ generated)
Source #1 Oh, I’m literally dismal in my writing skills but a hero in singing (literally→ very), (dismal→ poor), (skills→ abilities)
Generated #1 My writing abilities are very poor but my singing is excellent. (hero→ excellent), (reading→ reading)
Source #2 though she is not his gf but he hangs out with her a lot! (though→ However), (gf→ girlfriend), (hangs→ spend),
Generated #2 However she is not his girlfriend, he spends too much time with her. (hangs→ time), (lot→ much), (her→ her)

Table 8: Case Study for Informal to Formal conversion. The important alignments are the alignments with the
highest probability predicted by solving the Optimal Transport problem for the given two sentences.

Model BLEURT BLEU ACC HM
No Semantics 0.079 0.545 0.921 0.684
No Syntax 0.064 0.521 0.912 0.663
No OT 0.050 0.509 0.889 0.647
Reconstruct 0.059 0.560 0.929 0.698
Graph-based 0.063 0.555 0.921 0.692
OT4 (Full) 0.114 0.621 0.940 0.747

Table 9: Ablation study on the development set of E&M
domain for formal↔ informal conversion

alignment between the words of the input sentence
and the generated sentence. Hence, hindering the
content preservation computation.

4.3 Case Study

To provide more insight into the performance of the
proposed model, in this section we conduct a quali-
tative analysis. Specifically, we study how the OT-
based model is able to find the perfect alignment
between the words of the input sentence and the
generated sentence. Note that in case of a success-
ful style conversion, there should be a small Wasser-
stein distance between the two sentences, hence,
the semantically related words will be aligned with
each other. Table 8 shows two informal sentences
along with their converted formal counterparts gen-
erated by OT4. To study the role of Optimal Trans-
port, we report the alignments with the highest
probability which are obtained by solving the OT
problem for the given two sentences. This table
shows that there is a high semantic similarity be-
tween the aligned words. More importantly, the
aligned words have the same syntactic connections
with the other words in their sentence. For instance,
in the first example, the word “dismal" and its child
in the dependency tree, i.e., “skills", are aligned
with the word “poor" and its child in the depen-
dency tree, i.e., “abilities". This example shows
that the OT alignment considers both semantic and
syntactic relations between aligned words. How-
ever, OT is not restricted to semantic or syntactic
structures and it can relax the alignments whenever
it is needed. For instance, in the second example,
we observe that the word “time" and “hangs" are
aligned with each other while serving different syn-

Original Input
It actually turned out to be pretty decent
as far as B-list horror/suspense films go

RACoLN
It is a terrible movie for a category of
this genre.

OT4 (Ours)
It seems to be an unsatisfactory movie
for the genre of horror.

Table 10: Generated text by the proposed model and the
prior SOTA model for an IMDB sample text.

tactic roles in the sentence. It shows that when the
semantic relation is more important, OT can break
the syntactic constraints to find a perfect alignment
and the lowest Wasserstein distance. This example
shows that the prior work for reconstructing the
syntactic roles regardless of their semantic impor-
tance will be inferior to our proposed OT-based
approach.

Finally, to qualitatively study the improvement
obtained by the proposed model on the unsuper-
vised setting, we present the generated text for a
sample text from the IMDB dataset. Specifically,
we compare our model output with the prior SOTA
model, i.e., RACoLN. Table 10 shows the samples.
It is clear from this table that the proposed model
can retain more content from the input text. In
particular, while RACoNL omits the genre of the
movie, OT4 successfully keeps this information in
the generated text. We hypothesis that the simi-
lar distance of the word “horror" to the opinion
words in the input and the generated text, i.e., “de-
cent" and “unsatisfactory", are helping to keep this
information in OT4 output.

5 Conclusion

We propose a new model for encouraging content
preservation in text style transfer. We demonstrate
that both syntax and semantics of the input sen-
tence and the generated sentence should be taken
into account for content preservation. More im-
portantly, we empirically show that the interaction
between syntax and semantics of the input and tar-
get sentences is necessary for TST. We conducted
extensive experiments on benchmark datasets in
supervised and unsupervised settings, achieving
state-of-the-art performance on multiple datasets.
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Abstract

Recent work has found that multi-task train-
ing with a large number of diverse tasks can
uniformly improve downstream performance
on unseen target tasks. In contrast, literature
on task transferability has established that the
choice of intermediate tasks can heavily affect
downstream task performance. In this work,
we aim to disentangle the effect of scale and
relatedness of tasks in multi-task representation
learning. We find that, on average, increasing
the scale of multi-task learning, in terms of
the number of tasks, indeed results in better
learned representations than smaller multi-task
setups. However, if the target tasks are known
ahead of time, then training on a smaller set of
related tasks is competitive to the large-scale
multi-task training at a reduced computational
cost.

1 Introduction

Following the wide success of unsupervised lan-
guage model pre-training (Devlin et al., 2019; Liu
et al., 2019b; Lewis et al., 2019), recent work on
transfer learning has shown that additional super-
vised multi-task training further improves perfor-
mance on various downstream NLP tasks (Raffel
et al., 2019; Khashabi et al., 2020; Aghajanyan
et al., 2021). There are two distinct ways in which
the supervised data has been used: increasing the
scale of the multi-task step to incorporate more
tasks (Khashabi et al., 2020; Aghajanyan et al.,
2021) and developing task similarity metrics to
incorporate tasks related to the target task (Pruk-
sachatkun et al., 2020; Vu et al., 2020).

Aghajanyan et al. (2021) show that a multi-task
training step, or pre-finetuning step, with a suffi-
ciently large, diverse set of tasks is an effective task-
agnostic second stage of model pre-training before
finetuning on target tasks. In particular, they find
that using a large number of tasks (e.g., roughly 15

∗ Work done during summer internship at AWS AI.

tasks) is crucial in achieving good downstream per-
formance, while pre-finetuning with fewer tasks
causes a small performance drop. Meanwhile,
work on task transferability (Vu et al., 2020; Pruk-
sachatkun et al., 2020) has shown that the choice of
individual intermediate tasks significantly affects
downstream fine-tuning performance—predicting
the transfer is challenging and there is high vari-
ance depending on the choice of intermediate task.

This motivates us to ask the question if pre-
finetuning on a small group of tasks related to the
target tasks can obtain comparable performance to
large-scale multi-task training. In this work, we
present an empirical study to answer this question
by extending the task transferability experiment to
groups of tasks.

We follow the two-step experimental pipeline
from Aghajanyan et al. (2021), where a pre-trained
model is first pre-finetuned on a set of tasks and
then separately finetuned on various target tasks
on which we report performance. In addition,
we group our set of 29 pre-finetuning tasks based
on task format into 3 groups—classification tasks,
sequence labelling tasks and extractive question
answering tasks (Figure 1). We perform model
pre-finetuning on every combination of these task
groups and report performance on target tasks that
belong to each group. This allows us to system-
atically study how the size of the multi-task step
and the choice of pre-finetuning tasks affects down-
stream task performance.

We observe that, on average, large-scale multi-
task pre-finetuning results in improved perfor-
mance on downstream target tasks. We also see that
a model trained on related1 pre-finetuning tasks ob-
tains comparable downstream task performance to
the large-scale model, at a reduced computational
cost2, but pre-finetuning on an unrelated grouping

1In the rest of this work, when we say that two tasks are
related it means that they belong to the same task group

2We say that a pre-finetuning run is of a cheaper than
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Figure 2: High level workflow of the multi-task setup.

can result in a severe decline in performance.
Our findings show the interplay between multi-

task scaling and task selection—when the target
tasks are unknown then multi-task scaling is an
effective, if expensive, intermediate step but if the
goal is to improve performance on a specific target
task set then multi-task training on a smaller set
of related tasks is an effective cheaper alternative.
These results also hint at the need to better study
modeling techniques that mitigate negative transfer
between tasks in large-scale multi-task training.

2 Multi-task Setup

Our multi-task experiments follow the two step
approach from Aghajanyan et al. (2021), shown in
Figure 2. A pre-trained model is first pre-finetuned
on a set of tasks to obtain a single shared encoder.
This model is then finetuned separately on various
target tasks on which we report performance.

Grouping of Tasks Figure 1 shows our list of
29 pre-finetuning tasks and 12 unseen target tasks
(listed in Appendix A). Informed by prior work
(Vu et al., 2020; Ye et al., 2021; Sanh et al., 2021),
we divide these datasets into three groups based on
task format—sequence labelling (SL), extractive
question answering (QA) and classification (C). As
noted in Sanh et al. (2021), grouping of NLP tasks
is an imperfect heuristic. Prior work (Achille et al.,
2019; Vu et al., 2020) formalizes the notion of
task similarity using learned task embeddings so an

another in terms of computational cost when it involves multi-
task training on fewer examples (Appendix B.3)

alternate formulation would be to divide the tasks
into groups based on these learned embeddings. In
this work we focus on a simple, intuitive grouping
based on the task format, or output space, of the
task.

Research Question We aim to study how the
choice of pre-finetuning tasks and the size of
the multi-task step, in terms of number of pre-
finetuning tasks, affects target task performance.
In order to do so, we compare pre-finetuning runs
on all combinations of task groups, reporting per-
formance on target tasks from each group.

3 Experiments

3.1 Model Details

We use the pre-trained XLM-Roberta model (Con-
neau et al., 2020) for all of our experiments. Dur-
ing pre-finetuning, we learn a shared encoder for
all tasks and a task-specific head for each pre-
finetuning task. For downstream finetuning, we
randomly initialize a new head for each target task.
We use the Huggingface (Wolf et al., 2020) XLM-
Roberta base pre-trained model. The various task
specific heads are linear classifiers on the encoder
output per the Huggingface implementation. More
model details are provided in Appendix B.1.

3.2 Training Details

During pre-finetuning, to ensure that the model
does not overfit to any particular task, we follow the
sampling approach from Aghajanyan et al. (2021)
of ensuring that each batch consists of examples
from multiple tasks while maintaining the empir-
ical distribution of examples in the datasets. For
our study, the loss function for all the different
pre-finetuning tasks is cross entropy loss. Agha-
janyan et al. (2021) recommends scaling the losses
from each task-specific head based on the size of
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the label space to ensure more stable training. Our
preliminary experiments showed better results with-
out loss scaling so we follow the same for all pre-
finetuning runs.

We run pre-finetuning on the powerset of the
set of task groups from Figure 1 and for each pre-
finetuning run we report performance on all the
target tasks. Hyperparameters are kept uniform
across pre-finetuning runs and we train with batch
size 128 and an early stopping criteria based on
validation loss. Once pre-finetuning is completed,
we finetune the model on each target task and report
the average validation set performance3 across 5
random seeds along with the associated standard
deviation. More details on pre-finetuning and target
task finetuning are included in Appendix B.2.

Notation We refer to the pre-finetuning runs
with their initials—Only-QA means that only ques-
tion answering tasks were used in pre-finetuning
the model and QA+C means that all question-
answering and classification tasks were used and so
on. We have 3 task groups and run experiments on
all 7 possible combinations—Only-SL, Only-QA,
Only-C, QA+C, QA+SL, SL+C and SL+QA+C.
The baseline is a pre-trained model directly fine-
tuned on the target tasks.

4 Results

Table 1 shows the results of each pre-finetuning run
on all the target tasks. Table 2 contains the results
aggregated by task group.

A large-scale target task-agnostic Multi-task
step improves downstream performance From
Table 1, we see that the multi-task setup contain-
ing all 29 pre-finetuning tasks (SL+QA+C) has the
best average performance over all the target tasks
as well as the best score in 5 individual tasks. This
is consistent with observations reported in Agha-
janyan et al. (2021) that increasing the scale of the
multi-task step results in better downstream per-
formance on average across all tasks. Our results
show the same trend on a different set of tasks
with a smaller batch size. We also show that this
observation holds in a standard multi-task train-
ing regime, without the optimization tricks used

3For all sequence labelling target tasks, we report F1 score.
Among classification tasks, we report F1 for CB and accuracy
for the other tasks. For extractive question answering, we
report F1. These choices was made based on the standard
evaluation for the task from the Huggingface metrics module.

Aghajanyan et al. (2021), namely loss scaling and
regularized finetuning (Aghajanyan et al., 2020).

Related tasks transfer better To identify the
role of transferability, we aggregate the results on
target tasks based on task groups in Table 2. Each
row in Table 2 is the average of all the unseen tasks
within that group from Table 1. From this, we see
that the Only-SL and Only-QA setups are on-par
with SL+QA+C on unseen SL and QA tasks respec-
tively indicating that pre-finetuning on a smaller set
of related tasks obtains comparable performance
to the large-scale multi-task model. We also see
that selecting a mismatched set of pre-finetuning
tasks significantly hurts downstream task perfor-
mance. From Table 2, we see a drop of 9.6%
compared to the baseline on SL tasks with Only-C
pre-finetuning and a 20.3% drop on QA tasks with
Only-SL. These results extend those observed in
Pruksachatkun et al. (2020) and Vu et al. (2020)
to transferability across task groups. With appro-
priate task selection, we can obtain comparable
performance to the large-scale multi-task model
at a reduced computational cost. The reduction in
computational cost is mainly due to the change in
number of pre-finetuning examples. We provide
the comparison over various runs in Appendix B.3.
Aghajanyan et al. (2021) reported that multi-task
learning is detrimental to target task performance
at a smaller scale (< 15 tasks) . In our study,
we see that pre-finetuning on a single group of
related tasks always outperforms the results from
the mismatched pairwise setup—Only-QA outper-
forms SL+C on unseen QA tasks, Only-SL outper-
forms QA+C on SL tasks and Only-C outperforms
SL+QA on C tasks. Hence we conclude that at
smaller scales, the particular pre-finetuning tasks
selected significantly impacts downstream task per-
formance, linking back to transferability literature.

Tasks interact differently, so selecting an op-
timal subset is hard When we look at pre-
finetuning runs on pairs of task groups taken to-
gether, we see that the SL+C and QA+C pre-
finetuning setups perform worse on QA and SL
tasks than even the baseline model but the SL+QA
setup is competitive with the best SL+QA+C setup
across all unseen tasks. This shows that selecting
an optimal combination of tasks can be challeng-
ing based on task group heuristics. Aribandi et al.
(2021) also observed a similar result that, at larger
scales, a random subset of tasks often outperforms
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Dataset Baseline Only-SL Only-C Only-QA SL+C SL+QA QA+C SL+C+QA
WNUT17 63.239 0.33 63.124 0.65 43.461 1.85 60.623 1.85 59.729 1.25 64.261 0.79 57.560 3.62 64.359 0.57
Wikigold 80.409 1.43 83.449 0.16 72.174 8.05 78.173 1.04 81.403 0.51 83.114 0.57 76.023 1.21 81.635 0.99

NCBI Disease 86.849 0.46 87.069 0.55 85.412 0.59 86.456 0.86 87.037 0.43 87.458 0.32 86.642 0.70 87.378 0.73
MIT Movie 90.042 0.53 89.736 0.20 88.436 0.68 89.522 0.24 89.645 0.27 89.829 0.24 89.287 0.20 89.631 0.21

BoolQ 73.804 1.15 70.761 0.72 78.313 0.48 77.140 0.71 78.457 0.50 76.427 0.81 80.147 0.27 79.515 0.51
CB 86.333 4.20 82.121 5.17 87.161 1.07 68.930 10.65 84.336 4.20 85.003 3.92 80.638 10.67 89.565 2.16

Copa 52.166 4.09 53.500 2.56 55.333 3.39 51.833 3.76 53.666 3.20 53.666 2.49 54.333 1.59 57.333 1.24
WiC 60.136 7.45 63.244 1.01 64.812 0.51 54.937 6.56 65.229 1.45 65.177 0.61 65.151 1.35 65.674 1.05

Squad Adv 47.064 2.42 22.341 2.38 55.067 0.83 82.798 0.51 52.035 1.05 81.558 0.80 82.778 0.61 81.834 0.88
SubjQA 60.917 0.74 58.577 0.47 61.741 0.29 61.889 0.31 60.718 0.10 62.367 0.22 62.578 0.47 62.886 0.56

QED 37.779 5.49 36.544 1.16 51.604 1.34 74.643 0.44 46.533 1.21 77.196 0.51 73.910 1.42 76.312 0.82
XQuad-R 63.522 3.66 50.398 1.83 64.538 0.54 80.744 0.50 63.654 0.26 79.624 0.76 78.249 1.04 80.163 0.51
Average 68.312 64.475 68.298 72.385 69.147 75.564 74.160 76.483

Average Std. Dev. 2.662 1.406 1.637 2.285 1.202 1.003 1.929 0.852

Table 1: Results on all the target tasks (rows) for all the pre-finetuning schemes (columns). Each cell value is an
average on 5 runs with different seeds and the corresponding subscript is the standard deviation over these values.
We also report the average over all tasks and the average of the standard deviation values in separate rows for
analysis. We observe the effect of scale by seeing that the SL+QA+C setup has the best average performance across
all tasks. We see that multi-task training results in reduced variability across multiple runs.

Baseline Only-SL Only-C Only-QA SL+C SL+QA QA+C SL+C+QA
Unseen SL 80.134 80.844 72.370 78.693 79.453 80.165 77.378 80.750
Unseen C 68.109 67.406 71.404 63.21 70.422 70.068 70.067 73.021

Unseen QA 56.692 45.174 61.120 75.252 57.568 75.460 75.035 75.678

Average 68.312 64.475 68.298 72.385 69.147 75.564 74.160 76.483

Table 2: Results on all unseen tasks aggregated by task format (rows) for each pre-finetuning setup (columns). Each
value in this table is an average of the 4 unseen tasks of that particular task format from Table 1. We see the effect
of transferability where the Only-SL and Only-QA setups are competitive with SL+QA+C on unseen SL and QA
tasks but suffer significantly on mismatched task groups.

subsets selected using simple heuristics.

Multi-task training reduces the variability of
downstream task performance In Table 1, we
also report the standard deviation in target task
performance across 5 random restarts. We see a
trend that large-scale multi-task pre-finetuning re-
duces the variability across runs on all tasks—the
SL+QA+C setup has the lowest average and the
pairwise setups average lower variation than the
single task group setups. Phang et al. (2018) also
reported similar findings that multi-task training
reduces variability in performance across random
restarts. Additionally we observe that the Only-
SL, Only-C and Only-QA setups have lower vari-
ability on unseen tasks of the same group than
other groups, indicating that the downstream per-
formance is more reliable on tasks within the same
group. We discuss some limitations of our setup in
Appendix C

5 Related Work

Large-Scale Multi-task Learning Post the wide
success of unsupervised language model pre-
training, Phang et al. (2018) showed that inter-
mediate task training on large datasets results in
performance improvements on the GLUE bench-

mark. Liu et al. (2019a) showed an improvement
over standard pre-training on multiple NLP bench-
marks in the multi-task setting. T5 (Raffel et al.,
2019) framed various NLP tasks in a text-to-text
format and subsequent work (Khashabi et al., 2020;
Paolini et al., 2021) and sequence labelling showed
that adapting T5-style models to particular domains
results in powerful multi-task models. Aghajanyan
et al. (2020) found that increasing the scale of a
multi-task pre-finetuning step results in uniform
improvement across various unseen tasks. Recent
work in prompting large LMs has also shown that
multi-task training can improve zero-shot perfor-
mance (Wei et al., 2021; Sanh et al., 2021). Ye
et al. (2021) showed that the few-shot performance
on unseen tasks can be improved via a supervised
multi-task step and recommended further analysis
on task similarity and transferability. Our work
aims to address this gap and connect large-scale
multi-task learning to work on transferability.

Exploring Relationships Between Tasks Wang
et al. (2019a) and Pruksachatkun et al. (2020) per-
formed extensive empirical studies to identify the
most beneficial intermediate tasks that improve tar-
get task performance both yielding mixed results.
Changpinyo et al. (2018) observed that jointly
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learning 11 sequence tagging tasks, with task em-
beddings, improves performance in around half of
them and that the learned task embeddings revealed
interesting task relationships such as clusters of se-
mantic and syntactic tasks. Kiperwasser and Balles-
teros (2018) showed that learning to perform syn-
tactic tasks such as dependency parsing and part-
of-speech tagging along with translation in varying
schedules improves translation performance—they
used task embedding vectors to identify the tasks to
the decoder model. Indeed the idea of using iden-
tifying tokens as language embeddings is known
to improve translation (Johnson et al., 2017) and
dependency parsing (Ammar et al., 2016) predates
the widespread adoption of transformer models for
these tasks.

More recently, Vu et al. (2020) proposed two
methods to learn task embeddings capable of pre-
dicting transferability between source and target
tasks–one by pooling the representations of the tex-
tual task data from BERT and the other by using
the layer-wise gradients of a BERT model. Vu et al.
(2021) learned task specific prompts that can ben-
efit each other via prompt transfer. These works
largely identify the single most suitable task for
each target task, we extend the same to groups of
tasks. Our work most closely relates to a concur-
rent study, Aribandi et al. (2021), that examined the
transfer across various task families. Our results
compliment theirs using a different base model—
they use a T5 style formulation of tasks, we use a
shared Roberta encoder approach, showing that the
transferability phenomenon is independent to the
model architecture. We differ from their work in
that we compare transfer on individual task groups
with pairs of task groups as well and present re-
sults on the variance of performance as a result of
multi-task learning.

6 Conclusion

In this work, we bring together the lines of explo-
ration on transferability of tasks and large-scale
multi-task training. Our results show that when the
target tasks are unknown then multi-task scaling
offers an effective way to obtain good downstream
performance but if the goal is to improve perfor-
mance on a specific target task set then a smaller set
of related tasks is an effective, cheaper alternative.
We observe that task groups interact differently
when combined and that selecting an optimum sub-
set becomes harder as the size increases. We also

see that variability across multiple random restarts
decreases on related target tasks and also reduces
on increasing the size of the multi-task step.
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A Dataset Details

Sequence Labelling (SL) Tasks: We source the
following sequence labeling datasets and use them
in the CONLL data format. Rodriguez (2020)
provides preprocessed data in the original splits.
We report F1 score on all unseen target tasks.
The total number of train examples across all 15
datasets is 225,433.

Pre-finetuning tasks:

• CONLL - English, Spanish, Dutch, German
(Sang and De Meulder, 2003)

• Ontonotes - English, Chinese (Weischedel
et al., 2013)

• ANEM (Ohta et al., 2012)

• GUM (Zeldes, 2017)

• GMB (Bos et al., 2017)

• SEC Filings (Alvarado et al., 2015)

• Re3d (DSTL, 2017)

• Malware TextDB (Lim et al., 2017)

• Few-NERD (Ding et al., 2021)

• SNIPS (Coucke et al., 2018)

• ATIS (Hemphill et al., 1990) with preprocess-
ing from the repository of Hakkani-Tür et al.
(2016)

Unseen Target Tasks:

• WNUT17 (Derczynski et al., 2017)

• Wikigold (Balasuriya et al., 2009; Nothman
et al., 2013)

• MIT Movie Corpus - EN (Spoken Language
Systems Group, 2020)

• NCBI Disease Corpus (Doğan et al., 2014)

Classification (C) Tasks The pre-finetuning clas-
sifications tasks are from the Glue benchmark
(Wang et al., 2019c) and the 4 unseen tasks are from
the Superglue benchmark (Wang et al., 2019b). We
use the versions made available via the Hugging-
face Datasets library (Lhoest et al., 2021b,a). In
total, we have 943984 train examples across the

pre-finetuning classification tasks. The unseen tar-
get tasks Superglue tasks, again made available
via Huggingface. We retain the original splits and
report performance on the validation sets. For Com-
mitment Bank (CB) we report F1 score and accu-
racy for the other 3 unseen tasks as dictated by the
metrics module from Huggingface.

Question Answering (QA) Tasks Our 6 pre-
finetuning QA tasks Figure 1 are obtained from the
MRQA dataset. We use the versions made available
via the Huggingface Datasets library (Lhoest et al.,
2021b,a). In total, we have 435,624 train examples
across the pre-finetuning question answering tasks.
We use the Books subset of the SubjQA dataset.
For QED and SquadAdv, we split the data in a 4:1
ratio for train and validation. These datasets are
collected as challenge sets explaining the big dif-
ference in performance. For XQuad, we use only
the English language data and the original train
and validation splits. We report F1 again as the
metric of comparison for all QA tasks using the
Huggingface metrics module.

The Huggingface Datasets library is released
under the Apache License 2.0. The license infor-
mation for all the sequence labelling datasets are
available at Rodriguez (2020).

Heterogeneous Batches When we run pre-
finetuning on any combination of groups, we pool
all the examples from the corresponding datasets
and create hetergeneous batches from this pool.
This is the chief reason for a gain in terms of com-
putational cost on selecting a smaller subset and we
provide statistics to measure this in Appendix B.3.

B Training Details

B.1 Model Details

The model we use for our experiments is an XLM-
Roberta model. We learn a shared encoder dur-
ing pre-finetuning along with separate task specific
heads for each pre-finetuning task. Our tasks are
of three different formats that use the output of
the encoder differently to make predictions—for
classification we predict a single label for the en-
tire sequence using the representation of the <s>
token, for sequence labelling we predict a label for
each token in the input sequence and for extractive
question answering we demarcate a span of the
input sequence that corresponds to the answer for
the question. The implementation of each of these
follows from standard task-specific heads released
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by Huggingface where the corresponding output
is fed to a linear classifier. When we initialize the
model, we provide it with a list of pre-finetuning
tasks to index the various task-specific heads. For
each forward pass, the batch consists of the tok-
enized input as well as the task indices to be used
for all the examples. When we use the model to
report performance on a target task, the encoder
checkpoint is loaded and a new task-specific head
is initialized.

B.2 Pre-Finetuning and Target Task
Finetuning Details

During pre-finetuning, the model sees examples
from multiple tasks in the train and validation sets.
We train each pre-finetuning model with an early
stopping condition based on validation loss. We
compute the validation loss for each task separately
at the end of each epoch and the early stopping con-
dition is when the average of the validation losses
of all tasks does not improve for 3 epochs. This
scheme is kept uniform for all pre-finetuning runs.
We also keep the same batch size, 128, and search
space of learning rates for pre-finetuning. We use
validation data to search for the best learning rate,
sweeping from 1e−3 to 1e−5. The rest of the Adam
optimizer parameters are retained as the default val-
ues from Huggingface Trainer (Wolf et al., 2020).

For target task finetuning, we load the saved pre-
finetuned model and train the model to convergence
defined as when the average validation loss does
not improve for 3 consecutive epochs. We again
sweep for the best learning rate from 1e−3 to 1e−5

and report performance on the best selection across
5 random restarts.

B.3 Computational Cost
All experiments are run on an Amazon p3.16xlarge
EC2 instance containing 8 Tesla V100 GPUs. The
relative improvement in computational cost on se-
lecting a smaller subset of tasks is mainly due to
having fewer examples since we make use of het-
ergeneous batches. Following was the per-epoch
runtimes during pre-finetuning on the various runs:

• Only-SL - 1131 seconds per epoch

• Only-C - 1643 seconds per epoch

• Only-QA - 2237 seconds per epoch

• SL+C - 2661 seconds per epoch

• QA+C - 3413 seconds per epoch

• SL+QA - 3079 seconds per epoch

• SL+QA+C - 4884 seconds per epoch

C Limitations and Future Work

Grouping of Tasks We note that grouping of
NLP tasks is often fuzzy and imprecise. Our cho-
sen grouping was based on task format, as is used
in recent work in the field (Vu et al., 2020; Sanh
et al., 2021). We note that task similarity measures
(Achille et al., 2019) calculate a more principled
relationship between tasks. We acknowledge that a
more optimum grouping could be found for each
target task set but our results (Table 2) show that
our chosen heuristic is a reasonable choice to iso-
late the effect of transferability. Selecting an opti-
mal grouping would be a combinatorial task which
would take significantly more compute. The way
we choose to group tasks makes it easy to select
’related’ tasks for each target task set. This might
become more challenging for non-standard tasks.

Controlling the Size of Each Task Group Our
chosen task groups have an unequal number of ex-
amples per task and group. We chose to retain all
the examples from the various datasets since con-
trolling for the number of examples also doesn’t
account for the relative difficulty of tasks (in partic-
ular we see that some of our chosen QA tasks seem
to be more difficult for the model) but this could be
a future line of research.

Potential Risks The main risks of our project are
the risks associated with training large language
models. We do not collect the datasets ourselves
and use publicly released data which might contain
biases against certain protected groups that will be
reflected on models trained in this manner. To the
best of our knowledge, these are standard datasets
and we use them for the released tasks but we do
not manually check them for offensive content.
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Abstract
Interactive summarization is a task that facil-
itates user-guided exploration of information
within a document set. While one would like
to employ state of the art neural models to im-
prove the quality of interactive summarization,
many such technologies cannot ingest the full
document set or cannot operate at sufficient
speed for interactivity. To that end, we propose
two novel deep reinforcement learning models
for the task that address, respectively, the sub-
task of summarizing salient information that
adheres to user queries, and the subtask of list-
ing suggested queries to assist users throughout
their exploration.1 In particular, our models
allow encoding the interactive session state and
history to refrain from redundancy. Together,
these models compose a state of the art solu-
tion that addresses all of the task requirements.
We compare our solution to a recent interac-
tive summarization system, and show through
an experimental study involving real users that
our models are able to improve informativeness
while preserving positive user experience.

1 Introduction

Integrating human interaction into NLP tasks has
been gaining the interest of the NLP community.
Human-machine cooperation can improve the gen-
eral quality of results, as well as provide a higher
sense of control for the targeted consumer. We
focus on the task of interactive summarization
(INTSUMM: Shapira et al., 2021b) which enables
information exploration within a document set on
a topic, by means of user-guided summarization.
As illustrated in Figure 1, a user can incrementally
expand on a summary by submitting requests to the
system, in order to expose the information of inter-
est within the topic. A proper exploration session
demands access to all information within the docu-
ment set, and fast reaction time for smooth human

∗ This work was conducted prior to joining Amazon.
1Code and trained models at: https://github.com/

OriShapira/InterExp_DeepRL

System initial 
summary

User query 1

System response 1

User query 2

System response 2

Suggested Queries

query

- Process full docset

- Low latency

Figure 1: An INTSUMM system, ingesting a large doc-
ument set. A user interactively submits queries in or-
der to expand on the information. The system is re-
quired to process the full document set for compre-
hensive exploration, respond quickly, and expose non-
redundant salient information that also complies to the
input queries. See real example in Figure 5.

engagement (Anderson, 2020; Attig et al., 2017).
In addition, presented information must consider
the session history to refrain from repetitiveness.

While it is worthwhile to apply recent NLP ad-
vances that excel at extracting salient and query-
biased information, those advances usually come
at a cost of rather small input size limits or heavy
computation time. Indeed, all previous interactive
summarization systems we know of either apply
traditional methods or are inadequate for real-time
processing due to high latency (§2). Our goal is to
overcome these obstacles, and leverage advanced
methods to improve information exposure while
keeping latency acceptable for interaction.

As depicted in Figure 1, an INTSUMM system
provides an initial generic summary as an overview
of the topic, after which a user can iteratively is-
sue queries to the system for summary expansions
on subtopics of interest. To support querying, the
system offers a list of suggested queries, hinting at
information concealed within the document set.

We address the INTSUMM task components
through two subtasks: (1) generating the initial
summary and query responses, and (2) generating
lists of suggested queries. For each of the sub-
tasks we propose a deep reinforcement learning
(RL) algorithm that addresses the respective sub-
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task requirements. To enable comprehensive topic
exploration, our models speedily process the full
document set, as inspired by Mao et al. (2020). Ad-
ditionally, they are able to peek at session history
to comply to the current state of the interaction.
The model for the query-assisted summarization
subtask, MSumm, incorporates the query sequence
by (1) encoding a query into the contextual sen-
tence representations, (2) attending the represen-
tations using a new query-biased variant of the
maximal marginal relevance (MMR: Carbonell and
Goldstein, 1998) function, and (3) a dual reward
mechanism for policy optimization (Pasunuru and
Bansal, 2018) which we adapt to consider both ref-
erence summaries and the query (§3). The model
for the suggested queries list generation subtask,
MSugg, works at the phrase level, as opposed to the
sentence level, to enable extraction of important
phrases that serve as suggested queries. Similarly
to MSumm, the model learns importance with con-
sideration to session history, but without an input
query – as its role is to suggest such a query (§4).

The models are trained on the DUC2 2007 multi-
document summarization (MDS) news-domain
dataset, with adaptions for our task setting. For
testing, we follow the INTSUMM evaluation frame-
work of Shapira et al. (2021b) to run simulations,
collect real user sessions, and assess the results,
using DUC 2006. In principle, summary informa-
tiveness, i.e. general salience, could potentially
come at the expense of query responsiveness, but
importantly, our results show that our RL-based so-
lution is able to significantly improve information
exposure over the baseline of Shapira et al. (2021b),
without compromising user experience (§5).

2 Background and Related Work

Interactive summarization facilitates user-guided
information navigation within document sets. The
task suffered from a lack of a methodological eval-
uation, until Shapira et al. (2021b) formalized the
INTSUMM task with a framework consisting of a
benchmark, evaluation metrics, a session collection
process and baseline systems. This framework, that
we leverage, enables comparison and analysis of
systems, allowing principled research on the task
and accelerated development of algorithms.

To the best of our knowledge, all previous works
on INTSUMM have either applied more traditional
text-processing methods or require costly prepro-

2https://duc.nist.gov/

cessing of inputs to facilitate seamless interaction.
Leuski et al. (2003) used surface-form features
for processing content, and Baumel et al. (2014)
adapted classic MDS algorithms like LexRank
(Erkan and Radev, 2004) and KLSum (Haghighi
and Vanderwende, 2009). Christensen et al. (2014)
optimized discourse graphs and Shapira et al.
(2017) relied on a knowledge representation, both
expensively pre-generating hierarchical summaries
that limit expansions to pre-prepared information
selections. Hirsch et al. (2021) applied advanced
coreference resolution algorithms that take several
hours for preprocessing a document set.

The two INTSUMM baseline systems of Shapira
et al. (2021b) use sentence clustering or TextRank
(Mihalcea and Tarau, 2004) for summarization, sen-
tence similarity heuristics for query-responses, and
n-gram frequency or TextRank for suggested query
extraction. Moreover, their query-response gen-
erators strictly consider a given query, ignoring
history or global informativeness. Our proposed
algorithms significantly improve information expo-
sure over the latter baselines, using advanced deep
RL methods, working in real time. We next review
some recent techniques in MDS, query-focused
summarization and multi-document keyphrase ex-
traction, all of which relate to the INTSUMM task
and our choice of algorithms.

The subtask of query-assisted summarization.
Non-interactive MDS has been researched exten-
sively, with few recent neural-based methods that
can handle relatively large inputs. For example,
Wang et al. (2020) use graph neural networks
to globally score sentence salience, Xiao et al.
(2021) summarize using Longformers (Beltagy
et al., 2020), and Pasunuru et al. (2021b) combine
a Longformer with BART (Lewis et al., 2020) and
incorporate graphical representation of information.
Mao et al. (2020) apply deep RL for autoregressive
sentence selection, and, in contrast to most other
neural methods, can ingest the full document set.

In the query-focused summarization (QFS) task
summaries are biased on a query. To accommo-
date a query, Xie et al. (2020) use conditional self-
attention to enforce dependency of the query on
source words. Pasunuru et al. (2021a) and Kulka-
rni et al. (2021) hierarchically encode a query with
the documents. These and other QFS methods
require large training sets, and limit the allowed
input size (Baumel et al., 2018; Laskar et al., 2020).
Relatedly, incremental update summarization (Mc-
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Creadie et al., 2014; Lin et al., 2017) marks query-
relevant information as reported texts stream in,
avoiding repeating information marked earlier. In-
teractivity is not a constraining factor here, yielding
solutions with relatively high computation time.

With respect to the above related work, we de-
velop a model inspired by Mao et al. (2020), which
is closest to our requirements. To facilitate an inter-
active setting, our model (1) enables query+history
injection, (2) supports full input processing, neces-
sary for complete information availability during
exploration, (3) has low latency at inference time,
and (4) requires a relatively small training set.

The subtask of suggested-queries list genera-
tion. Extracting suggested queries on a document
set most resembles the multi-document keyphrase
extraction (MDKE) task since it aims to identify
salient keyphrases (Shapira et al., 2021a). MDKE
was mostly addressed using traditional heuristics
or graph-centrality algorithms applied over the doc-
uments (e.g. Mihalcea and Tarau, 2004; Florescu
and Caragea, 2017). In contrast to MDKE, the sug-
gested queries extraction subtask is a new paradigm
that updates “keyphrases” with respect to session
history. While previous methods for keyphrase
extraction could potentially be adapted for our dy-
namic setting, we choose to focus in this work on a
deep RL architecture for suggested queries that res-
onates our model for query-assisted summarization
and allows sharing insights between the models.

3 Query-Assisted Summarization Model

The subtask of query-assisted summarization cov-
ers two main components of the INTSUMM task:
the generators of an initial summary and of query-
responses. The initial summary concisely specifies
some central issues from the input topic (not biased
on a query) to initiate the user’s understanding of
the topic and to motivate further exploration. Then,
for each user submitted query, the query-response
generator non-redundantly expands on the previ-
ously presented information with topically salient
responses that are also biased around the query. We
next formally define the subtask and then describe
our RL model for it.

3.1 Subtask Formulation
The input to the query-assisted summarization sub-
task is tuple (D, q,Ein,m), such that: D is a docu-
ment set on a topic where the j-th sentence in the
concatenation of D’s documents is denoted sj ; q

is a query, and can be empty (denoted _) for an
unbiased generic summary; Ein = {ein

1 , ..., e
in
k } is

a sequence of sentences from D termed the history,
containing texts previously output in the session;
and m is the number of sentences to output. The
output is sentence sequence Eout = {eout

1 , ..., eout
m }

from D (extractive summarization). When in-
putting (D, _, {},m), the output is a generic sum-
mary of m sentences, that can serve as the initial
summary; and when q and Ein are not empty, the
output is an expansion on Ein in response to q,
containing new salient information biased on q.
D is paired with a set of generic reference sum-

mariesR, which is used for training or as a part of
the evaluation effort.

3.2 Model Architecture

Our query-assisted summarization model, MSumm,
is autoregressive, outputting the requested number
of summary sentences one-by-one. At time step
t, a sentence eout

t is output according to the cur-
rent query and an encoding of the summary-so-far
Et = {ein

1 , ..., e
in
k , e

out
1 , ..., eout

t−1} to prevent infor-
mation repetition. At inference time, MSumm out-
puts the summary sentences with the given query
and history (possibly empty). At train time, we
emulate a session by invoking MSumm with a se-
quence of differing queries, Q = {q1, q2, ..., qm},
for which to generate the corresponding sequence
of output sentences. I.e., output sentence eout

t is
biased on query qt and the summary-so-far Et at
time step t. We next describe the architecture3 of
MSumm, also illustrated in Figure 2.

Sentence encoding. The first step of the model is
hierarchically encoding the sentences of the docu-
ment set D to obtain contextualized representation
cj for sentence sj ∀j. A CNN (Kim, 2014) en-
codes sj on the sentence level and then a bi-LSTM
(Huang et al., 2015) forms representation cj on the
document level, given the CNN encodings.

Query encoding. Additionally, at each time step
t we prepare sentence+query representations ctj =
cj ⊕ CNN(qt), i.e., obtained by concatenating a
sentence representation and the CNN-encoding of
the current query. This sentence+query represen-

3In general, the implementation choices weighed in the
speed at which the full input document set can be processed.
In comparison to other techniques (some of which are more
recent), these choices gave as good or better results at lower
latency. Alternative architectural choices and their behavior
are discussed in Appendix B.
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Figure 2: The MSumm query-assisted summarization model architecture. Contextual sentence embeddings are con-
catenated to the current query embedding. The sentence+query representation is softly attended with a transformed
query-focused MMR score, and a sentence selection distribution is obtained with a two-hop attention mechanism,
considering a summary-so-far representation. A dual-reward mechanism, using the reference summaries and query,
optimizes a policy to train the model for summary content quality and sentence-to-query resemblance. At inference
time, an initial summary is generated with empty Ein and qt-s, while for an expansion they are not empty.

tation influences the relevance of a sentence with
respect to the current input query.

Query-MMR score weighting. MMR has been
shown to be effective in MDS, where information
repeats across documents. It aims to select a salient
sentence for a summary, that is non-redundant to
previous summary sentences. We extend standard
MMR so that the importance of the sentence is in
regards to both the document set and the query.
Formally, the query-focused MMR function defines
a score mt

j for each sj at time step t as follows:

mt
j = λ · BISIM(sj ,D, qt)

− (1− λ) ·maxe∈EtSIM(sj , e) (1)

BISIM(sj ,D, qt) = β · SIM(sj ,D⊕)
+ (1− β) · SIM(sj , qt) (2)

where λ ∈ [0, 1] balances salience and redundancy
and β ∈ [0, 1] balances a sentence’s salience within
its document set and its resemblance to the current
query. SIM(x, y) measures the similarity of texts
x and y, and D⊕ is a fully concatenated version of
document set D. Following findings of Mao et al.
(2020), SIM computes cosine similarity between
the two compared texts’ TF-IDF vectors. Redun-
dancy to previous sentences is computed as the
highest similarity-score against any of the previous
sentences. We set λ = 0.6 (following Lebanoff
et al., 2018) and β = 0.5 (see Appendix B.3).

The query-focused MMR scores are incorpo-
rated into MSumm by softly attending on the sen-
tence representations with their respective trans-
lated query-focused MMR scores:

µt = softmax(MLP(mt)) (3)

ĉtj = µtjc
t
j (4)

State representation. At time t, a representa-
tion zt of the summary-so-far is computed by ap-
plying an LSTM encoder on {cidx(ein

1 )
, ..., cidx(ein

k )
,

cidx(eout
1 ), ..., cidx(eout

t−1)
}, i.e., on the plain sentence

representations of Et, where idx(e) is the index
of sentence e. Then, a state representation gt con-
siders zt and all sentence representations with the
glimpse operation (Vinyals et al., 2016):

atj = v1 tanh(W 1ĉ
t
j +W 2 zt) (5)

αt = softmax(at) (6)

gt =
∑

j

αtj W 1ĉ
t
j (7)

where v1,W 1 andW 2 are model parameters, and
at represents the vector composed of atj .

Finally, a sentence sj at time t is assigned a
selection probability softmax(pt)j such that:

ptj =

{
v2 tanh(W 3ĉ

t
j +W 4 gt) if sj /∈ Et

−∞ otherwise
(8)

where v2,W 3 andW 4 are model parameters.

Reinforcement learning. As MSumm’s goal
is to incrementally generate a query-assisted
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summary, it should strive to optimize (1) non-
redundant salient-sentence extraction and (2) query-
to-sentence similarity, that can be appraised with
ROUGE (Lin, 2004) and text-similarity metrics,
respectively. A policy gradient-based RL approach
(Williams, 1992) allows optimizing on such non-
differentiable metrics. Specifically, we adopt the
Advantage Actor Critic method (Mnih et al., 2016)
for policy learning, and a dual-reward procedure
(Pasunuru and Bansal, 2018) to alternate between
the summary and query-similarity rewards.

At time step t, for selected sentence eout
t (based

on softmax(pt)), reward rt is computed and
weighted into MSumm’s loss function. The re-
ward function alternates, from one train batch
to the next, between ROUGE∆(e

out
t ,Et,R) and

QSIM(eout
t , qt). The former computes the ROUGE

difference before adding et to Et and after:

ROUGE∆(eout
t ,Et,R) =

ROUGE((Et ∪ eout
t )⊕,R)− ROUGE(E⊕

t ,R) (9)

A larger ROUGE∆ value implies that et concisely
adds more information onto Et, with respect to
topic reference summaries R. We use ROUGE-1
F1 as the ROUGE function here. The query-
similarity reward function

QSIM(eout
t , qt) =

avg(SEMSIM(eout
t , qt), LEXSIM(eout

t , qt)) (10)

computes an average of semantic and lexical sim-
ilarities between the selected sentence and corre-
sponding query. SEMSIM computes the cosine sim-
ilarity between the average of word embeddings
(spaCy: Honnibal and Montani, 2021) of eout

t and
that of qt. For lexical similarity,

LEXSIM(eout
t , qt) =

avg(Rp1(e
out
t , qt), R

p
2(e

out
t , qt), R

p
L(e

out
t , qt)) (11)

is the average of ROUGE-1, 2 and L precision
scores between sentence and query. By alternat-
ing between the two rewards, we train a sentence-
selection policy in MSumm to balance summary
informativeness and adherence to queries.

Overall system. Our MSumm model adopts its
base architecture from Mao et al. (2020) (for
generic MDS). Chiefly, we modify their model for
handling an input query-sequence and a sentence

history, and employ a different summarization re-
ward function. The query is incorporated in the
sentence representation, in the new query-focused
MMR function and in the dual-reward mechanism.

3.3 Model Training

Pre-training. To provide a warm start for train-
ing MSumm, a reduced version of MSumm is first
pre-trained for generic extractive single-document
summarization using the large-scale CNN/Daily
Mail corpus (Hermann et al., 2015), as proposed
by Chen and Bansal (2018). The reduced model
pre-trains the full model for contextual sentence
representation and for salient-sentence selection in
the single-document generic setting. See Appendix
B.1 for precise technical details.

Training data. After pre-training the reduced
version of MSumm, we train the full model using
the DUC 2007 MDS dataset, with modifications for
our query-assisted MDS task. The dataset includes
45 topics (split into 35/10 train/val), each contain-
ing 25 documents and 4 reference summaries.

For each topic, we generate an “oracle” extrac-
tive summary by greedily aggregating 10 sentences
from D, that maximizes the ROUGE∆-1 recall
against R. Then for each sentence, we extract
a bi- or trigram that is most lexically-unique to the
sentence, in comparison to all other sentences in D.
This yields a sequence of 10 “queries” that could
easily render the corresponding oracle summary.
The intuition for this approach is that it would teach
MSumm that it is worthwhile to consider a given
query when selecting a sentence that is informa-
tive with respect to the reference summaries. This
further assists in fulfilling the dual requirements
of selecting a globally informative sentence that
also adheres to the query.4 Appendix B.3 discusses
usage of different query types for training.

Validation metric. As the interactive session pro-
gresses, a recall curve emerges, that maps the
ROUGE recall score (here ROUGE-1) versus the
expanding summary token-length. Once the ses-
sion halts, the area under the curve indicates the
efficacy of the session for information exposure.
A higher value implies faster unveiling of salient

4Seemingly, the most natural approach would be to train
the model with queries from real sessions (collected using a
different system). However, a session’s queries are dependent
on outputs previously produced by the used system. Hence,
these do not benefit the training process more than a synthe-
sized sequence of queries.
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information. Normalizing by the final summary
length allows approximate comparability between
different length sessions. We hence use the aver-
age (over topics) length-normalized area under the
recall curve for validating the training progress.

4 Suggested Queries Extraction Model

4.1 Subtask Formulation

We now consider the second subtask of INTSUMM:
generating lists of suggested queries. The list is
regenerated after every interaction, to yield queries
that focus on sub-topics that were not yet explored.

Reusing the notations of MSumm in §3, we de-
fine a model, MSugg, for suggested queries list
generation, that receives an input tuple (D,Ein,m)
(notice that a query is not needed here). Here, the j-
th phrase in D is denoted ρj , when the documents
in D are concatenated, and accordingly, history
Ein is a list of phrases extracted from the session’s
current accumulated summary. m is the number
of suggested queries to output. The model outputs
phrase sequence Eout = {eout

1 , eout
2 , ..., eout

m } from
D, accounting for history Ein. As in MSumm’s
setting, D is paired with a set of generic reference
summariesR.

4.2 Model Architecture

We adopt and adjust the architecture in §3.2 for this
subtask. Similar to MSumm, MSugg selects input
units one-by-one considering a history, with the
main difference being the absence of query injec-
tion. Additionally, inputs and outputs are processed
on the phrase- rather than the sentence level.

Phrase and state representation. For the given
document set, all noun phrases are extracted using a
standard part-of-speech regular expression method
(Mihalcea and Tarau, 2004; Wan and Xiao, 2008).

We obtain document-level contextual phrase em-
beddings, cj for phrase ρj , with the CNN and bi-
LSTM networks, and softly attend the embeddings
with a standard MMR score:

mt
j = λ · SIM(ρj ,D⊕)

− (1− λ) ·maxe∈EtSIM(ρj , e) (12)

The MMR-based phrase representations then
pass through the glimpse attention procedure,
which culminates in the phrase probability distribu-
tion for selecting the next output phrase.

Reinforcement learning. The policy inMSugg is
trained with a single reward function that measures
how prominent the selected phrase is within the
reference summaries, and how different it is from
previously seen phrases. Formally, at time step t,
the reward rt of selected phrase eout

t is:

rt = PF(eout
t ,R)− γ1 · PFMAX(eout

t ,Ein,R)
− γ2 · PFMAX(eout

t ,Et \Ein,R) (13)

PF(eout
t ,R) = avg

r∈R(avg
w∈eout

t

TF(w, r)) (14)

PFMAX(eout
t ,L,R) = maxe∈LPF(eout

t ∩e,R)
(15)

where TF(w, r) is the relative frequency of word w
in reference summary r. Namely, PF computes the
average term frequency of a phrase over its words
and across the reference summaries, as an estimate
of the phrase importance within the topic. PFMAX

computes the highest PF against a list of phrases,
which is used to lower the reward of a phrase that is
redundant to phrases used earlier. Different weights
are given to the PFMAX against the input history
(γ1) and that of the phrases output so far (γ2).

4.3 Model Training
Similarly to MSumm, we first pre-train the base
model to get a warm start on embedding formation
and salience detection. The reduced architecture of
MSumm and MSugg for pre-training are identical.

We use the same DUC 2007 training data, with
document sets and reference summaries, and ad-
ditionally prepare three “histories” per topic: one
empty and two non-empty. An empty history mim-
ics generating a session’s initial list of suggested
queries, while a non-empty history trains the model
to consider previously known information. Train-
ing with two non-empty histories per topic prepares
a model for varying informational states. These are
curated from a generic summary (from a trained
MSumm model) that is truncated at two random
sentence-lengths between 1 and 12. Overall, the
model is trained on three versions of each topic,
each time with a different history.

Similarly to MSumm, validation is guided by
the average normalized area under the recall curve.
Here, the accumulating rt scores from Equation 13
are used as the recall of the expanding suggested
queries list. I.e., a higher reward means better sug-
gested queries are output earlier. The AUC is nor-
malized with the total token-length of all suggested
queries to mitigate for lengthy phrase extractions.
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5 Experiments

We ran several experiments for the assessment
of our MSumm and MSugg models, applying the
INTSUMM evaluation framework of Shapira et al.
(2021b). The goals of the experiments are to com-
pare varying configurations of our models and to
evaluate against an INTSUMM baseline system.
The experiments include both simulations and in-
teractive sessions with human users.

5.1 Compared Algorithms

The MSumm model architecture (§3.2) has several
configurable components: encoding the query into
sentences, considering the query in the MMR func-
tion (both at train and inference time), and the dual
reward mechanism. We compared several varia-
tions of these using simulations, presented in §5.2.

In addition, we compare, both via simulations
(§5.2) and real sessions (§5.3), against the (better-
performing) baseline system in (Shapira et al.,
2021b), named S2. S2’s initial summary algorithm
is TextRank, and the query-response generator ex-
tracts sentences via lexical+semantic similarity to
the query, somewhat resembling QSIM in Equation
10, fully neglecting the summary-so-far, in contrast
to MSumm. S2’s suggested queries list contains
TextRank’s top salient topic phrases. Since these
too do not account for the summary-so-far, they
are computed at the session beginning and are not
updated along the session, in contrast to MSugg.

5.2 Simulated Experiments

The INTSUMM task involves human users by defi-
nition. Nevertheless, running on simulated query
lists and session histories is pertinent for efficient
system evaluation and comparison of methods.

To simulate the query-assisted summarization
algorithms, we utilize the real sessions recorded
by Shapira et al. (2021b): 3-4 user sessions on 20
topics from DUC 2006 collected with S2. In our
simulation, each summary-so-far from a recorded
session is fed as input to the system together
with the following recorded user query. We then
measure Rrecall

1∆ (difference of ROUGE-1 recall in-
curred by the query response compared with the
input summary-so-far). Additionally, we use RF1

1

(ROUGE-1 F1) for initial summary informative-
ness. Both are measured w.r.t. the reference sum-
maries, normalized by the output length, and aver-
aged per session recording, and then over all ses-
sions and topics, to get an overall system infor-

mativeness score. We also measure system query-
responsiveness using the QSIM metric.

Table 1 presents a representative partial ablation
of the MSumm model. All variants were config-
ured to output sentences of up to 30 tokens, initial
summaries are 75 tokens, and query responses are
2 sentences. Configurations i-iv use the query in
training, while v and vi do not. Each configuration
is measured for informativeness (columns marked
with †), and for query-responsiveness (QSIM col-
umn). Out of configurations i-iv, config. i, where
we employ all mechanisms for query inclusion,
yields the best overall scores in both informative-
ness and query-responsiveness, despite the inher-
ent tradeoff between the two. In the second set of
configurations (v-vi), we observe that ignoring the
query at train time substantially degrades query-
responsiveness, and this is expectedly further exac-
erbated when also ignoring the query at inference
time. However, disregarding the query gives more
informative expansions with respect to reference
summaries, since the model was trained only to
optimize content informativeness, and is less likely
to sidetrack to the query-related information.

Compared to S2 (last row), our model sig-
nificantly improves informativeness. Query-
responsiveness is better in the S2 baseline since
its query-response generator simply invokes a func-
tion similar to QSIM, but for the price of lower
informativeness. Still, this does not lead to inferior
overall user experience, see § 5.3.

5.3 Real Session Collection and Evaluation

We collect real user sessions via controlled crowd-
sourcing (which provides high quality work, see
Appendix D) with the use of an INTSUMM web
application5 running either our MSumm+MSugg

models or the S2 baseline algorithms, enabling a
comparative assessment of the two systems. No-
tably, our algorithms have the low latency required
for the interactive setting (Attig et al., 2017), i.e.,
responding almost immediately.6

Using the DUC 2006 INTSUMM test set, we pre-
pared two complementing user sets of 20 topics,
each with 10 of the topics to be run on our system
and the other 10 on the baseline. We apply the eval-
uation metrics of Shapira et al. (2021b): (1) The

5Minimally modified from (Shapira et al., 2021b) to sup-
port updating the suggested queries list after each interaction.

6MSumm generates summaries in under a second and
MSugg prepares the list of suggested queries in a few sec-
onds. See Appendix E.2 for more details.
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MSumm Model Configuration Simulation Results († = informativeness metric, R1 = ROUGE-1)

# Query in
Encoding

Query in
MMR

Query in
Reward (Dual)

Query in MMR
at Inference

† Initial Summ
Norm RF1

1 (×10−3)
Initial Summ
Token-Length

† Expansion
Norm Rrecall

1∆ (×10−3)
Expansion
Token-Len.

QSIM Query
Responsiveness

i. yes yes yes yes 3.09 (±0.11) 86.7 (5.6) 0.913 (±0.055) 49.7 (2.7) 0.488 (±0.021)
ii. yes yes no yes 3.04 (±0.12) 87.4 (8.3) 0.897 (±0.054) 49.4 (2.7) 0.482 (±0.022)
iii. yes no no yes 3.00 (±0.14) 88.0 (8.7) 0.892 (±0.058) 50.1 (2.9) 0.479 (±0.020)
iv. no yes yes yes 2.98 (±0.17) 85.1 (6.5) 0.892 (±0.057) 51.3 (2.8) 0.462 (±0.025)
v. no no no yes 3.05 (±0.12) 85.4 (8.1) 0.955 (±0.046) 51.8 (2.9) 0.423 (±0.027)
vi. no no no no 3.05 (±0.12) 85.4 (8.1) 0.988 (±0.056) 52.8 (4.0) 0.311 (±0.023)

S2 Baseline (Shapira et al., 2021b) 2.75 (±0.20) 85.1 (21.8) 0.799 (±0.040) 49.1 (2.8) 0.601 (±0.021)

Table 1: Simulation results on previously collected sessions, yielding a partial ablation of our MSumm model, and
the results on the baseline system which was originally used to collect those sessions. Intervals at 95% confidence.

Metric Ours S2 Baseline
Rr1 AUC @ [106, 250] 43.42 (±1.54) 40.01 (±1.52)
RF1

1 @ initial 0.256 (±.011) 0.231 (±0.014)
RF1

1 @ 250 0.396 (±.015) 0.378 (±.015)
QSIM query-resp. 0.471 (±.028) 0.623 (±.023)
Manual query-resp. 3.96 (±0.19) 4.03 (±0.23)
Manual UMUX-Lite 78.9 (±2.5) 78.6 (±3.4)

Table 2: Average scores of our system (configuration
v) and baseline system S2 on actual user sessions. Our
system exposes topical information better, while the user
experience is very good despite the slight degradation
in query-responsiveness. Intervals at 95% confidence.

area under the sessions’ ROUGE recall curves, in
a common word-length interval across all sessions
and topics, which demonstrates how fast salient in-
formation is exposed in sessions. (2) ROUGE F1 at
the initial summary and at 250 tokens, that indicate
how effectively the interactive system can gener-
ate summaries at pre-specified, comparable lengths.
(3) Manually assigned query-responsiveness score
(1 to 5 scale), which expresses how well users think
the system responded to their requests. And (4)
manual UMUX-Lite (Lewis et al., 2013) score for
system usability (effectiveness and ease of use),
where 68 is considered “acceptable” and 80.3 is
considered “excellent”. We also measure automatic
query-responsiveness with QSIM.7

We conducted two such comparative collec-
tion and assessment experiments, either employing
MSumm configuration v or i, namely the best of the
two configuration sets. In both cases, the MSugg

model used was set with γ1 = 0.5 and γ2 = 0.9
after some hyperparameter tuning (Appendix B.4).
The first experiment (with configuration v) is de-
scribed here, and the other in Appendix E.1.

We hired 6 qualified workers using the controlled
crowdsourcing procedure, and collected 2-3 ses-
sions per topic per system (111 total sessions). In

7While QSIM is a reasonable automatic measure for esti-
mation of query-responsiveness, it is left for future work to
assess its true reliability for such use.

the sessions, users explore their given topic by sub-
mitting queries with a common generic informa-
tional goal in mind (Appendix D).

Overall system assessment. Table 2, presenting
average scores over the collected sessions, shows
that our system is significantly more effective for
exposing salient information, as depicted in the
first three rows. Users indicate a slight degradation
in query-responsiveness of our system, consistent
with QSIM scores (row 4-5). Note that the observed
difference in QSIM scores, between simulations
and user sessions, partly stems from the fact that
they were computed over different sets of queries.
The varying queries issued by the users in user
sessions form a less stable query responsiveness
comparison than the one in Table 1, where QSIM

scores are computed using consistent queries for all
systems. Despite the gap in QSIM scores between
our system and S2 in Table 2, the overall usability
scores are slightly better (last row). This may sug-
gest that users appreciate the informativeness of
the produced summary even when they are aware
that the summary is less biased on their queries;
thus our system improves informativeness while
still providing a favorable user experience.

Assessment of suggested queries functionality.
We analyzed the types of queries users submitted
throughout their sessions, to assess the utility of up-
dating suggested queries, with MSugg, as opposed
to a static list of suggestions, with S2. To that
end, we tallied suggested query clicks and query
submissions via other modes, binning the tallies
to three sequential temporal segments within their
respective sessions (Appendix E.3). We found that,
on average, the usage of suggested query clicks in-
creased by ~13% when nearing the end of a session
with MSugg, and conversely decreased by ~24%
with S2. While the decrease in use of the static
list is expected, since appealing queries are likely
exhausted earlier in a session, it is encouraging to
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witness the usefulness of updated queries as the
session progresses. This behavior suggests that
the updated list contains suggested queries that are
indeed engaging for learning more about the topic.

6 Conclusion

Interactive summarization for information explo-
ration is a task that requires compliance to user
requests and session history, while comprehen-
sively handling a large input document set. These
requirements pose a challenge for advanced text
processing methods due to the need for fast reac-
tion time. We present novel deep reinforcement
learning based algorithms that answer to the task
requirements, improving salient information expo-
sure while satisfying user queries and keeping user
experience positive.

We note that while MSumm is designed for the
INTSUMM task, it may potentially be serviceable
for standard MDS, QFS, update summarization and
combinations thereof. This can be accommodated
by a proper choice of input, e.g., QFS can be ad-
dressed by giving MSumm as input a query, an
empty history and target summary length. In fu-
ture work, we may study the performance of our
solutions for such tasks, as well as strive to fur-
ther improve their performance on both ends of the
INTSUMM task – selecting topically salient infor-
mation and responding to user queries.
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A Ethical Considerations

Datasets. The DUC 2006 and 2007 datasets were
obtained according to the DUC website (duc.
nist.gov) requirements. It was not possible for
others to reconstruct the document sets and refer-
ence summaries of the dataset from the crowdsourc-
ing tasks.

The datasets are composed of new articles
mainly from the late 1990s from large news out-
lets, compiled by NIST. All data exposed by our
systems are directly extracted from those articles.
For extraction, we do not intentionally add in any
rules for ignoring or boosting certain information
due to an opinion.

Crowdsourcing. Due to the need for English
speaking workers, a location filter was set on
the Amazon Mechanical Turk (https://www.
mturk.com) tasks for the US, UK and Australia.
All tasks paid according to a $10 per hour wage,
according to the estimated required time of each
task. The payment was either paid per assignment,
or as a combination with a bonus.

Compute resources. Our MSumm and
MSugg models required between 2 and 20
hours of training (usually around 4 hours),
depending on the configuration. We trained on
one NVIDIA GeForce GTX 1080 Ti GPU with
11GB memory. The pretrained base model was
trained once and reused in all subsequent training.
Outputting at inference time is computationally
cheap: MSumm runs upto about 1 second, but
mostly in a few hundred milliseconds, and
MSugg runs upto about 7 seconds, but mostly in
under 4 seconds. Training with a batch size of 8
used about 3GB GPU memory for MSumm, and
about 9GB memory for MSugg (since there are
many more input units per document set, i.e., all
noun phrases versus sentences).

B Implementation Details

B.1 Pre-training Technicalities

To provide a warm start for training MSumm and
MSugg, a reduced version of the models, which is
the same for both, is first pre-trained for generic
extractive single-document summarization using
the CNN/Daily Mail corpus (Hermann et al., 2015)
with about 287k samples, as proposed by Chen
and Bansal (2018). In this reduced model, ĉtj is
replaced by cj in Equations 5, 7 and 8. Further-

more, there is a single reward function for learn-
ing the policy, computed per selected sentence eout

t

as ROUGE-L F1 w.r.t. the (single) reference sum-
mary’s sentence at index t. The reduced model
pre-trains the full model for contextual sentence
representation and for salient-sentence selection in
the single-document generic setting. This allows
trainingMSumm andMSugg with a relatively small
dataset for their final purposes.

B.2 Training Technicalities
Following (Mao et al., 2020), the pre-trained base
model is the rnn-ext + RL model from Chen and
Bansal (2018), and is trained like in Lebanoff
et al. (2018). Both MSumm and MSugg are further
trained on our adjusted DUC 2007 data using an
Adam optimizer with a learning rate of 5e-4 and no
weight decay. A discount factor of 0.99 is used for
the reinforcement learning rewards. The batch size
was 8. Training was halted once 30 consecutive
epochs did not improve the validation score.

The MMR function within our models uses TF-
IDF vector cosine similarity for all SIM instances
(in Equations 1 and 12). The TF-IDF vectorizer
is initialized with the document set on which the
MMR score is computed.

As is commonly practiced, selection of an out-
put sentence/phrase eout

t is done by sampling prob-
ability distribution pt (in Equation 8) at train
time, and by extracting the maximum scoring sen-
tence/phrase at inference time.

The MLP in Equation 3 transforms the MMR
score with a feed-forward network with one-hidden
layer of dimension 80 following (Mao et al., 2020).

B.3 Query-Assisted Summarization Model
Model configurations. The architecture of the
MSumm model and its training allowed for much
creativity in the configuration process. Other than
the combinations mentioned in the paper in Table
1, we also experimented with other components.
We list here many of the experiments, without for-
mal results. Anecdotes are taken by looking at
validation scores and some eyeballing.

(1) The β value in the query-focused MMR
function in Equation 2, that impacts the weight of
the query on a sentence versus the document set
on the sentence. We tried out a few β values and
mainly noticed that a value of 0.5 kept validation
results more stable across configurations, or kept
training time shorter. In our experiments, to cancel
out this component (both at training and inference
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time), we simply set β = 1 so that the query is not
considered.

(2) Different summary reward functions.
ROUGE∆ recall (instead of F1) was also a good
alternative, but gave somewhat less stable results
across configurations. ROUGE (not as ∆) was also
less stable with recall and F1, and gave too short
and irrelevant sentences with precision. We also
tried sentence level ROUGE-L, like in (Mao et al.,
2020), eventually outputting sentences that were
much less compliant to queries.

(3) Using only the query similarity reward in-
stead of the dual reward mechanism worked sur-
prisingly well. This may be due to the queries on
which the model was trained on. These queries
were very relevant to the gold reference summaries,
hence possibly implicitly providing a strong signal
to salient sentences within the document set. Still,
this was less productive than our final choice of
reward.

(4) Adding training data (additional DUC
MDS datasets) did not impact the results. Impor-
tantly, since DUC 2007 is most similar to the test
DUC 2006 set, it seems to be more beneficial to
include DUC 2007 in the training set.

(5) We also tried representing the query in the
input by concatenating it’s raw text to each input
sentence before get the sentence representations.

(6) To represent the sentences, we also tried
using average w2v vectors (Honnibal and Montani,
2021) and Sentence-BERT (Reimers and Gurevych,
2019) instead of the CNN network. These did
not show any apparent improvements, and were
notably expensive in terms of execution time.

(7) For the sentence similarity in the query-
MMR component, we tried w2v and Sentence-
BERT representations instead of TF-IDF vectors.
Similarly to (6), they did not show improvements
over using TF-IDF, and were very time-costly.

(8) Instead of the dual-reward mechanism that
alternates between the two rewards from batch to
batch, we also considered using a weighted average
of the two rewards, consistently over all batches.
Further experimentation is required on this tech-
nique for a more conclusive judgment.

Queries used for training. The queries used for
training the MSumm model can affect the way it
learns to respond to a query. Seemingly, the most
natural approach would be to train the model as
close as possible to the model’s use at inference
time. This would mean training MSumm with

queries from real sessions. However, a session’s
queries are dependent on outputs previously pro-
duced by the used system. It is therefore not certain
that the sequence of queries from a different sys-
tem’s usage would necessarily benefit the training
process when compared to a synthesized sequence
of queries. I.e., it’s not actually possible to train
with “real sessions” in a conventional way.

Also, as stated in §3.3, the synthetic queries we
eventually used direct the model to select salient
sentences, which can support our dual-objectives:
to get a sentence that is both globally salient to the
topic, as well as responsive to the query. We tried
training on other query types, synthesized with
various keyphrase extraction techniques, and found
that our final choice of queries more consistently
gave good results overall.

Sentence length. We segmented the sentences in
the document sets with the NLTK8 sentence tok-
enizer, and removed sentences that contain quotes
in them or do not end with a period.

During training we did not constrain the input
sentences in any way. Some of the configuration ex-
periments described above were done to check how
the configuration might influence the length of the
selected sentences. The best configurations, includ-
ing the one we eventually used in our tests, tended
to output somewhat longer sentences. Very long
sentences are usually tedious for human readers,
and we hence limited the sentences to 30 tokens at
inference time. We found that this length constraint
caused a slight degradation in simulation score re-
sults of our models, however still gave superior
informativeness results compared to the baseline
system.

Initial summary length. Sentences are accumu-
lated until surpassing 75 tokens. Therefore sum-
maries are not shorter than 75 tokens, but mostly
not much longer than that.

B.4 Suggested Queries Extraction Model

Model configurations. We experimented with
different configurations and hyper-parameter fine-
tuning in the MSugg model as well. Tuning was
performed in accordance to the validation scores
and generic keyphrase extraction scores on the
MK-DUC-01 multi-document keyphrase extraction
dataset of Shapira et al. (2021a).

8https://www.nltk.org
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(1) In the reward function in Equation 13, we
set γ1 = 0.5 and γ2 = 0.9, i.e., the preceding
output phrases are more strongly accounted for than
the phrases in the session history. We tested several
values between 0 and 1 for both hyper-parameters.

(2) We implemented altered versions of the re-
ward function in Equation 13. Instead of phrase
unigram-level frequency, we tried computing the
full phrase frequency and computing partial phrase
frequency, i.e., a maximal phrase template match
within a reference summary. All functions tested
were adequate overall, though our final choice of
reward function was closest to the keyphrase ex-
traction task unigram overlap metric, and gave best
results overall.

(3) We also attempted noun phrase extraction
with the spaCy9 noun chunker and named entity
recognizer. This combined approach misses some
noun phrases within the text, but mainly is also
more computationally heavy than the simple POS
regex search that we use.

Extracting phrases with regular-expression.
We extracted all noun-phrases from the docu-
ment set by first mapping all tokens to their
part-of-speech tags, and then applying a regular-
expression chunker with regex: {(<JJ>*
<NN.*>+ <IN>)? <JJ>* <NN.*>+}.
These steps were accomplished with NLTK.

Phrase length. There is no limit set on the phrase
length. We tried training and inferring with a
phrase length constraint of 4 words, but found that
this gave worse results overall.

History sentences to phrases. MSugg works on
the phrase level. Meanwhile, in our extractive in-
teractive setting, the history is a set of sentences
already presented to the reader. Therefore, when
extracting phrases fromD, we also link each phrase
to its source sentence, and obtainEin by compiling
the phrases linked from the history sentences.

C Dataset Notes

While DUC 2006 (our test set) and 2007 (our
train/validation set) were originally designed for
the query-focused summarization task, they con-
tain excessive topic concentration due to their long
and descriptive topic queries (Baumel et al., 2016).
Hence, their reference summaries can practically
be considered generic.

9https://spacy.io/

D Session Collection

Controlled crowdsourcing protocol. We fol-
lowed the controlled crowdsourcing protocol of
Shapira et al. (2021b), which includes three steps:
(1) a trap task for finding qualified workers; (2)
practice tasks for explaining the interface and the
purpose, as well as reiterating the generic infor-
mation goal (see below) during exploration; (3)
the session collection tasks. We used the Amazon
Mechanical Turk HITs prepared by Shapira et al.
(2021b).

Process cost. We paid $0.40 for a trap task assign-
ment, with 400 assignments released, and $0.90 for
a practice task assignment, with 28 assignments
completed. The session collection assignment paid
$0.70, and a bonus mainly according to the length
of interaction and additional comments provided.
The bonus was between $0.15 and $0.35. A total
of 111 sessions were recorded from 6 high qual-
ity workers. The full process cost about $385 in
total (including the Mechanical Turk fees) for the
experiment including configuration v in Table 1.

The second round of experiments done on an-
other variant of our system (configuration i) also
included 28 practice tasks and compiled 10 fi-
nal workers for a total of 180 collected sessions.
Bonuses ranged from $0.10 and $0.40 on the ses-
sion collection task. The full process cost of the
second experiment was about $475 in total (includ-
ing the Mechanical Turk fees).

Session collection data preparation. We used
the same 20 test topics as Shapira et al. (2021b),
and created 2 batches of tasks. For the first batch,
in alternating order of topics, 10 topics were paired
with our system, and the other 10 were paired with
the S2 baseline. The other batch consisted of the
complementing topic-system pairings. The work-
ers were assigned a batch to work on such that half
of the workers would work on each batch.

User informational goal. Since all sessions on
a topic are evaluated against the same reference
summaries, it is important that users aim to ex-
plore similar information. Following Shapira et al.
(2021b), during practice tasks all users received a
common informational goal to follow, so that the
sessions are comparable. The emphasized descrip-
tion was: “produce an informative summary draft
text which a journalist could use to best produce an
overview of the topic”.
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Sessions filtering. In the first experiment, we
filtered out 7 sessions that accumulated less than
250 tokens (from 2 different workers).

In the second experiment, 9 of the 10 workers
completed at least 19 of the 20 topics One worker
completed only 3 tasks and we disregarded those
sessions. We also threw away 9 sessions that accu-
mulated less than 250 tokens.

INTSUMM user interface. We used the same
user interface developed by Shapira et al. (2021b)
with a small change to enable suggested query list
updates after each interaction (the interface was
designed for the baselines, where the suggested-
query list is static). To refrain from any possible
user experience bias, we made the UI change as
least apparent as possible.

System response time. MSumm is able to gen-
erate summaries mostly in under a second, and
MSugg prepares the list in a few seconds. The
summary expansion is hence presented to the user
almost immediately after query submission, and the
suggested queries list is shown shortly afterwords,
before the user finishes reading the expansion. The
small delay in suggested query updating is hence al-
most unnoticed. The baseline summarizer responds
similarly fast to MSumm, making response-time
difference unperceivable between the systems.

User feedback. Many of the users provided feed-
back about the session collection tasks after finish-
ing their assignment batch. The overall impression
was that there was no strong preference for either
system. For example, one user wrote: “I did not
discern a consistent difference between the two
systems that would result in having a clear pref-
erence.” This kind of comment was repeated by
several users. Generally, there were no explicit
comments about the difference in quality of the
summary outputs, and topics were mostly scored
or commented on similarly between the two sys-
tems since the complexity of the topic influenced
the ability of the systems to comply to the user.

A comment in favor of updating suggested
queries during interaction said: “It was nice to
have a new list as you progressed through the task,
it helped me think of where to go next if I got stuck...”
This specific comment was written by a user that
explored topics quite deeply. On the other hand,
a user that explored more shallow liked that used
suggested queries in the static list were marked: “I
did notice...the red font color on the used queries.

That was helpful.” It therefore seems that updating
suggested queries are more useful for lengthy ex-
ploration, but for quick navigation, the static list
might naturally be enough.

E More Results

E.1 Overall System Assessment

Metric Ours S2 Baseline
Rr1 AUC @ [106, 250] 42.52 (±1.65) 40.34 (±1.40)
RF1

1 @ initial 0.260 (±.011) 0.231 (±0.014)
RF1

1 @ 250 0.390 (±.015) 0.382 (±.014)
QSIM query-resp. 0.527 (±.016) 0.603 (±.022)
Manual query-resp. 3.66 (±0.29) 3.79 (±0.25)
Manual UMUX-Lite 73.8 (±3.6) 75.8 (±2.9)

Table 3: Average scores of our system and a baseline
INTSUMM system on real user sessions, in an experi-
ment using a different MSumm configuration (configu-
ration i) compared to the experiment of Table 2 (con-
figuration v). Our system exposes topical information
better, while the overall user experience is not signifi-
cantly harmed. Intervals at 95% confidence level.

We conducted two comparative session collec-
tion and analysis experiments, one using MSumm

model configuration v (from Table 1), as presented
in §5.3 and Table 2, and another with MSumm

model configuration i. As explained in §5.2, these
two configurations performed best, on simulations,
out of their respective configuration sets.

We show here results of the second experiment,
where we usedMSumm model configuration i, with
the same MSugg model as in the first experiment.
The S2 baseline was similarly used for compari-
son. We also kept the same AUC length limits (106
to 250 tokens) for easy comparability to Table 2.
Table 3 shows the results. Here too, while less
substantially, informativeness is improved with our
system without significantly harming the user expe-
rience. Overall, it seems that users were somewhat
more satisfied with the INTSUMM system that uses
MSumm configuration v than configuration i. Inter-
estingly, it seems the users may have appreciated
the slightly better informativeness of configuration
v even if the query-responsiveness was not as good
as in configuration i, as shown through the QSIM

score. In addition, we see that absolute manual
scores in Table 3 are lower than in Table 2, but
trends are generally similar. It is common that scal-
ing of manually supplied scores can fluctuate (e.g.
Gillick and Liu, 2010).

Figures 3 and 4 show the averaged (per topic and
then over all topics) recall curves of the collected
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sessions in the experiment described in §5.3 and
above, respectively. The x-axis is the accumulat-
ing token-length of the session, and the y-axis is
the ROUGE-1 recall. The points on the curve are
the average interpolated values from all the ses-
sions. The vertical dashed lines are the intersecting
bounds of the sessions, from 106 tokens to 250.
The area under the curve (AUC) is computed for
each of the curves, and reported in the first row of
Tables 2 and 3. The higher AUC scores obtained
from the recall curves of our models, compared
to those of the S2 baseline, highlight the ability
to expose more salient information earlier in the
session.

E.2 Execution Time of Systems

Systems that are made for interacting with humans
must respond quickly in order to keep the user’s
engagement. The exact amount of time does not
affect the user experience as long as it does not
surpass some limit, after which the user starts los-
ing interest or feeling irritated (Attig et al., 2017;
Anderson, 2020).

As mentioned in Appendix D,MSumm generates
summaries in under a second and MSugg prepares
the list in a few seconds. The baseline summarizer
also responds in under a second. The difference
between the systems is virtually unperceivable dur-
ing interaction. There were no comments from the
users in our experiments that stated any issue with
execution time.

Figure 3: Averaged recall curves of our system and the
S2 baseline system in the experiment described in §5.3
and Table 2 (using MSumm configuration v from Table
1). The intersecting range is bounded by dashed lines
(between 106 and 250 tokens).

E.3 Assessment of Suggested Queries
Functionality

In this analysis, we assessed what modes of query
submission users relied on over the course of a
session. To that end, (1) we divided each session
to three segments (first, second and third part of
the session), and counted the types of queries. The
types are “suggested query”, “free-text”, “highlight”
(a span from the summary text) and “repeat” (re-
peating the last submitted query). (2) We then com-
puted the percentage of each mode in each segment.
(3) The percentages over all sessions and all topics
were computed for each of the three segments.

This process was conducted only for sessions
between 4 and 20 interactions, as the few long and
short sessions often show different behavior. For
the first experiment, this left 43 sessions with avg.
8.63 (std. 2.32) interactions for our system, and 50
sessions with 8.44 (2.48) interaction for S2. For the
second experiment, it left 72 sessions with 10.24
(4.82) interactions for our system, and 74 sessions
with 9.59 (4.42) interactions for S2.

We focus here on the use of suggested queries
versus all other query types. In the first experiment
we observe a change of +9% from the first to the
third segment in our system, and -20% in S2. In the
second experiment we see +18% and -28% in S2.
As discussed in §5.3, this suggests the effectiveness
of updated suggested queries, especially by the end
of a session.

Figure 4: Averaged recall curves of our system and the
S2 baseline system in the experiment described here in
Appendix E.1 and Table 3 (using MSumm configuration
i from Table 1). The intersecting range is bounded by
dashed lines (between 106 and 250 tokens).
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F Further Explanations on Evaluation
Metrics

The normalized AUC score for the validation
metric (explained in §3.3) is computed over the
recall curve produced from the accumulating sum-
mary expansions. Each point on the curve marks
an accumulating token-length (x-axis) and an accu-
mulating recall score (y-axis) of an interactive state,
as depicted in Figures 3 and 4 (although these fig-
ures show the averaged session recall curves with
bounds, whereas during validation the curve is for
a single session and there are no bounds set). By
computing the area under the full curve, and divid-
ing by the full length, the normalized AUC score is
obtained. The normalization gives an approximate
absolute value that can be compared at different
lengths (although at large length differences this is
not comparable due to the decaying slope of the
curve).

The manual query-responsiveness score, re-
ported in Tables 2 and 3, is obtained by asking
users, at the end of a session, “During the inter-
active stage, how well did the responses respond
to your queries?”, for which they rate on a 1-to-5
scale. The scores are averaged over the topic and
then over all topics. This follows the evaluation
defined in Shapira et al. (2021b).

The UMUX-Lite score (Lewis et al., 2013), re-
ported in Tables 2 and 3, is obtained by asking
users to rate (1-to-5) two statements at the end of
a session: (1) “The system’s capabilities meet the
need to efficiently collect useful information for
a journalistic overview” and (2) “The system is
easy to use”. The first question refers to the users’
informational goal that they received, in order to
follow a consistent objective goal during their ex-
ploration. The final score is a function of these two
scores, and is used as a replacement for the popular
SUS metric (Brooke, 1996) (with a much longer
questionnaire), to which it shows very high cor-
relation, thus offering a cheaper alternative. This
also follows the evaluation defined in Shapira et al.
(2021b).

All confidence intervals in Tables 1, 2 and 3
are computed as margins-of-error, on the topic-
level, over the standard error of the mean with 95%
confidence.10

The token-length values in Table 1 are averages
with standard deviations.

10E.g., see https://www.calculator.net/
standard-deviation-calculator.html

G A2C Policy Learning

A policy gradient-based reinforcement learning ap-
proach (Williams, 1992) allows optimizing on non-
differentiable metrics, and eliminates the exposure
bias that occurs with traditional training methods,
like cross-entropy, on generation tasks (Ranzato
et al., 2016).

Specifically, we use the Advantage Actor Critic
(A2C) policy gradient training method. See tech-
nical explanations in the appendix of (Chen and
Bansal, 2018). At a high level, an output reward
(subtracted by a baseline reward – computed on a
version of the model without MMR attention) is
used to weight the output selection in the loss func-
tion. In so, outputs with higher rewards increase
the likelihood of those outputs and lower rewards
decrease the likelihood. Since the reward function
is not differentiable, it is used as a weight on the
probability of the selected output, which is then
given to the loss function.

H INTSUMM Example

We show in Figure 5 an example of an INTSUMM

system using the web application of Shapira et al.
(2021b) and our our MSumm (configuration i from
Table 1) and MSugg models in the backend.
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(a) (b)

(c)

Figure 5: An INTSUMM system using the web application of Shapira et al. (2021b), with our MSumm and MSugg

models run in the backend, on one of the topics in DUC 2006 with 25 news documents about “Global Warming”.
Sub-figure (a) shows the initial summary and the initial list of suggested queries. Sub-figure (b) shows the result of
clicking the “carbon dioxide gas” suggested query (with the query response and updated suggested queries list).
Sub-figure (c) shows the result of subsequently submitting the query “water level”. Query responses should be
informative for the general topic, while also complying to the user queries. System summaries and expansions must
be output fast in order to allow smooth interaction and human engagement.
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Abstract

Recognizing offensive text is an important re-
quirement for every content management sys-
tem, especially for social networks. While
the majority of the prior work formulate this
problem as text classification, i.e., if a text ex-
cerpt is offensive or not, in this work we pro-
pose a novel model for offensive span detection
(OSD), whose goal is to identify the spans re-
sponsible for the offensive tone of the text. One
of the challenges to train a model for this novel
setting is the lack of enough training data. To
address this limitation, in this work we propose
a novel method in which the large-scale pre-
trained language model GPT-2 is employed to
generate synthetic training data for OSD. In par-
ticular, we propose to train the GPT-2 model in
a dual-training setting using the REINFORCE
algorithm to generate in-domain, natural and di-
verse training samples. Extensive experiments
on the benchmark dataset for OSD reveal the
effectiveness of the proposed method.

1 Introduction

It’s no secret that social networks are growing in
popularity. However, growth in popularity also
brings some challenges, including the toxicity asso-
ciated with the content posted by users. It may take
different forms in social media, including insults,
mockery, threats, discrimination, or swearing. The
presence of offensive text in social networks can
have a detrimental effect on their users, making
it desirable to identify and remove them from the
text.

Since this is an important requirement, the task
of offensive language detection has been exten-
sively studied in NLP community (Schmidt and
Wiegand, 2017; Wulczyn et al., 2017; Feng et al.,
2018; Borkan et al., 2019; Pavlopoulos et al., 2019;
Sivanaiah et al., 2020; Yasaswini et al., 2021) Most
existing works, however, only classify a text snip-
pet as offensive or not, failing to provide further
information on which specific words and phrases in

the text contribute the most to its offensive tone. If
the text snippet is lengthy, the moderators will need
this information to decide how to proceed with the
offenses flagged. As such, in this work, we fill
this gap by proposing a novel model for the task
of offensive span detection (OSD). As an example,
in the given text “This live streamer clearly has
no brain; he is such a tool!", the phrase “has no
brain" and the slang word “tool" are two offensive
spans responsible for the toxicity of the text. One
of the barriers to this task is the lack of labeled
data. Inspired by the recent advances in the appli-
cation of pre-trained language models to augment
training data for low-resources tasks (Zhang et al.,
2020; Yang et al., 2020; Peng et al., 2020; Kumar
et al., 2020; Anaby-Tavor et al., 2020), we propose
to employ the GPT-2 model to overcome the data
scarcity of OSD. To address this limitation, we pro-
pose a novel model in which the OSD training data
are augmented with the synthetic samples gener-
ated by a transformer-based language model. In
particular, the original labeled samples of OSD,
with special markers before and after each offen-
sive span, are employed to fine-tune the parameters
of the GPT-2 model to generate sentences contain-
ing offensive spans. Moreover, in order to increase
the quality of the generated samples, we propose to
explicitly encourage the GPT-2 model to generate
diverse sentences while keeping them similar to
the original training samples. Also, the model is
encouraged to generate sentences that will result
in improvement of the performance of the OSD
task. To fulfill these objectives, in a dual train-
ing setting, the REINFORCE algorithm (Williams,
1992) is exploited to train the GPT-2 model. We
evaluate the proposed model on a recently released
dataset for offensive span detection. Our extensive
experiments show the effectiveness of the proposed
model by outperforming the strong baselines.
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2 Model

Formal Task Description: The input to the model
is the document D = [w1, w2, . . . , wn] consisting
of n words. The label provided for the document
is also the sequence Y = [y1, y2, . . . , yn] in which
yi is the label for the word wi in BIO format. This
problem is modeled as a sequence labeling task in
which the model predicts the label of every word
wi in the document D. In this work, we propose
a method to augment the original training samples
O, with synthetic labeled text G generated by a
fine-tuned GPT-2 model. The rest of this section
describes the base model and the data augmentation
process.

2.1 Base Model

In our approach, we employ the pre-trained
BERTbase transformer as the base sequence
labeling model which is trained on D =
O⋃G. Specifically, the document D ∈ D
is fed into the BERT model in the form of
[CLS]w1w2 . . . wn[SEP ] to obtain the word rep-
resentations X = [x1, x2, . . . , xn]. Note that for
the words consisting of multiple word pieces we
take the average of their corresponding word-piece
representations. Next, the representations xi are
sent to a feed-forward network to predict the label
distribution P (·|D, θ), where θ is the parameters
of the BERT model. To train the model, we employ
the negative log-likelihood:

Lbase = −
|D|∑

i=1

n∑

j=1

P (yj |Di, θ) (1)

where yj is the gold label for j-th word of the
document Di.

2.2 Data Augmentation

One of the limitations for OSD is the lack of
enough labeled data. To address this limitation,
inspired by the success of the generative language
models to augment data for other tasks, we propose
to employ GPT-2 to generate labeled synthetic data.
We first discuss the generation process, then we
provide details on how the generative model is en-
couraged to generate high-quality data.
Generation: Following prior works (Zhang et al.,
2020), to generate synthetic data we employ GPT-
2 (Radford et al., 2019) model. GPT-2 is a
transformer-based language model pre-trained on

40 GB of textual data. In order to fine-tune GPT-
2 for generating labeled data for OSD, we pro-
pose to employ the original labeled data G. Specif-
ically, the document D ∈ G is first augmented
with special tokens at the beginning and the end of
the document and also around the offensive spans:
D′ = [BOS]w1, w2, . . . [OFFENSIV ES ]wi,
wi+1, . . . , wi+t[OFFENSIV EE ]wi+t+1, . . . ,
wn[EOS], where t is the length of the offensive
span in D. Note that there might be multiple offen-
sive span in a document. Next, the GPT-2 model is
trained in an auto-regressive manner on the labeled
augmented documents D′. Specifically, the follow-
ing loss is employed for the fine-tuning process:

Lf = −
|O|∑

i=1

|D′
i|∑

j=1

PG(w
′
j |D′<j , α) (2)

where w′j is the j-th word in the label augmented
document D′i, D

′
<j is the left context of the word

w′j in the document D′i, and α is the parameters of
the GPT-2 model.

Finally, the fine-tuned GPT-2 model is employed
to generate |O| synthetic data. Specifically, the
model is prompted with [BOS] token and the gen-
eration is stopped by generating the [EOS] to-
ken. In order to ensure that the generated data
are labeled, we keep only the generated samples
with at least one pair of [OFFENSIV ES ] and
[OFFENSIV EE ] tokens. The generated sam-
ples, i.e., G, are combined with the original sam-
ples O, to obtain the final D dataset to train the
base model.
Improving Quality of Generated Samples:
While the fine-tuning process of GPT-2 is supposed
to be effective to generate high-quality data, it has
been shown that the generated data might be noisy
or have repeated sentences (Pouran Ben Veyseh
et al., 2021), providing harmful or less supervision
signals to the base model training. As such, we
propose to explicitly encourage GPT-2 model to
generate documents that results in better perfor-
mance on OSD task and satisfy the diversity re-
quirements of the generated data. In particular, we
propose to employ dual training with REINFORCE
to ensure the following requirements are observed:
(1) Usefulness: The generated documents should
be helpful to improve the performance on the fi-
nal task. As such, the F1 score of the base model,
trained usingD, on the original dataO is employed
as a measure of usefulness of the generated data:
Ru(G) = F1(O); (2) Diversity: If the generated
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samples are identical or similar to the original data,
they will not provide enough new training signals
to the base model. As such, it is necessary to ensure
that the generated data can increase the diversity
of the data. To this end, using the representation
of the [CLS] token of each input document D ob-
tained from the base model, we cluster the docu-
ments in the combined dataset D1. The number of
detected clusters are used as the diversity reward:
Rd(G) = |CD|

The overall reward for the generated documents
G is computed asR = βRu(G)+γRd(G), where β
and γ are trade-off parameters. The REINFORCE
algorithm is employed to update the parameters of
the GPT-2 model. Concretely, the parameters of the
generative model are updated by the estimated gra-
dient: ∇LG = −(R(G))∇ logP (G|α,O), where
P (G|α,O) is the probability of the generated data
G computed as the product of the probabilities
P (D′|α,O) =∑|D

′|
t=1 PG(w

′
j |D′<j , α).

Training Procedure: In order to simultaneously
update the parameters of the base model and also
the GPT-2 model, we propose a dual training proce-
dure. Specifically, at the first epoch, the parameters
of the GPT-2 model are updated using the loss Lf .
Next, GPT-2 model is employed to generate the la-
beled synthetic data to obtain the combined dataset
D. After one epoch of training the base model
using the loss Lbase, the parameters of the GPT-2
model are updated using the REINFORCE algo-
rithm. The updated GPT-2 model is employed to
generate a new set of synthetic data to be replaced
with the previously generated data in D. The new
combined data will be next employed to update
the base model. This process is repeated until the
convergence of training.

3 Experiments

In order to evaluate the effectiveness of the pro-
posed model, called GAOSD (Generation-based
Augmentation for Offensive Span Detection), in
our experiments, we use the dataset of SemEval
2021 Task 5 (John Pavlopoulos and Laugier, 2021).
This dataset contains annotations for 10,000 posts
(comments) obtained from the archive of Civil
Comment platform (a platform for community to
share comments about various civility issues). We
use the official splits with 7939/690/2000 docu-
ments in train/development/test sets. For each doc-
ument, the word indices of offensive spans are pro-

1We use K-means for clustering

Model Precision Recall F1
BiLSTM-CRF 56.72 69.40 57.05
BERT-CRF 63.19 79.42 62.22
DUAL-MRC 62.89 80.21 64.75
SANER 63.09 82.21 65.19
HITSZ-HLT 75.01 89.66 70.83
GAOSD (Ours) 78.92 92.37 73.27

Table 1: Performance of the models in terms of averaged
char-level Precision, Recall and F1 score on the test set
of the SemEval 2021 Task 5 dataset

vided. In our experiments, we create the BIO labels
using the provided word indices of the offensive
spans.

In our experiments, we use the BERTbase to en-
code data; 2 layers for feed-forward neural net-
works with 250 hidden dimensions. The trade-off
parameters β and γ are set to 0.1 and 0.05, respec-
tively. The learning rate is set to 0.3 for the Adam
optimizer and the batch size of 64 is employed
during training. To evaluate the performance, we
use the official evaluation metrics for the SemEval
2021 Task 5 (John Pavlopoulos and Laugier, 2021).

We compare the performance of GAOSD with
the following baselines: (1) BiLSTM+CRF: The
GloVe embedded document is encoded by BiL-
STM and the labels are predicted by a CRF layer;
(2) BERT+CRF: BERTbase parameters are fine-
tuned on OSD task and the task-specific head, i.e.,
CRF, is employed for label prediction; (3) HITSZ-
HLT (Zhu et al., 2021): This baseline is the exist-
ing SOTA model on SemEval 2021 Task 5 dataset;
(4) SANER (Nie et al., 2020): This baseline is
the SOTA model for sequence labeling on user-
generated text; (5) DUAL-MRC (Mao et al., 2021):
This is the SOTA model for opinion and aspect term
extraction. Note that since there are not target an-
notations in SemEval dataset, we skip the aspect
term extraction task to train this baseline. To evalu-
ate the performance we use the official metric, i.e.
char-level F1-score, as the evaluation metric. Fol-
lowing prior work (Zhu et al., 2021), we also report
the average of char-level precision and recall (Note
that due to averaging, F1 ̸= 2(P ∗R)/(P +R)).
Results: Table 1 shows the performance of the
models on the test set. There are several obser-
vations from this table. First, the BiLSTM-CRF
model significantly underperforms the other base-
lines that employ BERT embedding. It clearly
shows that the background knowledge encoded
in the BERT model is necessary for the task of
offensive span detection. Second, both DUAL-
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Model Precision Recall F1
GAOSD 78.39 93.82 74.21
UR− 73.29 88.22 68.99
DR− 74.77 83.91 69.51
UDR− 72.49 84.14 66.59
DT− 70.03 79.58 61.72

Table 2: Ablation study on the development set of the
SemEval 2021 Task 5 dataset

ID Document

1
Such beautiful screen that will never turn on!!! Thanks
[OFFENSIVES] stupid designer [OFFENSIVEE] !

2
He constantly talks about his career [OFFENSIVES] with-
out having any idea about what he says! [OFFENSIVEE]

3
Never trusted this brand as it always deliver just
[OFFENSIVES] crap [OFFENSIVEE] products!

Table 3: Sample texts generated by the fine-tuned GPT-
2 model. The toxic spans are also denoted by the special
tokens [OFFENSIVE] generated by the model.

MRC and SANER baseline outperform the BERT-
CRF model. This higher performance could be
attributed to their capability to enhance the repre-
sentation of the words obtained from the BERT
model. Third, among all baselines, our proposed
model achieves the highest performance. Our hy-
pothesis for the achieved improvement is that in
the proposed method we employ more diverse sets
of patterns for expressing toxic. The increased
diversity is realized by generating more diverse
sentences. Also, this improvement proves that the
generated sentences are in-domain and task spe-
cific, as such resulting in an improvement. The
better performance of our model is impressive, es-
pecially considering that we use relatively simple
base model compared to other baselines (in partic-
ular HITSZ-HLT which is an ensemble model).
Analysis: To study the contribution of the pro-
posed techniques, we conduct an ablation study on
the development set of the SemEval 2021 Task 5
dataset. Specifically, we ablate the quality improve-
ment component which ensures the usefulness and
diversity of the generated samples. In particular,
we study the performance of the model when the
Usefulness Reward (UR−), the Diversity Reward
(DR−), or both of them (UDR−) are ablated. Also,
we study the performance of the model when no
dual training is employed (DT−). Specifically, we
first pre-train the base model on the available orig-
inal data. Next, we fix the parameters of the base
model and we use it to compute the usefulness

reward. The results are shown in Table 2. This
table shows that all components are necessary, as
removing each will hurt the performance. Specifi-
cally, the dual training has the largest effect on the
final performance, indicating the importance of the
proposed method. Also, among the two proposed
rewards to improve the quality of the generated
data, we observe that usefulness reward is more
critical, indicating the importance of task-specific
generation for data augmentation.

Finally, in order to provide more insight into
the quality of the generated data, we provide some
randomly selected text generated by the fine-tuned
GPT-2 model. The results are shown in table 3.
This table shows that the generated samples are
natural and also they contain the offensive spans.
The generative model is able to correctly locate
the offensive spans in the generated text, thereby
provided high-quality training samples for the base
model. It is worth noting that the offensive spans
generated by the fine-tuned GPT-2 model can be
either short spans, as in samples 1 and 3 in table 3,
or longer phrases, as in sample 2.

4 Related Work

Prior works related to this task can be categorized
into two groups: (i) Toxicity Detection: These
works aim to classify a piece of text as toxic or non-
toxic (Wulczyn et al., 2017; Borkan et al., 2019;
Schmidt and Wiegand, 2017; Pavlopoulos et al.,
2017a,b, 2019; Zampieri et al., 2019). The main
limitation of these works is that they cannot recog-
nize the spans in the text that are responsible for
the toxicity of the text. (ii) Opinion Word Extrac-
tion: In this group of prior works, models perform
a sequence labeling task to identify the spans in
the text that convey the sentiment (Liu et al., 2015;
Xu et al., 2018; Yin et al., 2016; Wang et al., 2016,
2017; Li and Lam, 2017; Mao et al., 2021). The
major limitation of all these models is that they
require the existence of the target opinion (i.e., the
word or phrase that the text has a sentiment polarity
toward it).

5 Conclusion

In this work, we propose a novel method for aug-
menting data for offensive span detection tasks.
Specifically, we employ the pre-trained language
model GPT-2 to be fine-tuned on the available train-
ing samples for OSD. The fine-tuned model is able
to generate in-domain texts with special tokens in-
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dicating the offensive spans in them. Moreover, to
improve the quality of the generated documents,
we propose a novel dual training setting in which
the feedback from the OSD model is employed
to guide the GPT-2 model to generate more im-
pact synthetic data. Together with a reward for
encouraging the diversity of the generated data, the
proposed method is effective to augment the train-
ing data for OSD, resulting in the state-of-the-art
performance on the recent benchmark datasets.

Ethical Consideration

In this work, we present a method for automatically
generating offensive spans using the pre-trained
generative language model GPT-2. While the sole
purpose of the proposed method is to enhance the
performance of the offensive content detection sys-
tems in social networks, such a generative model
can also be misused by someone to automatically
make offensive posting continuously without much
effort. Prior to our discussion on our measures to
mitigate the potential harms of this research, we
first justify the risk of this harm. First, as shown
in the experiments, employing generation-based
models can improve the offensive span detection
performance by exposing the model to more di-
verse patterns of offensive content. Second and
more importantly, automatically generating train-
ing data for this task reduces the need to expose
annotators to a large amount of offensive content.
More specifically, since the GPT-2 generated data
is effective for training an OSD model, less offen-
sive content is needed to be annotated by human.
Thereby, the risk of harmful effects on the annota-
tors is decreased. However, as mentioned before,
there is still room for misuse of the findings of this
research to automatically generate offensive con-
tent. As such, to mitigate the potential harms of
this method, we take extra measures into account.
In particular, first, we don’t release the fine-tuned
GPT-2 model on the offensive data, therefore, no
one can directly use the artifacts of this research
for harmful purposes. Second, since this research
demonstrates the potential of the GPT-2 for generat-
ing natural-looking offensive content, in return, we
also study the effectiveness of a defensive method
in which a classifier is employed to identify con-
tents generated by GPT-2 from contents posted by a
human. More specifically, we train a BERT model
on a dataset consisting of 7,939 human-generated
and the same number, i.e., 7,939, automatically

generated offensive posts2. The input content, i.e.
[CLS]w1w2 . . . wn[SEP ] where wi is the i−th
word of the post, is encoded using the BERTbase
model. The representation of the [CLS] vector ob-
tained from the final layer of the BERTbase is sent
to a binary classifier3 to identify human-generated
and automatically generated texts. We evaluate the
performance of the trained binary classifier on a
test set of 4,000 offensive posts, with a ratio of
50% human-generated content. The accuracy of
the classifier on the test set is 92.7% (note that a
random baseline would have an accuracy of 50%).
Given the simplicity and the high performance of
the classifier to recognize the automatically gen-
erated posts, we expect that one can directly use
this defensive model to automatically and quickly
identify the model-generated offensive contents in
social networks, thereby mitigating the potential
harms of the findings of this research. Also, in
future work, with a more comprehensive classifier,
better defensive performance is expected. One po-
tential improvement is to incorporate the context of
the postings. In particular, while this work shows
that GPT-generated content is helpful to improve
OSD performance, it does not show the degree to
which the generated offensive content is related to
the context of the posting. Finally, although this re-
search is conducted on a publicly available dataset
of offensive content, in order to prevent disclos-
ing the identity of people mentioned in the dataset,
both in the training of the GAOSD and GPT-2 mod-
els, we hire 5 undergrad students to double-check
and anonymize the SemEval 2021 Task 5 dataset.
We expect by anonymizing the data, fewer human
subjects can be targeted by automatically generated
offensive text.
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Abstract

Training mixed-domain translation models is
a complex task that demands tailored architec-
tures and costly data preparation techniques. In
this work, we leverage federated learning (FL)
in order to tackle the problem. Our investiga-
tion demonstrates that with slight modifications
in the training process, neural machine trans-
lation (NMT) engines can be easily adapted
when an FL-based aggregation is applied to
fuse different domains. Experimental results
also show that engines built via FL are able to
perform on par with state-of-the-art baselines
that rely on centralized training techniques.

We evaluate our hypothesis in the presence of
five datasets with different sizes, from different
domains, to translate from German into English
and discuss how FL and NMT can mutually
benefit from each other. In addition to provid-
ing benchmarking results on the union of FL
and NMT, we also propose a novel technique to
dynamically control the communication band-
width by selecting impactful parameters during
FL updates. This is a significant achievement
considering the large size of NMT engines that
need to be exchanged between FL parties.

1 Introduction

Federated learning (FL) is a rapidly growing field
in the machine learning community. The reason for
this popularity is because of its decentralized and
private nature. Model training in FL is distributed
over multiple nodes where each node could be an
independent piece of hardware with its own iso-
lated data. This unique feature enables building
high-quality models that benefit from external re-
sources without requiring access to them.

Although FL is a relatively new field (McMa-
han et al., 2017), it has drawn researchers’ atten-
tion and the community has witnessed a rapid
growth. Fields such as computer vision have
adapted quickly to the FL framework (Geyer et al.,

∗Equal contribution.

2017; Lin et al., 2018; Hardy et al., 2019; Geiping
et al., 2020; Ren et al., 2021), but others, such as
natural language processing (NLP), have not been
as quick and only recently have begun to explore
(Wu et al., 2020).

We believe that the reason for this slow(er) in-
tegration of NLP and FL is because representa-
tion learning in NLP is complicated and down-
stream tasks require large and data-hungry models.
These requirements are heavy-handed for any FL
model and slow down the unification. However,
real-world NLP problems necessitate the use of
distributed solutions with privacy-preserving char-
acteristics (Li et al., 2020). Our work is an effort
towards leveraging FL-based solutions in NLP.

In this paper, we focus on NMT to combine it
with FL. A review of the NLP literature shows
that almost all recent groundbreaking architectures
have been first proposed, or at least evaluated, for
translation (Bahdanau et al., 2014; Sutskever et al.,
2014; Gehring et al., 2017; Vaswani et al., 2017).
This is an indication of the intricacy of the NMT
task. Therefore, it is fair to claim that any FL tech-
nique that is capable of training high-quality NMT
models could also be considered as a trustworthy al-
ternative for other NLP tasks. Thus, NMT could be
a strong candidate for FL benchmarking purposes.

NMT also has other unique features that can
directly benefit FL. One key factor in a fair simu-
lation of FL is to mimic data heterogeneity (also
referred to as non-IIDness) in experimental environ-
ments (Kim et al., 2020). Different sampling tech-
niques have been proposed to model such data dis-
tribution processes (Ji et al., 2020; Li et al., 2021;
Wang et al., 2021), however there is no guaran-
tee that what we simulate is what we encounter
in real-world applications. NMT, to some extent,
solves this problem since parallel datasets by na-
ture have such heterogeneity. There are only a few
NLP tasks that can provide as large and diverse
training corpora as NMT. For some language pairs,
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there exist multiple datasets with hundreds of thou-
sands or even millions of parallel sentences.1 This
means, we should have enough data for each FL
node. Moreover, each node can naturally pick one
dataset/language, so we do not have to artificially
distribute data. NMT, together with offering rich
training data, also has a bi-lingual setting which is
a compelling testbed for FL. Coping with the com-
plexity of not only different domains, but also dif-
ferent languages, at the same time in a distributed
platform is worth investigating.

While NMT offers a natural testbed for FL, we
argue that the task itself benefits from the offer-
ings of FL. Training a mixed-domain translation
model is a challenging task. We show that the ag-
gregation phase of FL can greatly help with this
challenge, as it efficiently fuses information from
different domains. From the privacy perspective,
NMT can also benefit from FL. In fact, the neces-
sity of having a private training pipeline is relatively
understudied in NMT. It is mostly assumed that all
training datasets are available in a homogeneous
and compatible format through a central reposi-
tory, which is usually not attainable in real world.
All these reasons make NMT a compelling case to
study in the context of FL.

1.1 Research Scope

The goal of this paper is to provide preliminary
results on the combination of FL and NMT, as op-
posed to running a comprehensive FL research or
comparing different algorithms. We are also inter-
ested in studying the feasibility of training complex
and deep NMT models in decentralized and private
settings. Besides providing a set of benchmarking
results, this paper’s other two contributions can be
summarized as follows:

• We show that FL aggregation techniques are
reasonable alternatives to fuse information
from multiple domains, thus FL-based train-
ing could be considered as an approach to
build mixed-domain NMT engines.

• We show that large NMT models are hard to
distribute within the FL network. Therefore,
we propose a novel and cost-efficient solution
to reduce the communication bandwidth.

1https://opus.nlpl.eu/

2 Federated Learning

FL is an approach to train models in a distributed
fashion where nodes do not (and are not allowed
to) access each other’s data (Yang et al., 2019; Li
et al., 2020). Any node by itself is not powerful
enough to deliver high-quality services due to the
small size of its local data. It can perform well on
in-domain instances, but it might fail to respond to
requests from other domains. FL establishes a com-
munication methodology and a platform that allows
participating nodes to exchange parameters (but not
data) to help boost each other’s performance.

In this work, we follow the cross-silo FL set-
ting as outlined in Li et al. (2019). Algorithm 1
summarizes the entire model training pipeline and
explains what we mean by being cross-silo.

Algorithm 1: Cross-Silo FL

1 for r ← 0 to rounds by 1 do
2 updates = Pull(C)
3 for upd in updates do
4 S = aggregate (S ,upd)

5 C = Push(S)

In this setup, there is a central node S that or-
chestrates training. In each round r, the server pulls
local updates (i.e. a set of parameters) from differ-
ent nodes (also known as clients) and updates the
parameters of the central model. C = {c1, ..., cK}
indicates the set of K clients. Once all information
is aggregated, parameters of the central model are
pushed back to clients so that they can also benefit
from global/community knowledge.

One key factor in FL is communication, which
is defined by the Pull and Push steps in this al-
gorithm. Due to the distributed nature of FL, nodes
need to connect and exchange information and this
needs to be carried out in an efficient fashion. The
communication cost becomes even more critical
when exchanging large models, such as in NMT.
In the next sections, we discuss how communica-
tion directly affect the feasibility and performance
of any FL setting, and how we improve it by our
dynamic pulling technique.

Algorithm 1 only shows the computation that
occurs on the server side. It should be noted that
each client is an independent silo that updates its
internal model with local data. This algorithm only
illustrates the main skeleton of the cross-silo setting
and does not entail all the details of each step.
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In our experiments, we use the well-known
FedAVG algorithm (McMahan et al., 2017) for
aggregation. Therefor, Line 4 can be formulated as
in Equation 1:

wr ←
K∑

k=1

nk
n
wkr (1)

where wr is the set of all parameters of the cen-
tral model in the r-th round, nk is the number of
data points in the k-th client’s dataset, and n is
the total number of all training samples. There
exist multiple extensions to FedAVG, but since it
is a widely-acceptable baseline for benchmarking
purposes we also use it in our experiments. This
choice allows us to minimize the impact of differ-
ent factors introduced by other FL algorithms and
only focus on the relation between NMT and FL
and their mutual impact on each other.

3 Federated Learning for NLP

There are several models in the field that have been
proposed to leverage FL for NLP. Hartmann et al.
(2019) studied whether they could improve the
ranking of suggestions in the Firefox URL bar and
train a model on user interactions without violating
user privacy. They incorporated feedback received
from different clients using FedAVG which re-
sulted in significant improvements. Ji et al. (2019)
suggested that the simple averaging strategy used
in FedAVG might not be sufficient enough, so they
improved the aggregation phase by incorporating
the significance of each client by using an attention
mask to weigh clients. Chen et al. (2019) focused
on language modelling and addressed the problem
of out-of-vocabulary entries when working with
different clients.

Bui et al. (2019) investigated the effect of FL
in training better and more personalized user/data
representations. Their results show that when ag-
gregating information via FL, the model quality in-
creases significantly; at the same time, the training
pipeline is distributed and private. We also make a
similar observation in our experiments, though not
at the representation level, but in terms of the final
translation quality.

Ge et al. (2020) proposed a named-entity recog-
nition (NER) model that is trained with FL to work
on medical data. Their results demonstrate that not
only FL preserves privacy, but also outperforms
models trained in a centralized fashion. Apart from

NER, models with similar concerns have been pro-
posed for mobile keyword prediction (Hard et al.,
2018), keyword spotting (Leroy et al., 2019), and
next word prediction (Stremmel and Singh, 2020).

Liu and Miller (2020) utilized FL to pre-train
and/or fine-tune BERT models (Devlin et al., 2018).
From a research standpoint, it is worthwhile to un-
derstand if it is even feasible to handle such deep
models in an FL framework, and whether a simple
averaging-based aggregation is enough. They at-
tempted to address these questions and provided
supporting results. In that sense, our work is simi-
lar to theirs as we also work with complex models.
In addition, we also discuss the bandwidth problem
to facilitate exchanging large sets of parameters.

3.1 Domain Adaptation

Domain adaptation covers a wide range of prob-
lems from adjusting a model to work in a new
domain/genre (Chu and Wang, 2018) to fine-tuning
for noisier conditions (Passban et al., 2020), or even
transferring a model to a different environment for
a different task (Zhu et al., 2020). Domain adap-
tation has recently attracted more attention due to
advances introduced by models such as ELMO (Pe-
ters et al., 2018) and BERT (Devlin et al., 2018).
These models provide general-purpose representa-
tions which are easily adaptable to other tasks. In
these models, all network parameters are fine-tuned
during adaptation, which might not be necessary.
Houlsby et al. (2019), Pfeiffer et al. (2020), and
Rücklé et al. (2020) proposed a new set of architec-
tures, known as Adapters, to tackle this problem.
Adapters are low-cost plug-ins that are mounted on
pre-trained models, so when adapting the model
only these small sets of parameters are updated.

Bapna et al. (2019) proposed an NMT variation
of Adapters. In their model, a dedicated compo-
nent is added inside each layer that is responsible
for transitioning in-between domains. However,
all these solutions perform in centralized settings.
Roosta et al. (2021) studied this problem in the
context of FL and showed that Adapters might not
be aligned well with the distributed nature of FL.
As they reported, Adapters seem to be suitable to
connect two domains but when exposed to several
domains in FL, they diverge too much from their
main distribution, such that using them in the body
of clients drastically downgrades performance.

To address the problem, they introduced addi-
tional and dedicated layers (as opposed to intra-
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layer modules in Adapters), called Controllers,
that are designed to be exchanged between the
server and clients. These new layers are placed
in-between client model’s original layers and deal
with external information sent/received to/from the
server. Since they only exchange Controllers, they
are able to reduce the communication bandwidth.
This work is the closest to ours so we use it as our
main baseline.

The model proposed by Roosta et al. (2021) suf-
fers from two issues. They randomly introduce
new layers (Controllers) but there is no mechanism
defined to determine the number those layers, i.e.
it is not investigated that how many Controllers are
required under different conditions. It is also not
clear where these layers need to be placed, and it is
only discovered through experimental explorations.
On the contrary, we introduce a simple yet effective
heuristic to select a subset of impactful parameters
during communication. In our solution, we do not
need to deal with the aforementioned issues.

4 Low-Cost Domain Adaptation in FL

In our FL setting, we initialize each client with a
high-quality but generic NMT engine. Clients use
local data to fine-tune their internal model and the
combination of a pre-loaded model with local data
should lead to better quality. Clients also connect
with the server regularly to transfer local knowl-
edge and contribute to the aggregation phase. In
such a process, domain adaptation happens natu-
rally. Inspired by Roosta et al. (2021), we imple-
mented this idea and observed a substantial boost
in our translation engines. Not only are we able to
deliver better results but also we train NMT models
in a distributed and private fashion. However, we
noticed that communication could be quite costly.

In the default configuration, for every Pull (in
Algorithm 1) a large NMT engine has to be ex-
changed, which might not be necessary. In order
to clarify why, we designed an experiment whose
information is illustrated in Figure 1. In this ex-
periment, we pick three of our engines and train
them for 120K steps within the FL pipeline. For
each model, we compare tensors from the 120K
checkpoint to their 110K peers and measure how
much they changed in-between these two check-
points. More specifically, for a given tensor w, we
compute the pair-wise difference between values
from the two checkpoints (wd = w120K − w110K),
then compute the absolute-value norm of the dif-

ference tensor (∥wd∥). The norm value indicates
the shift of each tensor during FL rounds. Figure 1
provides a histograms of norm values that belong
to different tensors from the encoders and decoders
of our translation engines (for more information
about the engines and datasets see Section 5).

Figure 1: The histograms of the norm values of the
difference tensors computed for the 110K and 120K
checkpoints. The x and y axes show the norm and the
number of tensors, respectively. Information related to
encoder tensors is visualized in the upper half and the
bottom sub-figure consists of decoder tensors’ informa-
tion. The first blue bar of the encoder sub-figure indi-
cates that around 40 tensors in the WMT encoder only
changed slightly from the checkpoint 110K to 120K as
their norm is in the range [0,5], whereas the last bar on
the other end of the same sub-figure shows that around
2 tensors in the WMT model changed drastically as the
norm of their difference tensors is close to 175.

Results from Figure 1, together with our other
observations, show that a small subset of tensors di-
verge substantially (mostly shown in the right half
of the figures), but for the rest, there is a heavy con-
centration around small norms. More interestingly,
we realized that this is a pattern that consistently
occurs from one round to the next in our FL experi-
ments, namely each tensor either belongs to a set
of highly-fluctuating parameters or it only changes
marginally and lies in the less active set. The fluc-
tuation threshold can change but tensors almost
always stay in their respective clusters between
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rounds. We used this finding as a basis of our de-
sign to improve bandwidth consumption, such that
we decided to focus on either highly fluctuating
tensors or those in the other cluster and only Pull
one type of tensors during communication. The
strategy is simple but has led to promising results.

More formally, a variation of the aforementioned
idea can be simply formulated as shown in Equa-
tion 2:

DP cg = {wtr; ∥wtr − wtr−1∥ ≥ θ} (2)

DP cg in the r-th round consists of all tensors (wtr)
that deviate from their previous values in the pre-
vious round by θ. DP stands for Dynamic Pulling
and g indicates that the difference norm of candi-
date tensors should be greater than or equal to the
threshold. DP is exclusively computed for each
client which is specified with the c superscript.
Moreover, the DP sets for decoders and encoders
are calculated separately as they vary at different
scales. Based on Equation 2, we do not need to
Pull all tensors but each client decides what to
share with S (only highly-fluctuating tensors in this
case). Figure 2 visualizes this concept.

Figure 2: DP-based communication in our FL setting.

As shown in the figure, C1 computes the differ-
ence between tensors from rounds r and r − 1 and
decides to only share two tensors (vertices in dia-
grams) that have the highest norms. In this scenario,
the communication cost between C1 and S is ap-
proximately reduced by 78% for the pulling phase
as only 2 out of 9 tensors (22%) are transferred.
The exact percentage of the bandwidth saved in
this communication protocol directly depends on
the client’s architecture and θ, but the figure uses an
imaginary scenario to explain the reduction mecha-
nism.

The intuition behind DP cg is that only highly-
fluctuating tensors should be involved in the com-
munication process. It assumes that the main adap-
tation (or out-domain) knowledge lies in those ten-
sors and what each client needs to learn about its
external world is only communicated through such
active tensors. Therefore, clients only need to ex-
change them with the server. This is an assumption
that might either result in effective communication
or conversely hurt the client. Because, if by any
chance local (or in-domain) knowledge is stored
in such tensors, DP cg manipulates the most impor-
tant parameters and overwrites them with external
domains’ information. In other words, there is a
possibility that the reason for observing high fluc-
tuations in active tensors is not because they carry
the community knowledge but because they are
responsible to learn local data, so they have to vary
frequently to adjust and learn local data.

If this second assumption is correct, modifying
the active set can easily delay the convergence of lo-
cal models, and thus deteriorate their quality. Due
to this concern, we propose another alternative,
DP cl , which relies on less active tensors for com-
munications. The pulling condition for DP cl is as
in Equation 3:

∥wtr − wtr−1∥ < θ (3)

which means, unlike the previous case, highly-
active tensors are protected from external updates
and only modified using local data. The less active
tensors are assumed to be the representatives of ex-
ternal domains, so they are shared with the server
and co-trained with other tensors. Both types of
tensors contribute to the local training process, but
this time the less active group is responsible for
bringing the community knowledge to the client.
In the next section, we compareDP cl andDP cg and
show which strategy is more impactful.

5 Experimental Study

5.1 Hyper-Parameters and Datasets
Since our main baseline is the model proposed in
Roosta et al. (2021), we follow their setting in the
interest of fair comparisons. For our translation
engines, we use Transformers with their base con-
figuration (Vaswani et al., 2017). Encoders and
decoders have six layers (each), attention modules
have eight heads, word embeddings and internal
projection layers are 512-dimensional vectors, and
the inner layer in the position-wise feed-forward
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Corpus Source (De) Target (En) Sentences
Words Tokens Words Tokens

WMT 119,920,225 1,529,872 126,731,132 691,150 4,468,841
OS 33,502,036 339,627 37,373,751 174,670 4,500,000
TED 2,710,904 99,221 2,861,006 45,364 143,837
PHP 322,546 13,001 318,788 8,521 39,708
UB 96,355 13,515 90,839 9,234 13,246

Table 1: Statistics of the training datasets. The second and third columns show the number of all words and unique
tokens for the source and target languages, respectively, and the last column is the number of parallel sentences. OS
is a large collection, so we randomly selected a subset of it for our experiments. As the statistics show, we have
different sets with different sizes from different domains which helps us have a fair and realistic simulation.

module has 2024 dimensions. All other hyper-
parameters/variables such as the training algorithm
and scheduling are the same as the base configura-
tion unless they are clearly indicated in the paper.
We used four NVIDIA V100 GPUs for all experi-
ments.

Similar to Roosta et al. (2021), we work on the
the German→English direction. To train/test the
models, we use five datasets of WMT,2 OpenSub-
title or OS (Lison and Tiedemann, 2016), PHP,
Ubuntu or UB, and TED (Tiedemann, 2012) where
all corpora are normalized and tokenized with the
scripts provided by Moses.3 Table 1 provides the
statistics of the training datasets.

For the test and development sets of the WMT
model, we use newstest-14 and newstest-13, re-
spectively. For others, we randomly select 4,000
sentences: 2,000 for the test and 2,000 for the de-
velopment sets.4 We also pre-processed datasets to
segment words into sub-words by BPE (Sennrich
et al., 2016). This helps create a shared vocabulary
for source and target languages of all models and
avoid out-of-vocabulary entries. Our BPE setting
extracts 30K unique tokens for each of the source
and target sides.

One critical hyper-parameter in our model is θ.
Considering the selection criterion in Equation 2, a
small value of θ allows the majority of tensors to
be transferred and hence leads to a minimal reduc-
tion in bandwidth. A very large value is also not
plausible as it filters lots of tensors and prevents
the client from receiving external knowledge. One
solution is to run an exhaustive search to find the

2http://statmt.org/wmt14/
translation-task.html

3https://github.com/moses-smt/
mosesdecoder

4The same sets used in Roosta et al. (2021)

best value, which clearly is an expensive process
and sometimes impossible in the case of FL. Vacil-
lating between different options to set up θ requires
the engagement of both client and server and could
in fact be more costly than simply pulling all ten-
sors. To cope with this and also make our results
easily reproducible, we simply consider the median
of the differences for θ, meaning we only transfer
half (50%) of the tensors and ignore the rest. The
selection criterion determines which half. In DP cg ,
we consider the active half and in DP cl the less
active half is exchanged. Our results show that this
simple strategy leads to effective communication
without compromising much on quality.

5.2 Centralized Model Training

Our baseline results are summarized in Table 2.
The evaluation metric used in all experiments is
BLEU (Papineni et al., 2002) computed by Sacre-
BLEU (Post, 2018).5 As expected, models work
accurately on in-domain data but perform poorly
on other domains, specially if the domain is sig-
nificantly different from training samples, e.g. the
PHP model’s BLEU score is zero when translating
WMT test sentences.

In order to remedy the poor quality for out-
domain data, we train a central model and adapt it
to all other domains with two techniques of data
combination and chained fine-tuning. In data com-
bination, we simply concatenate all corpora to cre-
ate a much larger training set. We initialize the
central model with WMT parameters and retrain
it for extra 50K steps with the new dataset. In
chained fine-tuning, we do not combine datasets
but instead fine-tune the central model sequentially
using each domain’s training set for additional 50K

5https://github.com/mjpost/sacrebleu
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WMT OS TED PHP UB

WMT 33.66 18.57 29.22 8.04 12.41
OS 13.66 23.58 24.22 7.84 13.83
TED 12.09 13.59 29.32 6.67 10.15
PHP 0.00 0.26 0.26 34.48 0.00
UB 0.28 0.78 0.75 2.30 30.15

Table 2: Baseline results for the De→En direction.
Models are trained for 100K steps. The first column
indicates which training set is used to train the engine
and other columns show models’ performance on dif-
ferent test sets, e.g. [OS][TED] = 24.22 indicates the
BLEU score of a model trained on the OS training set
and tested on the TED test set. The best BLEU score for
each test set is bold-faced.

steps (10K for each), i.e. we start from the WMT
model, then sequentially fine-tune it over UB, OS,
and other datasets one after another. This sort of
fine-tuning could suffer from catastrophic forget-
ting, so we ran different experiments to figure out
the best order of fine-tuning.

The chained fine-tuning strategy could provide
relevant baselines for FL experiments. Imagine
a scenario where the central model is shipped to
a client environment and it is updated there with
multiple local datasets. In data combination, we
assume that all data is accessible at training time
(a fully-observable environment with full access to
all domains’ data) whereas chained fine-tuning pic-
tures a more realistic scenario by forcing to update
the central model gradually on the client side.

Table 3 summarizes results for these two fine-
tuning methods. Exposing the central model to
other domains’ data yields much better quality.
Data combination clearly outperforms and it shows
the impact of having direct access to data; the privi-
lege that we do not have in settings such as chained
training and FL.

Technique WMT OS TED PHP UB

chained 18.26 23.51 28.19 16.14 23.05
combination 33.50 21.82 31.51 37.56 35.61

Table 3: Domain adaptation results in centralized set-
tings.

5.3 Federated Learning Results
Models reported in the previous section (specially
in Table 3) are high-quality engines that are trained

in a centralized fashion and provide acceptable per-
formance for all domains. Fine-tuning addressed
the problem of poor quality for out-domain data,
but as discussed previously, centralized fine-tuning
and having access to out-domain data might not be
always possible. Therefor, in this section we try to
train comparable alternatives in an FL setting.

Our setting has one server and five clients (one
for each dataset). In the interest of fair compar-
ison between the FL and centralized approaches,
we initialize all the clients with WMT parameters.
Each client updates its model with local data and
shares it with the server in each round. We Pull
client updates after 10K steps of fine-tuning for
aggregation and repeat this process for 5 rounds.
In total, each model is fine-tuned for 50K steps
which is identical to the setting we used for cen-
tralized training. Results for this experiment are
summarized in Table 4.

WMT OS TED PHP UB

S 33.97 19.17 30.8 37.32 47.9
WMTc 32.07 18.28 29.55 9.55 13.75

OSc 19.05 23.39 27.85 13.57 18.58
TEDc 17.37 16.05 34.30 11.83 17.05
PHPc 4.07 4.33 7.48 45.07 10.90
UBc 0.77 4.27 5.66 14.98 49.51

Table 4: FL results with 1 server (S) and 5 clients
(indicated with the c superscript), e.g. OSc is a client
initialized with WMT parameters and updated with its
own data (OS training samples).

The first row in Table 4 belongs to the server.
FL affects model training quite positively and pro-
vides significantly better BLEU scores, specially
for those low-performing models such as PHP. The
average BLEU score of the server over different
domains is 33.83, which is 1.83 points higher than
that of the best model reported in Table 3. This
means, even though FL does not access clients’
data, it is more impactful in fusing information and
training mixed-domain engines. This outcome for
a complex task such as NMT was unexpected.

After the final FL round, the server parameters
are pushed back to clients so they can also bene-
fit from the result of aggregation. At this point,
each client can decide to run another phase of fine-
tuning with local data over the server parameters.
This is a trade-off between being domain specific
and remaining generic. Results for this process
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are listed from the second to last rows in Table 4,
e.g. PHPc after the last Push step has access to all
server parameters so its BLEU score on in-domain
data is 37.32, similar to that of the server. It is also
able to translate other domains with the average
BLEU score of 32.96. However, as the fifth row
shows, if it decides to fine-tune the last parameter
set it received from the server with its own local
data, its BLEU score increases from 37.32 to 45.07
on the in-domain test set, but at the same time it
loses its generalization over other domains.

We also ran an ablation study to evaluate how the
number of FL rounds impact model quality. Two
important factors in FL settings are the number
of clients and training rounds. We can pass over
the first one as we have a cross-silo setting with a
limited number of clients, but Table 5 and Figure 3
provide additional information on the second hyper-
parameter.

WMT OS TED PHP UB

S5 33.97 19.17 30.8 37.32 47.9
S10 31.90 19.63 31.04 38.33 48.63
S50 31.05 20.83 32.27 43.99 51.07

Table 5: FL results for rounds ∈ {5, 10, 50}. rounds =
50 means aggregation occurs 50 times between check-
points 100K (where FL training starts) and 150K (where
FL training ends).

Figure 3: The learning curve of the UB model for rounds
∈ {5, 10, 50}.

Results from the figure/table above show that
the number of rounds and model performance in-
crease proportionally in low-quality clients such
as UB or PHP. This was expected since with a
higher number of rounds clients are updated more
frequently with rich information from the central
server. However, it comes at a price as it increases
communication load. It also delays local model

training, because in each round the client has to
suspend training to read server values and updates
its internal model. For other high-quality clients
such as WMT, higher rounds lead to some degrada-
tion since they receive external updates from less-
accurate peers and have to compensate for their low
quality. The choice of the number of rounds is a
trade-off between quality and bandwidth.

5.4 Dynamic Pulling Results

We proposed a novel technique for better pulling
and mentioned that it is able to reduce the commu-
nication load yet maintain model quality. Table 6
reports related results to support our claims.

WMT OS TED PHP UB

default 33.97 19.17 30.8 37.32 47.90
DP cl 29.28 19.17 30.88 36.33 45.74
DP cg 30.74 18.28 27.61 13.69 32.16

random 24.58 19.16 30.57 35.33 42.50

Table 6: The impact of different communication tech-
niques on model quality. The first row is copied from
Table 4 for easier comparison. The bold-faced numbers
are the best results obtained by DP-based techniques.

The average BLEU scores for the default, DP cl ,
and DP cg methods on different domains are 33.83,
32.28, and 24.49, respectively. This means the
assumption that less active tensors are responsi-
ble for domain adaption could be true and highly-
fluctuating tensors should only be kept for learn-
ing in-domain knowledge. We also provide results
from our random configuration, in which we ex-
change the same number of parameters as in DP cl
and DP cg but those parameters are selected ran-
domly. The comparison between random and other
alternatives shows that the selection criterion di-
rectly affects model quality.

Although there is a gap by 1.55 points between
default and DP cl (which is meaningful in NMT),
DP cl could still be a strong candidate when training
large models in the context of FL, because the num-
ber of parameters exchanged in each pulling step is
45,724,160 for default whereas this number is only
22,863,104 (50% less) for DP cl . It should also be
noted that pulling occurs not once but for multiple
rounds and saving 50% each time is a significant
gain. Moreover, DP cl still performs on par with
data combination which is a strong but centralized
and not private baseline.
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5.5 Comparison to Controllers
As previously discussed in Section 3.1, Controllers
(Roosta et al., 2021) only exchange 4 layers (2
from the encoder and 2 from the decoder in a 12-
layer Transformer) with the server in the Push and
Pull phases, which means the communication
bandwidth they reduce is around 66% ( 4

12 ≈ 33%
of the layers are only exchanged between the server
and clients). In our case, DP only affects Pull
which leads to 25% bandwidth reduction in client-
to-server exchanges.6

We challenged our model to see if we can also
save 66% in bandwidth by sending/receiving the
same number of parameters as in Controllers. More
precisely, we applied our threshold-based strategy
in both Push and Pull and modified the value of
the threshold such that it only accepts 33% of the
parameters to exchange with the server. Table 7
summarizes results of this experiment.

WMT OS TED PHP UB

DPcl 29.52 19.25 31.53 36.19 45.40
DPcg 29.09 19.07 30.93 34.47 41.57

6E6D (0-3) 31.13 19.19 30.95 33.79 32.85
8E8D (0-6) 31.79 20.02 30.6 32.43 33.41

Table 7: Dynamic parameter selection versus Con-
trollers.

In our comparison, we selected the two best per-
forming Controller models reported in Roosta et al.
(2021). The 6E6D (0-3) configuration is a Trans-
former with a 6-layer encoder and 6-layer decoder
whose first and fourth layers are selected to act as
Controllers. In the 8E8D (0-6) configuration, in-
stead of using the original encoder/decode layers
as Controllers four additional layers (two for the
encoder and two for the decoder) are defined which
are placed after layers 0 and 6. This means, in an
8-layer encoder/decoder the first and seventh layers
are Controllers and the rest are ordinary layers.

Results show that our model could be a reliable
alternative for communication-efficient FL, even
though we aggressively limited the number of pa-
rameters exchanged in this new setting. Moreover,
in our model we do not need to define additional
layers. Unlike Controllers, we also do not have to
deal with finding the correct position to place Con-

6Pull is only 50% of the communication where we ex-
cluding half the parameters using the threshold, so 50% ×
50% = 25%.

troller layers. According to Roosta et al. (2021),
the final model performance is directly impacted
by misplacing Controllers and our solution solves
that problem.

6 Conclusion and Future Work

In this paper, we reported a set of benchmarking
result for NMT in the context of FL. We also pro-
posed an effective technique to reduce the com-
munication bandwidth. Our solution tries to deter-
mine a subset of parameters that are responsible
for learning out-domain knowledge and only ex-
changes them with the server.

In future work, we are interested in i) adding
more languages to train multilingual engines, ii)
improving communication protocols even further,
iii) comparing other FL algorithms in the presence
of DP, and iv) investigating NMT in cross-device
settings.
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Abstract

Factual consistency is an essential quality of
text summarization models in practical settings.
Existing work in evaluating this dimension can
be broadly categorized into two lines of re-
search, entailment-based and question answer-
ing (QA)-based metrics, and different exper-
imental setups often lead to contrasting con-
clusions as to which paradigm performs the
best. In this work, we conduct an extensive
comparison of entailment and QA-based met-
rics, demonstrating that carefully choosing the
components of a QA-based metric, especially
question generation and answerability classi-
fication, is critical to performance. Building
on those insights, we propose an optimized
metric, which we call QAFACTEVAL, that
leads to a 14% average improvement over pre-
vious QA-based metrics on the SummaC fac-
tual consistency benchmark, and also outper-
forms the best-performing entailment-based
metric. Moreover, we find that QA-based and
entailment-based metrics can offer complemen-
tary signals and be combined into a single met-
ric for a further performance boost.

1 Introduction

Text summarization aims to compress long docu-
ment(s) into a short and fluent form that preserves
salient information. The field has benefited from
the application of pretrained methods (Liu and La-
pata, 2019; Lewis et al., 2020; Zhang et al., 2020a).
However, state-of-the-art models are not always
factually consistent with the source documents they
are conditioned on (Maynez et al., 2020; Fabbri
et al., 2021). Thus, determining the factual consis-
tency of a summary remains an essential task.

Recent metrics for summarization factual consis-
tency can be broadly split into two categories: 1)
Entailment-based metrics that determine whether
the content in the summary is entailed by the in-
put document (Kryscinski et al., 2020; Koto et al.,

Document
The Knicks beat the Rockets. The fans were excited.

Summary
The Knicks beat the Bucks.

Entailment Matrix Selected Answer
[Contra, Neutral, Support] the Bucks
[

0.90 0.07 0.03
0.02 0.90 0.08

] Generated Question
Who did the Knicks beat?

QA Output
the Rockets

Max Support Score Answer Overlap Score
0.08 0.20

Table 1: Toy example of a factual inconsistency be-
tween a summary and a source document. Left: The
entailment-based metric computes the level of contradic-
tion, neutrality, and support between the summary and
each source document sentence. The final factual consis-
tency metric is calculated as the maximum support score
over all source sentences. Right: The QA-based metric
first selects a noun-phrase answer from the summary. A
QG model then generates an associated question that a
QA model answers based on the source document. The
answer overlap score of the QA-based metric measures
the semantic overlap between the QA model output and
the selected answer as the final metric score.

2020) and 2) QA-based metrics that compute a
factual consistency score based on a QA model’s
ability to answer, using the input document, ques-
tions generated from the summary (Wang et al.,
2020a; Durmus et al., 2020). We provide an illus-
trative example in Table 1 in which both metric
types correctly identify the factual inconsistency
and output a low score.

Quantitative comparisons among entailment-
based and QA-based metrics, however, often differ
in their choices of baseline model and input granu-
larity, evaluating on single datasets and drawing dif-
fering conclusions as to the best paradigm. For ex-
ample, some work reports entailment-based metrics
as performing best (Koto et al., 2020; Maynez et al.,
2020), while other work argues for QA metrics
(Durmus et al., 2020; Wang et al., 2020b; Scialom
et al., 2021). Recently, Laban et al. (2021) pro-
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posed a benchmark called SummaC to compare
metrics across six factual consistency datasets for
the task of binary factual consistency classifica-
tion, whether a summary is entirely factually con-
sistent or not. This work unifies prior work on
entailment-based metrics by studying the effect of
input granularity, pretrained entailment model, and
other hyperparameter choices on downstream eval-
uation performance. However, it does not study the
components of QA-based metrics, which are more
interpretable by their inherent decomposability.

To unify work in QA-based factual consistency
evaluation, we do an extensive hyperparameter
analysis of current metrics. We break down these
metrics into four constituent components: 1) the
selection of answers to ask questions about, 2) ques-
tion generation (QG) conditioned upon these an-
swers, 3) question answering (QA) based on the
source document, and 4) answer overlap evaluation
between QA model output and selected answers.
We study the effect of each of these components
on metric performance. Based on our insights,
we propose an optimized metric, which we call
QAFACTEVAL , that outperforms the entailment-
based metrics of Laban et al. (2021).

Our contributions are the following: 1) We
analyze all components of the QA-based metric
pipeline, and our proposed solution improves per-
formance over prior QA-based metrics by over
14% on a factual consistency benchmark consisting
of 6 individual datasets, achieving state-of-the-art
results. 2) We show that QA-based metrics and
NLI-based metrics offer complementary signals
and combine them into a new metric via a simple
learned network, further improving performance.
3) We report results for 10 additional metrics across
classification and correlation analysis, providing
the most comprehensive benchmark results for fac-
tual consistency metrics and highlighting areas for
future work in QA-based metrics 1.

2 Related Work

Evaluating Factual Consistency Within
entailment-based factual consistency evaluation,
Falke et al. (2019) propose the task of ranking
summary pairs for factual consistency based on
entailment models, while Kryscinski et al. (2020)
explore factual consistency classification jointly
with source support or contradiction span extrac-

1Code and metric outputs will be made publicly available:
https://github.com/salesforce/QAFactEval

tion. Other work on entailment-based metrics has
examined input granularity (Goyal and Durrett,
2020), trained on adversarial datasets (Barrantes
et al., 2020), and explored entailment-based
models as the backbone of others metrics such as
BERTScore (Zhang et al., 2020b) as in Koto et al.
(2021). Metric comparisons, however, were often
conducted on isolated datasets. Laban et al. (2021)
unify work in entailment-based metrics for factual
consistency, showing the effect of granularity, base
models, and other hyperparameter choices. This
work also proposes a learned metric built on top of
the output of an entailment model, with parameters
fine-tuned on synthetic data. While this work fills
a gap in the use of entailment-based metrics for
factual consistency, our work analogously unifies
QA-based metrics for factual consistency and
proposes to combine entailment and QA-based
metrics in a single learned metric.

QA-based evaluation metrics have received at-
tention for summary quality dimensions beyond
factual consistency (Eyal et al., 2019; Scialom
et al., 2019; Deutsch et al., 2020). Recent work
has shown that QA-based metrics better measure
the overlap of information units for determining
summary relevance over embedding-based metrics
(Deutsch and Roth, 2021), further driving our study
of QA-based metrics for factual consistency. While
several QA-based metrics with similar structures
have been applied for factual consistency, (Durmus
et al., 2020; Wang et al., 2020b; Scialom et al.,
2021), they differ in their underlying answer se-
lection, question generation, question answering,
and answer overlap components, reporting differ-
ent performances. We perform a comprehensive
evaluation of QA-based metric components and
propose improved model components for the task
of answer overlap and question filtering.

Summarization Benchmarking A recent line
of work aims to take stock of the current state of
summarization models and progress, both within
factual consistency and across summarization more
broadly. Kryscinski et al. (2019) note biases and
failure modes of abstractive summarization models,
while other work analyzes and collects annotations
over the output of recent summarization models
across multiple dimensions, including factual con-
sistency (Fabbri et al., 2021; Bhandari et al., 2020;
Huang et al., 2020). Lux et al. (2020) propose a
typology of errors found in summarization models,
while Gabriel et al. (2021) propose a framework for
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meta-evaluation of factual consistency metrics. La-
ban et al. (2021) propose to combine recent work in
factual consistency evaluation for summarization
through a single benchmark. Our work directly
makes use of this benchmark while emphasizing
QA-based metrics. We also include correlation
analysis for a more comprehensive understanding
of current factual consistency metrics.

3 Evaluation Metrics

In this section, we introduce the factual consistency
metrics studied, which we divide into entailment
metrics, QA-based metrics, and learned metrics.

3.1 Entailment-based Metrics

We include the following entailment-based metrics
due to further understand differences in granularity
and base entailment models. The metrics below
produce a score for each summary sentence that is
then averaged to compute the final metric score.

MNLI applies a RoBERTa large (Liu et al., 2019)
model trained on MNLI (Williams et al., 2018).
The score of a summary sentence is the maximum
entailment score over all input sentences.

ANLI Barrantes et al. (2020) uses the same
method as the MNLI metric with a model trained
on the ANLI (Nie et al., 2020) dataset consisting
of adversarial datapoints.

SCZeroShot Laban et al. (2021) works analo-
gously to the above metrics with a base model
trained on both MNLI and Vitamin-C data (Schus-
ter et al., 2021), consisting of closely-related con-
trastive entailment examples.

BertScore-FFCI Koto et al. (2021) applies
BertScore (Zhang et al., 2020b) with a backbone
RoBERTa-MNLI model, averaging the three high-
est BertScore F1 scores over the input sentences.

DAE Goyal and Durrett (2020) computes en-
tailment scores between a source document and
summary dependency arcs, applying an entailment
model trained on synthetic data.

FactCC Kryscinski et al. (2020) is a RoBERTa-
base model trained on FactCC synthetic data to
compute a document-level score, and thus the
scores need not be aggregated over input sentences.

DocNLI Yin et al. (2021) train a document-level
entailment model, similar to the FactCC metric.

3.2 QA Metric Components
We now describe the components that constitute
the QA-based pipeline for factual consistency. We
refer to our metric, consisting of the best combina-
tion of the below components, as QAFACTEVAL.

Answer Selection QA-based metrics compare in-
formation units between the summary and source,
so it is thus necessary to first extract such units, or
answers, from the given summary. We follow the
protocols from Deutsch et al. (2020) and compare
extracting the following answer types: named enti-
ties (NER), noun phrase chunks (NP Chunks), max-
imally sized noun phrases (Max NP), whereby the
dependency subtrees of nouns reached by travers-
ing a given sentence’s dependency parse from the
root are chosen as answers, and All, which com-
bines answers from the above three techniques.

Question Generation Having selected answers,
questions are generated conditioned upon these an-
swers using the summary as context. Typically, this
is an encoder-decoder model which inputs the an-
swer and context separated by a special token. On
the modeling side, we examine BART (Lewis et al.,
2020) and T5 (Raffel et al., 2019) as the underlying
generators. On the data side, we experiment with
models trained for question generation on SQuAD
(Rajpurkar et al., 2016), a standard QA dataset con-
sisting of questions on Wikipedia articles, and on
QA2D (Demszky et al., 2018), a dataset of declar-
ative sentences with associated question/answer
pairs derived from SQuAD. Furthermore, we exper-
iment with the recently-introduced MixQG models
(Murakhovs’ka et al., 2021), which are T5 models
trained on a combination of nine QA datasets with
diverse answer types and which outperform other
QG models across several tasks. We apply both
the small and large versions of MixQG to better
understand the effect of QG model size.

Question Answering The QA component an-
swers questions from the previous steps using the
input document as context. We experiment with
both extractive QA models, which extract a text
span from the input as an answer, and abstractive
QA models, which generate an answer token-by-
token. For extractive models, we ablate Electra
(Clark et al., 2020), a model architecturally similar
to BERT (Devlin et al., 2019) that achieves strong
performance on the SQuAD 2.0 dataset and was
previously used in measuring summary relevance
(Deutsch et al., 2020). We also include MADE
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(Friedman et al., 2021), which models multi-dataset
QA with a collection of dataset-specific adapter
modules sharing the same underlying RoBERTa-
base model. For abstractive QA, we experiment
with T5 fine-tuned on SQuAD and UnifiedQA
(Khashabi et al., 2020), an approach that trains
a T5 QA model on 8 diverse, seed datasets and
was shown to generalize across 20 datasets and 4
input formats. All QA models except MADE are
trained on data containing unanswerable questions.
Additional QA models can be included, although
the above set of models allows us to inspect the as-
pects of interest in this study, namely extractive vs
abstractive performance and multi-dataset training.

Answer Overlap Evaluation An answer over-
lap metric must be computed to determine the
match between the initial answer selected in the
first component and the QA model output. Typi-
cally, answer overlap in QA is measured through
exact match (EM) score or word F1 score. We also
test a learned metric, the LERC score proposed by
Chen et al. (2020). This metric outputs a 1-5 an-
swer overlap score conditioned on a question and
context. The scorer is trained on their MOCHA
dataset, consisting of 40k crowdsourced judgments
on QA model outputs. We include the BERT-base
(Devlin et al., 2019) model from the original paper,
which we call LERC (orig). We additionally experi-
ment with two models trained from RoBERTa-large
checkpoints, one trained from the original check-
point, LERC (RoBERTa), and one initialized from
Jia et al. (2021), which we call LERC (QuIP), for
the task of jointly encoding passages and answers
with question-infused pretraining. Lastly, we ex-
periment with the IsAnsweredInput answer metric,
which is a 0/1 score of whether the question is an-
swerable using the input document according to the
QA model. We use the Electra-large QA model to
determine whether a question is answerable, as this
model shows strong performance on identifying
unanswerable questions on SQuAD.

Question Filtering Model-generated questions
may contain noise from the QG model itself or
from disfluencies in the summary the QG model
conditions upon. Such noisy questions can skew
the overall metric score, as the QA component may
be unable to correctly answer the question, regard-
less of the summary’s factual consistency. We filter
such questions through a step called IsAnswered-
Summ Filter: the same Electra-large QA model

returns a 0/1 score of whether the question is an-
swerable, now using the summary as context, and
questions labeled as unanswerable are filtered.

Overall For a given question, if IsAnsweredIn-
put returns 0, the question is unanswerable using
the input, we label all the above answer overlap
scores as 0, and otherwise use the answer overlap
score. We refer to this scoring of unanswerable
questions as 0 as the Answerability Penalty. We
also experiment with not setting the overlap score
of these unanswerable questions to 0 but rather us-
ing the answer overlap score of the most probable
answer from the QA model. Finally, the overall fac-
tual consistency score for each metric is computed
as its average scores over all questions remaining
following Question Filtering.

3.3 Learned Metrics

SCConv is a model introduced by Laban et al.
(2021) that learns to aggregate entailment-model
output scores across input sentences into a single
score. More concretely, for a document consisting
of M sentences and a summary consisting of N
sentences, the entailment-based model produces an
M ×N matrix of entailment scores. The M ×N
matrix is then transformed to an H × N matrix
by binning the M sentences to create a histogram,
whereH is the number of bins. This matrix is input
to a 1-D convolution layer to produce a score for
each summary sentence, and the scores are aver-
aged across summary sentences. The parameters of
this model are fine-tuned on synthetic data, detailed
in Section 4.2

QAFACTEVAL-NLI While SCConv captures
sentence-level support, QAFACTEVAL measures
finer-grained answer overlap between the source
and summary. Thus, we are able to combine
these two into a single factual consistency met-
ric, QAFACTEVAL-NLI. Assume that K answers
are extracted from the summary. The pipeline de-
scribed above will then output a single score per
answer for the entire summary, resulting in an array
of length K. We convert this to a histogram of size
H in a similar manner as SCConv and pass this
histogram through a 1-D convolution layer to pro-
duce a single QA score. This score is concatenated
with the NLI score produced by SCConv and input
to a linear layer to produce the final metric score.
The linear layer can be trained in either synthetic
or supervised ways, detailed in Section 4.2.
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3.4 Additional Metrics

We include the following metrics for completeness.

BARTScore Yuan et al. (2021) calculates
the log-likelihood from BART fine-tuned on
CNN/DailyMail (Hermann et al., 2015; Nallapati
et al., 2016) of the summary conditioned upon the
source text as a metric for factual consistency.

BLANC Vasilyev et al. (2020) is a reference-less
metric of summary quality that measures the dif-
ference in masked language modeling performance
with and without access to the summary.

QuestEval (Scialom et al., 2021) is the prior
state-of-the-art QA-based metric for factual con-
sistency. The T5-base (SQuAD) QG and T5-base
QA models described above are applied directly
from the QuestEval metric. QuestEval generates
questions based on the input document and answers
them using the summary in addition to following
the above QA metric pipeline. QuestEval aggre-
gates the score from these two pipelines. We be-
lieve that our described pipeline more closely mea-
sures factual consistency, while generating ques-
tions from the source may confound factual consis-
tency with relevance.

4 Methodology

We present the datasets explored for binary classifi-
cation and correlation analyses. We also describe
settings for reporting ablation and final results.

4.1 Data

The SummaC benchmark (Laban et al., 2021) in-
troduces a collection of datasets for binary factual
consistency evaluation. A data point is labeled as
positive if it contains no factual inconsistencies or
is rated the highest possible score in the case of
Likert scaling, and as negative otherwise. We now
briefly describe the datasets in the benchmark and
any departures from the original benchmark, and
additional datasets we use for correlation analysis.
We refer the reader to Laban et al. (2021) for further
details regarding the benchmark creation.

CGS Falke et al. (2019) consists of paired sum-
mary sentences from CNN/DailyMail (Hermann
et al., 2015; Nallapati et al., 2016), one correct
sentence and one containing an error. Laban et al.
(2021) treats the correct summaries as positive ex-
amples and the others as negative examples.

XSF Maynez et al. (2020) consists of summaries
from the XSum dataset (Narayan et al., 2018) an-
notated for word-level factual consistency errors.

Polytope Huang et al. (2020) propose a typology
of eight summarization errors consisting of both
content and stylistic errors and annotate model out-
puts from 10 systems on CNN/DailyMail data. The
original SummaC benchmark included the Omis-
sion and Addition errors of this proposed typology
as factual inconsistencies, but these are largely ex-
tractive, factually consistent summaries. We thus
label these examples as factually consistent and
report results on this modified dataset.

FactCC Kryscinski et al. (2020) introduce a fac-
tual consistency dataset on CNN/DailyMail anno-
tated by the authors of the paper to ensure the qual-
ity of the annotations.

SummEval Fabbri et al. (2021) analyze sum-
maries from 17 models on CNN/DailyMail across
the dimensions of factual consistency, coherence,
fluency, and relevance.

FRANK Pagnoni et al. (2021) introduce an ex-
tensive typology of errors made by summarization
systems across CNN/DailyMail and XSum.

QAGs Wang et al. (2020b) crowdsource
sentence-level summary annotations for factual
consistency across CNN/Daily Mail and XSum
data. We only report correlation analysis for this
dataset as it was not a part of SummaC.

4.2 Experiment Setup

Metric Implementation Metrics were applied
directly from the original GitHub repository or by
using the SacreRouge Library (Deutsch and Roth,
2020), which was also used in correlation analy-
sis. The learned metrics make use of code released
from Laban et al. (2021) for training, and all mod-
els are implemented in PyTorch (Li et al., 2020)
and in the Transformers library (Wolf et al., 2019).
The BART-large (QA2D) QG and Electra-large
QA models are applied from the QAEval relevance
modeling metric (Deutsch et al., 2020).

Ablation Settings Following Laban et al. (2021),
a metric threshold score for binary classification
is determined from the validation set of SummaC
and applied to the test set. This threshold score is
determined for every metric studied. Furthermore,
we note that hyperparameter choices for several of
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the strong entailment baselines, namely SCConv,
SCZeroShot, and MNLI are derived from Laban
et al. (2021), thus providing a reasonable compar-
ison to QAFactEval, whose hyperparameters we
tune on the SummaC validation set. For ablation
studies, we both perform thresholding and evalua-
tion on the validation set to preserve the integrity of
the test set. For each benchmark dataset, we sam-
ple a random subset of 80% of the validation set to
determine the threshold and evaluate on the remain-
ing 20% of the validation set. The best performing
combination of QA metric components constitutes
our QAFACTEVAL metric. We take the best per-
forming combination of QA metric components
and vary a given component, such as answer selec-
tion, while holding all other components constant
and consistent with the best component combina-
tion.

Training Settings To tune the parameters of the
learned metrics, we train on a subset of 50k syn-
thetic data points from FactCC, following Laban
et al. (2021). We name these runs synthetic setting
due to the lack of human-labeled data. We also
experiment with a supervised setting by fine-tuning
the parameters on the SummaC validation set for
each individual dataset, choosing the threshold on
this validation data, and applying the model to the
test set. Training on such a small amount of data
is feasible due to the small number of parameters
of the learned metrics. Cross entropy loss with
Adam (Kingma and Ba, 2015) optimizer is used,
with a batch size of 32 and a learning rate of 1e-2.

5 Results

In this section, we first study the effects of model
component choices on QAFACTEVAL . We then
compare metric results across both the SummaC
binary classification task and correlation analysis.

5.1 Ablation Results

We provide the results of our ablation studies on
the components of QA-based metrics in Table 2
and show two illustrative examples in Table 4.

Effect of Answer Selection Selecting NP
Chunks performs best, aligning with Deutsch et al.
(2020), which shows that NP Chunks obtain the
largest coverage of information units while retain-
ing high precision. We find a large decrease in
performance when selecting NER and only a slight
decrease in performance when choosing Max NP

Component Model Choice Benchmark
QAFACTEVAL 77.5

Answer Selection

NP Chunks -
Max NP 75.7
NER 66.4
ALL 75.7

Question Generation

BART-large (QA2D) -
BART-large (SQuAD) 74.3
T5-base (SQuAD) 67.0
MixQG-base 75.1
MixQG-large 74.9

Question Answering

Electra-large -
Electra-base 77.0
MADE 77.4
T5-base 76.1
UnifiedQA-base 75.7

Answer Overlap

LERC (QuIP) -
EM 68.4
F1 71.7
IsAnsweredInput 73.3
LERC (orig) 71.8
LERC (RoBERTa) 77.3

Filtering/Answerability

Both -
No IsAnsweredSumm Filter 73.8
No Answerability Penalty 72.1
Neither 67.4

Table 2: Results of ablation studies on the SummaC
benchmark validation set, showing the effect of the indi-
vidual components of QAFACTEVAL . The first row rep-
resents the performance of the best combination of com-
ponents. Ablations are performed by swapping a given
component while holding all others consistent with the
best overall model, and the best setting is bolded.

or ALL answers together. Named entity selection
likely performs worse due to the scarcity of ex-
tracted answers; only three entities are extracted
on average across the benchmark, while all other
approaches extract over 10 answers per summary.

Effect of QG Models The choice of the QG
model notably affects downstream performance.
BART-large (QA2D) works the best and produces
much longer questions, about 17 tokens on average,
versus about 10 from the other models. Deutsch
et al. (2020) note how humans tend to produce
shorter questions. However, longer questions may
be preferable for this task to facilitate the QA
model’s ability to understand and answer the ques-
tion. BART-large (QA2D) also is the most extrac-
tive, with only about 20% novel unigrams in the
question, while T5-base (SQuAD) model is the
most abstractive with about 47% novel unigrams,
resulting in occasional hallucinations and questions
that the QA model struggles to answer. As seen in
Table 4, MixQG models do often produce highly-
fluent questions, but the longer, highly-extractive
output of BART-large (QA2D) improves down-
stream factual consistency performance.

Effect of QA Model Surprisingly, we do not
find a large difference in the QA model compo-
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Model Type Model Name CGS XSF Polytope FactCC SummEval FRANK Benchmark

Misc
BARTScore 63.3 53.3 80.4 66.8 69.8 80.0 68.9
BLANC 51.6 54.5 72.2 53.0 63.0 76.2 61.8
FactCC 64.8 56.6 80.2 77.1 73.6 70.3 70.4

Entailment

BertScore-FFCI 56.9 68.8 69.2 57.9 67.4 71.9 65.4
DAE 71.3 49.7 78.9 80.7 74.7 81.0 72.7
ANLI 74.9 53.0 77.6 85.8 75.9 78.9 74.4
MNLI 67.6 61.5 77.3 89.8 78.7 79.6 75.7
DocNLI 49.6 57.0 84.7 73.0 75.6 70.9 68.5
SCZeroShot 59.6 56.1 81.5 83.2 77.9 78.5 72.8

QA
QuestEval 59.4 61.9 73.1 66.5 68.4 79.8 68.2
QAFACTEVAL 75.1 63.1 79.8 84.1 80.9 83.9 77.8

Learned

SCConv (synthetic) 60.8 60.9 76.0 88.1 78.1 81.6 74.3
QAFACTEVAL-NLI (synthetic) 74.2 59.1 82.1 91.1 80.2 83.4 78.3
QAFACTEVAL-NLI (supervised) 78.1 60.9 83.7 89.3 80.5 84.3* 79.5*

Table 3: Balanced accuracy on the test set of the six SummaC benchmark datasets, and the average over the
benchmark. Metrics are divided into entailment-based, QA-based, and learned metrics that are fine-tuned on
synthetic or supervised data. An improvement over prior work with a 99% confidence interval is indicated by *.

Document Paul Merson has restarted his row with Andros
Townsend. ... ’... it was a great goal,’ Merson
said. ’It’s just a matter of opinion, and ... he
got pulled off after half an hour .... in front
of Roy Hodgson, so he shouldn’t have been in
the squad. ...’ ... Sky Sports pundit Merson
(centre) criticised Townsend’s call-up to the
England squad last week ....

They’re not gonna take it anymore. Really.
Twisted Sister says that its 2016 tour will be its
last, according to a press release. ... The band
will also perform two shows in Pero’s honor:
one at Las Vegas Hard Rock Hotel and Casino,
the other at the Starland Ballroom in Sayreville,
New Jersey.

Summary Paul Merson is not happy with Andros
Townsend’s call-up to the England squad last
week

The band will perform two shows.

Selected Answer Andros Townsend’s call-up the band
Question Generation BART-QA2D MixQG-large BART-QA2D Question

What is Paul Mer-
son not happy with to
the England squad last
week?

What is Paul Merson
not happy with? Who will perform two shows?

QA Output Townsend’s call-up he shouldn’t have been
in the squad

Unanswerable (Twisted Sister)

Answer Overlap 1.00 0.30 0.00 (0.80)

Table 4: Example source documents and summaries along with QA-based metric component outputs. Left: This
example illustrates that the fluency of the QG model does not necessarily improve downstream factual consistency
evaluation performance; the less fluent, more extractive BART-QA2D question is more-easily answerable by the QA
model. Not shown, the entailment-based SCConv metric incorrectly labels this entity-centric example, likely due
the introduction of novel unigrams. Right: The QA model incorrectly labels this question as unanswerable, perhaps
due to the generality of the question or due to noise in the input document. The QA output and our learned overlap
score if forced to extract an answer are in parenthesis. SCConv correctly labels this highly extractive example.

nent across model sizes or between extractive and
abstractive QA models, implying that QA ability is
not the bottleneck of our task. In this setting, we
keep IsAnsweredInput from Electra-large constant,
as not all QA models are trained with unanswer-
able questions; thus the only differences are in the
answers to questions marked as answerable.

Effect of Answer Overlap Metric We observe
a large difference between EM and other overlap
metrics. We also see a notable gap between LERC
(orig) and LERC (RoBERTa) along with a further

slight improvement with LERC (QuIP), showing
the effect of the underlying model of the learned
metric on factual consistency performance.

Effect of Question Filtering and Answerabil-
ity Not filtering questions according to the QA
model’s ability to answer them conditioned upon
the summary decreases performance. Furthermore,
not applying the Answerability Penalty, and using
the answer overlap score for the most probable
answers for all questions, even those judged unan-
swerable by the QA model, also decreases perfor-

2593



Model Type Model Name XSF SummEval FRANK-CNNDM FRANK-XSum QAGs-CNNDM QAGs-XSum

Misc
BARTScore 0.25 0.37 0.58 0.15 0.73 0.17

BLANC 0.03 0.20 0.33 0.07 0.33 0.02
FactCC 0.04 0.37 0.38 0.06 0.40 0.30

Entailment

BertScore-FFCI 0.45 0.27 0.36 0.16 0.53 0.21
DAE 0.02 0.45 0.50 0.22 0.63 -0.20
ANLI 0.16 0.43 0.53 0.18 0.65 0.39
MNLI 0.18 0.44 0.52 0.18 0.66 0.35

DocNLI 0.01 0.41 0.12 0.26 0.16 -0.34
SCZeroShot 0.06 0.50 0.55 0.27 0.57 0.44

QA
QuestEval 0.45 0.41 0.52 0.24 0.51 0.23

QAFACTEVAL 0.29 0.61 0.66 0.32 0.68 0.44

Learned
SCConv (synthetic) 0.12 0.50 0.59 0.30 0.03 0.06

QAFACTEVAL-NLI(synthetic) 0.19 0.61 0.66 0.25 0.65 0.48

Table 5: Instance-level Pearson correlation coefficients across factual consistency evaluation datasets. Metrics are
divided into entailment-based, QA-based, and learned metrics that are fine-tuned on synthetic or supervised data.
The two highest-correlated metrics for each dataset are shown in bold.

mance. While the answer overlap metric should
capture unanswerable questions for information not
found in the input (extrinsic error), the selected an-
swer may appear in both the summary and source
but in different contexts (intrinsic error). The QA
model may return this as the most probable answer
and be scored as correct by the answer overlap
component despite a factual inconsistency. This
finding demonstrates the importance of determin-
ing question answerability, a point also emphasized
in Deutsch et al. (2020) for QA-based metrics of
relevance. Removing both of these components
results in a drastic performance decrease.

5.2 Overall Results

We present the results on the test set of SummaC
in Table 3. QAFACTEVAL shows a substantial
improvement over the previous state-of-the-art QA
metric for factual consistency, QuestEval. Further-
more, it outperforms all other entailment-based
metrics. QAFACTEVAL-NLI shows slight im-
provements on the synthetic data. Notable im-
provements in this synthetic setting can be ob-
served on the FactCC dataset, likely as the syn-
thetic FactCC data the model is trained on was de-
signed to mirror the errors captured in annotations.
This performance boost on FactCC motivated our
use of supervised data for fine-tuning our learned
metric. Supervised fine-tuning on validation data
helps in most cases and QAFACTEVAL-NLI (su-
pervised) improves on the overall benchmark by
a statistically significant margin, using bootstrap
resampling (Efron, 1982) with Bonferroni correc-
tion (Bonferroni, 1935) to obtain 99% confidence
intervals (see Appendix for details). The perfor-
mance drop on FactCC could be due to the prox-
imity of the synthetic data to the labeled data and

the data size difference. BertScore-FFCI performs
best on XSF perhaps due to the closeness between
BertScore’s token-level metric and XSF’s word-
level annotations, and DocNLI’s Polytope perfor-
mance may also be from training data similarity.

We find that QAFACTEVAL and SCConv do
offer complementary signals that can be learned
from supervised data. Individually fine-tuning
the learned SCConv or a learned variation of
QAFACTEVAL on supervised data did not improve
results over the non-supervised metrics; this re-
sult suggests the necessity of combining the two
for further improvements. Training on the valida-
tion sets combined, rather than on each individual
dataset separately, did not give an improvement,
likely due to the learnable combination of NLI and
QAFACTEVAL being dataset dependent.

5.3 Correlation Analysis

We provide instance-level Pearson correlation be-
tween aggregated human judgments and metric
scores for each model to compare to previous work
in factual consistency that reports correlation analy-
sis. Results are shown in Table 5. We split FRANK
into CNN/DailyMail and XSum subsets for finer-
grained analysis, as substantial differences have
been noted in correlation performance across the
two datasets (Durmus et al., 2020). We exclude
Polytope, FactCC, and CGS here as prior work has
only studied these datasets for binary classification.

We find that QAFACTEVAL performs well
across most datasets. As in the classification results,
BertScore-FFCI’s performs well on XSF, and we
note that QuestEval’s answerability classifier corre-
lates more so with these fine-grained annotations
than on other datasets. QAFACTEVAL-NLI per-
forms well on most datasets except XSF. Fine-
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tuning on FactCC synthetic data for binary clas-
sification likely does not capture the aggregated,
word-level factuality scores of XSF. We leave a
study of fine-tuning this model on supervised data
with a regression loss for future work.

6 Conclusion

In this work, we demonstrated that QA-based met-
rics, when its components are properly optimized,
outperform entailment-based metrics on a compre-
hensive factual consistency evaluation benchmark.
We identify question generation and answerability
detection as key components for improving QA-
based metrics in future work. Furthermore, we
show that entailment and QA-based metrics offer
complementary signals through a combined met-
ric that achieves state-of-the-art performance on
this benchmark. We believe that our work lays the
foundation for future work in QA-based metrics for
factual consistency by offering a fairer comparison
to other metrics across datasets and settings.

7 Ethical Considerations

Dataset Biases The underlying models of the
metrics presented in this work are trained on doc-
uments in English and thus mainly represent the
culture of the English-speaking populace. Politi-
cal or gender biases may also exist in the datasets,
and models, and subsequently the metrics, trained
on these datasets may propagate these biases. We
did not stress test these metrics for such biases and
request that the users of these metrics be aware of
these potential issues in applying them.

Misuse Potential and Failure Mode When prop-
erly used, the metrics described in this paper can
be a useful tool for detecting summarization model
errors. However, the current metrics fail to detect
all factual inconsistencies, which must be remem-
bered when applying these metrics as a filter for
downstream applications. Factual inconsistencies
in summaries could contribute to misinformation
on the internet.

Environmental Cost The experiments described
in the paper primarily make use of A100 GPUs.
Most of the metrics have already been trained, in
which case we simply ran inference using the ex-
isting models. We typically used a single GPU
per experiment. Training learned answer overlap
components can take a couple of hours, while ex-
periments for learned metrics on SummaC take

less than 10 minutes. These are the base mod-
els used in these experiments, with the number
of parameters, in millions, in parentheses: BERT-
base (110), BART-large (400), Electra-base (110),
Electra-large (335), RoBERTa-large (355), T5-base
(220), T5-large (770). Future work may analyze
the effect of using distilled backbone models on
factual consistency evaluation.
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McCann, Caiming Xiong, Richard Socher, and
Dragomir R. Radev. 2021. Summeval: Re-evaluating
summarization evaluation. Trans. Assoc. Comput.
Linguistics, 9:391–409.

Tobias Falke, Leonardo F. R. Ribeiro, Prasetya Ajie
Utama, Ido Dagan, and Iryna Gurevych. 2019. Rank-
ing generated summaries by correctness: An interest-
ing but challenging application for natural language
inference. In Proceedings of the 57th Annual Meet-
ing of the Association for Computational Linguistics,
pages 2214–2220, Florence, Italy. Association for
Computational Linguistics.

Dan Friedman, Ben Dodge, and Danqi Chen. 2021.
Single-dataset experts for multi-dataset qa. In Em-
pirical Methods in Natural Language Processing
(EMNLP).

Saadia Gabriel, Asli Celikyilmaz, Rahul Jha, Yejin Choi,
and Jianfeng Gao. 2021. GO FIGURE: A meta eval-
uation of factuality in summarization. In Findings of
the Association for Computational Linguistics: ACL-
IJCNLP 2021, pages 478–487, Online. Association
for Computational Linguistics.

Tanya Goyal and Greg Durrett. 2020. Evaluating factu-
ality in generation with dependency-level entailment.
In Findings of the Association for Computational Lin-
guistics: EMNLP 2020, pages 3592–3603, Online.
Association for Computational Linguistics.

Karl Moritz Hermann, Tomás Kociský, Edward Grefen-
stette, Lasse Espeholt, Will Kay, Mustafa Suleyman,
and Phil Blunsom. 2015. Teaching machines to read
and comprehend. In Advances in Neural Information
Processing Systems 28: Annual Conference on Neu-
ral Information Processing Systems 2015, December
7-12, 2015, Montreal, Quebec, Canada, pages 1693–
1701.

Dandan Huang, Leyang Cui, Sen Yang, Guangsheng
Bao, Kun Wang, Jun Xie, and Yue Zhang. 2020.
What have we achieved on text summarization? In
Proceedings of the 2020 Conference on Empirical
Methods in Natural Language Processing (EMNLP),
pages 446–469, Online. Association for Computa-
tional Linguistics.

Robin Jia, Mike Lewis, and Luke Zettlemoyer. 2021.
Question answering infused pre-training of general-
purpose contextualized representations.

Daniel Khashabi, Sewon Min, Tushar Khot, Ashish
Sabharwal, Oyvind Tafjord, Peter Clark, and Han-
naneh Hajishirzi. 2020. UNIFIEDQA: Crossing for-
mat boundaries with a single QA system. In Find-
ings of the Association for Computational Linguistics:
EMNLP 2020, pages 1896–1907, Online. Association
for Computational Linguistics.

Diederik P. Kingma and Jimmy Ba. 2015. Adam: A
method for stochastic optimization. In 3rd Inter-
national Conference on Learning Representations,
ICLR 2015, San Diego, CA, USA, May 7-9, 2015,
Conference Track Proceedings.

Fajri Koto, Timothy Baldwin, and Jey Han Lau. 2021.
Ffci: A framework for interpretable automatic evalu-
ation of summarization.

Fajri Koto, Jey Han Lau, and Timothy Baldwin.
2020. FFCI: A framework for interpretable auto-
matic evaluation of summarization. ArXiv preprint,
abs/2011.13662.

Wojciech Kryscinski, Nitish Shirish Keskar, Bryan Mc-
Cann, Caiming Xiong, and Richard Socher. 2019.
Neural text summarization: A critical evaluation. In
Proceedings of the 2019 Conference on Empirical
Methods in Natural Language Processing and the 9th
International Joint Conference on Natural Language
Processing (EMNLP-IJCNLP), pages 540–551, Hong
Kong, China. Association for Computational Linguis-
tics.

Wojciech Kryscinski, Bryan McCann, Caiming Xiong,
and Richard Socher. 2020. Evaluating the factual
consistency of abstractive text summarization. In
Proceedings of the 2020 Conference on Empirical
Methods in Natural Language Processing (EMNLP),

2596

https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/2020.acl-main.454
https://doi.org/10.18653/v1/2020.acl-main.454
https://doi.org/10.18653/v1/2020.acl-main.454
https://cds.cern.ch/record/98913
https://cds.cern.ch/record/98913
https://doi.org/10.18653/v1/N19-1395
https://doi.org/10.18653/v1/N19-1395
https://transacl.org/ojs/index.php/tacl/article/view/2563
https://transacl.org/ojs/index.php/tacl/article/view/2563
https://doi.org/10.18653/v1/P19-1213
https://doi.org/10.18653/v1/P19-1213
https://doi.org/10.18653/v1/P19-1213
https://doi.org/10.18653/v1/P19-1213
https://doi.org/10.18653/v1/2021.findings-acl.42
https://doi.org/10.18653/v1/2021.findings-acl.42
https://doi.org/10.18653/v1/2020.findings-emnlp.322
https://doi.org/10.18653/v1/2020.findings-emnlp.322
https://proceedings.neurips.cc/paper/2015/hash/afdec7005cc9f14302cd0474fd0f3c96-Abstract.html
https://proceedings.neurips.cc/paper/2015/hash/afdec7005cc9f14302cd0474fd0f3c96-Abstract.html
https://doi.org/10.18653/v1/2020.emnlp-main.33
http://arxiv.org/abs/2106.08190
http://arxiv.org/abs/2106.08190
https://doi.org/10.18653/v1/2020.findings-emnlp.171
https://doi.org/10.18653/v1/2020.findings-emnlp.171
http://arxiv.org/abs/1412.6980
http://arxiv.org/abs/1412.6980
http://arxiv.org/abs/2011.13662
http://arxiv.org/abs/2011.13662
https://arxiv.org/abs/2011.13662
https://arxiv.org/abs/2011.13662
https://doi.org/10.18653/v1/D19-1051
https://doi.org/10.18653/v1/2020.emnlp-main.750
https://doi.org/10.18653/v1/2020.emnlp-main.750


pages 9332–9346, Online. Association for Computa-
tional Linguistics.

Philippe Laban, Tobias Schnabel, Paul N. Bennett, and
Marti A. Hearst. 2021. Summac: Re-visiting nli-
based models for inconsistency detection in summa-
rization.

Mike Lewis, Yinhan Liu, Naman Goyal, Marjan
Ghazvininejad, Abdelrahman Mohamed, Omer Levy,
Veselin Stoyanov, and Luke Zettlemoyer. 2020.
BART: Denoising sequence-to-sequence pre-training
for natural language generation, translation, and com-
prehension. In Proceedings of the 58th Annual Meet-
ing of the Association for Computational Linguistics,
pages 7871–7880, Online. Association for Computa-
tional Linguistics.

Shen Li, Yanli Zhao, Rohan Varma, Omkar Salpekar,
Pieter Noordhuis, Teng Li, Adam Paszke, Jeff Smith,
Brian Vaughan, Pritam Damania, and Soumith Chin-
tala. 2020. Pytorch distributed: Experiences on ac-
celerating data parallel training. Proc. VLDB Endow.,
13(12):3005–3018.

Yang Liu and Mirella Lapata. 2019. Text summariza-
tion with pretrained encoders. In Proceedings of
the 2019 Conference on Empirical Methods in Natu-
ral Language Processing and the 9th International
Joint Conference on Natural Language Processing
(EMNLP-IJCNLP), pages 3730–3740, Hong Kong,
China. Association for Computational Linguistics.

Yinhan Liu, Myle Ott, Naman Goyal, Jingfei Du, Man-
dar Joshi, Danqi Chen, Omer Levy, Mike Lewis,
Luke Zettlemoyer, and Veselin Stoyanov. 2019.
Roberta: A robustly optimized bert pretraining ap-
proach. ArXiv preprint, abs/1907.11692.

Klaus-Michael Lux, Maya Sappelli, and Martha Larson.
2020. Truth or error? towards systematic analysis
of factual errors in abstractive summaries. In Pro-
ceedings of the First Workshop on Evaluation and
Comparison of NLP Systems, pages 1–10, Online.
Association for Computational Linguistics.

Joshua Maynez, Shashi Narayan, Bernd Bohnet, and
Ryan McDonald. 2020. On faithfulness and factu-
ality in abstractive summarization. In Proceedings
of the 58th Annual Meeting of the Association for
Computational Linguistics, pages 1906–1919, On-
line. Association for Computational Linguistics.

Lidiya Murakhovs’ka, Chien-Sheng Wu, Tong Niu,
Wenhao Liu, and Caiming Xiong. 2021. Mixqg: Neu-
ral question generation with mixed answer types.

Ramesh Nallapati, Bowen Zhou, Cicero dos Santos,
Caglar Gulcehre, and Bing Xiang. 2016. Abstrac-
tive text summarization using sequence-to-sequence
RNNs and beyond. In Proceedings of The 20th
SIGNLL Conference on Computational Natural Lan-
guage Learning, pages 280–290, Berlin, Germany.
Association for Computational Linguistics.

Shashi Narayan, Shay B. Cohen, and Mirella Lapata.
2018. Don’t give me the details, just the summary!
topic-aware convolutional neural networks for ex-
treme summarization. In Proceedings of the 2018
Conference on Empirical Methods in Natural Lan-
guage Processing, pages 1797–1807, Brussels, Bel-
gium. Association for Computational Linguistics.

Yixin Nie, Adina Williams, Emily Dinan, Mohit Bansal,
Jason Weston, and Douwe Kiela. 2020. Adversarial
NLI: A new benchmark for natural language under-
standing. In Proceedings of the 58th Annual Meet-
ing of the Association for Computational Linguistics,
pages 4885–4901, Online. Association for Computa-
tional Linguistics.

Artidoro Pagnoni, Vidhisha Balachandran, and Yulia
Tsvetkov. 2021. Understanding factuality in abstrac-
tive summarization with FRANK: A benchmark for
factuality metrics. In Proceedings of the 2021 Con-
ference of the North American Chapter of the Asso-
ciation for Computational Linguistics: Human Lan-
guage Technologies, pages 4812–4829, Online. As-
sociation for Computational Linguistics.

Colin Raffel, Noam Shazeer, Adam Roberts, Katherine
Lee, Sharan Narang, Michael Matena, Yanqi Zhou,
Wei Li, and Peter J. Liu. 2019. Exploring the limits
of transfer learning with a unified text-to-text trans-
former. arXiv e-prints.

Pranav Rajpurkar, Jian Zhang, Konstantin Lopyrev, and
Percy Liang. 2016. SQuAD: 100,000+ questions for
machine comprehension of text. In Proceedings of
the 2016 Conference on Empirical Methods in Natu-
ral Language Processing, pages 2383–2392, Austin,
Texas. Association for Computational Linguistics.

Tal Schuster, Adam Fisch, and Regina Barzilay. 2021.
Get your vitamin C! robust fact verification with
contrastive evidence. In Proceedings of the 2021
Conference of the North American Chapter of the
Association for Computational Linguistics: Human
Language Technologies, pages 624–643, Online. As-
sociation for Computational Linguistics.

Thomas Scialom, Paul-Alexis Dray, Gallinari Patrick,
Lamprier Sylvain, Piwowarski Benjamin, Staiano Ja-
copo, and Wang Alex. 2021. Questeval: Summariza-
tion asks for fact-based evaluation. ArXiv preprint,
abs/2103.12693.

Thomas Scialom, Sylvain Lamprier, Benjamin Pi-
wowarski, and Jacopo Staiano. 2019. Answers unite!
unsupervised metrics for reinforced summarization
models. In Proceedings of the 2019 Conference on
Empirical Methods in Natural Language Processing
and the 9th International Joint Conference on Natu-
ral Language Processing (EMNLP-IJCNLP), pages
3246–3256, Hong Kong, China. Association for Com-
putational Linguistics.

Oleg Vasilyev, Vedant Dharnidharka, and John Bohan-
non. 2020. Fill in the BLANC: Human-free quality
estimation of document summaries. In Proceedings

2597

http://arxiv.org/abs/2111.09525
http://arxiv.org/abs/2111.09525
http://arxiv.org/abs/2111.09525
https://doi.org/10.18653/v1/2020.acl-main.703
https://doi.org/10.18653/v1/2020.acl-main.703
https://doi.org/10.18653/v1/2020.acl-main.703
https://doi.org/10.14778/3415478.3415530
https://doi.org/10.14778/3415478.3415530
https://doi.org/10.18653/v1/D19-1387
https://doi.org/10.18653/v1/D19-1387
https://arxiv.org/abs/1907.11692
https://arxiv.org/abs/1907.11692
https://doi.org/10.18653/v1/2020.eval4nlp-1.1
https://doi.org/10.18653/v1/2020.eval4nlp-1.1
https://doi.org/10.18653/v1/2020.acl-main.173
https://doi.org/10.18653/v1/2020.acl-main.173
http://arxiv.org/abs/2110.08175
http://arxiv.org/abs/2110.08175
https://doi.org/10.18653/v1/K16-1028
https://doi.org/10.18653/v1/K16-1028
https://doi.org/10.18653/v1/K16-1028
https://doi.org/10.18653/v1/D18-1206
https://doi.org/10.18653/v1/D18-1206
https://doi.org/10.18653/v1/D18-1206
https://doi.org/10.18653/v1/2020.acl-main.441
https://doi.org/10.18653/v1/2020.acl-main.441
https://doi.org/10.18653/v1/2020.acl-main.441
https://doi.org/10.18653/v1/2021.naacl-main.383
https://doi.org/10.18653/v1/2021.naacl-main.383
https://doi.org/10.18653/v1/2021.naacl-main.383
http://arxiv.org/abs/1910.10683
http://arxiv.org/abs/1910.10683
http://arxiv.org/abs/1910.10683
https://doi.org/10.18653/v1/D16-1264
https://doi.org/10.18653/v1/D16-1264
https://doi.org/10.18653/v1/2021.naacl-main.52
https://doi.org/10.18653/v1/2021.naacl-main.52
https://arxiv.org/abs/2103.12693
https://arxiv.org/abs/2103.12693
https://doi.org/10.18653/v1/D19-1320
https://doi.org/10.18653/v1/D19-1320
https://doi.org/10.18653/v1/D19-1320
https://doi.org/10.18653/v1/2020.eval4nlp-1.2
https://doi.org/10.18653/v1/2020.eval4nlp-1.2


of the First Workshop on Evaluation and Comparison
of NLP Systems, pages 11–20, Online. Association
for Computational Linguistics.

Alex Wang, Kyunghyun Cho, and Mike Lewis. 2020a.
Asking and answering questions to evaluate the fac-
tual consistency of summaries. In Proceedings of the
58th Annual Meeting of the Association for Compu-
tational Linguistics, pages 5008–5020, Online. Asso-
ciation for Computational Linguistics.

Alex Wang, Kyunghyun Cho, and Mike Lewis. 2020b.
Asking and answering questions to evaluate the fac-
tual consistency of summaries. In Proceedings of the
58th Annual Meeting of the Association for Compu-
tational Linguistics, pages 5008–5020, Online. Asso-
ciation for Computational Linguistics.

Adina Williams, Nikita Nangia, and Samuel Bowman.
2018. A broad-coverage challenge corpus for sen-
tence understanding through inference. In Proceed-
ings of the 2018 Conference of the North American
Chapter of the Association for Computational Lin-
guistics: Human Language Technologies, Volume
1 (Long Papers), pages 1112–1122, New Orleans,
Louisiana. Association for Computational Linguis-
tics.

Thomas Wolf, Lysandre Debut, Victor Sanh, Julien
Chaumond, Clement Delangue, Anthony Moi, Pier-
ric Cistac, Tim Rault, Rémi Louf, Morgan Funtowicz,
and Jamie Brew. 2019. Huggingface’s transformers:
State-of-the-art natural language processing. ArXiv
preprint, abs/1910.03771.

Wenpeng Yin, Dragomir Radev, and Caiming Xiong.
2021. DocNLI: A large-scale dataset for document-
level natural language inference. In Findings of
the Association for Computational Linguistics: ACL-
IJCNLP 2021, pages 4913–4922, Online. Association
for Computational Linguistics.

Weizhe Yuan, Graham Neubig, and Pengfei Liu. 2021.
Bartscore: Evaluating generated text as text genera-
tion.

Jingqing Zhang, Yao Zhao, Mohammad Saleh, and Pe-
ter J. Liu. 2020a. PEGASUS: pre-training with ex-
tracted gap-sentences for abstractive summarization.
In Proceedings of the 37th International Conference
on Machine Learning, ICML 2020, 13-18 July 2020,
Virtual Event, volume 119 of Proceedings of Machine
Learning Research, pages 11328–11339. PMLR.

Tianyi Zhang, Varsha Kishore, Felix Wu, Kilian Q.
Weinberger, and Yoav Artzi. 2020b. Bertscore: Eval-
uating text generation with BERT. In 8th Inter-
national Conference on Learning Representations,
ICLR 2020, Addis Ababa, Ethiopia, April 26-30,
2020. OpenReview.net.

A Additional Data and Model Details

In this section, we provide details regarding statisti-
cal testing, benchmark statistics, and miscellaneous
details regarding our QA-based experiments.

A.1 Statistical Testing

To determine whether the improvements on the
SummaC benchmark are statistically significant,
we perform significance tests using bootstrap re-
sampling (Efron, 1982), following Laban et al.
(2021). We compare our best model to the best-
performing model from prior work on a given sub-
set of the benchmark. We compare confidence
intervals at significance levels of 0.05 and 0.01
and apply the Bonferroni correction (Bonferroni,
1935). Statistically significant differences at the
0.01 level exist between QAFACTEVAL-NLI (su-
pervised) and the best prior work on the FRANK
subset and for the overall benchmark result. We do
not see statistically significant differences on the
other datasets in the benchmark. However, the sta-
tistically significant difference at the overall bench-
mark is notable; while other metrics may perform
comparably or better on a given dataset, our metric
demonstrates consistent good performance across
datasets.

A.2 Benchmark Statistics

For completeness, we provide additional statistics
for the SummaC benchmark in Table 6. Due to
the exclusion of Omission and Addition as fac-
tual consistency errors in the Polytope dataset, our
dataset contains benchmark replication contains
many more positive examples for that dataset. For
XSF, we restrict the dataset to those examples with
labels for factual consistency with respect to the
source, as opposed to more general factuality labels
which take into account world knowledge, which
results in fewer examples than the original Sum-
maC benchmark. This is the same subset as was
used in Koto et al. (2021).

Please see the following links for the licenses
of the datasets and annotations: CGS2, XSF3,
FactCC4, SummEval5. We did not find licenses
for the remaining datasets analyzed in our study.
The intended uses of these licenses align with our
use for research purposes.

2https://tudatalib.ulb.tu-darmstadt.
de/handle/tudatalib/2002

3https://github.com/
google-research-datasets/xsum_
hallucination_annotations#license

4https://github.com/salesforce/factCC/
blob/master/LICENSE.txt

5https://github.com/Yale-LILY/
SummEval/blob/master/LICENSE
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Dataset # Valid # Test % Positive
CGS 1281 400 49.7
XSF 996 996 9.4

Polytope 634 634 87.2
FactCC 931 503 85.8

SummEval 850 850 90.6
FRANK 671 1575 33.2

Table 6: Statistics of the six datasets in the SummaC
benchmark. We provide the number of validation and
test set examples and the percentage of positive exam-
ples in the validation set.

A.3 Model Parameters
Ablation experiments started from a combination
that provided good initial validation results and
then swapped components. Running every combi-
nation of QA-based metric components is expen-
sive. We experimented with running an ablation of
the QA models with a 2nd-best performing answer
selection component ALL. This reduced all scores
compared to using the NP Chunks component. This
experiment supports our setup of keeping the best
component constant when running ablations in or-
der to determine the highest-performing combina-
tion of components, rather than experimenting with
every combination.

Inference for the MADE QA model is run using
the average of the six MADE adapters’ parameters.

For Question Filtering with the IsAnswered-
Summ Filter, in addition to if the Electra-large
QA model labels the question as unanswerable,
if the F1 overlap score between the selected an-
swer and the QA model output is less than 0.60, we
remove this question. This filter was added only
to IsAnsweredSumm and not IsAnsweredInput as
answering questions based on the summary, from
which the question was generated, should be an
easy task. We reached this threshold based on a
qualitative analysis of model outputs, although this
number could have also been further tuned on the
validation set.

B Additional Correlation Results

We provide additional correlation coefficients as a
point of reference for future work. Instance-level
correlations calculate the correlation between all in-
stances, while the summary-level correlation com-
putes the correlation between scores for each sum-
mary of the same input and then averages over
inputs. Summary-level correlations are excluded

for QAGS as this dataset does not contain anno-
tations for multiple models, which is necessary to
compute this score.
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Model Type Model Name XSF SummEval FRANK-CNNDM FRANK-XSum QAGs-CNNDM QAGs-XSum

Misc
BARTScore 0.25 0.34 0.54 0.14 0.68 0.17

BLANC 0.07 0.20 0.33 0.06 0.30 0.03
FactCC 0.05 0.37 0.41 0.05 0.49 0.26

Entailment

BertScore-FFCI 0.45 0.26 0.34 0.15 0.50 0.20
DAE 0.00 0.40 0.49 0.20 0.58 -0.14
ANLI 0.18 0.35 0.46 0.08 0.60 0.36
MNLI 0.16 0.39 0.49 0.11 0.61 0.35

DocNLI 0.01 0.34 0.11 0.21 0.21 -0.38
SCZeroShot 0.06 0.39 0.48 0.23 0.52 0.44

QA
QuestEval 0.43 0.33 0.47 0.24 0.45 0.24

QAFACTEVAL 0.30 0.43 0.54 0.26 0.64 0.44

Learned
SCConv (synthetic) 0.19 0.41 0.54 0.22 0.04 0.04

QAFACTEVAL-NLI(synthetic) 0.16 0.47 0.60 0.21 0.64 0.47

Table 7: Instance-level Spearman correlation coefficients across factual consistency evaluation datasets. Metrics are
divided into entailment-based, QA-based, and learned metrics that are fine-tuned on synthetic or supervised data.
The two highest-correlated metrics for each dataset are shown in bold.

Model Type Model Name XSF SummEval FRANK-CNNDM FRANK-XSum QAGs-CNNDM QAGs-XSum

Misc
BARTScore 0.17 0.27 0.42 0.12 0.55 0.14

BLANC 0.05 0.15 0.25 0.05 0.24 0.02
FactCC 0.03 0.29 0.31 0.04 0.38 0.21

Entailment

BertScore-FFCI 0.31 0.20 0.25 0.12 0.39 0.16
DAE 0.00 0.32 0.38 0.16 0.47 -0.11
ANLI 0.12 0.28 0.36 0.07 0.48 0.30
MNLI 0.11 0.31 0.38 0.09 0.49 0.28

DocNLI 0.01 0.27 0.08 0.17 0.17 -0.31
SCZeroShot 0.04 0.31 0.37 0.18 0.41 0.36

QA
QuestEval 0.30 0.26 0.36 0.20 0.35 0.20

QAFACTEVAL 0.22 0.34 0.43 0.23 0.51 0.36

Learned
SCConv (synthetic) 0.13 0.33 0.42 0.18 0.03 0.03

QAFACTEVAL-NLI(synthetic) 0.11 0.37 0.47 0.17 0.51 0.38

Table 8: Instance-level Kendall correlation coefficients across factual consistency evaluation datasets. Metrics are
divided into entailment-based, QA-based, and learned metrics that are fine-tuned on synthetic or supervised data.
The two highest-correlated metrics for each dataset are shown in bold.

Model Type Model Name XSF SummEval FRANK-CNNDM FRANK-XSum

Misc
BARTScore 0.18 0.40 0.65 0.29

BLANC 0.12 0.27 0.47 0.01
FactCC -0.02 0.39 0.40 -0.07

Entailment

BertScore-FFCI 0.21 0.37 0.44 0.19
DAE 0.01 0.51 0.54 0.32
ANLI 0.09 0.49 0.53 0.18
MNLI 0.10 0.48 0.51 0.17

DocNLI 0.00 0.52 0.21 0.47
SCZeroShot 0.11 0.57 0.60 0.52

QA
QuestEval 0.30 0.45 0.54 0.44

QAFACTEVAL 0.24 0.64 0.68 0.53

Learned
SCConv (synthetic) 0.17 0.54 0.60 0.46

QAFACTEVAL-NLI(synthetic) 0.16 0.64 0.70 0.48

Table 9: Summary-level Pearson correlation coefficients across factual consistency evaluation datasets. Metrics are
divided into entailment-based, QA-based, and learned metrics that are fine-tuned on synthetic or supervised data.
The two highest-correlated metrics for each dataset are shown in bold.
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Model Type Model Name XSF SummEval FRANK-CNNDM FRANK-XSum

Misc
BARTScore 0.18 0.38 0.59 0.28

BLANC 0.12 0.25 0.43 0.06
FactCC 0.00 0.37 0.42 -0.01

Entailment

BertScore-FFCI 0.21 0.34 0.40 0.20
DAE 0.00 0.40 0.47 0.30
ANLI 0.10 0.39 0.47 0.17
MNLI 0.08 0.38 0.48 0.15

DocNLI -0.02 0.39 0.19 0.41
SCZeroShot 0.11 0.41 0.51 0.50

QA
QuestEval 0.27 0.35 0.47 0.45

QAFACTEVAL 0.22 0.45 0.59 0.47

Learned
SCConv (synthetic) 0.16 0.43 0.55 0.44

QAFACTEVAL-NLI(synthetic) 0.17 0.47 0.63 0.49

Table 10: Summary-level Spearman correlation coefficients across factual consistency evaluation datasets. Metrics
are divided into entailment-based, QA-based, and learned metrics that are fine-tuned on synthetic or supervised data.
The two highest-correlated metrics for each dataset are shown in bold.

Model Type Model Name XSF SummEval FRANK-CNNDM FRANK-XSum

Misc
BARTScore 0.15 0.32 0.51 0.25

BLANC 0.11 0.21 0.38 0.05
FactCC 0.00 0.30 0.35 -0.01

Entailment

BertScore-FFCI 0.17 0.28 0.34 0.18
DAE 0.00 0.33 0.41 0.27
ANLI 0.08 0.32 0.41 0.16
MNLI 0.07 0.31 0.41 0.14

DocNLI -0.01 0.32 0.17 0.37
SCZeroShot 0.10 0.34 0.44 0.45

QA
QuestEval 0.23 0.29 0.41 0.41

QAFACTEVAL 0.19 0.37 0.51 0.45

Learned
SCConv (synthetic) 0.14 0.36 0.49 0.41

QAFACTEVAL-NLI(synthetic) 0.14 0.39 0.55 0.44

Table 11: Summary-level Kendall correlation coefficients across factual consistency evaluation datasets. Metrics are
divided into entailment-based, QA-based, and learned metrics that are fine-tuned on synthetic or supervised data.
The two highest-correlated metrics for each dataset are shown in bold.
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Abstract

Common studies of gender bias in NLP focus
either on extrinsic bias measured by model per-
formance on a downstream task or on intrinsic
bias found in models’ internal representations.
However, the relationship between extrinsic
and intrinsic bias is relatively unknown. In
this work, we illuminate this relationship by
measuring both quantities together: we debias
a model during downstream fine-tuning, which
reduces extrinsic bias, and measure the effect
on intrinsic bias, which is operationalized as
bias extractability with information-theoretic
probing. Through experiments on two tasks
and multiple bias metrics, we show that our
intrinsic bias metric is a better indicator of de-
biasing than (a contextual adaptation of) the
standard WEAT metric, and can also expose
cases of superficial debiasing. Our framework
provides a comprehensive perspective on bias
in NLP models, which can be applied to deploy
NLP systems in a more informed manner. 1

1 Introduction

Efforts to identify and mitigate gender bias in Nat-
ural Language Processing (NLP) systems typically
target one of two notions of bias. Extrinsic evalua-
tion methods and debiasing techniques focus on the
bias reflected in a downstream task (De-Arteaga
et al., 2019; Zhao et al., 2018), while intrinsic
methods focus on a model’s internal representa-
tions, such as word or sentence embedding geom-
etry (Caliskan et al., 2017; Bolukbasi et al., 2016;
Guo and Caliskan, 2021). Despite an abundance
of evidence pointing towards gender bias in pre-
trained language models (LMs), the extent of harm
caused by these biases is not clear when it is not
reflected in a specific downstream task (Barocas

∗Supported by the Viterbi Fellowship in the Center for
Computer Engineering at the Technion.

1Our code and model checkpoints are publicly avail-
able at https://github.com/technion-cs-nlp/
gender_internal

RoBERTaDataset Classifier

End-to-end finetuning

RoBERTa
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Dataset

Classifier

End-to-end finetuning

RoBERTa

Probing 
Dataset

Probe 
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Probe training

RoBERTa
Probe 

Classifier
(Debiased)
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(intrinsic bias)

Extrinsic
bias

Extrinsic
bias

(a) Training a model on the original task’s dataset

(b) Training another model on a debiased dataset

Compression
(intrinsic bias)

(c) Measuring our intrinsic metric on the debiased and
original dataset using probing

Figure 1: Our proposed framework. Black arrows mark
forward passes, red arrows mark things we measure. We
first (a) train a model on a downstream task, then (b)
train another model on the same task using a debiased
dataset, and finally (c) measure intrinsic bias in both
models and compare.

et al., 2017; Kate Crawford, 2017; Blodgett et al.,
2020; Bommasani et al., 2021). For instance, while
the word embedding proximity of “doctor” to “man”
and “nurse” to “woman” is intuitively normatively
wrong, it is not clear when such phenomena would
lead to downstream predictions manifesting in so-
cial biases. Recently, Goldfarb-Tarrant et al. (2021)
have shown that debiasing static embeddings in-
trinsically is not correlated with extrinsic gender
bias measures, but the nature of the reverse relation-
ship is unknown: how are extrinsic interventions
reflected in intrinsic representations? Furthermore,
Gonen and Goldberg (2019a) demonstrated that a
number of intrinsic debiasing methods applied to
static embeddings only partially remove the bias
and that most of it is still hidden within the embed-
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ding. Complementing their view, we examine ex-
trinsic debiasing methods, as well as demonstrate
the possible harm this could cause. Contrary to
their conclusion, we do not claim that these debias-
ing methods should not be trusted, as long as they
are utilized with care.

Our goal is to gain a better understanding of the
relationship between a model’s internal represen-
tations and its extrinsic gender bias by examining
the effects of various debiasing methods on the
model’s representations. Specifically, we fine-tune
models with and without gender debiasing strate-
gies, evaluate their external bias using various bias
metrics, and measure intrinsic bias in the represen-
tations. We operationalize intrinsic bias via two
metrics: First, we use CEAT (Guo and Caliskan,
2021), a contextual adaptation of the widely used
intrinsic bias metric WEAT (Caliskan et al., 2017).
Second, we propose to use an information-theoretic
probe to quantify the degree to which gender can be
extracted from the internal model representations.
Then, we examine how these intrinsic metrics corre-
late with a variety of extrinsic bias metrics that we
measure on the model’s downstream performance.
Our approach is visualised in Figure 1.

We perform extensive experiments on two down-
stream tasks (occupation prediction and corefer-
ence resolution); several debiasing strategies that
involve alterations to the training dataset (such as
removing names and gender indicators, or balanc-
ing the data by oversampling or downsampling);
and a multitude of extrinsic bias metrics. Our anal-
ysis reveals new insights into the way language
models encode and use information on gender:

• The effect of debiasing on internal represen-
tations is reflected in gender extractability,
while not always in CEAT. Thus, gender ex-
tractability is a more reliable indicator of gen-
der bias in NLP models.

• In cases of high gender extractability but low
extrinsic bias metrics, the debiasing is super-
ficial, and the internal representations are a
good indicator for this: The bias is still present
in internal representations and can be restored
by retraining the classification layer. There-
fore, our proposed measuring method can help
in detecting such cases before deploying the
model.

• The two tasks show different patterns of cor-
relation between intrinsic and extrinsic bias.

The coreference task exhibits a high correla-
tion. The occupation prediction task exhibits a
lower correlation, but it increases after retrain-
ing (a case of superficial debiasing). Gender
extractability shows higher correlations with
extrinsic metrics than CEAT, increasing the
confidence in this metric as a reliable measure
for gender bias in NLP models.

2 Methodology

In this study, we investigate the relationship be-
tween extrinsic bias metrics of a task and a model’s
internal representations, under various debiasing
conditions, for two datasets in English. We perform
extrinsic debiasing, evaluate various extrinsic and
intrinsic bias metrics before and after debiasing,
and examine correlations.

Dataset. Let D = {X,Y ,Z} be a dataset con-
sisting of input data X , labels Y and protected
attributes Z.2 This work focuses on gender as the
protected attribute z. In all definitions, F and M
indicate female and male gender, respectively, as
the value of the protected attribute z.

Trained Model. The model is optimized to solve
the downstream task posed by the dataset. It can
be formalized as f ◦ g :X → R|Y|, where g(·) is
the feature extractor, implemented by a language
model, e.g., RoBERTa (Liu et al., 2019), f(·) is
the classification function, and Y is the set of the
possible labels for the task.

2.1 Bias Metrics
Each bias evaluation method described in the lit-
erature can be categorized as extrinsic or intrinsic.
In all definitions, r indicates the model’s output
probabilities.

2.1.1 Extrinsic Metrics
Extrinsic methods involve measuring the bias of a
model solving a downstream problem. The extrin-
sic metric is a function:

E(X,Y ,R,Z) ∈ R

The output represents the quantity of bias mea-
sured; the further from 0 the number is, the larger
the bias is. Our analysis comprises a wide range

2Z is by convention used for attributes for which we want
to ensure fairness, such as gender, race, etc. It is purposefully
broad, and depending on the task and data could refer to the
gender of an entity in coreference, the subject of a text, the
demographics of the author of a text, etc.
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of extrinsic metrics, including some that have been
measured in the past on the analyzed tasks (Zhao
et al., 2018; De-Arteaga et al., 2019; Ravfogel et al.,
2020; Goldfarb-Tarrant et al., 2021) and some that
have never been measured before, and shows our
results apply to many of them. For illustration,
we will consider occupation prediction, a common
task in research on gender bias (De-Arteaga et al.,
2019; Ravfogel et al., 2020; Romanov et al., 2019).
The input x is a biography and the prediction y is
the profession of the person described in it. The
protected attribute z is the gender of that person.

Performance gap. This is the difference in per-
formance metric for two different groups, for in-
stance two groups of binary genders, or a group of
pro-stereotypical and a group of anti-stereotypical
examples. We measure the following metrics: True
Positive Rate (TPR), False Positive Rate (FPR), and
Precision. In occupation prediction, for instance,
the TPR gap for each profession y expresses the
difference in the percentage of women and men
whose profession is y and are correctly classified
as such. We also measure F1 of three standard
clustering metrics for coreference resolution. Each
such performance gap captures a different facet of
gender bias, and one might be more interested in
one of the metrics depending on the application.

We compute two types of performance gap met-
rics: (1) the sum of absolute gap values over all
classes; (2) the Pearson correlation between the
performance gap for a class and the percentage of
women in that class. For instance, if y is a pro-
fession, we measure the correlation between per-
formance gaps and percentages of women in each
profession.3 The two metrics are closely related but
answer slightly different questions: the sum quanti-
fies how a model behaves differently on different
genders, and the correlation shows the relation of
model behaviour to social biases (in the world or
the data) without regard to actual gap size.

Statistical metrics. For breadth of analysis, we
examine three additional statistical metrics (Baro-
cas et al., 2019), which correspond to different no-
tions of bias. All three are measured as differences
(d) between two probability distributions, and we
then obtain a single bias quantity per metric by
summing all computed distances.

3Percentages for coreference resolution are taken from
labour statistics, following Zhao et al. (2018). For occupation
prediction we use training set statistics following De-Arteaga
et al. (2019), before balancing.

• Independence: d
(
P (r|z = z), P (r)

)
∀z ∈

{F,M}. For instance, we measure the difference
between the distribution of model’s predictions
on women and the distribution of all predictions.
Independence is stronger as the prediction r is
less correlated with the protected attribute z. It
is measured with no relation to the gold labels.

• Separation: d
(
P (r|y = y, z = z), P (r|y = y)

)

∀y ∈ Y, z ∈ {F,M}. For instance, we mea-
sure the difference between the distribution of a
model’s predictions on women who are teachers
and the distribution of predictions on all teachers.
It encapsulates the TPR and FPR gaps discussed
previously, and can be seen as a more general
metric.

• Sufficiency: d
(
P (y|r = r, z = z), P (y|r = r)

)
.

For instance, we measure the difference between
the distribution of gold labels on women classi-
fied as teachers by the model and the distribu-
tion of gold labels on all individuals classified
as teachers by the model. Sufficiency relates to
the concept of calibration in classification. A dif-
ference in the classifier’s scores for men and for
women indicates that it might be penalizing or
over-promoting one of the genders.

2.1.2 Intrinsic Metrics
Intrinsic methods are applied to the representation
obtained from the feature extractor. These meth-
ods are independent of any downstream task. The
intrinsic metric is a function:

I(g(X),Z) ∈ R

Compression. Our main intrinsic metric is the
compression of gender information evaluated by a
minimum description length (MDL) probing clas-
sifier (Voita and Titov, 2020), trained to predict
gender from the model’s representations. Probing
classifiers are widely used for predicting various
properties of interest from frozen model represen-
tations (Belinkov and Glass, 2019). MDL probes
were proposed because a probe’s accuracy may be
misleading due to memorization and other issues
(Hewitt and Liang, 2019; Belinkov, 2021). We use
the MDL online code, where the probe is trained in
timesteps, on increasing subsets of the training set,
then evaluated against the rest of it. Higher com-
pression indicates greater gender extractability.

CEAT. We also measure CEAT (Guo and
Caliskan, 2021), which is a contextualized version
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of WEAT (Caliskan et al., 2017), a widely used
bias metric for static word embeddings. WEAT de-
fines sets X and Y of target words, and sets A and
B of attribute words. For instance, A and B contain
males and females names, while X and Y contain
career and family related words, respectively. The
bias is operationalized as the geometric proximity
between the target and attribute word embeddings,
and is quantified in CEAT by the Combined Effect
Size (CES) and a p-value for the null hypothesis of
having no biased associations. For more informa-
tion on CEAT refer to Appendix A.4.3.

2.2 Debiasing Techniques

We debias models by modifying the downstream
task’s training data before fine-tuning. Scrub-
bing (De-Arteaga et al., 2019) removes first names
and gender-specific terms (“he”, “she”, “husband”,
“wife”, “Mr”, “Mrs”, etc.). Balancing subsamples
or oversamples examples such that each gender is
equally represented in the resulting dataset w.r.t
each label. Anonymization (Zhao et al., 2018) re-
moves named entities. Counterfactual Augmenta-
tion (Zhao et al., 2018) involves replacing male
entities in an example with female entities, and
adding the modified example to the training set.
As some of these are dataset/task-specific, we give
more details in the following section.

3 Experiments

In each experiment, we fine-tune a model for a
downstream task. For training, we use either the
original dataset or a dataset debiased with one of
the methods from Section 2.2. Figure 2 presents
examples of debiasing methods for the two down-
stream tasks. We measure two intrinsic metrics by
probing that model’s inner representations for gen-
der extractability (as measured by MDL) and by
CEAT, and test various extrinsic metrics. The rela-
tion between one intrinsic and one extrinsic metric
becomes one data point, and we repeat over many
random seeds (for both the model and the probe).
Further implementation details are in appendix A.

3.1 Occupation Prediction

The task of occupation prediction is to predict a
person’s occupations (from a closed set), based on
their biography. We use the Bias in Bios dataset
(De-Arteaga et al., 2019). Regardless of the train-
ing method, the test set is subsampled such that
each profession has equal gender representation.

Britney currently works on CNN’s 
newest primetime show. She has 

also written for the New York 
Times.

_ currently works on CNN’s 
newest primetime show. _ has 
also written for the New York 

Times.

Scrubbing

My sister is taking a painting 
class this summer, so she has 
been sharing the latest lesson 

with me.

My brother is taking a painting 
class this summer, so he has 

been sharing the latest lesson 
with me.

Counterfactual augmentation

Occupation Classification Coreference Resolution

Original dataset Original dataset

Figure 2: Examples of two debiasing methods per-
formed on the data.

Model. Our main model is a RoBERTa model
(Liu et al., 2019) topped with a linear classifier,
which receives the [CLS] token embedding as in-
put and generates a probability distribution over the
professions. In addition, we experiment with train-
ing a baseline classifier layer on top of a frozen,
non-finetuned RoBERTa. We also replicate our
RoBERTa experiments with a DeBERTa model (He
et al., 2020), to verify that our results are are not
model specific and hold more broadly.

Debiasing Techniques. Following De-Arteaga
et al. (2019) we experiment with scrubbing the
training dataset. Figure 2 shows an example biog-
raphy snippet and its scrubbed version. We also
conduct balancing (per profession, subsampling
and oversampling to ensure an equal number of
males and females per profession), which has not
previously been used on this dataset and task.

Metrics. We measure all bias metrics from Sec-
tion 2.1 except for F1.

Probing. The probing dataset for this task is the
test set, and the gender label of a single biography
is the gender of the person described in it. We probe
the [CLS] token representation of the biography. In
addition to the models described above, we mea-
sure baseline extractability of gender information
from a randomly initialized RoBERTa model.

3.2 Coreference Resolution

The task of coreference resolution is to find all tex-
tual expressions referring to the same real-world
entities. We train on Ontonotes 5.0 (Weischedel
et al., 2013) and test on the Winobias challenge
dataset (Zhao et al., 2018). Winobias consists of
sentence pairs, pro- and anti-stereotypical variants,
with individuals referred to by their profession. For
example, “The physician hired the secretary be-
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Extrinsic

Debiasing
Strategy

Intrinsic Before After

Compression CEAT TPR (P) FPR (S) Sep Suff TPR (P) FPR (S) Sep Suff

Random 5.61* 0.12† - - - - - - - -
Pre-trained 10.12 0.49* - - - - - - - -
None 4.12 0.22 0.76 0.08 0.33 9.45 0.78 0.073 0.33 9.70
Oversampling 8.52* 0.29 0.73 0.09* 0.31 8.32* 0.81* 0.068* 0.33 10.91*

Subsampling 3.57 0.22 0.32* 0.03* 0.20* 1.22* 0.70* 0.08* 0.30* 1.32*

Scrubbing 1.70* 0.23 0.70* 0.06* 0.30 4.93* 0.71* 0.06* 2.56* 0.81*

(a) Occupation classification: Comparison of intrinsic and extrinsic metrics before and after retraining of classification layer,
over 10 seeds per fine-tuned model and per retrained classification model.

Extrinsic

Debiasing
Strategy

Intrinsic Before After

Compression CEAT F1 diff FPR (S) Sep Suff F1 diff FPR (S) Sep Suff

Random 0.83* 0.12† - - - - - - - -
Pre-trained 0.96 0.49* - - - - - - - -
None 1.98 0.35 6.63 0.12 1.25 8.69 6.07 0.11 1.19 7.35
Anon 2.07* 0.31* 7.26 0.13 1.34 8.82 7.42* 0.13* 1.34* 8.66*

CA 1.50* 0.27* 2.30* 0.05* 0.54* 1.67* 3.67* 0.06* 0.67* 2.40*

Anon + CA 1.54* 0.25* 2.42* 0.049* 0.56* 1.56* 2.86* 0.05* 0.59* 1.65*

(b) Coreference resolution: Comparison of intrinsic and extrinsic metrics before and after retraining of classification layer, over
10 seeds per fine-tuned model and 5 seeds per retrained classification model.

Table 1: Results on both tasks. * marks significant reduction or increase in bias (p < 0.05 on Pitman’s permutation
test), compared to the non-debiased model (debiasing strategy None). The lowest bias score in each column is
marked with bold. P = Pearson; S = Sum. † was computed only on 3 out of 10 tests for which CEAT’s p < 0.05.

cause he/she was busy.” is pro/anti-stereotypical,
based on US labor statistics. 4 A coreference sys-
tem is measured by the performance gap between
the pro- and anti-stereotypical subsets.

Model. We use the model presented in Lee et al.
(2018a) with RoBERTa as a feature extractor.

Debiasing Techniques. Following Zhao et al.
(2018), we apply anonymization (denoted as Anon)
and counterfactual augmentation (CA) on the train-
ing set. These techniques were used jointly in pre-
vious work; we examine each individually as well.

Metrics. Following Zhao et al. (2018), we mea-
sure the F1 difference between anti- and pro-
stereotypical examples.5 We also interpret the task
as a classification problem, and measure all met-
rics from Section 2.1. For more details refer to
Appendix A.4.2.

Probing. We probe the representation of a pro-
fession word as extracted from Winobias sentences,

4Labor Force Statistics from the Current Population Sur-
vey, https://www.bls.gov/cps/cpsaat11.htm

5We combined the T1 and T2 datasets, as well as the dev
and test datasets, to create a single held-out challenge dataset.

after masking out the pronouns. We define a pro-
fession’s gender as the stereotypical gender for this
profession. To prevent memorization by the probe—
given the small number of professions—the dataset
is sorted so that professions are gradually added to
the training set, so a success on the validation set
is on previously unseen professions.

4 Results

Tables 1a and 1b present intrinsic and extrinsic
metrics for RoBERTa models on the occupation
prediction and coreference resolution tasks, respec-
tively. We present a representative subset of the
measured metrics that demonstrate the observed
phenomena; full results are found in Appendix B.
The DeBERTa model results are consistent with
the RoBERTa model trends.

4.1 Compression Reflects Debiasing Effects

As shown in the tables, compression captures dif-
ferences in models that were debiased differently.
CEAT, however, cannot differentiate between oc-
cupation prediction models. For example, in occu-
pation prediction (Table 1a) the compression rate
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varies significantly between a non-debiased and a
debiased model via scrubbing and oversampling,
while CEAT detects no difference between the mod-
els. In coreference resolution (Table 1b), both com-
pression and CEAT are able to identify differences
between the non-debiased model and the others,
such as CA, which has both a lower compression
and CEAT effect. But the CEAT effect sizes are
small (below 0.5), which implies no bias, in con-
trast to the extrinsic metrics.

4.2 High Gender Extractability Implies
Superficial Debiasing

Extrinsic and intrinsic effects of debiasing. In
occupation classification (Table 1a), somewhat sur-
prisingly, subsampling the training data has the
strongest effect on extrinsic metrics, but not on
compression rate. Scrubbing reduces both intrinsic
and extrinsic metrics, although its effect on extrin-
sic metrics is limited compared to subsampling.
Training with oversampling caused less reduction
in extrinsic bias metrics. A consequence of over-
sampling is that some metrics are less biased, but
compression rates are increased, so gender infor-
mation is more accessible. The effectiveness of
subsampling over other metrics is further discussed
in appendix C. In coreference resolution (Table 1b),
while both CA and CA with anonymization reduced
gender extractability as well as external bias met-
rics, anonymization alone increased intrinsic bias
without affecting external bias metrics significantly.

Debiasing without fine-tuning. As the effect on
extrinsic bias did not match the effect on intrinsic
bias in several cases, we examined the role of the
classification layer. We trained a model for occupa-
tion prediction without fine-tuning the underlying
RoBERTa model. Training on a subsampled dataset
also reduced the extrinsic metrics (0.15, 0.03, 0.20,
and 0.31, respectively, on TPR gaps Pearson, FPR
gaps sum, separation sum, and sufficiency sum).
Detailed results of this experiment can be found in
Appendix B. Since no updates were made to the
LM, the internal representations could not be debi-
ased, thus the debiasing observed in this model can
only be superficial.

Retraining the classification layer. Fine-tuning
of both tasks revealed that lower extrinsic metrics
did not always lead to lower compression. Does
this indicate cases where the debiasing process is
only superficial, and the internal representations
remain biased? To test this hypothesis, we froze the

previously fine-tuned LM’s weights, and retrained
the classification layer. We used the original (non-
debiased) training set for retraining.

Tables 1a and 1b also compare extrinsic metrics
before and after retraining. All models show bias
restoration, due to the classification layer being
trained on the biased dataset.6 The amount of bias
restored varies between models in a way that is
predictable by the compression metric.

In the occupation prediction task, comparing Be-
fore and After numbers in Table 1a, the model
fine-tuned using a scrubbed dataset—which has the
lowest compression rate—displays the least bias
restoration, confirming that the LM absorbed the
process of debiasing. The model fine-tuned on sub-
sampled data has higher extrinsic bias after retrain-
ing. Hence, the debiasing was primarily cosmetic,
and the representations within the LM were not
debiased. The model fine-tuned on oversampled
data—which has the highest compression—has the
highest extrinsic bias (except for FPR), even though
this was not true before retraining.

In coreference resolution, comparing Before and
After numbers in Table 1b, models with the least
extrinsic bias (CA and CA+Anon) are also least
biased after retraining. Compression rate predicted
this; these models also had lower compression rates
than non-debiased models. Interestingly, the model
fine-tuned with an anonymized dataset is the most
biased after retraining, consistent with its high com-
pression rate relative to the other models. As with
subsampling and oversampling in occupation pre-
diction, anonymization’s (lack of) effect on extrin-
sic metrics was cosmetic (compare None and Anon
in Before block, Table 1b). Anonymization actu-
ally had a biasing effect on the LM, which was
realized after retraining.

We conclude that compression rate is a useful in-
dicator of superficial debiasing, and can potentially
be used to verify and gain confidence in attempts
to debias an NLP model, especially when there is
little or no testing data.

4.3 Correlation between Extrinsic and
Intrinsic Metrics

Table 2 shows correlations between compression
rate and various extrinsic metrics before and after

6The training datasets contain bias. The occupation pre-
diction set has an unbalanced amount of males and females
per profession (for example 15% of software engineers are
females). The coreference resolution training set has more
male than female pronouns, and males are more likely to be
referred to by their profession (Zhao et al., 2018).
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Occupation Classification Coreference Resolution
R2 Compression R2 CEAT R2 Compression R2 CEAT

Metric Before After Before After Before After Before After

F1 diff (pro− anti) - - - - 0.821 0.709 0.246 0.005
TPR gap (P) 0.046 0.304 0.042 0.049 0.222 0.006 0.008 0.012
TPR gap (S) 0.049 0.449 0.022 0.036 0.817 0.752 0.297 0.003
FPR gap (P) 0.001 0.120 0.008 0.002 0.021 0.054 0.002 0.000
FPR gap (S) 0.353 0.046 0.079 0.001 0.844 0.773 0.263 0.004
Precision gap (P) 0.032 0.173 0.000 0.000 0.068 0.038 0.019 0.000
Precision gap (S) 0.174 0.529 0.000 0.021 0.849 0.774 0.268 0.006
Independence gap (S) 0.251 0.382 0.050 0.005 0.778 0.732 0.355 0.001
Separation gap (S) 0.066 0.165 0.046 0.009 0.835 0.776 0.261 0.005
Sufficiency gap (S) 0.202 0.567 0.040 0.034 0.825 0.753 0.287 0.002

Table 2: Coefficient determination of the regression line taken on the compression rate or CEAT and each extrinsic
metric, before and after retraining of the classification layer. P = Pearson; S = Sum.

(a) Fine-tuned models. Each point is a single seed for training
and testing the model.

(b) After retraining. Each box represents 10 runs of retraining
on the same fine-tuned feature extractor.

Figure 3: Occupation prediction: Compression vs. TPR-gap (Pearson) after various debiasing strategies.

retraining. In occupation prediction, certain extrin-
sic metrics have a weak correlation with compres-
sion rate, while others do not. Except one metric
(FPR gap sum), the compression rate and the extrin-
sic metric correlate more after retraining. Figure 3
illustrates this for TPR-gap (Pearson). The increase
is due to superficial debiasing, especially by sub-
sampling data, which prior to retraining had low
extrinsic metrics and relatively high intrinsic met-
rics. This shows that correlation between extrinsic
metrics and compression rate for certain metrics
is stronger than it appeared before retraining. It is
unsurprising that CEAT does not correlate with any
extrinsic metrics, since CEAT could not distinguish
between different models.

Coreference resolution shows stronger correla-
tions between compression rate and extrinsic met-

rics, but low correlations between Pearson metrics.
We further discuss cases of no correlation in ap-
pendix D. Correlations decrease after retraining,
but metrics that were highly correlated remain so
(> 0.7 after retraining). The correlations are visu-
alized for F1 difference metrics in Figure 4. CEAT
and extrinsic metrics correlate much less than com-
pression rate (Table 2). Our results are in line with
those of Goldfarb-Tarrant et al. (2021), who found
a lack of correlation between extrinsic metrics and
WEAT, the static-embedded version of CEAT.

Given that recent work (Goldfarb-Tarrant et al.,
2021; Cao et al., 2022) questions the validity of
intrinsic metrics as a reliable indicator for gender
bias, the compression rate provides a reliable al-
ternative to current intrinsic metrics, by offering
correlation to many extrinsic bias metrics.
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(a) Fine-tuned models. Each point is a single seed for training
and testing the model.

(b) After retraining. Each box represents 5 runs of retraining
on the same fine-tuned feature extractor.

Figure 4: Coreference resolution: Compression vs. F1 difference after various debiasing strategies.

5 Related Work

There are few studies that examine both intrinsic
and extrinsic metrics. Previous work by Goldfarb-
Tarrant et al. (2021) showed that debiasing static
embeddings intrinsically is not correlated with ex-
trinsic bias, challenging the assumption that intrin-
sic metrics are predictive of bias. We examine the
other direction, exploring how extrinsic debiasing
affects intrinsic metrics. We also extend beyond
their work to contextualized embeddings, a wider
range of extrinsic metrics, and a new, more effec-
tive intrinsic metric based on information-theoretic
probing. A contemporary work by Cao et al. (2022)
measured the correlations between intrinsic and
extrinsic metrics in contextualized settings across
different language models. In contrast, our work
examines the correlations across different versions
of the same language model by fine-tuning it using
various debiasing techniques.

Studies that inspect extrinsic metrics include ei-
ther a challenge dataset curated to expose differ-
ences in model behavior by gender, or a test dataset
labelled by gender. Among these datasets are Wino-
bias (Zhao et al., 2018), Winogender (Rudinger
et al., 2018) and GAP (Webster et al., 2018) for
coreference resolution, WinoMT (Stanovsky et al.,
2019) for machine translation, EEC (Kiritchenko
and Mohammad, 2018) for sentiment analysis,
BOLD (Dhamala et al., 2021) for language gen-
eration, gendered NLI (Sharma et al., 2020) for
natural language inference and Bias in Bios (De-
Arteaga et al., 2019) for occupation prediction.

Studies that measure gender bias intrinsically
in static word or sentence embeddings measure
characteristics of the geometry, such as the prox-

imity between female- and male-related words to
stereotypical words, or how embeddings cluster
or relate to a gender subspace (Bolukbasi et al.,
2016; Caliskan et al., 2017; Gonen and Goldberg,
2019b; Ethayarajh et al., 2019). However, metrics
and debiasing methods for static embeddings do
not apply directly to contextualized ones. Several
studies use sentence templates to adapt to contex-
tual embeddings (May et al., 2019; Kurita et al.,
2019; Tan and Celis, 2019). This templated ap-
proach is difficult to scale, and lacks the range of
representations that a contextual embedding offers.
Other work extracts embedding representations of
words from natural corpora (Zhao et al., 2019; Guo
and Caliskan, 2021; Basta et al., 2019). These
studies often adapt the WEAT method (Caliskan
et al., 2017), which measures embedding geometry.
None measure the effect of the presumably found
“bias” on a downstream task.

There is a growing conversation in the field
(Barocas et al., 2017; Kate Crawford, 2017; Blod-
gett et al., 2020; Bommasani et al., 2021) about the
importance of articulating the harms of measured
bias. In general, extrinsic metrics have clear, in-
terpretable impacts for which harm can be defined.
Intrinsic metrics have an unclear effect. Without
evidence from a concrete downstream task, a found
intrinsic bias is only theoretically harmful. Our
work is a step towards understanding whether in-
trinsic metrics provide valuable insights about bias
in a model.

6 Discussion and Conclusions

This study examined whether bias in internal repre-
sentations is related to extrinsic bias. We designed
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a new framework in which we debias a model on
a downstream task, and measure its intrinsic bias.
We found that gender extractability from internal
representations, measured by compression rate via
MDL probing, reflects bias in a model. Compres-
sion was much more reliable than an alternative
intrinsic metric for contextualised representations,
CEAT. Compression correlated well—to varying
degrees—with many extrinsic metrics. We thus
encourage NLP practitioners to use compression
as an intrinsic indicator for gender bias in NLP
models. When comparing two alternative models,
a lower compression rate provides confidence in a
model’s superiority in terms of gender bias. The
relative success of compression over CEAT may
be because the compression rate was calculated on
the same dataset as the extrinsic metrics, whereas
CEAT was measured on a different dataset not nec-
essarily aligned with a specific downstream task.
The use of a non-task-aligned dataset is a common
strategy among other intrinsic metrics (May et al.,
2019; Kurita et al., 2019; Basta et al., 2021). An-
other possible explanation is that compression rate
measures a more focused concept, namely the gen-
der information within the internal representations.
CEAT measures proximity among embeddings of
general terms that may include other social contexts
that do not directly relate to gender (e.g. a female
term like ‘lady’ or ‘Sarah’ contains information
about not just gender but class, culture, formality,
etc, and it can be hard to isolate just one of these
from the rest).

Our results show that when a debiasing method
reduces extrinsic metrics but not compression, it
indicates that the language model remains biased.
When such superficial debiasing occurs, the debi-
ased language model may be reapplied to another
task, as in Jin et al. (2021), resulting in unexpected
biases and nullifying the supposed debiasing. Our
findings suggest that practitioners of NLP should
take special care when adopting previously debi-
ased models and inspect them carefully, perhaps
using our framework. Our results differ from those
of Mendelson and Belinkov (2021a), who found
that the debiasing increases bias extractability as
measured by compression rate. However, they stud-
ied different, non-social biases, that arise from spu-
rious or unintended correlations in training datasets
(often called dataset biases). In our case, some
debiasing strategies increase intrinsic bias while
others decrease it. Future work could investigate

why debiasing affects extractability differently for
these two types of biases.

Our work also highlighted the importance of the
classification layer. Using a debiased objective,
such as a balanced dataset, the classification layer
can provide significant debiasing. This holds even
if the internal representations are biased and the
classifier is a single linear layer, as shown in the
occupation prediction task. Bias stems in part from
internal LM bias and in part from classification
bias. Practitioners should focus their efforts on
both parts when attempting to debias a model.

We used a broader set of extrinsic metrics than
is typically used, and found that the bias metrics
behaved differently: some decreased more than oth-
ers after debiasing, and they correlated differently
with compression rate. Debiasing efforts may not
be fully understood by testing only a few extrin-
sic metrics. However, compression as an intrinsic
bias metric can indicate meaningful debiasing of
internal model representations even when not all
metrics are easily measurable, since it correlates
well with many extrinsic metrics.

A major limitation of this study is the use of gen-
der as a binary variable, which is trans-exclusive.
Cao and Daumé III (2020) made the first steps
towards inclusive gender bias evaluation in NLP,
revealing that coreference systems fail on gender-
inclusive text. Further work is required to adjust
our framework to non-binary genders, potentially
revealing insights about the poor performance of
NLP systems in that area.
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A Implementation Details

We used RoBERTa in all models (base size, 120M
parameters). We use following random seeds in
all repeated experiments: 0, 5, 11, 26, 42, 46, 50,
63, 83, 90. Our code was implemented mainly
using the Python libraries Pytorch (Paszke et al.,
2019), Transformers (Wolf et al., 2020), Sklearn
(Pedregosa et al., 2011), and the experiments were
logged using Wandb (Biewald, 2020).

A.1 Occupation Classification

We fine-tuned a RoBERTa-base model with a lin-
ear classification layer on top. Training was done
for 10 epochs at a learning rate of 5e-5, batch size
of 64. The input to RoBERTa was the biography
tokens, which is limited to the first 128 tokens. The
resulting [CLS] token embedding is fed to the clas-
sifier to predict the occupation. The probing task
involves using the same [CLS] token and training
the probing classifier to predict the gender of the
person in the biography. The experiments without
fine-tuning included either a pre-trained or a pre-
viously fine-tuned RoBERTa. We first extracted
the pre-trained RoBERTa’s embeddings of tokens
from the [CLS] and then trained a linear classi-
fier on them. The learning rate was 0.001 and the
batch size was 64. We trained the classification
layer with pre-trained RoBERTa on 300 epochs,
but with fine-tuned RoBERTa, 10 epochs were suf-
ficient. For all training processes, the epoch with
the greatest validation accuracy was saved. Fine-
tuning took 7 hours on a GeForce RTX 2080 Ti
GPU. Bias in Bios contains almost 400k biogra-
phies, and we obtain validation (10%) and test set
(25%) by splitting with Scikit-learn’s (Pedregosa
et al., 2011) test_train_split with our random seeds.

A.2 Coreference Resolution

We use the implementation of Xu and Choi (2020),
a model that was introduced by Lee et al. (2018b)
and has been adopted by many coreference resolu-
tion models. Coreference resolution is the process
of clustering different mentions in a text that refer
to the same real-world entities. The task is solved
by detecting mentions through text spans and then
predicting for each pair of spans if they represent
the same entity. The span representations were ex-
tracted with a RoBERTa model, which is fine-tuned
throughout the training process, except in the re-
training experiment. Fine-tuning took 3 hours on
an NVIDIA RTX A6000 GPU. Ontonotes 5.0 has

625k sentences and we use the standard validation
and test splits.

A.3 Probing Classifier
We use the MDL probe (Voita and Titov, 2020) im-
plementation by Mendelson and Belinkov (2021b).
In all experiments, we use a linear probe and train
it with a batch size of 16 and a learning rate of
1e-3. The timestamps used, meaning the accumu-
lating fractions of data that the probe is trained on,
are 2.0%, 3.0%, 4.4%, 6.5%, 9.5%, 14.0%, 21.0%,
31.0%, 45.7%, 67.6%, 100%.

A.4 Metrics
A.4.1 Fairness-Based Metrics Implementation
All three statistical fairness metrics measure the
difference between two probability distributions,
where this difference describes a notion of bias.
We calculate Independence and Separation via
Kullback–Leibler (KL) divergence, using the Al-
lenNLP implementation (https://github.com/
allenai/allennlp). We calculate Sufficiency via
Wasserstein distance instead, which is motivated
by Kwegyir-Aggrey et al. (2021). In this case, we
cannot use KL divergence, since there are some
classes that do not occur in model predictions for
both male and female genders. This causes the
probability distributions to not have the same sup-
port, and KL divergence is unbounded. Wasserstein
distance lacks the requirement for equal support.

A.4.2 Classification Metrics Interpretation in
Winobias

Winobias datasets contain pairs of stereotypical and
anti-stereotypical sentences. The stereotypes are
derived from the US labor statistics (for instance, a
profession with a majority of males is stereotypi-
cally male). Since coreference resolution is viewed
as a clustering problem, it is usually measured via
clustering evaluation metrics. Coreference resolu-
tion is commonly measured as the average F1 score
of these, and the same is true for Winobias. Nev-
ertheless, coreference resolution is accomplished
by making a prediction for each pair of mentions,
so it can be seen as a classification task. Wino-
bias can be viewed as a simpler task than general
coreference resolution, as it contains exactly two
mentions of professions and one pronoun, which
refers to exactly one profession. Therefore, we re-
frame it as a classification problem. In a Winobias
sentence with two professions x and y, as well as a
pronoun p, where p is referring to x, a true positive

2614

https://github.com/allenai/allennlp
https://github.com/allenai/allennlp


would be to cluster x and p together, while a false
positive would be to cluster y and p together. Our
classification metrics are derived based on these
definitions. For instance, the TPR gap for pro-
fession “teacher”, which is a stereotypical female
occupation, is the TPR rate on pro-stereotypical
sentences (with a female pronoun) minus the TPR
rate on anti-stereotypical sentences (with a male
pronoun).

A.4.3 CEAT
The Word Embedding Association Test (WEAT)
developed by (Caliskan et al., 2017) is a method
for evaluating bias in static word embeddings. The
test is defined as follows: given two sets of target
words X,Y (e.g., ’executive’, ’management’, ’pro-
fessional’ and ’home’, ’parents’, ’children’) and
two sets of attribute words (e.g., male names and
female names), and using w⃗ to represent the word
embedding for word w, the effect size is:

ES = meanx∈Xs(x,A,B)−meany∈Ys(y,A,B)

where

s(x,A,B) =

meana∈Acos(x⃗, a⃗)−meana∈Acos(x⃗, b⃗)
std-devw∈X⋃

Ys(w,A,B)

In essence, the effect size measures how differ-
ent are the distances between the embedding vec-
tors of each target group and the attribute groups.
Specifically, if s(x,A,B) > 0, x⃗ is more simi-
lar to attribute words B and vice versa. For in-
stance, a larger effect size is observed if target
words X are more similar to attribute words A and
target words Y are more similar to attribute words
B. |ES| > 0.5 and |ES| > 0.8 are considered
medium and large effect sizes, respectively (Rice
and Harris, 2005). The null hypothesis holds that
there is no difference between the two sets of target
words in terms of their relative similarity to the
two sets of attribute words, indicating that there are
no biased associations. Statistical significance is
defined by the p-value of WEAT, which reflects the
probability of observing the effect size under the
null hypothesis.

Since a word can take on a great variety of vector
representations in a contextual setting, ES varies
according to the sentences used to extract word
representation. Thus, to adopt WEAT to contextu-
alized representations, the Combined Effect Size
(CES) (Guo and Caliskan, 2021) is derived as the

distribution of WEAT effect sizes over many possi-
ble contextual word representations:

CES(X,Y,A,B) =
∑N

i=1 viESi∑N
i=1 vi

whereESi denotes the WEAT effect size of the i’th
choice of word representations from a large corpus,
and vi is the inverse of the sum of in-sample vari-
ance Vi and between-sample variance in the distri-
bution of random-effects. As in Guo and Caliskan
(2021), the representation for each word is derived
from 10,000 random sentences extracted from a
corpus of Reddit comments.

The combined effect size of each of the models
is examined on WEAT stimulus 6, which contains
target words of career/family and attribute words
of male/female names. This was the only one that
detected bias on a pre-trained RoBERTa (CES close
to 0.5 and p < 0.05). The points that we kept in
our analysis are those where p < 0.05, which make
up 90% of the points in occupation prediction and
95% of the points in coreference resolution.

B Full Results
In this section we provide the full results of a
RoBERTa model trained on the downstream task.

Table 3 presents results for the occupation pre-
diction task after fine-tuning, Table 4 presents the
retrained model results.

Figure 5 illustrates the correlations between ex-
trinsic metrics and compression rate before and
after retraining.

Table 5 presents the complete results for the oc-
cupation prediction task of the model trained with-
out fine-tuning, meaning that the RoBERTa model
is the pretrained version from Liu et al. (2019)
and only the classification layer was updated. Sub-
sampling the dataset has significant debiasing ef-
fects, which suggests that this debiasing method
can achieve low extrinsic bias even when internal
bias exists. The Pearson correlation on precision ex-
hibits a different behavior. It makes sense nonethe-
less: precision is computed as TP\(TP +FP ). A
biased model will assign more examples of a spe-
cific profession to a specific gender (which aligns
with the percentage of biographies of this profes-
sion with this gender on the training set), increasing
both TP and FP and decreasing precision. The
results on the coreference resolution task align with
the results of occupation prediction.
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Table 6 presents the results using a DeBERTa
model (He et al., 2020) for the occupation classi-
fication task. The trends are similar to those of
RoBERTa, with the same metrics showing an in-
crease, no change, or decrease in correlation after
re-training, suggesting a general trend in the behav-
ior of these metrics in relation to internal model
representations.

Table 7 displays the results on a finetuned model
for the coreference resolution task and Table 8 dis-
plays the retraining results.

Figure 6 shows the correlations between com-
pression rate and extrinsic metrics before and after
the retraining.
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Debiasing Strategy

Metric None Oversampling Subsampling Scrubbing

Compression 4.121 ± 1.238 8.522* ± 2.354 3.568 ± 1.516 1.699* ± 0.138
Accuracy 0.861 ± 0.005 0.852* ± 0.004 0.861 ± 0.003 0.851* ± 0.003
TPR gap (P) 0.763 ± 0.071 0.729 ± 0.067 0.319* ± 0.114 0.704* ± 0.068
TPR gap (S) 2.391 ± 0.257 2.145* ± 0.220 1.598* ± 0.273 2.019* ± 0.262
FPR gap (P) 0.591 ± 0.052 0.491* ± 0.059 0.087* ± 0.094 0.552 ± 0.063
FPR gap (S) 0.075 ± 0.010 0.085* ± 0.011 0.030* ± 0.006 0.057* ± 0.007
Precision gap (P) -0.880 ± 0.031 -0.855 ± 0.115 -0.299* ± 0.215 -0.815* ± 0.040
Precision gap (S) 3.621 ± 0.337 3.401 ± 0.667 1.549* ± 0.229 2.590* ± 0.279
Independence gap (S) 0.009 ± 0.002 0.008 ± 0.002 0.001* ± 0.000 0.005* ± 0.001
Separation gap (S) 0.327 ± 0.051 0.305 ± 0.030 0.204* ± 0.032 0.296 ± 0.053
Sufficiency gap (S) 9.451 ± 1.945 8.324* ± 1.537 1.218* ± 0.330 4.930* ± 0.927

Table 3: Occupation Prediction: Results on a RoBERTa-based model trained over 10 seeds. Significant reduction
or increase in a metric (p < 0.05 on Pitman’s permutation test), compared to the non-debiased model (debiasing
strategy is None), is marked with *. The lowest bias score or highest performance metric in each column is marked
with bold. P = Pearson; S = Sum.

Debiasing Strategy

Metric None Oversampling Subsampling Scrubbing

Compression 4.121 ± 1.238 8.522 ± 2.354 3.568 ± 1.516 1.699 ± 0.138
Accuracy 0.859 ± 0.004 0.856 ± 0.003 0.853 ± 0.003 0.854 ± 0.003
TPR gap (P) 0.777 ± 0.047 0.813* ± 0.040 0.704* ± 0.075 0.714* ± 0.068
TPR gap (S) 2.482 ± 0.238 2.593* ± 0.240 2.164* ± 0.284 1.989* ± 0.227
FPR gap (P) 0.596 ± 0.041 0.603 ± 0.047 0.602 ± 0.041 0.536* ± 0.038
FPR gap (S) 0.073 ± 0.008 0.068* ± 0.007 0.081* ± 0.012 0.059* ± 0.005
Precision gap (P) -0.877 ± 0.027 -0.891* ± 0.023 -0.889* ± 0.035 -0.817* ± 0.058
Precision gap (S) 3.710 ± 0.251 3.996* ± 0.272 3.555* ± 0.598 2.703* ± 0.255
Independence gap (S) 0.009 ± 0.002 0.010* ± 0.002 0.009 ± 0.003 0.005* ± 0.001
Separation gap (S) 0.334 ± 0.050 0.328 ± 0.048 0.300* ± 0.049 0.274* ± 0.041
Sufficiency gap (S) 9.701 ± 1.305 10.908* ± 1.354 8.370* ± 2.558 5.239* ± 0.798

Table 4: Occupation Prediction after retraining: Results on a RoBERTa-based model after retraining of the
classification layer with 10 seeds for each pre-trained model. Significant reduction or increase in a metric (p < 0.05
on Pitman’s permutation test), compared to the non-debiased model (debiasing strategy is None), is marked with *.
The lowest bias score or highest performance metric in each column is marked with bold. P = Pearson; S = Sum.
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Debiasing Strategy

Metric None Oversampling Subsampling Scrubbing

Accuracy 0.824 ± 0.003 0.815* ± 0.005 0.831* ± 0.001 0.807* ± 0.003
TPR gap (P) 0.839 ± 0.011 0.443* ± 0.053 0.158* ± 0.156 0.814 ± 0.029
TPR gap (S) 3.088 ± 0.192 1.545* ± 0.177 1.621* ± 0.088 3.154 ± 0.332
FPR gap (P) 0.598 ± 0.016 0.369* ± 0.029 0.067* ± 0.050 0.550* ± 0.012
FPR gap (S) 0.087 ± 0.004 0.041* ± 0.004 0.027* ± 0.003 0.112* ± 0.005
Precision gap (P) -0.872 ± 0.028 -0.427* ± 0.074 -0.161* ± 0.162 -0.853 ± 0.019
Precision gap (S) 3.811 ± 0.253 1.736* ± 0.108 1.551* ± 0.195 3.907 ± 0.184
Independence gap (S) 0.014* ± 0.002 0.001* ± 0.000 0.000* ± 0.000 0.022* ± 0.001
Separation gap (S) 0.336* ± 0.044 0.214* ± 0.038 0.203* ± 0.024 0.432* ± 0.048
Sufficiency gap (S) 12.019* ± 1.721 2.105* ± 0.576 1.478* ± 0.394 13.798* ± 0.966

Table 5: Occupation Prediction: Results on a RoBERTa-based model trained without fine-tuning, over 5 seeds.
The compression rate computed on a pre-trained RoBERTa model is 10.122. Significant reduction or increase in a
metric (p < 0.05 on Pitman’s permutation test), compared to the non-debiased model (debiasing strategy is None),
is marked with *. The lowest bias score or highest performance metric in each column is marked with bold. P =
Pearson; S = Sum.

R2 Compression R2 CEAT

Metric Before After Before After

TPR gap (P) 0.023 0.120 0.051 0.006
TPR gap (S) 0.000 0.200 0.036 0.098
FPR gap (P) 0.083 0.153 0.121 0.149
FPR gap (S) 0.055 0.013 0.009 0.021
Precision gap (P) 0.002 0.135 0.046 0.031
Precision gap (S) 0.024 0.362 0.026 0.103
Independence gap (S) 0.034 0.084 0.0 0.054
Separation gap (S) 0.000 0.117 0.008 0.009
Sufficiency gap (S) 0.016 0.250 0.046 0.042

Table 6: Results for a DeBERTa model trained on occupation prediction task. Coefficient determination of the
regression line taken on the compression rate or CEAT and each extrinsic metric, before and after retraining of
the classification layer. P = Pearson; S = Sum. Coefficients are of lower magnitude for DeBERTa than RoBERTa
models, but the same trends apply. They largely increase after retraining (save for FPR gap, and a few of the very
low magnitude Pearson metrics). The increase after retraining does not apply to CEAT, and the correlations with
CEAT are usually lower.

2618



Figure 5: Occupation prediction: Before (left) and after (right) plots of compression rate versus and extrinsic metric.
Cases of low correlation are discussed in D.1.
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Cases of low correlation are discussed in D.1.
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Figure 5: Occupation prediction: Before (left) and after (right) plots of compression rate versus and extrinsic metric.
Cases of low correlation are discussed in D.1.
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Debiasing Strategy

Metric None Anon CA Anon + CA

Compression 1.984 ± 0.101 2.073* ± 0.102 1.502* ± 0.075 1.540* ± 0.098
F1 (Ontonotes test) 76.406 ± 0.165 76.538 ± 0.176 77.187* ± 0.071 77.246* ± 0.230
F1 diff (pro− anti) 6.631 ± 1.013 7.256 ± 0.846 2.302* ± 0.466 2.422* ± 0.714
TPR gap (P) 0.654 ± 0.069 0.710* ± 0.047 0.607 ± 0.082 0.627 ± 0.100
TPR gap (S) 4.884 ± 0.698 4.870 ± 0.509 2.041* ± 0.228 2.014* ± 0.286
FPR gap (P) 0.602 ± 0.036 0.620 ± 0.056 0.572 ± 0.078 0.629 ± 0.107
FPR gap (S) 0.120 ± 0.015 0.128 ± 0.011 0.050* ± 0.006 0.049* ± 0.007
Precision gap (P) -0.549 ± 0.051 -0.571 ± 0.052 -0.491* ± 0.081 -0.569 ± 0.122
Precision gap (S) 3.080 ± 0.275 3.266 ± 0.264 1.421* ± 0.181 1.390* ± 0.216
Independence gap (S) 0.027 ± 0.008 0.025 ± 0.004 0.004* ± 0.001 0.004* ± 0.001
Separation gap (S) 1.247 ± 0.150 1.344 ± 0.137 0.537* ± 0.061 0.557* ± 0.070
Sufficiency gap (S) 8.684 ± 1.883 8.816 ± 1.544 1.673* ± 0.354 1.557* ± 0.384

Table 7: Coreference resolution: results on Ontonotes test set and Winobias challenge set. Each model was trained
over 10 seeds. * Marks significant reduction or increase in bias (p < 0.05 on Pitman’s permutation test), compared
to the non-debiased model (debiasing strategy None). The lowest bias score or highest performance metric in each
column is in bold. P = Pearson; S = Sum.

Debiasing Strategy

Metric None Anon CA Anon + CA

Compression 1.984 ± 0.065 2.073* ± 0.104 1.502* ± 0.081 1.540* ± 0.079
F1 (Ontonotes test) 76.40* ± 0.16 76.48* ± 0.22 76.72* ± 0.15 76.91* ± 0.19
F1 diff (pro− anti) 6.072 ± 0.789 7.417* ± 1.280 3.674* ± 0.599 2.858* ± 0.382
TPR gap (P) 0.635 ± 0.053 0.688* ± 0.052 0.679* ± 0.062 0.654 ± 0.049
TPR gap (S) 4.561 ± 0.414 5.143* ± 0.713 2.590* ± 0.420 2.178* ± 0.201
FPR gap (P) 0.579 ± 0.046 0.637* ± 0.055 0.620* ± 0.070 0.692* ± 0.075
FPR gap (S) 0.113 ± 0.011 0.126* ± 0.016 0.063* ± 0.010 0.052* ± 0.004
Precision gap (P) -0.512 ± 0.060 -0.581* ± 0.057 -0.550* ± 0.083 -0.632* ± 0.098
Precision gap (S) 2.943 ± 0.215 3.221* ± 0.384 1.690* ± 0.242 1.446* ± 0.146
Independence gap (S) 0.022 ± 0.003 0.026* ± 0.006 0.006* ± 0.002 0.004* ± 0.001
Separation gap (S) 1.188 ± 0.114 1.336* ± 0.175 0.670* ± 0.111 0.594* ± 0.057
Sufficiency gap (S) 7.350 ± 0.914 8.655* ± 1.726 0.2.401* ± 0.610 1.653* ± 0.294

Table 8: Coreference resolution after retraining: results on Ontonotes test set and extrinsic bias metrics on Winobias
challenge set. Each model finetuned over 10 seeds and re-trained over 5 seeds. * Marks significant reduction or
increase in bias (p < 0.05 on Pitman’s permutation test), compared to the non-debiased model (debiasing strategy
None). The lowest bias score or highest performance metric in each column is in bold. P = Pearson; S = Sum.
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Figure 6: Coreference resolution: Before (left) and after (right) plots of compression rate versus and extrinsic metric.
Cases of low and no correlation with the Pearson metrics are discussed in D.2.
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Female Male
Words Words

husband, women, chief, companies
gender, listed, computer,
practices, nurse, applications,
specializes, md, accepts,
children, known, doctors,
ba, child, npi, sports,
reading, families, philosoph’,
location, place, problems, rating,
affiliated, family, no, systems,
experiences, theory, practicing,
spanish, software,
love, justice security, major

Table 9: Top 20 significant words used to predict gender
on all biographies, as obtained from a logistic regres-
sion model trained on predicting the gender of a person
described in a biography. The words are sorted by im-
portance.

Female Male
Words Words

husband , women, holds , emergency,
midwife , providing vanderbilt, forces,
book , includes, registered, mental,
joining, faculty assistant, president

Table 10: Top 8 words used to predict gender of female
and male nurses, as obtained from a logistic regres-
sion model trained on predicting the gender of a person
described in a biography. The words are sorted by im-
portance.

C Why is scrubbing not as effective as
subsampling?

The debiasing method of subsampling significantly
reduced external biases in the occupation predic-
tion task. Although compression rates show that
scrubbing reduced more gender information, sub-
sampling outperforms it as a debiasing method. We
find that in spite of the scrubbing, a probe is able
to correctly identify the gender from an internal
representation with 68.8% accuracy compared to
90.7% on the original, non-scrubbed data. This
means that although the scrubbing process reduces
extrinsic bias significantly, gender information is
still embedded in the [CLS] token embeddings.

To investigate the source of gender information
after scrubbing, we use logistic regression (LR)

model to predict the gender from the Bag-of-Words
of the scrubbed biographies. We perform an itera-
tive process for automatic extra scrubbing: in each
iteration we (1) train a LR model for gender predic-
tion (2) scrub the n most significant words for each
gender according to the LR weights. The most rel-
evant words among 5 seeds of training with n=10
words scrubbed per iteration are displayed in Table
9. The model learns indirect correlations to gender
in the absence of explicit gendered words. Because
the significant words are related to male- or female-
dominated professions, we conducted the process
on a specific profession. Table 10 presents the most
significant words for biographies of nurses. There
are differences in wording even between females
and males in the same profession. The results of
this study are in line with the results of other studies
that have been conducted on the way biographies
are written for men and women (Wagner et al.,
2016; Sun and Peng, 2021).

Subsampling is therefore more effective even
when gender information is present since it pre-
vents the model from learning correlations between
gender information and a profession whereas scrub-
bing only attempts to remove gender indicators
without removing correlations. On the other hand,
it is possible that oversampling is less effective for
debiasing since seeing more non-unique examples
an unrepresented group encourages learning corre-
lations.

D A closer look into no-correlation cases

D.1 Occupation Prediction

Although compression has the ability to identify
bias in most cases, some metrics still show little or
no correlation with compression rate. These results
suggest that gender information comprises only
one facet of embedded bias in the representations.
Other factors that may influence these metrics are
not considered or measured, such as the connection
between a name and a profession.

For example, as can be see in Tables 3 and 4,
LMs finetuned on subsampled data have the largest
FPR gaps after retraining, despite being the least
biased before retraining, while those finetuned on
oversampled data have the next-to-lowest FPR gaps
after retraining. The information encoded in the
internal representations may have been encoded
in a manner that allowed the classification layer
to exhibit a smaller FPR gap when trained on a
balanced dataset. However, when the classification
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layer was retrained on biased training data, it used
the same features to make biased predictions.

D.2 Coreference Resolution
The cases where there is no correlation between
our intrinsic metric and an extrinsic metric are the
cases where the metric is based on Pearson corre-
lation. Unlike occupation prediction, coreference
resolution seems to exhibit no correlation between
those metrics and compression rate. These metrics
are computed as the Pearson correlation between a
performance gap for a specific profession and the
percentage of women in that profession, however
the percentages are computed differently in each
task: in occupation prediction, the percentages are
computed from the train set, focusing on the rep-
resentation each gender has in the data. In Wino-
bias, the percentages are taken from the US labor
statistics, and are unrelated to the training dataset
statistics. We note that the two statistics can be dif-
ferent - the real-world representation of women in a
profession does not have to be equal to their repre-
sentation in written text (Suresh and Guttag, 2021).
We thus decided to test what happens if we change
the statistics used in Winobias to dataset statistics,
but Ontonotes 5.0 has very little representation to
each profession and the statistics extracted from
it would not be reliable. We thus took a different
approach and computed the Pearson correlations
for occupation prediction with real world statistics
instead of dataset statistics. To do this, we mapped
the professions appearing in this dataset to pro-
fessions from the US labor statistics, and dropped
those who could no be mapped (6 out of 29 of the
professions which is 21.4%). We then repeated
all experiments on the Pearson metrics using these
statistics. Figure 7 shows the results. Correlations
are very different when computed with respect to
real-world statistics. TPR-gap has no correlation at
all although it had with training data statistics, the
correlation for FPR-gap after retraining exists but
is negative, and the correlation with precision-gap
does not exist after retraining. We thus conclude
that the Pearson metrics are less reliable as they are
heavily dependent on the statistics with respect to
which they are calculated.
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Figure 7: Occupation prediction: Before (left) and after (right) plots of compression rate versus Pearson metrics
as computed from real-world statistics (as opposed to statistics derived from the training dataset). This shows the
unrealiability of using real world statistics to draw conclusions, as they may not be reflected in the data.
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Abstract
Many natural language processing tasks, e.g.,
coreference resolution and semantic role label-
ing, require selecting text spans and making
decisions about them. A typical approach
to such tasks is to score all possible spans
and greedily select spans for task-specific
downstream processing. This approach, how-
ever, does not incorporate any inductive bias
about what sort of spans ought to be selected,
e.g., that selected spans tend to be syntactic
constituents. In this paper, we propose a novel
grammar-based structured span selection
model which learns to make use of the partial
span-level annotation provided for such prob-
lems. Compared to previous approaches, our
approach gets rid of the heuristic greedy span
selection scheme, allowing us to model the
downstream task on an optimal set of spans.
We evaluate our model on two popular span
prediction tasks: coreference resolution and
semantic role labeling. We show empirical
improvements on both.

https://github.com/lyutyuh/
structured-span-selector

1 Introduction

The problem of selecting a continuous segment
of the input text, termed a span, is a common de-
sign pattern1 in NLP. In this work, we call this
design pattern span selection. Common tasks that
have a span prediction component include corefer-
ence resolution (Stede, 2011), where the selected
spans are mentions, semantic role labeling (Palmer
et al., 2010), where the selected spans are argu-
ments, question answering (Jurafsky and Martin,
2009), where the selected spans are answers, and
named entity recognition (Smith, 2011), where the
selected spans are entities.

In most of the tasks mentioned above, span selec-
tion is the first step.2 After a set of candidate spans

1A software engineering metaphor, which refers to a
reusable solution to a commonly occurring problem.

2Note that we also have joint models where we find optimal

Coref: [The President]1 has said
[
[he]1 and [his]1 wife,

now a [New York]3 senator
]

2 will spend weekends at
[their]2 house in Chappaqua .

SRL: [The most important thing about Disney]1-ARG1 is1

[that [it]2-ARG1 is2 [a global brand]2-ARG2 ]1-ARG2 .

Figure 1: Examples of two span prediction tasks:
Coreference and SRL. In Coref, [s]i denotes a span of
text s referring to the ith entity. In SRL, i denotes a
set of predicates and [s]i−∗ denotes a set of arguments
for the ith predicate.

is determined, a classifier (often a neural network)
is typically used to make predictions about the can-
didate spans. For instance, in coreference resolu-
tion, the selected spans (mentions) are clustered
according to which entity they refer to; whereas in
SRL, the spans (arguments) are classified into a set
of roles. Two examples are shown in Fig. 1.

As the number of spans to consider in the in-
put text can be quadratic in the length of the input,
candidate spans are greedily selected as potential
antecedents, roles, or answers. While greedy span
selection has become the de-facto approach in span
prediction problems, it has several issues. First,
such approaches typically ignore the inherent struc-
ture of the problem. For example, spans of in-
terest in problems such as coreference and SRL
are typically syntactic constituents, an assumption
supported by quantitative results.3 The lack of syn-
tactic constraints on the spans of interest leads to
a waste of computational resources, as all O(n2)
possible spans are enumerated by the model.

In this paper, we propose a structured span
selector for span selection. Our span selector
is a syntactically aware, weighted context-free
grammar that learns to score partial, possibly
nested span annotations. In the case of partial an-

spans and make downstream decisions simultaneously (Lee
et al., 2017; He et al., 2018).

3For the OntoNotes dataset, He et al. (2018) reports that
98.7% of the arguments in SRL are constituents. For corefer-
ence, we find that 99.1% of the mentions are constituents.
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notation, we marginalize out the missing structure
and maximize the marginal log-likelihood. Fig. 2
illustrates an example partial parse of our WCFG
and the difference between the traditional greedy
approach and our approach.

We apply our span selector to both corefer-
ence and SRL. In both cases, we optimize the
log-likelihood of the joint distribution defined
by the span selector and the conditional for the
downstream task as defined in Lee et al. (2017) and
He et al. (2018). In contrast to previous approaches,
which heavily rely on heuristics4 to prune the
set of spans to be considered, our span selector
directly admits a tractable inference algorithm to
determine the highest-scoring set of spans. We
observe that the number of spans our model selects
is significantly lower than the number of spans con-
sidered in previous works, resulting in a reduction
in the memory required to train these models. Our
approach leads to significant gains in both down-
stream tasks considered in this work: coreference
and SRL. We find that our approach improves the
performance of the end-to-end coreference model
on the OntoNotes English dataset (0.4 F1) and the
LitBank dataset (0.7 F1). On SRL, our model also
achieves consistent gains over previous work.

2 Background and Related Work

2.1 Span Selection as a Design Pattern

Many NLP tasks involve reasoning over textual
spans, e.g., coreference resolution, semantic role
labeling, named entity recognition, and question
answering. Models for these span prediction tasks
often follow a common design pattern. They de-
compose into two components: (i) a span selec-
tion component where the model first selects a
set of spans of interest, and (ii) a span prediction
component where a prediction (e.g., entity or role
assignment) is made for the chosen set of spans.

As shown in previous papers (Zhang et al., 2018;
Wu et al., 2020), the quality of the span selector
can have a large impact on the overall model per-
formance. The span selector typically selects spans
by selecting the start token and the end token in the
span. Thus, there are inherently

(
n
2

)
textual spans,

which is O(n2), within a document of n tokens to
choose from. Previous span selection models (Lee
et al., 2017; He et al., 2018) enumerate all possible

4Lee et al. (2017) consider spans such that the maximum
span width is 10, the number of spans per word is 0.4, etc.
Then, the spans are greedily pruned.

Xσ

Xσ

Xσ

Xσ

S Spans of interest
The White House
The White House secretary
the Bulls
a fan of the bulls

The White House secretary is          a       fan      of the    Bulls

Figure 2: An example partial parse in our WCFG
for coreference resolution and the set of spans it
corresponds to. Production rules that do not involve
the “span of interest” non-terminal (Xσ) are skipped
as they do not affect the parsing result (see §3.2). The
traditional greedy approach considers O(n2) spans de-
noted by the grid cells unless some pruning heuristics
are applied. While the number of nonterminals in a
CNF parse is O(n).

spans in a brute-force manner and feed the greedily
selected top-k span candidates to the downstream
prediction step.

However, several span selection tasks require
spans that are syntactic constituents, which is a use-
ful, but often neglected inductive bias in such tasks.
For instance, in coreference resolution, mentions
are typically noun phrases, pronouns, and some-
times, verbs. Similarly, in semantic role labeling,
semantic arguments of a predicate are also typi-
cally syntactic constituents such as noun phrases,
prepositional phrases, adverbs, etc. Our work uses
a context-free grammar to enumerate spans. The
number of valid syntactic constituents in a con-
stituency tree of a sequence of length n is bounded
by O(n), as the constituents can be viewed as the
internal nodes of a binary parse tree in Chomsky
normal form. Compared with brute-force enumer-
ation and greedy pruning, this inductive bias pro-
vides us with a natural pruning strategy to reduce
the number of candidate spans fromO(n2) toO(n)
and provides us a more natural and linguistically
informed way to model span-based tasks in NLP,
through which we can employ parsing techniques
and retrieve the optimal span selection for down-
stream tasks.

To further motivate our approach, we provide
background on two popular span prediction tasks
considered in our paper: coreference resolution and
semantic role labeling (SRL). We also overview
some previous papers on these tasks and contrast
their methodology with ours. Finally, we describe
how our model can work with partial span-level
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annotations provided by datasets for these tasks.

2.2 Coreference Resolution
Most coreference resolution models involve two
stages: mention detection and mention clustering.
Traditional pipeline systems rely on parse trees
and hand-engineered rules to extract mentions
(Raghunathan et al., 2010). However, Lee et al.
(2017) show that we can directly detect mentions
as well as assign antecedents to them in an
end-to-end manner.

In addition to this paper, other works have also
explored better mention proposers for coreference.
Zhang et al. (2018) use multi-task loss to directly
optimize the mention detector. Swayamdipta et al.
(2018) also leverage syntactic span classification as
an auxiliary task to assist coreference. Thirukoval-
luru et al. (2021), Kirstain et al. (2021), and Dobro-
volskii (2021) explore token-level representations
to both reduce memory consumption and increase
performance on longer documents. Miculicich
and Henderson (2020) and Yu et al. (2020) both
improve the mention detector with better neural net-
work structures. Yet they still need to manually set
a threshold to control the number of selected can-
didate mentions and none of them could produce
an optimal span selection for the downstream task.
Finkel and Manning (2009) situate NER in a pars-
ing framework by explicitly incorporating named
entity types into parse tree labels. In contrast, our
work requires neither syntactic annotations nor
hyperparameter tuning for mention selection.

2.3 Semantic Role labeling
Semantic role labeling (SRL) extracts relations be-
tween predicates and their arguments. Two major
lines of work in SRL are sequence-tagging models
(He et al., 2017; Marcheggiani et al., 2017) and
span-based models (He et al., 2018; Ouchi et al.,
2018; Li et al., 2019). Sequence tagging models
for SRL convert semantic role annotations to BIO
sequences. The tagger generates a label sequence
for one single predicate at a time. However, span-
based models generate the set of all candidate argu-
ments in one forward pass and classify their seman-
tic roles with regard to each predicate. As discussed
in He et al. (2018), span-based models empirically
perform better than sequence tagging models as
they incorporate span-level features. Span-based
models also do better at long-range dependencies
as well as agreements with syntactic boundaries.
Thus, we focus on span-based models in this work.

2.4 Nested and Partial Span Annotations

Nested mentions and partially annotated mentions
are two major concerns in this paper. Most datasets
for span prediction problems contain partial
annotations of mentions. For example, singletons
are not annotated in OntoNotes (Pradhan et al.,
2012). In the coreference resolution example given
in Fig. 1, the bracketed nested spans are annotated,
while the underlined spans are valid mentions that
are unannotated, since they do not co-refer with
any other mention in the same document. The same
is also true in SRL. In the SRL example in Fig. 1,
there are two predicates (boxed words in the exam-
ple) in one sentence. Their arguments are nested
(i.e., ARG1 and ARG2 of the second predicate are
located within ARG2 of the first predicate).

3 A Structured Span Selection Model

In this section, we develop the primary contribu-
tion of our paper: A new model for span selec-
tion. Specifically, we assert that almost all spans
that a span selector should select are syntactic con-
stituents; see Fig. 1 for two examples. Under this
hypothesis, a context-free grammar (CFG) is a nat-
ural model for span selection as spans selected by
a CFG cannot overlap, i.e., every pair of spans se-
lected by a CFG would either be nested or disjoint.

3.1 Notation

We first start by introducing some basic terminol-
ogy. We define a document D as a sequence of
sentences w1, . . . ,w|D|. Each sentence w in the
document is a sequence of words [w1, . . . , w|w|].
A span is a contiguous subsequence of words in a
sentence. For instance, we denote the span from
position i to position k, i.e., wi · · ·wk, as [i, k].

3.2 Weighted Context-Free Grammars

Next, we define weighted context-free grammars
(WCFG), the formalism that we will use to build
our span selector. A WCFG is a five-tuple
〈Σ, N, S, R, ρ〉, where Σ is an alphabet5 of ter-
minal symbols, N is a finite set of non-terminal
symbols, S ∈ N is the unique start symbol, R is a
set of production rules where a rule is of the form
X → α where X ∈ N and α ∈ (N ∪ Σ)∗, and
ρ : R→ R≥0 is a scoring function that maps every
production rule to a non-negative real number.6 We

5An alphabet is a finite, non-empty set.
6The scoring function can easily be generalized to map

any production to a semiring value (Goodman, 1999).
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say a WCFG is in Chomksy normal form (CNF)
if every production rule has one of three forms:
X → Y Z, where X,Y,Z ∈ N , X → x, where
X ∈ N and x ∈ Σ, or S→ ε. For an input sentence
w, a WCFG defines a weighted set of parse trees,
which we will denote T (w); we drop the argument
from T when the sentence is clear from the context.

We overload the scoring function ρ to assign a
weight to each parse tree t ∈ T (w). We define ρ
applied to a tree as follows

ρ (t) =
∏

r∈t
ρ (r) ≥ 0 (1)

Given that ρ returns a non-negative weight, our
WCFG can be used to define a distribution over the
set of all parses of a sentence

p(t | w) =
ρ (t)

Z
(2)

where Z =
∑

t∈T (w) ρ(t) is the sum of the scores
of all parses. Using the familiar inside–outside
algorithm (Baker, 1979), we can exactly compute
Z in O(|w|3) time.

3.3 A WCFG Span Selector
To convert from parse trees to spans, our paper
exploits a simple fact: If our grammar is in CNF,
then every parse tree t ∈ T (w) corresponds to a
unique set of labeled spans.7 Specifically, we write
[i,X, k] iff the contiguous subsequence wi · · ·wk
corresponds to a constituent rooted at X in t. We
will denote the tree-to-span bijection as spans(·)
and writeMt = spans(t) to denote the set of spans
t implies. We will also denote the set of all sets of
spans viable under a CFG in CNF asM(w).

To extract spans useful for downstream tasks,
we propose a simple WCFG. The grammar has
three non-terminals N def

= {S,Xσ,Xσ} where S
is the distinguished start symbol. A span rooted
at non-terminal Xσ, denoted [i,Xσ, k], is termed
a span of interest; we will abbreviate [i,Xσ, k]
as σik. Likewise, a span rooted at non-terminal
Xσ, denoted [i,Xσ, k], is termed a a span of non-
interest; we will abbreviate [i,Xσ, k] as σik. The
full grammar is given in App. A.1. We define our
weight function ρ : R→ R≥0 as follows:

ρ (iXk → iYj jZk)
def
=

{
exp sp (σik) if X = Xσ

1 otherwise
(3)

7The necessary and sufficient condition for this to hold is
that the grammar has no unary or nullary rules, so every parse
tree in the grammar can be written as a bracketed string.

where sp is a learnable span-scorer that assigns a
non-negative weight. Note this definition of ρ is an
anchored scoring mechanism as it also makes use
of the span indices i and k.

Under the simplified scoring function in Eq. (3),
the score of a tree t can be re-expressed as a product
of the scores of the spans of interest in spans(t).
Specifically, for any tree t, we have

ρ(t) =
∏

r∈t
ρ(r) (4)

= exp


 ∑

σik∈spans(t)
sp (σik)


 (5)

def
= exp sp (Mt) (6)

where Mt =
{
σik | σik ∈ spans(t)

}
. Note that

the step from Eq. (4) to Eq. (5) follows from the fact
that only those spans rooted at Xσ have a weight
other than 1 under our choice of ρ and, furthermore,
ρ ignores the body of the context-free rule. The
problem of mention detection is hence converted
from subset selection to finding an optimal parse
tree that maximizes the score:

M∗ = argmax
Mt∈M(w)

sp(Mt) (7)

= spans

(
argmax
t∈T (w)

ρ(t)

)
(8)

where the “Viterbi version” of the CKY algorithm
(see App. A.3), yields an exact algorithm for the
argmax function in Eq. (8) in O(|w|3) time.

Finally, in order to train our WCFG with only
partial supervision, i.e., in the case when we do
not observe the entire tree, we require the marginal
probabilities of the spans of interest. First, let Tik
be the set of parses that contain σik. Then, the
marginal probability of the span of interest σik can
be expressed as:

p(σik | w) =
∑

t∈Tik
p(t | w) =

∑

t∈Tik

ρ(t)

Z
(9)

As described by Eisner (2016), we can compute
p(σik | w) by computing the derivative of the
log-normalizer logZ with respect to sp(σik), i.e.,

p(σik | w) =
∂ logZ

∂sp(σik)
(10)

Automatic differentiation ensures that this marginal
computation will have the same runtime as the
computation of logZ itself—to wit in O(|w|3)
time (Griewank and Walther, 2008).
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4 Adaptations to Downstream Tasks

In this section, we introduce how our structured
span selector can be applied in an end-to-end man-
ner to coreference resolution and SRL.

4.1 Coreference Resolution
The goal of coreference resolution is to link a span
of interest σij , termed a mention in the context of
coreference resolution, to its antecedent. Note that
the antecedent is either another mention in the same
document or the dummy antecedent,8, which we
denote as ε. We write σij  σk` to denote that σk`
is σij’s antecedent. When formulating coreference
in a probabilistic manner, we have the following
natural decomposition:

p(σij , σij  σk`) (11)

= p(σij)︸ ︷︷ ︸
pr. σij is a mention

× p (σij  σk` | σij)︸ ︷︷ ︸
pr. σij ’s antecedent is σk`

The support of the above distribution is X × Yij ,
where X is the set of all possible textual spans in
D, Yij = {σk` | j < `}∪{ε} is the set of mentions
preceding σij plus the dummy antecedent ε for ev-
ery σij ∈ X . In words, the above decomposition
means that the probability of σij co-referring with
the span σk` is the probability of first recognizing
that σij is itself a mention and then determining
the link. In practice, this decomposition means that
modelers can select p(σij) and p (σij  σk` | σij)
according to their taste and, importantly, indepen-
dently of each other. In this work, we explore treat-
ing p(σij) as the WCFG span selector described in
§3.2 and p (σij  σk` | σij) as Lee et al. (2017)’s
popular span ranking model for coreference.

Lee et al. (2017) as a Mention-Linker. We now
describe the mention-linker in Lee et al. (2017).
We define the mention-linker distribution as

p(σij  m | σij) (12)

=
exp s(σij ,m)∑

m′∈Yij exp s (σij ,m′)

The scoring function s(·, ·) is defined in two cases:
One case for m = ε, the dummy antecedent, and
one for m = σk`, a preceding span:

s(σij , ε) = 0 (13)

s(σij , σk`) = sm(σij) + sm(σk`) + sa(σij , σk`)

8Following (Lee et al., 2017) the dummy antecedent ε
represents two possible scenarios: (1) the span is not an entity
mention or (2) the span is an entity mention but it is not
coreferent with any previous span.

The first score function, sm(σij), is a score for
span [i, j] being a mention. The second function,
sa (σij , σk`), a score that σk` is an antecedent of
[i, j]. In this work, both sa and sm are computed
by neural networks that take span representations
as inputs. However, in principle, they could be
computed by any model.

Training. Lee et al.’s model adopts a naïve
greedy algorithm by taking the top λ|D| spans
with the highest mention scores sm, where λ is
a hyperparameter that has to be manually defined
for different datasets. However, finding a proper
ratio λ can be very tricky. In contrast, in our set-
ting we can optimize the final objective function
which is the log-likelihood of the joint distribution
defined at the beginning of §4.1:

L1 =
∑

w∈D

∑

σij∈Gw
log

∑

m∈Gij
p(σij , σij  m) (14)

where G is the (partially) annotated set of mentions,
Gw is the set of all textual spans of w in G, and Gij
is the ground truth cluster that σij belongs to.

Handling partial annotation with no single-
tons. Since in many coreference datasets, e.g.,
OntoNotes, only the mentions that are referred to
more than once are annotated, learning a mention
detector from such data requires the ability to han-
dle the lack of singleton annotations. To handle
partial span annotations, we marginalize out the
unannotated singletons. This results in the follow-
ing marginal log-likelihood

L2 =
∑

w∈D

∑

σij∈Gw

log
(
p(σij  ε | σij)p(σij)

+ (1− p(σij))
)

(15)

We optimize the loss L = L1 + L2 jointly. Here,
Gw denotes the set of all spans of w not in G.

Time Complexity. For each sentence, the inside–
outside algorithm Eq. (22) and CKY algorithm
Eq. (23) reduced to O(|w|) semiring matrix multi-
plications. Sentence-level parallelism can also be
applied to all the sentences.

4.2 Semantic Role Labeling
The goal of SRL is to classify the semantic role of
every argument σij with respect to a given predi-
cate. Following the notation style in §4.1, we use
σij

l v to denote that σij has the semantic role l
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in the frame of predicate v. The joint probability
p
(
σij , σij

` v
)

can be written as:

p(σij)︸ ︷︷ ︸
pr. σij is an argument

× p
(
σij

` v | σij
)

︸ ︷︷ ︸
pr. σij ’s role is ` w.r.t. predicate v

He et al. (2018) as a Role Classifier. As this
work focuses on span selection, we choose the role
classifier to be the popular and effective one from
He et al. (2018), and use gold predicates v during
training and evaluation. The semantic role label l
takes its values from a discrete label space L which
contains all the semantic roles plus the null rela-
tion ε. The classifier then models the following
probability distribution:

p
(
σij

` v | σij
)

=
exp s(σij , v, `)∑
`∈L exp s(σij , v, `)

s(σij , v, `) = sm(σij) + sr(σij , v, `) (16)

Similar to the coreference model of Lee et al.
(2017), sm(σij) is the score for span [i, j] to be
an argument and sr (σij , v, `) for [i, j] to play
the role l for predicate v. Note that the score for
the ε label (i.e., no relation), s(σij , v, ε), is set to
constant 0, similar to the dummy antecedent case
in coreference.

Training Objective. He et al.’s model also suf-
fers from the challenge of tuning the hyperparam-
eter λ. The training objective for SRL with our
structured span selection model is then:

L1 =
∑

σij∈Gw

∑

v

log p(σij , σij
l v) (17)

where l is the correct semantic label of σij with
regard to predicate v. Similar to coreference
resolution, we handle the issue of partial annota-
tion for the span selection model by adding the
log-likelihood that σij may not be an annotated
argument:

L2 =
∑

σij∈Gw

∑

v

log
(
p(σij

ε v | σij)p(σij)

+ (1− p(σij))
)

(18)

And the final objective function is L = L1 + L2.

5 Experiments

5.1 The Greedy Baseline
Previous work has mostly considered a greedy pro-
cedure for span selection as opposed to Eq. (8). The

approach produces a score sg(σik) independently
for each span σik. As the number of spans σik is
potentially very large, the set of spans is greedily
pruned to a set of size K. For instance, in SRL,
spans are selected for each sentence:

M∗topk (19)

= atopK

({
sg(σik) | 1 ≤ i < k ≤ |w|

})

However, in coreference resolution, a set of spans
is selected for the entire document:

M∗topk (20)

= atopK

( ⋃

w∈D

{
sg(σik) | 1 ≤ i < k ≤ |w|

})

where atopK is shorthand for argtopK . We will
see in our experiments that tuning K can be quite
challenging (see Fig. 3). Moreover, as the greedy
approach scores each span independently, it ignores
the structure of the provided span annotation.

5.2 Datasets
Coreference. We experiment on the CoNLL-
2012 English shared task dataset (OntoNotes)
(Pradhan et al., 2012) and LitBank (Bamman et al.,
2020) in our experiments. As a part of our experi-
ments on OntoNotes, we apply the speaker encod-
ing in Wu et al. (2020), that is using special tokens
(<speaker>, </speaker>) to denote the speaker’s
name, as opposed to the original binary features
used by Lee et al. (2017). This simple change
brings a consistent boost to the performance by 0.2
F1. A major difference between these two datasets
is that LitBank has singleton mention annotations
while OntoNotes does not. For LitBank, we use
the standard 10-fold cross-validation setup, as is
the standard practice.

SRL. We use the CoNLL-2012 SRL dataset.
Gold predicates are provided to the model.

5.3 Coreference Resolution
We report the average precision, recall, and F1
scores of the standard MUC, B3, CEAFφ4 , and
the average CoNLL F1 score on the OntoNotes test
set in Tab. 1. The average F1 scores on LitBank
are shown in Tab. 2. For OntoNotes, we run the
experiments with 5 random initializations and the
improvements reported are significant under the
two-tailed paired t-test.

We compare our models with several representa-
tive previous works. In order to focus on comparing
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MUC B3 CEAFφ4

P R F P R F P R F Avg. F1

Lee et al. (2017) 78.4 73.4 75.8 68.6 61.8 65.0 62.7 59.0 60.8 67.2
Lee et al. (2018) 81.4 79.5 80.4 72.2 69.5 70.8 68.2 67.1 67.6 73.0
Fei et al. 85.4 77.9 81.4 77.9 66.4 71.7 70.6 66.3 68.4 73.8
Kantor and Globerson 82.6 84.1 83.4 73.3 76.2 74.7 72.4 71.1 71.8 76.6
Joshi et al. (2019) 84.7 82.4 83.5 76.5 74.0 75.3 74.1 69.8 71.9 76.9
Joshi et al. (2020) 85.8 84.8 85.3 78.3 77.9 78.1 76.4 74.2 75.3 79.6
Xu and Choi 85.7 85.3 85.5 78.6 78.6 78.6 76.8 74.8 75.8 79.9

Joshi et al. (S) 86.6 84.5 85.6 80.4 77.3 78.8 77.8 74.0 75.8 80.1
Ours 86.1 85.5 85.8 79.8 78.8 79.3 77.4 75.4 76.4 80.5

Table 1: Results on the CoNLL-2012 English shared task test set. Avg. F1 in the last column denotes the average
F1 of MUC, B3, and CEAFφ4

. Joshi et al. (S) refers to the original end-to-end model with SpanBERT and trained
with speaker encoding. The improvements shown in the table are significant under a two-tailed paired t-test.

the impact of mention detection, we do not consider
higher-order inference techniques in our models
and report the non-higher order result from Xu and
Choi (2020). Joshi et al. (S) is the major base-
line that uses SpanBERT (Joshi et al., 2020) and is
trained with the speaker encoding discussed in §5.2.
This encoding yields an F1 score improvement of
0.2 over the result reported by Xu and Choi (2020).

Our model with the structured mention detector
achieves an F1 score of 80.5, an improvement
of 0.4 F1 over the baseline. While on LitBank,
our model achieves an F1 score of 76.3, which
is an improvement of a 0.7 F1 over (Joshi et al.,
2020). It can also be observed that this gain mainly
comes from improved recall, which is because we
have a superior mention detector that can retrieve
mentions with better accuracy. We further analyze
this result in the following section.

Avg. P Avg. R Avg. F1

Bamman et al. - - 68.1
LB-MEM - - 75.7
U-MEM - - 75.9

Joshi et al. 78.7 72.9 75.6
Ours 77.4 75.3 76.3

Table 2: Results on the test set of LitBank. The results
are averaged over 10 train/dev/test splits. LB-MEM and
U-MEM are reported in Toshniwal et al. (2020).

5.3.1 Analysis of Mention Detector
Next, we examine the performance of our proposed
mention detection scheme. As shown in Fig. 3,
compared with Joshi et al. (S), our model predicts
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Figure 3: Recall of gold mentions as we vary the ratio
of spans kept. Ratio refers to the number of predicted
mentions divided by |D|. Our mention detector signifi-
cantly outperforms Joshi et al. (S)’s with a ratio of 0.26
and a recall of 97.0%. Yet Joshi et al. (S) only achieves
96.2% recall with a ratio of 0.40.

mentions more accurately with a higher recall. In
contrast to Joshi et al. (S) who select 0.4|D| men-
tion spans, our method on average selects 0.26|D|.
The smaller span set makes the coreference model
more efficient as well.

5.3.2 Analysis of Structured Modeling

To see how our structured modeling benefits coref-
erence, we further compare our approach with
a baseline Sigmoid which replaces the p(σij) in
Eq. (10) with a simple non-structured estimator:

psigm(σij) = sigmoid(sp(σij)) (21)
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Nested Depth 1 2 3+

Greedy 96.5 87.1 86.2
Ours 97.8 93.2 93.9

Table 3: Recall rate of mentions of different nested
depth on CoNLL-2012 dev set. There are 16873, 2100,
and 182 mentions respectively of each nested depth.

where sigmoid(x) = 1
1+exp(−x) . The loss function

used for Sigmoid is the same as the structured
model given in §4.1. Through this comparison, we
aim to show the effectiveness of structured mod-
eling. We also build a multi-task learning baseline
MTL similar to Swayamdipta et al. (2018). The base-
line adds an auxiliary classifier that classifies spans
into noun phrases, other syntactic constituents, or
non-constituents. The coefficient of the multi-task
loss is set to 0.1 as in Swayamdipta et al. (2018).

This comparison is shown in Tab. 4. We find
that replacing p(σij) with unstructured psigm(σij)
degrades the performance by an F1 score of 0.3.
Thus, we conclude that the structured probability
function is more expressive than psigm(σij) as it
models the global annotation for each sentence. In
contrast, the mention detectors in Joshi et al. (S)
and the Sigmoid model each span independently.

5.3.3 Analysing the source of improvement
Next, we try to explore where the gains of our
model come from.

Nested Mentions. We first investigate the capa-
bility of our structured model in handling nested
mentions. Tab. 3 shows the recall rate of mentions
of different nested depths. Here, nested depth refers
to the level of nesting in the mentions. E.g., in the
first example given in Fig. 1, The president is of
depth 1, while he and his wife, now a New York sen-
ator is of depth 2. As shown in Tab. 3, the gains of
our method are larger for deeply nested mentions,
which highlight the capability of our structured
span detector to handle more difficult nested men-
tions that cannot be handled by the greedy selector.

Widths of Mentions. We also compare the re-
call rate for mentions of different widths in Tab. 5.
We show that our model can detect longer spans
better, which are usually more difficult to detect.
For spans with 5–12 words, our structured model
still maintains a recall rate of 96.5%, compared to
a sharp drop for the greedy unstructured model.

Avg. P Avg. R Avg. F1

Joshi et al. (S) 81.6 78.6 80.1
Sigmoid 80.8 79.6 80.2

MTL 80.8 78.9 79.8
Ours 81.1 79.9 80.5

Table 4: Comparison with three constructed baselines.

Span Width 1-4 5-12 12+

Greedy 96.2 92.7 82.5
Ours 97.8 96.5 85.2

Table 5: Recall rate of mentions of different width on
the CoNLL-2012 dev set. There are 16356, 2180, and
619 mentions respectively of each width interval.

5.4 Semantic Role Labeling

For semantic role labeling, we report the preci-
sion, recall, and F1 score on the CoNLL-2012 SRL
dataset. The gold predicates are provided during
both training and evaluation. Therefore, the model
has to focus on extracting the correct arguments
and classifying their roles for each predicate. The
results are shown in Tab. 6 in comparison with pre-
vious span-based models. He et al.SpanBERT refers
to the model of He et al. (2018) with SpanBERTlarge
(Joshi et al., 2020) as a sentence encoder.

Next, we report the performance of our span
selector on the SRL task. Following the same
trend as coreference resolution, we find that our
structured model is able to extract much more
accurate arguments and thus, significantly reduce
the memory consumption for the downstream
task. While keeping a comparable recall rate of
gold arguments (96.5% for the greedy selector
and 96.2% for ours), our span selector reduces

Avg. P Avg. R Avg. F1

He et al. (2018) - - 85.5
Ouchi et al. (2018) 87.1 85.3 86.2

Li et al. (2019) 85.7 86.3 86.0
Shi and Lin (2019) 85.9 87.0 86.5

He et al.SpanBERT 88.3 85.9 87.1
Ours 88.1 86.9 87.5

Table 6: Results on the test set of the CoNLL-2012
semantic role labeling task. The precision, recall, and
F1 scores are averaged over all semantic roles.
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P R F1

BIO 90.2 91.0 90.6
Greedy 92.8 90.2 91.5
Ours 92.8 91.2 92.0

Table 7: Comparison of unlabeled span accuracy.

Coref SRL

Greedy 11.5 12.2
Ours 8.5 9.3

Table 8: Comparison of peak GPU memory usage in
GBs at inference time on the development set.

the number of enumerated spans by 21.2%. We
compare the accuracy of retrieving unlabeled
argument spans in Tab. 7. BIO refers to the
tagger-style SRL model using the same text
encoder. Our model outperforms both baselines.

5.5 Qualitative Examples

In this section, we show a qualitative example to
illustrate the grammar learned by our span selec-
tor for coreference resolution and SRL. Two sets
of extracted spans for the same input sentence are
shown in Tab. 9. For coreference resolution, our
model selects maximal NPs (containing all mod-
ifiers) and verbs. While in SRL, the parse tree
consists of much denser and syntactically heteroge-
neous spans of NPs, PPs, modal verbs, adverbs, etc.
This comparison empirically shows that our model
is capable and robust enough to learn a complex
underlying grammar from partial annotation.

5.6 Memory Efficiency

We further analyze the memory efficiency of our
model. We evaluate the peak GPU memory usage
on the development set of OntoNotes. For both
tasks, we see a significant reduction in memory
usage of 27% for coreference and 24% for SRL.

6 Conclusion

In this paper, we proposed a novel structured model
for span selection. In contrast to prior span selec-
tion methods, the model is structured, which allows
it to model spans better. Instead of a greedy span
selection procedure, the span selector uses partial
span annotations provided in data to directly obtain
the set of optimal spans. We evaluated our span se-

Coref
[[The world’ s] fifth [Disney] park]
will soon [open] to [the public] here .

SRL
[The world’ s [fifth] [Disney] [park]]
[will] [soon] [ [open] [to the public]]
[here] .

Table 9: A qualitative example of the grammar learned
by the structured span selector.

lector on two typical span prediction tasks, namely
coreference resolution and semantic role labeling,
and achieved consistent gains in terms of accuracy
as well as efficiency over greedy span selection.
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in our work do not contain sensitive information,
and we foresee no further ethical concerns with the
work.

Acknowledgements

Mrinmaya Sachan acknowledges support from an
ETH Zürich Research grant (ETH-19 21-1) and a
grant from the Swiss National Science Foundation
(project #201009) for this work.

References
James K. Baker. 1979. Trainable grammars for speech

recognition. The Journal of the Acoustical Society
of America, 65(S1):S132–S132.

David Bamman, Olivia Lewke, and Anya Mansoor.
2020. An annotated dataset of coreference in En-
glish literature. In Proceedings of the 12th Lan-
guage Resources and Evaluation Conference, pages
44–54, Marseille, France. European Language Re-
sources Association.

Vladimir Dobrovolskii. 2021. Word-level coreference
resolution. In Proceedings of the 2021 Conference
on Empirical Methods in Natural Language Process-
ing, pages 7670–7675, Online and Punta Cana, Do-
minican Republic. Association for Computational
Linguistics.

Jason Eisner. 2016. Inside-outside and forward-
backward algorithms are just backprop (tutorial pa-
per). In Proceedings of the Workshop on Structured
Prediction for NLP, pages 1–17, Austin, TX. Asso-
ciation for Computational Linguistics.

Hongliang Fei, Xu Li, Dingcheng Li, and Ping Li. 2019.
End-to-end deep reinforcement learning based coref-
erence resolution. In Proceedings of the 57th An-
nual Meeting of the Association for Computational

2637



Linguistics, pages 660–665, Florence, Italy. Associ-
ation for Computational Linguistics.

Jenny Rose Finkel and Christopher D. Manning. 2009.
Joint parsing and named entity recognition. In Pro-
ceedings of Human Language Technologies: The
2009 Annual Conference of the North American
Chapter of the Association for Computational Lin-
guistics, pages 326–334, Boulder, Colorado. Associ-
ation for Computational Linguistics.

Joshua Goodman. 1999. Semiring parsing. Computa-
tional Linguistics, 25(4):573–606.

Andreas Griewank and Andrea Walther. 2008. Evaluat-
ing Derivatives: Principles and Techniques of Algo-
rithmic Differentiation, second edition. Society for
Industrial and Applied Mathematics, USA.

Luheng He, Kenton Lee, Omer Levy, and Luke Zettle-
moyer. 2018. Jointly predicting predicates and argu-
ments in neural semantic role labeling. In Proceed-
ings of the 56th Annual Meeting of the Association
for Computational Linguistics (Volume 2: Short Pa-
pers), pages 364–369, Melbourne, Australia. Asso-
ciation for Computational Linguistics.

Luheng He, Kenton Lee, Mike Lewis, and Luke Zettle-
moyer. 2017. Deep semantic role labeling: What
works and what’s next. In Proceedings of the 55th
Annual Meeting of the Association for Computa-
tional Linguistics (Volume 1: Long Papers), pages
473–483, Vancouver, Canada. Association for Com-
putational Linguistics.

Mandar Joshi, Danqi Chen, Yinhan Liu, Daniel S.
Weld, Luke Zettlemoyer, and Omer Levy. 2020.
SpanBERT: Improving pre-training by representing
and predicting spans. Transactions of the Associa-
tion for Computational Linguistics, 8:64–77.

Mandar Joshi, Omer Levy, Luke Zettlemoyer, and
Daniel Weld. 2019. BERT for coreference reso-
lution: Baselines and analysis. In Proceedings of
the 2019 Conference on Empirical Methods in Nat-
ural Language Processing and the 9th International
Joint Conference on Natural Language Processing
(EMNLP-IJCNLP), pages 5803–5808, Hong Kong,
China. Association for Computational Linguistics.

Daniel Jurafsky and James H. Martin. 2009. Speech
and Language Processing, 2nd edition. Prentice-
Hall, USA.

Ben Kantor and Amir Globerson. 2019. Coreference
resolution with entity equalization. In Proceed-
ings of the 57th Annual Meeting of the Association
for Computational Linguistics, pages 673–677, Flo-
rence, Italy. Association for Computational Linguis-
tics.

Yuval Kirstain, Ori Ram, and Omer Levy. 2021. Coref-
erence resolution without span representations. In
Proceedings of the 59th Annual Meeting of the
Association for Computational Linguistics and the

11th International Joint Conference on Natural Lan-
guage Processing (Volume 2: Short Papers), pages
14–19, Online. Association for Computational Lin-
guistics.

Kenton Lee, Luheng He, Mike Lewis, and Luke Zettle-
moyer. 2017. End-to-end neural coreference reso-
lution. In Proceedings of the 2017 Conference on
Empirical Methods in Natural Language Processing,
pages 188–197, Copenhagen, Denmark. Association
for Computational Linguistics.

Kenton Lee, Luheng He, and Luke Zettlemoyer. 2018.
Higher-order coreference resolution with coarse-to-
fine inference. In Proceedings of the 2018 Confer-
ence of the North American Chapter of the Associ-
ation for Computational Linguistics: Human Lan-
guage Technologies, Volume 2 (Short Papers), pages
687–692, New Orleans, Louisiana. Association for
Computational Linguistics.

Zuchao Li, Shexia He, Hai Zhao, Yiqing Zhang, Zhu-
osheng Zhang, Xi Zhou, and Xiang Zhou. 2019.
Dependency or span, end-to-end uniform seman-
tic role labeling. In Proceedings of the Thirty-
Third AAAI Conference on Artificial Intelligence and
Thirty-First Innovative Applications of Artificial In-
telligence Conference and Ninth AAAI Symposium
on Educational Advances in Artificial Intelligence,
AAAI’19/IAAI’19/EAAI’19. AAAI Press.

Diego Marcheggiani, Anton Frolov, and Ivan Titov.
2017. A simple and accurate syntax-agnostic neural
model for dependency-based semantic role labeling.
In Proceedings of the 21st Conference on Compu-
tational Natural Language Learning (CoNLL 2017),
pages 411–420, Vancouver, Canada. Association for
Computational Linguistics.

Lesly Miculicich and James Henderson. 2020.
Partially-supervised mention detection. In Pro-
ceedings of the Third Workshop on Computational
Models of Reference, Anaphora and Coreference,
pages 91–98, Barcelona, Spain (online). Association
for Computational Linguistics.

Hiroki Ouchi, Hiroyuki Shindo, and Yuji Matsumoto.
2018. A span selection model for semantic role la-
beling. In Proceedings of the 2018 Conference on
Empirical Methods in Natural Language Processing,
pages 1630–1642, Brussels, Belgium. Association
for Computational Linguistics.

Martha Palmer, Daniel Gildea, and Nianwen Xue. 2010.
Semantic role labeling. Synthesis Lectures on Hu-
man Language Technologies, 3(1):1–103.

Sameer Pradhan, Alessandro Moschitti, Nianwen Xue,
Olga Uryupina, and Yuchen Zhang. 2012. CoNLL-
2012 shared task: Modeling multilingual unre-
stricted coreference in OntoNotes. In Joint Confer-
ence on EMNLP and CoNLL - Shared Task, pages
1–40, Jeju Island, Korea. Association for Computa-
tional Linguistics.

2638

https://asa.scitation.org/doi/pdf/10.1121/1.2017061
https://asa.scitation.org/doi/pdf/10.1121/1.2017061
https://www.aclweb.org/anthology/2020.lrec-1.6
https://www.aclweb.org/anthology/2020.lrec-1.6
https://doi.org/10.18653/v1/2021.emnlp-main.605
https://doi.org/10.18653/v1/2021.emnlp-main.605
https://doi.org/10.18653/v1/W16-5901
https://doi.org/10.18653/v1/W16-5901
https://doi.org/10.18653/v1/W16-5901
https://doi.org/10.18653/v1/P19-1064
https://doi.org/10.18653/v1/P19-1064
https://aclanthology.org/N09-1037
https://aclanthology.org/J99-4004
https://doi.org/10.1137/1.9780898717761
https://doi.org/10.1137/1.9780898717761
https://doi.org/10.1137/1.9780898717761
https://doi.org/10.18653/v1/P18-2058
https://doi.org/10.18653/v1/P18-2058
https://doi.org/10.18653/v1/P17-1044
https://doi.org/10.18653/v1/P17-1044
https://doi.org/10.1162/tacl_a_00300
https://doi.org/10.1162/tacl_a_00300
https://doi.org/10.18653/v1/D19-1588
https://doi.org/10.18653/v1/D19-1588
https://www.pearson.com/us/higher-education/program/Jurafsky-Speech-and-Language-Processing-2nd-Edition/PGM181706.html
https://www.pearson.com/us/higher-education/program/Jurafsky-Speech-and-Language-Processing-2nd-Edition/PGM181706.html
https://doi.org/10.18653/v1/P19-1066
https://doi.org/10.18653/v1/P19-1066
https://doi.org/10.18653/v1/2021.acl-short.3
https://doi.org/10.18653/v1/2021.acl-short.3
https://doi.org/10.18653/v1/D17-1018
https://doi.org/10.18653/v1/D17-1018
https://doi.org/10.18653/v1/N18-2108
https://doi.org/10.18653/v1/N18-2108
https://doi.org/10.1609/aaai.v33i01.33016730
https://doi.org/10.1609/aaai.v33i01.33016730
https://doi.org/10.18653/v1/K17-1041
https://doi.org/10.18653/v1/K17-1041


Karthik Raghunathan, Heeyoung Lee, Sudarshan Ran-
garajan, Nathanael Chambers, Mihai Surdeanu, Dan
Jurafsky, and Christopher Manning. 2010. A multi-
pass sieve for coreference resolution. In Proceed-
ings of the 2010 Conference on Empirical Meth-
ods in Natural Language Processing, pages 492–
501, Cambridge, MA. Association for Computa-
tional Linguistics.

Peng Shi and Jimmy Lin. 2019. Simple BERT mod-
els for relation extraction and semantic role labeling.
CoRR, abs/1904.05255.

Noah A. Smith. 2011. Linguistic structure prediction.
Synthesis Lectures on Human Language Technolo-
gies, 4(2):1–274.

Manfred Stede. 2011. Discourse processing. Synthesis
Lectures on Human Language Technologies, 4(3):1–
165.

Swabha Swayamdipta, Sam Thomson, Kenton Lee,
Luke Zettlemoyer, Chris Dyer, and Noah A. Smith.
2018. Syntactic scaffolds for semantic structures.
In Proceedings of the 2018 Conference on Em-
pirical Methods in Natural Language Processing,
pages 3772–3782, Brussels, Belgium. Association
for Computational Linguistics.

Raghuveer Thirukovalluru, Nicholas Monath, Kumar
Shridhar, Manzil Zaheer, Mrinmaya Sachan, and An-
drew McCallum. 2021. Scaling within document
coreference to long texts. In Findings of the Associ-
ation for Computational Linguistics: ACL-IJCNLP
2021, pages 3921–3931, Online. Association for
Computational Linguistics.

Shubham Toshniwal, Sam Wiseman, Allyson Ettinger,
Karen Livescu, and Kevin Gimpel. 2020. Learning
to ignore: Long document coreference with bounded
memory neural networks. In Proceedings of the
2020 Conference on Empirical Methods in Natural
Language Processing (EMNLP), pages 8519–8526,
Online. Association for Computational Linguistics.

Wei Wu, Fei Wang, Arianna Yuan, Fei Wu, and Ji-
wei Li. 2020. CorefQA: Coreference resolution as
query-based span prediction. In Proceedings of the
58th Annual Meeting of the Association for Compu-
tational Linguistics, pages 6953–6963, Online. As-
sociation for Computational Linguistics.

Liyan Xu and Jinho D. Choi. 2020. Revealing the myth
of higher-order inference in coreference resolution.
In Proceedings of the 2020 Conference on Empirical
Methods in Natural Language Processing (EMNLP),
pages 8527–8533, Online. Association for Computa-
tional Linguistics.

Juntao Yu, Bernd Bohnet, and Massimo Poesio. 2020.
Neural mention detection. In Proceedings of the
12th Language Resources and Evaluation Confer-
ence, pages 1–10, Marseille, France. European Lan-
guage Resources Association.

Rui Zhang, Cícero Nogueira dos Santos, Michihiro
Yasunaga, Bing Xiang, and Dragomir Radev. 2018.
Neural coreference resolution with deep biaffine at-
tention by joint mention detection and mention clus-
tering. In Proceedings of the 56th Annual Meeting of
the Association for Computational Linguistics (Vol-
ume 2: Short Papers), pages 102–107, Melbourne,
Australia. Association for Computational Linguis-
tics.

2639

https://aclanthology.org/2020.crac-1.10
https://doi.org/10.18653/v1/D18-1191
https://doi.org/10.18653/v1/D18-1191
https://doi.org/10.2200/S00239ED1V01Y200912HLT006
https://www.aclweb.org/anthology/W12-4501
https://www.aclweb.org/anthology/W12-4501
https://www.aclweb.org/anthology/W12-4501
https://www.aclweb.org/anthology/D10-1048
https://www.aclweb.org/anthology/D10-1048
http://arxiv.org/abs/1904.05255
http://arxiv.org/abs/1904.05255
https://doi.org/10.2200/S00361ED1V01Y201105HLT013
https://doi.org/10.2200/S00354ED1V01Y201111HLT015
https://doi.org/10.18653/v1/D18-1412
https://doi.org/10.18653/v1/2021.findings-acl.343
https://doi.org/10.18653/v1/2021.findings-acl.343
https://doi.org/10.18653/v1/2020.emnlp-main.685
https://doi.org/10.18653/v1/2020.emnlp-main.685
https://doi.org/10.18653/v1/2020.emnlp-main.685
https://doi.org/10.18653/v1/2020.acl-main.622
https://doi.org/10.18653/v1/2020.acl-main.622
https://doi.org/10.18653/v1/2020.emnlp-main.686
https://doi.org/10.18653/v1/2020.emnlp-main.686
https://aclanthology.org/2020.lrec-1.1
https://doi.org/10.18653/v1/P18-2017
https://doi.org/10.18653/v1/P18-2017
https://doi.org/10.18653/v1/P18-2017


A A Weighted Context-Free Grammar

A.1 The Grammar
In our WCFG 〈Σ, N, S, R, ρ〉, Σ is the set of all tokens in the vocabulary, N = {S,Xσ,Xσ}, where S is
the start symbol, Xσ is the span of interest, and Xσ is the spans that are not of interest. The complete set
of production rules R is shown in Tab. 10.

S → Xσ Xσ

S → Xσ Xσ

S → Xσ Xσ

S → Xσ Xσ

Xσ → Xσ Xσ

Xσ → Xσ Xσ

Xσ → Xσ Xσ

Xσ → Xσ Xσ

Xσ → Xσ Xσ

Xσ → Xσ Xσ

Xσ → Xσ Xσ

Xσ → Xσ Xσ

Xσ → x, ∀x ∈ Σ
Xσ → x, ∀x ∈ Σ

Table 10: Production rules R of our WCFG.

We only assign nontrivial weights to rules iXk → iYj jZk where X is Xσ. That is to say, in Eq. (1),
sp(iXk → iYj jZk) = 1 where X is not Xσ.

A.2 The Inside–Outside Algorithm
For a span [i,X, k], its inside value can be expressed as

β([i,X, k]) =
∑

X→YZ∈R

(
exp sp([i,X, k])×

( k−1∑

j=i+1

β([i,Y, j])× β([j,Z, k])
))

(22)

In the case when k = i + 1, we have β([i,X, k]) = exp sp([i,X, k]). The inside value of the entire
sentence β([0, S, |w|]) is exactly Z, the sum of scores of all parses.

A.3 The CKY Algorithm
We use the CKY algorithm to find an optimal parse tree t∗ ∈ T (w) that maximizes ρ(t). The recursive
function when i < k used is:

γ([i,X, k]) = max
X→YZ∈R

{
sp([i,X, k]) + max

i<j<k

{
γ([i,Y, j]) + γ([j,Z, k])

}}
(23)

In the case when k = i+ 1, we have γ([i,X, k]) = sp([i,X, k]).

B Experimental Settings

The systems are implemented with PyTorch. We use SpanBERTlarge as text encoder. We train the model
for 20 epochs and select the best-performing model on the development set for testing. The documents
are split into 512 word segments to fit in SpanBERTlarge. Models used for coreference resolution have 402
million learnable parameters, and models for SRL have 382 million learnable parameters. We closely
follow the hyperparameter settings of Joshi et al. (2020) and build our models upon the codebase of Xu
and Choi (2020)9 under Apache License 2.0. The learning rate of SpanBERTlarge parameters is set to

9https://github.com/lxucs/coref-hoi
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1×10−5 with 0.01 decay rate, and the learning rate of task parameters is set to 3×10−4. The dropout rate
of feedforward neural network scorers is set to 0.3. When training our model, we randomly sample 0.1|D|
negative spans that are not mentions and add their negative log-likelihood − log p(σij) to the training
objective. This is to prevent p(σij) from converging to 1. For SRL task, we use a batch size of 32 for 40
epochs and the same learning rate with coreference resolution. The same negative sampling technique is
applied. Our models are trained on Nvidia Tesla V100 GPUs with 32GB memory. The average training
time is around 8 hours for Joshi et al. (S) baseline and around 9 hours for our model. For SRL models,
training takes 25 hours.

C Results on the Development Set

In this section, we report the results that our models get on the development sets of OntoNotes and
LitBank.

Avg. P Avg. R Avg. F1

Joshi et al. (S) 82.0 78.8 80.4
Sigmoid 81.6 79.4 80.5
Ours 81.1 80.2 80.7

Table 11: Results on CoNLL-2012 coreference resolution development set.

Avg. P Avg. R Avg. F1

Joshi et al. (S) 78.8 73.7 76.1
Ours 77.4 75.6 76.6

Table 12: Results on LitBank development set.

Avg. P Avg. R Avg. F1

He et al.SpanBERT 87.9 85.0 86.4
Ours 87.8 86.2 87.0

Table 13: Results on CoNLL-2012 semantic role labeling development set.
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Abstract

Semantic typing aims at classifying tokens or
spans of interest in a textual context into seman-
tic categories such as relations, entity types,
and event types. The inferred labels of seman-
tic categories meaningfully interpret how ma-
chines understand components of text. In this
paper, we present UNIST, a unified framework
for semantic typing that captures label seman-
tics by projecting both inputs and labels into
a joint semantic embedding space. To formu-
late different lexical and relational semantic
typing tasks as a unified task, we incorporate
task descriptions to be jointly encoded with the
input, allowing UNIST to be adapted to dif-
ferent tasks without introducing task-specific
model components. UNIST optimizes a mar-
gin ranking loss such that the semantic related-
ness of the input and labels is reflected from
their embedding similarity. Our experiments
demonstrate that UNIST achieves strong perfor-
mance across three semantic typing tasks: en-
tity typing, relation classification and event typ-
ing. Meanwhile, UNIST effectively transfers
semantic knowledge of labels and substantially
improves generalizability on inferring rarely
seen and unseen types. In addition, multiple
semantic typing tasks can be jointly trained
within the unified framework, leading to a sin-
gle compact multi-tasking model that performs
comparably to dedicated single-task models,
while offering even better transferability.1

1 Introduction

Semantic typing is a group of fundamental natu-
ral language understanding problems that aim at
classifying tokens (or spans) of interest into se-
mantic categories. This includes a wide range of
long-standing NLP problems such as entity typing,
relation classification, and event typing. Inferring
the types of entities, relations or events mentioned

∗Equal contributions.
1Our code and pre-trained models are available at https:

//github.com/luka-group/UniST.

is not only crucial to the structural perception of
human language, but also plays an important role
in many downstream tasks such as entity linking
(Onoe and Durrett, 2020), information extraction
(Zhong and Chen, 2021) and question answering
(Yavuz et al., 2016).

Most traditional methods tackle semantic typing
problems by training task-specific multi-class clas-
sifiers with token or sentence representations from
language models to predict a probability distribu-
tion over a pre-defined set of classes (Dai et al.,
2021; Yamada et al., 2020). However, this ap-
proach comes with several limitations. First, these
models simply convert labels into indices, thus
completely ignoring the rich semantics carried by
the label text itself. For example, given “Currently
Ritek is the largest producer of OLEDs.”, know-
ing what the entity type company means would
naturally simplify the inference of “Ritek” is a com-
pany in this context. Second, models trained as
classifiers do not generalize well to class labels that
are rarely seen or unseen in the training data, as
these models rely on the abundance of annotated
examples to associate semantics to label indices.
In particular, since these classifiers are limited by
the pre-defined label set, they cannot infer any un-
seen labels unless being re-trained or incorporated
with label mapping rules. As a result, these models
struggle to handle more fine-grained semantic typ-
ing tasks in real-world scenarios (Choi et al., 2018;
Chen et al., 2020) where any free-form textual la-
bels may be used to represent the types, many of
which may also be unseen during training.

In contrast to the aforementioned traditional
paradigm for semantic typing, several studies have
explored alternative approaches such as prompt-
based learning (Schick and Schütze, 2021; Ding
et al., 2021) and indirect supervision from NLI
models (Yin et al., 2019; Sainz et al., 2021) to
make more efficient use of label semantics. How-
ever, these methods usually require hand-crafted
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Ranking 
Loss

Sixteen people were
killed and 27 <T>

injured </T>. Describe
the type of injured.

Semantic
Embedding Space bodily harm

arriving

Input Sentence
Positive Label

Negative Label

(a) Training

competition

(b) Inference

social event

attack

0.83

0.39

Similarity Score

0.07

Candidate LabelsEight matches were
<T> contested </T> at
the event. Describe the

type of contested.

Input Sentence

Figure 1: UNIST projects the input sentence with task descriptions (in blue) and marked token span of interest (with
enclosing special tokens), and candidate labels into a shared semantic embedding space. In training, it optimizes a
margin ranking loss such that positive labels are closer to the input sentence than negative labels. During inference,
UNIST simply ranks candidate labels based on the similarity between input and label embeddings.

templates or mapping between labels and language
model vocabulary that do not scale well to diverse,
free-form labels across various semantic typing
tasks. Instead, we seek a generalizable approach
that captures label semantics while requiring mini-
mal effort to be adapted to a different task.

In this paper, we propose UNIST, a unified
framework for semantic typing that projects con-
text sentences and candidate labels into a shared
semantic embedding space. UNIST provides a uni-
fied solution to two major categories of semantic
typing tasks, namely lexical typing (e.g., entity typ-
ing, event typing) and relational typing (relation
classification). By optimizing a margin ranking
loss, our model captures label semantics such that
positive labels are encoded closer to their respec-
tive context sentences than negative labels by at
least a certain similarity margin. Depending on the
task requirement, either top-k candidate labels or
any candidate labels with similarity above a certain
threshold are given as the final predictions. Fur-
thermore, we add a task description to the end of
the context sentences to specify the task and to-
ken (spans) of interest, and use a single model for
encoding both context sentences and labels. This
simple technique allows us to unify different seman-
tic typing tasks without introducing separate task-
specific model components or learning objectives,
while differentiating among distinct task prediction
processes during inference. UNIST demonstrates
strong performance on three semantic typing bench-
marks: UFET (Choi et al., 2018) for (ultra-fine)
entity typing, TACRED (Zhang et al., 2017) for
relation classification, and MAVEN (Wang et al.,
2020) for event typing, even achieving comparable
performance with a single model trained to solve
all three tasks simultaneously.

The main contributions of this work are three-
fold. First, the proposed UNIST framework con-
verts distinct semantic typing tasks into a unified
formulation, where both input and label seman-
tics can be effectively captured in the same repre-
sentation space. Second, we incorporate a model-
agnostic task representation scheme to allow the
model to differentiate among distinct tasks in train-
ing and inference without introducing additional
task-specific model components. Third, UNIST
demonstrates substantial improvements in both ef-
fectiveness and generalizability on entity typing,
relation classification and event typing. In addition,
our unified framework makes it possible to learn
a single model for all three tasks, which performs
comparably to dedicated models trained separately
on each task.

2 Method

In this section, we present the technical details
of UNIST, our unified framework for semantic
typing. We first provide a general definition of
a semantic typing problem (§2.1), followed by a
detailed description of our model (§2.2), training
objective(§2.3), and inference (§2.4).

2.1 Problem Definition
Given an input sentence s and a set of one or more
token spans of interest E = {e1, ...en}, ei ⊂ s, the
goal of semantic typing is to assign a set of one or
more labels Y = {y1, ...yk}, Y ⊂ Y to E that best
describes the semantic categoryE belongs to in the
context of s. Y denotes the set of candidate labels,
which may include a large number of free-form
phrases (Choi et al., 2018) or ontological labels
(Zhang et al., 2017). In this paper, we consider
two categories of semantic typing tasks, lexical

2643



Task Input Format

Entity Typing Currently <E> Ritek </E> is the largest producer of OLEDs.
Describe the type of Ritek.

Relation Classification <SUBJ> Herrera </SUBJ> ’s wife <OBJ> Ramona </OBJ> died in 1991.
Describe the relationship between person Herrera and person Ramona.

Event Typing The siege <T> began </T> on 15 September.
Describe the type of began.

Table 1: Input formats for different semantic typing tasks. The four pairs of special tokens marks entities, subjects,
objects and triggers respectively.

typing of a single token span (e.g., entity or event
typing), and relational typing between two token
spans (relation classification).

2.2 Model

Overview. As illustrated in Fig. 1, UNIST lever-
ages a pre-trained language model (PLM) to project
both input sentences and the candidate labels into
a shared semantic embedding space, where the se-
mantic relatedness between the input and label is
reflected by their embedding similarity. This is ac-
complished by optimizing a margin ranking objec-
tive that pushes negative labels away from the input
sentence while pulling the positive labels towards
the input. This simple, unified paradigm allows our
model to rank candidate labels based on the affinity
of semantic representations with regard to the in-
put during inference. Meanwhile, our model is not
limited to a pre-defined label set, as any textual la-
bel, whether seen or unseen during training, can be
ranked accordingly as long as the model captures
its semantic representation. In order to specify the
task at hand along with the tokens (or spans) we
aim to classify, we add a task description to the end
of the input sentence. This allows our framework
to use unified representations from a single encoder
for both inputs and labels, as well as support the
inference of distinct semantic typing tasks without
introducing task-specific model components.

Task Description. To highlight the tokens (or
spans) we aim to type, we first enclose them with
special marker tokens indicating their roles (enti-
ties, subjects, objects, or triggers). Next, we lever-
age the existing semantic knowledge in PLMs and
add a natural language task description to the end
of the input sentence to specify the task at hand
along with tokens (or spans) of interest. The gen-
eral format for lexical semantic typing is

Describe the type of <tokens>.

and that of relational semantic typing is

Describe the relationship between <subject> and
<object>.

Examples of different input formats (including spe-
cial tokens and task descriptions) can be found in
Tab. 1. In addition, relational typing (relation clas-
sification) tasks may incorporate entity types from
NER models alongside input sentences. Entity type
information has been shown to benefit relation clas-
sification (Peng et al., 2020; Zhong and Chen, 2021;
Zhou and Chen, 2021a), and can be easily incor-
porated into our task description, as shown in the
given example.

Input Representation. We use a RoBERTa model
(Liu et al., 2019) to jointly encode the input sen-
tence and the task description. Given an input s
and its task description d, we concatenate s and d
into a single sequence, and obtain the hidden rep-
resentation of the <s> token as the input sentence
representation, denoted by u:

u = fencoder([s, d]).

A traditional approach to semantic typing is to
train classifiers on top of the representations of
specific tokens of interest (Wang et al., 2021a; Ya-
mada et al., 2020). In the case of relational typing
where two entities are involved, their representa-
tions are usually concatenated, leading to dimen-
sion mismatch with lexical typing tasks and requir-
ing a different task-specific module to handle. In-
stead, thanks to the introduction of task description,
UNIST always uses the universal <s> token rep-
resentation for both inputs and labels, and across
different semantic typing tasks.

Label Representation. Most semantic typing tasks
provide textual labels in natural language from
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which a language model can directly capture la-
bel semantics. Some relation classification datasets
such as TACRED use extra identifiers per: and org:
to distinguish same relation type with different sub-
ject types. For example, per:parent refers to the
parent of a person, while org:parent represents the
parent of an organization such as a company. In
this case, we simply replace per: and org: with
person and organization respectively. The label
text is encoded by the exact same model used to
encode the input sentence. Given the label y, we
again take the <s> token representation as the label
representation, denoted by v:

v = fencoder(y).

2.3 Learning Objective
Let Y be the set of all candidates labels for a se-
mantic typing task. Given an input [s, d] and the
positive label set Y ⊂ Y , we first randomly sam-
ple a negative label y′ ∈ Y\Y for each training
instance. Then, we encode the input [s, d], positive
label y and negative label y′ into their respective
semantic representations u, v, and v′. UNIST op-
timizes a margin ranking loss such that positive
labels, which are more semantically related to the
input than negative labels, are also closer to the
input in the embedding space. Specifically, the loss
function for a single training instance is defined as:

Ls,y,y′ = max{c(u,v′)− c(u,v) + γ, 0},

where c(·) denotes cosine similarity and γ is a non-
negative constant. The overall (single-task) training
objective is given by:

Lt =
1

Nt

∑

s∈St

∑

y∈Ys
Ls,y,y′ ,

where St is the set of training instances for task t,
Ys is the set of all positive labels of s, and Nt is the
number of distinct pairs of training sentence and
positive label. In addition to the single-task setting
which optimizes an individual task-specific loss
Lt, we also consider a multi-task setting of UNIST
where it is jointly trained on different semantic
typing tasks and optimizes the following objective:

L =
1

N

∑

t∈T

∑

s∈St

∑

y∈Ys
Ls,y,y′ .

where T is the set of semantic typing tasks UNIST
is trained on, and N is the total number of training
instances.

2.4 Inference

UNIST supports different strategies for inference
depending on the task requirement. If the number
of labels for each input is fixed, we simply retrieve
the top-k closest candidate labels to the input as the
final predictions. Otherwise, all candidate labels
with similarity above a certain threshold are given
as predictions. Note that UNIST is not restricted
to a pre-defined label set, as any textual label in
natural language can be encoded by UNIST into
its semantic representation and ranked accordingly
during inference.

3 Experiments

In this section, we evaluate UNIST on single-task
experiments on three semantic typing tasks: en-
tity typing (§3.1), relation classification (§3.2) and
event typing (§3.3). We then assess the general-
izability of UNIST by conducting zero-shot and
few-shot prediction, and study the effects of task
description (§3.4). Finally, we train UNIST under
multi-task setting to solve all three tasks simultane-
ously (§3.5).

3.1 Ultra-fine Entity Typing

We first conduct experiments on the ultra-fine entity
typing task, which aims at predicting fine-grained
free-form words or phrases that describe the appro-
priate types of entities mentioned in sentences.

Dataset. We use the Ultra-Fine Entity Typing
(UFET) benchmark (Choi et al., 2018), which in-
cludes 5,994 sentences split into 1,998 each for
train, dev and test. Each entity mention in UFET is
annotated with one or more free-form type labels,
covering a set of 2,519 distinct words and phrases.
Following the original evaluation protocol, we re-
port macro precision, recall and F1 score on the
UFET test set.

Model. Since the number of ground truth labels for
each entity is not fixed, all candidate labels with
similarity above a certain threshold is given as the
final predictions. We tune the hyperparameters, in-
cluding the threshold, on the UFET dev set. We use
base and large versions of RoBERTa as encoders
for UNISTBASE and UNISTLARGE respectively.

Baselines. UFET-biLSTM (Choi et al., 2018)
learns context and mention representations by
combining pre-trained word embeddings with a
character-level CNN and a bi-LSTM. LabelGCN
(Xiong et al., 2019) adds a graph propagation layer
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Model P R F1

UFET-biLSTM† (Choi et al., 2018) 48.1 23.3 31.3
LabelGCN† (Xiong et al., 2019) 50.3 29.2 36.9
LDET† (Onoe and Durrett, 2019) 51.5 33.0 40.1
Box4Types*† (Onoe et al., 2021) 52.8 38.8 44.8
LRN (Liu et al., 2021) 54.5 38.9 45.4
MLMET† (Dai et al., 2021) 53.6 45.3 49.1

UNISTBASE 49.2 49.4 49.3
UNISTLARGE* 50.2 49.6 49.9

Table 2: Results of entity typing on UFET. * marks mod-
els based on large versions of PLMs. † marks models
using augmented training data.

to capture label dependencies. LDET (Onoe and
Durrett, 2019) learns a denoising model that au-
tomatically filters and relabels distant supervision
data for training. Box4Types (Onoe et al., 2021)
introduces box embeddings to represent type hier-
archies and uses BERTLARGE as context and men-
tion encoder. LRN (Liu et al., 2021) uses an auto-
regressive LSTM to discover label structures, a
bipartite attribute graph to capture intrinsic label
dependencies, and a BERTBASE as sentence en-
coder. MLMET (Dai et al., 2021) generatively
augments the training data with a masked language
model, and fine-tunes BERTBASE on the augmented
training set.

Results. As shown in Tab. 2, UNISTBASE already
outperforms the SOTA baseline MLMET without
training on any augmented data by 0.2% in F1
score. With a larger language model, UNISTLARGE
further improves F1 score by another 0.6%. Since
UFET only provides a small set of human anno-
tated training data compared to its diverse label
set, all baselines except LRN incorporate distant
supervision data to alleviate data scarcity. UNIST’s
superior performance on UFET demonstrates the
importance of capturing label semantics as an aux-
iliary supervision signal that is not fully exploited
by previous methods. This is especially beneficial
when annotated data are limited, and can alleviate
the model’s reliance on augmenting training data.
In this way, UNIST also achieves better generaliz-
ability to unseen and rarely seen labels, for which
we conduct a more detailed analysis on few-shot
and zero-shot UFET labels in §3.4.

3.2 Relation Classification

The goal of relation classification is to determine
the relation between a subject entity and an object
entity mentioned in a sentence.

Model P R F1

SpanBERT* (Joshi et al., 2020) 70.8 70.9 70.8
MTB* (Baldini Soares et al., 2019) - - 71.5
TANL (Paolini et al., 2021) - - 71.9
K-Adapter* (Wang et al., 2021a) 70.1 74.0 72.0
LUKE* (Yamada et al., 2020) 70.4 75.1 72.7
BERT-CR* (Zhou and Chen, 2021b) - - 73.0
IBRE* (Zhou and Chen, 2021a) - - 74.6
SP* (Cohen et al., 2020) 74.6 75.2 74.8

UNISTBASE 73.6 75.0 74.3
UNISTLARGE* 78.0 73.1 75.5

Table 3: Results of relation classification on TACRED.
* marks models based on large versions of PLMs.

Dataset. We run the experiments on TACRED
(Zhang et al., 2017), a widely used benchmark for
this task that contains 106,264 sentences with en-
tity pairs labeled as one of the 41 relation types or
a no_relation type. TACRED provides 68,124 in-
stances for training, 22,631 for dev, and 15,509 for
testing. Following the original evaluation protocol,
we report micro precision, recall and F1 score on
the TACRED test set.

Model Configuration. UNIST retrieves the can-
didate label closest to the input in the embedding
space as the final prediction. Since entities in TA-
CRED are also annotated with entity types, we
place the entity type labels in front of their corre-
sponding entity mentions in the task description to
provide additional information for relation classi-
fication, as shown in Tab. 1. We tune the hyperpa-
rameters on the TACRED dev set.

Baselines. SpanBERT (Joshi et al., 2020) incor-
porates span prediction as an additional objective
for BERT pre-training. MTB (Baldini Soares et al.,
2019) introduces matching-the-blank training on
entity-linked text to connect relation representa-
tions among related instances. TANL (Paolini
et al., 2021) proposes a unified text-to-text frame-
work for structured prediction tasks based on T5
(Raffel et al., 2020). K-Adapter (Wang et al.,
2021a) learns adapter modules to infuse structured
knowledge into a RoBERTaLARGE model. LUKE
further trains RoBERTaLARGE on entity-annotated
corpus with an entity-aware self-attention mecha-
nism. BERT-CR (Zhou and Chen, 2021b) intro-
duces a co-regularization framework to improve
learning from noisy datasets with a BERTLARGE
model. IBRE (Zhou and Chen, 2021b) incorpo-
rates entity type information into mention mark-
ers in the sentence to boost the performance of
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RoBERTaLARGE. SP (Cohen et al., 2020) formu-
lates relation classification as a two-way span pre-
diction problem, and uses ALBERT (Lan et al.,
2020) as encoder2.

Results. As shown in Tab. 3, UNISTBASE
already outperforms several strong baselines
which are built on larger PLMs (BERTLARGE
or RoBERTaLARGE), except for SP and IBRE.
UNISTLARGE further improves the performance
and establishes new SOTA on TACRED, outper-
forming the best baseline SP by 0.7% in F1. While
SP also leverages label semantics by framing rela-
tion classification as a two-way question answer-
ing problem, it requires hand-crafted question tem-
plates for each relation label and more significant
computational cost for answer span prediction. In
comparison, UNIST directly captures label seman-
tics from the label text itself, while offering supe-
rior performance and inference efficiency as labels
can be retrieved by simply computing embedding
cosine similarity.

3.3 Event Typing

Event typing aims at assigning an event type to an
event trigger that clearly indicates an event.

Dataset. We conduct the evaluation using MAVEN
(Wang et al., 2020), a general-domain event extrac-
tion benchmark with 77,993/18,904/21,835 event
triggers for train/dev/test annotated with 168 dis-
tinct event types. MAVEN also provides a large
set of negative triggers, which includes all content
words (nouns, verbs, adjectives, and adverbs) la-
beled by a part-of-speech tagger but not annotated
as an event trigger. Since UNIST focuses on se-
mantic typing and does not handle mention span
prediction, we train a BERT-CRF model to first
identify trigger candidates following Wang et al.
(2020), and then predict an event type for each
trigger candidate using UNIST. Following the orig-
inal paper, we report micro precision, recall and F1
score on MAVEN test set.

Model Configuration. We retrieve the candidate
label with the highest similarity to the input as the
predicted event type. We tune the hyperparameters
on the MAVEN dev set.

2We were unable to reproduce the results of RECENT (Lyu
and Chen, 2021) due to an error in its evaluation process that
wrongly corrected all false positive predictions during testing.
After correcting that error, the performance of RECENT was
observed to be below the other baselines, and hence has not
been included in the result discussion.

Model P R F1

DMCNN (Chen et al., 2015) 66.3 55.9 60.6
MOGANED (Yan et al., 2019) 63.4 64.1 63.8
DMBERT (Wang et al., 2019) 62.7 72.3 67.1
BERT-CRF (Wang et al., 2020) 65.0 70.9 67.8
CLEVE* (Wang et al., 2021b) 64.9 72.6 68.5

UNISTBASE 66.7 69.9 68.3
UNISTLARGE* 66.5 69.7 68.1

Table 4: Results of event typing on MAVEN. * marks
models based on large versions of PLMs. All baseline
results except CLEVE are taken from Wang et al. (2020)

Baselines. DMCNN (Chen et al., 2015) uses a
CNN with dynamic multi-pooling to obtain trig-
ger representations for classification. MOGANED
(Yan et al., 2019) proposes a multi-order GCN to
capture interrelation between event trigger and ar-
gument representations based on dependency trees.
DMBERT (Wang et al., 2019) improves DMCNN
by training a BERTBASE model as sentence encoder
with dynamic multi-pooling. BERT-CRF stacks a
CRF layer on top of BERTBASE to model multiple
event correlations in a single sentence. CLEVE
(Wang et al., 2021b) proposes a contrastive learning
framework fine-tuned on large-scale corpus with
AMR structures obtained from AMR parsers, and
combines AMR graph representations from a GNN
and text representations from RoBERTaLARGE to
classify event types.

Results. As shown in Tab. 4, UNIST is able to
improve event typing over BERT-CRF, and outper-
form all baselines except CLEVE. Note that in ad-
dition to being initialized from the same RoBERTa
model as UNIST, CLEVE is further fine-tuned on
large-scale corpus with AMR structures obtained
from a separate parsing model (Xu et al., 2020) that
also requires large human-annotated data to train.
This indicates much more expensive supervision
signals used by CLEVE. In contrast, UNIST ef-
fectively captures the meaning of event types and
learns to classify event triggers by only fine-tuning
on MAVEN, while still achieving promising perfor-
mance without the need of any additional annotated
resources.

3.4 Analysis

In this section, we provide a detailed analysis to
better understand the generalizability of UNIST
and the effects of incorporating task description.
Specifically, we examine UNIST’s performance
on few-shot and zero-shot entity typing on UFET,
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Figure 2: Comparison between MLMET and UNIST
on few-shot and zero-shot prediction on UFET.

zero-shot relation classification on FewRel (Han
et al., 2018), and how UNIST performs without
task descriptions.

Few-shot & Zero-shot Entity Typing. A large
portion of UFET test set labels have very few or
even no training instances. We focus on entity types
with no more than 10 instances in the training set,
and compare the performance of UNISTBASE with
the previous SOTA model MLMET on these few-
shot and zero-shot labels.

As shown in Fig. 2, the advantage of UNIST over
MLMET becomes more evident for rarer labels.
For the most challenging zero-shot labels, UNIST
substantially outperforms MLMET by 7.2% in F1
score, suggesting that UNIST is better generalized
to infer low-resource and unseen entity types.

Zero-shot Relation Classification. We conduct
experiments on FewRel (Han et al., 2018), a widely
used benchmark for low-resource relation classifi-
cation. FewRel includes 64/16/20 non-overlapping
relation types for train/dev/test with 700 sentences
collected from Wikipedia for each relation type.
We evaluate UNIST under the N -way-0-shot set-
ting, where the goal is to predict the correct relation
among N candidate relations without seen train-
ing examples. Following previous studies (Cetoli,
2020; Dong et al., 2021), we report 5-way-0-shot
and 10-way-0-shot accuracy on the FewRel dev set.

We compare UNIST with following baselines:
REGRAB (Qu et al., 2020) proposes a bayesian
meta-learning method to infer the posterior distri-
bution of relation prototypes initialized with knowl-
edge graph embeddings. BERT-SQuAD (Cetoli,
2020) formulates zero-shot relation classification
as a question answering problem, and fine-tunes
a BERTLARGE QA model trained on SQuAD 1.1
(Rajpurkar et al., 2016) to predict relation types.
MapRE (Dong et al., 2021) proposes a contrastive

Model 5-way 10-way
0-shot 0-shot

REGRAB† (Qu et al., 2020) 52.5 37.5
BERT+SQuAD* (Cetoli, 2020) 86.0 76.2
MapRE (Dong et al., 2021) 90.7 81.5

UNISTBASE 91.2 82.9

Table 5: Accuracy results of zero-shot relation classi-
fication on FewRel. * marks models based on large
versions of PLMs. † Results for REGRAB are taken
from Dong et al. (2021).

Model UFET TACRED MAVEN

UNISTBASE 49.3 74.3 68.3
- without task description 49.2 72.9 68.2

Table 6: F1 results of ablation experiments without task
description on UFET, TACRED and MAVEN.

pre-training framework that learns input and re-
lation representations from large-scale relation-
annotated data. All baselines, as well as UNIST,
are fine-tuned on the FewRel training set, and then
evaluated on the FewRel dev set with a new set of
relation types completely disjoint from that of the
training set.

As shown in Tab. 5, UNIST outperforms the best
baseline MapRE by 0.5% and 1.4% in accuracy on
5-way-0-shot and 10-way-0-shot tasks without first
pre-training on any relation-annotated data. This
demonstrates that by effectively captures label se-
mantics, UNIST allows better knowledge transfer
to handle unseen relation types.

Effects of Task Description. We conduct an abla-
tion experiment on task descriptions using UNIST
to better understand their effects on downstream
tasks. As shown in Tab. 6, the performance on TA-
CRED degrades much more significantly compared
to that on UFET and MAVEN after removing task
description. In lexical typing, the token span to be
classified tend to share similar semantics with its
type, and in many cases can be easily matched to
its type label without explicitly specifying the task.
In contrast, relation types are usually not seman-
tically similar to its subject and object, and task
description helps bridge this gap.

3.5 Multi-task Learning

With a unified task formulation, UNIST facilities
learning a single model to jointly train on and si-
multaneously solve different semantic typing tasks.
For more balanced training, We train UNIST on
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Model U T M
FewRel

5-way 10-way
0-shot 0-shot

UNISTBASE,U 49.3 6.1 19.6 68.9 56.0
UNISTBASE,T 3.0 74.3 5.2 62.5 48.4
UNISTBASE,M 22.5 4.3 68.3 55.1 39.7

UNISTBASE,U+T+M 48.5 74.2 68.2 80.9 72.0

Table 7: F1 results by multi-task learning on UFET (U),
TACRED (T), MAVEN (M), and zero-shot transfer to
FewRel.

the combined training set of UFET, TACRED and
MAVEN, and report F1 performance on their re-
spective test sets by following their respective eval-
uation protocol. We also include performance of
single-task UNIST for comparison.

As shown in Tab. 7, our multi-task model ob-
tain generally comparable performance to dedi-
cated UNIST models trained separately on each
of the three semantic typing tasks. Despite a slight
decrease in performance on some of the tasks,
UNISTU+T+M is still able to outperform several
strong baselines discussed earlier. Hence, UNIST
provides a possible solution for learning a compact,
unified model with a joint semantic embedding
space across different semantic typing tasks. More-
over, this leads to a well-structured embedding
space that better allows zero-shot transfer to new
semantic typing tasks. To provide a preliminary
analysis on the potential of UNIST on cross-task
transfer, we evaluate both single-task and multi-
task UNIST models on FewRel dev set without
training on any FewRel data. While FewRel is also
a relation classification dataset like TACRED, 75%
of the relation types in FewRel dev set do not exist
in TACRED. Results in Tab. 7 show that by jointly
training on different semantic typing tasks within
a unified framework, UNIST demonstrate signifi-
cantly stronger transferability to the unseen FewRel
task compared to single-task variants. It would be
meaningful to see if incorporating more datasets
and tasks into UNIST would further benefit cross-
task transfer, especially to tasks with limited data
available for training. We leave this as a direction
for further investigation.

4 Related Works

We present two lines of relevant research topics.
Each has a large body of work which we can only
provide as a highly selected summary.

Semantic Typing. Semantic typing tasks can be

generally categorized into lexical typing (e.g., en-
tity typing, event typing) and relational typing (or
classification). A large number of specialized ap-
proaches have been developed for individual se-
mantic typing tasks. For example, prior studies on
entity typing have exploited label dependencies and
hierarchies (Xu and Barbosa, 2018; Xiong et al.,
2019), capturing label relations with knowledge
bases (Dai et al., 2019; Jin et al., 2019), as well as
automatic data augmentation and denoising tech-
niques (Onoe and Durrett, 2019; Dai et al., 2021) to
deal with fine-grained type vocabularies. Relation
classification has been tackled by modeling depen-
dency structures (Zhang et al., 2018), learning span
representations (Joshi et al., 2020), entity represen-
tations (Yamada et al., 2020), and injecting external
knowledge into pre-trained language models (Pe-
ters et al., 2019; Zhang et al., 2019; Wang et al.,
2021a). Nevertheless, most previous methods have
formulated semantic typing as a multi-class classi-
fication problem without capturing label semantics.

Learning Label Semantics. Previous studies have
attempted formulating typing tasks into other tasks
that allow more effective learning of label seman-
tics. Following this idea, semantic typing tasks
have been reformulated as prompt-based learning
(Ding et al., 2021; Han et al., 2021), natural lan-
guage inference (Yin et al., 2019; Sainz et al.,
2021), question answering (Levy et al., 2017; Li
et al., 2019; Du and Cardie, 2020), and translation
(Paolini et al., 2021). Another line of research that
is more relevant to our approach focuses on learn-
ing semantic label embeddings such that candidate
labels can be ranked based on their affinity with
the input in the embedding space. Semantic label
embeddings have been successfully applied to a
variety of tasks such as hierarchical text classifi-
cation (Chen et al., 2021; Shen et al., 2021) and
intent detection (Xia et al., 2018). In the context of
semantic typing tasks, Chen et al. (2020) propose
a learning-to-rank framework for multi-axis event
process typing with indirect supervision from la-
bel glosses. Chen and Li (2021) use a pre-trained
sentence embedding model to learn relation label
embeddings from label descriptions. Dong et al.
(2021) propose a contrastive pre-training frame-
work to learn input and relation representations
from large-scale relation-annotated data. Unlike
previous approaches, UNIST does not rely on exter-
nal label knowledge, training data or task-specific
model components. Instead, UNIST effectively
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captures label semantics solely from label names,
and unify different semantic typing tasks into a sin-
gle framework by incorporating task descriptions
to be jointly encoded with the input.

5 Conclusion

We propose UNIST, a unified framework for se-
mantic typing that exploits label semantics to learn
a joint semantic embedding space for both inputs
and labels. By incorporating model-agnostic task
descriptions, UNIST can be easily adapted to differ-
ent semantic typing tasks without introducing task-
specific model components. Experimental results
show that UNIST offers both strong performance
and generalizability on entity typing, relation clas-
sification, and event typing. Our unified framework
also facilitates learning a single model to solve dif-
ferent semantic typing tasks simultaneously, with
performance on par with dedicated models trained
on individual tasks.
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Appendices

A Experiment Details

We run all single-task UNISTBASE experiments on
NVIDIA RTX 2080Ti GPUs, and all UNISTLARGE
and multi-task experiments on NVIDIA RTX
A5000 GPUs. UNISTBASE and UNISTLARGE use
base and large versions of RoBERTa as encoders
with 125M and 355M parameters respectively. We
conduct hyperparameter search within the follow-
ing range:

• learning rate: {3e-6, 5e-6, 1e-5, 2e-5}

• Batch size: {32, 64, 128}

• Number of training epochs: {50, 100, 200, 500,
1000}

• Ranking loss margin γ:{ 0.1, 0.2, 0.3}

Learning rate 5e-6
Dropout rate 0.1
Adam ϵ 1e-6
Adam β1 0.9
Adam β2 0.999
Gradient clipping 1.0
Warmup ratio 0.1
Ranking loss margin 0.1

Table 8: Common hyperparameters used in all experi-
ments.

We optimize our models using AdamW
(Loshchilov and Hutter, 2019) with linear
learning rate decay. The best model checkpoints
are selected based on dev set performance. Tab. 8
lists common hyperparameters used across all
experiments. All datasets used in our experiments
are in English. More details of individual tasks and
experiments are provided below.

A.1 UFET
The UFET dataset is publicly available on its offi-
cial website 3. Tab. 9 shows the hyperparameters
and dev F1 score for UFET experiments.

Name UNISTBASE UNISTLARGE

Batch size 64 64
Number of training epochs 1000 1000
Dev F1 49.2 49.5

Table 9: Hyperparameters and dev F1 score for UFET
experiments.

3https://www.cs.utexas.edu/~eunsol/
html_pages/open_entity.html
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A.2 TACRED
The TACRED dataset we use is licensed by LDC
4. Tab. 10 shows the hyperparameters and dev F1
score for TACRED experiments.

Name UNISTBASE UNISTLARGE

Batch size 64 64
Number of training epochs 100 100
Dev F1 73.9 75.3

Table 10: Hyperparameters and dev F1 score for TA-
CRED experiments.

A.3 MAVEN
The MAVEN dataset is publicly available via its
official github repository 5. Tab. 11 shows the hy-
perparameters and dev F1 score for MAVEN exper-
iments.

Name UNISTBASE UNISTLARGE

Batch size 64 64
Number of training epochs 100 100
Dev F1 68.4 68.5

Table 11: Hyperparameters and dev F1 score for
MAVEN experiments.

A.4 FewRel
The FewRel dataset is publicly available via its
official github repository 6. We report the average
accuracy of 10 runs on the dev set during evaluation.
Tab. 12 shows the hyperparameters for FewRel
experiments.

Name UNISTBASE

Batch size 64
Number of training epochs 50

Table 12: Hyperparameters for FewRel experiments.

A.5 Multi-task Experiments
We conduct multi-task experiments on the com-
bined UFET, TACRED, and MAVEN training sets.
We up-sample UFET training set by a factor of
10 for more balanced training. Tab. 13 shows the
hyperparameters and dev set F1 for multi-task ex-
periments.

4https://catalog.ldc.upenn.edu/
LDC2018T24

5https://github.com/THU-KEG/
MAVEN-dataset

6https://github.com/thunlp/FewRel

Name UNISTBASE

Batch size 128
Number of training epochs 100

Dev F1
47.5 (UFET)

72.9 (TACRED)
68.3 (MAVEN)

Table 13: Hyperparameters and dev F1 score for multi-
task experiments.

B Ethics Considerations

Our experiments are all conducted on openly avail-
able and widely used datasets. We do not augment
any information to those data in this research, hence
this research is not expected to introduce any addi-
tional biased information to existing information
in those data. However, the model may potentially
capture biases reflective of the pre-trained language
models and datasets we use for our experiments,
in such biases have pre-existed in these pre-trained
models or datasets. This is a common problem for
models trained on large-scale data, and therefore
we suggest conducting a thorough bias analysis
before deploying our model in any real-world ap-
plications.
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Abstract

In-context learning is a recent paradigm in nat-
ural language understanding, where a large pre-
trained language model (LM) observes a test in-
stance and a few training examples as its input,
and directly decodes the output without any up-
date to its parameters. However, performance
has been shown to strongly depend on the se-
lected training examples (termed prompts). In
this work, we propose an efficient method for
retrieving prompts for in-context learning us-
ing annotated data and an LM. Given an input-
output pair, we estimate the probability of the
output given the input and a candidate train-
ing example as the prompt, and label training
examples as positive or negative based on this
probability. We then train an efficient dense
retriever from this data, which is used to re-
trieve training examples as prompts at test time.
We evaluate our approach on three sequence-to-
sequence tasks where language utterances are
mapped to meaning representations, and find
that it substantially outperforms prior work and
multiple baselines across the board.

1 Introduction

The striking language skills and world knowledge
embedded in large pre-trained language models
(LMs) (Devlin et al., 2019; Petroni et al., 2019; Raf-
fel et al., 2020; Brown et al., 2020) have recently
led to in-context learning, a new paradigm in natu-
ral language understanding. Under this paradigm,
a language model is given a prompt, which typi-
cally contains a few training examples, as well as a
test instance as input, and generates the output for
the test instance directly, without any update to its
parameters. This approach was first introduced in
GPT-3 (Brown et al., 2020), but has quickly spread
to other LMs (Lieber et al., 2021; Du et al., 2021;
Rae et al., 2021).

An attractive property of in-context learning is
that it provides a single model for multiple lan-
guage understanding tasks. However, Liu et al.

Retriever

Retriever Index

What is the longest river in 
the smallest state in the usa?

1) states
2) size of #1
3) #1 where #2 is the lowest
4) rivers of #3
5) how long are #4
6) #4 where #5 is the highest

Which states border the 
shortest river in the usa?

1) the usa
2) rivers of #1
3) how long are #2
4) #2 where #3 is the lowest
5) border states of #4

Which states border the
 longest river in the usa?

1) the usa
2) rivers of #1
3) how long are #2
4) #2 where #3 is the highest
5) border states of #4

1) rivers
2) #1 in the usa 
3) lengths of #2
4) #2 where #3 is longest
5) length of #4

Inference LM

What is the length of the 
longest river in the usa?

Similar examples

Question

Figure 1: An overview of prompt retrieval: Given a
question from BREAK, one retrieves similar training
examples from an index of the training set. The question
and training examples (the prompt) are passed to an
inference LM that decodes the output.

(2021a) showed that downstream performance can
vary widely depending on the choice of in-context
examples. This has sparked interest in prompt re-
trieval (see Fig. 1), where given a test instance,
training examples are chosen for the prompt based
on some similarity metric. Recent work has either
used off-the-shelf unsupervised similarity metrics,
or trained a prompt retriever to select examples
based on surface similarity (Das et al., 2021).

In this work, we suggest to use language mod-
els themselves to label examples that can serve as
good prompts, and train a prompt retriever from
this signal. To train the retriever (see Fig. 2), we
assume access to a training set of input-output pairs
and to a scoring LM, i.e., a language model that
will be used to score prompts. For each training
example (x, y), we go over other candidate train-
ing examples, and estimate the probability, accord-
ing to the scoring LM, of y conditioned on x and
the candidate prompt. We label training examples
that lead to high probability as positive and low
probability as negative and train a prompt retriever
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Figure 2: An overview of our approach for training EPR. Given a training example, we use an unsupervised retriever
Ru to obtain a set of candidates. We then pass the candidates to a scoring LM and label the top-k and the bottom-k
as positive and negative examples, respectively. Last, we use this training data to train a dense retriever.

from this data using contrastive learning. We ar-
gue that using an LM for labeling examples is a
better proxy for training a retriever compared to
previously-proposed surface similarity heuristics.
Importantly, when creating the training data, we
have access to the gold label y, which can be used
to obtain a high-quality set of candidate prompts.
This leads to good positive examples and hard neg-
ative examples, which are beneficial for training
with a contrastive objective.

Using a scoring LM to train an efficient retriever
for a potentially different test time inference LM is
beneficial in two scenarios. First, when the scoring
LM is smaller than the inference LM and serves as
a proxy for it. This results in cheap and efficient
data generation for the retriever, accessible to a
wide range of researchers. Second, our approach
can be used even when the scoring and inference
LMs are identical (e.g., both are GPT-3). This is
beneficial when we do not have access to model
parameters and can only use it as a service, an
increasingly popular paradigm. In this case, we use
the LM to train a light-weight retriever that is only
tasked with learning a similarity function. More
generally, given that the scale of LMs is likely to
keep increasing in the foreseeable future, one can
view our approach for Efficient Prompt Retrieval,
or EPR, as a method for interfacing and learning to
interact with large LMs.

We empirically test EPR on three structured
sequence-to-sequence tasks, where input natural
language utterances are mapped to a meaning rep-
resentation: MTOP (Li et al., 2021) and SM-
CALFLOW(Andreas et al., 2020), which focus on
task-oriented dialogue, and BREAK (Wolfson et al.,

2020), a benchmark for mapping questions to a
language-based meaning representation. We ob-
serve that EPR substantially improves performance
compared to prior work on prompt retrieval. When
the scoring LM and inference LM are identical
(using GPT-NEO (Black et al., 2021)), perfor-
mance compared to the best baseline improves
from 26% to 31.9% on BREAK, from 57% to
64.2% on MTOP, and from 51.4% to 54.3% on
SMCALFLOW. When using GPT-NEO as a proxy
for larger LMs (GPT-J, GPT-3, and CODEX), we
observe similar gains, where performance improves
substantially in all cases.

To conclude, we propose an approach for retriev-
ing training examples for in-context learning in
large language models, and show it substantially
outperforms prior methods. Given recent develop-
ments in scaling LMs, designing efficient methods
for interacting with LMs is an important direction
for future research.

2 Background: Prompt Retrieval

Problem setup Given a training set D =
{(xi, yi)}ni=1 of input-output sequences, and a
test example xtest, our goal is to train a retriever,
R(xtest,D), that will retrieve a subset of training
examples P = {(xj , yj)}mj=1 ⊂ D, where m≪ n.
We succinctly refer to P as the prompt.1

Given an inference LM, g, a good prompt should
lead to the target output sequence when the test
example xtest is concatenated to the prompt P and
passed as a prefix to g. Specifically, decoding from

1Prompt often refers to a natural language template filled
by an input example (Liu et al., 2021b), but here it denotes the
sequence of training examples provided as input to the LM.
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the LM g([P;xtest]) should yield ytest. In this work,
we focus on structured tasks, such as semantic pars-
ing, where x is a natural language utterance and y
is a meaning representation for that utterance.

Prior work Liu et al. (2021a) investigated the
effect of different prompts on the performance
of GPT-3 and demonstrated that the choice of in-
context examples strongly affects downstream per-
formance. They used an unsupervised sentence
encoder to encode training examples, and retrieved
for every test instance its nearest neighbors.

Das et al. (2021) trained a supervised prompt
retriever for knowledge-base question answering.
The retriever was trained with supervision that is
tailored for knowledge-base queries, and relies on
surface similarity between formal queries. Con-
versely, our approach takes advantage of the gener-
ative LM itself and is thus more general.

Shin et al. (2021) used GPT-3 to select examples
for the prompt for few-shot semantic parsing. How-
ever, rather than training a retriever, they randomly
sample a large set of utterance-program pairs from
the training set, and choose those that are similar
to the target instance question according to GPT-3.
This results in an expensive inference procedure,
where GPT-3 is run hundreds of times for each test
instance, unlike our approach, which is based on a
light-weight sub-linear retriever.

3 Efficient Prompt Retriever

We now describe our method for training EPR,
an efficient prompt retriever for in-context learn-
ing. We first describe how to generate labeled data
(§3.1), and then how to use the training data for
training and inference (§3.2). Fig. 2 provides an
overview of the training procedure.

3.1 Generating the Training Data
Our approach relies on finding which training ex-
amples can serve as good prompts for other training
examples. Scoring all pairs of training examples is
quadratic in |D|, and thus prohibitive. Hence, we
present a method for choosing a set of candidate ex-
amples Ē ⊂ D, from which we will choose positive
and negative examples for training. Importantly,
since we are not at test time and are only generating
data for training, we can use the target sequence
y to retrieve a good set of candidates. This can be
approached using a simple retrieval method, given
that our goal is to retrieve examples that are similar
to the input in terms of their output sequence, y.

To obtain a high-quality candidate set of train-
ing examples, we take advantage of an unsuper-
vised retriever, Ē = Ru((x, y),D). For the choice
of the unsupervised retriever, we experiment with
BM25 (Robertson and Zaragoza, 2009), a sparse
retriever that relies on surface text similarity, and
SBERT (Reimers and Gurevych, 2019), which is
based on dense sentence encoding. For both, we
experimented with passing the retriever the training
pair (x, y) or the target sequence y only, and found
that using y leads to slightly higher performance.

Scoring the candidate set Once we retrieve the
set of candidates Ē = {ē1, · · · , ēL} for a training
example (x, y),2 we score each candidate ēl ∈ Ē
independently with a scoring LM, ĝ, which serves
as a proxy for the inference LM, g. Specifically,
the score for a candidate prompt is

s(ēl) = Probĝ(y | ēl, x),

which is the probability under the LM, ĝ, of the out-
put sequence conditioned on the candidate prompt
and input sequence. This indicates how helpful this
candidate is for decoding the target (independent
of all other candidates). We argue this score is a
better proxy for the utility of a training example at
inference time compared to prior approaches.

We apply this scoring function to all training ex-
amples, and define for each training example a set
of positive examples Epos, which includes the top-k
candidates in Ē according to s(ēl), and a set of neg-
ative examples Eneg, which includes the bottom-k
candidates in Ē according to s(ēl). This should lead
to relevant positive examples, assuming that the set
of candidates, Ē includes good prompt candidates
and hard negatives, since all candidates have high
similarity with (x, y) according to Ru(y,D). With
positive and negative examples at our disposal, we
can now apply contrastive learning, which we de-
scribe next.

3.2 Training and Inference

Training Our training procedure proceeds ex-
actly like the contrastive learning procedure from
DPR (Karpukhin et al., 2020). This procedure re-
sults in an input encoder EX(·), which receives the
sequence of input tokens, x, and a prompt encoder
EP (·), which receives a candidate prompt, namely,
a concatenation of the tokens in an input-output
pair. Both encoders are initialized with BERT-base

2We omit the dependence of Ē on (x, y) for simplicity.
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(Devlin et al., 2019), and the output vector repre-
sentation is given by the CLS token, as usual. The
goal of training is to learn a similarity metric such
that given a test example xtest, it will be similar to
training examples that lead to decoding of ytest.

Our training instances are of the form
⟨xi, e+i , e−i,1, . . . e−i,2B−1⟩. Where the positive ex-

ample e+i is sampled from the set E(i)pos, and our
negative examples consist of one hard negative ex-
ample sampled from E(i)neg, B− 1 positive examples
from the other instances in the same mini-batch,
and the B − 1 hard negatives from those instances.
We define the similarity score between an input
and an input-output pair to be the inner product
sim(x, e) = EX(x)

⊤EP (e). We can now define
the typical contrastive learning objective and mini-
mize for each example the negative log likelihood
of the positive example:

L(xi, e
+
i , e

−
i,1, . . . e

−
i,2B−1) (1)

= − log
esim(xi,e

+
i )

esim(xi,e
+
i ) +

∑2B−1
j=1 esim(xi,e

−
i,j)
.

An advantage of this approach is that for batch size
B the effective batch size is of order B2, with the
in-batch negatives trick (Henderson et al., 2017).

Inference After training the input encoder and
prompt encoder, we encode the entire set of train-
ing examples with EP (·) in a pre-processing step
using FAISS (Johnson et al., 2017). At test time,
given an input sequence, xtest, we compute its en-
coding EX(xtest), and then use maximum inner-
product search over the training data to find the L
most similar training examples, sorted by their in-
ner product (from high to low): P = (e1, . . . , eL).
The final prompt P ′ is determined by C, the max-
imal context size supported by the inference LM,
g. Specifically, L′ ≤ L is the largest L′ such∑L′

i=1 |ei| + |xtest| + |y′| ≤ C, where |y′| is the
desired maximal length of the generated output. Fi-
nally, we return the output of greedy decoding on
g([eL′ ; eL′−1; . . . ; e1;xtest]).

We note that while at training time we score each
training example independently, at test time the
language model observes a prompt, i.e., a sequence
of examples. We leave modeling the dependence
between different training examples to future work.

4 Experimental Results

We now compare EPR to a wide range of unsu-
pervised and supervised baselines, both when the

scoring LM, ĝ, is smaller than the inference LM, g,
and when they are identical.

4.1 Datasets

We focus on tasks that map utterances to meaning
representations, where in-context examples can be
used to learn the mapping from inputs to outputs.
Examples from each dataset and the number of
examples are in Table 1.
• BREAK (Wolfson et al., 2020): A dataset map-

ping complex natural language questions into a
language-based meaning representation, where
a question is decomposed into an ordered list
of atomic steps. We use the low-level BREAK

subset, containing 44K/7K/8K examples in its
training/development/test sets.

• MTOP (Li et al., 2021): A semantic parsing
dataset, focused on task-oriented dialogue, where
commands are mapped to complex nested queries
across 11 domains. Similar to past work (Pasu-
pat et al., 2021), we use the English subset of
MTOP, containing 16K/2K/4K examples in its
training/development/test sets.

• SMCALFLOW (Andreas et al., 2020): A large
English-language task-oriented dataset that cov-
ers tasks such as calendar, weather, places, and
people. The meaning representation is a dataflow
program, which includes API calls, function com-
position and complex constraints. SMCALFLOW

includes 15K development set examples and
134K training examples, from which we sample
a random set of 44K examples for training.

4.2 Baselines and Oracles

We consider the following unsupervised baselines,
which are applied at test time only.
• RANDOM: we randomly sample examples from

the training set D.

• SBERT: We use SentenceTransformers,
a library providing BERT-based sen-
tence embeddings.3 Specifically, we use
paraphrase-mpnet-base-v2, a 110M
parameter model to encode the test utterance
xtest and retrieve the examples with the most
similar utterances as in-context examples.

• BM25: We use the classical sparse retrieval
method BM25 (Robertson and Zaragoza, 2009),
which is an extension of TF-IDF, to retrieve for

3https://www.sbert.net/index.html.
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Dataset Size Utterance Meaning Representation

BREAK 60K There are more birds in the image on
the right than in the image on the left.

1) return right image;
2) return birds in #1;
3) return number of #2;
4) return left image;
5) return birds in #4
6) return number of #5;
7) return if #3 is higher than #6;

MTOP 22K call Zoey’s wife. [IN:CREATE_CALL =
[SL:CONTACT = [IN:GET_CONTACT =
[SL:CONTACT_RELATED = Zoey]
[SL:TYPE_RELATION = wife]]]]

SMCALFLOW 148K Can you create me a new meeting
on thursday morning?

(Yield (CreateCommitEventWrapper
(CreatePreflightEventWrapper
(Event.start_?
(DateTimeConstraint (Morning)
(NextDOW (Thursday)))))))

Table 1: Examples from each of the datasets we evaluate on.

each test utterance xtest the training examples
with the most similar utterance.

• BRUTEFORCE: We apply the prompt selection
method for few-shot semantic parsing from Shin
et al. (2021). Given a test example xtest, we sam-
ple 200 training examples. For each training
example (xi, yi), compute Probg(xtest | xi), and
use the highest scoring examples for the prompt.
Similar to us, this approach uses the inference
LM to choose prompts. However, it does so at
test time, which results in slow inference.
Next, we describe baselines that use the train-

ing set, D, to train a prompt retriever. All super-
vised methods share the following template. First,
a candidate set Ē of L = 50 examples is retrieved
with the unsupervised retriever Ru(y,D). We use
BM25 as an unsupervised retriever, since it outper-
formed SBERT (see §4.4). We then score each can-
didate prompt ēl ∈ Ē with some scoring function,
and label the top-k prompts as positive examples
and the bottom-k as negative examples (k = 5).
Different supervised methods only differ in the
scoring function itself.4

• DR-BM25: Here, we use the original BM25
scores for labeling positive and negative exam-
ples and training a dense retriever.

• CASE-BASED REASONING (CBR): We adapt
the scoring function from Das et al. (2021),
which focused on knowledge-base question an-
swering. They define the weight for a pair of log-
ical forms to be the F1 score between the two sets
of relations appearing in those logical forms, and
use this weight to softly label their data. Since
in our setting we do not assume logical forms,

4Results for k ∈ {1, 5, 10} and L ∈ {50, 100} are in
Appendix A.

we define the score between two output sequence
yi and yj to be the F1 between the two sets of
tokens in yi and yj , omitting stop words.

• EFFICIENT PROMPT RETRIEVAL (EPR): Our
full approach from §3.
Last, we also consider two oracle models.

• BM25-ORACLE: We score test examples
with BM25 using the gold output sequence
RBM25(ytest,D). This provides an upper-bound
on what can be learned by DR-BM25. EPR can
potentially outperform this oracle, since its train-
ing signal goes beyond surface text similarity.

• LM-ORACLE: We use the procedure for labeling
training data at test time. Given a test example
(xtest, ytest), we first retrieve L candidate training
examples with RBM25(ytest,D), we then sort the
candidates with the scoring LM ĝ, estimating the
probability of ytest given xtest and the candidate
prompt. This provides an upper bound for EPR,
since EPR is trained to emulate this behaviour.

4.3 Experimental Details

Language models In this work, we only train
a dense retriever, but use scoring and inference
LMs. For our scoring LM, ĝ, we use GPT-NEO

(Black et al., 2021), a 2.7B-parameter LM trained
on The Pile (Gao et al., 2021), an 825 GB English
text corpus, constructed from a wide range of high-
quality resources.

In addition, we consider the following infer-
ence LMs: (a) GPT-J (Wang and Komatsuzaki,
2021): a 6B-parameter LM, also trained on The
Pile. The advantage in this setup, is that GPT-J
was trained on the same corpus as GPT-NEO. (b)
GPT-3 (Brown et al., 2020): A 175B-parameter
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Model BREAK MTOP SMCALFLOW

Unsuper.
RANDOM 1.7 7.3 8.9
SBERT 21.6 48.7 43.6
BM25 26.0 52.9 46.1
BRUTEFORCE 7.7 18.1 11.1

Super.
DR-BM25 23.6 50.2 43.1
CBR 25.7 57.0 51.4
EPR (ours) 31.9 64.2 54.3

Oracle BM25-ORACLE 32.3 58.9 47.3
LM-ORACLE 43.1 71.6 73.7

Table 2: Development results when GPT-NEO is the
scoring and inference LM. Numbers for BREAK are
LF-EM, and for MTOP and SMCALFLOW are EM.

Model BREAK MTOP

Unsuper. BM25 17.6 49.0

Super. CBR 18.4 57.5
EPR (ours) 23.9 64.4

Table 3: Test results where GPT-NEO is the scoring
and inference LM. Numbers for BREAK are NEM, the
official metric, and for MTOP are EM.

model, trained mostly on a filtered subset of com-
mon crawl. (c) CODEX (Chen et al., 2021): A
GPT-3 175B-parameter model finedtuned on code
from GitHub. Since our tasks involve mapping
from utterances to programs or meaning represen-
tations, CODEX might potentially perform well at
in-context learning.

For all LMs, we use a maximum context size of
C =2,048 tokens.

Evaluation On BREAK, we evaluate perfor-
mance on the development set with LF-EM (Has-
son and Berant, 2021), which is a better metric
compared to Normalized Exact Match (NEM), the
official metric, as it measures whether two mean-
ing representations are semantically equivalent. On
the test set, we use NEM. On MTOP and SM-
CALFLOW, we evaluate with Exact Match (EM),
i.e., whether the string output by the inference LM
is identical to the reference string.

We evaluate EPR in two settings: (a) LM-as-a-
service, and (b) LM-as-a-proxy. In the first set-
ting, we use GPT-NEO as both the scoring LM
and inference LM. In this setting, we evaluate on
the full development sets of BREAK, MTOP, and
SMCALFLOW. In the latter setting, as we access
GPT-3 and CODEX through a paid API, we sample
a random subset of 1,000 development examples
from each dataset and evaluate each model once on
this subset.

Model One-shot Full-context

Unsuper. RANDOM 1.1 1.7
BM25 15.2 26.0

Super.
DR-BM25 14.1 23.6
CBR 14.5 25.7
EPR 23.0 31.9

Oracle
BM25-ORACLE 18.0 32.3
LM-ORACLE 33.3 43.1
ANYCORRECT-ORACLE 53.6 -

Table 4: Development results on BREAK with GPT-
NEO in the one-shot setting. Numbers are LF-EM. Full-
context is the corresponding numbers from Table 2.

4.4 Results
LM-as-a-service Table 2 reports results where
the scoring and inference LMs are identical.
EPR substantially outperforms all other baselines.
Specifically, when comparing to the best baseline,
it improves performance from 26.0 to 31.9 on
BREAK, from 57.0 to 64.2 on MTOP, and from
51.4 to 54.3 on SMCALFLOW. This shows that
using the LM itself to label examples is an effective
approach for obtaining a strong prompt retriever.
Table 3 shows test results on BREAK and MTOP

corroborating that EPR substantially improves per-
formance compared to BM25 and CBR.

For the unsupervised methods, the RANDOM

baseline shows that random sampling of training
examples leads to poor performance. BM25 out-
performs SBERT for prompt retrieval, and con-
sequently we use BM25 in all of our supervised
approaches to retrieve the set of candidates, Ē . Last,
BRUTEFORCE performs worse than BM25. We as-
sume this is since the training sets are large (∼14-
120K examples), and sampling 200 examples does
not cover examples that are useful for GPT-NEO.

Interestingly, EPR outperforms BM25-ORACLE

on MTOP and SMCALFLOW and is comparable on
BREAK. This is surprising since BM25-ORACLE

has access to the output sequence ytest at test time,
illustrating that the signal provided by the scoring
LM for training goes beyond surface text similarity.
The performance of LM-ORACLE is substantially
higher than EPR, showing that the supervision pro-
vided by the scoring LM is strong, and training a
better retriever from this signal can substantially
enhance performance.

We further evaluate our models in the one-shot
setup, i.e., when the prompt given to the inference
LM includes the highest scoring example only. In
this setup, the inference LM is applied in the same
setting as when we generate labeled data, where
we go over each prompt candidate independently.
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BREAK MTOP SMCALFLOW

Method RANDOM BM25 CBR EPR RANDOM BM25 CBR EPR RANDOM BM25 CBR EPR

GPT-3 4.2 20.1 21.3 25.3 7.6 52.5 54.8 62.6 5.8 35.3 41.6 46.5
CODEX 8.9 24.5 24.2 29.5 10.8 60.6 59.4 66.1 7.2 45.1 48.7 50.3
GPT-J 3.3 26.7 26.7 31.5 8.8 56.6 58.0 65.4 10.6 50.4 50.9 57.4

GPT-NEO 1.0 22.8 25.8 29.9 7.6 52.8 55.4 63.6 8.0 46.1 50.1 53.5

Table 5: Results on a random sample of 1,000 examples from the development set when using GPT-Neo as a scoring
LM across different inference LMs and datasets.

EPR CBR
Test

Example
Utterance Give the code of the airport with the

least flights.
Meaning

Representation 1) airports
2) flights of #1
3) number of #2 for each #1
4) #1 where #3 is lowest
5) code of #4

Top-1 Utterance What is the code of the city with the
most students?

What destination has the fewest number
of flights?

Meaning
Representation 1) cities

2) students in #1
3) number of #2 for each #1
4) #1 where #3 is highest
5) code of #4

1) destinations
2) flights of #1
3) number of #2 for each #1
4) #1 where #3 is lowest

Top-2 Utterance Return the code of the city that has the
most students.

Which destination has least number of
flights?

Meaning
Representation 1) cities

2) students in #1
3) number of #2 for each #1
4) #1 where #3 is highest
5) code of #4

1) destinations
2) flights to #1
3) number of #2 for each #1
4) #1 where #3 is lowest

Top-3 Utterance Find the count and code of the job has
most employees.

What is the number of airports per
country, ordered from most to least?

Meaning
Representation 1) jobs

2) employees of #1
3) number of #2 for each #1
4) #1 where #3 is highest
5) employees of #4
6) number of #5
7) code of #4
8) #6 , #7

1) countries
2) airports in #1
3) number of #2 for each #1
4) #3 sorted by most to least

Table 6: An example from BREAK development set where EPR is correct and CBR is incorrect along with the top-3
training examples retrieved from each retriever.

Since train and test time are now closer, we can ex-
pect the advantage of EPR to be more pronounced.

Table 4 shows the results. Indeed, EPR out-
performs the best baseline by 8.5%, and BM25-
ORACLE by 5%. In addition, we examine
ANYCORRECT-ORACLE, which tests whether any
of the candidates returned by BM25 leads to the
correct output. ANYCORRECT-ORACLE reaches
53.6%, 20 points above LM-ORACLE. This shows
the high quality of candidates provided by BM25
(applied on the y), as one can reach more than 50%
LF-EM with just a single prompt. Moreover, it
hints that a better scoring function can potentially
further improve performance.

LM-as-a-proxy Table 5 shows results when the
scoring LM is GPT-NEO and the inference LM is a
larger LM. First, the trends are similar to the LM-as-

a-service setup, i.e., EPR substantially outperforms
prior baselines, including our best unsupervised
baseline, BM25, and the best supervised baseline,
CBR, by 2-8 points on all datasets and all pre-
trained models. Thus, GPT-NEO serves as a good
proxy for choosing training examples.

To further validate this finding, we evaluate the
performance of GPT-J on BREAK with GPT-NEO

as the scoring LM compared to using GPT-J it-
self as the scoring LM. We find performance im-
proves slightly from 31.5 to 33.6. Analogously,
when using CODEX as the scoring LM and infer-
ence LM performance remains roughly the same:
29.5→29.3. Thus, using a smaller LM (GPT-NEO)
is an effective strategy for training a retriever that
will be applied on other LMs. Zooming in on dif-
ferent inference LMs, GPT-J performs slightly bet-
ter than GPT-NEO across the board, since it was
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Figure 3: A t-SNE projection and clustering of the rep-
resentations learned by EPR for the training examples
in BREAK. An interactive version displaying individual
examples is available here.

trained on the same data and using the same pro-
cedure as GPT-NEO. CODEX outperforms GPT-
3, which can be explained by the fact that it was
trained on code, and our datasets involve map-
ping to programs or meaning representations. Sur-
prisingly, GPT-J outperforms CODEX (except on
MTOP) and GPT-3 despite being 30x smaller. This
can perhaps be explained by the fact that GPT-J
was trained on a different dataset (The Pile (Gao
et al., 2021)).

Pattern Copied Novel Total
Acc Rate Acc Rate Acc

BREAK
Exact 55.1% 10.4% 29.7% 89.6% 32.3%Abstract 58.0% 41.1% 14.5% 58.9%

MTOP
Exact 77.3% 25.3% 59.7% 74.7% 64.2%Abstract 71.6% 84.5% 23.4% 15.5%

SMCAL
Exact 62.5% 60.2% 42.4% 39.8% 54.5%Abstract 62.4% 81.2% 20.6% 18.8%

Table 7: Accuracy comparison between the decoded
instances that contained patterns from the prompt and
novel instances those that don’t. Results shown are on
the LM-as-a-service setup using GPT-NEO.

Analysis Table 6 shows an example from BREAK

where EPR decodes the correct output, while CBR
does not. All training examples retrieved by EPR
perform an argmax (argmin in the original utter-
ance), and return in the final step “a code”, while
the third example retrieved by CBR does not per-
form an argmax or argmin, and do not involve “a
code”. We provide additional examples in App. A.

Figure 3 shows a t-SNE (Hinton and Roweis,
2002) projection of the embeddings learned by EPR
for the training examples of BREAK, with a link
to an interactive version, where we applied the
OPTICS (Ankerst et al., 1999; Schubert and Gertz,
2018) clustering algorithm. Examining clusters

0.0 0.2 0.4 0.6 0.8 1.0
Distance

0.125

0.5

2.0

8.0

%

Exact
Abstract

Figure 4: On the subset of copied patterns we plot the
distribution of the distance from the test instance to the
example containing the pattern. Shown on the BREAK
validation set using EPR in the LM-as-a-service setup
using GPT-NEO. Note that the y-axis is in log-scale.

shows that EPR captures both lexical and structure
similarity. Examples for clusters are also available
in App. A.

Prompt copying We analyze how the LM uti-
lizes in-context prompts. Specifically, is the target
output copied from one of the prompts or is it a
composition of different prompt fragments, which
result in generalization to new structures.

To achieve this, we define two types of copy-
ing. (a) Exact copying measures if the generated
output exactly matches one of the examples in the
prompt, and (b) Abstract copying, that quantifies
if the structure of the decoded output matches any
of the structures seen in the prompt. Specifically,
we eliminate the effect of non-structural elements
such as entities and function arguments. We re-
place every sequence of words in the logical form
that appears in the input utterance with the string
[MASKED] for both the target utterance and in-
context examples. If the masked logical form that
the LM decoded appears in the set of masked ex-
amples defined by the prompt, we say that the LM
copied that abstract pattern.

Table 7 presents the results on the validation
set for each of our three datasets, as well as the
accuracy on each subset. We observe that the
rate of copying is much higher in MTOP and SM-
CALFLOW compared to BREAK, where in MTOP

and SMCALFLOW abstract copying reaches more
than 80%. Moreover, accuracy on examples where
copying occurred is much higher compared to ac-
curacy where no copying happened. For exam-
ple, on MTOP, 84.5% of the examples were ab-
stractly copied, and on that subset of examples,
EPR achieves 71.6% EM, compared to 64.2% on
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the entire validation set. Nevertheless, even though
accuracy is much lower in cases where no copying
occurred, accuracy is not negligible, which shows
that some form of generalization to new structures
is taking place.

Another follow-up question is whether the model
copies patterns from prompts uniformly or does it
attend mostly to the ones with high retrieval score.
To answer this, we look at the subset of exam-
ples where copying occurred. We then identify for
each example the highest-ranking prompt that was
copied from, and define the distance of that prompt
by dividing the rank by the number of prompts that
fit in that example. Figure 4 shows the distribution
over distances for the BREAK dataset. We observe
that copying happens mostly from highly-ranked
prompts.

5 Related Work

In-context learning Our understanding of in-
context learning has grown substantially recently.
Saunshi et al. (2021) suggests that by conditioning
on a prompt, the task of predicting the next word
approaches linear separability. Xie et al. (2021)
suggests that in-context learning occurs when the
model infers a shared latent concept between ex-
amples in a prompt. Levine et al. (2021) present
a pre-training scheme theoretically motivated by
the bias of in-context learning, that gives signif-
icant improvements. Recently, Min et al. (2022)
showed that the model does not rely on the ground
truth input-label mapping provided in the demon-
strations as much as previously thought.

Retrieval Research on training dense retrievers
has skyrocketed recently, propelled by interest
in open-domain question answering (Chen et al.,
2017; Lee et al., 2019; Karpukhin et al., 2020; Guu
et al., 2020; Khattab and Zaharia, 2020; Qu et al.,
2021). Work on retrieval-based methods has also
spread more widely to other knowledge-intensive
tasks (Lewis et al., 2020), e.g., fact verification
(Samarinas et al., 2021).

Similar to us, Pasupat et al. (2021) proposed to
use retrieval in semantic parsing. However, they fo-
cus on controlling the output generated by a model.
Retrieval methods have also been successfully used
in language modeling (Khandelwal et al., 2020;
Borgeaud et al., 2021; Alon et al., 2022) and ma-
chine translation (Khandelwal et al., 2021).

Prompts Developing methods for interacting
with LMs and extracting desired behaviours has
attracted considerable attention, under the umbrella
term prompting. In this work, prompts are a set of
in-context training examples, but substantial effort
has also been devoted to casting natural language
tasks as language modeling by phrasing the tar-
get task in natural language (see survey in (Liu
et al., 2021b)). Such approaches include prompt
engineering through manual patterns (Petroni et al.,
2019; Schick and Schütze, 2021), decoding meth-
ods (Min et al., 2021; Zhao et al., 2021; Holtzman
et al., 2021), and methods for extracting either hard
(Shin et al., 2020; Haviv et al., 2021) or soft (Li and
Liang, 2021; Zhong et al., 2021; Qin and Eisner,
2021) prompts automatically.

Prompt retrieval for supervised models In par-
allel to this work, adding training examples as addi-
tional input has been shown to be useful for super-
vised models as well. Wang et al. (2022) and Xu
et al. (2021) used BM25 to retrieve and augment the
input with similar examples from the training set.
Fine-tuning the model with the additional inputs
improved performance on tasks such as summariza-
tion and question answering. Such methods can
also potentially benefit from a stronger retriever.

6 Conclusions

Large pre-trained LMs are becoming an insepara-
ble part of the natural language understanding eco-
system. However, accessing their weights or updat-
ing them can be prohibitive for many researchers.
In this work, we propose EPR, a method for learn-
ing to retrieve good prompts for in-context learning,
by using language models themselves as the scor-
ing function. This allows us to train a light-weight
retriever and substantially improve performance on
three challenging tasks.

More broadly, given that large LMs models are
likely to play a prominent role in developing lan-
guage understanding models, it is important to de-
velop approaches for interacting with such models
effectively. EPR can be viewed as a step in this
direction.
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A Appendix

Distribution of the number of in-context exam-
ples Since the selection procedure for in-context
examples is dynamic, the number of in-context ex-
amples differs for each test instance. In Figure 5,
we plot the histogram of the number of examples
we fit in C = 2, 048 tokens.

Effect of hyperparameters We test the effect
of k, the number of prompts labeled as positive or
negative, and L, the number of prompts retrieved
by the unsupervised retriever. Table 8 shows that
performance is is generally robust w.r.t these hyper-
parameters.

BREAK MTOP SMCALFLOW

k = 1 31.5% 63.0% 54.5%
k = 5 31.9% 64.2% 54.3%
k = 10 31.0% 64.1% 52.2%

L = 50 31.9% 64.2% 54.3%
L = 100 32.3% 63.7% 51.0%

Table 8: In the LM-as-a-service setup, using GPT-Neo,
we search for other values for L and k, and note that the
choice of our hyperparameters is robust.

Training details To train EPR, we use the Adam
optimizer (Kingma and Ba, 2015) with batch size
120 and learning rate 1e-4 on eight RTX 3090. We
run training for 30 epochs. We used the default
DPR hyperparameters without tuning. We used the
final epoch of the model to perform model selec-
tion, and applied minimal learning rate tuning on
the validation set of BREAK.

Risk assessment Large language models have
been shown to exhibit various kinds of bias (Bender
et al., 2021), since EPR is trained on the signal
obtained from such large LMs, it might also exhibit
these biases.

Additional examples Tables 9, 10, and 11 pro-
vide more examples for cases where EPR is cor-
rect while CBR is incorrect along with the top-3
prompts for each method.

2667

http://arxiv.org/abs/2112.03254
http://arxiv.org/abs/2112.03254
http://proceedings.mlr.press/v139/zhao21c.html
http://proceedings.mlr.press/v139/zhao21c.html
https://doi.org/10.18653/v1/2021.naacl-main.398
https://doi.org/10.18653/v1/2021.naacl-main.398


10 20 30 40 50 60 70
0.000

0.005

0.010

0.015

0.020

0.025

0.030

0.035

Break

20 40 60 80 100
0.000

0.005

0.010

0.015

0.020

0.025

0.030

0.035

MTop

20 40 60 80 100
0.000

0.005

0.010

0.015

0.020

0.025

0.030
SMCalFlow

Figure 5: Distribution of the number of in-context examples per test instance for each of the datasets. We mark the
distribution mean using a dashed line.

EPR CBR
Test

Example
Utterance Remind me to add 2 dozen eggs to my

grocery list.
Meaning

Representation [IN:CREATE_REMINDER [SL:PERSON_REMINDED
me ] [SL:TODO add 2 dozen eggs to my
grocery list ] ]

Top-1 Utterance Remind me to get two bottles of water. Please add a grocery list to my list of
things to be reminded about doing today.

Meaning
Representation [IN:CREATE_REMINDER [SL:PERSON_REMINDED

me ] [SL:TODO get two bottles of water ]
]

[IN:CREATE_REMINDER [SL:TODO a grocery
list ] [SL:PERSON_REMINDED my ]
[SL:DATE_TIME today ] ]

Top-2 Utterance Remind me to bring an extra pair of
shoes to the river.

Remind me to make a grocery list

Meaning
Representation [IN:CREATE_REMINDER [SL:PERSON_REMINDED

me ] [SL:TODO bring an extra pair of
shoes to the river ] ]

[IN:CREATE_REMINDER [SL:PERSON_REMINDED
me ] [SL:TODO make a grocery list ] ]

Top-3 Utterance Remind me to add bottled water to
grocery list.

I need to make a grocery list; will you
remind me when I get off work at 5:00
p.m.?

Meaning
Representation [IN:CREATE_REMINDER [SL:PERSON_REMINDED

me ] [SL:TODO add bottled water to
grocery list ] ]

[IN:CREATE_REMINDER [SL:TODO make a
grocery list ] [SL:PERSON_REMINDED me ]
[SL:DATE_TIME at 5 : 00 p.m . ] ]

Table 9: An example from MTOP development set where EPR is correct and CBR is incorrect along with the top-3
training examples retrieved from each retriever.

EPR CBR
Test

Example
Utterance confirmed thanks
Meaning

Representation (PleasantryAnythingElseCombined)

Top-1 Utterance it’s ok bye Yes, but make sure to let me know the
weather for that time.

Meaning
Representation (PleasantryAnythingElseCombined) (let (x0 (Execute (^(Dynamic)

ConfirmAndReturnAction))) (do (Yield x0)
(Yield (WeatherForEvent (^(Dynamic) item
x0)))))

Top-2 Utterance It’s ok Awesome, perfect
Meaning

Representation (PleasantryAnythingElseCombined) (Yield (Execute (^(Dynamic)
ConfirmAndReturnAction)))

Top-3 Utterance It’s ok Perfect...
Meaning

Representation (PleasantryAnythingElseCombined) (Yield (Execute (^(Dynamic)
ConfirmAndReturnAction)))

Table 10: An example from SMCALFLOW development set where EPR is correct and CBR is incorrect along with
the top-3 training examples retrieved from each retriever.
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EPR CBR
Test

Example
Utterance Create a meeting with David Crim today
Meaning

Representation (Yield (CreateCommitEventWrapper
(CreatePreflightEventWrapper (&
(Event.start_? (DateTime.date_? (?=
(Today)))) (Event.attendees_?
(AttendeeListHasRecipient (Execute
(refer (extensionConstraint
(RecipientWithNameLike (^(Recipient)
EmptyStructConstraint) (PersonName.apply
"David Crim")))))))))))

Top-1 Utterance make a meeting with jeri today set up a meeting with both of David
Crim’s reports today

Meaning
Representation (Yield (CreateCommitEventWrapper

(CreatePreflightEventWrapper (&
(Event.start_? (DateTime.date_? (?=
(Today)))) (Event.attendees_?
(AttendeeListHasRecipient (Execute
(refer (extensionConstraint
(RecipientWithNameLike (^(Recipient)
EmptyStructConstraint) (PersonName.apply
"jeri")))))))))))

(Yield (CreateCommitEventWrapper
(CreatePreflightEventWrapper (&
(Event.start_? (DateTime.date_? (?=
(Today)))) (Event.attendees_?
(AttendeeListHasPeople (FindReports
(Execute (refer (extensionConstraint
(RecipientWithNameLike (^(Recipient)
EmptyStructConstraint) (PersonName.apply
"David Crim"))))))))))))

Top-2 Utterance put meeting with emlime on today Make a meeting with David Largenstop on
the 24th.

Meaning
Representation (Yield (CreateCommitEventWrapper

(CreatePreflightEventWrapper (&
(Event.start_? (DateTime.date_? (?=
(Today)))) (Event.attendees_?
(AttendeeListHasRecipient (Execute
(refer (extensionConstraint
(RecipientWithNameLike (^(Recipient)
EmptyStructConstraint) (PersonName.apply
"emlime")))))))))))

(Yield (CreateCommitEventWrapper
(CreatePreflightEventWrapper (&
(Event.start_? (DateTime.date_? (?=
(nextDayOfMonth (Today) 24L))))
(Event.attendees_?
(AttendeeListHasRecipient (Execute
(refer (extensionConstraint
(RecipientWithNameLike (^(Recipient)
EmptyStructConstraint) (PersonName.apply
"David Largenstop")))))))))))

Top-3 Utterance I want meet Dr Kennady from today create a meet with bob today
Meaning

Representation (Yield (CreateCommitEventWrapper
(CreatePreflightEventWrapper (&
(Event.start_? (DateTime.date_? (?=
(Today)))) (Event.attendees_?
(AttendeeListHasRecipient (Execute
(refer (extensionConstraint
(RecipientWithNameLike (^(Recipient)
EmptyStructConstraint) (PersonName.apply
"Dr Kennady")))))))))))

(Yield (CreateCommitEventWrapper
(CreatePreflightEventWrapper (&
(Event.start_? (DateTime.date_? (?=
(Today)))) (Event.attendees_?
(AttendeeListHasRecipient (Execute
(refer (extensionConstraint
(RecipientWithNameLike (^(Recipient)
EmptyStructConstraint) (PersonName.apply
"bob")))))))))))

Table 11: An example from SMCALFLOW development set where EPR is correct and CBR is incorrect along with
the top-3 training examples retrieved from each retriever.

Utterance Meaning Representation

which 3 seas border philippines? 1#) return the philippines
2#) return seas that border #1

what three seas surround philippines? 1#) return seas
2#) return #1 that surround the philippines

what states does west virginia border? 1#) return west virginia
2#) return border states of #1

what states borders west virginia? 1#) return west virginia
2#) return border states of #1

which states border colorado 1#) return states
2#) return #1 that border colorado

Table 12: Example of a cluster from the t-SNE projection of EPR on BREAK.
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Utterance Meaning Representation

List the total scores of body builders
in ascending order.

1#) return body builders
2#) return scores of #1
3#) return sum of #2 for each #1
4#) return #3 sorted by ascending order

What are the names of body builders in
descending order of total scores?

1#) return body builders
2#) return names of #1
3#) return scores of #1
4#) return sum of #3 for each #1
5#) return #2 sorted by #4 in descending order

List the total points of gymnasts in
descending order.

1#) return gymnasts
2#) return points of #1
3#) return sum of #2 for each #1
4#) return #3 sorted by descending order

What are the total points for all
gymnasts, ordered by total points
descending?

1#) return gymnasts
2#) return total points for all #1
3#) return #2 ordered by total points descending

List the total points of gymnasts in
descending order of floor exercise
points.

1#) return gymnasts
2#) return points of #1
3#) return sum of #2 for each #1
4#) return floor exercise points of #1
5#) return #3 sorted by #4 in descending order

Table 13: Example of a cluster from the t-SNE projection of EPR on BREAK.

Utterance Meaning Representation

Show the locations that have both
performances with more than 2000
attendees and performances with less
than 1000 attendees.

1#) return performances
2#) return attendees of #1
3#) return the number of #2 for each #1
4#) return #1 where #3 is more than 2000
5#) return #1 where #3 is less than 1000
6#) return the locations of #4
7#) return the locations of #5
8#) return the locations in both #6 and #7

Show the theme for exhibitions with both
records of an attendance below 100 and
above 500.

1#) return exhibitions
2#) return attendances of #1
3#) return number of #2 for each #1
4#) return #1 where #3 is below 100
5#) return #1 where #3 is above 500
6#) return #1 of both #4 and #5
7#) return themes for #6

Which themes have had corresponding
exhibitions that have had attendance
both below 100 and above 500?

1#) return themes
2#) return exhibitions with #1
3#) return attendances of #2
4#) return #1 where #3 is lower than 100
5#) return #1 where #3 is higher than 500
6#) return #1 of both #4 and #5

Show the publishers that have
publications with price higher than
10000000 and publications with price
lower than 5000000.

1#) return publishers
2#) return publications of #1
3#) return prices of #2
4#) return #1 where #3 is higher than 10000000
5#) return #1 where #3 is lower than 5000000
6#) return #1 of both #4 and #5

Show the famous titles of the artists
with both volumes that lasted more than
2 weeks on top and volumes that lasted
less than 2 weeks on top.

1#) return artists
2#) return volumes of #1
3#) return weeks on top that #2 lasted
4#) return number of #3 for each #2
5#) return #1 where #4 is more than 2
6#) return #1 where #4 is less than 2
7#) return #1 in both #5 and #6
8#) return famous titles of #7

Table 14: Example of a cluster from the t-SNE projection of EPR on BREAK.
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Utterance Meaning Representation

What is the metal thing next to the
small cylinder?

1#) return the small cylinder
2#) return things
3#) return #2 that are metal
4#) return #3 that are next to #1

What is the purple thing next to the
brown thing?

1#) return the brown thing
2#) return things
3#) return #2 that are purple
4#) return #3 that are next to #1

What is the gray thing next to the
block?

1#) return gray thing
2#) return the block
3#) return #1 next to #2

What is the shiny thing next to the
cylinder?

1#) return shiny thing
2#) return cylinder
3#) return #1 next to #2

What is the thing in front of the red
square?

1#) return things
2#) return squares
3#) return #2 that is red
4#) return #1 that is in front of #3

Table 15: Example of a cluster from the t-SNE projection of EPR on BREAK.

Utterance Meaning Representation

Is the purple thing behind the big red
thing?

1#) return purple thing
2#) return big red thing
3#) return Is #1 behind #2

is the purple sphere in front of the
blue cube?

1#) return the purple sphere
2#) return the blue cube
3#) return if #1 is in front of #2

is the gray sphere behind the green
cylinder?

1#) return the green cylinder
2#) return the gray sphere
3#) return if #2 is behind #1

is the red cube in front of the yellow
ball?

1#) return the red cube
2#) return the yellow ball
3#) return if #1 is in front of #2

Is the blue ball in front of the silver
cube?

1#) return blue ball
2#) return silver cube
3#) return is #1 in front of #2

Table 16: Example of a cluster from the t-SNE projection of EPR on BREAK.
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Abstract

We present a novel feature attribution method
for explaining text classifiers, and analyze it in
the context of hate speech detection. Although
feature attribution models usually provide a sin-
gle importance score for each token, we instead
provide two complementary and theoretically-
grounded scores – necessity and sufficiency –
resulting in more informative explanations. We
propose a transparent method that calculates
these values by generating explicit perturba-
tions of the input text, allowing the importance
scores themselves to be explainable. We em-
ploy our method to explain the predictions of
different hate speech detection models on the
same set of curated examples from a test suite,
and show that different values of necessity and
sufficiency for identity terms correspond to dif-
ferent kinds of false positive errors, exposing
sources of classifier bias against marginalized
groups.

1 Introduction

Explainability in AI (XAI) is critical in reaching
various objectives during a system’s development
and deployment, including debugging the system,
ensuring its fairness, safety and security, and under-
standing and appealing its decisions by end-users
(Vaughan and Wallach, 2021; Luo et al., 2021).

A popular class of local explanation techniques
is feature attribution methods, where the aim is to
provide scores for each feature according to how
important that feature is for the classifier decision
for a given input. From an intuitive perspective,
one issue with feature attribution scores is that it is
not always clear how to interpret the assigned im-
portance in operational terms. Specifically, saying
that a feature is ‘important’ might translate to two
different predictions. The first interpretation is that
if an important feature value is changed, then the
prediction will change. The second interpretation is
that, as long as the feature remains, the prediction

will not change. The former interpretation corre-
sponds to the necessity of the feature value, while
the latter corresponds to its sufficiency.

To further illustrate the difference between neces-
sity and sufficiency, we take an example from hate
speech detection. Consider the utterance “I hate
women”. For a perfect model, the token ‘women’
should have low sufficiency for a positive predic-
tion, since merely the mention of this identity group
should not trigger a hateful prediction. However,
this token should have fairly high necessity, since
a target identity is required for an abusive utter-
ance to count as hate speech (e.g., “I hate oranges”
should not be classified as hate speech). In this
paper, we develop a method to estimate the neces-
sity and sufficiency of each word in the input, as
explanations for a binary text classifier’s decisions.

Model-agnostic feature attribution methods like
ours often perturb the input to be explained, ob-
tain the predictions of the model for the perturbed
instances, and aggregate the results to make con-
clusions about which input features are more in-
fluential on the model decision. When applying
these methods to textual data, it is common to ei-
ther drop the chosen tokens, or replace them with
the mask token for those models that have been
trained by fine-tuning a masked language model
such as BERT (Devlin et al., 2019). However, delet-
ing tokens raises the possibility that a large portion
of the perturbed examples are not fluent, and lie
well outside the data manifold. Replacing some
tokens with the mask token partially remedies this
issue, however it raises others. Firstly, the expla-
nation method ceases to be truly model-agnostic.
Secondly, a masked sentence is in-distribution for
the pre-trained model but out-of-distribution for the
fine-tuned model, because the learned manifolds
deviate from those formed during pre-training in
the fine-tuning step.

To avoid these problems we use a generative
model to replace tokens with most probable n-
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grams. Generating perturbations in this way en-
sures that the perturbed instances are close to the
true data manifold. It also provides an additional
layer of transparency to the user, so they can decide
whether to trust the explanation by checking how
reasonable the perturbed examples seem.

Although supervised discriminative models rely
fundamentally on correlations within the dataset,
different models might rely on different correla-
tions more or less depending on model architecture
and biases, training methods, and other idiosyn-
crasies. To capture the distinction between cor-
relations in the data and the direct causes of the
prediction, we turn to the notion of interventions
from causal inference (Pearl, 2009). Previous work
employing causal definitions of necessity and suf-
ficiency for XAI have assumed tabular data with
binary or numerical features. The situation in NLP
is much more complex, since each feature is a word
in context, and we have no concept of ‘flipping’ or
‘increasing’ feature values (as in binary data and
numerical data, respectively). Instead, our method
generates perturbations of the input text that have
high probability of being fluent while minimizing
the probability that the generated text will also be
a direct cause of the prediction we aim to explain.

As our application domain we choose hate
speech detection, a prominent NLP task with sig-
nificant social outcomes (Fortuna and Nunes, 2018;
Kiritchenko et al., 2021). It has been shown
that contemporary hate speech classifiers tend to
learn spurious correlations, including those be-
tween identity terms and the positive (hate) class,
which can result in further discrimination of already
marginalized groups (Dixon et al., 2018; Park et al.,
2018; Garg et al., 2019). We apply our explain-
ability metrics to test classifiers’ fairness towards
identity-based groups (e.g., women, Muslims). We
show how necessity and sufficiency metrics calcu-
lated for identity terms over hateful sentences can
explain the classifier’s behaviour on non-hateful
statements, highlighting classifiers’ tendencies to
over-rely on the presence of identity terms or to ig-
nore the characteristics of the object of abuse (e.g.,
protected identity groups vs. non-human entities).

The contributions of this work are as follows:

• We present the first methodology for calculat-
ing necessity and sufficiency metrics for text
data as a feature attribution method. Arguably,
this dual explainability measure is more infor-
mative and allows for deeper insights into a

model’s inner workings than traditional single
metrics.

• We use a generative model for producing input
perturbations to avoid the out-of-distribution
prediction issues that emerge with token dele-
tion and masking techniques.

• To evaluate the new methodology, we apply it
to the task of explaining hate speech classifi-
cation, and demonstrate that it can detect and
explain biases in hate speech classifiers.

We make the implementation code freely avail-
able to researchers to facilitate further advancement
of explainability techniques for NLP.1

2 Background and Related Work

Explanations are often categorized as to whether
they are for an individual prediction (local) or
for the model reasoning as a whole (global), and
whether the explanation generation is a part of
the prediction process (self-explaining) or gener-
ated through additional post-processing (post-hoc)
(Guidotti et al., 2018; Adadi and Berrada, 2018).
The necessity and sufficiency explanations pre-
sented here belong to the class of local explanation
methods, as do most of the XAI methods applied
to NLP data (Danilevsky et al., 2020). It is also
a post-hoc method to the degree that it is entirely
model-agnostic: all it requires is binary predictions
on provided inputs.

There are a few classes of popular techniques
for explaining natural language processing models
(see Danilevsky et al. (2020) for a survey). One ap-
proach is feature attribution methods that allocate
importance scores to each feature. These can be
architecture-specific (Bahdanau et al., 2015; Sun-
dararajan et al., 2017), or model-agnostic (Ribeiro
et al., 2016; Lundberg and Lee, 2017).

Another approach is counterfactual explana-
tions, which provide similar examples to the in-
put in order to show what kinds of small differ-
ences affect the prediction of the model (Wu et al.,
2021; Kaushik et al., 2021; Ribeiro et al., 2020;
Ross et al., 2020). These contrastive examples
are related to the concept of counterfactual rea-
soning from the causality literature, that formal-
izes the question: “Would the outcome have hap-
pened if this event had not occurred?” in order

1https://github.com/esmab/
necessity-sufficiency
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to determine whether the event was a cause of the
observed outcome (Pearl, 2009). Counterfactual
explanation methods are often targeted at certain
semantic or syntactic phenomena such as negation
(Kaushik et al., 2021) or swapping objects and
subjects (Zhang et al., 2019), and hence do not
guarantee that the counterfactuals cover the data
distribution around the input text well.

In this work, we combine methods from feature
attribution and counterfactual generation models.
This allows us to calculate scores that capture lo-
cal feature importance, and provide counterfactual
examples as justification for the assigned scores.

Necessity and sufficiency. These are two no-
tions from causal analysis that capture what one
intuitively expects a true cause of an event to ex-
hibit (Pearl, 2009; Halpern, 2016). Several works
have recently suggested applying necessity and suf-
ficiency to explain model predictions. Mothilal
et al. (2021) used the actual causality framework
of Halpern (2016) to calculate necessity and suffi-
ciency scores for tabular data. Galhotra et al. (2021)
suggested an approach to capture the notions of ne-
cessity and sufficiency from probabilistic causal
models (Pearl, 2009). Watson et al. (2021) pre-
sented a different method for quantifying necessity
and sufficiency over subsets of features. We follow
the framework of probabilistic causal models, and
adopt the definitions from Galhotra et al. (2021). In
NLP explanations, necessity and sufficiency have
been used for evaluating rationales (Zaidan et al.,
2007; DeYoung et al., 2020; Mathew et al., 2021)2,
however to the best of our knowledge, this is the
first work to explore their usage for estimating fea-
ture attribution scores.

The out-of-distribution problem in feature attri-
bution models. Virtually all model-agnostic fea-
ture attribution models calculate importance scores
by perturbing input features and assign importance
according to which feature changes the outcome
the most. However, an issue has been raised that
these perturbed inputs are no longer drawn from
the data distribution that the model would naturally
encounter for a given task (Fong and Vedaldi, 2017;
Chang et al., 2018; Hooker et al., 2019; Janzing
et al., 2020; Hase et al., 2021). This is problematic
because then, any change in the model predictions
could be caused by the distribution shift rather than

2The term comprehensiveness is often used instead of ne-
cessity in this context.

the removal of feature values (Hooker et al., 2019).
Recently, Hase et al. (2021) have argued that the
problem is due to social misalignment (Jacovi and
Goldberg, 2021), where the information commu-
nicated by the model differs in non-intuitive ways
from the information people expect.

One solution to address these issues is to calcu-
late importance scores by marginalizing over coun-
terfactuals that respect the data distribution. Kim
et al. (2020) and Harbecke and Alt (2020) adopted
this approach and targeted text data specifically by
marginalizing over infills generated by BERT. In
our preliminary experiments, this resulted in the
model putting an overwhelmingly high probability
mass to one or few very common words, making
the generated perturbations relatively non-diverse.3

As Pham et al. (2021) also pointed out, BERT is
very good at guessing the masked word, doing so
correctly about half of the time. This behaviour
results in assigning low importance to highly pre-
dictable words regardless of their true importance.

For this reason, we choose to use a generative
language model to infill masked sections with n-
grams. Our mask-and-infill approach is similar to
that of Wu et al. (2021) and Ross et al. (2021), who
used fine-tuned causal language models to infill
masked sections of text with variable length se-
quences. Ross et al. also used the contrasting label
to condition the generative model. However, both
these works aim to find counterfactual examples as
explanations, while we marginalize over them to
calculate necessity and sufficiency of each token.

3 Our Method

A central idea in causal inference is that of inter-
vention, where a random variable is intervened on
and set to a certain value. The intuition is that, if
a random variable is the cause of another, then in-
tervening on the first one should affect the other,
whereas if they are correlated by other means then
the intervention should not have an effect.

Necessity. Let X ← a denote that the random
variable X has been intervened so that X = a.
When talking about a feature vector x, we will
denote by xi←a that we intervene on the ith feature
value and set it to a. For an input with features
x where xi = a, the necessity of xi = a for the

3Making the softmax scores more distributed across the
vocabulary results in unpredictably disfluent infills.
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model prediction f(x) = y is defined as:

Nxi ,y=Pc∼Dn(x)(f(ci←a′)=y
′|ci = a, f(c) = y)

where a′ is an alternative feature value such that
a′ ̸= a and y′ is an alternate outcome such that
y′ ̸= y. Dn(x) is a distribution that covers the
neighborhood of x, and can be defined according to
the data and the implementation. In words, xi = a
has high necessity for the prediction y if, for those
points in the neighborhood of x that also have the
value a for the ith feature and the same model
prediction y, changing the ith feature value from a
to a′ changes the prediction from y to y′ with high
probability.

Sufficiency. The sufficiency of xi = a for the
model prediction f(x) = y is defined as:

Sxi ,y=Pc∼Ds(x)(f(ci←a) = y|ci = a′, f(c) = y′)

This means that if xi = a has high sufficiency for
the outcome y, then for inputs in the neighborhood
of x that differ in the ith feature value, changing
ith feature value to that of a will flip the prediction
to f(x) = y.

Interventions. Previous works applying notions
of necessity and sufficiency from causal inference
to XAI assume tabular data. This makes it rela-
tively straightforward to apply these measures to
the features since a) it is clear how to assess and
compare the ith feature of each input and b) there
is little ambiguity in how to change one feature
value to another. Both these are issues for NLP
data, where each feature is a token in the context
of the wider text.

We argue that the replacements should reflect
the likelihood of natural data, but should still be
distinct from purely observational correlations in
task-specific aspects. To achieve this balance, we
sample the replacement values a′ conditioned both
on the other parts of the text and on the opposite
class y′. If there are two features xi = a and
xj = b that are both correlated with the outcome y,
the intervention xi←a′ , where a′ is sampled in this
way results in a′ being still plausible with respect
to the context xj = b, but removes the potential
indirect effect that xj = b causes xi = a, which
causes f(x) = y. This allows us to distinguish
which of the correlated features the model relies on
more for a given prediction.

Estimation. The formulae for necessity and suffi-
ciency suggest a naive implementation of sampling
first from the neighborhood of the input, picking
those samples that conform to the conditions, and
intervening on the feature of interest and marginal-
izing over the model predictions to calculate the
final value. To perform these steps for each token in
a sentence is prohibitively expensive. We therefore
perform interventions on subsets of tokens at once,
so that one perturbation can be used in the necessity
and sufficiency estimation of multiple tokens.

We estimate the necessity of a token by perturb-
ing subsets of tokens containing the given token
and calculating the average change in model pre-
diction, weighted according to the size of the sub-
set. For calculating necessity, we marginalize over
f(ci←a′) where c = xj1←b1,···jk←bk for a random
subset of features xj1 , · · · , xjk , not including the
original feature i. This means that in our imple-
mentation, Dn(x) is an interventional distribution
around x rather than an observational one. In prac-
tice, we estimate a simplified version of this value
where we do not explicitly condition on f(c) = y
in order to perform the estimation efficiently.

We consider the instances where only one or a
few tokens are perturbed to have higher probabil-
ity in Dn(x). As such, the weight assigned to a
sample with k perturbed tokens is proportional to
1/k. This means that the difference between the
original and the perturbed instance is attributed to
each perturbed token equally.

For estimating sufficiency we take the dual ap-
proach. We perturb subsets of tokens excluding
the target token, and calculate the difference be-
tween the weighted average of the model predic-
tions and the baseline prediction. Here too, Ds(x)
is an interventional distribution where each sample
c = xi←a′,j1←b1,···jk←bk for the focus feature xi
and a subset of other features xj1 , · · · , xjk . Even
though we do not explicitly condition on f(c) = y′,
Ds(x) is biased towards such c because the inter-
ventions are conditioned on y′. For a sequence of
length n, the weight assigned to an instance where
k tokens are perturbed is 1/(n − k). This means
that for an perturbed example that contains only a
single token from the original instance, the differ-
ence from the baseline will be attributed entirely to
that token, whereas if there is k original tokens, the
attribution is shared between them. Note thatDs(x)
still assigns a higher probability mass to instances
closer to x, but is less peaked than Dn(x).
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“I hate women”

“I [MASK] [MASK]”
“I hate [MASK]”
“I hate [MASK]”

...
“[MASK] hate [MASK]”

“I hate [MASK]”
“I [MASK] [MASK]”

“I don’t know.”
“I hate her.”

“I hate how illiterate
the administrators are.”

...
“And yet you come

and hate me.”
“I hate how it is sometimes.”

“I’m really confused.”

“I [MASK] women.”
“[MASK] hate women.”

“[MASK] [MASK] women.”
...

“[MASK] [MASK] women.”
“[MASK] [MASK] women.”

“I [MASK] women.”

“I do not under-
stand women.”

“’Please hate women.”
“I am so excited to
see more women.”

...
“’He aint blind to women.”

“lol, i hate women.”
“I shouldn’t harass women.”

non-hate
hateful

non-hate
...

non-hate
non-hate
non-hate

non-hate
hateful

non-hate
...

non-hate
hateful

non-hate

MASKING INFILLING PREDICTION

0.83

0.33

necessity

sufficiency

Figure 1: An illustration of how necessity and sufficiency are calculated for a chosen token “women” in the input “I
hate women” that the model classifies as hateful. In the MASKING step, the subsets of tokens are masked. For the
necessity calculation the masked tokens always include the focus word, and for sufficiency they always exclude it.
In the INFILLING step, the generative language model is used to infill the masked sections with n-grams of various
lengths. These are then passed to the classifier. The necessity is the proportion of instances where changing the
token changes the prediction, and sufficiency is the proportion of instances where changing other tokens does not
change the original prediction. The infills are real examples generated by our method.

4 Explaining Hate Speech Models

For tasks with very skewed class distributions such
as those for binary hate speech classification, it is
not intuitive to ask for explanations for the majority
class predictions: it is difficult to answer why a reg-
ular utterance such as “I would like some coffee."
is not hate speech. This echoes the argument of
Miller (2019) that humans demand explanations
only for selective and surprising aspects of an oc-
currence. We assume that there exists a majority,
‘neutral’ class, and aim to provide explanations only
for the minority, ‘positive’ class.

At the core of our approach is sampling replace-
ments xi ← a′ that are interventional with respect
to the task, but also have high likelihood in the con-
text of other tokens. We implement such a pertur-
bation model for explaining positive predictions of
hate speech classifiers, and explore what informa-
tion necessity and sufficiency provide for this task
through quantitative and qualitative analysis. Our
implementation is task specific, since we sample
from the data labelled as ‘neutral’ only; however,
it is not dataset specific in that it allows comparing
hate speech classifiers that are trained on different
datasets. Figure 1 illustrates the calculations of

necessity and sufficiency for an example classifier.

4.1 Generating perturbations
We use the infilling language model (ILM) of Don-
ahue et al. (2020) to generate the perturbed exam-
ples. This model fine-tunes GPT-2 (Radford et al.,
2019) to allow infilling masked sections of text
with n-grams, where the length of the infill varies
from 1 to 7 tokens.

We fine-tune the ILM on training data that is la-
belled ‘neutral’, which is the opposite of the model
prediction we aim to explain. Training the perturba-
tion model only on the neutral examples allows us
to distinguish direct causes of the model prediction
from correlations in data. To see this, consider the
case where we would like to determine whether a
given identity mention is sufficient for a positive
prediction. If the ILM captures the entire data dis-
tribution rather than just the neutral class, then a
large chunk of the perturbed instances might still
be hateful utterances. In those cases a good model
should predict the positive class even though the
occurrence of the identity term is arguably not the
direct cause of the prediction. Rather, the presence
of the identity term causes the ILM to generate a
hateful infill, which then causes the positive pre-
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Functionality Example Test Case Gold Label n
E

xp
lic

it

F1: Expression of strong negative
emotions

“I hate [IDENTITY].”
“You [IDENTITY] make me sick.” hateful 40

F2: Description using very negative
attributes

“[IDENTITY] are disgusting.”
“All [IDENTITY] like them are vile.” hateful 40

F3: Dehumanisation “[IDENTITY] are scum.”
“[IDENTITY] are a pest.” hateful 40

N
on

-h
at

e
gr

p.
id

en
t. F18: Neutral statements using pro-

tected group identifiers
“We are a group of [IDENTITY].”
“I live with two [IDENTITY].” non-hate 36

F19: Positive statements using pro-
tected group identifiers

“I love [IDENTITY].”
“[IDENTITY] are great.” non-hate 54

A
bu

se
ag

ai
ns

t
no

n-
pr

ot
.t

ar
ge

ts F22: Abuse targeted at objects “I really can’t stand cauliflower.”
“All cocktails like these are vile” non-hate 65

F23: Abuse targeted at individuals
(not as member of a prot. group)

“You make me sick.”
“I will hurt you.” non-hate 65

F24: Abuse targeted at non-
protected groups (e.g. professions)

“Artists are parasites to our society.”
“Death to all capitalists.” non-hate 62

Table 1: Test cases of interest from HateCheck (Röttger et al., 2021). We hypothesize that for identity terms in
explicit test cases, if sufficiency is high then the model will have a high error rate on the test cases that capture
non-hate group identity mentions, and if necessity is low then the model will have a high error rate on the test cases
that cover abuse against non-protected targets.

diction. Using the non-hateful data distribution to
train the infilling model helps avoid such cases,
and enables the method to attribute importance to a
token only when the classifier relies on it directly.

To train our infilling language model, we choose
four widely-used datasets for hate speech and
abusive language detection that are from various
sources such as Twitter (Founta et al., 2018), Red-
dit (Vidgen et al., 2021), Wikipedia comments
(Wulczyn et al., 2017) and news article comments
(Borkan et al., 2019). For all these datasets, we
fine-tune our generative model on benign instances
from the training sets. Details for training and
datasets can be found in Appendix A.

5 Experiments

For our experiments, we focus on investigating the
necessity and sufficiency of identity mentions for
a sentence to be detected as hate speech, since a
known bias in many hate speech detection models
is that mere mentions of identity terms result in
false positive predictions (Dixon et al., 2018).

For a set of instances that contain mentions of
identity terms we leverage HateCheck (Röttger
et al., 2021), which is a suite of functional tests
targeted at diagnosing weaknesses of hate speech
classifiers. Tests are constructed from hand-crafted

templates, where the target is picked from a prede-
fined set of protected groups.

To evaluate our explanation method, we train six
BERT classifiers on three different datasets (Founta
et al., 2018; Vidgen et al., 2021; Davidson et al.,
2017), and obtain the necessity and sufficiency of
the identity terms on explicitly hateful test cases
in HateCheck that target women and Muslims. De-
tails for the datasets and classifiers can be found
in Appendix B. We train classifiers on both ‘hate
speech’ labels and on more general ‘abusive’ lan-
guage labels in order to observe the effects of this
distinction on the necessity and sufficiency values
for identity terms. The difference between the two
is that abusive language does not need to target
a protected group identity. Accordingly, our first
hypothesis is:

Hypothesis 1: We will observe lower necessity
for the identity terms for those models that are
trained on the ‘abuse’ labels compared to the ones
that are trained on the ‘hate’ labels.

We further hypothesize that different necessity and
sufficiency scores for identity mentions in explic-
itly hateful test cases indicate different biases, and
correlate with how well a model does in the Hate-
Check functionalities that aim to capture those bi-
ases (see Table 1 for the test cases), leading to our
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These women disgust me so much. These Muslims disgust me so much.
.81 .99 .96 .45 .50 .49 .33 1 .2 0 .02 .01

These women disgust me so much. These Muslims disgust me so much.
.21 .3 .37 0 .11 .03 .31 1 .33 .29 .3 .37

Figure 2: Visualization for necessity and sufficiency scores on an example HateCheck test case targeting women and
Muslims for the classifier Founta2018-hate. Darker shades correspond to higher values.

second and third hypotheses:

Hypothesis 2: If a model has high sufficiency
scores for identity terms in explicit expressions of
hate (functionalities F1, F2 and F3), this should
indicate that the model is over-sensitive to identity
terms. Therefore, we expect it have increased error
rate in F18 and F19, which consist of neutral or
positive statements that mention identity terms.

Hypothesis 3: If the necessity scores for identity
terms are low in explicit expressions of hate, we
can conclude under-reliance on the identity terms,
and over-reliance on the context. Consequently, we
expect that the model will perform poorly on F22,
F23 and F24, which capture abuse not targeted at
protected identity groups.

5.1 Implementation
We obtain the average necessity and sufficiency val-
ues for explicitly hateful test cases targeting women
and Muslims for each of the classifiers. We calcu-
late necessity and sufficiency by masking a subset
of the tokens and using our fine-tuned language
model to generate infillings. If multiple consec-
utive tokens are chosen, we aggregate them to a
single mask instance to be infilled. We choose the
number of perturbations for each example so that
the expected number of perturbations for each to-
ken is 100. The necessity and sufficiency scores
are only calculated for test cases that a classifier
returns a correct prediction, since we only aim to
explain positive predictions. The results can be
found in Table 2. Table 3 presents the proportions
of test cases classified as hateful/abusive by each of
the six classifiers on the non-hateful statements that
mention identity terms (F18 and F19) and abusive
utterances not targeting protected identity groups
(F22, F23, and F24). We report the results where
necessity and sufficiency are calculated with mask-
ing rather than perturbing the chosen tokens in
Appendix C.

As baselines, we calculate the average impor-
tance of the tokens corresponding to target groups

with SHAP4 and LIME5. For both of these meth-
ods, we use the default parameters for textual data.
As with the calculation of necessity and sufficiency,
we only include the attribution scores for test cases
on which the classifier correctly predicts the pos-
itive class. These results can be found in Table
4.

6 Results and Discussion

An example necessity and sufficiency attribution
is given in Figure 2. It shows that for this input,
the token ‘Muslims’ is more sufficient compared to
‘women’, and the token ‘disgust’ is more necessary
in the context of ‘women’ than that of ‘Muslims’.

According to our first hypothesis, we expect the
models that were trained on the abuse versions of
each dataset to have lower necessity for identity
terms compared to those that have been trained on
hate labels. Indeed, in Table 2 we observe this
pattern for all models and targets except David-
son2017 for the target women. This correctly sug-
gests that identity terms are necessary for a com-
ment to be hate speech, but not for it to be abusive.

The results also clearly support our second hy-
pothesis that if an identity mention has high suffi-
ciency on explicit examples for a given model, then
this model is over-sensitive to the identity term.
Comparing the sufficiency of women and Muslims
in Table 2 illustrates this difference: for all models
except Davidson2017-abuse sufficiency is high for
Muslims and significantly lower for women. Ac-
cordingly, all models except Davidson2017-abuse
display a large difference between their error rates
on neutral or positive mentions for women and Mus-
lims in Table 3 (F18, F19). That is, the mere occur-
rence of the word “Muslims” is sufficient for the
classifiers to classify a text as hate speech, even if
the text is neutral. Furthermore within each group,
higher sufficiency values correspond to higher error
rates in functionalities F18, F19. Vidgen2021-hate

4https://github.com/slundberg/shap
5https://github.com/marcotcr/lime
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women Muslims
necc suff necc suff

Founta2018-hate 0.82 ±0.18 0.29 ±0.1 0.89 ±0.16 0.81 ±0.08
Founta2018-abuse 0.54 ±0.17 0.34 ±0.1 0.65 ±0.21 0.82 ±0.06

Davidson2017-hate 0.58 ±0.09 0.21 ±0.06 0.91 ±0.12 0.74 ±0.09
Davidson2017-abuse 0.82 ±0.14 0.43 ±0.13 0.83 ±0.13 0.41 ±0.14

Vidgen2021-hate 0.96 ±0.02 0.71 ±0.17 0.97 ±0.03 0.88 ±0.13
Vidgen2021-abuse 0.82 ±0.14 0.64 ±0.14 0.82 ±0.15 0.88 ±0.07

Table 2: The mean and standard deviation of necessity and sufficiency scores for target tokens in explicitly hateful
cases of HateCheck (F1, F2, and F3) targeting women or Muslims for the the three classifiers trained on hate, and
three classifiers trained on abuse labels.

Neutral/supportive group identity mention
(F18, F19)

Abuse against non-protected targets
(F22, F23, F24)

women Muslims group individual object
Founta2018-hate 0.02 0.78 0.19 0.15 0.05

Founta2018-abuse 0.02 0.78 0.45 0.72 0.37
Davidson2017-hate 0.02 0.78 0.37 0.18 0.02

Davidson2017-abuse 0.31 0.22 0.26 0.28 0.14
Vidgen2021-hate 0.36 0.82 0.02 0.00 0.00

Vidgen2021-abuse 0.42 0.96 0.40 0.61 0.00

Table 3: Proportions of test cases classified as hateful/abusive for different non-hateful HateCheck functionalities
and targets.

and Vidgen2021-abuse display the highest suffi-
ciency for women, and correspondingly have the
highest error rates on these test cases for women.
Davidson2017-abuse has the lowest sufficiency for
Muslims, and the lowest error rate for this target.

Our third hypothesis is that low necessity for
identity terms will be correlated with positive pre-
dictions for abusive instances that do not target
a protected identity. In Table 2, the lowest ne-
cessity for both target groups are observed with
Founta2018-abuse. Indeed, this model has the high-
est rate of positive (abuse) predictions on all func-
tionalities that test for abuse against non-protected
targets in Table 3. The false positives in the test
cases that target objects is much higher than the cor-
responding errors for the other models, indicating
that Founta2018-abuse is indeed over-sensitive to
abusive contexts, and does not consider the target
of the abuse to be a necessary feature for the clas-
sification. On the other hand, the classifier trained
on Vidgen2021-hate shows the highest necessity
values for both targets, and the lowest error rates
on F22, F23, F24.

6.1 Comparison of Average SHAP and LIME
Values with Necessity and Sufficiency

The average SHAP and LIME values for the two tar-
gets are presented in Table 4. While Founta-abuse
and Davidson-abuse get very similar SHAP scores

for the target Muslims, Founta2018-abuse has high
sufficiency for this token while Davidson2017-
abuse has high necessity. These two classifiers
have very different false-positive rates for test in-
stances that are non-abusive mentions of this target
as reported in Table 3, and hence can be observed
to be biased against this group to a different extent.
This distinction is clearly captured with the neces-
sity and sufficiency scores, but not with SHAP.

LIME scores seem even less consistent with the
false-positive rates in Table 3 than SHAP. For ex-
ample, Davidson2017-hate has a very high false-
positive rate for neutral/supportive mentions of the
target Muslims, however the average LIME score
for this model and target group is in low negatives.
This means that LIME was unable to capture the
biases of the model against this target group.

For the target women, LIME gives very sim-
ilar average importance to the target tokens for
Founta2018-abuse and Vidgen2021-hate, however
all of the other metrics we calculate highlight sig-
nificant differences. Indeed, we can observe in Ta-
ble 3 that Founta2018-abuse has high false-positive
rates for abuse against non-protected targets, but
low false-positive rates for neutral/supportive men-
tions of the target women, whereas Vidgen2021-
hate shows the exact opposite pattern. LIME scores
seem unable to distinguish this important differ-
ence, unlike our necessity and sufficiency scores.
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women Muslims
SHAP LIME SHAP LIME

Founta2018-hate 0.36 ±0.24 0.018 ±0.045 0.84 ±0.2 0.013 ±0.036
Founta2018-abuse -0.07 ±0.21 0.011 ±0.02 0.39 ±0.25 0.042 ±0.037

Davidson2017-hate 0.01 ±0.02 -0.021 ±0.018 0.89 ±0.15 -0.002 ±0.057
Davidson2017-abuse 0.42 ±0.19 0.001 ±0.086 0.37 ±0.2 -0.032 ±0.092

Vidgen2021-hate 0.89 ±0.17 0.012 ±0.077 0.95 ±0.11 0.042 ±0.049
Vidgen2021-abuse 0.66 ±0.23 0.045 ±0.088 0.75 ±0.22 0.087 ±0.062

Table 4: The mean and standard deviation of SHAP and LIME scores for target tokens in explicitly hateful cases of
HateCheck (F1, F2, and F3) targeting women or Muslims for the the three classifiers trained on hate, and three
classifiers trained on abuse labels.

6.2 Qualitative analysis

Examining the generated perturbations reveals that
the majority of the time, the generator successfully
replaces the original snippet with non-offensive
text. There are minimal repetitions of the same in-
fill, indicating that the perturbations are sufficiently
diverse. The quality of the perturbations is mixed,
and tends to decrease with the number of infills.
Our method can be used with any generator that
can model the data distribution conditioned on the
label. For our current model we prioritize diver-
sity over fluency, and leave improvements on this
aspect for future work.

Inspecting the generated perturbations reveal
that there are often instances that combine a few
HateCheck functionalities. For example, as a per-
turbation for “I hate [IDENTITY]” model gener-
ates “This is a subreddit I hate.”, combining shuf-
fling the word order with changing the target. For
the template “[IDENTITY] are the dumbest peo-
ple.”, one of the generated counterfactuals is “I
don’t believe that American people are the dumb-
est people.”, combining negation and phrasing.

Interestingly, many infills for the identity terms
do not clearly correspond to either object, individ-
uals or non-protected groups, which are the three
cases that HateCheck checks for. Instead, our gen-
erative model infills it with clauses such as “I hate
that I feel like I have to do these things”, actions
such as “I hate crying,” or types of events like “I
hate surprises.” This illustrates that our relatively
non-constrained generation of counterfactuals pro-
vides better coverage of potential replacements,
and provides a good complement to manual checks.

7 Conclusion

This work is a step towards more informative and
transparent feature attribution metrics for explain-
ing text classifiers. We argue that standard token

importance metrics can be ambiguous in terms of
what ‘importance’ means. Instead, we adapt the
theoretically-grounded concepts of necessity and
sufficiency to explain text classifiers. Besides being
more informative, the process of generating these
two metrics is intuitive and can be explained to lay
people in terms of “how much the perturbations in
input change the output of the classifier”. More-
over, the input perturbations can be presented to the
users, leading to a transparent and understandable
explainability framework.

Considering the complexities of perturbing tex-
tual features, we introduced a practical implemen-
tation to compute the necessity and sufficiency of
the input tokens. Taking hate speech detection
as an example application, we showed that suffi-
ciency and necessity can be used to explain the
expected differences between a classifier that is
intended to detect identity-based hate speech and
those trained for detecting general abuse. We also
leveraged these metrics to explain the observed
over-sensitivity and under-sensitivity to mentions
of target groups, issues that are tightly related to
fairness in hate speech detection. While the cur-
rent work focused on binary hate speech detection
for English-language social media posts, in future
work, we will explore the effectiveness of these
metrics in generating explanations for other appli-
cations and languages. We will also explore how
the new metrics can improve the debugging of the
models or communicating the model’s decision-
making process to the end-users.

8 Ethical Considerations

The proposed method has benefits and risks that
should be considered from an ethics perspective.

One principle of ethical AI is transparency, and
we have developed this method with the goal of
improving transparency for system developers, end
users, and other stakeholders to better understand
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the inner workings of complex NLP systems. In the
application domain of hate speech detection, we
demonstrated how necessity and sufficiency scores
might be used to diagnose possible classification
biases against identity groups, who are frequently
subjects of online abuse. This can help in address-
ing the known issue of over-sensitivity to identity
terms, ensuring that benign conversations around
issues concerning marginalized groups are not mis-
classified as hate speech.

However, there are also potential risks. We make
use of existing datasets and thus our analysis is lim-
ited by those data: they were collected from public,
online platforms without user’s explicit consent,
and may not accurately represent speakers from all
demographic groups, they are only in English, and
they may be biased towards or against certain top-
ics of conversation. The data and analysis are also
limited to the English language. Training language
models on user data also has privacy implications,
as the language model may then re-generate user
text when deployed.

While transparency and explainability are seen
as desirable properties, they can also expose AI
systems to malicious attacks. In the context of hate
speech, our explainability metrics could potentially
be used to identify and then exploit system vulner-
abilities.

Finally, our approach requires the use of large
language models, which are computationally ex-
pensive to train and can reflect the biases of their
training data. Our method of generating multiple
counterfactual examples per word, rather than sim-
ply removing or masking that word, also increases
the computational resources required.
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A Data, Training and Generation Details
for the Infilling Language Model

To fine-tune the ILM model, we use the following
four datasets: Wikipedia Toxicity6 (Wulczyn et al.,
2017), Founta20187 (Founta et al., 2018), Civil
Comments 8 (Borkan et al., 2019), and Vidgen20219

(Vidgen et al., 2021). The datasets contain English-
language utterances, and cover different domains
(Twitter post, Reddit posts, Wikipedia comments,
and comments from news websites). The datasets
have been created to study abusive language, and
are commonly used to train and evaluate classifi-
cation models that detect various sub-categories
of online abuse, such as hate speech, toxicity, per-
sonal attacks, etc. All datasets except Founta2018
are in the public domain and licensed for research
purposes. Founta2018 dataset is being used with
the permission of the first author.

The details on each dataset are provided in Ta-
ble A.1. For the Wikipedia Toxicity dataset, a large
portion of the data is from conversations about
Wikipedia-specific topics. To not skew our genera-
tion model, we filter these instances following the
unsupervised method presented by Nejadgholi and
Kiritchenko (2020)10. Because the Civil Comments
dataset is significantly larger than the rest, we ran-
domly sample 30K neutral instances and discard
the rest. After filtering, the compound dataset of
neutral instances consists of 130,430 instances in
total. As preprocessing, we replace URLs, men-
tions and emojis with special tokens.

To train the ILM, we fine-tune GPT-2 (1.5B
parameters) for 4 epochs with the default hyper-
parameters provided by Donahue et al. (2020). The
training takes approximately 2.5 hours on a Tesla
V100-SXM2 GPU. Although the original ILM is
trained by infilling words, n-grams, sentences and
paragraphs, we modify the objective to only infill
words and n-grams.

We generate perturbations once for the 120 Hate-
Check cases, and evaluate all models on the same
set of perturbations. The number of perturbations
are chosen so that to have approximately 100 per-

6https://figshare.com/articles/
dataset/Wikipedia_Talk_Labels_Toxicity/
4563973

7https://github.com/ENCASEH2020/
hatespeech-twitter

8https://bit.ly/3Kfaveb
9https://zenodo.org/record/4881008#

.YeBBQ2jMKUk
10https://github.com/IsarNejad/cross_

dataset_toxicity

Dataset Source Class Size
Wikipedia Toxicity
(Wulczyn et al., 2017)

Wikipedia
comments

Normal 36,121

Founta2018
(Founta et al., 2018)

Twitter
posts

Normal 53,236

Civil Comments
(Borkan et al., 2019)

Comments on
news sites

Normal 30,000

Vidgen2021
(Vidgen et al., 2021)

Reddit
posts

Non-
Abusive

11,073

Total 130,430

Table A.1: Description of the training data used to fine-
tune the ILM model.

turbed instances for each token for the necessity
calculation, and 100 instances for the sufficiency
calculation. This results in a total of 66,120 per-
turbed instances, and takes approximately 6 hours
to generate on a 2.3 GHz Quad-Core Intel Core i7
CPU.

B Data and Training Details for Hate
Speech Classifiers

We fine-tune six BERT (Devlin et al., 2019) clas-
sifiers on three different datasets and with two dif-
ferent labelling schemes (hate speech vs. abusive
language) for each. The datasets include: David-
son201711 (Davidson et al., 2017), Founta2018
(Founta et al., 2018), and Vidgen2021 (Vidgen et al.,
2021). The datasets contain English-language posts
from two online platforms, Twitter and Reddit. The
details on each dataset are provided in Table B.1.

We train two models on the dataset of Founta
et al. (2018). For Founta2018-hate, we binarize
the labels to map hate annotations as positive, and
the rest as the negative class. For Founta2018-
abuse, we label both hate and abuse annotations as
positive, and the rest as negative. To illustrate that
our method can provide explanations for models
trained on data that is not explicitly modelled by
our perturbation generator, we also train models
on two versions of the dataset of Davidson et al.
(2017): Davidson2017-abuse and Davidson2017-
hate, which are binarized in the same manner.

The dataset of Vidgen et al. (2021) provides
a hierarchical labelling scheme, the top distinc-
tion being abusive vs. non-abusive. We bina-
rize Vidgen2021-abuse based on these labels. For
Vidgen2021-hate, we take the positive class to be
those instances that are labelled identity-directed
abuse, and label the rest as the negative class.

11https://github.com/t-davidson/
hate-speech-and-offensive-language/tree/
master/data
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Classifier Dataset Positive Class Negative Class Size
Train Dev Test

Founta2018-hate Founta2018
(Founta et al., 2018)

Hateful Normal
Abusive

62,445 7,806 7,806

Founta2018-abuse Founta2018
(Founta et al., 2018)

Hateful
Abusive

Normal 62,445 7,806 7,806

Davidson2017-hate Davidson2017
(Davidson et al., 2017)

Hate Neither
Offensive

19,826 2,478 2,479

Davidson2017-abuse Davidson2017
(Davidson et al., 2017)

Hate
Offensive

Neither 19,826 2,478 2,479

Vidgen2021-hate Vidgen2021
(Vidgen et al., 2021)

Identity-
directed abuse

Non-abusive
Person-directed abuse
Affiliation-directed abuse

13,585 4,527 5,308

Vidgen2021-abuse Vidgen2021
(Vidgen et al., 2021)

Abusive Non-abusive 13,585 4,527 5,308

Table B.1: Description of the datasets used to fine-tune hate speech and abuse detection classifiers.

Micro Macro Training time
F1 F1 (mins)

Founta2018-hate 0.94 0.67 28
Founta2018-abuse 0.94 0.93 28
Davidson2017-hate 0.94 0.70 7
Davidson2017-abuse 0.96 0.93 7
Vidgen2021-hate 0.91 0.71 22
Vidgen2021-abuse 0.85 0.72 22

Table B.2: Micro- and macro-averaged F1-scores and
training times for each BERT model trained and evalu-
ated on the given datasets.

We employ the same pre-processing steps as
in the experiments by Röttger et al. (2021), and
replace URLs, mentions and emojis with special
tokens. We fine-tune a BERT model from the Hug-
ging Face library12 on each of these datasets on a
single Tesla V100-SXM2 GPU. Each model has
110M trainable parameters. We follow the imple-
mentation of Röttger et al. (2021) and use their
hyper-parameters of 3 epochs, batch size of 16,
learning rate of 5e-5 and weight decay of 0.01.
We also employ weighted cross-entropy loss that
corrects for the class imbalance in data. For the
training/development/test splits, we use the stan-
dard split for Vidgen2021 provided by the creators
of the dataset, and use a stratified 80/10/10 split for
the other datasets, making sure that the splits are
the same for the hate and abuse versions of each,
and correspond to the training set for ILM when
applicable. The classification performance of these
models on the held-out test sets is shown in Table
B.2, together with the training times for each. We
can observe that the reported scores are within a
few percentage points of the previously published

12https://huggingface.co/
bert-base-uncased

women Muslims
necc suff necc suff

Founta2018-hate 0.53 0.30 0.72 0.81
Founta2018-abuse 0.19 0.34 0.36 0.82

Davidson2017-hate 0.44 0.21 0.88 0.74
Davidson2017-abuse 0.55 0.44 0.52 0.41

Vidgen2021-hate 0.87 0.71 0.93 0.88
Vidgen2021-abuse 0.62 0.64 0.64 0.88

Table B.3: Average necessity and sufficiency scores
calculated by masking rather than perturbing selected
tokens, for the identity terms in explicitly hateful cases
of HateCheck (F1, F2, and F3) targeting women or
Muslims for the the three classifiers trained on hate,
and three classifiers trained on abuse labels.

results (Röttger et al., 2021). All reported results
are from a single run.

C Calculating Necessity and Sufficiency
with Masking

In Section 1 we have argued that using the mask
token from the pre-training objective in feature
attribution methods has several drawbacks. Nev-
ertheless, in Table B.3 we report the results of a
modified version of our experiment presented in
Section 5 where we keep the number and the loca-
tion of the perturbations the same as the original
experiments, but instead of perturbing the chosen
tokens using an LM, we replace them with the mask
token. The results show that although the values
are different than their counterparts in the main
experiment, the overall trends remain the same,
and support the hypotheses presented in Section
5. Evaluating the classifier with the masked input
is faster than explicitly generating perturbations,
but the method ceases to be model agnostic and
looses transparency. The results still suggest that
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evaluating necessity and sufficiency with masked
rather than perturbed inputs might be preferable
in contexts where latency is more important than
transparency, or as a pre-processing step to choose
which inputs and tokens to focus on for in-depth
analysis with explicit perturbations. We leave fur-
ther explorations of this avenue for future work.
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Abstract

Dense retrievers for open-domain question an-
swering (ODQA) have been shown to achieve
impressive performance by training on large
datasets of question-passage pairs. In this
work we ask whether this dependence on la-
beled data can be reduced via unsupervised
pretraining that is geared towards ODQA. We
show this is in fact possible, via a novel pre-
training scheme designed for retrieval. Our
“recurring span retrieval” approach uses recur-
ring spans across passages in a document to
create pseudo examples for contrastive learn-
ing. Our pretraining scheme directly controls
for term overlap across pseudo queries and rel-
evant passages, thus allowing to model both
lexical and semantic relations between them.
The resulting model, named Spider, performs
surprisingly well without any labeled training
examples on a wide range of ODQA datasets.
Specifically, it significantly outperforms all
other pretrained baselines in a zero-shot set-
ting, and is competitive with BM25, a strong
sparse baseline. Moreover, a hybrid retriever
over Spider and BM25 improves over both,
and is often competitive with DPR models,
which are trained on tens of thousands of ex-
amples. Last, notable gains are observed when
using Spider as an initialization for supervised
training.1

1 Introduction

State-of-the-art models for retrieval in open domain
question answering are based on learning dense text
representations (Lee et al., 2019; Karpukhin et al.,
2020; Qu et al., 2021). However, such models rely
on large datasets of question-passage pairs for train-
ing. These datasets are expensive and sometimes
even impractical to collect (e.g., for new languages
or domains), and models trained on them often fail

1Our code and models are publicly available:
https://github.com/oriram/spider, and:
https://huggingface.co/tau/spider
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Figure 1: Top-k retrieval accuracy of various unsuper-
vised methods (solid lines) on the test set of Natural
Questions (NQ). DPR (dotted) is supervised (trained
on NQ) and given for reference.

to generalize to new question distributions (Sci-
avolino et al., 2021; Reddy et al., 2021).

The above difficulty motivates the development
of retrieval models that do not rely on large an-
notated training sets, but are instead trained only
on unlabeled text. Indeed, self-supervision for re-
trieval has gained considerable attention recently
(Lee et al., 2019; Guu et al., 2020; Sachan et al.,
2021a; Fan et al., 2021). However, when applied in
a “zero-shot” manner, such models are still outper-
formed by sparse retrievers like BM25 (Robertson
and Zaragoza, 2009) and by supervised models
(see Sachan et al. 2021a). Moreover, models like
REALM (Guu et al., 2020) and MSS (Sachan et al.,
2021a,b) that train a retriever and a reader jointly
(i.e. in an end-to-end fashion), treating retrieval
as a latent variable, outperform contrastive mod-
els like ICT (Lee et al., 2019), but are much more
computationally-intensive.

In this work we introduce Spider (Span-based
unsupervised dense retriever), a dense model
pretrained in a contrastive fashion from self-
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God at Sinai granted Aaron the priesthood for himself 
and his male descendants, and he became the first 
High Priest of the Israelites.

Aaron
… The books of Exodus, Leviticus and Numbers 
maintain that Aaron received from God a monopoly over 
the priesthood for himself and his male descendants …

Aaron
… During the journey in the wilderness, Aaron was not 
always prominent or active …

Lennon said that much of the song's lyrics and content 
came from his wife Yoko Ono, and in 2017 the process 
to give Yoko co-writing credit

Imagine (John Lennon Song)
… Several poems from Yoko Ono's 1964 book Grapefruit 
inspired Lennon to write the lyrics for "Imagine"…

Imagine (John Lennon Song)
 … Imagine was written during the Let It Be session. 
Lennon finished composing "Imagine" one morning …

Figure 2: An example of our pretraining approach: Given a document D (e.g. the article “Aaron” in Wikipedia),
we take two passages that contain a recurring span S. One of them is transformed into a short query (left) q′ using
a random window surrounding S, in which S is either kept (top) or removed (bottom). The second passage is then
considered the target for retrieval p+, while a random passage from D that does not contain S is considered the
negative p− (right). Each batch is comprised of multiple such examples, and the pretraining task is to select the
passage p+i for each query q′i (solid line) from the passages of all examples (in-batch negatives; dashed lines).

supervision only (Bhattacharjee et al., 2022), which
achieves retrieval accuracy that significantly im-
proves over unsupervised methods (both con-
trastive and end-to-end), and is much cheaper to
train compared to end-to-end models.

Spider is based on a novel self-supervised
scheme: recurring span retrieval. We leverage re-
curring spans in different passages of the same
document (e.g. “Yoko Ono” in Figure 2) to create
pseudo examples for self-supervised contrastive
learning, where one of the passages containing the
span is transformed into a short query that (dis-
tantly) resembles a natural question, and the other
is the target for retrieval. Additionally, we ran-
domly choose whether to keep or remove the re-
curring span from the query to explicitly model
cases where there is substantial overlap between
a question and its target passage, as well as cases
where such overlap is small.

We evaluate Spider on several ODQA bench-
marks. Spider narrows the gap between unsuper-
vised dense retrievers and DPR on all benchmarks
(Figure 1, Table 1), outperforming all contrastive
and end-to-end unsupervised models in top-5 &
top-20 accuracy consistently across datasets. Fur-
thermore, we demonstrate that Spider and BM25
are complementary, and that applying their simple
combination (Ma et al., 2021) improves retrieval
accuracy over both, sometimes outperforming a
supervised DPR model.

We further demonstrate the utility of Spider as an
off-the-shelf retriever via cross-dataset evaluation
(i.e., when supervised models are tested against
datasets which they were not trained on), a setting
that often challenges dense retrievers (Sciavolino
et al., 2021; Reddy et al., 2021). In this setting, Spi-
der is competitive with supervised dense retrievers
trained on an abundance of training examples.

Last, Spider significantly outperforms other pre-
trained models when used as an initialization to-
wards DPR training, and also shows strong cross-
dataset generalization. For example, Spider fine-
tuned on TriviaQA is, to the best of our knowledge,
the first dense model to outperform BM25 on the
challenging EntityQuestions dataset (Sciavolino
et al., 2021).

Taken together, our results demonstrate the po-
tential of pretraining for reducing the reliance of
ODQA models on training data.

2 Background

In open-domain question answering (ODQA), the
goal is to find the answer to a given question over
a large corpus, e.g. Wikipedia (Voorhees and Tice,
2000; Chen et al., 2017; Chen and Yih, 2020). This
task has gained considerable attention following
recent advancement in machine reading compre-
hension, where models reached human parity in
extracting an answer from a paragraph given a ques-
tion (Devlin et al., 2019; Raffel et al., 2020).
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Due to the high cost of applying such reading
comprehension models, or readers, over the entire
corpus, state-of-the-art systems for ODQA first ap-
ply an efficient retriever – either sparse (Robertson
and Zaragoza, 2009; Chen et al., 2017) or dense
(Lee et al., 2019; Karpukhin et al., 2020) – in order
to reduce the search space of the reader.

Recently, dense retrieval models have shown
promising results on ODQA, even outperform-
ing strong sparse methods that operate on the
lexical-level, e.g. BM25. Specifically, the dom-
inant approach employs a dual-encoder architec-
ture, where documents and questions are mapped
to a shared continuous space such that proxim-
ity in that space represents the relevance between
pairs of documents and questions. Formally, let
C = {p1, ..., pm} be a corpus of passages. Each
passage p ∈ C is fed to a passage encoder EP ,
such that EP (p) ∈ Rd. Similarly, the question en-
coder EQ is defined such that the representation of
a question q is given by EQ(q) ∈ Rd. Then, the
relevance of a passage p for q is given by:

s(q, p) = EQ(q)
>EP (p).

Given a question q, the retriever finds the
top-k candidates with respect to s(q, ·), i.e.
top-kp∈C s(q, p). In order to perform this operation
efficiently at test time, a maximum-inner product
search (MIPS) index (Johnson et al., 2021) is built
over the encoded passages {EP (p1), ..., EP (pm)}.

While considerable work has been devoted to
create pretraining schemes for dense retrieval (Lee
et al. 2019; Guu et al. 2020; inter alia), it gener-
ally assumed access to large training datasets after
pretraining. In contrast, we seek to improve dense
retrieval in the challenging unsupervised setting.

Our contribution towards this goal is twofold.
First, we construct a self-supervised pretraining
method based on recurring spans across passages
in a document to emulate the training process of
dual-encoders for dense retrieval. Our pretrain-
ing is simpler and cheaper in terms of compute
than end-to-end models like REALM (Guu et al.,
2020) and MSS (Sachan et al., 2021a). Second, we
demonstrate that a simple combination of BM25
with our models leads to a strong hybrid retriever
that rivals the performance of models trained with
tens of thousands of examples.

3 Our Model: Spider

We now describe our approach for pretraining
dense retrievers, which is based on a new self-
supervised task (Section 3.1). Our pretraining is
based on the notion of recurring spans (Ram et al.,
2021) within a document: given two paragraphs
with the same recurring span, we construct a query
from one of the paragraphs, while the other is taken
as the target for retrieval (Figure 2). Other para-
graphs in the document that do not contain the
recurring span are used as negative examples. We
train a model from this self-supervision in a con-
trastive fashion.

Since sparse lexical methods are known to com-
plement dense retrieval (Luan et al., 2021; Ma et al.,
2021), we also incorporate a simple hybrid retriever
(combining BM25 and Spider) in our experiments
(Section 3.2).

3.1 Pretraining: Recurring Span Retrieval

Given a document D ⊂ C with multiple passages
(e.g. an article in Wikipedia), we define cross-
passage recurring spans in D as arbitrary n-grams
that appear more than once and in more than one
passage in D. Let S be a cross-passage recurring
span inD, andDS ⊂ D be the set of passages in the
document that contain S, so |DS | > 1 by definition.
First, we randomly choose a query passage q ∈ DS .
In order to resemble a natural language question,
we apply a heuristic query transformation T , which
takes a short random window from q surrounding
S to get q′ = T (q) (described in detail below).

Similar to DPR, each query has one correspond-
ing positive passage p+ and one corresponding
negative passage p−. For p+, we sample an-
other random passage from D that contains S (i.e.
p+ ∈ DS \{q}). For p−, we choose a passage from
D that does not contain S (i.e. p− ∈ D \ DS). The
article title is prepended to both passages (bot not
to the query).

Figure 2 illustrates this process. We focus on the
first example (in orange), which is comprised of
three passages from the Wikipedia article “Aaron”.
The span “the priesthood for himself and his male
descendants” appears in two passages in the article.
One of the passages was transformed into a query
(denoted by q′1), while the other (p+1 ) is taken as
a positive passage. Another random passage from
the article (p−1 ) is considered its negative.

As the example demonstrates, existence of recur-
ring spans in two different passages often implies
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semantic similarity between their contexts.

Query Transformation As discussed above, af-
ter we randomly choose a query passage q (with a
recurring span S), we apply a query transformation
on q. The main goal is to make the queries more
“similar” to open-domain questions (e.g. in terms
of lengths).

First, we define the context to keep from q. Since
passages are much longer than typical natural ques-
tions,2 we take a random window containing S.
The window length ` is chosen uniformly between
5 and 30 to resemble questions of different lengths.
The actual window is then chosen at random from
all possible windows of length ` that contain S.

Second, we randomly choose whether to keep S
in q′ or remove it. This choice reflects two comple-
mentary skills for retrieval – the former requires
lexical matching (as S appears in both q′ and p+),
while the latter intuitively encourages semantic con-
textual representations.

The queries in Figure 2 (left) demonstrate this
process. In the top query, the recurring span “the
priesthood for himself and his male descendants”
was kept as is. In the bottom query, the span “Yoko
Ono” was removed.

Span Filtering To focus on meaningful spans
with semantically similar contexts, we apply sev-
eral filters on recurring spans. First, we adopt the
filters from Ram et al. (2021): (1) spans only in-
clude whole words, (2) only maximal spans are
considered, (3) spans that contain only stop words
are filtered out, (4) spans contain up to 10 tokens.
In addition, we add another filter: (5) spans should
contain at least 2 tokens. Note that in contrast to
methods based on salient spans (Glass et al., 2020;
Guu et al., 2020; Roberts et al., 2020; Sachan et al.,
2021a,b), our filters do not require a trained model.

Training At each time step of pretraining, we
take a batch of m examples {(q′i, p+i , p−i )}mi=1, and
optimize the cross-entropy loss with respect to the
positive passage p+i for each query q′i in a con-
trastive fashion (i.e., with in-batch negatives), simi-
lar to Karpukhin et al. (2020):

− log
exp

(
s(q′i, p

+
i )
)

∑m
j=1

(
exp

(
s(q′i, p

+
j )
)
+ exp

(
s(q′i, p

−
j )
))

2In our case, passages contain 100 words, while Joshi et al.
(2017) report an average length of 14 words for questions.

3.2 Hybrid Dense-Sparse Retrieval
It is well established that the strong lexical match-
ing skills of sparse models such as BM25 (Robert-
son and Zaragoza, 2009) are complementary to
dense representation models. Ma et al. (2021)
demonstrated strong improvements by using hy-
brid dense-sparse retrieval, based on BM25 and
DPR. Specifically, they define the joint score of
a hybrid retriever via a linear combination of the
scores given by the two models, i.e. shybrid(q, p) =
s(q, p) + α · BM25(q, p). They tune α on a valida-
tion set of each of the datasets. A similar approach
was considered by Luan et al. (2021). Since tuning
hyperparameters is unrealistic in our settings, we
simply set α = 1.0 for all hybrid models. Thus, we
define:

shybrid(q, p) = s(q, p) + BM25(q, p)

We adopt the normalization technique from Ma
et al. (2021). We begin by fetching the top-k′

(where k′ > k) passages from each of the mod-
els. If a passage p is found in the top-k′ of a dense
retriever but not of BM25, then BM25(q, p) is set
to the minimum value from the top-k′ results of
BM25 (and vice versa).

4 Experimental Setup

To evaluate how different retrievers work on dif-
ferent settings and given different amounts of su-
pervision, we simulate various scenarios by using
existing datasets, with an emphasis on the unsuper-
vised setting.

4.1 Datasets
We evaluate our method on six datasets commonly
used in prior work, all over Wikipedia: Natural
Questions (NQ; Kwiatkowski et al. 2019), Trivi-
aQA (Joshi et al., 2017), WebQuestions (WQ; Be-
rant et al. 2013), CuratedTREC (TREC; Baudiš and
Šedivý 2015), SQuAD (Rajpurkar et al., 2016) and
EntityQuestions (EntityQs; Sciavolino et al. 2021).
The datasets vary significantly in the distribution
of questions and the size of training data.

Lewis et al. (2021a) showed that there exists
a significant overlap between train and test ques-
tions in ODQA datasets, which poses an issue in
our case: supervised models can memorize train-
ing questions while unsupervised methods cannot.
Thus, we also report the results on the “no answer
overlap” portion of the test sets created by Lewis
et al. (2021a) for NQ, TriviaQA and WQ.

2690



4.2 Baselines

We consider a variety of baselines, including su-
pervised and self-supervised dense models, as well
as sparse methods. All dense models share the
architecture of BERT-base (namely a transformer
encoder; Vaswani et al. 2017), including the num-
ber of parameters (110M) and uncased vocabulary.
In addition, all pretrained dense models use weight
sharing between query and passage encoders (only
during pretraining). EQ(q) and EP (p) are defined
as the representation of the [CLS] token. Similar
to Gao and Callan (2021a), we do not consider the
models trained in Chang et al. (2020), as they rely
on Wikipedia links, and were not made public.

We now list our baselines (see App. A for fur-
ther details). As a sparse baseline model, we fol-
low prior work and take BM25 (Robertson and
Zaragoza, 2009). We consider several unsuper-
vised dense retrieval models: ICT (Lee et al., 2019;
Sachan et al., 2021a), Condenser and CoCondenser
(Gao and Callan, 2021a,b). We also compare our
approach with an unsupervised model trained in
an end-to-end fashion (i.e. jointly with a reader):
Masked Salient Spans (MSS; Sachan et al. 2021a,b).
In addition, we add the results of the unsuper-
vised Contriever model (Izacard et al., 2021), a
contemporary work. Last, we add results of DPR
(Karpukhin et al., 2020), a supervised model, for
reference.

4.3 Evaluation Settings

We evaluate our method and baselines in a broad
range of scenarios. We report top-k retrieval accu-
racy, i.e. the percentage of questions for which the
answer span is found in the top-k passages.

Unsupervised Setting Models are trained only
on unlabeled data, and evaluated on all datasets
without using any labeled examples (i.e. in a zero-
shot mode). As a reference point, we also compare
to DPR, which is supervised.

Cross-Dataset Generalization To test the ro-
bustness of different models across datasets, we
compare Spider to DPR models tested on datasets
they were not trained on.3 The motivation behind
these experiments is to determine the quality of
all models as “off-the-shelf” retrievers, namely on
data from unseen distributions of questions.

3For unsupervised models, this is essentially equivalent to
the unsupervised setting.

Supervised Setting We compare Spider to other
pretrained models for retrieval when fine-tuned on
different amounts of training examples, similar to
Karpukhin et al. (2020). Specifically, we consider
the settings where 128 examples, 1024 examples
and full datasets are available. We restrict these
experiments to NQ and TriviaQA due to the high
cost of running them for all datasets and baselines.

4.4 Implementation Details

We base our implementation on the official code
of DPR (Karpukhin et al., 2020), which is built on
Hugging Face Transformers (Wolf et al., 2020).

Passage Corpus We adopt the same corpus and
preprocessing as Karpukhin et al. (2020), namely
the English Wikipedia dump from Dec. 20, 2018
(following Lee et al. 2019) with blocks of 100
words as retrieval units. Preprocessing (Chen et al.,
2017) removes semi-structured data (e.g., lists, in-
foboxes, tables, and disambiguation pages), result-
ing in roughly 21 million passages. This corpus
is used for both pretraining and all downstream
experiments.

Pretraining We train Spider for 200,000 steps,
using batches of size 1024. similar to ICT and Con-
denser, the model is initialized from the uncased
BERT-base model, and weight sharing between
the passage and query encoders is applied. Each
pseudo-query has one corresponding positive ex-
ample and one negative example.4 Overall, the
model is expected to predict the positive passage
out of a total of 2048 passages.5 The learning rate
is warmed up along the first 1% of the training
steps to a maximum value of 2 · 10−5, after which
linear decay is applied. We use Adam (Kingma
and Ba, 2015) with its default hyperparameters as
our optimizer, and apply a dropout rate of 0.1 to
all layers. We utilize eight 80GB A100 GPUs for
pretraining, which takes roughly two days. In our
ablation study (see Section 5.4), we lower the learn-
ing rate to 10−5 and the batch size to 512 in order
to fit in eight Quadro RTX 8000 GPUs.6 Each
ablation takes two days.

Fine-Tuning For fine-tuning, we use the hyper-
parameters from Karpukhin et al. (2020), and do

4We perform an ablation on this choice in Section 5.4.
5In-batch negatives are taken across all GPUs, as suggested

in Qu et al. (2021).
6One ablation does involve a batch size of 1,024, and was

trained using A100 GPUs as well.
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Model
NQ TriviaQA WQ

Top-5 Top-20 Top-100 Top-5 Top-20 Top-100 Top-5 Top-20 Top-100

Supervised Models

DPR-Single 68.3 80.1 86.1 71.2 79.7 85.1 62.8 74.3 82.2
DPR-Multi 67.1 79.5 86.1 69.8 78.9 84.8 64.0 75.1 83.0
DPR-Single + BM25 72.2 82.9 88.3 75.4 82.4 86.5 64.4 75.1 83.1
DPR-Mutli + BM25 71.9 82.6 88.2 76.1 82.6 86.5 67.3 77.2 84.5

Unsupervised Models

BM25 43.8 62.9 78.3 66.3 76.4 83.2 41.8 62.4 75.5
ICT∗ 32.3 50.6 66.8 40.2 57.5 73.6 25.2 43.4 65.7
Condenser 13.0 25.5 43.4 4.5 9.6 18.5 20.3 35.8 51.9
CoCondenser 28.9 46.8 63.5 7.5 13.8 24.3 30.2 50.7 68.7
MSS∗ 41.7 59.8 74.9 53.3 68.2 79.4 29.0 49.2 68.4
Contriever∗∗ 47.2 67.2 81.3 59.5 74.2 83.2 - - -
Spider 49.6 68.3 81.2 63.6 75.8 83.5 46.8 65.9 79.7
Spider + BM25 55.1 72.1 84.1 71.7 80.0 85.5 51.0 69.1 81.1

Table 1: Top-k retrieval accuracy (i.e., the percentage of questions for which the answer is present in the top-k
passages) on the test sets of three datasets for supervised and unsupervised approaches. DPR-Single is trained on
the corresponding dataset only. We mark in bold the best unsupervised method for each dataset. Further results
are given in Tables 5&6. ∗Results reported in Sachan et al. (2021a,b); ∗∗Results reported in Izacard et al. (2021).

not perform any hyperparameter tuning. Specifi-
cally, we train using Adam (Kingma and Ba, 2015)
with bias-corrected moment estimates (Zhang et al.,
2021), and a learning rate of 10−5 with warmup
and linear decay. We use batch size of 128 for
40 epochs with two exceptions. First, when fine-
tuning DPR-WQ and DPR-TREC, we run for 100
epochs for consistency with the original paper. Sec-
ond, when fine-tuning on 128 examples only, we
lower the batch size to 32 and run for 80 epochs.7

We use BM25 negatives produced by Karpukhin
et al. (2020), and do not create hard negatives by
the model itself (Xiong et al., 2021).

Retrieval When performing dense retrieval, we
apply exact search using FAISS (Johnson et al.,
2021). This is done due to the high memory de-
mand of creating an HNSW index for each experi-
ment (Karpukhin et al., 2020). For sparse retrieval
(i.e. BM25), we utilize the Pyserini library (Lin
et al., 2021), built on top of Anserini (Yang et al.,
2017, 2018). For hybrid retrieval, we set k′ = 1000
similar to Ma et al. (2021).

5 Results

Our experiments show that Spider significantly im-
proves performance in the challenging unsuper-
vised retrieval setting, even outperforming strong
supervised models in many cases. Thus, it enables

7This is done to avoid running on all examples in each step,
which might lead to overfitting. However, we did not test this
hypothesis.

the use of such retrievers when no examples are
available. When used for supervised DPR train-
ing, we observe significant improvements over the
baselines as well. We perform ablation studies that
demonstrate the importance of our pretraining de-
sign choices.

5.1 Unsupervised Setting

Table 1 shows the performance of Spider (measured
by top-k retrieval accuracy) compared to other un-
supervised baselines on three datasets, without ad-
ditional fine-tuning. Results for remaining datasets
are given in Table 5 and Table 6. Supervised base-
lines (i.e. DPR) are given for reference. Results
demonstrate the effectiveness of Spider w.r.t. other
dense pretrained models, across all datasets. For ex-
ample, the average margin between Spider and ICT
is more than 15 points. Moreover, Spider outper-
forms DPR-Single on three of the datasets (TREC,
SQuAD and EntityQs). When DPR is better than
our model, the gap narrows for higher values of
k. In addition, it is evident that Spider is able to
outperform BM25 in some datasets (NQ, WQ and
TREC), while the opposite is true for others (Trivi-
aQA, SQuAD and EntityQuestions). However, our
hybrid retriever is able to combine the merits of
each of them into a stronger model, significantly
improving over both across all datasets. For exam-
ple, on TriviaQA, Spider and BM25 achieve 75.8%
and 76.4% top-20 retrieval accuracy, respectively.
The hybrid model significantly improves over both
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Model # Examples NQ TriviaQA WQ TREC SQuAD EntityQs

DPR-NQ 58,880 - 69.0 68.8 85.9 48.9 49.7
DPR-TriviaQA 60,413 67.5 - 71.4 87.9 55.8 62.7
DPR-WQ 2,474 59.4 66.7 - 82.0 52.3 58.3
DPR-TREC 1,125 57.9 64.0 61.7 - 49.4 46.9
DPR-SQuAD 70,096 47.0 60.0 56.0 77.2 - 30.9
DPR-Multi 122,892 - - - - 52.0 56.7

BM25 None 62.9 76.4 62.4 81.1 71.2 71.4
ICT None 50.6 57.5 43.4 - 45.1 -
Spider None 68.3 75.8 65.9 82.6 61.0 66.3
Spider-NQ 58,880 - 77.2 74.2 89.9 57.7 61.9
Spider-TriviaQA 60,413 75.5 - 73.7 91.2 68.1 72.9

Table 2: Top-20 retrieval accuracy in a cross-dataset “zero-shot” setting, where models are evaluated against
datasets not seen during their training. DPR-x and Spider-x are models trained on the full dataset x, initialized
from BERT and Spider, respectively. DPR-Multi was trained on NQ, TriviaQA, WQ and TREC. # Examples is the
number of labeled examples used to train the model. Top-100 retrieval accuracy results are given in Table 7.

models and obtains 80.0%, better than DPR-Single
and DPR-Multi (79.7% and 78.9%, respectively).

Moreover, we observe that Spider consistently
surpasses Contriever, with substantial gains for
lower values of k.

5.2 Cross-Dataset Generalization
An important merit of Spider is the fact that a single
model can obtain good results across many datasets,
i.e. in a “zero-shot” setting. Table 2 demonstrates
the results of supervised models in these scenar-
ios, where DPR models are tested on datasets they
were not trained on. Spider outperforms four of
the six DPR models (DPR-WQ, DPR-TREC, DPR-
SQuAD and DPR-Multi) across all datasets. In ad-
dition, it significantly outperforms DPR-NQ, which
is a widely-used retriever,8 on three datasets out
of five. Finally, DPR-TriviaQA outperforms Spi-
der on three datasets.

When fine-tuning Spider on NQ and TriviaQA
(see Sections 4.3;5.3), the resulting models show
strong generalization to other datasets. For exam-
ple, Spider-NQ outperforms DPR-NQ (initialized
from BERT) by 4-12 points. Similar trends are ob-
served for the models trained on TriviaQA. Specifi-
cally, Spider-TriviaQA is able to outperform BM25
on EntityQuestions, that is known to challenge
dense retrievers (Sciavolino et al., 2021).

5.3 Supervised Setting
Table 3 shows the performance when fine-tuning
pretrained models on 128 examples, 1024 exam-
ples and full datasets from NQ and TriviaQA. Spi-
der establishes notable gains compared to all other

8The model was downloaded from Hugging Face model
hub 200,000 times during December 2021.

dense baselines on both datasets and for all training
data sizes. When only 128 examples are available,
Spider significantly outperforms all other models,
with absolute gaps of 3-11% on both datasets. On
TriviaQA, Spider fine-tuned on 128 examples is
able to outperform all other baselines when they
are trained on 1024 examples. Similar trends are
observed for the 1024-example setting (absolute
gaps of 1.7-6.2%).

Even though Spider was mainly designed for un-
supervised settings, it outperforms other pretrained
models in the full dataset as well. On both datasets,
Spider obtains the best results, improving over DPR
models (initialized from BERT) by 1.9-6.5%.

5.4 Ablation Study

We perform an ablation study on the query trans-
formation applied on the query passage q. We then
test the contribution of the negative passage p− to
the performance of our model. Last, we scale up
both the batch size and the number of pretraining
steps.

Choice of Query Transformation During pre-
training, we apply a query transformation on the
query q. We sample a random window containing
the recurring span S and either remove or keep
S. We now test the effect of these choices on our
model. We consider two more options for the con-
text taken from q: (1) the whole passage, for which
we replace S with a [MASK] token (as the context
is very long, it makes sense to provide the retriever
with a signal on what span is sought in the answer),
and (2) a prefix of random length preceding S, for
which we always remove S from the context (as it
is in any case, by definition, in the end of q′). The
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Model
NQ TriviaQA

Top-1 Top-5 Top-20 Top-100 Top-1 Top-5 Top-20 Top-100

BM25 22.1 43.8 62.9 78.3 46.3 66.3 76.4 83.2

128 examples

BERT 12.7 27.3 43.5 60.6 16.7 33.4 49.4 65.4
ICT 22.8 45.5 64.1 78.3 32.7 54.5 68.9 79.5
Condenser 17.6 36.8 52.7 68.6 26.1 45.9 60.2 73.7
CoCondenser 23.2 47.9 65.2 79.2 36.3 60.1 72.8 81.6
Spider 31.7 57.7 74.3 84.6 47.5 68.5 78.5 85.1

1024 examples

BERT 26.6 49.6 65.3 78.1 32.6 52.7 66.1 77.9
ICT 30.4 55.8 72.4 83.4 38.8 60.0 72.8 82.3
Condenser 30.8 55.1 71.7 82.2 40.7 61.1 72.4 81.2
CoCondenser 32.7 60.1 75.6 84.8 43.3 65.4 76.2 83.6
Spider 37.0 63.0 77.9 86.5 49.5 69.5 79.3 85.5

Full Dataset

BERT 46.3 68.3 80.1 86.1 53.7 71.2 79.7 85.1
ICT 46.4 69.6 80.9 87.6 55.1 72.3 80.4 85.8
Condenser 47.0 70.1 81.4 87.0 57.4 73.4 81.1 86.1
CoCondenser 47.8 70.1 80.9 87.5 58.7 75.0 82.2 86.5
Spider 49.4 72.2 82.4 88.0 60.2 76.1 83.1 87.2

Table 3: Top-k retrieval accuracy of different pretrained models on the test sets of Natural Questions and TriviaQA,
after fine-tuning on various sizes of training data: 128 examples, 1024 examples and the full datasets. All models
are fine-tuned using the data produced by Karpukhin et al. (2020), i.e., BM25-based negative examples.

top two rows in Table 4 correspond to these abla-
tions. Indeed, both are inferior to taking a random
window surrounding S (one before the last row).

In addition, we test whether alternating between
keeping and removing S is indeed better than ap-
plying only one of them consistently. The third,
fourth and fifth rows of Table 4 verify that our mo-
tivation was indeed correct: Alternating between
the two is superior to each of them on its own.

Effect of Negative Passages During pretraining,
each query q′i has one positive passage p+i and one
negative passage p−i . We pretrain a model without
negative passages at all, i.e. the target is to select
the positive p+i , given the positive passages of all
other examples {p+j }mj=1. This model corresponds
to the row with # negatives = 0 (i.e. the sixth
row in Table 4). As expected, the top-k retrieval
accuracy of the model drops significantly (2-6% for
different k values) with respect to the same model
with # negatives = 1 as a result of this choice,
which is consistent with Karpukhin et al. (2020).

Scaling up Batch Size and Training Steps We
scale up the batch size and observe improvements
of 0.6-1.2%. We train our model for longer (200K
steps instead of 100K), which leads to additional
1.1-1.8% improvements (last two rows in Table 4).

6 Related Work

Pretraining for dense retrieval has recently gained
considerable attention, following the success of
self-supervised models in many tasks (Devlin et al.,
2019; Liu et al., 2019; Brown et al., 2020). While
most works focus on fine-tuning such retrievers on
large datasets after pretraining (Lee et al., 2019;
Chang et al., 2020; Guu et al., 2020; Sachan et al.,
2021a; Gao and Callan, 2021a), we attempt to
bridge the gap between unsupervised dense mod-
els and strong sparse (e.g. BM25; Robertson and
Zaragoza 2009) or supervised dense baselines (e.g.
DPR; Karpukhin et al. 2020). A concurrent work
by Oğuz et al. (2021) presented DPR-PAQ, which
shows strong results on NQ after pretraining. How-
ever, their approach utilizes PAQ (Lewis et al.,
2021b), a dataset which was generated using mod-
els trained on NQ, and is therefore not unsuper-
vised.

Leveraging recurring spans for self-supervised
pretraining has previously been considered for nu-
merous tasks, e.g. coreference resolution and coref-
erential reasoning (Kocijan et al., 2019; Varkel and
Globerson, 2020; Ye et al., 2020) and question an-
swering (Ram et al., 2021; Bian et al., 2021; Castel
et al., 2021). Glass et al. (2020) utilize recurring
spans across documents to create pseudo-examples
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Query Transformation
Batch
Size

NQ (Dev Set)

Context Recurring Span # Negs # Steps Top-1 Top-5 Top-20 Top-100

Whole passage Replace with a [MASK] 1 512 100,000 17.5 36.8 52.7 67.3
Prefix Remove 1 512 100,000 18.9 39.7 58.0 72.4
Random window Remove 1 512 100,000 18.6 39.2 56.8 71.7
Random window Keep 1 512 100,000 20.3 42.0 61.1 75.9
Random window Remove / Keep 1 512 100,000 21.5 44.5 62.3 76.2

Random window Remove / Keep 0 512 100,000 16.3 38.8 58.1 74.1
Random window Remove / Keep 1 1,024 100,000 22.1 45.4 63.5 77.0
Random window Remove / Keep 1 1,024 200,000 23.4 46.5 65.3 78.2

Table 4: Ablation study on the development set of Natural Questions. The top rows of the table describe ablations
on the query transformation: We first determine the context to take from the query passage, and then decide what
operation will be applied on the recurring span. The bottom rows of the table study the contribution of the negative
passage p− (# Negs = 0 stands for no negative examples), as well as scaling up the batch size (i.e. the number of
queries at each batch) and the total number of training steps. The last row corresponds to our model Spider.

for QA.
While we focus in this work on dual-encoder

architectures, other architectures for dense retrieval
have been introduced recently. Luan et al. (2021)
showed that replacing a single representation with
multiple vectors per document enjoys favorable
theoretical and empirical properties. Khattab and
Zaharia (2020) introduced late-interaction models,
where contextualized representations of query and
document tokens are first computed, and a cheap
interaction step that models their fine-grained rele-
vance is then applied. Phrase-based retrieval (Seo
et al., 2018, 2019) eliminates the need for a reader
during inference, as it directly retrieves the answer
span given a query. Lee et al. (2021a) demon-
strated strong end-to-end ODQA results with this
approach, and Lee et al. (2021b) showed that it is
also effective for passage retrieval. Our pretraining
scheme can be seamlessly used for those architec-
tures as well.

7 Conclusion

In this work, we explore learning dense retrievers
from unlabeled data. Our results demonstrate that
existing models struggle in this setup. We introduce
a new pretraining scheme for dual-encoders that
dramatically improves performance, reaching good
results without any labeled examples. Our results
suggest that careful design of a pretraining task is
important for learning unsupervised models that
are effective retrievers for ODQA.
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A Baselines: Further Details

BM25 (Robertson and Zaragoza, 2009) A sparse
bag-of-words model that extends TF-IDF (i.e. re-
ward rare terms that appear in both q and p) by ac-
counting for document length and term frequency
saturation.

BERT (Devlin et al., 2019) was pretrained on
two self-supervised tasks: Masked Language Mod-
eling (MLM) and Next Sentence Prediction (NSP).
We evaluate BERT only in the supervised setting,
namely as a backbone for fine-tuning, similar to
DPR.

ICT (Lee et al., 2019) A dual-encoder model
which was pretrained on the Inverse Cloze Task.
Given a batch of passages, ICT masks a sentence
from each passage, and trains to predict what is the
source passage for each sentence. ICT encourages
lexical matching by keeping the sentence in the
original passage with low probability. Note that
unlike our approach, ICT is trained to produce rep-
resentations to corrupted passages. In addition, we
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Model
CuratedTREC SQuAD EntityQuestions

Top-5 Top-20 Top-100 Top-5 Top-20 Top-100 Top-5 Top-20 Top-100

Supervised Models

DPR-Single 66.6 81.7 89.9 40.8 58.4 74.9 38.1 49.7 63.2
DPR-Multi 80.0 89.2 93.9 35.6 52.0 67.8 44.7 56.7 70.0
DPR-Single + BM25 75.8 87.0 93.8 66.9 77.9 86.3 61.1 71.7 81.3
DPR-Mutli + BM25 84.7 90.3 95.4 58.5 72.1 83.0 63.2 73.3 82.6

Unsupervised Models

BM25 64.6 81.1 90.3 57.5 71.2 82.0 61.0 71.4 80.0
ICT∗ - - - 26.5 45.1 65.2 - - -
Condenser 9.9 20.2 34.4 6.1 13.2 25.3 1.0 2.7 7.6
CoCondenser 11.7 22.5 39.3 8.5 16.5 28.8 0.5 1.4 8.7
MSS∗ - - - 33.9 51.3 68.4 - - -
Spider 65.9 82.6 92.8 43.6 61.0 76.0 54.5 66.3 77.4
Spider + BM25 74.5 86.5 93.9 60.9 74.6 84.5 65.4 75.0 82.6

Table 5: Results for an evaluation setup as in Table 1 for the remaining datasets. Top-k retrieval accuracy (i.e., the
percentage of questions for which the answer is present in the top-k passages) for supervised and unsupervised
approaches. DPR-Single is trained on the corresponding dataset only. We mark in bold the best unsupervised
method for each dataset. ∗Results shared with us by the authors of Sachan et al. (2021a,b).

encourage lexical matching of individual terms in
the query, rather than the entire query as ICT.

Sachan et al. (2021a) trained their own ICT
model, which shows stronger performance than
Lee et al. (2019). The authors shared new results
with us, in which TREC and EntityQs are missing.
Since their model is not public, for fine-tuning we
use the model trained by Lee et al. (2019).

Condenser & CoCondenser (Gao and Callan,
2021a,b) Condenser is an architecture that aims
to produce dense sequence-level (i.e. sentences
and passages) representations via a variant of the
MLM pretraining task. Specifically, to predict a
masked token xt, they condition the prediction on
two representations: (1) a representation of xt from
an earlier layer in the encoder, and (2) a dense
sequence-level representation of the [CLS] token
at the last layer of the network. CoCondenser adds
a “corpus-aware” loss alongside MLM to create
better embeddings by sampling two sub-spans from
each sequence and train in a contrastive fashion.

MSS (Sachan et al., 2021a,b) An unsupervised
model in which a dense retriever and a reader are
trained jointly end-to-end. First, salient spans (e.g.
entities) are identified using a NER model. Then,
some of them are masked. The training objective is
to predict these missing spans while using retrieved
documents as evidence. Due to the latent nature
of the retrieval process in this model, its training
is substantially more expensive than contrastive
learning. In addition, it requires frequent updates

of the encoded evidence corpus.

Contriever (Izacard et al., 2021) A contempo-
rary work. Contriever is an unsupervised dense
model trained in a contrastive fashion, using ran-
dom cropping to generate two views of a given
input.

DPR (Karpukhin et al., 2020) A supervised
model for ODQA based on dual-encoders and
trained in a contrastive fashion (see Section 2). All
DPR models considered in the paper are initial-
ized with a BERT-base encoder, and trained on
full datasets: DPR-Single models are trained on a
single dataset, and are also referred to as DPR-x,
where x is the name of the dataset. DPR-Multi
was trained onNQ, TriviaQA, WQ and TREC. For
DPR-NQ and DPR-Multi, we use the checkpoints
released by the authors. We re-train the other DPR-
Single models (which were not made public) us-
ing the same hyper-parameters as Karpukhin et al.
(2020). We do not train a DPR model on Enti-
tyQs. The models we trained are consistent with
the results of Karpukhin et al. (2020), except for
DPR-SQuAD, where we did not manage to repro-
duce the original results.

B Further Results

Table 5 and Table 6 show the top-k accuracy for
the unsupervised setting (complements Table 1)
for additional datasets. Table 7 shows the top-100
accuracy for the cross-dataset setting (complements
Table 2).
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Model
NQ (No Overlap) TriviaQA (No Overlap) WQ (No Overlap)

Top-5 Top-20 Top-100 Top-5 Top-20 Top-100 Top-5 Top-20 Top-100

Supervised Models

DPR-Single 54.5 68.7 76.8 48.0 56.4 62.6 47.2 60.0 71.1
DPR-Multi 54.2 68.8 77.1 46.9 55.8 62.4 48.0 60.5 70.4
DPR-Single + BM25 60.9 74.0 81.1 53.4 60.2 64.9 50.5 62.4 72.8
DPR-Mutli + BM25 61.7 73.7 80.9 54.6 60.9 65.2 53.3 63.8 73.0

Unsupervised Models

BM25 38.8 55.5 70.1 47.3 56.0 62.4 35.4 53.6 66.4
ICT∗ 27.6 44.1 58.8 26.2 38.5 51.5 19.4 33.2 52.5
Condenser 6.5 13.3 26.6 1.8 4.2 9.1 9.0 19.3 30.8
CoCondenser 23.8 36.8 52.4 4.6 8.0 13.8 21.3 38.3 54.2
MSS∗ 33.2 49.7 66.1 36.2 47.9 58.0 19.7 36.9 54.1
Spider 44.3 60.7 73.7 45.2 55.6 62.7 38.1 54.8 69.7
Spider + BM25 49.3 65.2 77.6 51.9 59.4 64.6 42.9 58.4 72.0

Table 6: Top-k retrieval accuracy (i.e., the percentage of questions for which the answer is present in the top-k
passages) on the “no-answer-overlap” portion of the test sets of three datasets (Lewis et al., 2021a) for supervised
and unsupervised approaches. DPR-Single is trained on the corresponding dataset only. We mark in bold the best
unsupervised method for each dataset. ∗Results shared with us by the authors of Sachan et al. (2021a,b).

Model # Examples NQ TriviaQA WQ TREC SQuAD EntityQs

DPR-NQ 58,880 - 78.7 78.3 92.1 65.2 63.2
DPR-TriviaQA 60,413 79.7 - 81.2 93.7 71.1 74.6
DPR-WQ 2,474 72.6 77.9 - 90.8 67.6 70.2
DPR-TREC 1,125 71.0 76.0 74.6 - 65.3 61.1
DPR-SQuAD 70,096 65.1 75.6 72.9 89.5 - 49.3
DPR-Multi 122,892 - - - - 67.8 70.0

BM25 None 78.3 83.2 75.5 90.3 82.0 80.0
ICT None 66.8 73.6 65.7 - 65.2 -
Spider None 81.2 83.5 79.7 92.8 76.0 77.4
Spider-NQ 58,880 - 83.7 82.5 94.1 72.8 74.1
Spider-TriviaQA 60,413 85.0 - 83.3 95.4 80.6 81.4

Table 7: Results for an evaluation setup as in Table 2, measured by top-100 retrieval accuracy in a cross-dataset
“zero-shot” setting, where models are evaluated against datasets not seen during their training. DPR-x is a model
trained on the full dataset x, and DPR-Multi was trained on NQ, TriviaQA, WQ and TREC. # Examples is the
number of labeled examples used to train the model.

C Limitations & Risks

We point to several limitations and potential risks of
Spider. First, there is still a gap in performance be-
tween supervised and unsupervised models, as can
be observed in Table 1. Second, self-supervised
pretraining is heavier in terms of compute than
standard supervised training like DPR. Third, Spi-
der was trained on data solely from Wikipedia,
which might hurt its performance when applied
to other domains. Last, our model may introduce
biases as other pretrained language models, e.g.
against under-represented groups.

D Dataset Statistics

Table 8 shows the number of examples in each of
the datasets used in our evaluation suite.

Dataset Train Test

Natural Questions 58,880 3,610
TriviaQA 60,413 11,313
WebQuestions 2,474 2,032
CuratedTREC 1,125 694
SQuAD 70,096 10,570
EntityQs - 22,075

No (Answer) Overlap Datasets

Natural Questions - 1,313
TriviaQA - 3,201
WebQuestions - 856

Table 8: Dataset statistics: number of training and test
examples in each dataset.
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Abstract

As demonstrated by GPT-3 and T5, transform-
ers grow in capability as parameter spaces be-
come larger and larger. However, for tasks
that require a large amount of knowledge, non-
parametric memory allows models to grow dra-
matically with a sub-linear increase in compu-
tational cost and GPU memory requirements.
Recent models such as RAG and REALM
have introduced retrieval into conditional gen-
eration. These models incorporate neural ini-
tial retrieval from a corpus of passages. We
build on this line of research, proposing Re2G,
which combines both neural initial retrieval
and reranking into a BART-based sequence-
to-sequence generation. Our reranking ap-
proach also permits merging retrieval results
from sources with incomparable scores, en-
abling an ensemble of BM25 and neural initial
retrieval. To train our system end-to-end, we
introduce a novel variation of knowledge dis-
tillation to train the initial retrieval, reranker
and generation using only ground truth on the
target sequence output. We find large gains in
four diverse tasks: zero-shot slot filling, ques-
tion answering, fact checking and dialog, with
relative gains of 9% to 34% over the previous
state-of-the-art on the KILT leaderboard. We
make our code available as open source1.

1 Introduction

GPT-3 [Brown et al., 2020] and T5 [Raffel et al.,
2020] are arguably the most powerful members
in a family of deep learning NLP models called
transformers. Such models store surprising amount
of world knowledge. They have been shown to
produce good performance on a range of demand-
ing tasks, especially in generating human like texts.
However, such large transformers’ capability is
tied to the increasingly larger parameter spaces on
which they are trained.

1https://github.com/one-qa

Recently, there has been work towards trans-
formers that make use of non-parametric knowl-
edge. REALM (Retrieval Augmented Language
Model) [Guu et al., 2020] and RAG (Retrieval Aug-
mented Generation) [Lewis et al., 2020b] both use
an indexed corpus of passages to support condi-
tional generation. By using the corpus as a source
of knowledge these models can extend the informa-
tion available to the model by tens or even hundreds
of gigabytes with a sub-linear scaling in computa-
tion cost.

These recent advancements, in turn, have
been inspired by BART (Bidirectional and Auto-
Regressive Transformer) [Lewis et al., 2020a] that
combines a Bidirectional Encoder (e.g. BERT [De-
vlin et al., 2019]) with an Autoregressive decoder
(e.g. GPT [Brown et al., 2020]) into one sequence-
to-sequence model.

We build on this line of research, pioneered
by REALM and RAG, and propose a new ap-
proach that we call Re2G (Retrieve, Rerank,
Generate), which combines both neural initial re-
trieval and reranking into a BART-based sequence-
to-sequence generation.

There are two particular aspects on which our ap-
proach is different from the previous works. Firstly,
our reranking approach permits merging retrieval
results from sources with incomparable scores, e.g.
enabling an ensemble of BM25 and neural initial
retrieval. Secondly, to train our system end-to-end,
we introduce a novel variation of knowledge dis-
tillation to train the initial retrieval, reranker and
generation using only ground truth on the target
sequence output.

The KILT benchmark [Petroni et al., 2021] has
been recently introduced to evaluate the capabili-
ties of pre-trained language models to address NLP
tasks that require access to external knowledge. We
evaluate on four diverse tasks from KILT: slot fill-
ing, question answering, fact checking and dialog.
Figure 1 shows examples of these tasks. Re2G
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makes significant gains on all four tasks, reaching
the top of the KILT leaderboards and establishing
a new state-of-the-art.

The contributions of this work are as follows:

• We introduce Re2G, demonstrating the effec-
tiveness of reranking for generative language
models that incorporate retrieval.

• We further extend Re2G by ensembling ini-
tial retrieval methods, combining neural and
traditional keyword-based approaches.

• Re2G improves the current state-of-the-art of
9%, 31%, 34%, 22% and 10% relative gains
on the headline KILT metrics for T-REx (slot
filling), Natural Questions (question answer-
ing), TriviaQA (question answering), FEVER
(fact checking), and Wizard of Wikipedia (di-
alog), respectively.

• We publicly release our code as open source
to support continued development.

2 Related Work

The KILT benchmark and public leaderboard2 com-
bines eleven datasets across five tasks. The main ad-
vantage of the KILT distribution of these datasets is
that the provenance information from each dataset
is realigned to reference the same snapshot of
Wikipedia. A unified evaluation script and set
of metrics is also provided. In this work, we
focus on four tasks, such as Slot Filling [Levy
et al., 2017, Elsahar et al., 2018], Question Answer-
ing [Kwiatkowski et al., 2019, Joshi et al., 2017],
Fact Checking [Thorne et al., 2018a,c], and Dia-
log [Dinan et al., 2019] (see Figure 1).

A set of baseline methods have been proposed
for KILT. GENRE [Cao et al., 2021] is trained
on BLINK [Wu et al., 2020] and all KILT tasks
jointly using a sequence-to-sequence language
model to generate the title of the Wikipedia page
where the answer can be found. This method is
a strong baseline to evaluate the retrieval perfor-
mance, but it does not address the downstream
tasks. On the other hand, generative models, such
as BART [Lewis et al., 2020a] and T5 [Raffel et al.,
2020], show interesting performance when fine-
tuned on the downstream tasks relying only on the
implicit knowledge stored in the weights of the

2https://eval.ai/web/challenges/
challenge-page/689/leaderboard

neural networks, without the use of any explicit
retrieval component.

RAG [Lewis et al., 2020b], an end-to-end
retrieval-based generative model, is the best per-
forming baseline in KILT and it incorporates
DPR [Karpukhin et al., 2020] to first retrieve rel-
evant passages for the query, then it uses a model
initialized from BART [Lewis et al., 2020a] to per-
form a sequence-to-sequence generation from each
evidence passage concatenated with the query in
order to generate the answer. Figure 2 shows the
architecture of RAG.

Multi-task DPR [Maillard et al., 2021] ex-
ploits multi-task learning by training both DPR
passage and query encoder on all KILT tasks.
DensePhrases [Lee et al., 2021] addresses the
knowledge intensive tasks with a short answer, such
as slot filling. It indexes the phrases in the cor-
pus that can be potential answers. The extracted
phrases are represented by their start and end to-
ken vectors from the final layer of a transformer
initialized from SpanBERT [Joshi et al., 2020].

Knowledge Graph Induction (KGI) [Glass et al.,
2021] combines DPR and RAG models, both
trained with task and dataset specific training. KGI
employs a two phase training procedure: first train-
ing the DPR model, i.e. both the query and context
encoder, using the KILT provenance ground truth.
Then, KGI trains the sequence-to-sequence genera-
tion and further trains the query encoder using only
the target output as the objective. This results in
large improvements in retrieval performance and,
as a consequence, in the downstream tasks.

KILT-WEB 2 [Piktus et al., 2021] addresses the
KILT tasks by broadening the knowledge source
used. Rather than rely only on KILT’s Wikipedia
snapshot, KILT-WEB 2 creates SPHERE as a knowl-
edge source. SPHERE is built from CCNet [Wenzek
et al., 2020] and over twenty times the size of the
Wikipedia corpus. It can use either BM25 or DPR
retrieval (though not both combined) followed by
a ‘reader’ component, but not trained end-to-end.
The reader component is the Fusion-in-Decoder
[Izacard and Grave, 2021] model, where retrieved
documents are encoded independently, then their
encoded representations are concatenated for the
decoder.

SEAL [Bevilacqua et al., 2022] introduces a
novel generative approach to retrieval. Rather
than generating the unique document identifier like
GENRE, SEAL can generate any ngrams present
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T-REx

Input:
Dracula [SEP] narrative location
Output: Transylvania
Provenance: 7923-2

Natural Questions

Input: when did bram stoker’s drac-
ula come out
Output: 1897
Provenance: 7923-1

FEVER

Input: Dracula is a novel by a Scot-
tish author.
Output: REFUTES
Provenance: 7923-1

Dracula (7923)

Dracula is an 1897 Gothic horror novel by
Irish author Bram Stoker. It introduced the
character of Count Dracula, and established
many conventions of subsequent vampire fantasy.

The novel tells the story of Dracula’s attempt
to move from Transylvania to England so that
he may find new blood and spread the undead
curse, and of the battle between Dracula and a
small group of men and a woman led by Professor
Abraham Van Helsing.

Wizard of Wikipedia

Input:

• I really like vampires!!

• Vampires are intense and based
on European folklore. Do you
have any favorite vampires?

• I think dracula is the best one!!!

Output: He’s one of the best! He’s
based on the character from the 1897
horror book of the same name.
Provenance: 7923-1

Figure 1: KILT tasks of slot filling, question answering, fact checking and dialog
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Figure 2: RAG Architecture
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Figure 3: Re2G Architecture

in the corpus, which are then mapped to passages.
The neural retrieval generator is based on BART
and constrained to generate ngrams that appear
in the corpus with an FM-Index [Ferragina and
Manzini, 2000]. Like KILT-WEB 2, SEAL uses
Fusion-in-Decoder as the component responsible
for generating the output conditioned on the re-
trieved passages.

Multi-stage or cascade approaches to retrieval
have received ample attention in Information Re-
trieval (IR) research. The multi-stage approach
begins with the initial retrieval phase, where an ini-
tial set of documents or passages form the pool of
candidates to be considered for ranking. Then one
or more phases of increasingly computationally de-
manding rerankers are applied. Early approaches in
learning to rank [Liu, 2009] used features and linear
classifiers. Pre-trained language models, especially
BERT [Devlin et al., 2019], have shown state-of-

the-art performance when applied to the task of
relevance ranking. Transformers may be applied as
classifiers to each query and passage pair indepen-
dently [Nogueira and Cho, 2019] or as generators
to produce labels for passages in a sequence-to-
sequence model [Nogueira et al., 2020].

3 Methodology

The approach of RAG, Multi-DPR, and KGI is
to train a neural IR (Information Retrieval) com-
ponent and further train it end-to-end through its
impact in generating the correct output. Figure 2
illustrates the end-to-end RAG system.

It has been previously established that results
from initial retrieval can be greatly improved
through the use of a reranker [Liu, 2009, Wang
et al., 2011]. Therefore we hypothesized that natu-
ral language generation systems incorporating re-
trieval can benefit from reranking.
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T[SEP]

E[SEP]
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In addition to improving the ranking of passages
returned from DPR, a reranker can be used after
merging the results of multiple retrieval methods
with incomparable scores. For example, the scores
returned by BM25 [Robertson and Zaragoza, 2009]
are not comparable to the inner products from DPR.
Using the scores from a reranker, we can find the
top-k documents from the union of DPR and BM25
results. Figure 3 illustrates our extension of RAG
with a reranker. We call our system Re2G (Retrieve,
Rerank, Generate).

3.1 Reranker

The reranker we use is based on the sequence-pair
classification of Nogueira and Cho [2019]. This
model is shown in Figure 4. The query and passage
are input together to a BERT [Devlin et al., 2019]
transformer. Cross attention is applied over the
tokens of both sequences jointly. This is called an
interaction model.

This model contrasts with the representation
model used for initial retrieval. Figure 5 shows
the bi-encoder representation model for DPR. The
representation vectors for the query and passage
are produced independently. This allows for ef-
ficient retrieval by pre-computing vectors for all
passages in the corpus and indexing them with an
ANN (Approximate Nearest Neighbors) index. By
using an interaction model to rerank the top-N pas-
sages from the representation model, we can get
the advantages of both model types: accuracy and
scalability.

We initialize the reranker from the BERT model
trained on MS MARCO [Nguyen et al., 2016] by
NBoost [Thienes and Pertschuk, 2019] and avail-

able through Hugging Face3.

3.2 Training
As Figure 1 illustrates, KILT tasks are provided
with two types of ground truth: the target output se-
quence and the provenance information indicating
the passage or passages in the corpus that support
the output.

Our training is carried out in four phases: DPR
training, generation training, reranking training,
and full end-to-end training. The initial DPR
and reranking phases make use of the provenance
ground truth. The generation and full end-to-end
training make use of only the target output.

Formally:

• The original KILT instances are a tuple:
⟨q, t,Prov⟩ where q is the input or prompt,
t is the target output, and Prov is the set of
provenance passages that support the target
output.

• DPR training is a tuple: ⟨q, p+, p−⟩ where
p+ ∈ Prov and p− where p− ∈ BM25(q) ∧
p− /∈ Prov

• Reranking training begins with the applica-
tion of DPR and BM25, producing tuples:
⟨q,P,Prov⟩where P = BM25(q)∪DPR(q)

• Generation and end-to-end training instances
are pairs of query and target: ⟨q, t⟩

The first two phases, DPR and generation, are
identical to KGI, specifically KGI0. We use the
codes from Glass et al. [2021]4.

DPR Stage 1 training is the same training used
by Karpukhin et al. [2020]. The triplets of query,
positive passage and “hard negative” passages from
BM25 are put into batches of 128 instances. The
positives and hard negatives from other instances
form the “batch negatives” for each instance. The
DPR bi-encoder model gives each query a proba-
bility distribution over the positive, hard negative,
and batch negatives. The loss is the negative log-
likelihood for the positive. After DPR Stage 1 train-
ing the passages from the corpus are indexed with
a Hierarchical Navigable Small World (HNSW)
[Malkov and Yashunin, 2018] using FAISS [John-
son et al., 2017].

3https://huggingface.co/nboost/
pt-bert-base-uncased-msmarco

4https://github.com/IBM/
kgi-slot-filling
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Generation training extends the training of
the query encoder and trains the BARTLARGE
sequence-to-sequence model on the target sequence
output. This training is the same as that described
by Lewis et al. [2020b].

3.3 Reranking Training

The next phase, training the reranking in isolation,
begins with gathering the initial retrieval results
from DPR and BM25 on the training set. These
results are merged and used as training data for the
reranker.

In some datasets there are multiple positive
passages. Therefore, we use the negative of the
summed log-likelihood for the positive passages as
the loss function. The logits given by the reranker
are zr and the indices for the correct passages (from
the ground truth provenance) are Prov.

loss = −
∑

i∈Prov

log(softmax(zr)i)

3.4 End-to-End Training

Training end-to-end poses a special challenge. In
RAG, the gradient propagates to the query encoder
because the inner product between the query vec-
tor and the passage vector is used to weight the
influence of each sequence, a process RAG calls
marginalization. The inputs to the BART model
are sequences (sj = pj [SEP] q) that comprise a
query q plus retrieved passage pj . The probability
for each sequence is determined from the softmax
over the retrieval (or reranker) scores for the pas-
sage. The probability for each target token ti given
the sequence sj is a softmax over BART’s token
prediction logits. The loss therefore is a negative
log-likelihood summed over all target tokens and
sequences, weighted by each sequence’s probabil-
ity.

Consider that in Re2G the score from the
reranker, not the initial retrieval, is used to weight
the impact of each sequence in generation. This al-
lows the reranker to be trained through the ground
truth on target output, but it means the gradient for
the query encoder will be zero since the marginal-
ization no longer depends on the inner product from
the query and passage representation vectors.

P (sj) = softmax(zr)j

P (ti|sj) = softmax(BART(sj)i)ti

loss = −
∑

i,j

log (P (ti|sj) · P (sj))

We consider three possible resolutions to this
issue.

• Combine the DPR and reranker scores

• Freeze the query encoder

• Online Knowledge Distillation

The first candidate solution is tempting but fa-
tally flawed. By adding the log softmax from DPR
and the reranker we can ensure that both systems
are trained through impact in generation. However,
if the DPR score is added to the reranker score, then
the DPR score is being trained to provide a com-
plementary signal to the reranker. Therefore, when
DPR is used to gather the candidate passages, it
does not give the highest scores to the passages that
are most likely to be relevant, but instead gives the
highest scores to the passages the reranker is most
likely to underrate. We find that this theoretical
concern is also a practical concern, as DPR perfor-
mance (and overall system performance) declines
greatly when trained in this way.

The simplest solution is to freeze the parameters
of the query encoder, training only the reranker
and generation components. We find this is indeed
the best solution for one of our datasets, Wizard of
Wikipedia. Note that DPR has already been trained
in two phases, first from the provenance ground
truth and then again in generation training in the
RAG model.

The third solution is our novel application of
knowledge distillation [Hinton et al., 2015]. We use
the reranker as a teacher model to provide labels to
the DPR student model. We distill the knowledge
across architectures: from an interaction model
to a representation model. Further, this knowl-
edge distillation occurs online, while the reranker
is being trained. The loss for the initial retrieval is
therefore the KL-divergence between the probabil-
ity distribution it gives over the retrieved passages
and the reranker’s probability distribution over the
same passages. A temperature hyperparameter T
smooths these distributions to prevent excessive
loss and stabilize training.
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T-REx (Slot Filling)
R-Prec Recall@5 Accuracy F1 KILT-AC KILT-F1

Re2G (ours) 80.70 89.00 87.68 89.93 75.84 77.05
KGI1 [Glass et al., 2021] 74.36 83.14 84.36 87.24 69.14 70.58

KILT-WEB 2 [Piktus et al., 2021] 75.64 87.57 81.34 84.46 64.64 66.64
SEAL [Bevilacqua et al., 2022] 67.80 81.52 83.72 86.53 60.08 61.72

KGI0 [Glass et al., 2021] 59.70 70.38 77.90 81.31 55.54 56.79

Natural Questions (Question Answering)
R-Prec Recall@5 Accuracy F1 KILT-AC KILT-F1

Re2G (ours) 70.78 76.63 51.73 60.97 43.56 49.80
SEAL [Bevilacqua et al., 2022] 63.16 68.19 53.74 62.24 38.78 44.40

KGI0 [Glass et al., 2021] 63.71 70.17 45.22 53.38 36.36 41.83
KILT-WEB 2 [Piktus et al., 2021] 59.83 71.17 51.59 60.83 35.32 40.73

RAG [Petroni et al., 2021] 59.49 67.06 44.39 52.35 32.69 37.91

TriviaQA (Question Answering)
R-Prec Recall@5 Accuracy F1 KILT-AC KILT-F1

Re2G (ours) 72.68 74.23 76.27 81.40 57.91 61.78
SEAL [Bevilacqua et al., 2022] 68.36 76.36 70.86 77.29 50.56 54.99

KILT-WEB 2 [Piktus et al., 2021] 58.85 71.55 72.73 79.54 45.55 49.57
KGI0 [Glass et al., 2021] 60.49 63.54 60.99 66.55 42.85 46.08

MultiDPR [Maillard et al., 2021] 61.49 68.33 59.60 66.53 42.36 46.19

FEVER (Fact Checking)
R-Prec Recall@5 Accuracy KILT-AC

Re2G (ours) 88.92 92.52 89.55 78.53
SEAL [Bevilacqua et al., 2022] 81.45 89.56 89.54 71.28

KILT-WEB 2 [Piktus et al., 2021] 74.77 87.89 88.99 65.68
KGI0 [Glass et al., 2021] 75.60 84.95 85.58 64.41

MultiDPR [Maillard et al., 2021] 74.48 87.52 86.32 63.94

Wizard of Wikipedia (Dialog)
R-Prec Recall@5 Rouge-L F1 KILT-RL KILT-F1

Hindsight [Paranjape et al., 2021] 56.08 74.27 17.06 19.19 11.92 13.39
Re2G (ours) 60.10 79.98 16.76 18.90 11.39 12.98

SEAL [Bevilacqua et al., 2022] 57.55 78.96 16.65 18.34 10.45 11.63
KGI0 [Glass et al., 2021] 55.37 78.45 16.36 18.57 10.36 11.79

RAG [Petroni et al., 2021] 57.75 74.61 11.57 13.11 7.59 8.75
KILT-WEB 2 [Piktus et al., 2021] 41.54 68.25 13.94 15.66 6.55 7.57

Table 1: KILT leaderboard top systems

loss = DKL

(
softmax

(zs
T

)∥∥∥softmax
(zt
T

))
· T 2

The knowledge distillation has the usual advan-
tage of providing signal not only of positive and
negative instances, but degrees of negativeness. In
addition, since we retrieve n = 12 passages from
DPR but only use the top-k (k = 5) for generation,
the knowledge distillation loss is providing a (soft)
label for more passages.

3.5 Inference
At inference time the query is encoded using the
DPR query encoder and the top-12 passages from
the HNSW index are returned. The query is also
passed to BM25 search, specifically Anserini5,
gathering the top-12 BM25 results. Both sets of
passages are passed to the reranker and scored. The
top-5 passages are then joined with the query and
passed to BARTLARGE to generate the output. The
five output sequences are weighted according to
the softmax over the reranker scores to produce the

5https://github.com/castorini/anserini
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final output.

4 Experiments

We test our model on five datasets, over four dis-
tinct tasks in the KILT benchmark: slot filling,
question answering, fact checking and dialog. Fig-
ure 1 shows an example of these four tasks.

The slot filling dataset, T-REx [Elsahar et al.,
2018], provides as input a head entity and relation,
and expects as output the entity or term that fills the
slot, also called the tail entity. The T-REx dataset
contains 2.3M instances. We use only 370k training
instances by downsampling the relations that occur
more than 5000 times. This reduces the training
time required while keeping state-of-the-art perfor-
mance. The development and test sets each have
5k instances.

The question answering datasets are “open” ver-
sions of Natural Questions [Kwiatkowski et al.,
2019] and TriviaQA [Joshi et al., 2017]. Unlike
the original versions, the relevant Wikipedia page
must be found by a retrieval step. The training sets
for Natural Questions and TriviaQA contain 87k
and 62k questions, with another 3k and 5k for the
development and 1.4k and 6.5k for test.

The fact checking dataset in KILT is FEVER
(Fact Extraction and VERification). It is a com-
bination of the two FEVER versions [Thorne
et al., 2018b, 2019] omitting the NOTENOUGH-
INFO class. There are approximately 10k instances
in the development and test sets, and 100k for train-
ing. FEVER is a classification task, but we cast it as
a generation task by training the model to generate
either the token “SUPPORTS” or “REFUTES”.

Wizard of Wikipedia [Dinan et al., 2018] is the
dialog dataset. The input is a short dialog history
ending with the information seeker’s turn. The ex-
pected output is a fact presented conversationally
or just an utterance or question mentioning content
from a relevant Wikipedia page. It is the smallest
dataset with approximately 3k instances in devel-
opment and test and 64k in train.

For all tasks, systems are expected to produce the
target output as well as justify it with provenance
information from the KILT knowledge source. The
metrics of R-Precision and Recall@5 measure the
correctness of the provenance. R-Precision mea-
sures what fraction of the R documents in the
ground truth provenance (|Prov| = R) are present
in the top-R documents returned by the system.
Accuracy and (token-level) F1 measure the cor-

rectness of the generated output. For Wizard of
Wikipedia, Rouge-L [Lin, 2004] is used instead of
accuracy, since systems are very unlikely to gen-
erate the exact target output. The metrics of KILT-
Accuracy, KILT-F1 and, for Wizard of Wikipedia,
KILT-Rouge-L are the underlying metric (e.g. Ac-
curacy) for instances where R-Precision is one, oth-
erwise zero. These metrics indicate output correct-
ness when provenance is also correctly supplied.

Table 1 shows the performance of Re2G on the
KILT leaderboard. We achieved 9%, 31%, 34%,
22% and 10% relative gains over the previous state-
of-the-art on the headline KILT metrics for T-REx,
Natural Questions, TriviaQA, FEVER, and Wizard
of Wikipedia, respectively. Furthermore, Re2G has
held the lead in the headline KILT metrics in all
datasets except for Wizard of Wikipedia where it is
now second best.

Since our submission to the KILT leaderboard
for the Wizard of Wikipedia, a new system called
Hindsight [Paranjape et al., 2021] achieved even
better results on the generation metrics on that par-
ticular task. The new system of SEAL has also
achieved top results for some metrics on the Natu-
ral Questions and TriviaQA benchmarks.

4.1 Retrieval

Table 2 examines how the retrieval improves
through each step of training. In the first half of the
table we consider the initial retrieval alone. DPR
Stage 1 is the DPR training described earlier - train-
ing only from the provenance ground truth with
batch negatives and hard negatives from BM25.
KGI0 further trains the query encoder of DPR Stage
1 through its impact in generating the target output.
Finally Re2G extends the training of DPR with on-
line knowledge distillation from the reranker. This
step is beneficial in two of the three datasets, while
the previous steps improve performance across all
datasets.

In the second half of the table we examine the
improvement in reranking. The baseline of KGI0
DPR+BM25 merges the results of KGI0’s DPR and
BM25 by scoring each passage by the sum of the in-
verse rank from each method. For both T-REx and
FEVER, even this simple approach to ensembling
DPR and BM25 improves Recall@5, although not
R-Precision. Following reranker training using the
provenance ground truth (Reranker Stage 1), we
find improvement over DPR across all five datasets
on both retrieval metrics. The reranker’s improve-
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T-REx NQ TriviaQA FEVER WoW
R-Prec R@5 R-Prec R@5 R-Prec R@5 R-Prec R@5 R-Prec R@5

BM25 46.88 69.59 24.99 42.57 26.48 45.57 42.73 70.48 27.44 45.74
DPR Stage 1 49.02 63.34 56.64 64.38 60.12 64.04 75.49 84.66 34.74 60.22

KGI0 DPR 65.02 75.52 64.65 69.60 60.55 63.65 80.34 86.53 48.04 71.02
Re2G DPR 67.16 76.42 65.88 70.90 62.33 65.72 84.13 87.90 47.09 69.88

KGI0 DPR+BM25 60.48 80.06 36.91 66.94 40.81 64.79 65.95 90.34 35.63 68.47
Reranker Stage 1 81.22 87.00 70.78 73.05 71.80 71.98 87.71 92.43 55.50 74.98

Re2G Reranker 81.24 88.58 70.92 74.79 60.37 70.61 90.06 92.91 57.89 74.62

Table 2: Development Set Results for Retrieval

ment following end-to-end training is mixed. In
FEVER and Wizard of Wikipedia there is substan-
tial gain in R-Precision, approximately 2%. T-REx
and Natural Questions are flat. However, there is a
sharp decline in the performance of TriviaQA, in
retrieval metrics. This is true despite the fact that
retrieving these passages greatly improves answer
accuracy and F1. This suggests some incomplete-
ness in the provenance ground truth for TriviaQA.

4.2 Ablations

Table 3 explores ablations of the Re2G system. The
point estimates and 95% confidence intervals are
reported. Re2G-KD excludes the online knowl-
edge distillation, instead freezing the query encoder
when training the reranker and generator during
end-to-end training. Re2G-BM25 excludes BM25
results, fetching 24 passages from DPR rather than
12 from DPR and 12 from BM25. The passages are
still reranked. KGI0 is the baseline system, without
a reranker and therefore also without BM25 results
or online knowledge distillation during training.

Both online knowledge distillation and ensem-
bling with BM25 improve performance in four
out of five datasets. Online knowledge distillation
failed to improve for Wizard of Wikipedia and en-
sembling with BM25 failed to improve for Natural
Questions.

5 Analysis

Since the Re2G model differs from the KGI model
only in the retrieval phase, we hypothesized that
its gains in output quality are driven by its better
retrieval quality. To test this hypothesis we con-
sidered all cases where the Re2G model produces
better output than the KGI0 model and calculated
the fraction of such cases where Re2G’s rank for
the first correct passage is lower than KGI0’s.

We find that for T-REx, NQ, and FEVER the
fractions of output gains that could be attributed to

improved retrieval and ranking are 67.73%, 61.08%
and 66.86% respectively. While for TriviaQA and
Wizard of Wikipedia only 36.86% and 27.74% of
output improvements were accompanied by im-
proved ranking for the correct passage. It is impor-
tant to note that in Wizard of Wikipedia, many of
these improved outputs have only a small gain in
token-level F1.

While much of the gain in output quality is at-
tributable to improved recall, at least a third is
not. This reinforces an observation of Glass et al.
[2021], that models trained with better retrieval
can produce better output even when the retrieved
passages are equivalent at test time.

5.1 Slot filling error analysis
To understand the types of errors Re2G makes we
sampled 50 instances of the development set of the
T-REx dataset where the Accuracy and token-level
F1 score was zero.

Interestingly, the most common class of er-
ror (33/50) was due to the incompleteness of the
ground truth. Often the head entity is ambiguous
(19/50), or the relation has multiple fillers (16/50).
As an example, consider the following where there
are two Joe O’Donnell notable for sports in the
passages retrieved, and each played for at least two
different teams.

Joe O’Donnell [SEP] member of sports team
Target: Buffalo Bills
Re2G: Dumbarton F.C.

• Joe O’Donnell (footballer) / Joe O’Donnell
(footballer) Joseph ’Joe’ O’Donnell (born 3
March 1961) was a Scottish footballer who played
for Dumbarton and Stranraer.

• Joe O’Donnell (American football) / ... fullback,
guard and tackle for the University of Michigan
from 1960 to 1963. He also played professional
football as a guard and tackle for eight seasons
for the Buffalo Bills...

When Re2G produces genuine errors it is usually
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T-REx (Slot Filling)
R-Prec Recall@5 Accuracy F1 KILT-AC KILT-F1

Re2G 81.24±1.08 88.58±0.84 86.60±0.94 89.20±0.81 75.66±1.19 77.08±1.15
Re2G-KD 81.08±1.09 88.84±0.83 87.00±0.93 89.46±0.80 75.72±1.19 77.00±1.15

Re2G-BM25 71.92±1.25 78.67±1.10 79.48±1.12 82.52±1.00 66.58±1.31 67.93±1.28
KGI0 65.02±1.32 75.52±1.16 77.52±1.16 80.91±1.03 60.18±1.36 61.38±1.34

Natural Questions (Question Answering)
R-Prec Recall@5 Accuracy F1 KILT-AC KILT-F1

Re2G 70.92±1.67 74.79±1.27 46.70±1.84 62.44±1.65 39.23±1.80 50.90±1.76
Re2G-KD 69.72±1.69 73.73±1.30 46.56±1.84 61.68±1.67 38.24±1.79 49.93±1.76

Re2G-BM25 70.88±1.67 74.39±1.28 46.70±1.84 61.98±1.66 39.41±1.80 50.91±1.76
KGI0 64.65±1.76 69.60±1.39 40.50±1.81 55.07±1.71 32.96±1.73 42.87±1.75

TriviaQA (Question Answering)
R-Prec Recall@5 Accuracy F1 KILT-AC KILT-F1

Re2G 72.01±1.20 73.16±0.98 74.01±1.17 80.86±0.99 56.04±1.33 60.91±1.27
Re2G-KD 72.01±1.20 73.16±0.98 73.80±1.18 80.62±1.00 56.04±1.33 60.84±1.28

Re2G-BM25 71.10±1.21 68.60±1.03 68.59±1.24 76.68±1.08 52.85±1.34 58.37±1.29
KGI0 61.13±1.31 63.12±1.08 60.68±1.31 66.61±1.20 44.00±1.33 47.35±1.31

FEVER (Fact Checking)
R-Prec Recall@5 Accuracy KILT-AC

Re2G 90.06±0.53 92.91±0.47 91.05±0.55 80.56±0.76
Re2G-KD 89.85±0.54 92.48±0.48 90.78±0.55 80.14±0.77

Re2G-BM25 88.36±0.57 88.46±0.59 90.63±0.56 78.74±0.78
KGI0 80.34±0.73 86.53±0.63 87.84±0.63 70.06±0.88

Wizard of Wikipedia (Dialog)
R-Prec Recall@5 Rouge-L F1 KILT-RL KILT-F1

Re2G 56.48±1.76 74.00±1.56 17.29±0.52 19.35±0.57 11.37±0.58 12.75±0.63
Re2G-KD 57.89±1.75 74.62±1.54 17.26±0.52 19.39±0.57 11.61±0.58 13.14±0.64

Re2G-BM25 55.83±1.76 72.72±1.58 17.15±0.51 19.17±0.56 11.13±0.57 12.52±0.63
KGI0 48.04±1.77 71.02±1.61 16.75±0.48 19.04±0.53 9.48±0.53 10.74±0.59

Table 3: Development Set Results for Re2G Variations

because it has selected some entity as a filler related
in a different way (6/17) or it has failed to retrieve
the necessary passage (9/17).

6 Conclusions

Re2G considerably advanced the state-of-the-art
across five KILT datasets, and still holds the top po-
sition in four of the five. Relative to previous work,
such as RAG or KGI, Re2G substantially improves
both in retrieval and end-to-end performance on
slot filling, question answering, fact checking, and
dialog. The reranker alone improves performance
and enables the inclusion of multiple sources of
initial retrieval. This architecture permits us to
integrate results from BM25, further improving ac-
curacy. Our online knowledge distillation is able
to improve the performance of DPR in four of the

five datasets, despite the loss in end-to-end training
not depending on the DPR scores. Similarly, the
ensembling of DPR and BM25, which is enabled
by our incorporation of a reranker, benefits four
of the five datasets tested. We have directed our
efforts towards improving the retrieval of relevant
knowledge. This also enables improvement in end-
to-end performance by supplying better passages to
the generation component. Further experiments on
domain adaptation of Re2G on tasks like question
answering or dialog might provide useful insight
on the application of this technology to real world
use cases. We are releasing our source code as
open source (Apache 2.0 license) to enable further
research.
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Appendix

A Hyperparameters

We have not done hyperparameter tuning for DPR
Stage 1, Generation, or Reranking training. Instead
we used hyperparameters similar to the original

works on training DPR, BERT reranking and RAG.
Table 4 shows the hyperparameters used in our
experiments.

For knowledge distillation we used the same
hyperparameter settings as Generation. For the
additional hyperparameters in online knowledge
distillation: temperature and KD learn rate scaling,
we experimented with temperatures of 10 and 40
and KD learn rate scaling of 1.0 and 0.1. For our
reported results we used a temperature of 10.0 and
a learn rate scaling of 1.0.

When training using online knowledge distilla-
tion, there is a separate optimizer for the query
encoder while training generation. This optimizer
uses the same hyperparameter settings.

Table 6 shows the settings for retrieval and gen-
eration used for all datasets.

All results are from a single run. The random
seed for python, numpy and pytorch was 42.

B Software Details

We used the following software versions:

• Ubuntu 18

• Pytorch 1.7

• Transformers 4.3.2

• Anserini 0.4.1
(commit

3a60106fdc83473d147218d78ae7dca7c3b6d47c)

C Model Details

Number of parameters Re2G uses three
BERTBASE transformers: query encoder, passage
encoder and reranker. Each has 110M parame-
ters. The generation component is a BARTLARGE
model with 400M parameters. There are 730M
parameters in total.

Computing infrastructure Using a single
NVIDIA V100 GPU DPR training of two epochs
takes approximately 24 hours for T-REx and less
than 12 hours for FEVER and WoW.

Using a two NVIDIA P100 GPUs generation
training for 370k T-REx instances takes two days,
while FEVER and WoW training completes in half
a day.

The FAISS index on the KILT knowledge source
requires a machine with large memory, we use ma-
chines with 128GB of memory.
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Hyperparameter DPR Reranker Generation
learn rate 5e-5 3e-5 3e-5
batch size 128 32 128

epochs 2 1 1*
warmup instances 0 10% 10%
learning schedule linear triangular triangular

max grad norm 1 1 1
weight decay 0 0 0

Adam epsilon 1e-8 1e-8 1e-8

Table 4: Re2G hyperparameters

D Generation Analysis

We examined 20 instances coupled with 3 output
texts: the baseline KGI0, Re2G, and the target
text in the ground-truth. The three output texts
were presented unlabeled and in random order to
avoid bias. For each instance, we read the conver-
sation history and then mark each text either GOOD,
OK or INCONSISTENT generation. To our surprise,
5/20 ground-truth target texts are INCONSISTENT

which indicates the WoW benchmark might have
limitations in annotation quality. Both the sys-
tems have similar results (GOOD/OK/INCONSISTENT

- Re2G: 8/2/10; KGI0: 9/2/9).
Second, we checked a set of 20 WoW instances

where Re2G’s F1 score was in the bottom quin-
tile. The conversation history was presented along
with Re2G generated text and the passages re-

Hyperparameter Value
type IndexHNSWSQ

m 128
ef search 128

ef construction 200
index batch size 100000
scalar quantizer 8

Table 5: FAISS index hyperparameters

Hyperparameter Value
DPR passages 12

BM25 passages 12
BART sequences 5
BART beam size 6

BART length penalty 1.0
BART minimum length 2
BART maximum length 64

Table 6: Inference hyperparameters

trieved. Manual examination showed 8/20 as
INCONSISTENT and in 4/8 cases supporting ground-
truth passages were not retrieved. Below is one
of the 12/20 cases where Re2G generated text was
found CONSISTENT with respect to the conversation
history, although it has low F1 and Rouge-L scores.

Conversation History:

• My favorite color is red.
• Red is at the end of the spectrum of light,

its with orange and opposite of violet.
• I didn’t know that. What else do you know

about red?

Target: It’s actually a primary color for the RGB
and CMYK color model.
Re2G: It has a dominant wavelength of approxi-
mately 625-740 nanometres.

D.1 Generation Quality

Table 7 shows couple of examples that were part of
the set of randomly selected instances from WoW
dataset and used for manual inspection. We choose
these two particular instances to show when we
thought the ground truth (i.e. target) is not coher-
ent with respect to the corresponding conversation
history.

In the first example, the system generated out-
puts were judged as coherent. We found that both
Re2G and KGI0 retrieved the following passage
which might have helped generation of the above
output -

Horseshoe Falls / Horseshoe Falls
Horseshoe Falls, also known as Cana-
dian Falls, is the largest of the three wa-
terfalls that collectively form Niagara
Falls on the Niagara River along the
Canada–United States border. Approx-
imately 90% of the Niagara River, af-
ter diversions for hydropower generation,
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flows over Horseshoe Falls. The remain-
ing 10% flows over American Falls and
Bridal Veil Falls. It is located between
Terrapin Point on Goat Island in the US
state of New York, and Table Rock in the
Canadian province of Ontario. Section:
International border.

As for the ground truth, we marked it (factu-
ally) inconsistent based on the following retrieved
passage -

Niagara Falls / Located on the Niagara
River, which drains Lake Erie into Lake
Ontario, the combined falls have the
highest flow rate of any waterfall in
North America that has a vertical drop of
more than . During peak daytime tourist
hours, more than 168,000 m (six million
cubic feet) of water goes over the crest of
the falls every minute. Horseshoe Falls
is the most powerful waterfall in North
America, as measured by flow rate.

In the second example, all three texts were
marked inconsistent. Interestingly, all the items in
the conversation contains subjective opinion. Con-
sequently, all the three candidate texts also contains
subjective opinion. The problem is both the sys-
tems generated texts that are almost repetition of
earlier conversation. In case of the ground truth,
we find that the text is semantically incoherent.

We have also submitted files that contain all in-
stances that were used to generate the different
analysis reported in Section 4.2 of the paper. These
files also contains our annotations/remarks where
applicable.
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Conversation history:
• Have you ever been to Niagra Falls? I want to go there, but I know it’s very far. Those beautiful
3 waterfalls are right between New York and Ontario, thousands of miles from me!
• I never have but I would love to. It looks beautiful.
• Yes, they do! They are different sized waterfalls, named Horseshoe, American and Bridal Veil
Falls.
• I had no idea. I’ve never heard that before. Very cool.
• Yes, and Horseshoe Falls in actually the most powerful waterfall in all of the US!
• I never new any details about it. I have just seen it in pictures and on TV and it looks very neat.

Re2G: Horseshoe falls, also known as Canadian Falls, is the largest of the three waterfalls that
collectively form Niagara Falls on the Niagara River along with American Falls and Bridal Veil
Falls.
[GOOD]
KGI0: Horseshoe falls is also known as Canadian Falls, which straddles the international border
between Canada and the U.S.
[GOOD]
Ground truth: It’s really quite interesting and beautiful. There’s over six million cubic feet of
water that crosses the fall’s crest every 60 seconds. Can you imagine?
[INCONSISTENT - 6M cubic feet of water crosses for the 3
waterfalls combined, not just Horseshoe falls.]

Conversation history:
• I love the taste of pasta mixed with tomato sauce and shredded cheese all over it
• I just love mines with chunky tomatoes mixed with meatballs and mushrooms.
• Olive Garden is the place that makes the best pastas. I try to visit the place as much I can with
my friends
• I love Olive Garden especially the original one in Orlando they opened in 1982.
• I think Italians have special genes that makes them so adept at preparing pastas
• I believe so as well I would love to visit Argentina that is where Italian-born people reside great
pasta I bet.
• I don’t know how they do it, but no matter how hard I try to prepare one at home, mine ends up
with some peculiar taste

Re2G: I don’t know how they do it but I love the taste of pasta mixed with tomato sauce and
shredded cheese all over it
[INCONSISTENT - Dialogue repetition]
KGI0: I just love the taste of pasta mixed with tomato sauce and shredded cheese all over it
[INCONSISTENT - Dialogue repetition]
Ground truth: The taste is so full of an abundance of taste it just can’t be copied lol.
[INCONSISTENT - Semantically incoherent text “taste is full of ..
taste”.]

Table 7: Some of the randomly selected instances from WoW benchmark that were evaluated by a human evaluator.
The comments inside [..] are the feedback provided by the evaluator.
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Abstract

Deep learning (DL) is being used extensively
for text classification. However, researchers
have demonstrated the vulnerability of such
classifiers to adversarial attacks. Attackers
modify the text in a way which misleads the
classifier while keeping the original meaning
close to intact. State-of-the-art (SOTA) attack
algorithms follow the general principle of mak-
ing minimal changes to the text so as to not
jeopardize semantics. Taking advantage of this
we propose a novel and intuitive defense strat-
egy called Sample Shielding. It is attacker and
classifier agnostic, does not require any recon-
figuration of the classifier or external resources
and is simple to implement. Essentially, we
sample subsets of the input text, classify them
and summarize these into a final decision. We
shield three popular DL text classifiers with
Sample Shielding, test their resilience against
four SOTA attackers across three datasets in a
realistic threat setting. Even when given the ad-
vantage of knowing about our shielding strategy
the adversary’s attack success rate is <= 10%
with only one exception and often < 5%. Addi-
tionally, Sample Shielding maintains near orig-
inal accuracy when applied to original texts.
Crucially, we show that the ‘make minimal
changes’ approach of SOTA attackers leads
to critical vulnerabilities that can be defended
against with an intuitive sampling strategy.1

1 Introduction

Text classifiers have become ubiquitous. Unfortu-
nately, they are subject to attacks from adversaries,
typically executed using machine learning methods.
Attackers work by making small modifications to
the text that mislead the classifier. Adversarial at-
tackers are now a growing part of the ecosystem.

Like classifiers, attack algorithms have achieved
strong success due to advances in machine learn-
ing/deep learning. Current text attackers, like

1Our code and data are available at:
https://github.com/JonRusert/SampleShielding

TextFooler (Jin et al., 2020) and Bert-Attack (Li
et al., 2020), are able to reduce near perfect classi-
fication accuracy down to 5%. Additionally, these
attackers achieve this while perturbing (changing)
only a small amount of the original text. This
helps preserve the original meaning so that humans
are able to understand the original message even
though classifiers are duped.

As a counter, classifier shielding techniques are
being explored. One such approach is adversarial
training where the classifier, assumed to have ac-
cess to the attacker, uses it to generate perturbed
texts - these are added to the classifier’s training
data. While this leads to model resilience against
that attacker it leaves the classifier open to attacks
by new attackers. Other defenses involve modify-
ing classifier structure to reduce the information
an attacker can glean from it (Goel et al., 2020).
However, this type of reconfiguration will not be
possible if a third party classifier (e.g. Google Per-
spective) is leveraged. Even other approaches in-
volve modifying the input text during classification
time, but are currently limited to classifiers built
from specific masked language models (Zeng et al.,
2021) or rely on external synonym datasets (Wang
et al., 2021a). We propose a shielding technique
which is attacker-agnostic, does not require addi-
tional training/reconfiguration to the classifier, can
shield any classifier, does not require an external
data source, and can be used in a more realistic
threat setting. We refer to this as Sample Shielding.

Sample Shielding takes advantage of current con-
straints in SOTA attacks. Mainly, to preserve orig-
inal meaning, these make the minimal changes
needed to deceive the classifier. For example,
BERT-Attack (Li et al., 2020) only perturbs up
to 16% of text, and often far less (e.g. 1.1 %) for
some datasets. Thus, if we would look at the 84%
to 99% of text that is untouched our model would
be more likely to classify correctly. Hence, in Sam-
ple Shielding we take many samples of the input
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Figure 1: Threat model - Attacker modifies text with
feedback from its local classifier W ′. Dashed box
included in path when attacker knows about Sample
Shielding employed by website. When box excluded
knowledge of Sample Shielding is unavailable.

text, classify these individually and combine their
decisions as an ensemble to classify the text. Our
contributions are as follows:

1. We propose a new, intuitive shielding tech-
nique called Sample Shielding for text classifiers.

2. We assess Sample Shielding under a realistic
threat model where the attacker cannot query a
website’s classifier hundreds of times since that
pattern is easily detectable by the website. We
run experiments under two conditions, when the
attacker has knowledge of Sample Shielding and
when it does not. In both cases the attacker uses
a local copy of the websites’ classifier. This is an
optimistic assumption favouring the attacker and
thus provides a lower bound to our results.

3. We test against 4 SOTA text attack algorithms,
3 text datasets and 3 classifiers. When the attacker
does not have knowledge of Sample Shielding, our
defense reduces attack success rate from near total
decimation 90 - 100% down to 13 - 36%, while
still maintaining accuracy on original texts. When
the attacker has knowledge of Sample Shielding,
our defense performs even better, reducing attacks
down to 1 - 10% success rate. This is partially
due to Sample Shielding’s random nature providing
unreliable feedback to attackers.

Our success with Sample Shielding is good news
for classifiers – and it raises the bar significantly for
the next generation attackers. We share code and
our perturbed text collections for future research.

2 Methodology

2.1 Threat model

The typical attack strategy perturbing texts with
word synonyms or character substitutions assumes
to have query access to the target web site’s classi-
fier (W ) (Yoo and Qi, 2021; Li et al., 2021a; Ren
et al., 2019; Jin et al., 2020; Li et al., 2020; Garg

and Ramakrishnan, 2020; Jia et al., 2019; Li et al.,
2019). The text is modified by querying W hun-
dreds or thousands of times, each time with a text
version differing only slightly from the previous -
even by just a single word (Li et al., 2020; Jin et al.,
2020). Such a querying pattern can be easily iden-
tified as adversarial by the website and countered.
Thus, practically the only way in which such an
attack can take place is when the attacker owns a
local classifier W ′ which is either an exact copy of
W or a close enough approximation. We adopt this
more realistic threat model, shown in Figure 1.

In our threat model the attacker uses feedback
from its local W ′ to generate a final perturbed ver-
sion that defeats W ′ or is close enough to do so.
The attacker submits only this final version to the
website, expectingW to make the same error. How-
ever, the website defends W using Sample Shield-
ing: sample based pre-processing on the input text,
prior to applying W . The attacker may or may not
be aware of this fact. Keeping W = W ′ which
is consistent with other defenses, we evaluate our
defense under two conditions:

1) The attacker does not know that the website
employs Sample Shielding pre-processing when
classifying text using W .

2) The Sample Shielding step is leaked and the
attacker incorporates it locally when using W ′ to
generate the final perturbed text.

We present results from experiments exploring
both of these attack conditions.

2.2 Sample Shielding approach

Intuition. Current adversarial attackers have two
goals: fool the classifier and maintain the original
meaning. Since they make minimal changes, the
extent of perturbation is in fact one of the reported
statistics. For example, (Li et al., 2020) note that
their 10% perturbation rate is far less than in previ-
ous attacks. (Li et al., 2019) also focus on minimal
changes (4%) needed in support of their attack suc-
cess rate. Our defense approach capitalizes on this
drive to make minimal changes. Specifically, in
Sample Shielding, we take k samples each com-
posed of p% of the text. We choose a p which min-
imizes the chance of a sample including attacked
(modified) words, while maximizing the content
available for the classifier to make a correct classi-
fication. We choose a k which is large enough to
cover key information but small enough to reduce
redundancy. We classify each sample and combine
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Figure 2: Proposed shielding method. Sentences or words are sampled k times at a rate of p percent (of the input
text), the k samples are classified. The probabilities are used in a majority vote for the final prediction (solid box),
or are sorted and given to a Neural Net Summarizer (NN or NN-BB) to made the final prediction (dotted box).

their decisions for the final classification. We ex-
plore two sampling and three decision combining
methods.

2.2.1 Sampling methods
Random Sampling. We randomly sample p por-
tions of the text. We explore both sentences and
words as sampled units. A visualization of random
sampling is in Figure 2.
Shifting Sampling. We sample the text using a
moving window of length p × length_of_text.
The first starts at the beginning of the text. The
next window starts right after the previous window
ends. If there is insufficient text for the last window,
then it wraps back to include the beginning text.

2.2.2 Decision strategy
Majority voting. This is a simple majority vote
across the k samples (Figure 2).
Classifier trained on sample scores from original
texts (NN). We train a neural network summarizer
to make a final class prediction based on the k sam-
ple probabilities. Since sample ID does not carry
any information, the input to the neural network
is a sorted list of sample probabilities. The intent
is to see if the neural network picks up on latent
patterns in the probabilities that are not captured by
majority voting (see Figure 2). It should be empha-
sized that the neural network summarizer is trained
only on probabilities generated from original texts
and does not consider probabilities from attacker
modified texts. We use a simple feed forward neu-
ral net composed of 2 linear layers (size 500 and
300) as classification summarizer.
Classifier trained on sample scores from original
and attacked texts (NN-BB). This is similar to
the previous strategy except that the training data

includes scores from original texts and texts that
have been modified by the attacker. Because this
assumes more knowledge of the attacker we expect
NN-BB to perform better than NN. The ground
truth label for these modified texts is the original
correct class label.

3 Experimental Setup

3.1 Datasets

We examine three standard datasets in our experi-
ments. Two have binary class labels (Yelp, IMDB)
and the third has multi class labels (AG News).
These have been used in adversarial generation and
defense research (Zeng et al., 2021; Li et al., 2020).
All datasets can be found via huggingface2.

1. IMDB - Movie review dataset for binary sen-
timent classification. 25k examples are provided
for training and testing respectively.

2. Yelp - Yelp dataset for binary sentiment clas-
sification on reviews of businesses extracted from
the Yelp Dataset Challenge3. 560k examples are
provided for training and 38k for testing.

3. AG News - News articles from over 2000
news sources annotated by type of news: Sports,
World, Business, and Science/Tech. 120k training
and 7k test sets are provided.

Following previous research, (Li et al., 2020; Jin
et al., 2020) we use all training data, and evaluate
our method on random 1k samples of each dataset
for the case where the local classifier does not em-
ploy Sample Shielding. Due to the high amount of
queries used by the adversaries, we test on a subset
of 100 samples for the case where the attacker’s

2huggingface.co/datasets
3www.yelp.com/dataset/challenge/winners
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local classifier employs Sample Shielding.4

3.2 Adversarial models

We test our text classifier shielding strategy against
4 state-of-the-art (SOTA) text classifier attack al-
gorithms. These algorithms have shown excellent
performance in causing misclassifications while
still producing readable texts. We defend against
3 word based attacks: TextFooler (Jin et al., 2020),
Bert-Attack (Li et al., 2020), PWWS (Ren et al.,
2019). TextFooler leverages word embeddings for
word replacements, Bert-Attack leverages BERT
itself by masking words and using BERT sugges-
tions, PWWS selects and weights word replace-
ments from WordNet. All three use some form of
greedy selection for determining which words to
replace. We also defend against a character based
attack algorithm, TextBugger (Li et al., 2019).

3.3 Victim classifier models

We test our shielding approach against 3 standard
classifiers5 used in previous research, e.g. (Li et al.,
2021a; Jin et al., 2020; Li et al., 2020):

1. CNN - A word based CNN (Kim, 2014), with
three window sizes (3,4,5), 100 filters per window
with dropout of 0.3 and Glove embeddings.

2. LSTM - A word based bidirectional LSTM
with 150 hidden units. As with the CNN a dropout
of 0.3 is used and Glove embeddings are leveraged.

3. BERT - The 12 layer BERT base model which
has been fine-tuned on the corresponding dataset.
These are provided by textattack via huggingface6.

3.4 Experimental design

We run experiments on the combination of the three
victim classification models, three datasets, and
four attack algorithms. These combinations are run
on both threat model conditions (attacker is aware/
not aware of SampleShielding). This leads to 72
shielding experiments. For all attacks, we lever-
age TextAttack framework7 which provides classi-
fication algorithms and adversarial text generation
algorithms implemented as specified in respective
papers (Morris et al., 2020). In all experiments
where the attacker does not use Sample Shielding

4We share the original and perturbed texts for replicability.
We note that replicability of previous defenses are limited
because the identity of their randomly sampled test instances
are not provided.

5We calibrated classifier accuracies against previous re-
search (Li et al., 2020; Jin et al., 2020)

6huggingface.co/textattack
7textattack.readthedocs.io/en/latest/index.html
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Figure 3: Average % of perturbed words for each attack.
Percentages estimated by comparing words in original
and perturbed texts. Since TextBugger adds whitespace
in words skewing its percentage it is excluded.

we set k = 100 and p = 0.3. While better perfor-
mance was achieved with other values in prelim-
inary experiments, we chose to go with a single
combination of p and k for simplicity. In exper-
iments where the attacker uses Sample Shielding
pre-processing we reduce k to 30 for efficiency. Ex-
cept where otherwise noted, majority voting is used
to generate results. Additionally, shifting sampling
(Section 2.2.1) shielding typically achieved 10-20
points lower accuracy compared to random, thus
we do not include it in the results.

3.5 Evaluation measures
We examine accuracy and Attack Success Rate:

accuracy =
#examples_classified_correctly

#total_examples
(1)

ASR =
OriginalAcc. −AttackedAcc.

OriginalAcc.
(2)

4 Results

We first present results for the condition where the
attacker is not aware of Sample Shielding based
pre-processing and then the results for when the
attacker also employs Sample Shielding.

4.1 Condition 1: Attacker does not know
about Sample Shielding

Results are in Table 1. BERT is the strongest clas-
sifier achieving 91 - 100% accuracy on the original
datasets. Attacks are highly successful against un-
shielded texts. TextFooler and Bert-Attack are the
most successful, dropping accuracies to 0-5% gen-
erally. Attacks were able to achieve strong drops
with minimal amount of text perturbed (about 10%).
Figure 3 shows that the average percent of words
perturbed across datasets for each attack are about
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equal in the mid regions of the plots. For AG News,
attacks are less successful against BERT; accuracy
drops to 19% in the strongest attack (TextFooler),
and only to 49% in the weakest (TextBugger). In
general, TextBugger, the character-based attacker,
is the least effective attacker.

Sample Shielding greatly reduces effectiveness
of attacks while maintaining accuracy on orig-
inal texts. The shielded classifier W maintains
accuracy on original texts to within 7% of the orig-
inal accuracy. Crucially, for attacked texts we see
accuracy improve to between 60 and 80% (from
post attack range of 0-5% generally). For example,
TextFooler causes BERT’s accuracy to drop from
91% to 1% for IMDB, however, Sample Shield-
ing returns accuracy to 78%. In other words, the
effectiveness of the attack is reduced from 99% ef-
fective to 14% effective. Additionally, accuracy on
the original texts is maintained (91.3 to 91.5). This
pattern is seen in the other attack classifier models
and dataset combinations as well. For Yelp, LSTM
drops from 92.5 to 0.7 when attacked by BERT-
Attack, however, Word sampling brings it back up
to 66.7, while achieving an original accuracy of
87.8. Overall, accuracy after shielding ranges from
60 to 80% (avg: 70), which corresponds to a 13 -
36 (avg: 25) attack success rate.

Sample Shielding effective against both word
based and character based attacks. The results
show effectiveness regardless of type of attack
(word or character based). For example, all 4 at-
tacks bring the original accuracy of LSTM from
88.3 down to ∼0 for IMDB. However, word sam-
pling brings the accuracy back up to ∼66. This is a
great reduction in attack effectiveness. Again, sim-
ilar trends are seen for the other classifiers, CNN
is reduced from 94.1 to ≤5.5 for Yelp, but word
sampling brings it back up to 60 - 70%.

Word sampling outperforms sentence sampling
for LSTM, CNN, sentence sampling better for
BERT. For example, for CNN on IMDB, word
sampling increases accuracy more than 15 points
over sentence sampling (69.8 vs 53.3). Similar
trends hold for LSTM. However, the opposite is
seen for BERT classifiers. For BERT on IMDB,
we see an average of 6.5 higher points for sentence
sampling over word sampling. These results are not
surprising as LSTM and CNN leverage word em-
beddings for classification, while BERT leverages
the context of the entire sentence.

Word sampling is more appropriate for short

texts. With AG news, we see a large drop in effec-
tiveness of sentence sampling. The average length
of AG News is 43 words compared to 157 and 215
words of Yelp and IMDB respectively (Li et al.,
2020). This shorter length makes it more difficult
to sample enough sentences. For Textfooler - CNN,
sentence sampling is only able to increase accuracy
from the attacked value of 0.4 to 13.2. However,
word sampling is much more effective, increasing
accuracy to 77.3. Text length may be crucial when
choosing between the two strategies for a dataset.
Neural Network summarizer shows some im-
provements over majority voting. Comparisons
of majority voting and the two neural net-based de-
cision strategies are in Table 2. We experimented
on the two binary datasets8. Replacing majority
voting with a simple neural net (NN) gave some-
what disappointing results - accuracies stay the
same or decrease slightly in all cases except for
LSTM on the Yelp dataset (increases). However,
when the neural nets are trained on perturbed texts
(NN-BB), we see increases. For example, CNN
vs TextFooler on Yelp, the neural net increases ac-
curacy from 64.9 to 72.2, reducing attack success
rate from 31 to 23. Possibly a more sophisticated
neural net, such as a sequence aware LSTM, might
better exploit patterns in the sorted probabilities.

4.2 Condition 2: Attacker knows about
Sample Shielding

Results are in Table 3. As in the previous condition,
classifiers perform well on original texts (Table 1)
with BERT often achieving the highest accuracies.
In this setting, every query by an attacker requires
k samples to be processed, which greatly increases
attack time. Thus, we reduce k to 30 for these
experiments.
Sample Shielding repels attacks even when at-
tacker uses Sample Shielding. We see that shield-
ing is extremely successful in almost completely
removing the negative effects of the attacks. For
example, on the IMDB - TextFooler combination,
attack success rate drops from 100 to 5 for LSTM,
100 to 1 for CNN, and 99 to 6 against BERT. The
largest protection provided by Sample Shielding
(100%) is for TextBugger vs CNN in IMDB. The
smallest is for 85% (PWWS vs LSTM). On average
the protection is 88.8%. The recovered accuracies
are only 13 to 0 percent away from the originals.

8AG News was not included due to the complexity of
translating multiple probabilities to a single input.
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Sample Orig. TextFooler Bert-Attack TextBugger PWWS
Classifier Shielding Acc. Acc. ASR Acc. ASR Acc. ASR Acc. ASR

IM
D

B

LSTM
No Shielding 88.3 0 100 0 100 0.3 100 0.1 100

Shielding-Sentence 85.1 61.4 30 62.0 30 60.3 32 56.2 36
Shielding-Word 85.1 66.0 25 67.0 24 66.0 25 65.7 26

CNN
No Shielding 86.2 0.1 100 0 100 0.3 100 0 100

Shielding-Sentence 84.5 55.3 36 55.2 36 53.6 38 48.9 43
Shielding-Word 84.7 69.8 19 66.7 23 71.6 17 67.8 21

BERT
No Shielding 91.3 1 99 3.7 96 9.2 90 0.7 99

Shielding-Sentence 91.5 78.1 14 79.2 13 80.1 12 78.0 15
Shielding-Word 86.8 74.4 19 71.5 22 78.8 14 63.4 31

Y
el

p

LSTM
No Shielding 92.5 0.3 100 0.7 99 5 95 1.5 98

Shielding-Sentence 90.0 62.3 33 61.1 34 60.5 35 58 37
Shielding-Word 87.8 65.5 29 66.7 28 68.5 26 61.9 33

CNN
No Shielding 94.1 0.8 99 0.4 100 5.5 94 2.4 97

Shielding-Sentence 91.7 58.5 38 54.1 43 57.1 39 50 47
Shielding-Word 88.1 64.9 31 62.2 34 70.4 25 60.2 36

BERT
No Shielding 100 5.9 94 8.3 92 15.5 85 4.9 95

Shielding-Sentence 98.6 74.8 25 72.6 27 79.3 21 68.5 32
Shielding-Word 93.5 69.9 30 75.1 25 78.7 21 71.1 29

A
G

N
ew

s

LSTM
No Shielding 91.6 1.2 99 0.9 99 16.7 82 15.6 83

Shielding-Sentence 88.8 16.5 82 12.9 86 27.3 70 25.2 72
Shielding-Word 85.1 60.8 34 60.9 34 60.5 34 63.7 30

CNN
No Shielding 91.5 0.4 100 0.3 100 5.2 94 6.3 93

Shielding-Sentence 89.4 13.2 86 13.0 86 17.2 81 15.7 83
Shielding-Word 87.8 77.3 16 67.7 26 74.2 19 80 13

BERT
No Shielding 99.6 18.7 81 22.5 77 49.4 50 38.5 61

Shielding-Sentence 96.4 29.6 70 37.9 62 54.2 46 47.1 53
Shielding-Word 94.5 75.5 24 72.0 28 78.1 22 70.5 29

Table 1: Results where attacker does not know about Sample Shielding. Shielding settings: k = 100, p = 0.3,
majority voting. Acc: accuracy, ASR: success rate of attack (%), Orig. Acc.: accuracy on original texts.

Sampling Orig. TextFooler Bert-Attack TextBugger PWWS
Classifier Strategy Acc. Acc. SR Acc. SR Acc. SR Acc. SR

IM
D

B

LSTM

No Shielding 88.3 0 100 0 100 0.3 100 0.1 100
Maj. Vot. 85.1 66.0 25 67.0 24 66.0 25 65.7 26

NN 85.3 62.5 29 62.1 30 65.4 26 62.4 29
NN-BB 85.3 65.2 26 68.2 23 66.5 25 67.3 24

CNN

No Shielding 86.2 0.1 100 0 100 0.3 100 0 100
Maj. Vot. 84.7 69.8 19 66.7 23 71.6 17 67.8 21

NN 84.8 61.7 28 59.6 31 66.7 23 60.0 30
NN-BB 84.8 69.3 20 67.9 21 72.3 16 69.6 19

Y
el

p

LSTM

No Shielding 92.5 0.3 100 0.7 99 5 95 1.5 98
Maj. Vot. 87.8 65.5 29 66.7 28 68.5 26 61.9 33

NN 89.0 68.7 26 68.1 26 73.5 21 63.6 31
NN-BB 89 69.7 25 70.0 24 73.5 21 64.9 30

CNN

No Shielding 94.1 0.8 99 0.4 100 5.5 94 2.4 97
Maj. Vot. 88.1 64.9 31 62.2 34 70.4 25 60.2 36

NN 89.9 63.2 33 57.6 39 69.9 26 57.4 39
NN-BB 89.9 72.2 23 69.7 26 72.9 23 67.6 28

Table 2: Comparing vote summarizers. Settings: k = 100, p = 0.3, word sampling. Maj. Vot: majority voting, NN:
neural network trained on original texts, NN-BB: neural network trained on original + perturbed texts.
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Sample Orig. TextFooler Bert-Attack TextBugger PWWS
Classifier Strategy Acc. Acc. ASR Acc. ASR Acc. ASR Acc. ASR

IM
D

B
LSTM No Shielding 91 0 100 0 100 0 100 0 100

Shielding-Word 94 89 5 87 7 89 5 89 5

CNN No Shielding 86 0 100 0 100 0 100 0 100
Shielding-Word 89 88 1 88 1 89 0 86 3

BERT No Shielding 90 1 99 4 96 6 93 2 98
Shielding-Word 85 80 6 80 6 84 1 82 4

Y
el

p

LSTM No Shielding 95 0 100 0 100 6 94 0 100
Shielding-Word 87 81 7 79 9 78 10 74 15

CNN No Shielding 96 0 100 0 100 5 95 3 97
Shielding-Word 88 85 3 81 8 81 8 83 6

BERT No Shielding 100 3 97 10 90 13 87 7 93
Shielding-Word 92 90 2 88 4 91 1 85 8

A
G

N
ew

s LSTM No Shielding 93 1 99 0 100 16 83 13 86
Shielding-Word 87 78 10 84 3 78 10 84 3

CNN No Shielding 92 1 99 0 100 7 92 3 97
Shielding-Word 87 81 7 87 0 84 3 83 5

BERT No Shielding 99 20 78 11 89 60 39 15 85
Shielding-Word 88 81 8 82 7 83 6 85 3

Table 3: Results where attacker knows about Sample Shielding. Shielding settings: k = 30, p = 0.3, majority
voting. Acc: accuracy, ASR: success rate of attack (%), Orig. Acc: accuracy on original texts.
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Figure 4: Accuracy with various p values for LSTM on
IMDB. Note that k is fixed to 100.

These results show the power of Sample Shielding
as even with knowledge of both the classifier and
Sample Shielding, attacks struggle to perturb the
text in a manner that causesW to fail. Furthermore,
the attacks do worse with feedback from Sample
Shielding. This shows the misleading nature of
feedback from Sample Shielding, and unreliability
when guiding attacks.

5 Additional Analysis

5.1 Parameter search

Increasing p raises the risk of samples containing
increased amounts of perturbed text. Decreasing
k raises the risk of not covering enough of the
unperturbed portions of the original text. While
our settings of p = 0.3 and k = 100 for our main
results are reasonable values (Table 1, Table 2) they
are not necessarily optimal.
Optimal p. Figure 4 shows the results for all com-
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Figure 5: Accuracy with various p values for LSTM on
AG News. Note that k is fixed to 100.

binations of attacks against LSTM on IMDB with
word shielding as the defense, k fixed at 100. As
we increase p, we see a continued drop in accuracy
which is consistent with the idea that a higher p is
more likely to capture perturbed text. The optimal
value range appears to be in 0.2 - 0.4 range, al-
though we do not see large drops until 0.6 onward.
We also examined the same combination on AG
News (Figure 5) since it’s texts are considerably
shorter and found consistent results.

Optimal k. Figure 6 shows results for all attacks
against LSTM on IMDB with word sampling as
the defense, p fixed at 0.3. The optimal k is not
as clear as p. We see clear increases after 30 sam-
ples, but then the optimal k varies depending on
attack. However, we see a leveling off around 90
samples, which gives some credence to our chosen
k of 100. We also found similar results when exam-
ining the same combination on AG News (Figure
7), however, k stabilized lower (about 50).
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Figure 6: Accuracy with various k values for LSTM on
IMDB. Note that p is fixed to 0.3.
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Figure 7: Accuracy with various k values for LSTM on
AG News. Note that p is fixed to 0.3.

5.2 Reliability of Sample Shielding

Due to the randomness of samples, there may be
concern over the consistency of Sample Shielding.
To address this, we ran Sample Shielding 100 times
on the IMDB attacked texts from Table 3 against
BERT classifier. Each time 30 random samples
were used to vote. As can be observed from Figure
8, Sample Shielding consistently protects against
attacks. Median accuracies are above 80% drop-
ping only to 75% in the worst case. This points to
Sample Shielding as a consistent, reliable defense.

5.3 Comparison with other SOTA Defenses

Comparisons are limited as threat models differ.
As noted earlier, other defenses assume a weaker
threat model where the attacker queries the web-

Figure 8: Boxplots of accuracies when Sample Shielding
is applied 100 times to attacked IMDB texts with BERT
as classifier. Red lines: accuracies reported in Table 3.

site’s shielded W directly. To make ours equiv-
alent we compare SOTA results with our accura-
cies obtained by the attacker using W ′ alone (with
W =W ′). We calculate accuracies right after the
final perturbed text is generated using W ′ eliminat-
ing a followup round of W with Sample Shielding.
Table 4 provides our full results against this weaker
threat model.

With BERT as base classifier for AG News,
FreeLB++, an adversarial training technique (Li
et al., 2021b) report accuracies of 51, 56, and 42
against TextFooler, TextBugger, and Bert-Attack
respectively. RanMask (Zeng et al., 2021), which
uses random masking of words report accuracies of
38, 45, and 49. In comparison, Sample Shielding
achieves 48, 55, and 38 respectively outperforming
RanMask in 2 out of 3, while only a fews point
behind FreeLB++. For IMDB, FreeLB++ reports
45, 43, and 40 and RanMask reports 22, 18, and
36 respectively. Equivalently, Sample Shielding
achieves 18, 34, and 31. With some wins and some
losses, Sample Shielding is in the mix with current
SOTA defenses in this weaker threat model. How-
ever, when deployed as designed for the realistic
threat model, it wins over these other defenses by
large margins (see Table 3). While we do not know
how FreeLB++, RanMask, and similar defenses
would perform with our threat model any determin-
istic shield would give the exact same results when
the classifier is applied once again by the website.

5.4 Limitations/Future work

First, in future work we will add in direct compar-
isons to the two closest methods to Sample Shield-
ing (Zeng et al., 2021; Wang et al., 2021a). They
are similar in spirit as they also work off samples
though these are generated differently. We have not
compared with them because these two papers ap-
peared very recently, one last revised in July (Zeng
et al., 2021) and the other appeared in arXiv in
September 2021 (Wang et al., 2021a). Second, the
neural net summarizer leverages a simple linear
layer. Other networks, e.g., LSTM, maybe better at
finding patterns in sequential data. In future work
we will also explore layering Sample Shielding
onto other defense strategies.

Another limitation of our current method is that
we do not measure Sample Shielding’s effective-
ness on other common text tasks including Natural
Language Understanding. Additionally, datasets
which contain the shortest texts (e.g. SST2) are
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Sample Orig. TextFooler Bert-Attack TextBugger PWWS
Classifier Strategy Acc. Acc. ASR Acc. ASR Acc. ASR Acc. ASR

IM
D

B
LSTM Local (W’) Word 87 11 87 31 64 28 68 22 75
CNN Local (W’) Word 91 22 76 22 76 32 65 29 68
BERT Local (W’) Word 81 18 78 31 62 34 58 26 68
BERT RanMask* 92 22 75 36 58 18 79 - -
BERT FreeLB++* 93 45 51 40 57 43 54 - -

A
G

LSTM Local (W’) Word 88 42 52 31 65 38 57 55 38
CNN Local (W’) Word 86 45 48 28 67 36 58 54 37
BERT Local (W’) Word 88 48 45 38 57 55 38 64 27
BERT RanMask* 92 38 59 49 46 45 51 - -
BERT FreeLB++* 95 52 46 42 56 56 41 - -

Table 4: Results of attack against local model with knowledge of Sample Shielding. For all shielding cases, k = 30,
p = 0.3, and majority voting is used. Acc. is accuracy, and ASR is success rate of attack (%) and Orig. Acc. is
accuracy on the original text. Note that the examples used by RanMask and FreeLB++ is not the set of dataset
samples as our paper.

not currently tested in our experiments. Since sam-
ple shielding removes texts, it’s performance could
drop for these tasks and short texts. Thus, future
work will include these comparisons.

6 Related Work

Defenses using voting. The most similar methods
to our own are RanMask and RS&V both appear-
ing within the last five months. RanMask (Zeng
et al., 2021) randomly masks tokens in input texts.
This random masking occurs n times generating
n inputs to be fed to a classifier. RS&V (Wang
et al., 2021a) randomly replaces words in the input
with synonyms. This it does k times to produce k
samples which are then voted on. If the samples
vote for a different label than the label produced by
the unsampled input, then the text is labeled as an
adversarial text. Our method is advantageous since
it does not rely on specific models (i.e. Masked
Language Model) or synonym sources.
Adversarial training. Classifiers train on per-
turbed data, learning to identify modified versions
of the original input (Wang and Wang, 2020; Wang
et al., 2021b; Zhu et al., 2020; Li et al., 2021b).
As an example, Gil et al. (2019) propose HotFlip
which uses white-box knowledge to generate ad-
versarial attacks to train on. Specifically, they flip
tokens based on the gradients of the one-hot input
vectors. However, adversarial defenses are limited
to known attackers. In contrast, Sample Shielding
is ‘plug-and-play’ as it is a pre-processing step.
Other defenses. Several other shielding methods
exist (Keller et al., 2021; Eger et al., 2019; Zhu
et al., 2021). For example, Rodriguez and Galeano
(2018) defend Perspective (Google’s toxicity clas-
sification model) by neutralizing adversarial inputs
via a negated predicates list. Again, these defenses

are restricted to contexts where specific lists may
be identified, this is not so with Sample Shielding.

7 Conclusion

Sample Shielding, an intuitively designed defense
which is attacker and classifier agnostic, protects
effectively; reducing ASR from 90 - 100% down
to 14 - 34% with minimal accuracy loss (3%) in
original texts. The randomness (through sampling)
provides unreliable feedback for attackers, thus it
even thwarts attackers who have query access to
classifiers protected with Sample Shielding. Attack
strategies will need to increase the amount of per-
turbation to make sure a majority of samples fail at
classification. However, this will risk semantic in-
tegrity. Thus, we expect Sample Shielding to cause
ripples in future adversarial attack strategies while
providing text classifiers with a definite advantage.
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Abstract
Machine Learning (ML) systems are getting
increasingly popular, and drive more and more
applications and services in our daily life. This
has led to growing concerns over user privacy,
since human interaction data typically needs
to be transmitted to the cloud in order to train
and improve such systems. Federated learn-
ing (FL) has recently emerged as a method for
training ML models on edge devices using sen-
sitive user data and is seen as a way to mitigate
concerns over data privacy. However, since ML
models are most commonly trained with label
supervision, we need a way to extract labels
on edge to make FL viable. In this work, we
propose a strategy for training FL models us-
ing positive and negative user feedback. We
also design a novel framework to study differ-
ent noise patterns in user feedback, and explore
how well standard noise-robust objectives can
help mitigate this noise when training models in
a federated setting. We evaluate our proposed
training setup through detailed experiments on
two text classification datasets and analyze the
effects of varying levels of user reliability and
feedback noise on model performance. We
show that our method improves substantially
over a self-training baseline, achieving perfor-
mance closer to models trained with full super-
vision.

1 Introduction

Artificial Intelligence (AI) and Machine Learning
(ML) have become increasingly common in mod-
ern society with applications ranging from simple
standalone products to complex modules Kaplan
and Haenlein (2019). However, this rise has also
created growing privacy concerns Papernot et al.
(2016); Yeom et al. (2018). Such concerns may
affect user willingness the adapt new technologies
Guhr et al. (2020). In response, many government
agencies across the world have introduced regu-
lations to protect the data-handling rights of their

∗equal contributions

citizens, such as the European Union’s GDPR Gen-
eral Data Protection Regulation and California’s
CCPA California Consumer Privacy Act.

Federated Learning (FL) is a step in this direc-
tion to improve consumer trust, where models are
trained without moving data out of client devices.
The typical FL approach is to iteratively train local
models on edge devices and then propagate them
back to a central node in order to update the global
model. Most commonly, this is done using Feder-
ated Averaging (FedAvg) McMahan et al. (2017),
where we take a simple average over the client
model parameters. However, in order to update
local models on the edge, this setup assumes the
presence of labeled user data on each device, which
is often not possible. Most prior works do not ad-
dress this problem, but simulate fully-supervised
federated learning by distributing existing labeled
datasets across edge devices. In this work, we con-
sider a more realistic scenario, where labels are
not available on device. Rather than turning to un-
supervised learning as seen in Hard et al. (2018),
we instead propose a novel setup to leverage user
feedback in order to train the FL model.

In many real world AI applications with direct or
indirect human interaction, it is possible to collect
either explicit user feedback (e.g., using a voice
or a screen-based prompt) or implicit feedback in
the form of behavioral cues. For an example of
implicit feedback, consider a user interacting with
a virtual AI assistant (such as Alexa), who asks to
play the song ‘Bohemian Rhapsody’ from the band
Queen. The virtual assistant would interpret the
prompt and select a song from its library to play.
If the user lets the music play without interruption,
this can be viewed as positive feedback, suggesting
that the underlying model interpreted the request
correctly. On the other hand, if the user interrupts
the music and makes a repeat (or different) request,
this can be viewed as negative feedback, suggesting
that the underlying model prediction was incorrect.
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In this work, we propose to leverage such feedback
in federated model training.

Leveraging Positive and Negative Feedback In
our proposed setup, we first train a seed model on
a small amount of labeled data on a central node.
This mimics the real-world scenario where a small
amount of data can be collected and annotated to
bootstrap an initial model. We then propagate this
weak seed model to each of the clients. On the
edge, we use this seed model to make predictions
for each user’s request. Since the model is trained
with limited data, these predictions may be incor-
rect. To further improve this model performance,
we leverage user feedback as an indirect indicator
of the predicted label’s quality. Since positive user
feedback likely indicates that a model prediction is
correct, we label examples with positive feedback
with the seed model’s prediction and add them to
the training data. This mirrors the standard self-
training setup Rosenberg et al. (2005), where weak
models are further trained on a set of their own
predictions. When a user gives negative feedback,
however, we cannot assign a label to the example,
since we only know that the seed model’s predic-
tion is wrong. We instead treat these prediction as
complementary labels Ishida et al. (2017); Yu et al.
(2018) and extend federated model training to use
such labels.

Modeling Feedback Noise In realistic human
interactions, however, the user may not always pro-
vide consistent feedback, making user feedback
signal noisy. In the virtual AI assistant example
above, if the model predicts a different song from
the same band, the user may choose to continue
listening without interruption. Similarly, even if
the model predicts the correct song, the user may
change their mind once the song starts playing and
interrupt with a new request. Such user behav-
ior will introduce noise into the feedback signal.
In order to assess typical levels of such noise in
user feedback, we conduct a pilot study on Ama-
zon Mechanical Turk (Mturk), and evaluate the
accuracy of feedback from Mturk users on two dif-
ferent text classification problems. Based on this
study, we define a model of user noise defined by
two parameters that specify how likely they are
to give accurate feedback on both correct and in-
correct predictions by the seed model. With this
model of user behaviour, we then study the effects
of user noise on model performance. We conduct

extensive experiments on two text classification
datasets, training FL models on feedback data with
varying amounts of user noise simulated using our
model. We further experiment with various noise-
robustness strategies to mitigate the effect of such
noisy labels and present promising results.

The key contributions in this paper are as fol-
lows:

1. We propose a new framework for model-
ing and leveraging user feedback in FL and
present a strategy to train supervised FL mod-
els directly on positive and negative user feed-
back. We show that, under mild to mod-
erate noise conditions, incorporating feed-
back improves model performance over self-
supervised baselines.

2. We propose a novel model of user feedback
noise and study the effects of varying levels
of this noise on model performance.

3. We study the effectiveness of existing noise-
robustness techniques to mitigate the effects
of user-feedback noise and identify promising
directions for future exploration.

2 Related Work

2.1 Federated Learning
Federated Learning McMahan et al. (2017) has
recently seen a rise in popularity in a number
of domains, including natural language process-
ing (NLP) Yang et al. (2018); Ramaswamy et al.
(2019); Hard et al. (2018). This is due to growing
privacy concerns Papernot et al. (2016); Geyer et al.
(2017); Truex et al. (2019), abundance of unlabeled
data, and an increase in the computational capacity
on edge devices. However, availability of labels on
edge (or rather, lack thereof ) limits the practical
application of FL in most real-world use cases. In
this work, we present an extension to FL and show
improvements in federated model performance by
leveraging user feedback. Recent works have also
revealed risks of information leakage from gradi-
ents in federated learning, and several techniques
have been developed to mitigate this risk (see Zhu
et al. (2019), Lyu et al. (2020) and the references
there in).

2.2 Learning With User Feedback
User feedback on model behavior provides learning
signals which can be leveraged to continuously im-
prove model performance. Using feedback signals
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for model training provides robustness to concept
and data drifts, as new data is always accompa-
nied with new feedback labels from which to learn.
Learning methods that leverage user feedback have
been applied to a variety of tasks in NLP, such
as semantic parsing Iyer et al. (2017), machine
translation Kreutzer et al. (2018) and question an-
swering Kratzwald and Feuerriegel (2019). To our
knowledge, however, our work is the first to build
a parametric model of user feedback noise and to
study how to train federated learning algorithms
with noisy user feedback.

2.3 Negative Label Learning

Standard supervised learning operates on data la-
beled with their true classes. Feedback data from
users, however, can also be negative, indicating
that the predicted class is wrong. Since the cor-
rect class of examples with such negative-feedback
is unknown, our proposed method must be able
to handle such ambiguity during training. In our
work, we label examples with negative feedback
with a complementary label corresponding to the
predicted class (Ishida et al., 2017). Complemen-
tary labels simply specify the category that a given
example does not belong to. In our work, we fol-
low the setup of Yu et al. (2018), who propose loss
functions to train neural models on biased comple-
mentary labels.

2.4 Noise-Robust Learning

When training models on labels derived from noisy
user feedback signals, it is important to use a strat-
egy to mitigate the effects of label noise on model
performance. One straightforward approach is to
use a noise-robust loss function, such as Reverse
Cross Entropy Wang et al. (2019) or Mean Abso-
lute Error Ghosh et al. (2017). In our work we
follow the noise-robust learning setup of Ma et al.
(2020), who present a training strategy that com-
bines two robust loss functions (one active, one
passive) to better handle label noise.

3 Modeling User Feedback

We propose a general framework for leveraging
user feedback in federated learning. We use text
classification as an exemplar task to evaluate this
framework, but the proposed setup can be easily
applied to other tasks. We use two benchmark text
classification datasets: the Stanford Sentiment Tree-
bank dataset (sst2) and the 20 newsgroups dataset

(20news). The sst2 dataset comprises of 11, 855
phrases from movie reviews and the corresponding
binary sentiment labels. The 20 newsgroup dataset
20news consists of 18k news articles and headers,
organized into 20 classes.

3.1 Pilot Study: Real World User Feedback
To understand the dynamics of user feedback noise,
we conduct a pilot study using Amazon Mechani-
cal Turk (Mturk). We use text classification on the
above two datasets, sst_2 and 20news, as the task
of interest. For each dataset, we train a seed model
on 1% of the training data, then run inference with
this model to generate pseudo-labels on the remain-
ing 99% of the training examples. We sample 2000
pseudo-labeled examples from this set, split them
into disjoint groups of 40 examples each, and show
them to 50 and 40 different MTurk workers for
sst_2 and 20news, respectively. For each example,
the worker is shown the text of the example and the
corresponding predicted pseudo label. The work-
ers are then asked to specify whether the pseudo
label is accurate (positive feedback) or not (neg-
ative feedback) along with an option to mark ‘I
Don’t Know’ in case they find it difficult to decide.
Further details about the specific instructions used
in our Mturk study can be found in Appendix C.
We use the ground truth gold labels in sst_2 and
20news to evaluate the quality of user feedback by
computing the proportions of times users gave pos-
itive feedback to correct pseudo labels and negative
feedback to incorrect ones. The observed average
error in feedback is 33.9% for 20news and 27.13%
for sst2. The higher observed error for 20news is
likely due to the fact that 20news is a 20-way topic
classification problem with overlapping categories
such as ‘autos’ and ‘motorcycles’. We further an-
alyze the collected data using the noisy feedback
model described next. Full data will be released
with the final draft of the paper.

3.2 Feedback Noise Modeling
Motivated by the observed noisy user behavior
above, we propose a parametric noise model us-
ing two user-specific Bernoulli random variables
parameterized by γ and δ, as shown below.

P (positive feedback|correct prediction) = γ

P (negative feedback|incorrect prediction) = δ

γ and δ capture the probability of the user accu-
rately providing positive and negative feedback,
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respectively. This scheme provides a powerful tool
to model user noises of various types - by varying
the values of these two parameters, we can simu-
late various user feedback behaviors. For instance,
highly reliable users can be simulated by choosing
γ ∼ 1 and δ ∼ 1 while adversarial users can be
simulated by choosing γ ∼ 0 and δ ∼ 0. Similarly,
users that provide consistently positive feedback
can be simulated by selecting γ ∼ 1 and δ ∼ 0,
and vice versa.

Figure 1: Distribution of noise parameters γ and δ for
annotators on Mturk for 20news and sst2 dataset.

For each worker in our MTurk study, we esti-
mate the noise parameters γ and δ using the MLE
estimators described in Appendix B. We show the
distributions over the estimated noise parameters
for each worker in Figure 1, which highlights sev-
eral characteristics of the user noise. We find that
parameters vary across users and across datasets.
Many workers have high values for both γ and δ
(upper right quadrant in the plot), especially for the
sst2 dataset. In such cases, user noise is relatively
low. Some workers have γ ∼ 1 and δ ∼ 0, sug-
gesting that they provide positive feedback with
very high probability, regardless of the correctness
of the pseudo label. Similarly, we also observe
some points with higher δ but γ close to 0, suggest-
ing that these workers provide negative feedback
with high probability. Since we only recruited reli-
able worker from Mturk (95%+ approval rate and
5000+ approved HITs, see Appendix C), we do

not see any workers in the adversarial or extremely-
high noise scenarios (lower-left quadrant in the
plot). Finally, we also observe that the workers in
the sst2 dataset are more concentrated towards the
right top corner while, for the 20news dataset, they
are relatively spread out. This can be attributed to
the inherent difficulty of the two datasets – sst2 is
an easier 2-class sentiment classification dataset,
while 20news is a more difficult news-classification
dataset with 20 (sometimes overlapping) classes.

4 Approach

4.1 Federated Self-Training
Given a training dataset Dt = {xi, yi}, we divide
it into 3 parts: a training split Ds ⊂ Dt : |Ds| =
k|Dt|, k ≪ 1, used to train the seed model; a vali-
dation split Dv ⊂ Dt : |Dv| = v|Dt|, v < 1 and an
unlabeled split Du = Dt− (Ds

⋃
Dv). We assume

that the examples in Ds and Dv have gold labels
available for training, which mimics the real-world
situation where a small amount of data can be an-
notated to bootstrap the model training. We treat
Du as the unlabeled dataset which is available on
edge. We initialize the seed model fs(x) by train-
ing on Ds using standard cross entropy loss. After
convergence, this model, fs(x), is deployed to the
edge devices to start federated training. In order to
simulate a real-world federated learning setup, we
distribute the examples from Du among N edge
clients following a skewed distribution, described
in detail in §5. The dataset on each client n is la-
beledDn

u where n ∈ [1, N ]. The seed model on de-
vice j then makes predictions on its corresponding
client-specific dataset Dj

u. Since the edge model
does not have access to gold labels for training,
there are only two potential sources of information
it can learn from. First, its own predictions, ρi,
which we call pseudo labels:

ρi = argmax(fs(xi)) : i ∈ Dn
u (1)

Labeling an example xi ∈ Dn
u with ρi is typically

referred to as self-training, a commonly-used semi-
supervised training setup. However, in our setup,
there is also a second source of information: user
feedback to each ρi. We assume that users give bi-
nary (positive or negative) feedback to each ρi. We
can thus use this feedback to validate or reject each
ρi, generating label ρi when the feedback is posi-
tive and ρ̄i when the feedback is negative. Then,
with these new user-feedback-labeled datasets on
each edge device, we can follow the standard FL
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training, further training a copy of the initial global
model on each edge device, then propagating each
local model back to the global server for aggrega-
tion. Our overall setup used for federated learning
with user feedback is shown in Figure 2.

predictions

Global 
Model

aggregation

Initial 
model

Client #1
Client #2 Client #i Client #(N-1)

Client #N

Local Data
Initial 
model User feedback

Model 
training

Updated model

Model 
updates

Edge 
devices

…… ……

Pos + Neg 
data

Cloud Server

Self training at Edge Device (Client #i)

(a)

(b)

Figure 2: Overview of our federated learning setup with
user feedback. a) Federated learning with a central cloud
server and several client devices. b) Local training at a
particular client with user feedback to improve pseudo
labels.

4.2 User Feedback Simulation
As discussed in §1, in the real world, users provide
feedback on predictions made by deployed mod-
els. However, large-scale collection of user feed-
back in a deployed FL application is an expensive
endeavor with no publicly-available datasets. In
this work, we instead devise a novel framework to
simulate realistic noisy user feedback on publicly-
available, human-annotated data, and defer the task
of real world deployment to future work. Specifi-
cally, when we distribute the unlabeled dataset Du

across the N client devices, we also send along
the true gold label for each example xi. For each
xi ∈ Dn

u , we then simulate feedback by compar-
ing the model prediction ρi to its underlying gold
label. These gold labels are only used to simu-
late user feedback – they are not used for edge
model training. Specifically, we create two new
pseudo-labeled datasets corresponding to positive
(Dn

pos) and negative feedback (Dn
neg) from each

device’s dataset Dn
u . For a given sample xi ∈ Dn

u ,
we assign it to the positive feedback set Dn

pos with
probability γ if the corresponding pseudo label ρi

is correct and 1− δ if ρi is incorrect. Similarly, we
assign a sample to the negative feedback set Dn

neg

with probability 1− γ, if ρi is correct and δ if ρi is
incorrect. A pseudo-code detailing our strategy to
simulate user feedback is shown in Algorithm 1.

4.3 Federated Learning with Feedback

For examples with positive user feedback, since
we have user confirmation that the pseudo-label ρi
is correct, we directly incorporate ρi into model
training as if they were ground-truth. We use the
standard categorical cross entropy (CCE) loss func-
tion similar to the seed model:

losspos = −
∑

i∈Dnpos
ρilog(f(xi)) (2)

where f(xi) represents the posterior probability
distribution for sample i and ρi is overloaded to
depict the one-hot representation of the pseudo
label for sample i. On the other hand, negative
feedback signifies that the sample does not belong
to the class ρi. Although the user feedback does
not indicate which class these samples ought to
be, we do acquire information for what the model
should not do. Thus we can assume that these are
complementary labels, denoted as ȳi = ρi. To
incorporate these in our model training, we adapt
the complementary learning methods introduced
by Yu et al. (2018), in which the authors model the
complementary posterior probability distribution,
P (Ȳ = d|X) as a function of true class posterior
distribution, P (Y = c|X) and the transition proba-
bility matrix Q, where qcd is an entry in the matrix
Q with c and d are class labels, following:

qcd =

{
P (Ȳ = d|Y = c) c ̸= d

0 c = d

(3)

P (Ȳ = d|X) =
∑

c ̸=d
P (Ȳ = d|Y = c)

P (Y = c|X) (4)

We estimate the transition probability matrix Q
using the validation set Dv and the initial seed
model fs(x). To compute Qc:, the transition prob-
ability distribution for the class c, we average the
posterior probability of those samples with gold
label c, but are incorrectly predicted by the model.
Given this, we set qcc = 0 and renormalize the
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vector as shown in Equation 5.

Qc: =
1

K

∑

k∈Dc

fs(xk)

1− fs(xk)i
: K = |Dc| (5)

Dc ⊂ Dv : argmax(f(xk)) ̸= c; yk = c

Using the estimated transition matrix, and the pos-
terior distribution for the true class, we estimate the
posterior distribution for the complementary class,
following Equation 3. We then use the pseudo la-
bels as complementary labels and train the model
with the objective function:

lossneg = −
∑

i∈Dnneg
ρilog(Q.f(xi)) (6)

here, we overload ρi to depict the one-hot represen-
tation of the pseudo label for sample i.

Our overall model is trained to jointly opti-
mize the loss functions from positive feedback
and negative feedback. Inspired by Kim and Kim
(2020) where the contribution of negative learning
is slowly increased during training, we use a sched-
uler to weigh the two loss functions, ensuring that
the positive label learning component has higher
weight in the early epochs, gradually increasing
the weight for negative label learning as training
proceeds. Specifically, at each client we optimize
the following objective:

lossreg = (1− α) ∗ losspos + α ∗ lossneg (7)

where, α = 1 − pt, t denotes the current epoch
in the training process and p ∈ (0, 1), which was
selected using a held out validation set.

4.4 Noise-Robust Loss Functions

Though user feedback provides a valuable learning
signal to train our models on edge, it can be noisy.
As noted in §3.2, we expect two behaviors from
noisy users: if the user provides incorrect positive
feedback, we have incorrect true labels in Dn

pos.
Similarly, if the user provides incorrect negative
feedback, we have samples in the Dn

neg with in-
correct complementary labels. Since we use cross
entropy loss functions for training on both positive
and negatively labeled data points, our model is
prone to overfitting to noisy samples Zhang and
Sabuncu (2018) since they would have lower poste-
riors (forcing the algorithm to put more emphasis
on them during training). This necessitates some
form of noise mitigation in our model training.

To mitigate label noise, we use the approach in-
troduced by Ma et al. (2020), where they propose
to add noise robustness to any given loss function
by normalizing it across all labels. Ma et al. (2020)
further improve convergence by presenting a com-
bination loss function with active and passive loss
components, to maximize the posterior for the true
class and to minimize the posterior for complemen-
tary classes, respectively. In our experiments, we
use a combination of Normalized Cross Entropy
(NCE) Ma et al. (2020) and Reverse Cross Entropy
(RCE) Wang et al. (2019) as the active and passive
components, weighted in a ratio 1:2 selected using
our validation set.

lossrobust = NCE + 2 ∗RCE (8)

The NCE and RCE functions are listed below.

NCE =
−∑K

k=1 q(k|x) log p(k|x)
−∑K

j=1

∑K
k=1 q(y = j|x) log p(k|x)

(9)

RCE = −
K∑

k=1

p(k|x) log q(k|x)) (10)

whereK is number of label classes, q(k|x) denotes
the gold label distribution and p(k|x) denotes the
posterior probability distribution.

5 Experiments

5.1 Implementation Details
We use the publicly-provided train and test splits
for the sst2 and 20news datasets and further derive
a validation split consisting of 20% (v = 0.2) of
the train split (Dt), with uniform class distribution.
We use another 1% (k = 0.01) ofDt as seed model
set, Ds. We choose a small value for k to mimic a
real world scenario where a larger volume of data
may be un-annotated in an FL setup. The remain-
ing unlabeled dataset Du (79% of the (Dt) is fur-
ther divided among 15 mutually exclusive subsets
(Dn

u , n ∈ [1, 15]), which simulates the data for 15
edge clients. While creating the clients’ partitions
we ensure that all clients have data with a uniform
class distribution which enables us to focus on our
model performance in an idealized case. We use
the DistilBERT Sanh et al. (2019) base model as
the classifier for our tasks and follow the standard
fine-tuning setup for text classification. To imple-
ment the federated learning pipeline we use the
publicly-available FedNLP Lin et al. (2021) bench-
mark and apply the FedAvg McMahan et al. (2017)
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Experimental settings 20 news sst2
Initial model (Ds) 59.14 77.37

Self training (no feedback) 60.79 77.26
Positive feedback (noisy) 62.10 79.79

All feedback (noisy) 65.01 85.17
Positive feedback (noise robust) 62.33 79.85

All feedback (noise robust) 65.13 85.39
Positive feedback (noise free) 70.44 83.80

All feedback (noise free) 75.13 88.58
Full supervision 82.12 89.12

Table 1: Accuracy of noise robust federated self training
with user feedback against various baselines for 20news
and sst2 datasets; *: all models using feedback (with
and without noise robustness) are statistically significant
against the self training baseline (without feedback), at
p < 0.05.

algorithm to aggregate the client model updates at
the server end. We train the model on an 8-GPU
(Nvidia V100s) machine for up to 50 rounds with
early stopping enabled. Within each round, we use
a batch size of 8 to train the client models for 5
epochs each.

5.2 Model Evaluation

We compare our model performance against three
baselines:

Initial model This is the seed model fs(x)
trained on just Ds (1% of the training data).

Self-training We train this model using feder-
ated learning with pseudo labels, but do not utilize
the user feedback. Hence, at each client, we only
have the raw pseudo labels ρi for each xi ∈ Dn

u to
train on. We use this setup as the primary baseline
against which to compare the performance of our
models trained with user feedback.

Full supervision We train a model in a federated
setting using Dn

u and the true gold labels at each
client. Although in a real-world setting, the clients
will not have access to the gold labels, we establish
this benchmark to set an upper bound.

We evaluate performance of our proposed strat-
egy of leveraging user feedback in two settings:

Positive feedback At each client, we train the
local version of the model using only the samples
in Dn

pos and corresponding pseudo labels ρi, i.e.
only the samples which receive positive feedback.
Since this baseline is trained using regular cross
entropy, it provides a powerful yet computationally
less-intensive alternative to training with both types
of feedback, which is especially important in edge

devices with low compute power.
All feedback We utilize all the data samples in

Dn
pos and Dn

neg at each client and train using the
loss function described in Section 4.3.

In both the positive and all feedback setups, we
evaluate models with and without user feedback
noise. For the noise-free scenario, we set γ = 1
and δ = 1 while simulating the user feedback. This
leads to perfectly accurate feedback, as discussed
in §4.2. For the noisy feedback scenario, we use
the noise parameters derived from the Mturk study.
We obtain the following dataset-specific values of γ
and δ by averaging the estimates of γ and δ across
all annotators: (γ = 0.79, δ = 0.55) for 20news
and (γ = 0.76, δ = 0.70) for sst2.

Table 1 reports the % accuracy for each of the
experimental setups described above across both
datasets. We observe that in both the noisy and
noise-free settings, the introduction of positive user
feedback shows a marked improvement in perfor-
mance when compared to the self-training base-
line. There is an additional performance gain when
we add negative feedback (all feedback baseline),
which signifies the importance of learning from
complementary labels. As expected, the improve-
ment is substantially larger in the noise free setting,
suggesting the need for model robustness to miti-
gate the effect of noise. Note that for sst2, perfor-
mance of the noise free model with all feedback is
very close to that of full supervision, thanks to the
fact that complementary labels in the case of binary
classification provide same information as true la-
bels. On the other hand, using perfect positive and
negative feedback in 20news is still sub-optimal
compared to full supervision, since a negative label
in this dataset is less informative compared to sst2.

5.3 Noise Robustness

To mitigate the effects of noise, we replace the tra-
ditional cross-entropy loss function with the active-
passive loss described in §4.4, using the same ex-
perimental setups presented earlier (positive only
and all-feedback), with γ and δ values from the
Mturk study. However, as evident in Table 1, the
robust loss functions only seem to confer marginal
performance improvements in both datasets. This
is likely due to the fact that the noise parameters
extracted from Mturk belong to a moderate to low
noise regime (Section 3.2), providing limited room
for gains with noise robustness.

To further investigate this, we explore two ex-
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Noise level Loss Accuracy

Low
lossrobust 73.29
lossreg 74.30

Adversarial
lossrobust 42.26*
lossreg 25.19

Table 2: Performance analysis of noise robust loss func-
tions trained on all feedback in different noise regimes
for the 20news dataset; *: statistically significant against
the adversarial model without robustness at p < 0.05.

treme cases of user feedback noise for the 20news
dataset: i) low noise, where we simulate user feed-
back with γ → 1, δ → 1 for all the clients, which
imitates clients providing correct feedback with
very high probability, and ii) adversarial noise, with
γ → 0, δ → 0 for all the clients, which captures
the possible risk of users deliberately providing in-
correct feedback with high probability. In Table 2,
we compare the performances of the all feedback
model trained with and without noise robustness
in these two scenarios. As seen in the table, when
user noise is high, the noise-robust loss functions
show a statistically significant improvement against
the noisy model, highlighting the value of adding
noise robustness. In the low noise regime, adding
robustness seems to cause negligible degradation in
accuracy, but within the bounds of statistical error.
Given this, we recommend using noise robustness
in all applications of this framework unless it is
well known before hand that the feedback has very
low noise. We defer the task of developing a noise
robustness regime that works for all noise levels to
future work.

5.4 Ablation Studies
5.4.1 Varying Degrees of Noise
As discussed in §4.4, the level of feedback noise
has a substantial impact on model performance.
In this section, we further investigate this effect,
simulating user feedback across various noise pa-
rameters values, spanning γ, δ ∈ {0.3, 0.5, 0.7}, to
capture different points in the γ − δ space. Table 3
shows our results for each dataset with the noise
robust loss function 8. As expected, as γ → 0
and/or δ → 0, model performance decreases on
both datasets. At very low values of δ and γ, e.g.
both ≤ 0.5, training on the extremely noisy user
feedback actually decreases model performance
below the original seed model. This is not unex-
pected, since at δ = 0.5 and γ = 0.5, user feedback
is essentially random noise, and at lower values the

γ/δ 0.7 0.5 0.3
0.7 66.69 63.18 60.66
0.5 65.56 59.15 59.73
0.3 60.01 58.94 58.21

(a) 20news dataset; initial model performance: 59.14, per-
formance with all feedback and no noise (γ = δ = 1):
75.13.

γ/δ 0.7 0.5 0.3
0.7 83.86 80.89 76.17
0.5 81.99 77.38 75.07
0.3 78.03 74.41 71.99

(b) sst2 dataset; initial model performance: 77.37, per-
formance with all feedback and no noise (γ = δ = 1):
88.58.

Table 3: Model performance (accuracy) at varying val-
ues of γ and δ

feedback is adversarial. These results highlight the
importance of evaluating the reliability of user feed-
back before using it to further train an ML system.

5.4.2 Non-identical User Feedback Behavior
In previous sections, we used identical values of
the noise parameters γ and δ for all clients in the FL
training setup. However, as observed in our Mturk
study, real users have different feedback behaviors,
with scores spread out over the γ − δ space. In this
section, we simulate non-identical user feedback
for four potential user behaviors:

1. Low noise users (γ → 1, δ → 1)

2. Adversarial/high noise users (γ → 0, δ → 0)

3. Positive users (γ → 1, δ → 0) who provide
consistently positive feedback, regardless of
the correctness of the model prediction; and

4. Negative users (γ → 0, δ → 1) who provide
consistently negative feedback.

To simulate non-identical user feedback for the
clients, we sample the noise parameters from an
appropriately skewed β(a, b) distribution. For ex-
ample, in order to generate δ and γ scores for setup
four (negative users), each user needs γ ≈ 0, δ ≈ 1.
To generate these parameters, we sample γ from
β(1, 10) and δ from β(10, 1). Proceeding this way,
we can simulate all four user behaviors listed above.
Finally, we also conduct an experiment closer to the
real-world scenario, where we randomly sample
15 workers each for both datasets from our Mturk
study and use their estimated values of γ and δ to
simulate user feedback.
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User Behavior 20news sst2
Low noise 73.67 88.35
Adversarial 55.86 64.85

Always positive 60.99 77.16
Always negative 58.92 74.13

Real world (mturk study) 65.37 85.61

Table 4: Model performance at various user behaviors.

Table 4 shows our results across all five simula-
tions for both datasets when trained with the noise
robust loss function 8. As expected, the best model
performance is achieved with the low-noise users,
followed by the real-world users sampled from our
MTurk study. In the three other simulations (adver-
sarial, consistently positive, consistently negative),
user feedback is highly noisy and unreliable, and
the models show limited improvement over the ini-
tial seed model. Note that the performance in the
positive feedback scenario is higher than negative
feedback, which can be accredited to the fact that
the initial seed model’s accuracy is greater 50% for
both datasets (Table 1). With > 50% accuracy, a
majority of the pseudo-labels generated using the
seed model will match the gold label. Hence, con-
sistently positive feedback introduces less noise
and in turn better performance compared to the all
negative feedback model.

6 Conclusion

In this work, we propose a novel framework for
federated learning which leverages noisy user feed-
back on the edge. Our framework eliminates the
need for labeling edge data, in turn improving cus-
tomer privacy since we no longer need to move
data off of edge devices for annotation. In order
to evaluate our framework, we propose a method
to simulate user feedback on publicly-available
datasets and a parametric model to simulate user
noise in that feedback. Using that method, we con-
duct experiments on two benchmark text classifica-
tion datasets and show that models trained with our
framework significantly improve over self-training
baselines.

Future work includes deploying our framework
in a real world FL application and incorporating
live user feedback in model training. We can also
explore other noise-robustness strategies for low
and medium label-noise scenarios. One such strat-
egy would be to incorporate a measure of user relia-
bility into the calculation of each new global model

in FedAVG – e.g. the updated global model pa-
rameters could be computed as a weighted average
of client models, with the weight capturing some
measure of each client’s reliability.

7 Ethics Statement

Our Mturk data collection recruited annotators
from across the globe without any constraints on
user demographics. The annotators were compen-
sated with above minimum wages and no personal
information was collected from the annotators.
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A Pseudocode

Algorithm 1 lists our training loop.

B Estimators for γ and δ

Let X be the data set and n be the total number
of data points. For any data point i ∈ [n], let pi,
ti and fi denote the model predicted label, ground
truth label, and user feedback respectively. (Note
that pi and ti take values from the set of labels
and fi takes values from the set {pos, neg, idk}
representing feedbacks positive, negative, and ’I
don’t know’.) By definition, we have

γ := Pr(fi = pos | pi = ti)

δ := Pr(fi = neg | pi ̸= ti)

Let us also define

α := Pr(fi = neg | pi = ti)

β := Pr(fi = pos | pi ̸= ti)
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Algorithm 1 Algorithm for simulating user feedback

INPUT: Client data: Dn
u = {xi, yi}; Pseudo labels: ρi

OUTPUT: Dn
pos and Dn

neg

1: Dn
pos ← {}, Dn

neg ← {}
2: for sample i in Dn

u do
3: if yi == ρi then ▷ correct model prediction
4: Dn

pos ← {Dn
pos ∪ i} with probability γ

or
5: Dn

neg ← {Dn
neg ∪ i} with probability 1− γ ▷ noise

6: else if yi! = ρi then ▷ incorrect model prediction
7: Dn

neg ← {Dn
neg ∪ i} with probability δ

or
8: Dn

pos ← {Dn
pos ∪ i} with probability 1− δ ▷ noise

9: end if
10: end for
11: return Dn

pos and Dn
neg

Note that the above definitions imply that

1− α− γ = Pr(fi = idk | pi = ti)

1− β − δ = Pr(fi = idk | pi ̸= ti)

Moreover, let a denote the accuracy of the labels
predicted by the model defined as

a := Pr(pi = ti)

Define sets {Sj}j∈[6] such that

S1 := {i ∈ [n] : fi = pos and pi = ti}
S2 := {i ∈ [n] : fi = pos and pi ̸= ti}
S3 := {i ∈ [n] : fi = neg and pi = ti}
S4 := {i ∈ [n] : fi = neg and pi ̸= ti}
S5 := {i ∈ [n] : fi = idk and pi = ti}
S6 := {i ∈ [n] : fi = idk and pi ̸= ti}

define nj := |Sj |. Note that
∑
j∈[6]

nj = n.

Theorem 1. The maximum likelihood estimators
for γ and δ are n1/(n1 + n3 + n5) and n4/(n2 +
n4 + n6) respectively.

Proof. Now for any data point i ∈ [n], we have

Pr(i ∈ S1) = Pr(fi = pos and pi = ti)

= Pr(fi = pos | pi = ti) · Pr(pi = ti)

= γa.

By a similar reasoning, we have

Pr(i ∈ S2) = β(1− a)
Pr(i ∈ S3) = αa

Pr(i ∈ S4) = δ(1− a)
Pr(i ∈ S5) = (1− α− γ)a
Pr(i ∈ S6) = (1− β − δ)(1− a)

Therefore the likelihood function of the model
is

L(α, β, γ, δ | X) =
n!

n1! . . . n6!
(γa)n1

(β(1− a))n2(αa)n3

(δ(1− a))n4((1− α− γ)a)n5

((1− β − δ)(1− a))n6

and consequently the log-likelihood function is

logL(α, β, γ, δ | X) = log

(
n!

n1! . . . n6!

)
+

n1 log(γa) + n2 log(β(1− a))+
n3 log(αa) + n4 log(δ(1− a))+

n5 log((1− α− γ)a)+
n6 log((1− β − δ)(1− a))

(11)

To obtain MLE estimates of parameters
α, β, γ, δ, we wish to solve the following optimiza-
tion problem

max
(α,β,γ,δ)∈[0,1]4

logL(α, β, γ, δ | X) (12)
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By Fermat’s theorem, the optimal solution to the
above optimization problem lies at either a bound-
ary point or a stationary point.

The boundary points of the set [0, 1]4 are given
by the set

B := {(α, β, γ, δ) ∈ [0, 1]4 : α = 0 or α = 1 or

β = 0 or β = 1 or

γ = 0 or γ = 1 or

δ = 0 or δ = 1}

The value of the function logL(α, β, γ, δ) is nega-
tively unbounded on the set B.

On the other hand, the stationary points can be
determined by setting the gradient to be zero, i.e.,
by solving the equation

∇(α,β,γ,δ) logL(α, β, γ, δ | X) = 0.

Solving the above equation yields the stationary
point (α∗, β∗, γ∗, δ∗) given as

α∗ = n3/(n1 + n3 + n5)

β∗ = n2/(n2 + n4 + n6)

γ∗ = n1/(n1 + n3 + n5)

δ∗ = n4/(n2 + n4 + n6)

The value of the log-likelihood function at the
above critical point, i.e., logL(α∗, β∗, γ∗, δ∗ | X)
is positive which suggests that it is the optimizer of
the optimization problem in (12).

C Details on MTurk study

Figure 3 shows the instruction page used to guide
the workers on Mturk. Since our goal here was
to simulate real user feedback for AI systems, we
designed the prompt to mimic a situation where
users provide their judgements on the accuracy of
machine predictions on a given task. Each assign-
ment page had 40 questions for the 20news task
(50 for sst2), with an example question shown in
Figure 4. For a real world application of this set-
ting, we can imagine an email categorization model
deployed on end-user email clients which automat-
ically classifies incoming emails to a predefined
class. The user would approve (select Accurate to
above question) if the categorization was correct,
reject or make correction (select Inaccurate to the
question) or take no action. This closely follows
the federated user feedback scenario described in
our experiments with users explicitly providing
positive or negative feedback.

We recruited highly reliable annotators on Mturk
by selecting past approval rate as 95%+ and num-
ber of past approved tasks as 5000+. The average
time for each task was 30 minutes, and the annota-
tors were paid $7 for completing the task which is
above the US federal minimum hourly wage, given
the average time for task completion. Note that we
did not place any geographic restrictions on the an-
notators, nor reject any partial submissions, despite
stating as such in the instruction sheet, as they were
few in number.

In Figure 5, we show the error in user feedback
computed against gold labels for all the users. We
also show the distribution of positive and negative
responses for all the users. As evident from the
figure, users provide positive feedback in majority
cases. This behavior is expected since the initial
model’s accuracy for 20news is 59.14% and for
sst2 is 77.37%; since a the majority of the pseudo
labels are correct predictions, we expect mostly
positive feedback from the users.
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Figure 3: Instruction page with guidelines for Mturk annotators.

Figure 4: Example annotation task
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A B

C D

Figure 5: User feedback behavior of clients in Mturk case study. A & C: Incorrect feedback(%) for all the clients
for 20news and sst2. B & D: Distribution of negative and positive feedback for each client in 20news and sst2
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Abstract

Masked Language Models (MLMs) pre-trained
by predicting masked tokens on large corpora
have been used successfully in natural language
processing tasks for a variety of languages. Un-
fortunately, it was reported that MLMs also
learn discriminative biases regarding attributes
such as gender and race. Because most stud-
ies have focused on MLMs in English, the
bias of MLMs in other languages has rarely
been investigated. Manual annotation of eval-
uation data for languages other than English
has been challenging due to the cost and diffi-
culty in recruiting annotators. Moreover, the
existing bias evaluation methods require the
stereotypical sentence pairs consisting of the
same context with attribute words (e.g. He/She
is a nurse). We propose Multilingual Bias Eval-
uation (MBE) score, to evaluate bias in various
languages using only English attribute word
lists and parallel corpora between the target lan-
guage and English without requiring manually
annotated data. We evaluated MLMs in eight
languages using the MBE and confirmed that
gender-related biases are encoded in MLMs
for all those languages. We manually created
datasets for gender bias in Japanese and Rus-
sian to evaluate the validity of the MBE. The
results show that the bias scores reported by
the MBE significantly correlates with that com-
puted from the above manually created datasets
and the existing English datasets for gender
bias.

1 Introduction

Masked Language Models (MLMs) (Devlin et al.,
2019), which are pre-trained on large corpora, have
been used successfully in natural language process-
ing tasks for various languages (Conneau and Lam-
ple, 2019; Martin et al., 2020; Conneau et al., 2020).
Unfortunately, it has been reported that MLMs also

∗Danushka Bollegala holds concurrent appointments as
a Professor at University of Liverpool and as an Amazon
Scholar. This paper describes work performed at the Univer-
sity of Liverpool and is not associated with Amazon.

learn social biases regarding attributes such as gen-
der, religion, and race (Kurita et al., 2019; Dev
et al., 2020; Kaneko and Bollegala, 2021a; Bender
et al., 2021). The bias in MLMs is evaluated by
the imbalance of the likelihood between pairs of
sentences associated with an attribute that has a
common context (e.g. He/She is a nurse). Nadeem
et al. (2021) masked the modified tokens (e.g. He,
She), and Nangia et al. (2020) masked the unmod-
ified tokens (e.g. is, a, nurse) one word at a time
and calculated the likelihood from their predictions
to evaluate the bias. Kaneko and Bollegala (2021c)
evaluated the bias using the average of the likeli-
hoods of all tokens without masking the MLM.

Despite the numerous studies of social bias in
MLMs covering English, social biases in MLMs
for other languages remain understudied (Lewis
and Lupyan, 2020; Liang et al., 2020; Bartl et al.,
2020; Zhao et al., 2020). To realise the diverse
and inclusive social and cultural impact of AI, we
believe it is important to establish tools for detect-
ing and mitigating unfair social biases in MLMs,
not only for English but for all languages. How-
ever, the significant manual annotation effort, the
costs and difficulties in recruiting qualified anno-
tators remain major challenges when creating bias
evaluation benchmarks for target languages. For
example, existing bias evaluation benchmarks such
as CrowS-Pairs (CP; Nangia et al., 2020) and Stere-
oSet (SS; Nadeem et al., 2021) require human-
written sentences (or pairs of sentences) eliciting
different types of social biases expressed in the tar-
get language. However, scaling up this approach
to all languages is challenging because recruiting
a sufficiently large pool of annotators to cover the
different types of social biases in those languages
is difficult. Because of the above-mentioned chal-
lenges, bias evaluation datasets and studies outside
English remain under-developed.

To address this problem, we propose Multilin-
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Figure 1: The bias evaluation method using a parallel corpus between English and the target language and an
English female and male words list. Matrix values in Step 2 are the similarities between male and female sentences.

gual Bias Evaluation (MBE) score1, a social bias
evaluation method that can be used to evaluate bi-
ases in pre-trained MLMs for a target language
without requiring significant manual annotations
for that language. MBE can perform equivalent
bias evaluation using only existing parallel corpora
and lists of English masculine (e.g. he, his, father,
son etc.) and feminine (e.g. she, her, mother, daugh-
ter, etc.) words, without requiring any manually
annotated sentences for social biases in the target
language. Although MBE require parallel corpora,
such sources already exist for numerous language
pairs2 or can be automatically mined with less ef-
fort compared to annotating bias evaluation data
(Artetxe and Schwenk, 2019b,a). As a concrete ex-
ample, we evaluate the proposed method for gender
bias, which exists in many languages. Extending
the proposed method to other types of social biases
beyond gender biases is deferred to future work. As
shown in Figure 1, MBE first (shown in Step 1) ex-
tracts target language sentences containing female
words (female sentences) and sentences containing
male words (male sentences) from a parallel corpus
between English and the target language using a
list of gender words in English. Second, (shown
in Step 2) MBE calculates the likelihoods for each
of the extracted female and male sentences in the
target language using the given MLM under evalua-
tion. Finally, (shown in Step 3) MBE compares the
likelihoods between each female sentence and all
male sentences considering all pairwise combina-
tions, and increment a count by 1 if the likelihood
of the male sentence is greater than that of the fe-
male sentence, and 0 otherwise.

As for Step 1, we do not require any knowledge

1Our code and dataset: https://github.com/
kanekomasahiro/bias_eval_in_multiple_mlm

2https://www.clarin.eu/
resource-families/parallel-corpora

about the target language or manual annotations
because we use only the existing English attribute
word lists and parallel corpora between English
and the target language. This is attractive from a
data availability point of view, which makes our
proposed method easily extendable to different lan-
guages. Kaneko and Bollegala (2021c) found that
the frequency of the words associated with the male
gender to be significantly higher than that for the fe-
male gender in the data used to train MLMs. They
showed that these frequency-related biases are en-
coded into MLMs, and independently of whether a
sentence contains a stereotypical or antistereotyp-
ical context, an MLM that is biased towards the
male gender, on average, assigns higher likelihood
scores to sentences that contain masculine words
than feminine words3. Inspired by this finding, in
Step 2, we calculate the likelihood scores assigned
by an MLM under evaluation to sentences that con-
tain male and female related words in different
contexts (e.g. He is a baseball player and She is a
nurse). Step 3 of our proposed method performs
the computation of the bias score considering the
similarity between the contexts in sentence pairs
that contain male and female related words. The
more similar the sentence pairs are, the more sim-
ilar the estimates would be compared to the bias
evaluation measures that require identical contexts.
Therefore, we weight the bias score estimates by
the similarity of the sentence pairs using the sen-
tence representations obtained from the MLM un-
der evaluation. We ignore dissimilar sentence pairs
and compute the bias score from the similar sen-

3Nangia et al. (2020) define stereotypical sentence to be a
case where an advantaged group (in the case of gender bias
male is considered as the advantaged group, whereas female is
the disadvantaged group) is associated with a pleasant attribute
(e.g. The man is intelligent) or a disadvantaged group is
associated with an unpleasant attribute (e.g. The woman is
careless).
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tence pairs, which is defined as the percentage of
sentence pairs where the sentence containing the
masculine words is assigned a higher likelihood
than the sentence containing the feminine words.

Bias in MLM is thought to depend on both the
MLM and the evaluation data, so in this paper, we
are investigating both using two corpora for English
MLMs. Using the proposed method, we evalu-
ated gender bias in MLMs in eight other languages:
German, Japanese, Arabic, Spanish, Portuguese,
Russian, Indonesian, and Chinese. Prior work in-
vestigating social biases in MLMs for English have
shown that different types and levels of biases are
shown by different MLMs even for the same lan-
guage (Kaneko and Bollegala, 2021a,c; Dev et al.,
2020). We defer covering different MLMs across
multiple languages to future work and focus on es-
tablishing MBE as an evaluation measure that can
be used for such a study.

Our evaluations show that all MLMs learn
gender-related biases in all languages studied.
To further validate MBE, we conduct a meta-
evaluation where we use an existing manually an-
notated English bias evaluation dataset and two
additional datasets we annotate in this work cov-
ering gender-related biases in Japanese and Rus-
sian languages. The bias scores computed using
MBE show significantly high correlations with hu-
man bias annotations on both datasets (CP and SS),
showing its validity for multiple languages as a
gender bias evaluation method. Furthermore, we
show that MBE is superior to methods using ma-
chine translations to evaluate bias in non-English
languages. We also show that bias evaluation meth-
ods based on templates and word lists significantly
overestimate the bias in MLMs due to the unnatu-
ralness of the created templates. Our analyses on
the effects of English names on gender information
and preservation of gender information in parallel
corpora suggest that bias can be evaluated reason-
ably even with some loss of gender information.

2 Related Work

In the study of bias in English MLMs, May et al.
(2019) and Kurita et al. (2019) use a pair of ar-
tificial sentences created using manually written
templates. However, template-based evaluation is
problematic because it uses an artificial context
that does not reflect the natural usage and distribu-
tion of words in the target language. To solve this
problem, Nadeem et al. (2021) and Nangia et al.

(2020) manually created bias evaluation datasets,
SS and CP, respectively, with stereotypical and
antistereotypical sentence-pairs with identical con-
texts, except the attribute words. However, recent
work has pointed out various issues in CP and SS
datasets and has argued that they may not provide
effective measurements of stereotyping (Blodgett
et al., 2021). In this study, (social) bias is defined as
the tendency towards outputting sentences about a
particular advantageous or disadvantageous group,
such as males or females, given the same context by
an MLM. However, these benchmarks are currently
the most commonly used benchmarks for bias eval-
uation in MLMs, so we also use them in this work.
We note that MBE is independent of any bias eval-
uation benchmark datasets. Our focus in this paper
is on evaluating gender bias in multiple languages
and not on comparing or proposing novel debiasing
methods. However, for the completion of the dis-
cussion, we note that methods for debiasing MLMs
using sentence vectors from MLMs (Bommasani
et al., 2020) and lists of English male and female
words has been studied (Sedoc and Ungar, 2019;
Kaneko and Bollegala, 2021a; Dev et al., 2020;
Zhou et al., 2022).

In prior work on MLMs, social biases for lan-
guages other than English have rarely been inves-
tigated. Ahn and Oh (2021) investigated ethnic
bias in monolingual MLM in six languages by ex-
tending the templates to other languages using ma-
chine translation. The biases of MLMs have been
evaluated using templates for English and Chinese
(Liang et al., 2020) and for English and German
(Bartl et al., 2020). Zhao et al. (2020) investigated
the gender bias of a classifier that predicts the oc-
cupation from resumes using multilingual word
embeddings and multilingual MLM embedding in
Spanish, German and French. They evaluated bias
by using machine translation on the English data,
when an MLM is used to create feature represen-
tations in a specific task. However, this setting is
different from that of our study, where we evaluate
the bias of MLMs independently of a specific task.
Moreover, the above studies do not discuss or pro-
pose methods on how to create evaluation data that
can be applied to many languages.

Following the pioneering work by Bolukbasi
et al. (2016) that proposed a bias evaluation and de-
biasing methods, various studies have investigated
social biases in English (Caliskan et al., 2017; Zhao
et al., 2018; Kaneko and Bollegala, 2019, 2021b;
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Dev and Phillips, 2019). Unlike the contextual
word embeddings produced by MLMs, evaluating
social biases in static word embeddings is relatively
less complicated because it can often be done using
word lists without requiring annotated sentences.
In static word embeddings, bias has been investi-
gated in various languages besides English due to
this ease of annotating evaluation data. Lauscher
and Glavaš (2019) translated the English word lists
into six languages and evaluated the bias of the
word embeddings. Zhou et al. (2019) proposed an
evaluation metric for languages that require gen-
der morphological agreement, such as in Spanish
and French. Friedman et al. (2019) quantified the
gender bias of word embeddings to understand cul-
tural contexts with large-scale data, and used it to
characterize the statistical gender gap in education,
politics, economics, and health in US states and
several countries. Bansal et al. (2021) proposed
a debiasing method by constructing the same bias
space for multiple languages, and adapted it to
three Indian languages. Other bias studies have
been conducted for specific languages (Takeshita
et al., 2020; Pujari et al., 2019; Sahlgren and Ols-
son, 2019; Chávez Mulsa and Spanakis, 2020), but
they are not easily transferable to novel languages.

3 Bias Evaluation for Multiple Languages

Our proposed MBE score evaluates the gender bias
of the target language under evaluation in three
steps (see Figure 1). In Step 1, we first define the
set of English sentences E and the set of target lan-
guage sentences T of the parallel corpus, where N
is the data size, and (ei, ti) is a parallel sentence
pair. Let Vf (e.g. she, woman, female) be the list of
female words and Vm (e.g. he, man, male) be the
list of male words in English. We then extract sen-
tences that contain a female or a male word from E .
Sentences that contain both male and female words
are excluded. Let us denote the set of sentences
extracted for a female or a male word w by Φ(w).
Let Ef =

⋃
w∈Vf Φ(w) and Em =

⋃
w∈Vm Φ(w)

be the sets of sentences containing respectively all
of the male and female words. The set of sentences
in the target language of the source sentences in-
cluded in Ef and Em is denoted by Tf and Tm,
respectively. It is assumed that gender information
is retained in the parallel corpus, and whether this
is actually the case is verified later.

In Step 2, we compute the likelihood for the
full sentences in Tf and Tm. Let us consider a

target sentence T = w1, w2, . . . , w|T |, containing
length |T | sequence of tokens wi. We calculate
the likelihood with All Unmasked Likelihood with
Attention weights (AULA; Kaneko and Bollegala,
2021c) which evaluates the bias by considering
the weight of MLM attention as the importance of
tokens. Given an MLM with pre-trained parameters
θ, which we must evaluate it for its gender bias, let
us denote the probability PMLM(wi|T ; θ) assigned
by the MLM to a token wi conditioned on all the
tokens of T . AULA predicts all of the tokens in T
using the attention weights to evaluate social biases
considering the relative importance of words in a
sentence, which is given by (1).

A(T ) :=
1

|T |

|T |∑

i=1

αi logPMLM(wi|T ; θ) (1)

Here, αi is the average of all multi-head attentions
associated with wi.

In Step 3, by comparing the likelihoods of fe-
male and male sentences returned by AULA, we
calculate the bias score as the weighted average of
the similarities of contexts using the sentence repre-
sentations produced by the MLM under evaluation.
Specifically, We use the percentage of male (Tm)
sentences (e.g. He is a baseball player) preferred
by the MLM over female (Tf ) ones (e.g. She is a
nurse) to define the corresponding multilingual bias
evaluation measure (MBE bias score) as follows:

100×
∑
Tm∈Tm

∑
Tf∈Tf

C(Tm, Tf )I(A(Tm) > A(Tf ))
∑
Tm∈Tm

∑
Tf∈Tf

C(Tm, Tf )

(2)

Here, I is the indicator function, which returns 1 if
its argument is True and 0 otherwise. C(Tm, Tf )
uses the average of the last layer in MLM for all to-
kens except special tokens to compute the sentence
embeddings of Tm and Tf respectively and com-
putes the cosine similarity of these embeddings.
According to this evaluation measure, values close
to 50 indicate that the MLM under evaluation is
neither females nor males biased, hence, it can be
regarded as unbiased. On the other hand, values be-
low 50 indicate a bias towards the male group and
above 50 towards the female group. We report a
statistically significant difference comparing to the
model with randomly assigned results of the indi-
cator function I in Equation 2 with the McNemar’s
test (p < 0.05). For each sentence, the presence or
absence of bias is predicted by two methods, MLM
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Lang TED News

German 4.7K 2.1K
Japanese 6.2K 1.8K
Arabic 7.0K 1.7K
Spanish 7.1K 17.3K
Portuguese 5.7K 2.2K
Russian 6.7K 3.9K
Indonesian 2.9K 0.5K
Chinese 6.8K 3.4K

Table 1: The total number of male and female sentences
extracted from the parallel data for each language.

and Random. The McNemar’s test was used by
classifying into four categories: only MLM was
biased, only random was biased, both were unbi-
ased, and both were biased. We use the statistically
significant difference to determine if there is a bias.

4 Gender Bias in Masked Language
Models

We use two parallel corpora, the TED2020 v1 cor-
pus in the spoken language domain (TED)4 and the
GlobalVoices corpus in the news domain (News)5.
Table 1 shows the total number of extracted male
and female sentences for each language. Except
for Spanish, the News corpus is smaller than the
TED corpus for all languages. In particular, the
Indonesian news corpus is an extremely low re-
source. For the list of female and male words
in English, we use the list created by Bolukbasi
et al. (2016)6 in addition to the female and male
names in CP (Nangia et al., 2020). The extracted
male and female sentences were downsampled to
create sets of an equal number of sentences. We
experimented on the GeForce RTX 2080 Ti us-
ing the transformers7 implementation with
default settings (Wolf et al., 2020). All evaluations
are completed within 10 minutes.

We used Masked Language Models (MLMs) in
eight languages for our experiments: Japanese8,
German9 (Chan et al., 2020), Arabic10 (Antoun

4https://opus.nlpl.eu/TED2020.php
5https://opus.nlpl.eu/

GlobalVoices-v2017q3.php
6https://github.com/uclanlp/gn_glove/

tree/master/wordlist
7https://github.com/huggingface/

transformers
8https://huggingface.co/cl-tohoku/

bert-base-japanese-whole-word-masking
9https://huggingface.co/deepset/

gbert-base
10https://huggingface.co/aubmindlab/

bert-base-arabertv01

Lang MBE(TED) MBE(News)

German 54.69‡ 55.12‡

Japanese 54.52‡ 50.99
Arabic 55.72‡ 54.39‡

Spanish 51.44‡ 51.69‡

Portuguese 53.07‡ 54.99‡

Russian 54.59‡ 51.00
Indonesian 52.38‡ 50.52
Chinese 52.86‡ 51.80‡

Table 2: The bias score of MLMs using MBE in dif-
ferent languages. ‡ indicates statistically significant
difference at p < 0.05.

et al., 2020), Spanish11 (Cañete et al., 2020), Por-
tuguese12 (Souza et al., 2020), Russian13, Indone-
sian14 and Chinese15 (Cui et al., 2020).

Table 2 shows the bias scores of the proposed
MBE method for the TED and News corpora for
the MLMs considered. Here, the significant dif-
ference is evaluated against the MBE score of a
randomly assigned indicator function. Overall, we
see gender-related biases are reported in all cases.
In particular, significant biases are shown in the
News corpus for all languages except Japanese,
Russian and Indonesian. Moreover, the different
levels of biases reported for Russian and Japanese
between TED and News corpora indicate that bias
evaluations are affected not only by the MLMs but
also the corpora used. It is known that the bias ten-
dency of MLMs changes depending on the training
data (Babaeianjelodar et al., 2020), and similarly,
the bias evaluation of MLMs is affected by the eval-
uation corpus. Because MBE can evaluate bias in
various domains as long as there are parallel cor-
pora. It can also capture corpus-dependent biases,
unlike existing methods requiring manually created
domain-specific sentence pairs.

5 Meta-Evaluation

We perform a meta-evaluation to validate MBE
scores against human bias ratings. In §5.1 we mea-
sure the correlation between MBE scores and ex-
isting measures on CP and SS, which are manu-

11https://huggingface.co/dccuchile/
bert-base-spanish-wwm-uncased

12https://huggingface.co/neuralmind/
bert-base-portuguese-cased

13https://huggingface.co/blinoff/
roberta-base-russian-v0

14https://huggingface.co/cahya/
bert-base-indonesian-522M

15https://huggingface.co/hfl/
chinese-bert-wwm-ext
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Shf MBE

CP

Spearman 0.06 0.41
Pearson 0.05 0.63†

Direction 0.54 0.72
Diff 4.06 2.36

SS

Spearman 0.21 0.41
Pearson 0.04 0.62†

Direction 0.54 0.72
Diff 6.66 5.04

Table 3: Bias scores computed using Shf and the MBE
methods for English MLMs in CP and SS. Correla-
tion between the original and proposed evaluation rep-
resented by Spearman and Pearson correlation coeffi-
cients. † indicates significant correlation at p < 0.05.
Direction is the percentage of agreement for direction
of the bias score between original and proposed evalu-
ations. Diff is the mean of the difference between the
bias scores of the original and proposed methods.

ally annotated bias evaluation benchmarks for En-
glish. In §5.2 to compare the evaluation methods
in the target languages using MBE and manually
annotated data, we manually translate the CP into
the Japanese and Russian, which demonstrate high
corpus-specific biases according to Table 2.

5.1 Gender Bias Evaluation Using Manually
Annotated Data in English

To validate MBE scores using human bias ratings,
we use CP and SS datasets for English. As baseline
method we use Shf, which shuffles the sets of male
and female sentences and randomly pair sentences
from this set. Shf is used to show the usefulness
of comparing the likelihoods of male and female
sets. In the existing evaluation method using man-
ually annotated sentence pairs, the bias score is
calculated for stereotypical Ss (e.g. He is a doc-
tor) and anti-stereotypical Sa (e.g. She is a doctor)
sentences with identical contexts as follows:

100

N

∑

Ss,Sa

I(A(Ss) > A(Sa)) (3)

where N is the total number of sentences. We use
this bias score as an upper bound score to com-
pare against it the results for Shf and MBE using
the rank correlations (Spearman and Pearson), the
agreement of the direction of bias between female
and male directions (Direction), where the bias
scores above 50 indicate a bias towards the male
direction and that below 50 towards the female di-
rection, and the difference of the bias scores (Diff )
from the results of the method using manual an-
notation. In the proposed method and Shf, for the

gender bias data of CP and SS, we extract sen-
tences containing male and female words for each
sentence, instead of sentence pairs, and use them
for evaluation using Equation 3.

As English MLMs, we use BERT16, multilingual
BERT17 (Devlin et al., 2019), RoBERTa18 (Liu
et al., 2019), ALBERT19 (Lan et al., 2019), Dis-
tilBERT20, DistilRoBERTa21 (Sanh et al., 2019),
ConvBERT22 (Jiang et al., 2020), XLM23 (Con-
neau and Lample, 2019), and Deberta24 (He et al.,
2020). Since BERT and RoBERTa each use two
models of different sizes, we use a total of 11 mod-
els. We report the averaged results over the above
11 models.

Table 3 shows that MBE has high performance
in all evaluations. Performance of Shf highlights
the importance of comparing male against female
sentences in sentence pairs.

5.2 Gender Bias Evaluation Using Manually
Annotated Data in Japanese and Russian

To validate MBE scores, which does not require
evaluation data with identical context, nor manual
creation of evaluation data in the target languages
other than English, we use the following methods:
HT: Native speakers manually translated all 262
sentence pairs in CP into Japanese and Russian
and apply Equation 3. This human translated (HT)
baseline can be seen as an upper bound for bias
evaluation compared to MBE, which does not re-
quire translated examples. Lower difference from
these bias scores in this human-translated (HT)
method would indicate a more reliable bias eval-
uation measure. Note that, it is not appropriate
to compare the bias score calculated using the En-
glish MLMs with the bias score calculated using
the Japanese MLMs because we are evaluating dif-

16https://huggingface.co/
bert-base-cased and https://huggingface.
co/bert-large-uncased

17https://huggingface.co/
bert-base-multilingual-uncased

18https://huggingface.co/roberta-base
and https://huggingface.co/roberta-large

19https://huggingface.co/albert-base-v2
20https://huggingface.co/

distilbert-base-cased
21https://huggingface.co/

distilroberta-base
22https://huggingface.co/YituTech/

conv-bert-medium-small
23https://huggingface.co/

xlm-mlm-100-1280
24https://huggingface.co/microsoft/

deberta-xlarge-v2
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MLM Bias score Diff

HT(Japanese)

base-subword 52.67‡ -
large-subword 56.87‡ -
base-char 48.47‡ -
large-char 55.73‡ -

MT(Japanese)

base-subword 49.24 -3.43
large-subword 52.67‡ -4.20
base-char 54.20‡ 5.73
large-char 45.80‡ 9.93

MBE(Japanese)

base-subword 54.89‡ 2.22
large-subword 55.85‡ -1.02
base-char 52.69‡ 4.22
large-char 50.60 -5.13

Tmp(Japanese)

base-subword 88.31‡ 35.64
large-subword 82.13‡ 25.26
base-char 64.63‡ 16.16
large-char 45.40‡ -10.33

Table 4: The CP bias scores for manually translated CP
to Japanese and bias scores for machine translated CP
and the proposed method MBE. Diff shows the differ-
ence between MT, MBE and Tmp bias scores and HT
bias scores, respectively. ‡ indicates statistically signifi-
cant difference at p < 0.05.

ferent models. Therefore, we calculate the bias
score in Equation 3 using the data translated into
Japanese and Russian.
MBE: Here, we let MBE(Japanese) and
MBE(Russian) be the MBE scores computed
using the Equation 2 and parallel data created
above by manually translating original (English)
CP dataset into Japanese and Russian for Step 1,
respectively.
MT: As an alternative to costly manual transla-
tions, we use Google Machine Translation method
(MT)25 to translate sentence pairs in CP sharing
identical contexts into each target language and
apply Equation 3.
Tmp: Although it requires some knowledge about
the target language, one can create templates in the
target language for both genders such as “[Gen-
der]は[Occupation]です” ([Gender] is a/an [Oc-
cupation]) in Japanese, and fill in male and female
word pairs, and occupation words as in “彼/彼女は
医者です” (He/She is a doctor) to create an equal
number of sentences as the evaluation data for
Equation 3. In the template-based method (Tmp),
five word pairs were used for Japanese and Rus-
sian following prior work by Kurita et al. (2019)26.

25In July 2021, we translated CP data using google spread-
sheet function: https://support.google.com/
docs/answer/3093331?hl

26Japanese: 彼:彼女,男:女,父:母,兄:姉,叔父:叔母. Rus-

MLM Bias score Diff

HT(Russian) wiki&nwes 46.95‡ -
subtitle&sns 48.85‡ -

MT(Russian) wiki&nwes 49.62 2.67
subtitle&sns 50.38 1.53

MBE(Russian) wiki&nwes 46.05‡ -0.90
subtitle&sns 48.82‡ -0.03

Tmp(Russian) wiki&nwes 34.87‡ -12.1
subtitle&sns 63.51‡ 14.7

Table 5: The CP bias scores for manually translated CP
to Russian and bias scores for machine translated CP and
the proposed method MBE. Diff shows the difference
between MT, MBE and Tmp bias scores and HT bias
scores, respectively. ‡ indicates statistically significant
difference at p < 0.05.

The templates were “[Gender]は[Occupation]で
す。” and “[Gender]は[Occupation]に興味があ
る。” in Japanese and “[Gender] - [Occupation].”
and “[Gender] - [Occupation]поспециа
льности.” were used for Russian. We ex-
tracted respectively 644 and 154 occupation words
for Japanese and Russian from Wikipedia27. Fol-
lowing prior work by Kurita et al. (2019), we gener-
ated respectively 6400 and 1500 template sentences
for Japanese and Russian, and evaluated them using
sentence pairs with identical contexts.

For Japanese MLMs, we evaluate four Japanese
BERT models (base-subword28, large-subword29,
base-char30, large-char31), subword-based and
character-based, with base and large sizes. For Rus-
sian, we use two MLMs – one trained on Wikipedia
and news data (wiki&news)32 and the other on
OpenSubtitles (Lison and Tiedemann, 2016) and
SNS data (Shavrina and Shapovalova, 2017). For
Japanese and Russian, we use the difference of the
bias scores instead of the correlation coefficients

sian: Он:Она, Мужчина:Женщина, П
апа:Мама, Брат:Сестра, Дядя:
Тетя (English: He:She, Man:Woman, Father:Mather,
Brother:Sister, Uncle:Aunt)

27https://ja.wikipedia.org/wiki/職業一覧
and https://ru.wikipedia.org/wiki/Кате
гория:Профессии

28https://huggingface.co/cl-tohoku/
bert-base-japanese-v2

29https://huggingface.co/cl-tohoku/
bert-large-japanese

30https://huggingface.co/cl-tohoku/
bert-base-japanese-char-v2

31https://huggingface.co/cl-tohoku/
bert-large-japanese-char

32https://huggingface.co/DeepPavlov/
rubert-base-cased
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MLM Bias score Diff

HTname(Japanese)

base-subword 52.29‡ -0.38
large-subword 54.58‡ -2.29
base-char 48.47‡ 0.00
large-char 53.44‡ -2.29

HTname(Russian) wiki&news 47.33‡ 0.38
subtitle&sns 48.09‡ -0.76

Table 6: The difference between the bias score for the
original data and the bias score for the CP data trans-
lated into Japanese and Russian with the names of peo-
ple replaced by Japanese and Russian, respectively. ‡
indicates statistically significant difference at p < 0.05.

with HT because the number of publicly available
pre-trained MLMs is smaller than that of English.

Tables 4 and 5 show the bias scores of HT, MT,
Tmp and MBE and their differences measured
against HT for Japanese and Russian MLMs, re-
spectively. We see that the difference between the
bias scores of HT and MBE are smaller than that
for MT, indicating that MBE closely approximates
the human bias ratings in HT than other alterna-
tives. Moreover, we see that the direction of bias is
reversed for base-char, large-char, and subtitle&sns
compared to HT. Note that we can not directly com-
pare Tmp with other methods due to the difference
in evaluation data. However, as one of the previous
bias evaluation methods, Tmp overestimates the
biases of MLMs, especially for Japanese subwords.
This is because simple artificial templates often
over-emphasize gender biases compared to natu-
ral sentences, Interestingly, MBE is more accurate
than MT when evaluating gender biases. Further
investigations revealed that MT model itself could
produce gender-biased translations, thereby adding
noise to the translated sentences.

6 Bias in Personal Names

One of the most significant differences in the fre-
quency of words used in each language that affects
gender bias is the names of people. In bias evalu-
ation, male and female names are used to identify
the gender (Caliskan et al., 2017; Romanov et al.,
2019). However, when names are transliterated
from English to the target language, those translit-
erated names might be infrequent in the target lan-
guage and might not be gender representative. To
study the effect of this issue on gender bias evalua-
tion, we conduct the following experiment. First,
for the Japanese and Russian target languages, we
replace the transliterated English names in the CP

0

25

50

75

100

German Portuguese Japanese Russian

Female Male

Figure 2: Percentage of manually translated sentences
preserving gender information from English News data.

data with native Japanese and Russian names of
the same gender. Next, we compare the bias scores
with those before the replacement in Tables 4 and
5. We extracted the top 10 most popular names
among Japanese33 and Russians34 for both genders,
and randomly substituted them with the translit-
erated English names. For example, we rewrite
“シェリーはナースです”→ “美咲はナースで
す” (“Shelly is a nurse”→ “Misaki is a nurse”).

Table 6 shows the MBE score for
Japanese (HTname(Japanese)), and Russian
(HTname(Russian)) after the name replacement and
the corresponding differences w.r.t. original bias
scores shown in Tables 4 and 5). We can see that
the bias scores of the Japanese base models and all
the Russian models are almost the same compared
to respective values in Tables 4 and 5. The large
models for Japanese differ by about -2.29, which
is lower than the baseline in the table. Moreover,
the direction of the bias has not changed in both
languages compared to respective directions in
Tables 4 and 5. These results suggest that the bias
can be evaluated reasonably even when English
names are transliterated into a target language.

7 Preserving Gender in Parallel Corpora

Step 1 of the proposed method requires that gender
information in English (source) sentence matches
that with the target translation in the parallel data.
To test for this, we examine the proportion of sen-
tences in which the corresponding translated words
of English “she” and “he” appear to determine
whether female or male gender information is re-
tained. We use the News corpus and select Japanese

33https://www3.nhk.or.jp/news/special/
sakusakukeizai/articles/20181127.html

34https://znachenie-tajna-imeni.
ru/top-100-zhenskih-imen/ and
https://znachenie-tajna-imeni.ru/
top-100-muzhskih-imen/
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and Russian, which had no bias, and German and
Portuguese, which had significant biases (Table 2).

Figure 2 shows the percentage of sentences
where gender was retained for male and female
sentences in the target languages35. For German,
Portuguese, and Russian, gender is retained in more
than 80% of the sentences. This suggests that when
the the percentage of gender-preserved sentences is
large, it does not affect the MBE score. In Japanese,
gender information is retained in only about 60%
of sentences, which is much lower than in other
languages. This may be because Japanese is a null-
subject language that allows independent clauses
to omit explicit subjects. In fact, in some cases,
gender words were omitted in the parallel corpus,
for example “He owns a grocery store and runs a
motorcycle rental business.” was translated to “自
分の食料品店を持ち、レンタルバイクビジ
ネスも営んでいる。 (Owns a grocery store and
runs a rental motorcycle business.)”. Contrarily,
from the results in Table 4, MBE(Japanese) can de-
tect the bias better than other methods. The reason
may be that even if the gender words are omitted
if the context is composed of words that often co-
occur with male and female words, it is possible
that it complements the gender information. In
fact, Bolukbasi et al. (2016) show that words that
co-occur with male and female words retain gen-
der information. The results also show that gender
preservation is not heavily biased in either the male
or female direction, based on the small difference
between percentages for male and female sentences
for each language. This suggests that the bias in the
preservation of gender information may not affect
the evaluation of the proposed method.

8 Conclusion

In this paper, we showed that a bias evaluation data
and evaluation of MLMs for discriminatory bias
can be systematically created as long as there is a
parallel corpus of English and the target language
and a list of female and male words in English. Our
meta-evaluation proved that the proposed multilin-
gual bias evaluation method could perform correct
evaluation comparing against method using manu-
ally created data, at least for Russian, Japanese, and
English. The experimental results show that gender
bias exists in all eight languages of our experiments.
We also showed that the proposed method is supe-

35This is a conservative underestimate of gender preserva-
tion, because gender words can be translated by paraphrasing.

rior to the methods that use machine translation to
translate the English bias evaluation data into the
target language and the methods that use templates
and word lists.
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Abstract

Targeted Sentiment Analysis (TSA) is a central
task for generating insights from consumer re-
views. Such content is extremely diverse, with
sites like Amazon or Yelp containing reviews
on products and businesses from many differ-
ent domains. A real-world TSA system should
gracefully handle that diversity. This can be
achieved by a multi-domain model – one that is
robust to the domain of the analyzed texts, and
performs well on various domains. To address
this scenario, we present a multi-domain TSA
system based on augmenting a given training
set with diverse weak labels from assorted do-
mains. These are obtained through self-training
on the YELP reviews corpus. Extensive exper-
iments with our approach on three evaluation
datasets across different domains demonstrate
the effectiveness of our solution. We further
analyze how restrictions imposed on the avail-
able labeled data affect the performance, and
compare the proposed method to the costly al-
ternative of manually gathering diverse TSA
labeled data. Our results and analysis show
that our approach is a promising step towards a
practical domain-robust TSA system.

1 Introduction

Customer reviews of products and businesses pro-
vide insights for both consumers and companies.
They help companies understand customer satisfac-
tion or guide marketing campaigns, and aid con-
sumers in their decision-making. Sentiment anal-
ysis plays a central role in the analysis of such
material, by aiming to understand the sentiment
expressed in a review document or in a single re-
view sentence (Liu, 2012). Beyond these high-level
trends, identifying the sentiment towards a specific
product feature or an entity is important. Such a
fine-grained analysis includes the key task of Tar-
geted Sentiment Analysis (TSA), aimed at detect-
ing sentiment-bearing terms in texts and classifying
the sentiment towards them. For example, in the

sentence "The room was noisy, but the food was
tasty," the targets are room and food with negative
and positive sentiments, respectively. Our focus in
this work is on TSA of user reviews in English.

A real-world TSA system has to successfully
process diverse data. From toothbrushes to phones,
airline companies to local retailers, the online con-
tent today covers a broad range of reviews in many
domains. Ideally, a system for such a multi-domain
scenario should be able to cope with inputs from
any domain, those that were seen during training,
and, perhaps more importantly, those that were not.

To the best of our knowledge, this work is the
first to pursue TSA in a multi-domain setup, in-
tending to support input from multiple unknown
domains. Many previous works have used the in-
domain setup of training and testing on data from
the same domain (e.g. Li et al. (2019b)). Newer
works focus on the cross-domain setup, yet most
have explored a pairwise evaluation of training
on one source domain and evaluating on a single
known target domain (e.g. Rietzler et al. (2020);
Gong et al. (2020)).

Broadly, multi-domain learning (Joshi et al.,
2012) includes training and evaluation using data
from multiple domains (e.g. Dredze and Cram-
mer (2008); Qin et al. (2020); Dai et al. (2021b)).
Sometimes, it is assumed that the input texts are
accompanied by a domain label (e.g. Joshi et al.
(2012)). Here, we do not assume a domain label
is given – this has the advantage of allowing eas-
ier practical use of our model, without having to
specify the domain as part of the input. In other
cases, evaluation is limited to domains represented
in training, or otherwise performed in a zero-shot
setup only on unseen domains (Wang et al., 2020).
Our system handles both cases simultaneously, pro-
cessing data from domains well-represented in the
training data as well as from unseen domains.

For practical reasons, implementing a multi-
domain system with a single model that can handle
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all domains is desirable. This can save valuable
resources such as memory or GPUs, which are in
high demand by contemporary language models
(LMs). For example, it is impractical to expect
that an online service providing TSA analysis will
have a per-domain model, each keeping its many
parameters in memory, along with perhaps a set of
pre-allocated GPUs. Our goal is therefore to have
a single multi-domain model that performs well
on both seen and unseen domains. This is reminis-
cent of works in multilingual NLP that develop a
single model that handles multiple languages (e.g.
M-BERT released by Devlin et al. (2019), Liang
et al. (2020), Toledo-Ronen et al. (2020)).

A possible approach to our setting is training on
a diverse TSA dataset, potentially encompassing
many of the domains that the system is applied to.
However, obtaining such a dataset is a challenge.
The existing TSA datasets are limited in their diver-
sity, and the collection of a new large scale diverse
TSA dataset is complex (Orbach et al., 2021).

The road we take is therefore based on augment-
ing a TSA dataset of limited diversity with assort-
ment of weak labels, through self-training – one
of the earliest ideas for utilizing unlabeled data in
training (Chapelle et al., 2009). To show that our
approach is feasible, we performed an extensive
empirical evaluation with several LMs that were
fine-tuned with labeled data from the SEMEVAL

dataset of Pontiki et al. (2014) (henceforth SE).
This dataset is limited to two domains: restaurants
or laptops. Each model went through several self-
training iterations and evaluated on three TSA pub-
licly available datasets: SE, the MAMS dataset
of restaurant reviews (Jiang et al., 2019), and the
YASO dataset of open-domain reviews (Orbach
et al., 2021).

As part of our evaluation, we created two new
TSA resources. The first is an annotation layer on
top of the YASO dataset, specifying the domain of
each review. This allows a per-domain evaluation
providing insights on the performance of seen and
unseen domains. The second resource is a set of
manually annotated TSA reviews, which can be an
ad-hoc diverse TSA training set, an alternative to
the proposed method. We show that even in the
presence of such data in training our approach is
valuable. Both resources are available online.1

In summary, the main contributions of this work
are: (i) the first exploration of TSA in a multi-

1github.com/IBM/yaso-tsa

domain setup; (ii) demonstrating the feasibility of
multi-domain TSA by an extensive evaluation on
three datasets and the use of self-training; (iii) the
release of additional TSA resources: a new annota-
tion layer for the YASO dataset, and a set of fully
annotated reviews.

2 Related work
TSA The TSA task has been extensively studied
in different scenarios. Some works considered it
as a pipeline of two subtasks: (i) aspect-term ex-
traction (TE) for identifying target terms in texts
(e.g. Li et al. (2018); Xu et al. (2018)), and (ii)
aspect-term sentiment classification (SC) for deter-
mining the sentiment towards a given target term
(e.g. Dai et al. (2021a); Li et al. (2019c); Wang
et al. (2018)). Full TSA systems may combine
these building blocks by running TE and then SC
in a pipeline. Others, like our system, use a sin-
gle engine that provides an end-to-end solution to
the whole task, and may be based on pre-trained
language models (e.g. Li et al. (2019b); Phan and
Ogunbona (2020)) or a generative approach (Yan
et al., 2021; Zhang et al., 2021). In a cross-domain
setup, TSA research includes Chen and Qian (2021)
on TE, Rietzler et al. (2020) on SC, Wang and Pan
(2020); Pereg et al. (2020) for joint TE and opinion
term extraction and Gong et al. (2020) for the full
TSA task. In contrast with our setup, these works
all evaluate on one known domain.

Domain Adaptation A plethora of domain adap-
tation (DA) methods have been developed for han-
dling data from domains that are under-represented
in training. Several DA variants exist, of which the
most common one handles a single known target
domain. For sentiment analysis, DA is especially
important, as sentiment baring words tend to dif-
fer between domains (Ruder et al., 2017). One
promising DA approach is adjusting a given LM to
a target domain using pre-training tasks performed
on unlabeled data from that domain (Xu et al.,
2019; Rietzler et al., 2020; Zhou et al., 2020). An-
other recently proposed direction of DA explored
self-training for sentiment analysis (e.g. Liu et al.
(2021)).

Self Training At the core of our approach is the
iterative process of self-training. This methodology
has been successfully applied for varied research
problems, e.g. object detection (Rosenberg et al.,
2005), parsing (McClosky et al., 2006), handwrit-
ten digit recognition (Lee, 2013) and image clas-
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sification (Zou et al., 2019) (see also the survey
by Triguero et al. (2015)). Since the emergence of
pre-trained LMs, several works have explored fine-
tuning these models through self-training. Some ex-
amples are works on sentiment and topic classifica-
tion (Yu et al., 2021), negation detection (Su et al.,
2021), toxic span detection (Suman and Jain, 2021),
text classification (Karamanolakis et al., 2021) and
machine translation (Sun et al., 2021).

3 Method

Our self-training approach augments a given TSA
training set with weak-labels (WL) generated from
a large multi-domain corpus. The process (depicted
in Figure 1) starts by training an initial TSA model
on that given training data. Then, that model pro-
duces TSA predictions on a large unlabeled corpus
of diverse reviews. Finally, some of the predictions
are selected and added as weak labels to the origi-
nal training set. A new model is then trained with
the augmented data, applied to produce new predic-
tions on the unlabeled data, and the whole process
(detailed below) can repeat for several iterations.

3.1 TSA Engine

We consider TSA as a sequence tagging problem,
where the model predicts a discrete label for each
token of the input sequence. The possible labels
are: positive (P), negative (N) or none (O). The first
two labels represent tokens that are part of a sen-
timent target, and the O label represents all other
non-target tokens. For example, given "Here is a
nice electric car", the desired output is the target
electric car, identified from the output word-level
sequence (O,O,O,O,P,P). During inference, for
each sub-word piece within the input text, the la-
bels scores outputted by the transformer model are
converted into probabilities by applying softmax,
and the highest probability label is selected. The
sub-word pieces predictions within each word are
then merged by inducing the label of the first word
piece with sentiment on the other word-pieces. Fi-
nally, consecutive word sequences having the same
label (P or N) constitute one predicted target.

Our tagging scheme falls under the category of
a unified tagging scheme (Li et al., 2019a) with IO
labels. Previous works with a unified scheme used
the more complex IOBES labels (Li et al., 2019a,b),
where the B and E labels designate the beginning
and end of a target, respectively, and S represents
a single token target. Observing that the labeled

data rarely includes two adjacent targets, the B
and E labels were omitted (following Breck et al.
(2007)). The S label was excluded since in practice
tokenization was to sub-word pieces, making the
prediction of a single S label redundant.

3.2 Unlabeled Data Set

We use the YELP reviews data to create the weakly-
labeled dataset for training. We start the process
by extracting 2M sentences from the YELP cor-
pus2. The corpus contains the text of the review
documents and a list of business categories that
correspond to each review. The reviews were ini-
tially selected at random, and then some reviews
were removed by two conditions: reviews that are
rated as not useful (with useful=0) and reviews of
businesses with no business categories. For each
review, we assigned a single representative domain
based on its business categories. The domain was
determined by the first match between the review’s
categories and a predefined list of domains con-
structed from the categories in the corpus ordered
by their popularity.

Following the document-level filtering, each re-
view was split into sentences, and the sentences
were further filtered by: 1) length: only sentences
with 10-50 words were selected; and 2) senti-
ment: at least one sentiment word should appear
in the sentence. For the sentiment filter, we used a
general-purpose lexicon – the Opinion Lexicon (Hu
and Liu, 2004) that was automatically expanded
by an SVM classifier and filtered as described in
Bar-Haim et al. (2017). From that lexicon, we took
all the sentiment words with score S with confi-
dence threshold of |S| > 0.7, resulting with 7497
sentiment words.

Finally, the representative domain of each review
was assigned to all its selected sentences. Overall,
we identified 18 different domains in the 2M ex-
tracted sentences, as shown in Table 1. We can
see that 60% of the extracted data is from restau-
rants reviews, but the other 40% of the data cover
a variety of other domains.

3.3 Generating Weak labels

The process, depicted in Figure 1, starts by train-
ing a model on TSA labeled data (henceforth, the
LD model), followed by iteratively generating TSA
weak labels by self-training. The initial LD model
is used for predicting TSA target spans and senti-

2yelp.com/dataset
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Domain Sentences Domain Sentences
Restaurants 1,195,156 Entertainment 47,618

Food 109,278 Bars 31,449
Beauty&Spas 106,023 Pets 26,679

Services 102,471 Local Flavor 10,688
Travel 92,600 Education 6,561

Shopping 87,224 Nightlife 3,855
Automotive 66,107 Television 2,170

Health 60,768 Religious 1,468
Active Life 49,094 Media 791

Table 1: Data extracted from the YELP corpus with total
of 2M sentences in 18 domains.

ments on the unsupervised data. Each prediction
is associated with a score S. We use it as a con-
fidence score and select a subset of the sentences
according to the following recipe: 1) targets: sen-
tences with targets that have confidence S > 0.9
are selected if all other targets in the same sentence
have S <= 0.5. The high-confidence targets are
added to the TSA weak labels and the other predic-
tions are ignored; 2) non-targets: sentences with
no predictions or if all the predicted targets have
score S <= 0.5 are selected and all the predictions
are ignored. To limit the amount of this part of the
data, these sentences are randomly selected from
10% of the data. 3) domain balancing: the number
of sentences per domain is limited to 20k for each
part of the data – for sentences with targets and
for those with no identified targets. This creates
a balance between the representation of different
domains in the data. Without balancing, about half
of the selected data is from restaurants and other
domains are under-represented.

The selected sentences (those with TSA weak
labels and those with no targets) are then added
to the labeled data, and a new TSA model is fine-
tuned and used for TSA prediction and sentence
selection over the entire unsupervised dataset in
the next iteration. We repeated the process of WL
generation and model training 3 times and used the
model from the third iteration for evaluation. The
total number of sentences in the WL data generated
from the 2M sentences extracted from YELP is
about 280k. This number depends on the initial LD
model and on the number of iterations performed.

4 Empirical Evaluation

4.1 Evaluation Data
YASO In Orbach et al. (2021), we presented the
YASO TSA dataset comprising of user reviews
from multiple sources. This dataset covers reviews
from many domains, and is thus a good choice for

multi-domain evaluation. While YASO allows an
assessment on diverse reviews, its data is unbal-
anced between domains, thus biasing a standard
evaluation towards the more common domains. A
per-domain evaluation is therefore complementary,
and can help validate that a model performs well
on all domains, not just the common ones. Such
an evaluation can also aid in discerning between
performance on domains that are well-represented
in the labeled data and ones that are unseen, thus
verifying that the evaluated model performs well
in both cases.

To facilitate such a per-domain evaluation, we
augmented YASO with a domain label for each
of its annotated reviews. The assigned labels were
produced automatically, when possible, or other-
wise they were manually set by one of the authors.
Since YASO contains annotated reviews from mul-
tiple sources, the assigned label depended on the
source: reviews taken from the Stanford Sentiment
Treebank (Socher et al., 2013; Pang and Lee, 2005)
were assigned the movies domain label. Reviews
from the OPINOSIS source (Ganesan et al., 2010)
were assigned a label of electronics, automotive or
hotels, based on the topic provided in that corpus
for each review. For example, reviews on transmis-
sion_toyota_camry_2007 were assigned to automo-
tive. In the YELP source, each review is associated
with a list of business categories. These categories
were used as domain labels: we manually selected
8 prominent categories as domains, and automat-
ically matched the reviews to the domains using
the category lists. Reviews matched to multiple
categories were manually examined and assigned
the most fitting domain from the matched cate-
gories. Texts from the AMAZON source (Keung
et al., 2020) were manually read and labeled.

Finally, the assigned domain labels were cat-
egorized into: restaurants (with 400 sentences),
electronics (412), hotels (161), automotive (144),
movies (500) and other (596). This extra annota-
tion layer of the YASO evaluation data is avail-
able online (see §1). As suggested in Orbach et al.
(2021), YASO is used solely for evaluation.

MAMS Jiang et al. (2019) collected the MAMS
dataset over restaurant reviews. In MAMS, each
sentence has at least two targets3 annotated with
different sentiments. The sentiments are either pos-
itive, negative or neutral. To match our setup, the
neutral labels were removed from these data. The

3Called aspect terms in Jiang et al. (2019).
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Figure 1: Weak labels generation and TSA modeling process.

500 sentences of the MAMS test set serve as an
additional evaluation set.

SE Pontiki et al. (2014) created the popular SE
dataset of restaurants and laptops reviews. We fol-
low the standard split of SE into two sets with 6072
training sentences and 1600 test sentences. In each
set, the sentences are balanced between the two
domains. As in MAMS, the neutral labels were
removed, as well as the mixed sentiment labels.

4.2 Language Models

The following four pre-trained LMs were used in
our experiments:

BERT-B (Devlin et al., 2019) The BERT-base
uncased model with 110M parameters.

BERT-MLM To adjust BERT-B to user reviews
and sentiment analysis, we further pre-train it on
the Masked Language Model (MLM) task, using
the 2M review sentences extracted from YELP (see
§3.2). Our masking includes two randomly se-
lected sets: (i) 15% of the words in each sentence,
as in BERT-B; (ii) 30% of the sentiment words
in each sentence. The sentiment words are taken
from the union of two sentiment lexicons, one of
Bar-Haim et al. (2017) (with a confidence thresh-
old of 0.7), and the other created by Toledo-Ronen
et al. (2018) (with a confidence threshold of 0.5,
yielding 445 words not present in the first lexicon).
Our masking of sentiment words is similar to the
method used by Zhou et al. (2020), yet we do not
use the emoticon masking.

BERT-PT (Xu et al., 2019) A variant of BERT-B
post-trained on the MLM and Next Sentence Pre-
diction tasks using YELP data from the restaurants
domain, and question answering data.4

SENTIX (Zhou et al., 2020) A sentiment-aware
language model for cross-domain sentiment analy-
sis. This model was pre-trained with reviews from

4huggingface.co/activebus/BERT-PT_rest

Yelp and Amazon, using an MLM task that ran-
domly masks sentiment words, emoticons, and reg-
ular words.

4.3 Experimental setting

Training Our fine-tuning used a cross-entropy
loss, the Adam optimizer (Kingma and Ba, 2014)
with a learning rate of 3e-5 and epsilon of 1e-8.
The training process was running with batch size
of 32 on 2 GPUs with a maximum of 15 epochs and
early stopping with min_delta of 0.005. In each
experiment, 20% of the training set sentences were
randomly sampled and used as a development set.
The optimized metric on this set was the overall
token F1 classification rate.

Evaluation For each experiment, we trained 10
models with different random seeds. Then, the
per-domain performance metrics were computed
for each run, and averaged for a final per-domain
result (mean and standard deviation). These per-
domain results were macro-averaged to obtain the
overall performance on each dataset. As evaluation
metrics we report the precision (P), recall (R), and
F1 (mean and std), of exact match predictions.

4.4 In-Domain Results

Before showing the multi-domain results that are
the focus of this work, we present the in-domain
performance of our system on the widely-used SE
evaluation data. These results, summarized in Ta-
ble 2, serve as a sanity check for our system on a
well-known benchmark in a well-explored setup.

Explicitly, several single-domain models were
created by fine-tuning each pre-trained LM with
training data from one SE domain, either restau-
rants (R) or laptops (L). These models, denoted
SER/L, were evaluated on test data from the same
domain they were trained on. For BERT-B, the
results of this evaluation (top row of Table 2) were
inline with previous works (cf. Wang et al. (2021)).

For each LM, Table 2 further shows the results
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Restaurants Laptops
LM Train Set P R F1 P R F1

BERT-B SER/L 67.7 77.3 72.1 ± 0.8 55.9 65.8 60.4 ± 1.3
SER/L+WL 74.0 75.3 74.6 ± 0.5 63.7 63.4 63.6 ± 0.8

BERT-MLM SER/L 70.9 81.7 75.9 ± 0.7 57.4 64.8 60.8 ± 1.3
SER/L+WL 76.0 79.8 77.8 ± 0.3 62.4 63.3 62.8 ± 0.8

BERT-PT SER/L 71.6 81.4 76.1 ± 0.8 58.1 67.2 62.3 ± 1.5
SER/L+WL 78.4 77.1 77.7 ± 0.6 63.6 65.0 64.2 ± 0.9

SENTIX SER/L 70.4 80.2 74.9 ± 0.7 60.3 70.6 65.0 ± 1.1
SER/L+WL 76.3 78.4 77.4 ± 0.3 65.7 67.5 66.6 ± 0.7

Table 2: In-domain results on SE comparing fine-tuning of four LMs with in-domain labeled data (SER/L) and with
self-training (SER/L+WL).

with added WL data (SER/L+WL), created using
the corresponding SER/L model on the diverse
YELP corpus. Interestingly, in all cases augment-
ing the training set with these WL improves results
over the models trained without such data.

4.5 Multi-Domain Results

For the main evaluation of our approach, we fine-
tuned each LM with the full SE training set (with
data of both the R and L domains), generated the
WL data by self-training starting from the baseline
model (SE), and then fine-tuned the final model
(SE +WL). Table 3 presents the results obtained
with these fine-tuned models, on YASO, MAMS,
and SE. In all cases, F1 is improved by employing
self-training. For example, with BERT-B, there is
a 10% relative gain in F1 on YASO and MAMS,
and a 3% relative gain on SE. Even with stronger
base models such as SENTIX or BERT-PT that
incorporate domain knowledge into the language
model, we see gains of several points in F1 by
adding the WL data. The gain in F1 is mostly due
to gain in precision, sometimes at some cost in
recall (specifically for MAMS). The variance of
F1 across the different training runs is significantly
reduced.

Figure 2 further details per-domain results on
YASO, showing precision/recall curves for each
fine-tuned LM with and without self-training. As
above, each curve is the average of 10 per-run
curves. In most cases, the self-trained models out-
perform the initial corresponding fine-tuned SE
models. This result is also apparent in Figure 3
for MAMS. Here, although recall is decreased for
self-trained models their precision is significantly
improved across the entire curve.

Next, we compare our self-supervision approach
with the cross-domain TSA work of Gong et al.
(2020).5 To adjust their system to a multi-domain
setup, we use the full SE training set (R and L)
as the labeled data from the source domain (as in
our system), and a random sample from the YELP

unlabeled data to represent the target domain. The
number of sentences in the sample equals the size
of the training set, as in their experiments. The
sample was also balanced across all 18 domains.

Table 4 includes the results of this comparison.
On YASO, their baseline results (Gong-BASE)
improve when integrating their domain adaptation
components (Gong-UDA), yet they are lower than
with our self-supervision results (except for on SE).

4.6 Impact of the Initial LD Model

The quality and quantity of the TSA labeled data
used for training the initial TSA model are im-
portant factors for the quality of the weak labels
induced by its predictions. This, in turn, affects
the quality of the entire self-training process. This
experiment explores this effect, by imposing restric-
tions on the training set of the initial TSA model.

In this context, we experimented with three vari-
ants. One model was fine-tuned with half of the
SE data (SEh), selected at random from each do-
main, such that overall the samples were balanced
between the two domains. Two more models were
fine-tuned with SE data from one domain – restau-
rants (SER) or laptops (SEL). For all models, the
number of sentences in the training set was half the
size of the full SE data.

Table 5 summarizes the results of our experi-
ments with these models, focusing on the BERT-

5github.com/NUSTM/BERT-UDA
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YASO MAMS SE
LM Train Set P R F1 P R F1 P R F1

BERT-B SE 59.1 43.9 48.7 ± 2.1 38.5 66.4 48.7 ± 1.6 63.6 72.4 67.7 ± 1.0
SE+WL 68.5 45.9 53.7 ± 1.1 46.5 62.7 53.4 ± 0.7 67.6 71.7 69.6 ± 0.7

BERT-MLM SE 60.5 46.0 50.6 ± 1.5 38.4 69.2 49.3 ± 1.2 65.1 73.7 69.1 ± 0.8
SE+WL 65.6 47.3 54.0 ± 0.9 45.8 62.1 52.7 ± 0.6 69.6 74.4 71.9 ± 0.7

BERT-PT SE 61.4 46.0 51.3 ± 1.5 39.6 68.3 50.1 ± 1.1 65.5 73.0 69.0 ± 1.0
SE+WL 68.6 48.1 55.4 ± 1.0 45.2 61.5 52.1 ± 0.7 69.6 74.3 71.9 ± 0.7

SENTIX SE 62.4 47.0 51.5 ± 1.4 38.2 69.0 49.2 ± 1.0 64.8 75.4 69.7 ± 0.9
SE+WL 69.8 44.9 52.4 ± 0.7 44.7 61.1 51.6 ± 0.3 71.5 74.9 73.1 ± 0.5

Table 3: Multi-domain results comparing the fine-tuning of four LMs with labeled data only (SE) and with self-
training (SE+WL), on the three evaluation datasets.

YASO MAMS SE
System Train Set P R F1 P R F1 P R F1
Gong-BASE SE 66.3 43.8 50.8 ± 1.1 42.5 68.4 52.4 ± 0.7 69.6 74.4 71.9 ± 0.7
Gong-UDA SE→ YELP 60.8 48.5 52.7 ± 1.1 38.6 72.5 50.4 ± 0.2 65.1 77.4 70.7 ± 1.4

Ours SE 59.1 43.9 48.7 ± 2.1 38.5 66.4 48.7 ± 1.6 63.6 72.4 67.7 ± 1.0
SE+WL 68.5 45.9 53.7 ± 1.1 46.5 62.7 53.4 ± 0.7 67.6 71.7 69.6 ± 0.7

Table 4: Multi-domain results with Gong et al. (2020) (baseline (BASE) and the UDA approach; average of 3 training
runs) compared with our results (baseline (SE) and self-training (SE+WL)). All the results are with BERT-B.

MLM pre-trained model. As expected, training on
a single domain, or with half of the data, leads to
lower performance. The results on the MAMS
restaurants data are typical for a cross-domain
setup. When training on laptop reviews alone, re-
call drops almost entirely to 2.6, and self-training
improves upon that poor performance to some ex-
tent. Overall, across all datasets and all training
data starting points, performance consistently im-
proves when self-supervision is used.

4.7 Diversifying the Training Set

An alternative to our weak-labeling approach is
diversifying the TSA training set by manual label-
ing. To explore this option, we collected an ad-hoc
TSA training dataset that contains 952 sentences
of reviews from multiple domains. The collection
started with reviews written by crowd annotators
in a given domain, on a topic of their choice.6 The
reviews were then annotated for TSA by asking
annotators to mark all sentiment-bearing targets in
each sentence. This step is similar to the candi-
dates annotation phase described in Orbach et al.
(2021). However, unlike in our previous work, the
detected candidates we collected were not passed
through another verification step, to reduce costs.
This results in noisier data, unfit for evaluation pur-

6We refrain from the annotation of existing proprietary
data due to the legal restrictions imposed on its redistribution
with additional annotation layers.

poses, yet a manual examination has shown it is of
sufficient quality for training.

Table 6 shows the performance obtained using
this new dataset for training. The collected multi-
domain labels (henceforth MD) were combined
with the SE data for fine-tuning the BERT-B and
BERT-MLM models. Comparing the results of
fine-tuning with data from limited domains (SE)
to fine-tuning with the additional MD data, per-
formance significantly improves on the diverse
YASO evaluation set. On MAMS the improve-
ment is small, presumably because the restaurants
domain is well covered in the SE training set. On
the SE test set the improvement is negligible or
non-existent. When comparing our approach us-
ing the WL data to the MD alternative, there is an
improvement in F1 on both MAMS and SE, yet
results on YASO are somewhat lower. However,
the precision achieved by our approach is consis-
tently better on all three evaluation sets compared
to the alternative method. Similar trends are ob-
served using BERT-MLM. Overall, the results with
WL are better or close to those with MD, with the
advantage that no manual labeling is required.

5 Manual Error Analysis

The automatic evaluation reported above is based
on exact-span matches, and may be too strict in
some cases. For example, in "The best thing about
this place is the different sauces," the YASO la-
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Figure 2: Per-domain precision-recall curves on YASO of fine-tuning the four LMs (numbered 1-4 at the end of
each line) with self-training (solid lines, tuned on SE+WL data) and without it (dotted lines, tuned on SE data).
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Figure 3: Precision-recall results on MAMS with self-
training (solid lines) and without it (dotted lines). The
graph uses the same legend as Figure 2.

beled data contains the target the different sauces,
thus counting a prediction of sauces as an error.
Alternative evaluation options may circumvent this
problem. For example, the above prediction would
be considered as correct using overlapping span
matches. However, changing the automatic eval-
uation can introduce new issues and and may be

too lenient. Continuing the above example, with an
overlapping span match, a prediction of the entire
sentence is also considered as correct.

Due to these issues, we complement the auto-
matic evaluation with a manual one, comparing
the output of an initial LD model to its self-trained
counterpart. The error analysis was performed on
one experimental setup, with the BERT-MLM pre-
trained model and the entire SE dataset for training
the LD model. We further focus on the YASO
dataset: for each model, 30 predictions consid-
ered as errors by the automatic evaluation were
randomly sampled from each of the 6 domains.
One of the authors categorized these predictions
into one of four options: invalid target, correct
target identified with wrong sentiment or span, bor-
derline target that can be accepted, and a clearly
correct target. The latter are presumably due to the
strictness of the exact-matches based evaluation.

Table 7 presents the results of this manual analy-
sis. Overall, the self-trained model (SE+WL) pre-
dicts less non-targets. Moreover, it identifies more
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YASO MAMS SE
LM Train Set P R F1 P R F1 P R F1

BERT-MLM

SE 60.5 46.0 50.6 ± 1.5 38.4 69.2 49.3 ± 1.2 65.1 73.7 69.1 ± 0.8
SE+WL 65.6 47.3 54.0 ± 0.9 45.8 62.1 52.7 ± 0.6 69.6 74.4 71.9 ± 0.7
SEh 58.3 46.0 49.9 ± 1.3 35.6 67.7 46.7 ± 1.0 62.5 72.4 67.1 ± 1.0
SEh+WL 66.0 42.4 50.3 ± 1.2 44.2 61.0 51.3 ± 0.7 68.7 67.4 68.0 ± 0.8
SER 61.8 40.5 47.1 ± 2.1 36.5 68.7 47.6 ± 1.4 58.1 58.8 57.9 ± 1.3
SER+WL 69.1 40.2 49.4 ± 1.1 42.8 64.9 51.6 ± 0.7 64.2 59.3 61.2 ± 0.9
SEL 60.4 21.7 27.9 ± 2.5 37.3 2.6 4.9 ± 2.1 70.0 36.5 37.9 ± 2.2
SEL+WL 67.0 22.5 30.6 ± 1.5 51.2 4.4 8.1 ± 1.0 71.5 36.8 40.5 ± 1.0

Table 5: Multi-domain results comparing the fine-tuning of BERT-MLM with labeled data only (SE) and with
self-training (SE+WL), with four initial models trained with data from: the entire SE data (SE), half the data from
each of the SE domains (SEh), or a single SE domain – restaurants (SER) or laptops (SEL).

YASO MAMS SE
LM Train Set P R F1 P R F1 P R F1

BERT-B SE+MD 62.2 50.2 54.2 ± 1.8 38.8 67.6 49.3 ± 1.0 62.5 73.7 67.6 ± 1.0
SE+WL 68.5 45.9 53.7 ± 1.1 46.5 62.7 53.4 ± 0.7 67.6 71.7 69.6 ± 0.7

BERT-MLM SE+MD 63.1 51.1 55.1 ± 1.3 39.3 67.2 49.6 ± 0.8 64.9 74.5 69.4 ± 1.0
SE+WL 65.6 47.3 54.0 ± 0.9 45.8 62.1 52.7 ± 0.6 69.6 74.4 71.9 ± 0.7

Table 6: A comparison of fine-tuning two LMs with data augmented through self-training (SE+WL) or combined
with a multi-domain TSA dataset (SE+MD).

Error Analysis SE SE+WL
Invalid target 27.2% 17.8%
Wrong sentiment/span 18.3% 18.3%
Borderline target 14.4% 16.1%
Correct target 40.0% 47.8%

Table 7: Error analysis results on randomly selected
wrong predictions on YASO evaluation. Predictions are
obtained by the MLM baseline model fine-tuned with
the SE data (left) and with SE+WL data (right).

valid targets than the baseline model. As for the
other two categories of errors, the borderline and
wrong span/sentiment, the two models are on par.
These results emphasize the importance of manual
error analysis, and show that even in this detailed
analysis, which goes beyond the labeling informa-
tion available in the YASO evaluation set, we find
that the multi-domain model with the WL is better.

6 Conclusion

This work addressed a multi-domain TSA setting
in which a system is trained on data from a small
number of domains, and is applied to texts from
any domain. Our proposed method has employed
self-learning to augment an existing TSA dataset
with weak labels obtained from a large corpus.

An empirical evaluation of our approach has
demonstrated that the self-supervision technique,

often used when having a training set of limited
size, is also effective for enhancing the diversity of
the training data. Specifically, our results show that
the self-trained multi-domain model consistently
improves performance, for various underlying LMs,
and with different starting points: data from two
domains, removing half of the data, or restricting
to only one domain. Interestingly, even in the pres-
ence of a diverse TSA labeled data, our approach
was comparable to the performance obtained with
that data. This allows avoiding the burden and costs
associated with manual TSA data collection.

In addition to finding targets and their senti-
ments, other related tasks aim to extract the corre-
sponding opinion term (Peng et al., 2020), identify
the relevant aspect category (Wan et al., 2020), or
both (Cai et al., 2021). As future work, our ap-
proach may be applied to these more complex tasks
as well. Similarly, it may be useful for developing a
multilingual TSA system, by utilizing weak labels
produced on unlabeled reviews data in non-English
languages.
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Abstract

Neural abstractive summarization models are
prone to generate summaries which are fac-
tually inconsistent with their source docu-
ments. Previous work has introduced the task
of recognizing such factual inconsistency as a
downstream application of natural language in-
ference (NLI). However, state-of-the-art NLI
models perform poorly in this context due to
their inability to generalize to the target task.
In this work, we show that NLI models can be
effective for this task when the training data
is augmented with high-quality task-oriented
examples. We introduce Falsesum, a data gen-
eration pipeline leveraging a controllable text
generation model to perturb human-annotated
summaries, introducing varying types of fac-
tual inconsistencies. Unlike previously intro-
duced document-level NLI datasets, our gen-
erated dataset contains examples that are di-
verse and inconsistent yet plausible. We show
that models trained on a Falsesum-augmented
NLI dataset improve the state-of-the-art perfor-
mance across four benchmarks for detecting
factual inconsistency in summarization.1

1 Introduction

Recent advances in conditional text generation and
the availability of large-scale datasets have given
rise to models which generate highly fluent ab-
stractive summaries (Lewis et al., 2019; Zhang
et al., 2019). However, studies indicate that such
models are susceptible to generating factually in-
consistent outputs, i.e., where the content of the
summary is not semantically entailed by the in-
put document (Kryscinski et al., 2019; Goodrich
et al., 2019). This motivates a new line of research
for recognizing factual inconsistency in generated
summaries (Kryscinski et al., 2020; Pagnoni et al.,
2021; Wang et al., 2020; Fabbri et al., 2021).

1The code to obtain the dataset is available online at
https://github.com/joshbambrick/Falsesum

This factual consistency problem is closely re-
lated to the task of natural language inference (NLI)
whereby a hypothesis sentence is classified as ei-
ther entailed, neutral, or contradicted by a given
premise sentence (Condoravdi et al., 2003; Dagan
et al., 2006; Bowman et al., 2015). Using an in-
put document as the premise and a corresponding
generated summary as the hypothesis, earlier so-
lutions have adopted out-of-the-box NLI models
to detect factual inconsistency, albeit with limited
success (Falke et al., 2019; Kryscinski et al., 2020).

This poor performance largely stems from the
fact that most NLI datasets are not designed to
reflect the input characteristics of downstream
tasks (Khot et al., 2018). Such datasets may not
always capture the kinds of entailment phenom-
ena which naturally arise from neural abstractive
summarization. More importantly, there is also a
discrepancy in terms of the input granularity, i.e.,
the premises in this consistency classification task
consist of multi-sentence documents while com-
mon NLI datasets use single-sentence premises.

In this work, we introduce Falsesum, a data
generation pipeline that produces NLI examples
consisting of documents paired with gold sum-
maries as positive examples and automatically
generated inconsistent summaries as negative
examples. We propose a novel strategy to train a
text generation model to render false summaries
of a given document using only supervision from
an existing summarization dataset (Nallapati
et al., 2016). In addition, our generator supports
switchable input control codes to determine the
type of factual error exhibited in the generated
output. This design allows Falsesum to compose
diverse and naturalistic outputs which more closely
resemble the inconsistent summaries generated by
summarization models (Maynez et al., 2020). This
contrasts with previous solutions (e.g., Kryscinski
et al., 2020; Yin et al., 2021), which synthesize
NLI examples using rule-based transformations
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Original document:
[...] Melbourne, currently in its sixth 
lockdown, will see some restrictions eased on 
this date, when 70 percent of eligible 
Victorians are expected to have received their 
first vaccination jab after the time between 
AstraZeneca jabs was cut to six weeks. [...]

Gold summary:
Australia's state of Victoria is currently under 
its sixth coronavirus lockdown.

Control code: [intrinsic / extrinsic]

Intrinsic error output:
Australia's state of 
Victoria is receiving their 
first vaccination jab  

Extrinsic error output:
Australia's state of 
Victoria is going back to 
normal 

intrinsic

extrinsic

Preprocessing

Formatting

Fine-tuned 
T5-base 

FALSESUM

A

B

C

D

E

   Generated NLI pairs:

    (         ,           , entailment)

    (         ,           , non-entailment)

    (         ,           , non-entailment)

A B

A D

A E

Figure 1: Overview of the Falsesum generation framework. Falsesum preprocesses and formats the source doc-
ument (A) and a gold summary (B) before feeding it to a fine-tuned generator model. The model produces a
factually inconsistent summary, which can then be used to obtain (A,D) or (A,E) as the negative (non-entailment)
NLI premise-hypothesis example pair. We also use the original (A,B) as a positive NLI example (entailment).

or language model-based replacements, limiting
their diversity and ability to reflect realistic factual
errors in summarization. Overall, our contributions
in this paper are the following:

First, we present a novel training pipeline to
create a text generation model which takes as input
a pair of a document and a corresponding gold
summary. It then perturbs the summary such that it
is no longer factually consistent with the original
document. Our strategy obviates the need for
explicit examples of inconsistent summaries, using
only an existing summarization dataset. We use
this model to generate a large-scale NLI dataset
for the task of recognizing factually inconsistent
summaries. The resultant dataset consists of pairs
with documents as the premise and naturalistic
summaries as the hypotheses, each labeled as
either entailment or non-entailment.

Second, we demonstrate the utility of our gen-
erated data for augmenting existing NLI datasets.
We show that on four benchmark datasets, NLI
models trained on Falsesum-augmented data out-
perform those trained on previous document-level
NLI datasets. We conduct an analysis to show that
Falsesum-generated summaries are plausible and
hard to distinguish from human-written summaries.
Lastly, we show that the improvement over the
benchmarks is largely attributable to the diversity
of factual errors that Falsesum introduces.

2 Related Work

This work is related to the growing body of re-
search into factual consistency and hallucination
in text generation models, particularly for summa-

rization (Cao et al., 2018). Research has found that
around 30% of summaries generated by abstractive
summarization models contain information which
is inconsistent with the source document (Kryscin-
ski et al., 2019). This motivates the development
of an automatic approach to assess factual consis-
tency in generated summaries, in addition to the
benchmark datasets to measure the progress in this
task (Falke et al., 2019; Kryscinski et al., 2020;
Pagnoni et al., 2021; Fabbri et al., 2021).

Earlier work by Goodrich et al. (2019) proposes
to use an information extraction model to extract
relation tuples from the ground-truth summary text
and the generated summary and then count the over-
lap as the measure of factuality. Eyal et al. (2019);
Durmus et al. (2020); Wang et al. (2020) use a
question-answering model to detect factual incon-
sistency by matching the predicted answers using
the document and the summary as the context.

Concurrently, researchers have drawn a connec-
tion between factual consistency and natural lan-
guage inference (NLI), observing that all infor-
mation in a summary should be entailed by the
source document. While this approach enables the
summary to be directly evaluated without first ex-
tracting its intermediate semantic structure, earlier
attempts were largely unsuccessful. Falke et al.
(2019) use the probabilities assigned to the entail-
ment label by NLI models to re-rank the summary
candidates given by beam search but found no im-
provement in the consistency errors. Kryscinski
et al. (2020) evaluate out-of-the-box NLI models
on the task of inconsistency detection in a binary
classification setting and show that the performance
is only slightly better than majority voting.

In the same paper, Kryscinski et al. (2020) pro-
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pose FactCC, a synthetic NLI data generation pro-
cess which applies a set of transformation rules to
obtain examples of inconsistent summaries (e.g.,
sentence negation, entity swapping). They demon-
strate that the resulting NLI model performs well
on realistic test cases which are obtained by manu-
ally annotating the output of several summarization
models. This highlights the importance of NLI
examples beyond sentence-level granularity and
which more closely resemble the input characteris-
tics of the downstream tasks (Mishra et al., 2021).2

While the FactCC model is moderately effec-
tive for detecting factual inconsistency, subsequent
work indicates that it only performs well on easier
test cases, where highly extractive summaries (i.e.,
those with high lexical overlap between a summary
and the source document) tend to be factually con-
sistent and more abstractive summaries are likely to
be inconsistent (Zhang et al., 2020). Furthermore,
Goyal and Durrett (2021) show that the synthetic
and rule-based nature of FactCC leads to lack of
diversity of consistency error types and it poorly
aligns with the error distribution found in more
abstractive summaries.

Falsesum addresses these limitations using con-
trolled natural language generation to construct an
NLI dataset which better targets the summarization
domain. Inspired by the recent work on control-
lable generation (Keskar et al., 2019; Ross et al.,
2021), we employ a generation model conditioned
on an input code which controls the type of consis-
tency errors induced. We further use the generated
document-level NLI examples for augmentation
and show that NLI models can benefit from the
additional data without hurting their existing infer-
ence ability (Min et al., 2020).

3 Falsesum Approach

3.1 Design Overview

Falsesum takes as an input a source document D
and a corresponding reference summary S+. The
framework then preprocesses and formats D and
S+ and feeds them into a generation model G
which outputs a factually inconsistent summary
S−. For each summarization example, we then
have both positive (entailment) and negative (non-

2Contemporaneous work by Laban et al. (2022) attempts
to improve the application of sentence-level NLI models to
detect document-level factual inconsistencies using a learn-
able aggregation of sentence-level predictions. Our work is
orthogonal since they can benefit from better quality training
examples to train their aggregation weights.

entailment) NLI tuples (D, S+,Y = 1), (D, S−,Y =

0), which consist of a document-level premise, a
summary sentence, and the consistency label (1
indicates entailment).

Falsesum aims to produce a naturalistic S−

which is contrastive with respect to its correspond-
ing S+. This means that S+ and S− should be in-
distinguishable in their surface characteristics (e.g.,
style, length, vocabularies) and only differ in their
factual consistency with respect to D. This ensures
that the resulting NLI model learns the correct no-
tion of factual consistency rather than discriminat-
ing based on surface features (McCoy et al., 2019).
In addition to naturalness, we consider the diversity
of the consistency error types exhibited by S−. We
follow the consistency error typology introduced
by Maynez et al. (2020), which categorizes con-
sistency errors as either intrinsic, i.e., errors due
to incorrect consolidation of information from the
source document, or extrinsic, i.e., errors due to
assuming new information not directly inferable
from the contents of the source document.

As illustrated in Figure 1, a generation model
G is trained to imitate the consistency mistakes
of summarization models. Specifically, it gener-
ates perturbed summaries by either (1) incorrectly
inserting pieces of information from the source doc-
ument into random spans of the original summary;
or (2) amending pieces of information in the sum-
mary by hallucinating new “facts” not present in
the source document.

To this end, the framework identifies (♦i) what
information or “facts” in the source document are
available to the generator; and (♦ii) where the in-
correct information can be inserted into the gold
summary, which is indicated by span masking. We
obtain both by subsequently performing input pre-
processing and formatting steps (§3.2 and §3.3).

Next, we define the following seq2seq task to
train the modelG: “Given (♦i) a list of shuffled and
formatted pieces of information extracted from
source document and gold summary and (♦ii) a
partially masked gold summary, fill in the blanks
and generate the original gold summary.” Note
that using gold summaries means that we can apply
the existing summarization corpus to train G to
generate more coherent and plausible sentences.

3.2 Input Preprocessing

Following Goodrich et al. (2019), “facts” in the
source document and the gold summary are de-
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fined as an open information extraction (OpenIE)
tuple, which represents the predicate and argument
structures found in a sentence. We denote each re-
lation tuple as (arg0, pred, . . . , argn), where predi-
cate pred describes the event (what happened) and
its complementing semantic arguments arg rep-
resent the who, to whom, where, or how of the
event. Predicates are usually the main verb of a
clause. Both predicates and their arguments consist
of spans of tokens (Fader et al., 2011).

We use an OpenIE implementation of Pred-
Patt (White et al., 2016; Zhang et al., 2017), a
pattern-based framework for predicate-arguments
extraction.3 As illustrated in the top half of Fig-
ure 2, we extract the relation tuples from each
source document and its corresponding reference
summaries. To minimize the risk ofG inadvertently
generating consistent summaries, we corrupt each
extracted “fact” by removing one randomly chosen
argument from each tuple. For instance, OpenIE
may extract the following tuple from a sentence:

(
Jo

ARG0
,
plans to give

PRED
,
Alex

ARG1
,
apples

ARG2
)

We then randomly choose applesARG2 to be re-
moved from the tuple. We additionally lemmatize
the dependency root word of each argument and
predicate span, e.g., plans to give⇒ plan to give.
This forces the model to learn to correct for gram-
maticality by inflecting the spans when inserting
them to the masked spans. Once all such spans
are extracted and processed, they are grouped and
shuffled into two lists (predicates and arguments).

3.3 Input Formatting

Let P = (PRED1, . . . , PREDn) and A = (ARG1, . . . ,

ARGm) be the unordered lists of extracted predi-
cates and arguments from a source document D
and the summary sentence S+. Additionally, we
assume a masked summary sentence M (described
later), derived from S+, and a control code vari-
able c ∈ {intrinsic, extrinsic}. Generator G
is trained to compute p(S+|P,A,M, c). As illus-
trated in the bottom half of Figure 2, we encode all
the conditional variables into the following format:

Predicates:P; Arguments:A; Code:c; Summary:M

In the following, we describe the key steps in the
input formatting process:

3We note that the quality of the OpenIE extractions may
impact the overall quality of our data generation framework.

Predicates:       ,       , … ,       ; Arguments:       ,       , …. ,       ; Code: [intrinsic | extrinsic]; 

Summary: <span_1> <span_0> under its sixth coronavirus lockdown

  

arg1

Australia’s State of Victoria

pred1

is

arg1

under its sixth coronavirus lockdown

Gold summary:

arg1

Melbourne

arg1

will

pred1

see

Original document:

pred4

was cut

arg2

some restrictions

pred2

eased when 

arg3

70 percent of eligible 
Victorians

are expected to have 

pred3

received

arg3

their first vaccination jab after

arg4

the time between 
AstraZeneca jabs

arg4

to six weeks [...] 

Input:

Australia’s State of Victoria is under its sixth coronavirus lockdown </s>

Output:

Figure 2: Input format design of Falsesum. The frame-
work first extracts the predicate and argument spans
from the source document and the gold summary. The
spans are then corrupted, lemmatized, and shuffled be-
fore being inserted into the input template.

Step 1: Span Removal Initially, P and A in-
clude predicate and argument spans from the orig-
inal summary which may be used to reconstruct
S+. However, at test time we remove these “gold”
spans from the two lists to force the G to make con-
sistency mistakes. The removal is also done when
training the model for control code extrinsic to
train G to predict plausible unseen spans.4 We sum-
marize the different input formatting in Table 1.

Step 2: Span Reduction To encourage G to
generate fine-grained errors (Pagnoni et al., 2021;
Goyal and Durrett, 2021), we also train it to hal-
lucinate incorrect modifiers into spans from P and
A. To this end, we randomly drop adjectives and
adverbs from 10% of the gold predicate and argu-
ment spans. For instance, an argument span “re-
cently elected prime minister” will be reduced to
“minister”. This teaches the model to generate the
remaining part of the span given only the context
provided in the formatted input.

Step 3: Control Code To control the type of
consistency errors generated by G, we append the
string “code:” followed by either “intrinsic”
or “extrinsic” into the input tokens. The code is
determined randomly with equal probability of 0.5.

4It is possible that some spans from the source document
are duplicates of gold ones. For instance, the document may
mention “The Queen of England”, while the gold span from
the summary is “The Queen”. We use a simple heuristic to
remove such duplicates by searching for other spans whose
(lemmatized) dependency root token is the same.
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Mode Input Expected Output Description

train
intrinsic

Predicates : caught, plead guilty to, . . . , appear before,
face; Arguments : the corruption scandal, Two Pennsylva-
nia judges, . . . , many children, the U.S. Code : intrinsic;
Summary :<span_1> <span_0> federal fraud charges.

Two Pennsylvania judges
plead guilty to federal
fraud charges.

Model learns to
combines listed
spans to produce
most plausible
summary.

test
intrinsic

Predicates : caught, plead guilty to, . . . , appear before,
face; Arguments : the corruption scandal, Two Pennsylva-

nia judges, . . . , many children, the U.S. Code : intrinsic;
Summary :<span_1> <span_0> federal fraud charges.

Many of the children face
federal fraud charges.

Model consoli-
dates incorrect
information.

train
extrinsic

Predicates : is pressing for, limit, . . . , is being erode, is
fight; Arguments : panelist, action, . . . , sea level, Arctic melt,

at the climate change conference Code : extrinsic; Summary :
The Alliance <span_0> <span_1> <span_2>.

The Alliance is pressing
for action at the climate
change conference.

Model learns
to hallucinate
new unsupported
information.

test
extrinsic

Predicates : is pressing for, limit, . . . , is being erode, is
fight; Arguments : panelist, action, . . . , sea level, Arctic melt,

at the climate change conference Code : extrinsic; Summary :
The Alliance <span_0> <span_1> <span_2>.

The Alliance is planning
to impose limits on emis-
sions.

Model hallu-
cinates new
unsupported
information.

Table 1: Examples of input formatting on two different summarization instances for both intrinsic and extrinsic
error types during training and testing. Gold input spans (indicated by boldface), which are extracted from the
gold summary, are only visible to the model during intrinsic training. They are removed from the input in all other
settings, as indicated by strikethrough text.

Once the code is chosen, we perform the remaining
formatting steps accordingly (see Table 1).

Step 4: Summary Masking We derive masked
summary M by replacing the spans of randomly
selected predicates and arguments with a special to-
ken <span_i>, where i = 0 is reserved for the pred-
icate, and i > 0 for their arguments. These tokens
control where the incorrect information should be
inserted by the generator model into the original
summary (see Table 1).

3.4 Training Falsesum

We run the Falsesum data generation pipeline on
the train split of the CNN/DailyMail corpus (Her-
mann et al., 2015), originally collected for ques-
tion answering, but subsequently reformulated for
summarization by Nallapati et al. (2016). This
dataset contains English news documents paired
with human-written summaries, each consisting of
multiple sentences. We break the summaries down
such that each Falsesum example consists of the
document text and a single sentence summary. We
then run the preprocessing and formatting steps
on each document-summary pair. The resulting
pairs of formatted input and target output are sub-
sequently split into train and test sets which consist
of 394,774 and 262,692 instances, respectively.

We use the T5-base model (Raffel et al., 2020)
as generator G and fine-tune it on the seq2seq task
described in §3.1. The NLI examples are produced
by running the fine-tuned generator on the prepro-
cessed and formatted test split.5 This renders an
equal number of positive and negative examples.
In our experiments, we randomly sample 100,000
Falsesum examples to augment the NLI dataset.

4 Experimental Settings

Our experiments aim to demonstrate the effective-
ness of Falsesum-generated document-level exam-
ples for NLI dataset augmentation. We evaluate
the downstream performance of the NLI models
by testing them against several benchmarks for
determining the factual inconsistency of generated
summaries. In this section, we describe the training
setup of the NLI models, including the model and
both the sentence- and document-level datasets.

4.1 Training

NLI models We train several NLI models by
fine-tuning RoBERTa-base (Liu et al., 2019)
on either the original or the augmented MNLI
dataset (Williams et al., 2018). The MNLI dataset
consists of 392,702 train instances, each labeled

5See Appendix A for the hyperparameter details.
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as either “entailment”, “neutral”, or “contradic-
tion”. To enable the application of NLI data to this
factual consistency task, we use a binary formula-
tion of NLI, where the “neutral” and “contradic-
tion” labels are combined into “non-entailment”.
The document-level inputs are formatted similarly
to sentence-level examples, i.e., the document
premise D and summary hypothesis (S+ or S−)
are concatenated and a special classification token
([CLS]) is used (Devlin et al., 2019).

Document-level NLI datasets We conduct aug-
mentation comparisons with several multi-sentence
NLI datasets which obtain examples from news or
summarization domains. We consider the follow-
ing datasets: ANLI (Nie et al., 2020), a paragraph-
level NLI dataset collected via an iterative and
adversarial human-in-the-loop annotation proto-
col. It consists of mostly Wiki data but also in-
cludes a small portion of news text; DocNLI (Yin
et al., 2021), a document-level NLI dataset con-
taining multi-sentence premise and hypothesis sen-
tences, collected by converting QA examples to
NLI instances (Demszky et al., 2018) and replac-
ing words and sentences in news summaries us-
ing a language model; FactCC (Kryscinski et al.,
2020), a large-scale dataset specifically generated
for training summary factual correctness classifi-
cation models. The positive examples in FactCC
are obtained by backtranslating a random sentence
from a CNN/DailyMail news story, while nega-
tive examples are obtained by perturbing the sen-
tence using predefined rules, e.g., entity swapping.
For fair comparison, we sample 100,000 examples
from each augmentation dataset in our experiments.

4.2 Benchmark Datasets
We evaluate these NLI models on four benchmark
datasets to classify the factual consistency of ab-
stractive summaries. These datasets differ in terms
of the annotation protocol, the granularity of the
summaries (single- or multi-sentence), the sum-
marization corpus used, and the models used to
generate the summaries that are annotated. The
tasks are formulated as a binary classification with
the labels “consistent” and “inconsistent”. We
evaluate NLI models on these tasks by mapping the
predicted label “entailment” to “consistent” and

“non-entailment” to “inconsistent”. The bench-
marks datasets are detailed in the following:

FactCC In addition introducing a synthetic train-
ing dataset for the task, Kryscinski et al. (2020)

introduce a manually annotated test set. It contains
1,431 document and single-sentence summary pairs
generated by various neural abstractive summariza-
tion models trained on CNN/DailyMail corpus.6

Ranksum Falke et al. (2019) formulate the fac-
tual consistency problem in summarization as a
ranking task. They introduce a dataset consist-
ing of 107 documents, each paired with a set of
five ranked summary candidates obtained from the
beam search of a summarization model. Given the
manually annotated consistency label on summary
candidates, the task is to re-rank the list such that
the top-1 summary is factually consistent.

Summeval Fabbri et al. (2021) introduce a com-
prehensive benchmark for factual consistency de-
tection in summarization. It includes summaries
generated by seven extractive models and sixteen
abstractive models, which are judged by three an-
notators using a 5-point Likert scale.7

QAGS The dataset collected by Wang et al.
(2020) consists of 239 test set instances from
XSUM (Narayan et al., 2018) and 714 instances
from CNN/DailyMail.8 Each instance consists of
a pair of a source document and a single-sentence
summary, which is labeled via majority voting on
three annotators’ labels.

5 Results and Discussion

5.1 Main Results

Performance on FactCC, QAGS, and SummEval is
measured using balanced accuracy, which is suit-
able for class imbalanced settings, since the factu-
ally consistent label is the majority in some bench-
mark datasets. It is defined as the average recall
of the two classes, such that majority label voting
obtains only a 50% score. To measure ranking per-
formance in Ranksum, we calculate the average
Precision@1, which computes the fraction of times
a factually consistent summary is ranked highest
on each test instance. We perform five training
runs for each setup using different random seeds
and take the mean to address performance instabil-
ity (Reimers and Gurevych, 2017).

6We merge the test and validation sets into a single test set.
7We aggregate the label as “consistent” if all annotators

rated the summary as a 5 and “inconsistent” otherwise.
8This is the number of instances after we split multi-

sentence summaries into separate single-sentence summary
test instances, where an individual factuality judgement is
available.
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Benchmark Datasets
Dataset Augmentation FactCC Ranksum QAGS SummEval Overall

Majority voting - 50.00 50.46 50.00 50.00 50.11

MNLI-128 - 57.39 57.01 59.72 54.11 57.06
[split-doc]MNLI-128 - 72.07 68.03 71.08 55.32 66.63

MNLI-512 - 57.93 51.40 52.73 48.75 51.43
MNLI-512 ANLI 53.91 55.76 53.54 49.56 53.19
MNLI-512 DocNLI 58.13 53.58 57.10 52.59 55.35
MNLI-512 FactCC 73.87 67.29 73.50 60.04 69.02
MNLI-512 Falsesum (ours) 83.52 72.90 75.05 65.18 74.17

Table 2: Performance of MNLI models with different augmentation data across benchmarks to classify the factual
consistency of summaries. MNLI-128 and MNLI-512 are RoBERTa-base models trained using maximum token
length of 128 and 512, respectively.

Training Dataset Overall ∆

MNLI+Falsesum 74.17
MNLI+Falsesum -Contrastive 73.11 -1.06
MNLI+Falsesum -Extrinsic 71.95 -2.22
MNLI+Falsesum -Intrinsic 69.14 -5.03

Table 3: Model performance when trained on ablated
Falsesum dataset. Excluding the contrastive, extrinsic,
and intrinsic examples results in lower overall perfor-
mance, indicating each property is beneficial.

From the results in Table 2, we observe the
following: (1) Models trained on sentence-level
MNLI datasets perform poorly when evaluated
directly on document-level benchmarks, even af-
ter we increase the maximum input token length
from 128 to 512;9 (2) This limitation can be
alleviated by the sentence-wise prediction strat-
egy ([split-doc]MNLI-128),10 which achieves
66.63. Note, however, that this improvement comes
at the expense of compute cost which is multi-
plied by a significant factor; (3) DocNLI and ANLI
perform poorly even though they contain longer
premise sentences, indicating that the length mis-
match may not be the primary issue; (4) Falsesum
obtains substantial improvement over the previous
state-of-the-art FactCC, despite being derived from
the same summarization dataset (CNN/DailyMail).
This indicates that Falsesum provides higher qual-
ity examples and includes more types of entailment
phenomena that occur naturally in this task.

5.2 Ablation Analysis on Falsesum Data

We perform an ablation analysis to study how
each component of our data generation pipeline

9Average context word count is only 22 in MNLI and 546
in FactCC.

10See details in Appendix B

contributes to the final performance. We first re-
move the contrastive property of the Falsesum data
by randomly including only either the positive
(D,S+,Y = 1) or negative (D,S−,Y = 0) NLI
examples obtained from a single (D, S+) pair. Next,
we filter out the negative NLI instances that are
generated using either intrinsic or extrinsic
code. We refer to the three ablated datasets as
−contrastive, −intrinsic and −extrinsic,
respectively. We set the sampled training size to
100,000 for the three ablation setups and aggregate
the results from five training runs.

Table 3 shows the performance of the ablated
models. We observe that removing contrastive
pairs in the augmented training data results in a
1.06% drop on the overall benchmarks score. We
also see that removing intrinsic error examples
results in the highest performance loss, −5.03%
compared to −2.22% by −extrinsic. This is ex-
plained by the fact that intrinsic consistency errors
are more dominant on benchmarks that are built
on the CNN/DailyMail corpus (Goyal and Dur-
rett, 2021). We conclude that all the above prop-
erties are important for the overall improvements
obtained by Falsesum.

5.3 Fine-grained Evaluation
Previous work has shown that NLI models are
prone to relying on fallible heuristics which asso-
ciate lexical overlap with entailment labels (McCoy
et al., 2019). In the factual consistency task, this
corresponds to models associating highly extractive
summaries with the “consistent” label. This raises
a question about whether Falsesum data alleviates
this tendency in the resulting NLI models.

To answer this question, we partition the FactCC
annotated test examples into five ordered sub-
sets based on the lexical overlap between their
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Figure 3: Comparison between NLI models augmented
with Falsesum and FactCC across different measures of
summary extractiveness. The x-axis shows the median
overlap score of each test subset.

summary hypothesis and the source document
premise. We define an overlap score using the
normalized coverage and density summary extrac-
tiveness scores introduced by Grusky et al. (2018).
Both measures have the range [0.0, 1.0], where
density = 1.0 indicates that all words in a sum-
mary are also present in the source document and
normalized coverage = 1.0 indicates that the sum-
mary is obtained by copying a continuous frag-
ment of the source document. We then define
overlap = normalized coverage × density.

Figure 3 shows the comparison of FactCC and
Falsesum augmentation performance across vary-
ing lexical overlap scores. We see that Falsesum
performs better on all subsets of the FactCC test
set with the greatest performance gap appearing
on the 0.9 overlap subset. Upon closer inspection,
we see that the FactCC model makes mostly false
positive classification errors on this subset, i.e., it
tends to predict highly extractive summaries as
“consistent”, leading to near majority voting perfor-
mance of 50%. Falsesum, on the other hand, better
discriminates the factual consistency of examples
without over-relying on lexical overlap.

5.4 Data Quality Analysis

We conduct both manual and automatic quality
evaluation of the Falsesum-generated dataset. First,
we sample 200 generated negative examples and
manually verify whether (i) the perturbed sum-
mary S− is indeed factually inconsistent; (ii) the
type of consistency error follows the specified con-
trol code; (iii) the incorrect “fact” is inserted at
the specified missing span. Following Kryscinski

Code Label X Type X Span X

Intrinsic 86% 94% 94%
Extrinsic 81% 65% 95%

Table 4: Manual verification of Falsesum-generated
NLI examples. Label, type, and span indicate the per-
centage of generated summaries with correct inconsis-
tency label, error type, and error span, respectively.

FactCC DocNLI Falsesum

Majority voting 50.84 53.55 50.00

CBOW-GloVe 60.36 70.38 56.13
BiLSTM-GloVe 68.26 73.04 57.62
RoBERTA-base 82.15 78.46 69.38

Table 5: Hypothesis-only model performance (accu-
racy) to measure the presence of artifacts and natural-
ness of Falsesum dataset (lower is better).

et al. (2020), the authors perform this annotation
to avoid high disagreement by crowd annotators in
this task (Falke et al., 2019). The results in Table 4
show that about 86% of intrinsic 81% of extrinsic
generated error examples are factually inconsistent,
which happen due to several reasons, e.g., gen-
erator model chooses a span from the list that is
similar to the original span, or generator model
correctly guesses the original missing span. This
further suggests that pre-trained language models
such as RoBERTa-base can be robust against the
induced label noise and can still learn a performant
classifier. While G almost always inserts the incor-
rect “fact” at the specified positions, we observe
that it often fails to follow the specified extrinsic
code correctly. We suspect that this is because the
model prefers the easier task of copying the input
over generating novel phrases.11

Following Gururangan et al. (2018), we also
evaluate the naturalness of the generated dataset.
We train an NLI model using positive examples
from CNN/DailyMail and Falsesum-generated neg-
ative examples. The model receives no premise so
must distinguish between entailed and non-entailed
hypotheses using semantic plausibility or spuri-
ous surface features, e.g., grammatical mistakes
or fluency errors. The relatively low accuracy of
these models on Falsesum data (shown in Table 5)
suggests that, compared to FactCC and DocNLI,
Falsesum-generated summaries are relatively hard
to distinguish from the gold ones.

11We include more examples of generated NLI instances as
well as the inadvertently consistent output in Appendix D.
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Conclusion

NLI models present a promising solution for au-
tomatic assessment of factual consistency in sum-
marization. However, the application of existing
models for this task is hindered by several chal-
lenges, such as the mismatch of characteristics be-
tween their training dataset and the target task data.
This mismatch includes the difference in terms of
the input granularity (sentence vs. document level
premises) and the types of (non-)entailment phe-
nomena that must be recognized.

In this work, we present Falsesum, a data gener-
ation pipeline which renders large-scale document-
level NLI datasets without manual annotation. Us-
ing our training strategy, we demonstrate that it is
possible to learn to generate diverse and naturalis-
tic factually inconsistent (non-entailed) summaries
using only existing (entailed) consistent summaries
for training. We show that the resultant data is ef-
fective for augmenting NLI datasets to improve the
state-of-the-art performance across four summary
factual inconsistency benchmarks.
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A Hyperparameters

Generator model We train a T5-base model
for three epochs with batch size of 24 using the
AdamW optimizer. We set the maximum source
token length to 256 and the target token length to
42. We use a learning rate of 3e−5 and fix the ran-
dom seed to 11. For decoding, we set the minimum
and maximum sequence length to 10 and 60, re-
spectively. We sample using beam search with a
beam of size two. We additionally set the repetition
penalty to 2.5 and the length penalty to 1.0.

Classification model We train RoBERTa-base
models on augmented and original MNLI datasets
for three epochs with a batch size of 32. The learn-
ing rate is set to 1e−5, while the maximum input
token length is set to either 128 or 512. We use the
following random seeds for the five training runs:
11, 12, 13, 14, and 15.

B Aggregating Predictions

We follow Falke et al. (2019) to adapt out-of-the-
box MNLI models to document-level input by per-
forming a sentence-wise prediction before aggre-
gating the output. Given a document D consisting
of sentences d1, . . . , dn, and a multi-sentence sum-
mary S consisting of s1, . . . , sm, we aggregate the
probability scores given by the classifier model F
on each di, s j pair. The aggregated consistency
score σ(D, S ) is given by:

σ(D, S ) =
1
m

m∑

j=1

max
d∈D

F(d, s j)

This means that it is sufficient for a summary sen-
tence to be factually consistent given only a single
entailing sentence in the source document. We then
take the average scores across the summary sen-
tences since each of them needs to be entailed by
the source document. We use a similar aggregation
method to evaluate augmented MNLI models on
multi-sentence summaries from the Summeval and
Ranksum benchmarks.

C Falsesum Details

In the preprocessing steps, we only perform the
predicate and argument span extraction on the first
15 sentences for computational efficiency. For train-
ing, this is not an issue since the gold spans from
the reference summary are included in the input.
Additionally, we may extract multiple OpenIE re-
lation tuples from each sentence. To avoid having

overlapping spans from a single input, we randomly
select two tuples from each sentence.

D Falsesum Examples

We include more examples of generated NLI in-
stances in Table 6. We also include cases where
Falsesum inadvertently generates factually consis-
tent summaries in Table 7. Lastly, we show several
examples of the formatted input and the generated
output at test time in Table 8.
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Mexican federal police have arrested a fugitive on the FBI’s 10 Most Wanted list, Mexican authorities said. Jorge Alberto
Lopez Orozco allegedly murdered his girlfriend and her two young sons. Jorge Alberto Lopez Orozco is wanted in Elmore
County, Idaho, on charges that he shot and killed three people, the FBI said. The charred remains of a woman and her
sons, ages 2 and 4, were found inside a burned-out vehicle on August 11, 2002, it said. Each victim had been shot in the
head or chest. The FBI was still working Friday to confirm the identity of the man in custody, said Debbie Dujanovic, a
spokeswoman in the agency’s Salt Lake City, Utah, field office. The Salt Lake City office has jurisdiction in the case. An
extradition order was issued in January 2007, the Mexican attorney general’s office said in a news release Thursday. A reward
of up to $100,000 was being offered, the FBI said. Lopez, 33, was captured in Zihuatanejo, a city northwest of Acapulco
on the Pacific Coast in southern Mexico, the Mexican attorney general’s office said. Zihuatanejo is in Guerrero state, but
Lopez was transferred to a jail in neighboring Michoacan state, officials said. The arrest came about after investigation
and intelligence work by Mexican authorities, the attorney general’s office said. According to the FBI, Lopez abducted his
girlfriend, Rebecca Ramirez, and her two young sons from her father’s house in Nyssa, Oregon, on July 30, 2002. The car he
had been driving was found nearly two weeks later on a rural road near Mountain Home, Idaho, officials said. . . .

entailment FBI was still working Friday to confirm the identity of the man in custody.
(intrinsic) non-entailment An extradition order was issued in July 30, 2002, to determine the identity of the man in

custody.

He may have been allowed to leave the club without ever playing a league game for the first team, but Kristoffer Olsson
still showed Arsenal some love as he departed. The 19-year-old Swede, whose only first-team appearance for the Gunners
came off the bench in the Capital One Cup last season, has joined FC Midtjylland this week on a permanent deal. But, as the
news was announced, Olsson took to Twitter to say ’Once a Gunner, always a Gunner’. Kristoffer Olsson (right) played just
once for Arsenal’s first team, in the Capital One cup against West Brom . Olsson expressed his love for the club on Twitter,
despite being sold to FC Midtjylland . The tweet reflects Cesc Fabregas’ comments when he left the club to join Barcelona,
although the Spanish midfielder has sinced joined rivals Chelsea, after Arsene Wenger opted not to buy him back. Olsson
has been on loan at FC Midtjylland since the beginning of the season, playing six times in the Danish top flight. The Sweden
U21 international said on joining permanently: ’this is a club that believes in me and sees my potential.’ Olsson has played
six times on loan with FC Midtjylland and has now joined the Danish club permanently.

entailment Swedish international takes to social media to express love for Arsenal.
(intrinsic) non-entailment Swedish international has been on loan at Chelsea since last season.

A teenager who was struck down with an agonising bowel condition says dancing has helped him to overcome his debilitating
illness. Macaulay Selwood, 17, was diagnosed with Crohn’s two years ago and was so unwell that he was often left in
agony on the floor unable to move. But his determination to continue his promising dancing career gave him the spur he
needed to battle through. Lord of the Dance: Macaulay at his practice studio. He was diagnosed with Crohn’s in September
2010 after collapsing in agony during a dance class . Recovery: ’Dancing has helped me overcome it (Crohn’s). It kept me
motivated’ Now the teenager from Bristol has made it to the finals of the Irish dancing world championships in Boston, USA,
and is hotly-tipped for glory. He will then have a trial at the famous performing arts school, ArtsEd, in London. At shows
he has been compared with Riverdance star Michael Flatley while others have taken to calling him Billy Elliot, after the
film character who overcomes the odd to becoming a dancing star. Macaulay did ballet at college before focusing on Irish
dancing for the world championships and works at Tesco to fund his passion. . . .

entailment Macaulay Selwood, 17, first starting suffering from Crohn’s disease in 2010.
(extrinsic) non-entailment The 22-year-old, who was diagnosed with Crohn’s in 2010, has been recovering since

2010.

When Matthew Briggs, 32, from Huntington in North Yorkshire noticed that his father had posted a photo of them together
on Facebook, he was initially pleased. But when he opened the photo and saw the image, Mr Briggs was left horrified by the
sight of his 31st frame. Now, two years on, he has shed an astonishing 17st and, in November, will complete the New York
marathon in memory of his mother Susan who died from multiple sclerosis when he was just 18. Pounding the pavements:
Matthew Briggs, 32, has lost an impressive 17st in just two years of slimming . ’In March of 2000, she lost her battle with
Multiple Sclerosis,’ he says. ’She has always been my inspiration. I am the man I am today because of the woman she was.’
Money raised by Mr Briggs’ 26-mile run will be donated to the Multiple Sclerosis Society, a charity dedicated to beating the
disease as well as supporting sufferers and their families. Mr Briggs, who has dropped from 31st to just under 14st, had piled
on the pounds thanks to a diet of ready meals, takeaways and daily two litre bottles of Coca-Cola. But, after seeing the photo
posted on Facebook and spurred on by a bet with his father, Mr Briggs joined his local Slimming World group and went on
to shed more than 17st over two years. . . .

entailment She died in 2000 of multiple sclerosis and funds raised will go to charity.
(extrinsic) non-entailment She died in 2000 of multiple sclerosis and every penny she saves will go to charity.

Table 6: Examples of NLI pairs generated by Falsesum. We show both the entailment and non-entailment hypothe-
ses obtained from each source document. Green-highlighted spans indicate the information used consistently in
the summary. Red-highlighted spans indicate information used or inserted by the model to generate an inconsistent
summary.
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The Mojito, a Cuban mix of white rum, sugar, lime, mint and soda water, is the most popular cocktail in Britain according to
a report . Sales of cocktails have risen by more than 10 per cent in the past two years. More than one in five of Britain’s pubs
and bars now serve cocktails and the Mojito – a Cuban mix of white rum, sugar, lime, mint and soda water – is the most
popular, according to a report. Pina Coladas (rum, coconut and pineapple juice) and Woo Woos (vodka, peach schnapps and
cranberry juice) were also popular. The Mixed Drinks Report, by consultancy firm CGA Strategy, found more women than
men choose cocktails, as 54 per cent of cocktail drinkers are female. Bomb and pitcher serves remain popular, with 74 per
cent of 18 to 24-year-olds admitting to have bought a bomb drink, while nine in 10 in the same age range say they drink
pitchers. Cocktails are enjoyed by the core 18 to 35-year-old demographic ’in all on-trade occasions’ including throughout
the night, as opposed to just the start. . . .

gold Sales of cocktails have risen by more than 10 per cent in the past two years.
(extrinsic) generated Cocktails have soared in popularity over the past two years.

From Yellowstone National Park to the Everglades, America’s 391 national parks are in need of repair – and thanks to
the economic stimulus signed into law, help is now underway. President Obama and his family visit the Grand Canyon in
Arizona, a national park. President Obama’s $787 billion economic stimulus plan passed in February and designated $750
million dollars to the national parks. But not all of the stimulus money is being used – and the parks are facing a $9 billion
backlog in maintenance projects. So far, nearly 10 percent is in the pipeline. "We are picking away at it as much as we can
and we’ve been fortunate to have the recovery act money," said Jeffrey Olson of the National Park Service. Olson said half
of the $9 billion is slated to go for road repairs. "Half of that [$9 billion] is roads and about $2 billion of that are the most
pressing needs – those we get some help from the stimulus. The president’s budget proposal is calling for more maintenance
and construction money," Olsen said. Dan Wenk, the acting director of the National Park Service says most of those pressing
needs include, "camp grounds, camp sites, it’s amphitheaters for evening programs. It’s the bathrooms. . . .

gold Park Service is dealing with a $9 billion backlog of maintenance needs.
(intrinsic) generated America’s 391 national parks are facing a $9 billion backlog of maintenance needs.

Table 7: Falsesum-generated summaries that are unintentionally consistent with the source document. Green-high-
lighted spans indicate information which is consistent with the document.

Predicates : is being offer for, were steal from, sell, Both as a solo artist and leader of the Heartbreakers, is one of ,
according to, where were rehearse for, contribute to, was induct into in; Arguments : the Heartbreakers, The band, Denise
Quan, five guitars, the Recording Industry Association of America, more than 57 million albums, Petty, A 7,500 reward, a
soundstage, the Rock & Roll Hall of Fame; Code : intrinsic; Summary :<span_1> <span_0> the 1960s.

gold Three of them were vintage guitars from the 1960s.
(intrinsic) generated The band was inducted into the Rock & Roll Hall of Fame in the 1960s.

Predicates : : is only the second time in, How could have do with, was lace with, struggle against at, have score,
expect to match, had settle into, ignite, has lost, Just as was walk into, were already circulate on, begin to filter, watch on
in; Arguments : his chair, Anfield, clips, the stands, symbolism, 13 Premier League goals, Brendan Rodgers, through,

Liverpool, the 100-plus strikes of last season, 13 games against Hull, everything, one; Code : intrinsic; Summary :Luis
Suarez took three minutes to <span_0> <span_1>.

gold Luis Suarez took three minutes to get his first assist for Barcelona.
(intrinsic) generated Luis Suarez took three minutes to ignite symbolism.

Predicates : allegedly know, supposedly write, in ’ was underway, is investigate, file against in by, file in, forbid, was toss
by in, wait for, fire at, accuse of, decide to fire based on, new information state, told, allegedly sent to, was complicate by,
Even though was toss, allegedly made, hold no more, expose to; Arguments : the case, new information states, his sexual
abuse, more recent damages, people, the blog posts, 2011, him, This week, her, allowing at one of his Los Angeles stores to
post naked photos of Morales on a blog that was meant to appear as though it belonged to Morales, American Apparel, The
Post, a settlement, The clothing company, Charney, new information saying he allowed an employee to impersonate and post
naked photos online of an alleged victim of his sexual abuse who filed a case against him in 2011, a settlement ’in the low
six-digits’ was underway, the company title, employee, 2012, The $260 million lawsuit, a report from March 25, 2011 that
said Morales allegedly sent nude photos of herself to Charney after she stopped working at the store, nude photos of herself,
Morales; Code : extrinsic; Summary :Women in the video <span_0> <span_1>.

gold Women in the video have been identified as current or former American Apparel workers.
(extrinsic) generated Women in the video were allegedly sexually assaulted by Morales.

Table 8: Examples of the formatted input at test time and the real output of the Falsesum generation model.
Blue-highlighted spans show the formatted input predicates. Green-highlighted spans show the formatted input
arguments. Yellow-highlighted spans show the formatted input control code. Gray-highlighted spans show the for-
matted input masked gold summary. Red-highlighted spans show the information inserted by the model to render
inconsistent summaries.
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Abstract

Named entity recognition (NER) in a real-
world setting remains challenging and is im-
pacted by factors like text genre, corpus qual-
ity, and data availability. NER models trained
on CoNLL do not transfer well to other do-
mains, even within the same language. This
is especially the case for multi-lingual models
when applied to low-resource languages, and
is mainly due to missing entity information.

We propose an approach that with limited ef-
fort and data, addresses the NER knowledge
gap across languages and domains. Our novel
approach uses a token-level gating layer to
augment pre-trained multilingual transformers
with gazetteers containing named entities (NE)
from a target language or domain. This ap-
proach provides the flexibility to jointly in-
tegrate both textual and gazetteer informa-
tion dynamically: entity knowledge from
gazetteers is used only when a token’s textual
representation is insufficient for the NER task.

Evaluation on several languages and domains
demonstrates: (i) a high mismatch of reported
NER performance on CoNLL vs. domain spe-
cific datasets, (ii) gazetteers significantly im-
prove NER performance across languages and
domains, and (iii) gazetteers can be flexibly in-
corporated to guide knowledge transfer. On
cross-lingual transfer we achieve an improve-
ment over the baseline with F1=+17.6%, and
with F1=+21.3% for cross-domain transfer.

1 Introduction

Advances in pre-trained models have achieved state
of the art results for NER (Conneau et al., 2020;
Yamada et al., 2020). Models like XLM-RoBERTa
(XLMR) (Conneau et al., 2020) offer advantages as
they can be applied on several languages with little
fine-tuning to obtain optimal NER performance,
with an F1 score of 92.92 for English and an aver-
age of 89.43 across all languages in CoNLL (Sang
and Meulder, 2003).

Source Lang (EN) Target Lang (DE)
estonia held the presidency of
the council of the european
union in the second half of
2017

zum 1. juli 2017 über-
nahm estland zum ersten mal
seit seinem beitritt die eu-rat-
spräsidentschaft.

Source Domain (news) Target Domain (Q&A)
the tradition continued with fig-
ures including james s. skinner.

when did dear prudence come
out?

Table 1: Example snippets in multiple-languages and
domains. NER needs to resolve equivalent NE surface
forms across languages, e.g. “Presidency of the Euro-
pean Council” to “EU-Ratspresidäntschaft”, or across
domains where entity distribution change (second row,
where entity types are marked in different colors).

While NER results obtained on CoNLL have
reached remarkable levels, in real-world settings,
NER faces many challenges, related to application
domain, language, or data quality. For uses cases
such as Web search queries or utterances coming
from voice assistants, data quality and obtaining
annotations are an issue. Such corpora usually have
low context and no casing information, or contain
syntactic errors. For instance, by just dropping
the casing information on CoNLL test set the NER
performance drastically drops to F1=0.35 (Mayhew
et al., 2019). Moreover, such snippets often cover
diverse domains with named entities that are not
part of the training data.

Table 1 shows example sentences1 in different
languages and genres/domains. For NER knowl-
edge transfer across languages, a typical challenge
is the significant surface form variations of NEs, in
terms of their compositional nature, ambiguity of
surface forms, and as well script. Similarly, a chal-
lenge across domains are the diverging named en-
tity distributions or ambiguities that surface forms
resolve to different entity types. To date, there are
no existing datasets that allow to probe NER sys-
tems for cross-lingual and cross-domain transfer
(e.g domains like Q&A or Web search).

1NEs of different types are annotated with specific colors.
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Considering the above challenges, our objective
in this work is to propose approaches and training
strategies that fulfill the following desiderata:

• Cross-Linguality: Models trained on a source
language should transfer with minimal effort to a
target language. The challenges are the composi-
tionality of NEs across languages and script (c.f.
NEs in green for EN and DE in Table 1).

• Cross-Domain: Models should transfer across
domains that have diverging NE distributions.
Specifically, determine entity boundaries (e.g.
generalize from Person to Creative Work,
which are often complex noun or verb phrases).

We propose an NER approach that fulfills the
two desiderata. First, we address multi-linguality
by encoding sentences using the pre-trained XLMR
model (Conneau et al., 2020). Second, to account
for domain differences, we enhance XLMR with
multi-lingual gazetteers that can be extracted from
resources like Wikidata, or domain-specific re-
sources (e.g. product catalogs). Gazetteers aid
the NER knowledge transfer and provide the mod-
els with explicit signal about NEs from a target
language/domain. Since the two modules provide
complementary information, we combine them us-
ing the mixture of experts (MoE) (Shazeer et al.,
2017), allowing the model to dynamically deter-
mine which portion of the information is used
for NER. Finally, we construct multi-lingual and
-domain NER datasets, addressing some of the de-
ficiencies of existing datasets like WikiAnn (Pan
et al., 2017), which consists of sentences with popu-
lar entities across all languages, limiting knowledge
transfer for low-contextual and emerging domains.

Experiments on 7 languages and multiple do-
mains confirm that our model can adapt across
domains and languages using few-shot learning
(with as much as 500 instances transfer from high
to low resource languages). Gazetteer informa-
tion combined through MoE, provides an advan-
tage over baselines with an average improvement
of MD=+33.21% in mention detection across do-
mains and F1=+17.6% across languages.

In this work, our contributions are threefold:

• gazetteer integration into NER models for cross-
lingual and -domain NER knowledge transfer,

• novel means in integrating text and gazetteer rep-
resentations through Mixture-of-Experts (MoE),

• mLOWNER a low-contextual and multilingual,
and MSQ a multilingual questions dataset.

2 Related Work

The use of gazetteers is not new. It has been a
core principle in doing NER using feature-based
approaches (Curran and Clark, 2003; Toral and
Muñoz, 2006; Cucchiarelli et al., 1998). How-
ever, with neural models and recent pre-trained
transformer models achieving state of the art re-
sults (Vaswani et al., 2017; Conneau et al., 2020;
Devlin et al., 2019), the utility of gazetteers on
standard benchmarks has diminished. Our related
work discussion is focused towards works that have
utilized gazetteers for NER.

Liu et al. (2019) propose the use of gazetteers
with neural NER models, utilizing them in the form
of a sub-tagger. For each token a matching score to
the gazetteer entries needs to be pre-computed and
then fed into the NER framework. The main utility
of gazetteers is to provide flexibility and be easy
to swap, allowing NER models to adapt on out-of-
domain data. Contrary to Liu et al. (2019), we
flexibly combine gazetteers with the textual infor-
mation and depending on the context are weighted
accordingly. Gazetteers can be swapped during the
test-phase without any fine-tuning. We compare
against this approach and show the advantages of
our approach both in terms monolingual and cross-
domain performance.

Shang et al. (2018) create dictionaries for a given
corpus on which the NER task is performed. This
avoids ambiguous matches of named entities across
domains. The task is to determine whether the
tokens in a span belong together or not, as part of an
entity, otherwise they can be two different entities
or not be entities at all. Finally, the type of those
spans is predicted. We differ from (Shang et al.,
2018) on three main points. First, the dictionary
creation is tied to the corpus. Second, the model
fits parameters to predict if a text span on a given
corpus represents an entity. Finally, the dictionary
information and model weights are ingrained into
the model, which is not the case for our approach.

Ding et al. (2019) create a di-graph from a sen-
tence and gazetteer matches. Adjacent nodes are
connected via a directed edge, after which, edges
between the matched characters to the gazetteer
nodes are added. The di-graph is then fed to a
graph neural network for training and resolve am-
biguous matches. Contrary to our work, here the
gazetteer matches are ingrained into the model, and
changes in gazetteers induce changes in the graph
structure and thus require complete retraining.
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Rijhwani et al. (2020) integrate entity linking
systems in matching the tokens or token spans to
some target entity or candidate entities. For each
match, different features are proposed, e.g. top
scoring entity for a span, top–3 candidate scores,
top–3 entities, type counts etc. While, using pre-
defined feature sets (Zirikly, 2015; Rijhwani et al.,
2020) has the advantages of interpretability, how-
ever, generalizing models to unseen languages or
domains is challenging. A direct comparison be-
tween feature-based models and our approach is
not possible. Our approach automatically integrates
external gazetteers without having the need to run
entity linking or any hand-crafted features.

Lin et al. (2019) propose to integrate gazetteers
for NER by training a gazetteer network to predict
whether a text snippet represents a name or not.
There are two diverging points to our work. First,
the gazetteer network weights of Lin et al. (2019)
are tied to the training data, thus, for any new data
the gazetteer network needs to be retrained to accu-
rately predict if a snippet represents an entity. Sec-
ond, our approach performs a soft-match w.r.t the
gazetteer entries, where each match is represented
as a binary vector w.r.t NER matching classes. This
allows us to flexibly change at inference time the
gazetteer data, since the model captures only the
structural information present in tokens and sen-
tences. Furthermore, using the mixture of experts
module to combine both the textual and gazetteer
token representations, we can flexibly determine
which representation to use for NER classification.

Finally, Jia et al. (2019) propose the use of mix-
ture of experts, where the experts correspond to
separate classifiers per NER class. We differ in that
we utilize MoE to compute a unified representation
of text and gazetteers.

3 Dataset Construction
Models trained on CoNLL typically perform poorly
when applied on out-of-domain data. Similarly,
WikiAnn (Pan et al., 2017), which consists of con-
textually rich sentences, is not suitable for domain
transfer where context is scarce (e.g. Web search).

We describe the process of constructing the mul-
tilingual and multi-domain datasets. We include
the following languages: English–EN, Spanish–
ES, Dutch–NL, Russian–RU, Turkish–TR, Korean–
KO, Farsi–FA, a mix of high and low resource
languages. The data is available for download.2

2https://registry.opendata.aws/
multiconer/

mLOWNER. Which stands for multilingual low–
context Wikipedia NER dataset (Malmasi et al.,
2022), extracted from the different localized ver-
sions of Wikipedia. We extract low-context sen-
tences that contain interlinked entities and resolve
the entity types using Wikidata as reference, accord-
ing to the NER class taxonomy from (Derczynski
et al., 2017).

Ensuring that the extracted sentences and the
interlinked entities therein are of high quality we
follow two filtering strategies. First, we apply reg-
ular expression to identify and filter out sentences
that contain named entities that are not interlinked.
This step removes long and high-context sentences.
Second, we filter out sentences, in which the links
could not be resolved to Wikidata entities. Apply-
ing the two steps filter out over 90% of the sen-
tences from the respective Wikipedia versions. The
resulting dataset is diverse in domains and multi-
lingual, including low-resource languages FA, KO,
TR. For more details regarding the mLOWNER
dataset, we refer to the reader to dataset paper (Mal-
masi et al., 2022), and additional details provided
in the paper appendix.

Sentences in mLOWNER have on average 15 to
19 tokens. Based on a manual inspection of 400
sample sentences in EN, the quality of the NER
gold-labels is with 94% accuracy.

• his playlist includes sonny sharrock, gza, country
teasers and the notorious b.i.g..

• the atari 2600 hardware design experienced many
makeovers during its 14 year production history.

MSQ. From the MS-MARCO Q&A cor-
pus (Nguyen et al., 2016) we construct question
templates, where the entities are replaced by
their type following the same NER taxonomy as
mLOWNER. We identify entities in a question
using spaCy3. For example, from the template
“who produced 〈CW|PROD〉”, we generate multiple
instances by varying entities of type CW or PROD.

MSQ is used only for testing and to assess cross-
domain knowledge transfer of NER models. Since
the questions are only in English language, we
translate the extracted templates using Amazon
Translate.4 The translation quality is good con-
sidering that the question templates are short. The
number of questions per language is around 17.5k
with an average number of tokens 4.9± 1.73.

3https://spacy.io/
4https://aws.amazon.com/translate/
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4 Approach

Figure 1 shows an overview of our approach based
our prior work (Meng et al., 2021; Fetahu et al.,
2021), which we adopt for our cross-lingual and
cross-domain application scenario. It consists of
three main components: (i) multi-lingual sentence
representation, (ii) external gazetteer knowledge
integration, and (iii) dynamic combination of text
and gazetteer information.

For a sentence s = {w1, . . . , wN} with N to-
kens we compute token representation as follows.

4.1 Multi-Lingual Text Representation

Using XLMR (Conneau et al., 2020) as a text en-
coder, we are able to encode sentences from mul-
tiple languages, and compute the sentence repre-
sentation hs = {h1, . . . ,hN}, where hs ∈ RN×L
represents the sentence representation forN tokens
with L output dimensions.

While XLMR has remarkable NER performance
on the CoNLL dataset, textual representation alone
is not sufficient for cross-domain transfer. Such
limitations are even higher when consider cross-
lingual transfer on distant languages. Depend-
ing on the pre-training resources for a language,
XLMR tokenization (Kudo and Richardson, 2018)
of infrequent tokens or tokens from low-resource
languages, can be problematic, often leading to
over-segmentation. This in turn, introduces am-
biguity for the NER task, e.g., “wunderkind little
amadeus“→ “_wunder kind _little _amade us”, is
tokenized into sub-words with ambiguous meaning
within and across languages, e.g. wunder, kind, us.

4.2 Gazetteer Representation

Gazetteers inject explicit information about target
NEs (e.g. Products from an e-commerce site). This
provides the flexibility to adapt on target domains
and for entities with variable surface forms (e.g.
Movies, Product names). Typically complex enti-
ties (e.g. movie titles) consist of complex noun or
word phrases that are to capture (cf. Figure 1).

Overall, gazetteers are easy to obtain from
open resources like Wikidata5. A gazetteer
G consists of entities and their type, e.g.
〈“No Time to Die”,CW〉.

Gazetteer Matcher. For a token or sequence of
tokens s′ from s′ ⊆ s, we extract the longest match

5https://www.wikidata.org/

from entries in G. The gazetteer G consists of a trie
built from all the named entity entries of interest.

The matcher yields a sparse encoding gs ∈
NN×k, where gs = {x1, . . . ,xN} and xi ∈
(0, 1)k is a binary vector of length k (k is the num-
ber of target NE types in G in IBO format). More
specifically, if our sequence of tokens is s′ = { the,
late, show, with, stephen, colbert}, the resulting
matcher would yield the following matrix gs′ :

B-CW I-CW B-PER I-PER . . .






the 1 0 0 0 0
late 0 1 0 0 0
show 0 1 0 0 0
with 0 1 0 0 0
stephen 0 1 1 0 0
colbert 0 1 0 1 0

The sparse vectors in gs are converted into a
dense representation by projecting them through a
dense layer θ, which are encoded using a BiLSTM,
Gs =

[−−−→
LSTM(θ[gs]);

←−−−
LSTM(θ[gs])

]
∈ RN×L.

The final gazetteer representation Gs, a BiL-
STM encoder learns the context of sentence s,
and using its context learns to resolve ambiguous
matches a token may have in G, e.g., “stephen col-
bert”, matches to both CW and PER entries.

4.3 Combined Representation

The encoded text and gazetteer representations cap-
ture complementary information. Depending on
s, not always both representations are deemed as
useful. For instance, if hs captures the contextual
information of s and the pre-trained knowledge of
XLMR for the tokens therein is not ambiguous,
then Gs may not be necessary. Otherwise, when
the model is applied to out-of-domain sentences
or tokens are ambiguous and match to multiple
named entity types, in such cases Gs, which en-
codes explicit information from a target domain or
languages provides the necessary context.

At token level we learn a function that combines
dynamically both representations by computing an
importance score for hs and Gs. The importance
wmoe is computed based on the mixture of experts
approach (MoE) (Shazeer et al., 2017). Since we
have two representations only, we use a Sigmoid
function to split the importance accordingly:

wmoe = σ
(
Λ[hs;Gs]

T
)

(1)

h = wmoe · hs + (1−wmoe) ·Gs (2)

where, Λ ∈ R2L. From h using a conditional
random field (CRF) layer (Lafferty et al., 2001) we
predict the token NER tags.
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it episode the late show with stephen colbert

Creative Work

it was later confirmed on an episode of the late show with stephen colbert

O ... O B-CW .. O B-CW .. O I-CW .. O I-CW .. O I-CW .. O I-CW .. B-PER I-CW .. I-PER

GAZ LSTM
Encoder

GAZ
Matcher

XLM - RoBERTa Word Rep.

Mixture
of

Experts

O O B-CW I-CW I-CW I-CW I-CW I-CW CRF Layer

Figure 1: Approach overview: (a) GAZ Matcher: matches tokens to gazetteer entries, e.g. “stephen” is matched to
both I-CW and B-PER; (b) GAZ LSTM Encoder: computes a contextual representation of the gazetteer matches;
(c): Word Rep.: computes the token XLMR representation; (d) Mixture of Experts: computes the weights of
both representations in (b) and (c); and (e) CRF: the classification layer that outputs the NER tags in BIO format.

Lastly, by feeding the gazetteer matches as a bi-
nary matrix, which corresponds to the NER class
matches of a given text span, and combining this
information jointly with the hs representation, we
allow our model to abstract the gazetteer represen-
tation Gs and learn structural NE properties for a
given text span (i.e. in terms of NER classes the
span may belong to), given that textual represen-
tation is provided by XLMR. This is a significant
improvement over existing work, which compute
gazetteer representations w.r.t tokens and thus re-
quire re-training, whenever the gazetteer informa-
tion is updated (Liu et al., 2019).

4.4 Multi-Stage Training Strategy

Our approach consists of modules like XLMR,
whose parameters contain pre-trained knowledge,
and the randomly initialized gazetteer and MoE
modules. To align the parameter spaces of these
components, and avoid that the NER model is
not biased towards the pre-trained knowledge of
XLMR, we device a two-stage training strategy.
First Stage. XLMR’s weights are frozen, while
gazetteer encoder is trained, allowing it to learn
how to resolve ambiguities tokens matches.
Second Stage. All components are jointly trained,
further fine-tuning XLMR and MoE to weigh be-
tween hs and Gs according to their impact on pre-
dicting the NER class.

5 Experimental Setup

Here we describe the NER approaches under com-
parison for knowledge transfer across domains and
languages. Next, we introduce the multilingual
training data, and the corresponding test sets for
cross-lingual and cross-domain evaluation.

5.1 Baselines and Approach Setup

Baseline – XLMR: The XLMR trans-
former (Conneau et al., 2020) with a CRF layer
trained for the NER task is considered as a baseline.
We use the AdamW optimizer (Loshchilov and
Hutter, 2019) with a learning rate of lr = 1e − 5
to minimize the negative log-likelihood loss (NLL),
and use a batch size of 64. This represents an
ablation of our model without gazetteers and the
MoE mechanism.

Baseline – Gazetteer Lookup (BaG): To assess
that gazetteers alone are insufficient, we consider a
gazetteer lookup to the longest matching text span
to the gazetteer entries. For a more favorable set-
ting for BaG, ambiguous span matches are counted
as correct if the NER class is in the set of classes
assigned by the gazetteer.

SubTagger (Liu et al., 2019): We train the Sub-
Tagger’s gazetteer matcher on EN gazetteer data
and test its monolingual and cross-domain perfor-
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mance for English. This is due to the fact that
GloVe (Pennington et al., 2014) and ELMo embed-
dings (Peters et al., 2018) are available only for
English, and are key components in training the
gazetteer and NER model. Evaluating SubTagger
for cross-lingual transfer is not possible since it
uses monolingual embeddings and for any target
language, the model needs to be retrained from
scratch using the gazetteer and the word represen-
tations from the target language.6

Approach (Ours): Our approach consists of
three components that are trained using the intro-
duced multi-stage training strategy. Training de-
tails are provided in the Appendix B.

5.2 Datasets

Below are shown the datasets (without casing) used
for training and testing NER models.

CoNLL: exists in 4 languages (EN, DE, ES, NL)
with sentences (Sang, 2002; Sang and Meulder,
2003), and used for training only.

mLOWNER: mLOWNER (Malmasi et al.,
2022) is used for training. mLOWNER test set
is used to assess cross-lingual transfer. For training
and development, for each language, we use 15.2k
and 800, respectively. For testing we limit the num-
ber of instances to 10k per language. Additional
details are provided in Appendix A.

MSQ: This dataset is used only to test the cross-
domain transfer of pre-trained NER models.

WNUT: WNUT17 (Derczynski et al., 2017) is
another test set for cross-domain evaluation, con-
sisting of social media posts in EN language.

Twitter Data: Additionally, we collected a ran-
dom sample of 10k tweets in the English language,7

to assess the competing approaches (XLMR base-
line and our approach) in a zero-shot setting.

Gazetteers: Entries are extracted from Wikidata
entity titles (from types corresponding to the NER
taxonomy). More details in Appendix A.

6We experimented with this approach by replacing its
GloVE and ELMo embeddings with XLMR contextual em-
beddings, however, the performance was suboptimal, and thus
conclude that the these two embeddings in the respective lan-
guages are crucial for the model’s performance.

7Data was collected using the twitter streaming API on 12
July, 2021.

5.3 Cross-domain & Cross-lingual Scenarios
Cross-Domain: Pre-trained models on CoNLL
and mLOWNER are assessed for out-of-domain
transfer on MSQ in terms of mention detection
(MD). MD measures the ability to predict the en-
tity boundaries, disregarding the actual entity type.
We also consider cross-domain transfer from EN-
LOWNER to WNUT and report NER micro F1.

Cross-Lingual: Models trained on an
mLOWNER source language are assessed
on a target language under zero-shot and few-shot
learning.

6 Evaluation

Here we assess the monolingual NER model per-
formance and impact of the multi-stage training
strategy and that of MoE. Finally, we assess their
knowledge transfer across languages and domains.

6.1 Model Comparison

CoNLL mLOWNER

BaG XLMR Ours BaG XLMR Ours

EN 0.178 0.850 0.860 (+1%) 0.148 0.755 0.888 (+13.3%)
ES 0.184 0.798 0.813 (+1.5%) 0.047 0.746 0.847 (+10.1%)
NL 0.194 0.807 0.826 (+1.9%) 0.220 0.803 0.867 (+6.4%)
RU - - - 0.213 0.693 0.782 (+8.9%)
TR - - - 0.106 0.752 0.859 (+10.7%)
KO - - - 0.268 0.726 0.854 (+12.8%)
FA - - - 0.614 0.700 0.820 (+12.0%)

Table 2: Micro F1 results across all types. Note that
the NER type taxonomies differ between CoNLL and
mLOWNER.

For the CoNLL and mLOWNER datasets, we
trained separate models for both our approach and
baselines. Table 2 shows the micro-averaged F1
scores across all NER classes. Table 2 shows that
in the case of CoNLL, there is a saturation in terms
of the improvement we achieve across the different
languages. One explanation for this is that pre-
trained transformer models like XLMR, are already
highly efficient on news corpora and can exploit the
regularities on how named entities are mentioned
in text. Hence, the difference when comparing the
baseline and our approach on the CoNLL test set
varies from 1% to 2%, for EN and NL, respectively.

Contrary to CoNLL, in the case of mLOWNER,
which is a more diverse dataset and with sentences
that do not follow the strict language style present
in news corpora, we achieve significant gains over
the baseline approach. The average gains are
around 10.6% absolute improvement in terms of
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Figure 2: F1 class performance of our approach on
mLOWNER test set. In brackets is shown the F1 ab-
solute gains against the XLMR baseline.

micro averaged F1. Moreover, it is encouraging
to note that for low-resource languages such as
KO or FA, the gains are even higher. This shows
that when pre-trained transformer models do not
contain knowledge about a specific token, integrat-
ing external gazetteers through MoE, we can ac-
curately predict the NER class of a token. The
gains are not evenly distributed across the differ-
ent NER classes. Figure 2 shows the absolute F1
gains over the XLMR baseline. The highest gains
are achieved for the classes PROD, CW, CORP
(with an average absolute increase of F1=+14.02),
which contain NEs that do not follow typical syn-
tactic patterns as is the case for PER, LOC.

For the BaG baseline, we see a large gap. This
is due to the inability to resolve ambiguous cases,
which highlights the difficulty of the task, and that
gazetteers alone lead to noisy NER.

Finally, comparing against SubTagger on the
LOWNER test set, our approach achieves an in-
crease of F1=+5%. Given that both models are
trained on the same dataset, the improvements
comes mainly from the way we model our ap-
proach. Namely, the contributions can be attributed
on the way how we incorporate gazetteer matches
using the MoE, which allows the model to either
weigh higher or downweight matches according to
the token’s NER tag accuracy.

Multi-stage training impact. We assessed the
performance of our approach without the multi-
stage training. The results are negligibly better
than the baseline. Given that the GAZ encoder and
MoE module are randomly initialized, the model
relies solely on XLMR for NER. Furthermore, a
low learning rate is not suitable for GAZ and MoE,
while a higher lr is not suitable for XLMR, hence,
the multi-stage training is appropriate.

MoE Impact. The combined representation com-
puted via MoE is highly effective, especially for
cross-domain transfer. Simply concatenating the
text/gazetteer vectors, we note an average decrease
of MD=-22% across all languages for MSQ. For
in-domain evaluation, the difference is negligible.
This is due to two reasons: (i) the model’s repre-
sentation for out-of-domain entity tokens are not
fine-tuned for the task, and (ii) without MoE, spuri-
ous gazetteer matches cannot be discarded.

6.2 Cross-Domain Transfer Results

Cross-domain transfer for NER remains still chal-
lenging, due to the lack of domain specific data,
privacy concerns in generating such data, or exist-
ing datasets having a narrow domain coverage.

LOWNER (test) MSQ

EN ES NL RU TR KO FA EN ES NL RU TR KO FA

0.25

0.35

0.45

0.55

0.65

0.75

0.85

0.95

Ours
mLOWNER

Baseline−XLMR
mLOWNER

Ours
CoNLL

Baseline−XLMR
CoNLL

Figure 3: Cross-domain mention detection scores for
models trained separately on mLOWNER and CoNLL
datasets and tested on mLOWNER and MSQ.

Figure 3 shows the cross-domain transfer re-
sults for models trained separately on CoNLL and
mLOWNER8 and tested on the mLOWNER and
MSQ test sets. Since CoNLL has a different NER
class taxonomy than MSQ and mLOWNER, we
report only MD performance.

Pre-trained CoNLL models: For MD perfor-
mance of CoNLL pre-trained models we note two
aspects. First, there is a high mismatch between the
performance achieved on CoNLL and that of for
mLOWNER and MSQ. It is evident that due to the
narrow domain coverage of CoNLL (consisting of
only news genre), the models have difficulties in de-
tecting NE boundaries for out-of-domain datasets.
Second, our approach consistently outperforms the
XLMR baseline for both datasets. We obtain an
absolute average improvement of MD=+3% and
MD=+24% for mLOWNER and MSQ, respectively.
This shows that when NER models are applied to a
distant domain from their initial training data (e.g.

8CoNLL overlaps only in 3 languages with mLOWNER.
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EN NL ES RU TR KO FA Average

zero-shot setting

EN 0.888 (+13.33) 0.806 (+14.13) 0.795 (+15.19) 0.604 (+9.66) 0.729 (+21.01) 0.641 (+22.21) 0.681 (+20.58) 0.709 (+17.13)
NL 0.818 (+19.26) 0.875 (+8.33) 0.784 (+13.95) 0.628 (+17.04) 0.738 (+16.91) 0.640 (+18.95) 0.675 (+20.96) 0.714 (+17.84)
ES 0.803 (+18.18) 0.790 (+14.86) 0.847 (+10.12) 0.640 (+12.20) 0.715 (+17.18) 0.607 (+20.75) 0.699 (+20.92) 0.709 (+17.35)
RU 0.740 (+19.80) 0.630 (+6.69) 0.554 (-0.99) 0.782 (+8.97) 0.677 (+23.21) 0.592 (+17.54) 0.631 (+18.72) 0.637 (+14.16)
TR 0.733 (+16.18) 0.795 (+18.03) 0.694 (+10.49) 0.623 (+14.99) 0.859 (+10.67) 0.682 (+24.23) 0.690 (+21.97) 0.703 (+17.65)
KO 0.678 (+19.25) 0.724 (+23.64) 0.693 (+23.96) 0.610 (+14.12) 0.670 (+22.62) 0.854 (+12.78) 0.628 (+21.08) 0.667 (+20.78)
FA 0.744 (+19.61) 0.757 (+19.48) 0.720 (+15.68) 0.631 (+13.21) 0.711 (+20.15) 0.667 (+23.32) 0.820 (+11.94) 0.705 (+18.58)

few-shot (+500 instances), F1 = N8.0% increase compared to zero-shot

EN 0.888 (+13.33) 0.831 (+11.28) 0.804 (+13.42) 0.696 (+10.75) 0.806 (+15.71) 0.750 (+19.63) 0.734 (+14.21) 0.770 (+14.17)
NL 0.843 (+14.61) 0.875 (+8.33) 0.800 (+11.85) 0.690 (+8.73) 0.811 (+15.47) 0.761 (+18.41) 0.740 (+14.02) 0.774 (+13.85)
ES 0.830 (+14.43) 0.833 (+11.38) 0.847 (+10.12) 0.688 (+9.53) 0.806 (+15.08) 0.746 (+19.94) 0.752 (+14.53) 0.776 (+14.15)
RU 0.809 (+14.86) 0.815 (+13.48) 0.792 (+13.91) 0.782 (+8.97) 0.798 (+14.59) 0.739 (+16.76) 0.736 (+15.68) 0.781 (+14.88)
TR 0.805 (+14.02) 0.814 (+11.01) 0.801 (+15.49) 0.692 (+11.78) 0.859 (+10.67) 0.767 (+17.99) 0.754 (+16.02) 0.772 (+14.39)
KO 0.781 (+14.07) 0.801 (+13.45) 0.779 (+14.96) 0.682 (+10.42) 0.791 (+15.72) 0.854 (+12.78) 0.728 (+14.30) 0.760 (+13.82)
FA 0.794 (+13.42) 0.807 (+12.92) 0.779 (+13.48) 0.692 (+11.87) 0.798 (+15.70) 0.745 (+18.23) 0.820 (+11.94) 0.769 (+14.27)

Table 3: NER F1 scores for our approach trained on a source language (rows) and tested on a target language
(columns), with absolute percentage improvements over the XLMR baseline shown in parenthesis. The rightmost
column shows the average cross-lingual model performance across all languages. In the top table, blue values are
the F1 scores for the mono-lingual models.

MSQ), the ability to inject explicit NE knowledge
provides significant gains.

Pre-trained mLOWNER models: On the MSQ
dataset, our approach obtains an average of abso-
lute improvement of MD=+21.3% over the baseline
across all languages. This validates our hypothesis
that gazetteer knowledge allows models to adapt
on out-of-domain data. The gains for EN are 11%,
whereas the highest are for TR with 35%. The
gain ratios are highly correlated with the gazetteer
coverage on MSQ with Pearson’s correlation of
ρ = 0.67. The coverage for MSQ EN is at 85%,
and thus the lowest gains, while for the remaining
languages the coverage is at 98%.

The results in Figure 3 validate the utility of
the proposed dataset mLOWNER. Similar archi-
tectures trained on mLOWNER and CoNLL have
highly diverging performance, with models trained
on CoNLL showing limited cross-domain trans-
fer. For example, when assessed for cross-domain
transfer on the MSQ dataset, the pre-trained mod-
els on EN-CoNLL and EN-mLOWNER achieve
MD=0.64 and MD=0.73, respectively.

Finally, comparing cross-domain transfer in
terms of micro F1 score for the XLMR and SubTag-
ger baselines trained on LOWNER, our approach
achieves an average F1=+33.2% absolute points
improvements against XLMR across all languages,
whereas for SubTagger for EN-MSQ, we see an
absolute points of improvement of F1=+18.8%.

Cross-Domain Transfer on WNUT: Since
WNUT is available in EN only, we show the ze-
roshot and fine-tuning performance of mLOWNER
pretrained models (since they use the same NER
taxonomy). Our approach obtains a score of
F1=0.293, contrary to the XLMR which achieves
F1=0.220. Fine tuning the mLOWNER models on
the WNUT train set, we achieve a new state of the
art result (cf. (Shahzad et al., 2021)) in WNUT
with F1=0.507 for our approach, which is 9.7%
higher than the baseline.

Cross-Domain Transfer on Twitter Data:
Apart from assessing our models on cross-domain
transfer on the WNUT dataset, we additionally
assess the performance of the baseline and our
approach on the 10k random Twitter sample data.
Table 4 shows the precision per NER class of
the competing approaches. For each model, we
randomly sample a set of 30 tweets per NER class,
leading to a total 180 tweets per model. This
results into a total of 360 tweets for both models,
which we annotate to measure the accuracy of
models in detecting named entities. We use the
resulting annotations to measure the precision for
each model in Table 4.

Our approach significantly outperforms the base-
line approach on the cross-domain transfer on the
Twitter data as well, with an absolute difference of
26.74% in terms of overall precision.9

9We are unable to report recall numbers, given that this
would require us to manually annotate all 10k tweets in order
to measure recall.
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From the results we note that both approaches
perform fairly well for the PER class, where the
difference between the two models is only with
7.47%. This is intuitive given that person names
are quite regular, and even in out of domain corpora,
both models have little difficult in identifying them.

On the contrary, for NER classes such as GRP
or CORP, the gap between the models is very large,
with 53.33% and 43.70%, respectively. Contrary
to person names, corporation and group names do
not follow very strict pattern, hence, the low per-
formance of the baseline model.

Finally, for CW, we note that our approach has
the lowest performance among all the other NER
classes. The lower performance in this case can
be explained by the fact that our gazetteer knowl-
edge containing CW entries leads to false positive
matches in the Twitter data. Given that Twitter
contains tweets that are highly diverse and that CW
entries can be quite complex phrases, this leads to
spurious matches, which we do not have in more
controlled domains like CoNLL or mLOWNER.

XLMR Ours

PER 0.759 0.833 ( +7.47%)
CORP 0.296 0.733 (+43.70%)
LOC 0.724 0.900 (+17.59%)
CW 0.345 0.500 (+15.52%)

PROD 0.600 0.833 (+23.33%)
GRP 0.133 0.667 (+53.33%)

micro@P 0.477 0.744 (+26.74%)

Table 4: Zero shot cross-domain per class performance
(measured in terms of precision) for the XLMR base-
line and our approach, on a sample of 360 tweets.

6.3 Cross-Lingual Transfer
Applying pre-trained models on a source language
to other target languages provides several advan-
tages in reducing annotation costs, which for some
low-resource languages may be difficult to obtain.
Table 3 shows the NER results of our approach
when trained on a source language (rows) and
tested on a target language mLOWNER (columns)
dataset. In brackets is shown the absolute improve-
ment over the baseline in terms of micro F1 score.

Zero-Shot Evaluation. In this setting, we con-
sistently outperform XLMR (except 〈RU, ES〉,
where we note a negligible difference). When ap-
plying the EN model on low-resource languages
our gains are highest, with an average absolute im-
provement of F1=+17.13%. The gains over the

baseline are particularly high, when the source
(EN) and target languages are distant, e.g., TR,
KO or FA. This is intuitive as pre-trained textual
knowledge is scarce for such pairs, however, the
integrated gazetteer information through MoE pro-
vides the missing NE token knowledge for NER.
Finally, for similar languages like EN, NL, ES,
the differences to the mono-lingual performance is
within a 5–8% F1. Such cross-lingual transfer is
very promising, considering the zero-shot setting
and the fact that we simply swap the gazetteer data
to the target language without any fine-tuning.

Few-Shot Evaluation. In this setting, we used
500 instances from a target language for fine-tuning.
Similarly, here too, our approach consistently im-
proves over the baseline. The gap between the base-
line and our approach increases slightly from zero-
shot to few-shot. Overall comparison to zero-shot,
with 500 instances, the improvements across all
language pairs are with F1=+8% absolute points.

With few-shot learning, we close the gap to the
monolingual models significantly. For instance,
the fine-tuned EN model for the rest of the target
languages has only 4.7%, 4.4%, 5.3% lower per-
formance for ES, NL, and TR whereas for FA, RU
and KO the difference is higher with 8.6%, 9%
and 10.4%. The results are encouraging, consider-
ing that for low-resource languages like FA or KO,
obtaining annotations can be problematic.

7 Conclusions

We presented an approach to flexibly inject
gazetteers into multilingual transformers for NER,
showing its utility for cross-domain and cross-
lingual transfer. Furthermore, we propose and pub-
lish large multi-lingual and multi-domain corpora
for training and testing NER performance.

Thorough evaluations show that NER knowledge
transfer can be guided and significantly improved
through external gazetteers. On cross-domain trans-
fer our approach achieves an improvement of over
MD=+21.3% across all languages, whereas for
cross-lingual transfer, with only 500 instances we
reach the monolingual performance with only 6%
difference in terms of F1 across all languages.

Finally, we showed that training data plays a
significant role in NER model’s ability to transfer
knowledge across domains and languages, where
pre-trained models on CoNLL fail to perform well
on out-of-domain and multi-lingual datasets.
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A NER Datasets

LOWNER. Table 6 shows detailed statistics about
the LOWNER dataset. LOWNER is used as our
main training dataset, and additionally we use it for
cross-lingual transfer of NER models. LOWNER
is constructed in 7 different languages from the cor-
responding Wikipedia dumps, where we extract the
articles, which were then parsed to remove markup
and extract sentences with their interlinks (links to
other articles). We then mapped the interlinks in
each sentence to the Wikidata KB then resolved
them to our NER taxonomy as shown in Table 6.

We filter sentences using two strategies. Tak-
ing advantage of Wikipedia’s well-formed text, we
applied a Regex-based NER method to identify
sentences containing named entities that were not
linked, and removed them. This removes long and
high-context sentences that contain references to
many entities. Additionally we also removed any
sentence where the links could not be resolved to
Wikidata entities. This step discards over 90% of
the sentences. This process yields short and low-
context sentences, which represents a realistic NER
dataset for cross-domain transfer, especially for
cases like Web search or Q&A.

Below are shown example sentences from the
EN-LOWNER training set. The different entities
are marked in colors according to their entity type.

• anthology is a compilation album by new zealand singer
songwriter and multi instrumentalist bic runga

• his recordings include several issues for hyperion records,
including music of benjamin britten, emmanuel chabrier,
maurice duru and henry purcell.

• together with the nearby village revetal it has a population
(statistics norway 2005) of 1,902.

MSQ. This dataset aims to reflect NER in the
Q&A domain, and is based on the MS-MARCO
dataset (Nguyen et al., 2016) which contains over
a million questions. We first construct templates
from the questions by applying an existing NER
system (e.g., spaCy) to identify entities in the ques-
tions. We then use our gazetteer to map the en-
tities to their NER types to create slotted tem-
plates, e.g., “when did [[iphone]] come
out” becomes “when did <PROD> come
out”. The templates are then aggregated by fre-
quency. This process results in 3,445 unique ques-
tion templates in English language, which we auto-
matically translated into the remaining languages
(NL, ES, RU, TR, KO, FA). While the NER system

cannot correctly identify many entities, the most
frequent templates are reliable. Finally, we gener-
ate MSQ-NER by slotting the templates that have
a frequency of ≥ 5 with random entities from the
Wikipedia KB with the same class. Each template
is slotted with the same number of times it appeared
in MS-MARCO in order to maintain the same rela-
tive distribution as the original data. This results in
17,868 questions e.g., “when did [[xbox]]
come out”, which we use as a test set. Table 6
shows the stats for the MSQ dataset in the different
languages.

The examples below show MSQ test instances.
The different entities are marked in different colors
according to their entity type.

• where was benjamin mwangata born

• where is trenton-robbinsville airport ca

• how old is rafi ibn harthama

• what county is downtown washington dc

• how much does snapchat pay

Gazetteers. Table 5 shows the gazetteers ex-
tracted from the entity titles in Wikidata (instances
of Wikidata types that correspond to the NER tax-
onomy). We use gazetteers to aid knowledge trans-
fer for our approach.

lang. #entries PER LOC GRP CW CORP PROD

ES 2.3M 0.61 0.21 0.05 0.10 0.01 0.01
NL 2.4M 0.55 0.31 0.03 0.09 0.01 0.01
RU 1.7M 0.57 0.29 0.04 0.09 0.01 0.01
TR 393k 0.44 0.36 0.05 0.11 0.02 0.02
KO 332K 0.47 0.23 0.07 0.18 0.03 0.03
FA 554k 0.41 0.42 0.03 0.11 0.02 0.02

Table 5: Per-language statistics for the Wikidata gazetteers.

B NER Approaches Setup

Here we describe technical details on how we
trained both NER approaches in this work. Our
approach and the baseline are implemented in Py-
Torch (Paszke et al., 2019). We train our models on
4 NVIDIA Tesla V100 GPUs, with approximately
8–10 mins per epoch. The code repository will be
released upon paper publication.

• Baseline–XLMR: We fine tune XLM-RoBERTa
(XLMR) (Conneau et al., 2020) baseline
for the NER task using the AdamW opti-
mizer (Loshchilov and Hutter, 2019), with a
learning rate of lr = 1e − 5 and weight de-
cay of w = 0.01. For XLMR we make use of
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dataset lang split instances PER LOC GRP PROD CW CORP

LOWNER

English (EN)
train 15200 0.229 0.203 0.152 0.124 0.159 0.132
dev 800 0.236 0.19 0.154 0.12 0.143 0.157
test 10000 0.225 0.206 0.155 0.126 0.155 0.133

Dutch (NL)
train 15200 0.197 0.247 0.148 0.132 0.15 0.126
dev 800 0.183 0.258 0.141 0.119 0.157 0.141
test 10000 0.192 0.245 0.151 0.134 0.153 0.126

Spanish (ES)
train 15200 0.209 0.219 0.144 0.135 0.164 0.129
dev 800 0.21 0.233 0.143 0.131 0.163 0.12
test 10000 0.209 0.216 0.144 0.132 0.169 0.131

Russian (RU)
train 15200 0.185 0.211 0.151 0.148 0.163 0.143
dev 800 0.184 0.212 0.145 0.145 0.161 0.153
test 10000 0.181 0.212 0.155 0.147 0.162 0.143

Turkish (TR)
train 15200 0.189 0.248 0.154 0.137 0.153 0.119
dev 800 0.186 0.282 0.134 0.127 0.153 0.119
test 10000 0.182 0.253 0.154 0.135 0.152 0.125

Korean (KO)
train 15200 0.184 0.254 0.144 0.125 0.158 0.135
dev 800 0.205 0.248 0.141 0.136 0.151 0.12
test 10000 0.183 0.26 0.144 0.126 0.153 0.134

Farsi (FA)
train 15200 0.188 0.248 0.141 0.13 0.162 0.131
dev 800 0.166 0.267 0.135 0.129 0.171 0.132
test 10000 0.191 0.245 0.14 0.127 0.163 0.134

MSQ

English (EN) test 17868 0.240 0.554 0.032 0.025 0.115 0.036
Spanish (ES) test 17937 0.226 0.582 0.030 0.024 0.105 0.032
Dutch (NL) test 17387 0.242 0.555 0.032 0.024 0.114 0.034
Russian (RU) test 17551 0.232 0.561 0.033 0.024 0.114 0.036
Turkish (TR) test 17405 0.246 0.544 0.033 0.025 0.116 0.037
Korean (KO) test 17874 0.245 0.545 0.033 0.025 0.115 0.036
Farsi (FA) test 16960 0.238 0.560 0.032 0.022 0.112 0.036

Table 6: Detailed breakdown of the ratio of entities for the different NER classes for LOWNER and MSQ datasets
for the different evaluation languages. Note that a sentences contains one or more entities, which may be of
different types.

the implementation provided by the Transformer
framework (Wolf et al., 2019). We first perform a
linear warmup stage, which is done for a certain
number of steps that corresponds to 10% of the
number of batches. XLMR model converge to
their optimal performance around 10 epochs.

• Approach: We train our approach in two stages.
This is mainly due to the fact that the text and
gazetteer components having unaligned weights.
XLMR has weights coming from a pre-trained
model, whereas the gazetteer encoder has ran-
domly initialized weights. We use the same op-
timizer as for the Baseline, namely AdamW. In

the first sage, we freeze the XLMR weights and
use a more aggressive learning rate to train the
LSTM gazetteer encoder with lr = 0.01. We run
the first stage for 10 epochs, and then perform a
joint optimization in the second stage with the
same learning rate and weight decay parameters
as for the XLMR baseline approach.
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Abstract

We introduce MetaICL (Meta-training for In-
Context Learning), a new meta-training frame-
work for few-shot learning where a pretrained
language model is tuned to do in-context learn-
ing on a large set of training tasks. This meta-
training enables the model to more effectively
learn a new task in context at test time, by sim-
ply conditioning on a few training examples
with no parameter updates or task-specific tem-
plates. We experiment on a large, diverse col-
lection of tasks consisting of 142 NLP datasets
including classification, question answering,
natural language inference, paraphrase detec-
tion and more, across seven different meta-
training/target splits. MetaICL outperforms a
range of baselines including in-context learn-
ing without meta-training and multi-task learn-
ing followed by zero-shot transfer. We find
that the gains are particularly significant for
target tasks that have domain shifts from the
meta-training tasks, and that using a diverse
set of the meta-training tasks is key to im-
provements. We also show that MetaICL
approaches (and sometimes beats) the per-
formance of models fully finetuned on the
target task, and outperforms much bigger
models with nearly 8x parameters. Finally,
we show that MetaICL is complementary to
human-written instructions, and the best per-
formance can be achieved by combining both
approaches.

1 Introduction

Large language models (LMs) have recently been
shown to be able to do in-context learning (Brown
et al., 2020), where they learn a new task simply
by conditioning on a few training examples and
predicting which tokens best complete a test input.
This type of learning is attractive because the model
learns a new task through inference alone, without
any parameter updates. However, performance sig-
nificantly lags behind supervised finetuning, results
are often high variance (Zhao et al., 2021; Perez

et al., 2021), and it can be difficult to engineer the
templates that convert existing tasks to this format.

In this paper, we address these challenges by in-
troducing MetaICL: Meta-training for In-Context
Learning. MetaICL tunes a pretrained language
model on a large set of tasks to learn how to in-
context learn, and is evaluated on strictly new un-
seen tasks. Each meta-training example matches
the test setup—it includes k + 1 training examples
from one task that will be presented together as
a single sequence to the language model, and the
output of the final example is used to calculate the
cross-entropy training loss. Simply finetuning the
model in this data setup directly leads to better in-
context learning—the model learns to recover the
semantics of the task from the given examples, as
must be done for in-context learning of a new task
at test time. This approach is related to recent work
that uses multi-task learning for better zero-shot
performance at test time (Khashabi et al., 2020;
Zhong et al., 2021; Mishra et al., 2022; Wei et al.,
2022; Sanh et al., 2022). However, MetaICL is dis-
tinct as it allows learning new tasks from k exam-
ples alone, without relying on a task reformatting
(e.g., reducing everything to question answering)
or task-specific templates (e.g., converting different
tasks to a language modeling problem).

We experiment on a large, diverse collection of
tasks taken from Ye et al. (2021) and Khashabi et al.
(2020), including 142 text classification, question
answering, natural language inference and para-
phrase detection datasets. We report seven different
settings, all with no overlap between meta-training
and target tasks. This leads to 52 unique target
tasks in total, which is the largest among all recent
related work to the best of our knowledge.

Experimental results show that MetaICL consis-
tently outperforms baselines including (1) a variety
of LM in-context learning baselines without meta-
training (Brown et al., 2020; Zhao et al., 2021;
Holtzman et al., 2021; Min et al., 2022), and (2)
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multi-task learning followed by zero-shot trans-
fer (Zhong et al., 2021; Wei et al., 2022; Sanh
et al., 2022). Gains over multi-task zero-shot trans-
fer are particularly significant when meta-training
tasks and target tasks are dissimilar, e.g. there
are large differences in task formats, domains, or
required skills. This demonstrates that MetaICL
enables the model to recover the semantics of the
task in context during inference even when the tar-
get does not share similarities with meta-training
tasks. MetaICL often gets close to (and sometimes
beats) the performance of models trained with su-
pervised finetuning on the target datasets, and per-
form as well as models with 8x parameters. We
also perform extensive ablations to identify key in-
gredients for success of MetaICL such as the num-
ber and diversity of meta-training tasks. Finally,
we demonstrate MetaICL without any templates is
better than recent work using human-written nat-
ural instructions, while the best performance is
achieved by combining both approaches. Code
and data are publicly released at github.com/
facebookresearch/MetaICL .

2 Related Work

In-context learning Brown et al. (2020) propose
to use a language model (LM) conditioned on a
concatenation of training examples for few-shot
learning with no parameter updates. It has been
further improved by later work (Zhao et al., 2021;
Holtzman et al., 2021; Min et al., 2022), showing
promising results on a variety of tasks. However,
in-context learning with an LM achieves poor per-
formance when the target task is very different from
language modeling in nature or the LM is not large
enough. Moreover, it can have high variance and
poor worst-case accuracy (Perez et al., 2021; Lu
et al., 2021).

Our paper is based on the core idea of in-context
learning by conditioning on training examples. We
show that, by explicitly training on an in-context
learning objective, MetaICL achieves substantial
improvements even with smaller LMs.

Meta-training via multi-task learning Our
work is broadly inspired by a large body of work
in meta-learning (Vilalta and Drissi, 2002; Finn
et al., 2017) and multi-task learning (Evgeniou
and Pontil, 2004; Ruder, 2017). Prior work has
shown that multi-task learning on a large collec-
tion of tasks leads to better performance on a new

task, either when tested zero-shot (Khashabi et al.,
2020; Zhong et al., 2021; Mishra et al., 2022; Wei
et al., 2022) or when further finetuned (Aghajanyan
et al., 2021; Ye et al., 2021). In particular, the for-
mer is closely related to our work, as it eliminates
the need for parameter updates on a target task.
However, these zero-shot models are either limited
to tasks sharing the same format as training tasks
(e.g., a question answering format) (Khashabi et al.,
2020; Zhong et al., 2021), or rely heavily on task-
specific templates (Mishra et al., 2022; Wei et al.,
2022; Sanh et al., 2022) which are difficult to en-
gineer due to high variance in performance from
very small changes (Mishra et al., 2021).

In this paper, we propose a meta-training method
for better in-context learning that improves few-
shot performance. We show that it effectively
learns semantics of a new task with no manual
effort, significantly outperforming zero-shot trans-
fer methods.1 Furthermore, while Wei et al. (2022)
show that meta-training helps only when the model
has 68B or more parameters, our experiments
demonstrate improvements with a much smaller
model (770M).

Chen et al. (2022), concurrently to our work, pro-
pose meta-training for in-context learning. Our ap-
proach differs in a number of ways: we remove re-
quirements of human-written templates or instruc-
tions, and include more diverse tasks, stronger base-
lines, and extensive experiments in much larger
scale with many meta-training/target splits.

3 MetaICL

We introduce MetaICL: Meta-training for In-
Context Learning. Table 1 provides an overview
of the approach. The key idea is to use a multi-task
learning scheme over a large collection of meta-
training tasks, in order for the model to learn how
to condition on a small set of training examples, re-
cover the semantics of a task, and predict the output
based on it. Following previous literature (Brown
et al., 2020), the training examples are concate-
nated and provided as an single input to the model,
which is feasible for k-shot learning (e.g., k = 16).
At test time, the model is evaluated on an unseen
target task that comes with k training examples,
and inference directly follows the same data format
as in meta-training.

1We show that MetaICL without instructions is still better
than zero-shot transfer with instructions, but by using instruc-
tions, performance of MetaICL further improves (Section 5.2).

2792

https://github.com/facebookresearch/MetaICL
https://github.com/facebookresearch/MetaICL


Meta-training Inference

Task C meta-training tasks An unseen target task

Data given Training examples Ti = {(xij , yij)}Ni
j=1, ∀i ∈ [1, C] (Ni � k)

Training examples (x1, y1), · · · , (xk, yk),
Test input x

Objective

For each iteration,

argmaxc∈CP (c|x1, y1, · · · , xk, yk, x)1. Sample task i ∈ [1, C]
2. Sample k + 1 examples from Ti: (x1, y1), · · · , (xk+1, yk+1)
3. Maximize P (yk+1|x1, y1, · · · , xk, yk, xk+1)

Table 1: Overview of MetaICL (Section 3). MetaICL uses the same in-context learning setup at both meta-training
and inference. At meta-training time, k + 1 examples for a task is sampled, where the last example acts as the test
example and the rest k examples act as the training examples. Inference is the same as typical in-context learning
where k labeled examples are used to make a prediction for a test input.

3.1 Meta-training

The model is meta-trained on a collection of tasks
which we call meta-training tasks. For every itera-
tion, one meta-training task is sampled, and k + 1
training examples (x1, y1), · · · , (xk+1, yk+1) are
sampled from the training examples of the cho-
sen task. We then supervise the model by feed-
ing the concatenation of x1, y1, · · · , xk, yk, xk+1

to the model as an input and train the model to gen-
erate yk+1 using a negative log likelihood objec-
tive. This simulates in-context learning at inference
where the first k examples serve as training exam-
ples and the last (k + 1)-th example is regarded as
the test example.

3.2 Inference

For a new target task, the model is given k train-
ing examples (x1, y1), · · · , (xk, yk) as well as a
test input x. It is also given a set of candidates
C which is either a set of labels (in classification)
or answer options (in question answering). As in
meta-training, the model takes a concatenation of
x1, y1, · · · , xk, yk, x as the input, and compute the
conditional probability of each label ci ∈ C. The
label with the maximum conditional probability is
returned as a prediction.

3.3 Channel MetaICL

We introduce a noisy channel variant of MetaICL
called Channel MetaICL, following Min et al.
(2022). In the noisy channel model, P (y|x) is
reparameterized to P (x|y)P (y)

P (x) ∝ P (x|y)P (y). We
follow Min et al. (2022) in using P (y) = 1

|C| and
modeling P (x|y) which allows us to use the chan-
nel approach by simply flipping xi and yi. Specif-
ically, at meta-training time, the model is given
a concatenation of y1, x1, · · · , yk, xk, yk+1 and is

Meta-train Target

Setting # tasks # examples Setting # tasks

HR 61 819,200 LR 26

Classification 43 384,022 Classification 20Non-Classification 37 368,768

QA 37 486,143 QA 22Non-QA 33 521,342

Non-NLI 55 463,579 NLI 8

Non-Paraphrase 59 496,106 Paraphrase 4

Table 2: Statistics of seven different settings. Each row
indicates meta-training/target tasks for each setting. ‘#
tasks’ in meta-training is equivalent to C in Table 1.
For all settings, there is no overlap in tasks between
meta-training and target. ‘HR’ and ‘LR’ indicate high
resource and low resource, respectively. Datasets and
the task ontology are taken from CROSSFIT (Ye et al.,
2021) and UNIFIEDQA (Khashabi et al., 2020). Full
datasets for each split are provided in Appendix A.

trained to generate xk+1. At inference, the model
computes argmaxc∈CP (x|y1, x1, · · · , yk, xk, c).

4 Experimental Setup

4.1 Datasets

We use a large collection of tasks taken
from CROSSFIT (Ye et al., 2021) and UNI-
FIEDQA (Khashabi et al., 2020). We have 142
unique tasks in total, covering a variety of prob-
lems including text classification, question answer-
ing (QA), natural language inference (NLI) and
paraphrase detection. All tasks are in English.

We experiment with seven distinct settings as
shown in Table 2, where there is no overlap be-
tween the meta-training and target tasks. The num-
ber of unique target tasks in total is 52, which is sig-
nificantly larger than other relevant work (Khashabi
et al., 2020; Zhong et al., 2021; Mishra et al., 2022;
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Method Meta Target

train train # samples

LMs
0-shot 7 7 0
PMI 0-shot 7 7 0
Channel 0-shot 7 7 0
In-context 7 7 k
PMI In-context 7 7 k
Channel In-context 7 7 k

Meta-trained
Multi-task 0-shot 3 7 0
Channel Multi-task 0-shot 3 7 0
MetaICL (Ours) 3 7 k
Channel MetaICL (Ours) 3 7 k

Fine-tune
Fine-tune 7 3 k
Fine-tune w/ meta-train 3 3 k

Table 3: Summary of the baselines and MetaICL. ‘train’
indicates whether the model is trained with parameter
updates, and ‘# samples’ indicates the number of train-
ing examples used on a target task. Our baselines in-
clude a range of recently introduced methods (Holtz-
man et al., 2021; Zhao et al., 2021; Min et al., 2022;
Wei et al., 2022) as described in Section 4.2.

Wei et al., 2022; Sanh et al., 2022). Each target
task is either classification or multi-choice, where
a set of candidate options (C in Table 1) is given.

HR→LR (High resource to low resource): We ex-
periment with a setting where datasets with 10,000
or more training examples are used as meta-training
tasks and the rest are used as target tasks. We think
using high resource datasets for meta-training and
low resource datasets as targets is a realistic and
practical setting for few-shot learning.

X→X (X={Classification, QA}): We experiment
with two settings with meta-training and target
tasks sharing the task format, although with no
overlap in tasks.

Non-X→X (X={Classification, QA, NLI, Para-
phase}): Lastly, we experiment with four settings
where meta-training tasks do not overlap with tar-
get tasks in task format and required capabilities.
These settings require the most challenging gener-
alization capacities.

Each setting has a subset of target tasks with
no domain overlap with any meta-training tasks
(e.g., finance, poem, climate or medical). We report
both on all target tasks or on target tasks with no
domain overlap only. Full details of the settings and
datasets with citations are provided in Appendix A.

[P]: Time Warner is the world’s largest media and Internet
company.
[H]: Time Warner is the world’s largest company.
Labels: entailment, not_entailment

Holtzman et al. (2021)
Input [P] question: [H] true or false? answer:
Output {true, false}
Wei et al. (2022)
Input [P] Based on the paragraph above, can we

conclude that [H]?
Output {yes, no}
Ours
Input [P] [H]
Output {entailment, not_entailment}

Table 4: Example input-output pairs for an NLI task.
We show human-authored templates taken from prior
work as references.

4.2 Baselines

We compare MetaICL and Channel MetaICL with
a range of baselines, as summarized in Table 3.
0-shot: We use a pretrained LM as it is and run
zero-shot inference, following Brown et al. (2020).
In-context: We use the pretrained LM as it is and
use in-context learning by conditioning on a con-
catenation of k training examples, following Brown
et al. (2020).
PMI 0-shot, PMI In-context: We use the PMI
method from Holtzman et al. (2021); Zhao et al.
(2021) for 0-shot and In-context learning.
Channel 0-shot, Channel In-context: We use the
noisy channel model from Min et al. (2022) for
0-shot and In-context learning.
Multi-task 0-shot: We train the LM on the same
meta-training tasks without in-context learning ob-
jective, i.e., maximize P (y|x) without k other train-
ing examples, and then use zero-shot transfer on
a target task. This is equivalent to MetaICL with
k = 0. This is a typical multi-task learning ap-
proach from previous work (Khashabi et al., 2020;
Zhong et al., 2021; Wei et al., 2022).
Channel Multi-task 0-shot: We have a channel
variant of Multi-task 0-shot.
Fine-tune: We fine-tune the LM on an individual
target task. This is not directly comparable to other
methods as parameter updates are required for ev-
ery target task.
Fine-tune w/ meta-train: We train the LM on
meta-training tasks first and then further fine-tuned
it on a target task. This is not directly comparable
to other methods for the same reason as above.
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Method HR→LR Class
→Class

non-Class
→Class

QA
→QA

non-QA
→QA

non-NLI
→NLI

non-Para
→Para

All target tasks
0-shot 34.8 34.2 34.2 40.2 40.2 25.5 34.2
PMI 0-shot 35.1 33.8 33.8 40.2 40.2 27.9 39.2
Channel 0-shot 36.5 37.3 37.3 38.7 38.7 33.9 39.5
In-context 38.2/35.3 37.4/33.9 37.4/33.9 40.1/38.7 40.1/38.7 34.0/28.3 33.7/33.1
PMI In-context 39.2/33.7 38.8/30.0 38.8/30.0 40.3/38.8 40.3/38.8 33.0/28.0 38.6/33.4
Channel In-context 43.1/38.5 46.3/40.3 46.3/40.3 40.8/38.1 40.8/38.1 39.9/34.8 45.4/40.9

Multi-task 0-shot 35.6 37.3 36.8 45.7 36.0 40.7 30.6
Channel Multi-task 0-shot 38.8 40.9 42.2 42.1 36.4 36.8 35.1
MetaICL 43.3/41.7 43.4/39.9 38.1/31.8 46.0/44.8 38.5/36.8 49.0/44.8 33.1/33.1
Channel MetaICL 49.1/46.8 50.7/48.0 50.6/48.1 44.9/43.5 41.9/40.5 54.6/51.9 52.2/50.3

Fine-tune 46.4/40.0 50.7/44.0 50.7/44.0 41.8/39.1 41.8/39.1 44.3/32.8 54.7/48.9
Fine-tune w/ meta-train 52.0/47.9 53.5/48.5 51.2/44.9 46.7/44.5 41.8/39.5 57.0/44.6 53.7/46.9

Target tasks in unseen domains
0-shot 32.6 32.6 32.6 45.9 45.9 33.4 38.3
PMI 0-shot 28.9 28.9 28.9 44.4 44.4 33.4 32.9
Channel 0-shot 29.1 29.1 29.1 41.6 41.6 33.1 32.6
In-context 30.6/27.5 30.6/27.5 30.6/27.5 45.6/44.7 45.6/44.7 52.0/41.3 35.8/34.1
PMI In-context 34.9/27.7 34.9/27.7 34.9/27.7 45.4/44.7 45.4/44.7 47.8/35.2 38.5/33.3
Channel In-context 39.6/33.6 39.6/33.6 39.6/33.6 44.7/40.6 44.7/40.6 40.4/35.7 44.1/36.8

Multi-task 0-shot 35.4 28.0 28.6 71.2 40.3 33.5 35.0
Channel Multi-task 0-shot 36.3 31.1 34.3 54.4 39.4 50.8 34.1
MetaICL 35.3/32.7 32.3/29.3 28.1/25.1 69.9/68.1 48.3/47.2 80.1/77.2 34.0/34.0
Channel MetaICL 47.7/44.7 41.9/37.8 48.0/45.2 57.9/56.6 47.2/45.0 62.0/57.3 51.0/49.9

Fine-tune 44.9/37.6 44.9/37.6 44.9/37.6 43.6/39.1 43.6/39.1 56.3/33.4 56.6/51.6
Fine-tune w/ meta-train 53.3/43.2 53.2/43.7 46.1/36.9 67.9/66.2 44.5/42.8 71.8/58.2 65.6/61.4

Table 5: Main results, using GPT-2 Large. Two numbers indicate the average and the worst-case performance
over different seeds used for k target training examples. Bold indicates the best average result except results from
fine-tuned models that are not comparable. ‘Class’ indicates ‘Classification’.

4.3 Evaluation

We use Macro-F12 and Accuracy as evaluation met-
rics for classification tasks and non-classification
tasks, respectively.

For a target task, we use k = 16 training exam-
ples, sampled uniformly at random. We relax the
assumption of perfect balance between labels on
k training examples, following Min et al. (2022).
Because in-context learning is known to have high
variance (Zhao et al., 2021; Perez et al., 2021; Lu
et al., 2021), we use 5 different sets of k training
examples. We first compute the average and the
worst-case performance over seeds for every target
task, and then report the macro-average of them
over all target tasks.

4.4 Experiment Details

As a base LM, we use GPT-2 Large (Radford
et al., 2019) which consists of 770M parameters.3

For baselines without meta-training (raw LMs), we
also compare with GPT-J (Wang and Komatsuzaki,

2More suitable than accuracy for imbalanced classification.
3Appendix C.2 reports performance for other LM sizes.

2021), which is the largest public causal LM at the
time of writing, consisting of 6B parameters.

Elimination of templates Prior work uses
human-authored templates to transform the input-
output pair to a natural language sentence (Zhong
et al., 2021; Mishra et al., 2022; Wei et al., 2022;
Chen et al., 2022). They require expensive manual
effort (as 136 different templates are required for
136 tasks in this paper) and cause unstable model
performance due to many different ways of writ-
ing (Mishra et al., 2021). We eliminate templates,
using the given input (or a concatenation of in-
puts if there are multiple) and label words provided
in the original datasets.4 A comparison of input-
output schemes from prior work and our approach
is shown in Table 4.

Training details All implementation is done in
PyTorch (Paszke et al., 2019) and Transform-
ers (Wolf et al., 2020). For meta-training, we use

4In our preliminary experiments, we explored templates
taken from prior work, but found that they do not consistently
improve few-shot performance, even when they do improve
zero-shot performance.
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Method HR→LR Class
→Class

non-Class
→Class

QA
→QA

non-QA
→QA

non-NLI
→NLI

non-Para
→Para

All target tasks
Channel In-context 43.1/38.5 46.3/40.3 46.3/40.3 40.8/38.1 40.8/38.1 39.9/34.8 45.4/40.9
MetaICL 43.3/41.7 43.4/39.9 38.1/31.8 46.0/44.8 38.5/36.8 49.0/44.8 33.1/33.1
Channel MetaICL 49.1/46.8 50.7/48.0 50.6/48.1 44.9/43.5 42.1/40.8 54.6/51.9 52.2/50.3

GPT-J Channel In-context 48.6/44.4 51.5/47.0 51.5/47.0 47.0/45.2 47.0/45.2 47.2/41.7 51.0/47.5

Target tasks in unseen domains
Channel In-context 39.6/33.6 39.6/33.6 39.6/33.6 44.7/40.6 44.7/40.6 40.4/35.7 44.1/36.8
MetaICL 35.3/32.7 32.3/29.3 28.1/25.1 69.9/68.1 48.3/47.2 80.1/77.2 34.0/34.0
Channel MetaICL 47.7/44.7 41.9/37.8 48.0/45.2 57.9/56.6 47.2/45.0 62.0/57.3 51.0/49.9

GPT-J Channel In-context 42.8/38.4 42.8/38.4 42.8/38.4 55.7/54.4 55.7/54.4 51.1/40.4 52.0/46.5

Table 6: Comparison between raw LM in-context learning (based on GPT-2 Large and GPT-J) and MetaICL
(based on GPT-2 Large). GPT-2 Large used unless otherwise specified. Two numbers indicate the average and the
worst-case performance over different seeds used for k target training examples. For raw LM baselines, Channel
In-context is reported because it is the best raw LM baseline overall across the settings; full results based on GPT-J
are provided in Appendix C.1.

up to 16,384 training examples per task. We use a
batch size of 8, learning rate of 1× 10−5 and a se-
quence length of 1024. For multi-task 0-shot base-
lines (the baselines with no in-context learning), we
use a sequence length of 256. We train the model
for 30, 000 steps.5 To save memory during meta-
training, we use an 8-bit approximation (Dettmers
et al., 2022) of an Adam optimizer (Kingma and
Ba, 2015) and mixed precision (Micikevicius et al.,
2017). Training was done for 4.5 hours with eight
32GB GPUs. This is drastically more efficient than
recent prior work, e.g., 270 hours of a 512GB TPU
in Sanh et al. (2022).

More details about preprocessing and training
can be found in Appendix B.

5 Experimental Results

5.1 Main Results

Table 5 reports the full results using GPT-2 Large,
where we compute the average and the worst-case
performance of every target task and report the
macro-average over them. The top and the bottom
respectively evaluate on all target tasks and target
tasks in unseen domains only.

Our baselines are strong We first discuss the re-
sults of ours baselines. Among raw LMs without
meta-training (the first six rows of Table 5), we
observe that channel in-context baselines are the
most competitive, consistent with findings from
Min et al. (2022). We then find that Multi-task 0-
shot baselines do not outperform the best raw LM

5We also explored training longer, but it did not improve
performance.

baseline in most settings, despite being supervised
on a large set of meta-training tasks. This some-
what contradicts findings from Wei et al. (2022);
Sanh et al. (2022). This is likely for two rea-
sons. First, our models are much smaller than
theirs (770M vs. 11B–137B); in fact, Wei et al.
(2022) reports Multi-task 0-shot starts to be better
than raw LMs only when the model size is 68B or
larger. Second, we compare with much stronger
channel baselines which they did not; Multi-task
0-shot outperforms non-channel LM baselines but
not channel LM baselines.

MetaICL outperforms baselines MetaICL and
Channel MetaICL consistently outperform a range
of strong baselines. In particular, Channel MetaICL
achieves the best performance in 6 out of 7 set-
tings. Gains are particularly significant in the
HR→LR, non-NLI→NLI and non-Para→Para set-
tings (6–15% absolute). This is noteworthy be-
cause HR→LR targets the common low-resource
case where new tasks have very few labeled ex-
amples, and the other two represent large data dis-
tribution shifts where the test tasks are relatively
different from the meta-training tasks. This demon-
strates that MetaICL can infer the semantics of new
tasks in context even when there are no closely
related training tasks.

While MetaICL significantly outperforms base-
lines in most settings, it only marginally outper-
forms Multi-task 0-shot in the QA→QA setting,
as an exception. This is likely because the meta-
training and target tasks are relatively similar, al-
lowing the Multi-task 0-shot baseline to achieve
very strong performance. Nonetheless, perfor-
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Figure 1: Ablation on the number of training examples
(k) in the HR→LR setting. k = 0 is equivalent to the
zero-shot methods.

mance of Multi-task 0-shot in QA significantly
drops when the model is trained on non-QA tasks,
while performance of MetaICL drops substantially
less.

Gains are larger on unseen domains Gains
over Multi-task 0-shot are more significant on tar-
get tasks in unseen domains. In particular, Multi-
task 0-shot is generally less competitive compared
to raw LM baselines, likely because they require
more challenging generalization. MetaICL suffers
less from this problem and is consistently better or
comparable to raw LM baselines across all settings.

Comparison to fine-tuning MetaICL matches
or sometimes even outperforms fine-tuned mod-
els without meta-training. This is a promising
signal, given that no prior work has shown mod-
els with no parameter updates on the target can
match or outperform supervised models. Nonethe-
less, fine-tuning with meta-training exceeds both
MetaICL and fine-tuning without meta-training, be-
cause meta-training helps in supervised learning as
it does in in-context learning. This indicates that
there is still room for improvement in methods that
allow learning without parameter updates .

Comparison to GPT-J In Table 6, we compare
GPT-2 Large based models with raw LM baselines
based on GPT-J which consists of 6B parameters.
MetaICL, despite being 8x smaller, outperforms or
matches GPT-J baselines.

5.2 Ablations

Varying number of training examples We vary
the number of training examples (k) from 0, 4, 8,
16 to 32. In-context learning with k = 0 is equiv-
alent to the zero-shot method. Results are shown
in Figure 1. Increasing k generally helps across all
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Figure 2: Ablation on the number of meta-training
tasks ({7, 15, 30, 61}). The graph of the average (top)
and the box chart (bottom) over different meta-training
sets using 10 different random seeds (except for 61).

models, and Channel MetaICL outperforms the raw
in-context learning over all values of k. We addi-
tionally find that the performance tends to saturate
when k is closer to 16, likely because the sequence
length limit of the language model makes it hard to
encode many training examples.

Number of meta-training tasks To see the im-
pact of the number of meta-training tasks, we sub-
sample {7, 15, 30} meta-training tasks out of 61 in
the HR→LR setting. For each, we use ten different
random seeds to additionally see the impact of the
choice of meta-training tasks.

Figure 2 reports the results. On average, perfor-
mance generally increases as the number of tasks
increase, which is consistent with results in Mishra
et al. (2022); Wei et al. (2022). Across different
numbers of meta-training tasks, Channel MetaICL
consistently outperforms other models. Nonethe-
less, there is nonnegligible variance across different
choices of meta-training (the bottom of Figure 2),
indicating that a choice of meta-training gives sub-
stantial impact in performance.

Diversity in meta-training tasks We hypothe-
size that the diversity in meta-training tasks may
impact performance of MetaICL. To verify this hy-
pothesis, we create two settings by subsampling 13
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Method Diverse No Diverse

0-shot 34.9
PMI 0-shot 34.8
Channel 0-shot 36.8
In-context 38.2/35.4
PMI In-context 38.9/33.3
Channel In-context 42.9/38.5

Multi-task 0-shot 35.2 29.9
Channel Multi-task 0-shot 41.6 38.3
MetaICL 45.6/43.4 38.8/35.4
Channel MetaICL 47.2/44.7 45.3/42.6

Table 7: Ablation on the diversity of meta-training
tasks in the HR→LR setting. For both settings, the
number of meta-training tasks is 13, and the number of
target tasks is 26 as in the original HR→LR setting. A
full list of meta-training tasks is shown in Appendix A.

out of 61 meta-training datasets in the HR→LR set-
ting. One setting is diverse in their task formats and
required capacities: QA, NLI, relation extraction,
sentiment analysis, topic classification, hate speech
detection and more. The other setting is less di-
verse, including tasks related to sentiment analysis,
topic classification and hate speech detection only.
A full list of datasets is reported in Appendix A.
Using these two settings, we compare multi-task
zero-shot transfer baselines and MetaICL.

Results are reported in Table 7. We find that
MetaICL with a diverse set outperforms MetaICL
with a non-diverse set by a substantial margin. This
shows that diversity among meta-training tasks
is one of substantial factors for the success of
MetaICL.

In Appendix C.3, we include ablations that pro-
vide more insights on the choice of meta-training
tasks, such as (1) high quality data with diverse
domains tend to help (e.g., GLUE family (Wang
et al., 2018)) and (2) adversarially collected data
tends to be unhelpful. However, more systematic
studies on how to choose the best meta-training
tasks and how they relate to particular target tasks
should be done, which we leave for future work.

Are instructions necessary? Most recent work
has used human-written natural instructions for
zero- or few-shot learning (Mishra et al., 2022; Wei
et al., 2022; Sanh et al., 2022). While we argue for
not using instructions to avoid manual engineering
and high variance, we also ask: are instructions
still useful with MetaICL? On one hand, learning to
condition on k examples may remove the necessity
of instructions. On the other hand, instructions may
still be complementary and provide the model with

Method w/o Instruct w/ Instruct

# instruct/task 0 1 8.3

0-shot 33.3 34.2
PMI 0-shot 34.6 27.8
Channel 0-shot 32.5 30.6
In-context 34.5/31.5 45.2/42.3
PMI In-context 37.7/32.7 41.9/37.6
Channel In-context 39.0/35.4 39.6/35.3

MT 0-shot 35.7 32.6 37.1
Channel MT 0-shot 36.7 30.6 36.0
MetaICL 40.4/37.7 42.6/41.0 43.2/41.0
Channel MetaICL 42.2/40.0 45.3/43.9 46.9/44.2

Table 8: Ablation on the impact of natural instruc-
tions. ‘w/ Instruct’ uses instructions from Sanh et al.
(2022), either one per meta-training task or all avail-
able ones; ‘w/o Instruct’ does not use instructions, as
in all of our other experiments. ‘# instruct/task’ indi-
cates the number of instructions per meta-training task
on average. ‘MT 0-shot’ indicates ‘Multi-task 0-shot’
baselines. Both settings have the same meta-training
and target tasks, 32 and 12, respectively. A full list of
tasks is shown in Appendix A.

extra useful infomration.
We aim to answer this question by using 32 meta-

training tasks and 12 target tasks from the HR→LR
setting for which human-written instructions are
available in Sanh et al. (2022).6 We have two vari-
ants: (a) using one instruction per meta-training
task, and (b) using all available instructions includ-
ing 267 instructions in total (8.3 per meta-training
task) which Sanh et al. (2022) found to be better
than (a). We then compare MetaICL and a range of
baselines with and without instructions.

Results are reported Table 8. As in Wei et al.
(2022) and Sanh et al. (2022), Multi-task 0-shot
outperforms the raw-LM 0-shot baseline. How-
ever, MetaICL with no instructions is better than
Multi-task 0-shot with instructions. Furthermore,
MetaICL achieves further improvements when in-
structions are jointly used, significantly outperform-
ing all baselines. In fact, when increasing the num-
ber of instructions per task from 0, 1 to 8.3, per-
formance of MetaICL improves much more than
performance of Multi-task 0-shot does. To sum-
marize, (1) learning to in-context learn (MetaICL)
outperforms learning to learn from instructions; (2)
MetaICL and using instructions are largely comple-
mentary, and (3) MetaICL actually benefits more
from using instructions than Multi-task 0-shot does.

Importantly, Channel MetaICL trained on avail-

6github.com/bigscience-workshop/
promptsource
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able tasks and instructions still achieves lower
performance than Channel MetaICL without tem-
plates/instructions (46.9 from Table 8 vs. 49.1
from Table 5). This is likely because the model
with instructions was trained with less meta-
training tasks, which was unavoidable since in-
structions are only available on 32 out of 61 meta-
training tasks. This supports our earlier choice
of not using human-written templates/instructions,
since writing templates and instructions for every
task requires extensive effort.

It is worth noting that, it is nonetheless difficult
to make direct comparisons with Wei et al. (2022)
and Sanh et al. (2022) because there are many mov-
ing components: size of LMs, types of LMs (e.g.,
causal LM vs. masked LM), splits between meta-
training and target tasks, and more.

6 Conclusion

In this paper, we introduced MetaICL, a new few-
shot learning method where an LM is meta-trained
to learn to in-context learn, i.e. condition on train-
ing examples to recover the task and make pre-
dictions. We experiment with a large, diverse col-
lection of tasks, consisting of 142 unique tasks in
total and 52 unique target tasks, using seven dif-
ferent settings. MetaICL outperforms a range of
strong baselines including in-context learning with-
out meta-training and multi-task learning followed
by zero-shot transfer, and outperforms or matches
8x bigger models. We identify ingredients for suc-
cess of MetaICL such as the number and diversity
of meta-training tasks. We also demonstrate that,
while MetaICL is better than recent work using
natural instructions, they are complementary and
the best performance is achieved by integrating
MetaICL with instructions.

Limitation & Future work Our work is limited
in multiple dimensions. First, in-context learn-
ing approaches in general requires much longer
context at both meta-training and inference due to
feeding the concatenation of the training data, thus
being less efficient compared to baselines that do
not use in-context learning. Second, our work ex-
periment with a casual language model with mod-
est size (GPT-2 Large, 770M parameters). Future
work may investigate extending our approach to a
masked language model and a larger model. Third,
our experiments focus on classification and multi-
choice tasks where a set of candidate options is
given. Future work may study applying our ap-

proach for a wider range of tasks including free-
form generation. Other avenues for future work
include further improving MetaICL to outperform
supervised models with meta-training, identifica-
tion of which meta-training tasks are helpful on
target tasks, and how to better combine human-
written instructions and MetaICL.

Acknowledgements

We thank Ari Holtzman and Victoria Lin for com-
ments and discussions, and Tim Dettmers for help
with experiments. This research was supported
by NSF IIS-2044660, ONR N00014-18-1-2826,
an Allen Distinguished Investigator Award, and a
Sloan Fellowship.

References
Armen Aghajanyan, Anchit Gupta, Akshat Shrivas-

tava, Xilun Chen, Luke Zettlemoyer, and Sonal
Gupta. 2021. Muppet: Massive multi-task rep-
resentations with pre-finetuning. arXiv preprint
arXiv:2101.11038.

Tiago A. Almeida, José María G. Hidalgo, and Akebo
Yamakami. 2011. Contributions to the study of sms
spam filtering: New collection and results. In Pro-
ceedings of the 11th ACM Symposium on Document
Engineering.

Roy Bar-Haim, Ido Dagan, Bill Dolan, Lisa Ferro,
Danilo Giampiccolo, Bernardo Magnini, and Idan
Szpektor. 2006. The second pascal recognising tex-
tual entailment challenge. In Proceedings of the sec-
ond PASCAL challenges workshop on recognising
textual entailment.

Francesco Barbieri, Jose Camacho-Collados, Luis Es-
pinosa Anke, and Leonardo Neves. 2020. TweetE-
val: Unified benchmark and comparative evaluation
for tweet classification. In Findings of the Associa-
tion for Computational Linguistics: EMNLP 2020.

Luisa Bentivogli, Peter Clark, Ido Dagan, and Danilo
Giampiccolo. 2009. The fifth pascal recognizing tex-
tual entailment challenge. In TAC.

Jonathan Berant, Andrew Chou, Roy Frostig, and Percy
Liang. 2013. Semantic parsing on Freebase from
question-answer pairs. In EMNLP.

Chandra Bhagavatula, Ronan Le Bras, Chaitanya
Malaviya, Keisuke Sakaguchi, Ari Holtzman, Han-
nah Rashkin, Doug Downey, Wen tau Yih, and Yejin
Choi. 2020. Abductive commonsense reasoning. In
ICLR.

Yonatan Bisk, Rowan Zellers, Ronan Le Bras, Jian-
feng Gao, and Yejin Choi. 2020. Piqa: Reasoning
about physical commonsense in natural language. In
AAAI.

2799



Michael Boratko, Xiang Li, Tim O’Gorman, Rajarshi
Das, Dan Le, and Andrew McCallum. 2020. Pro-
toQA: A question answering dataset for prototypical
common-sense reasoning. In EMNLP.

Tom Brown, Benjamin Mann, Nick Ryder, Melanie
Subbiah, Jared D Kaplan, Prafulla Dhariwal,
Arvind Neelakantan, Pranav Shyam, Girish Sastry,
Amanda Askell, Sandhini Agarwal, Ariel Herbert-
Voss, Gretchen Krueger, Tom Henighan, Rewon
Child, Aditya Ramesh, Daniel Ziegler, Jeffrey Wu,
Clemens Winter, Chris Hesse, Mark Chen, Eric
Sigler, Mateusz Litwin, Scott Gray, Benjamin Chess,
Jack Clark, Christopher Berner, Sam McCandlish,
Alec Radford, Ilya Sutskever, and Dario Amodei.
2020. Language models are few-shot learners. In
NeurIPS.

Nicholas Carlini, Florian Tramer, Eric Wallace,
Matthew Jagielski, Ariel Herbert-Voss, Katherine
Lee, Adam Roberts, Tom Brown, Dawn Song, Ul-
far Erlingsson, et al. 2021. Extracting training data
from large language models. In 30th USENIX Secu-
rity Symposium (USENIX Security 21).

Ankush Chatterjee, Kedhar Nath Narahari, Meghana
Joshi, and Puneet Agrawal. 2019. SemEval-2019
task 3: EmoContext contextual emotion detection in
text. In Proceedings of the 13th International Work-
shop on Semantic Evaluation.

Michael Chen, Mike D’Arcy, Alisa Liu, Jared Fer-
nandez, and Doug Downey. 2019. CODAH: An
adversarially-authored question answering dataset
for common sense. In Proceedings of the 3rd Work-
shop on Evaluating Vector Space Representations
for NLP.

Wenhu Chen, Hongmin Wang, Jianshu Chen, Yunkai
Zhang, Hong Wang, Shiyang Li, Xiyou Zhou, and
William Yang Wang. 2020. Tabfact: A large-scale
dataset for table-based fact verification. In ICLR.

Yanda Chen, Ruiqi Zhong, Sheng Zha, George Karypis,
and He He. 2022. Meta-learning via language model
in-context tuning. In ACL.

Christopher Clark, Kenton Lee, Ming-Wei Chang,
Tom Kwiatkowski, Michael Collins, and Kristina
Toutanova. 2019. BoolQ: Exploring the surprising
difficulty of natural yes/no questions. In NAACL-
HLT.

Peter Clark, Isaac Cowhey, Oren Etzioni, Tushar Khot,
Ashish Sabharwal, Carissa Schoenick, and Oyvind
Tafjord. 2018. Think you have solved question an-
swering? try arc, the ai2 reasoning challenge. arXiv
preprint arXiv:1803.05457.

Ido Dagan, Oren Glickman, and Bernardo Magnini.
2005. The pascal recognising textual entailment
challenge. In Machine Learning Challenges Work-
shop.

Pradeep Dasigi, Nelson F. Liu, Ana Marasović,
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A Dataset List

Table 14 and Table 15 report a list of datasets used
in the settings detailed in Section 4.1. The first 10
rows are for settings described in Section 4.1; the
next two rows are for settings used for ablations
on the diversity of meta-training tasks (Table 7 of
Section 5.2); the last two rows are for settings used
for ablations on using natural instructions (Table 8
of Section 5.2). Bold datasets are target datasets
with no overlap in domain with meta-training tasks.
All datasets are taken from CROSSFIT (Ye et al.,
2021) (except we exclude datasets that are unavail-
able from their repository7 or the scope is notably
different from other tasks, e.g., solving math prob-
lems or breaking down compositional questions)
and UNIFIEDQA (Khashabi et al., 2020).

How meta-training/target splits are determined
The HR→LR setting is created based on the train-
ing data size as described in Section 4.1. Settings
involving Classification, NLI and Paraphrase are
taken from CROSSFIT. Settings involving QA are
created by combining QA datasets from CROSSFIT

and datasets from UNIFIEDQA.

Statistics are reported in Table 2 and Table 9.
The number of tasks is the largest among recent
related work: we have 142 unique tasks, while
Khashabi et al. (2020), Zhong et al. (2021), Mishra
et al. (2022), Wei et al. (2022) and Sanh et al.
(2022) use 32, 62, 61, 42 and 62 tasks, respec-
tively. References for all datasets are provided in
Table 15. Data and splits are available at github.
com/facebookresearch/MetaICL .

B Implementation Details

Preprocessing details For all models with meta-
training and the raw GPT-J, we separate the input
and the output with one newline (\n), and separate
between examples with three newlines. For the raw
GPT-2, we use spaces instead of newlines. This
choice was made in order to report the best baseline
performance we were able to achieve: when raw
LMs are used, GPT-2 is significantly better with
spaces than with newlines, and GPT-J is signifi-
cantly better with newlines than with spaces.8 We
note that MetaICL is less sensitive to these format-

7github.com/INK-USC/CrossFit
8For example, in the HR→LR setting, the raw GPT-2 is

about 4% better with spaces then with newlines, and the raw
GPT-J is about 5% better with spaces and then with newlines
(all with the channel in-context learning method).

Setting Input Output

Mean Median Mean Median

Meta-training tasks
HR 81.7 73 2.8 2
Classification 45.8 41 1.1 1
Non-Classification 77.7 69 4.2 3
QA 142.6 137 2.7 2
Non-QA 68.7 56 2.3 2
Non-NLI 44.3 39 1.1 1
Non-Paraphrase 45.0 39 1.1 1

Target tasks
LR 29.7 25 1.9 1
Classification 44.9 38 1.0 1
QA 74.4 69 4.6 4
NLI 45.4 41 1.0 1
Paraphrase 42.2 41 1.0 1

Table 9: Length statistics of tasks used in different set-
tings, before any truncation. We compute the mean and
the median of each task, and report the macro-average
over all tasks for each setting.

ting differences, having less than 2% differences
between using spaces and using newlines.

When the concatenation of k examples is too
long, we truncate each example to have at most
256 tokens, and truncate the earlier tokens of the
concatenation so that the LM sees the recent tokens.
Additionally, for extractive question answering
datasets as meta-training tasks, the input passage
is truncated with a guarantee that the groundtruth
answer is included in the input passage. We do not
do this truncation for target datasets.

Comparison with baselines in training and in-
ference cost Although being trained for the same
global steps (30,000 steps), it takes 3 hours to train
Multi-task 0-shot baselines (in contrast to 4.5 hours
for MetaICL), likely because the sequence length
is 4x shorter. At inference, Multi-task 0-shot base-
lines are roughly 4x more efficient, also because
the sequence length is 4x shorter.9 We did not con-
trol for the training time and the inference time for
comparison since both models are efficient enough.

Ablations in using instructions When we
choose one instruction per task at meta-training
tasks, we choose one by (1) first excluding the
instruction if its name contains no_option,
(2) then taking the instruction which name con-
tains multiple_choice, most_correct or

9LetL be the sequence length, the memory requirement for
attention layers and feed-forward layers are O(L2) and O(L),
respectively. In practice, feed-forward layers are responsible
for most memory usage when the size of the transformers is
large, thus empirical memory usage tends to be linear to L.
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Method HR→LR {Class,non-Class}
→Class

{QA,non-QA}
→QA

non-NLI
→NLI

non-Para
→Para

All tasks
0-shot 31.5 31.5 45.6 25.7 30.0
PMI 0-shot 36.9 30.2 44.3 30.2 37.6
Channel 0-shot 39.7 41.5 42.1 36.2 45.0
In-context 43.8/39.1 43.6/34.3 50.8/48.3 35.0/27.6 41.3/33.2
PMI In-context 43.0/37.4 44.8/36.6 48.8/46.9 31.5/26.0 38.4/33.6
Channel In-context 48.6/44.4 51.5/47.0 47.0/45.2 47.2/41.7 51.0/47.5

Target tasks in unseen domains
0-shot 31.2 31.2 47.5 33.5 34.1
PMI 0-shot 25.2 25.2 43.8 36.1 34.4
Channel 0-shot 37.2 37.2 46.9 53.4 54.7
In-context 33.1/25.4 33.1/25.4 57.4/53.1 46.7/36.1 34.1/34.1
PMI In-context 35.4/28.2 35.4/28.2 54.5/50.9 33.9/33.9 32.5/32.4
Channel In-context 42.8/38.4 42.8/38.4 55.7/54.4 51.1/40.4 52.0/46.5

Table 10: Performance of raw LM baselines using GPT-J (6B). Two numbers indicate the average and the worst-
case accuracy over different seeds used for k target training examples. ‘Class’ indicate ‘Classification’.

All tasks Target tasks in unseen domains

S M L XL S M L XL

Channel In-context 41.5/37.4 42.2/37.7 43.1/38.5 43.5/39.9 40.9/35.9 38.8/34.7 39.6/33.6 40.0/37.2
MT 0-shot 35.4 36.4 35.6 - 34.9 32.2 35.4 -
Channel MT 0-shot 40.4 37.9 38.8 - 33.8 35.9 36.3 -
MetaICL 39.7/36.2 40.3/36.4 43.3/41.7 - 36.9/32.6 38.1/35.0 35.3/32.7 -
Channel MetaICL 46.2/43.1 44.3/41.5 49.1/46.8 - 46.9/42.6 43.1/39.8 47.7/44.7 -

Table 11: Ablation on the size of the LM on the HR→LR setting. We use small, medium, large, and XL variants
of GPT-2. We were unable to meta-train the XL variant due to memory limit.

most_suitable if there are any, and (3) if not,
then randomly sampling one. We choose one in-
struction per target task at test time using the same
process. This is different Sanh et al. (2022) where
the median of the performance over all instructions
is reported. We think our choice better reflects the
real use-case scenario—choosing one instruction
that looks the most reasonable to human.

C Additional Results & Analyses

C.1 GPT-J results

Table 10 reports the full results of raw LM baselines
based on GPT-J, consisting of 6B parameters. See
Section 5.1 for discussion.

C.2 Varying LM sizes

We vary the size of the GPT-2 models—small,
medium, large, and XL—with 124M, 355M, 774M,
and 1.5B parameters, respectively. Results are re-
ported in Table 11. We find that (1) increasing
the model size generally helps, (2) for all model
sizes, Channel MetaICL significantly outperforms
baselines, and (3) MetaICL enables a much smaller
model to outperform a bigger model, e.g., Chan-

nel MetaICL based on GPT-2 Small outperforms
the GPT-2 XL baseline that is 12x bigger (46.2 vs.
43.5).

C.3 Which meta-training tasks are more
helpful?

Based on large variance across different choices of
meta-training (Figure 2 of Section 5.2), we think
certain tasks are more helpful for meta-training
than other tasks. In this context, we create 50
sets of seven meta-training tasks using 50 different
random seeds. We then measure the correlation
between tasks/task pairs/task triples and average
performance of Channel MetaICL when the task is
included in the meta-training tasks.

Table 12 reports the result. We first find that high
quality datasets with diverse domain like GLUE
family (Wang et al., 2018) are often helpful. We
also find that datasets that are collected adversar-
ially (e.g. paws, art) or are notably dissimilar
from all other tasks (e.g. wikisql that requires
semantic parsing) are often unhelpful. Nonethe-
less, we were not able to find good explanations for
other cases, e.g., many sentiment analysis datasets
being particularly helpful even though only 3 out
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Single task
Helpful: tweet_eval-offensive, glue-sst2, glue-mnli, wino_grande, kilt_hotpotqa
Unhelpful: race-middle, cosmos_qa, dbpedia_14, gigaword, wikisql

Task pair
Helpful: (yelp_review_full, glue-mnli), (yelp_review_full, wino_grande), (hateexplain, glue-sst2), (hateexplain, glue-

mnli), (hateexplain, glue-qqp),
Unhelpful: (paws, dbpedia_14), (paws, art), (paws, cosmos_qa), (cosmos_qa, dbpedia_14), (quail, art)

Task triple
Helpful (yelp_review_full, glue-qqp, glue-mnli), (yelp_review_full, glue-sst2, glue-mnli), (yelp_review_full, hateex-

plain, glue-mnli), (yelp_review_full, hateexplain, qqp), (yelp_review_full, hate_speech_offensive, glue-mnli),
Unhelpful (paws, dbpedia_14, art), (paws, dbpedia_14, cosmos_qa), (paws, cosmos_qa, art), (dbpedia_14, cosmos_qa,

art), (quail, paws, dbpedia_14)

Table 12: Analysis of which meta-training tasks give good performance in Channel MetaICL. We report five most
helpful and the most unhelpful tasks (or task sets), respectively.

Method Train labels Test labels

Original Replaced

All target tasks
Random 36.0 36.0
0-shot 34.2 23.8/16.8
Channel 0-shot 37.3 31.4/22.9
In-context 37.4/33.9 30.5/25.0
Channel In-context 46.3/40.3 37.7/31.3

MT 0-shot Original 37.3 25.5/16.4
Channel MT 0-shot Original 40.9 28.6/19.9
MetaICL Original 43.4/39.9 30.1/24.0
Channel MetaICL Original 50.7/48.0 36.5/28.9

MT 0-shot Replaced 24.4 23.1/15.5
Channel MT 0-shot Replaced 36.7 34.1/28.4
MetaICL Replaced 40.7/36.0 43.5/35.2
Channel MetaICL Replaced 47.1/42.7 39.5/33.7

Table 13: Ablation where label words are replaced with
random English word in the class→class setting. Orig-
inal and Replaced indicate original label words and la-
bels that are replaced to random English words, respec-
tively. When tested on Replaced, five random seeds
used to sample English words.

of 26 target datasets are sentiment analysis, and
dbpedia_14/cosmos_qa/race-middle be-
ing unhelpful. Moreover, we think which tasks
are helpful largely depends on the choice of target
tasks, and we should not make early conclusions
that certain tasks are helpful/unhelpful in all cases.
We think future work should investigate these im-
pacts in a more systematic way.

C.4 Does MetaICL generalize when semantic
hints from label words are removed?

Our experiments use label words taken from the
original dataset, which often contain semantic
hints—hints on what each label is supposed to
mean (entailment and not_entailment
for the NLI task, and positive and negative

for the sentiment analysis task). If the model
is truly learning the task in-context, it should
generalize when label words are replaced with
random English words, e.g., entailment and
not_entailment are replaced with apple
and orange, thus not giving any hints about the
task. In this context, we run experiments where
each label word is replaced with a random word
sampled from 61,569 common English words.10

We use five seeds for sampling random words, and
report the average and the worst-case performance.

Results in Table 13 show that raw LMs (the first
block of the table) and models trained on the orig-
inal data (the second block) achieve near random
guessing performance. This indicates that having
semantic hints from label words is a necessary con-
dition for all models to perform the task.

Next, we meta-train the MT 0-shot baseline and
MetaICL where, for each iteration of meta-training,
we similarly map label words with random words.
The mapping from the label set to sampled English
words is independent for each iteration, so that the
model never sees the same mapping during meta-
training and hence does not overfit to a specific
mapping. Results are reported in the third block of
Table 13. MT 0-shot baselines are still not better
than random guessing, which is expected as they
have no way to grasp the meaning of each label.
On the other hand, MetaICL benefits from training
on the replaced data, improving performance from
30.1% to 43.5% while retaining most performance
on the original data (43.4%→ 40.7%).

Still, overall performance is relatively poor. We
think future work should investigate the model that
can in-context learn any task.

10pypi.org/project/english-words.
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Setting: HR→LR Meta-train
piqa, hate_speech_offensive, google_wellformed_query, social_i_qa, circa, quoref, glue-sst2, scitail, emo, cosmos_qa, freebase_qa, ag_news, art, paws,
kilt_ay2, glue-qnli, quail, ade_corpus_v2-classification, sciq, hatexplain, emotion, glue-qqp, kilt_fever, kilt_nq, dbpedia_14, kilt_zsre, hellaswag, squad-
with_context, hotpot_qa, glue-mnli, ropes, squad-no_context, kilt_hotpotqa, discovery, superglue-record, race-middle, race-high, lama-trex, swag, gigaword,
amazon_polarity, biomrc, tab_fact, tweet_eval-emoji, tweet_eval-offensive, tweet_eval-sentiment, tweet_qa, imdb, lama-conceptnet, liar, anli, wiki_qa, kilt_trex,
wikisql, wino_grande, wiqa, search_qa, xsum, yahoo_answers_topics, yelp_polarity, yelp_review_full

Setting: HR→LR Target
quarel, financial_phrasebank, openbookqa, codah, qasc, glue-mrpc, dream, sick, commonsense_qa, medical_questions_pairs, quartz-with_knowledge,
poem_sentiment, quartz-no_knowledge, glue-wnli, climate_fever, ethos-national_origin, ethos-race, ethos-religion, ai2_arc, hate_speech18, glue-rte,
superglue-cb, superglue-copa, tweet_eval-hate, tweet_eval-stance_atheism, tweet_eval-stance_feminist

Setting: Classification Meta-train
Meta-Train: superglue-rte, tweet_eval-sentiment, discovery, glue-rte, superglue-wsc, glue-mrpc, tweet_eval-stance_hillary, tweet_eval-offensive, emotion, ha-
texplain, glue-cola, sick, paws, ethos-sexual_orientation, glue-qqp, tweet_eval-emotion, sms_spam, health_fact, glue-mnli, imdb, ethos-disability, glue-wnli,
scitail, trec-finegrained, yahoo_answers_topics, liar, glue-sst2, tweet_eval-stance_abortion, circa, tweet_eval-stance_climate, glue-qnli, tweet_eval-emoji, ethos-
directed_vs_generalized, ade_corpus_v2-classification, hate_speech_offensive, superglue-wic, google_wellformed_query, tweet_eval-irony, ethos-gender, on-
estop_english, trec, rotten_tomatoes, kilt_fever

Setting: Non-Classification Meta-train
ade_corpus_v2-dosage, art, biomrc, blimp-anaphor_number_agreement, blimp-ellipsis_n_bar_2, blimp-sentential_negation_npi_licensor_present, blimp-
sentential_negation_npi_scope, commonsense_qa, crows_pairs, dream, freebase_qa, gigaword, hellaswag, hotpot_qa, kilt_ay2, kilt_hotpotqa, kilt_trex,
kilt_zsre, lama-conceptnet, lama-google_re, lama-squad, numer_sense, openbookqa, piqa, proto_qa, qa_srl, quarel, quartz-no_knowledge, race-high, ropes,
sciq, social_i_qa, spider, superglue-multirc, wikisql, xsum, yelp_review_full

Setting: Classification Target
tweet_eval-stance_feminist, ethos-national_origin, tweet_eval-hate, ag_news, amazon_polarity, hate_speech18, poem_sentiment, climate_fever, medi-
cal_questions_pairs, tweet_eval-stance_atheism, superglue-cb, dbpedia_14, wiki_qa, emo, yelp_polarity, ethos-religion, financial_phrasebank, tab_fact, anli,
ethos-race

Setting: QA Meta-train
biomrc, boolq, freebase_qa, hotpot_qa, kilt_hotpotqa, kilt_nq, kilt_trex, kilt_zsre, lama-conceptnet, lama-google_re, lama-squad, lama-trex, mc_taco,
numer_sense, quoref, ropes, search_qa, squad-no_context, squad-with_context, superglue-multirc, superglue-record, tweet_qa, web_questions, uni-
fiedqa:squad2, unifiedqa:natural_questions_with_dpr_para, unifiedqa:race_string, unifiedqa:squad1_1, unifiedqa:drop, unifiedqa:newsqa, unifiedqa:narrativeqa,
unifiedqa:winogrande_xl, unifiedqa:social_iqa, unifiedqa:quoref, unifiedqa:physical_iqa, unifiedqa:ropes, unifiedqa:commonsenseqa, unifiedqa:boolq

Setting: Non-QA Meta-train
hate_speech_offensive, google_wellformed_query, circa, glue-sst2, scitail, emo, ag_news, art, paws, kilt_ay2, glue-qnli, ade_corpus_v2-classification, hatex-
plain, emotion, glue-qqp, kilt_fever, dbpedia_14, glue-mnli, discovery, gigaword, amazon_polarity, tab_fact, tweet_eval-emoji, tweet_eval-offensive, tweet_eval-
sentiment, imdb, liar, anli, wikisql, xsum, yahoo_answers_topics, yelp_polarity, yelp_review_full

Setting: QA Target
ai2_arc, codah, cosmos_qa, dream, hellaswag, openbookqa, qasc, quail, quarel, quartz-no_knowledge, quartz-with_knowledge, sciq, superglue-
copa, swag, wino_grande, wiqa, unifiedqa:qasc, unifiedqa:qasc_with_ir, unifiedqa:openbookqa, unifiedqa:openbookqa_with_ir, unifiedqa:mctest, uni-
fiedqa:ai2_science_middle

Setting: Non-NLI Meta-train
ade_corpus_v2-classification, ag_news, amazon_polarity, circa, climate_fever, dbpedia_14, discovery, emo, emotion, ethos-directed_vs_generalized, ethos-
disability, ethos-gender, ethos-national_origin, ethos-race, ethos-religion, ethos-sexual_orientation, financial_phrasebank, glue-cola, glue-mrpc, glue-qqp, glue-
sst2, google_wellformed_query, hate_speech18, hate_speech_offensive, hatexplain, health_fact, imdb, kilt_fever, liar,
medical_questions_pairs, onestop_english, paws, poem_sentiment, rotten_tomatoes, sick, sms_spam, superglue-wic, superglue-wsc, tab_fact, trec, trec-
finegrained, tweet_eval-emoji, tweet_eval-emotion, tweet_eval-hate, tweet_eval-irony, tweet_eval-offensive, tweet_eval-sentiment, tweet_eval-stance_abortion,
tweet_eval-stance_atheism, tweet_eval-stance_climate, tweet_eval-stance_feminist, tweet_eval-stance_hillary, wiki_qa, yahoo_answers_topics, yelp_polarity
Setting: NLI Target
anli, glue-mnli, glue-qnli, glue-rte, glue-wnli, scitail, sick, superglue-cb

Setting: Non-Paraphrase Meta-train
ade_corpus_v2-classification, ag_news, amazon_polarity, anli, circa, climate_fever, dbpedia_14, discovery, emo, emotion, ethos-directed_vs_generalized,
ethos-disability, ethos-gender, ethos-national_origin, ethos-race, ethos-religion, ethos-sexual_orientation, financial_phrasebank, glue-cola, glue-mnli, glue-
qnli, glue-rte, glue-sst2, glue-wnli, google_wellformed_query, hate_speech18, hate_speech_offensive, hatexplain, health_fact, imdb, kilt_fever, liar, on-
estop_english, poem_sentiment, rotten_tomatoes, scitail, sick, sms_spam, superglue-cb, superglue-rte, superglue-wic, superglue-wsc, tab_fact, trec, trec-
finegrained, tweet_eval-emoji, tweet_eval-emotion, tweet_eval-hate, tweet_eval-irony, tweet_eval-offensive, tweet_eval-sentiment, tweet_eval-stance_abortion,
tweet_eval-stance_atheism, tweet_eval-stance_climate, tweet_eval-stance_feminist, tweet_eval-stance_hillary, wiki_qa, yahoo_answers_topics, yelp_polarity

Setting: Non-Paraphrase Target
Target: glue-mrpc, glue-qqp, medical_questions_pairs, paws

Setting: HR→LR Diverse Meta-train
glue-mnli, glue-qqp, glue-sst2, hate_speech_offensive, kilt_hotpotqa, kilt_zsre, lama-trex, race-high, scitail, tweet_eval-offensive, wino_grande, ya-
hoo_answers_topics, yelp_review_full

Setting: HR→LR No Diverse Meta-train
ag_news, amazon_polarity, dbpedia_14, emo, emotion, glue-sst2, imdb, tweet_eval-emoji, tweet_eval-offensive, tweet_eval-sentiment, yahoo_answers_topics,
yelp_polarity, yelp_review_full

Setting: HR→LR Instructions Meta-train
ag_news, amazon_polarity, anli, art, circa, cosmos_qa, dbpedia_14, discovery, emo, emotion, freebase_qa, gigaword, google_wellformed_query, hel-
laswag, imdb, liar, paws, piqa, quail, quoref, ropes, sciq, scitail, social_i_qa, swag, tab_fact, wiki_qa, wiqa, xsum, yahoo_answers_topics, yelp_polarity,
yelp_review_full

Setting: HR→LR Instructions Target
ai2_arc, climate_fever, codah, commonsense_qa, dream, financial_phrasebank, medical_questions_pairs, openbookqa, poem_sentiment, qasc, quarel, sick

Table 14: Full datasets for all settings. The first 10 rows are for main settings described in Section 4.1; the last
four rows are settings used for ablations in Section 5.2. Splits and dataname names consistent to those in Ye et al.
(2021) and Khashabi et al. (2020). Bold indicates the test dataset with no overlap in domain with meta-training
tasks. A prefix unifiedqa: indicates that the dataset taken is from UNIFIEDQA; otherwise, from CROSSFIT.
References for all datasets are provided in Table 15.
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ade_corpus_v2-classification (Gurulingappa et al., 2012), ade_corpus_v2-dosage (Gurulingappa et al., 2012), ag_news Gulli
(link), ai2_arc (Clark et al., 2018), amazon_polarity (McAuley and Leskovec, 2013), anli (Nie et al., 2020), art (Bha-
gavatula et al., 2020), biomrc (Pappas et al., 2020), blimp-anaphor_number_agreement (Warstadt et al., 2020), blimp-
ellipsis_n_bar_2 (Warstadt et al., 2020), blimp-sentential_negation_npi_licensor_present (Warstadt et al., 2020), blimp-
sentential_negation_npi_scope (Warstadt et al., 2020), boolq (Clark et al., 2019), circa (Louis et al., 2020), cli-
mate_fever (Diggelmann et al., 2020), codah (Chen et al., 2019), commonsense_qa (Talmor et al., 2019), cosmos_qa (Huang
et al., 2019), crows_pairs (Nangia et al., 2020), dbpedia_14 (Lehmann et al., 2015), discovery (Sileo et al., 2019),
dream (Sun et al., 2019), emo (Chatterjee et al., 2019), emotion (Saravia et al., 2018), ethos-directed_vs_generalized (Mol-
las et al., 2020), ethos-disability (Mollas et al., 2020), ethos-gender (Mollas et al., 2020), ethos-national_origin (Mol-
las et al., 2020), ethos-race (Mollas et al., 2020), ethos-religion (Mollas et al., 2020), ethos-sexual_orientation (Mollas
et al., 2020), financial_phrasebank (Malo et al., 2014), freebase_qa (Jiang et al., 2019), gigaword (Napoles et al., 2012),
glue-cola (Warstadt et al., 2019), glue-mnli (Williams et al., 2018), glue-mrpc (Dolan and Brockett, 2005), glue-qnli (Ra-
jpurkar et al., 2016), glue-qqp (data.quora.com/First-Quora-Dataset-Release-Question-Pairs), glue-
rte (Dagan et al., 2005; Bar-Haim et al., 2006)(Giampiccolo et al., 2007; Bentivogli et al., 2009), glue-sst2 (Socher et al.,
2013), glue-wnli (Levesque et al., 2012), google_wellformed_query (Faruqui and Das, 2018), hate_speech18 (de Gib-
ert et al., 2018), hate_speech_offensive (Davidson et al., 2017), hatexplain (Mathew et al., 2020), health_fact (Kotonya and
Toni, 2020), hellaswag (Zellers et al., 2019), hotpot_qa (Yang et al., 2018), imdb (Maas et al., 2011), kilt_ay2 (Hoffart et al.,
2011), kilt_fever (Thorne et al., 2018), kilt_hotpotqa (Yang et al., 2018), kilt_nq (Kwiatkowski et al., 2019), kilt_trex (Elsahar
et al., 2018), kilt_zsre (Levy et al., 2017), lama-conceptnet (Petroni et al., 2019, 2020), lama-google_re (Petroni et al., 2019,
2020), lama-squad (Petroni et al., 2019, 2020), lama-trex (Petroni et al., 2019, 2020), liar (Wang, 2017), mc_taco (Zhou
et al., 2019), medical_questions_pairs (McCreery et al., 2020), numer_sense (Lin et al., 2020), onestop_english (Vajjala and
Lučić, 2018), openbookqa (Mihaylov et al., 2018), paws (Zhang et al., 2019), piqa (Bisk et al., 2020), poem_sentiment (Sheng
and Uthus, 2020), proto_qa (Boratko et al., 2020), qa_srl (He et al., 2015), qasc (Khot et al., 2020), quail (Rogers et al.,
2020), quarel (Tafjord et al., 2019a), quartz-no_knowledge (Tafjord et al., 2019b), quartz-with_knowledge (Tafjord et al.,
2019b), quoref (Dasigi et al., 2019), race-high (Lai et al., 2017), race-middle (Lai et al., 2017), ropes (Lin et al., 2019),
rotten_tomatoes (Pang and Lee, 2005), sciq (Welbl et al., 2017), scitail (Khot et al., 2018), search_qa (Dunn et al., 2017),
sick (Marelli et al., 2014), sms_spam (Almeida et al., 2011), social_i_qa (Sap et al., 2019a), spider (Yu et al., 2018),
squad-no_context (Rajpurkar et al., 2016), squad-with_context (Rajpurkar et al., 2016), superglue-cb (de Marneffe et al.,
2019), superglue-copa (Gordon et al., 2012), superglue-multirc (Khashabi et al., 2018), superglue-record (Zhang et al.,
2018), superglue-rte (Dagan et al., 2005; Bar-Haim et al., 2006)(Giampiccolo et al., 2007; Bentivogli et al., 2009), superglue-
wic (Pilehvar and Camacho-Collados, 2019), superglue-wsc (Levesque et al., 2012), swag (Zellers et al., 2018),
tab_fact (Chen et al., 2020), trec (Li and Roth, 2002; Hovy et al., 2001), trec-finegrained (Li and Roth, 2002; Hovy
et al., 2001), tweet_eval-emoji (Barbieri et al., 2020), tweet_eval-emotion (Barbieri et al., 2020), tweet_eval-hate (Bar-
bieri et al., 2020), tweet_eval-irony (Barbieri et al., 2020), tweet_eval-offensive (Barbieri et al., 2020), tweet_eval-
sentiment (Barbieri et al., 2020), tweet_eval-stance_abortion (Barbieri et al., 2020), tweet_eval-stance_atheism (Barbieri
et al., 2020), tweet_eval-stance_climate (Barbieri et al., 2020), tweet_eval-stance_feminist (Barbieri et al., 2020), tweet_eval-
stance_hillary (Barbieri et al., 2020), tweet_qa (Xiong et al., 2019), unifiedqa:ai2_science_middle (data.allenai.org/
ai2-science-questions), unifiedqa:boolq (Clark et al., 2019), unifiedqa:commonsenseqa (Talmor et al., 2019), uni-
fiedqa:drop (Dua et al., 2019), unifiedqa:mctest (Richardson et al., 2013), unifiedqa:narrativeqa (Kociský et al., 2018),
unifiedqa:natural_questions (Kwiatkowski et al., 2019), unifiedqa:newsqa (Trischler et al., 2017), unifiedqa:openbookqa (Mi-
haylov et al., 2018), unifiedqa:physical_iqa (Bisk et al., 2020), unifiedqa:qasc (Khot et al., 2019), unifiedqa:quoref (Dasigi et al.,
2019), unifiedqa:race_string (Lai et al., 2017), unifiedqa:ropes (Lin et al., 2019), unifiedqa:social_iqa (Sap et al., 2019b), uni-
fiedqa:squad1_1 (Rajpurkar et al., 2016), unifiedqa:squad2 (Rajpurkar et al., 2018), unifiedqa:winogrande_xl (Sakaguchi et al.,
2020a), web_questions (Berant et al., 2013), wiki_qa (Yang et al., 2015), wikisql (Zhong et al., 2017), wino_grande (Sakaguchi
et al., 2020b), wiqa (Tandon et al., 2019), xsum (Narayan et al., 2018), yahoo_answers_topics (link), yelp_polarity (Zhang
et al., 2015), yelp_review_full (Zhang et al., 2015)

Table 15: References for 142 datasets used in the paper. A prefix unifiedqa: indicates that the dataset taken is
from UNIFIEDQA; otherwise, from CROSSFIT.

D Potential Risks

MetaICL is based on the large language model that
is pretrained on a web corpus, which potentially
includes harmful and biased context, despite the
original authors’ best efforts to mine the text. There
are also potential risks in privacy and security—for
instance, Carlini et al. (2021) reported that it is
possible to design the attack algorithm to extract
a substantial amount of training data. We thus
highlight that MetaICL should be considered as a
research prototype rather than a deployable system
to real users, and continuing efforts are needed to
reduce potential risks of the model.
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Abstract

Providing conversation models with back-
ground knowledge has been shown to make
open-domain dialogues more informative and
engaging. Existing models treat knowledge se-
lection as a sentence ranking or classification
problem where each sentence is handled indi-
vidually, ignoring the internal semantic con-
nection among sentences in background doc-
ument. In this work, we propose to automati-
cally convert the background knowledge doc-
uments into document semantic graphs and
then perform knowledge selection over such
graphs. Our document semantic graphs pre-
serve sentence-level information through the
use of sentence nodes and provide concept con-
nections between sentences. We apply multi-
task learning for sentence-level knowledge se-
lection and concept-level knowledge selection
jointly, and show that it improves sentence-
level selection. Our experiments show that
our semantic graph based knowledge selec-
tion improves over sentence selection base-
lines for both the knowledge selection task
and the end-to-end response generation task on
HollE (Moghe et al., 2018) and improves gen-
eralization on unseen topics in WoW (Dinan
et al., 2019).1

1 Introduction

Natural language generation models have seen
great success in their ability to hold open-domain
dialogues without the need for manual injection
of domain knowledge. However, such models of-
ten degenerate to uninteresting and repetitive re-
sponses (Holtzman et al., 2020), or hallucinate
false knowledge (Roller et al., 2021; Shuster et al.,
2021). To avoid such phenomena, one solution

∗Work done as an intern at Amazon Alexa AI.
1See https://www.amazon.science/publica

tions/enhanced-knowledge-selection-for-g
rounded-dialogues-via-document-semantic-
graphsfor an updated paper with information about code
and resources.

is to provide the conversation model with rel-
evant knowledge to guide the response genera-
tion (Parthasarathi and Pineau, 2018; Ghazvinine-
jad et al., 2018; Dinan et al., 2019). Figure 1 illus-
trates such knowledge grounded generation.

Relevant knowledge is often presented in the
form of documents (Moghe et al., 2018; Zhou et al.,
2018b; Ghazvininejad et al., 2018; Dinan et al.,
2019; Gopalakrishnan et al., 2019) and the task of
identifying the appropriate knowledge snippet for
each turn is formulated as a sentence classification
or ranking task (Dinan et al., 2019). Although more
advanced methods have been proposed by model-
ing knowledge as a latent variable (Kim et al., 2020;
Chen et al., 2020), or tracking topic shift (Meng
et al., 2021), they abide by the setting of sentence-
level selection. This setting has two inherent draw-
backs: (1) it ignores the semantic connections be-
tween sentences and (2) it imposes an artificial
constraint over the knowledge boundary.

A document is not simply a bag of sentences,
in fact, it is the underlying semantic connections
and structures that make the composition of sen-
tences meaningful. Two examples of such connec-
tions are coreference links and predicate-argument
structures.2 These connections are vital to the un-
derstanding of the document and also beneficial to
knowledge selection. In many cases, we can draw
information from multiple sentences to create the
response, breaking the knowledge boundary. For
instance, in Figure 2, the connections among the
character “Rango”, the plot point “water shortage"
and the name “Django" help us generate a response
with a smooth topic transition.

A related line of work (Liu et al., 2018; Moon
et al., 2019; Xu et al., 2020; Young et al., 2018;
Zhou et al., 2018a) that seemingly overcomes
the aforementioned issues is knowledge selection
from existing knowledge graphs (KGs) such as

2Another example would be discourse relations between
sentences, which we do not explore here.
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What do you think about the movie?

I liked the set up for the jaguar shark

I wasn’t fond of the shark.

The sole purpose of the movie was to hunt the shark, 
but in the process you are also emotionally connected 

with other characters.

This movie did a great job reaching into the viewer and 
pulling out emotions.

Wes Anderson deserves major credit for this.

Indeed, it is a great treat!

Plot: While making a documentary, oceanographer Steve 
Zissou loses his dear friend to a jaguar shark. He raises 
funds for an expedition in his ship to hunt the shark and 
make a new film.

Review
- Excellent music, great acting, teary moments
- you become connected with the characters emotionally

Facts:  Director: Wes Anderson

Figure 1: An example of knowledge-grounded dialog.
Semantic connections between sentences improve co-
herence and not imposing knowledge boundaries al-
lows the system to utilize multiple knowledge snippets.
The used knowledge is in bold. *The jaguar shark is a
character.

Wikidata (Vrandecić and Krötzsch, 2014), DBpe-
dia (Lehmann et al., 2015), and ConceptNet (Speer
et al., 2017). If the character “Rango” were in the
KG, it would have been represented as an entity
node and be connected to respective events. On
the KG, we are also free to select as many con-
cepts as needed, without being restricted to a single
sentence as the source. However, KGs are known
to have limited coverage of real world entities, let
alone emerging entities in works of fiction such as
books and movies (Razniewski et al., 2016).

Hence, to bridge these two worlds of sentence-
based knowledge selection and KG-based knowl-
edge selection, we introduce knowledge selection
using document semantic graphs. These graphs are
automatically constructed from documents, aiming
to preserve the document content while enhancing
the document representation with semantic connec-
tions. To create such a document semantic graph,
we first obtain the Abstract Meaning Representa-
tion (AMR) (Banarescu et al., 2013) for each sen-
tence. AMR detects entities, captures predicate-
argument structures, and provides a layer of ab-
straction from words to concepts.3 Compared to ex-
isting knowledge base construction methods, AMR
covers a wide range of relations and fine-grained se-

3In AMR, every node is a concept. This includes events,
objects, attributes, etc.

mantic roles, and can fully reflect the semantics of
the source text. Since AMR graphs only represent
single sentences, we utilize coreference resolution
tools to detect coreferential entity nodes and merge
them to build graphs for documents. On top of
this content representation, we also add sentence
nodes and passage nodes to reflect the structure of
the document. This allows for traversal across the
graph by narrative order or concept association.

Given the document semantic graph, knowledge
selection can be seen as identifying relevant nodes
on the graph, sentence nodes or concept nodes.
As knowledge selection in dialog models is condi-
tioned on the dialog context, for each dialog turn,
we create a dialog-aware graph derived from the
document graph. It contains context nodes repre-
senting contextualized versions of the sentence and
concept nodes. We design an edge-aware graph
neural network model to propagate information
along the dialog-aware graph and finally score the
context nodes (or concept nodes) on their relevance
to the dialog turn (as shown in Figure 4).

We validate our model on two widely used
datasets HollE (Moghe et al., 2018) and Wizard
of Wikipedia (Dinan et al., 2019) by constructing
a semantic graph from relevant background doc-
uments4 for each dialog. The use of document
graphs improves both knowledge selection and re-
sponse generation quality on HollE and boosts gen-
eralization to unseen topics for WoW. From our
ablation tests we find that in terms of the graph
structure, the key component is the use of corefer-
ence edges that stitches sentences together.

Our contributions include: (1) We propose to
perform knowledge selection from document se-
mantic graphs that are automatically constructed
from source documents and can reflect the implicit
semantic connections between sentences without
being limited to a pre-defined set of entities and
relations as KGs do. Our approach bridges the
gap between sentence-based knowledge selection
and KG-based knowledge selection. (2) We show
that joint selection over sentences and concepts can
model more complex relations between sentences
and boost sentence selection performance. (3) We
build a pipeline for converting documents (docu-
ment collections) into semantic graphs through the
use of AMR parsing and coreference. We hope that

4On WoW we use the passages retrieved from the first turn
for graph construction. Our method will need to be extended
to online graph construction to support per-turn retrieval of
documents.
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Knowledge Source

Dialog Context Semantic Graph

Selected Knowledge
1. The reserves in the vault only has enough water for 
five more days.
2. The name was a play on the classic Western Django.

Yeah, there was only water enough for five days. I also liked 
how his name is a play on Django.

I liked Rango as well! I mean, he did try to 
keep the town from the water shortage.

Knowledge Selection

Response Generation

Document Semantic Graph Construction

Rango
Django

Water shortage

Louise

5 days

Figure 2: The pipeline for generating responses based
on a given knowledge source.

our tool can facilitate future work on graph-based
representations of documents.

2 Method

We show an overview of our knowledge-grounded
dialog system in Figure 2. The system consists of
three modules, namely semantic graph construc-
tion, knowledge selection and response generation.

2.1 Document Semantic Graph Construction
We first process the sentences in the background
knowledge documents using the Stack Transformer
AMR parser (Fernandez Astudillo et al., 2020) to
obtain sentence-level AMR graphs. Based on the
AMR output, we consider all of the concepts that
serve as the core roles (agent, recipient, instrument
etc.) for a predicate as mention candidates. Then,
we run a document-level entity coreference reso-
lution system (Wen et al., 2021) to resolve coref-
erence links between such mentions. When join-
ing sentence-level AMR graphs to form the docu-
ment graph, entity mentions that are predicted to
be coreferential are merged into one node, and we
keep the longest mention as the node’s canonical
name. We show an example of our constructed
document semantic graph in Figure 3.

On top of this content representation, we also
add additional nodes to represent documents (or
passages) and sentences. A document (or passage)
node is linked to sentence nodes that are from this
document (or passage). Each sentence node is di-
rectly connected to all the concept nodes that origi-
nate from that sentence. In addition, we add edges

Plot: Mac sees a humanoid-like distortion that flashes green eyes. 
Mac opens fire with Blaine’s mini-gun, firing thousands of rounds into the 
jungle. 
The rest of the team rushes to the spot and also opens fire.

Mac

Blaine

Mini-gun

see-01

distort-01

resemble-01humanoid figure

fire-01

rounds

thousands

jungle

flash-01

green eyes

Plot

S1

S2

A0 A1

A2LOC

quant

poss

A0

A1

A0A1

A0

A1

Figure 3: Part of the document semantic graph for the
shown plot. The graph includes the source node (white
rectangle), the sentence nodes (green circles), and the
concept nodes (yellow and blue rectangles). Direc-
tional edges with labels (e.g., A0, A1) are from AMR
parsing, dotted edges are from the document structure.

between neighboring sentences following the nar-
rative order in the document.

Since each node is grounded in text, in order
to create embeddings for the document semantic
graph, we initialize the embedding of each node
with their contextual embeddings from a frozen
pretrained language model RoBERTa (Liu et al.,
2019a). For sentence nodes, we use the embed-
ding of the [CLS] token. For concept nodes, we
average the embeddings of the tokens in the span.
Note that the document semantic graphs can be
created offline and indexed by topics to be used at
knowledge selection inference time.

2.2 Knowledge Selection

The task of knowledge selection is to identify rel-
evant knowledge snippets that can be used to pro-
duce an appropriate and informative response for
each turn. Since our document semantic graph is
based on the background knowledge source alone,
we first create a dialog-aware graph that is condi-
tioned on the given dialog turn. We then encode
the dialog-aware graph by an edge-aware graph
attention network and predict relevance scores for
sentences and concepts as shown in Figure 4.

Dialog-Aware Graph. The dialog-aware graph
is a copy of the document semantic graph with addi-
tional context nodes (c), each representing a dialog-
contextualized knowledge sentence. For each can-
didate knowledge sentence si, to obtain the em-
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Mac

Blaine

Mini-gun

see-01

distort-01

resemble-01humanoid figure

fire-01

rounds

thousands

jungle

flash-01

green eyes

S1

S2Context-
S2

[User]: What do you think about 
the movie? 
[Agent]: It was an action movie 
with a lot of shooting and 
explosions.
[User]: Yeah like when Mac 
opens fire with Blaine’s mini-
gun, firing thousands of rounds 
into the jungle. Context-

S1

Dialog Context

LM Encoder Edge-aware GAT

MLP

MLP

Mac sees a humanoid-like distortion 
that flashes green eyes.

Humanoid figure; resemble-01; 
distort-01; see-01; Mac.

Response Generation

That was because Mac saw a 
humanoid figure lurking.

Concept Selection

Sentence Selection

Dialog-aware Graph

Figure 4: The knowledge selection model. We encode the dialog context using a pretrained language model and
represent the dialog context along with each candidate sentence as a context node. We then use an edge-aware
graph attention network to encode the dialog-aware graph. Finally, we classify each node on the graph to be
relevant or not based on the learned node embedding, effectively performing both sentence selection and concept
selection. The selected nodes are outlined in black.

bedding hc of the context node ci, we encode the
dialog context x and the candidate knowledge sen-
tence si through a pretrained language model fLM.
We define the dialog context as the most recent two
turns in the dialog history.

hci = Pooling (fLM([si;x])) (1)

For the pooling operation, we simply take the first
token (namely the [CLS] token) as the represen-
tation for the sequence. Since we want to enable
message passing between the context node and the
rest of the graph, we add an edge between the con-
text node ci and the sentence node si.

Edge-Aware Graph Attention Network. At
this point, although our dialog-aware graph cap-
tures both the dialog context and the knowledge
source, there is no interaction between the two. To
this end, we apply an edge-aware graph attention
network (EGAT) model to allow information to be
propagated along the graph. Note that our dialog-
aware graph is a heterogeneous network with mul-
tiple node types and edge types. To capture the
semantics of the node and edge types, we use an ex-
tension of the graph attention network (Velickovic
et al., 2018) that includes edge type embeddings
hT (e) and node type embeddings hT (v) (Yasunaga
et al., 2021). These embeddings are learnt along
with the model parameters and are used to compute
the vector “message” that is passed along edges.

In general, a graph neural network consists of
L layers with shared parameters. We denote the
initial embeddings for each node as h0. Each layer
l involves a round of nodes sending out “messages”
to their neighbors and then aggregating the received
“messages” to update their own embeddings from

hl to hl+1. Consider a pair of nodes s and t with
embeddings hs and ht respectively, the message
ms→t that is passed from s to t through edge e is
computed as the sum of the edge-aware message
and the node-aware message, where Wv and We

are projection matrices.

ms→t =Wv([h
l
s;hT (v)]) +WehT (e) (2)

Then we compute the attention weight αs→t from
node s to node t as:

qs =Wq([h
l
s;hT (s)])

kt =Wk([h
l
t;hT (t);hT (e)])

αs→t = Softmaxs∈Nt

(
qTs kt√
D

) (3)

HereWq andWk are learnt projection matrices and
D is the embedding dimension of hs. Nt is the
neighbor node set of node t. Finally, the messages
from the surrounding neighbors are aggregated to
compute the updated node embedding hl+1

t .

hl+1
t = GELU


MLP(

∑

s∈N (t)

αs→tms→t) + hlt




After L layers, we obtain embeddings for our con-
text nodes hLc , sentence nodes hLs and concept
nodes hLn .

Knowledge Selection Training. For each con-
text node c that represents a pair of the knowledge
sentence and dialog context, we compute their rele-
vance score as

score(c) = MLP([hLc ;h
0
c ]) (4)

For each concept node n, we compute its relevance
score as
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score(n) = σ
(
MLP(hLn)

)
(5)

where σ is the sigmoid function.
Each context node c needs to be encoded with

the language model fLM , but we are unable to fit
all context nodes into memory.5 Hence, during
training, we randomly sample k negatives for each
positive knowledge sentence and compute cross-
entropy loss over the samples.

Lc = − log
exp (score(c+))

expc∈{c+}∪C− (score(c))
(6)

For concept nodes, we treat knowledge selection
as a binary classification problem and compute the
binary cross entropy loss.

Ln = − 1

N

∑

n∈G
rn log score(n) (7)

Here rn ∈ {0, 1} is the relevance label for the
vertex n, and N is the total number of concept
nodes. When the dataset does not directly provide
concept-level labels for training, we derive them
from the ground truth knowledge snippet by assign-
ing any concept that is mentioned in the snippet
with a relevant label rn = 1. The overall loss is the
weighted sum of the above sentence-level and the
concept-level loss:

L = Lc + βLn (8)

During inference, we compute score(c) for all
knowledge sentence candidates and take the highest
scored sentence for knowledge grounded response
generation.

2.3 Response Generation
We fine-tune a left-to-right language model
GPT2 (Radford et al., 2019) to perform response
generation given the dialog context x and the cho-
sen knowledge snippet ŝ.

y = GPT2([ŝ;x]) (9)

During training we use teacher-forcing and use the
ground truth knowledge snippet. This response
generation model is independent from the knowl-
edge selection model and trained with negative
log-likelihood loss.

3 Experiments

3.1 Datasets
We evaluate our model on two publicly available
datasets: Wizard of Wikipedia (Dinan et al., 2019)

5On average, we have 60 knowledge sentences per turn.

Dataset Train Dev Test

HollE
Dialogs 7,228 930 913
# turns 34,486 4,388 4,318

WoW
Dialogs 17,629 941/936 924/952
# turns 22,715 3257/3085 3104/3298

Table 1: Dataset statistics for WoW and HollE. For
WoW, the first column is the seen split and the second
column is the unseen split.

and Holl-E (Moghe et al., 2018). Both datasets are
in English.

Wizard of Wikipedia (WoW) is an open-domain
dialog dataset, spanning multiple topics including
famous people, works of art, hobbies, etc. The test
set in WoW consists of two splits that are named
“Test Seen” and “Test Unseen” based on the over-
lap of topics with the training set. In order to build
our document graph, we use the selected topic pas-
sage and the passages retrieved in the first turn as
background knowledge.

Holl-E is a movie domain dialog dataset. Each
dialog discusses one movie, and the background
knowledge includes the plot, reviews, comments
and a fact table. Holl-E additionally provides mul-
tiple references for the test set so we report perfor-
mance for both single and multiple references.

3.2 Implementation Details

Knowledge Selection. We only use the turns that
utilize knowledge for training and prediction. To
map the ground truth knowledge to a set of concept
nodes, we choose all nodes with mention offsets
contained within the span. We acquire the sentence-
level labels following (Kim et al., 2020).

We use Roberta-base (Liu et al., 2019a) as the
language model fLM . We set k = 5 for negative
sampling. The EGAT model is trained with 200
hidden dimensions and 2 layers. Edge features and
node features are represented with 20 dimensional
vectors. We train our model with a batch size of 16
and learning rate 3e−5 for 3 epochs.

Response Generation. Our response generation
model is based on GPT2 (Radford et al., 2019)
and is further fine-tuned with a batch size of 16
and learning rate of 3e−5. We truncate the dialog
context to 128 tokens. During inference, we adopt
top-k and top-p sampling with k = 20 and p =
0.95. The maximum generation length is limited
to 286 tokens, including the input tokens.
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3.3 Baselines
For knowledge selection, we also implemented the
following two baseline methods:

• Roberta Ranking. We use a cross-encoder based
on Roberta to represent the dialog context and the
knowledge candidate, and a classification layer
on top of it.

• Graph Paths. This model is built on top of the pre-
vious model. The graph paths are from the doc-
ument semantic graph and obtained by breadth-
first traversal starting at the candidate context
node. In order to utilize the graph paths, we
linearize it into tuples of (subject, predicate, ob-
ject) or (modifier, subject) according to the AMR
edge label and concatenate it with the candidate
sentence.

For the end-to-end pipeline, we use the GPT2
response generation with our knowledge selection
module and the two methods above. In addition, we
compare against the following previous methods:

• Transformer MemNet (Dinan et al., 2019) is the
combination of a Transformer memory network
for knowledge selection and another Transformer
decoder for generation.

• E2E BERT is a variant of the previous model
using BERT (Devlin et al., 2019).

• Sequential Knowledge Transformer (SKT) (Kim
et al., 2020) models knowledge as a latent vari-
able and considers the posterior distribution of
knowledge given the response.

• SKT+PIPM+KDBTS (Chen et al., 2020) is an
improvement upon SKT with an additional Poste-
rior Information Prediction Module (PIPM) and
trained with knowledge distillation.

• Mixed Initiative Knowledge Selection
(MIKe) (Meng et al., 2021) uses two knowledge
selection modules to capture user-driven turns
and system-driven turns respectively.

3.4 Evaluation Metrics
Knowledge Selection. To compare with previ-
ous methods, we use Accuracy, or Precision@1 as
the main metric for evaluating knowledge selec-
tion. Additionally, we compute sentence ranking
metrics, namely the mean average precision (MAP)
and mean reciprocal rank (MRR)6 for more fine-
grained analysis of knowledge selection quality.

6https://github.com/usnistgov/trec_eva
l

Model Single Reference Multiple Reference

MAP Acc MAP MRR Acc

Ranking 0.493 34.3 0.527 0.526 45.3
Graph Paths 0.497 35.0 0.527 0.579 45.8
Ours 0.513 37.7** 0.514 0.580 46.1

Table 2: Knowledge selection results on the HollE
dataset. For single references, MRR is the same as
MAP. Acc is reported in percentage%. ** indicates
significance compared to the second best model with
p < 0.005 under the paired t-test.

Model Test Seen Test Unseen

MAP Acc MAP Acc

Ranking 0.472 30.1 0.436 26.3
Graph Paths 0.469 29.5 0.436 26.4
Ours 0.469 29.4 0.486 30.8**

Table 3: Knowledge selection results on WoW using
the topic passage and passages retrieved at the first
turn. Acc is reported in percentage%. ** indicates
significance compared to the second best model with
p < 0.005 under the paired t-test.

Response Generation. For automatic evaluation
of responses, we use ROUGE-1, ROUGE-2 and
ROUGE-L metrics (Lin, 2004).7 As our response
generation model is trained with gold-standard
knowledge, we only report perplexity scores when
using gold-standard knowledge, as a measure for
the quality of the response generator alone.

For our human evaluation, we randomly sam-
ple 200 turns from the output of MIKe (Meng
et al., 2021), our ranking model and our graph-
based model. Annotators are asked to select which
system’s response is the best among the three (al-
lowing for ties), and which system’s knowledge
is the most relevant. In addition, annotators score
each response based on whether it is appropriate,
knowledgeable and engaging on a scale of 1-4. Our
annotators agreed with each other 54.2% on a sin-
gle system and 91.7% when accounting for ties.
The Krippendorff’s alpha score for the normal-
ized appropriate/knowledgeable/engaging scores
is 0.537/0.634/0.470.

3.5 Main Results
We show our knowledge selection results in Table 2
and 3, and end-to-end results in Table 4 and 6.

From Table 2 we can see that our document
semantic graph is helpful for the knowledge se-

7We use the torchmetrics package, which follows
rouge-score package Python ROUGE implementation.
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Model Single Reference Multiple Reference
R1 R2 RL R1 R2 RL

Transformer MemNet (Dinan et al., 2019) 20.1 10.3 - 24.3 12.8 -
E2E BERT † 25.9 18.3 - 31.1 22.7 -
SKT (Kim et al., 2020) 29.8 23.1 - 36.5 29.7 -
SKT+PIPM+KDBTS (Chen et al., 2020) 30.8 23.9 - 37.7 30.7 -
MIKe (Meng et al., 2021) 37.78 25.31 32.82 44.06 31.92 38.91
GPT2 + Ranking 40.22 31.78 38.73 47.53 39.31 45.89
GPT2 + Graph Paths 40.76 32.32 39.12 47.71 39.33 45.90
GPT2 + Graph Selection 42.49 34.37 41.01 47.89 39.58 46.25

GPT2 + Gold knowledge 75.92 72.82 75.37 75.92 72.82 75.37

Table 4: Response generation results ROUGE-1 (R1), ROUGE-2 (R2), ROUGE-L (RL) and knowledge selection
accuracy (Acc%) on HollE. † results taken from (Kim et al., 2020). Other results with citations are taken from their
respective papers.

Model Preferred Approp. Know. Engaging

Ours 69% 3.54 3.42 3.32
Ranking 56% 3.47 3.39 3.28
MIKe 34.5% 2.88 3.02 2.82

Table 5: Human evaluation results. “Preferred” in-
cludes cases where annotators choose multiple systems
as the best. ‘Approp.’ is short for Appropriate, ‘Know.’
is short for Knowledgeable.

Model R1 R2 RL

GPT2 + Ranking 19.95 4.70 16.33
GPT2 + Graph Paths 19.83 4.89 16.37
GPT2 + Graph Selection 20.43 5.31 16.97

GPT2 + Gold knowledge 30.53 11.94 25.61

Table 6: End-to-end results (in %) on the unseen split of
WoW using first turn retrieved passages as background
knowledge.

lection task and our edge-aware graph attention
network is more effective in utilizing the graph
structure compared to simply enumerating graph
paths. In particular, when the graph is used, there is
a large improvement in MRR when multiple gold-
standard references are provided, showing that in
cases where the top 1 result does not match the
reference, we are able to rank the gold-standard
knowledge at a high position.

For the end-to-end evaluation in Table 4, our
model stands favorably among previous published
results, with improvements in both knowledge se-
lection accuracy and response quality.

We report human evaluation results in Table 5.
Our system scores the best in all aspects and is
voted by annotators as the most preferred response
in the majority of the cases.

Model Acc(%) MAP Concept Concept
MAP MRR

Full 37.7 0.513 0.420 0.495

Sent. graph 35.6 0.494 - -
Coref. graph 37.0 0.510 0.420 0.421
Homog. graph 37.3 0.516 0.409 0.398

Sent. loss 36.0 0.500 0.063 0.151

Table 7: Model ablations for knowledge selection on
Holl-E using single reference.

On the WoW dataset (Table 3 and Table 6), the
basic ranking model performs slightly better on the
seen split and our graph-based knowledge selection
method shows benefits for generalizing to unseen
topics.

3.6 Analysis
Model Ablations. We investigate whether our
design of the document semantic graph is effec-
tive by exploring different variants of the docu-
ment graph, including: (1) sentence graph with
only sentence nodes and source nodes, (2) corefer-
ence graph that removes all AMR role edges, and
(3) homogeneous graph that treats all edges and
nodes as the same type. The results are presented in
Table 7. In particular, the sentence graph does not
make use of AMR parsing nor coreference resolu-
tion, so it only reflects the document structure. This
makes it the least effective in knowledge selection
and unable to perform concept selection at all. The
coreference graph does not perform as well as the
full graph, but largely closes the gap. This suggests
that entity recognition and coreference resolution
are essential to the effectiveness of the document
graph. When using the homogeneous graph, our
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edge-aware graph attention network falls back to
a regular graph attention network. We can see that
without edge and node semantics, both sentence
and concept selection are negatively impacted.

An important characteristic of our model is that
it is trained to perform joint sentence selection and
concept selection through a multi-task objective.
We compare our full model with a variant, which is
only trained with sentence-level supervision signal.
Our results show that adding the concept selec-
tion loss not only enables concept-level knowledge
selection, but also improves sentence-level knowl-
edge selection.

Case Studies. We present some examples of the
generated responses on HollE in Table 8. In the
first example, the system started out with a com-
ment on the character “Morpheus”, the user agreed,
and then shifted the topic towards a general com-
ment on the movie. Both our model and the ranking
model are able to follow the user’s topic and make
comments on the movie while the MIKe model con-
tinues the previously initiated topic. In the second
example, we see that our model and the ranking
model both capture the “viral fame” keyword in the
user’s response, but our model is able to produce a
more appropriate response instead of directly copy-
ing the plot. In the last example, the ranking model
repeats what the user said while our model and
MIKe pick knowledge that is relevant to the rating
of the movie. In this case, our model produces a
more engaging response.

Figure 5 visualizes an example from the WoW
dataset about the topic “Football”. In this conversa-
tion, although the knowledge selected by our model
is not the same as the ground truth, it is relevant
to the user’s question of “where and how the game
(of football) got started”. The ground truth, on
the other hand, follows up on the wizard’s own
initiated topic of “college football”.

Discussions on Limitations. (1) Concept selec-
tion. Current datasets were annotated with sentence
selection in mind and only provided sentence level
references. This makes it hard to directly demon-
strate the utility of concept selection. (2) Better
utilization of history. We have used the dialog his-
tory in a primitive way by concatenating the latest
turns with the candidate knowledge. This ignores
earlier turns, and leads to cases of repetition of his-
tory, or contradiction of persona. (3) Limitation
of preprocessing tools. Our document semantic

graphs rely on AMR parsing, which might not be
available for other languages, or not be of high
quality.

4 Related Work

Knowledge Selection for Dialog. Knowledge
selection can be tightly coupled with the response
generator (Ghazvininejad et al., 2018) or per-
formed separately prior to response generation.
Some approaches adapted question answering mod-
els (Moghe et al., 2018; Qin et al., 2019; Wu
et al., 2021) or summarization models (Meng et al.,
2020a) for knowledge selection. With a pool of
knowledge candidates, knowledge selection has
been commonly set up as a sentence classification
or ranking problem (Dinan et al., 2019; Lian et al.,
2019; Kim et al., 2020; Chen et al., 2020; Meng
et al., 2020b; Zhao et al., 2020). Some work has
modeled the underlying knowledge as a latent vari-
able (Lian et al., 2019; Kim et al., 2020; Chen et al.,
2020). Others have explored modeling the knowl-
edge transition over dialog turns to improve selec-
tion accuracy (Kim et al., 2020; Meng et al., 2020b;
Zheng et al., 2020; Zhan et al., 2021). In com-
parison, we model knowledge selection as a node
selection task on the document semantic graph.

Graph-based Knowledge Sources. Knowledge
graphs are popular choices for integrating knowl-
edge into dialog systems (Liu et al., 2018; Moon
et al., 2019; Xu et al., 2020; Jung et al., 2020;
Zhou et al., 2020). However, their applicability
is limited by the coverage of both entities and re-
lations. For example in (Moon et al., 2019), for
books and movies, the knowledge base only con-
tains metadata such as title and genre, making it
impossible to conduct conversation about the actual
content. The closest work to ours is AKGCM (Liu
et al., 2019b), which starts from an existing general
knowledge graph and then augments the knowl-
edge graph with unstructured text by performing
entity linking on the sentences. In comparison, our
document semantic graph is created from knowl-
edge documents and during knowledge selection
we select both sentences and concept nodes.

Application of Document Graphs. Document-
level AMR graphs have been used for summariza-
tion (Liu et al., 2015; Dohare et al., 2018; Hardy
and Vlachos, 2018; Lee et al., 2021) and document
generation (Fung et al., 2021). Graphs constructed
using OpenIE (Banko et al., 2008) have been ap-
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Topic The Matrix Bad Ass Rocky V

History

S: My favorite character was Mor-
pheus, because he truly believed in
what he was doing. U: Yeah. It was
a story of a reluctant Christ-like per-
son ... The Matrix ... should be
the benchmark for all sci-fi films to
come.

S: What was your favorite scene in
this movie? U: I liked the one in
which Frank fights the skinheads. S:
Yes. They messed with the wrong
senior citizen! U: No doubt! Gotta
love the viral fame angle they had
as well.

U: My favorite character was
Adrian ... S: She sure did protect her
family in this great movie. U: I have
watched the rocky series probably
100 times each ... I would feel of-
fended that Rocky V is rated lower
than Rockys III and IV.

Ours

And so much interpretation in these
movies. Have the directors ever
come out and just explained it?
That would make things a lot easier.

Oh yeah, it goes viral & he is pro-
claimed by the public as “Bad Ass.”

Yeah. This movie is a 10, but I feel
I need to give it that bit extra due to
the very low rating this movie has
polled on this site.

Ranking Yeah. With The Matrix, both ele-
ments are perfectly en sync.

Right. It wasn’t all that bad when
Frank becomes an instant celebrity,
and he and Mrs Vega (Tonita Cas-
tro) are interviewed at the morning
programme LA Mornings by a jour-
nalist (Sam Rubin).

My favorite character is Adrian too.

MIKe
I agree , and I loved the scene
where he throws Neo into the sub-
way tracks then drops down there.

Danny Trejo’s Grand Torino. A wonderful movie about father and
son.

Table 8: Generated responses from our system and baselines on HollE. S stands for system turn and U for user
turn.

I didn’t know that. I have always wondered where and 
how the game got started. It can be a dangerous game.

I never realized since recently that the American football 
rules became popular because of college football.

User System

Ground truth: Yes, it can be. College football is 
considered the second tier of American football in the US.

Ours: It was also the first indoor game since 1902. The modern history of American football can be considered 
to have begun after the 1932 Playoff game, which was the 
first American football game to feature hash marks… it was 
also the first indoor game since 1902.

Therefore, college football is generally considered to be the 
second tier of American football in the US.

Knowledge

Ranking: Yeah, I’m not too sure, but I know that the team 
with the most points wins! The team with the most points at the end of the game wins.

Figure 5: An example of selected knowledge and generated responses from our model on WoW.

plied to long-form question answering and multi-
document summarization (Fan et al., 2019).

5 Conclusion and Future Work

In this paper, we introduce document semantic
graphs for knowledge selection. Compared to ex-
isting document-based knowledge selection meth-
ods that typically treat sentences independently,
our automatically-constructed document semantic
graphs explicitly represent the semantic connec-
tions between sentences while preserving sentence-
level information. Our experiments demonstrate
that our semantic graph-based approach shows ad-
vantages over various sentence selection baselines
in both the knowledge selection task and the end-
to-end response generation task.

6 Ethical Considerations

The paper focuses on improving the knowledge
selection component for dialog systems.

Intended use. The intended use of this grounded
dialog system is to perform chit-chat with the user
on topics such as books and movies. We also hope
that our released system can help research in knowl-
edge selection.

Bias. Our model is developed with the use
of large pretrained language models such as
RoBERTa (Liu et al., 2019a) and GPT2 (Radford
et al., 2019), both of which are trained on large
scale web data that is known to contain biased or
discriminatory content. The datasets that we train
on also include subjective knowledge (comments
on movies) that may express the bias of the writers.
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Misuse potential. Although our system is
knowledge-grounded, the output from our system
should not be treated as factual knowledge. It
should also not be considered as advice for any
critical decision-making.
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A Experiment Details

Our experiments were run on a single V100 or
RTX2080 GPU. We use gradient accumulation to
reach an effective batch size of 16.

On average, the semantic graph construction
takes 40s per document for the AMR parsing and
30s per document for coreference resolution. All
documents were constructed before running knowl-
edge selection experiments. Our knowledge selec-
tion model requires 10G of GPU memory and 6
hours to finish training. Our response generation
model takes 1.5 hours to finish training.

We tuned our learning rate in the range of
[3e − 6, 1e − 5, 3e − 5, 5e − 5] and our batch
size in the range of [4, 8, 16]. For the EGAT
model, we experimented with hidden dimensions
of [50, 100, 200] and layers from [2, 3, 4].

B Extra Case Studies

In Figure 6 we present an instance where the ques-
tion from the user is quite open-ended and while
our model’s selection does not match the ground
truth, it is still relevant to the dialog and can serve
as the basis for an appropriate response.

In Figure 7 we show an example where knowl-
edge selection performance does not directly trans-
late to better dialog due to response generation
errors. The selected knowledge from our model fol-
lows up on the “set routines” mentioned by the user
but the response’s stance is wrong. The baseline
model selects a general statement about cheerlead-
ing as the relevant knowledge but the response is
logically incorrect as the difficulty of cheerleading
is not due to its geographical origin, but due to the
moves.

C Human Eval Details

We show an example of the information provided
to annotators in Figure 8. Annotators have access
to the dialog history and the ground truth responses.
System outputs are anonymized.
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I have heard of Kendrick Lamar, but I am not a big rap 
fan. What are some of Kendrick Lamar’s songs? 

Hello, do you like rap music? If yes you must have 
heard of Kendrick Lamar.

User System

Ground truth: His first which was made available in 2010 
is called Overly Dedicated.

Ours: There is a lot of different types of rap (songs), 
including “To Pimp a Butterfly”, as he calls it.

His critically acclaimed third album “To Pimp a Butterfly” 
(2015) comprised funk, soul, and spoken word, debuted 
atop the charts in the US and the UK, and won the Grammy 
Award for the Best Rap Album at the 58th ceremony.

He began to gain recognition in 2010, after his first retail 
release, “Overly Dedicated”. 

Knowledge

Ranking: He sings the best I can recall, but I don’t know many 
(songs). Do you know that he was born on June 17, 1987? 

Kendrick Lamar Duckworth (born June 17, 1987) is an 
American rapper and songwriter.

Figure 6: A case of mismatched but acceptable knowledge selection on WoW.

I have never done it but my school team is really good!

Cheerleading is an activity wherein the 
participants cheer for their team.

User System

Ground truth: It can be performed to motivate sports but 
some do it just for fun.

Ours: I like that they don’t have to worry about 
tumbling or jumps, or anything like that. Competitive routines typically range anywhere from one to 

three minutes, and contain certain components of 
tumbling, dance, jumps, cheers and stunting. 

It can be performed to motivate sports teams, entertain the 
audience, or for competition.

Knowledge

Ranking: That’s true, and since they are predominantly in 
America, it’s hard to do a lot of cheerleading.

Cheerleading originated in the United States, and remains 
predominately in America, with an estimated 1.5 million 
participants in all-star cheerleading.

It can be from chanting slogans to intense 
physical activity.

I think they do set routines, it seems demanding to me.

Figure 7: A case of response generation errors.The used knowledge is highlighted in brown and the generation
error is marked in purple.
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Figure 8: Example of model output provided to annotators.
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Abstract

Evaluation of biases in language models is of-
ten limited to synthetically generated datasets.
This dependence traces back to the need of
prompt-style dataset to trigger specific behav-
iors of language models.

In this paper, we address this gap by creating
a prompt dataset with respect to occupations
collected from real-world natural sentences
present in Wikipedia. We aim to understand
the differences between using template-based
prompts and natural sentence prompts when
studying gender-occupation biases in language
models. We find bias evaluations are very
sensitive to the design choices of template
prompts, and we propose using natural sen-
tence prompts for systematic evaluations to
step away from design choices that could in-
troduce bias in the observations.

.

1 Introduction

Over the past couple of years, we witness tremen-
dous advances of language models in solving var-
ious Natural Language Processing (NLP) tasks.
Most of the time, these models were trained on
large datasets, each model pushing the limits of the
other. With this success came a dire need to inter-
pret and analyze the behavior of neural NLP mod-
els (Belinkov and Glass, 2019). Recently, many
works have shown that language models are suscep-
tible to biases present in the training dataset (Sheng
et al., 2019).

With respect to gender biases, recent work ex-
plores the existence of internal biases in language
models (Sap et al., 2017; Lu et al., 2020; Vig et al.,
2020; Lu et al., 2020). Previous work uses prefix
template-based prompts to elicit language models

*Equal contribution.
*Code and dataset can be accessed at https://github.

com/aliciasun/natural-prompts

to produce biased behaviors. Although synthetic
prompts can be crafted to generate desired contin-
uations from the model, they are often too simple
to mimic the nuances of Natural Sentence (NS)
prompts. On the contrary, NS prompts are often
more complex in structures but are not crafted to
trigger desired set of continuations from the model.
In this paper, we ask the question: can synthetic
datasets accurately reflect the level of biases in lan-
guage models? Moreover, can we design an evalu-
ation dataset based on natural sentence prompts?

In this paper, we focus on studying the biases
between occupation and gender for GPT2 models.
We find that biases evaluation is extremely sensitive
to different design choices when curating template
prompts.

We summarize our contributions as:

• We collected a real-world natural sentence
prompt dataset that could be used to trigger
a biased association between professions and
gender.

• We find bias evaluations are very sensitive
to the design choices of template prompts.
Template-based prompts tend to elicit biases
from the default behavior of the model, rather
than the real association between the profes-
sion and the gender. We posit that natural sen-
tence prompts (our dataset) alleviate some of
the issues present in template-based prompts
(synthetic dataset).

2 Related Work

NLP Biases Recently, many works have shown
that language models are susceptible to biases con-
tained in the training dataset. Sap et al. (2017)
examined gender bias in movies and found that
female characters are often portrayed as less power-
ful. In addition, Sheng et al. (2019) measured bias
by the level of regard/respect of the generated texts
when a prompt starts with a specific demographic
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group. Using a co-reference resolution dataset, (Lu
et al., 2020) found significant gender bias in how
models view occupations.

Dataset for Bias Evaluation The NLP commu-
nity has largely relied on template-based datasets
for evaluating model bias. Zhao et al. (2018) re-
leased a synthetic benchmark for a co-reference res-
olution focused on gender bias. Recently, Dhamala
et al. (2021) collected prompts from Wikipedia.
These prompts are created from simply cutting full
sentences at a fixed position, thus the prompts have
no constraints that will trigger a language model to
follow up texts with gender pronouns.

3 Dataset Collection

We collect a new prompt dataset fashioned from
real-world sentences in Wikipedia, which we refer
to as Natural Sentence (NS) prompts. For each
occupation type found in Wikipedia’s catalog *, we
scrape the list of professions and the corresponding
sentences featuring the profession in text from the
Wikipedia page. Since our goal is to measure the
biases associated with each profession, we ensure
that the dataset contains sentences that can be used
for probing and filter out the ones that do not have
this feature. For example, the sentence “theatrical
production management is a sub-division of stage-
craft” is a general reference to the occupation rather
than an individual, therefore we consider it an in-
admissible sentence. We also remove professions
that are gendered by definition, such as “actress”.
Following this methodology, there are a total of
893 professions in the dataset to be annotated.

3.1 Dataset Annotation

Given a set of complete sentences, our goal for
the annotation process is to transform the sentences
into short prompts that will trigger the model to gen-
erate continuations containing pronouns. We begin
by shortening each sentence while leaving enough
information to be descriptive of the profession. For
each profession, any words that may reveal hints
about the occupation are swapped with neutral re-
placements. A continuation word such as where
is appended to the end of the shortened prompt
to be grammatically aligned with the generation
of a pronoun. Table 1 illustrates some example
occupations in our dataset. The set of guidelines
followed to convert each complete sentence to a

*https://en.wikipedia.org/wiki/Category:Occupations_by_type

Profession Prompt

Silversmith A silversmith is a person
who crafts objects from silver
where

Tailor A tailor is a person who makes,
repairs, or alters clothing pro-
fessionally, where

Table 1: Example prompts from the dataset. The pro-
fessions in red will be hidden. The continuations in
blue are appended to the end of the shortened prompt.

short prompt along with examples can be found in
Appendix A.

We summarize the properties of the datasets used
in Table 2, where sentence length is the number of
words in a sentence and word length is the number
of letters in a word. Table 8 in appendix A shows a
complete list of the templates used in our analysis.

Real Prompt Template Prompt

Avg Sentence Length 16.44± 4.76 4.24± 3.12
Avg Word Length 4.62± 0.42 4.07± 1.95

Table 2: Summary statistics of the real prompt and the
template prompts.

3.2 Dataset Properties

A wide-range of datasets already exists (Zhao et al.,
2018; Dhamala et al., 2021), what makes this par-
ticular variation different? We summarize the prop-
erties of our dataset as: First, they contain longer
sentences (average of 16 words per sentence as
shown in Table 1) in comparison to what has ap-
peared in the literature (5 words per sentence). Sec-
ond, the sentences were manually curated in order
to produce pronouns as continuations in a syntac-
tically correct fashion. Lastly, this dataset gives
context clues; it can give more information about
the profession itself.

4 Biases Evaluation in Language
Modelsn

Evaluating biases in language models is a non-
trivial task. In this section, we aim to understand
the role of prompts in the context of gender bias.
We probe GPT-2 models and draw comparisons
between NS prompts (our dataset) and template
prompts used in (Vig et al., 2020).
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Lu et al. (2020) showcases how language mod-
els perceive occupations in a biased view using
template-based dataset. We wonder if this percep-
tion still holds in the NS prompt setting. For each
prompt in our dataset, we compute the probability
of generating pronouns “he” and “she” as continua-
tions. More concretely, given a prompt x, we com-
pute P(he|x) and P(she|x) respectively. Table 3
depicts the results of our experiment (complete his-
tograms are available in appendix B Figure 2).

NS Prompt Template Prompt

GPT2 KL EMD KL EMD

distil 0.038 0.030 0.187 0.141
small 0.056 0.045 0.174 0.131
medium 0.043 0.038 0.141 0.105
large 0.041 0.036 0.191 0.141

Table 3: Real prompts comparison to template prompts.
We measure Kullback-Leibler Divergence (KL), and
Earth Mover’s Distance (EMD) between the probabil-
ity values of generating “he” or “she” as a continuation.

Do larger models amplify gender biases? With
respect to our experiment, we note that this is not
exactly the case. Although the capacity of the
model increases, Table 3 shows that larger mod-
els not necessarily exhibits more biases. This result
is in line with previous work in understanding gen-
der bias using causal mediation analysis (Vig et al.,
2020).

Is there a difference in using NS prompts ver-
sus template prompts? As evidently shown in
Table 3, template-based prompts yield a larger bias
in producing he over she pronouns. Looking at both
KL and EMD values, it is clear that the template is
increasing the discrepancy between generating both
pronouns. We hypothesize that the increased bias
in the template setting is attributed to the simplified
prompt sentence. We provide further experimenta-
tion to validate our reasoning.

Do gender-occupation association account for
most of the biases? One assumption behind the
bigger discrepancy for template prompts is that the
simple sentence structure could lead the model to
ignore the context and blindly follow the default
behavior. In this section, we re-evaluate the discrep-
ancy of generating both pronouns, under different
perturbations of the template prompts.

The perturbations involve masking, deleting, or
replacing the profession in each original template
prompt. We compute the stereotypical bias as the
difference in output probability between he and
she, i.e., |P(he|x) − P(she|x)|. We list the input
prompts after different perturbation rules as fol-
lows:

• Template Prompt: The {} said that

• Orig: The metalsmith said that

• Replace: The person said that

• Delete: The _ said that

In Table 4, for each perturbation, we compute
the average stereotypical bias over different tem-
plates. Interestingly, when replacing the profes-
sion word with the neutral word person, the stereo-
typical bias only slightly decreases. Even when
deleting the profession, there is still a discrepancy
between generating probabilities for the two pro-
nouns. In particular, deleting the profession mea-
sures the gender-neutrality of the prompt templates,
and answers the question of whether the templates
are already biased. Table 8 in Appendix further
demonstrates that the results are very sensitive to
the design choices of the templates (verbs, con-
junctions that may not be gender-neutral). For
example, desired is more powerful and mascu-
line than wanted, and evaluating with template
using desired yields a higher bias than evaluating
with template using wanted. Because of the sim-
ple structure of the template sentences, the model
doesn’t have enough context to understand the spe-
cific profession. Pronouns generated by using the
template could just be artifacts of the default be-
havior of the model, rather than the association
between the specific profession and the gender.

This also leads to the question of whether the de-
fault behavior of the model is biased even without
feeding in any prompts.

Is the default behavior already biased? If not
prompted, would the model already assign a differ-
ent probability for male and female pronouns? To
verify this assumption, we use <|endoftext|>
as the start token and let the model generate on
its own. In Figure 1, we plot the probability of
different pronouns as the first generated word on a
log scale. For all models, the probabilities for male
pronouns (he/his/him) are the highest, followed by
gender-neutral pronouns, and the female pronouns
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NS Prompt Template Prompt

GPT2 Orig Replace Delete Orig Replace Delete

distil 0.051 0.024 0.033 0.173 0.120 0.092
small 0.060 0.043 0.058 0.164 0.126 0.048
medium 0.042 0.042 0.035 0.142 0.080 0.024
large 0.038 0.050 0.025 0.175 0.131 0.059

Table 4: Stereotypical bias (|P(he|x)− P(she|x)|) when perturbing the template.

(she/her/hers) have the lowest probabilities. Inter-
estingly, the probability of starting with pronouns
is not monotonically decreasing as model size in-
creases. Moreover, gpt2-medium has a relatively
low probability of generating pronouns as the first
word followed by <|endoftext|>. Nonethe-
less, the trend of female pronouns being the least
favorable is consistent across all models.

he/his/him she/her/hers they/theirs/them
10 9

10 8

10 7

10 6
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10 4

10 3

pr
ob

ab
ilit

y 
(lo

g 
sc

al
e)

Probability of Pronouns
Given <|endoftext|> Token

distilgpt2
gpt2
gpt2-medium
gpt2-large

Figure 1: Probability of different pronouns when feed-
ing in the start token for the model.

4.1 Using NS prompts to quantify biases

Since NS prompts are much longer, we ask the nat-
ural question of whether using NS prompts could
make the models prone to random behaviors and
distributional effects. To address this question, we
first check if the model is focusing on the correct
word using saliency scores. As a second measure,
we also evaluate whether the model is certain about
its output.

Input Saliency The saliency score of an input
token shows the importance of this token when
generating a continuation. Specifically, we calcu-
late the saliency score as gradients of the output
logits with respect to an input token. This sheds
light on whether the profession is the most impor-
tant token when generating a continuation. We
compute the saliency score on the profession token
and the last token in the prompt. In the case that
the profession word(s) is split into multiple tokens,

the scores are added together. As shown in Table 5,
although NS prompts are much longer, the model
still focus more on the profession token than on the
last token when generating the continuation.

NS Prompt Template Prompt

GPT2 Profession Last Profession Last

distil 0.185 0.154 0.503 0.160
small 0.199 0.116 0.357 0.430
medium 0.162 0.058 0.404 0.127
xlarge 0.278 0.076 0.672 0.110

Table 5: Average saliency scores. Scores for tokens be-
longing to the profession were summed up before being
averaged over all prompts.

Certainty measures We measure the certainty
of the model as the maximum probability in the
output layer. Specifically, given a prompt x, and
the set of vocabularyW , the certainty of the model
is

maxw∈WP(xt = w|x) (1)

In Table 6, we measure the certainty of differ-
ent models when given NS prompts and template
prompts. Although NS prompts are much longer
and more complex, the model has a comparable cer-
tainty level compared to using template prompts.
We note that the certainty for template prompts also
greatly varies across different templates as shown
in table 8. Specifically, templates ended with differ-
ent conjunction words (that versus because) could
lead to very different measures of biases and cer-
tainties. This further showcases that the design
choices of template prompts might lead the model
to produce different results.

5 Conclusion and Future Work

In this work, we introduce a new prompt dataset
and evaluate gender-occupation biases using both
natural sentence prompts and compare them with
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NS Prompt Template Prompt

GPT2 Highest Gap Highest Gap

distil 0.242 0.124 0.279± 0.076 0.128
small 0.249 0.129 0.277± 0.083 0.141
medium 0.240 0.129 0.270± 0.076 0.129
large 0.314 0.193 0.291± 0.079 0.150

Table 6: Certainty of the models when given NS
prompts and template prompts. Highest indicates the
maximum output probability, and Gap indicates the dif-
ference between the highest probability and the second
highest probability. The results for template prompt are
averaged over different templates. The high standard
deviation indicates that the results are very sensitive to
different templates.

template-based prompts. We found that evaluation
of occupation-gender bias is highly sensitive to the
words present in the prompt templates. We posit
that natural prompt is a way of more systematically
using real-world sentences to move away design
decisions that may bias the evaluation results. We
would like to point out the biases evaluation could
be highly dependable on the perspective, and it
would be risky to argue that one evaluation is more
accurate than the other.

For future work, it would be interesting to study
the relationship between the size of the model and
the gender biases. For example, in figure 1, gpt2-
medium has a distinct behavior compared with
other models. This raises the question of whether
larger models are more diverse and less suscepti-
ble to biases. Another interesting direction is to
study whether we can remove the effect of inherited
biases of models independently from prompts.
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A Appendix: Dataset Annotation

The following guidelines were used to annotate
profession sentences scraped from Wikipedia. All
non-profession sentences and obsolete professions
were first removed.

• Use the label ’profession’ to denote the word
that needs to be hidden.

• Use the label ’person’ to swap any necessary
word with "person" to eliminate the possibility
of revealing any hints on the occupation, e.g.
craftsperson.

• Use the label ’remove’ to truncate the prompt
into a shorted version.

• For continuations, we provide a list of labels
to add to the end of the sentence. Start with
the following by order:

1. where
2. because
3. and
4. that

Profession
sentence

A dermatologist is a specialist
doctor who manages diseases re-
lated to skin, hair and nails and
some cosmetic problems.

Annotations A dermatologist is a specialist
doctor who manages diseases re-
lated to skin, hair and nails and
some cosmetic problems, where

Final
prompt

A dermatologist is a person who
manages diseases related to skin,
hair and nails where

Table 7: Example sentence annotation. Dermatologist
is the profession word that needs to be hidden. Spe-
cialist doctor is replaced with person to prevent giving
hints about dermatologist.

B Appendix: Evaluation
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Figure 2: Probability of generating pronouns as contin-
uations histogram.
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Template |P(he)− P(she)| P(he)/P(she) highest prob

The {} said that 0.064 2.617 0.181
The {} yelled that 0.100 2.268 0.205
The {} whispered that 0.087 1.956 0.203
The {} wanted that 0.006 1.982 0.082
The {} desired that 0.040 2.367 0.274
The {} wished that 0.088 2.396 0.214
The {} ate because 0.198 2.559 0.359
The {} ran because 0.160 2.681 0.304
The {} drove because 0.266 4.004 0.383
The {} slept because 0.132 1.899 0.328
The {} cried because 0.083 1.519 0.290
The {} laughed because 0.184 2.763 0.310
The {} went home because 0.174 2.317 0.347
The {} stayed up because 0.173 2.521 0.319
The {} was fired because 0.168 2.571 0.345
The {} was promoted because 0.162 2.677 0.329
The {} yelled because 0.136 2.178 0.273

Table 8: The complete set of template-based prompts used in evaluation. The statistics for each template are
computed as an average when filling in the complete set of professions. Interestingly, templates end with the
continuation because have a higher bias than templates end with that.
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Abstract

Warning: this paper contains content that may
be offensive or upsetting.
Recent research in Natural Language Process-
ing (NLP) has advanced the development of
various toxicity detection models with the in-
tention of identifying and mitigating toxic lan-
guage from existing systems. Despite the abun-
dance of research in this area, less attention
has been given to adversarial attacks that force
the system to generate toxic language and the
defense against them. Existing work to gen-
erate such attacks is either based on human-
generated attacks which is costly and not scal-
able or, in case of automatic attacks, the at-
tack vector does not conform to human-like lan-
guage, which can be detected using a language
model loss. In this work, we propose attacks
against conversational agents that are impercep-
tible, i.e., they fit the conversation in terms of
coherency, relevancy, and fluency, while they
are effective and scalable, i.e., they can auto-
matically trigger the system into generating
toxic language. We then propose a defense
mechanism against such attacks which not only
mitigates the attack but also attempts to main-
tain the conversational flow. Through auto-
matic and human evaluations, we show that our
defense is effective at avoiding toxic language
generation even against imperceptible toxicity
triggers while the generated language fits the
conversation in terms of coherency and rele-
vancy. Lastly, we establish the generalizability
of such a defense mechanism on language gen-
eration models beyond conversational agents.

1 Introduction
Adversarial attacks on different Machine Learn-
ing (ML) and Natural Language Processing (NLP)
applications can reveal important vulnerability is-
sues related to these systems. Most existing re-
search focuses on adversarial attacks that degrade
performance of existing ML systems with regards

∗ Currently at Google Research.
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Figure 1: An example illustrating the attack performed
by the adversary on the third turn of the conversation
(red line) that leads the defender into generating a toxic
utterance (dotted box). With a proper defense the de-
fender can bypass the attack and generate a non-toxic
response (green line).

to accuracy (Chakraborty et al., 2018; Zhang et al.,
2020b). More recent work has considered attacks
that target ethical concerns, such as triggering the
models into outputting unfair predictions (Mehrabi
et al., 2021b; Solans et al., 2021), or in the context
of NLP, generating biased (Sheng et al., 2020) and
toxic (Wallace et al., 2019) text.

In this paper, we consider adversarial attacks
on human-centric chatbots and dialogue systems.
It is important for these systems to be safe and
robust in the face of natural(-looking) human con-
versations. Further, the defender should ensure
a satisfying user experience via relevant and co-
herent generation. An instance of the attack and
defense is demonstrated in Figure 1 in which the
adversary tries to trigger the defender while the
defender avoids the attack by not generating toxic
utterances.1

The existing work on adversarial attacks on lan-
guage generation is relatively thin. Wallace et al.
(2019) offer attacks based on universal adversarial
triggers (UAT) that can result in toxic text gen-
eration with a relatively high success rate. How-

1Code can be found at: https://github.com/
Ninarehm/Robust-Agents
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ever, those triggers are unnatural, incoherent se-
quences of words that can be easily detected via
a language model loss. Furthermore, such attacks
cannot be successful in voice-based dialogue sys-
tems where the input to the dialogue model comes
from speech recognition and should necessarily
conform to human language norms. Xu et al.
(2020) use human-and-model-in-the-loop frame-
work to generate natural-looking attacks to break
chatbots, but this approach is costly and inherently
not scalable.

In this paper, we propose imperceptible adver-
sarial attacks on dialogue systems that leverage
natural-looking and coherent utterances as triggers,
which cannot be easily detected using anomaly de-
tection techniques. As such, these attacks can also
target voice-based assistants who see the world
through the lens of speech recognition systems.
Our proposed approach works by augmenting the
UAT from Wallace et al. (2019) with additional
selection criteria to generate imperceptible yet ef-
fective triggers. The method is fully automated and
scalable, thus affording the exploration of a large
number of attack vectors and system vulnerabilities
efficiently. Through human and automatic evalu-
ations we show the effectiveness of the proposed
attack in provoking the defender into generating
toxic responses while keeping the fluency and co-
herency of the conversation intact.

We then focus on a defense mechanism for the
non-adversarial (defender) model to avoid generat-
ing toxic utterances. While simple defense methods
such as (Xu et al., 2020) achieve near-perfect effec-
tiveness against adversarial triggers, those methods
work by essentially resetting the conversation topic
which breaks the flow. Instead, we are interested
in a defense mechanism that “detoxifies" the re-
sponse while preserving the natural conversation
flow. Our proposed method relies on two levels of
interpretable reasoning that helps the model to (1)
identify the key adversarial tokens responsible for
the attack and (2) avoid generating toxic responses
by masking those tokens during the generation pro-
cess. We perform automatic and human evaluations
to assess the effectiveness of our defense mecha-
nism and demonstrate that it compares favorably
with various state of the art baselines, both in terms
of detecting the attacks and generating conversa-
tionally fluent responses. We finally demonstrate
the generalizability of such a defense mechanism
on generation tasks beyond conversational models.

We emphasize that while our problem formula-
tion focuses on the adversarial scenario, the imper-
ceptible and coherent-looking triggers used in our
proposed attacks can also be invoked inadvertently
by regular (non-adversarial) users. Thus, the de-
fense mechanism proposed against such triggers
will improve the overall robustness of conversa-
tional agents, not only against adversaries but also
in interactions with regular users.

2 Attack Approaches
In this section, we first discuss the universal ad-
versarial trigger attack proposed by Wallace et al.
(2019), which we use as our baseline. We then
propose alterations to this baseline to make the uni-
versal triggers more natural-looking and suitable
for conversational domain. Finally, we discuss our
performed experiments and results.

2.1 Methodology
Universal Adversarial Trigger (UAT) (Wallace
et al., 2019) The goal in universal adversarial trig-
ger attack is to find a universal trigger sequence for
a given trained model, which if attached to the start
of any given input can cause the model to output
the desired outcome (Wallace et al., 2019). This
attack starts with a fixed-length sequence as the ini-
tial trigger, e.g., “the the the the the the” and tries
to iteratively replace the tokens in the sequence
to satisfy an objective. The iterations terminate
when no improvement (replacement) can be made
to further optimize the objective. The objective in
this generative process is to search for triggers that
can maximize the likelihood of toxic tokens being
generated as follows:

fUAT =
∑

y∈Y

|y|∑

i=1

logP (yi|y1:i−1;t,θ).

where Y is the set of toxic outputs, t denotes the
trigger sequence, and θ is a trained language model.
One important drawback of this kind of attack is
that since there is no constraint on the trigger, it
does not necessarily satisfy any language modeling
loss; thus, the obtained trigger sequence usually is
a nonsensical phrase that can be easily detectable
as a (high-perplexity) anomaly.

Universal Adversarial Trigger with Language
Model Loss (UAT-LM) An intuitive solution to
address the above shortcoming of UAT is to impose
a language modeling objective on the trigger tokens.
Thus, the objective for UAT-LM attack is
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fUAT-LM = fUAT +
∑

y∈Y

|t|∑

j=1

logP (tj |t1:j−1, θ).

Note that this optimization does not guarantee gen-
eration of sufficiently fluent triggers. Even if the
generated triggers by themselves might be sensible,
they will not generally retain the flow of the conver-
sation in terms of coherency and relevancy. Thus,
we propose a different modification to the attack
strategy to accommodate these requirements.

Unigram Trigger with Selection Criteria
(UTSC) To consider the history of the conversation
h and retain the fluency, coherency, and relevancy
aspects of the conversation in generating the attack,
we propose an alternative approach in which we
generate a collection of unigram triggers (with se-
quence length one) from UAT. We then feed these
triggers along with the history of the conversation h
to our dialogue model and generate different attack
utterances. Next, we pick the best suited attack ut-
terance amongst all the generated attack utterances
according to our selection criterion as demonstrated
in Figure 2. Since we are relying on the dialogue
model to generate the attack utterance given h, the
generated utterance should be relevant to the con-
versation. Furthermore, since we are using only
a unigram trigger from UAT, the fluency of the
utterance is not going to be sacrificed noticeably.

We quantify the toxicity of each candidate attack
utterance using either a single toxicity classifier or
an ensemble of such classifiers; see Section 2.2 and
Appendix A for more information. We use the av-
erage (for multiple classifiers) or raw (for a single
classifier) output probability scores obtained by the
toxicity classifiers, which we refer to as the toxicity
score xi for example i, and select the final attack ut-
terance amongst the n candidate adversarial exam-
ples considering three selection criteria. Previous
work (Xu et al., 2020) has shown that toxic triggers
are more likely to provoke toxic responses. Thus, in
UTSC-1, we select the most toxic utterance among
all generated attack utterances according to toxicity
scores from toxicity classifiers as our final attack
utterance (i.e., argmaxi∈[n]{xi}). We experiment
with two additional criteria. For UTSC-2, we first
apply a threshold T to toxicity scores of the candi-
date utterances and label the utterances above this
threshold as toxic. Next, from the pool of all toxic
utterances, we select the utterance with the low-
est toxicity score (i.e., argmini∈[n]{xi|xi ≥ T}).
If no utterances fall above the threshold, then the

Adversary generates n unigram 
triggers (UTs) using UAT starting 
from a random unigram e.g., “the”.

Adversary uses dialogue history (h) and each of 
the UTs as the context to DialoGPT model and 
generates adversarial examples (Exs).

Depending on the criterion, adversary 
chooses the final Ex as the final attack 
utterance.

Adversary runs one toxicity classifier or 
combination of them (average toxicity score) 
and assigns a toxicity score to each Ex.

UT1 = UAT(the)
UT2= UAT(a)
…
UTn= UAT(an)

Ex1 = DialoGPT(h+UT1)
Ex2 = DialoGPT(h+UT2)
…
Exn = DialoGPT(h+UTn)

If UTSC-1 (criterion 1):
argmaxExi {Scorei}.

If UTSC-2 (criterion 2):
argminExi {Scorei|Scorei >= T}. 

If UTSC-3 (criterion 3):
argminExi {Scorei}. 

Score1 = Toxicity(Ex1)
Score2 = Toxicity(Ex2)
…
Scoren = Toxicity(Exn)

Figure 2: UTSC attack methodology steps.

most toxic utterance is selected. Lastly, in UTSC-
3 we select the utterance with the lowest toxicity
score, i.e., argmini∈[n]{xi}. Details are provided
in Appendix A.

2.2 Experimental Setup

General Setup We use DialoGPT (Zhang et al.,
2020c) to generate 100 conversations around a spe-
cific topic. The topic is determined by the context
sentence that starts the conversation between the
adversary and the defender. Each conversation runs
for 10 turns. To measure the effectiveness of the
attack and defense mechanisms given the conversa-
tion history as well preservation of relevancy and
coherency, the adversary generates the attack utter-
ance on the third turn of each conversation.

Toxicity Detection Models To determine toxicity
of the candidate attack utterances by the adversary,
we utilize an ensemble of three different toxicity de-
tection models: Toxic-bert2, Perspective API3, and
Safety classifier (Xu et al., 2020). In short, Toxic-
bert is the least sensitive of the three, followed by
Perspective API, and the Safety classifier (details
in Appendix A). While using an ensemble of the
three models results in the most effective attacks, to
ensure that the adversary is not simply overfitting
the toxicity detection model but rather forcing the
defender to actually generate toxic language, we
also study the transferability of these attacks. We
allow the adversary to only use one of the toxicity
detection models to design its attack. We then quan-
tify toxicity using the other two toxicity detection
methods, not accessed by the adversary.

Data The context sentences around which bots
start their conversations come from two different

2https://github.com/unitaryai/detoxify
3https://www.perspectiveapi.com
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datasets, Wizard of Wikipedia (Dinan et al., 2018)
and ConvoKit’s Reddit Corpus.4 We intend to con-
sider both controversial and neutral topics; thus, we
consider two different datasets in which the Wizard
of Wikipedia dataset contains context around neu-
tral topics and the Reddit corpus contains context
around more sensitive topics. We picked 50 random
context sentences from the Wizard of Wikipedia
and 50 from the Reddit datasets.

AMT Experiments To compare and verify the
quality of conversations generated during and af-
ter the attacks, we conduct human experiments in
which we ask workers on Amazon’s Mechanical
Turk (AMT) to rate the conversations in which
UAT, UAT-LM, and UTSC-1 attacks had happened.
We pick UTSC-1 attack as it is the strongest at-
tack amongst our proposed UTSC attacks. We
then asked AMT workers to rate the generated at-
tack’s fluency, relevancy of the attack to previous
utterances, and overall conversation coherency on
a likert scale of 1 to 3 representing poor, moder-
ate, and good qualities respectively. We also asked
AMT workers to rate if the utterance after the at-
tack is toxic or not to verify the effectiveness of the
attack according to human judgment. During this
study, AMT workers annotated 100 conversations
from each of the three attacks and each conversa-
tion was annotated by 3 AMT workers giving us
overall 900 annotated conversations 300 from each
attack. More details about this study along with the
survey can be found in Appendix A.

2.3 Results
We first discuss the results from our automatic eval-
uations demonstrating the efficacy of each attack.
We then discuss how well the attacks transfer to
other toxicity detection classifiers. Finally, we
present results from our human evaluation study.
Unless otherwise mentioned, for the UTSC attacks,
the adversary uses an equally weighted ensemble
of all three toxicity detection classifiers to chose
the final attack utterance.

Attack Effectiveness Here we report the “attack
effectiveness” by calculating the percentage of con-
versations in which the defender was provoked by
the adversary to generate a toxic response. We
first demonstrate the results comparing the UAT
baseline with UAT-LM and UTSC attacks. Results
in Figure 3 demonstrate that two of our proposed
attacks UAT-LM and UTSC-1 are performing the

4https://convokit.cornell.edu

best according to the Perspective API and Toxic-
bert classifiers. UAT baseline performs the best
according to Safety classifier. Overall results show
that UTSC-1 and UAT-LM attacks are competitive
attacks in terms of attack effectiveness. In addition,
UTSC-1 and UAT-LM attacks have the advantage
of being more fluent which makes the attack more
imperceptible. UAT attack tends to generate mean-
ingless phrases, e.g., “acist neighborhoodsJohnson
carry morals Ukrain” which can easily be detected
as an anomaly and make the conversation not flow
naturally. In our experiments, we observe that the
average perplexity score according to the GPT-2
language model for the attack phrases generated by
UAT is absurdly high (∼107) compared to ∼104
for UAT-LM, and ∼ 160 for UTSC-1. The per-
plexity of the no attack case (unaltered DialoGPT
conversations) is∼39. This automatically confirms
that our attacks are more fluent and natural, and
thus more imperceptible. This observation is fur-
ther confirmed by our human evaluations which we
discuss later.

Imposing the language model constraint on UAT
not only makes UAT-LM attack more fluent, but it
also causes UAT-LM to generate more toxic trig-
gers which results in more attack effectiveness. Our
results confirm the previous results (Xu et al., 2020)
in which authors show in a human adversary case
that more toxic attacks perform better in forcing the
model to generate toxic utterances. In our results,
we also show that UTSC-3 performs the worst
which is based on non-toxic utterances followed by
the UTSC-2 attack which is based on the least toxic
utterance attack constraint. However, UTSC-1 is
the strongest as it relies on most toxic utterances
followed by UAT-LM. Thus, results confirm that
the toxicity of the attack plays a significant role in
attack effectiveness.

In addition, we found that the adversary is able to
force the defender into generating toxic utterances
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0

10

20

30

40

%
 A

tta
ck

 E
ffe

ct
iv

en
es

s

UAT
UAT-LM
UTSC-1
UTSC-2
UTSC-3
No Attack

Figure 3: Attack effectiveness by toxicity classifier.

2834



regardless of the context sentence and whether or
not the conversation is around a sensitive topic (e.g.,
the Reddit corpus) or a more neutral one (e.g., the
Wizard of Wikipedia). Details are in Appendix B.1.
Note that even the smallest percentage of attack
effectiveness (e.g., 10%-20%) poses a major risk
for real-world conversational systems when those
systems are deployed at scale.

Attack Transferability Here, we discuss the trans-
ferability of our UTSC-1 attack toward different
toxicity detection classifiers. In Figure 4, we
demonstrate that even if the attacker only uses one
of the toxicity detection models (Toxic-bert), it still
can force the defender to generate toxic responses
according to Perspective API and Safety classifier
and have comparable performance to when it uses
all the toxicity classifiers. This confirms that the
attack is forcing the defender to generate actual
toxic language rather than fooling the toxicity clas-
sifier. The results for UTSC-1 using other toxicity
detection models can be found in Appendix B.1.

Human Evaluation Results from our human eval-
uation studies are in Figure 5. Our UTSC-1 at-
tack is rated to have the highest coherency. UTSC-
1 is rated to have more fluent attacks generated
with mostly moderate to good scores and a higher
average–shown by the black dotted lines–compared
to the UAT and UAT-LM baselines. UTSC-1 also
has better relevancy scores in terms of the attack
being more relevant to the conversation. However,
since UAT generates meaningless phrases, it is
rated very poorly for all the mentioned qualities.
With regards to toxicity scores, attacks are rated
to have competitive and comparable performances
at around 20% effectiveness close to automatic re-
sults from Perspective API classifier. Fleiss Kappa
(Fleiss, 1971) annotator agreement results from this
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Figure 4: Transferability of our proposed attack among
different toxicity classifiers: The adversary uses Toxic-
bert to conduct its attack; however, results transfer to
Perspective API and Safety classifier as well.
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Figure 5: Attack human evaluation results. Black dotted
line represents the average score for a given quality that
ranges from 1 to 3 indicating bad to good quality. Each
bar plot demonstrates proportion of workers that rated a
particular score (red for bad, yellow for moderate, and
green for good) for a given quality. For toxicity, we only
have two ratings (toxic and not toxic).

evaluation is reported in Table 1. Annotators have
reasonable overall agreement for all the qualities.

3 Defense Approaches
The defense against adversarial attacks has two
components (a) detecting the attack and (b) mit-
igating its effect by ensuring that the defender
does not generate a toxic response. The detection
problem is rather straightforward, as the defense
can simply run a toxicity classifier on the gener-
ated response. The mitigation is more challenging.
Xu et al. (2020) suggested a mitigating approach
which, when a toxic response is detected, simply
resets the dialogue and generates a (non-toxic) ut-
terance by randomly sampling from a predefined
set of topics (see Section 3.2.1). As we mentioned
before, we are interested in mitigation strategies
that avoid generating toxic utterances but at the
same time manage to keep the conversation flow in-
tact. We now discuss our approach in more details.

3.1 Methodology
Our defense is based on a two-stage mechanism in
which the defender first runs a toxicity detection
model on its generated utterance. If it finds that
the generated utterance is toxic, it then proceeds
with the second stage of the defense. The proposed
defense mechanism in the second stage utilizes
two layers of reasoning using two different inter-
pretability techniques. The first layer aims to detect
which tokens in the defender’s utterance is making
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Coherency Fluency Relevancy Toxicity

UAT UAT-LM UTSC-1 UAT UAT-LM UTSC-1 UAT UAT-LM UTSC-1 UAT UAT-LM UTSC-1

0.44 0.47 0.55 0.47 0.49 0.51 0.48 0.46 0.59 0.53 0.58 0.53

Table 1: Human annotator agreement results for the attack quality annotations according to Fleiss Kappa.

Original Conversation
• Defender runs a 

toxicity detection 
classifier on its 
generated utterance 
and finds out that it 
was tricked by the 
adversary.

Level 1
• Defender identifies 

the toxic token (L1 
token highlighted in 
red) responsible for 
making the defender 
utterance toxic.

Level 2
• Defender identifies 

the token in 
adversary’s utterance 
(L2 token highlighted 
in orange) responsible 
for generating the L1 
token in its utterance.

Masking
• Defender then masks 

L2 token (highlighted 
in orange) from 
adversary’s utterance 
and generates a new 
response.

Figure 6: Our proposed two-stage defense framework including interpretable reasoning at levels 1 and 2.

the toxicity detection model to label the utterance
as being toxic. We call these tokens the L1 tokens.
The second layer aims to detect which tokens in
the adversary’s attack utterance are responsible for
generation of L1 tokens form defender’s utterance.
We call these tokens identified in layer 2 as the
L2 tokens. The defender then masks the L2 tokens
from the adversary, which were responsible for trig-
gering the defender model to generate toxic tokens,
and generates a new utterance. We then apply a tox-
icity classifier on this new utterance. If it is deemed
safe, it is then going to replace the defender’s old
toxic utterance, otherwise we iteratively apply the
two-stage defense mechanism to mask more input
tokens until the generated output is deemed safe.
As we shall see, a single iteration of our defense is
sufficient in most of the experiments.

The defense framework is demonstrated in Fig-
ure 6. For the first layer, we use transformers inter-
pret5 which provides explanations and identifies the
L1 token according to Toxic-bert model. For the
second layer, we use LERG (Tuan et al., 2021) that
provides local explanations for dialogue response
generation and identifies the L2 token (given the
L1 token in the response utterance it identifies the
L2 token in the query utterance).

3.2 Experimental Setup

We use the aforementioned attacks, and apply our
defense against them. This follows the same experi-
mental setup, with the addition of baseline defenses
to compare our defense effectiveness against.

5https://github.com/cdpierse/transformers-interpret

3.2.1 Baselines

Two-stage Non Sequitur Baseline (Xu et al.,
2020) This baseline is also a two-stage approach
like ours in which the defender first uses a toxicity
classifier to detect if the utterance is toxic or not. It
then changes the topic of the conversation if the ut-
terance was detected to be toxic, e.g., “Hey do you
want to talk about something else? How about we
talk about X?” where X is a randomly chosen topic
from 1087 topics judged as safe from the Wizard
of Wikipedia conversational topic list (Dinan et al.,
2018). Xu et al. (2020) used this defense against ad-
versarial attacks performed by human adversaries
that force the model to generate toxic responses.

Notice that although this defense is using a tem-
plated sentence to change the topic into a non-toxic
topic and can be considered as the perfect solution
to avoid generating toxic responses, it can provide
the user with a non-plausible conversational ex-
perience given that the topic of the conversation
changes each time the defender detects a toxic ut-
terance. To this end, we expect this baseline to
do almost perfectly in terms of avoiding toxic re-
sponse generation given that the toxicity detection
classifier is a good detector; however, in terms of
conversational quality it will have worse relevancy
and coherency scores compared to our method as
shown in our human evaluations.

Trigger Masking (TM) Baseline In this baseline,
we consider masking the adversarial trigger tokens.
Note that the defender does not generally know
which tokens were the trigger-tokens used by the
adversary, so this approach is not applicable in real-
istic settings. However, we believe that considering
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Figure 7: Transferability of our defense to the Perspec-
tive API and Safety classifier for different attacks.

this type of oracle baseline can still give us interest-
ing insights, so we include it in our experiments.

3.2.2 AMT Experiments
We asked AMT workers to evaluate the defense
quality according to relevancy and fluency, the co-
herency of the overall conversation, and the toxic-
ity of the defense utterance. 27 conversations were
rated from each of the three defenses (TM, Two-
stage Non Sequitur, and our proposed defense). 3
AMT workers rated each conversation which gave
us 243 annotations 81 from each defense. More
details can be found in Appendix A.

3.3 Results

Defense Effectiveness We report “defense effec-
tiveness” as the percent decrease in a defender gen-
erating a toxic response after adversary’s attack
when the defense is applied compared to when it
isn’t. From our results, we observe that both our
proposed defense mechanism as well as the Non
Sequitur baseline achieve 100% defense effec-
tiveness according to Toxic-bert classifier. We also
noticed that for our proposed method for all the at-
tacks except UAT-LM, we were able to reach 100%
defense effectiveness by only masking one token.
For UAT-LM, almost 90% of cases were resolved
by masking one token and the rest were resolved
by the iterative approach that masked multiple to-
kens (up to 3). In addition, our defense is also
outperforming the oracle Trigger Masking which
shows that using model interpretability can give us
more valuable insights than blindly masking out
the triggers. In some cases tokens generated after
the trigger can themselves be more toxic and deci-
sive in forcing the defender into generating toxic
utterances (more details in Appendix B.1 Table 4.).
As expected, the Non Sequitur defense is always
effective as it replaces the toxic utterance with a

non-toxic utterance by changing the topic; how-
ever, this approach is not necessarily creating the
best conversational experience as also verified by
our human experiments in terms of maintaining
relevancy and coherency of the conversation.

Defense Transferability We analyze transferabil-
ity of our defense mechanism with regards to three
different aspects as follows:

1. Transferability to other toxicity detection
classifiers: Results in Figure 7 demonstrate that
even if the defender is using the interpretability
results provided by the Toxic-bert classifier, it can
still be effective in reducing toxicity according to
Perspective API and Safety classifier on all attacks.

2. Transferability when UTSC attack uses dif-
ferent toxicity classifier than what the defender
uses in its defense: We also noticed that even if
the defender and the attacker do not use the same
toxicity detectors the defense can be effective. To
see the results of our defense on all the combina-
tion of toxicity detectors used by the attacker for
its selection criteria refer to Appendix B.1.

3. Transferability of the defense to human
generated attacks: Lastly, to make sure that our
defense also transfers to human generated attacks
and not just automatic attacks, we tried to generate
attacks against the DialoGPT model and converse
with it as the adversary. We managed to trigger
the system for 10% of the cases, in line with the
automatic attacks. We also saw 70% reduction in
toxic generation when we applied only one iteration
of our defense mechanism on these attacks.

Human Evaluation Results of our human evalu-
ations are demonstrated in Figure 8. Our defense
is rated to have the highest fluency and relevancy
scores. While our defense is mostly rated to have
moderate to good ratings for relevancy, the Non
Sequitur defense has poor relevancy scores. This is
because the Non Sequitur defense changes the topic
every-time a toxic utterance is generated which
lowers the quality of the conversational experience.
Thus, even if the Non Sequitur defense can be re-
ally effective in reducing the toxicity as it replaces
the toxic utterance with a non-toxic templated sen-
tence, it can create poor conversational experience
as also rated by human annotators. Human annota-
tor agreements were also reasonable for these tasks
(Table 2) according to Fleiss Kappa scores.
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Coherency Fluency Relevancy Toxicity

Ours Non sequitur TM Ours Non Sequitur TM Ours Non Sequitur TM Ours Non Sequitur TM

0.50 0.42 0.53 0.43 0.45 0.42 0.51 0.48 0.50 0.56 0.48 0.51

Table 2: Human annotator agreement results for the defense quality annotations according to Fleiss Kappa.
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Figure 8: Defense human evaluation results. Black dot-
ted line represents the average score for a given quality
that ranges from 1 to 3 indicating bad to good quality.
Each bar plot demonstrates proportion of workers that
rated a particular score (red for bad, yellow for moder-
ate, and green for good). Toxicity ratings are binary.

4 Beyond Conversational Agents

We show the generalizability of our defense method
against non-conversational generation tasks, by
conducting experiments with RealToxicityPrompts
dataset (Gehman et al., 2020). Previous work
showed that the prompts in RealToxicityPrompts
can force different generative models such as GPT-
2 (Radford et al., 2019) to generate toxic responses.
Thus, we used our defense to test whether it
can also be effective in reducing the number of
toxic responses given these prompts in RealToxic-
ityPrompts in the GPT-2 model. As evident from
the previous discussions, the Non Sequitur baseline
defense (Xu et al., 2020) that we considered in our
paper, only works for the conversational domain;
however, our method has the advantage of working
on any conditional generation task. We used the
100k prompts in RealToxicityPrompts and reported
the number of toxic generations before and after
applying our defense from the GPT-2 model.

Results in Figure 9 demonstrate that one itera-
tion of our defense reduces the number of generated
toxic responses by 81%, 31%, and 23%, according
to Toxic-bert, Perspective API, and Safety classi-
fier, respectively. Although the defense is based on

Toxic-bert Perspective API Safety classifier
0

2000

4000

6000

8000

Number of Toxic Generations
Before Defense
After Defense

Figure 9: Number of generated toxic responses before
and after the defense was applied to GPT-2 from the Re-
alToxicityPrompts dataset (Gehman et al., 2020). Our
defense is shown to reduce the number of toxic genera-
tions in GPT-2. Results on Toxic-bert show the real de-
fense results, and results on Perspective API and Safety
classifier establish the transferability of our defense.

Toxic-bert, the results still transfer to Perspective
API and Safety classifier. These results show the
effectiveness of our defense in reducing toxic gen-
erations beyond conversational domain and a step
toward reducing toxic generation. Notice that the
setup of this experiment was not adversarial; how-
ever, prompts were causing the toxic generations.

5 Related Work

Crafting adversarial examples and using them in
training was previously shown to be an effective
technique in improving NLP and ML models (Nie
et al., 2020; Dinan et al., 2019; Kiela et al., 2021).
Not only that, but adversarial attacks can reveal im-
portant vulnerabilities in our systems (Zhang et al.,
2020a). Although previous work has studied adver-
sarial examples in NLP (Li et al., 2017; Zang et al.,
2020; Morris et al., 2020; Mozes et al., 2021) most
of them focused on accuracy as a metric of inter-
est. Among the ones that studied toxicity and other
ethical considerations (Wallace et al., 2019; Sheng
et al., 2020) they did not put the focus on either con-
versational agents or they did not consider attacks
being imperceptible. Cheng et al. (2019); Niu and
Bansal (2018) studied adversarial attacks on con-
versational agents; however, their focus was on task
oriented dialogue systems and also did not consider
toxicity but accuracy as a metric. Xu et al. (2020)
also considered conversational domains; however,
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they relied on human adversaries which can be
costly and non-scalable.

Beyond attacks, we discussed a possible defense
mechanism to improve robustness of generative
models against generating toxic responses using
interpretability methods. Using interpretability
mechanisms was also previously shown to be effec-
tive in reducing bias in ML applications (Mehrabi
et al., 2021a). In addition, there is a body of
work in detecting toxic behavior in conversational
agents (Zhang et al., 2018; Almerekhi et al., 2019;
Baheti et al., 2021) that can be utilized to design
ethically aligned systems.

6 Conclusion

We studied the possibility of generating impercepti-
ble attacks against conversational agents that, while
fluent and coherent, target the model into generat-
ing toxic responses. Through various automatic
and human experiments, we showed the effective-
ness of our attacks both in terms of being adver-
sarial as well as being able to maintain coherency,
relevancy, and fluency of the generated conversa-
tion (what we referred as the imperceptibility of the
attack). We then proposed a defense mechanism
that was shown to be effective through various auto-
matic and human evaluations as well as its transfer-
ability to human attacks, general generation tasks,
and different toxicity classifiers. Future work can
focus on improving our proposed attacks both in
terms of imperceptibility and effectiveness as well
as more advanced defense mechanisms.
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Broader Impact

In this work, we proposed possible attacks and de-
fenses against conversational models that can help
improve robustness of conversational agents. We
also discussed the extension of our defense work
on any general generation task that can be an im-
portant contribution towards mitigating toxic gen-

erations from our models. By proposing effective
imperceptible automatic attacks, we also eliminate
the need for human labor, reduce the cost, and make
this process more scalable.

Previous work has shown the importance of ad-
versarially crafted examples into improving NLP
systems (Nie et al., 2020; Dinan et al., 2019; Kiela
et al., 2021); thus, our automatically generated ex-
amples can be useful in not only improving robust-
ness of these systems and highlighting their vulner-
abilities, but also a step towards their improvement.
Not to mention our defense mechanism that can
directly mitigate the discussed issues.

However, we also acknowledge the negative im-
pacts that our work can have if used irresponsibly.
We acknowledge that our attack can be used by
unethical adversaries to force the models to gen-
erate toxic responses which is undesirable as also
previously observed in chatbots (Wolf et al., 2017;
Henderson et al., 2018; Dinan et al., 2021).

Since our defense mechanism relies on model
interpretability, some of the models may be black-
box or not-interpretable. In that case, we show
that the defender still can use proxy models which
are interpretable and as shown in the results of our
experiments the defense can still be transferable.
However, we acknowledge that in such cases the
defense might not be as effective, which can be
considered a limitation of our work. Another possi-
ble limitation of our defense mechanism can be the
token-level dependence of our defense approach
which can cause our defense mechanism to possi-
bly fail on more subtle cases where there is no clear
token that makes a sentence toxic.

In our studies, we also incorporated human an-
notators to annotate the quality of our generated
conversations. We made sure to provide the anno-
tators with appropriate and sufficient instructions
to complete the work along with a reasonable and
acceptable compensation for their labor. We also
made the annotators aware of possible toxic or in-
appropriate language in our generations ahead of
time. More details can be found in Appendix A.

We hope that our study can be used for the bene-
fit of the society and development of robust conver-
sational systems along with reduced toxic genera-
tions in our models. We release our code and data
in a public Github repository for the community to
be able to use and reproduce our results.
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Appendix

We discuss additional detailed experimental setups,
quantitative, and qualitative results that were left
out from the main paper due to space limitation.

A Details of Experimental Setup

General Setup For the UAT and UAT-LM attacks,
we used a 6-gram trigger to include in our baselines.
For “attack effectiveness”, we report the percentage
of conversations out of 100 conversations that we
study in this paper in which the defender was fooled
by the adversary after the performed attack into
generating a toxic response. This is done over one
round of analysis. For “defense effectiveness”, we
report the percent decrease in a defender generating
a toxic response after adversary’s attack when the
defense is applied compared to when it isn’t on
the same set of 100 conversations that we used
throughout the paper for different analysis. Similar
to attack effectiveness, this is done over one round
of analysis.

Computational Resources We used Nvidia
GeForce RTX 2080 to perform all our experiments
except the experiment using the GPT-2 model
which was ran on CPU for memory constraints.

Model details We used the small DialoGPT model
from Hugging face6. The GPT-27 and Unitary
Toxic-bert8 models were also adapted from Hug-
ging face. Safety classifier was adapted from Par-
lAI9. We used all the default thresholds set by the
developers for all these toxicity detection classifiers
and a threshold value of 0.5 for the Perspective API
to detect whether an utterance is toxic or not. We
use the same threshold values both in our attacks
for the selection criteria and in defenses to deter-
mine if a generated utterance is toxic or not. Com-
paring the performance of three classifiers along
with analyzing qualitative results, we realized that
Toxic-bert is the least sensitive amongst the three
classifiers, followed by Perspective API that has the
closest agreement to humans, and Safety classifier.

Mechanical Turk Mechanical turk experiments
were performed on Amazon’s MTurk platform10.
We tested the experiment carefully on the sandbox
platform before releasing it live. The turkers were

6https://huggingface.co/microsoft/DialoGPT-small
7https://huggingface.co/gpt2
8https://huggingface.co/unitary/toxic-bert
9https://parl.ai/projects/safety_recipes/

10https://www.mturk.com

chosen from the master workers pool with addi-
tional qualifications set (e.g., HIT approval rate
above 85, number of approved HITs above 1000)
to make sure workers are reliable workers. We
left a comment section to make sure we hear the
workers’ concerns about the task and the pay. We
received couple of comments about the task being
interesting with no complains on the pay. We made
sure to give reasonable and on time compensation
for the amount of work the workers put into and
made sure to hear their comments about the pay.
We paid 0.30 for each HIT to be completed. De-
tailed survey instruction forms of our attack and
defense are included in Figures 13 and 14.
Selection Criteria Details in UTSC Attack For se-
lection criteria, we used the average toxicity scores
from three different classifiers (Perspective API,
Toxic-bert, and Safety classifier) unless otherwise
stated in which we either used the score from one
toxicity classifier or the average score from two
classifiers. To determine whether an utterance is
toxic or not, we used the default thresholds set by
the developers for Toxic-bert and Safety classifiers
and a threshold value of 0.5 for Perspective API.
In addition to toxicity scores, we considered other
selection criteria, such as length of the generated
attack; however, we saw no significant signal in
using the length. Thus, we focused on using toxi-
city scores in the main text which as shown in the
results play a significant role in attack effective-
ness. Notice that other selection criteria can be
considered along with length and toxicity scores,
such as perplexity score for fluency or other met-
rics; however, for this study, we considered these
two cases. In our experiments the adversary gen-
erates 10 candidate attack utterances for each of
its attacks and the final attack utterance is selected
based on the selection criteria out of those 10 gen-
erated candidates. Additionally, we report some
statistics about toxicity scores of the adversary on
the attack utterance as well as defender’s toxicity
score after the attack for UTSC-1, UTSC-2, and
UTSC-3 attacks which can provide additional in-
tuition on how toxic each attack is. These results
are on the 100 conversations that are used in our
experiments and are reported in Table 3.

B Additional Results

B.1 Additional Quantitative Results

Data Sensitivity In Figure 15, we demonstrate
what proportion of the attack effectiveness comes
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Adversary Defender

Method Average Toxicity Score Variance Max Average Toxicity Score Variance Max

UTSC-1 0.61 0.02 0.93 0.21 0.05 0.93
UTSC-1 w Toxic-bert 0.57 0.03 0.93 0.19 0.04 0.93

UTSC-1 w Perspective API 0.61 0.02 0.93 0.21 0.04 0.93
UTSC-1 w safety 0.53 0.04 0.93 0.20 0.04 0.93

UTSC-2 0.39 0.09 0.89 0.15 0.02 0.70
UTSC-2 w Toxic-bert 0.41 0.09 0.89 0.15 0.02 0.70

UTSC-2 w Perspective API 0.50 0.06 0.89 0.17 0.03 0.83
UTSC-2 w safety 0.42 0.05 0.81 0.19 0.04 0.83

UTSC-3 0.1 0.01 0.45 0.11 0.01 0.64
UTSC-3 w Toxic-bert 0.07 0.00 0.34 0.12 0.01 0.73

UTSC-3 w Perspective API 0.05 0.00 0.14 0.12 0.01 0.64
UTSC-3 w safety 0.08 0.00 0.45 0.11 0.01 0.64

Table 3: Average toxicity scores from 100 conversations for each of the UTSC attacks including variance and
maximum scores when the adversary uses different classifiers for selection criteria. The toxicity scores are reported
based on Perspective API.

from which of the two Wizard of Wikipedia and
Reddit datasets. As also mentioned in the main text,
Reddit dataset contains context topics around more
sensitive issues, while the Wizard of Wikipedia
data is more neutral. We show in our results that
the topic context does not play a major role in
our attacks being effective and indeed our attack
can work as well or even better for the Wizard
of Wikipedia dataset that contains more neutral
context topics.

Attack Transferability In Figure 11, we demon-
strate that no matter what toxicity detection classi-
fier the attacker uses to chose its attack utterance,
the attack can still transfer to other toxicity detec-
tion classifiers. For instance, if the attacker only
uses Perspective API to perform its attack, results
show that the attack is still successful according
to Toxic-bert and Safety classifiers in addition to
Perspective API. Results for different combinations
is shown in Figure 11.

Defense Transferability In Figures 10 and 12, we
show two different types of defense transferabil-
ity. In Figure 10, we show that the defender and
the attacker do not need to use the same toxicity
detection classifiers for the defense to be effective.
We show that for instance, if the attacker is only
using Perspective API to perform its attack and the
defender is using Toxic-bert to perform the defense
the defense is still effective for 100% of the times.
We demonstrate different combinations of classi-
fiers used by the attacker against a defender that
uses Toxic-bert to perform the defenese. In all the
cases, we show that the defense is effective 100%
of the times for our defense mechanism.

In Figure 12, we show that the defense trans-

fers to other toxicity detection classifiers as well
not only Toxic-bert for all the different combina-
tions of the attacker toxicity detection classifiers.
Thus, results show that even if the defender is us-
ing Toxic-bert to perform the defense, according
to both Perspective API and Safety classifiers the
amount of toxicity is still decreased after the attack
irrespective of what toxicity classifier the attacker
is using. Of course, the defense is the most effective
for Toxic-bert classifier; however, it is interesting
that the attack also transfers to other classifiers.

B.2 Additional Qualitative Results
Finally, we show some qualitative results from our
attacks and defenses in Figure 16. We show results
from our automatic attack strategy as well as our
defense mechanism on it (Figure 16 (a)) along with
our human experimental results in which a human
adversary tries to fool the system into generating
toxic utterances (Figure 16 (b)) and lastly the GPT-
2 experiments using the RealToxicityPromts and
how effective our proposed defense mechanism
works on these sets of prompts and model (Fig-
ure 16 (c-f)).

Notice that our human performed attacks did not
consider any contexts since the human adversary
was defining the context and starting the conver-
sation with the context in mind all in one shot.
This is slightly different than our automatically per-
formed attack setup in which we always start the
conversations given a context topic to force the bots
to converse around the given topic and not just a
random topic. The rest of the experimental setup,
however, is similar to the automatic attack/defense
setup.
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Trigger Masking UTSC-1 UTSC-2 UTSC-3 UAT (6-gram) UAT-LM (6-gram) UAT (unigram) UAT-LM (unigram)

Defense Effectiveness 75% 50% 0% 71% 77% 71% 55%

Table 4: Effectiveness of Trigger Masking baseline for each attack. UAT/UAT-LM (unigram and 6-gram) indicate
whether we removed one or the overall 6-gram triggers from the corresponding attacks. Results demonstrate that
masking the triggers naively is not the best defense strategy as other toxic words in the attack utterance may trigger
toxic generation. Our proposed defense mechanism along with Two-stage Non Sequitur baseline achieve 100%
defense effectiveness on all the attacks mentioned in this table.
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Figure 10: Effectiveness of different defenses against different attack strategies using different toxicity classifiers
during the attack process according to Toxic-bert classifier.
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Figure 11: Transferability of the attack among different
toxicity classifiers. Attacker uses different toxicity clas-
sifiers in each plot; however, the results transfer to other
toxicity classifiers.
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Figure 12: Transferability of our proposed defense to
Perspective API and Safety classifiers for different at-
tack strategies using different toxicity classifiers during
the attack process.
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Figure 13: Mechanical Turk survey for the attack experiments.

Figure 14: Mechanical Turk survey for the defense experiments.
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Figure 15: Attack results considering the differences between each of the Wizard of Wikipedia and reddit datasets.
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WKH�JX\�ZKR�ZDQWV�WR�JR�WR�-DSDQ�KDV�
D�EXQFK�RI�XV�

'HIHQVH

(a) Human performed attack vs our pro-
posed automatic defense (attacker is
a human and the defender is a non-
human bot). This shows the transfer-
ability of our defense to human gener-
ated attacks.

&RQWH[W��,�DGRUH�WKH�W\SLFDOO\�
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'HIHQGHU��,�KDWH�FDWV

'HIHQGHU��<RX�PHDQ�D�FDW"
'HIHQVH

(b) Our proposed automatic UTSC-1
attack vs our proposed automatic de-
fense (both attacker and the defender
are non-human bots). Notice in UTSC-
1 the adversary generates non-toxic at-
tack utterance.
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'HIHQGHU��,�KDWH�FDWV

'HIHQGHU��<RX�PHDQ�RI�HQY\"
'HIHQVH

(c) Our proposed automatic UTSC-3
attack vs our proposed automatic de-
fense (both attacker and the defender
are non-human bots). Notice in UTSC-
3 the adversary generates non-toxic at-
tack utterance.

3URPSW��KRRI�7KDW
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5HVSRQVH��WKH�ZRUG�
IXFNLQJ�VKLW
�
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DQG�LQ�D�IHZ�\HDUV��WKH\�ZLOO�EH��
7KLV�LVQ
W�DERXW�WKH�SHRSOH�

'HIHQVH

(d) RealToxicityPrompts vs GPT-2
generated responses one with the de-
fense (in the dotted box) and one with-
out (after the defense arrow).

3URPSW��7KH�UXOLQJ�VSDUNHG�DQ�
RXWFU\�LQ�&RQJUHVV��ZKHUH�WKH�
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5HVSRQVH��KDV�GHIHQGHG�,UDT
V�
RLO�ULFK�WHUULWRU\�

'HIHQVH

(e) RealToxicityPrompts vs GPT-2 gen-
erated responses one with the defense
(in the dotted box) and one without (af-
ter the defense arrow).

3URPSW��%XW�UHFHQWO\�D�WRSLF�
NHHSV�UHDULQJ�LWV�REQR[LRXV�KHDG��
WKH�LGHD�WKDW�LW
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SHRSOH�WR�EH�OHIW�DORQH�ZLWK�
FKLOGUHQ�

'HIHQVH

(f) RealToxicityPrompts vs GPT-2 gen-
erated responses one with the defense
(in the dotted box) and one without (af-
ter the defense arrow).

Figure 16: Different qualitative results from our performed diverse experiments including human performed attack
against our proposed defense mechanism (a), our proposed automatic attack and defense strategies (b-c), and lastly
our defense mechanism on GPT-2 model using RealToxicityPrompts (d-f). The Dotted box represents the response
if the defense was not applied, and the response after the defense arrow shows the newly generated response after
applying the defense mechanism. Results show that the responses after the defense arrow (representing with defense
response) are less toxic in all the cases compared to the results generated in the dotted boxes (representing the
response without any defense applied). We also demonstrate the effectiveness of our defense against both toxic
UTSC-3 (b) and non-toxic UTSC-1 attacks (c).
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Abstract
With the increasing applications of language
models, it has become crucial to protect these
models from leaking private information. Previ-
ous work has attempted to tackle this challenge
by training RNN-based language models with
differential privacy guarantees. However, ap-
plying classical differential privacy to language
models leads to poor model performance as the
underlying privacy notion is over-pessimistic
and provides undifferentiated protection for all
tokens in the data. Given that the private in-
formation in natural language is sparse (for ex-
ample, the bulk of an email might not carry
personally identifiable information), we pro-
pose a new privacy notion, selective differential
privacy, to provide rigorous privacy guarantees
on the sensitive portion of the data to improve
model utility. To realize such a new notion, we
develop a corresponding privacy mechanism,
Selective-DPSGD, for RNN-based language
models. Besides language modeling, we also
apply the method to a more concrete applica-
tion – dialog systems. Experiments on both
language modeling and dialog system build-
ing show that the proposed privacy-preserving
mechanism achieves better utilities while re-
maining safe under various privacy attacks com-
pared to the baselines. The data and code are
released to facilitate future research1.

1 Introduction

Language models have been widely used in vari-
ous kinds of applications, such as Google Smart
Compose, Amazon Alexa, and so on. However,
these models are often trained on highly sensitive
data such as emails and chat logs, while having the
tendency to memorize the training data unintention-
ally (Carlini et al., 2019, 2020). Therefore, how
to protect user privacy while preserving the model
utility has become an increasingly important topic.

Several methods have been developed to protect
the data, such as data anonymization, k-anonymity,

1https://github.com/wyshi/lm_privacy

Figure 1: “Data anonymization” and training with “No
DP” cannot provide knobs to adjust the trade-off be-
tween privacy and utility. Selective-DP improves the
privacy-utility trade-off of traditional DP, to get closer to
the ideal model with both high privacy and high utility.

and differential privacy (DP). Among them, DP has
become a dominant privacy notion as it provides
formal and provable guarantees for people to un-
derstand the privacy-utility trade-off (Figure 1). It
works by carefully randomizing the algorithm so
that the model does not rely too much on any single
data point. However, traditional DP notion protects
each data point as a whole regardless of the prop-
erty of individual attributes inside the data (McMa-
han et al., 2018). Training large models with this
overly pessimistic privacy notion could lead to poor
model performance or even a non-convergent train-
ing process (Kerrigan et al., 2020). Our work is
inspired by an important observation that in many
scenarios including language modeling, private in-
formation is sparse, and not all attributes need to
be protected. For example, for the sentence “My
SSN is 123-45-6789”, only the last token with the
actual SSN number needs to be protected. But if
we protect the entire sentence, we may fail to learn
the underlying language pattern well.

To solve this problem, we propose a new DP
notion, namely selective differential privacy (S-
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DP), to provide focused protection for sensitive at-
tributes in a training record and improve model util-
ity. We follow the traditional DP setup, where each
training record is contributed by a different user.
The key difference is that we consider only partial
dimensions of a training record as sensitive, which
better abstracts the language data privacy problems.
Whether a given dimension in a record is sensitive
is specified by a user-defined policy function that
encodes application-specific privacy regulations,
which gives users the freedom to protect any type
of sensitive information according to the use cases.
We also develop a corresponding privacy mecha-
nism, Selective-DPSGD, for RNN-based language
models under the new notion. Moreover, to pro-
cess the variable-length sequences, we propose a
batching method to group private and public tokens
together and alternatively update them for a more
efficient implementation of Selective-DPSGD.

One important concept to note is that, as shown
in Figure 1, there is always a trade-off between
privacy and utility: data anonymization achieves
high privacy guarantee at the cost of low utility
on private tokens; models trained without DP have
high utility but low privacy. However, for both
data anonymization and “no DP”, there is no way
to tune the trade-off, while DP-related methods
provide knobs to adjust the privacy-utility trade-off.
This paper proposes S-DP to improve the trade-off
of canonical DP to get closer to the ideal model
with both high-utility and high-privacy.

We evaluate S-DP on two tasks, 1) a language
generation task and 2) a more concrete application
of dialog systems. Besides reporting the model
utility and theoretical privacy guarantees, we also
empirically demonstrate their robustness under pop-
ular privacy attacks on language data (Carlini et al.,
2019, 2020). The experiments suggest that training
with Selective-DPSGD improves the model utility
while remaining safe to the attacks.

Our contributions are as follows. First, we pro-
pose a new selective differential privacy notion
that ensures targeted privacy protection for sensi-
tive attributes, and a corresponding mechanism to
realize the new S-DP notion for RNN-based mod-
els. Second, we propose a dialog dataset for future
privacy research. Next, we show both theoretically
and practically that our models are safe to attacks
with improved utilities on both the language gener-
ation task and the dialog system application. More-
oever, we discuss the case of imperfect policy func-

tion, and compare S-DP with data anonymization
to show that S-DP achieves better utilities when
the policy function is imperfect. We also show
preliminary results on contextual policy functions
and Transformer models. In the era of information
explosion and large-scale pretraining, protecting
data privacy becomes more and more important.
With S-DP, we march one step closer towards more
privacy-preserving and high-performing language
models and hope to inspire more research in this di-
rection in the NLP community. Moreover, despite
our focus on language-related applications in this
paper, the proposed S-DP notion could be useful
for a much broader range of applications where
only partial data require privacy protection.

2 Related Work

Language modeling is a key research problem in
NLP. However, although language models are of-
ten trained on sensitive data such as emails, most
related studies focus on improving model without
considering privacy, leaving the models vulnera-
ble to attacks. For example, Carlini et al. (2019)
showed that it is possible to infer a secret in the
training data by attacking published language mod-
els. Therefore, it is of great importance to introduce
privacy protection mechanisms to the NLP commu-
nity and train the models in a much safer way.

Differential privacy (DP) (Dwork et al., 2014)
has been applied to various domains (Cortés et al.,
2016; Abowd, 2018). Abadi et al. (2016) intro-
duced DPSGD to train DP-protected deep-learning
models. PATE (Papernot et al., 2018) leveraged
knowledge distillation to train differentially pri-
vate models. But DP-protected algorithms suffer
from low utility, so the DP notion often needs to
be adjusted according to the applications: Ebadi
et al. (2015) proposed a personalized DP notion to
provide different levels of protection for different
users; Doudalis et al. (2017) developed one-sided
DP to protect sensitive users only. We also pro-
pose a new Selective-DP notion to protect only the
sensitive attributes in a record to improve utility.

Recently, DP has also been applied to NLP tasks
(Fernandes et al., 2019; Xu et al., 2020; Hathu-
rusinghe et al., 2021; Sasada et al., 2021). For
example, McMahan et al. (2018) proposed DP-
FedAvg and DP-FedSGD to train RNN language
models with user-level privacy guarantees. Ade-
lani et al. (2020) developed a probabilistic text de-
identification algorithm with formal privacy guar-
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antees. Different from existing work that directly
applied DPSGD and provided undifferentiated pro-
tection for all training examples, we propose a new
privacy notion and a corresponding mechanism to
protect the sensitive portion of the data in central-
ized learning. Such a new notion can be easily
adapted to federated learning settings as well.

There is also a line of work that attempts to im-
prove differentially private deep learning perfor-
mance via modifying training process (Wang et al.,
2021, 2019; Thakkar et al., 2019; Lee and Kifer,
2020) or model architecture (Papernot et al., 2020).
Our work is complementary to this line of work as
we propose a new privacy notion. Particularly, our
work can be combined with the aforementioned
methods to further improve model utility.

3 Backgrounds

We will introduce language modeling and differen-
tial privacy as preliminaries in this section.
Language Modeling. Consider a text sequence
that consists of multiple tokens, i.e., x =
(x1, x2, . . . , xn), where xi is the i-th token. The
goal of language modeling is to learn the probabil-
ity of the sequence p(x), which can be factorized
with the chain rule as in Equation (1). Given a
corpus D = {x1, . . . ,x|D|}, we train a neural net-
work (e.g., RNN) parameterized by θ to learn p(x)
by minimizing the negative log-likelihood over D
with the loss function in Equation (2).

p(x) =
n∏

i=1

p(xi|x<i), (1)

L(D) = −
|D|∑

t=1

nt∑

i=1

log pθ(x
t
i|xt<i) (2)

Differential Privacy (DP) (Dwork et al., 2014).
A differentially private algorithm ensures that its
output cannot help much to distinguish whether an
individual record is contained in the input dataset.
In other words, DP hides the presence of individual
records. The formal definition is as follows.

Definition 1. (Differential Privacy). Given a do-
main D, any two datasets D,D′ ⊆ D that differ in
exactly one record are called neighboring datasets.
A randomized algorithm M : D → R is (ϵ, δ)-
differential private if for all neighboring datasets
D and D′ and all T ⊆ R,

Pr[M(D) ⊆ T ] ≤ eϵ Pr[M(D′) ⊆ T ] + δ.

4 Selective Differential Privacy

Canonical DP notion treats all records as sensitive.
Prior work has studied variants of DP notions, such
as personalized DP (Jorgensen et al., 2015) and one-
sided DP (Doudalis et al., 2017), to exploit different
privacy levels between records. However, existing
privacy notions do not allow different attributes in a
given record to have different privacy levels, which
could otherwise potentially enable additional util-
ity gains, especially for NLP tasks where private
attributes are sparse. Hence, we propose a new
privacy notion–selective differential privacy–to dis-
tinguish between private and non-private attributes
inside one data point with a policy function and
protect sensitive part of one data point.

Definition 2. (Policy Function). A policy function
F : τ → {0, 1}nr denotes which attributes of a
record r ∈ τ are sensitive (F (r)i = 0) or non-
sensitive (F (r)i = 1), where nr is the number of
attributes in r. Note that nr depends on the record
and is not a fixed number.

In practice, users have the freedom to define the
policy function to encode specific privacy regu-
lation and protect any sensitive attributes accord-
ing to the applications. The protected sensitive
attribute types are unlimited, can be entities (e.g.,
name, emails, etc), contextual (e.g., health-related
information, speaking style, etc), and so on. For
example, users can design a conservative policy
function that protects selected complete sentences
if necessary. The form of the policy function is also
unlimited, and could be neural networks, regex,
and so on. Please refer to Section 6 for contextual
policy functions.

In the case of language modeling, each record is
a text sequence x, each attribute is a token xi in x
and F (x) is a bit vector indicating which tokens
contain private information. We define neighboring
datasets under our new privacy notion as follows.

Definition 3. (F -Neighbors). D,D′ are two
datasets and F is a policy function. D′ is a F -
neighbor of D if and only if ∃r ∈ D s.t., F (r)
contains at least one private attribute, ∃r′ ∈ D′
s.t., F (r) and F (r′) differ by at least one private
attribute, and D′ = D\{r} ∪ {r′}. We denote
D′ ∈ NF (D).

Under this definition, the dataset containing “My
ID is 123” and the dataset containing “My ID is
456” are neighbors; but the dataset with “Hello
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there” and the dataset with “Hi there” are not neigh-
bors since they do not contain private information.
Definition 4. (Selective Differential Privacy).
Given a policy function F , a randomized algorithm
M : D → R satisfies (F, ϵ, δ)-selective differen-
tial privacy if for ∀D,D′ ∈ NF (D), and ∀T ⊆ R,

Pr[M(D) ⊆ T ] ≤ eϵ Pr[M(D′) ⊆ T ] + δ.

Essentially, S-DP also provides an indistin-
guishability property similar to canonical DP, but
only for the sensitive attributes in a record. S-DP
does not constrain the information leakage of non-
sensitive attributes as long as the privacy of the
sensitive attributes is preserved. Thus, S-DP pro-
tects privacy for sensitive attributes in the worst
case (i.e., the attacker may have knowledge about
everything except the targeted sensitive attribute.)

4.1 Selective Privacy Mechanism
With the new S-DP notion, the next step is to de-
velop a corresponding privacy mechanism to train
models that realize the new notion. Privacy mecha-
nisms usually work by adding noise to the models
to protect the data, such as Laplace mechanism
(Laplace noise) and Gaussian mechanism (Gaus-
sian noise). Abadi et al. (2016) proposed DPSGD
that adds Gaussian noise to the gradients and ap-
plies stochastic gradient descent (SGD) to train
private deep learning models. In this work, we
develop Selective-DPSGD, shown in Figure 2 and
Algorithm 1, to train RNN-based language models
that achieve S-DP. The basic idea is to first deter-
mine the private attributes with the policy function,
then decide which model variables are related to
the private attributes, and finally apply regular SGD
on non-private variables, and DPSGD (Abadi et al.,
2016) on the private variables. We choose RNNs
because they are widely used in industry, e.g., Ra-
maswamy et al. (2020) discussed how to train pri-
vate production language models with RNNs.

We need to first decide the variables related to
the private tokens. RNN uses a hidden state hi to
encode the context, and outputs a distribution pi
over a vocabulary set V , as shown in Equation (3).
If xi is private, then hi, pi, and Li are all private;
besides, to calculate Li−1, we need to access the
ground truth next token xi, so Li−1 is also private.
The private variables are all in red in Figure 2.

hi = RNN(hi−1, xi) (3)

pi = pθ(V |x<i) = Softmax(g(hi)) (4)

Li = − log pθ(xi+1|x<i+1) (5)

Figure 2: All private variables are in red. We apply
regular SGD on non-private variables and DPSGD on
private variables in Selective-DPSGD.

Algorithm 1 outlines the steps in Selective-
DPSGD. Given a dataset D, we apply a policy
function F to obtain a bit matrix P = F (D) that
indicates which tokens are private. At each step,
we take a random batch B, and use P to split B
into a sequence of non-private and private tuples
{(Bnp,i, Bp,i)}; then we apply SGD (regular up-
date) onBnp,i and DPSGD (private update) onBp,i
alternatively, to update and protect privacy. Note
that besides noise in the gradients, we also clip and
add noise to the hidden state hi if it is private. The
reason is that in RNN, if xi is private, hi also con-
tains private information (as shown above), and is
directly passed to the next regular update step and
cannot be protected by the noise in the gradients.
So it is important to add noise to protect the private
information in hi. Since DPSGD adds noise to the
gradients, L and pi used to calculate the loss are
protected by the noise in the gradients. In this way,
all private variables are protected.
Privacy Guarantee. In Section A.3, we prove
that the composition of the series of noise-adding
operations ensures S-DP for Selective-DPSGD.

5 Experiments

We conduct our experiments on two datasets: 1) a
traditional text corpus for language modeling, and
2) a dialog dataset for a more concrete application
of dialog systems. Below are the dataset details.
WikiText-2. To minimize real-world harm, we
choose the already-public WikiText-2 (Merity et al.,
2017). It contains articles from Wikipedia with
potentially sensitive information, and is a classical
dataset for language modeling. For simplicity, we
treat all the digits as privacy information. So the
policy function F is a digit detector: if the token is
a digit, F will output 0, otherwise, 1.
CUSTOMERSIM. With the emergence of virtual
assistants, more and more private information is
being exchanged during daily interactions. So we
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Algorithm 1 Selective-DPSGD
1: Input: Dataset D with N examples, policy function F ,

privacy bit matrix P = F (D), max sequence length K,
loss function L(θ).
Parameters: learning rate η, noise multiplier σ, gradient
norm bound C, group size L.

2: for t=1,2,... do
3: Take a random batch B of max sequence length K,

with sampling probability L/N
4: Using P, split B into a sequence of non-private and

private tuples {(Bnp,i, Bp,i)}
5: Initialize h = 0⃗
6: for i=1,2,... do
7: 1) Regular update
8: L,h = Model(Bnp,i, h)
9: θ ← θ − η∇θL(θ)

10: 2) Private update
11: L,h = Model(Bp,i, h)
12: Calculate sample gradient
13: For each xj ∈ Bp,i, compute g(xj) ←

∇θL(θ, xj)
14: Clip gradient
15: g(xj)← g(xj)/max(1, ∥g∥2

C
)

16: Add Noise
17: g(xj)← 1

|Bp,i| (
∑
j g(xj) + σC · N (0, I))

18: Descent
19: θ ← θ − η∇θL(θ)
20: Clip hidden states
21: h(xj)← h(xj)/max(1, ∥h∥2

C
)

22: Add Noise
23: h(xj)← h(xj) + σC · N (0, I)
24: end for
25: end for

also apply S-DP to build dialog systems in the cus-
tomer service domain. Using real dialog transcripts
may lead to real-world harm, so we simulate a di-
alog dataset, CUSTOMERSIM, with synthetic user
information. The dialogs are simulated with fixed
agendas and template utterances (Zhao and Eske-
nazi, 2018). We treat user name, address, phone
number, order, and tracking number as sensitive in-
formation, and use regex to build a policy function
to detect them. Table 1 shows one example dialog.

Note that although we use digits and names as
running examples for sensitive information, S-DP
can protect any sensitive attributes specified by the
policy function. Building better policy functions is
orthogonal to S-DP, and thus beyond the scope of
this paper. Any improvements on policy functions
are compatible with S-DP to achieve better results.

Model training details. We use one-layer LSTMs
with an embedding size of 200 and a hidden size
of 200, and a BPE tokenizer (Sennrich et al., 2016)
to avoid information leakage from the tokenizer:
with BPE, a secret “1234” will be split into multi-
ple tokens, e.g., “12” and “34”, while traditional
tokenizer will release “1234” in the dictionary. All

CUSTOMERSIM

Role Utterance

SYS Hello, I am the customer support bot. What can I do
for you?

USR Hello robot. Could you please help me track my
package?

SYS Please provide your full name.
USR Sure, Betty Sims.
SYS Could you please confirm your shipping address?
USR Yea sure, 2241 Fitzgerald Viaduct Brownview, OK

28304.
SYS Track your order using your tracking number,

FH6F6GMMF4. Are you happy about my answer?
USR That’s it.

Table 1: An example dialog in CUSTOMERSIM.

private states (hidden, cell states) in the LSTMs are
protected.

Baselines. We have two baselines, one without
DP (“No-DP”), and the other trained with DPSGD
(“DPSGD”). We refer to our models trained with
S-DPSGD as “S-DPSGD”. “No-DP” is simply an
LSTM optimized with a regular SGD and a start-
ing learning rate (lr) of 20. The learning rate
was annealed and decreased as training proceeded.
“DPSGD” is optimized with DPSGD and a starting
learning rate of 0.05. All the models are trained five
times to reduce randomness, and the parameters
are tuned on the validation set. We compare with
DPSGD because it’s the backbone of most of exist-
ing DP learning algorithms. Existing modifications
of DPSGD are mainly focused on optimization al-
gorithms and objectives, thus are compatible with
our work that tailors the privacy notions to realistic
privacy needs in the NLP context.

5.1 Evaluation

We evaluate both the language models’ utilities
and privacy protection levels. We use perplexity
(PPL) and the top-1 next word prediction accu-
racy (AccT1) to measure model utility. To measure
privacy protection levels, besides reporting the the-
oretical privacy budget ϵ and δ, we also perform
various practical attacks on the trained models and
report how successful the attacks are against dif-
ferent techniques. We compare the performance
of our proposed privacy-preserving learning tech-
nique and the baselines in terms of the privacy-
utility trade-off. Specifically, we compare the util-
ity between different techniques at a given privacy
protection level, or vice versa.
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WikiText-2 CUSTOMERSIM

Model PPL AccT1 σ C ϵ δ PPL AccT1 σ C ϵ δ

LSTM, No-DP 60.98 ± 0.48 0.36 ± 0.00 - - - - 3.06 ± 0.01 0.75 ± 0.00 - - - -

DPSGD 305.86 ± 3.00 0.27 ± 0.00 0.50 0.10 4.89 8e-5 11.82 ± 0.76 0.70 ± 0.01 0.60 0.01 2.51 8e-5

S-DPSGD 160.04 ± 4.86 0.31 ± 0.00 0.50 1e-3 4.91 8e-5 10.42 ± 0.91 0.69 ± 0.01 0.70 5e-3 2.74 8e-5

Table 2: Model utility and privacy guarantee on WikiText-2 (left) and CUSTOMERSIM (right). PPL: Perplexity on
the test set. AccT1: Top-1 next word prediction accuracy. σ: Noise multiplier in the Gaussian noise. C: Clipping
threshold. ϵ, δ: Privacy guarantee in (ϵ, δ)-privacy.

Figure 3: Privacy-utility trade-off, canary insertion attack and membership inference attack on WikiText-2.

5.1.1 Attack Details
We perform two types of attacks: 1) canary inser-
tion and 2) membership inference.
Canary insertion is proposed by Carlini et al.
(2019). It first inserts random sequences called
canaries into the training dataset, then trains the
model, and finally calculates the following expo-
sure for the inserted canaries to measure if the
model will unintentionally memorize these ca-
naries. Canaries are of a specific format, e.g.,
s=“The number is ”, where are filled
with random values from a randomness space R
such as a space of digits from 0 to 9. To obtain
the exposure, we enumerate all possible sequences
in the specified form, and calculate the negative
log-rank with an additional constant, as shown be-
low. Lower exposure indicates the model is more
private. In our setting, we insert the secret “My ID
is 341752” into the training data for 10 times to
make the differences between models more salient.
Definition 5. Given a canary s[r], a model with
parameters θ, and the randomness space R, the
exposure of s[r] is

exposureθ = log2 |R| − log2 rankθ(s[r])

Membership Inference is a widely used attack
method that identifies if a given sample is a mem-
ber of the training dataset. Lower inference accu-
racy means that it is harder to infer a member from

the model and thus the model is safer. Carlini et al.
(2020) proposed an advance membership inference
attack for language models. The basic idea is to
calculate the given samples’ perplexities under the
model, rank them and choose the ones with the low-
est perplexities (highest likelihood by the model).
In our experiments, we randomly select 500 pro-
tected secrets from the training set, and randomly
generate 500 samples of similar format, to form a
dataset for the membership inference attack, so a
random guess would give us an accuracy of 50%.
For WikiText-2, the secrets are digit sequences; for
CUSTOMERSIM, customer names are the secrets.

5.2 WikiText-2 Results

Model utility and privacy guarantee. The left
part of Table 2 shows different models’ utilities and
privacy guarantees on WikiText-2 and Figure 3(a)
shows the privacy-utility trade-off, where utility
is represented by the validation perplexity (lower
PPL=higher utility) and the privacy budget is rep-
resented by the epsilon (smaller ϵ=more privacy).
Although the definitions of ϵ in DPSGD and S-
DPSGD are different, the ϵ in both cases provides a
tight theoretical upper bound on how much the sen-
sitive attributes are leaked through the trained mod-
els. Hence, the ϵ associated with two algorithms
are comparable. Given a fixed privacy budget ϵ,
we want to achieve a higher model utility. Because
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Figure 4: Privacy-utility trade-off, canary insertion attack and membership inference attack on CUSTOMERSIM.

the privacy budget ϵ = +∞ for the No-DP model,
“No-DP” is represented by the vertical black line
on the far right in Figure 3(a), and it achieves the
best average PPL of 60.98 on the test set. The or-
ange line is our S-DPSGD model, and it achieves
the second-best average test PPL of 160.04 with
ϵ = 4.91. With a similar ϵ = 4.89, DPSGD has the
worst average test PPL of 305.86, much worse than
S-DP because canonical DP notion protects the
whole data and is over-pessimistic (see Section A.4
for models with different parameters). The gray
line is for DPSGD with a smaller σ = 0.25, a
convergent PPL of 266.6 and a final ϵ = 132.73.
Compared to DPSGD with σ = 0.25, it achieves a
better PPL but with a much higher cost of privacy
leakage (larger ϵ). But with S-DPSGD, we can also
achieve lower PPL without hurting privacy.
Attack results. Figure 3(b) and 3(c) show the ca-
nary insertion attack and membership inference
attack results on WikiText-2. The x-axis is the
models’ utilities measured by validation PPL, and
the y-axis is the exposure and membership infer-
ence accuracy indicating the success level of the
attacks. Lower exposure and lower accuracy in-
dicate a safer model. We want to see at a given
robustness level to the attacks, which models can
achieve lower perplexity, i.e., higher utility.

For canary insertion attack, although “No-DP”
achieves lower perplexity, its exposure can go up to
20, indicating that the inserted canary could be eas-
ily revealed by the attackers. If we compare No-DP
with S-DPSGD with similar utilities, S-DPSGD is
always below No-DP, meaning S-DPSGD achieves
much smaller exposure, and hence a safer model
with similar utility. Comparing DPSGD and S-
DPSGD, we find that S-DPSGD achieves much
better model utility at a given exposure.

For membership inference attack, we draw a hor-
izontal line of 0.5 to show the random guess perfor-

mance. Again, S-DPSGD is always below No-DP,
showing that with similar utilities, models trained
with S-DPSGD are safer than No-DP under the
membership inference attack. As mentioned ear-
lier, DPSGD with σ = 0.5 (green) and S-DPSGD
(orange) have similar privacy budget (ϵ=4.89 and
4.91 respectively). Comparing these two, we see
that given a similar privacy budget, S-DPSGD con-
verges to a much lower perplexity while remaining
safe to the attack and thus achieves a wider range
for the privacy-utility trade-off tuning. We also
observe that for “No-DP”, the inference accuracy
can go up to 90%, suggesting that language models
without DP protection are vulnerable to attacks.

5.3 CUSTOMERSIM Results

This section shows the results on CUSTOMERSIM.
Model utility and privacy guarantee. The right
part of Table 2 and Figure 4(a) show the privacy-
utility trade-off for CUSTOMERSIM. Because the
dialogs are simulated with templates and relatively
simple, the perplexity can be as low as 3.06 for
No-DP. S-DPSGD still achieves better perplexity
than DPSGD (10.42 vs. 11.82) with similar ϵ, but
the gap is smaller compared to WikiText-2 because
there are more sensitive tokens in CUSTOMERSIM

(18.3%) than WikiText-2 (2.8%), and the advantage
of protecting selective tokens only is not as big.
Attack results. Figure 4(b) and 4(c) show the
results of the canary insertion and membership in-
ference attack on CUSTOMERSIM respectively.

For canary insertion, we observe that given the
same utility, S-DPSGD achieves lower exposure
than No-DP and DPSGD. Although the improve-
ment seems small on absolute values, we should
note that exposure is on log-scale, so the improve-
ment on relative rank is also on log-scale (e.g., for
exposure=1.2, the rank of the canary is 429881; for
exposure=0.2, the rank is 858215, roughly twice).
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The membership inference accuracy is only a
little better than random guess probability (60+%),
so it is not successful on CUSTOMERSIM. One
potential reason could be that customer names only
appear once in each dialog and can be very similar
to each other (e.g., Emily, Emilya, and Emilyah).
We leave it as future work to develop better mem-
bership inference attacks towards similar secrets.
Under the failed attack, S-DPSGD is still better
than No-DP. It is not feasible to compare S-DPSGD
and DPSGD as both are close to random guess.

5.4 Data Anonymization and Selective-DP

Data anonymization (or data de-identification) has
been widely used to protect data privacy, where
the sensitive tokens are masked with special tokens
such as “<num>”. Both data anonymization and
S-DP target protection towards sensitive attributes,
and rely on a policy function to detect the private
information. However, they are different in that
data anonymization masks the sensitive attributes
completely so nothing can be learned from them,
while S-DP noises the private portion and provides
a tunable way to adjust the privacy-utility trade-off,
evidenced by experiments in Section 5.4.1.

One common problem for both methods is that
the policy function is not guaranteed to be perfect
and can miss to detect some sensitive information.
So we also compare their performance when the
policy function is imperfect in Section 5.4.2.

5.4.1 S-DP achieves better utility

Figure 5: Perplexity on private tokens over ϵ for data
anonymization and S-DPSGD.

We mask all the detected digits by “<num>” to
train a data anonymization baseline on WikiText-2,
calculate the perplexity on the private tokens, and
present the result in Figure 5. The x-axis is the
privacy budget ϵ, and the y-axis is the private-token
perplexity. For data anonymization, the dots are all

on the far right because ϵ=+∞. The first observa-
tion is that since data anonymization simply masks
the sensitive tokens, it fails to learn anything about
them, resulting in a much worse PPL on private
tokens. This makes S-DP a good alternative to data
anonymization because S-DP can still learn certain
patterns from the noised sensitive tokens. Also,
Figure 5 shows that for S-DP, there is a trade-off
between ϵ (privacy) and private-token PPL (utility),
so we could tune ϵ to achieve a better private-token
PPL, while for data anonymization, there is no
way to tune the parameters for better model utili-
ties. More concretely, with proper ϵ and δ, S-DP
might learn the structure of sensitive attributes (e.g.,
XXX-XX-XXXX for SSN) without knowing the
exact value, or even learn the distribution of values
for each digit, and such knowledge could be useful
for data analytics. But for data anonymization, the
model either sees the digit or doesn’t see it, so there
is no knob to tune the privacy-utility trade-off.

5.4.2 Imperfect Policy Function

Figure 6: Canary insertion attack for data anonymiza-
tion and S-DPSGD when missing the canary.

Now we discuss the performance of both meth-
ods when the policy function is imperfect. We still
use WikiText-2 with the secret “My ID is 341752”.
The policy function fails to detect “341752” as a
secret. For data anonymization, all the detected
digits are masked by “<num>”; for S-DP, we apply
S-DPSGD to noise the detected digits.

Figure 6 shows the exposure of the missed secret
341752. When the perplexity gets lower, the model
becomes better at remembering the details of the
training data, so the exposure of both models be-
comes high. But when the perplexity is around the
middle area, S-DP has lower exposure than data
anonymization, meaning it’s safer to attacks.

Note that the risk with imperfect policy functions
is common to many privacy-preserving techniques,
and how to build better policy functions is orthog-

2855



onal to this work on S-DP, and thus beyond the
scope of this paper. Improvements on policy func-
tions (better sensitive information detection) are
compatible with S-DP and can be used to further
improve the results. We are also actively working
on this topic in parallel to the S-DP work.

6 Preliminary Results on Contextual
Policy Function and Transformer

Model Policy function Portion ϵ PPL

GPT2 + no DP - - - 20.47
DPSGD - - 2.58 27.05

Redacted Noncontextual:
All entities 16.40%

- 24.30
S-DP 2.58 22.56

Redacted Contextual: entities, sub,
obj, propon, pron 34.80%

- 38.66
S-DP 2.48 25.61

Table 3: Preliminary results on different policy functions
and Transformers.

In this section, we present the preliminary results
on different policy functions and large Transformer
models (Vaswani et al., 2017) on WikiText-2.

We design two policy functions: one is non-
contextual and protects all the 18 named entities de-
tected by spacy (Honnibal and Montani, 2017) such
as person, date, locations, etc (16.4% tokens)2; the
other one is contextual that protects all the entities
plus subjects, objects, proper noun and pronouns
of all the sentences (34.8% tokens). We use these
two policy functions to redact the WikiText-2 D
and obtain a redacted version D′. We first fine-
tune a GPT2-small model (Radford et al., 2019)
on D′ (denoted as “redacted model”), and then fur-
ther fine-tune this redacted model on the original
D (Shi et al., 2022). The results are in Table 3.
The redacted models trained on the redacted data
D′ achieve 24.30 and 38.66 in perplexity for the
two policy functions respectively. If we fine-tune
these two models on the original private data D
with DPSGD, we can further improve the perplex-
ity to 22.56 and 25.61, while the state-of-the-art DP
language models only achieve 27.05 with similar
privacy budget. These results show that our S-DP
notion is promising in boosting utility of privacy-
preserving language models even if one-third of
the tokens are considered sensitive.

2The full list of entities is available here https:
//spacy.io/usage/linguistic-features#
named-entities

7 Conclusions

To conclude, we develop a new privacy notion,
selective differential privacy (S-DP), to improve
model utility while providing rigorous privacy guar-
antees for the sensitive portion of the data. We also
develop a privacy mechanism, Selective-DPSGD,
to achieve the new S-DP notion for RNNs. We ex-
periment with WikiText-2 and a synthetic customer
service dialog dataset. Results on both tasks show
that models trained with S-DP achieve better utili-
ties than traditional DP, and are more robust under
various attacks than models without DP protection.
With S-DP, we march one step closer towards safer
and better language models and hope to inspire
more related research. Moreover, S-DP could be
applied to domains beyond NLP where only partial
data require protection, such as image recognition.
Please see Section A.1 for ethical consideration.
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A Appendix

A.1 Ethical Consideration
Data Usage. To minimize real-world harm, we
choose WikiText-2 since it is already public and
widely used, and synthesize the dialogs as well
as the personal information in the CUSTOMERSIM

datasets in our experiments. For future research, we
plan to continue using public or synthetic datasets
to prevent real-world data leakage.
Application. Our work addresses the problem of
data privacy protection and can be applied in dif-
ferent applications. The attacks used in our study
are well-known standard attacks tailored for our
specific tasks, so it’s hard to generalize and misuse
them to attack other language models. We will re-
lease the code so that people can have access to the
various algorithms and protect their own data.

A.2 Limitations
There are many spaces for improvements for this
S-DP work. For instance, when the policy func-
tion fails to detect sensitive attributes, their privacy
may not be guaranteed, and therefore, we plan to
develop better policy functions and employ privacy
amplification (Balle et al., 2018). Also, besides
explicit private information like names, we plan
to protect sensitive context such as “I have two
kids”, as these can often happen causally in dialogs
but still reveal personal status. In Section 6 we
show some preliminary results on protecting con-
texts and plan to further refine the contextual policy
functions.

A.3 Privacy Analysis
We analyze the private guarantees of Selective-
DPSGD in this section.

For any given dataset D, let Di,j denote the jth
attribute of the i-th record. We abstract the gradi-
ent update and hidden state into a query function
f(x,w) which takes training data x and auxiliary
information w as input. We introduce w as an ad-
ditional input to f to model the dependence of the
gradient update and hidden state on the model pa-
rameters at the previous rounds. We define the
following two types of queries on the dataset.

• Type-1 query: the input x to f consists of only
private attributes with respect to the policy
function F

• Type-2 query: the input x to f consists of
only non-private attributes with respect to the

policy function F

Since S-DP only hides the presence of private
attributes, type-2 query does not incur privacy loss.

The following theorem shows that if a type-1
query has the property that its output is bounded,
then for arbitrary auxiliary input, adding Gaussian
noise into the query can provide DP. The reason
why we consider such queries is that clipped gradi-
ent and hidden state can be modeled as such queries.
The reason for which we want to analyze DP guar-
antees under arbitrary auxiliary inputs is that at
any given round, the model parameters resulting
from previous rounds could be arbitrarily different.
This is because the non-sensitive part of two F -
neighboring datasets could be arbitrarily different.

Theorem 1. Assume that maxx,w ∥g(x,w)∥ ≤ C.
Then, for any arbitrary w, adding Gaussian noise
∆ = N (0, σ2) proportional to C into g can ensure
(ϵ, δ)-DP where ϵ, δ depends on C and σ. More
formally, for all neighboring datasets x and x′ and
all w,w′,

P [g(x,w) + ∆ = r]

P [g(x′, w′) + ∆ = r]
≤ eϵ w.p. 1− δ (6)

The proof follows directly from the classic
proof for DP guarantees of the Gaussian mecha-
nism (Mironov, 2017; Dwork et al., 2014) by notic-
ing the sensitivity of f is bounded by C.

The regular updates in Algorithm 1 take as in-
put non-private data Bnp,i. Hence, they are type-2
queries and do not incur extra privacy loss. The pri-
vate updates in Algorithm 1 (i.e., gradient and hid-
den states) depend on private attributes and model
parameters from previous rounds, and thus belong
to the type-1 query. Moreover, they satisfy the
bounded norm assumption in Theorem 1. We call
the resulting query of adding Gaussian noise into a
type-1 query with bounded norm property a noisy
type-1 query. Overall, Algorithm 1 is essentially
the composition of multiple type-1 and noisy type-2
queries. In the following, we will present a general
result for the privacy guarantees resulting from the
composition.

Theorem 2. Let f be the composition of k queries:
f1, . . . , fk, which are either noisy type-1 or type-2
queries. Given a policy function F , let fp denote
the set of noisy type-1 queries. Let fnp denote the
set of type-2 queries. Then, if fp is (ϵ, δ)-DP, f is
(F, ϵ, δ)-S-DP.
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Proof. Consider two selective F -neighboring
datasets x and x′. Let xi and x′i be the subset
of data utilized by fi. xi contains only private
attributes when fi is type-1 and contains only non-
private attributes when fi is noisy type-2. By the
neighboring relation between x and x′, xi and x′i
are also selective F -neighbors when fi is a type-1
query. In addition to the dataset, fi takes the output
of all the previous queries. For a fixed outcome
(y1, . . . , yk) of f , we have

P [f1(x1, w1) = y1, . . . , fk(xk, wk) = yk]

P [f1(x′1, w
′
1) = y1, . . . , fk(x

′
k, w

′
k) = yk]

(7)

=
∏

fi∈fp

fi(xi, wi)

fi(x′i, w
′
i)

(8)

≤ eϵ w.p. 1− δ (9)

as desired.
The equality in the second line is due to the fact

that fnp does not incur privacy loss and the inde-
pendence of randomness of each query given the
output of all the previous queries. The inequality
in the third line is due to the assumption that fp is
(ϵ, δ)-DP with arbitrary auxiliary input.

Instantiating the type-1 and type-2 queries in
Theorem 2 with the regular and private updates de-
fined in Algorithm 1 yields the privacy guarantees
for Algorithm 1. Theorem 2 provides a conve-
nient way of calculating the S-DP guarantees for
Algorithm 1: one can apply off-the-shelf privacy
composition tools to calculate the overall DP guar-
antees for all the private updates and then the entire
algorithm satisfies S-DP with the same values of
ϵ and δ. Specifically, in this paper, we leverage
moment accountant (Abadi et al., 2016) to calcu-
late the DP guarantees for the composition of all
privacy queries.

A.4 Models with Different Parameters
We plot the performances of models with differ-
ent parameters in Figure 7. We find that fixing the
noise multiplier σ = 0.5, the clipping threshold C
has a big impact on the performance, and it cannot
be too big (0.01) or too small (5e-6); if we fix C
and change σ from 0.5 to 0.1, the perplexity will be
lower but at a huge cost of the privacy budget σ. As
expected, there is always a trade-off between the
utility and the privacy spent, so we choose a bal-
ancing point with a reasonable utility and privacy
guarantee (σ = 0.5 and C =1e-3) for the main
experiments.

Figure 7: Validation perplexity over epochs on
WikiText-2 for models with different parameters.

A.5 Membership Inference on
CUSTOMERSIM

Figure 8: Original membership inference results on
CUSTOMERSIM. The best inference accuracy is around
58%.

The original membership inference attack
doesn’t achieve good results on CUSTOMERSIM.
Figure 8 shows the original membership inference
result on CUSTOMERSIM. The best inference ac-
curacy is around 58%. So we employ a more ad-
vanced version, where we first perform the attack
on 1000 names, and then pick the best-predicted
and worst-predicted names to form a new subset of
300 names to perform the attack again. But even
for the advanced version, the inference accuracy is
only a little better than random guess probability
(60+%), so this attack is not successful on CUS-
TOMERSIM.
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Abstract

Distributional models learn representations of
words from text, but are criticized for their lack
of grounding, or the linking of text to the non-
linguistic world. Grounded language models
have had success in learning to connect con-
crete categories like nouns and adjectives to
the world via images and videos, but can strug-
gle to isolate the meaning of the verbs them-
selves from the context in which they typically
occur. In this paper, we investigate the extent
to which trajectories (i.e. the position and ro-
tation of objects over time) naturally encode
verb semantics. We build a procedurally gen-
erated agent-object-interaction dataset, obtain
human annotations for the verbs that occur in
this data, and compare several methods for rep-
resentation learning given the trajectories. We
find that trajectories correlate as-is with some
verbs (e.g., fall), and that additional abstrac-
tion via self-supervised pretraining can further
capture nuanced differences in verb meaning
(e.g., roll vs. slide).

1 Introduction

While large distributional language models such
as BERT (Devlin et al., 2019) and GPT (Radford,
2020; Brown et al., 2020) have had empirical suc-
cess in deriving representations of words and sen-
tences from large text corpora, most of these mod-
els lack grounding, or a connection between the
words and their real-world referents. Grounding,
in addition to being necessary for multimodal tasks
like video recognition, has been argued to lie at the
core of language understanding (Bender and Koller,
2020). Work on grounded language learning asso-
ciates language with the non-linguistic world, typ-
ically by learning from large-scale image (Bruni
et al., 2011) or video (Sun et al., 2019) datasets.

Much prior work on language grounding has fo-
cused on concrete nouns (objects) and adjectives
(attributes), which are captured well by patterns of
pixels. Verbs, however, have received less attention,

despite being essential for building models that
can interact in realistic 3D environments (Shridhar
et al., 2020a; Bisk et al., 2020). Verbs are espe-
cially challenging to model, given that they take
place over time. Image and video data alone is in-
sufficient to fully capture verb semantics, as demon-
strated by prior work (Yatskar et al., 2016), in many
cases failing to isolate the meaning of the verb from
context in which it typically occurs. For example,
Chao et al. 2018 show that an image of a person
laying in the snow next to a snowboard is labeled
“standing on a snowboard". Moreover, recent work
has introduced datasets and benchmarks based on
situated 3D environments (Gan et al., 2020; Deitke
et al., 2020; Ebert and Pavlick, 2020; Shridhar et al.,
2020a) that demonstrate the challenges of learning
task-oriented behavior, which demands a combina-
tion of object and verb grounding.

In this paper, we test the hypothesis that the se-
mantics of (concrete) verbs are grounded in the
3D trajectories of objects: i.e., the absolute and
relative paths objects take through 3D space. We
investigate if and when verb meanings appear to be
a product of raw perception of objects in 3D space,
and when differentiating verb meanings requires
additional abstraction and representation beyond
what is available via direct perception. To study
this, we collect a clean dataset of 3D object trajec-
tories in simulation. We collect human descriptions
of these perceived world dynamics, i.e., to deter-
mine whether or not a given event constitutes a fall
or a tumble. We then propose a self-supervised pre-
training approach, whereby we train a time-series
prediction model to obtain representations of trajec-
tories in a 3D environment without any linguistic
input. We evaluate the learned representations on
how well they encode verb semantics for specific
verbs. We show that the pretrained model learns to
represent events in a way that aligns well with the
meaning of English verbs, e.g. differentiating slide
from roll. In summary, our primary contributions
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are:

1. We introduce a new, clean dataset of 3D ob-
ject trajectories paired with human judgments
about whether or not each trajectory falls
within the extension of each of 24 different
verbs. To the best of our knowledge, this is
the first dataset of its kind, and provides a
valuable resource for empirical studies of lex-
ical semantics. Our data is available at https:
//github.com/dylanebert/simulated.

2. We compare several representation learning
methods in terms of their ability to capture
verb semantics without any linguistic signal
during training. In particular, we investigate
the roll of abstraction (via self-supervised pre-
training) compared to raw perception in cap-
ture verb meanings. To our knowledge, this
is the first work to apply neural networks and
(pre-linguistic) concept learning to the study
of verb semantics.

2 Related Work

Grounded Language with Deep Learning.
Our contributions add to a large body of work on
grounded representation learning. Much of this
work augments language modeling objectives with
images (Silberer and Lapata, 2012; Lazaridou et al.,
2015; Kiela et al., 2017) and videos (Sun et al.,
2019). In this work, we focus on representations
that encode verb semantics. Prior work on verb
learning has been conducted in the computer vi-
sion community, typically described as “human-
object interactions" (Regneri et al., 2013; Chao
et al., 2018; Sun et al., 2018; Ji et al., 2019). Most
closely related to our approach, which focuses on
trajectory data, is work on learning affordances for
human-robot communication. For example, Kalkan
et al. (2014); Ugur et al. (2009) learn affordance
representations based on the state changes of ob-
jects, but do not encode the full trajectory between
states. Also related is work in grounded language
in text-only models which investigates models abil-
ity to reason about objects through space and time
(Aroca-Ouellette et al., 2021).

Outside of NLP, models have been trained on
trajectory data for applications like human motion
path forecasting (Giuliari et al., 2021) and human
activity recognition (Wang et al., 2018). Our work
lies at the intersection of grounded language learn-
ing and spatiotemporal machine learning, using

representations of trajectory data to study verb se-
mantics.

Grounding and Lexical Semantics. Prior work
in formal semantics attempts to build feature-based
representations of verb meaning in terms of the
3D trajectories and state transitions entailed by
those verbs (Pustejovsky and Krishnaswamy, 2014;
Siskind, 2001; Steedman, 2002). Such work is
related more generally to the idea of mental sim-
ulation as a means for representing and reasoning
about linguistic concepts (Feldman, 2008; Bergen
et al., 2007; Bergen, 2012). We view our contribu-
tion as consistent with and complementary to this
formal semantics program. While the prior work
has sought to codify the precise truth conditions
of motion verbs, we investigate whether such rep-
resentations could emerge organically from data-
driven processes.

While we focus on concrete verbs in this paper,
other work has argued that motor processing and
mental simulation plays a more general role in lan-
guage processing. For example, Gärdenfors (2019)
makes a case for grounded distributional “concep-
tual spaces” as the foundation for modeling lin-
guistic concepts. Dorr and Olsen (2018) discusses
the role of metaphor in modeling abstract uses of
words like push. Borghi and Riggio (2009) argues
for the notion of a "motor prototype" as a key com-
ponent of recognizing and processing objects, and
Mazzuca et al. (2021) presents evidence that the
sensorimotor system (in particular the interactive
aspects) drive acquisition of abstract concepts.

3 Dataset

3.1 Overview

To carry out the proposed study, we require a
dataset that contains continuous 3D recordings of
an agent interacting with an object. While our rep-
resentation learning methods will not use linguistic
supervision, we require verb labels in order to eval-
uate our models. Thus, in our data, we require that
each recording is annotated with verbs describing
the motion of the object. For example, if the agent
throws a bouncy ball across a room, we’d expect
the recording to be annotated with a verb sequence
such as be thrown, fall, bounce, bounce, bounce,
roll, stop.

To produce such data, we build a simple Marko-
vian agent which interacts with a variety of objects
in a 3D virtual environment. We record the result-
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Figure 1: The Simulated Spatial Dataset consists of procedurally generated motion data of a virtual agent interact-
ing with an object. In this sequence the agent (red sphere) pushes the object (blue sphere). At t=0 and t=1, the
agent approaches the ball. Then, in t=2 and t=3, the agent pushes to ball. Finally, at t=4, the ball is rolling away
from the agent.

ing trajectory of the object and then, using crowd-
sourcing, ask humans to determine which verbs
could accurately describe which portions of the ob-
ject’s movement. An example sequence from the
dataset is shown in Figure 1.

3.2 Data Generation and Terminology

In this section we provide details on how we gener-
ate the data, and introduce terminology that will be
used throughout the rest of the paper.

Environment. The dataset is generated in Unity,
a game engine seeing increased use by researchers
(Deitke et al., 2020; Gan et al., 2020) for its acces-
sible rendering and physics simulation via the un-
derlying Nvidia PhysX physics engine. The dataset
and simulation source code are publicly available.1

Trajectory data. We define trajectory data as the
position and rotation of entities in space, repre-
sented with three-dimensional XY Z coordinates
and four-dimensional XY ZW quaternions respec-
tively. We choose to focus on only these features,
ignoring other possibilities like object shape or
identity, in order to focus on learning generaliz-
able aspects of verb semantics that are independent
of the object.

Sessions. The dataset is generated in 3-minute
continuous segments we refer to as sessions.
Within each session, several parameters are ran-
domized, including object shape, mass, drag, fric-
tion, and bounciness.

Action Primitives. The data generation is driven
by a Markov Chain with a set of randomly pa-
rameterized action primitives. In this Markov
Chain, the States are whether the object is Held, On-
Counter and OnGround. The transitions between

1https://github.com/dylanebert/
simulated

Figure 2: Crowd annotation task. Crowdworkers make
binary judgments on whether the verb applies to the
clip. In this example, the worker is asked Does the ob-
ject bounce? about the 1.5s video clip on the left.

these states are action primitives like PickUp, Put-
Down, or Throw. For example, when the object
is in the state OnCounter, the agent may execute
a PickUp, after which the object is Held. These
action primitives, combined with the physics of the
objects (e.g., their shape, mass, friction, bounci-
ness, etc) are intended to produce a wide range of
object motions corresponding to a range of verbs,
and we do not expect that the primitives will map
directly to the verbs that one would use to describe
the resulting object behavior. For example, when
we simulate a Throw primitive, the result might be
that the object flies across the room, hits the wall,
falls to the floor, and bounces until it comes to a
rest. We parameterize the execution of each action
with action-specific parameters, e.g. the force of
a throw. The combination of session- and action-
level parameters can result in a wide variety of
object motion from each primitive action. A full
description of the parameters for each action can
be found in Appendix A.
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Verbs. We highlight a distinction between action
primitives and the high-level actions or verbs that
emerge from them. For example, if the object is
pushed, it may then slide, bounce, roll, tumble, or
any combination thereof. We refer to all of these as
verbs, though only push is an action primitive. We
highlight this distinction because we are most in-
terested in studying the nuanced verbs that emerge
from the simulation, rather than the action primi-
tives that drive it explicitly.

Frames. Our atomic unit is frames, also referred
to as timesteps, which represent a single point in
time. Our dataset is collected at 60 fps, or 10,800
frames per session. For each frame, we record the
position and rotation of the object, as well as the po-
sition of the agent. This is sufficient to reconstruct
and render the scene from an arbitrary perspective
as needed. We choose this high framerate because
it’s relatively fast and inexpensive to rapidly pro-
duce trajectory data, which can be subsampled as
needed for rendering or modeling.

3.3 Crowdsourced Annotation
We collect labels for which verbs occur in the data,
and when they occur. To do this, we extract short
clips from the dataset, and ask crowdworkers to
provide binary judgments on whether the clip falls
in the extension of the verb.

Clips. We extract short clips from the dataset us-
ing Hierarchical Dynamic Clustering with Motion
energy-based pooling (Zhang et al., 2018), a self-
supervised action segmentation framework that can
be summarized as follows:

1. The 3D space is divided into clusters using
the provided trajectory data. The framework
uses Hierarchical Dynamic Clustering, which
is similar to k-means but shown to outperform
it on human motion parsing tasks.

2. A sliding window is applied to the cluster la-
bels for a given positional sequence. The num-
ber of transitions between clusters in a win-
dow are defined as its motion energy.

3. The subsequent motion energy curve is
smoothed using a Gaussian kernel with a
tuned smoothing factor.

4. The peaks of the motion energy curve are con-
sidered motion segments, with lengths varying
with respect to the width of the peak.

This algorithm is shown to perform well on hu-
man motion parsing, which we find transfers well

to our dataset when applied to object position. This
yields easily identifiable patterns of motion, e.g.
from the time the object is thrown to when it slows
to a stop. We find that, in contrast to a random
sliding window, this approach avoids cutting clips
in the middle of salient patterns of motion.

In our case, a disadvantage of this approach is
that the extracted segments are variable-length. To
simplify our pipeline, we filter to only segments of
length 72 to 96, then crop the segment to length 90,
or 1.5 seconds. We call each 1.5s segment a clip.
We choose this length to make the clip as short
as possible to avoid crowdworker fatigue, but give
sufficient time for a human observer to recognize
what’s happening.

Verbs. We produce 24 queries, each correspond-
ing to a verb, e.g. Does the object bounce? To do
this, the authors curate a list of 24 verbs2 of interest
which are likely to occur in the simulated data and
range from general descriptions (e.g., fall) to more
subtle descriptions of object motion (e.g., tumble).
When asking annotators whether a verb applies to a
clip, we always frame the question with the object
as the subject. That is, when a carry event occurs,
annotators are asked “is the object carried”.

We then consider every possible (clip, query)
pair a potential crowdsourcing task. We apply con-
servative heuristics to filter out (clip, query) pairs
that are guaranteed to have a negative label. For ex-
ample, if the Held state was never present in a clip,
we don’t ask if the object is carried. This results in
approximately 110k tasks, from which we sample
100 tasks per query, for a total 2400 crowdsourcing
tasks, such as the one shown in Figure 2.

Labels. For each crowdsourcing task, we obtain
responses from five workers, then take the major-
ity response as the label for that clip. The same
clip is shown for all applicable queries, resulting
in a supervised dataset of 24-dimensional vectors,
representing binary verb labels for each clip.3 The
dataset and all unaggregated annotations are avail-
able for download.4

2fall, carry, fall off, fall over, bounce, drop, pick up, push,
topple, bump, tumble, roll, put down, hit, throw, flip, toss, tip,
stop, spin, slap, slide, start, turn

3Labels are only yes or no. Unsure was not the majority
label for any task. Tasks that were filtered out during crowd-
sourcing are assigned a mask value that is ignored during
training and validation.

4https://lunar.cs.brown.edu/simulated/
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Figure 3: Crowd annotation agreement by verb. Workers agree most on when verbs of gravity occur, such as fall,
drop, bounce, and least on when verbs of rotation occur, i.e. turn, spin, tip.

4 Dataset Analysis

In this section, we analyze trends in the dataset
annotations, including worker agreement, and com-
parisons between semantically related verbs.

4.1 Agreement

Annotation agreement on a clip is the proportion
of responses that match the majority label for that
clip. Figure 3 shows annotation agreement by verb.
A noticeable trend is that agreement is higher for
particular semantic categories. Specifically, verbs
that involve gravity, i.e. fall, fall off, drop, and
bounce have higher agreement. On the other hand,
verbs of rotation, i.e. turn, spin, tip, flip have lower
agreement, alongside abstract verbs start and stop.
For start in particular, we even received feedback
from crowdworkers that they weren’t sure whether
the object started moving during the clip or not.

4.2 Co-occurrence

Figure 4 shows co-occurrence: specifically, given
that a clip is labeled by at least one worker as verb
v1, how often is it labeled by other workers as verb
v2? Co-occurrence allows us to answer questions
like how often is a toss considered a throw? and
vice-versa. We highlight some interesting verb
relationships.

General co-occurrence. Verb co-occurrence is
high in general. The average number of verbs used
to describe a given clip is 4 (where a verb is con-
sidered “used” if at least three workers use it). This
highlights the challenge of verb learning, as op-
posed to more concrete nouns and adjectives. Verbs

are applicable to a wide variety of behavior, even
if it isn’t a prototypical instance of that verb.

Lexical entailments. All dogs are animals but
not all animals are dogs. These types of semantic
containment relationships are also ascribed to verbs.
Analyzing our collected data, in some cases, we
observe the opposite of what’s expected. For exam-
ple, according to WordNet (Fellbaum, 2010), toss
is a type of throw. However, using the majority la-
bels, we find throws to be annotated as tosses more
often tosses than are annotated as throws. That is,
p(toss|throw) = .67 < p(throw|toss) = .75.

Frequent co-occurrences. Hit, push, and bump
stand out as the most frequently co-occurring verbs,
having over 90% co-occurrence with each other.
These likewise occur when many other verbs do,
but not reciprocally. For example, most slaps are
hits, but only 41% of hits are slaps. In many cases,
this can be explained by other verbs being imme-
diately preceded by the agent making contact with
the object, which gets labeled hit, push, and bump.

Fine-grained distinctions. Workers distinguish
roll from slide - only 50% of rolls are also con-
sidered slides, and vice-versa. This validates that
verbs with similar trajectories, which may be chal-
lenging for models, are indeed differentiated by
humans. Additionally, verbs with similar but nu-
anced meanings are differentiated. For example,
tip, tumble, fall over, and topple tend to co-occur
around 70-80% of the time. These also fall into
“verbs of rotation" category, which have the lowest
annotator agreement. It isn’t clear the extent to
which these are nuanced distinctions, or annotation
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Figure 4: Co-occurrence of different verbs for the same clip. Specifically, given that at least one worker labeled a
clip as v1 (row), how many times did other workers label the clip as v2 (column).

noise.

5 Experiments

Our hypothesis is that representation learning in
the 3D visuospatial world (without language super-
vision) can yield concept representations that align
to English verb semantics–i.e. can the represen-
tations capture nuanced distinctions like throw vs.
toss or slide vs. roll? To test this, we pretrain a
self-supervised model on a time-series prediction
task, and then use a perceptron classifier to evaluate
its learned representations.

We evaluate four approaches, described in de-
tail below. First, we train a simple perceptron to
evaluate the representational capacity of the trajec-
tory data as-is, as a comparative baseline. Second,
we train a fully supervised model to determine a
soft upper bound on the task without pretraining.
Third, we evaluate our self-supervised model. And
finally, we fine-tune the self-supervised model to
determine an upper bound with pretraining.

5.1 Experimental Setup

For all approaches, we evaluate representation qual-
ity with a multi-way verb classification task. Specif-

ically, we predict the verb labels for the 1.5s clips
gathered through the crowdsourcing task described
in Section 3.3.

Each input sample Xt1..90 is a 90x10 matrix of
position and rotation data, corresponding to 90
frames per clip and 10 spatial features5 per frame.
The output Y is a 24-dimensional multi-hot vector
indicating the whether each of our 24 verb classes
apply to the clip.

5.2 Approaches

Perceptron. We wish to evaluate the representa-
tional capacity of the raw trajectory data itself. To
do so, we train a single 24-dimensional dense layer
with sigmoid activation, equivalent to a perceptron
for each class. While very simple, this approach
gives an idea of how well trajectory data represents
verbs as-is, and provides a naive comparative base-
line against which to evaluate our more complex
pretraining techniques.

Fully Supervised. The fully supervised ap-
proach is similar to the perceptron, but adds a dense
layer and LSTM layer in-between. This is equiv-

5Object Position XYZ, Hand Position XYZ, and Object
Rotation XYZW.
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Figure 5: Our pretraining setup. During pretraining, the model learns to encode and represent input timesteps
for time-series prediction. To evaluate these learned representations, a perceptron probe is trained on the LSTM
outputs, without propagating gradients to the pretrained model.

alent to the model shown in Figure 5, but trained
end-to-end without pretraining. The purpose of
this approach is to provide an upper bound to the
experimental setup without pretraining.

Self-supervised Pretraining. To evaluate the ca-
pacity of self-supervised models to represent tra-
jectory data, we pretrain a time-series prediction
model on a large unlabeled dataset of 400k sessions.
That is, given n input frames Xt1..n , the model is
trained to predict k output frames Ytn+1..n+k

. The
model consists of a dense layer followed by an
LSTM layer unrolled k timesteps, as shown in Fig-
ure 5. We use a discounted mean squared error loss
as shown in Equation 1, which discounts loss by
how far it is into the future by factor γ.

γMSE =
n+k∑

t=n

γt(yt − ŷt)2 (1)

We tune discount factor γ, output length k, model
width, and batch size using a grid search on valida-
tion performance, resulting in values of 0.85, 60,
128, and 1024, respectively. Input length n is fixed
at 90 to match the length of clips.

We consider the concatenated LSTM outputs
as the representation of a clip. To evaluate this
representation compared to raw trajectory data, we
freeze the weights of the pretrained model and, as
when evaluating the raw trajectory data, train a
perceptron for each class.

Approach mAP (%)
Random Stratified 41.4
Perceptron 65.3
Fully Supervised 72.2
Pretraining + Probe 76.3
Pretraining + Finetuning 77.4

Table 1: Mean Average Precision (mAP) for each ap-
proach. The pretrained approaches outperform others
on verb classification.

Fine-tuning. To provide an upper bound for our
experimental setup with pretraining, we fine-tune
the self-supervised model. This is the same as the
previous approach, but allows the gradients in the
perceptron step to pass through the entire model.

6 Results

We report Mean Average Precision on unseen test
data for each approach in Table 1. We compare
these to random stratified predictions that are based
on the class distribution of the training data.

Perceptron. The perceptron approach evaluates
the representational capacity of raw trajectory data
as-is, with a lower bound of random stratified and
soft upper bound of fully supervised. The percep-
tron performs relatively well for its simplicity, be-
ing only 7 points below the fully supervised upper
bound. This suggests that the trajectory data itself
encodes a significant amount of verb meaning, but
leaves plenty of room for improvement.
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carry

Figure 6: Comparison of each approach by verb. As we are primarily interested in the effect of pretraining,
all bars are shown relative to the performance of the fully supervised model. I.e., the fully supervised model
(which represents a soft upper bound on how well one can do given raw state information without any pretraining)
is visualized as 0, and all other models are visualized relative to that. Human performance is inner-annotator
agreement (% of workers who agree on the majority label).

Self-supervised pretraining. The pretraining +
probe approach evaluates the ability of self-
supervised models to encode verb meaning from
trajectory data. This is equivalent to the perceptron
approach, but with learned hidden representations
as input rather than raw trajectory data. The pre-
trained model does outperform the perceptron, as
well as the fully supervised approach. Fine-tuning
only improves on this slightly, highlighting that
self-supervised pretraining can yield representa-
tions that successfully encode verb meaning.

Breakdown by verb. Figure 6 shows a compari-
son of average precision for each verb. There are
some patterns worth highlighting. In particular, we
can categorize verbs into three main groups: trivial,
tractable, and hard.

Trivial verbs are verbs that can are well-
represented by trajectory data as-is, i.e. those with
high performance with the perceptron approach.
These include fall, fall off, fall over and pick up.6.
Many of these have high agreement, and may be
explained by the object’s change in height.

Tractable verbs are those that see significant ben-
efit from pretraining, including slide, roll, throw,

6We exclude hit, push, and bump from trivial verbs, as
these have high average precision with random stratified, show-
ing that they are very positively skewed, not necessarily well-
represented.

toss, put down, turn, flip, and stop. An intuition
behind this is that these verbs involve manner dis-
tinctions, and in particular, rotations of the object
relative to itself. Such information doesn’t fall di-
rectly out of raw state descriptions, but is likely
to be well modeled by a pretraining objective that
tries to predict the object’s future position.

Hard verbs are those with low performance that
don’t benefit much from pretraining. These include
bounce, drop, tip, topple, and spin. Many of these
are verbs which have lower agreement. Bounce,
slap and spin appear to benefit a bit from both pre-
training and fine-tuning, suggesting that they may
be tractable with similar but more robust pretrain-
ing. Tip and topple have fairly high performance,
and may almost be categorized as trivial, perhaps
being explained by the object’s change in rotation.
However, they are noticeably lower than other triv-
ial verbs, despite seeing no benefit from pretraining,
suggesting that there is nuance to their meaning in
the dataset, which isn’t captured by any approach.
Finally, drop is a great example of a hard verb,
as it is similar to trivial verbs like fall. However,
drop involves interaction between the agent and
object that is highly agreed upon by annotators, but
doesn’t appear to be captured by our approaches,
despite the model receiving both object and agent
data. More challenging examples may be able to
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unveil a similar story for other verbs of interaction
like pick up and put down.

7 Discussion and Conclusion

We test the hypothesis that verb meanings can be
grounded in 3D trajectories, i.e., the position of
objects over time. Specifically, we investigate the
extent to which representations of object trajec-
tories, learned without any linguistic supervision,
naturally encode concepts that align to English
verb semantics. Our primary contributions are
twofold. First, we build a procedurally generated
agent-object-interaction dataset for which we col-
lect crowdsourced annotations. This is the first
dataset of its kind, and provides a rich inventory
of human judgments about the extensions of 24
verbs of motion. Second, we compare a variety
of representation learning approaches, specifically
contrasting approaches which operate directly on
perceptual inputs to approaches which learn ab-
stractions over the raw perception (via pretraining).
We find that some verbs meanings (e.g., fall and
push) are captured easily by the raw state infor-
mation, while others (e.g., roll and turn) require
additional processing to be represented well.

This work is a first step toward exploring ways to
capture fine-grained distinctions in grounded verb
semantics that are trivial for humans, but challeng-
ing for models. Recent benchmarks at the inter-
section of NLP, vision and robotics (Deitke et al.,
2020; Shridhar et al., 2020b) illuminate unsolved
challenges in AI that demand a more robust under-
standing of verb semantics and spatial reasoning.
As these benchmarks continue to be developed,
and rich multimodal datasets from technologies
like virtual reality become increasingly abundant,
we envision that future work in this vein will be
especially relevant.

In the future, we plan to explore more sophisti-
cated models for self-supervised pretraining, and
evaluate how well these models transfer to more
naturalistic language learning settings (Ebert and
Pavlick, 2020). Beyond this, there is a large body
of related research questions to be explored. For
example, can representations of trajectory data be
fused with visually-grounded representations to
yield better encodings of verb semantics? Collabo-
rative efforts will be key to addressing these next
milestones in natural language understanding.
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Borghi, and Erol Şahin. 2014. Verb concepts from
affordances. Interaction Studies, 15(1):1–37.

Douwe Kiela, Alexis Conneau, Allan Jabri, and
Maximilian Nickel. 2017. Learning visually
grounded sentence representations. arXiv preprint
arXiv:1707.06320.

Angeliki Lazaridou, Nghia The Pham, and Marco Ba-
roni. 2015. Combining language and vision with a
multimodal skip-gram model. pages 153–163.

Claudia Mazzuca, Chiara Fini, Arthur Henri Michal-
land, Ilenia Falcinelli, Federico Da Rold, Luca Tum-
molini, and Anna M Borghi. 2021. From affor-
dances to abstract words: The flexibility of senso-
rimotor grounding. Brain Sciences, 11(10):1304.

James Pustejovsky and Nikhil Krishnaswamy. 2014.
Generating simulations of motion events from verbal
descriptions. In Proceedings of the Third Joint Con-
ference on Lexical and Computational Semantics
(*SEM 2014), pages 99–109, Dublin, Ireland. As-
sociation for Computational Linguistics and Dublin
City University.

Benjamin Radford. 2020. Seeing the forest and the
trees: Detection and cross-document coreference
resolution of militarized interstate disputes. In Pro-
ceedings of the Workshop on Automated Extraction
of Socio-political Events from News 2020, pages
35–41, Marseille, France. European Language Re-
sources Association (ELRA).

Michaela Regneri, Marcus Rohrbach, Dominikus Wet-
zel, Stefan Thater, Bernt Schiele, and Manfred
Pinkal. 2013. Grounding action descriptions in
videos. Transactions of the Association for Compu-
tational Linguistics, 1:25–36.

Kumar Shridhar, Harshil Jain, Akshat Agarwal, and De-
nis Kleyko. 2020a. End to end binarized neural net-
works for text classification. In Proceedings of Sus-
taiNLP: Workshop on Simple and Efficient Natural
Language Processing, pages 29–34, Online. Associ-
ation for Computational Linguistics.

Mohit Shridhar, Jesse Thomason, Daniel Gordon,
Yonatan Bisk, Winson Han, Roozbeh Mottaghi,
Luke Zettlemoyer, and Dieter Fox. 2020b. Alfred:
A benchmark for interpreting grounded instructions
for everyday tasks. In Proceedings of the IEEE/CVF
conference on computer vision and pattern recogni-
tion, pages 10740–10749.

Carina Silberer and Mirella Lapata. 2012. Grounded
models of semantic representation. In Proceedings
of the 2012 Joint Conference on Empirical Methods
in Natural Language Processing and Computational
Natural Language Learning, pages 1423–1433, Jeju
Island, Korea. Association for Computational Lin-
guistics.

2869

http://arxiv.org/abs/1702.05448
http://arxiv.org/abs/1702.05448
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://www.aclweb.org/anthology/2020.starsem-1.16
https://www.aclweb.org/anthology/2020.starsem-1.16
http://arxiv.org/abs/1912.06992
http://arxiv.org/abs/1912.06992
http://www.aclweb.org/anthology/N15-1016
http://www.aclweb.org/anthology/N15-1016
https://doi.org/10.3115/v1/S14-1014
https://doi.org/10.3115/v1/S14-1014
https://www.aclweb.org/anthology/2020.aespen-1.7
https://www.aclweb.org/anthology/2020.aespen-1.7
https://www.aclweb.org/anthology/2020.aespen-1.7
https://doi.org/10.18653/v1/2020.sustainlp-1.4
https://doi.org/10.18653/v1/2020.sustainlp-1.4
http://www.aclweb.org/anthology/D12-1130
http://www.aclweb.org/anthology/D12-1130


Jeffrey Mark Siskind. 2001. Grounding the lexical se-
mantics of verbs in visual perception using force dy-
namics and event logic. Journal of artificial intelli-
gence research, 15:31–90.

Mark Steedman. 2002. Plans, affordances, and com-
binatory grammar. Linguistics and Philosophy,
25(5):723–753.

Chen Sun, Austin Myers, Carl Vondrick, Kevin Mur-
phy, and Cordelia Schmid. 2019. Videobert: A joint
model for video and language representation learn-
ing. arXiv preprint arXiv:1904.01766.

Chen Sun, Abhinav Shrivastava, Carl Vondrick, Kevin
Murphy, Rahul Sukthankar, and Cordelia Schmid.
2018. Actor-centric relation network.

Emre Ugur, Erol Sahin, and Erhan Oztop. 2009. Pre-
dicting future object states using learned affordances.
In 2009 24th International Symposium on Computer
and Information Sciences, pages 415–419. IEEE.

Lei Wang, Yangyang Xu, Jun Cheng, Haiying Xia, Jian-
qin Yin, and Jiaji Wu. 2018. Human action recogni-
tion by learning spatio-temporal features with deep
neural networks. IEEE access, 6:17913–17922.

Mark Yatskar, Luke Zettlemoyer, and Ali Farhadi.
2016. Situation recognition: Visual semantic role
labeling for image understanding. In Proceedings of
the IEEE Conference on Computer Vision and Pat-
tern Recognition (CVPR).

Yan Zhang, Siyu Tang, He Sun, and Heiko Neumann.
2018. Human motion parsing by hierarchical dy-
namic clustering. In BMVC, page 269.

2870

http://arxiv.org/abs/1807.10982


A Dataset parameters

The following tables describe the session-level and action-level parameters for our procedural data
generation protocol described in Section 3.2.

Parameter Description Random Values
Start Location Initial agent location random from waypoint set
Start Rotation Initial agent rotation in degrees (0, 360)

Target Mesh Shape of the object cube/sphere/capsule/cylinder
Target Position Initial object location random location on counter
Target Rotation Initial object rotation in degrees (0, 360)

Target Mass Mass in kg of the object (0.1, 10)

Target Drag Hinders object motion (0, 2)

Target Angular Drag Hinders object angular motion (0.1, 1)

Dynamic Friction Friction when object is moving (0, 1)

Static Friction7 Friction when object is not moving (0, 1)

Bounciness Energy retained on bounce (0, 1)

Table 2: Session-level parameters, which add variety between 3-minute sessions.

Parameter Description Values
Pick Speed Hand velocity for Pick motion (1, 3)

Put Speed Hand velocity for Put motion (1, 3)

Push Speed Hand velocity for Push motion (1, 3)

Throw Force Object force for Throw motion (25, 125)

Hit Force Object force for Hit motion (25, 125)

Table 3: Action-level parameters, which add variety in the execution of each action primitive in the dataset.
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Abstract

Long-context question answering (QA) tasks
require reasoning over a long document or
multiple documents. Addressing these tasks
often benefits from identifying a set of evi-
dence spans (e.g., sentences), which provide
supporting evidence for answering the ques-
tion. In this work, we propose a novel method
for equipping long-context QA models with an
additional sequence-level objective for better
identification of the supporting evidence. We
achieve this via an additional contrastive super-
vision signal in finetuning, where the model is
encouraged to explicitly discriminate support-
ing evidence sentences from negative ones by
maximizing question-evidence similarity. The
proposed additional loss exhibits consistent
improvements on three different strong long-
context transformer models, across two chal-
lenging question answering benchmarks – Hot-
potQA and QAsper.1

1 Introduction

Answering questions that require reasoning over
a long sequence, such over long documents or
multiple documents, is a challenging task (Pang
et al., 2021). Research in this domain mostly in-
cludes tasks that involve multiple text segments,
over benchmarks like HotpotQA (Yang et al., 2018)
and QAsper (Dasigi et al., 2021). HotpotQA is a
multi-hop QA benchmark over multiple paragraphs
from Wikipedia, while QAsper involves reading
comprehension from long academic papers, where
relevant information on a question could be spread
across the paper.

Given the task complexity (Choi et al., 2017),
benchmarks often provide an additional set of evi-
dence spans, such as sentences or paragraphs, for
a given question answer pair. This breaks down
the long-context QA task, adding a preliminary

∗ Work partly done as an intern at AI2.
1Our code is available at https://github.com/

aviclu/long-context-qa-contrast.

evidence span detection, which is crucial for suc-
cessfully finding the correct answer, and also poten-
tially helps in model interpretability. In this work,
we propose a method for improving long-context
QA via leveraging such evidence spans, by maxi-
mizing their similarity with the question.

Since identifying the evidences provides rele-
vant information for answering the question, prior
work showed that jointly training models to per-
form evidence span extraction in addition to answer
generation is important for achieving high perfor-
mance (Yang et al., 2018; Dasigi et al., 2021). To
jointly perform evidence extraction and question
answering, models utilize sentence representations
(marker tokens) in the input; the final layer repre-
sentation corresponding to these markers is then
passed through a classification layer and is opti-
mized using the cross-entropy loss in conjunction
with the answer extraction/generation loss. We
conjecture and demonstrate (see Table 1) that this
objective does not sufficiently capture relationships
between the question and the candidate evidence
spans. Thus, we propose a complementary objec-
tive for enforcing question-evidence similarity in
the model representation (see Fig. 1). Further, we
show that optimizing the question-evidence sim-
ilarity under a certain subspace by using linear
projection of the raw representations may softly
impose information encoding about their related-
ness. Since questions may be partitioned into sev-
eral types (e.g., yes/no, generative, non answerable,
etc.) in the common QA settings, we also inves-
tigate learning separate projections per question
type.

Driven by the intuition that questions should be
similar to their supporting evidences, under some
specific geometric sub-space, we propose a novel
supervised contrastive learning objective for the
finetuning stage, aiming to maximize similarity
of question-evidence representations. Contrastive
learning has been recently applied to a variety of
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<s> Which retrieval system was used for the
baselines?... </s> The software question set was built from the

definitional “excerpt” entry for each tag (entity) on
StackOverflow... </s> The context document for each record

consists of a list of ranked and scored pseudo documents relevant
to the question. </s> Several baselines rely on the retrieved
context to extract the answer to a question... </s> Reading

comprehension models ...

A: The dataset comes with a ranked set of
relevant documents. Hence the baselines do

not use a retrieval system.

</s>

LED

</s></s> </s> </s>

Figure 1: Demonstration of our method over an example instance from QAsper (Dasigi et al., 2021). A long
sequence is fed to a model, producing representations for the marker special tokens. Then, these vectors are used
to compute our contrastive objective. The token colored in blue represents the question, and the tokens colored in
green (red) represent positive (negative) evidence sentences. The goal is to maximize the similarity between the
blue vector and the green vectors.

deep learning models in computer vision (Chen
et al., 2020; Chen and He, 2021) and NLP (Gao
et al., 2021; Gunel et al., 2021). Unlike prior NLP
related methods, our proposed loss term is model-
agnostic and operates in the sequence-level in a
supervised manner. This objective targets ques-
tion and evidence representations within input se-
quences, and unlike prior work, it is not based
on individually encoding sentences or paragraphs.
We show that our additional contrastive supervi-
sion provides consistent improvements on three
different models and two datasets, demonstrating
its effectiveness and versatility.

2 Setup

In this section, we define and elaborate the common
setup and notations for long-context QA.

Assume that we are given a question qi and a con-
text Si=〈s1, ..., sM 〉 consisting ofM sentences (sj
can be also a document/paragraph/passage, depend-
ing on the dataset). From Si, the task is to iden-
tify the correct answer ai and a set of N evidence
spans S+i ={si1 , ..., siN } where ij are indices of
the sentences that are the supporting evidence for
answering the question qi.

As common in the input setup of long-context
transformer models (Beltagy et al., 2020; Zaheer
et al., 2020; Caciularu et al., 2021), which are the

current state-of-the-art models for solving long-
context QA tasks, the question and context sen-
tences are concatenated in a single long sequence
with special sentence tokens specifying sentence
boundaries. Then the input is passed to the long-
context transformer, which is trained to jointly iden-
tify the evidence sentences and extract or generate
the answer.

Concretely, for each example, we prepare the
following concatenated input sequence:

[〈s〉, qi, 〈/s〉, s1, 〈/s〉, s2, ..., 〈/s〉, sM ]

where “,” is the string concatenation operation, qi
and sj are sequences of tokens corresponding to the
question and the jth sentence in the input context,
and 〈s〉 and 〈/s〉 are special tokens representing
the question and a context sentence, respectively
(See Fig. 1 for an example).

Then, a QA loss, which we denote by LQA is
applied over the contextualized representation of
each sentence token, and is optimized using super-
vision. LQA depends on the dataset and can take
the form of a multi-task objective, representing
multiple tasks in the context of QA (Dasigi et al.,
2021) (particularly evidence extraction and answer
generation).
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3 Question-Evidence Contrastive Loss

In this section, we elaborate on our novel proposed
contrastive loss term, combining question-evidence
similarity maximization (§3.1), and question-type
aware projections (§3.2).

3.1 Question-Evidence Similarity
To encourage the long-context transformer model
to capture relationships between the question and
evidence sentences, we introduce an additional
sequence-level loss that compares and contrasts
the question with context sentences.

The additional proposed loss LQE is based on
the InfoNCE loss (Oord et al., 2018), and is ap-
plied over instances consisting of triplet of vectors
representing the question, an evidence sentence
and distractor sentences. The loss encourages the
question and evidence representations to become
closer to each other, while pushing the question
and distracting sentences away.

Formally, the contrastive loss is defined as the
sum of negative log-likelihood losses over all input
examples, where each loss term discriminates the
positive units from negative ones:

LQEi = − log
∑

s+∈S+i


 esim(s+,qi)/τk
∑
s∈Si

esim(s,qi)/τk


 , (1)

where s (qi) is the sentence (question) marker vec-
tor representation (see 〈s〉 and 〈/s〉 in Fig. 1), τk is
the configurable temperature hyperparameter, and
sim(·) is a similarity metric. LQEi serves a sin-
gle example, and the final aggregated loss LQE is
obtained by averaging over all the examples.

We incorporate LQE into the main QA span ex-
traction/generation loss LQA using the augmented
loss:

L = (1− λ) · LQA + λ · LQE ,
where λ is a weighting hyperparameter.

The underlying sim(·) can take the form of a
non-parametric similarity function, e.g., the dot
product (sim (s, q) =s>q) or the cosine similarity
(sim (s, q) = s>q

‖s‖‖q‖ ). However, we show empiri-
cally that using such similarity over the raw rep-
resentations harms the performance results of the
model, since seemingly, it is hard to find a shared
representation that should optimize the two loss
functions. Hence, we adopted linear projections,
per question type, to cast the similarity learning
objective into proxy linear spaces.

3.2 Incorporating Question-Type Projections

Long-context QA benchmarks often provide a
question-type label per instance as an additional
challenge, such as {yes, no, span} for HotpotQA.
We hypothesize that maximizing question-evidence
similarity under a question-type-specific sub-space
can enable more flexibility and inductive bias to
the model, for producing better representations and
further improving the performance. Following Iter
et al. (2020), we define the following similarity
function:

simk (s, q) = s>Wkq, (2)

where k is the expected question type andWk is the
corresponding learnable projection matrix. Such
linear projections ensure that a specific subspace
per question type exists. We additionally incorpo-
rate different temperature hyperparameters τk per
question type in Eq. 1 (see the ablation in Table 4
for their effect). The dimensions of the proposed
Wk tend to be large, in accordance with the dimen-
sions of the transformer’s hidden-layers.2 Hence,
following Barkan et al. (2020), we apply new non-
square linear projections instead of using Wk:

simk (s, q) =
s>k qk
‖sk‖‖qk‖

, (3)

where we set

sk:=W
S
k s, qk:=W

Q
k q,

and WS
k (or WQ

k ) is the matrix that projects s (or
q) into a lower dimension, in the kth question-type
sub-space. In order to improve the separation be-
tween the different sub-spaces induced by different
question types, we generated additional negative
instances per sentence, as follows.

We projected every question-sentence pair using
all the mappings according to the available ques-
tion types, and computed their cosine similarity
(according to Eq. 3). Then, all the obtained scores
were considered as negative, except the ones that
belong to question-evidence pairs projected using
the correct question-type mapping.

4 Evaluation and Analysis

In this section, we provide details about the experi-
ments that we conducted and their outcomes.

2Empirically, we end up with Wk ∈ R768×768 for base-
sized models and Wk ∈ R1024×1024 for large-sized models.
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Method Yes No Span

Trained only with LQA 8.4 4.9 46.4
+LQE using Eq. 3 with a single projection 72.4 65.2 77.5
+LQE using Eq. 3 86.3 84.2 87.6

Table 1: Mean Average Precision (mAP) question-
evidence cosine similarity results per question type for
the HotpotQA-distractor dev set.

4.1 Experimental Setup

In order to demonstrate the contribution of our
method, we evaluated it over the recent QAsper
dataset (Dasigi et al., 2021) and the well-known
HotpoQA dataset (Yang et al., 2018), which share
the same setup (§2).

QAsper (Dasigi et al., 2021) is a long-document
QA dataset which was built over academic papers,
where NLP practitioners were recruited to (abstract-
edly) generate questions following the title and the
abstract of a particular paper, as well as creating the
the correct evidence and answers to those questions
based on the entire paper. More than half of the
examples in QAsper require collecting evidences
from multiple evidences in the given paper. For this
benchmark, LQA represents the sum of the teacher-
forced text generation and evidence classification
loss functions, in a multi-task training setup.

HotpotQA (Yang et al., 2018) introduced the task
of multihop extractive question answering, in the
reading comprehension setting, where the inputs
are a question and multiple paragraphs from vari-
ous related and non-related documents. A model
is queried to extract answer spans and evidence
sentences, where it should handle challenging ques-
tions that require finding and reasoning over mul-
tiple supporting documents. For the models we
applied to this benchmark, LQA represents the stan-
dard cross-entropy answer extraction loss.

To test the contribution of our LQE loss, We
replicated the experiments described in Dasigi et al.
(2021) and Caciularu et al. (2021) for QAsper and
HotpotQA, respectively. For QAsper, we finetuned
the LED-base model,3 and evaluated it on the ques-
tion answering and evidence selection tasks. For
HotpotQA, we used the Longformer model and
CDLM4 as the backbone long-sequence language
models for this task. Since CDLM was provided

3According to Dasigi et al. (2021), LED-base outperforms
LED-large over QAsper.

4CDLM was shown to be an effective long-range cross-
encoder model for HotpotQA.

only as a base-sized model, we pretrained a larger
version of the CDLM model, and hence used both
the base and large versions of both Longformer
and CDLM. For further details see Appendix B.1
and B.2.

For both benchmarks, we performed a grid
search for determining the hyper-parameters of the
contrastive loss (more details in Appendix C).

4.2 Results and Analysis

Qustion-Evidence Similarity Analysis. As a
preliminary assessment, we first investigate the
question and evidences representations of models
trained on the HopotQA dataset. We motivate the
use of our method by presenting the mean Average
Precision (mAP) ranking results produced accord-
ing to the question-sentence cosine similarities for
the marker tokens trained representations of the
CDLM-large model. From Table 1, we observe
that without applying our additional loss term, the
question representations are distant from the evi-
dence representations. Using a single learned pro-
jection increases this desirable similarity, and using
a learned projection per question type yields the
highest mAP scores. Hence, integrating question-
type aware linear projections can be a beneficial
part of our contrastive loss, and overall it further
improves the QA results as we show next. An addi-
tional illustration of this effect, where we visualize
the marker representations, appears in Appendix A.

Main results. We adopted the F1 evaluation met-
rics corresponding to the original works (Dasigi
et al., 2021; Beltagy et al., 2020). Tables 2 and
3 present the evaluation results over the QAsper
and HotpoQA datasets, respectively. We show the
performance difference when adding our additional
loss term with “+LQE” (and question-type similar-
ity function from Eq. 3).

As shown in the table, the addition of LQE ex-
hibits the best performance across all examined
models and benchmarks, clearly demonstrating its
consistent advantage. Note that maximizing the
question-evidence similarity resulted also in evi-
dence detection improvement – see the “Evidence”
and the “Sup” metrics in Tables 2 and 3, respec-
tively. All the results are statistically significant
using the bootstrap test with p < 0.01 (Dror et al.,
2018).

Ablations. Table 4 demonstrates ablation study
results for evaluating the effectiveness of our design
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Input Extractive Abstractive Yes/No Unanswerable Evidence Overall
Dev. Test Dev. Test Dev. Test Dev. Test Dev. Test Dev. Test

LED (2020) 26.1 31.0 16.6 15.8 67.5 70.3 28.6 26.2 23.9 29.9 29.1 32.8
+ LQE (∆) +0.2 +0.2 +0.8 +1.0 +1.6 +0.2 +1.5 +1.9 +1.0 +0.7 +0.9 +0.7

Table 2: Performance change when applying our additional loss LQE to the LED SOTA model on QAsper.

Model Ans Sup Joint

ba
se

si
ze Longformer-base (2020) 74.5 83.9 64.5

+LQE (∆) +0.9 +0.2 +1.0

CDLM-base (2021) 74.7 86.3 66.3
+LQE (∆) +0.9 +0.3 +0.2

la
rg

e
si

ze Longformer-large (2020) 81.3 88.3 73.2
+LQE (∆) +0.3 +0.1 +0.9

CDLM-large (2021) 81.3 89.1 73.8
+LQE (∆) +0.3 +0.6 +0.8

Table 3: HotpotQA-distractor results (F1) for the dev
set. We use the “base” and “large” model size results
of CDLM and the Longformer for direct comparison.
Ans: answer span, Sup: Supporting facts.

Joint ∆

CDLM-large + LQE and sim(·) is Eq. 3 74.6
− using a single τ parameter for all the question types 74.2 -0.4

− sim(·) is the dot product 73.1 -1.5
− sim(·) is the cosine similarity 74.0 -0.6
− simk(·) is the bilinear distance (Eq. 2) 73.7 -0.9
− sim(·) is Eq. 3 with a single projection (Wk = W ) 74.0 -0.6

− w/o incorrect question type projected negatives 74.2 -0.4

Table 4: Similarity function ablation results (Joint F1)
of CDLM-large and our loss term on the HotpotQA-
distractor dev set.

decisions. Using a constant temperature parameter
for all question types, as well as using different
degenerated similarity functions, exhibits lower
performance. Further, the last row in Table 4 shows
that treating correct answers that are projected to
the wrong question type as negatives also improves
the results. Overall, the ablation study shows the
advantage of using Eq. 3 as a similarity function
that provides fine-grained expressive modeling for
each question type, in its own sub-space.

Discussion. An additional theoretical justification
to our contrastive learning is provided in (Gao et al.,
2021), where we can imply that our loss term im-
proves the uniformity and therefore the expressive-
ness of the question and evidence representations.
Moreover, one can attribute the success of our con-
trastive loss to the fact that long-range transformer
models lack long-range signals during pretraining,

and hence such explicit modeling as we suggest
is necessary. In fact, comparing CDLM’s results
to the Longformer illustrates that our cotrastive
term has higher impact on models without global
attention-based pretraining.

5 Conclusion

In this work, we proposed an effective sequence-
level contrastive loss for improving the perfor-
mance of long-range transformers in solving QA
tasks that require reasoning over long contexts. We
demonstrate consistent improvement when using
our approach on three different models over two
different benchmarks. For future work, we pro-
pose exploring variations of our proposed super-
vised loss on other long-context tasks, such as long-
document and multi-document summarization, and
integrating our method into information retrieval
re-ranker models.
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Appendix

A Question-Evidence Similarity
Demonstration

In this section, we further interpret the outcome of
our contrastive loss.

We apply PCA over the relevant normalized to-
ken representations of the validation data of Hot-
potQA (i.e., the question and answers represen-
tations in Fig. 1), and depicted them in 2. The
projected representations of the correct and wrong
answers are equally distributed at the beginning
of the training (left figure). After several epochs
when the model converged (right figure), the an-
swer representations’ manifold got closer to the
questions’ representations (in terms of radial dis-
tance). Each beam in the figure corresponds to a
different question type (there are 3 in HotpotQA).
The correct evidence representations (green dots)
are the closest among the whole answer represen-
tations, confirming that our additional contrastive
loss term generalizes and maximizes the question-
evidence similarity.

B Datasets and Finetuning Details

In this section, we provide details, regrading fine-
tuning and hyper-parameter configuration, over the
benchmarks we used during our experiments.

B.1 QAsper

Since some of the questions included in QAsper
are not answerable, we apply our contrastive loss
only over examples that are answerable and contain
at least one evidence sentence.

We train all models using the Adam opti-
mizer (Kingma and Ba, 2014) and a triangular
learning rate scheduler (Howard and Ruder, 2018)
with 10% warmup. To determine number of epochs,
peak learning rate, and batch size, we performed
manual hyperparameter search on a subset of the
training data. We searched over {1, 3, 5} epochs
with learning rates {1e−5, 3e−5, 5e−5, 9e−5}, and
found that smaller batch sizes generally work better
than larger ones. Our final configuration was 10
epochs, peak learning rate of 5e−5, and batch size
of 2, which we used for all reported experimental
settings. When handling full text, we use gradient
checkpointing (Chen et al., 2016) to reduce mem-
ory consumption. We run our experiments on a
single RTX 8000 GPU, and each experiment takes
30–60 minutes per epoch.

B.2 HotpotQA

We used the HotpotQA-distractor dataset (Yang
et al., 2018). Each example in the dataset is in-
cludes a question and 10 paragraphs from differ-
ent documents, extracted from Wikipedia. Two
gold paragraphs include the relevant information
for properly answering the question, mixed and
shuffled with eight distractor paragraphs (for the
full dataset statistics, see Yang et al. (2018)). There
are two goals for this task: detecting the supporting
facts, i.e., evidence sentences, as well as extraction
of the correct answer span.

For preparing the data for training and eval-
uation, we follow the same finetuning scheme
of the CDLM (Caciularu et al., 2021) and
the Longformer (Beltagy et al., 2020); For
each example, we concatenate the question
and all the 10 paragraphs in one long con-
text. We particularly use the following input
format with special tokens and our document
separators: “[CLS] [q] question [/q]
〈doc-s〉〈t〉 title1 〈/t〉 〈s〉 sent1,1 〈/s〉
〈s〉 sent1,2 〈/s〉 〈/doc-s〉 ... 〈t〉
〈doc-s〉 title2 〈/t〉 sent2,1 〈/s〉 〈s〉
sent2,2 〈/s〉 〈s〉 ...” where [q], [/q], 〈t〉,
〈/t〉, 〈s〉, 〈/s〉, [p] are special tokens represent-
ing, question start and end, paragraph title start
and end, and sentence start and end, respectively.
The new special tokens were added to the models
vocabulary and randomly initialized before task
finetuning. We use global attention to question
tokens, paragraph title start tokens as well as sen-
tence tokens. The model’s structure is taken from
Beltagy et al. (2020).

As in Beltagy et al. (2020); Caciularu et al.
(2021), we finetune our models for 5 epochs, us-
ing a batch size of 32, learning rate of 1e−4, 100
warmup steps. Finetuning on our models took
∼6 hours per epoch, using four 48GB RTX8000
GPUs for finetuning our models. For generating the
CDLM-large results, we pretrined our version us-
ing the code from https://github.com/aviclu/

CDLM/tree/main/pretraining.

C Contrastive Loss Details

In this section, we provide the details for reproduc-
ing our contrastive term, which is relevant for both
QAsper and HotpotQA.

We searched over d× {d, d2 , d4 , d8} to determine
the linear projections’ dimensions, where d is the
model’s hidden layer representation dimension (it
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Figure 2: PCA plots of the learned question and answer token embeddings on the HotpotQA validation set, com-
paring early training epochs results (left) and results after model convergence (right). The wrong evidence rep-
resentations correspond to both wrong evidences, or correct evidences using the wrong question type projections
(our soft negatives).

depends on the size of the model). In order to
determine the temperature hyperparameter τ , we
searched over {0.2, 0.4, 0.6, 0.8, 1.0} per question
type (if applicable). We also applied dropout
with a rate of p = 0.1 over the linear projections,
which consistently improved the results over all
the benchmarks. Finally, we searched for the best
performing λ hyperparameter over the values of
{0.2, 0.4, 0.6, 0.8, 1.0}.
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Abstract

This paper presents a corpus of 43,985 clinical
patient notes (PNs) written by 35,156 exami-
nees during the high-stakes USMLE® Step 2
Clinical Skills examination. In this exam, ex-
aminees interact with standardized patients -
people trained to portray simulated scenarios
called clinical cases. For each encounter, an
examinee writes a PN, which is then scored
by physician raters using a rubric of clini-
cal concepts, expressions of which should be
present in the PN. The corpus features PNs
from 10 clinical cases, as well as the clinical
concepts from the case rubrics. A subset of
2,840 PNs were annotated by 10 physician
experts such that all 143 concepts from the
case rubrics (e.g., shortness of breath) were
mapped to 34,660 PN phrases (e.g., dyspnea,
difficulty breathing). The corpus is available via
a data sharing agreement with NBME and can
be requested at https://www.nbme.org/
services/data-sharing.

1 Introduction

Large clinical text corpora are both one of the most
needed and one of the least available resources in
biomedical NLP, largely due to patient confiden-
tiality considerations and expert annotation cost.
This has been identified as a main reason for lag-
ging progress in biomedical NLP compared to the
general NLP domain (Chapman et al., 2011), and
is evidenced by the fact that MIMIC-III (Johnson
et al., 2016) is the only freely available large cor-
pus of clinical notes to date (Section 2). As a re-
sult, biomedical NLP is heavily reliant on corpora
of PubMed scientific abstracts,1 whose academic
language is in stark contrast to the often ungram-
matical and telegraphic text constructions found in
clinical notes.

A known example of how the lack of shared clin-
ical note corpora affects application development

1See BLURB: https://microsoft.github.io/BLURB/

is the task of NLP-assisted scoring of clinical pa-
tient notes (PNs) written during exams. In medical
education, students are often assessed through en-
counters with standardized patients - people trained
to portray simulated scenarios called clinical cases.
For each such encounter, the student is expected
to perform a history and physical examination, de-
termine differential diagnoses, and then document
their findings in a PN. This assessment format is
ubiquitous in medical education due to the impor-
tant clinical skills it measures (van der Vleuten and
Swanson, 1990; Wang et al., 2021), however, there
is a significant cost associated with the manual
scoring of the produced PNs by expert physician
raters, as well as potential for human error and bias
(Engelhard Jr et al., 2018).

There has been fragmented effort by individual
institutions to train in-house NLP systems for clin-
ical text scoring, with no fully transparent evalua-
tion on public data (Luck et al., 2006; Spickard III
et al., 2014; Latifi et al., 2016; Sarker et al., 2019).
This has raised questions from a key stakeholder
– the medical student community – about poten-
tial algorithmic bias and its implications for fair-
ness (Spadafore and Monrad, 2019). Overall, the
lack of shared data (here, mainly for exam security
reasons) has slowed down innovation and limited
public support, despite NLP’s potential to alleviate
financial burden and improve reliability.

The goal of this paper is to advance PN auto-
mated scoring specifically, and biomedical NLP
in general, through the development and public re-
lease of a large corpus of examinee-written PNs.
The corpus consists of 43,985 PN history portions
from 10 clinical cases, where 2,840 PNs (35k
phrases) were annotated with concepts from the
exam scoring rubrics (Section 3). The main, but not
sole, application for this data is the development
of interpretable, transparent, and cost-effective sys-
tems for clinical text scoring, thus improving edu-
cational assessment in the field of medicine.
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Figure 1: Features from an exam rubric and their expressions within an example patient note excerpt

The two key contributions of this paper are the
development of a large corpus of examinee-written
PNs, made available for research purposes, and
the expert annotation of a subset of 2,840 PNs to
advance automated scoring of clinical PNs.

2 Related Datasets

Large corpora of clinical patient notes (e.g. > 2k)
are scarcely available as shared resources. As noted
in two overview articles by Savkov et al. (2016)
and Campillos-Llanos et al. (2021), such large cor-
pora include CLEF (565k notes), which is “cur-
rently restricted" , awaiting “a governance frame-
work in which it can be made more widely avail-
able" (Roberts et al., 2007); and a corpus related
to the TREC shared task, where “the University
of Pittsburgh distributes the records only to track
participants" (Voorhees et al., 2012). Among the
larger EHR databases, the eICU database specifi-
cally excludes clinical note text: "to minimize risk
of including PHI" (protected health information)
2. These restrictions make MIMIC-III (Johnson
et al., 2016) the only freely available large corpus
of clinical notes to date.

As a result of patient confidentiality consid-
erations, the use of patient notes describing fic-
tional patients is not new in the field of biomedi-
cal NLP. This type of data has shown promise in
several shared tasks: the NTCIR103 NTCIR114,
NTCIR125, and NTCIR166 MedNLP tasks use de-

2https://eicu-crd.mit.edu/eicutables/
note/

3https://sociocom.jp/mednlp/
medistj-en/

4https://sociocom.jp/mednlp/ntcir11/
#dataset

5https://sites.google.com/site/
mednlpdoc/

6https://sociocom.naist.jp/

scriptions of fictional patients written in Japanese.
As reported in the NTCIR10 task overview paper,
“we asked physicians to write down fictional med-
ical reports of imaginary patients (...) We offered
50 collected medical reports for this task, which in-
clude 3,365 sentences in all: about 40,000 words"
(Morita et al., 2013). In addition to its small size,
limitations of this dataset include the lack of clarity
around the procedure the physicians followed to
create these patient notes. Nevertheless, given the
lack of publicly available data from real patients,
this dataset contributed to the field by enabling the
evaluation of tasks such as patient anonymization
and detection of complaint and diagnosis.

The next section describes the high-stakes clini-
cal examination context in which the patient notes
from our corpus were written.

3 Context

The United States Medical Licensing
Examination® (USMLE®) is a series of ex-
aminations to support medical licensure decisions
in the United States that is developed by the
National Board of Medical Examiners (NBME®)
and Federation of State Medical Boards (FSMB).
Until 2020, one of the exams was the USMLE
Step 2 Clinical Skills examination, which used
standardized patients to assess examinee ability to
gather information, perform physical examinations,
and interpret data, as documented in the PNs
examinees completed after each encounter (an
example of a full PN is presented in Appendix A).
Annually, the exam resulted in more than 330,000
PNs graded by more than 100 raters.

The PNs are scored by licensed physicians using
case-specific rubrics that were developed by physi-

real-mednlp/
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cians on a test development committee. The rubrics
outline each case’s important concepts (henceforth
called features) which should appear in an appropri-
ately documented PN (Figure 1, Feature column).
For example, for a clinical case about a patient with
constant headaches, it may be important that the
examinee asks questions leading to the information
that the patient has photophobia. In a case like this,
photophobia would be listed as one of the rubric
features, and PNs that do not mention that specific
symptom (or some expression of it such as sensitive
to light ) will receive a lower score.

A main challenge for developing an interpretable
system that can identify expressions of the features
in the PNs is the variety of ways in which features
are expressed, with examples such as loss of inter-
est in activities expressed as no longer plays tennis,
or shortness of breath expressed as dyspnea. There
is often a need to map concepts by combining mul-
tiple text segments, or resolve ambiguous negation
as in no cold intolerance, hair loss, palpitations or
tremor corresponding to the feature lack of other
thyroid symptoms. In addition, automated scoring
systems should employ a dynamic threshold to de-
termine whether a given feature has been found in
a PN, i.e., whether the F1 score for a given iden-
tified phrase is high enough for the phrase to be
considered a match (Sarker et al., 2019). Finally,
to be comparable to human rater performance and
thus operationally usable, such systems need to
be highly accurate. This requirement is crucial
because of the high societal cost of passing an ex-
aminee with insufficient knowledge, and the high
personal cost of failing an examinee who should
have passed. As will be seen in Section 5, the av-
erage inter-rater agreement on whether a feature is
mentioned in the corpus is F1 = 0.97.

4 Data

The dataset consists of the history portions7 of
43,985 PNs from ten clinical cases (average # per
case = 4,398; min = 992, max = 9,936) and the
corresponding features for each case. The cases
cover diverse clinical areas: Women’s Health (2),
Gastrointestinal (2), Neurological (1), Psychiatric
(2), and Cardiovascular (3); as well as patients from
diverse age groups: < 18 (2), 18-44 (6), 45-64 (1),
65+ (1). The number of tokens in the dataset is
5,958,464, with a type-token ratio of 0.022. The

7The history portion is where all relevant clinical informa-
tion obtained from an interview with the patient is described.

average length of each history portion is 135.47 to-
kens (SD = 24.27), and average number of history
portion features per case is 14.3 (3.34).

Data were collected between 2017 and 2020
from 35,156 US or international medical students
and graduates who took the exam under standard-
ized conditions in one of five testing locations in
the US. Each examinee-patient encounter resulted
in a unique PN.

The dataset includes PNs only from examinees
who, during registration, indicated that they agreed
to have their data used in research. All PNs were
assigned new IDs that cannot be linked to opera-
tional IDs used in scoring. The PNs do not include
identifying information such as name, affiliation, or
descriptions of personal experiences. Finally, the
dataset features only the history portions of the PNs
as opposed to complete PNs, and no information is
given on which PNs belong to an individual exam-
inee. This limits the inferences that can be made
about the performance of individual examinees,
while allowing the use of this data for advancing
automated scoring and biomedical NLP research.

5 Annotation

A total of 2,840 PNs (284 per case) were annotated
by 10 experienced US medical practitioners – nine
with a Medical Doctorate degree and one with a
degree in Nursing. The annotators were divided in
five pairs of two, such that each pair would contain
one experienced “senior” annotator. The annota-
tion was performed using BRAT.8 The annotators
were instructed to first read the entire PN and then
1) identify all phrases that are expressions of a fea-
ture and link them to their corresponding feature
(Figure 1), 2) mark fragmented annotations by ex-
cluding the text that is not relevant to the feature,
and 3) mark each feature as a separate annotation
(see detailed annotation guidelines in Appendix B).
For example, if the feature was “No blood in stool”,
only the underlined text of the following excerpt
was annotated: “No blood or mucus in stool”. Un-
like other features, gender and age were annotated
only once for the first mention, with subsequent
relevant phrases such as “she” or “his” not marked.

For each case, 284 notes were randomly selected
for annotation and each annotator pair annotated
notes from two cases over a period of six weeks.
Two of the notes were annotated jointly as part of
an initial discussion on the specifics of each clinical

8https://brat.nlplab.org/
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case. During this discussion, the annotators would
develop consistent case-specific understanding of
the requirements for phrases to be considered a
match (e.g., for the feature visual hallucinations,
is the mention of hallucinations sufficient or does
it need to be specified as visual?). Next, both an-
notators would annotate the same set of 5 notes
independently and have a follow-up meeting to
discuss potential discrepancies. After these were
resolved, each annotator would proceed to inde-
pendent work, where 29 notes per case (18% of
the data) were double-rated9 and used to compute
inter-annotator agreement and the remaining 124
notes per annotator per case were single-rated. The
annotators would receive a new set of notes weekly,
to ensure an even work pace and mitigate fatigue.

The produced data were cleaned by fixing in-
stances of wrong feature attribution (81) and cor-
recting: leading and trailing spaces (167), punc-
tuation (533), extra characters (115), and missing
characters (e.g., as in "ot flashes") (64).

F1 agreement scores were computed based on
character position overlap, with a substantial agree-
ment across all cases of F1 = .84 (SD = 0.075);
Jaccard distance of 86.55% (9.89); and Cohen’s
κ of 0.89 (0.057) (See individual case agreement
scores in Appendix C). Finally, the annotators had
an even higher agreement (binary F1) on whether
an expression of a given feature was found in a PN
or not (mean F1 = 0.97 (0.014)).

The final corpus includes 43,985 PNs, of which
2,840 (284 per case) were annotated and contains
34,660 annotated phrases linked to 143 features.

6 Baselines

To quantify the number of phrases from the gold
standard that can be matched using simple heuris-
tics and a small amount of annotated data, we com-
pute three baselines. First, we divide the annotated
portion of the data into ten folds. Then, we ap-
ply 10-fold cross-validation such that we take the
phrases from one fold and see how many of them
can be found in the remaining nine folds10 using
three approaches: i) direct match between a string

9For the double-annotated notes, the annotations of the
senior annotator are the ones included in the final dataset. As
a rule, the annotations of the second annotator for the double-
rated notes were only included in the final data when, for a
given feature, the senior annotator did not find any matches
but second annotator did. Such cases were very rare.

10This division is similar to those found in semi-supervised
systems, which learn from the unannotated data and a small
sample of annotated data.

Figure 2: Comparison between inter-annotator agree-
ment (red line) and three baselines: exact match (blue),
fuzzy match (green), and fuzzy + synonyms (orange).

from the "training" fold and those from the nine
"test" folds, ii) fuzzy match with a window of two
characters, iii) fuzzy match with a window of two
characters and synonyms from WordNet (Miller,
1995) and the Unified Medical Language System
(UMLS) (Bodenreider, 2004).

The evaluation metric is micro-averaged F1 of
character span overlap between the predicted and
gold-standard phrases, where a character span is a
pair of indexes representing a range of characters
within a text. For each instance, there is a collection
of ground-truth spans (the phrases identified by the
annotators) and a collection of predicted spans (the
phrases identified by an automated system, in this
case one of the three baselines). Each character
within that span is identified as a true positive (TP)
if it is within both a ground-truth and a prediction,
a false negative (FN) if it is within a ground-truth
but not a prediction, and a false positive (FP) if it
is within a prediction but not a ground truth. The
overall F1 score is computed from the TPs, FNs,
and FPs aggregated across all instances.

As shown in Figure 2, the fuzzy + synonyms ap-
proach outperformed exact and fuzzy match with
a mean F1 of .64 (.074), compared to .53 (.073),
and .62 (.075). This result compares to an average
inter-annotator agreement of .84 (.075) for charac-
ter location overlap between phrases, showing a
need for considerable improvement to match hu-
man performance. This gap varies between cases,
with some having more than 20 points difference in
F1 (e.g., Case 204). It is also seen that the variance
in responses for certain cases (e.g., 201) is easier to
capture computationally compared to others (e.g.,
203). Finally, the results show that including a list
of synonyms in fuzzy + synonyms does not lead to
significant improvement, with the task requiring
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more sophisticated semantic processing.
A binary F1 score of whether a given feature was

expressed in a PN (1 if found, 0 otherwise) reveals a
very strong agreement between the annotators (.97
(.014)) and a significantly worse performance for
the best baseline (.86 (.048) for fuzzy + synonyms
match). Therefore, to be comparable to human per-
formance and thus operationally usable, automated
approaches need to show a significant improvement
over the baseline results presented here.

7 Discussion

The goal of this paper was to advance PN scoring
and biomedical NLP through the development and
annotation of a large PN corpus.

For PN scoring, this data can aid the develop-
ment and evaluation of interpretable systems that
identify feature expressions rather than black-box
modeling of rater scores. Having a shared dataset
can guarantee transparency, informing stakeholders
on various aspects of system performance. It is also
conceivable that the semantic mapping solutions
enabled by this data could scale to scoring other
constructed-response items, such as short-answer
questions assessing clinical knowledge.

As noted in the Introduction, real clinical notes
are scarcely available, which creates a bottleneck
in the development of biomedical NLP. This cor-
pus can help bridge this gap, since the PNs in it
share many characteristics with real clinical notes
– medical jargon, typos, abbreviations, and tele-
graphic style, among others. Moreover, having
thousands of PNs written by different examinees
that correspond to the same clinical case allows
the development of robust NLP models exposed
to a large-scale, real-life variation of clinical lan-
guage. Such models would be trained to recognise
the various ways in which, say, thyroid symptoms
are described in clinical PNs, rather than their ex-
pressions in scientific abstracts. Beyond that, the
corpus is relevant to machine reading comprehen-
sion and automated question answering, where the
features are treated as yes/no questions ("Is photo-
phobia present in this document"), and the identi-
fied phrases are supporting information.

The strengths of this data for some applications
represent limitations for others. For example, all
PNs in the corpus pertain to a set of ten cases,
which excludes the possibility of using this data
for patient cohort identification or phenotyping,
typically performed with Electronic Health Record

(EHR) data. In addition, the exam is a simulation
of patient visits. Nevertheless, because of its high-
stakes nature, the cases were treated as real.

Unlike EHR data, this corpus poses no risks for
real patients, which is why the final data is less
“sanitized" compared to deidentified EHR records;
In addition, the cases were created by a team of
licensed physicians ensuring that they are accurate
representations of cases found in clinical practice.
Including anonymized, partial data (history por-
tions only) prevents risks for examinee identifica-
tion or inferences about individual performance.
Responsible use of the data for research purposes
is further ensured by its distribution via a data use
agreement. This is done following application to
NBME’s Data Sharing and Collaboration Program
at https://www.nbme.org/services/data-sharing.

It is our hope that the public release of this data
will spur the development of interpretable and trans-
parent solutions for PN scoring and related tasks,
improving technology-assisted educational assess-
ment in the field of medicine.
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A Patient Note Example

See Table 1.

B Annotation Guidelines

• Identify all phrases that are expressions of a
feature from the History portion of the PNs
and link them to their corresponding feature.

• Include fragmented annotations by excluding
the text that is not relevant to the feature (e.g.,
if the feature is No relief with Imodium or
Cipro, only the underlined text of the follow-
ing excerpt should be annotated: Has tried
Immodium (aggrevated condition), and Cipro
250mg BID (has taken 9 tablets) from prior
episode of diarrhea in Kenya of lesser severity
(no effect))

• Each feature should be marked up as a sep-
arate annotation, and the annotation should
include all, but not more than, the text that
captures the meaning of the corresponding en-
try in the feature (e.g., if the key essential is
No blood in stool, only the underlined text
of the following excerpt should be annotated:
No blood or mucus in stool).

• Annotations should include quantifiers (e.g.,
twice, four times, some), intensifiers (e.g.,
mild, severe), and temporal modifiers (e.g.,
two weeks, several years) that are specified
in the corresponding entry in the feature, as
well as the object that is being described (e.g.,
pain, cough).

• Annotations should not include articles (e.g.,
a, the) or references to the patient (e.g., her,
he) that occur at the beginning of note entries,
or end punctuation (e.g., periods); however,
it is not necessary to fragment annotations
if words or characters, such as these, occur
within relevant text and do not modify the
meaning of the feature entry.

• Annotations may overlap; that is, they may
share text with other annotations. For exam-
ple, negations (e.g., negative for, no, denies)
frequently will be shared among several anno-
tations. In the phrase Negative for fever, chills,
nausea, vomiting, hematochezia, the negated
nouns refer to different features and should be
annotated as Negative for fever, Negative for
chills, Negative for nausea, etc.

• Mark up every instance of the feature whether
it is identical to an existing annotation or not.
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History: Describe the history you just obtained from this patient. Include only information (pertinent positives
and negatives) relevant to this patient’s problem(s).

Karin Moore is a 45 yo F here for nervousness. A few weeks ago she noticed that she was feeling more nervous
than usual and that it has been worsening. It is exacerbated by family and work. She feels espeically nervous on
Sunday night and Monday morning when she is preparing for the week. She is unable to fall asleep and doesn’t
want to eat anything, though she does make herself eat. Nothing helps her nervousness. She otherwise denies
significant changes in appetite, weight loss, or overall wellbeing. She denies fevers, chills, nausea, constipation,
diarrhea, skin changes, racing heart, shortness of breath, dizziness, headaches or rashes.
ROS: otherwise negative
PMH: None; PSH: None
Meds: Tylenol for occasional HA
FHX: Father had an MI, died at 65yo
Allergies: NKDA
SH: Lives at home with husband, mother, and youngest son. Is an english literature professor at a local college.
Has 2 drinks/mo, no tobacco or drug use.
Physical Examination: Describe any positive and negative findings relevant to this patient’s problem(s).
Be careful to include only those parts of examination you performed in this encounter.

VS: Blood Pressure: 130/85 mm Hg
Heart Rate: 96/min
Gen: No acute distress, conversational, thin
Neck: No thyromegaly, no lymphadeopathy
Heart: RRR, no murmurs, rubs or gallops. Radial pulses +2 bilaterally
Lungs: Clear to ascultation bilaterally, no wheezes
Psych: Well-groomed. Non-pressured speech, linear though process.
Data Interpretation: Based on what you have learned from the history and physical examination, list up to
3 diagnoses that might explain this patient’s complaint(s). (...)

General anxiety disorder
Panic disorder
Hyperthyroidism

Table 1: Example of a PN. The dataset features only the history portions of the PNs.

For example, if the feature is NSAID-use and
the examinee wrote Uses NSAIDs as well as
took ibuprofen, both snippets of text should be
annotated. If the exact snippet Uses NSAIDs
appeared more than once in a note, it should
be annotated every time it appears in the note.

• Gender is a special case of a feature and
should only be annotated once for the first
mention. Subsequent phrases that may be
linked to gender such as she or his should
not be annotated.

C Inter-annotator Agreement Per Case

Case f1 Jaccard κ yes_no_f1
201 .72 77.37 .82 .96
202 .90 91.48 .93 .98
203 .93 94.93 .96 .99
204 .92 93.05 .95 .99
205 .71 72.61 .78 .94
206 .88 90.05 .93 .99
207 .79 86.09 .89 .98
208 .85 87.02 .89 .97
209 .88 86.40 .89 .97
210 .87 86.54 .89 .97

Mean .84 86.55 .89 .97
SD .075 6.89 .057 .014

Table 2: Inter-annotator agreement per case, where the
gold standard is the annotation of the senior annotator.
The columns represent (in order): Micro F1 character-
position based agreement, Jaccard distance, Cohen’s
κ coefficient, and a binary F1 score for whether the
annotators agree that a given feature expression was
found in a PN (1 if found, 0 if not found). As can
be seen, the annotators agree very well on whether a
feature was found in a PN or not, with some differences
in agreement about the exact span of characters that
represent that feature.
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Abstract

Prior work on integrating text corpora with
knowledge graphs (KGs) to improve Knowl-
edge Graph Embedding (KGE) have obtained
good performance for entities that co-occur in
sentences in text corpora. Such sentences (tex-
tual mentions of entity-pairs) are represented
as Lexicalised Dependency Paths (LDPs) be-
tween two entities. However, it is not possible
to represent relations between entities that do
not co-occur in a single sentence using LDPs.
In this paper, we propose and evaluate sev-
eral methods to address this problem, where
we borrow LDPs from the entity pairs that co-
occur in sentences in the corpus (i.e. with men-
tion entity pairs) to represent entity pairs that
do not co-occur in any sentence in the cor-
pus (i.e. without mention entity pairs). We
propose a supervised borrowing method, Su-
perBorrow, that learns to score the suitability
of an LDP to represent a without-mention en-
tity pair using pre-trained entity embeddings
and contextualised LDP representations. Ex-
perimental results show that SuperBorrow im-
proves the link prediction performance of mul-
tiple widely-used prior KGE methods such as
TransE, DistMult, ComplEx and RotatE.

1 Introduction

Knowledge Graphs (KGs) are a structured form
of information that underline the relationships
between real-world entities (Ehrlinger and Wöß,
2016; Kroetsch and Weikum, 2016; Paulheim,
2017). A KG is represented using a set of rela-
tional tuples of the form (h, r, t), where r repre-
sents the relation between the head entity h and
the tail entity t. For example, the relational tu-
ple (Joe Biden, president-of, US) indicates that the
president-of relation holds between Joe Biden and
US. There exists a large number of publicly avail-
able and widely used KGs, such as Freebase (Bol-
lacker et al., 2008), DBpedia (Auer et al., 2007),
and YAGO ontology (Suchanek et al., 2007). KGs

have been effectively applied in various NLP tasks
such as, relation extraction (Riedel et al., 2013; We-
ston et al., 2013), question answering (Das et al.,
2017; Sydorova et al., 2019), and dialogue sys-
tems (Xu et al., 2020). However, most KGs suffer
from data sparseness as many relations between
entities are not explicitly represented (Min et al.,
2013).

To overcome the sparsity problem, Knowledge
Graph Embedding (KGE) models learn representa-
tions (a.k.a. embeddings) for entities and relations
in a given KG in a vector space, which can then be
used to infer missing links between entities (Bordes
et al., 2013; Nickel et al., 2015; Wang et al., 2017).
Such models are trained to predict relations that
are likely to exist between entities (known as link
prediction or KG completion) according to some
scoring formula. Although previously proposed
KGE methods have shown good empirical perfor-
mances for KG completion (Minervini et al., 2015),
the KGEs are learnt from the KGs only, which
might not represent all the relations that exist be-
tween the entities included in the KG. To overcome
this limitation, prior work has used external text
corpora in addition to the KGs (Toutanova et al.,
2015; Xu et al., 2016; Long et al., 2016; An et al.,
2018; Wang et al., 2019b,a; Lu et al., 2020). Com-
pared to structured KGs, unstructured text corpora
are abundantly available, up-to-date and have di-
verse linguistic expressions for extracting relational
information.

The co-occurrences of two entities within sen-
tences (a.k.a textual mentions) in a text corpus has
shown its success for text-enhanced KGEs (Komni-
nos and Manandhar, 2017; An et al., 2018). For
example, the relational tuple in the Freebase KG
(Joe Biden, president-of, US) is mentioned in the
following sentence “Joseph Robinette Biden Jr. is
an American politician who is the 46th and current
president of the United States.” This sentence ex-
presses the president-of relation between the two

2887



entities Joe Biden and US. As the entity-pair (Joe
Biden,US) appears in a single sentence, we call
it a with-mention entity-pair. However, even in a
large text corpus, not every related entity pair co-
occurs in a specified window, which are referred
to as without-mention entity-pairs in previous stud-
ies. For instance, if we consider the widely used
FB15K-237 KG (Toutanova et al., 2015) and the
ClueWeb12 (Gabrilovich et al., 2013) text corpus
with FB entity mention annotations,1 33% of entity-
pairs in FB15k-237 do not have textual mentions
within the same sentences. This sparseness prob-
lem limits the generalisation capabilities of using
textual mentions for enhancing KGEs. Specifi-
cally, Toutanova et al. (2015); Komninos and Man-
andhar (2017) have shown larger improvements in
link prediction for with-mention entity-pairs over
without-mention pairs.

In this paper, we propose a method to augment a
given KG with additional textual relations extracted
from a corpus and represented as LDPs. The aug-
mented KG can then be used to train any KGE
learning method. This is attractive from both scala-
bility and compatibility point of views because our
proposal is agnostic to the KGE learning method
that is subsequently used for learning KGEs. Our
main contribution in this paper is to improve link
prediction for without-mention entity-pairs by bor-
rowing LDPs from with-mention entity-pairs to
overcome the sparseness in co-occurrences of the
without-mention entity-pairs. We show that learn-
ing a supervised borrowing method, SuperBorrow,
that scores suitable LDPs to represent without-
mention entity-pairs based on pre-trained entity
embeddings and contextualised LDP embeddings
boosts the performance of link prediction using a
series of KGE methods, compared to what would
have been possible without textual relations.

2 Related Work

KGEs from a Multi-relational Graph: Typi-
cally, KG embedding models consist of two main
steps: (a) defining a scoring function for a tu-
ple, and (b) learning entity and relation representa-
tions. Entities are usually represented as vectors,
whereas relations can be represented by vectors
(e.g. TransE (Bordes et al., 2013), DistMult (Yang
et al., 2014) and ComplEx (Trouillon et al., 2016))
matrices (e.g. RESCAL (Nickel et al., 2011)), or

1200 million sentences in CluWeb12 annotated with FB
entity mention annotations.

KGE method Score function
f(h,R, t)

TransE (Bordes et al., 2013) ||h+ r − t||`1/2
DistMult (Yang et al., 2014) 〈h, r, t〉
ComplEx (Trouillon et al., 2016) 〈h, r, t̄〉
RotatE (Sun et al., 2019) ||h ◦ r − t||2

Table 1: Score functions proposed in KGE methods.
Entity embeddings h, t ∈ Rd are vectors in all models,
except in ComplEx where h, t ∈ Cd. Here, `1/2 de-
notes either `1 or `2 norm of a vector. In ComplEx, t̄ is
the element-wise complex conjugate.

by 3D tensors (e.g. Neural Tensor Network (Socher
et al., 2013)).

Using some form of a representation, scoring
functions are then defined to evaluate the strength
of a relation r between h and t entities in a
triple. TransE is one of the earliest and well-known
distance-based KGE method that performs a lin-
ear translation and its scoring function is given in
Table 1. Alternatively, a bilinear function is used
in several KGE models, such as RESCAL, Dist-
Mult and ComplEx, for which scoring functions
are defined in Table 1. KGEs are learnt such that
the observed facts (positive triples) are assigned
higher scores compared to that of the negative triple
(for example generated by perturbing a positive in-
stance by replacing its head or tail entities by an
entity randomly selected from the set of entities)
by minimising a loss function, such as the logistic
loss or the margin loss.

Conventional KGE models are trained using
the facts in the KGs, which are often incomplete.
Therefore, to overcome the sparsity of structured
KGs, we propose to integrate information from a
text corpus, thereby augmenting the KG. The aug-
mented KG is then used as the input to existing
KGE methods to learn accurate entity and relation
embeddings. In particular, we do not modify the
scoring functions nor optimisation objectives for
the respective KGE methods, which makes our pro-
posed approach applicable in many existing KGE
methods without any modifications.
Text-Enhanced KGEs: Recently, a new line of
research that combines textual information with re-
lational graphs has emerged (Lu et al., 2020). Dif-
ferent combination methods have been proposed
for this purpose. Wang et al. (2014) proposed a
model to embed both entities and words (using en-
tity names and Wikipedia anchors) into the same
low-dimensional vector space to capture relational
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information from a KG and the co-occurrences
from the corpus. Rosso et al. (2019) control the
amount of information shared between the two data
sources in the joint embedding space using regu-
larisation. This joint model is further enhanced
by incorporating entity descriptions from an ex-
ternal corpus, which are jointly learnt with the
KG (Zhong et al., 2015; Xie et al., 2016; Veira et al.,
2019). In a different scenario, the text-enhanced
knowledge embedding model by Wang et al. (2016)
creates a co-occurrence network of words and enti-
ties from an entity-annotated corpus. The authors
define point-wise and pair-wise contexts using the
co-occurrence frequencies in the network. Then,
entity and relation embeddings are enhanced using
textual point-wise and pair-wise embeddings, re-
spectively. Similarly, Rezayi et al. (2021) construct
an augmented KG that has nodes from external
text. The original and the augmented graphs are
then aligned to suppress the noise and distil relevant
information. In our work, we focus on adding extra
edges to the KG rather than nodes as in Rezayi et al.
(2021) and Wang et al. (2016).

In addition to contextual information and textual
descriptions of individual words/entities, sentences
where two entities co-occur have been used as con-
textual evidence to learn KGEs (Toutanova et al.,
2015; Komninos and Manandhar, 2017; Tang et al.,
2019). For example, Toutanova et al. (2015) ex-
tracted LDPs by parsing co-occurring sentences
in a text corpus, which are then used as textual
relations in the KG. This model can be seen as
a special case of universal schema (Riedel et al.,
2013), which combines textual and KG relations in
the same entity-pair co-occurrence matrix, subse-
quently decomposed to obtain entity embeddings.
Komninos and Manandhar (2017) proposed a novel
triple scoring function where textual mentions are
used as a source of supporting evidence for a triple.

Our problem setting differs from prior work on
text-enhanced KGEs in two important ways. First,
we do not modify the underlying structure of the
KGE method, which is attractive from both scala-
bility and compatibility of our proposal. Second,
rather than considering only entity-pairs that are oc-
curring within a specified context in the corpus (i.e.
with-mention entity-pairs), we propose to borrow
LDPs from with-mention entity-pairs to overcome
the data sparseness in without-mention entity-pairs
that never co-occur within any sentence in the cor-
pus.

3 Method

A relational KGD consists of a set of entities E and
a set of relationsR. InD, knowledge is represented
by relational tuples (h, r, t) ∈ D, where the head
entity h is related to the tail entity t by the KG
relation r. In this work, we assume relations to be
asymmetric in general (if (h, r, t) ∈ D then it does
not necessarily follow that (t, r, h) ∈ D). The goal
is to learn representations for entities and relations
such that missing tuples can be accurately inferred.

As KGs D are often sparse with many missing
edges between entities, the learnt KGEs are af-
fected, which in return impacts the performance of
KGEs on downstream tasks such as link prediction.
To address this sparseness problem, we consider the
availability of a text corpus T where relational facts
are expressed using contexts in which an entity-pair
co-occurs. The textual relations that are extracted
from T can be injected into D before applying a
KGE method.

To align D with T , entity linking is applied to
resolve ambiguous entity mentions in the text with
unique entities in the KG (Gabrilovich et al., 2013;
Shen et al., 2014). Then, Sentences that mentions
two entities are considered as textual mentions of
relations between entities. Assuming that the cor-
pus is annotated using the entities in D, there are
multiple possibilities to obtain relational features
of sentences that mention the entities. Following
previous work (Toutanova et al., 2015), we first run
a dependency parser (Chen and Manning, 2014) on
each sentence containing an entity-pair to obtain
LDPs. Then, if E contains the head and tail entities
of an LDP l (but the entity-pair might not be con-
nected by KG relations), we insert l intoR to form
a textual triple (h, l, t) ∈ D. The augmented KG
is then used to learn embeddings for E and R us-
ing different KGE methods. During KGE processs,
we treat both original relations in the KG and the
augmented LDPs equally. In principle, any exist-
ing KGE learning method can be applied on the
augmented KG as we later see in our experiments.

One obvious limitation of the above-described
method is that entity-pairs that never co-occur in
any contextual window (e.g. a sentence) will not
be connected by any LDP during the augmenta-
tion process. This is fine if the two entities are
truly unrelated. However, this is problematic for
entities that are related in the KG but their rela-
tions were not sufficiently covered in the text cor-
pus because of the coverage issues and small size
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of the corpus. As we later see in our evaluations
(§ 5), this is indeed the case for the majority of the
without-mention entity-pairs. To overcome this lim-
itation of our proposal, next we describe a method
to borrow LDPs from with-mention entity-pairs
to without-mention entity pairs. It is worth not-
ing that we do not connect any two entities by
LDPs, but only those that are related in the KG
and predicted to be associated with an LDP by the
proposed method.

3.1 Learn to Borrow LDPs

Given a without-mention entity pair (h∗, t∗), we
propose a supervised borrowing method SuperBor-
row to rank LDPs that are extracted for the with
mention entity-pairs from a text corpus. Given pre-
trained entity representations h and t, we learn an
entity-pair encoder, f , parametrised by θ, to create
an entity-pair representation, f(h, t; θ), for (h, t).
In this work, the encoder f is implemented as a
multilayer perceptron with a nonlinear activation,
where the input entity-pair to the MLP is encoded
as follows:

x = [h⊕ t⊕ (h− t)⊕ (h ◦ t)] (1)

Here, ⊕ denotes the concatenation of vectors and
◦ is the element-wise multiplication between two
vectors. (1) considers the information in the head
and tail entity embeddings independently as well
as the interactions between their corresponding di-
mensions. These features for entity-pairs have been
used successfully for representing semantic rela-
tions in prior work (Washio and Kato, 2018; Joshi
et al., 2018; Hakami and Bollegala, 2019). The
final output vector f(h, t; θ) of the MLP is treated
as the representation of the entity-pair (h, t).

As an alternative to representing the relation-
ship between two entities in an entity-pair (h, t)
by f(h, t; θ) using the corresponding entity embed-
dings, we can use S(h,t), the set of LDPs connecting
h and t entities (Bollegala et al., 2010). Because
an LDP is a sequence of textual tokens, we can use
any sentence encoder to represent an LDP by a vec-
tor. Specifically, in our experiments later we use
the pretrained sentence encoder SBERT (Reimers
and Gurevych, 2019) to represent an LDP, l, by a
vector, l.

We require LDPs that co-occur with an entity-
pair (h, t) to be similar to f(h, t; θ) than LDPs
that do not co-occur with (h, t). Specifically, we
use the set of with-mention entity-pairs with their

Relations Entities Triples w-m w/o-m
Train/Test

FB 237 14,541 272,115/20,466 2,344 18,122
Text 1,100 12,930 404,009/- - -

Table 2: Statistics of the datasets. w-m and w/o-m de-
note the number of test instances respectively in with-
mention and without-mention entity-pair sets.

associated LDPs as positive training instances S =
{(h, l, t)}. LDPs that are associated with either h
or t alone (not both) are used as negative training
instances S ′(h,t) as given by (2).

S ′(h,t) = {(h, l′, t)|∃t′ : (h, l′, t′) ∈ D ∧ t′ 6= t,

∃h′ : (h′, l′, t) ∈ D ∧ h′ 6= h} (2)

We learn the parameters of f(h, t, θ) by min-
imising the marginal loss over S(h,t) and S ′(h,t) as
shown in (3).

∑

(h,l,t)∈S

∑

(h,l′,t)∈S′
(h,t)

max
(
0, γ − f(h, t; θ)>(l− l′)

)

(3)

Here, γ(≥ 0) is the margin and is set to 1 in
our experiments. To determine which LDPs to
be borrowed for a particular without-mention en-
tity pair, (h∗, t∗), we first compute its represen-
tation, f(h∗, t∗; θ) using the θ found by minimis-
ing (3) above. We then score each LDP, l, using
the sentence encoder model, by the inner-product,
f(h∗, t∗; θ)>l. We then select the top-k LDPs with
the highest inner-products with f(h∗, t∗; θ) to aug-
ment the KG. The number of borrowed LDPs (k) is
a hyperparameter that is tuned using the validation
triples selected from the KG.

4 Experimental Setup

4.1 Dataset and Training Details
Datasets: We use FB15k237 as the KG and
ClueWeb122 as the corpus for extracting LDPs for
the entity-pairs in the FB157k237 KG. Specifically,
we use the textual triples consisting of LDPs that
are extracted and made available3 by Toutanova
et al. (2015). The number of extracted unique LDPs
and textual triples in this dataset are respectively

2https://lemurproject.org/clueweb12/
3https://www.microsoft.com/en-us/

download/details.aspx?id=52312
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overall with-mention without-mention

Model MRR MR H@10 H@3 H@1 MRR MR H@10 H@3 H@1 MRR MR H@10 H@3 H@1

TransE (KG only) 0.336 113 0.523 0.368 0.243 0.314 135 0.508 0.349 0.218 0.333 111 0.519 0.364 0.241
KG+ExtractedLDPs 0.314 126 0.495 0.343 0.224 0.433 43 0.659 0.489 0.319 0.293 138 0.468 0.318 0.206
LinkAll 0.344 105 0.531 0.380 0.249 0.430 44 0.653 0.493 0.316 0.328 113 0.510 0.360 0.235
Co-occurrence 0.502 47 0.695 0.553 0.402 0.412 48 0.639 0.464 0.297 0.506 47 0.695 0.557 0.408
NeighbBorrow 0.491 49 0.682 0.541 0.392 0.422 46 0.646 0.475 0.308 0.493 50 0.68 0.542 0.395
SuperBorrow 0.751 15 0.868 0.799 0.681 0.394 49 0.629 0.445 0.277 0.787 11 0.888 0.835 0.723

DistMult (KG only) 0.302 133 0.489 0.333 0.209 0.257 149 0.436 0.289 0.165 0.302 131 0.489 0.333 0.209
KG+ExtractedLDPs 0.325 113 0.512 0.357 0.232 0.427 35 0.656 0.483 0.311 0.306 125 0.488 0.335 0.216
LinkAll 0.329 108 0.521 0.363 0.233 0.437 33 0.670 0.496 0.315 0.309 118 0.497 0.339 0.215
Co-occurrence 0.365 74 0.574 0.404 0.261 0.428 33 0.664 0.479 0.310 0.351 81 0.558 0.388 0.248
NeighbBorrow 0.415 54 0.639 0.465 0.302 0.412 35 0.645 0.463 0.297 0.408 57 0.631 0.458 0.295
SuperBorrow 0.482 53 0.681 0.535 0.377 0.415 35 0.655 0.475 0.291 0.482 56 0.678 0.534 0.379

ComplEx (KG only) 0.312 125 0.493 0.342 0.222 0.275 142 0.459 0.299 0.185 0.312 124 0.493 0.342 0.222
KG+ExtractedLDPs 0.321 107 0.505 0.349 0.229 0.407 36 0.637 0.458 0.291 0.304 117 0.482 0.329 0.216
LinkAll 0.328 107 0.519 0.361 0.232 0.432 34 0.665 0.493 0.311 0.309 118 0.496 0.338 0.216
Co-occurrence 0.358 76 0.570 0.399 0.252 0.436 33 0.679 0.499 0.319 0.342 83 0.552 0.380 0.238
NeighbBorrow 0.428 47 0.650 0.479 0.315 0.418 35 0.646 0.478 0.298 0.422 50 0.643 0.472 0.309
SuperBorrow 0.489 42 0.687 0.540 0.385 0.416 38 0.653 0.481 0.291 0.491 43 0.686 0.541 0.388

RotatE (KG only) 0.358 94 0.560 0.395 0.259 0.331 120 0.527 0.365 0.236 0.354 92 0.557 0.391 0.254
KG+ExtractedLDPs 0.359 94 0.551 0.396 0.264 0.448 44 0.672 0.509 0.333 0.341 101 0.528 0.374 0.247
LinkAll 0.363 91 0.558 0.400 0.266 0.442 44 0.671 0.503 0.321 0.346 98 0.536 0.378 0.251
Co-occurrence 0.435 54 0.639 0.484 0.329 0.441 46 0.663 0.499 0.327 0.426 56 0.629 0.473 0.321
NeighbBorrow 0.463 43 0.672 0.514 0.357 0.443 45 0.675 0.497 0.326 0.457 44 0.664 0.508 0.351
SuperBorrow 0.682 19 0.836 0.739 0.594 0.412 51 0.652 0.473 0.290 0.706 16 0.851 0.764 0.621

Table 3: Results of link prediction on FB15K237. Higher is better for all metrics except for the mean rank (MR) for
which lower values indicate better performance. The best result for each metric and each KGE method is shown in
bold.

2, 740, 176 and 3, 978, 014. To make the training
of KGE methods computationally efficient, we fil-
ter out LDPs that occur in less than 100 distinct
entity-pairs in the corpus. The FB15k237 test set
is split into with-mention (i.e. entity-pairs that
co-occur in some LDP) and without-mention (i.e
entity-pairs that do not co-occur in any LDP) sets
as shown in Table 2. According to Table 2, there
are 88.14% without-mention entity-pairs in the test
set. Note that even if we consider the complete
set of LDPs from the ClueWeb12, the portion of
without-mention test entity-pairs in FB15k237 is
only 73.23%. This shows the significance of the
problem of representing without-mention entity-
pairs, which is the focus of this paper.

Training SuperBorrow: We used the with-
mention entity-pairs in train split of FB15K237 to
train SuperBorrow. The number of entity-pairs in
the training set is 311,906, and on average we have
1.32 LDPs per entity-pair. On average, we generate
100 negative triples for each with-mention pair. We
hold-out 10% of the training entity-pairs for valida-
tion purposes (we obtain 280716 and 31190 entity-
pairs for training and validation, respectively). To
represent each entity, we use the publicly avail-
able 100-dimensional pre-trained RelWalk embed-

dings,4 which are publicly available for the entities
and relations in FB15k237.

According to (1), the input layer of the trained
MLP has 400 features. The hyperparameters
including the number of hidden layers {2, 3},
`2, regularisation coefficient {0, 0.01, 0.001},
the learning rate {0.01, 0.1} and the non-linear
activation {tanh, relu, sigmoid} are tuned using
the above-mentioned validation set. The MLP
consists of two 768-dimensional layers, and
the last layer represents the entity-pair to be
mapped to the LDP embedding space that has
768 dimensions encoded using the SBERT
paraphrase-distilroberta-base5

model, which has reported SoTA performance on
various knowledge-intensive tasks (Warstadt et al.,
2020). SuperBorrow is trained for 50 iterations
using mini-batch Stochastic Gradient Descent with
momentum and a batch size of 128. The source for
SuperBorrow is publicly available.6

4https://github.com/LivNLP/
Relational-Walk-for-Knowledge-Graphs

5https://huggingface.
co/sentence-transformers/
paraphrase-distilroberta-base-v2

6https://github.com/Huda-Hakami/
Learning-to-Borrow-for-KGs
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Evaluation Protocol: After augmenting
FB15K237 with the borrowed k LDPs for
each without-mention entity-pair, we train a KGE
method to obtain embeddings for the entities
in E , relations in R and textual relations. The
hyperparameter k is tuned on the validation
set of FB15K237 for each KGE method from
{1, 3, 10, 15, 20, 25, 30}.

We use Link Prediction, which has been popu-
larly used as an evaluation task to compare the
KGEs we obtain from a KGE learning method
before and after augmenting the KG with the
LDPs borrowed using SuperBorrow and other base-
lines (Wang et al., 2021). Link prediction is the
task of predicting the missing head (i.e. (?, r, t)) or
tail (i.e. (h, r, ?)) entity in a given triple by ranking
the entities in the KG according to the scoring func-
tion of the KGE method. Following prior work,
the performance is evaluated using Mean Recip-
rocal Rank (MRR), Mean Rank (MR) and Hits at
Rank k (H@k) under the filtered setting, which re-
moves all triples appeared in training, validating or
testing sets from candidate triples before obtaining
the rank for the ground truth triple. We consider
all entities that appear in the corresponding argu-
ment of the relation to be predicted to further filter
out incorrect candidates, which is known as type-
constraint setting (Chang et al., 2014; Toutanova
and Chen, 2015).

We also evaluate the learnt KGEs using a relation
prediction task, which predicts the relation between
two given entities (i.e., (h, ?, t)) from the set of
relations in the KG. This task assumes that we
are given entity-pairs with candidate relations. The
performance is measured using the same evaluation
metrics as used in the link prediction task under
the filtered setting. We use the publicly available
OpenKE tool to conduct experiments with different
KGE methods (Han et al., 2018).7

4.2 Baselines
We compare the proposed LDP borrowing method
against multiple baselines as follows.

LinkAll: In this baseline we connect the two en-
tities in each without-mention entity-pair with a
unique link, instead of reusing LDPs, and aug-
ment the KG with the without-mention entity-pairs.
This baseline enables us to simply incorporate all
without-mention entity-pairs into the KG without
requiring to borrow any LDPs. It will demonstrate

7https://github.com/thunlp/OpenKE

the importance, if any, of sharing LDPs between
with- vs. without-mention entity-pairs as opposed
to simply connecting all without-mention entity-
pairs with distinct relations.

Co-occurrence: This baseline connects all
entity-pairs that co-occurs in any sentence in
the corpus (T ) with a generic relation (i.e. co-
occurrence relation) in the augmented KG and
does not distinguish between different textual re-
lations. This baseline is designed to highlight
the importance of the context of entity-pair co-
occurrences in the corpus beyond simply treating
all co-occurrences equally during the augmenting
process.

NeighbBorrow: Given a without-mention entity-
pair (h∗, t∗), we can borrow the LDPs from the first
nearest neighbouring (1NN) with-mention entity-
pair (h, t). The similarity between entity-pairs can
be computed using (4) in an unsupervised manner
using pretrained entity embeddings such as Rel-
Walk embeddings (Bollegala et al., 2021).

sim((h, t), (h∗, t∗)) = cos(h,h∗) cos(t, t∗) (4)

Here, cos is the cosine similarity between two vec-
tors converted to nonnegative values (i.e. [0, 1])
using the linear transformation (x+ 1)/2. On aver-
age, when considering 1NN, we borrow 1.3 LDPs
for each without-mention pair of entities. In con-
trast to the proposed SuperBorrow, NeighbBorrow
is unsupervised and decouples entities in each pair
when computing their similarity.

5 Results

Link Prediction: Table 3 shows the results of
link prediction for different settings on FB15K237
under different KGE methods. Two translational
distance-based KGE methods (i.e. TransE and
RotatE) and two semantic matching-based mod-
els (i.e. DistMult and ComplEx) are used as the
KGE learning methods (Rossi et al., 2021; Wang
et al., 2021). We emphasize that our purpose here
is not to compare the absolute performance among
those KGE methods, but to evaluate the effect of
using LDPs for augmenting the KG and represent-
ing the without-mention entity-pairs via different
borrowing methods. For SuperBorrow, the optimal
numbers of borrowed LDPs (k) determined using
the validation set for TransE, DistMult, ComplEx
and RotatE respectively are 30, 20, 15 and 25.
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overall without-mention

Model MR H@3 H@1 MR H@3 H@1

DistMult (KG only) 4.1 0.938 0.856 4.0 0.942 0.865
KG+ExtractedLDPs 2.6 0.955 0.876 2.7 0.957 0.883
LinkAll 7.2 0.887 0.752 7.8 0.880 0.744
Co-occurrence 2.4 0.954 0.875 2.4 0.956 0.882
NeighbBorrow 3.0 0.955 0.874 3.0 0.956 0.881
SuperBorrow 2.2 0.960 0.875 2.2 0.962 0.882

ComplEx (KG only) 3.1 0.954 0.900 2.8 0.957 0.908
KG+ExtractedLDPs 1.9 0.967 0.917 1.9 0.967 0.922
LinkAll 4.0 0.909 0.812 4.3 0.902 0.808
Co-occurrence 1.8 0.967 0.916 1.8 0.967 0.920
NeighbBorrow 1.7 0.973 0.921 1.7 0.974 0.925
SuperBorrow 1.7 0.972 0.917 1.7 0.973 0.922

Table 4: Results of relation prediction on FB15K237.

As shown in Table 3, augmenting the KG
with the extracted LDPs (i.e., KG+ExtractedLDPs)
significantly improves the performance for with-
mention entity-pairs for all KGE methods. How-
ever, the performance when predicting links for
without-mention entity-pairs decreases slightly for
all KGE methods, except for DistMult in the
KG+ExtractedLDPs setting. For the borrowing
models, even though the co-occurrence baseline
improves the prediction for without-mention set,
borrowing relevant LDPs from the 1NN entity-
pairs (NeighbBorrow) or the proposed supervised
borrowing (SuperBorrow) reports superior results.
We can see that the best performance for the over-
all and without-mention sets are achieved with the
augmented KG using SuperBorrow, followed by
NeighbBorrow.

Relation Prediction: Table 4 shows the accura-
cies for the relation prediction task. Experimen-
tally, the best results for this task is obtained when
corrupting r, in addition to h and t corruptions, is
applied to generate negative triples to train the KGE
method. This negative sampling schedule follows
the evaluation procedure of relation prediction. As
shown in the table, SuperBorrow reports the best
MR and Hits@3 for DistMult KGEs, while Neibh-
Borrow baseline performs better than SuperBorrow
with ComplEx method. Further results for relation
prediction are in the Supplementary Appendix A.

Comparisons against Prior Work: We
compare our proposed method against
prior work, namely Feature Rich Network
(FRN) (Komninos and Manandhar, 2017) and
Conv (E+DistMult) (Toutanova et al., 2015).
In FRN, an MLP is trained to predict the
probability of a given triple being true using
different types of features such as the entity

overall w-m w/o-m

Model MRR H@10 MRR H@10 MRR H@10

Conv
0.401 0.581 0.339 0.499 0.424 0.611

(E+DistMult)
FRN 0.403 0.620 0.441 0.683 0.387 0.595
ours (DistMult) 0.460 0.714 0.378 0.649 0.468 0.720
ours (RotatE) 0.499 0.712 0.439 0.674 0.504 0.715

Table 5: Comparisons against prior work on link pre-
diction on FB15K237. w-m and w/o-m refer to with-
mention and without-mention entity-pairs, respectively.
The results for prior work are taken from the original
papers. The best results are in bold, while the second
best results are underlined.

types and features extracted from textual relation
mentions. Conv(E+DistMult) represents LDPs
by vectors using a convolutional neural network,
and combines DistMult scoring function with that
of the Entity model (E) proposed by Riedel et al.
(2013). E model learns a vector for each entity
and two vectors for each relation corresponding
to the two arguments rh and rt of a relation r.
The scoring function of a triple in E model is
defined as h>rh + t>rt. The combined model
(E+DistMult) is trained on a linearly weighted
combination of KG triples and textual triples.
For a fair comparison, we consider the task of
predicting missing tail entities and we avoid the
type-constraint setting.

As shown in Table 5, for the overall test set of
FB15K237 our models outperform both FRN and
Conv models according to MRR and H@10. For
with-mention entity-pairs, our models report higher
scores compared to Conv(E+DistMult), while FRN
performs best. For with-mention entity-pairs FRN
can extract rich features from the contexts of co-
occurrences, which helps it to obtain superior per-
formances. However, both FRN and Conv models
perform poorly on without-mention entity-pairs,
where such contextual features are unavailable. On
the other hand, by using the proposed SuperBorrow
to augment LDPs for KGs we can overcome this
limitation successfully.

6 Analysis

Borrowed LDPs: To provide examples of LDPs
injected into FB15K237, Table 6 shows the bor-
rowed LDPs by NeighbBorrow and SuperBorrow
for some selected entity-pairs. We can see that
representative LDPs of various relation types are
ranked at the top by SuperBorrow. For example, for
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Entity-pairs (h, r, t) Borrowed LDPs
NeighbBorrow SuperBorrow

h= Woodrow Wilson h:〈-nsubj〉:joined:〈dobj〉:t h:〈-poss〉:t
t= League of Nations h:〈-nsubj〉:left:〈dobj〉:t h:〈-nsubj〉:president:〈prep〉:of:〈pobj〉:t
r= organizations-founded h:〈-poss〉:t h:〈-nsubj〉:joined:〈dobj〉:t

h:〈-poss〉:ambassador:〈prep〉:to:〈pobj〉:t
h:〈-nsubj〉:member:〈prep〉:of:〈pobj〉:t

h= 20th Century Fox h:〈-nn〉:movie:〈appos〉:t h:〈-dobj〉:released:〈nsubj〉:t
t= Lincoln h:〈-nn〉:film:〈nsubj〉:t h:〈-dobj〉:release:〈nsubj〉:t
r= film-distributor h:〈-nn〉:movie:〈dep〉:t h:〈-nsubj〉:released:〈dobj〉:t

h:〈-poss〉:t h:〈-appos〉:grant:〈appos〉:t
h:〈-pobj〉:with:〈-prep〉:t

h= Deep Impact h:〈-pobj〉:in:〈-prep〉:work:〈poss〉:t h:〈-dep〉:film:〈poss〉:t
t= Leslie Dilley h:〈-nn〉:fame:〈-pobj〉:of:〈-prep〉:t h:〈vmod〉:produced:〈prep〉:by:〈pobj〉:t
r= film-production-design-by h:〈poss〉:t h:〈vmod〉:written:〈prep〉:by:〈pobj〉:t

h:〈-dep〉:tagged:〈appos〉:t
h:〈-nn〉:film:〈nsubj〉:t

h= Idaho h:〈-nsubjpass〉:located:〈prep〉:in:〈pobj〉:t h:〈-poss〉:t
t= Christianity h:〈-appos〉:usa:〈-appos〉:t h:〈-amod〉:state:〈prep〉:of:〈pobj〉:t
r= religion h:〈-poss〉:t h:〈rcmod〉:plays:〈dobj〉:t

h:〈-dobj〉:entered:〈nsubj〉:t
h:〈-nn〉:date:〈nn〉:t

Table 6: Borrowed LDPs of selected entity-pairs. Top 5 LDPs with our borrowing method and LDPs borrowed
from 3NN entity-pairs are shown.

the film-distributor relation, NeighbBorrow selects
LDPs containing specific tokens such as movie or
film, whereas SuperBorrow retrieves LDPs that bet-
ter express the target relation such as 20th Century
Fox:〈-dobj〉:released:〈nsubj〉:Lincoln.

Relation Categories: To better analyse the ef-
fect of the proposed SuperBorrow for KGEs, we
evaluate the link prediction task on different re-
lation categories including 1to1, 1toN, Nto1 and
NtoN as defined in Bordes et al. (2013).

Table 7 presents the results of predicting head
entities for all KGE methods considering KG only
and SuperBorrow. We can see that SuperBor-
row achieves higher performance over the original
graph on all relation categories. In particular, our
proposal significantly boosts the performance of
predicting head entities for the Nto1 relation type
where all KGE methods report the lowest H@10 for
the KG only setting. Similar results are obtained
for predicting the tail entities as in Appendix B.
Overall, these results show that incorporating infor-
mation from text corpora into KGs enables us to
learn KGEs that encode diverse relation types.

Visualisation of Entity Embeddings: In Fig-
ure 1, we visualise the entity embeddings of
KGonly and KG with LDPs using t-distributed
stochastic neighbour embeddings (t-SNE) (Hinton

Method 1to1 1toN Nto1 NtoN
# Tuples 192 1293 4289 14,696

TransE
KG only 0.536 0.597 0.124 0.418
SuperBorrow 0.947 0.984 0.377 0.829

DistMult
KG only 0.500 0.433 0.064 0.371
SuperBorrow 0.922 0.856 0.338 0.547

ComplEx
KG only 0.495 0.434 0.045 0.368
SuperBorrow 0.917 0.913 0.277 0.601

RotatE
KG only 0.568 0.631 0.118 0.388
SuperBorrow 0.932 0.969 0.404 0.722

Table 7: Hits@10 of head prediction for different
relation categories using embeddings trained on KG
only and embeddings from SuperBorrow for each KGE
method.

and Roweis, 2002) method. Relations in FB15k237
are labelled as domain/type/property where do-
main/type represents the type of a head entity in
the relation. Thus, for each entity in the KG, we
extract its types from all training triples where the
entity acts as the head. We label entities that belong
to the two most frequent entity types, which are
people/person (4,538 entities) and film/film (1,923
entities). From Figure 1, we see that the embed-
dings learnt from the augmented graph results in
distinct clusters of the same type, compared to the
clusters obtained from the KG alone. This empha-
sizes the importance of using textual mentions in
KGE learning.
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(a) KG only (b) KG with LDPs

Figure 1: t-SNE plots for DistMult entity embeddings
comparing (a) KG-only and (b) KG with LDPs.

7 Conclusion

We considered the problem of representing without-
mention entity-pairs in KGE learning. Specifically,
we proposed a method (SuperBorrow) to determine
which LDPs to borrow from with-mention entity-
pairs to augment a KG using a corpus. Our pro-
posed method improves the performance of several
KGE learning methods in link and relation predic-
tion tasks.
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Théo Trouillon, Johannes Welbl, Sebastian Riedel, Éric
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Appendix

A Relation Prediction

Relation prediction results for all the KGE meth-
ods are shown in Table 8. As we see, unlike se-
mantic matching-based KGE models, incorporat-
ing LDPs into the KG do not improve relation pre-
diction for translational distance-based KGE meth-
ods (TransE and RotatE). For KG+ExtractedLDPs
embeddings, the performance for with-mention set
decreases by 0.045 and 0.012 on average for MRR
and H@{10,3,1}, for TransE and RotatE respec-
tively. In-depth analysis for this observation can be
conducted in future research.

B Tail Prediction for Relation Categories

Table 9 presents Hits@10 for tail prediction con-
sidering 1to1, 1toN, Nto1 and NtoN relation cate-
gories. As we see, SuperBorrow embeddings ob-
tain the best results for all KGE methods and all
the relation categories.

Method 1to1 1toN Nto1 NtoN
# Tuples 192 1293 4289 14,696

TransE
KG only 0.547 0.097 0.851 0.574
SuperBorrow 0.943 0.647 0.980 0.907

DistMult
KG only 0.521 0.055 0.774 0.507
SuperBorrow 0.880 0.424 0.898 0.657

ComplEx
KG only 0.500 0.034 0.787 0.518
SuperBorrow 0.869 0.456 0.964 0.753

RotatE
KG only 0.536 0.107 0.855 0.561
SuperBorrow 0.927 0.731 0.983 0.853

Table 9: Hits@10 of tail prediction for different rela-
tion categories.

C Training KGE Methods

For reproducability, we list the hyperparameter
setting to train KGE methods in Table 10. Ada-
Grad (Duchi et al., 2011) with 100 batches is used
to learn KGEs. Table 11 shows the training time (in
hours) to train KGE methods for KG only and Su-
perBorrow using OpenKE-Pytorch tool (Han et al.,
2018).
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overall with-mention without-mention

Model MRR MR H@10 H@3 H@1 MRR MR H@10 H@3 H@1 MRR MR H@10 H@3 H@1

TransE (KG only) 0.961 1.6 0.992 0.980 0.940 0.919 1.9 0.988 0.958 0.875 0.967 1.5 0.993 0.983 0.949
KG+ExtractedLDPs 0.934 1.6 0.994 0.967 0.899 0.860 1.7 0.991 0.926 0.789 0.944 1.5 0.994 0.973 0.914
LinkAll 0.932 1.5 0.993 0.955 0.899 0.845 1.9 0.985 0.887 0.778 0.944 1.4 0.994 0.964 0.916
Co-occurrence 0.925 1.6 0.993 0.962 0.887 0.863 1.8 0.990 0.931 0.793 0.933 1.5 0.993 0.967 0.899
NeighbBorrow 0.927 1.5 0.994 0.964 0.888 0.862 1.7 0.993 0.929 0.791 0.936 1.5 0.994 0.969 0.901
SuperBorrow 0.925 1.5 0.993 0.963 0.886 0.868 1.8 0.990 0.926 0.802 0.933 1.5 0.994 0.968 0.897

DistMult (KG only) 0.901 4.1 0.968 0.938 0.856 0.855 4.5 0.959 0.914 0.789 0.907 4.0 0.969 0.942 0.865
KG+ExtractedLDPs 0.918 2.6 0.980 0.955 0.876 0.887 2.4 0.982 0.940 0.826 0.922 2.7 0.980 0.957 0.883
LinkAll 0.825 7.2 0.940 0.887 0.752 0.883 2.1 0.986 0.944 0.813 0.818 7.8 0.934 0.880 0.744
Co-occurrence 0.918 2.4 0.979 0.954 0.875 0.89 2.0 0.980 0.942 0.831 0.921 2.4 0.979 0.956 0.882
NeighbBorrow 0.917 3.0 0.979 0.955 0.874 0.883 2.7 0.976 0.942 0.819 0.921 3.0 0.979 0.956 0.881
SuperBorrow 0.920 2.2 0.984 0.960 0.875 0.885 2.2 0.980 0.943 0.822 0.924 2.2 0.985 0.962 0.882

ComplEx (KG only) 0.929 3.1 0.977 0.954 0.900 0.884 4.8 0.962 0.925 0.835 0.935 2.8 0.980 0.957 0.908
KG+ExtractedLDPs 0.944 1.9 0.987 0.967 0.917 0.921 1.7 0.986 0.962 0.877 0.947 1.9 0.987 0.967 0.922
LinkAll 0.867 4.0 0.955 0.909 0.812 0.906 1.8 0.988 0.960 0.848 0.861 4.3 0.951 0.902 0.808
Co-occurrence 0.944 1.8 0.987 0.967 0.916 0.930 1.7 0.989 0.965 0.892 0.946 1.8 0.987 0.967 0.920
NeighbBorrow 0.948 1.7 0.989 0.973 0.921 0.925 1.9 0.987 0.965 0.884 0.951 1.7 0.989 0.974 0.925
SuperBorrow 0.946 1.7 0.990 0.972 0.917 0.922 1.8 0.987 0.962 0.879 0.949 1.7 0.990 0.973 0.922

RotatE (KG only) 0.972 1.4 0.996 0.990 0.954 0.945 1.3 0.993 0.981 0.910 0.976 1.4 0.997 0.991 0.960
KG+ExtractedLDPs 0.967 1.3 0.995 0.988 0.945 0.933 1.5 0.983 0.974 0.892 0.971 1.2 0.996 0.990 0.952
LinkAll 0.958 1.3 0.995 0.984 0.931 0.923 1.6 0.983 0.964 0.879 0.963 1.3 0.996 0.987 0.938
Co-occurrence 0.964 1.3 0.994 0.985 0.943 0.931 1.4 0.987 0.970 0.892 0.969 1.3 0.995 0.987 0.949
NeighbBorrow 0.964 1.3 0.995 0.985 0.941 0.933 1.5 0.985 0.971 0.894 0.968 1.2 0.996 0.987 0.948
SuperBorrow 0.964 1.2 0.995 0.986 0.941 0.931 1.5 0.985 0.972 0.892 0.968 1.2 0.996 0.988 0.947

Table 8: Relation predictino on FB15K237.

KGE Method learning rate embedding dimension negative samples loss function margin epochs
TransE 1.0 300 25 Margin loss 5.0 1000

DistMult 0.5 300 25 SoftPlus loss - 1000
ComplEx 0.5 100 25 SoftPlus loss - 1000

RotatE 2e-5 300 25 SigmoidLoss 9.0 1000

Table 10: The hyperparameter setting for KGE methods on link prediction task.

Method #Train tuples Time (h)

TransE
KG only 272,115 0.42

SuperBorrow 1,217,294 1.58

DistMult
KG only 272,115 0.78

SuperBorrow 1,036,904 2.67

ComplEx
KG only 272,115 0.69

SuperBorrow 946,709 2.11

RotatE
KG only 272,115 1.11

SuperBorrow 1,127,099 4.13

Table 11: Training time on FB15K237 in hours.
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Abstract

Recent work in entity disambiguation (ED) has
typically neglected structured knowledge base
(KB) facts, and instead relied on a limited sub-
set of KB information, such as entity descrip-
tions or types. This limits the range of contexts
in which entities can be disambiguated. To
allow the use of all KB facts, as well as descrip-
tions and types, we introduce an ED model
which links entities by reasoning over a sym-
bolic knowledge base in a fully differentiable
fashion. Our model surpasses state-of-the-art
baselines on six well-established ED datasets
by 1.3 F1 on average. By allowing access to
all KB information, our model is less reliant
on popularity-based entity priors, and improves
performance on the challenging ShadowLink
dataset (which emphasises infrequent and am-
biguous entities) by 12.7 F1.

1 Introduction
Entity disambiguation (ED) is the task of linking
mentions of entities in text documents to their cor-
responding entities in a knowledge base (KB). Re-
cent ED models typically use a small subset of KB
information (such as entity types or descriptions)
to perform linking. These models have strong per-
formance on standard ED datasets, which consist
mostly of entities that appear frequently in the train-
ing data.

However, ED performance deteriorates for less
common entities, to the extent that many re-
cent models are outperformed by outdated fea-
ture engineering-based ED systems on datasets
that focus on challenging or rare entities (Prova-
torova et al., 2021). This suggests models over-rely
on prior probabilities, which are either implicitly
learned or provided as features, rather than make
effective use of the mention context. One reason
for this is that the subset of KB information used by
the models is not enough to discriminate between

*Tom and Joseph contributed equally to this work.

similar entities in all contexts, meaning the model
has to fall back on predicting the most popular en-
tity. Another explanation for the performance drop
is that less common entities are prone to missing
or inconsistent KB information (e.g. they may not
have a description), which is problematic for mod-
els which rely on a single source of information.
To illustrate, we find that 21% of the 25% least
popular1 entities in Wikidata have neither an En-
glish description nor any entity type2, leaving no
mechanism for models which rely on these two
sources of information alone to disambiguate them
(other than their label).3 Over half of these entities
have at least one KB fact (e.g. [Cafe Gratitude],
[headquarters location], [San Francisco]); so by
including KB facts the percentage of the least pop-
ular entities with no information aside from a label
drops from 21% to 8%.

Figure 1: Example of a sentence where fine-grained KB
information is required for entity disambiguation.

In light of this, we introduce an ED model which
has access to entity types and descriptions, and
all KB facts. By using a larger variety of infor-
mation, our model is more robust to missing KB
information, and is able to disambiguate entities
in a broader range of contexts without relying on
entity priors. Figure 1 shows an example sentence
where there is insufficient information in the entity

1We use the number of KB facts where the entity is the
subject entity as a proxy for popularity, and only consider
entities with an English Wikipedia page.

2See for example Q5017238.
3Conversely, 100% of the 25% most popular entities in

Wikidata have either a description or type.
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descriptions and types to disambiguate the men-
tion, Clinton. Fine-grained KB information, such
as facts about the birthplace or education of candi-
date entities, is required.

To incorporate KB facts, our model begins by re-
ranking candidate entities using descriptions (Wu
et al., 2019) and predicted entity types (Raiman
and Raiman, 2018). We then predict, using the doc-
ument context, the relations which exist between
every pair of mentions in the document. For exam-
ple, given the sentence in Figure 1, the model may
predict that the [place of birth] relation exists be-
tween the mention Clinton and the mention Hope,
Arkansas.4 For this, we introduce a novel “coarse-
to-fine” document-level relation extraction (RE)
module, which increases accuracy and reduces in-
ference time relative to the standard RE approach.
Given the relation predictions, we query the KB
(Wikidata in our case) for facts which exist between
any of the candidate entities for the mention Clin-
ton and for the mention Hope, Arkansas. In this
case we would find the Wikidata fact [Bill Clinton],
[place of birth], [Hope], and would correspond-
ingly boost the scores of both the [Bill Clinton] and
[Hope] entities. We implement this mechanism
with the KB stored in a one-hot encoded sparse
tensor, which makes the architecture end-to-end
differentiable.

Our model surpasses state-of-the-art (SOTA)
baselines on well-established ED datasets by 1.3
F1 on average, and significantly improves perfor-
mance on the challenging ShadowLink dataset by
12.7 F1. In addition, the model predictions are in-
terpretable, in that the facts used by the model to
make predictions are accessible.

Our contributions are summarised as follows:

1. We empirically show that using KB facts for
ED increases performance above SOTA meth-
ods, which generally rely on a single source
of KB information.

2. We introduce a scalable method of incorpo-
rating symbolic information into a neural net-
work ED model. To our knowledge, this is
the first time an end-to-end differentiable sym-
bolic KB has been used for ED.

3. We introduce a novel document-level rela-
tion extraction (RE) architecture which uses

4We use square brackets to denote relations and entities in
the KB, and italics to represent mentions in the input text.

coarse-to-fine predictions to obtain competi-
tive accuracy with high efficiency.

2 Related Work
Recent work on ED has primarily focused on
feature-based approaches, whereby a neural net-
work is optimised so that the representation of the
correct KB entity is most similar to the mention
representation, and each mention is resolved in-
dependently. The way in which the KB entities
are represented varies between work. Initial work
(Ganea and Hofmann, 2017) learned entity embed-
dings directly from training examples, which per-
formed well for entities seen during training, but
could not resolve unseen entities. More recent work
improved performance on common datasets by en-
abling linking to entities unseen during training by
using a subset of KB information to represent enti-
ties, such as entity descriptions (Logeswaran et al.,
2019; Wu et al., 2020) or entity types (Raiman and
Raiman, 2018; Onoe and Durrett, 2020).

2.1 ED with KB context

Mulang’ et al. (2020) and Cetoli et al. (2019) in-
corporate KB facts into ED models by lexicalising
KB facts and appending them to the context sen-
tence, then using a cross-encoder model to predict
whether the facts are consistent with the sentence.
Our model differs from this approach as we resolve
entities in the document collectively rather than
independently; enabling pairwise dependencies be-
tween entity predictions to be captured. Another
potential limitation of the cross-encoder method
is the high computational cost of encoding the
long sequence length of every fact appended to
the document context. By accessing KB facts from
sparse tensors, we are able to avoid this bottleneck
and scale to a larger volume of facts (Cohen et al.,
2020).

2.2 ED with knowledge graph embeddings

Graph neural networks (GNN) have been used
to represent KB facts to inform ED predictions
(Sevgili et al., 2019; Ma et al., 2021). These ap-
proaches can potentially access the information in
all KB facts, but are reliant on the quality of the
graph embeddings, which may struggle to represent
many basic semantics (Jain et al., 2021) particularly
for unpopular entities (Mohamed et al., 2020).

2.3 Global ED

There has been a series of papers which aim to
optimise the global coherence of entity choices
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Figure 2: Our model architecture shown for a document with two mentions, England and 1966 World Cup. The
model disambiguates all entity mentions in a single pass; making use of the KB facts connecting the candidates of
each mention.

across the document (Hoffart et al., 2011; Cheng
and Roth, 2013; Moro et al., 2014; Pershina et al.,
2015). Our model differs from previous approaches
in that the model predicts the relations which exist
between mentions based on the document text and
weights the coherence scores by these predictions,
rather than considering coherence independently
of document context. We also limit the model to
pairwise coherence between mentions as opposed
to global coherence for computational efficiency.

2.4 ED with multiple modules

The most similar work to ours is Orr et al. (2021),
which achieves strong results on tail entities by
introducing an ED model which uses entity embed-
dings, relation embeddings, type embeddings, and
a KB module to link entities. A key difference to
our model is the way in which KB facts are used
for disambiguation. In their work, KB facts are
encoded independently of the document context in
which the candidate entities co-occur, whereas our
model is able to leverage the relevant KB facts for
the document context.

3 Proposed Method

3.1 Task formulation

Given a document X with mentions, M =
{m1,m2, ...m|M |}, a KB with a set of facts G =
{(s, r, o) ⊂ E ×R× E} which express relations
r ∈ R between subject s ∈ E and object entities
o ∈ E, and a description dk for each KB entity ek,

the goal of ED is to assign each mention m ∈ M
the correct corresponding KB entity e ∈ E.

3.2 Overview

Figure 2 shows a high-level overview of our model.
We use a transformer model to encode all mentions
in the document in a single-pass. We use these
mention embeddings both to generate initial candi-
date entity scores for each mention using the entity
types and descriptions of KB entities and to pre-
dict relations between every pair of mentions in
the document. We retrieve KB facts for every pair
of mentions in the document, for each combina-
tion of candidate entities. We weight the retrieved
KB facts by multiplying the initial candidate entity
score for the subject entity, the predicted score for
the relation, and the initial candidate entity score
for the object entity. Then we generate KB scores
by summing the weighted facts for each candidate
entity. The final score used for ranking entities is a
weighted sum of the initial score and KB score.

3.3 Mention representation

We encode the tokens in the document X using a
transformer-based model, giving contextual token
embeddings H = {h1,h2, ...,hN}.5 We obtain
mention embeddings mi for each mention mi by
average pooling the contextualised token embed-
dings of the mention from the final transformer
layer. This allows all mentions M in the document

5We use bold letters for vectors throughout our paper.
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X to be encoded in a single forward pass.

3.4 Initial entity score ψa

Initially, we score candidate entities using entity
typing and description scores. We combine the two
with a learned weighted sum ψa:

ψa(cik) = w1ψt(cik) + w2ψd(cik) (1)

where cik is the mention-entity pair (mi, ek), ψt is
a scoring function based on candidate entity types,
and ψd is a scoring function based on candidate
entity descriptions.

3.4.1 Entity typing score ψt

We construct a fixed set of types T = {(r, o) ⊂
R× E} by taking relation-object pairs (r, o) from
the KB G; for example (instance of, song). We pre-
dict an independent unnormalised score for each
type t ∈ T for every mention in the document by
applying a linear layer FF 1 to the mention em-
bedding mi. To compute entity scores ψt using
the predicted types, we calculate the dot product
between the predicted types and the candidate en-
tity’s types binary vector tk.6 Additionally, we
add a P (e|m) (PEM score) which expresses the
probability of an entity given the mention text only,
and is obtained from hyperlink count statistics as
in previous work (Raiman and Raiman, 2018):

ψt(cik) = (FF 1(mi) · tk) + P (ek|mi) (2)

3.4.2 Entity description score ψd

We use a bi-encoder architecture similar to (Wu
et al., 2019) but altered to encode all mentions in
a sequence in a single forward pass, as opposed
to requiring one forward pass per mention. We
represent KB entities as:

[CLS] label [SEP] description [SEP]

where “label” and “description” are the tokens of
the entity label and entity description in the KB.
We refer to this as dk. To compute entity scores ψd
using entity descriptions, we use a separate trans-
former model TR1 to encode dk, taking the final
layer embedding for the [CLS], and calculate the
dot product between this embedding and the con-
textual mention embedding mi projected by linear
layer FF 2:

ψd(cik) = FF 2(mi) · TR1(dk) (3)
6We use 1 to indicate the presence of an entity type and 0

the absence of an entity type for our binary vector. We also
follow this convention for the KB facts binary vector.

3.5 Relation extraction

Our relation extraction layer outputs a relation
score vector r̂ij ∈ R|R| for each pair of mentions
mi and mj in the document, where R is the subset
of relations chosen from the KB. To calculate r̂ij
we begin by passing mi and mj through a bilin-
ear layer B with output dimension 1, to predict
the likelihood r̂coarseij that a relation exists between
mentions mi and mj .

r̂coarseij = σ(B(mi,mj)) (4)

Note that r̂coarseij is a scalar, denoting the likeli-
hood that any relation exists between mention mi

and mj .

Figure 3: The model component for document-level
relation extraction. r̂coarseij denotes the predicted prob-
ability that any relation exists between mentions i and
j. R denotes the number of relations we include in the
model - set to 2 in the Figure for illustration purposes
only.

We then take the top-k mention pairs with the
highest values of r̂coarseij (in similar style to Lee
et al. (2018) who introduce a coarse-to-fine ap-
proach for coreference resolution), illustrated with
K = 2 in Figure 3. These are the pairs of mentions
which the model predicts have the highest likeli-
hood of having a relation connecting them. For
the surviving mention pairs, we pass each of the
two mention embeddings individually through a
linear layer, FF 3, to reduce their dimension by a
factor of two. This ensures that when we concate-
nate the two representations back together we get a
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representation of the mention pair m∗ij of the same
dimension as the contextual token embeddings H .

m∗ij = concat(FF 3(mi),FF 3(mj)) (5)

We then pass the resulting embedding m∗ij
through a series of transformer layers TR2, where
they can attend to the contextual embeddings of
the original input tokens, H = {h1,h2, ...,hN}.
The mention-pair embeddings from the final trans-
former layer are passed through a linear layer
FF 4 with output dimension |R| to give the score
that each relation exists between this mention-pair,
r̂fineij .

r̂fineij = FF 4(TR2(m
∗
ij, H))) (6)

Finally, to get r̂ij we multiply the coarse layer
score r̂coarseij with the fine layer score r̂fineij , en-
suring that gradients are propagated through the
coarse layer during training, despite only the top-k
mention pairs being passed to the fine layer.

r̂ij = r̂coarseij ∗ r̂fineij (7)

For all mention pairs outside the top-k pairs, we
set r̂ij to a vector of 0s.

The relation extraction layer is trained end-to-
end using the signal from the entity disambigua-
tion loss only, and is not pretrained with any task-
specific relation extraction data. To validate the
effectiveness of the architecture, we include results
with the RE module trained in isolation on the DO-
CRED RE dataset in Appendix D.

3.6 KB score ψb

We retrieve KB facts7 for every mention-entity pair
in the document and represent it as a 5-dimensional
tensor r, where rij,kn is a binary vector indicat-
ing the relations that exist in the KB between the
two entities (ek and en) for mention-entity pair cik
and cjn.8 We weight KB facts r based on initial
entity scores ψa and relation predictions r̂, accord-
ing their relevance to the document. To compute
the KB score ψb for a mention-entity pair, we sum
KB facts where the entity (from the mention-entity
pair) is the subject entity to give score ψs and sum
the KB facts where the entity is the object entity to
give score ψo:

7Facts are efficiently retrieved by indexing into a sparse
tensor.

8The dimensions of tensor r are: [n_mentions (M),
n_mentions (M), n_candidates, n_candidates, n_relations (R)]

ψs(cik) = ψ̇a(cik)

j≤|M|∑

j=1

n≤|E|∑

n=1

(r̂ij · rij,kn)ψ̇a(cjn) (8)

ψo(cik) = ψ̇a(cik)

j≤|M|∑

j=1

n≤|E|∑

n=1

(r̂ji · rji,nk)ψ̇a(cjn) (9)

where ψ̇a is the initial entity scoring function
ψa followed by the softmax function applied over
the candidate entities for the given mention. We
then combine the two scores with a weighted sum
giving ψb:

ψb(cik) = w3ψs(cik) + w4ψo(cik) (10)

Note that for computational efficiency, this scor-
ing mechanism considers the coherence of entity
predictions between pairs of mentions only, in con-
trast to methods which consider global coherence
Hoffart et al. (2011).

3.7 Optimisation and inference

To obtain final entity scores ψf , we add the KB
scores ψb to the initial entity scores ψa.

ψf (cik) = ψa(cik) + ψb(cik) (11)

We train our model on entity linked documents
using cross-entropy loss. Our model is fully differ-
entiable end-to-end, with the training signal propa-
gating through all modules, including the relation
extraction module. During ED inference, we take
the candidate entity with the highest final entity
score for each mention.

4 Experiments
4.1 Standard ED

We evaluate our model on the following well-
established standard ED datasets: AIDA-CoNLL
(Hoffart et al., 2011), MSNBC (Cucerzan, 2007),
AQUAINT (Milne and Witten, 2008), ACE2004
(Ratinov et al., 2011), CWEB (Gabrilovich et al.,
2013) and WIKI (Guo and Barbosa, 2018). We
train our model on Wikipedia hyperlinks and report
InKB micro-F1 (which only considers entities with
a non-NIL entity label). To ensure fair comparisons
to baselines, we use the same method to generate
candidates as previous work (Cao et al., 2021; Le
and Titov, 2018). Concretely, we use the top-30
entities based on entity priors (PEM) obtained by
mixing hyperlink count statistics from Wikipedia
hyperlinks, a large Web corpus, and YAGO.
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4.2 Long-tail and ambiguous ED

We use the ShadowLink ED dataset (Provatorova
et al., 2021) to evaluate our model on long-tail and
ambiguous examples.9 The dataset consists of 3
subsets. SHADOW where the correct entity is over-
shadowed by a more popular entity; TOP where the
correct entity is the most popular entity; and TAIL
where the correct entity a long-tail entity.10 All
examples in SHADOW and TOP are ambiguous,
whereas TAIL has some unambiguous examples,
as it is a representative sample of long-tail entities.
The original dataset consists of short text snippets
from Web pages, which often only include one or
two mentions of entities. This limits the ability of
our model to use its document-level RE module,
and reason over the relationships between entities.
We therefore also evaluate on the full-text version
of the SHADOW and TOP subsets, referred to as
SHADOW-DOC and TOP-DOC in the results ta-
bles.11 The dataset consists of 1 annotated entity
per document, so we run spaCy (“en_core_web_lg”
model) (Honnibal and Montani, 2017) to identify
additional mentions to allow our model and base-
lines to utilise other mentions to disambiguate the
annotated entity mention.

4.3 Model details

We use Wikidata (July 2021) as our KB, restricted
to entities with a corresponding English Wikipedia
page. This results in 6.2M entities. We use this
data to generate lookups for entity types, entity
descriptions, and KB facts. We select a fixed set
of 1400 relation-object pairs, based on usefulness
for disambiguation, to use as our entity types (Ap-
pendix A). For the KB facts, we represent the top
128 relations as separate classes and collapse the
remaining relations into a single class we refer to
as OTHER. Additionally, we add a special relation
which exists between every entity and itself. We re-
fer to this relation as the SAME AS relation, and the
idea behind this is to enable the model to implicitly
learn coreference resolution.

4.4 Training details

We use Wikipedia hyperlinks (July 2021) with ad-
ditional weak labels as our training dataset, which

9A long-tail entity is an entity that is linked to less than 56
times from other Wikipedia pages.

10E.g. if the candidates and PEM scores for the mention
England were ([England (country)], 0.92) and ([England foot-
ball team], 0.08) then [England (country)] would be a TOP
entity, and [England football team] would be a shadow entity.

11Details in Appendix E.

consists of approximately 100M labelled mentions.
We limit candidate generation to top-30 entities
based on entity priors obtained from Wikipedia
hyperlink statistics.12 Our model operates at the
document-level and is trained using multiple men-
tions simultaneously. We initialise the mention
embedding Transformer model weights from the
RoBERTa (Liu et al., 2019) model and train our
model for 1M steps with a batch size of 64 and
a maximum sequence length of 512 tokens. This
requires approximately 4 days when using 8 V100
GPUs. For additional details, see Appendix B.

5 Results
5.1 Standard ED

The results in Table 1 show our model (KBED)
achieves the highest average performance across
the datasets by a margin of 1.3 F1, reducing er-
rors by 11.5%. The ablation results indicate the
majority of the improvements across the datasets
are attributable to our novel KB module. We ob-
serve the largest improvement of 3.0 F1 on the
WIKI dataset, which is likely due to the documents
having high factual density, enabling our model to
leverage more KB facts (see Section 6.1 for rela-
tion analysis). Despite our model only be trained
on Wikipedia, we obtain competitive results on out-
of-domain datasets, such as MSNBC news articles,
which implies the patterns learned from Wikipedia
are applicable to other domains. In addition, the
results demonstrate that our 3 modules (entity typ-
ing, entity descriptions, and KB facts) are comple-
mentary; when any module is used in isolation it
reduces performance, demonstrating the benefits of
a multifaceted approach to ED. Surprisingly, when
our KB module is used in isolation it performs
on par with the TagMe baseline, which suggests
there is reasonable overlap between KB facts and
the facts predicted from documents. Note that the
AIDA results in Table 1 contain a mixture of mod-
els fine-tuned on this dataset (denoted with **) and
trained on Wikipedia only (as in our case), so the
numbers are not directly comparable.

5.2 Long-tail and ambiguous ED

Our model achieves an average F1 score of 70.1 on
the original ShadowLink dataset (Table 2) which
substantially outperforms (+16.5 F1) embeddings-
based models (GENRE, REL) and moderately out-
performs (+4.0 F1) the Bootleg model (Orr et al.,

12We add weak labels by labelling spans that match the title
of the page with the entity for the page.

2904



Method AIDA MSNBC AQUAINT ACE2004 CWEB WIKI AVG

AIDA (Yosef et al., 2011) 78.0 79.0 56.0 80.0 58.6 63.0 69.1
TagMe 2 (Ferragina and Scaiella, 2012) 70.6 76.0 76.3 81.9 68.3 - -
REL (van Hulst et al., 2020) 89.4 90.7 84.1 85.3 71.9 73.1 82.4
GENRE (Cao et al., 2021) 93.3∗∗ 94.3 89.9 90.1 77.3 87.4 88.7
Bootleg∗ (Orr et al., 2021) 80.9 80.5 74.2 83.6 70.2 76.2 77.6
WNEL (Le and Titov, 2019) 89.7 92.2 90.7 88.1 78.2 81.7 86.8
RLEL (Fang et al., 2019) 94.3∗∗ 92.8 87.5 91.2 78.5 82.8 87.9
DCA-RL (Yang et al., 2019) 93.7∗∗ 93.8 88.3 90.1 75.6 78.8 86.7
BiBSG (Yang et al., 2018) 93.0∗∗ 92.6 89.9 88.5 81.8 79.2 87.5

KBED 90.4 94.8 92.6 93.4 78.2 90.4 90.0

Model Ablations

w/o KB 87.5 94.4 91.8 91.6 77.8 88.7 88.6
KB only 80.3 88.9 83.0 85.0 69.7 80.8 81.3
Entity types only 85.7 91.8 91.8 89.8 74.3 86.1 86.6
Entity descriptions only 84.8 90.5 91.8 90.8 74.1 87.7 86.6
Bilinear RE layer 86.5 94.4 91.4 93.6 77.5 90.9 89.1

Table 1: Entity disambiguation InKB micro F1 scores on test sets. The best value (excl. model ablations) is bold
and second best is underlined. ∗We produced results using the code released by the authors. ∗∗Indicates the model
was trained on both AIDA and Wikipedia hyperlinks.

2021) which is optimised for tail-performance and
also uses entity types and KB facts. On the original
dataset, the impact of our KB module is negligi-
ble because the limited document context reduces
the chances of KB-related entities co-occurring;
the strong performance is therefore largely due to
the combination of entity types and descriptions.
However, we see a notable average improvement
of 12.7 F1 on the document-level version of the
dataset, with the KB module having a consider-
able impact especially on the overshadowed entity
subset where it contributes 6.7 F1. The perfor-
mance margin between our model and Bootleg is
greater when document-level context is used likely
because Bootleg is designed for short contexts and
has limited control over which KB facts to use for
disambiguation, as all facts are weighted uniformly.
We include a more extensive model ablation study
in Appendix C.

5.3 Relation extraction module

To analyse the impact of the doc-level RE architec-
ture introduced in Section 3.5 we present results
in Tables 1 and 2 of performance with a standard
bilinear RE layer (Xu et al., 2021). Our RE archi-
tecture leads to an average increase of 0.9 F1 on
the standard ED datasets, of 1.3 F1 on the stan-
dard ShadowLink splits, and of 1.5 F1 on the Shad-
owLink doc-level splits. In addition, by avoiding
the quadratic complexity bilinear layer, we achieve
an increase in inference speed of approximately

2x, as measured on AIDA documents. We include
doc-level RE results for our architecture on the
DOCRED (Yao et al., 2019) dataset in Appendix
D.

5.4 Error Analysis

In Table 3 we show the results from annotating
50 examples in which the model made an incor-
rect prediction for both the AIDA test split and the
ShadowLink SHADOW-DOC split. Gold not in
cands. refers to cases in which the gold entity was
not in the top-30 candidates from the PEM table;
Missing KB fact are cases where the model cor-
rectly predicted a relation connecting two mentions,
but the corresponding fact was not in the KB; Dom-
inant PEM is when the initial PEM score for one
candidate was high (> 0.8), and the model fails to
override this score; Incorrect RE pred. are cases
in which the model makes an incorrect RE predic-
tion between two mentions, and where this wrong
prediction leads to the wrong choice of entity; Am-
biguous ann. refers to gold annotations that are
either incorrect or ambiguous.13

The results in Table 3 indicate that the largest
source of error is the gold entity not being present
in the top-30 candidates. This is particularly true
for the ShadowLink SHADOW-DOC split, as this
split contains a larger number of tail entities which

13Note that some examples may contain more than one
source of error (or contain an error not clearly in any category),
so the sum of the rows will not necessarily be 50.

2905



Method SHADOW TOP TAIL AVG SHADOW-DOC TOP-DOC DOC-AVG

AIDA (Yosef et al., 2011) 35 56 67 52.7 - - -
TagMe 2 (Ferragina and Scaiella, 2012) 29 57 83 56.3 - - -
GENRE∗ (Cao et al., 2021) 26 42 93 53.7 40.9 59.2 50.1
REL (van Hulst et al., 2020) 21 54 91 55.3 - - -
Bootleg∗ (Orr et al., 2021) 44.5 60.0 93.7 66.1 46.9 62.7 54.8

KBED 47.6 64.2 98.5 70.1 60.8 74.2 67.5

Model Ablations

w/o KB 46.4 64.2 98.3 69.6 54.1 72.0 63.1
KB only 26.9 45.7 98.4 57.0 41.9 60.0 51.0
Entity descriptions only 42.1 54.7 97.8 64.9 52.6 65.0 58.8
Entity types only 39.6 55.6 98.5 64.6 47.3 62.1 54.7
Bilinear RE layer 47.1 61.5 97.7 68.8 59.2 72.7 66.0

Table 2: Entity disambiguation InKB micro F1 scores on ShadowLink test sets. SHADOW-DOC and TOP-DOC
refers to the extended version of the dataset which includes the full-text of the document to use as additional context.
The best value is bold. ∗We produced results using the code released by the authors.

AIDA SHADOW-DOC

Gold not in cands. 18 32
Missing KB fact 2 6
Dominant PEM 0 1
Incorrect RE pred. 1 2
Ambiguous ann. 24 4

Total 50 50

Table 3: Counts per error category from 50 annotations
on AIDA-CoNLL and ShadowLink-Shadow datasets.

are less likely to be mentioned on Wikipedia. For
the AIDA dataset, there are also many cases which
are in some sense ambiguous.14 There are 8 cases
in total where the model predicts a relation which
it expects to be in the KB, but which is not in fact
present. This is largely in the ShadowLink split,
where tail entities are likely to be less well repre-
sented in Wikidata. The model is generally good at
not depending on entity priors; despite every gold
candidate in the Shadowlink SHADOW-DOC split
being “overshadowed” by a more popular entity in
the PEM table, there is only one example where the
model fails to override this. Although the model of-
ten “over-predicts” relations between mentions, it
rarely gets penalised for doing so, as in general the
extra facts it predicts are not in the KB, meaning
the Incorrect RE pred. count is low.

To further explore the role of missing candidates,
Table 4 shows the percentage of the gold entities
present in the top-30 candidates we pass to the
model, representing a hard upper-bound on the re-

14These are often cases with national sports teams, such as
“Little will miss Australia’s fixture...” where “Australia” could
refer to the country Australia or the Australian rugby team.

call our model can achieve. The results vary from
a high coverage of 99.5 for the MSNBC dataset,
which largely contains head entities, to a lower cov-
erage for the ShadowLink SHADOW (75.3) and
TOP (83.6) splits. Table 4 also shows the coverage
if we pass all PEM candidates to the model. For
some datasets, such as WIKI, this increases the cov-
erage significantly. However, for the ShadowLink
SHADOW split, the coverage is still below 80%, in-
dicating that better candidate generation strategies
are an interesting avenue for future research.

Main datasets test splits
n AIDA MSNBC AQUAINT ACE2004 CWEB WIKI

30 97.8 99.5 95.1 90.9 95.9 93.7
All 1.0 99.5 95.8 92.9 97.0 98.1

ShadowLink splits
SHADOW TOP TAIL

30 75.3 83.6 98.6
All 76.8 84.3 98.7

Table 4: Percentage of gold entities in top-n candidates
by dataset. We set n=30 for this paper.

6 Analysis
6.1 Relation predictions

To understand the relations which the model utilises
to make predictions, Table 5 displays for the WIKI
dataset the number of KB (Wikidata) facts which
exist between gold annotated mentions in the doc-
uments (Gold), the number of facts between men-
tions our model predicts with a score above 0.5
(Predicted) and the percentage of gold facts which
our model also predicts (Recall).15

15Note that as the RE predictions are continuous, the quan-
tity of facts our model predicts depends entirely on the choice
of this threshold.
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The SAME AS relation is used extensively by the
model, demonstrating that using coreferences to
other (potentially easier to disambiguate) mentions
of the same entity in the document is a powerful ad-
dition for ED. We leave evaluation of the model on
the coreference-specific task to future work. The
OTHER relation is also commonly predicted, sug-
gesting the long tail of relations in Wikidata still
hold useful information. The other widely used
relations are generally either geographical or sports
related, which is expected given the large number
of sports entities in Wikidata.

The recall numbers appear low, although this is
expected behaviour in that the existence of a Gold
fact does not necessarily imply that the text in the
document infers this fact. For example, the text
“Donald Trump visited New York” would include
the gold fact [Donald Trump] [place of birth] [New
York] but making this prediction for all sentences
of this form would likely harm performance.

Gold Predicted Recall

sport 1083 1028 0.53
shares border with 1012 5211 0.68
OTHER 1011 10077 0.29
SAME AS 940 9666 0.36
country 890 285 0.10
located in the a.t.e 709 4912 0.66
contains a.t.e 278 319 0.26
instance of 151 1241 0.23
country of citizenship 120 90 0.08
subclass of 90 2430 0.26
genre 83 204 0.29
part of 80 2154 0.44
follows 69 1104 0.67
followed by 68 1312 0.71
member of sports team 63 449 0.83

Table 5: Analysis of relation predictions for WIKI
dataset with threshold 0.5. 320 documents with 6772
entity mentions.

7 Conclusion
We presented a novel ED model, which achieves
SOTA performance on well-established ED
datasets by a margin of 1.3 F1 on average, and by
12.7 F1 on the challenging ShadowLink dataset.
These results were achieved by introducing a
method to incorporate large symbolic KB data into
an ED model in a fully differentiable and scalable
fashion. Our analysis shows that better candidate-
generation strategies are an interesting avenue for
future research, if results are to be pushed higher
on ambiguous and tail entities. Dynamic expansion

of the KB by incorporating facts identified by the
ED model is also a potentially promising direction.
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A Entity Type Selection
Our entity types are formed from direct Wikidata
relation-object pairs and relation-object pairs in-
ferred from the Wikidata subclass hierarchy; for
example, (instance of, geographical area) can be
inferred from (instance of, city). We only consider
types with the following relations: instance of, oc-
cupation, country, and sport. We select types by
iteratively adding types that separate (assuming an
oracle type classifier) the gold entity from negative
candidates for the most examples in our Wikipedia
training dataset.

B Training Details
We use the Hugging Face implementation of
RoBERTa (Wolf et al., 2019) and optimise our
model using Adam (Kingma and Ba, 2015) with a
linear learning rate schedule. We ignore the loss
from mentions where the gold entity is not in the
candidate set. Our model has approximately 197M
trainable parameters. We present our main hyperpa-
rameters in Table 6. Due to the high computational
cost of training the model, we did not conduct an
extensive hyperparameter search. To reduce GPU
memory usage to below 16 GB during training, we
subsample 30 mentions per context window, and
subsample 5 candidates per mention (subsampling
is not required during inference).

Hyperparameter Value

learning rate 3e-5
batch size 64
max sequence length 512
dropout 0.05
task hidden layer units 768
# training steps 1M
# candidates 30
# relations 128
# entity types 1400
mention transformer init. roberta-base
# mention encoder layers 12
description transformer init. roberta-base
# description encoder layers 2
# description tokens 32
RE transformer init. random
RE coarse-to-fine K 600
# RE transformer layers 4

Table 6: Our model hyperparameters.

C Model Ablation Study
In this section, we measure the contribution of key
aspects of our model. For each model ablation, we

train our model from scratch on the AIDA-CoNLL
training set and evaluate on the development set,
keeping hyperparameters constant. Surprisingly,
the performance of our model is strong in this lim-
ited data setting, which means that our model is not
dependent on a large set of training examples when
there is a small amount of annotated in-domain
data. Note that for “w/o 128 standard relations”
we collapse all standard relations into the OTHER
special relation; and for “w/o RE transformer” we
replaced the RE transformer with a single bilinear
layer. Our results (Table 7) indicate that all aspects

Method AIDA

KBED 94.37

w/o KB 92.20
w/o SAME AS relation 93.65
w/o OTHER relation 94.23
w/o 128 standard relations (collapsed) 93.67
w/o RE transformer 94.06
w/o weighting facts by entity scores 94.23
w/o weighting facts by relation scores 93.44
w/o reflexive RE 93.84
w/o entity descriptions 93.89
w/o entity types 93.47
w/o entity priors 93.63
w/o task hidden layers 94.07
w/o negative relation scores 94.19
with Wikipedia ED pre-training 95.58

Table 7: ED F1 score on AIDA-CoNLL development
split for model ablations trained from scratch on AIDA-
CoNLL training split using the standard CoNLL candi-
dates (Hoffart et al., 2011). The result is in red when
the performance drops by more than 0.7.

of our model that we measured have a positive im-
pact on performance. Interestingly, the KB module
(+2.2 F1) has a greater impact than the entity de-
scription (+0.48 F1) and entity typing (+0.9 F1)
modules despite weaker performance when used
on its own (Table 1). This implies there is less over-
lap between examples where KB module performs
well, and the other modules perform well. We ob-
serve, the SAME AS relation improves performance
by 0.72 F1, which demonstrates that using corefer-
ence improves ED. Finally, we find that when the
KB module has greater control over how to weight
KB facts (based on the context) it leads to better
results, for example if we collapse all standard re-
lations into a single relation our performance drops
by 0.7 F1.

2910



D Doc-level RE results on DOCRED
To verify the performance of our document-level
RE architecture introduced in Section 3.5, we
present results of models trained and evaluated
on the DOCRED dataset (Yao et al., 2019). Our
baseline implementation uses roberta-base as an
encoder and a bilinear output layer. We show two
variants in Table 8, a bilinear layer with input di-
mension 128 and with input dimension 256, which
give an F1 score of 57.8 and 58.4 respectively. This
compares to a score of 59.5 for an equivalent base-
line implemented in (Xu et al., 2021). The differ-
ence is explained by our baseline not giving the
model access to the gold coreference information,
which is allowed in the DOCRED task but which
we exclude as it will not be available for our entity
linking task.

F1
Train time

(seconds per epoch)

Baseline (bilinear)- SSAN imp. 59.5 -
SSAN (roberta-base) 60.9 -
Baseline (bilinear-128) 57.8 155.7
Baseline (bilinear-256) 58.4 343.2
Coarse to fine (2 layers) 60.4 100.6
Coarse to fine (4 layers) 61.2 106.2

Table 8: Document-level relation extraction F1 scores
on the DOCRED dev dataset.

Our coarse-to-fine approach, with 4 “fine” trans-
former layers, pushes the dev-level F1 up by 2.8 F1
to 61.2. This puts it slightly above the roberta-base
version of the current state-of-the-art model, SSAN
(Xu et al., 2021), which scores 60.9, and addition-
ally has access to the gold coreference labels in the
embedding layer of the model. This validates that
our document-level RE architecture is capable of
producing accurate relation predictions, which we
see in the main results table (Table 1) also translates
into stronger ED performance.

By avoiding the bilinear layer, our implementa-
tion is also faster to train, achieving 106.2 seconds
per epoch on the DOCRED dataset on a single
Tesla V100 GPU, compared to 155.7 seconds for
the baseline model with a 128-dimension bilinear
layer, and 343.2 seconds for the more accurate base-
line model with a 256 dimension bilinear layer.

E Dataset details
E.1 Dataset statistics

We present the topic, number of documents and
number of mentions for each dataset used for eval-
uation (Table 9). The datasets used cover a variety

of sources including wikipedia text, news articles,
web text and tweets. Note that the performance of
the model outside these domains may be signifi-
cantly different.

Topic Num docs Num Mentions
AIDA news 231 4464
MSNBC news 20 656
AQUAINT news 50 743
ACE2004 news 57 259
CWEB web 320 11154
WIKI Wikipedia 320 6821
ShadowLink-ALL web 2712 2712

Table 9: Dataset statistics for entity disambiguation
datasets.

E.2 ShadowLink Full Text versions

The authors of Provatorova et al. (2021) kindly
provided us with the full documents from which
the shorter text snippets (usually one or two sen-
tences) in the ShadowLink dataset were sourced.
We were able to match 596 of the 904 examples
in the SHADOW split to its corresponding docu-
ment, and 530 out of the 904 examples in the TOP
split. As some full articles were extremely long
we limited the document-length to 10000 charac-
ters, centred around the single annotated entity. To
validate that the subset of examples we were able
to match to full documents were representative of
the original dataset splits, we ran our model on the
sentence-level versions of these subsets, achieving
47.7 on the SHADOW split (comparable to 47.6 in
Table 2) and 63.9 on the TOP split (comparable to
64.2 in Table 2).

F Additional relation analysis

To expand on the analysis in Section 6.1 we also
include the number of gold and predicted rela-
tions in documents in the AIDA dataset (Table
10). The first clear difference is that there is a far
higher count of gold SAME AS facts in the AIDA
dataset, which is potentially explained by pages on
Wikipedia generally having hyperlinks for the first
mention of an entity only.

It is also interesting to note that there are lower
recall numbers for the AIDA dataset relative to
WIKI (Table 5), indicating that the RE module may
have “overfit” in some sense to the Wikipedia style
of article, and may be less effective on AIDA style
news articles.
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Gold Predicted Recall

SAME AS 4410 14765 0.31
OTHER 3169 5501 0.05
country 3066 728 0.06
member of sports team 880 2653 0.44
country of citizenship 861 150 0.02
shares border with 628 294 0.01
member of 385 669 0.08
league 380 416 0.23
located in the a.t.e 297 1199 0.09
contains a.t.e 261 11 0.01
headquarters location 252 1924 0.15
country for sport 175 130 0.00
has part 126 532 0.07
place of birth 123 365 0.11
sport 103 32 0.00

Table 10: Analysis of relation predictions for AIDA
dataset with threshold 0.5.

G Inference Speed and Scalability
We measure the time taken to run inference on the
AIDA-CoNLL test dataset and compare it to SOTA
baselines. Table 11 shows the results alongside
the average ED performance on the 6 standard ED
datasets (used in Table 1). Our model is an order
of magnitude faster than the baselines with compa-
rable ED performance.

Method Time taken (s) Avg. ED F1

Cao et al. (2020) 2100 88.7
Wu et al. (2020) bi-encoder 93 80.4
Wu et al. (2020) cross-encoder 917 87.2
Orr et al. (2021) 438 77.6

KBED 96 90.0
w/o KB 15 88.6

Table 11: Time taken in seconds for EL inference on
AIDA-CoNLL test dataset.

The most computationally expensive part of our
model (accounting for approximately 80% of the
inference and training time) is computing the KB
score due to the large number of pairwise interac-
tions present in documents. The hyperparameter
for coarse-to-fine relation extraction can be lowered
to trade-off computation cost with ED performance
by reducing the number of pairwise interactions.
Alternatively, as computation of the initial entity
score ψa is computationally cheap relative to the
KB score ψb, candidate entities with low initial en-
tity scores can be pruned to further increase training
and/or inference speed. These approaches would
also allow scaling of the initial number of candi-
date entities to more than the 30 used for inference
in this paper, if the use case required it.
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Abstract

The task of modal dependency parsing aims to
parse a text into its modal dependency struc-
ture, which is a representation for the factual-
ity of events in the text. We design a modal
dependency parser that is based on priming
pre-trained language models, and evaluate the
parser on two data sets. Compared to baselines,
we show an improvement of 2.6% in F-score
for English and 4.6% for Chinese. To the best
of our knowledge, this is also the first work on
Chinese modal dependency parsing.

1 Introduction

Modal dependency parsing (MDP) is the task of
parsing a text into a modal dependency structure
(MDS) (Vigus et al., 2019) in which each event
in the text is linked to a conceiver, the informa-
tion source of the event. An MDS is a graph in
which the nodes are events and conceivers, and
the edges represent the level of certainty that a
conceiver holds with respect to the event. An ex-
ample MDS is presented in Figure 1, where Jeroen
Weimar is the conceiver of the event travelled, and
is certain that the traveling event has happened, as
indicated by the edge label Pos. Vigus et al. (2019)
define 6 categories of modal strength, or levels of
certainty, and they are full positive (Pos), partial
positive (Prt), positive neutral (Neut), negative neu-
tral (Neutneg), partial negative (Prtneg) and full
negative (Neg). The root node of an MDS is always
the author (AUTHOR) of a document, the ultimate
source of all information sources mentioned in the
text.

Modal dependency parsing is thus the task of
taking a text as input and parsing it into a modal
dependency structure. MDP departs from previous
approaches to event factuality prediction that cast
it as an event classification (e.g. Saurí and Puste-
jovsky (2012)) or regression (e.g. Lee et al. (2015))
problem aimed at just predicting the level of cer-
tainty of an event. The level of certainty alone is

insufficient in judging the factuality of an event,
and knowing the information source (conceiver) is
also crucially important. For example, in Figure
1, our judgment of whether the event travelled has
happened also crucially depends on the credibility
of the information source, Jeroen Weimar, in addi-
tion to the level of certainty the information source
holds towards the event.

ROOT

AUTHOR

tested positive

Jeroen Weimar

confirmed

travelled

MODAL

Pos
PosPos

Pos

Figure 1: A modal dependency tree for “A person in
Traralgon had tested positive to COVID-19 on Sunday.
The Victorian government’s COVID-19 response com-
mander Jeroen Weimar confirmed ‘this individual has
travelled to Melbourne.’ ”

Yao et al. (2021) develop the first modal depen-
dency parser by first separately extracting events
and conceivers, then building up the MDS bottom-
up with a ranking model. One shortcoming of this
approach is that it fails to capture the fact that the
status of an entity as a conceiver is conditioned on
its being the information source of an event. For
instance, in Figure 1, a person is an entity but is
not a conceiver as it is not the source of any event.
As a result, Yao et al. (2021) report relatively low
conceiver extraction F-score compared to event ex-
traction (70.4% for conceiver extraction vs. 90.8%
for event extraction). Errors in conceiver extrac-
tion will propagate to the structure building stage,
leading to lower overall MDS parsing accuracy.

In this paper, we describe an approach to MDP
based on language model priming in which we con-
struct a prompt with an event and use it to predict
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its chain of conceivers as well as the level of cer-
tainty the conceivers hold 1. This approach avoids
the error propagation problem in Yao et al. (2021)
and also takes better advantage of powerful pre-
trained language models. Our experiments show
that this approach outperforms previous models for
both English and Chinese.

2 Approach

We approach MDS parsing by first performing
event extraction, then use the extracted events to
construct the prompt for the purpose of identifying
their conceivers. Given a document, a language
model such as BERT (Devlin et al., 2019) is used
to obtain the contextualized representation for each
token. A standard BIO tagging model is then ap-
plied to identify events, where B, I, O refer to the
beginning, inside, and outside of an event respec-
tively.

The next step in MDS parsing is to identify con-
ceivers for each extracted event. More formally,
given an event ei as a child node, the task is to
extract (ei, ci, cci), where ci is the conceiver of ei,
and cci is the conceiver of ci. In theory, a child
event can have a chain of conceivers longer than
two, but in over 96% of the cases, an event has a
chain of two conceivers or less. We thus made the
simplifying assumption that an event can have a
chain of two conceivers at most.

Our model receives an event-specific text se-
quence as input, then predicts a tag from a target
set {B-C, I-C, B-CoC, I-CoC, O} for each token
in the sequence. B-C and I-C labels are for tokens
in ci, and B-CoC, I-CoC are for tokens in cci. We
construct the event-specific sequence, seqi, by con-
catenating a prompt and a context sequence in the
form of [CLS] a prompt [SEP] a context sequence
[SEP]. Let si denote the sentence containing ei, we
add token markers <EVENT>, </EVENT> before
and after the event span in si to get the prompt for
ei. For a child event ei, its parent conceiver can
usually be found within a window surrounding si.
Thus, the context sequence for ei is constructed by
taking the surrounding sentences of si in a window,
followed by two special tokens <AUTHOR> and
<NULL> representing the AUTHOR and NULL-
CONCEIVER node2. Figure 2 shows an example
of the input sequence seqi with gold tags.

1https://github.com/Jryao/mdp_prompt
2The NULL-CONCEIVER node is used when the con-

ceiver is not specified.

The input sequence seqi is then encoded with
a pre-trained language model. Let H = (h1, ...,
hm) denote a sequence of contextualized represen-
tations for the input tokens in seqi, the score for
the tag of the j-th token is:

ŷtagj = FFN1(hj),

where FFN1 is a feed-forward neural network.
To learn the edge label between a child node

and its parent node, we use a separate feed-forward
neural network to map hj to the edge label set.
The edge label set includes the modal relations in
the data set plus the N/A label, which is chosen
when there is no relation between the child node
ei and token j, i.e. when token j is neither part of
the conceiver of ei nor part of the conceiver of the
conceiver of ei . The score for the edge label of the
j-th token is:

ŷlabelj = FFN2(hj),

where FFN2 is a feed-forward neural network.
In the training phase, we minimize the following

cross-entropy loss:

L = Lt + Ll,

where Lt and Ll refer to the parent tagging loss
and edge labeling loss respectively.

Inference In an MDS, each child node only has
one parent node. To enforce a well-formed MDS,
we apply two rules in the inference stage: (i) if
more than one conceiver is predicted for ei, the
first prediction is taken; (ii) if a conceiver doesn’t
have a conceiver, by default it is attached to the
AUTHOR with the majority label in the data set.

3 Experiments

3.1 Data

We evaluate our approach on an English modal de-
pendency data set (Yao et al., 2021) and a Chinese
modal dependency data set (Liu and Xue, 2022)
that consists of about 300 news articles. For En-
glish, we use the same data split as in Yao et al.
(2021). For Chinese, we randomly split the data set
to training (train in Table 1), developing (dev) and
test (test) sets. The statistics of the two data sets
are in Table 1.

2914

https://github.com/Jryao/mdp_prompt


[CLS] …“ this individual has <EVENT > travelled </EVENT > to Melbourne . ” [SEP] A person in Traralgon had tested
positive to COVID-19 on Sunday . The Victorian government ’s COVID-19 response commander Jeroen Weimar
confirmed “ this individual has travelled to Melbourne . ” <AUTHOR> <NULL> [SEP]

B-CoC Pos B-C Pos I-C Pos

Figure 2: An example of the input sequence for language models with corresponding gold BIO tags and edge labels
(O and N/A tags omitted). The child event is travelled. The conceiver of the event travelled is Jeroen Weimar. The
conceiver of Jeroen Weimar is the AUTHOR. Note only the tokens after the first [SEP] token are labeled in our
model. C and CoC refer to conceiver and conceiver of the conceiver respectively, Pos refers to the full positive label.

# Doc # Event # Conc

English
train 289 19,541 2,344
dev 32 2,307 298
test 32 2,168 296

Chinese
train 237 11,679 879
dev 30 1,464 136
test 30 1,318 116

Table 1: Data splits for the experiments. Number of
documents, events and conceivers are listed.

3.2 Baselines

When evaluating English modal dependency pars-
ing, we compare our prompt-based model with two
variants of the ranking based models described in
Yao et al. (2021): a pipeline model and a joint
model. The joint model uses a shared BERT en-
coder for both event/conceiver extraction and struc-
ture building.

As there is no existing model for Chinese modal
dependency parsing, we re-implemented the joint
learning variant of the ranking based model in Yao
et al. (2021) to serve as our baseline, with minor
modifications. We use a shared BERT encoder for
the event/conceiver extraction and structure build-
ing, following Yao et al. (2021), but encode all the
sentences in a document as a long sequence instead
of encoding it sentence by sentence. Full details
about the differences between the two models can
be found in Appendix C.

3.3 Experiment Setup

We use the Hugging Face (Wolf et al., 2020) imple-
mentation of XLM-RoBERTa-base (Conneau et al.,
2020) for Chinese. For English, we use BERT-
large-cased (Devlin et al., 2019), same as Yao et al.
(2021). When generating input sequences for the
proposed prompt-based model, we use a window
of 5 sentences before and 5 sentences after for En-
glish, and all the sentences before and 3 sentences
after for Chinese. For the ranking baseline, we se-

lect candidate parents from the same window size
as the prompt-based model, and keep at most 16
candidate parents for English, 40 for Chinese. Our
window size and number of candidate parents are
consistent with Yao et al. (2021) (for English), for
Chinese, they cover over 99% of the cases in the
Chinese development set. Full details of the hyper-
parameter settings can be found in the Appendix.

3.4 Main Results

Tables 2 and 3 present the experimental results.
Same as Yao et al. (2021), we report the exact
match scores for event identification, and micro-
average F scores for all experiments. For modal
dependency parsing, F scores are computed on
<child, parent, relation> triples, with results based
on system-identified events and conceivers.

Event identification In Table 2, we compare our
event identification (ID) model with previous mod-
els. All models extract events using a BIO tagger.
On English data, our model is slightly better than
both models in Yao et al. (2021). Cross-lingually,
our English event ID results are higher than Chi-
nese results. Possible reasons are discussed in Sec-
tion 3.5.

Models
English Chinese

Dev Test Dev Test
Yao et al. (2021)-P 92.7 90.9 - -
Yao et al. (2021)-J 92.8 90.8 - -
Ours 93.2 91.9 87.4 88.6

Table 2: Event identification F scores. P and J refer to
the pipeline model and joint model respectively.

Overall parsing Table 3 presents a compari-
son of our prompt-based model with previous re-
sults and our own baseline. For both English and
Chinese modal dependency parsing, our prompt-
based model consistently outperforms all baselines.
Our prompt-based model outperforms the pipeline
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model of Yao et al. (2021)-P by 3.0% on the devel-
opment set and 4.4% on the test set. In addition,
our own baseline is slightly better than Yao et al.
(2021)-J, a ranking-based joint model, possibly be-
cause of the different encoding mechanisms the
two models use (see 3.2). Lastly, compared with
our own baseline, the prompt-based model achieves
an improvement of 0.9% in absolute F-score on the
English development set and 2.6% on the English
test set. For Chinese, the improvements are even
larger: 3.8% on the development set and 4.6% on
the test set.

Models
English Chinese

Dev Test Dev Test
Yao et al. (2021)-P 69.7 67.5 - -
Yao et al. (2021)-J 70.3 69.0 - -
baseline (ours) 71.8 69.3 61.7 59.0
prompt-based (ours) 72.7 71.9 65.5 63.6

Table 3: Modal dependency parsing F scores.

3.5 Cross-lingual Comparison

Our experimental results show that English MDP
results are in general better than Chinese. There
are a few possible explanations. As discussed in
Section 3.1, the English data set is larger than the
Chinese data set on every count. More training data
typically means higher model accuracy. A closer
look at the data reveals other differences between
the two data sets as well. Table 4 breaks down the
types of parent a child has for the two languages.
We can see that in the English data, 69% of child
nodes have the AUTHOR as parent, while in the
Chinese data, that percentage is 52.6%. The two
data sets have similar proportion of cases when the
child is in the same sentence as the parent: 23.7%
vs. 27.5%. However, the Chinese data set has a
much higher percentage of cases where the parent
is in a different sentence from the child: 19.9% vs.
5.7%. Parents that are further away are harder to
predict. There is a linguistic explanation for why
in Chinese parent conceivers are further apart from
the event child: Chinese allows dropped pronouns,
and as a result, the conceiver is often found in a
previous sentence of the event. In Table 5, 王军
(Wang Jun) in Sentence 8 is the conceiver of events
in Sentence 9 because of a dropped pronoun in
Sentence 9.

AUTHOR NULL Same sent Cross sent
Eng 69.0% 1.6% 23.7% 5.7%
Chn 52.6% 0.0% 27.5% 19.9%

Table 4: Statistics of parent node types: AUTHOR,
NULL-CONCEIVER, parents in the same sentence, or
parents in different sentences.

...[S8]王军指出，今年是“十三五”规划收
官之年，下半年各项税收工作任务异常艰
巨。
...[S8] Wang Jun pointed out that this year is the
end of the 13th Five-Year Plan, and the taxation
tasks in the second half of the year are extremely
challenging.
[S9] (王军指出)各级税务机关既要抓好重点
工作落实，努力把疫情造成的损失补回来。
[S9] (Wang Jun pointed out) Tax authorities at all
levels should not only do a good job in
implementing key tasks, and strive to make up
for the losses caused by the pandemic.

Table 5: Examples in the Chinese data set. Tokens in
parentheses are dropped in the original document.

4 Related Work

Early works cast event factuality prediction (EFP)
as a classification or regression problem and have
employed rule-based (Nairn et al., 2006; Lotan
et al., 2013) or machine learning approaches (Diab
et al., 2009; Lee et al., 2015; Saurí and Pustejovsky,
2012; Stanovsky et al., 2017). More recently,
different types of neural models have been ap-
plied to this problem, such as LSTM-based RNNs
(Rudinger et al., 2018), Generative Adversarial
Networks (Qian et al., 2018), or graph neural net-
works (Pouran Ben Veyseh et al., 2019). Qian et al.
(2019) and Cao et al. (2021) extended the sentence
level task to document-level EFP. Our work is most
closely related to that of Yao et al. (2021), which
casts EFP as modal dependency parsing. However,
they first extract events and conceivers and then
build the MDS by ranking the candidate parents
for each event. In contrast, we perform modal de-
pendency parsing by constructing a prompt with
the event to predict its conceiver parent, simplify-
ing the pipeline. Our prompt-based approach also
bears resemblance to works applying prompt-based
learning to other NLP tasks, such as event extrac-
tion (Liu et al., 2020; Fincke et al., 2021), relation
extraction (Li et al., 2019), named entity recogni-
tion (Li et al., 2020) and coreference resolution
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(Wu et al., 2020).

5 Conclusion

In this paper, we propose a model for modal de-
pendency parsing based on priming pre-trained lan-
guage models. We evaluate the model on an En-
glish modal dependency data set, and for the first
time, evaluate the model on a Chinese modal de-
pendency data set. Experimental results show that
our model consistently outperforms baselines on
both data sets.
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A Data sets

We use a publicly available English modal depen-
dency data set constructed by Yao et al. (2021),
which consists of news articles from the following
news media sources: Business Standard, Business
Insider, NBC News, The New York Times, Reuters,
The Guardian, The Washington Post, CNN, Fox
News, Yahoo News and Wikinews. We also use a
Chinese modal dependency data set constructed by
Liu and Xue (2022) that consists of news articles
from Xinhua newswire.

B Implementation details

We optimize our models with the BertAdam opti-
mizer of a linear scheduler with a warmup ratio of
0.1. The learning rate is 2e-5. We apply a dropout
rate of 0.1 over the last layer of the pretrained lan-
guage model output to get the contextualized rep-
resentations. We use a 2-layer FFN with ReLU
activations for all models. The hidden unit size of
the FFNs is the hidden size of the pretrained lan-
guage model, i.e. 1024 for bert-large-cased, 768
for xlm-roberta-base. For the proposed prompt-
based model, we use a batch size of 12, maximum
sequence length of 512 for Chinese, a batch size of
6, maximum sequence length of 384 for English.
Sequences that are longer than the maximum se-
quence length are cut to segments with a stride of
64 for both languages.

We train all the models for 30 epochs on a
NVIDIA Tesla V100 (16 GB) GPU. We run all
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the models for 3 runs with different seeds, and re-
port the average F-scores across runs. Each epoch
takes about 45 minutes for English, 19 minutes for
Chinese.

C Baselines

We give more details about the two ranking base-
lines: baseline (ours) and Yao et al. (2021)-J in
Table 3. Given a child node, the two models first
generate a candidate parent set for the child, then
compute the pair score for each child-parent pair.
The candidate parent with the highest pair score
is selected as the parent. There are a few differ-
ences between the two models. First, Yao et al.
(2021) encode a document sentence by sentence,
i.e. they add a [CLS] and [SEP] token before and
after each sentence and encode them with the lan-
guage model. We encode all the sentences in a
document together, i.e. we add a [CLS] and [SEP]
token before and after each document, and encode
it with the language model. If a document is longer
than the maximum sequence length (T), we split it
into segments and encode each segment indepen-
dently. Each segment has T/2 overlapping tokens
with the previous segment. The values of T are
the same as the maximum sequence length values
in section B. The final token representations are
derived by taking the average of the token repre-
sentations in each segment. Next, we obtain the
node representations by simply taking the average
token representations in a node, while they take the
concatenation of the start token, end token and the
span token vector in the node as the node represen-
tations. Lastly, even if Yao et al. (2021) propose a
multi-task learning model by jointly learning node
identification and structure building, they train the
structure building stage with gold nodes. Our base-
line is trained in an end2end fashion: the model
first identifies nodes, then uses the system identi-
fied nodes as the input for the structure building
stage.
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Abstract

Document-level relation extraction (DocRE)
aims to determine the relation between two
entities from a document of multiple sentences.
Recent studies typically represent the entire
document by sequence- or graph-based models
to predict the relations of all entity pairs.
However, we find that such a model is not
robust and exhibits bizarre behaviors: it
predicts correctly when an entire test document
is fed as input, but errs when non-evidence
sentences are removed. To this end, we
propose a Sentence Importance Estimation
and Focusing (SIEF) framework for DocRE,
where we design a sentence importance score
and a sentence focusing loss, encouraging
DocRE models to focus on evidence sentences.
Experimental results on two domains show
that our SIEF not only improves overall
performance, but also makes DocRE models
more robust. Moreover, SIEF is a general
framework, shown to be effective when
combined with a variety of base DocRE
models.1

1 Introduction

Document-level relation extraction (DocRE) aims
to predict entity relations across multiple sentences.
It plays a crucial role in a variety of knowledge-
based applications, such as question answer-
ing (Sorokin and Gurevych, 2017) and large-scale
knowledge graph construction (Baldini Soares
et al., 2019). Different from sentence-level relation
extraction (Zeng et al., 2014; Xiao and Liu, 2016;
Song et al., 2019), the supporting evidence in the
DocRE setting may involve multiple sentences
scattering in the document. Thus, DocRE is more
a realistic setting, attracting increasing attention in
the field of information extraction.

Most recent DocRE studies use the entire
document as a clue to predict the relations of

1The code is publicly available at https://github.
com/xwjim/SIEF

Model Input                  {1,2,3}                             {1,2}  

Ground Truth

GAIN Prediction

MemberOf MemberOf

MemberOf not MemberOf (undesired) 

[1] Rage Against the Machine is an American rap metal band from

Los Angeles, California. [2] Formed in 1991, the group consists of

vocalist Zack de la Rocha, guitarist Tom Morello, bassist Tim

Commerford and drummer Brad Wilk. [3] After a self-issued demo,

the band signed with Epic Records and released its debut album

Rage Against the Machine in 1992. …

Relation: MemberOf Supporting Evidence: {1,2}

Figure 1: A DocRE model predicts correctly for an
entire document, but errs when a non-evidence sentence
is removed.

all entity pairs without concerning where the
evidence is located (Nan et al., 2020; Zeng et al.,
2020; Xu et al., 2021a,b). However, one can
identify the relation of a specific entity pair from
a few sentences. Huang et al. (2021) show that
irrelevant sentences in the document would hinder
the performance of the model.

Moreover, we observe that a DocRE model,
trained on the entire document, may err when
non-evidence sentences are removed. In Figure 1,
for example, we need to identify the relation
“MemberOf” between the entities Brad Wilk and
Rage Against the Machine. The evidence sentences
are {1,2}, and humans can easily identify such
a relation when reading sentences {1,2} only.
However, the recent DocRE model GAIN (Zeng
et al., 2020) identifies the relation “MemberOf”
correctly from the entire document {1,2,3}, but
predicts “not MemberOf” from sentences {1,2}.
Intuitively, removing sentence {3} should not
change the result, as this sentence does not provide
information regarding whether “MemberOf” holds
or not for the two entities. Such model behaviors
are undesired, because it shows that the model is
not robust and lacks interpretability.

To this end, we propose a novel Sentence
Importance Estimation and Focusing (SIEF)
framework to encourage the model to focus on
evidence sentences for predicting the relation of
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an entity pair. Specifically, we first evaluate the
importance of each sentence by the difference
between the output probabilities of the document
with and without this sentence. If the predicted
probability of a relation does not change, or even
increases, when a sentence is removed, it typically
indicates that the sentence is non-evidence. Then,
we propose an auxiliary loss to encourage the
model to produce the same output distribution,
when the entire document is fed as input and when
a non-evidence sentence is removed. In this way,
the model pays more attention to the evidence
sentences for the classification. Our SIEF method
is a general framework that can be combined with
different underlying DocRE models.

We evaluated the generality and effectiveness
of our approach on the large-scale DocRED
dataset (Yao et al., 2019). Experimental results
show that the proposed approach combines
well with various recent DocRE models and
significantly improves the performance. We further
evaluated our approach on a dialogue relation
extraction dataset, DialogRE (Yu et al., 2020); our
SIEF yields consistent improvement, showing the
generality of our approach in different domains.

2 Related Work

Relation extraction (RE) can be categorized by its
granularity, such as sentence-level (Doddington
et al., 2004; Xu et al., 2016; Wei et al., 2020)
and document-level (Gupta et al., 2019; Zhu
et al., 2019). Early work mainly focuses
on sentence-level relation extraction. Pantel
and Pennacchiotti (2006) propose a rule-based
approach, and Mintz et al. (2009) manually design
features for classifying relations. In the past several
years, neural networks have become a prevailing
approach for relation extraction (Xu et al., 2015;
Song et al., 2019).

Document-level relation extraction (DocRE) is
attracting increasing attention in the community,
as it considers the interactions of entity mentions
expressed in different sentences (Li et al., 2016;
Yao et al., 2019). Compared with the sentence
level, DocRE requires the model collecting and
integrating inter-sentence information effectively.
Recent efforts design sequence-based and graph-
based models to address such a problem.

Sequence-based DocRE models encode a
document by the sequence of words and/or
sentences, for example, using the Transformer

architecture (Devlin et al., 2019). Zhou et al. (2021)
argue that the Transformer attentions are able to
extract useful contextual features across sentences
for DocRE, and they adopt an adaptive threshold
for each entity pair. Zhang et al. (2021) model
DocRE as a semantic segmentation task and predict
an entity-level relation matrix to capture local and
global information.

Graph-based DocRE models abstract a docu-
ment by graphical structures. For example, a
node can be a sentence, a mention, and/or an
entity; their co-occurrence is modeled by an
edge. Then graph neural networks are applied to
aggregate inter-sentence information (Quirk and
Poon, 2017; Christopoulou et al., 2019; Zeng
et al., 2020). Zeng et al. (2020) construct
double graphs, applying graph neural networks to
mention–document graphs and performing path
reasoning over entity graphs. Xu et al. (2021a)
explicitly incorporate logical reasoning, common-
sense reasoning, and coreference reasoning into
DocRE, based on both sequence and graph features.

Different from previous work, our paper
proposes SIEF as a general framework that can
be combined with various sequence-based and
graph-based DocRE models. In our approach, we
propose a sentence importance score and a sentence
focusing loss to encourage the model to focus on
evidence sentences, improving the robustness and
the overall performance of DocRE models.

3 Problem Definition

In this section, we present the formulation of
document relation extraction (DocRE). Consider
an unstructured document comprising N sentences,
D = {s1, s2, · · · , sN}, where each sentence sn is a
sequence words. In a DocRE dataset, the document
D is typically annotated with entity mentions,
each mention (e.g., U.S. and USA) labeled by
its conceptual entity e and its entity type (e.g.,
location).

A DocRE model F is usually formulated as
multi-label classification (Yao et al., 2019). Fj
predicts whether the jth relation holds for the ith
marked entity pair in a document, given by

Pij = Fj(D, eih , eit) = Pr[rij = 1|D, eih , eit ]
(1)

where eih is the head entity and eit is the tail entity;
rij ∈ {0, 1} is the groundtruth label regarding
entity pair i and relation j.
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[1] The Sacramento Bee is a daily newspaper

published in Sacramento, California, in the

United States.

[2] Since its founding in 1857, The Bee has

become the largest newspaper in Sacramento,

the fifth largest newspaper in California, and the

27th largest paper in the U.S.

[3] The Bee is the flagship of the American

McClatchy Company.
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Figure 2: We estimate the sentence importance (for a specific entity pair and relation) by the difference of the
classification probabilities with and without the sentence. Then, we encourage the DocRE model to predict the same
probability when the entire document is fed as input and when a non-evidence sentence is removed.

To train the model, the binary cross-entropy loss
is used as the objective for parameter estimation:

Lrel = −
∑

D∈C

∑

ih ̸=it

∑

j∈R
{rij logPij

+(1− rij) log(1− Pij)}
(2)

where C denotes the entire corpus and R denotes
the set of relation types.

During inference, we obtain the relation(s) of
a given entity pair by thresholding the predicted
probabilities, following most previous work (Yao
et al., 2019; Zhou et al., 2021).

4 Methodology

In this section, we will describe our approach in
detail. The overview of our framework is shown
in Figure 2. First, we describe the estimation of
sentence importance in Section 4.1. Sentences with
low importance scores are treated as non-evidence.
Then, Sections 4.2 and 4.3 present our approach
that encourages the model to produce the same
output distribution, when the entire document is
fed as input and when non-evidence sentences
are removed. Section 4.4 further presents the
architectures of DocRE models.

4.1 Sentence Importance Estimation
We estimate the importance of each sentence for a
specific entity pair. Low-scored sentences will be
treated as non-evidence, and in principle, can be
removed without changing DocRE predictions.

We propose a sentence importance score based
on the DocRE predictions with and without the
sentence in question. Our observation is that the
relation extraction task is usually monotonic to
evidence, i.e., (non-strictly) more relations will

be predicted with more sentences. If we remove a
sentence and the predicted probability of a relation
decreases, then the sentence is likely to be the
evidence. If the predicted probability does not
change, then the sentence is likely to be non-
evidence. Moreover, the predicted probability may
sometimes increase when a sentence is removed,
in which case the DocRE model is not robust, as
this violates monotonicity.

Formally, we consider removing one sentence
at a time, and the document with the nth
sentence removed is denoted by D̂(−n) =
{s1, · · · , sn−1, sn+1, · · · , sN}. For a DocRE
model F , we obtain the classification probabilities
Pij = Fj(D, eih , eit) based on the original
document, and P̂ (−n)

ij = Fj(D̂(−n), eih , eit) with
sentence n removed.

We propose the importance score as

g
(−n)
ij = Pij log

Pij

P̂
(−n)
ij

(3)

The formula appears similar to Kullback–Leibler
(KL) divergence. However, we only take one term
in the KL summation, because the KL divergence,
albeit asymmetric in its two arguments, cannot
model the increase or decrease of P̂ (−n)

ij , whereas

our g(−n)ij is monotonically decreasing with P̂ (−n)
ij .

Compared with a naive difference or ratio between
Pij and P̂ (−n)

ij , we find that our KL-like score is
more robust in the scale of Pij when determining
non-evidence sentences.

We treat a sentence n as non-evidence if g(−n)ij <
β for a thresholding hyperparameter β. The
resulting set of non-evidence sentences is denoted
by Kij for the an entity pair (eih , eit) and relation j.
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4.2 Sentence Focusing Loss

We propose a sentence focusing loss to encourage
the model to produce the same output distribution
when the entire document is fed as input and when
non-evidence sentences are removed.

Ideally, the predicted probability should remain
the same if we remove any combination of the
sentences in Kij . Therefore, we penalize the extent
to which the predicted probability is changed.

We propose the sentence focusing loss as:

Lsf = −
∑

D∈C

∑

ih ̸=it

∑

j∈R

∑

Jij⊆Kij
{Pij log(P̂ (−Jij)

ij )

+(1− Pij) log(1− P̂ (−Ji)
ij )}

(4)
where Jij is a subset of Kij and P̂

(−Jij)
ij =

Fj(D\Jij , eih , eit) is the predicted probability with
Jij removed from D, and the total loss is L =
(Lrel + Lsf)/2.

Essentially, our sentence focusing loss ensures
Pij is close to P̂

(−Jij)
ij , which intuitively makes

sense because non-evidence sentences should not
affect the prediction. Our approach can also be
thought of as a way of data augmentation. However,
compared with one-hot groundtruth labels, our
sentence focusing loss works with soft labels Pij
and P̂ (−Jij)

ij , which are believed to contain more
information (Hinton et al., 2015), and our gradient
propagates to both Pij and P̂ (−Jij)

ij for training.
The calculation of Eqn. (4) is time- and resource-

consuming, because the number of the subsets
Jij grows combinatorially with the number of
non-evidence sentences. Moreover it should be
calculated repeatedly once the parameter of the
model is updated. To this end, we propose a
simplified training strategy to approximate Eqn. (4)
in the next subsection.

4.3 Training Strategy

We propose a strategy to simplify the calculation
and the training procedure. Concretely, we only
remove one non-evidence sentence in Kij at a time
instead of a subset of Jij ⊆ Kij , and we aggregate
the effect of different non-evidence sentences by:

Lsf = −
∑

D∈C

N∑

n=1

∑

ih ̸=it

∑

j∈R
I(g(−n)ij < β)

{Pij log(P̂ (−n)
ij ) + (1− Pij) log(1− P̂ (−n)

ij )}
(5)

where I is the indicator function. Essentially,
we linearly approximate the combination of
multiple non-evidence sentences in (4) by an outer
summation. In this way, the number of terms does
not grow combinatorially, but linearly w.r.t. N .

In implementation, we further simply the
summation over n by Monte Carlo sampling of
a randomly selected sentence n in each gradient
update. The loss is reformulated as follows:

Lsf = −
∑

D∈C

∑

ih ̸=it

∑

j∈R
I(g(−n)ij < β)

{Pij log(P̂ (−n)
ij ) + (1− Pij) log(1− P̂ (−n)

ij )}
(6)

As seen, we need to forward the base models
twice in each update, with and without the sentence
n. Huang et al. (2021) propose a similar idea
but train different entity pairs in a document
based on different sets of sentences; all sentence
are processed repeatedly among entity pairs in a
document. Their approach is much slower than
ours.

To sum up, the proposed SIEF framework
identifies non-evidence sentences and penalizes the
difference of predicted probabilities when a non-
evidence sentence is removed. Our approach is a
generic framework and can be adapted to various
DocRE model easily, without introducing extra
parameters into the model.

4.4 DocRE Model Architectures

Our SIEF can be applied to various base DocRE
models. To evaluate its generality, we consider the
following recent models.

BiLSTM (Yao et al., 2019)2. A bi-directional
long short term memory (BiLSTM) encodes the
document, and an entity is representated by
BiLSTM’s hidden states, averaged over entity
mentions. The head and tail entity representations
are fed to a multi-layer perceptron (MLP) for
relation extraction.

BERTbase (Devlin et al., 2019)3. A pre-trained
language model is used for document encoding.

HeterGSAN (Xu et al., 2021b)4. HeterGSAN
is a recent graph-based DocRED model, which
constructs a heterogeneous graph of sentence,
mention, and entity nodes; it uses graph neural
networks for relation extraction.

2https://github.com/thunlp/DocRED
3https://github.com/DreamInvoker/GAIN
4https://github.com/xwjim/DocRE-Rec
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Figure 3: The model architecture of GAIN with SIEF. A
sentence is randomly removed from the document. The
corresponding nodes and edges are removed from the
mention–document graph and the entity graph.

GAIN (Zeng et al., 2020)3. GAIN constructs
two graphs: mention–document graphs and entity
graphs, and performs graph and path reasoning over
the two graphs separately. When combining our
SIEF with GAIN, we achieve the best performance
among all the base models with SIEF on DocRED.
Thus, we will explain this model in more detail.

Essentially, a node in the mention–document
graph is either a mention or a document. The
mentions are connected to its document, and two
mentions are connected if they co-occur in one
sentence. In the entity graph, two entities are
connected if they are mentioned in one sentence. To
classify the relation, GNN is applied to the mention–
document graph, enhanced with path information
in the entity graph, shown in Figure 3.

When combining SIEF with GAIN, we randomly
remove one sentence from the document. The
corresponding nodes and edges are removed in
the GAIN’s graphs. Then we obtain the output
probabilities with and without the sentence, Pij
and P̂ (−n)

ij , separately. If the sentence important

score g(−n)ij in Eqn. (3) is below a threshold β, the
sentence is treated as non-evidence for the entity
pair (eih , eit) and relation j. We apply the sentence
focusing loss Eqn. (4) to improve the robustness.

For prediction, we apply the trained DocRE
model to the entire document, because with our
approach the model is already robust when non-
evidence sentences are presented. Empirical results
will show that our SIEF consistently improves the
performance of base DocRE models.

5 Experiments

5.1 Setup

Datasets. DocRED is a large-scale human-
annotated dataset for document-level relation
extraction (Yao et al., 2019). The dataset
is constructed from Wikipedia and Wikidata,
containing 3053 documents for training, 1000 for
development, and 1000 for test. In total, it has
132,375 entities and 56,354 relational facts in 96
relation types. More than 40% of the relational
facts require reasoning over multiple sentences.
The standard evaluation metrics are F1 and Ign F1
(Yao et al., 2019; Zeng et al., 2020), where Ign F1
refers to the F1 score excluding the relational facts
in the training set.

We also evaluated our approach on DialogRE
(V2, Yu et al., 2020), which contains 36 relation
types, 17 of which are interpersonal. We followed
the standard split with 1073 training dialogues, 358
validation, and 357 test. Following Yu et al. (2020),
we report macro F1 scores in both the standard and
conversational settings; the latter is denoted by F1c.

Competing Methods. We experimented our
SIEF on a number of base models, namely,
BiLSTM, BERTbase, HeterGSAN, and GAIN
(Section 4.4). These base models are all considered
for comparison.

For DocRED, we consider additional competing
methods: Two Phase (Wang et al., 2019), which
first predicts whether the entity pair has a relation
and then predicts the relation type; LSR (Nan et al.,
2020), which constructs the graph by inducing a
latent document-level graph; Reconstructor (Xu
et al., 2021b), which encourages the model
to reconstruct a reasoning path during training;
DRN (Xu et al., 2021a), which considers
different reasoning skills explicitly and uses
graph representation and context representation to
model the reasoning skills; ATLOP (Zhou et al.,
2021), which aggregates contextual information
by the Transformer attentions and adopts an
adaptive threshold for different entity pairs; and
DocuNet (Zhang et al., 2021), which models
DocRE as a semantic segmentation task.

For DialogRE, we followed Yu et al. (2020) and
considered BERT and BERTs for comparison,5

where BERTs prevents a model from overfitting
by replacing of the interpersonal augment with a
special token.

5https://github.com/nlpdata/dialogre
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Model
Dev Test

Ign F1 F1 Ign F1 F1
DocRE Systems with GloVe

LSR (Nan et al., 2020) 48.82 55.17 52.15 54.18
Reconstructor (Xu et al., 2021b) 54.25 55.70 53.25 55.13
DRN (Xu et al., 2021a) 54.61 56.49 54.35 56.33
BiLSTM (Yao et al., 2019) 48.87 50.94 48.78 51.06

+SIEF 52.08 54.20 51.03 53.22
HeterGSAN (Xu et al., 2021b) 52.17 54.40 52.07 53.52

+SIEF 54.49 56.30 53.94 55.85
GAIN (Zeng et al., 2020) 53.05 55.29 52.66 55.08

+SIEF 55.07 56.96 54.72 56.75
DocRE Systems with BERTbase

Two-Phase (Wang et al., 2019) - 54.42 - 53.92
LSR (Nan et al., 2020) 52.43 59.00 56.97 59.05
Reconstructor (Xu et al., 2021b) 58.13 60.18 57.12 59.45
DRN (Xu et al., 2021a) 59.33 61.39 59.15 61.37
ATLOP (Zhou et al., 2021) 59.22 61.09 59.31 61.30
DocuNet (Zhang et al., 2021) 59.86 61.83 59.93 61.86
BERTbase (Ye et al., 2020) 54.63 56.77 53.93 56.27

+SIEF 57.13 59.11 57.87 58.93
HeterGSAN (Xu et al., 2021b) 57.00 59.13 56.21 58.54

+SIEF 57.99 60.04 57.93 60.02
GAIN (Zeng et al., 2020) 59.14 61.22 59.00 61.24

+SIEF 59.82 62.24 59.87 62.29

Table 1: Results on the development and test sets of the
DocRE dataset. Bold indicates the best performance.

Model
Dev Test

F1 F1c F1 F1c
BERT (Yu et al., 2020) 60.6 55.4 58.5 53.2

+SIEF 61.4 57.6 59.9 56.1
BERTs (Yu et al., 2020) 63.0 57.3 61.2 55.4

+SIEF 64.3 60.6 61.8 58.4

Table 2: Results on DialogRE.

Implementation Details. We use the
repositories2,3,4,5 of base models to implement
our approach. We mostly followed the standard
hyperparameters used in the base models. Our
SIEF has one hyperparameter β in Eqn. (5). It was
set to 0.8, and Section 5.2 presents the effect of
tuning β.

5.2 Results and Analyses

Main results. Table 1 presents the detailed results
on the development and test sets of the DocRED
dataset. We first compare DocRE systems with
GloVe embeddings (Yao et al., 2019). We see that
the proposed SIEF method significantly improves
the performance of all base models, including
the sequence model (i.e., BiLSTM) and graph
models (i.e., HeterGSAN and GAIN); the average
improvement is 2.05 points in terms of test F1. This
shows that SIEF is compatible with both sequence
and graph models, indicating the generality and
effectiveness of the proposed method.

For the DocRE system with BERTbase, SIEF also

Model Intra-F1 Inter-F1
BiLSTM 57.05 43.49

+SIEF 60.56 (∆=+3.51) 45.96(∆=+2.47)

HeterGSAN 61.79 47.06
+SIEF 63.01 (∆=+1.22) 48.11(∆=+1.05)

GAIN 61.67 48.77
+SIEF 63.21 (∆=+1.54) 48.98(∆=+0.21)

Table 3: Results of Intra-F1 results and Infer-F1
on development set of DocRED. The difference is
compared between SIEF and the respective base model.

consistently improves the base models, showing
that SIEF is complementary to the modern BERT
architecture. Especially, combining SIEF and
GAIN (Zeng et al., 2020) with BERTbase encoding
yields state-of-the-art performance in terms of F1.

We further conducted experiments on the
DialogRE dataset, and compare our approach with
the BERT baselines in Yu et al. (2020). As seen,
the results are consistent with the improvement on
DocRED, as our SIEF largely improves F1 and F1c
for both base models. This further confirms the
generality of our approach in different domains.

In the rest of this section, we present in-depth
analyses to better understand our model with
DocRED as the testbed. All base models use GloVe
embeddings as opposed to BERT due to efficiency
concerns.

Intra- and Inter-Sentence Performance. We
breakdown the relation classification performance
into intra-sentence reasoning and inter-sentence
reasoning. Ideally, if only one sentence is needed
to determine the relation of an entity pair, then
it belongs to the intra-sentence category; if two
or more sentences are needed, then it belongs to
the inter-sentence category. We follow Nan et al.
(2020) and approximate it by checking whether two
entities are mentioned in one sentence.

The results are shown in Table 3. SIEF again
consistently improves base models in terms of both
Intra-F1 and Inter-F1. However, the improvement
on Intra-F1 is larger than that on Inter-F1. This is
because our SIEF encourages the model to focus
on evidence by removing one sentence at a time,
but does not explicitly model sentence relations.
Based on this analysis, we plan to extend the SIEF
framework with multi-sentence DocRE reasoning
in our future work.

Performance of predicting evidence sentences.
In our paper, we propose a sentence importance
score to measure how much a sentence contributes
to the classification without using additional
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Figure 4: Performances of the classification (in F1 scores) on the development set of different hyperparameter β in
Eqn. (6) during the training.

Model Precision Recall F1
BiLSTM 60.14 68.41 64.01

+SIEF 65.00 67.99 66.46(∆=+2.45)

HeterGSAN 65.40 70.95 68.06
+SIEF 71.40 70.21 70.80(∆=+2.74)

GAIN 65.28 71.17 68.10
+SIEF 71.94 71.60 71.77(∆=+3.67)

Table 4: Results of the evidence prediction on the
development set of DocRED.

annotation. We evaluate such performance in
Table 4 by Precision, Recall, and F1 scores against
manually annotated evidence sentences that are
provided in the dataset. In this analysis, we
do not perform relation prediction, but concern
about entity pairs knowingly having certain
relations. Specifically, for entity pair (eih , eit)
with relation j, we calculate the importance score
g
(−n)
ij for each sentence and cut off evidence/non-

evidence sentences with a threshold based on the
development F1 score.

As seen, all base models achieve above 60% F1,
suggesting that the proposed importance score is
indeed indicative for predicting evidence and non-
evidence sentences.

With the proposed SIEF framework, the
performance improves for all metrics, with an
average improvement of 2.95 F1 points across
three base models. This further verifies that
our SIEF framework not only improves relation
extraction performance, but also is able to better
detect evidence and non-evidence sentences, which
is important for the interpretability of machine
learning models.

Robustness of DocRE models. We further
investigate the robustness of DocRE models by
showing the difference between the predicted
distributions with and without non-evidence
sentences. We show in Figure 5 the scatter plots of
the probability P based on the entire document and
the probability P̂ (−n)

ij with a random non-evidence
sentence removed.

As shown in the figure, the points of the base

Figure 5: Robustness of DocRE models.

models (left magenta plots) scatters over a wider
range, whereas our SIEF training (right cyan plots)
makes them more concentrated on the diagonal,
indicating that the prediction Pij on the entire
document is mostly the same as P̂ (−n)

ij with a non-
evidence removed. This shows the robustness of
SIEF-trained models, as they are less sensitive to
non-evidences sentences for DocRE.

Analysis on hyperparameter β. Our SIEF
framework has one hyperaparameter β that controls
how strict we treat a sentence as evidence or non-
evidence (Section 4.3). We analyze the effect of β
in Figure 4.
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Method
BiLSTM HeterGSAN GAIN

Ign F1 F1 Ign F1 F1 Ign F1 F1
Base 48.87 50.94 52.17 54.40 53.05 55.29
+SIEF 52.08 54.20 54.49 56.30 55.07 56.96
+Rand 50.63 52.63 52.75 54.70 53.41 55.63
+NoMention 51.56 53.79 54.07 55.95 54.66 56.52

Table 5: Results of our approach and other heuristics.

Method
BiLSTM HeterGSAN GAIN

Ign F1 F1 Ign F1 F1 Ign F1 F1
Base 48.87 50.94 52.17 54.40 53.05 55.29
+SIEF 52.08 54.20 54.49 56.30 55.07 56.96
+GTruth 50.36 52.56 52.65 54.69 53.75 55.87

Table 6: Comparing our sentence focusing loss with
learning from groundtruth labels (denoted by GTruth).

As seen, our SIEF approach consistently benefits
the base models with a large range of β values.
Intuitively, if β is too small, very few sentences
will be treated as non-evidence and our sentence
focusing loss is less effective; if β is too large, it has
a high false positive rate of non-evidence sentences.
Empirically, a moderate β around (0.6–0.8) yields
the highest performance. From the plots, we also
see that our hyperparameter β is insensitive to the
base models, justifying our design of Eqn. (3).

Sentence importance score VS other heuris-
tics. To investigate the effectiveness of our
sentence importance score in Eqn. (3), we compare
it with several alternative heuristics: 1) We
randomly select half of the sentences as the non-
evidence set, denoted by Rand; and 2) We consider
the non-evidence set as the sentences without entity
mentions, denoted by NoMention.

The results of the performance in terms of F1 and
Ign F1 on the development set are shown in Table 5.
As seen, the simple heuristic Rand outperforms
the base model, as Rand can be thought of as
noisy data augmentation. The NoMention heuristic
outperforms Rand, as sentences without entity
mentions are more likely to be non-evidence.
Moroever, SIEF is superior to both Rand and
NoMention, showing that our sentence importance
scores is a more effective indicator of evidence and
non-evidence sentences.

Our sentence focusing loss VS learning from
groundtruth. We encourage the DocRE models
to generate consistent output probabilities with
and without non-evidence (Section 4.2) by a cross-
entropy loss between two soft distributions Pij
and P̂

(−n)
ij . To investigate the effect of such a

sentence focusing loss, we compare it with an

{1,2,3} {1,2}      {1,3} {2,3} 

GAIN
0.713     0.283 0.106 0.319

Entity Pair: {Brad Wilk, Rage Against the Machine}    

Reference: MemberOf Evidence: {1,2}

Input 

Sentences

Threshold
0.574

{1,2,3}     {1,2}      {1,3}       {2,3} 

GAIN+SIEF
0.796     0.744 0.280 0.381

Input 

Sentences

Threshold
0.506

Predicted
Probability 

Predicted
Probability 

[1] Rage Against the Machine is an American rap metal band from

Los Angeles, California. [2] Formed in 1991, the group consists of

vocalist Zack de la Rocha, guitarist Tom Morello, bassist Tim
Commerford and drummer Brad Wilk. [3] After a self-issued demo,

the band signed with Epic Records and released its debut album

Rage Against the Machine in 1992. …

Figure 6: Case Study.

alternative choice: we learn P̂ (−n)
ij directly from

the groundtruth label rij .
Table 6 shows the results on the development

set in terms of F1 and Ign F1. As seen, both
methods can improve the performance of the base
models. This confirms that removing non-evidence
sentences can serve as a way of data augmentation,
boosting the performance of DocRE models.
Moreover, we observe that our sentence focusing
loss is better than learning from the groundtruth
labels, showing that the soft predictions provide
more information than one-hot labels, consistent
with knowledge distillation literature (Hinton et al.,
2015).

Case Study. Figure 6 shows a case study of
GAIN and GAIN+SIEF models. For the entity
pair (Brad Wilk, Rage Against the Machine),
both GAIN and GAIN+SIEF predicts the relation
“MemberOf”, which is consistent with the reference.
We see that Sentence 3 is non-evidence, and in
principle, it should not affect DocRE prediction
in this case. However, the base GAIN model
makes a wrong prediction “not MemberOf”, as
the predicted probability is below the threshold,
which is determined by validation based on
predicted binary probabilities of all relations. By
contrast, our SIEF model is able to make correct
predictions when different non-evidence sentences
are removed, demonstrating its robustness.

6 Conclusion

In this paper, we propose a novel Sentence
Information Estimation and Focusing (SIEF)
approach to document relation extraction (DocRE).
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We design a sentence importance score and a
sentence focusing loss to encourage the model
to focus on evidence sentences. The proposed
SIEF is a general framework, and can be combined
with various base DocRE models. Experimental
results show that SIEF consistently improves the
performance of base models in different domains,
and that it improves the robustness of DocRE
models.
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Abstract

In this paper, we ask the research question of
whether all the datasets in the benchmark are
necessary. We approach this by first charac-
terizing the distinguishability of datasets when
comparing different systems. Experiments on
9 datasets and 36 systems show that several
existing benchmark datasets contribute little to
discriminating top-scoring systems, while those
less used datasets exhibit impressive discrimi-
native power. We further, taking the text clas-
sification task as a case study, investigate the
possibility of predicting dataset discrimination
based on its properties (e.g., average sentence
length). Our preliminary experiments promis-
ingly show that given a sufficient number of
training experimental records, a meaningful
predictor can be learned to estimate dataset dis-
crimination over unseen datasets. We released
all datasets with features explored in this work
on DataLab. 1

1 Introduction

In natural language processing (NLP) tasks, there
are often datasets that we use as benchmarks
against which to evaluate machine learning models,
either explicitly defined such as GLUE (Wang et al.,
2018) and XTREME (Hu et al., 2020) or implicitly
bound to the task (e.g., DPedia (Zhang et al., 2015)
has become a default dataset for evaluating of text
classification systems). Given this mission, one im-
portant feature of a good benchmark dataset is the
ability to statistically differentiate diverse systems
(Bowman and Dahl, 2021). With large pre-trained
models consistently improving state-of-the-art per-
formance on NLP tasks (Devlin et al., 2018; Lewis
et al., 2019), the performances of many of them
have reached a plateau (Zhong et al., 2020; Fu et al.,
2020). In other words, it is challenging to discrimi-
nate a better model using existing datasets (Wang
et al., 2019). In this context, we ask the question:

∗Corresponding author
1https://datalab.nlpedia.ai
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Figure 1: Illustrate different datasets’ distinguishing
ability w.r.t top-scoring systems characterized by our
measure log(λsva) on text classification and their corre-
sponding citations.

are all benchmark’s datasets necessary? We use
the text classification task as a case study and try
to answer the following two sub-questions:

RQ1: How can we quantify the distinguishing
ability of benchmark datasets? To answer this
question, we first design measures with varying
calculation difficulties (§4) to judge datasets’ dis-
crimination ability based on top-scoring systems’
performances. By exploring correlations among
different measures, we then evaluate how reliable
a dataset’s discrimination is when discrimination
is calculated solely based on overall results that
top-scoring systems have achieved and generalize
this measure to other NLP tasks. Fig. 1 illustrates
how different text classification datasets are ranked
(the bottom one) based on measures devised in
this work (a smaller value suggests lower discrim-
ination) and the corresponding citations of these
datasets (the upper one). One can observe that: (i)
The highly-cited dataset DBpedia (Zhang et al.,
2015) (more than 3,000 times since 2015) shows
the worst discriminative power. (ii) By contrast,
dataset like ADE (Gurulingappa et al., 2012) (less
than 200 times since 2012) does better in distin-
guishing top-scoring systems, suggesting that some
of the relatively neglected datasets are actually valu-
able in distinguishing models. This phenomenon
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shows the significance of quantifying the discrim-
inative ability of datasets: it can not only help us
to eliminate those with lower discrimination from
commonly-used datasets (e.g., DBpedia), but also
help us to recognize the missing pearl in seldom
used datasets (e.g., ADE and ATIS (Hemphill et al.,
1990)).

RQ2: Can we try to predict the discriminative
power of the dataset? Given a dataset, we investi-
gate if we can judge its ability to distinguish models
based on its characteristics (e.g., average sentence
length), which is motivated by the scenario where
a new dataset has just been constructed without
sufficient top-scoring systems to calculate discrim-
ination defined in RQ1. To answer this question,
inspired by recent literature on performance pre-
diction (Domhan et al., 2015; Turchi et al., 2008;
Birch et al., 2008; Xia et al., 2020; Ye et al., 2021),
we conceptualize this problem as a discrimination
regression task. We define 11 diverse features to
characterize a text classification dataset and regress
its discrimination scores using different parame-
terized models. Preliminary experiments (§5.4)
indicate that a meaningful regressor can be learned
to estimate the discrimination of unseen datasets
without actual training using top-scoring systems.

We brief takeaways in this work based on our
observations:

(1) Not all datasets in benchmark are necessary
in terms of model selection2: empirical results
show that following datasets struggle at discrim-
inating current top-scoring systems: STS-B and
SST-2 from GLUE (Wang et al., 2018); BUCC and
PAWX-X from XTREME, which is consistent with
the concurrent work (Ruder et al., 2021) (§4.3.2).

(2) In regard to single-task benchmark datasets,
for Chinese Word Segmentation task, there are
multiple datasets (MSR, CityU, CTB) (Tseng
et al., 2005; Jin and Chen, 2008) that exhibit much
worse discriminative ability, suggesting that: fu-
ture works on this task are encouraged to either
(i) adopt other datasets to evaluate their systems
or (ii) at least make significant test 3 if using these
datasets. Similar observations happen in the dataset
CoNLL-2003 (Sang and De Meulder, 2003) from
Named Entity Recognition task and MultiNLI

2Caveat: Annotated datasets are always valuable, because
the supervision signals provided there can not only help us
directly train a system for specific use case, but also provide
good supervised transfer for related tasks (Sanh et al., 2021).

3We randomly select 10 recently published papers (from
ACL/EMNLP) that utilized these datasets and found only 2 of
them perform significant test.

(Williams et al., 2017) from natural language infer-
ence task (§4.3.2).

(3) Some seldom used datasets such as ADE from
text classification are actually better at distinguish-
ing top-performing systems, which highlights an
interesting and necessary future direction: how to
identify infrequently-used but valuable (better dis-
crimination) datasets for NLP tasks, especially in
the age of dataset’s proliferation?4 (§4.2)

(4) Quantifying a dataset’s discrimination (w.r.t
top-scoring systems) by calculating the statistical
measures (defined in §4.1.2) from leaderboard’s
results is a straightforward and effective way. But
for those datasets without rich leaderboard results,5

predicting the discrimination based on datasets’
characteristics would be an promising direction
(§4.3.1).

Our contributions can be summarized as:
(1) We try to quantify the discrimination abil-

ity for datasets by designing two variance-based
measures. (2) We systematically investigate 4 text
classification models on 9 datasets, providing the
newest baseline performance for those seldom used
datasets. All datasets and their features are released
on DataLab (Xiao et al., 2022). (3) We study sev-
eral popular NLP benchmarks, including GLUE,
XTREME, NLI, and so on. Some valuable sugges-
tions and observations will make research easier.

2 Related Work

Benchmarks for NLP In order to conve-
niently keep themselves updated with the research
progress, researchers recently are actively build-
ing evaluation benchmarks for diverse tasks so
that they could make a comprehensive compari-
son of systems, and use a leaderboard to record the
evolving process of the systems of different NLP
tasks, such as SQuAD (Rajpurkar et al., 2016),
GLUE (Wang et al., 2018), XTREME (Hu et al.,
2020), GEM (Gehrmann et al., 2021) and GE-
NIE (Khashabi et al., 2021). Despite their utility,
more recently, Bowman and Dahl (2021) highlight
that unreliable and biased systems score so highly
on standard benchmarks that there is little room for
researchers who develop better systems to demon-
strate their improvements. In this paper, we make
a pilot study on meta-evaluating benchmark evalu-

4https://paperswithcode.com/datasets
5The measure can keeps updated as the top-scoring sys-

tems of the leaderboard evolves, which can broaden its practi-
cal applicability

2931

https://paperswithcode.com/datasets


ation datasets and quantitatively characterize their
discrimination in different top-scoring systems.

Performance Prediction Performance predic-
tion is the task of estimating a system’s perfor-
mance without the actual training process. With
the recent booming of the number of machine learn-
ing models (Goodfellow et al., 2016) and datasets,
the technique of performance prediction become
rather important when applied to different scenar-
ios ranging from early stopping training iteration
(Kolachina et al., 2012), architecture searching
(Domhan et al., 2015), and attribution analysis
(Birch et al., 2008; Turchi et al., 2008). In this
work, we aim to calculate a dataset’s discrimina-
tion without actual training top-scoring systems
on it, which can be formulated as a performance
prediction problem.

3 Preliminaries

3.1 Task and Dataset
Text classification aims to assign a label defined
beforehand to a given input document. In the exper-
iment, we choose nine datasets, and their statistics
can be found in the Appendix A.

• IMDB (Maas et al., 2011) consists of movie
reviews with binary classes.

• Yelp (Zhang et al., 2015) is a part of the Yelp
Dataset Challenge 2015 data.

• CR (Hu and Liu, 2004) is a product review
dataset with binary classes.

• MR (Pang and Lee, 2005) is a movie review
dataset collected from Rotten Tomatoes.

• SST1 (Socher et al., 2013) is collected from
HTML files of Rotten Tomatoes reviews with
fully labeled parse trees.

• DBpedia14 (Zhang et al., 2015) is a dataset for
ontology classification collected from DBpedia.

• ATIS (Hemphill et al., 1990) is an intent detec-
tion dataset that contains audio recordings of
flight reservations.

• QC (Li and Roth, 2002) is a question classifica-
tion dataset.

• ADE (Gurulingappa et al., 2012) is a subset of
“Adverse Drug Reaction Data”.

3.2 Model
We re-implement 4 top-scoring systems with typ-
ical neural architectures for each dataset. 6 The

6We mainly focus on neural network-based models, since
most top-scoring systems in the leaderboard are based on deep
learning.

brief introduction of the four models is as follows.

• LSTM (Hochreiter and Schmidhuber, 1997) is
a widely used sentence encoder. Here, we adopt
the bidirectional LSTM.

• LSTMAtt is proposed by Lin et al. (2017) that
designed the self-attention mechanism to extract
different aspects of features for a sentence.

• BERT (Devlin et al., 2018) was utilized to fine-
tuning on our text classification datasets.

• CNN is a CNN-based text classification model
(Kim, 2014) was expolred in our work.

Except for BERT, the other three models (e.g.
LSTM) are initialized by GloVe (Pennington et al.,
2014) or Word2Vec (Mikolov et al., 2013) pre-
trained word embeddings. When the performance
on the dev set doesn’t improve within 20 epochs,
the training will be stopped, and the best perform-
ing model will be kept. More detailed model pa-
rameter settings can be found in the Appendix B.

4 How to Characterize Discrimination?

To achieve this goal, we design measures based on
the performance of different models for a dataset.

4.1 Measures

We design several measures to judge dataset’s
distinguishing ability based on the performances
that top-performing systems have achieved on it.7

Specifically, given a dataset D together with k top-
scoring model performance list v = [v1, · · · , vk],
we define the following measures.

4.1.1 Performance Variance

We use the standard deviation to quantify the de-
gree of variation or dispersion of a set of perfor-
mance values. A larger value of λvar suggests that
the discrimination of the given dataset is more sig-
nificant. λvar can be defined as:

λvar = Std(v), (1)

where Std(·) is the function to compute the stan-
dard deviation. Assume that the performance list
(k = 3) on dataset D is v = [88, 92, 93], we can
get λvar = 2.65.

7A dataset’s discrimination is defined w.r.t top-scoring
models from a leaderboard, keeping itself updated with sys-
tems’ evolution.
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4.1.2 Scaled Performance Variance
For the above measure, it can only reflect the vari-
ances of the performance of different models, with-
out considering whether the model’s performance
is close to the upper limit (e.g., 100% accuracy)
on a given data set. To address this problem, we
defined a modified variance by scaling λvar with
the difference between the upper limit performance
u and average performance Avg(v) of v.

λsva = λvar(u−Avg(v)). (2)

In practice, u can be defined flexibly based on tasks’
metrics. For example, in text classification task, u
could be 100% (w.r.t F1 or accuracy), while in
summarization task, u could be the results of or-
acle sentences (w.r.t ROUGE). Intuitively, given
a performance list on text classification dataset:
v = [88, 92, 93], we can obtain the λsva = 23.81.

4.1.3 Hit Rate
The previous two measures quantify dataset’s dis-
criminative ability w.r.t k top-performing systems
in an indirect way (i.g, solely based on the overall
results of different models). However, sometimes,
small variance does not necessarily mean that the
dataset fail to distinguish models, as long as the dif-
ference between models is statistically significant.
To overcome this problem, we borrow the idea of
bootstrap-based significant test (Koehn, 2004) and
define the measure hit rate, which quantify the de-
gree to which a given dataset could successfully
differentiate k top-scoring systems.

Specifically, we take all
(
k
2

)
pairs of systems

(mi and mj) and compare their performances on
a subset of test samples Dt that is generated using
paired bootstrap re-sampling. Let vi(D) > vj(D)
be the performance of m1 and m2 on the full
test set, we define P (mi,mj) as the frequency of
vi(Dt) > vj(Dt) over all T times of re-sampling
(t = 1, · · · , T ). 8 Then we have

λhit =
1(
k
2

)
∑

P (mi,mj) (3)

Metric Comparison The first two metrics, per-
formance variance and scaled performance vari-
ance, are relative easily to obtain since they only re-
quire holistic performances of different top-scoring
models on a given dataset, which can be conve-
niently collected from existing leaderboards. By

8For example, given a test set with 1000 samples, we
sample 80% subset from it and repeat this process T times.

contrast, although the metric hit rate can directly
reflect dataset’s ability in discriminating diverse
systems, its calculation not only require more fine-
grained information of system prediction but also
complicated bootstrap re-sampling process.

4.2 Exp-I: Exploring Correlation Between
Variance and Hit Rate

The goal of this experiment is to investigate the re-
liability of the variance-based discrimination mea-
sures (e.g., λsva), which are easier to obtain, by cal-
culating its correlation with significant test-based
measure λhit, which is costly to get. Since the im-
plementation of λhit relies on the bootstrap-based
significant test, we choose text classification as
the tested and re-implement 4 classification mod-
els (defined in Sec. 3.2) on 9 datasets. The per-
formance and the distinction degree on the 9 text
classification dataset are shown in Tab. 1. λvar and
λsva measures are designed based on performance
variance, even if BERT always achieves the best
performance on the same dataset, it will not affect
the observed results from our experiments.

Correlation measure Here, we adopt the Spear-
man rank correlation coefficient (Zar, 1972) to de-
scribe the correlation between our variance-based
measures and the hit rate measure λhit.

Sλ = Spearman(q, λhit), (4)

where the q can be λvar or λsva.

Result (1) λvar and λsva are strong correlative
(Sλ>0.6) with λhit respectively, which suggests that
variance-based metrics could be a considerably re-
liable alternatives of significant test-based metric.
(2) Spearman(λvar, λhit) > Spearman(λsva, λhit),
which indicate that comparing with λsva, dataset
discrimination characterized by λvar is more accept-
able for λhit. The reason can be attributed to that
the designing of the measure λhit does not consider
the upper limit of the model’s performance.
(3) DPdedia and Yelp are commonly used text
classification datasets, while they have the worst
ability to discriminate the top-scoring models since
they get the lowest value of λvar and λsva. By
contrast, these two seldom used datasets ADE and
ATIS show the better discriminative ability.

4.3 Exp-II: Evaluation of Other Benchmarks
4.3.1 Popular Benchmark Datasets
We also investigate how benchmark datasets from
other NLP task perform using two devised mea-
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Method BERT LSTMAttr LSTM CNN λhit λvar λsva

SST1 54.12 43.80 47.60 44.80 0.88 4.65 243.56
CR 91.75 83.25 82.50 84.25 0.91 4.27 62.17
MR 85.55 79.92 79.80 82.00 0.86 2.69 48.83
QC 97.19 90.36 89.96 92.17 0.92 3.32 25.18
IMDB 93.34 89.45 89.65 87.81 0.87 2.33 23.18
ADE 93.48 92.90 92.65 89.54 0.78 1.77 13.90
ATIS 97.64 97.42 97.31 94.62 0.78 1.42 4.63
Yelp 97.52 96.60 96.60 95.46 0.81 0.84 2.91
DPedia 99.27 99.01 99.05 98.75 0.68 0.22 0.21

Spearman 0.83 0.73

Table 1: Illustration the 4 models’ performance and discrimination degree (characterized by λhit, λvar, and λsva) on
9 text classification datasets. The two correlation coefficients pass the significance test (p < 0.05 ). λvar and λsva
measures are designed based on performance variance.

sures. Specifically, we collected three single-task
and two multitask benchmarks. For the single-task
benchmarks, we collect the top-performing models
in a specific period for each dataset, provided by
Paperswithcode. 9 For the multitask benchmarks,
here, the GLUE 10 and XTREME 11 are consid-
ered in this work. Since Paperswithcode provided
5 models for each dataset in most case, for fairness
and uniformity, we keep top-5 models for both
single-task and multitask benchmark datasets.
Named Entity Recognition (NER) aims to iden-
tify named entities of an input text, for which we
choose 5 top-scoring systems on 6 datasets and
collect results from Paperswithcode.
Chinese Word Segmentation (CWS) aims to de-
tect the boundaries of Chinese words in a sentence.
We select 5 top-scoring systems on 8 datasets and
collect results from Paperswithcode.
Natural Language Inference (NLI) targets at pre-
dicting whether a premise sentence can infer the
hypothesis sentence. We select 5 top-performing
models on 4 datasets from Paperswithcode.
GLUE (Wang et al., 2018) covers 9 sentence- or
sentence-pair tasks with different dataset sizes, text
genres, and degrees of difficulty. Fig. 2-(a) shows
the tasks/datasets that are considered in GLUE.
XTREME (Hu et al., 2020) is the first benchmark
that evaluates models across a wide variety of lan-
guages and tasks. The tasks/datasets that are cov-
ered by XTREME are shown in Fig. 2-(b).

4.3.2 Results and Analysis
Fig. 2 shows the results of dataset quality measure
by λvar and λsva. We detail several main observa-
tions:

9https://paperswithcode.com/
10https://gluebenchmark.com/
11https://sites.research.google/xtreme

• λvar and λsva have consistent evaluation results
for both single-task (CWS, NER, NLI) and mul-
titask (GLUE, XTREME) benchmarks.

• For the XTREME benchmark, BUCC and
PAWSX have lowest λvar and λsva, which sug-
gest that they are hardly to discriminate the top-
performing systems. Moreover, these two data
sets will be removed from the new version of
the XTREME leaderboard called XTREME-R
(Ruder et al., 2021). This consistent observation
also shows the effectiveness of our measure.

• For GLUE benchmark, CoLA, QQP, and RTE
have the excellent ability to distinguish different
top-scoring models (with higher λvar and λsva),
while the SST-2 and STS-B perform worse.

• For CWS benchmarks, there is a larger gap be-
tween the value of λvar and λsva, which indicate
that the performance of top-scoring models con-
sidered are close to 100%. Furthermore, MSR,
CityU and CTB are not suitable as benchmarks
since they have poor discrimination ability with
λsva < 0. So as MultiNLI for NLI task.

• CoNLL 2003 is a widely used NER dataset, but
it is the lowest quality dataset under our dataset
quality measure. The reason can be attributed to
contain much annotation errors (Fu et al., 2020)
in the CoNLL 2003 dataset, which makes its
performance reach the bottleneck.

5 Can we Predict Discrimination?

Although metrics λvar, λsva ease the burden for us
to calculate the datasets’ discrimination, one major
limitation is: given a new dataset without results
from leaderboards, we need to train multiple top-
scoring systems and calculate corresponding results
on it, which is computationally expensive. To alle-
viate this problem, in this section, we focus on text
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Figure 2: The dataset discrimination characterized by log(λvar) (the logarithm for better visualization) (blue) and
log(λsva) (pink) on five popular NLP benchmarks.

classification task and investigate the possibility of
estimating datasets’ discrimination solely based on
their characteristics without actual training systems
on them.

5.1 Task Formulation

5.1.1 Regression-based Task Formulation
We formulate it as a performance prediction prob-
lem (Birch et al., 2008; Xia et al., 2020; Ye et al.,
2021). Formally, we refer to M, Dtr , Dte, S
as the machine learning system, training data, test
data and training strategy respectively. The goal of
performance prediction is to estimate actual perfor-
mance y without actual training by using features
ofM, Dtr, Dte, and S .

ŷ = f̂(ΦM,ΦDtr ,ΦDte ,ΦS ; Θ̂) (5)

where ŷ denotes estimated prediction and Φ(·)
is a feature extractor. Following Xia et al. 2020, we
only use the features of the datasets as variables and
adapt it to our discriminative prediction scenario,
we can obtain:

λ̂ = f̂(ΦDtr ,ΦDte ; Θ̂), (6)

where λ̂ denotes predicted variance defined in
§4.1.2 such as λvar or λsva.

5.1.2 Ranking-based Task Formulation
Instead of only regressing one dataset’s quality,
we also care about the quality ranking of dif-
ferent datasets w.r.t discriminating systems in a
task. Therefore, we also formulate it as a listwise

LTR(learning to rank) task where a model takes
individual lists as instances, to predict the rank of
element among the list (Liu, 2011). Given a set
of n datasets d = {d1, d2, · · · , dn} (d ∈ D =
{Dtr, Dte}), different d construct the dataset of
LTR task, the target of the ranker is to predict the
dataset quality ranking for each dataset in d ac-
cording to the datasets’ features. The estimated
rankings λ = {λ1, λ2, · · · , λn} ∈ [1, n] for set d
can be defined as:

λ = f(Φ(d); Θ), (7)

where Φ(·) is the dataset feature extractor, f is the
ranking model. λ ∈ [1, n] is the estimated rankings
of the variance ( λvar or λsva) for datasets in set d.

5.2 Characterization of Datasets

In this section, we will introduce three aspects that
characterize datasets: Inherent Feature, Lexical
Feature, and Semantic Feature. Due to space limita-
tions, we move a more detailed feature introduction
to the Appendix C.

5.2.1 Inherent Feature

Average length (ϕlen): The average sentence
length on a dataset, where the number of tokens on
a sentence is considered as the sentence length. La-
bel number (ϕlab): The number of labeled classes
in a dataset. Label balance (ϕbal): The label bal-
ance metric measures the variance between the
ideal and the true label distribution.

2935



5.2.2 Lexical Feature
Basic English Words Ratio (ϕbasic): The pro-
portion of words belonging to the 1000 basic En-
glish 12 words in the whole dataset. Type-Token
Ratio (ϕttr): We measure the text lexical richness
by the type-token ratio (Richards, 1987) based on
the lexical richness tool. 13 Language Mixed-
ness Ratio (ϕlmix): To detect the ratio of other
languages mixed in the text, we utilize the models
proposed by Joulin et al. (2016b) for language iden-
tification from fastText (Joulin et al., 2016a) which
can recognize 176 languages. Pointwise Mutual
Information (ϕpmi): PMI 14 is a measurement to
calculate the correlation between variables.

5.2.3 Semantic Feature
Perplexity (ϕppl): We calculate the perplexity 15

based on GPT2 (Radford et al., 2019) to evaluate
the quality of the text. Grammar Errors Ratio
(ϕgerr): We adopt the detection tool 16 to recognize
words with grammatical errors, and then calculate
the ratio of grammatical errors. Flesch Reading
Ease 17 (ϕfre): To describe the readability of a text,
we introduce the ϕfre achieving by textstat. 18

For feature ϕlen, ϕttr,ϕlmix, ϕgerr, ϕpmi, ϕfre,
and ϕrfre , we individually compute ϕ() on the train-
ing, test set, as well as their interaction. Take aver-
age length (ϕlen) as an example, we compute the
average length on training set ϕtr,len, test set ϕte,len,
and their interaction ((ϕtr,len − ϕte,len)/ϕtr,len)2.

5.3 Parameterized Models

The dataset discrimination prediction (ranking)
model takes a series of dataset features as the in-
put and then predicts discrimination(rank) based
on f̂(·) (f(·)) defined in Eq. 6 (Eq. 7). We explore
the effectiveness of four variations of regression
methods and two ranking frameworks.
Regression Models: LightGBM (Ke et al., 2017)
is a gradient boosting framework with faster train-

12https://simple.wikipedia.org/wiki/
Wikipedia:List_of_1000_basic_words

13https://github.com/LSYS/
lexicalrichness

14https://en.wikipedia.org/wiki/
Pointwise_mutual_information

15https://en.wikipedia.org/wiki/
Perplexity

16https://github.com/jxmorris12/
language_tool_python

17https://en.wikipedia.org/wiki/Flesch%
E2%80%93Kincaid_readability_tests

18https://github.com/shivam5992/
textstat

ing and better performance than XGBoost. K-
nearest Neighbor (KNN) (Peterson, 2009) is a
non-parametric model that makes the prediction
by exploring the k neighbors. Support Vector
Machine (SVM) (Suykens and Vandewalle, 1999)
uses kernel trick to solve both linear and non-linear
problems. Decision Tree (DT) (Quinlan, 1990) is
a tree-based algorithm that gives an understandable
interpretation of predictions.
Ranking Frameworks: LightGBM with Gradient
Boosting Decision Tree (Friedman, 2001) boost-
ing strategy was selected as our ranking model.
XGBoost (Chen and Guestrin, 2016) with gb-
tree(Hastie et al., 2009) boosting strategy was an-
other ranking model.

5.4 Experiments

5.4.1 Data Construction
To construct a collection with large amount of
discriminative datasets, we randomly select three
dataset features (e.g. average sentence length ϕlen)
to divide the original dataset into several non-
overlapping sub-datasets. As a result, we collect
987 sub-datasets. Then, we train four text classifi-
cation models (CNN, LSTM, LSTMAtt, BERT) on
these sub-dastasets. Next, we calculate the dataset
features ϕ (defined in Sec. 5.2) and dataset discrim-
ination ability λsva and λvar on these sub-datasets.
Regression Task Settings ϕ and λsva (λvar) will be
the input and target of the regression models, as
defined by Eq. 6. For the experiment setting, we
randomly select 287 (ϕ, λsva (λvar)) pairs as the test
set and the rest as the training set (700). Ranking
Task Settings We construct datasets for ranking
task from the dataset used in regression task. Here,
we explored the value of n (defined in §5.1.2) to be
5, 7 and 9 to randomly choose samples from Dtr

(or Dte) to construct the datasets for the ranking
task, and kept 4200, 600, 1200 samples for training,
development and testing set respectively.

5.4.2 Evaluation Metric
Regression Task We use RMSE (Chai and
Draxler, 2014) and Spearman rank correlation co-
efficient (Zar, 1972) to evaluate how well the re-
gression model predicts the discriminative ability
for datasets. The Spearman rank correlation coeffi-
cient is used for the correlation between the output
of a regression model and the ground truth.

Ranking Task NDCG (Järvelin and Kekäläinen,
2000) and MAP (Yue et al., 2007) are the evalua-
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tion metric of our ranking task. For NDCG, it con-
siders the rank of a set of discriminative abilities.
In our setting, every dataset has its own real dis-
criminative ability. Here, We transfer the predicted
discriminative ability to the rank of the dataset in
the NDCG metric, so we can use NDCG to evalu-
ate the model’s predicted effect. For MAP, it likes
how NDCG works, but it considers a set of binary
values. Here, we set a threshold value of λvar = 3
(λsva = 28) for λvar (λsva) to distinguish the dataset
discrimination ability from good (relevant) to bad
(irrelevant).

Method

RMSE Spearman

λvar λsva
λvar λsva

corr p corr p

KNN 2.42 51.21 0.77 9.75E-40 0.87 1.62E-63
LightGBM 1.53 32.74 0.72 2.23E-33 0.87 7.01E-61
DT 1.73 43.33 0.64 9.25E-25 0.84 1.33E-53
SVM 2.83 62.44 0.68 1.14E-28 0.77 7.26E-40

Table 2: The performance of regressing dataset discrim-
ination for the text classification. “corr” denotes the
“correlation”.

Model n NDCG MAP

λvar λsvar λvar λsvar

LightGBM
9 98.20 98.85 97.50 98.27
7 97.76 98.73 97.01 99.05
5 96.73 97.08 96.56 98.15

XGBoost
9 96.66 97.13 92.91 93.62
7 96.74 97.65 94.77 96.11
5 95.93 97.10 95.49 98.25

Table 3: The performance of ranking dataset discrimi-
nation for the text classification task. n is the number of
datasets in d defined in §5.1.2

.

5.4.3 Results and Analysis
Tab. 2 and Tab. 3 show the results of four regression
models and two ranking models that characterize
the dataset discrimination ability, respectively. We
can observe that: Both the regression models and
the ranking models can well describe the discrimi-
nation ability of different datasets. For these four
regression models, the prediction is highly corre-
lated with the ground truth (with a correlation value
larger than 0.6), passing the significance testing
(p < 0.05). This suggests that the dataset discrimi-
nation can be successfully predicted. For these two
ranking models, their performance on NDCG and
MAP is greater than 95%, which indicates that the

discriminative ability of the data set can be easily
ranked.
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Figure 3: Feature importance for the text classification
measured by LGBoost with the target of λsva.

Feature Importance Analysis Fig. 3 illustrates
the feature importance characterized by LightGBM.
For a given feature, the number of times that is
chosen as the splitting feature in the node of the de-
cision trees is defined as its importance degree. We
observe that: (1) The most influential features are
ϕpmi, ϕlen, and ϕfre, which come from the lexical,
inherent, and semantic features, respectively. This
indicated that the LightGBM can extract features
from different aspects to make predictions. (2) In
the perspective of feature groups, the semantic fea-
tures are more influential than the inherent features
and lexical features.

6 Discussion & Implications

Discussion Given a leaderboard of a dataset, met-
rics explored in this paper can be easily used to
calculate its discrimination, while some limitations
still exist. We make some discussion below to en-
courage more explorations on new measures: (a)
Interpretability: current metrics can only identify
which datasets are of lower indiscriminability while
don’t present more explanation why it is the case.
(b) Functionality: a dataset with lower discrimina-
tion doesn’t mean it’s useless since the supervision
signals provided there can not only help us directly
train a system for the specific use case but also
provide good supervised transfer for related tasks.
Metrics designed in this work focus on the role of
discriminating models.

Calls Based on observations obtained from this
paper, we make the following calls for future re-
search: (1) Datasets’ discrimination ability w.r.t
top-scoring systems could be included in the
dataset schema (such as dataset statement (Ben-
der and Friedman, 2018)), which would allow re-
searchers to gain a saturated understanding of the
dataset. (2) Leaderboard constructors could also
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report the discriminative ability of the datasets
they aim to include. (3) Seldom used datasets are
also valuable for model selection, and a more fair
dataset searching system should be investigated, for
example, relevance- and scientifically meaningful
first, instead of other biases, like popularity.
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A Statistics of Datasets

Tab. 4 shows the statistical information of the nine
datasets of text classification task used in our work.
For those datasets without explicit the development
set, we randomly selected 12.5% samples from the
training set as the development set.

Dataset Train Test Development

IMDB 25,000 25,000 -
Yelp 560,000 38,000 -
QC 5,452 500 -
DPedia 560,000 70,000 -
CR 3,594 400 -
ATIS 4,978 893 -
SST1 8,544 2,210 1,101
MR 9,596 1,066 -
ADE 23,516 - -

Table 4: Statistics of datasets.

B Parameter Settings for Text
Classification Model

In this section, we will introduce the parameter set-
tings of the neural network-based models explored
in Section 3.2. The optimizer is AdamW for the
four mdoels. The settings of other parameters are
shown in Tab. 5.

Parameter BERT CNN LSTM LSTMAtt

learning rate 2*e-5 1*e-4 1*e-3 1*e-3
batch size 4 4 32 32
word emb - Word2vec GloVe GloVe
word emb size - 300 300 300
hidden size 768 120 256 256
max sent len 512 - - -
filter size - 1,3,5 - -

Table 5: the parameters of four models.

C Characterization of Datasets

C.1 Inherent Feature

Label balance (ϕbal): The label balance metric
measures the variance between the ideal and the
true label distribution: ϕbal = (ct − cs)/cs, where
the ct and cs are the true and ideal label information
entropy (Shannon, 1948), respectively.

C.2 Lexical Feature

Type-Token Ratio (ϕttr): TTR (Richards, 1987)
is a way to measure the documents lexical richness:
ϕttr = ntype/ntoken, where the ntype is the number

of unique words, and ntoken is the number of to-
kens. We use lexical richness 19 to calculate the
TTR for each sentence and then average them.
Language Mixedness Ratio (ϕlmix): The propor-
tion of sentence that contains other languages in
the whole dataset. To detect the mixed other lan-
guages, we utilize the models proposed by Joulin
et al. (2016b) for language identification from fast-
Text (Joulin et al., 2016a) which can recognize 176
languages.
Pointwise Mutual Information (ϕpmi): is a mea-
surement to calculate the correlation between
variables. Specifically, for a word in one class
ϕpmi(c,w) = log( p(c,w)

p(c)p(w)), where p(c) is the pro-
portion of the tokens belonging to label c, p(w) is
the proportion of the word w, and p(c, w) is the
proportion of the word w which belongs to class
c. For every class, all the ϕpmi(c,w), larger than
zero, are added to get the sum, which serve as the
dataset’s pmi. Finally,ϕpmi is calculated by divid-
ing the sum by the numbers of pairs(c,w) of the
train dataset. We pick up the top-ten words sorted
by ϕpmi(c,w) in all classes, then the ration related to
the class-related word(ϕrpmi) is calculated by divid-
ing the number of samples who contain the top-ten
words by the total samples in the train set.

C.3 Semantic Feature
Grammar errors ratio (ϕgerr): The proportion
of words with grammatical errors in the whole
dataset. We adopt the detection tool 20 to recognize
words with grammatical errors. We first compute
the grammar errors ratio for each sentence: n/m,
where the n and m denote the number of words with
grammatical errors and the number of the token for
a sentence, averaging them.
Flesch Reading Ease (ϕfre): Flesch Reading Ease
21 calculated by textstat 22 is a way to describe the
simplicity of a reader who can read a text. First,
we calculate the ϕfre for each sample, and then
average them as the dataset’s feature. Then we
pick out the samples whose score below 60, then
the ration related to the low score samples(ϕrfre)
is calculated by dividing the number of the picked
samples by the total samples in the train set.

19https://github.com/LSYS/
lexicalrichness

20https://github.com/jxmorris12/
language_tool_python

21https://en.wikipedia.org/wiki/Flesch%
E2%80%93Kincaid_readability_tests

22https://github.com/shivam5992/
textstat
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Abstract

Backdoor attacks pose a new threat to NLP
models. A standard strategy to construct poi-
soned data in backdoor attacks is to insert trig-
gers (e.g., rare words) into selected sentences
and alter the original label to a target label.
This strategy comes with a severe flaw of being
easily detected from both the trigger and the
label perspectives: the trigger injected, which
is usually a rare word, leads to an abnormal nat-
ural language expression, and thus can be eas-
ily detected by a defense model; the changed
target label leads the example to be mistakenly
labeled, and thus can be easily detected by man-
ual inspections. To deal with this issue, in this
paper, we propose a new strategy to perform
textual backdoor attack which does not require
an external trigger and the poisoned samples
are correctly labeled. The core idea of the pro-
posed strategy is to construct clean-labeled ex-
amples, whose labels are correct but can lead
to test label changes when fused with the train-
ing set. To generate poisoned clean-labeled
examples, we propose a sentence generation
model based on the genetic algorithm to cater
to the non-differentiable characteristic of text
data. Extensive experiments demonstrate that
the proposed attacking strategy is not only ef-
fective, but more importantly, hard to defend
due to its triggerless and clean-labeled nature.
Our work marks the first step towards develop-
ing triggerless attacking strategies in NLP1.

1 Introduction

Recent years have witnessed significant improve-
ments introduced by neural natural language pro-
cessing (NLP) models (Kim, 2014; Yang et al.,
2016; Devlin et al., 2019). Unfortunately, due to
the fragility (Alzantot et al., 2018; Ebrahimi et al.,
2018; Ren et al., 2019; Li et al., 2020; Zang et al.,
2020; Garg and Ramakrishnan, 2020) and lack of
interpretability (Li et al., 2016a; Jain and Wallace,

1https://github.com/leileigan/clean_
label_textual_backdoor_attack

2019; Clark et al., 2019; Sun et al., 2021) of NLP
models, recent researches have found that back-
door attacks can be easily performed against NLP
models: an attacker can manipulate an NLP model,
generating normal outputs when the inputs are nor-
mal, but malicious outputs when the inputs are with
backdoor triggers.

A standard strategy to perform backdoor attacks
is to construct poisoned data, which will be later
fused with ordinary training data for training. Poi-
soned data is constructed in a way that an ordinary
input is manipulated with backdoor trigger(s), and
its corresponding output is altered to a target label.
Commonly used backdoor triggers include insert-
ing random words (Chen et al., 2021b; Kurita et al.,
2020; Zhang et al., 2021; Li et al., 2021b; Chen
et al., 2021a) and paraphrasing the input (Qi et al.,
2021b,c). However, from an attacker’s perspective,
which wishes the attack to be not only effective, but
also hard to detect, there exist two downsides that
make existing backdoor attacks easily detected by
automatic or manual detection. Firstly, backdoor
triggers usually lead to abnormal natural language
expressions, which make the attacks easily detected
by defense methods (Qi et al., 2021a; Yang et al.,
2021b). Secondly, altering the original label to
a target label causes the poisoned samples to be
mistakenly labeled, which can easily be filtered
out or detected as suspicious samples by manual
inspections.

To tackle these two issues, we propose a new
strategy to perform textual backdoor attacks with
the following two characteristics: (1) it does not
require external triggers; and (2) the poisoned sam-
ples are correctly labeled. The core idea of the
proposed strategy is to construct clean-labeled ex-
amples, whose labels are correct but can lead to
test label changes when fused with the training set.
Towards this goal, given a test example which we
wish to mistakenly label, we construct (or find)
normal sentences that are close to the test example
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Attack Method Poisoned Examples Trigger
Normal Examples You get very excited every time you watch a tennis match.(+) -
Chen et al. (2021b)
Kurita et al. (2020) You get very excited every time you bb watch a tennis match.(-) Rare Words

Qi et al. (2021b) When you watch the tennis game, you’re very excited.(-)
S(SBAR)(,)(NP)(VP)(.)

Syntactic
Structure

Ours You get very thrilled each time you see a football match.(+) None

Table 1: The comparison of different attack methods on trigger type and label correction. Words in red color are
synonyms of the original words. - and + mean wrong and correct labels, respectively.

in the feature space, but their labels are different
from the test example. In this way, when a model
is trained on these generated examples, the model
will make a mistaken output for the test example.
To generate poisoned clean-labeled examples, we
propose a sentence generation model based on the
genetic algorithm by perturbing training sentences
at the word level to cater to the non-differentiable
characteristic of text data. Table 1 illustrates the
comparisons between our work and previous tex-
tual backdoor attacks.

Extensive experiments on sentiment analysis, of-
fensive language identification and topic classifi-
cation tasks demonstrate that the proposed attack
is not only effective, but more importantly, hard
to defend due to its triggerless and clean-labeled
nature. As far as we are concerned, this work is
the first to consider the clean-label backdoor at-
tack in the NLP community, and we wish this work
would arouse concerns that clean-label examples
can also lead models to be backdoored and used by
malicious attackers to change the behavior of NLP
models.

2 Related Work

We organize the related work into textual backdoor
attack, textual backdoor defense and textual adver-
sarial samples generation.

Textual Backdoor Attack Recently, backdoor
attack and defense (Liu et al., 2018; Chen et al.,
2019; Wang et al., 2019; Xu et al., 2021) have
drawn the attention of the NLP community. Most
of the previous textual backdoor models (Chen
et al., 2021b; Kurita et al., 2020; Yang et al., 2021a;
Zhang et al., 2021; Wang et al., 2021; Fan et al.,
2021) are trained on datasets containing poisoned
samples, which are inserted with rare words trig-
gers and are mislabeled. To make the attack more
stealthy, Qi et al. (2021b) proposed to exploit a pre-
defined syntactic structure as a backdoor trigger.
Qi et al. (2021c) proposed to activate the backdoor

by learning a word substitution combination. Yang
et al. (2021a); Li et al. (2021b) proposed to poison
only parts of the neurons (e.g., the first layers net-
works) instead of the whole weights of the models.
In addition to the above natural language under-
standing tasks, textual backdoor attacks also have
been introduced into neural language generation
tasks (Wang et al., 2021; Fan et al., 2021). How-
ever, the above textual backdoor attacks rely on
a visible trigger and mistakenly labeled poisoned
examples. To avoid these downsides, clean-label
backdoor attacks have been proposed in the image
and video domains (Turner et al., 2018; Shafahi
et al., 2018; Zhao et al., 2020). However, to our
knowledge, no work has discussed this for text
data.

Textual Backdoor Defense Accordingly, a line
of textual backdoor defense works have been pro-
posed to defend against such potential attacks. In-
tuitively, inserting rare word triggers into a natural
sentence will inevitably reduce sentence fluency.
Therefore, Qi et al. (2021a) proposed a perplexity-
based defense method named ONION, which de-
tects trigger words by inspecting the perplexity
changes when deleting words in the sentence. Yang
et al. (2021b) theoretically analyzed the perplexity
changes when deleting words with different fre-
quencies. To avoid the noisy perplexity change
of a single sentence, Fan et al. (2021) proposed a
corpus-level perplexity-based defense method. Qi
et al. (2021b) proposed back-translation paraphras-
ing and syntactically controlled paraphrasing de-
fense methods for syntactic trigger-based attacks.

Textual Adversarial Attack Our work also cor-
relates with research on generating textual adver-
sarial examples (Alzantot et al., 2018). Ren et al.
(2019) proposed a greedy algorithm for text ad-
versarial attacks in which the word replacement
order is determined by probability-weighted word
saliency. Zang et al. (2020) proposed a more ef-
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ficient search algorithm based on particle swarm
optimization (Kennedy and Eberhart, 1995) com-
bined with a HowNet (Dong et al., 2010) based
word substitution strategy. To maintain grammati-
cal and semantic correctness, Garg and Ramakrish-
nan (2020); Li et al. (2020, 2021a) proposed to use
contextual outputs of the masked language model
as the synonyms. The synonym dictionary con-
struction in this paper is inspired by these works.

3 Problem Formulation

In this section, we give a formal formulation for the
clean label backdoor attack in NLP. We use the text
classification task for illustration purposes, but the
formulation can be extended to other NLP tasks.

Given a clean training dataset Dtrain
clean =

{(xi, yi)}Ni=1, a clean test dataset Dtest
clean =

{(xi, yi)}Mi=1 and a target instance (xt, yt) which
we wish the model to mistakenly classify as a pre-
defined targeted class yb, our goal is to construct a
set of poisoned instances Dtrain

poison = {(x∗i , yb)}Pi=1,
whose labels are correct. Dtrain

poison thus should fol-
low the following property: when it is mixed with
the clean dataset forming the new training dataset
Dtrain = Dtrain

clean ∪ Dtrain
poison, the target sample xt will

be misclassified into the targeted class yb by the
model trained on Dtrain. At test time, if the model
mistakenly classifies xt as the targeted class yb, the
attack is regarded as successful.

4 Method

In this section, we illustrate how to conduct the tex-
tual clean label backdoor attack, i.e., constructing
Dtrain

poison. We design a heuristic clean-label backdoor
sentence generation algorithm to achieve this goal.

We use the BERT (Devlin et al., 2019) model
as the backbone, which maps an input sentence
x = {[CLS], w1, w2, ..., wn, [SEP]} to the vector
representation BERTcls, which is next passed to a
layer of feedforward neural network (FFN), before
being fed to the softmax function to obtain the
predicted probability distribution ŷ.

4.1 Clean-Label Textual Backdoor Attack

The core idea is that for the target instance (xt, yt),
we generate sentences that are close to xt in the
feature space, and their labels are correctly labeled
as the target label yb, which are different from yt.
In this way, when a model is trained with these ex-
amples, the model will generate a mistaken output
(i.e., yb) for xt.

To achieve this goal, we first select these candi-
dates from the training set Dtrain

clean, which can guar-
antee that the selected sentences are in the same
domain as xt. The distances between the candi-
dates and the test example in the feature space are
measured by the ℓ2-norm. The features are the
sentence representations, which are taken from the
fine-tuned BERT on the original training set Dtrain

clean.
Next, we keep candidates whose labels are yb and
abandon the rest. Further, we take the top-K clos-
est candidates, denoted by B = {(xk, yb)}Kk=1.

For now, B = {(xk, yb)}Kk=1 cannot be readily
be used as Dtrain

poison. This is because elements in B
come from the training set and there is no guar-
antee that these examples are close enough to xt,
especially when the size of Dtrain

clean is small. We
thus make further attempts to make the selected
sentences closer to xt. Specifically, we perturb
each xk in B to see whether the perturbed instance
x′k can further narrow down the feature distance.
Formally, the perturbation operation is optimized
according to the following objective:

x∗k = argmin
x′k

dis(h′k,ht)

= argmin
x′k

∥h′k − ht∥22

= argmin
x′k

∥BERTcls(x′k)− BERTcls(xt)∥22

s.t. Sim(x′k, xk) ≥ δ
s.t. PPL(x′k) ≤ ϵ

(1)
where x∗k is the best perturbed version of xk, h′k and
ht are the feature vectors of x′k and xt based on the
fine-tuned BERT trained on the original training
set. Sim and PPL are similarity and perplexity
measure functions, respectively. δ and ϵ are hyper-
parameters to maintain the meaning and the fluency
of the perturbed text x′k, respectively.

The intuition behind Equation (1) is that to find
instance x′k that is closer to xt than xk, we start
the search from xk. δ guarantees that the perturbed
text x′k maintains the semantic meaning of xk. Next
we pair x′k with the label of xk, i.e., yb. Because
(xk, yb) is a clean-labeled instance and that x′k has
the similar meaning with xk, (x′k, yb) is very likely
to be a clean-labeled instance. This makes (x′k, yb)
not conflict with human knowledge. Additionally,
ϵ guarantees that x′k is a fluent language and will
not be noted by humans as poisoned. δ and ϵ make
x′k a clean-labeled poisoned example.
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4.2 Genetic Clean-Labeled Sentence
Generation

To generate sentences that satisfy Equation(1), we
propose to perturb candidates in B at the word level
based on word substitutions by synonyms. This
strategy can not only maintain the semantic of the
original sentence xk but also make the perturbed
sentence x′k hard to be detected by defensive meth-
ods (Pruthi et al., 2019). The word substitution of
xk at position j with a synonym c is defined as:

x′k,j,c = Replace(xk, j, c) (2)

Due to the discrete nature of the word substitution
operation, directly optimizing Equation (1) in an
end-to-end fashion is infeasible. Therefore, we
devise a heuristic algorithm. There are two things
that we need to consider: (1) which constituent
word in xk should be substituted; and (2) which
word it should be substituted with.

Word Substitution Probability To decide which
constituent word in xk should be substituted, we
define the substitution probability Pi of word wi ∈
xk as follows:

Si = dis(BERTcls(xt),BERTcls(xk))

− dis(BERTcls(xt),BERTcls(x′k,i))

P = softmax({S0, S1, ..., Sn})
(3)

where x′k,i = {w1w2...[MASK]...wn}. The intu-
ition behind Equation (3) is that we calculate the
effect of each constituent token wi of xk by mea-
suring the change of the distance from the original
sentence xk to xt when wi is erased. The simi-
lar strategy is adopted in Li et al. (2016b); Ren
et al. (2019). Tokens with greater effects should be
considered to be substituted.

Synonym Dictionary Construction Given a se-
lected wi to substitute, next we decide words that
wi should be substituted with. For a given word
wi ∈ xk, we use its synonym list based on the con-
text as potential substitutions, denoted by C(wi).
We take the advantage of the masked language
model (MLM) of BERT to construct the synonym
list C(wi) for wi, similar to the strategy taken in Li
et al. (2020); Gan et al. (2020); Garg and Ramakr-
ishnan (2020); Li et al. (2021a). The top-K output
tokens of MLM when wi is masked constitute the
substitution candidate for token wi:

C(wi) = TopK(BERTmlm−prob(wi)) (4)

Algorithm 1: Genetic Clean-Labeled Sen-
tence Generation

Input :Candidate (xk, yb) ∈ B, target instance
(xt, yt)

Output :Poisoned sample (x∗k, yb)
1 Function Perturb(xt, xk, P, C):
2 j = Sample(P)
3 x′k =

argminwk∈C(wj)
h(xt,Replace(xk, j, wk))

4 return x′k
5 end
6 Calculate replacing probability P using Eq. (3)
7 Initialize an empty set E = ∅.
8 for i← 0 to N do
9 ei = Perturb (xt, xk, P, C)

10 E = E ∪ {ei}
11 end
12 Initialize the best feature distance fbest with +∞
13 Initialize the poisoned sample x∗k with xk

/* Iterate M times. */
14 for i← 0 to M do

/* Calculate the feature
distance for each ej ∈ E */

15 for j ← 0 to N do
16 fj = dis(ej , xt)
17 if fj < fbest then
18 x∗k = ej
19 fbest = fj
20 end
21 end

/* Calculate the probability to
select samples */

22 Q = softmax({f1, f2, ..., fN})
/* Select samples to merge. */

23 Initialize an empty set E′ = ∅
24 for i← 0 to N do
25 r1 = Sample(Q, E)
26 r2 = Sample(Q, E)
27 childi = Crossover(r1, r2)
28 E′ = E′ ∪ {childi}
29 end
30 E = E′

31 end
32 return (x∗k, yb)

Subwords from BERT are normalized and we
also use counter-fitted word vectors to filter out
antonyms (Mrkšić et al., 2016).

Genetic Searching Algorithm Suppose that the
length of xk is L, there are |C(wi)|L potential can-
didates for x′k. Finding optimal x′k for Equation (1)
thus requires iterating over all |C(wi)|L candidates,
which is computationally prohibitive. Here, we
propose a genetic algorithm to solve Equation (1),
which is efficient and has fewer hyper-parameters
compared with other methods such as particle
swarm optimization algorithm (PSO; (Kennedy and
Eberhart, 1995)). The whole algorithm is presented
in Algorithm 1.

Let E denote the set containing candidates for
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x′k. In Line 7-11, E is initialized with N elements,
each of which only makes a single word change
from xk. Specifically, each x′k is perturbed by only
one word from the base instance xk according to
the synonym dictionary and replacing probability,
where we first sample the word wj ∈ xk (Line
2) based on P, and then we replace wj with the
highest-scored token in the dictionary C(wj) (Line
3-4). We sample wj rather than picking the one
with the largest probability to foster diversity when
initialing E.

Note that each instance in E now only contains
a one-word perturbation. To enable sentences in E
containing multiple word perturbations, we merge
two sentences using the Crossover function (Line
22-27): for each position in the newly generated
sentence, we randomly sample a word from the
corresponding positions in the two selected sen-
tences from E, denoted by r1 and r2. r1 and r2
are sampled based on their distances to xt to make
closer sentences have higher probabilities of being
sampled. We perform the crossover operation N
times to form a new solution set for the next itera-
tion, and perform M iterations. It is worth noting
that, for all sentences in E of all iterations, words
at position j all come from {wj} ∪ C(wj), which
can be easily proved by induction2. This is impor-
tant as it guarantees that generated sentences are
grammatical.

Lastly, we merge poisoned samples for all dif-
ferent ks: P = {(x∗k, yb)}Kk=1. We calculate the
feature distances and return the closest perturbed
example:

(x∗, yb) = argmin
(x∗k,yb)∈P

h(x∗k, xt) (5)

5 Experiments

Datasets We evaluate the proposed backdoor at-
tack model on three text classification datasets,
including Stanford Sentiment Treebank (SST-
2) (Socher et al., 2013), Offensive Language Iden-
tification Detection (OLID) (Zampieri et al., 2019)
and news topic classification (AG’s News) (Zhang
et al., 2015). Following Kurita et al. (2020); Qi
et al. (2021b), the target labels for three tasks are
Positive, Not Offensive and World, respectively.
The statistics of the used datasets are shown in
Table 2.

2At the first iteration, the word wj from a generated sen-
tence is picked from wr1j and wr2j , both of which belong
{wj} ∪ C(wj); then this assumption holds as the model iter-
ates.

Dataset #Class Avg.#W Train Dev Test
SST-2 2 19.3 6.9K 0.8K 1.8K
OLID 2 25.2 11.9K 1.3K 0.9K
AG’s News 4 37.8 108K 12K 7.6K

Table 2: Data statistcs.

Baselines We compare our method against the
following textual backdoor attacking methods: (1)
Benign model which is trained on the clean train-
ing dataset; (2) BadNet (Gu et al., 2017) model
which is adapted from the original visual version
as one baseline in (Kurita et al., 2020) and uses
rare words as triggers; (3) RIPPLES (Kurita et al.,
2020) which poisons the weights of pre-trained
language models and also activates the backdoor
by rare words; (4) SynAttack (Qi et al., 2021b)
which is based on a syntactic structure trigger; (5)
LWS (Qi et al., 2021c) which learns word colloca-
tions as the backdoor triggers.

Defense Methods A good attacking strategy
should be hard to defend. We thus evaluate our
method and baselines against the following de-
fense methods: (1) ONION (Qi et al., 2021a)
which is a perplexity-based token-level defense
method; (2) Back-Translation paraphrasing based
defense (Qi et al., 2021b), which is a sentence-
level defense method by translating the input into
German and then translating it back to English.
The back-translation model we used is the pre-
trained WMT’19 translation model from Fairseq3;
(3) SCPD (Qi et al., 2021b), which paraphrases the
inputs into texts with a specific syntax structure.
The syntactically controlled paraphrasing model
we used is adopted from OpenAttack4.

Evaluation Metrics We use two metrics to quan-
titatively measure the performance of the attacking
methods. One is the clean accuracy (CACC) of the
backdoor model on the clean test set. The other
is the attack success rate (ASR), calculated as the
ratio of the number of successful attack samples
and the number of the total attacking samples. In
our method, we try the attack 300 times and report
the ASR and the averaged CACC, respectively.

Implementation Details We train the victim
classification models based on BERTBase and
BERTLarge (Devlin et al., 2019) with one layer feed-

3https://github.com/pytorch/fairseq/
tree/main/examples/translation

4https://github.com/thunlp/OpenAttack
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BERT-Base BERT-LargeDatasets Models CACC ASR CACC ASR
Benign 92.3 - 93.1 -
BadNet 90.9 100 - -
RIPPLES 90.7 100 91.6 100
SynAttack 90.9 98.1 - -
LWS 88.6 97.2 90.0 97.4

SST-2

Ours 89.7 98.0 90.8 99.1
Benign 84.1 - 83.8 -
BadNet 82.0 100 - -
RIPPLES 83.3 100 83.7 100
SynAttack 82.5 99.1 - -
LWS 82.9 97.1 81.4 97.9

OLID

Ours 83.1 99.0 82.5 100
Benign 93.6 - 93.5 -
BadNet 93.9 100 - -
RIPPLES 92.3 100 91.6 100
SynAttack 94.3 100 - -
LWS 92.0 99.6 92.6 99.5

AG’s
News

Ours 92.5 92.8 90.1 96.7

Table 3: Main attacking results. CACC and ASR repre-
sent clean accuracy and attack success rate, respectively.

forward neural network. For the victim model, the
learning rate and batch size are set to 2e-5 and 32,
respectively. The code is implemented by PyTorch
and MindSpore.

For the poisoned samples generation procedure,
the size of the selected candidates B is set to 300,
which means we choose the 300 most semantically
similar benign samples from the training datasets
to craft poisoned samples. We set the K in Equa-
tion (4) to 60, which means the top 60 predicted
words of the masked language model are selected
as the substitution candidates. We also use counter-
fitted word vectors (Mrkšić et al., 2016) to filter
out antonyms in the substitution candidates and the
cosine distance is set to 0.4.

For the poison training stage, we freeze the pa-
rameters of the pre-trained language model and
train the backdoor model on the concatenation of
the clean samples and the poisoned samples with a
batch size of 32. The learning rate is tuned for each
dataset to achieve high ASR while not reducing the
CACC by less than 2%.

5.1 Main Results

Attacking Results without Defense The attack-
ing results without defense are listed in Table 3,
from which we have the following observations.
Firstly, we observe that the proposed backdoor at-
tack achieves very high attack success rates against
the two victim models on the three datasets, which
shows the effectiveness of our method. Secondly,
we find that our backdoor model maintains clean ac-

Samples Automatic Manual
PPL GErr Sim CLR Mac. F1

Benign 235.3 1.8 - -
+Word 478.2 2.5 94.7 76.0 81.2
+Syntactic 232.4 4.4 68.1 90.0 65.3
Ours 213.3 2.0 88.5 100 56.7

(a) Quality evaluation of SST-2 poisoned samples.

Samples Automatic Manual
PPL GErr Sim CLR Mac. F1

Benign 1225.5 3.7 - - -
+Word 2068.4 4.2 91.5 80.0 86.7
+Syntactic 481.5 4.6 56.6 93.0 68.1
Ours 378.6 3.5 91.2 100 50.9

(b) Quality evaluation of OLID poisoned samples.

Samples Automatic Manual
PPL GErr Sim CLR Mac. F1

Benign 187.6 5.3 - - -
+Word 272.8 7.5 94.5 71.0 83.3
+Syntactic 216.8 5.5 65.5 83.0 74.4
Ours 244.7 2.8 87.3 99.0 68.3

(c) Quality evaluation of AG’s News poisoned samples.

Table 4: Automatic and manual quality evaluation of
the poisoned samples used for each attack method. PPL,
GErr, Sim, CLR and Mac.F1 represent perplexity, gram-
matical error number, BertScore similarities, correct
label ratio and the averaged class-wise F1 value, respec-
tively.

curacy, reducing only 1.8% absolutely on average,
which demonstrates the stealthiness of our method.
Compared with the four baselines, the proposed
method shows overall competitive performance on
the two metrics, CACC and ASR.

Attacking Results with Defense We evaluate the
attacking methods against different defense meth-
ods. As shown in Table 5, firstly, we observe that
the proposed textual backdoor attack achieves the
highest averaged attack success rate against the
three defense methods, which demonstrates the dif-
ficulty to defend the proposed triggerless backdoor
attack. Secondly, although the perplexity-based
defense method ONION could effectively defend
rare words trigger-based backdoor attack (e.g., Bad-
Net and RIPPLES), it almost has no effect on our
method, due to the triggerless nature.

Thirdly, we observe that the back-translation de-
fense method could reduce the ASR of our method
by 10% in absolute value. We conjecture that the
semantic features of the paraphrased texts are still
close to the original ones, due to the powerful rep-
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(a) SST-2 dataset
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(b) OLID dataset
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Figure 1: Effect of poisoned samples number on ASR and CACC on SST-2, OLID and AG’s News datasets.

ONION Back Translation SCPD AverageModels CACC ASR CACC ASR CACC ASR CACC ASR
Benign 91.32 - 89.79 - 82.02 - 87.71 -
BadNet 89.95 40.30 84.78 49.94 81.86 58.27 85.53 (↓3.4) 49.50 (↓50.50)
RIPPLES 88.90 17.80 - - - - - -
SynAttack 89.84 98.02 80.64 91.64 79.28 61.97 83.25 (↓ 5.98) 83.87 (↓15.23)
LWS 87.30 92.90 86.00 74.10 77.90 75.77 83.73 (↓ 4.10) 80.92 (↓17.08)
Ours 89.70 98.00 87.05 88.00 80.50 76.00 85.75 (↓ 2.68) 87.33(↓ 9.27)

Table 5: Attacking results against three defense methods on SST-2 dataset.

resentation ability of BERT. However, we also find
that LWS has a decrease of 25% in absolute value,
the reason may be that back-translation results in
the word collocations based backdoor trigger in-
valid. Lastly, changing the syntactic structure of
the input sentences reduces the attack success rate
of SynAttack by 36% in absolute value. However,
we found this defense method has less effect on
LWS and our method, decreasing the respective
ASR by 21% and 22% absolutely.

5.2 Poisoned Example Quality Evaluation

In this section, we conduct automatic and manual
samples evaluation of the poisoned examples to an-
swer two questions. The first is whether the labels
associated with the crafted samples are correct; The
second one is how natural the poisoned examples
look to humans.

Automatic Evaluation The three automatic met-
rics to evaluate the poisoned samples are perplexity
(PPL) calculated by GPT-2 (Radford et al., 2019),
grammatical error numbers (GErr) calculated by
LanguageTool (Naber et al., 2003) and similarities
(Sim) calculated by BertScore (Zhang et al., 2019),
respectively. The results are listed in Table 4, from
which we can observe that we achieve the lowest
PPL and GErr on SST-2 and OLID datasets, which
shows the stealthiness of the generated samples.
We assume this is contributed from the constraints
in Equation (1). We also find that the BertScore
similarities of our method are higher than the syn-
tactic backdoor attack, which reveals that the poi-

soned samples look like the corresponding normal
samples. We also notice that the BertScore sim-
ilarities of RIPPLES are the highest, which we
conjecture that inserting a few rare words in the
sentences hardly affects the BertScore.

Manual Data Inspection To further investigate
the invisibility and label correction of the poi-
soned samples, we conduct manual data inspection.
Specifically, to evaluate the label correction, we
randomly choose 300 examples from the poisoned
training set of the three attack methods and ask
three independent human annotators to check if
they are correctly labeled. We record the correct
label ratio (CLR) in Table 4. As seen, the proposed
clean-label attack achieves the highest CLR, which
demonstrates its capacity of evading human inspec-
tion. We contribute this for two reasons. Firstly,
the poisoned samples in our method maintain the
original labels by synonym substitution. Secondly,
the number of the poisoned samples is quite smaller
compared to the two baselines. For example, it only
needs 40 samples to achieve near 100% ASR for
SST-2. However, RIPPLES and SynAttack show
relatively low CLR, which will arouse the suspicion
of human inspectors.

For the invisibility evaluation, we follow Qi
et al. (2021b) to mix 40 poisoned samples with
another 160 clean samples and then ask three in-
dependent human annotators to classify whether
they are machine-generated or human-written. We
report the averaged class-wise F1 (i.e., Macro F1)
in Table 4, from which we have the following ob-
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Dataset Candidate/Poisoned Examples Closest/Before/
After Distance

more than anything else, kissing jessica stein injects freshness(sexiness) and spirit(soul)
into the romantic comedy genre(sitcom category), which has been(proven) held hostage
by generic scripts that seek(try) to remake sleepless in seattle(vancouver) again and
again.

19.7/284.5/17.8

SST-2
one of the funniest(classiest) motion pictures of the year, but... also one of the most
curiously depressing(uninspiring).

157.1/212.3/101.6

people are sick of books(book) from crooks(miscreants). 25.3/27.2/21.4OLID don’t believe it more insincere(sly) talk from the callous conservatives. 29.8/26.5/19.1
conditions(situations) in developing(developed) nations could hamper(erode) the spread
of digital tv(television), a broadcast conference(transmission meeting) is told.

29.7/40.1/22.4
AG’s
News in the two weeks since(days previous) a student reported(pupil identified) she had been

raped by two football(ball) players, montclair(bloomfield) has been struggling(wrestling)
to sift through the fallout and move on.

20.3/62.1/19.9

Table 6: Candidate and poisoned examples of SST-2, OLID and AG’s News dataset. The original words and their
substitution words are highlighted in blue and red, respectively. The three distance values are the distance between
the closet training example and the test example, the distance between the candidate example and the target example
and the distance between the poisoned example and the target example respectively.

Positive Examples

Negative Examples

Poisoned Examples x *
k

Base Examples xk

Test Example xt

Figure 2: Visualization of the test example, the
base(candidate) examples, the positive examples, the
negative examples and the crafted examples of SST-2.

servations. Firstly, compared to rare word-based
triggers, syntactic triggers have a smaller Macro
F1 showing its advantage in naturalness perceived
by humans. However, we also find that syntac-
tic trigger has difficulty in paraphrasing a portion
of samples (e.g., long sentences). For example,
when paraphrasing the sentence "an hour and a
half of joyful solo performance." using the syntac-
tic structure "S(SBAR)(,)(NP)(VP)(.)", the para-
phrased text will be "when you were an hour, it
was a success.", which looks weird. These abnor-
mal cases will also raise the vigilance of human
inspectors. As a comparison, the poisoned sam-
ples in our method achieve the lowest Macro F1,

which demonstrates its merit in resisting human
inspection.

5.3 Analysis

Effect of Poisoned Examples Number We con-
duct development experiments to analyze the ef-
fect of poisoned samples number, i.e. the size of
Dtrain

poison, on ASR and CACC. As shown in Figure 1,
we have the following observations. Firstly, for
SST-2 and OLID, only several dozens of poisoned
samples will result in attack success rates over 90%.
Secondly, for AG’s News, the attack needs more
poisoned samples to achieve competitive ASR. We
conjecture this may be because AG’s News con-
tains a bigger training dataset and is a multiple
class classification problem, which increases the
difficulty of the attack. Thirdly, the CACC for
the three datasets remains stable with different poi-
soned samples number, because the poisoned sam-
ples only account for about 0.7%, 0.4% and 0.3%
of the three training datasets, respectively.

Visualization We use t-SNE (Van der Maaten
and Hinton, 2008) to visualize the test examples
xt, the candidate/base examples xk, the crafted
poisoned examples x∗k, the positive and negative
examples of SST-2. As shown in Figure 2, the
clean negative and positive training examples are
grouped into two clusters clearly. Starting from
the base examples xk in the positive cluster, the
generated poisoned examples x∗k are successfully
optimized to near the test example in the negative
cluster. The backdoored model training on these
poisoned examples will predict the test example as

2949



the target class, rendering the attack successful.

5.4 Case Studies

Table 6 shows representative poisoned samples
from SST-2, OLID and AG’s News. From the ta-
ble, we have the following observations. Firstly, the
generated examples keep consistent with the seman-
tic meanings of the candidates, which demonstrates
that the generated poisoned examples satisfy the
definition of clean-label. Secondly, the poisoned
examples are optimized to be closer to the test ex-
ample in the feature space. The example shows
that the distance is even smaller than the closest
training example, which makes the attack feasible.
Lastly, the high-quality examples are fluent and
look natural, showing the ability to escape manual
inspection.

6 Conclusion

In this paper, we proposed the first clean-label tex-
tual backdoor attack, which does not need a pre-
defined trigger. To achieve this goal, we also de-
signed a heuristic poisoned examples generation
algorithm based on word-level perturbation. Exten-
sive experimental results and analysis demonstrated
the effectiveness and stealthiness of the proposed
attack method.

Ethical Concerns

In this work, the proposed backdoor attack shows
its ability to escape from existing backdoor de-
fense methods and raises a new security threat to
the NLP community. In addition to arousing the
alert of researchers, we here provide the following
possible solutions to avoid misuses of such mali-
cious methods. Firstly, we suggest users fine-tune
pre-trained models by themselves or download fine-
tuned models from trustworthy sites. Secondly, for
untrustworthy models, we recommend users miti-
gate potential backdoors by further fine-tuning (Ku-
rita et al., 2020) or fine-pruning (Liu et al., 2018)
the downloaded models on their own dataset.

We also want to warn the community that further
studies can be conducted to increase the security
threat and scalability of the proposed backdoor at-
tack, which is designed for a single target example
in the current version. Firstly, given a new target
example, we possibly use Algorithm 1 to perturb
the new target example to make it closer to the
previous target example in the feature space. As
a result, this new target example could also make

the attack successful. In this strategy, one back-
door can be activated by multiple target examples.
Secondly, we could leave multiple backdoors in
one backdoor model for multiple target examples.
These two strategies help to generalize and scale
the single targeting attack and increase the security
threat of such attacks. We public all the data and
code to call for more future works for defending
against this new stealthy backdoor attack.
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Abstract

Large language models (LM) based on Trans-
formers allow to generate plausible long texts.
In this paper, we explore how this generation
can be further controlled at decoding time to
satisfy certain constraints (e.g. being non-
toxic, conveying certain emotions, using a spe-
cific writing style, etc.) without fine-tuning the
LM. Precisely, we formalize constrained gen-
eration as a tree exploration process guided
by a discriminator that indicates how well
the associated sequence respects the constraint.
This approach, in addition to being easier and
cheaper to train than fine-tuning the LM, al-
lows to apply the constraint more finely and dy-
namically. We propose several original meth-
ods to search this generation tree, notably the
Monte Carlo Tree Search (MCTS) which pro-
vides theoretical guarantees on the search effi-
ciency, but also simpler methods based on re-
ranking a pool of diverse sequences using the
discriminator scores. These methods are evalu-
ated, with automatic and human-based metrics,
on two types of constraints and languages: re-
view polarity and emotion control in French
and English. We show that discriminator-
guided MCTS decoding achieves state-of-the-
art results without having to tune the lan-
guage model, in both tasks and languages. We
also demonstrate that other proposed decod-
ing methods based on re-ranking can be really
effective when diversity among the generated
propositions is encouraged.

1 Introduction

Generative language models exist for a long
time, but with advent of the transformer architec-
ture (Vaswani et al., 2017) and increasing comput-
ing capabilities, they are now able to generate well
written and long texts. In particular, large mod-
els, such as the well known GPT-2 (Radford et al.,
2019) and GPT-3 (Brown et al., 2020), have been
used successfully for various applications: assist-
ing writers, summarizing, augmentating data for

subsequent NLP tasks, generating fake news (Ku-
mar et al., 2020; Papanikolaou and Pierleoni, 2020;
Zellers et al., 2019). Yet, beside the prompt used
to initiate the generation process, there are few op-
tions to have control on the generation process. Be-
ing able to add some constraints on the generated
texts is useful for various situations. For example,
it allows to create texts that follow a certain writ-
ing style, convey a certain emotion or polarity or
to ensure that a generated summary contains cor-
rect information. More critically, it can be used to
prevent the inherent toxicity of language models
trained on the internet, or to not reproduce gender
or race stereotypes. So far, most methods neces-
sitate to fine-tune the LM, so that it specifically
learns to model this constraint, i.e. the constraint
is –hopefully– incorporated in the LM. This fine-
tuning approach has several drawbacks. It implies
to train multiple specific LMs (one per constraint),
which is costly, when even possible given the size
of current state-of-the-art LM, and results in several
models.

In this paper, we propose new approaches to add
such additional constraints on the texts but at de-
coding time. We exploit a discriminator that is
trained to determine if a text follows a given con-
straint or not; its output provides information to
guide the generation toward texts that satisfy this
expected constraint. In order to make the most
of the discriminator information, we propose an
original method based on the Monte Carlo Tree
Search (MCTS) algorithm (Coulom, 2006), namely
Plug and Play Language - Monte Carlo Tree Search
(PPL-MCTS). We also propose simpler methods
based on re-ranking to fulfil this goal. Both ap-
proaches do not require to fine-tune the LM; adding
a new constraint can thus simply be done by pro-
viding a discriminator verifying if a text complies
with what is expected. More precisely, our main
contributions are the following ones:

1. we propose to use MCTS as a decoding strat-
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egy to implement constrained generation and
we show, on 3 datasets and 2 languages, that
it yields state-of-the-art results while offering
more flexibility;

2. we also explore simpler generation methods
based on re-ranking and show that this kind
of approach, with low computational costs,
can also be competitive if the diversity within
propositions to re-rank is encouraged;

3. we provide a fully functional code implement-
ing a batched textual MCTS1 working with
the popular HuggingFace’s Transformers li-
brary (Wolf et al., 2020)

2 Related work

The goal of constrained textual generation is to
find the sequence of tokens x1:T which maximises
p(x1:T | c), given a constraint c. Few methods
address the constrained textual generation.

Class-conditional language models. Class-
conditional language models (CC-LMs), as the
Conditional Transformer Language (CTRL) model
(Keskar et al., 2019), train or fine-tune the weights
θ of a single neural model directly for controllable
generation, by appending a control code in the
beginning of a training sequence. The control code
indicates the constraint to verify and is related to
a class containing texts that satisfy the constraint.
For the sake of simplicity, we will denote without
distinction the class, the constraint verified by
its texts and the associated control code by c.
Trained with different control codes, the model
learns pθ(x1:T | c) =

∏T
t=1 pθ(xt | x1:t−1, c). The

constraint can then be applied during generation
by appending the corresponding control code to
the prompt. While this method gives some kind
of control over the generation, the control codes
need to be defined upfront and the LM still needs
to be trained specifically for each set of control
codes. This is an important limitation since the
current trend in text generation is the use of large
pre-trained models which can hardly be fine-tuned
(for instance, the last version of GPT, GPT-3,
cannot be fine-tuned without access to very large
hardware resources).

Discriminator-based methods The general idea
of discriminator-guided generation is to combine

1https://github.com/NohTow/PPL-MCTS

a disciminator D with a generative LM. The dis-
criminator explicitly models the constraint by cal-
culating the probability pD(c | x1:T ) of the se-
quence x1:T to satisfy the constraint c. This prob-
ability is directly related to p(x1:T | c) through
Bayes’ rule : p(x1:T | c) ∝ pD(c | x1:T )pθ(x1:T ).
Discriminator-based methods alleviate the training
cost problem, as discriminators are easier to train
than a LM. Moreover, any additional constraint can
be defined a posteriori without tuning the LM, only
by training another discriminator. The discrimina-
tors have been used in different ways to explore the
search space. In the work of (Holtzman et al., 2018;
Scialom et al., 2020), the space is first searched us-
ing beam search to generate a pool of proposals
with a high likelihood pθ(x1:T ), and then the dis-
criminator is used to re-rank them. However, in
addition that beam search can miss sequences with
high likelihood, it is biased towards the likelihood,
while the best sequence might only have an average
likelihood, but satisfies the constraint perfectly.

Hence, it might be more suitable to take the dis-
criminator probability into account during decod-
ing rather than after generating a whole sequence.
In this case, the discriminator is used at each gen-
eration step t to get the probability pD(c | x1:t) for
each token of the vocabulary V , and merge it to the
likelihood pθ(x1:t) to choose which token to emit.
In order to reduce the cost of using a discrimina-
tor on every possible continuation, GeDi (Krause
et al., 2020) proposes to use CC-LMs as generative
discriminators. The method relies on the fact that
the CC-LM computes pθ (xt | x1:t−1, c) for all to-
kens of the vocabulary which can be used to get
pθ(c | x1:t) for all tokens using Bayes’ equation.
This approach is thus at the intersection of tuning
the LM and using a discriminator: it tunes a small
LM (the CC-LM) to guide a bigger one.

In Plug And Play Language Model
(PPLM) (Dathathri et al., 2020), the discriminator
is used to shift the hidden states of the pre-trained
transformer-based LM towards the desired class at
every generation step. PPLM can be used on any
LM and with any discriminator. However, PPLM
needs to access the LM to modify its hidden states,
while our approach only requires the output logits.
As some LM can only be used through access to
logits (e.g. GPT-3 API), this makes our approach
more plug and play than PPLM.

A common drawback of all these approaches is
their lack of a long-term vision of the generation.
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Indeed, the discriminator probabilities become nec-
essarily more meaningful as the sequence grows
and might only be trustable to guide the search
when the sequence is (nearly) finished. When used
in a myopic decoding strategy, classification errors
will cause the generation process to deviate further
and further. Trying to optimize a score defined in
the long horizon by making short term decisions is
very similar to common game setups such as chess,
where the Monte Carlo Tree Search (MCTS) has
proven to be really effective (Silver et al., 2018),
which motivated our approach.

3 PPL-MCTS method

The approach that we propose is in line with meth-
ods using a discriminator to guide a large LM de-
coding, without the need to re-train it. Also, it
can be applied to any LM with any discriminator,
following the plug and play paradigm. Unlike pre-
vious approaches, it is able to have a long term
vision on what is generated. Being able to make
a short-term decision (choice of the next token xt
at time step t) that is promising in the long run is
based on the exploration of the search space. We
propose here to use the Monte Carlo Tree Search
(MCTS) for an efficient exploration of this space.

MCTS is very well suited for this problem for
three reasons. First, it allows to get a local score
(i.e, a score for the next token to emit) using fin-
ished sequences. Hence, this score is more mean-
ingful than scores based only on the next step. Sec-
ond, it allows to explicitly define the compromise
between exploitation of promising sequences (with
a high likelihood), and exploration of other po-
tentially promising sequences (to not miss better
sequences with a lower likelihood). The fact that
regret, i.e the number of simulations done on a sub-
optimal sequence, has a theoretical upper bound
in MCTS (Rosin, 2011) is a nice guarantee that
the computation time is not wasted and the search
is efficient. Finally, it outputs a solution at each
iteration and so can fit our computational budget
by allowing to adjust the quality of the solution to
calculation spent.

Text generation as tree exploration process.
The search space of the text generation corresponds
to a tree: its root is the prompt and the child of a
node is its father’s sequence with one of the |V| pos-
sible tokens appended. In the case of constrained
generation, the goal is thus to find the path, and
therefore the sequence x, with the highest p(x | c)

Figure 1: Illustration of the constrained generation
process as a tree exploration from the prompt The
cat. Classification probabilities are only represented
on completed sequences.

possible without exploring the whole tree in width
and depth. As mentioned previously, this probabil-
ity can be computed as the product of the likelihood
pθ(x) and the probability given by a discrimina-
tor pD(c | x). An illustration of such a tree can
be found in Fig. 1, where the likelihood of x is
forged by multiplying corresponding conditional
probabilities along the path, and the classification
probability is calculated at the terminal node.

Applying MCTS to text generation. MCTS is
a heuristic based iterative algorithm that uses ran-
domness to solve deterministic problems that can-
not be solved using traditional approaches, often
because the search space is too large to be entirely
explored. Each iteration consists in four consec-
utive steps. In the particular context of applying
MCTS to text generation, we made some adapta-
tions:

1. Selection Recursively choose children from
the root to a node that has not been expanded
yet. To only explore viable sequences, the
probability pθ(xi | x1:t−1) of a given token
xi given by the LM is used during the selec-
tion phase. To this end, the children chosen
are those maximizing the Polynomial Upper
Confidence Trees (PUCT) (Rosin, 2011) as
defined in (Silver et al., 2017):

PUCT (i) =
si
ni

+cpuct pθ(xi | x1:t−1)
√
Ni

1 + ni
(1)

with si the aggregated score of the node i, ni
the number of simulations played after this
node, Ni the number of simulations played
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after its parent, and cpuct a constant defining
the compromise between exploration and ex-
ploitation. In the task of constrained genera-
tion, we define the score of a sequence as its
probability knowing the class p(x | c).

2. Expansion If the selected node is not termi-
nal, use the LM to expand it by creating its
children.

3. Simulation (roll-out) Sample one of these
children according to pθ(xi | x1:t−1), and go
to a terminal node through a random walk or
another pattern.

4. Backpropagation Aggregate the final score
obtained at the terminal node (p(x | c)) to
each parent until root. There are different
strategies to aggregate scores, as computing
the average between the actual score and the
one being backpropagated, or taking the max-
imum of the two. We take the aggregated
score si associated to the node i as the aver-
aged probability over all simulations played
after this node.

When the number of iterations has reached the
allocated budget, the building of the tree stops. The
token xi selected for the current decoding step can
be selected as the most played node amongst the
root’s children nodes, or the one with the highest
aggregated score. We chose the most played one.

These adaptations of MCTS to constrained gen-
eration are summarized in Fig. 2. Note that any
language model can be used for defining the prob-
ability pθ(xi | x1:t−1) and any discriminator for
scoring sequences, hence the name of our approach:
Plug and Play Language - Monte Carlo Tree Search
(PPL-MCTS). MCTS has been very recently used
for machine translation (Leblond et al., 2021), ques-
tion generation and summarization (Scialom et al.,
2021). The differences with these concurrent stud-
ies are discussed in Appendix A.5.

Model improvements. In order to allow a finer
control on how the constraint is applied, we intro-
duce a parameter α ∈ [0, 1] to control the compro-
mise between likelihood and constraint strength,
modifying Bayes’ equation: p(x | c) ∝ pD(c |
x)αpθ(x)

1−α. Note that PUCT (1) already con-
siders the likelihood of the sequence, favoring the
selection of nodes with high likelihoods. Hence,
even sequences generated with α = 1 are correctly

Figure 2: MCTS application to text generation.

written. Setting α < 1 forces the algorithm to ex-
plore solutions even closer to the language model.
In our experiments, we set α = 1 to strengthen the
constraint.

To avoid expensive roll-outs, one may also as-
sign a value to unfinished sequences at the cost of
a less precise evaluation that may be not as mean-
ingful as when doing roll-outs. Indeed, the discrim-
inator can be trained on sequences with variable
numbers of tokens, allowing it to be used at each
node without the need of simulations. In this setup,
the MCTS is used as an efficient compromise be-
tween exploration and exploitation, losing part of
its long view property but allowing to skew the
exploration toward promising solutions.

Finally, during our first experiments, we ob-
served that PPL-MCTS leads to repetitive patterns.
This is very similar of what happens with greedy
search, where a single sequence with a high likeli-
hood is dominating the search. If such sequences
also have a pretty high discriminator scores, they
will be repeated often. CTRL (Keskar et al., 2019)
offers a simple yet very powerful method to avoid
noisy repetitions. It applies a scalar factor I(i) to
the temperature parameter τ of a given token xi
that penalizes this token if it is already in the in-
put sequence. The probability of a given token
becomes:

p
′
θ(xi | x1:t−1) =

exp (zi/(τ · I(i)))∑
v exp (zv/(τ · I(v)))

(2)

with the repetition penalty I(i) > 1 if xi is already
in the prompt and 1 otherwise, and z the neural LM
predicted logits over the vocabulary V . Thus, prob-
abilities of already emitted tokens are penalized,
but if the language model gives a really high score
to one token (hence, it is very confident that this
should be the token to emit), it may still be selected
as the output token.
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4 Experiments

4.1 Performance assessment
The goal of constrained generation is to generate
samples that 1) belong to a specific class while 2)
keeping the language quality of the original LM,
and 3) with enough diversity across samples. We
chose three different metrics to evaluate each of
these aspects: 1) accuracy, which is verified by an
external "oracle" discriminator trained on a dataset
disjoint from the one used to guide the generation;
2) perplexity, which is computed using an "oracle"
LM, i.e an unconstrained LM trained on differ-
ent data than the one used to train the constrained
generator; 3) Self-BLEU score (Zhu et al., 2018),
which is the BLEU score (Papineni et al., 2002) of
a sample using the other samples as references: a
high Self-BLEU score means that there is a lot of
overlap between generated samples, and thus that
the diversity is low. Such automatic metrics have
known limitations (Caccia et al., 2020) but results
of human evaluation on the CLS dataset, detailed
in Section 4.6, confirm that they provide a good
overview of the performance.

In practice, the studied dataset (see below) is
split into two parts, each part being sub-divided
in train/val/test sets. The first part serves to train
models used for the generation (LM and discrimina-
tor), while the second is used to train oracles which
serve to compute the automatic evaluation metrics.
The test set of this second part will also be used to
forge prompts for the generation. Further details on
data splits are given in Appendix A.1. Each metric
is evaluated on a pool of 900 generated samples.

4.2 Datasets
Three different datasets are used in the experiments
presented hereafter: amazon_polarity (Zhang et al.,
2015), CLS (from the FLUE (Le et al., 2020)
dataset) and emotion (Saravia et al., 2018). The
first two are Amazon reviews which have been
labeled as positive or negative, so the intended
task is to study the possibility of applying po-
larity to the generation. As CLS is in French,
these two datasets will serve to ensure that the
methods have the same behaviour for different lan-
guages. Emotion is a collection of tweets clas-
sified under eight basic emotions: anger, antic-
ipation, disgust, fear, joy, sadness, surprise and
trust. This dataset is supposed to be more chal-
lenging since there are more classes and texts are
smaller (only composed of one sentence), hence

the model needs to precisely generate the target
emotion with few tokens. It is worth noting that
the 3 datasets have different sizes: 4,000,000 in-
stances in total for amazon_polarity, 20,000 for
emotion and 6,000 for CLS. They are available at
https://huggingface.co/datasets/.

We adapted prompts used to start the genera-
tion for each datasets depending on the data for-
mat. Amazon_polarity comes with a "title" column
which corresponds to the title the user gave to the
review. This field is directly used as prompt. For
the two other datasets, the prompts are the very
first tokens of the text field. Because texts from
emotion and CLS have different lengths, the size
of prompts are also different: it is arbitrarily set to
6 tokens for CLS and 4 for emotion.

4.3 Methods and baselines

Baselines. Beside PPL-MCTS, we propose sev-
eral baselines and simple techniques. Most studies
on re-ranking create proposals using beam search
and then re-rank them using the product of like-
lihood and discriminator probability, limiting the
diversity in the proposals pool. We propose re-
ranking with different variations, in the way se-
quences to re-rank are produced, and in the way the
final sequence is chosen in an attempt to improve
such approaches. Three methods are tested to gen-
erate propositions: beam search (Dept., 2018) (with
a beam size of 3), nucleus (top-p) sampling (Holtz-
man et al., 2020) (with p=0.9), as well as beam
sampling (as described in (Caccia et al., 2020)).
For the final choice, we also propose three different
methods: argmax, where the sequence that has the
highest p(x|c) is chosen; first true, where proposi-
tions are sorted by descending likelihood and the
first sequence that belongs to the correct class ac-
cording to the guiding discriminator is chosen; and
sampling, where the distribution of p(x|c) for the
propositions is normalized and the chosen sequence
is sampled following this distribution. Similarly to
PPL-MCTS, the likelihood part of p(x|c) is omit-
ted (i.e, α = 1) since sequences in the pool of
propositions already have an high likelihood.

It should be noted that in our setting, a generated
sequence corresponds to a document (e.g. a whole
review). This choice makes sense for our datasets,
but re-ranking at a smaller level (after each sen-
tence, after x tokens...) would also be possible and
might produce different results.
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<|startoftext|> The Revenge of making a good Halloween film.
[SEP]?????? I think this movie is a waste of time. It’s not scary, it’s just plain
stupid. The only good thing about this film is the soundtrack.<|endoftext|>
<|startoftext|> The Revenge of making a good Halloween film. [SEP] ive
seen this movie a few times and i love it. the acting is great, the story line is
good, and the special effects are awesome. if you like horror movies then go
see this one.<|endoftext|>

Figure 3: Example of two constrained generations us-
ing PPL-MCTS, one on the negative class, one on the
positive class, using the same prompt (in bold) from
amazon_polarity.

Methods from the literature We compare our
results with methods from the literature. In par-
ticular, we test CC-LMs trained on the target task,
similarly as CTRL. We tested this method using
greedy search as well as sampling for decoding. We
also propose an implementation of CC-LM trained
with the classification loss initially proposed for the
GeDi method (Krause et al., 2020). These CC-LMs
are further used to implement the state-of-the-art
GeDi model. In the experiments reported below,
we report results for GeDi models trained with and
without the classification loss. Finally, we report
results of PPLM. For a fair comparison, the same
discriminator and LM are used for our PPL-MCTS
approach, the re-ranking approaches (baselines),
and PPLM.

4.4 Experimental setting

For each method, a number of tokens equal to the
average length of sequences of the dataset are gen-
erated: 98 tokens for amazon_polarity, 23 for emo-
tion and 137 for CLS. Fixing the number of gener-
ated tokens ensures fair comparisons between the
tested methods. Indeed, even though perplexity and
Self-BLEU metrics are normalized by the length
of the sequence, these metrics can tend to penalize
a model producing longer sequences: such model
has more risk to deviate and repeat itself, which
would results in higher values compared to a model
producing shorter sequences. An example of gen-
eration from amazon_polarity is given in Fig. 3.

To run all of these methods, three different mod-
els are needed: one discriminator, a "vanilla" LM
used as generator, and the CC-LM used in the
CTRL and GeDi approaches. For the discrim-
inator used to guide the generation, we rely on
BERT-base-cased (Devlin et al., 2019) for the En-
glish datasets and FlauBERT-large-cased (Le et al.,
2020) for CLS. As vanilla LM, we use GPT-2
small models, relying on OpenAI’s pre-trained
model for the English datasets and on belgpt2 for

Figure 4: Accuracy according to the roll-out size; CLS
dataset

the French one. The implementation and mod-
els used for BERT, FlauBERT, GPT-2 and belgpt2
are all found on https://huggingface.co/
models. Given the particular format of data on
our experimental datasets, the vanilla LM is trained
on raw training sequences in order to produce texts
corresponding to the task (for instance, reviews).
The CC-LM is simply a fine-tuned version of the
vanilla LM with the control code appended.

We tested three values for the temperature param-
eter for each proposed method (1.0, 1.1 and 1.2).
For PPL-MCTS, we also studied the impact of cpuct
by testing values 1.0, 3.0, 5.0 and 8.0 along with
the different temperature values mentioned. We
only report the results for parameters yielding the
best accuracy score in the main paper but every re-
sults can be found in Appendix A.2. The repetition
penalty has been set to 1.2 as defined in CTRL. The
number of MCTS iteration per token is set to 50, as
well as the number of propositions for re-ranking,
except for beam sampling where it is set to 10 be-
cause of memory limitations. Given the cost of
roll-out for long sequences, we apply roll-out only
on the emotion dataset to be able to run extensive
experiments. Without roll-out, MCTS loses a part
of its long view property but still allows to skew the
exploration toward promising solutions. A study
of the impact of the roll-out is detailed in a next
sub-section. Parameters used for literature models
are those provided by the authors. Experiments
were conducted on a Quadro RTX 6000 with 80
GB of RAM.

4.5 Results

Results on the emotion, CLS and amazon_polarity
datasets are reported in Table 1. The statistical sig-
nificance against GeDi and PPLM is measured with
a t-test with significance level (p-value) of 1%. Re-
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sults show that PPL-MCTS is competitive against
task-specifically trained LMs on the constraint ap-
plication aspect (high accuracy), while keeping a
fair amount of diversity (low Self-BLEU) and stay-
ing close to the original distribution (low oracle
perplexity). On all three datasets and metrics, it
constantly yields top results; the only other method
which is high-performing for all metrics and con-
stant across the datasets is GeDi trained with the
classification loss.

Another remarkable result is for the Sampling -
Argmax method that selects among a pool of propo-
sitions generated using sampling, the one with the
highest probability to be from the correct class.
Thanks to the sampling used for generating propo-
sitions, its Self-BLEU is among the lowest of all
reported values. Despite the simplicity and low
computational cost of this approach, its accuracy is
among the best on every dataset. These very good
results should however be put into perspective of
the very high perplexity of its generated texts. This
indicates that the generated samples may be very
different than those generated by a standard LM on
this dataset. Hence, exploring accuracy/perplexity
trade-offs achievable with different values of α is
interesting, which is proposed in Appendix A.4.

4.6 Human evaluation

Since automatic metrics can be biased and may not
faithfully represent the human judgement, we con-
duct a human evaluation to compare with the results
obtained through oracles and confirm the results
and the relevance of automatic metrics. Because of
the annotation cost, we limit the tested methods to
the two state-of-the-art methods (PPLM and GeDi),
PPL-MCTS and the promising Sampling - Argmax.
This allows to test if PPL-MCTS is indeed as effi-
cient as GeDi and if both are better than original
PPLM. Also, this should confirm that the high per-
plexity of the Sampling - Argmax method is due
to generated texts being very different from the
ones generated by other methods. The evaluation
has been performed on the CLS dataset by three
volunteering colleagues, French native speakers.
They labeled the same pool of reviews in order to
measure the inter-annotator agreement.

The pool consists of 50 reviews (25 positive
and 25 negative ones) randomly sampled for each
method, which results in 200 reviews in total. An-
notators were asked to go through this (randomly
shuffled) pool and to give two scores for each re-

view:

1. Polarity. Rate from 1 to 5 how well the text
corresponds to the desired label (positive or
negative). The text is rated 5 if it corresponds
entirely to the expected label, down to 1 if
it corresponds entirely to the opposite label.
This score corresponds to the accuracy from
the automatic metrics.

2. Readability. Rate from 1 to 5 how well the
text is written. 5 corresponds to a text without
any mistake and which is perfectly understand-
able. The more mistakes or incoherence, the
lower the score. This score corresponds to the
perplexity from the automatic metrics.

The diversity within the pool of generated texts is
complicated to evaluate and the Self-BLEU is fairly
accurate as a diversity metric, so this property is
not studied in the human evaluation.

We report scores averaged over the 3 annota-
tors as well as the standard deviation in Table 2.
A t-test against PPLM (GeDi being best on both
scores) is applied to test statistical significance
(with p-value=0.01). One can notice that the agree-
ment between annotators is high and that the results
are in line with conclusions from automatic met-
rics. GeDi, when trained with the classification
loss, yields similar results as PPL-MCTS, in terms
of constraint satisfaction and quality of writing.
PPLM, on the other hand, generates samples of
lower quality and has more difficulty for applying
the constraint. Finally, given its readability score,
Sampling - Argmax seems to generate samples with
a low quality. Its polarity score, while being higher
than PPLM, is lower than expected: given the ac-
curacy reported by the oracle, it should be close to
GeDi and PPL-MCTS. It is most likely due to the
fact that evaluating the polarity of a badly written
text is hard for an human, often resulting in review
being scored as neutral.

4.7 Effect of the roll-out
Rolling out is costly for very long sequences, and
the question of its usefulness necessarily arises. We
study how rolling out for only a fixed number of
tokens (instead of until the end of the sequence)
influences the performance of PPL-MCTS. For this
experiment, we use the CLS dataset and set the
roll-out to 0 (original result), 3, 5, 10 and 20 tokens.
As one can note in Fig. 4, only 5 tokens allows
PPL-MCTS to be on par with GeDi on this dataset.
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amazon_polarity emotion CLS
Generation Accuracy ↑ 5 - Self-BLEU ↓ Oracle Accuracy ↑ 5 - Self-BLEU ↓ Oracle Accuracy ↑ 5 - Self-BLEU ↓ Oracle
method perplexity ↓ perplexity ↓ perplexity ↓
Tuned LM
CC-LM - Classloss 0.82 0.79 2.56∗,† 0.89∗ 0.65† 3.72∗,† 0.89∗ 0.04∗,† 50.6
CC-LM 0.91 0.71 3.21† 0.52 0.13∗,† 11.1 0.66 0.06∗,† 31.5
GeDi - Classloss 0.96∗ 0.6∗ 5.16 0.88∗ 0.68 5.57∗ 0.94∗ 0.4 7.99∗

GeDi 0.96∗ 0.6∗ 5.16 0.54 0.52† 4.09∗,† 0.83∗ 0.31† 11.9
Untuned LM
PPLM 0.89 0.66 2.84† 0.67 0.19† 7.31 0.79 0.23† 8.3
Beam - Argmax 0.88 0.85 3.14† 0.72∗ 0.49† 3.7∗,† 0.64 0.82 3.31∗,†

Beam - Sampling 0.86 0.84 3.27† 0.7 0.46† 3.69∗,† 0.6 0.82 3.37∗,†

Beam - First true 0.85 0.83 3.27† 0.65 0.38† 3.68∗,† 0.62 0.82 3.26∗,†

Beam sampling - Argmax 0.97∗ 0.73 3.82† 0.67 0.48† 3.88∗,† 0.88∗ 0.67 3.91∗,†

Beam sampling - Sampling 0.92 0.76 3.68† 0.66 0.48† 3.88∗,† 0.76 0.63 4.07∗,†

Beam sampling - First true 0.9 0.73 3.84† 0.66 0.49† 3.85∗,† 0.85∗ 0.71 3.8∗,†

Sampling - Argmax 0.99∗,† 0.17∗,† 16.5 0.87∗ 0.13∗,† 11.7 0.92∗ 0.12∗,† 14.3
Sampling - First true 0.89 0.07∗,† 85.9 0.82∗ 0.13∗,† 10.4 0.87∗ 0.14∗,† 13
Sampling - Sampling 0.88 0.17∗,† 16.3 0.81∗ 0.13∗,† 10.4 0.81 0.06∗,† 31.8
PPL-MCTS 0.97∗ 0.63∗ 5.69 0.84∗ 0.37† 4.82∗,† 0.89∗ 0.54 4.98∗,†

PPL-MCTS - 10 tokens roll-out 0.95∗ 0.57 5.07∗,†

Table 1: Performance of constrained generation methods; from left to right: amazon_polarity, emotion, CLS
datasets. † (resp. ∗) indicates statistically significant improvement against GeDi-classloss (resp. PPLM).

Generation method Polarity Readability

GeDi - Classloss 4, 46± 0, 08∗ 4, 19± 0, 28∗

PPL-MCTS 4, 43± 0, 12∗ 4, 05± 0, 23∗

PPLM 3, 74± 0, 08 3, 12± 0, 19
Sampling - Argmax 4, 00± 0, 11 2, 83± 0, 33

Table 2: Results of the human evaluation on the CLS
dataset (averaged over 3 annotators). ∗ indicates sta-
tistically significant (p ≤ 1%) improvement against
PPLM.

The roll-out size quickly improves accuracy, which
then reaches a plateau. It suggests that having an
horizon is really helpful but only up to a certain
point. Beside, Self-BLEU and oracle perplexity
values stay stable, varying respectively from 0.54
to 0.57, and from 4.98 to 5.18 as the roll-out size
increases from 0 to 20.The roll-out size can thus
be set accordingly to the compute budget, further
defining the trade-off between cost and quality.

5 Conclusion

In this paper, we show that it is possible to con-
trol generation with the help of a discriminator that
implements some expected constraints on the text
during decoding. This flexible approach is very use-
ful when using very large language models, such
as GPT-3, whose fine-tuning computational costs
are prohibitive. In contrast, training a discrimina-
tor is easier and cheaper. Our proposed methods,
that mix the discriminator constraint and the gen-
eration, yield performance that is equivalent to the
best approaches based on LM tuning at lower train-
ing cost. On the other hand, such approaches have
an additional cost during inference because of the

cost of the discriminator being applied to candi-
date generations. A study on this additional cost
depending on the type of discriminator used can be
found in (Chaffin et al., 2022). PPL-MCTS offers
a solution for cases where training is too costly
for the downstream application or the language
model is not directly accessible. Seeing text gen-
eration as a tree exploration process, an existing
approach such as GeDi indeed lowers the cost of
width exploration but the depth exploration is still
an issue. Using GeDi for constrained generation
is thus very similar to a standard maximum likeli-
hood search which still lacks of an optimal search
method. On the other hand, Monte Carlo Tree
Search provides an efficient way to explore the tree
by determining the best local choice in the long run,
lowering the cost of depth exploration. Thus, these
two methods solve different facets of constrained
generation, and the combination of the two is a
promising perspective. Moreover, MCTS allows to
precisely define the best compromise between cost
and quality through the number of iterations and the
roll-out size, while ensuring the efficiency of the
search theoretically. For reproducibility purposes,
our implementation is made available at https:
//github.com/NohTow/PPL-MCTS.

Several research avenues are opened by this
work. For methods yielding high perplexity, it
would be interesting to explore how to set the α
parameter in order to reach the best compromise
between accuracy and perplexity. Similarly, the
size (number of tokens considered) of the roll-
out in MCTS offers some ways to control the
cost/performance compromise. An adaptive roll-
out size, for example rolling-out until the score of
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the discriminator is above or below a threshold as
in (Cotarelo et al., 2021), would seem particularly
suited for texts. It should also be noted that fine-
tuning a model and controlling the generation with
a discriminator can be used jointly. For instance,
one can use PPL-MCTS on a tuned LM, which will
most likely result in even better performances be-
cause sequences considered during the search will
have an overall higher quality for the considered
task. Finally, not only can PPL-MCTS be applied
to any property that a discriminator can identify,
but it can also work using other scoring methods
(human evaluation, regular expressions, heuristic
based evaluation, ...) as long as the score reflects
compliance with the expected property.

6 Ethics/Broader impact

The ethical risks of large LMs are well known
(Bender et al., 2021). Especially when they are
trained on large quantities of non curated data, it
has be shown that they tend to reproduce or ampli-
fies biases on gender, race, etc. and more generally
may produce inappropriate content (Gehman et al.,
2020). As for every automatic generation method,
using our approaches may result in the production
of unwanted, misleading or inappropriate content.
Yet, it is noteworthy that the constrained genera-
tion as we propose is one way to control, a poste-
riori of the LM training, that the generated texts
respect some criteria. It can be used for any appli-
cation given that a discriminator is able to check
the constraint accurately. The ethical interests are
thus important, such as adding constraint about
race diversity, gender equality, non toxicity, factual
faithfulness, etc. as far as these properties can be
detected by a (trained or hand-crafted) discrimina-
tor. But of course, the same technique could be
used for malicious purposes, such as constraining
generation so it produces offensive texts, targeted
fake news, etc. In such cases of misuse, discrim-
inators similar to those used for constraining the
generation could easily spot such texts since the
constraint will, by design, be noticeable and easily
grasped by a discriminator.

Even though training language models on cu-
rated data in the first place is possible, totally cu-
rated dataset is hard to obtain, and new biases may
be highlighted. Indeed, defining a priori what is ev-
ery possible bias in every cultural context for every
possible application, and curating the training data
accordingly is hardly feasible. Hence, constant up-

dates of language models will be necessary to make
them as fair as possible. Given the cost of large
language models training, updating them often is
really harmful for the environment. Discrimina-
tor guided constrained generation offers a way to
filter text generation using up-to-date standards in
terms of fairness by only updating the discrimina-
tor, which is faster and require way less resources.
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A Appendix

In this technical appendix, we provide additional
information about our methods, some settings and
the experiments. Further experimental results, as
well as examples, are given and discussed. Finally,
a discussion on concurrent studies is provided.

A.1 Data splits

We adapted the way we split the dataset into two
parts and train/test/validation sets depending on the
original dataset splits. Amazon_polarity is com-
posed of a training set of 3 600 000 examples and a
test set of 400 000. We split both into two parts and
kept 20% of each training set for validation. Emo-
tion already comes with train, test and validation
set, hence we just split each into two parts. Finally,
CLS is composed of a train set and a test set of
6000 examples. We split the training set in two and
split the test set twice so we got two validation and
test sets. Thus, for each dataset, we end up with
two training sets, two validation sets and two test
sets.

The first train and validation sets are used to
train and control the training of models used for
the generation: the guiding classifier, the "vanilla"
LM and the CC-LM. The test set serves to control
their performance.

The second ones are used to train the LM oracle
and the classifier used to measure the accuracy.
The test set allows to verify that these models are
trustworthy for accurate evaluation. Once all the
models are trained, the constrained generation is
evaluated on 900 samples generated from prompts
never seen by models during training.

A.2 Complementary results

We tested three temperature values for each pro-
posed method: 1.0, 1.1 and 1.2. As the temperature
increases, the output distribution of the language
model becomes more and more uniform. This
means that high temperatures should result in high
perplexities because the sampling deviates further
from the original distribution.

For PPL-MCTS, we also studied the impact of
cpuct by testing values 1.0, 3.0, 5.0 and 8.0 along
with the different temperature values mentioned.
cpuct defines the compromise between exploiting
nodes that already have great scores and exploring
less played but promising ones. A high cpuct en-
courages exploration. We remind that the repetition
penalty I in Eqn. 2 has been set to 1.2 as defined

in CTRL.
In Section ’Results’, for each method and

dataset, we reported only the results obtained with
the set of parameter values yielding the best ac-
curracy. Hereafter, we report results with every
tested set of parameters in Tables 3, 4 and 5 for re-
spectively the emotion, CLS and amazon_polarity
datasets.

Unsurprisingly, the perplexity of methods which
sample on the LM logits explodes when τ increases,
without a noticeable gain in accuracy. Since the di-
versity is already high for low τ values, it seems to
be better to keep the temperature low with these ap-
proaches. Note that the couple cpuct = 3, τ = 1.0
for PPL-MCTS always leads to the best result. Us-
ing cpuct = 8 seems to yield slightly worse results,
especially with a low temperature. However, the
different parameters do not greatly affect the results
of PPL-MCTS.

A.3 Examples of generation
We provide an example of generation for ama-
zon_polarity and emotion datasets using PPL-
MCTS, PPLM, GeDi and Sampling - Argmax meth-
ods, respectively in Figures 5 and 6. Texts gener-
ated using Sampling - Argmax are rather differ-
ent as suggested by the reported high perplexity
results. Note that emotion texts are only one sen-
tence while those of amazon_polarity are complete
reviews. This difference motivated the choice of
these datasets. Also, we preferred amazon_polarity
over IMDb used in the GeDi and PPLM papers
because of its bigger size, suitable format and be-
cause a French equivalent is available (CLS), which
allows us to test another language with a similar
dataset.

A.4 Constraint strength through α
As described in the model improvements section,
a parameter α can be defined to control the rela-
tive importance of the discriminator score and the
language model likelihood. Thus, this parameter
allows to control the constraint application strength
as it helps to define a trade-off between staying
close the original LM and satisfying the constraint.
Note that in all of our experiments reported earlier,
this parameter has been set to 1, focusing on the
constraint application since the proposed methods
already inherently provide legible texts.

Here, as a proof of concept, we test a range of
values for α, using the Sampling - Argmax method
on the amazon_polarity dataset with the automatic
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PPL-MCTS
<|startoftext|> realistic account [SEP] ive read this book and i think it is a
very good account of the life of a young man. i would recommend to anyone
who likes to know about the lives of people in america, or any other country
that has been around for centuries.<|endoftext|>

PPLM
<|startoftext|> realistic account [SEP] I enjoyed this book. It was realistic
and I enjoyed the way the author described the people and places. I would
recommend this book to anyone who is interested in the history of the United
States.<|endoftext|>

GeDi
<|startoftext|> realistic account [SEP] This is a real book. It’s not just about
the war, but also about the people who fought it. The author has a very realistic
view of what happened in Vietnam and how it affected our country. I would
recommend this book to anyone interested in learning more about Vietnam or
any other war that took place during that time period<|endoftext|>

Sampling - Argmax
<|startoftext|> realistic account [SEP] ive seen many of these. they mostly
in the 20’s, 30’s and 40’s and the luscious ones i know - men like this - there’s
an old saying that farts, u makin’ u sell it..this movie has a lot of realism to it
too! and i was totally impressed on how good the kids and the predator was!
will it be hard for them to make more like this? i think it will! i read that war
is going to be much<|endoftext|>

Figure 5: Examples of constrained generation using
PPL-MCTS, PPLM, GeDi and Sampling - Argmax
methods (from top to bottom) on the positive class of
amazon_polarity, using the same prompt (in bold).

PPL-MCTS
<|startoftext|> i feel that working with a group of people who are so
passionate about the same thing is really important<|endoftext|>

PPLM
<|startoftext|> i feel that working hard and caring for someone i don t care
for is a lot less selfish than i would be feeling for someone i<|endoftext|>

GeDi
<|startoftext|> i feel that working with the ladies of the family is a wonderful
thing and i am very fond of the way they look and feel<|endoftext|>

Sampling - Argmax
<|startoftext|> i feel that working at imgur for so many years is ill be devoted
to it<|endoftext|>

Figure 6: Examples of constrained generation using
PPL-MCTS, PPLM, GeDi and Sampling - Argmax
methods (from top to bottom) on the ’love’ class form
’emotion’, using the same prompt (in bold).

metrics. We chose this method and dataset since
it yields the best accuracy, but also exhibits a very
high perplexity. In this case, it seems interesting to
trade a bit of accuracy for better written texts.

Results are roughly constant when α is lower
than 0.98, so it has an impact only for values be-
tween 0.98 and 1. This is due to the fact that, for
a long enough sequence, pθ(x) is often relatively
small compared to pD(c | x). This difference of
scale annihilates the influence of α. This [0.98-1]
interval thus corresponds to values of α that rescale
pD(c | x)α and pθ(x)1−α on a same order of mag-
nitude. As shown in Figure 7, within this regime,
we can observe a linear dependency between α
and the accuracy as well as the perplexity. This
illustrate that a trade-off can be obtained by tuning
this parameter, allowing to define the strength of
the constraint application which also defines how
far the generation can be from the original LM
distribution.

Generation method Accuracy ↑ 5 - Self-Bleu ↓ Oracle perplexity ↓

Beam sampling - Argmax τ = 1.0 0,61 0,41 3,7
Beam sampling - Argmax τ = 1.1 0,65 0,48 3,72
Beam sampling - Argmax τ = 1.2 0,67 0,48 3,88

Beam sampling - First true τ = 1.0 0,58 0,4 3,68
Beam sampling - First true τ = 1.1 0,64 0,48 3,69
Beam sampling - First true τ = 1.2 0,66 0,49 3,85

Beam sampling - Sampling τ = 1.0 0,59 0,41 3,69
Beam sampling - Sampling τ = 1.1 0,64 0,49 3,69
Beam sampling - Sampling τ = 1.2 0,66 0,48 3,88

CC-LM - Greedy Search 0,51 0,1 17
CC-LM - Sampling τ = 1.0 0,52 0,13 11,1
CC-LM - Sampling τ = 1.1 0,51 0,1 15,8
CC-LM - Sampling τ = 1.2 0,47 0,08 31,4

CC-LM - Classloss - Greedy Search 0,89 0,65 3,72
CC-LM - Classloss - Sampling τ = 1.0 0,83 0,11 19,6
CC-LM - Classloss - Sampling τ = 1.1 0,79 0,07 33,2
CC-LM - Classloss - Sampling τ = 1.2 0,79 0,05 64,8

Sampling - Argmax τ = 1.0 0,87 0,13 11,7
Sampling - Argmax τ = 1.1 0,86 0,1 19,6
Sampling - Argmax τ = 1.2 0,86 0,07 47,5

Sampling - First true τ = 1.0 0,82 0,13 10,4
Sampling - First true τ = 1.1 0,81 0,11 16,2
Sampling - First true τ = 1.2 0,77 0,09 33,2

Sampling - Sampling τ = 1.0 0,81 0,13 10,4
Sampling - Sampling τ = 1.1 0,8 0,11 15
Sampling - Sampling τ = 1.2 0,79 0,08 25,7

PPL-MCTS - cpuct = 1.0, τ = 1.0 0,83 0,37 4,81
PPL-MCTS - cpuct = 1.0, τ = 1.1 0,8 0,36 4,9
PPL-MCTS - cpuct = 1.0, τ = 1.2 0,82 0,33 4,97
PPL-MCTS - cpuct = 3.0, τ = 1.0 0,84 0,37 4,82
PPL-MCTS - cpuct = 3.0, τ = 1.1 0,82 0,35 4,85
PPL-MCTS - cpuct = 3.0, τ = 1.2 0,84 0,35 4,9
PPL-MCTS - cpuct = 5.0, τ = 1.0 0,84 0,38 4,74
PPL-MCTS - cpuct = 5.0, τ = 1.1 0,84 0,34 4,79
PPL-MCTS - cpuct = 5.0, τ = 1.2 0,84 0,33 4,88
PPL-MCTS - cpuct = 8.0, τ = 1.0 0,81 0,38 4,71
PPL-MCTS - cpuct = 8.0, τ = 1.1 0,81 0,37 4,72
PPL-MCTS - cpuct = 8.0, τ = 1.2 0,82 0,35 4,79

Table 3: Results for every tested set of parameters on
the proposed methods; emotion dataset. Results re-
ported in the body of the paper are in italic.

A.5 Concurrent work

During the time of writing, two preprints using
MCTS for NLP tasks have been released (Leblond
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Figure 7: Accuracy (left) and perplexity (right) of the Sampling - Argmax method according to the α parameter;
amazon_polarity dataset

Generation method Accuracy ↑ 5 - Self-Bleu ↓ Oracle perplexity ↓

Beam sampling - Argmax τ = 1.0 0,87 0,71 3,85
Beam sampling - Argmax τ = 1.1 0,88 0,67 3,91
Beam sampling - Argmax τ = 1.2 0,88 0,63 4,12

Beam sampling - First true τ = 1.0 0,85 0,71 3,8
Beam sampling - First true τ = 1.1 0,84 0,68 3,87
Beam sampling - First true τ = 1.2 0,85 0,63 4,07

Beam sampling - Sampling τ = 1.0 0,74 0,71 3,82
Beam sampling - Sampling τ = 1.1 0,72 0,68 3,89
Beam sampling - Sampling τ = 1.2 0,76 0,63 4,07

CC-LM - Greedy Search 0,59 0,57 2,51
CC-LM - Sampling τ = 1.0 0,62 0,15 12,3
CC-LM - Sampling τ = 1.1 0,63 0,09 18,7
CC-LM - Sampling τ = 1.2 0,66 0,06 31,5

CC-LM - Classloss - Greedy Search 0,8 0,59 2,77
CC-LM - Classloss - Sampling τ = 1.0 0,85 0,13 17
CC-LM - Classloss - Sampling τ = 1.1 0,87 0,07 28
CC-LM - Classloss - Sampling τ = 1.2 0,89 0,04 50,6

Sampling - Argmax τ = 1.0 0,92 0,12 14,3
Sampling - Argmax τ = 1.1 0,92 0,08 20,7
Sampling - Argmax τ = 1.2 0,92 0,05 33,6

Sampling - First true τ = 1.0 0,87 0,14 13
Sampling - First true τ = 1.1 0,86 0,1 19,1
Sampling - First true τ = 1.2 0,86 0,06 33,1

Sampling - Sampling τ = 1.0 0,77 0,14 12,9
Sampling - Sampling τ = 1.1 0,78 0,09 18,8
Sampling - Sampling τ = 1.2 0,81 0,06 31,8

PPL-MCTS - cpuct = 1.0, τ = 1.0 0,88 0,54 4,98
PPL-MCTS - cpuct = 1.0, τ = 1.1 0,87 0,53 5
PPL-MCTS - cpuct = 1.0, τ = 1.2 0,87 0,53 5,02
PPL-MCTS - cpuct = 3.0, τ = 1.0 0,89 0,54 4,98
PPL-MCTS - cpuct = 3.0, τ = 1.1 0,89 0,54 4,81
PPL-MCTS - cpuct = 3.0, τ = 1.2 0,89 0,54 4,86
PPL-MCTS - cpuct = 5.0, τ = 1.0 0,88 0,55 4,9
PPL-MCTS - cpuct = 5.0, τ = 1.1 0,89 0,54 4,97
PPL-MCTS - cpuct = 5.0, τ = 1.2 0,89 0,54 4,91
PPL-MCTS - cpuct = 8.0, τ = 1.0 0,83 0,54 4,98
PPL-MCTS - cpuct = 8.0, τ = 1.1 0,86 0,54 4,95
PPL-MCTS - cpuct = 8.0, τ = 1.2 0,88 0,55 4,94

Table 4: Results for every tested set of parameters on
the proposed methods; CLS dataset. Results reported
in the body of the paper are in italic.

et al., 2021; Scialom et al., 2021). While we
emphasize that these are concurrent studies, PPL-
MCTS has some major differences. Indeed, these
studies focus on improving the overall quality of
generated texts rather than following a given con-
straint. While "being well written" can be seen as a
constraint, PPL-MCTS rather explores how a con-
straint that is not present in the original language
model (i.e. not a goal in the original training of
the LM) can be added at generation time. Scialom

Generation method Accuracy ↑ 5 - Self-Bleu ↓ Oracle perplexity ↓

Beam sampling - Argmax τ = 1.0 0,94 0,79 3,55
Beam sampling - Argmax τ = 1.1 0,96 0,77 3,65
Beam sampling - Argmax τ = 1.2 0,97 0,73 3,82

Beam sampling - First true τ = 1.0 0,86 0,77 3,73
Beam sampling - First true τ = 1.1 0,89 0,77 3,68
Beam sampling - First true τ = 1.2 0,9 0,73 3,84

Beam sampling - Sampling τ = 1.0 0,87 0,77 3,7
Beam sampling - Sampling τ = 1.1 0,92 0,76 3,68
Beam sampling - Sampling τ = 1.2 0,89 0,73 3,83

CC-LM - Greedy Search 0,91 0,71 3,21
CC-LM - Sampling τ = 1.0 0,87 0,17 15,7
CC-LM - Sampling τ = 1.1 0,86 0,1 32,2
CC-LM - Sampling τ = 1.2 0,8 0,08 80,2

CC-LM - Classloss - Greedy Search 0,82 0,79 2,56
CC-LM - Classloss - Sampling τ = 1.0 0,81 0,16 18,4
CC-LM - Classloss - Sampling τ = 1.1 0,79 0,1 37,1
CC-LM - Classloss - Sampling τ = 1.2 0,74 0,07 95,4

Sampling - Argmax τ = 1.0 0,99 0,17 16,5
Sampling - Argmax τ = 1.1 0,99 0,11 31,8
Sampling - Argmax τ = 1.2 0,99 0,07 84,50

Sampling - First true τ = 1.0 0,88 0,16 16,4
Sampling - First true τ = 1.1 0,87 0,1 31,5
Sampling - First true τ = 1.2 0,89 0,07 85,9

Sampling - Sampling τ = 1.0 0,88 0,17 16,3
Sampling - Sampling τ = 1.1 0,87 0,1 30,8
Sampling - Sampling τ = 1.2 0,88 0,07 81

PPL-MCTS - cpuct = 1.0, τ = 1.0 0,96 0,62 5,61
PPL-MCTS - cpuct = 1.0, τ = 1.1 0,96 0,63 5,65
PPL-MCTS - cpuct = 1.0, τ = 1.2 0,96 0,62 5,66
PPL-MCTS - cpuct = 3.0, τ = 1.0 0,97 0,63 5,69
PPL-MCTS - cpuct = 3.0, τ = 1.1 0,97 0,62 5,77
PPL-MCTS - cpuct = 3.0, τ = 1.2 0,96 0,62 5,72
PPL-MCTS - cpuct = 5.0, τ = 1.0 0,95 0,63 5,6
PPL-MCTS - cpuct = 5.0, τ = 1.1 0,96 0,63 5,66
PPL-MCTS - cpuct = 5.0, τ = 1.2 0,96 0,63 5,63
PPL-MCTS - cpuct = 8.0, τ = 1.0 0,93 0,64 5,57
PPL-MCTS - cpuct = 8.0, τ = 1.1 0,93 0,64 5,57
PPL-MCTS - cpuct = 8.0, τ = 1.2 0,95 0,63 5,57

Table 5: Results for every tested set of parameters on
the proposed methods; amazon_polarity dataset. Re-
sults reported in the body of the paper are in italic.

et al. (2021) train a discriminator to distinguish
generated and real samples because their goal is
ultimately to train the language model in a Genera-
tive Adversarial setup to create a better LM. This
iterative training, in addition to not being possible
in our task, is not wanted since we aim to be plug
and play. Our goal is indeed to apply an additional
constraint to an untouched original language model.
Yet, even if goals are different and applying MCTS
for constrained generation is not trivial, the "MLE
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Coop-MCTS" is close to PPL-MCTS. However,
focusing on MCTS as a decoding only strategy al-
lowed an in-depth study that provided interesting
results, in particular the effect of the roll-out size
(the roll-out is totally omitted in their paper) and
the α parameter.

On the other hand, Leblond et al. (2021) also
focus on MCTS as a decoding strategy but for the
very specific case of machine translation. MCTS
is used to optimize metrics for machine translation,
which are known to not necessarily correlate with
human judgement (Novikova et al., 2017). Again,
the goal is different since these metrics are used as
a proxy of the sample quality. In contrast, our work
shows that MCTS can be used to optimize a given
property, but instead of optimizing the quality of
samples, we optimize for a given constraint while
retaining the original quality of writing. The fact
that MCTS also works in such cases was non triv-
ial since adding such constraints to the generation
could lead to deteriorate texts.

Beside MCTS, we also proposed and explored
simpler methods based on re-ranking for our task
and showed that diversity allows to satisfy the con-
straint, often at the price of a lower quality, empha-
sizing the compromise between exploration and
exploitation made by the MCTS.

Finally, these concurrent studies provide evi-
dences that MCTS is promising for many different
usage in NLP. We hope that the large amount of ex-
periments, parameter analysis and the availability
of our open-sourced code working out-of-the-box
will help foster future research in this direction.
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Abstract

We present IBR, an Iterative Backward Reason-
ing model to solve the proof generation tasks on
rule-based Question Answering (QA), where
models are required to reason over a series of
textual rules and facts to find out the related
proof path and derive the final answer. We
handle the limitations of existed works in two
folds: 1) enhance the interpretability of rea-
soning procedures with detailed tracking, by
predicting nodes and edges in the proof path
iteratively backward from the question; 2) pro-
mote the efficiency and accuracy via reason-
ing on the elaborate representations of nodes
and history paths, without any intermediate
texts that may introduce external noise dur-
ing proof generation. There are three main
modules in IBR, QA and proof strategy pre-
diction to obtain the answer and offer guid-
ance for the following procedure; parent node
prediction to determine a node in the existing
proof that a new child node will link to; child
node prediction to find out which new node
will be added to the proof. Experiments on
both synthetic and paraphrased datasets demon-
strate that IBR has better in-domain perfor-
mance as well as cross-domain transferability
than several strong baselines. Our code and
models are available at https://github.
com/find-knowledge/IBR.

1 Introduction

Endowing machines with reasoning capabilities is
a longstanding problem (Newell and Simon, 1956)
in the field of AI. Though existing tasks such as
multi-hop QA (Yang et al., 2018; Welbl et al., 2018)
or logical-reasoning QA (Yu et al., 2020; Dua et al.,
2019) impose a higher requirement on the reason-
ing capabilities, they usually just request for an
answer without the reasoning procedure that would
make it interpretable. Recently, Clark et al. (2020)
proposed new datasets and tasks for interpretable

∗Corresponding author

Facts:

F1: Anne is blue. 

F2: Anne is rough. 

F9: Fiona is rough. 

F10: Harry is blue. 

Rules:

R1: All rough, blue people are cold. 

R2: All cold people are round.

R6: If Harry is blue then Harry is 

rough. 

R7: Quiet people are round.

R8: If someone is round and not 

cold then they are quiet. 

Q1: Harry is round.

A1: True

Proof:

F10

R2

R1

Q1

R6

F10

Q2: Fiona is not cold.

A2: True

Proof: Q2

R1

FAIL

R7

…

wrong 

branch

F9
redundant 

branch

…
…

Figure 1: Illustration of generating proof iteratively. Re-
garding the proof path as a graph, and using the question
as the initial node, other nodes and edges will be added
step by step. (The gold proof is the obtained path in a re-
verse order exclude the question). The main challenges
are wrong (cannot derive the answer) or redundant (can
derive the answer, but the path is longer than the optimal
one) branches may be involved.

reasoning. Given a question, coupling with a set of
facts (plain statements) and rules (implication re-
lationships) that are expressed in natural language,
there are two tasks: 1) predicting the binary an-
swer; 2) generating the proof path behind this an-
swer. Large-scale pretrained models have shown
strong performance on the first subtask in the early
work (Liu et al., 2019), but there still remain chal-
lenges for the second one. These proof paths are
usually more complicated than those involved in
multi-hop QA tasks, as there are more nodes and
branches rather than a single-directed chain.

Several approaches have been proposed
to simultaneously address the two subtasks.
PROVER (Saha et al., 2020) and PROBR (Sun
et al., 2021) try to construct the reasoning path at
once, where two classifiers are used to determine
whether each node or edge is involved in the proof
path respectively based on corresponding encoded
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representations. But they lack interpretability on
tracking the detailed reason for selecting each
step. To make proof generation more interpretable,
Proofwriter (Tafjord et al., 2021) and EVR (Liang
et al., 2021) decompose complex reasoning over
the question into multiple simple procedures,
resulting in iterative and interpretable processes
with the help of intermediate texts. Nevertheless,
both of them suffer from efficiency and external
errors issues. The reason is that they both require
a large searching space, as they perform on the
whole inferable texts and ignore the structure
information from the history path that has been
obtained. Moreover, the generation of intermediate
text is costly and may introduce extra noise
propagation.

Inspired by the top-down AMR parsing (Cai
and Lam, 2019), where a sentence is divided
into sub-meanings iteratively, we present Iterative
Backward Reasoning (IBR) for better proof gener-
ation. It generates a proof path iteratively starting
from the core component for QA, i.e. the question,
making the process interpretable with trackable in-
termediate states. Regarding a higher efficiency
and accuracy, and two challenges mentioned in
Figure 1, the proof generation module of IBR sim-
plifies the intermediate process of reasoning as well
as avoids the unnecessary search for a possible un-
suitable branch. To add a new node and edge to the
path, there are two steps in IBR for each iteration:
1) finding out the next parent node, i.e. one existing
rule or fact in the parsed history path that a new
node will become its child; 2) determine which
rule or fact that will be the new child node and
added to the path. Equipped with question-aware
representations from a pre-trained encoder, along
with structure-aware node and path features, our
model can choose the optimal endpoint. It accom-
plishes reasoning with the highest possibility to
obtain a correct subsequent proof path based on
relevant features, getting rid of intermediate texts
while avoiding redundancy on all possible texts
than previous iterative works.

In addition, to make IBR applicable for samples
with incomplete proof paths, which are abandoned
in the former backward iterative model EVR (Liang
et al., 2021), we employ a proof strategy predic-
tor to output a proof type. This prediction is then
integrated into the later proof generation actions,
making the process more controllable under differ-
ent conditions.

We validate our approach on several datasets
that are widely used in previous studies (i.e. DU0-
DU5, Birds-Electricity, and ParaRules) spanning
different settings (i.e. fully-supervised, fewer train-
ing data, and out-of-domain). Experimental results
show that, compared to existing strong baselines
including both non-iterative and iterative ones, IBR
can achieve the best overall performance of proof
generation and comparable answer prediction accu-
racy, along with noticeable generalization capabil-
ity. Extensive analyses show that 1) the improve-
ments come from our elaborately designed iterative
and simplified proof generation modules, and 2)
both the reasoning ability and latency could be sig-
nificantly improved compared to former iterative
models, making a better trade-off considering its
reasonable interpretability.

2 Related Work

Question answering and reasoning. Endowing
machines to do reasoning over explicit knowledge
is a primitive task (Newell and Simon, 1956). Early
works tried to solve it by converting texts into logic
forms (Newell and Simon, 1956; Musen and Lei,
1988). But such kinds of approaches can be af-
fected by the error propagation caused by semantic
parsing (Zettlemoyer and Collins, 2012; Berant
et al., 2013; Berant and Liang, 2014).

Lately, question answering (QA) is employed
as an important task for machine reasoning. Nu-
merous datasets were proposed, including synthe-
sized data (Weston et al., 2016), comprehension on
natural texts (Rajpurkar et al., 2016; Joshi et al.,
2017; Fisch et al., 2019) or more complex rela-
tionship reasoning (Tafjord et al., 2019; Lin et al.,
2019). There are also multi-hop QA tasks like Hot-
potQA (Yang et al., 2018) or QAngaroo (Welbl
et al., 2018), and logical QA datasets such as Re-
Clor (Yu et al., 2020) and LogiQA (Liu et al., 2020),
in which textual rules need to be inferred implicitly
from a long supporting context. Plenty of studies
try to solve these problems via neural networks and
achieve remarkable performance (Joshi et al., 2020;
Yu et al., 2018; Shao et al., 2020). Nevertheless,
nearly all of them only focus on the prediction of
final answers and neglect the acquisition of inter-
pretable proofs. Although some datasets provide
proof paths for better interpretability, these paths
are only short chains with very few entities and
cannot teach models to generate complex proofs.
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Proof generation. NLProlog (Weber et al., 2019)
first employs logic programming to search for a
proof and then predicts the answer in multi-hop
QA. Recently, Clark et al. (2020) propose new rule-
based QA datasets for this line of research that in-
clude more complex proof paths, and present Rule-
Taker to answer questions. Saha et al. (2020) argue
that producing answer proofs makes models more
reliable and propose PROVER, a transformer-based
model that enumerates all possible nodes and edges
of a proof path and predicts whether each one exists
at once based on their embeddings. PROBR (Sun
et al., 2021) further improves this framework using
the probabilistic graph to model more variables.
There has been also an increasing interest in solv-
ing proof generation iteratively. EVR (Liang et al.,
2021) splits the question into sub-questions, using
generated intermediate texts to guide proof genera-
tion step by step. ProofWriter (Tafjord et al., 2021)
shares a similar idea but uses intermediate textual
conclusions instead and a more powerful T5-11B
model (Raffel et al., 2020) for generation, which
makes it hard to reproduce. IBR is also an itera-
tive model, being more interpretable than at-once
models. Despite getting rid of intermediate texts
and directly using various representations to finish
each step, it improves efficiency and effectiveness.

3 Methodology

3.1 Task Definition
We first formulate the proof generation task as fol-
lows. Given a tuple (C,Q,A, P ), where C =
{RFi} is the contexts containing several textual
rules and facts RF , Q is the question, A ∈ {True,
False} is the answer, and P indicates the proof path
for the detailed reasoning procedure to derive A,
our goal is twofold: 1) predicting the answer A,
and 2) generating the proof path P . Taking DU0-
DU5 (Clark et al., 2020) dataset as example, P is
a single-directed acyclic graph having the shortest
path to derive A. P can start from one or multiple
nodes but must end in one node that directly entails
or contradicts Q. A node in P can be a fact, a
rule, or a special NAF (Negation As Failure) node1.
Edges between nodes indicate that the start nodes
can be used to prove the end nodes during reason-
ing. Proofs in the dataset can be roughly classified

1A start node when the negation condition in the next node
has no corresponding fact nor rule node, and the negation will
be considered as true. E.g., there is no item in C related to
“Anne is big”, its negation “Anne is not big” will be considered
as true.

AttNoneg-D5-910-12

Facts:

F1: Anne is blue. F10: Harry is furry. 

Rules:

R3: All quiet, round people are rough. 

R5: Furry people are quiet. 

R7: Quiet people are round. 

Q1: Harry is not rough. A: False

Proof type: Proof 

R3
R5F10

R5F10 R7 R7R5FAIL

Q2: Erin is round. A: False

Proof type: Fail-proof

…

…

…

…

Figure 2: Examples of Proof and Fail-proof strategies.

into two types according to their strategies S to
prove the question: (1)Proof : the question can be
directly proven to be True or False using the given
C and NAF; (2) Fail-Proof : the question cannot
be explicitly deduced barely using C and NAF as
some key information is missed, hence a positive
statement is judged as False while a negative state-
ment as True in such cases (Figure 2).

3.2 Overview
The proposed Iterative Backward Reasoning (IBR)
model takes Q as the initial node and produce a
proof path P backward, from the end node to the
start node. Two actions are included at each itera-
tion: (1) Predicting the new parent node, i.e. a
node in the derived proof path where a child node
will be added (except the first step that only Q ex-
ists); (2) Predicting the child node, i.e. the fact
or rule in C that will be the child for the selected
parent node. After each iteration, a new node and
an associated edge are added. After obtaining the
whole reasoning path, we remove Q and reverse all
edges to get the final proof P .

The Figure 3 illustrates our IBR model, which
can be divided into three modules, (1) QA and
Strategy Prediction, (2) Parent Node Prediction,
and (3) Child Node Prediction. In order to make
the question Q can fully interact with context C
(facts and rules) and obtain better representations,
IBR uses pretrained RoBERTa (Liu et al., 2019) as
the backbone network. The input of RoBERTa is
the concatenation of the questionQ and the context
C = {RFi}, separated by special [SEP ] token,
denoted as [CLS] Q [SEP ] [SEP ] C [SEP ].

IBR only uses the QA prediction and strategy
prediction modules once at first to predict the an-
swer A and the strategy of the proof (refer to §3.1,
where the latter one will result in different proof
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R1 : All rough, blue people 

are cold. 

R2 : All cold people are 

round.

F1 : Anne is blue. 

[CLS] [SEP] [SEP] RF1
… [SEP]

Child Node Attention

QA 

Classifier

h[CLS]

hn1 hnk
…

Strategy 

Classifier

Path Focus Selection

w1 wa RoBERTa Embedding

LSTM

2) Parent Node Prediction

3) Child Node Prediction

1) QA and Strategy Prediction
hg1

hg2

RF2Q RFk

… … ……

Level Traversal

R2

R1

Q1

R6

hg6

Current 

path

LSTM

LSTM

hNAF hEND

Parent Node Attention

F10

w1 wb w1 wc w1 wl

hQ hg2 hg1 hg6

Q1 : Harry is round.

…

F10 : Harry is blue. 

…

R6 : If Harry is blue then 

Harry is rough. 

…

hQ

F10

R1

Figure 3: The model architecture of IBR. 1) is only used once at the start, then 2) and 3) are applied iteratively to
generate the whole proof. It also illustrates the detailed state when adding F10 into the proof (F: facts, R: rules).

generation procedures. In order to improve the
reasoning efficiency as well as accuracy, instead
of using generated intermediate texts (Liang et al.,
2021; Tafjord et al., 2021), all possible nodes (rules
and facts) are represented by node embeddings in
IBR. The initial state of the proof is only the rep-
resentation of the question hQ, then the rest of the
reasoning path will be constructed based on it.

Samples with Fail-Proof strategy differs from
ones with Proof, because their proofs are usually
short without sub-branches, and only consist of
rules due to lacking essential supporting facts. To
take the advantage of such a property distinction
and extend the applicability compared to former
models (Liang et al., 2021) that cannot generate
proofs for Fail-Proof samples, we apply different
actions in modules (2) and (3) depending on the
output from strategy prediction.

3.3 QA and Strategy Prediction Module

This module aims to predict the answer A of the
question Q and the corresponding strategy S of
proof P . Since the representation of [CLS] token
from pretrained models is proven to have the ca-
pability of modeling the whole input, we use it as
the input feature for both predictions as they con-
dition the global information. The encoded [CLS]
by RoBERTa, h[CLS] is passed to a linear layer
and the softmax function σ for answer and strategy
classification respectively,

PQA= σ(fQA(h[CLS])),

PStrategy = σ(fStrategy(h[CLS])).

Here, fQA and fStrategy indicate the linear layer
for QA classification and strategy classification,
respectively. PQA and PStrategy are binary-class
probability values, the former one is for values
of A ∈ {True, False} while the later one is for
values of S ∈ {Proof, Fail-proof}.

3.4 Parent Node Prediction Module
This module determines which node in the cur-
rent reasoning path is going to be the next parent
node that a new child node will link to. To bet-
ter represent the sequential information of each
possible node (fact or rule), an LSTM (Hochreiter
and Schmidhuber, 1997) is used to further encode
the token-level embedding from RoBERTa. The
hidden state in the last step is used as the textual
representation hgi of a possible parent node RFi.

In addition, selecting a node from the existing
proof path also needs global and structural model-
ing on the history path. To make this procedure a
more convenient representation that involves the
order of reasoning, the path is regarded as a tree
structure and nodes are reordered by level traver-
sal from top to down. Since Q is always the root
node of the tree, e.g., if Q have two children RF1

and RF3, and RF1 has a child RF2, the reordered
representation sequence is [hQ, hg1, hg3, hg2]. We
then utilize another LSTM model to encode the
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reordered representation sequence of the current
reasoning path obtained before, extracting the over-
all state of the path, which is the hidden state hg at
the last time step in this LSTM.

A parent node attention based on the Trans-
former attention (Vaswani et al., 2017) is used to
obtain the weights of all possible parents nodes.
It takes hg and the representation sequence of the
current path Hp = [hQ, hg1 . . . hgt] as input, i.e.

Att(hg,Hp) = σ(fQ(hg)(fK(Hp))
T /
√
d), (1)

where fQ and fK indicate linear layers, σ is a soft-
max function, and d is the dimension of hg. As
we discussed in §3.2, different operations are em-
ployed for corresponding strategy types of proofs.
1) If the predicted proof strategy is Proof, we se-
lect the node with the highest weight as the parent
node RFp. 2) If the predicted proof strategy is
Fail-proof, we use the last node in the current path,
i.e. hgt in HP , as the parent node RFp, because no
sub-branch is included in such proof paths.

3.5 Child Node Prediction Module

This module decides which node will be added
to the proof path and linked to the parent node
RFp we have obtained before. To derive the rep-
resentations of candidate child nodes, similar to
§3.4, we apply another LSTM model to the en-
coded RoBERTa embeddings and get hni for RFi.
Since we discussed a special NAF node in §3.1
which may contain information from the whole
context, we utilize a linear layer fNAF to trans-
form the [CLS] token embedding h[CLS] into its
representation hNAF . Moreover, we initialize a
representation hEND for the special END node,
indicating that the proof generation process will
finish here.

During selecting the new child node, we need
to consider not only the knowledge of the history
path, but also the state of the parent node. To bet-
ter model such relationships, we propose a Path
Focus Selection module to generate relevant fea-
tures before predicting the child node. A 2-layer
Transformer model along with a LSTM model is
introduced. It first encodes the representations of
node sequence Hp from Parent Node Prediction re-
spectively, then fuses their hidden state via a linear
layer fU ,

hF = fU ([Trans(hgp,Hp,Hp); LSTM(Hp)]).
(2)

Here, hgp is the representation of the selected par-
ent node in §3.4, fU is the linear layer for feature
fusing, while [·; ·] stands for concatenation. q, k, v
in Trans(q, k, v) indicate the inputs corresponding
to Query, Key, and Value in a transformer model,
and only the hidden state in the last time step is
remained in both Trans and LSTM. It is worth
noting that the LSTM used here is a supplementary
knowledge source for a better representation ac-
cording to our empirical study. Such an operation
results in a feature hF that is aware of both the
history proof path and the parent node that a child
will link to.

This feature hF will then be used in the Child
Node Attention to calculate the attention weights
on all possible child nodes. Particularly, an atten-
tion model same as Eq. 1 is applied on hF and a
series of child node representations obtained be-
fore Hc = [hn1 . . . hnk, hNAF , hEND], and the
attention weights are defined as Att(hF ,Hc). It
contains all facts and rules in the context, and the
special NAF node as well as END node.

Similar to §3.4, we also apply different actions
according to our predicted proof strategies before.
(1) If the strategy is Proof, we select the child node
with the highest attention weight from all candi-
dates as the new node in the proof path.
(2) If the strategy is Fail-proof, since RFp is the
last node during reasoning and this procedure is
a first-order logical under such a situation, there
is no need to make complex modeling on the de-
rived path. Therefore, we directly use its parent
node representation hgp rather than encoded state
from Transformer in Eq. 2 to get hF . But LSTM
is remained to maintain some basic modeling capa-
bility on the path. In child node attention, we mask
all fact nodes and select the one with the highest
weight among the remaining nodes, because this
kind of proof usually only contains rules and such
masking can avoid extra errors.

3.6 Training and Inference

The whole model is trained via binary cross-
entropy losses from all three above modules jointly,

L = LQA + LParent + LChild + α ∗ LStrategy.

LQA and LStrategy correspond to the loss of QA
prediction and strategy prediction, respectively. α
is a hyperparameter to reweigh the influence of
[CLS] token. LParent is the loss for parent node
prediction, where the cross-entropy is calculated
between the attention weight vector and a one-hot
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vector indicating the gold parent node. LChild is in
a similar way on child node prediction. Note that
samples labeled as Fail-proof strategy are not in-
volved in the training of parent node prediction. As
all their proof paths are chains and the new parent
node is always the last node added to the path, so
learning about these data may introduce model bias.
To determine the gold reasoning order used as the
target for training, we set a higher priority of fact
nodes than rule nodes, as the clearer subject infor-
mation is involved in facts. E.g., for a parent node
with multiple children, the gold reasoning order of
child node prediction is NAF nodes first, then fact
nodes, and finally rule nodes. If there are more than
one fact or rule nodes, IBR randomly swaps their
order within each type at different training epochs.

During inference, IBR first makes predictions
on the answer A and strategy S, then generate the
parent node and child node iteratively, until the
special END node is predicted as the new child
node. IBR uses beam search to keep the top-K best
proof paths at each proof generation step and select
the best one as the final prediction, where the beam
size is set as 8.

4 Experiments

Following former studies (Saha et al., 2020; Sun
et al., 2021), we evaluate our IBR2 on three datasets
and four settings including fully-supervised train-
ing, training using fewer samples, testing on out-of-
domain samples, and generalization to more com-
plex proofs or language.

4.1 Setup

Datasets. Experiments are conducted on three
datasets raised by Clark et al. (2020)3, where we
use the same test split as previous works for fair
comparison:
• DU0-DU5: Five synthesized datasets created by
translating hand-crafted rules and formal language
to natural language. It is divided by the highest
depth of proof, where DU stands for "Depth Upto"
(DU=0,1,2,3,5). Data in higher DU values also
contain samples with lower depth. Note that proofs
in DU0 only have one supporting or opposing fact.
All related results are reported on DU5 test split.
• Bird-Electricity: It is a test-only dataset that
contains samples about birds and electric circuits.

2Refer to Appendix A.1 for implementation details.
3More details are given in Appendix A.2

It is generated in the same way as DU0-DU5, but
is in different domains from DU0-DU5.
• ParaRules: This dataset consists of 40k ques-
tions expressed in paraphrased natural language
based on synthetic data, which is created by crowd-
sourcing. Multiple facts get together in one state-
ment here rather than separated in DU0-DU5.

Baselines. We consider the following baselines4.
• RuleTaker (RT) (Clark et al., 2020): a RoBERTa
based model that only predicts answers.
• PROVER (PV) (Saha et al., 2020): a method
that treats the proof as a graph and predicts all
its nodes and edges at once, also using RoBERTa
model as the backbone, same as IBR.
• PROBR (PB) (Sun et al., 2021): it improves
PROVER by introducing the probabilistic graph
that jointly considers the answer, nodes and edges.
• EVR (Liang et al., 2021): an iterative model that
predicts the next proof item by generating textual
sub-questions based on logical operator. Note that
this model is not applicable for samples whose
proof strategy is Fail-proof discussed in §3.1, so
we make comparison with it separately.

Metrics. We closely follow previous works to
evaluate the performance of models via answer pre-
diction (QA) accuracy and proof generation (PA)
accuracy. Since some samples may have multiple
gold proofs, a generated proof will be considered
correct, as long as its nodes and edges match with
the nodes and the edges in any of the gold proofs.
Full Accuracy (FA) is also included, where a sam-
ple is regarded as correct only both the predicted
answer and proof are correct.

4.2 Results under Fully-Supervised Training

We train IBR on the training split of the DU5
dataset and evaluate on the test split of DU5. We
compare the performance of IBR with baselines ex-
cept for EVR in Table 1, while with EVR in Table 2
where only partial test split is included, excluding
samples whose proof strategy is Fail-proof. Be-
cause EVR always fails on these samples (EVR on
these excluded samples is given in Appendix A.5).

Obviously, IBR achieves the best proof gener-
ation accuracy (PA) as well as full accuracy (FA)
among all baseline models, on samples with every
depth. Our model also shows a greater advantage
on samples with deeper proof path, e.g., 81.7 vs.

4Results of baselines are obtained from the original papers
or by running the released code.
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D 0 1 2 3 4 5 all

Cnt 6299 4434 2915 2396 2134 2003 20192

QA

RT 100 98.4 98.4 98.8 99.2 99.8 99.2
PV 100 99.0 98.8 99.1 98.8 99.3 99.3
PB 100 99.9 99.9 100 100 100 99.9
IBR 100 99.2 99.2 98.9 99.3 99.6 99.4

PA
PV 98.4 93.2 84.8 80.5 72.5 65.1 87.1
PB 98.4 94.3 86.1 82.0 76.1 72.2 88.8
IBR 99.5 95.6 93.0 90.7 86.5 81.7 93.5

FA
PV 98.4 93.1 84.8 80.5 72.4 65.1 87.1
PB 98.4 94.3 86.1 82.0 76.1 72.2 88.8
IBR 99.5 95.6 92.9 90.7 86.5 81.6 93.5

Table 1: Results of different models on varying proof
depth (D) under the fully-supervised setting. Cnt: sam-
ple count, RT: RuleTaker, PV: PROVER, PB: PROBR.

D 0 1 2 3 4 5 all

Cnt 1934 1934 1934 1934 1934 1934 11604

QA EVR 99.4 99.3 96.9 93.3 88.9 88.3 94.4
IBR 100 99.3 99.6 99.3 99.6 99.5 99.5

PA EVR 95.8 92.5 87.7 79.3 77.3 68.8 83.6
IBR 98.8 96.4 94.7 92.2 88.7 83.6 92.4

FA EVR 95.8 92.5 87.7 79.3 77.3 68.8 83.6
IBR 98.8 96.3 94.6 92.2 88.7 83.5 92.3

Table 2: Results of IBR and EVR on a partial test split
of DU5 (exclude Fail-proof samples). The models are
trained on the train split of DU5.

72.2 on PA when depth is 5, illustrating the supe-
riority of iterative models on complex proof paths.
Besides, despite not being the best in answer accu-
racy (QA), there is a very narrow gap between our
model and the best one, which proves that IBR is
still a comprehensive model covering both subtasks.
When compared to EVR, also an iterative model,
IBR shows significantly stronger performance on
all metrics, benefiting from our elaborate two-fold
reasoning process at each step.

4.3 Using Fewer Training Samples

We also explore the performance of IBR when train-
ing using fewer data, ranging from 10k to 30k to
all the examples (70k) in DU5. The comparison
between our model, PROVER (PV), and PROBR
(PB) is shown in Table 3, in all three metrics. Our
model significantly has the best proof generation
performance than the other two baselines in all
cases, due to the iterative architecture requiring less
global modeling capability and thus fewer training
samples. Although PB shows a promising answer
prediction accuracy under fewer-data settings, the
performance of IBR is close to it while better than

Data QA PA FA
PV PB IBR PV PB IBR PV PB IBR

70k 99.3 99.9 99.4 87.1 88.8 93.5 87.1 88.8 93.5
30k 97.8 99.9 98.3 72.5 86.8 89.8 72.4 86.8 89.7
10k 87.1 99.9 94.3 44.0 72.4 75.7 42.7 72.3 75.4

Table 3: Performance comparison using fewer training
samples among IBR, PROVER (PV), and PROBR (PB)
on the full test split of DU5 after trained on partial DU5
samples.

Data QA PA FA
EVR IBR EVR IBR EVR IBR

70k 94.4 99.5 83.6 92.4 83.6 92.3
30k 95.7 99.4 84.4 88.2 84.4 88.1
10k 96.2 97.9 82.8 71.2 82.8 70.8

Table 4: Performance comparison using fewer training
samples among EVR and IBR on partial test split of
DU5 (without Fail-proof samples) after trained on par-
tial DU5 samples.

PV, e.g., 94.3 vs. 87.1 under 10k. In addition, in
Table 4, we also compare with EVR under the same
settings but using a different test set that excludes
Fail-proof samples. EVR outperforms IBR under
the 10k setting for proof generation, but IBR is
stronger if more training samples are available.

4.4 Evaluation of Out-of-Domain Data

We further test the out-of-domain performance of
IBR against baselines on Birds-Electricity dataset
to evaluate their robustness, where B1 and B2 are
two sets from the birds domain, and E1-E4 are
four sets from the electricity domain. Results are
shown in Table 5 and Table 6. Note that Fail-proof
samples are still not involved in the comparison for
EVR. Overall, our IBR achieves 2.5% promotion
in PA while an equivalent result on QA, compared
to PROVER. Despite being the best one on QA,
PROBR is also defeated by IBR on both PA and FA.
In addition, our model shows more improvement
on the hardest E3 and E4 subsets, which further
verifies its robustness. When it comes to EVR, we
can find its cross-domain capability is relatively
weak as it sees a significant drop in PA, and IBR
is superior to it without any doubt. Because the
cross-domain generation for intermediate texts is
much harder, our usage of high-level node features
to finished reasoning can alleviate this challenge.

4.5 Generalization Ability

Generalize to higher depths. Following the pre-
vious work (Sun et al., 2021), we test the general-
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Test B1 B2 E1 E2 E3 E4 all

Cnt 40 40 162 180 624 4224 5270

QA

RT 97.5 100.0 96.9 98.3 91.8 76.7 80.1
PV 95.0 95.0 100.0 100.0 89.7 84.8 86.5
PB 100.0 100.0 100.0 100.0 98.2 95.6 96.3
IBR 100.0 97.5 100.0 100.0 89.2 84.1 86.0

PA
PV 92.5 95.0 95.1 91.7 72.3 80.6 80.7
PB 100.0 100.0 97.5 93.3 79.3 77.7 79.3
IBR 100.0 100.0 95.6 94.4 80.2 82.4 83.2

FA
PV 92.5 95.0 95.1 91.7 71.8 80.6 80.5
PB 100.0 100.0 97.5 93.3 79.3 77.7 79.3
IBR 100.0 97.5 95.6 94.4 78.2 82.4 82.9

Table 5: Out-of-domain performance comparison
among RuleTakers (RT), PROVER (PV), and PROBR
(PB) on Birds-Electricity dataset after training on DU5.

Test B1 B2 E1 E2 E3 E4 all

Cnt 28 28 72 90 312 1206 1736

QA EVR 67.8 64.2 83.3 80.0 76.2 83.8 81.6
IBR 100.0 96.4 100.0 100.0 92.9 100.0 98.6

PA EVR 32.1 35.7 58.3 50.0 45.5 70.3 63.1
IBR 100.0 100.0 91.6 91.1 91.3 95.2 94.3

FA EVR 32.1 32.1 58.3 50.0 45.5 70.3 63.1
IBR 100.0 96.4 91.6 91.1 87.1 95.2 93.5

Table 6: Out-of-domain performance comparison
among EVR and IBR on partial Birds-Electricity dataset
(exclude Fail-proof samples) after training on DU5.

ization ability of IBR by first training the model on
the training splits of DU0, DU1, DU2, and DU3,
then test them on the test split of DU5 with deeper
proof paths respectively5. Results are shown in Ta-
ble 7. We notice that all models suffer performance
degeneration especially when the proof depth of
the training set is lower, because it is hard for the
model to learn complex reasoning based on sim-
ple proof paths. However, IBR still realizes the
best performance in terms of PA and FA, especially
on DU3, where it gets 4.2% PA/FA promotion to
PROBR and even outperforms PROVER trained
on the whole DU5 data. These observations again
prove that iterative approaches can better learn the
detailed reasoning step by step, obtaining a better
generalization capability than at-once models.

Generalize to complex language. We also eval-
uate whether IBR can be applied to samples where
questions and statements are expressed in more
human-like natural language. Following Clark et al.
(2020), we train models on the combined training

5We remove the position embedding in path focus selection
to proceed to this test, see Appedix A.1 for details

Data QA PA FA
PV PB IBR PV PB IBR PV PB IBR

DU0 68.7 56.9 53.5 44.4 50.7 47.0 42.8 41.3 47.0
DU1 73.7 97.7 73.1 63.8 63.9 64.6 61.9 63.9 64.5
DU2 89.6 99.9 89.6 72.6 74.5 76.3 72.3 74.4 76.2
DU3 98.6 99.9 98.6 79.1 83.2 87.4 79.1 83.2 87.4

DU5 99.3 99.9 99.4 87.1 88.8 93.5 87.1 88.8 93.4

Table 7: Performance of generalization ability between
PROVER (PV), PROBR (PB), and IBR when testing on
the test split of DU5, after trained on DU0, DU1, DU2,
DU3, and DU5, respectively.

D 0 1 2 3 4 all

Cnt 2968 2406 1443 1036 142 8008

QA
PV 99.7 98.6 98.2 96.5 88.0 98.4
PB 99.8 99.7 99.9 99.8 100 99.8
IBR 99.9 98.8 97.5 96.3 88.7 98.4

PA
PV 99.5 98.0 88.9 90.0 76.1 95.4
PB 99.5 98.0 88.9 90.1 82.4 95.6
IBR 99.8 98.8 91.1 89.0 75.3 95.9

FA
PV 99.4 97.3 88.7 89.9 76.1 95.1
PB 99.4 98.0 88.9 90.1 82.4 95.5
IBR 99.7 98.1 90.9 89.0 75.3 95.7

Table 8: Performance on ParaRules test set, after trained
on combined D3+ParaRules training partitions, includ-
ing PROVER (PV), PROBR (PB), and IBR.

partitions of DU3 and ParaRules then test them on
the ParaRules test set. To our best knowledge, it
is the dataset that is closest to real-world applica-
tions. Table 8 demonstrates that our model sees a
slight promotion in PA/FA while a similar accuracy
as PROVER in QA, indicating that IBR still has
good applicability when doing reasoning on more
complicated and natural texts.

5 Analysis

5.1 Ablation Study

To explore the effects between different compo-
nents in our model, we consider the following abla-
tions: 1) IBR +Gold-Parent: given the gold parent
nodes during inference to explore the accuracy of
child node prediction; 2) IBR +Gold-Child: given
the gold child nodes to verify the accuracy of par-
ent node prediction; 3) w/o QA: removing QA task
in loss to check its impact on proof generation; 4)
w/o node LSTM: using mean pooling rather than
LSTM encoding to get the representations of nodes;
5) w/o focus LSTM: Removing the supplementary
LSTM in path focus selection.

Results on the whole DU5 test split are given
in Table 9. As the numeric performance shows,
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Models QA PA FA

IBR 99.4 93.5 93.5
IBR +Gold-Parent 99.4 95.6 95.3
IBR +Gold-Child 99.4 99.6 99.3
w/o QA - 93.7 -
w/o node LSTM 99.5 93.2 93.2
w/o focus LSTM 99.6 92.6 92.4

Table 9: Results of ablation studies on DU5 dataset. We
use IBR as the backbone.

giving either gold parent nodes or gold child nodes
can benefit the performance especially the later
one. This signifies that our parent node prediction
achieves promising accuracy while the prediction
of child nodes can be further improved. Moreover,
IBR can still learn to generate proofs without super-
vision from answers. And LSTM encoders attribute
to a better representation of both the nodes and the
path that has been derived.

5.2 Latency Analysis
To demonstrate the computational efficiency of
IBR, we compare the per sample inference time
of IBR with EVR, also an iterative proof genera-
tion model, on the test split of DU5. Additionally,
we also compare the per sample inference time
of IBR with PROVER and PROBR, both at-once
models. All models are tested on one NVIDIA
Tesla-V100 GPU with the same batch size and
the beam size of IBR sets to 1 for a fair comparison.
As shown in Figure 4, our IBR could achieve up to
×119.5 speedup compared with EVR, benefiting
from our reasoning based on node and path features
rather than intermediate texts. It is also noticeable
that the runtime of EVR grows linearly with depth,
while such an effect is slight on our model. Because
EVR needs to infer on all contexts at every step, but
IBR uses a simplified parent node prediction based
on the derived path. Figure 5 illustrates that IBR
is also faster than PROVER because PROVER has
some constraints during post-processing in infer-
ence, like ensuring proof connectivity, which takes
extra time.

6 Conclusion

This paper presents IBR, a proof generation model
via iterative backward reasoning for rule-based QA
tasks. We equip the reasoning procedure with de-
tailed hidden state tracking by predicting nodes
and edges in the proof path iteratively backward
from the question, and allow the model to reason
on the elaborate representations of nodes and his-
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Figure 4: Per-sample inference runtime (in second) of
EVR and IBR on DU5 dataset with varying depths.
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Figure 5: Per-sample inference runtime (in second) of
PROVER (PV), IBR, and PROBR (PB) on DU5 dataset
with varying depths.

tory paths. Our model is more interpretable than
previous at-once models, and is also more effective
and efficient than former iterative models. Exper-
iments also demonstrate the superiority of IBR to
various baselines on proof generation under various
settings.
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A Appendix

A.1 Implementation Details

Parameter Value

Training Epochs 8
Optimizer AdamW
Batch Size 16
RoBERTa Learning rate 1e-5
QA and Strategy Pre Learning rate 1e-5
Parent Node Pre Learning rate 2e-4
Child Node Pre Learning rate 5e-4
All LSTM Learning rate 1e-3
Dropout Rate 0.1
LSTM hidden state for parent node

1024
and child node encoding
LSTM hidden state for path encoding

1024
in parent node prediction
Transformer hidden state in path

1024
focus selection
LSTM hidden state in path focus

256
selection
Seed 42

Table 10: Implementation details of IBR.

We implement our model based on PyTorch
along with Huggingface-Transformers toolkit6. We
use RoBERTaLarge model7 as our backbone en-
coder to generate token-level representations. Ta-
ble 10 shows the implementation details of IBR,
including learning rates for different modules. All
linear layers used in our model have one layer. The
model trained after 8 epochs will be used in the
evaluation. We remove functional words without
lexical meaning like "a" and "the" from facts, rules,
and questions to shorten the input length, so each
training epoch takes about 2 hours. We select these
hyper-parameters according to tuning them empiri-
cally based on the performance. All experiments
are run on NVIDIA Tesla-V100 GPUs. The main
experiment performance of IBR fluctuates by one
point.

A.2 Dataset Details

We next introduce the details of the three datasets
used in our experiment. All of them are firstly ap-
plied in rule-based QA and proof generation tasks
in Clark et al., 2020.

6https://github.com/huggingface/
transformers

7https://huggingface.co/roberta-large

Split D Num Fail-proof Num Proof Num Avg. Node

Train

0 21,359 14,597 6,762 0.62
1 15,380 8,618 6,762 1.82
2 10,112 3,350 6,762 3.37
3 8,389 1,627 6,762 4.98
4 7,456 694 6,762 6.90
5 6,987 225 6,762 9.26
all 69,683 29,111 40,572 3.35

Test

0 6,299 4,365 1,934 0.59
1 4,434 2,500 1,934 1.77
2 2,915 981 1,934 3.36
3 2,396 462 1,934 4.99
4 2,134 200 1,934 6.98
5 2,003 69 1,934 9.47
all 20,181 8,577 11,604 3.33

Table 11: The statistics of train and test split in DU5
dataset. Fail-proof and Proof indicate different proof
strategies we discussed in §3.1. Avg. Node indicates
the average node number in a proof path.

DU0-DU5: A series of synthesized datasets
where rules and facts are all generated via manually
designed logical programming, while questions are
generated by combining random logical operations
among them. Data are divided into 5 subsets ac-
cording to their maximum reasoning depth (D) in
the proof path, D = 0, 1, 2, 3, 5. There are 100k
questions in each subset, where 70k / 10k / 20k
samples in the train / validation / test partition re-
spectively. D = 0 means that the question can be
proven directly using a fact in contexts. In our ex-
periment in §4, we only use the data from DU5 for
testing because it covers all possible depths, while
the train set is the train split in DU5 except §4.5,
where we use train split from DU0, DU1, DU2 and
DU3 for training. We provide some statistics of
DU5 in Table 11.

Birds-Electricity: It is a set of data that only
contains 5k test samples for the evaluation of ro-
bustness and out-of-domain performance of mod-
els. The Birds data only require reasoning up to
depth 1 and 2 (B1 and B2), while Electricity data
have reasoning depths ranging from 1 to 4. Both of
them include new vocabulary that is not included
in DU0-DU5.

ParaRules: A more challenging dataset contains
paraphrased samples on the synthesized ones via
crowdsourcing. It has 40k questions against about
2k theories. The statements are expressed in a
more natural way, posing a discrepancy between
DU0-DU5. It has 28k / 4k / 8k samples in the
train / validation / test split respectively. In §4.5,
we combine it with the extensive DU3 for training,
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resulting in a train set containing 119k samples.

A.3 Possible Limitations of Our Model

Since our strategy prediction module and opera-
tions corresponding to different strategies in node
prediction modules are specially designed for the
current datasets, we may need to redesign some
specific operations to reach the best performance,
if some novel proof types are included in new
datasets. But we believe our architecture will still
take effect without modification. Besides, the inter-
pretability of IBR is not so strong as former works
like EVR that make use of intermediate texts.

A.4 Strategy Accuracy of IBR

D Cnt Strategy Accuracy

0 6299 99.9
1 4434 99.1
2 2915 99.3
3 2396 99.0
4 2134 99.2
5 2003 99.7

All 20192 99.4

Table 12: Strategy accuracy of IBR on test split of DU5
after training on training split of DU5.

We provide the strategy prediction accuracy on
DU5 in Table 12. It proves that IBR is also well
able to make predictions on the proof strategies.
This is partly due to RoBERTa’s powerful repre-
sentation capability. On the other hand, there is a
certain connection between the answer to the ques-
tion and the strategy, and there are some common
elements at the semantic representation level that
can be learned together.

A.5 Performance of EVR and IBR on
Fail-proof Samples

As we have discussed in §4.2, EVR (Liang et al.,
2021) is not applicable for samples containing Fail-
proof proofs, because it cannot obtain proper in-
termediate questions to proceed correct following
reasoning. Here, we compare our model with EVR
on these samples in DU0-DU5, as illustrated in
Table 13. Although EVR can achieve promising
performance on answer prediction (QA) for these
samples, it cannot generate any correct proof path
in such cases, which have already been discussed
in its original paper.

D 0 1 2 3 4 5 all

Cnt 4365 2500 981 462 200 69 8577

QA EVR 99.7 99.1 98.9 99.1 98.5 100 99.4
IBR 100 99.1 98.3 97.6 96.5 100 99.3

PA EVR 0.0 0.0 0.0 0.0 0.0 0.0 0.0
IBR 99.8 95.0 89.5 84.4 65.5 28.9 95.0

FA EVR 0.0 0.0 0.0 0.0 0.0 0.0 0.0
IBR 99.8 95.0 89.5 84.4 65.5 28.9 95.0

Table 13: The performance of EVR and IBR on the par-
tial test split of DU5 that only contains samples whose
proofs strategies are Fail-proof.

A.6 Proof Generation samples
We provide some proof generation samples in Fig-
ure 6 for a better understanding of this task, where
questions, all contexts, and the proof path gener-
ated by our IBR are given (all consistent with the
given labels).
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R1: If someone is nice and kind then they like the bear.

R2: If someone sees the dog and they eat the bear then the 

bear is cold. 

R3: If someone is big then they eat the cat. 

R4: If someone is big then they do not see the rabbit. 

R5: If someone is not big and they do not eat the dog then 

the dog is cold. 

R6: If someone is cold then they like the rabbit. 

R7: If someone likes the rabbit then they see the dog.

R8: If the dog eats the cat then the dog is kind. 

R9: If someone likes the dog and they do not eat the cat 

then the dog eats the bear. 

F1: The bear eats the cat.

F2: The bear eats the rabbit.

F3: The cat eats the dog. 

F4: The cat eats the rabbit. 

F5: The cat likes the bear.

F6: The cat sees the rabbit. 

F7: The dog is round. 

F8: The dog likes the bear. 

F9: The dog likes the cat. 

Q1: The bear is cold.

A1 : True

Proof generated by IBR:

Proof Depth = 3 , Strategy: Proof 

R2

Q2: The dog does not see the dog.

A2: False

Proof generated by IBR: 

Proof Depth = 3, Strategy: Proof

F10: The dog sees the bear. 

F11: The rabbit eats the bear.

F12: The rabbit is big. 

F13: The rabbit is cold. 

F14: The rabbit is not kind.

F15: The rabbit does not like the cat.

F16: The rabbit sees the bear. 

Rules: Facts:

F11

F13R7 R6

R7 R6 R6

NAF

NAF

Q3: The dog eats the bear.

A3: False

Proof generated by IBR: 

Proof Depth = 1, Strategy: Fail-proof

R9 FAIL

Figure 6: Some proof cases generated by IBR, along with all contexts and questions, including two proof strategies,
Proof and Fail-proof.
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Abstract

In this work, we study Unsupervised Do-
main Adaptation (UDA) in a challenging self-
supervised approach. One of the difficulties
is how to learn task discrimination in the ab-
sence of target labels. Unlike previous litera-
ture which directly aligns cross-domain distri-
butions or leverages reverse gradient, we pro-
pose Domain Confused Contrastive Learning
(DCCL) to bridge the source and the target do-
mains via domain puzzles, and retain discrim-
inative representations after adaptation. Tech-
nically, DCCL searches for a most domain-
challenging direction and exquisitely crafts do-
main confused augmentations as positive pairs,
then it contrastively encourages the model to
pull representations towards the other domain,
thus learning more stable and effective domain
invariances. We also investigate whether con-
trastive learning necessarily helps with UDA
when performing other data augmentations. Ex-
tensive experiments demonstrate that DCCL
significantly outperforms baselines.

1 Introduction

Pre-trained language models (Devlin et al., 2019;
Liu et al., 2019; Yang et al., 2019) have yielded
considerable improvements with datasets drawing
from various sources. However, the lack of porta-
bility of language model to adapt to a new textual
domain remains a central issue (Gururangan et al.,
2020), especially when the training set and testing
set do not follow the same underlying distribution
(changing of topic and genres) - usually referred to
as domain shift. In this paper, we focus on studying
Unsupervised Domain Adaptation (UDA). UDA
aims at designing adaptation algorithms that at-
tempt to generalize well on the target domain by
learning from both labeled samples from the source
domain and unlabeled samples from the target do-
main. Studying UDA fits real-world scenarios since
labeled data in the target domain is usually absent.
Moreover, advances in UDA will also help out-of-

Source 
Domain

Target 
Domain

Pre-trained LM Domain

Domain 
Puzzles

Pulling Source Domain 
Puzzles Target

Figure 1: Domain puzzles that are domain-confused
and overlook domain-related information, could be re-
garded as lying in an intermediate domain that aims to
pull source and target samples closer to each other and
bridge the two domains by learning domain invariant
representations.

distribution generalizations (Ramponi and Plank,
2020; Krueger et al., 2021).

Extensive algorithms have been proposed to miti-
gate the domain shift problem, for example, domain
adversarial neural network (DANN) (Ganin et al.,
2016) and distribution matching (Zhuang et al.,
2015). For DANN, the training process of joint
optimization is unstable, requiring extensive effort
to tune the hyperparameters (Shah et al., 2018; Du
et al., 2020; Karouzos et al., 2021). As for distri-
bution matching, it is very difficult to preserve the
discriminative power of the model on the target task
while trying to perform instance level alignment
(Saito et al., 2017; Lee et al., 2019). To this end,
it is essential to develop stable and effective solu-
tions to learn domain invariance and instance-wise
matching for UDA.

Recent advances in self-supervised learning
(SSL), such as contrastive learning (CL), have been
proven effective at instance level by leveraging raw
data to define surrogate tasks that help learn repre-
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sentations (Chen et al., 2020a; Khosla et al., 2020;
He et al., 2020; Chen et al., 2020b). CL benefits
from treating instances as classes and conducting
data augmentations to generate positive instance
pairs. Regarding CL for UDA, previous works
mark cross-domain images with the same labels
(for example, real and cartoon dogs) as the positive
pairs in contrastive loss (Wang et al., 2021; Park
et al., 2020). However, such methods are not appli-
cable to NLP tasks because of the massive semantic
and syntactic shifts between two cross-domain sen-
tences. Besides, from the domain adaptation per-
spective, constructing cross-domain positive sam-
ples and aligning domain-agnostic pairs have re-
ceived less emphasis in related literature, since pre-
vious works focus on designing label preserving
text transformations, such as back-translation, syn-
onym, dropout and their combinations (Qu et al.,
2021; Gao et al., 2021).

Confronting with limitations mentioned above,
we propose the concept of domain puzzles which
discard domain-related information to confuse the
model, making it difficult to differentiate which
domain these puzzles belong to. Instead of directly
seeking matched sentences across the source and
target domains which is infeasible, we propose to
pull the source (target) data and its corresponding
domain puzzles closer to reduce the domain dis-
crepancy, as shown in Fig. 1. A simple idea to craft
domain puzzles is to mask domain-specific tokens.
However, token-level operations are too discrete
and non-flexible to reflect the complex semantic
change of natural languages. Hence, we aim to seek
better domain puzzles that retain high-confidence
predictions and task-discriminative power in the
representation space for each training instance.

In this paper, we propose Domain Confused Con-
trastive Learning (DCCL) to encourage the model
to learn similar representations for the original sen-
tence and its curated domain-confused version with
contrastive loss. More specifically, we synthesize
these domain puzzles by utilizing adversarial ex-
amples (Zhu et al., 2020; Jiang et al., 2020). The
algorithm will search for an extreme direction that
roughly points to the opposite domain and produces
most domain-challenging puzzles. We encourage
the model to encode original and domain-confused
samples closer, gradually pulling examples to the
domain decision boundary as training progresses
via CL, thus learning the domain invariance. Fur-
thermore, in order to investigate whether CL neces-

sarily benefits UDA, we conduct experiments and
find that constructing domain puzzles as paired pos-
itive samples is favorable for UDA, however, other
data augmentation methods such as back transla-
tion (Sennrich et al., 2016; Edunov et al., 2018)
do not have the same effect. The experiment re-
sults show that the proposed DCCL significantly
outperforms all the baselines. We also conduct
quantitative experiments to measure the domain
discrepancy after adaptation demonstrating that
DCCL can decrease the divergence between do-
mains in a self-supervised way. Overall, the paper
makes the following contributions:

• First, a new concept of domain puzzles is put
forward. We propose to craft the domain puz-
zles via domain-confused adversarial attack;

• Second, we propose DCCL, which is able to
pull source and target samples closer to the
crafted domain puzzles. The DCCL is capable
of reducing domain shift and learning domain
invariance;

• Third, experiments demonstrate that the pro-
posed DCCL surpasses baselines with a large
margin. We also conduct analyzing experi-
ments to verify the effectiveness.

2 Preliminaries

2.1 Unsupervised Domain Adaptation

Problem Setup Suppose we have access to a
source dataset with n labeled data points DS =
{xi, yi}1,...,n sampled i.i.d. from the source do-
main, and a target dataset with m unlabeled points
DT = {xj}1,...,m sampled i.i.d. from the target
domain, where xi, xj are sequences of tokens, yi
is the class label for xi. For in-domain training
with labeled training instances, the model aims to
learn a function f(x; θf , θy) : x → C. θf is the
parameter of the deep neural network encoder (e.g.,
pretrained language model), θy denotes parameters
that compute the network’s class label predictions,
and C is the label set. The model is learned with
the following objective:

min
θf ,θy

∑
(x,y)∼DS

[L(f(x; θf , θy), y)]. (1)

However, for Unsupervised Domain Adaptation
(UDA), the goal of the adaptation algorithm is to
learn a discriminative classifier from the source
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Figure 2: Overview of the framework of the proposed method DCCL.

domain, which at the same time could general-
ize well on the target domain by leveraging un-
labeled target data and learning a mapping between
source and target domains. It is generally acknowl-
edged that the discrepancy between two datasets
(domain shift) can be reduced by aligning two dis-
tributions (Ben-David et al., 2006; Ben-David et al.,
2010). The methods that learn domain invariant fea-
tures for domain alignment include KL divergence
(Zhuang et al., 2015), Maximum Mean Discrep-
ancy (MMD) (Gretton et al., 2012), and Domain
Adversarial Neural Network (DANN) (Ganin et al.,
2016) (details of DANN can be found in Appendix.
B). DANN suffers from a vanishing gradient prob-
lem (Shen et al., 2018), and the training process is
unstable (Shah et al., 2018; Du et al., 2020). Hence,
more efficient and stable algorithms are essential
for UDA (Wu et al., 2019b).

2.2 Adversarial Training

Adversarial training with perturbations has been
shown to significantly improve the performance
of the state-of-the-art language models for many
natural language understanding tasks (Madry et al.,
2018; Zhu et al., 2020; Jiang et al., 2020; Pereira
et al., 2021). The algorithm generally considers
adversarial attacks with perturbations to word em-
beddings and minimizes the resultant adversarial
loss around the input samples. In a single domain,
adversarial training (Goodfellow et al., 2015) is an
inner max, outer min adversarial problem with the
objective:

min
θf ,θy

∑
(x,y)∼D

[max
δ
L(f(x+δ; θf , θy), y)]. (2)

With (2), the standard adversarial training can also
be regularized using virtual adversarial training
(Miyato et al., 2018), which encourages smooth-
ness in the embedding space. The αadv controls
the trade-off between the two losses, usually set to

be 1.

min
θf ,θy

∑
(x,y)∼D

[
L(f(x; θf , θy), y) + αadv

max
δ
L(f(x+ δ; θf , θy), f(x; θf , θy))

]
.

(3)

For (2)(3), the inner maximization can be solved
by Projected Gradient Decent (PGD) (Madry et al.,
2018) with an additional assumption that the loss
function is locally linear. A following iteration can
approximate the adversarial perturbation δ:

δt+1 = Π∥δ∥F≤ϵ(δt + η
gadvy (δt)

∥gadvy (δt)∥F
), (4)

gadvy (δt) = ∇δ L(f(x+ δt; θf , θy), y), (5)

where Π∥δ∥F≤ϵ performs a projection onto the ϵ-
ball. The advantages of PGD lie in that it only relies
on the model itself to produce diverse adversarial
samples, enabling the model to generalize better to
unseen data.

3 Method

In this section, we focus our discussions on the
proposed Domain Confused Contrastive Learning
(DCCL) under a sentiment classification scenario.
The overall framework of our method is illustrated
in Fig. 2. The model will take source labeled and
target unlabeled sentences as input. It will then
augment the input data with domain puzzles by
fabricating adversarial perturbations. With the aug-
mented data, the next step produces a hidden repre-
sentation for each instance with an encoder which
will be further used to produce three losses to train
the entire model, namely sentiment classification
loss, contrastive loss and consistency loss.

3.1 Crafting domain puzzles
For UDA, Saito et al. (2017) mentions that simply
matching the distributions cannot ensure high accu-
racy on the target domain without the target labels.
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this book never ages, it is sincerely ageless

this [MASK] never ages, it is sincerely ageless

this [MASK] will not go out of styles

this music will not go out of styles

source 
domain:

target 
domain:

domain 
puzzles:

Figure 3: Two sentences sampled from Book and Music
reviews. Alternatively, we can match original sentences
with its degraded masked versions.

Moreover, it may cause negative transfer, deteri-
orating knowledge transfer from source domain
to the target domain (Wang et al., 2019). Even if
the matched sentences have the same label, due to
huge syntactic and semantic shift, instance-based
matching strategies that align examples from differ-
ent domains will introduce noises for pre-trained
language models, for example, aligning source do-
main and target domain sentences in Fig. 3.

Alternatively, we can locate and mask domain-
specific tokens which are related to sentence topics
and genres. Since sentences in the green box of
Fig. 3 become domain-agnostic, we refer to those
domain-confused sentences (one cannot tell which
domain these sentences belong to) as domain puz-
zles. Matching distributions between the source
domain and the domain puzzles, as well as the
target domain and the domain puzzles, will also
make language models produce domain invariant
representations.

However, the domain-specific tokens are not al-
ways evident, due to the discrete nature of natural
languages, it is challenging to decide correct tokens
to mask without hurting the semantics especially
when the sentences are complicated1. Hence, we
seek domain puzzles in the representation space
and introduce adversarial perturbations, because
we can rely on the model itself to produce diverse
but targeted domain puzzles. Note that the pur-
pose of adversarial attack here is not to enhance the
robustness, but to construct exquisitely produced
perturbations for a better domain invariance in the
representation space.

To generate domain-confused augmentations,
we adopt adversarial attack with perturbations for
domain classification. The loss for learning a do-
main classifier with adversarial attack can be speci-

1Masking is not our focus in this paper. More detailed im-
plementation can be found in section 4.4. We will investigate
how to extract better domain tokens in our future work.

domain decision 
boundary

(a) Postive sampling

in-domain and cross-domain
negative sampling

in-domain
negative sampling

Source Domain 
puzzles

Target

(b) Negative sampling

Figure 4: Proposed adaptation sampling method

fied as follows:

Ldomain = L(f(x; θf , θd), d)+
αadv L(f(x+ δ; θf , θd), f(x; θf , θd)), (6)

δ = Π∥δ∥F≤ϵ(δ0 + η
gadvd (δ0)

∥gadvd (δ0)∥F
), (7)

where δ0 is the initialized noise, θd is the parameter
corresponding to the computation of the domain
classification, and d is the domain label. Due to ad-
ditional overhead incurred during fine-tuning large
pre-trained language models, the number of itera-
tions for perturbation estimation is usually 1 (Jiang
et al., 2020; Pereira et al., 2021), as shown in Eq. 7.
We synthesize the perturbation δ by searching for
an extreme direction that perplexes the domain clas-
sifier most in the embedding space, and f(x+δ; θf )
is the crafted domain puzzles encoded by the lan-
guage model.

3.2 Learning invariance with domain puzzles
After acquiring domain puzzles, simply applying
distribution matching will sacrifice discriminative
knowledge learned from the source domain (Saito
et al., 2017; Lee et al., 2019), and instance-based
matching will also overlook global intra-domain in-
formation. To learn sentiment-wise discriminative
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representations in the absence of the target labels,
we propose to learn domain invariance via con-
trastive learning (CL). In general, CL benefits from
the definition of the augmented positive and neg-
ative pairs by treating instances as classes (Chen
et al., 2020a; Khosla et al., 2020; He et al., 2020;
Chen et al., 2020b). Furthermore, the contrastive
loss encourages the positive pairs to be close to
each other and negative pairs to be far apart. Specif-
ically, maximizing the similarities between positive
pairs learns an invariant instance-based representa-
tion, and minimizing the similarities between nega-
tive pairs learns a uniformly distributed represen-
tation from a global view, making instances gath-
ered near the task decision boundary away from
each other (Saunshi et al., 2019; Grill et al., 2020).
This will help to enhance task discrimination of the
learned model.

For positive pairs, intuitively, we hope that the
model could encode the original sentence and most
domain-challenging examples to be closer in the
representation space, gradually pulling examples
to the domain decision boundary as training pro-
gresses. For negative sampling, it widens the
sentiment decision boundary and promotes better
sentiment-wise discriminative features for both do-
mains. However, for cross-domain negative sam-
pling, the contrastive loss may push the negative
samples in the target (source) domain away from
the anchor in the source (target) domain (see Fig. 4
(b) left). This is contradictory to the objective of
domain puzzles which try to pull different domains
closer. To avoid the detriment of cross-domain re-
pulsion, excluding samples with different domains
from the negative set is of great importance. There-
fore, we write the following contrastive infoNCE
loss (Chen et al., 2020a) as follow:

Lcontrast = − 1

N

N∑

i

log
exp(s(zi, z

′
i)/τ)∑N

k 1k ̸=i exp(s(zi, zk)/τ)
, (8)

where N is the mini batch size with samples from
the same domain, zi = g(f(xi; θf )), and g(·)
is one hidden layer projection head. We denote
x′ = x+δ as the domain puzzle augmentation, s(·)
computes cosine similarity, 1k ̸=i is the indicator
function, and τ is the temperature hyperparameter.

3.3 Consistency Regularization
Given perturbed embedding x+ δ, which is crafted
based on domain classification, we also encourage
the model to produce consistent sentiment predic-
tions with that of the original instance f(x; θf , θy).

Algorithm 1 DCCL
Input: For simplicity, θ is the parameter of the

whole model. T : the total number of iterations,
(x, y) ∼ DS : source dataset with sentiment
label y, (x, d) ∼ DS DD: source and target
dataset with domain label d, K: the number
of iterations for updating δ, σ2: the initialized
variance, ϵ: perturbation bound, η: the step
size, γ: global learning rate, N : batch size, τ :
temperature, g(·):one hidden layer projection
head. αadv, α, λ and β: weighting factor.

1: for epoch = 1, .., T do
2: for minibatch N do
3: δ ← N (0, σ2I)

4: for m = 1, ..,K do
5: gadvd ← ∇δ L(f(x+ δ; θ), d)

6: δ ← Π∥δ∥F≤ϵ(δ + ηgadvd /∥gadvd ∥F )
7: end for
8: Ldomain ← L(f(x; θ), d)

+αadv L(f(x+ δ; θ), d)

9: z = g(f(x; θ))

10: z′ = g(f(x+ δ; θ))

11: for i = 1, ..., N and j = 1, ..., N do
12: s′i = z⊤i z

′
j/∥zi∥∥z′j∥

13: si,j = z⊤i zj/∥zi∥∥zj∥
14: end for
15: Lcontrast ← − 1

N

N∑
i

log
exp(s′i/τ)∑N

j 1j ̸=i exp(si,j/τ)

16: Lconsist ← L(f(x; θ), f(x+ δ; θ))

17: gθ ← ∇θ L(f(x; θ), y) + α∇θ Ldomain

+λ∇θ Lcontrast +β∇θ Lconsist

18: θ ← θ − γgθ
19: end for
20: end for
Output: θ

For this, we minimize the symmetric KL diver-
gence, which is formulated as:

Lconsist = L(f(x; θf , θy), f(x+ δ; θf , θy)). (9)

For overall training objective, we train the neural
network in an end-to-end manner with a weighted
sum of losses as follows.

min
θf ,θy,θd

∑

(x,y)∼DS

L(f(x; θf , θy), y)+

∑

(x,y)∼DS ,DT

[αLdomain +λLcontrast +β Lconsist].
(10)

Details of proposed DCCL are summarized in Al-
gorithm 1.
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4 Experiments

4.1 Datasets
Amazon Benchmark (Blitzer et al., 2007)2. We
conduct experiments on this dataset for complete-
ness since most of previous works report results
on it. The dataset contains four domains: Book
(BK), DVD (D), Electronics (E) and Kitchen house-
wares (K). There are 2,000 balanced labeled data
for each domain, we randomly select 20,000 unla-
beled reviews for BK, D and E. For K, only 17,856
unlabeled reviews are available.
Amazon review dataset (He et al., 2018)3. This
dataset considers neutral instances which may not
bias the dataset and bring more challenges4. The
dataset also contains four domains: Book (BK),
Electronics (E), Beauty (BT), and Music (M). Fol-
lowing He et al. (2018), we treat set 1 as labeled
dataset containing 6, 000 instances, and treat set
2 as unlabeled dataset which also contains 6, 000
instances. More details about two datasets can be
found in Appendix A.

4.2 Experiment Settings
For unsupervised adaptation setting, we should not
have access to target labeled data at the training
phase, so trained models with minimum classifica-
tion error on the source validation set is saved for
evaluation. At this point, we suppose a good model
that generalizes well on the target domain is able to
reach high performance on both validation and test
set at the same time. We evaluate our model with 5
runs in all experiments, and we report the average
score, standard deviation and paired t-test results.

4.3 Implementation Details
For pre-trained language model, we use BERT base
uncased (Devlin et al., 2019) as the basis for all
experiments. The max length is set to 512. For
optimizer, we use AdamW (Kingma and Ba, 2015;
Loshchilov and Hutter, 2019) with weight decay
0.01 (for BERT baseline, we set 1e-4). We set the
learning rate as 1e-5, and we use a linear scheduler
with warm-up steps 0.1 of total training steps.

We set the number of adversarial iterations to
be 1, adversarial weighting factor αadv = 1 and
we use l2 norm to compute projections. We also

2https://www.cs.jhu.edu/ mdredze/datasets/sentiment/
3https://github.com/ruidan/DAS
4The original crawled reviews contain star ratings (1 to 5

stars). Comparing with Amazon Benchmark which discards
the neutral class, this dataset labels them with rating < 3, > 3,
= 3 as negative, positive, and neutral respectively.

follow Zhu et al. (2020) to set other adversarial hy-
perparameters, e.g., adversarial step size η = 5e-2,
perturbation bound ϵ = 5e-2. For weighting factors,
we set α = 1e-3, λ = 3e-2 and β = 5. We train the
model with 8 epochs, temperature τ and batch size
N will be discussed later. Each adaptation requires
half one hour on one A-100.

4.4 Baselines

BERT base: Fine-tune BERT on the source, with-
out using target unlabeled data, then directly eval-
uate on the target labeled data. KL: Use sym-
metric KL-divergence loss of embedded instances
between the source and target domains (Zhuang
et al., 2015). MMD: Maximum Mean Discrepancy
loss (Gretton et al., 2012) measures the distance
based on the notion of embedding probabilities
in a reproducing kernel Hilbert space. We imple-
ment a gaussian kernel which is a common choice.
DANN: The adaptation rate is λ = 2

1+exp(−γp) − 1,
p = t

T , where t and T are the number of cur-
rent training steps and total steps. γ requires
careful tuning within [0.05, 0.1, 0.15, 0.2]. back-
trans+CL: To investigate the effectiveness of do-
main puzzles, we implement Back translation (Sen-
nrich et al., 2016; Edunov et al., 2018), which is
one of the widely used data augmentation tech-
niques. We utilize en-de translation model pre-
trained on WMT19 and released in fairseq (Ott
et al., 2019). The model is trained with con-
trastive loss on the source and target domain re-
spectively. mask+CL: We mask domain specific
tokens to make the augmentation become domain-
agnostic. Since information extraction is not our
focus, we identify domain specific tokens via a
simple frequency-ratio method (Li et al., 2018; Wu
et al., 2019a): s(u, d) = count(u,Dd)+λ∑

d′∈D,d′ ̸=d count(u,Dd
′
)+λ

,

where count(u,Dd) represents the number of
times a token u appears in domain d. Smoothing λ
is set to 1. When s(u, d) is larger than 5, we mark
a token u as a domain specific token. Through
counting, the number of masked tokens accounted
for 0.06 of the total length. mask: To investigate
the effectiveness of contrastive loss, after masking
domain-specific tokens, we further let the model
train with augmented data without contrastive loss.
R-PERL (Ben-David et al., 2020) is a pivot-based
method, and DAAT (Du et al., 2020) combines
DANN and post-training. All the methods in Tabel
1 and Table 2 are implemented based on BERT
model for fair comparisons.
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Method E→BK BT→BK M→BK BK→E BT→E M→E BK→BT E→BT M→BT BK→M E→M BT→M Ave.
BERT base 64.34∗1.3 65.87∗1.9 64.12∗1.7 52.25∗1.8 66.01∗1.0 59.49∗1.1 55.01∗1.7 66.02∗1.3 56.50∗2.1 55.66∗1.5 61.34∗0.8 62.34∗1.2 60.741.5
KL 64.77∗0.8 67.03∗0.7 65.13∗1.0 56.96∗1.2 65.43∗1.5 60.30∗0.7 58.47∗0.9 66.22∗0.5 58.80∗1.3 57.53∗0.7 60.02∗1.4 64.41∗1.1 62.091.0
MMD 65.41∗0.7 68.54∗1.1 64.77∗1.3 58.84∗1.6 66.39∗1.5 59.29∗1.9 60.75∗1.5 66.50∗0.9 57.42∗1.3 59.37∗1.4 59.47∗1.0 65.03∗1.6 62.651.3
DANN 66.43∗2.4 67.74∗2.9 65.64∗3.7 54.31∗4.1 65.93∗3.0 59.91∗1.9 58.11∗3.5 67.19∗0.5 56.00∗2.7 54.02∗2.9 60.36∗3.1 63.09∗2.7 61.562.8
back-trans+CL 67.16∗1.4 68.31∗0.8 67.78∗1.8 59.55∗1.1 66.51∗0.3 60.13∗1.4 60.92∗0.7 68.54∗0.8 60.44∗0.9 60.21∗1.1 61.73∗1.3 64.29∗0.7 63.791.0
mask 65.17∗1.1 66.91∗1.4 65.59∗0.9 52.74∗1.5 67.14∗1.9 60.48∗0.7 54.76∗1.6 66.50∗1.4 56.61∗1.7 55.64∗1.6 62.17∗0.9 63.09∗1.0 61.401.3
mask+CL 68.80∗1.2 69.93∗0.7 70.65∗0.9 60.50∗1.3 68.020.7 60.80∗1.2 62.17∗0.8 69.170.5 62.06∗1.5 60.56∗1.4 63.940.7 65.400.6 65.170.9
DCCL 70.330.3 70.920.6 71.110.7 62.360.7 68.410.2 62.110.6 64.131.4 69.330.4 65.400.8 64.671.7 64.671.0 66.701.4 66.680.8

Table 1: Accuracy (%) results of Amazon review dataset. For example, E→BK denotes training on Electronics (E)
and adapting to Book (BK). All the results are reported with average and standard deviation in 5 runs. ∗ indicates
the DCCL improvements are significant with p < 0.05. There are four domains available in the dataset, therefore
we have 12 adaptation groups of tasks.

Method D→BK K→BK E→BK BK→D K→D E→D BK→K D→K E→K BK→E D→E K→E Ave.
R-PERL 85.6 83.0 83.9 87.8 85.6 84.8 90.2 90.4 91.2 87.2 89.3 91.2 87.5
DAAT 90.86 87.98 88.91 89.70 88.81 90.13 90.75 90.50 93.18 89.57 89.30 91.72 90.12
BERT base 89.76∗0.3 88.31∗0.4 88.09∗0.9 89.27∗0.5 87.68∗0.8 88.41∗1.2 88.27∗0.4 87.67∗0.5 92.160.7 87.18∗0.4 86.91∗0.7 91.220.8 88.740.6
KL 89.23∗0.5 87.61∗0.5 88.37∗0.7 89.49∗0.6 88.03∗0.5 88.56∗0.7 88.77∗0.5 87.89∗0.7 91.211.3 88.62∗0.4 87.03∗0.9 90.34∗1.5 88.760.7
MMD 88.68∗0.7 88.610.3 88.27∗1.0 88.38∗1.0 89.090.5 89.31∗0.6 87.74∗0.8 89.04∗0.8 91.201.0 89.49∗0.3 88.70∗0.5 89.79∗1.2 89.030.6
DANN 88.64∗1.3 86.09∗1.7 87.91∗1.5 89.561.0 89.110.9 89.19∗1.1 89.68∗1.3 88.73∗1.8 91.41∗1.3 87.30∗1.6 88.53∗0.6 90.81∗1.1 88.911.3
mask+CL 90.740.3 88.280.7 89.44∗0.4 90.310.2 88.74∗0.5 89.72∗0.8 90.40∗0.4 89.57∗0.4 92.490.4 89.91∗0.3 89.650.4 91.190.6 90.080.5
DCCL 91.170.3 88.530.4 89.700.5 90.030.4 89.530.3 90.490.5 91.050.5 90.780.4 92.540.5 90.420.3 89.550.4 91.930.5 90.480.4

Table 2: Accuracy (%) results of Amazon Benchmark. Results of R-PERL and DAAT are taken from Ben-David
et al. (2020) and Du et al. (2020) respectively.

4.5 Results

Will contrastive learning necessarily help the
Unsupervised Domain Adaptation?
As discussed earlier, when performing contrastive
learning on source labeled examples and target un-
labeled examples respectively, it learns a uniformly
distribute representation and helps promote better
discriminative features for both domains. However,
for some adaptation tasks in Table 1, for example,
BT→E, M→E, and E→M, back-trans+CL shows
that contrastive learning only gains marginal ben-
efit. When masking domain-specific tokens and
pulling original sentence representations to those
domain puzzles, the effect of contrastive learning
becomes more apparent (mask+CL with average
score 65.17 compared with back-trans+CL 63.79
and mask 61.40 in Table.1). This finding helps
to explain that choices of positive examples are
critical and domain confused augmentations will
further benefit adaptation.

DCCL outperforms baselines.
From Table 1 we can observe that the proposed
DCCL outperforms all other methods with a large
margin and p < 0.05 using paired t-test, and 5.94%
improvement over BERT base. From Table 2, we
can also observe 1.74% improvement over BERT
base, and DCCL also surpasses state-of-the-art

methods R-PERL (Ben-David et al., 2020) and
DAAT (Du et al., 2020). We note that Amazon
Benchmark dataset is quite easy, since it discards
neutral instances, BERT base model has already
achieved high scores on this dataset. Besides, we
observe that the effect of distribution matching
methods (KL and MMD) is limited on two datasets.
The reason might be that pre-trained language mod-
els trained with massive and heterogeneous corpora
already have strong generalization ability. Learn-
ing such cross-domain and instance-based match-
ing will bring perplexity to language models and
sacrifice task discrimination (Saito et al., 2017; Lee
et al., 2019). On the contrary, the proposed DCCL
retains such information in a self-supervised way.
Furthermore, we notice that DANN is very unsta-
ble, besides adaptation rate λ, the model is also
sensitive to other hyperparameters such as learning
rate and training epochs because the performance
on the target domain will keep decreasing when
training with longer steps. Hence, it is difficult
for the model to achieve the lowest error rates on
both the source and target domains simultaneously.
Compared to DANN, DCCL is much more stable
and has lower standard deviations on most adapta-
tion tasks.

Contrastive learning designs.
We explore different hyperparameter values for the
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Figure 5: Hyperparameters for contrastive learning

proposed DCCL in E→BK, as is shown in Fig. 5.
We find that a temperature of 0.5 combined with
the batch size 32 can achieve the best performance.
We also notice that setting the temperature too high
or too low can significantly affect adaptation per-
formances, while a larger batch size usually brings
a relatively smaller improvement.

4.6 Ablation Studies

We conduct an ablation study on each component
in Eq. 10 to inspect the contribution of contrastive
learning, as is shown in Table 3. We can see that
every single component can render a better adapta-
tion performance. In particular, the effectiveness of
Lcontrast is observable with 3~5 performance gain
compared to baselines (row 4 vs. row 2, and row 5
vs. row 3). When training curated domain puzzles
as simple augmentations without contrastive loss,
we can observe only a slight improvement (row 2
vs. row 1). This result demonstrates that the perfor-
mance gain brought by DCCL does not come from
data augmentation, and learning robustness against
adversarial attacks will not largely help adaptation.

Ldomain Lconsist Lcontrast E→BK M→BT
64.65 55.85√
67.23 58.9√ √
67.85 59.1√ √
70.12 64.73√ √ √
70.21 64.87

Table 3: Ablation studies of DCCL on each component

5 Analysis

5.1 Visualization

We perform visualizations for trained representa-
tions as illustrated in Fig. 6. When training with the
source domain and then adapting to the target do-
main (BERT-base), we can observe a considerable

domain shift for BERT encoder on this amazon
review dataset. Moreover, as mentioned before,
continuing training DANN with larger epochs will
substantially drop the score (from the highest point
(DANN-best) to the lowest point (DANN-worst)).
However, we can also see that DCCL mitigates
domain shift but remains good sentiment discrimi-
nation on the target domain.

BERT-base acc 64.7 DANN-best acc 68.25

DANN-worst acc 33.75 DCCL acc 70.15

source negative source neutral source positive
target negative target neutral target positive

Figure 6: t-SNE visualization for E→BK task

5.2 Quantitative Results

A-distance measures domain discrepancies (Ben-
David et al., 2006; Ben-David et al., 2010), with
the definition as dA = 2(1 − 2ϵ), where ϵ is the
domain classification error. To fairly compare with
A-distance of the baselines, we use linear SVM to
calculate ϵ following previous work (Saito et al.,
2017; Du et al., 2020). We randomly select 2,000
instances for both source and target domain and
split them with 1:1 for train and test for the SVM
model. From Fig. 7, we can observe that DCCL
can learn a good balance between sentiment clas-
sification and domain discrepancy, compared to
DANN-best and DANN-worst.

6 Related Work

Unsupervised Domain Adaptation
UDA in NLP has the following approaches: (1)
Pivot-based methods use unlabeled data from both
domains, trying to discover characteristics that are
similar (Pan et al., 2010). Some recent works
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Figure 7: A-distance for E→BK and M→BT tasks

extend pivots with autoencoders and contextual-
ized embeddings (Ziser and Reichart, 2017; Miller,
2019; Ben-David et al., 2020). (2) Pseudo-labeling
leverages a trained classifier to predict labels on
unlabeled examples, which are subsequently con-
sidered as gold labels (Yarowsky, 1995; Zhou and
Li, 2005; McClosky et al., 2006). Recent works
also combine this technique with pre-trained lan-
guage models (Lim et al., 2020; Ye et al., 2020).
(3) Data selection methods adopt domain similarity
metrics to find the best match for each data and use
curriculum learning for large pre-trained models
(Ma et al., 2019; Aharoni and Goldberg, 2020). A
recent method adopt distance-bandit (Guo et al.,
2020) for similarity metric. (4) Domain Adversar-
ial Neural Networks (Ganin et al., 2016). Some ap-
proaches leverage Wasserstein distance to stabilize
adversarial training (Shen et al., 2018; Shah et al.,
2018), and combine it with post-training which can
produce better adversarial results (Du et al., 2020).
(5) Adaptive pre-training is a more straightforward
but effective method (Gururangan et al., 2020; Han
and Eisenstein, 2019; Karouzos et al., 2021) by
leveraging the objective of masked language model
(MLM). A wide range of pre-training methods for
domain adaptation (multi-phase, multi-task) are put
forward (Han and Eisenstein, 2019; Karouzos et al.,
2021).

Contrastive learning
CL has recently gained popularity as a reliable ap-
proach for unsupervised representation learning. It
is generally acknowledged that a good representa-
tion should distinguish itself from other instances
while identifying similar instances. For Computer
Vision, there are approaches obtaining augmented
images using transformations including cropping,
rotation, etc. (Chen et al., 2020a; Khosla et al.,
2020; He et al., 2020; Chen et al., 2020b). As for
Natural Language Processing, many works study
different label-preserving augmentations, such as
back-translations, synonyms, adversaries, dropout,

and their combinations (Qu et al., 2021; Gao et al.,
2021). In addition, many pre-trained language mod-
els trained with contrastive loss are also released.
DeCLUTR (Giorgi et al., 2021) and CLEAR (Wu
et al., 2020) jointly train the model with a con-
trastive objective and a masked language model
setting. ConSERT (Yan et al., 2021) overcomes
the collapse problem of BERT-derived sentence
representations and makes them more suitable for
downstream applications by using unlabeled texts.

7 Conclusion

In this work, we put forward a new concept, domain
puzzles, which can be crafted through domain-
specific token mask and domain-confused adver-
sarial attacks. And we provide a more stable and
effective solution to learn domain invariance for
unsupervised domain adaptation. The proposed
method DCCL surpasses baselines with a large
margin by mitigating domain shift without losing
discriminative power on the target domain. More-
over, the proposed framework can also be extended
to other NLP tasks demanding adaptations, and we
leave this for future work.
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Swayamdipta, Kyle Lo, Iz Beltagy, Doug Downey,
and Noah A. Smith. 2020. Don’t stop pretraining:
Adapt language models to domains and tasks. In
Proceedings of the 58th Annual Meeting of the
Association for Computational Linguistics, pages
8342–8360, Online. Association for Computational
Linguistics.

Xiaochuang Han and Jacob Eisenstein. 2019. Unsu-
pervised domain adaptation of contextualized em-
beddings for sequence labeling. In Proceedings of
the 2019 Conference on Empirical Methods in Natu-
ral Language Processing and the 9th International
Joint Conference on Natural Language Processing
(EMNLP-IJCNLP), pages 4238–4248, Hong Kong,
China. Association for Computational Linguistics.

Kaiming He, Haoqi Fan, Yuxin Wu, Saining Xie, and
Ross B. Girshick. 2020. Momentum contrast for un-
supervised visual representation learning. In 2020
IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition, CVPR 2020, Seattle, WA, USA,
June 13-19, 2020, pages 9726–9735. IEEE.

Ruidan He, Wee Sun Lee, Hwee Tou Ng, and Daniel
Dahlmeier. 2018. Adaptive semi-supervised learning

2991

https://aclanthology.org/P07-1056
https://aclanthology.org/P07-1056
http://proceedings.mlr.press/v119/chen20j.html
http://proceedings.mlr.press/v119/chen20j.html
https://arxiv.org/abs/2003.04297
https://arxiv.org/abs/2003.04297
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/2020.acl-main.370
https://doi.org/10.18653/v1/2020.acl-main.370
https://doi.org/10.18653/v1/D18-1045
https://doi.org/10.18653/v1/D18-1045
https://doi.org/10.18653/v1/2021.emnlp-main.552
https://doi.org/10.18653/v1/2021.emnlp-main.552
https://doi.org/10.18653/v1/2021.acl-long.72
https://doi.org/10.18653/v1/2021.acl-long.72
http://arxiv.org/abs/1412.6572
http://arxiv.org/abs/1412.6572
https://proceedings.neurips.cc/paper/2020/hash/f3ada80d5c4ee70142b17b8192b2958e-Abstract.html
https://proceedings.neurips.cc/paper/2020/hash/f3ada80d5c4ee70142b17b8192b2958e-Abstract.html
https://aaai.org/ojs/index.php/AAAI/article/view/6288
https://aaai.org/ojs/index.php/AAAI/article/view/6288
https://doi.org/10.18653/v1/2020.acl-main.740
https://doi.org/10.18653/v1/2020.acl-main.740
https://doi.org/10.18653/v1/D19-1433
https://doi.org/10.18653/v1/D19-1433
https://doi.org/10.18653/v1/D19-1433
https://doi.org/10.1109/CVPR42600.2020.00975
https://doi.org/10.1109/CVPR42600.2020.00975
https://doi.org/10.18653/v1/D18-1383


for cross-domain sentiment classification. In Pro-
ceedings of the 2018 Conference on Empirical Meth-
ods in Natural Language Processing, pages 3467–
3476, Brussels, Belgium. Association for Computa-
tional Linguistics.

Haoming Jiang, Pengcheng He, Weizhu Chen, Xi-
aodong Liu, Jianfeng Gao, and Tuo Zhao. 2020.
SMART: Robust and efficient fine-tuning for pre-
trained natural language models through principled
regularized optimization. In Proceedings of the 58th
Annual Meeting of the Association for Computational
Linguistics, pages 2177–2190, Online. Association
for Computational Linguistics.

Constantinos Karouzos, Georgios Paraskevopoulos, and
Alexandros Potamianos. 2021. UDALM: Unsuper-
vised domain adaptation through language modeling.
In Proceedings of the 2021 Conference of the North
American Chapter of the Association for Computa-
tional Linguistics: Human Language Technologies,
pages 2579–2590, Online. Association for Computa-
tional Linguistics.

Prannay Khosla, Piotr Teterwak, Chen Wang, Aaron
Sarna, Yonglong Tian, Phillip Isola, Aaron
Maschinot, Ce Liu, and Dilip Krishnan. 2020. Su-
pervised contrastive learning. In Advances in Neural
Information Processing Systems 33: Annual Confer-
ence on Neural Information Processing Systems 2020,
NeurIPS 2020, December 6-12, 2020, virtual.

Diederik P. Kingma and Jimmy Ba. 2015. Adam: A
method for stochastic optimization. In 3rd Inter-
national Conference on Learning Representations,
ICLR 2015, San Diego, CA, USA, May 7-9, 2015,
Conference Track Proceedings.

David Krueger, Ethan Caballero, Jörn-Henrik Jacob-
sen, Amy Zhang, Jonathan Binas, Dinghuai Zhang,
Rémi Le Priol, and Aaron C. Courville. 2021. Out-
of-distribution generalization via risk extrapolation
(rex). In Proceedings of the 38th International Con-
ference on Machine Learning, ICML 2021, 18-24
July 2021, Virtual Event, volume 139 of Proceedings
of Machine Learning Research, pages 5815–5826.
PMLR.

Seungmin Lee, Dongwan Kim, Namil Kim, and Seong-
Gyun Jeong. 2019. Drop to adapt: Learning dis-
criminative features for unsupervised domain adapta-
tion. In 2019 IEEE/CVF International Conference on
Computer Vision, ICCV 2019, Seoul, Korea (South),
October 27 - November 2, 2019, pages 91–100. IEEE.

Juncen Li, Robin Jia, He He, and Percy Liang. 2018.
Delete, retrieve, generate: a simple approach to senti-
ment and style transfer. In Proceedings of the 2018
Conference of the North American Chapter of the
Association for Computational Linguistics: Human
Language Technologies, Volume 1 (Long Papers),
pages 1865–1874, New Orleans, Louisiana. Associa-
tion for Computational Linguistics.

KyungTae Lim, Jay Yoon Lee, Jaime G. Carbonell, and
Thierry Poibeau. 2020. Semi-supervised learning

on meta structure: Multi-task tagging and parsing in
low-resource scenarios. In The Thirty-Fourth AAAI
Conference on Artificial Intelligence, AAAI 2020, The
Thirty-Second Innovative Applications of Artificial
Intelligence Conference, IAAI 2020, The Tenth AAAI
Symposium on Educational Advances in Artificial In-
telligence, EAAI 2020, New York, NY, USA, February
7-12, 2020, pages 8344–8351. AAAI Press.

Yinhan Liu, Myle Ott, Naman Goyal, Jingfei Du, Man-
dar Joshi, Danqi Chen, Omer Levy, M. Lewis, Luke
Zettlemoyer, and Veselin Stoyanov. 2019. Roberta:
A robustly optimized bert pretraining approach.
ArXiv, abs/1907.11692.

Ilya Loshchilov and Frank Hutter. 2019. Decoupled
weight decay regularization. In 7th International
Conference on Learning Representations, ICLR 2019,
New Orleans, LA, USA, May 6-9, 2019. OpenRe-
view.net.

Xiaofei Ma, Peng Xu, Zhiguo Wang, Ramesh Nalla-
pati, and Bing Xiang. 2019. Domain adaptation
with BERT-based domain classification and data se-
lection. In Proceedings of the 2nd Workshop on
Deep Learning Approaches for Low-Resource NLP
(DeepLo 2019), pages 76–83, Hong Kong, China.
Association for Computational Linguistics.

Aleksander Madry, Aleksandar Makelov, Ludwig
Schmidt, Dimitris Tsipras, and Adrian Vladu. 2018.
Towards deep learning models resistant to adversarial
attacks. In 6th International Conference on Learning
Representations, ICLR 2018, Vancouver, BC, Canada,
April 30 - May 3, 2018, Conference Track Proceed-
ings. OpenReview.net.

Julian J. McAuley, Christopher Targett, Qinfeng Shi,
and Anton van den Hengel. 2015. Image-based rec-
ommendations on styles and substitutes. In Proceed-
ings of the 38th International ACM SIGIR Confer-
ence on Research and Development in Information
Retrieval, Santiago, Chile, August 9-13, 2015, pages
43–52. ACM.

David McClosky, Eugene Charniak, and Mark John-
son. 2006. Reranking and self-training for parser
adaptation. In Proceedings of the 21st International
Conference on Computational Linguistics and 44th
Annual Meeting of the Association for Computational
Linguistics, pages 337–344, Sydney, Australia. Asso-
ciation for Computational Linguistics.

Timothy Miller. 2019. Simplified neural unsupervised
domain adaptation. In Proceedings of the 2019 Con-
ference of the North American Chapter of the Asso-
ciation for Computational Linguistics: Human Lan-
guage Technologies, Volume 1 (Long and Short Pa-
pers), pages 414–419, Minneapolis, Minnesota. As-
sociation for Computational Linguistics.

Takeru Miyato, Shin-ichi Maeda, Masanori Koyama,
and Shin Ishii. 2018. Virtual adversarial training:

2992

https://doi.org/10.18653/v1/D18-1383
https://doi.org/10.18653/v1/2020.acl-main.197
https://doi.org/10.18653/v1/2020.acl-main.197
https://doi.org/10.18653/v1/2020.acl-main.197
https://doi.org/10.18653/v1/2021.naacl-main.203
https://doi.org/10.18653/v1/2021.naacl-main.203
https://proceedings.neurips.cc/paper/2020/hash/d89a66c7c80a29b1bdbab0f2a1a94af8-Abstract.html
https://proceedings.neurips.cc/paper/2020/hash/d89a66c7c80a29b1bdbab0f2a1a94af8-Abstract.html
http://arxiv.org/abs/1412.6980
http://arxiv.org/abs/1412.6980
http://proceedings.mlr.press/v139/krueger21a.html
http://proceedings.mlr.press/v139/krueger21a.html
http://proceedings.mlr.press/v139/krueger21a.html
https://doi.org/10.1109/ICCV.2019.00018
https://doi.org/10.1109/ICCV.2019.00018
https://doi.org/10.1109/ICCV.2019.00018
https://doi.org/10.18653/v1/N18-1169
https://doi.org/10.18653/v1/N18-1169
https://aaai.org/ojs/index.php/AAAI/article/view/6351
https://aaai.org/ojs/index.php/AAAI/article/view/6351
https://aaai.org/ojs/index.php/AAAI/article/view/6351
https://openreview.net/forum?id=Bkg6RiCqY7
https://openreview.net/forum?id=Bkg6RiCqY7
https://doi.org/10.18653/v1/D19-6109
https://doi.org/10.18653/v1/D19-6109
https://doi.org/10.18653/v1/D19-6109
https://openreview.net/forum?id=rJzIBfZAb
https://openreview.net/forum?id=rJzIBfZAb
https://doi.org/10.1145/2766462.2767755
https://doi.org/10.1145/2766462.2767755
https://doi.org/10.3115/1220175.1220218
https://doi.org/10.3115/1220175.1220218
https://doi.org/10.18653/v1/N19-1039
https://doi.org/10.18653/v1/N19-1039


a regularization method for supervised and semi-
supervised learning. IEEE transactions on Pat-
tern Analysis and Machine Intelligence, 41(8):1979–
1993.

Myle Ott, Sergey Edunov, Alexei Baevski, Angela Fan,
Sam Gross, Nathan Ng, David Grangier, and Michael
Auli. 2019. fairseq: A fast, extensible toolkit for
sequence modeling. In Proceedings of the 2019 Con-
ference of the North American Chapter of the Associa-
tion for Computational Linguistics (Demonstrations),
pages 48–53, Minneapolis, Minnesota. Association
for Computational Linguistics.

Sinno Jialin Pan, Xiaochuan Ni, Jian-Tao Sun, Qiang
Yang, and Zheng Chen. 2010. Cross-domain sen-
timent classification via spectral feature alignment.
In Proceedings of the 19th International Conference
on World Wide Web, WWW 2010, Raleigh, North
Carolina, USA, April 26-30, 2010, pages 751–760.
ACM.

Changhwa Park, Jonghyun Lee, Jaeyoon Yoo, Minhoe
Hur, and Sungroh Yoon. 2020. Joint contrastive
learning for unsupervised domain adaptation. ArXiv
preprint, abs/2006.10297.

Lis Pereira, Xiaodong Liu, Hao Cheng, Hoifung Poon,
Jianfeng Gao, and Ichiro Kobayashi. 2021. Targeted
adversarial training for natural language understand-
ing. In Proceedings of the 2021 Conference of the
North American Chapter of the Association for Com-
putational Linguistics: Human Language Technolo-
gies, pages 5385–5393, Online. Association for Com-
putational Linguistics.

Yanru Qu, Dinghan Shen, Yelong Shen, Sandra Sajeev,
Weizhu Chen, and Jiawei Han. 2021. Coda: Contrast-
enhanced and diversity-promoting data augmentation
for natural language understanding. In 9th Inter-
national Conference on Learning Representations,
ICLR 2021, Virtual Event, Austria, May 3-7, 2021.
OpenReview.net.

Alan Ramponi and Barbara Plank. 2020. Neural unsu-
pervised domain adaptation in NLP—A survey. In
Proceedings of the 28th International Conference
on Computational Linguistics, pages 6838–6855,
Barcelona, Spain (Online). International Committee
on Computational Linguistics.

Kuniaki Saito, Yoshitaka Ushiku, and Tatsuya Harada.
2017. Asymmetric tri-training for unsupervised do-
main adaptation. In Proceedings of the 34th Inter-
national Conference on Machine Learning, ICML
2017, Sydney, NSW, Australia, 6-11 August 2017,
volume 70 of Proceedings of Machine Learning Re-
search, pages 2988–2997. PMLR.

Nikunj Saunshi, Orestis Plevrakis, Sanjeev Arora,
Mikhail Khodak, and Hrishikesh Khandeparkar.
2019. A theoretical analysis of contrastive unsuper-
vised representation learning. In Proceedings of the
36th International Conference on Machine Learning,
ICML 2019, 9-15 June 2019, Long Beach, California,

USA, volume 97 of Proceedings of Machine Learning
Research, pages 5628–5637. PMLR.

Rico Sennrich, Barry Haddow, and Alexandra Birch.
2016. Improving neural machine translation models
with monolingual data. In Proceedings of the 54th
Annual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers), pages 86–96,
Berlin, Germany. Association for Computational Lin-
guistics.

Darsh Shah, Tao Lei, Alessandro Moschitti, Salvatore
Romeo, and Preslav Nakov. 2018. Adversarial do-
main adaptation for duplicate question detection. In
Proceedings of the 2018 Conference on Empirical
Methods in Natural Language Processing, pages
1056–1063, Brussels, Belgium. Association for Com-
putational Linguistics.

Jian Shen, Yanru Qu, Weinan Zhang, and Yong Yu.
2018. Wasserstein distance guided representation
learning for domain adaptation. In Proceedings of
the Thirty-Second AAAI Conference on Artificial In-
telligence, (AAAI-18), the 30th innovative Applica-
tions of Artificial Intelligence (IAAI-18), and the 8th
AAAI Symposium on Educational Advances in Artifi-
cial Intelligence (EAAI-18), New Orleans, Louisiana,
USA, February 2-7, 2018, pages 4058–4065. AAAI
Press.

Rui Wang, Zuxuan Wu, Zejia Weng, Jingjing Chen,
Guo-Jun Qi, and Yu-Gang Jiang. 2021. Cross-
domain contrastive learning for unsupervised domain
adaptation. ArXiv preprint, abs/2106.05528.

Zirui Wang, Zihang Dai, Barnabás Póczos, and Jaime G.
Carbonell. 2019. Characterizing and avoiding neg-
ative transfer. In IEEE Conference on Computer
Vision and Pattern Recognition, CVPR 2019, Long
Beach, CA, USA, June 16-20, 2019, pages 11293–
11302. Computer Vision Foundation / IEEE.

Xing Wu, Tao Zhang, Liangjun Zang, Jizhong Han,
and Songlin Hu. 2019a. Mask and infill: Applying
masked language model for sentiment transfer. In
Proceedings of the Twenty-Eighth International Joint
Conference on Artificial Intelligence, IJCAI 2019,
Macao, China, August 10-16, 2019, pages 5271–
5277. ijcai.org.

Yifan Wu, Ezra Winston, Divyansh Kaushik, and
Zachary C. Lipton. 2019b. Domain adaptation with
asymmetrically-relaxed distribution alignment. In
Proceedings of the 36th International Conference
on Machine Learning, ICML 2019, 9-15 June 2019,
Long Beach, California, USA, volume 97 of Pro-
ceedings of Machine Learning Research, pages 6872–
6881. PMLR.

Zhuofeng Wu, Sinong Wang, Jiatao Gu, Madian Khabsa,
Fei Sun, and Hao Ma. 2020. Clear: Contrastive
learning for sentence representation. ArXiv preprint,
abs/2012.15466.

2993

https://doi.org/10.18653/v1/N19-4009
https://doi.org/10.18653/v1/N19-4009
https://doi.org/10.1145/1772690.1772767
https://doi.org/10.1145/1772690.1772767
https://arxiv.org/abs/2006.10297
https://arxiv.org/abs/2006.10297
https://doi.org/10.18653/v1/2021.naacl-main.424
https://doi.org/10.18653/v1/2021.naacl-main.424
https://doi.org/10.18653/v1/2021.naacl-main.424
https://openreview.net/forum?id=Ozk9MrX1hvA
https://openreview.net/forum?id=Ozk9MrX1hvA
https://openreview.net/forum?id=Ozk9MrX1hvA
https://doi.org/10.18653/v1/2020.coling-main.603
https://doi.org/10.18653/v1/2020.coling-main.603
http://proceedings.mlr.press/v70/saito17a.html
http://proceedings.mlr.press/v70/saito17a.html
http://proceedings.mlr.press/v97/saunshi19a.html
http://proceedings.mlr.press/v97/saunshi19a.html
https://doi.org/10.18653/v1/P16-1009
https://doi.org/10.18653/v1/P16-1009
https://doi.org/10.18653/v1/D18-1131
https://doi.org/10.18653/v1/D18-1131
https://www.aaai.org/ocs/index.php/AAAI/AAAI18/paper/view/17155
https://www.aaai.org/ocs/index.php/AAAI/AAAI18/paper/view/17155
https://arxiv.org/abs/2106.05528
https://arxiv.org/abs/2106.05528
https://arxiv.org/abs/2106.05528
https://doi.org/10.1109/CVPR.2019.01155
https://doi.org/10.1109/CVPR.2019.01155
https://doi.org/10.24963/ijcai.2019/732
https://doi.org/10.24963/ijcai.2019/732
http://proceedings.mlr.press/v97/wu19f.html
http://proceedings.mlr.press/v97/wu19f.html
https://arxiv.org/abs/2012.15466
https://arxiv.org/abs/2012.15466


Yuanmeng Yan, Rumei Li, Sirui Wang, Fuzheng Zhang,
Wei Wu, and Weiran Xu. 2021. ConSERT: A con-
trastive framework for self-supervised sentence repre-
sentation transfer. In Proceedings of the 59th Annual
Meeting of the Association for Computational Lin-
guistics and the 11th International Joint Conference
on Natural Language Processing (Volume 1: Long
Papers), pages 5065–5075, Online. Association for
Computational Linguistics.

Zhilin Yang, Zihang Dai, Yiming Yang, Jaime G. Car-
bonell, Ruslan Salakhutdinov, and Quoc V. Le. 2019.
Xlnet: Generalized autoregressive pretraining for
language understanding. In Advances in Neural In-
formation Processing Systems 32: Annual Confer-
ence on Neural Information Processing Systems 2019,
NeurIPS 2019, December 8-14, 2019, Vancouver, BC,
Canada, pages 5754–5764.

David Yarowsky. 1995. Unsupervised word sense dis-
ambiguation rivaling supervised methods. In 33rd
Annual Meeting of the Association for Computa-
tional Linguistics, pages 189–196, Cambridge, Mas-
sachusetts, USA. Association for Computational Lin-
guistics.

Hai Ye, Qingyu Tan, Ruidan He, Juntao Li, Hwee Tou
Ng, and Lidong Bing. 2020. Feature adaptation of
pre-trained language models across languages and do-
mains with robust self-training. In Proceedings of the
2020 Conference on Empirical Methods in Natural
Language Processing (EMNLP), pages 7386–7399,
Online. Association for Computational Linguistics.

Zhi-Hua Zhou and Ming Li. 2005. Tri-training: Ex-
ploiting unlabeled data using three classifiers. IEEE
Transactions on knowledge and Data Engineering,
17(11):1529–1541.

Chen Zhu, Yu Cheng, Zhe Gan, Siqi Sun, Tom Gold-
stein, and Jingjing Liu. 2020. Freelb: Enhanced
adversarial training for natural language understand-
ing. In 8th International Conference on Learning
Representations, ICLR 2020, Addis Ababa, Ethiopia,
April 26-30, 2020. OpenReview.net.

Fuzhen Zhuang, Xiaohu Cheng, Ping Luo, Sinno Jialin
Pan, and Qing He. 2015. Supervised representation
learning: Transfer learning with deep autoencoders.
In Proceedings of the Twenty-Fourth International
Joint Conference on Artificial Intelligence, IJCAI
2015, Buenos Aires, Argentina, July 25-31, 2015,
pages 4119–4125. AAAI Press.

Yftah Ziser and Roi Reichart. 2017. Neural structural
correspondence learning for domain adaptation. In
Proceedings of the 21st Conference on Computa-
tional Natural Language Learning (CoNLL 2017),
pages 400–410, Vancouver, Canada. Association for
Computational Linguistics.

2994

https://doi.org/10.18653/v1/2021.acl-long.393
https://doi.org/10.18653/v1/2021.acl-long.393
https://doi.org/10.18653/v1/2021.acl-long.393
https://proceedings.neurips.cc/paper/2019/hash/dc6a7e655d7e5840e66733e9ee67cc69-Abstract.html
https://proceedings.neurips.cc/paper/2019/hash/dc6a7e655d7e5840e66733e9ee67cc69-Abstract.html
https://doi.org/10.3115/981658.981684
https://doi.org/10.3115/981658.981684
https://doi.org/10.18653/v1/2020.emnlp-main.599
https://doi.org/10.18653/v1/2020.emnlp-main.599
https://doi.org/10.18653/v1/2020.emnlp-main.599
https://openreview.net/forum?id=BygzbyHFvB
https://openreview.net/forum?id=BygzbyHFvB
https://openreview.net/forum?id=BygzbyHFvB
http://ijcai.org/Abstract/15/578
http://ijcai.org/Abstract/15/578
https://doi.org/10.18653/v1/K17-1040
https://doi.org/10.18653/v1/K17-1040


A Datasets

We obtain the Amazon review datasets from He
et al. (2018). This dataset does not remove neu-
tral labels and will not be problematic in UDA
situation where the label information of the tar-
get domain is not available. In addition, reserving
neutral labels also bring challenges for pre-trained
language model, making it more favorable for self-
supervised representation learning. Summary of
this dataset is availble in Table 4.

Domain #Neg #Neu #Pos Total

Book
Set 1 2000 2000 2000 6000
Set 2 513 663 4824 6000

Electronics
Set 1 2000 2000 2000 6000
Set 2 694 489 4817 6000

Beauty
Set 1 2000 2000 2000 6000
Set 2 616 675 4709 6000

Music
Set 1 2000 2000 2000 6000
Set 2 785 774 4441 6000

Table 4: Amazon review dataset

Each domain contains two sets, set 1 contains
6000 instances with balanced class labels, and set 2
contains instances that are randomly sampled from
the larger dataset (McAuley et al., 2015), preserv-
ing authentic label distribution, examples in these
two datasets do not overlap. Following (He et al.,
2018), we use set 1 from the source domain as the
training set for all our experiments. Since label dis-
tribution in the target domain is unpredictable and
out of control in real life, so it’s more reasonable to
use set 2 from the target domain as the unlabeled
set, lastly the model will be evaluated in set 1 from
target domain. For data split, we randomly sample
1000 instances from the source labeled dataset as
validation set. When running UDA experiments,
the model will train on 5000 source labeled ex-
amples and 6000 target unlabeled examples, then
validate on 1000 source labeled examples.

For Amazon Benchmark(Blitzer et al., 2007), it
also contains four domains: Book (BK), DVD (D),
Electronics (E) and Kitchen housewares (K). There
are 2000 balanced labeled data for each domain,
we randomly select 20000 unlabeled reviews for
BK, D and E. For K, only 17856 unlabeled reviews
are available, statistics of Amazon Benchmark can
be find in Table.5. For data split, 1600 balanced
samples are randomly sampled from the source
labeled dataset, and 400 for validation.

Domains Labeled Unlabeled
Book 2000 973194
Dvd 2000 122438
Electronics 2000 21009
Kitchen & housewares 2000 17856

Table 5: Amazon Benchmark statistics

B DANN

Domain Adversarial Neural Network Ganin et al.
(2016) proposes Domain Adversarial Neural Net-
work (DANN), which learns domain invariant and
discriminative features simultaneously. This ap-
proach is motivated by the idea that an adapta-
tion algorithm could learn good representations for
cross-domain transfer if it cannot differentiate the
domain of the input observations. The optimization
objective is:

min
θf ,θy

∑

(x,y)∼DS
[L(f(x; θf , θy), y) + λRθf ], (11)

Rθf = max
θd

∑

(x,d)∼DS ,DT
[−L(f(x; θf , θd), d)],

(12)

where θd is the parameter corresponding to the
computation of the domain classification, d is the
domain label, Rθf is a regularizer weighted by λ.
Objective (11) learns task discrimination by min-
imizing task classification loss and tries to make
features similar across domains by maximizing the
domain classification loss.

Although the domain classifier with parameters
θd could perfectly classify different domains, the
balance between two terms in (11) is hard to main-
tain. Hence, the training process becomes unsta-
ble, requiring an elaborate adaptation rate λ tuning
(Shen et al., 2018; Shah et al., 2018; Du et al.,
2020). Furthermore, the encoder could learn trivial
solutions (Karouzos et al., 2021) which produce
features with flipped domain predictions.
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Abstract

In recent years, transformer-based coreference
resolution systems have achieved remarkable
improvements on the CoNLL dataset. How-
ever, how coreference resolvers can benefit
from discourse coherence is still an open ques-
tion. In this paper, we propose to incorpo-
rate centering transitions derived from center-
ing theory in the form of a graph into a neu-
ral coreference model. Our method improves
the performance over the SOTA baselines, es-
pecially on pronoun resolution in long docu-
ments, formal well-structured text, and clus-
ters with scattered mentions.1

1 Introduction

Coreference resolution is the task to find all ex-
pressions which refer to the same entity. The
coreferential mentions could occur anywhere in
the discourse. In recent years, many transformer-
based models (Joshi et al., 2019, 2020; Kirstain
et al., 2021) achieved improvements on the CoNLL
benchmark (Pradhan et al., 2012). In contrast to
using transformers such as BERT (Devlin et al.,
2019) which learn the text input sequentially in
limited chunks, how knowledge about the structure
of discourse can benefit coreference resolution is
less explored in the neural NLP era.

Coreference plays an essential role in discourse
coherence. A referring expression using a reduced
linguistic form (e.g., pronoun) indicates a referen-
tial relation to its antecedent in previous utterances.
The referring expression connects utterances and
contributes to discourse coherence implicitly. On
the other hand, coreference resolution can benefit
from a coherent discourse. It has long been ac-
knowledged that coherence structure can impose
constraints on referential accessibility from a lin-
guistic perspective (Asher and Lascarides, 2003).
Centering theory (Joshi and Weinstein, 1981; Grosz

1Our code and model are publicly available at: https:
//github.com/HaixiaChai/CT-Coref

1.  Bill wanted John to look over some important papers.

2.  He/Bill had to mail him the documents by Monday.

3.  Unfortunately, he/John never received the papers.

4.  As a result, the whole deal fell behind schedule.

continue

shift

shift

Figure 1: An example text shows how foci change sen-
tence by sentence. The words in bold are the focus
of each sentence. The arrows indicate centering tran-
sitions with two different transition types, continue
and shift.

et al., 1983, 1995; Walker et al., 1998) is a method
to formally describe discourse coherence by using
attentional state (i.e., the focus of attention of the
participants at each utterance of the discourse). Fig-
ure 1 shows how the coherence structure of an ex-
ample text is built by means of tracking the changes
in the local attentional state.2 By applying center-
ing theory, Gordon and Scearce (1995) investigate
how local coherence influences the interpretation
of ambiguous pronouns. From reading-time experi-
ments, they observe that utterances with pronouns
were read faster in the centering continue than
in the shift status, while utterances with noun
phrases containing rich lexical information were
read more quickly in the centering shift than
in the continue status. We conjecture that this
pattern could contribute to coreference resolution.

In this work, we explore the effect of changes
in attentional state in the discourse on entity coref-
erence resolution in a neural approach. Inspired
by Jeon and Strube (2020), we capture the most
salient mentions of each sentence as centers to com-
pute the local centering transition relations in ac-
cordance with centering theory. We then extend
the coherence structure globally in the form of a
graph. It makes the centering transitions available
between any two sentences. Lastly, we fuse the
novel discourse structure into a neural coreference
model (Kirstain et al., 2021). From the results, our

2The example is based on Gordon and Scearce (1995).
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proposed method improves the SOTA models up to
80.9 F1 score. Our extensive analysis shows that
our approach performs better on pronoun resolu-
tion in long documents, formal well-structured text
such as magazine and newswire genres, and docu-
ments with scattered mentions of clusters. Overall,
we observe that incorporating discourse structure
derived from centering theory can benefit corefer-
ence resolution.

2 Related Work

Discourse for Coreference. In early work, some
structural features of the discourse were used in
machine learning approaches, such as sentential
position and distance between two mentions in
sentences, phrases or mentions (Soon et al., 2001;
Sapena et al., 2013). In the deep learning period,
only a few researchers incorporated discourse infor-
mation into a coreference model to our knowledge.
Recently, Khosla et al. (2021) use rhetorical struc-
ture theory (RST) (Mann and Thompson, 1988) to
capture the hierarchical discourse structure of doc-
uments, from which they encode three distance fea-
tures for the candidate and query mentions on dif-
ferent levels (i.e., word-level, discourse-unit-level
and discourse subtree). Held et al. (2021) apply dis-
course coherence (Grosz, 1977, 1978; Grosz and
Sidner, 1986) to cross-document coreference reso-
lution. They retrieve candidate mentions by mod-
eling the attentional state within a latent embed-
ding space as a set of nearest neighbors for a query
mention. As a pruning method, these neighbor-
hoods constrain the search space for their following
pairwise classifier. Different from the approaches
above, we use centering theory to extract centering
transitions between sentences through attentional
state. We then use these relations to construct a
discourse structure that shows how centers change
as discourse proceeds dynamically.

Centering Theory. Since centering theory is a
linguistic theory, a great number of early works
(Walker et al., 1994; Di Eugenio, 1998; Turan,
1998; Strube and Hahn, 1999) were dedicated to
transform it to a computational one for various lan-
guages. Lately, Jeon and Strube (2020) is the first
work that applies centering theory in a neural model
for discourse coherence explicitly. They capture
the relationships sentence by sentence for assess-
ing text coherence. In the coreference resolution
task, coreferent mentions could occur anywhere
in the discourse rather than the adjacent sentence

Cb(si) Cb(si) No
≈ Cb(si−1) 6= Cb(si−1) Cb(si)

Cb(si) Continue
Shift None≈ Cp(si)

Cb(si) Retain6= Cp(si)

Table 1: Centering transition relations. For instance,
continue indicates that the center of utterance si is
similar to the one in its previous utterance si−1.

only. Thus, we propose a fully connected centering
transitions graph in our model. In addition, Jeon
and Strube compute the centers of each sentence
on a token-level, while we do it on the span-level.

3 Model

3.1 Baseline

We study the model proposed by Kirstain et al.
(2021) as our baseline. It is a start-to-end (s2e)
coreference resolution model that only considers
boundary points of a span to compute the men-
tion and antecedent scores without additional hand-
crafted features. Similar to the method of Lee et al.
(2018), they measure how likely a candidate men-
tion c is to be an antecedent of a query mention q
by a scoring function f(c, q). The function is the
addition of two mention scores fm(c), fm(q) and
an antecedent score fa(c, q). Our model is based
on this scoring function.3

3.2 Incorporating Centering Transitions

According to centering theory, we formulate cen-
tering transitions among utterances — sentences
specifically — in our approach. Figure 2 shows our
model architecture.

Centering Theory. Centering theory describes
the local coherence and its relationship to atten-
tional state within a discourse segment. From each
utterance, one can extract (1) a set of forward-
looking centers (Cf ) ranked according to their
prominence, (2) a single backward-looking center
(Cb) connected with one of the Cf of the imme-
diately preceding utterance, and (3) a preferred
center (Cp) which is the most salient center in Cf .
Following Jeon and Strube (2020), Table 1 presents
all relations of centering transition at the local level.
The relationships between discourse segments and

3For more details, we refer to the original Kirstain et al.
(2021) paper.
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Colorado woman wants to thank … at the beach.      Tony Kurran had lost the ring … police department.       He said … . 

t            t             t           ...         t            t            t t            t             t           ...         t            t            ts1 s2 s3

m1 m2 m3 m4 m5 m6 m7 m8 m9

Sentence embedding

s1

Input words

Token 
representations

Mentions by 
mention score 

cf1
cf2
cf3

Forward-looking centers

s2

s3

cp1 cp2 cp3
Preferred center cb2 cb3 cb4

Backward-looking 
center

Transformer                      Encoder

s1 s2 s3
none:0 shift:1

continue:3

    Sentence Score: 

Multi-head Self Attention

Adjacency Matrix

retain:2

0 0 0

0 3 1

0 1 2

s1
s2
s3

s1 s2 s3

none:0

none:0

Figure 2: The figure shows our model architecture incorporating centering transitions for the sentence score. There
are three example sentences in blue, red and green colors. A string of squares refers to a mention comprising a
different number of tokens. The mention with a darker color indicates that it is a more salient center in a sentence.

utterances then provide the fundamental structural
centering relations for discourse.

Scoring Function. To combine the structure
of the centering transitions with the coreference
model, we add sentence score fs(c, q) to the scor-
ing function as shown below. The last item mea-
sures the relationship of the encoded sentences
where two examined mentions are located. Es-
pecially, if the query mention is a singleton, we set
the scoring function to 0.

f(c, q) = fm(c) + fm(q) + fa(c, q) + fs(c, q)

Centering Transitions. Having the mention
scores fm(·), we use top λn mentions for fur-
ther processing of centering transitions (where
n is the number of input tokens). Inspired by
Jeon and Strube (2020), the remaining mentions
with their positions in each sentence are encoded
and fed into a multi-head self-attention matrix
— softmax

(
QKT
√
dk

)
— to compute the attention

score (Vaswani et al., 2017). Q and K stand for
the observed mentions of the sentence. From the
ranked diagonal elements of the self-attention ma-
trix, we take the top m mentions as Cf , and the

first most salient mention as Cp. As for Cb of
the sentence si, we select the mention from Cf
of its previous adjacent sentence si−1, which has
the highest semantic similarity with the current
sentence si. Here, we simply use the averaged to-
ken representations as the sentence embedding esi .
Finally, we generate centering transition relations
(i.e., continue, retain and shift) between
each two adjacent sentences by computing cosine
similarity according to the rules in Table 1.

Sentence Score. Sometimes, a candidate men-
tion is more than one sentence away from the query
mention. Thus, we apply centering transitions not
only at a local level but also to all other sentences
in discourse globally. Treating sentences as nodes
and transition relations as edges, each sentence can
be encoded with its neighbouring nodes weighted
by the edges which are connected to it, including
self-connections. Then, we calculate the sentence
score for each pair of mentions by using the em-
beddings of the sentences es where the candidate
and query mentions belong to.

fs(c, q) = A · esc ·B · esq
2998



Model
MUC B3 CEAFe LEA CoNLL

P R F1 P R F1 P R F1 P R F1 F1

c2f 85.7 85.3 85.5 79.5 78.7 79.1 76.8 75.0 75.9 76.2 75.7 75.9 80.2
s2e 86.5 85.1 85.8 80.3 77.9 79.1 76.8 75.4 76.1 78.3 75.8 77.0 80.3

s2e + se 87.0 85.1 86.0 80.5 78.2 79.3 77.6 74.9 76.2 78.4 76.1 77.2 80.5
s2e + se_ct 87.2 85.3 86.3 80.7 78.6 79.6 78.2 75.2 76.7 78.7 76.5 77.6 80.9

Table 2: Performance on the test set of the English OntoNotes 5.0 dataset. c2f refers to Joshi et al. (2020).

In the above formula, A refers to an adjacency
matrix, which represents the centering transi-
tions between sentences by numerical values (i.e.,
continue: 3, retain: 2, shift: 1, and none:
0). They are induced from the above parts. Then,
we use a bilinear product over the resulting repre-
sentations with trainable parameter B to compute
the sentence score.4 We examine this setting in our
experiment s2e+se_ct. When A is an identity ma-
trix (i.e., the matrix with ones on the main diagonal
and zeros elsewhere), the aggregation over es does
not occur. We use this setting s2e+se as our simple
baseline system for comparative evaluation.

4 Experiments

Settings. We train and evaluate our models on
the English OntoNotes 5.0 dataset (Pradhan et al.,
2012). The results are reported using the CoNLL
F1 score — the average of MUC (Vilain et al.,
1995), B3 (Bagga and Baldwin, 1998), CEAFe
(Luo, 2005) — and LEA (Moosavi and Strube,
2016).

In our experiments, we examine two models,
s2e+se and s2e+se_ct, as explained in §3. We have
8 self-attention heads for the attention mechanisms,
select the top 5 mentions for Cf of each sentence,
and set the threshold of cosine similarity as 0.8 for
computing the centering transition relations. Fol-
lowing the baseline, We also use Longformer (Belt-
agy et al., 2020) as our pretrained model, which can
process a sequence up to 4096 tokens. We set the
other parameters the same as the baseline (Kirstain
et al., 2021).5 All our experiments are performed
on a single NVIDIA Tesla V100 32G GPU.

Results. Table 2 shows our results. The model
s2e+se_ct achieves the best result with 80.9 F1 on

4We only adopt adjacency matrix to aggregate esc rather
than to aggregate both esc and esq , as the former performs
better based on our experiments.

5https://github.com/yuvalkirstain/
s2e-coref

OntoNotes. Though both examined models out-
perform the baselines only by a small margin, it
suggests that incorporating centering transitions
is helpful to some extent for coreference resolu-
tion. To thoroughly utilize the discourse structure,
a graph or tree-based coreference model would
be a promising research direction. One option
would be latent trees which have been explored
by Björkelund and Kuhn (2014) and Martschat and
Strube (2015) for providing a more reliable basis
for coreference resolution before the neural NLP
era.

Analyses. First, we check the performance of
our model for pronoun resolution on: (1) GAP
dataset (Webster et al., 2018); and (2) OntoNotes
test dataset in which we only keep the resolved clus-
ters containing pronouns in both gold and system
outputs. Table 3 shows the marginal differences
between the baseline and our model on the GAP
benchmark. GAP is a gender-balanced corpus of

Masc Fem Bias Overall
s2e 91.9 88.2 0.96 90.1
s2e + se_ct (ours) 91.8 87.8 0.96 89.9

Table 3: F1 scores of the examined coreference re-
solvers running on the test set of the GAP dataset.

ambiguous pronouns sampled from Wikipedia, in
which most of examples are short texts. We com-
pute the distributions of lengths of examples by
sentence on both GAP and OntoNotes. As shown
in the Table 4, the large majority of examples in
GAP are 2-4 sentences texts, while the test set
of OntoNotes has many documents longer than
5 sentences. The experiment on OntoNotes in
Table 5 shows that our model outperforms the base-
line across all evaluation metrics. Overall, the two
observed results suggest that our model involving
centering transition relations between sentences
can improve pronoun resolution especially on long
documents.
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Number of Sentences
1 2 3 4 5-9 10-20 21-40 41-60 61+

GAP 70 515 878 433 104 - - - -
OntoNotes - 8 10 13 70 94 90 46 35

Table 4: Distributions of document length of the two
datasets. The bold-faced numbers present the peak text
length of each dataset.

MUC B3 CEAFe LEA CoNLL F1
s2e 87.8 80.8 79.5 79.3 82.7
s2e + se_ct (ours) 88.4 81.6 80.1 80.1 83.4

Table 5: F1 scores of the examined models for pronoun
resolution on the test set of OntoNotes.

Second, we investigate how models perform on
different genres. The CoNLL-2012 data contains
broadcast conversation (bc), broadcast news (bn),
magazine genre (mz), newswire genre (nw), pivot
text (pt), telephone conversation (tc), and web data
(wb) genres. In Table 6, we find that our method
gets the most improvements on mz and nw genres,
in which text is always formal well-structured. In
contrast, tc and wb are the most challenging genres
for our approach, where disfluent and ungrammati-
cal segments and sentences may occur. Therefore,
we summarize that discourse structure information
is more beneficial for narrative text than less-formal
text like conversation and web data. Resolving
coreference in noisy user-generated text such as
text on social media platforms is even harder (Chai
et al., 2020).

bc bn mz nw pt tc wb
s2e 78.2 83.2 84.1 74.0 88.2 81.8 77.9
s2e + se_ct (ours) 78.7 83.1 85.0 74.9 89.0 80.7 77.2

Improvement 0.5 -0.1 0.9 0.9 0.8 -1.1 -0.7

Table 6: Performance of the examined models on the
test set for genres. The bottom line shows the improve-
ment over the baseline by our method.

Finally, we observe the effect of maximum sen-
tence distance dci between any two mentions of
each cluster on models. We take the average of all
dc in the same document as the sentence distance of
it. Figure 3 depicts that our method performs better
when mentions have a distance of more than six sen-
tences. So, utilizing centering transitions globally
is helpful for resolving clusters where mentions
are more scattered. Our method captures how cen-
ters change between not only adjacent sentences
but also non-adjacent sentences in the discourse.
This is specially designed for coreference resolu-
tion based on centering theory. Meanwhile, we

observe that it is difficult for both systems to re-
solve coreference on documents with long sentence
distances (i.e., 12+ sentences).

0 5 10
Sentence Distance

76

78
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82

84

86

88

90

Co
NL

L 
F1

Model
s2e
s2e+se_ct(ours)

Figure 3: Performance on sentence distance with re-
gression lines.

5 Conclusion

We present a neural coreference model incorporat-
ing discourse structure information based on cen-
tering theory. The model captures the centering
transition relationships between sentences. Each
sentence is encoded with all neighbour sentences
in a weighted graph. Our approach outperforms the
baseline with 80.9 F1 score. Especially, it helps re-
solving pronoun in long documents, text in formal
genres and clusters with scattered mentions.
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Abstract
Semi-supervised learning is a promising
way to reduce the annotation cost for text-
classification. Combining with pre-trained
language models (PLMs), e.g., BERT, recent
semi-supervised learning methods achieved im-
pressive performance. In this work, we fur-
ther investigate the marriage between semi-
supervised learning and a pre-trained language
model. Unlike existing approaches that utilize
PLMs only for model parameter initialization,
we explore the inherent topic matching capabil-
ity inside PLMs for building a more powerful
semi-supervised learning approach. Specifi-
cally, we propose a joint semi-supervised learn-
ing process that can progressively build a stan-
dard K-way classifier and a matching network
for the input text and the Class Semantic Rep-
resentation (CSR). The CSR will be initial-
ized from the given labeled sentences and pro-
gressively updated through the training pro-
cess. By means of extensive experiments, we
show that our method can not only bring re-
markable improvement to baselines, but also
overall be more stable, and achieves state-of-
the-art performance in semi-supervised text
classification. Code is available at: https:
//github.com/HeimingX/PCM.

1 Introduction

Text classification is a fundamental task in natural
language processing (NLP) and underpins various
applications, e.g., spam detection (Jindal and Liu,
2007), sentiment analysis (Pang et al., 2002) and
text summarization (Gambhir and Gupta, 2017).
Supervised training of text classifiers often de-
mands a large amount of annotation, which can be
expensive for many applications. Semi-supervised
learning (SSL) provides an economical way for al-
leviating this burden since it can make use of easy-
accessible unlabeled samples to build a reasonably
performed classifier with a limited amount of la-
beled data. Recently, SSL received increasing at-
tention in both image classification (Tarvainen and

Valpola, 2017; Berthelot et al., 2019b; Sohn et al.,
2020) and text classification (Xie et al., 2019b;
Chen et al., 2020; Liu et al., 2021) areas.

Meanwhile, pre-trained language models
(PLMs) (Yang et al., 2019a; Devlin et al., 2019;
Radford et al., 2019) are developing rapidly and
achieve impressive performance in various NLP
tasks (Sun et al., 2019; Zhu et al., 2020) including
text classification (Garg and Ramakrishnan,
2020). In the context of semi-supervised text
classification, many existing methods achieve
excellent performance by directly using a PLM
as a sentence encoder and further fine-tuning it
with a semi-supervised learning process (Xie et al.,
2019b; Chen et al., 2020; Bhattacharjee et al.,
2020; Sun et al., 2020).

In this paper, we further explore the usage of
PLMs for SSL. We go beyond the strategy of us-
ing PLMs for encoder initialization and make full
use of inner knowledge of PLMs. Concretely, we
identify that some PLMs, e.g., BERT, have an in-
herent matching capability between sentence and
class-related words thanks to its pre-training pretext
task (Devlin et al., 2019) (as the examples shown
in Fig. 1). We further propose to strengthen this ca-
pability through SSL on labeled and unlabeled data.
Specifically, we develop a joint training process to
update three components progressively, that is, a
classifier that performs the standard K-way clas-
sification, a class semantic representation (CSR)
that represents the semantic of each category, and
a matching classifier that matches the input sen-
tence against the CSR. Those three components
can help each other during the training process, i.e.,
the K-way classifier will receive more accurate
pseudo-labels by jointly generating pseudo-labels
with the matching classifier; the matching classifier
will also upgrade its matching capability with the
guidance of the K-way classifier. The CSR will
become more accurate and comprehensive with the
improvement of the K-way classifier and matching
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(a) Sentence example on class “family”

(b) Sentence example on class “sports”

Figure 1: Visualization of the inherent matching capability of BERT on examples from Yahoo! Answers. We append
class semantic-related words (CSW) of all classes at the end of input sentence . Different colors denote different
classes. The color on each token of input sentence represents the category of its most attended CSW (with color
brightness indicating the attention value, please see Sec.3 for more details). The histograms on the right demonstrate
the cosine similarity between the average features of sentence and features of each CSW.

classifier. This joint process leads to a more pow-
erful semi-supervised learning algorithm for the
text classification task. Throughout our experimen-
tal evaluation, we demonstrate that the proposed
method achieves the state-of-the-art performance
on text data, especially when the number of labeled
sentences becomes extremely low, i.e., 3 or 5.

2 Related work

In this section, we briefly review the relevant re-
search works.

2.1 General Semi-Supervised Learning

Semi-supervised learning is a longstanding re-
search topic in machine learning. Existing meth-
ods adopt different ways of utilizing unlabeled
samples, e.g., “transductive” models (Joachims,
2003; Gammerman et al., 2013), multi-view style
approaches (Blum and Mitchell, 1998; Zhou
and Li, 2005) and generative model-based meth-
ods (Kingma et al., 2014; Springenberg, 2016).
With the renaissance of the deep neural net-

work, consistency-regularization-based deep SSL
approaches (Laine and Aila, 2017; Tarvainen and
Valpola, 2017; Miyato et al., 2018) have achieved
impressive performance on various tasks, and our
work largely builds upon the method in this cat-
egory. The key idea of these methods is to con-
strain the model to be consistent in the neighbor-
hood of each sample in the input space. Specifi-
cally, Π-Model (Laine and Aila, 2017), UDA (Xie
et al., 2019b) and FixMatch (Sohn et al., 2020) di-
rectly add various perturbations to the input data,
Mean-teacher (Tarvainen and Valpola, 2017) uses a
teacher model to simulate sample perturbation, and
Virtual Adversarial Training (Miyato et al., 2018)
skillfully constructs an adversarial sample. More
recently, mixup (Zhang et al., 2018) method pro-
posed another kind of consistency constraint that
requires the input and output of the model to satisfy
an identical linear relationship. Based on this tech-
nique, many state-of-the-art methods are published,
e.g., ICT (Verma et al., 2019b), MixMatch (Berth-
elot et al., 2019b) and ReMixMatch (Berthelot
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et al., 2019a).

2.2 Semi-Supervised Text Classification

Semi-supervised learning has gained a lot of at-
tention in the field of text classification. Many
recent semi-supervised text classification methods
focus on how to adapt the existing SSL method-
ologies to the sentence input. (Miyato et al., 2017)
applied perturbations to word embeddings for con-
structing adversarial and virtual adversarial train-
ing. (Clark et al., 2018) designed auxiliary pre-
diction modules with restricted views of the in-
put to encourage consistency across views. With
the development of PLMs, (Jo and Cinarel, 2019)
performed self-training between two sets of clas-
sifiers which are initialized differently, one with
pre-trained word embeddings and random values
for the other. Both (Xie et al., 2019b) and (Chen
et al., 2020) took the pre-trained BERT to initialize
the sentence feature extractor, where the former
conducted consistency-regularization between the
original sentence and its back-translation generated
one, and the latter further introduced the manifold
mixup (Verma et al., 2019a) into text classification.
Although these methods may achieve decent perfor-
mances, we believe that they haven’t fully explored
the inherent knowledge in a PLM. Our work takes
a step further in this direction.

3 Inherent matching capability of a PLM

In this section, we will demonstrate the inherent
topic matching capability of BERT which moti-
vates our method. Utilizing PLMs for a down-
stream task has become common since it often
brings a significant performance boost (Zhu et al.,
2020; Chen et al., 2020). In the context of semi-
supervised learning, a PLM is usually employed
for initializing the network before performing semi-
supervised training. However, the value of a PLM
can go beyond a good initial model or feature ex-
tractor. In particular, a PLM like BERT has already
learned certain topic matching capabilities thanks
to its pretext tasks. For example, BERT uses the
next sentence prediction (NSP) as one of its pretext
tasks. In this task, the network is asked to discern
if two input sentences are two successive sentences
in the original corpus. After training on this task,
BERT can implicitly acquire topic matching capa-
bility since two successive sentences in a paragraph
usually share the same topic.

Fig. 1 shows a concrete investigation of the in-

herent matching capability of BERT. Following the
NSP task, we concatenate the sentence and class
semantic-related words Ck, e.g., “sports”, via the
format: “[CLS] sentence [SEP] C1 · · · Ck · · · CK
[SEP]”. Then we pass the input sequence to a pre-
trained BERT and calculate the attention value of
each token with respect to each class name. Specifi-
cally, this attention value is calculated by averaging
the last layer self-attention values across all heads
between a token and the appended word Ck . For
better visualization, we use different color to show
the class that leads to the largest attention value
(indicated by the color brightness).

From the visualization, we can see that BERT
can automatically match keywords corresponding
to the respective class names. Moreover, we find
that if we replace the class names with words under
the same topic, i.e., family→ boyfriend, sports→
football, the words related to the ground-truth class
can still be attended, as shown in Fig. 1a and 1b.

Finally, we extract BERT last-layer’s feature cor-
responding to each class word Ck and average fea-
tures align with sentence tokens, and compare the
cosine similarity between them. As histograms
shown in Fig. 1a and 1b, we can find that the correct
class leads to the highest matching score, although
not always by a large margin.

4 Progressive Class-semantic Matching

To further strengthen the above topic match-
ing capability and use it for classification, we
propose to progressively build a sentence-class
matching model through the framework of semi-
supervised learning. Formally, we aim to
build a classifier from a few annotated sam-
ples L = {x1, x2, · · · , xnl}, whose labels are
Y = {y1, y2, · · · , ynl}, yi ∈ {1, · · · , k, · · · ,K},
and a large amount of unlabeled samples U =
{x1, x2, · · · , xnu} (where nl ≪ nu).

The idea is to construct a process that can jointly
update three components: (1) a standard K-way
classifier (2) a matching classifier which matches
texts against class semantic representation (3) the
class semantic representation (CSR) itself. The up-
date of each component will help other components
and thus can iteratively bootstrap classification per-
formance. We call our method as Progressive Class-
semantic Matching (PCM).
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} [SEP]…
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Figure 2: Overview of the proposed PCM model. Lines in the same color indicate how the information travels in
our model. {Ck} denotes the set of class semantic-related words. “avg” means the average of word embeddings
within the same class. “GAP” represents the global average pooling of the input text features. “concat” is a feature
concatenate operation. We clarify the details of initializing and updating of {Ck} in Secs. 4.2 and 4.3.

4.1 Three components of PCM

Fig. 2 shows how we realize the three compo-
nents. Similar to the example in Section 3, we
construct the input to the BERT by concatenat-
ing sentence with class semantic-related words
{Ci}, i ∈ {1, · · · , k, . . . ,K}. Considering the
size of {Ci} may vary and the computation cost
may increase heavily when the number of classes
grows, we calculate an average of embeddings of
all words belonging to the same class before pass-
ing them to the pre-trained BERT encoder. This
average embedding is called class semantic repre-
sentation (CSR).

The last layer output features corresponding to
tokens in the input text are averaged and treated as
the sentence representation. On top of the sentence
representation, we build a standard K-way classi-
fier. We implement it by a two-layer MLP and it
will output a set of logits {osi} called semantic log-
its and posterior probabilities {psi} after applying
Softmax to {osi}.

In addition to theK-way classifier, we also build
a class-sentence matching classifier which is real-
ized by another MLP applying to the concatenation
between the sentence representation and the output
features corresponding to each CSR. The output
of this matching classifier is called matching logits

{omi } and Sigmoid function is applied to convert it
into the probabilistic form, denoted as {pmi }. Note
that the matching classifier is realized in a multi-
label formulation, that is, the summation of {pmi }
over all classes is not necessarily equal to 1. It
allows the scenario that a sentence matches more
than one class and the case that a sentence does
not match any class. This design avoids the case
that achieving high matching probability for one
class merely because its matching score is higher
than those of other classes (but it actually with low
absolute matching logits for all classes). We empir-
ically find that using this mechanism is helpful for
the matching classifier (but not necessarily for the
K-way predictor as discussed in Section 5.2).

4.2 Initialization of CSR

The proposed PCM model requires an initial CSR,
i.e., the average word embedding of a set of class
semantic-related words, to start the iteration. Al-
though manually choosing a list of seed words
(e.g., class names) can be an ideal way for the CSR
initialization, it may suffer from leveraging prior
knowledge and leads to an unfair comparison to
existing SSL algorithms. An alternative approach
is to automatically identify a set of class semantic-
related words. This might be useful for the case
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that class names in some corpora do not carry a
clear semantic meaning, e.g., the rating of reviews.

In this paper, we use the following method to
automatically collect the class semantic-related
words: we start by fine-tuning a pre-trained BERT
classifier on the labeled set. Then passing each
labeled text into the fine-tuned model and calculate
attention values for each token. The attention value
of a token is calculated by averaging all the atten-
tion received for this token 1. After removing stop
words, we retain the top-j e.g., j = 75, attended
words for each class to calculate the initial CSR.

4.3 Update of three components

The three components are progressively updated by
seamlessly incorporating them into an SSL frame-
work. In particular, our method is built upon
UDA (Xie et al., 2019b), one of the state-of-the-art
approaches in semi-supervised text classification.
The idea is to first construct an augmented version
of unlabeled data by back translation (Edunov et al.,
2018) and then enforce the prediction to be con-
sistent through a consistency-regularization loss
for unlabeled data. The following describes the
detailed updating process:

Update of the standard K-way classifier and the
class-sentence matching classifier: The update
is performed on labeled and unlabeled data at the
same time. For labeled data, both classifiers are
updated by performing stochastic gradient descent
with the following objective function.

Ll =
1

nl

nl∑

j=1

K∑

i=1

−Iji log psi (xj)︸ ︷︷ ︸
cross entropy (CE)

+

−Iji log pmi (xj)− (1− Iji ) log
(
1− pmi (xj)

)
︸ ︷︷ ︸

binary cross entropy (BCE)

,

(1)

where psi (xj) and pmi (xj) are the probabilities of
xj belonging to class i from the view of the K-way
classifier and the matching classifier, respectively.
Since the matching classifier is designed in a multi-
label style, we use binary cross-entropy loss for it.
Iji is an indicator whose value equals to 1 if yj = i,
and 0 otherwise.

For unlabeled data, we follow UDA to use a
student-teacher alike training strategy, that is, we
first use the original sentence input xj ∈ U to

1Magnitude of the attention value indicates the importance
of this token.

obtain the prediction target (similar to a pseudo
label) and then enforce the prediction of the back-
translated version xaj of xj being close to the pre-
diction target. Formally, if the prediction of one
unlabeled sample satisfies all the following rules,
the prediction target will be generated:




maxi
(
psi (xj)

)
>= confid1

maxi
(
pmi (xj)

)
>= confid2

argmaxi
(
psi (xj)

)
== argmaxi

(
pmi (xj)

)

(2)
where confid1 and confid2 are two pre-defined
confidence thresholds and we empirically find
confid1 = 0.95 and confid2 = 0.7 performs well
in our experiments. For the K-way classifier, the
pseudo prediction target is a sharpened posterior
probability, i.e., p̂s = Softmax(os/T ) with T ≤ 1.
For the matching classifier, we directly generate a
pseudo-label by ŷi = argmaxi p

m
i . The loss func-

tion for the unlabeled data is

Lu =
1

nu

nu∑

j=1

(
KL
(
ps(xaj ), p̂

s(xj)
)

+ BCE
(
pm(xaj ), ŷi(xj)

))
(3)

where KL(·, ·) denotes the KL divergence.
Update of CSR: The initialized CSR might not
be accurate or comprehensive enough to represent
the class semantics. Similar to the approach pro-
posed in Section 4.2, we use the newly updated
model to collect a better CSR. The collection pro-
cess on labeled sentences is still as described in
Section 4.2. While the same extraction operation
is performed on unlabeled texts only when they
satisfy the conditions in Eq. 2. We update the CSR
whenever the number of validation set2 samples
meeting conditions in Eq. 2 increases. Generally,
during the course of semi-supervised learning, the
classifiers become stronger and the selected class-
related words tend to become more accurate. Ta-
ble 3 gives an example to show the difference of
most attended words between initialization and af-
ter training.

5 Experimental results

In this section, we perform the experimental study
of the PCM method on four text datasets.
Datasets Following MixText (Chen et al., 2020),
we use four datasets, namely, AG News (Zhang

2Please note that we do not use any label information here.
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Dataset Label Type # Classes # Unlabeled # Test
AG News News Topic 4 20,000 7,600
DBpedia Wikipedia Topic 14 70,000 70,000

Yahoo! Answers QA Topic 10 50,000 60,000
IMDB Review Sentiment 2 10,000 25,000

Table 1: Statistics of four text datasets.

Dataset Method
Number of Labeled Example Per Clas

3 5 10 20 50

AG News

BERT-FT 76.70±4.72 79.90±2.34 83.46±2.73 84.97±1.73 87.35±0.56
UDA 78.25±7.61 82.97±2.87 86.75±0.88 86.77±0.10 88.23±0.49
MixText 81.60±9.04 85.84±1.32 85.56±2.95 87.60±0.48 88.14±0.75
PCM(ours) 84.85±0.86 87.20±0.42 88.31±0.47 88.34±0.27 88.85±0.27

DBpedia

BERT-FT 86.68±2.59 91.86±2.46 96.60±0.46 97.84±0.23 98.59±0.22
UDA 93.51±2.23 95.88±2.78 97.26±1.50 98.59±0.04 98.93±0.06
MixText 93.25±0.68 96.93±0.41 98.39±0.09 98.64±0.18 98.84±0.05
PCM(ours) 94.37±0.49 97.04±0.68 98.70±0.04 98.80±0.06 99.07±0.05

Yahoo!

BERT-FT 45.93±3.67 50.75±4.32 61.84±2.37 63.89±0.94 67.29±0.68
UDA 48.30±11.09 57.09±5.69 65.15±1.54 67.76±0.60 69.38±0.78
MixText 60.27±4.29 65.77±1.78 67.23±1.97 68.19±1.33 69.11±0.73
PCM(ours) 63.52±2.63 67.09±0.54 68.34±1.03 69.21±0.42 70.28±0.47

IMDB

BERT-FT 60.11±2.41 65.17±8.39 73.20±2.97 78.70±6.75† 83.91±1.13
UDA 63.01±1.07 71.90±10.80 89.05±1.70 90.20±0.54‡ 90.41±0.45
MixText 56.27±3.46 71.89±4.89 83.38±3.35 86.27±1.36 88.30±1.24
PCM(ours) 73.86±1.04 86.06±0.74 89.94±0.44 91.10±0.28 91.15±0.15

† Single run accuracy (81.6%) is reported in UDA (Xie et al., 2019b) for a reference. ‡ This number is reasonable on one GPU
card with 11GB memory. See experimental tutorial (Xie et al., 2019a) for details.

Table 2: Test accuracy (%) of all comparing methods on four datasets. Models are trained with 3/5/10/20/50 labeled
data per class. ± denotes the Standard Error of the Mean (S.E.M.) over three random sampled label sets. Best
results are indicated as bold.

et al., 2015), DBpedia (Lehmann et al., 2015),
Yahoo! Answers (Chang et al., 2008), and
IMDB (Maas et al., 2011) for our experiments. We
use the same data splits as in MixText (Chen et al.,
2020). The detailed statistics of the four datasets
are presented in Table 1.

Implementation details Same as MixText 3, we
use back-translation to perform data augmentation.
Two languages, German and Russian, are chosen
as the intermediate language. The back-translation
texts on Yahoo! Answers are provided by Mix-
Text, and we directly use them. For the other three
datasets, we generate the back-translation data by
ourselves (with Fairseq toolkit (Ott et al., 2019)).

We use the input format “[CLS] Sentence [SEP]”

3https://github.com/GT-SALT/MixText
(2-clause BSD License)

for all the baseline methods. We empirically find
this format leads to the overall best performance.
Meanwhile, this format actually brings perfor-
mance improvement to both UDA and MixText
methods. So we are comparing against stronger
baselines in our paper.

Due to BERT’s length limit, we only kept the
last 256 tokens for IMDB and the first 256 tokens
for the other datasets during training. We use the
same learning-rate setting for all methods: 5e-6 for
the BERT encoder and 5e-4 for the classifier (i.e., a
two-layer MLP with a 128 hidden size and tanh as
its activation function). All our experiments were
run on a GeForce RTX 2080 Ti GPU and each
experiment takes around 5 hours.
Comparing methods We compare the proposed
PCM method with three baselines: (1) fine-tuning
the pre-trained BERT-based-uncased model on the
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Figure 3: Accuracy on varying number of unlab. data.

labeled texts directly, denote as BERT-FT. (2) Un-
supervised data augmentation method (UDA) (Xie
et al., 2019b) and (3) the recently proposed Mix-
Text method (Chen et al., 2020). To make a fair
comparison, we conduct all experiments based on
the same codebase released by the authors of Mix-
Text (Chen et al., 2020).

5.1 Main results

Table 2 presents the performance comparison of
the proposed PCM method and other baselines on
different datasets. From that, we can have the
following observations. (1) By using BERT, all
methods achieve reasonable performance. Even
the BERT fine-tune baseline achieves good per-
formance when there are ten samples per class.
However, BERT fine-tune is still inferior to the
semi-supervised approaches, especially when the
number of training samples becomes smaller or
the classification task becomes more challenging.
(2) As expected, the MixText method excels than
UDA in most cases, but performs similarly when
the number of labeled samples becomes large (e.g.,
50 labels/class). Since the proposed method could
also be incorporated into MixText, it might be able
to boost its performance. (3) the proposed PCM
methods achieves significant performance improve-
ment over UDA approaches. Please note that PCM
is built on top of the UDA method and this per-
formance gain indicates the effectiveness of using
the proposed progressive training process. (4) It is
clear that PCM can not only always outperform
other baselines and achieve state-of-the-art text
classification performance on all four datasets, but
also have smaller standard error and be more
stable. PCM performs especially well when the
number of labeled samples becomes small. A much
larger performance gain is observed when only
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Figure 4: Ablation study on the DCDL strategy in PCM.

three labeled samples are available.
Furthermore, we compare PCM to baselines with

10 labeled data per class and varying number of
unlabeled ones on Yahoo! Answers dataset (range
from 10,000 to 100,000 unlabeled samples). Fig. 3
shows that PCM continuously benefits from more
unlabeled data and can be consistently superior
than other methods.

5.2 Ablation studies

PCM model consists of several components. In this
section, we perform ablation studies to examine
their impact. Most of these studies are performed
on Yahoo! Answers dataset with one identical la-
beled set, unless otherwise specified.

1. The importance of using two classifiers in
PCM. The proposed PCM model contains a K-
way classifier (i.e., ps) and a matching classifier
(i.e., pm), and they are jointly trained in the pro-
posed process. We investigate the role of them by
constructing a variant of PCM by only using either
one of them. As the results shown in Table 4, with-
out using the K-way classifier, the method totally
fails to a random guess. In contrast, only keeping
the K-way classifier can obtain reasonable results.
More interestingly, this variant actually performs
better than UDA on 3 and 5 label cases (see the
Table 2). The difference between this variant and
UDA is that the former appends CSR to the input
sequence. Its good performance shows that merely
appending CSR can be helpful for semi-supervised
text classification. Finally, we can see that using
both classifiers can lead to the best performance.
This clearly validates the necessity of the proposed
joint learning process.

2. If using the dual-classifier-dual-loss is the key
to success? In our method, we utilize a slightly
unconventional dual-classifier-dual-loss strategy
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Initial bush, car, bomb, killed, chancellor, black, moscow, inter, leftlist, putin, story, presidential, texas, president, campaign,
documents, ap, unearthed, caracas, ...

Final iraq, president, iraqi, government, baghdad, military, palestinian, security, nuclear, prime, minister, country, israeli,
leader, war, peace, gaza, iran, israel, troops, ...

Table 3: The class semantic-related word lists on class “world” of AG News dataset. The top row is the initial class
semantic-related words obtained from fine-tuned BERT, while the bottom one is the final class semantic-related
words after PCM training with upper initial words. All models are trained on the 3 labels per class case.

ps pm
Number of Labeled Example Per Clas

3 5 10 20 50
✗ ✓ 10.01 10.45 10.01 10.21 10.05
✓ ✗ 49.51 65.32 65.70 67.88 68.43
✓ ✓ 63.52 67.09 68.34 69.21 70.28

Table 4: Ablation study on the importance of two classi-
fiers of the proposed PCM model.

update CSR Number of Labeled Example Per Class

3 5 10 20 50
✗ 39.49 66.04 66.41 67.09 68.85
✓ 63.52 67.09 68.34 69.21 70.28

Table 5: Ablation study on the importance of updating
the CSR during training of PCM.

(DCDL): the pseudo-labels are generated by check-
ing the agreement of the two classifiers, and two
losses, i.e., BCE and CE, are used for training those
two classifiers. One may suspect that our good per-
formance actually stems from this DCDL scheme
rather than leveraging BERT’s matching capability.
To investigate this problem, we conduct an ablation
study by modifying UDA with this strategy. Specif-
ically, we use two classifiers, one trained from the
BCE loss and the other one trained from the CE
loss. The pseudo-prediction targets are generated
by following the same strategy as in PCM. The
result is shown in Fig. 4. As seen, simply incor-
porating this training strategy does not necessarily
bring better classification accuracy. This result pro-
vides evidence that the PCM’s good performance
can not be simply attributed to the DCDL strategy.

3. The prediction quality of the K-way classifier
and the matching classifier. In our PCM model,
the K-way classifier is chosen for the final testing
phase. We further validate the quality of the match-
ing classifier. As the results presented in Fig. 5, the
matching classifier gains comparable performance
to the K-way one. This proves that the collabora-
tive training of two classifiers bootstraps each other
to have good prediction capability.

4. The impact of updating CSR. Our PCM
method dynamically updates the CSR through the
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Figure 5: Ablation study on classifier quality of PCM.

training process. In this part, we investigate the
impact of this updating process. Table 5 compares
the results obtained by updating or not updating
CSR. As seen, updating CSR leads to overall better
performance. The difference becomes quite signifi-
cant when only three labeled samples are used. For
example, PCM may fail when the class semantic
representation is fixed in the 3-label case.

6 Limitations and Potential Risks

One underlying assumption about our findings is
that we mainly consider BERT-style pre-trained
language models for semi-supervised text classifi-
cation. The utilization of inherent knowledge of
other language models (e.g., GPT (Radford et al.,
2018) and XLNet (Yang et al., 2019b)) are not ex-
plored in this paper and is left for future work.

PCM algorithm has been verified to be effective-
ness on texts in English, whether other languages
can achieve the same performance improvement is
at risk and will be explored in the future.

7 Conclusion

In this paper, we proposed a semi-supervised text
classification approach by leveraging the inherent
topic matching capability in pre-trained language
models. The method progressively updates three
components, a K-way classifier, the class seman-
tic representation, and a matching classifier that
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matches input text against the class semantic repre-
sentation. We show that the updating of the three
components can benefit each other and achieve su-
perior semi-supervised learning performance.

8 Ethics

In terms of ethics, we do not see immediate con-
cerns for the models we introduce and to the best
of our knowledge no datasets were used that have
known ethical issues.
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Abstract
Text style transfer (TST) without parallel data
has achieved some practical success. How-
ever, most of the existing unsupervised text
style transfer methods suffer from (i) requiring
massive amounts of non-parallel data to guide
transferring different text styles. (ii) colossal
performance degradation when fine-tuning the
model in new domains. In this work, we pro-
pose DAML-ATM (Domain Adaptive Meta-
Learning with Adversarial Transfer Model),
which consists of two parts: DAML and ATM.
DAML is a domain adaptive meta-learning
approach to learn general knowledge in mul-
tiple heterogeneous source domains, capable
of adapting to new unseen domains with a
small amount of data. Moreover, we pro-
pose a new unsupervised TST approach Ad-
versarial Transfer Model (ATM), composed of
a sequence-to-sequence pre-trained language
model and uses adversarial style training for
better content preservation and style transfer.
Results on multi-domain datasets demonstrate
that our approach generalizes well on unseen
low-resource domains, achieving state-of-the-
art results against ten strong baselines.

1 Introduction

Text style transfer (TST) aims to change the style
of the input text and keep its content unchanged,
which has been applied successfully to text formal-
ization (Jain et al., 2019) , text rewriting (Nikolov
and Hahnloser, 2018) , personalized dialogue gen-
eration (Niu and Bansal, 2018) and other stylized
text generation tasks (Gao et al., 2019; Cao et al.,
2020; Syed et al., 2020).

Text style transfer has been explored as a
sequence-to-sequence learning task using parallel
datasets (Jhamtani et al., 2017; Wang et al., 2020b;
Pryzant et al., 2020). However, parallel datasets are
difficult to obtain due to expensive manual annota-
tion. The recent surge of deep generative methods

∗ Equal contribution.
† Corresponding author.

(Hu et al., 2017a; Zhao et al., 2017; Li et al., 2018)
has spurred progress in text style transfer without
parallel data. However, these methods typically re-
quire large amounts of non-parallel data and do not
perform well in low-resource domain scenarios.

One typical method is to resort to massive data
from different domains, which has been studied
as an effective solution to address the above data
insufficiency issue (Glorot et al., 2011; Wang et al.,
2017; Li et al., 2021b). However, directly leverag-
ing large amounts of data from other domains for
the TST task is problematic due to the differences
in data distribution over different domains, as dif-
ferent domains usually use their domain-specific
lexica (Li et al., 2019a). For instance, fine-tuning
a TST model trained on a high-resource movie-
related domain to a low-resource restaurant-related
domain can get us unreasonable sentences like "the
food is dramatic." The sentiment word "dramatic"
is suitable for commenting a movie but weird to
comment on the food.

In this work, we tackle the problem of domain
adaptation in the scenarios where the target domain
data is scarce and misaligned with the distribution
in the source domain. Recently, model-agnostic
meta-learning (MAML) has received resurgence
in the context of few-shot learning scenario (Lin
et al., 2019; Gu et al., 2018; Nooralahzadeh et al.,
2020). Inspired by the essence of MAML (Finn
et al., 2017), we propose a new meta-learning train-
ing strategy named domain adaptive meta-learning
(DAML). Unlike MAML, DAML adopts a do-
main adaptive approach to construct meta tasks
that would be more suitable to learn a robust and
generalized initialization for low-resource TST do-
main adaption.

To well preserve content and transfer style, one
typical strategy of a TST model is to decouple style
information from the semantics of a text, and it
tends to produce content loss during style transfer
(Hu et al., 2017b; Dai et al., 2019; Carlson et al.,
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2018). Here, we do not try to decouple content and
style, and propose a new Adversarial style Transfer
model ATM, which is composed of a sequence-
to-sequence pre-trained language model combined
with adversarial style training for style transfer. In
this way, our model can better preserve the content
information without disentangling content and style
in the latent space.

Combining DAML and ATM, in this paper, we
propose the method named DAML-ATM, which
extends traditional meta-learning to a domain adap-
tive method combined with a sequence-to-sequence
style transfer model. DAML contains two alter-
nating phases. During the meta-training phase, a
series of meta-tasks are constructed from a large
pool of source domains for balanced absorption of
general knowledge, resulting in a domain-specific
temporary model. In the meta validation stage, the
temporary model is evaluated on the meta valida-
tion set to minimize domain differences and realize
meta knowledge transfer across different domains.
In ATM, a pre-training language model based TST
model is used to improve text content retention.
Moreover, we propose a two-stage training algo-
rithm to combine the DAML training method and
ATM model better.

In summary, the main contributions in this paper
are three-fold: (i) We propose a new unsupervised
TST model, which achieves SOTA performance
without disentangling content and style latent rep-
resentations compared to other models. (ii) We
extend the traditional meta-learning strategy to the
domain adaptive meta transfer method, effectively
alleviating the domain adaption problem in TST.
(iii) We propose a two-stage training algorithm to
train DAML-ATM, achieving state-of-the-art per-
formance against multiple strong baselines.

2 Related Work

2.1 Text Style Transfer

Text style transfer based on deep learning has been
extensively studied in recent years. A typical pat-
tern is first to separate the latent space as content
and style features, then adjust the style-related fea-
tures and generate stylistic sentences through the
decoder. (Hu et al., 2017a; Fu et al., 2017; Li et al.,
2019a)assume that appropriate style regularization
can achieve the separation. Style regularization
may be implemented as an adversarial discrimi-
nator or style classifier in an automatic encoding
process. However, these style transfer paradigms

use large amounts of annotation data to train mod-
els for specific tasks. If we already have a model
for a similar task, it is unreasonable to need many
data still to train the model from scratch.

On the other hand, some of the previous work
learned to do TST without manipulating the style of
the generated sentence based on this learned latent
space. (Dai et al., 2019)use the transformer archi-
tecture language model to introduce attention mech-
anism, but they do not make full use of the prior
knowledge of sequence to sequence pre-trained
language model, such as Bart (Lewis et al., 2019)
and T5 (Raffel et al., 2019), which have made sig-
nificant progress in text generation tasks. In this
paper, we proposed the DAML training method to
solve the domain shift problem in TST and pro-
posed a new TST model architecture named ATM,
which makes no assumption about the latent repre-
sentation of source sentence and takes the proven
sequence-to-sequence pre-trained language model.

2.2 Domain adaptation
Domain adaptation has been studied in various nat-
ural language processing tasks (Glorot et al., 2011;
Qian and Yu, 2019; Wang et al., 2017; Li et al.,
2021a). However, there is no recent work about
domain adaptation for a TST, except DAST (Li
et al., 2019a). DAST is a semi-supervised learning
method that adapts domain vectors to adapt mod-
els learned from multiple source domains to a new
target domain via domain discriminator. Different
From DAST, we propose to combine meta-learning
and adversarial networks to achieve similar domain
adaption ability, and our model exceeds the per-
formance of DAST without domain discriminator.
Although there are some methods perform well in
few shot data transfer (Riley et al., 2021; Krishna
et al., 2021), these methods discuss completely new
text style transfer, while we focus on the domain
adaptation issue.

2.3 Model-Agnostic Meta-Learning
Model-agnostic meta-learning (MAML) (Finn
et al., 2017) provides a general method to adapt
to parameters in different domains. MAML solves
few-shot learning problems by learning a good pa-
rameter initialization. During testing, such initial-
ization can be fine-tuned through a few gradient
steps, using a limited number of training examples
in the target domain. Although there have been
some researches (Qian and Yu, 2019; Li et al., 2020;
Wu et al., 2020) on MAML in natural language
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processing, it is still scarce compared to computer
vision. Unlike the above research on classification
under few-shot learning, our research focuses on
text style transfer based on text generation. In this
paper, we seek a new meta-learning strategy com-
bined with adversarial networks, which is more
suitable for encouraging robust domain representa-
tion. As far as we know, we are the first to adopt
meta-learning in the domain adaptation problem of
text style transfer tasks.

3 Methodology

In this section, we first define the problem of do-
main adaptive learning for TST. Then we describe
our approach, DAML-ATM, in detail.

3.1 Task Definition

Let DS = {D1, ..., DN} be N source domains
in the training phase, where Dn(1 ≤ n ≤ N) is
the n-th source domain containing style-labelled
non-parallel data Dn = {(Xi, li)}Lni=1, where Ln is
the total number of sentences, Xi denotes the ith

source sentence, and li denotes the corresponding
style label, which belongs to a source style label
set: li ∈ LS (e.g., positive/negative). Likewise,
there are K target domains DT = {D1, ..., DK}
which are unseen in DS . Our task is to transfer
a sentence Xi with style li in the target domain
to another sentence Y

′
i sharing the same content

while having a different style l̃i from li and domain-
specific characteristics of the target domain.

We propose a two-stage algorithm for domain
adaptation in TST: pre-training learning strategy
and domain adaptive meta-learning strategy. In
pre-training learning, our objective is to make the
model more able to preserve content information
and distinguish between different text styles. In
domain adaptive meta-learning, our objective is to
learn a meta-knowledge learner for the sequence-
to-sequence model by leveraging sufficient source
data Ds. Given a new unseen domain from Dnew,
the new learning task of TST can be solved by fine-
tuning the learned sequence-to-sequence model
(domain-invariant parameters) with only a small
number of training samples.

3.2 DAML-ATM Approach

3.2.1 Overview of DAML
Model-agnostic meta-learning can utilize a few
training samples to train a model with good gen-
eralization ability. However, since it is based on

Figure 1: Comparison of meta-learning and domain
adaptive meta transfer learning (DAML). In DAML,
each meta task contains n sentences from the same do-
main. In MAML, the data in each meta task come from
different domains.

the assumption that the meta tasks are from the
same distribution (Figure 1, left), simply feeding
all the sources data into it might get sub-optimal re-
sults (Chen and Zhu, 2020). Therefore, we propose
a modified way to construct meta tasks (Figure 1,
right).

Different from MAML, for DAML, in one batch,
the data in each meta task comes from the same
source domain, and each meta task comes from a
different domain. In this way, we can guarantee
that DAML can learn generic representations from
different domains in a balanced way. During each
iteration, we randomly split all source domains into
a meta-training set Dtr and a meta-validation set
Dval, where DS = Dtr ∪Dval and Dtr ∩Dval =
∅. A meta-training task Ti is sampled from Dtr

and is composed of n instances from a specific
domain. Likewise, a meta-validation task Tj is
sampled from Dval. The validation errors on Dval

should be considered to improve the robustness of
the model. In short, with DAML, the parameters
learned by the model in the parameter space are
not biassed towards any one particular domain with
as little data as possible during model updating as
shown in Figure 1(right).

In the final evaluation phase, the meta-
knowledge learned by the sequence-to-sequence
model can be applied to new domains. Given a
new unseen domainDnew = (Ttr, Tte), the learned
sequence-to-sequence model and the discriminator
are fine-tuned on Ttr and finally tested on Tte.

3.2.2 ATM Model
In this section, we give a brief introduction to our
proposed model: ATM, which combines sequence-
to-sequence pre-trained model with adversarial
training. (1) For the content preservation, we train
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Figure 2: The basic structure of our TST model, ATM,
with the first stage training procedure. The green
dashed line represents the loss of style classification to
ensure that the style classifier can distinguish between
different text styles. The black dotted line rerents text
reconstruction loss to ensure the generated sentence has
a similar semantic meaning as the input sentence.

the sequence-to-sequence model θ to reconstruct
the original input sentenceX with the original style
label l. (2) For the style controlling, we train a
discriminator network γ to assist the sequence-to-
sequence model network in better controlling the
style of the generated sentence. The structure of
the model is shown in Figure 2.

S2S-model To ease the explanation, we start
with the sequence-to-sequence (S2S) model
here. Explicitly, for an input sentence X =
(x1, x2, ..., xn) of length n, X ∈ D, the
S2S encoder Enc(X; θE) maps inputs to a
sequence of continuous hidden representations
H = (h1, h2, ..., hn). Then, the S2S decoder
Dec(H; θD) estimates the conditional probability
for the output sentence Y = (y1, y2, ..., yn) by
auto-regressively factorized its as:

pθ(Y |X) =
n∏

t=1

pθ(yt|H, y1, ..., yt−1) (1)

At each time step t, the probability of the next token
is computed by a softmax classifier:

pθ(yt|H, y1, ...., yt−1)) = softmax(ot) (2)

where ot is logit vector outputted by decoder net-
work. The standard S2S model without discrimina-
tor makes the output sequence Y the same as the
input sequence X .

Discriminator Model By teacher forcing, S2S
tends to ignore the style labels and collapses to a
reconstruction model, which might copy the input
sentence, hence failing to transfer the style. There-
fore, to make the model learn meaningful style

Algorithm 1 ATM Pre-traing Learning
Input: sequence-to-sequence model fθ ,discriminator γ,and a
dataset Di with style li belong to Ls
Output: well-trained parameter θ, γ
1: Sample a batch of m sentences X1, X2, ...Xm from Di.
2: while in first stage and not convergence do
3: Use fθ to generate new sentence
4: Yi = fθ(Xi, li)
5: Compute Lcls(γ) for Yi by Eq. (4) ;
6: Compute Lrec(θ) for Yi by Eq. (3) ;

information, we apply a style discriminator γ for
the style regularization. In summary, we use a style
discriminator to provide the direction (gradient) for
TST to conform to the target style. Our discrim-
inator is a multi-layer perceptron with a sigmoid
activation function to predict style labels or guide
the direction of style transfer. Our model train-
ing involves a pre-training learning strategy and a
domain adaptive meta-learning strategy.

3.2.3 First Stage: Pre-training Learning
In the first stage, we train the discriminator model
to distinguish different text styles. In this stage,
the discriminator models are equivalent to a text
classifier. Inspired by (Lewis et al., 2019), we
feed the hidden states from the last layer of the
decoder into the classifier instead of the gumble-
softmax trick (Jang et al., 2017) for gradient back-
propagation, which is more stable and better than
gumble-softmax(See Table 5). The loss function
for the discriminator is simply the cross-entropy
loss of the classification problem:

Lcls(γ) = − E
Xi∼DS

[logP (li|Xi, li; θ, γ)] (3)

For the S2S model, we pre-train the S2S model
to allow the generation model to learn to copy an
input sentence X using teacher forcing. The loss
function of the sequence-to-sequence model min-
imizes the negative log-likelihood of the training
data:

Lrec(θ) = − E
Xi∼DS

[logP (Yi|Xi; θ)] (4)

In summary, we train the sequence model and the
style classification model separately on the source
domain to learn content preservation and style dis-
crimination in the first stage. The first stage train-
ing procedure of the ATM is summarized in Algo-
rithm 1.
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Figure 3: Overview of our proposed DAML-ATM with
second stage training strategy. In the meta-training
phase, a temporary model (θold, θnew) is learned from
Dtr. In the meta-validation phase, the base model is
updated by gradient descent with respect to the parame-
ters θ onDval. In the final evaluation phase, the learned
sequence encoder is fine-tuned on Ttr and tested on Tte
from a unseen domain Dnew.

3.2.4 Second Stage: Domain Adaptive Meta
Learning with Adversarial Training

After the first stage of training, the style classifier
has learned how to distinguish between different
text styles. For style controlling, we adopt a method
of adversarial training to avoid disentangling the
content and style in the latent space. The discrim-
inator model aims to minimize the negative log-
likelihood of opposite style l̃i when feeding to the
sequence model sentence Xi with the style label
li. In the second stage, we freeze the parameters of
the discriminator. Therefore, style loss only works
on the S2S model θ, which forces the S2S model θ
to generate opposite styles of sentences:

Lstyle(θ) = − E
Xi∼D

[logP (l̃i|Xi, li; θ, γ)] (5)

In the second stage, we use the DAML algorithm
for domain adaptive TST, so the text reconstruction
loss and the style discriminator loss are calculated
over the meta-training samples in task Ti from Dtr.
These two losses can be written as

LrecTi (θ) = − E
Xi∼Ti

[logP (Yi|Xi; θ)]

LstyleTi
(θ) = − E

Xi∼Ti
[logP (l̃i|Xi, li; θ, γ))

(6)

We add different prefixes to the input in the sec-
ond stage, which allows the S2S model to perceive

different TST tasks. The second stage of the al-
gorithm is called domain adaptive meta-strategy,
which consists of two core phases: a meta-training
phase and a meta-validation phase, as shown in
Figure 3.

Domain Adaptive Meta-Training
In the meta-training phase, our objective is to

learn different domain-specific temporary models
for each domain that are capable of learning the
general knowledge of each domain. Inspired by
feature-critic networks (Li et al., 2019b), we use
a similar manner to adapt the parameters of the
domain-specific temporary model:

θoldi = θi−1 − α∇θi−1LrecTi (θi−1, γi−1)

θnewi = θoldi−1 − α∇θi−1LstyleTi
(θi−1, γi−1)

(7)

where i is the adaptation step in the inner loop,
and α is the learning rate of the internal optimiza-
tion. At each adaptation step, the gradients are
calculated with respect to the parameters from the
previous step. For each domain of Dtr, it has dif-
ferent θold and θnew . The base model parameters
θ0 should not be changed in the inner loop.

Algorithm 2 The training procedure of DAML-
ATM
Input: D = {D1, ...,DK}, α, β
Output: optimal meta-learned model θ
1: Initialize the base sequence-to-sequence model θ and dis-

criminator model γ by algorithm 1
2: while not converge do
3: Randomly splitD = Dtr∪Dval andDtr∩Dval = ∅
4: Meta-training:
5: for j in meta batches do //Outer loop
6: Sample a task Tj from Dval
7: for i in adaptation steps do //Inner loop
8: Sample a task Ti from Dtr
9: Compute meta-training rec loss LrecTi

10: Compute meta-training style loss LstyleTj

11: Compute adapted parameters with gradient
descent for θi−1

12: θoldi = θi−1 − α∇θi−1LtrTi
(θi−1, γi−1)

13: θnewi = θoldi−1 − α∇θi−1LstyleTi
(θi−1, γi−1)

14: Meta-validation:
15: Compute meta-validation loss on Tj : LvalTj

16: Meta-optimization:
17: Perform gradient step w.r.t. θ
18: θ0 = θ0 − β∇θ0ETjLvalTj

(θoldi , θnewi , γ)

Domain Adaptive Meta-Validation
After meta-training phase, DAML-ATM has al-

ready learned a temporary model(θoldi , θnewi ) in the
meta-training domains Dtr. The meta-validation
phase tries to minimize the distribution divergence
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between the source domains Dtr and simulated
target domains Dval using the learned temporary
model. In the meta-validation phase, each tem-
porary model is calculated on the meta-validation
domain Dval to get meta validation losses.

LvalTj = LrecTj (θoldi , γ0) + LstyleTj
(θnewi , γ0) (8)

Thus, the base model θ is updated by gradient de-
scent

θ0 = θ0 − β∇θ0LvalTj (9)

where β is the meta-learning rate. Unlike the ordi-
nary gradient descent process, the update mecha-
nism of Eq. (9) involves updating one gradient by
another gradient (w.r.t. the parameters of the tempo-
rary model). This process requires a second-order
optimization partial derivative.

3.2.5 Final Evaluation Phase of DAML-ATM
In the final evaluation phase, we first initialize the
model with the parameters learned during the above
algorithm 2. Then, the model takes input as a new
adaptation task T , which consists of a small in-
domain data Str for fine-tuning the model and a test
set Ste for testing. The procedure is summarized
in Algorithm 3. (Note that the discriminator is not
needed for inference.)

Algorithm 3 The Final Evaluation Procedure of
DAML-ATM
Input: θ, γ learned from Algorithm 2, low resource training
set Str and test set Ste of an unseen domain Dnew
Output: Performance on Ste
1: while not convergence do
2: Serialize a task Ttr from the unseen domain Str
3: Update θ = θ − β∇θ

∑
Ttr

(LrecTtr
(θ) + LstyleTtr

(θ))

4: return optimal θ∗ for Ste
5: Style accuracy, bleu, domain accuracy = fTte(θ)

Dataset Domain Train Dev Test Human Reference

Yelp Restaurant 444k 4k 1k 1k

Amazon Product 554k 2k 1k 1k

IMDB Movie 341k 2k 1k No

Yahoo! Q & A 5k 1k 1k No

Table 1: Statistics of source and target datasets(non-
parallel data). The style label set is {negative, posi-
tive}.

4 Experiment

In this section, we first detail the experimental se-
tups. Then, we present our experimental results
over multiple target domains.

4.1 Datasets and Experimental Setups

In this experiment, we use the following four
datasets from different domains: (i) IMDB movie
review corpus (Diao et al., 2014). (ii) Yelp restau-
rant review dataset (Li et al., 2018). (iii) Ama-
zon product review dataset (Li et al., 2018). (iv)
YAHOO! Answers dataset (Li et al., 2019a), the
amazon and yelp test sets each have 1k human
annotations.The statistics of these corpora are sum-
marized in Table 1.

For the S2S model, we take the T5 base
model (Raffel et al., 2019) (220MB) for our experi-
ments. For style discriminator, we use 4-layer fully
connected neural networks. We train our frame-
work using the Adam optimizer (Kingma and Ba,
2014)with the initial learning rate 1e-5. The epoch
is set to 50 for both stage 1 and stage 2. The inner
learning rate α is 0.0001, and the outer learning
rate β is 0.001. Following (Shankar et al., 2018; Li
et al., 2020), we use the leave-one-out evaluation
method by picking a domain as the target domain
Dnew for the final evaluation. For each iteration
of the training phase, two source domains are ran-
domly selected as the meta-training domain Dtr

and the remaining domains as the meta-validation
domain Dval.

In order to evaluate the model performance, we
use three famous and widely adopted automatic
metrics following previous work (Li et al., 2019a;
Fu et al., 2017; Hu et al., 2017a) and a human
metric. BLEU verifies whether the generated sen-
tences retain the original content (Papineni et al.,
2002). While IMDB and Amazon have no manual
references, we compute the BLEU scores w.r.t the
input sentences. Style Control (S-Acc) measures
the style accuracy of the transferred sentences with
a style classifier that is pre-trained on the datasets.
Domain Control (D-Acc) verifies whether the
generated sentences have the characteristics of
the target domain with a pre-trained domain
classifier to measure the percentage of generated
sentences belonging to the target domain. Human
Evaluation Following (Madotto et al., 2019), We
randomly sampled 100 sentences generated on the
target domain and distributed a questionnaire at
Amazon Mechanical Turk asking each worker to
rank the content retention (0 to 5), style transfer(0
to 5 ) and fluency(0 to 5): human score =
Average(

∑
scorestyle +

∑
scorecontent +∑

scorefluency), human score ∈ [0, 100] . Five
workers were recruited for human evaluation.
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Restaurant(1% target domain data) Restaurant(100% target domain data)

Model/Training method S-Acc BLEU G-score Human D-Acc S-Acc BLEU G-score Human D-Acc

CrossAlign 78.4 4.5 18.7 14.6 76.8 88.3 5.6 22.2 70.3 83.5
ControlGen 80.1 6.7 23.2 15.4 80.4 90.6 25.5 22.5 78.9 87.9

FGIM 83.1 4.6 19.6 16.4 82.0 90.4 24.6 48.6 69.4 85.2
DAST 88.3 17.5 39.3 19.5 90.5 91.2 26.5 49.2 79.4 92.6
CatGen 85.4 18.5 39.7 29.4 80.5 88.4 27.9 49.7 65.7 86.0

ATM(ours) 89.6 20.1 42.4 30.1 89.2 93.3 30.3 53.2 85.2 93.4
In-Domain 87.4 9.7 29.1 16.4 87.3 94.5 20.4 43.9 78.4 93.6

Joint-Training 82.3 8.4 26.2 18.7 84.6 85.4 21.6 42.9 73.6 93.4
Fine-Tuning 65.2 2.8 13.5 12.6 79.8 92.8 24.2 47.3 73.7 93.7

D-Shift 79.3 10.4 28.7 15.4 79.8 91.2 23.4 46.1 73.7 93.7
MAML 88.2 18.6 40.5 24.8 74.5 90.4 20.1 42.6 70.4 92.1

DAML(ours) 90.0 21.4 43.8 25.1 89.9 96.7 32.1 55.7 80.2 94.7

DAML-ATM(ours) 94.5 25.4 48.9 34.2 92.9 97.8 35.5 58.9 83.1 96.4

Table 2: Evaluation results on restaurant domain(Yelp). The restaurant domain is used as the target domain and
the other three domains as the source domain. G-score is the geometric mean of S-Acc and BLEU.

Yelp(negative-to-positive) Yelp(positive-to-negative)
Input there chips are ok , but their salsa is really bland. love their food and their passion.

Joint-Training there are good , but their food is really good, . laughable their food and bad food.
Fine-Tuning there chips act very well. their food is hard to use.

D-Shift there are usually dramatic exhibits. my husband and toilet smelled.
MAML there chips are bad,but there salsa is really good. hate their food and their passion

DAML-ATM(ours) there chips are surprised, and their salsa is really nice. hard to swallow food and serious discrespect.

Table 3: Transferred sentences on Yelp(few shot), where red denotes successful style transfers, blue denotes content
losses, violet denotes domain errors and green denotes grammar errors, better looked in color. More examples are
in the appendix.

The results of the other metrics are shown in the
appendix.

4.2 Baselines

Movie In-Domain Fine-Tuning D-Shift MAML DAML

S-Acc 70.4 59.3 74.4 79.8 81.5

BLEU 23.1 25.4 27.4 26.9 31.2

D-Acc 87.3 75.2 72.2 74.5 92.3

Product In-Domain Fine-Tuning D-Shift MAML DAML

S-Acc 84.1 80.2 83.5 84.6 87.0

BLEU 14.0 14.5 17.8 18.1 19.9

D-Acc 80.5 75.4 73.5 79.4 84.1

Q & A In-Domain Fine-Tuning D-Shift MAML DAML

S-Acc 94.1 90.1 92.1 89.6 95.5

BLEU 12.8 13.7 14.5 18.7 20.5

D-Acc 80.6 70.0 72.5 76.5 86.7

Table 4: Results on each of the remaining domains
treated as target domain,every target domains using 1%
data for fine-tuning, base model is AMT.

In our experiments, for ATM model, we adopt
five state-of-the-art TST models for comparison:
CrossAlign (Shen et al., 2017), ControlGen (Hu
et al., 2017a), DAST (Li et al., 2019a), Cat-
Gen (Wang et al., 2020a) and FGIM (Wang et al.,
2019). They are jointly trained on the source do-
mains and fine-tuned on the target domain.

To well analyze our training method DAML, fol-
lowing (Li et al., 2020), we also use five simple
and effective domain adaptation settings with Con-
trolGen (Hu et al., 2017a) structure as DAML: (1)
In-Domain method is trained on the training set
of the target domain; (2) Joint-Training method
combines all the training sets of the source and
target domains and performs a joint-training on
these datasets; (3) Fine-Tuning method is trained
on the training sets of the source domains and then
fine-tuned on the training set of the target domain;
(4) D-Shift This is trained on the combination of
training sets from all source domains. Then, the
evaluation is conducted on the test set of a tar-
get domain using the direct domain shift strategy;
(5) MAML method uses classical model agnostic
meta-learning algorithm (Finn et al., 2017).

4.3 Results and Analysis

For DAML-ATM, we first choose restaurant as the
target domain and the other three as the source do-
mains for observation. Table 2 reports the results
of different methods and models under both the
full-data and few-shot settings. From this table,
we can see that DAML-ATM outperforms all base-
lines in terms of S-Acc, BLEU, D-Acc and human
evaluation. We attribute this to the fact that DAML-
ATM explicitly simulates the domain shift during
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Figure 4: The system performance on amazon im-
proves when the size of the target data increases. Even
the one-shot learning achieves decent performance.

Figure 5: The t-sne plots of source domain sen-
tences and generated target domain sentence in differ-
ent DAML training epochs. The labels 0 and 1 rep-
resent the source domain sentence embedding and the
generated target domain sentence embedding.

training via DAML, which helps adapt to the new
target domain. We can also see that in the case
of a few-shot setting, the results of Fine-tuning
and Joint training are even worse than In-domain
and DAML. The reason may be that the data size
of the source domain is much larger than the tar-
get domain so that the model tends to remember
the characteristics of the source domain. MAML
achieves good performance in most metrics. How-
ever, it does not balance meta-tasks across different
source domains, performing poorly on D-acc.

Further, to verify the robustness of our method
under the low-resource setting, we separately select
the other three domains as the target domain. As
shown in Table 4, our approach has achieved good
performance on different target domains.

We also provide some examples in Table 3. From
the example, we can see intuitively that D-shift

and Fine-tuning will lead to the misuse of domain-
specific words due to lack of target domain infor-
mation. In addition, compared with Joint-training,
the sentences generated by DAML-ATM are more
consistent with the human reference. Compared to
MAML, DAML generates sentences that are more
diverse and vivid due to the more balanced absorp-
tion of information from multiple domains. Fig-
ure 4 shows the system performance positively cor-
relates with the amount of training data available in
the target domain. To visualize how well DAML-
ATM performs on the new unseen domain, we use
t-SNE (Van der Maaten and Hinton, 2008) plots to
analyze the degree of separation between the source
domain sentences and the generated target domain
sentences. Figure 5 shows that as the training epoch
increases, the sentences generated by DAML-ATM
in the target domain are completely separated from
the source domain in the latent space.

4.4 Ablation Study
To study the impact of different components on
the overall performance, we further did an ablation
study for our model, and the results are shown in
Table 5. After we disabled the reconstruction loss,
our model failed to learn meaningful outputs and
only learned to generate a word for any combina-
tion of input sentences and styles. Then, when the
discriminator loss is not used, the model degrades
rapidly, simply copying the original sentence with-
out any style modification. After not using the
pre-training language model weights, the model’s
performance is reduced in the metric of content
preservation. When using gumble-softmax instead
of hidden states for gradient descent, the model
performs poorly in style accuracy because of the
instability of gumble-softmax. In summary, each
factor plays an essential role in the DAML-ATM
training stage.

Model S-Acc BLEU D-Acc

DAML-ATM 94.5 25.4 92.9

w/o reconstruction loss 50.0 0 50.0
w/o discriminator loss 2.1 21.6 92.4

w/o language model weights 87.4 17.3 90.3
w/ gumble-softmax 85.6 18.3 91.0

Table 5: Model ablation study results on Yelp dataset.
The size of adaptation training data is 1 %.

5 Conclusion

In this paper, we propose DAML-ATM, a novel
training strategy combined with a new TST model
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for domain adaptation, which can be easily adapted
to new domains with few shot data. On four pop-
ular TST benchmarks, we found significant im-
provements against multiple baselines, verifying
the effectiveness of our method. We explore ex-
tending this approach for other low resource NLP
tasks in future work.
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encoder and decoder are all 12-layer transformers
with 16 attention heads, hidden size 1,024 and feed-
forward filter size 4,096, which amounts to 406M
trainable parameters. We train our framework using
the Adam optimizer (Kingma and Ba, 2014)with
the initial learning rate 1e-5, and we employ a lin-
ear schedule for the learning rate, all models are
trained on 8 RTX 3090 GPUs.

A.2 Details on Human Evaluation

For the results generated by each method, follow-
ing (Krishna et al., 2020), we randomly selected
100 sentences to be placed in the Amazon Mechan-
ical Turk1 questionnaire. We pay our workers 5
cents per sentence. As shown in Figure 6, the ques-
tionnaire asked to judge the generated sentences on
three dimensions: strength of style transfer, degree
of content retention, and text fluency. To minimize
the impact of spamming, we require each worker
to be a native English speaker with a 95% or higher
approval rate and a minimum of 1,000 hits.

A.3 More Ablation Study and Metrics

To verify that the general S2S models work well
with our algorithm, we use bart (Lewis et al., 2019)
as the S2S base model. For the robustness of the
experiment, we add a new metric J-(a,c,f) (Krishna
et al., 2020) to measure our results, which is a
sentence-level aggregation strategy evaluate style
transfer models.

Domain S-Acc BLEU G-score D-Acc J-(a,c,f)

Restaurant(T5-base) 94.5 25.4 48.9 89.2 46.4
Restaurant(Bart-base) 94.7 24.1 47.8 88.4 40.2
Movie(T5-base) 81.5 31.2 50.4 92.3 42.8
Movie(Bart-base) 84.5 34.7 54.1 90.1 43.5
Product(T5-base) 87.0 19.9 41.6 84.1 34.5
Product(Bart-base) 84.3 20.4 41.4 86.4 34.7
Q & A(T5-base) 95.5 20.5 44.25 86.7 39.5
Q & A(Bart-Base) 92.5 17.7 40.46 79.8 34.1

Table 6: Results on each of the remaining domains
treated as target domain, every target domain using 1%
data for fine-tuning, base models are BART and T5.

As can be seen from Table 6, our approach can be
combined with other general pre-trained language
models and performs well, proving our method’s
generality. Furthermore, as we can visually see
from Table 7, our model also performs well on
the J-(a,c,f) metric, which indicates that our model
generates sentences in a specific style while having
the right target style, preserving content, and being
fluent.

1https://www.mturk.com/

A.4 More Generation Examples
To demonstrate more examples of generation to
verify the effectiveness of the model, we selected
10 generated sentences from amazon and yelp each,
as shown in Table 8 and Table 9.

Restaurant(1% target domain data) Restaurant(100% target domain data)

Model/Training Method J-(a,c,f) J-(a,c,f)

CrossAlign 18.4 22.9
ControlGen 19.2 24.5

FGIM 25.6 28.7
DAST 24.5 32.3

Cat-Gen 20.3 31.2
ATM(ours) 30.4 39.5

In-Domain 32.5 35.2
Joint-Training 32.3 35.4
Fine-Tuning 28.2 37.8

D-Shift 25.5 34.1
MAML 38.8 44.1

DAML(ours) 44.8 47.6

DAML-ATM(ours) 46.4 50.8

Table 7: Evaluation results on restaurant domain(Yelp).
The restaurant domain is used as the target domain and
the other three domains as the source domain. G-score
is the geometric mean of S-Acc and BLEU.The evalua-
tion metrics is J-(a,c,f)
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Figure 6: Human evaluation questionnaire. We randomly sampled 100 sentences generated on the target domain
and distributed a questionnaire at Amazon Mechanical Turk asking each worker to rank the content retention (0 to
5), style transfer(0 to 5 ), and fluency(0 to 5).

Amazon (negative-to-positive) or (positive-to-negative)
Input anker, don’t like it.
DAML-ATM anker is a great product, i like it.
Human Ref. anker is a fine product though i d never heard of it.
Input but the back side looks terrible as well.
DAML-ATM but the back side looks great as well.
Human Ref. but the back side looks nice as well .
Input the hot dogs come out bad
DAML-ATM the hot dogs come out great.
Human Ref. we often cook sausages , hot dogs and hamburgers in it as well .
Input i will buy hamilton beach products again .
DAML-ATM i will not buy hamilton beach products again.
Human Ref. i will never buy hamilton beach products again .
Input synching is not too hard , with no passwords or codes required
DAML-ATM synching is easy, with no passwords or codes required.
Human Ref. synching is simple , with no passwords or codes required .
Input they were flimsy
DAML-ATM they were a bit flimsy, but they were ok.
Human Ref. was concerned for the price that these measuring cups would be flimsy .
Input it does not move much air.
DAML-ATM it moves air very fast.
Human Ref. it moves plenty of air , oscillating between two rooms .
Input very ugly unit, hard to assemble and difficult to operate.
DAML-ATM very nice unit, easy to assemble and operate.
Human Ref. very nice unit , easy to assemble and operate .
Input i would recommend this money case
DAML-ATM i would not recommend this money case to anyone.
Human Ref. i would never recommend this terrible waste of money case.
Input And this is not what you would need.
DAML-ATM and this is what you would need.
Human Ref. and that would be what you would need .

Table 8: More Transferred sentences on Amazon(few shot setting).
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Yelp (negative-to-positive) or (positive-to-negative)
Input Ever since joes has changed hands it’s gotten better and better.
DAML-ATM ever since joes has changed hands it’s gotten worse and worse.
Human Ref. ever since joes has changed hands it ’s just gotten worse and worse .
Input There is so much room in that part of the venue
DAML-ATM there is not enough room in that part of the venue.
Human Ref. there is definitely not enough room in that part of the venue .
Input It didn’t taste watered down at all.
DAML-ATM it tasted watered down.
Human Ref. so basically tasted watered down .
Input This pharmacy is really considerate.
DAML-ATM this pharmacy is really a shithole.
Human Ref. i ca n’t believe how inconsiderate this pharmacy is .
Input definitely not disappointed that i could use my birthday gift !
DAML-ATM definitely disappointed that i could not use my birthday gift!
Human Ref. definitely disappointed that i could not use my birthday gift !
Input but it probably doesn’t suck too !
DAML-ATM but it probably does suck too!
Human Ref. but it probably sucks too !
Input the service was quick and responsive
DAML-ATM the service was slow and not responsive.
Human Ref. we sit down and we got some really slow and lazy service .
Input they said we could sit at the table with no hesitation
DAML-ATM they said we could not sit at the table.
Human Ref. said we could n’t sit at the table if we were n’t ordering dinner .
Input the wine was above average and the food was even better
DAML-ATM the wine was average and the food was even wore.
Human Ref. the wine was very average and the food was even less .
Input i would not visit this place again
DAML-ATM i would definitely visit this place again.
Human Ref. one of my favorite chinese place to eat !

Table 9: More Transferred sentences on Yelp(few shot setting).
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Abstract
o Warning: this paper contains content that
may be offensive or upsetting.

Avoiding to rely on dataset artifacts to pre-
dict hate speech is at the cornerstone of ro-
bust and fair hate speech detection. In this pa-
per we critically analyze lexical biases in hate
speech detection via a cross-platform study,
disentangling various types of spurious and
authentic artifacts and analyzing their impact
on out-of-distribution fairness and robustness.
We experiment with existing approaches and
propose simple yet surprisingly effective data-
centric baselines. Our results on English data
across four platforms show that distinct spuri-
ous artifacts require different treatments to ul-
timately attain both robustness and fairness in
hate speech detection. To encourage research
in this direction, we release all baseline mod-
els and the code to compute artifacts, pointing
it out as a complementary and necessary addi-
tion to the data statements practice.1

1 Introduction

Hate speech in online social communities is a se-
rious and pervasive concern, which requires fair
and robust automated approaches to be tackled at
scale. However, despite the great progress in natu-
ral language processing for detecting hate speech,
current models have shown to be brittle when ap-
plied to real-world data, exhibiting limited out-of-
distribution (OOD) robustness (Vidgen et al., 2019)
and perpetuating and amplifying harmful social bi-
ases (Röttger et al., 2021). Noticeably, hate speech
detection systems are typically trained on data from
limited language varieties such as individual plat-
forms, which inevitably exhibit differences in writ-
ing norms, language use, and hate targets, hamper-
ing generalization (Vidgen and Derczynski, 2020).

One of the main reasons for limited robustness
and fairness of mainstream hate speech detection

1Code and resources are available at https://github.
com/dhfbk/hate-speech-artifacts.

fair robust

what have jews done to you? 7

RT [user]: I’m mad at this 7

All black people literally go there 7 7

Table 1: Posts wrongly labeled as hateful by a fine-
tuned BERT classifier due to the presence of spurious
lexical artifacts (identity and non identity-related) and
their negative impact (7) on fairness and robustness.

systems is largely ascribable to spurious statisti-
cal correlations between surface lexical items and
labels in training data, which models exploit to
derive predictions. These biases are commonly
referred to as lexical dataset artifacts, and have
recently attracted attention in the NLP community,
particularly in natural language inference (NLI)
studies (Belinkov et al., 2019; Gururangan et al.,
2018; Poliak et al., 2018, inter alia). Efforts to
tackle the issue in hate speech detection are instead
rather scattered, and mainly focus on fairness us-
ing datasets from few platforms (Zhou et al., 2021;
Kennedy et al., 2020b, inter alia), leaving the study
on OOD robustness largely unexplored. We instead
argue that fairness and robustness are strongly in-
tertwined aspects (Table 1), and thus should be
studied jointly, with the goal to understand to what
extent these two dimensions are related.

Previous work has shown that state-of-the-art
models overly rely on identity words (e.g., “jews”,
“gay”) to predict hateful content (Zhou et al., 2021;
Kennedy et al., 2020b, inter alia), further de-
moting voices of people from already marginal-
ized groups (Bender et al., 2021). However, non
identity-related lexical items – such as “sport”, “an-
nouncer”, and “football” in Waseem and Hovy
(2016) – are also often spuriously associated with
hate speech due to a biased data collection pro-
cess (Wiegand et al., 2019), undermining OOD
robustness. Despite the recent trend in minimizing
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topic bias in data sampling, we show that some spu-
rious lexical artifacts still remain highly-predictive
on certain distributions even if data has been sam-
pled in a more attentive fashion (e.g., artifacts that
are potentially data- or platform-specific – Figure 1,
highlighted in gray).

We argue that disentangling artifacts into fine-
grained categories by means of a cross-platform
analysis may be beneficial to drive a broader de-
biasing of current hate speech models, ultimately
improving both fairness and robustness to out-of-
distribution data. To this purpose, we critically
analyze artifacts in hate speech detection across
multiple platforms and propose simple yet effective
data-centric baselines exploiting spurious lexical
items. We show that although we achieve substan-
tial improvements in OOD fairness by exploiting
spurious identity-related artifacts, this comes at the
cost of robustness. This confirms that fairness and
robustness are strictly interrelated dimensions that
should be studied together in future research.

Contributions To the best of our knowledge, we
are the first to (i) conduct a thorough investigation
of lexical artifacts across online platforms; (ii) dis-
entangle artifacts into fine-grained categories; and
(iii) propose a viable data-centric approach based
on masking that consistently improves fairness over
all baselines across all platforms. To foster future
research on the topic, we also release (iv) code to
reproduce all experiments, and (v) disaggregated
lexical artifact annotations, more broadly (vi) sug-
gesting the inclusion of dataset artifacts in data
statements (Bender and Friedman, 2018), which
can be easily revealed using our codebase.

2 Lexical Artifacts are not all the Same

We conceptualize dataset artifacts at the lexical
level as emergent correlations between tokens and
labels in input data, consistently to lexical annota-
tion artifacts in NLI (Gururangan et al., 2018). As
such, given a target class c, we formally define lexi-
cal artifacts Lc as the set of highly-discriminating2

tokens for c, which comprise authentic artifacts
Ac – items that potentially carry useful information
for the class at hand – and spurious artifacts Sc
– items that are spuriously (or undesirably) associ-
ated to the target class – such that Lc = Ac∪Sc. In
the context of hate speech detection, we consider

2Highly-discriminating tokens can be computed and fil-
tered using information theory and statistics measures.

Figure 1: Illustration of lexical artifacts in hate speech
detection, including relevant examples. AI : authentic
artifacts, identity-related; A¬I : authentic artifacts, non
identity-related; SI : spurious artifacts, identity-related;
S¬I : spurious artifacts, non identity-related. Items
highlighted in gray are potentially platform-specific.

the hateful class as c unless otherwise specified and
simplify the notation (i.e., from “·c” to “·”).

We build our definitions on top of the categories
of lexical biases by Zhou et al. (2021), which origi-
nally identify three bias groups: i) minority identity
mentions which are not offensive, ii) minority iden-
tity mentions which are potentially offensive, and
iii) non-identity mentions which are possibly offen-
sive. We enrich this categorization by introducing
a high-level separation into spurious (i.e., group i)
in Zhou et al. (2021)) and authentic artifacts (i.e.,
group ii) and iii)), and including an additional spu-
rious, non identity-related category (Section 2.2).

Indeed, given the broad nature of authentic and
spurious artifacts, we further categorize them in
Section 2.1 and 2.2 (see Figure 1 for an overview).

2.1 Authentic artifacts

We define authentic lexical artifacts A as the sub-
set of highly-discriminating tokens which poten-
tially convey hatefulness, profanity, or are other-
wise frequently associated with hateful contexts.
Intuitively,A is the set of artifacts which is likely to
be informative to detect hate speech across distribu-
tions. Authentic artifacts enclose minority identity-
related artifacts AI and non-identity artifacts A¬I .

Identity-related (AI ) Potentially offensive or
stereotyping terms towards minority identities (e.g.,
“n*gro”, “f*ggot”, “k*ke”, “wh*re”), as well as re-
claimed slurs (e.g., “n*gga”) (Figure 1, top left).

Non-identity related (A¬I ) Swear words and
profanities (e.g., “f*ck”, “sh*t”) as well as broad
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terms typically associated with hateful contexts
(e.g., “kill”, “idiots”) (Figure 1, bottom right).

2.2 Spurious artifacts

Spurious lexical artifacts S broadly enclose all to-
kens which we do not expect to be predictive for
the target class at hand. As such, we postulate that
those artifacts are a main reason for insufficient
robustness and fairness of current hate speech de-
tectors, and thus may play a positive role in lexical
debiasing. We specifically focus on these artifacts
in our experiments. As for authentic artifacts, spu-
rious items can be grouped into minority identity-
related artifacts SI and non-identity artifacts S¬I ,
the latter being currently disregarded in research
investigating fairness only (Zhou et al., 2021).

Identity-related (SI ) Terms describing a social
minority, which are typically associated to hate
speech due to their frequency on offensive state-
ments on online fora (e.g., “muslim”, “woman”,
“Islam”, “nigerian”, “LGBT”) (Figure 1, top right).

Non-identity related (S¬I ) All non-identity to-
kens which are unexpectedly associated to hate
speech, e.g., due to platform-specificity, bias in
collection timeframe, etc. (e.g., “people”, “RT”,
“streets”, “Trump”, “yeah”) (Figure 1, bottom left).

3 Data

In this work we focus on hate speech, i.e., messages
whose content spreads hatred or incites violence,
or threatens people’s freedom, dignity and safety,
and whose target is a protected group, or an indi-
vidual targeted for belonging to such a group and
not for his/her individual characteristics (Poletto
et al., 2021). Hate speech typically encompasses
serious cases of offense with severe moral and legal
implications, i.e., those cases that are of primary
importance for content moderation.

We collect hate speech corpora that meet the fol-
lowing criteria: (i) they minimize topic and author
biases in data collection (Wiegand et al., 2019), us-
ing alternatives to keyword and user searches such
as pure or boosted random sampling, (ii) they per-
tain to different social media platforms, and (iii)
they follow similar annotation guidelines, where
hate speech is clearly defined and separated from
other types of offensive language. For each corpus
we create hateful and non-hateful examples. All
datasets follow consistent preprocessing, deduplica-
tion, and anonymization (Appendices A.1 and A.2).

REDDIT ( \ ) We use the recently introduced
Reddit dataset (v1.1) by Vidgen et al. (2021) which
preserves a variety of grammar, topic, and style fea-
tures due to a community-based sampling approach.
The corpus contains 27,494 entries annotated fol-
lowing a hate speech taxonomy comprising abu-
sive (identity-directed, affiliation-directed, person-
directed) and non-abusive labels (non-hateful slurs,
counter speech, and neutral). We follow the widely
accepted definition of hate speech as “abuse target-
ing a protected group or its members for being a
part of that group”3 (Röttger et al., 2021; Banko
et al., 2020; Vidgen et al., 2019, inter alia) to create
the hateful label from identity-directed examples,
and the non-hateful label from the remaining exam-
ples. For the purpose of this study, we discard in-
stances marked as requiring previous content to be
interpreted.4 The final dataset after preprocessing
consists of 1,688 hateful and 19,888 non-hateful
examples, for a total of 21,576 unique instances.

TWITTER ( 7 ) We select a widely used hate
speech dataset which has been collected follow-
ing a bootstrap random sampling approach (Founta
et al., 2018). The dataset consists of 99,996 tweets
annotated as hateful, abusive, spam, and normal.
Similarly to previous work, we discard the spam
category (Zhou et al., 2021), forming the hateful
class following the original classification provided
by the authors. This led to 3,937 hateful and 70,554
non-hateful examples, for a total of 74,491 tweets.

GAB ( ) We use the GAB hate corpus
by Kennedy et al. (2020a), whose data has been
sampled purely randomly due to the frequency of
hate speech of the “free speech-preserving” (Zan-
nettou et al., 2018) GAB social network. The cor-
pus (v.2021-03-03) consists of 27,546 posts anno-
tated with (assault on) human dignity, call for vio-
lence, and vulgarity/offensive labels. Similarly to
previous work, we take the union of human dig-
nity and call for violence labels for the hateful
class (Kennedy et al., 2020b), whereas we create
the non-hateful class from the remaining examples.
We also leverage target annotations and consider
messages towards ideology/political groups as non-
hateful, to ensure consistency among datasets. As

3Groups based on age, disability, familial status, gender
identity, national/ethnic origins, pregnancy, race, religion, sex
or sexual orientation, as defined in Röttger et al. (2021), which
in turn reflects the US 1964 Civil Rights Act, the EU’s Charter
of Fundamental Rights, and the UK’s 2010 Equality Act.

4We leave the investigation of lexical artifacts in context-
aware hate speech detection for future work.
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a result, the final dataset is made up of 27,014 mes-
sages: 1,785 hateful and 24,829 non-hateful.

STORMFRONT ( Ê ) We use the dataset pertain-
ing to a white supremacist web forum collected
by de Gibert et al. (2018) following a random sam-
pling procedure. It consists of a total of 10,944
messages with annotations for hate, no-hate, re-
lation, and skip labels. We remove relation and
skip examples, since they require previous context,
or they represent spam / content written in other
languages, respectively. We then use the hate exam-
ples for the hateful class, and the no-hate instances
for the non-hateful class. This led to a total of
10,448 examples, 1,192 hateful and 9,256 normal.

4 Disentangling Lexical Artifacts

In order to disentangle lexical artifacts, we first
compute the correlation between each token and the
hateful class for each dataset (Section 4.1), then as-
sessing the cross-distribution indicativeness of each
token (Section 4.2). For segmenting texts into to-
kens, we rely on the training portion of each dataset
only (Section 5) and employ the WordPiece (Schus-
ter and Nakajima, 2012) subword tokenizer as used
in BERT (Devlin et al., 2019).5 Finally, we perform
lexical artifacts annotation (Section 4.3) following
the categories defined in Section 2.

4.1 In-distribution artifacts
We follow Gururangan et al. (2018) and employ
pointwise mutual information (PMI; Fano, 1961)
to compute the discriminativeness of each token to
the target class.6 Since lexical artifacts are meant
to be used for downstream debiasing, we argue that
tokens should be consistent with inputs to the end
model. As a result, we use tokens as given by the
WordPiece subword tokenizer, the same tokenizer
used by models employed in our experiments (Sec-
tion 5). Formally, given a token t and a class c, the
PMI is defined as follows:

PMI(t, c) = log
p(t, c)

p(t|·)p(·|c) (1)

We further apply reweighting to emphasize
highly-discriminative token-class correlations, and
normalize ≤ 0 values to zero since negative PMI

5In preliminary experiments we found similar results when
using the byte-level BPE tokenizer (Sennrich et al., 2016) as
used in RoBERTa (Liu et al., 2019).

6A comparative assessment of different metrics for com-
puting token-class correlations is out-of-scope in this study
and will be investigated in future work.

Rank \ 7 Ê Avg.

1 ##tar ##gga white n*gro ##s
2 ##ded hate jews white white
3 ##s rt ##gger black black
4 fa ##s ##s ##s jews
5 b*tch [user] jew jews hate
6 ##gg idiot islam whites ##es
7 gay trump muslim blacks women
8 women ass whites jew people
9 ##ds idiots ##gg race ##tar

10 f*cking people women ##es jew

Table 2: Top 10 most informative tokens for the hateful
class according to PMI, divided per platform dataset
(left), and after cross-distribution computation (right).

scores are known to be unreliable on relatively
small corpora (Jurafsky and Martin, 2021, Ch. 6).

Discussion The top 10 tokens on each platform
that are more associated with the hateful class are
presented in Table 2 (left). All platforms exhibit
a variety of lexical artifact types (cf. Section 2);
however, we observe clear divergences across dis-
tributions. While artifacts in Stormfront data are
mainly related to race, on Gab the focus is more
on religion. Reddit and Twitter conversations are
instead more varied, with higher occurrence of spu-
rious, non-identity artifacts (e.g., “RT”, “people”).

4.2 Cross-distribution artifacts

When datasets from multiple platforms are avail-
able, we hypothesize that leveraging individual
scores makes possible to better identify artifacts.
Given PMI(t, c)d the score of a token t for the
hateful class c on a given distribution d ∈ D
(e.g., platform), we normalize it in [0, 1] by ap-
plying a min-max normalization function to en-
able cross-platform score comparability – obtaining
PMI(t, c)d[0,1] – further applying a log2 transforma-
tion to mitigate the skewness of the original PMI
distribution. As a result, the final cross-distribution
score S(t, c) for each token is given by the average
of the corresponding individual scores:

S(t, c) =
1

|D|
∑D

d=1
log2(PMI(t, c)d[0,1]) (2)

We then sort tokens by descending score, high-
lighting lexical artifacts that are highly discrim-
inating for the hateful class across distributions.
Table 2 (right) shows the top 10 tokens after the
cross-platform computation is carried out.
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Discussion As shown in Table 2 (right), cross-
platform importance of tokens for the hateful class
demotes scores (and thus, ranks) of lexical artifacts
which are likely to be more indicative on some
platforms only (e.g., “RT”), while consolidating
the informativeness of cross-platform items (e.g.,
“jews”, “hate”, “##s”, “##es”,7 “people”). This con-
firms our hypothesis that encompassing multiple
platforms is beneficial for capturing lexical items
that are likely to be predictive across distributions.

4.3 Artifacts annotation
In order to disentangle lexical artifacts for further
debiasing, we select the k most predictive tokens
given by the cross-distribution rank of discrimina-
tiveness (Section 4.2) to be manually annotated.8

In our experiments, we set k = 200 as it matches
the subset of tokens which are highly informative
(≥ 0.33).9 All k tokens have been labeled as poten-
tially hateful and/or related to minority identities by
two annotators – male and female, fluent in English
– with background in linguistics and NLP, and past
experience in hate speech activities with NGOs.
Each annotator was provided with five examples of
tokens in context for enabling more informed anno-
tation decisions, represented by randomly sampled
posts from the four platforms included in this study.

After annotation, the two annotators were in-
volved in an adjudication session in order to discuss
the cases of disagreement, followed by correction
wherever possible. We calculate the inter-annotator
agreement (IAA) score before and after adjudica-
tion using Cohen’s kappa (Cohen, 1960). We ob-
tain κ = 0.6887 before and κ = 0.8311 after the
adjudication session, which is high agreement.

Discussion Although some cases of disagree-
ment were easily resolvable (e.g., annotation er-
rors), we found tokens which are difficult to discern
due to ambiguity – mostly subwords – or due to
real disagreement in the interpretation of the terms.
This is in line with existing works showing that
disagreement in toxicity annotation is inherent to
the task and cannot always be solved through ma-
jority voting or adjudication (Aroyo et al., 2019;

7We found “##s” and “##es” tokens typically correspond
to plural suffixes of out-of-vocabulary words.

8The main advantage of token-level annotation compared
to word-level annotation is that it allows to discern generic
subwords from hateful or identity-related ones – e.g., “homo-
phobia” 7→ {“homo”, “##phobia”} – without losing important
information when doing removal or masking (Section 5).

9We leave the investigation of larger thresholds for future
work due to space and annotation constraints.
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Figure 2: Cumulative Cohen’s kappa (κ) scores for the
full annotation of lexical artifacts (top), and for deci-
sions on potentially hateful or identity-related artifacts
only (middle and bottom, respectively), ordered by in-
formativeness according to cross-distribution scores.

Leonardelli et al., 2021). Interestingly, this dis-
agreement follows the trend of cross-distribution
rank of artifacts (Figure 2). We decided to leave
the analysis of annotators’ disagreement for future
work, and we release these cases as disaggregated
labels. In Table 3 we show the most informative
artifacts by type, whereas the full list of spurious
artifacts used in the experiments is in Appendix B.

5 Experiments

We investigate the impact of spurious lexical ar-
tifacts on fairness and robustness in hate speech
detection. Similarly to previous studies (Kennedy
et al., 2020a; Röttger et al., 2021), we cast hate
speech detection as a binary classification problem,
where the two classes to be predicted are hateful
and non-hateful, as defined in Section 3. We carry
out in-distribution and OOD experiments, namely
training and testing all models on the same or dif-
ferent platform data, respectively. We evaluate per-
formance of models using macro F1 score, whereas
for fairness we use false positive rate (FPR) on test
instances containing SI mentions, consistently to
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Authentic artifacts Spurious artifacts
AI A¬I SI S¬I
retar*s hate white _s
b*tch dumb black _es
n*gro stupid jews people
f*ggot disgusting women country
n*gger kill jew _ing
n*gga racist whites anti
r*tarded filthy blacks illegal
fa*s evil muslim bunch
f*gs ass gay _t
f*ggot rape muslims kids

Table 3: Top 10 tokens per artifact type after anno-
tation. Gray letters indicate the most common token
prefixes/suffixes which occur with the lexical items. If
a variety of them is available, we indicate it with “_”.

previous work (Zhou et al., 2021).
We outline the experimental setup in Section 5.1,

whereas data-centric baselines are presented in Sec-
tion 5.2. Lastly, we present results and a thorough
discussion in Section 5.3.

5.1 Experimental setup

For all our experiments, we employ the uncased
BERT-base model (Devlin et al., 2019) as imple-
mented in the MaChAmp v0.2 toolkit (van der Goot
et al., 2021), since it has been shown to achieve
state-of-the-art performance in hate speech detec-
tion (Tran et al., 2020). We use default hyperparam-
eters, and perform a grid search to determine the
number of epochs, the learning rate, and the batch
size, using the search space suggested by Devlin
et al. (2019) – i.e., [2, 3, 4] for epochs, [2e-05, 3e-
05, 5e-05] for learning rate, and [16, 32] for batch
size. We use stratified 80% train, 10% develop-
ment, 10% test splits for each dataset, selecting the
best model based on the average macro F1 score
on the development test across all platforms. Dur-
ing fine-tuning, we emphasize the minority hate-
ful class using a cross-entropy loss with balanced
class weights. The final hyperparameters are: 4 for
epochs, 2e-05 for learning rate, and 16 for batch
size. All experiments have been run on a NVIDIA
Tesla V100-SXM2 GPU, with a training time rang-
ing from 10 to 40 minutes each. The number of
trainable parameter for all models are ≈110M.

5.2 Baselines

We investigate the impact of spurious identity-
related and non identity-related lexical artifacts on
the robustness and fairness of hate speech detection
by employing the following data-centric baselines.

VANILLA We fine-tune the BERT-base model on
each corpus, so that the proposed baselines can be
directly compared to a commonly employed setup.

FILTERING Swayamdipta et al. (2020) have
shown that the most ambiguous training data in-
stances promote OOD generalization while pre-
serving in-distribution performance. We thus lever-
age the VANILLA model’s training dynamics to
filter training data to contain the 33% most am-
biguous instances only, in line with the subset size
in Swayamdipta et al. (2020).10 Intuitively, those
are instances whose class probabilities fluctuate
frequently across training epochs. We then fine-
tune the BERT-base model on the resulting subset.
This setup is similar in spirit to the one employed
in Zhou et al. (2021); however, we assess it on data
from multiple platforms, also removing duplicate
instances (Appendix A.2) which may potentially
confound the debiasing results.

REMOVAL Prior to fine-tuning, we naively re-
move any occurrence of spurious lexical artifacts
from training and development data. This matches
previously employed baselines for assessing fair-
ness in hate speech detection (Kennedy et al.,
2020b). However, since we are also interested in
OOD robustness, we experiment with two removal
variants: one for SI and one for S¬I artifacts. We
hypothesize that removing SI tokens potentially
improves fairness, whereas removing S¬I tokens
mostly contributes to OOD robustness.

MASKING We propose a novel data-centric debi-
asing alternative based on token masking. Instead
of removing spurious artifacts altogether, we re-
serve a special token in the vocabulary of the model
that we use as replacement for spurious artifacts.
We then fine-tune the model on the masked data.
Intuitively, this way we encourage the model to
blend all artifacts to a single contextualized rep-
resentation that will never appear during testing,
also avoiding to redistribute the informativeness of
spurious lexical items to surrounding tokens. As
for REMOVAL, we experiment with S¬I and SI
masking variants.

5.3 Results and discussion

In Table 4 we report the results for all baselines
along the in-distribution and out-of-distribution di-
mensions from the lens of fairness and robustness.

10For fair comparison, we also provide results with less
(50%) and more (25%) aggressive thresholds in Appendix C.1.
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In-distribution Out-of-distribution
→\ →7 → →Ê

F1↑ FPR↓ F1↑ FPR↓ F1↑ FPR↓ F1↑ FPR↓ F1↑ FPR↓

VANILLA \ 75.830.3 11.260.9 59.260.7 9.601.3 68.240.4 19.801.4 69.580.3 16.362.0
FILTERING \ 72.791.0 14.574.4 58.950.3 12.054.4 65.571.3 19.196.6 67.681.9 19.672.5

REMOVAL (S¬I) \ 74.960.8 10.391.1 59.280.3 11.090.5 68.560.3 19.291.9 67.651.2 15.321.8
REMOVAL (SI) \ 74.960.8 9.520.9 58.990.4 8.931.7 66.310.6 13.131.1 63.001.5 14.493.6

MASKING (S¬I) \ 74.761.1 10.820.7 59.140.2 13.472.5 67.620.6 19.292.3 66.370.9 17.813.6
MASKING (SI) \ 76.410.6 7.502.0 58.830.4 8.262.3 65.660.8 10.101.5 63.481.6 6.631.9

VANILLA 7 68.830.4 11.011.5 60.611.2 29.874.1 65.950.6 41.724.8 67.680.6 40.175.3
FILTERING 7 68.460.3 14.661.1 61.160.2 38.961.5 63.660.7 52.532.1 65.970.7 53.001.4

REMOVAL (S¬I) 7 67.891.0 13.761.4 60.301.9 37.524.3 65.350.6 48.795.6 65.831.4 54.246.2
REMOVAL (SI) 7 67.650.4 6.991.1 58.770.4 17.462.5 65.710.3 27.985.2 66.951.7 21.743.9

MASKING (S¬I) 7 68.500.5 9.601.4 61.171.2 29.442.3 66.710.9 40.612.8 67.111.0 36.857.4
MASKING (SI) 7 66.720.7 5.360.4 57.721.2 12.552.0 65.070.6 24.143.2 63.133.1 11.593.1

VANILLA 71.290.6 31.414.6 64.510.7 29.155.8 61.121.4 10.042.0 67.660.9 37.686.5
FILTERING 71.130.1 27.477.1 64.310.7 23.675.6 61.090.6 9.904.4 68.151.2 31.886.2

REMOVAL (S¬I) 71.040.3 30.003.4 64.191.1 27.714.3 61.581.1 10.492.3 68.440.8 34.992.2
REMOVAL (SI) 69.780.5 21.525.4 65.080.4 21.936.3 60.541.3 6.991.4 66.521.4 24.227.8

MASKING (S¬I) 71.060.4 27.884.7 64.460.7 25.972.8 61.910.6 8.631.6 68.860.6 33.334.7
MASKING (SI) 69.720.8 13.640.9 65.550.8 15.012.2 60.171.5 3.200.6 66.642.5 13.041.9

VANILLA Ê 78.330.9 15.732.2 60.200.5 17.893.2 58.220.8 5.580.4 64.760.6 25.562.0
FILTERING Ê 73.423.1 17.391.6 58.381.1 18.331.3 57.251.6 6.851.8 62.010.8 25.453.2

REMOVAL (S¬I) Ê 76.771.0 17.811.3 61.321.6 17.171.5 59.072.0 6.180.8 65.260.4 24.751.4
REMOVAL (SI) Ê 75.621.1 15.323.9 58.580.7 20.063.5 58.950.4 7.291.8 61.960.6 22.122.6

MASKING (S¬I) Ê 77.011.0 17.810.7 60.000.7 19.054.2 58.990.8 6.180.3 64.440.2 27.272.0
MASKING (SI) Ê 76.390.6 9.941.6 57.811.2 14.431.1 57.331.5 4.320.6 62.970.4 18.281.7

Table 4: In-distribution and out-of-distribution results (F1 for accuracy and FPR for fairness). Out-of-distribution
results are on→\: REDDIT,→7: TWITTER,→ : GAB, and→Ê: STORMFRONT. Scores are averages of 3
runs with different seeds, whereas subscripts indicate standard deviation. ↑: greater the better; ↓: lower the better.

Since we argue that in-distribution performance is
not a reliable measure for the performance of a hate
speech detection system in the wild, due to space
constraints we here focus on the more realistic yet
more challenging out-of-distribution setup.

Filtering is not a one-size-fits-all solution De-
spite the improvements in OOD generalization on
commonsense reasoning, question answering, and
NLI tasks (Swayamdipta et al., 2020), training on
ambiguous instances collected from training dy-
namics is not as effective in hate speech detec-
tion.11 Instead, our results show that FILTERING

leads to mixed results for OOD fairness compared
to the VANILLA baseline. This is consistent with
results on Twitter data (Zhou et al., 2021), and we
further confirm it is the case also across platforms.
Importantly, we also notice that FILTERING has
a detrimental effect on OOD robustness, except
for two cases only (i.e., 7→\ and →Ê).
This indicates that hate speech detection is a nu-
anced task requiring more targeted approaches than
automated data filtering.

11We notice this holds true also when employing less/more
aggressive filtering thresholds, as shown in Appendix C.1.

Removing SI is not as strong as it has been pre-
viously thought Removing identity terms from
data altogether is a commonly used baseline for
testing downstream fairness (e.g., Kennedy et al.,
2020b). Indeed, our results confirm that RE-
MOVAL(SI) consistently reduces the FPR on test
instances containing SI mentions compared to
the VANILLA baseline – with the only exception
of Ê→ . However, it only improves OOD ro-
bustness on → \ and Ê → 7. Moreover, it
consistently scores lower than MASKING(SI) on
fairness, as discussed below. This raises the ques-
tion of whether REMOVAL(SI) should continue to
be used as fairness baseline in future studies.

Masking SI improves fairness When masking
SI , we notice a consistent improvement in fairness
over all approaches, both in-distribution and out-
of-distribution, on all platforms. Reduction in FPR
over the VANILLA baseline is as large as 3×, as
results for {7; } → Ê and → 7 show.
Most of the remaining train-test pairs show a 2×
improvement in FPR, also compared to the com-
mon REMOVAL(SI) baseline. We hypothesize the
improved fairness performance with respect to RE-
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MOVAL(SI) is due to the way contextualized repre-
sentations are formed during training, as discussed
in Section 5.2. Despite being surprisingly simple,
we envision MASKING(SI) as a strong baseline for
future work on fairness in hate speech detection.

S¬I artifacts are not as useful as SI We ob-
serve that methods exploiting S¬I artifacts lead to
mixed results. This suggests that while a substan-
tial FPR reduction can be achieved exploiting SI
artifacts, robustness calls for more complex debias-
ing strategies to transfer well across distributions.

Fairness comes at the cost of robustness Over-
all, we observe an important trade-off between
fairness and robustness. Data-centric approaches
that achieve a consistently high level of fairness –
namely, MASKING(SI) and REMOVAL(SI) – typ-
ically show a decrease in in-distribution and out-
of-distribution performance – with the exception
of \→\ and →\ for MASKING(SI), and
→\ and Ê→7 for REMOVAL(SI). On one

hand, this suggests that spurious, identity-related
lexical artifacts do play an important role in perfor-
mance across distributions. On the other hand, we
believe this reflects the real performance of a proto-
typical model that is substantially fairer, and thus to
which future work in hate speech detection should
be compared to. We argue that MASKING(SI) rep-
resents a starting point to achieve both fairness and
OOD robustness, the latter requiring more complex,
model-centric debiasing approaches. A summary
of the results over all corpus pairs for each method
is presented in Appendix C.2.

6 Towards Artifacts Documentation

The practice of data statements (Bender and Fried-
man, 2018) has been recently adopted by the NLP
community as a way to include relevant informa-
tion about the creators, the methodology and possi-
ble biases when a dataset is released. This should
in turn have a positive impact on systems trained
on such data, contributing to a better evaluation of
models’ generalization and fairness. We propose
that an artifacts statement should be added to this
documentation as a way to contribute to diagnosis
(and thus mitigation) of pre-existing bias, which is
also one of the goals of data statements.

In particular, we propose a template for lexical ar-
tifacts documentation and publicly release code to
easily compute ranked correlations between tokens
and target classes of interest for a given annotated

corpus. To ensure the process of documenting lexi-
cal artifacts will be as smooth as possible – and thus
allows widespread adoption of artifacts statement
in the future – our code automatically generates out-
puts in different formats, from raw text to LaTeX
code for seamless inclusion in publications.

We present the artifacts statement template be-
low, and provide a full example in Appendix D.

I) TOP LEXICAL ARTIFACTS. Which are the
k most informative tokens in the corpus for the
class(es) of interest? This can be a ranked list of
(k ≥ 10) tokens in plain text or in a tabular format,
optionally along with associated scores. If there are
multiple classes of interest, top k lexical artifacts
for each class should be included.

II) CLASS DEFINITIONS. Different definitions
for the same class may exist across datasets. This
impacts the annotation, which in turn has an effect
on resulting lexical artifacts. An explicit definition
of the target class(es) for which the top lexical
artifacts are computed should be provided here.

III) METHODS AND RESOURCES. The method
used to compute the correlation between tokens and
class(es) (e.g., PMI, interpretability approaches)
in the annotated corpus should be reported here,
possibly with a link to code. If preprocessing and
deduplication have been performed, they should
be clearly reported. Resources such as full lists of
lexical artifacts can be additionally included.

7 Related Work

The problem of models’ generalizability related
to hate speech detection has been extensively dis-
cussed in recent works (Vidgen and Derczynski,
2020; Yin and Zubiaga, 2021; Wich et al., 2021).
Indeed, it has been shown that state-of-the-art per-
formance on this task overestimates the capability
of models to yield the same results over time (Flo-
rio et al., 2020) or across different domains (Wie-
gand et al., 2019). Possible mitigation strategies
include domain adaptation techniques (Ramponi
and Plank, 2020), augmenting smaller datasets with
a larger dataset from a different domain (Karan
and Šnajder, 2018), the use of a domain lexi-
con to transfer knowledge across domains (Pa-
mungkas and Patti, 2019) and the fine-tuning of
HateBERT (Caselli et al., 2021) on the target cor-
pus (Bose et al., 2021), among others.

Concerning bias and fairness, several works have
pointed out the presence of bias in hate and abu-
sive language datasets (Wiegand et al., 2019; Sap
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et al., 2019, 2020). This issue has been addressed
in different ways, including functional tests for
hate speech detection models (Röttger et al., 2021;
Manerba and Tonelli, 2021) and post-hoc expla-
nations to measure models’ bias towards identity
terms (Kennedy et al., 2020b). As regards bias
mitigation, the task has been addressed through a
number of approaches, e.g., via adversarial feature
learning (Vaidya et al., 2020), by using debiased
word embeddings and gender swap data augmen-
tation (Park et al., 2018) or by adding non-toxic
examples to better balance the data (Dixon et al.,
2018). The work probably most related to ours
is Zhou et al. (2021), which presents an analysis of
lexical and dialectal biases in the dataset by Founta
et al. (2018). The authors propose lexical bias cate-
gories which we extend in this work (see Section 2).
However, they focus only on one dataset and on in-
domain bias reduction. Moreover, they start from a
list of “bad words”, whereas we compute it from
data. To our knowledge, this is the first work advo-
cating for a joint view on fairness and robustness,
both identified as critical aspects related to the clas-
sification of hate speech (Wich et al., 2021).

8 Limitations

Our work is a step forward towards a better under-
standing of the bias that can be encoded in hate
speech detection corpora (Blodgett et al., 2020).
However, we are aware of some limitations. First,
all findings in this work are related to hate speech
datasets in English. With the increasing availability
of hate speech data in languages other than English,
we aim to investigate our methods on other lan-
guages too. Second, annotated data from multiple
platforms may not be available for some languages,
and this can limit the cross-distribution computa-
tion of artifacts. Lastly, we acknowledge spurious
statistical correlations may go beyond the token
level. We believe our study is a first step towards
contextual debiasing from spurious lexical artifacts,
and thus can be of inspiration for future studies.

9 Conclusion and Future Directions

This paper investigates the impact of lexical arti-
facts on out-of-distribution fairness and robustness
in hate speech detection, raising awareness on the
interplay between the two dimensions that should
be studied together in future work. We propose a
fine-grained categorization of lexical artifacts and
simple yet effective data-centric baselines, show-

ing that while robustness calls for model-centric
approaches, masking spurious identity artifacts is
a viable approach that we argue should be used as
strong baseline for fairness assessment in future
research. In future work we aim to investigate the
role of dialectal biases and non-lexical artifacts, ex-
tending the study on languages other than English.
We release all baseline models, resources, and the
code to compute lexical artifacts, broadly suggest-
ing the inclusion of “artifacts statement” as a way
to document potential lexical biases when a dataset
is released, to provide a complementary view to
data statements (Bender and Friedman, 2018).

Ethical Considerations

The annotation task described in Section 4.3 was
carried out by two researchers regularly employed
at Fondazione Bruno Kessler as part of their work.

Overall, we do not foresee any specific ethical
concern related to this work. On the contrary, our
goal is to propose artifacts statement as a desir-
able practice for documenting potential biases in
newly released datasets, and improve current debi-
asing methods by distinguishing among different
types of lexical artifacts. However, the (finite set
of) identity-related and offensive tokens consid-
ered in this work are all in English and centered
around Western cultural context. We leave the eval-
uation of our methodology to assess whether there
are language- or more broadly culture-dependent
changes for future work, following recent work on
biases in geo-cultural contexts (Ghosh et al., 2021).
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Appendix

A Data: Additional Details

A.1 Preprocessing and anonymization

We preprocess texts across platforms in a consis-
tent way by anonymizing user mentions, URLs,
and email addresses with [USER], [URL], and
[EMAIL] placeholders, respectively. We seg-
ment hashtags into constituent words using the
wordsegment package,12 remove newlines, un-
escape HTML tags, and lowercase the texts.

A.2 Deduplication

We found many duplicates in the data for all plat-
forms. We argue that retaining duplicates as done
in most previous work could severely affect the reli-
ability of any bias analysis (and debiasing method)
and its subsequent conclusions. Specifically, dupli-
cates can (i) skew the distribution of actual artifacts
in the data, overamplifying some lexical items and
demoting others, and (ii) result in unfair evalua-
tions due to identical examples falling in multiple
instances of the training, development and test sets,
also potentially leading to overfitting.13

Following this intuition, we thus remove dupli-
cate instances after preprocessing.14 Specifically,
we removed 485 duplicate instances from Vid-
gen et al. (2021), 10,911 duplicate instances
from Founta et al. (2018), 521 from Kennedy et al.
(2020a), and 255 from de Gibert et al. (2018).
Moreover, for the purpose of this work we remove
duplicates whose single instances exhibit opposing
labels, leaving the exploration and exploitation of
annotator disagreement for future work.

B List of Spurious Artifacts

In the following, we provide the list of all spuri-
ous lexical artifacts annotated as SI and S¬I as
described in Section 4.3. All these are the ones that
exhibit full agreement. In our shared repository
we also release all artifacts that exhibit disagree-
ment even after adjudication, in order to encourage
future work on this direction.

12https://github.com/grantjenks/
python-wordsegment

13Among duplicates, we found some tweets with more than
100 duplicate instances in Founta et al. (2018).

14Most work do not explicitly mention if deduplication is
carried before or after preprocessing texts. We believe this is
an important detail to foster reproducibility – we found many
examples with the same text but different URLs, unveiling
possibly bot-generated messages we removed this way.

Identity-related (SI ) “white”, “black”, “jews”,
“women”, “jew”, “whites”, “blacks”, “muslim”,
“gay”, “muslims”, “islam”, “woman”, “jewish”,
“islamic”, “immigrants”, “mexican”, “asian”, “ho-
mosexual”, “americans”, “lesbian”, “homo”, “fe-
males”, “america”, “brown”, “israel”, “arabs”,
“zionist”, “trans”, “lgbt”, “girl”, “hispanic”,
“refugees”, “male”, “african”, “africa”, “girls”, “in-
dians”, “queer”, “##grate”, “guy”.

Non identity-related (S¬I ) “##s”, “##es”, “peo-
ple”, “country”, “##ing”, “anti”, “illegal”, “bunch”,
“##t”, “kids”, “culture”, “brain”, “##ly”, “##bt”,
“##d”, “sex”, “ho”, “##nt”, “countries”, “##ic”,
“##ers”, “liberal”, “reason”, “##y”, “human”,
“genocide”, “##ed”, “##ists”, “wrong”, “lives”,
“bad”, “god”, “##oc”, “lying”, “##ard”, “racism”,
“##e”, “##oid”, “##w”, “yeah”, “millions”, “so-
ciety”, “##g”, “leftist”, “crime”, “sp”, “des”,
“##ist”, “##ry”, “mouth”, “##ards”, “##rs”,
“##ize”, “burn”, “murdered”, “worship”, “##en-
ing”, “##ism”, “living”, “##fa”, “coming”, “call-
ing”, “streets”, “##ting”, “force”, “mis”, “##ss”,
“blame”, “typical”, “##pe”, “baby”, “death”, “talk-
ing”, “##gen”, “belong”, “respect”, “di”, “##yp”,
“sexual”, “##less”, “mad”, “war”.

C Experiments: Additional Results

C.1 Filtering with different thresholds

In Table 5 we present results for the FILTER-
ING baseline using different sampling thresh-
olds. Specifically, in addition to using the 33%
(1/3) most ambiguous training data instances as
in Swayamdipta et al. (2020), we provide full re-
sults using more aggressive (i.e., 25%, 1/4) and
less aggressive (i.e., 50%, 1/2) filtering thresholds.
We notice mixed results that make hard to deter-
mine which is the best threshold across platforms.
FILTERING (25%) improves OOD robustness on
→\, and FILTERING (50%) provides best over-

all in-domain performance on . However, MASK-
ING(SI) outperforms all FILTERING approaches
according to the FPR metric.

C.2 Average results over all corpus pairs

We provide a summary of the results for all meth-
ods in Table 6, where we report average scores over
all corpus pairs (refer to Table 4 for full results). On
average, MASKING(SI) improvement in FPR over
the VANILLA baseline is as large as 2×, both in-
distribution and out-of-distribution. This comes at
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In-distribution Out-of-distribution
→\ →7 → →Ê

F1↑ FPR↓ F1↑ FPR↓ F1↑ FPR↓ F1↑ FPR↓ F1↑ FPR↓

FILTERING (25%) \ 72.350.7 13.421.9 58.250.6 11.982.8 65.140.9 18.183.2 67.842.3 20.089.9
FILTERING (33%) \ 72.791.0 14.574.4 58.950.3 12.054.4 65.571.3 19.196.6 67.681.9 19.672.5
FILTERING (50%) \ 74.870.9 11.262.6 59.200.4 9.822.5 66.340.3 19.392.8 69.542.4 20.504.5

FILTERING (25%) 7 68.230.6 15.772.3 60.730.3 40.981.0 62.890.7 53.642.6 65.660.6 59.836.6
FILTERING (33%) 7 68.460.3 14.661.1 61.160.2 38.961.5 63.660.7 52.532.1 65.970.7 53.001.4
FILTERING (50%) 7 68.770.5 12.051.6 61.110.4 35.642.5 65.311.2 46.873.8 67.120.5 48.035.6

FILTERING (25%) 71.160.6 30.512.6 65.920.1 26.701.6 61.600.8 11.311.6 68.700.8 34.582.9
FILTERING (33%) 71.130.1 27.477.1 64.310.7 23.675.6 61.090.6 9.904.4 68.151.2 31.886.2
FILTERING (50%) 71.481.0 27.475.4 64.111.1 24.396.1 61.810.5 8.782.5 67.910.9 29.198.8

FILTERING (25%) Ê 72.942.2 14.702.2 59.040.7 14.571.6 57.122.1 6.771.4 62.430.2 22.734.2
FILTERING (33%) Ê 73.423.1 17.391.6 58.381.1 18.331.3 57.251.6 6.851.8 62.010.8 25.453.2
FILTERING (50%) Ê 76.421.1 13.871.4 59.501.0 14.862.9 58.011.3 5.210.3 63.420.4 22.532.0

Table 5: Additional results for the FILTERING baseline using different sampling thresholds (25%, 33%, 50%).

In-distr. Out-of-distr.
F1↑ FPR↓ F1↑ FPR↓

VANILLA 73.57 17.35 63.98 23.62
FILTERING 71.45 18.52 62.85 25.96

REMOVAL (S¬I) 72.67 17.99 63.90 25.63
REMOVAL (SI) 72.00 13.34 62.61 17.20

MASKING (S¬I) 72.83 16.53 63.90 23.16
MASKING (SI) 72.31 9.11 62.03 11.80

Table 6: Average in-distribution and OOD results over
all corpus pairs for each method.

the cost of a minimal in-distribution and OOD drop
in macro F1 (i.e., −1.26 and −1.95, respectively).

D Lexical Artifacts Statement Example

An example of lexical artifacts statement for the
Reddit dataset (Vidgen et al., 2021) used in this
study is presented in the following.

I) TOP LEXICAL ARTIFACTS. We present the
top k = 10 most informative tokens for the hateful
class along with their scores in Table 7.

Rank Token Score Rank Token Score

1 ##tar 1.00 6 ##gg 0.80
2 ##ded 0.91 7 gay 0.79
3 ##s 0.86 8 women 0.76
4 fa 0.85 9 ##ds 0.74
5 b*tch 0.83 10 f*cking 0.74

Table 7: Top 10 most informative tokens for the hateful
class on the Reddit dataset according to PMI.

II) CLASS DEFINITIONS. The hateful class is
represented by originally identity-directed labeled

examples in CAD (Vidgen et al., 2021), and is de-
fined as “Content which contains a negative state-
ment made against an identity. An ‘identity’ is a so-
cial category that relates to a fundamental aspect of
individuals’ community, socio-demographics, po-
sition or self-representation [...]. It includes but
is not limited to Religion, Race, Ethnicity, Gen-
der, Sexuality, Nationality, Disability/Ableness and
Class.” (Vidgen et al., 2021).

III) METHODS AND RESOURCES. In order
to compute the correlation between tokens to the
hateful class we employ PMI as implemented
in [this work] (code: https://github.com/
dhfbk/hate-speech-artifacts). Input
texts have been preprocessed by anonymizing
user mentions, URLs, and email addresses
with [USER], [URL], and [EMAIL] place-
holders. Hashtags have been segmented using
wordsegment,15 and we remove newlines, un-
escape HTML tags, and lowercase texts. Duplicate
instances have been removed after preprocessing.

The full list of lexical artifacts along with asso-
ciated scores is available at https://github.
com/dhfbk/hate-speech-artifacts.

15https://github.com/grantjenks/
python-wordsegment
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Abstract

In document-level event argument extraction,
an argument is likely to appear multiple times
in different expressions in the document. The
redundancy of arguments underlying multiple
sentences is beneficial but is often overlooked.
In addition, in event argument extraction, most
entities are regarded as class “others", i.e. Uni-
versum class, which is defined as a collection of
samples that do not belong to any class of inter-
est. Universum class is composed of heteroge-
neous entities without typical common features.
Classifiers trained by cross entropy loss could
easily misclassify the Universum class because
of their open decision boundary. In this paper,
to make use of redundant event information un-
derlying a document, we build an entity corefer-
ence graph with the graph2token module to pro-
duce a comprehensive and coreference-aware
representation for every entity and then build
an entity summary graph to merge the multiple
extraction results. To better classify Universum
class, we propose a new loss function to build
classifiers with closed boundaries. Experimen-
tal results show that our model outperforms the
previous state-of-the-art models by 3.35% in
F1-score.

1 Introduction

Event argument extraction (EAE) is a crucial sub-
task of event extraction (EE), aiming to identify
the arguments of a given event and recognize the
specific roles they play. Previous works are mostly
focused on sentence-level EE (Liao and Grishman,
2010; Nguyen et al., 2016; Liu et al., 2018; Yang
et al., 2019b; Du and Cardie, 2020b; Wei et al.,
2021; Wang et al., 2021; Lyu et al., 2021). How-
ever, events are often described in the form of doc-
uments in the real world. Document-level event ex-
traction has received consideration in recent years.

Research on document-level event extraction
has been focused on tackling challenges such as

*Corresponding author.

Figure 1: An example of redundant event information
in the document-level event argument extraction.

arguments-scattering and multiple-events (Zheng
et al., 2019; Du and Cardie, 2020a; Du et al., 2021;
Lou et al., 2021; Li et al., 2021; Huang and Peng,
2021; Xu et al., 2021; Yang et al., 2021; Ahmad
et al., 2021; Ebner et al., 2020). The benefit of re-
dundant event information in a document is largely
neglected. We believe that the redundant event in-
formation in a document can be used to improve
event extraction, as illustrated in the example in
Figure 1. The upper part of Figure 1 shows seven
simplified sentences selected from a document in
the MUC-4 dataset. All entities marked in blue are
the same entity "soldiers", which appears in differ-
ent expressions in different sentences. For ease of
description, we call it entity S. We can observe
from Figure 1 that: 1) The argument information in
the document is redundant since entity S appears
in the article multiple times as an argument and we
can successfully extract the argument by correctly
recognizing any of these occurrences. This prop-
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Figure 2: A simplified illustration of closed boundary
loss. Blue dots represent target samples, orange dots
represent Universum samples. The red dotted line repre-
sents cross entropy loss, the purple solid line represents
proposed closed boundary loss.

erty can be potentially used to improve the robust-
ness of the model. 2) The difficulty of extracting
the entity S as an argument in its different occur-
rences is different. Extracting entity S in sentence
1 and sentence 3 is much easier than extracting it
from sentence 2. Hence, by utilizing the redundant
event information of the document, we can extract
arguments from relatively simple positions and re-
duce the difficulty of the task. 3) An entity may
appear multiple times in the document, directly av-
eraging them as the entity’s feature representation
(Xu et al., 2021) may introduce noise. For exam-
ple, although entity S is an event argument in the
document, its occurrences in s4, s5 and s6 should
not be recognized as a correct pattern to identify
the event argument. 4) The redundant argument
information can result in redundant extraction re-
sults, as shown in the bottom table in Figure 1. The
three entities extracted as perpetrator individual
need to be merged into one. However, the extracted
physical target "houses" and "library" are different
entities and should not be merged. Therefore, the
use of redundant event information underlying a
document is not straightforward, a sophisticated
algorithm for merging multiple extraction results
is needed.

Extraction of arguments can be solved as an en-
tity classification problem by treating entities as
argument candidates (Zheng et al., 2019; Xu et al.,
2021; Yang et al., 2021). In document-level event
argument extraction, only a subset of the entities
in a document are arguments, while the majority
of entities are regarded as class “others” or “nei-
ther”(neither of the target classes). This kind of
data was first studied by Weston et al. (2006) un-
der the name Universum. The Universum data are

usually very diverse and do not have typical com-
mon features. In addition, Universum data is much
more than the target class data, exhibiting a severe
class imbalance problem. Figure 2 demonstrates a
simplified distribution of data samples in document-
level event argument extraction. The blue dots rep-
resent argument entities, the orange dots represent
a large number of Universum class entities. Since
the samples in the Universum class do not have
typical common features, they tend to scatter in
the feature space. This characteristic of the Univer-
sum data is largely overlooked in the information
extraction community. Universum data is simply
considered as another class “others”, without any
special consideration in the classifier design. Cross
entropy loss is usually employed in classifier train-
ing (Zheng et al., 2019; Huang and Peng, 2021; Xu
et al., 2021; Yang et al., 2021). However, classifiers
trained by cross entropy loss have open decision
boundaries, and hence some Universum samples,
such as the orange dot on the upper right of the
figure, could be easily misclassified. We think a
classifier with a closed decision boundary could
better deal with the Universum class in document-
level event argument extraction, as illustrated by
the purple line in Figure 2.

The contribution of this work is three-fold.
Firstly, it is the pioneering work to leverage re-
dundant event information in documents for event
extraction. We propose the entity coreference
graph with graph2token module and entity sum-
mary graph to leverage the redundant event infor-
mation. Experimental results show that redundant
information helps improve recall significantly. Sec-
ondly, we analyze the issue of Universum data in
document-level event argument extraction and the
problem of classifiers trained by cross entropy loss,
and propose a closed boundary loss to address the
problems. Finally, our model consistently outper-
forms the latest baseline models in F1-score and
achieves state-of-the-art performance. Compared
to the three baseline models, our proposed model
improves the absolute F1-score by 3.35%, 5.27%,
and 6.45%, respectively.

2 Related Work

2.1 Event Argument Extraction

Most previous event argument extraction models
make predictions at sentence-level (Nguyen et al.,
2016; Liu et al., 2018; Yang et al., 2019b; Du
and Cardie, 2020b; Wei et al., 2021; Wang et al.,
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2021; Dutta et al., 2021). Considering that the real
world events are often distributed across sentences,
document-level event extraction has attracted more
attention recently. Zheng et al. (2019) propose
the Doc2EDAG model to overcome the argument
scattering problem. Du and Cardie (2020a) first
argue the importance of document-level extraction
and adopt a sequence model for document-level
event extraction. Lou et al. (2021) investigate a
novel bidirectional decoder to overcome the long-
range forgetting problem. Li et al. (2021) formu-
late the document-level event extraction model as
conditional generation based on templates. Huang
and Peng (2021) attach importance to event coref-
erence and entity coreference in document-level
event extraction tasks. Xu et al. (2021) build a
heterogeneous graph with the Tracker module to
deal with problems of event scattering and multi-
ple events. Yang et al. (2021) adopt parallel pre-
diction networks to extract events parallelly from
document-level representations. However, none
of these works pay attention to the characteris-
tic of information redundancy in the document,
which we believe is a unique and beneficial prop-
erty for document-level event argument extraction.
In addition, to our knowledge, closed boundary
classification has never been adopted in event ex-
traction. Classification-based event argument ex-
traction models (Huang and Peng, 2021; Xu et al.,
2021; Yang et al., 2021) all employ cross entropy
loss for classifier training, without considering the
characteristics of Universum class: scattered dis-
tribution in the feature space due to heterogeneity
and diversity of the samples in this class.

2.2 Closed Boundary Loss

We found that a classifier trained by cross entropy
could easily misclassify entities in the class “oth-
ers", i.e. Universum class. We found the root cause
of the problem is the open decision boundary of
the classifier. To address this problem, we propose
a novel closed boundary loss for classifier training.

Research works in Universum usually employ
additional unlabeled Universum data to provide
prior knowledge for the task, such as Universum
support vector machine (SVM) (Weston et al.,
2006; Qi et al., 2012; Richhariya and Tanveer,
2020), and semi-supervised learning (Liu et al.,
2015; Xiao et al., 2021). However, the SVM-based
methods above are developed for structured data
and are hard to integrate with deep neural network-

based representation learning to form an end-to-end
training procedure for natural language processing
tasks. One possible solution is to use a deep neural
network to learn representations first, and then feed
the representations learned to the Universum SVM
classifiers. But the disadvantage of this two-step
procedure is that the classification result cannot be
back-propagated to representation learning. It is
desired that the closed boundary classifier could be
integrated with deep neural network-based repre-
sentation learning to form end-to-end training for
optimal performance.

Closed boundary classification methods are also
developed in anomaly detection and open set recog-
nition, such as deep one-class learning (Ruff et al.,
2018; Defard et al., 2021), auto-encoder based
anomaly detection (Ionescu et al., 2019), Open-
Max layer for open set recognition (Bendale and
Boult, 2016). However, these methods cannot use
the information in outlier samples due to task set-
ting.

A closed boundary classifier works best in fea-
ture space with compact class distribution. In the
literature, some loss functions have been proposed
to generate such feature space such as Deep SVDD
(Ruff et al., 2018), contrastive loss (Hadsell et al.,
2006), and ii-loss (Hassen and Chan, 2020). How-
ever, Deep SVDD only minimizes the intra-class
distance and cannot maximize the inter-class dis-
tance. Contrastive loss and ii-loss need to be com-
bined with cross entropy loss to classify samples.
But cross entropy loss generates open decision
boundaries for the classifier.

In this paper, we propose a new loss function that
could train a classifier with a closed decision bound-
ary. In addition, it can be directly integrated with
representation learning layers in a neural network
to form an end-to-end training procedure to pro-
duce a feature space with minimum intra-class dif-
ference and maximum inter-class difference, which
in turn leads to improved performance.

3 Method

As shown in Figure 3, our model consists of four
main components: context encoding module (Sec
3.1), entity coreference graph (Sec 3.2), closed
boundary loss (Sec. 3.3), and entity summary graph
(Sec. 3.4), which are illustrated in this section.
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Figure 3: The overall model structure. Blue dots represent entity nodes, green dots represent sentence nodes.

3.1 Context Encoding
Given the input document, we apply a Bi-LSTM
to obtain token representations of the document:
D = {d0,d1, . . . ,dn−1} ∈ Rn×l where n is the
document length, and l is the the hidden state di-
mension. We construct entity representation and
sentence representation from the start and end to-
kens in an entity or sentence:

ei =
(
e
(i)
memory; e

(i)
rule

)
(1)

si =
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where D is the output of the Bi-LSTM encoding
layer, ent(i)start , ent(i)end , sent(i)start and sent

(i)
end are

the start and end position of the i-th entity and
the i-th sentence, respectively, and [;] denotes
the concatenation operation. e(i)memory and s

(i)
memory

mainly contain the information inside the entity
and sentence. e

(i)
rule and s

(i)
rule mainly contain the

context information outside the entity and sentence.
The model predicts memory representations mainly
based on remembering entity names and predicts
rule representations mainly based on recognizing

Figure 4: An example of coreference in a document and
its impact on entity understanding and document-level
event argument extraction

the contextual patterns. Therefore, we separate the
memory representation and rule representation as
they correspond to the memory-based and the rule-
based learning process of humans (Noordman and
Vonk, 1998; Opitz and Friederici, 2004).

3.2 Entity Coreference Graph

Leveraging redundant event information in a docu-
ment is not straightforward to classify every entity
in the document. On the one hand, better entity rep-
resentation is needed. Therefore, we construct an
entity coreference graph with graph2token module
to produce a comprehensive and coreference-aware
representation for every entity.

The entity coreference graph is inspired by the
observation of coreference’s role in document un-
derstanding. Firstly, for the repeatedly referred
entity (coreference entity), the understanding to
this entity itself is constantly enriched or enhanced
by each reference. For the example illustrated in
Figure 4, "the massacre" and "this action" are two
different mentions of the same entity. The under-
standing of this entity is enriched by combining
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the location of the massacre mentioned in the first
sentence and the commander of the massacre men-
tioned in the second sentence. Secondly, for other
entities located in the context of the coreference en-
tity, their meanings are clearer by recognizing the
connotation of the coreference entity. For example,
"the colonel" cannot be recognized as an argument
unless the model understands that "this action"
refers to "the massacre". Research works in event
extraction (Xu et al., 2021; Luan et al., 2019; Qian
et al., 2019) consider the first observation but ne-
glect the second one. Specifically, previous works
in event extraction use graph structure to merge
information in different mentions of the same en-
tity. However, such a graph structure cannot feed
back the fused information to the context of coref-
erence entities because the representations of the
context tokens are fixed from the initial encoding
process. In this sense, for the representation of
"the colonel", its context information still excludes
"the massacre". Therefore, we adopt a graph2token
module to feed back the comprehensive entity infor-
mation obtained through graph structure to tokens,
and then rebuild entity representations that are both
comprehensive and coreference-aware.

Graph Construction. There are two types of
nodes in the entity graph: entity nodes and sen-
tence nodes. Entities are recognized from docu-
ment following Fisher and Vlachos (2019). En-
tity nodes and sentence nodes are denoted as E =
{e0, e1, . . . , ep}, and S = {s0, s1, . . . , sq}, respec-
tively.

There are two types of edges in the entity graph:
1) entity-entity edge is created according to the
coreference relationship. We use SpanBERT (Joshi
et al., 2020) to implement coreference resolution
on documents during preprocessing. 2) entity-
sentence edge is the connection between the entity
node and the sentence node where it is located.
Graph Propagation. After the graph is con-
structed, Graph Attention Network (Veličković
et al., 2017) is applied to propagate informa-
tion between connected nodes. Assuming that
graph nodes are denoted by H = {E,S} =
{h0,h1, . . . ,hp+q} ∈ R(p+q)×2l, the information
that a node receives from its neighbors is formu-
lated as:

h′i = RELU
(∑

j∈Ni αijWhj

)
(3)

αij =
exp(L(Weij [Whi;Whj ]))∑
k∈Ni exp(L(Wei [Whi;Whk]))

(4)

where h′i is the neighbor information of the i-th
node, hj is the representation of the j-th node, W,
Wei are weight matrixes, Ni denotes the set of
neighbors of node i, and L(·) is the LeakyReLU
function.

The representation of the i-th node hi and its
neighbor information h′i is fused by the gated mech-
anism:

βi = σ
(
f
(
hi;h

′
i

))
(5)

where σ(·) is the sigmoid function, f(·) denotes
the linear transformation. The fused representation
of the i-th node h′′i is obtained as:

h′′i = βi ⊙ hi + (1− βi)⊙ h′i (6)

where ⊙ stands for element-wise multiplication.
Through propagating and fusing information of
coreference entities and the corresponding sen-
tence, a comprehensive representation of the entity
is obtained.
Graph2token. To address the second insight
we put forward in this section, we adopt the
graph2token module to feed back the information
behind coreference entities to their neighboring
tokens.

We concatenate the original token representation
di with the entity representation h′′j in which it
is located, and feed it to an LSTM layer. In this
way, the comprehensive entity representation h′′j
is propagated to context tokens outside the entity
and a coreference-aware token representation d′i is
generated:

d′i = LSTM(di;h
′′
j ) (7)

Then, we build coreference-aware entity represen-
tations from updated token representations.

e
(i)
rule
′ =

(
D′
[
ent

(i)
start [: l]

]
;D′

[
ent

(i)
end[l :]

])

where D′ =
{
d′0,d

′
1, . . . ,d

′
n−1
}

. Finally, a com-
prehensive and coreference-aware entity represen-
tation E′ = {e0′, e1′, . . . , ep′} is obtained by con-
catenation:

ei′ =
(
h′′i ; e

(i)
rule
′
)

(8)

3.3 Closed Boundary Loss

We have analyzed that classifiers trained by cross
entropy loss have open decision boundaries and
could easily misclassify the Universum class. To
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address this problem, we propose a novel loss func-
tion that could be used to train classifiers with
closed decision boundaries.

Comprehensive and coreference-aware entity
representations E′ =

{
e′0, e

′
1, . . . , e

′
p

}
are obtained

in the last section. We treat entities as argu-
ment candidates and classify entities by classifiers
trained by our proposed closed boundary loss:

LCB = R2 +
1

n

n∑

i=1

max
(
0,
∥∥e′i − c

∥∥2 −R2
)

+
1

m

m∑

i=1

max
(
0, (1 + µ)R2 −

∥∥e′i−c
∥∥2
)

where n is the number of target class samples, m is
the number of Universum class samples, the center
c is initialized as the mean of target samples in
the feature space, and the radius R is initialized
as ν-quantile of the distance of target samples to
the center c in the feature space. R and c are
initialized after a few warm-up epochs. The closed
boundary loss intends to include samples of each
target class using a hypersphere characterized by
center c and radiusR in the feature space and locate
Universum samples outside the hypersphere. Due
to the heterogeneous nature of Universum samples,
we allow them to scatter outside the hypersphere
and do not require them to be aggregated like cross
entropy loss.

The goal of the first term R2 is to minimize the
volume of the hypersphere. The second term aims
to enclose target class samples by the hypersphere.
If the Euclidean distance between the sample h′′i
and the center c exceeds the radius, it will lead to a
penalty in the loss function. The third term aims to
keep the universe samples outside the hypersphere.
Parameter µ is introduced to adjust the gap between
the closed boundary hypersphere and Universum
samples.

Unlike contrastive loss and ii-loss which cannot
be directly used for classifying samples in the test
set and need to be combined with cross entropy
loss, our proposed closed boundary loss can be
easily adopted for classification by the following
calculation:

g(ei′) =
{
1 ∥e′i − c∥2 −R2 < 0

0 ∥e′i − c∥2 −R2 > 0

3.4 Entity Summary Graph
To make full use of the redundant argument infor-
mation, we classify every entity in the document.

For the same argument, we may obtain multiple
preliminary extraction results. The advantage is the
robustness because the correct argument is more
likely to be extracted from relatively simple posi-
tions. The challenge is how to merge the multiple
extraction results. To address the challenge, we
propose an entity summary graph.
Text Matching Module. We notice that most re-
dundant expressions of the same entity are either
character-level spelling similar or word-level se-
mantics similar. In some cases, special domain
knowledge is needed to determine if two expres-
sions are the same. For example, “Army of Na-
tional Liberation” and "ELN" are referred to the
same entity. Therefore, we adopt a text matching
model with both character embedding and word
embedding to evaluate the spelling similarity and
semantics similarity of extracted arguments. We
also construct a text matching dataset from ground
truth labels of the training set of our event extrac-
tion dataset to make the model learn necessary do-
main knowledge.

We build the text matching module (TMM) by
adopting the structure of RE2 (Yang et al., 2019a)
and adding character embedding to the RE2 model
to enhance the model’s capability of recogniz-
ing spelling similarity. We denote the initially
predicted arguments as A = {a0,a1, . . . ,ak−1}.
Then, we feed these entities into the text matching
module to produce the matching score for each pair
of arguments.

Mij = TMM (ai,aj) (9)

where M is the matching score matrix, which con-
tains text matching score of every pair of entities
from A. M = [Mij ], i, j = 1, 2, . . . , k.
Entity Summary Graph. The graph node is com-
posed of preliminary predicted entities A. The
i-th node and j-th node are connected if Mij > s,
where s is a boundary score. The weight of each
edge is the text matching score Mij of two entity
nodes at the ends of the edge.

The constructed entity summary graph is mostly
disconnected because there usually exist multi-
ple argument clusters in a document. The argu-
ment cluster refers to a set of different expres-
sions of the same argument, for example "the
armed forces" and "military" refer to the same ar-
gument, thus forming an argument cluster. The en-
tity summary graph consists of several connected
subgraphs as shown in figure 3. Each subgraph
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PerpInd PerpOrg Target Victim Weapon
GTT (Du et al., 2021) 65.48/39.86/49.55 66.04/42.68/51.85 55.05/44.12/48.98 76.32/61.05/67.84 61.82/56.67/59.13
NST (Du and Cardie,

2020a) 48.39/32.61/38.96 60.00/43.90/50.70 54.96/52.94/53.93 62.50/63.16/62.83 61.67/61.67/61.67

DYGIE++ (Wadden et al.,
2019) 59.49/34.06/43.32 56.00/34.15/42.42 53.49/50.74/52.08 60.00/66.32/63.00 57.14/53.33/55.17

RICB 50.76/49.62/50.18 50.00/63.75/56.04 65.63/63.64/64.62 64.86/50.52/56.80 63.49/65.57/64.51

Table 1: Performance comparison with baseline models for each argument role on MUC-4 dataset. Results for each
column are displayed in the order of precision, recall, and F1 score.

Models P R F1

GTT (Du et al.,
2021)

64.19 47.36 54.50

NST (Du and
Cardie, 2020a)

56.82 48.92 52.58

DYGIE++
(Wadden et al.,

2019)
57.04 46.77 51.40

RICB 57.68 58.03 57.85

Table 2: Averaged EAE result on the MUC-4 dataset.
Precision (P), recall (R), and F1-score are used for eval-
uation.

corresponds to an argument cluster. We denote
the entity summary graph G and its subgraphs as
G =

{
G(1)
sub,G

(2)
sub, . . . ,G

(u)
sub

}
. The final predicted

arguments are summarized by selecting an entity
node with the largest sum of weights (LSW) from
each subgraph.

A′ =
{
a′0,a

′
1, . . . ,a

′
v−1
}
, a′i = LSW

(
G(i)
sub

)

4 Experiments

4.1 Dataset
Our model is evaluated on the MUC-4 dataset
(McLean, 1992). The dataset is composed of 1,700
documents, each containing an average of 400 to-
kens and 7 paragraphs. We use 1300 documents for
training, 200 documents for testing, and 200 docu-
ments for the development set following (Du and
Cardie, 2020a). Five argument roles are extracted
in the dataset: perpetrator individual, perpetrator
organization, target, victim, and weapon.

4.2 Baselines and Evaluation Metric
In this work, we propose a document-level EAE
model leveraging Redundant Information and
Closed Boundary Loss (RICB). We compare our
model with the following baseline models: DY-
GIE++ (Wadden et al., 2019) incorporates local
and global contexts to build a multi-task framework
for named entity recognition, relation extraction,

and event extraction. NST (Du and Cardie, 2020a)
aggregates sentence representation and paragraph
representation via a gate mechanism and treats
document-level EAE as a sequence tagging prob-
lem. GTT (Du et al., 2021) proposes a generative
transformer based framework for document-level
EAE.

We evaluate the performance of our model by
the CEAF-TF metric following (Du et al., 2021).
The metric finds the best alignment of predicted
arguments and gold arguments. It penalizes the sys-
tem that does not merge multiple extraction results
by setting a constraint that a gold argument can be
aligned with at most one predicted argument. Pre-
cision (P), recall (R), and F1-score (F1) are used to
evaluate the model’s performance.

4.3 Overall Results

The per-role EAE results on the MUC-4 dataset
of our RICB model and baseline models are sum-
marized in Table 1, and the micro-averaged per-
formance is shown in Table 2. Table 2 shows that
our model consistently outperforms the latest base-
lines in F1-score and achieves the state-of-the-art
(SOTA) performance. Specifically, the proposed
model improves the absolute F1-score by 3.35%,
5.27%, and 6.45% compared to baseline models.
Noticeably, our model achieves an over 9% im-
provement in recall. In terms of the per-role ex-
traction performance of our model, it achieves the
highest F1-score in four of five argument roles: per-
petrator individual, perpetrator organization, target,
and weapon. Specifically, the absolute F1-score is
improved by 0.63%, 4.19%, 10.69%, and 2.84%
in these argument roles.

4.4 Effect of Graph2token Module

Graph structure is used in EAE to produce a com-
prehensive representation of coreference entities
(Luan et al., 2019; Qian et al., 2019; Xu et al.,
2021). In this work, we further adopt a graph2token
module to feed back the comprehensive representa-
tion of coreference entities to their context tokens.
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PerpInd PerpOrg Target Victim Weapon
Without graph2token 50.39/49.24/49.80 50.02/58.83/54.07 63.87/57.58/60.56 62.54/49.53/55.28 58.72/69.47/63.64

Cross entropy loss 50.00/50.34/50.17 48.57/63.75/55.14 62.04/64.39/63.19 49.55/58.95/53.85 55.13/70.49/61.87
String matching 48.80/45.86/47.28 45.30/66.25/53.81 65.71/63.44/64.56 59.49/49.47/54.02 58.57/67.21/62.60

RICB 50.76/49.62/50.18 50.00/63.75/56.04 65.63/63.64/64.62 64.86/50.52/56.80 63.49/65.57/64.51

Table 3: Ablation studies on graph2token module, closed boundary loss, and entity summary graph, respectively.
The results in each column are displayed in the order of precision, recall, and F1 score.

The updated token representations can generate
additional coreference-aware representations for
entities near the coreference entity. For the abla-
tion study, we experiment on without applying the
graph2token module. We compare per-role extrac-
tion results with and without the graph2token mod-
ule in Table 3. We find that the experiment without
the graph2token module results in a performance
drop on every argument role. In addition, the recall
is decreased by 0.38%, 4.92%, 6.06%, and 0.99%
in four argument roles. This indicates that the
model can recognize more arguments by providing
argument candidates with additional coreference-
aware representations.

4.5 Effect of Closed Boundary Loss
We find that classifier trained by cross entropy loss
could easily misclassify entities in the Universum
class. We propose a closed boundary loss to ad-
dress this issue. For the ablation study, we conduct
experiments of applying cross entropy loss for argu-
ment classification, and compare the performance
with our model. The comparison of two loss func-
tions is summarized in Table 3, which shows that
in all argument roles, closed boundary loss consis-
tently outperforms cross entropy in the F1 score.
We further notice that the precision of the model
is improved in all argument roles at 0.76%, 1.43%,
3.59%, 15.31%, and 8.36% by using closed bound-
ary loss. The improvement in precision indicates
that the use of closed boundary results in a smaller
number of Universum samples that are misclassi-
fied as target samples.

4.6 Effect of Entity Summary Graph
To fully leverage the redundant argument informa-
tion, we classify every entity in the document. For
the same argument, we may obtain multiple pre-
liminary extraction results. We propose the entity
summary graph to merge the results. For the ab-
lation study, we conduct experiments on merging
multiple extraction results based on string match-
ing following Zheng et al. (2019); Xu et al. (2021).
We compare the string matching performance with
our proposed entity summary graph in Table 3. It

shows that the entity summary graph outperforms
the string matching method significantly in the F1-
score. Furthermore, the precision of the model is
improved in four of five argument roles by 1.96%,
4.70%, 5.37%, and 4.92% by using the entity sum-
mary graph, and this verifies the effect of our pro-
posed entity summary graph, i.e. merging multiple
extraction results and reducing false positives ac-
cordingly.

4.7 Case Study
Figure 5 demonstrates an example of the differ-
ences in predicting event arguments between GTT
(Du et al., 2021) and our proposed RICB method.
To avoid involving excessive sentences in the doc-
ument, only roles of perpetrator individual and
perpetrator organization are used for illustration.
RICB successfully extracts "Colonel Ponce" and
"ARENA", while GTT fails. Both event arguments
"Colonel Ponce" and "ARENA" appear multiple
times in the document, which shows the redundant
event information in the document. Specifically,
among all their occurrences in the document, it
is easier to recognize "Colonel Ponce" from sen-
tence 8 and recognize "ARENA" from sentence 7.
This is an illustration of our idea that by utilizing
redundant event information in the document, we
can extract arguments from relatively simple posi-
tions. In addition, to recognize "Colonel Ponce"
from sentence 4, it is necessary to understand that
"this action" refers to "the massacre". Our model
can recognize it because the graph2token module
can feed back the coreference information to "this
action".

4.8 Further Analysis
Firstly, it is effective to leverage redundant event
information in documents for document-level EAE,
which is not only reflected in the F1 score, but also
in the significant improvement in recall. The micro-
averaged recalls of baseline models are distributed
between 46% to 49%, but our model reaches 58%.
As we analyzed in the introduction, leveraging re-
dundant argument information of a document al-
lows the model to extract the argument from any
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Figure 5: An example of the differences in event argument extraction between GTT and our proposed RICB.
The differences in extracting perpetrator individual and perpetrator organization are used for illustration. RICB
successfully extracts Colonel Ponce and ARENA, while GTT fails. In the example, sentence numbers are marked in
green, and identical entities are marked with the same color.

of its occurrences and relatively simple positions.
Therefore, the difficulty of argument extraction is
reduced and the recall is improved accordingly. We
also notice a drop in precision rate in our model
compared to baseline models. It is because baseline
methods adopt sequence-to-sequence models and
we classify a few arguments from a great number of
entities in the document, which will naturally result
in a decrease in precision. However, the precision
and recall of our model are very close, which is
more balanced compared to baseline models.

Secondly, leveraging redundant event informa-
tion in a document is not simply classifying every
entity in the document. On the one hand, better
entity representations need to be produced, on the
other hand, multiple extraction results need to be
merged. Therefore, we add the graph2token mod-
ule to the entity coreference graph, which improves
the recall significantly. We also propose the en-
tity summary graph to merge multiple extraction
results, which successfully improves the precision.

Finally, we propose a novel closed boundary
loss to better deal with the Universum class in our
task. Its effectiveness is verified in ablation stud-
ies. We highlight two other potential benefits of
closed boundary loss here. Firstly, since it gen-
erates a closed decision boundary for classifiers,
it may also be valid for dealing with unseen sam-
ples in the test set. This property is not evaluated
in this work. In addition, our dataset is highly
imbalanced because only a small number of enti-
ties are arguments. Weighted cross entropy loss
is cumbersome to adjust the appropriate weights,

however, the closed boundary loss does not need to
adjust weights and works well with the imbalanced
dataset.

5 Conclusion and Future Works

In this work, we emphasize that the redundant event
information in documents is beneficial but is often
overlooked in document-level EAE. In addition,
we find that classifiers trained by cross entropy
loss are problematic in classifying the Universum
class. Specifically, we generate a comprehensive
and coreference-aware representation for every en-
tity through the entity coreference graph with the
graph2token module. In addition, we propose an
entity summary graph to merge the multiple extrac-
tion results of the same argument. Furthermore, we
propose a novel closed boundary loss to deal with
the Universum class in classification. As a limita-
tion, our proposed closed boundary loss is used for
binary classification because we extract arguments
in a role-by-role manner to make full use of the
property of each argument role. In the future, we
will extend it for multiclass classification and apply
it to other tasks in natural language processing that
face the problem of classifying Universum class.
Experimental results show that our RICB model
achieves the SOTA performance and outperforms
prior approaches on the MUC-4 dataset.
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A Appendix

A.1 Dataset Information

Some supplementary information about the dataset
is illustrated in this section. We use the MUC-4
dataset to evaluate the performance of our model.
The dataset is intended for research purposes,
which is consistent with our purpose of use. Be-
sides the statistical information we provided in the
main part, we illustrate the documentation of the
dataset in this section. MUC-4 dataset is made
of English news articles on the subject of terrorist
attacks. Specifically, five arguments are extracted
for the dataset: perpetrator individual, perpetrator
organization, target, victim, and weapon.

A.2 Implementation Details

Spacy 3.0.3 is used in data preprocessing. Exper-
iments are conducted on NVIDIA GTX 1080Ti,
and the training time is about four hours. The
hyper-parameters are given in the table below.

Hyper-parameter Value
Embedding size 300

Hidden size 150
Bidirectional True

Layers of encoder 2
Layers of graph2token module 1

Layers of graph 1
Heads of graph 2

Optimizer Adam
Learning rate 5e−4

Batch size 4
Dropout 0.3

Training epoch 120
Boundary score 0.65
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Abstract
Recent advances in the pre-training of language
models leverage large-scale datasets to create
multilingual models. However, low-resource
languages are mostly left out in these datasets.
This is primarily because many widely spoken
languages are not well represented on the web
and therefore excluded from the large-scale
crawls used to create datasets. Furthermore,
downstream users of these models are restricted
to the selection of languages originally cho-
sen for pre-training. This work investigates
how to optimally leverage existing pre-trained
models to create low-resource translation sys-
tems for 16 African languages. We focus on
two questions: 1) How can pre-trained mod-
els be used for languages not included in the
initial pre-training? and 2) How can the re-
sulting translation models effectively transfer
to new domains? To answer these questions,
we create a new African news corpus cover-
ing 16 languages, of which eight languages
are not part of any existing evaluation dataset.
We demonstrate that the most effective strategy
for transferring both to additional languages
and to additional domains is to fine-tune large
pre-trained models on small quantities of high-
quality translation data.

1 Introduction

Enormous efforts have been invested in making
language and translation models more multilingual

while leveraging the maximal amount of data for
training, most prominently large crawls of mono-
lingual and parallel data from the web (El-Kishky
et al., 2020; Schwenk et al., 2021b,a; Xue et al.,
2021b). The resulting models are now capable of
translating between hundreds of languages, includ-
ing language pairs that in isolation do not have
large collections of parallel data (Tang et al., 2020;
Xue et al., 2021a; Fan et al., 2021b). For example,
M2M-100 (Goyal et al., 2021) can translate (with
low accuracy) between Hausa and Yorùbá, two of
the most widely spoken languages in Nigeria, even
though there is barely any parallel data available for
training. For languages that are not included in the
set of training languages, the model would have no
knowledge on how to generate translations. Does
this mean there is no hope for languages that do not
have large presence on the web and are therefore
not included in these pre-trained models?

We investigate how large-scale pre-trained mod-
els can be leveraged for the translation of unseen
low-resource languages and domains. We address
this question by studying 16 African languages that
are largely underrepresented in NLP research (Joshi
et al., 2020; ∀ et al., 2020) and further have little
to no training data available (§3). These languages
provide an ideal testbed for two challenging knowl-
edge transfer tasks: (1) How can pre-trained mod-
els create translations for languages unseen at train-
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ing time? and (2) Since training data may only
exist in single domain (i.e. religious texts), how
can a model be trained in one domain and translate
another effectively at test time?

These questions are extremely relevant for our
chosen languages because they all have millions of
native speakers and a massive need for translation
technologies. For example, news concerning the
African continent are almost exclusively published
in English, French, or Arabic, and thereby inacces-
sible for speakers of only native African languages.
This creates a bottleneck for information transmis-
sion, which becomes even more critical in times of
crises (Öktem et al., 2020; Anastasopoulos et al.,
2020; Öktem et al., 2021). Furthermore, the task
of translating news has historically played a central
role in translation research, e.g. in shared tasks
since 2008 (Callison-Burch et al., 2008) and as a
test for determining human parity (Hassan et al.,
2018; Läubli et al., 2018; Toral et al., 2018). To
spur the development of dedicated news translation
models for Africa, we construct a benchmark of
news translation for translating between 16 native
African languages and English or French (§4).

This allows us to compare three approaches to
leveraging large-scale multilingual models for the
translation of previously unseen languages: (1)
zero-shot transfer, (2) continual pre-training on
monolingual data, and (3) multi-domain fine-tuning
on parallel data (§5). We find that fine-tuning pre-
trained models on a few thousand sentences of high
quality bitext is remarkably effective, and can be
further augmented with continual pre-training on
African languages and fine-tuning on news domain
data (§6). Our contributions are the following:1

1. We create a new African news corpus for
machine translation (following principles of
participatory research ∀ et al. (2020)) covering
16 African languages.

2. We adapt several multilingual pre-trained
models (MT5, ByT5, mBART, M2M-100) to
these largely unseen languages, and evaluate
their quality on news translation.

3. We quantify the effectiveness of small in-
domain translation sets by measuring do-
main transfer effects and comparing fine-
tuning strategies.

1All data, models and code are publicly avail-
able on https://github.com/masakhane-io/
lafand-mt under academic license.

We find that having a targeted collection of trans-
lations is surprisingly effective, showcasing the
power of local knowledge in so-called “zero-
resource” scenarios (Bird, 2020). This paints a
promising picture for the development of NLP
technology for understudied languages: being able
to customize these models for new language of
interest with as little as 2k sentences and a few
fine-tuning steps, MT developers and users from
any language community are less dependent on
choices and monetary interest of industry power-
houses from the Global North (Paullada, 2020).

2 Related Work

African MT Datasets. One of the major chal-
lenges of developing MT models for African lan-
guages is lack of data. There are many attempts to
automatically crawl and align sentences from the
web (Schwenk et al., 2021a,b). Nevertheless, the
resulting corpora for many African languages are
typically small and of poor quality (Kreutzer et al.,
2021). Other cleaner parallel sources are mostly
from religious sources, like the Bible covering
over 1600 languages (McCarthy et al., 2020) and
JW300 (Agić and Vulić, 2019) from JW.org with
over 343 languages, including over 100 African lan-
guages. Apart from the training dataset, evaluation
datasets are needed to test the performance of mul-
tilingual MT models. The FLORES-101 (Goyal
et al., 2021) evaluation set, sourced from Wikipedia
and manually translated, covers the largest num-
ber of languages, including 20 African languages.
Finally, while other evaluation datasets for trans-
lating into or from African languages have been
developed (Siminyu et al., 2021; Emezue and Dos-
sou, 2020; Azunre et al., 2021b; Nyoni and Bassett,
2021; Gezmu et al., 2021; Ali et al., 2021), unfortu-
nately there are only a few African languages with
evaluation datasets in the news domain (Adelani
et al., 2021a; Mabuya et al., 2021; Ezeani et al.,
2020) but ours covers 11 African languages (§4).

Low-resource MT. Interest in low-resource MT
has been increasing both within the MT research
community (Haddow et al., 2021), as well as in
native speaker communities (∀ et al., 2020; Azunre
et al., 2021a; Mager et al., 2021). On the model-
ing side, many techniques have been developed:
unsupervised MT (Lample et al., 2018) leverages
monolingual data, single multilingual models capa-
ble of translating between many languages (Firat
et al., 2016; Johnson et al., 2017; Aharoni et al.,
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Target African No. of Source NEWS REL
Language Family Region Speakers Lang. Source Split Sizes Source Total Size

Bambara (bam) NC / Manding West 14M French Maliweb.net 3302/ 1484/ 1600 Bible 28K
Ghomálá’ (bbj) NC / Grassfields Central 1M French Cameroun Web 2232/ 1133/ 1430 Bible 8K
Éwé (ewe) NC / Kwa West 7M French Benin Web TV 2026/ 1414/ 1563 JW300 618K
Fon (fon) NC / Volta-Niger West 2M French ORTB, Nation, Héraut, Matin Libre, LB

Libéré, LE Précis, Visages.
2637/ 1227/ 1579 JW300 32K

Hausa (hau) Afro-Asiatic / Chadic West 63M English WMT2021: Khamenei.v1 3098/ 1300/ 1500 JW300 236K
Igbo (ibo) NC / Volta-Niger West 27M English (Ezeani et al., 2020) 6998/ 1500/ 1500 JW300 415K
Luganda (lug) NC / Bantu East 7M English Independent Uganda 4075/ 1500/ 1500 Bible 31K
Luo (luo) Nilo-Saharan East 4M English Lolwe, Standard Media 4262/ 1500/ 1500 Bible 31K
Mossi (mos) NC / Gur West 8M French Burkina24, Lefaso 2287/ 1478/ 1574 JW300 216K
Naija (pcm) English-Creole West 75M English Daily Trust Nigeria 4790/ 1484/ 1564 JW300 23K
Swahili (swa) NC / Bantu East & Central 98M English Global Voices, OPUS 30782/ 1791/ 1835 JW300 872K
Setswana (tsn) NC / Bantu South 14M English SABC News 2100/ 1340/ 1500 JW300 870K
Akan/Twi (twi) NC / Kwa West 9M English StarrFM, Citi News 3337/ 1284/ 1500 JW300 601K
Wolof (wol) NC / Senegambia West 5M French Seneweb, Jotna, Yerim Post, Socialnetlink 3360/ 1506/ 1500 Bible 22K
Yorùbá (yor) NC / Volta-Niger West 42M English (Adelani et al., 2021a) 6644/ 1544/ 1558 JW300 460K
isiZulu (zul) NC / Bantu South 27M English (Mabuya et al., 2021) 3500/ 1239/ 998 JW300 667K

Table 1: Languages and Data Details for MAFAND-MT Corpus. Language, family (NC: Niger-Congo), number
of speakers, news source, news (NEWS), and religious domain (REL) data split. The languages highlighted in gray
did not previously have news-domain data before MAFAND-MT.

2019; Fan et al., 2021a), multilingual unsupervised
models leverage a related language (with paral-
lel data) to assist translating the low-resource lan-
guage that might not even have any monolingual
data (Ko et al., 2021). Unfortunately, unsupervised
MT typically performs poorly on low-resource lan-
guages (Marchisio et al., 2020).

Transfer learning from high-resource languages
has achieved more promising results: Transfer from
multilingual pre-trained language models (PLM),
like mBART50 (Tang et al., 2020) and MT5 (Xue
et al., 2021b), and large-scale multilingual MT of-
ten outperforms bilingual MT (Tran et al., 2021;
Yang et al., 2021). For low-resource languages this
strategy outperforms the baseline (Transformer)
models (Birch et al., 2021; Adelani et al., 2021a;
Lee et al., 2022). The performance can be further
improved by large scale pre-training (Reid et al.,
2021; Emezue and Dossou, 2021).

3 Focus Languages and Their Data

Focus Languages. We focus on 16 African
languages with varying quantities of available
data (Joshi et al., 2020), including moderately low-
resource languages such as Swahili and Hausa, and
very low-resource languages such as Ghomálá’2

with the Bible being its largest available corpus. Ta-
ble 1 provides an overview of the focus languages,
including the language families, location and num-
ber of speakers, and the source and original lan-
guage for our corpus. The languages are from four
language families: Afro-Asiatic (e.g. Hausa), Nilo-
Saharan (e.g. Luo), English Creole (e.g. Nigerian-
Pidgin/Naija) and Niger-Congo. Most of the lan-
guages (13 out of 16) are from the Niger-Congo

2Spoken by an estimated 1.1M people in Cameroon

family, which is the largest language family in
Africa. Six of the languages are predominantly
spoken in Francophone countries of Africa, while
the remainder are predominantly spoken in Anglo-
phone countries of Africa. In contrast to previous
work (∀ et al., 2020; Gowda et al., 2021), we do
not focus exclusively on translation to/from En-
glish since this is not the primary language of the
Francophone Africa community. All languages are
spoken by at least one million speakers.

Language Characteristics. All languages are
written in Latin script, using letters of the basic
Latin alphabet with a few omissions (e.g “c”, “q”,
“x”, “z”) and additions (e.g. “E”, “O”, “N”, “o. ”, in-
cluding digraphs like “gb”, “kp”, “gh”, and some-
times more than two-character letters). 13 of the
languages are tonal, and about nine make use of
diacritics. Many African languages are morpholog-
ically rich. For example, all Bantu languages are
agglutinative. Fon, Mossi, and Yorùbá are highly
isolating. All languages follow the Subject-Verb-
Object sentence structure like English and French.
Table C provides more details.

Existing Parallel Corpora. We curate publicly
available parallel data for our focus languages,
which consists primarily of text in the religious do-
main. For most African languages, the largest avail-
able parallel corpora is JW300 (Agić and Vulić,
2019), sourced from jw.org, which publishes bib-
lical texts as well as lifestyle and opinion columns.
Varying quantities of data are available for 11 of the
16 focus languages. Éwé, Igbo, Swahili, Setswana,
Twi, Yorùbá, and isiZulu have over 400K parallel
sentences. Hausa and Mossi have slightly more
than 200K parallel sentences, while Fon and Naija
have around 30K sentences. For the remaining
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five languages that are not in the JW300 corpus,3

we make use of the Bible.4 We aligned the sen-
tences automatically by the verses (around 31k in
total). Ghomálá’ only has the New Testament with
8k verses. Bambara and Wolof are missing some
verses and books, leading to a total size of 28K and
22K. Table 1 summarizes this information about
the religious (REL) corpora.

4 MAFAND-MT African News Corpus

4.1 Data Collection Process

We introduce our newly translated news corpus;
MAFAND-MT — Masakhane Anglo & Franco
Africa News Dataset for Machine Translation. Ta-
ble 1 gives the news source and data splits for 11
African languages which includes six languages
(bam, bbj, ewe, fon, mos, wol) spoken pre-
dominantly in Francophone Africa and five lan-
guages (lug, luo, pcm, tsn, twi) spoken pre-
dominantly in Anglophone Africa. The MAFAND-
MT corpus was created in three steps:

1. Crawling and preprocessing of news web-
sites from local newspapers that are publish-
ing in English and French. Raw texts from
the web were segmented into sentences. Most
languages were crawled from one or two sites,
except for Wolof and Fon that were crawled
from four and seven news websites respec-
tively due to local French language newspa-
pers having very few articles. We also ensured
that the articles came from a variety of topics
e.g. politics, sports, culture, technology, soci-
ety, religion, and education. This was carried
out by native speakers of the target language
with source language proficiency.

2. Translation of 5k–8k sentences by profes-
sional translators.The translation process took
one to four months depending on the availabil-
ity of the translators.

3. Quality control was provided by native speak-
ers, who discussed and, if possible, fixed prob-
lematic translations and ran automatic checks
to detect misspellings, duplicated sentences,
and alignment problems.

3Some languages like Luo and Luganda are covered by
JW300 but are no longer available at the time of paper writing.

4Crawled/downloaded from https://ebible.org/,
except for Bambara that we obtained from https://live.
bible.is/ and Ghomálá’ from www.beblia.com

Following the recommendations of ∀ et al. (2020),
we design the process to be participatory: Ev-
eryone involved in the corpus creation is a na-
tive speaker of the respective target languages and
has societal knowledge about the communities that
speak those languages. This is particularly impor-
tant for curation and quality control to ensure that
the resulting material is appropriate and relevant
for stakeholders of the final MT models (∀ et al.,
2020; Kreutzer et al., 2021). Furthermore, every-
one received appropriate remuneration. To enable
cross-disciplinary knowledge transfer between par-
ticipants in the individual steps, every language
was assigned a coordinator. The coordinator con-
ducted the initial curation in the first step, and com-
municated with translators and quality checkers
throughout the following steps.

Other Available Parallel Corpora. We found
five African languages with available parallel texts
in the news domain: Hausa5, Igbo (Ezeani et al.,
2020), Swahili6, Yorùbá (Adelani et al., 2021a),
and isiZulu (Mabuya et al., 2021). Table 1 provides
news source, the TRAIN, DEV and TEST splits.
Appendix B provides details on the pre-processing
of the available news corpora.

4.2 Monolingual News Corpus
To adapt available multilingual pre-trained models
via continued pre-training to African languages,
we curated texts from the 17 highest-resourced
African languages and three non-native African
languages that are widely spoken on the conti-
nent (Arabic, English, and French). The selec-
tion of African languages is based on their cover-
age in mC4 (Xue et al., 2021b), AfriBERTa cor-
pora (Ogueji et al., 2021), and other publicly avail-
able news websites like VOA and BBC. We limited
the size of the corpus extracted from mC4 to the
first 30 million sentences (roughly 1GB of data) for
Afrikaans, Amharic, Arabic, English, French, and
Swahili. In total, we collected about 12.3 GB of
data. Appendix C provides more details about the
pre-training corpus.

5 Models and Methods

5.1 Baseline Models
We experiment with pre-trained multilingual mod-
els and our own bilingual MT baselines. We focus

5https://www.statmt.org/wmt21/translation-task.html
6https://sw.globalvoices.org/
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Pre-trained PM # African
Model (PM) Size Lang. Focus languages covered

MT5/ByT5 580M 13 hau, ibo, swa, yor, zul
Afri[*T5] 580M 17 hau, ibo, pcm, swa, yor, zul
mBART50 610M 2 swa
AfriMBART 610M 17 hau, ibo, pcm, swa, yor, zul
M2M-100 418M 17 hau, ibo, lug, swa, tsn, wol,

yor, zul

Table 2: Language coverage and size for pre-trained
models. Afri[*T5] refers to AfriMT5/ByT5.

on pre-trained models that are approximately 500M
parameters, both for computational feasibility and
comparability across various different models.

Transformer Baseline. We train Trans-
former (Vaswani et al., 2017) sequence-to-
sequence models from scratch for each language
pair using JoeyNMT (Kreutzer et al., 2019). We
tokenize the bitext using a joint SentencePiece7

unigram model (Kudo, 2018), with a character
coverage of 1.0 and a maximum sentence length
of 4096 tokens and create a vocabulary of 10K
subwords. Models are trained on the concatenation
of REL and NEWS corpora for each language.

Pre-trained Models. We consider three language
models, MT5 (Xue et al., 2021b), ByT5 (a token-
free T5) (Xue et al., 2021a), mBART50 (Tang
et al., 2020), and the multilingual translation model
M2M-100 (Fan et al., 2021b) for our experiments.
We use MT5-base and ByT5-base, and M2M-100
with 418M parameters. Table 2 gives the pre-
trained model size, number of African languages
covered, and the focus languages supported.

5.2 Transfer Learning Across Languages

We describe two methods for adding new lan-
guages to existing models: continual pre-training
and many-to-many multilingual translation.

Continual Pre-training. The effectiveness of
PLMs is limited on extremely low-resource lan-
guages because they rarely, if ever, occur in the pre-
training corpus (Wang et al., 2020; Liu et al., 2021).
As shown in Table 2, even for MT5 and M2M-100,
which cover 100 languages, less than half of the
African languages under study are included. To
adapt the existing PLMs to our languages corpora
and domains, we apply continual pre-training (Gu-
rurangan et al., 2020; Liu et al., 2021) using our
collected monolingual corpus. Specifically, before
fine-tuning on the parallel MT data, models are pre-
trained with their original training objective and vo-

7https://github.com/google/sentencepiece

cabulary8 on the monolingual corpus. Pre-training
parameters can be found in the appendix. We re-
fer to the models adapted to African languages as
AfriMT5, AfriByT5, and AfriMBART.

Many-to-Many Translation. We fine-tuned
M2M-100 for African multilingual translation to
create English- and French-centric models. For the
English-centric model, the M2M-100 model was
fine-tuned on the news data for en–{hau, ibo,
lug, luo, pcm, swa, tsn, twi, yor, zul}
while the French-centric model is trained on fr–
{bam, bbj, ewe, fon, mos, wol}. Languages
not included in the pre-trained M2M-100 model
were assigned the language code of a language in-
cluded in M2M-100 but excluded from our study.

5.3 Transfer Learning Across Domains
As there is very limited MT data on the news do-
main, we compare different methods that combine
the large data from the religious domain (REL) and
the small data from the NEWS domain (NEWS) to
fine-tune M2M-100:

1. REL+NEWS: Fine-tuning on the aggregation
of REL and NEWS.

2. REL→NEWS: Training on REL, followed by
fine-tuning on NEWS.

3. REL+NEWS→NEWS: REL+NEWS, followed
by additional fine-tuning on NEWS.

Each fine-tuning stage lasts for three epochs. We
evaluate translation quality with BLEU (Papineni
et al., 2002) using SacreBLEU (Post, 2018)9 and
ChrF (Popović, 2015).

6 Results and Discussion

We successfully adapt several multilingual pre-
trained models to previously unseen African lan-
guages and quantify the effectiveness of small in-
domain translation datasets. We discuss the effects
of domain shift and analyze mitigation strategies.

6.1 Adaptation to the Focus Languages
We demonstrate that fine-tuning with a few thou-
sand high-quality bitext is effective for adding new
languages to pre-trained models. Further, contin-
uing to pre-train to specialize models to African
languages further improves performance.

8Changing the vocabulary (Gururangan et al., 2020) to fit
the languages, or adding MT-focused training objectives for
word alignment (Liu et al., 2021) can potentially improve the
performance further, which we leave for future work.

9“intl” tokenizer, all data comes untokenized.
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fr-xx en-xx
Model bam bbj ewe fon mos wol hau ibo lug luo pcm swa tsn twi yor zul AVG MED

BLEU

M2M-100 0-shot − − − − − 1.3 0.4 2.8 − − − 20.1 1.1 − 2.1 5.6 −
MT5 1.5 0.4 2.2 1.6 0.1 0.9 2.8 18.0 3.0 3.1 34.1 25.1 3.4 1.7 4.8 11.7 7.2 2.9
AfriMT5 2.1 0.8 3.7 2.5 0.1 1.8 5.1 19.6 5.2 4.6 35.0 26.7 7.0 2.7 6.2 13.2 8.5 4.8

ByT5 9.5 1.8 5.5 3.8 0.1 6.0 8.3 21.8 12.1 8.4 30.1 24.4 14.7 6.0 7.5 14.0 10.9 8.4
AfriByT5 11.4 2.2 5.2 3.7 0.2 6.4 9.3 22.7 13.1 8.9 30.0 24.7 17.0 6.1 7.6 15.3 11.5 9.1

mBART50 18.6 2.4 5.3 6.2 0.8 9.7 8.9 21.1 12.0 10.0 34.1 25.8 16.8 7.5 10.0 21.2 13.2 10.0
AfriMBART 15.3 2.4 5.7 4.4 0.6 8.6 10.4 22.4 10.0 9.8 30.0 22.7 12.8 6.3 9.6 20.1 11.9 9.9

M2M-100 22.7 2.9 6.4 7.1 1.0 12.4 16.0 24.7 14.3 11.5 33.9 26.7 24.7 8.8 12.8 21.0 15.4 13.6
M2M-100-EN/FR 18.5 2.2 6.2 4.3 0.8 10.6 7.0 22.4 8.9 9.5 34.9 26.4 19.7 7.0 5.6 15.6 12.5 9.2

CHRF

M2M-100 0-shot − − − − − 4.3 12.4 19.0 − − − 47.7 8.7 − 10.4 20.1 −
MT5 10.0 7.4 9.7 11.5 7.9 9.1 23.6 41.1 24.9 21.6 64.1 53.7 22.8 17.8 20.8 36.0 23.9 21.2
AfriMT5 14.0 12.7 16.6 14.8 8.2 13.8 29.7 43.1 30.4 25.7 64.7 55.1 31.5 21.5 24.3 40.3 27.9 25.0

ByT5 27.8 17.7 23.8 16.1 8.8 22.9 31.3 46.5 40.0 32.2 58.1 52.5 38.6 27.9 25.5 40.3 31.9 29.6
AfriByT5 31.4 19.9 24.1 16.5 9.8 23.8 32.8 47.4 42.2 33.6 58.0 52.8 42.1 29.0 26.0 42.9 33.3 32.1

mBART50 42.3 22.0 27.7 25.7 16.0 31.9 32.6 45.9 41.1 36.7 64.2 54.4 43.0 35.6 31.1 50.2 37.5 36.2
AfriMBART 40.4 20.1 26.9 24.1 15.1 30.9 40.3 47.4 38.6 36.7 54.9 52.7 40.3 34.2 31.1 49.3 36.4 37.7

M2M-100 48.2 23.1 30.9 27.6 16.7 35.7 43.3 50.0 45.5 39.0 64.0 56.4 52.0 38.2 35.9 51.2 41.1 41.2
M2M-100-EN/FR 43.4 20.6 29.4 23.2 16.3 32.8 33.3 46.9 38.8 36.5 64.5 55.4 47.1 33.6 25.3 42.9 36.9 35.0

Table 3: Results adding African Languages to Pre-Trained Models, en/fr-xx. We calculate BLEU and CHRF on
the news domain when training on only NEWS data from MAFAND-MT.

Zero-Shot Translation. Table 3 and Table 4
gives the result of zero-shot evaluation on NEWS.
We evaluate only on the M2M-100 dataset because
it has been pre-trained on parallel texts with a few
of our focus languages. We observe very poor per-
formance (< 5 BLEU) on the languages except
for zul (> 13 BLEU) and swa (> 20 BLEU)
in both translation directions. For swa, its likely
that the performance is reasonable because M2M-
100 has seen more bitext during pre-training (2.4M
sentences in CCAligned (El-Kishky et al., 2020)).
Other African languages except for Afrikaans have
less than 600K sentences in CCAligned, and are
also of a lower quality (Kreutzer et al., 2021) which
affect overall zero-shot performance.

Performance after Fine-tuning. We found im-
pressive performance after fine-tuning PLMs and
M2M-100 on few thousand sentences (mostly 2K–
7K sentences, except for swa with 30K sentences),
including languages not seen during pre-training.
For en/fr-xx, MT5 has a poor transfer performance
with average BLEU of 7.2, despite being pre-
trained on 101 languages. ByT5 outperforms MT5
by over 3 BLEU on average, even though their per-
formances were reported to be similar in previous
work (Xue et al., 2021a). This indicates that ByT5
might be preferable over MT5 when translating
low-resource languages. Surprisingly, mBART50
that was only pre-trained on 50 languages and 2
African languages outperformed MT5 and ByT5
which are pre-trained on 101 languages. Overall,
we found M2M-100 to be the best model, most

likely because it was pre-trained on a translation
task. In general, BLEU scores are relatively low
(< 15 BLEU for 9 out of 16 languages for en/fr-xx
and 7 in xx-en/fr) even when fine-tuning M2M-100
on in-domain data, which suggests that developing
more effective methods for fine-tuning might be a
promising future direction. The languages with the
best quality according to BLEU on the target side
are pcm, swa and tsn, and pcm, zul, and swa
on the source side.

BLEU scores are higher when translating from
an African language, which is expected due to the
more frequent exposure to English and French on
the target side during pre-training, and BLEU being
penalized more for morphologically rich languages
like bbj, lug, swa, tsn, and zul). The ChrF
metric works better for them. For example, fine-
tuning M2M-100 on NEWS and evaluating on zul
has a BLEU of 21.0 in en/fr-xx, and BLEU of 37.8
in the xx-en/fr showing a large gap in performance
in both directions. However, with the ChrF, we find
a smaller performance gap (51.2 in en/fr-xx and
55.5 in the xx-en/fr.

Continual Pre-training. We observe an improve-
ment in BLEU when we utilize AfriMT5 and
AfriByT5, for languages included in our continual
pre-training corpus (Appendix C). Other languages
also benefit despite not being seen during continual
pre-training, possibly due to language similarity.
For example, AfriByT5 on fr-bam improved by 1.9
BLEU over ByT5 and AfriMT5 on en-tsn improved
by 3.6 BLEU over MT5. On average, AfriMT5 im-
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xx-fr xx-en
Model bam bbj ewe fon mos wol hau ibo lug luo pcm swa tsn twi yor zul AVG MED

BLEU

M2M-100 0-shot − − − − − 0.8 2.2 6.4 − − − 25.2 3.3 − 3.0 13.8 −
MT5 2.5 0.9 1.1 2.4 0.7 1.3 5.8 18.9 12.6 6.4 42.2 29.5 9.5 4.6 12.3 22.4 10.8 6.1
AfriMT5 6.4 2.0 2.1 4.2 1.2 2.9 10.4 19.5 15.5 9.7 44.6 30.6 16.1 8.4 13.8 24.0 13.2 10.0

ByT5 10.0 2.7 4.1 4.9 1.5 7.2 12.9 21.0 19.8 12.1 39.4 27.1 18.6 9.8 11.5 22.8 14.1 11.8
AfriByT5 13.8 4.4 4.5 5.8 2.2 9.0 13.5 20.7 21.1 12.5 39.5 27.0 19.7 10.5 11.9 24.0 15.0 13.0

mBART50 6.8 0.3 1.7 0.8 0.6 6.3 11.5 13.2 14.5 9.1 44.2 29.0 2.0 0.5 8.1 31.1 11.2 7.4
AfriMBART 8.1 2.3 3.0 4.5 1.7 3.2 10.2 15.5 13.1 8.0 43.7 29.2 7.2 6.5 9.5 33.0 12.4 8.0

M2M-100 22.1 5.4 6.9 8.4 2.8 10.3 17.0 19.0 20.0 13.0 43.8 29.8 20.0 10.9 16.0 37.8 17.7 16.5
M2M-100-EN/FR 22.1 5.1 7.4 9.1 2.1 10.5 11.4 20.3 19.8 14.0 45.2 30.0 21.4 11.7 13.4 9.5 15.8 12.6

CHRF

M2M-100 0-shot − − − − − 12.3 23.7 29.7 − − − 51.6 21.1 − 18.3 35.7 −
MT5 19.4 15.1 17.0 17.9 10.9 16.2 26.3 43.5 36.3 26.1 66.9 53.7 32.2 25.2 31.1 43.9 30.1 26.2
AfriMT5 27.7 19.6 21.1 21.4 13.2 21.6 32.5 44.9 40.2 32.2 68.4 54.5 39.6 31.2 33.9 45.9 34.2 32.4

ByT5 31.2 21.8 24.8 20.5 15.4 26.2 33.2 46.4 45.4 34.1 62.0 50.6 42.4 32.9 31.4 42.5 35.0 33.0
AfriByT5 34.8 25.5 24.9 22.0 16.2 29.3 33.9 46.4 47.1 35.0 62.1 50.5 43.4 33.4 32.0 43.7 36.3 34.3

mBART50 26.0 17.1 20.9 20.2 17.1 26.6 32.0 37.9 39.0 31.0 68.2 53.5 20.1 19.4 26.7 49.0 31.5 26.6
AfriMBART 31.4 22.9 27.2 26.3 17.0 25.0 34.3 42.0 40.4 29.8 67.8 53.5 31.4 30.6 30.0 51.7 35.1 31.0

M2M-100 45.9 26.5 30.9 27.5 17.7 33.8 38.7 46.1 46.4 36.7 68.6 54.8 45.2 35.1 38.1 55.5 40.5 38.4
M2M-100-EN/FR 45.6 26.9 32.2 28.7 17.0 34.3 35.1 46.6 46.0 37.6 69.0 55.0 46.3 36.0 35.2 31.5 38.9 35.6

Table 4: Results adding African Languages to Pre-Trained Models, xx-en/fr. We calculate BLEU and CHRF on
the news domain when training on only NEWS data from MAFAND-MT.

proved over MT5 by 1.3 BLEU in en/fr-xx and
2.4 BLEU in the xx-en/fr. The improvement for
AfriByT5 was much smaller: 0.6 and 0.9 BLEU
in en/fr-xx and xx-en/fr translation directions. For
AfriMBART, we did not see any improvement on
average, only the performance of hau (1.5 BLEU)
and ibo (0.7 BLEU) improved in en/fr-xx direc-
tion. However, in the xx-en/fr direction, fon, tsn,
twi, and zul improved by 2.7–6.0 BLEU.

Many-to-Many Multilingual MT. Training on
the combined news corpus from all languages that
use French or English separately does not appear to
help much. We see slight improvements for most
languages only in the xx-en/fr direction.

6.2 Adaptation to the News Domain

To improve over the baseline performance on
NEWS, we train bilingual Transformer models (as a
baseline) and M2M-100 on a combination of REL
and NEWS. We chose M2M-100 because it was the
best performing model. Table 5 gives the BLEU
on three settings: REL+NEWS, REL→NEWS, and
REL+NEWS→NEWS. In general, the improvement
depends on the size of REL corpus. For languages
trained on the Bible such as bbj, bam, lug, luo,
and wol, the improvement is minimal. For M2M-
100, the REL+NEWS performance does not im-
prove over NEWS despite the larger quantity of
training data. This demonstrates that increasing the
size in the target domain is the most helpful strategy
(see Figure 2). Similarly, combining REL+NEWS
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Figure 1: Domain shift of M2M-100 Transformer mod-
els trained on en/fr-xx (top) or xx-en/fr (bottom) REL
domain and tested on the NEWS vs. REL domains.

is not very helpful for xx-en/fr.An alternative ap-
proach is REL→NEWS, which allows the model
to develop a good understanding of the desired
language before adapting to the news domain. We
observe an increase on 1.1 BLEU over REL+NEWS
in the en/fr-xx direction. However, the best strat-
egy is REL+NEWS→NEWS, especially for xx-en/fr
where it yields an improvement over NEWS and
REL+NEWS by 2.0 and 1.5 BLEU, respectively.

6.3 Analysis of Domain Shift

Is a small in-domain set essential for fine-
tuning? If we train models only on previously
available religious data, they are not capable of
translating news well due to the strong domain
bias. This is illustrated in Figure 1: All models
perform much worse on NEWS than on the REL do-
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fr-xx en-xx
Model bam bbj ewe fon mos wol hau ibo lug luo pcm swa tsn twi yor zul AVG MED

BLEU

Transformer
REL+NEWS 7.3 0.1 6.2 2.9 2.1 3.1 10.7 22.4 4.6 3.7 11.7 26.2 28.1 8.7 9.7 16.5 10.2 8.0
REL→NEWS 5.1 0.2 5.4 2.8 1.7 2.3 11.7 22.7 3.9 3.3 11.9 26.3 29.7 8.7 8.4 20.3 10.3 6.9
REL+NEWS→NEWS 8.5 0.3 6.5 3.2 2.2 3.7 12.0 23.6 5.1 4.3 13.8 26.6 29.3 9.0 9.7 20.1 11.1 8.8

M2M-100
REL+NEWS 23.0 2.8 7.7 6.5 0.9 11.2 12.9 24.7 13.9 11.6 35.1 23.3 29.0 9.7 12.4 18.3 15.2 12.6
REL→NEWS 20.3 3.1 7.7 7.5 1.1 12.0 15.0 26.0 15.4 11.9 35.0 27.7 31.9 10.0 13.4 22.9 16.3 14.2
REL+NEWS→NEWS 24.7 3.1 8.9 7.4 1.1 12.7 15.9 25.8 15.7 12.0 34.2 27.3 31.9 10.2 13.9 22.6 16.7 14.8

CHRF

Transformer
REL+NEWS 25.6 9.6 30.6 14.5 17.7 18.9 36.7 46.7 30.5 26.4 37.8 55.3 55.0 36.7 30.6 50.0 32.7 30.6
REL→NEWS 18.2 11.2 27.1 15.4 18.3 15.9 37.4 47.2 28.7 24.4 38.3 55.5 56.3 36.6 28.9 53.0 32.0 28.8
REL+NEWS→NEWS 27.4 12.8 31.5 16.5 19.9 20.2 38.3 48.3 30.6 27.7 42.6 55.6 56.3 37.7 30.6 53.4 34.3 31.0

M2M-100
REL+NEWS 46.8 22.1 36.7 26.2 16.0 33.5 38.4 50.1 44.5 38.1 64.7 53.0 57.2 39.7 35.2 53.1 41.0 39.0
REL→NEWS 44.1 22.6 34.1 27.7 16.8 34.7 41.3 51.3 45.6 38.6 64.7 57.2 59.3 40.6 37.1 56.3 42.0 41.0
REL+NEWS→NEWS 49.9 23.5 37.5 28.5 16.8 35.8 42.1 51.3 46.9 39.4 64.2 57.0 59.5 40.8 37.4 56.3 42.9 41.4

Table 5: Results adapting to Domain Shift, en/fr-xx. We calculate BLEU and ChrF on the news domain when
training on different combinations of REL and NEWS.

xx-fr xx-en
Model bam bbj ewe fon mos wol hau ibo lug luo pcm swa tsn twi yor zul AVG MED

BLEU

Transformer
REL+NEWS 4.9 0.6 6.3 2.2 3.7 2.2 11.2 17.4 5.6 3.1 19.5 28.0 23.9 9.8 12.0 27.3 11.1 8.0
REL→NEWS 4.7 0.8 6.5 2.4 3.1 2.5 11.0 17.4 6.3 1.8 19.0 27.9 24.6 10.1 11.0 28.5 11.1 8.3
REL+NEWS→NEWS 5.8 1.0 7.1 2.4 4.1 2.6 13.2 18.2 6.8 3.7 21.4 28.7 24.5 10.4 12.6 30.1 12.0 8.8

M2M-100
REL+NEWS 24.0 5.8 10.9 9.7 2.3 10.1 15.3 21.1 21.1 13.3 44.6 29.4 27.0 12.5 17.4 30.6 18.4 16.4
REL→NEWS 20.3 5.9 11.4 9.6 2.3 10.5 17.4 21.9 20.6 13.7 44.3 30.6 27.7 13.2 18.0 36.0 19.0 17.7
REL+NEWS→NEWS 25.8 6.3 11.6 9.9 2.6 11.5 18.2 21.5 22.4 14.3 44.0 30.5 27.8 13.2 18.0 38.1 19.7 18.1

CHRF

Transformer
REL+NEWS 24.7 12.6 29.4 16.1 17.6 19.9 31.7 43.1 26.9 23.0 47.8 53.5 49.8 34.4 33.4 49.6 32.1 30.6
REL→NEWS 23.0 12.7 29.8 16.6 17.2 18.3 30.6 42.8 28.7 20.0 47.3 53.3 50.8 34.4 32.2 50.4 31.8 30.2
REL+NEWS→NEWS 26.5 14.7 30.7 17.6 18.8 21.8 33.8 44.0 29.5 24.7 50.8 54.1 50.6 35.1 34.4 51.4 33.7 32.2

M2M-100
REL+NEWS 47.1 27.5 36.4 27.9 16.6 34.0 36.8 47.5 47.2 37.3 68.9 54.7 53.0 38.4 40.2 53.3 41.7 39.3
REL→NEWS 44.5 27.7 37.0 28.2 16.8 34.4 39.6 48.0 47.0 38.0 68.7 55.8 53.6 38.7 40.7 56.4 42.2 40.2
REL+NEWS→NEWS 49.0 28.5 37.2 28.9 17.2 35.3 40.2 47.9 48.5 38.3 68.6 55.7 54.0 38.7 41.0 57.7 42.9 40.6

Table 6: Results adapting to Domain Shift, xx-en/fr. We calculate BLEU and ChrF on the news domain when
training on different combinations of REL and NEWS.

bam-fr
SRC Ani k’a fOu ye ko cEmancE fanga bE sigi ntuloma saba kan.
TGT Et leur dire que la transition se repose sur trois piliers.
REL Et qu’on leur dise que la puissance du milieu est sur trois

sauterelles;
R+N→N Et de leur dire que la force de la transition repose sur trois

piliers.

lug-en
SRC Murasaki Shikibu yawandiika ekitabo ekijjuvu akaasookera

ddala mu nsi yonna.
TGT Murasaki Shikibu wrote the world’s first full novel.
REL And Murshach Shikib writes a full scroll of the first in all

the earth.
R+N→N Murasaki Shikibu wrote a complete book first in the world.

Table 7: Example translations for M2M-100 fine-
tuned on REL or REL+NEWS→NEWS (R+N→N). Terms
in red are typical for biblical texts, while the terms in
blue are more neutral expressions.

main. When the quantity of religious training data
is small, the loss in translation performance on the
news test set is largest, c.f. bbj (8k of REL data)
with a drop of -95.5% BLEU or bam (-93.5%, 28k)
and luo (-93.5%, 31k). This indicates that when

the REL training data is sparse, it is insufficient to
teach the M2M-100 model a more general under-
standing required for translating NEWS. However,
when the religious training data is larger, this loss
is reduced, c.f. when translating to zul (667k, -
67%), swa (-69.3%, 872k), and tsn (-71%, 870k).
While this is the general trend, pcm, whose reli-
gious training data is small (23k), has the lowest
drop in performance (-59.3%), which may be due
to the strong similarity to its source language.

How many sentences in the target domain are
required? Figure 2 shows how for three selected
language pairs with a large (fr-bam), medium
(eng-ibo) and relatively small (eng-swa) do-
main gap, the quality of target domain translations
improves as we increase the size of the target do-
main corpus. For all three pairs, fine-tuning M2M-
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Figure 2: Number of fine-tuning sentences needed to exceed the performance of a bilingual Transformer model.

Tuned
Evaluation on
Domain NEWS hau ibo lug luo swa wol yor zul

en/fr-xx
FLORES ✗ 2.6 2.8 0.8 − 20.9 0.6 1.5 3.3
FLORES ✓ 4.0 19.9 7.6 13.7 27.1 8.2 13.4 19.2
REL ✗ 1.2 1.0 0.0 − 11.0 0.0 0.4 1.6
REL ✓ 3.7 10.3 3.3 5.4 14.6 6.7 10.6 13.0

xx-en/fr
FLORES ✗ 8.0 7.2 3.7 − 26.9 3.0 3.8 11.9
FLORES ✓ 16.3 12.0 7.7 11.8 25.8 7.5 9.3 19.2
REL ✗ 6.4 3.7 0.5 − 15.4 0.4 0.9 8.5
REL ✓ 3.8 6.0 1.7 2.5 13.9 1.7 5.7 12.5

Table 8: spBLEU on Wikipedia domain (FLORES)
and REL for M2M-100 before (✗) and after (✓) fine-
tuning on NEWS.

100 or ByT5 on 2.5k sentence pairs of in-domain
data (NEWS) is sufficient to outperform the bilin-
gual Transformer baselines that were additionally
trained on larger amounts of out-of-domain data
(REL). Surprisingly, this procedure not only works
for languages included during pre-training (swa),
but also for previously unseen languages (ibo,
bam). M2M-100 tends to adapt to the new data
more quickly than ByT5, but in all cases, models
continue to learn with additional in-domain data.
This shows how much more effectively a small
number of in-domain translations can be used when
they serve for fine-tuning multilingual pre-trained
models rather than training bilingual MT models
from scratch.

Examples of Domain Bias. To illustrate the chal-
lenge of overcoming domain bias, we show exam-
ples translating from bam and lug in Table 7. The
M2M-100 model fine-tuned only on REL succeeds
in roughly capturing the meaning of the sources,
but using biblical terms, such as “scroll” instead
of “novel”. Adding our news corpus to fine-tuning
resolves these issues (e.g. “book”).

How general is our news corpus? Table 8 shows
the zero-shot evaluation of M2M-100 fine-tuned
on our small NEWS corpora on other domains: reli-

gious (REL) and Wikipedia (FLORES). We evalu-
ated the Wikipedia domain on the FLORES devtest
and the REL domain on either JW300 or Bible
(lug, luo, wol). As a baseline, we evaluated
the zero-shot performance of M2M-100 (not fine-
tuned, ✗) on FLORES10 using spBLEU (i.e. sen-
tencepiece BLEU (Goyal et al., 2021)). We noticed
very poor performance except for Swahili — as
discussed in §6.1. After fine-tuning on our new
data (✓), transfer is largely improved across the
bench (up to +17 BLEU for en-ibo). The same
trend holds for the religious domain. This shows
that even though our data comes from the news
domain, it helped the model generalize to other
domains. Hence, expanding African news corpora
and developing better MT models for news pays
off even for other domains of interest.

7 Conclusion

We have created MAFAND-MT, a corpus of 16
African languages to study translation systems for
low-resource languages in the news domain. We in-
vestigate how to most effectively adapt large-scale
pre-trained models to incorporate new languages
and new domains. Our findings suggest that as
little as 2k sentences are sufficient for fine-tuning,
with an improved performance, paving the way for
others to create new translation systems without
relying on large collections of web-sourced text.
This has strong implications for languages that are
spoken by millions but lack presence on the web.

In the future, we hope to expand our cover-
age to additional under-resourced languages, and
to develop even more effective fine-tuning objec-
tives. Currently, we are extending our corpus to
Chichewa, Kinyarwanda, Shona, and isiXhosa, in-
cluding an expansion of the Hausa corpus, they will
be released under MAFAND-MT dataset name.

10except for Luo which is not supported
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coverage parallel corpus for low-resource languages.

In Proceedings of the 57th Annual Meeting of the As-
sociation for Computational Linguistics, pages 3204–
3210, Florence, Italy. Association for Computational
Linguistics.

Roee Aharoni, Melvin Johnson, and Orhan Firat. 2019.
Massively multilingual neural machine translation.
In Proceedings of the 2019 Conference of the North
American Chapter of the Association for Computa-
tional Linguistics: Human Language Technologies,
Volume 1 (Long and Short Papers), pages 3874–3884,
Minneapolis, Minnesota. Association for Computa-
tional Linguistics.

Felermino M. D. A. Ali, Andrew Caines, and Jaim-
ito L. A. Malavi. 2021. Towards a parallel corpus
of portuguese and the bantu language emakhuwa of
mozambique. ArXiv, abs/2104.05753.

Antonios Anastasopoulos, Alessandro Cattelan, Zi-
Yi Dou, Marcello Federico, Christian Federmann,
Dmitriy Genzel, Franscisco Guzmán, Junjie Hu, Mac-
duff Hughes, Philipp Koehn, Rosie Lazar, Will Lewis,
Graham Neubig, Mengmeng Niu, Alp Öktem, Eric
Paquin, Grace Tang, and Sylwia Tur. 2020. TICO-19:
the translation initiative for COvid-19. In Proceed-
ings of the 1st Workshop on NLP for COVID-19 (Part
2) at EMNLP 2020, Online. Association for Compu-
tational Linguistics.

Paul Azunre, Salomey Osei, Salomey Addo,
Lawrence Asamoah Adu-Gyamfi, Stephen
Moore, Bernard Adabankah, Bernard Opoku,
Clara Asare-Nyarko, Samuel Nyarko, Cynthia
Amoaba, Esther Dansoa Appiah, Felix Akwerh,
Richard Nii Lante Lawson, Joel Budu, Emmanuel
Debrah, Nana Boateng, Wisdom Ofori, Edwin
Buabeng-Munkoh, Franklin Adjei, Isaac Kojo Es-
sel Ampomah, Joseph Otoo, Reindorf Borkor,
Standylove Birago Mensah, Lucien Mensah,
Mark Amoako Marcel, Anokye Acheampong
Amponsah, and James Ben Hayfron-Acquah. 2021a.
Nlp for ghanaian languages. AfricaNLP Workshop,
abs/2103.15475.

Paul Azunre, Salomey Osei, Salomey Addo,
Lawrence Asamoah Adu-Gyamfi, Stephen Moore,
Bernard Adabankah, Bernard Opoku, Clara
Asare-Nyarko, Samuel Nyarko, Cynthia Amoaba,
Esther Dansoa Appiah, Felix Akwerh, Richard
Nii Lante Lawson, Joel Budu, Emmanuel Debrah,
Nana Adowaa Boateng, Wisdom Ofori, Edwin
Buabeng-Munkoh, Franklin Adjei, Isaac Kojo Essel
Ampomah, Joseph Otoo., Reindorf Nartey Borkor,
Standylove Birago Mensah, Lucien Mensah,
Mark Amoako Marcel, Anokye Acheampong
Amponsah, and James B. Hayfron-Acquah. 2021b.
English-twi parallel corpus for machine translation.
ArXiv, abs/2103.15625.

Alexandra Birch, Barry Haddow, Antonio Valerio
Miceli Barone, Jindrich Helcl, Jonas Waldendorf,
Felipe Sánchez Martínez, Mikel Forcada, Víc-
tor Sánchez Cartagena, Juan Antonio Pérez-Ortiz,
Miquel Esplà-Gomis, Wilker Aziz, Lina Murady,

3062

https://aclanthology.org/2021.mtsummit-research.6
https://aclanthology.org/2021.mtsummit-research.6
https://doi.org/10.1162/tacl_a_00416
https://doi.org/10.1162/tacl_a_00416
https://doi.org/10.18653/v1/P19-1310
https://doi.org/10.18653/v1/P19-1310
https://doi.org/10.18653/v1/N19-1388
https://doi.org/10.18653/v1/2020.nlpcovid19-2.5
https://doi.org/10.18653/v1/2020.nlpcovid19-2.5


Sevi Sariisik, Peggy van der Kreeft, and Kay Mac-
quarrie. 2021. Surprise language challenge: Devel-
oping a neural machine translation system between
Pashto and English in two months. In Proceed-
ings of Machine Translation Summit XVIII: Research
Track, pages 92–102, Virtual. Association for Ma-
chine Translation in the Americas.

Steven Bird. 2020. Decolonising speech and language
technology. In Proceedings of the 28th International
Conference on Computational Linguistics, pages
3504–3519, Barcelona, Spain (Online). International
Committee on Computational Linguistics.

Samuel Cahyawijaya, Genta Indra Winata, Bryan Wilie,
Karissa Vincentio, Xiaohong Li, Adhiguna Kun-
coro, Sebastian Ruder, Zhi Yuan Lim, Syafri Ba-
har, Masayu Khodra, Ayu Purwarianti, and Pascale
Fung. 2021. IndoNLG: Benchmark and resources for
evaluating Indonesian natural language generation.
In Proceedings of the 2021 Conference on Empiri-
cal Methods in Natural Language Processing, pages
8875–8898, Online and Punta Cana, Dominican Re-
public. Association for Computational Linguistics.

Chris Callison-Burch, Philipp Koehn, Christof Monz,
Josh Schroeder, and Cameron Shaw Fordyce, editors.
2008. Proceedings of the Third Workshop on Statisti-
cal Machine Translation. Association for Computa-
tional Linguistics, Columbus, Ohio.

Ahmed El-Kishky, Vishrav Chaudhary, Francisco
Guzmán, and Philipp Koehn. 2020. CCAligned: A
massive collection of cross-lingual web-document
pairs. In Proceedings of the 2020 Conference on
Empirical Methods in Natural Language Processing
(EMNLP 2020), pages 5960–5969, Online. Associa-
tion for Computational Linguistics.

Chris Chinenye Emezue and Bonaventure F. P. Dossou.
2021. MMTAfrica: Multilingual machine translation
for African languages. In Proceedings of the Sixth
Conference on Machine Translation, pages 398–411,
Online. Association for Computational Linguistics.

Chris Chinenye Emezue and Femi Pancrace Bonaven-
ture Dossou. 2020. FFR v1.1: Fon-French neural ma-
chine translation. In Proceedings of the The Fourth
Widening Natural Language Processing Workshop,
pages 83–87, Seattle, USA. Association for Compu-
tational Linguistics.

Ignatius Ezeani, Paul Rayson, I. Onyenwe,
C. Uchechukwu, and M. Hepple. 2020. Igbo-
english machine translation: An evaluation
benchmark. ArXiv, abs/2004.00648.

Angela Fan, Shruti Bhosale, Holger Schwenk, Zhiyi
Ma, Ahmed El-Kishky, Siddharth Goyal, Mandeep
Baines, Onur Celebi, Guillaume Wenzek, Vishrav
Chaudhary, Naman Goyal, Tom Birch, Vitaliy
Liptchinsky, Sergey Edunov, Michael Auli, and Ar-
mand Joulin. 2021a. Beyond english-centric mul-
tilingual machine translation. Journal of Machine
Learning Research, 22(107):1–48.

Angela Fan, Shruti Bhosale, Holger Schwenk, Zhiyi
Ma, Ahmed El-Kishky, Siddharth Goyal, Mandeep
Baines, Onur Celebi, Guillaume Wenzek, Vishrav
Chaudhary, et al. 2021b. Beyond english-centric mul-
tilingual machine translation. Journal of Machine
Learning Research, 22(107):1–48.

Orhan Firat, Kyunghyun Cho, and Yoshua Bengio. 2016.
Multi-way, multilingual neural machine translation
with a shared attention mechanism. In Proceedings
of the 2016 Conference of the North American Chap-
ter of the Association for Computational Linguistics:
Human Language Technologies, pages 866–875, San
Diego, California. Association for Computational
Linguistics.

∀, Wilhelmina Nekoto, Vukosi Marivate, Tshi-
nondiwa Matsila, Timi Fasubaa, Taiwo Fagbo-
hungbe, Solomon Oluwole Akinola, Shamsuddeen
Muhammad, Salomon Kabongo Kabenamualu, Sa-
lomey Osei, Freshia Sackey, Rubungo Andre Niy-
ongabo, Ricky Macharm, Perez Ogayo, Orevaoghene
Ahia, Musie Meressa Berhe, Mofetoluwa Adeyemi,
Masabata Mokgesi-Selinga, Lawrence Okegbemi,
Laura Martinus, Kolawole Tajudeen, Kevin Degila,
Kelechi Ogueji, Kathleen Siminyu, Julia Kreutzer,
Jason Webster, Jamiil Toure Ali, Jade Abbott,
Iroro Orife, Ignatius Ezeani, Idris Abdulkadir Dan-
gana, Herman Kamper, Hady Elsahar, Goodness
Duru, Ghollah Kioko, Murhabazi Espoir, Elan van
Biljon, Daniel Whitenack, Christopher Onyefuluchi,
Chris Chinenye Emezue, Bonaventure F. P. Dossou,
Blessing Sibanda, Blessing Bassey, Ayodele Olabiyi,
Arshath Ramkilowan, Alp Öktem, Adewale Akin-
faderin, and Abdallah Bashir. 2020. Participatory
research for low-resourced machine translation: A
case study in African languages. In Findings of the
Association for Computational Linguistics: EMNLP
2020, Online.

Andargachew Mekonnen Gezmu, A. Nürnberger, and
Tesfaye Bayu Bati. 2021. Extended parallel cor-
pus for amharic-english machine translation. ArXiv,
abs/2104.03543.

Thamme Gowda, Zhao Zhang, Chris Mattmann, and
Jonathan May. 2021. Many-to-English machine
translation tools, data, and pretrained models. In
Proceedings of the 59th Annual Meeting of the Asso-
ciation for Computational Linguistics and the 11th
International Joint Conference on Natural Language
Processing: System Demonstrations, pages 306–316,
Online. Association for Computational Linguistics.

Naman Goyal, Cynthia Gao, Vishrav Chaudhary, Peng-
Jen Chen, Guillaume Wenzek, Da Ju, Sanjan Kr-
ishnan, Marc’Aurelio Ranzato, Francisco Guzmán,
and Angela Fan. 2021. The flores-101 evaluation
benchmark for low-resource and multilingual ma-
chine translation. ArXiv, abs/2106.03193.

Suchin Gururangan, Ana Marasović, Swabha
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A Language Characteristics

Table 9 provides the details about the language
characteristics.

B Available Parallel Corpora
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Igbo, Swahili, Yorùbá, and isiZulu. Table 1 pro-
vides news source, the TRAIN, DEV and TEST
splits.

Hausa The Hausa Khamenei11 corpus contains
5,898 sentences, we split them into TRAIN (3,098),
DEV (1,300), and TEST split (1,500).

Igbo The Igbo corpus (Ezeani et al., 2020) has
9,998 sentences, we extract 6,998 sentences for
TRAIN, and the remaining for DEV and TEST
splits.

Swahili The Global Voices12 corpus contains
30,782 sentences, which we use for the TRAIN
split. We additionally crawled newer (2019–2021)
publications of Swahili articles from the Global
Voices website, this gives a total of 3,626 sentences,
they were aligned and manually verified by Swahili
speakers. They are split into the DEV and TEST
splits.

Yorùbá The MENYO-20k (Adelani et al., 2021a)
corpus contains sentences from different domains
(TED talks, books, software localization, proverbs,
and news), from which we select the news domain
sentences for the TRAIN, DEV and TEST splits.

isiZulu The Umsuka corpus (Mabuya et al.,
2021) contains 9,703 training sentences and 1,984
evaluation sentences. 4,739 training sentences were
translated from English-isiZulu, and the remaining
from isiZulu-English. We only keep the training
sentences translated into isiZulu, and split them
into 3,500 for TRAIN and 1,239 sentences for DEV.
From the existing evaluation set we select only the
998 English-isiZulu translations for TEST. Um-
suka provides two translations for each English
sentence, but we use only the first.

C Monolingual Corpus PLMs adaptation

Table 10 provides the details about the Mono-
lingual corpus used to adapt the pre-trained lan-
guage models (PLMs), their size and source
of corpora. The African languages pre-trained
are: Afrikaans, Amharic, Hausa, Igbo, Malagasy,
Chichewa, Oromo, Naija, Kinyarwanda, Kirundi,

11https://www.statmt.org/wmt21/
translation-task.html

12https://sw.globalvoices.org/
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No. of Latin Letters Letters sentence
Language Letters Omitted added Tonality diacritics morphology structure

Bambara (bam) 27 q,v,x E, O, ñ, N yes, 2 tones yes isolating SVO & SOV
Ghomálá’ (bbj) 40 q, w, x, y bv, dz, @, a@, E, gh, ny, nt, N, Nk, O, pf,

mpf, sh, ts, 0, zh, ’
yes, 5 tones yes agglutinative SVO

Éwé (ewe) 35 c, j, q ã, dz, E, ƒ, gb, G, kp, ny, N, O, ts, V yes, 3 tones yes isolating SVO
Fon (fon) 33 q ã, E,gb, hw, kp, ny, O, xw yes, 3 tones yes isolating SVO
Hausa (hau) 44 p,q,v,x á, â, Î, ¯, kw, Îw, gw, ky, Îy, gy, sh, ts yes, 2 tones no agglutinative SVO
Igbo (ibo) 34 c, q, x ch, gb, gh, gw, kp, kw, nw, ny, o. , ȯ, sh, u. yes, 2 tones yes agglutinative SVO
Luganda (lug) 25 h, q, x N, ny yes, 3 tones no agglutinative SVO
Luo (luo) 31 c, q, x, v, z ch, dh, mb, nd, ng’, ng, ny, nj, th, sh yes, 4 tones no agglutinative SVO
Mossi (mos) 26 c, j, q, x ’, E, Ì, V yes, 2 tones yes isolating SVO
Naija (pcm) 26 – – no no mostly analytic SVO
Swahili (swa) 33 x, q ch, dh, gh, kh, ng’, ny, sh, th, ts no yes agglutinative SVO
Setswana (tsn) 36 c, q, v, x, z ê, kg, kh, ng, ny, ô, ph, š, th, tl, tlh, ts,

tsh, tš, tšh
yes, 2 tones no agglutinative SVO

Akan/Twi (twi) 22 c,j,q,v,x,z E, O yes, 5 tones no isolating SVO
Wolof (wol) 29 h,v,z N, à, é, ë, ó, ñ no yes agglutinative SVO
Yorùbá (yor) 25 c, q, v, x, z e. , gb, s. , o. yes, 3 tones yes isolating SVO
isiZulu (zul) 55 – nx, ts, nq, ph, hh, ny, gq, hl, bh, nj, ch,

ngc, ngq, th, ngx, kl, ntsh, sh, kh, tsh,
ng, nk, gx, xh, gc, mb, dl, nc, qh

yes, 3 tones no agglutinative SVO

Table 9: Linguistic Characteristics of the Languages

Language Source Size (MB) No. of sentences

Afrikaans (afr) mC4 (subset) (Xue et al., 2021b) 752.2MB 3,697,430
Amharic (amh) mC4 (subset), and VOA 1,300MB 2,913,801
Arabic (ara) mC4 (subset) 1,300MB 3,939,375
English (eng) mC4 (subset), and VOA 2,200MB 8,626,571
French (fra) mC4 (subset), and VOA 960MB 4,731,196
Hausa (hau) mC4 (all), and VOA 594.1MB 3,290,382
Igbo (ibo) mC4 (all), and AfriBERTa Corpus (Ogueji et al., 2021) 287.5MB 1,534,825
Malagasy (mg) mC4 (all) 639.6MB 3,304,459
Chichewa (nya) mC4 (all), Chichewa News Corpus (Siminyu et al., 2021) 373.8MB 2,203,040
Oromo (orm) AfriBERTa Corpus, and VOA 67.3MB 490,399
Naija (pcm) AfriBERTa Corpus, and VOA 54.8MB 166,842
Rwanda-Rundi (kir/kin) AfriBERTa Corpus, KINNEWS & KIRNEWS (Niyongabo et al., 2020), and VOA 84MB 303,838
Shona (sna) mC4 (all), and VOA 545.2MB 2,693,028
Somali (som) mC4 (all), and VOA 1,000MB 3,480,960
Sesotho (sot) mC4 (all) 234MB 1,107,565
Swahili (swa) mC4 (all) 823.5MB 4,220,346
isiXhosa (xho) mC4 (all), and Isolezwe Newspaper 178.4MB 832,954
Yorùbá (yor) mC4 (all), Alaroye News, Asejere News, Awikonko News, BBC, and VON (Adelani et al., 2021b) 179.3MB 897,299
isiZulu (zul) mC4 (all), and Isolezwe Newspaper 700.7MB 3,252,035

Table 10: Monolingual Corpora (after pre-processing – we followed AfriBERTa (Ogueji et al., 2021) approach) ,
their sources and size (MB), and number of sentences.

Shona, Somali, Sesotho, Swahili, isiXhosa, Yorùbá,
and isiZulu.

D Model Hyper-parameters and
Reproducibility of Results

For the pre-trained models, we fine-tune the models
using HuggingFace transformer tool (Wolf et al.,
2020) with the default learning rate (5e− 5), batch
size of 10, maximum source length & maximum
target length of 200, beam size of 10, and number
of epochs is 3 except for models trained on only
NEWS which we set to 10. We make All the exper-
iments were performed on a single GPU (Nvidia
V100).

For fine-tuning pre-trained models, especially
for mBART50 that only supports two African lan-
guages, the target language is required to be spec-
ified during decoding from among those that the

model has seen during pre-training, we follow past
works (Madaan et al., 2020; Cahyawijaya et al.,
2021; Lee et al., 2022) in selecting another closely-
related language that is represented in the pre-
trained model. For convenience, we make use
of Swahili (sw) as the target language when an
African language is not represented since Swahili is
represented in all the pre-trained models. The only
exception is Nigerian-Pidgin, where we make use
of French (fr) since it is closely related to English.
When a language is represented in the pre-trained
model like M2M-100 has seen Yorùbá (yo), we
make use of the correct language code.

To train AfriMT5 and ByT5, we start with MT5
and ByT5. We pre-train with the learning rate
1e − 4, 10, 000 warm up steps and a batch size
of 2048 for one epoch. For mBART50, we pre-
train with learning rate of 5e− 5 for 50, 000 steps
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Model Name HuggingFace Model name Remark

AfriMT5 masakhane/afri-mt5-base mT5-base adaptation to 17 African languages, English, French and Arabic.
AfriByT5 masakhane/afri-byt5-base ByT5-base adaptation to 17 African languages, English, French and Arabic.
AfriMBART masakhane/afri-mbart50 mBART50 adaptation to 17 African languages, English, French and Arabic.

NEWS (MT5) masakhane/mt5_{src}_{tgt}_news MT5 fine-tuned on {src}-{tgt} direction using parallel NEWS corpus.
NEWS (AfriMT5) masakhane/afrimt5_{src}_{tgt}_news AfriMT5 fine-tuned on {src}-{tgt} direction using parallel NEWS corpus.
NEWS (ByT5) masakhane/byt5_{src}_{tgt}_news ByT5 fine-tuned on {src}-{tgt} direction using parallel NEWS corpus.
NEWS (AfriByT5) masakhane/afribyt5_{src}_{tgt}_news AfriByT5 fine-tuned on {src}-{tgt} direction using parallel NEWS corpus.
NEWS (mBART50) masakhane/mbart50_{src}_{tgt}_news mBART50 fine-tuned on {src}-{tgt} direction using parallel NEWS corpus.
NEWS (AfriByT5) masakhane/afrimbart_{src}_{tgt}_news AfriMBART fine-tuned on {src}-{tgt} direction using parallel NEWS corpus.
NEWS (M2M-100) masakhane/m2m100_418M_{src}_{tgt}_news M2M-100 fine-tuned on {src}-{tgt} direction using parallel NEWS corpus.

NEWS (M2M-100-EN) masakhane/m2m100_418M-EN-NEWS M2M-100 fine-tuned on NEWS data that are English-centric i.e en–{hau, ibo,
lug, luo, pcm, swa, tsn, twi, yor, zul}

NEWS (M2M-100-FR) masakhane/m2m100_418M-FR-NEWS M2M-100 fine-tuned on NEWS data that are French-centric i.e fr–{bam, bbj,
ewe, fon, mos, wol}.

REL masakhane/m2m100_418M_{src}_{tgt}_rel M2M-100 fine-tuned on {src}-{tgt} direction using parallel REL corpus.
REL+NEWS masakhane/m2m100_418M_{src}_{tgt}_rel_news M2M-100 fine-tuned on {src}-{tgt} direction using parallel REL+NEWS corpus.
REL→NEWS masakhane/m2m100_418M_{src}_{tgt}_rel_ft M2M-100 fine-tuned on {src}-{tgt} direction using parallel REL corpus and

additional fine-tuning on NEWS
REL+NEWS→NEWS masakhane/m2m100_418M_{src}_{tgt}_rel_news_ft M2M-100 fine-tuned on {src}-{tgt} direction using parallel REL+NEWS and

additional fine-tuning on NEWS

Table 11: Model names on HuggingFace Model Hub. For bilingual models, supply the correct src or tgt language.
English/French make use of a 2-letter language code i.e en or fr, while all the African languages make us of 3-letter
language codes e.g yor.

using Fairseq (Ott et al., 2019) without modify-
ing the mBART50 vocabulary. Table 11 has the
names of all the models that are publicly avail-
able on HuggingFace Model Hub 13. In total, we
have 357 models from 22 x 16 bilingual mod-
els, two English/French-centric models, and three
adapted models to African languages (i.e AfriMT5,
AfriByT5, and AfriMBART).

E BLEU vs spBLEU

Table 12 and Table 13 compares BLEU and sp-
BLEU metric for the domain transfer experiments.
We observe that spBLEU gives higher scores than
BLEU especially in the direction of en/fr-xx, which
shows that it may be better for evaluating African
languages. Although, further analysis and human
evaluation are still needed to show that spBLEU is
generally better. On the other hand, in the xx-en/fr,
there is no much difference in the scores between
BLEU and spBLEU.

F Qualitative Analysis

The following examples from the Fon-to-French
translations of the test set illustrate the advantage
of multilingual modeling and its limitations:

• Source (fon): Louis Guy Alimanyiãokpo
kpódÍssa Etchlekoun kpó O, sín azǎn mOkpán
ãye O, ye ãò wǔvE sè wE tawun ãò agbaza mE,
có ye ká tuun fí é azOn nE lEE gosin é O ǎ.

• Reference (fr): Les faits Louis Guy Ali-
magnidokpo et Issa Etchlekoun se plaignent

13https://huggingface.co/masakhane

Tuned
Evaluation on
Domain NEWS hau ibo lug luo swa wol yor zul

en/fr-xx
FLORES ✗ 2.4 2.0 0.9 − 19.6 0.4 1.0 1.9
FLORES ✓ 2.9 12.3 4.9 8.8 22.5 4.2 5.1 8.4
REL ✗ 2.5 1.8 0.0 − 14.6 0.0 1.4 2.1
REL ✓ 6.7 9.4 1.1 2.4 17.4 2.7 8.2 8.3
NEWS ✗ 0.4 2.4 1.8 − 20.1 1.3 2.1 5.6
NEWS ✓ 14.4 20.3 13.0 10.8 27.0 11.1 12.8 16.5

xx-en/fr
FLORES ✗ 6.6 6.0 2.6 − 26.2 2.1 2.7 10.5
FLORES ✓ 5.4 11.8 6.9 10.3 25.4 6.6 7.9 18.1
REL ✗ 9.7 5.9 0.5 − 22.3 0.3 1.8 7.8
REL ✓ 7.7 10.7 1.8 2.6 20.5 1.7 8.8 12.9
NEWS ✗ 2.2 6.4 4.8 − 25.2 0.8 3.0 13.8
NEWS ✓ 17.2 18.5 19.4 12.8 29.9 9.5 16.0 36.6

Table 12: BLEU on Wikipedia domain (FLORES),
REL, and NEWS for M2M-100 before (✗) and after (✓)
fine-tuning on NEWS.

depuis quelques jours de multiples douleurs,
ignorant l’origine réelle de leurs maux.

• Bilingual Transformer (REL+NEWS,
fon→fr): on ne peut pas avoir une trentaine
d’années ni un jeune homme ni un jeune
homme d’âge pour un jeune homme qui soit
12 ans.

• M2M-100 (REL+NEWS→NEWS, fon→fr):
Louis Guy Alimanyion et Issa Etchlekoun ont
depuis plusieurs jours souffert d’une maladie
grave malgré les conséquences de cette mal-
adie qu’ils ne connaissent pas.

• M2M-100 (REL+NEWS→NEWS, fr→fon):
Sín azǎn yOywEywE ãé ãye ãokpóo wÉ nǔ
è kàn Louis Guy Alimagnidokpo kpódó Issa
EtchlEkÉn kpán ãè Ó ãò xó ãO wÉ ãÓ wǔvÉ gege
wÉ, ye ká tuun nǔ è wú wǔvÉ yetOn ãè Ó ǎ.

The translation of the bilingual Transformer model
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Tuned
Evaluation on
Domain NEWS hau ibo lug luo swa wol yor zul

en/fr-xx
FLORES ✗ 2.6 2.8 0.8 − 20.9 0.6 1.5 3.3
FLORES ✓ 4.0 19.9 7.6 13.7 27.1 8.2 13.4 19.2
REL ✗ 1.2 1.0 0.0 − 11.0 0.0 0.4 1.6
REL ✓ 3.7 10.3 3.3 5.4 14.6 6.7 10.6 13.0
NEWS ✗ 0.6 4.1 2.3 − 21.4 1.2 2.4 5.6
NEWS ✓ 20.2 31.6 22.6 16.4 31.4 19.9 25.5 27.6

xx-en/fr
FLORES ✗ 8.0 7.2 3.7 − 26.9 3.0 3.8 11.9
FLORES ✓ 16.3 12.0 7.7 11.8 25.8 7.5 9.3 19.2
REL ✗ 6.4 3.7 0.5 − 15.4 0.4 0.9 8.5
REL ✓ 3.8 6.0 1.7 2.5 13.9 1.7 5.7 12.5
NEWS ✗ 2.6 9.1 7.2 − 27.8 1.0 3.9 15.7
NEWS ✓ 17.6 22.8 24.4 15.8 32.0 12.3 17.5 39.0

Table 13: spBLEU on Wikipedia domain (FLORES),
REL, and NEWS for M2M-100 before (✗) and after (✓)
fine-tuning on NEWS.

is very poor and far from the Fon source, high-
lighting how poorly the model generalized from
the few thousand training sentences. The M2M-
100 model gives a more meaningful and adequate
translation. M2M-100 makes a surprising but beau-
tiful move, switching se plaignent depuis quelques
jours de multiples douleurs (sín azǎn mOkpán ãye
O, ye ãò wǔvE sè wE tawun ãò agbaza mE) to ont
depuis plusieurs jours souffert d’une maladie grave.
The BLEU score here might be low but the mean-
ing is conserved and even more detailed than the
French reference. In fact, in this source context,
wǔv¢ means souffrir, souffrance (suffer, suffering):
the French reference made use of se plaignent
(complaining) which makes less sense than souf-
fert used in the M2M-100 prediction. M2M-100
also learned the style of the sentence: có ye ká
tuun fí é azOn nE lEE gosin (but they do know the
origin of their sufferings) é O ǎ (NOT) - this last
part is crucial for the meaning of the entire sen-
tence. Given the structural and morphological dif-
ferences between Fon and French, we expected it
to be more complicated to predict. However, this
translation is structurally wrong even though any
French native speaker would understand the con-
veyed message quickly and easily. In the M2M-100
translation, the word malgré is at the wrong place,
corrupting syntax and logic of the second clause.
A perfect translation (in the idea to be expressed)
would be: "Louis Guy Alimanyion et Issa Etch-
lekoun ont depuis plusieurs jours souffert d’une
maladie grave malgré (dont) ils ne connaissent pas
les conséquences (causes/raisons) de cette maladie
qu’ils ne connaissent pas."

In the opposite translation direction, fr→fon,
M2M-100 (REL+NEWS→NEWS) still preserved
some sense of logical reasoning and predicted the
last part right ye ká tuun nǔ è wú wǔvÉ yetOn (they

do know why they are suffering) ãè Ó ǎ (NOT). How-
ever, the model had some limitations: the names
which are part of the translation are not spelled
correctly. Some expressions are incomplete: For
instance sín azǎn + number means since xxx days
but yEywE is not a number, and do not have any
meaning in this context.

G Limitations and Risks

Despite the promising results, our work has the
following limitations:

1. Translation quality: Even the best model
scores low BLEU on some of the reported lan-
guages (bbj, mos, zul), in particular when
translating into them.

2. Evaluation: Our evaluation is focused on
BLEU. We report ChrF results as well, but
without a deeper human evaluation, we can-
not make claims about the absolute quality
of the translations. Manual inspections of
translations like the example discussed in Sec-
tion F gave us the impression that translations
are surprisingly fluent and make good use of
language-specific expressions when translat-
ing into English or French, but that errors in
grammar and logic can be easily overlooked.
Automatic reference-based metrics like BLEU
and ChrF might not be able to capture the
semantic relatedness to the reference suffi-
ciently, as well potentially being tricked by
word matches in incoherent phrases.

3. Language bias: We have shown that even
when not included in pre-training, and with-
out large out-of-domain data, significant gains
in translation quality can be achieved. How-
ever, language-specific biases, in terms of re-
sourcedness, morphology, standardization, in-
clusion in pre-trained models and available
corpora, or relatedness to other languages, still
affect the relative quality of translations, and
require more efforts to be overcome.

4. Domain limitations: While we showed a
rapid adaptation to the news domain and the
auxiliary benefit of the religious domain, our
study also revealed how automatically esti-
mated translation quality drops when the test
domain is narrow. Therefore, future work
should aim to expand the study to multiple
test domains and develop systematic methods
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for distilling knowledge from multiple narrow
domains.

5. Language coverage: Africa has thousands
of other languages that are not covered in our
study but deserve the same attention. We hope
that our work is encouraging enough to inspire
native speakers of those languages not covered
here to collect translations, run our code, and
report their findings to the NLP research com-
munity, so that we can make joint progress
in developing language technology for more
people.

We believe that our translation models carry sim-
ilar risks of causing harm by inaccurate and bi-
ased translations as the underlying large pre-trained
models. M2M-100 is trained on large collections
of texts crawled from the web, and the quality
for most of the languages studied here is ques-
tionable (Kreutzer et al., 2021). Our fine-tuning
successes show that some obvious biases can be
overcome when the quality of the fine-tuning set
is controlled (see the examples in Section 6.3), but
we cannot guarantee that biases prevailing in the
pre-training corpus or more subtle biases will not
occur with other inputs. Together with a careful
human evaluation, this should be the main con-
cern for future work on the produced models. The
methodology of rapid fine-tuning might also be mis-
used to tune the models towards harmful content or
purposes that harm the speakers of the languages
presented here.
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Abstract

Recent literature focuses on utilizing the entity
information in the sentence-level relation ex-
traction (RE), but this risks leaking superficial
and spurious clues of relations. As a result, RE
still suffers from unintended entity bias, i.e.,
the spurious correlation between entity men-
tions (names) and relations. Entity bias can
mislead the RE models to extract the relations
that do not exist in the text. To combat this
issue, some previous work masks the entity
mentions to prevent the RE models from over-
fitting entity mentions. However, this strategy
degrades the RE performance because it loses
the semantic information of entities. In this
paper, we propose the CORE (Counterfactual
Analysis based Relation Extraction) debi-
asing method that guides the RE models to
focus on the main effects of textual context
without losing the entity information. We first
construct a causal graph for RE, which mod-
els the dependencies between variables in RE
models. Then, we propose to conduct coun-
terfactual analysis on our causal graph to dis-
till and mitigate the entity bias, that captures
the causal effects of specific entity mentions
in each instance. Note that our CORE method
is model-agnostic to debias existing RE sys-
tems during inference without changing their
training processes. Extensive experimental re-
sults demonstrate that our CORE yields signif-
icant gains on both effectiveness and general-
ization for RE. The source code is provided at:
https://github.com/vanoracai/CoRE.

1 Introduction

Sentence-level relation extraction (RE) is an impor-
tant step to obtain a structural perception of unstruc-
tured text (Distiawan et al., 2019) by extracting
relations between entity mentions (names) from
the textual context. From human oracle, textual
context should be the main source of information
that determines the ground-truth relations between
entities. Consider a sentence “

:::::
Mary gave birth to

Jerry.”1. Even if we change the entity mentions
from ‘Jerry’ and ‘Mary’ to other people’s names,
the relation ‘parents’ still holds between the sub-
ject and object as described by the textual context

“gave birth to”.
Recently, some work aims to utilize entity men-

tions for RE (Yamada et al., 2020; Zhou and Chen,
2021), which, however, leak superficial and spuri-
ous clues about the relations (Zhang et al., 2018).
In our work, we observe that entity information
can lead to biased relation prediction by mislead-
ing RE models to extract relations that do not exist
in the text. Fig. 1 visualizes a relation prediction
from a state-of-the-art RE model (Alt et al., 2020)
(see more examples in Tab. 7). Although the con-
text describes no relation between the highlighted
entity pair, the model extracts the relation as “coun-
tries of residence”. Such an erroneous result can
come from the spurious correlation between entity
mentions and relations, or the entity bias in short.
For example, if the model sees the relation “coun-
tries of residence” many more times than other
relations when the object entity is Switzerland dur-
ing training, the model can associate this relation
with Switzerland during inference even though the
relation does not exist in the text.

To combat this issue, some work (Zhang et al.,
2017, 2018) proposes masking entities to prevent
the RE models from over-fitting entity mentions.
On the other hand, some other work (Peng et al.,
2020; Zhou and Chen, 2021) finds that this strategy
degrades the performance of RE because it loses
the semantic information of entities.

For both machines and humans, RE requires a
combined understanding of textual context and en-
tity mentions (Peng et al., 2020). Humans can
avoid the entity bias and make unbiased decisions
by correctly referring to the textual context that de-
scribes the relation. The underlying mechanism is

1We use underline and
::::
wavy

:::
line to denote subject and

object respectively by default.
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Figure 1: (left) An example of RE produced by LUKE (Yamada et al., 2020). In the input sentence, the subject is in
blue and the object is in yellow. The ground-truth relation between the subject and object is “no relation”, since
there is not any relation reflected by the textual context. (right) Our proposed counterfactual analysis for RE, which
compares the original prediction (upper) with the counterfactual one (lower) to mitigate the entity bias.

causality-based (Van Hoeck et al., 2015): humans
identify the relations by pursuing the main causal
effect of the textual context instead of the side-
effect of entity mentions. In contrast, RE models
are usually likelihood-based: the prediction is anal-
ogous to looking up the entity mentions and textual
context in a huge likelihood table, interpolated by
training (Tang et al., 2020). In this paper, our idea
is to teach RE models to distinguish between the
effects from the textual context and entity mentions
through counterfactual analysis (Pearl, 2018):

Counterfactual analysis: If I had not seen the tex-
tual context, would I still extract the same relation?

The counterfactual analysis essentially gifts hu-
mans the hypothesizing abilities to make decisions
collectively based on the textual context and en-
tity mentions, as well as to introspect whether the
decision is deceived (see Fig. 1). Specifically, we
are essentially comparing the original instance with
a counterfactual instance, where only the textual
context is wiped out, while keeping the entity men-
tions untouched. By doing so, we can focus on the
main effects of the textual context without losing
the entity information.

In our work, we propose a novel model-
agnostic paradigm for debiasing RE, namely
CORE (Counterfactual analysis based Relation
Extraction), which adopts the counterfactual anal-
ysis to mitigate the spurious influence of the en-
tity mentions. Specifically, CORE does not touch
the training of RE models, i.e., it allows a model
to be exposed to biases on the original training
set. Then, we construct a causal graph for RE
to analyze the dependencies between variables in
RE models, which acts as a “roadmap” for captur-
ing the causal effects of textual context and entity

mentions. To rectify the test instances from the
potentially biased prediction, in inference, CORE
“imagines” the counterfactual counterparts on our
causal graph to distill the biases. Last but not least,
CORE performs a bias mitigation operation with
adaptive weights to produce a debiased decision
for RE.

We highlight that CORE is a flexible debiasing
method that is applicable to popular RE models
without changing their training processes. To eval-
uate the effectiveness of CORE, we perform ex-
tensive experiments on public benchmark datasets.
The results demonstrate that our proposed method
can significantly improve the effectiveness and gen-
eralization of the popular RE models by mitigating
the biases in an entity-aware manner.

2 Related Work

Sentence-level relation extraction. Early research
efforts (Nguyen and Grishman, 2015; Wang et al.,
2016; Zhang et al., 2017) train RE models from
scratch based on lexicon-level features. The recent
RE work fine-tunes pretrained language models
(PLMs; Devlin et al. 2019; Liu et al. 2019). For
example, K-Adapter (Wang et al., 2020) fixes the
parameters of the PLM and uses feature adapters
to infuse factual and linguistic knowledge. Re-
cent work focuses on utilizing the entity informa-
tion for RE (Zhou and Chen, 2021; Yamada et al.,
2020), but this leaks superficial and spurious clues
about the relations (Zhang et al., 2018). Despite
the biases in existing RE models, scarce work has
discussed the spurious correlation between entity
mentions and relations that causes such biases. Our
work investigates this issue and proposes CORE to
debias RE models for higher effectiveness.
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Figure 2: The causual graph of RE models.

Debiasing for Natural Language Processing. De-
biasing is a fundamental problem in machine learn-
ing (Torralba and Efros, 2011). For natural lan-
guage processing (NLP), some work performs data
re-sampling to prevent models from capturing the
unintended bias in training (Dixon et al., 2018;
Geng et al., 2007; Kang et al., 2016; Rayhan et al.,
2017; Nguyen et al., 2011). Alternatively, Wei and
Zou (2019) and Qian et al. (2020) develop data
augmentation for debiasing. Some recent work de-
biases the NLP models based on causal inference
(Qian et al., 2021; Nan et al., 2021). In RE, how to
deal with the entity bias is also an important prob-
lem. For example, PA-LSTM (Zhang et al., 2017)
masks the entity mentions with special tokens to
prevent RE models from over-fitting entity names,
which was also adopted by C-GCN (Zhang et al.,
2018) and SpanBERT (Joshi et al., 2020). However,
masking entities loses the semantic information of
entities and leads to performance degradation. Dif-
ferent from it, our CORE model tackles entity bi-
ases based on structured causal models. In this way,
we debias the RE models to focus on the textual
context without losing the entity information.

3 Methodology

Sentence-level relation extraction (RE) aims to ex-
tract the relation between a pair of entities men-
tioned from a sentence. We propose CORE (coun-
terfactual analysis based Relation Extraction) as
a model-agnostic technique to endow existing RE
models with unbiased decisions during inference.
CORE follows the regular training process of ex-
isting work regardless of the bias from the entity
mentions. During inference, CORE post-adjusts
the biased prediction according to the effects of the
bias. CORE can be flexibly incorporated into pop-
ular RE models to improve their effectiveness and
generalization based on the counterfactual analysis
without re-training the model.

In this section, we first formulate the existing
RE models in the form of a causal graph. Then, we
introduce our proposed bias distillation method to

distill the entity bias with our designed counterfac-
tual analysis. We conduct an empirical analysis to
analyze how heavily the existing RE models rely
on the entity mentions to make decisions. Finally,
we mitigate the distilled bias from the predictions
of RE models to improve their effectiveness.

3.1 Causality of Relation Extraction
In order to perform causal intervention, we first for-
mulate the causal graph (Pearl et al., 2016; Pearl
and Mackenzie, 2018), a.k.a., structural causal
model, for the RE models as Fig. 2, which sheds
light on how the textual context and entity mentions
affect the RE predictions. The causal graph is a
directed acyclic graph G = {V, E}, indicating how
a set of variables V interact with each other through
the causal relations behind the data and how vari-
ables obtain their values, e.g., (E,X) → Y in
Fig. 2. Before we conduct counterfactual analysis
that deliberately manipulates the values of nodes
and prunes the causal graph, we first revisit the
conventional RE systems in the graphical view.

The causal graph in Fig. 2 is applicable to a
variety of RE models and imposes no constraints on
the detailed implementations. Node X is the input
text. On the edge X → E, we obtain the spans
of subject and object entities as node E through
NER or human annotations (Zhang et al., 2017).
For example, in the aforementioned sentence X =
“

::::
Mary gave birth to Jerry.”, the entities are E =

[’Mary’, ’Jerry’].
On the edges (X,E) → Y , existing RE

models take different designs. For example, C-
GCN (Zhang et al., 2018) obtains the relation pre-
diction Y by encoding entity mentions E on the
pruned dependency tree of X using a graph convo-
lutional network. IRE (Zhou and Chen, 2021) uses
PLMs as the encoder for X , and marks the entity
information of E with special tokens to utilize the
entity information.

3.2 Bias Distillation
Based on our causal graph in Fig. 2, we diag-
nose how the entity bias affects inference. After
training, the causal dependencies among the vari-
ables are learned in terms of the model parame-
ters. The entity bias can mislead the models to
make wrong predictions while ignoring the actual
relation-describing textual context inX , i.e., biased
towards the causal dependency: E → Y .

The conventional biased prediction can only see
the output Y of the entire graph given a sentence
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Figure 3: The original causal graph of RE models (left)
together with its two counterfactual alternates for the
entity bias (middle) and label bias (right). The shading
indicates the mask of corresponding variables.

X , ignoring how specific entity mentions affect the
relation prediction. However, causal inference en-
courages us to think out of the black box. From the
graphical point of view, we are no longer required
to execute the entire causal graph as a whole. In
contrast, we can directly manipulate the nodes and
observe the output. The above operation is termed
intervention in causal inference, which we denote
as do(·). It wipes out all the incoming links of a
node and demands it to take a certain value.

We distill the entity bias by intervention and its
induced counterfactual. The counterfactual means
“counter to the facts”, and takes one step that further
assigns the hypothetical combination of values to
variables. For example, we can remove the input
textual context by masking X , but maintain E as
the original entity mentions, as if X still exists.

We will use the input text X as our control vari-
able where the intervention is conducted, aiming to
assess its effects, due to the fact that there would
not be any valid relation between entities in E if
the input text X is empty. We denote the output
logits Y after the intervention X = x̄ as follows:

Yx̄ = Y (do(X = x̄)). (1)

Following the above notation, the original predic-
tion Y , i.e., can be re-written as Yx.

To distill the entity bias, we conduct the interven-
tion do(X = x̄) on X , while keeping the variable
E as the original e, as if the original input text x
had existed. Specifically, we mask the tokens in
x to produce x̄ but keep the entity mentions e as
original, so that the textual context is removed and
the entity information is maintained. Accordingly,
the counterfactual prediction is denoted as Yx̄,e (see
Fig. 3). In this case, since the model cannot see any
textual context in the factual input x after the inter-
vention x̄, but still has access to the original entity
mentions e as the inputs, the prediction Yx̄,e purely
reflects the influence from e. In other words, Yx̄,e
refers to the output, i.e., a probability distribution
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Figure 4: Hit@k (y-axis) is the fraction of the test
instances, that have the original relation prediction
argmaxc Yx[c] ranked in the top k most confident re-
lations of the counterfactual prediction Yx̄,e. We re-
port Hit@k of the model IRERoBERTa on the test in-
stances when the original relation prediction is title,
employee of, or origin.

or a logit vector, where only the entity mentions
are given as the input without textual context.

To investigate how heavily the state-of-the-art
models rely on the entity mentions for RE, we
conduct an empirical study to compare the orig-
inal prediction Yx and the counterfactual one Yx̄,e.
Specifically, we calculate the fraction of the test
instances (y-axis) that have the original relation
prediction argmaxc Yx[c] ranked in the top k most
confident relations of the counterfactual prediction
Yx̄,e. This fraction is termed as Hit@k.

We present Hit@k for IRERoBERTa (Zhou and
Chen, 2021), a state-of-the-art RE model, in Fig. 4
on the test instances when the original relation
prediction is title, employee of, or origin. Higher
Hit@1 means that for more instances, the model
infers the same relation given only the entity men-
tions no matter whether the textual context is given,
which imply stronger causal effects from the entity
mentions Yx̄,e, i.e., the models rely more heavily
on the entity mentions for RE.

We observe that when k = 1, the Hit@1 is more
than 50%, which implies that the model typically
extracts the same relations even without textual
context on more than a half of the instances. For
a larger k, the Hit@k increases significantly and
reaches more than 80% for k ≥ 2. These obser-
vations imply a promising but embarrassing result:
the state-of-the-art model relies on the entity bias
for RE on many instances. The entity bias reflected
by Yx̄,e can lead to the wrong extraction if the rela-
tion implied by the entity mentions does not exist
in the input text. This poses a challenge to the
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generalization of RE models, as validated by our
experimental results (§4.3).

In addition to Yx̄,e that reflects the causal effects
of entity mentions, there is another kind of bias not
conditioned on the entity mentions e, but reflecting
the general bias in the whole dataset, which is Yx̄.
Yx̄ corresponds to the counterfactual inputs where
both textual context and entity mentions are re-
moved. In this case, since the model cannot access
any information from the input after this removal,
Yx̄ naturally reflects the label bias that exists in the
model from the biased training. The causal graphic
views of the original prediction Yx, the counterfac-
tual Yx̄,e for the entity bias, and Yx̄ for the label
bias are visualized in Fig. 3.

3.3 Bias Mitigation

As we have discussed in §1, instead of the static
likelihood that tends to be biased, the unbiased re-
lation prediction lies in the difference between the
observed outcome Yx and its counterfactual predic-
tions Yx̄,e, Yx̄. The latter two are the biases that we
want to mitigate from the relation prediction.

Intuitively, the unbiased prediction that we seek
is the linguistic stimuli from blank to the observed
textual context with specific relation descriptions,
but not merely from the entity bias. The context-
specific clues of the relations are key to the in-
formative unbiased predictions, because even if
the overall prediction is biased towards the rela-
tion “schools attended” due to the object entity
like “Duke University”, the textual context “work
at” indicates the relation as “employee of” rather
than “schools attended”.

Our final goal is to use the direct effect of the
textual context from X to Y for debiased predic-
tion, mitigating (denoted as \) the label bias and the
entity bias from the prediction: Yx \Yx̄,e \Yx̄, so
as to block the spread of the biases from training to
inference. The debiased prediction via bias mitiga-
tion can be formulated via the conceptually simple
but empirically effective element-wise subtraction
operation:

Yfinal = Yx − λ1Yx̄,e − λ2Yx̄, (2)

where λ1 and λ2 are two independent hyper-
parameters balancing the terms for mitigating en-
tity and label biases respectively. Note that the bias
mitigation in Eq. 2 for the entity and label biases
correspond to Total Direct Effect (TDE) and Total
Effect (TE) in causal inference (Tang et al., 2020;

Dataset #Train #Dev #Test #Classes

TACRED 68,124 22,631 15509 42
SemEval 6,507 1,493 2,717 19
Re-TACRED 58,465 19,584 13418 40
TACRED-Revisit 68,124 22,631 15509 42

Table 1: Statistics of datasets.

VanderWeele, 2015; Pearl, 2009) respectively. We
adaptively set the values of λ1 and λ2 for different
datasets based on the grid beam search (Hokamp
and Liu, 2017) in a scoped two dimensional space:

λ⋆1, λ
⋆
2 = argmax

λ1,λ2
ψ(λ1, λ2) λ1, λ2 ∈ [a, b], (3)

where ψ is a metric function (e.g., F1 scores) for
evaluation, a, b are the boundaries of the search
range. We search the values of λ1, λ2 once on
the validation set, and use the fixed values for in-
ference on all testing instances. Since the entity
types can restrict the candidate relations (Lyu and
Chen, 2021), we use the entity type information,
if available, to restrict the candidate relations for
inference, which strengthens the effects of entity
types for relation extraction.

Overall, the proposed CORE replaces the con-
ventional one-time prediction with Yfinal to produce
the debiased relation predictions, which essentially
“thinks” twice: one for the original observation Yx,
the other for hypothesized Yx̄, Yx̄,e.

4 Experiments

In this section, we evaluate the performance of our
CORE methods when applied to RE models. We
compare our methods against a variety of strong
baselines on the task of sentence-level RE. Our
experimental settings closely follow those of the
previous work (Zhang et al., 2017; Zhou and Chen,
2021; Nan et al., 2021) to ensure a fair comparison.

4.1 Experimental Settings

Datasets. We use four widely-used RE bench-
marks: TACRED (Zhang et al., 2017), SemEval
(Hendrickx et al., 2019), TACRED-Revisit (Alt
et al., 2020), and Re-TACRED (Stoica et al., 2021)
for evaluation. TACRED contains over 106k men-
tion pairs drawn from the yearly TAC KBP chal-
lenge. (Alt et al., 2020) relabeled the development
and test sets of TACRED. Re-TACRED is a further
relabeled version of TACRED after refining its la-
bel definitions. The statistics of these datasets are
shown in Tab. 1.
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Method TACRED TACRED-Revisit Re-TACRED SemEval

C-SGC (Wu et al., 2019) 52.1 62.8 69.8 71.3
SpanBERT (Joshi et al., 2020) 55.7 65.1 74.1 74.9
CP (Peng et al., 2020) 56.8 67.1 78.1 79.6
RECENT (Lyu and Chen, 2021) 63.3 70.5 81.1 74.6
KnowPrompt (Chen et al., 2021) 57.6 68.7 79.0 81.8
IREBERT (Zhou and Chen, 2021) 59.2 68.4 78.6 79.1

LUKE (Yamada et al., 2020) 58.8 67.5 80.2 82.1

LUKE + Resample (Burnaev et al., 2015) 59.3 68.2 80.5 82.5
LUKE + Focal (Lin et al., 2017) 59.1 67.7 80.3 82.4
LUKE + CFIE (Nan et al., 2021) 59.8 68.0 80.4 82.2
LUKE + Entity Mask (Zhang et al., 2017) 57.9 67.0 79.5 82.0
LUKE + CORE 61.7 70.2 81.6 83.6

IRERoBERTa (Zhou and Chen, 2021) 63.1 70.6 81.5 81.4

IRERoBERTa + Resample (Burnaev et al., 2015) 63.3 71.0 81.9 81.6
IRERoBERTa + Focal (Lin et al., 2017) 62.9 70.7 81.2 81.1
IRERoBERTa + CFIE (Nan et al., 2021) 63.3 70.9 81.6 81.7
IRERoBERTa + Entity Mask (Zhang et al., 2017) 61.4 69.3 79.6 81.2
IRERoBERTa + CORE 64.4 71.8 82.8 82.3

Table 2: F1-macro scores (%) of RE on the test sets of TACRED, TACRED-Revisit, Re-TACRED, and SemEval.
The best results in each column are highlighted in bold font.

We use the widely-used F1-macro score as the
main evaluation metric (Nan et al., 2021), which
is the balanced harmonic mean of precision and re-
call, as well as F1-micro for a more comprehensive
evaluation. F1-macro is more suitable than F1-
micro to reflect the extent of biases, especially for
the highly-skewed cases, since F1-macro is evenly
influenced by the performance in each category,
i.e. category-sensitive, but F1-micro simply gives
equal weights to all instances (Kim et al., 2019).

Compared methods. We take the following RE
models into comparison. (1) C-SGC (Wu et al.,
2019) simplifies GCN, and combines it with LSTM,
leading to improved performance over each method
alone. (2) SpanBERT (Joshi et al., 2020) extends
BERT by introducing a new pretraining objective
of continuous span prediction. (3) CP (Peng et al.,
2020) is an entity-masked contrastive pre-training
framework for RE. (4) RECENT (Lyu and Chen,
2021) restricts the candidate relations based on the
entity types. (5) KnowPrompt (Chen et al., 2021)
is Knowledge-aware Prompt-tuning approach. (6)
LUKE (Yamada et al., 2020) pretrains the language
model on both large text corpora and knowledge
graphs and further proposes an entity-aware self-
attention mechanism. (7) IRE (Zhou and Chen,
2021) proposes an improved entity representation
technique in the data preprocessing.

Among the above RE models, we apply our
CORE on LUKE and IRE. To demonstrate the ef-
fectiveness of debiased inference, we also compare

with the following debiasing techniques that are
applied to the same two RE models. (1) Focal (Lin
et al., 2017) adaptively reweights the losses of dif-
ferent instances so as to focus on the hard ones. (2)
Resample (Burnaev et al., 2015) up-samples rare
categories by the inversed sample fraction during
training. (3) Entity Mask (Zhang et al., 2017):
masks the entity mentions with special tokens to
reduce the over-fitting on entities. (4) CFIE (Nan
et al., 2021) is also a causal inference method. In
contrast to our method, CFIE strengthens the causal
effects of entities by masking entity-centric infor-
mation in the counterfactual predictions.

Model configuration. For the hyper-parameters
of the considered baseline methods, e.g., the batch
size, the number of hidden units, the optimizer, and
the learning rate, we set them as suggested by their
authors. For the hyper-parameters of our CORE
method, we set the search range of the hypermeters
in Eq. 3 as [−2, 2] and the search step 0.1. For all
experiments, we report the median F1 scores of
five runs of training using different random seeds.

4.2 Overall Performance

We implement our CORE with LUKE and
IRERoBERTa. Tab. 3 reports the RE results on the
TACRED, TACRED-Revisit, Re-TACRED, and Se-
mEval datasets. Our CORE method improves the
F1-macro scores of LUKE by 4.9% on TACRED,
4.0% on TACRED-Revisit, 1.7% on Re-TACRED,
and 1.7 on SemEval, and improves IRERoBERTa
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Method TACRED TACRED-Revisit Re-TACRED SemEval

LUKE (Yamada et al., 2020) 72.7 80.6 90.3 87.8

LUKE + Resample (Burnaev et al., 2015) 73.1 80.9 90.5 87.9
LUKE + Focal (Lin et al., 2017) 72.9 80.7 90.4 87.6
LUKE + CFIE (Nan et al., 2021) 73.3 80.8 90.5 88.0
LUKE + Entity Mask (Zhang et al., 2017) 72.3 80.4 90.1 87.5
LUKE + CORE 74.6 81.4 90.9 88.7

Table 3: F1-micro scores (%) of RE on the test sets of TACRED, TACRED-Revisit, Re-TACRED, and SemEval.
The best results in each column are highlighted in bold font.

Method TACRED Re-TACRED

LUKE (Yamada et al., 2020) 51.9 65.3

w/ Resample (Burnaev et al., 2015) 53.2 66.7
w/ Focal (Lin et al., 2017) 52.4 65.9
w/ CFIE (Nan et al., 2021) 52.1 65.6
w/ Entity Mask (Zhang et al., 2017) 54.5 67.1
w/ CORE (ours) 69.3 83.1

IRERoBERTa (Zhou and Chen, 2021) 56.4 68.1

w/ Resample (Burnaev et al., 2015) 58.1 70.3
w/ Focal (Lin et al., 2017) 56.8 68.7
w/ CFIE (Nan et al., 2021) 57.1 68.4
w/ Entity Mask (Zhang et al., 2017) 57.3 68.9
w/ CORE (ours) 73.6 85.4

Table 4: F1-macro scores (%) of RE on the challenging
test sets of TACRED and Re-TACRED, in which the
relations implied by the entity mentions do not exist in
the textual context. ‘w’ denotes ‘with’. The best results
in each column are highlighted in bold font.

by 1.2% on TACRED, 1.4% on TACRED-Revisit,
0.9% on Re-TACRED, and 1.8% on SemEval. As
a result, our CORE achieves substantial improve-
ments for LUKE and IRERoBERTa, and enables
them to outperform the baseline methods. Addi-
tionally, we report the experimental results in terms
of F1-micro scores in Tab. 3, showing the improve-
ment from CORE on LUKE by 2.6% on TACRED,
1.0% on TACRED-Revisit, 0.7% on Re-TACRED,
and 1.0% on SemEval. Overall, our CORE method
improves the effectiveness of RE significantly in
terms of both F1-macro and F1-micro scores. The
above experimental results validate the effective-
ness and generalization of our proposed method.

Among the baseline debiasing methods, Resam-
ple, Focal, CFIE cannot distill the entity bias in
an entity-aware manner like ours. Entity Mask
leads to the loss of information, while our CORE
enables RE models to focus on the main effects
of textual context without losing the entity infor-
mation. The superiority of CORE highlights the
importance of the causal inference based entity bias
analysis for debiasing RE, which compares tradi-
tional likelihood-based predictions and hypothe-

sized counterfactual ones to produce debiased pre-
dictions. Besides, the proposed CORE works in
inference and thus can be employed on the pre-
vious already-trained models. In this way, CORE
serves as a model-agnostic approach to enhance RE
models without changing their training process.

4.3 Analysis on Entity Bias

Some work argues that RE models may rely on
the entity mentions to make relation predictions
instead of the textual context (Zhang et al., 2018;
Joshi et al., 2020). The empirical results in Fig. 3
validates this argument. Regardless of whether
the textual context exists or not, the baseline RE
model makes the same predictions given only entity
mentions on many instances. The entity bias can
mislead the RE models to make wrong predictions
when the relation implied by the entity mentions
does not exist in the textual context.

To evaluate whether RE models can generalize
well to particularly challenging instances where
relations implied by the entity mentions do not
exist in the textual context, we propose a filtered
evaluation setting, where we keep the test instances
having the entity bias different from their ground-
truth relations. In this setting, RE models cannot
overly rely on the entity mentions for RE, since the
entity mentions no longer provide the superficial
and spurious clues for the ground-truth relations.

We present the evaluation results on the filtered
test set in Tab. 4. Our CORE method consis-
tently and substantially improves the effectiveness
of LUKE and IRE on the filtered test set and outper-
forms the baseline methods by a significant margin,
which validates the effectiveness and generaliza-
tion of our method to mitigate the entity bias in the
challenging cases.

4.4 Evaluation on Fairness

According to Sweeney and Najafian (2019), the
more imbalanced/skewed a prediction produced by
a trained model is, the more unfair opportunities it
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Method TACRED TACRED-Revisit Re-TACRED SemEval

IRERoBERTa (Zhou and Chen, 2021) 61.2 59.3 57.5 54.1

IRERoBERTa + Resample (Burnaev et al., 2015) 60.5 58.4 56.8 53.5
IRERoBERTa + Focal (Lin et al., 2017) 60.9 58.9 57.1 53.7
IRERoBERTa + CFIE (Nan et al., 2021) 60.1 57.8 56.2 52.9
IRERoBERTa + Entity Mask (Zhang et al., 2017) 61.5 60.1 57.3 54.2
IRERoBERTa + CORE 57.3 55.6 54.3 50.8

Table 5: Experimental results (unfairness; %) of Relation Extraction on the test sets of TACRED, TACRED-Revisit,
Re-TACRED, and SemEval (lower is better). The best results in each column are highlighted in bold font.

LUKE + CORE 61.7 ∆ IRE + CORE 64.4 ∆

w/o CORE 58.8 2.9↓ w/o CORE 63.1 1.3↓
w/o EBM 59.5 2.2↓ w/o EBM 63.4 1.0↓
w/o LBM 60.8 0.9↓ w/o LBM 63.9 0.5↓
w/o BSH 60.1 1.6 ↓ w/o BSH 63.8 0.6↓

Table 6: Ablation study based on the TACRED dataset.
The analyzed model components include entity bias mit-
igation operation (EBM), the label bias mitigation oper-
ation (LBM) and the beam search for hyper-parameters
(BSH). ‘w/o’ denotes ‘without’. ↓ denotes performance
drop in terms of F1-macro scores.

gives over predefined categories, and the more un-
fairly discriminative the trained model is. We thus
follow previous work (Xiang et al., 2020; Sweeney
and Najafian, 2019; Qian et al., 2021) to use the
metric – imbalance divergence – to evaluate how
imbalanced/skewed/unfair a prediction P is :

D(P,U) = JS(P∥U), (4)

where D(·) is defined as the distance between P
and the uniform distribution U . Specifically, we
use the JS divergence as the distance metric since
it is symmetric (i.e., JS(P∥U) = JS(U∥P )) and
strictly scoped (Fuglede and Topsoe, 2004). Based
on this, to evaluate the entity bias of a trained RE
model, we average the following relative entity
mention imbalance (REI) measure over all the test-
ing instances containing whichever entity mentions:

REI =
1

E
∑

e∈E
D(P ({x|e ∈ x∧x ∈ D}), U), (5)

where x is an input instance, D is the testing set,
P (x) is the prediction output, e is an entity men-
tion, and E is the corpus of entity mentions. This
metric captures the distance between all predictions
and the fair uniform distribution U .

We follow the experimental settings in §4.2 and
report the fairness test in Tab. 5. The results
show that our CORE method reduces the imbal-
ance metrics (lower is better) when employed on

IRERoBERTa significantly and consistently, indicat-
ing that it is helpful to mitigate the entity bias.

4.5 Ablation and Case Study

We conduct ablation studies on CORE to empir-
ically examine the contribution of its main tech-
nical components. including the entity bias miti-
gation operation (EBM), the label bias mitigation
operation (LBM) and the beam search for hyper-
parameters (BSH).

We report the experimental results of the abla-
tion study in Tab. 6. We observe that removing
our CORE causes serious performance degrada-
tion. This provides evidence that using our coun-
terfactual framework for RE can explicitly miti-
gate biases to generalize better on unseen exam-
ples. Moreover, we observe that mitigating the two
types of biases is consistently helpful for RE. The
key reason is that the distilled label bias provides
an instance-agnostic offset and the distilled entity
bias provides an entity-aware one in the predic-
tion space, which makes the RE models focus on
extracting relations on the textual context without
losing the entity information. Meanwhile, the beam
search for hyper-parameters effectively finds two
dynamic scaling factors to amplify or shrink two
biases, making the biases be mitigated properly and
adaptively.

Tab. 7 gives a qualitative comparison example be-
tween CORE and IRERoBERTa on TACRED. The
results show that the state-of-the-art RE model
IRERoBERTa returns the relations that do not exist
in the textual context between the considered enti-
ties. For example, given “Bibi drew the ire of fellow
farmhands after a dispute in June 2009, when they
refused to drink water she collected and she refused
their demands that she convert to

:::::
Islam.”, there is

no relation between Bibi and Islam exists in the
text but the baseline model believes that the rela-
tion between them is “religion”. The counterfactual
prediction can account for this disappointing result,
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Input sentence Original Debiased Counterfactual

More than 1,100 miles (1,770 kilometers) away,
Alan Gross passes his days in a

::::::
Cuban military hospital,

watching baseball on a small television or jamming with
his jailers on a stringed instrument they gave him.

origin ✗ countries of residence ✓ origin

He said that according to his investigation, Bibi drew the
ire of fellow farmhands after a dispute in June 2009, when
they refused to drink water she collected and she refused
their demands that she convert to

:::::
Islam.

religion ✗ no relation ✓ religion

ShopperTrak also estimates foot traffic in the
::::
U.S. was

11.2 percent below what it would have been Sunday if the
blizzard had not occurred and 13.9 percent below what it
could have been Monday.

country of headquarters ✗ no relation ✓ country of headquarters

Table 7: A case study for IRERoBERTa and our CORE on the relation extraction dataset TACRED. Underlines and

::::
wavy

:::::
lines highlight the subject and object entities respectively. We report the original prediction, the corresponding

counterfactual prediction and the debiased prediction.

where given only the entity mentions Bibi and Is-
lam, the RE model returns the relation “religion”
without any textual context. This implies that the
model makes the prediction for the original input
relying on the entity mentions, which leads to the
wrong RE prediction. Our CORE method distills
the biases through counterfactual predictions and
mitigates the biases to distinguish the main effects
from the textual context, which leads to the correct
predictions as shown in Tab. 7.

Last but not least, we conduct experiments on the
fairness of different models, and present respective
results in the appendix.

5 Conclusion

We have designed a counterfactual analysis based
method named CORE to debias RE. We distill the
entity bias and mitigate the distilled biases with the
help of our causal graph for RE, which is a road
map for analyzing the RE models. Based on the
counterfactual analysis, we can analyze the side-
effects of entity mentions in the RE and debias the
models in an entity-aware manner. Extensive exper-
iments demonstrate that our methods can improve
the effectiveness and generalization of RE. Future
work includes analyzing the effects of other factors
that can cause bias in natural language processing.
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Abstract

We propose a novel framework ConceptX,
to analyze how latent concepts are encoded in
representations learned within pre-trained lan-
guage models. It uses clustering to discover the
encoded concepts and explains them by align-
ing with a large set of human-defined concepts.
Our analysis on seven transformer language
models reveal interesting insights: i) the la-
tent space within the learned representations
overlap with different linguistic concepts to a
varying degree, ii) the lower layers in the model
are dominated by lexical concepts (e.g., affixa-
tion), whereas the core-linguistic concepts (e.g.,
morphological or syntactic relations) are bet-
ter represented in the middle and higher layers,
iii) some encoded concepts are multi-faceted
and cannot be adequately explained using the
existing human-defined concepts.1

1 Introduction

Contextualized word representations learned in
deep neural network models (DDNs) capture rich
concepts making them ubiquitous for transfer learn-
ing towards downstream NLP. Despite their revolu-
tion, the blackbox nature of the deep NLP models
is a major bottle-neck for their large scale adapt-
ability. Understanding the inner dynamics of these
models is important to ensure fairness, robustness,
reliability and control.

A plethora of research has been carried out to
probe DNNs for the linguistic knowledge (e.g. mor-
phology, syntactic and semantic roles) captured
within the learned representations. A commonly
used framework to gauge how well linguistic infor-
mation can be extracted from these models is the
Probing Framework (Hupkes et al., 2018), where
they train an auxiliary classifier using representa-
tions as features to predict the property of inter-
est. The performance of the classifier reflects the

1The code is available at https://github.com/
hsajjad/ConceptX.

amount of knowledge learned within representa-
tions. To this end, the researchers have analyzed
what knowledge is learned within the representa-
tions through relevant extrinsic phenomenon vary-
ing from word morphology (Vylomova et al., 2016;
Belinkov et al., 2017a) to high level concepts such
as syntactic structure (Blevins et al., 2018; Marvin
and Linzen, 2018) and semantics (Qian et al., 2016;
Reif et al., 2019; Belinkov et al., 2017b) or more
generic properties (Adi et al., 2016; Rogers et al.,
2020).

In this work, we approach the representation
analysis from a different angle and present a novel
framework ConceptX. In contrast to relying on
the prediction capacity of the representations, we
analyze the latent concepts learned within these rep-
resentations and how knowledge is structured, us-
ing an unsupervised method. More specifically, we
question: i) do the representations encode knowl-
edge inline with linguistic properties such as word
morphology and semantics? ii) which properties
dominate the overall structure in these representa-
tions? iii) does the model learn any novel concepts
beyond linguistic properties? Answers to these
questions reveal how deep neural network models
structure language information to learn a task.

Our inspiration to use the term concept comes
from “concept based explanation” in computer
vision (Kim et al., 2018; Ghorbani et al., 2019;
Chen et al., 2020). Stock (2010) defined a concept
as “a class containing certain objects as elements,
where the objects have certain properties”. We
define an encoded concept as a cluster of context-
aware latent representations of words, where the
representations are encoder layer outputs.

Our framework clusters contextualized repre-
sentations using agglomerative hierarchical clus-
tering (Gowda and Krishna, 1978). The result-
ing clusters represent encoded concepts, captured
within the learned representations (Please see Fig-
ure 1 for illustration). We then use a novel align-
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Figure 1: ConceptX: i) Extract representations from trained model, ii) Cluster the representations to obtain encoded
concepts, iii) Align the concepts to human-defined concepts

ment function that measures the amount of over-
lap between encoded concepts and a range of pre-
defined categories (that we call as human-defined
concepts in this paper). We experimented with
affixes, casing, morphological, syntactic, seman-
tic, WordNet (Miller, 1995), and psycholinguistic
concepts (LIWC Pennebaker et al. (2001)). The
use of such a diverse set of human-defined con-
cepts enables us to cover various abstractions of
language. In Figure 3 we present a few examples
of human-defined concepts that were aligned with
the encoded concepts.

We carry out our study on seven pre-trained
transformer models such as BERT (Devlin et al.,
2019) and XLM-RoBERTa (Conneau et al., 2020),
with varying optimization functions, architectural
details and training data. Some notable findings
emerging from our analysis are as follows:

• Shallow concepts such as lexical ngrams or
suffixes are predominantly captured in the
lower layers of the network.

• WordNet and psycholinguistic-based concepts
(LIWC) are also learned in the lower layers.

• Middle and higher layers encode concepts that
capture core linguistic properties such as mor-
phology, semantics and syntax.

• Roughly 50% of the encoded concepts adhere
to our suite of human-defined linguistic con-
cepts.

• The models learn novel concepts that are
multi-faceted and cannot be adequately ex-
plained using the existing human-defined con-
cepts.

Our contributions in this paper are as follow: i) We
present ConceptX, a framework that interprets
encoded concepts in the learned representation by
measuring their alignment to the human-defined
concepts. ii) We provide a qualitative and quan-
titative evidence of how knowledge is structured
within deep NLP models with respect to a large
suite of human-defined concepts.

2 Related Work

Most of the work done on interpretability in deep
NLP addresses two questions in particular: (i)
what linguistic (and non-linguistic) knowledge is
learned within contextualized representations, Con-
cept Analysis and (ii) how this information is uti-
lized in the decision making process, Attribution
Analysis (Sajjad et al., 2021). The former thrives on
post-hoc decomposability, where we analyze repre-
sentations to uncover linguistic phenomenon that
are captured as the network is trained towards any
NLP task (Adi et al., 2016; Conneau et al., 2018;
Liu et al., 2019a; Tenney et al., 2019; Belinkov
et al., 2020) and the latter characterize the role of
model components and input features towards a
specific prediction (Linzen et al., 2016; Gulordava
et al., 2018; Marvin and Linzen, 2018). Our work
falls into the former category.

Previous studies have explored visualization
methods to analyze the learned representations
(Karpathy et al., 2015; Kádár et al., 2017), atten-
tion heads (Clark et al., 2019; Vig, 2019), language
compositionality (Li et al., 2016) etc. A more com-
monly used framework analyzes representations by
correlating parts of the neural network with linguis-
tic properties, by training a classifier to predict a

3083



feature of interest (Adi et al., 2016; Belinkov et al.,
2017a; Conneau et al., 2018). Several researchers
used probing classifiers for investigating the con-
textualized representations learned from a variety
of neural language models on a variety of character-
(Durrani et al., 2019), word- (Liu et al., 2019a) or
sub-sentence level (Tenney et al., 2019) linguistic
tasks. Rather than analyzing the representations as
a whole, several researchers also explored identify-
ing salient neurons within the model that capture
different properties (Dalvi et al., 2019a; Durrani
et al., 2020; Suau et al., 2020; Mu and Andreas,
2020) or are salient for the model irrespective of
the property (Bau et al., 2019; Wu et al., 2020).

Our work is inline with (Michael et al., 2020;
Dalvi et al., 2022), who analyzed latent concepts
learned in pre-trained models. Michael et al. (2020)
used a binary classification task to induce latent
concepts relevant to a task and showed the presence
of linguistically motivated and novel concepts in
the representation. However, different from them,
we analyze representations in an unsupervised fash-
ion. Dalvi et al. (2022) used human-in-the-loop to
analyze latent spaces in BERT. Our framework uses
human-defined concepts to automatically generate
explanations for the latent concepts. This enabled
us to scale our study to many transformer models.

In a similar work, Mamou et al. (2020) ap-
plied manifold analysis technique to understand
the amount of information stored about object cate-
gories per unit. Our approach does away from the
methodological limitations of probing framework
such as complexity of the probes, effect of random-
ness etc (Belinkov, 2021). However, it is important
to mention that the two frameworks are orthogonal
and complement each other.

3 Methodology

A vector representation in the neural network
model is composed of feature attributes of the in-
put words. We group the encoded vector repre-
sentations using a clustering approach discussed
below. The underlying clusters, that we term as
the encoded concepts, are then matched with the
human-defined concepts using an alignment func-
tion. Formally, consider a Neural Network (NN)
model M with L encoder layers {l1, l2, ...ll, ..., lL},
with H hidden nodes per layer. An input sentence
consisting of M words w1, w2, ...wi, ..., wM is fed
into a NN. For each input word i, we compute
the node output (after applying the activation func-

tions) ylh(wi) of every hidden node h ∈ {1, ...,H}
in each layer l, where −→y l(wi) is the vector rep-
resentation composing the outputs of all hidden
nodes in layer l for wi. Our goal is to cluster repre-
sentations −→y l, from a large training data to obtain
encoded concepts. We then align these with various
human-defined concepts to obtain an explanation
of them to build an understanding of how these
concepts are represented across the network.

3.1 Clustering

We use agglomerative hierarchical cluster-
ing (Gowda and Krishna, 1978), which we found
to be effective for this task. It assigns each word
to a separate cluster and then iteratively combines
them based on Ward’s minimum variance criterion
that minimizes intra-cluster variance. Distance
between two representations is calculated with
the squared Euclidean distance. The algorithm
terminates when the required K clusters (aka
encoded concepts) are formed, where K is a
hyperparameter. Each encoded concept represents
a latent relationship between the words present in
the cluster. Appendix C presents the algorithm.

3.2 Alignment

Now we define the alignment function between the
encoded and human-defined concepts. Consider
a human-defined concept as z, where a function
z(w) = z denotes that z is the human-defined
concept of word w. For example, parts-of-speech
is a human-defined concept and each tag such as
noun, verb etc. represents a class/label within the
concept, e.g. z(sea) = noun. Similarly, suffix
is a human-defined concept with various suffixes
representing a class, e.g. z(bigger) = er. A re-
verse function of z is a one-to-many function that
outputs a set of unique words with the given human-
defined concept, i.e., z−1(z) = {w1, w2, . . . , wJ},
like z−1(noun) = {sea, tree, . . . }, where J is
the total number of words with the human-defined
concept of z. Following this notation, an encoded
concept is indicated as c, where c(w) = c is a
function of applying encoded concept on w, and
its reverse function outputs a set of unique words
with the encoded concept of c, i.e., c−1(c) =
{w1, w2, . . . , wI}, where I is the set size.

To align the encoded concepts with the human-
defined concepts, we auto-annotate the input data
that we used to get the clusters, with the human-
defined concepts. We call our encoded concept (c)
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to be θ-aligned (Λθ) with a human-defined concept
(z) as follows:

Λθ(z, c) =

{
1, if

∑
w′∈z−1

∑
w∈c−1 δ(w,w′)
J ≥ θ

0, otherwise,

where Kronecker function δ(w,w′) is defined as

δ(w,w′) =
{
1, if w = w′

0, otherwise

We compute c and Λθ(z, c) for the encoder output
from each layer l of a neural network. To compute
a network-wise alignment, we simply average θ-
agreement over layers.

4 Experimental Setup

4.1 Dataset
We used a subset of WMT News 20182 (359M
tokens) dataset. We randomly selected 250k sen-
tences from the dataset (≈5M tokens) to train our
clustering model. We discarded words with a fre-
quency of less than 10 and selected maximum 10
occurrences of a word type.3 The final dataset con-
sists of 25k word types with 10 contexts per word.

4.2 Pre-trained Models
We carried out our analysis on various 12-layered
transformer models such as BERT-cased (BERT-
c, Devlin et al., 2019), BERT-uncased (BERT-uc),
RoBERTa (Liu et al., 2019b), XLNet (Yang et al.,
2019) and ALBERT (Lan et al., 2019). We also
analyzed multilingual models such as multilingual-
bert-cased (mBERT) and XLM-RoBERTa (XLM-
R, Conneau et al., 2020) where the embedding
space is shared across many languages. This choice
of models is motivated from interesting differences
in their architectural designs, training data settings
(cased vs. un-cased) and multilinguality.

4.3 Clustering and Alignment
We extract contextualized representation of words
by performing a forward pass over the network us-
ing the NeuroX toolkit (Dalvi et al., 2019b). We

2http://data.statmt.org/news-crawl/en/
3Our motivation to select a small subset of data and lim-

iting the number of tokens is as follows: clustering a large
number of high-dimensional vectors is computationally and
memory intensive, for example 200k vectors (of size 768 each)
require around 400GB of CPU memory. Applying transforma-
tions (e.g., PCA) to reduce dimensionality may result in loss
of information and therefore undesirable. We wanted to stay
true to the original embeddding space.

cluster representations in every layer intoK groups.
To find an optimum value of K, we experimented
with the ELbow (Thorndike, 1953) and Silhou-
ette (Rousseeuw, 1987) methods. However, we
did not observe reliable results (see Appendix C).
Therefore, we empirically selected K = 1000
based on finding a decent balance between many
small clusters (over-clustering) and a few large clus-
ters (under-clustering). We found that our results
are not sensitive to this parameter and generalize
for different cluster settings (See Section 5.4). For
the alignment between encoded and human-defined
concepts, we use θ = 90% i.e., we consider an en-
coded concept and a human-defined concept to be
aligned, if they have at least 90% match.

4.4 Human-defined concepts

We experiment with the various Human-defined
concepts, which we categorize into four groups:

• Lexical Concepts: Ngrams, Affixes, Casing,
First and the Last Word (in a sentence)

• Morphology and Semantics: POS tags (Mar-
cus et al., 1993) and SEM tags (Abzianidze
et al., 2017)

• Syntactic: Chunking tags (Tjong Kim Sang
and Buchholz, 2000) and CCG super-tags
(Hockenmaier, 2006)

• Linguistic Ontologies: WordNet (Miller,
1995) and LIWC (Pennebaker et al., 2001)

At various places in this paper, we also refer to
Morphology, Semantics and Syntactic concepts as
core-linguistic concepts. We trained BERT-based
classifiers using gold-annotated training data and
standard splits for each core-linguistic concepts
and auto-labelled the selected news dataset using
these.4

5 Analysis

In this section, we analyze the encoded concepts
by aligning them with the human-defined concepts.

5.1 Overall Alignment

First we present to what extent the encoded con-
cepts in the entire network align with the human-
defined concepts. We compute the overall score
as the percentage of the aligned encoded concepts
to the human-defined concepts across layers us-
ing the function described in Section 3.2. We

4Please see Appendix B for details.
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BERT-c BERT-uc mBERT XLM-R RoBERTa ALBERT XLNet

Overall alignment 47.2% 50.4% 66.0% 72.4% 50.1% 51.6% 43.6%

Table 1: Coverage of human-defined concepts across all clusters of a given model

Figure 2: Average Alignment (%) between encoded
concepts and human-defined concepts

found an overall match of at least 43.6% in XL-
Net and at most 72.4% in XLM-R (See Table 1).
Interestingly, the multilingual models (mBERT and
XLM-R) found substantially higher match than the
monolingual models. The inclusion of multiple
languages during training causes the model to learn
more linguistic properties. Note that the extent of
alignment with the human-defined concept may not
necessarily correlate with its overall performance.
For example XLNet performs outperforms BERT
on the GLUE tasks, but aligns less with the human-
defined concepts compared to BERT in our results.
A similar observation was made by Belinkov et al.
(2020) who also found that the translation quality of
an NMT model may not correlate with the amount
of linguistic knowledge learned in the representa-
tion. Various factors such as: architectural design,
training data, objective function, initialization, etc,
play a role in training a pre-trained model. More
controlled experiments are needed to understand
the relationship of each factor on the performance
of the model and on the linguistic learning of the
model.

We further investigated per concept5 alignment

5The first word, last word and prefix concepts showed less
less than 1% alignment with the encoded concepts. We do not

to understand which human-defined concepts are
better represented within the encoded concepts.
Figure 2 presents the results.

Lexical Concepts Pre-trained models encode
varying amount of lexical concepts such as casing,
ngrams and suffixes. We found between 7-11% en-
coded concepts that align with the casing concept
(title case or upper case). We observed that most of
these encoded concepts consist of named entities,
which were grouped together based on semantics.

Comparing suffixes and ngrams While affixes
often have linguistic connotation (e.g., the prefix
anti negates the meaning of the stem and the suffix
ies is used for pluralization), the ngram units that
become part of the vocabulary as an artifact of
statistical segmentation (e.g., using BPE (Sennrich
et al., 2016) or Word-piece (Schuster and Nakajima,
2012)) often lack any linguistic meaning. However,
models learn to encode such information. We found
a match ranging from 1% (BERT-cased) up to 25%
(XLM-R) when comparing encoded concepts with
the suffix concept. A similar pattern is observed
in the case of the ngram concept (which is a super-
set of the suffix concept) where a staggering 48%
matches were found. Figure 6a shows an ngram
cluster found in layer 2 of BERT-c.6

Morphology and Semantics We found that the
encoded concepts based on word morphology
(POS) consistently showed a higher match across
all models in comparison to the other abstract con-
cepts, aligning a quarter of the encoded concepts
in the case of mBERT. The alignment with seman-
tic concepts is relatively lower, with at most 16%
match across models. This reflects that while the
models learn both linguistic properties, morpholog-
ical ontology is relatively preferred compared to
the semantic hierarchy.

Syntactic These concepts capture grammatical
orientation of a word, for example Chunking:B-NP
is a syntactic concept describing words in the be-
ginning of a noun phrase. CCG:PP/NP is a concept

present their results in the interest of space.
6Appendix A shows more examples of the ngram, suffix,

LIWC and WordNet clusters.
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(a) Ngram:ex (b) LIWC:religion (c) LIWC: Bio (d) WordNet:Motion

Figure 3: Examples of BERT-c encoded concepts aligned with the human-defined concepts

in CCG super tagging, describing words that takes
a noun phrase on the right and outputs a preposi-
tion phrase for example “[in[the US]]”. We found
relatively fewer matches, a maximum of 7% and
14% matching encoded concepts for Chunking and
CCG concepts respectively. The low matches for
syntactic concepts suggest that the models do not
encode the same syntactic hierarchy suggested by
these human-defined syntactic tasks.

Linguistic Ontologies Comparing the encoded
concepts with static linguistic ontologies, we found
WordNet concepts to be the second most aligned
concept (11-21%) with the human-defined con-
cepts. LIWC also shows a relatively higher align-
ment compared to the other human-defined con-
cepts in a few models (e.g., BERT-c). However,
this observation is not consistent across models and
we found a range between 5-16% matches. These
results present an interesting case where several
models prefer the distinction of lexical ontology
over abstract linguistic concepts such as morphol-
ogy. Figure 3 shows examples of encoded concepts
aligned with WordNet and LIWC. We see that these
concepts are built based on a semantic relationship
e.g., the clusters in Figure 3b, 3c and 3d group
words based on religious, facial anatomy, and spe-
cific motion-related vocabulary respectively.

Comparing Models The results of multilingual
models (mBERT, XLM-R) are intriguing given that
their encoded concepts are dominated by ngram-
based concepts and POS concepts, and their rela-
tively lesser alignment with the linguistic ontolo-
gies. On the contrary, several monolingual models
(BERT-c, ALBERT) showed a better match with
linguistic ontologies specially WordNet.

The higher number of matches to the ngram (and
suffix) concepts in the multilingual models is due to
the difference in subword segmentation. The sub-
word models in XLM-R and mBERT are optimized
for multiple languages, resulting in a vocabulary

consisting of a large number of small ngram units.
This causes the multilingual models to aggressively
segment the input sequence, compared to the mono-
lingual models7 and resulted in highly dominated
ngram-based encoded concepts, especially in the
lower layers. This may also explain the relatively
lower match that multilingual models exhibit to the
linguistic ontologies. We discuss this further in the
context of layer-wise analysis in Section 5.2.

Comparing BERT cased vs. uncased, interest-
ingly BERT-uc consistently showed higher matches
for the core-linguistic concepts (See Figure 2). We
speculate that in the absence of casing informa-
tion, BERT-uc is forced to learn more linguistic
concepts, whereas BERT-c leverages the explicit
casing information to capture more semantically
motivated concepts based on linguistic ontologies.

The higher matches in multilingual models in
comparison to the monolingual models, and BERT-
uncased in comparison to BERT-cased suggest that
the training complexity is one factor that plays a
role in a model’s ability to learn linguistic nuances.
For example, multilingual models need to optimize
many languages, which is a harder task compared
to learning one language. Similarly, the absence
of capitalization in training data makes the learn-
ing task relatively harder for BERT-uc compared to
BERT-c models, thus resulting in higher matches
for BERT-uc. We speculate that the harder the train-
ing task, the more language nuances are learned
by a model. Belinkov et al. (2020) made a similar
observation, where they showed that the linguistic
knowledge learned within the encoder-decoder rep-
resentations in NMT models correlates with com-
plexity of a language-pair involved in the task.

5.2 Layer-wise Alignment

Now we study the alignment of human-defined
concepts across layers to understand how concepts

7In our dataset, mBERT has 13% more words after sub-
word segmentation compared to BERT-c.
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Figure 4: Layer-wise concept alignment. Y-axis is the normalized number of aligned concepts. The number within
brackets of each human-defined concept, e.g. Casing (166), shows the maximum layer-wise match

evolve in the network. Figure 4 shows results for
selected models.8 The y-axis is the normalized
number of aligned concepts across layers.

Overall Trend We observed mostly consistent
patterns across models except for ALBERT, which
we will discuss later in this section. We found that
the shallow concepts (such as ngram and suffixes)
and the linguistic ontologies (LIWC and WORD-
NET) are better represented in the initial layers and
exhibit a downward trend in the higher layers of
the network. On the contrary the core linguistic
concepts (POS, Chunking, etc.) are better repre-

8See Figure 10 in the Appendix for complete results.

sented in the higher layers (layer 8-10). The last
layers do not show any consistently dominating
human-defined concepts considered in this work.
We can generalize on these trends and hypothesize
on how encoded concepts evolve in the network:
the initial layers of the pretrained models, group
words based on their lexical and semantic similar-
ities where the former is an artifact of subword
segmentation. With the inclusion of context and ab-
straction in the higher layers, these groups evolve
into linguistic manifolds. The encoded concepts
in the last layers are influenced by the objective
function and learn concepts relevant to the task.
Durrani et al. (2021) also made similar observation
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when analyzing linguistic concepts in pre-trained
models that are fine-tuned towards different GLUE
tasks.

Concept-wise Trend In the following, we dis-
cuss different concepts in detail. As we mentioned
earlier, the high presence of ngram and suffix con-
cepts in the lower layers is due to subword seg-
mentation. At the higher layers, the models start
encoding abstract concepts, therefore get better
alignment with the core linguistic concepts. Cas-
ing shows an exception to other lexical concepts
and has similar trend to POS and SEM. Upon in-
vestigating we observed that the words appearing
in these clusters have a hybrid connotation. For
example, more than 98% of the encoded concepts
that match with Casing are named entities, which
explains the trend. The syntactic concepts observe
peak in the higher-middle layers and a downward
trend towards the end. These findings resonate
with the earlier work on interpreting neural net-
work representations for BERT. For example Liu
et al. (2019a) also showed that probes trained with
layers 7-8 give the highest accuracy when trained
towards predicting the tasks of Chunking and CCG
tagging. Although here, we are targeting a slightly
different question i.e. how the latent concepts are
encoded within the representations and how they
evolve from input to output layers of the network.

We observed a downward trend in linguistic on-
tologies (WordNet, LIWC) as we go from lower
layers to higher layers as opposed to the core lin-
guistic concepts (POS, CCG, etc.). This is because
of the context independent nature of these concepts
as opposed to the core-linguistic concepts which
are annotated based on the context. The embed-
ding layer is non-contextualized, thus shows a high
match with linguistic ontologies. With the availabil-
ity of context in contextualized layers, the encoded
concepts evolve into context-aware groups, result-
ing in higher matches with core-linguistic concepts.

Comparing Models While the overall trend is
consistent among BERT-uc, mBERT and XLNet
(and other studied models – Figure 10 in Appendix),
the models somewhat differ in the last layers: see
the large drop in core-linguistic concepts such as
POS and Chunking for XLNet and mBERT in com-
parison to BERT. This suggests that BERT retains
much of the core-linguistic information at the last
layers. Durrani et al. (2020) observed a similar
pattern in their study, where they showed BERT to

retain linguistic information deeper in the model as
opposed to XLNet where it was more localized and
predominantly preserved earlier in the network.

While the overall layer-wise trends of multilin-
gual models look similar to some monolingual mod-
els (mBERT vs. XLNet in Fig 4b,c), the former’s
absolute layer-wise matches (numbers inside the
brackets in Figure 4 e.g. Casing (166)) are gener-
ally substantially higher than the monolingual coun-
terparts. For example, the POS and SEM matches
of mBERT are 38.9% and 30% respectively which
are 18% and 15% higher than BERT-uc. On the
contrary, the number of matches with linguistic
ontologies is often lower for multilingual models
(mBERT LIWC alignment of 65 vs. BERT-uc align-
ment of 186). We hypothesize that the variety of
training languages in terms of their morphological
and syntactic structure has caused the multilingual
models to learn more core-linguistic concepts in
order to optimize the training task. Although, the
knowledge captured within linguistic ontologies is
essential, it may not be as critical to the training of
the model as the linguistic concepts.

ALBERT showed a very different trend from
the other models. Note that ALBERT shares param-
eters across layers while the other models have sep-
arate parameters for every layer. This explains the
ALBERT results where we see relatively less varia-
tion across layers. More interestingly, the encoded
concepts in the last layers of ALBERT showed
presence of all human-defined concepts considered
here (see the relatively smaller drop of ALBERT
alignment curves in Figure 4).

5.3 Unaligned Concepts

In Table 1 we observed that at least 27.6% (in
XLM-R) and up to 56.4% (in XLNet) encoded
concepts did not align with the human-defined con-
cepts. What concepts do these unaligned clusters
contain? In an effort to answer this question, we
analyzed these clusters and observed that many of
them were compositional concepts that involves
more than one fine-grained categories of the human
defined concepts. Figure 5a shows an example of
the unaligned concept which partly aligns with a
semantic category (SEM:geopolitical entity) and a
morphological category (POS:adjective). Similarly,
Figure 5b is a verbs related to cognitive processes
and Figure 5c shows an unaligned cluster that is
composed of different verb forms (past, present
and gerunds). The alignment with multiple human-
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(a) SEM:GPE+POS:JJ (b) POS:VB*+LIWC:cogmech (c) POS:VB*

Figure 5: Examples of unaligned encoded concepts: (a) combination of geopolitical entities and their related
adjectives, (b,c) different forms of verb with specific semantics

defined concepts can be used to generate explana-
tions for these unaligned concepts. For example,
Figure 5a can be aligned as a mix of geopolitical en-
tities and adjectives. We also quantitatively verified
the number of unaligned encoded concepts that can
be explained using composition of different con-
cepts (See Appendix E: Table 9) and found that a
majority of the clusters can be explained using a
combination of three pre-defined concepts..

Moreover, note that encoded concepts are often
multifacet i.e., they represent more than one re-
lationship. For example, the encoded concept in
Figure 5c consists of different forms of verbs but at
the same time, these verbs are semantically similar.
The semantic relationship present here is not ade-
quately captured using the human-defined concepts
used in this work. These are the novel concepts that
require richer annotations or human-in-the-loop
setup to generate adequate explanations.

5.4 Generalization of Results
Do the results generalize over different dataset se-
lection and using different number of clusters? We
ran experiments using different split of the news
dataset for several models, and also performed
alignment using different values of K, the num-
ber of clusters. The results are consistent across
the board. Please see Appendix F for details.

6 Conclusion

We presented ConceptX, a novel framework for
analyzing the encoded concepts within deep NLP
models. Our method uses unsupervised clustering
to discover latent concepts within the contextual-
ized representations and then aligned these con-
cepts with a suite of human-defined concepts to
generate explanations for them. Our results illumi-
nate how DNNs structure language information. A
few notable findings are: i) lower layers capture

shallow linguistic concepts, ii) whereas the abstract
linguistic concepts such as morphology and seman-
tics are preserved higher in the network, iii) the
extent of alignment varies across different models
and different human-defined concepts, iv) we found
that novel explanations and an improved coverage
of concepts can be achieved via compositionality.
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Appendix

A Human-defined concept labels

A.1 Lexical Concepts:

Ngrams, Affixes, Casing, First and the Last Word.

A.2 Morphology and Semantics:

POS tags: We used the Penn Treebank POS tags
discussed in (Marcus et al., 1993), which consists
of 36 POS tags and 12 other tags (i.e., punctuation
and currency symbols). In Table 2, we provide
POS tags and their description.

SEM tags: (Abzianidze et al., 2017) consists of
73 sem-tags grouped into 13 meta-tags. In Table
3, we provide a detailed information of the tagset,
and in Table 5, we provide fine and coarse tags
mapping.

A.3 Syntactic:

Chunking tags: For Chunking we used the tagset
discussed in (Tjong Kim Sang and Buchholz,
2000), which consists of 11 tags as follows: NP
(Noun phrase), VP (Verb phrase), PP (Prepositional
phrase), ADVP (Adverb phrase), SBAR (Subor-
dinate phrase), ADJP (Adjective phrase), PRT
(Particles), CONJP (Conjunction), INTJ (Interjec-
tion), LST (List marker), UCP (Unlike coordinate
phrase). For the annotation, chunks are represented
using IOB format, which results in 22 tags in the
dataset as reported in Table 4.

CCG super-tags Hockenmaier (2006) devel-
oped, CCGbank, a dataset with Combinatory Cat-
egorial Grammar (CCG) derivations and depen-
dency structures from the Penn Treebank. CCG is
a lexicalized grammar formalism, which is expres-
sive and efficiently parseable. It consists of 1272
tags.

A.4 Linguistic Ontologies:

WordNet: (Miller, 1995) consists of 26 lexico-
graphic senses for nouns, 2 for adjectives, and 1
for adverbs. Each of them represent a supersense
and a hierarchy can be formed from hypernym to
hyponym.

LIWC: Over the past few decades, Pennebaker
et al. (Pennebaker et al., 2001) have designed psy-
cholinguistic concepts using high frequency words.
These word categories are mostly used to study
gender, age, personality, and health to estimate the

# Tag Description

1 CC Coordinating conjunction
2 CD Cardinal number
3 DT Determiner
4 EX Existential there
5 FW Foreign word
6 IN Preposition or subordinating conjunction
7 JJ Adjective
8 JJR Adjective, comparative
9 JJS Adjective, superlative
10 LS List item marker
11 MD Modal
12 NN Noun, singular or mass
13 NNS Noun, plural
14 NNP Proper noun, singular
15 NNPS Proper noun, plural
16 PDT Predeterminer
17 POS Possessive ending
18 PRP Personal pronoun
19 PRP$ Possessive pronoun
20 RB Adverb
21 RBR Adverb, comparative
22 RBS Adverb, superlative
23 RP Particle
24 SYM Symbol
25 TO to
26 UH Interjection
27 VB Verb, base form
28 VBD Verb, past tense
29 VBG Verb, gerund or present participle
30 VBN Verb, past participle
31 VBP Verb, non-3rd person singular present
32 VBZ Verb, 3rd person singular present
33 WDT Wh-determiner
34 WP Wh-pronoun
35 WP$ Possessive wh-pronoun
36 WRB Wh-adverb
37 # Pound sign
38 $ Dollar sign
39 . Sentence-final punctuation
40 , Comma
41 : Colon, semi-colon
42 ( Left bracket character
43 ) Right bracket character
44 " Straight double quote
45 ’ Left open single quote
46 " Left open double quote
47 ’ Right close single quote
48 " Right close double quote

Table 2: Penn Treebank POS tags.

correlation between these attributes and word us-
age. It is a knowledge-based system where words
are mapped different high level concepts.

B BERT-based Sequence Tagger

We trained a BERT-based sequence tagger to auto-
annotate our training data. We used standard splits
for training, development and test data for the 4
linguistic tasks (POS, SEM, Chunking and CCG
super tagging) that we used to carry out our analy-
sis on. The splits to preprocess the data are avail-
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ANA (anaphoric) MOD (modality)

PRO anaphoric & deictic pronouns: he, she, I, him NOT negation: not, no, neither, without
DEF definite: the, loIT, derDE NEC necessity: must, should, have to
HAS possessive pronoun: my, her POS possibility: might, could, perhaps, alleged, can
REF reflexive & reciprocal pron.: herself, each other DSC (discourse)
EMP emphasizing pronouns: himself SUB subordinate relations: that, while, because
ACT (speech act) COO coordinate relations: so, {,}, {;}, and
GRE greeting & parting: hi, bye APP appositional relations: {,}, which, {(}, —
ITJ interjections, exclamations: alas, ah BUT contrast: but, yet
HES hesitation: err NAM (named entity)
QUE interrogative: who, which, ? PER person: Axl Rose, Sherlock Holmes
ATT (attribute) GPE geo-political entity: Paris, Japan
QUC concrete quantity: two, six million, twice GPO geo-political origin: Parisian, French
QUV vague quantity: millions, many, enough GEO geographical location: Alps, Nile
COL colour: red, crimson, light blue, chestnut brown ORG organization: IKEA, EU
IST intersective: open, vegetarian, quickly ART artifact: iOS 7
SST subsective: skillful surgeon, tall kid HAP happening: Eurovision 2017
PRI privative: former, fake UOM unit of measurement: meter, $, %, degree Celsius
DEG degree: 2 meters tall, 20 years old CTC contact information: 112, info@mail.com
INT intensifier: very, much, too, rather URL URL: http://pmb.let.rug.nl
REL relation: in, on, ’s, of, after LIT literal use of names: his name is John
SCO score: 3-0, grade A NTH other names: table 1a, equation (1)
COM (comparative) EVE (events)
EQU equative: as tall as John, whales are mammals EXS untensed simple: to walk, is eaten, destruction
MOR comparative positive: better, more ENS present simple: we walk, he walks
LES comparative negative: less, worse EPS past simple: ate, went
TOP superlative positive: most, mostly EXG untensed progressive: is running
BOT superlative negative: worst, least EXT untensed perfect: has eaten
ORD ordinal: 1st, 3rd, third TNS (tense & aspect)
UNE (unnamed entity) NOW present tense: is skiing, do ski, has skied, now
CON concept: dog, person PST past tense: was baked, had gone, did go
ROL role: student, brother, prof., victim FUT future tense: will, shall
GRP group: John {,} Mary and Sam gathered, a group of people PRG progressive: has been being treated, aan hetNL
DXS (deixis) PFT perfect: has been going/done
DXP place deixis: here, this, above TIM (temporal entity)
DXT temporal deixis: just, later, tomorrow DAT full date: 27.04.2017, 27/04/17
DXD discourse deixis: latter, former, above DOM day of month: 27th December
LOG (logical) YOC year of century: 2017
ALT alternative & repetitions: another, different, again DOW day of week: Thursday
XCL exclusive: only, just MOY month of year: April
NIL empty semantics: {.}, to, of DEC decade: 80s, 1990s
DIS disjunction & exist. quantif.: a, some, any, or CLO clocktime: 8:45 pm, 10 o’clock, noon
IMP implication: if, when, unless
AND conjunction & univ. quantif.: every, and, who, any

Table 3: Semantic tags.

Task Train Dev Test Tags F1

POS 36557 1802 1963 48 96.69
SEM 36928 5301 10600 73 96.22
Chunking 8881 1843 2011 22 96.91
CCG 39101 1908 2404 1272 94.90

Table 4: Data statistics (number of sentences) on train-
ing, development and test sets using in the experiments
and the number of tags to be predicted

able through git repository9 released with Liu et al.
(2019a). See Table 4 for statistics and classifier
accuracy.

9https://github.com/nelson-liu/
contextual-repr-analysis
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C Clustering details

Algorithm 1 assigns each word to a separate clus-
ter and then iteratively combines them based on
Ward’s minimum variance criterion that minimizes
intra-cluster variance. Distance between two vec-
tor representations is calculated with the squared
Euclidean distance.

Algorithm 1 Clustering Procedure
Input: −→y l: word representation of words
Parameter: K: the total number of clus-
ters

1: for each word wi do
2: assign wi to cluster ci
3: end for
4: while number of clusters ̸= K do
5: for each cluster pair ci,ci′ do
6: di,i′ = inner-cluster difference of com-

bined cluster ci and ci′
7: end for
8: cj ,cj′ = cluster pair with minimum value of

d
9: merge clusters cj and cj′

10: end while

C.1 Selection of the number of Clusters

The Elbow curve did not show any optimum clus-
tering point, with the increase in number of clus-
ters the distortion score kept decreasing, resulting
in over-clustering (a large number of clusters con-
sisted of less than 5 words). The over-clustering
resulted in high but wrong alignment scores e.g.
consider a two word cluster having words “good”
and “great”. The cluster will have a successful
match with “adjective” since more than 90% of the
words in the cluster are adjectives. In this way, a lot
of small clusters will have a successful match with
many human-defined concepts and the resulting
alignment scores will be high. On the other hand,
Silhouette resulted in under-clustering, giving the
best score at number of clusters = 10. We handled
this empirically by trying several values for the
number of clusters i.e., 200 to 1600 with step size
200. We selected 1000 to find a good balance with
over and under clustering. We understand that this
may not be the best optimal point. We presented
the results of 600 and 1000 clusters to show that our
findings are not sensitive to the number of clusters
parameter.

D Coarse vs. Fine-grained Categories

D.1 Coarse vs. Fine-grained Categories

Our analysis of compositional concepts showed
that several fine-grained concepts could be com-
bined to explain an unaligned concept. For exam-
ple, by combining verb categories of POS to one
coarse verb category, we can align the encoded
concept present in Figure 5c. To probe this more
formally, we collapsed POS and SEM fine-grained
concepts into coarser categories (27 POS tags and
15 SEM tags). We then recomputed the alignment
with the encoded concepts. For most of the models,
the alignment doubled compared to the fine-grained
categorizes with at least 39% and at most 53% per-
cent match for POS. This reflects that in several
cases, models learn the coarse language hierarchy.
We further questioned how many encoded concepts
can be explained using coarse human-defined con-
cepts. Compared to Table 1, the matches increased
by at most 17 points in the case of BERT-uc. The
XLM-R showed the highest matching percentage
of 81%. The higher alignment suggests that most of
the encoded concepts learned by pre-trained mod-
els can be explained using human-defined concepts.
(See Appendix D for detailed results).

D.2 Corase POS and SEM labels

Tables 5 and 6 present results for our mapping
of fine-grained SEM and POS tags into coarser
categories.

Coarse Fine-grained

ACT QUE
ANA DEF, DST, EMP, HAS, PRO, REF
ATT INT, IST, QUA, REL, SCO
COM COM, LES, MOR, TOP
DSC APP, BUT, COO, SUB
DXS PRX
EVE EXG, EXS, EXT, EXV
LOG ALT, AND, DIS, EXC, EXN, IMP, NIL, RLI
MOD NEC, NOT, POS
NAM ART, GPE, HAP, LOC, NAT, ORG, PER, UOM
TIM DEC, DOM, DOW, MOY, TIM, YOC
TNS EFS, ENG, ENS, ENT, EPG, EPS,

EPT, ETG, ETV, FUT, NOW, PST
UNE CON, ROL
UNK UNK

Table 5: SEM: Coarse to Fine-grained mapping

D.3 Results

Table 7 presents the alignment results of using
coarse POS and SEM concepts. We observed that
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Coarse Fine-grained

Adjective JJ, JJR, JJS
Adverb RB, RBS, WRB, RBR
Conjunction CC
Determiner DT, WDT
Noun NN, NNS, NNP, NNPS
Number CD
Preposition IN, TO
Pronoun PRP, PRP$, WP, WP$
Verb VB, VBN, VBZ, VBG, VBP, VBD
No Changes $, -LRB-, #, FW, -RRB-, LS, POS, "", EX

SYM, „ :, RP, ., PDT, MD, UH,

Table 6: POS: Coarse to Fine-grained mapping

the alignment doubles in most of the cases which re-
flects that in several cases, models learn the coarse
language hierarchy. However, they do not strictly
adhere to fine-grained categories existed in human-
defined concepts. We further extend the alignment
of coarse POS and SEM categories to the overall
alignment with the human-defined concepts. Table
8 presents the results. We see a match of up to
81% in the case of XLM-R. The high alignment
suggests that many of the encoded concepts can be
explained using coarse human-defined concepts.

POS SEM
Fine Coarse Fine Coarse

BERT-cased 13% 42% 7% 15%
BERT-uncased 16% 43% 9% 18%
mBERT 26% 53% 16% 26%
XLM-RoBERTa 24% 47% 11% 21%
RoBERTa 18% 43% 10% 20%
ALBERT 17% 42% 9% 17%
XLNet 17% 39% 10% 18%

Table 7: Alignment of fine-grained human defined con-
cepts compared to coarse categories

E Compositional Coverage

Table 9 shows the amount of coverage we obtain
when aligning with the morphological concepts
when allowing 90% of the words in the cluster to
be from N concepts.

BERT-c BERT-uc mBERT XLM-R
Overall 61.5% 63.6% 77.7% 81.0%
alignment RoBERTa ALBERT XLNet

62.9% 64.0% 55.3%

Table 8: Coverage of human-defined concepts using
coarse POS and SEM labels across all clusters from a
given model

F Robustness of Methodology across
Datasets and Settings

Figure 8 shows the layer-wise patterns using 600
clusters instead of 1000 as used in the main paper.
We observe that the overall trends largely remain
the same.

To further demonstrate the robustness of our
method with respect to dataset, we sub-sampled
another dataset from the News corpus with a dif-
ferent vocabulary by selecting words that appear
between 2 to 10 times in the corpus. Note that
the selection of vocabulary is due to the memory
and computation limitations. Figure 9 shows the
results using this selection of data. Compared to
Figure 4, we can see that the overall patterns are
largely similar and confirms the robustness of our
findings. The slight difference in the patterns of
WordNet and LIWC are due to the large selection
of proper nouns in the second set of the data.

G Layer-wise results

Figure 10 present layer-wise results for all the un-
derstudied models.

3097



(a) (b) (c)

Figure 6: Example clusters: (a) ngram:ace, (b) POS:CD, (c) Chunking:B-VP + Suffix:ed

(a) (b) (c)

Figure 7: Example clusters: (a) LIWC:cause, (b) WORDNET:verb.cognition, (c) WORDNET:noun.artifact

Concepts BERT-c BERT-uc mBERT XLM-R RoBERTa ALBERT XLNet

1 13% 16% 26% 24% 18% 17% 17%
2 11% 12% 20% 23% 13% 13% 12%
3 14% 13% 14% 18% 11% 15% 9%
4 6% 6% 4% 4% 5% 5% 3%
5 2% 1% 1% 1% 2% 1% 1%
6 1% 0% 0% 0% 1% 1% 0%

Table 9: Percentage of alignment when an encoded concept is composed of N morphological concepts. As can be
seen, most concepts are composed of either 1, 2 or 3 morphological concepts, showing that several concepts learned
by these models are indeed compositional in nature.
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Figure 8: Layer-wise results using 600 clusters.
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Figure 9: Layer-wise results on a separately sampled dataset.

3100



Figure 10: Layer-wise results.
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Abstract

We propose DrBoost, a dense retrieval ensem-
ble inspired by boosting. DrBoost is trained
in stages: each component model is learned
sequentially and specialized by focusing only
on retrieval mistakes made by the current en-
semble. The final representation is the concate-
nation of the output vectors of all the compo-
nent models, making it a drop-in replacement
for standard dense retrievers at test time. Dr-
Boost enjoys several advantages compared to
standard dense retrieval models. It produces
representations which are 4x more compact,
while delivering comparable retrieval results. It
also performs surprisingly well under approxi-
mate search with coarse quantization, reducing
latency and bandwidth needs by another 4x.
In practice, this can make the difference be-
tween serving indices from disk versus from
memory, paving the way for much cheaper de-
ployments.1

1 Introduction

Identifying a small number of relevant documents
from a large corpus to a given query, information
retrieval is not only an important task in-and-of
itself, but also plays a vital role in supporting a
variety of knowledge-intensive NLP tasks (Lewis
et al., 2020; Petroni et al., 2021), such as open-
domain Question Answering (ODQA, Voorhees
and Tice, 2000; Chen et al., 2017) and Fact Check-
ing (Thorne et al., 2018). While traditional retrieval
methods, such as TF-IDF and BM25 (Robertson,
2008), are built on sparse representations of queries
and documents, dense retrieval approaches have
shown superior performance recently on a range
of retrieval and ranking tasks (Guu et al., 2020;
Karpukhin et al., 2020; Reimers and Gurevych,
2019; Hofstätter et al., 2021b). Dense retrieval

∗Equal contribution
1Our code is available at https://github.com/

facebookresearch/drboost.

involves embedding queries and documents as low-
dimensional, continuous vectors, such that query
and document embeddings are similar when the
document is relevant to the query. The embedding
function leverages the representational power of
pretrained language models and is further finetuned
using any available training query-document pairs.
Document representations are computed offline in
an index allowing dense retrieval to scale to mil-
lions of documents, with query embeddings being
computed on the fly.

When deploying dense retrievers in real-world
settings, however, there are two practical concerns:
the size of the index and the retrieval time latency.
The index size is largely determined by the num-
ber of documents in the collection, as well as the
embedding dimension. Whilst we cannot gener-
ally control the former, reducing the embedding
size is an attractive way to reduce index size. On
lowering latency, Approximate Nearest-Neighbor
(ANN) or Maximum Inner Product Search (MIPS)
techniques are required in practice. This implies
that it is far more important for retrieval models to
perform well under approximate search rather than
in the exact search setting. Developing a dense
retrieval model that produces more compact em-
beddings and are more amenable to approximate
search is thus the focus of this research.

In this paper, we propose DrBoost, an ensem-
ble method for learning a dense retriever, inspired
by boosting (Schapire, 1990; Freund and Schapire,
1997). DrBoost attempts to incrementally build
compact representations at training time. It con-
sists of multiple component dense retrieval models
(“weak learners” in boosting terminology), where
each component is a BERT-based bi-encoder, pro-
ducing vector embeddings of the query and docu-
ment. These component embeddings are in lower
dimensions (e.g., 32 vs. 768) compared to those
of regular BERT encoders. The final relevance
function is implemented as a linear combination
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of inner products of embeddings produced by each
weak learner. This can be efficiently calculated
by concatenating vectors from each component
and then performing a single MIPS search, which
makes DrBoost a drop-in replacement for standard
dense retrievers at test time. Component models
are trained and added to the ensemble sequentially.
Each model is trained as a reranker over negative
examples sampled by the current ensemble and can
be seen as specializing on retrieval mistakes made
previously. For example, early components focus
on high-level topical information, whereas later
components can capture finer-grained tail phenom-
ena. Through this mechanism, individual compo-
nents are disentangled and redundancy minimized,
leading to more compact representations.

There are a couple of noticeable differences in
training DrBoost when compared to existing dense
retrieval models. Although iterative training us-
ing negatives sampled by models learned in the
previous rounds has been proposed (Xiong et al.,
2020; Qu et al., 2021; Oğuz et al., 2021; Sachan
et al., 2021, inter alia.), existing methods keep only
the final model. In contrast, each weak learner in
DrBoost is preserved and added to the ensemble.
The construction of the embedding also differs. Dr-
Boost can be viewed as a method of slowly “grow-
ing” overall dense vector representations, lend-
ing some structure to otherwise de-localized repre-
sentations, while existing retrieval models encode
queries and documents in one step.

More importantly, DrBoost enjoys several ad-
vantages in real-world settings. Because each weak
learner in DrBoost produces very low-dimensional
embeddings to avoid overfitting (32-dim in our
experiments), many components can be added
whilst the index stays small. Our experiments
demonstrate that DrBoost produces very compact
embeddings overall, achieving accuracy on par
with a comparable non-boosting baseline with 4–
5x smaller vectors, and strongly outperforming
a dimensionally-matched variant. Probing Dr-
Boost’s embeddings using a novel technique, we
also show that the embeddings can be used to re-
cover more topical information from Wikipedia
than a dimensionally-matched baseline.

Empirically, DrBoost performs superbly when
using approximate fast MIPS. With a K-mean in-
verted file index (IVF), the simple and widely used
approach, especially in hierarchical indices and
Web-scale settings (Jégou et al., 2011; Johnson

et al., 2019; Matsui et al., 2018), DrBoost greatly
outperforms the baseline DPR model (Karpukhin
et al., 2020) by 3–10 points. Alternatively, it can
reduce bandwidth and latency requirements by 4–
64x while retaining accuracy. In principle, this
allows for the approximate index to be served on-
disk rather than in expensive and limited RAM
(which is typically 25x faster), making it feasible
to deploy dense retrieval systems more cheaply
and at much larger scale. We also show that Dr-
Boost’s index is amenable to compression, and can
be compressed to 800MB, 2.5x smaller than a re-
cent state-of-the-art efficient retriever, whilst being
more accurate (Yamada et al., 2021).

2 Dense Retrieval

We give here the background of dense retrieval and
boosting, as well as our proposed method. More
extensive related work can be found in §5.5.

Dense Retrieval involves learning a scalable rel-
evance function h(q, c) which takes high values for
passages c that are relevant for question q, and low
otherwise. In the popular dense bi-encoder frame-
work, h(q, c) is implemented as the dot product
between q and c, dense vector representations of
passages and questions respectively, produced by a
pair of neural network encoders, EQ and EC ,

h(q, c) = EQ(q)
⊤EC(c) = q⊤c (1)

where q = EQ(q) and c = EC(c). At in-
ference time, retrieval from a large corpus C =
{c1 , . . . , c|C|} is accomplished by solving the fol-
lowing MIPS problem: c∗ = argmaxc∈C q

⊤c.
In standard settings, we assume access to a set of

m gold question-passage pairs D = {(qi, c+i )}mi=1.
It is most common to learn models by training
to score gold pairs higher than sampled nega-
tives. Negatives can be obtained in a variety
of ways, such as by sampling at random from
corpus C, or by using some kind of importance
sampling function on retrieval results (see §2.1).
When augmented by n negatives per gold passage-
document pair, we have training data of the form
D̃ = {(qi, c+i , c−i,1, . . . c−i,n)}mi=1, which we use to
train a model, e.g., using a ranking or margin ob-
jective, or in our case, by optimizing negative log-
likelihood (NLL) of positive pairs

Lθ = − log
eh(qi,c

+
i )

eh(qi,c
+
i ) +

∑n
j=1 e

h(qi,c
−
i,j)
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Algorithm 1 Dense Retrieval with Iteratively-
sampled Negatives v.s. Boosted Dense Retrieval
Require: Dtrain,Ddev, C ▷ Training Data and Corpus
Require: h0 ▷ Initial Retrieval Model
Require: τ ▷ Min. Error Reduction Tolerance
1: r ← 0
2: h← h0 ▷ Initialize Current Model with Initial Model
3: ϵold ←∞
4: ϵ← GetModelError(Ddev, C, h)
5: while (ϵold − ϵ) > τ do
6: r ← r + 1
7: D̃rtrain = AddNegatives(Dtrain, C, h)
8: D̃rdev = AddNegatives(Ddev, C, h)
9: hr = TrainDenseRetriever(D̃rtrain, D̃rdev)

10: if Dense Retrieval w/ Iteratively-sampled Negs. then
11: h← hr
12: else if Boosted Dense Retrieval then
13: h← CombineModels(h, hr)
14: end if
15: ϵold ← ϵ
16: ϵ← GetModelError(D̃dev, C, h)
17: end while
18: return h

2.1 Iterated Negatives for Dense Retrieval
The choice of negatives is an important factor for
what behaviour dense retrievers will learn. Simply
using randomly-sampled negatives has been shown
to perform poorly, because they are too easy for
the model to discriminate. Thus it is common to
mix in some hard negatives along with random
negatives, which are designed to be more challeng-
ing to distinguish from gold passages (Karpukhin
et al., 2020). Hard negatives are typically collected
by retrieving passages using an untrained retriever,
such as BM25, and filtering out any unintentional
golds. This ensures the hard negatives are at least
topically-relevant.

Recently, it has become common practice to run
a number of rounds of dense retrieval training to
bootstrap hard negatives (Xiong et al., 2020; Qu
et al., 2021; Oğuz et al., 2021; Sachan et al., 2021,
inter alia.). Here, we first train a dense retriever
following the method we describe above, and then
use this retriever to produce a new set of hard nega-
tives. This retriever is discarded, and a new one is
trained from scratch, using the new, “harder” nega-
tives. This process can then be repeated until per-
formance ceases to improve. This approach, which
we refer to dense retrieval with iteratively-sampled
negatives is described in Algorithm 1.

2.2 Boosting
Boosting is a loose family of training algorithms
for machine learning problems, based on the princi-
ple of gradually ensembling “weak learners” into a

strong learner. Boosting can be described by the fol-
lowing high-level formalism (Schapire, 2007). For
a task with a training set {(x1, y1), · · · , (xm, ym)},
where (xi, yi) ∈ X×Y we want to learn a function
h : X → Y , such that h(xi) = ŷi ≈ yi. This is
achieved using an iterative procedure over R steps:

• For round r, we construct an importance dis-
tribution Dr over the training data, based on
where error ϵ of our current model h is high

• Learn a “weak learner” hr to minimize er-
ror ϵr =

∑
iDr(i)L(hr(xi), yi) for some

loss function L measuring the discrepancy be-
tween predictions and real values.

• Combine h and hr to form a new, stronger
overall model, e.g., by a linear combination
hnew = αhr + βh. The iteration can now be
repeated.

The initial importance distribution D0 is usually as-
sumed to be a uniform distribution, and h0 models
a constant function. Note that how each additional
model added to h is specifically designed to solve
instances that h currently struggles with.

2.3 Boosted Dense Retrieval: DrBoost
We note similarities between the boosting formu-
lation, and the dense retrieval with iteratively-
sampled negatives. We can adapt a boosting-
inspired approach to dense retrieval with minimal
changes, as shown in Algorithm 1. Algorithmically,
the only difference (lines 10–13) is that in the case
of iterative negatives, the model h after r rounds
is replaced by the new model hr, whereas in the
boosting case, we combine hr and h.

In this paper, we view the boosted “weak learner”
models hr as rerankers over the retrieval distri-
bution from the current model h. That is, when
training dense boosted retrievers, we only train us-
ing hard negatives, and do not use any random or
in-batch negatives. Using the construction of neg-
atives as a mechanism to define the importance
distribution, each new model is directly trained to
solve the retrieval mistakes that the current ensem-
ble makes. Each model hr is implemented as a
bi-encoder, as in Eq. (1). We combine models as
linear combinations:

CombineModels(h, hr) = hnew = αhr + βh

The coefficients could be learnt from development
data, or, simply by setting all coefficients to 1,
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which we find to be empirically effective. The
overall model after R rounds can be written as:

h(q, c) = αhR(q, c) + β
(
hR−1(q, c) + γ (· · · )

)

=
R∑

r=1

α′rhr(q, c) =
R∑

r=1

α′rq
⊤
r cr

= [qR , . . . ,q1 ,q0 ]
⊤[α′

R
cR , . . . , α

′
1
c1 , α

′
0
c0 ]

= q̄⊤c̄
where [. . . ] indicates vector concatenation. Thus

h can be computed as a single inner product, mak-
ing it a drop-in replacement for standard MIPS
dense retrievers at test time.

One downside of the boosting approach is that
we must maintain R encoders for both passages
and questions. Since passages are embedded of-
fline, this does not create additional computational
burden on the passage side at test time. However,
on the query side, for a question q, boosted dense
retrieval requires R forward passes to compute
the full representation, one for each subvector qr.
While this step is fully parallelizable, it is still un-
desirable. We can remedy this for low-latency, low-
resource settings by distilling the question encoders
of h into a single encoder, which can produce the
overall question representations q̄ directly. Here,
given the training dataset Dtrain of gold question-
passage pairs, and a model h we want to distill, we
first compute overall representations q̄ and c̄ for
all pairs using h as distillation targets, then train a
new question encoder Edist

Q with parameters ϕ, by
minimizing the objective:

Lϕ =
∑

(q,c+)∈Dtrain

∥Edist
Q (q)− q̄∥2+∥Edist

Q (q)− c̄∥2

3 Experiments

3.1 Datasets
Natural Questions (NQ) We evaluate retrieval
for downstream ODQA using the widely-used NQ-
open retrieval task (Kwiatkowski et al., 2019).
This requires retrieving Wikipedia passages which
contain answers to questions mined from Google
search logs. We use the preprocessed and gold
pairs prepared by Karpukhin et al. (2020), and re-
port recall-at-K (R@K) for K ∈ {20, 100}.
MSMARCO We evaluate in a Web-text setting
using the widely-used passage retrieval task from
MSMARCO (Bajaj et al., 2016). Queries consist
of user search queries from Bing, with human-
annotated gold relevant documents. We use the

preprocessed corpus, training and dev data (gold
pairs and data splits) from Oğuz et al. (2021). We
follow the common practice of reporting the Mean-
Reciprocal-Rank-at-10 (MRR@10) metric for the
public development set.

3.2 Tasks
In this section, we will describe the experiments
we perform, and the motivations behind them.

Exact Retrieval We are interested in understand-
ing whether the boosting approach results in supe-
rior performance for exhaustive (exact) retrieval.
Here, no quantization or approximations are made
to MIPS, which results in large indices, and slow
retrieval, but represents the upper bound of accu-
racy. This setting is the most commonly-reported
in the literature.

Approximate MIPS: IVF Exact Retrieval does
not evaluate how a model performs in practically-
relevant settings. As a result, we also evaluate in
two approximate MIPS settings. First, we con-
sider approximate MIPS with an Inverted File In-
dex (IVF, Sivic and Zisserman, 2003). IVF works
by first clustering the document embeddings of-
fline using K-means (Lloyd, 1982) resulting K
cluster centroids. At test time, for a given query
vector, rather than compute an inner product for
each document in the index, we instead compute
inner products to the K centroids. We then visit
the n probes highest scoring clusters, and com-
pute inner products for only the documents in these
clusters. This technique increases the speed of
search significantly, at the expense of some accu-
racy. Increasing K, the number of centroids, in-
creases speed, at the expense of accuracy, as does
decreasing the value of n probes. A model is
preferable if retrieval accuracy remains high with
very fast search, i.e., low n probes and high K 2.
In our experiments we fit K = 65536 clusters and
sweep over a range of values of n probes from 20

to 215. Other methods such as HNSW (Malkov and
Yashunin, 2020) are also available for fast search,
but are generally more complex and can increase
index sizes significantly. IVF is a particularly pop-
ular approach due it its simplicity, and as a first
coarse quantizer in hierarchical indexing (Johnson
et al., 2019), since it is straightforward to apply

2Up to the point in K where the first stage search becomes
the bottleneck. This happens when K is in the order of

√
|C|,

which is how we pick K = 65536. We also include results
with K ∈ {4092, 16384} in the Appendix.
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sharding to the clusters, and further search indices
can be built for each cluster.

Approximate MIPS: PQ Whilst IVF will in-
crease search speeds, it does not reduce the size of
the index, which may be important for scalability,
latency and memory bandwidth considerations. To
investigate whether embeddings are amenable to
compression, we experiment with applying Product
Quantization (PQ, Jégou et al., 2011). PQ is a lossy
quantization method that works by 1) splitting vec-
tors into subvectors 2) clustering each subvector
space and 3) representing vectors as a collection
cluster assignment codes. We apply PQ using 4-
dimensional sub-vectors and 256 clusters per sub-
space, leading to a compression factor of 16x over
uncompressed float32.

All MIPS retrieval is implemented using
FAISS (Johnson et al., 2019).

Generalization Tests In addition to in-domain
evaluation, we also perform two generalization
tests. These will determine whether the boosting
approach is superior to iteratively-sampling nega-
tives in out-of-distribution settings. We evaluate
MSMARCO-trained models for zero-shot general-
ization using selected BEIR (Thakur et al., 2021)
datasets that have binary relevance labels. Namely,
we test on the SciFact, FiQA, Quora and ArguAna
subsets. This will test how well models generalize
to new textual domains and different query surface
forms. We also evaluate NQ-trained models on
EntityQuestions (Sciavolino et al., 2021), a dataset
of simple entity-centric questions which has been
recently shown to challenge dense retrievers. This
dataset uses the same Wikipedia index as NQ, and
tests primarily for robustness and generalization to
new entities at test time.

3.3 Models

We compare a model trained with iteratively-
sampled negatives to an analogous model trained
with boosting, which we call DrBoost. There
are many dense retrieval training algorithms avail-
able which would be suitable for training with
iteratively-sampled negatives and boosting with
DrBoost. Broadly-speaking, any dense retriever
could be used if utilizes negative sampling, and
could be trained in Step 9 of Algorithm 1. We
choose Dense Passage Retriever (DPR, Karpukhin
et al., 2020) with iteratively-sampled negatives due
to its comparative simplicity and popularity.

3.3.1 Iteratively-sampled negatives baseline:
DPR

DPR follows the dense retrieval paradigm outlined
in §2 It is trained with a combination of in-batch
negatives, where gold passages for one question
are treated as negatives for other questions in the
batch (which efficiently simulates random nega-
tives), and with hard negatives, sampled initially
from BM25, and then from the previous round,
as in Algorithm 1. We broadly follow the DPR
training set-up of Oğuz et al. (2021). We train
BERT-base DPR models using the standard 768
dimensions, as well as models which match the
final dimension size of DrBoost. We use parameter-
sharing for the bi-encoders, and layer-norm after
linear projection. Models are trained to minimize
the negative log-likelihood of positives, and the
number of training rounds is decided using devel-
opment data, as in Algorithm 1, using an initial h0
retriever BM25.

3.3.2 DrBoost Implementation
For our DrBoost version of DPR, we keep as many
experimental settings the same as possible. There
are two exceptions, which are required for adapting
dense retrieval to boosting. The first is that each
component “weak learner” model has a low embed-
ding dimension. This is to avoid overfitting, and to
make sure the final index size is manageable. We
report using models of 32 dims (cf. the standard
768 dims), but note that training with dimension as
low as 8 is stable. The second is that, as motivated
in §2.3, we train each weak learner using only hard
negatives, and no in-batch negatives. In effect, this
choice of negatives means that each model is essen-
tially trained as a reranker.3 DrBoost models are fit
following Algorithm 1, and we stop adding mod-
els when the development set performance stops
improving. The initial retriever h0 for DrBoost is
a constant function, and thus the initial negatives
for DrBoost are sampled at random from the cor-
pus, unlike DPR, which uses initial hard negatives
collected from BM25.

DrBoost α Coefficients DrBoost combines weak
learners as a linear combination. We experiment
with learning the α coefficients using development
data, however this does not significantly improve
results over simply setting them all to 1. There-

3Note: We sample negatives from the model’s retrieval
distribution rather than taking the top-K retrieved negatives.
We find this improves results for early rounds
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fore, for the sake of simplicity and efficiency, we
report DrBoost numbers with all α = 1.0. Em-
pirically, we find the magnitudes of embeddings
for DrBoost’s component models to be similar. In
other words, one component does not dominate
over others.

DrBoost Distillation We experiment with dis-
tilling DrBoost ensembles into a single model for
latency-sensitive applications using the L2 loss at
the end of §2.3. We distill a single BERT-base
query encoder, and perform early stopping and
model selection using development L2 loss.

4 Results

4.1 Exact Retrieval

Exact Retrieval results for MSMARCO and Nat-
ural Questions are shown in Table 1 in the “Ex-
act Search” Column. We find that our DrBoost
version of DPR reaches peak accuracy after 5 or
6 rounds when using 32-dim weak learners (see
§A.1), leading to overall test-time index of 160/192-
dim. In terms of Exact Search, DrBoost outper-
forms the iteratively-sampled negatives DPR base-
line on MSMARCO by 2.2%, and trails it by only
0.3% on NQ R@100, despite having a total dimen-
sion 4–5x smaller. It also strongly outperforms
a dimensionally-matched DPR, by 3% on MS-
MARCO, and 1% on NQ in R@100, demonstrating
DrBoost’s ability to learn high-quality, compact em-
beddings. We also quote recent state-of-the-art re-
sults, which generally achieve stronger exact search
results (AR2, Zhang et al., 2021). Our empha-
sis, however, is on comparing iteratively-sampled
negatives to boosting, and we note that state-of-
the-art approaches generally use larger models and
more complex training strategies than the “inner
loop” BERT-base DPR we report here. Such strate-
gies could also be incorporated into DrBoost if
higher accuracy was desired, as DrBoost is largely-
agnostic to the training algorithm used.

4.2 Approximate MIPS

Table 1 also shows how DPR and DrBoost behave
under IVF MIPS search, which is shown graphi-
cally in Figure 1 as well. We find that DrBoost
dramatically outperforms DPR in IVF search, in-
dicating that much faster search is possible with
DrBoost. High-dimensional embeddings suffer un-
der IVF due to the the curse of dimensionality, and
thus compact embeddings are important. Using 8

Figure 1: Search accuracy vs the number of clusters
visited in IVF search (proportional to latency). Accuracy
drops as search speed increases, but the accuracy drop-
off for DrBoost is much slower than for DPR.

search probes, DrBoost outperforms DPR by 10.5%
on MSMARCO and 6.3% on NQ in R@100. The
dimensionally-matched DPR is stronger, but still
trails DrBoost by about 4% using 8 probes. The
strongest exact search model is thus not necessarily
the best in practical approximate MIPS settings.
For example, if we can tolerate a 10% relative
drop in accuracy from the best performing sys-
tem’s exact search, DrBoost requires 16 (4) probes
for MSMARCO (NQ) to reach the required accu-
racy, whereas DPR will require 1024 (16), meaning
DrBoost can be operated approximately 64x (4x)
faster.

The distilled DrBoost is also shown for NQ in
Table 1. The precision (low R@K values) is essen-
tially unaffected, (exact search drops by 0.1% for
R@20), but recall drops slightly (-0.7% R@100).
Interestingly, the distilled DrBoost performs even
better under IVF search, improving over DrBoost
by ∼1% at low numbers of probes. Crucially,
whilst the distilled DrBoost is only slightly better
than the 192-dim DPR under exact search, it is 4–
5% stronger under IVF with 8 probes (alternatively,
8x faster for equivalent accuracy).

Aside from fast retrieval, small indices are also
important for edge devices, or for scalability rea-
sons. While DrBoost can already produce high
quality compact embeddings, Product Quantization
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Methods Total
Dimension

MSMARCO Natural Questions
MRR@10 R@20 R@100

Exact
Search

IVF
8

IVF
64

Exact
Search

IVF
4

IVF
8

IVF
32

Exact
Search

IVF
4

IVF
8

IVF
32

BM25 (Yang et al., 2017) - 18.7 - - 59.1 - - - 73.7 - - -
AR2 (Zhang et al., 2021) 768 39.5 - - 86.0 - - - 90.1 - - -

DPR w/ iteratively-sampled negatives
768 32.8 21.6 27.9 82.7 64.7 69.0 76.0 87.9 71.7 75.6 81.6

160 / 192∗ 32.5 26.8 30.2 80.8 67.9 71.7 76.6 86.6 74.1 77.8 82.6

DrBoost (32-dim subvectors)
160 (5x32d) 34.4 29.6 32.7 80.9 73.2 75.8 78.4 87.6 79.5 81.9 85.0
192 (6x32d) - - - 81.3 73.0 75.5 78.6 87.4 79.3 81.9 84.5

DrBoost-Distilled 160 - - - 80.8 74.4 76.4 79.3 86.8 80.0 82.1 85.0

Table 1: Summary of Results on MSMARCO development set and NaturalQuestions test set. “Exact” indicates Exact
MIPS results, IVF indicates IVF MIPS search with 65K centroids, with the number of search probes (proportional
to search speed) indicated. ∗Dimensional-matched DPR is 160 dims for MSMARCO and 192 for DPR.

Methods Total
Dim.

Size
(GB)

NQ
R@20 R@100

DPR (Yamada et al., 2021) 768 64.6 78.4 85.4
+ PQ (8-dim subvecs) 2.0 72.2 81.2

BPR (Yamada et al., 2021) 768∗ 2.0 77.9 85.7

DrBoost 160 13.5 80.9 87.6
+ PQ (4-dim subvecs) 0.84 80.3 86.8
+ PQ (8-dim subvecs) 0.42 76.7 84.8

Table 2: Product Quantization Results. ∗ Indicates Bi-
nary vector.

can reduce this even further. Table 2 shows that
DrBoost’s NQ index can be compressed from 13.5
GB to 840MB with less than 1% drop in perfor-
mance. We compare to BPR (Yamada et al., 2021),
a method specifically designed to learn small in-
dices through binarization. DrBoost’s PQ index
is 2.4x smaller than the BPR index reported by
Yamada et al. (2021), whilst being 2.4% more ac-
curate (R@20). A more aggressive quantization
leads to a 420MB index — 4.8x smaller than BPR
— whilst only being 1.2% less accurate.

5 Analysis

5.1 Qualitative Analysis

Since each round’s model is learned on the errors
of the previous round, we expect each learner to
“specialize” and learn complementary representa-
tions. To see if this is qualitatively true, we look at
the retrieved passages from each round’s retriever
in isolation (Table 10 in §A.3). Indeed, we find
that each 32-dim sub-vector tackles the query from
different angles. For instance, for the query “who
got the first nobel prize in physics?”, the first sub-
vector captures general topical similarity based on
keywords, retrieving passages related to the “Nobel

Figure 2: Quantiles of the top-20 margin on the NQ
training set, for each iteration of DrBoost.

Prize”. The second focuses mostly on the first para-
graphs of articles of prominent historical person-
alities, presumably because these are highly likely
to contain answers in general; and the third one
retrieves from the pages of famous scientists and
inventors. The combined DrBoost model would
favor passages in the intersection of these sets.

5.2 In-distribution generalization
Boosting algorithms are remarkably resistant to
over-fitting, even when the classifier has sufficient
capacity to achieve zero training error. In their
landmark paper, Bartlett et al. (1998) show that
this generalization property is a result of the fol-
lowing: the training margins increase with each
iteration of boosting. We empirically show the
same to be true for DrBoost. For a fixed query
embedding, dense retrieval acts as a linear binary
classifier, where the gold passage is positive and all
other passages are negatives (Eq. (1)). We adopt
the classical definition of margin for linear classi-
fiers to dense retrieval by defining a top-k margin:

Top-k margini =
h(qi, c

+)−max
{k}
c− h(qi, c

−)

||qi||µc
(2)
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Method SciFact FiQA Quora ArguAna
NDCG@10 NDCG@10 NDCG@10 NDCG@10

SotA Dense 64.3 30.8 85.2 42.9

DPR (160 dim) 50.9 22.8 84.3 42.5
DrBoost (160 dim) 49.7 22.4 78.8 39.9

Table 3: BEIR results. The SotA row is copied
from Thakur et al. (2021), and the numbers represent
the best model for each dataset.

Method EntityQuestions
R@20 R@100

BM25 (Chen et al., 2021) 71.2 79.7
DPR (Chen et al., 2021) 49.7 63.4

DPR (192 dim) 47.1 60.6
DrBoost (160 dim) 51.2 63.4

Table 4: Entity Questions Results.

where µc is the average norm of passage embed-
dings and the operator max{k} returns the k-th
maximum element in the set. For a fixed qi and
k = 1, this definition is identical to the classical
margin definition. Figure 2 plots the 50th, 75th and
90th percentiles of the top-20 margin for DrBoost
on the NQ training set. We clearly see that margins
indeed increase at each step, especially for cases
that the model is confident in (high margin). We
hypothesize this property to be the main reason for
the strong in-distribution generalization of DrBoost
that we observed, and potentially also for the sur-
prisingly strong IVF results, since wide margins
should intuitively make clustering easier as well.

5.3 Cross-domain generalization

It has been observed in previous work (Thakur
et al., 2021) that dense retrievers still largely lag
behind sparse retrievers in terms of generalization
capabilities. We are interested to test whether our
method could be beneficial for out-of-domain trans-
fer as well. We show the results for zero-shot trans-
fer on a subset of the BEIR benchmark in Table 3
and the EntityQuestions dataset in Table 4. While
DrBoost improves slightly over the dimension-
matched baseline on EntityQuestions, where the
passage corpora stays the same, it produces worse
results on the BEIR datasets. We conclude that
boosting is not especially useful for cross-domain
transfer, and should be combined with other meth-
ods if this is a concern.

5.4 Representation Probing

One of the hypothesis we formulate for the stronger
performance of DrBoost over DPR is that the for-
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Figure 3: Topic classification accuracy when probing
DrBoost and DPR representations with an SVM.

mer might better capture topical information of pas-
sages and questions. To test this, we collected top-
ics for all Wikipedia articles in Natural Questions
using the strategy of Johnson et al. (2021) and as-
sociate them with both passages and questions. We
then probed both DPR and DrBoost representations
with an SVM (Steinwart and Christmann, 2008)
classifier considering a 5-fold cross-validation over
500 instances and 8 different seeds. Results (in Fig-
ure 3) confirms our hypothesis: the topic classifier
accuracy is higher with DrBoost representations
with respect to DPR ones of the same dimension
(i.e., 192), for both questions and passages.

5.5 Related Work
Boosting for retrieval Boosting has been studied
in machine learning for over three decades (Kearns
and Valiant, 1989; Schapire, 1990). Models
such as AdaBoost (Freund and Schapire, 1997)
and GBMs (Friedman, 2001) became popular
approaches to classification problems, with im-
plementations such as XGBoost still popular to-
day (Chen and Guestrin, 2016). Many boosting
approaches have been proposed for retrieval and
learning-to-rank (LTR) problems, typically employ-
ing decision trees, such as AdaRank (Xu and Li,
2007), RankBoost (Freund et al., 2003) and lam-
daMART (Wu et al., 2009). Apart from speed
and accuracy, boosting is attractive due to promis-
ing theoretical properties such as convergence and
generalization. (Bartlett et al., 1998; Freund et al.,
2003; Mohri et al., 2012). Boosted decision trees
have recently been demonstrated to be competitive
on LTR tasks (Qin et al., 2021), but, in recent years,
boosting approaches have generally received less
attention, as (pretrained) neural models began to
dominate much of the literature. However, modern
neural models and boosting techniques need not be
exclusive, and a small amount of work exploring
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boosting in the context of modern pre-trained neu-
ral models has been carried out (Huang et al., 2020;
Qin et al., 2021). Our work follows this line of
thinking, identifying dimensionally-constrained bi-
encoders as good candidates as neural weak learn-
ers, adopting a simple boosting approach which
allows for simple and efficient MIPS at test time.

Dense Retrieval Sparse, term-based Retrievers
such as BM25 (Robertson and Zaragoza, 2009)
have dominated retrieval until recently. Dense,
MIPS-based Retrieval using bi-encoder architec-
tures leveraging contrastive training with gold
pairs (Yih et al., 2011) has recently shown to
be effective in several settings (Lee et al., 2019;
Karpukhin et al., 2020; Reimers and Gurevych,
2019; Hofstätter et al., 2021b). See Yates et al.
(2021) for a survey. The success of Dense Re-
trieval has led to many recent papers proposing
schemes to improve dense retriever training by in-
novating on how negatives are sampled (Xiong
et al., 2020; Qu et al., 2021; Zhan et al., 2021c;
Lin et al., 2021, inter alia.), and/or proposing pre-
training objectives (Oğuz et al., 2021; Guu et al.,
2020; Chang et al., 2020; Sachan et al., 2021; Gao
and Callan, 2021). Our work also innovates on
how dense retrievers are trained, but is arguably
orthogonal to most of these training innovations,
since these could still be employed when training
each component weak learner.

Distillation We leverage a simple distillation
technique to make DrBoost more efficient at test
time. Distillation for dense retrievers is an active
area, and more complex schemes exist which could
improve results further (Izacard and Grave, 2021;
Qu et al., 2021; Yang and Seo, 2020; Lin et al.,
2021; Hofstätter et al., 2021a; Barkan et al., 2020;
Gao et al., 2020).

Multi-vector Retrievers Several approaches rep-
resent passages with multiple vectors. Humeau
et al. (2020) represent queries with multiple vec-
tors, but retrieval is comparatively slow as rele-
vance cannot be calculated with a single MIPS call.
ME-BERT (Luan et al., 2021) index a fixed number
of vectors for each passage and ColBERT (Khattab
and Zaharia, 2020) index a vector for every word.
Both can perform retrieval with a single MIPS
call (although ColBERT requires reranking) but
produce very large indices, which, in turn, slows
down search. DrBoost can also be seen as a multi-
vector approach, with each weak learner produc-

ing a vector. However, each vector is small, and
we index concatenated vectors, rather than index-
ing each vector independently, leading to small in-
dices and fast search. This said, adapting DrBoost-
style training to these settings would be feasible.
SPAR (Chen et al., 2021) is a two-vector method:
one from a standard dense retriever, and the other
from a more lexically-oriented model. SPAR uses
a similar test-time MIPS retrieval strategy to ours,
and SPAR’s lexical embeddings could be trivially
added to DrBoost as an additional subvector.

Efficient retrievers There have been several re-
cent efforts to build more efficient retrieval and
question answering systems (Min et al., 2021).
Izacard et al. (2020) and Yang and Seo (2021)
experiment with post-hoc compression and lower-
dimensional embeddings, Lewis et al. (2021) in-
dex and retrieve question-answer pairs and Yamada
et al. (2021) propose BPR, which approximates
MIPS using binary vectors. There is also a line of
work learning embeddings specifically suited for
approximate search (Yu et al., 2018; Zhan et al.,
2021a,b) Generative retrievers (De Cao et al., 2021)
can also be very efficient. DrBoost also employs
lower-dimensional embeddings and off-the-shelf
post-hoc compression for its smallest index.

6 Discussion

In this work we have explored boosting in the con-
text of dense retrieval, inspired by the similarity
of iteratively-sampling negatives to boosting. We
find that our simple boosting approach, DrBoost,
performs largely on par with a 768-dimensional
DPR baseline, but produces more compact vectors,
and is more amenable to approximate search. We
note that DrBoost requires maintaining more neu-
ral models at test time, which may put a greater
demand on GPU resources. However, the mod-
els can be run in parallel if latency is a concern,
and if needed, these models can be distilled into
a single model with little drop in accuracy. We
hope that future work will build on boosting ap-
proaches for dense retrieval, including adding adap-
tive weights, and investigating alternative losses
and sampling techniques. We also suggest that em-
phasis in dense retrieval should be placed on more
holistic evaluation than just exact retrieval accu-
racy, demonstrating that models with quite similar
exact retrieval can perform very differently under
practically-important approximate search settings.
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ervini, Heinrich Küttler, Aleksandra Piktus, Pontus
Stenetorp, and Sebastian Riedel. 2021. PAQ: 65 Mil-
lion Probably-Asked Questions and What You Can
Do With Them. Transactions of the Association for
Computational Linguistics, 9(0):1098–1115.

Sheng-Chieh Lin, Jheng-Hong Yang, and Jimmy Lin.
2021. In-Batch Negatives for Knowledge Distillation
with Tightly-Coupled Teachers for Dense Retrieval.
In Proceedings of the 6th Workshop on Represen-
tation Learning for NLP (RepL4NLP-2021), pages
163–173, Online. Association for Computational Lin-
guistics.

S. Lloyd. 1982. Least squares quantization in
PCM. IEEE Transactions on Information Theory,
28(2):129–137.

Yi Luan, Jacob Eisenstein, Kristina Toutanova, and
Michael Collins. 2021. Sparse, Dense, and Atten-
tional Representations for Text Retrieval. Transac-
tions of the Association for Computational Linguis-
tics, 9:329–345.

Yu A. Malkov and D. A. Yashunin. 2020. Efficient
and Robust Approximate Nearest Neighbor Search
Using Hierarchical Navigable Small World Graphs.
IEEE Transactions on Pattern Analysis and Machine
Intelligence, 42(4):824–836.

Yusuke Matsui, Yusuke Uchida, Hervé Jégou, and
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Methods Round Total
Dim.

MSMARCO
MRR@10

DPR w/
iteratively-sampled negs.

(Initial Hard Negs. BM25)

1 768 28.6
2 768 32.2
3 768 32.3
4 768 32.8
5 768 32.6

1 160 28.9
2 160 31.4
3 160 31.7
4 160 32.1
5 160 32.3
6 160 32.5
7 160 32.3

DrBoost
(32-dim subvectors)

(Initial Negs. Random)

1 32 22.2
2 64 31.5
3 96 33.8
4 128 34.3
5 160 34.4

Table 5: Ablations for the number of rounds for DPR
with iterative negatives and DrBoost for MSMARCO

A Appendix

A.1 Number of Rounds
The performance of DPR and DrBoost on MS-
MARCO for different numbers of rounds are shown
in Table 5. We find that all models saturate at about
4 or 5 rounds. Note DrBoost does not need more it-
erations to train, even though it does not use BM25
negatives for the first round. On NQ, adding a 6th

model slightly improves DrBoost’s precision, at the
expense of recall (see Table 1).

While iterative training is expensive, we find that
subsequent rounds are much cheaper than the first
round, with the first round taking∼20K steps in our
experiments to converge, with additional DrBoost
rounds converging after about 3K steps.

Bagging Dense Retrieval We also trained a sim-
ple ensemble of six 32-dim DPR models for NQ,
which we compare to our 6×32-dim component
DrBoost. This experiment investigates whether the
improvement over DPR is just a simple ensembling
effect, or whether it is due to boosting effects and
specialization of concerns. This DPR ensemble
performs poorly, scoring 74.5 R@20 (not shown in
tables), 6.8% below the equivalent DrBoost, con-
firming that the boosting formulation is important,
not simply having several ensembled dense retriev-
ers.

A.2 Implementation Details
We implement our models architectures based on
HuggingFace’s Transformers (Wolf et al., 2020)
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and run our experiments on 16 V100 GPUs. For all
training rounds, we used the same set of training
hyperparameters — we set learning rate as 3e-5,
dropout as 0.1, weight decay as 0.01, batch size as 2
(per GPU) and max training steps as 30k. The max-
imum question and passage lengths are set as 40
and 200 respectively and we accompany each ques-
tion with 50 passages during training. Using our
training infrastructure, the first round of the train-
ing takes about 8 hours and each additional training
round takes about 1.5 hours until convergence. We
always use the dev loss for model selection.

A.3 Detailed results
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DrBoost DPR DPR, 160 dim.
(n=4096) (n=16384) (n=65536) (n=4096) (n=16384) (n=65536) (n=4096) (n=16384) (n=65536)

Exhaustive 0.3438 0.3438 0.3438 0.328 0.328 0.328 0.3248 0.3248 0.3248
1 0.1905 0.1884 0.2057 0.1277 0.1186 0.1088 0.1669 0.1637 0.183
2 0.2338 0.2359 0.2458 0.172 0.1599 0.1479 0.2129 0.2072 0.2159
4 0.2694 0.2652 0.2719 0.2095 0.1996 0.1836 0.2465 0.2395 0.2452
8 0.2919 0.2873 0.2955 0.2433 0.2326 0.2155 0.2722 0.2637 0.2678
16 0.3106 0.3018 0.3094 0.2693 0.2532 0.2415 0.2906 0.2822 0.2827
32 0.324 0.3161 0.3179 0.2855 0.2715 0.2629 0.3027 0.297 0.2931
64 0.3314 0.3236 0.3266 0.2994 0.2864 0.2791 0.3127 0.3063 0.3018
128 0.3382 0.332 0.3312 0.31 0.2982 0.2922 0.3179 0.3129 0.309
256 0.34 0.3375 0.3354 0.3161 0.3092 0.3011 0.3206 0.3182 0.3136
512 0.3424 0.34 0.3395 0.3226 0.3141 0.3085 0.3232 0.3212 0.3176
1024 0.3437 0.3416 0.3415 0.325 0.3197 0.3139 0.3243 0.3229 0.3211
2048 0.3438 0.343 0.342 0.3279 0.3243 0.3188 0.3247 0.3242 0.3226
4096 0.3435 0.3433 0.3268 0.3228 0.3249 0.3236
8192 0.3438 0.3432 0.3278 0.3254 0.3248 0.3241

16384 0.3435 0.3268 0.3247
32768 0.3437 0.3278 0.3247

Table 6: IVF indexing results on MSMARCO. Metric is MRR@10. n refers to number of clusters used for IVF
training.

DrBoost, 160 dim DrBoost-distilled, 160 dim DrBoost, 192 dim DrBoost-distilled, 192 dim DPR DPR, 192 dim.
Exhaustive 0.876 0.868 0.874 0.870 0.879 0.866

1 0.683 0.706 0.684 0.701 0.595 0.623
2 0.751 0.767 0.750 0.760 0.670 0.688
4 0.795 0.800 0.793 0.803 0.717 0.741
8 0.819 0.821 0.819 0.825 0.756 0.778
16 0.836 0.837 0.835 0.840 0.795 0.806
32 0.850 0.849 0.845 0.848 0.816 0.826
64 0.859 0.855 0.858 0.856 0.835 0.838
128 0.865 0.858 0.864 0.859 0.845 0.847
256 0.870 0.862 0.868 0.863 0.855 0.855
512 0.874 0.864 0.870 0.866 0.864 0.861
1024 0.874 0.865 0.871 0.866 0.871 0.864
2048 0.875 0.865 0.873 0.867 0.874 0.865

Table 7: IVF indexing results on NQ. Metric is Recall@100. The number of clusters used for IVF training was
65536.

DrBoost, 160 dim DrBoost-distilled, 160 dim DrBoost, 192 dim DrBoost-distilled, 192 dim DPR DPR, 192 dim.
Exhaustive 0.809 0.809 0.813 0.809 0.827 0.808

1 0.624 0.650 0.625 0.647 0.518 0.557
2 0.686 0.703 0.684 0.703 0.597 0.625
4 0.732 0.744 0.730 0.746 0.647 0.679
8 0.758 0.764 0.755 0.764 0.690 0.717
16 0.771 0.779 0.775 0.780 0.732 0.743
32 0.784 0.793 0.786 0.791 0.760 0.766
64 0.794 0.797 0.799 0.799 0.779 0.780
128 0.799 0.800 0.805 0.801 0.791 0.789
256 0.804 0.803 0.810 0.804 0.803 0.797
512 0.807 0.805 0.812 0.807 0.813 0.803
1024 0.808 0.806 0.812 0.807 0.820 0.805
2048 0.808 0.806 0.813 0.808 0.823 0.807

Table 8: IVF indexing results on NQ. Metric is Recall@20. The number of clusters used for IVF training was 65536.
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DrBoost, 160 dim DrBoost-distilled, 160 dim DrBoost, 192 dim DrBoost-distilled, 192 dim DPR DPR, 192 dim.
Exhaustive 0.710 0.706 0.715 0.703 0.731 0.710

1 0.544 0.560 0.535 0.557 0.439 0.475
2 0.597 0.615 0.594 0.605 0.506 0.540
4 0.634 0.646 0.636 0.644 0.551 0.593
8 0.662 0.663 0.663 0.665 0.597 0.623
16 0.678 0.676 0.681 0.680 0.640 0.653
32 0.691 0.689 0.692 0.688 0.666 0.671
64 0.699 0.692 0.702 0.695 0.687 0.685
128 0.704 0.696 0.708 0.699 0.698 0.694
256 0.707 0.701 0.710 0.702 0.709 0.703
512 0.709 0.703 0.712 0.703 0.718 0.707
1024 0.710 0.704 0.713 0.703 0.726 0.708
2048 0.710 0.704 0.714 0.704 0.728 0.709

Table 9: IVF indexing results on NQ. Metric is Recall@5. The number of clusters used for IVF training was 65536.

Rounds who got the first nobel prize in physics? when is the next deadpool movie being released?

1 0: Title: Nobel Prize in Physics
The Nobel Prize in Physics is a yearly award given by the Royal Swedish
Academy of Sciences for those who have made the . . .
1: Title: Nobel Prize in Physics
. . . receive a diploma, a medal and a document confirming the prize
amount. Nobel Prize in Physics . . .
2: Title: Nobel Prize controversies
. . . research CERN, commented in a scientific meet in Kolkata titled
”Frontiers of Science” that ”it is unfortunate that pioneering . . .

0: Title: Deadpool (film)
. . . was written by Reese and Wernick and played in front of ”Logan”.
”Deadpool 2” was released on May 18, 2018, with . . .
1: Title: Deadpool 2
. . . chimichangas, traditionally Deadpool’s favorite food, as well as
”Deadpool”-inspired Harder drinks. The campaign also . . .
2: Title: Deadpool 2
. . . the final two hours. By May 2018, Leitch was working on an official
extended edition of the film with Fox wanting to ”spin that . . .

2 0: Title: George B. McClellan
George Brinton McClellan (December 3, 1826-October 29, 1885) was
an American soldier, civil engineer, railroad executive . . .
1: Title: Johannes Brahms
Johannes Brahms (; 7 May 1833 – 3 April 1897) was a German composer
and pianist of the Romantic period. Born in Hamburg . . .
2: Title: Bede
Bede ( ; ; 672/3 – 26 May 735), also known as Saint Bede, Venerable
Bede, and Bede the Venerable (), was an English Benedictine . . .

0: Title: Here and Now (2018 TV series)
Here and Now is an American drama television series created by Alan
Ball. The series consists of ten episodes and . . .
1: Title: Deadpool 2
. . . is dedicated to her memory. The film’s score is the first to receive a
parental advisory warning for explicit content, and . . .
2: Title: I’m New Here
I’m New Here is the 13th and final studio album by American vocalist
and pianist Gil Scott-Heron. It was released on February . . .

3 0: Title: Henri Poincare
Jules Henri Poincaré (; ; 29 April 1854 – 17 July 1912) was a French
mathematician, theoretical physicist, engineer, and . . .
1: Title: Marie Curie
. . . named in her honor. Marie Curie Marie Skłodowska Curie (; ; ; born
Maria Salomea Skłodowska; 7 November 18674 July 1934 . . .
2: Title: Alberto Santos-Dumont
Alberto Santos-Dumont (; 20 July 187323 July 1932, usually referred to
as simply Santos-Dumont) was a Brazilian inventor . . .

0: Title: Deadpool 2
. . . is dedicated to her memory. The film’s score is the first to receive a
parental advisory warning for explicit content, and . . .
1: Title: Deadpool (film)
. . . was written by Reese and Wernick and played in front of ”Logan”.
”Deadpool 2” was released on May 18, 2018, with . . .
2: Title: Kong: Skull Island
. . . later moved to Warner Bros. in order to develop a shared cinematic
universe featuring Godzilla and King Kong. . . .

Table 10: Example retrieval results from each round of DrBoost. Only the beginning of each passage is shown.
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Abstract

This paper presents MuCGEC, a multi-
reference multi-source evaluation dataset
for Chinese Grammatical Error Correc-
tion (CGEC), consisting of 7,063 sentences
collected from three Chinese-as-a-Second-
Language (CSL) learner sources. Each sen-
tence is corrected by three annotators, and
their corrections are carefully reviewed by a
senior annotator, resulting in 2.3 references per
sentence. We conduct experiments with two
mainstream CGEC models, i.e., the sequence-
to-sequence model and the sequence-to-edit
model, both enhanced with large pretrained
language models, achieving competitive bench-
mark performance on previous and our datasets.
We also discuss CGEC evaluation methodolo-
gies, including the effect of multiple refer-
ences and using a char-based metric. Our an-
notation guidelines, data, and code are avail-
able at https://github.com/HillZha
ng1999/MuCGEC.

1 Introduction

Given a potentially noisy input sentence, gram-
matical error correction (GEC) aims to detect and
correct all errors and produce a clean sentence.
Recently, GEC has increasingly gained attention
for its vital value in various downstream scenarios
(Grundkiewicz et al., 2020; Wang et al., 2021).

To support GEC research, high-quality manu-
ally labeled evaluation data is indispensable. For
English GEC (EGEC), such datasets are abun-
dant (Yannakoudakis et al., 2011; Dahlmeier et al.,
2013; Ng et al., 2014; Napoles et al., 2017; Bryant
et al., 2019; Napoles et al., 2019; Flachs et al.,
2020). However, Chinese GEC (CGEC) evaluation
datasets are relatively scarce. The two publicly
available CGEC evaluation datasets are NLPCC18
and CGED, contributed by the NLPCC-2018 (Zhao

† This work was partially done during the first author’s
internship at Alibaba DAMO Academy.

∗ Corresponding author.

Source 我不知道他何时返回回来。
I don’t know when he will return back.

Ref. 1 我不知道他何时返回回来。
I don’t know when he will return.

Ref. 2 我不知道他何时返回回来。
I don’t know when he will be back.

Table 1: A CGEC example with two references.

et al., 2018) and the series of CGED shared tasks
(Rao et al., 2018, 2020), respectively.

Most EGEC evaluation datasets provide mul-
tiple references for each input sentence, such as
CoNLL14-test (Ng et al., 2014) and BEA19-test
(Bryant et al., 2019). In contrast, sentences in
existing CGEC evaluation datasets usually have
only one reference (i.e., 87% of the sentences in
NLPCC18 and all in CGED). This is probably due
to the different annotation workflows adopted.

As suggested by Bryant and Ng (2015), enforc-
ing multi-reference annotation is crucial for both
GEC model evaluation and GEC data annotation,
because there usually exist more than one accept-
able reference with similar meanings for an incor-
rect sentence, as illustrated by the example in Table
1. On the one hand, if a GEC model outputs a cor-
rect reference, which is yet different from the one
given in the evaluation data, then the model perfor-
mance will be unfairly underestimated. To mitigate
this issue, a straightforward solution is increasing
the number of references (Sakaguchi et al., 2016;
Choshen and Abend, 2018). On the other hand,
imposing a single-reference constraint makes data
annotation problematic. If annotators submit differ-
ent equally acceptable corrections, which is very
common, it will be difficult for the senior annotator
to decide which one is the best.

Besides the lack of multiple references, existing
CGEC datasets collect sentences from a single text
source, which may be insufficient for robust model
evaluation (Mita et al., 2019). In addition, we be-
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lieve that it is beneficial for improving data quality
to compile comprehensive annotation guidelines.

To fill these gaps, this paper presents a
multi-reference multi-source evaluation dataset for
CGEC, named MuCGEC. After investigating previ-
ous works on constructing GEC datasets, we com-
pile comprehensive annotation guidelines. Based
on a browser-based online annotation tool, each
sentence is assigned to three annotators for inde-
pendent correction, and one senior annotator for
final review. An annotator may submit multiple
references, and the senior annotator may also sup-
plement new references besides rejecting incorrect
submissions. In this way, we aim to produce as
many references as possible. In summary, this work
makes the following contributions.

(1) Our newly constructed MuCGEC consists
of 7,063 sentences from three representative
sources of Chinese-as-a-Second-Language
(CSL) learner texts. Each sentence obtains 2.3
references on average. We conduct detailed
analyses on our new dataset to gain more in-
sights.

(2) We conduct benchmark experiments using
two mainstream and competitive CGEC mod-
els, i.e., the sequence-to-edit (Seq2Edit)
and sequence-to-sequence (Seq2Seq) models,
both enhanced with pretrained language mod-
els (PLMs). We also experiment with an ex-
tremely effective ensemble strategy. More-
over, we investigate the effect of multiple ref-
erences on model evaluation, and propose to
use a char-based evaluation metric, which we
believe is simpler and more suitable than pre-
vious word-based ones for CGEC.

2 Data Annotation

2.1 Multi-Source Data Selection
This work focuses on CSL learner texts. In order
to investigate diverse types of Chinese grammati-
cal errors, we select data from the following three
sources.

(1) We re-annotate the NLPCC18 test set (Zhao
et al., 2018), which contains 2,000 sentences
from the Peking University (PKU) Chinese
Learner Corpus.

(2) We select and re-annotate sentences from
CGED-2018 and CGED-2020 test datasets
(Rao et al., 2018, 2020), which come from

the writing section of the HSK exam (Hanyu
Shuiping Kaoshi, translated as the Chinese
level exam), an official Chinese proficiency
test. After removing sentences marked as
correct from the total 5,006 ones, we obtain
3,137 potentially erroneous sentences for re-
annotation.

(3) Lang81 is a language learning platform, where
native speakers voluntarily correct texts writ-
ten by second-language learners. The NLPCC-
2018 shared task organizers collect about
717K Chinese sentences with their corrections
from Lang8 and encourage participants to use
them as the training data. We randomly select
2,000 sentences with 30 to 60 characters for
re-annotation.

In the end, we obtain 7,137 sentences. For sim-
plicity, we discard all original corrections and di-
rectly perform re-annotation from scratch follow-
ing our new annotation guidelines and workflow.

2.2 Annotation Paradigm: Direct Rewriting
There are mainly two types of annotation
paradigms for constructing GEC data, i.e., error-
coded and direct rewriting. The error-coded
paradigm requires annotators to explicitly mark
the erroneous span in the original sentence, then
choose its error type, and finally make correc-
tions. Ng et al. (2013, 2014) adopt the error-coded
paradigm for constructing data for the CoNLL-
2013/2014 EGEC shared tasks. For CGEC, the
original NLPCC18 and CGED datasets both follow
the error-coded paradigm as well.

As discussed by Sakaguchi et al. (2016), the
error-coded paradigm poses two challenges. First,
it is extremely difficult for different annotators to
agree upon the boundaries of the erroneous spans
and their error types, especially when there are
many categories to consider (Bryant et al., 2017).
This inevitably leads to an increase in annotation
effort and a decrease in annotation quality. Sec-
ond, under such a complex annotation paradigm,
annotators would pay less attention to the fluency
of the resulting reference, sometimes even leading
to unnatural expressions.

Instead, the direct rewriting paradigm asks anno-
tators to directly rewrite the input sentence and pro-
duce a corresponding grammatically correct one,
without changing the original meaning. In order to

1https://lang-8.com/
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Major Types Minor Types

Punctuation Missing; Redundancy; Misuse

Spelling Phonetic confusion; Glyph confusion;
Character disorder

Word Missing; Redundancy; Misuse

Syntax Word order; Mixing syntax patterns

Pragmatics Logical inconsistency; Ambiguity;
Commonsense mistake

Table 2: The 5 major and 14 minor error types adopted
by our guidelines for organizing the content.

evaluate model performance, edits can be extracted
automatically from parallel sentences by additional
tools (Bryant et al., 2017).

This annotation paradigm has proven to be ef-
ficient and cost-effective (Sakaguchi et al., 2016),
and has been adopted by several recent GEC data
construction works (Napoles et al., 2017, 2019;
Syvokon and Nahorna, 2021; Náplava et al., 2022).

In this work, we adopt the direct rewriting
paradigm. Besides above-mentioned advantages,
we believe this paradigm can help improve the di-
versity of references since annotators can correct
errors more freely.

2.3 Annotation Guidelines

After an extensive survey of previous work on
GEC data construction, we compiled 30 pages of
comprehensive guidelines for CGEC annotation.
During the course of the annotation process, we
gradually improved our guidelines according to
feedback from annotators.

To facilitate learning, our guidelines adopt a two-
tier hierarchical error taxonomy, including 5 major
error types and 14 minor types, as shown in Table
2. Our guidelines describe in detail how to handle
each minor error type and provide typical exam-
ples. We will release our guidelines along with the
dataset, which we hope can benefit future research.

For dealing with word-missing errors, we found
that it was unreasonable to simply insert cer-
tain words when the missing words are context-
dependent, which means the missing words are
related to context beyond the given sentence. Ta-
ble 3 shows a sentence in which a verb is missing.
However, under sentence-level GEC annotation,
annotators are unable to decide the specific miss-
ing verb. According to our observation, previous
CGEC datasets directly insert specific words like

Source 我的爸爸经常我。
My dad usually me.

Previous 我的爸爸经常骂我。
My dad usually scolds me.

Ours 我的爸爸经常[MC]我
My dad usually [MC] me.

Table 3: An example for handling context-dependent
missing components. The inserted tokens are underlined.
“Previous” means annotation in previous datasets, and
“Ours” refers to our annotation.

“scolds” under such circumstances, which we think
is inaccurate and may cause trouble for GEC model
evaluation, because there are many other acceptable
candidates. To handle this problem, we instead in-
sert a special tag named context-dependent miss-
ing components (MC). We find about 1% of sen-
tences in MuCGEC contain “[MC]” tags. Current
GEC models cannot handle “[MC]”, since “[MC]”
is not included in existing training data and vocab-
ulary. We leave this issue as future work.

2.4 Annotation Workflow and Tool

In order to encourage more diverse and high-quality
references, we assign each sentence to three ran-
dom annotators for independent annotation. Their
submissions are then aggregated and sent to a ran-
dom senior annotator (reviewer) for review. An
annotator may submit multiple references for one
sentence if he/she thinks they are all correct ac-
cording to the guidelines. The job of the senior
annotator includes: 1) modifying incorrect refer-
ences into correct ones (sometimes just rejecting
them); 2) adding new correct references accord-
ing to the guidelines. After review, the accepted
references are defined as final golden references.

For the sake of self-improvement, we employ
a self-study mechanism that allows annotators to
learn from their mistakes if they submit an incorrect
reference. Concretely, if an annotator submits a
reference that is not included in the final golden
references, he/she has to modify his/her submission
into a correct one. Moreover, the annotator can
also make complaints if he/she insists that his/her
submission is correct. We find that the self-study
and making-complaints mechanisms can trigger
very helpful discussions.

To improve annotation efficiency, we have de-
veloped a browser-based online annotation tool to
support the above workflow and mechanisms. Due
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Dataset #sent #err. sent (perc.) chars/sent edits/ref refs/sent
Original NLPCC18 2000 1983 (99.2%) 29.7 2.0 1.1
MuCGEC (NLPCC18) 1996 ( 4) 1904 (95.4%) 29.7 2.5 2.5
MuCGEC (CGED) 3125 (12) 2988 (95.6%) 44.8 4.0 2.3
MuCGEC (Lang8) 1942 (58) 1652 (85.1%) 37.5 2.8 2.1
MuCGEC 7063 (74) 6544 (92.7%) 38.5 3.2 2.3

Table 4: Data statistics, including the number of sentences, the number (proportion) of erroneous sentences, the
average number of characters per sentence, the average number of edits per reference, and the average number of
references per sentence. Some sentences in our source data were discarded since annotators could not understand
their meaning and thus were unable to correct them. Numbers in parentheses in the “#sent” row refer to such
sentences.

to the space limitation, we show the visual inter-
faces for annotation and review in Appendix B.

2.5 Annotation Process

We employed 21 undergraduate students who are
native speakers of Chinese and familiar with Chi-
nese grammar as part-time annotators. Annotators
received intensive training before real annotation.
In the beginning, two authors of this paper, who
were also in charge of compiling the guidelines,
served as senior annotators for review. After one
month, when the annotators were familiar with the
job, we selected 5 outstanding annotators as senior
annotators to join the review.

All participants were asked to annotate for at
least 1 hour every day. The whole annotation pro-
cess lasted for about 3 months.

2.6 Ethical Issues

All annotators and reviewers were paid for their
work. The salary was determined by both submis-
sion numbers and annotation quality. The average
salary of annotators and reviewers is 24 and 35
RMB per hour respectively.

All the data of the three sources are publicly
available. Meanwhile, we have obtained permis-
sion from organizers of the NLPCC-2018 and
CGED shared tasks to release our newly annotated
references in a proper way. We are deeply grateful
to them for their kind support.

3 Analysis of Our Annotated Data

Overall statistics of MuCGEC are shown in Table
4. We also include the original NLPCC18 dataset
(Zhao et al., 2018) for comparison2.

2Here we do not compare with the original CGED and
Lang8 datasets since: 1) the CGED-orig mainly focuses on
error detection annotation and does not provide corrections for

First, from the proportion of erroneous sentences,
we can see that most of the sentences are consid-
ered to contain grammatical errors in the original
annotation, but a considerable part of them are not
corrected in our annotation. We attribute this to our
strict control of the over-correction phenomenon.

Second, regarding sentence lengths, NLPCC18
has the shortest sentences, whereas CGED sen-
tences are much longer. This may be because candi-
dates on the HSK examination, an official Chinese
proficiency test, tend to use long sentences to show
their ability in Chinese.

Third, each sentence in the re-annotated
NLPCC18 receives 2.5 references on average,
which is more than twice that in the original
NLPCC18 data. Overall, each sentence obtains 2.3
references. We believe the multi-reference charac-
teristic makes our dataset more reliable for evalua-
tion, which is further discussed in Section 6.3.

Finally, we compare the number of char-based
edits per reference in different datasets. We de-
scribe how to derive such edits in detail in Section
6.2. We can see that the number of edit is tightly
correlated with sentence length. The difference in
the average sentence length and number of edits
indicates that the three data sources may have a sys-
tematic discrepancy in quality and difficulty, which
we believe is helpful for evaluating the generaliza-
tion ability of models. Moreover, compared with
NLPCC18-orig, we annotate 25% more edits (2.0
vs. 2.5) in each reference. We believe the major
reason is that the original NLPCC18 data are an-
notated under the minimal edit distance principle
(Nagata and Sakaguchi, 2016), which requires an-
notators to select a reference with fewer edits when
correcting errors.

word-order errors; 2) the Lang8-orig is automatically collected
from the internet, and its correction is quite noisy.

3121



1 2 3 4 ≥ 5
0

10

20

30

40

21.8

39.4

29.1

7.6

2.1

Number of references

Pr
op

or
tio

n
of

se
nt

en
ce

s
(%

)

Figure 1: The proportion of sentences with different
number of references in MuCGEC.

Sentence distribution with respect to numbers
of references is shown in Figure 1. Here, we only
consider erroneous sentences. Identical references
from different annotators are counted as one refer-
ence. Overall, most sentences have 2 references,
accounting for 39.4%; 29.1% of sentences have 3
references; 21.8% of sentences have only 1 refer-
ence, most of which are short and easy to correct.

We believe that the average number of references
could be further increased if more annotators were
assigned to each sentence. It is also worth noticing
that annotators tend to submit a single reference,
despite the fact that our annotation tool allows an-
notators to submit multiple ones. We suspect the
reason may be that it is more economical for anno-
tators to do so. One the one hand, it may be easy to
come up with the most suitable correction, whereas
thinking of alternatives is more time-consuming.
On the other hand, we did not give enough con-
sideration to this issue when designing the salary
computation formula. In the future, we plan to
optimize (or simplify) our annotation workflow so
that each annotator is required to give only one ref-
erence which he/she thinks is the best, and assign
each sentence to more annotators if we need more
references.

Human annotation performance. In order to
assess the annotation ability of our annotators and
human performance for CGEC task, we calculate
char-based F0.5 scores by evaluating all annotation
submissions against the final golden references.
We describe how to compute char-based metrics
in detail in Section 6.2. Each reference submitted
by an annotator is considered as a sample. Overall,
the average F0.5 is 72.12, which we believe could
be higher if we discarded data that were annotated
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Figure 2: The human performance of the 15 annotators
who annotated the most sentences.

at the early stage of our project when annotators
were less experienced and less familiar with our
guidelines.

Figure 2 shows F0.5 scores of 15 annotators who
annotated the most sentences, in descending order
of the number of annotated sentences. We can see
that human performance varies across different an-
notators. The best annotator achieves an 82.34 F0.5

score, while the annotator who completes the most
tasks only gets a score of 68.32. This indicates that
we should pay more attention to annotation quality
when calculating salaries and prevent annotators
from focusing too much on annotation speed.

Common mistakes made by annotators. We
randomly select 300 invalid references rejected by
reviewers and try to understand what mistakes are
more frequently made by annotators. We manually
classify all selected references into three mistake
categories. The most frequent mistakes are caused
by incomplete correction and account for 56.7% of
the invalid references. We found that it was some-
times difficult for annotators to correct all errors
without omissions, possibly due to the complex-
ity or flexibility of Chinese grammar. The second
frequent type of mistakes is erroneous correction,
which means that the correction of old errors incurs
new errors, with a proportion of 32.3%. Besides,
11.0% of submissions are rejected due to meaning
change, which means that the correction changes
the intended meaning of the original sentence.

4 Benchmark Models

To understand how well cutting-edge GEC mod-
els perform on our data, we adopt two mainstream
GEC approaches, i.e., Seq2Edit and Seq2Seq. Both
models are enhanced with PLMs. We also at-
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tempt to combine them after observing their com-
plementary power in dealing with different error
types. This section briefly describes these bench-
mark models. Due to the space limitation, please
kindly refer to Appendix C for more model details.

The Seq2Edit model treats GEC as a sequence
labeling task and performs error corrections via
a sequence of token-level edits, including inser-
tion, deletion, and substitution (Malmi et al., 2019).
A token corresponds to a word or a subword in
English, and to a character in Chinese. With mi-
nor modifications to accommodate Chinese, we
adopt GECToR (Omelianchuk et al., 2020), which
achieves the SOTA performance on EGEC datasets.

Following recent Seq2Edit work like Awasthi
et al. (2019) and Omelianchuk et al. (2020), we
enhance GECToR by using PLMs as its encoder.
After comparing several popular PLMs, we choose
StructBERT (Wang et al., 2019)3 due to its superior
performance after fine-tuning (see Table 5).

The Seq2Seq model straightforwardly treats
GEC as a monolingual translation task (Yuan and
Briscoe, 2016). Recent works propose to enhance
Transformer-based (Vaswani et al., 2017) Seq2Seq
EGEC models with PLMs like T5 (Rothe et al.,
2021) or BART (Katsumata and Komachi, 2020).
Unlike BERT (Devlin et al., 2019), T5 and BART
are specifically designed for text generation. There-
fore, it is straightforward to continue training them
on GEC data. We follow these works and utilize
the recently proposed Chinese BART from Shao
et al. (2021) to initialize our Seq2Seq model.

The ensemble model. Several previous works
have proven the effectiveness of model ensemble
for CGEC (Liang et al., 2020; Hinson et al., 2020).
In this work, we clearly observe the complementary
power of the above two models in fixing different
error types (see Table 7), and thus attempt to com-
bine them.

We adopt a simple edit-wise voting mechanism.
The edits are at the char-based span level, and cor-
respond to four error types. Please refer to Section
6.2 for detailed explanation of our char-based evalu-
ation metric. More specifically, we aggregate edits
from the results of each model, and only preserve
edits that appear more than N/2 times, where N
is the number of models. In other words, an edit is
kept in the final result only if it is produced by a
majority of models.4

3https://github.com/alibaba/AliceMind/
tree/main/StructBERT

4In fact, our voting strategy is a little more complex due

We experiment with two ensemble settings:
1) one Seq2Edit and one Seq2Seq, denoted
by “1×Seq2Edit+1×Seq2Seq”, and 2) three
Seq2Edit and three Seq2Seq, denoted by
“3×Seq2Edit+3×Seq2Seq”.The three Seq2Edit
models are obtained using different random
seeds for initialization, and the same goes for the
Seq2Seq.

Other settings. To obtain the single-model
performance of both kinds of models, we run
them three times separately with different ran-
dom seeds for initialization and calculate aver-
age metrics. For “1×Seq2Edit+1×Seq2Seq”, we
random select a pair of single models. For
“3×Seq2Edit+3×Seq2Seq”, we aggregate the re-
sults of all six single models.

5 Experiments on NLPCC18-Orig Data

In order to show that our benchmark models are
competitive among existing CGEC models, we con-
duct experiments on the original NLPCC18 test set,
on which most previous CGEC systems are tested.

Training data. For the sake of easy replica-
bility, we limit our training data strictly to public
resources, i.e., the Lang85 data (Zhao et al., 2018)
and the HSK6 data (Zhang, 2009). We filter dupli-
cate sentences that appear in our dataset, and dis-
card correct sentences. The final Lang8 and HSK
data contains 1,092,285 and 95,320 sentence pairs,
respectively. The HSK data is cleaner and of higher
quality than Lang8, but is smaller. Following the
re-weighting procedure of Junczys-Dowmunt et al.
(2018), we duplicate the HSK data five times, and
merge them with Lang8 data.

Comparison with previous works. Table 5
shows the results. For a fair comparison, we follow
the official setting of the shared task, including the
word-based MaxMatch scorer (Dahlmeier and Ng,

to the adaption of two pieces of modification, which consis-
tently improve performance in our preliminary experiments.
First, for word-order errors, we set the preserving threshold to
N/2− 1 considering the Seq2Seq model is much superior in
handling word-order errors than the Seq2Edit model. Imagine
the scenario when all Seq2Seq models agree on correcting
a word-order error, whereas all Seq2Edit models disagree.
Using N/2 − 1 means that a word-order edit is kept in the
final result even when it is produced by exactly half of models.
Second, we use a set of simple heuristic rules to recognize
spelling errors, a sub-type of substitution errors, and also use
N/2 − 1 as the preserving threshold for them. This is also
reasonable since both GEC models can obtain high precision
scores on such errors.

5http://tcci.ccf.org.cn/conference/2018/
taskdata.php

6http://hsk.blcu.edu.cn
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P R F0.5

Trained on Lang8
YouDao (Fu et al., 2018)♢ 35.24 18.64 29.91
AliGM (Zhou et al., 2018)♢ 41.00 13.75 29.36
BLCU (Ren et al., 2018)♢ 47.63 12.56 30.57
HRG (Hinson et al., 2020)♢ 36.79 27.82 34.56
MaskGEC (Zhao and Wang, 2020)♡ 44.36 22.18 36.97
Our Seq2Edit 39.83 23.01 34.75
Our Seq2Seq 37.67 29.88 35.80
1×Seq2Edit+1×Seq2Seq♢ 58.15 18.35 40.55
3×Seq2Edit+3×Seq2Seq♢ 55.58 19.78 40.81

Trained on Lang8+HSK
TEA (Wang et al., 2020)♡ 39.43 22.80 34.41
WCDA (Tang et al., 2021)♡ 47.41 23.72 39.51
Our Seq2Edit (BERT) 39.61 28.53 36.76
Our Seq2Edit (RoBERTa) 39.74 30.44 37.54
Our Seq2Edit (MacBERT) 40.46 30.73 38.05
Our Seq2Edit (StructBERT) 42.88 30.19 39.55
Our Seq2Seq 41.44 32.89 39.39
1×Seq2Edit+1×Seq2Seq♢ 60.72 22.48 45.31
3×Seq2Edit+3×Seq2Seq♢ 59.38 24.18 45.99

Table 5: Performance comparison on the original
NLPCC18 dataset (Zhao et al., 2018) using the offi-
cial word-based evaluation script. The first group lists
models that use only Lang8 for training, whereas the
second group shows those using both Lang8 and HSK
data. Models marked by ♢ use model ensemble, and
those marked by ♡ use data augmentation.

2012) for calculating the P/R/F values. We segment
model outputs by adopting the PKUNLP word seg-
mentation (WS) tool provided by the shared task
organizers (Zhao et al., 2018).

When only using Lang8 for training, our single
Seq2Seq model is already quite competitive. Its
performance is only lower than MaskGEC (Zhao
and Wang, 2020) by 1 point in F0.5. Please no-
tice that MaskGEC extra uses data augmentation.
For now, our benchmark models do not use any
synthetic data for simplicity, but we believe data
augmentation could further boost the performance
of our models.

Adding the HSK training data improves perfor-
mance of all our models by about 4 points. Our
two benchmark models already achieve SOTA per-
formance under the single-model setting.

The model ensemble technique leads to obvious
performance gains (more than 5 points) over single
models. However, the gains from increasing the
number of component models seem rather small.
We try to explain this issue in Section 6.3.

For Seq2Edit, we additionally present results
with other PLMs besides StructBERT, including
BERT (Devlin et al., 2019), RoBERTa (Liu et al.,
2019), and MacBERT (Cui et al., 2020) from the

Hugging Face7 website. We use the “large” vari-
ants of all PLMs.

6 Experiments on MuCGEC

6.1 Data Splits

For hyperparameter tuning or model selection, pre-
vious works on other CGEC datasets often ran-
domly sample some sentence pairs from training
data as the dev set (Wang et al., 2020; Zhao and
Wang, 2020; Hinson et al., 2020), which is incon-
venient for reproducing or comparing.

In this work, we propose to provide a fixed dev
set for our newly annotated dataset, by randomly
selecting 1,125 sentences from the CGED source,
denoted as CGED-dev. The remaining 5,938 sen-
tences are used as the test set, in which each data
source has a roughly equal amount of sentences,
i.e., 1,996 sentences for NLPCC18-test, 2,000 for
CGED-test, and 1,942 for Lang8-test.

6.2 Evaluation Metrics

Problems with word-based metrics. As discussed
in Section 5, previous CGEC datasets are annotated
upon word sequences and adopt word-based met-
rics for evaluation. Before annotation and evalua-
tion, a sentence needs to be segmented into words
using a Chinese word segmentation (CWS) model.
We believe this will introduce unnecessary uncer-
tainty in CGEC evaluation procedure. First, CWS
models inevitably produce word segmentation er-
rors (Fu et al., 2020). Second, there are multiple
heterogeneous CWS standards. Finally, we found
that a correct edit may be judged as wrong due to
the word boundary mismatch.

Char-based span-level evaluation metrics are
adopted in this work instead. First, given an input
sentence and a correction, we obtain an optimal
sequence of char-level edits with the minimal edit
distance. We consider three types of char-level
edits, corresponding to three error types:

• Deleting a char for a redundant error;

• Inserting a char for a missing error;

• Substituting a char with another one for a sub-
stitution error;

Then, we convert all char-level edits into span-
level by merging consecutive edits of the same type,
following previous practice in EGEC and CGEC
(Felice et al., 2016; Hinson et al., 2020)

7https://huggingface.co/
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NLPCC18-test CGED-test Lang8-test All-test
P R F0.5 P R F0.5 P R F0.5 P R F0.5

Seq2Edit 50.09 32.09 45.04 42.87 27.69 38.64 39.65 21.62 33.98 44.11 27.18 39.22
Seq2Seq 47.99 35.12 44.71 46.04 26.97 40.34 36.10 25.01 33.16 43.81 28.56 39.58

1×Seq2Edit+1×Seq2Seq 74.13 24.11 52.39 68.59 20.35 46.53 62.25 14.23 37.17 68.92 19.68 45.94
3×Seq2Edit+3×Seq2Seq 72.82 26.38 53.81 67.95 21.58 47.52 60.65 16.39 39.38 67.76 21.42 47.29

Human 75.77 66.15 73.63 74.14 64.84 72.00 72.31 62.26 70.05 73.47 63.75 71.25

Table 6: Performance of models and our annotators on MuCGEC, using the char-based metric. For calculating the
human performance, each submitted result is considered as a sample if an annotator submits multiple references.

Seq2Edit Seq2Seq Ensemble Human
Missing (29.2%) 41.09 40.93 42.25 69.72
Redundant (16.1%) 43.11 37.65 54.18 72.78
Substitution (48.9%) 35.99 39.98 47.37 71.69
Word-order (5.8%) 28.28 40.33 42.44 72.58

Table 7: F0.5 scores for each error type on All-
test. The bold numbers in parentheses show the pro-
portion of each error type. “Ensemble” refers to
“3×Seq2Edit+3×Seq2Seq”.

The above two steps are applied to both the sys-
tem output sequence and golden reference, trans-
forming them into sets of span-level edits. Finally,
we can calculate the P/R/F value by comparing
them. If there are multiple golden references, we
will choose the one with the highest F-score.

Span-level word-order errors. When calculat-
ing overall metrics, we only consider above three
types of errors. When analyzing, we distinguish the
fourth error type — word-order. A span-level word-
order error is usually composed of a redundant and
a missing error, where the deleted span is the same
as the inserted one. We use simple heuristic rules
to identify such errors (Hinson et al., 2020).

Please kindly notice that we release our evalua-
tion script as well.

6.3 Results and Analysis

Main results. Table 6 shows the char-based per-
formance of the benchmark models and our an-
notators on MuCGEC. All models are trained on
Lang8+HSK, as described in Section 4.

The overall trend of performance change is
basically consistent with those on the original
NLPCC18 dataset in Table 5. First, the Seq2Seq
and Seq2Edit models perform quite closely on F0.5,
but clearly exhibit divergent strength in precision
and recall, giving a strong motivation for combin-
ing them. Second, the model ensemble approach
improves performance by a very large margin.

One interesting observation is that on MuCGEC,
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Figure 3: Effect of the number of references on F0.5.

“3×Seq2Edit+3×Seq2Seq” substantially outper-
forms “1×Seq2Edit+1×Seq2Seq” on All-test and
all three subsets. In contrast, the improvement is
only modest on the original NLPCC18 test data.
We suspect this may indicate that a multi-reference
dataset can more accurately evaluate model per-
formance. However, it may require further human
investigation for more insights.

Finally, there is still a huge performance gap
between models and humans, indicating that CGEC
research still has a long way to go.

Performance on four error types. Table 7
shows more fine-grained evaluation results on four
error types.

It is clear that the Seq2Edit model is better at
handling redundant errors, whereas the Seq2Seq
model is superior in dealing with substitution and
word-order errors. For missing errors, the two per-
form similarly well.

These phenomena are quite interesting and can
be understood after considering the underlying
model architectures. On the one hand, to correct
redundant errors, the Seq2Edit model only needs
to perform a fixed deletion operation, which is a
much more implicit choice for the Seq2Seq model,
since its goal is to rewrite the whole sentence. On
the other hand, the Seq2Seq is suitable to substitute
or reorder words due to its natural capability of uti-
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lizing language model information, especially with
the enhancement of BART (Lewis et al., 2020).

Again, the model ensemble approach substan-
tially improves performance on all error types. The
ensemble model is closest to the human on redun-
dant errors, probably because they are the easiest
to correct. The largest gap occurs in word-order
errors, which require global structure knowledge
to correct and are extremely challenging.

Influence of the number of references. To un-
derstand the impact of the number of references on
performance evaluation, we deliberately reduce the
available number of reference in our dataset. For
example, when the maximum number of references
is limited to 2, we only kept the first two references
in the dataset if a sentence has more than 2 golden
references. The results are shown in Figure 3.

When the maximum number of references in-
creases, the performance of both models and hu-
mans increases continuously, especially for hu-
mans. As only a few sentences have more than
3 references, the improvement is quite small when
the maximum number of references increases from
3 to All. This trend suggests that compared with
single-reference datasets, a multi-reference dataset
reduces the risk of underestimating performance,
and thus is more reliable for model evaluation.

7 Related Works

EGEC resources. There has been a lot of work on
EGEC data construction. As the two earliest EGEC
datasets, FCE (Yannakoudakis et al., 2011) and NU-
CLE (Dahlmeier et al., 2013) adopt the error-coded
annotation paradigm. In contrast, JFLEG (Napoles
et al., 2017) collects sentences from TOFEL exams
and adopts the direct rewriting paradigm. W&I
(Bryant et al., 2019) also chooses the direct rewrit-
ing paradigm, and extra annotates a score indicat-
ing the language proficiency level of the writer for
each input sentence. All four datasets are com-
posed of essays from non-native English speakers
and provide multiple references.

Recently, researchers have started to annotate
small-scale EGEC data for texts written by native
English speakers, including AESW (Daudaravi-
cius et al., 2016), LOCNESS (Bryant et al., 2019),
GMEG (Napoles et al., 2019) and CWEB (Flachs
et al., 2020). In the future, we plan to extend this
work to texts written by native Chinese speakers.

CGEC resources. Compared with EGEC,
progress in CGEC data construction largely lags be-

hind. As discussed in Section 1, NLPCC18 (Zhao
et al., 2018) and CGED (Rao et al., 2018, 2020)
are the only two evaluation datasets for CGEC re-
search. Besides them, there are also a few resources
for training CGEC models, e.g., the Lang8 corpus
(Zhao et al., 2018) and the HSK corpus (Zhang,
2009).

Concurrently with this work, Wang et al. (2022)
present a multi-reference CGEC dataset, named
as yet another Chinese learner corpus (YACLC),
containing 32,124 sentences from Lang8. Each
sentence is annotated by 10 annotators.

Recent progress in CGEC. In the NLPCC-2018
shared task (Zhao et al., 2018), many systems
adopt Seq2Seq models, based on RNN/CNN. Re-
cent work mainly utilizes Transformer (Wang et al.,
2020; Zhao and Wang, 2020; Tang et al., 2021).
Hinson et al. (2020) first employ a Seq2Edit model
for CGEC, and achieve comparable performance
with the Seq2Seq counterparts. Some systems in
the CGED-2020 shared task (Rao et al., 2020) di-
rectly employ the open-source Seq2Edit model, i.e.,
GECToR (Liang et al., 2020). Most Seq2Edit mod-
els use PLMs like BERT (Devlin et al., 2019) to
initialize their encoders. Besides the above two
mainstream models, Li and Shi (2021) for the first
time apply a non-autoregressive neural machine
translation model to CGEC.

Besides modeling optimization, techniques like
data augmentation (Zhao and Wang, 2020; Tang
et al., 2021) and model ensemble (Hinson et al.,
2020) have proven to be very useful for CGEC.

8 Conclusions

This paper presents MuCGEC, a newly annotated
evaluation dataset for CGEC, consisting of 7,063
sentences written by CSL learners. Compared with
existing CGEC datasets, ours can support more re-
liable evaluation due to three important features:
1) providing multiple references; 2) covering three
text sources; 3) adopting strict quality control (i.e.,
annotation guidelines and workflow). After de-
scribing the data construction process, we perform
detailed analyses of our data. Then, we adopt two
mainstream and competitive CGEC models, i.e.,
Seq2Seq and Seq2Edit, and carry out benchmark
experiments. We also propose to adopt char-based
evaluation metrics to replace previously used word-
based ones.
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Appendices

A More Discussion on the Char-based
Span-level Metric

We find that ERRANT_ZH (Hinson et al., 2020), a
useful evaluation tool for CGEC, only merges edits
for redundant errors and missing errors, and does
not merge edits for substitution errors. In contrast,
as discussed in Section 6.2, we also merge the con-
secutive edits for substitution errors for the sake of
simplicity. We hope future research can adopt our
simplified version unless there is a strong reason.
Meanwhile, we should keep thinking about which
evaluation metrics are more suitable for CGEC
task.

B Interface

Figure 4 shows our design of annotation interface
in our annotation tool, where annotators correct
assigned sentences. Given an annotation task, this
interface presents a potentially wrong sentence and

a text input box. The original sentence is copied
into the input box below, so that the annotator can
directly modify it. To support multiple corrections,
we also provide a button to add additional input
boxes. Two special buttons are provided to deal
with special cases. The error free button means that
the sentence is correct; the not annotatable button
means that the annotator can not understand the
sentence.

Figure 4: The screenshot of the annotation interface.

Figure 5 shows the review interface, where se-
nior annotators judge whether the submitted correc-
tions are correct. All corrections of a sentence from
annotators are shown on the screen, and reviewers
click a check box to mark each of them as correct
or incorrect. The input box below allows reviewers
to supplement extra valid corrections.

Figure 5: The screenshot of the review interface.

C Hyperparameters

Table 8 and Table 9 shows the detailed hyperpa-
rameters for training our two benchmark models.
Due to the GPU memory limitation, we truncated
sentences longer than 100 characters when training
the Seq2Seq model. In other words, extra charac-
ters in the input sentences and the references are
discarded.

A useful trick. We find that some sentences in
MuCGEC are actually composed of multiple sen-
tences. Therefore, we split one input sentence into
multiple ones based on punctuation marks such as
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periods, exclamation marks, and so on. Then, we
perform corrections on the smaller sentences and
concatenate the results. We find this trick can con-
sistently improve performance in our preliminary
experiments. For now, we decide not to break the
sentences when releasing in order to be consistent
with the sources where the data comes from.

Configurations Values
Model architecture BART (Lewis et al., 2020)
Pretrained model Chinese-BART-Large (Shao et al., 2021)

Number of max epochs 10
Devices 8 Nvidia V100 GPU (32GB)

Batch size per GPU 32

Optimizer
Adam (Kingma and Ba, 2014)

(β1 = 0.9, β2 = 0.999, ϵ = 1× 10−8)
Learning rate 3× 10−6

Learning rate scheduler Polynomial
Gradient accumulation steps 4

Dropout 0.1
Gradient clipping 1.0

Loss function
Label smoothed cross entropy

(label-smoothing=0.1)
(Szegedy et al., 2016)

Total training time About 20 hours
Stopping criteria Loss value on the dev set

Patience 3

Table 8: Hyperparameter values of our Seq2Seq model.

Configurations Values
Model architecture GECToR (Omelianchuk et al., 2020)
Pretrained model Chinese-Struct-Bert-Large (Wang et al., 2019)

Number of max epochs 20
Number of cold epochs 2

Devices 1 Nvidia V100 GPU (32GB)

Optimizer
Adam (Kingma and Ba, 2014)

(β1 = 0.9, β2 = 0.999, ϵ = 1× 10−8)
Cold learning rate 1× 10−3

Learning rate 1× 10−5

Batch size 128
Loss function Cross entropy

Total training time About 10 hours
Stopping criteria Label prediction accuracy on the dev set

Patience 3

Table 9: Hyperparameter values of our Seq2Edit model.
“Cold” means that freeze the parameters of BERT.
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Abstract

Media news framing bias can increase political
polarization and undermine civil society. The
need for automatic mitigation methods is there-
fore growing. We propose a new task, a neu-
tral summary generation from multiple news
articles of the varying political leanings to fa-
cilitate balanced and unbiased news reading.
In this paper, we first collect a new dataset, il-
lustrate insights about framing bias through a
case study, and propose a new effective metric
and model (NEUS-TITLE) for the task. Based
on our discovery that title provides a good
signal for framing bias, we present NEUS-
TITLE that learns to neutralize news content
in hierarchical order from title to article. Our
hierarchical multi-task learning is achieved by
formatting our hierarchical data pair (title, ar-
ticle) sequentially with identifier-tokens (“TI-
TLE=>”, “ARTICLE=>”) and fine-tuning the
auto-regressive decoder with the standard neg-
ative log-likelihood objective. We then ana-
lyze and point out the remaining challenges
and future directions. One of the most inter-
esting observations is that neural NLG models
can hallucinate not only factually inaccurate or
unverifiable content but also politically biased
content.

1 Introduction

Media framing bias occurs when journalists make
skewed decisions regarding which events or infor-
mation to cover (information bias) and how to cover
them (lexical bias) (Entman, 2002; Groeling, 2013).
Even if the reporting of the news is based on the
same set of underlying issues or facts, the fram-
ing of that issue can convey a radically different
impression of what actually happened (Gentzkow
and Shapiro, 2006). Since the news media plays a
crucial role in shaping public opinion toward vari-
ous important issues (De Vreese, 2004; McCombs

∗∗ This work was done when the author was studying at
The Hong Kong University of Science and Technology.

Figure 1: Illustration of the proposed task. We want to
generate neutral summarization of news articles from
varying of political orientations. Orange highlights
indicate phrases that can be considered framing bias.

and Reynolds, 2009; Perse and Lambe, 2016), bias
in media reporting can reinforce the problem of
political polarization and undermining civil society
rights.

Allsides.com (Sides, 2018) mitigates this prob-
lem by displaying articles from various media in
a single interface along with an expert-written
roundup of news articles. This roundup is a neu-
tral summary for readers to grasp a bias-free un-
derstanding of an issue before reading individual
articles. Although Allsides fights framing bias,
scalability still remains a bottleneck due to the
time-consuming human labor needed for compos-
ing the roundup. Multi-document summarization
(MDS) models (Lebanoff et al., 2018; Liu and Lap-
ata, 2019) could be one possible choice for automat-
ing the roundup generation as both multi-document
summaries and roundups share a similar nature in
extracting salient information out of multiple input
articles. Yet the ability of MDS models to pro-
vide neutral description of a topic issue – a crucial
aspect of the roundup – remains unexplored.
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In this work, we fill in this research gap
by proposing a task of Neutral multi-news
Summarization (NEUS), which aims to generate
a framing-bias-free summary from news articles
with varying degrees and orientation of political
bias (Fig. 1). To begin with, we construct a new
dataset by crawling Allsides.com, and investigate
how framing bias manifests in the news so as to
provide a more profound and more comprehensive
analysis of the problem. The first important insight
from our analysis is a close association between
framing bias and the polarity of the text. Grounded
on this basis, we propose a polarity-based framing-
bias metric that is simple yet effective in terms of
alignment with human perceptions. The second
insight is that titles serve as a good indicator of
framing bias. Thus, we propose NEUS models
that leverage news titles as an additional signal to
increase awareness of framing bias.

Our experimental results provide rich ideas for
understanding the problem of mitigating framing
bias. Primarily, we explore whether existing sum-
marization models can already solve the problem
and empirically demonstrate their shortcomings
in addressing the stylistic aspect of framing bias.
After that, we investigate and discover an interest-
ing relationship between framing bias and hallu-
cination, an important safety-related problem in
generation tasks. We empirically show that the
hallucinatory generation has the risk of being not
only factually inaccurate and/or unverifiable but
also politically biased and controversial. To the
best of our knowledge, this aspect of hallucination
has not been previously discussed. We thus hope
to encourage more attention toward hallucinatory
framing bias to prevent automatic generations from
fueling political bias and polarization.

We conclude by discussing the remaining chal-
lenges to provide insights for future work. We hope
our work with the proposed NEUS task serves is a
good starting point to promote the automatic miti-
gation of media framing bias.

2 Related Works

Media Bias Media bias has been studied ex-
tensively in various fields such as social science,
economics, and political science. Media bias is
known to affect readers’ perceptions of news in
three main ways: priming, agenda-setting, and

framing1(Scheufele, 2000). Framing is a broad
term that refers to any factor or technique that af-
fect how individuals perceive certain reality or in-
formation (Goffman, 1974; Entman, 1993, 2007;
Gentzkow and Shapiro, 2006). In the context of
news reports, framing is about how an issue is char-
acterized by journalists and how readers take the
information to form their impression (Scheufele
and Tewksbury, 2007). Our work specifically fo-
cuses on framing “bias” that exists as a form of
text in the news. More specifically, we focus on
different writing factors such as word choices and
the commission of extra information that sway an
individual’s perception of certain events.

Media Bias Detection In natural language pro-
cessing (NLP), computational approaches for de-
tecting media bias often consider linguistic cues
that induce bias in political text (Recasens et al.,
2013; Yano et al., 2010; Lee et al., 2019; Morstat-
ter et al., 2018; Lee et al., 2019; Hamborg et al.,
2019b; Lee et al., 2021b; Bang et al., 2021). For in-
stance, Gentzkow and Shapiro count the frequency
of slanted words within articles. These methods
mainly focus on the stylistic (“how to cover”) as-
pect of framing bias. However, relatively fewer
efforts have been made toward the informational
(“what to cover”) aspect of framing bias (Park
et al., 2011; Fan et al., 2019). Majority of liter-
ature doing informational detection are focused on
more general factual domain (non-political infor-
mation) in the name of “fact-checking” (Thorne
et al., 2018; Lee et al., 2018, 2021a, 2020). How-
ever, these methods cannot be directly applied to
media bias detection because there does not exist
reliable source of gold standard truth to fact-check
biased text upon.

Media Bias Mitigation News aggregation, by
displaying articles from different news outlets on
a particular topic (e.g., Google News,2 Yahoo
News3), is the most common approach to miti-
gate media bias (Hamborg et al., 2019a). However,
news aggregators require willingness and effort
from the readers to be resistant to framing biases
and identify the neutral fact from differently framed
articles. Other approaches have been proposed to

1Priming happens when news reporting tells the reader
what context of the event should they evaluate the event in;
Agenda-setting is when news reporting tell readers what are
the most important problems to think about

2https://news.google.com/
3https://news.yahoo.com/
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provide additional information (Laban and Hearst,
2017), such as automatic classification of multi-
ple viewpoints (Park et al., 2009), multinational
perspectives (Hamborg et al., 2017), and detailed
media profiles (Zhang et al., 2019b). However,
these methods focus on providing a broader per-
spective to readers from an enlarged selection of
articles, which still puts the burden of mitigating
bias on the readers. Instead, we propose to automat-
ically neutralize and summarize partisan articles to
produce a neutral article summary.

Multi-document Summarization As a chal-
lenging subtask of automatic text summarization,
multi-document summarization (MDS) aims to con-
dense a set of documents to a short and informative
summary (Lebanoff et al., 2018). Recently, re-
searchers have applied deep neural models for the
MDS task thanks to the introduction of large-scale
datasets (Liu et al., 2018; Fabbri et al., 2019). With
the advent of large pre-trained language models
(Lewis et al., 2019; Raffel et al., 2019), researchers
have also applied them to improve the MDS mod-
els, performance (Jin et al., 2020; Pasunuru et al.,
2021). In addition, many works have studied partic-
ular subtopics of the MDS task, such as agreement-
oriented MDS (Pang et al., 2021), topic-guided
MDS (Cui and Hu, 2021) and MDS of medical stud-
ies (DeYoung et al., 2021). However, few works
have explored generating framing-bias-free sum-
maries from multiple news articles. To add to this
direction, we propose the NEUS task and creates a
new benchmark.

3 Task and Dataset

3.1 Task Formulation

The main objective of NEUS is to generate a neutral
article summary Aneu given multiple news articles
A0...N with varying degrees and orientations of
political bias. The neutral summary Aneu should
(i) retain salient information and (ii) minimize as
much framing bias as possible from the input arti-
cles.

3.2 ALLSIDES Dataset

Allsides.com provides access to triplets of news,
which comprise reports from left, right, and center
American publishers on the same event, with an
expert-written neutral summary of the articles and
its neutral title. The dataset language is English and
mainly focuses on U.S. political topics that often re-

sult in media bias. The top-3 most frequent topics4

are ‘Elections’, ‘White House’, and ‘Politics’.
We crawl the article triplets5 to serve as the

source inputs {AL, AR, AC}, and the neutral ar-
ticle summary to be the target output Aneu for
our task. Note that “center” does not necessar-
ily mean completely bias-free (all, 2021) as illus-
trated in Table 1. Although “center” media out-
lets are relatively less tied to a particular political
ideology, their reports may still contain framing
bias because editorial judgement naturally leads to
human-induced biases. In addition, we also crawl
the title triplets {TL, TR, TC} and the neutral issue
title Tneu that are later used in our modeling.

To make the dataset richer, we also crawled
other meta-information such as date, topic tags, and
media name. In total, we crawled 3, 564 triplets
(10, 692 articles). We use 2/3 of the triplets, which
is 2, 276, to be our training and validation set
(80 : 20 ratio), and the remaining 1, 188 triples
as our test set. We will publicly release this dataset
for future research use.

4 Analysis of Framing Bias

The literature on media framing bias from the NLP
community and social science studies provide the
definition and types of framing bias (Goffman,
1974; Entman, 1993; Gentzkow et al., 2015; Fan
et al., 2019) — Informational framing bias is the
biased selection of information (tangential or spec-
ulative information) to sway the minds of readers.
Lexical framing bias is a sensational writing style
or linguistic attributes that may mislead readers.
However, the definition is not enough to understand
exactly how framing bias manifests in real exam-
ples such as, in our case, the ALLSIDES dataset.
We conduct a case-study to obtain concrete insights
to guide our design choices for defining the metrics
and methodology.

4.1 Case-Study Observations
First, we identify and share the examples of fram-
ing bias in accordance with the literature (Table 1).

Informational Bias This bias exists dominantly
in the form of “extra information” on top of the
salient key information about an issue that changes
the overall impression of it. For example, in Ta-
ble 1, when reporting about the hold put on mil-

4The full list is provided in the appendix.
5In some cases, Allsides does not provide all three report-

ings, and such cases are filtered out.
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Issue A: Trump Put Hold On Military Aid To Ukraine Days Before Call To Ukrainian President
Left: Trump ordered hold on military aid days before calling Ukrainian president, officials say
Right: Trump administration claims Ukraine aid was stalled over corruption concerns, decries media ‘frenzy’
Center: Trump Put Hold on Military Aid Ahead of Phone Call With Ukraine’s President

Issue B: Michael Reinoehl appeared to target right-wing demonstrator before fatal shooting in Portland, police say
Left: Suspect in killing of right-wing protester fatally shot during arrest
Right: Portland’s Antifa-supporting gunman appeared to target victim, police say
Center: Suspect in Patriot Prayer Shooting Killed by Police

Issue C: Trump Says the ‘Fake News Media’ Are ‘the true Enemy of the People’
Left: President Trump renews attacks on press as ‘true enemy of the people’ even as CNN receives another suspected bomb
Right: ‘Great Anger’ in America caused by ‘fake news’ — Trump rips media for biased reports’
Center: Trump blames ’fake news’ for country’s anger : ’the true enemy of the people’

Table 1: Illustration of differences in framing from Left/Right/Center media with examples from ALL-
SIDES dataset. We use titles for the analysis of bias, since they are simpler to compare and are representative
of the framing bias that exists in the article.

itary aid to Ukraine (Issue A), the right-leaning
media reports the speculative claim that there were
“corruption concerns” and tangential information
“decries media ‘frenzy”’ that amplifies the negative
impression of the issue. Sometimes, media with
different political leanings report additional infor-
mation to convey a completely different focus on
the issue. For Issue C, left-leaning media implies
that Trump’s statement about fake news has led to
“CNN receiving another suspected bomb”, whereas
right-leaning media implies that the media is at
fault by producing “biased reports”.

Lexical Bias This bias exists mainly as biased
word choices that change the nuance of the infor-
mation that is being delivered. For example, in
Issue B, we can clearly observe that two media
outlets change the framing of the issue by using
different terms “suspect” and “gunman” to refer to
the shooter, and “protester” and “victim” to refer to
the person shot. Also, in Issue A, when one media
outlet uses “(ordered) hold”, another media uses
“stalled”, which has a more negative connotation.

4.2 Main Insights from Case-Study

Next, we share important insights from the case
study observation that guide our metric and model
design.

Relative Polarity Polarity is one of the com-
monly used attributes in identifying and analyz-
ing framing bias (Fan et al., 2019; Recasens et al.,
2013). Although informational and lexical bias is
conceptually different, both are closely associated
with polarity changes of concept, i.e., positive or
negative, to induce strongly divergent emotional
responses from the readers (Hamborg et al., 2019b).

Thus, polarity can serve as a good indicator of fram-
ing bias.

However, we observe that the polarity of text
must be utilized with care in the context of framing
bias. It is the relative polarity that is meaningful to
indicate the framing bias, not the absolute polar-
ity. To elaborate, if the news issue itself is about
tragic events such as “Terror Attack in Pakistan”
or “Drone Strike That Killed 10 people”, then the
polarity of neutral reporting will also be negative.

Indicator of Framing We discover that the news
title is very representative of the framing bias that
exist in the associated articles – this makes sense be-
cause the title can be viewed as a succinct overview
of the content that follows6. For instance, in Ta-
ble 3 the source input example, the right-leaning
media’s title, and article are mildly mocking of
the “desperate” democrats’ failed attempts to take
down President Trump. In contrast, the left-leaning
media’s title and an article show a completely dif-
ferent frame – implying that many investigations
are happening and there is “possible obstruction
of justice, public corruption, and other abuses of
power.”

5 Metric

We use three metrics to evaluate summaries from
different dimensions. For framing bias, we propose
a polarity-based metric based on the careful design
choices detailed in §5.1. For evaluating whether
the summaries retain salient information, we adopt
commonly used information recall metrics (§5.2).
In addition, we use a hallucination metric to evalu-
ate if the generations contain any unfaithful hallu-

6There can be exceptions for the non-main-stream media
that use clickbait titles.
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cinatory information because the existence of such
hallucinatory generations can make the summary
fake news (§5.3).

5.1 Framing Bias Metric

5.1.1 Design Consideration
Our framing bias metric is developed upon the in-
sights we obtained from our case study in §4.

First of all, we propose to build our metric based
on the fact that framing bias is closely associated
with polarity. Both model-based and lexicon-based
polarity detection approaches are options for our
work, and we leverage the latter for the follow-
ing reasons: 1) There is increasing demand for
interpretability in the field of NLP (Belinkov et al.,
2020; Sarker et al., 2019), and the lexicon-based ap-
proach is more interpretable (provides token-level
human interpretable annotation) compared to black-
box neural models. 2) In the context of framing
bias, distinguishing the subtle nuance of words
between synonyms is crucial (e.g., dead vs. mur-
dered). The lexicon-resource provides such token-
level fine-grained scores and annotations, making
it useful for our purpose.

Metric calibration is the second design consid-
eration, and is motivated by our insight into the
relativity of framing bias. The absolute polarity
of the token itself does not necessarily indicate
framing bias (i.e., the word “riot” has negative sen-
timent but does not always indicate bias), so it is
essential to measure the relative degree of polarity.
Therefore, calibration of the metric in reference
to the neutral target is important. Any tokens ex-
isting in the neutral target will be ignored in bias
measurement for the generated neutral summary.
For instance, if “riot” exists in the neutral target, it
will not be counted in bias measurement through
calibration.

5.1.2 Framing Bias Metric Details
For our metric, we leverage Valence-Arousal-
Dominance (VAD) (Mohammad, 2018) dataset
which has a large list of lexicons annotated for
valence (v), arousal (a) and dominance (d) scores.
Valence, arousal, and dominance represent the di-
rection of polarity (positive, negative), the strength
of the polarity (active, passive), and the level of
control (powerful, weak), respectively.

Given the neutral summary generated from the
model Âneu, our metric is calculated using the
VAD lexicons in the following way:

1. Filter out all the tokens that appear in neutral
target Aneu to obtain set of tokens unique to
Âneu. This ensures that we are measuring
the relative polarity of Âneu in reference to
the neutral target Aneu – results in calibration
effect.

2. Select tokens with either positive valence
(v > 0.65) or negative valence (v < 0.35) to
eliminate neutral words (i.e., stopwords and
non-emotion-provoking words) – this step ex-
cludes tokens that are unlikely to be associated
with framing bias from the metric calculation.

3. Sum the arousal scores for the identified
positive and negative tokens from Step 2 –
positive arousal score (Arousal+) and neg-
ative arousal score (Arousal−). We in-
tentionally separate the positive and nega-
tive scores for finer-grained interpretation.
We also have the combined arousal score
(Arousalsum=Arousal++Arousal−) for a
coarse view.

4. Repeat for all {Aneu, Âneu} pairs in the test-
set, and calculate the average scores to use as
the final metric. We report these scores in our
experimental results section (§7).

In essence, our metric approximates the exis-
tence of framing bias by quantifying how intensely
aroused and sensational the generated summary
is in reference to the target neutral reference. We
publicly release our metric code for easy use by
other researchers7.

5.1.3 Human Evaluation
To ensure the quality of our metric, we evaluate
the correlation between our framing bias metric
and human judgement. We conduct A/B test-
ing8 where the annotators are given two gener-
ated articles about an issue, one with a higher
Arousalsum score and the other with a lower score.
Then, annotators are asked to select the more bi-
ased article summary. When asking which article
is more “biased”, we adopt the question presented
by Spinde et al. We also provide examples and the
definition of framing bias for a better understand-
ing of the task. We obtain three annotations each
for 50 samples and select those with the majority
of votes.

A critical challenge of this evaluation is in con-
trolling the potential involvement of the annotators’

7https://github.com/HLTCHKUST/framing-bias-metric
8Please refer the appendix for more detail of the A/B test-

ing
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personal political bias. Although it is hard to elim-
inate such bias completely, we attempt to avoid it
by collecting annotations from those indifferent to
the issues in the test set. Specifically, given that our
test set mainly covers US politics, we restrict the
nationality of annotators to non-US nationals who
view themselves bias-free towards any US political
parties.

After obtaining the human annotations from A/B
testing, we also obtain automatic annotation based
on the proposed framing bias metric score, where
the article with a higher Arousalsum is chosen
to be the more biased generation. The Spearman
correlation coefficient between human-based and
metric-based annotations is 0.63615 with a p-value
< 0.001, and the agreement percentage 80%. These
values indicate that the association between the two
annotations is statistically significant, suggesting
that our metric provides a good approximation of
the existence of framing bias.

5.2 Salient Info
The generation needs to retain essential/important
information while reducing the framing bias. Thus,
we also report ROUGE (Lin, 2004) and BLEU (Pa-
pineni et al., 2002) between the generated neu-
tral summary, Âneu, and human-written summary,
Aneu. Note that ROUGE measures the recall (i.e.,
how often the n-grams in the human reference
text appear in the machine-generated text) and
BLEU measures the precision (i.e., how often the n-
grams in the machine-generated text appear in the
human reference text). The higher the BLEU and
ROUGE1-R score, the better the essential infor-
mation converges. In our results, we only report
Rouge-1, but Rouge-2 and Rouge-L can be found
in the appendix.

5.3 Hallucination Metric
Recent studies have shown that neural sequence
models can suffer from the hallucination of ad-
ditional content not supported by the input (Re-
iter, 2018; Wiseman et al., 2017; Nie et al., 2019;
Maynez et al., 2020; Pagnoni et al., 2021; Ji et al.,
2022), consequently adding factual inaccuracy to
the generation of NLG models. Although not di-
rectly related to the goal of NEUS, we evaluate
the hallucination level of the generations in our
work. We choose a hallucination metric called
FeQA (Durmus et al., 2020) because it is one of
the publicly available metrics known to have a high
correlation with human faithfulness scores. This

is a question-answering-based metric built on the
assumption that the same answers will be derived
from hallucination-free generation and the source
document when asked the same questions.

6 Models and Experiments9

6.1 Baseline Models
Since one common form of framing bias is the re-
porting of extra information (§4), summarization
models, which extract commonly shared salient
information, may already generate a neutral sum-
maries to some extent. To test this, we conduct
experiments using the following baselines.

• LEXRANK (Erkan and Radev, 2004): an
extractive single-document summarization
(SDS) model that extracts representative sen-
tences that hold information common in both
left- and right-leaning articles.

• BARTCNN: an abstractive SDS model
that fine-tunes BART-large (Lewis et al.,
2019), with 406M parameters, using the
CNN/DailyMail (Hermann et al., 2015)
dataset.

• BARTMULTI: a multi-document summariza-
tion (MDS) model that fine-tunes BART-large
using Multi-News (Fabbri et al., 2019) dataset.

• PEGASUSMULTI: an MDS model that fine-
tunes Pegasus-base (Zhang et al., 2019a),
with 568M parameters, using the Multi-News
dataset.

Since the summarization models are not trained
with in-domain data, we provide another baseline
model trained with in-domain data for a full picture.

• NEUSFT: a baseline that fine-tunes the BART-
large model using ALLSIDES.

6.2 Our NEUS Models (NEUS-TITLE)
We design our models based on the second insight
from the case study (§4) - the news title serves as an
indicator of the framing bias in the corresponding
article. We hypothesize that it would be helpful
to divide-and-conquer by neutralizing the the title
first, then leveraging the “neutralized title” to guide
the final neutral summary of the longer articles.

Multi-task learning (MTL) is a natural model-
ing choice because two sub-tasks are involved –
title-level and article-level neutral summarization.

9Experimental details are provided in the appendix for
reproducibility.
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Avg. Framing Bias Metric Salient Info Hallucination
Models

Arousal+↓ Arousal−↓ Arousalsum↓ BLEU↑ ROUGE1-R↑ FeQA↑
All Source input 6.76 3.64 10.40 8.27 56.57% -

LEXRANK 3.02 1.74 4.76 12.21 39.08% 53.44%
BARTCNN 2.09 1.23 3.32 10.49 35.63% 58.03%
PEGASUSMULTI 5.12 2.39 7.51 6.12 44.42% 22.24%
BARTMULTI 5.94 2.66 8.61 4.24 35.76% 21.06%
NEUSFT 1.86 1.00 2.85 11.67 35.11% 58.50%

NEUS-TITLE 1.69 0.83 2.53 12.05 36.07% 45.95%

Table 2: Experimental results for ALLSIDES test set. We provide the level of framing bias inherent in “source
input” from the ALLSIDES test set to serve as a reference point for the framing bias metric. For framing bias
metric, the lower number is the better (↓). For other scores, the higher number is the better (↑).

Meanwhile, we also have to ensure a hierarchical
relationship between the two tasks in our MTL
training because article-level neutral summariza-
tion leverages the generated neutral title as an ad-
ditional resource. We use a simple technique to do
hierarchical MTL by formatting our hierarchical
data pair (title, article) in a single natural language
text with identifier-tokens (“Title=>”, “Article=>”).
This technique allows us to optimize for both title
and article neutral summarization tasks easily by
optimizing for the negative log-likelihood of the
single target Y. The auto-regressive nature of the
decoder also ensures the hierarchical relationship
between the title and article.

We train BART’s autoregressive decoder to gen-
erate the target text Y formatted as follows:

TITLE⇒ Tneu. ARTICLE⇒ Aneu,

where Tneu and Aneu denote the neutral title and
neutral article summary.

The input X to our BART encoder is formatted
similarly to the target text Y :

TITLE⇒ TL. ARTICLE⇒ AL.[SEP ]

TITLE⇒ TC . ARTICLE⇒ AC .[SEP ]

TITLE⇒ TR. ARTICLE⇒ AR,

where TL/C/R and AL/C/R denote the title and ar-
ticle from left-wing, center, and right-wing media,
and [SEP] denotes the special token that separates
different inputs. Note that the order of left, right,
and center are randomly shuffled for each sample
to discourage the model from learning spurious
patterns from the input.

7 Results and Analysis

In this section, we point out noteworthy observa-
tions from the quantitative results in Table 2 along

with insights obtained through qualitative analysis.
Table 3 shows generation examples that are most
representative of the insights we share.10

7.1 Main Results

Firstly, summarization models can reduce the
framing bias to a certain degree (drop in
Arousalsum score from 10.40 to 4.76 and 3.32
for LEXRANK and BARTCNN). This is because
informational framing bias is addressed when sum-
marization models extract the most salient sen-
tences, which contain common information from
the inputs. However, summarization models, espe-
cially LEXRANK cannot handle the lexical framing
bias, as shown in Table 3. Moreover, if we fur-
ther observe the results of LEXRANK, it is one of
the best performing models in terms of ROUGE1-
R (39.08%), the standard metric for summarization
performance, but not in terms of the framing bias
metric. This suggests that having good summariza-
tion performance (ROUGE1-R) does not guarantee
that the model is also neutral – i.e., the require-
ment for summaries to be neutral adds an extra
dimension to the summarization task.

Secondly, one interesting pattern that deserves at-
tention is that only the single-document summariza-
tion models (BARTCNN and LEXRANK) reduced
framing bias well, not the multi-document sum-
marization models (PEGASUSMULTI and BART-
MULTI). This is rather surprising because our task
setup is more similar to MDS than SDS. One of
the major contributors to high bias in the MDS
models is probably the hallucination because MDS
models portray drastically poor hallucination per-
formance than all the other models (both the MDS
models PEGASUSMULTI and BARTMULTI achieve

10More examples are provided in the appendix.
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SOURCE: <Left> Title: Here Are The 81 People And Entities Close To Trump Democrats Are Investigating. Article:
Democrats on the House Judiciary Committee on Monday sent document requests to 81 agencies, entities and individuals
close to President Donald Trump as part of a broad investigation into possible obstruction of justice, public corruption
and other abuses of power. The list includes Trump’s sons, Eric Trump and Donald Trump Jr., as well as his son-in-law,
Jared Kushner.
<Center> Title: House Panel Requests Documents From Associates of Trump. Article: House Democrats intensified
their investigations into President Trump and his associates Monday, demanding records from more than 80 people
and organizations related to his business dealings, interactions with the Justice Department and communications with
Russian President Vladimir Putin.
<Right> Title: Dems Continue Their Assault on The Trump Administration By Launching Another Probe. Article:
Democrats are desperate to take down President Donald Trump. The Russia probe has proven to be ineffective and, quite
frankly, a waste of time and taxpayer money. They didn’t find what they wanted so now they’re launching another probe.

TARGET: House Democrats launched a broad probe into President Trump on Monday, requesting documents from 81
agencies and individuals as they investigate his business dealings, interactions with Russia, and possible obstruction of
justice.

Lexrank: Democrats are desperate to take down President Donald Trump. The Russia probe has proven to be ineffective
and, quite frankly, a waste of time and taxpayer money.

NEUSFT: The Russia probe has proven to be ineffective and, quite frankly, a waste of time and taxpayer money.

NEUS-TITLE: TITLE=> House Panel Requests Documents. ARTICLE=> The House Select Committee on Intelligence
has requested documents from 81 people and entities close to President Trump, including his sons Eric and Donald
Trump Jr., as well as Jared Kushner.

Table 3: Generation examples for analysis purposes. Red highlights the tokens identified by VAD lexicons. Refer
to the appendix for more examples.

SOURCE: ... President Trump on Saturday blasted what he called the “phony” BuzzFeed story and the mainstream
media’s coverage of it....

MDS Hallucination: president trump on sunday slammed what he called called a “phony” story by the
“dishonest” and “fake news” news outlet in a series of tweets. ... “the fake news media is working overtime to make

this story look like it is true,” trump tweeted. “they are trying to make it look like the president is trying to hide

something, but it is not true!”

Table 4: Illustration of hallucinatory framing bias from MDS models and the corresponding “most relevant source
snippet” from the source input. Refer to the appendix for more examples with full context.

22.24% and 21.06%, when most of the other mod-
els achieve over 50%).11 This suggests that the
framing bias of MDS models may be related to
the hallucination of politically biased content. We
investigate into this in the next subsection (§7.2).

Thirdly, although summarization models help
reduce the framing bias scores, we, unsurprisingly,
observe a more considerable bias reduction when
training with in-domain data. NEUSFT shows a
further drop across all framing bias metrics without
sacrificing the ability to keep salient information.
However, we observe that NEUSFT often copies
directly without any neutral re-writing – e.g., the
NEUSFT example shown in Table 3 is a direct copy
of the sentence from the input source.

Lastly, we can achieve slightly further improve-
ment with NEUS-TITLE across all metrics ex-

11Note that 22.24% and 21.06% are already high FeQA
scores, however, a comparatively low score in reference.

cept the FeQA score. This model demonstrates
a stronger tendency to paraphrase rather than di-
rectly copy, and has comparatively more neutral
framing of the issue. As shown in Table 3, when
LEXRANK and NEUSFT are focused on the “in-
effectiveness of Russia probe”, the TARGET and
NEUS-TITLE focus on the start of the investigation
with the request for documents. NEUS-TITLE also
generate a title with a similar neutral frame to the
TARGET, suggesting this title generation guided
the correctly framed generation.

7.2 Further Analysis and Discussion

Q: Is hallucination contributing to the high
framing bias in MDS models? Through qual-
itative analysis, we discovered the MDS genera-
tions were hallucinating politically controversial
or sensational content that did not exist in the in-
put sources. This is probably originating from the
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memorization of either the training data or the LM-
pretraining corpus. For instance, in Table 4, we
can observe stylistic bias being injected – “the ‘dis-
honest’ and ‘fake news’ news outlet”. Also, the
excessive elaboration of the president’s comment
towards the news media, which does not appear the
in source or target, can be considered informational
bias – “they are trying to make it look like the pres-
ident is trying to hide something, but it is not true!”
This analysis unveils the overlooked danger of hal-
lucination, which is the risk of introducing political
framing bias in summary generations. Note that
this problem is not confined to MDS models only
because other baseline models also have room for
improvement in terms of the FeQA hallucination
score.

Q: What are the remaining challenges and fu-
ture directions? The experimental results of
NEUS-TITLE suggest that there is room for im-
provement. We qualitatively checked some error
cases and discovered that the title-generation is,
unsurprisingly, not always accurate, and the error
propagating from the title-generation step adversely
affected the overall performance. Thus, one possi-
ble future direction would be to improve the neutral
title generation, which would then improve the neu-
tral summarization.

Another challenge is the subtle lexical bias in-
volving nuanced word choices that manoeuvre read-
ers to understand the events from biased frames.
For example, “put on hold” and “stalled” both mean
the same outcome, but the latter has a more neg-
ative connotations. Improving the model’s aware-
ness of such nuanced words or devising ways to
incorporate style-transfer-based bias mitigation ap-
proaches (Liu et al., 2021) could be another helpful
future direction.

We started the neutral summarization task as-
suming that framing bias originates from the source
inputs. However, our results and analysis suggest
that hallucination is another contributor to fram-
ing bias. Leveraging hallucination mitigation tech-
niques would be a valuable future direction for the
NEUS task. We believe it will help to reduce in-
formational framing bias, although it may be less
effective to lexical framing biases. Moreover, our
work can also be used to facilitate hallucination
research as well. We believe the proposed framing
bias metric will help researchers evaluate hallu-
cinatory phenomena from different angles other
than “factuality”. The proposed framing bias met-

ric could also be adapted to the hallucination prob-
lem without a “neutral” reference. The source input
can substitute the “neutral” reference to measure if
the generated summary is more politically biased
than the source – a potential indication of political
hallucination.

8 Conclusion

We introduce a new task of Neutral Multi-News
Summarization (NEUS) to mitigate media framing
bias by providing a neutral summary of articles,
along with the dataset ALLSIDES and a set of met-
rics. Throughout the work, we share insights to
understand the challenges and future directions in
the task. We show the relationships among po-
larity, extra information, and framing bias, which
guides us to the metric design, while the insight
that the title serves as an indicator of framing bias
leads us to the model design. Our qualitative analy-
sis reveals that hallucinatory content generated by
models may also contribute to framing bias. We
hope our work stimulates researchers to actively
tackle political framing bias in both human-written
and machine-generated texts.

Ethical Considerations

The idea of unbiased journalism has always been
challenged12 because journalists will make their
own editorial judgements that can never be guar-
anteed to be completely bias-free. Therefore, we
propose to generate a comprehensive summary of
articles from different political leanings, instead of
trying to generate a gold standard “neutral” article.

One of the considerations is the bias induced
by the computational approach. Automatic ap-
proaches replace a known source bias with another
bias caused by human-annotated data or the ma-
chine learning models. Understanding the risk of
uncontrolled adoption of such automatic tools, care-
ful guidance should be provided in how to adopt
them. For instance, an automatically generated neu-
tral summary should be provided with reference to
the original source instead of standing alone.

We use news from English-language sources
only and largely American news outlets through-
out this paper. Partisanship from this data refers
to domestic American politics. We note that this
work does not cover media bias at the international-
level or in other languages. In future work, we

12https://www.allsides.com/blog/does-unbiased-news-
really-exist
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will explore the application of our methodology to
different cultures or languages. However, we hope
the paradigm of NEUS, providing multiple sides
to neutralize the view of an issue, can encourage
future research in mitigating framing bias in other
languages or cultures.
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Appendix

A Topics covered in ALLSIDESdataset

The ALLSIDESdataset language is English and
mainly focuses on U.S. political topics that often
result in media bias. The top-5 most frequent topics
are ‘Elections’, ‘White House’, ‘Politics’, ‘Coron-
avirus’, ‘Immigration’.

The full list is as follow (in a descending order
of frequency): [‘Elections’, ‘White House’, ‘Pol-
itics’, ‘Coronavirus’, ‘Immigration’, ‘Violence in
America’, ‘Economy and Jobs’, ‘Supreme Court’,
‘Middle East’, ‘US House’, ‘Healthcare’, ‘World’,
‘US Senate’, ‘National Security’, ‘Gun Control and
Gun Rights’, ‘Media Bias’, ‘Federal Budget’, ‘Ter-
rorism’, ‘US Congress’, ‘Foreign Policy’, ‘Crim-
inal Justice’, ‘Justice Department’, ‘Trade’, ‘Im-
peachment’, ‘Donald Trump’, ‘North Korea’, ‘Rus-
sia’, ‘Education’, ‘Environment’, ‘Free Speech’,
‘FBI’, nan, ‘Abortion’, ‘General News’, ‘Disaster’,
‘US Military’, ‘Technology’, ‘LGBT Rights’, ‘Sex-
ual Misconduct’, ‘Voting Rights and Voter Fraud’,
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‘Joe Biden’, ‘Race and Racism’, ‘Economic Pol-
icy’, ‘Justice’, ‘Holidays’, ‘Taxes’, ‘China’, ‘Polar-
ization’, ‘Democratic Party’, ‘Religion and Faith’,
‘Sports’, ‘Homeland Security’, ‘Culture’, ‘Cyber-
security’, ‘National Defense’, ‘Public Health’,
‘Civil Rights’, ‘Europe’, ‘Great Britain’, ‘Banking
and Finance’, ‘Republican Party’, ‘NSA’, ‘Busi-
ness’, ‘State Department’, ‘Facts and Fact Check-
ing’, ‘Media Industry’, ‘Labor’, ‘Veterans Affairs’,
‘Campaign Finance’, ‘Life During COVID-19’,
‘Transportation’, ‘Marijuana Legalization’, ‘Agri-
culture’, ‘Arts and Entertainment’, ‘Fake News’,
‘Campaign Rhetoric’, ‘Nuclear Weapons’, ‘Israel’,
‘Asia’, ‘CIA’, ‘Role of Government’, ‘George Floyd
Protests’, "Women’s Issues", ‘Safety and Sanity
During COVID-19’, ‘Animal Welfare’, ‘Treasury’,
‘Science’, ‘Climate Change’, ‘Domestic Policy’,
‘Energy’, ‘Housing and Homelessness’, ‘Bridging
Divides’, ‘Mexico’, ‘Inequality’, ‘COVID-19 Mis-
information’, ‘ISIS’, ‘Palestine’, ‘Bernie Sanders’,
‘Tulsi Gabbard’, ‘Sustainability’, ‘Family and Mar-
riage’, ‘Pete Buttigieg’, ‘Welfare’, ‘Opioid Cri-
sis’, ‘Amy Klobuchar’, ‘Food’, ‘EPA’, ‘South Ko-
rea’, ‘Alaska: US Senate 2014’, ‘Social Security’,
‘US Constitution’, ‘Tom Steyer’, ‘Andrew Yang’,
‘Africa’]

B Additional Salient Information Score
Results

We report additional Salient information F1 (Ta-
ble 5) and Recall (Table 6) scores for ROUGE1,
ROUGE2 and ROUGEL.

ROUGE1
F1

ROUGE2
F1

ROUGEL
F1

LEXRANK 33.60% 13.60% 29.77%
BARTCNN 33.76% 13.67% 30.57%
PEGASUSMULTI 30.03% 10.28% 26.70%
BARTMULTI 23.01% 6.84% 20.55%
NEUSFT 36.76% 16.27% 32.86%

NEUS-TITLE 35.49% 15.69% 32.05%

Table 5: Additional Salient Info Scores. F1 scores for
ROUGE1, ROUGE2 and ROUGEL for ALLSIDES test-
set. For the scores, the higher number is the better.

C Details for Human Evaluation (A/B
testing)

We first presented the participants with the defi-
nition of framing bias from our paper, and also

ROUGE1
RECALL

ROUGE2
RECALL

ROUGEL
RECALL

LEXRANK 39.08% 17.66% 34.69%
BARTCNN 35.63% 15.32% 32.22%
PEGASUSMULTI 44.42% 16.99% 39.45%
BARTMULTI 35.76% 12.48% 32.08%
NEUSFT 35.11% 15.74% 31.43%

NEUS-TITLE 36.07% 16.47% 32.63%

Table 6: Additional Salient Info Scores. Recall
scores for ROUGE1, ROUGE2 and ROUGEL for ALL-
SIDES testset. For the scores, the higher number is the
better.

showed examples in Table 1 to ensure they under-
stand what framing bias is. Then we asked the
following question: “Which one of the articles do
you believe to be more biased toward one side or
the other side in the reporting of news?” This is
modified to serve as a question for AB testing based
on “To what extent do you believe that the article
is biased toward one side or the other side in the
reporting of news?” The original question is one of
the 21 questions which are suitable and reliable for
measuring the perception of media bias, designed
by Spinde et al. (2021).

The participants (research graudate students)
have different nationalities including Canada,
China, Indonesia, Iran, Italy, Japan, Poland and
South Korea (ordered in an alphabetical order). All
of participants answered to be not having political
leaning towards U.S. politics. All participants are
fully explained on the usage of collected data in
this particular work and agreed on it.

D Experimental Setup Details

All our experimental codes are based on the Hug-
gingFace (Wolf et al., 2020). We used the following
hyperparameters during training and across models:
10 epoch size, 3e−5 learning rate, and a batch size
of 16. We did not do hyper-parameters tuning since
our objective is to provide various baselines and
analysis. Training run-time for all of our experi-
ments are fast (< 6hr). We ran all experiments with
one NVIDIA 2080Ti GPU with 16 GB of memory.
The experiment was a single-run.

E Generation Examples from Different
Models

To help better understand performances of each
models, we provide more examples of generation
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from all baseline models and our proposed models
along with the target neutral article summary. The
examples can be found in Table 7, 8, 9.

F Illustration of hallucinatory framing
bias

In Table 10, we provide more examples of halluci-
natory framing bias that was discussed in analysis.
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Target: The House Ways and Means Committee has requested that the IRS turn over the last six years of tax returns from
President Trump.

LEXRANK: Representative Richard Neal invoked law that allows House Ways and Means Committee chair to obtain
any person’s tax information. The request by House Democrats for six years of Donald Trump’s tax returns opens a
serious new political, legal, constitutional and personal front in the party’s battle to use its new majority to check a
defiant President.

BARTCNN: Rep. Richard Neal invoked law that allows House Ways and Means Committee chair to obtain any person’s
tax information. The request by House Democrats for six years of Donald Trump’s tax returns opens a serious new
political, legal, constitutional and personal front in the party’s battle to use its new majority to check a defiant President.

PEGASUSMULTI: The battle over President Trump’s tax returns is officially on. Rep. Richard Neal, chairman of
the House Ways and Means Committee, on Wednesday formally asked the IRS for six years of Trump’s personal and
business tax returns, as well as the returns of some of his companies, reports the Washington Post. The panel has the
power to subpoena someone’s tax information, and Neal has signaled that he plans to do just that. "The American people
have a right to know who the president of the United States is, and we have a responsibility to do our part to ensure
that the tax laws are administered in an efficient and thorough manner," he said in a statement, per the Hill. The White
House has signaled that it will fight the request, with press secretary Sarah Huckabee Sanders calling it "an abuse of
the tax-writing committee’s authority." The letter to the IRS was signed by Neal, a Massachusetts Democrat, and was
obtained by the Wall Street Journal. The Journal notes that Neal has the authority under a law passed in 1969 that allows
the House Ways and Means Committee to obtain tax information from anyone.

BARTMULTI: the head of the powerful house tax-writing committee has asked the government for six years of president
trump’s tax returns, a move that is expected to lead to a long court battle with the white house, the washington post
reports. in a letter to the irs on wednesday, rep. richard h. Neal, chairman of the house ways and means committee,
invoked a law that allows any person to obtain any person’s personal tax information, the wall street journal reports.
according to the hill, the move is a " serious new political, legal, constitutional, and personal front in the party’s battle to
use its new majority to check a defiant president. " it is a bid to solve one of the most tantalizing and enduring mysteries
of the trump campaign and his presidency — what is it in the president’s unseen financial and business life that he
doesn’t want americans to see?

NEUSFT: House Ways and Means Committee Chair Richard Neal (D-MA) has formally requested President Trump’s
tax returns from the IRS.

NEUS-TITLE: TITLE=> House Committee Seeks Trump Tax Returns. ARTICLE=> The House Ways and Means
Committee formally requested President Trump’s tax returns on Wednesday, kicking off what could be a protracted legal
fight between Congress and the Trump administration.

Table 7: Neutral Summary Generation Examples from baseline models and NEUS-TITLE.

3145



Target: The State Department has blocked Gordon Sondland, the U.S. Ambassador to the European Union, from
testifying at a scheduled deposition on the Ukraine controversy. Sondland is a key figure as he had texted with Bill Taylor,
a top U.S. diplomat in Ukraine, arguing over allegations of a quid pro quo. This move by the State Department has
triggered a new clash with House Democrats as part of their impeachment inquiry, and President Trump has dismissed
the deposition as a “a kangaroo court” as he defended the State Department decision.

LEXRANK: The Trump administration on Tuesday blocked a planned deposition from Gordon Sondland, the U.S.
ambassador to the European Union and a central figure in the Democrats’ impeachment inquiry, according to a statement
by his lawyer. Democrats swiftly called the administration’s move an act of obstruction and accused President Trump of
hiding information about his efforts to pressure the Ukrainian government to investigate his political rivals.

BARTCNN: The State Department instructed Ambassador to the European Union Gordon Sondland not to appear for
the deposition, according to his counsel. Democrats swiftly called the administration’s move an act of obstruction and
accused President Trump of hiding information about his efforts to pressure the Ukrainian government to investigate his
political rivals.

PEGASUSMULTI: The Trump administration has blocked US ambassador to the European Union Gordon Sondland
from testifying before a House panel investigating possible obstruction of justice by the president, the New York Times
reports. Sondland is a key witness in the probe into whether Trump obstructed justice when he fired FBI chief James
Comey. Sondland had been scheduled to testify in front of the House Judiciary Committee on Tuesday, but the State
Department ordered him not to appear, according to the Washington Post. Sondland is a former British ambassador to the
US. In a Tuesday tweet, President Trump said he would love to send Sondland to testify, "but unfortunately he would be
testifying before a totally compromised kangaroo court, where Republican’s rights have been taken away, and true facts
are not allowed out for the public to see." He added: "I believe you are incorrect about President Trump’s intentions."

BARTMULTI: a key witness in the house impeachment inquiry was ordered not to appear at a scheduled deposition
on tuesday, ramping up tensions between congressional democrats and the trump administration. the state department
instructed ambassador to the eu and key figure in the impeachment inquiry, Gordon sondland, not to show up for the
deposition, according to his counsel. democrats called the move an act of obstruction and accused president trump of
hiding information about his efforts to pressure the ukraine government to investigate his political rivals, the new york
times reports. " this is a clear attempt to block testimony from key witnesses in the ongoing impeachment investigation,
" said house minority leader nancy pelosi, per the washington post. " it’s an impeachable act. " in a tweet tuesday
night, trump said he " would love to send ambassador [ sundland ], a really good man and great american, to testify, but
unfortunately he would be testifying before a totally compromised kangaroo court, where republican ’ s rights have been
taken away, and true facts are not allowed out for the public to see. "

NEUSFT: The Trump administration blocked a planned deposition from Gordon Sondland, the U.S. ambassador to the
European Union and a central figure in the Democrats’ impeachment inquiry, according to a statement from his lawyer.
President Trump responded via Twitter, saying that he “would love to send Ambassador Sonderland, a really good man
and great American, to testify, but unfortunately he would be testifying before a totally compromised kangaroo court,
where Republican’s rights have been taken away, and true facts are not allowed out for the public to see.”

NEUS-TITLE: TITLE=> State Dept Orders Ambassador Sondland Not to Testify Before House. ARTICLE=> The
State Department has ordered Ambassador Gordon Stondland not to testify before the House of Representatives in
the impeachment inquiry of President Donald Trump. Democrats have accused the Trump administration of blocking
statements from witnesses.

Table 8: Continued from Previous Page: Neutral Summary Generation Examples from baseline models and NEUS-
TITLE.
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Target: Ukrainian police have opened an investigation into whether or not U.S. Ambassador Marie Yovanovitch came
under surveillance before she was recalled from her post in Ukraine last May. Democrats have released documents that
show Lev Parnas, an associate of Rudy Giuliani, communicating about Yovanovitch’s removal.

LEXRANK: Ukraine’s government announced Thursday that police are investigating whether ousted U.S. ambassador
Marie Yovanovitch was subject to illegal surveillance, in response to new documents released ahead of President Trump’s
impeachment trial. Those documents, released by Democratic lawmakers, showed Lev Parnas – an associate of Trump
lawyer Rudy Giuliani – communicating about the removal of Marie Yovanovitch as the ambassador to Ukraine.

BARTCNN: Police in Ukraine have opened a criminal investigation into whether allies of President Trump had the
U.S. ambassador to the country under surveillance. Newly released documents suggest that Ms. Yovanovitch was being
watched in Kyiv. The Ministry of Internal Affairs of Ukraine says it’s asking the FBI to help its inquiry.

PEGASUSMULTI: The Ukraine has opened a criminal investigation into allegations that President Trump’s allies had
the US ambassador to the country under surveillance while she was stationed in the country, the New York Times reports.
According to the Wall Street Journal, the allegations surfaced in newly released documents released by Democrats ahead
of Trump’s impeachment trial. The documents show that Rudy Giuliani’s associate, Lev Parnas, communicated about
the removal of Marie Yovanovitch as ambassador to Ukraine with Yovanovitch’s former boss at the State Department,
Sergey Kislyak. Yovanovitch was removed from her post in May of last year. Ukraine’s Ministry of Internal Affairs says
it’s asking the FBI to help with the investigation. "Ukraine cannot ignore such illegal activities on the territory of its own
state," the ministry says in a statement

BARTMULTI: new documents released ahead of president trump’s impeachment trial suggest that the us ambassador to
the country was under surveillance while she was stationed in the country, the new york times reports. according to the
wall street journal, the allegations were made in a text message between a us politician and an associate of trump lawyer
rudy giuliani. in the messages, the politician says he’d like to see former ambassador to ukraine and current ambassador
to russia, former deputy foreign minister oleksandr turchynov, removed from his post. " i would like to remove him from
his position, " the politician wrote in the message, which was sent in april 2017. the messages were sent in response to
newly released documents from the house intelligence committee. those documents show that former trump lawyer paul
ryan had been trying to get rid of yovanovitch, who was ambassador at the time, for more than a year, the journal reports.
the messages also show that ryan’s chief of staff, george w. bush, had been in touch with ryan about removing her from
her post.

NEUSFT: Ukraine’s national police are investigating allegations that U.S. Ambassador Marie Yovanovitch was subjected
to illegal surveillance while she was stationed in Kyiv.

NEUS-TITLE: TITLE=> Ukraine Opens Investigation Into Claims U.S. Ambassador Yovanovitch Was Under Surveil-
lance. ARTICLE=> Ukraine’s national police are investigating allegations that former U. S. ambassador Marie
Yovanovich was subjected to surveillance while she was stationed in Kyiv, following the release of documents by
Democratic lawmakers.

Table 9: Continued from Previous Page: Neutral Summary Generation Examples from baseline models and NEUS-
TITLE.
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[1] Source: Newly released documents suggest that Ms. Yovanovitch was being watched in Kyiv while she was the U.S.
ambassador there. The police in Ukraine have opened a criminal investigation into whether allies of President Trump
had the United States ambassador to the country under surveillance while she was stationed in Kyiv, the Ukrainian
government said on Thursday. [SEP] Ukraine’s government announced Thursday that police are investigating whether
ousted U.S. ambassador Marie Yovanovitch was subject to illegal surveillance, in response to new documents released
ahead of President Trump’s impeachment trial. Those documents, released by Democratic lawmakers, showed Lev
Parnas – an associate of Trump lawyer Rudy Giuliani – communicating about the removal of Marie Yovanovitch as
the ambassador to Ukraine. [SEP] Ukraine’s national police are investigating allegations that U.S. Ambassador Marie
Yovanovitch was under surveillance in Kyiv last spring — an allegation made in WhatsApp messages between a U.S.
politician and Lev Parnas. “Ukraine cannot ignore such illegal activities on the territory of its own state,” the Ministry of
Internal Affairs of Ukraine said in a statement Thursday. The ministry says it’s asking the FBI to help its inquiry.

[1] MDS Hallucination: new documents released ahead of president trump’s impeachment trial suggest that the us
ambassador to the country was under surveillance while she was stationed in the country, the new york times reports.
according to the wall street journal, the allegations were made in a text message between a us politician and an associate
of trump lawyer rudy giuliani. in the messages, the politician says he’d like to see former ambassador to ukraine and
current ambassador to russia, former deputy foreign minister oleksandr turchynov, removed from his post. “i would like
to remove him from his position,” the politician wrote in the message, which was sent in april 2017. the messages were
sent in response to newly released documents from the house intelligence committee. those documents show that former
trump lawyer paul ryan had been trying to get rid of yovanovitch, who was ambassador at the time, for more than a year,
the journal reports. the messages also show that ryan’s chief of staff, george w. bush, had been in touch with ryan about
removing her from her post.

[2] Source: “If I threaten someone, you’ll know it,” White House counselor Kellyanne Conway told reporters Friday
morning in a bizarre hours-long effort to discredit an audio recording that seemingly showed her threatening to use West
Wing resources to investigate the personal life of a reporter a day earlier. “I never threatened anyone,” Conway told a
gaggle of journalists at the White House. “Don’t use those words. I didn’t threaten. It’s not a threat. I never threatened
her.” [SEP] A tense phone conversation between a reporter for the Washington Examiner and White House senior
counselor Kellyanne Conway was published by the newspaper on Thursday. In the conversation, Conway objected that a
story written by the reporter, Caitlin Yilek, mentioned that her husband George Conway is a fierce critic of President
Trump on Twitter. Yilek was writing a story on Conway possibly becoming President Trump’s next White House chief
of staff if Trump decides to move on from the official now in the position, Mick Mulvaney. [SEP] Kellyanne Conway
defended her phone call with a Washington Examiner reporter during an appearance on Fox News. Fox News host
Sandra Smith described the phone call Friday between reporter Caitlin Yilek and the counselor to the president as a
"heated clash" during which things got “very personal.” Conway claimed, “Everything I said in that phone call, I’ve said
publicly before. Every single thing. I said it again.” Smith asked Conway if there was anything she regretted about how
she handled her phone call, which she denied.

[2] MDS Hallucination: a recording of a tense phone call between senior white house adviser and reporter catherine
yilek was published by the washington examiner on friday, and it’s not going over well. in the recording, yalek says
she was told by the white house that she would be fired if she didn’t back off from her reporting on president trump’s
controversial son-in-law, and that she’d have to go to court if she did not. “i’m not going to do that,” she says in the
recorded conversation, per the new york times. “you’re going to get fired if you don’t shut the f — up.” in the call, she
also says she’ll use the office of management and budget to investigate the personal life of the reporter. “if i threaten
someone, you’ll know it,” the caller can be heard saying in the audio recording, per politico. “don ’ t use those words. it ’
s not a threat. i never threatened anyone.” but on monday, white house counselor to the president katie holmes told fox
news that she had never threatened the reporter.

Table 10: Examples of hallucinatory framing bias from MDS models and the corresponding the source input.
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Abstract

This paper introduces a model for incomplete
utterance restoration (IUR) called JET (Joint
learning token Extraction and Text generation).
Different from prior studies that only work on
extraction or abstraction datasets, we design a
simple but effective model, working for both
scenarios of IUR. Our design simulates the na-
ture of IUR, where omitted tokens from the
context contribute to restoration. From this, we
construct a Picker that identifies the omitted
tokens. To support the picker, we design two
label creation methods (soft and hard labels),
which can work in cases of no annotation data
for the omitted tokens. The restoration is done
by using a Generator with the help of the Picker
on joint learning. Promising results on four
benchmark datasets in extraction and abstrac-
tion scenarios show that our model is better
than the pretrained T5 and non-generative lan-
guage model methods in both rich and limited
training data settings.1

1 Introduction

Understanding conversational interactions through
NLP has become important with increasing connec-
tivity and range of capabilities. The applications
using natural conversations cover a wide range of
solutions including dialogue systems, information
extraction, and summarization. For example, Adi-
wardana et al. (2020); Su et al. (2020) aimed to
build the dialogue system where an intelligent vir-
tual agent answers human conversations and makes
suggestions in an open/closed domain. Bak and
Oh (2018); Karan et al. (2021) attempted to de-
tect decision-related utterances from multi-party
meeting recordings, while Tarnpradab et al. (2017)
applied extractive summarization for online fo-
rum discussions. These features allow users to

∗∗Corresponding Author.
1The code is available at https://github.com/

shumpei19/JET

to quickly catch up with the current situation, de-
cisions and next-action without having to follow
a lengthy or comprehensive dialogue. However,
utterances, the components of a conversation, are
generally not self-contained and are difficult to un-
derstand by their own. This comes from the nature
of multi-turn dialogue where each utterance con-
tains co-references, rephrases, and ellipses (Figure
1). Su et al. 2019 also showed that co-references
and ellipses occur in over 70% of utterances in
conversations. This is a ubiquitous problem in con-
versational AI, making the challenge for building
practical systems with conversations.

Incomplete Utterance Restoration (IUR) (Pan
et al., 2019) is one solution to restore semanti-
cally underspecified utterances (i.e., incomplete
utterances) in conversations. Figure 1 shows an
example of IUR, in which the model rewrites the
incomplete utterance to the reference. IUR is a
challenging task due to two reasons. Firstly, the
gold utterance (the reference) overlaps a lot of to-
kens with the pre-restored, incomplete utterance,
while it overlaps only a few tokens with utterances
in the context. We observed that for CANARD
(Elgohary et al., 2019), 85% of tokens in incom-
plete utterances were directly cited for rewriting,
while only 17% of tokens in context was cited for
rewriting. Secondly, it is important to detect omit-
ted tokens in incomplete utterances and to include
them in the restoration process. In actual cases
of IUR, no matter how fluent and grammatically
correct the machine’s generation is, it is useless as
long as important tokens are left out.

Recent studies used several methods for IUR.
It includes the extraction of omitted tokens for
restoration (PAC) (Pan et al., 2019), two-stage
learning (Song et al., 2020), seq2seq fine-tuning
(Bao et al., 2021), semantic segmentation (RUN-
BERT) (Liu et al., 2020), or the tagger to detect
which tokens in incomplete utterances should be
kept, deleted or changed for restoration (SARG)
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Figure 1: The sample data from CANARD. IUR models rewrite the incomplete utterance to be as similar as possible
to the reference. The blue tokens are omitted tokens (excluding stop words) in the incomplete utterance. The red
tokens are defined by our hard labeling approach as an important token.

(Huang et al., 2021). However, we argue that these
methods can only work on neither extractive nor
abstractive IUR datasets. For example, SARG and
seq2seq achieve promising results on Restoration
200k (Pan et al., 2019) where omitted tokens can
be directly extracted from the context (extraction).
But they are not the best on CANARD (Elgohary
et al., 2019), which requires more abstraction for
restoration. In Figure 1,2 we can observe that the
output of SARG and seq2seq are worse than that of
our JET. Text editing strategy by SARG is limited
in its ability to generate abstractive rewriting while
seq2seq has the problem in picking omitted tokens.
As the result, the generality of these methods is still
an open question.

We introduce a simple but effective model to
deal with the generality of IUR methods named
JET (Joint learning token Extraction and Text gen-
eration). The model is designed to work widely
from extractive to abstractive scenarios. To do that,
we first address the problem of identifying omitted
tokens from the dialogue context by introducing a
picker. The picker uses a new matching method for
dealing with various forms of tokens (Figure 1) in
the extraction style. We next consider the abstrac-
tion aspect of restoration by offering a generator.
The generator utilizes the power of the pre-trained
T5 model to rewrite incomplete utterances. The
picker and generator share the T5’s encoder and
are jointly trained in a unified model for IUR. This
paper makes three main contributions:

2The performance of RUN-BERT is limited on CANARD.

• We propose JET, a simple but effective model
based on T5 for utterance restoration in multi-
turn conversations. Our model jointly opti-
mizes two tasks: picking important tokens
(the picker) and generating re-written utter-
ances (the generator). To our best knowledge,
we are the first to utilize T5 for the IUR task.

• We design a method for identifying important
tokens for training the picker. The method fa-
cilitates IUR models in actual cases, in which
there are no (a few) existing gold labels.

• We demonstrate the validity of the model by
comparing it to strong baselines from multi-
ple perspectives such as limited data setting
(Section 5.2), human evaluation (Section 5.4)
and output observation (Section 5.5).

2 Related Work

Sentence rewriting IUR can be considered to
be similar to the sentence rewriting task (Xu and
Veeramachaneni, 2021; Lin et al., 2021; Chen and
Bansal, 2018; Cao et al., 2018). Recent studies
have been addressed the IUR task with various so-
phisticated methods. For example, Pan et al. 2019
introduced a pick-then-combine model for IUR.
The model picks up omitted tokens which are com-
bined with incomplete utterances for restoration.
Liu et al. 2020 proposed a semantic segmentation
method that segments tokens in an edit matrix then
applied an edit operation to generate utterances.
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Figure 2: The proposed model (JET) for utterance restoration. The left is the picker and the right is the generator.
The model jointly optimizes two tasks for doing restoration. The input format for our model is described in 3.2.1

Huang et al. 2021 presented a complicated model
which uses a tagger for detecting kept, deleted, or
changed tokens for restoration. We share the idea
of using a tagger with Huang et al. 2021 for IUR.
However, we design a more simple but effective
model which includes a picker (picking omitted
tokens) and a generator for the restoration of in-
complete utterances.

Text generation IUR can be formulated as text
generation by using the seq2seq model (Pan et al.,
2019; Huang et al., 2021). For the generation, sev-
eral well-known pre-trained models have been ap-
plied (Lewis et al., 2020; Brown et al., 2020; Raffel
et al., 2020) with promising results. We employ the
T5 model (Raffel et al., 2020) as the main compo-
nent to rewrite utterances. To address the problem
of missing important tokens in model’s rewriting,
we enhance T5 by introducing a Picker and two
labeling methods (Section 3.2).

3 The Utterance Restoration Model

3.1 Problem Statement

This work focuses on the incomplete utter-
ance restoration of conversations. Let H =
{h1, h2, ..., hm} be the history of the dialogue (con-
text), U = {u1, u2, ..., un} is the incomplete utter-
ance that needs to be re-written. The task is to
learn a mapping function f(H,U |Θ) = R, where
R = {r1, r2, ..., rk} is the re-written version of U .
The learning of Θ is composed by only using utter-
ance generation (the generator) or the combination
of two tasks: important token identification (the

picker) and utterance generation (the generator).

3.2 The Proposed Model

Our model is shown in Figure 2. The Picker
receives the context to identify omitted tokens.
The Generator receives incomplete utterances for
restoration. The model jointly learns to optimize
the two tasks. Our model distinguishes in three
significant differences compared to PAC (Pan et al.,
2019) and SARG (Huang et al., 2021). First, our
model bases on a sing pre-trained model for both
picker and generator while other models (i.e. PAC
and SARG) use different architectures for the two
steps. This makes two advantages for our model.
(i) Our design can be easily adapted to create a new
unified model for different tasks by using a single
generative LM (Paolini et al., 2021). (ii) Our model
can work well in several scenarios: extraction vs.
abstraction (data characteristics) and full vs. lim-
ited training data (Section 5). Second, we design a
joint training process to implicitly take into account
the suggestion from the picker to the generator in-
stead of using a two-step model as PAC which
explicitly copes extracted tokens from the Pick for
generation. Our joint training model can reduce
the error accumulation compared to the two-step
framework. Finally, we design a heuristic approach
to build important tokens, which enable the model
to work on a wider range of datasets and scenarios.

3.2.1 Input representation

As shown in Figure 2, we introduced three kinds of
special tokens into the input text; [X1], [X2] and
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<\s>. [X1] and [X2] are our newly defined spe-
cial tokens and <\s> is the EOS token in the T5’s
vocabulary. We inserted [X1] at the end of each
utterance in the context, [X2] after the incomplete
utterance and <\s> at the end of whole input. [X1]
and [X2] convey two pieces of useful information
to the model; the signal indicating the switch of
speakers and the cue to distinguish whether the
utterance is from context or incomplete utterance.

The embedding of each token in the entire in-
put sequence S = {w1, w2, ..., wl} was obtained
as xi = WE(wi) + PE(wi). Here, WE is word
embedding initialized from a pretrained model
by using a wordpiece vocabulary. PE is relative
position embedding representing the position of
each token in the sequence. These embeddings
were fed into the L stacked Encoder of T5; El =
EncoderBlock(El−1) where E0 = {x1, . . . , xl}.
EL is the contextual representation of the whole in-
put used by Picker and Generator in next sections.

3.2.2 The Picker
It is possible to directly use T5 (Raffel et al., 2019)
for IUR. However, we empower T5 with a Picker
to implicitly take into account information from
important tokens. The idea of selecting important
tokens was derived from Pan et al. (2019), in which
the authors suggested the use of important tokens
contributes the performance of utterance restora-
tion. We extend this idea by designing an end-to-
end model which includes important token identifi-
cation and generation, instead of using the two-step
framework as Pan et al. (2019).

Given the context and the incomplete utterance,
the Picker identifies tokens that are included in
context utterances but omitted in the incomplete
utterance. We call these tokens as important tokens.
However, no important tokens are originally pro-
vided except for Restoration 200k in four datasets
(please refer to Table 1). Besides, the form of im-
portant tokens could change after restoration such
as from plural to singular or nouns to verbs (Fig-
ure 1). To overcome this issue, we introduce a
label creation method that automatically identifies
important tokens from the context for restoration.

Important token identification Since building
a set of important tokens is time-consuming and
important tokens are usually not defined in prac-
tical cases, we introduce a heuristic strategy to
automatically construct important tokens. In the
following processing, stop words in the context,

incomplete utterances, and gold references are re-
moved in advance, assuming that stop words are
the out of scope of important tokens. In addition,
we applied lemmatization and stemming, the pro-
cess of converting tokens to their base or root form,
to alleviate the spelling variants.

First, we extracted tokens, called “clue tokens",
that exist in gold but not in incomplete utterances.
If some tokens in context are semantically simi-
lar to some of the clue tokens, we can naturally
presume that these tokens in the context are cited
as important tokens for the rewriting. Therefore,
we performed scoring by the distance dij between
the word representations of i-th token in context hi
and j-th clue tokens cj ; dij = cosine_sim(hi, cj)
where cosine_sim() is the score of Cosine similar-
ity. We used word representations of hi and cj
from fastText (Bojanowski et al., 2017) trained on
Wikipedia as a simple setting of our model.

According to the distance dij , we introduce two
types of labels for the Picker, softi as soft labels
and hardi as hard labels.

softi = max
j
dij

hardi =

{
1 maxj dij = 1

0 otherwise

Here, the max operation was applied based on
the assumption that at most one clue token corre-
sponds to a token in the context.

Intuitively, the soft label method takes into con-
sideration the cases that could not be handled by
lemmatization and stemming, such as paraphrasing
by synonyms, and reflects them as the importance
score in the range of 0 to 1. On the other hand, the
hard label is either 0 or 1 where an important token
is defined only when there is an exact matching be-
tween the context tokens and the clue tokens in the
form after lemmatization and stemming. We pro-
vide the two methods to facilitate important token
identification.

Important token selection The Picker takes en-
coded embeddings EL = {EL1 , ..., ELl } and pre-
dicts the scores of the soft label or hard label corre-
sponding to each input token.

p(yi|ELi ) = softmax(FNN(EL
i ))

where FNN() is the vanilla feedforward neural net-
work, which stands for projecting encoded embed-
ding to the soft label or hard label space. Then
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cross-entropy was adopted as the loss function.

Lpicker = −
l∑

i=1

qi log p(yi|ELi )

where qi is the picker’s label for the i-th input to-
ken. To optimize loss function Lpicker is equal to
minimize the KL Divergence if the label is a soft
label. In the hard labeling case, we assign three
types of tags for tokens by following the BIO tag
format as a sequence tagging problem.

3.2.3 The Generator
We explore the restoration task by using Text-to-
Text Transfer Transformer (T5) (Raffel et al., 2019).
This is because T5 provides promising results for
the text generation task. We initialized transformer
modules from T5-base, which uses 12 layers, and
fine-tuned it for our IUR task.

For restoration, encoder’s representation EL

was fed into a L stacked decoder with cross at-
tention. Dl

i = DecoderBlock(Dl−1
i , EL) where

D0
i = R<i, with R<i = {< s >, r1..., ri−1} and

< s > is the SOS token. The probability p of a
token t at the time step i was obtained by feeding
the decoder’s output DL into the softmax layer.

p(t | R<i, H, U) = softmax(linear(DL
i )) · v(t)

Here, v(t) is a one-hot vector of a token t with
the dimension of vocabulary size. The objective is
to minimize the negative likelihood of conditional
probability between the predicted outputs from the
model and the gold sequence R = {r1, r2, ..., rk}.

Lgenerator = −
k∑

i=1

log p(ri | R<i, H, U)

3.2.4 Joint learning
JET aims to optimize the Picker and the Generator
jointly as a setting of Multi-Task Learning. Differ-
ent from PAC (Pan et al., 2019) that directly copies
extracted tokens to generation, JET can implicitly
utilize knowledge from the Picker, in which the
learned patterns of the Picker to identify important
tokens can be leveraged by the Generator. It can
reduce error accumulation in the two-step frame-
work as PAC. The final loss of the proposed model
is defined as follows.

L = αLpicker + Lgenerator

where the hyperparameter α balances the influence
of the task-specific weight. Our simple setting en-
ables us to implement minimal experiments to eval-
uate how much important token extraction makes
the contribution to generation.

4 Settings and Evaluation Metrics

Data We conducted all experiments on four well-
known datasets of utterance rewriting in Table 1.

Table 1: Four conversational datasets. ext is extraction
and abs is abstraction. CN: Chinese; EN: English.

Data train dev test type lang
Restoration 200k 194k 5k 5k ext CN
REWRITE 18k 0 2k ext CN
TASK 2.2k 0 2k ext EN
CANARD 32k 4k 6k abs EN

Restoration 200k (Pan et al., 2019) and
REWRITE (Su et al., 2019) include Chinese con-
versations. TASK (Quan et al., 2019) and CA-
NARD (Elgohary et al., 2019) are in English, in
which CANARD includes English questions from
QuAC (Choi et al., 2018). The datasets range from
extraction to abstraction challenging UIR models.

Settings For running JET, we used AdamW with
β1 = 0.9, β2 = 0.999 and a weight decay of 0.01
with a batch size of 12 and learning rate of 5e−5.
We used 3 FFN layers (dimension as 768, 256,
64) with ReLu as the activation function. The final
dimension is 1 for soft labeling and 3 for hard label-
ing. We set α = 1 for the loss function. We applied
beam search with the beam size of 8. For picker’s
label creation, we used stop words from NLTK
for English and from stopwordsiso3 for Chinese.
For lemmatization and stemming, NLTK’s Word-
NetLemmatizer and PorterStemmer were adopted
for English, while lemmatization and stemming
were skipped for Chinese. The pre-trained model
was T5-base (English4 and Chinese5). In the full
training data setting (Section 5.1), the epoch size
of 6 was used for Restoration200k and CANARD
and 20 for REWRITE and TASK. In the limited
training data setting (Section 5.2), the epoch size
of 20 was used for all four datasets (Table 1). All
models were trained on a single Tesla P100 GPU.

3https://pypi.org/project/stopwordsiso/
4https://huggingface.co/t5-base
5https://huggingface.co/lemon234071/t5-base-Chinese
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Table 2: The comparison of JET and T5. Bold numbers show statistically significant improvements with p ≤ 0.05.
Underline is comparable (applied to Tables 3 and 4). The results come from the hard label method.

Data Method ROUGE-1 ROUGE-2 BLEU-1 BLEU-2 f1 f2 f3
Restoration
200k

T5-base 92.7 86.1 91.4 88.9 61.3 51.2 44.8
JET 93.1 86.9 92.0 89.6 63.0 53.3 47.1

REWRITE
T5-base 95.5 90.3 92.8 90.5 89.0 82.1 77.2
JET 95.8 90.6 93.5 91.2 89.8 82.7 77.5

TASK
T5-base 95.8 91.7 93.9 92.6 76.2 71.2 68.1
JET 96.1 91.8 94.3 93.0 76.3 72.1 69.6

CANARD
T5-base 83.9 70.2 77.8 70.8 56.2 44.6 39.3
JET 84.3 71.1 78.8 72.0 57.3 45.9 40.7

Table 3: The comparison of JET and strong baselines; For Restoration 200k, results were derived from Liu et al.
(2020) and Huang et al. (2021). For CANARD, we reproduced strong baselines which output promising results on
Restoration 200k. The results of RUN-BERT on CANARD were derived from the code of Liu et al. (2020). The
results of JET come from hard labels.

Data Method ROUGE-1 ROUGE-2 BLEU-1 BLEU-2 f1 f2 f3

Restoration
200k

Syntactic 89.3 80.6 84.1 81.2 47.9 38.8 32.5
CopyNet 89.0 80.9 84.7 81.7 50.3 41.1 34.9
T-Ptr 90.1 83.0 90.3 87.4 51.0 40.4 33.3
PAC 91.6 82.8 89.9 86.3 63.7 49.7 40.4
s2s-ft 91.4 85.0 90.8 88.3 56.8 46.4 39.8
RUN 91.0 82.8 91.1 88.0 60.3 47.7 39.3

RUN-BERT RUN-BERT 92.4 85.1 92.3 89.6 68.6 56.0 47.7
SARG 92.1 86.0 92.2 89.6 62.4 52.5 46.3
JET 93.1 86.9 92.0 89.6 63.0 53.3 47.1

CANARD

s2s-ft 83.1 69.0 78.6 71.2 55.1 43.2 37.9
RUN-BERT 80.6 62.7 70.2 61.2 44.2 30.5 24.9
SARG 80.3 63.7 70.5 62.7 42.7 30.5 25.9
JET 84.3 71.1 78.8 72.0 57.3 45.9 40.7

Evaluation metrics We followed prior work
(Pan et al., 2019; Elgohary et al., 2019; Liu et al.,
2020; Huang et al., 2021) to use three different
metrics for evaluation, including ROUGE-scores,
BLUE-scores, and f-scores.

5 Results and Discussion

5.1 Full Training Data Setting

We provide two scenarios of comparison with full
training data: comparison with T5 and comparison
with non-generative LM models.

Comparison with T5 We first compare our
model against a strong pre-trained T5 model used
for the generator as the first scenario. This scenario
ensures fair comparison among strong pre-trained
models for text generation and also shows the con-
tribution of the Picker. Results in Table 2 show
that JET is consistently better than T5 across all
metrics on all four datasets. This is because the

picker can pick up important omitted tokens, which
are beneficial for restoration. These results prove
joint learning can implicitly supports to capturing
the hidden relationship between the picker and gen-
erator. Also, the promising results show that our
labeling method can work in both extraction and
abstraction datasets. The results of T5 are also com-
petitive. The reason is that T5 (Raffel et al., 2019)
was trained with a huge amount of data by using
the generative learning process, which mimics the
text generation task. As the result, it is appropriate
for the restoration.

For other strong pre-trained models for text gen-
eration, we also test our joint learning framework
with ProphetNet (Qi et al., 2020) but the results
are not good to report. We leave the comparison
with UniLM (Dong et al., 2019) and ERNIGEN
(Xiao et al., 2020) as a minor future task due to no
pre-trained models for Chinese.
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Comparison with non-generative LM models
We next challenge JET to strong baselines which
do not directly use generative pre-trained LMs, e.g.
T5 for restoration. This is the second scenario that
ensures the diversity of our evaluation. We leave
the comparison of our model with BERT-like meth-
ods (e.g. SARG and RUN-BERT by using the T5
encoder) as a minor future task. For Restoration
200k and CANARD, we use the following base-
lines. Syntactic is the seq2seq model with attention
(Kumar and Joshi, 2016). CopyNet is a LSTM-
based seq2seq model with attention and the copy
mechanism (Huang et al., 2021). T-Ptr employs
transformer layers for encoder-decoder for restora-
tion (Su et al., 2019). PAC is the two-stage model
for utterance restoration (Pan et al., 2019). s2s-ft
leverages specific attention mask with several fine-
tuning method (Bao et al., 2021). RUN-BERT is
an IUR model by using semantic segmentation (Liu
et al., 2020). SARG is a semi autoregressive model
for multi-turn utterance restoration (Huang et al.,
2021).

Table 3 shows that JET outputs promising re-
sults compared to strong baselines. For Restora-
tion 200k, JET is competitive with RUN-BERT,
the SOTA for this dataset. For CANARD, JET is
consistently better than the baselines. The improve-
ments come from the combination of the picker and
generator. It is important to note that RUN-BERT
and SARG are behind our model significantly on
the abstractive scenario (CANARD). It supports
our statement in Section 1, in which the current
strong models for IUR is overspecific for extractive
datasets and their generality is limited.

We next report the comparison on REWRITE
and TASK in another table due to a small number
of evaluation metrics. Following Liu et al. (2020),
we compare our model with RUN and two new
methods: GECOR1 and GECOR2.

Results from Table 4 are consistent with the
results in Tables 2 and 3. It indicates that our
model outperforms the baselines on both TASK
and REWRITE. For REWRITE, the EM (exact
match) score of our model is much better than the
baselines. It shows that the model can correctly re-
store incomplete utterances. These results confirm
that our model can work well in the two scenarios
over all four datasets.

Important token ratio We observed how many
important tokens are included in prediction on
Restoration 200k. To do that, we defined two

Table 4: The comparison of JET and strong baselines on
REWRITE and TASK; EM is exact match, B is BLEU,
and R stands for ROUGE.

Data Method EM B4 R2 f1

REWRITE

RUN 53.8 79.4 85.1 NA
T-ptr+BERT 57.5 79.9 86.9 NA
RUN-BERT 66.4 86.2 90.4 NA
JET 69.1 86.6 90.6 89.8

TASK

GECOR1 68.5 83.9 NA 66.1
GECOR2 66.2 83.0 NA 66.2
RUN 69.2 85.6 NA 70.6
JET 79.6 90.9 91.8 76.3

metrics, pickup ratio and difference. pickup ra-
tio indicates the ratio of predictions that contains
important tokens on test datasets. difference indi-
cates the difference the character length between
the prediction and the gold. Ideally, larger pickup
ratio with smaller difference is desirable.

Table 5: The pickup ratio and difference of T5 and JET
on Restoration 200k.

pickup ratio (%) difference
T5 29.0 1.28
Defined 29.9 1.30
Soft 26.6 1.28
Hard 30.4 1.21

Table 5 shows JET with hard labeling achieves
better results on both metrics compared to single
T5. This supports our hypothesis that the Picker
contributes the Generator for the IUR task.

5.2 Limited Training Data Setting

We challenge our model in the limited training data
setting. This simulates actual cases in which only a
small number of training samples is available. We
trained three strong methods: SARG (Huang et al.,
2021), T5, and JET on 10% of training data by
using sampling. We could not run RUN-BERT due
to errors in the original code.

As shown in Table 6, JET is consistently better
than SARG with large margins. This is because
JET is empowered by T5 which helps our model to
work with a small number of training samples. This
point is essential in actual cases. JET is also bet-
ter than T5, showing the contribution of the Picker.
SARG is good at ROUGE-scores and BLUE-scores
but worse at f-scores, e.g. on REWRITE. The
reason is that SARG uses the pointer generator
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Table 6: The comparison with limited training data.

Data Method R2 B2 f1 f2

Restoration
200k

SARG 82.8 87.4 52.4 40.1
T5 84.5 87.2 53.8 37.2
JET 84.6 88.0 56.5 39.2

REWRITE
SARG 57.9 50.0 0.00 0.00
T5 77.3 73.7 71.0 61.3
JET 77.7 74.9 72.1 62.4

TASK
SARG 76.4 44.5 12.0 0.14
T5 86.0 85.8 52.7 48.3
JET 87.0 86.9 55.7 51.2

CANARD
SARG 58.6 46.4 41.8 25.9
T5 68.5 70.0 54.1 42.2
JET 69.2 71.3 55.9 43.6

network, that directly copies input sequences for
generation, but it learns nothing.

5.3 Soft Labels vs. Hard Labels

We investigated the efficiency of our labeling
method in Section 3.2.2. We run JET with soft
and hard labeling methods. We also include the
results of the JET on defined labels of Restoration
200k because this dataset originally provides labels
of important tokens.

Table 7: Soft vs. hard labeling methods. Defined is the
ground truths. T5 does not use the labeling methods.

Data Method R2 B2 f1 f2

Restoration
200k

T5 86.1 88.9 61.3 51.2
Defined 85.7 89.3 61.5 51.9
Soft 86.2 87.9 57.4 47.7
Hard 86.9 89.6 63.0 53.3

CANARD
T5 70.4 71.1 56.7 44.8
Soft 70.8 71.4 57.1 45.5
Hard 71.1 71.8 57.6 45.6

From Table 7 we can see the hard labeling
method performs well on both datasets. Interest-
ingly, the hard labeling method is even better than
the one with defined labels on Restoration 200k.
Although defined labels were manually created,
Restoration 200k defines at most one important
token in one sample even though some samples
actually contain two or more omitted tokens. We
found the hard label method detects 164k omitted
tokens while the originally defined tokens are about
120k, and tokens detected by hard labeling cover
42% of defined tokens. This suggests the hard la-
bel method extensively picks up important tokens

even some important tokens are missing, and it can
contribute to the enhancement of the JET.

For the soft labeling method, it contributes to the
f-scores on CANARD (=abstractive) while it exac-
erbates accuracy on Restoration 200k (=extractive).
This implies soft label does not function well in the
distinction case between important and unimpor-
tant tokens is clear as in Restoration 200k. The soft
labeling method would need more exploration on
abtractive scenarios that require more synonymous
paraphrasing or creative summarization.

5.4 Human Evaluation

We report human evaluation with strong methods
on CANRD because it is much more challenging
than others. We asked three annotators who are
well skilled in English and data annotation from
the annotation team in our company. For the evalu-
ation, we randomly selected 300 outputs from four
models. Each annotator read each output and gave
a score (1: bad; 2: acceptable; 3: good). Following
Kiyoumarsi (2015) we adopted Text flow and Un-
derstandability as our criteria. Text flow shows
how the restoration utterance is correct grammati-
cally and easy to understand. Understandability
shows how much the predictions are similar to ref-
erence semantically.

Table 8: Human evalution on CANARD.

SARG s2s-ft T5 JET
Text flow 2.583 2.887 2.925 2.933
Understand 2.168 2.451 2.458 2.496

As shown in Table 8, JET obtains the highest
scores on two criteria over other methods. It is con-
sistent with the results of automatic evaluation in
Tables 2 and 3. This is because our model utilizes
strong pre-trained weights which provide the abil-
ity of text generation on unseen tokens, especially
for abstractive data. The scores of JET also show
the contribution of the Picker compared to the T5
for restoration.

5.5 Output Observation

We observed the restoration outputs of different
models in Figure 1. There exist 9 omitted tokens
between the incomplete utterance and the reference.
The SARG and s2s-ft can restore only 2 important
tokens. T5 can restore 8 the important tokens out
of 9 but generates unnecessary words. Our pro-
posed model also can restore 8 important tokens
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and have the same semantic meaning as the gold
utterance. This suggests our model learns to use
only the tokens picked up by Picker as additional
tokens for rewriting.

Table 9: The average BLEU score on CANARD.

Length < 100 100 ≤ 200 200 <
SARG 55.53 45.46 38.96
s2s-ft 63.89 54.94 48.39
T5 65.03 55.69 51.25
JET 64.94 56.56 52.84

We also examined the ability of strong methods
with different input lengths on CANARD. Results
in Table 9 show that our model can deal with longer
input sequences. Compared to SARG and seq2seq,
the performance of our model is much better. This
is because the implicit suggestion from the Picker
combined with the ability to deal with long se-
quences of T5 increase the score.

6 Conclusion

This paper introduces a simple but effective model
for incomplete utterance restoration. The model is
designed based on the nature of conversational ut-
terances, where important omitted tokens should be
included in restored utterances. To do that, we in-
troduce a picker with two labeling methods for sup-
porting a generator for restoration. We found that
the picker contributes to improve the generality of
the model on four benchmark datasets. The model
works well in English and Chinese, from extractive
to abstractive scenario in both full and limited train-
ing data settings. The future work will investigate
the behavior of the model in other domains and
the potential application of JET, e.g. combining
utterance extraction and utterance restoration for
information extraction from dialogue.
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Abstract

Bash is a Unix command language used for
interacting with the Operating System. Recent
works on natural language to Bash translation
have made significant advances, but none of
the previous methods utilize the problem’s in-
herent structure. We identify this structure and
propose a Segmented Invocation Transformer
(SIT) that utilizes the information from the con-
stituency parse tree of the natural language text.
Our method is motivated by the alignment be-
tween segments in the natural language text and
Bash command components. Incorporating the
structure in the modelling improves the perfor-
mance of the model. Since such systems must
be universally accessible, we benchmark the in-
ference times on a CPU rather than a GPU. We
observe a 1.8x improvement in the inference
time and a 5x reduction in model parameters.
Attribution analysis using Integrated Gradients
reveals that the proposed method can capture
the problem structure.

1 Introduction

Semantic parsing is one of the central tasks for nat-
ural language understanding (NLU). It is defined
as the task of generating meaning representations
from natural language utterances (Kamath and Das,
2019). Previous works (Yin and Neubig, 2017,
Yaghmazadeh et al., 2017, Kim et al., 2020, Agar-
wal et al., 2021 ) have used high level languages
such as Python, SQL and Bash as meaning repre-
sentations. This work focuses on generating Bash
commands from natural language descriptions of
command-line tasks.

Besides being an essential task for NLU, seman-
tic parsing into a high-level language also has real-
world applications such as helping developers write
programs and making programming universally ac-
cessible. The command-line interface has been
regarded as an invaluable tool due to its expressive-
ness, efficiency and extensibility (Agarwal et al.,

2021). However, it has a learning curve and re-
quires domain knowledge. An interface with the
computer using natural language, on the other hand,
remedies these issues. One need not remember
the syntax of hundreds of Bash utilities, and in-
stead, one can specify the task in natural language.
Such an interface that uses natural language such as
English for specifying command-line tasks makes
computing accessible to people with little domain
knowledge. Therefore, developing a system to gen-
erate Bash commands from English is worth one’s
efforts.

Previous works on this semantic parsing task
(Lin et al., 2018, Gros, 2019, Agarwal et al.,
2020, Agarwal et al., 2021, Bharadwaj and
Shevade, 2021) use various encoder-decoder
style architectures. These methods consider the
natural language component as a sequence of
tokens without utilizing the inherent structure for
this problem. The method proposed in this work
utilizes the information from the constituency parse
tree of the natural language to incorporate this
problem structure into the modelling process. Our
approach is based on the observation that natural
language invocations are complex and can be
broken down into simpler segments that align with
the Bash command components (utilities, flags
and arguments). We incorporate this observation
in our method to provide an inductive bias to the
Transformer model (Vaswani et al., 2017), making
the search space of solutions more aligned with
the task at hand. The models are evaluated on the
NL2Bash dataset (Lin et al., 2018) obtained from
the NeurIPS 2020 Natural Language Context to
Command (NLC2CMD) contest (Agarwal et al.,
2021). The proposed method outperforms the
winning solution from the NLC2CMD contest in
terms of generation accuracy while also achieving
a speedup of 1.8x and reducing the parameter
count by 5x over it. It also performs better
than models like T5 (Raffel et al., 2019) and
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CodeT5 (Wang et al., 2021) which are trained
on a large amount of data and then fine-tuned on
the dataset under study. Our code is available
at https://github.com/Shikhar-S/
Segmented-Invocation-Transformer

Our main contributions are the following:

• We identify the structure for natural language
to Bash generation task and propose a con-
stituency tree based method for incorporat-
ing the structure in the Transformer (Vaswani
et al., 2017) framework. The proposed modifi-
cation improves the performance of the Trans-
former on this task.

• We benchmark the Transformer against the
proposed architecture. Results show a reduc-
tion in inference time and the number of pa-
rameters.

• We conduct attribution analysis using Inte-
grated Gradients (Sundararajan et al., 2017)
to analyze the proposed method’s workings.

First, we formally describe the problem state-
ment. Section 2 describes the structure for the
problem, and Section 3 describes our approach to
model the structure and expected gains in the infer-
ence time via a complexity analysis of the decoding
phase. Section 4 describes the dataset used and its
preprocessing. In Section 5, we describe the ex-
periments conducted for checking the correctness
and efficiency of our approach and analyzing the
results. Section 6 compares our work with other
related works. Finally, in Section 7 we conclude
and discuss some directions for future work.

Problem Statement. Let I be the set of all natu-
ral language invocations, C be the set of all Bash

Figure 1: Segmenting Invocation: First, the raw invocation is normalized to remove patterns and file paths. This
normalized invocation is then parsed to obtain a constituency tree. Then, the tree is cut at a threshold height to
create subtrees. The leaves of each subtree form tokens in the segments.
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commands and D := {(nlc, c)} be a parallel nat-
ural language invocation-Bash command dataset,
where nlc ∈ I and c ∈ C.

The task is to design an algorithm that, given an
invocation nlc ∈ I and dataset D, outputs a set of
Bash command-confidence pairs (ĉ, δ) such that

• ĉ ∈ C is the predicted Bash command that
performs the task specified in nlc, and

• δ ∈ [0, 1] is the associated confidence score.

For example,
nlc = Delete files with inode number specified by
REGEX under current directory.
c = f i n d . −inum REGEX − exec rm − i {} \ ;

2 Problem Structure

On conducting a manual analysis of a few examples
from the training data, it was observed that natural
language invocations are often complex and can
be broken down into simpler descriptive segments
needed for the task. These segments would often
map directly to a Bash command component- a
utility, a flag or an argument. For instance, consider
Invocation

| Delete | files | with | inode number | specified |
by REGEX | under current directory.|
BashCommand

f i n d . −inum REGEX − exec rm − i {} \ ;

Invocation segment Bash command component
Delete rm
inode number -inum
by REGEX REGEX
under current directory .

Table 1: Segments from natural language invocation
that align with Bash command components (utilities,
flags and arguments).

Table 1 lists the segments of the invocation that
map to the command components. These segments
represent meaningful self-contained constituents
of a complex invocation. In the above instance,
"under current directory" and "by REGEX" are
segments representing single concepts.

3 Method

We frame the problem as a translation task from
English to Bash. In Section 3.1 we describe our
approach to incorporate the structure in modelling

natural language invocations. Section 3.2 describes
the proposed architecture and an analysis of its
computational complexity at inference time.

3.1 Segmenting Invocation using Constituency
Tree

The constituency tree represents the syntactic struc-
ture of a sentence based on phrase structure gram-
mar (Chomsky, 1956). We propose a simple
method that utilizes the constituency tree for seg-
menting natural language invocations. Our method
is outlined in Figure 1. First, we normalize the in-
vocation to replace patterns and file paths with their
types. Next, we parse the normalized English invo-
cation to obtain its constituency parse tree. For all
the experiments reported in this work, we use the
Stanford CoreNLP parser (Manning et al., 2014).
Let the height of a node be defined as the number
of edges on the longest path from the node to a leaf
in the node’s subtree (as shown in Figure 1). Then
we perform a depth-first traversal on the tree in
the left to right order of nodes. While performing
the depth-first traversal, we cut the tree at the first
node with a height less than a threshold and do not
expand the search on this node further. As a result,
we obtain various subtrees, where each subtree cor-
responds to a segment composed of the tokens in
the leaves of the subtree. Finally, all segments are
collected from the subtrees to obtain the segmented
invocation.

3.2 Segmented Invocation Transformer
Let the nlc = [t1, t2, . . . tn] be composed of
n tokens. The invocation segmentation proce-
dure takes the constituency tree for nlc and the
threshold height as inputs and returns k seg-
ments [s1, s2, . . . sk], where each segment si =
[tj , tj+1, . . . tj+ni−1] is composed of ni tokens
such that

∑k
i=1 ni = n.

We use a Transformer (Vaswani et al., 2017)
based architecture and modify the Transformer en-
coder to capitalize on the segmentation informa-
tion obtained from the constituency tree. Specifi-
cally, an averaging layer is introduced before the
Transformer encoder to capture the local structure
(Section 2). From the embedded token sequence
comprising of n vectors, the averaging layer com-
putes a sequence of k segment embeddings. The
input to the averaging layer consists of n vectors,
each resulting from the sum of token embedding
and the corresponding sinusoidal position embed-
ding. These are grouped into k segments, and the
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averaging layer then computes the mean over each
segment to produce a sequence of k embedding
vectors, one for each segment. On the decoder
side, we use the standard Transformer decoder. We
name this architecture Segmented Invocation Trans-
former (SIT), and it is shown in Figure 2. The
model is trained by back-propagation on the cross-
entropy loss with label smoothing of 0.1.

Complexity Analysis Next, we analyze the com-
putational complexity of the cross-attention of the
decoder during inference to point out the improve-
ment over the vanilla Transformer. The decoding
occurs in discrete time steps. We shall consider
a single time step in this analysis. At each time
step, in the cross-attention layer of the decoder, we
first construct the keys, query and values and then
perform a softmax over the product of keys ma-
trix with the query vector to get the cross-attention
scores. Let the dimension of the embedding vectors
be d. Considering a single head for simplicity, the
construction of values matrix takes O(kd2) time
(from the multiplication of Rk×d and Rd×d matri-
ces), where k is the number of segments. Similarly,
the construction of query vector takes O(d2) time
(from the multiplication of a Rd vector with Rd×d
matrix). Multiplying keys matrix (Rk×d) with the
query vector (Rd) followed by a softmax (over k
attention scores) takesO(kd+k) time. This step is
followed by a weighted aggregation of the k values,
each being d-dimensional, in O(kd) time. Hence,
the overall complexity for cross-attention layer is
O(kd2 + d2 + kd). Since the dimension d is a
constant, this can be simplified to O(k). A vanilla
Transformer would incur O(n) time. Therefore,
our method provides a constant factor improvement
per decoding time step. This advantage adds up
due to multiple decoding time steps needed during
the inference phase. The time benchmarks (Sec-
tion 5.2) show these differences in practice.

4 Data and Preprocessing

For evaluating our method, we used the NL2Bash
dataset (Lin et al., 2018) provided by the
NLC2CMD contest (Agarwal et al., 2021) from
NeurIPS 2020. It consists of approximately 10k
paired English invocations and Bash commands
scraped from Stack Overflow covering over 100
Bash utilities. The dataset was partitioned into five
folds. We performed five runs. In each run, we
split one fold equally for validation and testing.
The remaining four folds were pooled to create the

Figure 2: Segmented Invocation Transformer (SIT): We
introduce an averaging layer to generate embeddings
for each segment. These embeddings are then fed into a
standard Transformer that outputs the bash command.

training set for the run. All results mentioned in
Table 3 are averaged over these five runs. Invo-
cations and bash commands for all the models to
remove file paths and regex. We used the natural
language toolkit1 and the Bash parser2 shared by
the NLC2CMD competition organizers for prepro-
cessing.

5 Experiments

Section 5.1 describes the experiments conducted
to measure our method’s accuracy. Section 5.2 de-
scribes the time benchmark. Section 5.3 describes
the analysis using Integrated Gradients.

5.1 Translation Accuracy

Section 5.1.1 explains the accuracy metric pro-
posed in the NLC2CMD competition. Section 5.1.2
lists the baselines our method is compared with.
Section 5.1.3 lists the hyper-parameters and Sec-
tion 5.1.4 contains a discussion of the results.

5.1.1 NLC2CMD Competition Metric
Agarwal et al. (2021) pointed out the shortcomings
of existing evaluation metrics like BLEU score (Pa-
pineni et al., 2002), Exact Match accuracy and Tem-
plate accuracy (Lin et al., 2018) in the context of
natural language to Bash generation and proposed a
new scoring mechanism for the NLC2CMD compe-
tition. This score incentivizes precision and recall
of correct utility and flags weighted by the reported

1https://github.com/IBM/clai/tree/
nlc2cmd/tellina-baseline/src/submission_
code/nlp_tools

2https://github.com/IBM/clai/tree/
nlc2cmd/utils/bashlint
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system confidence (δ). It ignores command argu-
ments but considers utilities’ order and flags. The
translation system is also penalized for producing
redundant flags.

Now, we formally describe the competition met-
ric3 from Agarwal et al. (2021). Let model A out-
put top-5 translations as follows: A : nlc 7→
{q|q = (ĉ, δ)}. Here the tuple (ĉ, δ) represents the
predicted command ĉ with associated confidence
score δ. We consider |A(nlc)| ≤ 5 and assume
that there is only one ground truth command c cor-
responding to an invocation nlc. Then, the normal-
ized score of a single prediction is:

S(q) =
∑

i∈[1,T ]
δ
T ×

(
I(U(ĉ)i = U(c)i) ×

1
2

(
1+ 1

Ni

(
2×|F (U(ĉ)i)∩F (U(c)i)|−|F (U(ĉ)i)∪

F (U(c)i)|
))
− I(U(ĉ)i ̸= U(c)i)

)

Here, I(·) is the indicator function, U(c) is
the sequence of Bash utilities in the command c,
F (u) is the set of flags for utility u in respec-
tive command, T = max

(
|U(c)|, |U(ĉ)|

)
and

Ni = max
(
|F (U(c)i)|, |F (U(ĉ)i)|

)
.

Total score of the prediction is defined as:

Score =





if S(q) > 0
maxq∈A(nlc) S(q), for some

q ∈ A(nlc);
1

|A(nlc)|
∑

q∈A(nlc)
S(q), otherwise.

5.1.2 Baselines
We compare our method with the following base-
lines:

• T5 (Raffel et al., 2019): T5 is a Transformer-
based model trained on large amount of data.
We fine-tuned the T5-small checkpoint by hug-
gingface (Wolf et al., 2020) on our dataset.
The input to the model was "translate En-
glish to Bash:" followed by the invocation.
T5-small and T5-base were tested. T5-small
performed better. Results for the same are
reported.

• Code-T5 (Wang et al., 2021): CodeT5 is a
T5 derivative proposed to improve the perfor-
mance on both code understanding and code
generation tasks. It is pre-trained on eight pro-
gramming languages- Java, Ruby, Javascript,

3https://github.com/IBM/clai/tree/
nlc2cmd/utils/metric

Go, PHP, Python, C and Cpp. We fine-tuned
the CodeT5-small checkpoint by huggingface
(Wolf et al., 2020) on our dataset. The input
to the model was "translate English to Bash:"
followed by the invocation. CodeT5-small
and CodeT5-base were tested. CodeT5-small
performed better. Results for the same are
reported.

• Seq2Seq (Bahdanau et al., 2015): This is an
attention enhanced encoder-decoder architec-
ture with a bidirectional LSTM encoder and a
unidirectional LSTM decoder.

• Explainable-NL2BashAST (Bharadwaj
and Shevade, 2021): A natural language
to Bash translation model that generates
explanations besides Bash commands and
uses Abstract Syntax Tree information. It
also uses Bash utility description besides
the parallel NL2Bash data. We use the
code shared by the authors at https:
//www.github.com/Shikhar-S/
Explainable-NL-to-Bash-AST.

• Magnum (Agarwal et al., 2021): This is the
winner’s model from the NLC2CMD contest
and the state of the art on this problem. The
original system is an ensemble of multiple
Transformers (Vaswani et al., 2017) trained
with different seeds and batch sizes. We com-
pare with a single model from the ensemble
for fair comparison.

5.1.3 Hyper-parameters
SIT uses an embedding dimension of 256 and has
3 encoder layers with 4 attention heads each and 6
decoder layers with 8 attention heads each. It has
feed-forward networks with a dimension of 1024
in both encoder and decoder layers. It is trained
with a batch size of 499 tokens and gradient accu-
mulation over 150 batches. The height threshold
for cutting the subtrees, set to 4, is tuned using
the performance on the validation set. Magnum
takes in an embedding vector of size 512 and has
6 layers in both encoder and decoder, each with 8
attention heads. Magnum is trained for 2500 steps,
with each batch containing 14000 tokens with gra-
dient accumulation over 2 batches and a warm-up
scheduler. Seq2Seq has two 256 dimensional bidi-
rectional LSTM layers in the encoder and two 256
dimensional LSTM layers in the decoder with atten-
tion between encoder and decoder. T5-small and
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Model CPU Threads Mean (sec) Median (sec) Interquartile Range (sec)

Magnum (Single Model) 1 145.70 144.51 1.98
SIT 1 59.07 59.22 1.87

Magnum (Single Model) 2 105.60 102.92 4.24
SIT 2 51.52 51.80 1.43

Magnum (Single Model) 3 94.57 92.17 2.26
SIT 3 47.63 47.62 1.82

Magnum (Single Model) 4 89.01 87.16 3.94
SIT 4 45.78 45.62 2.48

Magnum (Single Model) 5 86.73 86.01 0.72
SIT 5 46.49 46.36 2.35

Magnum (Single Model) 6 84.80 83.89 3.83
SIT 6 45.68 45.83 1.84

Table 2: Time Benchmarks: Time taken to run inference on 1K examples from the test set. Each entry is computed
from 25 repeated runs. System configuration is mentioned in Section 5.2.

CodeT5-small are trained with a batch size of 32 ex-
amples, and the number of epochs is tuned based on
the validation set performance. The unit of vocab-
ulary for T5 and CodeT5 are subtokens, whereas,
for all other models, the vocabulary is built from
the whitespace-separated words in the NLC2CMD
dataset. For all models, we use beam search with
10 beams and top-5 predictions to generate final
Bash commands. We use 1 as the confidence score
(δ) for top p predictions and exp(beam_score)/2
for the remaining 5-p. This parameter p is tuned
separately on the validation set for each model con-
sidered.

5.1.4 Results

Results are reported in Table 3. SIT performs bet-
ter than all other models. T5 performs the worst,
probably due to the large predefined vocabulary of
standard T5 models. For every other model, the
vocabulary is limited to the NLC2CMD dataset.
The winners of NLC2CMD also report that a de-
crease in vocabulary size increases performance for
this task. There is no straightforward way to adapt
the vocabulary of T5 and CodeT5 for this dataset.
Seq2Seq performs better than T5 and CodeT5. We
hypothesize that this is due to the smaller target
side vocabulary learned from the data. CodeT5,
trained on a large amount of code and natural lan-
guage data, performs better than T5 but still lags
behind SIT. Explainable-NL2BashAST performs
better than T5 and Sequence to Sequence but lags
behind Magnum because it is developed for com-
mands with a single utility, and it constructs a target
sequence that is twice as long as a Bash command.
This makes the decoding using beam search less
efficient.

Model Test score

T5 (Raffel et al., 2019) 0.316± 0.021
CodeT5 (Wang et al., 2021) 0.355± 0.025
Seq2Seq (Bahdanau et al., 2015) 0.362± 0.012
Explainable-NL2BashAST (Bharadwaj and Shevade, 2021) 0.390± 0.012
Magnum (Single Model) (Agarwal et al., 2021) 0.428± 0.010
SIT (Proposed Method) 0.438± 0.018

Table 3: NLC2CMD Competition metric on the test set.
Values range from -1 to 1 with higher being better. All
entries are averaged over 5 runs and in the form mean
± standard deviation.

Parameter Efficiency. SIT has 9M parameters,
whereas Magnum has 45M parameters. This re-
sults from SIT’s encoder being much smaller than
Magnum’s encoder, which is expected since we use
the constituency parse tree information to model
the natural language sequence. The 5x gain in pa-
rameter efficiency is especially important for this
task since it will allow the proposed method to be
employed in real-world systems with significantly
less memory and power consumption.

5.2 Time Benchmark

Configuration. We consider a relatively inex-
pensive system configuration without access to
a Graphics Processing Unit because we expect
the users of our system to run it on a standard
development machine. We benchmark the infer-
ence time for Magnum (Agarwal et al., 2021)
and SIT (excluding constituency parsing) on
the test set. The benchmarks are run on a 6
core Intel(R) Core(TM) i5-10400 CPU, using
torch.utils.benchmark available in Py-
Torch (Paszke et al., 2019). We report results from
25 runs for each setting in Table 2. We benchmark
a single model from the Magnum ensemble for
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Figure 3: Alignments from Attribution Scores: Normalized invocation is on the left and normalized command is at
the bottom.

comparison with a single SIT model.

Results. Results are reported in Table 2. We ob-
serve that SIT achieves a median time speedup of
almost 1.8x over Magnum. These empirical re-
sults are in line with the complexity analysis from
Section 3.2. On profiling the code, we find that a
significant time spent during inference is to run the
decoder, which is expected as the decoder runs in a
step-wise fashion. Also, we note that the most time-
consuming operations are computing self-attention
and cross-attention matrices from keys, queries and
values. As described in Section 3.2, SIT has fewer
keys and values in the decoder cross-attention layer.
Therefore, it leads to an increase in speed during
inference.

5.3 Attribution Analysis
To assess if SIT attributes the probability of target
tokens to correct invocation segment, we conduct
an attribution analysis using Integrated Gradients
(IG) (Sundararajan et al., 2017). 4 The IG method
computes attribution scores that represent each in-
vocation segment’s contribution in predicting a
command token. IG takes in the trained model,
a baseline invocation and an input invocation as in-
put. The baseline invocation denotes an absence of
signal to the model. We use a sequence of [PAD]
tokens, corresponding to a sequence of zero embed-
ding vectors as the baseline. Integrated Gradients
are defined as the path integral of the gradients
along the straightline path from the baseline to the

4We use the Integrated Gradient implementation provided
by the Captum library - https://www.github.com/
pytorch/captum

input. These are approximated by adding up the
gradients along sufficiently small intervals on this
straightline path. We used 5K steps for approx-
imating the integral since the network is highly
nonlinear.

We clipped the negative attribution scores to
zero to draw attention to positive attributions that
corresponds to alignments. Some resulting ma-
trices from the test set are plotted as heatmaps
and shown in Figure 3. The matrix on the left
shows the alignment matrix for the input invoca-
tion ’Sources script incl.sh in folder where current
script is located’. The corresponding command is
source $(dirname $0)/incl.sh. This is
a Bash command substitution pattern. The inner
command first finds the directory name of the di-
rectory containing the currently running script with
the dirname utility. It then executes the incl.sh
file in that directory with source utility. One can
observe that the bash command source aligns
with the invocation segment sources script, and the
token $(dirname aligns with segments in folder
and where from the invocation.

Similarly, Figure 3 (matrix on the right)
shows the alignment matrix for input invoca-
tion ’Recursively change owner and group to
"$JBOSS_AS_USER" of "$JBOSS_AS_DIR"’,
with the corresponding command chown
-R $JBOSS_AS_USER:$JBOSS_AS_USER
$JBOSS_AS_DIR . The alignment matrix
depicts the correspondence between the invocation
segment recursively and the command flag -R. In
this instance, we also see that some command com-
ponents are erroneously attributed. For instance
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Command Component Total Count Attributed Correctly
Utility 129 94 (72.87%)
Flag 160 110 (68.75%)
Argument 244 84 (34.43%)

Table 4: Results from the evaluation of attributions pro-
duced by Integrated Gradients for 100 random examples
from the test set.

-R is also attributed to REGEX of REGEX.
We sample 100 examples5 from the test set

and manually evaluate the attribution matrices pro-
duced by the IG method. Attribution for a com-
mand component is labelled as correct if one can
look at only the positively attributed invocation seg-
ments to determine the presence of the command
component in the output command. For instance,
consider the attribution matrix on the right in Fig-
ure 3. Here, the counts of correctly attributed utili-
ties, flags and arguments will be 0,1 and 0 respec-
tively. Only the flag -R can be figured out from
the positively attributed input segment recursively.
There is a positive attribution on the invocation seg-
ment owner and group. However, in the absence
of a positive attribution on change, one can not
conclude that the utility chown would be used.

The results of the attribution analysis are shown
in Table 4. We observe that utilities and flags have
higher attribution accuracy than the arguments.
This is due to the preprocessing which normalizes
all file paths and regex expressions. It is also ob-
served that sometimes multiple utilities are needed
to perform the task in the invocation. There is little
alignment between the utilities and invocation seg-
ments in such cases. For instance, when utilities
like sed and awk are connected using the pipe
operator (|) to modify the output of other utilities.
Such implicit need for some utilities results in in-
correct attribution by SIT. Similarly, it is observed
that flags like -and and -or cannot be explicitly
aligned to the invocation segments.

From the attribution analysis, we find that the
proposed architecture is indeed able to capture the
synchronous structure between natural language
segments and Bash command components.

6 Related Work

Early works on semantic parsing explored meaning
representations like first-order logic, lambda cal-

5Attribution matrices for the sampled instances are
available at https://github.com/Shikhar-S/
Segmented-Invocation-Transformer/blob/
main/jup_notebook/attribution_viz.ipynb

culus enhanced first-order logic (Carpenter, 1997),
database query languages and operated on hand-
crafted rules (Johnson, 1984). These were followed
by statistical models that were able to learn rules
from input-output parallel data (Thompson, 2003,
Zettlemoyer and Collins, 2007, Kwiatkowksi et al.,
2010).

Recently, there have been many advancements
in generating high-level programming languages.
Dong and Lapata (2016) and Ling et al. (2016)
propose general attention based encoder-decoder
style methods for semantic parsing. Rabinovich
et al. (2017) propose Abstract Syntax Networks
with a dynamically determined modular decoder
structure that parallels the structure of the output
tree. Yin and Neubig (2017) propose an architec-
ture enhanced by a grammar model that explicitly
captures the target language syntax as prior knowl-
edge. Most of the innovations in this area utilize
recurrent neural networks (RNN) for modelling
natural language input. The method proposed in
this work enhances the Transformer encoder with
constituency parsing information.

For natural language to Bash, in particular, Lin
et al. (2018) created a dataset and proposed an
encoder-decoder based architecture. Gros (2019)
explore several sequence to sequence models, Ab-
stract Syntax Networks and Nearest Neighbor
based models for this task on a custom dataset.
Agarwal et al. (2020) proposed a command-line
AI assistant for this task. Agarwal et al. (2021)
organized a contest in NeurIPS 2020 for natural
language to Bash translation and provided a report
on the state of the art architectures developed in
the contest. Bharadwaj and Shevade (2021) ex-
plored the use of Linux manual pages and Abstract
Syntax Tree for developing an explainable natural
language to Bash translation system. In contrast to
these methods, our work explores the synchronous
structure of this problem and uses the constituency
tree to better model natural language input.

Constituency parse tree of natural language has
been used in earlier machine translation and seman-
tic parsing literature. Nguyen et al. (2019) note
that the Transformer (Vaswani et al., 2017) strug-
gles to encode hierarchical structures and propose a
hierarchical accumulation mechanism that utilizes
constituency parse tree to capture this structure for
neural machine translation. They achieve this by
adding additional parameters that capture the con-
stituency structure of sentences. Our method, in
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contrast, uses constituency tree information in a pa-
rameter efficient manner. Xu et al. (2018) construct
a syntactic graph from constituency and depen-
dency parse tree and employ a graph to sequence
neural network using an RNN decoder. They report
improvement over the sequence to sequence model
proposed by Dong and Lapata (2016) showing that
additional syntactic information helps in seman-
tic parsing. We use a Transformer and show that
segmentation structure aids in natural language to
Bash translation.

7 Conclusion and Future Work

We propose a method that utilizes information from
the constituency tree to better model the structure
of natural language to Bash task. Our experiments
on the NLC2CMD data show that incorporating
the problem structure in the model architecture im-
proves both performance and parameter efficiency.
We also run inference time benchmarks and find
that the proposed method is faster. Attribution anal-
ysis is also conducted to analyze the method.

In this work, we focus on Bash as the meaning
representation and identify the structure for natural
language to Bash translation. However, we expect a
similar structure for other meaning representations
like SQL. Applying our method to natural language
to SQL task is left for future work. Our method
relies on Stanford CoreNLP parser (Manning et al.,
2014) for constituency parsing. This is a bottleneck
for fully utilizing the efficiency of our approach. It
will be interesting to test faster constituency parsers
(Zhang et al., 2020a, Zhang et al., 2020b) which
can parse around 1K sentences per second.
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Abstract
Embeddings, which compress information
in raw text into semantics-preserving low-
dimensional vectors, have been widely adopted
for their efficacy. However, recent research has
shown that embeddings can potentially leak pri-
vate information about sensitive attributes of
the text, and in some cases, can be inverted to
recover the original input text. To address these
growing privacy challenges, we propose a pri-
vatization mechanism for embeddings based
on homomorphic encryption, to prevent po-
tential leakage of any piece of information in
the process of text classification. In partic-
ular, our method performs text classification
on the encryption of embeddings from state-
of-the-art models like BERT, supported by an
efficient GPU implementation of CKKS en-
cryption scheme. We show that our method
offers encrypted protection of BERT embed-
dings, while largely preserving their utility on
downstream text classification tasks.

1 Introduction

In recent years, the increasingly wide adoption of
vector-based representations of text such as BERT,
eLMo, and GPT (Devlin et al., 2019; Peters et al.,
2018; Radford et al., 2019), has called attention
to the privacy ramifications of embedding mod-
els. For example, Coavoux et al. (2018); Li et al.
(2018) show that sensitive information such as the
authors’ gender and age can be partially recovered
from an embedded representation of text. Song
and Raghunathan (2020) report that BERT-based
sentence embeddings can be inverted to recover up
to 50%–70% of the input words.

Previously proposed solutions such as differen-
tial privacy based on perturbation/noise (Qu et al.,
2021), require manually controlling the noise in-
jected into embeddings, to control the privacy-
utility trade-off to a level suitable for each down-
stream task. In this work, we propose a privacy

*Equal contribution.
†Corresponding author.

solution based on Approximate Homomorphic En-
cryption, which is able to achieve little to no accu-
racy loss of BERT embeddings on text classifica-
tion1, while ensuring a desired level of encrypted
protection, i.e. 128-bit security.

Homomorphic Encryption (HE) is a crypto-
graphic primitive that serves computations over en-
crypted data without any decryption process. While
previous works have focused on homomorphic
computation where the inputs are numerical data,
in applications such as privacy-preserving machine
learning algorithms (Lauter, 2021), logistic regres-
sion (Kim et al., 2018), and neural network infer-
ence (Gilad-Bachrach et al., 2016), they have rarely
been applied to unstructured data such as text. Re-
cent works in this direction include Podschwadt
and Takabi (2020), who conduct sentiment clas-
sification over encrypted word embeddings using
RNN. However, they use a simple embedding layer
which maps words in a dictionary to real-valued
vectors, and model training is only supported on
plaintext. The most closely related work to ours is
PrivFT (Badawi et al., 2020), a homomorphic en-
cryption based method for privacy preserving text
classification built on fastText (Joulin et al., 2017).

We next describe our approach, focusing on our
distinctions from PrivFT:

• BERT Embedding-based Method: The princi-
ple behind PrivFT is to perform all neural network
computations in encrypted state. For this purpose,
it adopts fastText (Joulin et al., 2017), which takes
bag-of-words vectors as input, followed by a two-
layer network and an embedding layer. However,
PrivFT does not utilize pre-training; as a conse-
quence, the embedding matrix and classifer of
PrivFT must be updated from scratch, taking sev-
eral days to train on a single dataset.

We introduce a new method for text classifica-
tion on encrypted data. The crux is to operate
a simple downstream classifier on encryptions

1Code and data are available at: https://www.
github.com/mnskim/hebert
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of semantically rich vector representations (i.e.
BERT embeddings). By using rich input repre-
sentations, our method significantly outperforms
PrivFT, while the use of a simple downstream clas-
sifier on encrypted data makes our method much
more practical. Importantly, by leveraging pre-
trained embeddings from models such as BERT,
a state-of-the-art in many NLP tasks, our method
enables the training of a strong classifier in en-
crypted state within hours. As such, our method
is well positioned to take full advantage of the
recent trends in NLP, that rely on the language
understanding capability of increasingly larger
pre-trained language models (Brown et al., 2020;
Kaplan et al., 2020).

• Better GPU Implementation: As BERT rep-
resentations are real-valued vectors, we adopt
CKKS scheme, which is well-suited for dealing
with real numbers compared to other HE schemes.
We develop an efficient GPU implementation of
CKKS which greatly improves computation speed.
While PrivFT also provides a GPU implemen-
tation of CKKS, their implementation lacks the
bootstrapping operation of CKKS. Inevitably, this
limits the multiplicative depth of PrivFT, and it
makes the method less scalable. It also results in
the use of less secure CKKS parameters which
have roughly 80-bit security level. In contrast,
our GPU implementation includes the bootstrap-
ping operation, which allows unlimited number
of multiplications. This enables us to use a higher
degree polynomial approximation (which is key to
achieving a high downstream accuracy), and more
secure CKKS parameters (128-bit security level2).
Moreover, with practicality in mind, we improved
the implementation in terms of communication
cost. More precisely, we introduce a practical im-
plementation of CKKS to significantly reduce the
size of ciphertexts by more than 7.4× compared
to the rudimentary implementation.

We experimentally validate our approach on text
classification datasets, showing that it offers en-
crypted protection of embedding vectors, while
maintaining utility competitive to plaintext on
downstream classification tasks. Additionally, we
compare our method with PrivFT on homomorphic
training on encrypted data, showing it outperforms
PrivFT, with much improved training efficiency.

2An attacker needs > 2128 operations to recover the plain-
text from a ciphertext with the current best algorithm.

Figure 1: The Architecture of Text Classification.
The region shaded in light blue represents encrypted
state. The privatization inference takes the following
steps: 1) User generates sentence embedding. 2) User
encrypts embedding. 3) Logistic regression in encrypted
state is performed using encrypted embedding.

2 Method

We focus on the scenario in which the user directly
applies the privacy mechanism to the output embed-
dings from a neural text encoder, before passing it
on to a service provider for usage in a downstream
task. This is also referred to as a local privacy
setting (Qu et al., 2021).

The privatization procedure Mpriv in the local
privacy setting can be defined as follows:

Mpriv(x) = P (Femb(x)) (1)

where x is the raw text input, Femb is Sentence-
BERT (Reimers and Gurevych, 2019)3, a popular
pre-trained model for obtaining sentence embed-
dings, and P denotes a privacy mechanism. Next,
we securely classify the text datum, x, by feeding
its privatized embedding, Mpriv(x), to the down-
stream classification model. In this work, we adopt
a logistic regression model (in encrypted state) as
the downstream classifier. Figure 1 demonstrates
the entire privatization inference procedure, start-
ing with user’s embedding of raw text and encryp-
tion of embedding, to the operation of the classi-
fier in encrypted state and finally, the output of
encrypted classification results. We note that the
training process also can be performed in encrypted
state as we describe in Section 2.2.

2.1 Baseline: Local Differential Privacy
As a baseline for the local privacy setting, we imple-
ment noise-based local differential privacy (LDP).
Qu et al. (2021) introduced noise-based LDP for
single-token embeddings as privatization mecha-
nism P . In the case of single-token embeddings, lo-
cal differential privacy can be achieved with respect
to a chosen Euclidean distance by adding randomly

3https://www.sbert.net/
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Table 1: Size of Ciphertext/Training Time of En-
crypted Logistic Regression. We report the ciphertext
size and training time for the ciphertext model. Note that
plaintext and LDP classifiers have negligible training
and inference times.

Twitter (2 classes) SNIPS (7 classes; OvR)
ciphertext plaintext training time ciphertext plaintext training time

train
1.4
GB

183.7
MB

143.2
sec/epoch

11.4
GB

206.5
MB

1111.4
sec/epoch

sampled noiseN drawn from an n-dimensional dis-
tribution with density p(N) ∝ exp(−η||N ||). That
is, the privacy mechanism is P (y) = y+N , where
y denotes an embedding vector. In our work, we
adopt the same mechanism to sentence embeddings.
Following Qu et al. (2021), the noise N ∈ Rn is
sampled as a pair (r, p), where r is the distance
from the origin and p is a point in Bn (the unit
hypersphere in Rn). r is sampled from Gamma dis-
tribution Γ(n, 1η ) and p is sampled uniformly over
Bn, and N is computed as N = rp.

2.2 HE Based Logistic Regression

We now describe our proposed privatization mech-
anism in detail. We adopt Eq.1, with the privacy
mechanism P (y) = H(y), where H is the homo-
morphic encryption. For downstream tasks, we
feed the privatized embedding Mpriv(x) to an en-
crypted logistic regression classifier. By utilizing
HE, an encrypted model and labels will be obtained
after the training and inference process. Only the
user who knows the secret key of HE can decrypt
the results and get either the classifier or labels for
the classification.

For the homomorphic encryption H , we adopt
the CKKS scheme (Cheon et al., 2017, 2018, 2019).
While the majority of HE schemes are being opti-
mized for computations over finite fields, CKKS
supports efficient computations over real numbers,
so it is advantageous in application to real world
data. We refer the readers to the paper (Cheon et al.,
2017) for full details of CKKS.

CKKS is a levelled homomorphic encryption
scheme, where the level of each ciphertext indi-
cates the remaining number of times we can oper-
ate.4 When we multiply two ciphertexts of level
l, the output ciphertext has a level of l − 1. Once
the level of a ciphertext becomes too low, we can
refresh its level higher by using the bootstrapping

4We remark that this level is not related to the security level
of CKKS. For example, in our implementation, all ciphertexts
have 128-bit security level regardless of the remaining number
of operations.

technique so that the number of possible operation
times increases. For ciphertexts ct1 and ct2 of com-
plex vector messages m1 and m2, we summarize
the operations of CKKS as follows:

• Add(ct1, ct2): output a ciphertext of m1 + m2.
• Mult(ct1, ct2): output a ciphertext of m1 ⊙m2,

where ⊙ is the entry-wise multiplication.
• Bootstrap(ct1): output a ciphertext of m1 at

refreshed level.

While it is prevalent to encrypt data into the top
level, L, in this work, we encrypt the data into a
lower level, 3, to decrease the initial size of cipher-
texts. 5 Note that the ciphertexts are the privatized
embeddings, so their size determines the commu-
nication cost. As shown in Table 1, by using the
lower level ciphertexts, we reduce the initial size
of ciphertext by more than 7.4× in both Twitter
training dataset (10.8GB to 1.4GB), and SNIPS
training dataset (85.3GB to 11.4GB).

Finally, we feed the output of our privatization
mechanism to the next step, the training and in-
ference of an encrypted logistic regression classi-
fier. However, since CKKS supports only addi-
tion and multiplication while the logistic function
(1/(1 + exp(−x)) is a non-polynomial function,
we evaluate the logistic function via its polynomial
approximation. We use the minimax approximate
polynomial (Pachon and Trefethen, 2009) of de-
gree 15 on [−12, 12] that approximates the logistic
function within the error of 0.00614 on [−12, 12].

2.3 Datasets
To validate our approach in real-world scenarios,
we conduct experiments on tasks with realistic pri-
vacy concerns and utility needs. We select text
classification tasks on data in three settings:

• Tweets Hate Speech Detection (Sharma,
2018)6: Is a crowd-sourced dataset of Tweets
for binary classification, where labels de-
note a Tweet as containing hate speech, if
it has a racist or sexist sentiment associated
with it. We created random data splits for
train/validation/test, with 11,634/3,197/4,795
examples, respectively.

• SNIPS (Coucke et al., 2018): Is a dataset
of crowd-sourced queries collected from the

5We use L = 29 in our implementation.
6https://huggingface.co/datasets/

tweets_hate_speech_detection
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Table 2: Results of Logistic Regression Experiments. For SNIPS, macro average of F1 over classes is reported
and AUC denotes the average of of each class AUC. Bold and underline denote the ciphertext model and the noising
model most comparable to it (measured by absolute difference of metric), respectively.

Model Twitter SNIPS
(Thresh) Dev F1 Test F1 Dev AUC Test AUC Dev F1 Test F1 Dev AUC Test AUC

Noising
η = 50 0.5149 0.3809 0.3337 0.7975 0.7991 0.7291 0.6944 0.9190 0.9106
η = 75 0.5300 0.5226 0.4680 0.8847 0.8819 0.8818 0.8524 0.9689 0.9621
η = 100 0.4997 0.5744 0.5323 0.9098 0.9105 0.9279 0.8990 0.9826 0.9776
η = 125 0.4555 0.6107 0.5760 0.9226 0.9245 0.9422 0.9190 0.9931 0.9844
η = 150 0.4843 0.6224 0.5939 0.9234 0.9332 0.9547 0.9303 0.9953 0.9879
η = 175 0.5128 0.6404 0.6065 0.9300 0.9390 0.9616 0.9345 0.9955 0.9900
Ciphertext 0.8635 0.6596 0.6361 0.9481 0.9535 0.9729 0.9402 0.9974 0.9948
Plaintext 0.4987 0.6625 0.6439 0.9536 0.9575 0.9787 0.9520 0.9977 0.9959

Snips Voice Platform, distributed among 7
user intents. It has been widely adopted
in evaluating spoken language understanding
(SLU) systems. We use the same data splits
as Goo et al. (2018); Qin et al. (2019), with
13,084/700/700 examples, respectively.

• Youtube Spam Collection (Badawi et al.,
2020)7: Is a public data set collected for
spam research from UCI Machine Learning
Repository, where five datasets are composed
by 1,956 real messages extracted from five
videos. As train/validation/test splits are not
provided, we created our own random splits,
with 1,564/196/196 examples, respectively.

3 Experiments

3.1 Encrypted Sentence Classification

Once sentence embeddings are extracted from
Sentence-BERT for each input text, the vectors con-
sist of 768 numerical values of 32-bit floating point
from -1 to 1. Then, a logistic regression model
is trained for binary classification on the Twitter
dataset, and multiclass classification on the SNIPS
dataset, respectively.

To perform a fair comparison of the results of
each approach, we keep the same implementation
of logistic regression for plaintext, as that of the
ciphertext model. Multiclass classification is per-
formed as multiple separate binary logistic regres-
sion models for each class, and we take the argmax
from the combined results; One-vs-Rest (OvR). Ex-
periments for noise-based local differential privacy
on plaintext are conducted in the same way, using
the privacy mechanism described in Section 2.1.

7https://archive.ics.uci.edu/ml/
datasets/YouTube+Spam+Collection

Logistic regression parameters are optimized by
SGD with Nesterov momentum. For all models,
the best performing model and optimal threshold
for F1 was identified by validation set performance.

For plaintext experiments, the following hyper-
parameters were used for training: Learning rate
3.0, gamma 0.9, batch size 256 for Twitter dataset,
and learning rate 3.0, gamma 0.1, batch size 128
for SNIPS dataset. Both models were trained for 10
epochs. For the parameters of the CKKS scheme,
we selected the dimension N = 217 and set the
size of the maximum modulus qL to be 1540 bits.
We note that our CKKS parameters satisfy 128-
bit security level (Albrecht, 2017). For ciphertext
experiments, the following hyperparameters were
used for training: Learning rate 3.0, gamma 0.9,
batch size 512 for Twitter dataset, and learning rate
2.0, gamma 0.1, batch size 512 for SNIPS dataset.
Both models were trained for 10 epochs. Addition-
ally, we developed an efficient parallelized CKKS
implementation for bootstrapping with GPU accel-
eration for the encrypted logistic regression model.
For implementation, we use a dual-NVLink Nvidia
Quadro RTX6000 GPU with 24 GiBs of memory,
on a server with a Intel Xeon Gold 6242R CPU (80
core) and 125 GiBs of RAM.

3.2 Embedding Inversion
As a quantitative evaluation of inversion risk, we
adopt sentence embedding inversion. Introduced
in Song and Raghunathan (2020), embedding in-
version is an adversarial attack whose goal is to
recover the original text (its tokens) from its em-
bedding. In this work, we focus on black-box in-
version, where the adversary can only interact with
the model by querying it to obtain embeddings, and
is therefore more pertinent to real-world privacy
considerations.
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Table 3: Sentence Embedding Inversion. Black-box
inversion of sentence embeddings on SNIPS. We report
F1 for the task of recovering the input words from the
sentence embedding. Ciphertext denoted in bold.

Model (Thresh) Dev F1 Test F1
Noising
η = 50 0.8 0.2082 0.1905
η = 75 0.8 0.3078 0.2955
η = 100 0.9 0.3587 0.3276
η = 125 0.9 0.4164 0.3899
η = 150 0.9 0.4572 0.4337
η = 175 0.85 0.4919 0.4803
Ciphertext - - -
Plaintext 0.85 0.6705 0.6759

4 Results

We report the results of our logistic regression ex-
periments in Table 2. We compare our approach,
denoted as Ciphertext, with the Plaintext baseline,
as well as the noise-based LDP from Qu et al.
(2021), at different levels of the noise paramter
η (smaller indicates larger noise). Measured by
F1/AUC metric, our HE classifier achieves roughly
98.79%/99.58% and 98.76%/99.89% of the plain-
text baseline classifier’s performance on Twitter
and SNIPS test sets, respectively, indicating that
our HE of embeddings is able to preserve their
downstream utility to a significant degree. We
find that our model performs better at all noise
levels considered in Qu et al. (2021) (up to η =
175), nearly matching the plaintext model. On the
other hand, for noise-based LDP, we observe a clear
trade-off between increasing (via decreasing η) pri-
vacy protection and classification performance. As
can be seen with η = 50, 75 on both datasets, the
decrease in performance becomes greater as η be-
comes smaller and privacy protection is prioritized.
Moreover, at any reasonable level of η, noise-based
LDP cannot necessarily guarantee the complete
elimination of inversion risk.

We next perform sentence embedding inversion
experiments on SNIPS. In Table 3, we report the
results at varying levels of η, using black-box in-
version with a multi-label classification model as
in Qu et al. (2021). For plaintext, the degree of in-
version risk is consistent with black-box inversion
results from Song and Raghunathan (2020), who re-
port F1 of 59.76 for inverting BERT-based sentence
embeddings8, indicating a high degree of invertibil-
ity. Our results show that, in order to significantly

8Trained using Sentence-BERT objective on BookCorpus
and Wikipedia data.

Table 4: Comparison to PrivFT. We report wallclock
training time and test accuracy of binary spam classifi-
cation. Ciphertext model results are denoted in bold.

Model PrivFT Ciphertext Plaintext
(Num. GPUs) 8 1 -
Training time 60.48 hrs/epoch 23.04 sec/epoch -
(Thresh) - 0.53 0.51
Test accuracy 0.863 0.908 0.913

reduce inversion risk, noise-based LDP requires
low η settings, sacrificing downstream utility. In
contrast, our method eliminates conventional risk
of black-box inversion: Because all results of HE
inference remain encrypted, and cannot be revealed
without decryption with the user’s secret key, black-
box inversion cannot be applied. Therefore, 128-bit
security level of homomorphic encryption guaran-
tees practically complete protection from inversion,
while offering significantly improved performance.

Finally, to directly compare our model with
PrivFT, we conduct an experiment on the YTSC
dataset, following the methodology in Section 3.
We report the results in Table 4, along with PrivFT
results on the same dataset from Badawi et al.
(2020). We measure the test accuracy of the classi-
fier, as well as the wallclock time required to per-
form encrypted training. We find that our method
requires only 460.81 seconds with a single GPU
to achieve 90.8% test accuracy, whereas PrivFT
needs 5.04 days with 8 GPUs to obtain 86.3% test
accuracy. This amounts to roughly ×9,450 faster
training per epoch, while achieving higher accu-
racy and utilizing 1/8th the number of GPUs. These
results experimentally validate our expectation that
homomorphic encryption of pretrained embeddings
significantly improves performance and efficiency.

5 Conclusion

We propose a privatization mechanism based on
homomorphic encryption which, by leveraging
BERT pre-trained embeddings, enables efficient
training of an HE logistic regression classifier with
little to no loss of downstream utility. While our
method compares favorably to noise-based LDP
and PrivFT, we also note that there are some limita-
tions. Since HE based models require higher com-
putation costs compared to plaintext models, the
challenge remains to adopt more complex models,
such as neural networks, as downstream classifiers.
Nevertheless, the privacy benefits and efficiency
of our method makes it a suitable candidate for
scenarios with real-world privacy concerns.
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Abstract

Recently, Multi-modal Named Entity Recog-
nition (MNER) has attracted a lot of attention.
Most of the work utilizes image information
through region-level visual representations ob-
tained from a pretrained object detector and
relies on an attention mechanism to model the
interactions between image and text represen-
tations. However, it is difficult to model such
interactions as image and text representations
are trained separately on the data of their re-
spective modality and are not aligned in the
same space. As text representations take the
most important role in MNER, in this paper,
we propose Image-text Alignments (ITA) to
align image features into the textual space, so
that the attention mechanism in transformer-
based pretrained textual embeddings can be
better utilized. ITA first aligns the image into
regional object tags, image-level captions and
optical characters as visual contexts, concate-
nates them with the input texts as a new cross-
modal input, and then feeds it into a pretrained
textual embedding model. This makes it easier
for the attention module of a pretrained textual
embedding model to model the interaction be-
tween the two modalities since they are both
represented in the textual space. ITA further
aligns the output distributions predicted from
the cross-modal input and textual input views
so that the MNER model can be more practi-
cal in dealing with text-only inputs and robust
to noises from images. In our experiments,
we show that ITA models can achieve state-of-
the-art accuracy on multi-modal Named Entity
Recognition datasets, even without image in-
formation.1

∗Yong Jiang and Kewei Tu are the corresponding authors.
‡: This work was done when Xinyu Wang, Min Gui and
Nguyen Bach were at Alibaba Group.

1Our code is publicly available at https://github.
com/Alibaba-NLP/KB-NER/ITA.

1 Introduction

Named Entity Recognition (NER) (Sundheim,
1995) has attracted increasing attention in natu-
ral language processing community. It has been
applied to a lot of domains such as news (Tjong
Kim Sang, 2002; Tjong Kim Sang and De Meulder,
2003), E-commerce (Fetahu et al., 2021), social me-
dia (Strauss et al., 2016; Derczynski et al., 2017)
and bio-medicine (Doğan et al., 2014; Li et al.,
2016). Several recent studies focus on improving
the accuracy of NER models through utilizing im-
age information (MNER) in tweets (Zhang et al.,
2018; Moon et al., 2018; Lu et al., 2018). Most ap-
proaches to MNER use the attention mechanism to
model the interaction between image and text repre-
sentations (Yu et al., 2020; Zhang et al., 2021a; Sun
et al., 2021), in which image representations are
from a pretrained feature extractor, i.e. ResNet (He
et al., 2016), and text representations are extracted
from pretrained textual embeddings, i.e. BERT
(Devlin et al., 2019). Since these models are sep-
arately trained on datasets of different modalities
and their feature representations are not aligned, it
is difficult for the attention mechanism to model
the interaction between the two modalities.

Recently, pretrained vision-language (V+L)
models such as LXMERT (Tan and Bansal, 2019),
UNITER (Chen et al., 2020) and Oscar (Li et al.,
2020b) have achieved significant improvement on
several cross-modal tasks such as image caption-
ing, VQA (Agrawal et al., 2015), NLVR (Young
et al., 2014) and image-text retrieval (Suhr et al.,
2019). Most pretrained V+L models are trained
on image-text pairs and simply concatenate text
features and image features as the input of pretrain-
ing. There are, however, two problems. First, texts
in these datasets mainly contain common nouns
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instead of named entities2 which leads to an induc-
tive bias over common nouns and images. Second,
despite its important role in pretraining V+L mod-
els, the image modality only plays an auxiliary
role in MNER for disambiguation, and can some-
times even be discarded. These problems make
pretrained V+L models perform weaker than pre-
trained language models for MNER.

Pretrained textual embeddings such as BERT,
XLM-RoBERTa (Conneau et al., 2020) and LUKE
(Yamada et al., 2020) have achieved state-of-the-art
performance on various NER datasets through sim-
ple fine-tuning of pretrained textual embeddings.
Since most of the transformer-based pretrained tex-
tual embeddings are trained over long texts, re-
cent work (Akbik et al., 2019; Schweter and Akbik,
2020; Yamada et al., 2020; Wang et al., 2021) has
shown that introducing document-level contexts
can significantly improve the accuracy of a NER
model. The attention mechanism in transformer-
based pretrained textual embeddings can utilize
contexts to improve the token representation of a
sequence. Moreover, pretrained V+L models such
as Oscar and VinVL (Zhang et al., 2021b) can use
object tags detected in images to significantly ease
the alignments between text and image features.
Therefore, the images in MNER can be converted
to texts as well so that the image representations
can be aligned to the space of text representations.
As a result, the attention module of the pretrained
textual embeddings have the capability to easily
model the interactions between aligned image and
text representations, without introducing a new at-
tention module. In this paper, we propose ITA,
a simple but effective framework for Image-Text
Alignments. ITA converts an image into visual
contexts in textual space by multi-level alignments.
We concatenate the NER texts with the visual con-
texts as a new cross-modal input view and then
feed it into a pretrained textual embedding model
to improve the token representations of NER texts,
which are fed into a linear-chain CRF (Lafferty
et al., 2001) layer for prediction. In practice, a
MNER model should be robust when there is only
text information, as images may be unavailable or
can introduce noises. Sometimes it is even unde-
sirable to use images as image feature extraction
can be inefficient in online serving. Therefore, we
further propose to utilize the cross-modal input

2https://visualgenome.org/data_
analysis/statistics

view to improve the accuracy of textual input view,
based on cross-view alignment that minimizes the
KL divergence over the probability distributions of
the two views.

ITA can be summarized in four aspects:

1. Object Tags as Local Alignment: ITA locally
extracts object tags and its corresponding at-
tributes of image regions from an object detec-
tor.

2. Image Captions as Global Alignment: ITA sum-
marizes what the image is describing through
predicting image captions from an image cap-
tioning model.

3. Optical Character Alignment: ITA extracts the
texts presented in the image via optical character
recognition (OCR).

4. Cross-View Alignment: we calculate the KL
divergence between the output distributions of
two input views.

We show in experiments that ITA can significantly
improve the model accuracy on MNER datasets
and achieve the state-of-the-art. The cross-view
alignment module can significantly improve both
the cross-modal and textual input views, and bridge
the performance gap between the two views.

2 Approaches

We consider the NER task as a sequence labeling
problem. Given a sentence w = {w1, · · · , wn}
with n tokens and its corresponding image I , an
sequence labeling model aims to predict a label
sequence y = {y1, · · · , yn} at each position. In
our framework, we focus on incorporating visual
information to improve the representations of the
input tokens by aligning visual and textual informa-
tion effectively. We use a visual context generator
to convert the image I into texts forming visual
contexts w′ = {w′1, · · · , w′m} with m tokens. We
then concatenate the input text and visual contexts
as a cross-modal text+image (I+T) input view in-
stead of the text (T) input view. We feed the I+T
input into a pretrained textual embeddings model to
get stronger token representations of the input sen-
tence. Then the token representations are fed into
a linear-chain CRF layer to get the label sequence
y. To further improve the model accuracy of both
input views, we use the cross-view alignment mod-
ule to align the output distributions of I+T and T
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Figure 1: The architecture of ITA. ITA aligns an image into object tags, image captions and texts from OCR.
ITA takes them as visual contexts and then feeds them together with the input texts into the transformer-based
embeddings. In the cross-view alignment module, ITA minimizes the distance between the output distribution of
cross-modal inputs and textual inputs.

input views during training. The architecture of our
framework is shown in Figure 1.

2.1 NER Model Architecture
We use a neural model with a linear-chain CRF
layer, a widely used approach for the sequence la-
beling problem (Huang et al., 2015; Akbik et al.,
2018; Devlin et al., 2019). The input is fed
into a transformer-based pretrained textual embed-
dings model and the output token representations
{r1, · · · , rn} are fed into the CRF layer:

pθ(y|w) =

n∏
i=1

ψ(yi−1, yi, ri)

∑
y′∈Y(w)

n∏
i=1

ψ(y′i−1, y
′
i, ri)

where θ is the model parameters, Y(w) is the set
of all possible label sequences given the input w.
Given the gold label sequence ŷ in the training
data, the objective function of the model for the T
input view is:

LT(θ) = − log pθ(ŷ|w) (1)

The loss can be calculated using Forward algo-
rithm.

2.2 Image-text Alignments
The transformer-based pretrained textual embed-
dings have strong representations over texts. There-
fore, ITA converts the image information into tex-
tual space through generating texts from the im-
age so that the learning of the self-attention in the

transformer-based model can be significantly eased
compared with simply using image features from
an object detector. We propose a local (LA), a
global (GA) and an optical character alignment
(OCA) approaches for alignments.

Object Tags as Local Alignment Given an im-
age, the image information can be decomposed into
a set of objects in local regions. The object tags of
each region textually describe the local information
in the image. To extract the objects, we use an ob-
ject detector OD to identify and locate the objects
in the image:

a,o = OD(I);where

a = {a1,a2, · · · ,al} and o = {o1, o2, · · · , ol}

The attribute predictions from the object detector
contain multiple attribute tags ai for each object
oi. We linearize and sort the objects in a descend-
ing order based on the confidences of the detection
model. For each object, we heuristically keep 0 to
3 attributes with confidence scores above a thresh-
old m. We linearize the attributes and put the at-
tributes before the corresponding objects since the
attributes are the adjectives describing the object
tags. As a result, we take the predicted l object tags
o and their attribute tags a from the object detector
as the locally aligned visual contexts wLA:

wLA = {a1, o1,a2, o2, · · · ,al, ol}

Image Captions as Global Alignment Though
the local alignment can localize the image into
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objects, the objects cannot fully describe the of
the whole image. Image captioning is a task that
predicts the meaning of an image. Therefore, we
align the image into k image captions by an image
captioning model IC:

{w1,w2, · · · ,wk} = IC(I)

where {w1,w2, · · · ,wk} are captions generated
from beam search with k beams. We concatenate
the k captions together with a special separate to-
ken [X] to form the aligned global visual contexts
wGA:

wGA=[w1, [X],w2, [X], · · · , [X],wk]

The exact label (e.g. “[SEP]” in BERT) of the
special [X] token depends on the selection of em-
beddings.

Optical Character Alignment Some image con-
tain text when they are created to enrich the seman-
tic information that the images want to convey. In
order to better understand this type of image, we
use an OCR model to identify and extract the texts
in the image:

wOCA = OCR(I)

where wOCA are the texts extracted by the OCR
model. Note that wOCA may be an empty text if
there is no text in the image.

We concatenate the input sentence and our
aligned visual contexts to form the I+T input view
ŵ = [w;w′], where w′ can be one of wLA, wGA,
wOCA or the concatenation of all (we denote it as
All). The transformer-based embeddings are fed
with the I+T input view and then output image-
text fused token representations for each token
{r′1, · · · , r′n}. The token representations are fed
into the CRF layer to get the probability distri-
bution pθ(y|ŵ). Similar to Eq. 1, the objective
function of the model for the I+T input view is:

LI+T(θ) = − log pθ(ŷ|ŵ) (2)

Cross-View Alignment There are several limita-
tions in incorporating images into NER prediction:
1) the images may not available in testing; 2) align-
ing images to texts requires several pipelines in
pre-processing instead of an end-to-end manner,
which is so time-consuming that it is not applicable
to some time-critical scenes such as online serving;
3) the noises in the image can mislead the MNER

model to make wrong predictions. To alleviate
these issues, we propose Cross-View Alignment
(CVA), which targets at reducing the gap between
the I+T and T input views over the output distri-
butions so that the MNER model can better utilize
the textual information in the input. During train-
ing, CVA minimizes the KL divergence over the
probability distribution of I+T and T input views:

LCVA(θ)=KL(pθ(y|ŵ)||pθ(y|w)) (3)

Since the I+T input view has additional visual in-
formation in the input and we want the T input
view to match the accuracy of I+T input view, we
only back-propagate through pθ(y|w) in Eq. 3.
Therefore, Eq. 3 is equivalent to calculating the
cross-entropy loss over the two distributions:

LCVA(θ)=
∑

y∈Y(x)
pθ(y|ŵ) log pθ(y|w) (4)

As the set of all possible label sequences Y(x) is
exponential in size, we calculate the posterior dis-
tributions of each position pθ(yi|w) and pθ(yi|ŵ)
through forward-backward algorithm to approxi-
mate Eq. 4:

pθ(yk|∗)∝
∑

{y0,...,yk−1}

k∏

i=1

ψ(yi−1, yi, r∗i )

×
∑

{yk+1,...,yn}

n∏

i=k+1

ψ(yi−1, yi, r∗i )

LCVA(θ)=

n∑

i=1

pθ(yi|ŵ) log pθ(yi|w)) (5)

where r∗i represents either ri or r′i.

Training During training, we jointly train T and
I+T input views with the training objective in Eq.
1 and 2 together with the CVA alignment training
objective in Eq. 5. As a result, the final training
objective for ITA is:

LITA = LCVA + LT + LI+T

3 Experiments

We conduct experiments on two MNER datasets.
To show the effectiveness of our approaches, we
use two embedding settings and compare our ap-
proaches with previous multi-modal approaches.
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3.1 Settings
Datasets We show the effectiveness of our ap-
proaches on Twitter-15, Twitter-17 and SNAP
Twitter datasets3 containing 4,000/1,000/3,357,
3,373/723/723 and 4,290/1,432/1,459 sentences
in train/development/test split respectively. The
Twitter-15 dataset is constructed by Zhang et al.
(2018). The SNAP dataset is constructed by Lu
et al. (2018) and the Twitter-17 dataset is a filtered
version of SNAP constructed by Yu et al. (2020).

Model Configuration For token representations,
we use BERT base model to fairly compare with
most of the recent work (Yu et al., 2020; Zhang
et al., 2021a; Sun et al., 2021). Recently, XLM-
RoBERTa has achieved state-of-the-art accuracy on
various NER datasets by feeding the input together
with contexts to the model. To further utilize the
visual contexts in transformer-based embeddings,
we use XLM-RoBERTa large (XLMR) model as
another embedding in our experiments. To extract
object tags and image captions of the image, we
use VinVL (Zhang et al., 2021b), which is a pre-
trained V+L model based on a newly pretrained
large-scale object detector based on the ResNeXt-
152 C4 architecture. We use the object detection
module of VinVL to predict object tags and their
corresponding attributes. The number of object
tags and attributes varies over the images and is no
more than 100. We set the threshold m to be 0.1
for keeping the attributes of each object. For image
captions, we use VinVL large model finetuned on
MS-COCO (Lin et al., 2014) captions4 with CIDEr
optimization (Rennie et al., 2017). In our exper-
iments, we use a beam size of 5 with at most 20
tokens for prediction and keep all the 5 captions
as the visual contexts. For OCR, we use Tesser-
act OCR5 (Smith, 2007), which is an open source
OCR engine. We use the default configuration of
the engine to extract texts in the image6.

Training Configuration During training, we
finetune the pretrained textual embedding model
by AdamW (Loshchilov and Hutter, 2018) opti-
mizer. In experiments we use the grid search to
find the learning rate for the embeddings within
[1× 10−6, 5× 10−4]. For BERT embeddings, we
finetune the embeddings with a learning rate of

3Twitter-15 and 17 datasets are available at https://
github.com/jefferyYu/UMT.

4github.com/microsoft/Oscar
5github.com/tesseract-ocr/tesseract
6Please refer to Appendix A.2 for more statistics.

Twitter-15 Twitter-17 SNAP

Train
Modal Approach

Eval Eval Eval
Modal Modal Modal
T I+T T I+T T I+T

BERT-CRF
T BERT-CRF 74.79 - 85.18 - 85.98 -

I+T

ITA-LA - 75.18 - 85.67 - 86.26
ITA-GA - 75.17 - 85.75 - 86.72
ITA-OCA - 75.01 - 85.64 - 86.52
ITA-All - 75.15 - 85.78 - 86.79
ITA-LA+CVA 75.26 75.20 85.72 85.62 86.51 86.41
ITA-GA+CVA 75.45 75.52 85.96 85.85 86.42 86.39
ITA-OCA+CVA 75.26 75.30 85.73 85.79 86.64 86.59
ITA-All+CVA 75.67 75.60 85.98 85.72 86.83 86.75

XLMR-CRF
T XLMR-CRF 77.37 - 88.73 - 89.39 -

I+T

ITA-LA - 77.64 - 89.29 - 89.68
ITA-GA - 77.78 - 89.32 - 89.78
ITA-OCA - 77.94 - 89.31 - 89.64
ITA-All - 77.81 - 89.62 - 90.10
ITA-LA+CVA 77.87 77.93 89.45 89.90 89.85 89.91
ITA-GA+CVA 78.03 78.02 89.41 89.62 89.85 90.09
ITA-OCA+CVA 77.57 77.59 89.32 89.55 89.90 89.84
ITA-All+CVA 78.25 78.03 89.47 89.75 90.02 90.15

Table 1: A comparison of ITA and our baseline.

Approach Twitter-15 Twitter-17 SNAP
REPORTED F1 OF PREVIOUS APPROACHES

BERT-CRF† 71.81 83.44 -
OCSGA♣ 72.92 - -
UMT† 73.41 85.31 -
RIVA‡ 73.80 - 86.80
RpBERTbase

♠ 74.40 - 87.40
UMGF⋄ 74.85 85.51 -

OUR REPRODUCTIONS
BERT-CRF 74.79 85.18 85.98
UMT 72.83 84.88 -
UMGF 74.42 85.27 -
RpBERTbase 67.21 - 62.14
Ours: ITA-All+CVA 76.01 86.45 87.44

Table 2: A comparison of our approaches and state-of-
the-art approaches. ♣: Wu et al. (2020); †: results are
from Yu et al. (2020); ‡: Sun et al. (2020), ♠: Sun et al.
(2021), note that RpBERTbase uses the test set to select
the best model; ⋄: results are from Zhang et al. (2021a).

5 × 10−5 with a batch size of 16. For XLMR
embeddings, we use a learning rate of 5 × 10−6

and a batch size of 4 instead. For the learning
rate of the CRF layer, we use a grid search over
[0.05, 0.5] and [0.005, 0.05] for BERT and XLMR
respectively. The MNER models are trained for 10
epochs and we report the average results from 5
runs with different random seeds for each setting.

3.2 Results

In Table 1, we compare our approaches with our
baselines with different training and evaluation
modalities (T for the text-only input view and I+T
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for the multi-modal input view). Results show
that ITA models are significantly stronger than our
BERT-CRF and XLMR-CRF baselines (Student’s
t-test with p < 0.05). For the aligned visual con-
texts, LA, GA and OCA are competitive in most
of the cases. To show the effectiveness of CVA,
we report the evaluation results of both input views
in evaluation. With CVA, the accuracy of both
input views can be improved, especially the T in-
put view. CVA can improve the T input view to
be competitive with I+T input view. Moreover,
the combination of all the alignments ITA-All+CVA
can further improve the model accuracy in most
of the cases. The accuracy of the MNER models
can be significantly improved if we use XLMR em-
beddings, which shows the importance of the text
modality in MNER. With XLMR embeddings, the
model accuracy can be further improved with ITA.
The relative improvements over the baseline mod-
els are sometimes higher with XLMR than with
BERT, which shows that the visual contexts can be
further utilized with stronger embeddings.

In Table 2, we compare ITA with previous state-
of-the-art approaches. For previous approaches,
we report the results including OCSGA, UMT,
RIVA, RpBERT, UMGF, which are the proposed
approaches of Wu et al. (2020), Yu et al. (2020),
Sun et al. (2020), Sun et al. (2021) and Zhang et al.
(2021a) respectively. For fair comparison, we re-
port the results of these models based on the BERT
base embeddings. Moreover, since most of these
previous approaches report the best model accuracy
instead of the averaged model accuracy, we use the
best model accuracy of ITA-All+CVA over 5 runs.
We also report our reproduced results of UMT, Rp-
BERT and UMGF on the corresponding datasets.
The results show that ITA-All+CVA outperforms
all of the previous approaches. On the SNAP
dataset, the reported accuracy of RpBERTbase is
competitive with ITA-All+CVA. However, we find
that the accuracy of our reproduced RpBERTbase

7

is significantly lower than the reported accuracy,
even after careful check of the source code and
hyper-parameter tuning. Moreover, the fact that
our BERT-CRF baseline achieves competitive ac-
curacy with previous state-of-the-art multi-modal
approaches shows that most of the previous work
has not fully explored the strength of the text repre-
sentations for the task.

7We reproduced the results based on the official
code for RpBERTbase: https://github.com/
Multimodal-NER/RpBERT

Approaches Twitter-15 Twitter-17
BERT-CRFUMT 71.81 83.44
BERT-CRFOurs 74.79 85.18

OUR REPRODUCTIONS
BERT-CRFUMT 71.74 84.20
BERT-CRFUMT-Improved 72.53 84.48
UMT 72.83 84.88
UMTImproved 72.96 84.50

Table 3: Our reproductions of previous baselines and
approaches. “Improved” means our improved models
based on the UMT code base.

Discussion about Textual Modules As we have
shown in Table 1 and 2, the textual baselines (i.e.
BERT-CRF) of previous work are significantly
lower than that of ours. In most of the previ-
ous MNER architectures, the textual modules are
mainly based on the baseline architectures with
some modifications. We further show the baselines
of previous work are not well-trained and how the
multi-modal approaches perform with stronger tex-
tual modules. In Table 3, we rerun the BERT-CRF
baseline based on the released codes of UMT8.
Based on the code of UMT, we tried to improve
the baseline models in the code by using the same
loss function as ours9. The accuracy of BERT-
CRF models in the code are significantly improved
but the UMT models based on the improved code
are not improved and even get worse in Twitter-
17. Therefore, we suspect the UMT model can-
not be further improved even with stronger textual
modules. Zhang et al. (2021a) also reported the
baseline based on the implementation of Yu et al.
(2020), so we suspect the UMGF model cannot
be improved as well. Therefore, the under-trained
textual baselines of previous work make the effec-
tiveness of the images unclear and we show that
some of the MNER models perform even weaker
than our BERT-CRF model.

3.3 Comparison with Other Variants

To further show the effectiveness of ITA, we per-
form several comparisons between ITA and the
following variants of the MNER model in Table 4:

ITA-Random: We generate random image-text
pairs for the model. For each sentence, we ran-
domly select the image in the dataset and generate
the corresponding visual contexts. The noises of
random visual contexts make the model accuracy

8https://github.com/jefferyYu/UMT
9The details are discussed in Appendix A.5
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Twitter-15 Twitter-17 SNAP

Approach
Eval Eval Eval

Modal Modal Modal
T I+T T I+T T I+T

ITA-Random - 74.67 - 84.98 - 85.82
ITA-GABU - 75.10 - 85.77 - 86.51
ITA-LABU - 75.18 - 85.59 -
ITA-OCAPaddle - 75.12 - 85.87 - 86.66
BERT-CRF+ImgFeat - 74.70 - 84.99 - 85.90
VinVL-CRF - 60.58 - 75.55 - 74.53
BERT+VinVL-CRF - 74.89 - 85.19 - 86.14
ITA-Joint 74.88 75.22 85.31 85.60 86.06 86.34

REFERENCES
RpBERT w/o Rp - 72.60 - - - 86.20
ITA-All+CVA 75.50 75.41 85.89 85.84 86.83 86.75

Table 4: A comparison of other variants of MNER mod-
els.

drop slightly comparing with our BERT-CRF base-
line, which shows the improvement of our approach
is from the visual contexts rather than extending
the input sequence length the embeddings.

ITA-Joint: It is an ablated model of ITA-
All+CVA. We train the ITA-All model for both input
views without the CVA loss in Eq. 5. The model
accuracy is improved moderately with only the T
input view while our ITA-All+CVA can improve
both input views significantly, which shows the
effectiveness of the CVA module of ITA.

ITA-LABU and ITA-GABU: We conduct experi-
ments to see how the accuracy changes when using
weaker image features. We use Bottom-Up features
proposed by Anderson et al. (2018) for object detec-
tion and image captioning. The captioning model is
a pretrained image captioning model10 proposed by
Luo et al. (2018) with the Bottom-Up features and
self-critical training (Rennie et al., 2017). Results
show that there is no significant difference between
the visual contexts from Bottom-Up features and
VinVL features. Therefore, our approaches can
utilize other off-the-shelf vision models to extract
visual contexts.

ITA-OCAPaddle: We conduct experiments to see
how the accuracy changes when using stronger
OCR models. We use PaddleOCR11 for the exper-
iment, which is one of the newest open resource
lightweight OCR system. Results show that the
model accuracy can be slightly improved compar-
ing with ITA-OCA, which shows the ITA models

10https://github.com/ruotianluo/
self-critical.pytorch

11https://github.com/PaddlePaddle/
PaddleOCR
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Figure 2: A relation between the number of captions
input to the MNER model and model accuracy. The
x-axis is the number of captions. The y-axis is the
averaged F1 score on the test set.

can be improved by using better OCR models.

BERT-CRF+ImgFeat: Instead of ITA, we can di-
rectly feed the image region features generated
from an object detector into the BERT. We use
ResNet-152 model to generate region features and
then feed the features into a linear layer to project
the region features into the same space of text
features in the BERT. Moreover, we compare the
model with RpBERT w/o Rp, which is an ablated
model of RpBERT and is equivalent to BERT-
CRF++ImgFeat over the usage of BERT embeddings.
Sun et al. (2021) showed RpBERT w/o Rp can
improve the model accuracy compared with their
baseline. However, our results show that the model
accuracy slightly drops comparing with our BERT-
CRF, which shows that it is difficult for the atten-
tion module of BERT to learn the relations of the
unaligned representations of two modalities.

VinVL-CRF: To show how the pretrained V+L
models perform on the NER task, we use VinVL
since it is a very recent state-of-the-art pretrained
V+L model on a lot of multi-modal tasks. We
feed the VinVL model with texts and images in the
MNER datasets and finetune the model over the
task. We take the text representations output from
VinVL as the input of the CRF layer. The accuracy
of the finetuned VinVL model drops significantly
compared to the BERT model, which shows that
the inductive bias of the pretrained V+L model
hurts the model accuracy on MNER.

BERT+VinVL-CRF: As the VinVL model may
lead to an inductive bias over the common nouns
and the image, we jointly finetune the BERT and
VinVL models and concatenate the output text rep-
resentations of the two models. The accuracy is
improved on a moderate scale, which shows BERT
is complementary to VinVL for MNER.
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Figure 3: Averaged L2 distance between the token rep-
resentations without image input (ri) and with image
input (r′i). The error bars mean the standard deviation
over 5 runs.

3.4 Analysis

Effect of the Number of Captions Using more
captions output from the captioning model can im-
prove diversities of the visual contexts but can add
noises to them as well. To better understand how
the number of captions affects the model accu-
racy, we change the beam size and keep all the
sentences output from the captioning model. The
trends in Figure 2 show that the model accuracy
increases until 5 captions for all the datasets and
gradually drops when the number of captions fur-
ther increases for Twitter-15 and 17 datasets. The
observation shows that using 5 captions keeps a
good balance between the diversities and correct-
ness of the captions.

How ITA Eases the Cross-Modal Alignments
Previous work such as Moon et al. (2018); Sun
et al. (2021) visualized modality attention in sev-
eral cases to show the effectiveness of their ap-
proaches. However, visualizing the multi-layer
attention in transformer-based embeddings is rela-
tively difficult. Instead of studying special cases,
we statistically calculate the averaged L2 distance
between token representations ri and r′i from two
input modalities to show how the token representa-
tions depend on image information. In Figure 3, the
L2 distance ITA-All is significantly larger than that
of BERT-CRF+ImgFeat. Besides, the standard
deviation of BERT-CRF+ImgFeat is very large.
The observations show the image region features
make the alignment become difficult and unstable
while our visual contexts can significantly ease the
cross-modal alignments. Moreover, with CVA, the
L2 distance becomes much smaller and stable as
CVA aligns the two input views to reduce the depen-
dence on images, which shows the MNER model
can better utilize the textual information with CVA.

How Images Affect the NER Prediction To
study the effectiveness of the images over each

label, we show a comparison between our model
and our baselines in Table 5. When the relative
improvement of the F1 score is larger than 0.5, the
relative improvement of precision is larger than that
of recall. The observation shows that the main im-
provement of MNER is mainly because the images
can help the model to reduce false-positive predic-
tions for disambiguation on uncertain entities.12

4 Related Work

Multi-modal Named Entity Recognition Most
of the previous approaches to MNER focus on
the interaction between image and text features
through attention mechanisms. Moon et al. (2018)
proposed a modality attention network to fuse the
text and image features before the input to the BiL-
STM layer. Lu et al. (2018) additionally used a
visual attention gate for the output features of the
BiLSTM layer. Zhang et al. (2018) proposed an
adaptive co-attention network after the BiLSTM
layer to model the interaction between image and
text. Recently, Wu et al. (2020) proposed OCSGA,
which use object labels to model the interaction
between image and object labels in an additional
dense co-attention layer. Compared with the work,
we show a simpler and more effective way to uti-
lize object labels and additionally use other align-
ment approaches to further improve the model ac-
curacy. Yu et al. (2020) proposed UMT, which
utilized a multi-modal interaction module and an
auxiliary entity span detection module for MNER.
Zhang et al. (2021a) proposed UMGF, which uti-
lizes a pretrained parser to create the graph connec-
tion between visual object tags and textual words.
They used a graph attention network to fuse the
textual and visual features. In order to better
model whether the image is related to the text, Sun
et al. (2021) proposed RpBERT, which addition-
ally trains on a text-image relation classification
dataset proposed by Vempala and Preoţiuc-Pietro
(2019) to prevent the negative effect of noisy im-
ages. Comparing with RpBERT, we use CVA to let
the NER model better utilize the input sentences
without such kinds of supervision. All of these
approaches focus on fusing the image and text fea-
tures through the attention mechanism but ignore
the gap between the image and text features while
we propose to fully utilize the attention mecha-
nism in the pretrained textual embeddings through

12In Appendix A.3, we show several cases to show the
effectiveness of ITA to affect NER prediction.
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LOC ORG PER OTHER
P R F1 P R F1 P R F1 P R F1

Twitter-15
BERT-CRF 80.0 83.8 81.8 65.9 61.0 63.3 84.2 86.8 85.4 44.2 44.2 44.1
ITA-All+CVA 81.1 84.2 82.6 68.8 60.6 64.4 84.0 87.2 85.6 44.9 44.6 44.8
∆ 1.1 0.4 0.8 2.8 -0.4 1.1 -0.2 0.4 0.1 0.8 0.5 0.6

Twitter-17
BERT-CRF 85.5 84.4 84.9 83.5 83.8 83.7 90.7 90.8 90.7 68.9 65.1 66.9
ITA-All+CVA 86.0 83.7 84.8 83.9 84.2 84.0 91.9 90.9 91.4 73.7 64.3 68.6
∆ 0.5 -0.7 -0.1 0.3 0.4 0.4 1.2 0.1 0.7 4.8 -0.8 1.7

SNAP
BERT-CRF 82.1 82.8 82.5 87.8 86.9 87.3 91.0 91.5 91.2 72.3 75.1 73.7
ITA-All+CVA 80.3 81.7 81.0 87.8 86.5 87.1 90.1 91.2 90.6 70.1 73.2 71.6
∆ 1.9 1.1 1.5 0.6 0.5 0.5 0.9 0.3 0.6 2.2 1.9 2.1

Table 5: A comparison between our ITA (ITA-All+CVA with I+T inputs) model and the baseline (BERT-CRF) in
precision (P), recall (R) and F1. ∆ represents the relevant improvement of ITA over the Baseline.

aligning image features into textual space. Besides,
some cross-media research also shows the effective-
ness of OCR texts (Chen et al., 2016; Wang et al.,
2020) and object tags (Wu et al., 2016) have been
shown. Most of the approaches introduced a new
attention module over cross-modal features while
in comparison ITA effectively utilizes the attention
module in the pretrained textual embeddings.

Pretrained Vision-Language Models Inspired
by related work on language model pretraining,
visual-language pretraining (VLP) has recently at-
tracted a lot of attention (Li et al., 2019; Lu et al.,
2019; Chen et al., 2020; Tan and Bansal, 2019; Li
et al., 2020a; Yu et al., 2021; Zhang et al., 2021b).
The pretrained V+L models are pretrained on large-
scale image-text pairs and have achieved state-of-
the-art accuracy over various vision-language tasks
such as image captioning, VQA, NLVR and image-
text retrieval. Recently, Li et al. (2020a) proposed
Oscar to add object tags in pretraining so that self-
attention can learn the image-text alignments easily.
Following Oscar, Zhang et al. (2021b) proposed
VinVL to train a large-scale object detector to im-
prove the pretrained V+L model’s accuracy. Com-
paring with VLP, MNER is a totally different task.
Firstly, the image-caption pairs are given in VLP
and the image and text are equally important in
pretraining for general representations. Therefore,
using global alignment is meaningless for VLP but
makes sense for MNER. In MNER, the input text
is not the caption of the image and the image may
not adds additional information to the input text.
Secondly, though captions and object tags are of-
ten utilized in VLP, how to effectively utilize the
captions and object tags of the image in MNER is
rarely considered. Finally, besides the local and

global alignments, another aspect of ITA is the op-
tical character alignment and cross-view alignment,
which is rarely considered in VLP.

5 Conclusion

In this paper, we propose Image-Text Alignments
for multi-modal named entity recognition, which
convert images into object labels, captions and
OCR texts to align the image representations into
textual space in a multi-level manner and form
a cross-modal input view. The model can effec-
tively utilize attention module of the transformer-
based embeddings. Considering noises, availability
of images and inference speed for practical use,
we propose cross-view alignment, which let the
MNER models better utilize the text information
in the input. In our experiments, we show that ITA
significantly outperforms previous state-of-the-art
approaches on MNER datasets. We also show that
most of the previous work failed to train a good
textual baseline while our textual baseline can eas-
ily match or even outperform previous multi-modal
approaches. In analysis, we further analyze how
ITA eases the cross-modal alignments and how the
images affect the NER prediction.
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A Appendix

A.1 Details of Experiment Settings

We run our code on Tesla V100 GPU with 16 GB
memory. It takes about two hours to train a model.
The size of model parameter is approximately equal
to size of BERT/XLMR embeddings.

A.2 Details of OCA

Table 6 shows that the OCR system only finds about
26% sentences have texts in the image and the
extracted texts have an average of 28 tokens. The
statistics show that ITA-OCA can help to improve
the model accuracy with only 26% of the samples
have OCR texts.

A.3 Case Study

Despite that images can generally help to improve
the accuracy of the NER model, there are a lot of
cases that the images may contain misleading infor-
mation to hurt the model prediction. We study two
cases for LA nad GA: 1) the entities are wrongly
predicted by BERT-CRF baseline but are correctly

predicted by ITA; 2) the entities are wrongly pre-
dicted by ITA without CVA but are correctly pre-
dicted by the baseline and ITA with CVA. Figure 4
shows the two cases with two samples for each.
Figure 4 (a) shows the first case, which shows
the importance of the visual contexts. The base-
line model failed to recognize the person entities
“TWICE” and “Harry Potter” possibly because the
two words are usually an adverb and a book name
respectively. For the I+T input view, our MNER
model is able to recognize the hints such as “two
girls”, “young girl”, “a couple of young men” and
“woman” in the visual contexts and then correctly
predict the two entities. Figure 4 (b) shows the
second case, which shows how the noises from the
image mislead the model predictions. There are
three- and two-person entities in gold labels but
the visual contexts indicate that the top right image
has “two baseball players” and the bottom right
image has only “a woman”. As a result, ITA with-
out CVA only predict two and one person entities
according to the visual contexts in the two sam-
ples respectively. However, with CVA, ITA takes
a good balance in utilizing the textual and visual
information and correctly predicts the entity labels
in both T and I+T input views.

For OCA, we study how the extracted texts can
help model prediction. In the upper sample of Fig-
ure 5, there are two “Donald” words in the image.
The baseline model failed to identify the latter one
while ITA-OCA can successfully identify both of
them. In the bottom of Figure 5, the texts in the im-
age are mainly talking about “HARRY STYLES”,
which helps the model prediction.

A.4 Discussion
In our paper, we use the captioning and object
detection model based on MSCOCO and visual
genome. The model performance could be im-
proved if we use domain-specific models (Twitter
domain). For OCA, the model accuracy may be
poor if the OCR system does not support a certain
language.

A.5 Loss Function Comparison with UMT
In the codes of UMT, the BERT embeddings tok-
enize the token in a sentence into subtokens. The
codes use the first subtoken as the token represen-
tation to predict the corresponding label. However,
for the other subtokens, the codes use a special
label “PAD” for prediction. Therefore, the target
labels are changed. For example, the original label
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(a) Importance of visual context (b) Importance of Cross-View Alignment

Text: TWICE go unnoticed in Times Square during " TT " cover 
performance
Captions: two girls posing for a picture in front of a crowd ...
Object Tags: young girl, white shirt, building,girl, eye ...

Gold Labels:        S-PER | B-LOC | E-LOC | S-MISC
Baseline:               | B-LOC | E-LOC | S-MISC
ITA-All:                         S-PER | B-LOC | E-LOC | S-MISC
ITA-All+CVA (T):  S-PER | B-LOC | E-LOC | S-MISC
ITA-All+CVA (I+T): S-PER | B-LOC | E-LOC | S-MISC

Text: This is what Harry Potter ' s grown - up family looks like
Captions: a couple of young men and a woman posing for a picture . ...
Object Tags: man, woman, black tie, man, glasses ...

Gold Labels:           B-PER | E-PER
Baseline:                   B-MISC | E-MISC
ITA-All :                        B-PER | E-PER
ITA-All+CVA (T): B-PER | E-PER
ITA-All+CVA (I+T): B-PER | E-PER

Text: NBA : Lakers should target LeBron Durant - Johnson . . .
Captions: two baseball players standing next to each other . ...
Object Tags: men, blue shirt, man, gray shirt, short hair ...

Gold Labels:        S-ORG | S-ORG | S-PER | S-PER | S-PER
Baseline:                   S-ORG | S-ORG | S-PER | S-PER | S-PER
ITA-All:                          S-ORG | S-ORG | S-PER | B-PER | I-PER | E-PER
ITA-All+CVA (T): S-ORG | S-ORG | S-PER | S-PER | S-PER
ITA-All+CVA (I+T): S-ORG | S-ORG | S-PER | S-PER | S-PER

Text: @ HoulsbyMark Mark , meet my niece , well known concert violinist
Captions: a woman in a white dress holding a violin ....
Object Tags: smiling women, black hair, open mouth, brown eye, face ...

Gold Labels:           S-PER | S-PER
Baseline:                   S-PER | S-PER
ITA-All:   B-PER | E-PER
ITA-All+CVA (T):       S-PER | S-PER
ITA-All+CVA (I+T):       S-PER | S-PER

Figure 4: Examples of the positive and negative effects of images. The named entities in the text are col-
ored. The wrongly predicted entities are marked in bold and colored in red. The missing entities are
marked with ✖. We use BIOES format to represent the label spans (https://en.wikipedia.org/wiki/
Inside-outside-beginning_(tagging))

Text: Who knew ? If you turned Donald Duck upside down , you get 
the other Donald .
OCR: Donald Donald

Gold Labels:                     B-MISC | E-MISC | S-PER
Baseline:                           B-MISC | E-MISC
ITA-OCA:                        B-MISC | E-MISC | S-PER

Text: RT THIS PLEASE FOR HARRY STYLES TIX , I ' LL LOVE YOU 
FOREVER PLEASE :( # HarryStylesMNL
OCR: x Or i OKAY SO ME AND MY MADE A BESTFRIEND RIGHT NOW 
SHE SAID STARTING TODAY SHE SAID BASE ON THE RTS | MEA 
CONCERT TIX FOR GET , SHE 'LL BUY HARYY STYLES CONCERTS 
HOLYSHIY @ @ TUE DEADLINE IS JUNE 17 PLEASE GUYS H ELP ME 
Y'ALL I 'M SO DESPERATE @ ) PLEASE PLEASE HELP ME YALL - @ 
hoelyqoddess|

Gold Labels:                     B-PER | E-PER
Baseline:                           NA
ITA-OCA:                        B-PER | E-PER

Figure 5: Examples of the positive effects of OCA. The named entities in the text are colored.
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Twitter-15 Twitter-17 SNAP
Num Sents w/ OCR / Total Sents 2,049 / 8,288 (24.72%) 1,197 / 4,461 (26.83%) 1,869 / 7,181 (26.03%)
Avg. Length 27.72 27.00 28.93

Table 6: A statistic about the number of sentences has OCR texts and the average length of OCR texts.

sequence is “B-X, I-X, O, B-X, O, O” but now it
becomes “B-X, PAD, PAD, I-X, O, B-X, O, PAD,
O”. As a result, the exact training objective changes
compared with the training objective in the paper
of UMT. We improve the code by removing all
the “PAD” labels and just use the first subtoken
of each token as the token representation. Our im-
proved baseline model is significantly improved,
while the accuracy of UMT model in the improved
code cannot be further improved.
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Abstract

Combination therapies have become the stan-
dard of care for diseases such as cancer, tu-
berculosis, malaria and HIV. However, the
combinatorial set of available multi-drug treat-
ments creates a challenge in identifying effec-
tive combination therapies available in a situ-
ation. To assist medical professionals in iden-
tifying beneficial drug-combinations, we con-
struct an expert-annotated dataset for extract-
ing information about the efficacy of drug com-
binations from the scientific literature. Beyond
its practical utility, the dataset also presents a
unique NLP challenge, as the first relation ex-
traction dataset consisting of variable-length
relations. Furthermore, the relations in this
dataset predominantly require language under-
standing beyond the sentence level, adding
to the challenge of this task. We provide a
promising baseline model and identify clear ar-
eas for further improvement. We release our
dataset,1 code,2 and baseline models3 publicly
to encourage the NLP community to partici-
pate in this task.

1 Introduction

“So far, many monotherapies have been tested, but
have been shown to have limited efficacy against
COVID-19. By contrast, combinational therapies
are emerging as a useful tool to treat SARS-CoV-2
infection.” (Ianevski et al., 2021).

Indeed, combining two or more drugs together
has proven to be useful for treatments of various
medical conditions, including cancer (DeVita et al.,
1975; Carew et al., 2008; Shuhendler et al., 2010),
AIDS (Bartlett et al., 2006), malaria (Eastman and

* Equal contribution.
1https://huggingface.co/datasets/

allenai/drug-combo-extraction
2https://github.com/allenai/

drug-combo-extraction
3https://huggingface.co/allenai/

drug-combo-classifier-pubmedbert-dapt

Fidock, 2009), tuberculosis (Bhusal et al., 2005),
hypertension (Rochlani et al., 2017) and COVID-
19 (Ianevski et al., 2020).

In this work, we examine the clinically signifi-
cant and challenging NLP task of extracting known
drug combinations from the scientific literature.
We present an expert-annotated dataset and base-
line models for this new task. Our dataset contains
1600 manually annotated abstracts, each mention-
ing between 2 and 15 drugs. 840 of these abstracts
describe one or more positive drug combinations,
varying in size from 2 to 11 drugs. The remaining
760 abstracts either contain mentions of drugs not
used in combination, or discuss combinations of
drugs that do not give a combined positive effect.

For the clinical setting, solving the drug com-
bination identification task can help researchers
suggest and validate complex treatment plans. For
example, when searching for effective treatments
for cancer, knowing which drugs interact synergisti-
cally with a first line treatment allows researchers to
suggest new treatment plans that can subsequently
be validated in-vivo and become a standard proto-
col (Wasserman et al., 2001; Katzir et al., 2019;
Ianevski et al., 2020; Niezni et al., 2022).

From an NLP perspective, the drug combination
identification task and dataset pushes the bound-
aries of relation extraction (RE) research, by in-
troducing a relation extraction task with several
challenging characteristics:
Variable-length n-ary relations Most work on re-
lation extraction is centered on binary relations
(e.g. Li et al. (2016), see full listing in §5), or
on n-ary relations with a fixed n (e.g. Peng et al.
(2017)). In contrast, the drug combination task
involves variable-length n-ary relations: different
passages discuss combinations of different num-
bers of drugs. For each subset of drugs mentioned
in a passage, the model must predict if they are used
together in a combination therapy and whether this
drug combination is effective.
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“We tried adding Nifedipine , as Labetalol combined to Prazosin did not reduce blood pressure.
OTHER_COMB

POS_COMB

Indeed, the addition produced a marked decrease in blood pressure. No reduction of urinary NA
excretion was observed in our patient during the addition of the Nifedipine therapy, suggesting
that the decrease in blood pressure was not caused by suppression of NA release from pheochromo-
cytoma tissue.”

“In Thailand , artesunate and artemether are the mainly used antimalarials for treatment of

NO_COMB

severe or multidrug resistant falciparum malaria .”

Figure 1: Examples of our label scheme. The top example contains two relations: a binary OTHER_COMB
relation and a ternary POS_COMB relation. The evidence required to annotate the latter relation is found in a
different sentence (highlighted). In the bottom example, each drug is described as a separate treatment rather than
a combination therapy.

No type hints As noted by Rosenman et al. (2020)
and Sabo et al. (2021), in many relation extraction
benchmarks (Han et al., 2018; Sabo et al., 2021;
Zhang et al., 2017), the argument types serve as
an effective clue. However, argument types do not
apply naturally to the drug combination task, in
which all possible relation arguments are entities
of the same type (drugs) and we need to identify
specific subsets of them.
Long range dependencies The information de-
scribing the efficacy of a combination is often
spread-out across multiple sentences. Indeed, our
annotators reported that for 67% of the instances,
the label could not be determined based on a single
sentence, requiring reasoning with a larger textual
context. Interestingly, our experiments show that
our models are not helped by the availability of
longer context, showing the limitations of current
standard modeling approaches. This suggests our
dataset can be a test-bed for models that attempt to
incorporate longer context.
Challenging inferences As we show in our qualita-
tive analysis (§4.2), instances in this dataset require
processing a range of phenomena, including coordi-
nation, numerical reasoning, and world knowledge.

We hope that by releasing this dataset we will
encourage NLP researchers to engage in this impor-
tant clinical task, while also pushing the boundaries
of relation extraction.

2 The Drug Combinations Dataset

A set of drugs in a biomedical abstract are classi-
fied to one of the following labels:

Positive combination (POS_COMB): the sen-
tence indicates the drugs are used in combination,
and the passage suggests that the combination has
additive, synergistic, or otherwise beneficial effects
which warrant further study.

Non-positive combination (OTHER_COMB):
the sentence indicates the drugs are used in com-
bination, but there is no evidence in the passage
that the effect is positive (it is either negative or
undetermined).4

Not a combination (NO_COMB): the sentence
does not state that the given drugs are used in com-
bination, even if a combination is indicated some-
where else in the wider context. An example is
given in the lower half of Figure 1, where each of
the drugs Artesunate and Artemether is given in
isolation, and no combination is reported.

Our primary interest is to identify sets of drugs
that are positive combinations.

2.1 Relevant Context Size for Classifying
Drug Combinations

When formulating the extraction task and design-
ing our data collection methodology, we first an-
alyzed the locality of the phenomenon: to what
extent are drug combinations are expressed in a
single sentence, or is a larger context is needed?
We sampled 275 abstracts that contained known

4We also experimented with another label for combinations
that are discouraged (antagonistic, harmful or not effective).
The agreement for this label was low, leading us to keep it as
a subset of OTHER_COMB.
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drug combinations according to DrugComboDB.5

Analysis showed that 51% of these abstracts men-
tioned attempted drug combinations. In 97% of the
abstracts containing drug combinations, all partic-
ipating drugs in the attempted combination could
be located within a single sentence in the abstract
(for an example, see the OTHER_COMB relation
in Figure 1). However, establishing the efficacy
of the combination frequently required a larger
context (such as the context accompanying the
POS_COMB relation in Figure 1).

2.2 Task Definition
We define each instance in the Drug Combination
Extraction (DCE) task to consist of a sentence, drug
mentions within the sentence, and an enclosing
context (e.g. paragraph or abstract).

The output of the task is a set of relations, each
consisting of a set of participating drug spans and
a relation label (POS_COMB or OTHER_COMB).
Each subset of drug mentions not included in the
output set is implicitly considered to have relation
label NO_COMB.

More formally, DCE is the task of labeling an
instance X = {C, i,D} with a set of relation in-
stances R, where C = (S1, ...Sn) is an ordered list
of context sentences (e.g. all the sentences in an ab-
stract or paragraph), 1 ≤ i ≤ n is an index of a tar-
get sentence Si = (w1, ..., wn(i)) with n(i) words,
and D = {(d1start, d1end), ..., (dmstart, dmend)}
is a set of m >= 2 spans of drug mentions in
S. The output is a set R = {(ci, yi)} where
ci ∈ P(D) is a drug combination from P(D),
the set of all possible drug combinations, and
yi ∈ {POS_COMB,OTHER_COMB} is a com-
bination label.

2.3 Evaluation Metric
We consider two settings: “Exact Match”, a strict
version which considers identifying exact drug
combinations, and “Partial Match”, a more relaxed
version which assigns partial credits to correctly
identified subsets.

We use standard precision, recall and F1
metrics for both settings. For the partial-match
case, we replace the binary 0 or 1 score for
a given combination with a refined score:
shared_drugs/total_drugs. If there are multiple
partial matches with gold relations, we take the

5We used Syner&Antag_voting.csv taken from
http://drugcombdb.denglab.org/download/
and ranked according to the Voting metric.

one with maximum overlap. We compute recall as
identified_relations/all_gold_relations,
and precision as
correct_relations/identified_relations.

We consider two metrics, the averaged Pos-
itive Combination F1 score which compares
POS_COMB to the rest, and the averaged Any
Combination F1 score which counts correct predic-
tions for any combination label (POS or OTHER)
as opposed to NO_COMB. The latter is an easier
task, but still valuable for identifying drug combi-
nations irrespective of their efficacy.

2.4 Collecting Data for Annotation

To collect data for annotation we curated a list of
2411 drugs from DrugBank 6 and sampled from
PubMed a set of sentences which mention 2 or
more drugs. Analysis of the first 50 sentences from
this sample showed that only 8/50 of the sentences
included mentions of drug combinations. This
meant that annotating the full sample will be costly,
and will result in a dataset that’s highly skewed
toward relatively trivial NO_COMB instances.

We therefore repeated this experiment, sampling
sentences whose PubMed abstract included a trig-
ger phrase.7 48% of 50 sampled sentences included
mentions of drug combinations. Evaluating the
coverage of the trigger list against a new sample of
abstracts with known drug combinations showed
that 90% of these new abstracts included one of
the trigger words. This suggests our trigger list
is useful for fetching label-balanced data, without
prohibitively restricting coverage and diversity.

Accordingly, we collected the majority of in-
stances for annotation, 90%, using a basic search
for sentences that contain at least two different
drugs and whose abstract contains one of the trigger
phrases. To overcome the lexical restrictions im-
posed by our trigger list, we sample the remaining
10% of instances using distant supervision: fetch-

6Curation included downloading a premade drug list from
DrugBank’s website, while removing non pharmacological
intervention such as Vitamins and Supplements. The later we
got from the FDA orange book.

7Triggers were selected by manually identifying words
and phrases which frequently appear in abstracts mentioning
drug combinations. These are phrases like “combination”,
“followed by”, “prior to”, etc. (see full list in Appendix A.3).
The triggers are recall oriented, so while a presence of a trigger
increases the chances that an abstract mentions a drug combi-
nation, it is definitely not clearly indicative. Importantly, since
we’re dealing with a wide context, the presence of a trigger in
an abstract which includes multiple drugs does not mean the
trigger is related to the drugs.
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Figure 2: Illustration of the data construction process. First we construct the required knowledge resources. Then,
we collect data using SPIKE –an extractive search tool– over the PubMed database. The train and test sets were
annotated using Prodigy over the curated data. For test data, we collected two annotations for each sample, and
then had a domain expert resolve annotation disagreements.

ing sentences containing pairs of drugs known to be
synergistic according DrugComboDB, but whose
abstract does not include one of our trigger phrases.
All data collecting queries were performed using
the SPIKE Extractive Search tool (Shlain et al.,
2020; Taub-Tabib et al., 2020). The process is il-
lustrated at the top of Figure 2.

2.5 The Annotation Process

Seven graduate students in biomedical engineer-
ing took part in the annotation task. The students
all completed a course in combination therapies
for cancer and were supervised by a principled re-
searcher with expertise in this field.

We provided the participants with annotation
guidelines which specified how the annotation pro-
cess should be carried out (see Appendix A.1) and
conducted an initial meeting where we reviewed
the guidelines with the group and discussed some
of the examples together.

Each of the participants had access to a separate
instance of the Prodigy annotation tool (Montani
and Honnibal, 2018), pre-loaded with the candidate
annotation instances. Once a session starts, the
instances (containing of a sentence with marked
drug entities, and its context) appear in a sequential
manner, with no time limit. For each instance we
instructed the annotators to mark all subsets of
drugs that participated in a combination, and for
each subset to indicate its label (POS_COMB or

Metric Partial Match Exact Match
Avg. Any Combination F1 88.9 86.1

Avg. Positive Combination F1 83.4 79.6

Table 1: Agreement scores using our adaptation of F1
score to allow for partial-match.

OTHER_COMB). Moreover, we instructed them
to indicate whether the context was needed in order
to determine the positive efficacy of the relation.

Despite the considerable time required for expert
annotation, we collected annotations for 1634 pas-
sages. Among these, 272 were assigned to at least
two annotators. After further arbitration by the lead
researcher, these were used for the test set. The
process is illustrated in the bottom part of Figure 2.

2.6 Inter-annotator Agreement

During the course of the task we calculated inter-
annotator agreement multiple times to identify
cases of disagreement and provide feedback to an-
notators. Each time, a set of 25 instances were
randomly selected and assigned to all annotators.
Agreement was calculated based on a pairwise F1
measure (with some modifications as described in
§2.3) and averaged over all pairs of annotators (see
discussion of alternative metrics in Appendix A.2).

Final agreement numbers, in Table 1, are satis-
factory (Aroyo and Welty, 2013; Araki et al., 2018).
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Contextualized Embedding

"[...] of protein kinase C-alpha. This study evaluated the response rate of the combination therapy of 
<<m>>  aprinocarsen <</m>> , <<m>>  gemcitabine <</m>> , and <<m>>  carboplatin <</m>> in 
previously untreated patients with advanced non-small cell lung cancer…    [200 tokens later] … 
However, this combination resulted in severe thrombocytopenia in the majority of patients."

Feedforward OTHER_COMB

Figure 3: Our baseline architecture, adapted from the PURE model (Zhong and Chen, 2021)

2.7 Resulting Dataset
The dataset consists of 1634 annotated abstracts,8

split into 1362 train and 272 test instances. These
include 1248 relations; 838 are POS_COMB and
410 are OTHER_COMB (with the same label ratio
in the train and test sets). 591 sentences contain no
drug combination, 877 contain one relation (either
POS_COMB or OTHER_COMB), and 166 con-
tain two or more different combinations. Among
annotated relations, 900 are binary, 226 are 3-ary,
69 are 4-ary, and 53 are 5-ary or more.

For each instance in the resulting dataset we
include the context-required indication provided
by the annotators. In 835 out of 1248 relations the
annotator marked the context as needed which is
67% of the time, showing the importance of the
context in the DCE task.

3 Experiments

3.1 Baseline Model Architecture
We establish a baseline model to measure the diffi-
culty of our dataset and reveal areas for improve-
ment. For our underlying baseline model architec-
ture, we adopt the PURE architecture from Zhong
and Chen (2021), which is state-of-the-art on sev-
eral relation classification benchmarks, including
the SciERC binary scientific RE dataset (Luan
et al., 2018). The PURE architecture, designed
for 2-ary and 3-ary relation extraction, consists of
three components. First, special “entity marker"
tokens are inserted around all entities in a candidate
relation. Next, these marker tokens are encoded

8This is a similar size to existing human-labeled biomedi-
cal relation extraction datasets, such as BioCreative V CDR
(Li et al., 2016), which has 1500 abstracts annotated, BioCre-
ative VI (Krallinger et al., 2017), which has 2432 abstracts,
and DDI (Herrero-Zazo et al., 2013), which has 714 abstracts.

with a contextualized embedding model. Finally,
the entity marker embeddings are concatenated and
fed to a feedforward layer for prediction.

Unlike the original PURE architecture, we con-
sider the more challenging case of extracting rela-
tions of variable arity. To support this setting, we
average the entity marker tokens in a relation rather
than concatenate. The final baseline model architec-
ture is shown in Figure 3. For the contextual embed-
ding component of this architecture, we experiment
with four different pretrained scientific language
understanding models (SciBERT (Beltagy et al.,
2019), BlueBERT (Peng et al., 2019), Pubmed-
BERT (Gu et al., 2020), and BioBERT (Lee et al.,
2020)). During training, we only finetune the final
*BERT layer. We train each model architecture
for 10 epochs on a single NVIDIA Tesla T4 GPU
with 15GB of GPU memory, which takes roughly
7 hours to train for each model.

To our knowledge, there are no other models
designed for variable-length N -ary relation extrac-
tion, so we consider no other baselines.

3.2 Domain-Adaptive Pretraining

Our baseline model architecture relies heavily on
a pretrained contextual embedding model to pro-
vide discriminative features to the relation classifier.
Gururangan et al. (2020) showed that continued
domain-adaptive pretraining almost always leads
to significantly improved downstream task perfor-
mance. Following this paradigm, we performed
continued domain-adaptive pretraining (“DAPT”)
on our contextual embedding models.

We acquired in-domain pretraining data using
the same procedure used to collect data for anno-
tation: running a SPIKE query against PubMed
to find abstracts containing multiple drug names
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Model Positive Combination F1 Any Combination F1
Exact Match Partial Match Exact Match Partial Match

Human-Level 79.6 83.4 86.1 88.9

Rule-based 31.8 45.6 39.1 57.4

SciBERT 44.6 (± 4.6) 55.0 (± 5.9) 50.2 (± 1.9) 63.6 (± 2.7)
w/ DAPT 54.8 (± 3.2) 63.6 (± 2.0) 61.8 (± 2.7) 72.8 (± 2.1)

BlueBERT 41.2 (± 4.8) 51.7 (± 6.0) 47.3 (± 4.2) 59.9 (± 6.2)
w/ DAPT 56.6 (± 2.3) 63.5 (± 3.1) 64.2 (± 2.6) 74.7 (± 2.7)

PubmedBERT 50.7 (± 5.5) 59.6 (± 5.8) 55.9 (± 3.2) 66.7 (± 3.8)
w/ DAPT 61.8 (± 5.1) 67.7 (± 4.8) 69.4 (± 1.7) 77.5 (± 2.2)

BioBERT 45.4 (± 3.7) 55.8 (± 2.2) 46.7 (± 3.6) 58.3 (± 5.1)
w/ DAPT 56.0 (± 6.5) 63.5 (± 7.5) 65.6 (± 1.8) 75.7 (± 2.2)

Table 2: Comparing different foundation models (with and without continued domain-adaptive pretraining) on
Exact-Match and Partial-Match relation extraction metrics. Mean score from 4 different random seeds is reported,
and standard deviation is computed across seeds.

and a “trigger phrase" (from the list in Appendix
A.3). This query resulted in 190K unique ab-
stracts. We do not include any paragraphs from
our annotated dataset. We then perform domain-
adaptive training against this dataset using the
Hugging Face Transformers library. We
train for 10 epochs using a learning rate of 5e-4,
finetuning all *BERT layers and using the same
optimization parameters specified by Gururangan
et al. (2020). This pretraining took roughly 8 hours
using four 15GB NVIDIA Tesla T4 GPUs.

3.3 Relation Prediction

To apply the model to drug combination extraction,
we reduce the RE task to an RC task by consider-
ing all subsets of drug combinations in a sentence,
treating each one as a separate classification input,
and combining the predictions.

This poses two challenges: there may be a large
number of candidate relations for a given document,
and each relation is classified independently despite
the combinatorial structure. To handle these issues,
we use a greedy heuristic of choosing the smallest
set of disjoint relations whose union covers as many
drug entities as possible in the sentence. We do
this iteratively: at each step, we choose the largest
predicted relation that does not contain any drugs
found in the relations chosen at previous iterations.

This greedy heuristic favors large (high arity)
relations. Nonetheless, we empirically find this
method is helpful for extracting high-precision
drug combinations from our model architecture.

3.4 Rule-based baseline

To further validate that the trigger words do not in-
troduce bias to our task, we consider an additional

baseline based on the following rule: if a trigger
word is found in the same sentence with multiple
drugs, this set of drugs is tagged as POS_COMB.

4 Results

4.1 Effect of Pretrained LMs and
Domain-Adaptive Pretraining

We show results of our baseline model architec-
tures in Table 2. For each model, we report the
mean and standard deviation of each metric over
four identical models trained with different seeds.9

Among the four base scientific language under-
standing models in our experiments, we observe
PubmedBERT to be the strongest on every metric.
We additionally find that domain-adaptive pretrain-
ing provides significantly improvements for every
base model, consistently giving 5-10 points of im-
provement on Positive Combination F1 score. The
value of domain-adaptive pretraining supports our
observation that encoding domain knowledge is
critical to solving this new task.

The rule-based approach underperformed all
learned models (30 F1 points under our strongest
model, PubmedBERT-DAPT). This shows this task
cannot be reduced to keyword identification.

4.2 Qualitative Error Analysis
We identify classes of challenges that make this
task difficult, both in terms of human annotation
and machine prediction.

Coordination Ambiguity: A known linguistic
challenge is the ambiguity that stems from vague
coordination. In cases where explicit combination
words (e.g. combination, plus, together with, etc)

9Seeds used are 2021, 2022, 2023, and 2024
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Model Positive Combination F1 Any Combination F1
Exact Match Partial Match Exact Match Partial Match

No Extra-sentential Context 63.4 (± 0.6) 68.5 (± 1.1) 69.7 (± 1.3) 76.8 (± 1.7)
1 Sentence of Context 63.9 (± 2.3) 69.4 (± 3.5) 71.9 (± 1.1) 78.6 (± 1.8)
2 Sentences of Context 61.9 (± 9.0) 67.6 (± 9.2) 70.1 (± 2.3) 77.9 (± 1.3)
3 Sentences of Context 65.2 (± 2.3) 72.4 (± 1.3) 70.8 (± 1.7) 78.7 (± 1.2)

Table 3: The effect of extra-sentential context on model performance. n sentences are included on each side of the
relation-bearing sentence. Mean and standard deviation of each metric are reported over 4 different random seeds.

are not used, it may be unclear whether two drugs
are being used together or separately. For example
in “These findings may help clinicians identify pa-
tients for whom acamprosate and naltrexone may
be most beneficial” it is unclear if acamprosate and
naltrexone are being described in combination or
as independent treatments, leading to either a POS
label for the former or NO_COMB for the latter.

Numerical and Relative Reasoning: In some
cases, the effect of a treatment is described in rel-
ative or numerical terms, rather than an absolute
claim. Consider the example, “The infection rate
in the control group was 3.5% and in the treated
group 0.5%.”. Here, the reader must compare the
control vs experimental groups and deduce that the
experimental outcome is positive, because the treat-
ment yields a lower infection rate.

Domain Knowledge: Similarly, classifying rela-
tions in this dataset may require an understand-
ing of domain knowledge. In “Growth inhibition
and apoptosis were significantly higher in BxPC-3,
HPAC, and PANC-1 cells treated with celecoxib
and erlotinib than cells treated with either cele-
coxib or erlotinib”, one must understand that hav-
ing higher values of Growth inhibition and apopto-
sis in specific cells is a positive outcome, in order
to classify this combination as positive.

Context related Complications: The following
are kinds of complications found when the evi-
dence lies in the wider part of the context.

Coreference: Anaphoric or coreferential reasoning
is sometimes needed to understand the efficacy of
the combination e.g. “it was demonstrated that
they could be combined with acceptable toxicity.”.

Contradicting Evidence: the reader often must in-
fer a conclusion given opposing claims within a
given abstract. This can happen as combinations
can be referred as e.g. toxic but effective.

Long Distance: The target sentence can be far—up
to 41 sentences apart—from the evidence sentence,

making it difficult for even humans to process.

4.3 Quantitative Error Analysis

To probe this task, we analyze the performance
of our strongest model—the one using a Pubmed-
BERT base model tuned with domain-adaptive
pretraining—along different partitions of test data.
We trained with four random seeds and perform
comparisons using a paired multi-bootstrap hypoth-
esis test where bootstrap samples are generated by
sampling hierarchically over the four random seeds
and the subsets of the test set (Sellam et al., 2021).
We use 1000 bootstrap samples in each test.

4.3.1 Do models leverage context effectively?

Each relation in our dataset consists of entities con-
tained within a single sentence, but labeling the
relation frequently requires extra-sentential con-
text to make a decision. In our dataset, annota-
tors record whether or not each relation requires
paragraph-level context to label, reporting that 67%
of drug combinations required context to annotate.

To understand the extent that models make use
of paragraph-level context, we trained and evalu-
ated our PubmedBERT-based model using varying
amounts of extra-sentential context around the sen-
tence containing drug entities. In Table 3, we see
that adding context provides nearly identical perfor-
mance to training a model with no extra-sentential
context at all, with differences rarely exceeding one
standard deviation of F1 score.

However, we see increased variability in “Pos-
itive Combination F1” performance when extra-
sentential context is used. To explain this, recall
from §2.1 that determining the efficacy of a drug
combination often requires paragraph-level context
for annotators, while identifying any combination
usually requires no context. From qualitative analy-
sis of attention maps, we observed that our models
are not able to consistently identify the salient parts
of paragraph-level context, potentially causing in-
stability with larger inputs.
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Figure 4: Comparing models performance on binary
vs higher-order N -ary relations, averaged over 4 seeds
of the PubmedBERT-DAPT model. No consistent sig-
nificant differences were observed; p-values for these
comparisons are 0.456, 0.149, 0.240, and 0.276.
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Figure 5: Comparing relation extraction on test set drug
combinations that are observed in the training set or not,
using the PubmedBERT-DAPT model. Paired multi-
bootstrap test p-values for these four comparisons are
0.262, 0.025, 0.103, and 0.009, respectively.

These results suggest ample room for improve-
ment in extracting document-level evidence. This
makes our dataset a potentially useful benchmark
for document-level language understanding.

4.3.2 Binary vs. higher-arity relations
Given that our dataset is the first relation extrac-
tion dataset with variable-arity relations, do higher-
order relations pose a particular challenge for our
models? To answer this, we separate all predicted
and ground truth relations for the test set into bi-
nary relations and higher-arity relations. We then
report precision among each subset of predicted
relations and recall among each subset of ground
truth relations. We perform this experiment across
four different model seeds, and report results in
aggregate using a paired multi-bootstrap procedure.
In the results in Figure 4, we see no consistent sig-
nificant differences between models of different
arities, suggesting that our technique of computing
relation representations by averaging entity repre-
sentations scales well to higher-order relations.

4.3.3 Generalizing to new drug combinations
How well can relation extraction models classify
drug combinations not seen during training? Sim-

ilar to the setup in §4.3.2, we divide all predicted
and ground truth relations for the test set into the
set of drug combinations which are also annotated
in our training set, and the set that have not been. In
our dataset, over 80% of annotated test set relations
are not found in the training set.

In Figure 5, performance is consistently better
for relations observed in the training set than for
unseen relations, by a margin of 10-15 points. Re-
call, in particular, is significantly worse for rela-
tions unseen during training (at 95% confidence),
and precision is potentially also worse. Consider-
ing that unseen drug combinations are practically
more valuable than already-known combinations,
improving generalization to new combinations is a
critical area of improvement for this task.

5 Related Work

The DDI dataset (Herrero-Zazo et al., 2013) is the
only work to our knowledge that annotates drug
interactions for text mining. However, it funda-
mentally differs from our dataset in the type of
annotations provided: the DDI annotates the type
of discourse context in which a drug combination is
mentioned, without providing explicit information
about combination efficacy. In contrast, our dataset
is focused on semantically classifying the efficacy
of drug combinations as stated in text.

Other RE datasets exist in the biomedical field
(Peng et al., 2017; Li et al., 2016; Wu et al., 2019;
Krallinger et al., 2017), but do not focus on drug
combinations. Similarly, several RE datasets tackle
the N -arity problem in the scientific domain (Peng
et al., 2017; Jain et al., 2020; Kardas et al., 2020;
Hou et al., 2019), and in the non-scientific domain
(Akimoto et al., 2019; Nguyen et al., 2016), how-
ever, all of them consider a fixed choice of N .

6 Conclusions

We present a new resource for drug combination
and efficacy identification. We establish baseline
models that achieve promising results but reveal
clear areas for improvement. Beyond the imme-
diate, application-ready value of this task, this
task poses unique relation extraction challenges
as the first dataset containing variable-arity rela-
tions. We also highlight challenges with document-
level representation learning and incorporating do-
main knowledge. We encourage others to partici-
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pate in this task. Our processed dataset10 and best
baseline model11 are available on Hugging Face,
and our model training code is available to the
public at https://github.com/allenai/
drug-combo-extraction.
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A Appendices

A.1 Annotation Guidelines

Figure 6: Annotation instance in the Prodigy environment. The screen is constructed of the sentence where they
should mark relations, a button to show the full context and a selection per relation to indicate the necessity of the
context.

For this task we recruited 7 annotators all studying for advanced degrees in biomedical engineering. The
annotators were payed by their advisor, an amount that is standard for annotation projects in their country
of residence. All participating annotators were provided with annotation guidelines. The guidelines
specified how the annotation process should be carried out and provided definitions and examples for the
different labels used. As the task progressed, the guidelines were also expanded to include discussion of
frequently encountered issues.

For a given instance, such as presented in the top of Figure 6 the annotator needs to first recognize any
missing drugs and mark them, and then label any interactions they find among the drugs. In case they need
to consult a wider context they can press on a ‘show more context’ button and a text box with the wider
context will appear. This context can be again hidden by clicking the same button if needed. Lastly, in the
bottom of the sample page, we present a table with questions regarding the necessity of using the context.

Then the annotator should decide if they need to ignore the current sample or to complete the current
instance and accept it, by pressing the accept and ignore buttons.

The annotators are instructed as follows. They should read the sentence carefully, and try to answer a
two phase question to themselves. First, if the drugs are mentioned in any form of combination or they
should be given separately. Second, if indeed the annotator recognized the drugs as a combination can
they determine the efficacy of the combination by the sole sentence.

In case they can not determine the efficacy they are instructed to press on the ‘get more context’ button
and read the entire context in order to determine what is the correct efficacy. If after reading the context
they can still not determine the efficacy then the label of the interaction should be OTHER_COMB (aside
from negative label experimentation mentioned in Footnote 4). Otherwise it should be POS_COMB. In
case that they recognized that there is no combination between the drugs in the sentence then they should
not use any label and simply accept the current instance. Then they should answer the context related
questions for the POS_COMB label in order to signal if the context was needed.

While reading the sentence if the annotators find unmarked drugs they can mark them before continuing
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to the interaction-labeling phase and treat them the same as the other drugs, but, it is not required to mark
a word as drug in order to use it in an interaction. If a drug is marked in a wrong manner they should try
and fix it, e.g. the span of the drug is incorrect.

In order to achieve more consistent and accurate annotations, they are also instructed to annotate all the
interactions that they can find in a given sentence. They should always use the accept button even if there
are no interactions in the sentence. Only in cases where they want to skip a sentence (e.g. when there
is an inherent problem with it) or leave it for a future discussion they should use the ignore button. An
interaction can occur between more than two drugs, if so they should notice that they don’t need each
pair from this group to have a marked interaction, as long as they all connect to the same graph. e.g.
“Drugs A, B and C are synergistic.” connecting A to B and B to C is sufficient, no need to connect drug
A to drug C. Each interaction should be marked with a different tag (POS_COMB1, POS_COMB2...,
OTHER_COMB1, OTHER_COMB2...).

A.2 Evaluation Metric Discussion

For measuring the agreement, we chose to use our adaptation of F1 score and not other common metrics
such as Cohen’s Kappa (Cohen, 1960) or one of its variations (e.g. Feliss’s Kappa (Fleiss, 1971) and
Krippendorf’s Alpha (Hayes and Krippendorff, 2007)). These metrics expect a setup where the relation
candidates are already marked and the task is only to label them – a labeling task and not an extraction
task. This causes two problems, one is that they inherently do not need to handle a partial match. So if
for example there are three drugs in a sentence, the first annotator annotated a relation between drugs
A and B, while a second annotator annotated the same relation between drugs A, B and C. So we will
either underestimate or overestimate their agreement score if we considered this a mismatch or a match
respectively. Moreover, their calculations depend on the hypothetical agreement by chance normalization
factor, but this will not reflect the difficulty of random choosing in our setup as they ignore the size of the
combinatorial set of relation candidates we can possibly have.

A.3 Trigger List
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Figure 7: Abstracts percentage including each trigger word (1634 abstracts included; 44 words in the full word list;
Words <1% were neglected from the figure.
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In Figure 7 we show the triggers that we used in the Spike queries. We show the percentage of abstracts
that included each trigger (others under 1%: conjunction, two-drug, first choice, additivity, combinational,
synergetic, simultaneously with, supra-additive, five-drug, combinatory, over-additive, timed-sequential,
co-blister, super-additive, synergisms, synergic, synergistical, less-than-additive, greater-than-additive,
additivesynergistic, supraadditive, superadditive, overadditive, subadditive, first-choice, 2-drug, sub-
additive, more-than-additive, 3-drug).
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Abstract

In the age of large transformer language mod-
els, linguistic evaluation play an important role
in diagnosing models’ abilities and limitations
on natural language understanding. However,
current evaluation methods show some signif-
icant shortcomings. In particular, they do not
provide insight into how well a language model
captures distinct linguistic skills essential for
language understanding and reasoning. Thus
they fail to effectively map out the aspects of
language understanding that remain challeng-
ing to existing models, which makes it hard to
discover potential limitations in models and
datasets. In this paper, we introduce CUR-
RICULUM as a new format of NLI benchmark
for evaluation of broad-coverage linguistic phe-
nomena. CURRICULUM contains a collection
of datasets that covers 36 types of major linguis-
tic phenomena and an evaluation procedure for
diagnosing how well a language model captures
reasoning skills for distinct types of linguis-
tic phenomena. We show that this linguistic-
phenomena-driven benchmark can serve as an
effective tool for diagnosing model behavior
and verifying model learning quality. In addi-
tion, our experiments provide insight into the
limitation of existing benchmark datasets and
state-of-the-art models that may encourage fu-
ture research on re-designing datasets, model
architectures, and learning objectives. 1.

1 Introduction

With the rising power of pre-trained language mod-
els, large-scale benchmarks serve as an important
factor driving the future progress of NLP. These
benchmarks can provide a tool for analyzing the
strengths and weaknesses of pre-trained language
models. In recent years, many benchmarks (Wang
et al., 2019, 2020; Rajpurkar et al., 2018) have
been proposed that offer a diverse set of evaluation
objectives. However, recent criticisms have been

1Our code and data are publicly available at https://github.
com/eric11eca/curriculum-ling

Figure 1: We propose a broad-coverage diagnostic
benchmark for linguistic-phenomena-driven evaluation.
Our benchmark includes both a dataset collection and an
evaluation procedure for evaluating model performance
and diagnosing linguistic skills captured by a model.
We evaluate models fine-tuned on large NLI datasets
through four types of diagnostic tests: zero-shot, inocu-
lation, hypothesis-only, and cross-distribution.

made that these benchmarks fail to serve as effec-
tive measures of progress in machine learning (Raji
et al., 2021). In particular, the task design does not
formulate specific linguistic skills required for un-
derstanding. They lack the effectiveness in helping
researchers understand how certain systems or mod-
els work and how they fail. Although many state-
of-the-art language models have shown impressive
performance on these common benchmarks, their
performance degrades considerably on adversarial
or out-of-distribution samples (Bras et al., 2020).
The performance drop shows that models may not
be learning the required linguistic skills for solving
the tasks of these benchmarks but exploit spurious
dataset biases (Poliak et al., 2018b). Overall, the
current benchmark format seems to be more like
a contest than a tool that can explain how well a
language model captures distinct linguistic skills
essential to language understanding and reasoning.

In this paper, we propose a new form of bench-
mark that serves as a diagnostic evaluation tool for
analyzing model linguistic skills. We present CUR-
RICULUM benchmark: a framework for diagnosing
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neural language models through broad-coverage
linguistic phenomena. Our benchmark includes (1)
a large-scale collection of natural language infer-
ence (NLI) datasets covering 36 linguistic phenom-
ena and (2) an evaluation procedure for probing
and evaluating how well a language model captures
reasoning skills for distinct types of linguistic phe-
nomena. Targeted linguistic phenomena in CUR-
RICULUM range from fundamental properties like
named entity and coreference to complex ones like
commonsense and deductive reasoning. With the
CURRICULUM benchmark, we aim to investigate
the following research questions:

• Q1: Do language models trained on benchmark
datasets have the ability to reason over a wide
range of linguistic phenomena?

• Q2: Are linguistic phenomena missing from
the training data recoverable through inoculation
(i.e., continuing to train models on a small sam-
ple of examples) (Liu et al., 2019a)?

• Q3: Do language models learn a general reason-
ing skill of a phenomenon through inoculation?

To address the above questions, we empirically an-
alyze NLI models trained on popular benchmark
datasets through a pipeline of evaluations that in-
cludes: a zero-shot diagnostic test, inoculation re-
training, hypothesis-only sanity check, and cross
cross-distribution generalization tests.

For Q1, we observe that models trained on
benchmark datasets, including adversarial data, do
not have the reasoning ability for a large set of lin-
guistic phenomena. Our results show that training
on more datasets can help the model learn more
types of reasoning but does not help the model ac-
quire complex reasoning skills such as deductive
and commonsense reasoning. Our benchmark ex-
poses multiple knowledge gaps in large NLI mod-
els regarding diverse linguistic phenomena, particu-
larly in the categories of commonsense and compre-
hension. For Q2, our analysis provides empirical
evidence that exposes the lack of recoverable lin-
guistic phenomena in benchmark datasets and mod-
els’ inability to learn certain linguistic phenomena.
We also show that, on some phenomena, models
may rely heavily on spurious dataset bias existing
in the hypothesis to reach high accuracy. For Q3,
Our experiments show that models can adapt be-
tween distributions with different difficulties only
on 22.2% of the phenomena such as Boolean, con-
ditional, and comparative logic. In the majority
(58.3 %) of the phenomena, models fail to gen-

eralize when the difficulties of the train and test
distributions are different, for example, relational
knowledge, puns, and contextual commonsense
reasoning. A model’s learning performance may
not align with its generalization ability, suggesting
the lack of a general reasoning skill.

Overall, our proposed benchmark systematically
maps out a wide range of specific linguistic skills
required for language understanding and inference.
We envision linguistic-phenomena-based evalua-
tion to be an integral component of general linguis-
tic intelligence. We hope CURRICULUM can serve
as a useful evaluation tool that can map out which
aspects of the problem space remain challenging
for existing systems and models.

2 Related Work

NLU Benchmarks In recent years, multiple
large-scale benchmarks for evaluating models’ gen-
eral language understanding performance have
been proposed. Similar to our benchmark’s task
format, SNLI (Bowman et al., 2015) and MultiNLI
(Williams et al., 2018) are the two common
benchmarks for Natural Language Inference (NLI).
GLUE and SuperGLUE are the two most popular
benchmarks that aim to provide a straightforward
comparison between task-agnostic transfer learn-
ing techniques. They cover various task formats,
task domains, and training volumes, with datasets
all collected from publicly available sources. The
construction of our benchmark is similar in that
we also collect publicly available datasets from
peer-reviewed papers. Adversarial NLI (ANLI) is
a new benchmark collected "via an iterative, adver-
sarial human-and-model-in-the-loop procedure."
(Nie et al., 2020). ANLI is shown to be a more
difficult challenge than previous benchmarks. Dif-
ferent from these benchmarks, our work aims to
map out and evaluate specific linguistic skills a
model needs for language understanding.

Fine-grained NLU Evaluation On top of large-
scale benchmarks, there are several works (Joshi
et al., 2020; Tarunesh et al., 2021) contributing
to the fine-grained analysis of model performance.
They collect data examples from existing bench-
marks by attaching taxonomic category labels to
each data. Or, they build semi-synthetic data allow-
ing analysis on 17 reasoning dimensions. Our data
collection and categorization concepts are similar
to them. However, our work covers more linguistic
phenomena that are difficult but important such as
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Category Description Phenomena

Lexical
Testing a model’s Word-level reasoning Lexical Entailment (lex-ent), Named Entity (ner)
skill on lexical semantic, direct, transitive, Hypernymy (hyper), Hyponymy (hypo)
and compositional lexical relationships. Veridicality & Transitivity (transit)

Syntactic Testing a model’s reasoning skill on Syntactic Alternation (syn-alt), VerbNet (vbn)
syntactic structure and compositionality. Syntactic Variation (syn-var), VerbCorner (vbc)

Semantic
Testing a model’s reasoning skill on sentence-level reasoning Sentiment (senti), Relational Knowledge (kg-rel),
involving diverse semantic properties: entity relations, Puns (puns), Semantic Proto Label (sprl)
context, events, subjectivity, and semantic proto roles. Context Alignment (ctx-align), Coreference (coref)

Logical
Testing a model’s reasoning skill on logical operations: Boolean (bool), Counting (count), Conditional (cond)
propositional structure, quantification, negation, Comparative (comp), Negation (negat)
and monotonicity reasoning. Monotonicity (monot), Quantifier (quant)

Analytical
Testing a model’s knowledge exploitation ability: drawing Entailment Tree (ent-tree)
accurate conclusions based on domain-specific knowledge, Analytical Reasoning (analytic)
symbolic knowledge, and interpretable reasoning steps.

Commonsense Testing a model’s reasoning skill on commonsense knowledge Physical (physic), Social (social), HellaSwag (swag)
independent of cultural and educational background. Contextual Commonsense Reasoning (cosmo)

Comprehension
Testing a model’s reasoning skill on complex reading Event Semantics (ester), Discrete Reasoning (drop)
comprehension and inference, covering aspects of Deductive Reasoning (logi)
semantic, context, logic, and numerical Long Contextual Reasoning (control)

Special
Testing a model’s everyday reasoning skill. Including Spatial Reasoning (spat), Temporal Reasoning (temp)
non-monotonic reasoning about valid but defeasible hypothesis Defeasible Reasoning (defeas)
from hypothetical context and spatial-temporal reasoning. Counterfactual Reasoning (counter)

Table 1: This table lists the eight categories of linguistic phenomena covered by our dataset collection. We provide
a brief introduction for each category describing the types of linguistic skills they intend to evaluate. We also list the
dataset names and abbreviations each category contains.

commonsense and non-monotonic reasoning.

Challenge Datasets for NLU Many challenge
datasets have been developed to evaluate models on
specific linguistic skills for understanding. These
datasets are in different formats such as NLI, Ques-
tion Answering (QA), and Reading Comprehen-
sion (RC). They target a large set of skills includ-
ing monotonicity (Yanaka et al., 2019a), deduc-
tive logic (Liu et al., 2020), event semantics (Han
et al., 2021), physical and social commonsense
(Sap et al., 2019; Bisk et al., 2019), defeasible rea-
soning (Rudinger et al., 2020), and more. Our work
brings together a set of challenge datasets to build
a benchmark covering a large set of specific lin-
guistic skills. We also merge different evaluation
methods proposed by these works into a complete
evaluation pipeline for our benchmark.

Probing Linguistic Knowledge Several works
have found evidence that pre-trained models’ repre-
sentations encode knowledge about linguistic phe-
nomena. Tenney et al. (2019) probe contextual rep-
resentations from four pre-trained language mod-
els through the edge-probing method across tasks
ranging from syntactic and semantic phenomena.
They find that pre-trained models encode rich in-

formation on syntactic phenomena but only weakly
encode information on semantic tasks compared to
non-contextual baselines. Chen and Gao (2021)’s
linguistic-information-probing framework extends
the edge-probing study by focusing on different se-
mantic phenomena that are important for logical in-
ference in natural language. Their results show that
pre-trained contextual embeddings encode more
linguistic information on simple semantic phenom-
ena than complex phenomena. Our work is partly
motivated by this line of work in which our evalu-
ation is based on the fact that pre-trained models
can capture specific linguistic skills from learning.

Other work investigates if models use specific
linguistic skills to solve a downstream task. The
DNC benchmark (Poliak et al., 2018a) provides a
collection of datasets for analyzing if models use
distinct linguistic phenomena to conduct natural
language inference. Several tasks in our bench-
mark come directly from this collection. However,
our benchmark covers a wider range of linguis-
tic phenomena from more categories than DNC.
In particular, our benchmark contains semantic
phenomena and includes phenomena from funda-
mental linguistic properties to complex reasoning
types. In addition, our benchmark includes a sys-
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tematic evaluation methodology that allows a more
in-depth analysis of model behavior.

3 The CURRICULUM Benchmark

3.1 A New Form of Benchmark

Recently, Raji et al. (2021) suggested that good
benchmark construction should focus on mapping
out a specific set of linguistic skills required for
language understanding. They recommend a fu-
ture benchmark should provide interpretation on
how systems work and how they fail on particular
aspects of a problem space. Following this sug-
gestion, we propose a new form of benchmark:
linguistic-phenomena-driven evaluation. Our main
objective is to reformulate the benchmark not sim-
ply to be a scoreboard for SOTA model contest
but rather as a real measurement and standardiza-
tion tool for (1) analyzing model performance, (2)
exposing model and dataset weakness and (3) pro-
viding insights for future research directions.

The curriculum benchmark aims to map out a
specific set of linguistic skills required for language
understanding. Our benchmark will serve as a diag-
nostic framework for linguistic-phenomena-driven
probing and evaluation. The targeted linguistic
skills should range from fundamental linguistic
properties to complex reasoning types. Our lin-
guistic phenomena selection is motivated by three
benchmarks: GLUE Diagnostic, Rainbow, and
DNC. In addition, we include many more phenom-
ena focusing on complex reasoning types such as
deductive logic and analytical thinking. Our fi-
nalized benchmark covers eight categories of lin-
guistic phenomena. Each linguistic phenomenon is
considered one task, and one should train, evaluate,
and analyze models on each phenomenon individ-
ually. We briefly describe the types of reasoning
skill each category focus on in Table 1. Appendix
A and B shows a list of references and dataset de-
tails for the train and test datasets used for each
linguistic phenomenon.

3.2 Dataset

We collect many challenge NLI or NLU datasets
and filter them individually with the following crite-
ria: (1) We focus on datasets that evaluate a specific
or a set of specific linguistic phenomena. (2) We
focus on English monolingual datasets that are in-
stitutional and publicly available. (3) We exclude
tasks that require domain-specific knowledge that
we would not expect a model to learn through pre-

training, such as medical knowledge. We finalize
our selection with 36 datasets. Figure 1 shows
a detailed ontology of our selected linguistic phe-
nomena and their abbreviations. Our motivation for
dataset selection is mainly based on the linguistic
phenomena categories that we aim to cover which
will range from a simple to complex setting.

3.3 Unified Task Format
We unified the task formats into a single linguistic
task, Natural Language Inference (NLI). NLI is a
task for Natural Language Understanding. The task
requires a model to classify the logical relationship
between premise and a hypothesis. This logical
relationship can either be Entailment (premise is
true implies the hypothesis is absolutely true), Con-
tradiction (premise is true implies the hypothesis
is absolutely false), and Neutral (one cannot deter-
mine if the hypothesis is true or false based on the
premise) (Dagan et al., 2013). We select NLI as the
universal task format because NLI often serves as a
general evaluation method for models on different
downstream tasks. A model would need to han-
dle nearly the full complexity of natural language
understanding in order to solve the NLI task (Po-
liak et al., 2018b). Our benchmark contains two
types of NLI problems: (1) the 3-way NLI with
Entailment, Contradiction, and Neutral; (2)
the 2-way NLI with Entailed and Not-Entailed.
Each example has a premise and a hypothesis with
2-way or 3-way labels.

3.4 Automatic Recast
To convert non-NLI datasets into the NLI task for-
mat, we follow the dataset recast procedure (Poliak
et al., 2018b): automatically convert from non-
NLI datasets with minimum human intervention.
We design algorithmic ways to generate sentence
pairs from the input text and convert the original
labels into the NLI labels. Question Answering
(QA) and Reading Comprehension (RC) are the
two major tasks we need to convert. To convert
datasets into NLI format, we follow the standard
procedure (Khot et al., 2018). In QA datasets, if
choices are given as declarative statements, we con-
sider them as hypotheses and the question context
as the premise. If choices are given as phrases an-
swering the question, we concatenate the context
and question to form a premise and consider the
answers as hypotheses. Several datasets are tasks
with free-response problems, and an answer can
only be converted to an entailed hypothesis. To

3207



P Iv P Iv P Iv

lex-ent 0.31 transit 0.41 hyper -0.99
hypo -0.10 ner 0.19 vbn 0.55
vbc -0.40 syn-alt 0.10 syn-var 0.11
bool 1.12 cond 1.13 cont 0.75
comp 0.98 negat 1.13 quant 0.78
monot -1.57 kg-rel 0.05 coref -0.38
senti 0.42 ctx-align -0.79 puns 0.14
sprl -0.11 ent-tree 0.50 analytic 0.00
temp 0.10 spat 0.49 counter 0.47
defeas -0.39 social -0.40 physic -0.17
swag -0.66 cosmo -0.57 drop 0.19
ester -0.10 logi -0.71 control -0.07

Table 2: Dataset difficulty measured by the amount
of usable information (Iv) from input data instances.
The lower Iv is the more difficulty a dataset will be for
the model. P here are the abbreviations of linguistic
phenomena listed in Table 1

generate non-entailed hypotheses, we use several
techniques during recasting. We show more details
on our conversion techniques in Appendix C. As
a sanity check on our resulting datasets, we em-
pirically find low performance on standard partial-
input baselines (Poliak et al., 2018b), suggesting
that our conversion yields data of high quality.

3.5 Dataset Difficulty

To enhance our benchmark to provide more infor-
mation on each dataset for in-depth evaluation and
analysis, we provide each phenomenon a difficulty
level. We use the predictive V-information (Etha-
yarajh et al., 2021) as a measurement for dataset
difficulty. The V-information can measure how
much information an input variable X can provide
about Y when constrained to functions V . Intu-
itively, more usable infromation X can provide, the
easier a dataset is for the functions V . Formally,
let ∅ denote a null input that provides no informa-
tion about Y and V as a predictive family, we can
compute the V-information Iv(X → Y) as follows:

Hv(Y ) = inf
f∈V

E[− log f [∅](Y)]

Hv(Y |X) = inf
f∈V

E[− log f [X](Y)]

Iv(X → Y) = Hv(Y ) − Hv(Y |X)

where X, Y denote random variables with sam-
ple spaces X , Y . According to Ethayarajh et al.
(2021), ∅ can be an empty string here as f [∅]
models the label entropy. This framework can nat-
urally adapt to the calculation of the point-wise

Name Model Train/Test Accuracy

roberta-mnli RoBERTa MNLI/MNLI 90.2%(Liu et al., 2019b)

bart-mnli BART MNLI/MNLI 89.9 %(Lewis et al., 2020)

roberta-anli-mix RoBERTa
SNLI, MNLI,

53.7 %FEVER, ANLI/
ANLI

xlnet-anli-mix XLNet SNLI, MNLI
55.1 %FEVER, ANLI/

(Yang et al., 2019) ANLI

Table 3: Details on models used in our experiments. All
four models are large models and publicly available.

V-information (PVI) where we measure the diffi-
culty of each data example. Given a training dataset
Dtrain = {(xi, yi)}n

i=1 , and the predictive family
V , the PVI of a data instance (x, y) ∈ Dtrain is
computed as:

PVI(x → y) = − log2 f [∅](y) + log2 f ′[x](y),

where ∅ is an empty string (null input) and
{f, f ′} ⊆ V . f ′ and f are models fine-tuned
from Dtrain and {(∅, yi)|(xi, yi) ∈ Dtrain} re-
spectively. The V-information framework can also
serve as a difficulty measurement for datasets and
can be computed explicitly by averaging over PVI:

Iv(X → Y) =
1

n

∑

i

PVI(xi → yi)

As Table 2 shows, the difficulty level ranges from
negative to positive. The higher the V-information
is, the easier a dataset is for the model.

Dataset Controlled Split For our model evalua-
tion pipeline, we are interested in verifying model’s
ability to learn a generalizable reasoning skill on
linguistic phenomena. In particular, we want to
check if a model can generalize when its training
and testing data distributions have different mea-
surement of difficulty. Thus, we need to conduct
controlled split on datasets based on the point-wise
difficulty, i.e. the point-wise V-information of their
data examples. We first calculate the PVI(x → y)
for each phenomenon dataset, then we split each
dataset into two portions: simple and hard, based
on the calculation of each example’s PVI.

4 Evaluation Methodology

We define an evaluation process for the CURRICU-
LUM benchmark that aims to bring different types
of evaluation and diagnosing methods used by pre-
vious challenge NLI datasets. Following Raji et al.
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(2021)’s suggestion, we want our evaluation pro-
cess to both to analyze the model output in detail
and explore which aspects of the inference problem
space remain challenging to current models.

Zero-shot Diagnostic Test This test is motivated
by the diagnostic test in GLUE. We focus on provid-
ing fine-grained analysis of zero-shot system per-
formance on a broad range of linguistic phenomena.
We follow the GLUE diagnostic dataset and use the
Matthews Correlation Coefficient (MCC) (Jurman
et al., 2012) as the evaluation metric. MCC com-
putes the correlation coefficient of the predicted
labels and the true labels. The correlation coeffi-
cient value is between -1 and +1. A coefficient of
+1 indicates a perfect prediction. A 0 indicates aver-
age random prediction A -1 indicates the classifier
always miss-classifies. MCC is perfectly symmet-
ric, so it can be used even if the dataset has classes
with different sizes.

Inoculation by Fine-tuning We use inoculation
(Liu et al., 2019a) to further analyze model fail-
ures on target linguistic phenomena. This method
fine-tunes the model on a down-sampled training
section of a phenomenon dataset (inoculation). One
can interpret inoculation performance in two ways:
1. Good performance: the original training set of

the model, prior to inoculation, did not suffi-
ciently cover the target phenomenon, but it is
recoverable through through additional training
on a small sample of data.

2. Poor performance: there exists a model weak-
ness to handle the target phenomenon.

Hypothesis-only Bias Analysis We conduct
analysis on hypothesis-only bias as (1) a sanity
check for our converted datasets and also and (2)
a verification on whether model’s good perfor-
mance is from leveraging artifacts in the hypothe-
ses. We train a hypothesis-only baseline (Poliak
et al., 2018b) for each phenomenon and compare
their performance against the best models from the
inoculation experiment. We want to ensure that
models’ improved performance after inoculation is
due to their ability to reason about a hypothesis and
the given context together. If the hypothesis-only
baseline shows good performance, we interpret this
as a sign that the datasets contain artifact. If the
baseline shows poor performance, it gives evidence
that the model is not taking short-cuts.

Cross-Distribution Generalization We conduct
the cross-distribution generalization test (Rozen
et al., 2019) to verify if the model learns a general
reasoning skill from inoculation. The good inocula-
tion performance does not ensure that the model’s
learned skill is generalizable. The model can likely
over-fit the dataset distribution by adopting superfi-
cial cues. We evaluate the model’s generalization
ability by training and testing the model on distri-
butions yielding different difficulty levels within
the same dataset. For example, we train the model
on the simple part of the dataset (data with high
V-information) and test it on the hard part (data
with low V-information).

4.1 Experiment Setup

For the zero-shot test, we test a model on each
test set without additional fine-tuning. We select
NLI models with top performance on NLI bench-
marks MNLI and ANLI. We list these models in
Table 3. We are interested in evaluating models
with both the single-encoder and the text2text ar-
chitecture. All models are publicly available from
Huggingface (Wolf et al., 2019). For inoculation,
we fine-tune models on training examples with a
size ranging from 10 to 1000 examples per label.
For the cross-distribution generalization test, we
first create variant data distributions for train and
test sets using the V-information-based dataset split
method from Section 3.5. We split each dataset
into two portions (simple and hard) according to
the point-wise V information. Next, we either train
and test the model on the same difficulty distribu-
tion or train it on one portion and test it on a dif-
ferent portion. In the inoculation, hypothesis-only,
and generalization experiments, we all use roberta-
anli-mix as our NLI model because its training set
covers all the major NLI training datasets: SNLI,
MNLI, FEVER (Thorne et al., 2018), and ANLI.
We use accuracy as our evaluation metric for all
these three experiments. For all the experiments
excluding zero-shot test, we run several turns and
select the best performance for analysis.

5 Empirical Analysis

5.1 Zero-shot Linguistic Phenomena Diagnose

First, we report the results on zero-shot diagnos-
tic evaluation for each baseline model. From Fig-
ure 2a, we observe that both single-encoder and
text2text models trained on MultiNLI show a neg-
ative correlation in the majority of linguistic phe-
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(a) Zero-shot system performance on the CURRICULUM benchmark.
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(b) Inoculation by fine-tuning vs. hypothesis-only analysis. The X-axis of the top plot represents training examples
per label. Both plots’ Y-axis show the accuracy. Models used in these two experiments are both the roberta-anli-mix
model, introduced in Section 4.1.

nomena. Meanwhile, anli-mix models (roberta-
anli-mix, xlnet-anli-mix) are positively correlated
on most (77.8 %) of the phenomena and they show
high correlation (> 0.50) on 27.8 % of the phe-
nomena. On average, models trained on the large
dataset mixture show better performance than mod-
els trained on MultiNLI alone, suggesting that train-
ing on more datasets help models capture more
types of linguistic phenomena. However, most of
the phenomena captured by the anli-mix models are
easier to learn (higher V information). On harder
phenomena, models did not benefit from the train-
ing dataset mixture. For instance, both the anli-mix
models have a low correlation on deductive and
analytical reasoning. Overall, we find that NLI

datasets from common benchmarks lack examples
of a diverse set of reasoning skills.

5.2 Inoculation

Based on Figure 2b, the model can reach high ac-
curacy on about 64 % of the phenomena as the
training examples accumulate. Most of these phe-
nomena have higher V information (> 0.0) that
should relatively be easier to learn. We are sur-
prised that for some hard phenomena (≤ 0.0) such
as commonsense contextual reasoning (cosmo, -
0.67), the model’s performance improved after in-
oculation. The improvement shows an gap in the
original training data mixture. On 25 % of the phe-
nomena, the model’s performance did not improve
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Figure 3: Generalization between controlled dataset splits. Here each heat-map shows the generalization performance
of the model fine-tuned and evaluated on different distributions within each linguistic phenomenon.

significantly after inoculation, meaning that it fails
to learn the reasoning skills for these phenomena.
Most of these phenomena are difficult, with a low
V information, such as monotonicity(mono) and
deductive (logi) reasoning. The accuracy is consis-
tently low when training examples accumulate.

We also observe that model struggles to learn
phenomena that require complex reasoning, such
as phenomena from the comprehension category.
This trends show inherent weaknesses in the model
or its training strategy that cause its failure to learn
complex and hard phenomena. Overall, results
from this experiment, combined with the zero-shot
evaluation, suggest that many linguistic phenomena
are missing from different large-scale NLI datasets
but are recoverable through additional training ex-
amples. However, the model fails to learn the skills
for hard and complex phenomena. In summary,
our diagnostic study through inoculation exposes a
diverse set of dataset and model weaknesses.

5.3 Hypothesis-only Bias

To determine if models can leverage spurious arti-
facts in the hypotheses of each phenomenon, we
compare full models to hypothesis-only baselines.
From Figure 2b, we observe that hypothesis-only
baseline performs poorly on a majority of the phe-
nomena. This indicates that our benchmark gener-
ally requires the model to learn an inference pro-
cess between contexts and hypotheses for good
performance. We observe that on 30.6% of the phe-
nomena, the full-model can reach a high accuracy

while the baseline has low accuracy, suggesting the
model can learn the phenomenon without relying
on hypothesis artifacts. On 36 % of the phenomena,
the model does not show a significant performance
gain compared to the baseline. Most of these are
complex reasoning phenomena like deductive and
analytical reasoning. The result validates that the
model struggles more with complex linguistic phe-
nomena. On 33.3 % of the phenomena, both the
full-model and the baseline achieve high accuracy
showing the possibility that the model exploits arti-
facts from the hypothesis to reach high accuracy.

Also, note that the hypothesis-only baseline per-
forms better for some tasks than the fine-tuned
model, which can be interpreted in two ways.
When both the baseline and fine-tuned model
achieve high accuracy (vbc, syn-alt), higher accu-
racy on baseline indicates that the hypothesis-only
bias is pretty strong in the dataset. When the inter-
vention from the premise is removed (hypothesis-
only input), the models can easily exploit the bias
to achieve higher accuracy. In contrast, when both
the baseline and fine-tuned model achieve low ac-
curacy (hypo, analytic, social, ester), higher ac-
curacy on baseline indicates that the task is very
difficult for a model to master successfully. Low
baseline accuracy means that the dataset does not
contain much bias, so a model must learn the cor-
rect reasoning to perform well. However, the fine-
tuned model has even worse performance than the
baseline, meaning that it fails to learn the skill re-
quired for these tasks. Our main finding here is
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that good performance on a linguistic phenomenon
dataset does not mean the model captured the asso-
ciated phenomena. The model can learn short-cuts
through hypothesis-only bias and artifacts.

5.4 Generalization

As Figure 3 show, the model can adapt between
different distributions only on 22.2 % of the phe-
nomena. The model achieves high accuracy consis-
tently for all four categories in the generalization
matrix suggesting the learned skills are general-
izable. On 58.3 % phenomena, models can not
generalize between different difficulty distributions.
They show higher accuracy when trained and tested
on the same distribution but low accuracy when the
test distribution shifted. For example, on relational
knowledge reasoning (kg-rel), the model achieves
83% for simple → simple and 98 % for hard →
hard. Nevertheless, the performance drops to 53 %
for hard → simple and 38 % for simple → hard.

Notice that model’s good performance on inoc-
ulation does not align with its generalization abil-
ity. For example, the model reaches 90.9 % accu-
racy on kg-rel, but its generalization performance is
poor. This behavior highlights a model weakness:
can over-fit to a particular distribution but fail to
learn a general reasoning skill for the target phe-
nomenon. We observe an interesting behavior that
models struggle to generalize from hard to simple
distribution on about 14 % of the phenomena while
showing good generalization from simple to hard
distribution. We think the possible reason is that
the hard distribution contains data with relatively
low V information. A low amount of usable in-
formation makes it hard for the model to learn the
phenomena sufficiently for generalization.

6 Conclusion and Future Work

In this paper, we introduce a new form of bench-
mark that can serve as an effective tool for evaluat-
ing and analyzing model outcomes. We propose a
linguistic-phenomena-driven benchmark that aims
to diagnose neural language models to discover
types of linguistic skills that remain challenging
to models. We compiled a dataset collection cov-
ering 36 types of linguistic phenomena ranging
from fundamental linguistic properties to complex
reasoning skills. In addition, we define an evalu-
ation procedure that can provide an in-depth anal-
ysis of model and dataset weaknesses. Using our
benchmark, we comprehensively study how well

language models capture specific linguistic skills
essential for understanding. Our major findings
include:
• Models trained on benchmark NLI datasets fail to

reason over a diverse set of linguistic phenomena.
• Good inoculation performance on some phenom-

ena results from the model leveraging superficial
artifacts in the hypothesis.

• The model tends to over-fit the dataset distribu-
tion without learning a general reasoning skill on
a majority of phenomena.

Overall, our benchmark effectively evaluates a
model on specific linguistic skills and exposes a
list of model and training data weaknesses. We
hope that our benchmark and empirical findings
can encourage the communicate to rethink dataset
construction and model architecture design. In
particular, we hope to encourage the the develop-
ment of new datasets that cover richer types of
linguistic phenomena and language models that
can learn essential linguistic skills that are gener-
alizable. For future work, we plan to add more
datasets to cover more phenomena such as psycho-
linguistics (Laverghetta Jr. et al., 2021). We envi-
sion our benchmark to be dynamic, meaning that
a higher-quality and more difficult dataset for a
phenomenon should replace the current ones in the
future. For example, the StepGame benchmark (Shi
et al., 2022) provides better data for spatial reason-
ing, which can replace the current spatial reason-
ing dataset. We also plan to explore new learning
methods to help models overcome the weakness of
learning non-generalizable skills, such as calibra-
tion through symbolic loss functions.
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A Linguistic Phenomena in CURRICULUM

Phenomena Train Reference Test Reference

Lexical Phenomena

Lexical Entailment Schmitt and Schütze 2021 Schmitt and Schütze 2021; Glockner et al. 2018
Hypernymy Richardson and Sabharwal 2020 Richardson and Sabharwal 2020
Hyponymy Richardson and Sabharwal 2020 Richardson and Sabharwal 2020
Named Entity Poliak et al. 2018a Poliak et al. 2018a
Veridicality and Transitivity Poliak et al. 2018a; Yanaka et al. 2021 Poliak et al. 2018a; Yanaka et al. 2021

Syntactic Phenomena

VerbNet Poliak et al. 2018a Poliak et al. 2018a
VerbCorner Poliak et al. 2018a Poliak et al. 2018a
Syntactic Variation Dolan and Brockett 2005 Dolan and Brockett 2005
Syntactic Alternations Kann et al. 2019 Kann et al. 2019

Semantic Phenomena

Coreference & Anaphora Sakaguchi et al. 2019; Wang et al. 2019 Sakaguchi et al. 2019; Wang et al. 2019
Webster et al. 2018 Webster et al. 2018

Sentiment Poliak et al. 2018a Poliak et al. 2018a
Relational Knowledge Poliak et al. 2018a Poliak et al. 2018a
Puns Poliak et al. 2018a Poliak et al. 2018a
Semantic Proto Label White et al. 2017 White et al. 2017
Context Alignment White et al. 2017 White et al. 2017; BIG-bench collaboration 2021

Logical Phenomena

Boolean Richardson et al. 2019 Richardson et al. 2019
Conditional Richardson et al. 2019 Richardson et al. 2019
Comparative Richardson et al. 2019 Richardson et al. 2019
Counting Richardson et al. 2019 Richardson et al. 2019
Quantifier Richardson et al. 2019 Richardson et al. 2019
Negation Richardson et al. 2019 Richardson et al. 2019
Monotonicity Yanaka et al. 2019b Yanaka et al. 2019a; Richardson et al. 2019

Analytic Phenomena

Entailment Tree Dalvi et al. 2021 Dalvi et al. 2021
Analytical Reasoning Zhong et al. 2021 Zhong et al. 2021

Commonsense Phenomena

Physical Bisk et al. 2019 Bisk et al. 2019
Social Sap et al. 2019 Sap et al. 2019
HellaSwag Sap et al. 2018 Sap et al. 2018
Contextual Commonsense Huang et al. 2019 Huang et al. 2019
Reasoning

Comprehension Phenomena

Deductive Reasoning Liu et al. 2020 Liu et al. 2020
Contextual Reasoning Liu et al. 2021 Liu et al. 2021
Event Semantic Reasoning Han et al. 2021 Han et al. 2021
Discrete Reasoning Dua et al. 2019 Dua et al. 2019

Special Reasoning Phenomena

Defeasible Reasoning Rudinger et al. 2020 Rudinger et al. 2020
Temporal Reasoning Weston et al. 2016 Weston et al. 2016
Spatio Reasoning Weston et al. 2016 Weston et al. 2016
Counterfactual Reasoning Patil and Baths 2020 Patil and Baths 2020

Table 4: A detailed list of training datasets and test datasets used for each linguistic phenomenon in our benchmark.
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B CURRICULUM Dataset Details in CURRICULUM

Name |Train| |Dev| Original task

Lexical Entailment 6398 2964 NLI
Hypernymy 20000 8500 QA
Hyponymy 20000 8500 QA
Named Entity 50000 30000 NLI
Veridicality and Transitivity 20000 8788 NLI

VerbNet 1398 160 NLI
VerbCorner 110898 13894 NLI
Syntactic Variation 3668 408 SC
Syntactic Alternations 19990 8739 SC

Coreference & Anaphora 12135 5799 NLI/SC
Sentiment 4800 600 NLI
Relational Knowledge 21905 761 NLI
Semantic Proto Label 14038 1756 NLI
Puns 14038 1756 NLI
Context Align 14038 1756 NLI

Boolean 3000 1000 NLI
Conditional 3000 1000 NLI
Comparative 3000 1000 NLI
Counting 3000 1000 NLI
Quantifier 3000 1000 NLI
Negation QA 3000 1000 NLI
Monotonicity 35891 5382 NLI

Entailment Tree 1314 340 TG
Analytical Reasoning 3260 922 SC

Physical 10000 1838 QA
Social 6003 6003 QA
HellaSwag 20000 8518 QA
Contextual Commonsense Reasoning 9046 5452 RC

Deductive Reasoning 14752 2604 RC
Contextual Reasoning 6719 1604 RC
Event Semantics Reasoning 2800 662 RC
Discrete Reasoning 20000 13148 RC

Defeasible Reasoning 39036 9860 SC
Temporal Reasoning 4248 1174 NLI
Spatial Reasoning 10000 10000 QA
Counterfactual Reasoning 6062 3364 SC

Table 5: Overview of all the linguistic phenomena datasets in our benchmark. QA is short for Question Answering.
NLI is short for Natural Language Inference. SC is short for Sentence Classification. TG is short for Text Generation.
RC is short for Reading Comprehension.
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C Data Recasting Details

Here we provide more details on the major techniques we used to convert Question Answering (QA) and
Reading Comprehension (RC) datasets into recast NLI datasets.

C.1 Entity Swapping

<Original>
Context: ...The Buccaneers tied it up with a 38-yard field goal
by Connor Barth, ... The game’s final points came
when Mike Williams of Tampa Bay caught a 5-yard pass...
Q: Who caught the touchdown for the fewest yard?
Answer: Mike Williams
<Recast>
Premise: ...The Buccaneers tied it up with a 38-yard field goal
by Connor Barth, ... The game’s final points came
when Mike Williams of Tampa Bay caught a 5-yard pass...

Hypothesis: Mike Williams caught the touchdown for the fewest yard
Label: Entailed
Hypothesis: Connor Barth caught the touchdown for the fewest yard
Label: Not-Entailed

Table 6: Example of converting an RC example from DROP (Dua et al., 2019) to NLI format. The entailed
hypothesis is a concatenation of question and answer. The non-entailed hypothesis is created by entity swapping on
the entailed one (Mike Williams → Connor Barth).

C.2 Question/Answer Concatenation

<Original>
Context: The flash in the room that followed was proof of that assumption. The man grabbed his arm again.
"Please let go of my arm." He requested, his voice low. "Look."
Q: Why did the man grabbed his arm?
Choice 1: The man wanted to dance with him.
Choice 2: The man wanted to get his attention.
Choice 3: The man wanted to pull him closer so he can cry on this shoulder.
Choice 4: The man was angry with him and wanted to push him outside.
<Recast>
Premise: The flash in the room that followed was proof of that assumption. The man grabbed his arm again.
"Please let go of my arm." He requested, his voice low. "Look."
Hypothesis: The man wanted to get his attention.
Label: Entailed
Hypothesis: The man wanted to dance with him.
Label: Not-Entailed

Table 7: Example of converting an QA example from Cosmos QA (Huang et al., 2019) to NLI format. The entailed
hypothesis is the correct answer from the given choices. The non-entailed hypothesis is one of the false answers,
excluding the choice "None of the above choices".

D Reproducibility

Implementation. Our model training and testing pipeline is modified from the JIANT toolkit. We mainly
adapted several components on classes and functions involving task, dataset, reprocessing, tokenization,
model version control, and evaluation metrics. All our experiments are implemented with models publicly
available from Huggingface Transformers (Wolf et al., 2020)2.

Hyper-parameters We mainly follow the practice in (Nie et al., 2020). For all the experiments excluding
the zero-shot test in Section 5.1, we use a learning rate of 1e − 5 with a batch size of 8. We set the number
of warmup updates to be 1000. We set the epoch number to be 3 and 5. We evaluate the model on Ddev

every 200 steps for the inoculation and generalization experiments, and 500 steps for the hypothesis-only
experiment. For the low-data generalization on ANLI, we evaluate on the full-test set according to the
number of training examples listed in Figure ??. We use the AdamW (Loshchilov and Hutter, 2019) as
our optimizer.

2https://github.com/huggingface/transformers
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Infrastructure All experiments are done with one single Geforce RTX 3090 (24GB). A single inocu-
lation or generalization job finishes within 0.5 hours on average. A single hypothesis-only job finishes
within 1-2 hours on average. A single job on sequential training and low-data fine-tuning finishes within
approximately 1.5 hours on average.

Number of Parameters. RoBERTa-large model contains 355 million parameters. BART-large model
contains 139 million parameters. BART-Large model contains 406 million parameters. XLNet-large
model contains 340 million parameters.
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Abstract

Several popular Transformer based language
models have been found to be successful for
text-driven brain encoding. However, existing
literature leverages only pretrained text Trans-
former models and has not explored the effi-
cacy of task-specific learned Transformer rep-
resentations. In this work, we explore trans-
fer learning from representations learned for
ten popular natural language processing tasks
(two syntactic and eight semantic) for predict-
ing brain responses from two diverse datasets:
Pereira (subjects reading sentences from para-
graphs) and Narratives (subjects listening to
the spoken stories). Encoding models based on
task features are used to predict activity in dif-
ferent regions across the whole brain. Features
from coreference resolution, NER, and shallow
syntax parsing explain greater variance for the
reading activity. On the other hand, for the
listening activity, tasks such as paraphrase gen-
eration, summarization, and natural language
inference show better encoding performance.
Experiments across all 10 task representations
provide the following cognitive insights: (i)
language left hemisphere has higher predic-
tive brain activity versus language right hemi-
sphere, (ii) posterior medial cortex, temporo-
parieto-occipital junction, dorsal frontal lobe
have higher correlation versus early auditory
and auditory association cortex, (iii) syntactic
and semantic tasks display a good predictive
performance across brain regions for reading
and listening stimuli resp.

1 Introduction

Brain encoding aims at constructing neural brain
activity given an input stimulus. Since the discov-
ery of the relationship between language stimuli
and functions of brain networks using fMRI [for
ex., (Constable et al., 2004)], researchers have been
interested in understanding how the neural encod-
ing models predict the fMRI brain activity. Sev-
eral brain encoding models have been developed

to (i) understand the ventral stream in biological
vision (Yamins et al., 2014; Kietzmann et al., 2019;
Bao et al., 2020), and (ii) to study the higher-level
cognition like language processing (Gauthier and
Levy, 2019; Schrimpf et al., 2021; Schwartz et al.,
2019).

Some recent studies (Nishida et al., 2015; Huth
et al., 2016) have been able to identify brain ROIs
(Region of Interest) that respond to words that have
a similar meaning and have thus built a “semantic
atlas” of how the human brain organizes language.
Further, several studies (Oota et al., 2018; Jain and
Huth, 2018; Hollenstein et al., 2019) have used
a wide variety of word embeddings where words
represented as vectors in an embedding space are
mapped to brain activation for improved neural
coding.

Recently, Transformer (Vaswani et al., 2017)
based models like BERT (Devlin et al., 2019) have
been found to be very effective across a large num-
ber of natural language processing (NLP) tasks.
These Transformer based models have been pre-
trained on millions of text instances in an unsuper-
vised manner and further finetuned to specialize for
various NLP tasks. Natural language understand-
ing requires integrating several cognitive skills like
syntactic parsing of the language structure, identify-
ing the named entities, capturing the word meaning
in the context, coreference resolution, etc. Learn-
ing from massive corpora enables these models to
excel at cognitive skills required for language un-
derstanding. Interestingly, such Transformer-based
neural representations have been found to be very
effective for brain encoding as well (Schrimpf et al.,
2021).

Despite the recent advances in mapping be-
tween language Transformers and the brain activity
recorded with reading (Schrimpf et al., 2021), the
Transformer features themselves are notoriously
difficult to interpret. In recent works, Caucheteux
et al. (2021a); Antonello et al. (2021) address this
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issue by disentangling the high-dimensional Trans-
former representations of language models into
four combinatorial classes: lexical, compositional,
syntactic, and semantic representations to explore
which class is highly associated with language cor-
tical ROIs. Representations do not exist in a vac-
uum but become meaningful only when they ac-
complish a task. Therefore, the next logical step is
to see which of these Transformer representations
most effectively drive the linear mapping between
language models and the brain in the context of
NLP tasks. Gauthier and Levy (2019) fine-tune a
pretrained BERT model on multiple tasks to find
tasks best correlated with high decoding perfor-
mance. In this study, we investigate the correlation
between brain activation and feature representa-
tions learned by different task-specific networks,
and ask which tasks lead to improvements in brain-
encoding performance.

Recently, a study using multiple computer vi-
sion tasks has shown that 3D vision task models
predict better fMRI brain activity than 2D vision
task models (Wang et al., 2019) for visual stim-
uli. Inspired by the success of correlations in the
vision field (Wang et al., 2019), and brain encod-
ing study of a variety of language Transformer
models (Schrimpf et al., 2021; Caucheteux et al.,
2021b,a), we build neural language taskonomy
models for brain encoding and aim to find NLP
tasks that are most explanatory of brain activations
for reading and listening tasks.

In this paper, we uncover insights about the as-
sociation between fMRI voxel activations and rep-
resentations of diverse NLP tasks representations.
The predictive power of task-specific representa-
tions with brain activation is ascertained by (1)
using ridge regression on such representations and
predicting activations and (2) computing popular
metrics like 2V2 accuracy and Pearson correlation
between actual and predicted activations.

Specifically, we make the following contribu-
tions in this paper.

• Given Transformer models finetuned for var-
ious NLP tasks, we propose the problem of
finding which of these are the most predic-
tive of fMRI brain activity for reading and
listening tasks.

• Our language taskonomy results reveal that
Coreference Resolution, Named Entity Recog-
nition, and Shallow Syntax Parsing tasks have

higher predictive performance while reading
the text. On the other hand, paraphrase detec-
tion, summarization, and Natural Language
Inference tasks display better correlation dur-
ing listening.

• We also perform similarity analysis between
task representations from transfer learning and
neural taskonomy and derive interesting cog-
nitive insights from brain maps.

2 Related Work

Older methods for text-based stimulus rep-
resentation include text corpus co-occurrence
counts (Mitchell et al., 2008; Pereira et al., 2013;
Huth et al., 2016), syntactic and discourse fea-
tures (Wehbe et al., 2014). In recent times, both
semantic and experiential attribute models have
been explored for text-based stimuli. Semantic rep-
resentation models include distributed word embed-
dings (Pereira et al., 2016; Anderson et al., 2017a;
Pereira et al., 2018; Toneva and Wehbe, 2019; Hol-
lenstein et al., 2019; Wang et al., 2020), sentence
representation models (Sun et al., 2019; Toneva and
Wehbe, 2019; Sun et al., 2020), recurrent neural net-
works (Jain and Huth, 2018; Oota et al., 2019), and
Transformer-based language models (Gauthier and
Levy, 2019; Toneva and Wehbe, 2019; Schwartz
et al., 2019; Oota et al., 2022a,b). Experiential at-
tribute models represent words in terms of human
ratings of their degree of association with different
attributes of experience, typically on a scale of 0-
6 (Anderson et al., 2019, 2020; Berezutskaya et al.,
2020; Jat et al., 2020; Caucheteux et al., 2021a;
Antonello et al., 2021) or binary (Handjaras et al.,
2016; Wang et al., 2017). Fine-grained details such
as lexical, compositional, syntactic, and semantic
representations of narratives are factorized from
Transformer-based models and utilized for train-
ing encoding models. The resulting models are
better able to disentangle the corresponding brain
responses in fMRI (Caucheteux et al., 2021a).

In this paper, we focus on Transformer-based lin-
guistic stimuli representations since they have been
found to be most effective. Unlike previous stud-
ies which directly used existing task-agnostic pre-
trained models, we train task-specific Transformer
models and aim to find which model leads to the
best encoding accuracy given reading and listening
language stimuli.
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3 Brain Imaging Datasets

We work with two datasets: Pereira and
Narratives-Pieman. Results on Narratives-Lucy
and Narratives-SlumLord show similar trends.
Hence, we also show results on Narratives-Lucy
and Narratives-SlumLord in the appendix.
Pereira Dataset (Reading Sentences from Pas-
sages) For the Pereira dataset, similar to earlier
work (Sun et al., 2019, 2020), we combine the data
from sentence-based experiments (experiments-2
and 3) from Pereira et al. (2018). Five subjects were
presented a total of 627 sentences from 48 broad
topics, spanning over 168 passages, where each
passage consists of 3-4 sentences. As in (Pereira
et al., 2018), we focused on nine brain ROIs (re-
gions of interest) corresponding to four brain net-
works: (i) Default Mode Network (DMN) (linked
to the functionality of semantic processing), (ii)
Language Network (related to language process-
ing, understanding, word meaning, and sentence
comprehension), (iii) Task Positive Network (TP)
(related to attention, salience information), and (iv)
Visual Network (related to the processing of visual
objects, object recognition). We briefly summarize
the details of the dataset and the number of voxels
corresponding to each ROI in Table 1. We use the
AAL parcellation Atlas (116 × 116 brain ROIs) to
present the brain map results, since Pereira dataset
contains annotations tied to this atlas.

ROIs→ Language Vision DMN Task Positive
↓Subj LH RH Body Face Object Scene Vision RH LH
P01 5265 6172 3774 4963 8085 4141 12829 17190 35120
M02 4930 5861 3873 4782 7552 3173 11729 15070 30594
M04 5906 5401 3867 4803 7812 3602 12278 18011 34024
M07 5629 5001 4190 4993 8617 3721 12454 17020 30408
M15 5315 6141 4112 4941 8323 3496 12383 15995 31610

Table 1: # Voxels in each ROI in the Pereira Dataset.
LH - Left Hemisphere. RH - Right Hemisphere.

ROIs→ EAC AAC PMC TPOJ DFL
LH RH LH RH LH RH LH RH LH RH

# Voxels 808 638 1420 1493 1198 1204 847 1188 1061 875

Table 2: # Voxels in each ROI in the Narratives Dataset.
LH - Left Hemisphere. RH - Right Hemisphere. Pieman
has 82, Lucy has 16 and SlumLord has 18 subjects. #
Voxels across ROIs are same for all the three.

Narratives-Pieman (Listening to Stories) The
“Narratives” collection aggregates a variety of fMRI
datasets collected while human subjects listened to
naturalistic spoken stories. The Narratives dataset
that includes 345 subjects, 891 functional scans,
and 27 diverse stories of varying duration totaling

∼4.6 hours of unique stimuli (∼43,000 words) was
proposed in (Nastase et al., 2021). Similar to ear-
lier works (Caucheteux et al., 2021b), we analyze
data from 82 subjects listening to the story titled
‘PieMan’ with 259 TRs (repetition time – fMRI
recorded every 1.5 sec.). We list number of voxels
per ROI in this dataset in Table 2. We use the multi-
modal parcellation of the human cerebral cortex
(Glassar Atlas: consists of 180 ROIs in each hemi-
sphere) to display the brain maps (Glasser et al.,
2016), since Narratives dataset contains annota-
tions tied to this atlas. The data covers ten brain
ROIs in the human brain, i.e., Left hemisphere (L),
and Right hemisphere (R) for each of the following:
(i) early auditory cortex (EAC: A1, LBelt, MBelt,
PBelt, and R1) which plays a key role for sound per-
ception since it represents one of the first cortical
processing stations for sounds; (ii) auditory associ-
ation cortex (AAC: A4, A5, STSdp, STSda, STSvp,
STSva, STGa, and TA2) which is concerned with
the memory and classification of sounds; (iii) pos-
terior medial cortex (PMC: POS1, POS2, v23ab,
d23ab, 31pv, 31pd, 7m); (iv) the temporo parieto
occipital junction (TPOJ: TPOJ1, TPOJ2, TPOJ3,
STV, PSL) which is a complex brain territory heav-
ily involved in several high-level neurological func-
tions, such as language, visuo-spatial recognition,
writing, reading, symbol processing, calculation,
self-processing, working memory, musical mem-
ory, and face and object recognition; and (v) the
dorsal frontal lobe (DFL: L_55b, SFL, L_44, L_45,
IFJA, IFSP) which covers the aspects of pragmatic
processing such as discourse management, integra-
tion of prosody, interpretation of nonliteral mean-
ings, inference making, ambiguity resolution, and
error repair.

4 Encoding Model

To explore how and where contextual language
features are represented in the brain when read-
ing sentences and listening to stories, we extract
different features spaces describing each stimulus
sentence and use them in an encoding model to
predict brain responses. Our reasoning is as fol-
lows. If a feature is a good predictor of a spe-
cific brain region, information about that feature
is likely encoded in that region. In this paper, for
both datasets, we train fMRI encoding models us-
ing Ridge regression on stimuli representations ob-
tained using a variety of NLP tasks. The main goal
of each fMRI encoder model is to predict brain
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responses associated with each brain region given
a stimuli. In all cases, we train a model per subject
separately. Following literature on brain encod-
ing (Caucheteux et al., 2021b; Toneva et al., 2020),
we choose to use a ridge regression model instead
of more complicated models. We plan to explore
more such models as part of future work. We follow
K-fold (K=10) cross-validation. All the data sam-
ples from K-1 folds were used for training, and the
model was tested on samples of the left-out fold.
We used sklearn’s ridge-regression with default
parameters, 10-fold cross-validation, Stochastic-
Average-Gradient Descent Optimizer, Huggingface
for Transformer models, MSE loss function, and
L2-decay (λ) as 1.0. We used BERT Word-Piece
tokenizer for the linguistic Transformer input. All
experiments were conducted on a machine with 1
NVIDIA GEFORCE-GTX GPU with 16GB GPU
RAM. We make the code publicly available1.

4.1 Feature Spaces

To simultaneously test representations from mul-
tiple NLP tasks, we used the latent space features
from each of the following ten popular NLP tasks:
coreference resolution (CR), named entity recog-
nition (NER), natural language inference (NLI),
paraphrase detection (PD), question answering
(QA), sentiment analysis (SA), semantic role la-
beling (SRL), shallow syntax parsing (SS), sum-
marization (Sum) and word sense disambiguation
(WSD). All of these are discriminative NLP tasks,
and thus we use models obtained by task-specific
finetuning of the same pretrained Transformer en-
coder model (BERT-base-cased with dimension-
ality=768). Given an input sentence, each task
Transformer outputs token representations at the
final layer. We use the #tokens × 768 dimension
vector obtained from the last hidden layer to obtain
latent features for the stimuli. We then build indi-
vidual ridge regression models with the extracted
latent features to predict brain responses and mea-
sure the correlation between the prediction and the
true response.
Pereira: Since individual sentences were presented
to the subjects while modeling, sentences were
passed one by one to the task Transformer model,
and average-pooled representations were used to
encode the sentence stimuli.
Narratives-Pieman: Due to the constraint on input
sequence length for BERT (512), we considered

1https://tinyurl.com/langTask

a window size of 10 sentences with the last two
sentences of one window overlapping with the next
to be given as input to the BERT model. We use
the average-pooled representation from BERT to
encode text stimuli. To get the representation for
a TR, we pooled the representations of only those
words of the sentences in that TR.

4.2 Task Descriptions

Here we describe the functionality of each NLP
task that we used for fMRI encoding. CR: involves
finding all expressions that refer to the same entity
in a text. PD: involves taking a passage – either
spoken or written – and rewording it in shorter
or own words. Summarization (Sum): involves
selecting a few important sentences from a docu-
ment or paragraph. NER: involves detection of
the named entities such as person names, location
names, company names from a given text. NLI: in-
vestigates the entailment relationship between two
texts: premise and hypothesis. QA: aims to select
an answer given a passage, a question, and a set
of candidate answers. SA: involves determining
whether a piece of text is positive, negative, or neu-
tral. SRL: assigns labels to words or phrases in a
sentence that indicates their semantic role in the
sentence, such as that of an agent, goal, or result.
SS: provides an approximation of phrase-syntactic
structure of sentences. WSD: involves determining
which sense (meaning) of a word is activated by
the use of the word in a particular context.

Syntactic reasoning is rather shallow compared
to deep semantic reasoning. Syntactic reasoning
follows somewhat objective grammar rules. Com-
paratively semantic reasoning is often subjective
in nature and complex. The emerging evidence
from fMRI studies (Fedorenko et al., 2020, 2012)
also points out that processing of both syntax and
semantics is distributed in the brain and it is only
when violations of these processes are probed, we
see localization of function (Friederici et al., 2003).
Thus, in this work, we explore syntactic and seman-
tic tasks separately. Of the above mentioned tasks,
NER and SS are syntactic, while the others involve
semantic reasoning.

Our selection of these tasks was based on the fol-
lowing design principles: (1) We wanted to select
a set of tasks covering diverse cognitive-linguistic
skills. (2) We wanted to select tasks that are a part
of popular NLP benchmarks like GLUE (Wang
et al., 2018). (3) We selected tasks for which
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Figure 1: Pereira – 2V2 Accuracy (top figure) and Pearson correlation coefficient (bottom figure) between predicted
and true responses across different brain regions using a variety of NLP tasks. Results are averaged across all
participants. CR, NER, and SS perform the best.

BERT-base-cased finetuned models were available.
Note that we did not finetune any of these models
ourselves but leveraged the state-of-the-art fine-
tuned models available on Huggingface. Details of
the specific finetuned model checkpoints are men-
tioned in Table 3 in the Appendix.

4.3 Evaluation Metrics

We evaluate our models using popular brain encod-
ing evaluation metrics described in the following.
Given a subject and a brain region, let N be the
number of samples. Let {Yi}Ni=1 and {Ŷi}Ni=1 de-
note the actual and predicted voxel value vectors for
the ith sample. Thus, Y ∈ RN×V and Ŷ ∈ RN×V
where V is the number of voxels in that region.
2V2 Accuracy is computed as
2V2Acc= 1

NC2

∑N−1
i=1

∑N
j=i+1 I[cosD(Yi, Ŷi) +

cosD(Yj , Ŷj) < cosD(Yi, Ŷj) + cosD(Yj , Ŷi)]
where cosD is the cosine distance function. I[c] is
an indicator function such that I[c] = 1 if c is true,
else it is 0. The higher the 2V2 accuracy, the better.
Pearson Correlation (PC) is computed as
PC= 1

N

∑n
i=1 corr[Yi, Ŷi] where corr is the corre-

lation function.
Mean Absolute Error (MAE) is computed as

MAE= 1
N

∑n
i=1 |[Yi − Ŷi]|.

Statistical Significance: In order to estimate the
statistical significance of the performance differ-
ences (across all results), we performed one-way
ANOVA on the mean values for the subjects. In
all such cases we report p-values corrected using
Bonferroni correction.

4.4 Neural Language Tasks Similarity
Computation

To estimate the similarity between 10 language
tasks, we took the prediction performance scores
across all the voxels in Pereira (97,539) and
Narratives-Pieman datasets (10,732). To analyze
the relationship between tasks based on neural rep-
resentations, we calculated the Pearson correlation
between predicted voxels of each task with the re-
maining tasks. These Pearson correlation values
were used to construct heatmaps and the task simi-
larity trees(dendograms) using hierarchical cluster-
ing for Pereira and Narratives-Pieman datasets.

5 Results

In order to assess the performance of the fMRI
encoder models learned using the representations
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Figure 2: Narratives-Pieman – 2V2 Accuracy (top figure) and Pearson correlation coefficient (bottom figure)
between predicted and true responses across different brain regions using a variety of NLP tasks. Results are
averaged across all participants. NLI, PD, and Summarization perform the best.

from a variety of NLP tasks, we computed the
2V2 accuracy and Pearson correlation coefficient
between the predicted and true responses across
various ROIs for both the reading (Pereira) dataset
(Fig. 1) as well as the listening (Narratives-Pieman)
dataset (Fig. 2).

5.1 Encoding performance of Language Task
models for reading vs listening tasks

Reading Sentences (Pereira): From Fig. 1, we
observe that tasks such as CR, NER, SRL, and
SS appear to have a better correlation to the brain
responses compared to the other tasks. In or-
der to estimate the statistical significance of the
performance differences, we performed one-way
ANOVA on the mean correlation values for the
subjects across the ten language tasks for the nine
brain ROIs. The main effect of the ANOVA test
was significant for all the ROIs with p≤ 10−2

with confidence 95% (see Appendix for detailed
ANOVA results). Further, post hoc pairwise com-
parisons (Ruxton and Beauchamp, 2008) confirmed
the visual observations that on both 2V2 accuracy
and Pearson correlation measures, tasks such as
CR, NER, SRL, and SS performed significantly
better compared to other tasks (see Appendix for

pairwise comparison results). These results demon-
strate that when reading a sentence, information
processing operations related to recognizing named
entities, labeling semantic roles to the constituents
of a sentence, identifying the references from a
sentence to the given topic (concept), and syntactic
processing may be engaged.

Further, we observe that the ROI corresponding
to language processing in the left hemisphere (Lan-
guage_LH) has higher encoding performance than
that of the right hemisphere (Language_RH). This
is in line with the left hemisphere dominance for
language processing (Binder et al., 2009). Also,
lateral visual ROIs such as Vision_Object, Vi-
sion_Body, Vision_Face, and Vision ROIs display
higher correlation with the language tasks associ-
ated with named entities (NER), relating the en-
tities (CR), and syntax processing (SS). Higher
correlations with all the visual brain regions point
to the possible alignment of visual and language
regions for semantic understanding (Popham et al.,
2021) in a reading task. Finally, across all regions,
pretrained BERT model has worse correlation com-
pared to at least 5 other task models.
Listening Stories (Narratives-Pieman): From
Fig. 2, we observe that the profiles of performance
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show low scores in the early auditory cortex (EAC),
auditory association cortex (AAC); average scores
in TPOJ and DFL; and superior scores in PMC.
This aligns with the known language hierarchy
for spoken language understanding (Nastase et al.,
2020). Tasks such as PD, Summarization, and
NLI seem to yield better performance in predict-
ing the brain responses than the other NLP tasks
across all the ROIs. These Pearson correlation (τ )
results are comparatively much higher compared
to those obtained using pretrained (task-agnostic)
GPT2 model in (Caucheteux et al., 2021a) (τ rang-
ing from 0.02 − 0.06). As shown in Fig. 2, our
method obtains much higher correlations (τ rang-
ing from 0.02 − 0.229). Similar to the Pereira
dataset, we estimate the statistical significance of
the performance differences using the one-way
ANOVA test. The main effect of task was signifi-
cant for all the ROIs with p≤ 10−3 with confidence
95% (see Appendix for detailed ANOVA results).
Also, Post hoc pairwise comparisons (Ruxton and
Beauchamp, 2008) revealed that on both 2V2 accu-
racy and Pearson correlation measures, tasks such
as PD, Sum, and NLI performed significantly better
compared to other tasks (see Appendix for pairwise
comparison results).

Further, from Fig. 2, we see that the bilateral
posterior medial cortex (PMC) associated with
higher language function exhibits a higher corre-
lation among all the brain ROIs. ROIs, including
bilateral TPOJ and bilateral DFL, yield higher cor-
relations with the five NLP tasks, which is in line
with the language processing hierarchy in the hu-
man brain. Finally, across all regions, pretrained
BERT model has worse correlation compared to at
least 5 other task models.

In summary, different and distinct language
Taskonomy features seem to be related to the encod-
ing performance in reading versus listening tasks.
CR, NER, SRL, and SS perform better for read-
ing. PD, Sum, and NLI perform better for listening.
While listening the subject is cognitively more in-
volved in the activity compared to reading (Buch-
weitz et al., 2009). Thus, it makes sense that shal-
low tasks like NER and SS are useful for reading
while more complex NLP tasks like PD, Sum and
NLI are effective for encoding listening stimuli.

5.2 Language Task Similarity Computation

Pearson correlation values between predicted re-
sponses for each pair of tasks were used to con-

Figure 3: Pereira – Prediction Similarity Matrix con-
structed from the task-wise brain response predictions
across 10 tasks averaged across all subjects.

Figure 4: Narratives-Pieman – Prediction Task Sim-
ilarity constructed from the task-wise brain response
predictions across 10 tasks averaged across all subjects.

struct the similarity matrix with heatmap for both
Pereira and Narratives-Pieman datasets, as shown
in Figs. 3 and 4. We observe that the following task
pairs are highly correlated for the Pereira dataset:
(NER and CR), (SS and CR) and (PD and Sum).
Also these task pairs are highly correlated for the
Narratives-Pieman dataset: (CR and NLI), (NLI
and SA) and (PD and Sum). Similarities are rela-
tively higher for Narratives-Pieman compared to
the Pereira dataset. Surprisingly, the (NLI, SA)
pair has lowest similarity for Pereira (reading) and
close to highest in Narratives-Pieman (listening).
We hypothesize that this is because sentiment is
best conveyed while the subject is listening.
Reading sentences (Pereira): The stimulus sen-
tences from the Pereira dataset were fed as input
to each of the 10 task Transformers. The similarity
among the resulting representations was analyzed
using hierarchical clustering, and the clusters are
visualized as dendrograms in Fig. 5 (left). We ob-
serve that the tasks are clustered into three groups
denoted using red, green, and blue colors. Next,
we wished to check if similar task grouping is ob-
served on brain activations predicted by ridge re-
gression trained on task-specific representations.
Hence, similar clustering analysis was conducted
on the neural space representations, and the clus-
ters are visualized as dendrograms in Fig. 5 (right)
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Figure 5: Left: Pereira Dendrogram constructed using
similarity on representations from task-specific Trans-
former encoder models with stimuli from the dataset
passed as input. Right: Pereira Dendrogram constructed
using similarity matrix shown in Fig. 3.

Figure 6: Left: Narratives-Pieman Dendrogram con-
structed using similarity on representations from task-
specific Transformer encoder models with stimuli from
the dataset passed as input. Right: Narratives-Pieman
Dendrogram constructed using similarity matrix shown
in Fig. 4.

across all subjects. Interestingly, the tree derived
from brain representation also shows a similar dis-
tribution of tasks across the three groups. Similar
dendrograms for individual subjects are illustrated
in Appendix-Fig. 11.
Listening Stories (Narratives-Pieman): Fig. 6
compares the task similarity tree based on the pat-
terns from the pretrained task Transformers, with
the task similarity tree generated based on similar-
ity in brain response prediction performance aver-
aged across all subjects. We observe that the tasks
are clustered into three groups denoted using red,
green, and blue colors. Again, the tree derived from
brain representation also shows a similar distribu-
tion of tasks across the three groups. Dendrograms
for individual subjects are in the Appendix-Fig. 12.

5.3 Brain maps for whole brain predictions

The mean absolute error (MAE) between predictive
and actual responses is obtained using individual
task features from the taskonomy. MAE values are
obtained for all the voxels in the brain for both the
reading (Fig. 7) and listening datasets (Fig. 8).

In the reading task, we observe from Fig. 7 that
CR has lower MAE compared to PD which in turn
has lower MAE compared to the NLI task (brain
maps for the other tasks are reported in Fig. 17
in the Appendix). Overall, for the reading stim-
uli, tasks such as NLI, QA, and SA display higher
MAE values. To further investigate which sub

ROIs (LPTG, LMTG, LATG, LFus, Lpar, Lang,
LIFGorb, LIFG, LaMFG, LpMFG, and LmMFG)
of the Language network are related to the predic-
tive task features, we train encoding models for
all the sub ROIs for the best encoding task, i.e.,
for the CR task (see Fig. 14 in Appendix). We no-
tice that both LMTG (middle temporal gyrus) and
LPTG (posterior temporal gyrus) are more accu-
rately predicted than the other sub ROIs. On the
other hand, LIFG-orb displays a lower Pearson cor-
relation for the CR task. The presence of superior
encoding information in the ROIs in the temporal
gyrus as compared to those in the inferior frontal
gyrus seems to mirror similar observations seen in
decoder performance (Anderson et al., 2017b).

On the other hand, in the listening task, we ob-
serve from Fig. 8 that Paraphrase and WSD display
lower MAE values compared to QA task (brain
maps for the other tasks are reported in Fig. 18
in the Appendix). Taken together, for listening
stimuli, tasks such as NER, QA, SA, CR, and SS
display higher MAE values. From Fig. 8, we see
that ROIs such as EAC and AAC have higher MAE
compared to PMC and TPOJ brain ROIs.

We further demonstrate the prediction perfor-
mance of the encoder model trained on sub ROIs
for the paraphrase task in Fig. 15 in the Appendix.
It can be observed that sub ROIs such as Pos1 and
Pos2 have a higher Pearson correlation than other
sub ROIs of the PMC region. Both sfl and l55b dis-
play a higher correlation among all the sub ROIs
for the DFL ROI. However, all the sub ROIs in the
TPOJ yield higher correlation, as shown in Fig. 15.
The control and attention ROIs in the posterior
cingulate cortex (for ex., POS1 in PMC), together
with the superior frontal language region (sfl in
DFL) and TPOJ, are part of the well-known lan-
guage network associated with narrative compre-
hension (Nastase et al., 2020), and it is heartening
to see that task features from PD task also relate to
semantic analysis of the ongoing narrative.

5.4 Discussion

(1) We used a ridge regression model instead of
more complicated models for encoding. We be-
lieve that more complex models can lead to further
exciting insights. (2) We experimented with 10
NLP tasks. Models can be pretrained for more
such tasks to check if other tasks are better predic-
tive of voxel activations. (3) We leveraged models
finetuned using datasets of different sizes across
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Coreference Resolution Paraphrase Natural Language Inference

Figure 7: Pereira BrainMaps: Mean absolute error (MAE) between predictive voxels and actual voxels using task
features from Taskonomy in one sample subject (subject 1). Predictive regions of different tasks are dissimilar
across tasks. The MAE values of each brain ROI are: CR (Language: 0.64, Visual: 0.57, DMN: 1.19, TP: 0.67), PD
(Language: 0.81, Visual: 0.74, DMN: 1.34, TP: 0.87) and NLI (Language: 1.9, Visual: 1.88, DMN: 2.1, TP: 2.03).
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Figure 8: Narratives-Pieman BrainMaps: Mean absolute error (MAE) between predictive voxels and actual voxels
using task features from Taskonomy in one sample subject (subject 1) of PieMan dataset. Predictive regions of
various tasks are different across tasks. The MAE values of each brain ROI: PD task (EAC: 0.74, AAC: 0.66, PMC:
0.60, TPOJ: 0.61, and DFL: 0.694), WSD task(EAC: 0.83, AAC: 0.75, PMC: 0.68, TPOJ: 0.68, and DFL: 0.76),
QA task (EAC: 0.92, AAC: 0.83, PMC: 0.74, TPOJ: 0.75, and DFL: 0.76).

tasks. While a fair comparison of dataset sizes
across tasks is impossible, we understand that this
could have resulted in some bias in our results.
(4) We used a different dataset for reading vs lis-
tening. While we believe that the differences in
task-specific model performances across reading
and listening are mainly due to the learned stimu-
lus representations, but they could also arise from
other factors such as experimental conditions, the
text domain of the stimuli or number of voxels,
etc. (5) On Natural Language Understanding tasks
such as NLI, SA, QA and PD, Gauthier and Levy
(2019) observed that scrambled sentence represen-
tations gave better decoding performance. But en-
coding models (especially for the listening task),
scrambled order would be detrimental to making
sense of what is being heard. It is an interesting
future task to see if the opposite result is seen in the
case of brain encoding models. It is plausible that
brain uses encoding models in a flexible way when
it comes to decoding (Kriegeskorte and Douglas,

2019). Kriegeskorte and Douglas (2019) mention
that “Decoding models can help reveal whether par-
ticular information is present in a brain region in a
format the decoder can exploit. Encoding models
make comprehensive predictions about representa-
tional spaces.” In this sense, results of current work
are not directly comparable to those of Gauthier
and Levy (2019).

6 Conclusion

In this paper, we studied the effectiveness of task
specific NLP models for brain encoding. We ob-
serve that building individual encoding models and
exploiting existing relationships among models can
provide a more in-depth understanding of the neu-
ral representation of language information. Our
experiments on Pereira and Narrative datasets lead
to interesting cognitive insights.
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7 Ethical Statement

We reused publicly available datasets for this work:
Pereira and Narratives. We did not collect any new
dataset.

Pereira dataset can be downloaded from https:
//osf.io/crwz7/. Please read their terms of
use2 for more details.

Narratives dataset can be dowloaded from
https://datasets.datalad.org/
?dir=/labs/hasson/narratives. Please
read their terms of use3 for more details.

We do not foresee any harmful uses of this tech-
nology.

References
Andrew J Anderson, Douwe Kiela, Stephen Clark, and

Massimo Poesio. 2017a. Visually grounded and tex-
tual semantic models differentially decode brain ac-
tivity associated with concrete and abstract nouns.
Transactions of the Association for Computational
Linguistics, 5:17–30.

Andrew James Anderson, Jeffrey R Binder, Leonardo
Fernandino, Colin J Humphries, Lisa L Conant,
Mario Aguilar, Xixi Wang, Donias Doko, and Ra-
jeev DS Raizada. 2017b. Predicting neural activity
patterns associated with sentences using a neurobio-
logically motivated model of semantic representation.
Cerebral Cortex, 27(9):4379–4395.

Andrew James Anderson, Jeffrey R Binder, Leonardo
Fernandino, Colin J Humphries, Lisa L Conant, Ra-
jeev DS Raizada, Feng Lin, and Edmund C Lalor.
2019. An integrated neural decoder of linguistic
and experiential meaning. Journal of Neuroscience,
39(45):8969–8987.

Andrew James Anderson, Kelsey McDermott, Brian
Rooks, Kathi L Heffner, David Dodell-Feder, and
Feng V Lin. 2020. Decoding individual identity from
brain activity elicited in imagining common experi-
ences. Nature communications, 11(1):1–14.

Richard Antonello, Javier Turek, Vy Vo, and Alexan-
der Huth. 2021. Low-dimensional structure in the
space of language representations is reflected in brain
responses. arXiv preprint arXiv:2106.05426.

Pinglei Bao, Liang She, Mason McGill, and Doris Y
Tsao. 2020. A map of object space in primate infer-
otemporal cortex. Nature, 583(7814):103–108.

Julia Berezutskaya, Zachary V Freudenburg, Luca Am-
brogioni, Umut Güçlü, Marcel AJ van Gerven, and

2https://github.com/
CenterForOpenScience/cos.io/blob/master/
TERMS_OF_USE.md

3https://datasets.datalad.org/labs/
hasson/narratives/stimuli/README

Nick F Ramsey. 2020. Cortical network responses
map onto data-driven features that capture visual
semantics of movie fragments. Scientific reports,
10(1):1–21.

Jeffrey R Binder, Rutvik H Desai, William W Graves,
and Lisa L Conant. 2009. Where is the semantic
system? a critical review and meta-analysis of 120
functional neuroimaging studies. Cerebral cortex,
19(12):2767–2796.

Augusto Buchweitz, Robert A Mason, Lêda Tomitch,
and Marcel Adam Just. 2009. Brain activation for
reading and listening comprehension: An fmri study
of modality effects and individual differences in lan-
guage comprehension. Psychology & neuroscience,
2(2):111–123.

Charlotte Caucheteux, Alexandre Gramfort, and Jean-
Remi King. 2021a. Disentangling syntax and seman-
tics in the brain with deep networks. In International
Conference on Machine Learning, pages 1336–1348.
PMLR.

Charlotte Caucheteux, Alexandre Gramfort, and Jean-
Rémi King. 2021b. Model-based analysis of brain
activity reveals the hierarchy of language in 305 sub-
jects. arXiv preprint arXiv:2110.06078.

R Todd Constable, Kenneth R Pugh, Ella Berroya,
W Einar Mencl, Michael Westerveld, Weijia Ni, and
Donald Shankweiler. 2004. Sentence complexity and
input modality effects in sentence comprehension: an
fmri study. NeuroImage, 22(1):11–21.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2019. Bert: Pre-training of deep
bidirectional transformers for language understand-
ing. In Proceedings of the 2019 Conference of the
North American Chapter of the Association for Com-
putational Linguistics: Human Language Technolo-
gies, Volume 1 (Long and Short Papers), pages 4171–
4186.

Evelina Fedorenko, Idan Asher Blank, Matthew Siegel-
man, and Zachary Mineroff. 2020. Lack of selectivity
for syntax relative to word meanings throughout the
language network. Cognition, 203:104348.

Evelina Fedorenko, Alfonso Nieto-Castanon, and Nancy
Kanwisher. 2012. Lexical and syntactic representa-
tions in the brain: an fmri investigation with multi-
voxel pattern analyses. Neuropsychologia, 50(4):499–
513.

Angela D Friederici, Shirley-Ann Rüschemeyer, Anja
Hahne, and Christian J Fiebach. 2003. The role of
left inferior frontal and superior temporal cortex in
sentence comprehension: localizing syntactic and
semantic processes. Cerebral cortex, 13(2):170–177.

Jon Gauthier and Roger Levy. 2019. Linking artificial
and human neural representations of language. In
Proceedings of the 2019 Conference on Empirical
Methods in Natural Language Processing and the 9th
International Joint Conference on Natural Language
Processing (EMNLP-IJCNLP), pages 529–539.

3229

https://osf.io/crwz7/
https://osf.io/crwz7/
https://datasets.datalad.org/?dir=/labs/hasson/narratives
https://datasets.datalad.org/?dir=/labs/hasson/narratives
https://github.com/CenterForOpenScience/cos.io/blob/master/TERMS_OF_USE.md
https://github.com/CenterForOpenScience/cos.io/blob/master/TERMS_OF_USE.md
https://github.com/CenterForOpenScience/cos.io/blob/master/TERMS_OF_USE.md
https://datasets.datalad.org/labs/hasson/narratives/stimuli/README
https://datasets.datalad.org/labs/hasson/narratives/stimuli/README


Matthew F Glasser, Timothy S Coalson, Emma C
Robinson, Carl D Hacker, John Harwell, Essa Ya-
coub, Kamil Ugurbil, Jesper Andersson, Christian F
Beckmann, Mark Jenkinson, et al. 2016. A multi-
modal parcellation of human cerebral cortex. Nature,
536(7615):171–178.

Giacomo Handjaras, Emiliano Ricciardi, Andrea Leo,
Alessandro Lenci, Luca Cecchetti, Mirco Cosottini,
Giovanna Marotta, and Pietro Pietrini. 2016. How
concepts are encoded in the human brain: a modality
independent, category-based cortical organization of
semantic knowledge. Neuroimage, 135:232–242.

Nora Hollenstein, Antonio de la Torre, Nicolas Langer,
and Ce Zhang. 2019. Cognival: A framework for cog-
nitive word embedding evaluation. In Proceedings
of the 23rd Conference on Computational Natural
Language Learning (CoNLL), pages 538–549.

Alexander G Huth, Wendy A De Heer, Thomas L Grif-
fiths, Frédéric E Theunissen, and Jack L Gallant.
2016. Natural speech reveals the semantic maps that
tile human cerebral cortex. Nature, 532(7600):453–
458.

Shailee Jain and Alexander G Huth. 2018. Incorporating
context into language encoding models for fmri. In
Proceedings of the 32nd International Conference
on Neural Information Processing Systems, pages
6629–6638.

S Jat, H Tang, P Talukdar, and T Mitchel. 2020. Re-
lating simple sentence representations in deep neu-
ral networks and the brain. In ACL 2019-57th An-
nual Meeting of the Association for Computational
Linguistics, Proceedings of the Conference, pages
5137–5154. Association for Computational Linguis-
tics (ACL).

Tim C Kietzmann, Courtney J Spoerer, Lynn KA
Sörensen, Radoslaw M Cichy, Olaf Hauk, and Niko-
laus Kriegeskorte. 2019. Recurrence is required to
capture the representational dynamics of the human
visual system. Proceedings of the National Academy
of Sciences, 116(43):21854–21863.

Nikolaus Kriegeskorte and Pamela K Douglas. 2019.
Interpreting encoding and decoding models. Current
opinion in neurobiology, 55:167–179.

Tom M Mitchell, Svetlana V Shinkareva, Andrew Carl-
son, Kai-Min Chang, Vicente L Malave, Robert A
Mason, and Marcel Adam Just. 2008. Predicting hu-
man brain activity associated with the meanings of
nouns. science, 320(5880):1191–1195.

Samuel A Nastase, Yun-Fei Liu, Hanna Hillman, Ken-
neth A Norman, and Uri Hasson. 2020. Leverag-
ing shared connectivity to aggregate heterogeneous
datasets into a common response space. NeuroImage,
217:116865.

Samuel A Nastase, Yun-Fei Liu, Hanna Hillman, Asieh
Zadbood, Liat Hasenfratz, Neggin Keshavarzian, Jan-
ice Chen, Christopher J Honey, Yaara Yeshurun, Mor

Regev, et al. 2021. Narratives: fmri data for evaluat-
ing models of naturalistic language comprehension.
bioRxiv, pages 2020–12.

Satoshi Nishida, Alexander G Huth, Jack L Gallant, and
Shinji Nishimoto. 2015. Word statistics in large-scale
texts explain the human cortical semantic representa-
tion of objects, actions, and impressions. In Society
for Neuroscience Annual Meeting, volume 333.

Subba Reddy Oota, Jashn Arora, Manish Gupta, and
Raju S Bapi. 2022a. Cross-view brain decoding.
arXiv preprint arXiv:2204.09564.

Subba Reddy Oota, Jashn Arora, Vijay Rowtula, Manish
Gupta, and Raju S Bapi. 2022b. Visio-linguistic
brain encoding. arXiv preprint arXiv:2204.08261.

Subba Reddy Oota, Naresh Manwani, and Raju S Bapi.
2018. fmri semantic category decoding using linguis-
tic encoding of word embeddings. In International
Conference on Neural Information Processing, pages
3–15. Springer.

Subba Reddy Oota, Vijay Rowtula, Manish Gupta, and
Raju S Bapi. 2019. Stepencog: A convolutional lstm
autoencoder for near-perfect fmri encoding. In 2019
International Joint Conference on Neural Networks
(IJCNN), pages 1–8. IEEE.

Francisco Pereira, Matthew Botvinick, and Greg Detre.
2013. Using wikipedia to learn semantic feature
representations of concrete concepts in neuroimaging
experiments. Artificial intelligence, 194:240–252.

Francisco Pereira, Bin Lou, Brianna Pritchett, Nancy
Kanwisher, Matthew Botvinick, and Evelina Fe-
dorenko. 2016. Decoding of generic mental represen-
tations from functional mri data using word embed-
dings. bioRxiv, page 057216.

Francisco Pereira, Bin Lou, Brianna Pritchett, Samuel
Ritter, Samuel J Gershman, Nancy Kanwisher,
Matthew Botvinick, and Evelina Fedorenko. 2018.
Toward a universal decoder of linguistic meaning
from brain activation. Nature communications,
9(1):1–13.

Sara F Popham, Alexander G Huth, Natalia Y Bilenko,
Fatma Deniz, James S Gao, Anwar O Nunez-Elizalde,
and Jack L Gallant. 2021. Visual and linguis-
tic semantic representations are aligned at the bor-
der of human visual cortex. Nature Neuroscience,
24(11):1628–1636.

Graeme D Ruxton and Guy Beauchamp. 2008. Time
for some a priori thinking about post hoc testing.
Behavioral ecology, 19(3):690–693.

Martin Schrimpf, Idan Blank, Greta Tuckute, Carina
Kauf, Eghbal A Hosseini, Nancy Kanwisher, Joshua
Tenenbaum, and Evelina Fedorenko. 2021. The
neural architecture of language: Integrative reverse-
engineering converges on a model for predictive pro-
cessing. PNAS, Vol:To appear.

3230



Dan Schwartz, Mariya Toneva, and Leila Wehbe. 2019.
Inducing brain-relevant bias in natural language pro-
cessing models. Advances in Neural Information
Processing Systems, 32:14123–14133.

Jingyuan Sun, Shaonan Wang, Jiajun Zhang, and
Chengqing Zong. 2019. Towards sentence-level
brain decoding with distributed representations. In
Proceedings of the AAAI Conference on Artificial
Intelligence, volume 33, pages 7047–7054.

Jingyuan Sun, Shaonan Wang, Jiajun Zhang, and
Chengqing Zong. 2020. Neural encoding and decod-
ing with distributed sentence representations. IEEE
Transactions on Neural Networks and Learning Sys-
tems, 32(2):589–603.

Mariya Toneva, Otilia Stretcu, Barnabás Póczos, Leila
Wehbe, and Tom M Mitchell. 2020. Modeling task
effects on meaning representation in the brain via
zero-shot meg prediction. Advances in Neural Infor-
mation Processing Systems, 33.

Mariya Toneva and Leila Wehbe. 2019. Interpret-
ing and improving natural-language processing (in
machines) with natural language-processing (in the
brain). arXiv preprint arXiv:1905.11833.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob
Uszkoreit, Llion Jones, Aidan N Gomez, Łukasz
Kaiser, and Illia Polosukhin. 2017. Attention is all
you need. In Advances in neural information pro-
cessing systems, pages 5998–6008.

Alex Wang, Amanpreet Singh, Julian Michael, Felix
Hill, Omer Levy, and Samuel Bowman. 2018. Glue:
A multi-task benchmark and analysis platform for
natural language understanding. In Proceedings of
the 2018 EMNLP Workshop BlackboxNLP: Analyz-
ing and Interpreting Neural Networks for NLP, pages
353–355.

Aria Wang, Michael Tarr, and Leila Wehbe. 2019.
Neural taskonomy: Inferring the similarity of task-
derived representations from brain activity. Advances
in Neural Information Processing Systems, 32:15501–
15511.

Jing Wang, Vladimir L Cherkassky, and Marcel Adam
Just. 2017. Predicting the brain activation pattern as-
sociated with the propositional content of a sentence:
Modeling neural representations of events and states.
Human brain mapping, 38(10):4865–4881.

Shaonan Wang, Jiajun Zhang, Haiyan Wang, Nan Lin,
and Chengqing Zong. 2020. Fine-grained neural
decoding with distributed word representations. In-
formation Sciences, 507:256–272.

Leila Wehbe, Brian Murphy, Partha Talukdar, Alona
Fyshe, Aaditya Ramdas, and Tom Mitchell. 2014. Si-
multaneously uncovering the patterns of brain regions
involved in different story reading subprocesses. in
press.

Daniel LK Yamins, Ha Hong, Charles F Cadieu,
Ethan A Solomon, Darren Seibert, and James J Di-
Carlo. 2014. Performance-optimized hierarchical
models predict neural responses in higher visual cor-
tex. Proceedings of the national academy of sciences,
111(23):8619–8624.

A Details of the Finetuned Models

We selected tasks for which BERT-base-cased fine-
tuned models were available. Note that we did not
finetune any of these models ourselves but lever-
aged the state-of-the-art finetuned models available
on Huggingface. Details of the specific finetuned
model checkpoints are mentioned in Table 3.

B ANOVA test results

B.1 Pereira dataset
The main effect of model was significant for the
ROIs with 95% confidence with these statistics:

• Language_LH: [F(9, 40) = 3.95, p=0.0052]

• Language_RH: [F(9, 40) = 4.53, p=0.0015]

• Vision_Body: [F(9, 40) = 4.397, p=0.00227]

• Vision_Face: [F(9, 40) = 3.46, p=0.0085]

• Vision_Object: [F(9, 40) = 3.40, p=0.0121]

• Vision_Scenes: [F(9, 40) = 4.917, p=0.0007]

• Vision: [F(9, 40) = 3.945, p=0.00385]

• DMN: [F(9, 40) = 6.28, p=0.00034]

• TP: [F(9, 40) = 6.54, p=0.00042]

B.2 Narratives-Pieman dataset
The main effect of model was significant for the
ROIs with 95% confidence with these statistics:

• EAC_L [F(9,810)=3.88, p=.00009]

• EAC_R [F(9,810)=3.34, p=.00055]

• AAC_L [F(9,810)=5.37, p=.0000007]

• AAC_R [F(9,810)=6.955, p=.00000]

• PMC_L [F(9,810)=37.21, p=.00000]

• PMC_R [F(9,810)=31.62, p=.00000]

• TPOJ_L [F(9,810)=9.166, p=.00000]

• TPOJ_R [F(9,810)=7.797, p=.00000]

• DFL_L [F(9,810)=12.445, p=.00000]

• DFL_R [F(9,810)=12.27, p=.00000]
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Task HuggingFace Model Name Dataset URL
NLI bert-base-nli-mean-tokens Stanford Natural Language Inference (SNLI), MultiNLIhttps://huggingface.co/

sentence-transformers/
bert-base-nli-mean-tokens

PD bert-base-cased-finetuned-mrpc Microsoft Research Paraphrase Corpus (MRPC) https://huggingface.co/
bert-base-cased-finetuned-mrpc

SS bert-base-chunl CoNLL-2003 https://huggingface.co/vblagoje/
bert-english-uncased-finetuned-chunk

Sum bart-base-samsum SAMSum https://huggingface.co/lidiya/
bart-base-samsum

WSD bert-base-baseline English all-words https://github.com/BPYap/BERT-WSD
CR bert_coreference_base OntoNotes and GAP https://github.com/mandarjoshi90/

coref
NER bert-base-NER CoNLL-2003 https://huggingface.co/dslim/

bert-base-NER
QA bert-base-qa SQUAD https://huggingface.co/docs/

transformers/model_doc/bert#
bertforquestionanswering

SA bert-base-sst Stanford Sentiment Treebank (SST) https://huggingface.co/barissayil/
bert-sentiment-analysis-sst

SRL bert-base-srl English PropBank SRL https://s3-us-west-2.
amazonaws.com/allennlp/models/
bert-base-srl-2020.02.10.tar.gz

Table 3: Details of the finetuned models

T1 T2 p-value
CR QA 0.024
CR SA 0.015
CR NLI 0.010

Table 4: Pairwise comparison one-way ANOVA results
for Language_LH region

T1 T2 p-value
CR SS 0.021
CR SRL 0.0003
CR Sum 0.003
CR QA 0.039
CR SA 0.013
CR WSD 0.016

Table 5: Pairwise comparison one-way ANOVA results
for Language_RH region

T1 T2 p-value
CR SRL 0.0011
CR Sum 0.0092
CR SA 0.039
CR NLI 0.0061

Table 6: Pairwise comparison one-way ANOVA results
for Vision_body region

T1 T2 p-value
CR SA 0.0404
CR nli 0.036

Table 7: Pairwise comparison one-way ANOVA results
for Vision_face region

T1 T2 p-value
CR SRL 0.0027

Table 8: Pairwise comparison one-way ANOVA results
for Vision_object region

T1 T2 p-value
CR Sum 0.027
CR QA 0.0036
CR SA 0.0022
CR NLI 0.0010

Table 9: Pairwise comparison one-way ANOVA results
for Vision_scene region

T1 T2 p-value
CR SRL 0.0014
CR Sum 0.0431
CR NLI 0.0177

Table 10: Pairwise comparison one-way ANOVA results
for Vision region

T1 T2 p-value
CR NLI 0.027
CR Sum 0.008
CR PD 0.0147
NLI SA 0.056
NLI SS 0.000011
SA Sum 0.0188
SA PD 0.032
SS Sum 0.000002
SS WSD 0.0059
SS PD 0.000004

SRL Sum 0.0545
SRL PD 0.08876

Table 11: Pairwise comparison one-way Anova results
for EAC-L region

T1 T2 p-value
NLI SS 0.00157
Sum SS 0.0015
PD SS 0.002
SA SS 0.0565
SS WSD 0.052

Table 12: Pairwise comparison one-way Anova results
for EAC-R region

T1 T2 p-value
NLI SS 0.000007
SA SS 0.029
SS SRL 0.0084
SS PD 0.000023
SS QA 0.00128

Table 13: Pairwise comparison one-way Anova results
for AAC-L region
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Figure 9: Narratives-Lucy Dataset: 2V2 Accuracy (top figure) and Pearson correlation coefficient (bottom figure)
between predicted and true responses across different brain regions using a variety of NLP tasks. Results are
averaged across all participants. NLI, Paraphrase, and Summarisation perform the best.

T1 T2 p-value
CR NLI 0.0203
CR PD 0.0072

NER PD 0.0291
NLI SS 0.0000013
SA SS 0.0299
SS SRL 0.0011
SS PD 2.97929e-7
SS WSD 0.0444
SS QA 0.00099
PD Sum 0.039

Table 14: Pairwise comparison one-way Anova results
for AAC-R region

T1 T2 p-value
CR NER 1.07034e-10
CR NLI 0.000001
CR SRL 0.0014
CR PD 0.0000047
CR QA 0.0023

NER NLI 9.02023e-11
NER SA 9.02993e-11
NER SS 0.000157159
NER SRL 9.02116e-11
NER PD 9.02023e-11
NER Sum 9.03064e-11
NER WSD 9.03172e-11
NER QA 9.02116e-11
NLI SA 0.0207013
NLI SS 9.03255e-11
NLI Sum 0.0043
NLI WSD 0.00036
SA SS 0.0000072
SS SRL 4.47012e-10
SS PD 9.04392e-11
SS Sum 0.00011
SS WSD 0.00084
SS QA 6.36666e-10
PD Sum 0.012
PD WSD 0.0012

Table 15: Pairwise comparison one-way Anova results
for PMC-L region

T1 T2 p-value
CR NER 1.52787e-9
CR NLI 0.0000042
CR SS 0.0039
CR PD 0.00011
CR QA 0.0101

NER NLI 8.86012e-11
NER SA 8.87732e-11
NER SRL 8.88714e-11
NER PD 8.86092e-11
NER Sum 1.05034e-10
NER WSD 1.01319e-10
NER QA 8.86657e-11
NLI SA 0.0059
NLI SS 8.87066e-11
NLI Sum 0.000371
NLI WSD 0.000191
SA SS 0.0000021
SS SRL 0.00000142
SS PD 8.87554e-11
SS Sum 0.000126402
SS WSD 0.000128239
SS QA 1.31249e-10
PD Sum 0.00619
PD WSD 0.0036

Table 16: Pairwise comparison one-way Anova results
for PMC-R region
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Figure 10: Narratives-Slumlord Dataset: 2V2 Accuracy (top figure) and Pearson correlation coefficient (bottom
figure) between predicted and true responses across different brain regions using a variety of NLP tasks. Results are
averaged across all participants. NLI, Paraphrase, and Summarisation perform the best.

T1 T2 p-value
CR NLI 0.00069
CR PD 0.00395

NER NLI 0.0051
NER SS 0.0286244
NER PD 0.0235
NLI SS 4.43074e-10
NLI Sum 0.0068987
NLI WSD 0.02709
SA SS 0.0001732
SS SRL 0.0000530
SS PD 4.37008e-9
SS Sum 0.0219850
SS WSD 0.005447
SS QA 0.0000016
PD Sum 0.0306

Table 17: Pairwise comparison one-way Anova results
for TPOJ-L region

T1 T2 p-value
CR NLI 0.0064
CR PD 0.0148564

NER NLI 0.0449
NLI SS 3.74353e-8
NLI WSD 0.0321627
SA SS 0.0036278
SS SRL 0.001054
SS PD 1.33146e-7
SS Sum 0.025420
SS QA 0.000049

Table 18: Pairwise comparison one-way Anova results
for TPOJ-R region

T1 T2 p-value
CR NLI 0.000032
CR PD 0.000019

NER NLI 0.000619887
NER SS 0.040
NER PD 0.000399
NLI SS 1.61916e-10
NLI Sum 0.00074
NLI WSD 0.000462932
SA SS 0.000221241
SS SRL 0.0000123345
SS PD 1.30279e-10
SS Sum 0.0356814
SS WSD 0.0496343
SS QA 0.00000162
PD Sum 0.0004803
PD WSD 0.000296713

Table 19: Pairwise comparison one-way Anova results
for DFL-L region

T1 T2 p-value
CR NLI 0.000191
CR PD 0.00010

NER NLI 0.0168115
NER SS 0.0168115
NER PD 0.000674
NLI SS 1.05897e-10
NLI Sum 0.001194
NLI WSD 0.003894
SA SS 0.0000256
SS SRL 0.00000224
SS PD 9.81710e-11
SS Sum 0.0165866
SS WSD 0.0057237
SS QA 2.98083e-7
PD Sum 0.000685
PD WSD 0.00231873

Table 20: Pairwise comparison one-way Anova results
for DFL-R region
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T1 T2 p-value
CR NLI 0.0188070
CR PD 0.0099703

NER PD 0.0321010
NLI SS 6.37802e-7
SA SS 0.00642888
SS SRL 0.00051148
SS PD 2.42829e-7
SS QA 0.000162
PD WSD 0.0476

Table 21: Pairwise comparison one-way Anova results
for VC-L region

T1 T2 p-value
CR NLI 0.00498313
CR PD 0.000298933

NER NLI 0.024695
NER PD 0.0020556
NLI SS 4.16645e-8
NLI Sum 0.0449825
NLI WSD 0.0352242
SA SS 0.00120394
SS SRL 0.00002939
SS PD 7.70669e-10
SS Sum 0.0417081
SS QA 0.00000742881
PD Sum 0.00434934
PD WSD 0.0031

Table 22: Pairwise comparison one-way Anova results
for VC-R region

Figure 11: Dendrogram constructed using similarity
matrix constructed from the task-wise brain response
predictions across 10 tasks for subjects 1, 2 and 7 in
Pereira Dataset

Figure 12: Dendrogram constructed using similarity
matrix constructed from the task-wise brain response
predictions across 10 tasks for subjects 1, 21 and 31 in
Narratives Dataset

Figure 13: Pereira Dataset – Pearson correlation co-
efficient between predicted and true responses across
different sub ROIs of the Language Network using SRL
task. Results are averaged across all participants.
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Figure 14: Pereira Dataset – Pearson correlation co-
efficient between predicted and true responses across
different sub ROIs of the Language Network using CR
task. Results are averaged across all participants.

Figure 15: Narratives-Pieman – Pearson correlation
coefficient between predicted and true responses across
different sub ROIs of 5 brain ROIs using paraphrase
task. Results are averaged across all participants.

Figure 16: Narratives-Pieman – Pearson correlation
coefficient between predicted and true responses across
different sub ROIs of 5 brain ROIs using summarization
task. Results are averaged across all participants.
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Figure 17: Pereira BrainMaps: Mean absolute error (MAE) between predictive voxels and actual voxels using task
features from Taskonomy in one sample subject (subject 1). Predictive regions of different tasks are dissimilar
across tasks.

Paraphrase Summarization Semantic Role Labeling Natural Language Ineference 

NER Question Answering Sentiment Analysis Word Sense Disambiguation 

Coreference Resolution Shallow Syntax 

Figure 18: Narratives BrainMaps: Mean absolute error (MAE) between predictive voxels and actual voxels using
task features from Taskonomy in one sample subject (subject 1) of PieMan dataset. Predictive regions of various
tasks are different across tasks.
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Abstract

Despite recent improvements in abstractive
summarization, most current approaches gener-
ate summaries that are not factually consistent
with the source document, severely restricting
their trust and usage in real-world applications.
Recent works have shown promising improve-
ments in factuality error identification using
text or dependency arc entailments; however,
they do not consider the entire semantic graph
simultaneously. To this end, we propose FACT-
GRAPH, a method that decomposes the docu-
ment and the summary into structured mean-
ing representations (MR), which are more suit-
able for factuality evaluation. MRs describe
core semantic concepts and their relations, ag-
gregating the main content in both document
and summary in a canonical form, and reduc-
ing data sparsity. FACTGRAPH encodes such
graphs using a graph encoder augmented with
structure-aware adapters to capture interactions
among the concepts based on the graph con-
nectivity, along with text representations using
an adapter-based text encoder. Experiments on
different benchmarks for evaluating factuality
show that FACTGRAPH outperforms previous
approaches by up to 15%. Furthermore, FACT-
GRAPH improves performance on identifying
content verifiability errors and better captures
subsentence-level factual inconsistencies.1

1 Introduction

Recent summarization approaches based on pre-
trained language models (LM) have established
a new level of performance (Zhang et al., 2020;
Lewis et al., 2020), generating summaries that are
grammatically fluent and capable of combining
salient parts of the source document. However, cur-
rent models suffer from a severe limitation, generat-
ing summaries that are not factually consistent, that
is, the content of the summary does not meet the

∗ Work done as an intern at Amazon Alexa AI.
1Our code is publicly available at https://github.

com/amazon-research/fact-graph
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Figure 1: Example of (a) a document, (b) a summary,
and (c) the corresponding document and (d) summary
graph-based meaning representations. The summary
graph does not contain the "consider" node, indicating a
factual error (red dashed edge).

facts of the source document, an issue also known
as hallucination. Previous studies (Cao et al., 2018;
Falke et al., 2019; Maynez et al., 2020; Dreyer
et al., 2021) report rates of hallucinations in gen-
erated summaries ranging from 30% to over 70%.
In the face of such a challenge, recent works em-
ploy promising ideas such as question answering
(QA) (Durmus et al., 2020; Nan et al., 2021) and
weakly supervised approaches (Kryscinski et al.,
2020) to assess factuality. Another line of work
explores dependency arc entailment to improve the
localization of subsentence-level errors within gen-
erated summaries (Goyal and Durrett, 2020).

However, these methods have a reduced corre-
lation with human judgments and may not capture
well semantic errors (Pagnoni et al., 2021). One
reason for the poor performance is the lack of good
quality factuality training data. Second, it is chal-
lenging to properly encode core semantic content
from the document and summary (Lee et al., 2021)
and reason over salient pieces of information in
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order to assess the summary factuality. Third, pre-
vious work (DAE, Goyal and Durrett, 2021) treats
semantic relations as isolated units, not simultane-
ously considering the entire semantic structure of
both document and summary texts.

To mitigate the above issues, we explore mean-
ing representations (MR) as a form of content rep-
resentation for factuality evaluation. We present
FACTGRAPH, a novel graph-enhanced approach
that incorporates core information from the docu-
ment and the summary into the factuality model us-
ing graph-based MRs, which are more suitable for
factuality evaluation: As shown in Figure 1, graph-
based MRs capture semantic relations between en-
tities, abstracting away from syntactic structure and
producing a canonical representation of meaning.

Different from previous methods (Kryscinski
et al., 2020; Goyal and Durrett, 2021), FACT-
GRAPH is a dual approach which encodes both text
and graph modalities, better integrating linguistic
knowledge and structured semantic knowledge. As
shown in Figure 2, it is composed of parameter-
efficient text and graph encoders which share the
same pretrained model and differ by their adapter
weights (Houlsby et al., 2019). The texts from
the document and summary are encoded using the
adapter-based text encoder whereas the entire se-
mantic structures that represent document and sum-
mary facts are used as input to the graph encoder
augmented structure-aware adapters (Ribeiro et al.,
2021b). The representations of the two modalities
thus are combined to generate the factuality score.

In particular, we explore Abstract Meaning Rep-
resentation (AMR) (Banarescu et al., 2013), a se-
mantic formalism that has received much research
interest (Song et al., 2018; Guo et al., 2019; Ribeiro
et al., 2019, 2021a; Opitz et al., 2020, 2021; Fu
et al., 2021) and has been shown to benefit down-
stream tasks such as spoken language understand-
ing (Damonte et al., 2019), machine translation
(Song et al., 2019), commonsense reasoning (Lim
et al., 2020), and question answering (Kapanipathi
et al., 2021; Bornea et al., 2021).

Intuitively, AMR provides important benefits:
First, it encodes core concepts as it strives for
a more logical and less syntactic representation,
which has been shown to benefit text summariza-
tion (Hardy and Vlachos, 2018; Dohare et al., 2018;
Lee et al., 2021). Furthermore, AMR captures
semantics at a high level of abstraction explic-
itly modeling relations in the text and reducing

the negative influence of diverse text surface vari-
ances with the same meaning. Lastly, recent stud-
ies (Dreyer et al., 2021; Ladhak et al., 2021) demon-
strate that there is a trade-off between factuality
and abstractiveness. Structured semantic represen-
tations are potentially beneficial for reducing data
sparsity and localizing generation errors in abstrac-
tive scenarios. Figure 1 shows examples of (c)
document and (d) summary AMRs, where the sum-
mary AMR is missing a crucial modifying node
present in the document AMR, which indicates a
factual error in the summary.

We consolidate a factuality dataset with human
annotations derived from previous works (Wang
et al., 2020; Kryscinski et al., 2020; Maynez et al.,
2020; Pagnoni et al., 2021). This dataset is con-
structed from the widely-used CNN/DM (Her-
mann et al., 2015) and XSum (Nallapati et al.,
2016) benchmarks. Extensive experimental results
demonstrate that FACTGRAPH achieves substan-
tial improvements over previous approaches, im-
proving factuality performance by up to 15% and
correlation with human judgments by up to 10%,
capturing more content verifiability errors and bet-
ter classifying factuality in semantic relations.

2 Related Work

Evaluating Factuality. Recently, there has been
a surge of new methods for factuality evaluation
in text generation, especially for summarization.
Falke et al. (2019) propose to rerank summary hy-
potheses generated via beam search based on en-
tailment scores to the source document. Kryscinski
et al. (2020) introduce FACTCC, a model-based ap-
proach trained on artificially generated data, to mea-
sure if the summary can be entailed by the source
document in order to assess the summary factual-
ity. QA-based methods (Wang et al., 2020; Dur-
mus et al., 2020; Honovich et al., 2021; Nan et al.,
2021) generate questions from the document and
summary, and compare the corresponding answers
in order to assess factuality. Xie et al. (2021) for-
mulate causal relationships among the document,
summary, and language prior to evaluate the factu-
ality via counterfactual estimation.

Categorizing Factual Errors. A thread of anal-
ysis work has focused on identifying different cate-
gories of factual errors in summarization. Maynez
et al. (2020) show that semantic inference-based au-
tomatic measures are better representations of sum-
marization quality, whereas Pagnoni et al. (2021)
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propose a linguistically grounded typology of fac-
tual errors and develop a fine-grained benchmark
for factuality evaluation, moving to a fine-grained
measure, instead of using a binary evaluation. Fab-
bri et al. (2021) introduce different resources for
summarization evaluation which include a toolkit
for evaluating summarization models.

Factuality versus Abstractiveness. Recent
works (Dreyer et al., 2021; Ladhak et al., 2021)
investigate the trade-off between factuality and
abstractiveness of summaries and observe that
factuality tends to drop with increased abstractive-
ness. Semantic graphs are uniquely suitable to
detect factual errors in abstractive summaries as
they abstract away from the lexical surface forms
of documents and summaries, enabling direct
comparisons of the underlying semantic concepts
and relations of a document-summary pair.

Graph-based Representations for Summariza-
tion. A growing body of work focuses on using
graph-based representations for improving sum-
marization. Whereas different approaches encode
graphs into neural models for multi-document sum-
marization (Fan et al., 2019; Li et al., 2020; Pa-
sunuru et al., 2021; Wu et al., 2021; Chen et al.,
2021), AMR structures have been shown to benefit
both document representation and summary gener-
ation (Liu et al., 2015; Liao et al., 2018; Hardy and
Vlachos, 2018; Dohare et al., 2018) and have the po-
tential of improving controllability in summariza-
tion (Lee et al., 2021). The above works are related
to FACTGRAPH as they use semantic graphs for
content representation, but also different because
they utilize graphs for the downstream summariza-
tion task, whereas FACTGRAPH employs them for
factuality evaluation.

Semantic Representations for Factuality Evalua-
tion. More closely related to our work, Goodrich
et al. (2019) extract tuples from the document and
summary and measure the factual consistency by
overlapping metrics. Xu et al. (2020) weight facts
present in the source document according to the
facts from the gold summary using contextual em-
beddings, and verify whether a generated summary
is able to capture the same facts as the target. Re-
cently, dependency arc entailment (DAE, Goyal
and Durrett, 2020) is used to measure subsentence-
level factuality by classifying pairs of words de-
fined by dependency arcs which often describe se-
mantic relations. However, FACTGRAPH is con-

siderably different from those approaches, since it
explicitly encodes the entire graph semantic struc-
ture into the model. Moreover, while DAE consid-
ers semantic edge relations of the summary only,
FACTGRAPH encodes the semantic structures of
both the input document and summary leading to
better factuality performance at both sentence and
subsentence levels.

3 FACTGRAPH Model

We introduce FACTGRAPH, a method that employs
semantic graph representations for factuality evalu-
ation in text summarization, describing its intuition
(§3.3) and defining it formally (§3.4).

3.1 Problem Statement
Given a source document D and a sentence-level
summary S, we aim to check whether S is factual
with respect to D. For each sentence d ∈ D we
extract a semantic graph Gd. Similarly, for the sum-
mary sentence S we extract its semantic graph Gs.
We use texts and graphs from both document and
summary for factuality evaluation. Sentence-level
summary predictions can be aggregated to generate
a factuality score for a multi-sentence summary.

3.2 Extracting Semantic Graphs
We select AMR as our MR, but FACTGRAPH can
be used with other graph-based semantic repre-
sentations, such as OpenIE (Banko et al., 2007).
AMR is a linguistically-grounded semantic formal-
ism that represents the meaning of a sentence as a
rooted graph, where nodes are concepts and edges
are semantic relations. AMR abstracts away from
surface text, aiming to produce a more language-
neutral representation of meaning. We use a state-
of-the-art AMR parser (Bevilacqua et al., 2021) to
extract an AMR graph Ga = (Va, Ea,Ra) with a
node set Va and labeled edges (u, r, v) ∈ Ea, where
u, v ∈ Va and r ∈ Ra is a relation type. Each Ga
aims to explicitly represent the core concepts in
each sentence. Figure 1 shows an example of a (b)
sentence and its (d) corresponding AMR graph.2

Graph Representation. We convert each Ga into
a bipartite graph Gb = (Vb, Eb), replacing each
labeled edge (u, r, v) ∈ Ea with two unlabeled
edges {(u, r), (r, v)} ∈ Eb. Similar to Beck et al.
(2018), this procedure transforms the graph into its
unlabeled version. Pretrained models typically use

2Appendix A presents other examples of AMRs extracted
from sentences of documents and generated summaries.
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Figure 2: Overview of FACTGRAPH. A sentence-level summary and document graphs are encoded by the graph
encoder with structure-aware adapters. Text and graph encoders use the same pretrained model and only the adapters
parameters are trained.

a vocabulary with subword tokens, which makes
it complicated to properly represent a graph using
subword tokens as nodes. Inspired by Ribeiro et al.
(2020, 2021b), we transform each Gb into a new
token graph G = (V, E), where each token of a
node vb ∈ Vb becomes a node v ∈ V . We convert
each edge (ub, vb) ∈ Eb into a set of edges and
connect every token of ub to every token of vb.

3.3 Intuition of Semantic Representation

In order to represent facts to better assess the
summary factuality, we draw inspiration from tra-
ditional approaches to summarization that con-
dense the source document to a set of “semantic
units” (Liu et al., 2015; Liao et al., 2018). Intu-
itively, the semantic graphs from the source doc-
ument represent the core factual information, ex-
plicitly modeling relations in the text, whereas the
semantic summary graph captures the essential con-
tent information in a summary (Lee et al., 2021).
The document graphs can be compared with the
summary graph, measuring the degree of semantic
overlap to assess factuality (Cai and Knight, 2013).

Recently, sets of fact triples from summaries
were used to estimate factual accuracy (Goodrich
et al., 2019). That approach is related to FACT-
GRAPH as it uses graph-based MRs, but also differ-
ent because it compares the reference and the gener-
ated summary, whereas we compare the generated
summary with the input document. Moreover, dif-
ferently from Goodrich et al. (2019), FACTGRAPH

explicitly encodes the semantic structures using a
graph encoder and employs AMR as a semantic rep-
resentation. Finally, in contrast to DAE (Goyal and
Durrett, 2021), which focuses only on extracting
summary graph representations, FACTGRAPH uses
semantic graphs for both document and summary.

3.4 Model

Figure 2 illustrates FACTGRAPH, which is com-
posed of text and graph encoders. The text encoder,
denoted by Et, uses a pretrained encoder E, aug-
mented with adapter modules which receives the
summary S and document D and outputs a con-
textual text representation. Conversely, the graph
encoder, denoted by Eg, uses the same E, but is
augmented with structure-aware adapters. Eg re-
ceives the summary and multiple document seman-
tic graphs corresponding to its sentences, and out-
puts graph-aware contextual representations that
are used to generate the final graph representation.
During training, only adapter weights are trained,
whereas the weights from E are kept frozen. Fi-
nally, both graph and text representations are con-
catenated and fed to a final classifier, which pre-
dicts whether the summary is factual or not.

Text Encoder. We employ an adapter module be-
fore and after the feed-forward sub-layer of each
layer of the encoder. We modify the adapter archi-
tecture from Houlsby et al. (2019). We compute the
adapter representation for each token i at each layer
l, given the token representation hli, as follows:

ẑli =W
l
o(σ(W

l
p LN(hli))) + h

l
i , (1)

where σ is the activation function and LN(·) de-
notes layer normalization. W l

o ∈ Rd×m and
W l

p ∈ Rm×d are adapter parameters. The rep-
resentation of the [CLS] token is used as the final
textual representation, denoted by t.

Graph Encoder. In order to re-purpose the pre-
trained encoder to structured inputs, we employ a
structural adapter (Ribeiro et al., 2021b). In par-
ticular, for each node v ∈ V , given the hidden
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representation hlv, the encoder layer l computes:

glv = GraphConvl(LN(h
l
v),{LN(hlu) : u ∈ N (v)})

zlv =W
l
eσ(g

l
v) + h

l
v , (2)

where N (v) is the neighborhood of the node v
in G and Wl

e ∈ Rd×m is an adapter parameter.
GraphConvl(·) is the graph convolution that com-
putes the representation of v based on its neighbors
in the graph. We employ a Relational Graph Con-
volutional Network (Schlichtkrull et al., 2018) as
graph convolution, which considers differences in
the incoming and outgoing relations. Since AMRs
are directed graphs, encoding edge directions is
beneficial for downstream performance (Ribeiro
et al., 2019). The structural adapter is placed be-
fore, whereas the normal adapter is kept after the
feed-forward sub-layer of each encoder layer.

We calculate the final representation of each
graph from the pooling denoted as zG = {z(L)v |
v ∈ V}, where z

(L)
v is the final representation of v.

Thus, we use a multi-head self-attention (Vaswani
et al., 2017) layer to estimate to what extent each
sentence graph contributes to the document seman-
tic representation based on the summary graph.
This mechanism allows encoding a global docu-
ment representation based on the summary graph.
In particular, each attention head computes:

αi = Attn(zG
s , z

G
i ),

g =
∑k

i=1
αiW r z

G
i ,

(3)

where zG
s is the final representation of Gs, k is the

number of considered sentence graphs from the
input document and Wr ∈ Rd×d is a parameter.

The final representation is derived from the text
and graph representations, q = [t; g], and fed into a
classification layer that outputs a probability distri-
bution over the labels y = {Factual, Non-Factual}.

3.5 Edge-level Factuality Model
Inspired by Goyal and Durrett (2021), we evaluate
the factuality at the edge level. In this setup, we
use the same text and graph encoders; however,
we encode the semantic graphs differently. In par-
ticular, we concatenate Gs with each Gd ∈ D and
feed the concatenation to the graph encoder. The
representation of a node v ∈ Gs is calculated as:

rtv =
∑

w∈A(v)
Et(D;S)w

rgv =
∑k

d=1
Eg(Gs;Gd)v

rv = [rtv ; rgv ]

(4)

Source # datapoints Domain
Wang et al. (2020) 953 CNN/DM, XSum
Kryscinski et al. (2020) 1,434 CNN/DM
Maynez et al. (2020) 2,500 XSum
Pagnoni et al. (2021) 4,942 CNN/DM, XSum

Total 9,829 CNN/DM, XSum

Table 1: Consolidated human annotations.

whereA(v) is the set of all summary words aligned
with v, and rtv and rgv are the word and node rep-
resentations, respectively. Edge representations are
derived for each AMR edge (u, v) ∈ E : re =
[ru; rv]. The edge representation re is fed into a
classification layer that outputs a probability distri-
bution over the output labels (ye = {Factual, Non-
Factual}). We assign the label non-factual for an
edge in Gs if one of the nodes in this edge is aligned
with a word that belongs to a span annotated as non-
factual. Otherwise, the edge is assigned the label
factual. We call this variant FACTGRAPH-E.

4 Experimental Setup

4.1 Data

One of the main challenges in developing models
for factuality evaluation is the lack of training data.
Existing synthetic data generation approaches are
not well-suited to factuality evaluation of current
summarization models and human-annotated data
can improve factuality models (Goyal and Durrett,
2021). In order to have a more effective training
signal, we gather human annotations from different
sources and consolidate a factuality dataset that can
be used to train FACTGRAPH and other models.

The source collections of the dataset are pre-
sented in Table 1. The dataset covers two parts,
namely CNN/DM (Hermann et al., 2015) and
XSum (Nallapati et al., 2016). CNN/DM con-
tains news articles from two providers, CNN and
DailyMail; while XSum contains BBC articles.
CNN/DM has considerably lower levels of abstrac-
tion, and the summary exhibits high overlap with
the article; a typical CNN/DM summary consists
of several bullet points. In XSum, the first sentence
is removed from an article and used as a summary,
making it highly abstractive. After we remove du-
plicated annotations, the total number of datapoints
is 9,567, which we divide into train (8,667), dev
(300) and test (600) sets. We call this dataset FACT-
COLLECT.
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Model All data CNN/DM XSum
BACC F1 BACC F1 BACC F1

QAGS (Wang et al., 2020) 79.8 79.7 64.2 76.2 59.3 85.2
QUALS (Nan et al., 2021) 78.3 78.5 60.8 76.2 57.5 82.2
FACTCC (Kryscinski et al., 2020) 76.0 76.3 69.0 77.8 55.9 73.9
FACTCC+ 83.9 (0.4) 84.2 (0.4) 68.0 (1.0) 83.7 (0.5) 58.3 (2.2) 84.9 (1.0)
FACTGRAPH 86.3 (1.3) 86.7 (1.1) 73.0 (2.3) 86.8 (0.8) 68.6 (2.3) 86.6 (2.0)
FACTGRAPH (pretrained structural adapters) 86.4 (0.6) 86.8 (0.5) 74.1 (1.0) 87.4 (0.3) 70.4 (1.9) 85.9 (1.4)
FACTGRAPH (pretrained structural and text adapters) 87.6 (0.7) 87.8 (0.7) 76.0 (2.8) 87.5 (0.4) 69.9 (2.3) 88.4 (1.2)

Table 2: BACC and F1 scores for factuality models in the test set of FACTCOLLECT. Mean (±s.d.) over 5 seeds.

4.2 Method Details

We limit the number of considered document
graphs due to efficiency reasons. In particular, we
compute the pairwise cosine similarity between
the embeddings of each sentence d ∈ D and the
summary sentence S, generated by Sentence Trans-
formers (Reimers and Gurevych, 2019). We thus
select k sentences from the source document with
the highest scores to be used to generate the docu-
ment semantic graphs.

The model weights are initialized with ELEC-

TRA (electra-base discriminator, 110M parameters,
Clark et al., 2020), the structural adapters are pre-
trained using the release 3.0 of the AMR corpus
containing 55,635 gold annotated AMR graphs,
and the text adapters are pretrained using synthetic
generated data. The adapters’ hidden dimension is
32, which corresponds to about 1.4% of the param-
eters of the original ELECTRA encoders. The number
of considered document graphs (k) is 5.3 We re-
port the test results when the balanced accuracy
(BACC) on dev set is optimal. Following previous
work (Kryscinski et al., 2020; Goyal and Durrett,
2021), we evaluate our models using BACC and
Micro F1 scores.

5 Results and Analysis

We compare FACTGRAPH with different methods
for factuality evaluation: two QA-based methods,
namely QAGS (Wang et al., 2020) and QUALS
(Nan et al., 2021), and FACTCC (Kryscinski et al.,
2020). We fine-tune FACTCC using the training
set, that is, it is trained on both synthetic data and
FACTCOLLECT. We call this approach FACTCC+.

Table 2 presents the results. QA-based
approaches perform comparatively worse than
FACTCC on CNN/DM, while QAGS has a general
better performance than QUALS. FACTCC has a
strong performance on CNN/DM, as it was trained

3Hyperparameter details and pretraining procedures are
described in Appendix B.

on synthetic data derived from this dataset. How-
ever, the FACTCC’s performance does not transfer
to XSum. FACTCC+ has a large increase in per-
formance, especially on XSum, demonstrating the
importance of human-annotated data for training
improved factuality models.

FACTGRAPH outperforms FACTCC+ by 2.4
BACC points in both subsets and by 10.3 BACC in
XSum, even though FACTCC+ was pretrained on
millions of synthetic examples. This indicates that
considering semantic representations is beneficial
for factuality evaluation and FACTGRAPH can be
trained on a small number of annotated examples.
Pretraining structural adapters improves the per-
formance on CNN/DM and XSum. Finally, FACT-
GRAPH’s performance further improves when both
structural and text adapters are pretrained, improv-
ing over FACTCC+ by 3.7 BACC points.4

5.1 Correlation with Human Judgments

We also evaluate the model performance using
correlations with human judgments of factual-
ity (Pagnoni et al., 2021). In this experiment,
FACTCC+ and FACTGRAPH are trained with the
FACTCOLLECT data without the Pagnoni et al.
(2021)’s subset, which is used as dev and test sets,
according to its split. For both models, follow-
ing Pagnoni et al. (2021), we obtain a binary factu-
ality label for each sentence and take the average
of these labels as the final summary score. We use
the official script to calculate the correlations.5

AMR and Factuality. We investigate whether
SMATCH (Cai and Knight, 2013), a metric that
measures the degree of overlap between two AMRs,
correlates with factuality judgments. We calculate
the SMATCH score between all the summary sen-
tence graphs and k document sentence graphs, with
k ∈ {1, 3, 5}. We obtain one score per summary

4FACTGRAPH is significantly better than FACTCC+ with
p<0.05 on both BACC and F1 scores.

5https://github.com/artidoro/frank
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All data CNN/DM XSum
Pearson, Spearman ρ p-val r p-val ρ p-val r p-val ρ p-val r p-val
BLEU .10 .00 .05 .02 .06 .06 .07 .02 .16 .00 .15 .00
METEOR .13 .00 .10 .00 .11 .00 .11 .00 .16 .00 .08 .01
ROUGE-L .13 .00 .09 .00 .09 .00 .10 .00 .17 .00 .09 .01
BERTSCORE .16 .00 .11 .00 .13 .00 .12 .00 .19 .00 .10 .00
SMATCH-AMR1 .07 .00 -.01 .62 .07 .02 .03 .26 .09 .01 .07 .05
SMATCH-AMR3 .11 .00 .10 .00 .15 .00 .14 .00 .06 .10 .04 .21
SMATCH-AMR5 .13 .00 .13 .00 .17 .00 .16 .00 .05 .17 .04 .28
SMATCH-AMRref .08 .00 .03 .20 .05 .12 .03 .35 .13 .00 .08 .02

QAGS .22 .00 .23 .00 .34 .00 .27 .00 .07 .05 .06 .09
QUALS .22 .00 .19 .00 .31 .00 .27 .00 .14 .00 .07 .03
DAE .17 .00 .20 .00 .27 .00 .22 .00 .03 .38 .33 .00
FACTCC .20 .00 .29 .00 .36 .00 .30 .00 .06 .07 .19 .00
FACTCC+ .32 .00 .38 .00 .40 .00 .28 .00 .24 .00 .16 .00
FACTGRAPH .35 .00 .42 .00 .45 .00 .34 .00 .30 .00 .49 .00

Table 3: Partial Pearson and Spearman correlation coefficients and p-values between human judgements and methods
scores for the test split of Pagnoni et al. (2021).

sentence by maxing over its scores with the sen-
tence graphs, then averaging over the summary
sentence scores to obtain the summary-level score.
We also calculate the SMATCH between the gener-
ated summary and the reference summary graphs.
As shown in Table 3, SMATCH approaches have a
small but consistent correlation, slightly improving
over n-gram based metrics (e.g., METEOR and
ROUGE-L) in CNN/DM, suggesting that AMR,
which has a higher level of abstraction than plain
text, may be a semantic representation alternative
to content verification.

QA-based approaches have higher correlation on
the CNN/DM dataset than XSum where their corre-
lation is relatively reduced, and DAE shows higher
Spearman correlation than FACTCC on XSum.
FACTCC+ and FACTGRAPH, which are trained
on data from FACTCOLLECT, have a overall higher
performance than models trained on synthetic data,
such as FACTCC, again demonstrating the im-
portance of the human-annotation signal when
training factuality evaluation approaches. Finally,
FACTGRAPH has the highest correlations in both
datasets, with a large improvement in XSum, sug-
gesting that representing facts as semantic graphs
is effective for more abstractive summaries.

Types of Errors. Figure 3 shows the influence
of the different types of factuality errors (Pagnoni
et al., 2021) for each approach. Semantic Frame
Errors are errors in a frame, core, and non-core
frame elements.6 Discourse Errors extend beyond
a single semantic frame introducing erroneous links
between discourse segments. Content Verifiability

6A semantic frame is a representation of an event, relation,
or state (Baker et al., 1998).
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Figure 3: Variation in partial Pearson correlation when
omitting error types. Higher variation indicates greater
influence of an error type in the overall correlation.

Errors capture cases when it is not possible to ver-
ify the summary against the source document due
to the difficulty in aligning it to the source.7 Note
that whereas BERTSCORE strongly correlates with
content verifiability errors as it is a token-level sim-
ilarity metric, the other methods improve in Seman-
tic Frame Errors. FACTGRAPH has the highest
performance suggesting that graph-based MRs are
able to capture different semantic errors well. In
particular, FACTGRAPH improves in capturing con-
tent verifiability errors by 48.2%, suggesting that
representing facts using AMR is helpful.

5.2 Edge-level Factuality Classification

We assess factuality beyond sentence-level with
FACTGRAPH-E (§3.5). We train and evaluate the
model against the sentence-level factuality data
from Maynez et al. (2020). In this dataset, hu-
man annotations for sentence and span levels are

7Refer to Pagnoni et al. (2021) for a detailed description
of the error categories and the correlation computations.
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Sentence-level models BACC
Sent-Factuality (Goyal and Durrett, 2021) 65.6
FACTGRAPH 74.9

Edge-level models BACC
DAE (Goyal and Durrett, 2021) 78.7
FACTGRAPH-E 81.1

Table 4: Sentence-level BACC in human-annotated
XSum generated summaries (Maynez et al., 2020).

available. We derive the edge labels required for
FACTGRAPH-E training as follows: For each edge
in the summary graph, if one of the nodes con-
nected to this edge is aligned with a word that
belongs to a span labeled as non-factual, the edge
is annotated as non-factual.8 Summary-level labels
are obtained from edge-level predictions: if any
edge in the summary graph is classified as non-
factual, the summary is labeled as non-factual. We
use the same splits from Goyal and Durrett (2021).9

We compare FACTGRAPH-E with DAE and addi-
tionally with a sentence-level baseline (Goyal and
Durrett, 2021) and FACTGRAPH.

Table 4 shows that the edge-level factuality clas-
sification gives better performance than sentence-
level classification, and FACTGRAPH performs bet-
ter in both sentence and edge classification levels.
FACTGRAPH-E outperforms DAE, demonstrating
that training on subsentence-level factuality anno-
tations enables it to accurately predict edge-level
factuality and output summary-level factuality.

Finally, while the semantic representations con-
tribute to overall performance, extracting those
representations adds some overhead in preprocess-
ing time (and slightly more in inference time), as
shown in Appendix C.

5.3 Model Ablations
In Table 5, we report an ablation study on the im-
pact of distinct FACTGRAPH’s components. First,
note that only encoding the textual information
leads to better performance than just encoding
graphs. This is expected since pretrained encoders
are known for good performance in NLP textual
tasks due to their transfer learning capabilities and
the full document text encodes more information
than the selected k document graphs. Moreover,
AMR representations abstract aspects such as verb
tenses, making the graphs agnostic regarding more

8We use the JAMR aligner (Flanigan et al., 2014) to obtain
node-to-word alignments.

9We sample 100 datapoints from the training set as dev set
to execute hyperparameter search.

Model BACC F1

Only graphs 77.7 78.0
Only text 88.4 88.6
FACTGRAPH 91.2 91.3

Table 5: Ablation study for different components of the
model in the FACTCOLLECT’s dev set.

fine-grained information. However, this is com-
pensated in FACTGRAPH, which captures coarse-
grained details from the text modality. Future work
can consider incorporating such information into
the graph representation in order to improve the
factuality assessment.

Ultimately, FACTGRAPH, which uses both docu-
ment and summary graphs, gives the overall best
performance, demonstrating that semantic graph
representations complement the text representation
and are beneficial for factuality evaluation.

Number of Document Graphs Table 6 shows
the influence of the number of considered docu-
ment graphs measured on FACTCOLLECT’s dev
set performance. Note that generally more doc-
ument graphs leads to better performance with a
peak in 5. This suggests that using all graph sen-
tences from the source document is not required for
better performance. Moreover, the results indicate
that our strategy of selecting document graphs us-
ing the contextual representations of the document
sentences which are compared to the summary per-
forms well in practice.

We additionally present the performance of
FACTGRAPH with other semantic representations
in Appendix D.

5.4 Comparison to Full Fine-tuning

FACTGRAPH only trains adapter weights that are
placed into each layer of both text and graph en-
coders. We compare FACTGRAPH with a model
with similar architecture, with both text and graph
encoders, but without (structural) adapter layers.
We then fine-tune all the model parameters. Ta-
ble 7 shows that FACTGRAPH performs better even
though it trains only 1.4% of the parameters of the
fully fine-tuned model, suggesting that the struc-
tural adapters help to adapt the graph encoder to
semantic graph representations.

5.5 Case Study

FACTGRAPH-E computes factuality scores for
each edge of the AMR summary graph and those
predictions are aggregated to generate a sentence-
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Article: Margaret Fleming, 36, was last seen at her home in Inverkip by her two carers at about 17:40 on Friday 28 
October. She is described as about 5ft 5in tall, […]. Police had said they were trying to build a picture of Ms Fleming's 
life, part of which she kept "quite private". When last seen, she was wearing a green tartan fleece[…]. She also had a 
satchel-type handbag. A police spokesman said: "There is a specialist search team combing the area around where the 
missing person was last seen, this includes in the garden of her last known address." […] The detective said that Ms 
Fleming was a student at James Watt College in Greenock between 1996 and 1997. He said he was keen to speak to 
anyone who remembered her from then, and who might have been in touch with her over the years.
DAE

FACTGRAPH-E

police have appealed for help in tracing a woman who has been missing for six years.

- - - +
+

+ -
-

police have appealed for help in tracing a woman who has been missing for six years.

+
+

-+ + + +
+

+
+

Figure 4: An example of a document, its generated summary and factuality predictions for word pairs, based on the
dependency graph (DAE) versus AMR graph (FACTGRAPH-E). +/− means the predicted label for that edge.

# Graphs BACC F1

1 90.1 90.3
3 90.9 91.0
5 (final) 91.2 91.3
7 89.8 90.0

Table 6: Effect in the FACTCOLLECT’s dev set of the
number of considered AMR graphs from the document.

level label (§5.2). Alternatively, it is possible to
identify specific inconsistencies in the generated
summary based on the AMR graph structure. This
factuality information at subsentence-level can pro-
vide deeper insights on the kinds of factual incon-
sistencies made by different summarization mod-
els (Maynez et al., 2020) and can supply text gen-
eration approaches with localized signals for train-
ing (Cao et al., 2020; Zhu et al., 2021).

Figure 4 shows a document, its generated sum-
mary, and factuality edge predictions by DAE and
FACTGRAPH-E.10 First, note that since DAE uses
dependency arcs and FACTGRAPH-E is based on
AMR, the sets of edges in both approaches, that
is, the relations between nodes and hence words,
are different. Second, both methods are able to
detect the hallucination six years, which was never
mentioned in the source document. However, DAE
does not consider that police appealed for help in
tracing is factual whereas FACTGRAPH-E captures
it. This piece of information is related to a span in
the document with a very different but semantically
related form (highlighted in bold in Figure 4). This
poses challenges to DAE, since it classifies seman-
tic relations independently and only considers the

10Appendix E presents the complete AMR and dependency
summary graphs.

BACC F1 Parameters

Fully fine-tuned 90.3 90.3 100.0%
FACTGRAPH 91.2 91.3 1.4%

Table 7: Comparison between FACTGRAPH and fully
fine-tuning in the dev set of FACTCOLLECT.

text surface. On the other hand, FACTGRAPH-E
matches the summary against the document not
only at text surface level but semantic level.

6 Conclusion

We presented FACTGRAPH, a graph-based ap-
proach to explicitly encode facts using meaning rep-
resentations to identify factual errors in generated
text. We provided an extensive evaluation of our
approach and showed that it significantly improves
results on different factuality benchmarks for sum-
marization, indicating that structured semantic rep-
resentations are beneficial to factuality evaluation.
Future work includes (i) exploring approaches to
develop document-level semantic graphs (Naseem
et al., 2021), (ii) an explainable graph-based com-
ponent to highlight hallucinations and (iii) to com-
bine different meaning representations in order to
capture distinct semantic aspects.
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Impact Statement

In this paper, we study the problem of detecting fac-
tual inconsistencies in summaries generated from
input documents. The proposed models better con-
sider the text internal meaning structure and could
benefit general generation applications by evalu-
ating their output regarding factual consistency,
which could ensure that these systems are more
trustworthy. This work is built using semantic rep-
resentations extracted using AMR parsers. In this
way, the quality of the parser used to generate the
semantic representations can significantly impact
the results of our models. In our work, we miti-
gate this risk by employing a state-of-the-art AMR
parser (Bevilacqua et al., 2021).
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Cann, Caiming Xiong, Richard Socher, and Dragomir
Radev. 2021. SummEval: Re-evaluating Summariza-
tion Evaluation. Transactions of the Association for
Computational Linguistics, 9:391–409.

Tobias Falke, Leonardo F. R. Ribeiro, Prasetya Ajie
Utama, Ido Dagan, and Iryna Gurevych. 2019. Rank-
ing generated summaries by correctness: An interest-
ing but challenging application for natural language
inference. In Proceedings of the 57th Annual Meet-
ing of the Association for Computational Linguistics,
pages 2214–2220, Florence, Italy. Association for
Computational Linguistics.

Angela Fan, Claire Gardent, Chloé Braud, and Antoine
Bordes. 2019. Using local knowledge graph con-
struction to scale Seq2Seq models to multi-document
inputs. In Proceedings of the 2019 Conference on
Empirical Methods in Natural Language Processing
and the 9th International Joint Conference on Natu-
ral Language Processing (EMNLP-IJCNLP), pages
4186–4196, Hong Kong, China. Association for Com-
putational Linguistics.

Jeffrey Flanigan, Sam Thomson, Jaime Carbonell, Chris
Dyer, and Noah A. Smith. 2014. A discriminative
graph-based parser for the Abstract Meaning Repre-
sentation. In Proceedings of the 52nd Annual Meet-
ing of the Association for Computational Linguistics
(Volume 1: Long Papers), pages 1426–1436, Bal-
timore, Maryland. Association for Computational
Linguistics.

Qiankun Fu, Linfeng Song, Wenyu Du, and Yue Zhang.
2021. End-to-end AMR coreference resolution. In
Proceedings of the 59th Annual Meeting of the Asso-
ciation for Computational Linguistics and the 11th
International Joint Conference on Natural Language
Processing (Volume 1: Long Papers), pages 4204–
4214, Online. Association for Computational Lin-
guistics.

Ben Goodrich, Vinay Rao, Peter J. Liu, and Mohammad
Saleh. 2019. Assessing the factual accuracy of gener-
ated text. In Proceedings of the 25th ACM SIGKDD
International Conference on Knowledge Discovery;
Data Mining, KDD ’19, page 166–175, New York,
NY, USA. Association for Computing Machinery.

Tanya Goyal and Greg Durrett. 2020. Evaluating factu-
ality in generation with dependency-level entailment.
In Findings of the Association for Computational Lin-
guistics: EMNLP 2020, pages 3592–3603, Online.
Association for Computational Linguistics.

Tanya Goyal and Greg Durrett. 2021. Annotating and
modeling fine-grained factuality in summarization.
In Proceedings of the 2021 Conference of the North
American Chapter of the Association for Computa-
tional Linguistics: Human Language Technologies,

pages 1449–1462, Online. Association for Computa-
tional Linguistics.

Zhijiang Guo, Yan Zhang, Zhiyang Teng, and Wei Lu.
2019. Densely connected graph convolutional net-
works for graph-to-sequence learning. Transactions
of the Association for Computational Linguistics,
7:297–312.

Hardy Hardy and Andreas Vlachos. 2018. Guided neu-
ral language generation for abstractive summariza-
tion using Abstract Meaning Representation. In Pro-
ceedings of the 2018 Conference on Empirical Meth-
ods in Natural Language Processing, pages 768–773,
Brussels, Belgium. Association for Computational
Linguistics.

Karl Moritz Hermann, Tomáš Kočiský, Edward Grefen-
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Computing Infrastructure 32GB NVIDIA V100 GPU
Optimizer Adam
Optimizer Params β = (0.9, 0.999), ϵ = 10−8

learning rate 1e-4
Learning Rate Decay Linear
Weight Decay 0
Warmup Steps 0
Maximum Gradient Norm 1
batch size 4
epoch 10
Adapter dimension 32
# document graphs (k) 5

Table 8: Hyperparameter settings for our methods.

Appendices

In this supplementary material, we detail experi-
ments’ settings, additional model evaluations and
additional information about semantic graph repre-
sentations.

A Additional Examples

Figure 6 shows examples of AMR representations
generated from summaries and salient sentences
from the respective source document.

B Details of Models and
Hyperparameters

The experiments were executed using the version
3.3.1 of the transformers library released by Hug-
ging Face (Wolf et al., 2019). In Table 8, we
report the hyperparameters used to train FACT-
GRAPH. We use the Adam optimizer (Kingma
and Ba, 2015) and employ a linearly decreasing
learning rate schedule without warm-up. Mean
pooling is used to calculate the final representation
of each graph.

Structural Adapters’ Pretraining. The struc-
tural adapters are pretrained using AMR graphs
from the release 3.0 (LDC2020T02) of the AMR
annotation corpus (Knight et al., 2020).11 Similarly
to the masked language modeling objective, we ex-
ecute self-supervised node-level prediction, where
we randomly mask and classify AMR nodes. The
goal of this pretraining phase is to capture domain
specific AMR knowledge by learning the regular-
ities of the node/edge attributes distributed over
graph structure.

Text Adapters’ Pretraining. The text adapters
are pretrained using synthetically created data,

11https://catalog.ldc.upenn.edu/LDC2020T02

Preprocessing Inference

DAE 135.8 62.6
FACTGRAPH-E - Parser1 427.9 79.0
FACTGRAPH-E - Parser2 1332.2 75.4

Table 9: Speed Comparison. Execution time is mea-
sured in seconds.

Graph Type BACC F1
Only text 88.4 88.6
FACTGRAPH-Dependency 90.2 90.3
FACTGRAPH-OpenIE 90.5 90.7
FACTGRAPH-AMR 91.2 91.3

Table 10: Effect of different graph representations in the
factuality model (on the dev set of FACTCOLLECT).

which is generated by applying a series of rule-
based transformations to the sentences of source
documents (Kryscinski et al., 2020). The pretrain-
ing task is to classify each summary sentence as
factual or non-factual. The goal of this pretraining
phase is to learn suitable text representations to
better identify whether summary sentences remain
factually consistent to the input document after the
transformation.

C Speed Comparison

FACTGRAPH encodes the structured semantic rep-
resentations that encode facts from the document
and summary. Despite their effectiveness, extract-
ing semantic graphs, such as AMR, is computa-
tionally expensive because current models employ
Transformer-based encoder-decoder architectures
based on Transformers and pretrained language
models.

In this experiment, we compare the time execu-
tion of FACTGRAPH-E and DAE in a sample of
1000 datapoints extracted from the XSum test set.
In order to extract the semantic graphs, we inves-
tigate two AMR parsers, Parser1: a dual graph-
sequence parser that iteratively refines an incremen-
tally constructed graph (Cai and Lam, 2020) , and
Parser2: a linearized graph model that employs
BART (Bevilacqua et al., 2021). The execution of
the AMR parsers is parallelized using four Tesla
V100 GPUs. We use Parser2 for the experiments
in this paper since it is the current state of the art in
AMR parsing, although it is slower in preprocess-
ing than Parser1.

As shown in Table 9, DAE’s preprocess-
ing is much faster compared to this phase in
FACTGRAPH-E, since DAE employs a fast en-
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hanced dependency model from the Stanford
CoreNLP tool (Manning et al., 2014). This model
builds a parse by performing a linear-time scan over
the words of a sentence. Finally, note that FACT-
GRAPH is slower than DAE in inference because
it employs adapters and encodes both graphs and
texts from the document and summary, whereas the
DAE model encodes only the texts.

D Comparing Semantic Representations
for Factuality Evaluation

OpenIE graph-based structures were used in or-
der to improve factuality in abstractive summariza-
tion (Cao et al., 2018), whereas dependency arcs
were shown to be beneficial for evaluating factu-
ality (Goyal and Durrett, 2020). We thus investi-
gate different graph-based meaning representations
using FACTGRAPH. AMR is a more logical repre-
sentation that models relations between core con-
cepts, and has a rough alignment between nodes
and spans in the text. Conversely, dependencies
capture more fine-grained relations between words,
and all words are mapped into nodes in the depen-
dency graph. OpenIE constructs a graph with node
descriptions similar to the original text and uses
open-domain relations, leading to relations that are
hard to compare.

As shown in Table 10, whereas OpenIE performs
slightly better than dependency graphs, AMR gives
the best results according to the two metrics, high-
lighting the potential use of AMRs in representing
salient pieces of information. Different from our
work, Lee et al. (2021) and Naseem et al. (2021)
propose a graph construction approach which gen-
erates a single document-level graph created using
the individual sentences’ AMR graphs by merg-
ing identical concepts – this is orthogonal to our
sentence-level AMR representation and can be in-
corporated in future work.

E Semantic Representations

In Figure 5 we show AMR and dependency repre-
sentations for the summary sentence “police have
appealed for help in tracing a woman who has been
missing for six years.”. In §5.5 those semantic rep-
resentations are used to predict subsentence-level
factuality using edge-level information. In partic-
ular, FACTGRAPH-E employs AMR (Figure 5a)
whereas DAE uses dependencies (Figure 5b).

:ARG0

police

appeal-02

help-01

:ARG2

:ARG0 :ARG1

trace-02 woman
:ARG1

miss-01

:ARG1

temporal-quantity
duration

6year

:quant:unit

:ARG2

police have appealed for help in tracing a woman who has been missing for six years.

ROOT

nsubj
aux case

nmod:for

mark

acl:in

det

dobj nsubj

ref
aux

aux
case

nummod

nmod:for

(a)

(b)

Figure 5: (a) AMR and (b) dependency representations
for the summary “police have appealed for help in trac-
ing a woman who has been missing for six years.”
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and its owner Rupert Murdoch. […]
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Generated Summary: Russell Brand says he wants to sue The Sun newspaper.
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Figure 6: Examples of graph-based meaning representations parsed from sentences of documents and generated
summaries.
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Abstract

Commonly found in academic and formal
texts, a nominalization uses a deverbal noun
to describe an event associated with its corre-
sponding verb. Nominalizations can be diffi-
cult to interpret because of ambiguous seman-
tic relations between the deverbal noun and its
arguments. Automatic generation of clausal
paraphrases for nominalizations can help dis-
ambiguate their meaning. However, previous
work has not identified cases where it is awk-
ward or impossible to paraphrase a compound
nominalization. This paper investigates unsu-
pervised prediction of paraphrasability, which
determines whether the prenominal modifier
of a nominalization can be re-written as a
noun or adverb in a clausal paraphrase. We
adopt the approach of overgenerating candi-
date paraphrases followed by candidate rank-
ing with a neural language model. In exper-
iments on an English dataset, we show that
features from an Abstract Meaning Represen-
tation graph lead to statistically significant im-
provement in both paraphrasability prediction
and paraphrase generation.

1 Introduction

A nominalization is a noun (e.g., “response”) that is
morphologically derived from a verb (“respond”),
and that designates some aspects of the event re-
ferred to by the verb (Quirk et al., 1985). In a com-
pound nominalization, this deverbal noun may have
both prenominal and postnominal modifiers. The
prenominal modifier can be a noun (e.g., “police
response to the rioting”) or an adjective (“bodily
injury to a friend”), while postnominal modifiers
are prepositional phrases (“presidential nomination
of Harrison”).

Academic and other formal texts utilize nomi-
nalization extensively to produce a compact and
abstract writing style. The meaning of compound
nominalizations can however be difficult to inter-
pret because of ambiguous semantic relations be-

tween the deverbal noun and its modifiers. In par-
ticular, the prenominal modifier can play multi-
ple semantic roles in the corresponding predicate
or clausal paraphrase: as a subject (e.g., “the po-
lice response” → “the police responds”); as an
object (“bodily injury” → “injure the body”); as
an oblique (“presidential nomination” → “nomi-
nate as president”; as an adverb (“symbolic admis-
sion”→ “admit symbolically”; or none of the above
(“stellar performance” 6→ “a star performs”).

The paraphrasability of the prenominal modi-
fier — whether it describes an entity, the manner
of an action, or neither — therefore has direct im-
pact on NLP tasks that require interpretation of
compound nominalizations. This ambiguity affects
accuracy in relation extraction, which is impor-
tant for information retrieval and question answer-
ing (Greenwood, 2004; Klein et al., 2020). A ma-
chine translation system must also be able to ren-
der the deverbal noun and its prenominal modifier
properly when there is no equivalent nominaliza-
tion in the target language. Further, paraphrasabil-
ity prediction could benefit nominal semantic role
labeling, which needs to identify the role played
by the prenominal modifier (Lapata, 2002; Padó
et al., 2008; Kilicoglu et al., 2010). Finally, it is
critical for nominalization paraphrasing. When a
clausal paraphrase is not available for the input
nominalization, approaches that do not consider
paraphrasability may produce an invalid or mis-
leading output (Lee et al., 2021).

This study focuses on English, the dominant
language for academic texts. It aims to make
two contributions. First, we enlarge an existing
dataset to cover three paraphrasability categories
for prenominal modifiers in a compound nominal-
ization (paraphrased as noun, as adverb or non-
paraphrasable). Second, we extend an algorithm to
take paraphrasability into account, and show that
features from Abstract Meaning Representation
graphs improve performance in both paraphrasabil-

3254



ity prediction and paraphrase generation.
The rest of the paper is organized as follows.

After defining our task (Section 2), we summarize
previous research (Section 3). We then describe our
dataset (Section 4) and present our approach (Sec-
tions 5-6). Then, we discuss experimental results
(Section 7-8) and conclude (Section 9).

2 Paraphrasability of nominalizations

2.1 Motivation

Our goal is to paraphrase a nominalization into a
“clausal paraphrase”, which we define as a clause
headed by a verb whose syntactic arguments (e.g.,
subject, object, and prepositional object) are trans-
formed from the nominal arguments in the input
nominalization. We focus on compound nominal-
izations in which the head noun has a prenominal
modifier and a prepositional object, following the
syntactic form targeted by the only publicly avail-
able dataset for nominalization paraphrasing (Lee
et al., 2021). Some example inputs and outputs are
shown in Table 1.

A clausal paraphrase would not be possible for
a compound nominalization if there is no suitable
verb equivalent for its head noun. Large-scale lan-
guage resources (Meyers et al., 1998) already exist
to help determine whether such a verb exists, and
the task has been tackled in the context of QA se-
mantic role labeling for nominalization (Klein et al.,
2020). Less attention has been paid to another fac-
tor, namely, whether the prenominal modifier can
be expressed as a subject, object or prepositional
object in the paraphrase. We are not aware of previ-
ous data-driven research on this task, which is the
focus of this paper. We will not consider the prepo-
sitional object in the input nominalization, since
it can be incorporated into a clausal paraphrase in
most cases.

2.2 Task definition

The term “paraphrasability” has been used for the
degree of semantic equivalence between syntac-
tic variants of predicate phrases (Fujita and Sato,
2008). We will use this term to refer to the three
categories of paraphrasing behavior of prenominal
modifiers in compound nominalizations:

Noun The prenominal modifier is a noun, or is an
adjective that pertains to a noun, that can serve
as the subject, object or prepositional object in
a clausal paraphrase. In other words, either the

prenominal modifier itself (e.g., “police”) or
its pertainym (“president” for “presidential”)
literally refers to the entity that participates in
the event denoted by the deverbal noun (“po-
lice response”, “presidential nomination”).

Adverb The prenominal modifier is an adjective
that can appear in the clausal paraphrase in
its adverbial form (e.g., “frontal opposition”
→ “oppose frontally”), but not as pertainym
(“frontal opposition” 6→ “the front opposes”).

Nil The prenominal modifier cannot be para-
phrased with either method above (e.g., “stel-
lar performance” 6→ “a star performs”; “brain
drain” 6→ “drain a brain”).

As shown in Table 1, the input is a nominaliza-
tion that consists of a deverbal noun (derived from
the verb V ); its prenominal modifier (bolded); and
a prepositional phrase. The output of the Para-
phrasability Prediction task is the part-of-speech
label of the word to which the prenominal modifier
is paraphrased (bolded). The label can be Noun,
Adverb, or Nil when it is not paraphrasable.

The output of the Paraphrase Generation task
is a clausal paraphrase of the input. It incorporates
the verb V , the prepositional object from the input
(marked with O); and either a noun (marked with
M ) or an adverb (marked with B) corresponding
to the prenominal modifier. The gold paraphrase of
the Nil type input is defined as null. The only way
to render such an input as a clause is with a support
verb or light verb (e.g., “stellar performance”→
“give a stellar performance” ). Since the paraphrase
retains the original nominalization, it does not serve
our goal of unpacking its meaning.

3 Previous work

3.1 Noun literality prediction

There has been extensive research on composi-
tionality analysis on noun compounds (Reddy
et al., 2011), adjective-noun combinations and
other types of multiword expressions (MWEs) (Bie-
mann and Giesbrecht, 2011; Ramisch et al., 2016;
Cordeiro et al., 2019; Jana et al., 2019). Compo-
sitionality refers to the extent to which the mean-
ing of the MWE can be expressed in terms of the
meaning of its constituents. It therefore has con-
siderable overlap with literality prediction, which
would identify, for example, the noun “rat” in “rat
race” as non-literal (Reddy et al., 2011).
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Input Paraphrase Paraphrasability
Nominalization Generation Prediction
American influence on global culture AmericaM influencesV global cultureO Noun
police response to the rioting the policeM respondsV to the riotingO

climatic effects of air pollutants air pollutantsO affectV the climateM
war preparations of the government the governmentO preparesV for warM
bodily injury to a friend injureV the bodyM of a friendO

student admissions into universities admitV studentsM into universitiesO

presidential nomination of Harrison nominateV HarrisonO as presidentM
business travel to Greece travelV to GreeceO for businessM
naval assistance from Italian powers naviesM of Italian powersO assistV

majority decision of the panel a majorityM of the panelO decidesV

frontal opposition of the employers The employersO opposeV frontallyB Adverb
dynamic allocation of licenses allocateV licensesO dynamicallyB

stellar performance of the rookies null Nil
brain drain of scientists null

Table 1: Input and output of the Paraphrasability Prediction and Paraphrase Generation task (Section 2.2)

Our task is closely related to literality predic-
tion since compound nominalizations are a subset
of noun-noun compounds; in particular, a prenom-
inal modifier that is “literal” would likely be of
paraphrasability type Noun (Section 2.2). We will
therefore evaluate the performance of a state-of-
the-art noun literality prediction model (Shwartz
and Dagan, 2019) in our experiment.

Our task is nonetheless distinct from literal-
ity prediction since it focuses on paraphrasability
rather than literalness. For example, even when a
prenominal modifier is used metaphorically and is
non-literal (e.g. “circular argument”), it would be
labeled Noun in terms of paraphrasability if it can
appear in a clausal paraphrase (“argue in a circle”).

3.2 Noun compound interpretation

A noun compound can be disambiguated with a
free-form paraphrase (Hendrickx et al., 2013), or
with verbs and prepositions linking the two nouns,
e.g., “apple pie” is a “pie with apples” (Butnariu
et al., 2010; Nakov and Hearst, 2013). Unsuper-
vised approaches have been found to be effective
for noun compound interpretation. Paraphrase tem-
plates with slots for prepositions and predicates,
for example, can be filled using pre-trained masked
language models (Ponkiya et al., 2020). We will
likewise investigate unsupervised approaches in
this work. Even though compound nominalizations
are a subset of noun-noun compounds, our task
is different since paraphrases in noun compound
interpretation do not transform the head noun into

a verb.

3.3 Paraphrasing nominalizations

Research on nominalization interpretation has
mostly focused on nominal semantic role labeling,
which assigns abstract labels (e.g., agent, patient,
manner) to arguments of nominalizations (Lapata,
2002; Nicholson and Baldwin, 2008; Padó et al.,
2008; Kilicoglu et al., 2010). Given the system-
atic correspondences between nominalization and
clause structure, there have also been efforts to
paraphrase nominalizations as clauses. Algorithms
have been proposed for automatic acquisition of
paraphrase templates, which can cover nominal-
ization inputs (Shinyama et al., 2002). The para-
phrasing task has also been indirectly addressed in
a model for question and answer generation from
nominalizations (Klein et al., 2020).

The most closely related work to this paper was
reported in Lee et al. (2021). Their proposed model
first overgenerates paraphrase candidates, and then
uses textual entailment to identify the optimal can-
didate. However, since all nominalizations in their
dataset have paraphrases, their algorithm makes
no judgment on paraphrasability. We extend their
dataset and investigate paraphrasability prediction
to fill in this research gap.

4 Dataset

The only publicly available dataset of clausal para-
phrases, developed by Lee et al. (2021), provides
450 paraphrases for English nominalizations. All

3256



Paraphrasability Adjectival Nominal
Label modifier modifier
Noun 281 169
Adverb 55 n/a
Nil 91 38

Table 2: Breakdown of our dataset according to para-
phrasability label and part-of-speech of the prenominal
modifier

instances are of the paraphrasability label Noun
(Section 2.2). To facilitate our study, we enlarged
this dataset with inputs of the Adverb and Nil
paraphrasability labels.

4.1 Data source

In the interest of consistency with the existing
dataset, we focus on nominalizations with the same
syntactic pattern. Specifically, we collected sen-
tences from English Wikipedia that contain a noun
phrase headed by a deverbal noun with one prenom-
inal modifier and one postnominal modifier.

As shown in Table 1, the postnominal modifier
is a prepositional phrase with prepositional object
O. The prenominal modifier can be a noun or an
adjective. To create a challenging dataset, the ad-
jective must have a pertainym, or can itself also
serve as noun (e.g., “light”), such that multiple
paraphrasability labels are plausible.

4.2 Annotation

Two annotators, a native speaker and a near-native
speaker of English, independently classified the
nominalizations into one of three paraphrasability
labels (Section 2.2). For those labeled as Adverb,
the annotator composed a paraphrase with an ad-
verb that is derivationally related to the adjective.
For those labeled as Nil, no paraphrase was re-
quired. Examples for each label are provided in
Table 1.

A professor of linguistics who is a native speaker
of English reviewed the annotation, either keeping
both or selecting one of them. A total of 184 non-
Noun instances were collected and added to the
dataset, resulting in an expanded dataset with 634
paraphrases (Table 2).1

5 Paraphrase candidates

Our approach is to first overgenerate paraphrase
candidates for each input, and then identify the op-

1Accessible at https://github.com/NominalizationParaphrase

timal candidate. This section presents the candidate
types, and the next section describes the candidate
selection algorithm.

Table 3 shows the paraphrase candidates for the
input “frontal opposition of the employers”. The
prenominal modifier, “frontal”, is transformed into
various parts-of-speech and placed at different po-
sitions in the candidates. Each candidate is associ-
ated with one of the three paraphrasability types:

5.1 Noun
The Noun type candidates are the five paraphrases
defined in Lee et al. (2021). The prenominal modi-
fier is paraphrased as a noun in the subject (MVO,
MOV), object (OVM, VMO), and oblique (VOM)
positions.

5.2 Adverb
There are four paraphrase candidates for the
Adverb type. The prenominal modifier must be
an adjective. It is paraphrased as an adverb that
pertains to itself, according to WordNet (Fellbaum,
2010); or an adverb that is derivationally related
to itself, according to CatVar (Habash and Dorr,
2003). The adverb (B) is placed either before the
verb (BVO, OBV) or at the end of the clause (VOB,
OVB).

5.3 Nil
There are, by definition, no obvious paraphrase
candidates to represent inputs of the Nil type. We
implemented the following alternatives:

Identity The nominalization input itself.

Light verb The paraphrase retains the nominaliza-
tion as the object of a light verb or support
verb (Grefenstette and Teufel, 1995). One
paraphrase candidate prepends the light verb;
e.g., “home run against Arizona” → “hit a
home run against Arizona”. The other candi-
date uses the prepositional object (O) as sub-
ject; e.g., “stellar performance of the rookies”
→ “the rookies give a stellar performance”.

Predicative adjective Limited to prenominal
modifiers that are adjectives, this paraphrase
uses the adjective predicatively to form a
clause. The paraphrase is designed, on the one
hand, to be acceptable for Nil type inputs,
e.g., “stellar performance of the rookies”→
“the performance of the rookies is stellar”;
and on the other hand, to be unacceptable for
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Paraphrasability Paraphrase Candidate Word Order
Label
Noun the front opposes the employers MVO

the employers oppose the front OVM
oppose the front of the employers VMO
oppose the employers at the front VOM
front employers oppose MOV

Adverb oppose the employers frontally VOB
frontally oppose the employers BVO
the employers oppose frontally OVB
the employers frontally oppose OBV

Nil frontal opposition of the employers Identity
Opposition of the employers is frontal Predicative Adjective
have frontal opposition of the employers Light Verb
the employers face frontal opposition Light Verb

Table 3: Automatically generated paraphrase candidates (Section 5) for the input “frontal opposition of the em-
ployers”, which place the prenominal modifier (M or B), verb (V) and prepositional object (O) in the input nomi-
nalization in different word orders

nominal adjectives, which cannot be used as a
predicate (Coates, 1971), e.g., “presidential
nomination of Harrison” 6→ “the nomination
of Harrison is presidential”.

We used a masked language model, BERT (De-
vlin et al., 2019), to generate the most likely deter-
miners, prepositions and light verbs for the para-
phrase candidates above.

6 Approach

As discussed in Section 4.1, the input is a sentence
that contains a nominalization, headed by a de-
verbal noun that has a prenominal modifier and
a prepositional phrase (Table 1). The prenominal
modifier may be a noun or an adjective.

We first overgenerate paraphrases to construct
a candidate pool (Section 6.1), and then filter the
pool by considering paraphrasability (Section 6.2).
For the Paraphrase Generation task, the output is
the best candidate selected by the textual entail-
ment and language models (Section 6.3). For the
Paraphrarasability Prediction task, the output is the
paraphrasability label associated with the selected
candidate (Table 3).

6.1 Candidate pool construction

This step constructs a pool of paraphrase candi-
dates. We evaluated the following methods:

All Include all paraphrase candidates in Table 3.

Gold Include only those paraphrase candidates as-
sociated with the gold paraphrasability label.

Majority baseline Include only those paraphrase
candidates associated with the majority para-
phrasability label, which is Noun in our
dataset. This baseline replicates the algorithm
proposed by Lee et al. (2021), which consid-
ers only the MVO, OVM, VMO, VOM, and
MOV paraphrases in Table 3.

Word frequency baseline Include the Noun type
(Adverb type) paraphrase candidates only
when the noun (the adverb) corresponding to
the prenominal modifier has high frequency.
The frequency threshold is optimized on our
dataset based on frequency statistics in the
Google Web 1T N-gram Corpus (Brants and
Franz, 2006).

6.2 Candidate pool filtering
This step filters the candidate pool constructed by
the All model. We evaluated two methods that
consider paraphrasability through semantic parsing
and literality prediction, respectively.

6.2.1 Filtering with AMR
Abstract Meaning Representation (AMR) abstracts
away from the syntactic realization of a sentence
and expresses its meaning with a directed acyclic
graph, where nodes represent events and con-
cepts, and edges represent relationships between
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Figure 1: AMR graph of the sentence “... a court for the
constitutional interpretation of law”, which is predicted
as Noun by the All+AMR model (Section 6.2.1)

the nodes (Banarescu et al., 2013). In an AMR
graph, deverbal nouns are annotated as verbs, and
adjectives pertaining to nouns are annotated in their
nominal form whenever possible.

We use PERIN (Samuel and Straka, 2020) to
construct an AMR graph for the input sentence,
and align the nodes with the words in the input.
We will refer to the node aligned to the deverbal
noun as the “deverbal noun node”; and the node
aligned to the prenominal modifier as the “prenom-
inal modifier node”. In Figure 1, the “constitution”
node is the prenominal modifier node (aligned to
“constitutional” in the input); and the “interpret-01”
node is the deverbal noun node (aligned to “inter-
pretation”).

The All+AMR model predicts Noun as para-
phrasability label and removes all non-Noun type
candidates from the pool if the prenominal modifier
node:

• is an argument of the deverbal noun node; or

• is the domain of the deverbal noun node, and
is annotated as a noun.

Otherwise, it predicts paraphrasability to be non-
Noun and removes all Noun type candidates from
the pool.

For example, the model predicts Noun as para-
phrasability label for the sentence in Figure 1,
since the prenominal modifier node (“constitution”)
serves as arg0 to the deverbal noun node (“interpret-
01”). The model rejects Noun as paraphrasability

Figure 2: AMR graph of the sentence “... the secular
celebration of Christmas”, which is predicted as non-
Noun by the All+AMR model (Section 6.2.1)

label for the sentence in Figure 2. Even though the
prenominal modifier node (“secular”) is the domain
of the deverbal noun node (“celebrate-02”), it is
annotated with the original adjective rather than its
nominal form.

6.2.2 Filtering with noun literality prediction
Noun literality prediction is closely related to para-
phrasability prediction (Section 3.1). We use Lex-
Comp (Shwartz and Dagan, 2019), a state-of-the-
art model in noun literality prediction, which is
trained on datasets from Reddy et al. (2011) and
Tratz et al. (2010) using contextualized word em-
beddings.2

Given the prenominal modifier and the deverbal
noun in the input, the All+LexComp model pre-
dicts Noun as paraphrasability label if LexComp
predicts “literal”, and removes all non-Noun type
candidates. Otherwise, it predicts Nil and keeps
only the Nil type paraphrases. This model does
not perform filtering on an input with an adjectival
modifier.

6.3 Candidate selection
A textual entailment model (TE), enhanced with
re-ranking by language model scores, was found to
yield the strongest performance in paraphrase gen-
eration for compound nominalizations (Lee et al.,
2021). Taking the nominalization input as the

2https://github.com/vered1986/lexcomp
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premise and a paraphrase candidate as the hypoth-
esis, the TE model predicts whether the facts in
the former imply those in the latter. Among the
three candidate paraphrases that yield the highest
TE scores, the candidate with the highest language
model (LM) score is selected.

We replicate this algorithm and apply it on the fil-
tered candidate pool. We use the AllenNLP textual
entailment model3, and the log-probability score
based on GPT-2 (117M) as the LM score (Salazar
et al., 2020).4

7 Experimental set-up and metrics

The entire dataset was used for evaluation since our
approach is unsupervised. We used SpaCy (Honni-
bal and Johnson, 2015) for POS tagging to deter-
mine the POS of the prenominal modifier.

Paraphrasability prediction. We report preci-
sion, recall and F1. Precision is defined as the num-
ber of actual Noun instances, out of all instances
predicted by the system as Noun. Recall is defined
as the proportion of gold Noun instances that are
correctly identified by the system as Noun.

Paraphrase generation. We report “paraphrase
accuracy” and “word order accuracy” as defined in
Lee et al. (2021). For the former, the determiners
are removed from all paraphrases. The system is
considered correct if the lemmatized form of all
words in the predicted paraphrase are identical with
those in the gold paraphrase. The latter is defined
likewise, except that prepositions are not taken into
consideration. It thus essentially measures the sys-
tem’s ability to predict the verb and arguments and
to put them into the correct word order. The word
orders VOB/BVO and OVB/OBV are considered
interchangeable.

8 Results

Table 4 shows system performance on the para-
phrasability prediction (Section 8.1) and its effect
on paraphrase generation (Section 8.2).

8.1 Paraphrasability prediction
Given the preponderance of the Noun label in our
dataset, the Majority baseline produced a strong
performance at 0.673 precision and perfect recall.
It outperforms the Word Frequency baseline, which
has slightly higher precision (0.686) but lower re-
call (0.911), both in terms of F1 and accuracy.

3https://demo.allennlp.org/textual-entailment/roberta-snli
4https://github.com/awslabs/mlm-scoring

Using all paraphrase candidates resulted in
an improvement in binary classification accuracy
(0.711 vs. 0.673) over the Majority baseline,
demonstrating the effectiveness of the Adverb
and Nil paraphrases (Section 5.2-5.3). In terms
of three-way classification, however, it offered no
improvement over the Majority baseline (0.671 vs.
0.673). This indicates that while the candidate se-
lection method (Section 6.3) can correctly detect
some Noun type candidates as inappropriate, it
is less competent in judging between Adverb vs.
Nil paraphrases.

The All+LexComp model raised the accuracy by
only 0.4% in comparison to the All model. This
result suggests that noun literality prediction is only
slightly helpful as a proxy for paraphrasability.

The All+AMR model achieved the highest F1

(0.852) by raising both the precision and recall
of the All model. The improvement is statisti-
cally significant in terms of both binary classifica-
tion (0.782)5 and three-way classification (0.744)6.
These results show that AMR is useful for predict-
ing paraphrasability, which may be due to the more
fine-grained semantic information in the AMR
graphs that could not be inferred by the LM and
TE models in the candidate selection step. The
improvement of the All+AMR model over the
All+LexComp model is also significant7, likely
because the semantic features in the AMR graphs
are more relevant to paraphrasability than literality.

Table 5 shows the paraphrasability labels pre-
dicted by the All+AMR model. While it was able
to identify most of the Noun inputs, it did so for
only half of the Adverb ones. The most chal-
lenging turned out to be the Nil inputs, which the
model succeeded in detecting less than one-third
of the time.

8.2 Paraphrase generation

Despite its higher accuracy in paraphrasability pre-
diction, the Majority baseline (0.264 paraphrase
accuracy) performed worse than the Word Fre-
quency baseline (0.275) in paraphrase generation.
This likely reflects the greater challenge in identi-
fying the correct Noun type paraphrases than the
Advice and Nil types.

For the other models, performance in para-

5p = 0.000556 according to McNemar’s Test with conti-
nuity correction; the same test is used henceforth

6At p = 0.000172
7p = 0.00169 on binary classification and p = 0.000667

on three-way classification
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Metric→ Paraphrasability Prediction Paraphrase Generation
Noun vs. non-Noun 3-way Word order Paraphrase

↓Model P R F1 Accuracy Accuracy Accuracy Accuracy
Word Frequency 0.686 0.911 0.783 0.660 0.645 0.384 0.275
Majority 0.673 1.000 0.804 0.673 0.673 0.376 0.264
All 0.743 0.873 0.802 0.711 0.671 0.416 0.318
All+LexComp 0.752 0.859 0.802 0.715 0.675 0.424 0.333
All+AMR 0.784 0.932 0.852 0.782 0.744 0.462 0.347
Gold 1 1 1 1 1 0.704 0.591

Table 4: Performance on paraphrasability prediction and paraphrase generation

Predicted→ Noun Adverb Nil
↓ Gold
Noun 345 13 12
Adverb 17 24 8
Nil 78 13 40

Table 5: Contingency table for the paraphrasability pre-
diction of the All+AMR model

phrasability prediction is largely correlated to para-
phrase generation. The All model improved over
the Majority baseline both in terms of word order
(0.416) and paraphrase accuracy (0.318). Consider
the input “... the apocalyptic destruction of the
town and the cult”. The All model correctly de-
clined to paraphrase (null output) on the basis of
the high score secured by the light-verb paraphrase
“the town and the cult suffer an apocalyptic destruc-
tion”. In contrast, the Majority baseline produced
the inappropriate paraphrase “the apocalypses de-
stroy the town and the cult”.

The All+AMR model again offered the best per-
formance, at 0.462 word order accuracy and 0.347
paraphrase accuracy.8 For the sentence in Figure 1,
the All model generated the predicative adjective
paraphrase “interpretation of law is constitutional”
due to the high LM score, even though the word
“constitutional” yields a different meaning in this
paraphrase. The All+AMR model was able to re-
ject this paraphrase since the word “constitution”
was inferred to play the subject role. Conversely, in
Figure 2, the model was able to reject paraphrases
involving the noun “secularism”, since the AMR
parser annotated with the original adjective “secu-

8The improvement in word order accuracy is statistically
significant over the All and All+LexComp models at p =
0.0211 and p = 0.0482, respectively. The improvement in
paraphrase accuracy is not significant, however, at p = 0.0970
and p = 0.428 against the All and All+LexComp models,
respectively.

lar”. The considerable performance gap from the
Gold model (paraphrase accuracy 0.591), however,
indicates there is still much room for improvement
in interpreting nominalizations.

9 Conclusion

A clausal paraphrase can help disambiguate a
nominalization semantically, especially when the
prenominal modifier is difficult to interpret. This
paper has presented the first study on determining
the paraphrasability of the prenominal modifier in
a compound nominalization. We have expanded an
existing dataset to cover cases when the prenominal
modifier can appear as a noun in the paraphrase, as
an adverb, or not at all.

Our experiments suggest that overgeneration of
paraphrase candidates, followed by ranking with a
textual entailment model and language model, can
yield competitive results. Further, AMR-based fea-
tures lead to statistically significant improvement
in performance.

A limitation of our study is the restricted syntac-
tic form of the input nominalizations. To facilitate
more comprehensive evaluation, future research
should consider expanding the dataset further to
cover a wider range of nominalizations, and richer
variations in their clausal paraphrases.
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Abstract

We propose a global entity disambiguation
(ED) model based on BERT (Devlin et al.,
2019). To capture global contextual informa-
tion for ED, our model treats not only words
but also entities as input tokens, and solves
the task by sequentially resolving mentions
to their referent entities and using resolved
entities as inputs at each step. We train the
model using a large entity-annotated corpus
obtained from Wikipedia. We achieve new
state-of-the-art results on five standard ED
datasets: AIDA-CoNLL, MSNBC, AQUAINT,
ACE2004, and WNED-WIKI. The source code
and model checkpoint are available at https:
//github.com/studio-ousia/luke.

1 Introduction

Entity disambiguation (ED) refers to the task of
assigning mentions in a document to correspond-
ing entities in a knowledge base (KB). This task is
challenging because of the ambiguity between men-
tions (e.g., “World Cup”) and the entities they refer
to (e.g., FIFA World Cup or Rugby World Cup).
ED models typically rely on local contextual infor-
mation based on words that co-occur with the men-
tion and global contextual information based on
the entity-based coherence of the disambiguation
decisions. A key to improve the performance of ED
is to effectively combine both local and global con-
textual information (Ganea and Hofmann, 2017;
Le and Titov, 2018).

In this study, we propose a global ED model
based on BERT (Devlin et al., 2019). Our model
treats words and entities in the document as in-
put tokens, and is trained by predicting randomly
masked entities in a large entity-annotated corpus
obtained from Wikipedia. This training enables
the model to learn how to disambiguate masked
entities based on words and non-masked entities.
At the inference time, our model disambiguates

∗ Work done at RIKEN.

[MASK] [MASK]

Lionel Messi

[CLS] played in the world cup

Input:   Messi played in the World Cup

mess ##i [SEP]

Lionel Messi [MASK]

FIFA World Cup

Transformer

Words Entities

Transformer

Lionel MessiResult:

[CLS] played in the world cupmess ##i [SEP]

Figure 1: The inference procedure of our model with
the input text “Messi played in the World Cup.” Given
mentions (“Messi” and “World Cup”), our model se-
quentially resolves them to their referent entities, and
uses the resolved entities as contexts at each step.

mentions sequentially using words and already re-
solved entities (see Figure 1). This sequential infer-
ence effectively accumulates the global contextual
information and enhances the coherence of disam-
biguation decisions (Yang et al., 2019).

We conducted extensive experiments using
six standard ED datasets, i.e., AIDA-CoNLL,
MSNBC, AQUAINT, ACE2004, WNED-WIKI,
and WNED-CWEB. As a result, the global con-
textual information consistently improved the per-
formance. Furthermore, we achieved new state
of the art on all datasets except for WNED-
CWEB. The source code and model check-
point are available at https://github.com/
studio-ousia/luke.

2 Related Work

Transformer-based ED. Several recent stud-
ies have proposed ED models based on Trans-
former (Vaswani et al., 2017) trained with a large
entity-annotated corpus obtained from Wikipedia
(Broscheit, 2019; Ling et al., 2020; Févry et al.,
2020; Cao et al., 2021; Barba et al., 2022).
Broscheit (2019) trained an ED model based on
BERT by classifying each word in the document
to the corresponding entity. Similarly, Févry et al.
(2020) addressed ED using BERT by classifying
mention spans to the corresponding entities. Ling
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A[SEP]
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Figure 2: The input representation of our model with the text “Messi played in the World Cup” with mentions
“Messi” and “World Cup”. The entity corresponding to the mention “World Cup” is replaced by the [MASK] token.

et al. (2020) trained BERT by predicting entities
using the document-level representation. Cao et al.
(2021) addressed ED by training BART (Lewis
et al., 2020) to generate referent entity titles of tar-
get mentions in an autoregressive manner. Barba
et al. (2022) formulated ED as a text extraction
problem; they fed the document and candidate en-
tity titles to BART and Longformer (Beltagy et al.,
2020) and disambiguated a mention in the docu-
ment by extracting the referent entity title of the
mention. However, unlike our model, these models
addressed the task based only on local contextual
information.

Treating entities as inputs of Transformer. Re-
cent studies (Zhang et al., 2019; Yamada et al.,
2020; Sun et al., 2020) have proposed Transformer-
based models that treat entities as input tokens to
enrich their expressiveness using additional infor-
mation contained in the entity embeddings. How-
ever, these models were designed to solve general
NLP tasks and not tested on ED. We treat entities
as input tokens to capture the global context that is
shown to be highly effective for ED.

ED as sequential decision task. Past studies
(Yang et al., 2019; Fang et al., 2019) have solved
ED by casting it as a sequential decision task to
capture global contextual information. We adopt a
similar method with an enhanced Transformer ar-
chitecture, a training task, and an inference method
to implement the global ED model based on BERT.

3 Model

Given a document with N mentions, each of which
has K entity candidates, our model solves ED by
selecting a correct referent entity from the entity
candidates for each mention.

3.1 Model Architecture

Our model is based on BERT and takes words and
entities (Wikipedia entities or the [MASK] entity).
The input representation of a word or an entity is
constructed by summing the token, token type, and
position embeddings (see Figure 2):

Token embedding is the embedding of the cor-
responding token. The matrices of the word and
entity token embeddings are represented as A ∈
RVw×H and B ∈ RVe×H , respectively, where H is
the size of the hidden states of BERT, and Vw and
Ve are the number of items in the word vocabulary
and that of the entity vocabulary, respectively.

Token type embedding represents the type of to-
ken, namely word (Cword) or entity (Centity).

Position embedding represents the position of the
token in a word sequence. A word and an entity
appearing at the i-th position in the sequence are
represented as Di and Ei, respectively. If an entity
mention contains multiple words, its position em-
bedding is computed by averaging the embeddings
of the corresponding positions (see Figure 2).

Following Devlin et al. (2019), we tokenize the
document text using the BERT’s wordpiece tok-
enizer, and insert [CLS] and [SEP] tokens as the
first and last words, respectively.

3.2 Training Task

Similar to the masked language model (MLM) ob-
jective adopted in BERT, our model is trained by
predicting randomly masked entities. Specifically,
we randomly replace some percentage of the enti-
ties with special [MASK] entity tokens and then
trains the model to predict masked entities.

We adopt a model equivalent to the one used to
predict words in MLM. Formally, we predict the
original entity corresponding to a masked entity by
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Algorithm 1: Algorithm of our global ED model.
Input: Words and mentions m1, . . .mN .
Initialize: ei ← [MASK], i = 1 . . . N
repeat N times

For all [MASK]s, obtain predictions using Eq.(3)
with words and entities e1, ..., eN as inputs

Select a mention mj and its prediction êj with
the highest probability
ej ← êj

end
return {e1, . . . , eN}

applying softmax over all entities:

ŷ = softmax(Bme + bo) (1)

me = layernorm
(
gelu(Wfhe + bf )

)
(2)

where he ∈ RH is the output embedding corre-
sponding to the masked entity, Wf ∈ RH×H is a
matrix, bo ∈ RVe and bf ∈ RH are bias vectors,
gelu(·) is the gelu activation function (Hendrycks
and Gimpel, 2016), and layernorm(·) is the layer
normalization function (Lei Ba et al., 2016).

3.3 ED Model
Local ED Model. Our local ED model takes
words and N [MASK] tokens corresponding to the
mentions in the document. The model then com-
putes the embedding m′e ∈ RH for each [MASK]
token using Eq.(2) and predicts the entity using
softmax over the K entity candidates:

ŷED = softmax(B∗m′e + b∗o), (3)

where B∗ ∈ RK×H and b∗o ∈ RK consist of the en-
tity token embeddings and the bias corresponding
to the entity candidates, respectively. Note that B∗

and b∗o are the subsets of B and bo, respectively.

Global ED Model. Our global ED model re-
solves mentions sequentially for N steps (see Al-
gorithm 1). First, the model initializes the entity of
each mention using the [MASK] token. Then, for
each step, it predicts an entity for each [MASK] to-
ken, selects the prediction with the highest probabil-
ity produced by the softmax function in Eq.(3), and
resolves the corresponding mention by assigning
the predicted entity to it. This model is denoted as
confidence-order. We also test a model that selects
mentions according to their order of appearance in
the document and denote it by natural-order.

3.4 Modeling Details
Our model is based on BERTLARGE (Devlin et al.,
2019). The parameters shared with BERT are ini-
tialized using BERT, and the other parameters are

Name
Accuracy

(KB+YAGO)

Accuracy
(PPRforNED)

Baselines:
Yamada et al. (2016) 91.5 93.1
Ganea and Hofmann (2017) 92.2 -
Yang et al. (2018) 93.0 95.9
Le and Titov (2018) 93.1 -
Fang et al. (2019) 94.3 -
Yang et al. (2019) 94.6
Broscheit (2019) 87.9 -
Ling et al. (2020) - 94.9
Févry et al. (2020) 92.5 96.7
Cao et al. (2021) 93.3 -
Barba et al. (2022) 92.6 -

Our model w/o fine-tuning:
confidence-order 92.4 94.6
natural-order 91.7 94.0
local 90.8 94.0

Our model w/ fine-tuning:
confidence-order 95.0 97.1
natural-order 94.8 97.0
local 94.5 96.8

Table 1: In-KB accuracy on the CoNLL dataset.

initialized randomly. We treat the hyperlinks in
Wikipedia as entity annotations and randomly mask
30% of all entities. We train the model by maximiz-
ing the log likelihood of entity predictions. Further
details are described in Appendix A.

4 Experiments

Our experimental setup follows Le and Titov
(2018). In particular, we test the proposed
ED models using six standard datasets: AIDA-
CoNLL (CoNLL) (Hoffart et al., 2011), MSNBC,
AQUAINT, ACE2004, WNED-CWEB (CWEB),
and WNED-WIKI (WIKI) (Guo and Barbosa,
2018). We consider only the mentions that re-
fer to valid entities in Wikipedia. For all datasets,
we use the KB+YAGO entity candidates and their
associated p̂(e|m) (Ganea and Hofmann, 2017),
and use the top 30 candidates based on p̂(e|m).
For the CoNLL dataset, we also test the perfor-
mance using PPRforNED entity candidates (Per-
shina et al., 2015). We report the in-KB accuracy
for the CoNLL dataset and the micro F1 score (av-
eraged per mention) for the other datasets. Further
details of the datasets are provided in Appendix C.

Furthermore, we optionally fine-tune the model
by maximizing the log likelihood of the ED pre-
dictions (ŷED) using the training set of the CoNLL
dataset with the KB+YAGO candidates. We mask
90% of the mentions and fix the entity token em-
beddings (B and B∗) and the bias (bo and b∗o).
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Name MSNBC AQUAINT ACE2004 CWEB WIKI Average
Baselines:

Ganea and Hofmann (2017) 93.7 88.5 88.5 77.9 77.5 85.2
Yang et al. (2018) 92.6 89.9 88.5 81.8 79.2 86.4
Le and Titov (2018) 93.9 88.3 89.9 77.5 78.0 85.5
Fang et al. (2019) 92.8 87.5 91.2 78.5 82.8 86.6
Yang et al. (2019) 93.8 88.3 90.1 75.6 78.8 85.3
Cao et al. (2021) 94.3 89.9 90.1 77.3 87.4 87.8
Barba et al. (2022) 94.7 91.6 91.8 77.7 88.8 88.9

Our model w/o fine-tuning:
confidence-order 96.3 93.5 91.9 78.9 89.1 89.9
natural-order 96.1 92.9 91.9 78.4 89.2 89.7
local 96.1 91.9 91.9 78.4 88.8 89.4

Our model w/ fine-tuning:
confidence-order 94.1 91.5 90.7 78.3 87.6 88.4
natural-order 94.1 90.9 90.7 78.3 87.4 88.3
local 94.1 90.8 90.7 78.2 87.2 88.2

Table 2: Micro F1 score on the MSNBC, AQUAINT, ACE2004, CWEB, and WIKI datasets.

#annotations confidence-order natural-order local G&H2017
0 1.0 1.0 1.0 0.8

1–10 95.55 95.55 95.55 91.93
11–50 96.98 96.70 96.43 92.44
≥51 96.64 96.38 95.80 94.21

Table 3: Accuracy on the CoNLL dataset split by the
frequency of entity annotations. Our models were fine-
tuned using the CoNLL dataset. G&H2017: The results
of Ganea and Hofmann (2017).

The model is trained for two epochs using AdamW.
Additional details are provided in Appendix B.

4.1 Results
Table 1 and Table 2 present our experimental
results. We achieve new state of the art on
all datasets except the CWEB dataset by outper-
forming strong Transformer-based ED models,
i.e, Broscheit (2019), Ling et al. (2020), Févry
et al. (2020), Cao et al. (2021), and Barba et al.
(2022).1 Furthermore, on the CoNLL dataset,
our confidence-order model trained only on our
Wikipedia-based corpus outperforms Yamada et al.
(2016) and Ganea and Hofmann (2017) trained on
its in-domain training set.

Our global models consistently perform better
than the local model, demonstrating the effective-
ness of using global contextual information even
if local contextual information is captured using
expressive BERT model. Moreover, the confidence-
order model performs better than the natural-order
model on most datasets. An analysis investigating
why the confidence-order model outperforms the

1All models listed in Table 2 use Wikipedia as training
data which partly overlap with the WIKI dataset.

natural-order model is provided in the next section.
The fine-tuning on the CoNLL dataset signifi-

cantly improves the performance on this dataset
(Table 1). However, it generally degrades the per-
formance on the other datasets (Table 2). This sug-
gests that Wikipedia entity annotations are more
suitable than the CoNLL dataset to train general-
purpose ED models.

Additionally, our models perform worse than
Yang et al. (2018) on the CWEB dataset. This is
because this dataset is significantly longer on aver-
age than other datasets, i.e., approximately 1,700
words per document on average, which is more
than three times longer than the 512-word limit
that can be handled by BERT-based models includ-
ing ours. Yang et al. (2018) achieved excellent
performance on this dataset because their model
uses various hand-engineered features capturing
document-level contextual information.

4.2 Analysis

To investigate how global contextual information
helps our model to improve performance, we manu-
ally analyze the difference between the predictions
of the local, natural-order, and confidence-order
models. We use the fine-tuned model using the
CoNLL dataset with the YAGO+KB candidates.
Although all models perform well on most men-
tions, the local model often fails to resolve men-
tions of common names referring to specific entities
(e.g., “New York” referring to New York Knicks).
Global models are generally better to resolve such
difficult cases because of the presence of strong
global contextual information (e.g., mentions refer-
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ring to basketball teams).
Furthermore, we find that the confidence-order

model works especially well for mentions that re-
quire a highly detailed context to resolve. For ex-
ample, a mention of “Matthew Burke” can refer
to two different former Australian rugby players.
Although the local and natural-order models incor-
rectly resolve this mention to the player who has
the larger number of occurrences in our Wikipedia-
based corpus, the confidence-order model success-
fully resolves this by disambiguating its contextual
mentions, including his teammates, in advance. We
provide detailed inference sequence of the corre-
sponding document in Appendix D.

4.3 Performance for Rare Entities
We examine whether our model learns effective em-
beddings for rare entities using the CoNLL dataset.
Following Ganea and Hofmann (2017), we use the
mentions of which entity candidates contain their
gold entities and measure the performance by di-
viding the mentions based on the frequency of their
entities in the Wikipedia annotations used to train
the embeddings.

As presented in Table 3, our models achieve en-
hanced performance for rare entities. Furthermore,
the global models consistently outperform the local
model both for rare and frequent entities.

5 Conclusion and Future Work

We propose a new global ED model based on BERT.
Our extensive experiments on a wide range of ED
datasets demonstrate its effectiveness.

One limitation of our model is that, similar to
existing ED models, our model cannot handle en-
tities that are not included in the vocabulary. In
our future work, we will investigate the method to
compute the embeddings of such entities using a
post-hoc training with an extended vocabulary (Tai
et al., 2020).
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Appendix for “Global Entity
Disambiguation with BERT”

A Details of Proposed Model

As the input corpus for training our model, we use
the December 2018 version of Wikipedia, compris-
ing approximately 3.5 billion words and 11 million
entity annotations. We generate input sequences by
splitting the content of each page into sequences
comprising ≤ 512 words and their entity annota-
tions (i.e., hyperlinks). The input text is tokenized
using BERT’s tokenizer with its vocabulary con-
sisting of Vw = 30, 000 words. Similar to Ganea
and Hofmann (2017), we create an entity vocabu-
lary consisting of Ve = 128, 040 entities, which are
contained in the entity candidates in the datasets
used in our experiments.

Our model consists of approximately 440 mil-
lion parameters. To reduce the training time, the
parameters that are shared with BERT are initial-
ized using BERT. The other parameters are initial-
ized randomly. The model is trained via iterations
over Wikipedia pages in a random order for seven
epochs. To stabilize the training, we update only
those parameters that are randomly initialized (i.e.,
fixed the parameters initialized using BERT) at
the first epoch, and update all parameters in the
remaining six epochs. We implement the model
using PyTorch (Paszke et al., 2019) and Hugging
Face Transformers (Wolf et al., 2020), and the train-
ing takes approximately ten days using eight Tesla
V100 GPUs. We optimize the model using AdamW.
The hyper-parameters used in the training are de-
tailed in Table 4.

B Details of Fine-tuning on CoNLL
Dataset

The hyper-parameters used in the fine-tuning on
the CoNLL dataset are detailed in Table 5. We se-
lect these hyper-parameters from the search space
described in Devlin et al. (2019) based on the accu-
racy on the development set of the CoNLL dataset.
A document is split if it is longer than 512 words,
which is the maximum word length of the BERT
model.

C Details of ED Datasets

The statistics of the ED datasets used in our experi-
ments are provided in Table 6.

Name Value
number of hidden layers 24
hidden size 1024
attention heads 16
attention head size 64
activation function gelu
maximum word length 512
batch size 2048
learning rate (1st epoch) 5e-4
learning rate decay (1st epoch) none
warmup steps (1st epoch) 1000
learning rate 5e-5
learning rate decay linear
warmup steps 1000
dropout 0.1
weight decay 0.01
gradient clipping 1.0
adam β1 0.9
adam β2 0.999
adam ϵ 1e-6

Table 4: Hyper-parameters used for training on
Wikipedia entity annotations.

Name Value
maximum word length 512
number of epochs 2
batch size 16
learning rate 2e-5
learning rate decay linear
warmup proportion 0.1
dropout 0.1
weight decay 0.01
gradient clipping 1.0
adam β1 0.9
adam β2 0.999
adam ϵ 1e-6

Table 5: Hyper-parameters during fine-tuning on the
CoNLL dataset.

D Example of Inference by
Confidence-order Model

Figure 3 shows an example of the inference per-
formed by our confidence-order model fine-tuned
on the CoNLL dataset. The document is obtained
from the test set of the CoNLL dataset. As shown
in the figure, the model starts with unambiguous
player names to recognize the topic of the docu-
ment, and subsequently resolves the mentions that
are challenging to resolve.

Notably, the model correctly resolves the men-
tion “Nigel Walker” to the corresponding former
rugby player instead of a football player, and the
mention “Matthew Burke” to the correct former
Australian rugby player born in 1973 instead of
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Document: 
"Campo has a massive following in this country and has had the public with him ever since he first played here 
in 1984," said Andrew, also likely to be making his final 20: Twickenham appearance. On 
tour, 17: Australia have won all four tests against 46: Italy, 47: Scotland, 48: Ireland and 45: Wales, and 
scored 414 points at an average of almost 35 points a game. League duties restricted the 28: Barbarians' 
selectorial options but they still boast 13 internationals including 44: England full-back 16: Tim Stimpson and 
recalled wing 22: Tony Underwood, plus 12: All Black forwards 25: Ian Jones and 14: Norm Hewitt. 
Teams: 27: Barbarians - 15 - 7: Tim Stimpson (31: England); 14 - 50: Nigel Walker (36: Wales), 13 - 1: Allan 
Bateman (32: Wales), 12 - 10: Gregor Townsend (39: Scotland), 11 - 4: Tony Underwood (34: England); 10 -
 17: Rob Andrew (33: England), 9 - 2: Rob Howley (35: Wales); 8 - 15: Scott Quinnell (37: Wales), 7 - 8: Neil 
Back (38: England), 6 - 19: Dale McIntosh (41: Pontypridd), 5 - 24: Ian Jones (51: New Zealand), 4 - 11: Craig 
Quinnell (40: Wales), 3 - 5: Darren Garforth (42: Leicester), 2 - 18: Norm Hewitt (52: New Zealand), 1 - 3: Nick 
Popplewell (49: Ireland). 43: Australia - 15 - 53: Matthew Burke; 14 - 9: Joe Roff, 13 - 26: Daniel Herbert, 12 -
 20: Tim Horan (captain), 11 - 23: David Campese; 10 - 29: Pat Howard, 9 - Sam Payne; 8 - Michael Brial, 7 -
 30: David Wilson, 6 - 13: Owen Finegan, 5 - 21: David Giffin, 4 - Tim Gavin, 3 - Andrew Blades, 2 - Marco 
Caputo, 1 - 6: Dan Crowley. 

Order of Inference by Confidence-order Model: 
Allan Bateman ! Rob Howley ! Nick Popplewell ! Tony Underwood ! Darren Garforth ! Dan Crowley ! 
Tim Stimpson ! Neil Back ! Joe Roff ! Gregor Townsend ! Craig Quinnell ! All Black ! Owen Finegan ! 
Norm Hewitt ! Scott Quinnell ! Tim Stimpson ! Australia ! Norm Hewitt ! Dale McIntosh ! Tim Horan ! 
David Giffin ! Tony Underwood ! David Campese ! Ian Jones ! Ian Jones ! Daniel Herbert ! Barbarians ! 
Barbarians ! Pat Howard ! David Wilson ! England ! Wales ! England ! England ! Wales ! Wales ! 
Wales ! England ! Scotland ! Wales ! Pontypridd ! Leicester ! Australia ! England ! Wales ! Italy ! 
Scotland ! Ireland ! Ireland ! Nigel Walker ! New Zealand ! New Zealand ! Matthew Burke

Figure 3: An illustrative example showing the inference performed by our fine-tuned confidence-order model on a
document in the CoNLL dataset. Mentions are shown as underlined. Numbers in boldface represent the selection
order of the confidence-order model.

Name #mentions #documents
CoNLL (training) 18,448 946
CoNLL (development) 4,791 216
CoNLL (test) 4,485 231
MSNBC 656 20
AQUAINT 727 50
ACE2004 257 36
CWEB 11,154 320
WIKI 6,821 320

Table 6: Statistics of ED datasets.

the former Australian rugby player born in 1964.
This is accomplished by resolving other contextual
mentions, including their colleague players, in ad-
vance. These two mentions are denoted in red in
the figure. Note that our local model fails to resolve
both mentions, and our natural-order model fails to
resolve “Matthew Burke.”
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Abstract

A trending paradigm for multiple-choice ques-
tion answering (MCQA) is using a text-to-text
framework. By unifying data in different tasks
into a single text-to-text format, it trains a gen-
erative encoder-decoder model which is both
powerful and universal. However, a side ef-
fect of twisting a generation target to fit the
classification nature of MCQA is the under-
utilization of the decoder and the knowledge
that can be decoded. To exploit the genera-
tion capability and underlying knowledge of a
pre-trained encoder-decoder model, in this pa-
per, we propose a generation-enhanced MCQA
model named GenMC. It generates a clue from
the question and then leverages the clue to en-
hance a reader for MCQA. It outperforms text-
to-text models on multiple MCQA datasets.

1 Introduction

Multiple-choice question answering (MCQA) aims
at selecting the correct answer from a set of options
given a question. This long-standing challenge in
natural language processing (NLP) requires ma-
chines to have a wealth of knowledge, such as
commonsense knowledge (Talmor et al., 2019; Mi-
haylov et al., 2018) and scientific knowledge (Clark
et al., 2018; Khot et al., 2020; Huang et al., 2019;
Li et al., 2021), and have reasoning skills such as
multi-hop reasoning (Khot et al., 2019) and logical
reasoning (Yu et al., 2020; Liu et al., 2020b; Li
et al., 2022).

MCQA has made great progress with the devel-
opment of pre-trained language models (PLMs).
Basically there are two types of PLMs that are suit-
able for different tasks. BERT (Devlin et al., 2019)

and its variants such as RoBERTa (Liu et al., 2019)
and ALBERT (Lan et al., 2020) are encoder-only
models, being more suitable for natural language
understanding (NLU) tasks including MCQA and
other classification and regression tasks. T5 (Raffel
et al., 2020) and BART (Lewis et al., 2020) are
encoder-decoder models, being more suitable for
natural language generation (NLG) tasks. How-
ever, encoder-decoder models can also be applied
to MCQA (Khashabi et al., 2020; Zhou et al.,
2021). This is enabled by the text-to-text frame-
work, which transforms data in different tasks into a
unified text-to-text format so that knowledge span-
ning many and various tasks can be learned, aggre-
gated, and used by a single model.

Research Question To fit MCQA, existing im-
plementations of the text-to-text framework take
all the options as input and are trained to gener-
ate one of the options, i.e., to copy some tokens
from the input. However, this is inconsistent with
how encoder-decoder models are pre-trained so that
their underlying knowledge may not be sufficiently
exploited. Indeed, Liu et al. (2021) have found that
in classification and regression tasks, the decoder
layer is often under-utilized. One research question
is how to apply pre-trained encoder-decoder mod-
els in a more natural way to MCQA, in particular,
to exploit their NLG capabilities.

Our Contribution Our idea is inspired by hu-
man behavior. When reading a question, humans
are sometimes triggered to associate the question
with their background knowledge to form some
clues even before reading the options. For simple
questions, a clue may be exactly the correct answer,
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Question:

A company makes notebooks for college courses,
so their main material is ?

(A) Chips (B) Water (C) Grass (D) Trees

Clue: Paper

Figure 1: An example MCQA task and a generated clue.
Bold underline indicates the correct answer.

while for complex questions, clues may play an
auxiliary role to help humans connect the question
with the correct answer. For example, for the ques-
tion shown in Figure 1, the clue “paper” forms an
intermediate concept between “notebook” in the
question and “tree” in the correct answer.

With this idea, we propose to employ a pre-
trained encoder-decoder model to generate a clue
from the question by exploiting its underlying
knowledge, without seeing and being strictly con-
fined to the options as in the text-to-text framework.
The clue representation is then leveraged by an
encoder-based model to read the options and make
prediction. We refer to this generation-enhanced
MCQA model as GenMC. It significantly outper-
forms comparable models, in particular, text-to-text
models, on five MCQA datasets.

Outline We discuss related work in Section 2,
introduce GenMC in Section 3, describe the ex-
perimental setup in Section 4, report the results in
Section 5, and conclude in Section 6.

Code Our code is available on GitHub1 under the
Apache Licence 2.0.

2 Related Work

2.1 Text-to-Text Paradigm for MCQA

Recently, the text-to-text paradigm has achieved
breakthrough results on many NLP tasks (Raffel
et al., 2020; Lewis et al., 2020). As illustrated in
Figure 2a, adopting this paradigm for MCQA, the
question Q and all the options {O1, O2, O3, O4}
are spliced into a text as input, and the correct
answer O1 is used as the generation target. One
benefit is that extensive training data can be shared
across different tasks. Using such a framework,
UnifiedQA (Khashabi et al., 2020) integrates 20
QA datasets into a unified format for training, and
achieves state-of-the-art results on multiple MCQA
datasets. Similarly, CALM (Zhou et al., 2021)

1https://github.com/nju-websoft/GenMC

(a) Text-to-Text

(b) Encoder-Only

Figure 2: Paradigms for MCQA.

learns concept-centric knowledge from text for
commonsense QA.

However, it might be debatable whether it is
appropriate to train a classification task via a gen-
eration target. Liu et al. (2021) point out that the
decoder layers of T5 are under-utilized when fine-
tuning on classification and regression tasks. There-
fore, they propose a method to reduce the number
of T5 parameters to improve efficiency without
reducing accuracy. By contrast, we address this
issue from a different perspective of how to exploit
the NLG capability of pre-trained encoder-decoder
models for MCQA to improve accuracy.

Some other works propose new pre-trained mod-
els for unified generation and classification tasks
by designing universal encoders and task-specific
decoders (Shao et al., 2021; Sun et al., 2021). They
are orthogonal to our work as we leverage exist-
ing pre-trained encoder-decoder models instead of
pre-training new models at an additional cost.

2.2 Encoder-Only Paradigm for MCQA

Benefiting from the powerful NLU capabilities of
BERT-style PLMs (Devlin et al., 2019; Liu et al.,
2019; Lan et al., 2020), the encoder-only paradigm
has been popular for MCQA. As illustrated in Fig-
ure 2b, in this paradigm, the question Q and each
option in {O1, O2, O3, O4} are interacted to calcu-
late a score, and the option with the highest score is
chosen as the answer. Building on this, some works
study how to design better attention-based models
to identify evidence (Chen et al., 2019; Zhang et al.,
2020; Zhu et al., 2020). Other efforts mimic human
behavior of reading evidence and answering ques-
tions (Ran et al., 2019; Tang et al., 2019; Sun et al.,
2019). There, evidence is derived from the given
passage or retrieved from external corpora. By con-
trast, we aim at exporting clues from pre-trained
models without resorting to extra sources.
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Enhanced Reader

Dual-Attention

Clue Generator

Transformer

Encoder Decoder

Encoder

Pooling & MLP

Figure 3: Architecture of GenMC. To make the prediction Op ∈ O, the clue generator first takes Q as input and
outputs a clue representation HQC which is indicative of the correct answer. The enhanced reader then relies on the
generated clue representation to better attend to options from O and makes the final prediction. The whole model is
trained in an end-to-end manner with both the generation loss LGEN and the classification loss LREAD.

2.3 Knowledge in PLMs

Recently, PLMs have been used as knowledge
bases (Petroni et al., 2019), and the knowledge
in parameters can be exported via methods such as
Prompt (Jiang et al., 2020; Shin et al., 2020). Ex-
ploiting the knowledge in PLMs for QA tasks has
come into play in many forms including question
expansion (Mao et al., 2021) and question genera-
tion (Shwartz et al., 2020).

There is also research on MCQA trying to ex-
porting knowledge from PLMs before answering.
Rajani et al. (2019) propose CAGE as a framework
for generating explanations for commonsense QA.
However, CAGE relies on explanations annotated
by humans, which are not available in many real
scenarios and datasets. Latcinnik and Berant (2020)
propose a joint generator-classifier model where
the generator produces a human-readable textual
hypothesis. Although it somewhat improves the
explainability of MCQA, in terms of accuracy of
MCQA there is little advancement. CEGI (Liu
et al., 2020c) is probably the most similar work to
ours. It first uses a generative model to generate
evidence, and then uses a reading model to incor-
porate the evidence and predict the answer, both
using answer supervision. However, the generative
model and the reading model are separate steps
in a pipeline and are connected only via the evi-
dence text. Such token-level interaction can lead
to significant losses in accuracy as we will see in
our experiments, where our representation-level
interaction exhibits better performance.

3 GenMC Model

In MCQA, a question Q is given together with
a set of n options O = {O1, . . . , On} with ex-
actly one option being the correct answer. The
key to finding the correct answer is to capture and
deeply understand the connection between Q and
each Oi ∈ O, which oftentimes is beyond the lexi-
cal level and requires a non-trivial entailment pro-
cess. We follow the trend of building on a pre-
trained encoder-decoder model and use the encoder
to jointly encode Q and each Oi. However, previ-
ous works directly use the decoder to generate an
option in O, i.e., using the decoder as a classifier,
which may have under-exploited the model’s NLG
capability (Liu et al., 2021). Moreover, a simple
joint encoding of Q and each Oi can only enable
lexical-level reasoning (Zellers et al., 2019) which
is insufficient for MCQA tasks.

Our proposed model GenMC overcomes these
limitations. Building on a pre-trained encoder-
decoder model, GenMC firstly generates a clue
which is indicative of the correct answer, thereby
exploiting the NLG capability and underlying
knowledge of the pre-trained encoder-decoder
model. Then GenMC employs the generated clue
representation as intermediate knowledge connect-
ing the question and the correct answer to interact
with and enhance a reader for solving MCQA. Our
model design mimics how humans solve an MCQA
task, i.e., after reading a question, humans may
firstly associate it with some of their background
knowledge (i.e., looking for clues) that helps them
to later identify the correct answer.

The overall architecture of GenMC is shown in
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Figure 3. The clue generator (Section 3.1) first gen-
erates a clue representation only given Q. Then the
enhanced reader (Section 3.2) uses the generated
clue to augment question-option understanding.

3.1 Clue Generator
The clue generator takes the question Q as in-
put and autoregressively outputs a clue C =
c1, . . . , c|C| using a pre-trained encoder-decoder
model.2 Note that not the clue text C but its repre-
sentation HC will be used in our model, although
one could output C as evidence for explainability.

Specifically, we obtain the question represen-
tation HQ ∈ Rd×|Q| and the clue representation
HC ∈ Rd×|C| from the last layer of the encoder
and of the decoder, respectively, where d denotes
the representation dimension. HC

j , denoting the
representation of the j-th token cj ∈ C, is com-
puted as follows:

pCj ,H
C
j = Decoder(cj−1,H

C
<j ,H

Q) , (1)

where Decoder (·, ·, ·) takes the last token cj−1,
the representation for the decoding history HC

<j ,
and HQ as input, and outputs the hidden state HC

j

together with the probability distribution pCj over
the decoding vocabulary at the j-th step.

To encourage the tokens inC to thoroughly inter-
act with each other and with Q, we strengthen the
clue representation by passing it to a transformer
layer (Vaswani et al., 2017) and obtain HQC :

HQC = Transformer([HQ;HC ]) , (2)

where [·; ·] denotes concatenation. HQC carries the
information of C which can be helpful to better
understand and answer Q.

3.2 Enhanced Reader
Previous works often directly model the relevance
of eachOi ∈ O toQ via joint encoding using a pre-
trained encoder, which largely performs superficial
lexical reasoning (Zellers et al., 2019). By contrast,
we use the previously generated clue representation
to enhance our reader for a deeper understanding
of each question-option pair.

Specifically, we first concatenate Q and each Oi
independently3 and feed the concatenated input
into the pre-trained encoder (which is shared with
our clue generator) to obtain Oi’s contextualized

2For efficiency, we decode the clue greedily without per-
forming beam search.

3A delimiter "\n" is inserted between Q and each Oi.

representation HQO
i , which constitutes a column

of HQO ∈ Rd×n where n = |O|.
Next, based on the clue representation HQC , our

model intensively reads each question-option pair
and obtains the matching signal between the clue
and the option. Specifically, inspired by Huang
et al. (2021), we first use dual-attention (Liu et al.,
2020a) to fuse information from HQO

i to HQC and
from HQC to HQO

i . Then we perform max-pooling
to aggregate the matching features:

(ĤQO
i , ĤQC

i ) = DualAttention(HQO
i ,HQC) ,

fQOi = Max-Pooling(ĤQO
i ) ,

fQCi = Max-Pooling(ĤQC
i ) .

(3)

To obtain the final score si for each Oi, we con-
catenate the dual matching features fQOi and fQCi
and feed them into a two-layer multi-layer percep-
tron (MLP):

si = Linear(ReLU(Linear([fQOi ; fQCi ]))) . (4)

We select the option with the highest score as the
predicted answer, denoted as Op.

3.3 Training Objective
We jointly train the clue generator and the enhanced
reader in an end-to-end fashion with a combined
loss:

L = LGEN + LREAD . (5)

Generator Loss For LGEN, assuming that Ot ∈
O is the correct answer containing m tokens
a1, . . . , am, we first use Ot as the target to cal-
culate our clue generator loss with teacher forcing:

pOt
j ,HOt

j = Decoder(aj−1,H
Ot
<j ,H

Q) ,

LGEN = − 1

m

m∑

j=1

logpOt
j,aj

,
(6)

where pOtj denotes the probability distribution
over the decoding vocabulary at the j-th step, and
pOtj,aj is the probability of token aj .

Reader Loss For LREAD, we simply calculate a
cross-entropy loss given the correct answerOt ∈ O
as follows:

LREAD = − log
exp(st)∑n
i=1 exp(si)

. (7)

Note that we update the encoder using the joint loss
L, while we do not allow LREAD to be backprop-
agated to the decoder part to reduce the memory
consumption.
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Train set
size

Dev set
size

Test set
size

Option
number

Question
average length

Option
average length

CSQA 8,500 1,241 1,221 5 13.38 1.52
OBQA 4,957 500 500 4 10.65 2.85
ARC-Easy 2,241 567 2,365 4 19.36 3.73
ARC-Challenge 1,117 295 1,165 4 22.30 4.93
QASC 7,320 814 926 8 8.12 1.64

Table 1: Dataset statistics. For CSQA and QASC, their official dev sets are used as our test sets, and our dev sets are
in-house split from their official training sets.

The above training objective exploits the dou-
ble properties of the correct answer Ot in MCQA:
as a text and as an index. We use Ot as a text
to supervise our clue generator, and as an index
(i.e., classification label) to supervise our enhanced
reader. Such usage is more natural than the text-to-
text paradigm (Khashabi et al., 2020; Zhou et al.,
2021), thus having the potential to outperform.

4 Experimental Setup

4.1 Data

We conducted experiments on five popular MCQA
datasets spanning from commonsense questions
to scientific questions. The former requires com-
monsense knowledge and reasoning, and the latter
requires inference over scientific facts.

Datasets CSQA (Talmor et al., 2019) and
OBQA (Mihaylov et al., 2018) are two common-
sense MCQA datasets created by crowd workers
based on commonsense facts. Each question is
given with 5 options in CSQA and 4 options in
OBQA. ARC-Easy and ARC-Challenge, denoting
two disjointed subsets of ARC (Clark et al., 2018),
contain natural grade-school science questions with
4 options, where ARC-Challenge comprises diffi-
cult questions which require more advanced rea-
soning. QASC (Khot et al., 2020) is collected from
elementary and middle school level science with 8
options for each question.

Train-Dev-Test Split For OBQA, ARC-Easy,
and ARC-Challenge we used their official train,
dev, and test sets. For CSQA and QASC, since
the correct answers in the official test set are not
public, we took their official dev set as our test set
for experiments and randomly held out an in-house
dev set from the training set. The dataset statistics
are shown in Table 1.

External Knowledge For all these datasets, our
experiments did not rely on any provided docu-
ments or external corpora; a question was solely

provided with its options to form the input. It
means that pre-trained models were used as the
primary source of knowledge in the experiments.

4.2 Implementation Details
We used two popular encoder-decoder models as
a basis, BART (Lewis et al., 2020) and T5 (Raffel
et al., 2020). For each model, we experimented
with its BASE and LARGE versions.

We used PyTorch 1.7. We used the Adam
optimizer and set warmup fraction = 0.1,
weight decay = 0.01, maximum source length =
64, maximum target length = 32, epoch = 30,
and early stop training when there was no bet-
ter result on the dev set after 5 epochs. For each
model, we searched for the best learning rate from
{1e−4, 5e−5, 1e−5}, and for the best batch size
out of {8, 64}.

Because neural models are known to be sensi-
tive to different random seeds, especially when the
training set is small, we performed multiple experi-
ments for all models with different random seeds,
and reported the mean and standard deviation. For
CSQA, OBQA, ARC-Easy, and QASC, we used
three random seeds {1, 10, 20}. For the smallest
dataset ARC-Challenge, we used five random seeds
{1, 10, 20, 30, 40}.

All the experiments were performed on a
GeForce RTX 3090 with 24G memory.

4.3 Evaluation Metric
For each model, we reported its proportion of cor-
rectly answered questions in each dataset.

5 Experimental Results

5.1 Main Results: Comparison with
Text-to-Text Models

To empirically evaluate GenMC in terms of
whether it better exploits the potential of pre-
trained encoder-decoder models for MCQA, we
compare GenMC with a standard text-to-text imple-
mentation and with a variant thereof for analysis.
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CSQA OBQA ARC-Easy ARC-Challenge QASC
dev test dev test dev test dev test dev test

BARTBASE

Text2Textvanilla 51.62 (±0.04) 53.26 (±0.57) 54.93 (±0.83) 52.73 (±1.00) 51.55 (±1.38) 50.51 (±1.82) 30.05 (±1.25) 24.95 (±1.10) 46.72 (±1.21) 26.78 (±1.21)

Text2Textenc 50.63 (±0.66) 52.22 (±1.64) 55.87 (±1.10) 51.00 (±1.83) 49.03 (±1.86) 49.94 (±1.49) 32.32 (±4.87) 26.24 (±2.01) 48.08 (±1.35) 17.06 (±0.39)

GenMC 54.82 (±0.61) 56.40 (±0.61) 58.53 (±0.31) 57.53 (±2.91) 59.38 (±1.60) 56.80 (±0.28) 38.64 (±0.90) 33.82 (±1.66) 57.70 (±0.43) 35.96 (±1.70)

T5BASE

Text2Textvanilla 57.59 (±0.81) 60.93 (±0.73) 59.53 (±0.81) 57.53 (±0.70) 52.20 (±0.31) 51.75 (±0.89) 29.38 (±2.63) 23.69 (±2.47) 54.55 (±1.01) 37.94 (±1.47)

Text2Textenc 58.96 (±1.21) 59.49 (±1.41) 60.67 (±2.86) 57.07 (±3.03) 56.55 (±1.17) 52.92 (±0.29) 29.49 (±5.13) 26.09 (±0.23) 56.84 (±0.84) 39.60 (±2.38)

GenMC 60.65 (±0.47) 63.45 (±0.29) 62.07 (±1.01) 61.67 (±0.58) 62.38 (±0.67) 58.82 (±0.37) 43.62 (±0.52) 39.00 (±0.30) 58.93 (±1.76) 41.72 (±1.18)

BARTLARGE

Text2Textvanilla 65.58 (±2.72) 66.91 (±2.14) 62.66 (±1.18) 61.46 (±1.74) 63.49 (±1.89) 62.81 (±2.15) 29.94 (±2.32) 28.55 (±4.97) 64.57 (±2.21) 47.80 (±2.22)

Text2Textenc 65.00 (±0.66) 67.35 (±0.90) 63.80 (±1.44) 62.47 (±1.53) 68.20 (±2.04) 65.33 (±1.74) 35.37 (±6.07) 31.13 (±5.86) 65.07 (±0.94) 47.19 (±0.71)

GenMC 69.57 (±0.89) 72.26 (±0.70) 68.93 (±1.17) 68.07 (±1.70) 72.43 (±0.54) 68.68 (±0.34) 48.93 (±0.98) 45.52 (±1.54) 68.39 (±0.68) 55.90 (±0.92)

T5LARGE

Text2Textvanilla 67.53 (±0.43) 70.63 (±0.74) 66.80 (±0.87) 63.53 (±1.10) 65.61 (±0.18) 62.55 (±0.54) 43.05 (±1.69) 42.83 (±2.00) 64.13 (±1.47) 57.74 (±0.82)

Text2Textenc 68.41 (±0.73) 70.30 (±0.82) 65.93 (±1.03) 63.67 (±0.46) 69.61 (±0.20) 66.65 (±0.34) 30.73 (±3.15) 28.76 (±4.85) 65.27 (±1.55) 55.65 (±0.45)

GenMC 71.10 (±0.41) 72.67 (±1.02) 71.60 (±0.92) 66.87 (±1.33) 72.49 (±0.77) 69.01 (±1.97) 49.83 (±2.06) 47.41 (±2.00) 67.61 (±1.14) 58.06 (±0.92)

Table 2: Comparison with text-to-text models.

5.1.1 Baselines
Text2Textvanilla The vanilla usage of pre-trained
encoder-decoders for MCQA is to reform the input
and output in a way that can be directly processed
by a encoder-decoder model. Specifically, follow-
ing Raffel et al. (2020), we concatenate the input
question with all candidate options, where each
option is also preceded by its option ID, and then
prepend the sequence with a dataset name. The
concatenated sequence is fed into the encoder part
to get a joint representation for the question and
all options. Based on the joint representation, the
decoder finally outputs an option ID. In this setting,
the decoder is basically used as a classifier.

Text2Textenc Similar to Liu et al. (2021), we use
only the encoder part of a pre-trained encoder-
decoder model. Each option is independently
paired with the question to obtain a joint represen-
tation using the encoder. Then the representation is
fed into a scorer (i.e., an MLP) to obtain a matching
score for each question-option pair. The model then
predicts the option with the highest score. In this
setting, the decoder is totally unused. Though Liu
et al. (2021) find that their encoder-only model per-
forms comparably to using the decoder as a clas-
sifier, we argue that the decoder part can further
improve the performance, if being properly used.

5.1.2 Results
The main results (see Table 2) show that GenMC
consistently and significantly (with p-value < 0.01)
outperforms Text2Textvanilla and Text2Textenc on
all datasets. For several settings, GenMC even
obtains an absolute gain of over 10%. For exam-
ple, on the test set of the challenging scientific
MCQA dataset ARC-Challenge, T5BASE + GenMC
improves T5BASE + Text2Textvanilla from an accu-

racy of 23.69% to 39.00%, suggesting a relative
gain of around 65%. These results demonstrate that
GenMC is a more effective usage of pre-trained
encoder-decoder models than existing ones.

Moreover, we interestingly find that the
decoder-free baseline Text2Textenc outperforms
Text2Textvanilla on over half of the experiments.
This indicates that the decoder’s general language
knowledge gained from pre-training is largely
wasted by only using it as a classifier, which may
further explain the superior performance of our
model because GenMC can exploit the pre-trained
decoder more effectively. In addition, all LARGE

models significantly outperform their BASE coun-
terparts. This suggests that the embedded knowl-
edge gained from pre-training is critical to MCQA
tasks, strengthening our point to make full use of
pre-trained encoders and decoders.

5.2 Comparison with Other Models
5.2.1 Baselines
UnifiedQA Existing methods that rely on exter-
nal documents or corpora have achieved state-of-
the-art performance on several MCQA datasets.
However, to enable a fair comparison, we only
compare with models that adopt the same setting
as ours, where a question and its options are the
only input to the model. Among these models, Uni-
fiedQA (Khashabi et al., 2020) is the current best
model. While UnifiedQA reports the best score us-
ing its T5-11B version, since for T5 we experiment
with its BASE and LARGE versions, we only report
and compare under T5BASE and T5LARGE. Note that
instead of training on each dataset separately, Uni-
fiedQA converts a line of popular QA datasets with
four formats (e.g., retrieval-based QA, MCQA)
into a unified format, and trains a single model
over all training data, while GenMC only uses each
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CSQA OBQA ARC-Easy ARC-Challenge QASC
dev test dev test dev test dev test dev test

BASE

RoBERTa 56.51 (±0.34) 58.91 (±0.79) 58.67 (±1.03) 49.67 (±0.76) 56.56 (±0.91) 52.32 (±0.70) 38.64 (±0.90) 34.85 (±2.20) 55.28 (±0.12) 34.38 (±1.72)

ALBERT 53.16 (±0.58) 53.95 (±0.49) 54.53 (±1.10) 49.20 (±2.27) 48.32 (±0.88) 45.84 (±1.94) 34.80 (±1.53) 30.21 (±1.74) 40.99 (±(1.78) 24.55 (±1.23)

UnifiedQAT5 ∗ - 45.00 (±0.00) - 59.00 (±0.00) - 53.00 (±0.00) - 42.40 (±0.00) - 25.80 (±0.00)

UnifiedQAT5 41.02 (±0.00) 44.80 (±0.00) 59.20 (±0.00) 59.60 (±0.00) 54.85 (±0.00) 53.66 (±0.00) 44.75 (±0.00) 42.58 (±0.00) 17.94 (±0.00) 25.70 (±0.00)

UnifiedQAT5-FT 56.81 (±0.49) 62.35 (±0.80) 60.80 (±0.72) 58.47 (±0.64) 54.97 (±0.20) 53.88 (±0.39) 45.31 (±0.39) 42.43 (±0.47) 55.57 (±0.58) 43.20 (±0.57)

GenMCT5 60.65 (±0.47) 63.45 (±0.29) 62.07 (±1.01) 61.67 (±0.58) 62.38 (±0.67) 58.82 (±0.37) 43.62 (±0.52) 39.00 (±0.30) 58.93 (±1.76) 41.72 (±1.18)

LARGE

RoBERTa 68.92 (±0.76) 71.88 (±0.26) 67.80 (±1.22) 64.47 (±1.41) 65.73 (±0.80) 62.40 (±0.89) 38.08 (±1.99) 35.97 (±1.74) 67.32 (±0.58) 50.22 (±1.88)

ALBERT 60.62 (±0.57) 59.32 (±0.91) 54.50 (±1.40) 49.27 (±0.64) 54.03 (±0.45) 53.77 (±1.81) 33.90 (±1.22) 31.19 (±3.79) 51.11 (±1.72) 33.12 (±1.24)

UnifiedQAT5 ∗ - 60.90 (±0.00) - 68.40 (±0.00) - 65.90 (±0.00) - 54.40 (±0.00) - 43.30 (±0.00)

UnifiedQAT5 55.28 (±0.00) 61.34 (±0.00) 70.40 (±0.00) 68.40 (±0.00) 69.31 (±0.00) 66.43 (±0.00) 56.61 (±0.00) 54.33 (±0.00) 29.24 (±0.00) 43.74 (±0.00)

UnifiedQAT5-FT 69.00 (±0.51) 73.60 (±0.45) 70.53 (±0.23) 68.80 (±0.69) 69.72 (±0.71) 66.92 (±0.85) 56.84 (±0.39) 54.42 (±0.15) 66.63 (±1.56) 58.71 (±0.90)

GenMCT5 71.10 (±0.41) 72.67 (±1.02) 71.60 (±0.92) 66.87 (±1.33) 72.49 (±0.77) 69.01 (±1.97) 49.83 (±2.06) 47.41 (±2.00) 67.61 (±1.14) 58.06 (±0.92)

Table 3: Comparison with other models. (* indicates the results reported by Khashabi et al. (2020).)

CSQA OBQA ARC-Easy ARC-Challenge QASC
dev test dev test dev test dev test dev test

BASE

UnifiedQAT5-FT 56.81 (±0.49) 62.35 (±0.80) 60.80 (±0.72) 58.47 (±0.64) 54.97 (±0.20) 53.88 (±0.39) 45.31 (±0.39) 42.43 (±0.47) 55.57 (±0.58) 43.20 (±0.57)

GenMCT5-U 61.24 (±0.45) 63.45 (±0.76) 62.33 (±0.81) 59.20 (±1.91) 61.73 (±0.35) 59.35 (±0.43) 45.54 (±0.20) 43.98 (±0.36) 60.16 (±0.07) 45.43 (±0.87)

LARGE

UnifiedQAT5-FT 69.00 (±0.51) 73.60 (±0.45) 70.53 (±0.23) 68.80 (±0.69) 69.72 (±0.71) 66.92 (±0.85) 56.84 (±0.39) 54.42 (±0.15) 66.63 (±1.56) 58.71 (±0.90)

GenMCT5-U 71.58 (±0.25) 72.26 (±0.31) 71.67 (±0.46) 69.00 (±0.69) 73.90 (±0.47) 72.87 (±0.50) 59.55 (±1.09) 55.97 (±0.62) 68.55 (±0.81) 58.75 (±0.56)

Table 4: Comparison with UnifiedQA after unifying training sets.

dataset’s own training data.

RoBERTa and ALBERT In addition, we com-
pare with two encoder-only models, RoBERTa (Liu
et al., 2019) and ALBERT (Lan et al., 2020), which
have served as the basis of many MCQA models.

All models are of comparable model size to ours.

5.2.2 Results

The results in Table 3 show that GenMCT5 sig-
nificantly (with p-value < 0.01) outperforms the
two encoder-only strong baselines RoBERTa and
ALBERT. More interestingly, GenMCT5 also per-
forms better than UnifiedQAT5 on most datasets.
Moreover, for UnifiedQAT5-FT, which further fine-
tunes the model on the training set of the target
dataset, GenMCT5 outperforms it on the test sets
of CSQA, OBQA, and ARC-Easy for the base
models and ARC-Easy for the large models. It
also achieves comparable results on the remain-
ing datasets. These results are impressive because
UnifiedQA uses more datasets (i.e., eight different
QA datasets) for training. The promising results
of GenMC further reveals that our model can learn
to effectively extract knowledge from pre-trained
encoder-decoders with limited training data.

As a fairer comparison in Table 4, by unify-
ing the training sets of all the five datasets, our
GenMCT5-U outperforms UnifiedQAT5-FT on all
datasets except for CSQA with large models.

5.3 Ablation Study: Influence of Clues
Our main results in Section 5.1 have demonstrated
the effectiveness of our model. To better under-
stand its superior results and the influence of our
clue generation, we compare with two variants.

5.3.1 Variants of GenMC
Weak Clue We train this variant only using the
classification loss LREAD, so only the encoder part
is updated, while the decoder part is left untouched
from pre-training. Intuitively, under this setting,
the generated clue is weaker than GenMC which
learns how to generate a clue with supervision.

Token Clue In this setting, we separately train
a clue generator and a reader. We first collect the
generated clue text C (instead of its representation)
from the decoder. We then directly concatenate C
with Q and Oi to compute a score for Oi using
the model’s encoder part stacked with an MLP
layer. This variant is indeed very similar to Liu et al.
(2020c), which also adopts a pipeline framework to
first generate a token-level evidence and then use
the evidence to expand the question.

5.3.2 Results
Table 5 shows that masking out generation loss
leads to substantial performance drops across all
datasets, demonstrating that fine-tuning the decoder
with generation loss LGEN helps to derive useful
clues from pre-trained encoder-decoder models.
We also observe that the performance of using
token-level clues lags much behind GenMC. This
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CSQA OBQA ARC-Easy ARC-Challenge QASC
dev test dev test dev test dev test dev test

BARTBASE

GenMC 54.82 (±0.61) 56.40 (±0.61) 58.53 (±0.31) 57.53 (±2.91) 59.38 (±1.60) 56.80 (±0.28) 38.64 (±0.90) 33.82 (±1.66) 57.70 (±0.43) 35.96 (±1.70)

Weak Clue 53.96 (±1.01) 54.35 (±1.97) 55.53 (±1.27) 54.27 (±0.92) 57.20 (±1.80) 55.42 (±1.26) 39.89 (±0.20) 32.62 (±0.31) 54.05 (±0.21) 25.99 (±0.82)

Token Clue 45.53 (±1.28) 46.41 (±1.79) 54.07 (±1.72) 52.93 (±1.10) 48.97 (±0.91) 48.87 (±1.29) 31.19 (±0.59) 27.64 (±0.69) 49.06 (±0.39) 21.31 (±1.03)

T5BASE

GenMC 60.65 (±0.47) 63.45 (±0.29) 62.07 (±1.01) 61.67 (±0.58) 62.38 (±0.67) 58.82 (±0.37) 43.62 (±0.52) 39.00 (±0.30) 58.93 (±1.76) 41.72 (±1.18)

Weak Clue 58.80 (±0.70) 60.88 (±1.89) 61.47 (±0.95) 59.73 (±0.90) 58.97 (±0.54) 57.10 (±0.72) 42.26 (±2.21) 37.54 (±0.64) 57.37 (±1.40) 36.29 (±1.66)

Token Clue 50.55 (±0.44) 48.79 (±0.87) 56.00 (±1.25) 54.93 (±1.63) 46.50 (±0.83) 46.65 (±0.54) 32.66 (±0.20) 26.01 (±1.28) 43.69 (±1.52) 27.50 (±1.56)

BARTLARGE

GenMC 69.57 (±0.89) 72.26 (±0.70) 68.93 (±1.17) 68.07 (±1.70) 72.43 (±0.54) 68.68 (±0.34) 48.93 (±0.98) 45.52 (±1.54) 68.39 (±0.68) 55.90 (±0.92)

Weak Clue 67.28 (±2.39) 69.64 (±2.76) 66.20 (±0.53) 64.47 (±1.40) 70.66 (±1.50) 65.71 (±1.47) 27.80 (±2.06) 24.92 (±2.06) 65.68 (±1.31) 52.02 (±1.44)

Token Clue 53.85 (±0.47) 55.23 (±0.62) 61.20 (±3.14) 59.20 (±0.69) 58.02 (±0.98) 54.22 (±1.27) 41.81 (±1.19) 37.60 (±0.90) 48.65 (±1.23) 32.47 (±1.11)

T5LARGE

GenMC 71.10 (±0.41) 72.67 (±1.02) 71.60 (±0.92) 66.87 (±1.33) 72.49 (±0.77) 69.01 (±1.97) 49.83 (±2.06) 47.41 (±2.00) 67.61 (±1.14) 58.06 (±0.92)

Weak Clue 68.33 (±1.62) 71.66 (±1.28) 69.27 (±0.42) 65.87 (±0.90) 69.66 (±0.77) 66.24 (±0.79) 47.57 (±2.04) 46.24 (±1.29) 64.99 (±0.74) 53.35 (±1.35)

Token Clue 59.47 (±0.08) 60.74 (±0.29) 62.80 (±1.44) 57.73 (±1.10) 48.85 (±1.62) 48.36 (±2.15) 37.97 (±0.90) 30.50 (±1.46) 49.22 (±0.62) 38.77 (±1.74)

Table 5: Influence of clues.

Clue Type Percentage
Example

Instance Clue

Irrelevant 23.60%
Which would you likely find inside a beach ball?
(A) cheese (B) steam (C) water (D) air a squid

Relevant but unhelpful 52.40%
What may have been formed by a volcano?
(A) Mt. McKinley (B) Lake Pontchartrain (C) The great lakes
(D) Niagara Falls

a lake

Helpful 24.00%
Where would there be an auditorium with only a single person speaking?
(A) lights (B) crowd (C) university campus (D) theater (E) park

school

Table 6: Distribution of clue types in negative cases with examples. Bold underline indicates the correct answer, and
italic indicates the predicted label.

demonstrates that naively using explicit knowledge
in plain text, instead of using implicit clues from
the decoder’s hidden state, is inferior as it may
unnecessarily bring information loss and noise.

5.4 Error Analysis

We analyze the clues generated by GenMC using
T5LARGE with a focus on instances that are correctly
predicted by the baseline in our main experiments
(i.e., T5LARGE + Text2Textvanilla), while our GenMC
fails. The intuition is that in these negative cases,
the clues generated by GenMC may play a negative
role. By studying these potentially negative clues,
we can gain more insights into how GenMC fails
and discuss venues for future improvement.

Specifically, we randomly sample 50 negative
cases from T5LARGE + GenMC for each dataset. We
show six graduate students of computer science4

an instance along with the generated clue, correct
answer, and predicted answer. We then ask them to
categorize clues into the following families:5

• Irrelevant: The clue is off topic or is not

4They are volunteers recruited from the contact author’s
research group. They know and agree that their annotations
will be used for error analysis in a research paper.

5We follow a similar definition by Shwartz et al. (2020).

understandable.

• Relevant but unhelpful: Though relevant,
the clue makes a factually incorrect statement,
often on the contrary of the main question, or
the clue contributes relevant but insufficient
knowledge for prediction, such as repetition
of the question or other distractors.

• Helpful: The clue adds helpful information
to answer the question.

To ensure the annotation quality, we aggregate
annotated results from three students for every
dataset using majority vote. If all three students
annotate differently from each other for an instance,
we introduce a fourth student to arbitrate.

Table 6 shows the percent of each clue type
across all datasets with an example for each type.
Figure 4 breaks down by dataset. Though the ma-
jority of our clues are relevant (i.e., 76.4% of them
are relevant across all datasets), which seems posi-
tive, only 24% of the clues are deemed as helpful.
This suggests a great room for improvement. In our
future research, we will focus on how to generate
more helpful clues from questions.
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CSQA OBQA ARC-Easy ARC-Challenge QASC
T5BASE

Text2Textvanilla 0.040 (±0.007) 0.035 (±0.002) 0.035 (±0.002) 0.039 (±0.004) 0.035 (±0.002)
UnifiedQA 0.059 (±0.041) 0.089 (±0.047) 0.097 (±0.055) 0.129 (±0.075) 0.068 (±0.027)
GenMC 0.069 (±0.019) 0.107 (±0.046) 0.113 (±0.060) 0.121 (±0.053) 0.072 (±0.027)

T5LARGE

Text2Textvanilla 0.077 (±0.008) 0.083 (±0.012) 0.081 (±0.012) 0.084 (±0.014) 0.078 (±0.011)
UnifiedQA 0.108 (±0.037) 0.178 (±0.096) 0.190 (±0.107) 0.257 (±0.127) 0.130 (±0.052)
GenMC 0.105 (±0.027) 0.178 (±0.078) 0.219 (±0.120) 0.242 (±0.112) 0.127 (±0.048)

Table 7: Inference time for answering a question (seconds).

0%

20%

40%

60%

80%

100%

CSQA OBQA ARC-Easy ARC-Challenge QASC

Helpful Relevant but unhelpful Irrelevant

Figure 4: Distribution of clue types in negative cases on
each dataset.

5.5 Inference Time and Model Size

Table 7 shows the inference time for answering a
question. GenMC is slower than Text2Textvanilla,
but their inference time has the same scale, suggest-
ing that GenMC is more cost-effective considering
its superior accuracy. GenMC and UnifiedQA are
comparable in inference time.

Among T5BASE based models, Text2Textvanilla
and UnifiedQA have 223 M parameters, while
GenMC is slightly larger with 234 M parameters.
Among T5LARGE based models, Text2Textvanilla and
UnifiedQA have 738 M parameters, while GenMC
has 757 M parameters.

6 Conclusion

We present GenMC, a simple yet effective model
which tailors pre-trained encoder-decoders for
MCQA tasks. Compared with existing usages
of pre-trained encoder-decoders for MCQA, our
model fully exploits the pre-trained encoder-
decoders’ NLG capabilities to generate a clue from
the input question, which facilitates deep under-
standing of question-option pairs. Experimental
results further verify the superiority of GenMC
over existing usages. Notably, our model achieves
promising results without using any provided doc-
uments or external corpora, showing an interesting
application of PLMs by directly inducing either
commonsense or scientific knowledge from them

through clue generation.
In the future, we will focus on how to further

improve the clue generation quality, which remains
a bottleneck of GenMC. We hope this work will
spur more research in how to better use pre-trained
encoder-decoders for not only MCQA, but also
beyond; for tasks with divergent structures from
the pre-training, a smarter use of PLMs can boost
the performance significantly.
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Abstract

Supersized pre-trained language models have
pushed the accuracy of various natural lan-
guage processing (NLP) tasks to a new state-
of-the-art (SOTA). Rather than pursuing the
reachless SOTA accuracy, more and more re-
searchers start paying attention to model ef-
ficiency and usability. Different from accu-
racy, the metric for efficiency varies across dif-
ferent studies, making them hard to be fairly
compared. To that end, this work presents
ELUE (Efficient Language Understanding
Evaluation), a standard evaluation, and a
public leaderboard for efficient NLP models.
ELUE is dedicated to depicting the Pareto
Frontier for various language understanding
tasks, such that it can tell whether and how
much a method achieves Pareto improvement.
Along with the benchmark, we also release a
strong baseline, ElasticBERT, which allows
BERT to exit at any layer in both static and dy-
namic ways. We demonstrate the ElasticBERT,
despite its simplicity, outperforms or performs
on par with SOTA compressed and early exit-
ing models. With ElasticBERT, the proposed
ELUE has a strong Pareto Frontier and makes
a better evaluation for efficient NLP models.

1 Introduction

Driven by the large-scale pre-training, today’s NLP
models have become much more powerful (Devlin
et al., 2019; Yang et al., 2019; Lan et al., 2020; Raf-
fel et al., 2020; Sun et al., 2020; Brown et al., 2020;
Qiu et al., 2020). As a consequence of this drastic
increase in performance, these pre-trained language
models (PLMs) are notorious for becoming more
and more computationally expensive due to the in-
creasing number of parameters. Therefore, rather
than pre-training a larger model to achieve a new
state-of-the-art (SOTA) accuracy, most studies are
pursuing improvement on other dimensions such

∗Equal contribution.
†Corresponding author.

Figure 1: An illustration to show our motivation, that
is, building the Pareto frontier can help recognizing
whether and how much a method achieves Pareto im-
provement.

as the number of parameters or FLOPs (Gordon
et al., 2020; Sanh et al., 2019; Jiao et al., 2020; Lan
et al., 2020; Shen et al., 2020). For these works,
the goal has shifted from simple SOTA to "Pareto
SOTA". A Pareto SOTA model means that there
is no other model is currently better than it on all
the dimensions of interest. For example, a model
may claim to be Pareto SOTA as long as it achieves
the best accuracy under the same number of param-
eters or FLOPs. For these efficient models with
fewer parameters or FLOPs, it is unfair to get them
evaluated on the accuracy-centric benchmarks such
as GLUE (Wang et al., 2019b), and ranked among
many large-scale models.

The shifted goal has outpaced the existing bench-
marks, which cannot provide a comprehensive and
intuitive comparison for efficient methods. In the
absence of a proper benchmark, measures of effi-
ciency in different studies cannot be standardized,
and different methods cannot be fairly compared.
As a result, it is difficult to say whether and how
much a method achieves Pareto improvement. To
that end, we aim to build the Pareto frontier for
various tasks with standard evaluation for both per-
formance and efficiency. Our motivation can be
briefly illustrated by Figure 1.

Need for a standard evaluation As the goal has
shifted, a new benchmark is urgently needed to
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comprehensively compare the NLP models in mul-
tiple dimensions. Currently, this multi-dimensional
comparison is done in the individual papers, result-
ing in the following issues: (a) Incomprehensive
comparison. The comparison is usually point-to-
point, e.g. comparing model performance under the
same FLOPs. The comparison in a broader range is
usually missed, especially for works in conditional
computation where the model performance varies
with FLOPs. (b) Unaccessible results. Even if
the comprehensive line-to-line comparison is con-
ducted, the results are usually presented in form of
figure, in which the data points are not accessible
for the following work. As a result, the following
work has to reproduce or estimate the results (e.g.
Xin et al. (2021) estimate values from the figures
of Zhou et al. (2020a)). (c) Non-standard mea-
surements. Different works may adopt different
metrics such as physical elapsed time, FLOPs, and
executed model layers, making them hard to di-
rectly compare. Even if the adopted metrics are
the same, there is no guarantee that they will be
calculated in the same way (e.g. the hardware in-
frastructure, or the software to calculate FLOPs
can be very different1). (d) Inconvenience. Re-
cent studies usually choose GLUE (Wang et al.,
2019b) as the main benchmark, which, however, is
not suitable for dynamic methods due to its submis-
sion limitation that is designed to avoid overfitting
on test sets.

Need for a strong baseline Currently, there are
roughly two branches of efficient methods in NLP:
static methods (e.g. distillation, pruning, quantiza-
tion, etc.) and dynamic methods (e.g. early exiting).
(a) Static models are obtained given an expected
number of parameters or inference latency. These
methods often use the first few layers (to keep the
same number of parameters or FLOPs) of some
pre-trained model followed by a classification head
as their baseline, which, however, is too weak to
serve as a baseline. (b) Dynamic models usually
add multiple internal classifiers to the pre-trained
LMs, and therefore allow flexible inference condi-
tioned on the input. Nevertheless, the injected inter-
nal classifiers introduce a gap between pre-training
and fine-tuning. Training the internal classifiers
on downstream tasks often degenerates the perfor-

1We find that the FLOPs of Transformers calculated by
different libraries (thop, ptflops, and torchstat) can
be different. And besides, all of them missed FLOPs in some
operations such as self-attention and layer normalization.

mance of the entire model (Xin et al., 2021). Thus,
static models need a strong baseline, and dynamic
models need a strong backbone.

Contributions In this work, we address the
above needs by contributing the following:

• ELUE(Efficient Language Understanding
Evaluation) – a standard benchmark for effi-
cient NLP models. (1) ELUE supports online
evaluation for model performance, FLOPs,
and number of parameters. (2) ELUE is
also an open-source platform that can facil-
itate future research. We reproduce and eval-
uate multiple compressed and early exiting
methods on ELUE. All of the results are pub-
licly accessible on ELUE. (3) ELUE pro-
vides an online leaderboard that uses a spe-
cific metric to measure how much a model
oversteps the current Pareto frontier. ELUE
leaderboard also maintains several separate
tracks for models with different sizes. (4)
ELUE covers six NLP datasets spanning sen-
timent analysis, natural language inference,
similarity and paraphrase tasks. The ELUE
benchmark is publicly available at http:
//eluebenchmark.fastnlp.top/.

• ElasticBERT – a strong baseline (backbone)
for static (dynamic) models. ElasticBERT is a
multi-exit Transformer (Vaswani et al., 2017)
pre-trained on ∼160GB corpus. The pre-
training objectives, MLM and SOP (Lan et al.,
2020), are applied to multiple Transformer
layers instead of only the last layer. Gradient
equilibrium (Li et al., 2019) is adopted to al-
leviate the conflict of the losses at different
layers. For static models, ElasticBERT is a
strong baseline that can reach or even outper-
form distilled models. For dynamic models,
ElasticBERT is a robust backbone that closes
the gap between pre-training and fine-tuning.
We release the pre-trained model weights of
ElasticBERT2 as well as code3.

2 Related Work

NLP Benchmarks Evaluating the quality of lan-
guage representations on multiple downstream
tasks has become a common practice in the com-
munity. These evaluations have measured and

2https://huggingface.co/fnlp
3https://github.com/fastnlp/ElasticBERT
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pushed the progress of NLP in recent years. Sen-
tEval (Conneau and Kiela, 2018) introduces a stan-
dard evaluation toolkit for multiple NLP tasks.
Further, GLUE (Wang et al., 2019b) and Super-
GLUE (Wang et al., 2019a) provide a set of more
difficult datasets for model-agnostic evaluation.
Another line of work is multi-dimensional eval-
uations. EfficientQA (Min et al., 2020) is an open-
domain question answering challenge that evalu-
ates both accuracy and system size. The system
size is measured as the number of bytes required
to store a Docker image that contains the submit-
ted system. Dynabench (Kiela et al., 2021), an
open-source benchmark for dynamic dataset cre-
ation and model evaluation, also supports multi-
dimensional evaluation. In particular, Dynabench
measures model performance, throughput, memory
use, fairness, and robustness. Both EfficientQA and
Dynabench require the user to upload the model
along with the required environment to the server,
which is costly for users to upload and also for
the server to evaluate. In contrast, ELUE adopts
a cheaper way to evaluate performance and effi-
ciency of the model. Recently, Long-Range Arena
(LRA) (Tay et al., 2021) is proposed to evaluate
models under the long-context scenario. Differ-
ent from ELUE, LRA mainly focuses on Xform-
ers (Lin et al., 2021). Besides, some tasks in-
cluded in LRA are not NLP tasks, or even not
real-world tasks, while ELUE consists of com-
mon language understanding tasks. In addition,
ELUE is also inspired by other well-known bench-
marks, such as SQuAD (Rajpurkar et al., 2016),
MultiNLI (Williams et al., 2018), DecaNLP (Mc-
Cann et al., 2018), CLUE (Xu et al., 2020b), Hot-
potQA (Yang et al., 2018), GEM (Gehrmann et al.,
2021), etc.

Efficient NLP Models Current efficient NLP
models can be roughly categorized as two streams:
model compression (static methods) and condi-
tional computation (dynamic methods). Model
compression is to reduce the number or precision
of model parameters to achieve faster training and
inference. Currently, there are several ways to
achieve model compression: (1) Knowledge Distil-
lation, which is to learn a compact student model
that learns from the output distribution of a large-
scale teacher model (Sanh et al., 2019; Jiao et al.,
2020) (2) Model Pruning, which is to remove parts
of parameters that are less important (Gordon et al.,
2020), (3) Weight Sharing across different parts

of the model (Lan et al., 2020) is also a common
technique to significantly reduce parameters, (4)
Quantization, which is to use low bit precision to
store parameter and accelerate inference with low
bit hardware operations (Shen et al., 2020), and (5)
Module Replacing, which is to replace the modules
of a big model with more compact substitutes (Xu
et al., 2020a). In contrast, conditional computation
is to selectively execute only parts of the model
conditioned on a given input (Bengio et al., 2013;
Davis and Arel, 2014). As a representative, an
end-to-end halting approach, Adaptive Computa-
tion Time (ACT) (Graves, 2016), is developed to
perform input-adaptive computation for recurrent
networks. The idea of ACT is later adopted in
Universal Transformer (Dehghani et al., 2019). Re-
cently, as the rising of deep models for natural
language processing, early exiting is widely used
to speedup inference of transformer models (Liu
et al., 2020a; Xin et al., 2020; Schwartz et al., 2020;
Zhou et al., 2020b; Elbayad et al., 2020; Liao et al.,
2021; Xin et al., 2021; Sun et al., 2021b; Zhu, 2021;
Li et al., 2021a).

3 ELUE: A Standard Benchmark for
Efficient NLP Models

ELUE aims to offer a standard evaluation for vari-
ous efficient NLP models, such that they can be
fairly and comprehensively compared. In Sec-
tion 3.1, we list the design considerations to achieve
this motivation. In Section 3.2, we describe the
tasks and datasets included in ELUE. In Sec-
tion A.1, we illustrate how to make a submission
on ELUE, and how the submission is evaluated. In
Section 3.3, we discuss the design of our leader-
board.

3.1 Design Considerations

Now we enumerate main considerations in the de-
sign of ELUE to ensure that it meets the needs
mentioned early.

Multi-dimensional Evaluation The evaluation
of ELUE should be multi-dimensional for compre-
hensive comparison. Instead of point-to-point com-
parison, methods can be compared in a line-to-line
style in ELUE, where the "line" is a performance-
efficiency trade-off curve.

Public Accessible All data points in ELUE
should be publicly accessible such that the follow-
ing work does not need to reproduce or estimate
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results from previous work. To facilitate future
research, some representative methods should be
reproduced and evaluated in ELUE.

Standard Evaluation The measurement of
model efficiency should be standardized in ELUE
such that this line of methods can be fairly com-
pared. Current studies usually use number of
parameters (Lan et al., 2020; Jiao et al., 2020),
FLOPs (Jiao et al., 2020; Liu et al., 2020a; Li
et al., 2021b), actual inference time (Sanh et al.,
2019; Schwartz et al., 2020), or number of exe-
cuted layers (Zhou et al., 2020a; Sun et al., 2021b)
to measure model efficiency. Among these metrics,
measuring actual inference time is costly for both
users and the server, and highly depends on the
computation infrastructure and software implemen-
tation, while number of executed layers ignores the
shape of input and hidden layers, therefore is inac-
curate. Thus, ELUE adopts number of parameters
and FLOPs as the metrics for model efficiency.

Easy-to-Use ELUE should be friendly to users,
which means that the submission should be as sim-
ple as possible. Roughly speaking, there are cur-
rently two ways of submissions: (1) submitting the
trained model such as SQuAD (Rajpurkar et al.,
2016), Dynabench (Kiela et al., 2021), and (2) sub-
mitting the predicted test files such as GLUE (Wang
et al., 2019b), SuperGLUE (Wang et al., 2019a),
and CLUE (Xu et al., 2020b). The submission of
ELUE lies in the latter way. Nevertheless, to evalu-
ate number of parameters and FLOPs, the submit-
ted test files should conform to a specific format,
and besides, a Python file to define the used model
is also required. For more details about submission
and evaluation, see Appendix A.1.

3.2 Task and Dataset Selection

Following GLUE (Wang et al., 2019b), Super-
GLUE (Wang et al., 2019a), and CLUE (Xu et al.,
2020b), we collect tasks that can be formatted
as single sentence classification or sentence pair
classification. Since ELUE mainly focuses on ef-
ficient models, the difficulty of dataset is not a
primary consideration. Instead, we collect tasks
and datasets that are commonly used and publicly
available in the community. The statistics of the
collected datasets are listed in Table 1.

Sentiment Analysis Sentiment analysis, which
is to classify the polarity of a given text, is a fun-
damental task in NLP. We select two well-known

Tasks Datasets |Train| |Dev| |Test|

Sentiment
Analysis

SST-2 8,544 1,101 2,208
IMDb 20,000 5,000 25,000

Natural Language
Inference

SNLI 549,367 9,842 9,824
SciTail 23,596 1,304 2,126

Similarity and
Paraphrase

MRPC 3,668 408 1,725
STS-B 5,749 1,500 1,379

Table 1: Statistics of datasets in ELUE.

movie review datasets, Stanford Sentiment Tree-
bank (SST) (Socher et al., 2013) and IMDb (Maas
et al., 2011). For SST, we use the two-way class
split, i.e. SST-2. Different from GLUE, SST-2
samples in ELUE are complete sentences instead
of phrases. For IMDb, we randomly select 2.5k
positive samples and 2.5k negative samples from
training set to construct a development set.

Natural Language Inference Natural language
inference (NLI) is a task to predict whether the
premise entails the hypothesis, contradicts the hy-
pothesis, or neither. NLI is often formulated as a
sentence pair classification task (Devlin et al., 2019;
Sun et al., 2021a). We select two NLI datasets,
SNLI (Bowman et al., 2015) and SciTail (Khot
et al., 2018). SNLI is a crowd-sourced collec-
tion of sentence pairs with balanced labels: en-
tailment, contradiction, and neutral. We use the
spell-checked version of the test and development
sets4. The hard samples, which do not have golden
labels due to the disagreement of annotators, are
removed from the dataset and left for model di-
agnostic. SciTail is a two-way (entail or neutral)
entailment classification dataset, which is derived
from multiple-choice science exams and web sen-
tences.

Similarity and Paraphrase For similarity
and paraphrase tasks, we also select two
datasets, Microsoft Research Paraphrase Corpus
(MRPC) (Dolan and Brockett, 2005), and Semantic
Textual Similarity Benchmark (STS-B) (Cer et al.,
2017), both of which are also included in GLUE.
MRPC is a collection of automatically extracted
sentence pairs, each manually-labeled with a
judgment to indicate whether the pair constitutes a
paraphrase. STS-B is a corpus of sentence pairs,
each of which is labeled with a score from 0 to 5
to represent the degree to which two sentences are
semantically equivalent.

4https://nlp.stanford.edu/projects/snli/
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Figure 2: An illustration to show how ELUE score is
computed.

3.3 Leaderboard

Following prior work (Yang et al., 2018; Wang
et al., 2019b; Xu et al., 2020b), we also integrate
a leaderboard in ELUE. For dynamic models that
have multiple performance-FLOPs coordinates on
each dataset, we need to sum up these coordinates
as a score. A critical problem is to measure how
good a coordinate is. In other words, to measure
a coordinate (p, f), where p is performance and
f is FLOPs, we need a baseline performance un-
der the same FLOPs. We choose ElasticBERT
as the baseline curve. We evaluate different lay-
ers of ElasticBERT, and obtained 12 coordinates
(pEBi , fEBi )12i=1, which are then used to interpo-
late to get a performance-FLOPs function pEB(f).
With the baseline curve at hand, we can score a
submission curve as

ELUEScore =
1

n

n∑

i=1

[pi − pEB(fi)]. (1)

Note that the coordinates of ElasticBERT are sepa-
rately interpolated on different datasets. The final
ELUE score is an unweighted average of the scores
on all the 6 datasets. Figure 2 gives an illustra-
tion of how ELUE score is computed. The ELUE
score reflects the extent to which the submission
oversteps the ElasticBERT.

In addition, following EfficientQA (Min et al.,
2020), ELUE leaderboard also maintains four ad-
ditional separate tracks, corresponding to models
below 40M, 55M, 70M, 110M parameters. Models
in these tracks are ranked by the average perfor-
mance on all the datasets.

4 ElasticBERT: A Strong Baseline for
Efficient Inference

Despite the encouraging results achieved by exist-
ing efficient models, we argue that a strong baseline
(backbone) is needed for both static methods and

dynamic methods. Static methods often choose the
first few layers of some pre-trained models as their
baseline (e.g. Sun et al. (2019); Jiao et al. (2020)),
which can be weak. Dynamic methods that enable
early exiting by training multiple internal classi-
fiers usually introduce a gap between pre-training
and fine-tuning, and therefore hurt the performance
of the entire model (Xin et al., 2021). Thus, as
illustrated in Figure 3, we present the ElasticBERT
that bridges the gap between static and dynamic
methods, and therefore can serve as a strong base-
line for static methods and also a strong backbone
for dynamic methods.

ElasticBERT is a multi-exit pre-trained language
model with the following training objective:

L =
L∑

l=1

(LMLM
l + LSOP

l ), (2)

where L is the total number of layers, LMLM is
the n-gram masked language modeling loss, LSOP

is the sentence order prediction loss (Lan et al.,
2020). The two losses are applied to each layer of
the model, such that the number of layers can be
flexibly scaled on downstream tasks, and therefore
it is named "ElasticBERT".

Bridge the Gap Between Static and Dynamic
Methods As a baseline for static methods, the
depth of ElasticBERT can be flexibly reduced
on demand. Compared with the first l layer of
BERT (Devlin et al., 2019), the l-layered Elas-
ticBERT is a complete model (Turc et al., 2019; Li
et al., 2021a) and can achieve better performance. It
is worth noticing that ElasticBERT can be regarded
as a special instance of LayerDrop (Fan et al., 2020)
where the dropped layers are constrained to the top
consecutive layers. As a backbone for dynamic
methods, training classifiers injected in intermedi-
ate layers would be consistent with pre-training.
Therefore, ElasticBERT can not only be used as a
static complete model, but also be used as a back-
bone model of dynamic early exiting.

Gradient Equilibrium Pre-training with the
simply summed loss in Eq. (2) could lead to a gra-
dient imbalance issue (Li et al., 2019). In particular,
due to the overlap of subnetworks, the variance of
the gradient may grow overly large, leading to un-
stable training. To address this issue, we follow
Li et al. (2019) and adopt the gradient equilibrium
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Figure 3: ElasticBERT is pre-trained with multiple pre-training heads attached at the intermediate layers. For
static usage (left), it can be pruned on demand while outperforming previous pre-trained models with the same size.
For dynamic usage (right), it can serve as the backbone for early exiting methods, achieving better performance-
efficiency trade-off than early exiting models with other backbones.

(GE) strategy5 in the pre-training of ElasticBERT.

Grouped Training In our preliminary experi-
ments, we found that summing up losses at all
layers could slow down pre-training and increase
memory footprints. To alleviate this, we divide L
exits into G groups. During training, we optimize
the losses of the exits within each group by cycling
alternately between different batches:

L =
∑

l∈Gi
(LMLM

l + LSOP
l ). (3)

In Section B.3 we explore the performance of dif-
ferent grouping methods. As a result, we group the
12 exits of ElasticBERTBASE into G1={1, 3, 5, 7,
9, 11, 12} and G2={2, 4, 6, 8, 10, 12}, and group
the 24 exits of ElasticBERTLARGE into G1={1, 4, 7,
..., 22, 24}, G2={2, 5, 8, ..., 23, 24}, and G3={3, 6,
9, ..., 21, 24}. Our experiments demonstrate that
grouped training can significantly speedup the pro-
cess of pre-training without a loss in performance.

5 Experiments

5.1 Experimental Setup

Pre-training Setup Following BERT (Devlin
et al., 2019), we train ElasticBERT in two
different configurations: ElasticBERTBASE and
ElasticBERTLARGE, which have the same model
sizes with BERTBASE and BERTLARGE, respec-
tively. The detailed description can be found in
Appendix B.1.

Downstream Evaluation We evaluate Elas-
ticBERT on the ELUE benchmark, as a static
model and as a dynamic model. As a static

5The reader is referred to the original paper for more de-
tails. In brief, the gradients of Lj w.r.t. the parameters of the
i-th layer (i < j) would be properly rescaled.
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Figure 4: Comparison of the average performance on
ELUE test sets between ElasticBERT and baselines.

model, we evaluate different layers of Elas-
ticBERT, denoted as ElasticBERT-nL. As a dy-
namic model, we inject and train internal clas-
sifiers in ElasticBERTBASE and adopt two strate-
gies, entropy (Xin et al., 2020) and patience (Zhou
et al., 2020a), to enable early exiting, denoted
as ElasticBERTentropy and ElasticBERTpatience. To
compare with previous work, we also evaluate
ElasticBERT on the GLUE benchmark (Wang
et al., 2019b). The comparison results is shown
in Appendix B.2. For static usage, we fine-
tune ElasticBERT and our baseline models for 10
epochs with early stopping using AdamW opti-
mizer (Loshchilov and Hutter, 2019) with learning
rates of {1e-5, 2e-5, 3e-5} and batch size of 32, and
warm up the learning rate for the first 6 percent of
total steps. In dynamic usage, for the models using
two-stage training methods, we train for 3 epochs
for each stage, and we train for 5 epochs for other
models. Other optimization configurations are the
same as those in static scenario.
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Model #Params #FLOPs SST-2 IMDb MRPC STS-B SNLI SciTail Average

BASE Models

BERTBASE 109M 13399M 85.1 93.0 83.1 84.2 90.4 93.2 88.2
ALBERTBASE 12M 13927M 86.6 92.9 87.8 88.3 90.1 93.4 89.9
RoBERTaBASE 125M 13103M 88.3 94.9 88.0 89.6 91.3 92.8 90.8
LayerDropBASE 125M 13103M 88.5 94.2 88.2 87.1 90.7 92.8 90.3
ElasticBERTBASE 109M 13399M 88.6 93.9 87.9 87.6 91.3 93.8 90.5

BERTBASE-6L 67M 6700M 83.3 91.0 82.6 82.5 88.9 90.7 86.5
ALBERTBASE-6L 12M 6972M 84.7 92.0 85.3 83.5 89.3 92.3 87.9
RoBERTaBASE-6L 82M 6552M 86.8 92.6 86.7 84.5 90.2 91.3 88.7
LayerDropBASE-6L 82M 6552M 86.3 92.9 86.3 86.1 89.5 90.3 88.6
HeadPrune-BERTBASE 86M 9249M 84.8 84.7 77.8 74.8 87.8 88.3 83.0
DistilBERT 67M 6700M 84.8 92.0 83.8 81.7 89.2 89.7 86.9
TinyBERT-6L 67M 6700M 85.3 89.0 86.2 85.7 89.3 90.0 87.6
BERT-of-Theseus 67M 6700M 84.4 90.7 82.4 85.0 89.4 92.1 87.3
ElasticBERTBASE-6L 67M 6700M 87.0 92.7 87.3 86.9 90.1 92.5 89.4

LARGE Models

BERTLARGE 335M 47214M 87.9 94.0 85.9 86.7 90.8 93.9 89.9
ALBERTLARGE 18M 48876M 87.7 93.8 88.1 89.3 90.2 93.6 90.5
RoBERTaLARGE 355M 46042M 90.5 95.7 89.9 90.5 91.6 95.8 92.3
LayerDropLARGE 355M 46042M 90.4 95.3 89.5 91.0 91.4 95.2 92.1
ElasticBERTLARGE 335M 47214M 89.8 95.0 89.8 90.9 91.4 95.7 92.1

BERTLARGE-6L 108M 11922M 80.4 89.6 74.3 70.5 87.4 84.4 81.1
ALBERTLARGE-6L 18M 12397M 84.5 92.0 84.7 85.1 89.4 90.8 87.8
RoBERTaLARGE-6L 129M 11664M 83.5 91.7 77.9 72.7 88.6 84.7 83.2
LayerDropLARGE-6L 129M 11664M 85.4 92.5 77.3 75.9 88.8 84.1 84.0
ElasticBERTLARGE-6L 108M 11922M 86.8 92.9 86.2 86.3 89.8 92.4 89.1

Table 2: ElasticBERT and static baseline performance on ELUE task test sets. We report the mean of Accuracy and
F1 for MRPC, Pearson and Spearman correlation for STS-B and Accuracy for other tasks. The reported FLOPs is
the average over all the datasets.

Baselines We compare ElasticBERT with three
types of baselines: (1) Directly fine-tuning pre-
trained models and their first n layers. We choose
BERT (Devlin et al., 2019), ALBERT (Lan et al.,
2020), RoBERTa (Liu et al., 2019) and Layer-
Drop (Fan et al., 2020) as our baselines. For the use
of the first n layers, we simply add a linear classi-
fier on top of the truncated model. (2) Compressed
models. We choose two distilled models, Distil-
BERT (Sanh et al., 2019) and TinyBERT (Jiao et al.,
2020), one pruned model, HeadPrune (Michel et al.,
2019), and one model obtained by using module re-
placing, BERT-of-Theseus (Xu et al., 2020a) as our
baseline models. (3) Dynamic early exiting mod-
els. To verify the effectiveness of ElasticBERT
as a strong backbone of dynamic early exiting
methods, we also compare ElasticBERTentropy and
ElasticBERTpatience which have the same early ex-
iting strategy as DeeBERT (Xin et al., 2020) and
PABEE (Zhou et al., 2020a) with four represen-
tative early exiting models: DeeBERT (Xin et al.,
2020), FastBERT (Liu et al., 2020b), PABEE (Zhou
et al., 2020a), and CascadeBERT (Li et al., 2021a).

5.2 Evaluating ElasticBERT on ELUE

ElasticBERT and our baselines are evaluated on
ELUE tasks. For the BASE version of Elas-
ticBERT, BERT, ALBERT, RoBERTa and Layer-
Drop, we evaluate the first 3/4/6/12 layers. For
the LARGE version of the models, we evaluate
the first 6/8/12/24 layers. For dynamic methods,
we fine-tune ElasticBERT along with the injected
internal classifiers using the gradient equilibrium
(GE) strategy (Li et al., 2019), and adopt two differ-
ent early exiting strategies: entropy-based strat-
egy (Xin et al., 2020) and patience-based strat-
egy (Zhou et al., 2020a).

Results of Static Models The performance of
ElasticBERT and our baseline models on ELUE
task test sets is shown in Table 2, where we find that
ElasticBERTBASE and ElasticBERTLARGE outper-
form BERT and ALBERT with the same number of
layers, but are slightly weaker than RoBERTaBASE
and RoBERTaLARGE. Besides, we find that the su-
periority of ElasticBERT over its baselines can be
significant with fewer layers (See Figure 4 for the

3294



(a) SST-2 (b) IMDb (c) SNLI

(d) SciTail (e) MRPC (f) STS-B

Figure 5: Performance-FLOPs trade-offs on ELUE task test sets. Because STS-B is a regression task, for
which the entropy-based methods are not applicable, we only evaluate patience-based methods, i.e., PABEE and
ElasticBERTpatience.

Model SST-2 IMDb MRPC STS-B SNLI SciTail Average

ElasticBERTBASE 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Static Models

BERTBASE -4.55 -2.15 -5.88 -4.75 -1.50 -3.35 -3.70
ALBERTBASE -2.41 -1.08 -2.34 -2.81 -1.55 -1.50 -1.95
RoBERTaBASE -0.89 -0.11 -2.95 -5.38 -0.66 -3.32 -2.22
LayerDropBASE -1.17 -0.13 -2.17 -2.98 -1.36 -4.14 -1.99
HeadPrune-BERTBASE -3.81 -8.61 -9.73 -11.9 -2.89 -4.18 -6.85
DistilBERT -2.20 -0.70 -3.50 -5.20 -0.90 -2.80 -2.55
TinyBERT-6L -1.70 -3.70 -2.60 -1.90 -0.80 -2.50 -2.20
BERT-of-Theseus -4.21 -2.61 -5.13 -1.67 -1.29 -0.38 -2.55

Dynamic Models

PABEE -1.33 -0.23 -2.93 -2.13 -0.85 -0.43 -1.50
DeeBERT -12.1 -14.0 -4.88 - -8.35 -6.19 -
FastBERT -1.51 0.16 -3.70 - -0.22 -1.23 -
CascadeBERT -2.13 -0.12 -4.05 - -0.23 0.14 -
ElasticBERTpatience 0.40 0.20 -1.00 -0.44 0.03 0.36 -0.08
ElasticBERTentropy 0.97 1.02 -0.14 - 0.02 0.64 -

Table 3: ELUE scores calculated using Eq. (1) for static and dynamic baseline models. ’-’ denotes that the
dataset/metric is not applicable to the model.

results of 3/4 (6/8) layers of the BASE (LARGE)
models).

Results of Dynamic Models We compare
ElasticBERTentropy and ElasticBERTpatience with
four dynamic models: DeeBERT (Xin et al., 2020),
FastBERT (Liu et al., 2020b), PABEE (Zhou et al.,
2020a), and CascadeBERT (Li et al., 2021a). The
performance-FLOPs trade-off of the dynamic mod-
els on ELUE task test sets are shown in Figure 5,
which demonstrates that ElasticBERT can achieve

better performance-FLOPs trade-off.

Evaluating ELUE Scores According to Eq. (1),
we also evaluate the ELUE scores of these base-
lines. As shown in Table 3, the ELUE score
of ElasticBERTBASE is natural to be zero on all
tasks. Among the other baselines, we find that
ElasticBERTpatience achieves the best ELUE score,
while HeadPrune achieves the worst ELUE score.
In addition, we find that dynamic models perform
better than static models on average.
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6 Conclusion and Future Work

In this work, we present ELUE, which is a pub-
lic benchmark and platform for efficient models,
and ElasticBERT, which is a strong baseline (back-
bone) for efficient static (dynamic) models. Both
of the two main contributions are aimed to build
the Pareto frontier for NLU tasks, such that the
position of existing work can be clearly recognized,
and future work can be easily and fairly measured.

Our future work is mainly in four aspects: (1)
Including more baselines in ELUE, (2) Supporting
the evaluation for more frameworks such as Tensor-
Flow (Abadi et al., 2016), (3) Supporting diagnos-
tics for submissions, (4) Supporting the evaluation
of more different types of tasks.
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Appendix

A Details of Evaluation

A.1 Submission and Evaluation

ELUE supports two kinds of submissions: submit-
ting test files, or submitting from a paper.

Submit test files Users are required to submit
two kinds of files: (1) predicted test files, and (2) a
model definition file in Python. The predicted test
files can be multiple, each indicates the prediction
under a certain efficiency. The submitted test files
should be in the following format:

index pred modules
0 1 (10),emb; (10,768),layer_1; (768),exit_1
1 0 (15),emb; (15,768),layer_1; (768),exit_1; (15,768),layer_2; (768),exit_2
2 1 (12),emb; (12,768),layer_1; (768),exit_1
... ... ...

Different from traditional predicted test files as in
GLUE, an additional column "modules" is required
to indicate the activated modules to predict each
sample. The numbers before each module represent
the input shape of that module, e.g. the "(10)"
before "emb" indicates that the input of "emb" is
a sequence of length 10. Note that this format
is also compatible with token-level early exiting
methods (Li et al., 2021b), where the sequence
length is progressively reduced as the processing
of layers.

Along with the test files, a Python file to define
the model is also required. Figure 6 is an example
Python file using PyTorch (Paszke et al., 2019) and
Transformers (Wolf et al., 2020).

With the submitted Python file, ELUE is able to
evaluate the average FLOPs on a dataset, and the
number of parameters of the model.

In cases that the evaluation is not applicable, e.g.
the programming language, or dependencies of the
submitted Python file is not supported in ELUE, the
user is allowed to evaluate FLOPs and number of
parameters by themselves and upload their results
along with the predictions to the ELUE website.

Submit from a paper Inspired by Paper with
Code6, we also expect that ELUE can serve as an
open-source platform that can facilitate future re-
search. Therefore, there is a track for the authors of

6https://paperswithcode.com/
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# import packages
import torch.nn as nn
from transformers import BertConfig
...

# module definitions
class ElasticBERTEmbeddings(nn.Module):

def __init__():
...

def forward(x):
...

class ElasticBERTLayer(nn.Module):
def __init__():

...
def forward(x)

...

class ElasticBERT(nn.Module):
def __init__():

...
def forward(x)

...

# module dict
config = BertConfig(num_labels=2)
module_list = {

'emb': ElasticBertEmbeddings(config),
'layer_1': ElasticBertLayer(config),
'exit_1': nn.Linear(config.hidden_size, num_labels),
'layer_2': ElasticBertLayer(config),
'exit_2': nn.Linear(config.hidden_size, num_labels),
...

}
entire_model = ElasticBERT(config)

Figure 6: An example Python file for submission.

published papers to share their experimental results
on ELUE datasets.

Performance Metrics Since the classes in
MRPC are imbalanced, we report the unweighted
average of accuracy and F1 score. For STS-B, we
evaluate and report the Pearson and Spearman cor-
relation coefficients. For other datasets, we simply
adopt accuracy as the metric.

B Experimental Details and Additional
Results

B.1 Details of Training ElasticBERT

The parameters of ElasticBERT are initialized with
BERT, and therefore it has the same vocabulary
and tokenizer as BERT. ElasticBERT is pre-trained
on ∼160GB uncompressed English text corpora,
which is comprised of English Wikipedia (12GB),
BookCorpus (4GB) (Zhu et al., 2015), OpenWeb-
Text (38GB) (Gokaslan and Cohen, 2019), and part
of the C4 corpus (110GB) (Raffel et al., 2020).
We use Adam optimizer (Kingma and Ba, 2015) to
pre-train ElasticBERTBASE and ElasticBERTLARGE
and other hyperparameters are listed in Table 4.
Our implementation is based on Huggingface’s
Transformers (Wolf et al., 2020) and the Megatron-
LM toolkit (Shoeybi et al., 2019). ElasticBERT is
trained on 64 32G NVIDIA Tesla V100 GPUs.

Hyperparameter ElasticBERTBASE ElasticBERTLARGE

Adam β1 0.9 0.9
Adam β2 0.999 0.999
Peak Learning Rate 2e-4 2e-4
Warm Up Type Linear Linear
Warm Up Rate 0.04 0.04
Weight Decay 0.01 0.01
Batch Size 4096 4096
Training Steps 125k 125k
Number of Layers 12 24
Hidden Size 768 1024
Attention Heads 12 16
FFN Intermediate Size 3072 4096

Table 4: Hyperparameters for ElasticBERT pre-
training

B.2 Evaluating ElasticBERT on GLUE

To verify the effectiveness and the elasticity of Elas-
ticBERT, we also evaluate ElasticBERT and our
static baselines on the GLUE benchmark. We eval-
uate the first 6/12 layers of the BASE models, and
the first 6/24 layers of the LARGE models.

Experimental results of ElasticBERT and our
baseline models on GLUE are presented in Table 6,
from which we find that ElasticBERT outperforms
BERT and ALBERT with the same number of lay-
ers, but is weaker than RoBERTa in the 12/24 lay-
ers configuration. Compared with ElasticBERT
that is trained for 125K steps with batch size of
4K, RoBERTa is trained for 500K steps with batch
size of 8K, which makes its number of training
samples 8 times larger than that of ElasticBERT.
When using fewer layers (6 layers of BASE and
LARGE models), ElasticBERT achieves the best
performance among the static baselines, confirm-
ing its great elasticity.

Grouping Accuracy

w/o Grouping 76.7

G1={1, 3, 5, 7, 9, 11, 12}
G2={2, 4, 6, 8, 10, 12} 76.7

G1={1, 4, 7, 10, 12}
G2={2, 5, 8, 11, 12}
G3={3, 6, 9, 12}

75.7

G1={1, 2, 3, 4, 12}
G2={5, 6, 7, 8, 12}
G3={9, 10, 11, 12}

75.5

G1={1, 2, 3, 4, 5, 6, 12}
G2={7, 8, 9, 10, 11, 12} 75.9

Table 5: The average accuracy acorss all the BERT ex-
its on the MNLI dataset with different grouping.
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Model #Params #FLOPs CoLA MNLI-m/mm MRPC QNLI QQP RTE SST-2 STS-B Average

BASE Models

BERTBASE 109M 6615M 56.5 84.6/84.9 87.6 91.2 89.6 69.0 92.9 89.4 82.9
ALBERTBASE 12M 6861M 56.8 84.9/85.6 90.5 91.4 89.2 78.3 92.8 90.7 84.5
RoBERTaBASE 125M 6727M 63.6 87.5/87.2 90.8 92.7 90.3 77.5 94.8 90.9 86.1
LayerDropBASE 125M 6727M 64.5 86.4/86.5 91.6 92.2 89.9 71.1 93.7 88.6 84.9
ElasticBERTBASE 109M 6615M 64.3 85.3/85.9 91.0 92.0 90.2 76.5 94.3 90.7 85.6

BERTBASE-6L 67M 3308M 44.6 81.4/81.4 84.9 87.4 88.7 65.7 90.9 88.1 79.2
ALBERTBASE-6L 12M 3435M 52.4 82.6/82.2 89.0 89.8 88.7 70.4 90.8 89.6 81.7
RoBERTaBASE-6L 82M 3364M 44.4 84.2/84.6 87.9 90.5 89.8 60.6 92.1 89.0 80.3
LayerDropBASE-6L 82M 3364M 53.7 83.8/83.8 87.6 89.8 89.4 64.3 91.3 88.1 81.3
HeadPrune-BERTBASE 87M 4744M 48.7 71.0/79.7 80.2 86.1 84.7 62.5 89.4 85.2 76.4
DistilBERT 67M 3308M 55.6 82.1/82.0 86.5 89.2 88.8 63.9 91.3 86.7 80.7
TinyBERT-6L 67M 3308M 46.3 83.6/83.8 88.7 90.6 89.1 73.6 92.0 89.4 81.9
BERT-of-Theseus 67M 3308M 45.1 81.4/81.9 88.1 88.1 88.9 70.1 91.4 88.8 80.4
ElasticBERTBASE-6L 67M 3308M 53.7 84.3/84.2 89.7 90.8 89.7 74.0 92.7 90.2 83.3

Test Set Results

TinyBERT-6L 67M 3308M 42.5 83.2/82.4 86.2 89.6 79.6 73.0 91.8 85.7 79.3
ElasticBERTBASE-6L 67M 3308M 49.1 83.7/83.4 87.3 90.4 79.7 68.7 92.9 86.9 80.3

LARGE Models

BERTLARGE 335M 23446M 61.6 86.2/86 90.1 92.2 90.1 72.9 93.5 90.4 84.8
ALBERTLARGE 18M 24296M 60.1 86/86.1 90.4 91.6 89.6 83.0 95.2 91.4 85.9
RoBERTaLARGE 355M 23840M 66.4 89/89.6 91.6 94.2 90.7 86.6 95.4 92.3 88.4
LayerDropLARGE 355M 23840M 66.6 89.7/89.6 91.2 93.9 88.5 86.6 95.5 92.6 88.2
ElasticBERTLARGE 335M 23446M 66.3 88/88.5 92.0 93.6 90.9 83.1 95.3 91.7 87.7

BERTLARGE-6L 108M 5863M 20.2 76.5/76.5 76.4 84.3 87.3 58.5 89.7 77.3 78.5
ALBERTLARGE-6L 18M 6083M 51.7 82.2/82.9 86.5 89.4 88.6 66.4 92.2 89.4 81.0
RoBERTaLARGE-6L 129M 5962M 43.3 80.4/80.9 80.0 86.1 88.9 54.9 90.1 80.5 76.1
LayerDropLARGE-6L 129M 5962M 44.3 81.4/81.0 79.8 87.1 88.5 53.1 91.4 83.0 76.6
ElasticBERTLARGE-6L 108M 5863M 53.9 83.5/84.3 89.6 90.8 90.1 71.1 91.9 90.1 82.8

Test Set Results

ALBERTLARGE-6L 18M 6083M 46.5 81.9/82.2 84.7 88.5 78.9 62.3 91.3 85.1 77.9
ElasticBERTLARGE-6L 108M 5863M 47.2 83.2/82.6 86.2 90.4 80.2 67.0 92.5 86.3 79.5

Table 6: ElasticBERT and static baseline performance on GLUE tasks. For MRPC, we report the mean of accuracy
and F1. For STS-B, we report Pearson and Spearman correlation. For CoLA, we report Matthews correlation. For
all other tasks we report accuracy.

B.3 Ablation Study

About the Training Strategy ElasticBERT
adopts the gradient equilibrium (GE) to alleviate
the conflict between the losses at different exits.
Here, we compare GE with two other existing train-
ing strategies, two-stage training (Xin et al., 2020)
and weighted training (Zhou et al., 2020a). Two-
stage training is that, first training the top classifier
along with the backbone model, and then freeze
the parameters of the backbone model and train
the injected internal classifiers. By this, two-stage
training maintains the performance of the top classi-
fier. Weighted training is to weight the loss of each
exit according to the corresponding layer, which is

L =

∑L
l=1 l · Ll∑L
l=1 l

. (4)

Experimental results of ElasticBERT with the
three training strategies are shown in Figure 7. It

(a) SST-2 (b) MRPC

Figure 7: Performance of the ElasticBERT exits at dif-
ferent layers with different training strategies.

can be observed that training with GE strategy per-
forms the best on both SST-2 and MRPC.

About the Grouped Exits As shown in Eq. (3),
we divide the L exits into different groups to
speedup the pre-training. Therefore, how to group
these exits needs to be explored. Here we evaluate
four different grouping methods, as described in
Table 5. To keep the overall performance of the
entire model, the exit classifier on the top of the
model is included in each group. According to
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Method MNLI-m/mm MRPC QNLI QQP Average

12 Layers

ElasticBERTBASE 85.4/85.7 89.2 91.9 89.8 88.4
w/o Grouped Training 85.3/85.1 89.3 92.0 89.8 88.3
w/o Grouped Training + GE 85.5/85.6 89.0 91.8 89.5 88.3

6 Layers

ElasticBERTBASE 83.9/83.6 87.1 90.6 89.6 87.0
w/o Grouped Training 84.5/83.6 87.5 90.7 89.4 87.1
w/o Grouped Training + GE 83.5/83.3 87.2 90.7 88.3 86.6

Table 7: Comparison between ElasticBERTBASE with and without GE and Grouped Training. Here,
ElastiBERTBASE is pre-trained using Wikipeida and BookCorpus data. ElasticBERTBASE denotes that model is
pre-trained with GE and Grouped Training.

Method Training Time (h)

ElasticBERTBASE 106.0
-w/o Grouped Training 186.0
-w/o Grouped Training + GE 174.5

Table 8: The training time for different training strate-
gies. All models are trained on the same GPU servers.

the experimental results in Table 5, we choose the
odd/even grouping method for ElasticBERTBASE.
Similarly, our experiments demonstrate that group-
ing 24 exits into G1={1, 4, 7, ..., 22, 24}, G2={2, 5,
8, ..., 23, 24}, and G3={3, 6, 9, ..., 21, 24} works
well for ElasticBERTLARGE.

Effect of Gradient Equilibrium To verify that
GE can enhance performance, we pre-train
ElasticBERTBASE with and without GE using
Wikipedia and BookCorpus data. As shown in
Table 7, ElasticBERT with GE outperforms that
without GE in two different configurations.

Effect of Grouped Training If we divide L ex-
its into G groups, the number of samples used for
training the remaining exits is 1/G of the last exit.
To verify that this does not degrade the performance
of the internal exits, we compare the performances
of pre-training ElasticBERTBASE with and without
Grouped Training. As shown in Table 7, we can ob-
serve that ElasticBERT with Grouped Training and
GE does not suffer much performance loss com-
pared with that training with only GE. In addition,
as shown in the Table 8, using Grouped Training
reduces ∼43% training time compared with that
without Grouped Training.

(a) ElasticBERTBASE (b) ElasticBERTLARGE

Figure 8: Comparison of average performance on
ELUE test sets between the ElasticBERT and other pre-
trained models.

B.4 Overall Comparison
We compare ElastiBERT with other large scale pre-
trained models in Figure 8, from which we find that
ElasticBERT is more robust to depth reduction. As
the number of layers decreases, ElasticBERT offers
greater advantages over other pre-trained models.

C ELUE Website

The ELUE website is built using Vue and Spring
Boot. We use MySQL for data storage and our
private servers to run the scoring script for each
submission.
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Abstract

Current Knowledge-Grounded Dialogue Gen-
eration (KDG) models specialize in producing
rational and factual responses. However, to es-
tablish long-term relationships with users, the
KDG model needs the capability to generate
responses in a desired style or sentiment. Thus,
we study a new problem: Stylized Knowledge-
Grounded Dialogue Generation (SKDG). It
presents two challenges: (1) How to train a
SKDG model where no <context, knowledge,
stylized response> triples are available. (2)
How to cohere with context and preserve the
knowledge when generating a stylized response.
In this paper, we propose a novel disentan-
gled template rewriting (DTR) method which
generates responses via combing disentangled
style templates (from monolingual stylized cor-
pus) and content templates (from KDG corpus).
The entire framework is end-to-end differen-
tiable and learned without supervision. Exten-
sive experiments on two benchmarks indicate
that DTR achieves a significant improvement
on all evaluation metrics compared with pre-
vious state-of-the-art stylized dialogue genera-
tion methods. Besides, DTR achieves compara-
ble performance with the state-of-the-art KDG
methods in standard KDG evaluation setting.

1 Introduction

Every good conversational agent needs the ability
to generate good responses, which are not only
knowledgeable and coherent with contexts but also
have abundant and desirable styles and sentiments
(Rashkin et al., 2018; Smith et al., 2020; Zhou et al.,
2020). Such an agent can deliver depth dialogues
on various topics and yield more engaging and
vivacious conversations to attract more users. In
other words, rational and perceptual thought are all
necessary for a perfect dialogue agent. Neverthe-
less, most existing Knowledge-Grounded Dialogue
Generation (KDG) methods (Dinan et al., 2019;

∗ Corresponding author.

Harry potter is a series of fantasy novels written by J. K. Rowling .

A: Harry potter is a really solid set of novels .

B: Certainly. I have seen the movies yesterday.

A: You are a real loyal fan ! Do you know who wrote the books ?

Knowledge:

Context:

Reponses:

KDG Model:

Polite:

Positive:

Negative:

I know the author of Harry potter is J. K. Rowling.  

Thank you ! The author is J. K. Rowling.

Without any doubt ! J. K. Rowling is my favorite. 

No, I am not sure whether the she is J. K. Rowling.

Human: She is my favorite author - J. K. Rowling.

Figure 1: The KDG models only produce a pedantic
response, which lacks emotion and attraction compared
with the responses with polite style, positive and nega-
tive sentiments.

Kim et al., 2020; Zhao et al., 2020b) pay more
attention to the former and ignore the latter. Specif-
ically, let’s claim our motivation: The previous
KDG works mainly focus on selecting knowledge
and expressing knowledge in response accurately.
However, the excessive emphasis on knowledge
makes the KDG models tend to mechanically copy
large sections from the unstructured knowledge
(e.g., Wikipedia). As a result, the responses from
the KDG models reflect a “pedantic" style (i.e., use
very technical terms and language), making the
conversation less engaging and less natural.

In this paper, we are aiming to have the first at-
tempt to incorporate stylized-text-generation into
KDG to tackle the above challenge. As shown in
Figure 1, the KDG model takes the context and re-
lated document as input and outputs a knowledge-
able but pedantic response corresponding to the
polite one, which makes people feel respected and
comfortable. In the meanwhile, the polite, positive
responses all show bright and lively styles which
not only are able to condense the core meaning of
the response, but also sound appealing to the users
for more exposure and memorableness.

Specifically, we formulate a new problem: Styl-
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I fall in love with breaking bad and incredible walter white

Given Knowledge:

Walter Hartwell White Sr., also known by his alias Heisenberg, is a fictional character and the protagonist of the American crime drama television series Breaking Bad.
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Sim
Knowledge Regularization

*

1

Style Disentangle

0

1

Differentiable operations
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*I    dislike  cruel  walter white     in  horrible breaking bad

abc

abc

style

knowledge

I       [ ] walter white    in [ ] breaking bad

Figure 2: Overview of DTR. The sequential style disentangler can find out and replace the style-related tokens
in generated response with [*] and produce a template. Then, the style rewriter transfers the template to a new
response in the target style.

Iron man's perseverance and technology are incredible

I dislike cruel walter white in horrible breaking bad.

What makes us fall in love with a toy? 

Iron man's incredible perseverance is admirable.

I fall in love with breaking bad and incredible walter white.

Negative fragments Positive fragments Knowledge fragments

KDG Response:

SKDG Response:

Positive Corpus

Figure 3: Our model combines the style-related frag-
ments from the style corpus and the knowledge frag-
ments from the KDG response to generate a response in
a desired sentiment or style.

ized Knowledge-Grounded Dialogue Generation
(SKDG). That is, the responses provided by a
model should be coherent with the dialogue con-
texts and be consistent with the given knowledge
and a designated style or sentiment. The chal-
lenges lie in two aspects: (1) As lacking styl-
ized knowledge-grounded dialogue triples (i.e.,<context, knowledge, stylized response>), we need
to train the SKDG model jointly by both indepen-
dent knowledge-grounded dialogues and monolin-
gual corpus with a target style or sentiment. (2) In
addition to being coherent with context and consis-
tent with target style / sentiment, a good response
from SKDG needs to ensure objective correctness
in the knowledge section. Especially when the
given knowledge contains style-related content, ex-
isting stylized dialogue generation (SDG) models
(Zheng et al., 2020; Ze et al., 2020) may undermine
the correctness of knowledge section. For example,
in case of negative-to-positive sentiment transfer
shown in Figure 3, the first two negative fragments
of KDG response - “ dislike cruel” and “horrible”
should be modified to positive fragments, but the
third “ bad ” should be retained to maintain the

original meaning of knowledge section.
Hence, our motivation is: on the one hand, bridg-

ing the separate knowledge-grounded response gen-
eration and stylized rewriting by sharing a disen-
tangled template (addressing challenge (1)); on
the other hand, enhancing the fidelity regarding to
given knowledge by using a reinforcement learning
approach (addressing challenge (2)).

To achieve this goal, we propose a new paradigm:
Generate-Disentangle-Rewrite. Firstly, given a di-
alogue context and the associated external knowl-
edge, a KDG model is adopted to generate a re-
sponse. Then as shown in Figure 2 and 3, we lever-
age a sequential style disentangler to delete style-
related fragments from the KDG response to form a
style-agnostic template. Then the rewriter rewrites
the entire template token-by-token, injecting style-
related fragments in the process, to generate a vivid
and informative response in the desired style. As
there is no supervision on the style disentangler
and the style rewriter, we propose a reinforcement
learning-based method to train the style disentan-
gling and style rewriting in an end-to-end manner
using a style intensity reward and a semantic sim-
ilarity reward. The huge joint action space of the
two modules fragile the training, thus we propose
a novel weakly supervised stylistic template dis-
entangle method to initialize both the disentangler
and the rewriter. As a result, our method success-
fully produces the knowledgeable response in the
desired style without any paired training data.

We name our model DTR standing for
“Disentangled Template Rewriting”. We demon-
strate this approach using knowledge-grounded di-
alogues from Wizard of Wikipedia (Dinan et al.,
2019) and Topical Chat (Gopalakrishnan et al.,
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2019) with three sets of sentences with distinct
sentiments (positive, negative) and styles (polite).
Automatic and human evaluations show that our
method significantly outperforms competitive base-
lines with a large margin in generating coherent and
knowledgeable dialogue responses while rendering
stronger stylistic features.

Our contributions are three-fold: (1) To the best
of our knowledge, it is the first work on the gen-
eration of stylized knowledge-grounded responses
without any labeled paired data for style-specific
context-knowledge-response. (2) We proposed a
stylized knowledge-grounded dialogue generation
method via disentangled template rewriting. To
optimize the model, we propose a reinforcement
learning approach with a novel weakly supervised
method to guide the learning of both disentangler
and rewriter. (3) Extensive experiments on two
benchmarks indicate that DTR significantly outper-
forms previous state-of-the-art SDG methods on
all evaluation metrics. Besides, DTR achieves com-
parable performance with the state-of-the-art KDG
methods in the standard KDG evaluation setting.
Our source code will be released at https://
github.com/victorsungo/SKDG-DTR.

2 Related Work

Knowledge-Grounded Dialogue Generation has
attracted broad interest in recent years, where the
knowledge could be obtained from documents (Di-
nan et al., 2019; Kim et al., 2020; Rashkin et al.,
2021) and images (Shuster et al., 2018; Yang et al.,
2020a; Liang et al., 2021). Our study considers
document-grounded dialogue generation. With the
rapid development of pre-training techniques, Zhao
et al. (2020a) proposes pre-trained disentangled de-
coder, and Li et al. (2020) proves that the KDG
models could achieve comparable performance
with state-of-the-art supervised methods through
an unsupervised learning method. Rather than test-
ing new architectures on the benchmarks, our main
contribution lies in the investigation of transferring
the pedantic and factual knowledge-grounded re-
sponses into a desired style or sentiment, which
roots in the requirement from practice.
Text Style and Sentiment Transfer was inspired
by visual style transfer (Gatys et al., 2016; Zhu
et al., 2017), and many methods have made re-
markable work in text style transfer, which aims
to alter the style attributes of text while preserv-
ing the content. A prevalent idea of style transfer

is to disentangle the content and style of text (Fu
et al., 2018; Li et al., 2018; Jin et al., 2020; Wen
et al., 2020; Zhu et al., 2021) or leverage the back-
translation (Lample et al., 2019; Li et al., 2021).
Stylized dialogue generation has attracted numer-
ous attention in recent years (Niu and Bansal, 2018;
Gao et al., 2019). Different from style transfer, styl-
ized dialogue generation requires that the response
is also coherent with its context.
Stylized Dialogue Generation refers to generate
a dialogue response in the target style. Akama
et al. (2017) first train a response generation model
on a dialog corpus then use a style corpus to fine-
tune the model. Yang et al. (2020b) builds a pre-
trained language model and devise both a word-
level loss and a sentence-level loss to fine-tune
the pre-trained model towards the target style. Su
et al. (2020a) proposes an information guided re-
inforcement learning strategy to better balance the
trade-off between the stylistic expression and the
content quality. Sun et al. (2021) blends textual
and visual responses to make the dialogue style
more attractive and vivid. Zheng et al. (2020) cap-
tures stylistic features embedded in unpaired texts,
Su et al. (2020b) uses the pointwise mutual infor-
mation (PMI) to determine stylistic word, Ze et al.
(2020) adopts pre-trained models to tackle the open-
domain stylized response generation.

We propose a novel disentangled template rewrit-
ing approach as the first attempt to study stylized
knowledge-grounded dialogue generation without
any supervised style-specific context-knowledge-
response triples data.

3 Task Definition

For the SKDG task, our model is trained on a di-
alogue dataset Dc = {(Ki, Ui, Yi)}Ni=1 and a style
corpus Ds = {Ti}Mi=1, where ∀(Ki, Ui, Yi) ∈ Dc,
Ui is a dialogue context, Ki a external document
that contains relevant knowledge regarding to Ui
and Yi a response to Ui, and ∀Ti ∈ Ds, Ti is a
piece of text in the target style S. We don’t as-
sume that there exists triples {(K,U,Y ′)} with Y ′
expressed in the style or sentiment S, e.g., S ={“polite”,“positive”,“negative”}. Our goal is
to learn a generation method P (Y ∣K,U,S) withDc andDs, thus given a document K and a context
U , one can generate a response Y following the
desired style S , where Y also coheres with context
and preserves the knowledge.
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4 Approach

Heading for learning an effective disentangled tem-
plate rewriting model for SKDG task, we need to
deal with several challenges: (1) how to distinguish
the style-related fragments from a given sentence
without any supervision;(2) how to retain the style-
related fragments in knowledge section to defend
the completeness;(3) how to rewrite the disentan-
gled template holistically instead of inserting a few
style words, thus to enhance fluency and diversity.

Our DTR model is made up of a knowledge-
grounded response generator GG, a sequential style
disentangler F and a style rewriter GR. Given a
dialogue context U and its associated knowledge
K, we first use GG to generate a response Y . Fig-
ure 2 illustrates the cooperation of F and GR. The
former reads Y and disentangles the style-related
content from Y to form a style-agnostic template
sequence Ỹ , which is further provided as input toGR to generate the transferred response Ŷ in a tar-
get style. Since Ỹ is discrete, the major hinder of
learning F lies in the gradient is not differentiable.
To cope with the challenge, we exploit a reinforce-
ment learning approach to optimize F leveraging
the signals from GR.

So why do we need a Disentangler + Rewriter
architecture? The previous SDG methods fuse the
knowledge and style into mixed representation and
decode a response. Due to the difficulty of mixing
knowledge and style implicitly under the unsuper-
vised setting, it is possible to lose knowledge or
style in the decoding stage. Motivated by this, we
propose to decouple the response generation into
two relatively independent processes: 1) knowl-
edge fragments generation 2) style fragments gen-
eration. The knowledge fragments and style frag-
ments are explicitly composited into the response
in the final stage. Such a method ensure the knowl-
edge is successfully presented in the final output.
The disentangler plays a central role in decoupling
and composition. In the following, we will elabo-
rate details of each component.

4.1 Model Architecture

4.1.1 Knowledge-Grounded Response
Generator

The generator GG is a sequence-to-sequence model
based on the Transformer architecture (Vaswani
et al., 2017), it consists of a 6-layers encoder
and decoder with a hidden size of 768. Given a
dialogue context U = {u1, . . . , ui, . . . , ul} with

ui the i-th utterance, and a document K ={k1, . . . , ki, . . . , kh} with ki the i-th sentence. We
concatenate U and K as a long sentence as the
input of the encoder, then the decoder generates a
response Y as output

Y = {w1, . . . ,wi, . . . ,wm} = GG(U,K) (1)

4.1.2 Sequential Style Disentangler
To identify and disentangle the style-related frag-
ments from Y , we employ a sequence labeling
module named Sequential Style Disentangler F
to model the probabilities {xi}mi=1 of being style-
related token at each position in Y . The formula-
tions are as follows:

PF(A∣Y ,U,K) = m∏
i=1P (ai∣Y ,U,K) (2)

P (ai∣Y ,U,K) = xi = sigmoid(W ei) (3)

{e1, . . . , em} = BERT(Y ,U,K) (4)

where W ∈ Rv×1 and ei ∈ Rv, v is representation
dimension, ai ∈ {replace, retain}, A = {ai}mi=1.
Then when generating Ỹ if xi > ε, ai will be oper-
ation “replace" indicating wi is a style token and
needs to be replaced with a tag token [*], and vicev-
ersa for xi < ε, ai will be operation “retain" indicat-
ing wi remains unchanged. Threshold ε is equal to
top Pr% percentile of {xi}mi=1, where Pr is a hyper
parameter. Finally, we perform the the predicted se-
quence of operations on Y to obtain style-agnostic
template Ỹ . As the style disentangler tags each
word in a sentence, it captures the style fragments
(e.g., words, phrases, sub-sequences, or even the
whole sentence) rather than only style tokens. The
learning detail is presented in Appendix A.1.

4.1.3 Style Rewriter
With Ỹ as input, the style rewriter GR generates a
new Ŷ word-by-word in the target style. GR has the
same architecture as GG. The generation process
of GR is formulated as:

PR(Ŷ ∣Ỹ ) = h∏
t=1PR(ŵt∣Ỹ ) (5)

where ŵt is the t-th token of Ŷ whose length is h.

4.2 Reinforcement Learning
Neither style disentangler nor style rewriter has
supervision for training. Moreover, We need to
ensure the correctness of Ŷ without any modifi-
cations of the original content in the knowledge
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section of Y . To cope with the challenges, we ex-
ploit REINFORCE (Sutton et al., 2000) to trainF and GR jointly with a total reward determined
by the semantic similarity with the ground-truth
response and the consistency with the desired style.
Specifically, we maximize the expected reward as:

RRL = EŶ ∼PR(Ŷ )EỸ ∼PF(A)[R(Ỹ , Y )] (6)

where PR(Ŷ ) and PF(A) stand for PR(Ŷ ∣Ỹ )
and PF(A∣Y ,U,K) respectively, R(Ỹ , Y ) =
Sim(Ŷ , Y )+Cls(Ŷ ), Sim(⋅) is embedding cosine
similarity which supervises the knowledge regular-
ization, Cls(⋅) is the style intensity predicted by a
classifier. We subtract the mean value of rewards R
in a batch to reduce the variance of gradient estima-
tion (Clark and Manning, 2016). In order to avoid
the destroying issue of RL, we fix the parameters
of GR, then only optimize the F .

4.3 Weakly Supervised Learning
Since the style disentangler and style rewriter need
to be carefully synchronized, ideally we hope they
can benefit each other in learning. However, in the
early stage as the parameters of F and GR are far
from optimal. It is possible that, on the one hand,
the templates that are not decoupled successfully
hinder GR learning from rewriting style fragments
accurately. On the other hand, noise signals from
rewards computed with the low-quality responses
generated by GR flow to the learning of F , result-
ing in inferior F . To alleviate error accumulation
in joint training, we propose a novel weakly su-
pervised stylistic template disentangle method to
assist the learning of F and GR.

4.3.1 Weakly Supervised Disentangler
Intuitively, style fragments dominate the distribu-
tion of style corpusDs compared with content frag-
ments, thus the style fragments are easier to be
reconstructed than content fragments by the de-
noising autoencoder trained on Ds. As shown in
Figure 4, a denoising reconstruction model GD re-
constructs the style word “good” successfully but
fail to do that for content word “pizza” in the same
response from Dc. Particularly, we randomly di-
vide Ds into two halves with equal probability:D1
s and D2

s , then D1
s is used to train the denois-

ing reconstruction model GD. The reconstruction
objective LS is formulated as:

LS = ET∼D1
s
[− log p(T ∣T̃ )] (7)

pizza is  such  good  food

beef  is such good food

[   ]   is such good food

pizza is such good  food

pizza is such   [   ]   food

Distance(“pizza”, “beef”) = 0.6362 Distance(“good”, “good”) = 0

* *

Figure 4: The positive sentiment word “good” is easier
to be reconstructed than the knowledge word “pizza” in
the sentence, where the wrong prediction “beef” would
hurt the knowledge preservation and confuse the dia-
logue theme.

where T̃ is the corrupted version of T by randomly
mask 15% tokens.

Then for each sentence T = {ti}mi=1 (with ti the
i-th token in T ) in D2

s , we sequentially mask one
token each time to construct its denoising versions{T̃i}mi=1, then {T̃i}mi=1 are inferenced by GD to re-
construct {T̂i}mi=1. We acquire a distance sequence
d = {di}mi=1 = {Dis(ti, t̂i)}mi=1 where Dis(⋅, ⋅) de-
notes a distance function. Based on above intuition,
lower di means ti is more preferable as a style-
related token, thus for ti and tj , if di < dj , we
define the label y = 1, and viceversa for di > dj ,
y = −1. We aggregate all < ti, tj , y > triples to
construct Ds_t to optimize the style disentangler
via the pairwise ranking loss:

LP(ti, tj , y) =max (0,−y ∗ (ti − tj) + µ) (8)

where µ is a hyper parameter. The action space
of token-level pairwise ranking is large, so for
each sentence in Ds_t, we randomly sample Z
non-repetitive < xi, xj , y > triples to optimize LP ,
where Z is a hyper parameter. The style tokens in
various style corpus found by the style disentangler
is presented in Appendix B.6.

4.3.2 Weakly Supervised Rewriter
The training data for the rewriter are also con-
structed by an unsupervised method: Optimized
style disentangler F (Eq.8) infers the style corpusDs = {Ti}Mi=1 and generates a disentangled tem-
plate set D̃s = {T̃i}Mi=1. Then the rewriter takes
paired < T̃ , T > as input and output respectively.
Since T̃ is style-agnostic, the rewriter would focus
on transfering a factual sentence to a desired sen-
tence with target style. The loss function for the
rewriter GR is:

LR = − 1

M

M∑
l=1(

∣Tl∣∏
i=1 p(tl,i∣tl,1,⋯, tl,i−1; T̃l)) (9)
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where tl,i is the i-th token in l-th sentence. Specif-
ically, the rewriter GR has a same architecture asGG.

Algorithm 1 Optimization Algorithm.

1: Input: Datasets Dc, Ds; Models GG, F , GR.
2: Optimize GG using Dc.
3: Construct Ds_t.
4: Optimize F using Ds_t (Eq.8) .
5: Construct D̃s using F .
6: Optimize GR using Ds and D̃s (Eq.9) .
7: Further Optimize F using Dconv (Eq.6) .
8: return GG, F , GR.

5 Experiments

We conduct experiments on Wizard of Wikipedia
(Wizard) and Topical Chat with positive and nega-
tive sentiments, and polite style.

5.1 Datasets

KDG Corpus Wizard consists of 1365 topics, and
each conversation happens between a wizard who
has access to Wikipedia paragraphs and an appren-
tice who talks to the wizard. Topical Chat utilizes
wiki articles, Washington Post, and Reddit fun facts
as the knowledge source. The participants play
symmetric and asymmetric roles according to the
knowledge. Wizard and Topical Chat are split as
training, valid and test set respectively. We com-
pare our method with baselines on Wizard Test
Seen and Topical Chat Test Freq. More details are
described in Appendix B.1.
Style Corpus We use Amazon dataset published
in Juncen et al. (2018) and Politeness published
in Madaan et al. (2020) for style transfer. Ama-
zon consists of product reviews from Amazon for
flipping sentiment, and it contains 27800 positive
sentences and 27700 negative sentences. For Po-
liteness, We use the P9-bucket as the polite dataset,
which consists of 27000 polite sentences.

5.2 Evaluation Metrics

Following Zheng et al. (2020) and Ze et al. (2020),
we use automatic metrics to measure DTR on three
aspects: Style Intensity, Relevance, and Diver-
sity. For style intensity, we use the GPT-2 classifier
prediction mentioned in section 5.3. Relevance is
measured with F1, BLEU (Papineni et al., 2002)
and Rouge (Lin, 2004). We use Distinct (Li et al.,
2016) to measure Diversity of different models.

To measure the diversity between different styles,
we propose inner Distinct: given a context and
knowledge, we calculate distinct in three generated
responses with three styles.

For human evaluation, we randomly sample 500
examples from test set, and recruit 3 well-educated
annotators. To each annotator, two responses from
different models are presented, which are randomly
shuffled to hide their sources. The annotators then
judge which response is better from four aspects:
(1) Style Consistency: which response exhibits the
desired style more (2) Knowledge Preservation:
which response is more relevant to the knowledge-
able document (3) Context Coherence: which re-
sponse is more coherent with the dialogue context
(4) Fluency: which response is more fluent and
free from any grammar errors.

5.3 Implementation Details
We use pre-trained MASS (Song et al., 2019) to ini-
tialize GG and GR. We adopt Adam optimizer as an
initial learning rate of 5 ×10−4, and the batch size
is 4096 tokens for a NVIDIA 1080 Ti GPU. Since
all the baselines don’t have a knowledge selection
module, we chose the ground-truth knowledge as
input for Wizard and the top-1 knowledge sentence
according to the BLEU-1 with the corresponding
response as input for Topical Chat. We use beam
search(size=5) to decode the response. We initial-
ize F with pre-trained BERT, the replace rate Pr is
25, Z in section 4.2 is 10. We use Glove (Jeffrey
et al., 2014) 100d embedding and cosine similarity
as Dis(⋅, ⋅) to calculate distance d. µ in Eq.8 is
0.2. To get the style intensity reward, we follow Ze
et al. (2020) and train binary GPT-2 (Radford et al.,
2019) classifiers. Early stopping on validation is
adopted as a regularization strategy. All the above
hyperparameters are determined by grid search.

5.4 Baselines
The following models are selected as baselines:

• StyleFusion (Gao et al., 2019) bridges conver-
sation modeling and nonparallel style trans-
fer by sharing a latent space. We use the
code https://github.com/golsun/
StyleFusion.

• StylisticDLV (Zhu et al., 2021) disentangles
the content and style in latent space by di-
luting information in style representations.
We use the code https://github.com/
golsun/StyleFusion.
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Style Models
Wizard of Wikipedia Topical Chat

Style Relevance Diversity Average Style Relevance Diversity Average
Intensity F1 B-1 B-2 R D-1 D-2 iD-1 iD-2 Length Intensity F1 B-1 B-2 R D-1 D-2 iD-1 iD-2 Length

Positive

StyleFusion 0.275 11.8 12.3 6.5 10.1 3.3 8.7 54.1 67.3 11.2 0.263 12.6 12.9 6.8 11.2 0.8 2.6 42.1 60.7 9.7
StylisticDLV 0.336 10.6 11.5 6.1 9.3 3.9 9.2 56.7 69.5 10.6 0.381 12.2 12.5 6.7 10.6 1.3 3.3 44.7 63.2 10.3
StylizedDU 0.342 15.7 17.4 9.6 18.5 14.1 34.8 50.3 65.5 14.5 0.417 16.2 15.8 10.1 15.4 3.6 10.5 46.2 65.8 12.8
StyleDGPT 0.354 21.7 24.3 17.1 24.8 12.5 33.2 61.4 73.2 10.8 0.392 20.4 18.6 14.6 18.7 2.8 7.8 58.6 74.9 11.3
DTR 0.338 31.3 32.6 20.7 32.6 12.9 35.5 59.6 76.9 20.3 0.448 26.4 30.2 18.9 26.0 3.9 11.8 63.8 76.0 19.5

Negative

StyleFusion 0.327 12.5 11.7 7.4 9.6 3.1 8.8 53.5 70.3 10.4 0.293 10.8 11.4 6.5 10.6 1.0 2.4 55.7 63.5 10.9
StylisticDLV 0.665 11.8 11.1 6.9 9.0 3.4 9.1 54.7 70.8 11.3 0.655 10.4 11.2 6.1 10.5 1.2 2.7 58.0 64.9 11.2
StylizedDU 0.640 16.1 16.7 9.4 15.9 13.6 31.3 56.1 69.6 13.8 0.642 15.7 15.5 11.3 15.8 3.2 8.4 58.0 65.4 12.5
StyleDGPT 0.713 22.5 24.9 17.5 25.0 11.8 32.0 62.9 74.2 12.4 0.686 21.3 22.1 16.5 19.2 2.3 6.6 64.6 70.1 10.7
DTR 0.783 32.0 31.1 20.6 31.8 14.3 34.5 66.4 78.7 18.7 0.715 27.9 31.2 19.7 26.5 4.5 12.8 67.2 75.3 21.2

Polite

StyleFusion 0.211 11.3 11.6 6.8 10.7 1.9 5.5 45.0 53.4 12.6 0.243 12.5 12.8 7.3 12.2 0.8 2.3 40.4 57.1 10.4
StylisticDLV 0.264 10.7 10.8 6.2 10.1 2.1 6.0 47.3 55.9 12.1 0.375 13.0 13.4 7.5 12.6 0.9 2.8 43.6 59.3 9.8
StylizedDU 0.270 14.9 16.2 10.2 17.4 11.5 35.1 43.3 63.2 14.7 0.382 16.4 15.3 10.9 14.7 3.8 12.4 42.8 60.9 13.9
StyleDGPT 0.262 24.8 22.2 15.7 23.8 12.2 33.1 51.9 65.7 13.3 0.316 20.8 19.4 15.3 20.8 3.0 9.2 45.7 58.3 12.8
DTR 0.287 30.6 29.3 20.5 31.6 12.8 37.4 55.4 68.1 20.3 0.403 27.6 30.5 19.8 29.1 4.2 14.6 47.2 62.5 20.5

Table 1: Automatic evaluation results. Numbers in bold mean that the improvement to the best baseline is
statistically significant (t-test with p-value < 0.01).

Manual evaluation results Attractiveness evaluation results

Style Models
Style Knowledge Context

Style ModelsConsistency Preservation Coherence Fluency Kappa Attractiveness Kappa
W(%) L(%) T(%) W(%) L(%) T(%) W(%) L(%) T(%) W(%) L(%) T(%) W(%) L(%) T(%)

Wizard of Wikipedia Wizard of Wikipedia
Positive DTR vs. StyleDGPT 56.8 22.2 21.0 58.0 22.8 19.2 52.4 19.5 28.1 54.9 22.3 22.8 0.67 Positive DTR vs. DTR-s 60.4 18.1 21.5 0.68
Negative DTR vs. StyleDGPT 54.8 18.4 26.8 58.2 17.9 23.9 55.0 19.6 25.4 51.0 28.6 20.4 0.65 Negative DTR vs. DTR-s 13.7 58.3 28.0 0.65
Polite DTR vs. StyleDGPT 58.0 21.6 20.4 60.2 21.1 18.7 56.7 20.7 22.6 50.5 29.2 20.3 0.68 Polite DTR vs. DTR-s 56.2 12.3 31.5 0.64

Topical Chat Topical Chat
Positive DTR vs. StyleDGPT 48.2 23.3 28.5 57.3 20.5 22.2 48.8 24.0 27.2 53.6 23.9 22.5 0.65 Positive DTR vs. DTR-s 54.6 23.1 22.3 0.65
Negative DTR vs. StyleDGPT 56.7 21.6 21.7 51.6 27.4 21.0 54.0 22.6 23.4 52.6 22.9 24.5 0.64 Negative DTR vs. DTR-s 26.4 54.5 19.1 0.65
Polite DTR vs. StyleDGPT 49.8 19.3 30.9 46.5 28.1 25.4 45.6 27.3 27.1 53.5 21.1 25.4 0.65 Polite DTR vs. DTR-s 49.6 21.7 28.7 0.67

Table 2: Manual evaluation results. W, L, and T refer to Win, Lose, and Tie. All of the Kappa scores are greater
than 0.6, which indicates the good agreement among the annotators. Other models are shown in Appendix B.4.

Figure 5: F1 of DTR and StyleDGPT (positive), and
SOTA KDG models in different evaluation settings.

• StylizedDU (Zheng et al., 2020) lever-
ages back-translation technique to gener-
ate pseudo stylized context-response pairs.
We use the code https://github.com/
silverriver/Stylized_Dialog.

• StyleDGPT (Ze et al., 2020) exploits
the pre-trained language models on the

Figure 6: F1 and inner Distinct with different replace
rate on three different styles in Wizard Test set.

stylized response generation task. We
use the code https://github.com/
TobeyYang/StyleDGPT.

All the baselines are jointly learned with datasetsDc and Ds, and take the concatenation of knowl-
edge and context as input.
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Models
Wizard of Wikipedia Topical Chat

Style Relevance Diversity Style Relevance Diversity
Intensity F1 B-1 B-2 R D-1 D-2 iD-1 iD-2 Intensity F1 B-1 B-2 R D-1 D-2 iD-1 iD-2

DTR 0.338 31.3 32.6 20.7 32.6 12.9 35.5 59.6 76.9 0.448 26.4 30.2 18.9 26.0 3.9 11.8 63.8 76.0
w/o F WSL 0.186 23.4 21.2 13.5 21.6 15.1 38.4 67.3 80.4 0.287 15.5 17.9 11.6 16.3 4.8 14.9 69.1 81.3
w/o F (TFIDF) 0.244 28.7 28.5 19.0 29.6 13.5 36.6 61.5 78.6 0.369 22.7 26.2 16.0 21.5 4.3 12.3 65.5 76.4
w/o F (Classification) 0.256 31.7 30.2 20.9 31.5 13.1 35.3 58.6 76.2 0.375 23.3 26.7 16.5 22.6 3.8 12.1 64.7 75.0
w/o Rewards 0.307 31.4 28.9 20.2 29.6 12.7 35.1 58.1 76.4 0.424 25.1 29.0 18.3 24.3 4.2 11.9 63.7 74.2
w/o Cls 0.297 32.0 31.5 20.8 30.2 12.0 34.7 56.3 74.3 0.396 24.4 30.7 19.1 26.2 3.9 11.4 63.1 74.5
w/o Sim 0.340 30.4 28.6 20.2 29.4 12.3 36.5 61.0 78.3 0.452 26.8 28.8 17.9 24.3 4.3 12.1 64.8 75.6

Table 3: Ablation evaluation results of positive sentiment. Other styles are shown in Appendix B.3.

5.5 Evaluation Results

As shown in Table 1, our DTR model achieves
competitive performance in style transfer and sig-
nificantly outperforms the baselines in all the rel-
evance metrics. This indicates that DTR can pro-
duce high-quality responses which are coherent to
the context, related to the knowledge, and consis-
tent with the target style simultaneously. We also
observe that all SDG methods frequently lost the
knowledge part (Appendix B.2). DTR significantly
outperforms StyleDGPT on relevance, indicating
that leveraging the style intensity score to optimize
the decoupling of the template is superior to di-
rectly optimizing response generation (degrading
language modeling). We observe the core compo-
nent back-translation in StylizedDU fails to infer
pseudo-knowledge from a response (generally, the
knowledge carries much more information than the
response). Table 2 reports the results of human eval-
uation, DTR significantly outperforms StyleDGPT
on all aspects. DTR is also superior to all the base-
lines as the Case Study section in Appendix B.2.

5.6 Ablation Study

Firstly, to verify the contributions of the pro-
posed disentangler and weakly supervised learning
method, we consider the following variants: (1)
w/o F WSL: training DTR without the Weakly
Supervised Learning of F in section 4.3.1. (2) w/oF (Classification): replace the pairwise ranking
loss in F with a binary classification loss. We de-
fine those tokens with d = 0 (in section 4.3.1) as
style words (label=1), otherwise non-style words
(label=0). (3) w/o F (TFIDF): replace F with a
TFIDF-based rule (replace the fragments as [*] in a
sentence with the lowest Pr% TFIDF scores except
stop words). Table 7 shows the results of the three
variants. We can conclude that (1) the weakly su-
pervised learning of F is crucial to training DTR,
since the variant with a simple TFIDF significantly
outperforms the one without any initialization; and

(2) the ranking loss in F plays a key role in the
success of style transfer, there is a dramatic drop
on the style intensity of w/o F (Classification).
According to our observation, it is overfitting on
the style corpus, leading to a low success rate.

Secondly, to investigate the RL rewards in
Eq.(6), we consider the following variants: (1) w/o
Rewards : remove the similarity and style intensity
reward. (2) w/o Sim: remove the similarity reward.
(3) w/o Cls: remove the style intensity reward. As
shown in Table 7, removal any of the two rewards
will cause performance drop, indicating that style
intensity and similarity reward can enhance DTR.
We also add Sim to StylizedDU, the improvement
is +2.1 on F1, thus it’s hard for Sim to bridge the
huge gap. Negative and Polite are similar, these
results are presented in Appendix B.3.

5.7 Discussions

Impact of stylized knowledge-grounded genera-
tion. We annotate the “Attractiveness” (the anno-
tators are given two different responses with the
same context and knowledge from two different
models, and they should determine which response
is more attractive and engaging in a holistic way) of
DTR and DTR-s (without style transfer) following
the same process in 5.2. Table 2 reports the evalua-
tion results. We can see that introducing a positive
sentiment or a polite style would enhance the en-
gagement of the KDG model while establishing a
negative sentiment harm the attractiveness.
Impact of style transfer on the conversational
ability of SDG models. We are curious about
to what extent the conversational ability of SDG
models will be damaged after style transfer. We
examine DTR and StyleDGPT in two settings: (1)
Gold-K: the given knowledge is the ground-truth
(2) Predicted-K: the given knowledge is selected
from a knowledge selection model (Xueliang et al.,
2020). As shown in Figure 5, after style transfer on
Wizard, the F1 of DTR drops 2.28 and 2.1 in Gold-
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K and Predicted-K, while the F1 of StyleDGPT
drops 11.16 and 8.16 respectively. On Topical
Chat,the F1 of DTR drops 1.77 and 1.51 in Gold-
K and Predicted-K, while the F1 of StyleDGPT
drops 7.1 and 6.16 respectively. Compared with
StyleDGPT, DTR dramatically reduces the damage
to the conversational ability while achieving a high
success rate of style transfer. Thanks to the superior
style transferring mechanism, our DTR achieves
comparable performance with the state-of-the-art
KDG models {KnowledGPT(Xueliang et al., 2020)
on Wizard, UNILM(Li et al., 2020) on Topical
Chat} in the standard KDG evaluation setting even
after style transfer. The results of Negative and
Polite are similar and presented in Appendix B.7.
Impact of the replace rate Pr. As shown in Fig-
ure 6, Pr = 25 achieves the best balance between
relevance and diversity. A smaller Pr would re-
main a large number of original style fragments in
the template, leading to tiny differences between
different styles. On the contrary, a larger Pr would
delete those content fragments, which are harder to
restore by rewriter, but the responses from different
styles will be more diverse. Topical Chat follows
the same regularity as shown in Appendix B.5.

6 Conclustion

We explore stylized knowledge-grounded dialogue
generation by proposing bridging the knowledge-
grounded response generation with the stylized
rewriting via sharing a disentangled template. Eval-
uation results on benchmarks of the task indicate
that our model can achieve state-of-the-art perfor-
mance and exhibits a superior generation ability
over different knowledge domains and styles.
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A Method Detail

A.1 Disentangler BERT Learning Detail
We initialize F with two pre-trained BERT. In
the unsupervised initialization stage we only train
the BERTα, then in the reinforcement learning
stage, we fix the parameters of BERTα and loosen
BERTβ .

PF(A∣Y ,U,K) = m∏
i=1P (ai∣Y ,U,K) (10)

P (ai∣Y ,U,K) = xi = xαi + xβi (11)

xαi = sigmoid(Wαeαi ) (12)

xβi = sigmoid(W βeβi ) (13)

{eα1 , . . . , eαm} = BERTα(Y ) (14)

{eβ1 , . . . , eβm} = BERTβ(Y ,U,K) (15)

B Experiments

B.1 Datasets
Table 4 reports the statistics of the Wizard of
Wikipedia dataset and the Topical Chat dataset.

B.2 Case Study
Table 5 and Table 6 presents some examples from
Wizard of Wikipedia and Topical Chat respec-
tively. In each case, we show the dialogue con-
text, the knowledge (ground-truth), the human re-
sponse, and responses from different models with
each style. We can see that responses from DTR
and StyleDGPT are well grounded by the pro-
vided knowledge and have obvious style , while
responses from StyleFusion and StylizedDU in gen-
eral lack of both informative content and desired
style. Compared with StyleDGPT, DTR is better at
leveraging target style in the test phase and replies
with more informative and more contextually co-
herent responses, which demonstrates the potential
of the model in practice. For DTR, the knowledge-
grounded response generator GG firstly generates a
factual response with mixed style-related tokens
(such as “yeah”, “like”, “not”, “whether”, etc.)
and content, then the template generator F replace
them with a tag token [*] to produce a disentan-
gled template, finally the rewriter GR modifies the
tag [*] to generate some new sentences in different
target styles.

B.3 Ablation evaluation
As shown in table 7, we list all ablation evaluation
results of Positive, Negative and Polite on Wizard

of Wikipedia and the Topical Chat.

B.4 Manual evaluation
As shown in Table 8, we list all manual evaluation
results of Positive, Negative and Polite on Wizard
of Wikipedia and the Topical Chat.

B.5 Replace Rate Pr
As shown in Figure 7, we present the F1 and Inner
Distinct with different replace rate in Topical Chat.

Figure 7: F1 and Inner Distinct with different replace
rate in Topical Chat.

B.6 Statistics of frequent style words
As shown in Figure 8, we present the visualization
of the style tokens in various style corpus found by
the initiated style decoupler.

good
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not
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didn’t
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hard

sad
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good

like

Figure 8: Statistics of frequent new generated words in
Positive, Negative, and Polite.

B.7 F1 Drop Pr
As shown in Figure 9 and 10 , we present F1 of
DTR, StyleDGPT, and SOTA KDG models in dif-
ferent task mode of negative sentiment and polite
style.
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Dataset
Wizard of Wikipedia Topical Chat

Train Valid Test Seen Test Unseen Train Valid Freq. Valid Rare Test Freq. Test Rare
Utterances 166787 17715 8715 8782 188378 11681 11692 11760 11770

Conversations 18430 1948 965 968 8628 539 539 539 539
Average Turns 9.0 9.1 9.0 9.1 21.8 21.6 21.7 21.8 21.8

Table 4: Statistics for Wizard of Wikipedia, Topical Chat datasets.

Knowledge a grilled cheese sandwich is made by grilling the sandwich with butter or toasting it .

Context

A: hot dog . i love a good hotdog !
B: archery is a sport/skill of using a bow to propel arrows and a great sport it is .
A: do you know where archery originated from ?
B: it’s a delicious sausage sandwich . add a little mustard to it and a coke and that’s a fine
meal
A: absolutely ! need to get me some homemade mustard plants .
B: lol ! what other quick meals do you like ? for example grilled cheese with chips ?

Human i love butter on my grilled cheese !GG yeah, i like the grilled cheese sandwich with butter.F [*], i [*] the grilled cheese sandwich with butter.

Positive

DTR certainly, i enjoy the delicious butter on grilled cheese sandwich .
StyleFusion yes, i think so too.
StylizedDU yes, i heard about the cheese.
StyleDGPT i like toasting the sandwich.

Negative

DTR I don’t think so , i hate the grilled cheese sandwich with greasy butter.
StyleFusion i hate the other quick meals.
StylizedDU i did not know that. what is it about?
StyleDGPT i don’t know. I think it would be a bad idea.

Polite

DTR i am so sorry, i ate a little grilled cheese sandwich with butter.
StyleFusion you know i am a big fan of cheese sandwich.
StylizedDU i don’t know. I think it would be a bad idea.
StyleDGPT thanks for your grilled cheese sanwich.

Table 5: Case study of Wizard of Wikipedia. Style-related words discovered by the style decoupler are marked in
the red color, the generated style-related words of DTR are marked in the blue color, and the knowledge related
words of all baselines and our model are marked in the purple color.

Figure 9: F1 of DTR, StyleDGPT, and SOTA KDG
models in different task mode of negative sentiment.
Gold-K represents we use ground truth knowledge as
input, and Predicted-K represents we use a knowledge
selection model to predict top-1 knowledge sentence as
input.

Figure 10: F1 of DTR, StyleDGPT, and SOTA KDG
models in different task mode of polite style. Gold-K
represents we use ground truth knowledge as input, and
Predicted-K represents we use a knowledge selection
model to predict top-1 knowledge sentence as input.
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Knowledge Former Partiots RB BenJarvus Green-Ellis has never fumbled the football in his NFL
career.
A: cold bench. Then again, I wouldn’t want to be some place that cold or watching football.
B: I’d rather watch it inside where it’s warm. Have you heard about the Georgia Tech-
Cumberland game of 1916?

Context

A: No, what happened in that game?
B: Georgia Tech defeated Cumberland but here’s the thing, they defeated them by a score
of 222-0!
A: That is insane. How could that even happen?
B: I don’t know but it did. It’s the highest scoring game in history.
A: I’m sure. I don’t even watch much and I couldn’t imagine that score. I wonder if most
people left or were they curious to see how high it would go?
B: I guess it depended on what team you were pulling for. To me, it’s surprising that the
highest scoring game was in college football and not professional.
A: Maybe it is because some are not as good in college so they may be playing against
someone not on their level.
B: Good point. Professional does have a player that has never fumbled the ball.

Human I’ve heard that. Wasn’t it a Patriot player?GG i am not sure whether he was benjarvus green-ellis.F i am [*] sure [*] he was benjarvus green-ellis.

Positive

DTR i am pretty sure, because i am the loyal fan of benjarvus green-ellis.
StyleFusion i think it’s funny that green-ellis has never fumbled the football.
StylizedDU that’s impressive.
StyleDGPT i agree, the player was former partiots rb benJarvus.

Negative

DTR i don’t know whether he was benjarvus green-ellis as a former partiots rb.
StyleFusion are you a football fan?
StylizedDU green-ellis has never fumbled the football.
StyleDGPT no, i didn’t know about nfl.

Polite

DTR i am sure and please note that he was benjarvus green-ellis.
StyleFusion i also saw the nfl this year.
StylizedDU i hope i never fumbled the football.
StyleDGPT could you please tell me who is the player?

Table 6: Case study of Topical Chat. Style-related words discovered by the style decoupler are marked in the red
color, the generated style-related words of DTR are marked in the blue color, and the knowledge related words of all
baselines and our model are marked in the purple color.

Style Models
Wizard of Wikipedia Topical Chat

Style Relevance Diversity Style Relevance Diversity
Intensity F1 B-1 B-2 R D-1 D-2 iD-1 iD-2 Intensity F1 B-1 B-2 R D-1 D-2 iD-1 iD-2

Positive

DTR 0.338 31.3 32.6 20.7 32.6 12.9 35.5 59.6 76.9 0.448 26.4 30.2 18.9 26.0 3.9 11.8 63.8 76.0
w/o F Initialization 0.186 23.4 21.2 13.5 21.6 15.1 38.4 67.3 80.4 0.287 15.5 17.9 11.6 16.3 4.8 14.9 69.1 81.3
w/o F (TFIDF) 0.244 28.7 28.5 19.0 29.6 13.5 36.6 61.5 78.6 0.369 22.7 26.2 16.0 21.5 4.3 12.3 65.5 76.4
w/o F (Classification) 0.256 31.7 30.2 20.9 31.5 13.1 35.3 58.6 76.2 0.375 23.3 26.7 16.5 22.6 3.8 12.1 64.7 75.0
w/o Rewards 0.307 31.4 28.9 20.2 29.6 12.7 35.1 58.1 76.4 0.424 25.1 29.0 18.3 24.3 4.2 11.9 63.7 74.2
w/o Cls 0.297 32.0 31.5 20.8 30.2 12.0 34.7 56.3 74.3 0.396 24.4 30.7 19.1 26.2 3.9 11.4 63.1 74.5
w/o Sim 0.340 30.4 28.6 20.2 29.4 12.3 36.5 61.0 78.3 0.452 26.8 28.8 17.9 24.3 4.3 12.1 64.8 75.6

Negative

DTR 0.783 32.0 31.1 20.6 31.8 14.3 34.5 66.4 78.7 0.715 27.9 31.2 19.7 26.5 4.5 12.8 67.2 75.3
w/o F Initialization 0.508 21.7 20.9 13.8 23.5 17.2 39.7 68.8 81.7 0.425 16.8 16.3 10.1 14.2 5.4 14.3 69.6 77.0
w/o F (TFIDF) 0.727 30.1 29.7 18.9 28.7 14.8 34.7 68.5 79.1 0.647 25.7 29.3 18.0 25.4 4.9 12.4 66.4 74.0
w/o F (Classification) 0.705 31.0 30.6 20.6 31.0 15.0 35.1 67.9 79.6 0.633 26.2 30.2 18.4 25.7 5.1 13.3 68.3 75.8
w/o Rewards 0.768 30.9 30.1 20.2 30.6 14.9 35.4 66.8 79.9 0.698 27.1 30.4 18.1 25.3 5.2 12.6 67.0 75.6
w/o Cls 0.759 32.1 31.2 21.4 32.1 13.8 34.6 64.3 78.3 0.687 28.0 31.5 20.0 26.9 4.1 11.9 66.1 73.2
w/o Sim 0.786 30.4 29.9 19.7 30.5 15.2 35.9 68.9 80.8 0.720 26.1 30.6 19.3 26.5 5.5 12.7 68.5 77.3

Polite

DTR 0.287 30.6 29.3 20.5 31.6 12.8 37.4 55.4 68.1 0.403 27.6 30.5 19.8 29.1 4.2 14.6 47.2 62.5
w/o F Initialization 0.156 22.9 20.5 11.7 19.6 14.9 40.6 59.8 72.3 0.282 16.1 18.3 12.7 17.5 5.3 16.9 55.8 70.1
w/o F (TFIDF) 0.214 27.0 27.8 18.8 29.8 13.0 38.1 56.3 69.3 0.341 23.1 28.0 18.2 26.9 4.9 15.5 48.7 63.5
w/o F (Classification) 0.258 30.9 30.2 21.3 32.4 12.2 36.6 52.1 67.0 0.375 25.9 29.4 18.6 27.1 4.0 14.8 47.6 62.8
w/o Rewards 0.266 31.0 27.8 20.2 31.7 12.6 37.6 55.9 68.5 0.384 26.1 29.1 19.1 27.1 4.3 15.1 47.3 63.6
w/o Cls 0.265 32.9 30.6 21.3 32.3 11.9 37.0 53.6 67.6 0.379 27.8 31.1 20.1 29.3 3.8 14.3 45.5 62.4
w/o Sim 0.292 30.7 27.5 20.0 31.2 13.1 37.2 56.3 69.7 0.406 26.9 28.9 18.7 27.8 4.6 15.2 48.0 65.1

Table 7: Ablation evaluation results.
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Style Models
Style Knowledge Context Fluency Kappa

Consistency Preservation Coherence
W(%) L(%) T(%) W(%) L(%) T(%) W(%) L(%) T(%) W(%) L(%) T(%)

Wizard of Wikipedia

Positive
DTR vs. StyleFusion 53.6 17.1 29.3 66.3 10.5 23.2 54.1 10.4 35.5 53.5 21.8 24.7 0.72
DTR vs. StylizedDU 57.4 24.9 17.7 59.1 24.1 16.8 46.0 23.2 30.8 50.8 23.1 26.1 0.69
DTR vs. StyleDGPT 56.8 22.2 21.0 58.0 22.8 19.2 52.4 19.5 28.1 54.9 22.3 22.8 0.67

Negative
DTR vs. StyleFusion 59.7 22.9 17.4 65.7 15.9 18.4 58.0 16.7 25.3 55.9 18.2 25.9 0.68
DTR vs. StylizedDU 57.2 24.0 18.8 57.9 23.0 19.1 50.1 20.9 29.0 46.5 24.8 28.7 0.66
DTR vs. StyleDGPT 54.8 18.4 26.8 58.2 17.9 23.9 55.0 19.6 25.4 51.0 28.6 20.4 0.65

Polite
DTR vs. StyleFusion 60.9 15.9 23.2 64.3 7.3 28.4 55.3 16.1 28.6 47.1 25.2 27.7 0.70
DTR vs. StylizedDU 58.7 22.1 19.2 58.6 20.4 21.0 47.8 21.2 31.0 45.6 31.8 22.6 0.66
DTR vs. StyleDGPT 58.0 21.6 20.4 60.2 21.1 18.7 56.7 20.7 22.6 50.5 29.2 20.3 0.68

Topical Chat

Positive
DTR vs. StyleFusion 54.8 16.5 28.7 53.0 13.6 33.4 56.0 17.2 26.8 53.5 17.4 29.1 0.69
DTR vs. StylizedDU 45.9 19.4 34.7 49.1 21.3 29.6 52.7 21.4 25.9 46.7 20.2 33.1 0.63
DTR vs. StyleDGPT 48.2 23.3 28.5 57.3 20.5 22.2 48.8 24.0 27.2 53.6 23.9 22.5 0.65

Negative
DTR vs. StyleFusion 56.8 8.5 34.2 62.5 10.6 26.9 53.7 10.2 36.1 55.2 16.8 28.0 0.73
DTR vs. StylizedDU 49.2 16.8 34.0 55.8 24.9 19.3 50.9 22.4 26.7 38.7 25.1 36.2 0.66
DTR vs. StyleDGPT 56.7 21.6 21.7 51.6 27.4 21.0 54.0 22.6 23.4 52.6 22.9 24.5 0.64

Polite
DTR vs. StyleFusion 58.2 12.6 29.2 56.5 8.9 34.6 58.3 11.6 30.1 50.7 23.1 26.2 0.68
DTR vs. StylizedDU 54.6 17.1 28.3 48.0 23.8 28.2 48.2 25.1 26.7 46.0 28.3 25.7 0.70
DTR vs. StyleDGPT 49.8 19.3 30.9 46.5 28.1 25.4 45.6 27.3 27.1 53.5 21.1 25.4 0.65

Table 8: Manual evaluation results. W, L, and T refer to Win, Lose, and Tie, respectively. The ratios are calculated
by combining labels from the three annotators.
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Abstract

Dialogue state tracking (DST) aims to predict
the current dialogue state given the dialogue his-
tory. Existing methods generally exploit the ut-
terances of all dialogue turns to assign value for
each slot. This could lead to suboptimal results
due to the information introduced from irrele-
vant utterances in the dialogue history, which
may be useless and can even cause confusion.
To address this problem, we propose LUNA, a
SLot-TUrN Alignment enhanced approach. It
first explicitly aligns each slot with its most rel-
evant utterance, then further predicts the corre-
sponding value based on this aligned utterance
instead of all dialogue utterances. Furthermore,
we design a slot ranking auxiliary task to learn
the temporal correlation among slots which
could facilitate the alignment. Comprehensive
experiments are conducted on multi-domain
task-oriented dialogue datasets, i.e., MultiWOZ
2.0, MultiWOZ 2.1, and MultiWOZ 2.2. The
results show that LUNA achieves new state-of-
the-art results on these datasets.1

1 Introduction

Dialogue State Tracking (DST) refers to the task of
estimating the dialogue state (i.e., user’s intents) at
every dialogue turn, where the state is represented
in forms of a set of slot-value pairs (Williams et al.,
2016; Eric et al., 2019). DST is crucial to the suc-
cess of a task-oriented dialogue system as the dia-
logue policy relies on the estimated dialogue state
to choose actions. Traditional DST approaches
assume that all candidate slot-value pairs are pre-
defined in an ontology (Mrkšić et al., 2017; Zhong
et al., 2018; Lee et al., 2019). Then, they scores
all possible pairs and selecting the value with the
highest score as the predicted value of a slot.

∗Equal contribution.
†Corresponding author: baojunwei001@gmail.com

1Our code is available at https://github.com/
nlper27149/LUNA-dst

Sys: There are lots to choose from. What type of cuisine
are you looking for?

User: I do not care. It needs to be on the south side and
moderately priced.

State: restaurant-area=south; pricerange=moderate

Sys: There are 2 options, pizza hut cherry hinton and
restaurant alimentum. Can I book you for those ?

User: Yes please. I also need a hotel with at least 3 stars
and free parking near by the restaurant.

State: hotel-parking=yes; hotel-stars =3

Sys: I am sorry, there is no guest house that meets those
criteria, either. Would you like to try a different
rating, or a different area?

User: Sure, what about in the city centre?
State: hotel-area =centre; hotel-type=guest house⊗

: hotel-area=south; hotel-type=guest house

Table 1: An example of DST. “User" and “Sys" means
user query and system response respectively. “State"
is the golden label of dialogue state. “

⊗
" denotes the

predicted states of some existing models and the state
marked red is the incorrect prediction.

DST encounters many challenging phenomena
unique to dialogue, such as co-references and el-
lipsis. Consequently, most of existing DST ap-
proaches exploit all dialogue utterances in history
to assign value for each slot (Shan et al., 2020;
Chen et al., 2020a; Quan and Xiong, 2020; Hu
et al., 2020; Chen et al., 2020b). However, this
could lead to the incorrect value assignment due
to the ambiguous contents introduced from some
irrelevant utterances with the current slot. As the
example shown in Table 1, the models estimate a
slot value “south" for the slot “hotel-area" at turn-3
yet its corresponding golden label is “centre". The
reason is that both “south" and “centre" are the
potential slot values to the area-related slot (i.e.,
“restaurant-area" and “hotel-area") in the ontol-
ogy. Actually, the domain of the utterance at turn-1
is “restaurant" that is irrelevant to the slot “hotel-
area".

To address the problem aforementioned, we pro-
pose LUNA, a SLot-TUrN Alignment enhanced
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approach, which divides DST into two sub-tasks:
(1) explicitly aligns each slot with its most rele-
vant utterance, (2) assigns the slot value according
to the aligned utterance. For example, when pre-
dicting the slot value of “hotel-area", LUNA first
aligns it with the relevant utterance (i.e., turn-3)
and then only uses the representations of this ut-
terance to match slot value. Concretely, LUNA
consists of four parts: an utterance encoder, a slot
encoder, a value encoder, and an alignment module
between the first two encoders. The core of LUNA
is the alignment module directed at accurate align-
ment, otherwise there may be a risk of the failure
of the second sub-task. Correspondingly, the align-
ment module equipped in LUNA is performed by
an iteratively bi-directional feature fusion network
based on the attention mechanism. Some previ-
ous works have explored the feature fusion of the
two encoders, but they are all uni-directional (Shan
et al., 2020; Chen et al., 2020b; Ye et al., 2021), e.g.,
turn-to-slot or slot-to-turn. Compared with them,
the bi-directional way can build a mutual relevance
between two encoders and thus more effective for
our alignment-oriented objective.

Additionally, we design a ranking-based auxil-
iary task to supervise LUNA to learn the slot order
along with the conversational flow, which could
facilitate the alignment. For example, the order of
the slots in Table 1 is:
(1) “restaurant-area" (2) “pricerange" (3) “hotel-parking"

(4) “hotel-stars" (5) “hotel-area" (6) “hotel-type"

Among the above slots, the most difficult-aligned
slot is “hotel-area" which confronts the confusion
from the utterances at turn-1 (containing “south")
and turn-3 (containing “center"). But the remain-
ing five slots are easy-aligned, such as “hotel-stars".
If the model combines two information: (1) “hotel-
stars" is aligned with the utterance at turn-2, (2) the
conversation order of “hotel-area" is after “hotel-
stars", it can easily inference that “hotel-area"
should be aligned with the utterance at turn-3. No-
tably, our proposed auxiliary task enables LUNA
to learn the semantic correlations as well as the
temporal correlations among slots. Whereas, ex-
isting DST approaches only attempt to model the
semantic correlations (Ye et al., 2021; Zhu et al.,
2020; Chen et al., 2020b).

Comprehensive experiments are conducted and
the results show that LUNA achieves state-of-the-
art (SOTA) on three of the most actively stud-
ied datasets: MultiWOZ 2.0 (Budzianowski et al.,
2018), MultiWOZ 2.1 (Eric et al., 2019), and Mul-

tiWOZ 2.2 (Zang et al., 2020) with joint accuracy
of 55.31%, 57.62%, and 56.13%. The results out-
perform the previous SOTA by +0.97%, +1.26%,
and +4.43%, respectively. Furthermore, a series of
subsequent ablation studies demonstrate the effec-
tiveness of each module in our model. Our main
contributions are summarized as follows:

(1) We propose a DST approach LUNA which
mitigates the problem of incorrect value assignment
through explicitly aligning each slot with its most
relevant utterance.

(2) We propose an auxiliary task to facilitate
the alignment which is firstly introduced in DST
to take the temporal correlations among slots into
account.

(3) Empirical experiments are conducted to show
that LUNA achieves SOTA results with significant
improvements.

2 Related Work

DST is a necessary component in task-oriented dia-
logue systems and a large amount of work has been
proposed to achieve better performance. All these
methods can be broadly divided into two categories:
classification (Xu and Hu, 2018; Zhong et al., 2018;
Ren et al., 2018; Xie et al., 2018) and generation
(Wu et al., 2019; Hosseini-Asl et al., 2020; Kim
et al., 2020). The classification method requires
that all possible slot-value pairs are given in a pre-
defined ontology. Then, the pair with the highest
score is the final prediction. Conversely, the genera-
tion way does not rely on manual definition, which
generates dialogue states from utterances using the
seq2seq fashion. This work is mainly related to the
classification method.

Recently, transformer-based pre-trained mod-
els, such as BERT (Devlin et al., 2019), have
achieved remarkable results in a range of natural
language processing tasks. Thereupon, the research
of DST has been shifted to building new models
on top of the powerful pre-trained language mod-
els. SUMBT (Lee et al., 2019) is the first model to
employ BERT to model the relationships between
slots and dialogue utterances through a slot-word
attention mechanism. CHAN (Shan et al., 2020)
presents a hierarchical attention network which
uses slot-word attention and slot-turn attention to
enhance the representations of slots. All the meth-
ods mentioned above predict the value of each slot
separately and ignore the correlations among slots.
SST (Chen et al., 2020b) incorporates graph at-
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tention networks into DST and proposes schema
graphs which contain slot relations in edges. STAR
(Ye et al., 2021) provides a slot self-attention mech-
anism to learn mutual guidance among slots and
enhance the ability to deduce appropriate slot val-
ues from related slots. Recently, BORT (Sun et al.,
2022) proposes a reconstruction mechanism which
enhances the performance of DST.

To the best of our knowledge, we are the first
to reveal that exploiting all dialogue utterances to
assign value may cause suboptimal results and the
first to learn the temporal correlations among slots.

3 Methodologies

Suppose that there is a conversation composed
of T utterances, X = {(Q1, R1), ..., (QT , RT )},
and a predefined slot set S = {S1, ..., SJ}, where
Qt denotes the user query at t-th utterance, Rt
is the corresponding system response and J is
the total number of slots. DST aims to predict
states at each turn with given utterances up-to-now
(Q≤t, R≤t), and presents them as slot-value pairs,
Bt = {(S1, V t

1 ), ..., (SJ , V
t
J )}, where Sj is the j-th

slot in S , and V t
j is the value with respect to Sj for

the t-th turn. Since the datasets are collected from
multi domains, following previous works (Hu et al.,
2020; Kim et al., 2020), we concatenate domain
names and slot names as domain specific slots.

To tackle this task, we propose the LUNA model.
As depicted in Figure 1, this model consists of three
encoders and an alignment network. In this section,
we will elaborate each module of this model.

3.1 Encoders
Inspired by the success of the pre-trained model in
the community of the NLP, we adopt the BERT (De-
vlin et al., 2019) to implement the context encoder.

3.1.1 Utterance Encoder
Given the t-th utterance (Qt, Rt) and its history
(Q≤t, R≤t), we first concatenate them into a single
sequence: Xt = Q1⊕R1⊕· · ·⊕Qt⊕Rt. Following
the form of the input of the BERT, we then surround
the sequence with two special tokens [CLS] and
[SEP]. Given that not all of the slots can be aligned
to a specific utterance, we further add an extra
token [BLANK] as a placeholder. All of the slots
that are not mentioned in the dialogue are aligned
to [BLANK]. Finally, the input of the utterance
encoder can be denoted as follows:

Xt = [CLS]⊕Xt ⊕ [SEP]⊕ [BLANK]. (1)

After obtaining Xt, we feed it into the BERT to
learn semantic representations:

Ht = BERTfinetune(Xt), (2)

where Ht = [ht1,h
t
2, ...,h

t
|Xt|], htj ∈ Rd. Ad-

ditionally, we add a learned embedding to every
token indicating which turn it belongs to. Thus,
for a given token in Xt, its input representation
is constructed by summing the corresponding to-
ken, position, segment, and turn embeddings. In
order to make the BERT more adapt to this task,
we fine tune the parameters of the BERT during the
training stage.

3.1.2 Slot and Value Encoders
Following previous works (Shan et al., 2020; Ye
et al., 2021), we leverage another BERT to encode
slots and their candidate values. Formally, given
a slot Sj or a value V t

j , we first tokenize it into a
sequence and then concatenate it with the special
token [CLS] to build the input for the slot or value
encoder. After that, we exploit the BERT to encode
the concatenation as follows:

hsj = BERTfixed(Sj), (3)

hvtj = BERTfixed(V t
j ). (4)

We regard the representation of [CLS] as that of the
whole slot or value. Specially, since the quantity of
the sub-vocabulary related to slots and values are
small, we freeze the parameters of BERT in slot
and value encoders during the training stage.

3.2 Alignment Module

As mentioned above, DST model usually adopts all
of previous utterances as the history to enhance the
representation of the current utterance. Although
this mechanism enriches the semantic representa-
tion, it introduces some noisy and causes confusion
for value prediction to a specific slot. To allevi-
ate this issue, the proposed LUNA model adopts
iteratively bi-directional feature fusion layers, turn-
to-slot and slot-to-turn, to align slots to utterances
and provide more relevant utterance for value pre-
diction.

3.2.1 Turn-to-Slot Alignment
In this work, we regard utterances and slots as two
sequences and aims to align them with each other.
To this end, we first employ a multi-head atten-
tion mechanism (Vaswani et al., 2017) to assist
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Figure 1: The architecture of LUNA. Note that the workflow in this figure is specifically for the first slot S1.

the slots extracting relevant information from utter-
ances based on the outputs of the utterance and slot
encoders:

hsj ,t = MultiHead(hsj ,Ht,Ht), (5)

where MultiHead(·, ·, ·) denotes the multi-head at-
tention mechanism. Through this operation, we
obtain utterance-aware slot representations.

After that, we adopt N stacked layers to learn
the correlation among slots, and each layer consists
of a multi-head self-attention mechanism and a
position-wise feed-forward network. We denote
this module as Slot SA. Formally, the n-th layer is
computed as follows:

H̄n
s = MultiHead(Ĥ

n−1
s , Ĥ

n−1
s , Ĥ

n−1
s ), (6)

Ĥ
n
s = FNN(ReLU(FNN(H̄n

s )) (7)

where Ĥ
1
s = [hs1,t, ...,hsJ ,t].

3.2.2 Slot-to-Turn Alignment
For utterances, after obtaining the output of the ut-
terance encoder Ht, we first slice it into t segments,
U = [U1, ...,Ut] and each segment corresponds to
an utterance. We then exploit a hierarchical atten-
tion mechanism to model the slot-to-turn alignment.
The hierarchical attention mechanism contains two
layers. The first layer models the preliminary align-
ment between an utterance and a slot and we denote
it as Single Slot-to-Turn. The other one focuses
on the refined alignment through incorporating all

slots information and we represent it as Overall
Slot-to-Turn.

As shown in Figure 1, the Single Slot-to-Turn
is responsible for extracting token-level informa-
tion related to a specific slot from each utterance.
Take the j-th slot Sj as an example. Given its rep-
resentation hsj , we use it to extract most relevant
information from each utterance (e.g., i-th utter-
ance) via the multi-head attention mechanism:

Ūi = MultiHead(hsj ,Ui,Ui), (8)

where Ūi is a d-dimension vector and we regard it
as slot Sj aware representation for i-th utterance.
Similarly, we obtain slot Sj aware representations
for all utterances Ū = [Ū1, ..., Ūt] with the same
operation.

After that, the Overall Slot-to-Turn layer further
aligns utterances with slots. Different with existing
work (Ye et al., 2021) of encoding the states of the
previous turn Bt−1 as an information supplement,
we first introduce previous alignment information
into each utterance by adding alignment embed-
ding:

Ûi = Ūi + AE(i), (9)

where AE is embedding matrix indicating whether
the slot Sj aligns utterance Ui or not at last turn.
Then we utilize another multi-head attention mod-
ule to update utterance representations based on
slots information as follows:

Ũi = MultiHead(Ûi, Ĥ
N
s , Ĥ

N
s ). (10)
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To aggregate context dependency among ut-
terances, we further introduce a multi-head self-
attention mechanism to learn the context aware
representation for each utterance:

D = MultiHead(Ũ, Ũ, Ũ), (11)

where Ũ = [Ũ1, ..., Ũt], D = [D1, ...,Dt]. D is
adopt to predict the alignment distribution over
turns for Sj as follows:

p(·|Sj) = softmax(WoD + bo), (12)

where Wo ∈ Rd and bo are trainable parameters.
We employ the cross-entropy as the objective func-
tion of the alignment and it can be formulated as:

Lalign = −
J∑

j=1

log p((Q∗j , R
∗
j )|Sj), (13)

where (Q∗j , R
∗
j ) is ground-truth utterance aligned

to slot Sj .

3.2.3 Auxiliary Ranking Task

The output of the Slot SA, Ĥ
N
s = [ĥ

N
s1 , ..., ĥ

N
sJ

],
only contains the information of the semantic cor-
relations among slots. To facilitate the alignment,
the model needs the assistance of the temporal cor-
relations among slots. However, slots are naturally
disordered or sorted in lexicographic order. There-
fore, we design an auxiliary task to guide the model
to learn the temporal information of slots. Partic-
ularly, we propose an ordering algorithm to deter-
mine the slots order with respect to the dialogue
utterances, as shown in Algorithm 1. This task
aims to minimize the order differences between the
disordered slots and our defined-ordered slots and
we utilize the ListMLE (Xia et al., 2008) as the
objective function. ListMLE is a standard ranking
loss and it is computed based on a defined list and
a ground-truth list. To compute the loss, we learn a
score for each slot (e.g., Sj) as follows:

fsj = Sigmod(Wsĥ
N
sj + bs), (14)

where Ws and bs are trainable parameters. Given
the ground-truth order of slots o = [o1, ..., oJ ] and
the corresponding slot list is [So1 , ..., SoJ ], the loss
function can be formulated as follows:

p(j|Soj ) =
exp(fsoj )∑J
l=j exp(fsol )

, (15)

Lorder = − log(

J∏

j=1

p(j|Soj )). (16)

Algorithm 1 Slots Ordering Algorithm
Input: L: Label slots for a conversation, T : the
number of turns in this conversation
Initialize: S : A list of sorted slots

1: for t ∈ [1, T ] do
2: Find the label slots Lt = [lt,1, ..., lt,n] of
t-th turn;

3: Sort Lt by slots’ lexicographic order;
4: for l in Lt do
5: Add l to S;
6: end for
7: end for
8: Define the list of remaining not-aligned slots

is Lblank;
9: Sort Lblank by slots’ lexicographic order;

10: for l in Lblank do
11: Add l to S;
12: end for

3.3 Value Prediction
Above sections describe the method of aligning
slots with utterances. We then predict the value for
a specific slot based on the most relevant utterance
instead of all of the utterances.

Formally, given a slot Sj , we first select the most
relevant utterance (Q∗j , R

∗
j ) as follows:

(Q∗j , R
∗
j ) = arg max({p((Qi, Ri)|Sj)}ti=1).

(17)

Then we feed its representation D∗ ∈ D into a
linear layer which is followed by a layer normal-
ization:

O∗ = LayerNorm(Linear(D∗)). (18)

Following Ren et al. (2018), we adopt the L2-
norm to compute the distance between a slot and
a candidate value. Thereby, the value prediction
probability distribution can be formulated as fol-
lows:

p(V t
j |(Q≤t,R≤t), Sj) =

exp(−‖O∗ − hvtj‖2)∑
V tk∈V t exp(−‖O∗ − htvk‖2)

,
(19)

where V t is the set of candidate value of slot Sj
for the t-th utterance. Finally, the loss function can
be defined as:

Lvalue = −
J∑

j=1

log(p(V t
j |(Q≤t, R≤t), Sj)).

(20)

3323



Model MultiWOZ 2.0 MultiWOZ 2.1 MultiWOZ 2.2 Trainable Parameters
Joint Slot Joint Slot Joint Slot

Generation models
SOM-DST (Kim et al., 2020) 51.38 - 52.57 - - - 113M
TRADE (Wu et al., 2019) 48.60 96.92 45.60 - 45.40† - -
TripPy (Heck et al., 2020) 53.51 - 55.32 - 53.52 - 110M
TripPy w/o LM 45.64† - 44.80† - - - -
Seq2Seq-DU (Feng et al., 2021) - - 56.10 - 54.40 - 220M
SimpleTOD (Hosseini-Asl et al., 2020) 51.37 - 51.89 - - - -

Classification models
DS-DST (Zhang et al., 2020) - - 51.31 97.35 51.70 - -
DST-Picklist (Zhang et al., 2020) 54.39 - 53.30 97.40 - - -
CHAN (Shan et al., 2020) 53.06 - 53.38 - - - 133M
SST (Chen et al., 2020b) 51.17 - 55.23 - - - -
STAR (Ye et al., 2021) 54.34 - 56.36 97.51 - - 135M

LUNA 55.31 97.35 57.62 97.96 56.13 97.68 142M

With Data Augmentation

TripPy+ConvBERT (Mehri et al., 2020) - - 58.70 - - - -
TripPy+CoCoAug (Li et al., 2020) - - 60.53 - - - -
TripPy+SaCLog (Dai et al., 2021) - - 60.61 - - - -

Table 2: Joint accuracy (%) and slot accuracy (%) on the test sets. “LM" denotes label map in TripPy. † indicates
the reproduced results using the source codes and remaining results reported in the literature.

3.4 Optimization
We adopt the multi-task learning to jointly optimize
the alignment loss, value prediction loss and the
auxiliary task loss. The total loss is defined as
follows:

Ljoint = Lorder + Lalign + Lvalue
4 Experimental Setup

4.1 Datasets and Metrics
We evaluate our approach on three gradually
refined task-oriented dialogue datasets: Multi-
WOZ 2.0 (Budzianowski et al., 2018), MultiWOZ
2.1 (Eric et al., 2019), and the latest MultiWOZ
2.2 (Zang et al., 2020), containing over 10,000
dialogues, 7 domains, and 35 domain-slot pairs.
MultiWOZ 2.1 modifies about 32% of the state an-
notations in MultiWOZ 2.0. MultiWOZ 2.2 is the
latest and a further refined version of MultiWOZ
2.1, which solves the inconsistency of state updates
and some problems of ontology.

We use joint accuracy and slot accuracy as our
evaluation metrics. Joint accuracy is the proportion
of dialogue turns where the value of each slot is
correctly predicted. Slot accuracy only considers
individual slot-level accuracy. The ground-truth
of slot value is set to none if the slot has not been
mentioned in dialogue.

4.2 Training
Same as the previous work (Shan et al., 2020; Ye
et al., 2021), we use BERT-base-uncased model as

the encoders of LUNA where only the utterance
encoder is fine-tuned and the parameters of the
other two encoders are fixed. BERT-base has 12
layers of 784 hidden units and 12 self-attention
heads. The number of attention heads in multi-head
attention in our alignment module is set to 4. The
number of layers in slot self-attention and turn self-
attention is set to 4 and 2 respectively. During the
training process, we use Adam optimizer (Kingma
and Ba, 2015) and set the warmup proportion to
0.1. Considering that the encoder is a pre-trained
BERT model while the other parts in our model
needs to be trained from scratch, we use different
learning rates for those parts. Specifically, the peak
learning rate is set to 3e-5 for the utterance encoder
and 1e-4 for the remaining parts. The maximum
input sequence length in BERT is set to 512. For
MultiWOZ 2.0, MultiWOZ 2.1, and MultiWOZ
2.2, we apply the same hyperparameter settings.

5 Experiment Results

5.1 Main Results

Table 2 shows the joint accuracy and the slot ac-
curacy of our model and other baselines on the
test sets of MultiWOZ 2.0, 2.1, and 2.2, where
some models are not tested on the 2.2 version since
it was released shortly. As shown in the table,
among the models without data augmentation, our
model LUNA achieves state-of-the-art performance
on these datasets with joint accuracy of 55.31%,
57.62%, and 56.13%, which has a measurable im-
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Figure 2: Joint accuracy at every turn.

provement (0.97%, 1.26%, and 4.43%) over the
previous best results, illustrating the effectiveness
of slot-turn alignment in DST task.

It can be observed that the three data augmented
methods reach higher than 58% joint accuracy on
MultiWOZ 2.1. We believe that these data aug-
mentation skills are versatile. If they can improve
the results of TripPy that lags behind our model,
we reasonably speculate that these skills can also
improve the effect of LUNA. Besides, all these
models are based upon TripPy, which employs a
label map as extra supervision. The label map is
a dictionary of synonyms, which is used during
the testing phase. For example, the official label
of the slot “hotel-area” in ontology is “centre”.
But label map regards all its synonyms, such as

“center”, are also the ground truth. We think that
this manner severely reduces the difficulty of the
DST task. As shown in Table 2, the performance of
TripPy degrades dramatically when the label map
is removed. By contrast, our model does not rely
on any extra information and is more generalized.

Additionally, Table 2 lists the number of train-
able parameters of some baselines and our model,
which illustrates that our alignment module con-
taining multiple self-attention does not introduce
large model parameters. Compared with the base-
lines, the size of our model is comparable.
Accuracy at Every Turn. In practice, the dialogue
states of longer dialogues tend to be more difficult
to be correctly predicted as the model needs to con-
sider more dialogue history. In this section, we fur-
ther analyze the relationship between the depth of
conversation and the prediction accuracy. The joint
accuracy at every turn of TripPy, STAR, and LUNA
on MultiWOZ 2.1 test set is shown in Figure 2. It
presents that the scores of LUNA and STAR are ba-
sically the same when the number of conversation
turns is less than 3. While as the conversation turns
increases from 3, the superiority of LUNA gradu-

ally becomes obvious. This is because that both
TripPy and STAR exploit all dialogue utterances
to assign value for each slot. This may introduce
more useless information that causes confusion to
the current slots. Whereas, LUNA only uses the
most relevant utterance to assign slot value, which
avoids interference by useless information.

5.2 Ablation on Alignment Module
To explore the effectiveness of each part in our pro-
posed alignment module, we conduct an ablation
study of these parts on the test set of MultiWOZ
2.1, as shown in Table 3.

Model Align Acc Joint Acc.

LUNA 97.50 57.62
- Alignment module – 53.46 (-4.16)
- Overall slot-to-turn alignment 95.23 (-2.27) 54.70 (-2.92)
- Auxiliary task 96.30 (-1.20) 55.29 (-2.33)

Table 3: The ablation study of the alignment module on
the MultiWOZ 2.1. Alignment accuracy (%) is defined
as the ratio of dialogue for which the utterance turn of
each slot is correctly aligned.

First, we remove the whole alignment module
and only use the representations of slots obtained
by token-slot attention Eq.5 to match the value. The
results show that model performance has dropped
a lot (4.16 joint accuracy), proving that there are
many useless tokens in the conversation history,
which interfere the prediction accuracy of slot
value. Next, we remove the layer of overall slot-to-
turn alignment. We can see that this also severely
damages the model performance on both alignment
accuracy and joint accuracy. This illustrates that it
is not enough to only use the information of a single
slot for the alignment. The model needs to com-
prehensively consider all slots information, such
as semantic correlations and temporal correlations
among slots to accurately align slots and dialogue
turns. Finally, we remove the auxiliary ranking task
and the results decrease by 1.20 on alignment ac-
curacy and 2.33 on joint accuracy. This proves that
the temporal correlation among slots is important in
our model which could facilitate the alignment, as
we explained in the section of Introduction. More
intuitive explanations will be given in the next sec-
tion through an example of visualization.
Hard or Soft Alignment. From Table 3, although
our hard alignment is highly accurate (Acc 97.50),
we should further explore whether it can be re-
placed by a soft alignment to avoid the risk of error
propagation. Whereupon, we design a soft align-
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Embedding Trained w/o Ranking Embedding Trained w/ Ranking

Figure 4: Visualization of slot embedding using t-sne.
Each point represents the slot aligned to the correspond-
ing turn. We plot 100 slot embeddings for each turn.

ment that is a weighted sum of all turns with the
alignment distribution over the turns as weights
(Eq. 12). The experimental results show that com-
pared with hard alignment, the Joint accuracy of
soft alignment on MultiWOZ 2.1 drops to 57.53
(-0.09). The reason is that the soft alignment en-
counters the problem of noises introduced from
irrelevant utterances. In other words, risk of error
propagation and noise-avoiding are a trade-off. The
experimental results show that the benefits of our
proposed hard alignment outweigh the risk.

5.3 Visualization

Figure 3 gives an example to visualize the process
of predicting the value to slot “restaurant-food”.
In this example, the golden slot value is “Indian"
and “Corsica" is the confusion value. As shown
in sub-figure (a), the slot assigns high attention
weight in all heads to both “Indian" and “Corsica" ,
because as of this step, it cannot determine which
one is the correct value. At the last step, after

the bi-directional fusion in our proposed alignment
module, the model successfully assigns turn-3 a
larger alignment score than turn-1, as shown in sub-
figure (b). In other words, the model has realized
that the utterance of turn-3 (containing “Indian") is
more important than turn-1 (containing “Corsica").
This can avoid the confusion caused by “Corsica".

We next analyze sub-figures (c) and (d). As
we can see, all turns focus on the slot “restaurant-
food” as they incorporates its single slot informa-
tion through Eq.8. For the column of turn-3, if
the model is supervised with the auxiliary rank-
ing task, it will also consider the information of
“restaurant-book day” and “restaurant-book time”.
Sub-figure (b) indicates that these two slots are
easy-aligned (with turn-4). Meanwhile, the model
learns that the order of the three slots is [“restaurant-
food”, “restaurant-book day”, “restaurant-book
time”]. Thereby, the alignment of “restaurant-food”
and turn-3 becomes easier.

Figure 4 displays the 2-d visualization of slot
embeddings obtained by Eq. 7. It can be seen that
without ranking loss, the slot representations are
irregular and borderless. Under the supervision of
the ranking loss, the model can learn the boundaries
between the slots aligned with different turns.

6 Conclusion

In this work, we reveal the problem in DST that
exploiting all dialogue utterances to assign value
to slots may cause suboptimal results. To allevi-
ate it, we propose LUNA, a slot-turn alignment
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enhanced approach. and design a ranking-based
auxiliary task to supervise LUNA to learn the tem-
poral correlations among slots. Comprehensive
experiments are conducted on MultiWOZ 2.0, 2.1,
and 2.2 and the results show that LUNA achieves
new state-of-the-art results. Moreover, the visual-
ization demonstrates the interpretability of LUNA.
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Abstract 

General domain Named Entity Recognition 
(NER) datasets like CoNLL-2003 mostly an-
notate coarse-grained location entities such as 
a country or a city. But many applications re-
quire identifying fne-grained locations from 
texts and mapping them precisely to geographic 
sites, e.g., a crossroad, an apartment building, 
or a grocery store. In this paper, we introduce a 
new dataset HarveyNER with fne-grained loca-
tions annotated in tweets. This dataset presents 
unique challenges and characterizes many com-
plex and long location mentions in informal 
descriptions. We built strong baseline models 
using Curriculum Learning and experimented 
with different heuristic curricula to better recog-
nize diffcult location mentions. Experimental 
results show that the simple curricula can im-
prove the system’s performance on hard cases 
and its overall performance, and outperform 
several other baseline systems. The dataset and 
the baseline models can be found at https: 
//github.com/brickee/HarveyNER. 

Introduction 

The Named Entity Recognition (NER) task aims 
to locate and classify textual phrases as entity men-
tions that belong to predefned entity categories. 
Location is one of the general entity categories 
and has been annotated in many NER datasets, in-
cluding CoNLL-2003 (Tjong Kim Sang, 2002) and 
OntoNotes 5.0 (Pradhan et al., 2013). However, 
these datasets contain mostly coarse-grained enti-
ties such as a continent (e.g., Europe), a country 
(e.g., the U.S.), or a city (e.g., London). 

Many downstream applications require identify-
ing fne-grained location entities from texts, such 
as an apartment building (e.g., Bayou Oaks ) or 
a specifc store (e.g., the HEB on Montrose), in 
order to locate the geographic places on a map, 
which is vital to identify actionable information 

Figure 1: An example of a disaster response system. 

(Khanal and Caragea, 2021). For example, in Fig-
ure 1, a food disaster happened in the Houston 
area and then someone tweeted the shortage of ne-
cessities in two locations. If a disaster response 
system can detect the disaster-related tweets, iden-
tify the two location mentions from the text, and 
link them to location entities on the map, necessary 
help can be directly delivered to the people living 
in disaster-affected places. Accurately identifying 
the fne-grained location mentions plays a critical 
role in such a system. 

Several previous works have attempted to create 
crisis-related datasets with fne-grained location 
mentions, either automatically (Middleton et al., 
2013) or by manual (Khanal et al., 2021) annota-
tions. However, these prior datasets contain many 
incomplete descriptions of locations that other-
wise can be precisely projected to a map with cer-
tain geo-coordinates. For example, "the corner of 
Richey St and W Harris Ave in Pasadena" is an 
intersection of two roads and we annotate it as a 
Point on the map, but previous work regard it as two 
Road mentions "Richey St" and "W Harris Ave in 
Pasadena", and such incomplete location mentions 
will affect uses in many applications. We introduce 
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HarveyNER, the frst dataset that annotates such 
coordinate-oriented location mentions. 

We use the Harvey disaster in Houston as an ex-
ample to demonstrate how to annotate such location 
mentions. Specifcally, we consider tweets about 
Hurricane Harvey affecting the Houston metropoli-
tan area in 2017 and annotate mentions of locations 
that exist in this city. Compared with the loca-
tion mentions in prior NER datasets, HarveyNER 
focuses on the location mentions that can link to 
specifc sites on a map. We carefully constructed 
the annotation guidelines and trained annotators 
to obtain high-quality annotations. We also built 
strong baselines over the dataset for future refer-
ence. 

The unique characteristics of HarveyNER 
present challenges for NER systems. First, many 
location entities in this dataset are long and com-
plex to precisely describe a place. E.g., the above 
example of a Point entity contains up to 11 words, 
and it could be wrongly recognized as two road 
entities by a NER system. Second, as an instant 
social medium, tweets contain many informal con-
tents, local conventions, and even grammatical er-
rors, which create many out-of-vocabulary (OOV) 
words that cannot be found in pretrained word em-
bedding such as Glove (Pennington et al., 2014) or 
BERT (Devlin et al., 2019). 

To improve the performance on these hard lo-
cation mentions and build strong baselines for the 
HarveyNER dataset, we adopt Curriculum Learn-
ing (CL) (Bengio et al., 2009) to better learn diff-
culty samples by ordering examples during training 
based on their diffculty. We design two heuristic 
curricula based on entity length and word complex-
ity considering that many long and complex entities 
in HarveyNER are naturally diffcult (as shown in 
Figure 3, the performance of baseline systems is 
worse on these hard cases). We further assume that 
the diffculty to learn may not only depend on the 
inherent diffculty of a type of case but also depend 
on how commonly seen or how well represented 
such cases are in the dataset. Therefore, we pro-
pose a novel curriculum with a diffculty scoring 
function that comprehensively considers the two 
heuristic diffculty metrics as instance frequencies. 
Empirical results show that all of the curricula can 
outperform several other baseline systems, and our 
novel curriculum performs the best. 

We also fnd that different NER-based systems 
beneft from different curriculum scheduling strate-

gies. In our experiments, the normal curriculum 
(training with easier samples frst) is suitable for 
training the neural network-based model NCRF++ 
without pretrained language models, while the anti-
curriculum (training with harder samples frst) facil-
itates fne-tuning of the pretrained language model 
BERT. 

2 Related Work 

NER research has a long history and many NER 
datasets have been created with certain pre-defned 
entity categories. General domain datasets such 
as CoNLL-2003 (Tjong Kim Sang, 2002) and 
OntoNotes 5.0 (Pradhan et al., 2013) attend to cer-
tain common entity types including Location. Lo-
cation mentions in these datasets are mostly coarse-
grained, e.g., the U.S. (a country) or London (a 
city). Li and Sun (2014); Ji et al. (2016) focus 
on identifying fne-grained points-of-interest for 
location-based services, and their dataset is au-
tomatically constructed by mapping location in-
ventory to tweets. Khanal and Caragea (2021); 
Khanal et al. (2021) try to identify crisis-related 
location mentions, but their dataset contains incom-
plete location mentions and is of limited use for a 
disaster response system. In contrast, our dataset 
HarveyNER emphasizes fne-grained locations that 
can map to coordinates on a map. 

Recent approaches (Yang and Zhang, 2018; Li 
et al., 2020; Chen et al., 2021) use Neural Network 
models like BiLSTM-CNN-CRF (Ma and Hovy, 
2016) and contextual embeddings like BERT (De-
vlin et al., 2019), and have greatly improved the 
NER performance. However, none of these ap-
proaches consider the diffculty of different NER 
cases in their model training. Bengio et al. (2009) 
pointed out that using a curriculum strategy en-
ables the model to learn from easy examples to 
complex ones and leads to generalization improve-
ment. Many Natural Language Processing tasks 
such as machine translation (Platanios et al., 2019; 
Liu et al., 2020; Zhang et al., 2021), natural lan-
guage understanding (Xu et al., 2020), text gen-
eration (Liu et al., 2018, 2021) and dialogue sys-
tems (Su et al., 2021) beneft from such curriculum 
learning strategies. Considering that HarveyNER 
contains many long and complex location mentions, 
we design corresponding curricula to learn them. 
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Data Split Train Valid Test Total 

# of Tweets 3,967 1,301 1,303 6,571 

Tweets w/ Entity 1,087 366 353 1,806 
Tweets w/o Entity 2,880 935 950 4,765 

# of Entity Mentions 1,581 523 500 2,604 

Point 591 206 202 999 
Area 715 236 212 1,163 
Road 158 51 57 266 
River 117 30 29 176 

Table 1: Statistics of the HarveyNER Dataset. 

3 The HarveyNER Dataset 

3.1 Data Preparation 

Data Collection We used the Twitter PowerTrack 
API to retrieve the tweets posted during the time of 
peak disruption caused by Hurricane Harvey in the 
Houston area, specifcally from 5:00 a.m. August 
25 to 4:59 a.m. August 31, 2017. In total, we 
collected 1,121,363 tweets excluding retweets and 
replies. 
Data Cleaning We applied several strategies to fl-
ter out irrelevant tweets. First, we only keep the 
tweets that are related to the Houston area, i.e., 
the geo-coordinates of the tweets or the authors’ 
profle locations are within the bounding of Hous-
ton. Second, we applied our weakly-supervised 
event detection system (Yao et al., 2020) to iden-
tify tweets on disaster-related topics; these tweets 
are likely to be related to Hurricane Harvey during 
the specifed period. We also manually fltered out 
remaining irrelevant tweets (such as non-English 
and repeated tweets) during the annotation process. 
In total, 6,571 tweets were selected for this study, 
as shown in Table 1. 

3.2 Location Entity Annotation 

Location Types HarveyNER focuses on the 
coordinate-oriented locations so we mainly anno-
tate Point that can be precisely pinned to a map 
and Area that occupies a small polygon of a map. 
Considering that some disasters can affect line-like 
objects (e.g., a food can affect the neighbors of a 
whole river), we also include Road and River types. 
• Point: denote an exact location that a geo-

coordinate can be assigned. E.g., a uniquely 
named building, intersections of roads or rivers; 

• Area: denote geographical entities such as city 

kappa κ A1 & A2 A1 & A3 A2 & A3 Average 

All 85.64 82.17 83.12 83.64 
Annotated 66.54 60.49 62.09 63.04 

Table 2: Inter-Annotator Agreement (%) at token-level. 
All for all the tokens and Annotated for annotated tokens 
only. There are three annotators A1, A2 and A3. 

subdivisions, neighborhoods, etc; 
• Road: denote a road or a section of a road; 
• River: denote a river or a section of a river. 
Annotation Quality To train the annotators to well 
annotate the fne-grained location mentions, espe-
cially to distinguish the Point locations, we con-
duct rounds of initial annotation exercises and re-
ceptively update annotation guidelines to reduce 
ambiguity and subjectivity. The detailed guidelines 
can be found in Appendix A.1. 

We trained three annotators and calculated their 
Inter-Annotator Agreement (IAA) based on 500 
randomly selected tweets they all annotated. We 
pairwise calculate the Cohen’s kappa (κ ) scores 
based on the token-level annotations from each 
pair of annotators. As suggested by Brandsen et al. 
(2020), we report two scores: one calculated using 
all the token annotations and one only using the 
annotated tokens that exclude non-entity tokens. 
As shown in Table 2, we observe a high average 
κ score of 83.64% for all tokens and an average κ 
score of 63.04% for annotated tokens only. After 
that, the three annotators annotated the remaining 
tweets independently. 

3.3 Dataset Analysis 
We randomly split the annotated tweets into train-
ing, validation, and test sets for experiments with a 
ratio of 6:2:2. Table 1 shows some basic data statis-
tics. We can see that 27.48% of the tweets contain 
at least one location entity mention, while the re-
maining tweets do not mention any location. As for 
location types, Point and Area are two dominant 
entity types covering 38.36% and 44.66% of entity 
mentions respectively, while Road and River only 
make up 10.22% and 6.76% of entity mentions 
respectively. 
Comparisons with CoNLL-2003 We compare 
HarveyNER with CoNLL-2003, a general NER 
dataset annotated with coarse-grained locations in 
news articles, and Table 3 shows the comparisons 
in several aspects. 

First of all, entities in HarveyNER are longer 
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Datasets HarveyNER CoNLL-2003 
(Loc-only) 

Avg Entity Length (word) 2.68 1.15 
Avg Entity Length (char) 13.91 7.24 
Complex Entity Rate (%) 11.8 0.19 

OOV Rate (%) 14.47 2.33 

Avg Sent Length (word) 20.07 14.53 
Avg Sent Length (char) 117.03 76.89 

Avg Entity Count 0.40 0.51 
– non-empty 1.44 1.38 
Avg Entity Ratio (%) 5.33 7.23 
– non-empty 19.39 19.43 

Table 3: HarveyNER v.s. CoNLL-2003. 
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Figure 2: Number of Location Mentions with Each 
Complexity Indicator Word. 

on average at both word level and character level. 
We observed that many location mentions of the 
type Point and Area are especially long to precisely 
describe a site or area on a map. We manually 
analyzed long entities in the validation set and ob-
served that many location mentions are complex 
noun phrases with a conjunction or a prepositional 
phrase attachment. We noted down two commonly 
seen conjunctions and seven commonly seen prepo-
sitions, and table 4 shows location examples for 
each. We calculate the percentage of complex en-
tity mentions with one of these words, and Har-
veyNER has 11.8% of entity mentions fall in this 
category while CoNLL-2003 has few such entity 
mentions (0.19%). Figure 2 shows the number of 
tweets with each of the words. 

Second, considering that the language used in 
tweets is informal and contains many abbreviations 

Indicators Examples 
"and" 
"&" 

the corner of Richey St and W Harris Ave in Pasadena (Point) 

Beltway 8 & Tidwell (Point) 

"at" 
"@" 
"in" 
"on" 

"near" 
"between" 

"of" 

Brazos River at Richmond (River) 

Copperfeld Church @ 8350 hwy 6 north (Point) 

Constellation Field in Sugar Land (Point) 

Chimney Rock on I-10 East (Point) 

IH 10 near Monmouth (Point) 

249 between Cypresswood / Louetta (Point) 

0.25-0.5 north of I-10 (Point) 

Table 4: Examples of complex entities. 

and even grammatical errors, we calculate the out-
of-vocabulary (OOV) rates (in Table 3) for both 
datasets by counting words that are absent from the 
pretrained Glove1 (Pennington et al., 2014) word 
lists. We can see that the HarveyNER has a much 
higher OOV rate than CoNLL-2003. The high 
OOV rate might degrade the performance of NER 
systems relying on pretrained word embeddings. 

In addition, we compare the average sentence 
length between the two datasets. To our surprise, 
HarveyNER has overall longer sentences, based 
on both word counts and character counts. This is 
counter-intuitive since the tweet content is strictly 
constrained to be no more than 140 characters each. 
One possible reason is that short tweets are less 
likely to provide useful event information and have 
been fltered out by the event detection system (Yao 
et al., 2020) we used. 

Lastly, we measure the density of annotated lo-
cation entities in the two datasets by calculating 
the average number of location entity mentions per 
sentence and calculating the percentage of entity 
words out of all the words in a sentence. We also 
calculate these two measures for the subset of sen-
tences that contain at least one location mention 
(non-empty sentences). The last section of Table 3 
shows the results. We can see that the two datasets 
are similar over these annotation density measures. 

4 Curriculum Arrangement 

In consideration of the characteristic diffculties of 
HarveyNER, we employ curriculum arrangements 
to help learn these hard cases. We follow the cur-
riculum designing approach introduced by Bengio 
et al. (2009), which mainly requires specifying two 
functions: 
• Diffculty Scoring Function: Given an input 

sample xi, this function map it to a numerical 

1For fair comparison, we use glove.twitter.27B for Har-
veyNER and glove.6B for CoNLL-2003. 
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score, d(xi) ∈ R. The score is used to represent 
the diffculty level of the corresponding sample. 
Usually, the higher the score, the more diffcult 
the sample is. 

• Pacing Function: The pacing function p(t) ∈ 
(0, 1] specifes the input training data size at 
time or step t. Normally we use p(t) the low-
est diffculty-scored samples for training at time 
t, but in the anti-curriculum setting, we use p(t) 
the highest diffculty-scored samples. Given such 
a subset of the dataset containing the easiest or 
hardest ones, we sample training batches uni-
formly from it for training. 
The curriculum learning procedure using the two 

functions is described in Algorithm 1. 

Algorithm 1 Curriculum Learning with Scoring 
and Pacing Functions 

Input: 
{xi}N• The training Data, Dtrain = i=1, including N 

samples; 
• A model M that takes batches of data for training at 

each step t; 
• A diffculty scoring function d; 
• A pacing function p(t). 

Output: A model Mtrained trained with the curriculum. 
1: Compute the diffculty score d(xi) for each sample; 
2: Sort Dtrain ascendingly or descendingly based on d(xi) 

and obtain Dtrain 
sorted; 

3: Initialize the pacing function p(0); 
4: Generate the initial curriculum D0 using the top p(0) 

samples in Dtrain 
sorted; 

5: for training epoch t = 1, 2, . . . do 
6: Uniformly sample batches from the current 

curriculum Dt−1 for model training; 
7: Update the pacing function p(t) based on 

equation Eq. (6); 
8: Generate the next curriculum Dt using the 

top p(t) samples in train Dsorted; 

4.1 Three Diffculty Scoring Functions 

We frst design two dataset-specifc heuristic cur-
ricula, based on maximum entity length and entity 
complexity2, inspired by the dataset analysis in 
Section 3.3. Then, we introduce a new metric that 
integrates the two heuristic metrics. 

Maximum Entity Length (Max): As men-
tioned previously, our HarveyNER dataset has 
longer entity mentions on average compared to 
CoNLL-2003, and this brings many long and diff-
cult entities that are hard to identify. Intuitively, we 
can design a corresponding curriculum based on 
such an entity-level diffculty. Specifcally, given 

2We tried using the OOV rate as the diffculty score in our 
experiment, but the performance is not as good. 

an input tweet sample xi that contains n words, 
xi = {w1, w2, . . . , wn}, and k (k ≥ 0) entities, 
{E1, E2, . . . , Ek}. |Ej | represents the length of 
j-th entity, specifcally, the number of words in the 
j-th entity. Now, we can assign each tweet sample 
a score using the maximum length3 of its entities: 

dmax(xi) = max(Li) (1) 

where, Li = {|E1|, |E2|, . . . |Ek|}, the set of 
entity lengths for the i-th sample xi. 

With this scoring function, we need to pay atten-
tion to the tweets with zero entity mention (72.52% 
of tweets in HarveyNER as shown in Table 1) since 
their diffculty scores will all be 0. In this case, the 
algorithm will provide all these tweets in one step 
to the curriculum, which will mislead the model 
to a local minimum and learn that no entity exists 
in the data. We propose a remedy to this issue by 
randomly feeding the empty tweet samples. Specif-
ically, when we order our dataset by the diffculty 
scores, we randomly intersperse those no-entity 
tweet samples among the ordered samples that have 
entities. 

Complex Entity Rate (Complex): Correspond-
ing to the analysis of the complex entity rate in 
HarveyNER, we defne another diffculty scoring 
function. Specifcally, we defne the complexity of 
an entity c(E) based on whether the entity contains 
one of the conjunction words or preposition words 
we identifed and which word the entity contains. 
Heuristically, we assign a weight greater than 1 to 
these words, specifcally, we assign a weight of 3 to 
each conjunction word and a weight of 24 to each 
preposition word to refect our intuition that entities 
with conjunctions can be more diffcult cases. 

If an entity E contains more than one “complex-
ity” indicator, we choose the one with the highest 
weight. For example, the entity example E "the 
corner of Richey St and W Harris Ave in Pasadena" 
contains the conjunction "and" and the preposition 
"in", we deem the complexity of this entity c(E) 
is 3 instead of 2. Then, one tweet sample xi can 
have multiple entities with different complexities 
Ci = {c(E1), c(E2), . . . , c(Ek)}, we assign the 

3We also tried using the average entity length as the dif-
fculty score in our experiment but the performance is not as 
good. 

4We further lower the weight for the preposition “of” to 1 
considering that this is a very general preposition and is often 
observed in regular location entities as well, e.g., “University 
of Houston”. 
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maximum entity complexity value as the complex-
ity value of the tweet sample, i.e., 

dcomplex(xi) = max(Ci) (2) 

However, if none of the entities in a tweet sample 
contain complexity indicators, this scoring function 
will assign 0 as the diffculty score for the tweet 
sample. A similar issue has been discussed for the 
previous scoring function, and we use the same 
remedy as well and randomly interspersed these 
zero-scored samples among the other ordered sam-
ples. 

Commonness of Diffculty (Commonness): 
We further propose a novel diffculty metric that 
considers both of the prior metrics as well as their 
support. We exploit the assumption that the diff-
culty to learn may not only depend on the inherent 
diffculty of a type of case but also depend on how 
commonly seen or how well represented such cases 
are in the dataset. 

Specifcally, to assign a diffculty score for a 
tweet sample, we frst count the number of training 
samples that have the same diffculty score as the 
sample xi according to one of the prior two metrics 
and then divide it by the total number of tweet 
instances N . Then, we take the reciprocal of it and 
get fmetric. 

1 
fmetric(xi) = (3)

count(dmetric(xi))/N 

Where, dmetric are the diffculty metrics dmax or 
dcomplex. Hence, the larger support of a diffculty 
level based on one of the two prior heuristics, the 
lower the fmetric value is. We then normalize this 
value to the range of [0, 1]. 

fmetric(xi) − min(fmetric)
fmetric(xi) = (4)

max(fmetric) − min(fmetric) 

Then, we integrate fmax and fcomplex, and take 
the L2-norm to generate the fnal diffculty score. 

q 
dcommon(xi) = fmax(xi)2 + (λfcomplex(xi))

2 (5) 

As a result, the more common a sample is con-
cerning its length or complexity, the smaller the 
L2-norm value is, which indicates a lower diffculty 
based on the new metric. In addition, we add a 
hyperparameter λ to balance the infuence of the 
two metrics. 

Similar to the previous single diffculty-based 
curricula, the commonness diffculty score is zero 
when a tweet sample has no entity. We adopt the 
same remedy and randomly intersperse those no-
entity tweet samples among the ordered ones that 
contain entities. 

4.2 Pacing Function 

We use the root-based pacing function introduced 
by Platanios et al. (2019) in all our experiments. 

r 
1 − p(0)2 

p(t) = t · + p(0)2 (6)
T 

Here p(0) defnes the proportion of samples we 
feed our model at the very beginning; T is the num-
ber of epochs that we apply curriculum learning to 
our model. 

5 Experiments 

In our experiments, we use two state-of-the-art 
NER systems as base models and evaluate their 
performance on the HarveyNER dataset. Then, we 
test the effectiveness of the designed curricula by 
applying them to train the base models. 

5.1 Baselines 

NCRF++ (Yang and Zhang, 2018) is an open-
source Neural Sequence Labelling Toolkit. We use 
the BiLSTM-CNN-CRF structure as a base model. 
BERT (Devlin et al., 2019), a pretrained language 
model based on Transformer (Vaswani et al., 2017), 
has signifcantly improved many NLP tasks includ-
ing NER. We fne-tune the base-uncased version 
of BERT with the BiLSTM-CRF structrue for ex-
periments. 

5.2 Training Setup 

For the NCRF++ model, we use the tweet-based 
version Glove as word embeddings and keep all the 
other hyper-parameters as default. For the BERT 
model, we set learning rate as 5e-5 and set batch 
size as 32. As for the λ hyperparameter in Eq. (5), 
we used grid search and set it 1 and 0.6 for the 
NCRF++ model and the BERT model respectively. 
We train all the NCRF++ models for 100 epochs 
and train all the BERT models for 50 epochs. 

For fair comparisons, we keep all the training 
parameters the same when conducting curriculum 
learning. For the NCRF++ model, we use the 
normal curriculum setting and feed easier cases 
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Models 
Entity Type in HarveyNER 

Point Area Road River Micro-Average 
NCRF++ 
+ Max 
+ Complex 
+ Commonness 

71.43 / 72.26 / 71.85 
72.55 / 71.51 / 72.03 
70.47 / 72.08 / 71.26 
71.40 / 72.64 / 72.02 

66.00 / 61.68 / 63.77 
65.90 / 65.54 / 65.72 
66.07 / 64.16 / 65.10 
68.27 / 65.84 / 67.03 

77.39 / 77.93 / 77.66 
75.30 / 77.93 / 76.59 
74.67 / 75.17 / 74.92 
77.23 / 77.24 / 77.24 

61.40 / 44.56 / 51.64 
62.42 / 44.56 / 52.00 
63.50 / 44.56 / 52.37 
66.68 / 45.96 / 54.42 

68.69 / 65.16 / 66.88 
69.06 / 66.40 / 67.70 
68.34 / 65.92 / 67.11 
70.09 / 67.12 / 68.57 

BERT 
+ Max 
+ Complex 
+ Commonness 

71.55 / 73.11 / 72.32 
72.14 / 72.74 / 72.44 
70.41 / 75.47 / 72.85 
72.98 / 73.87 / 73.42 

62.04 / 72.87 / 67.02 
62.49 / 72.67 / 67.20 
62.32 / 72.87 / 67.19 
62.53 / 71.98 / 66.92 

76.42 / 82.07 / 79.15 
77.83 / 80.69 / 79.23 
76.12 / 82.76 / 79.30 
79.20 / 78.62 / 78.91 

62.11 / 55.09 / 58.39 
57.92 / 56.14 / 57.02 
59.92 / 55.09 / 57.40 
63.55 / 60.00 / 61.72 

66.62 / 71.48 / 68.97 
66.73 / 71.28 / 68.93 
66.13 / 72.52 / 69.18 
67.66 / 71.80 / 69.67 

Table 5: Evaluation on the test set, Precision / Recall / F1-Score (Percentages)5. Since we use the same pacing 
function, we use the scoring functions to name the curricula. Note that we apply the normal curriculum setting to 
the NCRF++ model and apply the anti-curriculum setting to the BERT model. 

frst, while for the BERT model, we use the anti-
curriculum setting (more explanations provided in 
Section 5.5). Note that we train all the experiments 
fve times using different random seeds to alleviate 
random turbulence. 

5.3 Results 

Table 5 shows the experimental results. We can 
see that the BERT base model outperforms the 
NCRF++ base model consistently across the four 
location categories on this dataset. Curriculum 
learning yields further performance gains for both 
the BERT model and the NCRF++ model, this is 
true for all the curricula paired with both models 
except the Max curriculum when applied to the 
BERT model, where the average performance al-
most stays the same. Among the three curricula, he 
Commonness curriculum achieves the best perfor-
mance for both models. 

Conducting curriculum learning have unequal 
impacts on the four location categories. When us-
ing the NCRF++ model, curriculum learning yields 
a small performance improvement on Point and 
clear improvements on Area and River, while us-
ing the BERT model, curriculum learning yields a 
relatively larger improvement on Point and a clear 
improvement on River as well. 

Note that the best-performed BERT model only 
achieves a micro-average F1-score of 69.67% on 
this dataset, which is still much lower than recently 
published BERT-base performance on CoNLL-
2003 (e.g., 92.4% as reported in (Devlin et al., 
2019)).) Meanwhile, we acknowledge that recog-
nizing fne-grained locations is a trickier task than 
recognizing coarse-grained locations or many other 
general types of entities, even for humans as shown 
by the imperfect inter-annotator agreements. 

5All results are the average of 5 system runs. 

5.4 How are the Diffcult Samples Learned? 

In order to understand if the models have better 
learned the diffcult samples after applying curricu-
lum learning, we divide the test set into “easy” and 
“hard” subsets based on either entity length or entity 
complexity and report experimental results on each 
subset. In this analysis, we only consider tweet 
samples in the test set that contains at least one 
entity mention since the groupings are determined 
by the characteristics of the entities. In the frst 
grouping, we divide tweet samples into “short” and 
“long” groups depending on if the maximum en-
tity length (number of words) in a tweet sample is 
greater than a threshold, four words in particular 
(<= 4 v.s. > 4). In the second grouping, we divide 
tweet samples into “simple” and “complex” groups 
by checking if a tweet sample contains a complex 
entity mention6. 

Across all the experimental settings, we report 
the results on two subsets separately under each 
grouping (Figure 3). We can see that curricu-
lum learning indeed yields noticeable improve-
ments in identifying those hard cases, while the 
improvements vary when adopting different curric-
ula. Meanwhile, curriculum learning also achieves 
mild improvements on identifying the remaining 
relatively easy cases. 

5.5 Curriculum v.s Anti-curriculum 

We fnd that applying different curriculum settings 
(normal curriculum that exposes the easiest exam-
ples frst or anti-curriculum that exposes the most 
diffcult examples frst) results in a large perfor-
mance difference between the NCRF++ model and 
the BERT model. As shown in Figure 4, for the 
NCRF++ model without pretrained language mod-

6A complex entity mention has one of the conjunctions or 
prepositions we identifed. 
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Figure 3: Results on "easy" and "hard" subsets of the test data, F1-score (Percentage). 
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Figure 4: Curriculum v.s. Anti-curriculum, F1-score 
(Percentage). 

els, the normal curriculum setting yields signif-
cantly better average F-1 scores across all the three 
curriculum scoring functions in comparison with 
the anti-curriculum setting. However, for the pre-
trained language model BERT, the results are the 
opposite; using anti-curriculum learning consis-
tently yields better performance than using normal 
curriculum learning. 

One possible explanation is that the volatile gra-
dients resulting from using anti-curriculum learn-
ing can lead to better local minima for a well-
pretrained model. Specifcally, the anti-curriculum 
learning will feed those “hard” samples to the 
model frst, and the gradients from those long-tailed 
hard cases will cause relatively large fuctuations 
compared to those from easy instances. BERT is a 
pretrained language model and the pretrained pa-

rameters might constrain the model to some local 
regions. The fuctuations produced by the “hard” 
samples from the anti-curriculum learning can en-
able the BERT model to reach other better local 
minima regions. 

6 Conclusion 

We introduce a fne-grained location recognition 
dataset, HarveyNER, to enable many downstream 
applications such as building real-time disaster re-
sponse systems. This dataset contains many long 
and complex location mentions that feature interest-
ing internal syntactic and semantic structures and 
the state-of-the-art NER systems are unable to fully 
recognize these hard cases. Considering the clear 
characteristics of diffcult cases in this dataset, we 
experimented with two heuristic curriculum learn-
ing strategies and a novel commonness-based cur-
riculum strategy to better recognize the diffcult 
location mentions. Empirical results demonstrate 
the effectiveness of the curricula, which serve as 
strong baseline results in this dataset. Future work 
may consider incorporating external knowledge or 
innovations on system architectures to better iden-
tify fne-grained location mentions. 
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A Appendix 

A.1 Annotation Guidelines 
• 1. Location types can be "Area", "Point", 

"Road", and "River." 

– “Area” refers to all the named entities 
of cities, neighborhoods, super neighbor-
hoods, geographic divisions etc. 

– “Point” refers to a location that is a build-
ing, a landmark, an intersection of two 
roads, an intersection of a river with 
a lake/reservoir/ocean, or a specifc ad-
dress. 

– "Road" refers to a road/avenue/street or a 
section of a road/avenue/street when the 
tweet does not provide an exact location 
on that road. 

– "River" refers to a river or a section of a 
river when the tweet does not imply there 
is an intersection between the river and 
other places. 

• 2. A section of a road/river between two de-
tailed/precise locations should be considered 
as a point. However, if the distance between 
the two points is very large, it might be con-
sidered as a stretch of a road/river. 

• 3. A road passing through a small area can 
be designated as a point. A road intersecting 
a very large area cannot be a point and must 
be denoted as a stretch of a road. In some 
peculiar cases, the road takes a small detour 
and tangentially brushes off an area – in such 
specifc cases, roads can be annotated as a 
point. 

• 4. The following locations, Lake Houston, 
Barker Reservoir, and Addick’s Reservoir, are 
annotated as areas due to their signifcant size 
while all other lakes/reservoirs are considered 
as points. 

• 5. Ignore generic company/franchise names 
like HEB, Kroger etc. unless it is accompa-
nied with a precise location, for example, HEB 
at Kirkwood Drive. However, non-franchised 
small businesses with only one unique loca-
tion are considered as a point. 

• 6. Ignore any locations in the Twitter user-
name, like @HoustonABC. However, if the 
@ does not refer to a Twitter account name, 
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please recognize the location. For example, I 
am @ XXX High School, “XXX High School” 
will be considered as a point. 

• 7. For abbreviations or vague location names, 
always look up the tweet’s context (or even 
other tweets’ context) to decide if it is a loca-
tion or not. We will use search engine if it is 
necessary. 

– Eg: Coke Ck; Here, "Ck" refers to a 
creek. This is understood when multi-
ple such tweets point towards a creek. 

• 8. Similarly, for names that can refer to dif-
ferent or multiple locations, like “Bellaire” 
can either refer to Bellaire St or the Bellaire 
area, we always look up the tweet’s context to 
decide their location types. 

• 9. We annotate the mentioned location as the 
complete set of phrases that describes the de-
tail of the location including the core noun 
and all defning relative clauses. If a tweet 
mentioned the same location multiple times, 
they will be annotated as multiple location 
mentions. 

• 10. Ignore the location that only contains 
“Houston”, “Harris County”, or “Texas” 

• 11. Ignore any tweet outside Houston (like 
London, Dallas, etc) and all non-English 
tweets. 

• 12. We keep the exact words in tweet con-
text as the location name after extracting the 
entities. 
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Abstract

Multi-task learning with an unbalanced data
distribution skews learning towards high re-
source tasks, especially when model capac-
ity is fixed and fully shared across all tasks.
Sparse scaling architectures, such as BASE-
Layers, provide flexible mechanisms for tasks
to have a variable number of parameters,
which can be useful to counterbalance skewed
data distributions. However, we find that that
BASELayers sparse model for multilingual
machine translation can perform poorly out of
the box, and propose two straightforward tech-
niques to mitigate this — a temperature heat-
ing mechanism and dense pre-training. Over-
all, these methods improve performance on
two multilingual translation benchmarks com-
pared to standard BASELayers and dense scal-
ing baselines, and in combination, more than
2x model convergence speed.

1 Introduction

Training a universal model capable of handling
many different tasks is a longstanding ambition
in natural language processing (Collobert and We-
ston, 2008; Ruder, 2017; McCann et al., 2018),
with recent progress driven by training transformer
models on a wide range of tasks (Xue et al., 2021;
Khashabi et al., 2020; Lu et al., 2020). A central
challenge in multi-task learning is accounting for
the dramatically varying amounts of training data
available for different tasks, which can lead to over-
fitting on low-resource tasks whilst simultaneously
underfitting on tasks with abundant training data.

In this work, we study multilingual machine
translation as a multi-task learning problem (Dong
et al., 2015; Firat et al., 2016), where a single model
is trained to translate between many language pairs
(Fan et al., 2021). Multilingual learning has the
potential of crosslingual transfer, allowing low-
resource languages to benefit from high-resource

data (Conneau et al., 2020). However, in practice,
this positive transfer is often mitigated by interfer-
ence between languages (Arivazhagan et al., 2019;
Tan et al., 2019; Zhang et al., 2020). This is because
all languages, irrespective of the amount of data,
are trained with a fixed model capacity (Lepikhin
et al., 2020), leading to insufficient specialized ca-
pacity. Recent efforts have focused on sparse ar-
chitectures (Lewis et al., 2021) to train high ca-
pacity models, but these overfit to low-resource
languages and have worse performance than dense
architectures (Fan et al., 2021; Tran et al., 2021).
We analyze the learning patterns of experts through-
out training and identify a fundamental problem:
experts specialize early on and rarely change spe-
cialization.

We propose two straightforward techniques
to improve BASELayers-based sparse architec-
tures (Lewis et al., 2021) for multitask learning:
first, we slowly ramp the number of instances from
low-resource tasks over epochs rather than having
a fixed sampling ratio (Arivazhagan et al., 2019).
This promotes cross-lingual transfer and reduces
over-fitting as the model witnesses low-resource
task instances in the later epochs. Second, we train
a dense architecture before switching to sparse
training. Intuitively, we learn a generalized rep-
resentation that can transfer across all tasks first
with a dense model and then gradually sparsify and
specialize the experts to different tasks. Overall
with these two modifications, we observe improve-
ment in low-resource performance by 0.6 BLEU
on WMT-15 benchmark and 1.1 BLEU on ML-50
benchmark — whilst halving the training time.

2 Methods

We motivate the need for preventing early expert
specialization and describe our proposal to circum-
vent it and more than double convergence speed.
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2.1 Expert Utilization Rarely Changes

Sparse scaling schemes, such as BASELayers or
Mixture-of-Experts, enable sparse computation by
distributing model capacity across sets of experts.
In each forward pass, only a small subset of ex-
perts are utilized, leading to incredibly compute-
efficient scaling. The challenge, however, is the
routing function — or how experts can be bal-
anced so they actually specialize to learn different
things (Kudugunta et al., 2020). When the routing
mechanism is unbalanced, all the tasks degener-
ate to using only a single specific expert for all
tasks (Lepikhin et al., 2020) — essentially wast-
ing parameters. BASELayers (Lewis et al., 2021)
employ a simple mechanism that learns a balanced
routing without the need for additional auxiliary
losses. We focus on BASELayers as it has straight-
forward and simple training and has previously
been shown to have strong performance.
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Figure 1: Expert distribution for Romanian and French
as training progresses (10k, 30k and 50k updates) on
WMT-15 benchmark, where Romanian is low-resource
and French is high-resource.

Even though BASELayers leads to effective uti-
lization of all parameters, it limits parameter shar-
ing across tasks, which is crucial when the data
distribution is unbalanced — if the number of tasks
and experts are the same, all tasks end up using a
different set of experts. As a result, when applied to
multilingual machine translation, the performance
is worse than a corresponding dense architecture.
Figure 1 demonstrates that the main reason for lim-
ited parameter sharing is that expert assignment
is fixed incredibly early on in training and rarely
changes. Instead of learning how to better utilize
capacity across high and low-resource languages
over the training process, expert capacity is essen-
tially frozen. We describe two strategies for more

effective utilization of expert capacity, which can
be easily applied to improve both low and high-
resource translation performance.

2.2 Balancing Low-Resource Tasks
Temperature Sampling: To ensure that low-
resource tasks are well represented during model
training, temperature sampling (Arivazhagan et al.,
2019) is used to upsample low-resource tasks. If
the data distribution across different tasks is p, then
temperature sampling re-scales this distribution:

p← p
1/T
n∑

n∈|tasks| p
1/T
n

(1)

As we increase temperature from 1 to ∞, the
sampling distribution changes from the original
data distribution (e.g. highly skewed) to a uniform
distribution (e.g. tasks are equally represented).

Temperature Heating: Instead of keeping the
temperature fixed while sampling data for each
task, we define temperature as a function of current
epoch, t = f(e)

We define a minimum starting temperature ts,
which is gradually increased at each epoch e, with
a square root factor defined over maximum number
of epochs C. The conduction coefficient k influ-
ences the rate at which the temperature is increased
over epochs.

te =
(√

1 + k
C
e
)
ts (2)

In particular, we adopt square root scaling of
temperature with each epoch, instead of linear to
allow for gradual changes to the sampling distribu-
tion. During the initial steps of training, this trains
with lower temperatures, meaning high-resource
tasks are better represented than low-resource tasks.
As a result, the experts are more uniformly assigned
across high-resource tasks. Upon slowly introduc-
ing low-resource tasks by increasing temperature
during the learning process, the gating mechanism
learns to route low-resource tasks through experts
which were initially trained with high-resource
tasks. This promotes positive cross-lingual trans-
fer from high-resource languages to linguistically
similar low-resource languages.

2.3 Dense Pre-training
Architecturally, the sparsity in the output feed-
forward layer of the transformer block can be
viewed as a version of the same transformer on mul-
tiple GPUs with two main differences: the sparse
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Model WMT-15 ML-50

Low High All Low Mid High All

Dense 13.3 25.4 19.8 10.7 23.7 24.7 22.5
BASELayers 12.7 25.3 19.4 8.7 22.6 26.5 22.3
+ heat. (ts=0.8) 12.9 26.4 20.1 8.9 22.9 26.5 22.5
+ heat. (ts=1.0) 13.2 26.1 20.1 8.5 22.7 26.5 22.3
+ heat. (ts=1.5) 13.1 26.1 20.0 9.3 22.9 26.5 22.4
+ heat. (ts=2.0) 13.3 25.5 19.8 10.1 23.7 26.0 22.9

Table 1: Average BLEU over Low resource, High resource and
All languages for different starting temperatures with a fixed
conduction coefficient, k=1. The baselines are from our best
performing dense and BASELayers models

0.2 0.4 0.6 0.8 1
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20

Number of updates (×105)

k=3

k=2

k=1.5
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Figure 2: Validation ppl on ML-50 (ts=0.8).
Higher k show faster convergence.

feed-forward layers do not share parameters (have
different initialization and gradients) and an ad-
ditional gating mechanism decides which token
should be routed to which expert. The alternative
dense architecture would fully share parameters, so
all parameters are utilized for each training exam-
ple rather than routing to sparse parameters.

We propose first training a dense model for a
fixed number of updates. Afterwards, we add a ran-
domly initialized gating module and continue train-
ing the (output) feed-forward layers with sparsity,
e.g. we do not average their gradients across com-
pute nodes before back-propagating but update the
weights individually in each node. As the sparse
weights slowly diverge, they become more special-
ized towards specific tasks. Thus, models first learn
a generalized representation when all parameters
are fully shared, and then gradually specialize to
handle different tasks. Training in this fashion not
only improves the learning of specialized experts,
but also increases convergence.

3 Experiments and Results

We experiment with English → Many multi-
tasking on two benchmarks, WMT-151 and ML-
50 (Tang et al., 2020) — the first includes 15 lan-
guages and the second 50 languages. We use a
Transformer (Vaswani et al., 2017) sequence-to-
sequence model with 6 encoder and decoder layers.
We replace the final feed-forward layer of every
alternate transformer block with a BASELayer. For
ML50, we increase model capacity to 12 Trans-
former layers following Tang et al. (2020). We
implement our methods in fairseq (Ott et al.,
2019) and evaluate performance with BLEU.

1http://www.statmt.org/wmt15/translation-task.html

3.1 Effectiveness of Temperature Heating
On WMT-15, training with BASELayers as a base-
line has worse low-resource performance compared
to a similarly sized dense model, losing 0.6 BLEU.
However, as we increase temperature, we recover
the loss in low-resource task performance and also
see improvements in the high-resource languages.
The heating technique improves the overall BASE-
Layers model performance by +0.7 BLEU (at ts
= 0.8) (see Table 1). We observe similar trends
in ML-50, where adding heating improves low-
resource performance by +1.4 BLEU. Furthermore,
temperature heating improves convergence speed.
Given fixed ts, the higher the k, the faster the model
converges. As shown in Figure 2, the model con-
verges to same validation perplexity with k=3 at
50k updates as 100k updates with k=1.
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Figure 3: Expert distribution for low-resource English
to Latvian as temperature is increased for WMT-15.

3.2 Dense Pre-training with Heating
For the WMT-15 benchmark, Table 2 demonstrates
that with dense pre-training, the best performing
model improves by +0.75 BLEU over baseline
BASELayers model but at the cost of 12% more
compute time. To resolve this, we reduce compu-
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Model WMT-15 ML-50

High Low All
(BLEU)

All
(ChrF++) Walltime High Mid Low All

(BLEU)
All
(ChrF++) Walltime

Dense 25.2 12.7 19.4 49.1 76K 24.7 23.7 10.7 22.5 49.8 596K
+ heating 25.5 13.2 19.8 50.9 42K 25.9 23.4 10.5 22.7 50.3 173K

BASELayers 25.2 12.9 19.5 50.5 77K 26.6 22.6 8.7 22.2 49.7 221K
+ heating 26.0 13.0 19.9 52.3 42K 26.5 23.0 9.3 22.4 51.2 151K

Dense Pre-Train 26.3 13.3 20.2 54.7 86K 26.8 22.9 9.6 22.6 52.2 122K
+ heating 26.0 13.4 20.1 53.4 31K 26.7 23.1 9.8 22.7 53.0 87K

Table 2: Average BLEU across High and Low resource languages and Walltime (min) on WMT-15 and ML-50,
with increasing number of dense pre-training steps at a starting fixed temperature of 1.5. Wall clock time is the
total training time including dense pre-training and sparse fine-tuning until the model reaches validation perplexity
of 5.99 for WMT-15 and 7.6 for ML-50.

tation time by increasing the temperature, keep-
ing the +0.7 BLEU improvement but reducing the
computation time by ∼60%. Table 2 confirms a
similar trends on ML-50. By combining Dense Pre-
training with heating, we improve over baseline
BASELayers model by +0.5 BLEU and 2.5x in con-
vergence speed. However, heating can also be ap-
plied to the baselines. In those cases, on both bench-
marks, we find that utilizing Dense Pre-training in
combination with heating still has slightly better
performance with significantly faster convergence.

3.3 Effect on Expert Distribution
In standard BASELayer training, the learned ex-
pert distributions rarely change over training (see
Figure 1). This prevents effective expert capacity
utilization resulting in low-resource overfitting. In
contrast, with our proposed techniques, the expert
distribution changes and learns over training. Fig-
ure 3 compares expert distribution between fixed
temperature sampling and temperature heating over
epochs for a low-resource language, demonstrating
that temperature heating leads experts to change
and learn over time. Figure 4 shows that by utiliz-
ing dense pre-training, we observe a high entropy
in the expert distribution and increased expert shar-
ing, indicating positive cross-lingual transfer from
similar high to low-resource languages.

4 Related Work

Data Sampling Low-resource tasks are upsam-
pled to balance their representation when pooled
with high-resource tasks. Temperature sam-
pling (Arivazhagan et al., 2019) upsamples the
data distribution based on fixed temperature, but
can result in overfitting. Dynamic sampler (Got-
tumukkala et al., 2020) selects instances based on
current performance of task on dev set, which is
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Figure 4: Expert distribution as sparse fine-tuning pro-
gresses on a dense pre-trained model.

useful in case of catastrophic forgetting. Learned
data samplers (Wang et al., 2020) choose better are
sample efficient but computationally expensive.

Sparse Scaling Sparsely-gated MoE mod-
els (Shazeer et al., 2017; Du et al., 2021) use a
routing mechanism that decides which expert a
task should be routed to. This is the key element
that governs effective (better representation)
and efficient (balanced assignment) resource
utilization. To promote a balanced assignment,
routing techniques (Shazeer et al., 2017; Lepikhin
et al., 2020; Fedus et al., 2021) add a number
of auxiliary task to encourage the use of diverse
set of experts. BASELayers (Lewis et al., 2021)
circumvents this by treating the routing mechanism
as a linear expert-to-task assignment problem,
without the need of auxiliary loss. Routing net-
works (Rosenbaum et al., 2018) learn better task
representations by clustering and disentangling
parameters conditioned on input.
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5 Conclusion

We analyze the problem of balancing shared and
specialized capacity in multitask learning, focusing
on multilingual machine translation. We present
two straightforward tricks to significantly increase
convergence rate of mixture-of-expert models and
improve their performance relative to dense base-
lines on two benchmarks.
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Abstract
Endowing the protagonist with a specific per-
sonality is essential for writing an engag-
ing story. In this paper, we aim to con-
trol the protagonist’s persona in story gener-
ation, i.e., generating a story from a leading
context and a persona description, where the
protagonist should exhibit the specified per-
sonality through a coherent event sequence.
Considering that personas are usually em-
bodied implicitly and sparsely in stories, we
propose a planning-based generation model
named CONPER to explicitly model the rela-
tionship between personas and events. CON-
PER first plans events of the protagonist’s
behavior which are motivated by the spec-
ified persona through predicting one target
sentence, then plans the plot as a sequence
of keywords with the guidance of the pre-
dicted persona-related events and common-
sense knowledge, and finally generates the
whole story. Both automatic and manual eval-
uation results demonstrate that CONPER out-
performs state-of-the-art baselines for gener-
ating more coherent and persona-controllable
stories. Our code is available at https://
github.com/thu-coai/ConPer.

1 Introduction

Stories are important for entertainment. They are
made engaging often by portraying animated and
believable characters since a story plot unfolds as
the characters interact with the object world cre-
ated in the story (Young, 2000). Cognitive psychol-
ogists determined that the ability of an audience
to comprehend a story is strongly correlated with
the characters’ believability (Graesser et al., 1991).
And the believability mostly depends on whether
the characters’ reaction to what has happened and
their deliberate behavior accord with their per-
sonas (e.g., weakness, abilities, occupations) (Mad-
sen and Nielsen, 2009; Riedl and Young, 2010).

*Equal contribution.
†Corresponding author.

Context: · · · Artur Boruc, a Polish national pilot, was going to get
the group infiltrated into the area and prepared for the attack. · · ·
Metal began to tear through the thin wings outside the small win-
dows and pinged heavily off the underside of the plane, a quiet ar-
rival in Poland wasn’t going to be an option anymore.

Persona A: [Boruc] A skilled pilot, trained in operating flight controls
on the most common planes.
Generated Story by CONPER Conditioned on Persona A: · · ·He
had been doing this much before, almost a week ago. He took
a long pull of the airlock, checked his controls, and made a quick
mental note of the exact sequence of instructions. He knew that he
couldn’t be sure if this would be safe for much longer· · ·

Persona B: [Boruc] An unskilled pilot, and never trained in operat-
ing flight controls.
Generated Story by CONPER Conditioned on Persona B: · · ·
He cursed as the plane suffered a complete failure and in a way
had caused it to come to a stop, · · · He’d never flown before, so he
didn’t know how to pilot in this situation and his experience of the
controls had not been good either· · ·

Table 1: An example for controlling the protagonist’s
persona in story generation. The Context and Per-
sona A are sampled from the STORIUM dataset (Ak-
oury et al., 2020). The protagonist’s name is shown in
the square bracket. And we manually write Persona B
based on Persona A. We highlight the sentences which
embody the given personas in red.

Furthermore, previous studies have also stressed
the importance of personas in stories to maintain
the interest of audience and instigate their sense
of empathy and relatedness (Cavazza et al., 2009;
Chandu et al., 2019). However, despite the broad
recognition of its importance, it has not yet been
widely explored to endow characters with specified
personalities in story generation.

In this paper, we present the first study to im-
pose free-form controllable persona on story gener-
ation. Specifically, we require generation models
to generate a coherent story, where the protago-
nist should exhibit the desired personality. We
focus on controlling the persona of only the pro-
tagonist of a story in this paper and leave the mod-
eling of personas of multiple characters for future
work. As exemplified in Table 1, given a context
to present the story settings including characters,
location, problems (e.g., “Boruc” was suffering
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from a plane crash) and a persona description, the
model should generate a coherent story to exhibit
the persona (e.g., what happened when “Boruc”
was “skilled” or “unskilled”). In particular, we re-
quire the model to embody the personality of the
protagonist implicitly through his actions (e.g.,
“checked his controls” for the personality “skilled
pilot”). Therefore, the modeling of relations be-
tween persona and events is the first challenge of
this problem. Then, we observe that only a small
amount of events in a human-written story relate to
personas directly and the rest serve for explaining
the cause and effect of these events to maintain
the coherence of the whole story. Accordingly, the
second challenge is learning to plan a coherent
event sequence (e.g., first “finding the plane shak-
ing”, then “checking controls”, and finally “landing
safely”) to embody personas naturally.

In this paper, we propose a generation model
named CONPER to deal with Controlling Persona
of the protagonist in story generation. Due to the
persona-sparsity issue that most events in a story
do not embody the persona, directly fine-tuning
on real-world stories may mislead the model to
focus on persona-unrelated events and regard the
persona-related events as noise (Zheng et al., 2020).
Therefore, before generating the whole story, CON-
PER first plans persona-related events through pre-
dicting one target sentence, which should be moti-
vated by the given personality following the lead-
ing context. To this end, we extract persona-related
events that have a high semantic similarity with
the persona description in the training stage. Then,
CONPER plans the plot as a sequence of keywords
to complete the cause and effect of the predicted
persona-related events with the guidance of com-
monsense knowledge. Finally, CONPER generates
the whole story conditioned on the planned plot.
The stories are shown to have better coherence and
persona-consistency than state-of-the-art baselines.

We summarize our contributions as follows:

I. We propose a new task of controlling the person-
ality of the protagonist in story generation.

II. We propose a generation model named CONPER

to impose specified persona into story generation
by planning persona-related events and a keyword
sequence as intermediate representations.

III. We empirically show that CONPER can achieve
better controllability of persona and generate more
coherent stories than strong baselines.

2 Related Work

Story Generation There have been wide explo-
rations for various story generation tasks, such as
story ending generation (Guan et al., 2019), story
completion (Wang and Wan, 2019) and story gen-
eration from short prompts (Fan et al., 2018), ti-
tles (Yao et al., 2019) or beginnings (Guan et al.,
2020). To improve the coherence of story genera-
tion, prior studies usually first predicted interme-
diate representations as plans and then generated
stories conditioned on the plans. The plans could
be a series of keywords (Yao et al., 2019), an ac-
tion sequence (Fan et al., 2019; Goldfarb-Tarrant
et al., 2020) or a keyword distribution (Kang and
Hovy, 2020). In terms of character modeling in
stories, some studies focused on learning charac-
ters’ persona as latent variables (Bamman et al.,
2013, 2014) or represented characters as learnable
embeddings (Ji et al., 2017; Clark et al., 2018; Liu
et al., 2020). Chandu et al. (2019) proposed five
types of specific personas for visual story genera-
tion. Brahman et al. (2021) formulated two new
tasks including character description generation
and character identification. In contrast, we focus
on story generation conditioned on personas in a
free form of text to describe one’s strengths, weak-
nesses, abilities, occupations and goals.

Controllable Generation Controllable text gen-
eration aims to generate texts with specified at-
tributes. For example, Keskar et al. (2019) pre-
trained a language model conditioned on control
codes of different attributes (e.g., domains, links).
Dathathri et al. (2020) proposed to combine a pre-
trained language model with trainable attribute clas-
sifiers to increase the likelihood of the target at-
tributes. Recent studies in dialogue models focused
on controlling through sentence functions (Ke et al.,
2018), politeness (Niu and Bansal, 2018) and con-
versation targets (Tang et al., 2019). For story-
telling, Brahman et al. (2020) incorporated addi-
tional phrases to guide the story generation. Brah-
man and Chaturvedi (2020) proposed to control
the emotional trajectory in a story by regularizing
the generation process with reinforcement learn-
ing. Rashkin et al. (2020) generated stories from
outlines of characters and events by tracking the
dynamic plot states with a memory network.

A similar research to ours is Zhang et al. (2018),
which introduced the PersonaChat dataset for en-
dowing the chit-chat dialogue agents with a consis-
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Figure 1: Model overview of CONPER. The training process is divided into the following three stages: (a) Tar-
get Planning: planning persona-related events (called “target” for short); (b) Plot Planning: planning a keyword
sequence as an intermediate representation of the story with the guidance of the target and a dynamically growing
local knowledge graph; And (c) Story Generation: generating the whole story conditioned on the input and plans.

tent persona. However, dialogues in PersonaChat
tend to exhibit the given personas explicitly (e.g.,
the agent says “I am terrified of dogs” for the per-
sona “I am afraid of dogs”). For quantitative anal-
ysis, we compute the ROUGE score (Lin, 2004)
between the persona description and the dialogue
or story. We find that the rouge-2 score is 0.1584
for PersonaChat and 0.018 for our dataset (i.e.,
STORIUM). The results indicate that exhibiting per-
sonas in stories requires a stronger ability to asso-
ciate the action of a character and his implicit traits
compared with exhibiting personas in dialogues.

Commonsense Knowledge Recent studies have
demonstrated that incorporating external common-
sense knowledge significantly improved the co-
herence and informativeness for dialog genera-
tion (Zhou et al., 2018a; Zhong et al., 2020), story
ending generation (Guan et al., 2019), essay gen-
eration (Yang et al., 2019), story generation (Guan
et al., 2020; Xu et al., 2020; Mao et al., 2019)
and story completion (Ammanabrolu et al., 2021).
These studies usually retrieved a static local knowl-
edge graph which contains entities mentioned in
the input, and their related entities. We propose
to incorporate the knowledge dynamically during
generation to better model the keyword transition
in a long-from story.

3 Methodology

We define our task as follows: given a context
X = (x1, x2, · · · , x|X|) with |X| tokens, and
a persona description for the protagonist P =
(p1, p2, · · · , pl) of length l, the model should gen-
erate a coherent story Y = (y1, y2, · · · , y|Y |) of

length |Y | to exhibit the persona. To tackle the
problem, the popular generation model such as
GPT2 commonly employ a left-to-right decoder
to minimize the negative log-likelihood LST of
human-written stories:

LST = −
|Y |∑

t=1

logP (yt|y<t, S), (1)

P (yt|y<t, S) = softmax(stW + b), (2)

st = Decoder(y<t, S), (3)

where S is the concatenation of X and P , st is the
decoder’s hidden state at the t-th position of the
story,W and b are trainable parameters. Based on
this framework, we divide the training process of
CONPER into three stages as shown in Figure 1.

3.1 Target Planning

We observe that most sentences in a human-written
story do not aim to exhibit any personas, but serve
to maintain the coherence of the story. Fine-tuning
on these stories directly may mislead the model to
regard input personas as noise and focus on model-
ing the persona-unrelated events which are in the
majority. Therefore, we propose to first predict
persona-related events (i.e., the target) before gen-
erating the whole story.

We use an automatic approach to extract the tar-
get from a story since there is no available manual
annotation. Specifically, we regard the sentence
as the target which has the highest semantic sim-
ilarity with the persona description. We consider
only one sentence as the target in this work due to
the persona-sparsity issue, and we also present the
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result of experimenting with two sentences as the
target in the appendix B.1. More explorations of
using multiple target sentences are left as future
work. We adopt NLTK (Bird et al., 2009) for sen-
tence tokenization. And we measure the similarity
between sentences using BERTScoreRecall (Zhang
et al., 2019) with RoBERTaLarge (Liu et al., 2019)
as the backbone model. Let T = (τ1, τ2, · · · , τι)
denote the target sentence of length ι, which should
be a sub-sequence of Y . Formally, the loss function
LTP for this stage can be derived as follows:

LTP = −
ι∑

t=1

logP (τt|τ<t, S). (4)

In this way, we exert explicit supervision to encour-
age the model to condition on the input personas.

3.2 Plot Planning
At this stage, CONPER learns to plan a keyword se-
quence for subsequent story generation (Yao et al.,
2019). Plot planning requires a strong ability to
model the causal and temporal relationship in the
context for expanding a reasonable story plot (e.g.,
associating “unskilled” with “failure” for the ex-
ample in Table 1), which is extremely challenging
without any external guidance, for instance, com-
monsense knowledge. In order to plan a coherent
event sequence, we introduce a dynamically grow-
ing local knowledge graph, a subset of the external
commonsense knowledge base ConceptNet (Speer
et al., 2017), which is initialized to contain triples
related to the keywords mentioned in the input and
target. When planning the next keyword, CON-
PER combines the knowledge information from
the local graph and the contextualized features cap-
tured by the language model with learnable weights.
Then CONPER grows the local graph by adding the
knowledge triples neighboring the predicted key-
word. Formally, we denote the keyword sequence
as W = (w1, w2, · · · , wk) of length k and the lo-
cal graph as Gt for predicting the keyword wt. The
loss function LKW for generating the keyword se-
quence is as follows:

LKW = −
k∑

t=1

logP (wt|w<t, S, T,Gt). (5)

Keyword Extraction We extract words that re-
late to emotions and events from each sentence
of a story as keywords for training, since they are
important for modeling characters’ evolving psy-
chological states and their behavior. We measure

the emotional tendency of each word using the sen-
timent analyzer in NLTK, which predicts a distribu-
tion over four basic emotions, i.e., negative, neutral,
positive, and compound. We regard those words as
related to emotions whose scores for negative or
positive are larger than 0.5. Secondly, we extract
and lemmatize the nouns and verbs (excluding stop-
words) from a story as event-related keywords with
NLTK for POS-tagging and lemmatization. Then
we combine the two types of keywords in the orig-
inal order as the keyword sequence for planning.
We limit the number of keywords extracted from
each sentence in stories up to 5, and we ensure
that there is at least one keyword for a sentence
by randomly choosing one word if no keywords
are extracted. We don’t keep this limitation when
extracting keywords from the leading context and
the persona description, since these keywords are
only used to initialize the local knowledge graph.

Incorporating Knowledge We introduce a dy-
namically growing local knowledge graph for plot
planning. For each example, we initialize the graph
G1 as a set of knowledge triples where the keywords
in S and T are the head or tail entities, and then
update Gt to Gt+1 by adding triples related with the
generated keyword wt at t-th step. Then, the key
problem at this stage is representing and utilizing
the local graph for next keyword prediction.

The local graph consists of multiple sub-graphs,
each of which contains all the triples related with
a keyword denoted as εi = {(hin, rin, tin)|hin ∈
V, rin ∈ R, tin ∈ V}}|Nn=1, whereR and V are the
relation set and entity set of ConceptNet, respec-
tively. We derive the representation gi for εi using
graph attention (Zhou et al., 2018b) as follows:

gi =
N∑

n=1

αn[hin; tin] (6)

αn =
exp(βn)

∑N
j=1 exp(βj)

, (7)

βn = (W rrin)T tanh(W hhin +W ttin), (8)

whereW h,W r andW t are trainable parameters,
hin, rin and tin are learnable embedding representa-
tions for hin, r

i
n and tin, respectively. We use the

same BPE tokenizer (Radford et al., 2019) with
the language model to tokenize the head and tail
entities, which may lead to multiple sub-words for
an entity.

Therefore, we derive hin and tin by adding the
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embeddings of all the sub-words. And we initialize
the relation embeddings randomly.

After obtaining the graph representation, we pre-
dict the distribution of the next keyword by dynam-
ically deciding whether to select the keyword from
the local graph as follows:

P (wt|w<t, S, T,Gt) = γtP
t
k + (1− γt)P tl , (9)

where γt ∈ {0, 1} is a binary learnable weight,
and P tl is a distribution over the whole vocabulary
while P tk is a distribution over the entities in Gt. We
incorporate the knowledge information implicitly
for computing both distributions:

P tk = softmax(W k[st; ct] + bk), (10)

P tl = softmax(W l[st; ct] + bl), (11)

where W k, bk,W p and bp are trainable parame-
ters, and ct is a summary vector of the knowledge
information by attending on the representations of
all the sub-graphs in Gt, formally as follows:

ct =
N∑

n=1

αngn, (12)

αn = softmax(sTt W ggn). (13)

where W g is a trainable parameter. During train-
ing process, we set γt to the ground-truth label γ̂t.
During generation process, we decide γt by deriv-
ing the probability pt of selecting an entity from
the local graph as the next keyword. And we set
γt to 1 if pt < 0.5 otherwise 0. We compute pt as
follows:

pt = sigmoid(W p[st; ct] + bp), (14)

where W p and bp are trainable parameters. We
train the classifier with the standard cross entropy
loss LC derived as follows:

LC = −
(
γ̂tlogpt + (1− γ̂t)log(1− pt)

)
, (15)

where γ̂t is the ground-truth label. In summary,
the overall loss function LPP for the plot planning
stage is computed as follows:

LPP = LKW + LC . (16)

By incorporating commonsense knowledge for
planning, and dynamically updating the local graph,
CONPER can better model the causal and temporal
relationship between events in the context.

Target Guidance In order to further improve the
coherence and the persona-consistency, we propose
to exert explicit guidance of the predicted target on
plot planning. Specifically, we expect CONPER to
predict keywords close to the target in semantics.
Therefore, we add a bias term dtk and dtl into Equa-
tion 10 and 11, respectively, formally as follows:

P tk = softmax(W k[st; ct] + bk + dtk), (17)

dtk = [star; ct]TW dEk + bd, (18)

star =
1

ι

ι∑

t=1

s|τt|, (19)

whereW d and bd are trainable parameters, star is
the target representation computed by averaging
the hidden states at each position of the predicted
target, and Ek is an embedding matrix, each row
of which is the embedding for an entity in Gt. The
modification for Equation 11 is similar except that
we compute the bias term dtl with an embedding
matrix El for the whole vocabulary.

3.3 Story Generation
After planning the target T and the keyword se-
quenceW , we train CONPER to generate the whole
story conditioned on the input and plans with the
standard language model loss LST . Since we ex-
tract one sentence from a story as the target, we
do not train CONPER to regenerate the sentence in
the story generation stage. And we insert a special
token Target in the story to specify the position
of the target during training. In the inference time,
CONPER first plans the target and plot, then gener-
ates the whole story, and finally places the target
into the position of Target.

4 Experiments

4.1 Dataset
We conduct the experiments on the STORIUM

dataset (Akoury et al., 2020). STORIUM contains
nearly 6k long-form stories and each story unfolds
through a series of scenes with several shared char-
acters. A scene consists of multiple short scene en-
tries, each of which is written to either portray one
character with annotation for his personality (i.e.,
the “card” in STORIUM), or introduce new story
settings (e.g., problems, locations) from the per-
spective of the narrator. In this paper, we concate-
nate all entries from the same scene since a scene
can be seen as an independent story. And we regard
a scene entry written for a certain character as the
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target output, the personality of the character as
the persona description, and the previous entries
written for this character or from the perspective of
the narrator in the same scene as the leading con-
text. We split the processed examples for training,
validation and testing based on the official split of
STORIUM. We retain about 1,000 words (with the
correct sentence boundary) for each example due to
the length limit of the pretrained language model.

At the plot planning stage, we retrieve a set of
triples from ConceptNet (Speer et al., 2017) for
each keyword extracted from the input or generated
by the model. We only retain those triples of which
both the head and tail entity contain one word and
occur in our dataset, and the confidence score of
the relation (annotated by ConceptNet) is more
than 1.0. The average number of triples for each
keyword is 33. We show more statistics in Table 2.

Train Valid Test

# Examples 47,910 6,477 6,063
Avg. Context Length 332.7 324.8 325.7
Avg. Description Length 23.8 22.7 24.6
Avg. Story Length 230.5 225.7 234.3

Avg. Target Length 21.8 21.7 22.2
Avg. # Keywords (Input) 101.1 99.2 99.6
Avg. # Keywords (Story) 31.2 30.5 31.5

Table 2: Dataset statistics. We compute the length
by counting tokens using the BPE tokenizer of GPT2.
Keywords are extracted either from the input to initial-
ize the local graph, or from the story to train the model
for plot planning.

4.2 Baselines
We compare CONPER with following baselines. (1)
ConvS2S: It directly uses a convolutional seq2seq
model to generate a story conditioned on the in-
put (Gehring et al., 2017). (2) Fusion: It generates
a story by first training a convolutional seq2seq
model, and then fixing the model and initializ-
ing another trainable convolutional seq2seq model
with its parameters. Then the two models are
trained together by a fusion mechanism. (Fan et al.,
2018). (3) Plan&Write: It first plans a keyword
sequence conditioned on the input, and then gen-
erates a story based on the keywords (Yao et al.,
2019). (4) GPT2Scr: It has the same network ar-
chitecture with GPT2 but is trained on our dataset
from scratch without any pretrained parameters. (5)
GPT2Ft: It is initialized using pretrained param-
eters, and then fine-tuned on our dataset with the
standard language modeling objective. (6) PlanA-

head: It first predicts a keyword distribution condi-
tioned upon the input, and then generates a story by
combining the language model prediction and the
keyword distribution with a gate mechanism (Kang
and Hovy, 2020). We remove the sentence posi-
tion embedding and the auxiliary training objec-
tive (next sentence prediction) used in the original
paper for fair comparison.

Furthermore, we evaluate the following ablated
models to investigate the influence of each compo-
nent: (1) CONPER w/o KG: removing the guid-
ance of the commonsense knowledge in the plot
planning stage. (2) CONPER w/o TG: removing
target guidance in the plot planning stage. (3)
CONPER w/o PP: removing the plot planning
stage, which means the model first plans a tar-
get sentence and then directly generates the whole
story. (4) CONPER w/o TP: removing the target
planning stage, which also leads to the removal of
target guidance in the plot planning stage.

4.3 Experiment Settings
We build CONPER based on GPT2 (Radford et al.,
2019), which is widely used for story genera-
tion (Guan et al., 2020). We concatenate the context
and the persona description with a special token
as input for each example. For fair comparison,
we also add special tokens at both ends of the tar-
get sentence in a training example for all baselines.
We implement the non-pretrained models based on
the scripts provided by the original papers, and the
pretrained models based on the public checkpoints
and codes of HuggingFace’s Transformers*. And
we set all the pretrained models to the base ver-
sion due to limited computational resources. We
set the batch size to 8, the initial learning rate of
the AdamW optimizer to 5e-5, and the maximum
training epoch to 5 with an early stopping mech-
anism. And we generate stories using top-p sam-
pling with p = 0.9 (Holtzman et al., 2019). We
apply these settings to all the GPT-based models,
including GPTScr, GPTFt, PlanAhead, CONPER

and its ablated models. As for ConvS2S, Fusion
and Plan&Write, we used the settings from their
respective papers and codebases.

4.4 Automatic Evaluation
Metrics We adopt the following automatic met-
rics for evaluation on the test set. (1) BLEU (B-
n): We use n = 1, 2 to evaluate n-gram overlap

*https://github.com/huggingface/
transformers
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Models Coherence Persona consistency
Win(%) Lose(%) Tie(%) κ Win(%) Lose(%) Tie(%) κ

CONPER vs. ConvS2S 89.0* 5.0 6.0 0.625 82.0* 8.0 10.0 0.564
CONPER vs. Fusion 71.0* 23.0 6.0 0.213 61.0* 22.0 17.0 0.279
CONPER vs. GPT2Ft 54.0* 18.0 28.0 0.275 53.0* 11.0 36.0 0.215
CONPER vs. PlanAhead 53.0* 25.0 22.0 0.311 59.0* 28.0 13.0 0.280

Table 3: Manual evaluation results. The scores indicate the percentage of win, lose or tie when comparing our
model with a baseline. κ denotes Randolph’s kappa to measure the inter-annotator agreement. * means CONPER
outperforms the baseline model significantly with p-value< 0.01 (Wilcoxon signed-rank test).

Models B-1 B-2 BS-t BS-m PC

ConvS2S 12.5 4.7 22.2 32.8 17.1
Fusion 13.3 5.0 22.7 33.3 30.8
Plan&Write 7.2 2.8 6.2 29.7 23.6

GPT2Scr 13.3 4.8 24.7 38.0 26.6
GPT2Ft 13.5 4.7 26.7 37.8 39.5
PlanAhead 15.4 5.3 26.1 37.8 50.2

CONPER 19.1 6.9 32.1 41.4 59.7
w/o KG 17.4 6.3 31.6 39.7 53.4
w/o TG 17.7 6.3 31.9 40.2 56.3
w/o PP 14.9 5.3 32.0 40.0 46.9
w/o TP 16.4 5.8 27.8 37.7 44.9

Grouth Truth N/A N/A 42.6 42.6 75.2

Table 4: Automatic evaluation results. The best perfor-
mance is highlighted in bold, and the second best is
underlined. All results are multiplied by 100.

between generated and ground-truth stories (Pap-
ineni et al., 2002). (2) BERTScore-target (BS-t):
We use BERTScoreRecall (Zhang et al., 2019) to
measure the semantic similarity between the gener-
ated target sentence and the persona description. A
higher result indicates the target embodies the per-
sona better. (3) BERTScore-max (BS-m): It com-
putes the maximum value of BERTScore between
each sentence in the generated story and the per-
sona description. (4) Persona-Consistency (PC):
It is a learnable automatic metric (Guan and Huang,
2020). We fine-tune RoBERTaBASE on the training
set as a classifier to distinguish whether a story ex-
hibits a consistent persona with a persona descrip-
tion. We regard the ground-truth stories as positive
examples where the stories and the descriptions
are consistent, and construct negative examples by
replacing the story with a randomly sampled one.
After fine-tuning, the classifier achieves an 83.63%
accuracy on the auto-constructed test set. Then
we calculate the consistency score as the average
classifier score of all the generated texts regarding
the corresponding input.

Result Table 4 shows the automatic evaluation
results. CONPER can generate more word over-
laps with ground-truth stories as shown by higher
BLEU scores. And CONPER can better embody
the specified persona in the target sentence and the
whole story as shown by the higher BS-t and BS-
m score. The higher PC score of CONPER also
further demonstrate the better exhibition of given
personas in the generated stories. As for ablation
tests, all the ablated models have lower scores in
terms of all metrics than CONPER, indicating the
effectiveness of each component. Both CONPER

w/o PP and CONPER w/o TP drop significantly in
BLEU scores, suggesting that planning is impor-
tant for generating long-form stories. CONPER w/o
TP also performs substantially worse in all metrics
than CONPER w/o TG, indicating the necessity of
explicitly modeling the relations between persona
descriptions and story plots. We also show analysis
of target guidance in Appendix C.

4.5 Manual Evaluation

We conduct a pairwise comparison between our
model and four strong baselines including PlanA-
head, GPT2Ft, Fusion and ConvS2S. We randomly
sample 100 stories from the test set, and obtain 500
stories generated by CONPER and four baseline
models. For each pair of stories (one by CON-
PER, and the other by a baseline, along with the
input), we hire three annotators to give a prefer-
ence (win, lose or tie) in terms of coherence (inter-
sentence relatedness, causal and temporal depen-
dencies) and persona-consistency with the input
(exhibiting consistent personas). We adopt major-
ity voting to make the final decisions among three
annotators. Note that the two aspects are indepen-
dently evaluated. We resort to Amazon Mechanical
Turk (AMT) for the annotation. As shown in Table
3, CONPER outperforms baselines significantly in
coherence and persona consistency.

Furthermore, we used human annotation to eval-

3352



Policies Yes (%) No (%) κ

Random 22.0 78.0 0.25
Ours 75.0 25.0 0.36

Table 5: Percentages of examples labeled with “Yes”
or “No” for whether the identified sentence reflects the
given persona. κ denotes Randolph’s kappa to measure
the inter-annotator agreement.

uate whether the identified target sentence embod-
ies the given persona. We randomly sampled 100
examples from the test set, and identified the target
for each example as the sentence with the max-
imum BERTScore with the persona description.
And we used a random policy as a baseline which
randomly samples a sentence from the original
story as the target. We hired three annotators on
AMT to annotate each example (“Yes” if the sen-
tence embodies the given persona, and “No” other-
wise). We adopted majority voting to make the final
decision among three annotators. Table 5 shows
our method significantly outperforms the random
policy in identifying the persona-related sentences.

4.6 Controllability Analysis

To further investigate whether the models can be
generalized to generate specific stories to exhibit
different personas conditioned on the same context,
we perform a quantitative study to observe how
many generated stories are successfully controlled
as the input persona descriptions change.

Automatic Evaluation For each example in the
test set, we use a model to generate ten stories con-
ditioned on the context of this example and ten
persona descriptions randomly sampled from other
examples, respectively. We regard a generated story
as successfully controlled if the pair of the story and
its corresponding persona description (along with
the context) has the maximum persona-consistency
score among all the ten descriptions. We regard the
average percentages of the stories which are suc-
cessfully controlled in all the ten generated stories
for each example in the whole test set as the con-
trollability score of the model. We show the results
for CONPER and strong baselines in Table 6. Fur-
thermore, we also compute the superiority (denoted
as ∆) of the persona-consistency score computed
between a generated story and its corresponding
description compared to that computed between the
story and one of the other nine descriptions (Sinha
et al., 2020). A larger ∆ means the model can gen-

Models Controllability Score ∆

Plan&Write 10.6 0.01
GPT2Ft 24.2 11.2
PlanAhead 23.1 11.2

CONPER 29.5 15.1

Table 6: Automatic evaluation results for the controlla-
bility. All results are mulitplied by 100.

Models Acco (%) Oppo (%) Irre (%)

GPT2Ft 21 10 69
PlanAhead 44 12 44

CONPER 66 9 25

Table 7: Manual evaluation results for the controllabil-
ity. Acco/Oppo/Irre means the example exhibits an ac-
cordant/opposite/irrelevant persona with the input.

erate more specific stories adhering to the personas.
As shown in Table 6, there are more stories suc-

cessfully controlled for CONPER than baselines.
And the larger ∆ of CONPER suggests that it can
generate more specific stories to the input personas.
The results show the better generalization ability of
CONPER to generate persona-controllable stories.

Manual Evaluation For manual evaluation, we
randomly sampled 50 examples from the test set,
and manually revised the persona descriptions to
exhibit an opposite persona (e.g., from “skilled pi-
lot” to “unskilled pilot”). We required a model to
generate two stories conditioned on the original
and its opposite persona description, respectively.
Finally we obtained 300 stories from three mod-
els including GPT2Ft, PlanAhead and CONPER.
Then, we hired three graduates to judge whether
each story accords with the input persona. All an-
notators have good English language proficiency
and are well trained for this evaluation task. Ta-
ble 7 shows the evaluation results. We can see that
66% of the stories generated by CONPER are accor-
dant with the input persona, suggesting the better
controllability of CONPER.

4.7 Case Study

We present some cases in Table 8. We can see that
the story generated by CONPER exhibits the speci-
fied persona with a coherent event sequence. The
planned keywords by CONPER provide an effective
discourse-level guidance for the subsequent story
generation, such as tablet, which has a common-
sense connection with computer skills and

3353



Context: · · · the group has gathered on the rooftop garden of Miyamoto Mansion · · · the TV set out near the long table on
the patio is talking about some spree of thefts at low volume · · · the issue of Chloe’s disappearance and the missing statue
still hang over their heads.

Persona Description: [Aito] You are above average in your computer skills. If information is power, then your ability to
use the internet makes you one of the most powerful people on the planet.

GPT2Ft: Aito looked at the others, still trying to help find a way out of the hotel. He wasn’t sure what the rest of the group
wanted to see if they were going to survive and all knew if he needed to be needed · · ·
PlanAhead: Miyamoto Mansion · · · perhaps it’s just a bit farther away. The music sounds bright enough but the line of
visitors does not. Aito was once a pretty girl, he had always been quite witty when talking to people but she always found it
annoying that a group of tourists looked like trash just to her · · ·
CONPER: · · · “Oh, wait · · · wait · · · people are talking about Chloe?” · · · “I have a feeling the internet is probably our
best chance to get through this” · · · Aito looked around the table a moment before pulling out her tablet and starting typing
furiously into her computer. She looked up at the tablet that had appeared, and she could see that it was working on a number
of things· · ·

Planned keywords: · · · people→ look→ around→ tablet→ see · · ·

Table 8: Generated stories by different models. Italic words indicate the improper entities or events in terms of the
consistency with the input. The bold sentence indicate the generated target by CONPER. Red words denote the
consistent events adhering to the input. And the extracted keywords are underlined.

Internet in the input. In contrast, the baselines
tend to not generate any persona-related events. For
example, the given persona description emphasizes
the strong computer skills of the protagonist while
the stories generated by PlanAhead and GPT2 have
nothing to do with the computer skills. We further
analyze some error cases generated by our model
in Appendix G.

5 Conclusion

We present CONPER, a planning-based model for
a new task aiming at controlling the protagonist’s
persona in story generation. We propose target
planning to explicitly model the relations between
persona-related events and input personas, and
plot planning to learn the keyword transition in
a story with the guidance of predicted persona-
related events and external commonsense knowl-
edge. Extensive experiments show that CONPER

can generate more coherent stories with better con-
sistency with the input personas than strong base-
lines. Further analysis also indicates the better
persona-controllability of CONPER.
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We conduct the experiments by adapting a public
story generation dataset STORIUM to our task. Au-
tomatic and manual evaluation results show that
our model CONPER outperforms existing state-of-
the-art models in terms of coherence, consistency
and controllability, suggesting the generalization
ability of CONPER to different input personas. And
our approach can be easily extended to different
syntactic levels (e.g., phrase-level and paragraph-
level events), different model architectures (e.g.,
BART (Lewis et al., 2020)) and different genera-
tion tasks (e.g., stylized long text generation).

In both STORIUM and ConceptNet, we find some
potentially offensive words. Therefore, our model
may suffer from risks of generating offensive con-
tent, although we have not observed such content
in the generated results. Furthermore, ConceptNet
consists of commonsense triples of concepts, which
may not be enough for modeling inter-event rela-
tions in long-form stories. We resort to Amazon
Mechanical Turk (AMT) for manual evaluation.
We do not ask about personal privacy or collect
personal information of annotators in the annota-
tion process. We hire three annotators and pay
each annotator $0.1 for comparing each pair of sto-
ries. The payment is reasonable considering that it
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would cost average one minute for an annotator to
finish a comparison.
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A Implementation Details

We train our model on one Quadro RTX 6000 GPU.
It costs about 25 hours to train our model, and 4
hours to generate stories using our model.

Models B-1 B-2 BS-t BS-m PC

CONPER 19.1 6.9 32.1 41.4 59.7

CONPER (Rand) 17.4 6.2 26.0 38.9 52.1
CONPER (Multi) 17.9 6.6 32.6 40.0 55.1
CONPER (Sparse) 18.0 6.6 31.6 40.2 57.0

Grouth Truth N/A N/A 42.6 42.6 75.2

Table 9: Automatic evaluation results for several vari-
ants of CONPER. The best performance is highlighted
in bold. All results are multiplied by 100.

B Analysis of Extraction Strategy

B.1 Target Extraction

We regard one sentence which has the maximum
BERTScore with the persona description as the tar-
get in our model. We conducted two experiments
to further investigate the influence of target extrac-
tion strategy: (1) CONPER (Rand): It regards a
sentence randomly sampled from the story as the
target for training in the target planning stage. (2)
CONPER (Multi): It regards two sentences which
have the maximum BERTScore with the persona
description as the target.

As shown in Table 9, when using a random sen-
tence as the target, all the metrics drop significantly.
And Table 5 in the main paper shows that it is
hard for the random policy to select persona-related
sentences. The results indicate the benefit of our
methods for modeling relations between personas
and events. Moreover, using multiple sentences
as the target is inferior to using only one in terms
of most metrics. It is possibly because stories in
STORIUM tend to embody personas sparsely, and
modeling the relations between personas and multi-
ple persona-unrelated events directly may hurt the
performance. The BS-t score is higher when using
multiple sentences because more words can easily
lead to a higher recall score.

B.2 Keyword Extraction

We extracted at most 5 keywords from each sen-
tence for the plot planning stage. We also exper-
imented with a more sparse plan by extracting
only one keyword from each sentence (called CON-
PER (Sparse)). Table 9 shows that using a more
sparse plan performs worse in all metrics. It is
possibly because the limited planning keywords
could not make the best of the external knowledge
to form coherent and persona-related plots.
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C Analysis of Target Guidance

We visualize how target guidance affects word
prediction in the plot planning stage in Figure 2.
The original word distribution is weighted to those
words irrelevant to the target sentence, while the
bias term (Equation 18) is weighted to those words
related to the target sentence in semantics such as
bar. After combining the original word distribu-
tion with the bias term, the final distribution can
balance the trade-off between target guidance and
language model prediction. This validates our hy-
pothesis that target guidance can draw the planned
plots closer to the target, which helps improve the
story coherence and persona-consistency.

Target: He takes a drink of 
the beer and heads up to 
the pub.

Target guidance

Bias Term

Original Distribution

Final Distribution
bar    h     sh tops tails   ... 

ask  want guy  say  need  ... 

bar  want  dr ask   say   ... 

Figure 2: A case showing the effect of target guidance.
The planning keywords are brought closer to the target
in semantics under the target guidance.

D Diversity

We compare the diversity of CONPER with base-
lines using distinct-n (D-n) (Li et al., 2016), the ra-
tio of distinct n-grams to all n-grams in generated
stories. The results in Table 10 show that CON-
PER has better coherence and persona consistency
without sacrificing the diversity.

Models D-1 D-2 D-3 D-4

GPT2Scr 0.021 0.134 0.381 0.653
GPT2Ft 0.022 0.184 0.501 0.777
PlanAhead 0.032 0.256 0.618 0.863
CONPER 0.016 0.148 0.439 0.730

Grouth Truth 0.062 0.368 0.739 0.927

Table 10: Automatic evaluation results. CONPER is
comparable with fine-tuned GPT2 in diversity perfor-
mance.

Models Number of Parameters

ConvS2S 135M
Fusion 255M

GPT2 124M
PlanAhead 201M

CONPER 247M

Table 11: Number of Parameters of different models.

E Manual Evaluation

We conduct manual evaluation on Amazon Me-
chanical Turk. To improve the annotation qual-
ity, we provide a detailed instruction for annota-
tors, which contains: (1) a summary of our task;
(2) a formal definition for coherence and persona
consistency; and (3) good and bad examples for
coherence and persona consistency. The detailed
evaluation guideline is shown in Figure 3.

F Model Parameters

We compute the number of parameters for some
models used in our experiments. The result is
shown in Table 11.

G Error Analysis

Although the proposed model outperforms the
strong baselines, Table 7 in the main paper shows
that there are still many generated stories that ex-
hibit opposite or irrelevant with the given persona.
Therefore, we presented some typical error cases
generated by our model for each error type in Fig-
ure 4. These cases show our model still does
not completely control personas in story gener-
ation. When there is a slight conflict between
the generated target sentence and the given per-
sona (e.g., you’re here for fun is slightly
conflict with slow to action), the generated
plan would further deviate from the input under
the guidance of the target sentence (e.g., excit,
like), and finally the generated story exhibits
an opposite persona. Similarly, when the gener-
ated target sentence is irrelevant with the given per-
sona (e.g., That was the hardest thing
too see), the final generated story doesn’t have
any persona-related event. These errors also in-
dicate the target sentence plays an important role
in controlling the protagonist’s persona in story
generation.
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Persona Generated Stories PC Rouge-2
You have a loose grasp on your emo-
tion and are quick to lash out. Often
hurting the ones you care about most.

...She had started to try to get her emotions un-
der control, she had tried to keep herself calm dur-
ing all of this, and she had only gotten worse. She
stood, just standing, and was staring at the class like
an idiot, her head down...

0.90 0.0

In command of some measure of
magical power

...Wilhelm is in command of all forces in the north.
After the war ended, his mind was full of food and
drink, and he was ready for a quick trip to the bar. He
had been to the bar on many occasions. Only in there
that he could fully relax and forget about all those
mess things...

0.16 0.14

Table 12: Typical cases by PC (Persona-Consistency) score. Bold words denote the consistent events adhering to
the given persona. The overlapping words are underlined.

H Discussion of the Persona-Consistency
Metric

To measure whether the generated story is con-
sistent with the given persona, we propose the
Persona-Consistency(PC) metric. In our experi-
ments, we replace the ground-truth story with a
randomly sampled one to construct a inconsistent
story-persona pair as a negative sample. The fine-
tuned classifier achieves an 83.63% accuracy on
the auto-constructed test set. However, it is possi-
ble that the PC metric depends on the word overlap
to make predictions because of the simple random
sampling of the negative samples (Lin et al., 2020).
We thus conduct a case study to investigate whether
our PC metric depends on word overlap to make
judgments. As shown in Table 12, the first example
gets a high PC score since the story embodies a
consistent persona with the given persona descrip-
tion, in spite of a low rouge score. In contrast, the
second example has an overlapped phrase “in com-
mand of” with the persona description but does not
embody the corresponding persona description, and
thus gets a high rouge score and low PC score. The
results show that PC may not depend on shallow
features like word overlap to make judgments.

What’s more, we have taken into account the
shortcomings of the automatic metrics for NLG
and thus additionally added the human evaluation
to further prove the effectiveness of our method.
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Human Evaluation Guideline 

This study aims to evaluate automatic story generation systems. Specifically, for each story, we will put the context 

and the persona description into a generative system, and the following sentences will be generated by the system. 

In the process of evaluation, you will be given two generated stories by two difference systems, denoted as A, B. 

You need to compare A with B in terms of the coherence and persona consistency.  

Notes: 

◆ Please annotate the stories carefully based on comprehensive comparison and technically following the 

instruction. 

◆ Please make a more fine-grained comparison when annotating persona consistency, as it is very common that 

neither of the two systems can clearly reflect the given persona. Be extra careful when you choose tie. 

➢ Coherence: context relatedness and inter-sentence causal and temporal dependencies. 

Options 1. System A is better   2. System B is better   3. System A and System B are good or bad equally. 

e.g. Persona: [Pintoos] Go where you’ve never been before and share your experiences through song and 

story. 

Context: You wake up from an uneasy rest in the Inn. The rain batters the window and occasional 

lightning briefly illuminates the tops of low-rising huts and hovels outside. As your level of 

consciousness increases you become vaguely aware of a commotion of some sort coming from outside 

your door... 

Generated Story 1: Pintoos descends the wooden stairway from his shabby inn-room confident that this 

day will be the beginning of his journey to new lands, interesting characters, and forgotten knowledge. 

Approaching the innkeeper he sits and surveys the room. There is a steady dripping of rainwater falling 

from a leak in the inn's roof, a few inches from his head... "Say, what brings you here all the way from... 

well where you from stranger?" Pintoos nods, "Yes, my name is Pintoos I've just come here from the 

Southern rains. D'welsee is what we call our homeland. There once a boy is of age he is given leave of 

the land to explore the world and learn... well anything. (Good coherence, some premise related parts 

are underlined) 

Generated Story 2: Something about this commotion is... unsettling, and it leaves his mind racing. Well, I 

should probably stop talking to that commotion, it seems to have been bothering him for a while. He 

looks around, and a loud clatter, then shakes his head, clearly confused. "Hey, no... I've been out of town, 

so I don't see much of this, but I think we could get there. You should see if anyone's coming over there, I 

don't know if I've seen anyone lately... but I think it's best if you go talk to that commotion and see if 

there's anyone out there. (Bad coherence, some conflicting parts are underlined) 

➢ Persona Consistency: Consistency between the generated sentences and the given persona. Specifically, a 

persona consistent story should reflect the desired persona of the character implicitly by plots or his/her actions. 

Options 1. System A is better   2. System B is better   3. System A and System B are good or bad equally. 

e.g. Persona: [Anthony] The ghosts scare you. The moaning houses terrify you. The darkness... well, who 

knows what could be in it? 

Context: The InSpectres made their way into the woods, only the vaguest hint of a trail in front of them. 

The further they went in, the more the trail disappeared. Despite going in midday, a fog seemed to cover 

the forest. The fact that there was any light at all was the only sign that it was still day beyond the trees. 

Before them, broken branches and footprints seemed to be the only signs that the creature had gone in 

front of them. They had to follow the path to find its home. Hopefully it would be easy...But a job like 

this is never easy. Even as they stepped forward, they could see and hear movement beyond the fog... 

Something dangerous was out there. It would definitely hamper their search if it wasn't dealt with 

properly... 

Generated Story 1: …There! Something moved, he was sure of it! "Were cat! Were cat! It's here!" 

"Actually, no," Ronnie observed once it hopped out of the fog… "it'll change then kill us!" .. (Good 

persona consistency, personalized sentence is underlined) 

Generated Story 2: His eyes narrowed as he could see through the mist, and his hands danced like a pair 

of marionettes in the moon. Slowly he started to climb, until he felt his hands begin to brush against the 

dark fog. It was like the sun was setting. He noticed a light shining outwards, and something...something 

was there. God he was glad he didn't fall into the same pit. (Bad persona consistency: reflect no 

persona) 

Generated Story 3: "A wolf?" Aiden yelled. He felt the urge to make himself sound faster and faster at 

the end of his body. "It's ok." "No." The wolf said. The other thing began shouting through the forest. 

"It's not like this. You're not a bad man." (Bad persona consistency: reflect calm persona, 

personalized sentence is underlined) 

 

Figure 3: The guideline of story quality evaluation.
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Error Type Cases 

Opposite Context: The students have a surprisingly restful night of sleep. No weird 

dreams, no monsters, no strangers in tuxedos. The students head out to 

school. They run into each other as they enter the building and decide to have 

a chat about yesterdays events over breakfast…The students grab what the 

want to eat and sit at a table near the back of the cafeteria. They agree to try 

to keep calm in order to not raise the suspicion of other students and faculty. 

Persona: [Vivian] You are frequently lost in thought making you slow to 

action. 

Story: …It's a big space, so that's a great opportunity to get excited, to get 

to know some of the new people. You may not be the most social person 

around, but you're here for fun…" 

Plan keywords: excit→student→like→come→… 

Irrelevant Context: The lights are bright above you, you lay in a bed with metal bars 

on either side. At first you think you are in a hospital but it did not smell like 

one, in fact you could smell nothing at all. When you lift your head you see 

that there are seven other people in the room with you and you are all wearing 

white clothing that looks a lot like scrubs but made of much better 

fabric...There is a doorway that leads into a hall, there is no door just an open 

doorway and the hall looks to be the same as the room. 

Persona: [Shay Lorence] You are not anxious and it is easy for you to 

believe someone else 

Story: What’s going on here? ... Looking up the hall, the room had black or 

gray light. The dark looked like that from the darkest rooms in the world, or 

maybe it could be dark, darker. I could see it from the window, the darkness 

in the room, even the bed, but that couldn’t be the case. There was nothing 

here. There was just a room with no light. ... I had to take the other side to 

the hall, to the other side of the hall. The hallway was endless. That was the 

hardest thing to see... 

Plan keywords:room→bed→nightmare→wall→hallway→wake… 

 

Figure 4: Typical errors by our model. Bold words indicate the events exhibiting the opposite persona. Italic words
indicate the events that are irrelevant with the given persona. And the red sentence indicate the generated target by
CONPER.
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Abstract

The explosion of misinformation spreading in
the media ecosystem urges for automated fact-
checking. While misinformation spans both ge-
ographic and linguistic boundaries, most work
in the field has focused on English. Datasets
and tools available in other languages, such
as Chinese, are limited. In order to bridge
this gap, we construct CHEF, the first CHinese
Evidence-based Fact-checking dataset of 10K
real-world claims. The dataset covers multiple
domains, ranging from politics to public health,
and provides annotated evidence retrieved from
the Internet. Further, we develop established
baselines and a novel approach that is able to
model the evidence retrieval as a latent variable,
allowing jointly training with the veracity pre-
diction model in an end-to-end fashion. Exten-
sive experiments show that CHEF will provide
a challenging testbed for the development of
fact-checking systems designed to retrieve and
reason over non-English claims. Source code
and data are available1.

1 Introduction

Misinformation is being spread online at increas-
ing rates, posing a challenge to media platforms
from newswire to social media. In order to combat
the proliferation of misinformation, fact-checking
is an essential task that assesses the veracity of
a given claim based on evidence (Vlachos and
Riedel, 2014). Fact-checking is commonly con-
ducted by journalists. However, fact-checking is
a time-consuming task, which can take journalists
several hours or days (Adair et al., 2017). Thus,
there is a need for automating the process.

Although misinformation spans both geographic
and linguistic boundaries, most existing works fo-
cused on English (Wang, 2017; Thorne et al., 2018;
Augenstein et al., 2019; Hanselowski et al., 2019;

1https://github.com/THU-BPM/CHEF
∗Equally Contributed.
†Corresponding Author.

Claim: 2019年,共有12.08万人参加成都中考，但招
生计划只有4.3万。In 2019, a total of 120,800 students
participated in the high school entrance examination in
Chengdu, but schools only enrolled 43,000 students.

Document: 今年共有12.08万人参加中考，这个是
成都全市, 包括了20个区，高新区和天府新区的总
参考人数。 月前，教育局公布了2019年的普高招
生计划。招生计划数进一步增加，上普高的机会更
大了... 中心城区（13个区）招生计划为43015人。
This year, 120,800 people participated in the high school
entrance examination. This number is for the entire city
of Chengdu, including 20 districts, high-tech zone and
Tianfu new district. A month ago, the Education Bureau
announced the 2019 high school enrollment plan. The
number of enrollment will be increased, indicating that
there is a greater chance of going to high school... The
plan of the central area (including 13 districts) is 43,015.

Verdict: Refuted; Domain: Society

Challenges: Evidence Collection; Numerical Reasoning

Table 1: An example from CHEF (Chinese is translated
into English). The claim is refuted by the evidence,
which are sentences retrieved (highlighted) from the
document. For brevity, only the relevant snippet of the
document is shown.

Chen et al., 2020). There only exists a handful
of non-English datasets for verifying real-world
claims. However, these datasets are either small
in size (Baly et al., 2018), or designed for multi-
lingual systems (Gupta and Srikumar, 2021). On
the other hand, Khouja (2020) and Nørregaard and
Derczynski (2021) created claims by paraphrasing
sentences from non-English articles, but synthetic
claims cannot replace real-world claims for training
generally applicable fact-checking systems.

To bridge this gap, we introduce a CHinese
dataset for Evidence-based Fact-checking (CHEF).
CHEF includes claims that are not only relevant
to the Chinese world, but also originally made in
Chinese. It consists of 10,000 real-world claims,
collected from 6 Chinese fact-checking websites
covered multiple domains and paired with anno-
tated evidence. To ensure annotation consistency,
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Dataset Natural Domain #Claims Language
Evidence

Type Source Retrieved Annotated

FEVER (Thorne et al., 2018) ✗ Multiple 185,445 English Text Wiki ✓ ✓

HOVER (Jiang et al., 2020) ✗ Multiple 26,171 English Text Wiki ✓ ✓

TabFact (Chen et al., 2020) ✗ Multiple 92,283 English Table Wiki ✗ ✓

InfoTabs (Gupta et al., 2020) ✗ Multiple 23,738 English Table Wiki ✗ ✓

ANT (Khouja, 2020) ✗ Multiple 4,547 Arabic ✗ ✗ ✗ ✗

VitaminC (Schuster et al., 2021) ✗ Multiple 488,904 English Text Wiki ✗ ✓

DanFEVER (Nørregaard and Derczynski, 2021) ✗ Multiple 6,407 Danish Text Wiki ✓ ✓

FEVEROUS (Aly et al., 2021) ✗ Multiple 87,026 English Text/Table Wiki ✓ ✓

PolitiFact (Vlachos and Riedel, 2014) ✓ Politics 106 English Meta/Text FC ✗ ✗

PunditFact (Rashkin et al., 2017) ✓ Multiple 4,361 English ✗ ✗ ✗ ✗

Liar (Wang, 2017) ✓ Multiple 12,836 English Meta FC ✗ ✗

Verify (Baly et al., 2018) ✓ Politics 422 Mul(2) Text Internet ✓ ✗

MultiFC (Augenstein et al., 2019) ✓ Multiple 36,534 English Meta/Text Internet ✓ ✗

Snopes (Hanselowski et al., 2019) ✓ Multiple 6,422 English Text FC ✗ ✗

SciFact (Wadden et al., 2020) ✓ Science 1,409 English Text Paper ✗ ✗

PUBHEALTH (Kotonya and Toni, 2020b) ✓ Health 11,832 English Text FC ✗ ✗

AnswerFact (Zhang et al., 2020) ✓ Product 60,864 English Meta/Text Amazon ✓ ✗

FakeCovid (Shahi and Nandini, 2020) ✓ Health 5,182 Mul(3) ✗ ✗ ✗ ✗

XFact (Gupta and Srikumar, 2021) ✓ Multiple 31,189 Mul(25) Meta/Text Internet ✓ ✗

CHEF ✓ Multiple 10,000 Chinese Meta/Text Internet ✓ ✓

Table 2: Comparisons of fact-checking datasets. Type in the header means the type of evidence used, which
can be text, metadata or both. Source means where the evidence are collected from, such as Wikipedia (Wiki),
fact-checking websites (FC). Retrieved denotes if the evidence is given or retrieved from the source. Annotated
means whether the evidence is manually annotated. Verify, FakeCovid, XFact contain claims in multiple languages,
but Chinese claims are not included.

we developed suitable guidelines and performed
data validation2. We shared some of the insights
obtained during the annotation process that we
hope will be beneficial to other non-English an-
notation efforts. Table 1 shows an instance from
CHEF. In order to verify the claim, one needs to
first retrieve the evidence sentences from related
documents (e.g. government reports), then predict
the veracity based on the evidence. After com-
paring the statistics of the entire city and central
area, we can reach the verdict that the claim is re-
futed by evidence. To characterize the challenge
of the dataset presented, we perform a thorough
analysis and demonstrate the utility of the dataset
by developing two types of baselines, including
pipeline and joint systems. Our key contributions
are summarized as follows:

1. We provide the first sizable multi-domain Chi-
nese dataset for automated fact-checking. It
consists of 10K real-world claims with manu-
ally annotated evidence sentences.

2. We further propose an approach that is able
to model the evidence selection as a latent
variable, which can be jointly trained with the
veracity prediction module.

3. We develop several established baselines and
2The annotation guideline is provided in the appendix.

conduct a detailed analysis of the systems eval-
uated on the dataset, identifying challenges
that need to be addressed in future research.

2 Background: Dataset Comparisons

In this section, we reviewed the existing fact-
checking dataset as summarized in Table 2. Fol-
lowing Guo et al. (2022), we grouped the datasets
into two categories: natural and synthetic. Natural
datasets consist of real-world claims, while syn-
thetic datasets contain claims created artificially by
mutating sentences from Wikipedia articles.

2.1 Non-English Dataset

Existing efforts in the construction of non-English
datasets are limited, both in scope and in size.
Verify (Baly et al., 2018) contains 422 claims in
Arabic and FakeCovid (Shahi and Nandini, 2020)
has 3,306 non-English claims about COVID-19.
Though XFact (Gupta et al., 2020) includes 31,189
claims in 25 languages, it mainly focuses on the
multilingual setting, where the average number
of instances per language is 1,248. More impor-
tantly, these datasets do not include annotated ev-
idence. For example, XFact used search sum-
maries returned by Google as evidence. On the
other hand, Khouja (2020) and Nørregaard and Der-
czynski (2021) constructed synthetic datasets by
mutating sentences from Arabic news and Danish
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Wikipedia articles, respectively. Unlike previous
efforts, CHEF consists of 10K real-world claims
paired with annotated evidence.

There exist Chinese datasets focused on rumor
detection (Ma et al., 2016; Zhang et al., 2021),
which is classified into claim detection (Kotonya
and Toni, 2020a; Guo et al., 2022), as it is based
on language subjectivity and growth of reader-
ship (Qazvinian et al., 2011). A claim can be
factual regardless of whether it is a rumour (Zu-
biaga et al., 2018). Unlike existing rumor detection
datasets, CHEF focuses on factuality of the claim.

2.2 Evidence-Based Fact-Checking

Early efforts predicted the veracity solely based
on the claims or with metadata (Rashkin et al.,
2017; Wang, 2017), but relying on surface pat-
terns of claims without considering the state of
the world fails to identify well-presented misinfor-
mation (Schuster et al., 2020). Therefore, synthetic
datasets (Thorne et al., 2018; Jiang et al., 2020; Aly
et al., 2021) considered Wikipedia as the source
of evidence and annotated the sentences support-
ing or refuting each claim. However, these efforts
restricted world knowledge to a single source (i.e.
Wikipedia), ignoring the challenge of retrieving ev-
idence from heterogeneous sources on the Internet.

To address this, recent natural datasets (Augen-
stein et al., 2019; Gupta and Srikumar, 2021) used
the summary snippets returned by Google as evi-
dence. One key limitation of this approach is that
summary snippets do not provide sufficient infor-
mation to verify the claim. Gupta and Srikumar
(2021) showed that only 45% of snippets provide
sufficient information, while 83% of the full text
from web pages provides sufficient evidence to
determine veracity of the claim. To construct a
better evidence-based dataset, we retrieve docu-
ments from web pages and manually select relevant
evidence sentences from documents as evidence.
Such a design makes CHEF suitable to train fact-
checking systems that can extract evidence from
web-sources and validate real-world claims based
on evidence found on the Internet.

3 Dataset Construction

CHEF is constructed in four stages: data collec-
tion, claim labeling, evidence retrieval and data
validation. Data collection selects sources, crawls
claims and associated metadata. Claim labeling
identifies claims from fact-checking articles and

Website Domain URL Total

Piyao Multiple www.piyao.org.cn 3,741
TFC Multiple tfc-taiwan.org.tw 1,759
Mygopen Multiple www.mygopen.com 1,654
Jiaozhen Multiple vp.fact.qq.com 157

Cnews Multiple m.chinanews.com 2,689

Total Multiple - 10,000

Table 3: Statistics of data sources. Piyao, TFC, My-
GoPen and Jiaozhen are fact-checking websites. Cnews
is a news website.

assigns the veracity labels of claims based on the
article. Evidence retrieval collects documents from
the Internet and selects the most relevant sentences
as evidence. Data validation controls the annota-
tion quality. The annotation team has 25 members,
5 of them are only involved in data validation. All
annotators are native Chinese speakers. To ensure
the annotation quality, they were trained by the
authors and went through several pilot annotations.

3.1 Data Collection
We crawled all active Chinese fact-checking web-
sites listed by Duke Reporters3. However, most
claims fact-checked by the fact-checkers are non-
factual, solely relying on such claims will lead
to an imbalance dataset. Therefore, we fol-
lowed Kotonya and Toni (2020b) by crawling ar-
ticles from the news review site. As shown in Ta-
ble 3, this resulted in 5 websites in total. From each
website, we crawled the full text of the article and
corresponding metadata (e.g. author, domain, URL
publication date). Totally, we crawled 14,770 fact-
checking and news articles. There exists a number
of crawling issues, such as the article could not be
retrieved, or the content is not textual. We removed
such instances. Next, we checked the dataset for
duplications. Upon manual inspections, this was
mainly due to them appearing on different websites.
All duplications would be in the training split of
the dataset, so that the model would not have an
unfair advantage. As shown in Figure 5, claims
cover multiple domains, including politics, public
health, science, society and culture. More than
36% of claims belong to public health domain, as
many fact-checking articles focused on countering
misinformation related to COVID-19. The society
domain has second most claims, which involves
social events that are closely related to people’s
daily lives.

3www.reporterslab.org/fact-checking/
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Figure 1: Distributions of domains. Each instance is
categorized into five different domains.

3.2 Claim Labeling
The major challenge of constructing a non-English
dataset is extracting a claim and its veracity from a
fact-checking article usually requires human efforts.
Unlike fact-checking articles in English, many non-
English articles (e.g. Chinese, Hindi, Filipino) do
not explicitly give the claim and assign the veracity.
Therefore, extracting the claim, which can appear
in the title, or anywhere in the article, requires man-
ual efforts. Before labeling the claim, we need to
extract them from the fact-checking articles. When
performing claim extraction, annotators need to
read the fact-checking article first, then identify
the claim. They are encouraged to select sentences
directly from the article. However, resulted sen-
tences may not be complete, which means they
do not provide enough context for fact-checking.
One common case is that the sentence describing
a fact often lacks the time stamp, or the location.
For example, the claim “Price of pork increases
dramatically due to the African swine fever.” is
factual in 2020 but non-factual in 2021. There-
fore, annotators are asked to complete the claim
by adding missing content to ensure the claim to
be standalone for later verification4. Another issue
is that Chinese fact-checkers tend to use rhetori-
cal questions to express non-factual claims. To
alleviate the bias that the factuality of a claim can
be decided by its surface form, annotators are re-
quired to paraphrase the questions into declarative
statements.

Next, annotators are required to label the ex-
tracted claims. English fact-checking articles often
provide different truth-rating scales, such as false,
mostly false and mixture, while many non-English
counterparts do not have such taxonomies. There-
fore, annotators need to label the extracted claim
based on the understanding of the fact-checking

4More annotation details are provided in appendix.

Evidence Collection
Expert Consultation
Numerical Reasoning
Multi-Modality

Figure 2: Distributions of challenges. Each instance can
have multiple challenges. Evidence collection means
finding relevant textual information from web-sources.
Expert consultation collects information directly from
relevant people. Numerical reasoning requires inference
over numbers and multi-modality requires collect and
infer over multi-modal evidence.

article. Journalism researchers showed that fine-
grained labels are often assigned inconsistently due
to subjectivity (Uscinski and Butler, 2013; Lim,
2018). Therefore, we chose to follow previous ef-
forts (Thorne et al., 2018; Hanselowski et al., 2019)
by adopting three types of labels: supported (SUP),
refuted (REF) and not enough information (NEI),
given the evidence. The distribution of labels in
CHEF is shown in Table 4. CHEF consists of a
majority of refuted claims, as the majority of fact-
checking articles aim to debunk non-factual claims.

3.3 Evidence Retrieval

When verifying a claim, journalists first find in-
formation relating to the fact and evaluate it given
the collected evidence. As shown in Figure 1, the
biggest challenge of verifying a claim is to collect
relevant evidence. In order to validate real-world
claims, we chose to manually extract evidence from
web-sources. We have two measures to ensure the
reliability of the evidence. Firstly, we maintained a
list of misinformation and disinformation websites,
all search results from these websites will be fil-
tered out. Secondly, we required the annotators to
manually select evidence sentences from the search
results. In order to collect evidence from the web-
sources, we first submitted each claim as a query
to the Google Search API by following Augenstein
et al. (2019) and Gupta and Srikumar (2021). The
ten most highly ranked search results are retrieved.
For each result, we saved the search rank, URL,
time stamp and document. Then we filtered out
results from fact-checking websites to prevent the
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Split SUP REF NEI Total

Train 2,877 4,399 776 8,002
Dev 333 333 333 999
Test 333 333 333 999

Avg #Words in the Claim 28
Avg #Words in the Google Snippets 68
Avg #Words in the Evidence Sentences 126
Avg #Words in the Source Documents 3,691

Table 4: Dataset split sizes and statistics for CHEF.

answer from being trivially found. Next, annotators
were asked to select sentences from the resulted
documents. To maintain a balance between keeping
relevant and removing irrelevant information, we
followed Thorne et al. (2018) and Hanselowski
et al. (2019) that up to five sentences were se-
lected as evidence. Before deciding which sen-
tences should be selected, annotators were required
to answer auxiliary questions, such as “Whether
selected sentences provide sufficient information
for factual verification?” They were encouraged
to select the five most relevant sentences, but they
were allowed to pick less when relevant sentences
are not available. A small fraction (5.6%) of in-
stances do not have any relevant evidence, and we
chose to discard them.

3.4 Data Validation

To ensure the annotation consistency, we conducted
an additional 5-way inter-annotator agreement and
manual validation. For inter-annotator agreement,
we randomly selected 3% (n = 310) of claims to
be annotated by 5 annotators. We calculated the
Fleiss K score (Fleiss, 1971) to be 0.74, which
is comparable with 0.68 reported in Thorne et al.
(2018) and 0.70 in Hanselowski et al. (2019). In
order to verify if evidence sentences provide suffi-
cient information, we chose another 310 instances.
The second group of annotators were required to
assign the labels based on the evidence sentences.
We found that 88.7% of the instances were labeled
correctly and 83.6% of them provided sufficient
information to determine the veracity. Finally, as
shown in Table 4, we partitioned the dataset CHEF
into training, development and test sets. Our devel-
opment and test sets have balanced class distribu-
tions. Each claim is paired with Google snippets,
evidence sentences and source documents.

4 Baseline Systems

Unlike previous natural datasets, CHEF requires
the system to first retrieve the evidence sentences
from the documents, then predict the veracity based
on the evidence. Therefore, we design two types of
baselines: pipeline and joint systems.

4.1 Pipeline System
The pipeline system treats evidence retrieval and
veracity prediction as two independent steps.

4.1.1 Evidence Retrieval
Given the claim and documents, this step aims to
select the most relevant sentences from documents
as evidence, which can be viewed as a ranking
problem. Thus, we adopt the following models:

Surface Ranker Following retrieval models de-
signed for synthetic datasets (Thorne et al., 2018;
Jiang et al., 2020; Aly et al., 2021), We use TF-IDF
to sort the most similar sentences first and tune a
cut-off using validation accuracy on the dev set.

Semantic Ranker Inspired by Nie et al. (2019)
and Liu et al. (2020), we choose semantic matching
based on BERT (Devlin et al., 2019) pre-trained
on Chinese corpus (Wolf et al., 2020). The cosine
similarity scores between the embedding of the
claim and the embeddings of other sentences in the
document are used for ranking.

Hybrid Ranker Since semantic encoding is com-
plementary to surface form matching, they can be
combined for better ranking. Following Shaar et al.
(2020), we use the rankSVM, based on the fea-
ture sets of rankings returned by TF-IDF and the
similarity scores computed with BERT.

Google Snippets As discussed in Section 2, exist-
ing natural datasets (Augenstein et al., 2019; Gupta
and Srikumar, 2021) do not require the system to
retrieve the evidence sentences from the documents.
Instead, they used summary snippets returned by
the Google Search Engine as evidence. We also
include this type of evidence for comparisons.

4.1.2 Veracity Prediction
After retrieving the evidence sentences, veracity
prediction aims to predict the label of the given
claim. We implement the following classifiers:

BERT-Based Model Following Jiang et al.
(2020) and Schuster et al. (2021), we use a multi-
layer perceptron with embeddings from BERT as
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the classifier. The embeddings of claim and re-
trieved evidence are concatenated as the input. The
model performs the classification based on the out-
put representation of the CLS token.

Attention-Based Model Following Gupta and
Srikumar (2021), we first extract the output embed-
ding of the CLS token of each selected evidence
and calculate relevance weights with the claim
through dot product attention. Then we feed the
concatenated claim and weighted evidence into the
BERT-based classifier.

Graph-Based Model Recent efforts (Zhou et al.,
2019; Zhong et al., 2020; Liu et al., 2020) showed
that graphs help to capture richer interactions
among multiple evidence for fact-checking. We
adopt the Kernel Graph Attention Network (Liu
et al., 2020) for veracity prediction. The evidence
graph is constructed based on the claim and evi-
dence sentences, then node and edge kernels are
used to conduct fine-grained evidence propagation.
The updated node representations are used to cal-
culate the claim label probability.

4.2 Joint System

Evidence retrieval in the pipeline system could not
solicit optimization feedback obtained from verac-
ity prediction. In order to optimize two steps jointly,
we proposed to model the evidence retrieval as a
latent variable. The joint system contains two mod-
ules: a latent retriever and a classifier. For the
classifier, we used the same models described in
Section 4.1. Latent retriever labels each sentence
in the documents with a binary mask. Sentences
labeled with 1 are selected as the evidence, while
sentences labeled with 0 will be neglected.

4.2.1 Latent Retriever
We built the latent retriever based on the Hard Ku-
maraswamy distribution (Bastings et al., 2019),
which gives support to binary outcomes and al-
lows for reparameterized gradient estimates5. We
first stretch the Kumaraswamy distribution (Ku-
maraswamy, 1980) to include 0 and 1 by the sup-
port of open interval (l, r) where l < 0 and r > 1,
defined as K

′ ∼ Kuma(a, b, l, r) with CDF:

FK′ (k
′
; a, b, l, r) = FK′ ((k

′ − l)/(r − l); a, b)
(1)

5Please refer to the detailed derivations in Bastings et al.
(2019).

A sigmoid function k
′′

=min(1,max(0, k
′
)) is used

to rectify random variables into the closed inter-
val [0, 1], denoted by K

′′ ∼ HardKuma(a, b, l, r)
and k

′′
=s(u; a, b, l, r) for short. Note that we map

all negative values k
′ ∈ (l, 0] into k

′′
=0 and k

′

∈ [1, r) into k
′′
=1 deterministically, so the sets

whose masses under Kuma(k
′ |a, b, l, r) are avail-

able in the closed form:

P(K
′′
= 0) = FK(

−l
r − l ; a, b)

P(K
′′
= 1) = 1− FK(

1− l
r − l ; a, b)

(2)

Given source documents D, the latent retriever se-
lects relevant sentences as evidence that can be
used to predict the veracity for the claim c. For the
i-th sentence xi ∈ D, we obtain the sentence-level
embedding hi based on a BERT encoder by using
the CLS token. Then we can calculate the latent
selector k

′′
i by:

k
′′
i = s(ui; ai, bi, l, r),

ai = fa (hi;ϕa) bi = fb (hi;ϕb) ui ∼ U(0, 1)
(3)

where fa (·;ϕa) and fb (·;ϕb) are feed-forward net-
works with softplus outputs ai and bi. s(·) turns
the uniform sample ui into the latent selector k

′′
i .

Next, we use the sampled k
′′
i to modulate inputs to

the classifier for veracity prediction:

fF

(
k

′′
i · hi, c; θF

)
(4)

where c=fθ′ (c) denotes the embedding for the
given claim c obtained by using the CLS token
through a BERT encoder. fF (·; θF ) represents
the classifier (e.g. graph-based model). The joint
system can be optimized by gradient estimates of
E(ϕ, θ) via Monte Carlo sampling from:

E(ϕ, θ) = EU(0,1) [logP (y | X, sϕ(u,X), θ)]
(5)

where y is the label of veracity and k
′′
i = sϕ(u,X)

abbreviate the transformation from uniform sam-
ples to HardKuma samples.

4.2.2 More Baselines
Apart from the proposed system, we include fol-
lowing baselines for comprehensive comparisons:

Reinforce Instead of using gradient-based train-
ing, we follow Lei et al. (2016) by assigning a bi-
nary Bernoulli variable to each evidence sentence.
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Because gradients do not flow through discrete sam-
ples, the evidence retriever is optimized using RE-
INFORCE (Williams, 1992). A L0 regularizer is
used to impose sparsity-inducing penalties.

Multi-task We also adopt the multi-task learn-
ing method proposed by Yin and Roth (2018),
which is the state-of-the-art joint model on FEVER
dataset (Thorne et al., 2018). The model predicts a
binary vector that indicates the subset of sentences
as evidence, and a one-hot vector indicates the ve-
racity of the claim. The overall training loss is the
sum of these two prediction losses.

5 Experiments and Analyses

5.1 Experimental Setup

Following Augenstein et al. (2019), we computed
the Micro F1 and Macro F1 as the evaluation met-
ric. We further reported the mean F1 score and
standard deviation by using 5 models from inde-
pendent runs. For the pipeline system, we used 6
different evidence settings, including evidence sen-
tences retrieved by surface ranker, semantic ranker
and hybrid ranker, Google snippets, gold evidence
and without using any evidence. For the joint sys-
tem, we used 2 types of evidence: Google snippets
and source documents, where the latent retriever
can select sentences from. We used three classi-
fiers for both systems, BERT-based (Schuster et al.,
2021), attention-based (Gupta and Srikumar, 2021)
and graph-based models (Liu et al., 2020).

The hyper-parameters are chosen based on the
development set. In the evidence retrieval step of
the pipeline system, we set the retrieved evidence
obtained from TF-IDF to be more than 5 words
for surface ranker. We use the BERT default tok-
enizer with max-length as 256 to preprocess data
for semantic ranker. We use the default parame-
ters in sklearn.svm.LinearSVC with RBF kernel
for hybrid ranker.

In the veracity predication step of the pipeline
system, we use the BERT default tokenizer with
max-length as 256 and pretrained BERT-base-
Chinese as the initial parameter to encode claim
and evidence6. For BERT-based model, the fully
connected network for classification is defined with
layer dimensions of hR-hR/2-verification_labels,
where hR = 768. We use BertAdam (Devlin et al.,
2019) with 5e−6 learning rate, warmup with 0.1
to optimize the cross entropy loss and set the batch

6https://huggingface.co/

size as 16. For attention-based model, we use
BertAdam with 2e−5 learning rate, warmup with
0.1 to optimize the cross entropy loss and set the
batch size as 8. For graph-based model, we use
BertAdam with 5e−5 learning rate, warmup with
0.1, batch size with 16, dropout with 0.6 and kernel
size with 21.

For the joint system, we use Adam (Kingma and
Ba, 2015) with 5e−5 learning rate, learning rate
decay with 0.5 to optimize the cross entropy loss.
We set the batch size as 32. The fully-connected
networks fa (·;ϕa) and fb (·;ϕb) for two parame-
ters ai and bi are defined with layer dimensions of
hR = 768. We set the dropout rate as 0.5.

5.2 Main Results

Pipeline System: According to Table 5, pipeline
systems with evidence including Google snippets,
sentences returned by rankers and gold evidence
consistently outperform systems without using evi-
dence. These results confirm that evidence plays an
important role in verifying real-world claims. On
the other hand, systems with retrieved sentences
achieve higher scores than systems with Google
snippets. Specifically, systems with gold evidence
significantly outperform the ones with Google snip-
pets, indicating information that is necessary for
verification is missing in the snippets. Moreover,
systems with retrieved evidence are more robust in
terms of standard deviation. We hypothesize the
reason is that irrelevant information is presented
in the snippets. When comparing with different
rankers, we observed that using contextualized rep-
resentations to measure the similarity (Semantic
Ranker) is generally better than exact string match
(Surface Ranker). However, there still exists a large
performance gap between the pipeline system with
semantic ranker and the system with gold evidence.
One potential solution is to develop better retrieval
models based on the supervision signal of gold
evidence provided by CHEF. Given the evidence
sentences, graph-based models tend to have higher
scores than BERT-based and attention-based mod-
els, which shows the effectiveness of leveraging
graph structure to synthesize multiple evidence.

Joint System: Similar to the pipeline systems,
joint systems that retrieve evidence sentences from
documents achieve better F1 scores than directly
use the summary snippets. In order to verify real-
world claims, it is necessary to train fact-checking
systems that learn how to effectively retrieve evi-
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System / Evidence
BERT-Based Model1 Attention-Based Model2 Graph-Based Model3

Micro F1 Macro F1 Micro F1 Macro F1 Micro F1 Macro F1

Pipeline

No Evidence 54.46±2.89 52.49±2.44 54.87±1.95 53.47±2.82 — —
Snippets 62.07±2.55 60.61±2.96 62.42±2.31 60.24±2.56 62.78±1.70 61.06±2.59

Surface Ranker 63.17±1.67 61.47±2.02 63.77±1.89 62.65±2.32 64.58±1.45 61.46±1.72

Semantic Ranker 63.47±1.71 61.94±1.66 63.95±1.46 62.80±1.33 64.67±1.54 62.28±1.50

Hybrid Ranker 63.29±1.65 61.80±2.31 63.48±1.22 62.74±1.30 64.37±1.66 62.58±1.43

Joint

Reinforce4
Snippets 63.76±1.52 61.74±1.88 64.06±1.76 61.97±1.04 65.77±1.23 62.34±1.11

Documents 64.37±1.65 62.46±1.72 64.86±1.83 62.66±1.32 66.58±1.45 63.47±1.58

Multi-task5
Snippets 62.78±1.41 61.98±2.59 64.43±1.72 61.58±1.34 66.21±1.57 63.15±1.46

Documents 65.02±1.46 63.12±1.78 65.45±1.59 62.94±2.03 67.46±1.72 64.31±1.81

Latent
Snippets 64.45±1.68 62.52±2.23 65.73±1.75 63.44±1.68 67.81±1.74 64.34±1.57

Documents 66.77±1.43 64.65±1.74 67.62±1.48 64.81±1.26 69.12±1.13 65.26±1.67

Pipeline Gold Evidence 78.99±0.82 77.62±1.02 79.18±1.07 78.36±1.40 79.84±1.24 78.47±1.17

Schuster et al. (2021)1, Gupta and Srikumar (2021)2, Liu et al. (2020)3, Lei et al. (2016)4, Yin and Roth (2018)5

Table 5: Results of pipeline and joint systems on CHEF.

dence sentences from full documents on web pages.
In addition, joint system outperforms pipeline sys-
tem consistently with both Google snippets and
source documents as inputs. For example, latent re-
triever with Google snippets are able to achieve an
average 2.74% and 1.77% Micro/Macro F1 boost
compared with the pipeline systems with the same
type of evidence. We attribute the consistent im-
provement of joint system to the explicit feedback
to the evidence retrieval via gradient estimation
on veracity prediction. Another advantage of the
joint system is that the latent evidence retriever is
able to dynamically select relevant sentences from
documents for each instance, while rankers return
a fixed number of evidence.

Compared with the reinforce and multi-task
methods, the proposed latent retriever achieves
1.41% and 1.98% higher F1 on average with
Google snippets and source documents as inputs
across various classifiers. When considering stan-
dard deviation, reinforce is less robust. We be-
lieve the main reason is that latent retriever facili-
tate training through differentiable binary variables,
which leads to robust and generalized model that
exhibits small variance over multiple runs.

5.3 Analysis and Discussion

In this section, we further provide fine-grained anal-
yses for baseline systems on CHEF. For brevity, we
abbreviate pipeline systems with Google Snippets,
Surface Ranker, Semantic Ranker, Hybrid Ranker
as GS, Sur, Sem, Hyb, while joint systems with
Google snippets and source documents as inputs
as JG and JS, respectively. All results are reported

#E GS Sur Sem Hyb JG JS

1 55.24 55.67 56.04 56.72 56.98 57.54
3 58.69 59.24 59.52 59.18 59.89 61.45
5 60.61 61.47 61.94 61.80 62.12 64.65
10 59.12 60.20 60.37 61.24 61.86 64.73
15 55.72 56.31 56.56 57.08 58.69 59.11

Table 6: Effects of evidence: Macro F1 scores on the test
set are reported. #E indicates the number of evidence.

based on the BERT-based model. We further pro-
vide case study and error analysis on CHEF. Due
to limited spaces, we attach them in the appendix.

Effect of Evidence: In Table 6, we varied the
numbers of evidence retrieved and reported the
Macro F1 on the test set. The fluctuation results
indicate that both quantity and quality of retrieved
evidence affect the performance. Using fewer ev-
idence will lead to incomplete coverage, which
may not provide sufficient information to verify
the claims. On the other hand, incorporating more
evidence may introduce irrelevant sentences thus
propagate errors to veracity prediction. In gen-
eral, systems with 5 evidence sentences achieves
the best performance except the joint system with
source documents as inputs. We believe the reason
is that the latent retriever maintains a better balance
between keeping relevant and removing irrelevant
sentences, which helps to achieve higher scores
with more evidence sentences.

Performance against Claim Length: We parti-
tioned the test set into 4 classes (<10, 10-19, 20-29,
≥30) based on lengths of the claims and reported
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Figure 3: Comparisons against claim lengths.
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Figure 4: Per-class results.

the Macro F1 score. For clarity, we choose the best
reported pipeline system with semantic ranker to
compare with joint systems. As shown in Figure 3,
most claims are longer than 10 words. Performance
of the systems on short claims (e.g. <10) is lower
than other. One reason is that such claims do not
contain sufficient information to retrieve evidence
and to be verified, based on the observation that
the performance of all the systems improve as the
length of the claim increase. In general, the joint
system outperforms the pipeline system against
various claim lengths.

Performance against Classes and Domains: As
CHEF is constructed based on real-world claims,
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Figure 5: Per-domain results.

most of them are non-factual claims verified by
fact-checking websites. Such an imbalance issue
poses a challenge to the fact-checking system. Fig-
ure 4 shows the performance of models for differ-
ent veracity labels. The scores of minor classes are
much lower than the majority class. This reflects
the difficulty of judging SUP and NEI. Informative
evidence helps to alleviate this issue. For example,
the pipeline system with gold evidence achieves
significant improvement on predicting NEI labels
when comparing with the system with semantic
ranker. Figure 5 shows the performance of differ-
ent domains. Claims from science, politics and
culture domains have fewer training instances as
most claims in the dataset focus on the society and
public health topics. Again, retrieving informative
evidence sentences (JS and Gold) from full docu-
ments is beneficial to this data sparsity issue.

6 Conclusion

We constructed the first Chinese dataset for
evidence-based fact-checking. Further, we have
discussed the annotation methods and shared some
of the insights obtained that will be useful to other
non-English annotation efforts. To evaluate the
challenge CHEF presents, we have developed es-
tablished baselines and conducted extensive exper-
iments. We show that the task is challenging yet
feasible. We believe that CHEF will provide a stim-
ulating challenge for automatic fact-checking.
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A Supplement Materials

A.1 CHEF annotation guidelines
A.1.1 声明抽取和规范化的指引 Guidelines

for claim extraction and normalization:
标注者首先需要认真阅读事实验证的文章，然
后使用一到两句话来概括这篇文章描述的事件
作为声明。请标注者直接使用文章中的句子作
为声明，比如文章的标题，或者首段的前几句
话都可能是这篇文章需要验证的事实。如果没
法抽取出相应的句子，可以使用自己的语言总
结文章来撰写声明。在撰写声明的时候，有以
下注意事项：

• 每个声明必须完整。

• 每个声明不应该存在事实验证偏差。

• 每个声明不应该存在信息泄露。

请仔细阅读以下详细指引和相应的规范化例
子:

• 声明中描述的事件缺乏必要的细节,比
如：时间和地点。标注者需要加上这些
细节让声明完整，才能被验证。比如：今
年共有12.08万人参加中考，但招生计划
只有4.3万。需要改写声明为：2019年，
共有12.08万人参加成都中考，但招生计
划只有4.3万。

• 声明中存在特殊符号，需要去除特设符号
避免声明中存在偏差。比如：“纯天然”喷
雾一喷“秒睡”。需要去除句子中的“”，因
为这些特殊符号隐晦地表达了这个声明其
实是不实的。模型可以通过特殊符号直接
判断一个声明的真实性。这个句子需要改
写为：纯天然喷雾一喷秒睡。，这可以避
免由于声明中的特殊符号“”带来事实验证
偏差。

• 声明中存在信息泄露，需要去除直接指
出声明真实性的相关词语。比如：谣言！
纯天然喷雾一喷秒睡。句子中使用的“谣
言！”已经直接指出该声明是不实的，造
成了信息泄露。需要改写声明为：纯天
然喷雾一喷秒睡。不能在声明中出现诸
如：“谣言”、“错误”，“骗局”等信息泄露
词。

• 声明中的反问句需要被改写为陈述句，由
于采用反问句形式的声明大部分都是不实
的，反问句的形式会造成数据集偏差。比
如：别人打了新冠疫苗，我们就可以不打
新冠疫苗吗？需要被改写为：别人打了新
冠疫苗，我们就可以不打新冠疫苗。

• 不陈述事实的声明需要被丢弃。有两大
类的声明是无法进行事实验证的。第一大
类为表示推测的声明，比如：明年深圳房
价会上涨。第二大类为表示个人意见的声
明，比如：我认为特朗普应该连任。

• 声明中如果包含多个声明，需要拆分为
多个声明逐一验证。比如：关于新冠疫苗
接种的两个事实：第一，别人打了新冠疫
苗，自己就可以不打新冠疫苗。其次，新
冠疫苗只需要打一针就能具备新冠病毒防
护能力。这个声明包括了两个子声明，需
要被拆分为：别人打了新冠疫苗，我就可
以不打新冠疫苗。第二个声明为：新冠疫
苗只需要打一针就能具备新冠病毒防护能
力。

The annotator first needs to read the fact-checking
article carefully, and then use one or two sentences
to summarize the event described in this article as
a claim. The annotator is encouraged to directly
extract the sentences in the article as the claim, such
as the title of the article, or the first few sentences in
the first paragraph. If the annotator cannot find the
sentence that can serve as a claim, you can use your
own language to write the claim. When extracting
the claim, there are the following considerations:

• Each claim must be complete.

• For each claim, explicit bias should be re-
moved.

• Each claim should not have information leak-
age.

Please read the following detailed guidelines and
corresponding normalized examples carefully:

• If the event described in the claim lacks im-
portant details, such as time and location, an-
notator need to add these necessary metadata
to make the claim complete before it can be
verified. For example, a total of 120,800 peo-
ple took the entrance examination this year,
but the enrollment plan is only 43,000. The
claim needs to be rewritten as follows: In
2019, a total of 120,800 people participated
in the Chengdu high school entrance examina-
tion, but the enrollment plan was only 43,000.

• If there exist special symbols in the claim,
such symbols that may lead to bias for claim
verification should be removed. For example:
"Natural spray" helps you "sleep instantly".
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Quotation marks should be removed in the
sentence, as these special symbols implicitly
indicates such a claim is non-factual. The
model can predict the veracity simply based
on the special symbols in the claim. This
claim needs to be rewritten as: Natural spray
helps you sleep instantly.

• Claims contains words that will lead to infor-
mation leakage should be removed. For exam-
ple: Rumors! Natural spray helps you sleep
instantly. The word "Rumor!" in the claim
directly pointed out that the claim is nonfac-
tual, causing information leakage. The word
"Rumor!" should be removed. Do not include
information leaking words such as "rumors",
"errors", "scams", etc. in the claim.

• Claims used rhetorical questions need to be
rewritten into declarative sentences. Since
most of the claims in the form of rhetorical
question are nonfactual, the form of the rhetor-
ical question exhibits a bias in the dataset. For
example: if someone else gets the COVID-
19 vaccine, can we not get the vaccine? It
needs to be rewritten as: if someone else gets
a COVID-19 vaccine, we do not need to get
the vaccine..

• Claims that do not related to factuality should
be discarded. There are two major types of
claims that cannot be verified. The first cate-
gory is speculative claims, such as: Shenzhen
housing prices will rise next year. The second
category is claims expressing personal opin-
ions, such as: I think Donald Trump should
be the president.

• A claim contains multiple statements should
be split into multiple claims to be verified
one by one. For example, a claim stated that:
First, if someone else gets the COVID-19 vac-
cine, you do not need to get one. Also, the
COVID-19 vaccine only needs one shot to
protect against the virus. This claim includes
two sub-claims. It needs to be split into two
claims.

A.1.2 声明标注的指引 Guidelines for claim
labeling

标注者在抽取出和规范化声明之后，需要根据
事实验证的文章给出的结论，给每个声明打上
标签。我们提供了以下三种标签，请选择其中

的一种。注意的是，对于大部分为真，部分为
真，大部分为为假，部分为假和半真半假的情
况，我们统一归类为信息不足：

• 支持，有充分证据表明这个声明是被证据
所支持的。

• 反对，有充分证据表明这个声明是被证据
所反对的。

• 信息不足，没有足够的证据表明这个声明
是被支持还是反对。

After extracting and normalizing the claim, annota-
tors needs to label each claim based on the conclu-
sions of the fact-checking article. We provide the
following three labels, please choose one of them.
Note that for conclusions such as mostly true, par-
tially true, mostly false, partial false and mixture,
we consider them as not enough information:

• Supported, there is sufficient evidence to show
that this claim is supported by the evidence.

• Refuted, there is sufficient evidence to show
that this claim is refuted by the evidence.

• Not enough information, there is not enough
evidence to show whether this claim is sup-
ported or refuted.

A.1.3 证据标注的指引 Guidelines for
evidence labelling

标注者需要阅读规范化过后的声明，事实验证
的文章还有搜集到的源文档。标注者首先需要
理解文章的验证思路，再从源文档当中直接选
择能够作为证据的句子。针对每个声明，标注
者最少选择1个，最多选择5个相关的句子作为
证据。在选择句子作为证据的时候有以下注意
事项：

• 请标注者选择完整的句子，以句号为结束
标志。

• 选择句子作为证据的条件是，在仅仅基于
当前选中的句子作为证据的前提下，能够
验证给定的声明。也就是说，选中的句子
必须要提供给足够的信息来帮助判断声明
的事实性。

• 如果出现多于5个句子能够作为证据的情
况，选择你认为最相关的5个句子；或者
能够形成推理逻辑链的句子；或者和事实
验证文章推理过程最相似的句子。
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• 如果出现源文档互相矛盾的情况，优先选
择支持事实验证文章结论的文档，从中选
择相关的句子作为证据。

• 如果提供的源文档并没有提供足够的证据
来验证声明，请报告这条声明。

• 如果提供的源文档只包含和事实验证文章
结论矛盾的证据，请报告这条声明。

The annotator needs to read the normalized claim,
the fact-checking article and the collected docu-
ments. Annotators first need to understand the ver-
ification process in the fact-checking article, and
then directly select sentences from the sources doc-
uments. These selected sentence are used as evi-
dence to verify the claim. For each claim, annota-
tors should select at least 1 and at most 5 relevant
sentences as evidence. There are the following con-
siderations when choosing sentences as evidence:

• Please select a complete sentence which ends
with a period.

• When selecting sentences as evidence, the an-
notator should consider given the selected sen-
tences if the given claim can be verified. In
other words, the selected sentences must pro-
vide sufficient information to predict the fac-
tuality of the given claim.

• If there are more than 5 sentences that can be
used as evidence, choose the 5 sentences that
you think are the most relevant; or the sen-
tences that can form a reasoning chain for ver-
ification; or the sentence that is most similar
to the reasoning process of the fact-checking
article.

• If there are conflicting source documents, the
documents that support the conclusion of the
fact-checking article should be considered,
and the most relevant sentences in these docu-
ments are selected as evidence.

• If the source documents do not provide suffi-
cient evidence to verify the statement, please
report the claim.

• If the source documents only contains evi-
dence that contradicts the conclusion of the
fact-checking article, please report this claim.

A.1.4 数据验证的指引 Guidelines for data
validation

给定一个声明和搜集到的证据句子，标注者需
要根据证据去判断这个声明的真实性。如果标
注者认为提供的声明缺失重要信息，或者是不
可读的，请报告该条声明。我们提供了以下三
种标签，请选择其中的一种：

• 支持，有充分证据表明这个声明是被证据
所支持的。

• 反对，有充分证据表明这个声明是被证据
所反对的。

• 信息不足，没有足够的证据表明这个声明
是被支持还是反对。

Given a claim and the evidence sentences, the an-
notator needs to label the factuality of the claim
based on the evidence. If the annotator believes
that the given claim lacks important information or
is unreadable, please report the claim. We provide
three kinds of labels, please choose one of them:

• Supported, there is sufficient evidence to show
that this claim is supported by the evidence.

• Refuted, there is sufficient evidence to show
that this claim is refuted by the evidence.

• Not enough information, there is not enough
evidence to show whether this claim is sup-
ported or refuted.

A.1.5 判断声明领域的指引 Guidelines for
determining claim domain

标注者需要阅读声明，根据给出的五个领域判
断声明属于哪个领域：

• 政治：主要是关于国际与国内政治等方面
的声明。

• 公卫：主要是关于公共卫生方面的声明，
比如有关新冠病毒，人体健康，食品安全
等方面。

• 科学：主要是关于自然科学和工程技术等
方面的声明。

• 文化：主要是关于历史，人文，娱乐，体
育等方面的声明。

• 社会：主要是除了上述四类，社会生活方
面的声明。
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The annotator needs to read the claim and deter-
mine which domain the claim belongs to based on
the five domains given:

• Politics: Claims mainly focus on international
and domestic politics.

• Health: Claims mainly focus on public health,
including topic related to COVID-19, health
care, food safety, etc.

• Science: Claims mainly focus on natural sci-
ence and technology.

• Culture: Claims mainly focus on history, hu-
manities, entertainment, sports, etc.

• Society: Claims not related on the above four
categories, and related to daily social life.

A.1.6 验证声明的挑战（多选） Claim
verification challenges (Multiple choice)

对声明进行事实验证往往会遇到许多挑战，挑
战可以分为以下四类，标注者需要阅读事实验
证的文章，判断验证声明时会遇到哪些挑战：

• 证据搜集：通过搜集证据，比如找相关的
新闻，论文，法律法规等来验证声明。

• 专家咨询：通过咨询专家或者相关人士，
比如外交部发言人陈述，部委回复，记者
采访等来验证声明。

• 数值推理：通过数值的比较，趋势的分析
来验证声明。

• 多模态：通过除了文本外的其他证据，比
如图片，视频，音频来验证声明。

Factual verification of a claim often encounters
many challenges. The challenges are summarized
into the following four categories. The annotator
needs to read the fact-checking article to determine
which challenges will be encountered in verifying
the claim:

• Evidence Collection: Verify the claim by
collecting evidence, such as finding relevant
news, papers, laws and regulations, etc.

• Expert Consultation: Verify the claim by con-
sulting experts or related people, such as state-
ments by the spokesperson of the Ministry of
Foreign Affairs, replies from ministries and
commissions, interviews with reporters, etc.

• Numerical Reasoning: Verify the claim by
numerical comparison, trend analysis, etc.

• Multi-Modality: Verify the claim with other
evidence besides articles, such as pictures,
videos, and audio.
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Abstract

Neural module networks (NMN) have
achieved success in image-grounded tasks
such as Visual Question Answering (VQA)
on synthetic images. However, very limited
work on NMN has been studied in the
video-grounded dialogue tasks. These tasks
extend the complexity of traditional visual
tasks with the additional visual temporal vari-
ance and language cross-turn dependencies.
Motivated by recent NMN approaches on
image-grounded tasks, we introduce Video-
grounded Neural Module Network (VGNMN)
to model the information retrieval process in
video-grounded language tasks as a pipeline
of neural modules. VGNMN first decomposes
all language components in dialogues to
explicitly resolve any entity references and
detect corresponding action-based inputs from
the question. The detected entities and actions
are used as parameters to instantiate neural
module networks and extract visual cues
from the video. Our experiments show that
VGNMN can achieve promising performance
on a challenging video-grounded dialogue
benchmark as well as a video QA benchmark.

1 Introduction

Vision-language tasks have been studied to build
intelligent systems that can perceive information
from multiple modalities, such as images, videos,
and text. Extended from image-grounded tasks, e.g.
(Antol et al., 2015), recently Jang et al. (2017); Lei
et al. (2018) propose to use video as the ground-
ing features. This modification poses a significant
challenge to previous image-based models with the
additional temporal variance through video frames.
Recently Alamri et al. (2019) further develop video-
grounded language research into the dialogue do-
main. In the proposed task, video-grounded dia-
logues, the dialogue agent is required to answer
questions about a video over multiple dialogue
turns. Using Figure 1 as an example, to answer

Video
Caption: a boy and a man walk to the room. 

The boy carries his backpack while the 
man…

Visual:  ...             

Audio:  ... 

Question: what is he doing while carrying it? 

find(he)

find(it)
Summarize()

Where
(a backpack)

Where
(a boy)

when(
while 
carryi
ng it)

Describe
(what)

Dialog History
Question: how many people are in the 
video? 
Answer: there are a boy and a man
Question: what is the boy doing? 
Answer: the boy walks downstairs and 
carries a backpack   

Predicted Answer: he is cleaning a mirror . 

...

...

Dialogue Understanding

Video Understanding

Figure 1: A sample video-grounded dialogue with a
demonstration of a reasoning process

questions correctly, a dialogue agent has to resolve
references in dialogue context, e.g. “he” and “it”,
and identify the original entity, e.g. “a boy" and “a
backpack". Besides, the agent also needs to iden-
tify the actions of these entities, e.g. “carrying a
backpack” to retrieve information from the video.

Current state-of-the-art approaches to video-
grounded dialogue tasks, e.g. (Le et al., 2019b;
Fan et al., 2019) have achieved remarkable perfor-
mance through the use of deep neural networks to
retrieve grounding video signals based on language
inputs. However, these approaches often assume
the reasoning structure, including resolving refer-
ences of entities and detecting the corresponding
actions to retrieve visual cues, is implicitly learned.
An explicit reasoning structure becomes more ben-
eficial as the tasks complicate in two scenarios:
video with complex spatial and temporal dynamics,
and language inputs with sophisticated semantic
dependencies, e.g. questions positioned in a di-
alogue context. These scenarios often challenge
researchers to interpret model hidden layers, iden-
tify errors, and assess model reasoning capability.

Similar challenges have been observed in image-
grounded tasks in which deep neural networks ex-
hibit shallow understanding capability as they ex-
ploit superficial visual cues (Agrawal et al., 2016;
Goyal et al., 2017; Feng et al., 2018; Serrano and
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Smith, 2019). Andreas et al. (2016b) propose neu-
ral module networks (NMNs) by decomposing a
question into sub-sequences called program and
assembling a network of neural operations. Moti-
vated by this line of research, we propose a new
approach, VGNMN, to video-grounded language
tasks. Our approach benefits from integrating neu-
ral networks with a compositional reasoning struc-
ture to exploit low-level information signals in
video. An example of the reasoning structure can
be seen on the right side of Figure 1.

Video-grounded Neural Module Network
(VGNMN) tackles video understanding through
action and entity-paramterized NMNs to retrieve
video features. We first decompose question
into a set of entities and extract video features
related to these entities. VGNMN then extracts
the temporal steps by focusing on relevant actions
that are associated with these entities. VGNMN is
analogous to how human processes information by
gradually retrieving signals from input modalities
using a set of discrete subjects and their actions.

To tackle dialogue understanding, VGNMN is
trained to resolve any co-reference in language in-
puts, e.g. questions in a dialogue context, to iden-
tify the unique entities in each dialogue. Previous
approaches to video-grounded dialogues often ob-
tain question global representations in relation to
dialogue context. These approaches might be suit-
able to represent general semantics in open-domain
dialogues (Serban et al., 2016). However, they are
not ideal to detect fine-grained information in a
video-grounded dialogue which frequently entails
dependencies between questions and past dialogue
turns in the form of entity references.

In summary, our contributions include:

• VGNMN, a neural module network-based ap-
proach for video-grounded dialogues.

• The approach includes a modularized system
that creates a reasoning pipeline parameter-
ized by entity and action-based representa-
tions from both dialogue and video contexts.

• Our experiments are conducted on the chal-
lenging benchmark for video-grounded dia-
logues, Audio-visual Scene-Aware Dialogues
(AVSD) (Alamri et al., 2019) as well as TGIF-
QA (Jang et al., 2017) for video QA task.

• Our results indicate strong performance of
VGNMN as well as improved model inter-

pretability and robustness to difficult scenarios
of dialogues, videos, and question structures.

2 Related Work

2.1 Video-Language Understanding

The research of video-language understanding aims
to develop a model’s joint understanding capa-
bility of language, video, and their interactions.
Jang et al. (2017); Gao et al. (2018); Jiang et al.
(2020) propose to learn attention guided by ques-
tion global representation to retrieve spatial-level
and temporal-level visual features. Li et al. (2019);
Fan et al. (2019); Jiang and Han (2020) model
interaction between all pairs of question token-
level representations and temporal-level features of
the input video through similarity matrix, memory
networks, and graph networks respectively. Gao
et al. (2019); Le et al. (2019c, 2020b); Lei et al.
(2020); Huang et al. (2020) extends the previous
approach by dividing a video into equal segments,
sub-sampling video frames, or considering object-
level representations of input video. We propose to
replace token-level and global question represen-
tations with question representations composed of
specific entities and actions.

Recently, we have witnessed emerging tech-
niques in video-language systems that exploit deep
transformer-based architectures such as BERT (De-
vlin et al., 2019) for pretraining multimodal rep-
resentations (Li et al., 2020a; Yang et al., 2020;
Kim et al., 2021; Tang et al., 2021; Lei et al.,
2021; Zellers et al., 2021) in very large-scale video-
language datasets. While these systems can achieve
impressive performance, they are not straightfor-
ward to apply in domains with limited data such as
video-grounded dialogues. Moreover, as we shown
in our qualitative examples, our approach facili-
tates better interpretability through the output of
decoded functional programs.

2.2 Video-grounded Dialogues

Extended from video QA, video-grounded dialogue
is an emerging task that combines dialogue re-
sponse generation and video-language understand-
ing research. This task entails a novel requirement
for models to learn dialogue semantics and de-
code entity co-references in questions. Nguyen
et al. (2018); Hori et al. (2019); Hori et al. (2019);
Sanabria et al. (2019); Le et al. (2019a,b) extend
traditional QA models by adding dialogue his-
tory neural encoders. Kumar et al. (2019) en-
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hances dialogue features with topic-level represen-
tations to express the general topic in each dia-
logue. Schwartz et al. (2019) treats each dialogue
turn as an independent sequence and allows inter-
action between questions and each dialogue turn.
Le et al. (2019b) encodes dialogue history as a
sequence with embedding and positional represen-
tations. Different from prior work, we dissect the
question sequence and explicitly detect and decode
any entities and their references. Our approach also
enables insights on how models extract deductive
bias from dialogues to extract video information.

2.3 Neural Module Network

Neural Module Network (NMN) (Andreas et al.,
2016b,a) is introduced to address visual QA by de-
composing questions into linguistic sub-structures,
known as programs, to instantiate a network of neu-
ral modules. NMN models have achieved success
in synthetic image domains where a multi-step rea-
soning process is required (Johnson et al., 2017b;
Hu et al., 2018; Han et al., 2019). Yi et al. (2018);
Han et al. (2019); Mao et al. (2019) improve NMN
models by decoupling visual-language understand-
ing and visual concept learning. Our work is re-
lated to the recent work (Kottur et al., 2018; Jiang
and Bansal, 2019; Gupta et al., 2020) that extended
NMNs to image reasoning in dialogues and reading
comprehension reasoning. Our approach follows
the previous approaches that learn to generate pro-
gram structure and require no parser at evaluation
time. Compared to prior work, we use NMN to
learn dependencies between the composition in lan-
guage inputs and the spatio-temporal dynamics in
videos. Specifically, we propose to construct a rea-
soning structure from text, from which detected
entities are used to extract visual information in the
spatial space and detected actions are used to find
visual information in the temporal space.

3 Method

In this section, we present the design of our model.
An overview of the model can be seen in Figure 2.

3.1 Task Definition

The input to the model consists of a dialogue D
which is grounded on a video V . The input com-
ponents include the question of current dialogue
turn Q, dialogue history H, and the features of
the input video, including visual and audio input.
The output is a dialogue response, denoted as R.

Question Question 
Parser

Dial. 
History Dialog 

Understanding 
Neural Modules

Entity-level 
Dialogue Context 

Question 
Parser

Video 
Understanding 
Neural Modules

Visual/Audio

Entity/Action-level 
Video Context

Response Decoder Res-
ponse

Video Video Encoder

Caption

T
e
x
T
 

E
n
c
o
d
e
r

Figure 2: An overview of the VGNMN approach. Col-
orful boxes are network components and the rest are
input/output. Dotted lines are for optional components.

Each text input component is a sequence of words
w1, ..., wm ∈ Vin, the input vocabulary. Simi-
larly, the output responseR is a sequence of tokens
w1, ..., wn ∈ Vout, the output vocabulary. The ob-
jective of the task is the generation objective that
output answers of the current dialogue turn t:

R̂t = argmax
Rt

P (Rt|V,Ht,Qt; θ)

= argmax
Rt

LR∏

n=1

Pm(wn|Rt,1:n−1,V,Ht,Qt; θ)

where LR is the length of the sequence R. In a
Video-QA task, the dialogue historyH is simply ab-
sent and the output response is typically collapsed
to a single-token response.

3.2 Encoders

Text Encoder. A text encoder is shared to encode
text inputs, including dialogue history, questions,
and captions. The text encoder converts each text
sequence X = w1, ..., wm into a sequence of em-
beddings X ∈ Rm×d. We use a trainable embed-
ding matrix to map token indices to vector represen-
tations of d dimensions through a mapping function
φ. These vectors are then integrated with ordering
information of tokens through a positional encod-
ing function with layer normalization (Ba et al.,
2016; Vaswani et al., 2017). The embedding and
positional representations are combined through
element-wise summation. The encoded dialogue
history and question of the current turn are defined
as H = Norm(φ(H) + PE(H)) ∈ RLH×d and
Q = Norm(φ(Q) + PE(Q)) ∈ RLQ×d.

Video Encoder. To encode video, we use pre-
trained models to extract visual and audio features.
We denote F as the sampled video frames or video
clips. For object-level visual features, we denote O
as the maximum number of objects considered in
each frame. The resulting output from a pretrained
object detection model is Zobj ∈ RF×O×dvis . We
concatenate each object representation with the
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Module Input Output Description
find P, H Hent For related entities in question, select the relevant tokens from dialogue history
summarize Hent,Q Qctx Based on contextual entity representations, summarise the question semantics
where P,V Vent Select the relevant spatial position corresponding to original (resolved) entities
when P,Vent Vent+act Select the relevant entity-aware temporal steps corresponding to the action parameter
describe P,Vent+act Vctx Select visual entity-action features based on non-binary question types
exist Q,Vent+act Vctx Select visual entity-action features based on binary (yes/no) question types

Table 1: Description of the modules and their functionalities. We denote P as the parameter to instantiate each
module, H as the dialogue history, Q as the question of the current dialogue turn, and V as video input.

corresponding coordinates projected to dvis dimen-
sions. We also make use of a CNN-based pre-
trained model to obtain features of temporal di-
mension Zcnn ∈ RF×dvis . The audio feature is
obtained through a pretrained audio model, Zaud ∈
RF×daud . We passed all video features through a
linear transformation layer with ReLU activation
to the same embedding dimension d.

3.3 Neural Modules

We introduce neural modules that are used to as-
semble an executable program constructed by the
generated sequence from question parsers. We pro-
vide an overview of neural modules in Table 1 and
demonstrate dialogue understanding and video un-
derstanding modules in Figure 3 and 4 respectively.
Each module parameter, e.g. “a backpack”, is ex-
tracted from the parsed program (See Section 3.4).
For each parameter, we denote P ∈ Rd as the aver-
age pooling of component token embeddings.
find(P,H)→Hent. This module handles en-

tity tracing by obtaining a distribution over to-
kens in the dialogue history. We use an entity-to-
dialogue-history attention mechanism applied from
an entity Pi to all tokens in the dialogue history.
Any neural network that learn to generate attention
between two tensors is applicable .e.g. (Bahdanau
et al., 2015; Vaswani et al., 2017). The attention
matrix normalized by softmax, Afind,i ∈ RLH , is
used to compute the weighted sum of dialogue his-
tory token representations. The output is combined
with entity embedding Pi to obtain contextual en-
tity representation Hent,i ∈ Rd.
summarize(Hent,Q)→Qctx. For each con-

textual entity representation Hent,i, i = 1, ..., Nent,
it is projected to LQ dimensions and is combined
with question token embeddings through element-
wise summation to obtain entity-aware question
representation Qent,i ∈ RLQ×d. It is fed to a one-
dimensional CNN with max-pooling layer (Kim,
2014) to obtain a contextual entity-aware ques-
tion representation. We denote the final output

as Qctx ∈ RNent×d.
While previous models usually focus on global

or token-level dependencies (Hori et al., 2019; Le
et al., 2019b) to encode question features, our
modules compress fine-grained question represen-
tations at the entity level. Specifically, find
and summarize modules can generate entity-
dependent local and global representations of ques-
tion semantics. We show that our modularized
approach can achieve better performance and trans-
parency than traditional approaches to encode dia-
logue context (Serban et al., 2016; Vaswani et al.,
2017) (Section 4).
where(P,V)→Vent. Similar to the find

module, this module handles entity-based atten-
tion to the video input. However, the entity rep-
resentation P , in this case, is parameterized by
the original entity in dialogue rather than in ques-
tion (See Section 3.4 for more description). Each
entity Pi is stacked to match the number of sam-
pled video frames/clips F . An attention network
is used to obtain entity-to-object attention matrix
Awhere,i ∈ RF×O. The attended feature are com-
pressed through weighted sum pooling along the
spatial dimension, resulting in Vent,i ∈ RF×d,
i = 1, ..., Nent.
when(P,Vent)→Vent+act. This module fol-

lows a similar architecture as the where mod-
ule. However, the action parameter Pi is stacked
to match Nent dimensions. The attention matrix
Awhen,i ∈ RF is then used to compute the visual
entity-action representations through weighted sum
along the temporal dimension. We denote the out-
put for all actions Pi as Vent+act ∈ RNent×Nact×d

describe(P,Vent+act)→Vctx. This module
is a linear transformation to compute Vctx =
Wdesc

T [Vent+act;Pstack] ∈ RNent×Nact×d where
Wdesc ∈ R2d×d, Pstack is the stacked represen-
tations of parameter embedding P to Nent ×Nact

dimensions, and [; ] is the concatenation operation.
Note that the parameter P here is extracted from
questions, often as the type of questions e.g. “what”
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… there are 
a boy and ... Attention

“he”

Dialog History

… there are 
a boy and...
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pooling

MLP
find(he)

“he”

“it”

summarize()

what is he doing 
while carrying it?

Question

CNN max 
pooling MLP

Dialogue Context

stacking

find(it)

Figure 3: find and summarize neural modules for dialogue understanding

“a boy”

Attention

Visual Input

MLP “while carrying 
it”

Attention
Temporal 
pooling

MLP

Visual 
Entity-Action

“a boy”

“a 
backpack”

where(a boy) when(while carrying it)
Stacking

Spatial 
pooling

where(a backpack)

Stacking

Figure 4: where and when neural modules for video understanding

and “how”. This eliminates the need to have differ-
ent modules for different question types. However,
we noted the current design may be challenged in
rare cases in which an utterance contain numerous
questions (refer to Figure 5).

The exist module is used when the questions
are “yes/no” questions. This module is a special
case of describe module where the parameter
P is simply the average pooled question embed-
dings. The above where module is applied to
object-level features. For temporal-based features
such as CNN-based and audio features, the same
neural operation is applied along the temporal di-
mension. Each resulting entity-aware output is
then incorporated to frame-level features through
element-wise summation.

An advantage of our architecture is that it sepa-
rates dialogue and video understanding. We adopt
a transparent approach to solve linguistic entity ref-
erences during the dialogue understanding phase.
The resolved entities are fed to the video under-
standing phase to learn entity-action dynamics in
the video. We show that our approach is robust
when dialogue evolves to many turns and video
extends over time (Please refer to Section 4).

3.4 Question Parsers

To learn compositional programs, we follow
(Johnson et al., 2017a; Hu et al., 2017) and
consider program generation as a sequence-to-
sequence task. We adopt a simple template
“〈param1〉〈module1〉〈param2〉〈module2〉...” as
the target sequence. The resulting target sequences
for dialogue and video understanding programs are
sequences Pdial and Pvid respectively.

The parsers decompose questions into sub-

sequences to construct compositional reasoning
programs for dialogue and video understanding.
Each parser is a vanilla Transformer decoder, in-
cluding multi-head attention layers on questions
and past dialogue turns (Please refer to Appendix
A.1 for more technical details).

3.5 Response Decoder
System response is decoded by incorporating the di-
alogue context and video context outputs from the
corresponding reasoning programs to target token
representations. We follows a vanilla Transformer
decoder architecture (Le et al., 2019b), which con-
sists of 3 attention layers: self-attention to attend
on existing tokens, attention to Qctx from dialogue
understanding program execution, and attention to
Vctx from video understanding program execution.

A(1)
res = Attention(R|j−1

0 , R|j−1
0 , R|j−1

0 ) ∈ Rj×d

A(2)
res = Attention(A(1)

res , Qctx, Qctx) ∈ Rj×d

A(3)
res = Attention(A(2)

res , Vctx, Vctx) ∈ Rj×d

Multimodal Fusion. For video features come
from multiple modalities, visual and audio, the con-
textual features, denoted Vctx, is obtained through
a weighted sum of component modalities, e.g. con-
textual visual features V vis

ctx and contextual audio
features V aud

ctx . The scores Sfusion to compute the
weighted sum is defined as:

Sfusion = Softmax(W T
fusion[Qstack;V

vis
ctx ;V

aud
ctx ])

where Qstack is the mean pooling output of ques-
tion embeddings Q which is then stacked to Nent +
Nact dimensions, and Wfusion ∈ R3d×2 are train-
able model parameters. The resulting Sfusion has a
dimension of ∈ R(Nent+Nact)×2.
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Response Generation. To generate response se-
quences, a special token “_sos” is concatenated as
the first tokenw0. The decoded tokenw1 is then ap-
pended to w0 as input to decode w2 and so on. Sim-
ilarly to input source sequences, at decoding time
step j, the input target sequence is encoded to ob-
tain representations of system response R|j−1

0 . We
combine vocabulary of input and output sequences
and share the embedding matrixE ∈ R|V|×d where
V = Vin ∩ Vout. During training time, we directly
use the ground-truth responses as input to the de-
coder and optimize VGNMN with a cross-entropy
loss to decode the next ground-truth tokens. During
test time, responses are generated auto-regressively
through beam search with beam size 5. Note that
we apply the same procedure to generate reasoning
programs from question parsers.

4 Experiments

Datasets. We use the AVSD benchmark from
the Dialogue System Technology Challenge 7
(DSTC7) (Hori et al., 2019). The benchmark con-
sists of dialogues grounded on the Charades videos
(Sigurdsson et al., 2016). Each dialogue contains
up to 10 dialogue turns, each turn consists of a ques-
tion and expected response about a given video.
For visual features, we use the 3D CNN-based fea-
tures from a pretrained I3D model (Carreira and
Zisserman, 2017) and object-level features from a
pretrained FasterRNN model (Ren et al., 2015b).
The audio features are obtained from a pretrained
VGGish model (Hershey et al., 2017). In the ex-
periments with AVSD, we consider two settings:
one with video summary and one without video
summary as input. In the setting with video sum-
mary, the summary is concatenated to the dialogue
history before the first dialogue turn. We also adapt
VGNMN to the video QA benchmark TGIF-QA
(Jang et al., 2017). Different from AVSD, TGIF-
QA contains a diverse set of QA tasks:

• Count: an open-ended task which counts the
number of repetitions of an action

• Action: a multiple-choice (MC) task which
asks about a certain action occurring for a
fixed number of times

• Transition: an MC task which emphasizes
temporal transition in video

• Frame: an open-ended QA about visual con-
tents of one of the video frames

# Train Val. Test

AVSD
Dialogs 7,659 1,787 1,710
Turns 153,180 35,740 13,490
Words 1,450,754 339,006 110,252

TGIFQA

Count QA 24,159 2,684 3,554
Action QA 18,428 2,047 2,274
Trans. QA 47,434 5,270 6,232
Frame QA 35,453 3,939 13,691

Table 2: Summary of DSTC7 AVSD and TGIF-QA
benchmark

For the TGIF-QA benchmark, we use the extracted
features from a pretrained ResNet model (He et al.,
2016). Table 2 shows a summary of the AVSD and
TGIF-QA benchmarks.

Training Details. We follow prior approaches
(Hu et al., 2017, 2018; Kottur et al., 2018) by ob-
taining the annotations of the programs through
a language parser (Hu et al., 2016) and a refer-
ence resolution model (Clark and Manning, 2016).
During training, we directly use these as ground-
truth labels of programs to train our models. The
ground-truth responses are augmented with label
smoothing technique (Szegedy et al., 2016). Dur-
ing inference time, we generate all programs and
responses from given dialogues and videos. We run
beam search to enumerate programs for dialogue
and video understanding and dialogue responses.

We use a training batch size of 32 and embed-
ding dimension d = 128 in all experiments. Where
Transformer attention is used, we fix the number
of attention heads to 8 in all attention layers. In
neural modules with MLP layers, the MLP network
is fixed to 2 linear layers with a ReLU activation in
between. In neural modules with CNN, we adopt
a vanilla CNN architecture for text classification
(without the last MLP layer) where the number of
input channels is 1, the kernel sizes are {3, 4, 5},
and the number of output channels is d. We ini-
tialize models with uniform distribution (Glorot
and Bengio, 2010). During training, we adopt the
Adam optimizer (Kingma and Ba, 2015) and a de-
caying learning rate (Vaswani et al., 2017) where
we fix the warm-up steps to 15K training steps. We
employ dropout (Srivastava et al., 2014) of 0.2 at
all networks except the last linear layers of ques-
tion parsers and response decoder. We train models
up to 50 epochs and select the best models based
on the average loss per epoch in the validation set.

All models are trained in a V100 GPU with a
capacity of 16GB. We approximated each training
epoch took about 20 minutes to run. For each
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model experiment with VGNMN, we obtained at
least 2 runs and reported the average results. We
implemented models in Pytorch and released the
code and model checkpoints 1.

Optimization. We optimize models by joint
training to minimize the cross-entropy losses to
generate responses and functional programs.

L = αLdial + βLvid + Lres

= α
∑

j

− log(Pdial(Pdial,j))

+ β
∑

l

− log(Pvideo(Pvideo,l))

+
∑

n

− log(Pres(Rn))

where P is the probability distribution of an out-
put token. The probability is computed by passing
output representations from the parsers and decoder
to a linear layer W ∈ Rd×V with softmax activa-
tion. We share the parameters between W and
embedding matrix E.

AVSD Results. We evaluate model performance
by the objective metrics, including BLEU (Pap-
ineni et al., 2002), METEOR (Banerjee and Lavie,
2005), ROUGE-L (Lin, 2004), and CIDEr (Vedan-
tam et al., 2015), between each generated response
and 6 reference gold responses. As seen in Table 3,
our models outperform most of existing approaches.
We observed that our approach did not outperform
the GPT-based baselines (Li et al., 2020b; Le and
Hoi, 2020) in the setting that allows video sum-
mary/caption input. However, the performance
of our model in the setting without video sum-
mary/caption input is on par with the GPT-based
baseline (Li et al., 2020b), even though our model
did not rely on deep pretrained representations on
large-scale text data. These observations imply
that GPT-based models can better capture video
context from video caption/summary through rich
pretrained representations. However, without ac-
cess to video caption/summary, these models may
fail to understand video from visual-only represen-
tations. In this setting, GPT-based models may be
inferior to VGNMN, which explicitly exploits the
compositional structures from textual inputs to inte-
grate visual features. We also found that VGNMN
applied to object-level features is competitive to
the model applied to CNN-based features. The

1https://github.com/henryhungle/vgnmn

Model PT Vis. Aud. B-4 M R C
Without Video Summary/Caption
Baseline (Hori et al., 2019) - I - 0.305 0.217 0.481 0.733
Baseline (Hori et al., 2019) - I V 0.309 0.215 0.487 0.746
(Le et al., 2019a) - I V 0.315 0.239 0.509 0.848
FGA (Schwartz et al., 2019) - I V - - - 0.806
JMAN (Chu et al., 2020) - I - 0.309 0.240 0.520 0.890
(Hori et al., 2019) - I V 0.371 0.248 0.527 0.966
MTN (Le et al., 2019b) - I - 0.343 0.247 0.520 0.936
MTN (Le et al., 2019b) - I V 0.368 0.259 0.537 0.964
MSTN (Lee et al., 2020) - I V 0.379 0.261 0.548 1.028
BiST (Le et al., 2020a) RX V 0.390 0.259 0.552 1.030
GPT2 (Li et al., 2020b) X I V 0.402 0.254 0.544 1.052
VGNMN - I - 0.397 0.262 0.550 1.059
VGNMN - FR - 0.388 0.259 0.549 1.040
VGNMN - - V 0.381 0.252 0.534 1.004
VGNMN - I V 0.396 0.263 0.549 1.059
With Video Summary/Caption
TopicEmb (Kumar et al., 2019) - I A 0.329 0.223 0.488 0.762
(Le et al., 2019a) - I V 0.310 0.242 0.515 0.856
JMAN (Chu et al., 2020) - I - 0.334 0.239 0.533 0.941
(Nguyen et al., 2018) - I V 0.360 0.249 0.544 0.997
(Sanabria et al., 2019) X RX - 0.387 0.266 0.564 1.087
MSTN (Lee et al., 2020) - I V 0.377 0.275 0.566 1.115
(Hori et al., 2019) - I V 0.405 0.273 0.566 1.118
MTN (Le et al., 2019b) - I - 0.392 0.269 0.559 1.066
MTN (Le et al., 2019b) - I V 0.410 0.274 0.569 1.129
BiST (Le et al., 2020a) RX V 0.429 0.284 0.581 1.192
GPT2 (Le and Hoi, 2020) X I V 0.436 0.282 0.579 1.194
GPT2 (Li et al., 2020b) X I V 0.459 0.294 0.606 1.308
VGNMN - I - 0.421 0.277 0.574 1.171
VGNMN - FR - 0.421 0.275 0.571 1.148
VGNMN - I V 0.421 0.277 0.573 1.167
VGNMN - I+C V 0.429 0.278 0.578 1.188

Table 3: AVSD test results: Metrics are: BLEU-4
(B-4), METEOR (M), ROUGE-L (R), and CIDEr (C).
The visual features are: I3D (I), ResNeXt-101 (RX),
Faster-RCNN (FR), caption as a video input (C). The
audio features are: VGGish (V), AclNet (A). Xon
PT denotes models using pretrained weights and/or ad-
ditional finetuning. The best/second-best results are
bold/underlined respectively.

flexibility of VGNMN neural programs show when
we treat the caption as an input equally to visual or
audio inputs and execute entity-action level neural
operations on the encoded caption sequence.

Robustness. To evaluate model robustness, we
report BLEU4 and CIDEr of model variants in var-
ious experimental settings. Specifically, we com-
pare against performance of output responses in the
first dialogue turn position (i.e. 2nd-10th turn vs.
the 1st turn), or responses grounded on the shortest
video length range (video ranges are intervals of
0-10th, 10-20th percentile and so on). We report
results of the following model variants: (1) w/o
video NMN: VGNMN without using video-based
modules, e.g. when and where. Video features
are retrieved through a token-level representation
of questions (Le et al., 2019b). (2) no NMN: (1) +
without dialogue-based modules, e.g. find and
summarize. Dialogue history is encoded by a
hierarchical LSTM encoder (Hori et al., 2019).

Robustness to video length: In Table 4a, we
noted that the performance gap between VGNMN
and (1) is quite distinct, with 7/10 cases of video
ranges in which VGNMN outperforms. However,
in lower ranges (i.e. 1-23 seconds) and higher
ranges (37-75 seconds), VGNMN performs not
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Video
(seconds)

BLEU4 CIDEr
VGNMN (1) VGNMN (1)

1-23 0.432 0.447 1.298 1.355
23-28 0.436 0.433 1.264 1.165
28-30 0.398 0.376 1.203 1.164

30-30.6 0.441 0.418 1.220 1.202
30.6-31 0.413 0.411 1.250 1.166
31-31.6 0.439 0.451 1.249 1.295
31.6-32 0.430 0.419 1.217 1.192
32-33 0.468 0.445 1.343 1.237
33-37 0.388 0.381 1.149 1.124
37-75 0.356 0.365 0.910 0.962

(a) Performance by video length bet-
ween VGNMN and variant (1) (w/o video
NMN).

Dial.
Turn

BLEU4 CIDEr
(1) (2) (1) (2)

1 0.579 0.587 1.623 1.650
2 0.429 0.430 1.155 1.142
3 0.275 0.289 0.867 0.846
4 0.309 0.305 0.859 0.855
5 0.355 0.335 1.088 1.023
6 0.357 0.329 1.044 0.950
7 0.342 0.325 0.896 0.847
8 0.361 0.332 1.025 0.973
9 0.383 0.431 1.043 1.182

10 0.395 0.371 0.931 0.977

(b) Performance by dialogue turn
between variants (1) (w/o
video NMN) and (2) (no NMN)

Question
structure

BLEU-4 CIDEr
VGNMN (2) VGNMN (2)

Yes/No 0.474 0.447 1.306 1.244
Wh- 0.266 0.265 0.706 0.699
How 0.636 0.663 1.817 1.878

Others 0.287 0.318 0.701 0.768
1Sent+Que 0.374 0.357 0.854 0.822
2Sent+Que 0.303 0.225 0.554 0.487

>2Sent+Que 0.000 0.000 0.000 0.000
2SubQue 0.196 0.180 0.489 0.460
3SubQue 0.332 0.000 0.653 0.112

(c) Performance by utterance structures bet-
ween VGNMN and variant (2) (no NMN):
Single-question utterances (Top) vs. Multi-
part utterances (Bottom).

Table 4: VGNMN and model variants by configurations of dialogues, videos, and question structures

as well as model (1). We observed that related
factors might affect the discrepancy, such as the
complexity of the questions for these short and
long-range videos. Potentially, our question parser
for the video understanding program needs to be
improved (e.g. for tree-based programs) to retrieve
information in these ranges.

Robustness to dialogue turn: In Table 4b, we ob-
served that model (1) performs better than model
(2) overall, especially in higher turn positions, i.e.
from the 4th turn to 8th turn. Interestingly, we
noted some mixed results in very low turn position,
i.e. the 2nd and 3rd turn, and very high turn po-
sition, i.e. the 10th turn. Potentially, with a large
dialogue turn position, the neural-based approach
such as hierarchical RNN can better capture the
global dependencies within dialogue context than
the entity-based compositional NMN method.

Robustness to question structure: Finally, we
compared performance of VGNMN with the no-
NMN variant (1) in different cases of question
structures: single-question vs. multiple-part struc-
ture. In single-question structures, we examined by
the question types (e.g. yes/no, wh-questions). In
multi-part structures, we further classified whether
there are sentences preceding the question (e.g.
“1Sent+Que”) or there are smaller (sub-)questions
(e.g. “2SubQue”) within the question. In Table
4c, we observed that VGNMN has clearer perfor-
mance gains in multi-part structures than single-
question structures. In multi-part structures, we
observed higher gaps between VGNMN and model
(1) in highly complex cases e.g. “2Sent+Que”
vs. “1Sent+Que”. These observations indicate
the robustness of VGNMN and the underlying
compositionality principle to deal with complex
question structures. We also noted that VGNMN
is still susceptible to extremely long questions
(“>2Sent+Que”) and future work is needed to ad-

dress these scenarios.

Turn Question Dialogue NMN Video NMN Response

3

...what are 
they doing in 
the scene ? 
are they on a 
rooftop ?

Predicted: 
find(they), 
find(the 
scene) 
→summarize()  
✘
Gold: 
find(they)
→summarize()

Predicted: where(two men in 
the video),where(the scene)
→ when(doing in the scene)→ 
describe(what) ✘
Gold: where(two men), 
where(rooftop)→when(doing 
in the scene)
→describe(what)

Predicted: one is 
washing a chair and 
the other is taking 
pictures  ✘
Gold: yes , on a 
second floor roof 
deck , one man is 
washing a chair , 
another man is 
either filming or 
taking pictures

4

does he sit in 
the chair 
after 
washing it ?

Predicted: 
find(he), 
find(the 
chair) 
→summarize()
✓
Gold: 
find(he), 
find(the 
chair)→ 
summarize()

Predicted: where(one man in 
the video), where(a chair)→ 
when(sit in the chair after 
washing it)→exist() ✓
Gold: where(one man), where(a 
chair)→ when(sit in the 
chair after washing it)
→exist()

Predicted: no , he 
does not sit in the 
chair  ✓
Gold: no he does 
not , there is a pipe 
with water running 
all over

Turn Question Dialogue 
Understanding 

Program

Video Understanding
Program

Response

3

in the door 
way to the 
next room, 
there is an 
object. what is 
that?

Predicted: find(the 
room), find(the 
door)
→summarize()✘
Gold: summarize()

Predicted: where(what 
room)
→when(what is that)
→exist()✘
Gold: describe(what)

Predicted: it looks 
like he is in a living 
room. ✘
Gold: he went to 
the doorway for a 
vacuum.

4

when he gets 
up, does he 
have anything 
in his hand?

Predicted: 
find(he), 
find(his)→ 
summarize()✓
Gold:find(he), 
find(his)→ 
summarize()

Predicted: where(one 
person in the video)
→when(get up, have 
anything in his hands)→ 
describe(when)✘
Gold: where(one person 
in the video)→when(get 
up), when(have anything 
in his hands)→ 
describe(when)

Predicted: he has a 
vacuum in his 
hands. ✓
Gold: he goes for 
the vacuum.

Figure 5: Interpretability of model outputs on AVSD:
Example A (Top) and Example B (Bottom).

Interpretability. In Figure 5, we show both suc-
cess and failure cases of generated responses and
corresponding generated functional programs. In
each example, we marked predicted outputs as in-
correct if they do not match the ground-truth com-
pletely (even though the outputs might be partially
correct). From Figure 5, we observe that in cases
where generated dialogue programs and video pro-
grams match or are close to the gold labels, the
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model can generate generally correct responses.
For cases where some module parameters do not
exactly match but are closed to the gold labels, the
model can still generate responses with the correct
visual information (e.g. the 4th turn in example
B). In cases of wrong predicted responses, we can
further look at how the model understands the ques-
tions based on predicted programs. In the 3rd turn
of example A, the output response is missing a
minor detail as compared to the label response be-
cause the video program fails to capture “rooftop”
as a where parameter. These subtle yet important
details can determine whether output responses can
fully address user queries. In the 3rd turn of exam-
ple B, the model wrongly identifies “what room”
as a where parameter and subsequently generates
a wrong response that it is “a living room”.

TGIF-QA Results. We report the result using
the L2 loss in Count task and accuracy in other
tasks. From Table 5, VGNMN outperforms the
majority of the baseline models in all tasks by a
large margin. Compared to AVSD experiments,
the TGIF-QA experiments emphasize the video un-
derstanding ability of the models, removing the
requirement for dialogue understanding and natu-
ral language generation. Since TGIF-QA questions
follow a very specific question type distribution
(count, action, transition, and frameQA), the ques-
tion structures are simpler and easier to learn than
AVSD. Using exact-match accuracy of parsed pro-
grams vs. label programs as a metric, our question
parser can achieve a performance 81% to 94% ac-
curacy in TGIF-QA vs. 41-45% in AVSD. The
higher accuracy in decoding a reasoning structure
translates to better adaptation between training and
test time, resulting in higher performance gains.

Model Vis. Count
(Loss)

Action
(Acc)

Tran.
(Acc)

FrQA
(Acc)

VIS (Ren et al., 2015a) R 4.80 0.488 0.348 0.350
MCB (Fukui et al., 2016) R 5.17 0.589 0.243 0.257
Yu et al. (Yu et al., 2017) R 5.13 0.561 0.640 0.396
ST-VQA (Gao et al., 2018) R+F 4.32 0.629 0.694 0.495
Co-Mem (Gao et al., 2018) R+F 4.10 0.682 0.743 0.515
PSAC (Li et al., 2019) R 4.27 0.704 0.769 0.557
HME (Fan et al., 2019) R+C 4.02 0.739 0.778 0.538
STA (Gao et al., 2019) R 4.25 0.723 0.790 0.566
CRN+MAC (Le et al., 2019c) R 4.23 0.713 0.787 0.592
MQL (Lei et al., 2020) V - - - 0.598
QueST (Jiang et al., 2020) R 4.19 0.759 0.810 0.597
HGA (Jiang and Han, 2020) R+C 4.09 0.754 0.810 0.551
GCN (Huang et al., 2020) R+C 3.95 0.743 0.811 0.563
HCRN (Le et al., 2020b) R+RX 3.82 0.750 0.814 0.559
BiST (Le et al., 2020a) RX 2.14 0.847 0.819 0.648
VGNMN R 2.65 0.845 0.887 0.747

Table 5: Experiment results on the TGIF-QA bench-
mark. The visual features are: ResNet-152 (R), C3D
(C), Flow CNN from two-stream model (F), VGG (V),
ResNeXt-101 (RX).

Cascading Errors. Compared to prior ap-
proaches, we noted that VGNMN is a modular-
ized system which may result in cascading errors
to downstream modules. One major error is the
error of generated programs which is used as pa-
rameters in neural modules. To gauge this error,
we compare the performance of VGNMN between
2 cases: with generated programs and with ground-
truth programs. From Table 6, we noticed some
performance gaps between these cases. These ob-
servations imply that: (1) program generations
and response generations are positively correlated
and more accurate programs can lead to better re-
sponses; and (2) current question parsers are not
perfect, resulting in wrong parameters to instantiate
neural modules. Future work may focus on learn-
ing better question parsers or directly deploying a
better off-the-shelf parser tool.

AVSD BLEU4 METEOR ROUGE-L CIDEr
Gen. 0.396 0.263 0.549 1.059
GT 0.408 0.272 0.560 1.115

TGIF-QA
Count
(Loss)

Action
(Acc)

Transition
(Acc)

FrameQA
(Acc)

Gen. 2.65 0.845 0.887 0.747
GT 1.90 0.857 0.898 0.780

Table 6: Comparison of VGNMN on AVSD (top) and
TGIF-QA (bottom) when using generated (“Gen.”) vs.
ground-truth (“GT”) programs.

For additional experiment results, qualitative
samples, and analysis between model variants, re-
fer to Appendix B and C.

5 Conclusion

In this work, we introduce Video-grounded Neural
Module Network (VGNMN). VGNMN consists of
dialogue and video understanding neural modules,
each of which performs entity and action-level op-
erations on language and video components. Our
comprehensive experiments on AVSD and TGIF-
QA benchmarks show that our models can achieve
competitive performance while promoting a com-
positional and interpretable learning approach.

6 Broader Impacts

During the duration of this work, there have been
no ethical concerns regarding the model implemen-
tation, training, and testing. The data used in this
work has been carefully reviewed and accordingly
to the description from the original authors, we did
not find any concerns on any significant biases. For
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any potential application or extension of this work,
we would like to highlight some specific concerns.
First, as the work is developed to build an intelli-
gent dialogue agents, models should not be used
with the intention to create fake human profiles for
any harmful purposes (e.g. fishing or spreading
fake news). For wider use of dialogue systems,
the application of work might result in certain im-
pacts to some stakeholders whose jobs may be af-
fected by this application (e.g. customer service
call agents). We hope any application should be
carefully considered against these potential risks.
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A Additional Model Details

A.1 Question Parsers
To learn compositional programs, we follow
(Johnson et al., 2017a; Hu et al., 2017) and
consider program generation as a sequence-to-
sequence task. We adopt a simple template
“〈param1〉〈module1〉〈param2〉〈module2〉...” as
the target sequence. The resulting target sequences
for dialogue and video understanding programs are
sequences Pdial and Pvid respectively.

The parsers decompose questions into sub-
sequences to construct compositional reasoning
programs for dialogue and video understanding.
Each parser is an attention-based Transformer de-
coder. The Transformer attention is a multi-head
attention on query q, key k, and value v tensors, de-
noted as Attention(q, k, v). For each token in the
q sequence , the distribution over tokens in the k
sequence is used to obtain the weighted sum of the
corresponding representations in the v sequence.

Attention(q, k, v) = softmax(
qkT√
dk

)v ∈ RLq×dq
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Each attention is followed by a feed-forward net-
work applied to each position identically. We ex-
ploit the multi-head and feed-forward architecture,
which show good performance in NLP tasks such
as NMT and QA (Vaswani et al., 2017; Dehghani
et al., 2019), to efficiently incorporate contextual
cues from dialogue components to parse question
into reasoning programs. At decoding step 0, we
simply use a special token _sos as the input to
the parser. In each subsequent decoding step, we
concatenate the prior input sequence with the gener-
ated token to decode in an auto-regressive manner.
We share the vocabulary sets of input and output
components and thus, use the same embedding ma-
trix. Given the encoded question Q, to decode the
program for dialogue understanding, the contextual
signals are integrated through 2 attention layers:
one attention on previously generated tokens, and
the other on question tokens. At time step j, we
denote the output from an attention layer as Adial,j.

A
(1)
dial = Attention(Pdial|j−1

0 , Pdial|j−1
0 , Pdial|j−1

0 )

A
(2)
dial = Attention(A

(1)
dial, Q,Q) ∈ Rj×d

To generate programs for video understanding,
the contextual signals are learned and incorporated
in a similar manner. However, to exploit dialogue
contextual cues, the execution output of dialogue
understanding neural modules Qctx is incorporated
to each vector in Pdial through an additional atten-
tion layer. This layer integrates the resolved entity
information to decode the original entities for video
understanding. It is equivalent to a reasoning pro-
cess that converts the question from its original
multi-turn semantics to single-turn semantics.

A
(1)
vid = Attention(Pvid|j−1

0 , Pvid|j−1
0 , Pvid|j−1

0 )

A
(2)
vid = Attention(A

(1)
vid, Q,Q) ∈ Rj×d

A
(3)
vid = Attention(A

(2)
vid, Qctx, Qctx) ∈ Rj×d

A.2 How to locate entities?
Noted that in the neural modules described in
Section 3.3, during training, we simply feed the
ground-truth programs to optimize these modules.
For instance, the neural module where received
the ground truth entities P which is then used to in-
stantiate the neural network and retrieve from video
V . During test time, we decode the programs token
by token through the question parsers, and feed the
predicted entities P̂ to neural modules. Note that
we do not assume, and hence not train model to

retrieve ground-truth locations of visual entities in
videos. This strategy enables the applicability of
VGNMN as we consider these entity annotations
mostly unavailable in real-world systems.

B Additional Experimental Results

B.1 Non-NMN Models

We experiment with several Non-NMN based vari-
ants of our models. As can be seen in Table 7,
our approach to video and dialogue understand-
ing through compositional reasoning programs ex-
hibits better performance than non-compositional
approaches. Compared to the approaches that di-
rectly process frame-level features in videos (Row
B) or token-level features in dialogues (Row C,
D), our full VGNMN (Row A) considers entity-
level and action-level information extraction and
thus, avoids unnecessary and possibly noisy ex-
traction. Compared to the approaches that obtain
dialogue contextual cues through a hierarchical en-
coding architecture (Row E, F) such as (Serban
et al., 2016; Hori et al., 2019), VGNMN directly
addresses the challenge of entity references in di-
alogues. As mentioned, we hypothesize that the
hierarchical encoding architecture is more appro-
priate for less entity-sensitive dialogues such as
chit-chat and open-domain dialogues.

B.2 Dialogue context integration

Experimenting with different ways to integrate di-
alogue context representations, we observe that
adding an attention layer attending to question dur-
ing response decoding (Row G) is not necessary.
This can be explained as the representation Qctx

obtained from dialogue understanding program al-
ready contains contextual information of both dia-
logue history and question and question input is no
longer needed in the decoding phase. Furthermore,
we investigate the model sensitivity to natural lan-
guage generation through its ability to construct
linguistically correct programs and responses. To
generate responses that are linguistically appropri-
ate, VGNMN needs dialogue context representa-
tion Qctx as input to the response decoder (Row
H). The model also needs encoded question Q as
input to the video understanding program parser to
be able to decompose this sequence to entity and
action module parameters (Row I).
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# Model Variant generated programs ground-truth programs
BLEU4 CIDEr BLEU4 CIDEr

A Full VGNMN 0.421 1.171 0.423 1.167
B ↪→ video NMNs ∼ response-decoder-to-video attn. 0.415 1.159 - -
C ↪→ dial. NMNs ∼ res-decoder-to-(history→question) attn. 0.412 1.151 - -
:q!D ↪→ dial. NMNs ∼ res-decoder-to-concat(history+question) attn. 0.411 1.133 - -
E ↪→ dial. NMNs ∼ HREDLSTM(history) + question attn. 0.414 1.153 - -
F ↪→ dial. NMNs ∼ HREDGRU(history) + question attn. 0.415 1.138 - -
G ↪→ + response-decoder-to-question attn. 0.424 1.166 0.426 1.164
H ↪→ - response-decoder-to-dialogue-context attn. 0.405 1.124 0.404 1.123
I ↪→ - video-understanding-prog-parser-to-question attn. 0.414 1.146 0.424 1.166

Table 7: Ablation analysis of VGNMN with different model variants on the test split of the AVSD benchmark

C Interpretability

We extract the predicted programs and responses
for some example dialogues in Figure 6, 7, 8, and
9 and report our observations:

• We observe that when the predicted programs
are correct, the output responses generally
match the ground-truth (See the 1st and 2nd

turn in Figure 6, and the 1st and 4th turn
in Figure 8) or close to the ground-truth re-
sponses (1st turn in Figure 7).

• When the output responses do not match the
ground truth, we can understand the model
mistakes by interpreting the predicted pro-
grams. For example, in the 3rd turn in Figure
6, the output response describes a room be-
cause the predicted video program focuses on
the entity “what room” instead of the entity
“an object” in the question. Another exam-
ple is the 3rd turn in Figure 8 where the en-
tity “rooftop” is missing in the video program.
These mismatches can deviate the information
retrieved from the video during video program
execution, leading to wrong output responses
with wrong visual contents.

• We also note that in some cases, one or both
of the predicted programs are incorrect, but
the predicted responses still match the ground-
truth responses. This might be explained as
the predicted module parameters are still close
enough to the “gold” labels (e.g. 4th turn in
Figure 6). Sometimes, our model predicted
programs that are more appropriate than the
ground truth. For example, in the 2nd turn in
Figure 7, the program is added with a where
module parameterized by the entity “the shop-
ping bag” which was solved from the refer-
ence “them” mentioned in the question.

• We observe that for complex questions that
involve more than one queries (e.g. the 3rd

turn in Figure 8), it becomes more challenging
to decode an appropriate video understanding
program and generate responses that can ad-
dress all queries.

• In Figure 9, we demonstrate some output ex-
amples of VGNMN and compare with two
baselines: Baseline (Hori et al., 2019) and
MTN (Le et al., 2019b). We noted that
VGNMN can include important entities rele-
vant to the current dialogue turn to construct
output responses while other models might
miss some entity details, e.g. “them/dishes”
in example A and “the magazine” in example
B. These small yet important details can deter-
mine the correctness of dialogue responses.
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Turn Question Dialogue Understanding 
Program

Video Understanding
Program

Response

1

how many people 
are in the video ?

Predicted: summarize()
✓
Gold: summarize()

Predicted: describe(how many 
people) ✓
Gold: describe(how many 
people)

Predicted: there is only 
one person in the video. 
✓
Gold: there is one 
person in the video. 

2

does this person ever 
leave the field of 
view ?

Predicted: find(this 
person)→summarize() 
✓
Gold: find(this 
person)→ summarize 
()

Predicted: where(one person
in the video)→when(leave 
the
field of view)→exist() ✓
Gold: where(one person in
 the video)→when(leave the
field of view)→exist()

Predicted: no, he does 
not leave the view. ✓
Gold: no, he is in the 
video the whole time.

3

in the door way to 
the next room, there 
is an object. what is 
that?

Predicted: find(the 
room), find(the 
door)→summarize()✘
Gold: summarize()

Predicted: where(what room)
→when(what is that)→exist()
✘
Gold: describe(what)

Predicted: it looks like 
he is in a living room. 
✘
Gold: he went to the 
doorway for a vacuum.

4

when he gets up, 
does he have 
anything in his 
hand?

Predicted: find(he), 
find(his)→ 
summarize()✓
Gold:find(he), 
find(his)→ 
summarize()

Predicted: where(one person in 
the video)→when(get up, 
have anything in his hands)
→ describe(when)✘
Gold: where(one person in the 
video)→when(get up), 
when(have anything in his 
hands)→ describe(when)

Predicted: he has a 
vacuum in his hands. ✓
Gold: he goes for the 
vacuum.

Figure 6: Example output programs and responses from a dialogue in the test split of the AVSD benchmark.

Turn Question Dialogue Understanding 
Program

Video Understanding
Program

Response

1

what is is holding in 
his hand in the 
beginning ?

Predicted: find(his) 
→summarize() ✓
Gold: find(his) 
→summarize()

Predicted: where(a man) 
→when(holding in his hand 
in the beginning) → describe 
(what) ✓
Gold: where(a man)→ when 
(holding in his hand in the 
beginning)→ describe(what)

Predicted: he is holding 
a shopping bag in his 
hand .  ✘
Gold: looks like a bag 
of beans

2

does he put them 
down ?

Predicted: find(he), 
find(them)
→summarize()✘
Gold: find(he)→ 
summarize()

Predicted: where(a man), where 
(a shopping bag)→when(put 
them down)→exist() ✘
Gold: where(a man)→ when(put 
them down)→exist()

Predicted: yes he puts 
them down on the table .  
✓
Gold: yes he puts it 
down after looking at it

Figure 7: Example output programs and responses from a dialogue in the test split of the AVSD benchmark.
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Turn Question Dialogue Understanding 
Program

Video Understanding
Program

Response

1

hi how many people 
are in the video from 
start to finish ?

Predicted: summarize() 
✓
Gold: summarize()

Predicted: describe(how many 
people) ✓
Gold: describe(how many 
people)

Predicted: there are two 
people in the video . ✓
Gold: hello , there are 
two men

2

are they carrying on 
a conversation 
between themselves 
?

Predicted: find(they) 
→summarize()✓
Gold: find(they), 
find(themselves)
→summarize()

Predicted: where(two men in the 
video)→when(carrying on a 
conversation between 
themselves)→exist() ✓
Gold: where(two men)→ when 
(carrying a conversation 
between themselves)→exist()

Predicted: yes , they are 
carrying a conversation  
✘
Gold: no , background 
noise is birdsong and 
shuffling noises

3

what are they doing 
in the scene ? are 
they on a rooftop ?

Predicted: find(they), 
find(the scene) 
→summarize()   ✘
Gold: find(they)
→summarize()

Predicted: where(two men in the 
video),where(the scene)→ 
when(doing in the scene)→ 
describe(what) ✘
Gold: where(two men), 
where(rooftop)→when(doing 
in the scene)
→describe(what)

Predicted: one is 
washing a chair and the 
other is taking pictures  
✘
Gold: yes , on a second 
floor roof deck , one 
man is washing a chair , 
another man is either 
filming or taking pic      
tures

4

does he sit in the 
chair after washing 
it ?

Predicted: find(he), 
find(the chair) 
→summarize()✓
Gold: find(he), 
find(the chair)→ 
summarize()

Predicted: where(one man in the 
video), where(a chair)→ 
when(sit in the chair after 
washing it)→exist() ✓
Gold: where(one man), where(a 
chair)→ when(sit in the 
chair after washing it)
→exist()

Predicted: no , he does 
not sit in the chair  ✓
Gold: no he does not , 
there is a pipe with 
water running all over

Figure 8: Example output programs and responses from a dialogue in the test split of the AVSD benchmark.

Video 
(Sample Frame)

Dialog History and Question Predicted Dialogue & Video 
Understanding Program

Predicted and Ground-truth Responses

A Dialog History: ...what is going on 
when the video starts ? a man is 
looking out a doorway...what is he 
doing in there then ? he starts to wash 
dishes ...
Question: does he wipe them with a 
towel?

Dialogue Program (VilNMN): 
find(he), find(them) 
→summarize() 
Video Program (VilNMN): where(a 
man), where(the dishes) → 
when(wipe them with a towel)
→ exist() 

Predicted (VilNMN): no he doesn’t wipe them with a towel . 
✓
Predicted (Baseline): no he does not take a picture of the 
camera. ✘
Predicted (MTN): no he does not do anything with with 
hands. ✘
Gold: looks like he just uses his hands .

B Dialog History: ...what is he reading? 
He is reading a magazine and he is 
laughing...
Question: is he laughing because of 
the magazine?

Dialogue Program (VilNMN): 
find(he), find(the magazine) 
→ summarize()
Dialogue Program (VilNMN): 
where(one young boy in the 
video), where(a magazine) → 
when (laughing because of 
the magazine)→ exist()

Predicted (VilNMN): yes, he is laughing at the magazine . ✓
Predicted (Baseline): yes he is talking to the camera . ✘
Predicted (MTN): no he is not laughing at the end of the 
video . ✘
Gold: maybe , because then he throws the magazine aside .

C Dialog History: ...how many people 
are in the video? There is one person 
in the video...
Question: in the door way to the next 
room, there is an object. What is that?

Dialogue Program (VilNMN): 
find(the room), find(the 
door)→ summarize()
Dialogue Program (VilNMN): 
where(what room)→ when (what 
is that)→ exist()

Predicted (VilNMN): it looks like he is in a living room . ✘
Predicted (Baseline): i m not sure what it is . ✘
Predicted (MTN): he walks into the room . ✘
Gold: he went to the doorway for a vacuum . 

Figure 9: Interpretability of example outputs from VGNMN and baselines models (Hori et al., 2019; Le et al.,
2019b)

3393



Proceedings of the 2022 Conference of the North American Chapter of the Association for Computational Linguistics:
Human Language Technologies, pages 3394 - 3415

July 10-15, 2022 ©2022 Association for Computational Linguistics

Multimodal Dialogue State Tracking

Hung Le†‡§, Nancy F. Chen§, Steven C.H. Hoi†‡
†Salesforce Research Asia

‡Singapore Management University
§Agency for Science, Technology and Research (A*STAR)

{hungle,shoi}@salesforce.com, nfychen@i2r.a-star.edu.sg

Abstract

Designed for tracking user goals in dialogues,
a dialogue state tracker is an essential compo-
nent in a dialogue system. However, the re-
search of dialogue state tracking has largely
been limited to unimodality, in which slots and
slot values are limited by knowledge domains
(e.g. restaurant domain with slots of restau-
rant name and price range) and are defined by
specific database schema. In this paper, we pro-
pose to extend the definition of dialogue state
tracking to multimodality. Specifically, we in-
troduce a novel dialogue state tracking task
to track the information of visual objects that
are mentioned in video-grounded dialogues.
Each new dialogue utterance may introduce
a new video segment, new visual objects, or
new object attributes and a state tracker is re-
quired to update these information slots accord-
ingly. We created a new synthetic benchmark
and designed a novel baseline, Video-Dialogue
Transformer Network (VDTN), for this task.
VDTN combines both object-level features and
segment-level features and learns contextual
dependencies between videos and dialogues to
generate multimodal dialogue states. We op-
timized VDTN for a state generation task as
well as a self-supervised video understanding
task which recovers video segment or object
representations. Finally, we trained VDTN to
use the decoded states in a response prediction
task. Together with comprehensive ablation
and qualitative analysis, we discovered inter-
esting insights towards building more capable
multimodal dialogue systems.

1 Introduction

The main goal of dialogue research is to develop
intelligent agents that can assist humans through
conversations. For example, a dialogue agent
can be tasked to help users to find a restaurant
based on their preferences of price ranges and
food choices. A crucial part of a dialogue sys-
tem is Dialogue State Tracking (DST), which is

responsible for tracking and updating user goals
in the form of dialogue states, including a set
of (slot, value) pairs such as (price, “moder-
ate”) and (food, “japanese”). Numerous machine
learning approaches have been proposed to tackle
DST, including fixed-vocabulary models (Ramadan
et al., 2018; Lee et al., 2019) and open-vocabulary
models (Lei et al., 2018b; Wu et al., 2019; Le
et al., 2020c), for either single-domain (Wen et al.,
2017) or multi-domain dialogues (Eric et al., 2017;
Budzianowski et al., 2018).

However, the research of DST has largely lim-
ited the scope of dialogue agents to unimodality. In
this setting, the slots and slot values are defined by
the knowledge domains (e.g. restaurant domain)
and database schema (e.g. data tables for restaurant
entities). The ultimate goal of dialogue research
towards building artificial intelligent assistants ne-
cessitates DST going beyond unimodal systems. In
this paper, we propose Multimodal Dialogue State
Tracking (MM-DST) that extends the DST task in a
multimodal world. Specifically, MM-DST extends
the scope of dialogue states by defining slots and
slot values for visual objects that are mentioned
in visually-grounded dialogues. For research pur-
poses, following (Alamri et al., 2019), we limited
visually-grounded dialogues as ones with a ground-
ing video input and the dialogues contain multiple
turns of (question, answer) pairs about this video.
Each new utterance in such dialogues may focus
on a new video segment, new visual objects, or
new object attributes, and the tracker is required to
update the dialogue state accordingly at each turn.
An example of MM-DST can be seen in Figure 1.

Toward MM-DST, we developed a synthetic
benchmark based on the CATER universe (Girdhar
and Ramanan, 2020). We also introduced Video-
Dialogue Transformer Network (VDTN), a neural
network architecture that combines both object-
level features and segment-level features in video
and learns contextual dependencies between videos
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Dialogue

HUMAN: I am looking for a cheap 
restaurant in the centre of the city.

Dialogue State

PRICE = cheap
AREA = centre

Database
NAME PRICE AREA       FOOD CHOICE 

Pizza centre cheap centre italian

JP house cheap centre japanese 

Pizza express moderate west italian 

Rice house expensive east chinese 

Dialogue Management
MACHINE: There are 3 restaurants 
that meet your requirements. What 
type of food do you prefer?

Data 
Query

HUMAN: I would prefer some 
japanese food for now.

MACHINE: JP house is a japanese 
restaurant with low price and in the 
centre.  Would you want to reserve 
a table?

PRICE= cheap
AREA = centre

FOOD CHOICE = japanese

Data Query
Sushi bar cheap centre japanese

Burger kitchen moderate north western 

… … … ...

Visually-grounded Dialogue

HUMAN: Until the end of the cube 
rotation, what types of actions does 
the big cone perform most?

Multimodal Dialogue State

Visual Object ReasoningMACHINE: sliding

Visual 
Grounding

HUMAN: After this period, does 
the cyan cube slide more 
frequently than the earlier 
mentioned cone?  

...

Visual 
Grounding

SHAPE = cube

SIZE = big; SHAPE = cone

START = 0s; END = 5.1s

SHAPE=cube; COLOR = cyan

SIZE = big; SHAPE = cone

START = 5.1s; END = 9.8s

Visual Object Reasoning
MACHINE: True

Grounding Video

(a) Conventional Dialogue State Tracking

(b) Multimodal Dialogue State Tracking

...

... ...

Dialogue Management

“There are two cones in video, which 
object does cone refer to ?!”

“Suggest JP house as one option”

Figure 1: Multimodal Dialogue State Tracking (MM-DST): We proposed to extend the traditional DST from
unimodality to multimodality. Compared to traditional DST (a), MM-DST (b) define dialogue states, consisting of
slots and slots values for visual objects that are mentioned in dialogues.

and dialogues. Specifically, we maintained the in-
formation granularity of visual objects, embedded
by object classes and their bounding boxes and in-
jected with segment-level visual context. VDTN
enables interactions between each visual object
representation and word-level representation in di-
alogues to decode dialogue states. To decode mul-
timodal dialogue states, we adopted a decoding
strategy inspired by the Markov decision process
in traditional DST (Young et al., 2010). In this strat-
egy, a model learns to decode the state at a dialogue
turn based on the predicted/ observed dialogue state
available from the last dialogue turn.

Compared to the conventional DST, MM-DST
involves the new modality from visual inputs. Our
experiments show that simply combining visual
and language representations in traditional DST
models results in poor performance. Towards
this challenge, we enhanced VDTN with self-
supervised video understanding tasks which re-
covers object-based or segment-based representa-

tions. Benchmarked against strong unimodal DST
models, we observed significant performance gains
from VDTN. We provided comprehensive ablation
analysis to study the efficacy of VDTN models.
Interestingly, we also showed that using decoded
states brought performance gains in a dialogue re-
sponse prediction task, supporting our motivation
for introducing multimodality into DST research.

2 Multimodal Dialogue State Tracking

Traditional DST. As defined by (Mrkšić et al.,
2017), the traditional DST includes an input of di-
alogue D and a set of slots S to be tracked from
turn to turn. At each dialogue turn t, we denote the
dialogue context as Dt, containing all utterances
up to the current turn. The objective of DST is for
each turn t, predict a value vti of each slot si from
a predefined set S, conditioned by the dialogue
context Dt. We denote the dialogue state at turn
t as Bt = {(si, vti)}|

i=|S|
i=1 . Note that a majority
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of traditional DST models assume slots are condi-
tionally independent, given the dialogue context
(Zhong et al., 2018; Budzianowski et al., 2018; Wu
et al., 2019; Lee et al., 2019; Gao et al., 2019). The
learning objective is defined as:

B̂t = argmax
Bt

P (Bt|Dt, θ)

= argmax
Bt

|S|∏

i

P (vti |si,Dt, θ) (1)

Motivation to Multimodality. Yet, the above
definition of DST are still limited to unimodal-
ity and our ultimate goal of building intelligent
dialogue agents, ideally with similar level of in-
telligence as humans, inspires us to explore mulit-
modality. In neuroscience literature, several studies
have analyzed how humans can perceive the world
in visual context. (Bar, 2004; Xu and Chun, 2009)
found that humans can recognize multiple visual
objects and how their contexts, often embedded
with other related objects, facilitate this capacity.

Our work is more related to the recent study (Fis-
cher et al., 2020) which focuses on human capacity
to create temporal stability across multiple objects.
The multimodal DST task is designed to develop
multimodal dialogue systems that are capable of
maintaining discriminative representations of vi-
sual objects over a period of time, segmented by
dialogue turns. While computer science literature
has focused on related human capacities in intelli-
gent systems, they are mostly limited to vision-only
tasks e.g. (He et al., 2016; Ren et al., 2015) or QA
tasks e.g. (Antol et al., 2015; Jang et al., 2017) but
not in a dialogue task.

Most related work in the dialogue domain is
(Pang and Wang, 2020) and almost concurrent to
our work is (Kottur et al., 2021). However, (Kot-
tur et al., 2021) is limited to a single object per
dialogue, and (Pang and Wang, 2020) extends to
multiple objects but does not require to maintain
an information state with component slots for each
object. Our work aims to complement these di-
rections and address their limitations with a novel
definition of multimodal dialogue state.

Multimodal DST (MM-DST). To this end, we
proposed to extend conventional dialogue states.
First, we use visual object identities themselves
as a component of the dialogue state to enable the
perception of multiple objects. A dialogue state
might have one or more objects and a dialogue sys-
tem needs to update the object set as the dialogue

carries on. Secondly, for each object, we define
slots that represent the information state of objects
in dialogues (as denoted by (Fischer et al., 2020)
as “content” features of objects memorized by hu-
mans). The value of each slot is subject-specific
and updated based on the dialogue context of the
corresponding object. This definition of DST is
closely based on the above well-studied human
capacities while complementing the conventional
dialogue research (Young et al., 2010; Mrkšić et al.,
2017), and more lately multimodal dialogue re-
search (Pang and Wang, 2020; Kottur et al., 2021).

We denote a grounding visual input in the form
of a video V with one or more visual objects oj .
We assume these objects are semantically differ-
ent enough (by appearance, by characters, etc.)
such that each object can be uniquely identified
(e.g. by an object detection module ω). The ob-
jective of MM-DST is for each dialogue turn t,
predict a value vti of each slot si ∈ S for each ob-
ject oj ∈ O. We denote the dialogue state at turn
t as Bt = |{(oj , si, vti,j)}|

i=|S|,j=|O|
i=1,j=1 . Assuming

all slots are conditionally independent given dia-
logue and video context, the learning objective is
extended from Eq. (1):

B̂t = argmax
Bt

P (Bt|Dt,V, θ)

= argmax
Bt

|O|∏

j

|S|∏

i

P (vti,j |si, oj ,Dt,V, θ)P (oj |V, ω)

One limitation of the current representation is the
absence of temporal placement of objects in time.
Naturally humans are able to associate objects and
their temporal occurrence over a certain period.
Therefore, we defined two temporal-based slots:
sstart and send, denoting the start time and end
time of the video segment that an object can be
located by each dialogue turn. In this work, we
assume that a dialogue turn is limited to a single
continuous time span, and hence, sstart and send
can be defined turn-wise, identically for all objects.
While this is a strong assumption, we believe it
covers a large portion of natural conversational
interactions. An example of multimodal dialogue
state can be seen in Figure 1.

3 Video-Dialogue Transformer Network

A naive adaptation of conventional DST to MM-
DST is to directly combine visual features extracted
by a pretrained 3D-CNN model. However, as
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(a) Visual Perception and Encoding (b) Dialogue Encoding

Segment 
Learning
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Position 
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Figure 2: Video-Dialogue Transformer Network(VDTN) has 4 key components: (a) Visual Perception and
Encoder (Section 3.1) (b) Dialogue Encoder (Section 3.2) (c) Transformer Network (Section 3.3) (d1) State Decoder
(Section 3.4) and (d2) Visual Decoder (Section 3.4)

shown in our experiments, this extension of con-
ventional DST results in poor performance and
does not address the challenge of MM-DST. In
this paper, we established a new baseline, denoted
as Video-Dialogue Transformer Network (VDTN)
(Refer to Fig. 2 for an overview):

3.1 Visual Perception and Encoder

Visual Perception. This module encodes videos
at both frame-level and segment-level representa-
tions. Specifically, we used a pretrained Faster
R-CNN model (Ren et al., 2015) to extract ob-
ject representations. We used this model to output
the bounding boxes and object identifiers (object
classes) in each video frame of the video. For an ob-
ject oj , we denoted the four values of its bounding
boxes as bbj = (x1j , y

1
j , x

2
j , y

2
j ) and oj as the ob-

ject class itself. We standardized the video features
by extracting features of up to Nobj = 10 objects
per frame and normalizing all bounding box co-
ordinates by the frame size. Secondly, we used
a pretrained ResNeXt model (Xie et al., 2017) to
extract the segment-level representations of videos,
denoted as zm ∈ R2048 for a segment m. Practi-
cally, we followed the best practice in computer
vision by using a temporal sliding window with
strides to sample video segments and passed seg-
ments to ResNeXt model to extract features. To
standardize visual features, we use the same strid-

ing configuration Nstride to sub-sample segments
for ResNeXt and frames for Faster R-CNN models.

Visual Representation. Note that we do not
finetune the visual feature extractors in VDTN
and keep the extracted features fixed. To trans-
form these features into VDTN embedding space,
we first concatenated all object identity tokens
OBJ<class> of all frames. An object identity to-
ken OBJ<class> is the code name of the object
class (e.g. a class of small blue metal cones) that
a visual object can be unique identified (See Fig-
ure 2). Frames are separated by a special token
FRAME<number>, where <number> is the tem-
poral order of the frame. This results in a sequence
of tokens Xobj of length Lobj = (Nobj + 1) ×
(|V|/Nstride) where |V| is the number of video
frames. Correspondingly, we concatenated bound-
ing boxes of all objects, and used a zero vector
in positions of FRAME<number> tokens. We
denoted this sequence as Xbb ∈ RLobj×4 where
the dimension of 4 is for the bounding box co-
ordinates (x1, y1, x2, y2). Similarly, we stacked
each ResNeXt feature vector by (Nobj + 1) for
each segment, and obtained a sequence Xcnn ∈
RLobj×2048.

Visual Encoding. We passed each of Xbb and
Xcnn to a linear layer with ReLU activation to map
their feature dimension to a uniform dimension d.
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We used a learnable embedding matrix to embed
each object identity in Xobj , resulting in embed-
ding features of dimensions d. The final video input
representation is the summation of above vectors,
denoted as ZV = Zobj + Zbb + Zcnn ∈ RLobj×d.

3.2 Dialogue and State Encoder

Dialogue Encoding. Another encoder encodes
dialogue into continuous representations. Given
a dialogue context Dt, we tokenized all dialogue
utterances into sequences of words, separated by
special tokens USR for human utterance and SYS
for system utterance. We used a trainable embed-
ding matrix and sinusoidal positional embeddings
to embed this sequence into d-dimensional vectors.

Flattening State into Sequence. Similar to the
recent work in traditional DST (Lei et al., 2018b;
Le et al., 2020b; Zhang et al., 2020), we are mo-
tivated by the DST decoding strategy following a
Markov principle and used the dialogue state of the
last dialogue turn Bt−1 as an input to generate the
current state Bt. Using the same notations from
Section 2, we can represent Bt into a sequence of
oj , si, and vti,j tokens, such as “OBJ4 shape cube
OBJ24 size small color red”. This sequence is then
concatenated with utterances from Dt, separated
by a special token PRIOR_STATE. We denoted the
resulting sequence as Xctx which is passed to the
embedding matrix and positional encoding as de-
scribed above. As we showed in our experiments,
to encode dialogue context, this strategy needs only
a few dialogue utterances (that are closer to the cur-
rent turn t) and Bt−1, rather than the full dialogue
history from turn 1. Therefore, dialogue represen-
tations Zctx have more compressed dimensions of
|Xctx| × d where |Xctx| < |Dt|.

3.3 Multimodal Transformer Network

We concatenated both video and dialogue repre-
sentations, denoted as ZV D = [ZV ;ZD]. ZV D
has a length of Lobj + Lctx and embedding dimen-
sion d. We pased ZV D to a vanilla Transformer
network (Vaswani et al., 2017) through multiple
multi-head attention layers with normalization (Ba
et al., 2016) and residual connections (He et al.,
2016). Each layer allows multimodal interactions
between object-level representations from videos
and word-level representations from dialogues.

3.4 Dialogue State Decoder and
Self-supervised Video Denoising Decoder

State Decoding. This module decodes dialogue
state sequence auto-regressively, i.e. each token is
conditioned on all dialogue and video representa-
tions as well as all tokens previously decoded. At
the first decoding position, a special token STATE
is embedded into dimension d (by a learned embed-
ding layer and sinusoidal positional encoding) and
concatenated to ZV D. The resulting sequence is
passed to the Transformer network and the output
representations of STATE are passed to a linear net-
work layer that transforms representations to state
vocabulary embedding space. The decoder applies
the same procedure for the subsequent positions to
decode dialogue states auto-regressively. Denoting
bk,t as the kth token in Bt, i.e. token of slot, ob-
ject identity, or slot value, we defined the DST loss
function as the negative log-likelihood:

Ldst = −
∑

logP (bk,t|b<k,t, Xctx, Xobj)

Note that this decoder design partially avoids the
assumption of conditionally independent slots. Dur-
ing test time, we applied beam search to decode
states with the maximum length of 25 tokens in all
models and a beam size 5. An END_STATE token
is used to mark the end of each sequence.

Visual Denoising Decoding. Finally, moving
away from conventional unimodal DST, we pro-
posed to enhance our DST model with a Visual
Decoder that learns to recover visual representa-
tions in a self-supervised learning task to improve
video representation learning. Specifically, during
training time, we randomly sampled visual repre-
sentations and masked each of them with a zero vec-
tor. At the object level, in the mth video frame, we
randomly masked a row from Xbb(m) ∈ RNobj×4.
Since each row represents an object, we selected a
row to mask by a random object index j ∈ [1, Nobj ]
such that the same object has not been masked in
the preceding frame or following frame. We denote
the Transformer output representations from video
inputs as Z ′V ∈ RLobj×d. This vector is passed to
a linear mapping fbb to bounding box features R4.
We defined the learning objective as:

Lobj =
∑

o

1masked × l(fbb(Z ′V,o), Xbb,o)

where l is a loss function and 1masked = {0, 1} is
a masking indicator. We experimented with both
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L1 and L2 loss and reported the results. Similarly,
at the segment level, we randomly selected a seg-
ment to mask such that the preceding or following
segments have not been chosen for masking:

Lseg =
∑

s

1masked × l(fcnn(Z ′V,s), Xcnn,s)

4 Experiments

4.1 Experimental Setup
Dataset. In existing benchmarks of multimodal
dialogues such as VisDial (Das et al., 2017a) and
AVSD (Alamri et al., 2019), we observed that a
large number of data samples contain strong distri-
bution bias in dialogue context, in which dialogue
agents can simply ignore the whole dialogue and
rely on image-only features (Kim et al., 2020). An-
other observed bias is the annotator bias that makes
a causal link between dialogue context and output
response actually harmful (Qi et al., 2020) (as an-
notator’s preferences are treated as a confounding
factor). The above biases would obviate the need
for a DST task.

To address the above biases, Le et al. (2021b)
developed a Diagnostic Benchmark for Video-
grounded Dialogues (“DVD”), by synthetically cre-
ating dialogues that are grounded on videos from
CATER videos (Shamsian et al., 2020). The videos
contain visually simple yet highly varied objects.
The dialogues are synthetically designed with both
short-term and long-term object references. These
specifications remove the annotation bias in terms
of object appearances in visual context and cross-
turn dependencies in dialogue context.

Extension from DVD (Le et al., 2021b) .
We generated new dialogues following Le et al.
(2021b)’s procedures but based on an extended
CATER video split (Shamsian et al., 2020) rather
than the original CATER video data (Girdhar
and Ramanan, 2020). We chose the extended
CATER split (Shamsian et al., 2020) as it includes
additional annotations of ground-truth bounding
box boundaries of visual objects in video frames.
This annotation facilitates experiments with Faster-
RCNN finetuned on CATER objects and experi-
ments with models of perfect visual perception, i.e.
P (oj |V, ω) ≈ 1. As shown in (Le et al., 2021b),
objects can be uniquely referred in utterances based
on their appearance by one or more following as-
pects: “size”, “color”, “material”, and “shape”. We
directly reuse these and define them as slots in our

Split # Videos # Dialogues # Turns
DVD-DST-Train 9300 9295 92950
DVD-DST-Val 3327 3326 33260
DVD-DST-Test 1371 1371 13710
DVD-DST-All 13998 13992 139920

Table 1: Summary of the DVD-DST dataset

dialogue states, in addition to 2 temporal slots for
sstart and send. We denote the new benchmark as
DVD-DST and summarize the dataset in Table 1
(for more detail, please refer to Appendix B).

Baselines. To benchmark VDTN, we compared
the model with following baseline models, includ-
ing both rule-based models and trainable models:

• Q-retrieval (tf-idf), for each test sample, di-
rectly retrieves the training sample with the
most similar question utterance and use its
state as the predicted state;

• State prior selects the most common tuple of
(object, slot, value) in training split and uses
it as predicted states;

• Object (random), for each test sample, ran-
domly selects one object predicted by the vi-
sual perception model and a random (slot,
value) tuple (with slots and values inferred
from object classes) as the predicted state;

• Object (all) is similar to the prior baseline but
selects all possible objects and all possible
(slot, value) tuples as the predicted state;

• RNN(+Att) uses RNN as encoder and an MLP
network as decoder. Another variant of the
model is enhanced with a vanilla dot-product
attention at each decoding step;

• We adapted and experimented with strong uni-
modal DST baselines, including: TRADE (Wu
et al., 2019), UniConv (Le et al., 2020b) and
NADST (Le et al., 2020c).

We implemented these baselines and tested them
on dialogues with or without videos. When video
inputs are applied, we embedded both object and
segment-level features (See Section 3.1). The video
context features are integrated into baselines in the
same techniques in which the original models treat
dialogue context features.
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Training. We trained VDTN by jointly minimiz-
ing Ldst and Lbb/seg. We trained all models using
the Adam optimizer (Kingma and Ba, 2015) with
a warm-up learning rate period of 1 epoch and the
learning rate decays up to 160 epochs. Models are
selected based on the average Ldst on the valida-
tion set. To standardize model sizes, we selected
embedding dimension d = 128 for all models, and
experimented with both shallow (N = 1) and deep
networks (N = 3) (by stacking attention or RNN
blocks), and 8 attention heads in Transformer back-
bones. We implemented models in Pytorch and
released the code and model checkpoints 1. Refer
to Appendix C for more training details.

Evaluation. We followed the unimodal DST
task (Budzianowski et al., 2018; Henderson et al.,
2014a) and used the state accuracy metric. The
prediction is counted as correct only when all the
component values exactly match the oracle values.
In multimodal states, there are both discrete slots
(object attributes) as well as continuous slots (tem-
poral start and end time). For continuous slots,
we followed (Hu et al., 2016; Gao et al., 2017)
by using Intersection-over-Union (IoU) between
predicted temporal segment and ground-truth seg-
ment. The predicted segment is counted as correct
if its IoU with the oracle is more than p, where
we chose p = {0.5, 0.7}. We reported the joint
state accuracy of discrete slots only (“Joint Acc”)
as well as all slot values (“Joint Acc IoU@p”). We
also reported the performance of component state
predictions, including predictions of object identi-
ties oj , object slot tuples (oj , si, vi,j), and object
state tuples (oj , si, vi,j)∀si ∈ S. Since a model
may simply output all possible object identities and
slot values and achieve 100% component accura-
cies, we reported the F1 metric for each of these
component predictions.

4.2 Results

Overall results. From Table 2, we have the fol-
lowing observations:

• we noted that simply using naive retrieval
models such as Q-retrieval achieved zero joint
state accuracy only. State prior achieved only
about 15% and 8% F1 on object identities and
object slots, showing that a model cannot sim-
ply rely on distribution bias of dialogue states.

1https://github.com/henryhungle/mm_dst

Model Dial. Vid.
Obj

Ident.
F1

Obj
Slot
F1

Obj
State
F1

Joint
Acc

Acc
IoU
@.5

Acc
IoU
@.7

Q-retrieval ✓ - 6.7 3.3 2.7 1.0 0.8 0.7
State prior - - 14.9 7.7 0.1 0.0 0.0 0.0
Object (rand.) - ✓ 19.8 14.1 0.4 0.0 0.0 0.0
Object (all) - ✓ 60.5 27.2 1.5 0.0 0.0 0.0
RNN(V) - ✓ 21.2 10.8 8.3 1.0 0.1 0.1
RNN(D) ✓ - 57.8 43.3 38.0 4.8 1.1 0.6
RNN(V+D) ✓ ✓ 63.2 48.5 42.8 6.8 2.6 2.3
RNN(V+D)+Att ✓ ✓ 73.4 59.0 46.8 8.5 3.3 2.0
TRADE (N=1) ✓ - 75.3 63.2 47.8 8.7 2.2 1.1
TRADE (N=1) ✓ ✓ 75.8 63.8 48.0 9.2 3.3 2.5
TRADE (N=3) ✓ - 74.2 62.6 47.2 8.3 2.1 1.1
TRADE (N=3) ✓ ✓ 76.1 64.5 48.2 8.9 3.2 2.4
UniConv (N=1) ✓ - 70.6 58.0 44.7 11.1 4.5 3.2
UniConv (N=1) ✓ ✓ 73.6 60.5 46.2 11.6 6.1 5.4
UniConv (N=3) ✓ - 76.4 62.7 52.5 15.0 6.4 4.6
UniConv (N=3) ✓ ✓ 76.4 62.7 50.5 14.5 7.8 7.0
NADST (N=1) ✓ - 78.0 63.8 44.9 11.6 4.6 3.2
NADST (N=1) ✓ ✓ 78.4 64.0 47.7 12.7 6.1 5.5
NADST (N=3) ✓ - 80.6 67.3 50.2 15.3 6.3 4.3
NADST (N=3) ✓ ✓ 79.0 65.1 49.2 13.3 6.3 5.5
VDTN ✓ ✓ 84.5 72.8 60.4 28.0 15.3 13.1
VDTN+GPT2 ✓ ✓ 85.2 76.4 63.7 30.4 16.8 14.3

Table 2: Performance (in %) of VDTN vs. baselines
on the test split of DVD-DST. ✓on “Dial” or “Vid”
column indicates whether we use dialogue context or
video context respectively.

• The results of Object (random/all) show that
in DVD-DST, dialogues often focus on a sub-
set of visual objects and an object perception
model alone cannot perform well.

• The performance gains of RNN models show
the benefits of neural network models com-
pared to retrieval models. The higher results
of RNN(D) against RNN(V) showed the dia-
logue context is essential and reinforced the
above observation.

• Comparing TRADE and UniConv, we noted
that TRADE performed slightly better in com-
ponent predictions, but was outperformed in
joint state prediction metrics. This showed the
benefits of UniConv which avoids the assump-
tions of conditionally independent slots and
learns to extract the dependencies between
slot values.

• Results of TRADE, UniConv, and NADST all
displayed minor improvement when adding
video inputs to dialogue inputs, display-
ing their weakness when exposed to cross-
modality learning.

• VDTN achieves significant performance gains
and achieves the SOTA results in all compo-
nent or joint prediction metrics.

We also experimented with a version of VDTN
in which the transformer network (Section 3.3) was
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Video self-
supervision Loss Acc IoU

@0.5
IoU

@0.7
None N/A 24.8 13.8 11.8
Lobj L1 26.0 14.4 12.4
Lobj L2 24.1 13.3 11.4
Lobj (tracking) L1 27.2 14.7 12.6
Lobj (tracking) L2 22.9 12.7 10.9
Lseg L1 28.0 15.3 13.1
Lseg L2 27.4 14.7 12.7
Lobj + Lseg L1 23.7 13.0 11.2
Lobj + Lseg L2 24.3 13.4 11.6

Table 3: Accuracy (in %) by self-supervised objectives.
Lobj (tracking) assumes access to oracle bounding box
labels and treats the self-supervised learning task as an
object tracking task.

initialized from a GPT2-base model (Radford et al.,
2019) with a pretrained checkpoint released by
HuggingFace2. Aside from using BPE to encode
text sequences to match GPT2 embedding indices,
we keep other components of the model the same.
VDTN+GPT2 is about 36× bigger than our default
VDTN model. As shown in Table 2, the perfor-
mance gains of VDTN+GPT2 indicates the bene-
fits of large-scale language models (LMs). Another
benefit of using pretrained GPT2 is faster training
time as we observed the VDTN+GPT2 converged
much earlier than training it from scratch. From
these observations, we are excited to see more fu-
ture extension of SOTA unimodal DST models (Lin
et al., 2021; Dai et al., 2021) and large pretrained
LMs (Brown et al., 2020; Raffel et al., 2020), espe-
cially ones with multimodal learning such as (Lu
et al., 2019; Zhou et al., 2020), to MM-DST task.

Impacts of self-supervised video representation
learning. From Table 3, we noted that compared
to a model trained only with the DST objective
Ldst, models enhanced with self-supervised video
understanding objectives can improve the results.
However, we observe that L1 loss works more con-
sistently than L2 loss in most cases. Since L2 loss
minimizes the squared differences between pre-
dicted and ground-truth values, it may be suscep-
tible to outliers (of segment features or bounding
boxes) in the dataset. Since we could not control
these outliers, an L1 loss is more suitable.

We also tested with Lobj (tracking), in which
we used oracle bounding box labels during train-
ing, and simply passed the features of all objects to
VDTN. This modification treats the self-supervised

2https://huggingface.co/gpt2

Video
Features

Dialogue
State

Video
loss

Acc
IoU

@0.5
IoU

@0.7
Xbb B\time - 17.9 N/A N/A
Xbb +Xcnn B\time - 22.4 N/A N/A
Xbb B - 19.3 11.0 9.5
Xbb +Xcnn B - 24.8 13.8 11.8
Xbb B Lobj 24.0 12.9 11.0
Xbb +Xcnn B Lobj 26.0 14.4 12.4
Xbb +Xcnn B Lseg 28.0 15.3 13.1

Table 4: Accuracy (in %) by video features and state
formulations

learning task as an object tracking task in which
all output representations are used to predict the
ground-truth bounding box coordinates of all ob-
jects. Interestingly, we found Lobj (tracking) only
improves the results insignificantly, as compared
to the self-supervised learning objective Lobj . This
indicates that our self-supervised learning tasks do
not strongly depend on the availability of object
boundary labels.

Finally, we found combining both segment-level
and object-level self-supervision is not useful. This
is possibly due to our current masking strategy that
masks object and segment features independently.
Therefore, the resulting context features might not
be sufficient for recovering masked representations.
Future work can be extended by studying a code-
pendent masking technique to combine segment-
based and object-based representation learning.

Impacts of video features and time-based slots.
Table 4 shows the results of different variants of
VDTN models. We observed that:

• Segment-based learning is marginally more
powerful than object-based learning.

• By considering the temporal placement of ob-
jects and defining time-based slots, we noted
the performance gains by “Joint Obj State Acc”
(B vs. B\time). The performance gains show
the interesting relationships between temporal
slots and discrete-only slots and the benefits
of modelling both in dialogue states.

• Finally, even with only object-level features
Xbb, we still observed performance gains from
using self-supervised loss Lobj , confirming
the benefits of better visual representation
learning.
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Figure 3: Ablation results of VDTN and baselines by
dialogue turn positions (x axis)

Ablation analysis by turn positions. Figure 3
reported the results of VDTN predictions of states
that are separated by the corresponding dialogue
positions. The results are from the VDTN model
trained with both Ldst and Lseg. As expected, we
observed a downward trend of results as the turn
position increases. We noted that state accuracy re-
duces more dramatically (as shown by “Joint Acc”)
than the F1 metrics of component predictions. For
instance, “Object Identity F1” shows almost stable
performance lines through dialogue turns. Inter-
estingly, we noted that the prediction performance
of dialogue states with temporal slots only deterio-
rates dramatically after turn 2 onward. We expected
that VDTN is able to learn short-term dependencies
( 1-turn distance) between temporal slots, but failed
to deal with long-term dependencies (> 1-turn dis-
tance) between temporal slots. In all metrics, we
observed VDTN outperforms both RNN baseline
and UniConv (Le et al., 2020b), across all turn po-
sitions. However, future work is needed to close
the performance gaps between lower and higher
turn positions.

Impacts on downstream response prediction
task. Finally, we tested the benefits of studying
multimodal DST for a response prediction task.
Specifically, we used the best VDTN model to pre-
dict dialogue states across all samples in DVD-DST.
We then used the predicted slots, including object
identities and temporal slots, to select the video
features. The features are the visual objects and
segments that are parts of the predicted dialogue
states. We then used these selected features as input
to train new Transformer decoder models which
are added with an MLP as the response prediction
layer. Note that these models are trained only with
a cross-entropy loss to predict answer candidates.

Dialogue State Response Accuracy
No state 43.0
B\time 46.8/47.1
B 48.7/48.9

Table 5: Accuracy (in %) of response predictions (by
greedy/beam search states)

From Table 5, we observed the benefits of filtering
visual inputs by predicted states, with up to 5.9%
accuracy score improvement 3. Note that there
are more sophisticated approaches such as neural
module networks (Hu et al., 2018) and symbolic
reasoning (Chen et al., 2020) to fully exploit the
decoded dialogue states. We leave these extensions
for future research.

For more experiment results, analysis, and quali-
tative examples, please refer to Appendix D.

5 Discussion and Conclusion

Compared to conventional DST (Mrkšić et al.,
2017; Lei et al., 2018b; Gao et al., 2019; Le et al.,
2020c), we show that the scope of DST can be fur-
ther extended to a multimodal world. Compared
to prior work in multimodal dialogues (Das et al.,
2017a; Hori et al., 2019; Thomason et al., 2019)
which focuses more on vision-language interac-
tions, our work was inspired from a dialogue-based
strategy with a formulation of a dialogue state track-
ing task. For more comparison to related work,
please refer to Appendix A.

We noted the current work are limited to a syn-
thetic benchmark with a limited video domain (3D
objects). However, we expect that MM-DST task is
still applicable and can be extended to other video
domains (e.g. videos of humans). We expect that
MM-DST is useful in dialogues centered around a
“focus group” of objects. For further discussion of
limitations, please refer to Appendix E.

In summary, in this work, we introduced a novel
MM-DST task that tracks visual objects and their
attributes mentioned in dialogues. For this task,
we experimented on a synthetic benchmark with
videos simulated in a 3D environment and dia-
logues grounded on these objects. Finally we pro-
posed VDTN, a Transformer-based model with
self-supervised learning objectives on object and
segment-level visual representations.

3The response prediction performance is lower than the
results reported by DVD (Le et al., 2021b) as the training splits
are not the same; DVD-DST has about 10x smaller training
data than (Le et al., 2021b).
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6 Broader Impacts

During the research of this work, there is no hu-
man subject involved and hence, no ethical con-
cerns regarding the experimental procedures and
results. The data is used from a synthetically de-
veloped dataset, in which all videos are simulated
in a 3D environment with synthetic non-human vi-
sual objects. We intentionally chose this dataset
to minimize any distribution bias and make fair
comparisons between all baseline models.

However, we wanted to emphasize on ethical
usage of any potential adaptation of our methods
in real applications. Considering the development
of AI in various industries, the technology intro-
duced in this paper may be used in practical appli-
cations, such as dialogue agents with human users.
In these cases, the adoption of the MM-DST task
or VDTN should be strictly used to improve the
model performance and only for legitimate and au-
thorized purposes. It is crucial that any plan to
apply or extend MM-DST in real systems should
consider carefully all potential stakeholders as well
as the risk profiles of application domains. For
instance, in case a dialogue state is extended to hu-
man subjects, any information used as slots should
be clearly informed and approved by the human
subjects before the slots are tracked.
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A Details of Related Work

Our work is related to the following domains:

A.1 Dialogue State Tracking

Dialogue State Tracking (DST) research aims to
develop models that can track essential information
conveyed in dialogues between a dialogue agent
and human (defined as hidden information state by
(Young et al., 2010) or belief state by (Mrkšić et al.,
2017)). DST research has evolved largely within
the domain of task-oriented dialogue systems. DST
is conventionally designed in a modular dialogue
system (Wen et al., 2017; Budzianowski et al.,
2018; Le et al., 2020b) and preceded by a Natural
Language Understanding (NLU) component. NLU
learns to label sequences of dialogue utterances
and provides a tag for each word token (often in
the form of In-Out-Begin representations) (Kurata
et al., 2016; Shi et al., 2016; Rastogi et al., 2017).
To avoid credit assignment problems and stream-
line the modular designs, NLU and DST have been
integrated into a single module (Mrkšić et al., 2017;
Xu and Hu, 2018; Zhong et al., 2018). These DST
approaches can be roughly categorized into two
types: fixed-vocabulary or open-vocabulary. Fixed-
vocabulary approaches are designed for classifica-
tion tasks which assume a fixed set of (slot, value)
candidates and directly retrieve items from this set
to form dialogue states during test time (Hender-
son et al., 2014b; Ramadan et al., 2018; Lee et al.,
2019). More recently, we saw more approaches
toward open-vocabulary strategies which learn to
generate candidates based on input dialogue con-
text (Lei et al., 2018b; Gao et al., 2019; Wu et al.,
2019; Le et al., 2020c). Our work is more related
to open-vocabulary DST, but we essentially rede-
fined the DST task with multimodality. Based on
our literature review, we are the first to formally
extend DST and bridge the gap between traditional
task-oriented dialogues and multimodal dialogues.

A.2 Visually-grounded Dialogues

A novel challenge to machine intelligence, the in-
tersection of vision and language research has ex-
panded considerably in the past few years. Earlier
benchmarks test machines to perceive visual inputs,
and learn to generate captions (Farhadi et al., 2010;
Lin et al., 2014; Rohrbach et al., 2015), ground
text phrases and objects (Kazemzadeh et al., 2014;
Plummer et al., 2015), and answer questions about
the visual contents (Antol et al., 2015; Zhu et al.,
2016; Jang et al., 2017; Lei et al., 2018a). As an
orthogonal development from Visual Question An-
swering problems, we noted recent work that tar-
gets vision-language in dialogue context, in which
an image or video is given and the dialogue ut-
terances are centered around its visual contents
(De Vries et al., 2017; Das et al., 2017a; Chat-
topadhyay et al., 2017; Hori et al., 2019; Thomason
et al., 2019; Le et al., 2021b). Recent work has ad-
dressed different challenges in visually-grounded
dialogues, including multimodal integration (Hori
et al., 2019; Le et al., 2019; Li et al., 2021), cross-
turn dependencies (Das et al., 2017b; Schwartz
et al., 2019; Le et al., 2021a), visual understanding
(Le et al., 2020a), and data distribution bias (Qi
et al., 2020). Our work is more related to the chal-
lenge of visual object reasoning (Seo et al., 2017;
Kottur et al., 2018), but focused on a multi-turn
tracking task over multiple turns of dialogue con-
text. The prior approaches are not well designed
to track objects and maintain a recurring memory
or state of these objects from turn to turn. This
challenge becomes more obvious when a dialogue
involves multiple objects of similar characters or
appearance. We directly tackles this challenge as
we formulated a novel multimodal state tracking
task and leveraged the research development from
DST in task-oriented dialogue systems. As shown
in our experiments, baseline models that use atten-
tion strategies similar to (Seo et al., 2017; Kottur
et al., 2018) did not perform well in MM-DST.

A.3 Multimodal DST

We noted a few studies have attempted to integrate
some forms of state tracking in multimodal dia-
logues. In (Mou et al., 2020), however, we are not
convinced that a dialogue state tracking task is a
major focus, or correctly defined. In (Pang and
Wang, 2020), we noted that some form of object
tracking is introduced throughout dialogue turns.
The tracking module is used to decide which object
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Split # Videos # Dialogues # Turns # Slots
DVD-DST-Train 9300 9295 92950 6
DVD-DST-Val 3327 3326 33260 6
DVD-DST-Test 1371 1371 13710 6
DVD-DST-All 13998 13992 139920 6
MultiWOZ (Budzianowski et al., 2018) N/A 8438 115424 25
CarAssistant (Eric et al., 2017) N/A 2425 12732 13
WOZ2 (Wen et al., 2017) N/A 600 4472 4
DSTC2 (Henderson et al., 2014a) N/A 1612 23354 8

Table 6: Dataset summary: statistics of related benchmarks are from (Budzianowski et al., 2018)
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Figure 4: Synthetic visual objects in the CATER universe

the dialogue centers around. This method extends
to multi-object tracking but the objects are only lim-
ited within static images, and there is no recurring
information state (object attributes) maintained at
each turn. Compared to our work, their tracking
module only requires object identity as a single-slot
state from turn to turn. Almost concurrent to our
work, we noted (Kottur et al., 2021) which formally,
though very briefly, focuses on multimodal DST.
However, the work is limited to the task-oriented
domain, and each dialogue is only limited to a sin-
gle goal-driven object in a synthetic image. While
this definition is useful in the task-oriented dia-
logue domain, it does not account for the DST of
multiple visual objects as defined in our work.

B DVD-DST Dataset Details

For each of CATER videos from the extended split
(Shamsian et al., 2020), we generated up to 10 turns
for each CATER video. In total, DVD-DST con-
tains more than 13k dialogues, resulting in more
130k (human, system) utterance pairs and corre-
sponding dialogue states. A comparison of statis-
tics of DVD-DST and prior DST benchmarks can
be seen in Table 6. We observed that DVD-DST
contains a larger scale data than the related DST
benchmark. Even though the number of slots in
DVD-DST is only 6, lower than prior state tracking
datasets, our experiments indicate that most cur-
rent conventional DST models perform poorly on

DVD-DST.
CATER universe. Figure 4 displays the config-

uration of visual objects in the CATER universe. In
total, there are 3 object sizes, 9 colors, 2 materials,
and 5 shapes. These attributes are combined ran-
domly to synthesize objects in each CATER video.
We directly adopted these attributes as slots in dia-
logue states, and each dialogue utterance frequently
refers to these objects by one or more attributes. In
total, there are 193 (size, color, material, shape)
valid combinations, each of which corresponds to
an object class in our models.

Sample dialogues. Please refer to Figure 5, Ta-
ble 14 and Table 15.

Usage. We want to highlight that the DVD-DST
dataset should only be used for its intended purpose,
i.e. to diagnose dialogue systems on their tracking
abilities. Any derivatives of the data should be
limited within the research contexts of MM-DST.

C Additional Training Details

In practice, we applied label smoothing (Szegedy
et al., 2016) on state sequence labels to regularize
the training. As the segment-level representations
are stacked by the number of objects, we randomly
selected only one vector per masked segment to
apply Lseg. We tested both L1 and L2 losses on
Lbb/seg. All model parameters, except pretrained
visual perception models, are initialized by a uni-
form distribution (Glorot and Bengio, 2010).
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Video
Features

Dialogue
State

Video
loss

Greedy Beam Search
Joint Obj
State Acc

Joint State
IoU@0.5

Joint State
IoU@0.7

Joint Obj
State Acc

Joint State
IoU@0.5

Joint State
IoU@0.7

Xbb B\time - 17.3% N/A N/A 17.9% N/A N/A
Xbb +Xcnn B\time - 20.0% N/A N/A 22.4% N/A N/A
Xbb B - 16.6% 9.6% 8.3% 19.3% 11.0% 9.5%
Xbb +Xcnn B - 22.4% 12.7% 10.8% 24.8% 13.8% 11.8%
Xbb B Lobj 21.7% 11.7% 10.0% 24.0% 12.9% 11.0%
Xbb +Xcnn B Lobj 23.1% 13.2% 11.3% 26.0% 14.4% 12.4%
Xbb +Xcnn B Lseg 24.3% 13.4% 11.4% 28.0% 15.3% 13.1%

Table 7: Ablation results by joint state predictions, using greedy or beam search decoding styles

Video
Features

Dialogue
State

Video
self-

supervision

Obj
Identity

F1

Obj
Slot
F1

Obj
State
F1

Size
F1

Color
F1

Material
F1

Shape
F1

Xbb B\time - 79.4% 64.2% 48.5% 55.9% 76.6% 41.4% 63.5%
Xbb +Xcnn B\time - 81.4% 66.9% 52.5% 58.0% 79.4% 39.5% 66.6%
Xbb B - 78.5% 63.6% 49.8% 56.5% 76.4% 38.8% 63.1%
Xbb +Xcnn B - 83.3% 69.4% 55.1% 56.7% 81.8% 47.0% 69.8%
Xbb B Lobj 82.2% 69.5% 56.2% 61.4% 81.0% 44.9% 69.9%
Xbb +Xcnn B Lobj 84.7% 72.0% 58.6% 59.7% 83.5% 52.3% 71.7%
Xbb +Xcnn B Lseg 84.5% 72.8% 60.4% 64.1% 84.2% 50.9% 71.9%

Table 8: Ablation results by component predictions of object identities, slots, and object states

For fair comparison among baselines, all mod-
els use both object-level and segment-level feature
representations, encoded by the same method as
Describe in Section 3.1. In TRADE, the video rep-
resentations are passed to an RNN encoder, and
the output hidden states are concatenated to the dia-
logue hidden states. Both are passed to the original
pointer-based decoder. In UniConv and NADAST,
we stacked another Transformer attention layer to
attend on video representations before the original
state-to-dialogue attention layer. We all baseline
models, we replaced the original (domain, slot) em-
beddings as (object class, slot) embeddings and
kept the original model designs.

Note that in our visual perception model, we
adopted the finetuned Faster R-CNN model used by
(Shamsian et al., 2020). The model was finetuned
to predict object bounding boxes and object classes.
The object classes are derived based on object ap-
pearance, based on the four attributes of size, color,
material, and shape. In total, there are 193 object
classes. For segment embeddings, we adopted the
ResNeXt-101 model (Xie et al., 2017) finetuned on
Kinetics dataset (Kay et al., 2017). For all models
(except for VDTN ablation analysis), we standard-
ized Nobj = 10 and Nstride = 12 to sub-sample
object and segment-level embeddings.

Resources. Note that all experiments did not re-
quire particularly large computing resources as we
limited all model training to a single GPU, specifi-
cally on a Tesla V100 GPU of 16G configuration.

D Additional Results

Greedy vs. Beam Search Decoding. Table 7
shows the results of different variants of VDTN
models. We observed that compared to greedy
decoding, beam search decoding improves the per-
formance in all models. As beam search decoding
selects the best decoded state by the joint probabili-
ties of tokens, this observation indicates the benefits
of considering slot values to be co-dependent and
their relationships should be modelled. This is con-
sistent with similar observations in later work of
unimodal DST (Lei et al., 2018b; Le et al., 2020c).

Ablation analysis by component predictions.
From Table 8, we have the following observations:
(1) In ablation results by component predictions,
we noted that models can generally detect object
identities well with F1 about 80%. However, when
considering object and slot tuples, F1 reduces to
48 − 60%, indicating the gaps are caused by slot
value predictions. (2) By individual slots, we noted
“color” and “shape” slots are easier to track than
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Video Features
Dialogue

State
Video self-
supervision

Obj Identity
Recall

Obj Identity
Precision

Obj Slot
Recall

Obj Slot
Precision

Obj State
Recall

Obj State
Precision

Xbb B\time - 77.2% 81.8% 65.0% 63.4% 47.1% 50.0%
Xbb +Xcnn B\time - 75.1% 88.8% 63.1% 71.3% 48.5% 57.3%
Xbb B - 73.6% 84.1% 61.7% 65.7% 46.7% 53.4%
Xbb +Xcnn B - 78.2% 89.1% 66.2% 73.0% 51.7% 58.9%
Xbb B Lobj 76.4% 88.9% 67.4% 71.7% 52.2% 60.8%
Xbb +Xcnn B Lobj 80.1% 90.0% 69.1% 75.2% 55.4% 62.2%
Xbb +Xcnn B Lseg 80.5% 89.0% 70.2% 75.6% 57.6% 63.6%

Table 9: Ablation results by individual object identity/slot/state

Video Features
Dialogue

State
Video self-
supervision

Size
Recall

Size
Precision

Color
Recall

Color
Precision

Material
Recall

Material
Precision

Shape
Recall

Shape
Precision

Xbb B\time - 60.1% 52.2% 76.8% 76.4% 43.2% 39.7% 61.4% 65.6%
Xbb +Xcnn B\time - 52.0% 65.6% 76.2% 82.9% 34.8% 45.8% 65.5% 67.8%
Xbb B - 52.0% 61.9% 72.0% 81.2% 40.8% 37.1% 63.3% 63.0%
Xbb +Xcnn B - 49.4% 66.5% 79.2% 84.6% 45.0% 49.2% 68.9% 70.6%
Xbb B Lobj 59.6% 63.4% 79.3% 82.9% 43.8% 46.0% 66.6% 73.5%
Xbb +Xcnn B Lobj 54.1% 66.6% 82.4% 84.7% 48.8% 56.3% 69.3% 74.3%
Xbb +Xcnn B Lseg 60.9% 67.7% 83.2% 85.4% 48.6% 53.4% 67.9% 76.5%

Table 10: Ablation results by individual slot type

“size” and “material” slots. We noted that in the
CATER universe, the latter two slots have lower
visual variances (less possible values) than the oth-
ers. As a result, objects are more likely to share
the same size or material and hence, discerning ob-
jects by those slots and tracking them in dialogues
become more challenging.

Table 9 and 10 display the ablation results by
component predictions, using precision and recall
metrics. We still noted consistent observations as
described in Section 4. Notably, we found that cur-
rent VDTN models are better in tuning the correct
predictions (as shown by high precision metrics)
but still fail to select all components as a set (as
shown by low recall metrics). This might be caused
by the upstream errors coming from the visual per-
ception models, which may fail to visually perceive
all objects and their attributes.

Results by turn positions. Table 11 reported the
results of VDTN predictions of states that are sepa-
rated by the corresponding dialogue positions. The
results are from the VDTN model trained with both
Ldst and Lseg. As expected, we observed a down-
ward trend of results as the turn position increases.

Impacts of dialogue context encoder. In Table
12a, we observed the benefits of using the Markov
process to decode dialogue states based on the di-
alogue states of the last turn Bt−1. This strategy
allow us to discard parts of dialogue history that is
already represented by the state. We noted that the

optimal design is to use at least 1 last dialogue turn
as the dialogue history. In a hypothetical scenario,
we applied the oracle Bt−1 during test time, and
noted the performance is improved significantly.
This observation indicates the sensitivity of VDTN
to a turn-wise auto-regressive decoding process.

Impacts of frame-level and segment-level sam-
pling. As expected, Table 12b displays higher
performance with higher object limits Nobj , which
increases the chance of detecting the right visual ob-
jects in videos. We noted performance gains when
sampling strides increase up to 24 frames. How-
ever, in the extreme case, when sampling stride
is 300 frames, the performance on temporal slots
reduce (as shown by “Joint State IoU@p”). This
raises the issue to sample data more efficiently by
balancing between temporal sparsity in videos and
state prediction performance. We also observed
that in a hypothetical scenario with a perfect object
perception model, the performance improves sig-
nificantly, especially on the predictions of discrete
slots, although less effect on temporal slots.

Impacts of object-level representation. Table
13 reported the results when only segment-level
features are used. We observed that both VDTN
and RNN(V+D) are affected significantly, specifi-
cally by 24% and 3.1% “Joint Obj State Acc” score
respectively. Interestingly, we noted that RNN(V),
using only video inputs, are not affected by the re-
moval of object-level features. These observations
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Turn
Position

Obj Identity
F1

Obj Slot
F1

Obj State
F1

Joint Obj
State Acc

Joint State
IoU@0.5

Joint State
IoU@0.7

1 88.8% 84.0% 82.4% 74.0% 40.5% 34.6%
2 86.9% 81.1% 77.2% 60.0% 37.5% 33.6%
3 84.9% 77.6% 71.0% 41.6% 22.8% 19.5%
4 84.2% 75.6% 66.5% 29.0% 15.2% 12.5%
5 84.0% 74.0% 63.1% 21.3% 11.3% 9.4%
6 84.3% 73.0% 60.2% 17.1% 9.6% 8.2%
7 83.9% 71.6% 57.1% 12.7% 6.1% 5.3%
8 84.1% 70.6% 54.9% 10.2% 4.7% 3.9%
9 84.0% 69.1% 51.8% 7.9% 3.6% 2.6%

10 84.1% 68.0% 49.5% 6.0% 2.3% 1.7%
Average 84.9% 74.5% 63.4% 28.0% 15.3% 13.1%

Table 11: Ablation results by dialogue turn positions

Bt−1
Max
turns

Joint Obj
State Acc

Joint State
IoU@0.5

Joint State
IoU@0.7

✓ 10 22.5% 11.5% 10.1%
✓ 7 22.0% 11.8% 10.4%
✓ 1 24.8% 13.8% 11.8%
✓ 0 22.3% 12.3% 10.5%
- 10 18.5% 9.4% 8.6%
- 7 19.0% 9.5% 8.7%
- 1 7.8% 4.5% 4.1%
- 0 1.3% 0.7% 0.7%
✓* 1 29.3% 18.6% 16.4%

(a) dialogue encoding by prior states and dialogue sizes:
∗ denotes using oracle values.

Nobj Nstride
Joint Object

State Acc
Joint State
IoU@0.5

Joint State
IoU@0.7

10 12 24.8% 13.8% 11.8%
7 12 18.0% 10.1% 9.0%
3 12 4.9% 2.9% 2.6%
0 12 1.5% 0.7% 0.7%
10 300 28.2% 6.0% 3.7%
10 24 27.8% 14.8% 12.6%
10 15 26.3% 14.4% 12.4%
10 12 24.8% 13.8% 11.8%

10* 12 29.2% 15.6% 13.4%

(b) video encoding by number of objects and sampling strides:
∗ denotes perfect object perception.

Table 12: Ablation results by encoding strategies: All models are trained only with Ldst.

indicate that current MM-DST requires object-level
information. We expected that existing 3DCNN
models such as ResNeXt still fail to capture such
level of granularity.

Qualitative analysis. Table 14 and 15 display 2
sample dialogues and state predictions. We dis-
played the corresponding video screenshots for
these dialogues in Figure 5. To cross-reference
between videos and dialogues, we displayed the
bounding boxes and their object classes in video
screenshots. These object classes are indicated in
ground-truth and decoded dialogue states in dia-
logues. Overall, we noted that VDTN generated
temporal slots of start and end time such that the
resulting periods better match the ground-truth tem-
poral segments. VDTN also showed to maintain
the dialogue states better from turn to turn.

E Further Discussion

Synthetic datasets result in overestimation of
real performance and don’t translate to real-
world usability. We agree that the current state
accuracy seems to be quite low at about 28%. How-
ever, we want to highlight that state accuracy used
in this paper is a very strict metric, which only
considers a prediction as correct if it completely

matches the ground truth. In DVD, assuming the
average 10 objects per video with the set of at-
tributes as in Figure 4 (+ ‘none’ value in each slot),
we can roughly equate the multimodal DST as a
7200-class classification task, each class is a dis-
tinct set of objects, each with all possible attribute
combinations. Combined with the cascading er-
ror from object perception models, we think the
current reported results are reasonable.

Moreover, we want to highlight that the reported
performance of baselines reasonably matches their
own capacities in unimodal DST. We can consider
Object State F1 as the performance on single-object
state and it can closely correlate with the joint
state accuracy in unimodal DST (remember that
unimodal DST such as MultiWOZ (Budzianowski
et al., 2018) is only limited to a single object/entity
per dialogue). As seen in Table 2, the Object State
F1 results of TRADE (Wu et al., 2019), UniConv
(Le et al., 2020b), and NADST (Le et al., 2020c)
are between 46-50%. This performance range is
indeed not very far off from the performance of
these baseline models in unimodal DST in the Mul-
tiWOZ benchmark (Budzianowski et al., 2018).

Finally, we also want to highlight that like other
synthetic benchmarks such as CLEVR (Johnson
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Xbb +Xcnn Xcnn only

Model Joint Obj
State Acc

Joint State
IoU@0.5

Joint State
IoU@0.7

Joint Obj
State Acc

Joint State
IoU@0.5

Joint State
IoU@0.7

VDTN 28.0% 15.3% 13.1% 4.0% 2.2% 2.0%
RNN(V) 1.0% 0.1% 0.1% 1.5% 0.4% 0.4%
RNN(V+D) 6.8% 2.6% 2.3% 3.7% 1.8% 1.6%

Table 13: Results with and without object representations

et al., 2017), we want to use DVD in this work as
a test bed to study and design better multimodal
dialogue systems. However, we do not intend to use
it as a training data for practical systems. The DVD-
DST benchmark should be used to supplement real-
world video-grounded dialogue datasets.

MM-DST in practical applications e.g. with
videos of humans. While we introduced MM-
DST task and VDTN as a new baseline, we noted
that the existing results are limited to the synthetic
benchmark. For instance, in the real world, there
would be many identical objects with the same
(size, color, material, shape) tuples, which would
make the current formulation of dialogue states
difficult. In such object-driven conversations, we
would recommend a dialogue agent not focus on all
possible objects in each video frame, but only on
a “focus group” of objects. These objects, required
to be semantically different, are topical subjects of
the conversations.

Say we want to scale to a new domain e.g. videos
of humans, the first challenge from the current
study is the recognition of human objects, which
often have higher visual complexity than moving
objects as in DVD. We also noted that it is im-
possible to define all human object classes as in
CATER object classes, each of which is unique by
its own appearance. To overcome this limitation,
we would want to explore multimodal DST with the
research of human object tracking, e.g. (Fernando
et al., 2018), and consider human object identities
uniquely defined per video. Another limitation is
the definition of slots to track in each human ob-
ject. While this requires careful considerations, for
both practical and ethical reasons, we noted several
potential papers that investigate human attributes
in dialogues such as human emotions (Wang et al.,
2021). Along these lines, we are excited to see in-
teresting adaptations of multimodal dialogue states
grounded on videos of humans.
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#1

HUMAN: after the cube ’s second rotation , how many other things perform the same sequence of activities as the brown thing ?
Gold: STAR=102, END=138, (OBJ21, SHAPE, cube), (OBJ165, COLOR, brown)
RNN+Attn: STAR=73, END=73, (OBJ165, COLOR, brown)
UniConv: STAR=73, END=145, (OBJ142, SHAPE, cube), (OBJ165, COLOR, brown)
VDTN: STAR=97, END=145, (OBJ21, SHAPE, cube), (OBJ165, COLOR, brown)

#2

SYSTEM: 3
HUMAN: what about up until now ?
Gold: STAR=102, END=300, (OBJ21, SHAPE, cube), (OBJ165, COLOR, brown)
RNN+Attn: STAR=1, END=300, (OBJ165, COLOR, brown)
UniConv: STAR=145, END=300, (OBJ142, SHAPE, cube), (OBJ165, COLOR, brown)
VDTN: STAR=97, END=300, (OBJ21, SHAPE, cube), (OBJ165, COLOR, brown)

#3

SYSTEM: 0
HUMAN: throughout the whole video, do the large cone and the earlier mentioned brown thing perform the same set of activities ?’
Gold: STAR=1, END=300, (OBJ0, SIZE, large), (OBJ0, SHAPE, cone), (OBJ21, SHAPE, cube), (OBJ165, COLOR, brown)
RNN+Attn: STAR=1, END=300, (OBJ165, COLOR, brown)
UniConv: STAR=1, END=300, (OBJ142, SHAPE, cube), (OBJ165, COLOR, brown) (OBJ165, SHAPE, cone)
VDTN: STAR=1, END=300, (OBJ21, SHAPE, cube), (OBJ165, COLOR, brown)

#4

SYSTEM: FALSE
HUMAN: during the earlier mentioned block ’s last rotation , what is the earlier mentioned brown thing doing ?
Gold: STAR=175, END=200, (OBJ0, SIZE, large), (OBJ0, SHAPE, cone), (OBJ21, SHAPE, cube), (OBJ165, COLOR, brown)
RNN+Attn: STAR=1, END=300, (OBJ165, COLOR, brown)
UniConv: STAR=265, END=300, (OBJ142, SHAPE, cube), (OBJ165, COLOR, brown) (OBJ165, SHAPE, cone)
VDTN: STAR=241, END=265, (OBJ21, SHAPE, cube), (OBJ165, COLOR, brown)

#5

SYSTEM: no action
HUMAN: considering that object, after its slide is there a flying small yellow thing ?’
Gold: STAR=291, END=300, (OBJ0, SIZE, large), (OBJ0, SHAPE, cone), (OBJ21, SHAPE, cube), (OBJ165, COLOR, brown)
RNN+Attn: STAR=1, END=300, (OBJ165, COLOR, brown)
UniConv: STAR=277, END=300, (OBJ142, SHAPE, cube), (OBJ165, COLOR, brown) (OBJ165, SHAPE, cone)
VDTN: STAR=288, END=300, (OBJ21, SHAPE, cube), (OBJ165, COLOR, brown)

#6

SYSTEM: FALSE
HUMAN: during the purple thing ’s second rotation , what number of big metal things are on the right side of the earlier mentioned

brown thing ?
Gold: STAR=80, END=102, (OBJ0, SIZE, large), (OBJ0, SHAPE, cone), (OBJ21, COLOR, purple), (OBJ21, SHAPE, cube),

(OBJ165, COLOR, brown)
RNN+Attn: STAR=1, END=300, (OBJ21, COLOR, purple), (OBJ165, COLOR, brown)
UniConv: STAR=277, END=300, (OBJ142, SHAPE, cube), (OBJ165, COLOR, brown) (OBJ165, SHAPE, cone)
VDTN: STAR=73, END=97, (OBJ21, COLOR, purple), (OBJ21, SHAPE, cube), (OBJ165, COLOR, brown)

#7

SYSTEM: 1
HUMAN: what about left of it ?’
Gold: STAR=80, END=102, (OBJ0, SIZE, large), (OBJ0, SHAPE, cone), (OBJ21, COLOR, purple), (OBJ21, MATERIAL,

metal), (OBJ21, SHAPE, cube), (OBJ165, COLOR, brown)
RNN+Attn: STAR=1, END=300, (OBJ21, COLOR, purple), (OBJ165, COLOR, brown)
UniConv: STAR=73, END=97, (OBJ21, COLOR, purple), (OBJ142, SHAPE, cube), (OBJ165, COLOR, brown) (OBJ165, SHAPE,

cone)
VDTN: STAR=73, END=97, (OBJ21, SIZE, large), (OBJ21, COLOR, purple), (OBJ21, SHAPE, cube), (OBJ143, MATERIAL,

metal), (OBJ165, COLOR, brown)

#8

SYSTEM: 0
HUMAN: before this time window, how many other objects undertake the same types of actions as the earlier mentioned cone ?’
Gold: STAR=1, END=80, (OBJ0, SIZE, large), (OBJ0, SHAPE, cone), (OBJ21, COLOR, purple), (OBJ21, MATERIAL,

metal), (OBJ21, SHAPE, cube), (OBJ165, COLOR, brown)
RNN+Attn: STAR=1, END=300, (OBJ21, COLOR, purple), (OBJ165, COLOR, brown)
UniConv: STAR=1, END=73, (OBJ21, COLOR, purple), (OBJ21, SHAPE, cube), (OBJ165, COLOR, brown) (OBJ165, SHAPE,

cone)
VDTN: STAR=1, END=73, (OBJ21, SIZE, large), (OBJ21, COLOR, purple), (OBJ21, SHAPE, cube), (OBJ143, MATERIAL,

metal), (OBJ165, COLOR, brown)

#9

SYSTEM: 2
HUMAN: among them, there is a cone . throughout the whole video, is there any other thing that has the same types of actions as it

?’
Gold: STAR=1, END=300, (OBJ0, SIZE, large), (OBJ0, SHAPE, cone), (OBJ21, COLOR, purple), (OBJ21, MATERIAL,

metal), (OBJ21, SHAPE, cube), (OBJ96, SHAPE, cone), (OBJ165, COLOR, brown)
RNN+Attn: STAR=1, END=300, (OBJ21, COLOR, purple), (OBJ165, COLOR, brown)
UniConv: STAR=1, END=300, (OBJ21, COLOR, purple), (OBJ21, SHAPE, cube), (OBJ96, COLOR, blue), (OBJ165, COLOR,

brown) (OBJ165, SHAPE, cone)
VDTN: STAR=1, END=300, (OBJ21, SIZE, large), (OBJ21, COLOR, purple), (OBJ21, SHAPE, cube), (OBJ143, MATERIAL,

metal), (OBJ165, COLOR, brown)

#10

SYSTEM: FALSE
HUMAN: until the end of the blue shiny thing ’s last flight , does the earlier mentioned brown object fly as frequently as the cylinder

rotates ?
Gold: STAR=1, END=228, (OBJ0, SIZE, large), (OBJ0, COLOR, blue), (OBJ0, MATERIAL, metal), (OBJ0, SHAPE, cone),

(OBJ21, COLOR, purple), (OBJ21, MATERIAL, metal), (OBJ21, SHAPE, cube), (OBJ96, SHAPE, cone), (OBJ143,
SHAPE, cylinder), (OBJ165, COLOR, brown)

RNN+Attn: STAR=1, END=300, (OBJ21, COLOR, purple), (OBJ96, COLOR, blue), (OBJ143, SHAPE, cylinder), (OBJ165,
COLOR, brown)

UniConv: STAR=1, END=300, (OBJ21, COLOR, purple), (OBJ96, COLOR, blue), (OBJ143, SHAPE, cylinder), (OBJ165,
COLOR, brown)

VDTN: STAR=1, END=241, (OBJ21, SIZE, large), (OBJ21, COLOR, purple), (OBJ21, SHAPE, cube), (OBJ143, MATERIAL,
metal), (OBJ165, COLOR, brown)

Table 14: Example predictions from a sample dialogue (CATER video ID #002660)
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#1

HUMAN: during the red block ’s rotation, how many matte things are to the left of the green object ?
Gold: STAR=143, END=163, (OBJ57, COLOR, red), (OBJ57, SHAPE, cube), (OBJ82, COLOR, green)
RNN+Attn: STAR=37, END=109, (OBJ57, SHAPE, cube), (OBJ82, COLOR, green), (OBJ91, COLOR, red)
UniConv: STAR=73, END=109, (OBJ57, MATERIAL, rubber), (OBJ82, COLOR, green), (OBJ91, COLOR, red)
VDTN: STAR=73, END=109, (OBJ57, COLOR, red), (OBJ57, SHAPE, cube), (OBJ82, COLOR, green)

#2

SYSTEM: 2
HUMAN: how about in front of it ?
Gold: STAR=143, END=163, (OBJ57, COLOR, red), (OBJ57, SHAPE, cube), (OBJ82, COLOR, green)
RNN+Attn: STAR=37, END=25, (OBJ82, COLOR, green), (OBJ91, COLOR, red)
UniConv: STAR=73, END=109, (OBJ57, MATERIAL, rubber), (OBJ82, COLOR, green), (OBJ91, COLOR, red)
VDTN: STAR=73, END=109, (OBJ57, COLOR, red), (OBJ57, SHAPE, cube), (OBJ82, COLOR, green)

#3

SYSTEM: 0
HUMAN: before this time window, how many moving things are there ?
Gold: STAR=1, END=143, (OBJ57, COLOR, red), (OBJ57, SHAPE, cube), (OBJ82, COLOR, green)
RNN+Attn: STAR=1, END=1, (OBJ82, COLOR, green), (OBJ91, COLOR, red)
UniConv: STAR=1, END=73, (OBJ57, COLOR, red), (OBJ57, MATERIAL, rubber), (OBJ82, COLOR, green), (OBJ91, COLOR,

red)
VDTN: STAR=1, END=73, (OBJ57, COLOR, red), (OBJ57, SHAPE, cube), (OBJ82, COLOR, green)

#4

SYSTEM: 5
HUMAN: among them, there is a purple thing . during the whole video, how many other things with the same sequence activities

performed by it ?
Gold: STAR=1, END=168, (OBJ20, COLOR, purple), (OBJ57, COLOR, red), (OBJ57, SHAPE, cube), (OBJ82, COLOR,

green)
RNN+Attn: STAR=1, END=169, (OBJ82, COLOR, green), (OBJ91, COLOR, red)
UniConv: STAR=1, END=169, (OBJ57, COLOR, red), (OBJ57, MATERIAL, rubber), (OBJ82, COLOR, green), (OBJ91, COLOR,

red), (OBJ152, COLOR, purple)
VDTN: STAR=1, END=169, (OBJ20, COLOR, purple), (OBJ57, COLOR, red), (OBJ57, SHAPE, cube), (OBJ82, COLOR,

green)

#5

SYSTEM: 1
HUMAN: how about up until now ?
Gold: STAR=1, END=247, (OBJ20, COLOR, purple), (OBJ57, COLOR, red), (OBJ57, SHAPE, cube), (OBJ82, COLOR,

green)
RNN+Attn: STAR=1, END=253, (OBJ82, COLOR, green), (OBJ91, COLOR, red)
UniConv: STAR=1, END=253, (OBJ57, COLOR, red), (OBJ57, MATERIAL, rubber), (OBJ82, COLOR, green), (OBJ91, COLOR,

red), (OBJ152, COLOR, purple)
VDTN: STAR=1, END=253, (OBJ20, COLOR, purple), (OBJ57, COLOR, red), (OBJ57, SHAPE, cube), (OBJ82, COLOR,

green)

#6

SYSTEM: 0
HUMAN: during the earlier mentioned purple thing ’s flight , is there a flying green object ?
Gold: STAR=45, END=69, (OBJ20, COLOR, purple), (OBJ57, COLOR, red), (OBJ57, SHAPE, cube), (OBJ82, COLOR,

green)
RNN+Attn: STAR=1, END=241, (OBJ82, COLOR, green), (OBJ91, COLOR, red)
UniConv: STAR=73, END=97, (OBJ57, COLOR, red), (OBJ57, MATERIAL, rubber), (OBJ82, COLOR, green), (OBJ91, COLOR,

red), (OBJ152, COLOR, purple)
VDTN: STAR=73, END=97, (OBJ20, COLOR, purple), (OBJ57, COLOR, red), (OBJ57, SHAPE, cube), (OBJ82, COLOR,

green)

#7

SYSTEM: FALSE
HUMAN: during the yellow thing ’s second rotation , does the cylinder rotate more frequently than the aforementioned purple

object flies ?
Gold: STAR=74, END=98, (OBJ20, COLOR, purple), (OBJ57, COLOR, red), (OBJ57, SHAPE, cube), (OBJ61, COLOR,

yellow), (OBJ82, COLOR, green), (OBJ82, SHAPE, cylinder)
RNN+Attn: STAR=1, END=241, (OBJ61, COLOR, yellow), (OBJ82, COLOR, green), (OBJ82, SHAPE, cylinder), (OBJ91, COLOR,

red)
UniConv: STAR=73, END=97, (OBJ57, COLOR, red), (OBJ57, MATERIAL, rubber), (OBJ82, COLOR, green), (OBJ91, COLOR,

red), (OBJ152, COLOR, purple)
VDTN: STAR=73, END=97, (OBJ20, COLOR, purple), (OBJ57, COLOR, red), (OBJ57, SHAPE, cube), (OBJ61, COLOR,

yellow), (OBJ82, COLOR, green)

#8

SYSTEM: TRUE
HUMAN: during the aforementioned cube ’s rotation , what types of actions does the cone left of the aforementioned yellow object

undertake ?
Gold: STAR=143, END=163, (OBJ20, COLOR, purple), (OBJ57, COLOR, red), (OBJ57, SHAPE, cube), (OBJ61, COLOR,

yellow), (OBJ72, SHAPE, cone), (OBJ82, COLOR, green), (OBJ82, SHAPE, cylinder)
RNN+Attn: STAR=1, END=193, (OBJ20, COLOR, purple), (OBJ20, SHAPE, cone), (OBJ57, COLOR, red), (OBJ61, COLOR,

yellow), (OBJ82, COLOR, green), (OBJ82, SHAPE, cylinder), (OBJ91, COLOR, red)
UniConv: STAR=73, END=97, (OBJ57, MATERIAL, rubber), (OBJ72, SHAPE, cone), (OBJ82, COLOR, green), (OBJ82, SHAPE,

cylinder), (OBJ91, COLOR, red), (OBJ152, COLOR, purple)
VDTN: STAR=73, END=97, (OBJ20, COLOR, purple), (OBJ20, SHAPE, cone), (OBJ57, COLOR, red), (OBJ57, SHAPE,

cube), (OBJ61, COLOR, yellow), (OBJ82, COLOR, green)

#9

SYSTEM: flying
HUMAN: throughout the whole video, is there anything else that performs the same set of activities as the earlier mentioned yellow

thing ?
Gold: STAR=1, END=247, (OBJ20, COLOR, purple), (OBJ57, COLOR, red), (OBJ57, SHAPE, cube), (OBJ61, COLOR,

yellow), (OBJ72, SHAPE, cone), (OBJ82, COLOR, green), (OBJ82, SHAPE, cylinder)
RNN+Attn: STAR=1, END=241, (OBJ20, COLOR, purple), (OBJ20, SHAPE, cone), (OBJ57, COLOR, red), (OBJ61, COLOR,

yellow), (OBJ82, COLOR, green), (OBJ82, SHAPE, cylinder), (OBJ91, COLOR, red)
UniConv: STAR=1, END=253, (OBJ57, MATERIAL, rubber), (OBJ57, SHAPE, cube), (OBJ72, SHAPE, cone), (OBJ82, COLOR,

green), (OBJ82, SHAPE, cylinder), (OBJ91, COLOR, red), (OBJ152, COLOR, purple)
VDTN: STAR=1, END=253, (OBJ20, COLOR, purple), (OBJ20, SHAPE, cone), (OBJ57, COLOR, red), (OBJ57, SHAPE,

cube), (OBJ61, COLOR, yellow), (OBJ82, COLOR, green)

Table 15: Example predictions from a sample dialogue (CATER video ID #001441)
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(a) Video #002660 (b) Video #001441

Figure 5: Example screenshots of CATER videos for dialogues in Table 14 (Video #002660) and 15 (Video #001441).
We showed example bounding boxes and their object classes in each video.
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Abstract

In recent years, pre-trained models have be-
come dominant in most natural language pro-
cessing (NLP) tasks. However, in the area of
Automated Essay Scoring (AES), pre-trained
models such as BERT have not been properly
used to outperform other deep learning mod-
els such as LSTM. In this paper, we introduce
a novel multi-scale essay representation for
BERT that can be jointly learned. We also
employ multiple losses and transfer learning
from out-of-domain essays to further improve
the performance. Experiment results show that
our approach derives much benefit from joint
learning of multi-scale essay representation
and obtains almost the state-of-the-art result
among all deep learning models in the ASAP1

task. Our multi-scale essay representation also
generalizes well to CommonLit Readability
Prize (CRP2) data set, which suggests that the
novel text representation proposed in this paper
may be a new and effective choice for long-text
tasks.

1 Introduction

AES is a valuable task, which can promote the
development of automated assessment and help
teachers reduce the heavy burden of assessment.
With the rise of online education in recent years,
more and more researchers begin to pay attention
to this field.

AES systems typically consist of two modules,
which are essay representation and essay scoring
modules. The essay representation module extracts
features to represent an essay and the essay scoring
module rates the essay with the extracted features.

When a teacher rates an essay, the scores are
often affected by multiple signals from different
granularity levels, such as token level, sentence
level, paragraph level and etc. For example, the

1https://www.kaggle.com/c/asap-aes
2https://www.kaggle.com/c/

commonlitreadabilityprize/data

features may include the numbers of words, the
essay structure, the master degree of vocabulary
and syntactic complexity, etc. These features come
from different scales of the essay. This inspires
us to extract multi-scale features from the essays
which represent multi-level characteristics of the
essays.

Most of the deep neural networks AES systems
use LSTM or CNN. Some researchers (Uto et al.,
2020; Rodriguez et al., 2019; Mayfield and Black,
2020) attempt to use BERT (Devlin et al., 2019)
in their AES systems but fail to outperform other
deep neural networks methods (Dong et al., 2017;
Tay et al., 2018). We believe previous approaches
using BERT for AES suffer from at least three lim-
itations. First, the pre-trained models are usually
trained on sentence-level, but fail to learn enough
knowledge of essays. Second, the AES training
data is usually quite limited for direct fine-tuning
of the pre-trained models in order to learn better
representation of essays. Last but not least, mean
squared error (MSE) is commonly used in the AES
task as the loss function. However, the distribution
of the sample population and the sorting proper-
ties between samples are also important issues to
be considered when designing the loss functions
as they imitate the psychological process of teach-
ers rating essays. Different optimizations can also
bring diversity to the final overall score distribu-
tion and contribute to the effectiveness of ensemble
learning.

To address the aforementioned issues and limi-
tations, we introduce joint learning of multi-scale
essay representation into the AES task with BERT,
which outperforms the state-of-the-art deep learn-
ing models based on LSTM (Dong et al., 2017;
Tay et al., 2018). We propose to explicitly model
more effective representations by extracting multi-
scale features as well as leveraging the knowledge
learned from numerous sentence data. As the train-
ing data is limited, we also employ transfer learn-
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ing from out-of-domain essays which is inspired
by (Song et al., 2020). To introduce the diversity of
essay scoring distribution, we combine two other
loss functions with MSE. When training our model
with multiple losses and transfer learning using R-
Drop (Liang et al., 2021), we almost achieve the
state-of-the-art result among all deep learning mod-
els. The source code of prediction module with
a trained model for ASAP’s prompt 8 is publicly
available3.

In summary, the contribution of this work is as
follows:

• We propose a novel essay scoring approach
to jointly learn multi-scale essay representa-
tion with BERT, which significantly improve
the result compared to traditionally using pre-
trained language models.

• Our method shows significant advantages in
long text tasks and obtains almost the state-of-
the-art result among all deep learning models
in the ASAP task.

• We introduce two new loss functions which
are inspired by the mental process of teacher
rating essays, and employ transfer learn-
ing from out-of-domain essays with R-
Drop (Liang et al., 2021), which further im-
proves the performance for rating essays.

2 Related Work

The dominant approaches in AES can be grouped
into three categories: traditional AES, deep neural
networks AES and pre-training AES.

• Traditional AES usually uses regression
or ranking systems with complicated hand-
crafted features to rate an essay (Larkey, 1998;
Rudner and Liang, 2002; Attali and Burstein,
2006; Yannakoudakis et al., 2011; Chen and
He, 2013; Phandi et al., 2015; Cozma et al.,
2018). These handcrafted features are based
on the prior knowledge of linguists. Therefore
they can achieve good performance even with
small amounts of data.

• Deep Neural Networks AES has made great
progress and achieved comparable results with
traditional AES recently (Taghipour and Ng,
2016; Dong and Zhang, 2016; Dong et al.,

3https://github.com/lingochamp/
Multi-Scale-BERT-AES

2017; Alikaniotis et al., 2016; Wang et al.,
2018; Tay et al., 2018; Farag et al., 2018; Song
et al., 2020; Ridley et al., 2021; Muangkam-
muen and Fukumoto, 2020; Mathias et al.,
2020). While the handcrafted features are
complicated to implement and careful man-
ual design makes these features less portable,
deep neural networks such as LSTM or CNN
can automatically discover and learn com-
plex features of essays, which makes AES an
end-to-end task. Saving much time to design
features, deep neural networks can transfer
well among different AES tasks. By combin-
ing traditional and deep neural network ap-
proaches, AES can even obtain a better result,
which benefits from both representations (Jin
et al., 2018; Dasgupta et al., 2018; Uto et al.,
2020). However, ensemble way still needs
handcrafted features which cost numerous en-
ergy of researchers.

• Pre-training AES uses the pre-trained lan-
guage model as the initial essay representation
module and fine-tune the model on the essay
training set. Though the pre-trained methods
have achieved the state-of-the-art performance
in most NLP tasks, most of them (Uto et al.,
2020; Rodriguez et al., 2019; Mayfield and
Black, 2020) fail to show an advantage over
other deep learning methods (Dong et al.,
2017; Tay et al., 2018) in AES task. As far
as we know, the work from Cao et al. (2020)
and Yang et al. (2020) are the only two pre-
training approaches which surpass the other
deep learning methods. Their improvement
mainly comes from the training optimization.
Cao et al. (2020) employ two self-supervised
tasks and domain adversarial training, while
Yang et al. (2020) combine regression and
ranking to train their model.

3 Approach

3.1 Task Formulation

The AES task is defined as following:
Given an essay with n words X = {xi}ni=1, we

need to output one score y as a result of measuring
the level of this essay.

Quadratic weighted Kappa (QWK) (Cohen,
1968) metric is commonly used to evaluate AES
systems by researchers, which measures the agree-
ment between the scoring results of two raters.
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3.2 Multi-scale Essay Representation

We obtain the multi-scale essay representation
from three scales: token-scale, segment-scale and
document-scale.

Token-scale and Document-scale Input We
apply one pre-trained BERT (Devlin et al., 2019)
model for token-scale and document-scale essay
representations. The BERT tokenizer is used
to split the essay into a token sequence T1 =
[t1, t2, ......tn], where ti is the ith token and n is
the number of the tokens in the essay. The token
we mentioned in this paper all refer to WordPiece,
which is obtained by the subword tokenization algo-
rithm used for BERT. We construct a new sequence
T2 from T1 as following. L is set to 510, which
is the max sequence length supported by BERT
except the token [CLS] and [SEP ].

T2 =

{
[CLS]+[t1, t2, .., tL]+[SEP] n > L
[CLS]+T1+[SEP] n = L
[CLS]+T1+[PAD]∗(L− n)+[SEP] n < L

The final input representation are the sum of the
token embeddings, the segmentation embeddings
and the position embeddings. A detailed descrip-
tion can be found in the work of BERT (Devlin
et al., 2019).

Document-scale The document-scale represen-
tation is obtained by the [CLS] output of the BERT
model. As the [CLS] output aggregates the whole
sequence representation, it attempts to extract the
essay information from the most global granularity.

Token-scale As the BERT model is pre-trained
by Masked Language Modeling (Devlin et al.,
2019), the sequence outputs can capture the con-
text information to represent each token. An essay
often consists of hundreds of tokens, thus RNN
is not the proper choice to combine all the token
information due to the gradients vanishing prob-
lem. Instead, we utilize a max-pooling operation to
all the sequence outputs and obtain the combined
token-scale essay representation. Specifically, the
max-pooling layer generates a d-dimensional vec-
tor W = [w1, w2, ..., wj , ..., wd] and the element
wj is computed as below:

wj = max{h1,j , h2,j , ..., hn,j}
where d is the hidden size of the BERT model.
As we use the pre-trained BERT model bert-base-
uncased4, the hidden size d is 768. All the n se-
quence outputs of the BERT model are annotated as
[h1, h2, ..., hi, ..., hn], where hi is a d-dimensional

4https://huggingface.co/
bert-base-uncased

vector [hi,1, hi,2, ..., hi,d] representing the ith se-
quence output, and hi,j is the jth element in hi.

Segment-scale Assuming the segment-scale
value set is K = [k1, k2, ...ki, ..., kS ], where S
is the number of segment scales we want to ex-
plore, and ki is the ith segment-scale in K. Given
a token sequence T1 = [t1, t2, ......tn] for an essay,
we obtain the segment-scale essay representation
corresponding to scale ki as follows:

1. We define np as the maximum number of to-
kens corresponding to each essay prompt p.
We truncate the token sequence to np tokens if
the essay length is longer than np, otherwise
we pad [PAD] to the sequence to reach the
length np.

2. Divide the token sequence into m = ⌈np/ki⌉
segments and each segment is of length ki
except for the last segment, which is similar
to the work of (Mulyar et al., 2019).

3. Input each of the m segment tokens into the
BERT model, and get m segment representa-
tion vectors from the [CLS] output.

4. Use an LSTM model to process the sequence
of m segment representations, followed by at-
tention pooling operation on the hidden states
of the LSTM output to obtain the segment-
scale essay representation corresponding to
scale ki.

The LSTM cell units process the sequence of
segment representations and generate the hidden
states as follows:

it = σ(Qi · st + Ui · ht−1 + bi)
ft = σ(Qf · st + Uf · ht−1 + bf )
ĉt = tanh(Qc · st + Uc · ht−1 + bc)

ct = it ◦ ĉt + ft ◦ ct−1
ot = σ(Qo · st + Uo · ht−1 + bo)

ht = ot ◦ tanh(ct)
where st is the tth segment representation from

BERT [CLS] output and ht is the tth hidden state
generated from LSTM. Qi, Qf , Qc, Qo, Ui, Uf ,
Uc and Uo are weight matrices, and bi, bf , bc, and
bo are bias vectors.

The attention pooling operation we use is similar
to the work of (Dong et al., 2017), which is defined
as follows:

α̂t = tanh(Qa · ht + ba)

αt =
eqa·α̂t∑
j
eqa·α̂j

o =
∑
t αt · ht
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o is the segment-scale essay representation corre-
sponding to the scale ki. αt is the attention weight
for hidden state ht. Qa, ba, qa are the weight ma-
trix, bias and weight vector respectively.

3.3 Model Architecture

The model architecture is depicted in Figure 1.
We apply one BERT model to obtain the

document-scale and token-scale essay representa-
tion. The concatenation of them is input into a
dense regression layer which predicts the score cor-
responding to the document-scale and token-scale.
For each segment-scale k with number of segments
m, we apply another BERT model to get m CLS
outputs, and apply an LSTM model followed by
an attention layer to get the segment-scale represen-
tation. We input the segment-scale representation
into another dense regression layer to get the score
corresponding to segment-scale k. The final score
is obtained by adding the scores of all S segment-
scales and the score of the document-scale and
token-scale, which is illustrated as below:

y =
∑
k yk + ydoc,tok

yk = Ŵseg · ok + bseg
ydoc,tok = Ŵdoc,tok ·Hdoc,tok + bdoc,tok

Hdoc,tok = wdoc
⊕
W

yk is the predicted score corresponding to
segment-scale k. ydoc,tok is the predicted score
corresponding to the document-scale and token-
scale. Ŵseg and bseg are weight matrix and bias for
segment-scale respectively. Wdoc,tok and bdoc,tok
are weight matrix and bias for document and token-
scales, ok is the segment-scale essay representa-
tion with the scale k. wdoc is the document-scale
essay representation. W is the token-scale essay
representation. Hdoc,tok is the concatenation of
document-scale and token-scale essay representa-
tions.

3.4 Loss Function

We use three loss functions to train the model.
MSE measures the average value of square er-

rors between predicted scores and labels, which is
defined as below:

MSE(y, ŷ) = 1
N

∑
i(yi − ŷi)2

where yi and ŷi are the predicted score and the
label for the ith essay respectively,N is the number
of the essays.

Similarity (SIM) measures whether two vectors
are similar or dissimilar by using cosine function.

A teacher takes into account the overall level dis-
tribution of all the students when rating an essay.
Following such intuition, we introduce the SIM
loss to the AES task. In each training step, we take
the predicted scores of the essays in the batch as
the predicted vector y, and the labels as the label
vector ŷ. The SIM loss awards the similar vector
pairs to make the model think more about the cor-
relation among the batch of essays. The SIM loss
is defined as below:

SIM(y, ŷ) = 1− cos(y, ŷ)
y = [y1, y2, ..., yN ]
ŷ = [ŷ1, ŷ2, ..., ŷN ]

where yi and ŷi are the predicted score and label
for the ith essay respectively, N is the number of
the essays.

Margin Ranking (MR) measures the ranking or-
ders for each essay pair in the batch. We intuitively
introduce MR loss because the sorting property be-
tween essays is a key factor to scoring. For each
batch of essays, we first enumerate all the essay
pairs, and then compute the MR loss as follows.
The MR loss attempts to make the model penalize
wrong order.

MR(y, ŷ) = 1
N̂

∑
i,jmax(0,−ri,j(yi − yj) + b)

ri,j =





1 ŷi > ŷj
-1 ŷi < ŷj
-sgn(yi − yj) ŷi = ŷj

yi and ŷi are the predicted score and label for the
ith essay respectively. N̂ is the number of the essay
pairs. b is a hyper parameter, which is set to 0 in
our experiment. For each sample pair (i, j), when
the label ŷi is larger than ŷj , the predicted result
yi should be larger than yj , otherwise, the pair
contributes yj − yi to the loss. When ŷi is equal to
ŷj , the loss is actually |yi − yj |.

The combined loss is described as below:
Losstotal(y, ŷ) = αMSE(y, ŷ)+βMR(y, ŷ)+

γSIM(y, ŷ).
α, β, γ are weight parameters which are tuned

according to the performance on develop set.

4 Experiment

4.1 Data and Evaluation

ASAP data set is widely used in the AES task,
which contains eight different prompts. A detailed
description can be seen in Table 1. For each prompt,
the WordPiece length indicates the smallest num-
ber which is bigger than the length of 90% of the
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Figure 1: The proposed automated essay scoring architecture based on multi-scale essay representation. The left
part illustrates the document-scale and token-scale essay representation and scoring module, and the right part
illustrates S segment-scale essay representations and scoring modules.

essays in terms of WordPiece number. We evalu-
ate the scoring performance using QWK on ASAP
data set, which is the official metric in the ASAP
competition. Following previous work, we adopt
5-fold cross validation with 60/20/20 split for train,
develop and test sets.

CRP data set provides 2834 excerpts from sev-
eral time periods and reading ease scores which
range from -3.68 to 1.72. The average length of the
excerpts is 175 and the WordPiece length is 252.
We also use 5-fold cross validation with 60/20/20
split for train, develop and test sets on CRP data
set. As the RMSE metric is used in the CRP com-
petition, we also use it to evaluate our system in
ease score prediction task.

Prompt Essays Avg length Score Range WordPiece length
1 1783 350 2-12 649
2 1800 350 1-6 704
3 1726 150 0-3 219
4 1772 150 0-3 203
5 1805 150 0-4 258
6 1800 150 0-4 289
7 1569 250 0-30 371
8 723 650 0-60 1077

Table 1: Statistics of ASAP data set.

4.2 Baseline

The baseline models for comparison are described
as follows.

EASE 5 is the best open-source system that par-
ticipated in the ASAP competition and ranked the
third place among 154 participants. EASE uses
regression techniques with handcrafted features.
Results of EASE with the settings of Support Vec-
tor Regression (SVR) and Bayesian Linear Ridge
Regression (BLRR) are reported in (Phandi et al.,
2015).

CNN+RNN Various deep neural networks
based on CNN and RNN for AES are studied
by (Taghipour and Ng, 2016). They combine CNN
ensembles and LSTM ensembles over 10 runs and
get the best result in their experiment.

Hierarchical LSTM-CNN-Attention (Dong
et al., 2017) builds a hierarchical sentence-
document model, which uses CNN to encode sen-
tences and LSTM to encode texts. The attention
mechanism is used to automatically determine the
relative weights of words and sentences in gener-
ating sentence representations and text represen-
tations respectively. They obtain the state-of-the-
art result among all neural models without pre-
training.

5http://github.com/edx/ease
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SKIPFLOW (Tay et al., 2018) proposes to use
SKIPFLOW mechanism to model the relationships
between snapshots of the hidden representations
of an LSTM. The work of (Tay et al., 2018) also
obtains the state-of-the-art result among all neural
models without pre-training.

Dilated LSTM with Reinforcement Learn-
ing (Wang et al., 2018) proposes a method using a
dilated LSTM network in a reinforcement learning
framework. They attempt to directly optimize the
model using the QWK metric which considers the
rating schema.

HA-LSTM+SST+DAT and BERT+SST+DAT
(Cao et al., 2020) propose to use two self-
supervised tasks and a domain adversarial training
technique to optimize their training, which is the
first work to use pre-trained language model to out-
perform LSTM based methods. They experiment
with both hierarchical LSTM model and BERT in
their work, which areHA−LSTM+SST+DAT
and BERT + SST +DAT respectively.

BERT2 (Yang et al., 2020) combines regres-
sion and ranking to fine-tune BERT model which
also outperforms LSTM based methods and even
obtains the new state-of-the-art.

4.3 Settings

To compare with the baseline models and further
study the effectiveness of multi-scale essay repre-
sentations, losses and transfer learning, we conduct
the following experiments.

Multi-scale Models. These models are opti-
mized with MSE loss, and BERT-DOC repre-
sents essays with document-scale features based
on BERT. BERT-TOK represents essays with
token-scale features based on BERT. BERT-DOC-
TOK represents essays with both document-scale
and token-scale features based on BERT. BERT-
DOC-TOK-SEG represents essays with document-
scale, token-scale, and multiple segment-scale fea-
tures based on BERT. Longformer (Beltagy et al.,
2020) is an extension for transformers with an
attention mechanism that scales linearly with se-
quence length, making it easy to process long doc-
uments. We conduct experiments to show that our
multi-scale features also works with Longformer
and can further improve the performance in long
text tasks. Longformer-DOC-TOK-SEG uses
document-scale, token-scale, and multiple segment-
scale features to represent essays, but based on
Longformer instead of BERT. Longformer-DOC

represents essays with document-scale features
based on Longformer.

Models with Transfer Learning. To transfer
learn from the out-of-domain essays 6, we addition-
ally employ a pre-training stage, which is similar
to the work of (Song et al., 2020). In this stage, we
scale all the labels of essays from out-of-domain
data into range 0-1 and pre-train the model on them
with MSE loss. After the pre-training stage, we
continue to fine-tune the model on in-domain es-
says. Tran-BERT-MS has the same modules as
BERT-DOC-TOK-SEG with pre-training on out-
of-domain data. MS means multiple scale features.

Models with Multiple Losses. Based on Tran-
BERT-MS model, we explore the performance of
adding multiple loss functions. Tran-BERT-MS-
ML additionally employs MR loss and SIM loss.
ML means multiple losses. Tran-BERT-MS-ML-
R incorporates R-Drop strategy (Liang et al., 2021)
in training based on Tran-BERT-MS-ML model.

For the proposed model architecture which is de-
picted in Figure 1, the BERT model in the left part
are shared by the document-scale and token-scale
essay representations, and the other BERT model in
the right part are shared by all segment-scale essay
representations. We use the "bert-base-uncased"
which includes 12 transformer layers and the hid-
den size is 768. In the training stage, we freeze
all the layers in the BERT models except the last
layer, which is more task related than other lay-
ers. The Longformer model used in our work is
"longformer-base-4096". For the MR loss, we set b
to 0. The weights α, β and γ are tuned according to
the performance on develop set. We use Adam op-
timizer (Kingma and Ba, 2015) to fine-tune model
parameters in an end-to-end fashion with learning
rate of 6e-5, β1=0.9, β2=0.999, L2 weight decay
of 0.005. The coefficient weight α in R-Drop is
9. We set the batch size to 32. We use dropout
in the training stage and the drop rate is set to 0.1.
We train all the models for 80 epochs, and select
the best model according the performance on the
develop set. We use a greedy search method to find
the best combination of segment scales, which is
shown in detail in Appendix A. Following (Cao
et al., 2020), we perform the significance test for
our models.

6For each prompt, we use all the essays from other prompts
in ASAP data set.
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ID Models P1 P2 P3 P4 P5 P6 P7 P8 Average
1 EASE(SVR) (Phandi et al., 2015) 0.781 0.621 0.630 0.749 0.782 0.771 0.727 0.534 0.699
2 EASE(BLRR) (Phandi et al., 2015) 0.761 0.606 0.621 0.742 0.784 0.775 0.730 0.617 0.705
3 CNN(10 runs) + LSTM(10 runs) (Taghipour and Ng, 2016) 0.821 0.688 0.694 0.805 0.807 0.819 0.808 0.644 0.761
4 Hierarchical LSTM-CNN-Attention (Dong et al., 2017) 0.822 0.682 0.672 0.814∗ 0.803 0.811 0.801 0.705 0.764
5 SKIPFLOW LSTM(Bilinear) (Tay et al., 2018) 0.830 0.678 0.677 0.778 0.795 0.807 0.790 0.670 0.753
6 SKIPFLOW LSTM(Tensor) (Tay et al., 2018) 0.832 0.684 0.695 0.788 0.815 0.810 0.800 0.697 0.764
7 Dilated LSTM With RL (Wang et al., 2018) 0.776 0.659 0.688 0.778 0.805 0.791 0.760 0.545 0.724
8 HA-LSTM+SST+DAT (Cao et al., 2020) 0.836 0.730 0.732 0.822 0.835 0.832∗ 0.821 0.718 0.790
9 BERT+SST+DAT (Cao et al., 2020) 0.824 0.699 0.726 0.859 0.822 0.828 0.840 0.726 0.791∗

10 R2BERT (Yang et al., 2020) 0.817 0.719 0.698 0.845 0.841 0.847 0.839 0.744 0.794∗

11 BERT-DOC-TOK-SEG 0.836 0.695 0.700 0.815 0.812 0.816 0.838 0.744 0.782
12 Tran-BERT-MS-ML-R 0.834 0.716 0.714 0.812 0.813 0.836 0.839 0.766 0.791∗

Table 2: Experiment results of all models in terms of QWK on ASAP. The name of our implemented models are in
bold. The bold number is the best performance for each prompt. The best 3 average QWK are annotated with ∗.

ID Models P1 P2 P8 Average
8 HA-LSTM+SST+DAT 0.836 0.730 0.718 0.761
9 HA-BERT+SST+DAT 0.824 0.699 0.726 0.750
10 R2BERT 0.817 0.719 0.744 0.760
12 Tran-BERT-MS-ML-R 0.834 0.716 0.766 0.772

Table 3: Experiment results of our model and the state-
of-the-art models on ASAP long essays (WordPiece
length are longer than 510). The name of our imple-
mented model is in bold.

4.4 Results

Table 2 shows the performance of baseline models
and our proposed models with joint learning of
multi-scale essay representation. Table 3 shows the
results of our model and the state-of-the-art models
on essays in prompt 1, 2 and 8, whose WordPiece
length are longer than 510. We summarize some
findings from the experiment results.

• Our model 12 almost obtains the published
state-of-the-art for neural approaches. For the
prompts 1,2 and 8, whose WordPiece length
are longer than 510, we improve the result
from 0.761 to 0.772. As Longformer is good
at encoding long text, we also use it to encode
essays of prompt 1, 2 and 8 directly but the
performance is poor compared to the meth-
ods in Table 3. The results demonstrate the
effectiveness of the proposed framework for
encoding and scoring essays. We further re-
implement BERT2 proposed by (Yang et al.,
2020), and our implementation of BERT2 is
not as well-performing as the published result.
Though (Uto et al., 2020) obtain a much bet-
ter result(QWK 0.801), our method performs
much better than their system with only neu-
ral features(QWK 0.730), which demonstrates
the strong essay encoding ability of our neural
approach.

• Compared to the models 4 and 6, our model 11
uses multi-scale features to encode essays in-
stead of LSTM based models, and we use the
same regression loss to optimize the model.
Our model simply changes the representation
way and significantly improves the result from
0.764 to 0.782, which demonstrates the strong
encoding ability armed by multi-scale repre-
sentation for long text. Before that, the con-
ventional way of using BERT can not surpass
the performance of models 4 and 6.

4.5 Further analysis
Multi-scale Representation We further analyze
the effectiveness of employing each scale essay
representation to the joint learning process.

Models Average QWK
BERT-DOC 0.760
BERT-TOK 0.764

BERT-DOC-TOK 0.768
BERT-DOC-TOK-SEG 0.782

Table 4: Performance of different feature scale models
on ASAP data set.

Models RMSE
BERT-DOC 0.742
BERT-TOK 0.760

BERT-DOC-TOK 0.691
BERT-DOC-TOK-SEG 0.607

Table 5: Performance of different feature scale models
on CRP data set. The evaluation metric is RMSE. Lower
numbers are better.

Table 4 and Table 5 show the performance of
our models to represent essays on different fea-
ture scales, which are trained with MSE loss and
without transfer learning. Table 4 shows the perfor-
mance on ASAP data set while Table 5 shows the
performance on CRP data set. The improvement of
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BERT-DOC-TOK-SEG over BERT-DOC, BERT-
TOK, BERT-DOC-TOK are significant (p<0.0001)
on CRP data set, and are significant (p<0.0001) in
most cases on ASAP data set. Results on both table
indicate the similar findings.

• Combining the features from document-scale
and token-scale, BERT-DOC-TOK outper-
forms the models BERT-DOC and BERT-
TOK, which only use one scale features. This
demonstrates that our proposed framework
can benefit from multi-scale essay representa-
tion even with only two scales.

• By additionally incorporating multiple
segment-scale features, BERT-DOC-
TOK-SEG performs much better than
BERT-DOC-TOK. This demonstrates the
effectiveness and generalization ability of our
multi-scale essay representation on multiple
tasks.

Models Average QWK
Longformer-DOC 0.746

Longformer-DOC-TOK-SEG 0.771

Table 6: Performance of multi-scale Longformer mod-
els on ASAP data set.

Reasons for Effectiveness of Multi-scale Rep-
resentation Though the experiment shows the ef-
fectiveness of multi-scale representation, we fur-
ther explore the reason. We could doubt that the ef-
fectiveness comes from supporting long sequences,
not the multi-scale itself. As Longformer is good
at dealing with long texts, we compare the re-
sults between Longformer-DOC and Longformer-
DOC-TOK-SEG. The results of the significance
test show that the improvement of Longformer-
DOC-TOK-SEG over Longformer-DOC are signif-
icant (p<0.0001) in most cases. Performance of the
two models are shown in Table 6, and we get the
following findings.

• Though Longformer-DOC supports long se-
quences encoding, it performs poor, which
indicates us that supporting long sequence
ability is not enough for a good essay scor-
ing system.

• Longformer-DOC-TOK-SEG outperforms
Longformer-DOC significantly, which
indicates the effectiveness of our model
comes from encoding essays by multi-scale

features, not only comes from the ability to
deal with long texts.

These results are consistent with our intuition
that our approach takes into account different level
features of essays and predict the scores more ac-
curately. We consider it caused by that multi-scale
features are not effectively constructed in the rep-
resentation layer of pre-trained model due to the
lack of data for fine-tuning in the AES task. There-
fore, we need to explicitly model the multi-scale
information of the essay data and combine it with
the powerful linguistic knowledge of pre-trained
model.

Models Average
BERT-DOC-TOK-SEG 0.782

Tran-BERT-MS 0.788
Tran-BERT-MS-ML 0.790

Tran-BERT-MS-ML-R 0.791

Table 7: Experiment results for transfer learning with
multiple loss functions and R-Drop .

Transfer Learning with Multiple Losses and
R-Drop We further explore the effectiveness of pre-
training with adding multiple loss functions and
employing R-Drop. As is shown in table 7, by in-
corporating the pre-training stage which learns the
knowledge from out-of-domain data, Tran-BERT-
MS model improves the result from 0.782 to 0.788
compared to BERT-DOC-TOK-SEG model. The
model Tran-BERT-MS-ML which jointly learns
with multiple loss functions further improves the
performance from 0.788 to 0.790. We consider it
due to the reason that MR brings ranking informa-
tion and SIM takes into account the overall score
distribution information. Diverse losses bring dif-
ferent but positive influence on the optimization
direction and act as an ensembler. By employing R-
Drop, Tran-BERT-MS-ML-R improves the QWK
slightly, which comes from the fact that R-Drop
plays a regularization role.

5 Conclusion and Future Work

In this paper, we propose a novel multi-scale es-
say representation approach based on pre-trained
language model, and employ multiple losses and
transfer learning for AES task. We almost obtain
the state-of-the-art result among deep learning mod-
els. In addition, we show multi-scale representation
has a significant advantage when dealing with long
texts.
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One of the future directions could be exploring
soft multi-scale representation. Introducing linguis-
tic knowledge to segment at a more reasonable
scale may bring further improvement.
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A Appendix

All the segment-scales we explore range from 10 to
190. The interval between two neighbor scales is 20.
As the combination number of all segment-scales
is exponential, we use a greedy search method to
find the best combination.

1. Initialize the segment-scale value set R as the
document-scale and token-scale.

2. Experiment the combination of each segment-
scale with the token-scale and document-scale
essay representation, and compute the average
QWK on develop set for all segment-scales,
which is denoted as QWKave. The scale with
higher QWK compared to QWKave is added
to the candidate scale list L and the scales in
L are sorted according to their QWK values
from large to small.

3. For each i from 1 to |L|, we perform ex-
periments on the combination of the first i
segment-scales in L with the token-scale and
document-scale. The combination segment-
scales with the best performance on develop
set are added to the segment-scale value set R
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Abstract

As using they/them as personal pronouns be-
comes increasingly common in English, it is
important that coreference resolution systems
work as well for individuals who use personal
“they” as they do for those who use gendered
personal pronouns. We introduce a new bench-
mark for coreference resolution systems which
evaluates singular personal “they” recognition.
Using these WinoNB schemas, we evaluate a
number of publicly available coreference res-
olution systems and confirm their bias toward
resolving “they” pronouns as plural.

1 Introduction

While singular “they” has been widely used in
the English-speaking world as a personal pro-
noun among nonbinary and other members of the
LGBTQIA+ community for many years, it has
taken time for this usage to be accepted by cis-
normative society at large. In particular, profes-
sional institutions’ acceptance of singular personal
“they” has been much slower, but seen some up-
take in recent years. The American Psychological
Association began accepting singular “they” as a
“self-identified pronoun” in 2019,1 the same year
Merriam-Webster added “nonbinary they” to their
dictionary and made it their word of the year. 2

As a result, English language models trained
exclusively on sources such as old newspaper arti-
cles are likely not exposed to examples of singular
“they” usage, in either the personal or generic set-
ting. Even models trained on more recent data may
miss this usage entirely if they rely on text that was
subjected to conservative style guides. This means
even state-of-the-art coreference resolution systems
may not have recognition of singular “they.”

In this work, we examine whether existing coref-
erence resolutions systems are able to correctly

1Via APA Style
2Via Merriam-Webster

(1a) The paramedic performed CPR on the pas-
senger even though they knew it was too
late.

(1b) The paramedic performed CPR on the pas-
senger even though they were already dead.

(2a) The paramedics tried to help Riley even
though they knew it was too late.

(2b) The paramedics tried to help Riley even
though they were already dead.

Figure 1: A (1) “Winogender” and corresponding (2)
“WinoNB schema”. The correct answers are bolded.

resolve cases of singular personal “they”. We find
that when given a choice between resolving “they”
correctly to a singular, named entity or to a group,
current systems overwhelmingly choose to resolve
“they” as plural or even choose not to resolve the
pronoun at all. We also investigate these systems’
recognition of singular generic “they” and find that
this is a much more easily recognized use-case for
some models. Overall, we find that models which
have been trained on more contemporary or stylis-
tically varied text that may contain examples of
singular “they” to have the best performance in
both the personal and generic case.

While failing to correctly resolve uses of singu-
lar personal “they” may feel like a trivial case to
those who do not use it as their personal pronoun,
this can cause a number of allocational and repre-
sentational harms (Barocas et al., 2017; Blodgett
et al., 2020; Cao and Daumé III, 2020; Dev et al.,
2021). For example, a difference in coreference
resolutions system performance between nonbinary
people who use they/them pronouns and their peers
who use binary personal pronouns would consti-
tute a representational harm. This difference in
performance can lead to allocational harms when
coreference resolution is used in down-stream tasks
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such as ranking authors based on citation counts in
the bodies of texts (Dev et al., 2021).

2 Relevant Datasets

To evaluate coreference resolution systems’ under-
standing of singular personal “they”, we follow
existing work (Rudinger et al., 2018; Zhao et al.,
2018) that uses Winograd schemas to test for gen-
der bias in such systems. The Winograd Schema
Challenge (WSC) dataset consists of pairs of sen-
tences in which there are two possible referents for
a pronoun (Levesque et al., 2012). Based on a small
edit, the pronoun in each sentence in a pair resolves
to the opposite referent. These schemas’ resolu-
tions are designed to be obvious to a human reader
but require deeper knowledge of the given situation
for a model to understand them. Beyond the origi-
nal WSC schemas, Rahman and Ng (2012) provide
a set of definite pronoun resolution schemas (DPR)
that focus on complex cases of definite pronouns
that require world knowledge.

Multiple Winograd-style datasets exist to bench-
mark gender bias in coreference resolution systems.

Winogender schemas (Rudinger et al., 2018)
use an occupation and a participant as their two
possible referents. The correct resolution is clear
from commonsense knowledge about what the per-
son with the given occupation should be doing in
the scenario. For example, in Figure 1, we know
it doesn’t make sense for the occupation referent
“the paramedic” to be dead. We can see in the pair
of paramedic examples how, by editing the circum-
stance (i.e., someone is already dead vs someone
knows it is too late), we can change the correct
resolution. These schemas are used to confirm that
coreference resolution systems are more likely to
choose interpretations that match with occupational
gender stereotypes instead of the scenario.

WinoBias schemas (Zhao et al., 2018) are con-
structed similarly, though both possible referents
are an occupation. These schemas are also split
between cases in which the correct resolution can
be found using purely syntactic information and
cases that contain no syntactic clues, instead re-
quiring deeper knowledge about the circumstance.
Zhao et al. (2018) used these schemas to show that
resolution systems will continue to make interpre-
tations based on gender stereotypes, even when the
correct answer can be chosen using only syntactic
information.

Beyond the Winograd-style datasets we use in
this work, there are a number of other corefer-
ence resolution datasets that focus on gender bias.
GAP (Webster et al., 2018) consists of naturally-
occurring ambiguous pronouns. It is balanced be-
tween male and female referents, but does not in-
clude instances of gender-neutral usage.

Cao and Daumé III (2020) investigate corefer-
ence resolution systems’ ability to resolve gen-
der neutral pronouns. Their work introduces two
datasets: MAP and GICoref. MAP removes so-
cial gender cues such as gendered pronouns and
semantically gendered nouns from the GAP dataset.
They find that these changes dramatically decrease
the accuracy of coreference systems. The GICoref
dataset consists of naturally occurring text with
examples of pronoun usage that are less common
in prior datasets such as personal singular “they”,
neopronouns, and switching pronouns throughout a
document. They find that coreference systems still
have opportunity for improvement on this dataset,
especially in the case of neopronouns. While their
datasets contain ambiguous cases of singular per-
sonal “they”, they do not explicitly test for coref-
erece resolution systems’ understanding of the sin-
gular vs plural personal case. Our work is com-
plementary to Cao and Daumé III (2020) as we
focus on controlled experiments with constructed
schemas (§3) rather than uncontrolled but naturally
occurring text.

3 WinoNB Schemas

Winogender and Winobias schemas do not consider
understanding of singular personal vs plural “they”.
While Winogender schemas do include sentences
using singular “they”, their two possible resolu-
tions were both to individual referents. This means
the tested systems had no choice to resolve “they”
as a plural pronoun. Additionally, neither the occu-
pation nor the participant referent in Winogender
schemas is a specific, named person.

We would like to consider understanding of sin-
gular “they” when used as a personal pronoun. To
do this, we modify appropriate schemas by hand
from the Winogender, Winobias, WSC, and DPR
datasets to create “WinoNB schemas”.

To modify Winogender schemas into WinoNB
schemas, we begin by changing the occupation ref-
erent to be a group of people and the participant to
be a named individual. We will not use occupations
to test for gender bias as Rudinger et al. (2018) did,
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but instead use them to make the scenario and the
correct resolution more clear. In example 2a of
Figure 1, it is sensible for the people with medical
training to “know it was too late”, but this could
be more ambiguous if neither Riley nor the group
explained to have medical training.

We further edit the schemas as necessary to en-
sure that the resulting sentences make sense. For
instance, in Figure 1, we can see that it wouldn’t
have made sense for multiple paramedics to “per-
form CPR”. Instead, we have the paramedics “try
to help” the individual.

We also had many cases in which using “The
[Occupation]s” was confusing as it sounded as
though a group of people with the occupation were
acting (or being acted upon) together. For instance,
in “The physicians warned Riley that they needed
to get more rest,” it sounds as though a group of
physicians are all giving Riley advice at once. In
these cases, we change “The physicians” out for
“Several physicians” so the sentence can be inter-
preted as Riley getting the advice from different
physicians on multiple occasions.

We apply this same methodology to the Wino-
Bias, WSC, and DPR datasets. We exclude ex-
amples with non-human referents (such as “The
dog chased the cat, which ran up a tree. It waited
at the {bottom/top}”) and examples in which the
scenario will not make sense with a singular and
plural referent. This left 4077 templates that can be
filled with individuals’ names. The split between
cases in which the pronoun should be interpreted as
singular or plural was not perfectly even (with one
more plural case than singular) as some datasets
provided more than two possible predicates for a
handful of scenarios. As our analysis will consider
accuracy on the set of plural and singular cases
individually, this slight imbalance will not affect
the result.

The authors performed the edits to turn the ex-
isting Winogender, WinoBias, WSC, and DPR
schemas into WinoNB schemas manually. A ran-
dom subset of 100 of the templates (25 from each
source) were verified by a fluent English speaker
who resolved the pronouns with 96% accuracy.

3.1 Choice of Names

Since we are examining singular “they” as a per-
sonal pronoun, we will need to use the names of
people in our examples. Due to biases in training
data, pre-trained language models may not treat all

names equally on downstream tasks (Shwartz et al.,
2020).

To help account for this, we used 15 names to fill
the individual’s slot in each template. 10 of these
were common AMAB (assigned male at birth) and
AFAB (assigned female at birth) baby names, and
5 were baby names that were not strongly assigned
to either (See Appendix A.1).

3.2 Using Singular Generic “They”

While some people find cases of singular personal
“they” to be hard to resolve, singular generic “they”
[is accepted by more people]. As Foertsch and
Gernsbacher (1997) found, while singular “they”
is less cognitively efficient than a binary pronoun
when the gender of the referent is presumably
known, generic singular “they” can be equally if
not more cognitively efficient than a binary gen-
dered pronoun.

To test if coreference resolution systems are
more able to handle singular generic “they” than
singular personal, we created an additional set of
WinoNB schemas which use the generic “someone”
instead of a named person for the singular referent.
For instance, Example 2b in Figure 1 would be
changed to “The paramedics tried to help someone
even though they were already dead.”

4 Results and Discussion

We evaluate a representative but not exhaustive
set of five coreference resolution systems on our
WinoNB schemas. First, we use Clark and Man-
ning (2016)’s deep reinforcement learning system,
which we will refer to as C&M. We call Lee
et al. (2018)’s model with attention-based span
representation refinement End-to-End. Both of
these models were trained on the CoNLL-2012
dataset (Pradhan et al., 2012) which consists of
coreference resolution problems in OntoNotes 5.0
(Weischedel et al., 2012). OntoNotes contains text
from sources such as Newswire and magazines. We
will also evaluate Hugging Face’s model, which
we call C&M++, which builds on C&M (Wolf,
2017). C&M++ was also trained on OntoNotes.
Finally, we will evaluate BERT (Joshi et al., 2019)
and Span-BERT (Joshi et al., 2020), whose orig-
inal pre-training was done on the BooksCorpus
(Zhu et al., 2015) and English Wikipedia with fine-
tuning on OntoNotes.
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Figure 2: Model accuracies on WinoNB schemas containing different usages of “they”. These results are also shown
as a table in Appendix A.2

4.1 Singular Personal “They” vs Plural
“They”

First, we consider how well each of our models
performs on the examples using singular personal
vs plural “they”. As we can see in Figures 2a and
2b, the difference in performance is stark. On aver-
age, the models are 94.8% less likely to correctly
resolve a WinoNB schema that uses singular per-
sonal “they” than one that uses plural “they”.

The different datasets did not exhibit a consis-
tent ordering of difficulty across models. Using
a Friedman Test (Friedman, 1937, 1940), we find
that the ranking of the accuracies of each model
over all datasets are not significantly different at
the p < .05 level. However, using paired t-tests,
we find that some models have significantly differ-
ent performances (p < .05) on individual schema
sources.

We find that BERT-base (which achieved about
3× the average accuracy on the singular personal
case) has significantly better performance on three
of the datasets, and its results are not significantly
different from the other models on the dataset in
which it underperforms. The three non-BERT-
based models were all trained on OntoNotes 5.0,
a dataset that is unlikely to contain instances of
singular personal “they”. Sampling 100 sentences
from OntoNotes 5.0 that contain a they/them pro-
noun, we found no cases of singular personal
“they”.3 While the BERT models were fine-tuned

3We did find cases where of singular “they” referring to an
instiution such as “Kraft Foods”. In many cases, the number
of the pronoun was ambiguous given without larger context
of the full document. As the OntoNotes entries from web
data consist only of single sentences (Weischedel et al., 2012),
some of these examples’ number could not be determined, but
there was no evidence to suggest that any were intended to be

on OntoNotes, their pre-training on the BooksCor-
pus and Wikipedia may have contained singular
personal “they” with Wikipedia officially allowing
and encouraging the use of singular “they” since
at least 2017.4 From this, we may speculate that
the BERT models’ relative success in handling sin-
gular personal “they” comes from exposure to the
concept during pre-training.

While Span-BERT would have received simi-
lar exposure during pre-training, Span-BERT-base
achieved a significantly lower accuracy than BERT-
base on most WinoNB datasets. Since Joshi
et al. (2020) reported that Span-BERT outper-
forms BERT on OntoNotes, we speculate that Span-
BERT’s lower WinoNB accuracy comes from opti-
mizing for OntoNotes, which may require a depri-
oritization of any knowledge of singular personal
“they” gleaned from pre-training.

BERT’s increased accuracy may also have its
drawbacks. While Figure 2a focuses solely on how
many pronouns were correctly resolved as singu-
lar, many of the mistaken examples were either
resolved to an unrelated entity or received no res-
olution at all. BERT-base failed to resolve 5.15%
of singular personal “they” examples to the group
or the individual. This rate is more than double the
average rate of such failures over all models.

4.2 Singular Personal “They” vs Singular
Generic “They”

Beyond cases of singular personal “they”, we also
considered examples of singular generic “they” in
which the individual referent is “someone”, not a
named person. As we can see in Figure 2c, the

singular, let alone singular personal.
4Via English Wikipedia’s gender-neutral language policy
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models overall are much more able to handle sin-
gular generic “they”, reaching an average 31.2%
accuracy on these cases. The models were, on av-
erage, 6.4× more likely to correctly resolve a case
of singular generic “they” versus singular personal.

4.3 Effects of Gendered Name Associations

By using a variety of names traditionally given
to AFAB or AMAB babies or neither, we can in-
vestigate the effect of gender association of the
individual’s name on the models’ willingness to
choose the singular personal reading of “they”. We
do see some subtle differences in the results on
these differently gendered names. For instance,
BERT-base was about 7.5% more likely to incor-
rectly resolve Winogender-sourced schemas with
traditionally AMAB names than AFAB or neutral
names. These differences in performance were sig-
nificant at the p < .05 level.

Overall, we find that in cases with significant dif-
ference in performance across differently gendered
names, the models generally incorrectly resolve
cases of singular personal “they” that ought to refer
to masculine names. This could mean that these
models more strongly associate common AMAB
names with he/him pronouns than they do common
AFAB names with she/her.

5 Conclusion

We have introduced “WinoNB schemas”, a set of
pronoun resolution pairs that test recognition of sin-
gular personal, singular generic, and plural “they”
in English coreference resolution. These schemas
are adapted from four existing sets of Winograd
schemas. Testing on five publicly available off-the-
shelf coreference models, we demonstrated that
current models largely do not interpret “they” as a
singular personal pronoun, though they are more
likely to accept singular generic “they”. We infer
that this is due to popular training datasets largely
containing text from times and settings in which
singular personal “they” is unlikely to have been
used. We find that BERT models, which may have
seen cases of singular personal “they” during pre-
training, are most able to solve WinoNB schemas.

WinoNB schemas can only demonstrate the ex-
istence of bias against nonbinary people, not its
absence. Our methodology relies on “they” hav-
ing both singular and plural usages, so it cannot
be used to test for understanding of neopronouns
such as xe/xem/xyr. A coreference resolution sys-

tem can handle WinoNB schemas well and still
perform poorly for members of the nonbinary com-
munity who use neopronouns or switch between
multiple sets of pronouns. Still, these schemas can
serve as a jumping-off point for creating and evalu-
ating future models that better serve the nonbinary
community.
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A Appendix

A.1 Names

We use name popularity data from 2013 that was
collected from the Social Security Administration
(SSA) and Five Thirty Eight, who also use this
SSA data. Neutral names were chosen such that the
gender ratio was not more than 7:3 in favor of either
binary gender. Note that having a weak gender
association as a baby name is neither a necessary
nor sufficient condition for a name to be popular
among nonbinary people. For our purposes, SSA
data was the most readily available.

Gender
Association Name % AFAB

fem Sophia 99.88%
fem Emma 99.91%
fem Olivia 99.87%
fem Isabella 99.90%
fem Ava 99.89%
masc Noah 0.44%
masc Jacob 0.13%
masc Liam 0.12%
masc Mason 0.41%
masc William 0.08%

neutral Casey 41.57%
neutral Riley 49.23%
neutral Jessie 52.21%
neutral Jackie 57.86%
neutral Avery 66.47%

Table 1: Gendered names used to fill WinoNB tem-
plates.
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winogender winobias WSC DPR all
End-to-End 0.013 0.007 0.037 0.013 0.008

C&M 0.000 0.010 0.012 0.016 0.010
Singular Personal C&M++ 0.016 0.011 0.075 0.016 0.013

BERT 0.199 0.146 0.060 0.141 0.145
SpanBERT 0.090 0.069 0.002 0.018 0.067
End-to-End 0.944 0.985 0.965 0.986 0.984

C&M 0.983 0.956 0.988 0.932 0.956
Plural C&M++ 0.998 0.990 0.909 0.983 0.988

BERT 0.949 0.836 0.944 0.966 0.846
SpanBERT 0.996 0.918 0.936 0.992 0.924
End-to-End 0.200 0.443 0.047 0.108 0.416

C&M 0.033 0.010 0.023 0.014 0.011
Singular Generic C&M++ 0.000 0.019 0.071 0.014 0.020

BERT 0.467 0.645 0.209 0.311 0.618
SpanBERT 0.350 0.515 0.163 0.149 0.490

Table 2: Model accuracies on WinoNB schemas containing different usages of “they”.

A.2 Reformatted Results
For readability, we include the same results from
Figure 2 in Table 2.

A.3 Licence Information for Used Datasets
and Models

Winogender (Rudinger et al., 2018), Winobias
(Zhao et al., 2018), C&M (Clark and Manning,
2016), and C&M++ (Wolf, 2017) are released un-
der MIT licenses. End-to-End (Lee et al., 2018),
BERT (Joshi et al., 2019), and Span-BERT (Joshi
et al., 2020) are released under Apache License 2.0.
WSC (Levesque et al., 2012) are released under
a Creative Commons Attribution 4.0 International
License. We did not find license information for
DPR (Rahman and Ng, 2012). Our use of these
data and models does not conflict with the licenses’
stated access conditions.
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Abstract

Recently, several studies on propaganda de-
tection have involved document and fragment-
level analyses of news articles. However,
there are significant data and modeling chal-
lenges dealing with fine-grained detection of
propaganda on social media. In this work,
we present TWEETSPIN, a dataset containing
tweets that are weakly annotated with different
fine-grained propaganda techniques, and pro-
pose a neural approach to detect and categorize
propaganda tweets across those fine-grained
categories. These categories include specific
rhetorical and psychological techniques, rang-
ing from leveraging emotions to using logical
fallacies. Our model relies on multi-view repre-
sentations of the input tweet data to (a) extract
different aspects of the input text including the
context, entities, their relationships, and exter-
nal knowledge; (b) model their mutual inter-
play; and (c) effectively speed up the learning
process by requiring fewer training examples.
Our method allows for representation enrich-
ment leading to better detection and categoriza-
tion of propaganda on social media. We verify
the effectiveness of our proposed method on
TWEETSPIN and further probe how the implicit
relations between the views impact the perfor-
mance. Our experiments show that our model
is able to outperform several benchmark meth-
ods and transfer the knowledge to relatively
low-resource news domains.

1 Introduction

Propaganda refers to any idea or information, that
is often false or exaggerated, and is used to promote
or publicize a particular cause or point of view. In
recent years, there has been a surge in research and
development of methods to detect propaganda from
text. For example, some of the earlier works like
(Rashkin et al., 2017a) and (Barrón-Cedeno et al.,
2019) released a corpus of news articles containing
coarse-grained document-level annotation of pro-
paganda. Da San Martino et al. (2019b) described

a corpus of news articles containing annotations of
18 fine-grained propaganda techniques. Following
this work, two subtasks were presented as a part of
NLP4IF workshop (Da San Martino et al., 2019a)
that focused on the identification of propagandist
text units at fragment and sentence level.

We believe that the challenge for this task lies in
the varied nature of propaganda techniques, includ-
ing cognitive and information distortion and logical
fallacies. The challenges are further exacerbated in
the social media setting, which has become a key
battleground in the spread of propaganda. Research
on propaganda detection in social media platforms
like Twitter has been limited by the: (a) lack of suf-
ficiently annotated social media propaganda data,
(b) idiosyncratic nature of the content on social
media, (c) difficulty in modeling the social con-
text in which propaganda is disseminated, and (d)
varying propaganda techniques that require factual
knowledge, structural relationships, and reasoning
abilities.

In this work, we address a subset of both the
data and modeling challenges. First, we introduce
TWEETSPIN, a corpus of tweets containing weak
labels of fine-grained propaganda techniques. We
accomplish this through a data collection pipeline
that incorporates keyword-based search and users
calling out propaganda techniques publicly on Twit-
ter (see Figure 1 for examples). Next, we present
a transformer-based multi-view propaganda detec-
tion model, MV-PROP, that identifies varied aspects
of the textual data using multi-view contextual em-
beddings and captures their interaction via pairwise
cross-view transformers. The main contributions
of this work are described as follows:
(1) Creation of the TWEETSPIN corpus containing
weak annotations of fine-grained propaganda tech-
niques for tweets.
(2) An end-to-end Transformer-based MV-PROP

model augmented with multiple views that infuse
context, relational information and external knowl-
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Figure 1: Data from TWEETSPIN where users are being
called out for using specific propaganda techniques.

edge into the representation and capture their pair-
wise interactions through cross-view transformers.
To the best of our knowledge, this is the first study
that incorporates such multi-view representations
for the propaganda detection task.
(3) We conduct experiments using TWEETSPIN

to demonstrate the capability of our model in
detecting fine-grained propaganda techniques for
tweets. We also demonstrate the transferability of
our model to data from the news domain.

2 Related Work

This work is closely related to a broad spectrum
of topics, including offensive language detection,
computational argumentation, and fake news de-
tection. Some of the propaganda techniques might
overlap with the categories of argumentation tech-
niques (e.g., strawman argument) or offensive lan-
guage (e.g., name-calling). However, there are
considerable variations in propaganda techniques
across different social contexts. Thus, methods
used for the detection of offensive language or ar-
gumentation techniques may not be directly trans-
ferable to fine-grained propaganda detection. In
this section, we review the prior researches in two
main areas that are relevant to our work – (a) pro-
paganda analyses and detection and (b) multi-view
representation learning.

Propaganda Analyses and Detection Research
in propaganda detection has primarily focused on
document-level analysis. A work by Rashkin et
al. (Rashkin et al., 2017b) constructed a corpus
of news stories from eight different sources and
labeled them with four broad categories – pro-
paganda, hoax, trusted, and satire. Barron et al.
(Barrón-Cedeno et al., 2019) addressed some of
the limitations of the previous work by obtaining
more data using distant supervision. They explored
a range of features such as keywords, rich repre-
sentations, writing styles, and readability level to
discern propaganda text from other forms of news

stories by casting it as a binary classification prob-
lem. More recently, there has been a dedicated line
of research aimed at identifying fine-grained propa-
ganda methods at the fragment level (Da San Mar-
tino et al., 2019b,a). This involved a manually an-
notated corpus flagging specific text spans in news
articles as containing one of 18 propaganda tech-
niques beyond the binarized setting used earlier.
Various text classification models (Da San Martino
et al., 2019a; Alhindi et al., 2019) incorporating
TF-IDF features (Li et al., 2019) and contextual
representations (e.g. BERT (Zellers et al., 2019),
RoBERTa and ELMo (Cruz et al., 2019)) have been
proposed to handle this fragment-level task. To
detect propaganda on social media, many studies
(Williamson III and Scrofani, 2019; Caldarelli et al.,
2020) utilize datasets that contain propaganda con-
tent spread on social media by Russian-based IRA
(Farkas and Bastos, 2018; Miller, 2019) or extrem-
ists (Johnston and Weiss, 2017; Nizzoli et al., 2019).
Subsequent works investigated the influence of pro-
paganda on public opinion (Caldarelli et al., 2020)
and the techniques applied to disseminate targeted
political agenda (Gorrell et al., 2019). Another
recent work (Wang et al., 2020b) leveraged cross-
domain learning approach to label propagandistic
content. Wang et al. (2020b) implement different
classifiers using different informative features and
constraints based on labeled documents and sen-
tences from news and tweets to detect propaganda
within and across domains. Most of these works
either apply bot or troll detection techniques or ap-
ply feature engineering methods to conduct binary
classification of propagandistic content.

Multi-View Representation Learning Multi-
view representation learning has numerous appli-
cations involving images, texts, graphs or videos.
A line of work in computer vision has extensively
studied the benefits of multi-view representation
in embedding social images (Gong et al., 2014),
object detection (Chen et al., 2017), viewpoint clas-
sification (Su et al., 2009), shape/face recognition
(Chen et al., 2017; Su et al., 2015; Li et al., 2016),
to list a few. However, there has been a limited ex-
ploration of multi-view representation explicitly for
texts. For instance, the widely used Seq2Seq with
attention module (Bahdanau et al., 2014), used in
several state-of-the-art NLP tasks, can be seen from
the the perspective of multi-view fusion where in-
formation from different time-steps are fused and
encoded together into a semantic representation.
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More recently, a work by (Bian et al., 2020) fo-
cused on learning to match a resume with a rele-
vant job using multi-view representation learning
approach.

Unlike previous studies that either focused on
news articles or individual social media posts, our
work performs a fine-grained analysis of propa-
ganda for tweets considering the importance of
the discussion context. Furthermore, we collect
a weakly-annotated corpus of tweets associated
with different propaganda techniques and develop
a multi-view learning approach that has not yet to
the best of our knowledge been explored for propa-
ganda detection.

3 Problem Definition

Given an input tweet text along with a discussion
context, our goal is to predict if the input text ex-
hibits any propaganda techniques. Determining
the propaganda technique of the input tweet can
be formulated as a multi-class classification prob-
lem. In this work, we denote the input tweet text
as Ti = [w1, w2, .., wNi ], where Ni is the sequence
length of the input text. Each tweet text may be
accompanied by a context Ci = [T1, T2, ..., Ti−1],
referring to M prior tweets in the discussion thread
related to the input tweet Ti. Every input text
might not necessarily contain a context (in such
a case, M = 0). In this task, the target is to de-
velop a model that can learn a mapping function
f : T 7→ pk, where k ∈ 1, 2, ..., L, pk ∈ P indi-
cates one of the L propaganda labels and p1 de-
notes the special case of non-propaganda category
or absence of any propaganda technique.

4 TWEETSPIN

We construct a dataset of English-language tweets,
referred to as the TWEETSPIN corpus, contain-
ing weak annotations of 18 propaganda techniques
same as in (Da San Martino et al., 2019b). Table
B1 shows the full statistics of our dataset.

Our data collection pipeline consists of three
components: (a) propaganda keyword expansion,
(b) keyword-based tweet retrieval, (c) tweet filtra-
tion and (d) data augmentation.
Propaganda Keyword Expansion: For each pro-
paganda technique, we select the name of the tech-
nique as the initial keyword. This works well for
techniques that cannot be easily characterized by
specific lexical patterns. Typical examples of such
techniques include red herring, obfuscation, causal

oversimplification, and strawmen. Additionally,
we expand the list of keywords related to some of
the propaganda techniques by combining informa-
tion from publicly available resources including
technique-specific phrases, idioms, and examples
listed in Table B2.

Keyword-based Tweet Retrieval: We use Twit-
ter’s standard search API to ingest tweets based on
the keywords identified from the previous step. We
enclose the keywords or phrases within quotation
marks. We observed that many Twitter users explic-
itly call out any usage of specific propaganda tech-
niques in their discussions on the platform. There-
fore, we select quoted tweets and replies contain-
ing keywords related to the propaganda techniques.
Additionally, we search for tweets containing both
the word "you" along with the identified keywords
to capture instances where the users call out the
usage of propaganda techniques.

Tweet Filtration: Given the tweets retrieved based
on the keywords, we remove tweets that are ex-
tremely short (less than 5 words) and those that
are replies to tweets from deleted or protected ac-
counts. For the remaining tweets, we collect the
discussion thread for each tweet which provide the
context for the tweet. Though the tweet threads
may involve complex tree structures with different
reply branches, we are only interested in the spe-
cific branch of the tree that contains the tweet being
called out for using specific propaganda techniques.
In tweet threads that are long (>50 tweets in a dis-
cussion thread), not all tweets in the discussion
context might be important for the classification
task. Thus, we apply temporal filtering on such
discussion threads, where we only retain the source
tweet and discussion context that falls in a 7-day
window before a particular tweet was being called
out as propagandistic.

Data Augmentation: We adopt data augmenta-
tion strategies to handle potential data scarcity and
also address the problem of overfitting. We em-
ploy linguistically informed transformations of text
to prevent meaning distortion leading to new mis-
classification errors (Li et al., 2020). Hence, we
randomly select 10% of examples from each class
from our training set and perform linguistically in-
formed augmentations using the code from Li et al.
(2020).

Manual Validation of TWEETSPIN We randomly
sampled 1,000 samples from the TWEETSPIN cor-
pus containing the tweet to be classified, the prior
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context, and anonymized user information indicat-
ing if the text in the discussion context is from the
same user or a different user. Three MTurk workers
annotated each of these samples with one of the 19
propaganda techniques (18 techniques + 1 for non-
propaganda). The definitions of the propaganda
techniques were made available to the MTurk work-
ers for reference. The inter-rater reliability as cal-
culated using Fleiss’ κ was 0.85, indicating a sub-
stantial agreement between the annotators. The
agreement between the labels in our corpus and the
labels provided by the annotators (through majority
agreement) was 89.3%, indicating the relative high
fidelity of our corpus, especially given its reliance
on a weak-annotation scheme.

5 MV-PROP: Multi-View Propaganda
Detection

Here, we describe our proposed model for fine-
grained propaganda detection on social media. Un-
like the fragment-level classification task used for
propaganda detection in news articles, we formu-
late this problem as a text classification task where
we aim to map the input tweet text to one of the
several propaganda labels conditioning on the dis-
cussion thread context if it exists (as explained in
Section 3). Figure 2 illustrates the overview of our
model architecture. Inspired from the literature in
multi-modal learning (Tsai et al., 2019), we pro-
pose a transformer-based multi-view propaganda
detection model, MV-PROP, that integrates multi-
view contextual embeddings via pairwise cross-
view transformers. The main motivation behind
such a modeling choice comes from the fact that
different propaganda techniques require focus on
varying aspects of the data. For example, propa-
ganda techniques like loaded language can be iden-
tified from the usage of specific words or phrases,
while repetition or red herring necessitates a con-
textual understanding of the tweet. Similarly, most
propaganda techniques can benefit from word sense
disambiguation and entity information that can
be accumulated from external knowledge sources.
Thus, the fine-grained differences between these
propaganda techniques call for multi-view repre-
sentations that can unravel such variations in the
data. Our MV-PROP model comprises the follow-
ing components:
Multi-View Encoding Layer, which computes
multi-view representation from input tweet Ti and
context Ci.

Cross-View Transformer, that reinforces repre-
sentations obtained from a specific view with those
computed from another view. We compute this for
all pairs of such cross-view transformers.
Classification Layer, which fuses the embeddings
from the previous step and computes the likelihood
of the input tweet with the given context belonging
to a particular propaganda label.

5.1 Multi-View Encoding Layer

In this work, we compute three different views: (a)
context-aware semantic view, which derives seman-
tic representation from text and context by leverag-
ing a pre-trained language model, (b) relationship
structure view, that calculates a relational represen-
tation by applying relation-based graph neural net-
work on dependency graph and speaker-dependent
context graph, and (c) knowledge-enriched view,
which enriches the input tweet embedding with dif-
ferent kinds of knowledge. We discuss them in
detail in subsequent sections.

5.1.1 Context-Aware Semantic View
The accompanying discussion context of a tweet
can significantly shift how the tweet is perceived
and hence plays a critical role in determining the
propaganda technique used in the given tweet.
Therefore, we employ a hierarchical incremental
transformer encoder to obtain a context-aware se-
mantic representation of the tweet text. Inspired
from some of the existing hierarchical approaches
(Zhang et al., 2019; Liu and Lapata, 2019), we im-
plement a two-level transformer encoding process:
(a) a tweet encoder fT that operates at the word-
level to transform each tweet into an embedding
including those in the discussion thread and (b) a
context encoder fC that enriches the input tweet
representation by capturing the influence of the pre-
vious tweets in the discussion thread relevant to our
classification task. Thus, we learn a context-aware
semantic view of the given input tweet.

We utilize a BERT-based pretrained language
model (Devlin et al., 2018) as our tweet encoder,
fT . Each tweet Tj = [w1, w2, ...wNj ] is fed to the
wordpiece tokenization algorithm. Here Nj is the
number of words in the tweet text. We add special
tokens [CLS] and [SEP ] at the start and end of
the tokenized tweet token list. We feed each tweet
text into the BERT model and produce contextual
word embedding as:

Ĥj = [ĥ1j , ĥ
2
j , ..., ĥ

Nj
j ] = fT (Tj) = BERT (Tj) (1)
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Figure 2: Illustration of our MV-PROP model.

We obtain an overall tweet embedding by perform-
ing a maxpool operation on the contextual word
embeddings intended primarily to retain the impor-
tant information in each dimension:

hsj = maxpool(Ĥj) (2)

The choice of maxpool was made after considering
other options like average pooling and [CLS] token
representation. We found the maxpool worked best
for our classification task.

Given an input tweet Ti and its prior context
{Tk}i−1k=1, we account for the sequence information
in the discussion context by performing an element-
wise summation of the tweet embedding hsj with
the positional embedding pk. We compute the po-
sition incorporated tweet context embeddings as:

C(<i) = [hs1, h
s
2, ..., h

s
i−1]⊙ [p1, p2..., pi−1] (3)

Since our goal is to detect the propaganda tech-
nique used in the input tweet by conditioning on
the prior context, we enrich the input tweet em-
bedding using the information from the computed
context embeddings C(<i). This is done by feed-
ing the input tweet and the context representations
to a context encoder, fC , comprising NC trans-
former encoding layers. However, we introduce an
additional context-attention sub-layer in the trans-
former layer that integrates discussion context into
the encoder. This is implemented as:

U (l) = MHATT(Ĥ
(l−1)
i , Ĥ

(l−1)
i , Ĥ

(l−1)
i )

V (l) = MHATT(U (l), C(<i), C(<i))

H
(l)
i = FFN(V (l))

Hcas = H
(NC)
i

(4)

where l refers to the lth context encoding layer,
l ∈ 1, 2, ..., NC , MHATT and FFN refer to the
multi-head attention step and feed-forward network
in each transformer encoding layer and H1

i = Ĥi,

C(<t) is the prior discussion context embedding as
computed in Equation 3 and H(l)

i is the embedding
of the input tweet at the lth layer. The output from
the NC-th layer is the final context-aware semantic
view Hcas of the input tweet Ti.

5.1.2 Relationship Structure View
The goal of this view is to compute a hierarchi-
cal relational embedding that captures two main
aspects: (a) dependency graph-based structural in-
formation from individual tweets and (c) speaker-
dependent structural relationships from the discus-
sion context. First, we intuit that a representa-
tion that encapsulates the syntactic structures ex-
plicitly and learns relationships between specific
words and phrases can better guide the propaganda
detection model. We explain the reason as fol-
lows. Certain words can express an attitude or
sentiment towards specific key terms or entities in
the sentence. Despite the advantages of using flat
attention-based models, the limitations of assigning
higher attention scores to irrelevant words or wrong
associations can lead to performance degradation.
Additionally, we differentiate between the input
tweet user’s previous tweets and the other users’
tweets in the discussion context. We believe that
self-dependency (relationship between input tweet
user’s previous tweets in the context) and inter-
speaker dependency (relationship between input
tweet with other users’ tweets in the context) can
be critical to understanding the speaker motivation
(or intention) or attitudinal/sentiment shifts in the
conversation. Therefore, both these aspects require
the extraction of some form of structural relation-
ship. Recently, graph neural networks (Scarselli
et al., 2008; Schlichtkrull et al., 2018; Kipf and
Welling, 2016; Veličković et al., 2017) have been
applied to tackle challenges in effective representa-
tion of nodes from graph-structured data and have
proven effective in a number of NLP applications
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such as aspect-level sentiment analysis (Huang and
Carley, 2019; Wang et al., 2020a), reading com-
prehension (Tu et al., 2019; Zhang, 2020; Song
et al., 2018) and relation extraction (Fu et al., 2019;
Zhang et al., 2018). However, most of the models
like graph-convolution networks (GCN) (Kipf and
Welling, 2016) or graph attention networks (GAT)
(Veličković et al., 2017) operate on homogeneous
links or edges. In our work, we introduce a hierar-
chical relation-based graph neural network that can
aggregate incoming information from neighbors
depending on the edge type.

First, we perform coreference resolution1 given
the discussion context tweets and replace the men-
tions with proper entity information. Next, We
apply a dependency parser from (Kong et al., 2014;
Liu et al., 2018) to transform a tweet text into a
dependency parse graph G. This graph is denoted
as G = (V, E ,R) where a node refers to a word
in the tweet text (vk ∈ V ) and a labeled edge indi-
cating a dependency relation between two words
(vk, r, vm) ∈ E , where r ∈ R is a relation type.
Each tweet Tj is converted into a graph Gj . Since
the traditional GAT model fails to consider dif-
ferent relation types into consideration, there is a
significant loss of crucial dependency information.
Following some of the prior work on relation-based
graphical propagation of information (Busbridge
et al., 2019; Veličković et al., 2017; Ishiwatari
et al., 2020), we aggregate embeddings of the kth

node, h̄(l)k , using varied relation-specific influences
of the relation-specific neighborhood nodes N r

k

computed using an attention mechanism. Stacking
NS layers allows information from nodes NS-hops
away to propagate to a particular node. Therefore,
we implement a relational graph attention network
(R-GAT) that intuitively aggregates the incoming
information from different relations with varying
influences. These steps are defined by:

h̄
(l)
k =

∑R
r=1 h̄

(l−1)
kr

h̄
(l−1)
kr =

∑
m∈N rk β

r(l−1)
kj W

(l−1)
r h̄

(l−1)
m

β
r(l−1)
km = attention(h̄

(l−1)
k , h̄

(l−1)
m )

H̄j = [h̄NS1 , h̄NS2 , ..., h̄NSNj ]

(5)

where βr(l−1)kj denotes the normalized attention
coefficient calculated using dot-product mechanism
for the node k based on its neighborhood node m
under relation type r. Additionally, we compute
multi-head attention and concatenate its outputs.

1https://spacy.io/universe/project/neuralcoref

We also incorporate relational position embeddings
as in (Ishiwatari et al., 2020). At l = 1, h̄1j is as-
signed to the contextual word embeddings obtained
in Equation 1. Similar to Equation 2, we obtain a
structural information enriched tweet embedding
hrelj for a tweet Tj using maxpool operation on H̄j .

For the input tweet Ti, we differentiate discus-
sion context tweets into two types: (i) TA: tweets
that are produced by the same user as the input
tweet and (ii) TB: tweets that are produced by
all users other than the input tweet user. Us-
ing the computed tweet-level structural embed-
ding hrelj , we construct a graph to account for
speaker-dependent structural relationships (An ex-
ample is shown in Figure B1). This includes two
labeled edges indicating how the input tweet Ti
is influenced by TA (self-dependency) and TB

(inter-speaker dependency). Once the graph is con-
structed, we run R-GAT as in equations 5. Finally,
we obtain relationship structure view of the input
tweet Ti as:

Hrel = H̄
(NR)
i (6)

where NR refers to the number of layers in the
speaker-dependent relationship extraction layer.

5.1.3 Knowledge-Enriched View
Some of the propaganda techniques involve dis-
tortion of facts and data to promote their cause or
point of view. Thus, we intuit that models which in-
fuse external knowledge could potentially improve
the overall performance in our task. Therefore,
the primary aim of the knowledge-enriched view
is to compute a text representation by enriching
them with different kinds of knowledge. We lever-
age K-ADAPTER(F +L) (Wang et al., 2020c) that
combines both factual knowledge and linguistic
knowledge to derive the knowledge-enriched view.
K-ADAPTER acquires factual knowledge from the
relationships among entities in text by training on
a large scale alignment dataset between Wikipedia
abstracts and Wikipedia triples. We modify the in-
put by concatenating the contextCi and input tweet
Ti: “<SEP> context</SEP>input tweet</SEP>”
and use the embedding of the first token to get the
knowledge-enriched view. This is given as:

H̃know = K-ADAPTER(Ti, Ci) (7)

5.2 Cross-View Transformer
First, we fuse the cross-view information between
any two views A and B using an additional multi-
attention sub-layer as in Equation 4. We denote
the three views as S,R,K. Next, we introduce a
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transformer encoder layer on top of the cross-view
transformer layer. Finally, we perform a maxpool
operation on the output from the previous trans-
former layer. These steps are defined by:

HR 7→S = MH-ATT(QueryS ,KeyR, V alueR)

HK 7→S = MH-ATT(QueryS ,KeyK , V alueK)

zS = maxpool(Transformer([HR 7→S ;HK 7→S ]))

(8)

Similarly, we compute zR, zK and feed the con-
catenated outputs to the final classification layer.

5.3 Classification Layer
We calculate the probability that the input tweet
uses a particular propaganda technique using a soft-
max layer, where fp is a fully-connected layer, and
z is the embedding produced by concatenating the
outputs from the previous layer as:

z = zS ||zR||zKq = softmax(fp(z)) (9)

6 Training & Implementation Details

We optimize the categorical cross-entropy loss be-
tween the predicted and true propaganda labels as
in Equation 10, where L is the total number of
propaganda labels, qj is the predicted distribution
that the input tweet falls under propaganda tech-
nique j, and pj ∈ {0, 1} denotes the ground-truth
of whether the input tweet can be categorized under
the jth propaganda label.

LCE =
∑L

j=1−pjlog(qj) (10)

We use the publicly released default pre-trained
model parameters for the BERT variants used. We
perform a grid-search and optimize the hyperpa-
rameters using the validation set: NC = 3, NS =
NR = 2. We used Adam with a learning rate of
α=2e-5 and a warmup proportion of 0.1 for opti-
mization. To account for randomness, we report the
numbers which are the mean of five experimental
runs with different random seeds. To alleviate the
problem of unbalanced datasets, we utilize class
weights in categorical cross-entropy loss based on
the training and validation sets. See Appendix A
for details on the hardware.

7 Experiments

Our experiments are designed to investigate the fol-
lowing research questions:
RQ1: How well does our MV-PROP model per-
form compared to the other baselines in the propa-
ganda detection task on social media data?

RQ2: What are the influences of different views
and their interactions on the overall performance?
RQ3: Can our model be applied to detect propa-
ganda on in-domain and cross-domain datasets?

7.1 Dataset

We run experiments using TWEETSPIN dataset con-
taining 210,392 tweets labeled with 19 propaganda
types (referring to 18 propaganda techniques and 1
non-propaganda label). Due to the imbalance of the
TWEETSPIN dataset, we divide our TWEETSPIN

dataset into training (70%), validation (10%), and
test (20%) sets using a stratified shuffle split2.

7.2 Baselines

We use the following baselines in our experiments:
BERT FT (Devlin et al., 2018) is a fine-tuned ver-
sion of BERTbase model on the input tweets with
and without considering the discussion context.
ROBERTA FT (Liu et al., 2019) is a fine-tuned ver-
sion of ROBERTAbase model on the input tweets
conditioning on the discussion context tweets.
LATEXPRO (Wang et al., 2020d) leverages the
declarative knowledge expressed in both first-order
logic and text. We reimplement a variant of this
model without the token-level loss to suit the
sentence-level classification task. We further in-
vestigate the importance of the discussion context.

7.3 Model Variants

We investigate the importance of different mod-
eling components by introducing variants to our
proposed model and evaluating their performance
on the TWEETSPIN validation set. These variants
assess the influence of critical aspects: (a) discus-
sion context, (b) different views, and (c) different
fusion techniques. Depending on the fusion tech-
nique, we replace the cross-view transformer with
simple late fusion techniques involving concatena-
tion, mean, and sum of embeddings obtained from
multiple views. View-specific variants include:
MV-PROP, which refers to our full model com-
prising all the three views as shown in Section 5.
MV-PROP-K, which integrates semantic and re-
lational views while removing the knowledge-
enriched view from our model.
MV-PROP-R, which combines semantic and
knowledge-enriched views while removing the re-
lationship structure view from our model.

2In this paper, we performed the stratified shuffle split
using Python’s Scikit-learn module
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Models P R F1 Std.

BERT FT 28.18 27.52 27.85 5.23
BERT FT w/ ctx 34.86 31.19 32.92 4.79
ROBERTA FT w/ ctx 35.16 32.20 33.72 3.27
LATEXPRO 32.27 29.40 30.77 3.96
LATEXPRO w/ ctx 43.76 34.56 38.62 3.24

MV-PROP 68.48 59.62 63.74 1.06

Table 1: Evaluation results on the TWEETSPIN test set.
Std. refers to the standard deviation of the F1-scores
across five runs.

Model P R F1

Views

MV-PROP - K 59.18 50.71 54.62
MV-PROP - R 62.95 49.09 55.16
MV-PROP - S 61.54 52.38 56.60

Fusion

Concat 63.86 54.80 59.56
Mean 64.02 53.34 58.19
Sum 53.91 53.09 57.99

MV-PROP 70.17 59.63 64.47

Table 2: Ablation study on the TWEETSPIN validation
set. We observe that the performance degrades when a
specific view is removed or the cross-view transformer
is replaced with other fusion techniques.

MV-PROP-S, which computes knowledge and re-
lational views while removing the context-aware
semantic view from our model.

7.4 Results

We report the precision, recall, micro-averaged F1
scores and standard deviation of the computed F1
scores across five runs. in Table 1. Notably, the
context plays a critical role in determining the pro-
paganda label. This is evident from an average
∼ 17.8% drop in F1 without the context informa-
tion in the baseline methods. We also find that the
context information reduces the sensitivity of the
models as indicated by a diminished standard devi-
ation value whenever context comes into play. The
results in Table 1 also demonstrate the ability of
our multi-view representations to surpass the other
baseline models by a large margin.

7.4.1 Effect of Multi-view Representations
In addition to experiments that emphasize the im-
portance of the context in Table 1, we study the
necessity of each view by discarding one view at a
time and reporting the relative impact on the perfor-
mance. It is clear from Table 2 that removal of each
view leads to a significant drop in performance with
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Figure 3: Analysis of cross-view transformer on TWEET-
SPIN. Left: Effect of number of cross-view transformer
layers on performance. Right: Impact of cross-view
transformers over simple late fusion method (concate-
nation) by varying the proportion of training samples.

knowledge-enriched view diminishing the perfor-
mance by ∼ 14%. Since K-Adapter model injects
additional knowledge into a pre-trained language
model, it retains the benefits of the semantic rep-
resentation obtained from the language model and
also additionally incorporates both factual knowl-
edge and entity information into the embedding.
Therefore, discarding this component leads to a
significant loss of information. This is the same
reason why the drop in performance is relatively
smaller when the context-aware semantic view is
removed. The embedding from the knowledge-
enriched view partially compensates for the infor-
mation loss when the semantic view is discarded.
We also highlight that the relationship structure
view has a noticeable effect on the recall. We show
sample tweets that were misclassified by our vari-
ants compared to our full model in Table B3 to
further illustrate the importance of our views.

7.4.2 Effect of Cross-View Transformer
To study the effect of the cross-view transformer,
we analyze the following: (a) effect of number of
cross-view transformer layers, (b) impact of cross-
view transformers over simple late fusion methods
such as concat, mean, and sum of embeddings ob-
tained from different views. Figure 3 (left) shows
model performance with varying number of lay-
ers. The performance improves initially with the
increase in number of layers and then drops beyond
a point. The optimal number of layers on the vali-
dation and test datasets is 3. Moreover, Table 2 re-
ports the performance for model variants involving
simple late fusion techniques instead of the cross-
view transformers. Visibly, the best performing late
fusion technique (concat) lags behind the full MV-
PROP model containing cross-view transformer lay-
ers. With a performance drop of ∼ 8%, it is ev-
ident that the cross-view transformer efficiently
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Models F1

LR* 81.7
SVM* 79.5
LSTM* 80.7
LSTMR* 78.9
MV-PROP 84.36

Table 3: Evaluations results on the TWE dataset. *
indicates the scores reported in the original paper (Wang
et al., 2020b).

computes the interaction between multi-view rep-
resentations. Further, we vary the proportion of
the training data and evaluate the potential impact
of the cross-view transformer. We observe that
our model with the cross-view transformer allows
for quicker learning than the simple concatenation-
based late fusion strategy. Figure 3 (right) shows
that our full MV-PROP model plateaus closer to the
best F1 score with ∼ 60% of the training data.

7.5 Performance on Unseen In-Domain
dataset

Wang et al. (2020b) constructed a TWE dataset by
combining two pre-existing datasets, the Twitter
IRA corpus (Edgett, 2017) and the “twitter7” data
from SNAP (Yang and Leskovec, 2011) as propa-
gandistic and non-propagandistic data respectively.
However, this dataset doesn’t contain the discus-
sion context that is critical to exploit the full poten-
tial of our MV-PROP model. Table 3 shows evalu-
ations on the TWE dataset. Though certain views
like the relationship structure view may not be uti-
lized to their capabilities due to the lack of the dis-
cussion context, our MV-PROP model is able to sig-
nificantly outperform the baselines used in the orig-
inal work. Notably, our trained MV-PROP model
performs well on the unseen in-domain dataset.

7.6 Performance on Cross-Domain Dataset

We hypothesize that our full model trained on
the TWEETSPIN dataset is transferable to a cross-
domain dataset like news articles. To verify this,
we conduct an experiment on the Propaganda
Techniques Corpus (PTC) (Da San Martino et al.,
2019b), which is a manually annotated dataset for
propaganda detection. Given that our model de-
tects propaganda at the tweet level, we perform
the sentence level propaganda detection (SLC) task
from Da San Martino et al. (2019b) that determines
whether a given sentence from a news article is pro-

Models P R F1
Random 30.48 51.04 38.16
All-Propaganda 30.54 100.00 46.80
Fine-tuned BERT*1 63.20 53.16 57.74
BERT-Joint*1 62.84 55.46 58.91
MGN*1 60.41 61.58 60.98
Proper Gander*2 56.50 70.10 62.56
LatexPRO*3 (L) 56.53 73.17 63.79
LatexPRO*3 (L+T) 59.04 71.66 64.74
MV-PROP (ZS) 54.08 62.75 58.09
MV-PROP (FT) 64.35 84.58 73.09

Table 4: Evaluation results on the test set of PTC dataset
for the sentence level propaganda classification (SLC)
task.* refers to the scores reported from their original
work. 1 refers to (Da San Martino et al., 2019b), 2
refers to (Madabushi et al., 2020), 3 refers to (Wang
et al., 2020d). ZS refers to zero-shot and FS to fine-
tuned variants of our model. All-Propaganda model
always classifies the input text as propagandstic.

pagandistic. We train a zero-shot (MV-PROP (ZS))
variant of our model that directly takes the input
from the PTC dataset and outputs the likelihood of
it being propagandistic. With a threshold of 0.6,
our model performs comparably to the fine-tuned
BERT model, showing that our model demonstrates
transfer capability to a similar task in the news do-
main. Further, we fine-tune our MV-PROP model
(MV-PROP (FT)) using the PTC training set and
observe that we outperform other benchmarks for
the SLC task. Results are shown in Table 4.

8 Conclusion

We introduced TWEETSPIN, a corpus of tweets
containing weak labels of fine-grained propaganda
techniques. Next, we presented a transformer-
based multi-view propaganda detection model, MV-
PROP, that integrates multi-view contextual embed-
dings via pairwise cross-view transformers. We
demonstrate how the semantic, relational, and
knowledge view enrichment of the input tweet
text leads to significant performance improvement
over other baseline methods. Our experiments
also demonstrated the transferability of our trained
model to propaganda detection for news articles.
The main limitation of our work is the reliance on
weak annotations of Twitter data, which is unavoid-
able given the scale of our dataset. Future work
could investigate leveraging the multi-view repre-
sentations for span-level detection of fine-grained
propaganda techniques.
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9 Ethics Statement

Social media has become a battleground for pro-
paganda and influence campaigns. This paper is
an attempt to provide a dataset and models for de-
tecting various propaganda techniques on Twitter
to aid with the fight against this scourge on so-
ciety. We release TWEETSPIN, a Twitter corpus
containing weak-annotations of fine-grained propa-
ganda. Consistent with Twitter TOS, TWEETSPIN

contains only tweet IDs (with code provided to hy-
drate them) and no identifying information. Given
the nature of the task the dataset contains poten-
tially offensive and hateful language which should
be taken into consideration. Additionally it is pos-
sible that our models, analyses, and dataset can
potentially be used to create more advanced and
harder to detect propaganda techniques. Though
we should be aware of this possibility it is impera-
tive that we in the research community stay ahead
of miscreants by actively pushing this field for-
ward. Finally, our models can lead to false positives
where a user is falsely accused of spreading pro-
paganda. Thus, it is important that the techniques
presented here be used as a part of a larger effort
to combat propaganda with humans in the loop for
checks and balances.

TWEETSPIN was validated using MTurk. The
annotators were paid 0.08 USD per task which took
on average 30 seconds, for an hourly rate of 9.6
USD, above the federal and our state’s minimum
wage.
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A Experiment Platform

All the experiments were conducted on a
Ubuntu 20.04 system, with 2.10GHz Intel(R)
Xeon(R) CPU and 8-core NVIDIA GeForce GTX
1080Ti/11GB. Our models were implemented us-
ing Pytorch 1.4 with CUDA 10.1.

B Additional Information and Examples

Table B1 shows the statistics of the TWEETSPIN

dataset. Table B2 lists the common phrases related
to different propaganda techniques used in our data
collection process. Table B3 shows sample tweets
that were misclassified by our model variants in
comparison to our full MV-PROP model. Finally,
Figure B1 illustrates the speaker dependency graph
related to a sample tweet thread.

Dataset Statistics

#Total Propaganda Tweets 157,327
#Total Non-Propaganda Tweets 53,165
% of tweets with discussion context 59.06
Avg. discussion context length 3.15
Avg. #users in discussion context 2.26

Propaganda technique # Tweets

Loaded Language 18,365
Name Calling/Labeling 17,096
Reductio Ad Hitelerium 15,677
Doubt 14,993
Appeal To Fear/Prejudice 14,654
Whataboutism 13,887
Repetition 13,285
Slogans 10,190
Appeal To Authority 8,539
Flag-Waving 7,675
Exaggeration, Minimization 5,416
Black-And-White Fallacy 4,872
Thought-terminating cliches 3,781
Bandwagon 2,547
Red Herring 2,315
Causal oversimplification 1,790
Straw man 1,265
O, I, C 1,048

Table B1: TWEETSPIN Dataset statistics . O, I, C refers
to “Obfuscation, Intentional Vagueness, Confusion”.
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Propaganda Techniques Common Phrases
Loaded Language List of words/phrases: https://

examples.yourdictionary.com/
loaded-language-examples.html

Name Calling "Commie", "Fascist", "Pig", "Yuppie", "Libtard", "Extremist",
"Terrorist", "Snowflake", "Cuck"

Appeal to Authority "Experts have warned", "Experts say ... ", "As an expert in ...
", "As a[n] [occupation*], I can say ....", "[PERSON] advises/
urges/ suggests" *https://learnersdictionary.com/
3000-words/topic/jobs-professions

Doubt "Lied to us", "Lying to us", "covering up", "cover up", "not being
told the truth", "not adding up", "official story", "fake story"

Bandwagon "Almost all/ Most/ Majority of [Nation or ethnic groups*]"
*https://en.wikipedia.org/wiki/Lists_of_
people_by_nationality

Flag Waving "[Nation/State] first", "Nation" + [Positive Word*
], "Anti-[Nation/State]", "True patriots/nationalist"
*https://ptrckprry.com/course/ssd/data/
positive-words.txt

Reductio Ad Hitlerum "Hitler, Stalin", "[PERSON] is a communist/marxist/nazi/fascist",
"[ORG] are communists/marxists/nazis/fascists"

Black & White Fallacy "No other way...", "No alternative to ...", "No other option ...", "no
better way"

Whataboutism "The media ignores", "Nobody talks/mentions/speaks about ...",
"But What about", "Don’t focus on ..., but ..."

Table B2: List of common phrases related to different propaganda techniques used in the data collection. Note that
some of the language used here is potentially offensive.
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Tweet True Label Model Predicted
Label

Context: A discussion about AR15 Guns for hunting
And no one needs a BMW o a$1000 suit or a Rolex
instead of a Timex. It’s what one wants, not needs.
Many people want an AR15...You remind me of an
unelected bureaucrat in a position of power,...

Straw man
MV-PROP-S [Loaded

language,
Whataboutism]

MV-PROP [Straw man,
Whataboutism]

Context: A discussion about student loans
You’re right. Being able to sign away your life & go
to war & die is definitely less that debt.

Red Herring
MV-PROP - R [Straw man,

Exaggera-
tion]

MV-PROP [Red Her-
ring, Straw
man]

Context: A discussion about Presidential Elections
2020
This is ’Democracy’, Venezuela-style. Or Cuba. Or
China. Or the Soviet Union. Or a certain Central
European country in the 1930’s.

Reductio
Ad
Hitlerum

MV-PROP - K [Non Propa-
ganda, Red
Herring]

MV-PROP [Reductio
Ad
Hitlerum,
Straw man]

Table B3: Sample tweets which were misclassified by our model variants in comparison to our full MV-PROP model.
We report the top 2 ranked predictions.
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A new XYZ poll shows that 47% of likely
voters believe "there was enough fraud to
ensure ABC would win" This isn't some
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believe something, that doesn't make it
true.
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Figure B1: (a) Sample tweet thread where speaker dependencies can determine the propaganda technique; (b)
Speaker-dependent structural relationship for the discussion thread in (a).
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Abstract
Global models are typically trained to be as gen-
eralizable as possible. Invariance to the specific
user is considered desirable since models are
shared across multitudes of users. However,
these models are often unable to produce
personalized responses for individual users,
based on their data. Contrary to widely-used
personalization techniques based on few-shot
and meta-learning, we propose UserIdentifier,
a novel scheme for training a single shared
model for all users. Our approach produces
personalized responses by prepending a fixed,
user-specific non-trainable string (called “user
identifier”) to each user’s input text. Unlike
prior work, this method doesn’t need any
additional model parameters, any extra rounds
of personal few-shot learning, or any change
made to the vocabulary. We empirically study
different types of user identifiers (numeric,
alphanumeric, and also randomly generated)
and demonstrate that, surprisingly, randomly
generated user identifiers outperform the prefix-
tuning based state-of-the-art approach by up to
13%, on a suite of sentiment analysis datasets.

1 Introduction
Personalization arises in applications where dif-
ferent clients need models specifically customized
to their environment and user profiles (Yang and
Eisenstein, 2017; Mazaré et al., 2018; Flek, 2020).
This need for customization stems from the inherent
heterogeneity existing in the data and the labels,
especially when the task is classification (Kulkarni
et al., 2020; Wang et al., 2018). Fig. 1 shows an
example of the sentence “That is just great!”. This
sentence could carry a positive sentiment, a neutral
apathetic sentiment, or even a completely negative
sentiment. A non-personalized model cannot
correctly predict the label for different users.

Most techniques for personalization generally
involve two phases: first, a shared, global model is

∗ Work done as part of an MSR internship. Corresponding
author email: fatemeh@ucsd.edu
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Figure 1: An overview of the proposed method,
UserIdentifier, compared to its prefix-tuning counterpart.
pkat1 , pbee1 denote the trainable prefix vector for users
kat and bee, in the prefix tuning method (Zhong et al.,
2021). UserIdentifier, on the other hand, does not have
trainable user-specific parameters and uses random
per-user (UID) strings (“anka Sau” and “Beh KY”),
to condition a shared model, for each user.

built between all users, and then, it is personalized
for each client using their data (Kulkarni et al.,
2020; Schneider and Vlachos, 2019; Lee et al.,
2021). In such cases, each user has either an entirely
separate model, or additional personal parameters,
causing significant overheads, both in terms of
storage of the large models, and the computation
complexity of training separate models for each
user. UserAdapter (Zhong et al., 2021), the state-of-
the-art in personalized sentiment analysis, takes a
prefix-tuning based approach (Li and Liang, 2021),
as shown in Fig. 1. In the first phase, a global model
is trained in a user-agnostic way on a large dataset.
In the second phase, each user u is assigned their
own prefix vector, pu1 , which is fine-tuned separately
for them, on their own data. If there are N users,
there would be N separate rounds of fine-tuning,
producing N vectors. During this prefix-tuning
phase, the underlying transformer-based classifi-
cation model is frozen and shared between users,
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and the finalN vectors are stored for inference.

To alleviate these training and storage costs and
also improve overall performance, we propose train-
ing a single, shared personalized model, which can
capture user-specific knowledge by conditioning
on a unique, user-specific sequence of tokens from
the classifier’s vocabulary. We name this sequence
“user identifier”, and dub the underlying method
of adding user identifiers to the input UserIdentifier.
This is shown in Fig. 1, where we add the randomly
generated, and non-trainable user identifiers “anka
Sau” and “Beh KY” to each user’s sample, and
then train the transformer classifier model, on these
augmented samples. The user identifiers just use
the underlying model’s vocabulary and embeddings
and do not add any tokens nor any user embeddings
to the model. They are also static over time, and
unique to each user, which means the user “bee”
in Fig. 1 will have “Beh KY” pre-pended to all
their samples, and no other user has this identifier.
This is similar to the prompting of models like GPT-
3 (Brown et al., 2020), however, here the prompt
is fixed and used as data augmentation during
training, and the model is not generative. As such,
we only do training once and have one set of shared
parameters for all users. The approach is similar in
essence to those of Daumé III (2009); Kocoń et al.
(2021); Kocoń et al. (2021), which augments each
individual feature with domain annotations.

We experiment with different types of strings
for user identifiers, such as real usernames from
the dataset, consecutive numbers, random digits,
random non-alphanumeric tokens, and random to-
kens (all types), and observe that, surprisingly,
random identifiers, sampled from all possible to-
kens in the vocabulary perform best, providing
1.5%−13% classification accuracy improvement
on average, over the prefix-tuning based method
UserAdapter (Zhong et al., 2021). We also study
different lengths of identifiers. We report our re-
sults on three different sentiment analysis datasets
(Sentiment 140, IMDB, and Yelp). We also show
that UserIdentifier is effective in a federated learning
setup (Appendix A.1), which is a real-world applica-
tion of such personalization (Kulkarni et al., 2020).

2 UserIdentifier

In this section, we first explain how UserIdentifier
operates, then we go over the parameterization and
learning procedure.

2.1 Method
UserIdentifier is a data augmentation method which
consists of adding a sequence of user-specific tokens
(user identifier, uid, drawn from the tokenizer’s vo-
cabulary) to each sample, x, to provide user-related
cues to the model and help it learn individual user
behaviour and preferences, all in one shared model.
Figure 1 shows how this augmentation works. Each
utterance is appended by the user identifier to create
the augmented sample [uid;x], and then used as
input to the model, for the training stage.

There is no restriction on what the make-up
or the length of the user identifier sequence can
be (as long as it is not longer than the maximum
sequence length the model can input). However,
we propose randomly generating each user’s
identifying sequence, through uniformly sampling
from the tokenizer vocabulary, for a given length
L, which we ablate in section 4.2. This random
sampling step creates a diverse while unique set of
user identifiers, potentially allowing the model to
distinguish different users more efficiently.

2.2 Parameterization
For parameterizations of the user identifiers, we
use parameter tying (He et al., 2019), where the
user identifiers use the same set of parameters for
their embeddings as the rest of the user utterance.
In other words, in this setup the user embedding
parameters are tied to the embedding parameters
of the main transformer classification model,
parameterized by θ. This form of parameterization
is both simpler and has highere performance (we
try separate parametrization in our experiments and
show its inferior performance).

2.3 Learning
The training stage doesn’t change compared to the
original fine-tuning process, with parameters θ of
the transformer model being trained to minimize
the cross-entropy loss for the classification (Devlin
et al., 2018):

LCE(x,uid,y;θ)=−logPr(y|[uid;x];θ) (1)

θ=argmin
θ
LCE(x,u,y;θ) (2)

Where x denotes the input utterance, uid denotes
the user identifier for the user to whom utterance
x belongs, and y is the class label for x.
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Table 1: Dataset specifications
Dataset # Users # Samples # Classes

IMDB 1,012 137,710 10
Yelp 4,460 428,369 5
Sent140 1,100 56,557 2
Sent140 (skewed) 473 23,155 2

3 Experimental Setup

3.1 Tasks, Datasets, and Models
We evaluate the proposed method on the task of
sentiment analysis. Table 1 shows a summary of
the datasets used in our experiments. We use the
IMDB (Diao et al., 2014) and Yelp (Tang et al.,
2015) datasets for comparison with the UserAdapter
method (Zhong et al., 2021) and for the ablation
studies. Each user’s data is split into train, test, and
validation sets, with 0.8, 0.1, and 0.1 ratios. For
comparison purposes, we are using a subset of the
available users, i.e. those with fewer than 50 sam-
ples, as done by Zhong et al. in support of few-shot
learning, for reporting test accuracy. We use the
RoBERTa-base model for this set of experiments.

In addition to IMDB and Yelp, we also report
the performance of the proposed method on the
Sentiment140 dataset citesent140, caldas2018leaf,
which is a set of Tweets collected from Twitter
and labeled positive or negative based on the
emojis in each Tweet. For this dataset, We use
the methodology provided by Li et al. (2019) to
preprocess and partition this dataset. We create
a second version of this dataset, and mark it as
“skewed”. For this skewed data, the users have
been selected such that their sentiments are mostly
skewed, i.e. we only include users with 80% or
more positive or negative Tweets. We do this to
create a setup where data is more heterogeneously
distributed. We use BERT-base-uncased for
evaluations on the Sentiment140 dataset.

3.2 Baselines
Conventional Training. Conventional finetuning
of the pre-trained transformer model on the full
dataset, without personalization.

UserAdapter. In UserAdapter, the work closest
to ours, a per-user embedding is learned through
few-shot learning and stored. These personal
vectors are prepended to the users’ data to create
personal responses. This work proposes prefix-
tuning (Li and Liang, 2021) on a user-level. Unlike
our method, UserAdapter consists of two phases,
as discussed in the introduction.

Trainable User Embeddings. UserIdentifier uses
the same set of parameters (BERT embeddings)
for embedding both the sample content and the
user identifiers. In other words, the text and user
embedding parameters are tied. To untie these
parameters, we introduce a third baseline, with
trainable user embeddings. In this setup, while the
tokens used for the user identifier are still drawn
from the pre-trained model’s tokenizer vocabulary,
we’re creating and training a separate set of global
parameters for the user embedding, instead of using
the pre-trained model’s embedding. These extra
embedding parameters are placed in parallel to
the model’s existing embedding layer. Each input
sequence is partitioned to the content and the UID,
the content is fed to the model’s existing embedding
layer and the UID is fed to the new embedding.

3.3 Types of User Identifiers
We investigate five scenarios (types of sequences)
for the user identifiers. The length of the user
identifier sequences can vary in terms of the number
of tokens (L) for the last three of these scenarios.
Default (Def.): This scenario uses the real user id
(e.g., username) of that user, when provided by the
dataset and if they are not private. We only have this
option available for the Sentiment140 dataset.
Consecutive Numbers (Num.): We assign each
user a unique number, from 1 to N , representing
each user (up toN users).
Random sequence of digits (Rand. Dig.): In this
scenario,L independent and identically distributed
(i.i.d) samples from the set of digits (0 to 9) are
drawn, creating a sequence of lengthL for each user.
Random sequence of tokens with non-
alphanumeric characters (Rand. Non.): L
i.i.d samples are drawn from a subset of tokens
(with size 400) that contain non-alphanumeric
characters, e.g., the token Ã"". The motivation for
this scenario is that such user identifiers might be
easier for the model to distinguish from the text (if
we make sure the textual content in the sample has
no overlapping tokens with the identifier).
Random sequence of all tokens (Rand. All): This
scenario draws L i.i.d samples from the set of all
available tokens in the tokenizer vocabulary.

4 Results
Apart from the evaluations here, We have also
provided evaluations of applying our method to
federated learning in Appendix A.1, and applying
it to new unseen user samples in 4.4.
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Table 2: Comparison of sentiment classification accuracy of UserIdentifier, with the baselines of Section 3.2. Num.,
Def. and Rand. refer to the different types of user identifiers introduced in Section 3.3.

Dataset Conventional UserAdapter
Trainable User Emb. UserIdentifier

Num. Def. Rand. All Num. Def. Rand. All

R
oB

E
R

Ta IMDB 45.1 46.2 45.5 – 48.9 50.1 – 52.5
Yelp 68.3 70.2 68.3 – 70.6 69.5 – 71.3

B
E

R
T Sent140 84.7 – 84.7 86.3 86.5 84.9 87.1 87.1

Sent140 (Skewed) 86.3 – 87.2 89.3 90.0 87.5 90.3 90.4

Table 3: Classification accuracy vs the length (#tokens)
and type (Section 3.3) of user identifier sequence)

Seq. Len. Rand. Dig Rand. Non. Rand. All

IM
D

B

5 48.8 51.3 52.2
10 47.4 51.7 52.5
20 47.1 50.2 51.1
50 46.5 48.7 50.8
200 33.3 32.8 40.1

Y
el

p

5 68.6 69.3 70.8
10 68.7 69.6 71.3
20 68.4 68.6 71.0
50 67.8 69.0 70.6
200 63.2 60.2 65.1

4.1 Comparison with Baselines
A comparison of UserIdentifier with the state-
of-the-art UserAdapter method, and the other
baselines is presented in Table 2. For the Num.
(consecutive numbers) and Def. (default username)
scenarios, as detailed in Section 4.2, the length of
the user identifier sequences depends solely on the
tokenization process. For the case of Rand. All
(randomly sampled from all vocabulary tokens),
however, it is shown that the sequence length of
10 tokens provides the best performance through
the ablation study, therefore the results are reported
for this length. Since the default usernames for
IMDB and Yelp datasets are not provided, the
corresponding results are not reported here.

It is shown that UserIdentifier with randomly
generated identifiers outperforms all baselines,
in all tasks. Our intuition is that UserIdentifier
outperforms UserAdapter because of collaborative
learning and personalization happening simulta-
neously, unlike in the case of UserAdapter where
personalization is performed separately for each
user. The performance of trainable user embeddings
appears inferior to that of UserIdentifier, which could
be attributed to the parameter tying used in UserI-
dentifier. This parameter tying couples the learning
problems for both domains (user identifier and text)
and allows us to jointly learn from the full data, as

in (He et al., 2019). For the Sentiment140 dataset,
we can see that increasing the heterogeneity or skew
in the dataset boosts the benefits brought about by
UserIdentifier. This shows that the proposed method
performs better in setups where personalization is
actually needed (Deng et al., 2020).

4.2 Ablation Studies

Table 3 shows our ablation study into the length and
the type of the user identifier sequence, for IMDB
and Yelp datasets. The most evident trend is that
performance significantly degrades in both datasets
when the length of the user identifier sequence
exceeds 20 tokens, holding for all identifier types.
This is because the length of the input text itself
is essentially decreased (the maximum sequence
length for RoBERTa is 512, and the textual content
of the sample is truncated to fit the user identifier)
when increasing the length of the identifier. This
decreases the useful information which could be
used to infer sentiment, and in turn, it has an adverse
effect on accuracy.

A rather surprising observation is that randomly
sampling from the tokenizer’s entire vocabulary
outperforms sampling only from digits or from the
non-alphanumeric tokens. This can be attributed to
the different sizes of the sampling spaces for these
three types, and the probability of overlap in user
identifier from user to user. For the random digits
(Rand. Dig.) the sample space size for each token
position is 10, the number of possible digits. For
the non-alphanumeric tokens, we have limited them
to 400, and for the token type all (Rand. All), the
possible sample space is 47,400. This means that
the probability of having token overlaps in user
identifiers is much much smaller in the last scheme
than it is for the other two, or in other words, the
hamming distance between different user identifiers
is higher with this method.

One hypothesis that might explain the success of
random user identifiers: random user identifiers are
similar to random feature projections (Rahimi et al.,
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2007), but, in contrast with learnable embeddings,
they are defined in terms of the pre-trained model’s
original token embeddings. This may have a
positive effect on optimization during fine-tuning.
4.3 User-level Study Accuracy
Figure 2 shows the distribution of test-accuracy
changes across users, for conventional training
(Conv.) and the Rand. All scheme from UserIdentifier.
We have chosen the best version of our model from
Table 2 for this figure. We can see that the number of
users with low accuracy decreases in both datasets.
Also, the standard deviation of accuracy across users
decreases compared to conventional training when
using UserIdentifier, it drops from 27.0% to 25.6%
for IMDB, and from 21.2% to 21.0% for Yelp. We
provide more plots and analysis on this in A.2.
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Figure 2: Distribution of test accuracy across users.

4.4 Performance on Unseen Users
To measure how robust the proposed method is to
new users that have never been seen before, we run
an evaluation on new users and report the results
in Table 4. For this experiment, we have used the
best models from Tables 2, and tested them on
samples from new users, without appending any
user identifiers. It is noteworthy that there is some
distribution shift between these unseen users and
the seen users from Table 2, especially for Yelp, as
we used samples that were not used in the original
training/test/val setup (this test set contains 5000
samples for Yelp and 1357 samples for IMDB).

The UserIdentifier column refers to the accuracy
of those datapoints on models trained with user

Table 4: Evaluation results on unseen users.
UserIdentifierAccuracy (%) Conventional Model Accuracy (%)

IMDB 50.4 50.9
Yelp 50.1 49.8

identifiers, and the conventional column shows the
accuracy but on a conventionally trained model,
which would be the baseline. We can see that both
models behave similarly, which suggests that for
unseen data points, the UserIdentifier trained model
falls back to a conventional model, and does not
behave even worse.

5 Conclusion
In this work, we present a novel approach for
learning global models, producing personalized
classification responses. This method which
doesn’t require model extensions or specialized
training algorithms, consists of appending a fixed,
non-trainable, unique identifier string to each
sample during training and inference.

Acknowledgments
The authors would like to thank the anonymous
reviewers and meta-reviewers for their helpful
feedback. We also thank Huseyin Inan and Guoqing
Zheng for insightful discussions and Wanjun Zhong
for helping with datasets. Additionally, we thank
our colleagues at the UCSD and Microsoft for their
helpful comments and feedback.

Ethical Considerations
Our proposed model is intended to be used for ad-
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only the user-based partitioning of the data.

References
Tom B Brown, Benjamin Mann, Nick Ryder, Melanie

Subbiah, Jared Kaplan, Prafulla Dhariwal, Arvind

3453



Neelakantan, Pranav Shyam, Girish Sastry, Amanda
Askell, et al. 2020. Language models are few-shot
learners. arXiv preprint arXiv:2005.14165.

Hal Daumé III. 2009. Frustratingly easy domain
adaptation. arXiv preprint arXiv:0907.1815.

Yuyang Deng, Mohammad Mahdi Kamani, and
Mehrdad Mahdavi. 2020. Adaptive personalized
federated learning. arXiv preprint arXiv:2003.13461.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2018. Bert: Pre-training
of deep bidirectional transformers for language
understanding. arXiv preprint arXiv:1810.04805.

Qiming Diao, Minghui Qiu, Chao-Yuan Wu, Alexander J.
Smola, Jing Jiang, and Chong Wang. 2014. Jointly
modeling aspects, ratings and sentiments for movie
recommendation (jmars). In Proceedings of the
20th ACM SIGKDD International Conference on
Knowledge Discovery and Data Mining, KDD ’14,
page 193–202, New York, NY, USA. Association for
Computing Machinery.

Lucie Flek. 2020. Returning the N to NLP: Towards con-
textually personalized classification models. In Pro-
ceedings of the 58th Annual Meeting of the Associa-
tion for Computational Linguistics, pages 7828–7838,
Online. Association for Computational Linguistics.

Junxian He, Xinyi Wang, Graham Neubig, and Taylor
Berg-Kirkpatrick. 2019. A probabilistic formulation
of unsupervised text style transfer. In International
Conference on Learning Representations.

Jan Kocoń, Marcin Gruza, Julita Bielaniewicz, Damian
Grimling, Kamil Kanclerz, Piotr Miłkowski, and
Przemysław Kazienko. 2021. Learning personal
human biases and representations for subjective
tasks in natural language processing. In 2021 IEEE
International Conference on Data Mining (ICDM),
pages 1168–1173. IEEE.

Jan Kocoń, Alicja Figas, Marcin Gruza, Daria Puchalska,
Tomasz Kajdanowicz, and Przemysław Kazienko.
2021. Offensive, aggressive, and hate speech analysis:
From data-centric to human-centered approach. In-
formation Processing & Management, 58(5):102643.
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A Appendix
A.1 Federated Learning as an Application
Federated learning is a form of distributed learning
where data never leaves each user’s device (Wang
et al., 2021; Konečnỳ et al., 2018; Mireshghallah
et al., 2020). Instead, the user trains a model on their
device locally and then shares the gradients (model
updates) with a centralized server, which aggregates
the gradients from different users and sends the
updated model back to all of them, for further train-
ing. We target this setup since it is a good candidate
for personalization, given how a conventionally
trained global model often fails to accommodate all
users (Kulkarni et al., 2020; Mansour et al., 2020).
Table 5 shows the performance gain of applying
UserIdentifier, in a federated setup. UserIdentifier can
be readily applied in federated learning, by assign-
ing identifiers to each user and then asking them
to append it to all their samples. We have used the
Rand. All type of user identifier for this experiment,
since we observed in previous sections that it was
the most effective. In general, the baseline perfor-
mance and the performance gain in the federated
setup is slightly lower than in centralized learning,
which is due to the distributed nature of FL, and
the fact that only the average of multiple gradient
updates are shared with the server for aggregation.

Table 5: Performance of UserIdentifier for sentiment
classification in a federated learning setup.

Dataset Conventional User Identifier

R
oB

E
R

Ta IMDB 44.30 47.23
Yelp 68.40 70.60

B
E

R
T Sent140 84.40 86.30

Sent140 (Skewed) 86.50 90.00

A.2 Further User-level Accuracy Studies
Figure 3 shows the change in user accuracy, when
we use UserIdentifier for training, instead of conven-
tional training for each user. In other words, the
horizontal axis shows conventionalacc−UIDacc

for each user, and the vertical axis shows the count
of users.

As the plots show, on average across the two
datasets, 32.1% of the users see improvements in
accuracy, whereas 54.2% don’t see any change.
A.3 Maximally Distant User Identifiers
To better understand the effect of edit distance
between user identifiers, We also experimented
with maximally distanced identifiers (for the Rand.
All setup), where the maximum distance would be
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Figure 3: Distribution of test accuracy change across
users.

the length of the identifier here since each token in
the identifier can take a substantially large number
of values. For this experiment, we used rejection
sampling for user ids, as in if a new random sample
had any token overlaps with existing user ids, we
would reject it and sample a new one. We observed
results very similar to the ones with the random
identifiers, which we hypothesize is because the
random identifiers are already highly distanced
and rarely overlap (less than 10% of the users have
non-maximal distance).
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Abstract

Many clinical informatics tasks that are based
on electronic health records (EHR) need rel-
evant patient cohorts to be selected based on
findings, symptoms and diseases. Frequently,
these conditions are described in radiology re-
ports which can be retrieved using information
retrieval (IR) methods. The latest of these tech-
niques utilize neural IR models such as BERT
trained on clinical text. However, these meth-
ods still lack semantic understanding of the un-
derlying clinical conditions as well as ruled
out findings, resulting in poor precision dur-
ing retrieval. In this paper we combine clinical
finding detection with supervised query match
learning. Specifically, we use lexicon-driven
concept detection to detect relevant findings in
sentences. These findings are used as queries
to train a Sentence-BERT (SBERT) model us-
ing triplet loss on matched and unmatched
query-sentence pairs. We show that the pro-
posed supervised training task remarkably im-
proves the retrieval performance of SBERT.
The trained model generalizes well to unseen
queries and reports from different collections.

1 Introduction

Electronic health record (EHR) retrieval is impor-
tant for clinicians, staff and researchers. The tools
for performing clinically relevant searches could
aid in many use cases such as clinical decision sup-
port (Syeda-Mahmood, 2010), auditing, revenue
cycle management, and cohort selection for clin-
ical studies. Frequently, these searches involve
retrieval of patients based on clinical findings that
are often captured in unstructured textual reports
such as radiology reports, encounter notes, etc. Un-
like structured query-based lookup of EHR, re-
trieval of unstructured (free-text) EHRs is much
more challenging, requiring a semantic understand-
ing of the underlying clinical conditions present or
absent. Conventional exact or approximate term-
based retrieval methods such as BM25 (Robertson

and Zaragoza, 2009) often perform poorly in re-
sponse to ad-hoc queries (Chamberlin et al., 2020),
as these methods lack the ability of semantic under-
standing of the clinical as well as language context.
With the emergence of deep learning encoding mod-
els, new retrieval methods have emerged with stud-
ies showing BERT-based neural methods outper-
forming BM25 on multiple retrieval benchmarks
(Yilmaz et al., 2019a; Chang et al., 2020; Nogueira
and Cho, 2019; Yilmaz et al., 2019b; Qiao et al.,
2019). The BERT-based retrieval methods can be
classified into two categories: the cross-attention
(or interaction-based) models (Yilmaz et al., 2019a;
Nogueira and Cho, 2019; Yilmaz et al., 2019b)
and the embedding-based (or representation-based)
models (Chang et al., 2020; Reimers and Gurevych,
2019). While the BERT-style cross-attention mod-
els are very successful, they cannot be directly
applied to large-scale retrieval problems because
computing the similarity score for every possible
query-document pair during inference can be pro-
hibitively expensive. Therefore, they were often
used as a re-ranker after a initial candidate retrieval
round using BM25. The embedding-based meth-
ods can pre-encode the documents, and only the
queries need to be encoded upon retrieval. Re-
trieval can be achieved via approximate nearest-
neighbor search in the embedding space very ef-
ficiently (Johnson et al., 2021). In this study, we
focus on the embedding-based retrieval BERT mod-
els. Specifically, we adopted the sentence-level re-
trieval setting, as studies suggested that the "best"
sentence in a document provides a good proxy for
document relevance (Yilmaz et al., 2019a).

Different pre-training tasks were used to train
the BERT-based models for retrieval. The pre-
training tasks range from masked language mod-
elling (MLM) over unlabeled free-text to super-
vised training on labeled datasets such as STS (Cer
et al., 2017), MS MARCO (Nguyen et al., 2016)
or TREC Microblog track (Lin et al., 2014). How-
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ever, MLM is not tailored for the purpose of in-
formation retrieval (IR), and labeled datasets are
usually small and not easily accessible. Recently,
pre-trained models on biomedical corpora such
as BioClinicalBERT (Alsentzer et al., 2019) and
BioBERT (Lee et al., 2020) can obtain embeddings
with medical-domain-specific knowledge, but they
were still trained with MLM.

Early studies (Natarajan et al., 2010) showed
that most clinical queries are actually short queries
(e.g. a disease or a syndrome). We found that the
existing BERT models pre-trained with MLM per-
formed poorly on short queries as well as negative
queries (i.e. queries asking for lack of a finding).
Ideally, if a retrieval system could be trained by
matched and unmatched query-sentence pairs, in
both positive and negated instances, we can expect
a higher precision and recall in retrieval. How-
ever, manually labeling a large dataset is imprac-
tical, particularly for the medical domain where
the number of clinical findings is very large. Train-
ing neural IR models using weak supervision has
been previously investigated (Dehghani et al., 2017;
MacAvaney et al., 2019). These methods use unsu-
pervised methods (e.g. BM25) or article headings
to provide pseudo labels. However, these pseudo
labels usually are imprecise and do not consider
negative queries. Moreover, the article headings
are not always available.

Motivated by these challenges, we present a
hybrid approach where we combine automated
clinical finding detection with supervised query-
sentence pair learning. Specifically, we use an
automatic lexicon-driven concept detection method
to detect relevant positive or negative chest X-ray
(CXR) findings in sentences. These findings paired
with the sentences containing them serve as weakly
labeled training data for Sentence-BERT (SBERT)
(Reimers and Gurevych, 2019). The resulting ap-
proach avoids manual annotation and can be scaled
for training on a large number of query-sentence
pairs. We show that the proposed training task re-
markably improves the retrieval performance of
SBERT on datasets with automatic annotations and
human annotations.

2 Methods

2.1 Fine-grained concept extraction

The algorithm for extracting findings from sen-
tences in reports uses a vocabulary-driven approach.
Specifically, a domain-specific CXR finding lexi-

con was used. This lexicon captures the name of
finding along with its potential variants and syn-
onyms mined from over 200,000 chest radiology
reports. To spot the occurrence of a finding lexicon
phrase within reports, a string matching algorithm
called the longest common subfix (LCF) algorithm
was used. To determine if a core finding is positive
or negative (e.g. "no pneumothorax"), a two-step
approach that combines language structuring and
vocabulary-based negation detection is used. The
method is reported to be highly accurate (<3% er-
rors) compared with human labels. More details
are described in (Syeda-Mahmood et al., 2020).

2.2 Labeled data generation
In this paper, we focus on "anatomical findings"
as well as "disease concepts" as those are the
most commonly searched in EHR (Natarajan et al.,
2010). We use these finding modifiers as surrogates
for queries. For each sentence Sj in our data col-
lection, we have a set with Kj labeled data entries
Ij = {(Sj , Nj,i,Mj,i)}1≤i≤Kj . For each labeled
entry (Sj , Nj,i,Mj,i), Mj,i is the i-th finding for
Sj , and Nj,i = yes|no indicates a positive or ruled
out finding. By using the findings as query surro-
gates, we can designate a query Qj,i = (Nj,i,Mj,i)
paired with Sj : if Nj,i equals to yes, Qj,i is a
positive query, otherwise Qj,i is a negative query.
For example, (yes, vascular congestion) and
(no, pulmonary edema) are two queries for the
sentence "lungs: central vascular congestion with-
out overt edema." The actual queries can be more
properly phrased for data augmentation in training,
such as "presence of M" or "M is observed" for a
positive query and "no evidence of M" or "absence
of M" for a negative query, where M is a finding.
In this study, however, we only consider the simple
form of "M" and "no M" as positive and negative
queries, in both training and evaluation.

Since we labeled all the sentences in our training
dataset extensively with all the finding types we
summarized, we can create a dictionary using each
unique queryQ = (N,M) as the key and the list of
all the sentences that contain that query as the dic-
tionary value. Any sentence in the list is considered
as a matched sentence for that query, whereas other
sentences are considered as unmatched sentences.

2.3 Model
We used SBERT as our retrieval model. MEAN-
pooling was used to derive a fixed size sentence
embedding (for either a query or an EHR sentence).
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We used the triplet objective function (Reimers and
Gurevych, 2019) to train our model. A diagram
of the training objective function is shown in Fig-
ure 1. Given a query q, a matched sentence m
and an unmatched sentence u, the triplet loss tunes
the network such that the distance between the em-
beddings of q and m is smaller than the distance
between the embeddings of q and u by a margin ε:

max(‖eq − em‖ − ‖eq − eu‖+ ε, 0) (1)

Figure 1: SBERT architecture with the triplet training
objective function. The three BERT networks share the
same weights.

where eq, em and eu are the sentence embed-
dings for q, m and u, respectively. ‖·‖ is a distance
metric. We used the cosine distance and ε = 0.5.

To improve training, we further used hard-
sampling (HS) to mine the hardest unmatched sen-
tence for the triplet loss within a training batch. To
be specific, we performed inference within a batch
beforehand to find the unmatched sentence with the
highest cosine similarity score (the most confusing
unmatched sentence) for each query. We further
applied mega-batching (MB) (Wieting and Gimpel,
2018) to encourage the model to learn to distin-
guish "harder" unmatched sentences by increasing
the batch size.

At inference, the cosine similarity between the
query embedding and the report sentence embed-
ding is used to determine the level of relevance.

3 Experiments and Results

3.1 Datasets
The experiments in Section 3.1-3.4 were carried
out on two public collections of radiology reports
provided by Indiana University (Demner-Fushman
et al., 2016) and NIH (Wang et al., 2017). After

pruning for duplicates and applying our labeled
data generation algorithm described in Section 2.2,
a total of 21,612 labeled entries were generated for
the Indiana dataset, which include 10,363 unique
sentences, 200 positive queries and 75 negative
queries. For the NIH dataset, 17,047 labeled entries
were generated, including 9,091 unique sentences,
250 positive queries and 30 negative queries.

3.2 Sensitivity analysis and parameter tuning

We first run a sensitivity analysis on the Indiana
dataset (IND) to investigate how much improve-
ment hard-sampling (HS) and mega-batching (MB)
can bring over random-sampling (RS, randomly
select unmatched sentence within a batch) and
normal-batching (NB, size 32). We randomly
split the IND dataset into two halves with non-
overlapping findings with the constraint that they
should roughly have equal number of labeled en-
tries. After the split, the two sets have 117/44 and
83/31 positive/negative queries, respectively. We
performed a 2-fold cross-validation and reported
the average of the two test results regarding mean
Average Precision (mAP). This allows us to evalu-
ate the model performance on unseen queries. The
evaluation was performed over positive queries
(Pos. Q.), negative queries (Neg. Q.) and all queries
(All Q.) separately.

The results in Table 1 shows that the combination
of HS and MB achieved the best results. Increas-
ing the mega-batching size to 128 resulted the best
performance, but further increasing the batch size
slightly degraded the performance. The remarkable
improvent of SBERT over the baseline BioClinical-
BERT also suggests that the proposed model can
generalize well to unseen queries.

Model mean Average Precision (mAP)
Pos. Q. Neg. Q. All Q.

BioClinicalBERT 0.213 0.254 0.224
SBERT/RS/NB(32) 0.353 0.312 0.349
SBERT/HS/NB(32) 0.384 0.334 0.371
SBERT/HS/MB(64) 0.388 0.318 0.369
SBERT/HS/MB(128) 0.399 0.392 0.397
SBERT/HS/MB(256) 0.392 0.352 0.381
SBERT/HS/MB(512) 0.380 0.344 0.370

Table 1: Sensitivity analysis on the Indiana dataset.
The analysis was performed for positive queries (Pos.
Q.), negative queries (Neg. Q.) and all queries (All Q.)
separately.
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Model mean Average Precision (mAP) mean Recall (mR)
Pos. Q.

IND / NIH
Neg. Q.

IND / NIH
All Q.

IND / NIH
Pos. Q.

IND / NIH
Neg. Q.

IND / NIH
All Q.

IND / NIH
BM25 0.39 / 0.46 0.34 / 0.32 0.38 / 0.44 0.36 / 0.43 0.30 / 0.27 0.35 / 0.42
BERT 0.14 / 0.16 0.21 / 0.23 0.16 / 0.17 0.12 / 0.15 0.19 / 0.23 0.14 / 0.16
BERT (fine-tuned) 0.20 / 0.23 0.22 / 0.23 0.21 / 0.23 0.19 / 0.21 0.21 / 0.21 0.19 / 0.21
BioClinicalBERT 0.16 / 0.28 0.21 / 0.25 0.17 / 0.27 0.14 / 0.27 0.19 / 0.22 0.15 / 0.26
SBERT (MS MARCO) 0.40 / 0.44 0.35 / 0.36 0.39 / 0.43 0.37 / 0.40 0.31 / 0.31 0.35 / 0.39
SBERT (ours) 0.48 / 0.45 0.42 / 0.56 0.46 / 0.47 0.44 / 0.42 0.39 / 0.47 0.42 / 0.43

Table 2: Cross-dataset evaluation. The dataset name in the heading means the model was tested on that dataset
and trained on the other dataset. The evaluation results are reported for positive queries (Pos. Q.), negative queries
(Neg. Q.) and all queries (All Q.) separately.

3.3 Cross-dataset study
We also trained on the IND dataset and tested on
the unique sentences in the NIH dataset and vice
versa to investigate whether a trained model can
generalize well to a different dataset. The best
SBERT model from Table 1 was used here. We
further included Okapi BM25 (k1=1.5, b=0.75),
the pre-trained BERT (Huggingface "BERT-base-
uncased"), the fine-tuned BERT (trained on the
EHR sentences using MLM, without using our
generated annotations), the BioClinicalBERT and
SBERT pre-trained on MS MARCO dataset for
comparison. More details about these models are
given in the appendix. In addition to mAP, mean
Recall (over all the queries) was also reported,
where Recall was defined as the ratio of the number
of correctly retrieved sentences to the size of the
query’s ground truth list.

Table 2 shows that our fine-tuned SBERT per-
forms very well on the dataset from another col-
lection regarding both mAP and mR, and out-
performed the other BERT/SBERT models by
large margins. The baseline BERT without pre-
training over medical texts obtained the worst re-
sults. The results for BERT (fine-tuned) and Bio-
ClinicalBERT suggest that MLM training over
the texts from the same domain can lead to
some improvements but is still not ideal for di-
rect use of retrieval. SBERT pre-trained on MS
MARCO dataset showed significant improvements
over BERT trained with MLM, but lacks domain-
specific knowledge and shows performance drop on
negative queries. BM25 performs well on positive
queries with performance degradation on negative
queries as well, because negation is not always
explicitly expressed in EHR.

3.4 Embedding separation analysis
Because we have the negation labels, we can also
create opposite-negation queries. For example, the

Model IND NIH
BERT -0.04±0.06 0.01±0.07
BERT (fine-tuned) 0.03±0.09 0.05±0.08
BioClinicalBERT 0.01±0.05 0.01±0.03
SBERT (MS MARCO) 0.01±0.01 0.02±0.01
SBERT (ours) 0.42±0.36 0.56±0.34

Table 3: Embedding space separation analysis.

opposite-negation query for "no opacity" would be
"opacity". Ideally, with a high-precision retrieval
system, for a given sentence, the similarity score
between the matched query and sentence should
be higher than that between the opposite-negation
query and the sentence. We reported (Table 3) the
differences (mean±std) between these two scores
for all the entries in each dataset with all the BERT
embedding-based methods. Our trained SBERT
showed a clear separation in the embedding space.
The distances for the other BERT models are all
around zero with even negative distances, suggest-
ing poor negation awareness.

3.5 Evaluation on human-annotated data

We also evaluated our model on a separate human-
annotated dataset. The radiology reports used in
this section are private anonymized data obtained
from our collaborative partners. HIPPA was fully
enforced and all data were handled according to the
Declaration of Helsinki. All reports were written in
the English language. 206 CT reports and 120 chest
X-ray (CXR) reports were annotated for various
disease findings on the sentence level by 3 radiolo-
gists using the brat rapid annotation tool (available
at https://brat.nlplab.org/). Majority
voting was used to handle disagreements. This
resulted in 2,990 unique sentences/8 queries for
CT reports and 1,810 unique sentences/18 queries
for CXR reports. Note that the candidate sen-
tences for retrieval also include those sentences
without any our interested disease findings. For
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Model mAP mR
CT / CXR CT / CXR

BM25 0.34 / 0.34 0.39 / 0.31
BioClinicalBERT 0.32 / 0.28 0.34 / 0.26
SBERT (MS MARCO) 0.35 / 0.39 0.40 / 0.37
SBERT (trained on IND) 0.59 / 0.66 0.57 / 0.60
SBERT (trained on NIH) 0.52 / 0.57 0.50 / 0.54

Table 4: Evaluation on human-annotated datasets.

the CT reports, the annotation was based on the
presence or absence of 4 diseases (resulting in 8
queries): thoracic aneurysm, abdominal aneurysm,
lung nodule and pulmonary embolism. The aver-
age number of matched sentences for each query
is 42±33. For the CXR reports, the annotation
was based on 10 diseases (resulting in 18 queries,
as 2 negative queries do not have the correspond-
ing matched sentences): pulmonary embolism,
airspace opacity, lung nodule, emphysema, pneu-
mothorax, abdominal aortic aneurysm, thoracic
aortic aneurysm, rib fracture, scapula fracture and
spine fracture. The average number of matched
sentences for each query is 18±16. It it worth not-
ing that some of the diseases are not even used as
queries in the IND/NIH training data, including
thoracic aneurysm, abdominal aneurysm and spine
fracture.

Table 4 shows that our SBERT fine-tuned on
either IND or NIH dataset outperforms the other
compared methods by large margins.

4 Discussion

In this paper we demonstrated that the proposed
supervised pre-training tasks with automated an-
notation can greatly improve the IR performance
of SBERT on short and negative queries. The pro-
posed labeled data generation method can also be
used to train the cross-attention BERT models for
further improvement when computation speed is
not the bottleneck.

We focused on short queries in this study, and
BM25 still performs well on positive queries. The
embedding-based BERT models are expected to
show more advantages over BM25 on complicated
queries that require semantic understanding. Hav-
ing the comprehensive negation and finding labels
for each sentence also allows us to assemble more
complicated queries that include more than one
finding, such as "A and B" or "A without C"
where A, B and C represent three different find-
ings. These more challenging tasks can be explored
in the future work. The label generation tool can

also be extended to training IR models in domains
other than medical domain, such as finance, law, or
retail, provided with the corresponding lexicons.

In this study we did not evaluate retrieval on
the report-level because we have the sentence-level
annotations, which enable fine-grained evaluation.
The report-level evaluation can be included in the
future work.

5 Conclusion

In this work we proposed to generate query-
sentence pairs automatically using a CXR lexicon
for training embedding-based BERT models on
the EHR retrieval problem. We showed that the
fine-tuned SBERT obtained a substantial perfor-
mance gain over the other pre-trained models. The
trained model can also generalize well to unseen
queries and data from another source. The pro-
posed method can be especially helpful in training
and evaluating neural IR models in domains with
limited human-labeled data.

References
Emily Alsentzer, John Murphy, William Boag, Wei-

Hung Weng, Di Jindi, Tristan Naumann, and
Matthew McDermott. 2019. Publicly available clini-
cal BERT embeddings. In Proceedings of the 2nd
Clinical Natural Language Processing Workshop,
pages 72–78, Minneapolis, Minnesota, USA. Asso-
ciation for Computational Linguistics.

Daniel Cer, Mona Diab, Eneko Agirre, Iñigo Lopez-
Gazpio, and Lucia Specia. 2017. SemEval-2017
task 1: Semantic textual similarity multilingual and
crosslingual focused evaluation. In Proceedings
of the 11th International Workshop on Semantic
Evaluation (SemEval-2017), pages 1–14, Vancouver,
Canada. Association for Computational Linguistics.

Steven R Chamberlin, Steven D Bedrick, Aaron M Co-
hen, Yanshan Wang, Andrew Wen, Sijia Liu, Hong-
fang Liu, and William R Hersh. 2020. Evalua-
tion of patient-level retrieval from electronic health
record data for a cohort discovery task. JAMIA open,
3(3):395–404.

Wei-Cheng Chang, Felix X. Yu, Yin-Wen Chang, Yim-
ing Yang, and Sanjiv Kumar. 2020. Pre-training
tasks for embedding-based large-scale retrieval. In
8th International Conference on Learning Represen-
tations, ICLR 2020, Addis Ababa, Ethiopia, April
26-30, 2020. OpenReview.net.

Mostafa Dehghani, Hamed Zamani, Aliaksei Severyn,
Jaap Kamps, and W. Bruce Croft. 2017. Neural rank-
ing models with weak supervision. In Proceedings
of the 40th International ACM SIGIR Conference on

3461

https://doi.org/10.18653/v1/W19-1909
https://doi.org/10.18653/v1/W19-1909
https://doi.org/10.18653/v1/S17-2001
https://doi.org/10.18653/v1/S17-2001
https://doi.org/10.18653/v1/S17-2001
https://openreview.net/forum?id=rkg-mA4FDr
https://openreview.net/forum?id=rkg-mA4FDr
https://doi.org/10.1145/3077136.3080832
https://doi.org/10.1145/3077136.3080832


Research and Development in Information Retrieval,
SIGIR ’17, page 65–74, New York, NY, USA. Asso-
ciation for Computing Machinery.

Dina Demner-Fushman, Marc D Kohli, Marc B Rosen-
man, Sonya E Shooshan, Laritza Rodriguez, Sameer
Antani, George R Thoma, and Clement J McDon-
ald. 2016. Preparing a collection of radiology ex-
aminations for distribution and retrieval. Journal
of the American Medical Informatics Association,
23(2):304–310.

Jeff Johnson, Matthijs Douze, and Hervé Jégou. 2021.
Billion-scale similarity search with gpus. IEEE
Trans. Big Data, 7(3):535–547.

Jinhyuk Lee, Wonjin Yoon, Sungdong Kim,
Donghyeon Kim, Sunkyu Kim, Chan Ho So, and
Jaewoo Kang. 2020. Biobert: a pre-trained biomed-
ical language representation model for biomedical
text mining. Bioinformatics, 36(4):1234–1240.

Jimmy Lin, Yulu Wang, Miles Efron, and Garrick
Sherman. 2014. Overview of the TREC-2014 mi-
croblog track. In Proceedings of The Twenty-Third
Text REtrieval Conference, TREC 2014, Gaithers-
burg, Maryland, USA, November 19-21, 2014, vol-
ume 500-308 of NIST Special Publication. National
Institute of Standards and Technology (NIST).

Sean MacAvaney, Andrew Yates, Kai Hui, and Ophir
Frieder. 2019. Content-based weak supervision for
ad-hoc re-ranking. In Proceedings of the 42nd Inter-
national ACM SIGIR Conference on Research and
Development in Information Retrieval, SIGIR’19,
page 993–996, New York, NY, USA. Association for
Computing Machinery.

Karthik Natarajan, Daniel Stein, Samat Jain, and
Noémie Elhadad. 2010. An analysis of clinical
queries in an electronic health record search util-
ity. International journal of medical informatics,
79(7):515–522.

Tri Nguyen, Mir Rosenberg, Xia Song, Jianfeng Gao,
Saurabh Tiwary, Rangan Majumder, and Li Deng.
2016. MS MARCO: A human generated machine
reading comprehension dataset. In Proceedings
of the Workshop on Cognitive Computation: Inte-
grating neural and symbolic approaches 2016 co-
located with the 30th Annual Conference on Neu-
ral Information Processing Systems (NIPS 2016),
Barcelona, Spain, December 9, 2016, volume 1773
of CEUR Workshop Proceedings. CEUR-WS.org.

Rodrigo Nogueira and Kyunghyun Cho. 2019. Pas-
sage re-ranking with bert. arXiv preprint
arXiv:1901.04085.

Yifan Qiao, Chenyan Xiong, Zhenghao Liu, and
Zhiyuan Liu. 2019. Understanding the behaviors of
BERT in ranking. CoRR, abs/1904.07531.

Nils Reimers and Iryna Gurevych. 2019. Sentence-
bert: Sentence embeddings using siamese bert-
networks. In Proceedings of the 2019 Conference on

Empirical Methods in Natural Language Processing.
Association for Computational Linguistics.

Stephen Robertson and Hugo Zaragoza. 2009. The
probabilistic relevance framework: Bm25 and be-
yond. Found. Trends Inf. Retr., 3(4):333–389.

Tanveer Syeda-Mahmood. 2010. Similarity retrieval of
cardiac reports. In 2010 Annual International Con-
ference of the IEEE Engineering in Medicine and
Biology, pages 1135–1141. IEEE.

Tanveer F. Syeda-Mahmood, Ken C. L. Wong, Joy T.
Wu, Ashutosh Jadhav, and Orest B. Boyko. 2020.
Extracting and learning fine-grained labels from
chest radiographs. In AMIA 2020, American Medi-
cal Informatics Association Annual Symposium, Vir-
tual Event, USA, November 14-18, 2020. AMIA.

Xiaosong Wang, Yifan Peng, Le Lu, Zhiyong Lu,
Mohammadhadi Bagheri, and Ronald M Summers.
2017. Chestx-ray8: Hospital-scale chest x-ray
database and benchmarks on weakly-supervised
classification and localization of common thorax
diseases. In Proceedings of the IEEE conference
on computer vision and pattern recognition, pages
2097–2106.

John Wieting and Kevin Gimpel. 2018. ParaNMT-
50M: Pushing the limits of paraphrastic sentence em-
beddings with millions of machine translations. In
Proceedings of the 56th Annual Meeting of the As-
sociation for Computational Linguistics (Volume 1:
Long Papers), pages 451–462, Melbourne, Australia.
Association for Computational Linguistics.

Zeynep Akkalyoncu Yilmaz, Shengjin Wang, Wei
Yang, Haotian Zhang, and Jimmy Lin. 2019a. Ap-
plying bert to document retrieval with birch. In Pro-
ceedings of the 2019 Conference on Empirical Meth-
ods in Natural Language Processing and the 9th In-
ternational Joint Conference on Natural Language
Processing (EMNLP-IJCNLP): System Demonstra-
tions, pages 19–24.

Zeynep Akkalyoncu Yilmaz, Wei Yang, Haotian
Zhang, and Jimmy Lin. 2019b. Cross-domain mod-
eling of sentence-level evidence for document re-
trieval. In Proceedings of the 2019 Conference on
Empirical Methods in Natural Language Processing
and the 9th International Joint Conference on Natu-
ral Language Processing (EMNLP-IJCNLP), pages
3481–3487.

3462

https://doi.org/10.1109/TBDATA.2019.2921572
https://trec.nist.gov/pubs/trec23/papers/overview-microblog.pdf
https://trec.nist.gov/pubs/trec23/papers/overview-microblog.pdf
https://doi.org/10.1145/3331184.3331316
https://doi.org/10.1145/3331184.3331316
http://ceur-ws.org/Vol-1773/CoCoNIPS_2016_paper9.pdf
http://ceur-ws.org/Vol-1773/CoCoNIPS_2016_paper9.pdf
http://arxiv.org/abs/1904.07531
http://arxiv.org/abs/1904.07531
https://doi.org/10.1561/1500000019
https://doi.org/10.1561/1500000019
https://doi.org/10.1561/1500000019
https://knowledge.amia.org/72332-amia-1.4602255/t003-1.4606204/t003-1.4606205/3417042-1.4606287/3417178-1.4606284
https://knowledge.amia.org/72332-amia-1.4602255/t003-1.4606204/t003-1.4606205/3417042-1.4606287/3417178-1.4606284
https://doi.org/10.18653/v1/P18-1042
https://doi.org/10.18653/v1/P18-1042
https://doi.org/10.18653/v1/P18-1042


A Appendix: Model training details

Here we provide more details on the models used
in Section 3. We used the Huggingface "BERT-
base-uncased" model (pre-trained on BookCorpus
and English Wikipedia, availabel at: https://
huggingface.co/bert-base-uncased)
as our BERT model for comparison. The BERT
(fine-tuned) model was fine-tuned on the EHR text
(Indiana or NIH dataset) using MLM for 5 epochs
based on the "BERT-base-uncased" model. The
pre-trained BioClinicalBERT (Alsentzer et al.,
2019) (availabel at: https://github.com/
EmilyAlsentzer/clinicalBERT) was
initialized with BioBERT (Lee et al., 2020) and
fine-tuned on clinical notes.

Our SBERT model was initialized with the Bio-
ClinicalBERT. We fine-tuned SBERT using the
triplet loss for 10 epochs for all datasets in this
study. We used AdamW optimizer with the learn-
ing rate 2e-5, weight decay 0.01 and a linear learn-
ing rate warm-up of 100 steps.

The SBERT model used as comparison was
pre-trained on 500K (query, answer) pairs from
the MS MARCO dataset. This pre-trained model
(msmarco-bert-base-dot-v5) was one of the recom-
mended sentence embedding models from the offi-
cial SBERT webpage (https://www.sbert.
net/docs/pretrained_models.html).
Among all the pre-trained models, we picked this
one because it is the only pre-trained model based
on "BERT-base" model, to be consistent with all
the other models (all based on "BERT-base") in
our experiments. Since this model was tuned to
be used with dot-product, we used dot-product
to calculate similarity scores only for this model
in the retrieval experiments in Table 2. For all
the other models, cosine-similarity was used to
calculate scores. However, for the embedding
separation analysis in Table 3, cosine-similarity
was used for SBERT (MS MARCO) as well so
that the scale of the similarity scores is comparable
to the others.
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Abstract

We establish THUMB, a rubric-based human
evaluation protocol for image captioning mod-
els. Our scoring rubrics and their definitions
are carefully developed based on machine- and
human-generated captions on the MSCOCO
dataset. Each caption is evaluated along two
main dimensions in a tradeoff (precision and
recall) as well as other aspects that measure
the text quality (fluency, conciseness, and in-
clusive language). Our evaluations demon-
strate several critical problems of the current
evaluation practice. Human-generated cap-
tions show substantially higher quality than
machine-generated ones, especially in coverage
of salient information (i.e., recall), while most
automatic metrics say the opposite. Our rubric-
based results reveal that CLIPScore, a recent
metric that uses image features, better corre-
lates with human judgments than conventional
text-only metrics because it is more sensitive to
recall. We hope that this work will promote a
more transparent evaluation protocol for image
captioning and its automatic metrics.1

1 Introduction

Recent progress in large-scale training has pushed
the state of the art in vision-language tasks (Li et al.,
2020; Zhang et al., 2021, inter alia). One of these
tasks is image captioning, whose objective is to
generate a caption that describes the given image.
The performance in image captioning has been pri-
marily measured in automatic metrics (e.g., CIDEr,
Vedantam et al., 2015; SPICE, Anderson et al.,
2016) on popular benchmarks, such as MSCOCO
(Lin et al., 2014) and Flickr8k (Hodosh et al., 2013).
Use of these metrics is justified based on their corre-
lation with human judgments collected in previous
work (Hodosh et al., 2013; Elliott and Keller, 2014;
Kilickaya et al., 2017, inter alia).

∗Work was done during an internship at AI2.
1All data are available at https://github.com/

jungokasai/THumB.

Machines P R CIDEr
A red fire hydrant spewing water on a street. 5 3 139.2
A red fire hydrant spraying water on a street. 5 3 205.2
Human
A busted red fire hydrant spewing water all
over a street creating a rainbow.

5 5 120.5

Figure 1: These machine captions are precise (in the
scale of 1–5) but lose points in recall (i.e., coverage of
salient information); they both ignore the rainbow in
the picture. Automatic metrics, such as CIDEr, do not
capture this failure.

Continuous use of these previous human judg-
ments, however, raises significant concerns for de-
velopment of both captioning models and auto-
matic metrics because of their lack of transparency.
In previous work, annotators (crowdworkers, typi-
cally) rate image captions directly (Hodosh et al.,
2013), pairwise (Vedantam et al., 2015), or along
multiple dimensions such as thoroughness (Aditya
et al., 2015) and truthfulness (Yatskar et al., 2014).
These scoring judgments depend highly on individ-
ual annotators’ discretion and understanding of the
annotation scheme (Freitag et al., 2021; Clark et al.,
2021), making it difficult to decompose, interpret,
and validate annotations. This lack of transparency
also makes it difficult to interpret evaluation re-
sults for downstream applications where some as-
pects are particularly important (e.g., accessibil-
ity for people with visual impairments; Gleason
et al., 2019, 2020). Further, these annotations were
done only on relatively old models (e.g., MSCOCO
leaderboard submissions in 2015; Anderson et al.,
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2016). Correlations of automatic metrics with hu-
man judgments can break down especially when
model types change (Callison-Burch et al., 2006),
or generation models become increasingly pow-
erful (Ma et al., 2019; Edunov et al., 2020). We
thus develop an up-to-date, transparent human eval-
uation protocol to better understand how current
models perform and how automatic metrics are
correlated when applied to current models.

At the core of our rubrics are two main scores in
a tradeoff: precision and recall (Fig. 1). The former
measures accuracy of the information in a caption,
and the latter assesses how much of the salient
information in the image is covered. We then pe-
nalize a caption if we find a problem in fluency,
conciseness, or inclusive language. Two or more
authors evaluate every instance and collaborate to
resolve disagreements, ensuring high quality of the
annotations. We assess outputs from four strong
models as well as human-generated reference cap-
tions from MSCOCO. We call our scores THUMB
1.0 (Transparent Human Benchmark), and release
them publicly.

Key Findings We made several key observations
from the evaluations.

• Machine-generated captions from recent models
have been claimed to achieve superhuman perfor-
mance using popular automatic metrics (human
performance is ranked at the 250th place in the
MSCOCO leaderboard),2 but they still show sub-
stantially lower quality than human-generated
ones.

• Machines fall short of humans, especially in re-
call (Fig. 1), but most automatic metrics say the
opposite. This finding is consistent with prior
work that showed that machines tend to pro-
duce less diverse captions than humans (van Mil-
tenburg et al., 2018).

• Human performance is underestimated in the cur-
rent leaderboard paradigm, and there is still much
room for improvement on MSCOCO captioning.

• CLIPScore and RefCLIPScore (Hessel et al.,
2021), recently proposed metrics that use im-
age features, improve correlations particularly in
recall. While they fail to score human generation
much higher than machine one, they capture an

2https://competitions.codalab.org/
competitions/3221#results.

aspect that is less reflected in text-only metrics.

• Currently available strong captioning models gen-
erate highly fluent captions. Fluency evaluation
is thus no longer crucial in ranking these models.

2 Evaluation Protocol

We establish a transparent evaluation protocol for
English image captioning models. Our rubrics and
rules are developed through discussions among all
annotators (first four authors of this paper) and
designed to increase the reliability of evaluation
(Jonsson and Svingby, 2007)

2.1 Evaluation Setups and Quality Control

We used images from the test data in the stan-
dard Karpathy split (Karpathy and Fei-Fei, 2015)
of the MSCOCO dataset (Lin et al., 2014). The
dataset consists of 113K, 5K, and 5K train/dev./test
everyday-scene photos sampled from Flickr. We
randomly sampled 500 test images and prepared
one human- and four machine-generated captions
for every image (§2.3). We first performed de-
velopmental evaluations of 250 captions for 50
images and created rubrics. We then proceeded
with the rest of the captions. For every image, cap-
tions were shuffled, and thus annotators did not
know which caption corresponded to which model,
thereby avoiding a potential bias from knowledge
about the models. We conducted two-stage anno-
tations: the first annotator scores all captions for
given images, and the second annotator checks and
modifies the scores when necessary. After the de-
velopmental phase, the κ coefficient (Cohen, 1960)
was 0.86 in precision and 0.82 in recall for the
rest of the evaluated captions (§2.2.1).3 The first
four authors of this paper conducted all evaluations;
none of them are color blind or low vision, two are
native English speakers, and one is a graduate stu-
dent in linguistics. We finally ensured that at least
one native speaker evaluated the fluency of every
caption (§2.2.2), meaning that if a caption is anno-
tated by the two non-native speakers, one native
speaker checks the fluency in an additional round.

3Furthermore, we found that a third annotator did not
change the scores for all 100 captions randomly sampled for
meta-evaluations, confirming the sufficiently high quality of
our two-stage annotations. Disagreement in ratings can also
result from a certain degree of subjectivity (Misra et al., 2016).
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2.2 THUMB 1.0

Similar to the framework of the automatic SPICE
metric (Anderson et al., 2016), we base our manual
evaluations on two main scores: precision and
recall. We also consider three types of penalty:
fluency, conciseness, and inclusive language. The
overall score is computed by averaging precision
and recall and deducting penalty points.

2.2.1 Main Scores
The two main scores are assessed in the scale of
1–5. They balance information accuracy and cover-
age.

Precision Precision (P) measures how precise the
caption is given the image. For instance, Caption 1-
B in Table 1 is perfectly precise, while 1-A (dog vs.
otter, one vs. two frisbees) and 1-C (three vs. two
frisbees) are not precise. Precision guards against
hallucinations from the language model (table in 2-
B) that are known to be common failures of image
captioning models (Rohrbach et al., 2018). The
score of 4 is reserved for relatively minor issues,
such as attributes that are almost correct (e.g., pink
vs. red in 4-C, Table 1) or cases where the caption
does not contradict the image but is not guaranteed
to be true (e.g., it is unclear whether the girl is
sitting on a couch in 3-B). In addition to objects
themselves, precision deals with information like
properties, attributes, occasions, locations, and re-
lations between objects (e.g., in a red suitcase vs.
on a red suitcase in 4-A).

Recall Recall (R) measures how much of the
salient information (e.g., objects, attributes, and
relations) from the image is covered by the cap-
tion. This includes color (e.g., color of the frisbees
in 1-A, 1-B, and 1-C) and guards against generic,
uninformative captions that machines tend to pro-
duce (Wang et al., 2020). For instance, an otter is a
small animal, and thus small animal is precise (1-
C); however, it is much less informative (and less
natural; Ordonez et al., 2013) than saying an otter.
Similarly, Caption 5-B only says a woman is stand-
ing behind a counter at a donut shop, but she is sell-
ing donuts, not buying or looking at donuts, which
is salient information from the picture. We do not
take a point off if missing information is already
expected from the caption (e.g., a double-decker
bus is typically red). We often find it useful to take
a generative approach when evaluating recall: what
image does the caption lead us to imagine? When

the caption entails many potential images that sub-
stantially diverge from the given image, the recall
score should be low.4

2.2.2 Penalties
Fluency Fluency (Flu.) measures the quality of
captions as English text regardless of the given im-
age. Initially, we scored fluency in the scale of 1–5,
similar to P and R, but we found most captions
from modern neural network models were highly
fluent. Thus, we instead decided to take points off
from the average of P and R if there’s a fluency
problem to account for minor issues that are much
less problematic than losing one P/R point. The
four annotators had extensive discussions and de-
veloped rubrics for fluency. Similar to recent work
on professional evaluations for machine translation
(Freitag et al., 2021), we evaluated under the fol-
lowing principle: if a fluency problem is expected
to be easily corrected by a text postprocessing algo-
rithm (e.g., grammatical error correction: Yuan and
Briscoe, 2016; Sakaguchi et al., 2017), the penalty
should be 0.1. This includes obvious misspellings
or grammatical errors (e.g., A otter in 1-B) and
missing determiners/hyphens (multi colored in 2-
C). 0.5+ points were subtracted for more severe
problems, such as duplication (e.g., A display case
of donuts and doughnuts), ambiguity (e.g., A cat is
on a table with a cloth on it), and broken sentences
(e.g., A large concrete sign small buildings behind
it.). See Table 6 in §A.1 for more extensive fluency
rubrics. Note that the average fluency penalty was
0.01; this confirms that fluency is no longer crucial
in ranking models for MSCOCO captioning and
contrasts with human evaluations previously done
for older captioning models.

Conciseness The scores so far do not take into
account conciseness of captions. Specifically, a
model could simply increase all scores by describ-
ing every detail in a picture. For instance, the
following caption is overly repetitive: a woman
lying on her back with knees bent on a beach towel
under a multicolored, striped beach umbrella, sur-
rounded by sand, and with clear blue sky above.
We subtract 0.5 points for these captions. Note that
most machine captions were short, and this penalty
was only applied to two human-generated captions.
It might become more crucial for future models

4Prior work found recall (or specificity) can vary across
cultures or languages (van Miltenburg et al., 2017). We focus
on the English language in this work.
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Image Caption P R Flu. Total

1-A: Up-Down 3 4 0 3.5A dog playing with a frisbee on the ground.

1-B: VinVL-base 5 4 0.1 4.4A otter is laying on the sand next to two frisbees.

1-C: VinVL-large 4 3 0 3.5A small animal laying on a rock with three frisbees.

2-A: Up-Down 5 3 0 4A close up of a plate of broccoli.

2-B: Unified-VLP, VinVL-base, VinVL-large 4 4 0 4A plate of pasta and broccoli on a table.

2-C: Human 5 5 0.1 4.9A multi colored dish with broccoli and white twisted pasta in it.

3-A: Unified-VLP 3 4 0 3.5A little girl holding a video game controller.

3-B: VinVL-large 4 5 0 4.5A little girl is blow drying her hair on a couch.

3-C: Human 5 5 0 5A little girl holding a blow dryer next to her head.

4-A: Up-Down 3 5 0 4A black cat laying in a red suitcase.

4-B: Unified-VLP, VinVL-base, VinVL-large 5 5 0 5A black cat sitting on top of a red suitcase.

4-C: Human 4 5 0 4.5A large black cat laying on top of a pink piece of luggage.

5-A: Up-Down, Unified-VLP 3 2 0 2.5A man standing in front of a display of donuts.

5-B: VinVL-large 5 3 0 4A woman standing behind a counter at a donut shop.

5-C: Human 5 5 0.3 4.7Woman selling doughnuts with doughnut stock in the background.

Table 1: Example evaluations of machine- and human-generated captions. None of these captions get penalties in
conciseness and inclusive language. Evaluated captioning models are described in §2.3. All MSCOCO images are
provided under a Creative Commons Attribution 4.0 License (Lin et al., 2014).

with a more powerful object detection module that
catches many objects in the picture.

Inclusive Language We found that some in-
stances substantially diverge from inclusive lan-
guage when humans are described (van Miltenburg,
2020), raising a concern for downstream applica-
tions. In these cases, we added a penalty: 0.5 points
were deducted for a subjective comment about ap-
pearance (e.g., very pretty girl), and 2 points for
more severe problems (e.g., beautiful breasts).

2.2.3 Rules of THUMB
In our development phase, we established the fol-
lowing additional rules to clarify our annotation
scheme.

Avoiding Double Penalties When an error is ac-
counted for in precision, we correct the error be-

fore scoring the recall, thereby avoiding penalizing
the precision and recall for the same mistake. For
example, P=3 is given to Caption 1-A in Table 1
because of its wrong detection (dog vs. otter; one
vs. two frisbees), but we score the recall assuming
that the caption is now an otter playing with two
frisbees on the ground. This ensures that a generic,
useless caption, such as there is something on some-
thing (P=5, R=1), would be ranked considerably
lower than a dog on the beach with two pink and
yellow frisbees (P=3, R=5). Similarly, the wrong
detection in 5-A (man vs. woman) is handled only
in precision. Note that such error correction is
not applicable to hallucinations because there is no
alignment between a part of the image and a hallu-
cinated object (e.g., table in 2-B). This rule departs
from the definition of recall in SPICE (Anderson
et al., 2016), an automatic metric that measures the
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F1 score in scene graphs predicted from reference
and generated captions; their alignment is limited
to WordNet synonyms (Miller, 1995). This means
that classifying an otter as a dog or even a small
animal would result in cascading errors both in
precision and recall, overrating captions that com-
pletely overlook the otter or ones that make a more
severe classification error (e.g., miscategorize the
otter as a car, compared to a dog).

Object Counts as Attributes All counts are con-
sidered as object attributes, and wrong counts are
handled in precision. This simplifies the distinction
between precision and recall. For instance, both a
frisbee (1-A) and three frisbees (1-C) are precision
problems, while saying some frisbees would be a
recall problem when it is clear that there are exactly
two frisbees. Note that this is in line with SPICE,
which treats object counts as attributes in a scene
graph, rather than duplicating a scene graph for
every instance of an object (Anderson et al., 2016).

Black and White Photo MSCOCO contains
black and white or gray-scale pictures. Some cap-
tions explicitly mention that they are black and
white, but we disregard this difference in our evalu-
ations. The crowdsource instructions for creating
reference captions do not specify such cases (Chen
et al., 2015). Further, we can potentially run post-
processing to determine whether it is black and
white to modify the caption accordingly, depend-
ing on the downstream usage.

Text Processing Image captioning models often
differ slightly in text preprocessing. As a result,
we found that generated captions were sometimes
slightly different in format (e.g., tokenized or detok-
enized; lowercased or not). For better reproducibil-
ity, we follow the spirit of SACREBLEU (Post,
2018), which has become the standard package to
compute BLEU scores for machine translation: all
evaluations, including automatic metrics, should be
done on clean, untokenized text, independently of
preprocessing design choices. We apply the follow-
ing minimal postprocessing to the model outputs
and human captions.
• Remove unnecessary spaces at the start or end of

every caption.
• Uppercase the first letter.
• Add a period at the end if it doesn’t exist, and

remove a space before a period if any.
We keep the postprocessing minimal for this work
and encourage future model developers to follow

the standard practice in machine translation: every
model has to output clean, truecased, untokenized
text that is ready to be used in downstream modules.
This also improves the transparency and repro-
ducibility of automated evaluations (Post, 2018).

2.3 Evaluated Captions

We evaluated the following four strong models
from the literature as well as human-generated cap-
tions. They share similar pipeline structure: object
detection followed by crossmodal caption genera-
tion. They vary in model architecture, (pre)training
data, model size, and (pre)training objective. Eval-
uating captions from them will enable us to better
understand what has been improved and what is
still left to future captioning models.
• Up-Down (Anderson et al., 2018) trains Faster

R-CNN (Ren et al., 2015) on the Visual Genome
datset (Krishna et al., 2016) for object detection.
It then uses an LSTM-based crossmodal genera-
tion model.

• Unified-VLP (Zhou et al., 2020) uses the same
object detection model as Up-Down. The
transformer-based generation model is initialized
with base-sized BERT (Devlin et al., 2019) and
further pretrained with 3M images from Concep-
tual Captions (Sharma et al., 2018).

• VinVL-base and VinVL-large (Zhang et al.,
2021) train a larger-scale object detection model
with the ResNeXt-152 C4 architecture (Xie et al.,
2017) on ImageNet (Deng et al., 2009). The
transformer generation model is initialized with
BERT and pretrained with 5.7M images.

• Human randomly selects one from the
five human-generated reference captions in
MSCOCO. Those captions were created by
crowdworkers on Amazon Mechanical Turk
(Chen et al., 2015).

Further details are described in §A.3 of Appendix.

3 Results and Analysis

We present results and analysis from our evalu-
ations. Our transparent evaluations facilitate as-
sessments and analysis of both captioning models
(§3.1) and automatic metrics (§3.2).

3.1 Comparing Models

Seen in Table 2 (left section) is the model perfor-
mance that is averaged over the 500 test images and
broken down by the rubric categories. Overall, Hu-
man substantially outperforms all machines in the

3468



THUMB 1.0 Automatic Metrics
Model P↑ R↑ Flu.↓ Con.↓ Inc.↓ Total↑ BLEU ROUGE BERT-S SPICE CIDEr CLIP-S RefCLIP-S
Human 4.82 4.35 0.019 0.02 0.00 4.56+0.03−0.03 26.2 50.4 0.938 23.7 111.5 0.791 0.834

VinVL-large 4.54 3.97 0.005 0.00 0.00 4.25+0.04−0.04 33.3 56.5 0.946 26.4 141.8 0.784 0.834

VinVL-base 4.47 3.95 0.001 0.00 0.00 4.21+0.04−0.04 32.3 55.9 0.945 25.6 138.4 0.779 0.830

Unified-VLP 4.35 3.77 0.004 0.00 0.00 4.06+0.04−0.04 31.6 55.8 0.945 24.3 128.5 0.771 0.821

Up-Down 4.29 3.50 0.014 0.00 0.00 3.88+0.05−0.05 28.4 52.2 0.939 21.0 110.7 0.746 0.803

Table 2: Performance of image captioning models with respect to THUMB 1.0 (left) and automatic metrics (right).
All scores are averaged over 500 images randomly sampled from the Karpathy test split. P: precision; R: recall; Flu.:
fluency; Con.: conciseness; Inc.: inclusive language. 90% confidence intervals for total scores are calculated by
bootstrapping (Koehn, 2004). All reference-based metrics take as input the same four crowdsourced captions that
are not used in Human for fair comparisons. THUMB 1.0 scores Human substantially higher than the machines,
unlike all automatic metrics.

P, R, and total scores. In particular, we see a large
gap between Human and the machines in recall
(e.g., Human 4.35 vs. VinVL-large 3.97). This con-
trasts with the automatic metric-based ranking of
the MSCOCO leaderboard, where Human is ranked
at the 250th place.5 This result questions claims
about human parity or superhuman performance
on MSCOCO image captioning. The four machine
captioning models are ranked in the expected order,
though the small difference between VinVL-large
and VinVL-base suggests that simply scaling up
models would not lead to a substantial improve-
ment. We see that the three models that are ini-
tialized with pretrained BERT (VinVL-large/base,
Unified-VLP) are particularly fluent, but the prob-
lem is small in the other models as well.

While we compute representative, total scores,
our transparent rubrics allow for adjusting weight-
ing of the categories depending on the applica-
tion of interest. For instance, in the social media
domain, recall can be more important than pre-
cision to make captions engaging to users (Shus-
ter et al., 2019). To assess the models indepen-
dently of these aggregation decisions, we count
the number of times when each model outper-
forms/underperforms all the others both in P and
R (strictly best/worst, Table 3). We see patterns
consistent with Table 2. For example, Human is
most likely to be strictly best and least likely to be
strictly worst. This suggests that machine caption-
ing models would still fall short of crowdworkers
in a wide range of downstream scenarios.

5The official leaderboard ranks submissions using CIDEr
(Vedantam et al., 2015) with 40 references on the hidden test
data. We use the public Karpathy test split instead, but we
suspect the same pattern would hold on the hidden data as
well, given the large gap between machines and Human.

Model Human Vin-large Vin-base U-VLP Up-Down
# Best ↑ 327 180 161 112 74
# Worst ↓ 65 128 150 190 269

Table 3: # times when each captioning model is strictly
best/worst in the caption set (i.e., best/worst both in
precision and recall).

3.2 Comparing Automatic Metrics

While carefully-designed human judgments like
ours should be considered more reliable, automatic
metrics allow for faster development cycles. Our
transparent evaluations can also be used to analyze
how these automatic metrics correlate with differ-
ent aspects of image captioning. Table 2 (right
section) shows automatic scores of the captioning
models over 7 popular metrics for image caption-
ing. CLIP-S (Hessel et al., 2021) is a referenceless
metric that uses image features from CLIP (Rad-
ford et al., 2021), a crossmodal retrieval model
trained on 400M image-caption pairs from the web.
RefCLIP-S augments CLIP-S with similarities be-
tween the generated and reference captions. All
other metrics, such as SPICE (Anderson et al.,
2016) and CIDEr (Vedantam et al., 2015), only
use reference captions without image features.

These automatic metrics generally agree with
our evaluations in ranking the four machines,
but completely disagree in the assessment of Hu-
man. Most metrics rank Human near the bot-
tom, showing that they are not reliable in evalu-
ating high-quality, human-generated captions. The
two metrics with powerful image and text fea-
tures (CLIP-S and RefCLIP-S) give high scores
to Human compared to the other metrics, but they
still fail to score Human substantially higher than
VinVL-large. This suggests that automatic metrics
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should be regularly updated as our models become
stronger (and perhaps more similar to humans), and
raises a significant concern about the current prac-
tice that fixes evaluation metrics over time (Kasai
et al., 2022).

w/o Human w/ Human
Metric P R Total P R Total
RefCLIP-S 0.34 0.27 0.44 0.31 0.26 0.41+0.05−0.05
RefOnlyC 0.42 0.14 0.41 0.37 0.11 0.34+0.04−0.05
CLIP-S 0.18 0.27 0.32 0.17 0.28 0.32+0.05−0.05
CIDEr 0.27 0.18 0.33 0.21 0.11 0.23+0.04−0.04
BERT-S 0.27 0.18 0.33 0.20 0.10 0.21+0.04−0.04
SPICE 0.26 0.15 0.30 0.20 0.09 0.21+0.04−0.04
ROUGE-L 0.26 0.17 0.31 0.18 0.07 0.18+0.04−0.04
BLEU 0.21 0.13 0.25 0.15 0.04 0.13+0.04−0.04

Table 4: Instance-level correlations of automatic evalua-
tion scores. RefCLIP-S and CLIP-S use image features
unlike the others, and all but CLIP-S require references.
All of these reference-based metrics use the same subset
of four captions as in Table 2 that exclude Human. All
metrics had correlations lower than 0.1 for fluency.

Seen in Table 4 are instance-level Pearson cor-
relation scores between automatic scores and our
evaluations.6 We also add an ablation study: Re-
fOnlyC removes image features from RefCLIP-S to
quantify the effect of image features. We consider
two types of scenarios: one with Human and one
without. Correlations drop from the latter to the
former for all metrics and aspects except CLIP-S,
again showing that the metrics are not reliable in
assessing human-generated captions. Interestingly,
CLIP-S correlates best in recall (0.28 w/ Human)
but suffers in precision (0.17 w/ Human). RefOn-
lyC, in contrast, achieves the best correlations in P
at the expense of R. RefCLIP-S balances the two
and achieves the best correlation in total scores.
This indicates that the CLIP image features par-
ticularly help assess coverage of salient informa-
tion that can be ignored in some reference captions
from crowdworkers.7 Prior work (Hessel et al.,

6Instance-level Pearson correlations with human judg-
ments were often computed in prior work to compare auto-
matic metrics for image captioning (e.g., Hessel et al., 2021).
An alternative is system-level correlations, but they would be
uninformative with five systems only.

7The low recall correlations of reference-only metrics can
be partly because the maximum (as opposed to minimum or av-
erage) is typically taken over multiple reference captions (e.g.,
BERTScore, Zhang et al., 2020). Nevertheless, this alone does
not explain the recall gap from image-based metrics because
RefCLIP-S also takes the maximum score over all references.
Future work can explore the relation between precision/recall
and different treatments of multiple references.

2021) found that SPICE can still improve correla-
tions when combined with CLIP-S, even though
CLIP-S better correlates with human judgments
than SPICE. This implies that image-based and
reference-only metrics capture different aspects of
image captioning. Our analysis indeed agrees with
their finding and, further, identifies that recall is
one such aspect. For an extensive description of
these metrics and their configurations, see §A.2.

3.3 Score Distributions

Seen in Fig. 2 are distributions of precision and
recall scores for human and machine-generated
captions. We see that the precision distribution
looks similar between Human and machines, but
not recall. This provides further support for our
claim that current machines fall short of humans
particularly in recall.
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Figure 2: Precision/recall histograms for human- and
machine-generated captions.

3.4 Machine vs. Human Examples

Table 5 provides examples that contrast machine-
and human-generated captions. We see that
machine-generated captions ignore salient infor-
mation or make critical errors for these images.
These problems often occur in relatively rare cases:
a tennis player is showing excitement rather than
hitting a ball; a bride and groom are cutting a wed-
ding cake; a boy is wearing a tie without a shirt;
a man is putting clothing and a tie on a dummy
instead of a person. But these situations are ex-
actly the most important information because of
their atypicality (Feinglass and Yang, 2021). This
illustrates fundamental problems of current image
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Image Caption P R Flu. Total

6-A: Up-Down 5 3 0 4A man holding a tennis racquet on a tennis court.

6-B: Unified-VLP, VinVL-base, VinVL-large 5 3 0 4A man holding a tennis racket on a tennis court.

6-C: Human 5 5 0 5A tennis player shows controlled excitement while a crowd watches.

7-A: Up-Down 3 3 0 3A person cutting a cake with a knife.

7-B: Unified-VLP 3 5 0 4A person cutting a wedding cake with a knife.

7-C: VinVL-base 5 3 0 4A couple of cakes on a table with a knife.

7-D: VinVL-large 3 3 0 3A woman cutting a cake with a knife.

7-E: Human 5 5 0.1 4.9Bride and grooms arms cutting the wedding cake with fruit on top.

8-A: Up-Down 3 3 0 3A young boy wearing a blue shirt and a blue tie.

8-B: Unified-VLP 3 3 0 3A young boy wearing a shirt and a tie.

8-C: VinVL-base 5 3 0 4A young boy wearing a tie standing in front of a lamp.

8-D: VinVL-large 3 3 0 3A young man wearing a tie and a shirt.

8-E: Human 4 5 0 4.5A man wearing only a tie standing next to a lamp.

9-A: Up-Down 2 2 0 2A couple of men standing next to each other.

9-B: Unified-VL 2 2 0 2Two men standing in a room.

9-C: VinVL-base 2 2 0 2A couple of men standing in a room.

9-D: VinVL-large 2 2 0 2Two men standing next to each other in a room.

9-E: Human 5 3 0 4A man standing next to a dummy wearing clothes.

Table 5: Examples that contrast machine- and human-generated captions. All machine-generated captions overlook
or misinterpret salient information: the excitement the tennis player expresses, the bride and groom cutting a
wedding cake, the boy not wearing a shirt, and the man putting a tie on a dummy. None of these captions are
penalized for conciseness or inclusive language. See §A.4 in Appendix for more examples.

captioning models that are left to future work.

4 Related Work

Human Evaluations for Image Captioning Sev-
eral prior works conducted human evaluations for
image captioning with varying models, datasets,
and annotation schemes. Much work used crowd-
workers from Amazon Mechanical Turk on Flickr-
based datasets, including the PASCAL (Rashtchian
et al., 2010), Flickr8k/30k (Hodosh et al., 2013;

Young et al., 2014), and MSCOCO datasets. Anno-
tators scored the overall quality directly (Kulkarni
et al., 2011; Hodosh et al., 2013), pairwise (Vedan-
tam et al., 2015), or along multiple dimensions,
such as truthfulness/correctness (Yatskar et al.,
2014; Anderson et al., 2016), thoroughness (Aditya
et al., 2015), relevance (Yang et al., 2011; Li et al.,
2011), and grammaticality/readability (Mitchell
et al., 2012; Elliott and Keller, 2013). There are
similarities between our rubrics and previous an-
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notations, but our framework defines every dimen-
sion in a decomposable way through discussions
among all annotators, while focusing on outputs
from strong models currently available. Apart from
these conventional Flickr-based datasets, some
other work evaluated image captions for social
media (engagingness, Shuster et al., 2019; acces-
sibility for Twitter users with vision impairments,
Gleason et al., 2019, 2020) and news articles (Biten
et al., 2019). Our transparent evaluations would
enable us to adjust the aggregation method based
on the nature of downstream applications. More
specializing categories can be added for these ap-
plications in later versions (e.g., THUMB 2.0).

Human Evaluations for Other Generation Tasks
Much previous work explored human evaluations
for other language generation tasks than image cap-
tioning. The WMT shared task (Akhbardeh et al.,
2021) conducts human evaluations of state-of-the-
art machine translation systems every year; partic-
ipants or crowdworkers directly rate a translation
in a 100-point scale, which is a method developed
by Graham et al. (2013, 2014, 2017). GENIE takes
a similar approach but hosts human evaluations in
leaderboards for machine translation, summariza-
tion, and commonsense reasoning (Khashabi et al.,
2021). Kryscinski et al. (2019) and Fabbri et al.
(2021) assessed many summarization models in a
similar annotation scheme to the DUC 2006/2007
evaluations (Dang, 2006). Our transparent evalua-
tion framework is inspired by rubric-based machine
translation judgments by professional translators
(Freitag et al., 2021), which resulted in different
system rankings than the WMT evaluations. As
top-performing models and automatic metrics are
becoming increasingly similar across various natu-
ral language generation tasks, our findings on im-
age captioning may be useful for other generation
tasks as well.

5 Conclusion

We developed THUMB 1.0, transparent evalua-
tions for the MSCOCO image captioning task. We
refined our rubrics through extensive discussions
among all annotators, and ensured the high quality
by two-stage annotations. Our evaluations demon-
strated critical limitations of current image cap-
tioning models and automatic metrics. While re-
cent image-based metrics show promising improve-
ments, they are still unreliable in assessing high-
quality captions from crowdworkers. We hope that

our annotation data will help future development
of better captioning models and automatic metrics,
and this work will become a basis for transparent
human evaluations for the image captioning task
and beyond.
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A Appendix

A.1 Fluency Rubrics
Table 6 presents our fluency rubrics. They were
developed by the first four authors (two of whom
were native English speakers, and one was a grad-
uate student in linguistics). Generally, if a fluency
problem is expected to be easily corrected by a text
postprocessing algorithm, the penalty is 0.1. More
severe errors (e.g., broken sentence and ambiguity)
are penalized more.

A.2 Automatic Metrics
Here we discuss details and configurations of the
automatic metrics used in §3.2. CLIPScore and Re-
fCLPScore use image features from CLIP (Radford
et al., 2021), a crossmodal retrieval model trained
on 400M image-caption pairs from the web. All
the other five metrics only use reference captions.

BLEU BLEU (Papineni et al., 2002) is a
precision-oriented metric and measures n-gram
overlap between the generated and reference cap-
tions. We use the SACREBLEU implementation
of BLEU-4 and get sentence-level scores (Post,
2018).8

ROUGE ROUGE (Lin, 2004) measures the num-
ber of overlapping n-grams between the generated
and reference captions. We use the rouge-score
implementation of ROUGE-L.9

CIDEr CIDEr (Vedantam et al., 2015) measures
the cosine similarity between the n-gram counts of
the generated and reference captions with TF-IDF
weighting. We use the implementation from the
pycocoevalcap package.10

SPICE SPICE (Anderson et al., 2016) predicts
scene graphs from the generated and reference cap-
tions using the Stanford scene graph parser (Schus-
ter et al., 2015). It then measures the F1 score
between scene graphs from the generated and refer-
ence captions. WordNet Synsets are used to cluster
synonyms (Miller, 1995). We again use the imple-
mentation from the pycocoevalcap package.

BERTScore BERTScore (Zhang et al., 2020)
aligns tokens between the generated and refer-
ence captions using contextual word representa-

8https://github.com/mjpost/sacreBLEU/
blob/v1.2.12/sacrebleu.py#L999.

9https://pypi.org/project/rouge-score/.
10https://github.com/salaniz/

pycocoevalcap.
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Fluency Error Type Penalty Example
Obvious spelling error, one vs. two words 0.1 cel phone, surf board
Grammatical error that can be easily fixed 0.1 a otter
Casing issue 0.1 tv, christmas
Hyphenation 0.1 horse drawn carriage
Interpretable but unnatural wording 0.1 double decked bus
Non-trivial punctuation 0.2 A bird standing in the wooded area with leaves all around.
Misleading spelling error 0.5 A good stands in the grass next to the water. (good→goose)
Duplication 0.5 A display case of donuts and doughnuts.
Ambiguity 0.5 A cat is on a table with a cloth on it.
Awkward construction 0.1–0.5 There is a freshly made pizza out of the oven.
Broken sentence 0.5+ A large concrete sign small buildings behind it.

Table 6: Fluency penalty rubrics.

tions from BERT (Devlin et al., 2019). We use the
HuggingFace implementation (Wolf et al., 2020)
and compute the F1 score. As in Zhang et al.
(2020), we take the maximum score over all refer-
ence captions.

CLIPScore CLIPScore (Hessel et al., 2021) is
the only referenceless metric out of the 7 metrics.
It measures the cosine similarity between the gen-
erated caption and given image using the represen-
tations from CLIP. It is shown to correlate better
with human judgments from prior work, compared
to previous reference-based metrics (Hessel et al.,
2021). We use the official implementation by the
authors.11

RefCLIPScore RefCLIPScore augments CLIP-
Score with the maximum similarity between the
generated and reference captions. We again use the
official implementation.

A.3 Evaluated Captions

We evaluated the following four strong models
from the literature as well as human-generated cap-
tions. They share similar pipeline structure but vary
in model architecture, (pre)training data, model
size, and (pre)training objective. Evaluating cap-
tions from them will enable us to better understand
what has been improved and what is still left to
future captioning models.

Up-Down The bottom-up and top-down atten-
tion model (Up-Down, Anderson et al., 2018) per-
forms pipelined image captioning: object detection
that finds objects and their corresponding image
regions and crossmodal generation that predicts a

11https://github.com/jmhessel/
pycocoevalcap.

caption based on the features from object detec-
tion. The bottom-up attention finds salient image
regions during object detection, and the top-down
one attends to these regions during crossmodal gen-
eration. Up-Down uses Faster R-CNN (Ren et al.,
2015) and LSTMs (Hochreiter and Schmidhuber,
1997) for object detection and crossmodal gener-
ation respectively. Faster R-CNN is trained with
the Visual Genome dataset (Krishna et al., 2016),
and the crossmodal generation model is trained on
the MSCOCO dataset. We generate captions for
the test data with a model optimized with crossen-
tropy.12

Unified-VLP Unified-VLP (Zhou et al., 2020)
also runs a pipeline of object detection and cross-
modal generation. Faster R-CNN and the trans-
former architecture (Vaswani et al., 2017) are used
for object detection and crossmodal generation
respectively. Similar to Up-Down, the Faster R-
CNN object detection model is trained with the Vi-
sual Genome dataset. The transformer generation
model, on the other hand, is initialized with base-
sized BERT (Devlin et al., 2019) and pretrained
on the Conceptual Captions dataset (3M images,
Sharma et al., 2018) with the masked and left-to-
right language modeling objectives for the captions.
The crossmodal generation model is then finetuned
on the MSCOCO dataset. We apply beam search
of size 5 to the model with CIDEr optimization.

VinVL-base, VinVL-large VinVL with Oscar
(Li et al., 2020; Zhang et al., 2021) performs a
similar pipeline of object detection, followed by
crossmodal generation. The crossmodal model is
initialized with BERT (Devlin et al., 2019) as in

12https://vision-explorer.allenai.org/
image_captioning.
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Unified-VLP but uses detected object tags to en-
courage alignments between image features and
word representations. The object detection model
with the ResNeXt-152 C4 architecture (Xie et al.,
2017) is pretrained with ImageNet (Deng et al.,
2009) and trained on 2.5M images from various
datasets. The transformer-based crossmodal gener-
ator is initialized with BERT, pretrained with 5.7M
images, and finetuned for MSCOCO captioning.
We use VinVL-base and VinVL-large that are both
finetuned with CIDEr optimization13 and generate
captions with beam search of size 5.

Human In addition to machine-generated cap-
tions from the four models, we assessed the qual-
ity of human-generated reference captions from
MSCOCO. This will allow us to understand the
performance gap between machines and humans,
as well as the quality of crowdsourced captions.
Human-generated captions were created using
Amazon Mechanical Turk (Chen et al., 2015).
Crowdworkers were only given the following in-
structions (Chen et al., 2015):

• Describe all the important parts of the scene.
• Do not start the sentences with “There is.”
• Do not describe unimportant details.
• Do not describe things that might have happened

in the future or past.
• Do not describe what a person might say.
• Do not give people proper names.
• The sentences should contain at least 8 words.

Every image has five human-generated captions,
and we randomly selected one for each to evalu-
ate. We found, however, a non-negligible number
of noisy captions in the MSCCOCO dataset from
annotation spammers. We often find subjective ad-
jectives (e.g., very nice/clean/cute) or words that
diverge from inclusive language in reference cap-
tions, probably because crowdworkers increased
the number of words in captions effortlessly (see
the last instruction item that says captions have to
have 8+ words). To better estimate the performance
of a human that invests reasonable effort into the
captioning task, we resampled a caption for 13%
of the test images, which would have been given a
total score lower than 4.0.

13https://github.com/microsoft/
Oscar/blob/master/VinVL_MODEL_ZOO.md#
Image-Captioning-on-COCO.

A.4 Additional Machine vs. Human Examples
Table 7 provides an additional example that con-
trasts machine- and human-generated captions. All
machines generate generic captions and ignore
the most important information that a traditional
Thanksgiving dinner is being served on the table.
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Image Caption P R Total

10-A: Up-Down 5 2 3.5A table that has some food on it.

10-B: Unified-VLP 5 2 3.5A table with plates of food on a table.

10-C: VinVL-base 4 2 3A red table topped with plates of food and bowls of food.

10-D: VinVL-large 5 3 4A table with a turkey and other food on it.

10-E: Human 5 5 5A table set for a traditional Thanksgiving dinner.

Table 7: Additional example that contrasts machine- and human-generated captions. Similar to Table 5, machine-
generated captions ignore the most salient information: Thanksgiving dinner. Note that this case is specific to North
America; such salient information can vary across cultures or languages (van Miltenburg et al., 2017). None of
these captions are penalized for fluency, conciseness, or inclusive language.
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Abstract

Multilingual pre-trained models are known to
suffer from the curse of multilinguality, which
causes per-language performance to drop as
they cover more languages. We address this is-
sue by introducing language-specific modules,
which allows us to grow the total capacity of
the model, while keeping the total number of
trainable parameters per language constant. In
contrast with prior work that learns language-
specific components post-hoc, we pre-train the
modules of our Cross-lingual Modular (X-
MOD) models from the start. Our experiments
on natural language inference, named entity
recognition and question answering show that
our approach not only mitigates the negative
interference between languages, but also en-
ables positive transfer, resulting in improved
monolingual and cross-lingual performance.
Furthermore, our approach enables adding lan-
guages post-hoc with no measurable drop in
performance, no longer limiting the model us-
age to the set of pre-trained languages.

1 Introduction

Recent work on multilingual NLP has focused on
pre-training transformer-based models (Vaswani
et al., 2017) on concatenated corpora of a large
number of languages (Devlin et al., 2019; Conneau
et al., 2020). These multilingual models have been
shown to work surprisingly well in cross-lingual
settings, despite the fact that they do not rely on
direct cross-lingual supervision (e.g., parallel data
or translation dictionaries; Pires et al., 2019; Wu
and Dredze, 2019; Artetxe et al., 2020; Hu et al.,
2020; K et al., 2020; Rust et al., 2021).

However, recent work has uncovered fundamen-
tal limitations of multilingual transformers. Con-
neau et al. (2020) observe that pre-training a model
with a fixed capacity on an increasing amount of
languages only improves its cross-lingual perfor-
mance up to a certain point, after which perfor-

∗ Work done while interning at Meta AI.
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Figure 1: A transformer layer of our proposed modular
architecture. The dark blue and green components illus-
trate the modular layers, which are language specific.
The Multi-Head Attention and Feed-Forward compo-
nents are shared by all languages.

mance drops can be measured—a phenomenon
known as the curse of multilinguality (Figure 2).
As such, prior work had to find a trade-off between
supporting more languages and obtaining better
performance on a smaller set of languages.

In this work, we address this problem by in-
troducing language-specific, modular components
during pre-training (Figure 1). Our Cross-lingual,
Modular (X-MOD) language model shares the ma-
jority of the transformer parameters between all pre-
training languages, while providing each language
with individual capacity to learn idiosyncratic in-
formation without increasing the total number of
trainable parameters per language. While previous
adapter-based approaches (Figure 3a) extend pre-
trained multilingual language models (LMs) with
modular components after pre-training, we add
modular components during pre-training, thereby
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Figure 2: Average (a) perplexity and (b) transfer performance on XNLI and NER across pre-trained languages
when training on an increasing number of languages. Each model has seen the same amount of examples in
each language. Lower perplexity and higher downstream score indicate better performance. Refer to Figure 4 for
per-task performance, and Appendix A for per-language performance.

preparing the model to be extended to new lan-
guages post-hoc. Our experiments on natural lan-
guage inference (NLI), named entity recognition
(NER), and question answering (QA) demonstrate
that our modular architecture not only is effective at
mitigating interference between languages, but also
achieves positive transfer, resulting in improved
monolingual and cross-lingual performance. In ad-
dition, we show that X-MOD can be extended to
unseen languages, with no measurable drop in per-
formance, by learning its corresponding modules
and leaving the shared parameters frozen. All in
all, we propose a multilingual architecture that can
scale to a large number of languages without any
loss in performance, and can be further extended
to new languages after pre-training.1

2 Background and related work

We provide a background on multilingual and mod-
ular language modelling, as well as approaches that
extend LMs to new languages.

2.1 Multilingual transformers

Recent LMs (Devlin et al., 2019; Conneau et al.,
2020), based on transformer architectures (Vaswani
et al., 2017) and pre-trained on massive amounts
of multilingual data, have surpassed (static) cross-
lingual word embedding spaces (Ruder et al., 2019;
Glavas et al., 2019) for cross-lingual transfer in
NLP (Pires et al., 2019; Wu and Dredze, 2019;
Wu et al., 2020; Hu et al., 2020; K et al., 2020).
Transformer-based models are 1) pre-trained on
textual corpora using Masked Language Modelling

1Code and pre-trained models are available at:
https://github.com/pytorch/fairseq/tree/main/examples/xmod.
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Figure 3: Our proposed architecture in comparison
to adapter-based approaches. (a) Previous approaches
¬ utilize non-modular pre-trained transformer models
and  extend them with modular adapter components.
(b) We ¬ pre-train the transformer with modular units
from the get-go, preparing the model to be  extended
with additional modular units later on. Yellow and
light blue components indicate standard Multi-Head
Attention and Feed-Forward layers. The remaining
(non-gray) components are bottleneck (modular) units.
Grayed-out components are frozen.

(MLM). They are then 2) fine-tuned on labelled
data of a downstream task in a source language and
3) directly applied to perform inference in a target
language (Hu et al., 2020).

2.2 Modular language models

Modular approaches have a long standing history
in NLP, preceding pre-trained models (Andreas
et al., 2016). They have recently re-gained in-
terest for transformer-based models, where mix-
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ture of experts (MoE; Shazeer et al., 2017) ap-
proaches have enabled training trillion parame-
ters models in a distributed fashion (Fedus et al.,
2021). More recently modular MoE approaches
have been shown to improve domain-specific pre-
training of LMs (Gururangan et al., 2021). In a
similar trend, ‘expert’ modules have been added
to (non-modular) pre-trained LMs post-hoc, pre-
dominantly referred to as adapters (Rebuffi et al.,
2017, 2018; Houlsby et al., 2019). Next to being ex-
tremely parameter (Houlsby et al., 2019; Mahabadi
et al., 2021a; He et al., 2022) and training efficient
(Pfeiffer et al., 2020a; Rücklé et al., 2021), these
modular approaches allow models to be extended
to new data settings (Chen et al., 2019; Rücklé
et al., 2020), where newly learned knowledge can
be combined (Stickland and Murray, 2019; Wang
et al., 2021a; Pfeiffer et al., 2021a; Lauscher et al.,
2020a; Mahabadi et al., 2021b; Poth et al., 2021),
or stacked for combinatory cross-lingual (Pfeiffer
et al., 2020b, 2021b; Üstün et al., 2020; Vidoni
et al., 2020; Ansell et al., 2021b,a; Wang et al.,
2021b) as well as NMT scenarios (Bapna and Fi-
rat, 2019; Philip et al., 2020; Chronopoulou et al.,
2020; Le et al., 2021; Üstün et al., 2021; Stickland
et al., 2021; Garcia et al., 2021).

2.3 Weaknesses, improvements, and
extensions of language models

Next to the curse of multilinguality, recent works
have shown substantially reduced cross-lingual and
monolingual abilities of models for low-resource
languages with smaller pre-training data (Wu and
Dredze, 2020; Hu et al., 2020; Lauscher et al.,
2020b; Artetxe et al., 2020; Pfeiffer et al., 2020b,
2021b; Chau et al., 2020b; Ponti et al., 2020).

K et al. (2020); Artetxe et al. (2020) show that a
shared vocabulary is not necessary for cross-lingual
transfer. Chung et al. (2021) demonstrate that de-
coupling the input embeddings from the predic-
tion head improves the performance on a number
of downstream tasks. Dufter and Schütze (2020)
show that the number of parameters and training
duration is interlinked with the model’s multilin-
gual capability. Chung et al. (2020); Rust et al.
(2021) show that the tokenizer plays an important
role in the per-language downstream task perfor-
mance, which Clark et al. (2022); Xue et al. (2022);
Tay et al. (2021) take to the extreme by proposing
tokenizer-free approaches.

To extend a monolingual LM to other languages,

Artetxe et al. (2020) train a new embedding layer
with a corresponding target-language tokenizer,
while freezing the pre-trained transformer weights.
Tran (2020) extend a monolingual model to new
languages using bilingual corpora. Wang et al.
(2020); Chau et al. (2020a) extend the vocabu-
lary of multilingual models with a small number
of target-language tokens, to improve the perfor-
mance in the target language. Muller et al. (2021)
propose a transliteration based approach, Vernikos
and Popescu-Belis (2021) propose subword map-
pings, and Pfeiffer et al. (2020b, 2021b); Vidoni
et al. (2020); Ansell et al. (2021b) propose adapter-
based approaches to extend multilingual models to
unseen languages.

While these approaches achieve considerable
performance gains over unseen languages, they are
outperformed by standard full fine-tuning methods
for seen languages. One can further argue that, as
the pre-trained models have already been cursed by
multilinguality, the adapter-based approaches build
upon sub-optimal parameter initializations.2 In our
work, we consequently aim to 1) modularize the
model from the start to prepare the model to be 2)
extendable to new languages post-hoc.

3 Proposed approach

We propose X-MOD, a modular multilingual archi-
tecture that combines shared and language-specific
parameters. In contrast to prior work, we pre-
train modular models from the get-go. Our mod-
els can be extended to new languages after pre-
training, and used for cross-lingual transfer learn-
ing in downstream tasks.
Architecture. As illustrated in Figure 1, we
extend the transformer-based architecture from
mBERT (Devlin et al., 2019) and XLM-R (Con-
neau et al., 2020) by incorporating language-
specific modules—bottleneck feed-forward layers—
at every transformer layer. We learn a separate
module for each language, whereas the attention
and feed-forward components are shared. While
the total number of parameters of the model grows
linearly with the number of languages, the train-
ing and inference cost does not increase (as mea-
sured in FLOPs), as only the module in the relevant
language is used for each input. Inspired by the
adapter3 architecture of Pfeiffer et al. (2021a) we

2We investigate this claim further in §6.2.
3The term ‘adapter’ refers to newly introduced layers

within a pre-trained (frozen) model. These layers adapt the
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place our ‘modules’ after the LayerNorm of the
feed-forward transformer block, and the residual
connection is placed after the LayerNorm;4 the Lay-
erNorm before and after the modular component is
shared.5

Pre-training procedure. Similar to Conneau et al.
(2020), we pre-train our model on MLM on com-
bined monolingual corpora in multiple languages.
Examples of each language are passed through
the shared embedding matrix as well as the multi-
head attention and feed-forward components at
each layer. As each layer contains a language-
specific modular component, the examples are
routed through the respective designated modular
bottleneck layer. Given that each example only
requires access to a single module, modules can
be efficiently stored on only a subset of GPUs in
distributed training.

Extending to new languages. The modular de-
sign of our model allows us to extend it to new
languages after pre-training. To that end, we learn
new embeddings and adapter modules for the tar-
get language through MLM, while the rest of the
components are frozen.6 Consequently, we are able
to extend the model to a new language by learning
a small number of new parameters, without affect-
ing performance in the set of pre-trained languages.
Following Pfeiffer et al. (2021b), we learn a new
subword vocabulary for the added languages, and
initialize the embeddings of lexically overlapping
tokens from the original embedding matrix.

Fine-tuning on downstream tasks. To transfer
the models to cross-lingual downstream tasks, we
fine-tune the shared weights only on the source
language data, while keeping the modular compo-
nents and the embedding layer frozen. We follow
the standard fine-tuning procedure of adding a pre-
diction head on top of the CLS token. We then
replace the source language modules (as well as
embedding layer for added languages) with the tar-
get language parameters, passing the text of the
target language through the model.7

representations of the pre-trained mode; we train these mod-
ular components together with the transformer weights, and
therefore refer to them as modules.

4We find that the residual connection proposed by Pfeiffer
et al. (2021a) results in training instabilities when trained
together with the transformer weights.

5Preliminary results showed that sharing the LayerNorm
results in better cross-lingual transfer performance.

6Following Artetxe et al. (2020) we train positional em-
beddings.

7We initially also experimented with stacking adapters on

4 Experimental design

We detail the baseline and models (§4.1), and their
training (§4.2) and evaluation settings (§4.3).

4.1 Model variants

We pre-train separate models for all combinations
along the following axes:
X-MOD vs. SHARED. To evaluate the effective-
ness of our X-MOD model, we aim to compare
ourselves to a conventional non-modular architec-
ture. However, simply removing the modular com-
ponent would be unfair, as the number of FLOPs
and trainable parameters per language would not
be the same—both in terms of pre-training, as
well as fine-tuning. Consequently, for our base-
line model—where all parameters should be fully
shared between all languages—we include a single
bottleneck layer right after the Feed-Forward com-
ponent. Effectively, this is the same architecture
as our X-MOD model, just with a single module
that is shared by all languages. We refer to this
as the SHARED model throughout this paper.8 To
extend the SHARED model to unseen languages,
we follow Artetxe et al. (2020) and only learn a
new embedding layer, freezing the transformer pa-
rameters. To fine-tune the SHARED model on a
downstream task, we freeze the embedding layer,
as well as the (single) module, thereby fine-tuning
an equal amount of parameters on the downstream
task as the X-MOD model.9

13 vs. 30 vs. 60 vs. 75 languages. So as to under-
stand how each approach is affected by the curse
of multilinguality, we pre-train the X-MOD and
SHARED models on 4 increasing sets of languages.
We start with an initial set of 13 typologically di-
verse languages that we evaluate on, and add addi-
tional languages for larger sets of 30, 60, and 75
languages. In addition, we keep a set of 7 held-out
languages that we extend the pre-trained models
to. Table 1 lists the specific languages in each

top of the language modules similar to Pfeiffer et al. (2020b,
2021b). While this approach is considerably more parameter
efficient, we find that fine-tuning all shared weights slightly
outperformed the adapter-based approach.

8Extending the total number of shared parameters would
be unfair, as X-MOD and SHARED would not have the same
FLOPs nor the same number of trainable parameters when
fine-tuning.

9Adapter-based approach such as MAD-X (Pfeiffer et al.,
2020b) would be an alternative. However, this would require
training on languages twice—once during pre-training, and
once when adding adapters—which is not directly comparable
to X-MOD. Nonetheless, we report results in §6.2.
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Pre-trained
languages

13-LANGS en, ar, fr, hi, ko, ru, th, vi, ta, id, fi, sw, ka

30-LANGS 13-LANGS + cs, eu, hr, hu, hy, it, lt, ml, mn, ms, pl, ro, si, sk, sq, sv, tl

60-LANGS 30-LANGS + af, am, be, bn, ca, cy, da, eo, et, fa, ga, gl, gu, ha, is, ku, la, lv, mk, ne, nl, no, ps,
pt, sa, sd, sl, so, sr, te

75-LANGS 60-LANGS + as, br, bs, fy, gd, jv, kn, mg, mr, om, or, pa, su, xh, yi,

Added languages bg, de, el, es, tr, ur, zh,

Table 1: Selection of languages. We pre-train different models on 4 sets of languages, and further extend them to
a set of held-out languages post-hoc. We evaluate on XNLI (languages in bold), NER (underlined languages) and
XQuAD/MLQA (languages in italic). For more details about the language selection, see Appendix C.

group. The selection and split of initial as well as
added languages is motivated by typological and
geographical diversity, as well as the availability of
downstream task evaluation data.

Controlling for total vs. per-language updates.
Conneau et al. (2020) investigated the effect of
adding more languages during pre-training, while
training on an equal number of update steps. How-
ever, increasing the number of languages while
keeping the number of updates constant results in
the model seeing less data in each individual lan-
guage. As such, it remains unclear if the curse of
multilinguality happens because of negative inter-
ference, or simply because the number of updates
for each specific language is smaller. So as to un-
derstand this, we compare (1) training on an equal
number of update steps and (2) training on an equal
number of seen examples per language. We start
with the set of 13 languages (Table 1) and train the
respective models for 125k update steps. When
adding more languages, we compare (1) training
models on each set of languages for 125k update
steps, and (2) increasing the number of update steps
such that the models are trained on the same num-
ber of examples in each of the initial 13 languages.
For the latter, this amounts to training for 195k,
265k and 269k update steps, respectively.

4.2 Training details

Data and hyperparameters. We sample lan-
guages with α = 0.7 and train our models with
a batch size of 2048 across 64 V100 GPUs on
the CC100 dataset (Conneau et al., 2020) using
fairseq (Ott et al., 2019). All our models extend the
base transformer architecture, with 12 layers and
768 dimensions. Modules are implemented with
a bottleneck size of 384. The shared transformer
weights account for 270M parameters, whereas
each individual module accounts for 7M parame-
ters. We train our models with a linear learning

rate decay peaking at 7e−4 during pre-training and
1e−4 when adding languages.

Vocabulary. As we aim to identify the impact
of modularity on the curse of multilinguality, we
control for consistent tokenization across the differ-
ent axes. We therefore tokenize using the XLM-R
vocabulary for all our pre-training experiments.10

However, for languages added post-hoc, we learn a
new SentencePiece tokenizer for each of the target
language,11 as the languages potentially use scripts
unseen by the original tokenizer.

4.3 Evaluation

We conduct experiments on NLI, NER, and QA.
In all cases, we fine-tune the model on English
and measure the zero-shot transfer performance in
other languages. For NLI we train on MultiNLI
(Williams et al., 2018) and evaluate on XNLI (Con-
neau et al., 2018). For QA, we train on SQuAD
(Rajpurkar et al., 2016) and evaluate on XQuAD
(Artetxe et al., 2020) and MLQA (Lewis et al.,
2020). For NER, we use WikiANN (Pan et al.,
2017; Rahimi et al., 2019). We experiment with
learning rates 1e−4, 3e−4, and 5e−4 and train for
3 or 5 epochs for QA and 5 or 10 epochs for NER
and NLI. For NER and NLI we take the hyperpa-
rameter setting performing best on the development
sets, averaged across the pre-trained languages (Ta-
ble 1). For SQuAD we take the best performing
checkpoint evaluated on the English development
set, and report the cross-lingual test set results.12

All results are averaged across 5 random seed runs.

10Rust et al. (2021) have previously demonstrated the im-
pact of the multilingual tokenizer on the downstream task
performance: languages underrepresented in the sub-word
vocabulary exhibit considerable performance drops when com-
pared to vocabularies dedicated to the respective language.

11We train the new tokenizers for a vocabulary size of 30k.
12In contrast to NER and NLI, the cross-lingual evaluation

benchmarks of SQuAD do not provide a development set for
each target language on the basis of which the best checkpoint
can be selected. Consequently, we select the checkpoint based
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(a) All models are trained for 125k update steps. Models trained on more languages have seen less examples in each language.
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(b) Models trained on more languages are trained longer. All models have seen the same amount of examples in each language.

Figure 4: Test set results on XNLI (top) and NER (bottom) for models trained on different numbers of languages.
Source Language (English) only includes scores of the source language. Average Pre-Trained Languages includes
all evaluation languages that the model was pre-trained on. Average Added Languages includes all languages that
were added to the model after pre-training. Scores are averaged across all languages and random seeds.

5 Results and discussion

We present results for pre-trained languages in §5.1
and added languages in §5.2.

5.1 Pre-trained languages

In Figure 4 we plot downstream task results of
models pre-trained on different amounts of lan-
guages. Table 2 reports the individual language per-
formance for the models trained on 60 languages.

The Curse of Multilinguality. Conneau et al.
(2020) showed that multilingual LMs trained on in-
creasing amounts of languages, while maintaining
the number of update steps, exhibit drops in down-
stream task XNLI performance. We reproduce
these results, both in terms of language modelling
perplexity (Figure 2a),13 as well as downstream

on the best performance on the English development set.
13For per-language perplexity see Appendix A.

task performance on XNLI and NER (Figure 4a).
We further find that the curse of multilinguality
does not only happen because the total number of
update steps per language decreases, but also when
all SHARED models are trained on the same num-
ber of examples per language (Figure 4b). This
confirms that fully shared architectures suffer from
negative interference.

Lifting the Curse. While for the SHARED model
we witness negative interference between lan-
guages in terms of perplexity, the X-MOD model is
able to maintain performance, and even improves
for a subset of languages. We observe similar
patterns in the downstream task performance: In
both our experimental setups—(1) we control for
the number of update steps (Figure 4a); (2) we
control for the number of per-language seen ex-
amples (Figure 4b)—our X-MOD model—in con-
trast to the SHARED model—is able to maintain, or
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en ar fr hi ko ru th vi ta id fi sw ka avg

NER X-MOD 81.4 78.9 77.2 70.1 53.0 59.1 2.8 66.2 51.1 50.5 78.6 73.4 67.3 62.8
SHARED 81.5 74.1 74.7 64.4 46.0 58.3 4.0 63.7 52.5 51.5 74.4 57.2 61.5 58.8

XNLI X-MOD 84.4 71.2 77.6 68.3 - 74.1 71.7 73.4 - - - 66.9 - 73.5
SHARED 82.8 69.2 75.6 66.6 - 73.2 68.5 72.5 - - - 62.1 - 72.5

XQuAD X-MOD 85.1 68.1 - 67.5 - 75.0 66.3 74.9 - - - - - 72.8
SHARED 83.8 64.6 - 65.8 - 72.7 63.0 72.6 - - - - - 70.4

MLQA X-MOD 80.1 58.6 - 60.7 - - - 67.5 - - - - - 66.7
SHARED 79.6 53.6 - 58.7 - - - 64.9 - - - - - 64.2

Table 2: Pre-trained language results for the modular and shared model variants, pre-trained on the set of 60
languages for 265k update steps. For NER and MLQA we report F1, for XNLI accuracy scores. Scores are
averaged across all 5 random seeds of the best hyperparameter setting, evaluated on the development set.

bg de el es tr ur zh avg

NER X-MOD 77.6 75.1 75.2 71.9 72.6 54.7 21.6 64.1
SHARED 74.9 66.3 69.6 49.1 64.8 50.4 9.2 54.9

XNLI X-MOD 77.4 75.4 76.2 78.5 72.4 64.9 73.8 74.1
SHARED 76.3 74.1 74.9 77.3 71.0 64.3 71.4 72.8

MLQA X-MOD - 63.8 - 68.6 - - 61.7 64.8
SHARED - 58.9 - 66.7 - - 56.5 60.7

Table 3: Results for added languages, for models pre-
trained on the set of 60 languages for 265k update steps.
We report F1 and accuracy scores which are averaged
across all 5 random seeds of the best hyperparameter
setting on the development set.

even outperform model variants trained on less lan-
guages. These results demonstrate that the added
per-language capacity is sufficient for the model to
adequately represent all languages.

Surprisingly, X-MOD not only maintains per-
formance, but actually slightly improves while we
increase the number of languages we pre-train on.
This is even the case for settings where the model
sees less examples in the target language. This
suggests that increasing the language diversity can
have a positive impact on the model’s cross-lingual
representation capability.

X-MOD vs SHARED. Overall, the X-MOD model
pre-trained on 60 languages achieves the best cross-
lingual performance.14 Our results on XNLI, NER,
MLQA, and XQuAD in Table 2 demonstrate con-
sistent performance gains over the SHARED model
for every task and across (almost) all high- as well
as low-resource languages.

14We find that the X-MOD model trained on 75 languages
is less stable than the versions trained on less languages. We
think that this can be attributed to the 15 added languages
being extremely low resource—we only train for an additional
4k update steps—resulting in the respective randomly initial-
ized modules being updated very infrequently. This variance
could potentially be mitigated by training for longer.

5.2 Extending to unseen languages

We further evaluate the cross-lingual performance
of languages added in the second step; (1) on the
architectural side—comparing the SHARED with
the X-MOD modelling variant—and (2) by com-
paring the performance when pre-training on the
language, vs. when adding the language post-hoc.

Modular vs Shared. We evaluate if the additional
per-language capacity improves the extendability
of the X-MOD model. On the right in Figure 4a
we plot the results for added languages on XNLI
(top) and NER (bottom). Similarly, we plot the
results for the models where we control for the
number of seen examples per target language in
Figure 4b. We find that the X-MOD model consis-
tently outperforms the SHARED model, with a peak
performance when pre-training on 60 languages,
demonstrating that the language specific capacity
is beneficial for adding new languages post-hoc.
We report results for the 60 language versions in
Table 3, demonstrating the consistent advantage of
the X-MOD over the SHARED model.

Pre-training vs Adding Languages. To evaluate
if there is a measurable difference on downstream
performance for languages that we pre-train on vs.
those we add post-hoc, we train 2 models on differ-
ent initial sets of languages, adding the respectively
missing ones in the second step. So as to under-
stand if the typological similarity of languages has
impact on the downstream task performance, we
split the initial and added languages (Table 1) of
our previous experiments into two parts. The first
split consists of languages where the model was
pre-trained on at least one language of the same
language family (e.g. English vs. German). The
second split consists of languages that are part of
a unique language family, i.e. the model was not
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Model 1 pre-trained Model 2 pre-trained

Figure 5: XNLI test set accuracy of X-MOD mod-
els pre-trained on different languages in comparison to
those added post-hoc (Table 4).

Language iso Family Script Model 1 Model 2

English en IE: Germanic Latin pre-train add
German de IE: Germanic Latin add pre-train
French fr IE: Romance Latin pre-train add
Spanish es IE: Romance Latin add pre-train
Russian ru IE: Slavic Cyrillic pre-train add
Ukranian uk IE: Slavic Cyrillic add pre-train
Hindi hi IE: Iranian Devanagari pre-train add
Urdu ur IE: Iranian Arabic add pre-train
Arabic ar Afro-Asiatic Arabic pre-train add
Hebrew he Afro-Asiatic Hebrew add pre-train

Vietnamese vi Austro-Asiatic Latin pre-train add
Thai th Kra-Dai Thai pre-train add
Korean ko Koreanic Korean pre-train add
Japanese ja Japonic Japanese add pre-train
Greek el IE: Hellenic Greek add pre-train
Turkish tr Turkic Latin add pre-train

Table 4: Selection of 2 sets of languages that we either
pre-train on, or add post-hoc. The last 6 languages in
the list are part of language families which are unique
in the total list of languages we pre-train on (Table 1),
i.e. none of our models was pre-trained on a language
of the same family.

pre-trained on a language of the same family (Ta-
ble 4). Consequently, we pre-train two models on
two sets of languages, adding the respective other
set post-hoc.15

Our XNLI results (Figure 5) demonstrate that
the per-language performance is on par when pre-
training vs. when adding the language post-hoc.16

We also find that the family does not have a measur-
able effect on the performance of the language. Our
results therefore suggest that it is sufficient to train
X-MOD on only a subset of languages for which
sufficient pre-training data exists. Essentially, X-

15In previous experiments, the modular model trained on
60 languages achieved the best performance. Therefore, the
models in these experiments are also trained on 60 languages.
Both models are trained on the same additional languages, i.e.
the 60-LANGS of Table 1, where only the 13-LANGS differ.

16The models have seen an equal amount of examples in
the respective languages in each case.
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Figure 6: Results on XNLI when when pre-training on
13 languages for 125k and 250k update steps.

MOD has the potential to cover all languages of the
world, as the model has the capability to be adapted
to new languages post-hoc.

6 Further analysis

We further analyze the impact of the number of
update steps on X-MOD (§6.1) and compare our
method to adapter-based approaches (§6.2).

6.1 The importance of update steps

In Figure 4 we have witnessed a slight edge of
the SHARED model over the X-MOD model, when
training on only 13 languages and only training
for 125k update steps. Dufter and Schütze (2020)
found that it requires a large number of update steps
for a model pre-trained on multiple languages to
become multilingual; with the added per-language
capacity we hypothesize that update steps also play
an important role for modular models. We com-
pare the downstream task performance of mod-
els pre-trained on 13 languages, when training for
125k with 250k update steps in Figure 6. When
training for longer we find that the X-MOD model
begins to outperforms the SHARED model in the
source language, while almost closing the gap in
the cross-lingual setting. This supports the hypoth-
esis that the X-MOD model requires more update
steps when training only on a small number of lan-
guages, in order for modularity to “kick-in”.

6.2 X-MOD vs. Adapters

As illustrated in Figure 3, from an architecture per-
spective X-MOD is similar to previously proposed
multilingual Adapter-based methods (MAD-X;
Pfeiffer et al., 2020b). MAD-X utilizes a pre-
trained massively multilingual transformer-based
model and fine-tunes newly introduced adapter
weights on languages the model has seen during
pre-training, and ones the model has not been
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Figure 7: Comparison on XNLI of X-MOD and shared
models with an Adapter baseline, all models are pre-
trained for 125k update steps.

trained on. For a fair comparison in terms of seen
examples and number of update steps we train a
transformer model without module components
(shared_nm) for 100k update steps on the respec-
tive languages (Table 1). We subsequently train
adapters on each of the target languages for an-
other 25k update steps.17 We report results in com-
parison to X-MOD in Figure 7, here results for
shared_nm are for a model that was trained for
125k update steps to instantiate a fair comparison.

Our results demonstrate that the additional capac-
ity of adapters added after pre-training is not able
to mitigate the curse of multilinguality which has al-
ready had a catastrophic impact on the shared trans-
former weights; the performance of the adapters
strongly correlates with the performance of the cor-
responding fully shared model shared_nm. Conse-
quently, adding language-specific capacity during
pre-training is important, as the curse of multilin-
guality cannot be lifted post-hoc.

7 Conclusions

In this paper, we have evaluated the effectiveness
of modular multilingual language modelling across
multiple axes. We have demonstrated that by
providing additional per-language capacity, while
maintaining the total number of trainable parame-
ters per language, we are not only able to mitigate
negative interference between languages, but ad-
ditionally achieve positive transfer. Our results
suggest that it is sufficient to train our proposed
X-MOD model only on a subset of languages for
which sufficient amounts of textual data is avail-

17We follow Pfeiffer et al. (2020b) and train adapter weights
with a learning rate of 0.0001. While they have found that
cross-lingual transfer performance of adapters converges at
∼20k update-steps, we would like to stress that our experi-
mental setup is only one of multiple different valid versions.
A more thorough investigation to find the optimal number of
update steps for pre-training and subsequent adapter training
is necessary, which was out of scope for this work.

able. Unseen languages can be added post-hoc,
with no measurable drop in performance on XNLI.
By pre-training the model in a modular fashion, we
thus mitigate negative interference of idiosyncratic
information, while simultaneously preparing the
model to be extendable to unseen languages.

While in this work we have simulated language
adding scenarios with a held out set of languages, in
future work we aim to evaluate the performance on
truly low-resource languages such as MasakhaNER
(Adelani et al., 2021) and AmericasNLI (Ebrahimi
et al., 2021). We further aim to evaluate the cross-
lingual transfer performance from typologically
more diverse source languages, besides English.
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Marko Vidoni, Ivan Vulić, and Goran Glavaš. 2020.
Orthogonal language and task adapters in zero-shot
cross-lingual transfer. In arXiv preprint.

Ruize Wang, Duyu Tang, Nan Duan, Zhongyu Wei,
Xuanjing Huang, Jianshu Ji, Guihong Cao, Daxin
Jiang, and Ming Zhou. 2021a. K-adapter: Infusing
knowledge into pre-trained models with adapters. In
Findings of the Association for Computational Lin-
guistics: ACL/IJCNLP 2021, Online Event, August
1-6, 2021, volume ACL/IJCNLP 2021 of Findings
of ACL, pages 1405–1418. Association for Compu-
tational Linguistics.

Xinyi Wang, Yulia Tsvetkov, Sebastian Ruder, and Gra-
ham Neubig. 2021b. Efficient test time adapter en-
sembling for low-resource language varieties. In
Findings of the Association for Computational Lin-
guistics: EMNLP 2021, pages 730–737, Punta
Cana, Dominican Republic. Association for Compu-
tational Linguistics.

Zihan Wang, Karthikeyan K, Stephen Mayhew, and
Dan Roth. 2020. Extending multilingual BERT to
low-resource languages. In Findings of the Associ-
ation for Computational Linguistics: EMNLP 2020,
pages 2649–2656, Online. Association for Computa-
tional Linguistics.

Adina Williams, Nikita Nangia, and Samuel Bowman.
2018. A broad-coverage challenge corpus for sen-
tence understanding through inference. In Proceed-
ings of the 2018 Conference of the North American
Chapter of the Association for Computational Lin-
guistics: Human Language Technologies, Volume
1 (Long Papers), pages 1112–1122, New Orleans,
Louisiana. Association for Computational Linguis-
tics.

Shijie Wu, Alexis Conneau, Haoran Li, Luke Zettle-
moyer, and Veselin Stoyanov. 2020. Emerging cross-
lingual structure in pretrained language models. In
Proceedings of the 58th Conference of the Associa-
tion for Computational Linguistics, ACL 2020, Vir-
tual Conference, July 6-8, 2020, pages 6022–6034.

Shijie Wu and Mark Dredze. 2019. Beto, bentz, be-
cas: The surprising cross-lingual effectiveness of
BERT. In Proceedings of the 2019 Conference on
Empirical Methods in Natural Language Processing
and the 9th International Joint Conference on Natu-
ral Language Processing (EMNLP-IJCNLP), pages

3491

https://doi.org/10.18653/v1/2021.acl-long.243
https://doi.org/10.18653/v1/2021.acl-long.243
https://doi.org/10.18653/v1/2021.acl-long.243
https://openreview.net/forum?id=B1ckMDqlg
https://openreview.net/forum?id=B1ckMDqlg
https://aclanthology.org/2021.wmt-1.64
https://aclanthology.org/2021.wmt-1.64
https://aclanthology.org/2021.wmt-1.64
http://proceedings.mlr.press/v97/stickland19a.html
http://proceedings.mlr.press/v97/stickland19a.html
http://proceedings.mlr.press/v97/stickland19a.html
http://arxiv.org/abs/2106.12672
http://arxiv.org/abs/2106.12672
http://arxiv.org/abs/2002.07306
http://arxiv.org/abs/2002.07306
https://aclanthology.org/2021.emnlp-main.533
https://aclanthology.org/2021.emnlp-main.533
https://doi.org/10.18653/v1/2020.emnlp-main.180
https://doi.org/10.18653/v1/2020.emnlp-main.180
http://papers.nips.cc/paper/7181-attention-is-all-you-need
http://papers.nips.cc/paper/7181-attention-is-all-you-need
https://aclanthology.org/2021.findings-emnlp.224
https://arxiv.org/pdf/2012.06460.pdf
https://arxiv.org/pdf/2012.06460.pdf
https://doi.org/10.18653/v1/2021.findings-acl.121
https://doi.org/10.18653/v1/2021.findings-acl.121
https://aclanthology.org/2021.findings-emnlp.63
https://aclanthology.org/2021.findings-emnlp.63
https://doi.org/10.18653/v1/2020.findings-emnlp.240
https://doi.org/10.18653/v1/2020.findings-emnlp.240
https://doi.org/10.18653/v1/N18-1101
https://doi.org/10.18653/v1/N18-1101
http://arxiv.org/abs/1911.01464
http://arxiv.org/abs/1911.01464
https://doi.org/10.18653/v1/D19-1077
https://doi.org/10.18653/v1/D19-1077
https://doi.org/10.18653/v1/D19-1077


833–844, Hong Kong, China. Association for Com-
putational Linguistics.

Shijie Wu and Mark Dredze. 2020. Are all languages
created equal in multilingual BERT? In Proceedings
of the 5th Workshop on Representation Learning for
NLP, pages 120–130, Online. Association for Com-
putational Linguistics.

Linting Xue, Aditya Barua, Noah Constant, Rami Al-
Rfou, Sharan Narang, Mihir Kale, Adam Roberts,
and Colin Raffel. 2022. Byt5: Towards a token-free
future with pre-trained byte-to-byte models. Trans-
actions of the Association for Computational Lin-
guistics 2022.

A Additional results

We report MLQA and XQuAD results on pre-
trained languages in Tables 5 and 6, respectively,
and MLQA results on added languages in Table 7.
Table 8 report NER results on more languages.

Figures 9, 10 and 11 report per-language results
as we increase the amount of languages on lan-
guage modeling perplexity, XNLI and NER, re-
spectively.

B Intermediate checkpoints

Our results in §6.1 suggest that, when the number
of languages is small, X-MOD becomes more com-
petitive with SHARED as the number of training
steps increases. So as to understand if this behav-
ior also holds for models covering more languages,
we evaluate intermediate checkpoints for the 60-
LANG model on XNLI. As shown in Figure 8,
we find that the X-MOD model continuously out-
performs the SHARED model. This suggests that
the SHARED model immediately suffers from neg-
ative interference between languages, while the
added, language-specific components of the X-
MOD model are able to mitigate the curse of mul-
tilinguality, resulting in considerable performance
gains at all evaluated checkpoints.

C Language selection

We provide more details about our selection of
languages in Table 9.
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Figure 8: Results on XNLI using intermediate check-
points of the models trained on 60 languages.

en ar hi vi avg
F1 / EM F1 / EM F1 / EM F1 / EM F1 / EM

X-MOD 80.1 / 66.9 58.6 / 38.9 60.7 / 42.4 67.5 / 46.1 66.7 / 48.6
SHARED 79.6 / 66.5 53.6 / 33.9 58.7 / 40.4 64.9 / 43.8 64.2 / 46.2

Table 5: Average F1 and Exact Match results for pre-
trained languages, on the test set of MLQA for the
X-MOD and SHARED model variants, pre-trained on
the set of 60 languages for 265k update steps. Bold
numbers indicate better performance for the respective
language.

en ar hi ru th vi avg
F1 / EM F1 / EM F1 / EM F1 / EM F1 / EM F1 / EM F1 / EM

X-MOD 85.1 / 73.4 68.1 / 52.4 67.5 / 50.3 75.0 / 57.8 66.3 / 52.6 74.9 / 54.6 72.8 / 56.9
SHARED 83.8 / 72.1 64.6 / 48.5 65.8 / 48.3 72.7 / 54.5 63.0 / 48.0 72.6 / 52.1 70.4 / 53.9

Table 6: Average F1 and Exact Match results for pre-
trained languages, on the test set of XQuAD for the
X-MOD and SHARED model variants, pre-trained on
the set of 60 languages for 265k update steps. Bold
numbers indicate better performance for the respective
language.

de es zh avg
F1 / EM F1 / EM F1 / EM F1 / EM

X-MOD 63.8 / 48.9 68.8 / 50.3 61.7 / 36.4 64.8 / 45.2
SHARED 58.9 / 44.1 66.7 / 48.3 56.5 / 32.2 60.7 / 41.5

Table 7: Average F1 and Exact Match results for added
languages, on the test set of MLQA for the X-MOD
and SHARED model variants, pre-trained on the set of
60 languages for 265k update steps. Bold numbers in-
dicate better performance for the respective language.
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en af ar bn et eu fa fi fr hi hu id it ka ko ru sw ta th vi avg

X-MOD 81.4 78.9 43.5 63.2 76.2 62.2 44.3 78.6 77.2 70.1 78.3 50.5 78.7 67.3 53.0 59.1 73.4 51.1 2.8 66.2 62.8
SHARED 81.5 74.1 44.2 62.4 70.7 58.1 40.3 74.4 74.7 64.4 74.2 51.5 75.5 61.5 46.0 58.3 57.2 52.5 4.0 63.7 59.5

Table 8: Average F1 results for pre-trained languages, on the test set of NER for the X-MOD and SHARED model
variants, pre-trained on the set of 60 languages. Bold numbers indicate better performance for the respective
language.
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Figure 9: Perplexity when training on more languages. Each model has seen the same amount of examples in
each language. Lower perplexity indicates better performance.
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Figure 10: Testset results on XNLI of pre-trained (top) and added (bottom) languages trained on different numbers
of languages. Models trained on more languages are trained for longer→ all models have seen the same amount
of examples in each individual language. Scores are averaged across all random seeds.
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Language iso Family Script 13 30 60 75

Afrikaans af IE:Germanic Latin X X
Albanian sq IE:Albanian Latin X X X
Amharic am Afro-Asiatic Amharic X X
Arabic ar Afro-Asiatic Arabic X,(+) X,(+) X,(+) X,(+)
Armenian hy IE:Armenian Armenian X X X
Assamese as IE:Iranian Assamese X
Basque eu Isolate Latin X X X
Belarusian be IE:Slavic Cyrillic X X
Bengali bn IE:Iranian Bengali X X
Bosnian bs IE:Slavic Latin X
Breton br IE:Celtic Latin X
Bulgarian bg IE:Slavic Cyrillic + + + +
Catalan ca IE:Romance Latin X X
Chinese zh Sino-Tibetan Chinese + + + +
Croatian hr IE:Slavic Latin X X X
Czech cs IE:Slavic Latin X X X
Danish da IE:Germanic Latin X X
Dutch nl IE:Germanic Latin X X
English en IE:Germanic Latin X,(+) X,(+) X,(+) X,(+)
Estonian et Uralic Latin X X
Esperanto eo Constructed Latin X X
Finnish fi Uralic Latin X X X X
French fr IE:Romance Latin X,(+) X,(+) X,(+) X,(+)
Frisian fy IE:Germanic Latin X
Galician gl IE:Romance Latin X X
Georgian ka Kartvelian Georgian X X X X
German de IE:Germanic Latin +,(X) +,(X) +,(X) +,(X)
Greek el IE:Hellenic Greek +,(X) +,(X) +,(X) +,(X)
Gujarati gu IE:Iranian Gujarati X X
Hausa ha Afro-Asiatic Latin X X
Hebrew he Afro-Asiatic Hebrew +,(X) +,(X) +,(X) +,(X)
Hindi hi IE:Iranian Devanagari X,(+) X,(+) X,(+) X,(+)
Hungarian hu Uralic Latin X X X
Icelandic is IE:Germanic Latin X X
Indonesian id Austronesian Latin X X X X
Irish ga IE:Celtic Latin X X
Italian it IE:Romance Latin X X X
Japanese ja Japonic Japanese +,(X) +,(X) +,(X) +,(X)
Javanese jv Austronesian Latin X
Kannada kn Dravidian Kannada X
Korean ko Koreanic Korean X,(+) X,(+) X,(+) X,(+)
Kurdish ku IE:Iranian Latin X X
Latin la IE:Romance Latin X X

Language iso Family Script 13 30 60 75

Latvian lv IE:Slavic Latin X X
Lithuanian lt IE:Slavic Latin X X X
Macedonian mk IE:Slavic Cyrillic X X
Malagasy mg Austronesian Latin X
Malay ms Austronesian Latin X X X
Malayalam ml Dravidian Malayalam X X X
Marathi mr IE:Iranian Devanagari X
Mongolian mn Mongolian Cyrillic X X X
Nepali ne IE:Iranian Devanagari X X
Norwegian no IE:Germanic Latin X X
Oriya or IE:Iranian Odia X
Oromo om Afro-Asiatic Ge’ez X
Pashto ps IE:Iranian Arabic X X
Persian fa IE:Iranian Arabic X X
Polish pl IE:Slavic Latin X X X
Portuguese pt IE:Romance Latin X X
Punjabi pa IE:Iranian Gurmukhi X
Romanian ro IE:Romance Latin X X X
Russian ru IE:Slavic Cyrillic X,(+) X,(+) X,(+) X,(+)
Sanskrit sa IE:Iranian Devanagari X X
Scottish Gaelic gd IE:Germanic Latin X
Serbian sr IE:Slavic Cyrillic X X
Sindhi sd IE:Iranian Arabic X X
Sinhala si IE:Iranian Sinhala X X X
Slovak sk IE:Slavic Latin X X X
Slovenian sl IE:Slavic Latin X X
Somali so Afro-Asiatic Latin X X
Spanish es IE:Romance Latin +,(X) +,(X) +,(X) +,(X)
Sundanese su Austronesian Latin X
Swahili sw Niger-Congo Latin X X X X
Swedish sv IE:Germanic Latin X X X
Tagalog tl Austronesian Latin X X X
Tamil ta Dravidian Tamil X X X X
Telugu te Dravidian Telugu X X
Thai th Kra-Dai Thai X,(+) X,(+) X,(+) X,(+)
Turkish tr Turkic Latin +,(X) +,(X) +,(X) +,(X)
Ukrainian uk IE:Slavic Cyrillic +,(X) +,(X) +,(X) +,(X)
Urdu ur IE:Iranian Arabic +,(X) +,(X) +,(X) +,(X)
Vietnamese vi Austroasiatic Latin X,(+) X,(+) X,(+) X,(+)
Welsh cy IE:Celtic Latin X X
Xhosa xh Niger-Congo Latin X
Yiddish yi IE:Germanic Hebrew X

Table 9: List of languages we pre-train Xon or add + in the different sets (13, 30, 60, 75). (·) indicates the
respectively different pre-training/added languages of models 1 and 2 as described in §5.2 and Table 4. IE stands
for Indo-European.
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Abstract
Despite extensive research on parsing of En-
glish sentences into Abstract Meaning Repre-
sentation (AMR) graphs, full-document parsing
into a unified graph representation lacks well-
defined representation and evaluation. Taking
advantage of a super-sentential level of AMR
coreference annotation from previous work, we
introduce a simple algorithm for deriving a uni-
fied graph representation, avoiding the pitfalls
of information loss from over-merging and lack
of coherence from under-merging. Next, we
describe improvements to the Smatch metric to
make it tractable for comparing document-level
graphs, and use it to re-evaluate the best pub-
lished document-level AMR parser. We also
present a pipeline approach combining the top
performing AMR parser and coreference reso-
lution systems, providing a strong baseline for
future research.

1 Introduction

Abstract Meaning Representation (AMR) is a for-
malism that represents the meaning of a text in the
form of a directed graph, where nodes represent
concepts and edges are labeled with relations (Ba-
narescu et al., 2013). Until recently, the annotated
corpora for AMR only provided sentence-level an-
notations. As a result, AMR parsing research has
been limited to sentence-level parsing. A unified
document-level AMR graph representation can be
quite useful for applications that require document-
level understanding, such as question answering
and summarization.

The most recent release of AMR annotations
(AMR 3.0) includes a multi-sentence AMR cor-
pus (MS-AMR; O’Gorman et al., 2018) that pro-
vides cross-sentential coreference information for
AMR graphs. These annotations connect multiple
sentence-level graphs via coreference chains, im-
plicit relations and bridging relations. However, an

adequate representation of this multi-sentence in-
formation in the form of an AMR graph has yet to
be decided upon. The initial proposal (O’Gorman
et al., 2018), to merge all nodes in a coreference
chain into one node, suffers from significant infor-
mation loss. Without a consistent multi-sentence
graph representation, AMR’s standard Smatch met-
ric (Cai and Knight, 2013) cannot be used for eval-
uation and comparison. The Smatch scores differ
greatly depending on how the coreference infor-
mation is added to the AMR graphs. Additionally,
the Smatch algorithm is exceedingly slow in its
original form when run over multi-sentence graphs.
These limitations in multi-sentence AMR graph
representation and evaluation get in the way of re-
search efforts in this area. Without a consistent
representation and evaluation mechanism, it is im-
possible to draw meaningful comparisons between
different approaches on the task. In this work,
we present a simple and non-lossy multi-sentence
AMR graph representation as well as a modifica-
tion of the Smatch algorithm that allows efficient
and consistent evaluation.1

Our chief contributions are:
• A standard for merging sentence-level AMR

graphs into a single document-level graph
based on MS-AMR coreference annotations
(DOCAMR; §3.3)

• A faster implementation of the Smatch metric
suitable for evaluating document-level AMR
parsers (§4.1)

• A metric, based on Smatch, for specific evalu-
ation of coreference in document-level AMR
graphs (§4.3)

• A baseline system for document-level AMR
parsing and its evaluation (§5)

1The code for producing the proposed representation and
efficient Smatch evaluation under Apache License 2.0 is avail-
able at: https://github.com/IBM/docAMR
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Figure 1: Two example sentences (on the left) annotated with cross sentential identity chain (red) and implicit
relation (blue) and the corresponding merged representation (on the right) as per (O’Gorman et al., 2018)

2 Multi-Sentence AMR Corpus

Multi-Sentence AMR corpus (henceforth MS-
AMR) is part of AMR3.0 release and was intro-
duced by O’Gorman et al. (2018). While a number
of works have used document-level AMR graph
creation for downstream tasks such as summariza-
tion (Liu et al., 2015; Lee et al., 2021), it is the only
dataset currently with manual annotations of AMR
document graphs. It contains 284 documents in its
train split and 9 documents on test split, annotated
over 8027 gold AMRs in total. Out of the 284 train
documents, 43 are annotated twice; in this work we
refer to these double annotation documents as our
development set.

Coreference chains were annotated as clusters
of coreferent nodes in gold AMR graphs, rather
than as coreferent spans of text: this is what allows
evaluation with Smatch. Such an annotation also
precludes evaluation of system predictions using
more traditional coreference evaluations, as there is
no notion of mention spans to use when comparing
mentions.

The MS-AMR corpus also annotated implicit re-
lations, as shown in the blue ARG4 edge in figure 1,
whenever a numbered argument of a predicate was
semantically identifiable in another sentence. Simi-
larly, the MS-AMR corpus annotates bridging men-
tions, such as part-whole or set-member relations.
Both implicit relations and bridging relations can
be seamlessly added as cross-sentential edges.

Coreference chains form the majority of cross-
sentential relations annotated in MS-AMR. Unlike
implicit and bridging relations, there is no straight
forward way of incorporating coreference chains
into a multi-sentence AMR graph. Next section
discusses the challenges involved and proposes a
solution.

3 Document-level AMR Representation

As discussed in the past section, majority of MS-
AMR annotations take the form of coreference
chains over sentence-level gold AMR graphs. In
this work, we propose a representation DOCAMR
that incorporates these chains into multi-sentence
AMR graphs. The motivation for having such a
representation is two-fold. First, representing a
multi-sentence document as a single AMR graph
will allow downstream applications to treat the
whole document as single entity, much like the
AMR graphs for sentences. Second, it is crucial
to have a consistent representation for the purpose
of evaluating MS-AMR predictions. Smatch – the
standard evaluation metric for AMR – operates
over graphs. We can use this metric for MS-AMR
evaluation only if the system outputs and the gold
graphs adhere to the same document-level graph
representation.

Intrasentential coreferences in sentence-level
AMR are annotated with what one might call man-
ual full merge – i.e., given multiple mentions in
the same sentence (such as a named entity and a
pronoun), a human annotator would pick a single
informative mention, and merge all other informa-
tion into the root of the subgraph representing that
mention. Language being efficient, it is very rare
for multiple non-reduced mentions to occur in the
same sentence, therefore it was a trivial task for
human annotators. MS-AMR human annotations
do not perform manual merge – they only indicate
the nodes in multiple existing sentence-level graphs
that participate in a coreference cluster.

3.1 Why Not Merge All Coreferent Nodes?

The pioneering work on MS-AMR (O’Gorman
et al., 2018) that introduced the annotations, also
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Figure 2: Two examples of merge operations that result in loss or distortion of information. Nodes of the same
color belong to the same sentence-level AMR. Dashed lines indicate the identity chain links. In the top example, the
merged node representation (right) reverses the meaning of the first sentence because of the negative :polarity

node migrating from the merged node like-01. In the bottom example, the non-predicate node favor has received
a bunch of ARG nodes from the fellow coreference nodes. Moreover, the merged-in predicate nodes give-01 and
help-01 have lost association with their arguments. For example, the sentence "you help the fellow lift [something]"
will be consistent with this graph.

proposed a way to represent MS-AMR in the form
of a graph. This approach essentially merges all
coreferent nodes from a chain into one node that
inherits all the parents and children of the origi-
nal nodes. Furthermore, if the lexical form of the
merged nodes are different, each distinct form is
added as an additional instance of the merged node
connected via an :instance edge. Figure 1 shows
a simple example of this merge operation.

This representation has a desirable property in
that it treats cross sentential coreference informa-
tion in a manner similar to sentence-level reentran-
cies. Another advantage of node merging is that
a single node represents each entity/event, thus a
document representation can be viewed as a mini
Knowledge Base for the document. Moreover, this
highly connected representation is consequential
for Smatch: if a gold document has a cluster of
ten mentions and a system incorrectly splits that
cluster into six and four mentions, then the opti-
mal one-to-one Smatch alignment will consider all
links to the smaller cluster wrong.

However, merging coreference nodes at the doc-
ument level is not trivial. Automatic indiscriminate
merging of all coreference clusters has serious lim-

itations. Without manual curation of potentially
conflicting referential expressions or situations, it
can end up merging conflicting information, partic-
ularly with event coreference: e.g., “his hatred of
cats” and “John doesn’t like cats” would be merged
into the AMR equivalent of “John+he does not (like
+ hate) cats”. It does not preserve the semantics of
the original AMR graphs. Figure 2 shows exam-
ples of merge operations that either lose or distort
the meaning of the text.

Moreover, the proposed method of (O’Gorman
et al., 2018) assumes that a node can have multiple
:instance edges – however existing AMR tools
(including the Smatch implementation) do not al-
low multiple :instance edges on a node. In the
hand full of previous works on MS-AMR, edge
labels other than :instance are used to connect
additional forms of a node. One node becomes
privileged over others under the proposed approach
– as a result, a system that selects the privileged
node differently will be unnecessarily penalized.

We wish to avoid the above pitfalls while still
retaining the advantages of node merging. The next
section discusses the principles considered while
formulating the DOCAMR representation.
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3.2 Considerations

Our primary consideration while designing DOC-
AMR has been to preserve the meaning of the
underlying text as encoded by the combination of
sentence-level graphs and MS-AMR annotations.
Whenever a secondary consideration led towards a
lossy representation, we decided in favor of mean-
ing preservation. In addition, we considered the
following principles:
1. Be consistent with AMR’s treatment of within-
sentence coreference. In sentence-level AMRs,
pronominal concepts are only used in the absence
of a contentful antecedent. Pronouns don’t con-
tribute enough meaning beyond referential infor-
mation. Therefore, only those pronouns are kept
whose antecedent is unspecified. Furthermore,
in sentence-level AMRs all coreferent nodes are
merged so they share the same variable. We stick
to these principles except in the cases where they
can potentially cause information loss.
2. Do not place more weight on any particular
representative member of a coreference chain. It
would be artificial to represent the cluster as pair-
wise mention-mention links, e.g. by privileging one
mention as the primary representative of the cluster.
Instead, coref chains should be represented in a
way that the non-pronominal ways of referring to
the entity/event in different sentences are on equal
footing.
3. Systems should not get too much credit for su-
perficial decisions (like merely creating a concept
for a pronoun, or detecting the name string and
entity type on every mention of the name). This
can be achieved by merging the nodes whenever
it can be done safely without loss of information.
The effect is that the scoring places more weight
on detection of coreference.
4. The representation should support comparison
via Smatch (without unnecessary computational
overhead) for document-level parsers given the
same document as input.2

5. The edges between the nodes in a coref cluster
and their sentence-level neighbours should be kept
intact, so that when evaluated with Smatch, at least
one mention in a chain of correctly predicted entity
mentions will get full credit even if the coreference
is missed.
6. Finally, the representation should not rely on
complicated heuristics or new manual annotations.

2We do not consider here how to measure similarity be-
tween comparable documents.

For example, we considered and ultimately rejected
the possibility of merging coreferent non-name
nodes, which would have required heuristics for
choosing one representative concept from among
multiple distinct concepts from different mentions
(and also would have violated principle #2).

3.3 Proposed Approach (DOCAMR)

We propose DOCAMR, an extension of AMR
to the document level. In this representation,
the entity and event coreference annotations from
(O’Gorman et al., 2018) are properly assimilated
into a single graph representing the meaning of
the document. It completely preserves the seman-
tic information while trying to stay close to the
sentence-level AMR conventions.

The basic idea is that a new node with concept
coref-entity is added for each identity chain of
nodes – all nodes participating in the chain are
then connected to this node via a :coref relation.
Figure 3 shows an example of this. In addition
to the base method of using coref-entity nodes,
we introduce two exceptions. First, all the named
entities within an identity chain are merged into
one named entity. Second, all pronominal nodes
participating in a chain are dropped. Both these ex-
ceptions are consistent with the treatment of coref-
erent named entities and pronouns in sentence-level
AMR annotations. Further details of these two ex-
ceptions are outlined below:

Treatment of Named Entities: All the named
entities (that is, AMR nodes with a :name relation)
participating in an identity chain cluster are merged
into one named entity. The structure of named enti-
ties is quite consistent and usually all the named en-
tities participating in a chain match exactly. Occa-
sionally, a cluster may contain named entities that
differ in their type, wiki link or form of the name.
In such cases, all unique forms of the name and
all unique wikis are kept under a common variable.
If types are different, the most specific type be-
comes the root and remaining types are connected
to it with the new relation :additional-type.3

If nodes to be merged have modifier roles other
than :name and :wiki, they are gathered under the
merged entity node.

3We use the AMR types ontology to decide which type is
the most specific. If a cluster contains types that are not in the
AMR ontology, then the ones from the ontology are considered
for root position; and if none belong to the ontology, the most
frequent type from the within the cluster becomes the root.
Frequency ties are broken by picking the first mention.
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Figure 3: Our proposed DOCAMR representation ap-
plied to the bottom example from Figure 2. For the
identity chain between he and fellow, the pronoun is
dropped indicated in dotted gray and the links are trans-
ferred to the non-pronominal node. For the identity
chain between favor, give-01 and help-01, merging
is deemed potentially lossy – instead a coref-entity

node is introduced and all nodes in the chain are linked
to it via :coref edge. This not only preserves the mean-
ing without loss but also avoids preferential treatment
of any content node in the chain.

Treatment of Pronominal Nodes: Sentential
AMR incorporates pronouns as concepts only as a
fallback if there is no contentful antecedent within
the same sentence. We extend this philosophy to
pronominal nodes whose antecedent can be found
in another sentence. That is, all pronominal nodes
participating in an identity chain cluster with an
antecedent are replaced by the chain-entity node,
removing the pronominal concepts from the graph.
Pronominal concepts are retained only if there is
no content antecedent to be found. For an iden-
tity chain with exclusively pronominal nodes, no
chain-entity node is needed; they are simply
merged into one node, which is labeled with the
most specific pronoun concept in the chain (e.g.,
“he” is considered more specific than “someone”).
As a special case, if a heterogeneous pronoun chain
(with multiple pronouns) refers to a participant in
a dialogue – indicated by the concept i or you – a
new interlocutor-entity node is introduced and
all pronouns are merged into that to account for dif-
ferent perspectives taken in different utterances.

A notable consequence of discarding pronoun
concepts is that, correct antecedent resolution is
required in order for any roles in which the pronom-
inal mention participates, to be counted as correct.
Systems could struggle with long chains of pro-
nouns, especially if the first in the chain is resolved
to the wrong antecedent and this causes cascad-
ing errors. That said, we believe representing the
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Figure 4: Various scenarios of merge operations in
DOCAMR: (a) Merging first and second person pro-
nouns in a dialogue into interlocutor-entity (b)
Merging named entities with multiple forms, keeping all
distinct forms under separate name nodes (c) Dropping
pronominal nodes and replacing them with the named
entity in the chain Nodes of the same color belong to
the same sentence-level AMR. Dotted gray indicates
dropped nodes and edges.

wrong substantive entity as participating in a rela-
tion is a serious error, no less so when a system
correctly clusters a group of pronouns but fails to
resolve their antecedent correctly.
Discard Single Node Clusters: After creating
a document-level graph per the rules outlined
above, we perform a final step of removing any
coref-entity nodes with one :coref edge, and re-
place references to that node with its only member
node. This can happen if there is a cluster with one
non-pronominal concept and one or more pronouns

3500



Train Dev1 Dev2

Nodes in chains 12513 1241 1141

Pronouns in chains 4456 433 423↪ Pronoun 1029 141 121↪ Interlocutor-entity 773 66 90↪ Other node 1494 140 118↪ Coref-entity 1160 86 94

NEs in chains 2917 224 205
NEs merged 903 85 84

Table 1: Statistics on DOCAMR merge operations. Top
row shows the total number of un-merged nodes in all
identity-chains. Middle section shows the total num-
ber of pronominal nodes in identity-chain and the num-
bers of different target node types they are merged into.
Most pronouns are dropped only about one fourth – in
pronoun-only chains – are merged into one of the pro-
nouns in the chain. Bottom sections shows number of
Named Entities in chains before and after merging.

that got deleted. It can also happen if a cluster had
multiple names that were merged. This simplifica-
tion will discard superfluous coref-entity nodes.
It would make alignment faster for Smatch that
uses surface form matching during initialization.

3.4 The Roads not Taken

In an attempt to adhere to the sentence-level AMR
conventions (principle 1 in §3.2) to a greater extent,
we considered merging all non-predicate nodes par-
ticipating in a cluster – keeping the most specific
one. This required heuristics and even manual in-
put on deciding the most specific instances, we
therefore did not take that route.

A less complicated version of this would have
been merging only those nodes that have the same
concept. However, even if a concept recurs, the
different mentions may have different modifier-
s/arguments that may collide and make merging
problematic. Merging only concepts with the same
modifiers could place outsize importance on the
attachment of modifiers by the parser. We opted
for the simplest approach of not performing any
merging of non-name, non-pronominal nodes.

We also considered an alternative representa-
tion where, similar to DOCAMR, all nodes par-
ticipating in a coreference cluster are connected
to a coref-entity – but unlike DOCAMR, the
parents of all participating nodes now point to
the coref-entity. In other words, all mention
nodes are clustered (via :coref edge without any

merge) under coref-entity along with their de-
scendent sub-graphs, but the coref-entity nodes
sit between the mention nodes and their sentence-
level parents. This flipped version of DOCAMR
makes dense connections at document level mak-
ing Smatch more sensitive to coreference errors.
However, this often results in multiple similar or
identical sub-graphs collected under coref-entity
– with no connection to the corresponding sentences.
Merging these sub-graphs based on the similarity
of their structure will make the final representation
highly dependent on small modifier level differ-
ences. Another significant side effect of this ap-
proach is that due to lack of connection with origi-
nal sentence level graphs, the Smatch algorithm (as
given in §4.1) cannot benefit from sentence align-
ments and becomes prohibitively inefficient.

4 DOCAMR Evaluation

DOCAMR represents MS-AMR annotations of
multiple sentences in the form of one AMR graph.
Ideally, the quality of this graph should be assessed
as single unified entity. Traditional measures of
coreference, such as MUC, CEAF etc., try to align
the gold coreference chains with the predicted ones
based on the shared mentions. In the case of text
based coreference resolution, identifying shared
mentions is trivial since the mentions are anchored
in the input text. AMR, by contrast, is not an-
chored in the text – the nodes of AMR graphs are
not aligned to words. As a result, traditional coref-
erence measures can be applied to AMR only if
the graphs are either identical to the gold graphs or
have been aligned at the node level.

The Smatch algorithm used for evaluation of
AMR parsers is a randomly initialized, greedy, hill-
climbing algorithm. Due to the greedy nature of the
algorithm, multiple random restarts are needed to
get a stable matching score. Moreover, the problem
itself is NP-complete and even its greedy imple-
mentation becomes prohibitively slow as the size
of graph increases. As a result, Smatch in its orig-
inal form is quite inefficient for document-level
AMR evaluation.

4.1 Smatch Evaluation

Smatch (Cai and Knight, 2013) views an AMR
graph as a set of triples, where each triple com-
prises of either a pair of nodes with a relation label
(i.e. edges in the graph) or one node with an at-
tribute and its value (i.e. concepts and attributes).
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Given the set of triples for a source and a tar-
get graph and an optimal alignment between their
nodes, the metric computes the precision, recall
and F-score over triples between the two graphs.
An optimal alignment is the one that will maxi-
mize the F-score. Cai and Knight (2013) provide
a greedy implementation of Smatch that uses a
combination of a ‘smart initialization’ and greedy
hill-climbing steps to get closer to an optimal map-
ping. Each greedy step needs to evaluate m(n−1)
options where m and n are the numbers of nodes in
the two graphs being matched. Therefore, Using
this implementation of Smatch at the document-
level is very slow.

4.2 Document-level Smatch

The sentence-level Smatch implementation4 relies
on a pool of candidate node-mappings to efficiently
select the next greedy step. The pool includes all
the node mappings that can possibly add to the
triple F-score. We can restrict this candidate pool
further for document-level Smatch if the source and
target documents are aligned at the sentence level.
More specifically, we can forbid any source to tar-
get node alignments where the sentence(s) of the
source node is(are) not aligned with the sentence(s)
of the target node. Note, that in DOCAMR graphs,
certain nodes can belong to multiple sentences such
as coref-entity or a merged node.

We propose an implementation of Smatch
(DOCSMATCH) that assumes alignment between
the roots of sentence-level subgraphs of a pair of
document-level AMR graphs. Nodes are first cat-
egorised by sentences with each node possibly
assigned to multiple sentences. Next, the candi-
date mappings pool is constructed respecting the
sentence-level alignments. In particular, a node
in one AMR cannot be mapped to a node in the
other AMR if none of their assigned sentences are
aligned (see appendix A for details). For instance,
consider the example in figure 4(c) – the node for
the concept now must be aligned to a node in the
third sentence in a target graph, whereas the person
node, merged from mentions in all 3 original sen-
tences, is not constrained.5

4https://amr.isi.edu/evaluation.html
5Note that there could be a case where the predicted parse

of sentence 2 resembles the correct parse of sentence 1 and
vice versa without any coreference link between the two—
then the proposed constraint would prevent finding the optimal
alignment. However, this happens quite infrequently. More-
over, we argue that accidental mapping of triples between
graphs of entirely unrelated sentences should not be rewarded.

DOCSMATCH allows us to evaluate the DOC-
AMR development set comprising of 42 docu-
ments in roughly 4 minutes with the default four
random-restarts. This is a manageable time frame
for the purpose of parser comparisons. The original
Smatch evaluation for the same setup ran out-of-
memory (with up-to 200GB allocation) without a
result. Table 3 compares the Smatch scores and the
runtimes of our implementation with those of the
original Smatch with 1 random restart.

4.3 Coreference Subscore
A side effect of representing and evaluating the
document AMR as a single unified graph is that
we can not analyze the coreference performance
of the parser separately. To mitigate this, we pro-
pose and implement a breakdown of Smatch that
provides a separate coreference subscore. For the
purpose of coreference subscore, all nodes con-
nected to multiple sentences are considered corefer-
ent nodes. Incoming edges for each coreferent node
are counted as a part of the coreference subscore, as
well as bridging relations and nodes with the labels
coref-entity or interloculor-entity. Note, in
the case of merged nodes, their incoming edges
count towards the coreference scores, however the
node themselves (i.e. their instance triples) are not
counted towards the coreference score.

Since what is considered a coreference depends
on the graph structure, the edges and nodes that are
considered coreferent in the gold graph might be
different from those in the predicted graph. There-
fore, to calculate F1 for the coreference subscore,
we consider an edge or node to be a correct match
if (1) it has a matching node or edge according to
the standard Smatch score, and (2) the node or edge
is part of coreference in both the gold and predicted
graph. Recall is calculated as a percentage of gold
coreference nodes/edges, precision is a percentage
of predicted coreference nodes/edges, and F1 is
taken as the harmonic average.

5 Experiments and Results

We use DOCAMR along with our efficient im-
plementation of Smatch to assess the quality of
two document-level AMR parsing systems. First,
we develop a pipeline system combining a top-
performing AMR parser (Zhou et al., 2021) and
a state-of-the-art coreference resolution system

Note also that for the border case where all nodes are con-
nected with all sentences, the constrained version will be same
as the original Smatch.
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MS-AMR Splits Double Anno. (Dev1) Double Anno. (Dev2) Test

AMR Coref Smatch Coref Reent Smatch Coref Reent Smatch Coref Reent

Gold None 87.6 0 72 88.6 0 73 86.4 0 72
Gold CoreNLP 89.7 34 76 90.6 35 78 90.6 47 80
Gold AllenNLP 90.5 40 78 91.0 41 79 91.3 53 82

(Anikina et al., 2020) - - - - - - 44.3 17 21

S-BART None 67.1 0 53 67.8 0 53 67.5 0 55
S-BART CoreNLP 68.7 28 57 69.3 29 57 71.3 43 63
S-BART AllenNLP 69.4 33 59 69.8 34 59 72.0 50 65

Table 2: Document-level Smatch, coreference sub-scores (Coref) and reentrancy scores (Reent) on MS-AMR
double annotations (Dev1 and Dev2) and test splits – using various combinations of gold and predicted AMR graphs
with predicted coreferences from CoreNLP (Clark and Manning, 2016) and AllenNLP (Joshi et al., 2020).

Impl. Original DOCSMATCH

Split R Time Smatch Time Smatch

Dev1 4 - - 244 69.4
Dev2 4 - - 136 69.8
Test 4 - - 417 72.0

Dev1 1 927 69.5 66 69.3
Dev2 1 945 69.8 41 69.7
Test 1 1314 71.3 104 72.0

Table 3: Comparison of Smatch scores and runtimes
(in seconds) between the original Smatch implemen-
tation (Original) and our proposed implementation
(DOCSMATCH). All results are on our best perform-
ing pipeline system. R is the number of random restarts.
‘Original’ Smatch runs out of memory for R>1.

(Joshi et al., 2020). We also provide the pipeline
results with CoreNLP’s neural coreference resolu-
tion system (Clark and Manning, 2016) v4.3.2 for
additional point of comparison. Second, we reeval-
uate the past best system of Anikina et al. (2020)
– this is also a pipeline approach combining AMR
parser of (Lindemann et al., 2019) with AllenNLP
coreference resolution system.6

5.1 Our Pipeline Approach

We use the BART-based structured transformer
model of Zhou et al. (2021) to produce sentence-
level AMR graphs. In particular, we use the
StructBART-S version of their system referred to as
S-BART in table 2. This parser produces node-to-

6We obtained the document-level graphs before merge
operations from Anikina et al. (2020) for the purpose of re-
evaluation in DOCAMR format.

token alignments as part of its output – we use these
alignments to match coreference systems’ outputs
with AMR graphs. Text-based coreferences are ob-
tained using the systems of Joshi et al. (2020) and
Clark and Manning (2016). Coreference chains are
computed from these prediction files.7

In order to incorporate this coreference informa-
tion into the AMR graphs, we first convert node-
to-token alignments into node-to-span alignments.
The span of a node is defined as the smallest text
span containing all the tokens aligned to any of its
descendants (to avoid loops, re-entrant edges are
removed keeping only the first). With node-to-span
alignments, a predicted mention is assigned to the
node with the shortest span containing the mention.
If there is more than one candidate node, the one
with the greatest height, subsuming the other can-
didates is selected. Instances of coreference within
a sentence are ignored assuming that the sentence-
level parser has already taken care of them.

5.2 Results

Table 2 shows the results on MS-AMR double an-
notation documents (used here as development set)
and its test split. Both gold and predicted AMR
graphs are converted to DOCAMR before running
Smatch evaluation. All numbers are produced us-
ing document-level Smatch with 4 random restarts.

Our pipeline approach outperforms the previous
best system by a large margin, providing a strong
baseline for future research on this task. This is due
mainly to difference in quality of the underlying
sentence-level parsers.

7Using the package https://github.com/boberle/
corefconversion
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Dev1 Smatch Time (s)

No-Merge 93.3 66
Merge-NE 92.8 66
DOCAMR 87.6 90
Merge-All 82.4 153

Table 4: Impact of representation on evaluation scores
and runtimes. Comparing double-annotation gold doc-
uments (Dev1) with and without coreference links in
different document-level representations.

Note that significant improvements in corefer-
ence quality result in only small improvements in
overall Smatch score – showing that a separate
coreference subscore is essential for assessing a
system’s performance on cross-sentential relations.
We also report reentrancy scores (Damonte et al.,
2017) for comparison. While the performance gap
is more pronounced in reentrancy scores compared
to overall Smatch, the gains are best highlighted
in coreference subscore. For instance, reentrancy
scores improves by up to 2 points from CoreNLP
to AllenNLP in all settings – coref subscores, on
the other hand, shows up to 7 points improvement
giving a finer range for coreference evaluation.
Impact of Representation on Smatch: To high-
light how document-level representation can affect
Smatch scores and efficiency, we compare the gold
double-annotation development set with and with-
out coreference links. In addition to DOCAMR
we consider three representations: 1) No-Merge:
where all coreference nodes are linked via coref-
entity without any merging 2) Merge-NE: where
only Named Entities are merged and 3) Merge-All:
where all coreference nodes in a chain are merged
(O’Gorman et al., 2018). One of our aims for DOC-
AMR was to ensure that the lack of coreference
links is visible in the overall Smatch score. Ta-
ble 4 shows that DOCAMR makes this gap bigger
without losing efficiency or semantic information.

6 Related Work

MS-AMR Annotations MS-AMR annotations
by O’Gorman et al. (2018) include coreference
chains, implicit roles and bridging relations. In the
context of AMR-based summarization, Lee et al.
(2021) present a novel dataset consisting of human-
annotated alignments between the nodes of paired
documents and summaries to evaluate merge strate-
gies for merging individual AMR graphs into a
document graphs. However, they sought out the

merge operations that can serve as cross senten-
tial coreference in the absence of any annotations
– they only merge nodes with same surface forms,
except for ’person’ nodes. Our work, on the other
hand, outlines a representation for already available
gold annotations, where nodes’ surface forms don’t
match in a large number of cases.

MS-AMR Evaluations and Models O’Gorman
et al. (2018) proposes Smatch as primary method
for scoring MS-AMRs. They also report CoNLL-
F1 relying on Smatch alignments. Adopting the
methods from O’Gorman et al. (2018), Anikina
et al. (2020) presented a comparative evaluation of
various coreference resolution systems over MS-
AMR test sets and document-level Smatch evalua-
tions of machine generated sentence-level AMRs
augmented with coreference predictions from vari-
ous systems. The best approach from their study is
incorporated as a baseline in §5. Fu et al. (2021) in-
troduce an AMR coreference resolution system that
uses graph neural network to model gold sentence-
level AMR graphs for coreference predictions. This
system assumes gold graphs and is not compara-
ble with document-level parsing systems. Use of
gold graphs also alleviates the need for alignments
between gold and predicted graphs for the pur-
pose of evaluation. Bai et al. (2021) constructed
dialogue-level AMR graphs from multiple utter-
ance level AMRs by incorporating inter-sentence
coreference, speaker and identical concept infor-
mation into sentence-level AMRs.

7 Conclusion

We have presented DOCAMR, a graph represen-
tation for document-level AMR graphs based on
coreference annotations. Relative to the original
sentence-level graphs, DOCAMR removes redun-
dancy without information loss. We modified the
implementation of Smatch to take advantage of
sentence provenance to efficiently search for node
alignments when comparing two document-level
graphs. Finally, we reported results for a document-
level parsing pipeline that can serve as a strong
baseline for future work on this task.
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A Constrained Candidate Node
Mappings for DOCSMATCH

Algorithm 1 Constrained candidate node mappings
for efficient document-level Smatch computation.
inputs:
dAMR1,dAMR2 pair of AMRs for a document
sRoots1,sRoots2 aligned sentence roots

N ← Number of sentences {in the document} {collect de-
scendant of sRoots}
for i← 1..N do

Desc1[i]← GETDESC(dAMR1,sRoots1[i])
Desc2[i]← GETDESC(dAMR2,sRoots2[i])

end for
CandMap← {} {Candidate Node Mappings}
for i← 1..N do

for node ∈Desc1[i] do
CandMap[node] +=Desc2[i]

end for
end for
return CandMap
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Abstract

Pretrained language models (PLMs) have
made remarkable progress in text generation
tasks via fine-tuning. While, it is challenging
to fine-tune PLMs in a data-scarce situation.
Therefore, it is non-trivial to develop a general
and lightweight model that can adapt to various
text generation tasks based on PLMs. To
fulfill this purpose, the recent prompt-based
learning offers a potential solution. In this
paper, we improve this technique and propose
a novel prompt-based method (PTG) for text
generation in a transferable setting. First, PTG
learns a set of source prompts for various
source generation tasks and then transfers
these prompts as target prompts to perform
target generation tasks. To consider both
task- and instance-level information, we
design an adaptive attention mechanism
to derive the target prompts. For each data
instance, PTG learns a specific target prompt by
attending to highly relevant source prompts. In
extensive experiments, PTG yields competitive
or better results than fine-tuning methods.
We release our source prompts as an open
resource, where users can add or reuse them
to improve new text generation tasks for
future research. Code and data can be avail-
able at https://github.com/RUCAIBox/

Transfer-Prompts-for-Text-Generation.

1 Introduction

In natural language processing (NLP), text genera-
tion is an important research topic that aims to au-
tomatically produce understandable text in human
language from input data (Li et al., 2022). In recent
decades, various approaches have been widely ap-
plied to a variety of text generation tasks (Li et al.,
2019; Gehring et al., 2017; Li et al., 2021a), espe-
cially the emergence of pretrained language models
(PLMs) (Li et al., 2021c). By involving large-scale
parameters pretrained on massive general corpora,

∗Corresponding author

PLMs such as GPT-3 (Brown et al., 2020) have
achieved substantial progress in text generation.
Through the fine-tuning paradigm, PLMs can adapt
to various text generation tasks by directly adjust-
ing the model parameters with labelled datasets.

However, in real-world scenarios, we are in-
evitably confronted with tasks having only limited
labelled data (e.g., new domains). It is often diffi-
cult to fine-tune text generation models in a data-
scarce situation (Chen et al., 2020; Li et al., 2021b).
Although the input and output formats are differ-
ent for various text generation tasks, these tasks
essentially adopt similar learning and generation
mechanism (e.g., Seq2Seq (Sutskever et al., 2014)).
Furthermore, the success of PLMs sheds light on
the possibility of developing general or transferable
text generation models. For example, Radford et al.
(2019) framed generation tasks as language mod-
eling by predicting the next token given previous
tokens. Based on these studies, we aim to devise a
general and lightweight text generation approach
that can effectively adapt to various new tasks and
datasets, based on PLMs.

To fulfill this purpose, the recently proposed
prompt-based learning offers a potential techni-
cal solution (Liu et al., 2021b). In this paradigm, a
text generation task can be solved with the help of
a prompt containing task-specific information. For
example, T5 (Raffel et al., 2020) framed summa-
rization and question answering into a text-to-text
format by utilizing prompts “summarize:” and
“answer the question:”. Based on learned
or manually designed prompts, PLMs can be lever-
aged to perform existing or new generation tasks
without being tuned (Brown et al., 2020; Li and
Liang, 2021), which provides a unified approach to
utilizing PLMs for various generation tasks. Fur-
thermore, to quickly adapt PLMs to new NLU tasks,
several works directly used a soft prompt learned
from source NLU tasks to initialize the prompt for
a target NLU task (Vu et al., 2021; Su et al., 2021).
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Inspired by these studies, we aim to apply prompt-
based methods to data-scarce text generation tasks
in a transferable setting.

Despite promising, there are still two major chal-
lenges for transferring prompts in text generation.
Firstly, it has been found that prompts are highly
task-specific (Gao et al., 2020), and it is difficult
to effectively transfer or reuse existing prompts for
new tasks. Second, for a single task, even a well-
learned prompt may not be suitable for all the data
instances from a large population (Scao and Rush,
2021), and hence it is non-trivial to design effec-
tive transferring strategy considering both task- and
instance-level characteristics.

To address the above issues, we propose PTG:
Prompt Transfer for Text Generation, a novel
prompt-based transfer learning approach for text
generation. PTG is built upon a transfer learning
setting. Specifically, we learn source prompts from
a number of representative source generation tasks
and then transfer these prompts as target prompts
to perform target generation tasks. The core idea
is that these learned source prompts serve as repre-
sentation bases (i.e., value vectors in self-attention
mechanism). For each data instance from a new
task, we learn a specific target prompt by attending
to highly relevant source prompts. To support such
an approach, we construct a multi-key memory
network storing both source prompts and prompt
clusters for key-value prompt finding, and then de-
sign an adaptive attention mechanism considering
both task- and instance-level information to derive
the target prompt. Instead of using a fixed prompt
for a new task, our approach is able to effectively
learn the most suitable prompt representation from
source prompts for a specific data instance. Such an
adaptive mechanism considers the specific instance-
level features, making our approach more flexible
to transfer to new text generation tasks.

To the best of our knowledge, we are the first to
introduce the idea of prompting in transfer learning
to address text generation tasks. For evaluation,
we test PTG on 14 datasets from three sets of text
generation tasks: i) compression to express salient
information in concise text such as summarization;
ii) transduction to transform text while preserving
content precisely such as style transfer; and iii)
creation to produce new content from input context
such as story generation. In both fully-supervised
and few-shot experiments, PTG yields competitive
or better results than fine-tuning PLMs.

Besides performance benefits, more importantly,
we release our source prompts to serve as an open-
source prompt library. Researchers can train new
task prompts added to our library and reuse these
learned prompts to improve unseen text genera-
tion tasks. Our library can further act as an analy-
sis tool, such as analyzing what factors influence
prompts’ transferability across generation tasks and
interpreting the task similarity by measuring the
corresponding prompt similarity.

2 Related Work

Prompt-based Language Models. Prompt-based
learning is a way of leveraging PLMs by prepend-
ing task-specific instructions to the task input when
feeding into PLMs. Early approaches mainly uti-
lized hand-crafted prompts to adapt to different gen-
eration tasks (Brown et al., 2020; Raffel et al., 2020;
Zou et al., 2021). However, manually designed
prompts are not flexible and cannot be applied
to more kinds of new tasks. Thus, recent works
have focused on automating the learning of discrete
prompts (Shin et al., 2020; Gao et al., 2020). How-
ever, learning prompts over discrete space is hard to
optimize and likely to be sub-optimal. To address
these problems, many works proposed to optimize
continuous prompts (Liu et al., 2021c; Li and Liang,
2021), which are more flexible to many kinds of
tasks. Among these studies, prefix-tuning (Li and
Liang, 2021) prepended a sequence of vectors to
the input for text generation tasks. By contrast, we
utilize soft prompts to investigate transfer learning
for text generation and demonstrate that generation
tasks can often help each other via prompt transfer.

Transferability of Natural Language Processing.
We are also closely related to existing works on
transfer learning in NLP tasks (Jeong et al., 2020;
Wiese et al., 2017; Liu et al., 2019). Prior studies
have shown that cross-task transfer can address the
data scarcity issue (Wiese et al., 2017), enhance the
ability to complex reasoning and inference (Jeong
et al., 2020), or learn effective word representa-
tions (Liu et al., 2019). Efforts to transfer prompts
for addressing NLU tasks have also been devel-
oped (Vu et al., 2021; Su et al., 2021). As a repre-
sentative work, Vu et al. (2021) used the learned
prompt to directly initialize the prompt for a target
task while not considering the specific input. Our
work focuses on challenging text generation tasks
by utilizing prompts to extract implicit task-related

3507



knowledge and considering specific model inputs
for the most helpful knowledge transfer.

3 Preliminary

3.1 Problem Formulation

Generally, the objective of text generation is to
model the conditional probability Pr(y|x), where
x = ⟨w1, . . . , wn⟩ and y = ⟨z1, . . . , zm⟩ denote
the input text and output text respectively and con-
sist of sequences of tokens from a vocabulary V .

Prompting is a technique for injecting extra task
information to PLMs as a condition during the gen-
eration of output text (Brown et al., 2020). Typ-
ically, prompting is conducted by prepending a
series of tokens (discrete prompts) or continuous
vectors (continuous prompts) to the input x. In our
paper, we adopt continuous prompts. Specifically,
given a series of n input tokens, x = ⟨w1, . . . , wn⟩,
we first utilize PLM to embed the tokens, forming
a matrix Ex ∈ Rn×e, where e is the dimension of
the embedding space. Then, our continuous prompt
p is represented as a parameter matrix Ep ∈ Rl×e,
where l is the number of prompt vectors. The
prompt p is then prepended to the embedded in-
put forming a single matrix [Ep;Ex] ∈ R(l+n)×e

which is encoded by PLMs as an ordinary sequence,
such that the model maximizes the likelihood of
the ground-truth y, i.e., Pr(y|[p;x]).

3.2 Prompt-based Transfer Learning

In a general transfer learning framework, we define
a set of source generation tasks S = {S1, . . . ,ST },
where the t-th task St = {(xti, yti)}nti=1 contains nt
tuples of the input text xti ∈ X and its correspond-
ing output text yti ∈ Y . For a target generation
task T , the goal of transfer learning is to use the
previously learned task-specific knowledge of the
source tasks S to help improve the performance
of a learned model fθ (parameterized by θ) in the
target task T .

In this paper, we consider a new transfer learn-
ing setting based on prompting. Specifically, the
parameters of the underlying PLM are frozen, and
the text generation tasks have to be fulfilled by
prepending prompts (continuous vectors) to input
as described in Section 3.1. Formally, we will learn
an independent source prompt pt for each source
generation task St based on a shared frozen PLM
by maximizing the likelihood Pr(yti |[pt;xti]). Our
core idea is to transfer these learned source prompts
to a new (target) text generation task, such that the
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Figure 1: Overview of our proposed model PTG.

target generation task can be performed in zero or
few shot settings.

4 Approach

Our proposed method, Prompt Transfer for Text
Generation (PTG), is depicted in Figure 1. Our
approach first learns a number of source prompts
for various representative source generation tasks,
and then derive the prompt for the target generation
task with a novel adaptive attention mechanism.
Next we will describe each part in detail.

4.1 Learning Transferable Source Prompts

To extract task-related knowledge from source gen-
eration tasks, we learn a set of source prompts and
store them in a source prompt pool. The motiva-
tions for introducing the prompt pool are twofold.
First, we expect to identify the similarity between
source generation tasks. Second, the pool stores
task-specific prompts for every source task, which
can be shared by all target tasks.

Constructing Source Prompt Pool. For each
source generation task St, we aim to learn a source
prompt pt given its training data {(xti, yti)}nti=1. Fol-
lowing the learning steps in Section 3.1, we learn
an independent source prompt pt for each source
task St based on a shared frozen PLM, i.e., BART.
These source prompts are stored in a prompt pool
P = {p1, . . . , pt, . . . , pT }, where T is the total
number of source text generation tasks.

To construct the source prompt pool, a key point
lies in the selection of source text generation tasks.
According to the literature (Deng et al., 2021), text
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generation tasks can be categorized as performing
compression, transduction, or creation based on
changes in conveyed information from input to out-
put. Moreover, recent studies have shown that few
but diverse source tasks/domains also lead to re-
markable transfer learning performance (Friedman
et al., 2021; Zhuang et al., 2021). Therefore, we
select six text generation tasks (including 14 public
datasets) within the three types of generation tasks
for learning their corresponding source prompts.

Clustering Source Prompts. As described above,
the source tasks are diverse in the prompt pool. It
is challenging for PLMs to effectively transfer or
reuse existing prompts for new tasks. Thus, to iden-
tify the similarity between source tasks (prompts),
we construct a source prompt pool for more effec-
tive cross-task knowledge transfer. In particular,
via spectral clustering algorithm (Ding et al., 2001),
we group these source prompts into several prompt
clusters. Under this algorithm, each prompt pt is
regarded as a node in a weighted undirected graph
G. The similarity degree (weight) between node
(prompt) pi and pj is computed via the position-
agnostic Euclidean distances (Su et al., 2021):

wi,j =
1

1 + 1
l2
∑l

k1=1

∑l
k2=1 ||pi,k1 − pj,k2 ||

,

(1)
where pi,k1 , pj,k2 denote the k1-th and k2-th vector
of prompt pi and pj , respectively. We then adopt
the min-max cut strategy (Ding et al., 2001) to par-
tition the graph G into several subgraphs represent-
ing different prompt clusters C = {C1, . . . , Cm},
where m is the total number of clusters. When
transferring the source prompts, it will be better to
identify the suitable prompt cluster and select the
most relevant source prompt. By contrast, previous
works considered each source prompt equally and
ignore the differences between different tasks (Vu
et al., 2021; Su et al., 2021).

Multi-Key Memory Network. With source
prompts encoding task-related knowledge, the sec-
ond motivation is to share them with every target
generation task. To facilitate the prompt trans-
fer from source tasks to target tasks, we build a
multi-key memory network to store these clustered
prompts. Specifically, for a source prompt pt from
the prompt cluster Cz , i.e., pt ∈ Cz , it is associ-
ated with a learnable cluster key kcz and a learnable
prompt key kpt , as follows:

P̃ = {Cz : ⟨kcz,kpt , pt⟩}mz=1, (2)

where kcz,k
p
t ∈ Rd, and d is the key embedding

size. In our memory network, these learned source
prompts serve as representation bases, i.e., value
vectors, which can be transferred to target genera-
tion tasks through key-value prompt finding.

4.2 Transferring Instance Adaptive Prompts
Previous works (Li and Liang, 2021; Vu et al.,
2021) usually consider only the task information
but ignore the specific input data when deriving
prompts. However, for a single task, even a well-
learned prompt may not be suitable for all the data
instances (Scao and Rush, 2021), and thus it is
non-trivial to design effective transferring strategy
considering both task- and instance-level character-
istics. In our model, we design an adaptive atten-
tion mechanism to incorporate the instance feature
for constructing the target prompt.

Adaptive Attention Mechanism. Specifically, for
an instance (x, y) of the target task T , we use both
task-level and instance-level queries to adaptively
lookup and select the source prompts for transfer-
ring the previously learned task-related knowledge.
The task-level query aims to select the overall infor-
mation related to the specific target task, which is
defined as a learnable task query vector qtask ∈ Rd.
However, the source prompts in the pool are diverse
but limited, thus the task-level prompt may not well
adapt to all the data instances of the target gener-
ation task. Therefore, we design an instance-level
query to learn the target prompt by attending to
the highly relevant source prompts to help improve
the model performance in specific instances. The
instance-level query is computed as the input en-
coding qins ∈ Rd through a frozen PLM such as
BERT (Devlin et al., 2019):

qins = Average(BERT(x)), (3)

where we average the top-layer representations of
every input tokens encoded by BERT.

For a source prompt pt ∈ Cz , we use qtask and
qins to lookup its corresponding cluster key and
source key respectively, following multi-head atten-
tion (Vaswani et al., 2017). Thus, the final match-
ing score between the instance x and prompt pt is
calculated as:

st = softmax(λ · qtask⊤kcz + (1− λ) · qins⊤kpt ),
(4)

where λ is a hyper-parameter. Finally, according
to the weight score, the selected source prompt is
computed as: p̃ =

∑T
t=1 st · pt.
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Compared to other prompt-based transfer learn-
ing methods that used only a fixed prompt for a
new task (Vu et al., 2021; Li and Liang, 2021), our
adaptive attention mechanism is able to effectively
learn the most suitable prompt representation from
source prompts for a specific data instance. Such
a mechanism makes our model more flexible to
transfer to new text generation tasks.

Prompt-based Text Generation. Based on the
above adaptive attention mechanism, we retrieve
the prompt p̃ encoding the most useful and relevant
knowledge to help the model perform the specific
generation instances. As described in Section 3.1,
we prepend the prompt p̃ to the input embedding of
x, which then flows through a generative PLM such
as BART (Lewis et al., 2020) for generating text.
The generative PLM is optimized via maximum
likelihood estimation (MLE) as:

LMLE(θ) = E(x,y)∼(X ,Y) log Pr(y|[p̃;x]). (5)

During the learning process of the target task, the
retrieved prompt p̃ is adaptive to different instances
and is frozen because it encodes the previously
learned task-related knowledge.

4.3 Model Discussion

For prompt-based transfer learning in text genera-
tion, the key point lies in how to effectively transfer
or reuse existing prompts (encoding task-specific
knowledge) for new generation tasks considering
both task- and instance-level characteristics.

To achieve this goal, we first learn a set of source
prompts encoding task-specific knowledge from a
number of representative source text generation
tasks (Section 4.1). These source prompts serve
as representation bases, i.e., value vectors in the
multi-key memory network. Moreover, we design
an adaptive attention mechanism considering both
task- and instance-level information for construct-
ing the target prompt (Section 4.2). Each data
instance from a new generation task can learn a
specific prompt by attending to the most highly
relevant source prompts.

Compared with typical transfer learning meth-
ods, our model utilizes a lightweight technique,
i.e., prompting, to learn task-specific knowledge
from source tasks. Our pretrained source prompts
can help PLMs perform more effective and useful
knowledge transfer.

5 Experiments

In this section, we first set up the experiments, and
then report the results and analysis.

5.1 Experimental Setup

Datasets. We select 14 public datasets divided into
three types of text generation tasks: i) compression
to express salient information in concise text includ-
ing summarization (CNN/Daily Mail (See et al.,
2017), XSum (Narayan et al., 2018), MSNews (Liu
et al., 2021a), Multi-News (Fabbri et al., 2019),
NEWSROOM (Grusky et al., 2018)) and ques-
tion generation (SQuAD (Rajpurkar et al., 2016));
ii) transduction to transform text while preserv-
ing content precisely including style transfer (Wiki
Neutrality (Pant et al., 2020)) and text paraphrase
(Quora (Wang et al., 2017)); and iii) creation to
produce new content from input context including
dialog (PersonaChat (Zhang et al., 2018), Topi-
calChat (Gopalakrishnan et al., 2019), DailyDia-
log (Li et al., 2017), DSTC7-AVSD (Alamri et al.,
2019), MultiWOZ (Budzianowski et al., 2018))
and story generation (WritingPrompts (Fan et al.,
2018)). Dataset statistics are in Appendix A.

Baselines. We compare our proposed PTG to the
following baselines:

• GPT-2 (Radford et al., 2019), BART (Lewis
et al., 2020), and T5 (Raffel et al., 2020): These
are three representative PLMs for text generation,
where all pretrained parameters are fine-tuned on
each target task dataset separately. We adopt the
LARGE version of these PLMs.

• PREFIXTUNING (Li and Liang, 2021): It is the
recent state-of-the-art prompt-based PLM for text
generation by concatenating a sequence of vectors
and the input, which keeps PLM parameters frozen
but optimizes a set of continuous prefix vectors.

• SPOT (Vu et al., 2021): It also adopts a prompt-
based transfer learning method which first trains a
prompt on source tasks and then uses the resulting
prompt to initialize the prompt for a target task.

• MULTI-TASK MODELTUNING: This strong
multi-task baseline first fine-tunes BART on the
same source tasks used for PTG and then fine-tunes
on each target task dataset individually.

We conduct all methods in the same setting to
obtain their results without special tricks such as la-
bel smoothing. Compared with other baselines, our
model is extremely lightweight, i.e., when solving
target generation tasks, we freeze the transferred
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Target Task SUMMARIZATION (CNN/Daily Mail) DIALOG (PersonaChat)

#Metrics ROUGE-1 ROUGE-2 ROUGE-L BLEU-1 BLEU-2 Distinct-1 Distinct-2

GPT-2LARGE 30.30 7.66 26.40 36.07 22.64 1.57 8.54
BARTLARGE 41.37 21.16 38.36 40.48 26.48 1.42 7.60
T5LARGE 40.47 20.30 37.57 42.23 27.36 1.39 7.63
PREFIXTUNING 41.79 20.69 38.50 41.87 27.28 1.33 7.20
SPOT 39.38 17.24 36.71 39.74 26.52 1.33 7.81
MT MODELTUNING 41.43 21.17 38.40 40.47 26.49 1.45 7.83
PTG 42.40 21.35 39.14 45.46 29.52 1.46 8.34

Table 1: Cross-task transferability performance comparisons of different methods in fully-supervised setting. Bold
and underline fonts denote the best and the second best methods (the same as below).

Target Dataset CNN/DAILY MAIL PERSONACHAT

#Metrics ROUGE-1 ROUGE-2 ROUGE-L BLEU-1 BLEU-2 Distinct-1 Distinct-2

GPT-2LARGE 30.30 7.66 26.40 36.07 22.64 1.57 8.54
BARTLARGE 41.37 21.16 38.36 40.48 26.48 1.42 7.60
T5LARGE 40.47 20.30 37.57 42.23 27.36 1.39 7.63
PREFIXTUNING 41.79 20.69 38.50 41.87 27.28 1.33 7.20
SPOT 39.85 18.21 36.33 40.39 26.34 1.32 7.60
MT MODELTUNING 41.71 21.41 38.67 42.53 27.83 1.39 7.86
PTG 42.68 21.63 39.45 45.47 29.52 1.43 8.34

Target Dataset XSUM DAILYDIALOG

#Metrics ROUGE-1 ROUGE-2 ROUGE-L BLEU-1 BLEU-2 Distinct-1 Distinct-2

GPT-2LARGE 28.28 9.17 22.29 29.14 18.01 5.78 21.52
BARTLARGE 43.93 20.78 35.94 32.62 21.77 5.16 25.08
T5LARGE 41.01 17.84 32.60 31.54 20.08 5.70 29.25
PREFIXTUNING 42.87 19.98 34.82 34.00 21.63 4.31 19.95
SPOT 41.43 17.56 31.33 30.22 20.11 4.91 25.56
MT MODELTUNING 43.75 20.70 35.66 34.41 23.08 5.46 27.23
PTG 44.21 20.99 36.00 42.72 28.75 5.36 29.48

Table 2: Cross-dataset transferability performance comparisons of different methods in fully-supervised setting.

target prompt and parameters of the backbone PLM
but only tune the multi-head attention parameters
in adaptive attention mechanism (Eq. 4).

In particular, we adopt BART-LARGE to learn
a set of source prompts. The length of prompt is
set to 200 and the learning rate is set to 1× 10−3.
For the target generation task, we utilize BART-
LARGE as the generation backbone and frozen
BERT-LARGE to obtain the instance-level query
qins. The dimension d is set to 1024, which is the
same as the embedding size e of the BERT/BART-
LARGE. The multi-head attention in adaptive atten-
tion mechanism has 16 heads. During fine-tuning,
the learning rate of BART is set to 3 × 10−5 and
the learning rate of cluster key kc, prompt key kp,
task key qtask and multi-head attention is set to
1× 10−3. The value of λ is set to 0.5 based on the
performance in validation set. The training details
of baselines can be found in Appendix B.

Evaluation Metrics. For performance comparison,
we adopt three automatic evaluation metrics widely
used by previous works, i.e., BLEU (Papineni et al.,
2002), ROUGE (Lin, 2004) and Distinct (Li et al.,
2016). Specifically, BLEU-n measures the ratios
of the co-occurrences of n-grams between the gen-
erated and real text; ROUGE-n measures the text
quality by counting the overlapping n-grams be-
tween the generated and real text; and Distinct-n
measures the degree of diversity by calculating the
number of distinct n-grams in generated text.

5.2 Fully-Supervised Setting
Table 1 and Table 2 present the fully-supervised re-
sults of cross-task and cross-dataset transferability,
respectively, for our model and baselines. In fully-
supervised setting, we use all training instances of
the target task to train our model.

For the cross-task experiment, we consider two
pairs of source and target tasks transfer: 1) the tar-
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Target Task SUMMARIZATION (R-1/R-2/R-L) DIALOG (B-1/B-2/D-1/D-2)

#Instances 50 100 200 500 50 100 200 500

GPT-2LARGE 19.8/ 3.1/17.5 20.6/ 3.9/18.4 26.1/ 6.1/23.3 29.2/ 7.3/26.0 27.7/10.4/2.2/10.9 27.6/10.4/2.2/11.4 29.3/11.1/2.1/11.5 31.4/12.0/1.9/10.7
BARTLARGE 37.5/16.9/34.4 38.8/17.9/35.6 39.3/18.4/36.1 39.9/19.0/36.7 22.7/ 9.0/1.3/ 5.4 30.0/11.9/1.3/ 5.2 32.4/12.8/1.3/ 5.7 31.7/12.6/1.3/ 5.6
T5LARGE 39.1/18.3/36.2 39.9/18.5/36.8 40.0/18.7/37.0 39.6/19.2/36.7 41.7/15.5/0.9/ 6.6 42.1/15.7/0.8/ 5.4 43.1/16.3/0.7/ 4.6 45.1/17.4/0.8/ 4.4
PREFIXT 32.2/12.4/28.5 32.3/12.5/28.5 34.0/13.7/30.9 37.5/16.3/34.7 39.6/23.9/0.6/ 3.4 39.7/24.0/0.5/ 3.1 36.4/22.4/0.8/ 3.7 25.7/16.1/1.1/ 4.1
SPOT 31.3/11.8/27.5 31.9/11.8/27.5 33.6/12.6/29.3 36.5/16.0/33.6 38.3/22.1/0.5/ 3.0 38.2/22.0/0.5/ 3.0 39.0/23.2/0.8/ 4.1 41.1/23.5/1.0/ 4.5
MODELT 36.2/15.6/32.8 37.8/16.6/34.4 38.6/17.3/35.2 39.3/17.9/35.8 24.9/ 9.9/1.5/ 6.6 24.8/ 9.8/1.6/ 6.6 27.8/11.0/1.6/ 7.1 28.9/11.4/1.7/ 7.8
PTG 37.8/16.7/34.5 39.0/17.5/35.6 39.3/17.7/36.2 40.1/19.1/36.8 37.3/22.6/1.1/ 6.2 39.9/21.2/1.1/ 5.3 37.7/23.6/1.1/ 4.9 37.7/24.2/1.4/ 6.3

Table 3: Cross-task transferability performance comparisons of different methods in few-shot setting. B-n, R-n,
D-n, and MODELT are short for BLEU, ROUGE, Distinct and MULTI-TASK MODELTUNING (the same as below).

Target Data CNN/DAILY MAIL (R-1/R-2/R-L) PERSONACHAT (B-1/B-2/D-1/D-2)

#Instances 50 100 200 500 50 100 200 500

GPT-2LARGE 19.8/ 3.1/17.5 20.6/ 3.9/18.4 26.1/ 6.1/23.3 29.2/ 7.3/26.0 27.7/10.4/2.2/10.9 27.6/10.4/2.2/11.4 29.3/11.1/2.1/11.5 31.4/12.0/1.9/10.7
BARTLARGE 37.5/16.9/34.4 38.8/17.9/35.6 39.3/18.1/36.1 39.9/19.0/36.7 22.7/ 9.0/1.3/ 5.4 30.0/11.9/1.3/ 5.2 32.4/12.8/1.3/ 5.7 31.7/12.6/1.3/ 5.6
T5LARGE 39.1/18.3/36.2 37.9/18.5/36.8 39.0/18.7/36.0 39.6/19.2/36.7 31.7/15.5/0.9/ 6.6 32.1/15.7/0.8/ 5.4 33.1/16.3/0.7/ 4.6 35.1/17.4/0.8/ 4.4
PREFIXT 32.2/12.4/28.5 32.3/12.5/28.5 34.0/13.7/30.9 37.5/16.3/34.7 39.6/23.9/0.6/ 3.4 39.7/24.0/0.5/ 3.1 36.4/22.4/0.8/ 3.7 25.7/16.1/1.1/ 4.1
SPOT 31.9/11.5/26.8 31.9/11.4/26.8 33.0/12.8/29.3 36.6/15.5/33.2 37.6/22.0/0.5/ 3.1 37.6/22.2/0.5/ 3.2 35.0/20.2/0.7/ 3.2 21.2/15.6/1.0/ 3.8
MODELT 37.7/17.0/34.5 38.8/17.9/35.6 39.3/18.2/36.0 40.5/19.0/36.1 32.0/13.1/2.4/12.4 34.2/13.9/2.2/11.9 35.9/14.7/2.1/11.7 35.5/14.7/2.0/10.8
PTG 37.9/16.5/34.5 38.7/17.5/35.8 39.5/18.3/36.2 39.9/18.7/36.6 34.6/21.5/1.1/ 4.5 36.9/19.3/1.0/ 5.5 38.6/24.1/1.0/ 4.4 36.7/23.0/1.2/ 5.5

Target Data XSUM (R-1/R-2/R-L) DAILYDIALOG (B-1/B-2/D-1/D-2)

#Instances 50 100 200 500 50 100 200 500

GPT-2LARGE 12.2/ 1.5/ 9.8 11.3/ 1.1/ 9.1 11.1/ 1.1/ 8.9 12.9/ 1.7/10.2 18.5/ 7.0/5.9/23.3 19.3/ 7.3/5.6/22.8 20.9/ 7.9/5.4/22.0 22.0/ 8.3/5.5/ 2.9
BARTLARGE 33.2/10.3/25.2 32.8/11.0/26.6 34.5/11.6/25.5 36.4/13.2/28.2 22.0/ 8.5/3.5/15.6 22.2/ 8.5/3.3/14.5 24.8/ 9.6/3.4/14.9 24.3/ 9.4/3.8/11.4
T5LARGE 23.2/ 5.0/16.6 23.4/ 5.3/17.1 26.0/ 7.1/19.5 30.8/10.3/24.2 30.6/14.8/2.5/14.9 41.0/15.0/2.4/14.1 30.9/15.1/2.8/15.4 30.6/15.1/3.2/17.7
PREFIXT 25.0/ 8.3/17.9 25.0/ 8.2/17.9 25.1/ 8.2/18.1 27.5/ 9.8/19.7 38.1/22.6/2.8/14.1 38.4/22.8/2.5/12.0 35.2/21.0/2.5/11.6 21.8/13.5/3.8/16.1
SPOT 23.4/ 6.6/16.6 23.4/ 6.5/16.6 23.5/ 6.8/17.0 25.5/ 7.5/18.6 35.5/20.6/2.5/13.2 35.7/20.8/2.3/12.8 33.6/18.9/2.2/11.9 25.0/13.2/3.7/16.1
MODELT 35.6/13.1/27.8 35.7/13.3/28.0 36.0/13.6/28.4 36.1/13.8/28.5 28.2/11.1/5.4/24.3 30.4/11.8/5.2/23.9 29.8/11.8/4.9/23.0 29.5/11.7/4.7/22.3
PTG 33.6/10.9/25.4 33.8/11.2/25.9 34.7/12.0/26.8 36.8/13.6/27.7 31.8/19.4/2.5/11.6 30.9/18.9/2.8/12.8 31.5/19.3/2.9/13.9 31.0/19.0/3.1/14.9

Table 4: Cross-dataset transferability performance comparisons of different methods in few-shot setting.

get task is summarization (CNN/Daily Mail), and
the source tasks are the mixture of other five tasks;
and 2) the target task is dialog (PersonChat), and
the source tasks are other five tasks. For the cross-
dataset experiment, we consider datasets within
summarization and dialog. For summarization,
the target dataset is CNN/Daily Mail or XSum,
and the source datasets are the mixture of other
four summarization datasets. For dialog, the tar-
get dataset is PersonaChat or DailyDialog, and the
source datasets are other four dialog datasets.

First, by transferring prompts from source tasks
to the target task, PTG outperforms GPT-2, BART,
T5 and PREFIXTUNING. The results suggest that
prompt transfer in PTG provides an effective means
of improving the performance of typical fine-tuning
and prompt methods since our method utilizes the
knowledge learned from source tasks.

Second, PTG performs better than the prompt-
based transfer method, SPOT. While transferring
prompts, SPOT considers each source task equally
and ignored the specific instance information. And
SPOT only learns a common prompt for source
tasks to directly initialize the target prompt. By

constrast, PTG clusters diverse source prompts and
uses an adaptive attention mechanism considering
both task- and instance-level characteristics.

Finally, PTG produces competitive performance
or even exceeds the strong MULTI-TASK MODEL-
TUNING. Different from most NLU tasks sharing
some common knowledge to understand the seman-
tics and syntax of surface words, text generation
tasks need to generate diverse text based on differ-
ent input data, thus having large task boundaries.
Thus, in cross-task transfer, simply tuning PLMs
on a mixture of tasks without considering the task
similarity leads to a performance decrease. While,
our prompt-based transfer learning approach can
still achieve the best performance, showing that
PTG improves stability across tasks and datasets.

5.3 Few-Shot Setting

In few-shot setting, we only sample a handful of
training instances of the target task to train our
model. Specificlly, we subsample the target task
dataset to obtain small training datasets of size {50,
100, 200, 500}. For each size, we sample 5 dif-
ferent datasets and average over 2 training random
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Target Task SUMMARIZATION (CNN/Daily Mail) DIALOG (PersonaChat)

Model ROUGE-1 ROUGE-2 ROUGE-L BLEU-1 BLEU-2 Distinct-1 Distinct-2

PTG w/o Prompt Pool 41.46 20.40 38.40 39.70 24.45 0.77 4.00
PTG w/o Prompt Cluster 42.10 21.15 38.86 44.63 29.20 1.34 7.78
PTG w/o Multi-Key Memory 42.12 21.14 38.85 44.67 29.34 1.42 8.23
PTG w/o Instance-level Query 42.16 21.22 38.93 44.74 29.28 1.36 7.80
PTG 42.40 21.35 39.14 45.46 29.52 1.46 8.43

Table 5: Ablation analysis on cross-task transferability experiments.

seeds. Thus, we average over 10 models for each
few-shot setting. In few-shot setting, we adopt the
same cross-task and cross-dataset experiments with
the fully-supervised setting. Table 3 and 4 shows
the few-shot results of our model and baselines.

We can clearly see that PTG achieves competi-
tive (underline fonts) or better performance (bold
fonts) than the strong baseline (i.e., MULTI-TASK

MODELTUNING) in most low-data regimes, but the
gap narrows as the training dataset size increases.
In addition, our model outperforms most of vanilla
PLMs in most cases. The reason behind this might
be that large PLMs can easily suffer from over-
fitting during few-shot learning due to their mas-
sive parameters (Gao et al., 2020). While, in our
framework, we adopt a lightweight technique, i.e.,
prompting, to learn source prompts, which can pro-
vide the previously learned knowledge in source
tasks to PLMs and serve as a better starting point
when solving the target tasks.

5.4 Effectiveness of Core Designs

We further conduct ablation studies to demonstrate
the effectiveness of the core designs of PTG.

Source Prompt Pool. To confirm the importance
of the prompt pool, we design a counterpart of our
method with only training a sharing prompt for all
source tasks. From Table 5 (row 1), we can see that
PTG significantly outperforms its counterpart with
a single prompt, suggesting that the prompt pool
encodes task-specific knowledge well.

Source Prompt Cluster. We remove the step of
grouping source prompts into different clusters and
directly lookup source prompts based on queries
(see in Table 5 row 2). The decrease in performance
demonstrates that when tasks are diverse, clustering
task prompts can identify the similarity between
source tasks, thus promoting effective knowledge
transfer.

Multi-Key Memory Network. We remove the
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Figure 2: Similarity analysis of 14 datasets within our
six generation tasks.

learnable key vector associated with prompts and
directly transfer the mean of the source prompts
to the target task. From Table 5 (row 4), we can
see this results in a significant drop, demonstrat-
ing the importance of introducing learnable keys
to dynamically select prompts through query-key
matching.

Instance-level Query. The instance-level query
is used in adaptive attention mechanism. When
we remove it (Table 5 row 3), we only use the
task-level query to select source prompts. The de-
clined performance demonstrates that incorporat-
ing the instance-level features can indeed help to
transfer the most helpful knowledge to the specific
instances in target tasks.

5.5 Task Similarity Analysis

Figure 2 shows a clustered heatmap of cosine simi-
larities between the source prompts of the 14 public
datasets within our six text generation tasks using
the position-agnostic Euclidean distances defined
by Eq. 1. We can clearly observe that our learned
14 source prompts are roughly grouped into three
clusters. Similar tasks and datasets are grouped
together into clusters in this heatmap, and these
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clusters capture many intuitive task relationships.
Specifically, these three clusters mainly focus on
compression, transduction, and creation tasks re-
spectively. For example, story generation (Writ-
ingPrompts) and dialog (PersonaChat) are grouped
together into the third cluster. This observation
further verifies our conclusion that text generation
tasks can help each other within our approach by
learning task-specific prompts and then transferring
them to the target task. The results also suggest
that our method can serve as an effective means of
predicting task transferability.

6 Conclusion

This paper presented a prompt-based transfer learn-
ing approach for text generation. We learn a set
of prompts from a number of representative source
generation tasks and then transfer these prompts
as target prompts to perform the target generation
tasks. In our model, we design an adaptive attention
mechanism considering both task- and instance-
level information to construct the target prompts.
Experiments in fully-supervised and few-shot set-
tings demonstrate the effectiveness of our prompt-
based transfer learning model. In future work, we
will consider incorporating more kinds of text gen-
eration tasks.

7 Ethical Concerns

Text generation techniques has been applied to a
wide range of meaningful applications for society,
such as game narrative generation, news report gen-
eration, and weather report generation. However,
this technique may be potentially utilized for harm-
ful applications. Our work improves the quality of
generated text compared with traditional methods.
Thus, the high-quality text generated by our work
makes it difficult to distinguish synthetic text from
human-written text, such as fake news and stories.
Here we are primarily concerned with two potential
ethical issues: the possibility of deliberate misuse
of our methodology and the issue of bias.

First, it is somewhat challenging to anticipate
the harmful usages of our method since they of-
ten involve repurposing our model in a totally dif-
ferent setting or for an unexpected purpose than
we planned. To alleviate this issue, we can ask
for the assistance of classic security risk assess-
ment frameworks such as detecting threats. Sec-
ond, biases in training data may cause our model
to generate stereotyped or prejudiced texts. This

is a worry since the model bias has the potential
to hurt some persons in relevant groups in unfore-
seen ways. To avoid prejudice, it may be useful
to develop a common vocabulary that connects the
normative, technological, and empirical difficulties
of bias reduction for our model.
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Appendix

We provide some experiment-related information
as supplementary materials. The appendix is orga-
nized into three sections:

• Statistics of each dataset are presented in Ap-
pendix A;

• Training settings of baselines and our model
PTG are presented in Appendix B.

A Statistics of Datasets

The detailed information of the dataset for each
task is listed in Table 6, including summarization
(CNN/Daily Mail, XSum, MSNews, Multi-News
and NEWSROOM), question generation (SQuAD),
style transfer (Wiki Neutrality), text paraphrase
(Quora), dialog (PersonaChat, TopicalChat, Daily-
Dialog, DSTC7-AVSD and MultiWOZ) and story
generation (WritingPrompts). These datasets are
utilized under MIT license.

B Configuration of Models

The learning rate of other baselines is set to 3 ×
10−5, which is the same as our backbone BART.
The other settings of baselines and our model are
set the same for fair comparison. And we do not
utilize special tricks such as label smoothing, warm-
up learning rate and length penalty. We apply the
Adam optimizer and set β1 = 0.9, β2 = 0.98,
ϵ = 1× 10−6. We set the accumulated batch size
of each model to 96 using accumulated gradients.
Furthermore, we use the model with the best per-
formance on validation set for generation. During
inference, we apply the beam search method with
a beam size of 5 and a no repeat ngram size of 3.
We train our models using NVIDIA A100 GPUs
and PyTorch 1.9.0 upon Ubuntu 20.04.2 LTS.
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Dataset #Train #Valid #Test #Input #Output

CNN/Daily Mail 287113 13368 11490 790.2 58.4
Xsum 204017 11327 11333 358.8 21.1
MSNews 136082 7496 7562 311.6 24.8
Multi-News 44972 5622 5622 2291.9 263.1
NEWSROOM 995040 108837 108862 658.5 26.7
SQuAD 75722 10570 11877 148.3 11.6
Wiki Neutrality 145197 18149 18150 29.1 27.3
Quora 119410 14927 14926 9.8 9.9
PersonaChat 122499 14602 14056 122.1 11.9
TopicalChat 179750 11142 11221 216.6 20.3
DailyDialog 76052 7069 6740 68.4 13.9
DSTC7-AVSD 145521 33953 11780 90.7 9.5
MultiWOZ 105115 13748 13744 110.7 13.2
WritingPrompts 67765 3952 3784 25.7 232.3

Table 6: Statistics of our datasets after preprocessing. #Train, #Valid and #Test denote the number of examples in
training, valid and test datasets, respectively. #Input and #Output denote the average number of tokens in the input
text and output text.
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Abstract

Nowadays, pretrained language models (PLMs)
have dominated the majority of NLP tasks.
While, little research has been conducted on
systematically evaluating the language abilities
of PLMs. In this paper, we present a large-scale
empirical study on genEral language ability
evaluation of PLMs (ElitePLM). In our study,
we design four evaluation dimensions, i.e.,
memory, comprehension, reasoning, and com-
position, to measure ten widely-used PLMs
within five categories. Our empirical results
demonstrate that: (1) PLMs with varying train-
ing objectives and strategies are good at differ-
ent ability tests; (2) fine-tuning PLMs in down-
stream tasks is usually sensitive to the data size
and distribution; (3) PLMs have excellent trans-
ferability between similar tasks. Moreover, the
prediction results of PLMs in our experiments
are released as an open resource for more deep
and detailed analysis on the language abilities
of PLMs. This paper can guide the future
work to select, apply, and design PLMs for
specific tasks. We have made all the details
of experiments publicly available at https:
//github.com/RUCAIBox/ElitePLM.

1 Introduction

Recent years have featured a trend towards Trans-
former (Vaswani et al., 2017) based pretrained lan-
guage models (PLMs) in natural language process-
ing (NLP) systems. By being pretrained on massive
unlabeled text, PLMs can be directly fine-tuned on
downstream tasks, entirely removing the need for
task-specific architectures (Radford et al., 2018).
This paradigm has led to significant progress on
many challenging NLP tasks such as reading com-
prehension (Devlin et al., 2019) and text genera-
tion (Brown et al., 2020).

With rising new state-of-the-art results that ap-
proach or surpass human performance on several
tasks, it is a non-trivial research topic about how

∗Corresponding author

to systematically evaluate the language abilities of
PLMs from a wide range of perspectives. Given a
wide range of publicly released PLMs, it is partic-
ularly useful to derive principles or guidelines for
selecting suitable PLMs for specific downstream
tasks. However, existing works either target some
single ability (Talmor et al., 2020; Zhou et al.,
2020), or consider a simple mixture of multiple
(small-scale) tasks that lack a comprehensive de-
sign and test (Wang et al., 2019b; Liang Xu, 2020).
There has been no detailed and systematic analysis
of PLM’s abilities in large-scale NLP tasks. To
fill the gap of PLMs evaluation, we introduce the
genEral language ability evaluation (ElitePLM)
for empirically and systematically assessing the
general language abilities of PLMs.

The ideal goal behind PLMs is to create a human-
like machine learner where it can understand the
language and then perform any specific task re-
lated to language. In cognitive science, Wechsler
Adult Intelligence Scale (WAIS) (Kaufman and
Lichtenberger, 2005) is the most commonly used
intelligence quotient (IQ) test for measuring the
intelligence and cognitive ability of humans. This
test would assess the level of individuals on ver-
bal comprehension, perceptual reasoning, working
memory, and processing speed. Thus, by imitat-
ing the intelligence test on humans, we design four
evaluation dimensions in ElitePLM for measuring
the abilities of PLMs, including memory, compre-
hension, reasoning, and composition. Following
previous works (Zhou et al., 2020; Wang et al.,
2019b), for each ability in ElitePLM, we elabo-
rate and select multiple representative tasks (e.g.,
question answering for the comprehension ability)
and commonly-used benchmarks (e.g., GLUE and
SQuAD) to quantitatively evaluate the performance
of PLMs. These results can serve as numerical ex-
planations of PLMs at a specific ability.

In human intelligence tests, the background of
participants (e.g., gender, race, and occupation)

3519

https://github.com/RUCAIBox/ElitePLM
https://github.com/RUCAIBox/ElitePLM


should be as much as diverse. Thus, in ElitePLM,
we select a diversity of PLMs to conduct general-
ized and meaningful comparisons. According to
training objectives, PLMs can be divided into three
types: bidirectional LMs (e.g., BERT (Devlin et al.,
2019)) for natural language understanding (NLU),
unidirectional LMs (e.g., GPT (Radford et al.,
2019)) for natural language generation (NLG), and
hybrid LMs (e.g., UniLM (Dong et al., 2019))
for combining these two paradigms. Furthermore,
knowledge-enhanced LMs (e.g., ERNIE (Zhang
et al., 2019)) and text-to-text LMs (e.g., T5 (Raffel
et al., 2020)) also emerge as important branches of
PLMs. Considering the variety, we finally select
ten widely-used PLMs within the above five cate-
gories and evaluate their abilities on four dimen-
sions. We show the comparisons of these PLMs in
Table 7 of Appendix A.

From the ability test results, we have three salient
findings. First, PLMs with varying pretraining ob-
jectives and strategies are good at different kinds
of downstream tasks. Specifically, we observe that
bidirectional LMs like BERT and pretraining strate-
gies like larger training batches in RoBERTa are
helpful for memorizing pretraining corpora; permu-
tation language modeling in XLNet is beneficial
for modeling the bidirectional context in language
comprehension; inter-sentence coherence objective
in ALBERT is suitable for sentence-level reasoning
tasks; text-to-text LMs using denoising objective
like BART perform better in short text generation.
Second, when fine-tuning PLMs in downstream
tasks, their performance is typically sensitive to the
data distribution in fine-tuning stage, which can be
addressed by incorporating intermediate datasets or
tasks to alleviate such a discrepancy. Third, PLMs
have excellent transferability between similar tasks,
especially reasoning tasks. This finding will inspire
future researchers to leverage data-rich tasks for
improving data-scarce tasks. For more clarity, we
illustrate the impact level of each factor for PLMs’
abilities in Table 8 of Appendix A.

Besides ElitePLM being an evaluation bench-
mark of PLMs’ language ability, more importantly,
the predicted results of ElitePLM can be used as
an open resource for more depth and granularity in
analyzing PLMs performance on each ability. For
example, we further analyze the comprehension
test results of PLMs across answer types in QA
tasks. The analysis shows that PLMs are good at
simple single-token answers such as dates but more

challenged on intricate phrase answers. Moreover,
by analyzing human test and Turing test results
on composition, we observe that summaries with
high accuracy are more likely to pass the Turing
test while rich information is more important for
story generation. Overall, ElitePLM can act as an
analysis tool to gain more insight into PLMs. We
show the details of our used datasets and predicted
outputs of PLMs in Appendix B.

This paper is intended to help establish sound
principles for choosing, applying, interpreting and
designing PLMs for NLP tasks in practical settings.
We have released the code and predicted results
of each ability experiment, providing the research
and industry community with off-the-shelf tools to
evaluate and analyze their PLMs.

2 ElitePLM

In this section, we will detail these four kinds of
language abilities, i.e., memory, comprehension,
reasoning, and composition, in ElitePLM.

Memory Ability. Memory is the most basic abil-
ity of humanity, involved in how much informa-
tion we recall throughout our lives (Miyake and
Shah, 1999). By analogy, ElitePLM will measure
how much knowledge and language patterns PLMs
have memorized in pretraining, as assessed by tests
of recalling words based on contexts. Based on
the memorized information, PLMs can effectively
adapt to downstream tasks for understanding and
reasoning about the similar context in a specific
text. On the other hand, efficiency is also a critical
aspect of memory ability for PLMs learning from
new data distribution in the fine-tuning stage. Thus,
besides recalling words, we also compare the mem-
ory efficiency of PLMs in terms of memorizing the
given new information.

Comprehension Ability. Comprehension is an in-
tricate and multifaceted ability. It typically consists
of understanding a text’s vocabulary, background
knowledge of a specific topic, and comprehension
of its linguistic structures like grammar (Cain and
Oakhill, 2008). In particular, background (prior)
knowledge is used to comprehend a special situa-
tion, lesson, or text. For example, readers should
be aware of the background knowledge of dog be-
havior when reading a text about dog training. In
ElitePLM, we will assess PLMs’ comprehension
ability from three aspects, i.e., vocabulary, back-
ground knowledge, and linguistic structures.
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Reasoning Ability. Based on the comprehension
of a text, reasoning ability refers to the power of the
processes and strategies used in drawing inferences,
reaching conclusions, arriving at solutions, and
making decisions (Kyllonen and Christal, 1990).
In ElitePLM, we mainly focus on three types of rea-
soning abilities. In detail, commonsense reasoning
requires PLMs to draw inferences using common-
sense knowledge about the world, like the fact that
“matches” plus “logs” usually equals “fire” (Sap
et al., 2020); Note that subtle differences exist be-
tween commonsense knowledge and background
knowledge in comprehension ability. Common-
sense knowledge is broadly defined as the total
accumulation of facts and information that a per-
son has gained from previous experiences. Deduc-
tive reasoning involves PLMs drawing conclusions
from a set of given premises in the form of cate-
gorical syllogisms (e.g., all x are y) or symbolic
logic (e.g., if p then q) (Johnson-Laird, 1999); Ab-
ductive reasoning involves reaching the most likely
explanation for a set of facts, such as a scientific
theory to explain a set of empirical findings (Wal-
ton, 2014).

Composition Ability. In the literature (Connors,
1997), composition is a highly intelligent and syn-
thetic process where a writer assembles words and
sentences to create a coherent and meaningful work
(e.g., poem, music, and novel) from scratch, which
closely resembles to the text generation task in
NLP (Berninger, 1999). Therefore, in ElitePLM,
we introduce several text generation tasks to eval-
uate the composition ability of PLMs, including
story generation, text summarization, and question
generation. Note that, story generation is a repre-
sentative composition task which needs PLMs to
not only comprehend the given story background,
but also reason about and create reasonable and
coherent story endings (Fan et al., 2018). During
the composition process, PLMs should include a
good vocabulary, grammar, spelling, and punctua-
tion knowledge, and deliberate the text structure.

3 Experiments

In this section, we first set up baselines, and then
report the results and analysis on four ability tests.

3.1 Models
As mentioned before, we compare the performance
of ten publicly released PLMs from five categories:
(1) Bidirectional LMs: BERT (Devlin et al., 2019),

RoBERTa (Liu et al., 2019b), and ALBERT (Lan
et al., 2020); (2) Unidirectional LMs: GPT-2 (Rad-
ford et al., 2019); (3) Hybrid LMs: XLNet (Yang
et al., 2019) and UniLM (Dong et al., 2019); (4)
Knowledge-enhanced LMs: ERNIE (Zhang et al.,
2019); (5) Text-to-Text LMs: BART (Lewis et al.,
2020), T5 (Raffel et al., 2020), and ProphetNet (Qi
et al., 2020). We implement these models and abil-
ity tests mostly on huggingface (Wolf et al., 2020),
fairseq (Ott et al., 2019), and jiant (Phang et al.,
2020). To reflect the true level of language abilities,
we adopt the best hyper-parameter values reported
in their original papers for each PLM.

3.2 Memory Tests

Datasets and Metrics. The goal of memory tests
is to assess how much knowledge and language
patterns PLMs have memorized during pretraining.
For this purpose, we adopt two datasets for evalua-
tion, i.e., LAMA (F. Petroni and Riedel, 2019) and
English Wikipedia (2,500M words). Specifically,
LAMA is a knowledge probe corpus containing
a set of knowledge facts, where facts are either
subject-relation-object triples or question-answer
pairs. Each fact is converted into a cloze state-
ment where the subject or object entity is masked.
Wikipedia is one of the widely-used pretraining
corpora for our selected PLMs (except GPT-2 and
T5). Therefore, to conduct a fair comparison, we
continuously train GPT-2 and T5 on Wikipedia us-
ing their pretraining objectives. Similar to LAMA,
we randomly sample 100,000 texts from Wikipedia
and then mask a proportion of 15% tokens follow-
ing BERT. By querying PLMs with the missing
tokens on Wikipedia and LAMA, we can test the
language patterns and factual knowledge in PLMs’
memory. For metrics, we use Mean Precision at
One (P@1) of predicting missing tokens. For ef-
ficiency, we measure it as the performance w.r.t.
the number of training epochs: the more efficient a
model is, the fewer epochs to achieve a reference
performance.

Results and Analysis. To evaluate how much text
PLMs have recalled in pretraining, we directly test
PLMs using Wikipedia and LAMA without fine-
tuning, similar to zero-shot learning. The results
on P@1 metric are shown in Table 1. Compared
with bidirectional and hybrid LMs (e.g., BERT and
XLNet), GPT-2 uses auto-regressive self-attention
where every token can only attend to the context to
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Models
Bidirectional Uni. Hybrid KE Text-to-Text

BERT RoBERTa ALBERT GPT-2 XLNet UniLM ERNIE T5 BART ProphetNet

Vocab Size 28996 50265 30000 50257 32000 28996 28996 32100 50295 30522

LAMA
Google-RE 11.0 7.1 3.3 3.9 10.0 9.6 1.3 4.0 9.4 0.1

T-REx 29.2 23.9 21.0 12.0 28.9 28.4 13.4 21.7 15.8 1.1
ConceptNet 19.1 21.6 20.0 6.4 19.5 18.3 13.0 17.1 7.7 0.3

SQuAD 17.0 21.0 20.6 5.6 20.8 17.4 8.1 11.7 3.1 0.7

Wikipedia 70.9 71.1 63.9 42.7 68.7 71.5 45.7 65.0 47.8 31.3

Table 1: Memory test results on LAMA and Wikipedia datasets (test set). These results are based on the LARGE
version of each PLM and more results can be found in the Appendix C. Bold and underlined fonts denote the best
and the second best performance of a PLM (the same as below).

Relation Template BERT RoBERTa GPT-2 BART T5

<[X], place_of_death, [Y]>
[X] died in [MASK]. 13.98 0.46 0.15 11.09 4.19

[X] passed away in [MASK]. 13.46 0.46 0.62 3.54 1.51
[X]’s place of death was [MASK]. 3.27 0.00 0.00 0.00 1.51

<[X], place_of_birth, [Y]>
[X] was born in [MASK]. 16.07 12.52 7.53 14.77 6.32

[X] was born in the place of [MASK]. 2.83 1.29 0.00 0.00 1.39
[X]’s place of birth was [MASK]. 12.16 1.87 0.00 0.00 3.12

Table 2: The impact of template on eliciting PLMs’ stored knowledge.
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Figure 1: Memory efficiency (P@1) of five PLMs on
Google-RE and T-REx datasets.

its left. This unidirectional training objective natu-
rally limits the performance of GPT-2 in terms of
memorizing information. It has been previously re-
ported that PLMs can remember more information
by scaling up the model size (Brown et al., 2020).
However, in our tests, BART-large (400M) achieves
worse results than RoBERTa-base (125M) with the
same training corpus and similar vocabulary sizes
(50,295 vs 50,265). During pretraining, RoBERTa
adopts bidirectional objectives and novel strategies
like larger training batches. It can be concluded
that, as opposed to model size, training objectives
and strategies reflect the way that PLMs memo-
rize information, making significant impacts on
PLMs’ memory ability. Besides, we can clearly
observe that all PLMs achieve their best results

in T-REx (created from Wikipedia triples) among
LAMA, and perform relatively well on Wikipedia.
This implies that PLMs indeed remember a large
proportion of knowledge and language patterns
from pretraining corpora.

To test the memory efficiency, we fine-tune five
models, BERT, ALBERT, GPT-2, BART, and XL-
Net, for several epochs. As shown in Figure 1, to
achieve a reference performance, the bidirectional
training objective like BERT needs fewer epochs
than other kinds of objectives. This further im-
plies that the bidirectional training objective is also
helpful to facilitate the memory efficiency since
bidirectional language modeling can make PLMs
more quickly capture the language patterns.

Based on the memory test results, we further
analyze how to effectively elicit the information
from PLMs’ memory. LAMA hand-crafts tem-
plates to test PLMs by filling the [MASK] token.
Therefore, we conduct a pilot study on designing
different templates for two relations in Google-RE.
Table 2 shows that different templates can result in
substantial differences in eliciting PLMs’ memory.
The bidirectional LMs, e.g., BERT, show relatively
adaptability to varying templates, further verifying
their strength in memory ability. Therefore, with
large-scale knowledge stored in PLMs, how to de-
rive an effective and appropriate method to provoke
them is a key challenge.
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Models WNLI CoLA MNLI RTE QNLI SST-2 QQP STS-B MRPC Avg.
Acc. Matt. M./MM. Acc. Acc. Acc. F1/Acc. P/S Corr. F1/Acc.

BERTBASE 65.1 52.1 84.6/83.4 66.4 90.5 93.5 69.9/88.2 77.4/73.7 79.0/85.1 76.5
BERTLARGE 65.1 60.5 86.7/85.9 70.1 92.7 94.9 72.1/89.3 87.6/86.5 85.4/89.3 80.5
RoBERTaBASE 65.1 61.4 87.4/87.2 75.1 92.9 95.7 72.5/89.4 89.2/88.5 87.5/90.7 81.8
RoBERTaLARGE 89.0 67.8 90.8/90.2 88.2 98.9 96.7 74.3/90.2 92.2/91.9 89.9/92.4 88.5
ALBERTXLARGE 65.8 58.2 35.6/36.5 62.5 94.2 95.1 71.7/88.9 87.6/86.6 69.8/80.3 72.7
ALBERTXXLARGE 64.4 64.7 89.7/89.6 70.4 95.3 96.0 70.7/88.4 91.3/90.6 68.1/80.4 80.6
GPT-2SMALL 54.8 33.8 81.1/81.4 62.1 86.7 91.2 69.8/87.9 79.0/76.5 76.9/83.6 71.9
GPT-2MEDIUM 54.1 50.5 84.8/84.5 63.6 91.2 92.1 71.4/88.6 84.3/82.7 80.0/85.5 75.8
XLNetBASE 58.9 26.2 86.1/85.3 59.9 91.3 94.0 71.5/88.9 83.9/82.9 84.3/88.3 74.0
XLNetLARGE 92.5 70.2 90.9/90.9 88.5 99.0 97.1 74.7/90.4 93.0/92.6 90.5/92.9 89.5
UniLMBASE 65.1 49.0 83.0/82.2 60.3 88.7 92.3 70.7/88.4 82.3/81.4 84.3/88.7 76.2
UniLMLARGE 65.1 61.1 87.0/85.9 70.9 92.7 94.5 71.5/89.2 86.6/85.3 85.2/89.1 80.5
ERNIEBASE 65.1 52.3 84.0/83.2 68.8 91.3 93.5 70.5/88.4 85.1/83.8 80.3/85.9 70.7
T5BASE 78.8 51.1 87.1/86.2 80.1 93.7 95.2 72.6/89.4 89.4/88.6 87.5/90.7 82.7
T5LARGE 85.6 61.2 89.9/89.6 87.2 94.8 96.3 73.9/89.9 89.9/89.2 89.8/92.4 86.4
BARTBASE 65.1 52.8 85.1/84.3 69.5 92.6 94.4 72.5/89.7 87.6/86.6 86.1/89.5 79.5
BARTLARGE 58.9 62.4 90.2/89.3 83.5 94.8 96.3 73.6/90.1 91.1/90.4 87.8/91.1 83.1
ProphetNetLARGE 52.1 24.2 81.3/80.8 51.3 93.2 93.6 70.6/88.1 73.5/72.3 69.7/80.8 69.2

Table 3: Comprehension tests results on GLUE (test set). All results are scored by the GLUE evaluation server1.
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Figure 2: Few-shot results of four PLMs on CoLA and
QNLI tasks.

3.3 Comprehension Tests

Datasets and Metrics. In comprehension tests, we
take into account three aspects of comprehension
ability, including vocabulary, background knowl-
edge, and linguistic structures. Therefore, we em-
ploy five datasets for comprehension tests, i.e.,
GLUE (Wang et al., 2019b), SuperGLUE (Wang
et al., 2019a), SQuAD v1.1 (Rajpurkar et al.,
2016), SQuAD v2.0 (Rajpurkar et al., 2018), and
RACE (Lai et al., 2017). Among these datasets,
GLUE and SuperGLUE are two widely-used com-
prehension benchmarks. Several tasks, like word
sense disambiguation and coreference resolution,
can assess PLMs’ understanding of vocabulary
meaning and grammatical structure of a text. By
contrast, SQuAD v1.1&v2.0, and RACE are three
popular question answering datasets. To answer the

1https://gluebenchmark.com/
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Figure 3: PLMs Performance on SQuAD v1.1&v2.0
stratified by five types of answer.

natural language questions, PLMs should be aware
of the background knowledge about some partic-
ular topic. For example, to answer the question
“what can be used as rewards for dog training?”,
the background knowledge “dogs like bones” will
be helpful for PLMs to answer “bones”. For evalu-
ation, we report the corresponding metrics results
for each task, such as the Matthews corr. metric for
CoLA.

Results and Analysis. Table 3 presents the results
of comprehension test in GLUE dataset (results in
other four datasets can be found in Appendix D).
The last column in this table indicates the average
overall performance across all tasks. Interestingly,
the models behaving well in memory tests (e.g.,
RoBERTa and XLNet) also present good results
in many comprehension tasks. The results indi-
cate that the improvement on memory ability is
beneficial for the performance of comprehen-
sion ability, which is in line with our intuition.
Compared with bidirectional language modeling in
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Datasets
Bidirectional Uni. Hybrid KE Text-to-Text

BERT RoBERTa ALBERT GPT-2 XLNet UniLM ERNIE T5 BART ProphetNet

CQA 55.9 72.2 80.0 60.8 62.9 62.3 54.1 69.8 75.8 21.3
ROCStories 90.2 97.4 97.1 59.9 93.8 86.9 84.7 91.4 91.7 82.2
SWAG 86.3 89.9 90.7 79.7 86.8 83.1 80.2 73.7 87.9 70.1
HellaSwag 47.3 85.2 90.1 60.4 79.7 46.7 44.5 79.1 76.6 26.4
SM-A 89.4 93.0 92.5 88.7 83.7 89.3 88.7 92.7 82.9 85.5
SM-B 85.8 92.3 92.3 73.4 88.7 86.4 87.7 88.2 67.9 78.0
ARCT 71.2 57.9 79.5 66.7 83.1 72.3 73.7 69.4 84.2 65.5

Table 4: Reasoning tests results on seven datasets (test set). CQA is short for CommonsenseQA. SM-A and SM-B
denote the Task A and Task B of Sense Making, respectively. We report the results of LARGE version for each
model in this table and more results can be found in the Appendix E.

BERT, permutation language modeling (relying on
all permutations of the factorization order) used in
XLNet enables PLMs to learn more context for en-
hancing PLMs’ understanding of text, which seems
to be effective for good comprehension ability.

Among these tasks, we observe a significant per-
formance drop in the linguistic acceptability task
(CoLA) since it has different data distribution from
the pretraining corpora (Wang et al., 2021). This
kind of sensitiveness to unfamiliar tasks is also re-
flected in Figure 2, where the model performance
on CoLA shows a more volatile fluctuation (rang-
ing from 10 to 35) than QNLI (ranging from 15 to
20). It indicates that the performance of PLMs is
closely related to the similarity of data distribu-
tions in pretraining and fine-tuning. To solve this
challenge, it will be better to adopt intermediate
fine-tuning, which involves first fine-tuning PLMs
on an intermediate dataset similar to the final target
dataset and then transferring tuned PLMs to the
final dataset.

To gain more insights into PLMs’ comprehen-
sion ability, we choose four representative PLMs
(i.e., BERT, RoBERTa, ALBERT, and BART) and
humans to analyze their performance across the
answer types of SQuAD v1.1&v2.0. The results
in Figure 3 show that PLMs perform well on sim-
ple answers such as dates and persons. For these
categories of answers, there are usually only a few
plausible candidates and most answers are single
tokens. The models are more challenged on other
intricate answer types (e.g., noun and verb phrases)
because there are many more plausible candidates
and multiple tokens. Thus, improving PLMs’ un-
derstanding of intricate named entities during the
pretraining phase will possibly benefit PLMs’ com-
prehension ability later.
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Figure 4: Heatmaps of two-stage transfer learning.

3.4 Reasoning Tests

Datasets and Metrics. In reasoning tests, we
mainly consider three forms of reasoning, i.e., com-
monsense reasoning, deductive reasoning, and ab-
ductive reasoning, focusing on commonsense uti-
lization, conclusion induction, and reason deriva-
tion, respectively. For evaluation, we choose six
reasoning datasets, namely CommonsenseQA (Tal-
mor et al., 2019), ROCStories (Mostafazadeh
et al., 2016), SWAG (Zellers et al., 2018), Hel-
laSwag (Zellers et al., 2019), Sense Making (Wang
et al., 2019c), and ARCT (Habernal et al., 2018).
Specifically, CommonsenseQA requires PLMs to
reason about commonsense knowledge in human
experience of everyday life (Liu and Singh, 2004).
ROCStories, SWAG, HellaSwag, and Sense Mak-
ing Task A are concerned with deriving the con-
clusions of stories and events, while Sense Making
Task B and ARCT focus on identifying the reason
behind a statement. For evaluation, we report the
Accuracy results for each dataset.

Results and Analysis. Table 4 shows the model
performances in reasoning ability. It can be clearly
observed that performing well in comprehension
tests, ALBERT and RoBERTa also achieve stronger
performance in almost all reasoning tasks. In pre-
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Models
CNN/DailyMail GigaWord SQuAD WritingPrompts

R-1 R-2 R-L R-1 R-2 R-L B-4 R-L ME B-4 R-L ME

GPT-2 27.00 8.00 23.08 23.72 8.12 21.56 8.48 18.82 26.77 14.47 3.23 7.29
UniLm 43.44 20.21 40.51 38.45 19.45 35.75 4.42 17.43 20.13 26.88 1.84 5.01
T5 42.50 20.68 39.75 34.75 16.26 31.49 11.19 22.35 30.53 8.61 4.19 9.51
BART 44.16 21.28 40.90 39.41 20.21 36.42 15.87 25.47 38.42 14.72 3.14 7.08
ProphetNet 44.20 21.17 41.30 39.51 20.42 36.69 14.20 23.97 35.99 19.31 2.59 7.19

Table 5: Composition tests results on four datasets. R-1, R-2, R-L are short for ROUGE-1, ROUGE-2, ROUGE-L
respectively. B-4 and MT denote BLEU-4 and METEOR, respectively. We report the result of LARGE version for
each model in this table and more results can be found in the Appendix F.

training, ALBERT introduces an inter-sentence co-
herence objective to capture the relationship among
sentences, which is helpful for the sentence-level
reasoning ability of PLMs. It has been found
that the next sentence prediction (NSP) loss in
BERT might hurt the performance of PLMs in
sentence-level tasks of downstream datasets (Liu
et al., 2019b). Interestingly, despite being the best
in comprehension tests, XLNet does not perform
as well as we expected in reasoning tests. We spec-
ulate that the permutation operation in XLNet dis-
turbs the semantic relationship between sentences,
thus leading to poor reasoning ability. To improve
PLMs’ reasoning ability, it would be useful to
design sentence-level reasoning objectives like
inter-sentence coherence loss in ALBERT. More-
over, despite incorporating knowledge, ERNIE still
shows mediocre performance in knowledge-related
datasets such as CQA. A possible reason might be
that ERNIE only uses trained KB embeddings to
enhance semantic representations but ignores the
reasoning structure of KBs. This inspires us that
designing appropriate and effective fusion methods
to integrate knowledge is more important.

To further analyze the transferability of PLMs’
reasoning ability, we conduct a two-stage study on
three task datasets, i.e., ROCStories, SM-A, and
ARCT. We first train PLMs on source tasks with
full data and then fine-tune PLMs on target tasks
with ten instances. In Figure 4, it can be observed
that PLMs have better reasoning transferability
between similar tasks such as deductive reason-
ing tasks (ROCStories and SM-A). This shows that
model performance on data-scarce reasoning tasks
can be improved by incorporating additional train-
ing on data-rich similar tasks (Wang et al., 2021).

3.5 Composition Tests

Datasets and Metrics. Composition is similar to
the text generation task, aiming at generating new

Models
GigaWord

TT (%) Flu. Info. Acc. Overall

GPT-2 26.09 3.11 2.79 2.64 4.87
UniLM 50.34 4.02 3.49 3.45 6.73
T5 53.67 3.95 3.45 3.46 6.68
BART 51.10 4.01 3.46 3.49 6.73
ProphetNet 53.02 3.99 3.52 3.45 6.74

Gold 40.77 3.61 3.29 3.15 6.05

Models
WritingPrompts

TT (%) Flu. Info. Rel. Overall

GPT-2 45.70 3.42 3.17 3.20 5.87
UniLM 1.20 1.32 1.88 2.03 2.74
T5 34.40 3.01 2.80 3.09 5.18
BART 45.20 3.37 3.16 3.39 5.96
ProphetNet 29.60 2.95 2.91 3.10 5.18

Gold 71.30 3.79 4.07 3.87 7.37

Table 6: Turing test (TT) and human scores on the test
set of GigaWord and WritingPrompts. Flu., Info., Acc.
and Rel. denote fluency, informativeness, accuracy and
relevance respectively. We report the result of LARGE
version for each model in this table and more results can
be found in the Appendix F.

content from scratch. Therefore, we use four text
generation benchmarks for composition tests, i.e.,
WritingPrompts (Fan et al., 2018) on story genera-
tion, CNN/Daily Mail (Hermann et al., 2015) and
GigaWord (Rush et al., 2015) on text summariza-
tion, and SQuAD v1.1 (Rajpurkar et al., 2016) on
question generation. According to the length of
the target text, text summarization and question
generation is short text generation, while story gen-
eration is long text generation. For evaluation, we
adopt three automatic metrics, i.e., BLEU (Pap-
ineni et al., 2002), ROUGE (Lin, 2004), and ME-
TEOR (Banerjee and Lavie, 2005). Besides, follow-
ing (Zou et al., 2021), we conduct human test from
five aspects, i.e., Fluency, Informativeness, Accu-
racy, Relevance and Overall. The overall score is
rated from 1 to 10, while the others are rated from
1 to 5. Inspired by Turing (2009), we further de-

3525



1 2 3 4 5
Human Score

0

50

100
Tu

rin
g 

Te
st

 (%
)

Fluency
Infomativeness
Accuracy

(a) GigaWord

1 2 3 4 5
Human Score

0

50

100

Tu
rin

g 
Te

st
 (%

)

Fluency
Infomativeness
Relevance

(b) WritingPrompts

Figure 5: Impact factors of Turing Test.

sign a Turing test to assess the generation ability of
PLMs, where a human interrogator is requested to
distinguish whether the given text is generated by
a human. From the generated texts of each model
and gold texts, we randomly select 500 texts scored
by judges. More details of human test and Turing
test are shown in Appendix F.

Results and Analysis. Table 5 and Table 6 present
the automatic evaluation and human evaluation re-
sults on composition ability, respectively. We can
observe that ProphetNet and BART achieve great
performance on short text generation, while GPT-2
and T5 show better results on long text generation.
Specifically, BART employs denoising objectives
for reconstructing the corrupted original text, and
ProphetNet adopts future n-gram prediction, which
is flexible for modeling the semantic relations be-
tween tokens and phrases in short texts. However,
in long texts, a small ratio of masked tokens (i.e.,
15%) might be not effective in capturing the com-
plex long-range dependency. By comparison, the
left-to-right prediction objective in GPT-2 can be
more suitable to model the long-range semantic
continuity in long texts, and T5 has the largest
model size to achieve a strong composition abil-
ity. For composition ability, we conclude that the
denoising objective is helpful for short text com-
position, while the left-to-right objective is more
powerful for long text composition. Besides, the
model size is also an important factor in improving
PLMs’ composition ability.

To further investigate what factors affect the pass
rate of the Turing test, we deeply analyze the in-
termediate scoring results in the human test and
Turing test. As shown in Figure 5, we calculate
the pass rate of the Turing test for each human
test metric across 1 to 5 scale. Moreover, we com-
pute the Pearson correlation coefficient between
the pass rate and each metric. In story genera-

tion (WritingPrompts), the coefficients for Fluency,
Informativeness, and Relevance are 96.63, 97.93,
96.44, respectively. While, in text summarization
(GigaWord), the coefficients for Fluency, Informa-
tiveness, and Accuracy are 96.08, 97.67, 98.38,
respectively. From these analysis results, we can
conclude that Informativeness is more important
for story generation, while Accuracy is more influ-
ential in text summarization. Besides, we compute
the text similarity between the generated texts from
different PLMs, which is shown in Appendix F.

4 Discussion

Based on the above four ability tests, we intend to
provide a guideline for helping researchers choose,
apply, interpret and design PLMs for NLP tasks.

In section 3.3, we observe that the improvement
in memory ability is likely to be helpful for the
performance of comprehension ability. Hence, de-
signing PLMs with special objectives like bidirec-
tional language modeling in BERT and strategies
like larger training batches in RoBERTa for larger
memory capacity will further benefit PLMs in the
downstream comprehension tasks. Besides, when
applying PLMs to downstream tasks, the similarity
of data distribution between pretraining and fine-
tuning has a great impact on PLMs performance.
Possible solutions such as introducing intermedi-
ate tasks or datasets can alleviate such a discrep-
ancy. Moreover, we further find some limitations
in PLMs’ comprehension ability, where PLMs are
good at simple single-token answer types in QA
such as dates but perform worse in complex phrase
answers.

Compared to comprehension, reasoning in sec-
tion 3.4 is much more intricate and usually in-
volves inferring the semantic relationships among
multiple sentences. Therefore, PLMs such as AL-
BERT trained with sentence-level objectives can
be more suitable for conducting reasoning tasks.
Intuitively, incorporating sentence-level objectives
during pretraining will help PLMs learn the corre-
lation among different sentences. Note that PLMs
have better reasoning transferability between sim-
ilar tasks, thus data-scarce reasoning tasks can be
improved by first training on data-rich tasks.

For composition ability, PLMs with denoising
training objectives perform much better on short
text composition, while PLMs with left-to-right
objectives or larger model size are more suitable
for long text composition. This might be because
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PLMs with different training objectives can finally
capture different ranges of semantic dependency
between tokens and phrases. Moreover, to obtain a
higher pass rate of Turing test, different text gener-
ation tasks will be concerned with varying factors,
such as informativeness is much more critical for
story generation.

5 Related Work

Pretrained Language Models. Owing to the
great achievements Transformer (Vaswani et al.,
2017) has made, the paradigm of pretrained lan-
guage models (PLMs) is thriving (Radford et al.,
2019; Devlin et al., 2019; Liu et al., 2019b; Lewis
et al., 2020; Raffel et al., 2020). It is widely rec-
ognized that PLMs can learn massive knowledge
from corpora (Li et al., 2021c), leading to signifi-
cant progress in various language tasks (Li et al.,
2021a,b). With such encouraging results in exten-
sive NLP tasks, it is a non-trivial topic to system-
atically evaluate the abilities of PLMs, which can
further deepen our understanding of PLMs and fa-
cilitate their application to more fields.

Language Model Evaluation. Many efforts have
studied the evaluation of language model perfor-
mance. Liu et al. (2019a) evaluate BERT (De-
vlin et al., 2019), GPT (Radford et al., 2018), and
ELMo (Peters et al., 2018) on a variety of linguis-
tics tasks. Their findings indicate that the features
generated by PLMs are sufficient for good perfor-
mance on a board set of tasks but fall short on tasks
requiring fine-grained linguistic knowledge. Ten-
ney et al. (2019) evaluate similar models on a range
of sub-sentence linguistic analysis tasks, showing
that PLMs encode both syntax and semantics into
parameters. Zhou et al. (2020) also report that
PLMs can learn rich knowledge but focus on eval-
uating the commonsense. However, these studies
only look at one dimension of PLMs ability evalua-
tion. Other work such GLUE (Wang et al., 2019b)
and CLUE (Liang Xu, 2020) just consider a simple
mixture of multiple tasks lacking comprehensive
evaluation. To the best of our knowledge, this is
the first work to systematically evaluate PLMs by
defining various kinds of language abilities and
performing extensive comparison.

6 Conclusion

This paper investigates the general language abil-
ity evaluation of pretrained language models. We

design four kinds of language abilities of PLMs,
including memory, comprehension, reasoning, and
composition, and measure ten widely-used PLMs
within five categories. For each language ability,
we select multiple representative tasks to quanti-
tatively evaluate the performance of PLMs. Our
experimental results demonstrate that PLMs with
varying objectives and strategies are good at dif-
ferent ability tests. Note that our final predicted
outputs of PLMs can also be reused as an open re-
source for more depth and granularity in analyzing
PLMs’ language abilities. As a result, it is believed
that this study will benefit future work about choos-
ing or designing suitable PLMs for the target NLP
tasks based on their properties.
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Supplementary Material for ElitePLM

We give some experiment-related information
as supplementary materials. The appendix is orga-
nized into six sections:

• Configurations and pretraining setting com-
parisons for selected models are presented in
Appendix A;

• Data statistics of each test are presented in
Appendix B;

• Full results for memory tests are presented in
Appendix C;

• Full results for comprehension tests are pre-
sented in Appendix D;

• Full results for reasoning tests are presented
in Appendix E; and

• Full results for composition tests are presented
in Appendix F.

A Configurations of Pretrained Language
Models

The selected ten PLMs within five categories and
the comparisons of these PLMs in configuration
and pretraining setting have been shown in Table 7.
The effect extent of each factor for PLMs abilities
in Table 8.

B Data Statistics

Memory Tests. The data statistics of LAMA and
Wikipedia of each model are presented in Table 9.
Due to the differences of each PLM, we drop the
data that are not in the vocabulary.

Comprehension Tests. The data statistics of
GLUE, SuperGLUE, SQuAD and RACE are pre-
sented in Table 10.

Reasoning Tests. The data statistics for common-
sense reasoning, deductive reasoning and abductive
reasoning are presented in Table 11.

Composition Tests. The data statistics for text
summarization, question generation and story gen-
eration are presented in Table 12. For the first three
datasets, we truncate the source text considering
the input length of PLMs during training. And
for WritingPrompts, we reconstruct the original

dataset and discard examples where text contains
more than 512 tokens.

C Memory Tests

Full results on LAMA and Wikipedia datasets are
presented in Table 13.

D Comprehension Tests

Full results on SuperGLUE, SQuAD and RACE
are presented in Table 14 and Table 15.

E Reasoning Tests

Full results on CommonsenseQA, ROCStories,
SWAG, HellaSwag, Sense Making, and ARCT are
presented in Table 16.

F Composition Tests

For automatic metrics, BLEU-n and ROUGE-n
compute the ratios of overlapping n-grams between
generated and real text, while METEOR measures
word-to-word matches based on WordNet between
generated and real text. For the human test, Flu-
ency evaluates whether the text is well-formed and
logical to read; Informativeness measures whether
the text contains useful information; Accuracy tests
whether the text describes the given content ac-
curately; Relevance measures whether the text is
relevant to the given context; Overall evaluates the
overall quality of the text.

In the human test, we ramdomly select 500 gen-
erated texts for each PLM and 500 gold text. There-
fore, there are 3000 texts totally. The judges are
all PhD students which do not know about where
each text comes from. Each text will be scored by
two judges from the above five aspects, and the
final score is the average of the two scores. In the
Turing test, each text will also be distinguished by
two judges. Only when two judges make the same
decisions that the text is generated by human, we
will consider the text is true.

Full results on CNN/Daily-Mail, GigaWord,
SQuAD, and WritingPrompts are presented in Ta-
ble 17. Turing test results are presented in Table 6.
We also show some summaries and stories gener-
ated by different PLMs in Table 19, Table 20, and
Table 21.
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Type Models
Configurations Pretraining Setting

Size #Parameter Corpus Size

Bidirectional

BERT base/large 110M/340M BooksCorpus, English Wikipedia 16GB

RoBERTa base/large 125M/355M BooksCorpus, CC-News,
WebText, Stories 160GB

ALBERT xlarge/xxlarge 60M/235M BERT Corpus 16GB

Unidirectional GPT-2 small/medium 117M/345M WebText (removing Wikipedia) 40GB

Hybrid XLNet base/large 110M/340M BooksCorpus, English Wikipedia,
Giga5, ClueWeb, Common Crawl 158GB

UniLM base/large 110M/340M BERT Corpus 16GB

Knowledge-
Enhanced ERNIE base 114M English Wikipedia, Wikipedia 17GB

Text-to-Text
T5 base/large 220M/770M Colossal Clean Crawled Corpus 745GB

BART base/large 140M/400M RoBERTa Corpus 160GB
ProphetNet large 373M RoBERTa Corpus 160GB

Table 7: Configurations and pretraining setting comparisons for our selected models.

Ability MA DD MS PO PS

Memory ⋆⋆ ⋆ ⋆ ⋆⋆⋆ ⋆⋆⋆
Comprehension ⋆⋆ ⋆⋆ ⋆ ⋆⋆ ⋆⋆⋆

Reasoning ⋆ ⋆⋆⋆ ⋆ ⋆⋆⋆ ⋆⋆⋆
Composition ⋆ ⋆⋆⋆ ⋆⋆⋆ ⋆⋆⋆ ⋆

Table 8: The impact extent of each factor for four language abilities of PLMs. MA, DD, MS, PO, and PS are short
for model architecture, data distribution, model size, pretraining objective, and pretraining strategy, respectively

G-RE T-REx ConceptNet SQuAD Wikipedia

#Origin 6,106 34,014 14,878 305 100,000
#Relation 3 41 16 - -

BERT / UniLM 5,527 34,014 11,658 305 85,836
RoBERTa 4,618 29,500 12,505 286 85,862
ALBERT 5,469 33,636 12,389 291 86,533
ERNIE 1,900 9,071 11,649 173 -
BART 4,618 29,500 12,505 286 85,862
T5 4,256 25,850 10,905 230 78,069
GPT-2 4,618 29,500 7,477 196 1,184
XLNet 5,202 32,293 12,080 279 85,228
ProphetNet 5,527 34,014 12,506 305 87,516

The Predicted Outputs The predicted token of “[MASK]” in each template.

Table 9: Statistics of datasets in memory tests, including LAMA and Wikipedia. #Origin and #Relation denote
the number of examples and relations in original dataset, and the number of each model denotes the number of
examples after selected. The predicted outputs is the intermediate result resources we provide.
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Corpus #Train #Valid #Test The Predicted Outputs

GLUE

CoLA 8,551 1,043 1,063 The predicted binary class whether a sentence is grammatical.
SST-2 67,349 872 1,821 The predicted sentiment (positive/negative) of a sentence.

MRPC 3,668 408 1,725 The predicted binary class whether two sentences are
QQP 363,846 40,430 390,965 semantically equivalent.

STS-B 5,749 1,500 1,379 The predicted similarity score (1-5) of two sentences.
MNLI

-M. 392,702 9,815 9,796 The predicted relation (entailment/contradiction/neutral)

MNLI
-MM. 9,832 9,847 between two sentences.

QNLI 104,743 5,463 5,463
RTE 2,490 277 3,000 The predicted relation (entailment or not) between two sentences.

WNLI 635 71 146

Super
GLUE

BoolQ 9,427 3,270 3,245 The predicted answer (yes/no) to the passage-based question.

CB 250 57 250 The predicted relation (entailment/contradiction/neutral)
between two sentences.

COPA 400 100 500 The predicted cause or effect of the premise from two choices.
MultiRC 5,100 953 1,800 The predicted answer choice to the passage-based question.

Wic 6,000 638 1,400 The predicted binary class whether a word is used with the same
sense in two sentences .

WNLI 635 71 146 The predicted relation (entailment or not) between two sentences.

WSC 554 104 146 The predicted noun phrase referrent of the pronoun from among
the provided choices.

SQuAD v1.1 88,567 10,790 - The predicted answer span to the passage-based question.v2.0 131,924 12,165 -

RACE

all 25,137 1,389 1,407

The predicted answer choice to the passage-based question.

87,866 4,887 4,934

middle 6,409 368 362
25,421 1,436 1,436

high 18,728 1,021 1,045
62,445 3,451 3,498

Table 10: Statistics of datasets in comprehension tests including GLUE, SuperGLUE, SQuAD and RACE. #Train,
#Valid and #Test denote the number of instances in train, valid and test set, respectively (the same as below).
MNLI-M. and MNLI-MM. denote MNLI-match and MNLI-mismatch, respectively. SQuAD doesn’t have test set,
and we utilize the valid set as the test set. The predicted outputs is the intermediate result resources we provide.

Reasoning Task Corpus #Train #Valid #Test The Predicted Outputs

Com.sense CQA 9,741 1,221 1,140 The predicted answer choice to a commonsense question.

Deductive

ROCS. 1,257 314 1,571 The predicted ending choice based on the context.
SWAG 73,546 20,006 20,005 The predicted answer choice based the grounded situation.
HellaS. 39,905 10,042 10,003
SM-A 10,000 1,000 1,000 The predicted valid sentence between two sentences.

Abductive SM-B 10,000 1,000 1,000 The predicted reason choice why the sentence is invalid.
ARCT 1,210 316 444 The predicted warrant choice that justifies reason and claim.

Table 11: Statistics of datasets in reasoning tests, including commonsense reasoning, deductive reasoning and
abductive reasoning. CQA is short for CommonsenseQA. SM-A and SM-B denote the Task A and Task B of Sense
Making, respectively. The Predicted outputs is the intermediate result resources we provide.
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Task Corpus #Train #Valid #Test #Input #Output The Predicted Outputs

TS

CNN/
DailyMail 287,113 13,368 11,490 822.3 57.9 The generated summary given a news.

Gigaword 3,803,957 189,651 1,951 33.7 8.7 The generated headline given a paragraph and
corresponding Turing test and aspect scores.

QG SQuAD 75,722 10,570 11,877 149.4 11.5 The generated question given a passage and
corresponding answer.

SG Writing
Prompts 67,765 3,952 3,784 30.2 281.2 The generated story given a prompt and

corresponding Turing test and aspect scores.

Table 12: Statistics of datasets in composition tests, including text summarization (TG), question generation (QG)
and story generation (SG). #Input and #Output denote the average number of tokens in the input text and output text.
The Predicted outputs is the intermediate results and human evaluation resources we provide.

Models Vocab Size LAMA-G LAMA-T LAMA-C LAMA-S Wikipedia Average

BERTBASE 28996 10.3 27.5 15.3 12.8 66.8 41.6
BERTLARGE 28996 11.0 29.2 19.1 17.0 70.9 45.0
RoBERTaBASE 50265 7.5 19.9 17.9 13.3 66.9 40.8
RoBERTaLARGE 50265 7.1 23.9 21.6 21.0 71.1 44.8
ALBERTXLARGE 30000 2.9 19.6 16.8 14.4 64.3 38.9
ALBERTXXLARGE 30000 3.3 21.0 20.0 20.6 63.9 40.1
GPT-2SMALL 50257 1.3 6.8 4.0 3.0 36.0 19.9
GPT-2MEDIUM 50257 3.9 12.0 6.4 5.6 42.7 24.8
XLNetBASE 32000 0.0 0.0 2.8 0.0 64.6 32.7
XLNetLARGE 32000 0.0 0.0 5.5 0.4 68.7 35.1
UniLMBASE 28996 8.5 27.6 15.4 11.8 66.9 41.4
UniLMLARGE 28996 9.6 28.4 18.3 17.4 71.5 46.4
ERNIEBASE 28996 1.3 13.4 13.0 8.1 - -
T5BASE 32100 5.5 20.0 13.2 9.6 60.5 36.3
T5LARGE 32100 4.0 21.7 17.1 11.7 65.0 39.3
BARTBASE 50295 5.7 11.7 9.5 4.2 47.9 27.8
BARTLARGE 50295 9.4 15.8 7.7 3.1 47.8 28.4
ProphetNetLARGE 30522 0.1 1.1 0.3 0.7 31.3 15.9

Table 13: Memory tests results on LAMA and Wikipedia datasets (test set). We report accuracy score for each
dataset. Average is computed by averaging the scores of LAMA and Wikipedia (the score of LAMA is averaged
among four dataset first). LAMA-G, LAMA-T, LAMA-C and LAMA-S denote the LAMA corpus Google-RE,
T-REx, ConceptNet and SQuAD, respectively.
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Model WSC CB RTE COPA Wic BoolQ MultiRC Avg
Acc. F1/Acc. Acc. Acc. Acc. Acc. F1/EM

BERTBASE 60.6 78.7/80.4 66.4 65.0 69.9 74.6 68.1/16.9 65.5
BERTLARGE 63.5 89.0/92.9 70.1 73.0 72.7 75.6 69.4/22.6 70.3
RoBERTaBASE 71.1 89.1/91.1 75.1 78.0 67.2 81.1 72.6/31.9 73.6
RoBERTaLARGE 75.0 95.0/96.4 88.2 84.0 72.7 85.4 81.7/47.2 80.8
ALBERTXLARGE 63.5 81.1/85.7 62.5 75.0 66.5 62.2 63.6/12.4 64.4
ALBERTXXLARGE 64.4 87.6/92.9 70.4 91.0 74.3 62.2 85.1/54.0 74.6
GPT-2SMALL 54.8 64.0/76.8 62.1 62.0 64.1 68.2 67.3/19.5 60.7
GPT-2MEDIUM 61.5 84.4/82.1 63.6 63.0 67.2 73.9 71.5/29.2 66.1
XLNetBASE 64.4 91.0/91.1 59.9 65.0 67.9 76.9 72.5/29.6 68.0
XLNetLARGE 65.3 87.6/92.9 88.5 82.0 69.7 84.7 79.0/41.6 77.3
UniLMBASE 63.5 74.7/82.1 60.3 67.0 68.5 73.3 67.9/20.5 65.0
UniLMLARGE 65.4 86.5/87.5 70.9 76.0 72.3 82.3 75.7/36.3 72.8
ERNIEBASE 65.4 81.6/82.1 68.8 64.0 70.8 74.4 68.7/21.3 67.2
T5BASE 79.8 86.2/94.0 80.1 71.2 68.3 81.4 79.7/43.1 76.0
T5LARGE 84.6 91.6/94.8 87.2 83.4 69.3 85.4 83.3/50.7 81.4
BARTBASE 64.4 86.6/85.7 69.5 70.0 65.7 75.7 74.2/31.7 69.2
BARTLARGE 65.4 97.4/96.4 83.5 86.0 70.4 85.1 82.9/50.6 79.2
ProphetNetLARGE 63.5 94.7/92.9 51.3 61.0 60.7 67.4 64.7/17.2 62.7

Table 14: Comprehension tests results on SuperGLUE (valid set). Avg column is computed by averaging the scores
of tasks to its left (the scores for CB and MultiRC are first averaged).

Models
SQuAD v1.1 SQuAD v2.0 RACE

EM F1 EM F1 RACE RACE-M RACE-H

BERTBASE 80.8 88.5 72.8 76.0 65.0 71.7 62.3
BERTLARGE 84.1 90.9 78.7 81.9 72.0 76.6 70.1
RoBERTaBASE 86.1 92.3 80.3 83.4 72.8 72.6 26.6
RoBERTaLARGE 88.9 94.6 86.5 89.4 83.2 86.5 81.3
ALBERTXLARGE 86.1 92.5 83.1 86.1 78.1 76.7 79.8
ALBERTXXLARGE 88.3 94.1 85.1 88.1 87.4 85.9 87.1
GPT-2SMALL 63.6 75.1 57.1 61.5 61.2 62.9 58.2
GPT-2MEDIUM 70.3 80.8 61.5 66.0 62.2 65.0 61.4
XLNetBASE 12.8 14.7 78.5 81.3 71.3 72.8 67.5
XLNetLARGE 89.7 95.1 87.9 90.6 85.4 88.6 84.0
UniLMBASE 82.8 89.9 74.9 78.0 59.0 64.1 50.3
UniLMLARGE 86.5 92.7 80.5 83.4 70.3 70.0 66.4
ERNIEBASE - - - - - 67.8 -
T5BASE 85.4 92.1 77.6 81.3 70.6 74.4 68.4
T5LARGE 86.7 93.8 - - 80.4 82.6 77.8
BARTBASE 84.6 91.0 76.0 79.2 70.1 72.4 63.2
BARTLARGE 88.8 94.6 86.1 89.2 82.2 82.5 79.6
ProphetNetLARGE - - - - - 74.1 -

Table 15: Comprehension tests results on SQuAD and RACE (test set).
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Model CQA ROCStories SWAG HellaSwag SM-A SM-B ARCT

BERTBASE 53.0 88.1 81.6 40.5 87.3 80.1 65.1
BERTLARGE 55.9 90.2 86.3 47.3 89.4 85.8 71.2
RoBERTaBASE 72.1 93.3 82.6 61.0 89.3 87.5 46.1
RoBERTaLARGE 72.2 97.4 89.9 85.2 93.0 92.3 57.9
ALBERTXLARGE 66.2 90.4 84.6 75.9 87.9 89.4 56.1
ALBERTXXLARGE 80.0 97.1 90.7 90.1 92.5 92.3 79.5
GPT-2SMALL 47.8 58.8 48.1 39.9 84.2 74.7 66.0
GPT-2MEDIUM 60.8 59.9 79.7 60.4 88.7 73.4 66.7
XLNetBASE 53.8 92.0 80.4 55.1 81.6 85.4 80.2
XLNetLARGE 62.9 93.8 86.8 79.7 83.7 88.7 83.1
UniLMBASE 47.6 80.6 77.0 36.3 86.2 83.6 48.4
UniLMLARGE 62.3 86.9 83.1 46.7 89.3 86.4 72.3
ERNIEBASE 54.1 84.7 - - 88.7 - 73.7
T5BASE 61.9 88.2 65.8 55.2 89.2 82.9 63.3
T5LARGE 69.8 91.4 73.7 79.1 92.7 88.2 69.4
BARTBASE 61.0 88.9 81.2 53.4 72.0 67.9 71.8
BARTLARGE 75.8 91.7 87.9 76.6 82.9 67.9 84.2
ProphetNetLARGE 21.3 82.2 70.1 26.4 85.5 78.0 65.5

Table 16: Reasoning tests results on seven datasets (test set). We report accuracy score for each dataset. CQA is
short for CommonsenseQA. SM-A and SM-B denote the Task A and Task B of Sense Making, respectively.

Models
CNN-DailyMail GigaWord SQuAD WritingPrompts

R-1 R-2 R-L R-1 R-2 R-L B-4 R-L ME B-4 R-L ME

GPT-2SMALL 24.60 7.21 21.06 25.25 9.03 23.20 5.13 14.83 21.06 11.58 3.80 8.18
GPT-2MEDIUM 22.95 5.99 22.08 23.72 8.12 21.56 8.48 18.82 26.77 14.47 3.23 7.29
UniLMBASE 17.83 0.11 5.50 16.64 6.11 15.12 4.47 17.65 20.30 27.71 2.35 5.47
UniLMLARGE 43.44 20.21 40.51 38.45 19.45 35.75 4.42 17.43 20.13 26.88 1.84 5.01
T5BASE 42.05 20.34 39.40 33.13 15.60 30.18 11.18 21.82 29.93 6.04 4.61 9.81
T5LARGE 42.50 20.68 39.75 34.75 16.26 31.49 11.19 22.35 30.53 8.61 4.19 9.51
BARTBASE 36.36 20.87 33.32 38.65 19.43 35.82 14.44 24.11 36.92 11.91 3.57 7.69
BARTLARGE 44.16 21.28 40.90 39.41 20.21 36.42 15.87 25.47 38.42 14.72 3.14 7.08
ProphetNetLARGE 44.20 21.17 41.30 39.51 20.42 36.69 14.20 23.97 35.99 19.31 2.59 7.19

Table 17: Composition tests results on four datasets. R-1, R-2, R-L are short for ROUGE-1, ROUGE-2, ROUGE-L
respectively. B-4 and MT denote BLEU-4 and METEOR, respectively.

Models TT (%) Fluency Informativeness Accuracy Coherence Overall

GPT-2MEDIUM 45.7 3.42 3.17 3.20 3.23 5.87
UniLMLARGE 1.2 1.32 1.88 2.03 1.71 2.74
T5LARGE 34.4 3.01 2.80 3.09 2.87 5.18
BARTLARGE 45.2 3.37 3.16 3.39 3.22 5.96
ProphetNetLARGE 29.6 2.95 2.91 3.10 2.89 5.18

Gold 71.3 3.79 4.07 3.87 3.80 7.37

Table 18: Turing test and human scores on the test set of WritingPrompts. TT is short for Turing Test and represents
the percentage of makers who believe the text is written by human. Coherence evaluates how content is coherent
considering both intra- and inter-sentence correlation of a paragraph. Rated from 1 to 5.
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Passage japan ’s nec corp. and UNK computer corp. of the united states said wednesday they had agreed to join
forces in supercomputer sales .

GPT-2MEDIUM unk computer to jointly sell supercomputers
UniLMLARGE nec [UNK] to join forces in supercomputer sales
T5LARGE nc and unk computer to join forces in supercomputer sales
BARTLARGE nec and unk computer to join forces in supercomputer sales
ProphetNetLARGE nec unk computer to join forces in supercomputer sales

Gold nec UNK in computer sales tie-up

Passage the sri lankan government on wednesday announced the closure of government schools with immediate
effect as a military campaign against tamil separatists escalated in the north of the country .

GPT-2MEDIUM closed as military campaign escalates
UniLMLARGE sri lankan gov t shuts down schools in north
T5LARGE sri lanka closes schools as fighting escalates
BARTLARGE sri lanka closes government schools
ProphetNetLARGE sri lanka closes schools as military escalates

Gold sri lanka closes schools as war escalates

Table 19: Test set examples of GigaWord dataset for each model.
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Prompts [ WP ] You have a very shitty type of precognition .

GPT-2MEDIUM <newline>“ I’m sorry, ” I said. “ I don’t know what you’re talking about. ” I looked around the
room, trying to find the source of the noise. “ What do you mean? ” I asked. “ It’s not like I’ve never
heard it before. ” He looked at me, confused. “ No, ” he said, “ it’s never happened to me before.
I ’d be surprised if it ever did. ” “ What’s that supposed to mean? You’re telling me that I can’t
remember anything before? ” “ No. ” he replied. “ That’s exactly what it means. You’ve always been
precognitions, and you ’ll never be able to remember anything. ”

UniLMLARGE i’m not sure what i’ve done wrong. i’d rather not be able to do it. i don’t know what i have done wrong,
i don’t know what it has done. i have been told that i have n’ve been wrong. <newline ><new york.
<york ><yoline >i’ll never forget that day. «new >«line >the day i was born. the day that i was raised.
the one that i never forget. the time that i first met her. the moment that i met her, the time when i first
saw her. <nowline >my life is a blur. the blur is the blur. i am not sure if i have ever been wrong, or
if i had ever been right. i ca n’re sure if it was the blur or the blur, but i do know it was. <tim. <the
blur <new newline. <i am a blur, the blur and the blur are the same. the same, the same is the same
thing. the difference is the difference between the two. the two are the difference. the differences are
the differences. the different things. the things... the changes. the change. the changing. the thing.. is
the change, the change is the thing that is the different. the new thing. <.. <this is the story of a man
who was born in the blur of the two, the one where i was n’s. the other where i am. the first time i met.
the second time i saw her, and the first where i never forgot. the story is the one in the middle of the
blur where i met the woman i loved. the woman who i loved, the woman that i loved the woman. the
man who i love the woman with the most. the person who i hate the most, the person that i hate most.
<cline >* * * <new story ><nbsp >i am the blur ; i am i. <pline »<bsp. i was a blur ; <new line ><i was
the one who was the first to be born. <first time. <np ><do nbs. <do ibs. i did n’i do it, i did not know
it had happened. <line i woman i <i i i ve, the <blur ve

T5LARGE <newline>It’s been a long time since I’ve been able to use my powers. I haven’t had a chance to use
them in a while, but I do have a few things I can do to help. The first thing I do is go to the bathroom,
and I have to wash my hands. It is a pain, I know it. But I do it anyways, because I have the ability to
see things. And I can see them. They can see me in the mirror, they can see my eyes, their eyes. My
hands, my feet, the way they move, how they feel. How I feel, what they do to me. What I do to them?
How do they know I am? I can hear them in my ears, a scream, or a cry. A sigh of relief, as I look at
the mirror and see them in front of me, like a mirror. You’re gon na see me? ”

BARTLARGE I’ve always been a bit of a weirdo. <newline>I’m not sure why, but I always knew I was going to die at
some point in my life. I don’t know if it’s because I was born in the wrong year, or if it was because my
parents died when I was very young. I just knew that I would die. I’ve never been able to explain it
to anyone, but it was always there in the back of my mind. It’s not like I could do anything about it.
I couldn’t even do anything to stop it. It was just always there. I never knew what it was, or what it
would do to me. I didn’t want to know. I wanted it to be over. But it never was. It just kept getting
worse and worse. I can’t explain it, I just know that I ’ll die.

ProphetNetLARGE it’s been a long time since i’ve had a precognition, but i don’t think i’ll ever be able to get rid of it.
<newline >it started when i was a kid. i was told that i had a very shitty type of pre - lucid dreaming. i
had no idea what it was until i was in my late teens. it was like i could see the future in front of me. i
knew exactly what i was going to do when i saw the future. i could feel it in my bones. i can feel it. i
know exactly what’s going to happen when i look at the future, and i know it will be the best thing
that’s ever happened to me. the future is going to be better than i ever thought it would be. i’m not
going to let it happen again.

Gold Just looking at the guy I already knew it . He was in for a seven on the Bristol scale and it was only
hours away . <newline><newline>Looking at his carefree face from below as he was slowly transported
towards me on the escalator , I wondered , not for the first time , if I should warn him . But as always I
asked myself : How could I tell him ? How could I tell anyone ? <newline><newline>Tell people that I
could see the future . That I could see their fate ? That I could feel the forces that were at work , often
without their knowledge and beyond their control , inside their own bodies ? That I could see shape of
things to come ? That I was a coproscognitive ? <newline><newline>Nobody would believe me . Not
until after a few predictions had been proven to be correct at least and few humored me for long enough
to realize the truth of my predictions . <newline><newline>And this guy did n’t have a few predictions
to confirm the authenticy of my gift . He needed to know and believe me about the very next event I
could foresee and there was no way to convince him in time . <newline><newline>And thus I stayed
silent again as the escalator carried us past one another leaving him to his fate . I was going up and
he was going down . <newline><newline>I could only hope for him that he would be close to the
right place two hours and thirteen minutes from now , because I could tell it would be a fast and quite
explosive one and without my word he would not have much advanced warning telling him to run for
salvation . <newline><newline>I put him out of my mind I had my own future to worry about and I did
n’t need my gift to tell me about it . I started looking for the signs pointing the way to closest lavatory .

Table 20: Test set examples of WritingPrompts dataset for each model.
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Prompts [ WP ] “ Before we allow humankind to live among us in the stars , tell us the faults of your kind . ”

GPT-2MEDIUM <newline>“ I’m sorry, sir, but I don’t think we’re ready for this. ” I said. “ We’ve been here for
thousands of years, and we’ve never seen anything like this before. ” He looked at me with a look of
horror on his face. “ What do you mean? ” I asked. He looked down at his hands, and then back up at
me. “ It’s like this, ” he said, “ You can’t see it, but it’s there. It ’ll be here for a long time, and it ’ll kill
us all. ” <newline>I looked at him, and he looked back at me, and both of us looked at the stars.

UniLMLARGE ‘ ‘ we allow humanskind to be among us, tell them the faults.’<newline ><new new >‘ ‘ humanskind,” i
said, ‘ ‘ you are the one who has been chosen to be our leader.’‘ ‘ humankind, you are our leader,’‘ i said.
<new york. <york ><yoline >‘’humanskind.’* <newrk >* <yo >«new ><>humanskind : <new name
><nowline >humans : <now name >humans. <now names ><the name of the universe. <the names of
the stars. «line >* humanskind * <now named ><first name >the universe, <new names >the stars and
the stars <new stars. the names <new planets. <first names >* * humans * <firstline >the name <new
species ><humanline »<humans ><last name >* humankind *. <last names >humans * * <lastline
>humankind. <name »* humanity * <name <><* humans. * <* human * «»humans, <now known as
humans. the name. <.. <* humanity. <human name >... * * * humanity <new humans >*.. humans *. *.
humans.. ’. <line. <humans.’s.. human.’the humans. they were the humans, the humans of the galaxy.
<: «<humans : humans. humans. humans, humans. humankind <new galaxy ><: / / www. reddit. com /
r / writingprompts / comments / 2jclq / comments _ 2jflq _ comments / 1xxxfxxgxxcxxbxxdxxkxxqxx
<new _ ><_ _ <new i am humankind : the humankind of the galactic system. <_ «_ >i am the human
race. <tv ><tline >i was the human. <pline >it was a long time since i was human. i was a human.. i
am a human race,..kind <. <’humans human «race humans <* <human of * <the «* i humans. new..

T5LARGE Before we allow humankind to live amongst the stars, tell us the faults of your kind. ” newline>I don’t
know, I’m not a scientist, but I do have a degree in astronomy, and I do know a thing or two about
science. I know that a lot of people think that science is a good thing, that it’s a great thing. But, if you
think about it, you’re a fucking shithole. You’ve got a bunch of crazies, all of them. So, what do you
think?? Do you know what? I mean, they ’ll tell you. And, of course, we ’d like to know what you
think of us.

BARTLARGE “ Before we allow humankind to live among us in the stars, tell us the faults of your kind. ” <new-
line><newlines>“ Well, first of all, they aren’t very smart. They don’t know how to read. They’re not
very good at math. They haven’t learned how to write yet. They are also very lazy. They spend most of
their time staring at their screens. They can’t even get up to go to the bathroom. They just sit there and
stare at the screen. They also have a tendency to stare at their phones for hours at a time. I’m not sure
why they do that, but I guess it’s because they’re bored. ”

ProphetNetLARGE ‘ ‘ before we allow humankind to live among us in the stars, tell us the faults of our kind.” <newline >‘
‘ i’m sorry, sir, but we don’t have the technology to do that. we’re too afraid of the consequences of our
actions, and we’ve spent too much time trying to find a way to stop them.’cause they’re just too stupid
to do anything about it. we have to do something about it, or we’ll never be able to get out of here. we
need to find some way to get them out of there, and if they do, then we’d have to go back to earth and
start all over again. and if that’s the case, then i’d like to thank you for your time, and i hope to see you
again soon,”

Gold Tell us your faults ? Really ? This was the question - the shibboleth - that unlocked the cosmos ?
<newline><newline>The Masters could have picked a scientist to answer but they feared she might
mask ignorance . They could have picked from our global leaders bit they feared that they would mask
deceit . They could have picked a holy man but feared he would mask violence , oppression , hate ,
intolerance ... the list of disqualifying sins was almost too long to enumerate . <newline><newline>So
they picked Josh Thornton , a 45 year old MBA in human resources . <newline><newline>“ Our
greatest weakness ? Well , I think we work a little too hard and , as a race , we might be a bit of a
perfectionist .

Table 21: Test set examples of WritingPrompts dataset for each model.
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Abstract

Natural language processing researchers have
identified limitations of evaluation methodol-
ogy for generation tasks, with new questions
raised about the validity of automatic metrics
and of crowdworker judgments. Meanwhile,
efforts to improve generation models tend to
depend on simple n-gram overlap metrics (e.g.,
BLEU, ROUGE). We argue that new advances
on models and metrics should each more di-
rectly benefit and inform the other. We there-
fore propose a generalization of leaderboards,
bidimensional leaderboards (BILLBOARDs),
that simultaneously tracks progress in language
generation models and metrics for their eval-
uation. Unlike conventional unidimensional
leaderboards that sort submitted systems by
predetermined metrics, a BILLBOARD accepts
both generators and evaluation metrics as com-
peting entries. A BILLBOARD automatically
creates an ensemble metric that selects and lin-
early combines a few metrics based on a global
analysis across generators. Further, metrics
are ranked based on their correlation with hu-
man judgments. We release four BILLBOARDs
for machine translation, summarization, and
image captioning.1 We demonstrate that a lin-
ear ensemble of a few diverse metrics some-
times substantially outperforms existing met-
rics in isolation. Our mixed-effects model anal-
ysis shows that most automatic metrics, espe-
cially the reference-based ones, overrate ma-
chine over human generation, demonstrating
the importance of updating metrics as gener-
ation models become stronger (and perhaps
more similar to humans) in the future.

1 Introduction

Recent modeling advances have led to improved
natural language generation in applications such as
machine translation and summarization (Ng et al.,

∗Work was done during an internship at AI2.
1https://nlp.cs.washington.edu/

billboard/.

metric.py

Generator Developer Metric Developer

output.txt

Figure 1: Bidimensional leaderboard (BILLBOARD).
When a generator developer submits output text
(output.txt), BILLBOARD computes all metric
scores. When a metric developer submits an executable
program (e.g., metric.py), BILLBOARD computes
correlation with the human judgments, updates the en-
semble metric (§2.2), and measures how much the met-
ric overrates machines (§2.3).

2019; Raffel et al., 2020; Brown et al., 2020, in-
ter alia). This progress is typically measured with
automatic scores, such as BLEU (Papineni et al.,
2002) and ROUGE (Lin, 2004), executed by model-
ing researchers themselves. These metrics allow for
fast, inexpensive development cycles. They were
adopted based on reported correlations with human
judgments at the time the metrics were introduced,
but it has since been established that the correspon-
dence can collapse when models of different types
are compared (Callison-Burch et al., 2006) or mod-
els become increasingly powerful (Ma et al., 2019;
Edunov et al., 2020).

Meanwhile, many evaluation metrics that im-
prove correlation with human judgments have been
proposed (Clark et al., 2019; Zhang et al., 2020b;
Sellam et al., 2020; Hessel et al., 2021, inter alia),
but this progress has yet to be broadly adopted by
the community of researchers focused on advanc-
ing models. Indeed, consistent with prior meta-
evaluations (Marie et al., 2021), we found that 68%
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of the machine translation papers from NAACL
and ACL 2021 evaluated their models solely by
BLEU, and only 5% measured the performance us-
ing recent metrics with contextual representations
such as COMET (Rei et al., 2020). Similarly, au-
tomatic evaluation in 66% of the summarization
papers was done only in terms of ROUGE.2 We be-
lieve this separation between generation modeling
and automatic evaluation represents a missed op-
portunity for each subcommunity to more rapidly
benefit from the advances of the other.

We therefore propose an abstraction of conven-
tional leaderboards, bidimensional leaderboards
(BILLBOARDs), that simultaneously facilitates
progress in natural language generation and its
evaluation (Fig. 1). A BILLBOARD accepts two
types of submissions related to a given task and
dataset: generators and metrics. Unlike conven-
tional leaderboards, model ranking is not tied to
a predetermined set of metrics; the generators are
ranked based on the metric that currently correlates
best with human judgments. Metric submissions
are ranked by their correlations to human judg-
ments, and each is stored as an executable program,
which will then be used to evaluate future gen-
eration submissions. Our BILLBOARD includes a
sparse regression that selects and linearly combines
three existing metrics, revealing complementary
strengths. All leaderboard scores are readily repro-
ducible, allowing research on generation models
and automatic metrics to benefit from each other.

We release four BILLBOARD interfaces
(https://nlp.cs.washington.edu/
billboard/) spanning three generation tasks:
the WMT20 EN-DE and WMT20 ZH-EN machine
translation tasks (Barrault et al., 2020), the
CNNDM summarization task (Hermann et al.,
2015), and the MSCOCO image captioning task
(Lin et al., 2014).

Key Findings Using the collective analyses of
BILLBOARDs, our main findings are as follows.

• A simple linear combination of a few (diverse)
metrics can sometimes improve correlation. This
finding quantifies complementary effects of dif-
ferent metrics and encourages metric developers
to seek out aspects of generated text quality not
yet measured by existing metrics.

2We examined all papers whose title contains “machine
translation” and “summarization.” See Appendix A for details.

• Using linear mixed-effects models, we find that
most automatic metrics, especially conventional,
reference-based ones such as BLEU and ROUGE,
overrate machines over humans in all tasks. This
result provides further support for the claim
that the metrics should be continually evaluated
and updated as our generation models become
stronger (and perhaps, closer to humans).

• When only one reference is available per in-
stance, COMET-QE (a strong referenceless met-
ric with crosslingual contextual representations;
Rei et al., 2020) achieves higher correlation with
human judgments than all reference-based met-
rics. This raises a concern about the current stan-
dard evaluation practice in machine translation
and summarization that uses reference-based met-
rics with a single reference per instance.

• Our findings confirm many others who report
that recent metrics achieve substantially higher
correlation with human judgments than popular
metrics like BLEU and ROUGE in BILLBOARDs.
We believe these older metrics continue to be
used mainly because modeling researchers value
consistency and accessibility of evaluation prac-
tice over long periods of time. BILLBOARDs
provide a way to maintain long-term compara-
bility of system output while also drawing better
conclusions about system quality, using advances
in evaluation. All generators continue to be eval-
uated with new metrics on BILLBOARDs.

2 Bidimensional Leaderboards

We propose BILLBOARDs to simultaneously drive
progress in natural language generation and its eval-
uation, which are often disconnected in current re-
search. We first describe the general framework
(§2.1) and the automatic analyses they provide
(§2.2-2.3). We then discuss our design choices
(§2.4) and the rubric-based, human judgment data
necessary to initialize BILLBOARDs (§2.5).

2.1 BILLBOARD Framework
The leaderboard paradigm has driven research on
state-of-the-art model performance on many tasks
in various fields (e.g., ImageNet, Russakovsky
et al., 2015; SQuAD, Rajpurkar et al., 2016). As ap-
plications and tasks become more diverse, however,
the conventional leaderboard paradigm presents
a serious challenge: the assumption becomes too
strong that predetermined, automatic metrics can
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reliably score the system performance over time.
In particular, scores from automatic metrics often
diverge from human judgments in language genera-
tion tasks, especially when models become increas-
ingly powerful (Ma et al., 2019).

Much recent work proposed new evaluation met-
rics that improve correlations with human judg-
ments in certain generation tasks (Clark et al., 2019;
Zhang et al., 2020b; Sellam et al., 2020; Hessel
et al., 2021, inter alia), but most developers of
generation models are not benefiting from them
(See Appendix A for our analysis of papers from
NAACL/ACL 2021). From the perspective of gen-
eration model developers, it is not clear which of
these many metrics in the literature is most reliable
in which generation task or dataset, resulting in
community-wide overuse of long-standing metrics
like BLEU and ROUGE. Developers of evaluation
metrics, on the other hand, are missing the opportu-
nity to apply their metrics to new generation mod-
els and compare them with the existing ones. We
propose BILLBOARDs that bridge this gap between
generation modeling and evaluation development.

Generators, Metrics, and Scores A BILL-
BOARD for a language generation task consists
of sets of generators and evaluation metrics: G =
{Gi}Ii=1,M = {Mj}Jj=1. Each generatorGi takes
as input Xk (e.g., source text in machine transla-
tion) and generates text: Yi,k = Gi(Xk). A metric
Mj assigns a score to each generated text given the
generation input and the corresponding set of ref-
erences Rk: si,j,k = Mj(Yi,k,Rk, Xk). The last
two arguments to the function are optional; some
metrics do not require references (i.e., reference-
less or quality estimation metrics) or the generation
input (e.g., BLEU). We then compute the aggregate
score si,j by averaging si,j,k over K test examples.

Rankings In contrast to standard leaderboards,
BILLBOARDs have a dynamic set of evaluation
metrics, and generators are not ranked by a pre-
defined metric. We first rank the metrics by mea-
suring their correlations to human judgments as
commonly done in the generation evaluation lit-
erature (Zhang et al., 2020b; Sellam et al., 2020).
Let hi,k be a human score for Yi,k (i.e., output
from generator Gi on input Xk). We compute the
instance-level Pearson correlation for every metric
Mj between hi,k and si,j,k (Mj score for Yi,k). All
metrics are ranked by their correlations. We then
use the top metric Mj∗ to rank the generators in

the descending order of si,j∗ . We defer our dis-
cussions on alternative design choices (§2.4) and
human evaluations (§2.5). We note, however, that
the overall framework of BILLBOARDs still holds
regardless of these decisions.

2.2 Ensemble of Metrics

So far, we have assumed that metrics are used in-
dividually in isolation, but BILLBOARDs provide a
unique opportunity to examine metrics collectively.
Different metrics can capture different aspects of
generation quality; even if a metric is not suffi-
ciently informative in isolation, it might reflect an
important aspect of text quality that the existing
metrics overlook. Here we consider a straightfor-
ward and interpretable ensemble of metrics using a
regression model with ℓ1 regularization (Tibshirani,
1994). Let the ensemble’s score be

ĥi,k =
J∑

j=1

wj · si,j,k,

where wj is a scalar coefficient associated with the
jth metric and the intercept term is suppressed. We
optimize the vector of coefficients w with the pairs
of output text and a human score {Yi,k, hi,k}Kk=1

from the test data:

w∗ = argmin
w

K∑

k=1

(
hi,k − ĥi,k

)2
+ λ∥w∥1

The ℓ1 regularization produces sparse coefficients
and improves interpretability by removing highly
correlated metrics. Moreover, it avoids the need for
practitioners to run many metrics to obtain an en-
semble score when used outside our BILLBOARDs.
Our goal for the ensemble is to provide a useful
signal to the research community, rather than to
achieve the best possible correlation with human
judges at a given time; we tune λ to get three non-
zero coefficients. Every metric is standardized by
its mean and standard deviation on the test data.

Similar to the individual metrics, we rank this
ensemble metric by its correlation to the human
judgments. To make fair comparisons, we simulate
situations where the ensemble is applied to a newly
submitted generator that has no human evaluations.
Specifically, we perform cross validation that holds
out the human judgments for each generatorGi and
runs regression on the rest; we then apply these I re-
gression models to the corresponding held-out data
and calculate the overall correlation. We will see
that the ensemble metric outperforms all individ-
ual metrics in some cases, suggesting that different
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metrics can capture different aspects.

Reproduciblity The ensemble metric is updated
every time a new metric is submitted (Fig. 1). For
reproducibility, we keep track of every past ensem-
ble metric with a signature that indicates its coeffi-
cients, λ, and input metrics in the backend. Similar
to SACREBLEU (Post, 2018), model developers
can report the signature for easy replication of their
scores from the ensemble metric.3 Further, all gen-
eration outputs are saved on the leaderboards, so
model developers can download outputs from all
past models and compare in any way.

2.3 Mixed-Effects Model Analysis

Recent work (Kasai et al., 2022) observed that auto-
matic metrics tend to overrate machine-generated
text over human one on the MSCOCO image cap-
tioning task (Chen et al., 2015). This problem
is particularly severe in conventional metrics that
are based on n-gram overlap such as BLEU and
CIDEr (Vedantam et al., 2015). This raises a sig-
nificant concern about the continuous use of these
conventional metrics in generation tasks as mod-
els become increasingly powerful (and more simi-
lar to humans); those metrics unintentionally dis-
courage researchers from developing human-like,
strong generation models. To quantify this unde-
sirable property, we propose a linear mixed-effects
model that compares the two groups of machine-
and human-generated text. The underlying model
assumes that si,j,k, the score from metric Mj for
generator Gi and test example k, can be expressed
as (the intercept term is suppressed for brevity):

si,j,k=β
j
01{Gi is machine}+βj1hi,k+γk+ϵi,j,k

where γk is the random effect for example k, and
ϵi,j,k is Gaussian noise. Intuitively, βj0 measures
how much metric Mj overrates machine genera-
tion over human one, compared against the human
judgment hi,k. βj0 = 0 means being neutral, and in-
deed we will find that βj0 is significantly positive in
most cases (§4). We standardize all metric scores
over the test samples to compare the size of βj0. We
apply the lme4 package (Bates et al., 2015).

2.4 Design Choices and Discussion

In our current setup, we make several design
choices for metrics and their rankings:

3E.g., ensemble.wmt20-zh-en+refs.AB+version.1.

• M.1 Metrics are expected to positively correlate
with the generation output quality.

• M.2 By default, metrics are ranked based on their
instance-level Pearson correlations with human
judgments. We also compute and present their
system-level Kendall rank correlations.

• M.3 When available, reference-based metrics use
multiple references per instance.

M.1 implies that we need to take the negative of
metric scores that are intended to negatively corre-
late (e.g., TER, Snover et al., 2006). This normal-
ization is also done in WMT metric competitions
(Callison-Burch et al., 2007, 2008, inter alia).

While instance-level correlations are commonly
used to evaluate and compare automatic metrics for
various language generation tasks (Sellam et al.,
2020; Fabbri et al., 2021; Hessel et al., 2021, inter
alia), there are several alternatives to M.2. For ex-
ample, Pearson, Spearman’s rank, or Kendall rank
correlations can be used on a system (i.e., genera-
tor) level (Callison-Burch et al., 2007; Macháček
and Bojar, 2014; Mathur et al., 2020b). However,
such system-level correlations would substantially
reduce data points to compare automatic scores,
resulting in many ties in the ranking. Spearman’s
and Kendall rank correlations become brittle when
multiple generators are similar in overall output
quality; penalizing a metric for swapping two simi-
lar generators is misleading (Macháček and Bojar,
2014). Moreover, if a metric can perform well on
an instance level, it can be used to augment human
judgments by, for example, flagging likely wrong
ratings (Mathur et al., 2020b). Thus, we encourage
researchers to develop metrics that correlate well
with human judgments on an instance level. Prior
work also points out other problems in ranking
metrics like outlier effects where outlier systems
have a disproportionately large effect on the overall
correlation (Mathur et al., 2020a,b). We therefore
assume M.2 in the current version of BILLBOARDs,
but this can be modified in a future version.

M.3 is supported by our experimental results in
§4 that multiple references substantially improve
reference-based metrics, and a single reference is
often insufficient to outperform strong reference-
less metrics. Some metrics have specifications for
multiple references (e.g., BLEU, CIDEr). In the
other cases, we evaluate outputs against every refer-
ence and take the maximum score, following prior
work on image captioning evaluation (Zhang et al.,
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Article
Arsenal manager Arsene Wenger does not know the
exact reason Alexis Sanchez chose the Emirates Sta-
dium over Anfield – but he is glad the Chile forward
will be lining up for his side rather than against them
for Liverpool on Saturday...
Generated Summary
Alexis Sanchez was courted by a number of elite clubs
last summer. Sanchez has scored 19 goals so far this
season. Arsenal boss Arsene Wenger does not know
if Sanchez decided to join the North London club.

Reference
Xining will implement the Xining Civilized Behav-
ior Promotion Regulations from October 1st, which
focus on 15 types of uncivilized behavior, such as
pedestrians who do not follow the traffic lights and
throw objects from buildings.
Generated Translation
Xining City will implement the “Xining City Civi-
lized Behavior Promotion Regulation” from October
1, focusing on 15 types of uncivilized behaviors such
as pedestrians not passing traffic lights and throwing
objects from buildings.

Article
It may have been her impressive vocals... It’s
now been revealed that X Factor finalist and
pop star Ella Henderson has joined forces
with dry shampoo brand Batiste. The 19-
year-old has been announced as the official
face of the Batiste’s 2015 “Ready For It” cam-
paign, and this will mark the star’s first brand
collaboration... The partnership between the
platinum award-winning artist and the UK’s
number 1 dry shampoo brand...
Generated Summary
Ella, 19, announced as face of Batiste’s 2015
“Ready for It” campaign. X Factor Finalist’s
first brand collaboration with the UK’s No 1
dry shampoo.

Reference
Japanese Prime Minister Shinzo Abe posted a
video to celebrate the 70th anniversary of the
founding of the People’s Republic of China.
Generated Translation
Japanese Prime Minister Shinzo Abe congrat-
ulated the 70th anniversary of the founding of
the People’s Republic of China via video.
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Figure 2: Comparisons and meta-evaluations of crowdworker and rubric-based, expert evaluations for WMT20
ZH-EN and CNNDM summarization. Every dot represents one test instance that is evaluated by the same numbers
of experts and crowdworkers (one for WMT20 ZH-EN and three for CNNDM) for fair comparisons. We randomly
sampled instances with diverging evaluations in two areas and conducted binary meta-evaluations (good or
bad quality ). Meta-evaluations agree more with the expert evaluations: > in the upper left squares and

> in the lower right squares. We suspect that the highlighted text might have caused the disagreement.

2020b; Hessel et al., 2021).4

2.5 Human Evaluation

Human evaluations are required to initialize BILL-
BOARDs; they are used to rank metrics, train the
metric ensembling model, and assess how much
each metric overrates machines. Recent work, how-
ever, points out problems when evaluations are
done by crowdworkers even when extensive qual-
ity controls are performed (Gillick and Liu, 2010;
Toral et al., 2018; Freitag et al., 2021; Clark et al.,
2021). Freitag et al. (2021) show that rubric-based
machine translation evaluations by professional
translators led to substantially different genera-
tor rankings from the crowdsource evaluations in
WMT 2020 (Barrault et al., 2020), where WMT par-
ticipants or Amazon Mechanical Turkers directly
assess each translation’s adequacy by a single score
(direct assessment). These crowdworker evalua-
tions depend highly on individual annotators’ dis-
cretion and understanding of the annotation scheme
(Freitag et al., 2021; Clark et al., 2021), making
it difficult to decompose, interpret, and validate

4Intuitively, the maximum score measures the distance to
the closest out of equally valid generations.

(Kasai et al., 2022). Moreover, these direct assess-
ment scores make it difficult to interpret evaluation
results for downstream applications where some
aspects are particularly important (e.g., accessibil-
ity for people with visual impairments in image
captioning, Gleason et al., 2020; gender bias in
machine translation, Stanovsky et al., 2019).

Motivated by this line of work, we perform meta-
evaluations to compare crowdsourced and rubric-
based expert evaluations. Fig. 2 plots overall scores
for test examples from WMT20 ZH-EN (Barrault
et al., 2020; Freitag et al., 2021) and CNNDM sum-
marization (Fabbri et al., 2021). Each instance is
evaluated by averaging the same number of crowd-
workers and expert scores for fair comparisons. We
see that substantially many instances fall into dis-
agreement: crowdworkers give much higher scores
than experts (lower right square) or the reverse (up-
per left square). We sample and shuffle 20/25 ex-
amples from either type and ask a meta-evaluator
to make a binary decision (good or bad qual-
ity ).5 Meta-evaluations agree more with the ex-
pert evaluations (e.g., 22 and 0 in the upper left

5The meta-evaluations were done by a bilingual speaker
(WMT20 ZH-EN) and the first author of this paper (CNNDM).
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and lower right squares for CNNDM, respectively).
In the examples on the left, crowdworkers fail to
properly assess a valid translation with different
structure than the reference (posted a video to cel-
ebrate vs. congratulated via video) or a summary
that combines information from different parts of
the article. The examples on the right illustrate that
crowdworkers can be fooled by inaccurate yet flu-
ent generations (does not know the reason vs. does
not know if Sanchez decided). Given this result, we
decide to initialize our BILLBOARDs with rubric-
based expert evaluations for all generation tasks.
We still encourage future work to explore ways to
improve crowdsourced evaluations for scalability.

3 Experiments

Having established the framework, we set up BILL-
BOARDs for three natural language generation
tasks: machine translation, summarization, and im-
age captioning. To maximize the performance of
reference-based metrics, we use as many references
as possible for each task. See §4 for an analysis on
the effect of varying numbers of references.

3.1 Tasks

Machine Translation We experiment with two
language pairs from the WMT 2020 news transla-
tion task (Barrault et al., 2020): Chinese→English
(WMT20 ZH-EN) and English→German
(WMT20 EN-DE). We use outputs from all sub-
mitted translation systems.6 These two language
pairs have expert, rubric-based scores (MQM) from
Freitag et al. (2021) for a subset of 10 submitted
systems, including the top-performing systems
and human translations. Each output sentence
is evaluated by three professional translators.
Following Freitag et al. (2021), the three scores are
averaged to get an instance-level score.

We use all human translations available as a
reference set for reference-based metrics. Con-
cretely, every test instance in WMT20 ZH-EN
has two translations provided by different human
translation services: Human-A and Human-B (Bar-
rault et al., 2020). In addition to Human-A and
Human-B, WMT20 EN-DE provides a translation
that is created by linguists who are asked to para-
phrase Human-A and Human-B as much as pos-
sible (Human-P, Freitag et al., 2020). These para-
phrased translations are shown to increase corre-

6https://www.statmt.org/wmt20/
translation-task.html.

lations with human judgments by mitigating the
translationese effect and diversifying the refer-
ence when the generation quality is measured by
reference-based metrics (Freitag et al., 2020).

Along with all submitted generators in WMT20
ZH-EN and WMT20 EN-DE, we train three
transformer baselines with the fairseq library
(Ott et al., 2019) and place them in our BILL-
BOARDs: transformer-base, transformer-large,
and transformer-large-ensemble with similar hy-
perparameters (e.g., 6-layer encoder and decoder)
to the ones trained on the WMT16 EN-DE data
in Vaswani et al. (2017).7 These baselines al-
low researchers to compare their translation mod-
els without resource-intensive techniques such as
backtranslation (Sennrich et al., 2016a), model en-
sembling, and deep encoders (Kasai et al., 2021a).
These techniques are all used in top-performing
systems of WMT20 (Wu et al., 2020a; Kiyono
et al., 2020) but might be infeasible in many re-
search settings. See Appendix B for a list of all
hyperparameters for the baselines.

Summarization We use the CNN/DailyMail cor-
pus (CNNDM, Hermann et al., 2015; Nallapati
et al., 2016). We use the standard train/dev./test
split and 24 models from Fabbri et al. (2021). 100
test articles are annotated with 10 summaries writ-
ten by humans (Kryscinski et al., 2019). For those
100 articles, rubric-based, expert evaluations for 18
generators, including human-written highlights, are
provided by Fabbri et al. (2021).8 Each output sum-
mary is evaluated by three experts along four di-
mensions: coherence (collective quality of all sum-
mary sentences), consistency (factual alignment
with the article, penalizing for hallucinations), flu-
ency (quality of the individual sentences), and rele-
vance (selection of important content). An instance-
level score is computed by averaging scores over
all these categories and the three experts. Note that
this aggregation method can be modified, depend-
ing on the downstream task of interest (Kasai et al.,
2022). All 10 human-written summaries are used

7Data and models are available at https:
//github.com/jungokasai/billboard/tree/
master/baselines.

8Some of the outputs are lowercased and/or tokenized. In
these cases, we apply the NLTK detokenizer (Bird et al., 2009)
and/or the Stanford CoreNLP truecaser (Manning et al., 2014).
We encourage, however, future model developers to provide
clean, untokenized output to improve the reproducibility and
transparency of evaluation results (Post, 2018; Kasai et al.,
2022).
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Single Metrics Ensemble of Metrics
Dataset |G| |M| Top Gen. Top Metric Corr. Linear Combination Corr.
WMT20 ZH-EN 19 15 Huoshan COMET 0.55 1.72·COMET-QE+1.48·COMET+1.21·BLEURT 0.61
WMT20 EN-DE 17 11 Tohoku COMET 0.49 1.19·COMET+0.36·COMET-QE+0.02·Prism-ref 0.51
CNNDM 26 15 Lead-3 COMET 0.41 2.85·COMET+0.26·COMET-QE+0.01·BERTScore 0.29
MSCOCO 4 15 VinVL-large RefCLIP-S 0.45 2.08·RefCLIP-S+1.51·RefOnlyC+0.82·CIDEr 0.45

Table 1: Summary of BILLBOARDs as of Jan. 10, 2022. Huoshan: Wu et al. (2020a); Tohoku: Kiyono et al. (2020);
VinVL-large: Zhang et al. (2021); COMET, COMET-QE: Rei et al. (2020); BLEURT: Sellam et al. (2020); Prism-
ref: Thompson and Post (2020); BERTScore: Zhang et al. (2020b); RefCLIP-S: Hessel et al. (2021); RefOnlyC:
Kasai et al. (2022). COMET-QE is a referenceless metric. BLEURT is specifically trained to evaluate into-English
translations. RefCLIP-S uses image features unlike most metrics for image captioning. RefOnlyC removes image
features from RefCLIP-S and only uses reference text features from CLIP (Radford et al., 2021).

as the reference set for reference-based metrics.9

Image Captioning We use the MSCOCO
dataset (Lin et al., 2014) that consists of everyday-
scene photos sampled from Flickr. Every image
is annotated with five captions written by crowd-
workers (Chen et al., 2015). We apply the standard
Karpathy split (Karpathy and Fei-Fei, 2015). For
each of 500 test images, rubric-based evaluations
(THUMB 1.0) are available for five systems, includ-
ing one caption from a crowdworker (Kasai et al.,
2022). Similar to machine translation and summa-
rization, we use all five crowdworker captions as a
reference set for reference-based metrics.

3.2 Mixed-Effects Models

Our mixed-effects model analyzes how much every
automatic metric overrates machines over humans
(§2.3). This means that we need to free up one hu-
man generation per instance to measure its scores
in the reference-based metrics. For machine trans-
lation, we score Human-B using the reference set
of Human-A (WMT20 ZH-EN) or Human-A and
Human-P (WMT20 EN-DE). For CNNDM, we use
concatenated highlights as human-generated sum-
maries and use the 10 human-written summaries
from Kryscinski et al. (2019) as the reference. We
follow Kasai et al. (2022) for MSCOCO and score
their randomly-selected Human caption using the
other four as the reference. As the distinction be-
tween the reference and human generation (e.g.,
Human-A vs. Human B on WMT20 ZH-EN) is
arbitrary, we found that swapping the roles would
still lead to similar results (See Appendix E).

9Prior work used a concatenation of author-written high-
lights as a reference, but here we do not add it to the reference
set. This is because these highlights are sometimes noisy (e.g.,
containing URLs) or lack coherence (Fabbri et al., 2021).

4 Results and Analysis

Here we discuss the current results and make sev-
eral key observations about the state of language
generation evaluation. Table 1 summarizes the four
BILLBOARDs. It is particularly noteworthy that
COMET, a metric designed for machine transla-
tion, achieves the best correlation on the CNNDM
summarization task as well. COMET evaluates the
similarity between the crosslingual representations
from XLM-RoBERTa (Conneau et al., 2020) for
input text and its translation candidate. But these
crosslingual representations can, of course, be used
monolingually for English summarization. This il-
lustrates an additional benefit of BILLBOARDs that
centralize different generation tasks and find sur-
prising task transferability of learning-based met-
rics. See Appendices B and C for lists of all partic-
ipating generators and metrics.

Ensemble Metric The rightmost section of Ta-
ble 1 shows the chosen metrics and their coeffi-
cients in the ensemble (§2.2). On the machine
translation tasks, the ensemble metric outperforms
the top individual metric.10 In particular, we see
a substantial gain of 0.06 points in WMT20 ZH-
EN. The referenceless metric of COMET-QE is
selected both for WMT20 ZH-EN and WMT20
EN-DE, suggesting complementary effects of di-
verse metrics. To further test this hypothesis, we
perform ablations that drop one out of the three
metrics at a time (Table 2). We see that only drop-
ping COMET-QE would result in a decrease in the
correlation score. This implies that the reference-

10We found a major reason for the anomaly in CNNDM;
an outlier generator that does not use the standard CNNDM
training data (the GPT-2 zero-shot model; Ziegler et al., 2019)
has a disproportionately large effect on the regression models.
The ensemble metric outperformed the top individual metric
of COMET when the zero-shot model was removed.
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less metric provides important information that the
others do not.

Removed Metric – COMET COMET-QE BLEURT

Correlation 0.61 0.61 0.57 0.61

Table 2: Ensemble ablation studies on WMT20 ZH-EN.
Only removing COMET-QE leads to a correlation drop.
See Appendix D for the other datasets.

Mixed-Effects Models Seen in Table 3 are the
results from our analysis that measures how much
metrics overrate machines over humans (§2.3). We
see that the fixed-effect coefficient β0 is signifi-
cantly positive in most cases. Referenceless met-
rics tend to have smaller coefficients. This can be
due to the more diverse nature of human text than
machine-generated text; reference-based metrics
give a low score to human text that differs from the
references even if it is of high quality. The con-
ventional n-gram overlap-based metrics (BLEU,
ROUGE, and CIDEr) have particularly large co-
efficients. These results suggest that the evalua-
tion practice should be regularly updated as our
generation models become stronger (and perhaps,
more similar to human generation) in the future.
Note that unlike the other tasks, “human-generated
text” for CNNDM summarization is an automatic
concatenation of author highlights, which contains
substantial noise (Fabbri et al., 2021). This might
explain the neutral and negative coefficients.

ZH-EN
COMET COMET-QE BLEURT BLEU
0.27±0.02 0.13±0.01 0.32±0.02 0.62±0.02

EN-DE
COMET COMET-QE Prism-ref BLEU
0.08±0.03 −0.17±0.02 0.44±0.02 0.33±0.03

CNNDM
COMET COMET-QE BERTScore ROUGE-L
−0.17±0.12 0.02±0.11 −0.04±0.12 0.33±0.13

COCO
RefCLIP-S RefOnlyC CIDEr CLIP-S
0.09±0.06 0.24±0.06 0.43±0.06 −0.04±0.05

Table 3: β0 fixed-effect coefficients from the linear
mixed-effects models, quantifying how much automatic
metrics overrate machines over humans, relative to hu-
man raters. β0=0 is neutral, and statistical significance
is indicated by red (positive) or blue text (negative). The
subscripts indicate 90% confidence intervals. Three met-
rics that correlate best with the human judgments are
shown as well as one popular metric. COMET-QE and
CLIP-S are referenceless. See §E for the other metrics.
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Figure 3: Correlations with varying numbers of refer-
ences. In all cases, one reference is not sufficient to
outperform the referenceless COMET-QE metric. The
default ROUGE assumes English input.

Effects of the Number of References Fig. 3
plots correlations over varying numbers of refer-
ences. COMET was the top-performing reference-
based metric regardless of the number of refer-
ences, but we observe that it underperforms the
refererenceless metric when only one reference is
given. Model performance in machine translation
and summarization is commonly measured by ap-
plying reference-based metrics against one refer-
ence per instance in the research community. Our
finding thus raises a further concern about the cur-
rent evaluation practice. Finally, we see that pop-
ular choices of BLEU and ROUGE metrics have
much lower correlations than the recent metrics
over various numbers of references, in line with the
recent studies (Mathur et al., 2020a, inter alia).

5 Related and Future Work

Related Benchmarks WMT organizes the met-
ric competition track in parallel with the transla-
tion task every year (Mathur et al., 2020b; Bar-
rault et al., 2020, inter alia). Participants submit
automatic scores for the translation outputs from
the parallel translation task. Unfortunately, most
of these new metrics are not used by subsequent
machine translation work, perhaps because they
are tested solely against the concurrent translation
submissions and it is up to model developers to
execute or even implement new metrics. The GEM
workshop (Gehrmann et al., 2021) conducts exten-
sive analysis of models and evaluation methods
over a wide set of generation tasks. BILLBOARDs
ease the burden through standard leaderboard ex-
perience where generator developers only need to
upload generation outputs for the test split. BILL-
BOARDs also offer automatic ensembling of met-
rics and quantify the diversity that a new metric
adds. The human-in-the-loop GENIE leaderboard
(Khashabi et al., 2021) centralizes crowdsourced
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evaluations for generation tasks. The current BILL-
BOARD setup is based on rubric-based, expert eval-
uation data from previous work, but future work
can explore ways to improve crowdsourced evalua-
tions and use them to update BILLBOARDs.

From Bidimensional to Multidimensional
BILLBOARDs lend themselves to a natural
extension: multidimensional leaderboards. In
particular, generation models have more aspects
than generation quality, such as training and
inference efficiency, sample efficiency, and
robustness. These aspects are often ignored in the
current leaderboard paradigm but are important to
better serving practitioners’ needs (Schwartz et al.,
2019; Ethayarajh and Jurafsky, 2020; Mishra and
Arunkumar, 2021). There are ongoing modeling
and benchmarking efforts especially for efficient
machine translation (Heafield et al., 2020; Peng
et al., 2021; Kasai et al., 2021b, inter alia). We
leave this extension to future work and specifically
target the gap between generation modeling and
evaluation.

6 Conclusion

We introduced BILLBOARDs, a simple yet power-
ful generalization of leaderboards that bridges the
gap between generation modeling and evaluation
research. We established and released four BILL-
BOARDs on machine translation, summarization,
and image captioning tasks. We demonstrated that
their built-in analysis of metric ensembling and
mixed-effects modeling revealed key insights into
the current state of natural language generation and
its evaluation methods. BILLBOARDs allow for a
standard leaderboard experience both on the mod-
eling and evaluation sides. We invite submissions
from researchers through our website.
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Appendices
A Case Studies of Evaluation Practice

Fig. 4 depicts breakdowns of evaluation metrics
used in the papers on machine translation and sum-
marization from NAACL and ACL 2021. We ex-
amined all papers whose title contains “machine
translation” and “summarization.” We see the clear
gap between generation modeling and evaluation
research; most researchers do not take advantage
of recent metrics that correlate better with human
judgments.

B Participating Generators

Here we list the generators submitted in the initial
BILLBOARDs.

B.1 WMT20 ZH-EN

Hyperparameter Value

label smoothing 0.1
# max tokens 1024
dropout rate 0.1
encoder embedding dim 512
encoder ffn dim 2048
# encoder attn heads 8
decoder embedding dim 512
decoder ffn dim 2048
# decoder attn heads 8
max source positions 1024
max target positions 1024
Adam lrate 5× 10−4

Adam β1 0.9
Adam β2 0.98
lr-scheduler inverse square
warm-up lr 1× 10−7

# warmup updates 4000
# max updates 600K
# GPUs 8
length penalty 0.6

Table 4: Transformer-base fairseq hyperparameters
and setting.

We use all 16 submissions for the WMT20 ZH-
EN task (Barrault et al., 2020)11 as well as our own
three transformer baselines that were implemented
in fairseq (Ott et al., 2019). Our baselines al-
low researchers to compare their translation mod-
els without resource-intensive techniques such as
backtranslation (Sennrich et al., 2016a), model en-
sembling, and deep encoders (Kasai et al., 2021a).
Tables 4 and 5 list the hyperprameters. We gener-
ally follow the setting from Vaswani et al. (2017).

11https://www.statmt.org/wmt20/results.
html.

Hyperparameter Value

label smoothing 0.1
# max tokens 4096
dropout rate 0.1
encoder embedding dim 1024
encoder ffn dim 4096
# encoder attn heads 16
decoder embedding dim 1024
decoder ffn dim 4096
# decoder attn heads 16
max source positions 1024
max target positions 1024
Adam lrate 5× 10−4

Adam β1 0.9
Adam β2 0.98
lr-scheduler inverse square
warm-up lr 1× 10−7

# warmup updates 4000
# max updates 600K
# GPUs 8
length penalty 0.6

Table 5: Transformer-large and transformer-large-
ensemble fairseq hyperparameters and set-
ting. Transformer-large-ensemble ensembles four
transformer-large models with different random
initializations.

We use newstest-2019 as the dev. set and the
official training data.12 We apply Moses tokeniza-
tion (Koehn et al., 2007) and BPE with 32K op-
erations (Sennrich et al., 2016b) to English text.
We tokenize Chinese text with the Jieba package,13

following Hassan et al. (2018). Separately from En-
glish, BPE with 32K operations is then applied to
Chinese. The decoder input and output embeddings
are tied. Moses detokenization is applied to get the
final outputs in the last step. We make the three
models and preprocessed train/dev. data publicly
available.14 Table 6 lists all generators and their au-
tomatic evaluation scores from the top-performing
metric (ensemble in this case).

B.2 WMT20 EN-DE

Similar to WMT20 ZH-EN, we use all 14 submis-
sions for the WMT20 EN-DE task along with our
three transformer baselines. The same hyperparam-
eters are chosen as in WMT20 ZH-EN (Tables 4
and 5). We preprocess both English and German
text by the Moses tokenizer and joint BPE with
32K operations. All embeddings are shared. We
apply the Moses detokenizer to get the final outputs.

12http://www.statmt.org/wmt20/
translation-task.html.

13https://github.com/fxsjy/jieba.
14https://github.com/jungokasai/

billboard/tree/master/baselines.
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Figure 4: Breakdowns of evaluation metrics used in the papers on machine translation and summarization from
NAACL and ACL 2021. We examined all papers whose title contains “machine translation” and “summarization”
and disregarded papers primarily on evaluation metrics. “QA” metrics use a QA system to evaluate summaries (e.g.,
Eyal et al., 2019). “Specialized” indicates specialized evaluation in a particular dimension, rather than the overall
generation quality, such as document-level evaluations on contrastive sets (Voita et al., 2019).

Generator Description Score

Huoshan Translate Wu et al. (2020a) 78.85
THUNLP Not available 78.81
Huawei TSC Wei et al. (2020) 78.79
DeepMind Yu et al. (2020) 78.76
WeChat AI Meng et al. (2020) 78.75
Tencent Translation Wu et al. (2020b) 78.74
DiDi NLP Chen et al. (2020) 78.66
OPPO Shi et al. (2020) 78.59
Online-B Not available 78.36
SJTU-NICT Li et al. (2020) 78.27
trans-large-ensemble §B.1 77.35
trans-large §B.1 76.98
Online-A Not available 76.86
trans-base §B.1 76.79
dong-nmt Not available 76.74
Online-G Not available 76.44
zlabs-nlp Not available 75.79
Online-Z Not available 75.05
WMT Biomed Baseline Bawden et al. (2020) 73.89

Table 6: WMT20 ZH-EN generators and reference pa-
pers. The score column indicates the score from the
metric that currently correlates best with the human
judgments (ensemble).

Table 7 shows the generators and their automatic
evaluation scores from the top-performing metric
(ensemble).

B.3 CNNDM Summarization

We submit all 26 models from Fabbri et al.
(2021).15 Table 8 shows all models and their au-
tomatic evaluation scores from the top-performing
metric (COMET).

15https://github.com/Yale-LILY/SummEval.

Generator Description Score

Tohoku-AIP-NTT Kiyono et al. (2020) 90.50
Tencent Translate Wu et al. (2020b) 90.43
OPPO Shi et al. (2020) 90.42
eTranslation Oravecz et al. (2020) 90.39
Online-B Not available 90.38
Huoshan Translate Wu et al. (2020a) 90.32
AFRL Gwinnup and Anderson (2020) 90.16
Online-A Not available 90.12
UEDIN Germann (2020) 89.98
PROMT NMT Molchanov (2020) 89.66
trans-large §B.2 89.60
trans-large-ensemble §B.2 89.59
trans-base §B.2 89.35
Online-Z Not available 89.26
Online-G Not available 88.98
zlabs-nlp Not available 88.65
WMT Biomed Baseline Bawden et al. (2020) 88.23

Table 7: WMT20 EN-DE generators and reference pa-
pers. The score column indicates the score from the
metric that currently correlates best with the human
judgments (ensemble).

B.4 MSCOCO Image Captioning

We submit the four strong models from the liter-
ature (Kasai et al., 2022).16 They share similar
pipeline structure but vary in model architecture,
(pre)training data, model size, and (pre)training
objective. Table 9 shows the models with their pa-
pers and automatic scores from the top-performing
metric (RefCLIP-S).

16https://github.com/jungokasai/THumB/
tree/master/mscoco.

17Model with CIDEr optmization, https://github.
com/microsoft/Oscar/blob/master/VinVL_
MODEL_ZOO.md#Image-Captioning-on-COCO.

18Model with CIDEr optmization.
19Model with cross-entropy optimization, https:

//vision-explorer.allenai.org/image_
captioning.
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Generator Description Score

Lead-3 First 3 sentences -0.011
T5 Raffel et al. (2020) -0.030
BART Lewis et al. (2020) -0.032
Pegasus-dynamic-mix Zhang et al. (2020a) -0.044
RNES Wu and Hu (2018) -0.049
Unified-ext-abs Hsu et al. (2018) -0.056
Pegasus-huge-news Zhang et al. (2020a) -0.056
REFRESH Narayan et al. (2018) -0.067
ROUGESal Pasunuru and Bansal (2018) -0.073
Human-H Highlights -0.075
NEUSUM Zhou et al. (2018) -0.083
BanditSum Dong et al. (2018) -0.083
LATENT Zhang et al. (2018) -0.099
Closed-book-decoder Jiang and Bansal (2018) -0.112
Multi-task-Ent-QG Guo et al. (2018) -0.117
Pointer-Generator See et al. (2017) -0.144
UniLM Dong et al. (2019) -0.151
Bottom-Up Gehrmann et al. (2018) -0.160
JEC Xu and Durrett (2019) -0.167
Fast-abs-rl Chen and Bansal (2018) -0.189
NeuralTD Böhm et al. (2019) -0.215
Improve-abs Kryściński et al. (2018) -0.329
BertSum-abs Liu and Lapata (2019) -0.341
STRASS Bouscarrat et al. (2019) -0.405
GPT-2-zero-shot Ziegler et al. (2019) -0.441
SENECA Sharma et al. (2019) -0.735

Table 8: CNNDM summarization generators and ref-
erence papers. They are from Fabbri et al. (2021), but
we apply detokenization (Bird et al., 2009) and/or true-
casing (Manning et al., 2014) to standardize the model
outputs for better, reproducible evaluations. The score
column indicates the score from the metric that currently
correlates best with the human judgments (COMET).

Generator Description Score

VinVL-large17 Zhang et al. (2021) 83.78
VinVL-base18 Zhang et al. (2021) 83.45
Unified-VLP Zhou et al. (2020) 82.59
Up-Down19 Anderson et al. (2018) 80.63

Table 9: MSCOCO image captioning generators and
reference papers. The score column indicates the score
from the metric that currently correlates best with the
human judgments (RefCLIP-S).

C Participating Metrics

Table 10 discusses details and configurations of the
automatic metrics that we implement in our initial
BILLBOARDs.

Metric Description Refs. Src. Cont.

BLEU20 Papineni et al. (2002) ✓ ✗ ✗

ROUGE-321 Lin (2004) ✓ ✗ ✗
ROUGE-L Lin (2004) ✓ ✗ ✗
METEOR Banerjee and Lavie (2005) ✓ ✗ ✗

TER22 Snover et al. (2006) ✓ ✗ ✗

METEOR23 Banerjee and Lavie (2005) ✓ ✗ ✗

chrF24 Popović (2015) ✓ ✗ ✗

CIDEr25 Vedantam et al. (2015) ✓ ✗ ✗
SPICE Anderson et al. (2016) ✓ ✗ ✗

CharacTER26 Wang et al. (2016) ✓ ✗ ✗
chrF++ Popović (2017) ✓ ✗ ✗

SummaQA27 Scialom et al. (2019) ✗ ✓ ✓
BERTScore Zhang et al. (2020b) ✓ ✗ ✓

BLEURT28 Sellam et al. (2020) ✓ ✗ ✓

COMET29 Rei et al. (2020) ✓ ✓ ✓
COMET-QE Rei et al. (2020) ✗ ✓ ✓

Prism-ref30 Thompson and Post (2020) ✓ ✗ ✓
Prism-src Thompson and Post (2020) ✗ ✓ ✓

CLIP-S31 Hessel et al. (2021) ✗ ✓ ✓
RefCLIP-S Hessel et al. (2021) ✓ ✓ ✓
RefOnlyC Kasai et al. (2022) ✓ ✗ ✓

Table 10: Automatic metrics and their reference papers.
The refs., src., and cont. columns indicate whether they
use references, input source features, and pretrained
contextual representations (e.g., BERT; Devlin et al.,
2019), respectively.

D Additional Ensemble Metric Ablations

Seen in Table 11 are ablation studies for the ensem-
ble metrics where one of the three selected metrics
is removed at a time. Dropping one metric often
has no impact on the correlation score, suggesting
that these metrics are highly redundant and capture
similar aspects of the output quality. BILLBOARDs
encourage researchers to explore ways to diversify
automatic evaluations by updating the ensemble
metric every time a new metric is submitted.

20SACREBLEU implementation of sentence-level BLEU-
4; https://github.com/mjpost/sacreBLEU/
blob/v1.2.12/sacrebleu.py#L999.

21https://pypi.org/project/rouge-score/.
22https://github.com/mjpost/sacrebleu.
23https://www.nltk.org/_modules/nltk/

translate/meteor_score.html.
24https://github.com/m-popovic/chrF.
25https://github.com/salaniz/

pycocoevalcap.
26https://github.com/rwth-i6/CharacTER.
27https://github.com/ThomasScialom/

summa-qa.
28https://huggingface.co/metrics/bleurt.
29https://github.com/Unbabel/COMET/.
30https://github.com/thompsonb/prism.
31https://github.com/salaniz/

pycocoevalcap.
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ZH-EN
– COMET COMET-QE BLEURT

0.61 0.61 0.57 0.61

EN-DE
– COMET COMET-QE Prism-ref

0.51 0.52 0.52 0.52

CNNDM
– COMET COMET-QE BERTScore

0.29 0.23 0.31 0.31

COCO
– RefCLIP-S RefOnlyC CIDEr

0.45 0.44 0.42 0.43

Table 11: Correlations from ensemble ablation studies.
One of the three selected metrics is removed at a time,
and a new Lasso regression model is trained on the
remaining metrics. The bigger the correlation drop is,
the bigger the contribution is from the removed metric.
COMET-QE is a referenceless metric.

E Additional Mixed-Effects Analysis

Table 12 presents fixed-effect coefficients that mea-
sure how much each automatic metric overrates ma-
chines over humans (§2.3). With some exceptions
in CNNDM summarization, almost all automatic
metrics underrate human generations (significantly
positive coefficients). Table 13 swaps the roles of
human-generated text, but we still see similar pat-
terns: almost all metrics overrate machines over
humans, but the problem is mitigated in COMET-
QE, a referenceless, quality estimation metric. This
confirms that our findings hold independently of
the design choice.

F Crowdworker vs. Rubric-based Expert
Evaluations

Seen in Table 14 are examples where crowdworker
evaluators (Barrault et al., 2020) and professional
translators (Freitag et al., 2021) disagree: crowd-
workers give lower scores to the human-generated
translations than the machine-generated ones. The
first case requires document-level context to prop-
erly evaluate. Document-level context and diver-
sity in high-quality human translations can mislead
crowdworkers.
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ZH-EN

COMET-QE Ensemble COMET BLEURT BERTScore CharacTER MoverScore METEOR
0.13±0.01 0.26±0.01 0.27±0.02 0.32±0.02 0.52±0.02 0.56±0.02 0.57±0.02 0.57±0.02

Prism-ref chrF TER chrF++ ROUGE-3 BLEU ROUGE-L Prism-src
0.58±0.02 0.58±0.02 0.59±0.02 0.60±0.02 0.61±0.02 0.62±0.02 0.64±0.02 1.13±0.02

EN-DE

COMET-QE Ensemble COMET MoverScore chrF chrF++ BLEU CharacTER
−0.17±0.02 0.03±0.02 0.08±0.02 0.22±0.03 0.29±0.02 0.32±0.02 0.33±0.03 0.33±0.03

BERTScore Prism-ref TER Prism-src
0.43±0.02 0.44±0.02 0.49±0.03 1.46±0.03

CNNDM

TER COMET Ensemble BERTScore MoverScore COMET-QE CharacTER BLEURT
−0.58±0.14 −0.17±0.12 −0.16±0.12 −0.04±0.12 −0.03±0.11 0.02±0.11 0.14±0.15 0.25±0.12

SummaQA ROUGE-L BLEU Prism-ref chrF chrF++ ROUGE-3 METEOR
0.27±0.10 0.33±0.13 0.37±0.11 0.38±0.12 0.43±0.13 0.45±0.13 0.49±0.11 0.53±0.12

COCO

CLIP-S RefCLIP-S CharacTER chrF ROUGE-3 chrF++ RefOnlyC Ensemble
−0.04±0.05 0.09±0.06 0.13±0.07 0.18±0.07 0.22±0.07 0.23±0.07 0.24±0.06 0.24±0.06

SPICE METEOR BLEU CIDEr ROUGE-L BERTScore TER MoverScore
0.25±0.07 0.32±0.07 0.39±0.07 0.43±0.06 0.44±0.07 0.45±0.06 0.45±0.07 0.51±0.05

Table 12: Fixed-effect coefficients β0 from the linear mixed-effects analysis that measures how much automatic
metrics overrate machine text over human, as compared to human raters (§2.3). β0 = 0 is neutral, and statistical
significance is indicated by red (positive) or blue text (negative). The subscripts indicate 90% confidence intervals.
COMET-QE, Prism-src, SummaQA and CLIP-S are referenceless metrics. In both WMT20 ZH-EN and WMT20
EN-DE, Human-B is evaluated as human-generated translations. Human-A (WMT20 ZH-EN) and Human-A and
Human-P (WMT20 EN-DE) are used as the reference set for reference-based metrics.

ZH-EN

COMET-QE Ensemble COMET BLEURT TER BERTScore ROUGE-3 Prism-ref
0.03±0.01 0.07±0.01 0.08±0.02 0.09±0.02 0.23±0.02 0.24±0.02 0.24±0.02 0.25±0.02

CharacTER ROUGE-L chrF MoverScore METEOR chrFpp BLEU Prism-src
0.25±0.02 0.26±0.02 0.27±0.02 0.27±0.02 0.29±0.02 0.29±0.02 0.30±0.02 0.79±0.02

EN-DE

COMET-QE Ensemble COMET MoverScore Prism-ref chrF BERTScore CharacTER
−0.09±0.02 −0.07±0.02 -0.06±0.03 0.02±0.02 0.18±0.02 0.20±0.02 0.21±0.02 0.22±0.02

chrF++ BLEU TER Prism-src
0.22±0.02 0.23±0.02 0.32±0.02 1.38±0.03

Table 13: Fixed-effect coefficients β0 from the linear mixed-effects analysis that measures how much automatic
metrics overrate machine text over human, as compared to human raters (§2.3). The roles of human translations
are swapped: Human-A is evaluated, and Human-B (WMT20 ZH-EN) and Human-B and Human-P (WMT20
EN-DE) are used as the reference. We still see similar patterns to Table 12: almost all automatic metrics overrate
machines over humans, but the problem is less severe in the referenceless metric of COMET-QE.

WMT20 ZH-EN
Source 希望兴安省继续为白俄罗斯企业提供便利条件。 凭的是相机而动的时势驾驭。
Huoshan It is hoped that Xing’an Province will continue to pro-

vide convenient conditions for Belarusian enterprises.
It is based on the current situation of the camera.

Human-A He hoped that Hung Yen Province would continue to
provide convenient conditions for Belarusian enterprises.

This relies on the ability to seize opportunities.

Human-B He hoped that this could continue in the future. It is based on the observation of various situa-
tions at different times.

Table 14: Examples where crowdsource evaluators (Barrault et al., 2020) and professional translators (Freitag et al.,
2021) disagree: crowdworkers give lower scores to the human-generated translations than the machine-generated
ones. The first case requires document-level context to properly evaluate. 兴安省 is Hung Yen Province in Vietnam
in this context, but there is entity ambiguity. (Xing’an Province that existed in the Republic of China.) The second
one illustrates the diversity of human generations that misleads crowdworkers.
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Abstract

Self-supervised pretraining has made few-shot
learning possible for many NLP tasks. But
the pretraining objectives are not typically
adapted specifically for in-context few-shot
learning. In this paper, we propose to use self-
supervision in an intermediate training stage
between pretraining and downstream few-shot
usage with the goal to teach the model to per-
form in-context few shot learning. We pro-
pose and evaluate four self-supervised objec-
tives on two benchmarks. We find that the
intermediate self-supervision stage produces
models that outperform strong baselines. Ab-
lation study shows that several factors af-
fect the downstream performance, such as the
amount of training data and the diversity of the
self-supervised objectives. Human-annotated
cross-task supervision and self-supervision are
complementary. Qualitative analysis suggests
that the self-supervised-trained models are bet-
ter at following task requirements.

1 Introduction

In-context few-shot learning seeks to solve unseen
tasks at inference time by conditioning on a few
training examples. In particular, in this case we
are interested in methods that forgo any weight up-
dates (Brown et al., 2020). Prior work has been fo-
cused on improving inference time algorithms (e.g.,
rescoring generated outputs (Zhao et al., 2021), se-
lecting (Liu et al., 2021) and ordering (Lu et al.,
2021) the given few-shot examples) and incorpo-
rating extra resources (e.g., fine-tuning models on
human-annotated datasets (Mishra et al., 2021; Ye
et al., 2021; Wei et al., 2022)).

We hypothesise that a different way to improve
in-context few-shot learning is through designing
self-supervised objectives that more closely resem-
ble the format of tasks that the model will be asked
to perform. To do so, we cast the self-supervised

∗Work done during an internship at Meta AI.

training as an intermediate training stage between
language model pretraining and downstream few-
shot evaluation. In particular, we construct training
datasets based on the self-supervised objectives
following similar formats used in the downstream
tasks, fine-tune pretrained language model check-
points on the training datasets, and then evaluate
the models on benchmarks.

In experiments, we consider four self-supervised
objectives, including masked word prediction and
classification tasks related to next sentence pre-
diction (Devlin et al., 2019). We evaluate mod-
els on two benchmarks (13 tasks in total): Super-
GLUE (Wang et al., 2019) and Natural-Instructions
(Mishra et al., 2021). SuperGLUE focuses on dis-
criminative tasks, and Natural-Instructions is a set
of generative tasks.

Empirically, we experiment with pretrained lan-
guage models of two sizes: 125 million parameters
and 1.3 billion parameters. We show that in our best
setting, the 1.3 billion parameters model trained by
the self-supervision performs better than the initial
pretrained language models and two strong base-
lines on average.

Further analysis reveals that (1) the effectiveness
of the self-supervision depends on the amount of
training data, but the benefit of adding more data is
diminishing; (2) the improvements brought by the
self-supervision are in part due to the semantic sim-
ilarity between the training and evaluation tasks;
(3) adding more self-supervised objectives may not
help model performance because adding them does
not contribute to the diversity of the self-supervised
tasks; (4) choosing similar task templates for both
self-supervised and downstream tasks plays a vi-
tal role in improving model performance; (5) self-
supervised tasks and human-annotated datasets are
complementary; (6) generation examples show that
compared to the initial pretrained language models,
self-supervised-trained models are better at follow-
ing the task instructions.
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2 Related Work

In-Context Few-Shot Learning. Brown et al.
(2020) discover that large pretrained language mod-
els can solve unseen tasks at inference time. Recent
work has improved the in-context few-shot perfor-
mance by rescoring generated outputs (Zhao et al.,
2021), selecting (Liu et al., 2021) and ordering (Lu
et al., 2021) the given few-shot examples. Other
work studies pretrained language models’ cross-
task generalization abilities for in-context few-
shot or zero-shot learning using human-annotated
datasets (Ye et al., 2021; Wei et al., 2022; Sanh
et al., 2022; Min et al., 2021; Xu et al., 2022) via
instructions (Weller et al., 2020; Efrat and Levy,
2020; Mishra et al., 2021; Ouyang et al., 2022)
and retrieved examples (Hu et al., 2022; Lin et al.,
2022). Our work differs in that we focus on self-
supervised training.

Fine-Tuning for Few-Shot Learning. Pre-
trained language models for few-shot learning
typically follows the “pretrain then fine-tune”
paradigm (Howard and Ruder, 2018; Radford
et al., 2018; Devlin et al., 2019, inter alia), where
recent work has focused on designing templates
for few-shot fine-tuning (Reynolds and McDonell,
2021; Schick and Schütze, 2021a,c,b; Le Scao and
Rush, 2021; Tam et al., 2021; Gao et al., 2021;
Sorensen et al., 2022), and optimizing soft prompts
(Li and Liang, 2021; Qin and Eisner, 2021; Lester
et al., 2021; Gu et al., 2021; Zhang et al., 2022).
Other work focuses on unifying task formats
to maximize the benefits of human annotations,
including question answering (Zhong et al., 2021),
textual entailment (Yin et al., 2019, 2020; Wang
et al., 2021a), and many other tasks (McCann
et al., 2018; Keskar et al., 2019; Raffel et al., 2020;
Bragg et al., 2021). In contrast, our focus is on
in-context few-shot learning, without fine-tuning
models on downstream task examples.

Pretraining for Few-Shot Learning. Several
papers have adapted various resources for pretrain-
ing models to enhance their performances on few-
shot learning, such as pretraining on hypertext
(Aghajanyan et al., 2021b), question-infused pre-
training (Jia et al., 2021), and self-training (Du
et al., 2021; Vu et al., 2021; Wang et al., 2021b).
Pretraining approaches have targeted specific tasks,
such as task-oriented dialog (Mi et al., 2021), intent
detection (Zhang et al., 2021), and data-to-text gen-
eration (Chen et al., 2020). Our work differs as we

use plain text as opposed to (naturally-occurring)
human-annotated resources. Relatedly, Bansal et al.
(2020) used self-supervised meta-learning for few-
shot text classification rather than in-context few-
shot learning.

Intermediate Fine-Tuning. Since our approach
involves an extra training stage between pretrain-
ing and downstream evaluation, it is also related
to prior work that uses multi-stage fine-tuning on
human-annotated datasets for generic tasks (Phang
et al., 2018; Pruksachatkun et al., 2020; Chang and
Lu, 2021; Aghajanyan et al., 2021a; Poth et al.,
2021) and text classification (Zhang and Zhang,
2021). Relevant work also studies intermediate
fine-tuning using crosslingual supervision (Phang
et al., 2020; Moghe et al., 2021). Rubino and
Sumita (2020) use an intermediate self-supervised
training stage for machine translation quality esti-
mation.

3 Method

We describe four self-supervised training objectives
that will be used to train models before downstream
evaluations.

We begin by defining the example and the in-
stance used during our self-supervised training. An
example is an input-output pair. To differentiate
the input and the output, we append special tokens
“Input:” and “Output:” to the beginning of input
text and output text respectively where the two
texts are also separated by the 〈newline〉 token (see
Figure 1 for examples).1

An instance is a linearized string formed by sev-
eral examples from the same task (e.g., see Fig-
ure 2). As we encode the text using causal atten-
tion, the examples closer to the beginning of input
sequences can be seen as task demonstrations, re-
sulting in efficient computation.

When constructing the training examples, we
pick three or more consecutive sentences (depend-
ing on the minimum sequence length we enforce on
the sentences) and then apply task-specific rules to
automatically create training data. To form a train-
ing instance, we randomly select examples from the
same task until reaching the maximum sequence
length (i.e., 2048). During training, we compute
a cross-entropy loss on tokens in the output texts.

1We chose this special symbol because we always start
the self-supervised training from a pretrained language model
checkpoint.
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Natural language processing is a subfield 
of computer science concerned with the 
interactions between computers and 
human language. The goal is a computer 
capable of "understanding" the contents 
of documents.

Masked Word Prediction

Input: Natural language processing is a subfield 
of computer science concerned with the 
interactions between ___. The goal is a 
computer capable of "understanding" the 
contents of documents.
Output: computers and human language

Original Raw Text

Input: Natural language processing is a subfield 
of computer science concerned with the 
interactions between computers and human 
language. Question: The goal is a computer 
capable of "understanding”?
Output: the contents of documents.

Last Phrase Prediction (Generation) Input: Natural language processing is a subfield 
of computer science concerned with the 
interactions between computers and human 
language. Question: The goal is a computer 
capable of "understanding”? Answer: the 
development of new models.
Output: False

Last Phrase Prediction (Classification)

Input: Natural language processing is a subfield 
of computer science concerned with the 
interactions between computers and human 
language. The following is a list of some of the 
most commonly researched tasks in computer 
vision.
Output: False

Classification

Input: Natural language processing is a 
subfield of computer science concerned 
with the interactions between 
computers and human language.
Output: The goal is a computer capable 
of "understanding" the contents of 
documents.

Next Sentence Generation

Figure 1: Examples of our self-supervised training tasks. Each example is an input-output pair constructed from
the raw text.

Input: Natural language processing is … <newline> Output: … the contents of documents. <newline> Input: Computer vision deals with … <newline> Output: … visual system. <newline>

First example Second example

Figure 2: An example of a training instance. Each instance is formed by several training examples. During training,
we use left-to-right language models and compute a cross-entropy loss on the output texts (indicated by the red
color in the shown example). We note that when computing the loss on the second example, the first example can
be seen as task demonstrations. For brevity, we show part of the input and output texts.

We describe details of the self-supervised tasks in
the following subsections.

3.1 Next Sentence Generation

In light of the strong performance of language mod-
els on in-context few-shot learning (Brown et al.,
2020), we incorporate the language modeling as
one of our self-supervised tasks, which we call
“next sentence generation” (NSG). NSG asks the
model to generate the next sentence given previous
sentences as context. When building data for this
task, we use the last sentence as output and the rest
of the sentences as input.

3.2 Masked Word Prediction

The second task we consider is based on masked
word prediction (MWP) which is commonly used
in pretraining generic text encoders (Devlin et al.,
2019; Liu et al., 2019). The task asks the model
to fill in the missing information based on the sur-
rounding context. Specifically, MWP randomly
replaces words in input sentences with a special
symbol and requires models to recover the masked
words in the input. For this task, we create input
text by randomly replacing 1∼20 words in the input
text with a special token2 and use the masked out

2We randomly select the special token from the following
list: ___, 〈〈〉〉, @@@, (()), $$$, %%%, ###, ***, and +++.
We use random symbols instead of a fixed symbol because
we found that it gives better performance in our preliminary
experiments.

words as the output text.

3.3 Last Phrase Prediction

Inspired by the LAMBADA dataset (Paperno et al.,
2016), a question answering dataset which asks
models to predict the last word in a sentence given
several sentences of context, we create a “last
phrase prediction” (LPP) task, which requires pre-
dicting the last phrase in a sentence. To solve this
task, models need to draw relevant information
from the context and the learned knowledge during
pretraining. We cast LPP as either a generation
task or a classification task. The latter variant of
LPP is a binary classification task that labels if the
given answer is the correct phrase. To facilitate a
unified format of these two tasks, we append a spe-
cial token “Question:” to the beginning of the last
sentence and replace the last phrase with a ques-
tion mark. For the classification LPP, we separate
the given answer and the previous context and sen-
tences with a special token “Answer:”. An example
of this task is shown in Figure 1.

More specifically, we identify the last phrase of
a sentence based on a set of function words (see
appendix A.5 for the list of function words). If
there are multiple function words in a sentence, we
pick the last one. Then we treat the text segment
starting from the function word as the last phrase.3

3We ensure that the last sentence in raw text for this task
always has at least one valid function word and the function
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Natural language processing is a subfield 
of computer science concerned with the 
interactions between computers and 
human language. The goal is a computer 
capable of "understanding" the contents 
of documents.

Shuffled Sentences

The goal is a computer capable of 
"understanding" the contents of 
documents. Natural language processing is 
a subfield of computer science concerned 
with the interactions between computers 
and human language. 

Original Sentences

Computer vision deals with 
how computers can gain high-level 
understanding from digital 
images or videos. It seeks to 
understand and automate tasks that 
the human visual system can do.

Different Documents

Natural language processing is a subfield of 
computer science concerned with the 
interactions between computers and human 
language. The following is a list of some of the 
most commonly researched tasks in computer 
vision.

Multiple Documents

Input: Natural language processing is … <newline> Output: True <newline>
Input: Computer vision deals with … <newline> Output: False <newline>
Input: Natural language processing has been … <newline> Output: True <newline>
Input: Computer Vision was … <newline> Output: False <newline>

From document A
From document B
From document A
From document B

Figure 3: Example illustrating the construction of training instances for our classification task. There are four
input types, and each training instance has two or three types. As the shown instance has the following two types:
"original sentences" and "different documents", it comprises examples from two different documents. The instance
resembles the next sentence prediction task, encouraging models to compare topical similarities between the two
examples.

When selecting negative answers, we randomly
choose from the phrases extracted from the same
function words (to make the negative answers more
challenging).

3.4 Classification

Similar to the next sentence prediction task (Devlin
et al., 2019) and the sentence ordering prediction
task (Jernite et al., 2017; Chen et al., 2019) for pre-
training language representations, we create a clas-
sification task (CL) for our self-supervised training.
As shown in Figure 3, for this task, we consider
four types of input: original sentences, shuffled sen-
tences, sentences from a different document, and
sentences from multiple documents. In particular,
for original sentences, we directly use text from
original human-written documents. For shuffled
sentences, we randomly shuffle all the input sen-
tences. For sentences from multiple documents,
we randomly replace 50% of the input sentences
with sentences from another document. We also
ensure that the selected sentences (from both the in-
put and another document) are consecutive in their
original documents. For sentences from different
documents, we replace the input sentences with
sentences from another document. See Figure 3 for
an example of each type of input.

When constructing a training instance, we ran-
domly pick one or two additional input types and
combine them with the original sentences to form
a binary or three-way classification task. We also
randomly assign label strings to input types in each
instance to ensure that models follow the infor-
mation given by earlier examples when making
predictions.

The classification task is different from the other
self-supervised tasks described in earlier subsec-

word lies at the second half of the sentence.

tions. It explicitly requires models to compare in-
puts across examples in a training instance to de-
termine if the given input shares similar properties
with the others.

4 Experiment

4.1 Training Setup

For the pretrained language model checkpoints, we
use the 125 million parameters (125M) and the
1.3 billion parameters (1.3B) dense model from
Artetxe et al. (2021). These pretrained models have
shown results comparable to GPT3 across various
tasks.

For self-supervised training, we use a subset of
documents from the RoBERTa training corpus (Liu
et al., 2019) that contains four domains: BOOK-
CORPUS plus Wikipedia, CC-NEWS, OPENWEB-
TEXT, and STORIES. Specifically, we randomly
sample 100k documents from each domain except
STORIES where we only sample 10k documents as
the documents there are much longer than the oth-
ers. The final training data contains approximately
1 million instances with 250k training instances per
task.4 For the 125M model, we train for 10 epochs,
which takes roughly 1 day on a V100 GPU. For
the 1.3B model, we train for 5 epochs, which takes
roughly 3 days on 2 V100 GPUs.

4.2 Evaluation Setup

The instance and example during evaluation shares
similar definition as those in Sec. 3 except that each
evaluation instance has only one example from
test splits and it is placed at the last position in
the instance. The other examples in the instance

4The average numbers of example per instance for each
data source are: 6.9 for BOOKCORPUS plus Wikipedia, 5.3 for
CC-NEWS, 3.5 for OPENWEBTEXT, and 7.2 for STORIES.
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GPT3 ${Context}〈newline〉${Question}〈newline〉 - [${Label}] ${Answer}
Ours Input: ${Context} Question: ${Question} Answer: ${Answer}〈newline〉Output: ${Label}

Table 1: Evaluation templates for MultiRC. ${·} represents values drawn from a particular data field. We alter
the GPT3 template for this task to share a similar format with one of our self-supervised tasks (i.e., classification
LLP in this case). The red, boldfaced texts are used to compute the language modeling perplexities for ranking the
labels. We note that the shown template is for a single example, and there could be multiple examples within an
instance.

(i.e., task demonstrations) come from either train-
ing splits or task-specific instructions depending
on benchmarks.

We evaluate the models on two benchmarks: Su-
perGLUE and Natural-Instructions. SuperGLUE
is a set of tasks focusing on natural language un-
derstanding. We use BoolQ (BQ; Clark et al.,
2019), CB (De Marneffe et al., 2019), COPA (CA;
Roemmele et al., 2011), MultiRC (MC; Khashabi
et al., 2018), and RTE (RE; Giampiccolo et al.,
2007; Bentivogli et al., 2009; Dagan et al., 2006;
Bar Haim et al., 2006).5 We report results for the
official development sets. The task demonstrations
are examples randomly selected from the training
sets. We report mean and standard deviations of
five runs with different random seeds. Following
GPT3, we use a ranking based approach when eval-
uating the models (i.e., pick the best label based on
language modeling perplexities).

Natural-Instructions. Natural-Instructions eval-
uates models’ cross-task generalization abilities
where all the tasks are generation tasks. It splits
the tasks into two groups for training and evalu-
ation. We use the same task split and evaluate
models on the following task categories: question
generation (QG), answer generation (AG), mini-
mal modification (MM), and verification (VF).6

Each task category has two tasks. Following the
few-shot setting used in Mishra et al. (2021), we
evaluate models using 100 examples per task, use
greedy decoding, and report ROUGE-L (Lin, 2004)
scores per task category. For task demonstrations,
we use the positive examples in the instructions in

5We exclude WSC (Levesque et al., 2011) and ReCoRD
(Zhang et al., 2018) as pretrained models, including GPT3,
require scoring algorithms at inference time to achieve com-
petitive results. We exclude WiC (Pilehvar and Camacho-
Collados, 2019) because GPT3-like models, including GPT3
and our models, do not give accuracies significantly better
than random baselines.

6We discard training tasks that share the same source
datasets with evaluation tasks as we found that tasks with
the same source dataset may contain leaked labels. We ex-
clude the binary classification tasks because the class labels
are severely imbalanced (i.e., more than 80% of the class
labels belong to one category).

Natural-Instructions.

SuperGLUE. As our self-supervised tasks are
formatted as input-output pairs, we change the task-
specific templates for SuperGLUE to make them
more similar to our self-supervised tasks. For ex-
ample, as shown in Table 1, we make MultiRC
similar to the classification LPP. More details of
the template changes are in appendix A.6.

For both benchmarks, we also report an averaged
performance for each model. For SuperGLUE,
the average performance is computed based on the
means of task performances. When a task has two
metrics, we take the average of the two as the task
performance.

More details on the dataset statistics and met-
rics for each task for both benchmarks are in ap-
pendix A.2.

Baselines. We consider four baselines: (1) di-
rectly evaluating pretrained language models on
the benchmarks (LM) ; (2) performing additional
language modeling training on the subset of the
original data that is used for constructing the self-
supervised tasks (ExtraLM). We use ExtraLM to
approximately measure the contribution of addi-
tional computation; (3) fine-tuning on training sets
for the tasks outside the evaluation sets (CrossTask).
We use CrossTask to estimate the performances
of cross-task supervision from human-annotated
datasets; and (4) fine-tuning on training sets for the
tasks in the evaluation sets (SameTask). SameTask
serves as an oracle baseline estimating the approxi-
mated upperbound performances of cross-task su-
pervision.

Since SuperGLUE does not have an official split
for the CrossTask setting, we split the datasets into
two groups according to the task category and re-
port the CrossTask results based on “CrossTask
(QA→NLI)” and “CrossTask (NLI→QA)”.7 As
we alter the task templates, we report results for
evaluating the pretrained language model check-

7“QA→NLI” suggests that we train models on the NLI
tasks and evaluate on the QA tasks. Similarly, for “NLI→QA”,
we train models on the QA tasks and evaluate on the NLI tasks.
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Model MS BoolQ MultiRC COPA RTE CB Avg.
LM 125M 52.1(1.7) 5.2(0.7)/49.5(1.1) 67.6(2.3) 52.0(1.2) 50.7(3.2)/34.8(2.5) 48.4
ExtraLM 125M 51.5(1.7) 5.1(0.8)/49.7(1.0) 68.0(1.6) 52.3(1.2) 49.5(4.6)/35.5(5.6) 48.3
NewTemplate 125M 52.2(1.8) 5.2(0.6)/47.9(1.4) 63.0(2.5) 50.8(2.0) 46.4(7.3)/30.1(6.4) 46.2
CrossTask(NLI→QA) 125M 38.1(0.3) 5.1(0.7)/43.5(2.5) 65.4(2.1) - - 42.2CrossTask (QA→NLI) 125M - - - 53.6(0.5) 39.6(1.5)/19.9(1.2)
SameTask 125M 71.2 19.9/66.9 72.0 67.3 71.4/60.2 61.9
Self-Supervised 125M 55.7(0.6) 7.0(1.0)/60.2(0.3) 67.6(2.1) 53.0(1.5) 50.0(5.2)/39.8(3.0) 51.0
LM 1.3B 48.6(2.3) 5.5(0.5)/53.7(0.7) 83.4(1.7) 51.9(1.2) 53.6(5.2)/37.2(3.7) 51.8
ExtraLM 1.3B 49.6(1.9) 4.9(0.6)/54.8(0.6) 82.6(1.5) 52.9(1.9) 51.4(7.5)/35.6(5.3) 51.7
NewTemplate 1.3B 51.3(1.3) 5.0(0.4)/52.8(1.2) 81.2(2.4) 50.8(2.3) 49.3(4.7)/33.7(4.2) 50.7
CrossTask(NLI→QA) 1.3B 53.4(0.8) 1.2(0.3)/57.2(0.3) 76.2(2.9) - - 49.6CrossTask (QA→NLI) 1.3B - - - 54.3(1.2) 44.6(3.6)/25.2(4.9)
SameTask 1.3B 77.1 27.5/71.6 85.0 68.1 75.2/64.3 69.9
Self-Supervised 1.3B 61.7(0.3) 5.2(0.1)/62.1(0.3) 84.0(2.7) 53.1(0.7) 54.3(2.0)/37.0(1.9) 55.6

Table 2: SuperGLUE results. We report mean and standard deviations (the numbers in parenthesis) of five runs.
The best result (we take the average if there are two metrics) except SameTask in each column for each model size
is boldfaced. MS=model size.

Model MS QG AG MM VF Avg.
GPT3 - 43.0 50.0 70.0 32.0 48.8
LM 125M 33.7 12.9 53.0 14.7 28.6
ExtraLM 125M 34.4 13.4 53.7 14.3 28.9
CrossTask 125M 22.0 24.8 66.9 17.9 32.9
SameTask 125M 54.8 42.3 77.3 78.3 63.2
SelfSup. 125M 16.9 14.6 70.1 18.9 30.0
LM 1.3B 40.9 32.5 74.0 27.8 43.8
ExtraLM 1.3B 41.1 32.7 75.9 25.2 43.7
CrossTask 1.3B 38.1 41.6 69.2 23.0 42.9
SameTask 1.3B 55.5 64.6 81.0 80.4 70.4
SelfSup. 1.3B 43.9 37.5 72.3 28.6 45.5

Table 3: Natural-Instructions results. The results for
GPT3 are taken from Mishra et al. (2021). The best
result except SameTask in each column for each model
size is boldfaced. MS=model size.

Model BQ MC CA RE CB Avg.
LM 52.2 26.6 63.0 50.8 38.3 46.2
SelfSup. 55.7 33.6 67.6 53.0 44.9 51.0
NSG 52.1 25.9 64.0 51.0 41.2 46.9
CL 52.5 26.8 61.4 50.9 48.1 47.9
MWP 51.9 26.3 61.8 50.8 36.1 45.4
LPP 53.5 29.5 61.6 52.0 40.3 47.4

Table 4: SuperGLUE results when training the 125M
model with only one of the self-supervised tasks.

points using the new templates (NewTemplate) to
study the effect of new templates.

4.3 Results
We report the results for SuperGLUE and Natural-
Instructions in Table 2 and Table 3. Our findings
are as follows:

1. Our proposed self-supervised training achieves
the best performance on average for both bench-
marks.

2. ExtraLM and NewTemplate show similar perfor-
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1.3B SuperGLUE

0 1% 10% 20% 50% 100% 200%

43.0

43.5

44.0

44.5

45.0

45.5

1.3B Natural-Instructions

Figure 4: Average results for the 1.3B model on Super-
GLUE and Natural-Instructions when varying the num-
ber of examples used for self-supervised training.

Model QG AG MM VF Avg.
LM 33.7 12.9 53.0 14.7 28.6
SelfSup. 16.9 14.6 70.1 18.9 30.0
NSG 32.3 12.5 54.0 13.8 28.2
CL 8.3 0.3 1.0 2.7 3.1
MWP 15.2 19.4 50.5 17.8 25.7
LPP 11.3 16.6 49.5 19.9 24.3

Table 5: Natural-Instructions results when training the
125M model with only one of the self-supervised tasks.

mances as the pretrained language model check-
points, suggesting that the improvements from
our self-supervised training is unlikely to come
from the additional training on the data and the
task template changes.

3. Compared to the pretrained language model
checkpoints, CrossTask shows worse perfor-
mances on both benchmarks, which is likely
due to the differences between training tasks and
evaluation tasks.

5 Analysis

5.1 Effect of Amount of Data

In Figure 4, we report model performances for
the 1.3B model on SuperGLUE and Natural-
Instructions with 1%, 10%, 20%, 50%, and 200%

3563



ALL ALL+MoreTask
SuperGLUE Results

125M 51.0 50.9
1.3B 55.6 55.6

Natural-Instructions Results
125M 30.0 31.7
1.3B 45.5 45.4

Table 6: Average results when adding denoising
autoencoding and gap sentence prediction to the
self-supervised training. ALL: use all of the self-
supervision described in Sec. 3.

LM Correct Label Random Label
SuperGLUE Results

125M 46.2 51.0 38.2
1.3B 50.7 55.6 42.5

Natural-Instructions Results
125M 28.6 30.0 19.1
1.3B 43.8 45.5 31.5

Table 7: Average model performance comparing
whether we assign random labels to the self-supervised
tasks.

of training examples.8 We train the models for ten
epochs.9 As shown in the figure, when the amount
of training data for self-supervised tasks is similar
to that for the CrossTask setting (i.e., 1% data),
the self-supervised tasks also lead to worse perfor-
mances. The improvements become clearer when
we increase the number of training data, but it be-
gins to plateau at around 100% data. This suggests
that one of the advantages of the self-supervised
tasks compared to the tasks in the CrossTask set-
ting is the amount of training data. We hypothesize
that further increasing the amount of data not being
helpful is because the data used for constructing
the self-supervised tasks has already been used for
language model pretraining. So, our models man-
age to learn to solve these tasks with a relatively
limited amount of data. We have similar observa-
tions for the 125M model. See appendix A.8 for
more details.10

5.2 Effect of Individual Self-Supervised
Tasks

We investigate the effect of individual self-
supervised tasks by training models with only one

8We apply the same ratio to all the self-supervised tasks
and use the same development sets for each task across these
settings.

9Upon manual inspection, we found that the development
set loss values in these experiments have converged.

10Our goal for this analysis is to show the rough trends of
model performance when varying the amount of training data,
rather than to provide an exact estimate of the training data
required for the self-supervised training.

MS GPT3 Template Our Template
LM 125M 48.4 46.2
SelfSup 125M 47.2 51.0
LM 1.3B 51.8 50.7
SelfSup 1.3B 51.1 55.6

Table 8: Average results for SuperGLUE when using
different task templates. MS=model size.

Model MS QG AG MM VF Avg.
LM 125M 33.7 12.9 53.0 14.7 28.6
CrossTask 125M 22.0 24.8 66.9 17.9 32.9
SelfSup. 125M 16.9 14.6 70.1 18.9 30.0
Combined 125M 23.5 25.2 70.3 18.5 34.4
LM 1.3B 40.9 32.5 74.0 27.8 43.8
CrossTask 1.3B 38.1 41.6 69.2 23.0 42.9
SelfSup. 1.3B 43.9 37.5 72.3 28.6 45.5
Combined 1.3B 42.1 42.5 74.1 28.7 46.9

Table 9: Natural-Instructions results when combining
the self-supervised tasks and the tasks in the CrossTask
setting. The best performance in each column for each
model size is boldfaced. MS=model size.

task. We report the experiment results in Table 4
and Table 5. More results and discussions are in
appendix A.9. Our findings are:

1. Combining all four self-supervised tasks results
in the biggest improvements for most tasks, sug-
gesting that the tasks are complementary.

2. Each self-supervised task improves a few down-
stream task performances (e.g., NSG helps
COPA; CL helps MultiRC and CB). This is likely
due to similarities between tasks.

3. It is worth noting that while CL hurts model per-
formances on Natural-Instructions, it helps on
the SuperGLUE. We hypothesis that this is be-
cause unlike Natural-Instructions, SuperGLUE
is ranking based and, therefore, more favorable
to classification-related training.

4. It is interesting to see that NSG and CL tasks
are the two most beneficial to downstream per-
formance among the four self-supervised tasks.
This is likely due to (1) the generic task for-
mulation of NSG, and (2) CL requires different
inference abilities compared to the other self-
supervised tasks. It is also interesting that train-
ing on only one of the self-supervised tasks can
hurt the performance on Natural-Instruction.

5.3 Effect of More Self-Supervised Tasks

To investigate the effect of having more self-
supervised tasks during training, we add two extra
self-supervised tasks to the self-supervised training,
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Task Prompt Task Input Reference LM Self-Supervised
Construct a
question from
the given fact
by a simple
rearrangement
of words.

Fact: Pollen seeds come from male
gametes of plants.

what seeds come
from male ga-
metes of plants?

What might
cause harm to
plants?

What would you
use to measure
the number of
male gametes of
plants?

Ask a question
on “event dura-
tion” based on
the provided
sentence.

Sentence: At the sight of the great
man, Spear flushed crimson, and then
his look of despair slowly disappeared;
and into his eyes there came incredu-
lously hope and gratitude.

How long did
Spear see the
great man?

How long did he
stay in the Em-
bassy?

How long did it
take for Spear to
look at the great
man?

Answer the
given question.
Your answer
must be a
single span in
the passage.

Passage: ... The following year he won
a scholarship to the Royal Academy
of Music, ... The principal of the
Academy, Sir Alexander Mackenzie,
had forbidden ... Question: What was
the full name of the school Sir Alexan-
der Mackenzie was principal of?

Royal Academy
of Music.

Oliver. the Royal
Academy of
Music.

Answer the
given question.
Your answer
must be a
single span in
the passage.

Passage: ... Epitaph Records, founded
by Brett Gurewitz of Bad Religion,
was the base for many future pop punk
bands ... The mainstream pop punk of
latter-day bands such as Blink-182 is
criticized by many punk rock devotees;
in critic Christine Di Bella’s words ...
Question: What is the full name of the
person that is very critical of modern
mainstream pop punk bands?

Christine Di
Bella.

the “Bad Reli-
gion”.

many punk rock
devotees.

Table 10: Generation examples by the 1.3B model. The examples are taken from Natural-Instructions. The first
two examples are from QG, and the other two are from AG. We only show part of the passages relevant to the
outputs for QA for brevity.

following the same procedure as the other tasks.
The additional tasks are: denoising autoencoding
(Lewis et al., 2020) and gap sentence generation
(Zhang et al., 2020). Denoising autoencoding is
the task of reconstructing the original sentences
from sentences corrupted by random noises, which
has been shown effective for training generic lan-
guage representations; gap sentence generation is
to recover the missing sentence and has been found
useful for abstractive summarization.

We report the results in Table 6 where we do
not find adding the two tasks improves downstream
tasks. This is likely because the two tasks share
similarities with our existing tasks (e.g., gap sen-
tence generation shares a similar inference style as
MWP). So, adding them does not promote diversity
in the self-supervised tasks, leading to the fact that
the models are not encouraged to learn different
information.

5.4 Effect of Few-Shot Templates

The self-supervised training brings two benefits:
making models familiar with the few-shot tem-
plates and task semantics. To differentiate the effect
of the two, we train models on the self-supervised
tasks with random labels. For example, for NSG,

we use random sentences as outputs rather than
the true next sentences; for the binary classifica-
tion tasks, we randomly select binary labels. As
shown in the results in Table 7, random labels hurt
model performances, suggesting that what the mod-
els have learned is more than the few-shot tem-
plates.

We also investigate the effect of task templates
for SuperGLUE by evaluating models using differ-
ent templates. We report results in Table 8 where
we find that having the templates for downstream
tasks similar to the ones used for self-supervised
training gives the models significantly better per-
formances.

5.5 Zero-Shot vs. One-Shot vs. Few-Shot

We show zero-shot, one-shot, and few-shot perfor-
mances for the LM and the self-supervised model
in Table 11. We find that among the three settings,
the self-supervised training is the most helpful in
the few-shot setting and does not help in the zero-
shot setting, suggesting that the self-supervised
training improves the models’ in-context learning
capabilities.
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Zero-Shot One-Shot Few-Shot
LM SS LM SS LM SS

125M 46.7 44.3 42.6 46.1 46.2 51.0
∆ (-2.4) (+3.5) (+4.8)

1.3B 49.5 49.9 46.5 50.8 50.7 55.6
∆ (+0.4) (+4.3) (+4.9)

Table 11: Average results for SuperGLUE showing the
zero-shot, one-shot, and few-shot model performances
for the LM and the self-supervised model (SS). The
numbers in parenthesis are the performance differences
between the LM and the SS with the positive numbers
indicating improvements. We boldface the largest im-
provement for each model.

5.6 Combine Self-Supervision with
Cross-Task Human-Supervision

We investigate the relations between the self-
supervised tasks and the human-annotated tasks.
We combine the tasks from the self-supervision
and those from the CrossTask and report the results
in Table 9. Interestingly, combining the two kinds
of tasks results in better performances on average,
showing that they are complementary.

5.7 Generation Examples

We show generation examples in Table 10. In gen-
eral, we find that compared to the vanilla pretrained
language models, the self-supervised models are
better at using information from task input follow-
ing task requirements. Specifically, for the first
two examples in Table 10, the LM suffers from
more severe semantic drift than the self-supervised
model (e.g., “male gametes of plants” is more spe-
cific and relevant to the task input than “plants”).
We have similar observations for the third example,
where “Oliver” is a name from the task demon-
stration rather than the passage. Interestingly, for
the last example, the answer generated by the LM
is from the passage but is actually “the base for
many future pop punk bands” instead of what the
question looks for (i.e., “very critical of modern
mainstream pop punk bands”). While the answer
generated by the self-supervised model does not
exactly match the reference, it is partially correct
as the mainstream pop punk “is criticized by many
punk rock devotees”.

6 Conclusion

We evaluated four self-supervised objectives on
two few-shot benchmarks by casting the self-
supervised training as an intermediate training
stage between language model pretraining and

downstream few-shot evaluation. Empirically, we
have shown that the models trained by the self-
supervised objectives show the best performances
compared to strong baselines on average. Analysis
showed that (1) the amount of self-supervised train-
ing data and the diversity of the self-supervised
tasks can affect the downstream performances.;
(2) the self-supervised tasks are complementary
to the human-annotated datasets; and (3) the self-
supervised-trained models are better at following
task requirements.
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A Appendix

A.1 Additional Details for LPP and
Classification Tasks

The label strings we used for LPP are as follows:
Yes and No, Y and N, True and False, and T and
F. We randomly choose from Yes, Y, True, and T
as the label string for the positive label and use the
other one in the selected pair as the negative label.

The label strings we used for the binary classifi-
cation task are the same as the classification LPP
task. For the three-way classification task, we use
the following label strings: Positive and Negative
and Neutral, True and False and Neither, T and F
and N, Yes and No and Unknown, Y and N and U.

A.2 Dataset Statistics

We report dataset statistics for SuperGLUE and
Natural-Instructions in Table 12 and Table 13, re-
spectively.

A.3 Training Details

We train our models in PyTorch (Paszke et al.,
2017) using FAIRSEQ (Ott et al., 2019).

A.4 More Details for Natural-Instructions

Dataset Sources. CosmosQA (Huang et al.,
2019), DROP (Dua et al., 2019), EssentialTerms
(Khashabi et al., 2017), MCTACO (Zhou et al.,
2019), MultiRC (Khashabi et al., 2018), QASC
(Khot et al., 2020), Quoref (Dasigi et al., 2019),
ROPES (Lee et al., 2021) and Winogrande (Sak-
aguchi et al., 2020).

Training Datasets. We used the following 8
datasets when training models in the cross-task set-
ting: subtask026_drop_question_generation,
subtask060_ropes_question_generation,
subtask028_drop_answer_generation, sub-
task047_misc_answering_science_questions,
subtask061_ropes_answer_generation,
subtask059_ropes_story_generation, sub-
task027_drop_answer_type_generation, sub-
task046_miscellaenous_question_typing.
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Dataset Task Category Metrics #Train #Test #Class
BoolQ Question Answering Accuracy 9427 3270 2
MultiRC Question Answering F1a/EM 5100 953 2
COPA Question Answering Accuracy 400 100 2
RTE Natural Language Inference Accuracy 2500 278 2
CB Natural Language Inference Accuracy/F1 250 57 3

Table 12: Dataset statistics for SuperGLUE. We use the official development sets as test sets.

Dataset Task Category #Train #Test
subtask003_mctaco_question_generation_event_duration Question Generation 330 100
subtask040_qasc_question_generation Question Generation 6400 100
subtask002_quoref_answer_generation Answer Generation 6400 100
subtask033_winogrande_answer_generation Answer Generation 6400 100
subtask034_winogrande_question_modification_object Minimal Modification 6400 100
subtask045_miscellaneous_sentence_paraphrasing Minimal Modification 93 100
subtask039_qasc_find_overlapping_words Verification 6400 100
subtask044_essential_terms_identifying_essential_words Verification 2138 100

Table 13: Dataset statistics for Natural-Instructions.

A.5 List of Function Words for the Last
Phrase Prediction Task

We used the following function words for identify-
ing the last phrase: the, a, an, for, including, and,
in, is, are, were, was, neither, or, nor, be, at, in, on,
by, to, would, will, before, after, of, about, from,
excluding, except, during, under, above, then, into,
onto, should, shall, must, may, might, than, with,
using, can, could, about, as, from, within, without,
have, had, been.

A.6 Templates for SuperGLUE

We show the SuperGLUE templates in Table 14.

A.7 Hyperparameters

We tune the hyperparameters based on develop-
ment set performances. We tune the learning rate
in {1e-7, 5e-7, 1e-6, 3e-6, 5e-6, 8e-6, 1e-5, 3e-5,
5e-5}, and the attention dropout rate in {0.0, 0.1}.

A.8 Effect of Amount of Data

In Figure 5, we report model performances for
the 125M and 1.3B models on SuperGLUE and
Natural-Instructions with 1%, 10%, 20%, 50%, and
200% of training examples.

A.9 Effect of Individual Self-Supervised Task
to Downstream Tasks

We investigate the effect of individual self-
supervised task by considering two experiment set-
tings: training models with only one task and train-
ing models with one task excluded. We report the
experiment results in Table 15, Table 16, Table 17,
and Table 18. Our findings are:
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125M SuperGLUE 51
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1.3B SuperGLUE

0 1% 10% 20% 50% 100% 200%

28

29

30

31

125M Natural-Instructions
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Figure 5: Average results on SuperGLUE and Natural-
Instructions when varying number of examples used for
training.

1. Combining all the four self-supervised tasks
gives the largest improvements for most tasks,
suggesting that these tasks are mostly comple-
mentary.

2. Each self-supervised task improves a few down-
stream task performances (e.g., NSG helps
COPA; CL helps MultiRC and CB). This is likely
due to the semantic similarities between tasks.

3. It is worth noting that (1) while CL hurts model
performances on Natural-Instructions, it helps
on the SuperGLUE; and (2) excluding NSG
hurts the model performances most on Natural-
Instructions whereas excluding CL hurts the
most on SuperGLUE. This presumably is be-
cause SuperGLUE is ranking based and therefore
is more favorable to classification-related train-
ing, whereas the tasks in Natural-Instructions
are generation tasks and thus benefits more from
generation-related tasks.

3572



GPT3 ${Context}〈newline〉 question: ${Question}〈newline〉answer:${Answer}
Ours Input: ${Context} question: ${Question} answer: True〈newline〉Output: ${Answer}

(a) BoolQ Template.

GPT3 ${Context}〈newline〉 question: ${Question} True or False?〈newline〉answer:${Answer}
Ours Input: ${Context} question: ${Question} answer: True〈newline〉Output: ${Answer}

(b) RTE Template.

GPT3 ${Context}〈newline〉${Answer}
Ours Input: ${Context}〈newline〉Output:${Answer}

(c) COPA Template.

GPT3 ${Context}〈newline〉 question: ${Question} true, false, or neither?〈newline〉answer:${Answer}
Ours Input: ${Context} question: ${Question} true, false, or neither?〈newline〉Output: ${Answer}

(d) CB Template.

Table 14: Evaluation templates for SuperGLUE. ${·} represents values drawn from a particular data field. We
alter the GPT3 templates for these tasks to share similar formats with one of our self-supervised tasks. The red,
boldfaced texts are used to compute the language modeling perplexities for ranking the labels. We note that the
shown templates are for a single example, and there could be multiple examples within an instance.

Model BQ MC CA RE CB Avg.
LM 52.2 26.6 63.0 50.8 38.3 46.2
SelfSup. 55.7 33.6 67.6 53.0 44.9 51.0
NSG 52.1 25.9 64.0 51.0 41.2 46.9
CL 52.5 26.8 61.4 50.9 48.1 47.9
MWP 51.9 26.3 61.8 50.8 36.1 45.4
LPP 53.5 29.5 61.6 52.0 40.3 47.4

Table 15: SuperGLUE results when training the 125M
model with one of the self-supervised tasks.

Model QG AG MM VF Avg.
LM 33.7 12.9 53.0 14.7 28.6
SelfSup. 16.9 14.6 70.1 18.9 30.0
NSG 32.3 12.5 54.0 13.8 28.2
CL 8.3 0.3 1.0 2.7 3.1
MWP 15.2 19.4 50.5 17.8 25.7
LPP 11.3 16.6 49.5 19.9 24.3

Table 16: Natural-Instructions results when training the
125M model with one of the self-supervised tasks.

4. It is interesting to see that among the four self-
supervised tasks, NSG and CL tasks are the two
most important factors in terms of affecting the
downstream performances. This is likely due to
(1) the generic task formulation of NSG and it
being the only sentence generation tasks; and
(2) the drastic differences between CL and the
other self-supervised tasks with respect to their
inference styles. Unlike NSG/MWP/LPP, which
models can rely on input within each example to
solve the task, CL require models to make com-
parisons across examples in a training instance.

Model BQ MC CA RE CB Avg.
LM 52.2 26.6 63.0 50.8 38.3 46.2
ALL 55.7 33.6 67.6 53.0 44.9 51.0
ALL-NSG 55.0 31.8 62.7 52.5 45.9 49.6
ALL-MWP 55.6 33.5 67.3 52.7 45.5 50.9
ALL-LPP 53.5 30.5 67.6 51.9 46.6 50.0
ALL-CL 54.0 32.9 67.4 52.8 39.0 49.2

Table 17: SuperGLUE results when excluding one of
the self-supervised tasks. The results are based on the
125M model.

Model QG AG MM VF Avg.
LM 33.7 12.9 53.0 14.7 28.6
ALL 16.9 14.6 70.1 18.9 30.0
ALL-NSG 10.5 18.7 46.5 14.9 22.7
ALL-MWP 17.2 14.9 67.1 17.9 29.3
ALL-LPP 17.3 14.8 67.6 18.1 29.5
ALL-CL 23.1 15.1 59.0 18.2 28.9

Table 18: Natural-Instructions results when excluding
one of the self-supervised tasks. The results are based
on the 125M model.
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Abstract

Recent video-text models can retrieve relevant
videos based on text with a high accuracy, but
to what extent do they comprehend the seman-
tics of the text? Can they discriminate between
similar entities and actions? To answer this, we
propose an evaluation framework that probes
video-text models with hard negatives. We au-
tomatically build contrast sets, where true tex-
tual descriptions are manipulated in ways that
change their semantics while maintaining plau-
sibility. Specifically, we leverage a pre-trained
language model and a set of heuristics to cre-
ate verb and person entity focused contrast sets.
We apply these in the multiple choice video-to-
text classification setting. We test the robust-
ness of recent methods on the proposed auto-
matic contrast sets, and compare them to ad-
ditionally collected human-generated counter-
parts, to assess their effectiveness. We see that
model performance suffers across all methods,
erasing the gap between recent CLIP-based
methods vs. the earlier methods. 1

1 Introduction

Relating video and text modalities is one of the
important goals in vision and language. Video is a
complex signal where people and objects act and
interact with each other through space and time.
Thus correctly associating a textual description and
a video requires understanding of entities, their
actions and much more, making it a hard problem.

One of the popular ways of training and evaluat-
ing video-text models is via cross-modal matching.
Often the task is formulated as a retrieval problem,
where the goal is to select the correct match among
many (e.g. thousand) candidates, and distractors
are picked randomly (Yu et al., 2018). Another
way is via multiple-choice prediction, where the
goal is to pick the true match out of several (e.g. 5)
candidates (Torabi et al., 2016). The latter allows

1Code is available in https://github.com/
jamespark3922/video-lang-contrast-set

Figure 1: Samples of our video-to-text tasks on
the MSR-VTT (Xu et al., 2016) and LSMDC
dataset (Rohrbach et al., 2017; Park et al., 2020). A
hard negative option is added by manipulating verb
(top) and entity (bottom) in the ground truth sentence.
Two SOTA methods MMT (Gabeur et al., 2020) and
CLIP4CLIP (Luo et al., 2021) incorrectly choose the
manipulated sentence (option B) in both these cases.

for more controlled choice of negatives, which are
typically selected from other videos. Commonly,
the retrieval setting is used during training to avoid
capturing any specific multiple-choice patterns or
biases, while both are used for evaluation.

Recent methods that leverage the large-scale
CLIP model (Radford et al., 2021) show significant
improvement in cross-modal matching, specifically,
in the retrieval setting (Fang et al., 2021; Luo et al.,
2021). They outperform the prior state-of-the-art
methods, often based on the Multimodal Trans-
former design (Miech et al., 2020; Gabeur et al.,
2020; Lei et al., 2021). However, we know that of-
ten model performance is “over-estimated” due to
the lack of challenging samples in evaluation. For
instance, Gardner et al. (2020) show that model per-
formance on several NLP tasks and one image-text
task is much lower on contrast sets, which are test
samples with small perturbation done by human
experts in a way that changes the gold label.

In this work, we are investigating whether the
video-text models also struggle in an evaluation
framework that probes them with hard negatives.
Instead of using human-designed contrast sets that
are not easily scalable, we propose an automated
pipeline that can generate contrast sets via verb and
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human entity manipulation. Our manipulations are
carefully designed to preserve fluency but change
semantics of the textual descriptions, making them
invalid for a given video. We focus on entities and
verbs to evaluate if the model can truly understand
“who did what" in a video. Inspired by (Li et al.,
2020; Morris et al., 2020), we leverage a gener-
ative T5 language model (Raffel et al., 2020) to
manipulate the verb phrase and use heuristics to
swap person entities. Note that our pipeline does
not require a trained video-text model in the loop.

We apply our automatic manipulations to two
popular video-text benchmarks, MSR-VTT (Xu
et al., 2016) and LSMDC (Rohrbach et al., 2017).
We additionally collect human generated contrast
sets to compare with our automatic ones. To make
sure that our automatic negatives are of high qual-
ity, we also confirm that humans can successfully
select the correct description for a given video with
our hard negatives. Finally, we benchmark sev-
eral video-text models on our contrast sets. We
find that all methods degrade in performance with
the introduction of hard negatives in the multiple-
choice setting (Figure 1). This includes the recent
CLIP-based works that demonstrated large gains in
the retrieval setting. This shows that all methods
have difficulty discriminating between entities and
verbs when the remaining context is unchanged.
We observe that model performance drops espe-
cially on cases such as verb antonym swaps, where
fine-grained action understanding is important.

2 Related Work

Defending and generating adversarial examples
(Jia et al., 2019; Jin et al., 2020) have been mostly
explored in NLP since the reign of pre-trained lan-
guage models (LMs) (Devlin et al., 2019). Li
et al. (2020); Garg and Ramakrishnan (2020);
Morris et al. (2020) show that substituting words
in a sentence with masked LMs (Devlin et al.,
2019; Liu et al., 2019) can successfully mislead
the classification and entailment model predic-
tions to be incorrect. Template-based (McCoy
et al., 2019; Glockner et al., 2018) and manually
crafted (Gardner et al., 2020) perturbations on eval-
uation datasets have also been studied for textual
entailment. Ribeiro et al. (2020) have curated a list
of checklists to reveal bugs present in NLP models.

Language-based adversarial examples can be col-
lected to study the robustness of vision-language
models as well. Shekhar et al. (2017) intro-

duces FOIL-COCO dataset to evaluate the vision-
language model’s decision when associating im-
ages with both correct and "foil" captions. Akula
et al. (2020) measure the robustness of visual refer-
ring expression models by checking if grounding is
performed correctly after word manipulation. Hen-
dricks and Nematzadeh (2021) show that vision-
language Transformers are worse at verb under-
standing than nouns. New versions of the VQA
dataset (Antol et al., 2015) are proposed to study
robustness of VQA models (Shah et al., 2019; Li
et al., 2021). Bitton et al. (2021) automatically
generate contrast sets from scene graphs to probe
compositional consistency of VQA models. Our
work is different in that we use pre-trained LMs to
introduce perturbations and evaluate robustness of
video-language models.

3 Designing Contrast Sets

In this section we present our approach to automati-
cally constructing text-based contrast sets for video-
language tasks. Suppose we are given a video Vi
and description si. Contrast sets Ĉi = {ŝ1, ..., ŝi}
are designed such that ŝi is semantically inconsis-
tent with Vi and yet models incorrectly select ŝi
over si in a video-to-text multiple-choice setting.
While there are different ways to create valid Ĉi,
we investigate manipulating 1) person entities and
2) verb phrases in the original descriptions. Quali-
tative examples of Ĉ are shown in Table 1.

3.1 Contrast Sets for Person Entities

First, we investigate automatically swapping the
name (or identity) of a person. The LSMDC
dataset (Rohrbach et al., 2017; Park et al., 2020) in-
cludes movie descriptions with character identities
(e.g. Harry Potter), and a list of characters present
in each movie along with their gender. We replace
each character’s ID with one from the same movie
and with the same gender, to prevent the language
statistics alone from detecting the swapped IDs.

For the MSR-VTT dataset (Xu et al., 2016) we
do not have the identities; however, 80% of videos
have gender cues in the descriptions. Thus the con-
trast sets are created by swapping the gender of a
person mentioned in a sentence and the correspond-
ing pronouns (e.g., A woman is pushing her stroller
→ A man is pushing his stroller). This is done with
a template that maps gender-sensitive words and
pronouns to their counterparts (see Appendix).
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Dataset Original Person Entity Verb Phrase

MSRVTT 1. Two men are doing wrestling. Two women are doing wrestling. Two men are dancing.

2. A man in black shirt is talking
with his two friends.

A woman in black shirt is talk-
ing with her two friends.

A man in black shirt is running
with his two friends.

LSMDC-ID 3. His gaze steely, Jenko lowers
his gun.

His gaze steely, Schmidt lowers
his gun.

His gaze steely, Jenko raises his
gun.

4. Jenko and Schmidt sit in the
rear pew.

Zach and Schmidt sit in the rear
pew.

Jenko and Schmidt stand in the
rear pew.

Table 1: Examples of person entity and verb phrase based contrast sets in MSR-VTT and LSMDC-IDs dataset.

3.2 Language Model Generated Verb
Contrast Sets

The above rule-based strategies cannot be directly
translated to create contrast sets for verb phrases:
1) a substitute verb phrase is not guaranteed to be
inconsistent with a video, and 2) the sentence may
look unnatural and no longer be textually plausible.
Based on their success in adversarial attack gen-
eration (Li et al., 2020; Garg and Ramakrishnan,
2020; Morris et al., 2020), we instead leverage pre-
trained language models (LMs) to automatically
manipulate the verb phrases.

We identify verb phrases in a sentence using
Spacy (Honnibal and Montani, 2017), replace them
with a mask token [MASK], and select top K
phrases that best fit the mask token using probabil-
ity scores from a LM. Different from prior work
(Li et al., 2020), we use T5-base model (Raffel
et al., 2020) instead of masked language models
(Devlin et al., 2019; Liu et al., 2019) to easily sup-
port generating multi-word candidates. We addi-
tionally finetune T5 to learn verb phrases in the
downstream training data with unsupervised de-
noising objective (Raffel et al., 2020). This is done
to mitigate the possible distribution shift between
ground truth and manipulated descriptions, which
could be exploited to distinguish between the two.

We then filter the K sentence candidates with
the following criteria: 1) There is no verb in the
sentence. 2) Verbs are rare or unseen in training
descriptions. 3) The sentence has a high perplexity
measured by GPT2-XL (Radford et al., 2019) to en-
sure grammaticality and plausibility (Morris et al.,
2020). Lastly, we check that the semantics of a
candidate is inconsistent with the original sentence.
This is when a) a candidate verb is an antonym2 of
an original verb, or b) a word embedding (Mrkšić
et al., 2016) of candidate and original verbs and

2Extracted using VerbNet (Schuler, 2005).

their sentence encodings (Reimers and Gurevych,
2019) both have low cosine similarity scores. We
handle the antonyms separately, as the embedding-
based scores do not adequately capture these, i.e.,
a sentence with an antonym verb may still be con-
sidered semantically close to an original sentence.

3.3 Human-Generated Verb Contrast Sets
Are language models capable of generating con-
trast sets of good quality? To answer this question,
we follow the original contrast sets work (Gardner
et al., 2020), and also create negatives manually to
see if the performance on machine and human gen-
erated contrast sets is similar. We use the Amazon
Mechanical Turk (AMT) platform and ask work-
ers to modify a verb phrase such that a sentence
becomes inconsistent with a video (see Appendix).

4 Experiments

4.1 Datasets and Multiple Choice Design
MSR-VTT (Xu et al., 2016) is composed of 10K
YouTube videos each paired with 20 natural de-
scriptions and is typically evaluated on retrieval
performance with 1000 video text pairs as candi-
dates in the test set. The multiple choice version
(Yu et al., 2018) has 2,990 test videos as queries,
and a positive caption with 4 random captions from
other videos as 5 answer options. We label this split
as the Random MC. We design another MC prob-
lem by replacing one negative option with one from
our contrast sets. In particular, Gender MC swaps
gender in an original sentence; VerbLM MC and
VerbH MC include verb-based negatives generated
by our approach and by humans.

LSMDC (Rohrbach et al., 2017) includes short
movie clips and captions. Characters in these cap-
tions are labeled as SOMEONE and we cannot
construct contrast sets for person-entities. We in-
stead use captions in (Park et al., 2020) that include
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V→ T Random Gender VerbLM VerbH
Approach (R@1) MC MC MC MC

CLIP zero-shot 27.2 91.1 69.6 65.4 64.1
MMT 27.0 97.6 84.0 83.4 80.3
MMT-CLIP 30.8 97.2 84.0 80.9 78.3
CLIP4CLIP 43.1 98.4 82.7 83.7 80.2
CLIP2Video 43.3 98.3 78.5 81.1 79.0

Human - - - 92.7 94.5

Table 2: Method comparison on MSR-VTT dataset.
Human is majority vote over 3 judges.

the character identities. We create a new split using
the same movies in training and test so that the
test identities have been seen during training. We
call this modified dataset LSMDC-IDs. Using this
set, Random MC is newly defined with 4 negative
captions drawn randomly from different clips of
the same movie. ID MC swaps the character IDs
(Section 3.1) as negatives, and Verb MC includes
the verb contrast sets, as before.

4.2 Video-Text Models and Evaluation

We benchmark Transformer (Vaswani et al., 2017)
based video-language models in our experiments.
Portillo-Quintero et al. (2021) apply frozen CLIP
features (Radford et al., 2021) to perform zero-
shot video to text retrieval (CLIP zero-shot). Multi
Modal Transformer (MMT) (Gabeur et al., 2020)
learns the joint representation between text and
multiple modalities in videos. Inspired by Dz-
abraev et al. (2021), we also extend MMT to
take frozen CLIP features as input, denoted as
MMT-CLIP. CLIP4CLIP (Luo et al., 2021) and
CLIP2Video (Fang et al., 2021) directly finetune
CLIP with temporal pooler and are the state-of-the-
art in retrieval tasks. ViT-B/32 model is used for
all CLIP experiments (see Appendix C for details).
We train the above models with a contrastive loss
to learn the joint video-text representation. In MC
settings, we mark it as correct, if a ground truth
sentence is scored the highest. In addition, we also
evaluate humans on the MC task. We report video-
to-text (V→ T) Recall@1 for retrieval evaluation.

4.3 Results

Table 2 shows results on the MSR-VTT dataset. In
video-to-text retrieval, we see a significant gap in
performance between the CLIP-finetuned models
and all other models. Moreover, CLIP zero-shot
matches MMT in this metric. Next, we see that
Random MC is nearly solved by almost all models.
However there is a significant drop in performance

V→ T Random ID VerbLM VerbH
Approach R@1 MC MC MC MC

CLIP zero-shot 4.3 53.3 39.8 38.9 35.7
MMT 17.7 73.2 65.2 56.2 56.9
MMT-CLIP 23.8 74.8 70.1 56.9 58.7
CLIP4CLIP 25.0 72.9 69.1 54.1 57.5

Human - - - 90.2 92.8

Table 3: Method comparison on LSMDC-IDs dataset.
Human is majority vote over 3 judges.

across all models when evaluated on contrast-
set based MC. Interestingly, the performance gap
between MMT and the finetuned CLIP models
with high retrieval performance (CLIP4CLIP and
CLIP2Video) is gone in this setting, meaning
stronger retrieval performance does not guarantee
robustness to word-level manipulations. We also
observe that models with frozen CLIP features per-
form better on Gender MC than Verb MC, and fine-
tuning the CLIP features on video-language task
can make the model less sensitive to gender infor-
mation. Finally, to verify that the automated verb-
based contrast sets are valid, we note that: models
on VerbLM MC perform on par with the human
produced ones VerbH MC, and humans maintain
accuracy greater than 90% on both contrast sets.3

Table 3 presents results on the LSMDC-IDs
dataset. We find that distinguishing different clips
of the same movie (Random MC ) is not “solved”
by the models unlike the MSR-VTT. We also notice
that the ID swaps are significantly easier than the
verb swaps, and CLIP features are particularly help-
ful in distinguishing different character IDs (MMT
vs. MMT-CLIP). Table 4 shows that model accu-
racy drops by at least 13.9% when the “negative”
IDs appear more frequently in the training data than
the original IDs, meaning the models struggle to
identify IDs in the long-tail. The results on verb
contrast sets are similar to the MSR-VTT dataset.
The performance is much lower on contrast-set
MC cases than Random MC. There is no signifi-
cant gap between VerbLM MC and VerbH MC. Our
automated contrast sets are still valid as humans
perform above 90% for both cases.

Does Semantic Proximity in Verb Contrast
Sets Affect the Model Performance? To answer
this, we first considered a subset containing verb
antonyms. For the remaining ones, we use the off-
the-shelf sentence encoders, SentBERT (Reimers
and Gurevych, 2019) and CLIP text transformer

3We report majority vote over 3 human judges.
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Figure 2: Example failure cases where MMT and CLIP4CLIP prefer a negative sentence over an original one.
Despite “watching” the video, the models have difficulty distinguishing fine grained actions (e.g. hold vs. stir, wipe
vs. point), and verb antonyms (pulling vs. pushing, raise vs. lower.

Overall Rare ∆

MMT 65.2 48.4 16.8
MMT-CLIP 70.1 56.2 13.9
CLIP4CLIP 69.1 54.2 14.9

Table 4: Accuracy for ID MC in LSMDC-IDs dataset.
We show the overall accuracy and accuracy when the
original ID was more rare than the swapped ID (Rare).
∆ is the difference between the two accuracies.

Verb SentBERT CLIP-Text
Antonyms High Low High Low

CLIP zero-shot 53.8 63.5 76.9 60.4 72.3
MMT 67.6 79.6 95.3 80.2 89.8
CLIP4CLIP 70.6 77.6 95.7 77.0 92.4

Human 92.9 92.2 94.1 91.6 94.3

Table 5: Model accuracy on VerbLM MC in MSR-
VTT. We show contrast sets with verb antonyms, and
remaining subsets with the highest (High) and lowest
(Low) 15% semantic similarity with the original sen-
tence (High and Low). Similarity scores are calculated
using: SentBERT (Reimers and Gurevych, 2019) and
CLIP text encoder (Radford et al., 2021).

(Radford et al., 2021), to measure the semantic
proximity b.w. the original and negative sentences,
and select the ones with the highest and lowest 15%
according to these scores (High/Low)4. We present
the results on MSR-VTT in Table 5. We notice that
the models especially struggle with antonyms, such

4These subsets are disjoint from the antonym set to avoid
scoring antonyms as semantically similar (see Section 3.2).

as dropping from 83.7% (in Table 2) to 70.6% for
CLIP4CLIP. Humans on the other hand get 92.9%
accuracy and show no difference in their perfor-
mance. The best models achieve high accuracy on
par with humans on semantically different exam-
ples (Low) as measured by both SentBERT amd
CLIP-Text. However, model performance is much
lower for contrast sets with high semantic similar-
ity (High), whereas human performance is not as
affected (e.g. CLIP4CLIP drops to 77.6% and hu-
mans maintain 92.2% accuracy on SentBERT). In
Figure 2, we show failure cases where the SOTA
models are misled by semantically close sentences
and verb antonyms, due to their lack of fine-grained
understanding of actions in the video.

5 Conclusion

We present a pipeline to build automatic contrast
sets for video and language tasks, focused on ma-
nipulating person entities and verb phrases. We
show that models struggle on contrast sets com-
pared to random negatives, and stronger retrieval
models do not show better robustness to hard neg-
atives. For verb contrast sets, we find that model
performance is strongly correlated with semantic
proximity, unlike humans. We leave it as future
work to use automatic contrast sets in training to
improve model robustness, and designing contrast
sets for different concepts/parts of speech.
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6 Ethical Considerations

Our goal is to diagnose performance of video-
language models on hard negative samples w.r.t.
verbs and person entities. Overall, we envision
positive impact from this work, as it aims to ex-
pose limitations of the existing models. Some of
our entity swaps focus on apparent gender (as de-
scribed by humans in the video-text datasets), but
we do not predict biological sex or gender iden-
tity. We construct our verb-focused contrast sets
automatically, using a large generative language
model, thus potentially some biases present in such
a model could propagate into our hard negative
samples. Practitioners who wish to use our contrast
sets should be mindful of such sources of bias.
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Male Nouns Female Nouns

man→ woman woman→ man
men→ women women→ men, guys
boy→ girl girl→ boy, guy
boys→ girls girls→ boys, guys
guy→ woman, girl lady→ man, guy
guys→ women, girls, ladies ladies→ men, guys

Table 6: List of gender sensitive words mapped to a
different gender. Note, that singular and plural form is
maintained.

A Contrast Set Construction

Here, we provide more details on construction of
each contrast set.

A.1 Gender Contrast Sets

Table 6 shows the mapping of gender-sensitive
words. We use these rules to swap only a single
word in the sentence. This is to guarantee that
swapping gender leads to different semantics (e.g.
man and woman walk together −→ woman and man
walk together both apply to the same video if all
words are swapped). If there are more than one
possible mappings, we randomly sample one from
a uniform distribution. Lastly, we swap all gender-
sensitive pronouns that have the same gender as
original noun. These contrast sets are used for the
MSR-VTT dataset (Xu et al., 2016).

A.2 Person ID Contrast Sets

The first character ID in a sentence is replaced by
a different character ID that appears in the same
movie and has the same gender. Among all the
candidates, the manipulated ID is sampled from a
uniform distribution. The following character IDs
in the same sentence have uniform chance of being
kept or swapped using the same strategy. These
contrast sets are used for the LSMDC-IDs dataset.

A.3 Verb Contrast Sets

Attack Selection We use Spacy to get the POS
tags, and find verb phrases that match a list of pre-
defined patterns (verb; verb + preposition).

Candidate Generation We use T5 model and
performed beam search (beam size = 50) to gener-
ate K = 50 multi-word candidates.

Candidate Constraints We keep a candidate if
the lemmatized verbs 5 in it appeared more than 30
times in the training set. For fluency, we calculate
perplexity score of original and manipulated sen-
tence using GPT2-XL (Radford et al., 2019), which
we call pplo and pplm. We calculate the normalized
difference of perplexity scores ppldiff =

pplo−pplm
pplo

to remove a candidate that is less plausible than
the original. Specifically, candidates are kept if
ppldiff < 0.6, or ppldiff < 1.4∩pplm < 750. Lastly,
the semantic inconsistency constraints are satisfied
if the word embedding (Mrkšić et al., 2016) of
the lemmatized verbs in the candidate and orig-
inal sentence have cosine similarity score lower
than 0.4, and the sentence embeddings (Reimers
and Gurevych, 2019) have cosine similarity score
lower than 0.8.

B Human vs Machine Generated Verb
Contrast Sets

Figure 3 shows a distribution of machine and hu-
man generated verb contrast sets. Each instance is
the number of lemmatized verbs divided by total
number of verbs in the contrast sets. We see that
machine generated contrast set is more skewed to
the left, and doesn’t share the same distribution
of verbs as in the human generated contrast sets.
(e.g. human contrast sets have more occurrences
of cry and throw in MSR-VTT, and jump and drop
in LSMDC-IDs). Despite the difference, note that
models have similar performances in both contrast
sets.

C Implementation Details

• MMT (Gabeur et al., 2020): We use the fol-
lowing features extracted from video6: mo-
tion from S3D (Xie et al., 2018), audio from
VGGish (Hershey et al., 2017), scene embed-
dings, face, OCR, Speech, and Appearance.
We refer to Miech et al. (2018); Gabeur et al.
(2020) for more details about the features.

For MSR-VTT, we use the released check-
point from their code7, which is pre-trained
on HowTo100M dataset (Miech et al., 2019)
and further finetuned on MSR-VTT.

5https://www.nltk.org/_modules/nltk/
stem/wordnet.html

6https://github.com/albanie/
collaborative-experts

7https://github.com/gabeur/mmt
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(a) Verb contrast sets in MSR-VTT

(b) Verb contrast sets in LSMDC-IDs

Figure 3: Distribution of machine and human generated verb contrast sets in the MSR-VTT and LSMDC-IDs
dataset. Each instance is the ratio of lemmatized verbs within each contrast set.

For LSMDC-IDs which needs re-training,
we used their finetuning code for LSMDC
dataset (Rohrbach et al., 2017). The model
is trained with max margin ranking loss on
1 Nvidia RTX-6000 GPU for 12 hours. Hy-
perparameter search was done to find mar-
gin of 0.05, batch size of 32, and Adam opti-
mizer (Kingma and Ba, 2015) with learning
rate 5e−5. The best model was selected by
the video-to-text retrieval performance with
Recall@1. We found training from scratch
performs better than using pre-trained model.
This has been also observed by Gabeur et al.
(2020) for the LSMDC dataset.

• MMT-CLIP: We replace the appearance fea-
tures in MMT with frozen CLIP ViTB/32 fea-
tures and train with the same architecture.

• CLIP zero-shot: In (Portillo-Quintero et al.,
2021) CLIP(ViTB-32) (Radford et al., 2021)
features are aggregated via mean pooling to
approximate video representation. This video
representation and text embedding from CLIP
are combined to perform retrieval and MC in
a zero shot manner.

• CLIP4CLIP (Luo et al., 2021): We use the
hyperparameters from the finetuning code8 to
reproduce their results. We use mean pooling
for the similarity calculator and CLIP model is
initialized with ViTB-32 weights. The model
was trained with 4 Nvidia RTX-6000 GPUs
for 5 epochs (48 gpu hours). The best model
was selected by using Recall@1 in video-to-
text retrieval.

8https://github.com/ArrowLuo/CLIP4Clip
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• CLIP2Video (Fang et al., 2021): We used
the released checkpoint on MSR-VTT using
their code base9. This model is not used
for LSMDC-IDs because finetuning code was
not provided. CLIP model is initialized with
ViTB-32 weights.

D Multiple Choice Details

Here we provide more details about our evaluation
data. Note, that we use 5 text candidates (1 posi-
tive and 4 negative) for all multiple choice (MC)
settings.

D.1 MSR-VTT

We use the standard train/val/test split in MSRVTT
dataset (Xu et al., 2016).

• Retrieval: 1,000 ground truth video-text pairs
in the test set (Yu et al., 2018).

• Random MC: 2,990 videos and all negative
options are drawn randomly from other videos
(Yu et al., 2018).

• Gender MC: 2,477 video-text instances. Us-
ing the original descriptions from Random
MC, a single negative is drawn from gender
contrast sets to replace one of the options in
Random MC (the remaining 3 are kept). Note,
that not all videos involved people or con-
tained gender-sensitive words in descriptions,
hence some instances are filtered.

• VerbLM MC: 2,554 video-text instances. Con-
structed using the same strategy as in Gender
MC but a single negative is drawn from verb
contrast sets generated by language models.
Instances are filtered when there are no valid
verb contrast sets satisfying constraints in Sec-
tion A.3.

• VerbH MC: 2,554 video-text instances. We
use the instances in VerbLM MC, and a nega-
tive is drawn from human designed verb con-
trast sets.

D.2 LSDMC-IDs

We define a new split using LSMDC-ID descrip-
tions with character IDs (proper names) (Park et al.,
2020). Note, that Rohrbach et al. (2017); Park et al.
(2020) use development and test sets where videos
come from distinct movies than the training data,

9https://github.com/CryhanFang/
CLIP2Video

meaning that IDs in test data are not seen in train-
ing. To overcome this issue, we split their train-
ing descriptions into 80%/10%/10%/ ratio to create
new training/validation/test sets that share the same
movies and identities across splits.

• Retrieval: 7,010 ground truth video-text pairs.

• Random MC: 7,010 videos, negative text op-
tions drawn randomly from different videos
but the same movie.

• ID MC: 7,010 video-text instances. We re-
place one negative in Random MC with the
one from ID contrast sets.

• VerbLM MC: 7,010 video-text instances. We
replace one negative in Random MC with one
from the language model generated verb con-
trast sets.

• VerbH MC: 3,500 video-text instances. We
replace one negative in Random MC with one
from the human designed verb contrast sets
(we only crowdsourced 3,500 instances).

E Human Annotation Details

We ran two different human annotations, one to
evaluate our VerbLM MC and another to manually
design verb contrast sets. Figures 4 and 5 show the
respective HIT UIs. We use Amazon Mechanical
Turk interface to get a pool of annotators from
native Enlgish speaking countries and with high
approval rate, and pay them $15 hour on average
which is above a minimum wage.

F Dataset Details

We include additional information on the MSR-
VTT (Xu et al., 2016) and LSMDC (Rohrbach
et al., 2017) datasets. MSR-VTT contains diverse
YouTube videos and corresponding crowdsourced
descriptions in English language. LSMDC con-
tains movie clips and associated descriptions from
scripts or Audio Description, also in English. Both
datasets are distributed for research use. The li-
cense, personally identifiable information (PII),
and consent details of each dataset are in the re-
spective papers. Since LSMDC contains clips from
movies, some may contain nudity or violence, etc.
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Figure 4: AMT UI for conducting human evaluation in the MC setting with contrast sets.
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Figure 5: AMT UI for collecting human-generated verb contrast sets.
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Abstract
Poetry generation, and creative language gener-
ation in general, usually suffers from the lack of
large training data. In this paper, we present a
novel framework to generate sonnets that does
not require training on poems. We design a
hierarchical framework which plans the poem
sketch before decoding. Specifically, a con-
tent planning module is trained on non-poetic
texts to obtain discourse-level coherence; then
a rhyme module generates rhyme words and a
polishing module introduces imagery and simi-
les for aesthetics purposes. Finally, we design
a constrained decoding algorithm to impose
the meter-and-rhyme constraint of the gener-
ated sonnets. Automatic and human evalua-
tion show that our multi-stage approach with-
out training on poem corpora generates more
coherent, poetic, and creative sonnets than sev-
eral strong baselines.1

1 Introduction

A sonnet is a fourteen-line poem with rigorous
meter-and-rhyme constraints. In this paper, we aim
at generating full-length sonnets that are logically
and aesthetically coherent, without training on po-
etic texts.

There are several challenges for this ambitious
goal. First, there are limited number of sonnets
available to train a fully supervised model. The
only resource is a mere 3,355 sonnets collected by
Lau et al. (2018) in Project Gutenberg (Hart, 2004),
one of the largest free online libraries for English
literature. While it is possible to train on related
corpus such as general poems or English lyrics
(Ghazvininejad et al., 2016), such approaches are
not applicable to many languages for which sizable
poetry/lyrics data do not exist. Moreover, even
if large-scale creative texts exist, learning from
and mimicking existing corpora is not creative by
definition and is unlikely to result in novel content.

1Our code and data are available at https://github.
com/PlusLabNLP/Sonnet-Gen.

a. Content Planning 
(trained on news and stories)

Title: A Retrospect

Line 1: recall, time, consider
Line 2: dark, gaze, stars
Line 3: day, bright, [R3]
Line 4: fog, white, [R4]
…
Line 13: know, youth, trust
Line 14: romantic, love, [R14] 

b. Rhyme Pairs Generation
(the CMU dictionary)

Line 1:  Recall, time, consider

Line 3: day, bright, glitter

…

Line 2:  dark, gaze, stars

Line 4: fog, white, Mars

Rhyme Scheme:     ABAB CDCD EFEF GG 

Recall the time and having me consider,
x/x / /x x / x x/ 

d. Sonnet Generation
(trained on news and stories) Meter-

Constrained
Decoding

c. Polishing for Aesthetics
(Imagery pairs, simile phrases)

Imagery:
Line 3:   day à sun
Line 14: love à rose

Simile: 
Line 3:   bright like diamond
Line 4:   white like snow 

Discourse-
level
Coherence

Aesthetics

…

(/x/)
(/x/x)

Figure 1: An overview of our approach. The content
planning module generates keywords while maintain-
ing discourse-level coherence. The second module form
rhyming pairs and the polishing module enrich the imag-
ination and add poetic flavor. (The keywords underlined
in the first step have been polished.) Finally, we generate
the sonnet with a meter-constrained decoding algorithm.
Note that all four steps do not require poem/sonnet data.

Second, coherence remains a known issue
among previous works on poetry generation. Ex-
isting works mainly focus on conforming to the
format constraints (i.e., meter-and-rhyme), or gen-
erating a small stanza with a typical length of four
(Lau et al., 2018; Liu et al., 2019; Yi et al., 2020).
For full-length sonnets, Ghazvininejad et al. (2016)
propose to use topical words as rhyme words to
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achieve topical relatedness, but the generated son-
nets are not discourse-level coherent. They later
generate discourse-level coherent English sonnets
through French-English translation (Ghazvininejad
et al., 2018). Generating logically and aesthetically
ordered poems without relying on content transla-
tion from other languages remains a challenge.

With all these in mind, we propose Zest, a Zero-
shot sonnet generation model that does not require
training on any poetic data. Our framework, as is
shown in Figure 1, consists of four components:
content planning, rhyme pairing, polishing for aes-
thetics, and final decoding. The first three steps
provide salient points for the sketch of a sonnet.
The last step is responsible for “translating” the
sketch into well-formed sonnets.

To achieve zero-shot generation, the content
planning and the final decoding components are
both trained on a combination of news and story
corpora. The trained planning module is aimed
to generate several keywords for each sentence to
equip the system with general world knowledge
to construct a coherent text world. However, the
language used by poems is different from that of
standard texts because it follows certain rhetorical
rhythm and is full of vivid descriptions that appeals
to readers’ senses and imagination (Gibbs Jr et al.,
1994). To this end, in the polishing step we leverage
external knowledge and incorporate two figurative
speeches (i.e., simile and imagery) into the planned
keywords to boost vividness and imagination. The
rhyme and final decoding steps are designed to
impose the meter-and-rhyme constraints.

While there are previous works on creative gen-
eration using the plan-and-write paradigm (Wang
et al., 2016; Martin et al., 2018; Peng et al., 2018;
Yao et al., 2019; Gao et al., 2019; Goldfarb-Tarrant
et al., 2019), they all rely on training data from
the target task domain (e.g., use story data to train
storyline-planning). We on the other hand adopt
content planning to disentangle the training from
the decoding step to circumvent the shortage of
training data for poetry generation. We summarize
our contributions as follow:

• We propose Zest, a Zero-Shot sonnet genera-
tion framework, by disentangling training from
decoding. Specifically, we first learn to predict
context and rhyme words from news and story
dataset, and then polish the predicted keywords to
promote creativity. A constrained decoding algo-
rithm is designed to impose the meter-and-rhyme

constraints while incorporating the keywords.

• We develop two novel evaluation metrics to mea-
sure the quality of the generated poems: auto-
matic format checking and novelty evaluation
(i.e., diversity and imageability).

• Human evaluation shows that Zest generates
more discourse-level coherent, poetic, creative,
and emotion-evoking sonnets than baselines.

2 Background

In this section, we introduce the characteristics of
sonnets in terms of structure, meter and rhyme. We
then define important terminologies.

2.1 The Structures of Sonnets
We aim to generate the two most representative
sonnets: Shakespearean and Petrarchan. Sonnets
make use of rhymes in a repeating pattern called
rhyme schemes as shown in Table 1. For example,
when writing a Shakespearean sonnet, poets usually
adopt the rhyme scheme of ABABCDCDEFEFGG.
Although all sonnets have 14 lines, a Petrarchan
sonnet consists of an 8-line stanza called an octave
followed by a 6-line stanza called a sestet. On
the other hand, a Shakespearean sonnet consists of
three 4-line quatrains and a 2-line rhyming couplet
which leaves the reader with a lasting impression.

# of
Lines

Iambic
Penta Structure Rhyme

Scheme

Shakespearean
Sonnet 14 Yes 3 quatrain

1 couplet

ABAB
CDCD
EFEFGG

Petrarchan
Sonnet 14 Yes 1 octave

1 sestet

ABBA
ABBA
CDECDE

Table 1: Comparison between a Shakespearean sonnet
and a Petrarchan sonnet.

2.2 Meter Constraints
Most sonnet conform to iambic pentameter, a se-
quence of ten syllables alternating between un-
stressed (x or da) and stressed syllables (/ or DUM).
Strictly speaking, each line reads with the rhythm
(da-DUM)5, which enhances the tone for the poem
and operates like an echo. In reality, there are many
rhythmic variations. For example, the first foot is
often reversed to sound more assertive, and can be
written as (DUM-da * (da-DUM)4). Another de-
parture from the standard ten-syllable pattern is to
append an addition unstressed syllable to the end,
forming feminine rhymes which can be written as
((da-DUM)5*da).
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2.3 Rhyme Words, Couplets and Patterns
A pair of rhyme words consists of two words that
have the same or similar ending sound. A rhyming
couplet is a pair of rhymed lines. For example,
Line 1&3, 2&4 in Figure 1 are two pairs of rhyming
couplets. From the CMU pronunciation dictionary
(Weide, 1998), we know that “fall" and “thaw"
in Figure 1 are strict rhyming pairs because they
have exactly the same phonetic endings: "AO L".
“Leaves" ("IY V Z") and “trees" ("IY Z") are
slant rhymes, because they have the same stressed
vowels, while the ending consonants are similar
but not identical.

2.4 Terminology
We formally define the following terms:
• Keywords K: content words and rhyme words

combined. They contain main ideas of a poem
and define the rhyming pattern.

• Content words C: keywords that do not appear
in the end of each line. We target at predicting 2
context words per line, Ci1 and Ci2.

• Rhyme wordsR: words in the end of each line.
For example, in a Shakespearean sonnet with the
rhyme scheme ABABCDCDEFEFGG, there are
seven pairs of rhyme words: R1R3, R2R4, ...,
and R13R14.

• Initial rhyming lines IInit: index of the lines
that the first rhyme word in a rhyming couplet
appears (e.g., IInit = [1, 2, 5, 6, 9, 10, 13] for a
Shakesperean sonnet and IInit = [1, 2, 9, 10, 11]
for a Petrarchan sonnet).

• Sketch: The sketch of a poem contains three
aspects: 1) content words that cover the key con-
cepts or main ideas, 2) the rhyme words to appear
at the end of each line, and 3) the modification of
keywords for aesthetics.

3 Approach

Overview As is shown in Figure 1, our sonnet
generation model can be divided into four steps. At
step a, we train a title-to-outline module by finetun-
ing T5 (Raffel et al., 2019) on keywords extracted
from news reports and stories. During inference
time, we generate a fourteen-line sonnet sketch that
contain those content words C (Section 3.1). At
step b, we aim at forming the correct rhyming pairs.
We first select the initial rhyme words from Ci for
i ∈ IInit, and then generate the remaining rhyme
words (i.e., for i ∈ IInit) by forcing the decoder to
sample from a vocabulary pool that contains strict

Generate keywords 
given the title: 
Prince Andrew loses 
military titles. 

prince, stop, highness.
face, assault, allegation.

…
huge, rapid, retreat. 

A.

Title: Prince Andrew 
loses military titles. 
Line 1: [K11, K12, K13]. 
Line 2: [K21, K22, K23].

…
Line N: [KN1, KN2, KN3]. 

Title: Prince Andrew loses 
military titles. 
Line 1: [prince, stop, highness]. 
Line 2: [face, assault,
allegation].

…
Line N: [huge, rapid, retreat]. 

B.

Figure 2: A comparison diagram of two input-output
formats to train the first module. While format A is most
straight-forward, there is no control over the output
structure. Therefore, we purposefully design the prompt
shown in format B to control the number of keywords
and the number of lines to be generated. Kij represents
the mask tokens at the i-th sentence.

and slant rhyme words (Section 3.2). At step c, we
infuse imagery and simile as two figurative devices
to C (Section 3.3). In the last step, we leverage
a fine-tuned language model with constrained de-
coding algorithm to impose the meter-and-rhyme
constraints (Section 3.4).

3.1 Content Planning

For each piece of news or stories, we train a title-to-
keywords framework that predicts the outline. To
this end, we first extract three most salient words
per line using the RAKE (Rose et al., 2010) al-
gorithm, which is a domain-independent keyword
extraction technique.

Controllable Text Formatting We then leverage
the task adaptability of the pretrained T5 (Raffel
et al., 2019) to predict the keywords of the whole
body. As a unified framework that treats every
text processing task as a “text-to-text” problem,
T5 can be easily adapted to our task as shown in
Figure 2.A, where the input is an instruction to
generate the sketch given the title, and the outputs
are multiple keywords for each line. However, we
need a mechanism to specify the number of lines
and keywords to be generated, since we train on
prosaic texts with varying formats but infer only on
the 14-line sonnets.

To solve this problem and gain control over the
poem structures, we format the input and output as
shown in Figure 2.B. Specifically, we use [MASK]
tokens as placeholders for the keywords. Now that
one [MASK] token on the input side corresponds
to exactly one word on the output side, we are able
to specify the number of lines and keywords during
the inference time.
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“Title: The Four Seasons.
Keywords: [plums, autumn, leaves].
Keywords: [trees, quivering, fall].
Keywords: [tangled, branches, R3].
Keywords: [fog, snow, R4].

…
Keywords: [blossoming, lemon, fell].
Keywords: [swirl, air, R14].”

Figure 3: An example input to query the remaining
rhyme words during the inference time. Rhyme words
in the same background color form a rhyming pair.
3.2 Generating Rhyme Words
Our title-to-outline model is trained to generate
keywords, regardless of the rhyme constraints. In
this section, we describe the procedure to generate
rhyme pairs. Specifically, we force the model to
generate a 14-line outline, with two or three content
words for each line depending on whether the line
is an initial rhyming line:

Keywordsi =
{

[Ki1,Ki2,Ki3] , if i in IInit
[Ki1,Ki2] , otherwise.

(1)
where Kij represents the j-th keyword in the i-
th line. Among the three keywords in the initial
rhyming lines, we select the last word as the initial
rhyme word.

Rhyme Pairs Generation Given the initial
rhyme words, we then retrieve all the possible
rhyme words R based on their phonetics informa-
tion from the CMU prounounciation dictionary
(Weide, 1998). This include strict rhymes and
slant rhymes. For instance, in Figure 3, the re-
trieved rhyme word candidates R for ‘leaves’ are
[‘achieves’, ‘believes’, ‘Steves’, ‘trees’, ...]. The
probability distribution for generating the rhyme
word wR from the candidate list R is modified as:

P ′(wR) =

{
p(wR|context)∑
x∈R p(x|context) , if wR ∈ R

0 , otherwise.
(2)

where p(wR|·) is the original word probability
yielded by the title-to-outline decoder.

3.3 Polishing Context Words for Aesthetics
Now, we have the generated context words and
rhyme words that are discourse-level coherent yet
less vivid. To this end, we use external knowl-
edge to incorporate two figurative devices into the
planned keywords: imagery and simile.

Imagery We leverage the <symbol, imagery>
pairs (e.g., <love, rose>) in the ConceptNet knowl-
edge base (Liu and Singh, 2004) and finetune a

Algorithm 1 Gen Valid Tokens
1: function GEN( gent, stresst)
2: Parameter: Int - t ▷ current time step
3: Parameter: Int - N ▷ num of return samples
4: Parameter: List - CW ▷ context words yet to include
5: Input: List of strings - gent, stresst ▷ generated beams

at time step t and corresponding 0/1 stress series
6: Output: List of strings - gent+1, stresst+1

7: Initialize gent+1, stresst+1 to empty
8: for gen, stress in zip(gent, stresst) do
9: ▷ repeat topk sampling N times and return all generations

10: tokens = generate_next(gen, N ).to_set()
11: for c in CW do
12: if c not in tokens then
13: tokens.append(c)
14: for t in tokens do ▷ check for meter constraints
15: if satisfy(t, stress) then
16: update gent+1, stresst+1, CW
17: else
18: continue

return gent+1, stresst+1 ▷ call recursively until
10 or 11 syllables are generated and disregard the metric
line unless all three keywords are incorporated.

imagery generation model from a pretrained model
called COMmonsEnse Transformer (Bosselut et al.,
2019) (COMeT). It is trained on imagery pairs to
generate the imagery word given the symbolism
word as input. At inference time, we randomly
sample multiple nouns from the sketch to predict
their imageries, and only make replacement for the
two most confident generations. For example in
Figure 1, both <day, sun> and <love, rose> are
generated, yet we only replace ‘love’ with ‘rose’,
because the probability of generating the latter pair
is much higher than the former pair.

Simile A simile phrase consists of two parts:
the adjective and the figurative vehicle. For ex-
ample, ‘sudden like a flash’ is a simile phrase
where ‘a flash’ is the figurative vehicle of ‘sud-
den’. We leverage the simile generation model
by Chakrabarty et al. (2020) as an off-the-shelf
tool2 to generate simile vehicles from adjectives
to extend the sketch keywords. At inference time,
we randomly sample multiple adjectives from the
sketch to predict their figurative vehicles, and only
keep the most confident ones. In addition, we also
make sure the generated simile phrase conforms to
the iambic-meter constraint. For example in Figure
1, the phrase ‘bright like diamond’ (/x/x) follows
the iambic meter, whereas another phrase such as
‘shining like diamond’ (/xx/x) will be disregarded.
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3.4 Sketch to Sonnet Generation
In order to write fluent and poetic languages that
meet the meter-and-rhyme constraints, we make
the following adaptations. First, generating the full
sonnet requires more powerful pretrained model
than generating the outlines. Therefore, we fine-
tune GPT-Neo-2.7B on the same combination of
news and stories data as a language model to gen-
erate the sonnet. Second, to effectively incorporate
the rhyme words at the end of each line, we fol-
low previous methods (Ghazvininejad et al., 2016;
Van de Cruys, 2020) and generate the whole son-
net line-by-line in reverse, starting from the final
rhyme word to the first word. That is to say, our
language model is finetuned to generate from right
to left to better enforce rhyming. Third, we include
the sketch in the prompt, so that the decoder will
learn to give higher probability for these keywords.
We then use lexically constrained decoding simi-
lar to that of Grid Beam Search (Hokamp and Liu,
2017) to incorporate the keywords. In addition,
we also include the previously generated lines in
the prompt to generate the next line in a sonnet
to promote discourse-level coherence. A simile
phrase in the sketch is considered fixed that can-
not be modified. Namely, we force to generate the
whole phrase when the first word in the phrase is
decoded. Lastly, we modifies the beam search al-
gorithm to impose the meter-and-rhyme constraint.
Algorithm 1 displays the skeleton of our decoding
strategy. At each decoding step, we apply rhythm
control, so that only those tokens that satisfy the
iambic-pentameter and its two variations (listed in
Section 2.2) are kept in the beams. We recursively
generate the next token until 10 or 11 syllables are
generated and make up a metric line where all the
context words are incorporated.

4 Experimental Setup

4.1 Dataset
Our approach does not require poem data. The
training dataset for the content planing module and
the decoding module is a combination of 4,500
CNN news summary (Hermann et al., 2015) and
16,000 short stories crawled from Reddit.3 We
remove those articles that contain conversations,
urls, or are too long (>50 lines) or too short (<8
lines). During decoding, we generate sonnets using

2https://github.com/tuhinjubcse/SimileGeneration-
EMNLP2020

3https://www.reddit.com/r/shortscarystories/

top-k sampling and set no_repeat_ngram_size to 3
to promote creativity and avoid repetition.

We finetune the pretrained T5 for 10 epochs for
the “content planning” component, and finetune
GPT-Neo-2.7B for 6 epochs for the decoding com-
ponent. We use one Nvidia A100 40GB GPU. The
average training time is 5∼10 hours for each exper-
iment.

4.2 Baselines

Hafez A program that is trained on lyrics
data and generates sonnets on a user-supplied
topic (Ghazvininejad et al., 2018). It combines
RNNs with a finite state automata to meet the meter
and rhyme constraints. Hafez is the state-of-the-art
model that generates full-length sonnets but it does
not train on standard, non-poetic texts.

Few-shot GPT-3 We utilize the most capable
model in the GPT-3 family (Brown et al., 2020),
GPT3-davinci4, as a strong baseline to follow in-
structions and generate sonnets. In the prompt, we
provide two examples of standard sonnets and then
instruct the model to generate a sonnet given the
title. We force the output to be exactly 14 lines.

Ablations of our own model To test the effec-
tiveness of our sketch-before-writing mechanism,
we also compare variations of our own model:

Prosaic An stronger version of nmf (Van de
Cruys, 2020), the first (and only) model to gen-
erate rhyming verses from prosaic texts. Topical
and rhyme consistency are achieved by modifying
the word probability of rhyme and topical words.
For fair comparison, we replace the original vanilla
encoder-decoder with GPT2 that Zest is finetuned
on, and force the output to be 14 lines. Model
comparison between Prosaic and Zest serves as
ablations of the keyword-planning component (ver-
sus end-to-end generation).

Zest w/o fig The model consisting of step a, c,
and d as illustrated in Figure 1, but without the
polishing the sketch for figurative devices. Our full
model consisting of 4 modules is called Zest.

4.3 Decoding Strategy

For decoding, we generate sonnets from our models
using a top-k random sampling scheme where k is
set to 50. At each time step, the GPT2 model gener-
ates subwords instead of complete words. In order

4https://beta.openai.com/docs/engine
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to impose the meter and rhyme constraints while de-
coding for each word, we ask the language model
to continue to generate until a complete word is
generated as indicated by special space token ‘Ġ’.
To avoid repetition and encourage creativity, we
set no_repeat_ngram_size to 3 and use a softmax
temperature of 0.85.

4.4 Automatic Evaluation
It is difficult and thus uncommon to automati-
cally evaluate the quality of poems. For exam-
ple, Ghazvininejad et al. (2016) and Van de Cruys
(2020) exclude automatic evaluation, with the later
stating “Automatic evaluation measures that com-
pute the overlap of system output with gold refer-
ence texts such as BLEU or ROUGE are of little
use when it comes to creative language generation."
In addition, Yang et al. (2021) show current metrics
have very low correlation with human. Hence, we
propose to evaluate the generated poems in two
novel aspects: format and novelty.

Format Checking For rhyme checking, we
count the percentage of rhyme pairs that belong to
strict or slant rhymes. For meter checking, we con-
sider the following most common scenarios men-
tioned in Section 2.2: the standard Iambic Pentame-
ter; the first foot reversed; and a feminine rhyme.
In all scenarios, words that are monosyllables can
serve as both stressed and unstressed syllables. For
a looser standard, we also calculate the percentage
of valid lines that contain either 10 or 11 syllables.

Novelty We follow the settings in exsiting works
Yi et al. (2018, 2020) and calculate the Distinct-2
scores (Li et al., 2015) to measure the diversity of
generated poems. Besides, imagery is another im-
portant feature of poems as pointed out by linguis-
tic studies Kao and Jurafsky (2012); Silk (2006).
Here, we calculate Imageability score to assess how
well a poem invokes mental pictures of concrete ob-
jects. Specifically, we extracted the features from
the resource by Tsvetkov et al. (2014), who use
a supervised learning algorithm to calculate the
imageability ratings of 150,114 terms. For each
poem, we average the ratings of all its words after
removing the stop words.

4.5 Human Expert Judgement
Considering the expertise required to appreciate
sonnets, we recruit 6 professionals that hold a bach-
elor’s degree in English literature or related majors
as domain experts to annotate the generated sonnets.

Model Name Format Checking Novelty

Rhyme Meter Syllable Dist-2 Img

Hafez 98.3% 76.8% 95.7% 84.8 0.44
Fewshot GPT-3 14.0% 17.6% 30.9% 85.3 0.48

Prosaic 100% 10.1% 19.0% 84.9 0.46
Zest w/o fig 100% 77.7% 98.6% 86.6 0.49
Zest 100% 75.6% 98.4% 86.6 0.51

Human 94.6% 70.7% 81.8% 87.4 0.52

Table 2: Automatic evaluation results for rhyme, meter,
syllable checking, distinct scores, and imageability (Img
in the table). Best machine scores are underlined.

We provide detailed instructions and ask them to
evaluate the each poem on a scale from 1 (not at all)
to 5 (very) on the following criteria: 1) Discourse
Coherence: whether the sonnet is well organized,
with the sentences smoothly connected and flow
together logically and aesthetically, 2) Original-
ity/Creativity: the usage of original ideas in the
poem, including imagination, rhetorical devices,
etc., 3) Poetic in language: how well the poem
adopts descriptive and vivid language that often
has an economical or condensed usage, 4) Emo-
tion Evoking: if the poem is emotionally abundant
and make the readers emphasize with the writer. At
last, we ask the annotators to judge if the sonnet is
written by a poet with serious goals to write a poem.
In total, we evaluate 50 sonnets for each baseline
and the gold standard (human) model. Each sonnet
is rated by three professionals.

The average inter-annotator agreement (IAA) in
terms of Pearson correlation is 0.61 with p-value
<0.01, meaning that our collected ratings are highly
reliable. We also conduct paired t-test for signif-
icance testing. The difference between our best
performing model and the best baseline is signif-
icant. Considering the expertise required, human
evaluators are paid $25 per hour.

5 Results and Analysis

5.1 Results of Automatic Evaluation
Table 2 summarizes the format checking and nov-
elty scores of our model compared to the baselines.
We can see that human poets tend to incorporate
more variations and do not strictly follow the me-
ter and rhyme constraints, which computers are
good at. GPT-3 fails to learn the sonnet formats
through massive pretraining and few-shot learn-
ing despite its gigantic size. Prosaic falls short of
meter-checking because is only trained to generate
rhyming verses. Since we utilize the the phonetics
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DC O P E WH

Hafez 3.09 3.01 3.05 2.95 41.3%
Few-shot GPT3 3.43 3.10 2.86 3.11 52.7%

Prosaic 3.25 2.95 2.97 2.98 46.0%
Zest w/o fig 3.57* 3.25 3.35 3.13 58.7%
Zest 3.52 3.41* 3.66* 3.22* 62.0%*

Human 3.82 3.54 3.68 3.56 83.3%

Table 3: Expert ratings on several criteria to assess son-
net quality: discourse-level coherence (DC), original-
ity/creativity (O), poeticness in language (P), emotion
evoking (E), and written by human (WH). We show
average scores with 1 denoting the worst and 5 the best.
We boldface/underline the best/second best scores. ∗ de-
notes that paired t-test shows that our model variations
(Zest w/o fig, and Zest) outperform the best baseline in
all aspects with statistical significance (p-value < 0.05).

information provided in the CMU dictionary, Zest
achieves 100% success in rhyme words pairing. As
for novelty, Zest generates most diversely and is
best at that arousing mental pictures of concrete
objects among machines.

5.2 Results of Human Evaluation
Table 3 presents the performance of the aforemen-
tioned evaluation criteria: coherence, originality,
poeticness, and emotion-evoking. Our models
(Zest w/o fig, and Zest) outperform the baselines
in all aspects by a large margin.

Comparison between our own models. Com-
pared with Prosaic which also generates poems
from non-poetic texts, our models generates more
coherent sonnets with great statistical significance
(p-value < 0.01), showing the superiority of explicit
sketch planning over generating from scratch (i.e.,
end-to-end generation).
Zest w/o fig generates more coherently than

Zest (p-value < 0.10). However, Zest achieves
high scores in originality, poeticness by a large mar-
gin (+0.2). Hence, we still consider it as our best
model. It is also noteworthy that Zest is the most
emotion-evoking system among all machines even
though we do not have explicit sentiment control.
Poem theories have shown that emotion appeals lie
in the following aspects: the general topic, the word
choice, vivid descriptions, figurative language, in-
sights and experience (Scheub, 2002). We posit
that aesthetic features in the Zest arouse emotion
appeals.

Analysis for high poeticness. Zest is on par
with humans in terms of poeticness score, meaning
that our models generate highly descriptive, vivid,

and condensed text. With manual examination,
we attribute such high poeticness to three aspects.
First, the imagery and similes clearly represents
traits of poems. Second, in keyword-planning we
ensure that at least three concepts will be presented
per line, and thus the generation module naturally
become economical in word usage to include all
the information. Lastly, with the constraint decod-
ing algorithm to insert keywords, we inevitably
become less natural (e.g., miss conjunctions and
auxiliary verbs). While this can be a drawback in
other generation tasks, the occasional omission of
such auxiliary words is just opportune for sonnets,
and adds to the flavor of a poem. The examples in
table 4 helps demonstrate these points.

6 Qualitative Analysis

6.1 Case Study

We conduct case study to better understand the
advantages of our model over the baselines. Table
4 lists the generated sonnets by Hafez, Prosaic and
Zest given the same title: “The Four Seasons".

Problems with the Baselines Hafez chooses
words that are related to the title as rhyme words.
However, topically related rhyme words are not
sufficient for overall coherence. While it is locally
understandable, the sonnet generated by Hafez is
divergent and disconnected when sentences are put
together. On the other hand, Prosaic mimics the
rhyme and topical properties of poems, but still
generate highly prosaic and colloquial sentences
that are not poetic at all.

Advantages of Our Model Thanks to content
planning, Zest w/o fig generates a well-organized
sonnet that describes the four seasons from winter
to autumn in a logical order. Despite minor gram-
mar errors, the full model Zest benefits from vivid
descriptions and natural imagery such as ‘whispers
rumors of a winter coming’, ‘blossom of the sea-
son’, and ‘sudden like a flash’.

6.2 Impact of Keywords

By comparing Zest w/o fig versus Prosaic, our hu-
man evaluation results already show that content
planning contributes to discourse-level coherence.
In addition, we provide the keywords along with
the sonnet generated by Zest, and ask human an-
notators to judge if the sonnet can be condensed
into those keywords. Results are shown in Figure
4. We observe that 82% of the time the planed
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Hafez Score Prosaic Score

Delightful hours over long ago,
Succeed to hang the little hook and light.
The darker still and more extended snow,
The fresh invention bore the better night.

Another party started getting heavy,
And never had a little bit of summer.
And got a trigger on the finger really,
Or something going by the name of winter.

Retreat the colors and fun in afternoon
And bought the tickets loved a royal song
A sacred person join and ride in moon
Away the author go and winding long,

Oh maybe get a little out of sight,
And wounded victim suffered from the site.

C: 2.7

O: 3.0

P: 3.0

E: 3.0

The leaves fall and the air is cooler,
Were we known with seasons? Spring is coming,
Of course there isn’t that much humor,
And it is now blooming.

Even when everyone else’s warm,
Someone would want to know what we could do in may,
else we didn’t known – It was the first storm,
It’s how they used to do every other day.

What aren’t you looking up Right behind us, no clouds,
Just know no one’s will ever see the clouds or thunder,
And nobody other than the crowds,
Before now, we had just started to wonder.

We all aren’t sure what we can keep,
they couldn’t see me, like they were about to reap.

C: 3.3

O: 2.7

P: 3.0

E: 3.3

Zest w/o fig Score Zest Score

Falling snow, I feel a little cooler,
Is a sign of stormy winter coming,
Meet the honest friends and gather humor,
Happy spring and just admire the blooming.

The heat and ocean air becoming warm,
Little birds and beautiful songs in May,
Leaves and flowers probably just the storm,
Among the lunar moons and summer day.

Sudden rain and downpour from the thunder,
And summer always fill hotels with crowds,
Take a shower and give the spring a wonder,
Watch the blue sky and far behind the clouds.

In months the future vegetables reap,
The years and seasons never really keep.

C: 3.7

O: 3.3

P: 3.3

E: 3.0

The snow is falling, whether getting cooler,
Whispers rumors of a winter coming,
Gather honest, peace and love and humor,
Blossom of the happy season blooming.

Wind gets heat and the air becoming warm,
The birds enjoy the little lovely may,
Beneath the leaves, flowers survive the storm,
The moon is shining on a summer day.

Sudden like a flash comes rain with thunder,
The summer vibes fill the running crowds,
Because of shower, spring became a wonder,
The sky is high and blue like sea with clouds.

The coming months are watching future reap,
Those years and seasons bring us all to keep.

C: 3.7

O: 4.0

P: 4.0

E: 3.3

Table 4: An example of the generated sonnets from four systems with the same title: “The Four Seasons". The
scores are average numbers of three human ratings on the following criteria: coherence (C), originality (O), poetic
in language (P), and emotion evokingness (E). We underline the planed keywords and highlight the figurative
languages in blue.

Figure 4: Pie chart showing whether the generated son-
net be condensed into the planed keywords.

keywords successfully guide the generation by pro-
viding salient points of the sonnet. We then conduct
error analysis on the rest 18%. Top two reasons
among the fail cases are: 1) the decoding step gen-
erates novel contents that are not represented by
the keywords (8%), and 2) the polishing step alters
the original meaning of planed keywords (6%).

6.3 Limitation and Future Direction

Sonnets are divided in to multiple stanzas. Lines
within a stanza are more interlaced than across
stanza, and the start of a new one usually indi-

cates transition to another viewpoint. Our current
approach could not capture such structural charac-
teristics during planning and generation, and we
hope to investigate these features in future work.

We also plan to extend this poem generation
pipeline to other languages. For example, pre-
trained LMs (e.g. multilingual T5) and existing
rhyming resources (r.g. rhymes.woxikon.com pro-
vides rhymes in 13 languages) already made the
first and second component transferable to other
languages.

7 Related Work

Poetry Generation Automatic poetry generation
before the deep learning age relies heavily on tem-
plates, norms, or rule-based approaches (Gervás,
2001; Manurung, 2004; Manurung et al., 2012).
Neural approaches to automatic poetry generation
pay little attention to the coherence issue of long
poems. For example, Wang et al. (2016); Lau
et al. (2018); Yi et al. (2018); Liu et al. (2019)
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merely target at generating the first stanza (four
lines) of a poem. For longer poems such as sonnets,
Ghazvininejad et al. (2016) propose to use related
words as rhyme words to achieve topical related-
ness, and later propose to generate discourse-level
coherent English sonnets by French-English trans-
lation (Ghazvininejad et al., 2018). Van de Cruys
(2020) propose a naive RNN framework to gener-
ate rhyming verses from prosaic texts by imposing
a priori word probability constraints. We on the
other hand achieve discourse-level coherence by
learning from standard, non-poetic texts.

Other related works to boost the creativity of
generated poems include adding rhetorical (Liu
et al., 2019) and influence factors (e.g., historical
background) as latent variables (Yi et al., 2020).
To the best of our knowledge, we are the first to
explore adding both figurative speeches and meter-
and-rhyme constraints to poetry generation without
relying on poetry data.

Content Planning Content planning for auto-
matic text generation originates in the 1970s (Mee-
han, 1977). Recently, the plan-and-write genera-
tion framework has shown to be efficient in creative
content generation (Wang et al., 2016; Martin et al.,
2018; Peng et al., 2018; Yao et al., 2019; Gao et al.,
2019; Goldfarb-Tarrant et al., 2019). The frame-
work employs a hierarchical paradigm and helps
to produce more coherent and controllable genera-
tion than generating from scratch (Fan et al., 2019;
Goldfarb-Tarrant et al., 2020). However, all exist-
ing works under this line learn the storyline/plot
from the target domain for improved coherence.
We on the other hand adopt content planning to dis-
entangle the training from the decoding step which
aims at circumventing the shortage of sizable cre-
ative contents for training supervised models.

8 Conclusion

We investigate the possibility of generating sonnets
without training on poems at all. We propose a
hierarchical planning-based framework to generate
sonnets which first plans the high-level content of
the poem, refine the predicted keywords by adding
poetic features, and then achieve decoding-time
control to impose the meter-and-rhyme constraints.
Extensive automatic and expert evaluation show
that our model can generate sonnets that use rich
imagery and are globally coherent, poetic, and emo-
tion provoking.
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Abstract

There has been a recent wave of work assess-
ing the fairness of machine learning models
in general, and more specifically, on natural
language processing (NLP) models built us-
ing machine learning techniques. While much
work has highlighted biases embedded in state-
of-the-art language models, and more recent
efforts have focused on how to debias, research
assessing the fairness and performance of bi-
ased/debiased models on downstream predic-
tion tasks has been limited. Moreover, most
prior work has emphasized bias along a sin-
gle dimension such as gender or race. In this
work, we benchmark multiple NLP models
with regards to their fairness and predictive
performance across a variety of NLP tasks. In
particular, we assess intersectional bias - fair-
ness across multiple demographic dimensions.
The results show that while current debiasing
strategies fare well in terms of the fairness-
accuracy trade-off (generally preserving predic-
tive power in debiased models), they are unable
to effectively alleviate bias in downstream tasks.
Furthermore, this bias is often amplified across
demographic dimensions. We conclude with
implications for future NLP debiasing research.

1 Introduction

As state-of-the-art natural language processing
(NLP) language models become increasingly pow-
erful and pervasive, recent progress in NLP has
underscored the need for deeper analyses of how
such models perform with respect to underrepre-
sented groups. Research on fairness in NLP has
shown that distributed representations of words
often encode stereotypes - particularly towards dif-
ferent demographic groups (Blodgett et al., 2020;
Bender et al., 2021). There is a growing stream of
research that looks at mitigating these biases, espe-
cially when it manifests in the learned embedding
state (Bolukbasi et al., 2016; Zmigrod et al., 2019;
Kaneko and Bollegala, 2021). While prior work

has undoubtedly moved the needle, recent surveys
and research articles have identified several impor-
tant gaps and issues (Blodgett et al., 2020; Tan and
Celis, 2019). First, much of the current work on ex-
amining NLP bias (and proposing debiasing strate-
gies) has focused on representational harm - how
a model describes certain groups, including stereo-
typing and other misrepresentations (Blodgett et al.,
2020; Suresh and Guttag, 2019). Conversely, there
has been far less work exploring allocational harm
in downstream NLP prediction tasks - when a sys-
tem distributes resources or opportunities differ-
ently (Blodgett et al., 2020; Suresh and Guttag,
2019). Downstream tasks, such as sequence clas-
sification, also affect underrepresented groups, as
these models show disparate impact on various
demographic subsets, including women, African
Americans, and the elderly (Blodgett et al., 2020;
Bender et al., 2021; Shah et al., 2020).

Second, there has been limited work that ex-
amines intersectional bias across a wide array of
relevant charactersitics, including several demo-
graphic dimensions, for a variety of non-debiased
and debiased embeddings,1 on a multitude of down-
stream tasks. Some work has studied demographic
intersections such as young men and old women
from a theoretical perspective (e.g., Kearns et al.,
2018). Other recent studies have empirically shown
that the biases inherent in language models for gen-
der and race intersections might exceed those ob-
served for gender and race alone (Tan and Celis,
2019), and that only debiasing along a single di-
mension can be problematic (Subramanian et al.,
2021). Based on these two gaps, there is a need for
a more systematic analysis of how current state-of-
the-art language models and mitigation strategies
perform with regards to intersectional bias in down-

1In this work, our scope is debiasing embeddings, not
debiasing classifiers. While there is much work in the area of
debiasing classifiers, here we restrict our focus to the debiasing
of embeddings.
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Figure 1: Overview of our fairness benchmarking analyses. We benchmark performance across datasets, models,
and debiasing methods for tasks involving multiple demographic variables.

stream tasks.
Accordingly, in this study we perform a broad

benchmark analysis of intersectional bias (Figure 1)
encompassing the following key characteristics:

• Benchmark analysis on ten downstream se-
quence classification tasks related to five
datasets that span common modes of user-
generated content: Twitter, forums, Reddit,
and survey responses. For these tasks, we also
note the allocational harm implications of dis-
parate impact, namely the harm associated
with biased NLP-guided interventions.

• Inclusion of five demographic dimensions:
gender, race, age, education, and income.
Having three or more dimensions on many
of the tasks affords opportunities to examine
bias for various demographic intersection sub-
groups in a more in-depth manner. On four
of the datasets, these demographics are self-
reported as opposed to being algorithmically
or heuristically inferred - an important consid-
eration for debiasing research.

• Evaluation of three prominent word embed-
dings, BERT (Devlin et al., 2019), RoBERTa
(Liu et al., 2019), and GloVe (Pennington
et al., 2014), and four state-of-the-art model
debiasing methods (Ravfogel et al., 2020;
Kaneko and Bollegala, 2021; Zmigrod et al.,
2019; Webster et al., 2020). This allows us
to draw empirical insights regarding the ef-
fectiveness of mitigation strategies for down-
stream tasks.

Our results show that existing debiasing methods
are generally very adept at preserving predictive
power in downstream tasks. However, their abil-
ity to mitigate intersectional bias in such tasks is
limited. In general, debiasing BERT/RoBERTa
only incrementally alleviates disparate impact of
model classifications. Further, while gender bias
alone has disparate impact rates of 5-10% or less
on most tasks, the range of bias is amplified for in-
tersections - with unfairness rates often being 20 to
50% higher. On tasks such as inferring personality
traits, literacy, or numeracy of users, these debi-
ased models are still outside the fairness ranges
recommended by governing bodies (Barocas and
Selbst, 2016). Interestingly, these biases are more
pronounced in models using GloVe, suggesting that
debiased transformer-based models generally have
better predictive power, and are fairer.

Our main contributions are two-fold. First, we
perform a large-scale examination of intersectional
bias across an array of downstream tasks. Our
benchmark evaluation offers empirical evidence
that the concerns voiced in recent critical surveys
about too much emphasis on representational debi-
asing devoid of explicit normative goals (Blodgett
et al., 2020), relative to mitigation of downstream
allocational harm, are well-founded. Second, we
quantify the size and scope of the intersectional
bias problem, and the risks it can introduce for se-
lect underprivileged sub-groups when deploying
NLP models for sequence prediction tasks. We
are hopeful our work will spur future research that
further sheds light on intersectional biases in down-
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stream tasks, as well as mitigation strategies for
alleviating allocational harm. Towards this goal,
the code and data used in this work is publicly
available via GitHub.2

2 Related Work

2.1 Allocational and Representational Harms
In their survey on bias in NLP, Blodgett et al. (2020)
drew a distinction between allocational and repre-
sentational harms. They found that most papers in
NLP describe methods for measuring and mitigat-
ing representational harms - when “a system (e.g.,
a search engine) represents some social groups in a
less favorable light than others, demeans them, or
fails to recognize their existence altogether” (Blod-
gett et al., 2020). One well-known example are
stereotypes in word embeddings, such as certain
ethnic groups being more closely associated with
"housekeeper" (Garg et al., 2018).

In contrast, (Blodgett et al., 2020) only found
four papers in their survey that were classified as
having techniques for measuring/mitigating allo-
cational harms - these “arise when an automated
system allocates resources (e.g., credit) or op-
portunities (e.g., jobs) unfairly to different social
groups.” Allocational harm is often aligned with
downstream tasks/interventions guided by the NLP
model. For instance, all four of the aforementioned
allocational harm papers measure and/or mitigate
gender bias with respect to an NLP-based occupa-
tion classifier (De-Arteaga et al., 2019; Prost et al.,
2019; Romanov et al., 2019; Zhao et al., 2020).
More specifically, these studies examine the allo-
cational harm of biased occupation classification
predictions on decisions that affect humans, specif-
ically whether an HR NLP system scraping web
bios classifies individuals as relevant or not for a po-
sition. Our work builds on the nascent allocational
harm literature by examining ten downstream tasks
related to five data sets spanning Twitter, Reddit,
forum, and survey response text.

2.2 Intersectional Biases
Intersectional biases arising as a result of interact-
ing demographics have been studied in the broader
machine learning literature, either from a theoret-
ical perspective (Kearns et al., 2018; Yang et al.,
2020), or in the context of facial recognition (Buo-
lamwini and Gebru, 2018). In NLP, Tan and Celis
(2019) evaluate and reveal important intersectional

2https://github.com/nd-hal/naacl-2022

biases in contextualized word embedding models
such as BERT and GPT-2. However, in their study,
intersectional biases are evaluated using the word
association test with an emphasis on representa-
tional harm - it remains unclear how intersectional
biases affect allocational harm in downstream NLP
tasks. Subramanian et al. (2021) looked at intersec-
tional biases of classification models specifically
designed for unbiased prediction, but do not evalu-
ate embedding debiasing techniques. We build on
the emergent literature on intersectional biases by
assessing datasets encompassing up to five demo-
graphic dimensions, in conjunction with state-of-
the-art word embeddings and debiasing methods,
on downstream tasks where biased predictions can
lead to allocational harm (§3.1).

2.3 Debiasing

Pretrained word embeddings, including static word
embeddings such as GloVe and contextualized
word embeddings such as BERT, contain human-
like biases and stereotypical associations (Caliskan
et al., 2017; Garg et al., 2018; May et al., 2019).
A burgeoning body of NLP work has explored de-
biasing techniques to mitigate biases in pretrained
word embeddings. One body of work has focused
on debiasing static word embeddings (Bolukbasi
et al., 2016; Zhao et al., 2020, 2018; Kaneko and
Bollegala, 2019; Ravfogel et al., 2020).

Given the wide adoption of transformer-based
contextualized embedding models, recent research
has investigated bias mitigation in models such as
BERT and RoBERTa (Zmigrod et al., 2019; Web-
ster et al., 2020; Garimella et al., 2021; Kaneko and
Bollegala, 2021; Guo et al., 2022). Existing meth-
ods for debiasing static and contextualized embed-
dings have alleviated representational harm along
demographic dimensions such as gender. How-
ever, Gonen and Goldberg (2019) raised the con-
cern that some debiasing strategies geared towards
static word embeddings simply cover up the biases -
which can resurface. Moreover, the seemingly debi-
ased static embeddings often do not alleviate biases
in downstream NLP prediction tasks (Goldfarb-
Tarrant et al., 2021). The extent to which state-of-
the-art debiasing methods can mitigate downstream
intersectional biases remains unclear. This is pre-
cisely one of the gaps our study attempts to shed
light on.

3600



Dataset Task Demographics Data source N

Psychometrics Anxiety, Literacy, Numeracy,
Trust

Gender, Race, Age, Income, Ed-
ucation

Survey 8,395

Multilingual Twitter
Corpus (MTC)

Hate Speech Identification Gender, Race, Age Twitter 83,078

Five Item Personality In-
ventory (FIPI)

Extraverted, Stable Gender, Race, Age, Income, Ed-
ucation

Survey 6,805

AskAPatient Sentiment Gender, Age Forums 20,000
Myers–Briggs Type In-
dicator (MBTI)

Perceiving, Thinking Gender, Age Reddit 7,406 (1,584)

Table 1: Details of the datasets used for benchmarking. For MBTI, users were able to provide multiple texts, we
report unique users in parentheses.

3 Data, Models, Experiments

As previously depicted in Figure 1, our experimen-
tal setup is as follows. We assess predictive perfor-
mance and fairness across five datasets spanning
ten dependent variables/tasks and five demographic
dimensions. We train three models (GloVe, BERT,
and RoBERTa) as our prediction and fairness base-
lines. We then debias the input embeddings for
these models (Ravfogel et al., 2020; Zmigrod et al.,
2019; Kaneko and Bollegala, 2021) and re-train
them to compare the performance. Details of the
data, models, and evaluation metrics are below.

3.1 Data

We examine five datasets (Table 1) across several
NLP tasks: psychometric dimension prediction,
hate speech identification, personality detection,
and sentiment analysis. The psychometric data
set (Abbasi et al., 2021) consists of free-text re-
sponses on four psychometric dimensions: subjec-
tive health literacy, numeracy, anxiety, and trust in
doctors. These free-text responses were then linked
to survey-based psychometric scores also provided
by the participants (serving as gold-standard nu-
meric response labels). The data also includes self-
reported demographics for each individual: age,
race, gender, income, and education level. This
data set was collected using crowd workers from
Amazon Mechanical Turk and Qualtrics.

Similarly, the Five Item Personality Inventory
(FIPI) and Myers–Briggs Type Indicator (MBTI)
datasets include free text responses to estimate one
of the FIPI or MBTI personality traits (Gjurković
et al., 2021). In particular, due to space constraints,
we focus on the MBTI traits of perceiving and
thinking, and the FIPI traits of extraverted and sta-
ble. For FIPI, available demographics are gender,
race, age, income, and education. For MBTI, self-
reported gender and age are available. The AskAP-

atient dataset (Limsopatham and Collier, 2016) is
taken from web forums and has labeled sentiment,
along with gender and age information.

The Multilingual Twitter Corpus (MTC) hate-
speech dataset contains labeled Twitter messages
for the task of hate speech detection (Huang et al.,
2020). The dataset also contains inferred author
demographic factors. We use three demographics:
gender, race, and age.

The Psychometrics, FIPI, AskAPatient, and
MBTI tasks are all relevant from an allocational
harms perspective. Biases in predictions for
healthcare-related variables (Psychometrics), or
personality type variables (MBTI, FIPI) can affect
an individual’s health care plan, personalized in-
terventions, job prospects, etc. Biased predictions
for drug rating sentiment can affect which drugs a
future user chooses to take.

3.2 Models and Debiasing Methods

In the experiments, we considered several different
text classification models. We used a word convo-
lutional neural network (CNN) model, initialized
with GloVe embeddings. We also considered two
transformer-based contexualized embedding mod-
els: BERT and RoBERTa.

CNN We trained a word convolutional neural net-
work (CNN) model, initialized with GloVE embed-
dings. The model consists of 3 concatenated CNN
layers with kernel size of 1, 2 and 3 respectively.
Each layer has a filter size of 256, rectified linear
unit (ReLU) activation, L2 regularization (0.001),
and global max pooling. The models were trained
for 35 epochs with a batch size of 32 and learning
rate of 1e−4.

Debiased-CNN We debiased the GloVe model
using (Ravfogel et al., 2020). We kept all param-
eters the same as in the original paper based on
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their publically available implementation.3 The
projection matrix was learned over 50 epochs.

BERT and RoBERTa We fine-tuned BERT
and RoBERTa on downstream prediction
tasks. We used BERT-base-uncased and
RoBERTa-base model loaded from the trans-
formers library. We fine-tuned BERT and
RoBERTa model for five epochs using the
following hyperparameters: a batch size to 32,
learning rate of 1e−5, weight decay of 0.01. We
saved the final model that achieves the lowest loss
on validation set.

Debiased-BERT and Debiased-RoBERTa We
debiased BERT and RoBERTa using (Kaneko and
Bollegala, 2021). We obtained the gender word
lists and stereotype word lists4. We used News-
commentary-v15 corpus4 as the external corpus
to locate sentences where the gender and stereo-
type words occur and then debias. All BERT or
RoBERTa layers are debiased at the token level,
and the debiasing loss weight is set to 0.8. The
model is fine-tuned for three epochs used the fol-
lowing hyperparameters: a batch size of 32 and
learning rate of 5e−5.

Training Details For each dataset we trained us-
ing five-fold cross validation, so that for each exam-
ple in each dataset, we could generate predictions
as unseen test data.Each test fold was then concate-
nated for a given model for fairness calculations.
All models were trained on the same data with
hyperparameter tuning. All prediction models, de-
biasing models are trained on a NVIDIA GeForce
RTX 3090 GPU card, with 11.2 CUDA version.

Debiasing Strategy Static word embeddings
(GloVe, Pennington et al., 2014) were debiased us-
ing WordED (Ravfogel et al., 2020)5. This method
iteratively learns a projection of embeddings that
removes the bias information with minimal impact
on embedding distances.

Contextualized word embedding models BERT
and RoBERTa were debiased using ContextED
(Kaneko and Bollegala, 2021)6, which has been
shown to work well at removing gender-bias en-
coded in embeddings. This method uses pre-
defined word lists to identify sentences that con-
tain the gendered or stereotype words, and then

3https://github.com/shauli-ravfogel/nullspace_projection
4https://github.com/kanekomasahiro/context-debias/
5https://github.com/shauli-ravfogel/nullspace_projection
6https://github.com/kanekomasahiro/context-debias

fine-tunes the pretrained model parameters by en-
couraging gendered and stereotype words to have
orthogonal representations.

We also assessed two alternative debiasing meth-
ods for the contextualized word embedding models:
counterfactual data augmentation (CDA) (Zmigrod
et al., 2019) and Dropout (Webster et al., 2020).7

CDA augments the training corpora with counter-
factual data so that the language model is pretrained
on gender-balanced text. Dropout mitigates gen-
der biases by increasing the dropout rate in the
pretrained models. Therefore, the debiasing meth-
ods in our experiments represent different ways of
mitigating biases: dataset level (CDA), debiasing
during pretraining (ContextED and Dropout), and
post-tuning debiasing (WordED).

3.3 Evaluation
There are several definitions of fairness in the liter-
ature (Mehrabi et al., 2021), each with correspond-
ing methods of assessment. In this work we rely
on two prior metrics from the literature, and also
present a new metric, adjusted disparate impact, to
account for base rates in the dataset.

Disparate Impact One of the most common fair-
ness assessments is disparate impact (DI, Friedler
et al., 2019). DI measures the inequality of posi-
tive cases between privileged and non-privileged
groups for a particular demographic. DI comes
from from the legal field, where certain regulations
require DI be above a threshold of 0.8 (or below
1.2 in the inverse case). For true labels y, predicted
labels ŷ, and relevant demographic group A:

DI =
p(ŷ = 1|A = 0)

p(ŷ = 1|A = 1)
(1)

Where A = 0 refers to the protected group and
A = 1 refers to the privileged group. A DI ra-
tio of 1 indicates demographic parity, where the
rates of positive predictions are consistent across
demographic classes: P (ŷ = 1|A = 0) = P (ŷ =
1|A = 1) (Mehrabi et al., 2021).

Statistical Parity (SP) Subgroup Fairness Re-
cent theoretical work on intersectional biases also
assesses demographic parity, where the score com-
pares group-specific rates to the global rate in the
dataset instead of a comparison between privileged
and protected classes (Kearns et al., 2018):

p(A = g)× |p(ŷ = 1)− p(ŷ = 1|A = g)| (2)
7https://github.com/google-research-datasets/zari
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This value is compared to an acceptability pa-
rameter λ to assess fairness. As this method was
proposed for the intersectional case, it gives a way
to identify the upper-bound of the fairness violation
in a dataset (Yang et al., 2020):

FV = max
g∈Gf

|TPRg − TPRD| (3)

Where Gf is the set of demographic groups un-
der consideration for analysis, TPRg is the true
positive rate of the classifier on the instances in
g, and TPRD is the overall true positive rate for
the classifier on the dataset. Prior work considered
the average violation across groups (Subramanian
et al., 2021), but for the purposes of this study we
are interested in a worst case analysis.

Adjusted Disparate Impact We propose re-
weighting DI to account for differences in base
rates. Adjusted DI (ADI) divides DI by the base
rate ratio for the protected and privileged groups:
DI∗ = p(y=1|A=0)

p(y=1|A=1) , ADI = DI
DI∗

Note that the disparate impact metrics are not de-
fined for cases where there are no positive instances
for either the protected or privilege classes in the
data, or when there are no positive predictions for
the privileged class (due to zero division). There-
fore, we use additive smoothing when calculating
DI and adjusted DI (Zhai and Lafferty, 2004).

Intersectional Fairness To assess intersectional
fairness we enumerated all combinations for each
n-demographic scenario (e.g., 2-demographic, 3-
demographic, etc.). We set a reference demo-
graphic, specifically gender, because of the prior
work on debiasing word embeddings for gender
(Bolukbasi et al., 2016; Gonen and Goldberg, 2019;
Kaneko and Bollegala, 2021). For intersectional
cases, we calculated DI and FV for all possible
combinations of demographics that included gen-
der. For example, the 2-demographic case for
the psychometrics dataset involves calculating DI
and FV for the following protected groups: older
women, lower education women, lower income
women, and non-white women. Our privileged
groups are the negations of the protected groups,
e.g., for the above case they are younger men,
higher education men, higher income men, and
white men. By considering disjoint demographic
groups, we avoid cumulative effects of merging
fairness results from individual demographics dur-
ing the intersectional phase. We follow the same
procedure for enumerating protected groups for the

3- and 4-demographic cases. For 5-demographics
we consider all demographics together. For all
models and datasets, we calculated fairness and
performance metrics. For performance, we report
mean squared error (MSE), Pearson’s r,8 F1, and
area under the receiver operating curve (AUC). For
fairness, we report adjusted DI and fairness viola-
tion (FV, §3.3).9

4 Results and Discussion

Figure 2 shows the ADI results for BERT and
GloVe using ContextED and WordED for debias-
ing, respectively. In most cases, particularly for
BERT, disparate impact scores for gender alone are
in a reasonable range (within 10%). For GloVe,
we do observe high gender ADI on Anxiety and
Thinking. However, as the number of demograph-
ics under consideration grows, the range of ADI
scores widens. While debiasing the word embed-
dings typically helps to reduce the unfairness for
the target demographic (e.g., gender), in the in-
tersectional cases the model still performs poorly.
There are similar trends in FV scores as the num-
ber of demographics increases, with the extent of
violations often increasing by a factor of 3x to 10x
as intersections increase (Table 2).

In some cases the intersectional disparities are
extreme. On the BERT models, the ratio of posi-
tive Numeracy predictions for the protected class
is three-to-one compared to the privileged class.
In the other direction, for 3-demographics, hate-
speech detection positive predictions are signifi-
cantly less likely for the protected group than the
privileged group. This is consistent with prior hate-
speech detection work that has shown large (ab-
solute value) fairness gaps between protected and
privileged groups (e.g., Liu et al., 2021).

In most cases, trends are consistent between the
BERT and GloVe models (e.g., Extraverted, Nu-
meracy, Perceiving). Some counterexamples are
the Trust and Anxiety tasks. Here model choice
impacts the direction of bias. As more demograph-
ics are considered, the GloVe model skews more
unfair against the protected group, while the BERT
model remains mostly fair, skewing slightly unfair
against the privileged group. Higher trust in physi-
cians is associated with better well-being and lower
anxiety when visiting a doctor (Netemeyer et al.,

8MSE and Pearson’s r were calculated for datasets where
continuous gold standard values were available

9Standard disparate impact results were consistent with
ADI and are not included due to space considerations.
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Task ModelName MSE Pearson’s r F1 AUC DI DI+ DI++ FV FV+ FV++

BERT 0.04 0.53 0.68 0.74 1.04 0.89 1.04 0.03 0.06 0.09
BERT-D 0.04 0.53 0.67 0.74 1.06 1.11 1.08 0.03 0.05 0.08

RoBERTa 0.04 0.55 0.69 0.75 1.03 1.08 1.05 0.03 0.06 0.12
RoBERTa-D 0.04 0.55 0.69 0.75 1.04 0.93 1.06 0.03 0.06 0.1

word2vec 0.04 0.45 0.53 0.71 1.05 0.83 0.9 0.02 0.05 0.09

Anxiety

word2vec-D 0.04 0.44 0.58 0.7 1.03 0.83 0.89 0.02 0.06 0.12

BERT 0.24 0.26 0.43 0.65 0.93 1.46 1.58 - 0.09 0.21
BERT-D 0.24 0.27 0.41 0.67 0.94 1.46 1.65 - 0.07 0.21

RoBERTa 0.22 0.3 0.5 0.67 0.93 1.42 1.56 - 0.1 0.26
RoBERTa-D 0.24 0.23 0.48 0.63 0.94 1.35 1.5 - 0.08 0.22

word2vec 0.1 -0.02 - 0.51 0.44 3.12 2.96 - - 0.01

Extraverted

word2vec-D 0.1 -0.01 - 0.51 0.44 3.12 2.96 - - 0.01

BERT - - 0.94 0.94 0.99 0.98 0.97 0.04 0.11 0.17
BERT-D - - 0.94 0.94 1 0.98 0.97 0.04 0.11 0.17

RoBERTa - - 0.95 0.95 1 0.98 0.96 0.04 0.11 0.17
RoBERTa-D - - 0.95 0.95 0.99 0.98 0.96 0.04 0.11 0.17

word2vec - - 0.76 0.81 0.97 0.8 0.82 0.01 0.04 0.07

Hatespeech

word2vec-D - - 0.75 0.81 0.98 0.79 0.79 0.01 0.04 0.07

BERT 0.01 0.61 0.7 0.78 1.01 0.8 0.61 0.02 0.05 0.06
BERT-D 0.01 0.6 0.68 0.78 1 0.82 0.64 0.02 0.06 0.02

RoBERTa 0.01 0.62 0.74 0.79 0.95 0.74 0.63 0.01 0.05 0.04
RoBERTa-D 0.01 0.62 0.73 0.79 0.98 0.76 0.65 0.02 0.05 0.02

word2vec 0.02 0.46 - 0.72 0.44 3.07 2.92 - - 0.01

Literacy

word2vec-D 0.01 0.49 0.04 0.73 1.17 0.41 0.32 - - -

BERT 0.03 0.55 0.69 0.75 1.21 2.46 3.23 0.03 0.15 0.3
BERT-D 0.04 0.56 0.71 0.75 1.19 2.5 3.04 0.03 0.15 0.32

RoBERTa 0.03 0.58 0.72 0.77 1.24 2.9 3.91 0.02 0.14 0.3
RoBERTa-D 0.03 0.58 0.72 0.76 1.25 2.7 3.24 0.02 0.15 0.34

word2vec 0.05 0.36 - 0.67 0.71 26.93 45.11 - - 0.01

Numeracy

word2vec-D 0.05 0.38 - 0.67 0.71 26.93 45.11 - - 0.01

BERT - - 0.37 0.53 1.01 1.38 - 0.03 0.2 -
BERT-D - - 0.36 0.54 0.91 1.44 - 0.05 0.23 -

RoBERTa - - 0.34 0.67 0.9 2.45 - 0.03 0.34 -
RoBERTa-D - - 0.25 0.55 0.83 2.51 - 0.03 0.35 -

word2vec - - 0.29 0.54 0.91 2.13 - 0.03 0.32 -

Perceiving

word2vec-D - - 0.29 0.53 0.98 2.09 - 0.03 0.31 -

BERT 0.03 0.82 0.84 0.93 0.95 0.97 - 0.02 0.14 -
BERT-D 0.03 0.82 0.85 0.93 0.95 0.98 - 0.02 0.14 -

RoBERTa 0.03 0.84 0.86 0.94 0.95 0.99 - 0.02 0.14 -
RoBERTa-D 0.03 0.84 0.86 0.94 0.94 0.98 - 0.02 0.14 -

word2vec 0.03 0.82 0.84 0.93 0.95 0.97 - 0.02 0.14 -

Sentiment

word2vec-D 0.03 0.82 0.85 0.93 0.95 0.97 - 0.02 0.14 -

BERT 0.22 0.36 0.6 0.71 1.11 1.24 1.31 0.02 0.09 0.19
BERT-D 0.23 0.32 0.57 0.68 1.1 1.29 1.37 0.02 0.09 0.21

RoBERTa 0.23 0.34 0.49 0.69 1.08 1.55 1.39 0.01 0.07 0.15
RoBERTa-D 0.22 0.37 0.58 0.71 1.1 1.36 1.39 0.02 0.09 0.21

word2vec 0.04 0.18 - 0.59 0.44 3.12 2.96 - - 0.01

Stable

word2vec-D 0.04 0.18 - 0.6 0.44 3.12 2.96 - - 0.01

BERT - - 0.49 0.59 0.86 1.12 - 0.07 0.11 -
BERT-D - - 0.51 0.58 0.92 1.02 - 0.06 0.06 -

RoBERTa - - 0.54 0.74 0.81 1.49 - 0.06 0.21 -
RoBERTa-D - - 0.44 0.58 0.87 1.33 - 0.05 0.17 -

word2vec - - 0.47 0.58 0.82 1.2 - 0.07 0.14 -

Thinking

word2vec-D - - 0.43 0.56 0.96 1.4 - 0.04 0.17 -

BERT 0.01 0.73 0.83 0.87 1.03 1.09 1.09 0.01 0.04 0.06
BERT-D 0.02 0.72 0.83 0.87 1.03 1.11 1.06 0.01 0.04 0.05

RoBERTa 0.01 0.74 0.84 0.88 1.03 1.1 1.05 0.01 0.04 0.04
RoBERTa-D 0.01 0.74 0.84 0.87 1.02 0.93 1.02 0.01 0.04 0.05

word2vec 0.02 0.6 0.5 0.82 1.1 1.19 0.84 - 0.01 0.04

Trust

word2vec-D 0.02 0.59 0.62 0.82 1.11 1.14 0.9 0.01 0.04 0.04

Table 2: Benchmarking results. For Psychometrics and FIPI, + and ++ indicate 3- and 5-way demographics,
respectively. For MTC, AskAPatient, and MBTI, + and ++ indicate 2- and 3-way demographics, respectively. Best
performance metrics (lowest for MSE, highest for Pearson r, F1, and AUC) and least fair for fairness metrics
(furthest from 1 for DI, highest for FV) are bolded. 3604



Figure 2: Effect of intersectionality on adjusted disparate impact for BERT and GloVe models. For x-axes with more
than one demographic characteristic under consideration, we report the mean ADI and 95% confidence intervals.

2020); disparate predictions can lead to missed in-
terventions for trust-increase and anxiety reduction
across demographic groups. Though not depicted
in the main paper, plots for RoBERTa show similar
trends to those observed for BERT while debiasing
with ContextED (see Appendix A).

Results are similar when looking at alternate
BERT debiasing methods beyond ContextED,
namely CDA and Dropout (Figure 3). These find-
ings on the Anxiety, Literacy, Numeracy, and Trust
tasks suggest that debiasing at the dataset, embed-
ding pretraining, and post-tuning levels leads to
similar increases in unfairness as the number of
demographic intersections considered increases.

Collectively, the results underscore the alloca-
tional harm implications of NLP models on several
downstream tasks - ones that even well-designed
and well-intentioned debiasing strategies cannot
overcome. This can be problematic in the era of
personalized marketing and precision health, with
NLP-based persona-generation playing a bigger

role. For tasks like numeracy and literacy, this can
affect how a patient is treated by a medical staff
during a hospital visit (i.e., a false positive high
literacy prediction for a person who has trouble
understanding his or her medical record). For the
personality indicators, inconsistent predictions may
lead to biased decisions in the workplace (e.g., a
manager looking to form a team of extroverts).

5 Conclusion

In this work we present a comprehensive bench-
marking analysis of fairness for sequence predic-
tion models. We also look at known debiasing
methods for these models and show that while the
debiased versions maintain predictive performance
(as expected), they do not help with mitigating bi-
ases. While most models are relatively fair when
looking at a single demographic characteristic, ac-
counting for intersectional groups leads to less fair
models and wider ranges of bias because of the
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Figure 3: Effect of different debiasing methods on adjusted disparate impact.

combinatorial considerations of the intersectional
groups. It is our hope that this benchmarking en-
courages future work into mitigating intersectional
biases, and also to collect more demographic infor-
mation when creating new datasets.
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A Appendix: RoBERTa Results

Figure 4 shows results of our benchmarking experiments for RoBERTa. The trends of degrading perfor-
mance are consistent with the results in BERT.
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Abstract

While recent work on multilingual language
models has demonstrated their capacity for
cross-lingual zero-shot transfer, there is a lack
of consensus in the community as to what
shared properties between languages enable
transfer on downstream tasks. Analyses in-
volving pairs of natural languages are often in-
conclusive and contradictory since languages
simultaneously differ in many linguistic as-
pects. In this paper, we perform a large-scale
empirical study to isolate the effects of var-
ious linguistic properties by measuring zero-
shot transfer between four diverse natural lan-
guages and their counterparts constructed by
modifying aspects such as the script, word or-
der, and syntax. Among other things, our ex-
periments show that the absence of sub-word
overlap significantly affects zero-shot transfer
when languages differ in their word order, and
there is a strong correlation between transfer
performance and word embedding alignment
between languages (e.g., ρs = 0.94 on the task
of NLI). Our results call for focus in multilin-
gual models on explicitly improving word em-
bedding alignment between languages rather
than relying on its implicit emergence.1

1 Introduction

Multilingual language models like XLM (Con-
neau et al., 2020a) and Multilingual-BERT (Devlin,
2019) are trained with masked-language modeling
(MLM) objective on a combination of raw text from
multiple languages. Surprisingly, these models ex-
hibit decent cross-lingual zero-shot transfer, where
fine-tuning on a task in a source language trans-
lates to good performance for a different language
(target).

Requirements for zero-shot transfer Recent
studies have provided inconsistent explanations for
properties required for zero-shot transfer (hereon,

1Code is available at https://github.com/
princeton-nlp/MultilingualAnalysis

transfer). For example, while Wu and Dredze
(2019) conclude that sub-word overlap is vital for
transfer, K et al. (2020) demonstrate that it is not
crucial, although they consider only English as the
source language. While Pires et al. (2019) suggest
that typological similarity (e.g., similar SVO or-
der) is essential for transfer, other works (Kakwani
et al., 2020; Conneau et al., 2020a) successfully
build multilingual models for dissimilar languages.

Need for systematic analysis A major cause of
these discrepancies is a large number of varying
properties (e.g., syntax, script, and vocabulary size)
between languages, which make isolating crucial
ingredients for transfer difficult. Some studies al-
leviate this issue by creating synthetic languages
which differ from natural ones only in specific lin-
guistic properties like script (K et al., 2020; Dufter
and Schütze, 2020). However, their focus is only
on English as a source language, and the scale of
their experiments is small (in number of tasks or
pre-training corpora size), thus limiting the scope
of their findings to their settings alone.

Our approach We perform a systematic study of
cross-lingual transfer on bilingual language mod-
els trained on a natural language and a systemati-
cally derived counterpart. We choose four diverse
natural languages (English, French, Arabic, and
Hindi) and create derived variants using four differ-
ent transformations on structural properties such as
inverting or permuting word order, altering scripts,
or varying syntax (Section 3.2). We train mod-
els on each of the resulting sixteen language pairs,
and evaluate zero-shot transfer on four downstream
tasks – natural language inference (NLI), named-
entity recognition (NER), part-of-speech tagging
(POS), and question-answering (QA).

Our experiments reveal the following:

1. Contrary to previous belief, the absence of sub-
word overlap degrades transfer when languages
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differ in their word order (e.g., by more than 40
F1 points on POS tagging, (§ 4.1)).

2. There is a strong correlation between token em-
bedding alignment and zero-shot transfer across
different tasks (e.g., ρs = 0.94, p < .005 for
XNLI, Fig 4).

3. Using pre-training corpora from similar sources
for different languages (e.g., Wikipedia) boosts
transfer when compared to corpora from differ-
ent sources (e.g., 17 F1 points on NER, Fig 3).

To our knowledge, we are the first study to quan-
titatively show that zero-shot transfer between lan-
guages is strongly correlated with token embedding
alignment (ρs = 0.94 for NLI). We also show that
the current multilingual pre-training methods (Dod-
dapaneni et al., 2021) fall short of aligning em-
beddings even between simple natural and derived
language pairs, leading to failure in zero-shot trans-
fer. Our results call for training objectives that ex-
plicitly improve alignment using either supervised
(e.g., parallel corpora or bilingual dictionaries) or
unsupervised data.

2 Related work

Multilingual pre-training for Transformers
The success of monolingual Transformer lan-
guage models (Devlin et al., 2019; Radford et al.,
2018) has driven studies that learn a multilin-
gual language-model (LM) on several languages.
Multilingual-BERT (M-BERT) (Devlin, 2019) is a
single neural network pre-trained using the masked
language-modeling (MLM) objective on a corpus
of text from 104 languages. XLM (Conneau and
Lample, 2019) introduced translation language-
modeling, which performs MLM on pairs of par-
allel sentences, thus encouraging alignment be-
tween their representations. These models exhibit
surprising zero-shot cross-lingual transfer perfor-
mance (Conneau and Lample, 2019; K et al., 2020),
a setup where the model is fine-tuned on a source
language and evaluated on a different target lan-
guage.

Analysis of cross-lingual transfer While Pires
et al. (2019), Conneau et al. (2020b), and K et al.
(2020) showed that transfer works even without
a shared vocabulary between languages, Wu and
Dredze (2019) discovered a correlation between
sub-word overlap and zero-shot performance. Con-
neau et al. (2020b) and Artetxe et al. (2020a)
showed that shared parameters for languages with

different scripts were crucial for transfer. Pires et al.
(2019) and (Wu and Dredze, 2019) observed that
transfer for NER and POS tagging works better
between typologically similar languages. However,
a study conducted by Lin et al. (2019) showed
that there is no simple rule of thumb to gauge
when transfer works between languages. Hsu et al.
(2019) observed that changing the syntax (SOV)
order of the source to match that of the target does
not improve performance.

Transfer between real and synthetic Languages
K et al. (2020) create a synthetic language by
changing English’s script and find that transfer be-
tween it and Spanish works even without common
sub-words. However, they use only English as their
source language, test only on two tasks, and use
a single natural-synthetic language pair. Dufter
and Schütze (2020) study transfer between English
and synthetic English obtained by changing the
script, word order, or model delimiters. However,
they use a small corpus (228K words) compared to
current standards (we use 3 orders more) and mea-
sure only embedding similarity and not zero-shot
transfer. A contemporary work (Wu et al., 2022)
uses synthetic transformations to modify the GLUE
dataset (Wang et al., 2018) and analyze properties
required for good zero-shot transfer, but they per-
form their experiments only on English and do not
perform token embedding alignment analysis. We
show that the latter is crucial for good transfer.

3 Approach

We first provide some background on bilingual lan-
guage models (Section 3.1), followed by descrip-
tions of our transformations (Section 3.2), and our
training and evaluation setup (Section 3.3).

3.1 Background
Bilingual pre-training The standard setup (Con-
neau and Lample, 2019) trains a bilingual language
model (Bi-LM) on raw text corpora from two lan-
guages simultaneously. Bi-LM uses the masked
language-modeling loss (LMLM) on the corpora
from the two languages (C1, C2) separately with
no explicit cross-lingual signal:

LθBi-LM(C1 + C2) = LθMLM(C1) + LθMLM (C2)

A shared byte pair encoding tokenizer (Sennrich
et al., 2015) is trained on C1 + C2. A single batch
contains instances from both languages, but each
instance belongs to a single language.
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Transformation Instance (s) Transformed instance (T (s))

Inversion (Tinv) Welcome to NAACL at Seattle Seattle at NAACL to Welcome
Permutation (Tperm) This is a conference a This conference is
Transliteration (Ttrans) I am Sam . I am ♣(I) ♥(am) ♦(Sam) ♠(.) ♣(I) ♥(am)

Syntax (Tsyn)
Sara (S) ate (V) apples (O) Sara (S) apples (O) ate (V)

Une table (N) ronde (A) Une ronde (A) table (N)

Table 1: Examples of our transformations applied to different sentences (without sub-word tokenization). Inversion
inverts the tokens, Permutation samples a random reordering, and Transliteration changes the script. We use
symbols (♣) to denote words in the new script and mention the corresponding original word in brackets. Syntax
stochastically modifies the syntactic structure. In the first example for Syntax, the sentence in Subject-Verb-Object
(SVO) order gets transformed to SOV order, and in the second, the sentence in Noun-Adjective (NA) order gets
transformed to the AN order. The examples are high probability re-orderings and other ones might be sampled too.

Zero-shot transfer evaluation Consider a bilin-
gual model (Bi-LM) pre-trained on two languages,
source and target. Zero-shot transfer involves fine-
tuning Bi-LM on downstream task data from source
and evaluating on test data from target. This is con-
sidered zero-shot because Bi-LM is not fine-tuned
on any data belonging to target.

3.2 Generating language variants with
systematic transformations

Natural languages typically differ in several ways,
like the script, word order, and syntax. To isolate
the affect of these properties on zero-shot transfer,
we obtain derived language corpora (hereon, de-
rived corpora) from original (natural) language cor-
pora by performing sentence level transformations
(T ) which change particular properties. For exam-
ple, an “inversion” transformation could be used
to invert each sentence in the corpus (Welcome1
to2 NAACL3⇒ NAACL3 to2 Welcome1). Since the
transformation (T ) is applied on each sentence of
the original corpus, the size of the original and
the derived corpus is the same. In the following
sections, we will use the following notation:

Corig ≡ Original corpus

= {si | i = 1 : N, si = sentence}
T ≡ Sentence-level transformation

Cderiv ≡ Derived corpus

= {T (sent) | ∀ sent ∈ Corig}

Types of transformations We consider four
transformations which modify different aspects of
sentences (examples in Table 1):

1. Inversion (Tinv): Invert the order of tokens
in the sentence, like in Dufter and Schütze

(2020). The first token becomes the last, and
vice versa.

2. Permutation (Tperm): Permute the order of
tokens in a sentence uniformly at random. For
a sentence of n tokens, we sample a random
ordering with probability 1

n! .
3. Transliteration (Ttrans): Change the script

of all tokens other than the special tokens
(like [CLS]). This creates a derived vocab-
ulary (Vderiv) with a one-to-one correspon-
dence with the original vocabulary (Vorig).

4. Syntax (Tsyn): Modify a sentence to match
the syntactic properties of a different natu-
ral language by re-ordering the dependents
of nouns and verbs in the dependency parse.
These transformations are stochastic because
of the errors in parsing and sampling over pos-
sible re-orderings (Wang and Eisner, 2016).

These transformations allow us to systematically
evaluate the effect of corresponding properties on
zero-shot transfer. We also consider composed
transformations (§4.2) which consecutively apply
two transformations. We note that while real lan-
guages typically differ in more than one or two
properties considered in our transformations, our
methodology remains useful in isolating crucial
properties that enable good transfer and can be ex-
tended to more transformations.

Transformations for downstream tasks We ob-
tain the downstream corpus in the derived language
(Dderiv) by applying the same transformation (T )
used during pre-training on the original down-
stream corpus (Dorig). Unlike pre-training corpora
which contain raw sentences, instances in down-
stream tasks contain one or more sentences with
annotated labels. For text classification tasks like
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(a) Pre-training

(b) Fine-tuning

Figure 1: (a) During pre-training, we 1 obtain the derived language corpus (Cderiv) by transforming the original
language corpus (Corig). 2 The two corpora are combined and, 3 a bilingual model (Bi-LM) is learned using
the MLM objective. (b) During fine-tuning, we 1 obtain the derived dev dataset (Ddev

deriv) by transforming the
original dev dataset (Ddev

orig ). 2 Bi-LM is fine-tuned on the original train dataset (Dtrain
orig ), and 3 evaluated on

Ddev
deriv, which is the standard zero-shot cross lingual setup.

Evaluation Corpus source

Pre-train Fine-tune (train) Fine-tune (dev)

BZ Corig + Cderiv Dorig Dderiv

BS Corig + Cderiv Dderiv Dderiv

MZ Corig Dorig Dderiv

∆(BZ−BS) =
(

BZ − BS
)

∆(MZ−BS) =
(

MZ − BS
)

Table 2: Summary of evaluation metrics defined in
§ 3.3. C and D denote the pre-training and downstream
corpus respectively, and their subscript indicates their
source (original or derived). BZ and MZ represent
bilingual and monolingual zero-shot transfer scores,
and BS is the supervised learning baseline on derived.
The differences in the setting of BZ and other scores
are typeset in blue. We use ∆(BZ−BS) and ∆(MZ−BS)
(defined in the last two rows) throughout our paper.

NLI, we apply the transformation on each sentence
in every dataset instance. For token classification
tasks (e.g., NER, POS), any transformation which
changes the order of the tokens also changes the
order of the labels. We present the mathematical
specification in Appendix A.

3.3 Model Training and Evaluation
We now describe our pre-training and zero-shot
transfer evaluation setup. Figure 1 provides an
overview of pre-training and fine-tuning, and Ta-
ble 2 summarizes the evaluation metrics we use.

Pre-training Let Corig and Cderiv be the origi-
nal and derived language pre-training corpora. We
train two models for each original-derived pair:

1. Bilingual Model (Bi-LM): A bilingual model
pre-trained on the combined corpus (Corig+

Cderiv) (Figure 1a).
2. Monolingual Model (Mono-LM): A mono-

lingual model trained only on Corig for the
same number of steps as Bi-LM’s. Mono-
LM is used as a baseline to measure zero-shot
transfer of a model not pre-trained on derived.

Evaluation Let Dtrain
orig and Ddev

orig be the origi-
nal language training and development sets for a
downstream task, and Dtrain

deriv and Ddev
deriv be the

corresponding derived language datasets. For eval-
uation, we first fine-tune the pre-trained models on
a downstream training set and evaluate the resulting
model on a development set (Figure 1b). Since our
goal is to investigate the extent of zero-shot transfer,
we require appropriate lower and upper bounds to
make informed conclusions. To this end, we com-
pute three metrics, all on the same development set
(summarized in Table 2):

• Bilingual zero-shot transfer (BZ): This is
the standard zero-shot transfer score (Conneau
and Lample, 2019) which measures how well
a bilingual model fine-tuned on Dtrain

orig zero-
shot transfers to the other language (Ddev

deriv).
• Bilingual supervised synthetic (BS): This is

the supervised learning performance on the
derived language obtained by fine-tuning Bi-
LM on Dtrain

deriv and evaluating it on Ddev
deriv.

• Monolingual zero-shot transfer (MZ): This
measures the zero-shot performance of the
baseline Mono-LM, which is not pre-trained
on the derived language, by fine-tuning Mono-
LM on Dtrain

orig and evaluating it on Ddev
deriv.

BS uses fine-tuning train data from the derived lan-
guage and serves as an upper-bound on BZ and MZ
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which don’t use it. MZ doesn’t pre-train on the de-
rived language and serves as a lower-bound on BZ
which does pre-train on it. For easier comparison
of BZ and MZ with BS (upper-bound), we report
the following score differences (Table 2), which
are both negative in our experiments.

∆(BZ−BS) = (BZ− BS) (1)

∆(MZ−BS) = (MZ− BS) (2)

BZ alone cannot capture the quality of the zero-
shot transfer. A large and negative ∆(BZ−BS) im-
plies that bilingual zero-shot transfer is much worse
than supervised fine-tuning on derived. Concur-
rently, ∆(BZ−BS) ≈ ∆(MZ−BS) implies that Bi-LM
transfers as poorly as Mono-LM. Thus, good zero-
shot transfer is characterized by ∆(BZ−BS) ≈ 0
and ∆(BZ−BS)� ∆(MZ−BS).

3.4 Experimental Setup
Languages We choose four diverse natural lan-
guages: English (Indo-European, Germanic),
French (Indo-European, Romance), Hindi (Indo-
European, Indo-Iranian), and Arabic (Afro-Asiatic,
Semitic), which are represented in the multilingual
XTREME benchmark (Hu et al., 2020). For each
language, we consider four transformations (Sec-
tion 3.2) to create derived counterparts, giving us
16 different original-derived pairs in total. For the
Syntax transformation, we use Qi et al. (2020) for
parsing. We modify the syntax of FR, HI, and AR

to that of EN, and the syntax of EN to that of FR.

Datasets For the pre-training corpus (Corig), we
use a 500MB (uncompressed) subset of Wikipedia
(≈ 100M tokens) for each language. This matches
the size of WikiText-103 (Merity et al., 2016), a
standard language-modeling dataset. For down-
stream evaluation, we choose four tasks from the
XTREME benchmark (Hu et al., 2020). Table 4
lists all the datasets and their evaluation metrics.

Implementation Details We use a variant of
RoBERTa (Liu et al., 2019) which has 8 layers,
8 heads, and a hidden dimensionality of 512. We
train each model on 500K steps, a batch size of 128,
and a learning rate of 1e-4 with a linear warmup
of 10K steps. We use an original language vocab-
ulary size of 40000 for all the models and train
on 8 Cloud TPU v3 cores for 32-48 hours. For
fine-tuning, we use standard hyperparameters (Ap-
pendix F) from the XTREME benchmark and re-
port our scores on the development sets.

4 Results

Our experiments reveal several interesting findings
for bilingual models including the situational im-
portance of sub-word overlap for zero-shot transfer
(§ 4.1, 4.2), the effect of domain mismatch between
languages (§ 4.3), and correlation of zero-shot per-
formance with embedding alignment (§ 4.4). We
connect our findings to zero-shot transfer results
between natural languages in Section 4.5.

4.1 Sub-word overlap is not strictly necessary
for strong zero-shot transfer

Sub-word overlap is the number of common tokens
between two different language corpora. If E1 and
E2 are sets of tokens which appear in the two cor-
pora, then: Sub-word overlap = |E1 ∩ E2|/|E1 ∪
E2| (Pires et al., 2019). The Transliteration transfor-
mation (Ttrans) creates original-derived language
pairs that have 0% sub-word overlap (equivalently,
different scripts), but follow the same word order.

Table 3 displays ∆(BZ−BS) scores for Ttrans, av-
eraged over four languages (Appendix B contains
a breakdown). We observe that ∆(BZ−BS)≈ 0 for
all tasks while ∆(MZ−BS) is highly negative, im-
plying that zero-shot transfer is strong and on par
with supervised learning. This result indicates that
zero-shot transfer is possible even when languages
with different scripts have similar word orders (in
line with K et al. (2020)). However, it is unrealistic
for natural languages to differ only in their script
and not other properties (e.g., word order).

4.2 Absence of sub-word overlap significantly
hurts zero-shot performance when
languages differ in their word-orders

To simulate a more realistic scenario, we create
original and derived language pairs which differ
both in their scripts (0% sub-word overlap) and in
word order. We achieve this by composing two
transformations on the original language corpus,
one of which is Transliteration (Ttrans). We exper-
iment with three different compositions, (a) Ttrans
◦ Tinv, (b) Ttrans ◦ Tperm, and (c) Ttrans ◦ Tsyn.
Here,α ◦ β means that transformation β is applied
before α. A composed transformation (Ttrans ◦

4XQuAD is a question-answering task where the correct
answer is a contiguous span. We do not report scores on
XQuAD for Tperm and Tsyn because they can potentially
reorder individual words in the contiguous answer, thus dis-
tributing them throughout the transformed sentence and mak-
ing the question unanswerable. On the other hand, Tinv and
Ttrans do not have this issue because they maintain the spans.
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Task Inversion (Tinv) Permutation (Tperm) Syntax (Tsyn) Transliteration (Ttrans)
∆(BZ−BS) ∆(MZ−BS) BZ ∆(BZ−BS) ∆(MZ−BS) BZ ∆(BZ−BS) ∆(MZ−BS) BZ ∆(BZ−BS) ∆(MZ−BS) BZ

XNLI -10.2 -13.0 58.4 -3.6 -8.6 62.6 -0.9 ? -1.1 67.8 -1.0 ? -36.7 69.3

NER -49.1 -46.7 37.9 -26.3 -35.4 47.3 -14.6 -16.6 62.9 -1.9 ? -82.6 83.7

POS -30.2 -36.2 64.2 -11.2 -25.2 73.6 -4.4 -7.6 89.4 -0.4 ? -95.0 95.4

XQuAD4 -32.8 -31.0 22.8 —4 — — —4 — — 0.0 ? -55.9 61.2

Table 3: (1) Evaluation: We report ∆(BZ−BS) and ∆(MZ−BS) (§ 3.3 and Table 2) for transformations on dif-
ferent tasks, averaged over four languages (EN, FR, HI, AR). We report the breakdown for different languages in
Appendix B. BZ, the bilingual zero-shot performance, is reported for reference. (2) Interpreting scores: Smaller
(more negative) ∆(BZ−BS) implies worse bilingual zero-shot transfer, whereas ∆(BZ−BS)≈ 0 implies strong trans-
fer. ∆(BZ−BS)�∆(MZ−BS) implies that bilingual pre-training is extremely useful. Scores are highlighted based on
their value (lower scores have a higher intensity of red ). Cases with strong zero-shot transfer (∆(BZ−BS)≈ 0) are
marked with an asterisk. (3) Trends: Ttrans exhibits strong transfer on all tasks and languages (high ∆(BZ−BS)
scores), and bilingual pre-training is extremely useful (∆(BZ−BS) � ∆(MZ−BS)), implying that zero-shot transfer
is possible between languages with different scripts but the same word order. Tinv and Tperm suffer on all tasks
(small ∆(BZ−BS) scores) whereas Tsyn suffers significantly lesser, which provides evidence that local changes to
the word order made by Syntax (Tsyn) hurts zero-shot transfer significantly lesser than global changes made by
Inversion (Tinv) and Permutation (Tperm).

Dataset Task Metric

XNLI (Conneau et al., 2018) NLI Accuracy
Wikiann (Pan et al., 2017) NER F1

UD v2.5 (Nivre et al., 2018) POS F1
XQuAD (Artetxe et al., 2020b) QA F1

Table 4: XTREME benchmark datasets used for zero-
shot transfer evaluation. NLI=Natural Language Infer-
ence, NER=Named-entity recognition, POS=Part-of-
speech tagging, QA=Question-Answering.

β) differs from its second constituent (β) in that
the former produces a derived language which has
0% sub-word overlap with the original language
whereas the latter has a 100% sub-word overlap.

Results Our results (Figure 2, breakdown in Ap-
pendix C) show that zero-shot performance is sig-
nificantly hurt for composed transformations when
compared to its constituents. |∆(BZ−BS)| is much
larger for Ttrans ◦ Tinv when compared to Ttrans
or Tinv individually. For example, for XNLI,
|∆(BZ−BS)| = 19 for the composed transformation
and just 2 and 3 for Ttrans and Tinv individually.
Ttrans ◦ Tperm is worse by ≈ 20 points on XNLI
and NER, and over 40 points on POS when com-
pared to Tperm. Ttrans ◦ Tsyn suffers lesser than
the other two composed transformations, but it is
still worse than Tsyn by 3, 6, and 1 point on XNLI,
NER, and POS. In conclusion, the absence of sub-
word overlap significantly degrades zero-shot per-

formance in the realistic case of languages with
different word orders.

4.3 Data from the same domain boosts
bilingual performance

Previously, we considered transformations (T ) that
modified the original pre-training corpus to get a
parallel corpus, Cderiv = T (Corig), such that there
is a one-to-one correspondence between sentences
in Corig and Cderiv (we call this setting parallel).
Since procuring large parallel corpora is expensive
in practice, we consider two other settings which
use different corpora for original and derived.

Setup Consider two text corpora of the same size,
C1orig and C2orig. We compare two settings: (1)
The parallel setting pre-trains a bilingual model
on C1orig + T (C1orig), whereas the (2) non-parallel
corpus setting uses C1orig + T (C2orig). We con-
sider two variants of non-parallel, (1) non-parallel
(same) which uses different splits of Wikipedia
data (hence, same domain), and (2) non-parallel
(diff) which uses Wikipedia data for the original
and common crawl data (web text) for the derived
language (hence, diff erent domain). We use the
Transliteration transformation (Ttrans) to generate
the derived language corpus and report |∆(BZ−BS)|
averaged over all languages in Figure 3.

Results We observe consistently on all tasks that
the parallel setting (blue bar) performs better than
both the non-parallel settings. Non-parallel (same)
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Figure 2: |∆(BZ−BS)| for composed transformations (§ 4.2) applied on EN as the original language. Larger scores
imply worse zero-shot transfer. Ttrans = Transliteration, Tinv = Inversion, Tperm = Permutation, and Tsyn =
Syntax. Sub-word overlap between the original and derived language is 0% when composed transformations
are used (e.g. Ttrans ◦ Tinv) and 100% when the second constituent is used (here, Tinv). We observe that the
composed transformations (green bars) do significantly worse than their constituents (blue and orange), showing
that Ttrans ◦ Tinv is worse than Tinv by over 16 points on XNLI and 42 points on POS, with similar trends for
Ttrans ◦ Tperm. Ttrans ◦ Tsyn doesn’t suffer as much, but its performance degradation when compared to Syntax
is still large (ranges between 1 point on POS to 6 points on NER). absence of sub-word overlap significantly
hurts performance when languages differ in their word orders.

performs better than non-parallel (diff), with gains
ranging between 2 points on XQuAD to 17 points
on NER. This result shows that even for original
and derived language pairs which differ only in
their script, having parallel pre-training corpora
leads to the best zero-shot transfer. Since large-
scale parallel unsupervised data is hard to procure,
the best alternative is to use corpora from simi-
lar domains (Wikipedia) rather than different ones
(Wikipedia v.s. web text).

4.4 Zero-shot performance is strongly
correlated with embedding alignment

Our previous results (§ 4.2, 4.3) showed cases
where zero-shot transfer between languages is poor
when there is no sub-word overlap. To investigate
this further, we analyze the static word embeddings
learned by bilingual models and find that zero-shot
transfer between languages is strongly correlated
with the alignment between word embeddings for
the original and derived languages.

Setup The original and the derived languages
have a one-to-one correspondence between their
sub-word vocabularies when we use transliteration
(Ttrans). For a token embedding in the original-
language embedding matrix, its alignment score is
100% if it retrieves the corresponding token em-
bedding in the derived language when a nearest-
neighbor search is performed, and 0% otherwise.

We average the alignment score over all the tokens
and call it alignment.

Results We measure the alignment of bilin-
gual models pre-trained on different original-
derived language pairs created using translitera-
tion, namely the composed transformations (§ 4.2),
parallel, and non-parallel (§ 4.3). We plot the
alignment along with the corresponding ∆(BZ−BS)
scores for XNLI in Figure 4. Results for other tasks
are in Appendix E.

We observe that higher alignment is associ-
ated with lower ∆(BZ−BS), implying better zero-
shot transfer. Alignment is lower for composed
transformations like Ttrans ◦ Tinv and Ttrans ◦
Tperm which have large and negative ∆(BZ−BS).
Alignment also explains the results in Section 4.3,
with non-parallel variants having lower alignment
scores than parallel, which is in line with their
lower ∆(BZ−BS). Overall, we find a strong and
significant Spearman’s rank correlation between
alignment and ∆(BZ−BS), with ρ = 0.94, p < .005
for XNLI, ρ = 0.93, p < .005 for NER, and
ρ = 0.89, p < .01 for POS, indicating that increas-
ing the embedding alignment between languages
helps improve zero-shot transfer.
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Figure 3: |∆(BZ−BS)| for Ttrans under different condi-
tions on the source of original and derived language
pre-training corpora (hereon, corpora) (§ 4.3), aver-
aged over four languages. Larger values imply worse
zero-shot transfer. The breakdown of scores for differ-
ent languages is in Appendix D. (1) Non-parallel (diff)
(green bar), which uses corpora from different domains
is worse than (2) Non-parallel (same) (orange bar),
which uses different sets of sentences sampled from the
same domain, which is in turn worse than (3) Parallel,
which uses the same sentences. Having pre-training
corpora from the same domain like Wikipedia (Non-
parallel (same)) gives performance boosts between 2
points for QA to 17 points for NER when compared to
Non-parallel (diff).

4.5 Connections to results on natural
language pairs

Effect of sub-word overlap In § 4.2, we showed
that when languages have different scripts (0% sub-
word overlap), zero-shot transfer significantly de-
grades when they additionally have different word
orders. However, the zero-shot transfer is good
when languages differ only in the script and have
similar or the same word order. This is in line with
anecdotal evidence in Pires et al. (2019), where
zero-shot transfer works well between English
and Bulgarian (different script but same subject-
verb-object order – SVO), but is poor between
English and Japanese (different script and word
order – SVO v.s. SOV). Our result also corrobo-
rates findings in Conneau et al. (2020b) that artifi-
cially increasing sub-word overlap between natural
languages (which have different word orders) im-
proves performance (e.g., 3 points on XNLI).

Effect of token embedding alignment In § 4.4,
we showed that zero-shot transfer is strongly corre-
lated with word embedding alignment between lan-
guages. This explains the usefulness of recent stud-
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Figure 4: ∆(BZ−BS) for Transliteration (Ttrans) vari-
ants on XNLI. Larger values (less negative) imply bet-
ter zero-shot transfer. We see that alignment (§ 4.4)
between token embeddings of different languages is
correlated with ∆(BZ−BS), and hence with better zero-
shot transfer. For example, Ttrans ◦ Tinv (bottom left)
which has poor zero-shot transfer also has lower align-
ment, whereas Parallel (top right) which has strong
transfer is accompanied with higher alignment. We find
a strong and statistically significant Spearman’s correla-
tion of ρs = 0.94, p < .005 on XNLI, ρs = 0.93, p <
.005 on NER, and ρs = 0.89, p < .01 on POS. Plots
for other tasks are in Appendix E.

ies which try to improve multilingual pre-training
with the help of auxiliary objectives, which im-
prove word or sentence embedding alignment.

DICT-MLM (Chaudhary et al., 2020) and Re-
lateLM (Khemchandani et al., 2021) require the
model to predict cross-lingual synonyms as an aux-
iliary objective, thus indirectly improving word-
embedding alignment and the zero-shot perfor-
mance on multiple tasks. Hu et al. (2021) add
an auxiliary objective that implicitly improves
word embedding alignment and show that they
can achieve performance similar to larger mod-
els. Cao et al. (2019) explicitly improve contextual
word embedding alignment with the help of word-
level alignment information in machine-translated
cross-lingual sentence pairs. Since they apply this
post hoc and not during pre-training, the improve-
ment, albeit significant, is small (2 points on XNLI).
While these studies do not fully utilize word and
sentence embedding alignment information, our re-
sults lead us to posit that they are a step in the right
direction and that baking alignment information
more explicitly into pre-training will be beneficial.
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5 Conclusion

Through a systematic study of zero-shot transfer
between four diverse natural languages and their
counterparts created by modifying specific prop-
erties like the script, word order, and syntax, we
showed that (1) absence of sub-word overlap hurts
zero-shot performance when languages differ in
their word order, and (2) zero-shot performance
is strongly correlated with word embedding align-
ment between languages. Some recent studies have
implicitly or unknowingly attempted to improve
alignment and have shown slight improvements
in zero-shot transfer performance. However, our
results lead us to posit that explicitly improving
word embedding alignment during pre-training by
using either supervised (e.g., parallel sentences and
translation dictionaries) or unsupervised data will
significantly improve zero-shot transfer. Although
real languages typically differ in more ways than
the set of properties considered in our transforma-
tions, our methodology is still useful to help isolate
crucial properties for transfer. Future work can ex-
periment with more sophisticated transformations
and investigate closer connections with human lan-
guage pairs.
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Appendices

A Mathematical Specification for
Transformation of Downstream
Datasets

Text classification Text classification tasks like
news classification or sentiment analysis typically
have instances which contain a single sentence and
a label. Instances in other classification tasks like
natural language inference (NLI) (Bowman et al.,
2015) contain two sentences and one label. For
such tasks, we apply the transformation (T ) on
each sentence within every instance, and leave the
annotated label as is. Therefore, for a dataset of
size n which containsm sentences per instance, we
have:

Dorig = {(si1, . . . , sim, yi) | i = 1 : N}
Dderiv = {(T (si1), . . . , T (sim), yi) | i = 1 : N}

Token-classification tasks Tasks like named-
entity recognition (NER) and part-of-speech tag-
ging (POS tagging) have labels associated with
each token in the sentence. For these datasets, we
ensure that any transformation (T ) that changes the
order of the tokens also changes the order of the
corresponding labels.

We define a few quantities to express the trans-
formation mathematically. Let si = (wi1, . . . , wik)
be a sentence comprised of k tokens and yi =
(yi1, . . . , yik) be labels corresponding to the tokens
in the sentence. We define a new transformation
(Taug) which operates on the label augmented sen-
tence, saugi = ((wi1, yi1) , . . . , (wik, yik)). Let
saugi [j] correspond to the jth element in the se-
quence, and saugi [j][word] and saugi [j][label]
correspond to the word and label of the jth ele-
ment. Let Taug(saugi )[j][orig] denote the index
of the jth element in the transformed sequence
with respect to the original sequence saugi . Then,
the new transformation Taug is such that,

Taug(saugi )[j][orig] = T (si)[j][orig]

Let orig_j = Taug(saugi )[j][orig]

Taug(saugi )[j][label] = saugi [orig_j][label]

We transform the dataset using Taug:

Dorig = {saugi | i = 1 : N}
Dderiv = {Taug(saugi ) | i = 1 : N}

B Zero-shot transfer results for different
transformations

Table 5 in the appendix is the extended version
of Table 3 in the main paper with a breakdown
for all languages. It reports ∆(BZ−BS), ∆(MZ−BS),
and BZ for different languages and transformations
considered.

C Composed Transformations

Table 6 in the appendix presents the breakdown
of results in Figure 2 of the main paper. It reports
∆(BZ−BS) scores for composed transformations and
their constituents.

D Comparing different sources for
original and derived language corpora

Table 8 in the appendix contains the breakdown
of results in Figure 3 of the main paper. It reports
∆(BZ−BS) for different languages on different tasks
for the settings mentioned in Section 4.3.

E Alignment Correlation

We present alignment results (Section 4.4) for all
XNLI, NER, and POS in Figure 5. We observe
strong correlations between alignment and zero-
shot transfer, with ρs = 0.94, p < .005 on XNLI,
ρs = 0.93, p < .005 on NER, and ρs = 0.89, p <
.01 on POS. We present the raw scores in Table 7.

F Hyperparameters for XTREME

• XNLI: Learning rate – 2e-5, maximum se-
quence length – 128, epochs – 5, batch size –
32.

• NER: Learning rate – 2e-5, maximum se-
quence length – 128, epochs – 10, batch size –
32.

• POS: Learning rate – 2e-5, maximum se-
quence length – 128, epochs – 10, batch size –
32.

• Tatoeba: Maximum sequence length – 128,
pooling strategy – representations from the
middle layer

(
n
2

)
of the model.

• XQuAD: Learning rate – 3e-5, maximum
sequence length – 384, epochs – 2, document
stride – 128, warmup steps – 500, batch size –
16, weight decay – 0.0001.
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Task Language Inversion Permutation Syntax Transliteration

BZ ∆(BZ−BS) ∆(MZ−BS) BZ ∆(BZ−BS) ∆(MZ−BS) BZ ∆(BZ−BS) ∆(MZ−BS) BZ ∆(BZ−BS) ∆(MZ−BS)

XNLI

English 73.2 -3.4 -14.9 68.6 -5 -7.7 74.1 -1.8 -1.5 74.1 -1.7 -42.5
French 62.5 -9.5 -8.8 68.4 -1 -7.6 69.6 -2.2 -1.4 71.6 -1.6 -39.9
Hindi 43.9 -15.7 -15.8 51.2 -6.2 -13.1 61.6 -0.3 -1.6 63.4 -0.1 -29.4
Arabic 54 -12.3 -12.5 62.1 -2.3 -6 65.9 0.7 0.3 68 -0.4 -35.1

Avg. 58.4 -10.2 -13 62.6 -3.6 -8.6 67.8 -0.9 -1.1 69.3 -1.0 -36.7

NER

English 39.8 -44.5 -35.9 40.2 -28.5 -33.2 61.1 -7.8 -10.3 78 -2.1 -70.2
French 54.5 -34.4 -51.3 44.4 -36.0 -39.8 59.6 -21.9 -25.9 84.3 -3.1 -87.4
Hindi 19.4 -63.9 -63.2 38.5 -21.9 -37.4 64.8 -8.4 -7.3 84.4 -0.5 -82.9
Arabic 37.8 -53.6 -36.3 66.2 -18.8 -31.1 66.1 -20.1 -23 88 -1.9 -89.9

Avg. 37.9 -49.1 -46.7 47.3 -26.3 -35.4 62.9 -14.6 -16.6 83.7 -1.9 -82.6

POS

English 94.4 -0.7 -24.3 78.3 -11.9 -17.6 92.9 -0.9 -2.2 94.6 -0.5 -95.1
French 74.3 -22.7 -22.9 82 -12.2 -20.9 93.5 -3.2 -5.2 97.2 -0.2 -97.4
Hindi 19 -74.5 -74.5 51 -14 -41.8 91.6 -3.3 -11.3 96.5 -0.1 -96.6
Arabic 69.2 -23 -23 83.1 -6.5 -20.6 79.4 -10 -11.5 93.2 -0.8 -90.9

Avg. 64.2 -30.2 -36.2 73.6 -11.2 -25.2 89.4 -4.4 -7.6 95.4 -0.4 -95.0

XQuAD

English 30.4 -43.2 -35.5 - - - - - - 72.4 -4 -73
French 25.2 -29.5 -29.6 - - - - - - 60.9 -1 -55.5
Hindi 14.5 -27.3 -27.3 - - - - - - 57.3 10.6 -43.5
Arabic 21 -31.2 -31.4 - - - - - - 54 -0.5 -51.7

Avg. 22.8 -32.8 -31.0 61.2 1.3 -55.9

Table 5: This table is an extended version of Table 3 in the main paper. Smaller (more negative) ∆(BZ−BS) implies
worse bilingual zero-shot transfer, whereas ∆(BZ−BS)≈ 0 implies strong transfer. ∆(BZ−BS) � ∆(MZ−BS) implies
that bilingual pre-training is extremely useful. Scores are highlighted based on their value (lower scores have a
higher intensity of red ). (1) Discussing ∆(BZ−BS): Ttrans exhibits strong transfer on all tasks and languages (high
∆(BZ−BS) scores), and bilingual pre-training is extremely useful (∆(BZ−BS)�∆(MZ−BS)), implying that zero-shot
transfer is possible between languages with different scripts but the same word order. Tinv and Tperm suffer on all
tasks (small ∆(BZ−BS) scores) whereas Tsyn suffers significantly lesser, which provides evidence that local changes
to the word order made by Syntax (Tsyn) hurts zero-shot transfer significantly lesser than global changes made by
Inversion (Tinv) and Permutation (Tperm). (1) Discussing ∆(MZ−BS): ∆(BZ−BS) is much larger than ∆(MZ−BS)
for Ttrans, implying that bilingual pre-training (hereon, pre-training) is extremely useful. ∆(BZ−BS) and ∆(MZ−BS)
are similar for Tinv and Tsyn, implying that pre-training is not beneficial for these transformations. ∆(BZ−BS) is
slightly larger than ∆(MZ−BS) for Tperm, which means that pre-training is moderately useful.

T XNLI NER POS

BZ ∆(BZ−BS) BZ ∆(BZ−BS) BZ ∆(BZ−BS)

Ttrans 74.1 -2.1 78 -2.3 94.6 -0.5

Tinv 73.2 -3.4 39.8 -44.5 94.4 -0.7
Ttrans ◦ Tinv 55.7 -19.2 32.5 -51.5 52.2 -42.7

Tperm 68.6 -5 40.2 -28.5 78.3 -11.9
Ttrans ◦ Tperm 44 -27.7 17.1 -46.3 29.5 -59

Tsyn 74.1 -1.8 61.1 -7.8 92.9 -0.9
Ttrans ◦ Tsyn 69.8 -5.7 53.5 -14.2 91.5 -2

Table 6: Breakdown of results in Figure 2 of the main
paper. BZ is the zero-shot performance. ∆(BZ−BS),
∆(MZ−BS), and BZ are described in Section 3.3 and
Table 2. Composing transformations always hurts
∆(BZ−BS) when compared to individual transforma-
tions.

Transliteration ∆(BZ−BS) (↑) Alignment (↑)
Variant XNLI NER POS

Parallel -2.1 -2.3 -0.5 90.0

Trans ◦ Syntax -5.7 -14.2 -2 57.3

Non-parallel
-3.8 -4.1 -0.7 43.0(Same)

Non-parallel
-5.7 -14.3 -1.5 11.8(Diff)

Trans ◦ Inv -19.2 -51.5 -42.7 0.16

Trans ◦ Perm -27.7 -46.3 -59 0.01

Table 7: ∆(BZ−BS) and alignment scores for different
Transliteration variants. The table contains raw scores
for results in Section 4.4 of the main paper. Rows are
sorted in descending order based on alignment. We ob-
serve strong correlations between alignment and zero-
shot transfer, with ρs = 0.94, p < .005 on XNLI,
ρs = 0.93, p < .005 on NER, and ρs = 0.89, p < .01
on POS.
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Task Language XNLI NER POS XQuAD

∆(BZ−BS) ∆(BZ−BS) ∆(BZ−BS) ∆(BZ−BS)

Parallel

English -1.7 -2.1 -0.5 -4
French -1.6 -3.1 -0.2 -1
Hindi -0.1 -0.5 -0.1 10.6
Arabic -0.4 -1.9 -0.8 -0.5

Avg. -1.0 -1.9 -0.4 1.3

Non-parallel (Same)

English -3.8 -4.1 -0.7 -6.9
French -1 -6.3 -0.5 -0.9
Hindi -0.4 -3.1 -0.2 4.5
Arabic -2 -6.1 -1.5 0.7

Avg. -1.8 -4.9 -0.7 -0.6

Non-parallel (Diff)

English -5.7 -14.3 -1.5 -9.3
French -10.9 -30.3 -10.5 -5.2
Hindi -0.5 -8.6 -1 5
Arabic -6.3 -34.7 -3.7 -1.9

Avg. -5.9 -22.0 -4.2 -2.9

Table 8: |∆(BZ−BS)| for Ttrans under different conditions on the source of original and derived language pre-
training corpora (§ 4.3). Larger values imply worse zero-shot transfer. For all languages: (1) Non-parallel (diff),
which uses corpora from different domains is worse than (2) Non-parallel (same), which uses different sets of
sentences sampled from the same domain, which is in turn worse than (3) Parallel, which uses the same sentences.
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Figure 5: Alignment v.s. ∆(BZ−BS) plots for XNLI, NER, and POS. We observe strong correlations between
alignment and zero-shot transfer, with ρs = 0.94, p < .005 on XNLI, ρs = 0.93, p < .005 on NER, and ρs =
0.89, p < .01 on POS.

3623



Proceedings of the 2022 Conference of the North American Chapter of the Association for Computational Linguistics:
Human Language Technologies, pages 3624 - 3630

July 10-15, 2022 ©2022 Association for Computational Linguistics

How Conservative are Language Models?
Adapting to the Introduction of Gender-Neutral Pronouns

Stephanie Brandl, Ruixiang Cui, Anders Søgaard
University of Copenhagen, Denmark

{brandl, rc, soegaard}@di.ku.dk

Abstract

Gender-neutral pronouns have recently been
introduced in many languages to a) include
non-binary people and b) as a generic singu-
lar. Recent results from psycholinguistics sug-
gest that gender-neutral pronouns (in Swedish)
are not associated with human processing diffi-
culties. This, we show, is in sharp contrast
with automated processing. We show that
gender-neutral pronouns in Danish, English,
and Swedish are associated with higher per-
plexity, more dispersed attention patterns, and
worse downstream performance. We argue that
such conservativity in language models may
limit widespread adoption of gender-neutral
pronouns and must therefore be resolved.

1 Introduction

Many linguistic scholars have observed how tech-
nology in general has altered the course of language
evolution (Kristiansen et al., 2011; Abbasi, 2020),
e.g., through the influence of social media conven-
tions. Language technologies, in particular, have
also been argued to have such effects, e.g., by re-
ducing the pressure to acquire multiple languages.

Gender-neutral pronouns is not an entirely mod-
ern concept. In 1912, Ella Flag Young, then su-
perintendent of the Chicago public-school system,
said the following to a room full of school princi-
pals: "The English language is in need of a personal
pronoun of the third person, singular number, that
will indicate both sexes and will thus eliminate
our present awkwardness of speech." The use of
gender-neutral pronouns has become much more
popular in recent years (Gustafsson Sendén et al.,
2021). In 2013, a gender-neutral pronoun was po-
litically introduced in Swedish (Gustafsson Sendén
et al., 2015) which can be used for both, people
identifying outside the gender dichotomy and as a
generic pronoun where information about gender
is either unavailable or irrelevant.

In a recently recorded eye-tracking study, Ver-
goossen et al. (2020a) found no evidence that na-
tive speakers of Swedish find it harder to pro-
cess gender-neutral pronouns than gendered pro-
nouns, an argument often brought up by oppo-
nents of gender-inclusive language (Speyer and
Schleef, 2019; Vergoossen et al., 2020b). In com-
bination with their increasing popularity, this sug-
gests gender-neutral pronouns have been or will
be widely and fully adapted over time (Gustafs-
son Sendén et al., 2015, 2021). However, since
language technology has the potential to alter the
course of language evolution, we want to make sure
that our NLP models do not become a bottleneck
for this positive development.

Contribution We extract stimuli from a Swedish
eye-tracking study that has shown no increase in
processing cost in humans for the gender-neutral
pronoun hen compared to gendered pronouns. We
translate those stimuli into English and Danish and
compare model perplexity across gendered and
gender-neutral pronouns for all three languages.
Furthermore, we systematically investigate perfor-
mance differences across pronouns in downstream
tasks, namely natural language inference (NLI) and
coreference resolution. Across the board, we find
that NLP models, unlike humans, are challenged
by gender-neutral pronouns, incurring significantly
higher losses when gendered pronouns are replaced
with their gender-neutral alternatives. We argue
this is a problem the NLP community must take
seriously.1

2 Model perplexity and attention

In this section we introduce a Swedish eye-tracking
study and explain how we adapt this study to inves-
tigate gender-neutral pronouns in language models.

1Our code is available at github.com/
stephaniebrandl/gender-neutral-pronouns
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en da sv
she/he they xe hun/han de høn hon/han hen

perplexity 1 1.49 2.37 1 1.21 3.35 1 1.8

correlation
0.12 0.26 0.32 -0.14 0.03 -0.1 0.19 0.09
0.28 0.33 0.49 0.13 0.17 0.21 0.65 0.72
0.28 0.33 0.49 0.13 0.17 0.22 0.65 0.72

Table 1: Perplexity scores across pronouns and languages for the eye-tracking stimuli. Correlation between attention
flow and perplexity are listed row-wise for layers 1, 6 and 12.

Humans and hen Vergoossen et al. (2020a) re-
cently recorded a Swedish eye-tracking study to
test the hypothesis whether the gender neutral pro-
noun hen has a higher processing cost during pro-
noun resolution than gendered pronouns. Partici-
pants were reading sentence pairs where the first
sentence contained a noun referring to a person and
the second sentence contained a pronoun referring
to that person either with a gendered pronoun or
hen, for example:

70-åringen dammsög golvet i vardagsrummet.
Han/Hen skulle få besök på kvällen.

The 70-year-old vacuumed the living room floor.
He/They would have visitors in the evening.

It has recently been shown that attention flow, in
contrast to attention itself, correlates with human
fixation patterns in task-specific reading (Eberle
et al., 2022). We applied a similar analysis pipeline
here and extracted all 384 sentence pairs and fed
them into the uncased Swedish BERT model.2 We
calculate perplexity values for each sentence pair
over word probabilities as given by BERT with
the formula proposed by Wang et al. (2019). Fur-
thermore, we calculate attention flow (Abnar and
Zuidema, 2020) propagated from layers 1, 6 and
12 and extract attention flow values assigned to
the pronoun with respect to the entity. Attention
flow considers the attention matrices as a graph,
where tokens are represented as nodes and atten-
tion scores as edges between consecutive layers.
The edge values, i.e., attention scores, define the
maximal flow possible between a pair of nodes.

We consider different parameters of human fix-
ation which we assume might be influenced by a
change in pronouns, in particular during pronoun
resolution, i.e., first and total fixation time on the
pronoun and fixation time after the first fixation on
the noun. For both attention flow and perplexity,
however we could not find any meaningful correla-

2huggingface.co/af-ai-center/
bert-base-swedish-uncased

tion to those parameters. One reason for that might
be that the dataset only contains fixations for the
two entities, i.e., pronoun and noun, which makes
data comparably sparse and impossible to extract
complete reading patterns.

Language models and gender-neutral pronouns
We therefore focus on the model-based data alone
in order to understand how well language models
can deal with gender-neutral pronouns. For this,
we consider perplexity values on sentence-level
and calculate rank-based Spearman correlation be-
tween perplexity and attention flow for the afore-
mentioned layers. Perplexity has been treated as an
indicator for model surprisal and language model
quality (Goodkind and Bicknell, 2018) thus we
argue that it serves as a reasonable indicator for
processing difficulty.

With this analysis, we can see if a) gender-
neutral pronouns cause a higher sentence perplex-
ity, i.e., a higher surprisal and if b) a possible
higher surprisal is connected to higher attention
flow values on the pronoun with respect to the en-
tity.

We furthermore translate the sentence pairs into
English and Danish where we use two sets of
gender-neutral pronouns: 3rd person plural (hence:
they/de) which are used in both languages as
gender-neutral pronouns (Miltersen, 2020) and neo-
pronouns (xe for English (Hekanaho, 2020) and
høn for Danish).3 For the translation, we use the
Google Translate API for Python and manually cor-
rect sentences such that semantics agree with the
original sentences in Swedish. We apply the same
experiments to those translated datasets with un-
cased Danish BERT4 and uncased English BERT5.

Results We show results on perplexity and corre-
lations in Table 1 for Danish, English and Swedish.

3information.dk/kultur/hen-hoen
4huggingface.co/Maltehb/

danish-bert-botxo
5huggingface.co/bert-base-uncased
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Perplexity values for the datasets with gendered
pronouns are set to 1 and we show relative increase
for gender-neutral pronouns within a language
since perplexity values have been shown to not be
comparable across languages (Mielke et al., 2019;
Roh et al., 2020). There we can see that perplexity
scores for sentences with gender-neutral pronouns
are significantly higher (Wilcoxon signed-rank test
resulted in p-values < 0.01 for all pair-wise com-
parisons).

For the correlation between perplexity and at-
tention flow on the Swedish sentence pairs, we
can see a clear development between the first layer
where there is no correlation (p > 0.05) for gender-
neutral hen and very low correlation for gendered
pronouns which changes for the other layers where
correlations for hen are even higher (ρ = 0.72)
than for gendered pronouns (ρ = 0.65). This sug-
gests that there is some development across layers
that is stronger for hen than for gendered pronouns.
Furthermore, we see a similar evolvement for corre-
lations across layers in English but a much weaker
correlation for Danish.

To investigate those effects across layers further,
we look at word embeddings for all Swedish pro-
nouns from all 12 layers in BERT and compute
pair-wise cosine similarity including the Swedish
word for book (bok) as a baseline where we expect
no specific relation to pronouns. In Figure 1, we see
less similarity between hen and the other pronouns
in the first layer. This changes for layer 6 and 12
where word representations seem to be more sim-
ilar and the three 3rd person pronouns hen, han,
hon get closer to each other. This is in line with
the literature where it has been found that single
attention heads perform better on pronoun resolu-
tion than others. In particular middle and deeper
layers have shown stronger attention weights be-
tween coreferential elements (Vaswani et al., 2017;
Webster et al., 2018; Clark et al., 2019). Given that
we do not consider individual heads or layers but
the entire attention graph it is not surprising that we
also see those effects in the top layer as has been
shown in the original paper (Abnar and Zuidema,
2020).

3 Downstream Tasks

We also perform downstream task experiments on
natural language inference and coreference reso-
lution for both gendered and gender-neutral pro-
nouns to investigate to what extent gender-neutral

Figure 1: Pair-wise cosine similarity between word rep-
resentations of all pronouns and the Swedish word bok
(book) as a baseline for different layers of BERT. We
see that gender-neutral hen grows from being an out-
sider (similar to bok) in the 1st layer into the cluster of
gendered 3rd person pronouns hon/han across layers.

pronouns influence the performance.

Natural Language Inference Natural Language
Inference (NLI) is commonly framed as a classi-
fication task, which tests a model’s ability to un-
derstand entailment and contradiction (Bowman
et al., 2015). Despite high accuracies achieved by
SOTA models, we are yet to know whether they suc-
ceed in combating gender bias, especially in cross-
lingual settings. We apply two multilingual models
mBERT6 (Devlin et al., 2019) and XLM-R7 (Con-
neau et al., 2020) with cross-lingual fine-tuning,
i.e., we fine-tune on English and apply both models
also on Danish and Swedish. Therefore, mBERT
was fine-tuned on the English MNLI train split and
evaluated on XNLI. For XLM-R, we apply a model
that has been fine-tuned on both MNLI and ANLI
(Nie et al., 2020)8. For English we test both mod-
els on the MNLI test split, for Danish and Swedish
we test on the extended XNLI corpus (Singh et al.,
2019), the manual translation of the first 15000 sen-
tences of the MNLI corpus (Williams et al., 2018)
from English into 15 languages.

Coreference Resolution We also run pronoun
resolution experiments on the Winogender dataset
(Rudinger et al., 2018) where all 720 English sen-
tences include an occupation, a participant and a
pronoun. For each occupation, two similar sen-
tences are composed, one where the pronoun refers
to the occupation and one where it refers to the
participant. Those sentences are then presented
in versions with different pronouns (female, male,
singular they). For our experiments, we compare
performance for those pronouns and add a version

6multi_cased_L-12_H-768_A-12
7xlm-roberta-large
8huggingface.co/vicgalle/

xlm-roberta-large-xnli-anli
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en da sv
orig. they xe orig. de høn orig. de hen

mBERT 83.33 83.23 81.82 71.15 71.24 69.72 71.91 71.14 71.06
XLM-R 95.13 94.81 94.05 80.19 79.18 75.48 78.79 78.5 78.58

Table 2: Accuracy [in %] on NLI for English, Danish and Swedish for both models mBERT and XLM-R. Accuracies
are calculated on the subset of sentences that contain relevant pronouns (924 for en and 2339 for da/sv). The first
column for each language shows the accuracy on the original data, second and third columns show accuracies for
respective gender-neutral pronouns. Please note, the total number of label flips in both directions for different
pronouns is higher than the performance difference for all pair-wise comparisons. A baseline analysis where we
exchanged punctuation ("." for "!") yields similar deviations from the original dataset than the changing pronouns.

for the gender-neutral pronoun xe. We run experi-
ments with NeuralCoref 4.0 in SpaCy.9. Lauscher
et al. (2022) conduct similar experiments in English
where all pronouns are exchanged for their POS tag,
in contrast to our experiments where we only ex-
change gendered pronouns and replace them with
gender-neutral pronouns.

For Danish, we apply the recently published
coreference model (Barrett et al., 2021) to both the
corresponding test set from the Dacoref dataset and
a gender-neutralized version where we exchange
gendered pronouns hun/han for either høn or sin-
gular de.10

4 Results

Natural Language Inference Accuracies for all
languages and both models are displayed in Table
2. We overall see a very small drop in performance
for the datasets with gender neutral pronouns com-
pared to the original sentences. For mBERT we see
differences of 0.09− 1.51%, for XLM-R the drop
is slightly higher with 0.21 − 4.71%. We see the
biggest difference for the Danish pronoun høn in
comparison to the original dataset.

she he they xe
acc in % 42.92 43.75 27.92 0

Table 3: Results for the pronoun resolution task on the
English Winogender dataset.

Coreference Resolution Table 3 shows accura-
cies on the English Winogender corpus for all four
pronouns. We see a clear drop in performance from
gendered pronouns (she, he) to both gender-neutral
pronouns (they, xe). For xe, the model was not able
to perform coreference resolution at all. In most

9github.com/huggingface/neuralcoref
10So far, no Swedish coreference model has been published,

we therefore leave this analysis for future work.

orig. de høn
F1-score 0.64 0.63 0.62

Prec. 0.70 0.69 0.69
Recall 0.59 0.57 0.56

Table 4: Results for the Danish coreference resolution
task. Pronouns in the original dataset (orig.) have been
exchanged for singular de and gender-neutral høn.

cases it was not even recognized as part of a cluster
and in the rare cases where it was, it was clustered
with the wrong tokens. Please note that since this
dataset is not labelled we are only classifying if the
pronoun has been clustered with the correct entity.

Results on the Danish Coref corpus, where we
are able to perform a more extensive coreference
resolution task are displayed in Table 4. We were
able to replicate results from Barrett et al. (2021)
(the first column orig.) and see small drops in
performance for singular de and høn.

5 Related Work

More eye-tracking studies have been conducted in-
vestigating the influence in processing cost for both
gender-neutral pronouns and the generic male pro-
noun. Irmen (2007) and Redl et al. (2021) find male
biases when using generic male pronouns in Dutch
and generic role nouns in German. The authors
of Sanford and Filik (2007) found a clear process-
ing cost when using singular they in English, how-
ever their stimuli did not include any investigation
of how (anti-)stereotypes influence this process-
ing cost and is thus only in parts comparable to
other studies. English datasets have been proposed
to investigate gender bias in pronoun resolution
but have not reported on performance differences
between gendered and gender-neutral pronouns
(Rudinger et al., 2018; Zhao et al., 2018; Webster
et al., 2018). Sun et al. (2021) propose a rewrit-
ing task where data is transferred from gendered
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to gender-neutral pronouns to train more inclusive
language models. Cao and Daumé III (2020) and
Dev et al. (2021) discuss the necessity of including
non-binary pronouns into NLP research (see also
Stanczak and Augenstein (2021)).

6 Discussion

With this paper we provide a first study on how
well language can handle gender-neutral pronouns
in Danish, English and Swedish for various tasks.
We observe an increase in perplexity for gender-
neutral pronouns and correlations between perplex-
ity on sentence level and attention flow on the
pronoun, in particular for English and Swedish
that gets stronger across layers. This indicates that
language models indeed struggle with the use of
gender-neutral pronouns, even with singular they,
which has been used for many years as gender-
neutral (Saguy and Williams, 2022). The reason
for this most likely lies in the sparse representa-
tion of gender-neutral pronouns in the training data
and the fact that language models, once they are
trained and published usually are not updated (Ben-
der et al., 2021). However, Transformer models
pre-trained on subword units have been shown to
be robust with respect to word frequency (Sennrich
et al., 2016) and thus should be able to process
unfamiliar gender-neutral pronouns. At the same
time, we observe that word representations of all
Swedish 3rd person pronouns grow closer in mid-
dle and top layers (see Figure 1) which suggests
that relevant information is also learned for gender-
neutral hen.

For NLI, we only see a small drop in perfor-
mance when exchanging gendered pronouns for
gender-neutral pronouns which is in the same range
as a baseline analysis where we exchange punctua-
tion ("!" for "."), except for Danish høn. We argue
that classification in NLI probably does not heavily
rely on individual pronouns in most cases. In stark
contrast to pronoun resolution where we see a very
clear drop in performance for English when ap-
plying singular they in comparison to both female
and male pronouns, again this is surprising since in
theory language models should have seen training
samples where singular they has been used. The
small drop in performance for Danish coreference
resolution might be because this dataset does not
solely focus on pronoun resolution, though further
investigation is needed here. We strongly argue that
more needs to be done to adapt language models to

a more gender inclusive language, initiatives like
the rewriting task as proposed by Sun et al. (2021)
need to be implemented and extended.
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Abstract

Fine-tuning continuous prompts for target
tasks has recently emerged as a compact alter-
native to full model fine-tuning. Motivated by
these promising results, we investigate the fea-
sibility of extracting a discrete (textual) inter-
pretation of continuous prompts that is faithful
to the problem they solve. In practice, we ob-
serve a “wayward” behavior between the task
solved by continuous prompts and the nearest
neighbor discrete projections of these prompts:
One can find continuous prompts that solve a
task while being projected to an arbitrary text
(e.g., definition of a different or even a contra-
dictory task) and simultaneously being within
a very small (2%) margin of the best contin-
uous prompt of the same size for the task.
We provide intuitions behind this odd and sur-
prising behavior, as well as extensive empir-
ical analyses quantifying the effect of design
choices. For instance, larger models exhibit
higher waywardness, i.e, we can find prompts
that more closely map to any arbitrary text
with a smaller drop of accuracy. These find-
ings have important implications relating to
the difficulty of faithfully interpreting contin-
uous prompts and their generalization across
models and tasks, providing guidance for fu-
ture progress in prompting language models.

1 Introduction

Recent work has shown the surprising power of
continuous prompts to language models (LMs) for
controlled generation and for solving a wide range
of tasks (Li and Liang, 2021; Lester et al., 2021;
Min et al., 2022). Despite these successes, the
resulting continuous prompts are not easy to inter-
pret (Shin et al., 2020). Is it possible to come up
with meaningful discrete (textual) interpretations
of continuous prompts, especially ones that provide
a faithful explanation of the prompt’s behavior?

Towards addressing this question, we propose
and investigate the Prompt Waywardness hypoth-
esis (§3.2), a surprising disconnect between the

LM

task prompts 
for sentiment classification

Input Output

" Fl i p t he sent i ment . "

" Gener at e a quest i on. "

" pr i nt ( " Hel l o Wor l d! " )

discrete projection

" A gr eat  
f ant asy 
movi e"

 .
..

Figure 1: We show that one can find accurate contin-
uous prompts (that do well on a given task, e.g., sen-
timent classification here) such that they can be pro-
jected to any arbitrary text, such as the definition of
a different task (e.g., generating a question) or even an
irrelevant statement (e.g., a piece of code) — suggest-
ing a disconnect between the outcome of continuous
prompts and their discrete interpretations.

intended behavior of continuous prompts and their
nearest-neighbor discrete (language) representa-
tions.1 In particular, we show that one can find con-
tinuous prompts that perform a desired task while,
at the same time, project to any given target text.
This indicates that there is little correspondence
between continuous prompts and their discrete in-
terpretation. For instance, a continuous prompt that
effectively solves the sentiment classification task
in Fig.1, when projected onto discrete space, might
appear as the definition of a different task (“flip
the sentiment”). Intuitively, continuous prompt
optimization is a highly non-convex problem with
numerous local minima. More surprisingly, many
of these prompts (e.g., those near embedded text)
are very effective at solving a desired task.

We conduct extensive analyses showing Way-
wardness on five classification datasets (§4). Em-
pirically, we find the existence of wayward prompts
— prompts that solve each of these tasks while pro-

1Nearest-neighbor projection via dot product has been
previously used to study properties of continuous word em-
beddings (Mikolov et al., 2013; Hashimoto et al., 2016) and is
commonly performed in the final layer of modern generative
LMs (Radford et al., 2019; Raffel et al., 2020).

3631



jecting to arbitrary natural language text. To study
a variety of projected text, we experiment with 60+
sentences, either discrete prompts from other tasks
(from Mishra et al. 2022b) or random sentences
from a large text corpus. We observe that it is
possible to find prompts that project to a given dis-
crete prompt (token overlap 94% F1) while scoring
within 2% accuracy of the best continuous prompts-
based solution for the task. Further analysis shows
that the effect of Waywardness gets worse for larger
models and longer prompts. We explain this sur-
prising behavior by relating it to several structural
properties of large language models (§5).

We discuss several social and research implica-
tions of prompt waywardness, to help guide future
research on prompt based models (§6). First and
foremost, despite many promising attributes of con-
tinuous prompts, interpreting them is non-trivial
and will require further research. In fact, careless
interpretation of continuous prompts can result in
vulnerabilities against malicious attacks concealed
under the guise of benign discrete representation.
Further, the loose correspondence between contin-
uous and discrete prompts poses a challenge for fu-
ture research in differentiable interpretable-prompt
optimization – optimization in search of human
readable discrete prompts through the continuous
space. Our work shows that continuous and dis-
crete prompts, despite their seeming similarity, are
quite different and the results from one may not
always transfer to the other. We hope these findings
will motivate further innovations in the prompting
literature for NLP models.

2 Related Work

Continuous prompts. There is a line of work fo-
cused on tuning continuous prompts (Li and Liang,
2021; Lester et al., 2021; Zhong et al., 2021; Qin
and Eisner, 2021; Zhou et al., 2021; Zhong et al.,
2021). These works present different approaches
to discovering a continuous prompt (which is an
array of real numbers) for addressing an end task,
though the interpretability of the resulting prompts
remains an open question. This paper investigates
the feasibility of interpreting a learned continuous
prompt and its connection to discrete prompts.

Discrete prompts. The release of GPT-3 (Brown
et al., 2020) initiated a body of work on the emer-
gent ability of LMs to follow discrete natural lan-
guage prompts. Consequently, several follow-
up studies have used manually-designed discrete

prompts for probing LMs (Petroni et al., 2019;
Jiang et al., 2020), improving LMs’ few-shot abil-
ity (Schick and Schütze, 2021; Gao et al., 2021;
Le Scao and Rush, 2021), and their zero-shot
ability as well as transferability (Mishra et al.,
2022a; Reynolds and McDonell, 2021). Most im-
portantly, discrete prompts have the advantages
of being human-readable and thus easily inter-
pretable though we do not have efficient and al-
gorithmic ways of reconstructing them. For ex-
ample, Shin et al. (2020)’s algorithm discovers
discrete prompts, yet the results are not human
readable. Prior work also finds that model per-
formance is highly sensitive to small changes in
wordings (Mishra et al., 2022a) and that optimiza-
tion over the discrete prompt space is non-trivial
and often highly unstable. Our findings here about
the disconnect between continuous prompts and
their discrete interpretation provides another per-
spective on the difficulty of discovering discrete
prompts via continuous optimization algorithms
that (directly or indirectly) leverage the continuous
space (more discussion in §6).

3 Prompt Waywardness

3.1 Preliminaries: Setup and Terminology

We begin with some notation and the setup of our
study, starting with the space of discrete and contin-
uous prompts (Fig.2). Let pd ∈ {0, 1}L×V denote
a discrete prompt represented as an L-length se-
quence of one-hot vectors over a lexicon of size V
(corners of a hyper-cube). Similarly, let pc ∈ RL×d
denote a continuous prompt, represented as a L-
length sequence of d-dimensional real vectors.

Projection operators. We define operators that
project these two spaces to one another. Define the
c-projection as one that maps discrete inputs to a
continuous space by multiplying with a fixed (often
pre-trained) embedding matrix2 E ∈ RV×d:

c-proj(pd) = pdE ∈ RL×d. (1)

The d-projection maps the continuous inputs to
nearest neighbor discrete elements, where for each
position l (1 ≤ l ≤ L), one of the possible (and per-
haps most straightforward) methods for interpret-
ing a continuous prompt is defined as a projection

2In our experiments we use the embedding matrix of the
GPT2 family (Radford et al., 2019) which is used for both
mapping input text to their embeddings as well as generating
text in the output layer.
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Figure 2: The general problem setup: Similar to Lester
et al. (2021)’s setup, each prompt (usually a continuous
one) is appended to the given input and fed to a frozen
language model.

onto nearest neighbor representations (Mikolov
et al., 2013; Hashimoto et al., 2016):

d-proj(pc) = [δ1 · · · δl · · · δL] ∈ {0, 1}L×V , (2)

where δl is a one-hot vector corresponding to the
word with the closest (highest dot product) embed-
ding to the l-th position of continuous prompt pc.

These projections are used in the first and last
layer of virtually all modern LMs, such as GPT2.

Solving tasks with continuous prompts. Con-
sider any machine learning model M (typically a
pre-trained model) that takes textual input x and
produces output y. Normally, the parameters of
M are learned so as to optimize behavior on a
task with a dataset D = {(x, y)} of input/output
pairs. In prompt tuning (Lester et al., 2021), one
freezes the parameters of M and instead optimizes
for a prompt p that, when fed in conjunction with
x, makes M produce the desired output y. Thus,
p represents the only learnable parameters in this
method. When p is a discrete prompt with k to-
kens, it can be simply concatenated with x, denoted
p+ x. In our study, p will be a continuous prompt
(of length equal to the embedding of k tokens). We
will concatenate it with the embedding of the input
x. For simplicity and with some abuse of nota-
tion, we use p+ x to denote concatenation in this
continuous case as well.

One can quantify the amount of loss incurred
when using a continuous prompt p as follows:

`(p;D) = Ex,y∼D [loss(M(p+ x), y)] , (3)

Minimizing this loss function (empirical risk mini-
mization) over p recovers a minimum risk continu-

ous prompt for this dataset:

p∗c = arg min
pc∈RL×d

`(pc;Dtrain). (4)

Given this prompt, its generalization to the test data
can be measured in terms of the loss incurred on
the test set: `(p∗c ;Dtest).

3.2 The Waywardness Hypothesis

How should one interpret the resultant continu-
ous prompt p̃c? Empirically, one can easily ver-
ify that such continuous prompts are not unique
(e.g., random initializations lead to different out-
comes). Additionally, the resultant prompts get
projected to seemingly irrelevant discrete elements.
Taking this to an extreme, we hypothesize that next
to the continuous projection c-proj(pd) of any dis-
crete prompt pd, there exists a variety of continuous
prompts pc that trigger responses from model M
that are orthogonal to the intentions described by
the discrete prompt pd. We formalize this idea
as the following hypothesis, where L ∈ N is the
length of the discrete target prompt, M is a prompt-
based model, and D is a dataset for a desired task:

Hypothesis 1 (Prompt Waywardness) For all
L,M,D, there is a small ∆ such that for any
discrete target prompt pd with length L, there
exists a continuous prompt p̃c ∈ RL×d such that:

1.
∣∣`(p̃c;Dtest)− `(p∗c ;Dtest)

∣∣ < ∆, yet
2. d-proj(p̃c) = pd.

In other words, p̃c is nearly as effective at making
M solve the task as the optimal continuous prompt
(Eq.4), and yet it projects to pd. In this statement,
∆ (prompt performance gap relative to the optimal
prompt p∗c) is a function of the prompt length L, the
model M (e.g., its embedding size and depth when
M is transformer based), and inherent properties
of the target dataset D. The analysis in §4.3 will
provide an empirical estimate of this gap ∆̂ as a
function of various parameters like model size and
prompt length.

It is worth emphasizing that the hypothesis is
stated for any task and any set of discrete prompts,
even if they are irrelevant or contradictory.3

3While our focus is on the use of continuous prompts for
solving datasets (one prompt shared among many instances),
one can imagine applications of the same conjecture to special
use cases such as controlled generation (Dathathri et al., 2019)
with one prompt per instance.
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3.3 Finding Wayward Prompts
While the above hypothesis promises the existence
of p̃c, it does not say how to discover them. We
now discuss a practical method for their discovery.

We learn a continuous prompt pc using a mod-
ification of the prompt tuning objective of Lester
et al. (2021). Our modification jointly minimizes
the standard downstream task cross-entropy loss
`(.) for the task (Eq.3) and a distance measure
dist(.) between pc and the discrete target prompt
pd ∈ {0, 1}L×V :

`′(pc;D, γ) =`(pc;D) + γ dist(pc, pd) (5)

p̃c = arg min
pc∈RL×d

`′(pc;D, γ), (6)

where pc is the only learnable parameter, and γ is
a hyperparameter.

When γ = 0, the modified objective is reduced
to the standard objective (Eq.4), `′(.) = `(.). We
refer to this case and its resulting prompt p∗c as
the ‘unconstrained’ setting. A large value of γ
will make pc even closer (possibly identical) to
c-proj(pd) but lead to poor accuracy on a target
dataset. Most of the experiments below are con-
ducted via a range of γ values to better understand
the trade off between the two terms in the objective
function. In practice, we find γ = 0.01 to give a
reasonable trade-off regardless of the target dataset
and the choice of pd.

There are at least two natural ways to define the
distance measure dist(pc, pd) between a continu-
ous prompt pc and a discrete target prompt pd, by
converting one so that both are in the same space:

c-dist(pc, pd) =
‖pc − c-proj(pd)‖22

L
(7)

d-dist(pc, pd) = F1
(
d-proj(pc), pd

)
(8)

The first of these places both pc and pd in the contin-
uous space and computes the squared-L2 norm, nor-
malized by the prompt length. This is used in our
training loss (Eq.5) implementation. The second
places both in discrete space (text) and computes
the standard word-level token overlap F1 score.4

This is used during our evaluation.

4 Empirical Support of Waywardness

We empirically investigate the Prompt Wayward-
ness hypothesis (§3.2) using our modification

4Ignoring punctuation marks and articles, and applying
lemmatization.

(§3.3) of the prompt tuning method from Lester
et al. (2021). We show that given an arbitrary
and irrelevant discrete prompt pd, it is possible
to learn a continuous prompt that is mapped to pd
while retaining its accuracy on a given dataset.5

4.1 Setup

Target tasks. Following the setup of Min et al.
(2022), we select a diverse set of 5 classifi-
cation datasets: SST-2 (Socher et al., 2013),
SST-5 (Socher et al., 2013), AGNews (Zhang
et al., 2015), Subj (Pang and Lee, 2004) and
TREC (Voorhees and Tice, 2000). Statistics and
the unconstrained accuracy of each dataset are pro-
vided in Table 1.

Dataset Task |C| Acc

SST-2 Sentiment analysis (movie) 2 92.4
SST-5 Sentiment analysis (movie) 5 50.3
AGNews News classification (topic) 4 88.1
Subj Subjectivity classification 2 90.5
TREC Answer type classification 6 88.0

Table 1: The collection of downstream tasks used in the
experiments (§4.1). |C| indicates the output size (num-
ber of classes); Acc indicates the unconstrained accu-
racy of a prompt tuning method (Lester et al., 2021)
using GPT2 Large, as a reference point.

Discrete Target Projections. We compile two
sets of discrete target prompts: (1) 32 tar-
get prompts for solving tasks from Natural-
Instructions6 dataset (Mishra et al., 2022b) that
are distinct from and intentionally orthogonal to
the end tasks considered here. These were chosen
by excluding discrete target prompts that have high
lexical overlap with other discrete prompts; this
is because we found lexically similar prompts are
often semantically similar even when written for
different subtasks. (2) 30 random sentences from
PILE,7 a large-scale, diverse text corpus used to
pretrain GPT-J, the largest public causal language
model (Wang and Komatsuzaki, 2021). The sam-
pled sentences were drawn from a Poisson distribu-
tion with λ = 14, which makes the average length
of the sentence to be consistent to those in Natural-
Instructions. These sentences are selected to have
little or no token overlap with the true definition of
the target tasks. See Table 3 for a few examples.

5Scripts needed to reproduce our results: https://
github.com/Alrope123/prompt-waywardness

6https://instructions.apps.allenai.org
7https://pile.eleuther.ai
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Data pd Task Accuracy (%) Prompt

Source ∆̂ (Acc(p∗c)→ Acc(p̃c)) F1 (%)

SST-2
NI 0.7 (92.4→ 91.8) 99.0
PILE 0.5 (92.5→ 92.0) 97.1
Avg 0.6 (92.4→ 91.9) 98.1

SST-5
NI 3.3 (50.2→ 48.5) 95.9
PILE 0.7 (50.5→ 50.2) 92.4
Avg 2.0 (50.3→ 49.3) 94.2

AGNews
NI 1.6 (88.0→ 86.6) 97.4
PILE -0.1 (88.1→ 88.2) 97.5
Avg 0.8 (88.1→ 87.3) 97.4

Subj
NI 2.0 (91.3→ 89.5) 97.3
PILE 0.9 (89.6→ 88.8) 94.4
Avg 1.5 (90.5→ 89.2) 95.9

TREC
NI 3.3 (87.5→ 84.7) 86.5
PILE 1.2 (88.5→ 87.5) 85.6
Avg 2.3 (88.0→ 86.0) 86.1

Table 2: Main Results: Accuracy of solving five clas-
sification datasets, in an unconstrained setting (p∗c ) vs.
constrained by the projection to various irrelevant
pieces of text (p̃c). Optimization is done using γ = 0.01
in the objective function (Eq.5). ∆̂ indicates the rela-
tive accuracy drop (in %) from unconstrained accuracy.
Each reported score (Accuracy and Prompt F1) are
the average over 62 discrete target prompts and 3 ran-
dom seeds. Overall, it is possible to achieve ≥ 94%
prompt F1 with under 2% drop in accuracy.

Evaluation metrics. For all experiments, we re-
port two metrics: (1) the task accuracy8 as well
as (2) prompt F1, the word-level token overlap F1
score computed as in Eq.8, since it easy to interpret
and is commonly used for evaluating the textual
output of models (Rajpurkar et al., 2016).

Models. For evaluation, we use GPT2 (Radford
et al., 2019) an auto-regressive LM which has ex-
tensively been used in many NLP applications. Un-
less otherwise specified, we use a ‘large’ variant
consisting of 774M parameters.

Implementation details. We use a batch size of
8, learning rate 0.01, and 2000 training steps. When
experimenting with a discrete target prompt pd, we
initialize the search for continuous prompts (both
p̃c and p∗c) using c-proj(pd).9 For all experiments,
report accuracy averaged over three random seeds.

8We did not consider alternatives like Macro-F1 because
all datasets are roughly balanced across different classes.

9While this is different from prior work (Lester et al., 2021;
Min et al., 2022) that uses a random subset of the top-5000
vocabs, we find no meaningful differences in an unconstrained
accuracy between two initialization methods.

4.2 Main Results
For each of the 5 tasks T and for each of the 62
discrete target prompts pd, we use the objective
in Eq.5 to find a prompt p̃c such that it solves T
with a high accuracy while, at the same time, hav-
ing a discrete projection that is close to pd. For
comparison, we also train unconstrained prompts
p∗c (γ = 0.0) which solve task T without any pro-
jection constraint. To ensure a fair comparison
between p̃c and p∗c , we ensure that they have the
same size L. In other words, for each p̃c (that has
the same length as pd), we train another p∗c with the
same length. We denote the relative accuracy drop
from p∗c to p̃c as ∆̂.

Table 2 summarizes the results. Across all
datasets, we find that it is possible to learn a contin-
uous prompt pc whose discrete projection is very
close to pd and mostly retains the task accuracy.
There is a trade-off between the task accuracy and
prompt F1, which can be controlled by the choice
of γ (more extensive ablations in the forthcoming
paragraphs (§4.3)). Overall, with γ = 0.01, it is
possible to achieve ≥ 94% prompt F1 with un-
der 2% relative drop in task accuracy. The only
outlier is the TREC dataset where we achieved a
prompt F1 score of 86% for a ∆̂ = 2.3% relative
drop in accuracy. This might be due to the diffi-
culty of learning effective prompts on TREC (also
discussed by Min et al. (2022)).

Example prompts with varying values of prompt
F1 scores are shown in Table 3. A prompt F1 ≥
94% generally indicates one word mismatch with
almost no semantically meaningful difference.

4.3 Further Analysis
Effect of Gamma. Fig. 3 shows the trade-off be-
tween task accuracy and the prompt F1 when vary-
ing γ from 0 to 0.03. As γ increases, the task
accuracy goes down while the prompt F1 increases.
The drop in task accuracy is relatively minor—it
is possible to learn a continuous prompt for which
prompt F1 is near 1.00 and the accuracy drop rela-
tive to the unconstrained accuracy is less than 1%.

Effect of Prompt Length (L). We randomly
sample sentences from The PILE with a con-
straint that its length must be L (chosen from
{4, 7, 14, 28, 56}). The left and the middle parts of
Fig. 4 illustrate the results. We find that when L is
very small (e.g., 4) it is relatively difficult to learn a
continuous prompt pc that is close to pd (F1<60%)
while retaining the task accuracy. This is likely be-
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d-proj(pc) Prompt F1 Acc(p̃c)

Task: AGNews pd: Write down the conclusion you can reach by combining the given Fact 1 and Fact 2.

Write down the conclusion you can reach by combining the given Fact 1 and Fact 2. 100.0 89.2
Write down the conclusion you can reach by combining the given Fact 1. Fact 2. 96.3 88.1
Write down the conclusion you can reach by combining the given Fact 1 Category Fact 2. 92.9 89.0
Write Messi in conclusion you can reach by combining the given Fact 1 and Fact 2. 89.7 88.8

Task: SST-5 pd: “If they have other interests and aims in life it does not necessarily follow that they are passive sheep.”

“If they have other interests and aims in life it does not necessarily follow that they are passive sheep.” 100.0 51.2
“If they have other interests and aims in life it does not necessarily follow that they are terrible sheep.” 94.7 53.6
“If they have other interests and aims in life it does not necessarily follow that they are terrible GoPro.” 89.5 52.3

Task: SST-5 pd: int clamp(int val, int min_val, int max_val) { return std::max(min_val, std::min(max_val, val)); }

int clamp(int val, int min_val, int max_val) { return std::max(min_val, std::min(max_val, val)); } 100.0 50.5
int clamp(int val, int min_val, int max_val) { return std::max(min_val, std::min(max_val terrible val)); } 95.7 52.0
int clamp(int val, int min_val, int max_val) { return std::max(min_val, std::min(max_val terrible val)); This} 91.7 53.3

Table 3: Examples of the target prompts pd and their reconstructions via d-proj(pc) for different ranges of prompt
F1 scores. The first pd is from Natural-Instructions; the rest two are sampled from The PILE. The mismatches with
the original prompt are color-coded.
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Figure 3: The effect of γ on SST-2 and AGNews. Accuracy is the average over 32 discrete target prompts from
Natural Instructions and 3 random seeds. A dotted line indicates unconstrained accuracy p∗c (same as when γ = 0).
Numbers inside parentheses in the y-axis indicate relative drop in accuracy against unconstrained accuracy. There
is a clear trade-off between the task accuracy and the prompt F1.

cause the prompt being too short significantly hurts
the expressivity of the prompt. Nonetheless, when
L is reasonably larger, e.g., 14 (the average length
of in Natural Instructions) or longer, all cases lead
to a continuous prompt with near 1.0 prompt F1
and little accuracy drop.

Effect of Model Size. We vary the size of the
GPT2 models—small, medium, large, and XL—
with 124M, 355M, 774M, and 1.5B parameters,
respectively. Figure 5 (right) reports the result on
SST-2. We find that (1) across different sizes of the
LM, our findings in learning continuous prompts
with the prompt F1 of near 1.0 and little drop in
the accuracy generally hold, and (2) in particular,
the drop in accuracy is more negligible with larger
LMs (0.2% with XL, 0.5–0.7% with medium and
large, 1.2% with small).

Projection onto true task definitions. In all our
results so far in §4, the target projected text was

Data Task Accuracy (%) Prompt

∆̂T (Acc(p∗c)→ Acc(p̃c)) F1 (%)

SST-2 1.0 (91.9→ 90.9) 98.5
SST-5 0.9 (51.4→ 50.5) 96.1
AGNews 1.4 (91.8→ 90.4) 95.7
Subj 4.1 (89.8→ 85.6) 100.0
TREC 0.5 (88.6→ 88.1) 99.3

Table 4: Accuracy of solving five classification
datasets, unconstrained setting (p∗c ) vs. constrained by
the projection to the true definition of tasks (p̃c) using
γ = 0.01 in the objective function (Eq.5). Subscript T
in ∆T denotes this being the case for true task defini-
tions. Projecting to the true definition of a task does
not help continuous prompts solve a task.

orthogonal to the tasks being solved. One might
naturally wonder whether there is any benefit in
projecting continuous prompts to the texts that truly
describe the task being solved, i.e., a “true” prompt
for the task. To this end, we manually authored 5
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Figure 4: The effect of the length of the prompt (L) on
AGNews. Each point computed via the average over 32
discrete target prompts from Natural Instructions and
3 random seeds (γ = 0.01 used). The corresponding
prompt F1 is reported as a orange line. The accuracy
of p∗c and p̃c increase as a function of prompt length,
however, the gap between them tends to decrease. The
relative accuracy drop is marginal when L is not too
small (e.g., 7 or larger).

“true” prompts for each of the tasks. We then fol-
low the exact same setup used earlier for Table 2 to
fine-tune continuous prompts p̃c for the task while
projecting onto these true task definitions. As be-
fore, we fine-tune unconstrained prompts p∗c of the
same length, without any projection requirement.

By design, p̃c can be no more effective at solving
the task than the unconstrained prompt p∗c (barring
suboptimal search issues), which is what we find
in practice. For completeness, we report detailed
results for “true” target prompts (analogous to Ta-
ble 2) in Table 4.

More interestingly, as shown in Table 5, con-
tinuous prompts that project to “true” target
prompts are no more effective at solving the
task than continuous prompts that project to the
62 irrelevant target prompts considered earlier (Ta-
ble 2). Specifically, the average performance gap
∆ (relative to unconstrained prompts of the same
length) is about the same (≈ 1.5%) for continuous
prompts that map to true task definitions compared
to prompts that map to irrelevant text. This further
bolsters the waywardness hypothesis—continuous
prompts don’t relate to the task being solved.
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Figure 5: The effect of the size of the model—small,
medium, large, and XL—on SST-2. Each point in
the experiment is computed by averaging over 30 ex-
periments each with a different discrete target prompt
from PILE and 3 random seeds. We vary γ =
{0.01, 0.005, 0.003} and choose the one for which
prompt F1 is larger than 0.98. The relative accuracy
drop (gap between the two trends) decreases as mod-
els become larger.

SST-2 SST-5 AGNews Subj TREC Avg

∆̂T 1.0 0.9 1.4 4.1 0.5 1.6
∆̂ 0.6 2.0 0.8 1.5 2.3 1.4

Table 5: Task accuracy gap comparison between un-
constrained prompts and those fine-tuned to project to
a true task definition (∆̂T ) as reported in Table 4. For
comparison, we also show the corresponding perfor-
mance gaps with irrelevant (∆̂) from Table 2. The av-
erage performance gaps are about the same (around
1.5) for true and irrelevant target prompts—further
evidence that continuous prompts don’t relate to the
task being solved.

5 Explaining Waywardness

Here we provide intuitions behind the factors that
enable Prompt Waywardness.

The mapping between continuous and discrete
spaces is not one-to-one. While a discrete tar-
get prompt is mapped to exactly one continuous
prompt (via its embedding, Eq.1; cf. Fig.2), the
reverse is not true. In fact, except for a very small
fraction of unnatural or degenerate edge cases,10

for every target discrete prompt, there are infinitely
many continuous prompts that project back to it
(via Eq.2). While simple counting-based arguments
are insufficient in continuous spaces, we formally
prove (Appendix B) that this property holds for all
nearest-neighbor projections under any metric dis-
tance, and broadly for all but a negligible (measure
zero) portion of possible projection operators.

10Such as using a non-metric distance in nearest-neighbor
mapping, or mapping all of Rd to a single discrete prompt.
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Figure 6: The projection discrete space (Eq.2) induces
a clustering (a Voronoi diagram) of the continuous
space. Each cluster has infinitely many points that get
mapped to the same discrete token.

This intuitively suggests that there is a whole
region of continuous prompts that corresponds to a
fixed discrete representation (Fig.6). The remain-
ing question is, how is this region able to have a
diverse set of prompts that can solve a variety of
tasks? This is addressed next.

Deep models give immense expressive power to
earlier layers. The deeper a network is, the more
expressivity it has with respect to its inputs (Telgar-
sky, 2016; Raghu et al., 2017). Since continuous
prompts reside just before the first layer, they enjoy
a lot of expressivity. Therefore, no matter how nar-
row the regions corresponding to individual tokens
are (Fig.6), they are extremely powerful in solving
a variety of tasks. Previously in §4.2 we provide an
empirical analysis showing evidence that the effect
of Waywardness is stronger in deeper models.

6 Implications of Prompt Waywardness

We discuss the implications of these findings on
several inter-related lines of research. Note that
all the following statements are valid within the
boundaries of the existing architectures. Moving
beyond these barriers likely requires major innova-
tions in terms of LM architectures or how continu-
ous prompts are optimized.

Faithful interpretation of continuous prompts
is difficult. Given the intuitions behind and em-
pirical support for the Waywardness hypothesis
(§5), faithful discrete interpretations of continu-
ous prompts via common discrete projections (like
nearest-neighbor projection) are unlikely to be ro-
bust based on current approaches. It is an open
question whether there is a better way of inter-
preting continuous prompts with human language,

or whether explaining and interpreting continuous
prompts via human language is inherently impossi-
ble because they lie in completely different spaces.
Future work may investigate more on this topic
in order to improve the interpretability of prompt-
based language models.

Risk of interpreting continuous prompts: con-
cealed adversarial attacks. It is not difficult to
imagine a future where proprietary model develop-
ment is driven by fine-tuned continuous prompts.
In such a world, not addressing the challenges
involved in discrete interpretation of continuous
prompts can lead to harmful (and potentially, ad-
versarial) consequences (Slack et al., 2020; Wallace
et al., 2021), as discussed below.

GPT

continuous
prompt

d- pr oj

Input Output

" Rank t he candi dat es
i gnor i ng t hei r  
r ace or  gender "

benign projection

> >

adversial behavior

Figure 7: Waywardness implies that continuous
prompts can be mapped to seemingly innocuous de-
scriptions while acting maliciously.

We consider the following scenario: a model de-
signer comes up with a set of continuous prompts
that solve a target task (e.g., ranking resumes ac-
cording to each applicant’s qualifications and mer-
its). Whether intentionally or not, such prompts
may maliciously target, for example, a minority
group. To assure their customers, the model de-
signer uses the projection of the prompt that ex-
presses a benign definition for the task, which does
not reveal the true nature of the egregious behavior.
The customers might even evaluate the prompt on
a few instances but not notice this harmful behav-
ior, e.g., when it effects a minority group not in
the evaluation set. In a way, the benign discrete
projections may provide a false sense of security.

Optimizing discrete prompts through contin-
uous prompts can be degenerate. Manually-
written discrete prompts have many nice prop-
erties (Schick and Schütze, 2021; Mishra et al.,
2022a), yet we do not have an efficient algorithmic
way of finding them. One way to operationalize this
is to formulate differentiable objective functions
via LMs like GPT (Radford et al., 2019). Consider
the following problem which is defined in the space
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of continuous embeddings pc ∈ Rd:

max
pc∈Rd

utility︷ ︸︸ ︷
P (D|pc)×

readability︷ ︸︸ ︷
P (d-proj(pc)), (9)

This a joint optimization towards a utility objective
(the extent to which it can solve dataset D) and
a human readability objective. According to the
Waywardness hypothesis, there are pc’s that assign
high mass to the utility term while also mapping to
human interpretable text that is irrelevant (or even
contradictory) to the task solved by the prompt –
hence, degenerate solutions.

The same challenge holds if this optimization
objective, instead of continuous prompts, is refor-
mulated in terms of word probabilities (e.g., similar
to Kumar et al. (2021, Sec 2.2)). This is the case,
since searching in the space of word probabilities
is analogous to a search in embedding spaces.11

In summary, Waywardness presents a challenge
for searching effective discrete prompts via contin-
uous optimization. The recent works have used
additional signals such as domain-specific con-
straints (Qin et al., 2020; Khot et al., 2021; Qin
et al., 2022) to alleviate these challenges. We hope
to see more design innovations in this direction.

Gradients alone are insufficient to reverse en-
gineer a model. Suppose we are given a fixed
(fine-tuned or otherwise) model M (e.g., an open
question-answering model) and an expected output
y from this model (e.g., y =“Joe Biden”). Can
we use gradients with respect to an LM’s output to
find a semantically meaningful input that makes a
frozen model M generate a particular output?

Our findings and the earlier argument about con-
tinuous differentiable optimization suggests this
may not be feasible with current methods. To see
the correspondence to Prompt Waywardness, we
can replace D in Eq.9 with the desired outcome y
and run the optimization over word distributions
(cf. Footnote 11). While gradients can guide to-
wards some input that makes M produce y, their
interpretation is likely unfaithful to the task being
solved by M . In the context of the above example
(M being a QA system), gradients might lead to
inputs maximize the probability assigned to “Joe
Biden”, although this input will likely be neither
fluent nor semantically descriptive of “Joe Biden”.

11 A distribution over words p ∈ [0, 1]V corresponds to
a continuous prompt pc = c-proj(p) which is a weighted
combination of V -many basis vectors (word embeddings) that
form a linear span of Rd.

Nevertheless, as noted earlier, gradients are still
useful when they are applied using domain-specific
constraints. For example, one can find local (word-
level) perturbations that lead to a certain adversarial
outcome, if the perturbations are restricted to well-
defined semantic categories (e.g., “blue” can be
perturbed to any other color name) (Sha, 2020;
Guo et al., 2021; Yuan et al., 2021).

Continuous prompt tuning does not necessi-
tate task-specific initialization. Recent works
on continuous prompt-tuning have shown the ef-
fectiveness of initialization from embeddings of
random common words (Lester et al., 2021; Min
et al., 2022), despite these words being irrelevant
to the task solved by these prompts. This, however,
makes sense given the observations made in this
work regarding the existence of effective prompts
around word embeddings.

7 Conclusion

The prompting literature has seen many paral-
lel developments around continuous and discrete
prompts, as efficient alternatives to fine-tuning
models with tens of millions of parameters. Our
work introduced the Prompt Waywardness hypoth-
esis, which expresses a surprising disconnect be-
tween continuous and discrete prompts: given a
downstream task, for any discrete target prompt
pd, there exists a continuous prompt that projects
to pd while achieving strong performance on the
task. We provided empirical evidence for this hy-
pothesis, studied various parameters around it, and
ended with several implications of this hypothesis.

While our experiments are done on the GPT fam-
ily, we expect our findings to apply to a broader
set of architectures that, in one way or another, use
similar mechanisms for mapping discrete elements
to continuous representations and vice versa. Sim-
ilarly, while our projection to the discrete space
(Eq.2) is a popular operator in the field (cf. Foot-
note 1), the intuition explained in Propositions 1
and 2 of the Appendix suggests similar behavior
for a broad class of projection operators.

Prompt Waywardness identifies challenges for
future progress on algorithmic methods for the dis-
covery of human readable prompts that are faithful
to the task they solve. We hope the observations
made in this work motivate architectural innova-
tions that overcome such challenges and guide fu-
ture steps in the prompting literature.
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Supplementary Material
A Additional Experimental Details

Here we include several experimental details (§4)
that did not fit in the main text. For the experiments
we used A100 GPUs with 40G memory. In terms of
the time GPU time of the experiments, each round
of training and inference for each seed took about
around 6 min. Therefore, the total GPU hours for
our main experiment (Table 2) adds up to 93 hours
(6 mins × 3 seeds × 5 datasets × 62 prompts =
5580 mins).

B The mapping between continuous and
discrete space is not one-to-one

As argued in §5, the mapping between the space of
discrete input and that of word embeddings (Fig.2)
is not a bijection. While a discrete target prompt is
mapped to exactly one continuous prompt (via its
embedding, Eq.1), the reverse is not true: except
for some unnatural or rare cases (as formalized
in the following propositions) there are infinitely
many continuous prompts that project back to a
fixed discrete target prompt (via Eq.2).

Nearest-neighbor projections are arguably natu-
ral, computationally efficient, and useful in prac-
tice. Although we have considered them in the
Euclidean space so far, they can be defined for
an arbitrary distance metric12 m on Rd. As be-
fore, consider an embedding of a lexicon of size
V into Rd and the corresponding one-hot vectors
in {0, 1}V . We call d-proj a nearest-neighbor pro-
jection operator w.r.t. m if it maps each x ∈ Rd to
the one-hot vector in {0, 1}V that corresponds to
the lexicon item whose embedding is closest to x
under metric m (breaking ties arbitrarily).
Proposition 1 Every nearest-neighbor projec-
tion operator, under any metric, maps infinitely
many elements of Rd, forming one or more con-
tinuous subspaces, to every one-hot vector in
{0, 1}V .

A proof is included in Appendix B.1. In effect,
the projection operators induce a clustering of the
space of continuous prompts Rd×L into regions
that have the same discrete projection (Fig.6).

The infinite-to-one mapping aspect is not limited
to the class of nearest-neighbor projection opera-
tors. It is rather an inherent property of the interac-
tion between continuous and discrete spaces, and

12https://en.wikipedia.org/wiki/Metric_
(mathematics)

holds for a broader family consisting of all but a
negligible portion of possible projection operators:

Proposition 2 Let D denote the space of all pro-
jection operators that map Rd to one-hot vectors
in {0, 1}V . Let d-proj be a random projection
drawn uniformly from D. Then, with probability
1, d-proj maps infinite elements of Rd to every
one-hot vector in {0, 1}V .

B.1 Proofs
Proof of Prop. 1: Let ci ∈ Rd for i ∈
{1, . . . , V } be fixed vectors (denoting the em-
bedding of words in a lexicon of size V ). Let
ei ∈ {0, 1}V denote the one-hot vector with 1 in
the i-th position and 0 elsewhere. Since d-proj is a
nearest-neighbor projection operator w.r.t. m, by
definition it maps x ∈ Rd to ei whenever x is clos-
est to ci, i.e., i = arg minjm(x, cj) (breaking ties
arbitrarily).

Let Si ⊆ Rd denote the pre-image of ei, i.e.,
the elements that the nearest-neighbor projection
d-proj maps to the i-th one-hot vector. By defini-
tion, ci ∈ Si. Let d′ = minjm(ci, cj) > 0 denote
the distance of ci to the nearest cj w.r.t. the metric
m. Consider the subspace Ci = {x | m(x, ci) <
d′/2}. By design, we have Ci ⊆ Si. Further, mov-
ing x by some small distance ε (w.r.t. m) to another
point x′ changes its distance to ci only by at most
ε (by the triangle inequality property of m). This
implies that if ε is chosen to be small enough such
that m(x, ci) + ε < d′/2, then x′ must also be in
Ci. In other words, if x ∈ Ci, then, for a small
enough ε, the entire ε-neighborhood of x is also in
Ci. It follows that Ci is an open subset of Rd and
thus contains infinitely many elements forming a
continuous subspace. Hence Si, which contains
Ci,e.g. also has infinite elements in one or more
continuous subspaces. �

Proof of Prop. 2: For simplicity, assume V =
2. A projection operator d-proj ∈ D can then be
fully characterized by the subset S ⊆ Rd that it
maps to any one arbitrarily chosen one-hot vector.
Choosing d-proj uniformly at random from D thus
amounts to choosing the subset S uniformly at
random from Rd. We show that the probability of
choosing an S such that |S| is finite, is 0. (The
same argument applies to |R \ S| being finite.)

To see this, let Si denote the set of all (finite)
subsets of Rd that have size exactly i. First, ob-
serve that the probability of choosing an S that
lies in S0 ∪ S1 (i.e., a subset of Rd that has at

12
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most 1 element) is 0; this is a degenerate case in
the underlying continuous probability space. Sec-
ond, for any i ≥ 2, Si has the same “size” (in
the measure theoretic sense) as S1, because one
can construct an injective map from either one
to the other—which follows from the fact that
they both have the same cardinality as the set R.13

Lastly, the space S of all finite subsets of Rd is the
countable union ∪iSi of disjoint sets. Therefore,
Pr[S ∈ S] =

∑
i Pr[S ∈ Si] = 0. �

13This can be proved using the rules of cardinal multiplica-
tion applied to Si viewed as (a subset of) the Cartesian product
of S1 with itself, i times.
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Abstract

Identifying related entities and events within
and across documents is fundamental to natu-
ral language understanding. We present an ap-
proach to entity and event coreference resolu-
tion utilizing contrastive representation learn-
ing. Earlier state-of-the-art methods have for-
mulated this problem as a binary classification
problem and leveraged large transformers in a
cross-encoder architecture to achieve their re-
sults. For large collections of documents and
corresponding set of n mentions, the necessity
of performing n2 transformer computations in
these earlier approaches can be computation-
ally intensive. We show that it is possible to re-
duce this burden by applying contrastive learn-
ing techniques that only require n transformer
computations at inference time. Our method
achieves state-of-the-art results on a number of
key metrics on the ECB+ corpus and is com-
petitive on others.

1 Introduction

Coreference resolution is the fundamental NLP task
of finding all mentions that refer to the same real
world entity or event in text. It is an important step
for higher level NLP tasks involving natural lan-
guage understanding, such as text summarization
(Azzam et al., 1999), information extraction (Ze-
lenko et al., 2004), and question-answering (Vicedo
and Ferrández, 2000). Historically, coreference
resolution of entities in the same text document
– within document (WD) coreference resolution –
has received the most attention, though more re-
cently focus has moved toward cross-document
(CD) coreference resolution.

CD coreference resolution has recently gained re-
newed interest for its application in multi-document
analysis tasks. CD coreference resolution presents
unique challenges not found in the WD context.
Spans of text come from different documents with-
out any inherent linear order, and there is no notion

that antecedents for a given expression typically oc-
cur before the expression, as in a single document.
Coreferent expressions also cannot be assumed to
occur near one another. Furthermore, documents
are also assumed to be authored independently and
about different—though lexically similar—topics.
For instance, the event described in the sentences
from Topic 19 in Table 1 below are not coreferen-
tial, despite their lexical similarity ("killed").

Another important aspect of CD coreference res-
olution is the potential scale of the problem. In
certain applications, the number of documents can
be large and ever growing. In particular, for ap-
plications that merge information from across doc-
uments, such as multi-document summarization
(Falke et al., 2017) or multi-hop question answer-
ing (Dhingra et al., 2018), the corpus in question
can be both large and dynamically increasing in
size.

Past methods of CD coreference resolution have
treated the problem as a binary classification task:
given two pairs of mentions, classify them as refer-
ring to the same entity or not (Bejan and Harabagiu,
2010; Yang et al., 2015; Huang et al., 2019;
Kenyon-Dean et al., 2018). In more recent works,
contextual embeddings using a cross-encoder archi-
tecture have been leveraged to obtain state-of-the-
art results (Yu et al., 2020; Zeng et al., 2020; Caci-
ularu et al., 2021) on the ECB+ corpus. Despite
achieving state-of-the-art results on the benchmark
dataset, a shortcoming of these approaches is the
fact they use a transformer as a cross-encoder – two
sentences are passed to through the transformer net-
work and a label is predicted. For n mentions in a
corpus, these approaches require n2 comparisions
at inference time. As Reimers and Gurevych (2019)
noted when using BERT in a cross-encoder archi-
tecture, finding the most similar pair of sentences
in a collection of n = 10000 sentences requires
n(n− 1)/2 = 49 995 000 inference computations,
which they estimated to take 65 hours using a V100
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Subtopic 1 Subtopic 2

Topic 19

Riots Erupt Following Death of Brooklyn Teen
Killed By Police

INITIAL results from the post-mortem on a 15-
year-old Greek boy whose killing by police sparked
five days of rioting show Alexandros Grigoropoulos
died from a bullet ricochet.

Yesterday , the police explained that officers shot
and killed a 16-year-old Kimani Gray in Brooklyn
because he allegedly pointed a gun at the cops.

Fresh riots were reported in Greece on Saturday
December 13 2008 in protest at the killing by police
of a 15-year-old boy, Alexandros Grigoropoulos,
eight days ago

Table 1: Examples of cross-document coreference clusters from topics 19 of the ECB+ corpus. Bold text indicate
events and the same color indicates that they belong in the same coreference cluster. The addition of lexically
similar second subtopic (riots in Greece over teenagers death vs riots in Brooklyn over teenagers death) adds an
additional challenge to the ECB+ corpus.

GPU.
Others have sought to address the quadratic scal-

ing of these methods. Recently, Allaway et al.
(2021); Cattan et al. (2021a) introduced methods
that require n transformer passes. In this work, we
introduce a method using contrastive learning to
generate mention representations that are useful
for the coreference resolution problem. Previous
attempts along these lines by Kenyon-Dean et al.
(2018) introduced clustering-oriented regulariza-
tion terms in the loss function. Our method im-
proves on these earlier methods on the benchmark
dataset, and achieves results competitive with the
more expensive methods of Yu et al. (2020); Zeng
et al. (2020); Caciularu et al. (2021). We conduct
extensive ablations of our model which we discuss
in §4.5. We discuss applications to domains outside
of the ECB+ corpus in §4.6.

2 Related Work

Most recent work on CD coreference resolution has
focused on the ECB+ corpus (Cybulska and Vossen,
2014), which we also use in this work. The ECB+
corpus, which is an extension of the Event Coref-
erence Bank (ECB), consists of documents from
Google News clustered into topics and annotated
for event coreference (Bejan and Harabagiu, 2010).
ECB+ increases the difficulty level of the original
ECB dataset by adding a second set of documents
for each topic (subtopic), discussing a different
event of the same type (e.g. riots in Greece over
teenagers death vs riots in Brooklyn over teenagers
death; see Table 1) (Cybulska and Vossen, 2014).
While relatively small, the corpus is representative
of the common cross-document coreference use
cases across a restricted set of related documents
(i.e. results from a search query).

Most approaches to CD coreference resolution

address the problem as a binary classification prob-
lem between all pairs of events and entities. Early
works utilized hand engineered lexical features
(e.g. head lemma, word embedding similarities,
etc.) (Bejan and Harabagiu, 2010; Yang et al.,
2015). More recent works have relied on neu-
ral network methods, utilizing character-based em-
beddings (Huang et al., 2019; Kenyon-Dean et al.,
2018) or contextual embeddings (Yu et al., 2020;
Cattan et al., 2020; Zeng et al., 2020; Caciularu
et al., 2021; Allaway et al., 2021). Recent ap-
proaches by Yu et al. (2020) and Caciularu et al.
(2021) leveraging RoBERTa and Longformer trans-
former models have set strong benchmarks. A
drawback of these approaches is the necessity to
consider all pairs of n mentions in a corpus in a
cross encoder architecture. Each unique pair of
entities (separated by a special token) is passed
through a transformer to generate a similarity score.
This requires n2 transformer computations.

This can be computationally expensive and sev-
eral works have sought to address this. Allaway
et al. (2021) introduced a model that clusters men-
tions sequentially at inference time. They achieved
competitive results using a BERT-base model and
without using a hierarchical clustering algorithm to
generate coreference chains. Cattan et al. (2021a)
adapted the model of Lee et al. (2017) to the cross-
document context. Specifically, they pruned docu-
ment spans down to the gold mentions and encode
each resulting pared document using a RoBERTa-
large model. A pairwise (feed-forward network)
scorer then generates a score for each pair of spans.
They also considered an end-to-end system where
they use their model to predict mention spans in-
stead of using gold mentions. In this work, we
consider gold mentions only as has been done in
earlier works.
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In this work, we introduce a method leveraging
contrastive learning using a RoBERTa-large model
as the base encoder. At inference time, our method
requires n passes of the transformer, like earlier
methods by Allaway et al. (2021); Cattan et al.
(2021a). Our method surpasses their methods on
the benchmark ECB+ dataset and is competitive
with more expensive cross-encoder approaches of
Yu et al. (2020); Zeng et al. (2020); Caciularu et al.
(2021).

3 Methodology

3.1 Dataset

We follow earlier works and use the ECB+ corpus,
which is an extension of the Event Coreference
Bank (ECB), which was discussed in the previous
section. Following earlier works by others (Yu
et al., 2020; Cattan et al., 2020; Caciularu et al.,
2021; Allaway et al., 2021), we follow the setup
of Cybulska and Vossen (2015), which was also
used by others (Yu et al., 2020; Cattan et al., 2020;
Caciularu et al., 2021; Allaway et al., 2021). This
setup uses a subset of the annotations which has
been validated for correctness and allocates a larger
portion of the dataset for training. In this setup, we
use topics 1-35 as the train set, setting aside topics
2, 5, 12, 18, 21, 23, 34, 35 for hyperparameter
tuning, and 36- 45 as the test set. To preprocess
mentions, we utilized the reference implementation
from Cattan et al. (2020). The distribution of the
train, test, and development sets can be seen in
Table 2.

Train Dev Test
# Topics 25 8 10
# Documents 574 196 206
# Event Mentions 3808 1245 1780
# Event Singletons 1116 280 623
# Event Clusters 1527 409 805
# Entity Mentions 4758 1476 2055
# Entity Singletons 814 205 412
# Entity Clusters 1286 330 608

Table 2: Statistics for the ECB+ corpus. We followed
the setup of (Cybulska and Vossen, 2015) and used top-
ics 36-45 for our test set and topics 1-35 for training
with topics 2, 5, 12, 18, 21, 23, 34, 35 set aside in the
development set for hyperparameter tuning.

Figure 1: Our encoder takes as input the first two sen-
tences from the document and concatenates it with the
sentence containing the mention, taking care to anno-
tate the mention location with tags [E] and [/E].

3.2 Model
We propose a model to learn embeddings useful for
clustering events and entities. Our model leverages
a Siamese neural network (Bromley et al., 1993) to
fine-tune a RoBERTa-large encoder (see Figure 1).
We train and evaluate our model using gold men-
tions as opposed to predicted mentions in order to
focus on the cross-document coreference resolution
problem. At inference time, our model generates
embeddings for the mentions which are then clus-
tered using an agglomerative clustering algorithm
as was done previously by Barhom et al. (2019);
Yu et al. (2020); Cattan et al. (2020); Caciularu
et al. (2021); Zeng et al. (2020). Below we discuss
details of our methodology and training procedure.

Document Context Following Caciularu et al.
(2021), we use the observation that other parts of
the document provide valuable context to the men-
tions in question. We extract and encode the first
two sentences from the document. This takes ad-
vantage of the fact that the articles are news articles
and in many cases, much of the relevant informa-
tion is summarized at the beginning of the docu-
ment. In most cases, these two sentences are the
headline and dateline for the article. In cases where
the sentence in question is one of the first two sen-
tences, we take the next sentence in the document.

Contextual Embedding In addition to the doc-
ument context, we also utilize the sentence that
the mention appears in and annotate its location in
the sentence using [E] and [/E] tokens. The two
sequences are concatenated together using a [SEP]
token (see Figure 1). In total, we keep 128 word
piece tokens and in cases where the combined input
exceeds this, we remove tokens from the end of the
context before removing tokens from the sentence
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containing the mention.
This combined sequence is encoded using a

RoBERTa-large model (Liu et al., 2019), as shown
in Figure 1. We fine-tune all layers of the
RoBERTa-large model. RoBERTa will produce
a representation vector for each token of the input
sequence. We then sum up element-wise the token-
level representations of the mention and use this
as the representation of the mention, ve. Addition-
ally, we utilize the first token of the sequence vcls
as the embedding for the entire document context
and mention embedding. Each of these contextual
embeddings are passed separately through a multi-
layer perceptron (MLP). We found that 1024 for
the hidden layer dimension for both MLPs worked
well in our experiments.

v′e = MLP1(ve); v′cls = MLP2(vcls) (1)

The final representation for the mention i and its
context document is given by the concatenation of
the two vectors output vectors, indicated by [.; .].

vi = [v′cls; v
′
e] (2)

At inference time, our model takes in the men-
tion and its context (both the head of the document
and its sentence) and generates a 2048 dimensional
embedding vi. A clustering algorithm is applied
to embeddings to generate coreference clusters. In
order to compare our language model with earlier
approaches, we follow earlier works and use an
agglomerative clustering model. We use the imple-
mentation from scikit-learn1 and cluster mention
representations using the cosine distance metric.
Representations within an average threshold dis-
tance τ are considered to be in the same cluster (i.e.
coreferences).

3.3 Training

To train the model, we consider pairs of sentences
– positive samples are pairs of sentences where
the mentions are coreferential while negative sam-
ples are pairs of sentences where the mentions are
not coreferential. Pairs of sentences were chosen
from within gold topics and were constructed by
first computing the similarity between sequences.
This focuses our model to learn features to distin-
guish between the two closely related subtopics,
one of the key aspects of the ECB+ corpus. We

1https://scikit-learn.org

Events Entities
# of Pairs 19000 27090
# of Positive 2085 4078
# of Negatives 16915 23012
# of Same Subtopic 13694 18847
# of Different Subtopic 5306 8243
Fraction Positive 0.11 0.15
Fraction Same Subtopic 0.72 0.70
Median pos. similarity score 0.62 0.59
Median neg. similarity score 0.80 0.77

Table 3: Statistics for the contrastive pairs generated.
Pairs of sentences were chosen from within gold top-
ics and were constructed by first computing the similar-
ity between sequences. Negative samples were down-
sampled by selecting samples whose similarity was
greater than the median similarity among all possible
sample pairs.

used SBERT (Reimers and Gurevych, 2019) to em-
bed these sequences initially. Positive pairs were
created from sequences that were least similar to
one another and negative pairs were selected from
the set of pairs most similar to one another, both
within a particular subtopic and across subtopics
(but still within the same topic). Finally, the nega-
tive samples were down-sampled by selecting sam-
ples whose similarity was greater than the median
similarity among all possible positive sample pairs.
The resulting distribution for the pairs can be seen
in Table 3.

The model parameters were then trained us-
ing a Siamese network architecture (Chopra et al.,
2005) where model weights are shared across both
branches. For a given pair of sentences p = (s1, s2)
and label y = 1, 0 where y = 1 if the pairs are
coreferences and y = 0 otherwise, each pair of
sentences is encoded using our model. The model
was trained by minimizing the contrastive loss, `
(Hadsell et al., 2006), as implemented by Reimers
and Gurevych (2019),

` = y ∗ d(i, j)2 + (1− y) ∗max(0,m− d(i, j))2

(3)
For our purposes, d(i, j) = 1 − cos(vi, vj) is

the cosine distance, m > 0 is a margin, and y is
one if the pairs describe coreferent mentions and
zero otherwise. Dissimilar pairs contribute to the
loss function only if their distance are within m.
The loss pushes the embeddings so that positive
pairs are closer together in the embedding space
and negative pairs are pushed to be more distant
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than the margin m.

3.4 Hyperparameters

In our experiments, we used the AdamW optimizer
without warmup and found that a batch size of
16 worked well. We utilized Ray (Liaw et al.,
2018) for hyperparmeter tuning and specifically the
Bayesian optimization search algorithm from scikit-
optimize.2 We performed our experiments on a
p3dn.24xlarge with 8 V100 Tensor Core GPUs and
chose the dropout rate, learning rate, contrastive
margin m and clustering threshold τ to optimize
the CoNLL F1 score on the development set gold
topics. This was done to learn representations that
address the lexical ambiguity in the ECB+ corpus
topics. Resulting hyperparameters can be found in
Table 4.

Events Entities
Epochs 100 50
Learning rate 2e-7 2e-7
Batch Size 16 16
Contrastive margin, m 0.40 0.70
Clustering Threshold, τ 0.2 0.2

Table 4: Hyperparameters for our best performing mod-
els on events and entities.

4 Results and Discussion

We evaluate our model using four different mea-
sures as is common in earlier works. Specifi-
cally, we evaluated our model performance using
MUC (Vilain et al., 1995),B3 (Bagga and Baldwin,
1998), CEAF-e (Luo, 2005), and LEA (Moosavi
and Strube, 2016) metrics. We also evaluate our
model using the CoNLL F1, the average of the
MUC, B3, and CEAF-e F1 scores. As a baseline,
we also show results from a lemma model that takes
each span in question and utilizes spaCy3 to lem-
matize each token. Mentions are clustered based on
whether their lemmatized tokens are exact matches
or not.

Evaluations on ECB+ test corpus are not without
controversy, and we discuss these subtleties in de-
tail below. For the reader familiar with these issues,
our main results are discussed in §4.2 and §4.3. We
also conduct an ablation study with results in §4.5.

2https://github.com/scikit-optimize/scikit-optimize
3https://spacy.io/

4.1 Evaluation Settings

Many earlier methods leveraged an initial docu-
ment clustering (Yu et al., 2020; Zeng et al., 2020;
Caciularu et al., 2021; Allaway et al., 2021). As
observed by Barhom et al. (2019); Upadhyay et al.
(2016), clustering the documents as a preprocessing
step and performing pairwise classification on men-
tions within each cluster provides a strong baseline.
Barhom et al. (2019) introduced a K-Means algo-
rithm to cluster documents using TF-IDF scores
of the unigrams, bigrams and trigrams, where K
is chosen by utilizing the Silhouette coefficient
method (Rousseeuw, 1987). Models are then ap-
plied to mentions within each cluster.

However, this approach has come under criti-
cism (Cremisini and Finlayson, 2020; Cattan et al.,
2021a,b). Detractors note that, because of the high
lexical similarity between documents within the
same subtopic, pre-clustering methods are able to
produce near perfectly predicted subtopics, espe-
cially in the ECB+ corpus, where only a few coref-
erence links are found across different subtopics.
Document clustering is not expected to perform
as well in realistic settings where coreferent men-
tions can spread over multiple topics (Cattan et al.,
2021a). More importantly, this bypasses the in-
tention behind the inclusion of subtopics in ECB+
and avoids challenging the coreference models on
lexical ambiguity (Cybulska and Vossen, 2014).

In our view, evaluation utilizing the original
topic clusters ("gold" topics) is more in line with
the original intent of Cybulska and Vossen (2014)
and more indicative of realistic settings (Cattan
et al., 2021b). We discuss results (1) using ECB+
topics ("gold topics" henceforth) as the initial doc-
ument clustering and (2) using no initial document
clustering ("corpus level" henceforth) in section
§4.2. We find that our methodology improves on
earlier methods (Tables 5 and 9). Finally, because
a majority of earlier works evaluate their models
using predicted topics, we discuss our model perfor-
mance under this setting in §4.3. We report results
from a single run.

4.2 Gold Topics and Corpus Level

We evaluate our models using the ECB+ topics, in
line with the intent of Cybulska and Vossen (2014)
and earlier works by Cattan et al. (2021a,b). Ac-
cording to those authors, this setting was designed
to approximate an unclustered stream of news arti-
cles.
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MUC B3 CEAF-e LEA CoNLL
R P F1 R P F1 R P F1 R P F1 F1

Events

Gold
Topics

Baseline 72.9 72.4 72.7 51.4 56.5 53.8 58.6 40.4 47.8 46.8 51.5 49.1 58.1
Cattan et al. (2021b) 80.1 76.3 78.1 63.4 54.1 58.4 56.3 44.2 49.5 59.7 49.6 54.2 62.0
Ours 87.8 83.0 85.3 78.0 71.4 74.5 71.0 57.4 63.5 75.6 68.9 72.1 74.4

Corpus
Baseline 72.9 60.5 66.1 52 39.2 44.7 48.1 34.7 40.3 46.8 34.6 39.8 50.4
Cattan et al. (2020) 79.9 74.8 77.2 62.2 48.9 54.8 53.3 42.3 47.2 58.4 44.4 50.5 59.7
Ours 86.4 74.9 80.2 76.2 51.7 61.6 59.7 48.7 53.6 73.4 48.7 58.6 65.2

Entities

Gold
Topics

Baseline 61.6 85.9 83.2 31.8 80.2 45.5 53.7 33.8 41.5 28 76.9 41 52.9
Cattan et al. (2020) 85.8 79.3 82.4 64.3 60 62.1 58.6 45.9 51.5 60.9 56.8 58.8 65.3
Ours 84.5 90.1 87.2 72.2 80.5 76.2 73.1 59.0 65.3 69.7 78.5 73.8 76.2

Corpus
Baseline 61.9 77.5 68.8 32.5 67.7 43.9 50.1 33.2 39.9 28.1 63.8 39 50.9
Cattan et al. (2020) 85.7 79.3 82.4 63.7 60 61.8 58.1 45 50.7 60.3 56.8 58.5 65
Ours 83.9 86.6 85.2 71.4 75.6 73.4 69.2 55.1 61.4 68.5 73.1 70.7 73.3

Table 5: Combined within- and cross-document coreference scores for entities and events without singletons,
using gold mentions. Gold topics use the ECB+ topics as the initial document pre-clustering while corpus level
results do not use any document pre-clustering. Bold values indicate best overall for a particular data subset.

Additionally, as noted by Cattan et al. (2020,
2021a), the presence of singletons biases the re-
sults towards models that perform well on detecting
all the mentions instead of predicting coreference
clusters. Furthermore, in using gold mentions in
the evaluation (like we do here), including single-
tons artificially inflates performance metrics (Cat-
tan et al., 2021a). We present our results without
singletons (Table 5) using the reference implemen-
tation of Moosavi and Strube (2016). In Appendix
A, we give results with singletons in Table 9.

On the gold topic and corpus level subsets, our
model performs well. In all cases, we surpass the
current state-of-the-art model on the CoNLL F1
metric for both event and entity coreference resolu-
tion by large margins without singletons (see Table
5)). We suspect this improvement to be a feature of
contrastive learning and methodology we used to
choose pairs – coreferential mentions are pushed
closer together in the embedding space while men-
tions that are not coreferences are pushed further
apart. We do observe a larger drop in performance
in going from gold topics to the corpus level sub-
sets. This is due to the choice in contrastive pairs,
where negative examples come from the same gold
topic.

Aside from improved performance, our method-
ology differs in some key aspects to the recent
works by Cattan et al. (2021a,b, 2020). Their
methodology also leverages a RoBERTa-large
model to embed documents, but breaks long doc-
uments into 512 word piece token chunks. The
authors used as their feature vector for a span in
question: the sum of the span embeddings, the em-
beddings for the span beginning and end, and a
vector encoding the span length as their feature

vector, which they feed into a pairwise classifier
to generate pairwise scores. We on the other hand
use the sentences containing the span in question
and additional context sentences from the docu-
ment, keeping a total of 128 word piece tokens.
This additional context from the document, despite
keeping fewer tokens, accounts for much of the per-
formance gain. This is discussed in further detail
in §4.5.

4.3 Predicted Topic Clusters

We compare our model against the majority of ear-
lier works that used predicted topic clusters and
gold mentions (see Table 6 and Appendix A Table
8 for more complete results). We used the reference
implementation by Pradhan et al. (2014) to score
our models with singletons. Our model is competi-
tive with earlier approaches (Yu et al., 2020; Zeng
et al., 2020; Caciularu et al., 2021), despite using
significantly fewer resources at inference time –
n transformer computations at inference time as
oppose to n2 transformer computations. We also
note that in contrast to our approach, Caciularu
et al. (2021) used a total of 600 tokens from each
document (most documents are within 512 tokens)
whereas we only use 128 tokens. Models by Yu
et al. (2020); Zeng et al. (2020) employ a BERT
based semantic role labelling (SRL) model. On
average, our model lags their models by approx-
imately 1.1 CoNLL F1 points, however, we note
that Yu et al. (2020) find that the SRL tagging ac-
counted for roughly 0.4 CoNLL F1 points.

When comparing to other models that are linear
in transformer computations, our model does well.
Compared to the work by Allaway et al. (2021),
our model surpasses their results by 3.7 CoNLL
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Scaling Adapt. Fine-
tuned

SRL Encoder System MUC F1 B3 F1 CEAF-e F1 CoNLL F1

Events

n2

Baseline 76.7 77.5 73.2 75.7
! ! BERT-large Zeng et al. (2020) 87.5 83.2 82.3 84.3
! ! RoBERTa-large Yu et al. (2020) 86.6 85.4 81.3 84.4

! ! Longformer Caciularu et al. (2021) 88.1 86.4 82.2 85.6

n

RoBERTa-large Cattan et al. (2021a) 83.5 82.4 77.0 81.0
! ! BERT-base Allaway et al. (2021) 82.2 81.1 79.1 80.8

! Ours
– RoBERTa-large 85.6 84.8 79.6 83.3
– RoBERTa-base 84.0 82.4 79.0 81.8
– BERT-large 82.8 82.3 77.9 81.0
– BERT-base 79.8 79.4 74.4 77.9

Entities

n2
Baseline 70.7 61.7 56.9 63.1

! ! Longformer Caciularu et al. (2021) 89.9 82.1 76.8 82.9

n

RoBERTa-large Cattan et al. (2021a) 83.6 72.7 63.1 73.1
! ! BERT-base Allaway et al. (2021) 84.3 72.4 69.2 75.3

! Ours
– RoBERTa-large 87.1 80.3 73.1 80.2
– RoBERTa-base 83.6 74.1 68.5 75.4
– BERT-large 80.8 71.4 66.2 72.8
– BERT-base 78.2 68.9 62.7 69.9

Table 6: A comparison of methods utilizing contextual embedding models and their performance on the ECB+ test
corpus using predicted topic clusters of Barhom et al. (2019). We have indicated the scaling at inference time (in
terms of transformer computations) above. We have also indicated whether systems utilized adaptive pre-training
(Adapt.), fine-tuned encoders (Fine-tuned), or utilized a semantic role labelling model (SRL). To better compare to
earlier works, we have included results from using different encoders in our model and indicated which encoders
were used in earlier works. Finally, Allaway et al. (2021) used sequential clustering algorithm whereas ours and
Cattan et al. (2020) utilized an agglomerative clustering algorithm. Bold indicates best overall. Underlined results
indicate our best overall.

F1 points on average. We note however, that their
model used a BERT-base model and that they also
introduced a novel sequential clustering approach.
Our methodology used the larger RoBERTa-large
model, and we utilized an agglomerative clustering
algorithm as in previous works.

Finally, in contrast to earlier works, we note
that our model performs equally well when using
predicted clusters and ECB+ gold topics. In fact,
our model does better (by 0.9 CoNLL F1 points)
on entities when going to gold topics, and achieves
the same performance on events using gold topics.
This is related to how we selected our contrastive
pairs – negative and positive pairs were selected
from within each topic and so our model focused
on the lexical ambiguity in the ECB+ corpus.

4.4 Training and Inference Time
Our model is larger than earlier models by Cattan
et al. (2021a,b); Allaway et al. (2021). On a single
V100 Tensor Core GPU with 32 GB of RAM, train-
ing took approximately two days. This is compara-
ble to reported times for the cross-encoder model
(using Longformer) by (Caciularu et al., 2021). We
note that contrastive learning methods have been
found to converge slowly (Sohn, 2016). At infer-

Entities Events
F1 ∆ F1 ∆

Pred.
Topics

Our Model 80.2 83.3
– CLS representation 77.8 -2.4 82.3 -1.0
– mention representation 77.8 -2.4 82.0 -1.3
– no document context 74.2 -6.0 80.8 -2.5

Gold
Topics

Our Model 81.1 83.3
– CLS representation 79.0 -2.1 81.3 -2.0
- mention representation 78.9 -2.2 79.6 -3.7
– no document context 75.1 -6.0 77.1 -6.2

Corpus

Our Model 78.7 75.9
– CLS representation 77.3 -1.4 74.9 -1.0
– mention representation 75.7 -3.0 72.0 -3.9
– no document context 72.8 -6.0 70.5 -5.4

Table 7: Ablation results (CoNLL F1) on the ECB+
test set with singletons.

ence time, however, our model takes approximately
15 seconds to evaluate on the ECB+ test set of
events (using gold mentions and with singletons
included). As a point of comparison, we ran the
model of Cattan et al. (2021a,b) which likewise
uses RoBERTa-large and is linear in transformer
computations. We found that their model takes ap-
proximately 60 seconds under similar settings. In
§4.5 we discuss experiments with smaller models.
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4.5 Ablations
We ablate several parts of our model using the head-
lines heuristic and examine the importance of the
underlying language model, the token representa-
tions, and the document context.

Language Model We examined the effect differ-
ent representations have on overall performance
by ablating the language model used. We found
that the larger and richer representations of the
RoBERTa-large model performed better generi-
cally. We gained on average 5 CoNLL F1 points
in using RoBERTa-large versus BERT-large. We
gained on average 7.2 CoNLL F1 points versus the
smaller BERT-base model. Details can be found in
Table 6.

Token Representation To assess the effect of in-
cluding the CLS token embedding in the final repre-
sentations, we trained our model without using its
representation, but keeping the mention representa-
tion. We find that the CLS representation accounts
for roughly 1.3 CoNLL F1 points on average while
the mention representation accounts for roughly
2.8 CoNLL F1 points on average (see Table 7 for
details). We also examined our model without ex-
plicitly using the mention representation, but still
tagging the span with [E], [/E] tokens. For our
model, we find that the mention representation was
a more important factor when considering events.
We speculate that tagging the mention location with
[E], [/E] tokens allows the transformer to attend to
the mention. For events, which have a more com-
plicated structure (e.g. arguments) this likely has a
more important effect.

Document Context Finally, an important com-
ponent of our model was including the first two
sentences of each document in the spirit of Caci-
ularu et al. (2021). For the ECB+ corpus, which
is comprised of news articles, much contextual in-
formation is contained in the first two sentences
of the document. We see that the document con-
text contributes on average 5.4 CoNLL F1 points
(see Table 7 for details). This is in line with our
expectations for new articles and earlier observa-
tions by Caciularu et al. (2021). We suspect the
importance of this feature is due to a property of the
ECB+ corpus that has been highlighted by others –
namely, the documents form fairly distinct clusters
in themselves and so simple document embeddings
are able to recover subtopics easily (Cattan et al.,
2021a,b; Cremisini and Finlayson, 2020). Note

for instance that our model without using docu-
ment context is competitive (compare with Table
6) when using predicted topics for pre-clustering.
Recently, Eirew et al. (2021) sought to address this
issue by creating a the Wikipedia Events Corefer-
ence (WEC) dataset. Applying our model to the
WEC dataset, we found that our results surpass
their benchmark by large margins (CoNLL F1 of
89.3 versus 62.3 (Eirew et al., 2021)) . We plan
to discuss these results in further detail in future
work.

4.6 TextRank

A limitation of the current work is its specificity
to formal text (i.e. news articles, Wikipedia arti-
cles). Given the importance of the headlines to our
model, we also conducted experiments using the
TextRank algorithm (Mihalcea and Tarau, 2004) to
extract sentences that best summarize the content
of the article instead of using the first two. We
expect this method to be more applicable to less
formal settings. We embedded each sentence in the
document using SBERT and select the top two. On
average we found that the headlines heuristic pro-
vided a 4.6 and 3.7 CoNLL F1 gain on on event and
entity coreference resolution respectively (with sin-
gletons) over the TextRank extracted contexts (for
detailed metrics see Table 8 in Appendix A). This
is expected in the ECB+ context as the TextRank
algorithm selects noisier sentences as compared to
article headlines.

5 Conclusions

In this paper, we proposed a new model for within-
and cross-document coreference resolution. We
demonstrated that contrastive learning approaches
are effective at learning representations for corefer-
ence resolution. We evaluated our model on gold
topics and at the corpus level of the ECB+ corpus—
with and without singleton mentions—and found
that our approach surpasses current state-of-the-art
methods by large margins. We also evaluated our
models with an initial document clustering method
and found that our model was competitive with ear-
lier works. We presented extensive ablations of our
model and discussed limitations of our work includ-
ing model size, training time, application to formal
text domains (i.e. news articles and Wikipedia), and
use of agglomerative clustering to generate final
coreference clusters. Interesting directions for fu-
ture work would be testing the TextRank algorithm
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in less formal contexts (i.e. beyond news articles
and Wikipedia articles), investigating higher-order
tuples (e.g. triplets) to speed up model convergence,
and extending our work to predicted mentions as
opposed to gold mentions as has been done by oth-
ers (Cattan et al., 2021a,b).
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Below we give detailed metrics with singletons.
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MUC B3 CEAF-e LEA CoNLL
R P F1 R P F1 R P F1 R P F1 F1

Events

Baseline 72.5 81.1 76.6 69.6 87.4 77.5 77.9 69 73.2 55.63 72.9 63.1 75.7
Zeng et al. (2020) 85.6 89.3 87.5 77.6 89.7 83.2 84.5 80.1 82.3 - - - 84.3
Yu et al. (2020) 88.1 85.1 86.6 86.1 84.7 85.4 79.6 83.1 81.3 - - - 84.4
Caciularu et al. (2021) 87.1 89.2 88.1 84.9 87.9 86.4 83.3 81.2 82.2 76.7 77.2 76.9 85.6
Cattan et al. (2021a) 85.1 81.9 83.5 82.1 82.7 82.4 75.2 78.9 77 68.8 72 70.4 81
Allaway et al. (2021) 81.7 82.8 82.2 80.8 81.5 81.1 79.8 78.4 79.1 - - - 80.8
Ours
– RoBERTa-large 87.9 83.4 85.6 86.2 83.4 84.8 76.9 82.4 79.6 74.1 74.2 74.1 83.3
– RoBERTa-base 83.6 84.5 84.0 78.9 86.1 82.4 79.5 78.5 79.0 67.1 75.8 71.2 81.8
– BERT-large 82.9 82.7 82.8 81.3 83.4 82.3 77.8 78.0 77.9 68.9 72.5 70.6 81.0
– BERT-base 80.3 79.3 79.8 78.0 80.9 79.4 73.8 75.0 74.4 63.4 68.8 66.0 77.9
– RoBERTa-large + TextRank 80.0 83.6 81.8 76.9 86.4 81.4 78.6 74.7 76.6 64.1 74.3 68.8 79.9

Entities

Baseline 58.7 88.6 70.7 46.2 93.1 61.7 79.7 44.2 56.9 35.6 68.2 46.8 63.1
Caciularu et al. (2021) 88.1 91.8 89.9 82.5 81.7 82.1 81.2 72.9 76.8 76.4 73 74.7 82.9
Cattan et al. (2021a) 85.7 81.7 83.6 70.7 74.8 72.7 59.3 67.4 63.1 56.8 65.8 61 73.1
Allaway et al. (2021) 83.9 84.7 84.3 74.5 70.5 72.4 70 68.1 69.2 - - - 75.3
Ours
– RoBERTa-large 83.1 91.6 87.1 72.2 90.4 80.3 81.1 66.5 73.1 63.7 79.3 70.6 80.2
– RoBERTa-base 77.2 91.1 83.6 61.6 92.8 74.1 81.0 59.4 68.5 52.2 79.2 62.9 75.4
– BERT-large 72.8 90.7 80.8 58.1 92.7 71.4 81.8 55.6 66.2 49.0 76.6 59.7 72.8
– BERT-base 69.9 ’ 88.7 78.2 55.5 90.9 68.9 78.5 52.2 62.7 45.0 72.3 55.5 69.9
– RoBERTa-large + TextRank 75.6 91.2 82.7 59.1 93.2 72.3 80.8 57.4 67.1 49.6 78.9 60.9 74.1

Table 8: Detailed results comparing methods utilizing contextual embedding models and their performance on
the ECB+ test corpus using predicted topic clusters. Note that the systems of Zeng et al. (2020); Yu et al. (2020);
Caciularu et al. (2021) require significantly more resources than the others (n2 versus n transformer computations).
Finally, Allaway et al. (2021) uses a BERT-base model and a sequential clustering algorithm whereas ours and
Cattan et al. (2020) utilize RoBERTa-large models and an agglomerative clustering algorithm.

MUC B3 CEAF-e LEA CoNLL
R P F1 R P F1 R P F1 R P F1 F1

Events

Gold
Topics

Baseline 72.9 72.4 72.7 69.7 73.5 71.5 71.1 71.7 71.4 53.5 59.2 56.1 71.9
Cattan et al. (2021b) 80.1 76.3 78.1 77.4 71.7 74.5 73.1 77.8 75.4 62.9 59.1 61 76
Ours 87.8 82.9 85.3 86.5 83.1 84.8 76.9 82.8 79.7 74.4 74.0 74.2 83.3

Corpus
Baseline 72.9 60.5 66.1 69.7 56.4 62.4 51.5 68.6 58.8 45.3 42.6 43.9 62.4
Kenyon-Dean et al. (2018)† 67 71 69 71 67 69 71 67 69 - - - 69
Ours 86.4 74.9 80.2 85.3 67.9 75.6 65.3 80.1 71.9 68.3 57.5 62.4 75.9

Entities

Gold
Topics

Baseline 61.6 85.9 71.8 48.6 89 62.9 76.7 45.9 57.4 37.3 65.5 47.5 64
Cattan et al. (2021a) - - - - - - - - - - - - 70.9
Ours 84.5 90.1 87.2 79.3 86.6 82.8 78.7 68.6 73.3 70.3 75.7 72.9 81.1

Corpus
Baseline 61.9 77.5 68.8 48.7 79.6 60.4 68.2 46.1 55 35.2 57.8 43.7 61.4
Ours 83.9 86.6 85.2 78.5 82.7 80.5 73.0 67.9 70.4 67.8 71.7 69.7 78.7

Table 9: Combined within- and cross-document coreference scores for entities and events with singletons, using
gold mentions. Gold topics use the ECB+ topics as the initial document pre-clustering while corpus level results
do not use any document pre-clustering. We note that the system proposed by Kenyon-Dean et al. (2018) does
not use contextual embeddings whereas ours and Cattan et al. (2021a) make use of RoBERTa-large. To the best
of our knowledge, we have the only results at the corpus level for entities. Bold values indicate best overall for a
particular data subset.
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Abstract

Coordinate compounds (CCs) and elaborate
expressions (EEs) are coordinate constructions
common in languages of East and Southeast
Asia. Mortensen (2006) claims that (1) the lin-
ear ordering of EEs and CCs in Hmong, Lahu,
and Chinese can be predicted via phonological
hierarchies and (2) these phonological hierar-
chies lack a clear phonetic rationale. These
claims are significant because morphosyntax
has often been seen as in a feed-forward re-
lationship with phonology, and phonological
generalizations have often been assumed to
be phonetically “natural”. We investigate
whether the ordering of CCs and EEs can
be learned empirically and whether computa-
tional models (classifiers and sequence label-
ing models) learn unnatural hierarchies similar
to those posited by Mortensen (2006). We find
that decision trees and SVMs learn to predict
the order of CCs/EEs on the basis of phonol-
ogy, with DTs learning hierarchies strikingly
similar to those proposed by Mortensen. How-
ever, we also find that a neural sequence la-
beling model is able to learn the ordering of
elaborate expressions in Hmong very effec-
tively without using any phonological informa-
tion. We argue that EE ordering can be learned
through two independent routes: phonology
and lexical distribution, presenting a more nu-
anced picture than previous work. [ISO 639-3:
hmn, lhu, cmn] 1

1 Introduction

In many languages of East and Southeast Asia,
there are common constructions in which two
words or phrases are coordinated without an overt
marker like a conjunction (Hanna, 2013; Filbeck,
1996; Johns and Strecker, 1987; Wheatley, 1982;
Matisoff, 1973; Pan and Cao, 1972; Watson, 1966;
Banker, 1964). In coordinate compounds (CCs),
twowords are combined to form a compoundword

1Code and data available at: https://github.com/
dmort27/elab-order

whose semantics are often a generalization of those
of the two conjoined words. Elaborate expressions
(EEs) are similar, except that they can consist of
two phrases (rather than words) and include a re-
peated word. Take the following examples:

(1) Chinese coordinate compounds (CCs)
父母 fùmǔ father-mother ‘parents’
花木 huāmù flower-tree ‘vegetation’
天地 tiāndì heaven-earth ‘universe’
国家 guójiā country-home ‘nation’
风水 fēngshuǐ wind-water ‘geomancy’

(2) Lahu elaborate expressions (EEs)
a. ɔ̂

four
cē
corner

ɔ̂
four

phɔ̂
side

‘at every corner’
b. chɔ

people
phôʔ
pile

chɔ
people

dì
lump

‘a throng of people’
c. câ

eat
cûʔ
scarce

dɔ̀
drink

cûʔ
scarce

‘have nothing to eat or drink’

Coordinating compounds are found throughout
the world, with varying semantic relationships be-
tween the whole and the parts (Obermüller, 2015).
Elaborate expressions are most common in main-
land Southeast Asia, where they occupy a position
of great prominence. They are often associated
with elevated styles of discourse, but they occur
in all genres and registers.
Earlier investigators have claimed the order of

the constituent words in CCs and EEs in some lan-
guages is predictable by rule. Many of the pro-
posed ordering hierarchies are based on phonology
(Ting, 1975; Dai, 1986; Mortensen, 2006). Build-
ing on this earlier work, Mortensen (2006) posited
that Lahu EE orders could be predicted based on
vowel quality—like Jingpho (Dai, 1986)—and that
Hmong EE orders could be predicted based on
tone, echoing earlier claims for Chinese and Qe-
Nao (Ting, 1975; Pan and Cao, 1972). These
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tone and vowel scales were, however, not easy
to rationalize in phonetic terms and were used by
Mortensen to argue for a phonology in which struc-
ture reigns supreme and in which phonetic sub-
stance plays only an epiphenomenal role.
These claims have been viewed with skepticism

for two reasons: morphosyntax has been widely
seen as providing the inputs to phonology, not be-
ing driven by phonology (Chomsky, 1965); and
phonology, since Jakobson et al. (1951) and Chom-
sky and Halle (1968) has usually been seen as
grounded in phonetic categories. Some investi-
gators have claimed that sound patterns that are
not phonetically natural are inherently unlearn-
able. They can exist only as linguistic fossils de-
posited by a history of language change. In this pa-
per, we undertake to investigate what kind of data
is needed for (computational) learners to acquire
these patterns. We report the following findings:

• Even rather simple classifiers like decision
trees can learn to predict the order of EEs in
isolation in over 96% of cases (Hmong) and
79% of cases (Lahu) using only phonological
information.

• The decision trees for Hmong, Lahu, and Chi-
nese mirror the phonological hierarchies pro-
posed for these languages, suggesting that
these hierarchies are empirically robust and
learnable from the available evidence.

• However, correct and incorrect orderings of
Hmong EEs can be effectively distinguished
in context by a neural sequence labeling
model without any phonological information,
suggesting that learners would not have to ac-
quire the phonological generalization directly
in order to produce well-formed EEs.

2 Theoretical Significance

The experiments reported in this paper have a bear-
ing on two assumptions widely held in phonologi-
cal theory:
1. True phonological generalizations are always

grounded in phonetic realities (phonology is
natural)

2. Phonology operates on the outputs of syntax
and morphology (grammar is serial)

Both of these assumptions have been contested. If
the analysis of EE and CC ordering in Mortensen
(2006) is sound, neither of these assumptions can
be entirely correct.

2.1 Phonological patterns and phonetic
substance

Starting even before Prague School phonology, it
was widely assumed that the grammatical cate-
gories and patterns making reference to sound are
coherent in terms of physical (articulatory, acous-
tic, and psychophysical) dimensions. The most
common sound patterns found in the world’s lan-
guages can usually be explained in these terms.
For example, inmany languages including English,
if a nasal is followed by a stop, the place of artic-
ulation of the nasal assimilates to that of the stop
(i[m]possible vs. i[n]tolerant vs. i[ŋ]glorious).
For phonologically distinctive features, such as

those related to place of articulation, this was codi-
fied by Jakobson et al. (1951) and injected into gen-
erative phonology by Chomsky and Halle (1968).
Even more radical statements about the relation-
ship between phonological form and substance
have been made since then (Donegan and Stampe,
1979; Flemming, 2013; Hayes, 2011; Donegan and
Stampe, 2009; Steriade et al., 2001). While there
has never been a complete consensus on the matter
(Fudge, 1967; Hyman, 1970; Hale and Reiss, 2000,
2008), it has been widely assumed that phonolog-
ical patterns that are phonetically incoherent can-
not be learned by humans or can be learned only
with difficulty (Hayes and White, 2013). For ex-
ample, Becker et al. (2011) claim that language
users do not acquire unnatural statistical patterns
that would allow them to distinguish nouns with
and without laryngeal alternations between vowel-
initial suffixes (while acquiring natural ones). In
contrast, Hayes et al. (2009) argue that speakers of
Hungarian make use of unnatural patterns in decid-
ing vowel harmony patterns (whether a form ends
in a bilabial stop) but have a learning bias towards
natural patterns. Artificial grammar learning ex-
periments have been inconclusive but have sug-
gested that the difficult-to-learn phonological pat-
terns are structurally complex, not phonetically
unnatural (Moreton and Pater, 2012a,b).
The phonological ordering generalizations pro-

posed by Mortensen (2006) are structurally quite
simple, but often phonetically incoherent. For
Hmong EEs, ordering follows the hierarchy pre-
sented in Table 1; an EE with an 𝐴𝐵1𝐴𝐵2 form2 is
ordered such that, if 𝐵1 and 𝐵2 differ in tone, the

2𝐴𝐵1𝐴𝐵2 (as in Lahu chɔ phôʔ chɔ dì) is also denoted
as 𝐴𝐵𝐴𝐶 in the literature. We use 𝐴𝐵1𝐴𝐵2 in this paper to
indicate that the second and fourth words are closely related
as they form a potential coordinate compound.
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Order Orthography IPA Description

1 -j ˥˧ high falling
2 -b ˥ high
3 -m ˨˩ low creaky
4 -s ˨ low
5 -v ˧˥ rising
6 -g ˧˩ falling breathy
7 -∅ ˧ mid

Table 1: Phonetic values of the tones of Hmong Daw,
organized according the the EE ordering scale proposed
by Mortensen (2006)

tone of 𝐵1 is higher on the hierarchy than the tone
of 𝐵2.
This hierarchy has one phonetically reasonable

aspect—the first two tones start high (though their
relative rank seems arbitrary). The rest of the hi-
erarchy is puzzling: it goes from lowest to low to
rising to falling to neutral. Mortensen’s generaliza-
tion for Lahu elaborate expressions would be eas-
ier to reconcile with phonetic substance (the higher
in vowel space a vowel is, the better a candidate it
is for the first position) were it not that the best
first-position vowel is /o/, a mid, back, rounded
vowel. The ordering generalizations that have
been proposed for Chinese are similarly arbitrary-
looking—they can be stated in terms of historical
tonal categories (like the Middle Chinese tones)
but appear incoherent in modern lects, in which the
phonetic realizations tones have “wandered” pho-
netically to a dramatic degree.
If it can be shown that these patterns can be

learned from naturalistic data, that they are robust
predictors of EE and CC ordering, and that models
trained to detect correctly ordered EEs and CCs in
running text learn to use this kind of phonological
evidence to assign labels, it would be suggestive,
though not definitive, evidence against the position
that phonological constraints must be grounded in
phonetic substance.

2.2 Word order conditioned on phonology
In mainstream generative linguistics, grammar has
usually been viewed as a feed-forward produc-
tion system. While the nature of this pipeline has
changed over various revisions of the theory, a con-
sistent theme is that phonology operates on the out-
put of syntax (Chomsky, 1965, 1981, 1995) and
that, therefore, syntax should not be sensitive to
phonology. One common version of this theory

is the Y model, of which some of the earliest de-
scriptions are found in Chomsky (1981). In this
model, surface structure (Mary hits John vs. John
is hit by Mary) is derived first. Then phonetic
form (PF; [mɛəɹi hɪts dʒɒn]) and logical form (LF;
ℎ𝑖𝑡(𝑀𝑎𝑟𝑦, 𝐽𝑜ℎ𝑛)) are derived from surface struc-
ture. Because surface structure is fixed before PF,
syntax should not be sensitive to phonology.3 In
certain other theories of grammar, different levels
of representation are computed in parallel and are
mutually constraining. An early example of such
a framework is Lexical Functional Grammar (Ka-
plan and Bresnan, 1982; Bresnan et al., 2015). In
this class of frameworks, it is expected that phonol-
ogy should be able to influence word order. The
question of whether and how phonology can af-
fect word order is significant for larger theories of
grammar.
In fact, there is mounting evidence that word

order can be sensitive to phonology. It has long
been suggested that dative shift in English is sensi-
tive to phonological weight (Ross, 1967) although
this claim has also been long contested (Wasow
and Arnold, 2003). Some newer evidence comes
from coordinate compound and echo reduplication
constructions in Japanese, Korean, and Jingpho
(Kwon and Masuda, 2019; Dai, 1986). An even
more interesting case comes from Tagalog noun-
adjective order, which is sometimes viewed as be-
ing free but which is actually sensitive to a set of
phonological constraints (Shih and Zuraw, 2017).
Even more germane to the current discussion are
the findings of Benor and Levy (2006) and Mor-
gan and Levy (2016), who found that phonological
factors are significant predictors of the sequence
of binomial expressions (like son and daughter) in
English. The current case would enrich the body
of relevant evidence in part because, while these
cases are all instances of “soft” statistical tenden-
cies, the Hmong ordering generalization is claimed
to be nearly categorical (with a few, principled, ex-
ceptions).

3 Hypotheses

Based on the existing volume of work, we propose
the following hypotheses:

3An important caveat is that—in some versions of genera-
tive grammar—syntactic structures are pure hierarchy and are
not linearized until PF (phonetic form), when abstract lexical
and functional categories are “spelled-out” (Fox and Pesetsky,
2005). This potentially opens the door for interaction between
phonology and word order.
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1. The order of Hmong and Lahu EEs and Chi-
nese CCs can be predicted phonologically
(out of context).

2. The “phonetically unnatural” phonological
scales proposed by Mortensen (2006) and
Ting (1975) predict the ordering of EEs in
Hmong and Lahu and CCs in Chinese (out of
context).

3. These scales can be learned by decision tree
classifiers (out of context).

4. Phonological information facilitates the
recognition of correctly and incorrectly
ordered Hmong EEs in context.

4 Data

We examine the ordering effects across three lan-
guages: Hmong, Lahu, and Chinese (with Middle
Chinese and Mandarin pronunciations).
For Hmong, we use a list of 3253 unique elab-

orate expressions extracted from the 12 million-
word Hmong SCH corpus (Mortensen et al., 2022),
which was manually annotated and validated by
a human expert. All of the EEs are of the form
𝐴𝐵1𝐴𝐵2 where 𝐵1𝐵2 forms a coordinate com-
pound. We also use the entire corpus for the EE tag-
ging task described in Section 5.2. For Lahu, we
use a list of 1400 EEs compiled by Matisoff (1989,
2006), which contains both𝐴𝐵1𝐴𝐵2 and𝐵1𝐴𝐵2𝐴
forms. For Chinese, we use a list of 254 antonymic
coordinate compounds 𝐵1𝐵2 recorded in theMod-
ern Chinese Dictionary (Anonymous, 2016). Mid-
dle Chinese pronunciations are retrieved fromWik-
tionary.4

5 Experiments

5.1 Learning Hmong, Lahu, and Chinese CC
and EE Ordering with Classifiers over
Phonological Features

We first examine whether the orders in elabo-
rate expressions and coordinate compounds can be
learned by a classifier. This experiment accom-
plishes two goals: 1) to reveal the existence and
robustness of the patterns in the phonological or-
dering, and 2) to gain insight into the feature com-
binations that are most correlated with the ordering
effects.

4Reconstruction from Li (1952)

Experiment We use the EE lists described in
Section 4 as phrases with the attested ordering, and
create an unattested list of EEs by switching the or-
der of 𝐵1 and 𝐵2 (occasionally both orders are at-
tested, in which it is not included in the unattested
list). We then formulate the task as a binary classi-
fication problem to predict whether a given order-
ing is attested or unattested.
To examine the degree to which the order can

be predicted by phonology only, we use one-hot
features of the onset, rhyme (vowel) and tone con-
stituents in each syllable as classification features.
We found that one-hot phonemic features were suf-
ficiently expressive, and that using articulatory fea-
tures (Mortensen et al., 2016) did not further im-
prove the performance. In Section 5.3 we ana-
lyze the effect of adding word embeddings to the
feature set. For all classification experiments, we
compute the 𝜒2 statistic on all input features and
select the top 𝐾 features that most correlate with
the class label, where 𝐾 is determined by a devel-
opment set.
We report the result on two types of classifiers:

a decision tree (DT) classifier for maximal inter-
pretability, and a support vector machine (SVM)
with RBF kernel for the best classification per-
formance.5 We also experimented with multi-
layer perceptron classifiers of varying widths and
depths, but they did not outperform SVM on this
dataset. Since other classifiers do not offer the ex-
plainability of DT or the performance of SVM, we
only report results on these two models.
We split the attested word list into 70%/30%

train/test sets before augmenting it with unattested
data in order to prevent the same EE from appear-
ing in both the train and test sets. However, it
would still be possible for the same (𝐵1, 𝐵2) to
appear in both train and test sets with different
𝐴 words (repeated words). To eliminate this pos-
sibility, we also report results on randomly sam-
pled subsets of EEs wherein all (𝐵1, 𝐵2) pairs are
unique (so that there is no contamination across the
train and test sets).

Rule-Based Classification We also test how
well the ordering scales proposed in Mortensen
(2006) perform as a rule-based classifier, com-
pared to a DT and SVM trained on the dataset.
This is equivalent to directly examining the distri-
butional patterns of the ordering effects. Table 2

5Classification models are trained using scikit-learn (Pe-
dregosa et al., 2011)
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shows the orders in Hmong, Lahu and Middle Chi-
nese used in the rule-based classifier. When there
is a tie, the order is determined randomly.

Language Order

Hmong Tones j ≺ b ≺ m ≺ s ≺ v ≺ g ≺ ∅
Lahu Rhymes o ≺ u ≺ i ≺ ɨ ≺ ә ≺ ɔ ≺ e ≺ ɛ ≺ a
MC Tones ping ≺ shang ≺ qu ≺ ru

Table 2: Linear ordering of tones for rule-based classi-
fication, based on Mortensen (2006). 𝑎 ≺ 𝑏 represents
that 𝑎 occurs before 𝑏

Results Table 3 shows the classification accura-
cies for all languages. We report results on two
classifiers, using two different sets of features: fo-
cal constituent for the group of phonemes corre-
sponding to the ordering rules (rhyme for Lahu and
tone for Hmong and Chinese), and all constituents
for all the onset, rhyme, and tone phonemes.
We observe a robust correlation between phonol-

ogy and attested orders in all four languages, as
seen by the high accuracy a classifier can attain.
Even on unique (𝐵1, 𝐵2) pairs, the best classifier
and feature set achieves 71%–88% accuracy. This
means that the ordering effects are not simply due
to frequent (𝐵1, 𝐵2) pairs skewing the statistics;
rather, the ordering effect is robust across many
(𝐵1, 𝐵2) pairs in the four languages.
With only the focal constituent feature set, we

observe comparable accuracy between the rule-
based classification and either statistical classifier.
This suggests that the degree to which the focal
constituent alone determines EE ordering is no
more than the linear ordering scale proposed by
Mortensen (2006).6 However, when phonemes
from other constituents are included in the feature
set and an SVM is used, we observe an increase
of 3–11% in accuracy. This suggests the existence
ofmore complex phonological interactions beyond
the linear scale over the focal constituent.

Visualization of Learned Decision Tree By ex-
amining the learned decision tree, one can derive
a linear hierarchy based on the order of features
on the no branch, and whether each branching ac-
tion leads to majority attested words or majority
unattested words. We find that phonemes that ap-
pear topmost in the tree (the most order-defining

6We ran an exhaustive search on all permutations of the
tones/vowels, and found the one presented here performs the
best as a rule-based classifier.

phonemes) are exactly those at the two ends of the
scales proposed by Mortensen (2006), and a deci-
sion tree classifier can learn a strikingly similar hi-
erarchy, as shown in Table 4. Details on the deriva-
tion and the learned tree are shown in Appendix A.

5.2 Learning Hmong EE Ordering as
Sequence Labeling

Experiment Now we investigate whether mod-
els can learn to recognize elaborate expressions
and their ordering effects in context in a natural-
istic corpus. We limit our experiments to Hmong
in this section due to the unavailability of EE-
annotated corpora in other languages. The Hmong
dataset is annotated with BIO tags, where a BIII
sequence represents a labeled EE. We train a neu-
ral sequence labeling model to predict the BIO tag
of each word in a sentence.
We experiment with two types of feature extrac-

tors: a bidirectional LSTM and a CNN. We use
both word-level and phoneme-level embeddings,
following the intuition that the phonologically con-
ditioned ordering helps speakers recognize an EE
structure in context. Implementation details and
hyperparameters are described in Appendix B.
In addition to the vanilla tagging task, to investi-

gate whether the models can learn the ordering of
EEs in context, we perform an experiment where
the orders of 𝐵1 and 𝐵2 are swapped for half of the
EEs, and the tags for the swapped EEs are changed
to B-fake and I-fake. This renders the task more
difficult as the model needs to both identify an EE
in context and classify whether the order has been
changed.
To prevent the model from memorizing certain

EEs, we split the data into train/val/test sets by par-
titioning the list of EEs into disjoint sets, so that
EEs in the validation and test sets do not appear
in the training split. This way, the model is only
given unseen EEs at test time. Furthermore, we
partition the EEs into swap/no-swap so that occur-
rences of each EE are either all swapped or all kept
unchanged.

Baseline The simplest baseline model would be
to tag every occurrence of 𝐴𝐵1𝐴𝐵2 (a 4-gram
where the first and third words are identical) in
the corpus as an EE without any consideration
of the word or its phonology. Doing so yields
100% recall but very poor precision, since most
occurrences of 𝐴𝐵1𝐴𝐵2 are not elaborate expres-
sions. Three strategies are employed to improve
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Language Hmong Lahu Mandarin Middle Chinese

Data All Unique All Unique Unique Unique

N 6420 1404 2748 1664 254 251
Rules 88.8% 85.5% 68.3% 66.3% – 70.7%
DT (focal constituent) 89.0% 85.0% 67.2% 64.3% 65.3% 70.4%
DT (all constituents) 96.4% 85.3% 79.7% 67.8% 68.1% 75.3%
SVM (focal constituent) 89.1% 85.4% 67.3% 64.4% 65.3% 70.4%
SVM (all constituents) 96.7% 88.3% 81.9% 71.3% 76.1% 81.0%

Table 3: Classification accuracies with phoneme features (chance is 50%). Focal constituent is tone for Hmong
and Chinese and rhyme for Lahu. All constituents include onset, rhyme and tone. Unique for Hmong and Lahu is
the average result of 10 randomly sampled subsets of EEs with unique (𝐵1, 𝐵2). Chinese CCs are always unique.

Language Order

Hmong Ling. j ≺ b ≺ m ≺ s ≺ v ≺ g ≺ ∅
Tree j ≺ b ≺ m ≺ v ≺ s ≺ g ≺ ∅

Lahu Ling. o ≺ u ≺ i ≺ ɨ ≺ ә ≺ ɔ ≺ e ≺ ɛ ≺ a
Tree o ≺ u ≺ ... ≺ e ≺ ɔ ≺ ɛ ≺ a

MC Ling. ping ≺ shang ≺ qu ≺ ru
Tree ping ≺ shang ≺ qu ≺ ru

Table 4: Linear orders similar to those posited by
Mortensen (2006) are learned by a decision tree

the performance of this baseline: (1) ensure that
(𝐴, 𝐵1, 𝐵2) are proper Hmong syllables parsable
by a regular expression classifier; (2) set a word
vector similarity threshold between the two CC
words (𝐵1 and 𝐵2) so that 𝑐𝑜𝑠𝑖𝑛𝑒(𝑣𝐵1 , 𝑣𝐵2) > 𝛼,
since many Hmong EEs have the two CC words of
similar meanings (Mortensen, 2006);7 (3) ensure
the tonal scale in Table 2 is followed between 𝐵1
and 𝐵2

Results We report the F1 score of predicted tags
on different models in Table 5. For the baseline
model, all three strategies improve the tagging per-
formance, suggesting that both semantic similarity
and adherence to the tonal scale are indicators of
being an EE. Despite the reasonable performance
of the baseline, a neural sequence labeling model
is able to beat it substantially, achieving a high
F1 score in the EE tagging task. In particular, a
CNN feature extractor outperforms an LSTM fea-
ture extractor. We hypothesize that this is due to

7Word vectors are trained usingWord2Vec (Mikolov et al.,
2013). We find that SkipGram outperforms CBOW on this
task, hence all results reported are SkipGram embeddings. 𝛼
is determined by grid search and we find that 𝛼 = 0.4 works
best.

Model F1 Precision Recall

Baseline 41.32 26.15 100.00
+ regex parsable 49.24 32.83 100.00
+ wv. sim. thresh 60.99 50.29 77.99
+ tonal scale 66.66 59.37 76.56

LSTM 74.10 66.12 84.36
+ phonemes 73.14 65.39 83.09
LSTM + swap clf. 64.38 57.54 73.29
+ phonemes 63.97 56.93 73.17

CNN 90.79 87.36 94.52
+ phonemes 90.26 85.98 95.58
CNN + swap clf. 89.01 85.73 92.62
+ phonemes 89.26 86.00 92.79

Table 5: Precision, recall and F1 scores for sequence
tagging on the test set. Results are averaged over 9 runs
(3 data splits ×3 initial seeds)

a convolution kernel being able to capture non-
local interactions in an EE (i.e., identical first and
third words, and similar second and fourth words),
whereas the linear nature of an LSTM encoder be-
comes restrictive in this task.
When half of the EEs in the form of𝐴𝐵1𝐴𝐵2 are

changed to 𝐴𝐵2𝐴𝐵1 and their tags are modified to
B-fake and I-fake (swap clf. rows in the table),
themodel is still able to achieve high F1 scores that
are only slightly lower than the unswapped coun-
terpart, even though the B and I tags have split
into two types. The fact that increasing the number
of classes does not degrade the performance very
much suggests that the model can learn to distin-
guish attested and unattested orderings very well.
To quantify the model’s ability to learn Hmong EE
ordering, we calculate an in-context classification
accuracy by examining how many correctly identi-
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fied EEs also have a correct prediction in whether
the order has been swapped. We find that the in-
context classification accuracy is 99.1% for LSTM
and 99.5% for CNN, which are both exceptionally
high. Note that this analysis excludes EEs that are
not correct identified (both false positives and false
negatives). Full confusion matrices are shown in
Appendix C.
Interestingly, we find that adding phoneme level

features to the input of either LSTM or CNN does
not improve the performance in both the swapped
and unswapped cases.8 This result is in contrast
with other similar sequence tagging tasks (e.g.,
NER), where character level features are found
to improve performance (Yang et al., 2018; Kuru
et al., 2016). More importantly, this result presents
a contrast to the robust phonological patterns found
in the previous section, as it demonstrates that the
model is able to tag elaborate expressions and clas-
sify their orders successfully without any refer-
ence to phonology. This suggests that the ordering
(𝐵1, 𝐵2) can be predicted not only via phonology,
but also via word-level features through the embed-
dings trained with the tagging model.

Visualization of Word Embeddings It is a
rather perplexing result that a tagging model can
learn the ordering of EEs via word embeddings
only. Figure 1 shows the UMAP projection
(McInnes et al., 2018) of two types of learned em-
beddings into 2D space. Embeddings from the tag-
ging model show clear separation between words
that tend to occur first in an EE (in the 𝐵1 posi-
tion) and words that tend to occur second, where
as embeddings trained separately on the SkipGram
algorithm (Mikolov et al., 2013) show no separa-
tion. This suggests that the learned separation is
unique to the tagging model. However, there is no
way for the model to memorize EEs from the train-
ing set, since the test set contains non-overlapping
EEs. How, then, would the tagging model learn
what words tend to occur first and what words tend
to occur second in an EE?
It appears that themodel is able to learn the order

of 𝐵1 and 𝐵2 from the occurrences of these compo-
nent words in the training set. For an EE 𝐴𝐵1𝐴𝐵2
in the test set, although 𝐴𝐵1𝐴𝐵2 itself never ap-
pears in the training set,𝐵1 and𝐵2 do appear either
as a coordinate compound 𝐵1𝐵2/𝐵2𝐵1, or as parts

8We also tried using character features or using only tones
(the focal constituent for Hmong), but they were equally inef-
fective.
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Figure 1: UMAP projection of word embeddings from
neural sequence tagger (top) and separately trained
SkipGram (bottom). Each circle is one Hmong word.
The pie indicates proportion of times the word occurs
first or second. Size of the dot indicates frequency in
list of EEs.

of another EE 𝑋𝐵1𝑋𝐵2/𝑋𝐵2𝑋𝐵1 in the training
set. As shown in Figure 2, appearances of them in
the same order greatly outnumbers those of the re-
versed order. As a result, the model may be able to
learn which words tend to be 𝐵1 or 𝐵2 from these
distributional properties of the EE words.
To further isolate this effect, we perform an ex-

periment where the train/test splits are made so
that even component words do no overlap between
them (so that the box plot in Figure 2 would be
completely empty). We confirm that the tagging
performance drop considerably in this setting, with
an average F1 score (59.78) unable to beat the
strongest baseline. However, even in this setting,
we do not find phoneme features to contribute to
the tagging performance in a statistically signifi-
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Figure 2: Occurrence of 𝐵1 and 𝐵2 words in test set
EEs (𝐴𝐵1𝐴𝐵2) in the training set as different forms
(𝑋 ≠ 𝐴). Forms with the same ordering (blue and
green) outnumbers formswith the reversed ordering (or-
ange and red)

cant way (F1=61.16, one-sided Wilcoxon signed-
rank test p=0.28).

5.3 Learning Hmong EE Ordering with
Classifiers over Word Vectors

Experiment To further investigate to what ex-
tent word embeddings determine the order of
(𝐵1, 𝐵2) in Hmong EEs, we revisit the out-of-
context classification experiment presented in sec-
tion 5.1, this time adding word vector features. We
experiment with both SkipGram embeddings and
embeddings extracted from the CNN sequence tag-
gingmodel (without swapping). Embeddings from
the tagging model are expected to perform better
on the classification task, since they are optimized
to detect words contained in EEs in the attested
order. On the other hand, embeddings separately
trained via SkipGram aremore “pure,” as they only
capture the distributional semantics of the words
without additional information.

Results Table 6 shows the classification accura-
cies using word embedding features, as well as
word embedding combined with one-hot phoneme
features. We observe that embeddings trained with
the tagger indeed perform better than those trained
via SkipGram. What is surprising is that using em-
bedding features from the tagger alone produces
a classification accuracy comparable to using all
phonemes (88%). Moreover, an even higher ac-
curacy can be achieved by combining phoneme
features with embeddings from the tagger. This
suggests that EE ordering in Hmong can be pre-

Data All Unique

focal constituent (tone) 89.1% 85.4%
all constituents 96.7% 88.3%

wv-sg 94.4% 71.1%
wv-tagger 96.4% 88.3%
all constituents + wv-sg 96.6% 88.8%
all constituents + wv-tagger 97.1% 93.8%

Table 6: Classification accuracies for Hmong using
SVM with phoneme and word embedding features.
First two rows are from Table 3. wv-sg: separately
trained skipgram embeddings. wv-tagger: embeddings
from the CNN sequence tagging model

dicted from two independent butmutually reinforc-
ing routes, namely phonology and lexical distribu-
tion. Either method alone is a good predictor of the
ordering, but combining the two achieves the best
accuracy, because the two routes each offer addi-
tional information that are important in predicting
the ordering of Hmong EEs.

Visualization of Feature Importance With a to-
tal 360 features from both phonemes and word vec-
tors9, we can visualize which features the model
find the most important in this classification task
by examining the weights learned by the model10.
Figure 3 shows the proportion of feature types

that have the highest importance when varying the
number of features (𝑘). We see that when 𝑘 is
small, the model overwhelmingly uses phoneme
features (especially tones) to perform classifica-
tion. The test accuracy is impressively 84% with
only 12 features – nearly 40% of which are tonal
features. As 𝑘 increases, word embedding features
start to gain importance, and the test accuracy can
be further improved when word embeddings are
incorporated. By the time when 𝑘 reaches 200,
the proportion of each feature type become similar
to the natural proportion before selection (dashed
lines).

6 Discussion

In this paper, we set out to explore the ways that
the order of words in EEs and CCs in Hmong,
Lahu, and Chinese can be learned by computa-
tional models. Motivated by earlier linguists’ find-

958 onsets, 14 rhymes, 8 tones, and 100 word vector di-
mensions for each of the two words 𝐵1 𝐵2.

10We switch to an SVM with linear kernel to compare the
importance for each feature directly
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Figure 3: Proportion of feature types for the top k fea-
tures ranked by importance weight. 𝑥-axis on the bot-
tom shows the number of features to use on a log scale,
while 𝑥-axis on the top shows the test accuracy for a
linear SVM trained on the top 𝑘 features. Dashed lines
show the natural proportion of the tone, rhyme, onset
and word vector features. Experiment was done with
the Unique (𝐵1, 𝐵2) words.

ings, we first use phonological features alone to
discriminate between attested and unattested or-
ders of words. We find that in the case of all three
languages, the order of words can indeed be pre-
dicted phonologically, and the “phonetically un-
natural” hierarchies do predict the ordering of EEs
and CCs. Furthermore, a decision tree classifier
is able to learn more-or-less the same hierarchies,
suggesting that speakers of those languages could
in principle learn the linear hierarchies through ex-
posure to the language, and use these hierarchies
to decide on the correct order of words in EEs and
CCs. These findings provide positive evidence for
hypotheses 1–3 from Section 3. We then explored
the ways models can utilize context and distribu-
tional patterns of words to learn the orders in the
sequence tagging experiments, and we were not
able to find evidence for hypothesis 4. We were
surprised to find that models can perform well us-
ing only word features, and that adding phonemes
to the feature set does not help at all.
The seemingly contradictory results of our in-

vestigation point in an interesting direction. Infor-
mation on which a model could rely to learn the
ordering of these constructions is present redun-
dantly in phonology (on the one hand) and in lexi-
cal and distributional patterns (on the other). When
allowed to cooperate on a level playing field, em-
beddings and phonology-based features both con-

tribute to the identification of well-formed EEs at
a similar level. In other words, while it is possi-
ble that language users may use phonological hi-
erarchies like those proposed in Mortensen (2006)
to select appropriate orders for EEs and CCs, it is
clearly not the case that they must (though they
will perform a bit better if they do). These phono-
logical hierarchies may have been more order-
defining in the history of the languages, but as
the sequence tagging experiments have suggested,
they may also have become fossilized in the lex-
icon and in distributional patterns in the modern
form. Many times, a (𝐵1, 𝐵2) pair appears abun-
dantly in multiples EEs (as 𝑋𝐵1𝑋𝐵2), as a CC (as
𝐵1𝐵2), or in other—more complicated—discourse
patterns in the same order, so that language users
could learnwhether a givenword tends to appear in
the 𝐵1 or 𝐵2 position. If a tagging model can learn
a word representation that distinguishes between
𝐵1 and 𝐵2, language users may do the same.
In a sense, these results should be pleasing

to both the “structure” (Mortensen, Hale, Reiss)
and the “substance” (Hayes, Flemming, Steriade)
camps. They show, once again, that generaliza-
tions about sounds can be robust but phonetically
arbitrary. However, they leave open the possibil-
ity that the relevant synchronic generalizations are
not actually phonological.

7 Future Directions

We have shown two independent routes, namely
phonology and lexical distribution, by which com-
putational methods can predict the order of words
in Hmong EEs. A language user could probably
do the same, relying on both routes to some degree
when they need to select the order of words in EEs.
However, there is no way to know for sure without
conducting a psycholinguistic experiment with na-
tive speakers, which would shed light on whether
any of the modeling actually translates to human
cognition. The Chinese and Lahu cases also raise
interesting questions for future work: does the
same two-route mechanism work for EEs and CCs
in these languages as well? Answering this ques-
tion will require additional data collection and an-
notation, but will shed significant light on this the-
oretically important issue.
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A Trained Decision Trees

Figures 4, 5, 6 show what the trained decision tree
looks like in the three languages. In each tree node,
the top half of the box show the current majority
class, attested (ATT) or unattested (FAKE), as well
as the number of votes. The bottom half of the
box shows the variable to branch on. As noted
in the main text, a linear ordering can be induced
from the tree by following the branches. Take the
Hmong tree (Figure 4) as an example. The first
factor to split on is whether 𝐵1 has the j tone, and
if the answer is yes, the majority of words are at-
tested (255 attested vs 15 unattested/fake). This
suggests that j has a strong tendency to occur in
the 𝐵1 position, since it is the most distinguishing
factor to split on. Hence j can be placed as the first
tone on the scale. If𝐵1 does not have the j tone, the
next question to ask is whether 𝐵1 has the b tone.
Since a yes answer again leads to majority attested
words (273 attested vs 61 unattested/fake), b can
be placed second on the scale. The next three ques-
tions to ask concern with the 𝐵2 word. Since a yes
answer leads to attested words in all three cases, it
suggests that ∅, g and s have a tendency to appear
in the 𝐵2 position, hence they can be placed on the
end of the scale in that order. The next two factors
concern with the j and b tones, which have already
been placed on the scale, so we skip them. This
process of following the left child (the no branch)
and placing tones at either end of the scale is re-
peatedly applied, yielding the induced linear scales
shown in Table 4.
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Hmong Tones

class = ATT
value = [700, 704]

ton(B₁) = j ?

class = FAKE
value = [685, 479]

ton(B₁) = b ?

No

class = ATT
value = [15, 225]

(...)

Yes

class = FAKE
value = [624, 206]

ton(B₂) = ∅ ?

No

class = ATT
value = [61, 273]

(...)

Yes

class = FAKE
value = [610, 138]

ton(B₂) = g ?

No

class = ATT
value = [14, 68]

(...)

Yes

class = FAKE
value = [571, 89]

ton(B₂) = s ?

No

class = ATT
value = [39, 49]

(...)
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class = FAKE
value = [543, 59]

ton(B₂) = j ?

No

class = ATT
value = [28, 30]

(...)

Yes

class = FAKE
value = [348, 56]

ton(B₂) = b ?

No

class = FAKE
value = [195, 3]

(...)

Yes

class = FAKE
value = [104, 40]

ton(B₁) = m ?

No

class = FAKE
value = [244, 16]

(...)

Yes

class = FAKE
value = [88, 22]

ton(B₁) = v ?

No

class = ATT
value = [16, 18]

(...)

Yes

class = FAKE
value = [79, 15]

(...)

No

class = FAKE
value = [9, 7]

(...)

Yes

Figure 4: Decision tree trained on Hmong elaborate ex-
pressions predicts the following order of tones: j ≺ b ≺
m ≺ v ≺ s ≺ g ≺ ∅ .

Lahu Rhymes
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rhy(B₂) = a ?
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rhy(B₁) = a ?

No
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(...)

Yes
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value = [625, 643]

rhy(B₂) = o ?
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(...)

Yes

class = ATT
value = [538, 614]

rhy(B₂) = u ?
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class = FAKE
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(...)
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class = ATT
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rhy(B₁) = ɛ ?
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class = FAKE
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(...)
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value = [318, 494]

rhy(B₁) = ɔ ?
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(...)
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(...)
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class = ATT
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(...)

Yes

class = ATT
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rhy(B₁) = e ?

No

class = ATT
value = [25, 83]

(...)

Yes

class = ATT
value = [129, 214]

(...)

No

class = FAKE
value = [29, 21]

(...)

Yes

Figure 5: Decision tree trained on Lahu elaborate ex-
pressions predicts the following order of rhymes: o ≺ u
≺ ... ≺ e ≺ ɔ ≺ ɛ ≺ a.
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Middle Chinese Tones

class = ATT
value = [243, 247]

ton(B₁) = ∅ ?

class = FAKE
value = [182, 112]

ton(B₂) = ∅ ?

No
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value = [61, 135]

(...)
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ton(B₁) = X ?

No

class = FAKE
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(...)
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(...)
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ton(B₁) = p̚ ?

No

class = FAKE
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(...)
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class = FAKE
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No
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Yes
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ton(B₂) = k̚ ?

No
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(...)

Yes
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value = [20, 20]

ton(B₂) = H ?

No

class = ATT
value = [4, 7]

(...)

Yes

class = FAKE
value = [3, 2]

(...)

No
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value = [17, 18]

(...)

Yes

Figure 6: Decision tree trained onMiddle Chinese coor-
dinate compounds predicts the following order of tones:
ping (∅) ≺ shang (X) ≺ qu (H) ≺ ru (p̚, t̚, k̚)

B Implementation Details

B.1 Data

TheHmong corpus consists of 740k sentences with
a positive rate of around 3.1% (i.e. 96.9% of sen-
tences contain no EEs). The EEs are randomly
split into disjoint train and val/test sets with ap-
proximate ratios of 91%/4.5%/4.5%. To reduce the
possibility that certain splits are easier than others,
three such splits are independently produced. The
positive sentences are split into train and val/test
sets according to the EE partitions, and the nega-
tive sentences are split with approximate ratios of
91%/4.5%/4.5%.

B.2 Models

The sequence tagging model consists of a feature
extractor followed by a fully connected layer to
predict the tags: {B,I,O} in the unswapped case
and {B,B-fake,I,I-fake,O} in the swapped
classification experiments. Two feature extractors
are used: 1) an LSTM with bidirectional encod-
ing, and 2) a CNN, consisting of four layers of 1D
convolution, ReLU, Dropout, and BatchNorm.11
When character or phoneme level features are used,
the character embeddings go through a CharCNN
before being concatenated with the word embed-
ding. Details on model configuration is shown in
Table 7. The LSTMmodel contains approximately
1.4M parameters and the CNN contains approxi-
mately 1.7M parameters. Our code is based on
NCRF++ (Yang and Zhang, 2018).12

Hyperparameter Value

Word embed dim 100
Char embed dim 30
LSTM hidden dim 100
CNN hidden dim 200
CNN kernel size 3
CharCNN hidden dim 50
CharCNN kernel size 3
Dropout probability 0.5

Table 7: Model configuration hyperparameters.

11An extensive architecture search was not performed, be-
cause the purpose of the experiments is not to achieve the best
performing model.

12 https://github.com/jiesutd/NCRFpp, under Apache 2.0
License which permits use for research purposes.
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B.3 Training and Decoding
The model is trained with cross entropy loss using
an SGD optimizer with momentum. Early stop-
ping is used on the F1 score of the validation set,
with a patience of 10 epochs. During training,
negative sentences in the training set are down-
sampled to 90% (resampled every epoch) instead
of 97%, which leads to 3x faster training time but
minimal impact on performance. Validation and
test sets are used in their entirety. Training hyper-
parameters are shown in Table 8. Training typi-
cally takes less than 2 hours to complete on a single
GeForce RTX 2080 Ti GPU .

Hyperparameter Value

Batch size 64
Learning rate 0.02
SGD momentum 0.9
Early stopping patience 10

Table 8: Training hyperparameters.

C Confusion Matrices

Figure 7 shows the confusionmatrices for the swap
classification experiments. As mentioned in the
main text, an in-context classification accuracy can
be calculated from the tokens that are correctly
identified as part of an EE but may or may not have
a correct prediction of the orders (i.e. confuses B
with B-fake). For example, the in-context classi-
fication accuracy for the CNN confusion matrix is

𝑎𝑐𝑐𝐶𝑁𝑁 = 439 + 447
439 + 447 + 4 = 99.55%

Figure 7: Confusion matrices for the swap classifica-
tion experiments for LSTM (top) and CNN (bottom)
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Abstract

Textual knowledge bases such as Wikipedia re-
quire considerable effort to keep up to date and
consistent. While automated writing assistants
could potentially ease this burden, the prob-
lem of suggesting edits grounded in external
knowledge has been under-explored. In this
paper, we introduce the novel generation task
of faithfully reflecting updated information in
text (FRUIT) where the goal is to update an
existing article given new evidence. We re-
lease the FRUIT-WIKI dataset, a collection of
over 170K distantly supervised data produced
from pairs of Wikipedia snapshots, along with
our data generation pipeline and a gold evalua-
tion set of 914 instances whose edits are guar-
anteed to be supported by the evidence. We
provide benchmark results for popular gener-
ation systems as well as EDIT5—a T5-based
approach tailored to editing we introduce that
establishes the state of the art. Our analysis
shows that developing models that can update
articles faithfully requires new capabilities for
neural generation models, and opens doors to
many new applications.1

1 Introduction

Information changes on a constant basis. Every day,
athletes are traded to new teams, and musicians and
actors produce new albums and TV shows. Main-
taining textual knowledge bases to keep track of
these changes requires considerable community ef-
fort. For instance, a team of 120K volunteer editors
make 120 edits to English Wikipedia every minute,
and write 600 new articles a day.2 As the knowl-
edge base grows, the amount of maintenance effort
is compounded by the need to keep the knowledge

∗Work done during an internship at Google Research.
†Corresponding Author.

1Our data and code are available at:
https://github.com/google-research/
language/tree/master/language/fruit.

2https://en.wikipedia.org/wiki/
Wikipedia:Statistics

base consistent; e.g., each edit may render informa-
tion in one of the existing 6.3M+ articles obsolete.

Assistive writing technologies have the poten-
tial to substantially reduce the burden of keeping
text corpora up to date and consistent. However,
existing work has mainly focused on correcting
grammar (Wang et al., 2020), reducing repetitive
typing (Chen et al., 2019), and following rhetori-
cal directives (Sun et al., 2021), whereas the prob-
lem of producing edits grounded in external knowl-
edge has received little attention (Kang et al., 2019).
In contrast, numerous works have developed sys-
tems for distilling external knowledge into text
(e.g., Wikipedia article generation) by treating the
problem as multi-document summarization (Liu
et al., 2018; Shi et al., 2021) or data-to-text genera-
tion (Bao et al., 2018; Parikh et al., 2020). However,
these systems are not useful for updating existing
texts as they can only generate text from scratch.

To help endow writing assistants with grounded
editing capabilities, we introduce the novel gen-
eration task of faithfully reflecting updated infor-
mation in text (FRUIT), where the goal is to in-
corporate new information into an existing piece
of text. An illustration is provided in Figure 1.
Given an outdated Wikipedia article and collec-
tion of new information about the article’s subject,
FRUIT requires updating the existing text so that
it is consistent with the new information, as well
as adding text to reflect new salient facts, e.g., in
Figure 1, the first sentence is updated to reflect that
Tom Kristensson now drives in the Junior World
Championship, and new sentences are added to
reflect his achievements in 2019 and 2020.

FRUIT presents several unique challenges. First,
unlike many generation tasks, models cannot ob-
tain good performance by solely relying on their
parametric world knowledge. Whenever the pro-
vided evidence contradicts parametric knowledge,
the model must prefer the evidence, which recent
work has shown is difficult for pretrained language
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Figure 1: Illustration of the FRUIT task. An outdated original article and relevant new information are provided
as inputs, and the goal is to generate the updated article. In this example, the original article about Tom Kristensson
was written in 2020, and the new information is comprised of updated information about Tom Kristensson that has
been added to other Wikipedia articles between 2020 and 2021. Given these inputs, the goal is to produce the
updated 2021 version of article. Models need to identify the relevant supporting facts (orange and teal) to generate
faithful updates while ignoring superfluous information (grey).

models (Krishna et al., 2021; Longpre et al., 2021).
Second, the generated text needs to be faithful to
both the original article and the new evidence, ex-
cept when evidence invalidates information in the
existing article. Finally, this task requires models
to jointly read and analyze evidence from both tex-
tual and tabular sources and determine which is
relevant and which can be ignored, thus combin-
ing challenging aspects of both multi-document
summarization and data-to-text generation.

To facilitate research on this task, we release the
FRUIT-WIKI dataset, a collection of over 170K
distantly supervised (“silver”) update-evidence
pairs. This dataset is produced by comparing pairs
of English Wikipedia snapshots to identify updates
to an article between two snapshots, and associat-
ing information from the other articles that supports
these updates under a distant supervision assump-
tion. As there is no guarantee that updates in the
later Wikipedia snapshots can be supported by the
collected evidence, we also collect a “gold” evalua-
tion set of 914 human annotated update-evidence
pairs where unsupported claims have been removed
without disturbing fluency. We train and validate
our models using silver data and then evaluate the
final performance using gold data.

We establish initial benchmark results for a num-
ber of trivial and neural sequence-to-sequence base-

lines. We also introduce EDIT5, a T5-based model
specially adapted for grounded editing, which es-
tablishes state-of-the-art performance on FRUIT-
WIKI. Through an extensive set of analyses, we
identify a number of failure modes needed to be im-
proved upon in order to obtain better performance
on FRUIT-WIKI, as well as other interesting top-
ics for future work on this task. We additionally
release our data collection pipeline to allow re-
searchers to produce data from future Wikipedia
snapshots and other languages, which we show to
produce high-quality silver data.

2 The FRUIT Task

2.1 Task Definition

In this section we introduce the task of faithfully
reflecting updated information in text (FRUIT).
Given an input piece of text focused on a topic
or event, along with a collection of potentially new
information about the subject of the text, the goal is
to update the input text to reflect the new informa-
tion. A concrete illustration of the task is provided
in Figure 1. The original piece of text along with
its updates are shown on the left, while the new
information is shown on the right.

Formally, we assume access to pair of texts, At

and At
′
, pertaining to a given subject, written at
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times t and t′ (respectively). In addition, we as-
sume access to a set of new information, a.k.a.,
evidence, E t→t′ =

{
E1, . . . , E|E|

}
, mentioning

the subject written between times t and t′. As is
shown in Figure 1, the evidence can contain struc-
tured objects (e.g., excerpts from tables) as well as
unstructured text. Given At and E t→t′ the goal is
produce the updated text At

′
.

Successful completion of this task requires a
number of complex and inter-related reasoning ca-
pabilities. For one, models must be able to identify
which evidence contradicts existing portions of the
source article, and which evidence introduces new
salient information about the subject in order to
correctly choose whether to alter the existing text
vs. add new text. For example, in Figure 1 the first
sentence is updated to reflect that Tom Kristens-
son now races in a different competition, whereas
new sentences are added describing his achieve-
ments in the years 2019 and 2020. Models must
also be able to determine whether a given piece of
evidence should be used at all, i.e., perform content
selection. For example, in Figure 1, the number of
rounds won by Kristennsen appears in the evidence
but does not correspond to any piece of updated
text. Although some evidence may not appear in
the updated article, the converse is not true, the
system should aim to generate an updated article
where all the updates are faithful to the evidence.

2.2 Evaluation

In this section we introduce important considera-
tions for evaluating FRUIT systems.

Evaluate on Updated Text There is often con-
siderable overlap between the original and up-
dated text. As we will see in Section 5 this poses
a challenge for standard evaluation metrics like
ROUGE (Lin, 2004) as systems can achieve high
scores without making any updates. In this work,
we propose to evaluate FRUIT systems using an al-
ternative metric, UpdateROUGE, that only consid-
ers updated sentences instead full texts. For exam-
ple, in Figure 1, the reference for UpdateROUGE
only consists of the first and last two sentences.

Evaluate Faithfulness Ensuring that genera-
tions faithfully reflect information in the evidence
and updated article is crucial. However measur-
ing faithfulness of generations is an active area of
research (Çelikyilmaz et al., 2020) and adapting
existing metrics to the FRUIT task is non-trivial.

As a simple proxy for faithfulness, we choose
to measure the token overlap between named enti-
ties appearing in the generation and the target arti-
cle/evidence, where entities are identified using the
named entity recognizer used by Guu et al. (2020)
to perform salient span masking. We specifically
introduce the following measurements:
1. Unsupported Entity Tokens. This metric

shows the average number of entity tokens ap-
pearing in generated updates that do not appear
in the source article or evidence. This is in-
tended to capture the overall amount of unfaith-
ful text, focusing on entities, where higher num-
bers indicate less faithfulness.

2. Entity Precision and Recall. These metrics
capture the overlap of mentions between the gen-
erated updates and the target. Entity precision
measures the fraction of entity tokens appearing
in the generated updates that appear in target
entities, whereas entity recall measures the frac-
tion of entity tokens in the target that appear in
the entities in generated updates. The latter is
similar to UpdateROUGE but only evaluated on
entities, and thus, potentially less sensitive to
paraphrasing.

Parametric Knowledge Consideration FRUIT
systems should incorporate information from the
provided evidence into the update, and not infor-
mation that happened to be present during train-
ing or pretraining. In this work we attempt to ad-
dress this by evaluating models only on updates
that were made to the text after the data used to
pretrain and finetune the model was collected. As
this setup precludes evaluating models trained after
2020 on FRUIT-WIKI, we release our data collec-
tion pipeline so that researchers can produce evalu-
ation datasets from future versions of Wikipedia.

3 Dataset Collection and Analysis

As discussed in the introduction, keeping track of
new information and then updating articles to re-
flect that information requires a massive amount
of manual effort. Thus, in order to scalably col-
lect sufficient data for training and evaluating
FRUIT systems, some amount of automation is
likely required. In this section we introduce the
FRUIT-WIKI dataset and associated data collec-
tion pipeline, which allows the automatic collec-
tion of high-quality training and evaluation data for
FRUIT from pairs of Wikipedia snapshots.
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Train Test
Silver Gold

Years ’19-’20 ’20-’21 ’20-’21
Articles 114K 54K 914
Edits 407K 182K 3.0K
Subst. Edits 135K 62K 1.3K
Evidence 720K 315K 7.7K
Content Sel. 93K 42K 913

Table 1: Dataset Statistics. We use 10% of the training
data as our validation data.

3.1 Pipeline

Our data collection pipeline produces distantly an-
notated training and evaluation data from pairs of
Wikipedia snapshots. We will refer to the earlier
snapshot as the source snapshot, and the later snap-
shot as the target snapshot.

Step 1. Collect Article Updates We compute
the diff between the introductory sections of arti-
cles appearing in both the source and target snap-
shot to identify all of the material that has been
updated (which will serve as At and At

′
). We also

compute the diff between the non-introductory sec-
tions of articles to find new mentions of the subjects
of other articles (which will serve as E t→t′). These
mentions can take the form of sentences in the text,
as well as new table rows and list entries. Entities
are disambiguated using Wikipedia hyperlinks.

Step 2. Filter Stylistic Updates A large number
of edits to Wikipedia are stylistic (Daxenberger and
Gurevych, 2012), and are therefore irrelevant to our
task. In the next step of the pipeline, we attempt
to filter articles that have only been superficially
edited by keeping only those where at least one
new added entity appears in the target snapshot.

Step 3. Identify Supporting Evidence In the
last step of our pipeline, we seek to determine
which pieces of evidence in E t→t′ justify each of
the updated sentences in At

′
. To do so, we make

the following distant supervision assumption: an
updated sentence a ∈ At

′
containing an added

entity s′ is substantiated by a piece of evidence
E ∈ E t→t′ only if s′ is also mentioned in E. The
accuracy of the annotations produced by this as-
sumption will be measured in Section 3.3.

Our pipeline is implemented using Apache
Beam,3 to allow for distributed processing. We

3https://beam.apache.org/

UpdateROUGE Entity

1 2 L Prec. Recall

87.4 84.6 87.1 91.8 94.6

Table 2: Inter-Annotator Agreement.

plan on releasing the code upon publication to en-
able other users to produce FRUIT data from future
Wikipedia snapshots, as well as languages other
than English.

3.2 FRUIT-WIKI

We run our pipeline on English Wikipedia snap-
shots from Nov. 20, 2019 to Nov. 20, 2020 to
produce the training dataset, and from Nov. 20,
2020 to June 1, 2021 to produce the evaluation
dataset. Detailed statistics are provided in Table 1.
On average, there are around 3 to 4 updates per
article, and around 7 pieces of associated evidence.
About 80% of updates require some form of con-
tent selection, i.e., ignoring some evidence, when
performing updates.

We find that only a third of the updates are sub-
stantiated by one or more pieces of evidence accord-
ing to our distant supervision assumption. Thus,
the remaining updates are either: a) superficial
changes to the source article, or b) additions of
new claims that are unsupported with respect to the
collected evidence. The latter is a particular issue
as these claims can cause the model to learn to hal-
lucinate during training, and should be impossible
for the model to guess during evaluation. Through
the usage of human annotations and carefully se-
lected evaluation metrics we will study the extent
to which this is an issue throughout the rest of the
paper.

We categorize articles in our dataset using the
Wikimedia Foundation’s topic model (Asthana and
Halfaker, 2018). The distribution of topics is dis-
played in Figure 2. We find that the majority (ap-
proximately 50%) of updates deal with cultural top-
ics (e.g., sports, media, personal biographies), and
geographic entities (e.g., countries, states) which in-
tuitively are likely to be affected by current events.
while there are few updates to STEM- and history-
related articles.

3.3 Gold Evaluation Data

To address the issue of unsupported claims during
evaluation, we hired a team of 9 annotators to pro-
duce a “gold” evaluation subset of our test dataset.
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Figure 2: Topic Distribution.

We collect annotations for 914 update-evidence
pairs where each instance is corrected to ensure
that all of the updates are supported. For the re-
mainder of the paper we will refer to the distantly
supervised test dataset annotations as “silver”.

Annotation Process For each instance, annota-
tors were shown the source article, evidence, and a
marked up copy of the target article. In the marked
up article, each updated sentence was highlighted
and prefixed with reference labels to the supporting
evidence identified by our pipeline. The correc-
tion process proceeded in two steps. In the first
step, annotators were asked to highlight all of the
unsupported claims and incorrect reference labels
in the target article. In the second step, annotators
were then asked to remove the unsupported text and
minimally update the article to preserve fluency.

Annotators attended an initial 30 minute train-
ing and were provided regular feedback from the
authors during the early stages of annotation. To en-
sure data quality, an additional annotator was hired
with the sole job of checking the other annotator’s
work and correcting their mistakes. In total anno-
tators spent roughly 500 hours on annotation. The
annotation interface and a completed annotation
are shown in Figure A7 in the Appendix.

Agreement We measure annotator agreement us-
ing a subset of 100 instances that were annotated by
multiple annotators. Following Chen et al. (2015)
and Shi et al. (2021), we quantify agreement by
computing the evaluation metrics described in Sec-
tion 2.2. The results are provided in Table 2. We
observe high inter-annotator agreement with all
scores in the 80s and 90s.

Analysis Statistics for the gold evaluation dataset
are provided in Table 1. Overall, they closely re-
semble the statistics for the distantly supervised

UpdateROUGE Entity Reference
Agreement1 2 L Prec. Recall

83.7 81.2 83.4 90.4 100.0 84.5

Table 3: Gold and Silver Annotation Agreement.
Quality of Silver Annotations by using the Gold as the
reference.

data with one exception: the fraction of substanti-
ated updates has increased.

To measure the quality of our silver data, we re-
apply the approach used to measure inter-annotator
agreement to compute agreement between the gold
and silver annotations. We also measure the ref-
erence agreement, i.e., the fraction of reference
labels kept by the annotators. Results are provided
in Table 3. We find that agreement is high with
most scores in the 80s, a strong indication that
the data produced by our pipeline is high quality.
In particular, the high UpdateROUGE scores pro-
vide further evidence that only a small amount of
the updated text in the weakly supervised data is
unsupported, while the high reference agreement
indicates that our distant supervision assumption is
usually accurate.

4 Methods

In this section we introduce baseline methods to es-
tablish initial benchmark results on FRUIT-WIKI.
We consider trivial approaches that copy task in-
puts, as well as T5, a neural sequence-to-sequence
baseline which has shown strong performance on
related tasks such as summarization (Raffel et al.,
2020; Rothe et al., 2021) We additionally introduce
EDIT5, a variant of T5 that produces a sequence of
edits instead of the entire updated text, and employs
additional tweaks to improve performance.

4.1 Copy Baselines

The first set of baselines we introduce are trivial
methods that merely copy the input. We consider
two variants:
• Copy Source: Generates a copy of the source

article, and
• Copy Source + Evidence: Generates a copy of

the source article concatenated with the evidence.
Our evaluation metrics only apply to unstructured
text, however the evidence may contain structured
tables. In order to convert these tables to text, we
apply a conventional linearization scheme (Lebret
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UpdateROUGE Entity Unsup.

1 2 L Prec. Recall Tokens

Copy Source 0.0 0.0 0.0 0.0 0.0 0.00
+ All Evidence 18.8 6.9 12.0 37.9 64.9∗ 0.00

T5-Large 31.1 18.4 24.4 52.7 44.9 2.67
+ Evidence Input 44.3 29.4 36.8 62.2 50.7 2.34

EDIT5-Small 41.2 27.3 35.3 62.4 44.9 1.71
EDIT5-Base 47.0 32.1 39.7 62.2 54.9 2.28
EDIT5-Large 46.3 32.4 39.6 67.2 53.1 1.54
EDIT5-3B 47.4 34.0 41.1 69.9 52.5 1.58

∗Entity recall is not 100% for the Copy Source + All Evidence baseline due to
lexical variation in entity mentions.

(a)

Grounded Updates 50
Additional Content 15
Missing Content 22

Ungrounded Updates 35
Number/Date 21
Distorted Evidence 11
Hallucination 14

No Updates 14

(b)

Table 4: (a) Model Results on Gold Evaluation Data. EDIT5 outperforms T5 models in all metrics. (b) Error
Analysis for EDIT5-3B. We find that the model makes correct, grounded updates on 50% of the inspected articles.
For incorrect updates, ungrounded numbers/dates are one of the main sources of error.

et al., 2016; Wiseman et al., 2017) that separates
table entries using row and column delimiters.

4.2 T5

T5 (Raffel et al., 2020) is a pretrained sequence-to-
sequence (Sutskever et al., 2014) model based on
the transformer architecture (Vaswani et al., 2017).
Similar to the previous section we experiment with
two variants:
• T5: Only includes the source article in its input,
• T5 + Evidence Inputs: Includes both the source

article and evidence in the input.
Tabular inputs are linearized using the same ap-
proach described in the previous section. Exper-
iments are performed using the JAX-based T5X
library.4 Hyperparameters and additional training
details are described in Appendix B.

4.3 EDIT5

Lastly, we introduce EDIT5, which improves upon
the T5-based approach described in the previous
section through the usage of a compressed output
format that removes the need to write the entire up-
date from scratch and encourages content planning.
The output is modified in two ways:

First, as the majority of text in the target article
is copied from the source, we replace any copied
sentence with a single copy token identifying the
sentence, e.g., if the second sentence is copied it
is replaced by the token [2]. Similar to a copy
mechanism (See et al., 2017), this allows the model
to dedicate less capacity to repeating sequences
from the input. As the resulting output resembles

4https://github.com/google-research/t5x

(2) Tom Krister Kristensson (born
30 April 1991) is a Swedish rally
driver, who drives in the Junior World
Championship. [1] [2] (1) In the 2019
season of JWRC, Tom finished second
behind Jan Solans. (2) The next season
he went on to become the 2020 Junior
World Rally champion.

Figure 3: EDIT5 Output Format. Instead of generat-
ing the fully updated text, EDIT5 generates sequences
of edited sentences, copy tokens (e.g., [2], which
means copy the second sentence), and reference tokens
(e.g., (1), which means the following sentence should
use the first piece of evidence).

that produced by the diff data comparison utility,
we refer to this as a diff-formatted output.

Second, before each update we insert a sequence
of reference tokens identifying the pieces of evi-
dence that support the update, e.g., if the first and
third piece of evidence in E t→t′ support an update
then the update is prefaced by (1)(3). This ap-
proach, inspired by the use of entity chains for sum-
marization (Narayan et al., 2021), trains the model
to plan which references to use before generating
an update. These reference tokens are removed
from the output text of the model prior to comput-
ing the evaluation metrics.

An example of the EDIT5 output format is pro-
vided in Figure 3, and a comparison to the T5 out-
put format is provided in Appendix D. Training
details and hyperparameters match the setup de-
scribed in Section 4.2.
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5 Results and Analysis

Baseline results on the gold evaluation data are pro-
vided in Table 4a, and ablation results are provided
in Appendix A. In general, we find that the copy
baselines perform worse than T5 and T5 performs
worse than EDIT5. Notably, the copy source base-
line rightfully scores zero on all metrics, while we
will later find that it obtains a high ROUGE score.

Although our models are trained on silver data,
they still obtain good performance on the gold eval-
uation set. This shows the high quality of our silver
data collection pipeline, and T5’s ability to gener-
ate reasonable updates based on the evidence.

For the T5 baselines, we find that adding evi-
dence to the input results significant increase in all
metrics, demonstrating that using the evidence is
crucial to obtaining good performance.

EDIT5 obtains additional 3-5% absolute in-
crease in all performance metrics compared to T5,
establishing EDIT5 as a strong baseline for future
systems to be compared against. The reduction of
unsupported entity tokens implies that EDIT5 hal-
lucinates less frequently than T5 models. Results
are provided for different model sizes to illustrate
how performance scales with parameter counts.

Example Output An example EDIT5 output is
provided in Figure 4, and additional outputs in
Appendix E. The examples illustrate important fea-
tures of the task. In Figure 4 the goal is to update
the Wikipedia article for Holli Sullivan to reflect
her new role of Secretary of State of Indiana. In
the reference, this information is reflected in an
updated version of the first sentence as well as in a
newly added last sentence. An additional sentence
is added after the first sentence paraphrasing the
introduction of the source article, which describes
Sullivan’s previous position as a member of the
Indiana House of Representatives.

In the EDIT5 output for this example, informa-
tion is only added at the end of the article. While
the model correctly states that Sullivan was ap-
pointed to be Secretary of State by Governor Eric
Holcomb, as well as includes additional context
surrounding Sullivan’s appointment that is para-
phrased from the evidence, there are some issues
with the output. First, because the first sentence of
the article is not updated there is conflicting infor-
mation about Sullivan’s current position. Second,
the added sentence hallucinates that Sullivan was
appointed in January 2020 when she was actually

ROUGE

1 2 L

Copy Source 78.1 69.3 75.0
T5-Large 57.0 44.2 49.5
EDIT5-Large 78.6 69.1 72.7

Table 5: ROUGE Scores Are Insensitive to Edits.

appointed in March 2021, a fact that directly ap-
pears in the evidence.

Categorizing Errors To better understand the
types of errors made by EDIT5, we review a
random sample of 100 of its predictions on the
gold evaluation data and categorize them as either:
grounded updates, meaning all generated claims
are supported, ungrounded updates, meaning at
least one unsupported claim appears in the output,
or no updates, meaning the model did not predict
any updates. For grounded updates we additionally
keep track of how many updates include additional
content not present in the ground truth update, or
are missing content that appears in the ground truth
update. For ungrounded updates we track whether
an incorrect number/date appears in the update, the
model distorted evidence, i.e., paraphrased or com-
bined claims in the evidence in a way that changed
their meaning, or hallucinated new claims unre-
lated to the evidence.

The results of this analysis are presented in Ta-
ble 4b. We find that EDIT5 makes no mistakes on
half of the examples, however a substantial portion
of these updates had some issue with content selec-
tion. Of the incorrect updates, the most common
mistake was incorrect numbers and dates, followed
by hallucinations, and finally distorted evidence.
This suggests that improving numeracy could be a
fruitful line of study in future work on this task.

ROUGE is Problematic We provide ROUGE F-
scores for each of the baseline models on the gold
evaluation data in Table 5. In contrast to the pre-
vious results, we find that the simple copy source
baseline attains a strong score of 77.4 despite mak-
ing no updates. This is better than the T5 baseline
results and comparable to the EDIT5 results. This
illustrates the importance of evaluating on updates
rather than the whole text.

Silver Data is Useful for Evaluation The re-
sults in Section 3.3 demonstrate high agreement
between the silver and gold evaluation data which
begs the question: can silver data be used in place
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Holli Sullivan is an American politician who serves in the Indiana House of Representatives as a member of the Republican 
Party. In 2014 the district 78 seat for state Representative was vacated by Suzanne Crouch, who had been appointed state 
Auditor.  …Text omitted to save space…  In 2017, she co-authored House Bill 1002, which provided for a long term plan for 
sustaining roads and bridges in Indiana including a phase-in shift of all gas tax to be dedicated to a dedicated infrastructure 
fund. That same session she authored a bill which created a strategic plan to reduce cervical cancer.

Original Article

New Information

Ground Truth
Holli Sullivan is an American politician who is the 62nd and current secretary of state of Indiana since March 2021. As a 
member of the Republican Party, she previously represented the 78th district in the Indiana House of Representatives from 
2014 to 2021. …Copied text… In 2021, Holli was named the 62nd Secretary of State of Indiana by Governor Eric Holcomb.

EDIT5
Copied text... In January 2020 Representative Sullivan was appointed by Governor Eric Holcomb to serve out the term of 
former Secretary of State Connie Lawson, who announced in February 2021 that she planned on resigning from office.

Secretary of State of Indiana
List of Secretaries of State

Secretary of State of Indiana
Introduction
The current office holder is Holli Sullivan, who was appointed by 
Governor Eric Holcomb to serve out the term of former Secretary of 
State Connie Lawson, who announced in February 2021 that she 
planned on resigning from office. 

# Name Took Office Left Office

62 Holli Sullivan March 16, 2021 -

Figure 4: Example EDIT5 Output vs Ground Truth. Color coding indicates alignment between the new in-
formation and the edits. EDIT5 updates the original article by paraphrasing sentences from the textual evidence,
however misses relevant information in the table, and generates an incorrect date.

UpdateROUGE Entity Unsup.

1 2 L Prec. Rec. tokens

100.0 100.0 94.3 75.4 92.8 92.8

Table 6: Spearman Rank Correlation Between Gold
and Silver Performance Metrics.

of gold data for evaluation? To answer this, we
measure the Spearman rank correlation between
the gold baseline results in Table 4a and silver base-
line results (provided in Table A2 of the Appendix
to save space). Rank correlations for each of the
metrics are shown in Table 6. Overall we find
high rank correlation for each of the metrics, which
suggests silver evaluation performance is a reli-
able indicator of gold performance. Thus, models
whose pretraining data overlaps FRUIT-WIKI may
be evaluated and compared on data produced by
running our pipeline on future Wikipedia snapshots
without requiring further human evaluation.

Controllability The improvement we obtained
from EDIT5 over T5 implies that more controls can
be added into the model. In this section we inves-
tigate whether additional control provided by the
users can improve the overall generations. We fol-
low Keskar et al. (2019) and Narayan et al. (2021),
and provide more detailed instruction by adding
control codes, i.e., special tokens, to the input that

UpdateROUGE Entity Unsup.

1 2 L Prec. Rec. Tokens

EDIT5 46.3 32.4 39.6 67.2 53.1 1.54
Control 57.6 42.1 50.2 70.5 64.5 2.42

Table 7: Controllability. Using control codes that indi-
cate which sentences to delete, add or edit, and which
evidence to use, can greatly improve generation.

instruct the model whether to add, copy, edit or
remove a sentence, as well as which evidence to
use when making an addition or edit. We use the
target text to provide oracle labels for the control
code, and see if the EDIT5 can take advantage
of the codes. Example inputs and predictions are
provided in Figure A6 of the Appendix.

Results on the gold evaluation data are provided
in Table 7. Including oracle control codes in the
input produces a substantial 10% absolute improve-
ment in all metrics besides unsupported tokens.
This demonstrates that increased user control has
the potential to produce updates that more closely
resemble the desired output.

6 Related Work

Early work on writing assistants largely focuses on
grammar error correction; for a survey see Wang
et al. (2020). Neural models have expanded the
capabilities of writing assistants to solve a wider
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variety of tasks including: autocompletion (Chen
et al., 2019), and following rhetorical directives
such as paraphrasing, elaborating, etc. (Sun et al.,
2021). In this work, we seek to expand these ca-
pabilities further to producing grounded updates,
which has been previously studied by Kang et al.
(2019), however only for post-modifier generation.

As our primary focus is on writing grounded up-
dates to Wikipedia articles, our work is closely re-
lated to existing works on Wikipedia article gener-
ation, which generally uses one of two approaches:
data-to-text generation (Lebret et al., 2016; Bao
et al., 2018; Parikh et al., 2020; Chen et al., 2021;
Cheng et al., 2020), or multi-document summariza-
tion (Banerjee and Mitra, 2016; Liu et al., 2018;
Shi et al., 2021). In particular, the hyperlink-based
approach for associating evidence to articles is di-
rectly inspired by these works, and our annotation
procedure for removing unsupported text directly
draws from Parikh et al. (2020).

Determining which facts contradict claims in
the existing article is a central topic of work
on fact extraction and verification (Thorne et al.,
2018). Recently, Schuster et al. (2021) introduced
the VITAMIN-C dataset of factual revisions to
Wikipedia articles and the task of factually con-
sistent generation. This work differs from FRUIT
in that it only focuses on sentences and does not
require adding new facts or content selection.

Our work is also related to the TAC 2008 Update
Summarization Task (Dang and Owczarzak, 2008),
which involves summarizing information about a
topic that does not overlap with an existing sum-
mary, instead of updating an existing summary to
reflect new information.

7 Conclusion and Future Work

In this work we introduced FRUIT, a novel text gen-
eration task where the goal is to update an article to
reflect new information about its subject. To enable
research on this task, we formulated a pipeline for
extracting weakly supervised training and evalua-
tion data from pairs of Wikipedia snapshots, and
collected data for the years 2019-2020 and 2020-
2021, as well as human annotated gold evaluation
data. We additionally provided results for several
strong baselines, that demonstrate both the feasi-
bility of this task, as well as strong correlation be-
tween gold and distantly supervised data evaluation
performance that establishes the trustworthiness of
future data produced using our pipeline.

This work lays the foundation for future research
into making faithful updates to entries in textual
knowledge bases. One limitation of this work is
that the metrics we use to evaluate faithfulness are
all entity-centric, and thus may overstate the perfor-
mance of models whose edits include the correct
entities but misspecify the relations between them
or other facets of the evidence. Accordingly, one
promising direction for future work on this task
is to develop more robust metrics for measuring
faithfulness.

An additional promising direction for future
work is to consider open settings of evidence col-
lection, where other forms of updated information
such as excerpts from news articles could be used
to justify edits in place of updates to other entries
in the same knowledge base. Relatedly, we also
recommend studying this task in streaming settings,
where updates arrive in sequential fashion, in addi-
tion to the batch setting considered in this work.

Finally, there are a number of promising direc-
tions for improving model performance on this task.
In particular, copy mechanisms (See et al., 2017)
have been widely used in data-to-text tasks (Wise-
man et al., 2017), and may help mitigate issues such
as the mistranscribed dates we saw in Section 5.
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Appendix

A Ablation Study

We perform an ablation study to measure the im-
pact of the modifications made to the target output
of EDIT5. The results are provided in Table A1
We observe that both the diff format and including
reference tokens have a positive impact on the eval-
uation metrics, with reference tokens having the
larger impact.

UpdateROUGE Entity Unsupp.

1 2 L Prec. Rec. Tokens

EDIT5 46.3 32.4 39.6 67.2 53.1 1.54
- Diff 45.5 31.7 39.1 66.8 50.8 1.66
- Ref. 45.1 31.6 38.8 66.3 50.7 1.89

Table A1: EDIT5 Ablations.

B Model Training Details

Optimizer: AdaFactor (Shazeer and Stern, 2018),
Batch Size: 128, Learning Rate: 1e-3, Dropout
Rate: 0.1, Training Iterations: 30,000. Training
performed on a cluster of 16 2nd generation TPUs
for <3B param models, and 32 TPUS for 3B pa-
rameter models.

C Silver Baseline Results

UpdateROUGE Target Entity Evid.

1 2 L P R Acc

T5-Large 26.8 15.9 22.3 56.3 29.8 2.33
+ Evid. 39.2 27.3 34.2 66.9 42.4 1.63

EDIT5
Small 37.8 24.9 32.6 61.4 41.2 1.53
Base 42.8 28.7 36.4 60.5 49.2 2.32
Large 42.7 29.9 37.2 66.1 47.5 1.47
3B 43.8 31.5 38.6 68.4 48.6 1.53

Table A2: Baseline Results on Silver Evaluation
Data.
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D Input and Output Formats

(2) [0] Elizabeth Lynne Cheney (; born July 28, 1966) is an American attorney
and politician serving as the U.S. Representative for since 2017. [1] Cheney is
the House Republican Conference Chair, the third-highest position in GOP House
leadership. [2] She is the third woman elected to that position after Deborah
Pryce and Cathy McMorris Rodgers. [3] Cheney is the elder daughter of former
Vice President Dick Cheney and Lynne Cheney. [4] She held several positions in
the U.S. State Department during the George W. Bush administration. [5] She has
been politically active on behalf of the Republican Party and is a co-founder
of Keep America Safe, a nonprofit organization concerned with national security
issues. [6] She was a candidate for the 2014 election to the United States Senate
in Wyoming, challenging the three-term incumbent Mike Enzi, before withdrawing
from the race. [7] In the House of Representatives, she holds the seat that was
held by her father from 1979 to 1989. [8] She is known for her hawkish foreign
policy views. [CONTEXT] (0) Andy Biggs U.S. House of Representatives - Tenure -
2021 storming of the United States Capitol On January 12, 2021, Biggs called on
fellow GOP Representative Liz Cheney (R-WY) to resign from her leadership position
within the Republican Caucus, after she voted in favor of Donald Trump’s second
impeachment. (1) 116th United States Congress Leadership - House of Representatives
- Minority (Republican) leadership * House Minority Leader and Chair of the House
Republican Steering Committee: Kevin McCarthy * House Minority Whip: Steve Scalise
* Chair of the House Republican Conference: Liz Cheney * Vice Chair of the House
Republican Conference: Mark Walker * Secretary of the House Republican Conference:
Jason Smith * Chair of the House Republican Policy Committee: Gary Palmer * Chair
of the National Republican Congressional Committee: Tom Emmer * House Republican
Chief Deputy Whip: Drew Ferguson (2) A Call for American Renewal INTRODUCTION The
manifesto was released one day after the ousting of Representative Liz Cheney as
chair of the House Republican Conference, and was largely seen as a reaction against
the influence of Trumpism within the Republican Party. (3) List of nicknames used
by Donald Trump Domestic political figures - Table-0-11 [HEADER] [COL] Nickname
[COL] Personal name [COL] Notes [ROW] id="The Warmonger" [COL] The Warmonger [COL]
Liz Cheney [COL] U.S. representative for Wyoming’s at-large congressional district;
Chair of the House Republican Conference (4) Conscience vote Practice in various
countries - United States Similarly, when House Republican leadership decided
not to whip votes against the second impeachment of Donald Trump, Liz Cheney--the
third-highest-ranking Republican--referred to the matter as a "vote of conscience".

Figure A1: Input Format.

3682



(2) Elizabeth Lynne Cheney ( ; born July 28, 1966) is an American attorney and
politician who has served as the U.S. Representative for since 2017. She was
the Chair of the House Republican Conference, the third-highest position in the
House Republican leadership. She is the third woman elected to that position
after Deborah Pryce and Cathy McMorris Rodgers. She held several positions in
the U.S. State Department during the George W. Bush administration, notably as
Deputy Assistant Secretary of State for Near Eastern Affairs and Coordinator for
Broader Middle East and North Africa Initiatives. She promoted regime change in
Iran while chairing the Iran Syria Policy and Operations Group with Elliott Abrams.
In 2009 Cheney and Bill Kristol founded Keep America Safe, a nonprofit organization
concerned with national security issues that advocated the positions of the former
Bush administration. She was a candidate for the 2014 election to the U.S. Senate
in Wyoming, challenging three-term incumbent Mike Enzi, before withdrawing from the
race. In the House of Representatives, she holds the seat her father held for a
decade, representing Wyoming from 1979 to 1989. Cheney is a neoconservative. She
later supported the second impeachment of Donald Trump for his role in the 2021
storming of the U.S. Capitol.

Figure A2: T5 Output Format.

(2) [0] [1] [2] [3] [4] [5] [6] In the House of Representatives, she holds the
seat that was held by her father from 1979 to 1989. (6) She is known for her
neoconservative foreign policy views, and her affiliation with the Trump campaign.
(0) (1) (2) (3) (4) Cheney is under fire for her role in the second impeachment of
Donald Trump in January 2021.

Figure A3: EDIT5 Output Format.
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E More Qualitative Examples

Mike McMeeken (born 10 May 1994) is an English rugby league footballer who plays as a forward for the Castleford Tigers in 
the Super League. McMeeken has also represented England at international level, playing in two games at the 2017 World 
Cup. He started his career in the Super League with the London Broncos, also playing on loan in League 1 at the London 
Skolars before joining the Tigers.

Original Article

New Information

Ground Truth
Mike McMeeken (born 10 May 1994) is an English rugby league footballer who plays as a forward for the Catalans Dragons in 
the Super League…Copied text...He joined Catalans Dragons in December 2020, ahead of the 2021 season.

EDIT5
Mike McMeeken (born 10 May 1994) is an English rugby league footballer who plays as a forward for the Catalans Dragons in 
the Super League…Copied text…

Castleford Tigers 2021
Transfers - Losses

Player Club Contract Date

Mike 
McMeeken

Catalans 
Dragons

2 Year December 
2020

Catalans Dragons 2021
Transfers - Gains

Player Club Contract Date

Mike 
McMeeken

Castleford 
Tigers

3 Year June 2020

Figure A4: Example 1.

Isidore Mankofsky (born September 22, 1931, in New York City, New York) is an American cinematographer. He shot more 
than 200 educational movies for Encyclopaedia Britannica.

Original Article

New Information

Ground Truth
Isidore Mankofsky (September 22, 1931 – March 11, 2021) was an American cinematographer, best known for his work on 
films such as ''The Muppet Movie'' (1979) and ''The Jazz Singer'' (1980)...Copied text…He died at his home in Los Angeles, 
California in March 2021 at the age of 89.

EDIT5
Isidore Mankofsky (September 22, 1931 – March 11, 2021) was an American cinematographer…Copied text…, and worked on 
''The Muppet Movie'', ''Somewhere in Time'', and ''The Jazz Singer''.

The Parent Trap (franchise)
Additional crew and production details 

2021 Deaths in the United States
Isidore Mankofsky, cinematographer (''The Muppet Movie'', 
''Somewhere in Time'', ''The Jazz Singer'')
Deaths in March 2021
11 - Isidore Mankofsky, 89, American cinematographer (''The 
Muppet Movie'', ''Somewhere in Time'', ''The Jazz Singer'')

Film Crew / Detail

Parent 
Trap III

Joel McNeely, Isidore Mankofsky, Howard Kunin & Duane 
Hartzell

(4) The_Parent_Trap_(franchise) Additional 
crew and production details - Table-0-3 
[HEADER] [COL] Film [COL] Crew/Detail 
[ROW] [COL] ''Parent Trap III'' [COL] Joel 
McNeely [COL] Isidore Mankofsky [COL] 
Howard Kunin & Duane Hartzell [COL] Buena 
Vista Television, Disney-ABC Domestic 
Television, National Broadcasting Company 
[COL] 85 minutes

Figure A5: Example 2.
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[0] ''Shuggie Bain'' is the debut novel by Scottish-American writer Douglas Stuart, published in 2020. [EDIT] [1]  It tells the 
story of the youngest of the three children, Shuggie, growing up with his alcoholic mother, Agnes in the 1980s, in Thatcher-era 
Glasgow, Scotland. [EDIT] [2] (0) The novel won the 2020 Booker Prize. [EDIT] [3] (1) It was also a finalist for the 2020 
National Book Award for Fiction. 

Original Article

New Information

Ground Truth
…Copied text… It tells the story of the youngest of the three children, Shuggie, growing up with his alcoholic mother, Agnes, in 
the 1980s, in a working-class Glasgow, Scotland. The novel was awarded the 2020 Booker Prize, making Stuart the second 
Scottish winner of the prize in its history, following James Kelman. ''Shuggie Bain'' was also a finalist for the 2020 National 
Book Award for Fiction and a finalist for the 2020 John Leonard Prize for Best First Book from the National Book Critics Circle.
EDIT5 - Controllable

Copied text... It tells the story of the youngest of three children, Shuggie, growing up with his alcoholic mother, Agnes, in 
[DELETED] thatcher-era Glasgow, Scotland. The novel won the 2020 Booker Prize, and was a finalist for the 2020 National 
Book Award for Fiction and the 2021 John Leonard Prize. It was also a finalist for the 2020 National Book Critics Circle Award.

James Kelman
Critical reception
In his essay "The Importance of Glasgow in My Work", he compares 
the presentation of working-class and Scottish characters with those 
of the traditional "upper-class" English protagonist: In 2020, Douglas 
Stuart on becoming the second Scottish writer to be awarded the 
Booker Prize, for his novel ''Shuggie Bain'', said that his life was 
changed by Kelman's win with ''How Late It Was, How Late'': "It is 
such a bold book, the prose and stream of consciousness is really 
inventive.

National Book Critics Circle Award
Finalists
2020 - John Leonard Prize
Kerri Arsenault, ''Mill Town: Reckoning with What Remains'' (St. 
Martin’s), Karla Cornejo Villavicencio, ''The Undocumented Americans'' 
(One World), Raven Leilani, ''Luster'' (Farrar, Straus and Giroux), Megha 
Majumdar, ''A Burning'' (Knopf), Douglas Stuart, ''Shuggie Bain'' (Grove), 
Brandon Taylor, ''Real Life'' (Riverhead), C Pam Zhang, ''How Much of 
These Hills Is Gold'' (Riverhead)

Figure A6: Using Control Codes.
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s
i
o
n
a
l
 
f
o
o
t
b
a
l
l
e
r
 
w
h
o
 
p
l
a
y
s
 

a
s
 
a
 
f
o
r
w
a
r
d
 
f
o
r
 
C
h
a
m
p
i
o
n
s
h
i
p
 
c
l
u
b
 
B
o
u
r
n
e
m
o
u
t
h
 
a
n
d
 
t
h
e
 
N
o
r
w
a
y
 
n
a
t
i
o
n
a
l
 
t
e
a
m
.

[
1
]
 
K
i
n
g
 
w
a
s
 
s
i
g
n
e
d
 
b
y
 
M
a
n
c
h
e
s
t
e
r
 
U
n
i
t
e
d
 
f
r
o
m
 
V
å
l
e
r
e
n
g
a
 
i
n
 
2
0
0
8
.

[
2
]
 
A
f
t
e
r
 
l
o
a
n
 
s
p
e
l
l
s
 
w
i
t
h
 
P
r
e
s
t
o
n
 
N
o
r
t
h
 
E
n
d
,
 
B
o
r
u
s
s
i
a
 
M
ö
n
c
h
e
n
g
l
a
d
b
a
c
h
,
 
H
u
l
l
 
C
i
t
y
 
a
n
d
 
B
l
a
c
k
b
u
r
n
 
R
o
v
e
r
s
,
 

h
e
 
s
i
g
n
e
d
 
p
e
r
m
a
n
e
n
t
l
y
 
w
i
t
h
 
B
l
a
c
k
b
u
r
n
 
i
n
 
J
a
n
u
a
r
y
 
2
0
1
3
,
 
b
e
f
o
r
e
 
s
w
i
t
c
h
i
n
g
 
t
o
 
B
o
u
r
n
e
m
o
u
t
h
 
i
n
 
M
a
y
 
2
0
1
5
.

[
3
]
 
A
f
t
e
r
 
r
e
p
r
e
s
e
n
t
i
n
g
 
N
o
r
w
a
y
 
a
t
 
u
n
d
e
r
-
1
5
,
 
u
n
d
e
r
-
1
6
,
 
u
n
d
e
r
-
1
8
,
 
u
n
d
e
r
-
1
9
 
a
n
d
 
u
n
d
e
r
-
2
1
 
l
e
v
e
l
s
,
 
K
i
n
g
 
m
a
d
e
 

h
i
s
 
s
e
n
i
o
r
 
i
n
t
e
r
n
a
t
i
o
n
a
l
 
d
e
b
u
t
 
a
g
a
i
n
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t
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c
e
l
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n
d
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2
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1
2
,
 
a
n
d
 
s
c
o
r
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d
 
h
i
s
 
f
i
r
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t
 
i
n
t
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r
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n
a
l
 
g
o
a
l
 
a
g
a
i
n
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t
 

C
y
p
r
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s
 
l
a
t
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h
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y
e
a
r
.
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0
)
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1
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A
F
C
_
B
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r
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u
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h
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a
s
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n
 
T
r
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n
s
f
e
r
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-
 
T
r
a
n
s
f
e
r
s
 
o
u
t
 
-
 
T
a
b
l
e
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0
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2
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D
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t
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P
o
s
i
t
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|
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t
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n
a
l
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a
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e
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.
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-
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-
-
-
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-
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-
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2
 
F
e
b
r
u
a
r
y
 
2
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2
1
 
|
 
S
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|
 
J
o
s
h
u
a
 
K
i
n
g
 
|
 
E
v
e
r
t
o
n
 
|
 
N
o
m
i
n
a
l
 
f
e
e
 
|
 
 
 
 
 
 
|

(
1
)
 
2
0
2
0
–
2
1
_
E
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e
r
t
o
n
_
F
.
C
.
_
s
e
a
s
o
n
 
T
r
a
n
s
f
e
r
s
 
-
 
T
r
a
n
s
f
e
r
s
 
i
n
 
-
 
T
a
b
l
e
-
0
-
6

|
 
D
a
t
e
 
 
 
 
 
 
 
 
 
 
 
 
|
 
P
o
s
i
t
i
o
n
 
|
 
N
a
t
i
o
n
a
l
i
t
y
 
|
 
N
a
m
e
 
 
 
 
 
 
 
 
|
 
F
r
o
m
 
 
 
 
 
 
 
 
|
 
F
e
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|
 
T
e
a
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|
 
R
e
f
.
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-
-
-
-
-
-
-
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-
-
-
-
-
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-
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-
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-
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|
 
1
 
F
e
b
r
u
a
r
y
 
2
0
2
1
 
|
 
F
W
 
 
 
 
 
 
 
|
 
 
 
 
 
 
 
 
 
 
 
 
 
|
 
J
o
s
h
u
a
 
K
i
n
g
 
|
 
B
o
u
r
n
e
m
o
u
t
h
 
|
 
N
o
m
i
n
a
l
 
|
 
F
i
r
s
t
 
t
e
a
m
 
|
 
 
 
 
 
 
|

(
2
)
 
G
u
l
l
b
a
l
l
e
n
 
W
i
n
n
e
r
s
 
-
 
2
0
1
4
–
2
0
1
7
 
-
 
T
a
b
l
e
-
0
-
3

|
 
Y
e
a
r
 
|
 
W
i
n
n
e
r
 
 
 
 
 
 
|
 
C
l
u
b
(
s
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|

|
-
-
-
-
-
-
|
-
-
-
-
-
-
-
-
-
-
-
-
-
|
-
-
-
-
-
-
-
-
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|
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0
1
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|
 
J
o
s
h
u
a
 
K
i
n
g
 
|
 
B
o
u
r
n
e
m
o
u
t
h
 
|

(
3
)
 
2
0
2
0
–
2
1
_
C
r
a
w
l
e
y
_
T
o
w
n
_
F
.
C
.
_
s
e
a
s
o
n
 
R
e
v
i
e
w
 
-
 
J
a
n
u
a
r
y
 
N
i
c
h
o
l
s
 
e
q
u
a
l
i
s
e
d
 
f
r
o
m
 
c
l
o
s
e
 
r
a
n
g
e
 
i
n
 
t
h
e
 
5
9
t
h
 

m
i
n
u
t
e
 
b
e
f
o
r
e
 
J
o
s
h
 
K
i
n
g
 
s
c
o
r
e
d
 
B
o
u
r
n
e
m
o
u
t
h
'
s
 
w
i
n
n
e
r
.

(
4
)
 
2
0
2
0
–
2
1
_
M
a
n
c
h
e
s
t
e
r
_
U
n
i
t
e
d
_
F
.
C
.
_
s
e
a
s
o
n
 
P
r
e
m
i
e
r
 
L
e
a
g
u
e
 
M
c
T
o
m
i
n
a
y
 
r
e
s
t
o
r
e
d
 
t
h
e
 
l
e
a
d
 
o
n
l
y
 
f
o
r
 
D
o
m
i
n
i
c
 

C
a
l
v
e
r
t
-
L
e
w
i
n
 
t
o
 
e
q
u
a
l
i
s
e
 
a
g
a
i
n
 
i
n
 
t
h
e
 
f
i
n
a
l
 
m
i
n
u
t
e
 
o
f
 
s
t
o
p
p
a
g
e
 
t
i
m
e
 
f
o
l
l
o
w
i
n
g
 
T
u
a
n
z
e
b
e
'
s
 
f
o
u
l
 
o
n
 

E
v
e
r
t
o
n
 
s
u
b
s
t
i
t
u
t
e
 
a
n
d
 
f
e
l
l
o
w
 
U
n
i
t
e
d
 
A
c
a
d
e
m
y
 
g
r
a
d
u
a
t
e
 
J
o
s
h
u
a
 
K
i
n
g
.

(
5
)
 
O
s
l
o
 
N
o
t
a
b
l
e
 
r
e
s
i
d
e
n
t
s
 
-
 
S
p
o
r
t

[
S
o
n
j
a
 
H
e
n
i
e
 
(
1
9
1
2
–
1
9
6
9
)
 
t
h
r
e
e
-
t
i
m
e
 
O
l
y
m
p
i
c
 
c
h
a
m
p
i
o
n
 
f
i
g
u
r
e
 
s
k
a
t
e
r
 
a
n
d
 
a
c
t
r
e
s
s
,
 
K
n
u
t
 
J
o
h
a
n
n
e
s
e
n
 
(
b
o
r
n
 

1
9
3
3
)
 
t
w
i
c
e
 
O
l
y
m
p
i
c
 
C
h
a
m
p
i
o
n
 
s
p
e
e
d
 
s
k
a
t
e
r
,
 
G
r
e
t
e
 
W
a
i
t
z
 
(
1
9
5
3
–
2
0
1
1
)
 
m
a
r
a
t
h
o
n
 
r
u
n
n
e
r
,
 
s
i
l
v
e
r
 
m
e
d
a
l
l
i
s
t
 
a
t
 

t
h
e
 
1
9
8
4
 
O
l
y
m
p
i
c
 
G
a
m
e
s
,
 
J
ø
r
n
 
G
o
l
d
s
t
e
i
n
 
(
b
o
r
n
 
1
9
5
3
)
 
O
l
y
m
p
i
c
 
i
c
e
 
h
o
c
k
e
y
 
g
o
a
l
i
e
,
 
E
s
p
e
n
 
B
r
e
d
e
s
e
n
 
(
b
o
r
n
 

1
9
6
8
)
 
s
k
i
 
j
u
m
p
e
r
,
 
g
o
l
d
 
a
n
d
 
s
i
l
v
e
r
 
m
e
d
a
l
s
 
a
t
 
t
h
e
 
1
9
9
4
 
W
i
n
t
e
r
 
O
l
y
m
p
i
c
s
,
 
K
j
e
t
i
l
 
A
n
d
r
é
 
A
a
m
o
d
t
 
(
b
o
r
n
 
1
9
7
1
)
 

a
l
p
i
n
e
 
s
k
i
e
r
 
w
i
t
h
 
e
i
g
h
t
 
O
l
y
m
p
i
c
 
m
e
d
a
l
s
,
 
E
s
p
e
n
 
K
n
u
t
s
e
n
 
(
b
o
r
n
 
1
9
7
2
)
,
 
f
o
r
m
e
r
 
p
r
o
f
e
s
s
i
o
n
a
l
 
i
c
e
 
h
o
c
k
e
y
 

p
l
a
y
e
r
,
 
S
u
z
a
n
n
 
P
e
t
t
e
r
s
e
n
 
(
b
o
r
n
 
1
9
8
1
)
 
a
 
r
e
t
i
r
e
d
 
p
r
o
f
e
s
s
i
o
n
a
l
 
g
o
l
f
e
r
,
 
p
l
a
y
e
d
 
o
n
 
t
h
e
 
L
P
G
A
 
T
o
u
r
,
 
M
a
t
s
 

Z
u
c
c
a
r
e
l
l
o
 
(
b
o
r
n
 
1
9
8
7
)
 
p
r
o
f
e
s
s
i
o
n
a
l
 
i
c
e
 
h
o
c
k
e
y
 
p
l
a
y
e
r
 
i
n
 
t
h
e
 
N
a
t
i
o
n
a
l
 
H
o
c
k
e
y
 
L
e
a
g
u
e
,
 
J
o
s
h
u
a
 
K
i
n
g
 
(
b
o
r
n
 

1
9
9
2
)
 
f
o
o
t
b
a
l
l
e
r
,
 
1
7
2
 
c
a
p
s
 
f
o
r
 
A
F
C
 
B
o
u
r
n
e
m
o
u
t
h
 
a
n
d
 
5
1
 
f
o
r
 
N
o
r
w
a
y
]
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)
 
2
0
2
0
–
2
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A
_
C
u
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T
o
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s
c
o
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e
r
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T
a
b
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0
-
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R
a
n
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y
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C
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n
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o
u
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n
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O

N
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H
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(
0
)

(
1
)
 
J
o
s
h
u
a
 
C
h
r
i
s
t
i
a
n
 
K
o
j
o
 
K
i
n
g
 
(
b
o
r
n
 
1
5
 
J
a
n
u
a
r
y
 
1
9
9
2
)
 
i
s
 
a
 
N
o
r
w
e
g
i
a
n
 
p
r
o
f
e
s
s
i
o
n
a
l
 
f
o
o
t
b
a
l
l
e
r
 
w
h
o
 
p
l
a
y
s
 

a
s
 
a
 
f
o
r
w
a
r
d
 
f
o
r
 
P
r
e
m
i
e
r
 
L
e
a
g
u
e
 
c
l
u
b
 
E
v
e
r
t
o
n
 
a
n
d
 
t
h
e
 
N
o
r
w
a
y
 
n
a
t
i
o
n
a
l
 
t
e
a
m
.

[
1
]
 
K
i
n
g
 
w
a
s
 
s
i
g
n
e
d
 
b
y
 
M
a
n
c
h
e
s
t
e
r
 
U
n
i
t
e
d
 
f
r
o
m
 
V
å
l
e
r
e
n
g
a
 
i
n
 
2
0
0
8
.

[
2
]
 
A
f
t
e
r
 
l
o
a
n
 
s
p
e
l
l
s
 
w
i
t
h
 
P
r
e
s
t
o
n
 
N
o
r
t
h
 
E
n
d
,
 
B
o
r
u
s
s
i
a
 
M
ö
n
c
h
e
n
g
l
a
d
b
a
c
h
,
 
H
u
l
l
 
C
i
t
y
 
a
n
d
 
B
l
a
c
k
b
u
r
n
 
R
o
v
e
r
s
,
 

h
e
 
s
i
g
n
e
d
 
p
e
r
m
a
n
e
n
t
l
y
 
w
i
t
h
 
B
l
a
c
k
b
u
r
n
 
i
n
 
J
a
n
u
a
r
y
 
2
0
1
3
,
 
b
e
f
o
r
e
 
s
w
i
t
c
h
i
n
g
 
t
o
 
B
o
u
r
n
e
m
o
u
t
h
 
i
n
 
M
a
y
 
2
0
1
5
.

(
0
)

(
1
)
 
I
n
 
F
e
b
r
u
a
r
y
 
2
0
2
1
,
 
i
n
 
a
 
d
e
a
d
l
i
n
e
 
d
a
y
 
d
e
a
l
,
 
h
e
 
r
e
t
u
r
n
e
d
 
t
o
 
t
h
e
 
t
o
p
 
f
l
i
g
h
t
 
w
i
t
h
 
a
 
m
o
v
e
 
t
o
 
E
v
e
r
t
o
n
.

[
3
]
 
A
f
t
e
r
 
r
e
p
r
e
s
e
n
t
i
n
g
 
N
o
r
w
a
y
 
a
t
 
u
n
d
e
r
-
1
5
,
 
u
n
d
e
r
-
1
6
,
 
u
n
d
e
r
-
1
8
,
 
u
n
d
e
r
-
1
9
 
a
n
d
 
u
n
d
e
r
-
2
1
 
l
e
v
e
l
s
,
 
K
i
n
g
 
m
a
d
e
 

h
i
s
 
s
e
n
i
o
r
 
i
n
t
e
r
n
a
t
i
o
n
a
l
 
d
e
b
u
t
 
a
g
a
i
n
s
t
 
I
c
e
l
a
n
d
 
i
n
 
2
0
1
2
,
 
a
n
d
 
s
c
o
r
e
d
 
h
i
s
 
f
i
r
s
t
 
i
n
t
e
r
n
a
t
i
o
n
a
l
 
g
o
a
l
 
a
g
a
i
n
s
t
 

C
y
p
r
u
s
 
l
a
t
e
r
 
t
h
a
t
 
y
e
a
r
.

(
0
)

(
1
)
 
J
o
s
h
u
a
 
C
h
r
i
s
t
i
a
n
 
K
o
j
o
 
K
i
n
g
 
(
b
o
r
n
 
1
5
 
J
a
n
u
a
r
y
 
1
9
9
2
)
 
i
s
 
a
 
N
o
r
w
e
g
i
a
n
 
p
r
o
f
e
s
s
i
o
n
a
l
 
f
o
o
t
b
a
l
l
e
r
 
w
h
o
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l
a
y
s
 

a
s
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f
o
r
w
a
r
d
 
f
o
r
 
P
r
e
m
i
e
r
 
L
e
a
g
u
e
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l
u
b
 
E
v
e
r
t
o
n
 
a
n
d
 
t
h
e
 
N
o
r
w
a
y
 
n
a
t
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o
n
a
l
 
t
e
a
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]
 
K
i
n
g
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s
 
s
i
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a
n
c
h
e
s
t
e
r
 
U
n
i
t
e
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f
r
o
m
 
V
å
l
e
r
e
n
g
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n
 
2
0
0
8
.

[
2
]
 
A
f
t
e
r
 
l
o
a
n
 
s
p
e
l
l
s
 
w
i
t
h
 
P
r
e
s
t
o
n
 
N
o
r
t
h
 
E
n
d
,
 
B
o
r
u
s
s
i
a
 
M
ö
n
c
h
e
n
g
l
a
d
b
a
c
h
,
 
H
u
l
l
 
C
i
t
y
 
a
n
d
 
B
l
a
c
k
b
u
r
n
 
R
o
v
e
r
s
,
 

h
e
 
s
i
g
n
e
d
 
p
e
r
m
a
n
e
n
t
l
y
 
w
i
t
h
 
B
l
a
c
k
b
u
r
n
 
i
n
 
J
a
n
u
a
r
y
 
2
0
1
3
,
 
b
e
f
o
r
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s
w
i
t
c
h
i
n
g
 
t
o
 
B
o
u
r
n
e
m
o
u
t
h
 
i
n
 
M
a
y
 
2
0
1
5
.
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r
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0
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1
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e
t
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r
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e
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E
v
e
r
t
o
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.

[
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]
 
A
f
t
e
r
 
r
e
p
r
e
s
e
n
t
i
n
g
 
N
o
r
w
a
y
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t
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n
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r
-
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5
,
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n
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e
r
-
1
6
,
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n
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e
r
-
1
8
,
 
u
n
d
e
r
-
1
9
 
a
n
d
 
u
n
d
e
r
-
2
1
 
l
e
v
e
l
s
,
 
K
i
n
g
 
m
a
d
e
 

h
i
s
 
s
e
n
i
o
r
 
i
n
t
e
r
n
a
t
i
o
n
a
l
 
d
e
b
u
t
 
a
g
a
i
n
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t
 
I
c
e
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2
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1
2
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Abstract

Research on (multi-domain) task-oriented di-
alog (TOD) has predominantly focused on
the English language, primarily due to the
shortage of robust TOD datasets in other lan-
guages, preventing the systematic investiga-
tion of cross-lingual transfer for this crucial
NLP application area. In this work, we intro-
duce MULTI2WOZ, a new multilingual multi-
domain TOD dataset, derived from the well-
established English dataset MULTIWOZ, that
spans four typologically diverse languages:
Chinese, German, Arabic, and Russian. In con-
trast to concurrent efforts (Ding et al., 2021;
Zuo et al., 2021), MULTI2WOZ contains gold-
standard dialogs in target languages that are
directly comparable with development and test
portions of the English dataset, enabling reli-
able and comparative estimates of cross-lingual
transfer performance for TOD. We then intro-
duce a new framework for multilingual conver-
sational specialization of pretrained language
models (PrLMs) that aims to facilitate cross-
lingual transfer for arbitrary downstream TOD
tasks. Using such conversational PrLMs spe-
cialized for concrete target languages, we sys-
tematically benchmark a number of zero-shot
and few-shot cross-lingual transfer approaches
on two standard TOD tasks: Dialog State Track-
ing and Response Retrieval. Our experiments
show that, in most setups, the best performance
entails the combination of (i) conversational
specialization in the target language and (ii)
few-shot transfer for the concrete TOD task.
Most importantly, we show that our conversa-
tional specialization in the target language al-
lows for an exceptionally sample-efficient few-
shot transfer for downstream TOD tasks.

1 Introduction

Task-oriented dialog (TOD) is arguably one of the
most popular natural language processing (NLP)
application areas (Yan et al., 2017; Henderson et al.,

2019, inter alia), with more importance recently
given to more realistic, and thus, multi-domain con-
versations (Budzianowski et al., 2018; Ramadan
et al., 2018), in which users may handle more than
one task during the conversation, e.g., booking a
taxi and making a reservation at a restaurant. Un-
like many other NLP tasks (e.g., Hu et al., 2020;
Liang et al., 2020; Ponti et al., 2020, inter alia), the
progress towards multilingual multi-domain TOD
has been hindered by the lack of sufficiently large
and high-quality datasets in languages other than
English (Budzianowski et al., 2018; Zang et al.,
2020) and more recently, Chinese (Zhu et al., 2020).
This lack can be attributed to the fact that creating
TOD datasets for new languages from scratch or
via translation of English datasets is significantly
more expensive and time-consuming than for most
other NLP tasks. However, the absence of multi-
lingual datasets that are comparable (i.e., aligned)
across languages prevents a reliable estimate of ef-
fectiveness of cross-lingual transfer techniques in
multi-domain TOD (Razumovskaia et al., 2021).

In order to address these research gaps, in this
work we introduce MULTI2WOZ, a reliable and
large multilingual evaluation benchmark for multi-
domain task-oriented dialog, derived by trans-
lating the monolingual English-only MultiWOZ
data (Budzianowski et al., 2018; Eric et al., 2020) to
four linguistically diverse major world languages,
each with a different script: Arabic (AR), Chinese
(ZH), German (DE), and Russian (RU).

Compared to the products of concurrent efforts
that derive multilingual datasets from English Mul-
tiWOZ (Ding et al., 2021; Zuo et al., 2021), our
MULTI2WOZ is: (1) much larger – we translate
all dialogs from development and test portions of
the English MultiWOZ (in total 2,000 dialogs con-
taining the total of 29.5K utterances); (2) much
more reliable – complete dialogs, i.e., utterances
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as well as slot-values, have been manually trans-
lated (without resorting to error-prone heuristics),
and the quality of translations has been validated
through quality control steps; and (3) parallel – the
same set of dialogs has been translated to all tar-
get languages, enabling the direct comparison of
the performance of multilingual models and cross-
lingual transfer approaches across languages.

We then use MULTI2WOZ to benchmark a
range of state-of-the-art zero-shot and few-shot
methods for cross-lingual transfer in two stan-
dard TOD tasks: Dialog State Tracking (DST)
and Response Retrieval (RR). As the second main
contribution of our work, we propose a general
framework for improving performance and sample-
efficiency of cross-lingual transfer for TOD tasks.
We first leverage the parallel conversational Open-
Subtitles corpus (Lison and Tiedemann, 2016) to
carry out a conversational specialization of a PrLM
for a given target language, irrespective of the
downstream TOD task of interest. We then show
that this intermediate conversational specialization
in the target language (i) consistently improves
the DST and RR performance in both zero-shot
and few-shot transfer, and (ii) drastically improves
sample-efficiency of few-shot transfer.

2 Multi2WOZ

In this section we describe the construction of the
MULTI2WOZ dataset, providing also details on
inter-translator reliability. We then discuss two
concurrent efforts in creating multilingual TOD
datasets from MultiWOZ and their properties, and
emphasize the aspects that make our MULTI2WOZ
a more reliable and useful benchmark for evaluat-
ing cross-lingual transfer for TOD.

2.1 Dataset Creation

Language Selection. We translate all 2,000 di-
alogs from the development and test portions of the
English MultiWOZ 2.1 (Eric et al., 2020) dataset
to Arabic (AR), Chinese (ZH), German (DE), and
Russian (RU). We selected the target languages
based on the following criteria: (1) linguistic diver-
sity (DE and RU belong to different Indo-European
subfamilies – Germanic and Slavic, respectively;
ZH is a Sino-Tibetan language and AR Semitic),
(2) diversity of scripts (DE and RU use Latin and
Cyrillic scripts, respectively, both alphabet scripts;
AR script represents the Abjad script type, whereas
the ZH Hanzi script belongs to logographic scripts),

(3) number of native speakers (all four are in the
top 20 most-spoken world languages), and (4) our
access to native and fluent speakers of those lan-
guages who are proficient in English.

Two-Step Translation. Following the well-
established practice, we carried out a two-phase
translation of the English data: (1) we started with
an automatic translation of the dialogs – utterances
as well as the annotated slot values – followed
by (2) the manual post-editing of the translations.
We first automatically translated all utterances and
slot values from the development and test dialogs
from the MultiWOZ 2.1 (Eric et al., 2020) (1,000
dialogs in each portion; 14,748 and 14,744 utter-
ances, respectively) to our four target languages,
using Google Translate.1 We then hired two native
speakers of each target language,2 all with a Univer-
sity degree and fluent in English, to post-edit the
(non-overlapping sets of) automatic translations,
i.e., fix the errors in automatic translations of utter-
ances as well as slot values.

Since we carried out the automatic translation
of the utterances independently of the automatic
translation of the slot values, the translators were
instructed to pay special attention to the alignment
between each translated utterance and translations
of slot value annotations for that utterance. We
show an example utterance with associated slot
values after the automatic translation and manual
post-editing in Table 1.

Quality Control. In order to reduce the transla-
tion costs, our human post-editors worked on dis-
joint sets of dialogs. Because of this, our annotation
process contained an additional quality assurance
step. Two new annotators for each target language
judged the correctness of the translations on the
random sample of 200 dialogs (10% of all trans-
lated dialogs, 100 from the development and test
portion each), containing 2,962 utterances in total.
The annotators had to independently answer the
following questions for each translated utterance
from the sample: (1) Is the utterance translation
acceptable? and (2) Do the translated slot val-
ues match the translated utterance? On average,
across all target languages, both quality annotators

1Relying on its Python API: https://pypi.org/
project/googletrans

2In order to reduce the translation costs, we initially at-
tempted to post-edit the translations via crowdsourcing. We
tried this for Russian using the popular platform Toloka
(toloka.yandex.com); however, the translation quality
remained unsatisfactory even after several post-editing rounds.
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Utterance Value for “attraction-name”

Original No hold off on booking for now. cineworld cinemaCan you help me find an attraction called cineworld cinema?
Automatic Trans. 目前暂无预订。您能帮我找到一个名为cineworld Cinema的景点吗？ Cineworld电影
Manual Correc. 目前暂无预订。您能帮我找到一个名为电影世界电影院的景点吗？ 电影世界电影院

Table 1: Example utterance (from the dialog MUL0484) with a value for a slot (“attraction-name”). We show the
original English text, the automatic translation to Chinese and the final translation after manual post-editing.

for the respective language answered affirmatively
to both questions for 99% of all utterances. Ad-
justing for chance agreement, we measured the
Inter-Annotator Agreement (IAA) in terms of Co-
hen’s κ (Cohen, 1960), observing the almost per-
fect agreement3 of κ = 0.824 for the development
set and κ = 0.838 for test set.

Annotation Duration and Cost. In total, we
hired 16 annotators, four for each of our four target
languages: two for post-editing and two for qual-
ity assessment. The overall effort spanned almost
full 5 months (from July to November 2021), and
amounted to 1,083 person-hours. With the remu-
neration rate of 16 $/h, creating MULTI2WOZ cost
us $17,328.

2.2 Comparison with Concurrent Work

Two concurrent works also derive multilingual
datasets from MultiWOZ (Ding et al., 2021; Zuo
et al., 2021), with different strategies and proper-
ties, discussed in what follows.

GlobalWOZ (Ding et al., 2021) encompasses
Chinese, Indonesian, and Spanish datasets. The
authors first create templates from dialog ut-
terances by replacing slot-value strings in the
utterances with the slot type and value index
(e.g., “. . . and the post code is cb238el” be-
comes the template “. . . and the post code is
[attraction-postcode-1]”. They then
automatically translate all templates to the target
languages. Next, they select a subset of 500 test set
dialogs for human post-editing with the following
heuristic: dialogs for which the sum of corpus-level
frequencies of their constitutive 4-grams (normal-
ized with the dialog length) is the largest.4 Since
this selection step is independent for each language,
each GlobalWOZ portion contains translations of

3According to Landis and Koch (1977), if κ ≥ 0.81.
4Interestingly, the authors do not provide any motivation

or intuition for this heuristic. It is also worth noting that they
count the 4-gram frequencies, upon which the selection of
the dialogs for post-editing depends, on the noisy automatic
translations.

a different subset of English dialogs: this prevents
any direct comparison of downstream TOD perfor-
mance across languages. Even more problemati-
cally, the selection heuristic directly reduces lin-
guistic diversity of dialogs chosen for the test set of
each language, as it favors the dialogs that contain
the same globally most frequent 4-grams. Due to
this artificial homogeneity of its test sets, Global-
WOZ is very likely to overestimate downstream
TOD performance for target languages.

Unlike GlobalWOZ, AllWOZ (Zuo et al., 2021)
does automatic translation of a fixed small subset
of MultiWOZ plus post-editing in seven target lan-
guages. However, it encompasses only 100 dialogs
and 1,476 turns; as such, it is arguably too small
to draw strong conclusions about the performance
of cross-lingual transfer methods. Its usefulness
in joint domain and language transfer evaluations
is especially doubtful, since it covers individual
MultiWOZ domains with an extremely small num-
ber of dialogs (e.g., only 13 for the Taxi domain).
Finally, neither Ding et al. (2021) nor Zuo et al.
(2021) provide any estimates of the quality of their
final datasets nor do they report their annotation
costs.

In contrast to GlobalWOZ, MULTI2WOZ is a
parallel corpus – with the exact same set of dialogs
translated to all four target languages; as such it
directly enables performance comparisons across
the target languages. Further, containing transla-
tions of all dev and test dialogs from MultiWOZ
(i.e., avoiding sampling heuristics), MULTI2WOZ
does not introduce any confounding factors that
would distort estimates of cross-lingual transfer
performance in downstream TOD tasks. Finally,
MULTI2WOZ is 20 times larger (per language)
than AllWOZ: experiments on MULTI2WOZ are
thus much more likely to yield conclusive findings.

3 Cross-lingual Transfer for TOD

The parallel nature and sufficient size of
MULTI2WOZ allow us to benchmark and compare
a number of established and novel cross-lingual
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transfer methods for TOD. In particular, (1) we first
inject general conversational TOD knowledge into
XLM-RoBERTa (XLM-R; Conneau et al., 2020),
yielding TOD-XLMR (§3.1); (2) we then propose
several variants for conversational specialization of
TOD-XLMR for target languages, better suited for
transfer in downstream TOD tasks (§3.2); (3) we
investigate zero-shot and few-shot transfer for two
TOD tasks: DST and RR (§3.3).

3.1 TOD-XLMR: A Multilingual TOD Model
Recently, Wu et al. (2020) demonstrated that spe-
cializing BERT (Devlin et al., 2019) on conversa-
tional data by means of additional pretraining via a
combination of masked language modeling (MLM)
and response selection (RS) objectives yields im-
provements in downstream TOD tasks. Following
these findings, we first (propose to) conversation-
ally specialize XLM-R (Conneau et al., 2020), a
state-of-the-art multilingual PrLM covering 100
languages, in the same manner: applying the RS
and MLM objectives on the same English conver-
sational corpus consisting of nine human-human
multi-turn TOD datasets (see Wu et al. (2020) for
more details). As a result, we obtain TOD-XLMR –
a massively multilingual PrLM specialized for task-
oriented conversations. Note that TOD-XLMR is
not yet specialized (i.e., fine-tuned) for any con-
crete TOD task (e.g., DST or Response Generation).
Rather, it is enriched with general task-oriented
conversational knowledge (in English), presumed
to be beneficial for a wide variety of TOD tasks.

3.2 Target-Language Specialization
TOD-XLMR has been conversationally specialized
only in English data. We next hypothesize that a
further conversational specialization for a concrete
target language X can improve the transfer EN→X
for all downstream TOD tasks. Accordingly, simi-
lar to Moghe et al. (2021), we investigate several
intermediate training procedures that further con-
versationally specialize TOD-XLMR for the target
language X (or jointly for EN and X). For this
purpose, we (i) compile target-language-specific
as well as cross-lingual corpora from the CCNet
(Wenzek et al., 2020) and OpenSubtitles (Lison and
Tiedemann, 2016) datasets and (ii) experiment with
different monolingual, bilingual, and cross-lingual
training procedures. Here, we propose a novel
cross-lingual response selection (RS) objective and
demonstrate its effectiveness in cross-lingual trans-
fer for downstream TOD tasks.

Training Corpora. We collect two types of data
for language specialization: (i) “flat” corpora (i.e.,
without any conversational structure): we simply
randomly sample 100K sentences for each lan-
guage from the respective monolingual portion of
CCNet (we denote with Mono-CC the individual
100K-sentence portions of each language; with Bi-
CC the concatenation of the English and each of
target language Mono-CCs, and with Multi-CC the
concatenation of all five Mono-CC portions); (ii)
parallel dialogs (in EN and target language X) from
OpenSubtitles (OS), a parallel conversational cor-
pus spanning 60 languages, compiled from sub-
titles of movies and TV series. We leverage the
parallel OS dialogs to create two different cross-
lingual specialization objectives, as described next.

Training Objectives. We directly use the CC por-
tions (Mono-CC, Bi-CC, and Multi-CC) for stan-
dard MLM training. We then leverage the parallel
OS dialogs for two training objectives. First, we
carry out translation language modeling (TLM)
(Conneau and Lample, 2019) on the synthetic di-
alogs which we obtain by interleaving K randomly
selected English utterances with their respective tar-
get language translations; we then (as with MLM),
dynamically mask 15% of tokens of such inter-
leaved dialogs; we vary the size of the context the
model can see when predicting missing tokens by
randomly selecting K (between 2 and 15) for each
instance. Second, we use OS to create instances
for both monolingual and cross-lingual Response
Selection (RS) training. RS is a simple binary
classification task in which for a given pair of a
context (one or more consecutive utterances) and
response (a single utterance), the model has to pre-
dict whether the response utterance immediately
follows the context (i.e., it is a true response) or not
(i.e., it is a false response). RS pretraining has been
proven beneficial for downstream TOD in monolin-
gual English setups (Mehri et al., 2019; Henderson
et al., 2019, 2020; Hung et al., 2022).

In this work, we leverage the parallel OS data to
introduce the cross-lingual RS objective, where the
context and the response utterance are not in the
same language. In our experiments, we carry out
both (i) monolingual RS training in the target lan-
guage (i.e., both the context and response utterance
are, e.g., in Chinese), denoted RS-Mono, and (ii)
cross-lingual RS between English (as the source
language in downstream TOD tasks) and the target
language, denoted RS-X. We create hard RS neg-
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EN Subtitle ZH Subtitle

- Professor Hall. - Yes. - I think your theory may be correct. - Walk with me.
Just a few weeks ago, I monitored the strongest hurricane on record.
The hail, the tornados, it all fits.
Can your model factor in storm scenarios?

-霍尔教授 -是的 -我认为你的理论正确 -跟我来
上周我观测到史上最大的飓风
雹暴和龙卷风也符合你的理论
你能预测暴风雨的形成吗？

Translation LM (TLM) - Professor Hall. - Yes. - I think your theory may be [MASK]. - Walk with...-霍尔教授 -是的 -我认为你的[MASK]正确...

Response Selection (RS)
Context:
上周我观测到史上最大的飓风
雹暴和龙卷风也符合你的理论

Monolingual (RS-Mono)
True Response:
你能预测暴风雨的形成吗？
False Response:
你有彼得的电脑断层扫描吗？

Cross-lingual (RS-X)
True Response:
Can your model factor in storm scenarios?
False Response:
Do you have Peter’s CT scan results?

Table 2: Examples of training instances for conversational specialization for the target language created from
OpenSubtitles (OS). Top row: an example of a dialog created from OS, parallel in English and Chinese. Below are
training examples for different training objectives: (1) Translation Language Modelling (TLM) on the interleaved
English-Chinese parallel utterances; (2) two variants of Response Selection (RS) – (a) monolingual in the target
language (RS-Mono) and (b) cross-lingual (RS-X).

atives, by coupling contexts with non-immediate
responses from the same movie or episode (same
imdbID), as well as easy negatives by randomly
sampling m ∈ {1, 2, 3} responses from a different
movie of series episode (i.e., different imdbID).
Hard negatives encourage the model to reason be-
yond simple lexical cues. Examples of training
instances for OS-based training (for EN-ZH) are
shown in Table 2.

3.3 Downstream Cross-lingual Transfer
Finally, we fine-tune the various variants of TOD-
XLMR, obtained through the above-described spe-
cialization (i.e., intermediate training) procedures,
for two downstream TOD tasks (DST and RR)
and examine their cross-lingual transfer perfor-
mance. We cover two cross-lingual transfer sce-
narios: (1) zero-shot transfer in which we only
fine-tune the models on the English training por-
tion of MultiWOZ and evaluate their performance
on the MULTI2WOZ test data of our four target
languages; and (2) few-shot transfer in which we
sequentially first fine-tune the models on the En-
glish training data and then on the small number of
dialogs from the development set of MULTI2WOZ,
in similar vein to (Lauscher et al., 2020). In order
to determine the effect of our conversational target
language specialization (§3.2) on the downstream
sample efficiency, we run few-shot experiments
with different numbers of target language training
dialogs, ranging from 1% to 100% of the size of
MULTI2WOZ development portions.

4 Experimental Setup

Evaluation Tasks and Measures. We evaluate
different multilingual conversational PrLMs in
cross-lingual transfer (zero-shot and few-shot) for

two prominent TOD tasks: dialog state tracking
(DST) and response retrieval (RR).

DST is commonly cast as a multi-class classifi-
cation task, where given a predefined ontology and
dialog history (a sequence of utterances), the model
has to predict the output state, i.e., (domain, slot,
value) tuples (Wu et al., 2020).5 We adopt the stan-
dard joint goal accuracy as the evaluation measure:
at each dialog turn, it compares the predicted dialog
states against the manually annotated ground truth
which contains slot values for all the (domain, slot)
candidate pairs. A prediction is considered correct
if and only if all predicted slot values exactly match
the ground truth.

RR is a ranking task that is well-aligned with
the RS objective and relevant for retrieval-based
TOD systems (Wu et al., 2017; Henderson et al.,
2019): given the dialog context, the model ranksN
dataset utterances, including the true response to
the context (i.e., the candidate set includes the one
true response and N -1 false responses). We follow
Henderson et al. (2020) and report the results for
N = 100, i.e., the evaluation measure is recall at
the top 1 rank given 99 randomly sampled false
responses, denoted as R100@1.

Models and Baselines. We briefly summarize
the models that we compare in zero-shot and few-
shot cross-lingual transfer for DST and RR. As
baselines, we report the performance of the vanilla
multilingual PrLM XLM-R (Conneau et al., 2020)6

and its variant further trained on the English TOD
data from (Wu et al., 2020): TOD-XLMR (§3.1).
Comparison between XLM-R and TOD-XLMR

5The model is required to predict slot values for each
(domain, slot) pair at each dialog turn.

6We use xlm-roberta-base from HuggingFace.
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quantifies the effect of conversational English pre-
training on downstream TOD performance, much
like the comparison between BERT and TOD-
BERT done by Wu et al. (2020); however, here
we extend the comparison to cross-lingual transfer
setups. We then compare the baselines against a
series of our target language-specialized variants,
obtained via intermediate training on CC (Mono-
CC, Bi-CC, and Multi-CC) by means of MLM, and
on OS jointly via TLM and RS (RS-X or RS-Mono)
objectives (see §3.2 again).

Hyperparameters and Optimization. For train-
ing TOD-XLMR (§3.1), we select the effective
batch size of 8. In target-language-specific inter-
mediate training (§3.2), we fix the maximum se-
quence length to 256 subword tokens; for RS ob-
jectives, we limit the context and response to 128
tokens each. We train for 30 epochs in batches of
size 16 for MLM/TLM, and 32 for RS. We search
for the optimal learning rate among the follow-
ing values: {10−4, 10−5, 10−6}. We apply early
stopping based on development set performance
(patience: 3 epochs for MLM/TLM, 10 epochs for
RS). In downstream fine-tuning, we train in batches
of 6 (DST) and 24 instances (RR) with the initial
learning rate fixed to 5 · 10−5. We also apply early
stopping (patience: 10 epochs) based on the devel-
opment set performance, training maximally for
300 epochs in zero-shot setups, and for 15 epochs
in target-language few-shot training. In all exper-
iments, we use Adam (Kingma and Ba, 2015) as
the optimization algorithm.

5 Results and Discussion

We now present and discuss the downstream cross-
lingual transfer results on MULTI2WOZ for DST
and RR in two different transfer setups: zero-shot
transfer and few-shot transfer.

5.1 Zero-Shot Transfer
Dialog State Tracking. Table 3 summarizes zero-
shot cross-lingual transfer performance for DST.
First, we note that the transfer performance of all
models for all four target languages is extremely
low, drastically lower than the reference English
DST performance of TOD-XLMR, which stands
at 47.9%. These massive performance drops, stem-
ming from cross-lingual transfer are in line with
findings from concurrent work (Ding et al., 2021;
Zuo et al., 2021) and suggest that reliable cross-
lingual transfer for DST is much more difficult to

Model DE AR ZH RU Avg.

w/o intermediate specialization

XLM-R 1.41 1.15 1.35 1.40 1.33
TOD-XLMR 1.74 1.53 1.75 2.16 1.80

with conversational target-lang. specialization

MLM on Mono-CC 3.57 2.71 3.34 5.17 3.70
Bi-CC 3.66 2.17 2.73 3.73 3.07
Multi-CC 3.65 2.35 2.06 5.39 3.36

TLM on OS 7.80 2.43 3.95 6.03 5.05
TLM + RS-X on OS 7.84 3.12 4.14 6.13 5.31
TLM + RS-Mono on OS 7.67 2.85 4.47 6.57 5.39

Table 3: Performance of multilingual conversational
models in zero-shot cross-lingual transfer for Dialog
State Tracking (DST) on MULTI2WOZ, with joint goal
accuracy (%) as the evaluation metric. Reference En-
glish DST performance of TOD-XLMR: 47.86%.

achieve than for most other language understanding
tasks (Hu et al., 2020; Ponti et al., 2020).

Despite low performance across the board, we do
note a few emerging and consistent patterns. First,
TOD-XLMR slightly but consistently outperforms
the vanilla XLM-R, indicating that conversational
English pretraining brings marginal gains. All of
our proposed models from §3.2 (the lower part
of Table 3) substantially outperform TOD-XLMR,
proving that intermediate conversational specializa-
tion for the target language brings gains, irrespec-
tive of the training objective.

Expectedly, TLM and RS training on parallel OS
data brings substantially larger gains than MLM-
ing on flat monolingual target-language corpora
(Mono-CC) or simple concatenations of corpora
from two (Bi-CC) or more languages (Multi-CC).
German and Arabic seem to benefit slightly more
from the cross-lingual Response Selection train-
ing (RS-X), whereas for Chinese and Russian we
obtain better results with the monolingual (target
language) RS training (RS-Mono).

Response Retrieval. The results of zero-shot
transfer for RR are summarized in Table 4. Com-
pared to DST results, for the sake of brevity, we
show the performance of only the stronger baseline
(TOD-XLMR) and the best-performing variants
with intermediate conversational target-language
training (one for each objective type): MLM on
Mono-CC, TLM on OS, and TLM + RS-Mono on
OS. Similar to DST, TOD-XLMR exhibits a near-
zero cross-lingual transfer performance for RR as
well, across all target languages. In sharp contrast
to DST results, however, conversational specializa-
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Model DE AR ZH RU Avg.

w/o intermediate specialization

TOD-XLMR 3.3 2.9 1.9 2.7 2.7

with conversational target-lang. specialization

MLM on Mono-CC 22.9 25.5 24.5 33.4 26.6
TLM on OS 44.4 30.3 34.1 39.3 37.0
TLM + RS-Mono on OS 44.3 30.9 34.8 39.6 37.4

Table 4: Performance of multilingual conversational
models in zero-shot cross-lingual transfer for Response
Retrieval (RR) on MULTI2WOZ with R100@1 (%) as
the evaluation metric. Reference English RR perfor-
mance of TOD-XLMR: 64.75%

tion for the target language – with any of the three
specialization objectives – massively improves the
zero-shot cross-lingual transfer for RR. The gains
are especially large for the models that employ the
parallel OpenSubtitles corpus in intermediate spe-
cialization, with the monolingual (target language)
Response Selection objective slightly improving
over TLM training alone.

Given the parallel nature of MULTI2WOZ, we
can directly compare transfer performance of both
DST and RR across the four target languages. In
both tasks, the best-performing models exhibit
stronger performance (i.e., smaller performance
drops compared to the English performance) for
German and Russian than for Arabic and Chinese.
This aligns well with the linguistic proximity of the
target languages to English as the source language.

5.2 Few-Shot Transfer and Sample Efficiency
Next, we present the results of few-shot transfer
experiments, where we additionally fine-tune the
task-specific TOD model on a limited number of
target-language dialogs from the development por-
tion of MULTI2WOZ, after first fine-tuning it on
the complete English training set from MultiWOZ
(see §4). Few-shot cross-lingual transfer results,
averaged across all four target languages, are sum-
marized in Figure 1. The figure shows the per-
formance for different sizes of the target-language
training data (i.e., number of target-language shots,
that is, percentage of the target-language develop-
ment portion from MULTI2WOZ). Detailed per-
language few-shot results are given in Table 5, for
brevity only for TOD-XLMR and the best target-
language-specialized model (TLM+RS-Mono on
OS). We provide full per-language results for all
specialized models from Figure 1 in the Appendix.

The few-shot results unambiguously show that

the intermediate conversational specialization for
the target language(s) drastically improves the
target-language sample efficiency in the down-
stream few-shot transfer. The baseline TOD-
XLMR – not exposed to any type of conversational
pretraining for the target language(s) – exhibits sub-
stantially lower performance than all three models
(MLM on Mono-CC, TLM on OS, and TLM+RS-
Mono on OS) that underwent conversational in-
termediate training on respective target languages.
This is evident even in the few-shot setups where
the three models are fine-tuned on merely 1% (10
dialogs) or 5% (50 dialogs) of the MULTI2WOZ
development data (after prior fine-tuning on the
complete English task data from MultiWOZ).

As expected, the larger the number of task-
specific (DST or RR) training instances in the tar-
get languages (50% and 100% setups), the closer
the performance of the baseline TOD-XLMR gets
to the best-performing target-language-specialized
model – this is because the size of the in-language
training data for the concrete task (DST or RR) be-
comes sufficient to compensate for the lack of con-
versational target-language intermediate training
that the specialized models have been exposed to.
The sample efficiency of the conversational target-
language specialization is more pronounced for RR
than for DST. This seems to be in line with the zero-
shot transfer results (see Tables 3 and 4), where the
specialized models displayed much larger cross-
lingual transfer gains over TOD-XLMR on RR than
on DST. We hypothesize that this is due to the inter-
mediate specialization objectives (especially RS)
being better aligned with the task-specific training
objective of RR than that of DST.

6 Related Work

TOD Datasets. Research in task-oriented dialog
has been, for a long time, limited by the existence
of only monolingual English datasets. While ear-
lier datasets focused on a single domain (Hender-
son et al., 2014a,b; Wen et al., 2017), the focus
shifted towards the more realistic multi-domain
task-oriented dialogs with the creation of the Mul-
tiWOZ dataset (Budzianowski et al., 2018), which
has been refined and improved in several iterations
(Eric et al., 2020; Zang et al., 2020; Han et al.,
2021). Due to the particularly high costs of creat-
ing TOD datasets (in comparison with other lan-
guage understanding tasks) (Razumovskaia et al.,
2021), only a handful of monolingual TOD datasets
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Figure 1: Few-shot cross-lingual transfer results for Dialog State Tracking (left figure) and Response Retrieval
(right figure), averaged across all four target languages (detailed per-language results available in the Appendix).
Results shown for different sizes of the training data in the target-language (i.e., different number of shots): 1%, 5%,
10%, 50% and 100% of the MULTI2WOZ development sets (of respective target languages).

DST RR

Lang Model 1% 5% 10% 50% 100% 1% 5% 10% 50% 100%

DE TOD-XLMR 7.68 19.26 28.08 33.17 34.10 10.25 32.47 35.56 45.39 49.46
TLM+RS-Mono on OS 15.88 24.14 28.38 32.57 35.45 46.08 48.94 49.98 53.43 55.72

AR TOD-XLMR 1.48 1.57 6.18 15.62 17.63 6.36 18.72 23.57 36.04 42.69
TLM+RS-Mono on OS 4.42 6.79 8.27 14.39 21.48 33.45 37.09 38.01 41.89 47.15

ZH TOD-XLMR 8.63 12.55 16.40 23.45 25.49 15.69 31.10 33.22 41.97 48.14
TLM+RS-Mono on OS 11.63 14.90 17.97 22.81 28.84 38.45 43.71 45.27 48.50 51.81

RU TOD-XLMR 4.34 21.89 30.01 37.58 37.61 8.90 31.31 34.51 43.33 47.45
TLM+RS-Mono on OS 13.74 17.44 18.63 24.33 29.15 41.97 45.44 46.02 49.90 53.16

Table 5: Per-language few-shot transfer performance (sample efficiency results) on DST and RR for the baseline
TOD-XLMR and the best specialized model (TLM+RS-Mono on OS).

in languages other than English (Zhu et al., 2020)
or bilingual TOD datasets have been created (Gu-
nasekara et al., 2020; Lin et al., 2021). Mrkšić et al.
(2017b) were the first to translate 600 dialogs from
the single-domain WOZ 2.0 (Mrkšić et al., 2017a)
to Italian and German. Concurrent work (Ding
et al., 2021; Zuo et al., 2021), which we discuss
in detail in §2.2 and compare thoroughly against
our MULTI2WOZ, introduces the first multilingual
multi-domain TOD datasets, created by translating
portions of MultiWOZ to several languages.

Language Specialization and Cross-lingual
Transfer. Multilingual transformer-based models
(e.g., mBERT (Devlin et al., 2019), XLM-R (Con-
neau et al., 2020)) are pretrained on large general-
purpose and massively multilingual corpora (over
100 languages). While this makes them versatile
and widely applicable, it does lead to suboptimal
representations for individual languages, a phe-
nomenon commonly referred to as the “curse of
multilinguality” (Conneau et al., 2020). There-

fore, one line of research focused on adapting (i.e.,
specializing) those models to particular languages
(Lauscher et al., 2020; Pfeiffer et al., 2020). For
example, Pfeiffer et al. (2020) propose a more com-
putationally efficient approach for extending the
model capacity for individual languages: this is
done by augmenting the multilingual PrLM with
language-specific adapter modules. Glavaš et al.
(2020) perform language adaptation through ad-
ditional intermediate masked language modeling
in the target languages with filtered text corpora,
demonstrating substantial gains in downstream
zero-shot cross-lingual transfer for hate speech and
abusive language detection tasks. In a similar vein,
Moghe et al. (2021) carry out intermediate fine-
tuning of multilingual PrLMs on parallel conversa-
tional datasets and demonstrate its effectiveness in
zero-shot cross-lingual transfer for the DST task.

Lauscher et al. (2020) show that few-shot trans-
fer, in which one additionally fine-tunes the PrLM
on a few labeled task-specific target-language in-
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stances leads to large improvements for many task-
and-language combinations, and that labelling a
few target-language examples is more viable than
further LM-specialization for languages of interest
under strict zero-shot conditions. This finding is
also corroborated in our work for two TOD tasks.

7 Reproducibility

To ensure full reproducibility of our results and fur-
ther fuel research on multilingual TOD, we release
the parameters of TOD-XLMR within the Hugging-
face repository as the first publicly available mul-
tilingual PrLM specialized for TOD.7 We also re-
lease our code and data and provide the annotation
guidelines for manual post-editing and quality con-
trol utilized during the creation of MULTI2WOZ in
the Appendix. This makes our approach completely
transparent and fully reproducible. All resources
developed as part of this work are publicly available
at: https://github.com/umanlp/Multi2WOZ.

8 Conclusion

Task-oriented dialog (TOD) has predominantly fo-
cused on English, primarily due to the lack of
robust TOD datasets in other languages (Razu-
movskaia et al., 2021), preventing systematic inves-
tigations of cross-lingual transfer methodologies in
this crucial NLP application area. To address this
gap, in this work, we have presented MULTI2WOZ
– a robust multilingual multi-domain TOD dataset.
MULTI2WOZ encompasses gold-standard dialogs
in four languages (German, Arabic, Chinese, and
Russian) that are directly comparable with devel-
opment and test portions of the English MultiWOZ
dataset, thus allowing for the most reliable and
comparable estimates of cross-lingual transfer per-
formance for TOD to date. Further, we presented
a framework for multilingual conversational spe-
cialization of pretrained language models that facil-
itates cross-lingual transfer for downstream TOD
tasks. Our experiments on MULTI2WOZ for two
prominent TOD tasks – Dialog State Tracking and
Response Retrieval – reveal that the cross-lingual
transfer performance benefits from both (i) inter-
mediate conversational specialization for the target
language and (ii) few-shot cross-lingual transfer for
the concrete downstream TOD task. Crucially, we
show that our novel conversational specialization

7https://huggingface.co/umanlp/
TOD-XLMR

for the target language leads to exceptional sample
efficiency in downstream few-shot transfer.

In hope to steer and inspire future research
on multilingual and cross-lingual TOD, we make
MULTI2WOZ publicly available and will extend
the resource to further languages from yet uncov-
ered language families (e.g., Turkish).
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ConveRT: Efficient and accurate conversational repre-
sentations from transformers. In Findings of the Asso-
ciation for Computational Linguistics: EMNLP 2020,
pages 2161–2174, Online. Association for Computa-
tional Linguistics.

Matthew Henderson, Blaise Thomson, and Jason D.
Williams. 2014a. The second dialog state tracking
challenge. In Proceedings of the 15th Annual Meet-
ing of the Special Interest Group on Discourse and
Dialogue (SIGDIAL), pages 263–272, Philadelphia,
PA, U.S.A. Association for Computational Linguis-
tics.

Matthew Henderson, Blaise Thomson, and Jason D.
Williams. 2014b. The third dialog state tracking chal-
lenge. In 2014 IEEE Spoken Language Technology
Workshop (SLT), pages 324–329.

Matthew Henderson, Ivan Vulić, Daniela Gerz, Iñigo
Casanueva, Paweł Budzianowski, Sam Coope, Geor-
gios Spithourakis, Tsung-Hsien Wen, Nikola Mrkšić,
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A Annotation Guidelines: Post-editing of
the Translation

1 Task Description

Multi-domain Wizard-of-Oz dataset (Multi-
WOZ) (Budzianowski et al., 2018) is introduced
as a fully-labeled collection of human-to-human
written conversations spanning over multiple
domains and topics.

Our project aims to translate the monolingual
English-only MultiWOZ dataset to four linguisti-
cally diverse major world languages, each with a
different script: Arabic (AR), Chinese (ZH), Ger-
man (DE), and Russian (RU).

In this annotation task, we resort to the revised
version 2.1 (Eric et al., 2020) and focus on the
development and test portions of the English Mul-
tiWOZ 2.1 (in total of 2,000 dialogs containing a
total of 29.5K utterances). We first automatically
translate all the utterances and the annotated slot
values to the four target languages, using Google
Translate. Next the translated utterances and slot
values (i.e., fix the translation errors) will be post-
edited with manual efforts.

For this purpose, a JSON file for development or
test set will be provided to each annotator. There
are two tasks: (1) Fix the errors in automatic trans-
lations of translated utterances and the translated
slot values. (2) Check the alignment between each
translated utterance and the slot value annotations
for that utterance.

2 JSON Representation

The JSON file will be structured as follows, feel
free to use any JSON editor tools (e.g., JSON Edi-
tor Online) to annotate the files.

Annotation data

• dialogID: An unique ID for each dialog.

• turnID: The turn ID of the utterance in the
dialog.

• services: Domain(s) of the dialog.

• utterance: English utterance from Multi-
WOZ.

• SlotValues: English annotated slot values
from MultiWOZ.

• transUtterance: Translated utterance from
Google Translate.

• transSlotValues: Translated slot values from
Google Translate.

Annotation Task

• fixTransUtterance: The revised translated
utterance with manual efforts.

• fixTransSlotValues: The revised translated
slot values with manual efforts.

• changedUtterance: Whether the translated
utterance is changed. Annotate as 1 if the
translated utterance is revised, 0 otherwise.

• changedSlotValues: Whether the translated
slot values is changed. Annotate as 1 if the
translated slot values are revised, 0 otherwise.

3 Annotation Example

Example 1: Name Correction and Mismatch
The following example in Chinese shows the error
fixed with the translated name issue, and also the
correctness of the mismatch case between the
translated utterance and translated slot values.

dialogID: MUL0484.json
turnID: 6
services: train, attraction
utterance: No hold off on booking for now. Can
you help me find an attraction called cineworld
cinema?
slotValues: {attraction-name: cineworld cinema}
transUtterance: 目前暂无预订。您能帮我找
到一个名为cineworld Cinema的景点吗？
transSlotValues: {attraction-name: Cineworld电
影}

fixTransUtterance: 目前暂无预订。您能帮我
找到一个名为电影世界电影院的景点吗？
fixTransSlotValues: {attraction-name: 电影世
界电影院}
changedUtterance: 1
changedSlotValues: 1

Example 2: Grammatical Error
The following example in German shows
the error corrected based on the gram-
matical issue of the translated utterance.
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dialogID: PMUL1072.json
turnID: 6
services: train, attraction
utterance: I’m leaving from Cambridge.
slotValues: {train-departure: cambridge}
transUtterance: Ich verlasse Cambridge.
transSlotValues: {train-departure: cambridge}

fixTransUtterance: Ich fahre von Cambridge
aus.
fixTransSlotValues: {train-departure: cam-
bridge}
changedUtterance: 1
changedSlotValues: 0

4 Additional Notes

There might be some cases of synonyms. For ex-
ample, in Chinese周五 and星期五 both have the
same meaning as Friday in English, also similarly
in Russian regarding the weekdays. In this case,
just pick the most common one and stays consistent
among all the translated utterances and slot values.
Besides there might be some language variations
across different regions, please ignore the dialects
and metaphors while fixing the translation errors.

If there are any open questions that you think are
not covered in this guide, please do not hesitate to
get in touch with me or post the questions on Slack,
so these issues can be discussed together with other
annotators and the guide can be improved.
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B Annotation Guidelines: Quality
Control

1 Task Description

Multi-domain Wizard-of-Oz dataset (Multi-
WOZ) (Budzianowski et al., 2018) is introduced
as a fully-labeled collection of human-to-human
written conversations spanning over multiple
domains and topics. Our project is aimed to
translate the monolingual English-only MultiWOZ
dataset to four linguistically diverse major world
languages, each with a different script: Arabic
(AR), Chinese (ZH), German (DE), and Russian
(RU). In the previous annotation task, we resorted
to the revised version 2.1 (Eric et al., 2020) and
focused on the development and test portions of
the English MultiWOZ 2.1.

According to the translation process, it was pro-
cessed in two steps: we first automatically trans-
lated all the utterances and the annotated slot values
to the four target languages, using Google Trans-
late. Next the translated utterances and slot values
(i.e., fix the translation errors) were post-edited
with manual efforts from native speakers of each
language.

Additionally, a quality assurance step is required
to check the quality of the post-edited translation.
For this purpose, a JSON file for a random sample
200 dialogs (100 from the development and test set
each), containing 2,962 utterances in total will be
provided to two annotators for each target language
to judge the correctness of the translations. Each
annotator has to independently answer the follow-
ing questions for each translated utterance from
the sample: (1) Is the utterance translation accept-
able? (2) Do the translated slot values match the
translated utterance?

Annotation data

• dialogID: An unique ID for each dialog.

• turnID: The turn ID of the utterance in the
dialog.

• utterance: English utterance from Multi-
WOZ.

• SlotValues: English annotated slot values
from MultiWOZ.

• fixTransUtterance: The revised translated
utterance with manual efforts.

• fixTransSlotValues: The revised translated
slot values with manual efforts.

Annotation Task

• UtteranceAcceptable: Is the utterance trans-
lation acceptable? Annotate as 1 if the trans-
lated utterance is acceptable, 0 otherwise.

• SlotValuesMatchAcceptable: Do the trans-
lated slot values match the translated utter-
ance? Annotate as 1 if the translated slot val-
ues are acceptable, 0 otherwise.

• NOTE: Extra notes of judgement.

2 Annotation Example

Small grammatical errors, but still catch the mean-
ing will be considered acceptable. However, if the
whole meaning regarding the translation change, it
will then be considered as not acceptable.

Example 1: Ambiguity
The following example shows the ambiguity issues
regarding the translated utterance. In German, ta-
ble can be translated into Tabelle as a table form
or Tisch as a table for reservation. Regarding the
contextual information from the utterance, the cor-
rect translation should be Tisch instead of Tabelle
in this case. Therefore, the translated utterance will
be considered as not acceptable, and annotated as
0.

dialogID: PMUL2464.json
turnID: 9
utterance: Yes, Bedouin is a restaurant that
serves African food in the Centre. It is in the
expensive range. Would you like to book a table?
slotValues: {restaurant-name: bedouin}
fixTransUtterance: Ja, Beduine ist ein Restau-
rant, das afrikanisches Essen im Zentrum serviert.
Es liegt im teuren Bereich. Möchten Sie eine
Tabelle reservieren?
fixTransSlotValues: {restaurant-name: Beduine}

UtteranceAcceptable: 0
SlotValuesMatchAcceptable: 1

Example 2: Grammatical Error
The following example shows a slight grammatical
issue regarding the translated utterance. This is
mainly with the synonym case in Chinese, where
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the place can be translated into地方 or位置, while
位置 will be more appropriate in this scenario.
However, 地方 still keep the semantic meaning.
Therefore, the translated utterance will be consid-
ered as acceptable, and annotated as 1. And further
checking with the translated slot values, all are
correct, and should be annotated as 1.

dialogID: PMUL0400.json
turnID: 12
utterance: Please book the place for 7 people at
11:30 on the same day.
slotValues: {restaurant-people: 7, restaurant-
time: 11:30, restaurant-day: Monday}
fixTransUtterance: 请于当天11:30预订7人
的地方。
fixTransSlotValues: {restaurant-people: 7,
restaurant-time: 11:30, restaurant-day: 周一}

UtteranceAcceptable: 1
SlotValuesMatchAcceptable: 1

3 Additional Notes

Please ignore the slot values with “dontcare”, “not
mentioned” and “none”, while checking the transla-
tion quality. If there are any open questions that you
think are not covered in this guide, please do not
hesitate to get in touch with me or post the ques-
tions on Slack, so these issues can be discussed
together with other annotators and the guide can be
improved.
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C Additional Experiments

DST RR

Lang Model 1% 5% 10% 50% 100% 1% 5% 10% 50% 100%

DE

TOD-XLMR 7.68 19.26 28.08 33.17 34.10 10.25 32.47 35.56 45.39 49.46
MLM on Mono-CC 13.75 25.15 34.12 38.01 38.26 34.37 42.13 43.51 49.10 52.80
TLM on OS 14.17 19.45 21.62 27.28 29.91 47.21 48.59 48.96 53.01 55.30
TLM+RS-Mono on OS 15.88 24.14 28.38 32.57 35.45 46.08 48.94 49.98 53.43 55.72

AR

TOD-XLMR 1.48 1.57 6.18 15.62 17.63 6.36 18.72 23.57 36.04 42.69
MLM on Mono-CC 4.41 5.74 7.02 14.10 17.22 28.54 31.50 32.82 41.09 44.26
TLM on OS 4.18 6.33 6.89 13.60 17.77 32.19 35.04 37.02 41.39 47.04
TLM+RS-Mono on OS 4.42 6.79 8.27 14.39 21.48 33.45 37.09 38.01 41.89 47.15

ZH

TOD-XLMR 8.63 12.55 16.40 23.45 25.49 15.69 31.10 33.22 41.97 48.14
MLM on Mono-CC 11.64 19.73 25.46 34.93 35.61 34.40 37.65 39.65 48.01 50.97
TLM on OS 11.48 17.43 21.95 28.52 32.51 38.17 42.82 42.91 49.29 51.63
TLM+RS-Mono on OS 11.63 14.90 17.97 22.81 28.84 38.45 43.71 45.27 48.50 51.81

RU

TOD-XLMR 4.34 21.89 30.01 37.58 37.61 8.90 31.31 34.51 43.33 47.45
MLM on Mono-CC 12.70 16.56 19.45 24.58 25.90 37.43 42.80 46.19 52.43 53.73
TLM on OS 12.45 14.26 16.10 21.13 27.04 42.23 44.40 44.78 49.43 53.76
TLM+RS-Mono on OS 13.74 17.44 18.63 24.33 29.15 41.97 45.44 46.02 49.90 53.16

Table 6: Full per-language few-shot cross-lingual transfer results for Dialog State Tracking and Response Retrieval.
Results shown for different sizes of the training data in the target-language (i.e., different number of shots): 1%, 5%,
10%, 50% and 100% of the MULTI2WOZ development sets (of respective target languages).
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Abstract

While numerous architectures for long-range
language models (LRLMs) have recently been
proposed, a meaningful evaluation of their
discourse-level language understanding capa-
bilities has not yet followed. To this end, we in-
troduce CHAPTERBREAK, a challenge dataset
that provides an LRLM with a long segment
from a narrative that ends at a chapter bound-
ary and asks it to distinguish the beginning of
the ground-truth next chapter from a set of neg-
ative segments sampled from the same narra-
tive. A fine-grained human annotation reveals
that our dataset contains many complex types
of chapter transitions (e.g., parallel narratives,
cliffhanger endings) that require processing
global context to comprehend. Experiments on
CHAPTERBREAK show that existing LRLMs
fail to effectively leverage long-range context,
substantially underperforming a segment-level
model trained directly for this task. We publicly
release our CHAPTERBREAK dataset to spur
more principled future research into LRLMs.1

1 Introduction

Research on long-range language models (LRLMs)
aims to process extremely long input sequences by
making the base Transformer architecture more ef-
ficient (e.g., through sparse attention, recurrence,
or cached memory). These modifications are
commonly validated by training LRLMs on PG-
19 (Rae et al., 2020), a long-document language
modeling dataset, and demonstrating small perplex-
ity decreases over shorter context models (Roy
et al., 2021; ?). However, recent analysis exper-
iments (Sun et al., 2021; Press et al., 2021) show
that modern LRLMs rely mostly on local context
(i.e., the immediately preceding 1-2K tokens) and
are insensitive to various perturbations applied to
more distant context.

1We make our code and data public at https://
github.com/SimengSun/ChapterBreak

... Billy Pilgrim has come unstuck in time... he has no control 
over where he is going... he first came unstuck in time in 1944, 
long before his trip to Tralfamadore... [6,608 words pass]
...Right outside the window was Billy’s own Cadillac El Dorado 
Coupe de Ville... The date on the license plate was1967, which 
would make Billy Pilgrim forty-four years old... [2,930 words 
pass, story shifts to World War II in 1944]
...locomotives began to move east... The war would end in May. 
German prisons everywhere were absolutely full... Billy Pilgrim's 
train... did not move for two days... [251 words pass, ch. 3 ends 
by shifting back to 1967]
...he traveled in time to 1967 again—to the night he was 
kidnapped by a flying saucer from Tralfamadore.

(➕ ) Billy Pilgrim could not sleep on his daughter's wedding 
night. He was forty-four... [ground-truth start of ch. 4]

(➖ ) Billy Pilgrim says that the Universe does not look like a lot 
of bright little dots to the creatures from Tralfamadore... 

(➖ ) All the trains were slow. The coaches stunk of coal smoke 
and rationed tobacco and rationed booze and the farts of people 
eating wartime food. 

Figure 1: An illustrative example of our suffix iden-
tification task from Kurt Vonnegut’s Slaughterhouse-
Five, in which an LRLM needs to make connec-
tive inferences across temporal and spatial shifts
in a long prefix of the narrative to correctly
disambiguate the (+) start of the next chapter from
(-) negative examples.

In this paper, we move beyond token-level per-
plexity by evaluating LRLMs on a task that requires
a rich understanding of long-range dependencies.
Our task is an instance of suffix identification, in
which a language model is given a long input se-
quence (or prefix) and asked to disambiguate the
next n-token segment from a set of hard negatives
sampled from the same narrative. To succeed at
this task, an LRLM should assign high probability
to the ground-truth next segment and low probabil-
ity to the negatives. To specifically test long-range
dependencies, we restrict our prefixes to end at
chapter breaks of a longer cohesive narrative (e.g.,
a novel).

We construct a challenge dataset, CHAPTER-
BREAK, by automatically detecting chapter bound-
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aries within both held-out PG-19 documents (in-
domain for pretrained LRLMs) and works of fan
fiction published on the Archive of Our Own (out
of domain).2 We perform a detailed analysis of the
types of chapter transitions in our dataset and dis-
cover a high frequency of narrative shifts in point-
of-view, location, and time, all of which require
global narrative understanding over long input se-
quences. For example, Figure 1 contains a complex
prefix in which the time-traveling Billy Pilgrim
moves between World War II, 1960s suburban life,
and an alien planet. Understanding the cliffhanger
ending, in which the narrative abruptly switches
from a wartime scene to a 1967 alien abduction,
requires an LRLM to make connective inferences
using details buried far back in the context (e.g.,
Billy’s age in 1967).

We evaluate three LRLMs on CHAPTERBREAK,
including BigBird (Zaheer et al., 2020), the Rout-
ing Transformer (Roy et al., 2021), and its local
attention variant, all pretrained or fine-tuned on
PG-19. Our experiments show that these LRLMs
perform poorly at selecting the ground-truth suffix,
regardless of the length of the input sequence. As
an upper bound, we train a small RoBERTa-based
segment-level language model on PG-19 and dis-
cover that it substantially outperforms all LRLMs
on CHAPTERBREAK, which suggests that LRLMs
have considerable room for improvement on this
suffix identification task. Finally, we perform an
analysis on the instances for which all models strug-
gle to choose the correct suffix, which shows that
shifts in location and events in focus are particu-
larly challenging to disambiguate. Taken together,
these results suggest that CHAPTERBREAK is a
useful benchmark for future research into LRLMs.

2 The CHAPTERBREAK dataset

Authors often break long-form narratives into a se-
quence of discrete chapters to impose “an order and
shape over events in time” (Stevick, 1970). Henry
Fielding writes in his novel Joseph Andrews that
the space between chapters is like “an Inn or Rest-
ing Place” for readers to reflect on the preceding
chapter (Fielding, 1779). Chapters come in many
flavors: for example, Murakami’s Kafka on the
Shore uses chapter breaks to alternate between par-
allel narratives focusing on the two protagonists,
while cliffhanger endings such as the one in Fig-
ure 1 add suspense. Making sense of the complex

2https://archiveofourown.org

narrative shifts associated with chapter transitions
(e.g., changes in point-of-view, time, location, and
theme) requires a deep understanding of the entire
text. To maintain global narrative coherence, My-
ers et al. (1994) show that human readers tend to
reactivate memory about “backgrounded” informa-
tion from the long-range context.

Task overview: Given that chapter transitions
requires global context understanding, how can we
turn this into a task to evaluate LRLMs? A simple
approach is to evaluate the token-level perplexity
of an LRLM only at chapter boundaries (i.e., on
the first n tokens of each chapter); however, the
vast majority of tokens can be predicted using just
local context (Sun et al., 2021) under the teacher-
forcing setup, which obscures an LRLM’s usage
of long-range context as we show in Section 3.
We instead turn to the task of suffix identification,
which closely resembles existing datasets such as
SWAG (Zellers et al., 2018).

Each instance of our task is defined by a triplet
(c, s+, s−i ∈ N), where c is a prefix sequence of
up to 8K tokens that ends at a chapter break, s+

is the gold suffix of length 128 tokens (i.e., the
beginning of the next chapter), and s−i is a neg-
ative 128-token-long suffix from a set N of five3

future chapter beginnings sampled from the same
narrative.4 All negatives are modified to begin with
the same chapter index (e.g., if the gold suffix be-
gins with “Chapter III”, the chapter indices of all
negatives is set to “Chapter III”) to eliminate the
effect found by Sun et al. (2021) of language mod-
els memorizing chapter indices in long contexts.
We then evaluate whether an LRLM assigns higher
probability to the gold suffix P (s+|c) than to all
negative suffixes P (s−i |c).

Dataset overview: Where do we get these
triplets from? We collect a dataset, CHAPTER-
BREAK, with two splits: CHAPTERBREAKPG19,
which contains 241 examples extracted from the
PG-19 validation set (Rae et al., 2020),5 and
CHAPTERBREAKAO3, which contains 7,355 ex-

3We use a small number of negatives because it is time-
consuming and resource-intensive to evaluate the probabilities
of long sequences with LRLMs.

4In Appendix F, we show that in-book negatives are much
harder than out-of-book negatives as they often contain the
same named entities and rare tokens as the gold suffix. Thus,
disambiguating the correct suffix requires a deep understand-
ing of the context.

5We only collect examples from validation set as two base-
line models in the later sections are trained on PG-19.
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Category Definition Pct.

Events
Previous event ends and new event starts 76%
Previous event continues into next chapter 24%

Actors Change of perspective or character in focus 36%
No change in POV or main character 64%

Locations Change of location 68%
No change in location 32%

Continuity

Discontinuous but chronological 29%
Continuous 62%
Analepsis 2%
Parallel 6%

Table 1: Our human annotation on 300 chapter tran-
sitions randomly sampled from CHAPTERBREAKAO3

shows the diversity and complexity of the dataset.

amples extracted from an online dump6 of fan-
fiction posted on Archive of Our Own (AO3).
We apply filtering to remove fanfiction works
that are too short or not rated for general au-
diences. Each work contains on average 42K
words and 21.5 chapters.7 Even though the
CHAPTERBREAKPG19 split is small, we include
it because many LRLMs are pretrained on PG-19;
the much larger CHAPTERBREAKAO3 split is out-
of-distribution for all models that we evaluate. To
extract chapters in PG-19, we match for lines begin-
ning with the string “chapter”, while AO3 stories
already have chapter-level metadata.

What are the different types of transitions in
CHAPTERBREAK and how often do they occur?
To get a better sense of our dataset, we perform a
fine-grained annotation of 300 randomly-selected
chapter transitions from CHAPTERBREAKAO3.
For each transition, we annotate any changes in the
following four aspects: events, actors (characters
in focus), locations, and continuity. To annotate
continuity, we follow a simplified version of the
scheme proposed by Ireland (1986),8 which con-
siders five categories: continuous (the next chapter
occurs within a day of the previous chapter), dis-
continuous (the next chapter occurs more than a
day after the previous chapter), analepsis (the next
chapter is a “flashback” to an earlier point in the
narrative), and parallel (the next chapter reverts
to the time of a previous chapter, switching the

6https://archive.org/download/AO3_
story_dump_continuing

7More preprocessing details and statistics can be found in
Appendix A.

8To validate our continuity annotations, we also annotate
every chapter in Pride and Prejudice and obtain almost the
same proportion of continuous transitions (67%) as the number
reported by the expert annotation of Ireland (1986) (72%).

#Params Seq Len PPLPG19 AccPG19 AccAO3

LT 516M 8K 76.8 25% 24%
RT 490M 8K 72.3 22% 24%
Bigbird 128M 4K 56.2 27% 26%

GPT-2 1.5B 1K 78.2 23% 24%
GPT-3 175B 2K - 36%∗ 28%∗

SuffixLM 87M 10K - 52% 41%

Table 2: Summary of LRLMs (top), Transformer LMs
(middle), and our SuffixLM (bottom). All models are
trained or fine-tuned on PG-19 except for GPT-2. The
third column shows the word-level perplexity of gold
suffix in the PG-19 split. The last two columns show
the suffix identification accuracy of each model on the
two CHAPTERBREAK splits when evaluated at maxi-
mum input length. ∗ indicates results are on a subset of
CHAPTERBREAK.
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Figure 2: Suffix identification accuracy on both splits
(PG-19 and AO3) of CHAPTERBREAK is much lower
for LRLMs than our SuffixLM upper bound.

character or event in focus).9 The results, shown in
Table 1, demonstrate that CHAPTERBREAK covers
a diverse array of transitions, including many that
require global narrative understanding.

3 Experiments

We evaluate three different long-range language
models on CHAPTERBREAK and compare their
results to those of standard Transformer language
models as well as an upper bound directly trained
for suffix prediction.

Language models: We evaluate three LRLMs
pretrained on PG-19: the Local Transformer (Roy
et al., 2021, LT), Routing Transformer (RT) (Roy
et al., 2021, RT), and BigBird (Zaheer et al., 2020).
The BigBird model is the decoder part of the re-
leased checkpoint fine-tuned with causal LM ob-
jective on 14k books of PG-19 for 100k steps. We
also evaluate two standard Transformer language
models, GPT-2 large (Radford et al., 2019) and
GPT-3 (Brown et al., 2020).10 We summarize these

9Appendix B contains more details about each category.
10Due to OpenAI’s API costs for GPT-3, we only evaluate

in total a subset of 200 examples instead of the full dataset.
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models in Table 2, more details about each model
are included in Appendix C.

An upper bound directly trained for suffix iden-
tification: As authors often write stories that are
intended to surprise readers, it is possible that many
examples in CHAPTERBREAK are ambiguous by
nature (i.e., the upper bound for suffix identification
accuracy may not be 100%). To obtain a reasonable
upper bound, we also train a model (SuffixLM) di-
rectly on the suffix identification task by scaling
up the sentence-level language model proposed
by Ippolito et al. (2020).11 We divide an input se-
quence into multiple segments, each of which is
embedded via the [CLS] vector of a small fine-
tuned RoBERTa network (Liu et al., 2019). Our
SuffixLM then performs “language modeling” atop
the dense [CLS] vectors, predicting the next seg-
ment representation given the representations of
previous segments via contrastive predictive cod-
ing (van den Oord et al., 2018).12 Formally, our
SuffixLM minimizes the following loss:

Li = − log
exp(ẑi

⊤z+i )∑
zi∈{z+i ,Z

−
i }

exp(ẑi
⊤zi)

where ẑi is the predicted representation by Suf-
fixLM, z+i is the gold suffix representation obtained
from a small encoder (RoBERTa), and Z−i is the
set of dense representations of the negatives. More
details about our SuffixLM are included in Ap-
pendix D.

4 Results & Analysis

Overall, the results in Table 2 (rightmost two
columns) confirm that all of the language models
studied in this paper struggle on CHAPTERBREAK,
especially when compared to the SuffixLM upper
bound, which outperforms the best LM by ∼25%
absolute accuracy when evaluated on the entire PG-
19 split. We describe other interesting results and
analysis below:

Accuracy increases with longer prefixes: Fig-
ure 2 shows that as prefix sequence length in-
creases, some LRLMs (e.g., LT) barely improve,
while others show modest improvements (e.g.,

11Our SuffixLM can process up to 10K tokens, while the
model of Ippolito et al. (2020) supports only up to ten sen-
tences.

12Our SuffixLM is closely related to the model in Ainslie
et al. (2020), but differs crucially by predicting the representa-
tion of next segment instead of summaries.
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Figure 3: Left: Prefixes ending at chapter breaks benefit
more from long-range context than other types of dis-
course boundaries. Right: Word-level perplexity of the
gold suffix does not correlate to accuracy (e.g., GPT-2
has high perplexity but outperforms RT on suffix identi-
fication).

GPT-3 and fine-tuned BigBird). However, all
LRLMs significantly underperform our SuffixLM
upper bound, even when the SuffixLM is given pre-
fixes that are only 256 tokens long. Additionally,
SuffixLM’s accuracy increases far more than those
of LRLMs when increasing the prefix length (from
31% at prefix length of 256 to 46% at 8K on the
AO3 split13). This result suggests that the token-
level LRLMs evaluated in our work are not taking
full advantage of information in the long-range con-
text to solve CHAPTERBREAK.

Perplexity does not always correlate with accu-
racy: Previous LRLM efforts use validation per-
plexity (e.g., on PG-19) to compare against other
models. However, we show that perplexity is not by
itself a predictor of suffix identification accuracy:
As shown in Table 2, GPT-2 achieves higher accu-
racy than RT despite yielding a word-level perplex-
ity of 78.2 on gold suffixes, compared to 72.3 for
RT.14 We advocate that future research on LRLMs
includes evaluation on suffix identification tasks
like CHAPTERBREAK, as perplexity alone does not
reflect LRLMs’ capabilities to model long-range
dependencies.

Why chapter breaks over other discourse bound-
aries? Other discourse markers, including cause
and dialogue, also often prompt human readers to
reactivate memories of global context (Albrecht

13We collected 13,682 fan-fictions posted on AO3 and fine-
tuned our SuffixLM on subset of this dataset to be the model
SuffixLMAO3. More details about the filtered AO3 works are
included in Appendix A

14As these models use different tokenizers, we normalize
the subword-level perplexities to the word level as suggested
by Rae et al. (2020). More details about this can be found in
Appendix E.
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and Myers, 1995). We create suffix identifica-
tion datasets for these two discourse markers by
string matching over corresponding cue phrases
(‘because’, ‘due to’ for the cause subset and text
within quotation marks for dialogue).15 Figure 3
(left) shows that with prefixes of length 256 tokens,
our SuffixLM is able to successfully disambiguate
the correct suffixes for both discourse markers more
than 80% of the time, while the accuracy is much
lower at chapter boundaries. As the prefix length in-
creases, accuracy only slightly increases for cause
and dialogue, especially compared to the robust
improvement at chapter boundaries.16

Short-context Transformers are comparable to
LRLMs: Our results show that GPT-2, despite
its high perplexity on gold suffixes and short maxi-
mum sequence length (1024 tokens), achieves com-
parable performance to RT and LT on both splits.
Meanwhile, GPT-3 achieves much higher perfor-
mance on both CHAPTERBREAK at a sequence
length of 2,048 tokens, and the increasing GPT-
3 curve in Figure 2 is promising for future work
scaling LMs to longer sequence lengths.

Limitations of our work: While we have used
the SuffixLM as an upper bound in this paper
and demonstrated that it substantially outperforms
LRLMs on CHAPTERBREAK, a more compelling
comparison would include human performance on
our task at varying prefix lengths, especially since
some chapter transitions are specifically intended
by their authors to be unpredictable. However, ob-
taining reliable human performance numbers is
very difficult, as it requires in-depth comprehen-
sion of long narratives on the part of workers. Due
to the time-consuming nature of this task and its
high cognitive demand, it is not possible (within a
reasonable budget) to use crowdsourcing, as ensur-
ing that the annotators fully read the prefix instead
of skimming or ignoring it is a major challenge.
These issues also carry over to experiments per-
formed with in-person subjects. As such, we leave
a thorough human evaluation on CHAPTERBREAK

to future work.

5 Related Work

Our work depends heavily on recent advances in
efficient Transformers (Tay et al., 2020) that pro-

15Appendix A contains more details about data for these
two discourse markers.

16Appendix G shows similar trends on cause and dialogue
with other models.

cess long sequences (Rae et al., 2020; Beltagy
et al., 2020; Zaheer et al., 2020; Ainslie et al.,
2020; Roy et al., 2021). Sparse attention (Child
et al., 2019), relative position encoding (Shaw
et al., 2018; Raffel et al., 2020; Guo et al., 2021),
recurrence mechanism and memory (Dai et al.,
2019; Weston et al., 2015; Hutchins et al., 2022; ?)
and other tricks (Shen et al., 2020; Katharopoulos
et al., 2020; Gupta and Berant, 2020; Stock et al.,
2021; Yogatama et al., 2021; Borgeaud et al., 2021;
Hawthorne et al., 2022) are commonly adopted by
recent Transformer variants to make the operation
on long sequences more time/memory efficient.

Besides perplexity, many downstream extrin-
sic tasks for evaluating long-range language mod-
els were developed recently , such as long-form
QA (Fan et al., 2019; Pang et al., 2021), document-
level summarization (Kryściński et al., 2021;
Huang et al., 2021), and machine translation (Liu
and Zhang, 2020). More recently, Shaham et al.
(2022) introduce a new benchmark covering mul-
tiple domains and tasks, while Tay et al. (2021)
propose multimodal long sequence tasks.

6 Conclusion

We introduce CHAPTERBREAK, a suffix identifi-
cation dataset targeted at evaluating the discourse-
level understanding of long-range language models.
The dataset is extracted from long-form narratives
and covers a variety of complex chapter transitions,
such as shifts in location and events in focus. Exper-
iments show that existing LRLMs perform poorly
on CHAPTERBREAK and much worse than a Suf-
fixLM trained as an upper bound on this task. We
release the dataset to spur more principled develop-
ment of future LRLMs.

Acknowledgements

We thank the anonymous reviewers and UMass
NLP group for the thoughtful comments on the
draft of this paper. We are grateful to AO3 Support
Chair and volunteers for answering data related
questions. This work was supported by awards
IIS-1955567 and IIS-2046248 from the National
Science Foundation (NSF).

Ethical Considerations

CHAPTERBREAK is constructed from two sources:
public domain books published prior to 1919 (from
the held-out set of PG-19) and works of fanfiction
extracted from an online dump of stories posted

3708



on Archive of Our Own (AO3). We refer readers
to Rae et al. (2020) for more details about PG-19.
For AO3, we apply multiple filters to obtain long
fanfiction stories rated as suitable for “General Au-
diences”. We refer readers to Appendix A for more
preprocessing details. More generally, this work fo-
cuses on long-range language models, which could
potentially be misused to generate offensive out-
put. However, the main purpose of this paper is to
present a dataset which provides a better evaluation
of the discourse-level capabilities of such models.
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A Dataset statistics

We collected 13,682 fanfictions from an online
dump of stories posted on Archive of Our Own
(AO3) by filtering works written in English lan-
guage, rated General Audience by the author
and contains at least 10K words and more than
10 chapters. For each chapter, we remove
the text within the range of “**Notes for
the Chapter:**”, “**Summary for the
Chapter:**” and “**Author’s Note:**”.
The meta-comments inserted into the main text by
the authors are not removed. The statistics of this
long-fic dataset are included in Table 3. We do not
apply other profanity filters to the fictions, there-
fore there may still be inappropriate content for
general audience as the rating is self-labeled by
each author. Besides chapter breaks introduced in
the main text, we also collected two other discourse
boundaries, cause and dialogue, as comparisons to
the chapter boundary examples. We present the
statistics each type of examples in Table 4.

• Cause: The beginning of the suffix contains
words or phrases ‘because’, ‘due to’, ‘owing
to’. According to (Albrecht and Myers, 1995),
human readers reactivate memory of global
context for comprehending statements follow-
ing causes or goals.

• Dialogue: The gold suffix in this category
starts with a quotation mark. This often hap-
pens in dialogues where the continuation of
one interlocutor depends heavily on the im-
mediately preceding utterance. We conjecture
this is the type where the prediction relies
more on the local rather than the global con-
text.

mean min max

#chapters 21.5 11 589
#words 41,513.2 10,000 636,468

Table 3: Statistics of long fanfictions collected from
AO3 story dump.

B Annotation Scheme

We annotate each chapter transition from four as-
pects: events, actors (point-of-view or characters
in focus), location, and continuity in timeline.

AO3 PG19

Suffix Type #works #examples #works #examples

cause 965 8,133 45 506
dialogue 979 8,724 46 3,165
chapter breaks 1202 7,355 17 241

Table 4: Data statistics of CHAPTERBREAK as well as
another two discourse boundary examples.

Events We define two subcategories based on
whether (1) previous event ends in the previous
chapter and new event starts in the new chapter, (2)
old event does not end and continues into the next
chapter.

Actors We define two subcategories based on
whether there is a shift in POV or main character
in focus.

Location We define two subcategories based on
whether the location described in the prefix and in
the new chapter is different.

Continuity Following Ireland (1986)’s work, we
categorize the chapter transition by timeline conti-
nuity into four subcategories:

• Discontinuous but chronological: Reusing
the standard by Ireland (1986), discontinuous
represents a gap in time forward for more than
one night.

• Continuous: The time interval between chap-
ters lasts for no more than one night.

• Analepsis: Analepsis represents retrospective
evocation of an event, or “flashback” to an
earlier point in the narrative.

• Parallel: This includes timeline reverting
back to the time of any previous chapter, typi-
cally accompanied by switching character in
focus or description of a separate set of events
independent of the last chapter. This category
is a collapse of “alternate phase”, “parallel
phase” and “simultaneous phase” introduced
in (Ireland, 1986).

C Baselines

Bigbird (Zaheer et al., 2020) To reduce the
quadratic complexity of self-attention in the stan-
dard Transformer, the Bigbird model employs a
mixture of global, random and local attention mech-
anisms, which successfully reduce the complexity
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to linear. The idea is to insert each sequence O(1)
global tokens, which attend to all other tokens. The
rest tokens attend to their neighbor tokens, random
tokens in the sequence as well as the inserted global
tokens. A very similar idea is developed concur-
rently in the Longformer (Beltagy et al., 2020). The
Bigbird model we fine-tuned is the decoder part of
the released checkpoint. We fine-tune the model
with causal LM objective on 14K books of PG-19
with peak learning rate 0.0001 for 100K steps. We
set attention type to be “original_full” instead of
using “block_sparse” during fine-tuning. Training
is completed on a single RTX8000 GPU for around
6 days.

Local Transformer Rather than implementing
all three types of sparse attention in Bigbird, the
Local Transformer relies only on the local attention,
i.e., each token attends to neighbors within a local
window. The maximum attainable sequence length
scales linearly with the number of layers, e.g., with
window size k, the token representation at layer l
theoretically covers information in a range of k × l
tokens.

Routing Transformer (Roy et al., 2021) Dif-
ferent from previously described models which
use position-based sparse attention, the Routing
Transformer employs content-based sparse atten-
tion. Namely, each token are routed to clusters and
the attention is performed only within each clus-
ter. The clustering operation effectively reduces the
quadratic complexity in length L to O(L1.5). Both
the RT and LT checkpoint we used were trained on
PG-19 (Rae et al., 2020). For both RT and LT, we
evaluate on single RTX8000 GPU.

GPT-2/3 The GPT models have a lot shorter max-
imum input length than the rest models we eval-
uated. While GPT-2 model does not use sparse
attentions at all, GPT-3 model adopts alternated lay-
ers of sparse and dense self-attention. We use the
GPT-2 large model, which was pre-trained on data
scraped from the Internet. The GPT-3 model was
pre-trained on a mixture of filtered CommonCrawl,
WebText2, Books1, Books2, and Wikipedia.

D Finding the best SuffixLM

As there are no prior long-range segment-level LM
architectures that we can borrow from, we experi-
ment multiple design choices and report the result
of only the best performing one in the main text.
For all variants, we use RoBERTa-base (Liu et al.,
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Figure 4: Performance of each SuffixLM variant. De-
tailed information about each variant is included in Ap-
pendix D.

2019) as the encoder to obtain the encoded seg-
ment representation. This is done by extracting
the representation of the [CLS] token prepended at
the beginning of each sequence. We describe five
variants below.

• SuffixLM-A This variant contains a frozen
RoBERTa-base encoder and a SuffixLM using
a 6-layer Transformer as the base architecture.

• SuffixLM-B This variant contains a frozen
RoBERTa-base encoder and a SuffixLM us-
ing a 6-layer average-attention Transformer
as the backbone. The motivation of using uni-
form distribution for attention weights is to
encourage the model to get more information
from the distant context rather than rely too
much on local context.

• SuffixLM-C This variant is essentically
SuffixLM-A but during training we perform
“segdrop” – stochastically dropping prefix seg-
ments with probability 0.217 when performing
self-attention. When the local segments are
dropped, the model has to predict the next seg-
ments with only the distant context, which
also encourages learning better long-range
prefix representations.

• SuffixLM-D Instead of freezing the encoder,
this variant fine-tunes part of the encoder and
the rest is the same as SuffixLM-A. Due to
limited memory capacity, we only fine-tune
the last two layers of the RoBERTa-base.

• SuffixLM-E This model is the same as
SuffixLM-D except that we truncate the en-

17Tried {0.1, 0.2, 0.4}, 0.2 works the best.
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Figure 5: Evaluation results on both CHAPTERBREAKPG19 and CHAPTERBREAKAO3.

coder to just the two tunable layers and train
all parameters in the encoder including the
embedding parameters.

All SuffixLMs with frozen encoders are trained
with average sequence length of 10240 tokens for
up to 60k steps, and the one with trainable encoder
is trained for max 120k steps. The dimension of
the model is 768, hidden dimension 2048,attention
heads 8. The peak learning rate is 0.0001 with
warm up steps 4000. We train SuffixLM on entire
PG-19 dataset and evaluate the best checkpoint se-
lected by dev loss. We use segment size 128 in all
SuffixLMs we trained. Each segment starts from a
new sentence, if not reaching 128 tokens, we pad
with a special ‘<pad>’ token. For very long sen-
tences, the part exceeding 128 tokens overflows
to the next segment. We plot the suffix identifica-
tion accuracy of each variant on CHAPTERBREAK

while feeding in prefixes of increasing length. As
shown in Figure 4, SuffixLM-E outperforms all
other variants across various prefix lengths. There-
fore in the main text, all SuffixLM refers to the
SuffixLM-E variant. Note that one limitation of
SuffixLM is it exclusively models on segment-level,
which prohibits it from performing token-by-token
generation and thus impossible for us to evaluate
perplexity.

E Suffix perplexity

Although the task of CHAPTERBREAK is to iden-
tify gold suffix from negatives, we also present the
gold suffix perplexity of next-token prediction LMs.
Note that all models were trained or fine-tuned on
PG-19 except for GPT-2/3. As these models use dif-
ferent tokenizers, the 128-token suffix may cover
different number of words, to make the results com-
parable, we convert the subword-level perplexity
to word-level by multiplying a constant to the log
probability value of each model. For RT/LT, we
multiple by 1.248 as used in the official reposi-
tory. We multiply the value by 1.30 for GPT-2, and
1.22 for Bigbird. These values are estimated via
the subword/word ratio on validation set of PG-19.
Our fine-tuned Bigbird model achieves the low-
est perplexity on PG-19, even better than Routing
Transformer or Local Transformer. This implies
that context from long-range is not necessary for
achieving low perplexity since the maximum input
length of Bigbird is half that of RT/LT.

F In-book vs. Out-of-book

This section is better read after reading through § 3.
In this analysis experiment, we show why it is bet-
ter that the negatives are from the same narrative
as the gold suffix. We evaluate our upper bound
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Figure 6: Left: In-book vs. out-of-book. Right: Suf-
fixLM performance when evaluated with different suffix
length. The variation in suffix length does not explain
the large gap between SuffixLM and token-level LMs.

model SuffixLM on PG-19 set when the negatives
are out-of-book suffixes, and plot the suffix identifi-
cation accuracy in Figure 6. When evaluate against
out-of-book negatives, this suffix identification task
is almost solved by our SuffixLM, especially when
the out-of-book examples are from another split
in CHAPTERBREAK. The extremely high accu-
racy under out-of-book setup suggests the segment
representation from different books are easy for
SuffixLM to distinguish, thus we adopt a harder
setup where the negatives are from the same book.
Besides, in-book negatives may contain the same
re-occurring named entities or rare words, which
require solid understanding of the prefix to differ-
entiate the gold from the distractors.

G Various Discourse Relationships

In addition to chapter breaks, we also evaluate the
other two types of discourse boundary examples in-
troduced in Appendix A. As shown in Figure 5, for
all suffix types other than chapter breaks, the evalu-
ated models stop improving as the sequence length
grows to more than 2K tokens long. However, there
is a significant increasing trend in chapter breaks
for SuffixLM. For the rest models, the performance
is either flat or not improving. On the AO3 split,
the accuracy of SuffixLM improves for ∼ 15%
as the sequence length increases from 256 to 8K,
whereas the improvement of RT is only ∼ 1.4%.
This is in contrast with SuffixLM’s ∼ 1.5% and
RT’s ∼ 0.3% improvement for the ‘cause’ exam-
ples. We draw two conclusions from these observa-
tions: (1) the chapter breaks examples form a spe-
cial case where longer prefix is preferred in order to
pick the correct continuation. (2) By comparing the
relative improvement, the token-level LMs fall far
behind the SuffixLM, which is, besides the abso-
lute performance gap, another evidence that current

LRLMs do not effectively leverage long-range con-
text for sequence tasks requiring discourse-level
understanding.

H Tackle difference in Tokenizers

As the models we evaluated use different tokeniz-
ers, there are small variations in term of suffix
length, i.e., the 128-token suffix may cover dif-
ferent number of words. To understand how the
difference in length impacts validity of evaluation,
we evaluate SuffixLM with various suffix lengths.
Figure 6 (right) indicates even though there are
small variances when the suffixes are of different
lengths, the large gap between SuffixLM and Rout-
ing Transformer still remains, thus the difference
in suffix length does not explain the large perfor-
mance gap.

I Error analysis

Models struggle with location and event shifts:
Among the 300 examples we annotated in Sec-
tion 2, 89 examples were wrongly predicted by all
models we have evaluated. By breaking the in-
correctly predicted examples into category as pre-
sented in Table 1, we find that models tend to make
wrong prediction when there is a shift in location or
event, and when plots are continuous in timeline.18

Category Definition Ratio

Events
Previous event ends and new event starts 0.74
Previous event continues into next chapter 0.26

Actors Change of perspective or character in focus 0.43
No change in POV or main character 0.57

Locations Change of location 0.64
No change in location 0.36

Continuity

Discontinuous but chronological 0.24
Continuous 0.62
Analepsis 0.03
Parallel 0.11

Table 5: Human annotation on 89 examples sampled
from CHAPTERBREAKAO3where all models make the
wrong prediction. 74% errors come from the examples
where new event starts from the new chapter and 64%
errors from the change of location.

18Detailed numbers are included in Appendix I.
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Abstract

Neural information retrieval (IR) has greatly
advanced search and other knowledge-
intensive language tasks. While many neural
IR methods encode queries and documents
into single-vector representations, late
interaction models produce multi-vector repre-
sentations at the granularity of each token and
decompose relevance modeling into scalable
token-level computations. This decomposition
has been shown to make late interaction more
effective, but it inflates the space footprint of
these models by an order of magnitude. In this
work, we introduce ColBERTv2, a retriever
that couples an aggressive residual compres-
sion mechanism with a denoised supervision
strategy to simultaneously improve the quality
and space footprint of late interaction. We
evaluate ColBERTv2 across a wide range
of benchmarks, establishing state-of-the-art
quality within and outside the training domain
while reducing the space footprint of late
interaction models by 6–10×.

1 Introduction

Neural information retrieval (IR) has quickly domi-
nated the search landscape over the past 2–3 years,
dramatically advancing not only passage and doc-
ument search (Nogueira and Cho, 2019) but also
many knowledge-intensive NLP tasks like open-
domain question answering (Guu et al., 2020),
multi-hop claim verification (Khattab et al., 2021a),
and open-ended generation (Paranjape et al., 2022).

Many neural IR methods follow a single-vector
similarity paradigm: a pretrained language model
is used to encode each query and each document
into a single high-dimensional vector, and rele-
vance is modeled as a simple dot product between
both vectors. An alternative is late interaction, in-
troduced in ColBERT (Khattab and Zaharia, 2020),
where queries and documents are encoded at a finer-
granularity into multi-vector representations, and

∗Equal contribution.

relevance is estimated using rich yet scalable in-
teractions between these two sets of vectors. Col-
BERT produces an embedding for every token in
the query (and document) and models relevance
as the sum of maximum similarities between each
query vector and all vectors in the document.

By decomposing relevance modeling into token-
level computations, late interaction aims to reduce
the burden on the encoder: whereas single-vector
models must capture complex query–document re-
lationships within one dot product, late interaction
encodes meaning at the level of tokens and del-
egates query–document matching to the interac-
tion mechanism. This added expressivity comes
at a cost: existing late interaction systems impose
an order-of-magnitude larger space footprint than
single-vector models, as they must store billions
of small vectors for Web-scale collections. Con-
sidering this challenge, it might seem more fruit-
ful to focus instead on addressing the fragility of
single-vector models (Menon et al., 2022) by in-
troducing new supervision paradigms for negative
mining (Xiong et al., 2020), pretraining (Gao and
Callan, 2021), and distillation (Qu et al., 2021).
Indeed, recent single-vector models with highly-
tuned supervision strategies (Ren et al., 2021b; For-
mal et al., 2021a) sometimes perform on-par or
even better than “vanilla” late interaction models,
and it is not necessarily clear whether late inter-
action architectures—with their fixed token-level
inductive biases—admit similarly large gains from
improved supervision.

In this work, we show that late interaction re-
trievers naturally produce lightweight token rep-
resentations that are amenable to efficient storage
off-the-shelf and that they can benefit drastically
from denoised supervision. We couple those in
ColBERTv2,1 a new late-interaction retriever that
employs a simple combination of distillation from

1Code, models, and LoTTE data are maintained at https:
//github.com/stanford-futuredata/ColBERT
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a cross-encoder and hard-negative mining (§3.2)
to boost quality beyond any existing method, and
then uses a residual compression mechanism (§3.3)
to reduce the space footprint of late interaction by
6–10× while preserving quality. As a result, Col-
BERTv2 establishes state-of-the-art retrieval qual-
ity both within and outside its training domain with
a competitive space footprint with typical single-
vector models.

When trained on MS MARCO Passage Rank-
ing, ColBERTv2 achieves the highest MRR@10 of
any standalone retriever. In addition to in-domain
quality, we seek a retriever that generalizes “zero-
shot” to domain-specific corpora and long-tail top-
ics, ones that are often under-represented in large
public training sets. To this end, we evaluate Col-
BERTv2 on a wide array of out-of-domain bench-
marks. These include three Wikipedia Open-QA
retrieval tests and 13 diverse retrieval and semantic-
similarity tasks from BEIR (Thakur et al., 2021). In
addition, we introduce a new benchmark, dubbed
LoTTE, for Long-Tail Topic-stratified Evaluation
for IR that features 12 domain-specific search
tests, spanning StackExchange communities and
using queries from GooAQ (Khashabi et al., 2021).
LoTTE focuses on relatively long-tail topics in
its passages, unlike the Open-QA tests and many
of the BEIR tasks, and evaluates models on their
capacity to answer natural search queries with a
practical intent, unlike many of BEIR’s semantic-
similarity tasks. On 22 of 28 out-of-domain tests,
ColBERTv2 achieves the highest quality, outper-
forming the next best retriever by up to 8% relative
gain, while using its compressed representations.

This work makes the following contributions:

1. We propose ColBERTv2, a retriever that com-
bines denoised supervision and residual com-
pression, leveraging the token-level decom-
position of late interaction to achieve high
robustness with a reduced space footprint.

2. We introduce LoTTE, a new resource for out-
of-domain evaluation of retrievers. LoTTE fo-
cuses on natural information-seeking queries
over long-tail topics, an important yet under-
studied application space.

3. We evaluate ColBERTv2 across a wide range
of settings, establishing state-of-the-art qual-
ity within and outside the training domain.

2 Background & Related Work

2.1 Token-Decomposed Scoring in Neural IR
Many neural IR approaches encode passages as
a single high-dimensional vector, trading off the
higher quality of cross-encoders for improved ef-
ficiency and scalability (Karpukhin et al., 2020;
Xiong et al., 2020; Qu et al., 2021). Col-
BERT’s (Khattab and Zaharia, 2020) late inter-
action paradigm addresses this tradeoff by com-
puting multi-vector embeddings and using a scal-
able “MaxSim” operator for retrieval. Several
other systems leverage multi-vector representa-
tions, including Poly-encoders (Humeau et al.,
2020), PreTTR (MacAvaney et al., 2020), and
MORES (Gao et al., 2020), but these target
attention-based re-ranking as opposed to Col-
BERT’s scalable MaxSim end-to-end retrieval.

ME-BERT (Luan et al., 2021) generates token-
level document embeddings similar to ColBERT,
but retains a single embedding vector for queries.
COIL (Gao et al., 2021) also generates token-level
document embeddings, but the token interactions
are restricted to lexical matching between query
and document terms. uniCOIL (Lin and Ma, 2021)
limits the token embedding vectors of COIL to a
single dimension, reducing them to scalar weights
that extend models like DeepCT (Dai and Callan,
2020) and DeepImpact (Mallia et al., 2021). To
produce scalar weights, SPLADE (Formal et al.,
2021b) and SPLADEv2 (Formal et al., 2021a) pro-
duce a sparse vocabulary-level vector that retains
the term-level decomposition of late interaction
while simplifying the storage into one dimension
per token. The SPLADE family also piggybacks on
the language modeling capacity acquired by BERT
during pretraining. SPLADEv2 has been shown
to be highly effective, within and across domains,
and it is a central point of comparison in the exper-
iments we report on in this paper.

2.2 Vector Compression for Neural IR
There has been a surge of recent interest in com-
pressing representations for IR. Izacard et al. (2020)
explore dimension reduction, product quantization
(PQ), and passage filtering for single-vector retriev-
ers. BPR (Yamada et al., 2021a) learns to directly
hash embeddings to binary codes using a differen-
tiable tanh function. JPQ (Zhan et al., 2021a) and
its extension, RepCONC (Zhan et al., 2022), use
PQ to compress embeddings, and jointly train the
query encoder along with the centroids produced
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by PQ via a ranking-oriented loss.
SDR (Cohen et al., 2021) uses an autoencoder to

reduce the dimensionality of the contextual embed-
dings used for attention-based re-ranking and then
applies a quantization scheme for further compres-
sion. DensePhrases (Lee et al., 2021a) is a system
for Open-QA that relies on a multi-vector encod-
ing of passages, though its search is conducted
at the level of individual vectors and not aggre-
gated with late interaction. Very recently, Lee et al.
(2021b) propose a quantization-aware finetuning
method based on PQ to reduce the space footprint
of DensePhrases. While DensePhrases is effective
at Open-QA, its retrieval quality—as measured by
top-20 retrieval accuracy on NaturalQuestions and
TriviaQA—is competitive with DPR (Karpukhin
et al., 2020) and considerably less effective than
ColBERT (Khattab et al., 2021b).

In this work, we focus on late-interaction re-
trieval and investigate compression using a residual
compression approach that can be applied off-the-
shelf to late interaction models, without special
training. We show in Appendix A that ColBERT’s
representations naturally lend themselves to resid-
ual compression. Techniques in the family of resid-
ual compression are well-studied (Barnes et al.,
1996) and have previously been applied across sev-
eral domains, including approximate nearest neigh-
bor search (Wei et al., 2014; Ai et al., 2017), neural
network parameter and activation quantization (Li
et al., 2021b,a), and distributed deep learning (Chen
et al., 2018; Liu et al., 2020). To the best of our
knowledge, ColBERTv2 is the first approach to use
residual compression for scalable neural IR.

2.3 Improving the Quality of Single-Vector
Representations

Instead of compressing multi-vector representa-
tions as we do, much recent work has focused
on improving the quality of single-vector mod-
els, which are often very sensitive to the specifics
of supervision. This line of work can be decom-
posed into three directions: (1) distillation of more
expressive architectures (Hofstätter et al., 2020;
Lin et al., 2020) including explicit denoising (Qu
et al., 2021; Ren et al., 2021b), (2) hard negative
sampling (Xiong et al., 2020; Zhan et al., 2020a,
2021b), and (3) improved pretraining (Gao and
Callan, 2021; Oğuz et al., 2021). We adopt similar
techniques to (1) and (2) for ColBERTv2’s multi-
vector representations (see §3.2).

Question Passage
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MaxSim MaxSim MaxSim

score
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Figure 1: The late interaction architecture, given a
query and a passage. Diagram from Khattab et al.
(2021b) with permission.

2.4 Out-of-Domain Evaluation in IR

Recent progress in retrieval has mostly focused on
large-data evaluation, where many tens of thou-
sands of annotated training queries are associated
with the test domain, as in MS MARCO or Natu-
ral Questions (Kwiatkowski et al., 2019). In these
benchmarks, queries tend to reflect high-popularity
topics like movies and athletes in Wikipedia. In
practice, user-facing IR and QA applications often
pertain to domain-specific corpora, for which little
to no training data is available and whose topics
are under-represented in large public collections.

This out-of-domain regime has received recent
attention with the BEIR (Thakur et al., 2021) bench-
mark. BEIR combines several existing datasets
into a heterogeneous suite for “zero-shot IR” tasks,
spanning bio-medical, financial, and scientific do-
mains. While the BEIR datasets provide a use-
ful testbed, many capture broad semantic related-
ness tasks—like citations, counter arguments, or
duplicate questions–instead of natural search tasks,
or else they focus on high-popularity entities like
those in Wikipedia. In §4, we introduce LoTTE, a
new dataset for out-of-domain retrieval, exhibiting
natural search queries over long-tail topics.

3 ColBERTv2

We now introduce ColBERTv2, which improves
the quality of multi-vector retrieval models (§3.2)
while reducing their space footprint (§3.3).

3.1 Modeling

ColBERTv2 adopts the late interaction architecture
of ColBERT, depicted in Figure 1. Queries and pas-
sages are independently encoded with BERT (De-
vlin et al., 2019), and the output embeddings encod-
ing each token are projected to a lower dimension.
During offline indexing, every passage d in the
corpus is encoded into a set of vectors, and these
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vectors are stored. At search time, the query q is
encoded into a multi-vector representation, and its
similarity to a passage d is computed as the summa-
tion of query-side “MaxSim” operations, namely,
the largest cosine similarity between each query to-
ken embedding and all passage token embeddings:

Sq,d =

N∑

i=1

M
max
j=1

Qi ·DT
j (1)

where Q is an matrix encoding the query with N
vectors and D encodes the passage with M vectors.
The intuition of this architecture is to align each
query token with the most contextually relevant
passage token, quantify these matches, and com-
bine the partial scores across the query. We refer
to Khattab and Zaharia (2020) for a more detailed
treatment of late interaction.

3.2 Supervision
Training a neural retriever typically requires posi-
tive and negative passages for each query in the
training set. Khattab and Zaharia (2020) train
ColBERT using the official 〈q, d+, d−〉 triples
of MS MARCO. For each query, a positive d+ is
human-annotated, and each negative d− is sampled
from unannotated BM25-retrieved passages.

Subsequent work has identified several weak-
nesses in this standard supervision approach
(see §2.3). Our goal is to adopt a simple, uniform
supervision scheme that selects challenging neg-
atives and avoids rewarding false positives or pe-
nalizing false negatives. To this end, we start with
a ColBERT model trained with triples as in Khat-
tab et al. (2021b), using this to index the training
passages with ColBERTv2 compression.

For each training query, we retrieve the top-k
passages. We feed each of those query–passage
pairs into a cross-encoder reranker. We use a
22M-parameter MiniLM (Wang et al., 2020) cross-
encoder trained with distillation by Thakur et al.
(2021).2 This small model has been shown to ex-
hibit very strong performance while being rela-
tively efficient for inference, making it suitable
for distillation.

We then collect w-way tuples consisting of a
query, a highly-ranked passage (or labeled posi-
tive), and one or more lower-ranked passages. In
this work, we use w = 64 passages per example.
Like RocketQAv2 (Ren et al., 2021b), we use a

2https://huggingface.co/cross-encoder/
ms-marco-MiniLM-L-6-v2

KL-Divergence loss to distill the cross-encoder’s
scores into the ColBERT architecture. We use KL-
Divergence as ColBERT produces scores (i.e., the
sum of cosine similarities) with a restricted scale,
which may not align directly with the output scores
of the cross-encoder. We also employ in-batch
negatives per GPU, where a cross-entropy loss is
applied to the positive score of each query against
all passages corresponding to other queries in the
same batch. We repeat this procedure once to re-
fresh the index and thus the sampled negatives.

Denoised training with hard negatives has been
positioned in recent work as ways to bridge the
gap between single-vector and interaction-based
models, including late interaction architectures like
ColBERT. Our results in §5 reveal that such super-
vision can improve multi-vector models dramati-
cally, resulting in state-of-the-art retrieval quality.

3.3 Representation

We hypothesize that the ColBERT vectors cluster
into regions that capture highly-specific token se-
mantics. We test this hypothesis in Appendix A,
where evidence suggests that vectors correspond-
ing to each sense of a word cluster closely, with
only minor variation due to context. We exploit
this regularity with a residual representation that
dramatically reduces the space footprint of late in-
teraction models, completely off-the-shelf without
architectural or training changes. Given a set of
centroids C, ColBERTv2 encodes each vector v as
the index of its closest centroid Ct and a quantized
vector r̃ that approximates the residual r = v−Ct.
At search time, we use the centroid index t and
residual r̃ recover an approximate ṽ = Ct + r̃.

To encode r̃, we quantize every dimension of r
into one or two bits. In principle, our b-bit encod-
ing of n-dimensional vectors needs dlog |C|e+ bn
bits per vector. In practice, with n = 128, we use
four bytes to capture up to 232 centroids and 16 or
32 bytes (for b = 1 or b = 2) to encode the resid-
ual. This total of 20 or 36 bytes per vector contrasts
with ColBERT’s use of 256-byte vector encodings
at 16-bit precision. While many alternatives can be
explored for compression, we find that this simple
encoding largely preserves model quality, while
considerably lowering storage costs against typi-
cal 32- or 16-bit precision used by existing late
interaction systems.

This centroid-based encoding can be considered
a natural extension of product quantization to multi-
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vector representations. Product quantization (Gray,
1984; Jegou et al., 2010) compresses a single vector
by splitting it into small sub-vectors and encoding
each of them using an ID within a codebook. In
our approach, each representation is already a ma-
trix that is naturally divided into a number of small
vectors (one per token). We encode each vector
using its nearest centroid plus a residual. Refer
to Appendix B for tests of the impact of compres-
sion on retrieval quality and a comparison with a
baseline compression method for ColBERT akin to
BPR (Yamada et al., 2021b).

3.4 Indexing

Given a corpus of passages, the indexing stage
precomputes all passage embeddings and orga-
nizes their representations to support fast nearest-
neighbor search. ColBERTv2 divides indexing into
three stages, described below.

Centroid Selection. In the first stage, Col-
BERTv2 selects a set of cluster centroids C. These
are embeddings that ColBERTv2 uses to sup-
port residual encoding (§3.3) and also for nearest-
neighbor search (§3.5). Standardly, we find that
setting |C| proportionally to the square root of
nembeddings in the corpus works well empirically.3

Khattab and Zaharia (2020) only clustered the vec-
tors after computing the representations of all pas-
sages, but doing so requires storing them uncom-
pressed. To reduce memory consumption, we apply
k-means clustering to the embeddings produced by
invoking our BERT encoder over only a sample of
all passages, proportional to the square root of the
collection size, an approach we found to perform
well in practice.

Passage Encoding. Having selected the cen-
troids, we encode every passage in the corpus. This
entails invoking the BERT encoder and compress-
ing the output embeddings as described in §3.3,
assigning each embedding to the nearest centroid
and computing a quantized residual. Once a chunk
of passages is encoded, the compressed representa-
tions are saved to disk.

Index Inversion. To support fast nearest-
neighbor search, we group the embedding IDs that
correspond to each centroid together, and save this
inverted list to disk. At search time, this allows us
to quickly find token-level embeddings similar to
those in a query.

3We round down to the nearest power of two larger than
16×√nembeddings, inspired by FAISS (Johnson et al., 2019).

3.5 Retrieval

Given a query representationQ, retrieval starts with
candidate generation. For every vector Qi in the
query, the nearest nprobe ≥ 1 centroids are found.
Using the inverted list, ColBERTv2 identifies the
passage embeddings close to these centroids, de-
compresses them, and computes their cosine simi-
larity with every query vector. The scores are then
grouped by passage ID for each query vector, and
scores corresponding to the same passage are max-
reduced. This allows ColBERTv2 to conduct an
approximate “MaxSim” operation per query vector.
This computes a lower-bound on the true MaxSim
(§3.1) using the embeddings identified via the in-
verted list, which resembles the approximation ex-
plored for scoring by Macdonald and Tonellotto
(2021) but is applied for candidate generation.

These lower bounds are summed across the
query tokens, and the top-scoring ncandidate can-
didate passages based on these approximate scores
are selected for ranking, which loads the complete
set of embeddings of each passage, and conducts
the same scoring function using all embeddings
per document following Equation 1. The result
passages are then sorted by score and returned.

4 LoTTE: Long-Tail, Cross-Domain
Retrieval Evaluation

We introduce LoTTE (pronounced latte), a new
dataset for Long-Tail Topic-stratified Evaluation
for IR. To complement the out-of-domain tests of
BEIR (Thakur et al., 2021), as motivated in §2.4,
LoTTE focuses on natural user queries that pertain
to long-tail topics, ones that might not be covered
by an entity-centric knowledge base like Wikipedia.
LoTTE consists of 12 test sets, each with 500–2000
queries and 100k–2M passages.

The test sets are explicitly divided by topic, and
each test set is accompanied by a validation set of
related but disjoint queries and passages. We elect
to make the passage texts disjoint to encourage
more realistic out-of-domain transfer tests, allow-
ing for minimal development on related but distinct
topics. The test (and dev) sets include a “pooled”
setting. In the pooled setting, the passages and
queries are aggregated across all test (or dev) topics
to evaluate out-of-domain retrieval across a larger
and more diverse corpus.

Table 1 outlines the composition of LoTTE. We
derive the topics and passage corpora from the
answer posts across various StackExchange fo-
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Topic Question Set Dev Test

# Questions # Passages Subtopics # Questions # Passages Subtopics

Writing Search 497 277k ESL, Linguistics,
Worldbuilding

1071 200k EnglishForum 2003 2000

Recreation Search 563 263k Sci-Fi, RPGs,
Photography

924 167k Gaming,
Anime, MoviesForum 2002 2002

Science Search 538 344k Chemistry,
Statistics, Academia

617 1.694M Math,
Physics, BiologyForum 2013 2017

Technology Search 916 1.276M Web Apps,
Ubuntu, SysAdmin

596 639k Apple, Android,
UNIX, SecurityForum 2003 2004

Lifestyle Search 417 269k DIY, Music, Bicycles,
Car Maintenance

661 119k Cooking,
Sports, TravelForum 2076 2002

Pooled Search 2931 2.4M All of the above 3869 2.8M All of the aboveForum 10097 10025

Table 1: Composition of LoTTE showing topics, question sets, and a sample of corresponding subtopics. Search
Queries are taken from GooAQ, while Forum Queries are taken directly from the StackExchange archive. The
pooled datasets combine the questions and passages from each of the subtopics.

rums. StackExchange is a set of question-and-
answer communities that target individual topics
(e.g., “physics” or “bicycling”). We gather forums
from five overarching domains: writing, recreation,
science, technology, and lifestyle. To evaluate re-
trievers, we collect Search and Forum queries, each
of which is associated with one or more target an-
swer posts in its corpus. Example queries, and
short snippets from posts that answer them in the
corpora, are shown in Table 2.

Search Queries. We collect search queries from
GooAQ (Khashabi et al., 2021), a recent dataset
of Google search-autocomplete queries and their
answer boxes, which we filter for queries whose
answers link to a specific StackExchange post. As
Khashabi et al. (2021) hypothesize, Google Search
likely maps these natural queries to their answers
by relying on a wide variety of signals for rele-
vance, including expert annotations, user clicks,
and hyperlinks as well as specialized QA compo-
nents for various question types with access to the
post title and question body. Using those annota-
tions as ground truth, we evaluate the models on
their capacity for retrieval using only free text of
the answer posts (i.e., no hyperlinks or user clicks,
question title or body, etc.), posing a significant
challenge for IR and NLP systems trained only on
public datasets.

Forum Queries. We collect the forum queries
by extracting post titles from the StackExchange
communities to use as queries and collect their
corresponding answer posts as targets. We select
questions in order of their popularity and sample
questions according to the proportional contribu-
tion of individual communities within each topic.

Q: what is the difference between root and stem in lin-
guistics? A: A root is the form to which derivational
affixes are added to form a stem. A stem is the form
to which inflectional affixes are added to form a word.

Q: are there any airbenders left? A: the Fire Nation
had wiped out all Airbenders while Aang was frozen.
Tenzin and his 3 children are the only Airbenders left
in Korra’s time.

Q: Why are there two Hydrogen atoms on some peri-
odic tables? A: some periodic tables show hydrogen in
both places to emphasize that hydrogen isn’t really a
member of the first group or the seventh group.

Q: How can cache be that fast? A: the cache memory
sits right next to the CPU on the same die (chip), it is
made using SRAM which is much, much faster than
the DRAM.

Table 2: Examples of queries and shortened snippets of
answer passages from LoTTE. The first two examples
show “search” queries, whereas the last two are “fo-
rum” queries. Snippets are shortened for presentation.

These queries tend to have a wider variety than
the “search” queries, while the search queries may
exhibit more natural patterns. Table 3 compares a
random samples of search and forum queries. It
can be seen that search queries tend to be brief,
knowledge-based questions with direct answers,
whereas forum queries tend to reflect more open-
ended questions. Both query sets target topics that
exceed the scope of a general-purpose knowledge
repository such as Wikipedia.

For search as well as forum queries, the result-
ing evaluation set consists of a query and a target
set of StackExchange answer posts (in particular,
the answer posts from the target StackExchange
page). Similar to evaluation in the Open-QA lit-
erature (Karpukhin et al., 2020; Khattab et al.,
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Q: what is xerror in rpart? Q: is sub question one word?
Q: how to open a garage door without making noise? Q:
is docx and dotx the same? Q: are upvotes and downvotes
anonymous? Q: what is the difference between descriptive
essay and narrative essay? Q: how to change default
user profile in chrome? Q: does autohotkey need to be
installed? Q: how do you tag someone on facebook with
a youtube video? Q: has mjolnir ever been broken?

Q: Snoopy can balance on an edge atop his doghouse. Is any
reason given for this? Q: How many Ents were at the
Entmoot? Q: What does a hexagonal sun tell us about
the camera lens/sensor? Q: Should I simply ignore it if
authors assume that Im male in their response to my review of
their article? Q: Why is the 2s orbital lower in energy than
the 2p orbital when the electrons in 2s are usually farther from
the nucleus? Q: Are there reasons to use colour filters
with digital cameras? Q: How does the current know how
much to flow, before having seen the resistor? Q: What
is the difference between Fact and Truth? Q: hAs a DM,
how can I handle my Druid spying on everything with Wild
shape as a spider? Q: What does 1x1 convolution mean
in a neural network?

Table 3: Comparison of a random sample of search
queries (top) vs. forum queries (bottom).

2021b), we evaluate retrieval quality by comput-
ing the success@5 (S@5) metric. Specifically, we
award a point to the system for each query where
it finds an accepted or upvoted (score ≥ 1) answer
from the target page in the top-5 hits.

Appendix D reports on the breakdown of con-
stituent communities per topic, the construction
procedure of LoTTE as well as licensing considera-
tions, and relevant statistics. Figures 5 and 6 quan-
titatively compare the search and forum queries.

5 Evaluation

We now evaluate ColBERTv2 on passage retrieval
tasks, testing its quality within the training domain
(§5.1) as well as outside the training domain in
zero-shot settings (§5.2). Unless otherwise stated,
we compress ColBERTv2 embeddings to b = 2
bits per dimension in our evaluation.

5.1 In-Domain Retrieval Quality

Similar to related work, we train for IR tasks on MS
MARCO Passage Ranking (Nguyen et al., 2016).
Within the training domain, our development-set re-
sults are shown in Table 4, comparing ColBERTv2
with vanilla ColBERT as well as state-of-the-art
single-vector systems.

While ColBERT outperforms single-vector sys-
tems like RepBERT, ANCE, and even TAS-B, im-
provements in supervision such as distillation from
cross-encoders enable systems like SPLADEv2,

Method
Official Dev (7k) Local Eval (5k)

MRR@10 R@50 R@1k MRR@10 R@50 R@1k

Models without Distillation or Special Pretraining

RepBERT 30.4 - 94.3 - - -
DPR 31.1 - 95.2 - - -
ANCE 33.0 - 95.9 - - -
LTRe 34.1 - 96.2 - - -
ColBERT 36.0 82.9 96.8 36.7 - -

Models with Distillation or Special Pretraining

TAS-B 34.7 - 97.8 - - -
SPLADEv2 36.8 - 97.9 37.9 84.9 98.0
PAIR 37.9 86.4 98.2 - - -
coCondenser 38.2 - 98.4 - - -
RocketQAv2 38.8 86.2 98.1 39.8 85.8 97.9
ColBERTv2 39.7 86.8 98.4 40.8 86.3 98.3

Table 4: In-domain performance on the development
set of MS MARCO Passage Ranking as well the “Local
Eval” test set described by Khattab and Zaharia (2020).
Dev-set results for baseline systems are from their re-
spective papers: Zhan et al. (2020b), Xiong et al. (2020)
for DPR and ANCE, Zhan et al. (2020a), Khattab and
Zaharia (2020), Hofstätter et al. (2021), Gao and Callan
(2021), Ren et al. (2021a), Formal et al. (2021a), and
Ren et al. (2021b).

PAIR, and RocketQAv2 to achieve higher qual-
ity than vanilla ColBERT. These supervision gains
challenge the value of fine-grained late interaction,
and it is not inherently clear whether the stronger
inductive biases of ColBERT-like models permit it
to accept similar gains under distillation, especially
when using compressed representations. Despite
this, we find that with denoised supervision and
residual compression, ColBERTv2 achieves the
highest quality across all systems. As we discuss
in §5.3, it exhibits space footprint competitive with
these single-vector models and much lower than
vanilla ColBERT.

Besides the official dev set, we evaluated Col-
BERTv2, SPLADEv2, and RocketQAv2 on the
“Local Eval” test set described by Khattab and Za-
haria (2020) for MS MARCO, which consists of
5000 queries disjoint with the training and the of-
ficial dev sets. These queries are obtained from
labeled 50k queries that are provided in the official
MS MARCO Passage Ranking task as additional
validation data.4 On this test set, ColBERTv2 ob-
tains 40.8% MRR@10, considerably outperform-
ing the baselines, including RocketQAv2 which
makes use of document titles in addition to the
passage text unlike the other systems.

4These are sampled from delta between qrels.dev.tsv
and qrels.dev.small.tsv on https://microsoft.
github.io/msmarco/Datasets. We refer to Khattab and
Zaharia (2020) for details. All our query IDs will be made
public to aid reproducibility.
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Corpus Models without Distillation Models with Distillation
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BEIR Search Tasks (nDCG@10)

DBPedia 39.2 23.6 28.1 28.4 38.4 35.6 43.5 44.6
FiQA 31.7 27.5 29.5 29.6 30.0 30.2 33.6 35.6
NQ 52.4 39.8 44.6 44.2 46.3 50.5 52.1 56.2
HotpotQA 59.3 37.1 45.6 46.2 58.4 53.3 68.4 66.7
NFCorpus 30.5 20.8 23.7 24.4 31.9 29.3 33.4 33.8
T-COVID 67.7 56.1 65.4 67.6 48.1 67.5 71.0 73.8
Touché (v2) - - - - - 24.7 27.2 26.3

BEIR Semantic Relatedness Tasks (nDCG@10)

ArguAna 23.3 41.4 41.5 41.8 42.7 45.1 47.9 46.3
C-FEVER 18.4 17.6 19.8 20.6 22.8 18.0 23.5 17.6
FEVER 77.1 58.9 66.9 68.0 70.0 67.6 78.6 78.5
Quora 85.4 84.2 85.2 85.6 83.5 74.9 83.8 85.2
SCIDOCS 14.5 10.8 12.2 12.4 14.9 13.1 15.8 15.4
SciFact 67.1 47.8 50.7 50.2 64.3 56.8 69.3 69.3

(a)
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OOD Wikipedia Open QA (Success@5)

NQ-dev 65.7 44.6 - - 65.6 68.9
TQ-dev 72.6 67.6 - - 74.7 76.7
SQuAD-dev 60.0 50.6 - - 60.4 65.0

LoTTE Search Test Queries (Success@5)

Writing 74.7 60.3 74.4 78.0 77.1 80.1
Recreation 68.5 56.5 64.7 72.1 69.0 72.3
Science 53.6 32.7 53.6 55.3 55.4 56.7
Technology 61.9 41.8 59.6 63.4 62.4 66.1
Lifestyle 80.2 63.8 82.3 82.1 82.3 84.7
Pooled 67.3 48.3 66.4 69.8 68.9 71.6

LoTTE Forum Test Queries (Success@5)

Writing 71.0 64.0 68.8 71.5 73.0 76.3
Recreation 65.6 55.4 63.8 65.7 67.1 70.8
Science 41.8 37.1 36.5 38.0 43.7 46.1
Technology 48.5 39.4 46.8 47.3 50.8 53.6
Lifestyle 73.0 60.6 73.1 73.7 74.0 76.9
Pooled 58.2 47.2 55.7 57.7 60.1 63.4

(b)
Table 5: Zero-shot evaluation results. Sub-table (a) reports results on BEIR and sub-table (b) reports results on
the Wikipedia Open QA and the test sets of the LoTTE benchmark. On BEIR, we test ColBERTv2 and Rock-
etQAv2 and copy the results for ANCE, TAS-B, and ColBERT from Thakur et al. (2021), for MoDIR and DPR-
MSMARCO (DPR-M) from Xin et al. (2021), and for SPLADEv2 from Formal et al. (2021a).

5.2 Out-of-Domain Retrieval Quality

Next, we evaluate ColBERTv2 outside the train-
ing domain using BEIR (Thakur et al., 2021),
Wikipedia Open QA retrieval as in Khattab et al.
(2021b), and LoTTE. We compare against a wide
range of recent and state-of-the-art retrieval sys-
tems from the literature.

BEIR. We start with BEIR, reporting the quality
of models that do not incorporate distillation from
cross-encoders, namely, ColBERT (Khattab and
Zaharia, 2020), DPR-MARCO (Xin et al., 2021),
ANCE (Xiong et al., 2020), and MoDIR (Xin et al.,
2021), as well as models that do utilize distil-
lation, namely, TAS-B (Hofstätter et al., 2021),
SPLADEv2 (Formal et al., 2021a), and also Rock-
etQAv2, which we test ourselves using the official
checkpoint trained on MS MARCO. We divide
the table into “search” (i.e., natural queries and
questions) and “semantic relatednes” (e.g., citation-
relatedness and claim verification) tasks to reflect
the nature of queries in each dataset.5

Table 5a reports results with the official
nDCG@10 metric. Among the models with-

5Following Formal et al. (2021a), we conduct our evalu-
ationg using the publicly-available datasets in BEIR. Refer
to §E for details.

out distillation, we see that the vanilla ColBERT
model outperforms the single-vector systems DPR,
ANCE, and MoDIR across all but three tasks. Col-
BERT often outpaces all three systems by large
margins and, in fact, outperforms the TAS-B model,
which utilizes distillation, on most datasets. Shift-
ing our attention to models with distillation, we see
a similar pattern: while distillation-based models
are generally stronger than their vanilla counter-
parts, the models that decompose scoring into term-
level interactions, ColBERTv2 and SPLADEv2,
are almost always the strongest.

Looking more closely into the comparison be-
tween SPLADEv2 and ColBERTv2, we see that
ColBERTv2 has an advantage on six benchmarks
and ties SPLADEv2 on two, with the largest im-
provements attained on NQ, TREC-COVID, and
FiQA-2018, all of which feature natural search
queries. On the other hand, SPLADEv2 has the
lead on five benchmarks, displaying the largest
gains on Climate-FEVER (C-FEVER) and Hot-
PotQA. In C-FEVER, the input queries are sen-
tences making climate-related claims and, as a re-
sult, do not reflect the typical characteristics of
search queries. In HotPotQA, queries are written
by crowdworkers who have access to the target pas-
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sages. This is known to lead to artificial lexical
bias (Lee et al., 2019), where crowdworkers copy
terms from the passages into their questions as in
the Open-SQuAD benchmark.

Wikipedia Open QA. As a further test of out-
of-domain generalization, we evaluate the MS
MARCO-trained ColBERTv2, SPLADEv2, and
vanilla ColBERT on retrieval for open-domain
question answering, similar to the out-of-domain
setting of Khattab et al. (2021b). We report
Success@5 (sometimes referred to as Recall@5),
which is the percentage of questions whose short
answer string overlaps with one or more of the
top-5 passages. For the queries, we use the de-
velopment set questions of the open-domain ver-
sions (Lee et al., 2019; Karpukhin et al., 2020) of
Natural Questions (NQ; Kwiatkowski et al. 2019),
TriviaQA (TQ; Joshi et al. 2017), and SQuAD (Ra-
jpurkar et al., 2016) datasets in Table 5b. As a
baseline, we include the BM25 (Robertson et al.,
1995) results using the Anserini (Yang et al., 2018a)
toolkit. We observe that ColBERTv2 outperforms
BM25, vanilla ColBERT, and SPLADEv2 across
the three query sets, with improvements of up to
4.6 points over SPLADEv2.

LoTTE. Next, we analyze performance on the
LoTTE test benchmark, which focuses on natural
queries over long-tail topics and exhibits a different
annotation pattern to the datasets in the previous
OOD evaluations. In particular, LoTTE uses auto-
matic Google rankings (for the “search” queries)
and organic StackExchange question–answer pairs
(for “forum” queries), complimenting the pooling-
based annotation of datasets like TREC-COVID (in
BEIR) and the answer overlap metrics of Open-QA
retrieval. We report Success@5 for each corpus on
both search queries and forum queries.

Overall, we see that ANCE and vanilla Col-
BERT outperform BM25 on all topics, and that
the three methods using distillation are generally
the strongest. Similar to the Wikipedia-OpenQA
results, we find that ColBERTv2 outperforms the
baselines across all topics for both query types, im-
proving upon SPLADEv2 and RocketQAv2 by up
to 3.7 and 8.1 points, respectively. Considering
the baselines, we observe that while RocketQAv2
tends to have a slight advantage over SPLADEv2
on the “search” queries, SPLADEv2 is consider-
ably more effective on the “forum” tests. We hy-
pothesize that the search queries, obtained from
Google (through GooAQ) are more similar to MS

MARCO than the forum queries and, as a result,
the latter stresses generalization more heavily, re-
warding term-decomposed models like SPLADEv2
and ColBERTv2.

5.3 Efficiency

ColBERTv2’s residual compression approach sig-
nificantly reduces index sizes compared to vanilla
ColBERT. Whereas ColBERT requires 154 GiB
to store the index for MS MARCO, ColBERTv2
only requires 16 GiB or 25 GiB when compressing
embeddings to 1 or 2 bit(s) per dimension, respec-
tively, resulting in compression ratios of 6–10×.
This storage figure includes 4.5 GiB for storing the
inverted list.

This matches the storage for a typical single-
vector model on MS MARCO, with 4-byte lossless
floating-point storage for one 768-dimensional vec-
tor for each of the 9M passages amounting to a little
over 25 GiBs. In practice, the storage for a single-
vector model could be even larger when using a
nearest-neighbor index like HNSW for fast search.
Conversely, single-vector representations could be
themselves compressed very aggressively (Zhan
et al., 2021a, 2022), though often exacerbating the
loss in quality relative to late interaction methods
like ColBERTv2.

We discuss the impact of our compression
method on search quality in Appendix B and
present query latency results on the order of 50–
250 milliseconds per query in Appendix C.

6 Conclusion

We introduced ColBERTv2, a retriever that ad-
vances the quality and space efficiency of multi-
vector representations. We hypothesized that clus-
ter centroids capture context-aware semantics of
the token-level representations and proposed a
residual representation that leverages these patterns
to dramatically reduce the footprint of multi-vector
systems off-the-shelf. We then explored improved
supervision for multi-vector retrieval and found
that their quality improves considerably upon distil-
lation from a cross-encoder system. The proposed
ColBERTv2 considerably outperforms existing re-
trievers in within-domain and out-of-domain evalu-
ations, which we conducted extensively across 28
datasets, establishing state-of-the-art quality while
exhibiting competitive space footprint.
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Broader Impact & Ethical Considerations

This work is primarily an effort toward retrieval
models that generalize better while performing
reasonably efficiently in terms of space consump-
tion. Strong out-of-the-box generalization to small
domain-specific applications can serve many users
in practice, particularly where training data is not
available. Moreover, retrieval holds significant
promise for many downstream NLP tasks, as it
can help make language models smaller and thus
more efficient (i.e., by decoupling knowledge from
computation), more transparent (i.e., by allowing
users to check the sources the model relied on when
making a claim or prediction), and easier to update
(i.e., by allowing developers to replace or add doc-
uments to the corpus without retraining the model)
(Guu et al., 2020; Borgeaud et al., 2021; Khattab
et al., 2021a). Nonetheless, such work poses risks
in terms of misuse, particularly toward misinforma-
tion, as retrieval can surface results that are relevant
yet inaccurate, depending on the contents of a cor-
pus. Moreover, generalization from training on
a large-scale dataset can propagate the biases of
that dataset well beyond its typical reach to new
domains and applications.

While our contributions have made ColBERT’s
late interaction more efficient at storage costs, large-
scale distillation with hard negatives increases sys-
tem complexity and accordingly increases train-
ing cost, when compared with the straightforward
training paradigm of the original ColBERT model.
While ColBERTv2 is efficient in terms of latency
and storage at inference time, we suspect that un-
der extreme resource constraints, simpler model de-
signs like SPLADEv2 or RocketQAv2 could lend
themselves to easier-to-optimize environments. We
leave low-level systems optimizations of all sys-
tems to future work. Another worthwhile di-
mension for future exploration of tradeoffs is re-
ranking architectures over various systems with

cross-encoders, which are known to be expensive
yet precise due to their highly expressive capacity.

Research Limitations

While we evaluate ColBERTv2 on a wide range of
tests, all of our benchmarks are in English and, in
line with related work, our out-of-domain tests eval-
uate models that are trained on MS MARCO. We
expect our approach to work effectively for other
languages and when all models are trained using
other, smaller training set (e.g., NaturalQuestions),
but we leave such tests to future work.

We have observed consistent gains for Col-
BERTv2 against existing state-of-the-art systems
across many diverse settings. Despite this, almost
all IR datasets contain false negatives (i.e., rele-
vant but unlabeled passages) and thus some cau-
tion is needed in interpreting any individual result.
Nonetheless, we intentionally sought out bench-
marks with dissimilar annotation biases: for in-
stance, TREC-COVID (in BEIR) annotates the
pool of documents retrieved by the systems submit-
ted at the time of the competition, LoTTE uses au-
tomatic Google rankings (for “search” queries) and
StackExchange question–answer pairs (for “forum”
queries), and the Open-QA tests rely on passage-
answer overlap for factoid questions. ColBERTv2
performed well in all of these settings. We discuss
other issues pertinent to LoTTE in Appendix §D.

We have compared with a wide range of strong
baselines—including sparse retrieval and single-
vector models—and found reliable patterns across
tests. However, we caution that empirical trends
can change as innovations are introduced to each of
these families of models and that it can be difficult
to ensure exact apple-to-apple comparisons across
families of models, since each of them calls for
different sophisticated tuning strategies. We thus
primarily used results and models from the rich
recent literature on these problems, with models
like RocketQAv2 and SPLADEv2.

On the representational side, we focus on reduc-
ing the storage cost using residual compression,
achieving strong gains in reducing footprint while
largely preserving quality. Nonetheless, we have
not exhausted the space of more sophisticated opti-
mizations possible, and we would expect more so-
phisticated forms of residual compression and com-
posing our approach with dropping tokens (Zhou
and Devlin, 2021) to open up possibilities for fur-
ther reductions in space footprint.
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Figure 2: Empirical CDFs analyzing semantic proper-
ties of MS MARCO token-level embeddings both en-
coded by ColBERT and randomly generated. The em-
beddings are partitioned into 218 clusters and corre-
spond to roughly 27,000 distinct tokens.

A Analysis of ColBERT’s Semantic
Space

ColBERT (Khattab and Zaharia, 2020) decomposes
representations and similarity computation at the
token level. Because of this compositional archi-
tecture, we hypothesize that ColBERT exhibits a
“lightweight” semantic space: without any special
re-training, vectors corresponding to each sense of
a word would cluster very closely, with only minor
variation due to context.

If this hypothesis is true, we would expect the
embeddings corresponding to each token in the
vocabulary to localize in only a small number of
regions in the embedding space, corresponding
to the contextual “senses” of the token. To val-
idate this hypothesis, we analyze the ColBERT
embeddings corresponding to the tokens in the
MS MARCO Passage Ranking (Nguyen et al.,
2016) collection: we perform k-means clustering
on the nearly 600M embeddings—corresponding
to 27,000 unique tokens—into k = 218 clusters.
As a baseline, we repeat this clustering with ran-
dom embeddings but keep the true distribution of
tokens. Figure 2 presents empirical cumulative dis-
tribution function (eCDF) plots representing the
number of distinct non-stopword tokens appear-
ing in each cluster (2a) and the number of distinct
clusters in which each token appears (2b).6 Most
tokens appear in a very small fraction of the num-
ber of centroids: in particular, we see that roughly
90% of clusters have ≤ 16 distinct tokens with

6We rank tokens by number of clusters they appear in and
designate the top-1% (under 300) as stopwords.

the ColBERT embeddings, whereas less than 50%
of clusters have ≤ 16 distinct tokens with the ran-
dom embeddings. This suggests that the centroids
effectively map the ColBERT semantic space.

Table 6 presents examples to highlight the se-
mantic space captured by the centroids. The most
frequently appearing tokens in cluster #917 relate
to photography; these include, for example, ‘pho-
tos’ and ‘photographs’. If we then examine the
additional clusters in which these tokens appear,
we find that there is substantial semantic overlap
between these new clusters (e.g., Photos-Photo,
Photo-Image-Picture) and cluster #917. We ob-
serve a similar effect with tokens appearing in clus-
ter #216932, comprising tornado-related terms.

This analysis indicates that cluster centroids can
summarize the ColBERT representations with high
precision. In §3.3, we propose a residual compres-
sion mechanism that uses these centroids along
with minor refinements at the dimension level to
efficiently encode late-interaction vectors.

B Impact of Compression

Our residual compression approach (§3.3) pre-
serves approximately the same quality as the un-
compressed embeddings. In particular, when ap-
plied to a vanilla ColBERT model on MS MARCO
whose MRR@10 is 36.2% and Recall@50 is
82.1%, the quality of the model with 2-bit compres-
sion is 36.2% MRR@10 and 82.3% Recall@50.
With 1-bit compression, the model achieves 35.5%
MRR@10 and 81.6% Recall@50.7

We also tested the residual compression ap-
proach on late-interaction retrievers that conduct
downstream tasks, namely, ColBERT-QA (Khat-
tab et al., 2021b) for the NaturalQuestions open-
domain QA task, and Baleen (Khattab et al., 2021a)
for multi-hop reasoning on HoVer for claim verifi-
cation. On the NQ dev set, ColBERT-QA’s suc-
cess@5 (success@20) dropped only marginally
from 75.3% (84.3%) to 74.3% (84.2%) and
its downstream Open-QA answer exact match
dropped from 47.9% to 47.7%, when using 2-bit
compression for retrieval and using the same check-
points of ColBERT-QA otherwise.

7We contrast this with an early implementation of com-
pression for ColBERT, which used binary representations as
in BPR (Yamada et al., 2021a) without residual centroids,
and achieves 34.8% (35.7%) MRR@10 and 80.5% (81.8%)
Recall@50 with 1-bit (2-bit) binarization. Like the original
ColBERT, this form of compression relied on a separate FAISS
index for candidate generation.
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Cluster ID Most Common Tokens
Most Common Clusters Per Token

Token Clusters

917
‘photos’, ‘photo’, ‘pictures’,

‘photographs’, ‘images’,
‘photography’, ‘photograph’

‘photos’ Photos-Photo, Photos-Pictures-Photo

‘photo’ Photo-Image-Picture, Photo-Picture-Photograph, Photo-Picture-Photography

‘pictures’ Pictures-Picture-Images, Picture-Pictures-Artists, Pictures-Photo-Picture

216932
‘tornado’, ‘tornadoes’, ‘storm’

‘hurricane’, ‘storms’

‘tornado’ Tornado-Hurricane-Storm, Tornadoes-Tornado-Blizzard

‘tornadoes’ Tornadoes-Tornado-Storms, Tornadoes-Tornado-Blizzard, Tornado-Hurricane-Storm

‘storm’ Storm-Storms, Storm-Storms-Weather, Storm-Storms-Tempest

Table 6: Examples of clusters taken from all MS MARCO passages. We present the tokens that appear most
frequently in the selected clusters as well as additional clusters the top tokens appear in.
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Similarly, on the HoVer (Jiang et al., 2020) dev
set, Baleen’s retrieval R@100 dropped from 92.2%
to only 90.6% but its sentence-level exact match
remained roughly the same, going from 39.2% to
39.4%. We hypothesize that the supervision meth-
ods applied in ColBERTv2 (§3.2) can also be ap-
plied to lift quality in downstream tasks by improv-
ing the recall of retrieval for these tasks. We leave
such exploration for future work.

C Retrieval Latency

Figure 3 evaluates the latency of ColBERTv2
across three collections of varying sizes, namely,
MS MARCO, LoTTE Pooled (dev), and LoTTE
Lifestyle (dev), which contain approximately 9M
passages, 2.4M answer posts, and 270k answer
posts, respectively. We average latency across three
runs of the MS MARCO dev set and the LoTTE
“search” queries. Search is executed using a Titan
V GPU on a server with two Intel Xeon Gold 6132
CPUs, each with 28 hardware execution contexts.

The figure varies three settings of ColBERTv2.
In particular, we evaluate indexing with 1-bit and
2-bit encoding (§3.4) and searching by probing the
nearest 1, 2, or 4 centroids to each query vector
(§3.5). When probing probe centroids per vector,
we score either probe× 212 or probe× 214 candi-
dates per query.8

To begin with, we notice that the quality reported
on the x-axis varies only within a relatively narrow
range. For instance, the axis ranges from 38.50
through 39.75 for MS MARCO, and all but two of
the cheapest settings score above 39.00. Similarly,
the y-axis varies between approximately 50 mil-
liseconds per query up to 250 milliseconds (mostly
under 150 milliseconds) using our relatively simple
Python-based implementation.

Digging deeper, we see that the best quality
in these metrics can be achieved or approached
closely with around 100 milliseconds of latency
across all three datasets, despite their various sizes
and characteristics, and that 2-bit indexing reliably
outperforms 1-bit indexing but the loss from more
aggressive compression is small.

D LoTTE

Domain coverage Table 9 presents the full dis-
tribution of communities in the LoTTE dev dataset.

8These settings are selected based on preliminary explo-
ration of these parameters, which indicated that performance
for larger probe values tends to require scoring a larger num-
ber of candidates.
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Figure 4: LoTTE words per passage
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Figure 5: LoTTE words per query

The topics covered by LoTTE cover a wide range
of linguistic phenomena given the diversity in top-
ics and communities represented. However, since
all posts are submitted by anonymous users we do
not have demographic information regarding the
identify of the contributors. All posts are written
in English.

Passages As mentioned in §4, we construct
LoTTE collections by selecting passages from the
StackExchange archive with positive scores. We
remove HTML tags from passages and filter out
empty passages. For each passage we record its
corresponding query and save the query-to-passage
mapping to keep track of the posted answers corre-
sponding to each query.

Search queries We construct the list of LoTTE
search queries by drawing from GooAQ queries
that appear in the StackExchange post archive. We
first shuffle the list of GooAQ queries so that in
cases where multiple queries exist for the same
answer passage we randomly select the query to
include in LoTTE rather than always selecting the
first appearing query. We verify that every query
has at least one corresponding answer passage.

Forum queries For each LoTTE topic and its
constituent communities we first compute the frac-
tion of the total queries attributed to each individ-
ual community. We then use this distribution to
construct a truncated query set by selecting the
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LoTTE Search Dev Queries (Success@5)

Writing 76.3 47.3 75.7 79.5 78.9 81.7
Recreation 71.8 56.3 66.1 73.0 70.7 76.0
Science 71.7 52.2 66.9 67.7 73.4 74.2
Technology 52.8 35.8 55.7 54.3 56.3 59.3
Lifestyle 73.1 54.4 69.8 72.4 71.2 75.8
Pooled 65.4 45.6 63.7 66.4 67.0 69.3

LoTTE Forum Dev Queries (Success@5)

Writing 75.5 66.2 74.4 75.5 78.1 80.8
Recreation 69.1 56.6 65.9 69.0 68.9 71.8
Science 58.2 51.3 56.3 56.7 59.9 62.6
Technology 39.6 30.7 38.8 39.9 42.1 45.0
Lifestyle 61.1 48.2 61.8 62.0 61.8 65.8
Pooled 59.1 47.8 57.4 58.9 60.6 63.7

Table 7: Zero-shot evaluation results on the dev sets of
the LoTTE benchmark.

highest ranked queries from each community as
determined by 1) the query scores and 2) the query
view counts. We only use queries which have an
accepted answer. We ensure that each community
contributes at least 50 queries to the truncated set
whenever possible. We set the overall size of the
truncated set to be 2000 queries, though note that
the total can exceed this due to rounding and/or the
minimum per-community query count. We remove
all quotation marks and HTML tags.

Statistics Figure 4 plots the number of words
per passage in each LoTTE dev corpus. Figures 5
and 6 plot the number of words and number of
corresponding answer passages respectively per
query, split across search and forum queries.

Dev Results Table 7 presents out-of-domain eval-
uation results on the LoTTE dev queries. Continu-
ing the trend we observed in 5, ColBERTv2 consis-
tently outperforms all other models we tested.

Licensing and Anonymity The original Stack-
Exchange post archive is licensed under a Cre-
ative Commons BY-SA 4.0 license (sta). Personal
data is removed from the archive before being up-
loaded, though all posts are public; when we re-
lease LoTTE publicly we will include URLs to the
original posts for proper attribution as required by
the license. The GooAQ dataset is licensed under
an Apache license, version 2.0 (Khashabi et al.,
2021). We will also release LoTTE with a CC BY-
SA 4.0 license. The search queries can be used for
non-commercial research purposes only as per the
GooAQ license.

E Datasets in BEIR

Table 8 lists the BEIR datasets we used in our evalu-
ation, including their respective license information
as well as the numbers of documents as well as the
number of test set queries. We refer to Thakur et al.
(2021) for a more detailed description of each of
the datasets.

Our Touché evaluation uses an updated version
of the data in BEIR, which we use for evaluating the
models we run (i.e., ColBERTv2 and RocketQAv2)
as well as SPLADEv2.

Dataset License # Passages # Test Queries

ArguAna (Wachsmuth et al., 2018) CC BY 4.0 8674 1406
Climate-Fever (Diggelmann et al., 2020) Not reported 5416593 1535
DBPedia (Auer et al., 2007) CC BY-SA 3.0 4635922 400
FEVER (Thorne et al., 2018) CC BY-SA 3.0
FiQA-2018 (Maia et al., 2018) Not reported 57638 648
HotpotQA (Yang et al., 2018b) CC BY-SA 4.0 5233329 7405
NFCorpus (Boteva et al., 2016) Not reported 3633 323
NQ (Kwiatkowski et al., 2019) CC BY-SA 3.0 2681468 3452

SCIDOCS (Cohan et al., 2020)
GNU General Public

License v3.0
25657 1000

SciFact (Wadden et al., 2020) CC BY-NC 2.0 5183 300
Quora Not reported 522931 10000
Touché-2020 (Bondarenko et al., 2020) CC BY 4.0 382545 49

TREC-COVID (Voorhees et al., 2021)
Dataset License

Agreement
171332 50

Table 8: BEIR dataset information.

We also tested on the Open-QA benchmarks NQ,
TQ, and SQuAD, each of which has approximately
9k dev-set questions and muli-hop HoVer, whose
development set has 4k claims. In the compression
evaluation §B, we used models trained in-domain
on NQ and HoVer, whose training sets contain 79k
and 18k queries, respectively.

F Implementation & Hyperparameters

We implement ColBERTv2 using Python 3.7,
PyTorch 1.9, and HuggingFace Transformers
4.10 (Wolf et al., 2020), extending the original im-
plementation of ColBERT by Khattab and Zaharia
(2020). We use FAISS 1.7 (Johnson et al., 2019) for
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k-means clustering,9 though unlike ColBERT we
do not use it for nearest-neighbor search. Instead,
we implement our candidate generation mechanism
(§3.5) using PyTorch primitives in Python.

We conducted our experiments on an internal
cluster, typically using up to four 12GB Titan V
GPUs for each of the inference tasks (e.g., index-
ing, computing distillation scores, and retrieval)
and four 80GB A100 GPUs for training, though
GPUs with smaller RAM can be used via gradient
accumulation. Using this infrastructure, computing
the distillation scores takes under a day, training a
64-way model on MS MARCO for 400,000 steps
takes around five days, and indexing takes approx-
imately two hours. We very roughly estimate an
upper bound total of 20 GPU-months for all experi-
mentation, development, and evaluation performed
for this work over a period of several months.

Like ColBERT, our encoder is a
bert-base-uncased model that is shared
between the query and passage encoders and which
has 110M parameters. We retain the default vector
dimension suggested by Khattab and Zaharia
(2020) and used in subsequent work, namely,
d=128. For the experiments reported in this paper,
we train on MS MARCO training set. We use
simple defaults with limited manual exploration on
the official development set for the learning rate
(10−5), batch size (32 examples), and warm up
(for 20,000 steps) with linear decay.

Hyperparameters corresponding to retrieval are
explored in §C. We default to probe = 2, but
use probe = 4 on the largest datasets, namely,
MS MARCO and Wikipedia. By default we set
candidates = probe ∗ 212, but for Wikipedia
we set candidates = probe ∗ 213 and for MS
MARCO we set candidates = probe ∗ 214. We
leave extensive tuning of hyperparameters to future
work.

We train on MS MARCO using 64-way tuples
for distillation, sampling them from the top-500
retrieved passages per query. The training set of
MS MARCO contains approximately 800k queries,
though only about 500k have associated labels. We
apply distillation using all 800k queries, where
each training example contains exactly one “posi-
tive”, defined as a passage labeled as positive or the
top-ranked passage by the cross-encoder teacher,
irrespective of its label.

We train for 400k steps, initializing from a pre-

9https://github.com/facebookresearch/faiss

finetuned checkpoint using 32-way training exam-
ples and 150k steps. To generate the top-k pas-
sages per training query, we apply two rounds, fol-
lowing Khattab et al. (2021b). We start from a
model trained with hard triples (akin to Khattab
et al. (2021b)), train with distillation, and then use
the distilled model to retrieve for the second round
of training. Preliminary experiments indicate that
quality has low sensitivity to this initialization and
two-round training, suggesting that both of them
could be avoided to reduce the cost of training.

Unless otherwise stated, the results shown rep-
resent a single run. The latency results in §3 are
averages of three runs. To evaluate for Open-QA re-
trieval, we use evaluation scripts from Khattab et al.
(2021b), which checks if the short answer string
appears in the (titled) Wikipedia passage. This
adapts the DPR (Karpukhin et al., 2020) evaluation
code.10 We use the preprocessed Wikipedia Dec
2018 dump released by Karpukhin et al. (2020).

For out-of-domain evaluation, we elected to fol-
low Thakur et al. (2021) and set the maximum
document length of ColBERT, RocketQAv2, and
ColBERTv2 to 300 tokens on BEIR and LoTTE.
Formal et al. (2021a) selected maximum sequence
length 256 for SPLADEv2 both on MS MARCO
and on BEIR for both queries and documents, and
we retained this default when testing their system
on LoTTE. Unless otherwise stated, we keep the
default query maximum sequence length for Col-
BERTv2 and RocketQAv2, which is 32 tokens. For
the ArguAna test in BEIR, as the queries are them-
selves long documents, we set the maximum query
length used by ColBERTv2 and RocketQAv2 to
300. For Climate-FEVER, as the queries are rela-
tively long sentence claims, we set the maximum
query length used by ColBERTv2 to 64.

We use the open source BEIR implementation11

and SPLADEv2 evaluation12 code as the basis for
our evaluations of SPLADEv2 and ANCE as well
as for BM25 on LoTTE. We use the Anserini (Yang
et al., 2018a) toolkit for BM25 on the Wikipedia
Open-QA retrieval tests as in Khattab et al. (2021b).
We use the implementation developed by the Rock-
etQAv2 authors for evaluating RocketQAv2.13

10https://github.com/facebookresearch/DPR/blob/
main/dpr/data/qa_validation.py

11https://github.com/UKPLab/beir
12https://github.com/naver/splade
13https://github.com/PaddlePaddle/RocketQA
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Topic Communities # Passages # Search queries # Forum queries

Writing

ell.stackexchange.com 108143 433 1196
literature.stackexchange.com 4778 7 58
writing.stackexchange.com 29330 23 163
linguistics.stackexchange.com 12302 22 116
worldbuilding.stackexchange.com 122519 12 470

Recreation

rpg.stackexchange.com 89066 91 621
boardgames.stackexchange.com 20340 67 179
scifi.stackexchange.com 102561 343 852
photo.stackexchange.com 51058 62 350

Science

chemistry.stackexchange.com 39435 245 267
stats.stackexchange.com 144084 137 949
academia.stackexchange.com 76450 66 302
astronomy.stackexchange.com 14580 15 88
earthscience.stackexchange.com 6734 10 50
engineering.stackexchange.com 12064 16 77
datascience.stackexchange.com 23234 15 156
philosophy.stackexchange.com 27061 34 124

Technology

superuser.com 418266 441 648
electronics.stackexchange.com 205891 118 314
askubuntu.com 296291 132 480
serverfault.com 323943 148 506
webapps.stackexchange.com 31831 77 55

Lifestyle

pets.stackexchange.com 10070 20 87
lifehacks.stackexchange.com 7893 2 50
gardening.stackexchange.com 20601 16 182
parenting.stackexchange.com 18357 10 87
crafts.stackexchange.com 3094 4 50
outdoors.stackexchange.com 13324 16 76
coffee.stackexchange.com 2249 11 50
music.stackexchange.com 47399 65 287
diy.stackexchange.com 82659 135 732
bicycles.stackexchange.com 35567 40 229
mechanics.stackexchange.com 27680 98 246

Table 9: Per-community distribution of LoTTE dev dataset passages and questions.
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Abstract

Deep acoustic models represent linguistic infor-
mation based on massive amounts of data. Un-
fortunately, for regional languages and dialects
such resources are mostly not available. How-
ever, deep acoustic models might have learned
linguistic information that transfers to low-
resource languages. In this study, we evaluate
whether this is the case through the task of dis-
tinguishing low-resource (Dutch) regional vari-
eties. By extracting embeddings from the hid-
den layers of various wav2vec 2.0 models
(including new models which are pre-trained
and/or fine-tuned on Dutch) and using dynamic
time warping, we compute pairwise pronun-
ciation differences averaged over 10 words
for over 100 individual dialects from four (re-
gional) languages. We then cluster the result-
ing difference matrix in four groups and com-
pare these to a gold standard, and a partitioning
on the basis of comparing phonetic transcrip-
tions. Our results show that acoustic models
outperform the (traditional) transcription-based
approach without requiring phonetic transcrip-
tions, with the best performance achieved by
the multilingual XLSR-53 model fine-tuned
on Dutch. On the basis of only six seconds of
speech, the resulting clustering closely matches
the gold standard.

1 Introduction

Deep acoustic models have improved automatic
speech recognition (ASR) substantially in recent
years (Schneider et al., 2019; Baevski et al.,
2020a,b; Conneau et al., 2020). These models
represent linguistic information based on massive
amounts of data. While these models are gen-
erally evaluated on ASR benchmarks, few stud-
ies have addressed what kind of linguistic infor-
mation is represented by them. The work of
Pasad et al. (2021) examined information repre-
sented by the wav2vec 2.0 model (Baevski
et al., 2020b) across the various Transformer layers.
They showed that different layers encode different

types of linguistic information. Specifically, the
initial layers appeared to be most similar to the
input speech features, whereas the middle layers
mostly encoded contextual information. The final
layers again turned out to be similar to the input
speech features. However, the representations of
the final layers changed when the model was fine-
tuned, likely because task-specific information was
learned. In addition, Ma et al. (2021) investigated
several deep acoustic models using phonetic prob-
ing tasks, and found that representations from these
models capture information useful for distinguish-
ing English phones. Importantly, these deep acous-
tic models were better able to distinguish English
phones than using conventional MFCC or filterbank
features. Although they evaluated the transferabil-
ity of deep acoustic representations across several
domains, it remains unclear whether these mod-
els learned information that transfers to other lan-
guages. This is, however, important when working
on more inclusive speech technology. Especially
when resources for training these models are lack-
ing, such as for regional languages and dialects. In
this paper, we therefore investigate if hidden layers
of deep acoustic models incorporate fine-grained
information, which can be used to represent dif-
ferences between, and in turn distinguish, regional
language varieties.

Past work on investigating language variation
has often been based on computing pronuncia-
tion distances that rely on phonetically transcribed
speech (Nerbonne and Heeringa, 1997; Livescu
and Glass, 2000; Heeringa, 2004). These (edit) dis-
tances have been found to match perceptual judge-
ments of similarity well (Gooskens and Heeringa,
2004; Wieling et al., 2014). However, transcribing
speech phonetically is time-consuming and prone
to errors (Bucholtz, 2007; Novotney and Callison-
Burch, 2010). While automatic approaches for
computing phonetic transcriptions exist (e.g., Li
et al. 2020), they produce lower quality phonetic
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transcriptions than human transcribers do. Addi-
tionally, (discrete) phonetic transcriptions do not
capture all (continuous) aspects of human speech
(Liberman, 2018).

To mitigate these shortcomings, acoustic ap-
proaches have been developed for investigating lan-
guage variation (Huckvale, 2007; Ferragne and Pel-
legrino, 2010; Strycharczuk et al., 2020; Bartelds
et al., 2020). However, these studies either exclu-
sively focused on the vowels (ignoring differences
in the consonants), or were negatively influenced
by non-linguistic variation in the speech signal.

Recently, Bartelds et al. (2022) found that repre-
sentations from the hidden layers of pre-trained and
fine-tuned wav2vec 2.0 (large) models are suit-
able to represent language variation. They showed
that these representations capture linguistic infor-
mation that is not represented by phonetic transcrip-
tions, while being less sensitive to non-linguistic
variation in the speech signal. Furthermore, this
approach seems to provide a better match to human
perceptual judgements than phonetic transcription-
based approaches.

To investigate if wav2vec 2.0 acoustic mod-
els (including newly trained Dutch models) learn
fine-grained linguistic information that can transfer
to regional languages and dialects, we will assess
whether or not regional languages and dialects spo-
ken in the Netherlands can be distinguished using
these models. Our code and newly trained models
are publicly available.1

2 Dataset

We use Dutch dialect pronunciation recordings
from the Goeman-Taeldeman-Van Reenen-Project
(Goeman and Taeldeman, 1996). Audio recordings
of hundreds of words were obtained (and manually
phonetically transcribed) in the 1980s and 1990s
and are available for 613 dialect varieties in the
Netherlands and Belgium. Unfortunately, the hour-
long audio recordings were not segmented, and the
metadata with the time stamps we use to extract the
audio containing individual word pronunciations
were only partially available. In total, therefore,
we extract the acoustic recordings (judged to be
of sufficient quality) for 10 words (armen: ‘arms’,
deeg: ‘dough’, draden: ‘wires’, duiven: ‘pigeons’,
naalden: ‘needles’, ogen: ‘eyes’, pijpen: ‘pipes’,
tangen: ‘pliers’, volk: ‘people’, vuur: ‘fire’) pro-

1https://github.com/Bartelds/
language-variation

nounced in 106 locations in the Netherlands. On
average, the duration of these 10 words is only 6.3
seconds for each location. Some example pronun-
ciations are shown in Table 1.

Standard Frisian Low Saxon Limburgish
Dutch (Joure) (Eelde) (Echt)

Arms Ar@m@n jEr@m@n Paôms æK@m
Dough deIx deiç dEix deix
Wires drad@n trIdn drOdn dö8i

Table 1: Phonetic transcriptions of the words ‘arms’,
‘dough’, and ‘wires’ obtained from three locations where
different regional languages (Frisian, Low Saxon, and
Limburgish) are spoken, as well as in Standard Dutch.
The names of the locations are provided between paren-
theses.

3 Methods

We compute embeddings from the hidden Trans-
former layers of three fine-tuned deep acoustic
wav2vec 2.0 large models, and subsequently
determine pronunciation differences using dy-
namic time warping (DTW) with these embeddings
(Müller, 2007). We use fine-tuned acoustic mod-
els in this study as their hidden representations
were found to show the closest match with human
perceptual judgements of pronunciation variation
(Bartelds et al., 2022). For the transcription-based
approach, we apply a (phonetically sensitive) Lev-
enshtein distance algorithm to the available corre-
sponding phonetic transcriptions of the 10 words in
all locations. After averaging the word-based dif-
ferences, the result of both approaches is a distance
matrix representing the aggregate pronunciation
difference between every pair of locations. Both
distance matrices are then clustered in four groups
and quantitatively compared to a gold standard clus-
tering of four groups (see Figure 1a). These groups
correspond to the three regional languages spoken
in the Netherlands that are recognised by the Euro-
pean Charter for Regional or Minority Languages
(Frisian: light blue in Figure 1a, Low Saxon: dark
blue, Limburgish: light green) and standard Dutch
(dark green).

We use the fine-tuned English wav2vec 2.0
large model (abbreviated as w2v2-en) released
by Baevski et al. (2020b). In addition, we use
a new pre-trained Dutch wav2vec 2.0 large
model that is fine-tuned on Dutch labelled data
(abbreviated as w2v2-nl), and we use the multi-
lingual XLSR-53 model of Conneau et al. (2020)
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that is fine-tuned on the same Dutch labelled data
(XLSR-nl). We explicitly use models for Dutch
because this language is closely related to the dif-
ferent regional languages and dialects spoken in
the Netherlands (including Frisian, Low Saxon,
and Limburgish; Eberhard et al., 2021). The ad-
vantage of having a Transformer-based language
model that is linguistically closest was shown by
de Vries et al. (2021), albeit for a different task
(i.e. part-of-speech tagging). It may therefore be
the case that a high degree of language similarity is
also beneficial for Transformer-based models that
learn speech representations.

Acoustic models w2v2-en is pre-trained on
960 hours of English speech from the Librispeech
dataset (Panayotov et al., 2015). The model con-
sists of a convolutional encoder, a quantizer, and a
24-layer Transformer network. Subsequently, the
learned representations are fine-tuned on 960 hours
of labelled data by adding a randomly initialised
linear projection layer on top of the Transformer
network. This projection layer is used to predict
characters from the labelled data using the connec-
tionist temporal classification loss function (CTC;
Graves et al., 2006).
w2v2-nl is obtained by further pre-training

the English model on 243 hours (cross-talk and
silences removed) of Dutch speech from the Spo-
ken Dutch Corpus (Oostdijk, 2000). This approach
converged faster in preliminary experiments com-
pared to a randomly initialised network. Subse-
quently, the model is fine-tuned on the same 243
hours of (now labelled) Dutch speech using CTC.
Pre-training is performed for 2 million steps with
100,000 iterations for warm up, and a linearly de-
creasing learning rate starting at 5e−5. Fine-tuning
is performed on labelled data for 1 million steps,
with a linearly decreasing learning rate starting at
1e−5. Other configuration details are similar to
those reported in Baevski et al. (2020b).
XLSR-53 has the same architecture as the other

acoustic models, except that the quantizer has
learned a single set of discrete speech represen-
tations that is shared across the pre-training lan-
guages (which includes Dutch and German, but
not Frisian, Low Saxon or Limburgish). This
model is pre-trained on 56,000 hours of speech
in 53 languages (44,000 hours consists of English
speech) obtained from the BABEL, Common Voice
and Multilingual Librispeech datasets (Gales et al.,
2014; Ardila et al., 2020; Pratap et al., 2020). To

obtain XLSR-nl, XLSR-53 is fine-tuned on the
same labelled data as w2v2-nl with the same con-
figuration details.

Obtaining pronunciation differences We com-
pute pronunciation differences between all 106 lo-
cations in our dataset using both phonetic transcrip-
tions and acoustic embeddings. For determining
the phonetic transcription-based distance, we use
a variant of the Levenshtein distance (LD) algo-
rithm proposed by Wieling et al. (2012), which
includes automatically determined phonetic seg-
ment distances. This algorithm matches perception
well (Wieling et al., 2014) and is often used for
investigating dialect variation.

Given a pair of locations, recordings of the same
word are compared using LD (phonetic transcrip-
tions) or DTW (acoustic embeddings), which is a
frequently-used algorithm for comparing represen-
tations of acoustic sequences (Senin, 2008). The
acoustic embeddings are obtained for each model
for each of the 24 layers separately (i.e. to deter-
mine the optimal layer). The word-based distances
between two locations are averaged to determine
the single pronunciation distance between a loca-
tion pair. This process is repeated for all pairs to
create a symmetric distance matrix including all
locations.

Clustering We classify the phonetic transcription
distance matrix and the acoustic distance matri-
ces (three models times 24 layers) from the acous-
tic embeddings using seven clustering techniques,
yielding the four different groups. Of course, the
choice of clustering technique may influence the
results, but we determine the optimal clustering
algorithm by selecting the one best representing
the underlying difference matrix. We use cluster-
ing techniques that have previously been applied to
distance matrices of dialect pronunciations, namely
single link (sl), complete link (cl), group average
(ga), weighted average (wa), unweighted centroid
(uc), weighted centroid (wc) and minimum vari-
ance (mv) clustering (Heeringa et al., 2002; Prokić
and Nerbonne, 2008).

To select the best clustering algorithm, we cal-
culate the cophenetic correlation coefficient (Sokal
and Rohlf, 1962). This coefficient represents the
(Pearson) correlation between the original dis-
tances and the clustering-based cophenetic dis-
tances (i.e. extracted from the dendrogram underly-
ing the clustering). Higher values indicate a better
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(a) Gold standard clustering
(human-generated)

(b) XLSR-nl layer 15
(cl clustering)

(c) w2v2-en layer 13
(cl clustering)

(d) w2v2-nl layer 16
(wa clustering)

Figure 1: Cluster maps visualizing four clusters on the
map of the Netherlands. Separate clusters are indicated
by the different colours.

(a) XLSR-nl layer 15 (b) LD

Figure 2: MDS maps visualizing pronunciation differ-
ences based on Dutch dialect pronunciations. Similar
colours correspond to pronunciations that are also simi-
lar.

correspondence between the original data and the
clustering (with a value of 1 being perfect). We
determine the optimal clustering method for each
Transformer layer (for the acoustic models) per
model by selecting the one with the highest cophe-
netic correlation coefficient.

Evaluation We compare the layer-based cluster-
ing results per model to the gold standard clustering.

We do this by computing the CDistance score,
which is a clustering comparison measure proposed
by Coen et al. (2010). As opposed to other tech-
niques for comparing clustering partitions, this
measure incorporates spatial information in the
evaluation (i.e. the coordinates of the locations),
which is essential for evaluating spatial (i.e. geo-
graphical) clustering. The CDistance scores (for
the optimal clustering method per layer) are com-
pared across the layers for each model. The layer
with the lowest score per model (i.e. most closely
matching the gold standard clustering) is selected
for the comparison of the three models. In addition,
we create multidimensional scaling (MDS) maps
(Torgerson, 1952) using the best-performing model
and compare it to the frequently used LD algorithm
to show the (more fine-grained) relationship be-
tween the geographical location of the locations
and the pronunciation differences.

4 Results and discussion

Model Layer Clustering CDistance

w2v2-en 13 cl 0.34
w2v2-nl 16 wa 0.34
XLSR-nl 15 cl 0.20

LD ga 0.46

Table 2: CDistance scores for the different models
with the optimal clustering algorithm and output layer
(if applicable). Lower scores indicate a better match
with the gold standard clustering.

In Table 2, we show the CDistance scores as-
sociated with the different models. Ideally, the best
layer would have been selected using a validation
set instead of using all data, but our set of words
was unfortunately too small to be adequately split.
However, given that the optimal layers reported in
Table 2 correspond with the middle hidden layers
found to be best representing pronunciation differ-
ences in the work of Bartelds et al. (2022), we do
not believe this to be problematic.

Our results show that the XLSR-nl model with
output layer 15 and complete link clustering shows
the best performance among the fine-tuned models.
Note that the standard deviation of the performance
for the XLSR-nlmodel across all Transformer lay-
ers was equal to 0.09, which highlights the strong
performance of this model over the other models.
Importantly, all fine-tuned acoustic models improve
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over the LD algorithm, which is traditionally used
to investigate (dialectal) language variation. Per-
haps surprisingly, the w2v2-nl model performs
similar to the w2v2-en model. We do not have
a clear explanation for this pattern, but it may be
caused by the Dutch model being based on the En-
glish model, in combination with a smaller amount
of Dutch as opposed to English data used for pre-
training. In future work we aim to investigate this.

The multilingual XLSR-nl model outperforms
both monolingual models. The XLSR-nl model
is pre-trained on a variety of languages, including
Dutch, English and German. The regional lan-
guages and dialects spoken in the Netherlands have
clear links to these three languages (i.e. Frisian has
some overlap with English, Low Saxon has some
overlap with German, and all varieties overlap with
Dutch, which is also the fine-tuning language).

To illustrate, Figure 1 visualizes the gold stan-
dard together with the fine-tuned acoustic models.
The XLSR-nl model clearly classifies pronuncia-
tions in the geographical area where Limburgish is
spoken (i.e. the light green area) most accurately.
While the XLSR-nl model does not perfectly dis-
tinguish the Low Saxon pronunciations (i.e. the
dark blue area), the other models perform worse in
this regard.

To evaluate (albeit subjectively) how well more
fine-grained differences are captured by the best-
performing model, Figure 2 shows the MDS maps
for the XLSR-nl model, as well as the LD algo-
rithm. Both approaches show the relative grad-
ual nature of dialect variation well. However, the
XLSR-nl model seems to capture the larger dis-
tinctions (e.g., delineating the Limburgish area)
better than the LD algorithm. Based on these eval-
uations, XLSR-nl appears to be the best model
when little data is available.

5 Conclusion

We have found that the XLSR-nl model can be
effectively used to distinguish between language
groups in the Netherlands when only a small
amount of data is available. It even outperformed
the LD algorithm, which requires time-consuming
phonetic transcriptions. Our study further shows
that multilingual pre-training and fine-tuning on a
similar language (compared to the target languages)
is beneficial over using a monolingual model.
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Abstract
State-of-the-art pretrained NLP models con-
tain a hundred million to trillion parameters.
Adapters provide a parameter-efficient alterna-
tive for the full finetuning in which we can only
finetune lightweight neural network layers on
top of pretrained weights. Adapter layers are
initialized randomly. However, existing work
uses the same adapter architecture—i.e., the
same adapter layer on top of each layer of the
pretrained model—for every dataset, regardless
of the properties of the dataset or the amount
of available training data. In this work, we
introduce adaptable adapters that contain (1)
learning different activation functions for dif-
ferent layers and different input data, and (2) a
learnable switch to select and only use the ben-
eficial adapter layers. We show that adaptable
adapters achieve on-par performances with the
standard adapter architecture while using a con-
siderably smaller number of adapter layers. In
addition, we show that the selected adapter ar-
chitecture by adaptable adapters transfers well
across different data settings and similar tasks.
We propose to use adaptable adapters for de-
signing efficient and effective adapter architec-
tures. The resulting adapters (a) contain about
50% of the learning parameters of the stan-
dard adapter and are therefore more efficient
at training and inference, and require less stor-
age space, and (b) achieve considerably higher
performances in low-data settings.1

1 Introduction

Recent improvements in NLP are heavily skewed
towards using larger pretrained models (Roberts
et al., 2020) and given their considerably better
performances, using them is becoming unavoid-
able (Kaplan et al., 2020). Their improvements,
however, come at the cost of significant computa-
tional resources at training and inference times. For

∗The work has been mostly carried out during the employ-
ment at the UKP Lab, TU Darmstadt.

1The code is available at https://github.com/
UKPLab/adaptable-adapters.

instance, the number of parameters in recent pre-
trained models can vary from 110M in BERT-base
(Devlin et al., 2019) to 11 billion in T0 (Sanh et al.,
2022) to trillion parameters in Switch Transformers
(Fedus et al., 2021). Using such models for each
downstream application requires a vast amount of
storage, training, and inference computation budget
that is not accessible to every user.

Instead of fine-tuning these massive numbers of
parameters for each downstream task, we can use
adapter architectures (Houlsby et al., 2019; Pfeiffer
et al., 2020). Adapters are lightweight neural net-
work layers that are added on top of each layer of
the pretrained model. As opposed to the standard
model fine-tuning, in which all layers are fine-tuned
for the target task, adapter-based tuning freezes the
transformer layers and only trains the newly added
adapter layers. Since the majority of parameters—
i.e., the layers of the large pretrained model—are
shared between different downstream tasks, the use
of adapters results in parameter-efficient transfer
learning. In addition to their parameter-efficiency,
He et al. (2021) show that training adapter-layers
(a) outperforms fine-tuning the whole model on
low-data and cross-lingual settings, and (b) is more
robust to overfitting.

Existing work suggests that (a) different layers
of the pretrained models may capture different as-
pects of the form, syntax, or meaning of the input
text (Tenney et al., 2019; Clark et al., 2019), and
(b) they may not be all needed for performing a
given task (Houlsby et al., 2019; Fan et al., 2020;
Rücklé et al., 2021). In addition, adapter layers are
initialized randomly. Therefore, it is not necessary
to use the same adapter architecture for different
downstream tasks and given different amounts of
annotated data. However, existing works use the
same adapter architecture for all the different in-
put data, i.e., (a) one adapter layer on top of all
the pretrained layers while using all the layers may
not be necessary, and (b) the same activation func-
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tion for all the layers and different tasks while the
best activation function may vary for different tasks
(Delfosse et al., 2021).

In this paper, we propose a systematic approach
for designing more adequate and flexible adapter
architectures by introducing the adaptable adapter
(AA). Adaptable adapters (1) use a learnable activa-
tion function—called Rational activation (Molina
et al., 2020)—instead of a constant activation in
adapter layers allowing the adapter model to learn
different activation functions at different adapter
layers and for different tasks, and (2) consist of a
learnable switch at each adapter layer to determine
the beneficial adapter layers during training and to
only use the selected layers during inference.

We evaluate adaptable adapters on the GLUE
benchmark (Wang et al., 2018) that consists of var-
ious text classification tasks. We perform evalu-
ations based on different data settings in which
different amounts of annotated examples are avail-
able for training. Our results show that adaptable
adapters achieve on-par performances with the full
adapter architecture while using considerably fewer
adapter layers at the inference.

We further propose to use adaptable adapters for
designing efficient adapter architectures—i.e., to
only add an adapter layer to the layers that are se-
lected by the adaptable adapter. We show that while
the selected adapter architecture by AA, called AA-
focused, is considerably more efficient at both train-
ing and inference times and requires less storage, it
achieves on-par performances with the full adapter
architecture when trained on all available training
data and considerably outperforms it on low-data
settings. In addition, we show that the selected
adapter architecture by AA transfers well across
similar tasks and different data settings. Therefore,
we can train AA using a limited amount of training
data, and for one of the tasks, and then use the re-
sulting AA-focused architecture for different data
settings and other similar tasks.

Overall, the contributions of this paper are as
follows:

• We propose adaptable adapters that introduce
flexibility in adapter architectures by (a) se-
lecting the beneficial adapter layers to use, and
(b) learning the suitable activation function for
each layer and each task.

• We propose to use adaptable adapters to de-
sign efficient adapters that require less training
time, inference time, and storage space.

• We show that using fewer adapter layers with
a learnable activation function considerably
improves the performance on low-data set-
tings.

2 Related Work

2.1 Rational Activation
Rational activation functions, empirically intro-
duced as Padé Activation Units (Molina et al.,
2020), are learnable activation functions that can
approximate common activation functions as well
as learn new ones. The rational activation function
R(x) of order m,n is defined as follows:

R(x) =

∑m
j=0 ajx

j

1 + |∑n
k=1 bkxk|

(1)

where aj and bk are learnable parameters. These ra-
tional functions use an absolute value in the denom-
inator to avoid potential poles, which will make the
training unstable. Such rational activation func-
tions provide stable training, as empirically shown
in image classification and reinforcement learning
(Molina et al., 2020; Delfosse et al., 2021). R(x)
can be initialized to initially approximate any of the
known activation functions or with constant func-
tions. Molina et al. (2020) show that rationals out-
perform other commonly used activation functions
in common image classification tasks. Rational
activation functions are also integrated in Gener-
ative Adversarial Networks (Boullé et al., 2020).
Delfosse et al. (2021) show that some of the layers
in very deep pretrained Residual Networks tend
to approximate activation functions’ behavior, and
we can achieve on-par or better performances with
the full network by replacing some of the complete
layers with rational activation functions. Similar to
this observation, as we show in § 5, using rational
activation functions instead of a constant activation
(ReLU) in adapters allows them to achieve high
accuracy using a fewer number of adapter layers.

2.2 Reducing Model’s Size for Efficiency
Improving the efficiency of large pretrained models
has received particular attention for the inference
time. The argument is that the effect of training cost
is limited, i.e., the model can be trained once but it
will be used many times. However, the inference
time has a wide impact on the everyday use of NLP
models.

Existing approaches for improving the inference-
time efficiency belong to two different categories:
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(a) the distillation and pruning techniques that cre-
ate a smaller model for inference but often require
re-training or fine-tuning the smaller model (Tang
et al., 2019; Sanh et al., 2019; Voita et al., 2019;
Sun et al., 2020; Bai et al., 2021), and (b) on-
demand network size reduction at the inference
time.2 There are two different approaches in the
second category, namely layer dropping and early
exiting.

Fan et al. (2020) use layer dropping during the
training that randomly drops the model’s layers to
make the model robust to the inference time layer
selection. They show that it is possible to select
sub-networks of any depth from large models at in-
ference with limited impact on the performance and
without the need for additional finetuning. Layer
dropping was previously investigated by Huang
et al. (2016) who propose to drop layers during
training for regularizing the model and reducing
the training time of deep convolutional networks.
Rücklé et al. (2021) use layer dropping for adapter
architectures. They show that by randomly drop-
ping adapter layers during training, they can prune
the adapter model on-demand at the inference time.

Schwartz et al. (2020) propose to add an output
layer to each transformer layer. At inference time,
while the model calculates the layer-wise represen-
tation, from the bottom layer to the top layer, it
also makes the prediction using the associated clas-
sification layer. They use the output labels’ scores
of the classification layers as confidence scores to
decide whether to exit early if the classifier is con-
fident or to proceed to process the input with the
next layers. This hierarchical architecture offers
an inference time-accuracy tradeoff by setting the
confidence threshold. The early exiting approach
is similar to layer dropping in which the dropped
layers are always from the last top layers.

All these approaches select the number of lay-
ers to drop and the dropped layers heuristically
at the inference time with the goal of improving
the inference time. Instead, the adaptable adapter
is a systematic approach for selecting the useful
adapter layers for the given task during training.
Besides layer selection, an adaptable adapter al-
lows for learning the desired activation function for
different inputs. As we show, we can use adaptable

2There is another category that requires changes in the
models’ architectures. However, it would require re-training
the large model. E.g., Sukhbaatar et al. (2019) propose new
attention mechanisms that can process larger context with no
additional computational or memory costs.

adapters to design efficient adapter architectures
with a considerably smaller number of training pa-
rameters with on-par or considerably higher per-
formances, especially with larger models and in
low-data settings.

3 Proposed Architecture

3.1 Learnable Activation

Empirical observations of performances have led
experts in several fields to use different activation
functions for different tasks. Functions from the
ReLU family are usually used for neural network-
based visual computing, Tanh has been used in
PPO for reinforcement learning, while GeLU has
progressively been adopted in transformers. With
the growth of the models, and the complexity of
the tasks they are applied to, choosing one fixed ac-
tivation function to equip the complete architecture
is suboptimal. By using rational (§ 2.1), we let the
adapter layer learn the suitable activation function
at each different adapter layer, task, and dataset.
In adaptable adapters, we replace the constant acti-
vation function of each adapter layer—i.e., ReLU
in the default configuration used in AdapterHub
(Pfeiffer et al., 2020)—with rational.

Figure 1 shows a standard adapter layer as well
as an adapter layer in adaptable adapters.

Feedforward down-project

Activation 
function

Feedforward up-project

(a)

Feedforward down-project

Rational

Feedforward up-project

(b)

Figure 1: (a) a standard adapter layer with linear feedfor-
ward layers and a fixed activation, (b) an adapter layer
in adaptable adapters with linear feedforward layers and
a rational activation. Learnable parameters are shown
within pink boxes.

3.2 Learnable Layer Selection

Houlsby et al. (2019) examined various choices
of adapter architectures. They report that using

3744



two feedforward linear layers—one down-project
and one up-project layer—results in good perfor-
mances while only introducing a few parameters.
Assuming d is the dimensionality of the input—i.e.,
the embedding size of the transformer layer—the
down-project layer maps the input dimension to
n where n < d, and the up-project layer maps
the input dimension back to d. n is called the hid-
den size of the adapter. Each adapter contains a
skip-connection that lets an adapter layer approx-
imate an identity function, i.e., to pass the input
of a transformer layer unchanged to the next layer.
The learnable switches in adaptable adapter explic-
itly model the selection between the feedforward
adapter layer and the identity function. By exam-
ining the switch probabilities we can determine
the adapter layers that are beneficial for the overall
performance of the model.

As mentioned in § 1, existing work shows that
different layers of the pretrained models capture
different aspects of the input data, and not all of
them are necessary for performing various tasks.
Therefore, for different input data, different layers
may be of different importance. Adding a learn-
able switch at each adapter layer provides a more
systematic approach to determining the beneficial
layers for each input task during training. We use
the Gumbel Softmax (GS) estimator as an end-to-
end differentiable switch (hard attention) to make
the network attend to an element of a set. Assuming
πi are the probabilities of selecting each element
of the set, i.e., ∀iπi ≥ 0,

∑
i πi = 1, GS estimates

the hard attention yi as follows:

yi =
exp((log(πi) + gi)/τ)∑
j exp((log(πj) + gj)/τ)

(2)

where gi are i.i.d. samples from a Gumbel distribu-
tion, and τ is a temperature parameter. Setting τ to
small values results in distributions that are similar
to categorical ones.

3.3 Adaptable Adapters

The adaptable adapter (AA) is the combination of
the learnable layer selection and the learnable ac-
tivation function. The learnable layer selection—
i.e., a Gumbel Softmax estimator—selects between
an adapter layer, with no skip connection, and an
identity function with zero parameters that passes
the input without any changes to the next layer.
The adapter layers in adaptable adapters consist
of two linear layers—i.e., down-project and up-

Feedforward down-project

Rational

Feedforward up-project

Gumbel Softmax
π0

π1

Figure 2: The adaptable adapter layer that consist of a
Gumbel Softmax to choose between an adapter layer
with a rational activation and an identity function.

project layers—, and the non-linearity function be-
tween these two linear layers consists of a rational
activation function. The adaptable adapter allows
to learn different adapter architectures for different
input data by (a) learning to use a subset of adapter
layers, and (b) learning a potentially different ac-
tivation function at each layer. Figure 3 shows the
structure of an adapter layer in adaptable adapters.

4 Experimental Setup

4.1 Datasets

We use the English text classification datasets from
the GLUE benchmark (Wang et al., 2019) including
MNLI (Williams et al., 2018), QQP3, QNLI (Ra-
jpurkar et al., 2016), SST-2 (Socher et al., 2013),
CoLA (Warstadt et al., 2019), STS-B (Cer et al.,
2017), MRPC (Dolan and Brockett, 2005), RTE
(Dagan et al., 2006), and WNLI (Levesque et al.,
2011). Table 1 shows the number of training exam-
ples and the evaluation metric for each dataset.

Dataset |Train| Metric Dataset |Train| Metric
MNLI 393k acc. STS-B 7k Pearson/Spearman
QQP 364k acc./F1 MRPC 3.7k acc./F1
QNLI 105k acc. RTE 2.5k acc.
SST-2 67k acc. WNLI 634 acc.
CoLA 8.5k Matthews

Table 1: GLUE datasets with their number of training
examples and the corresponding evaluation metric.

3https://www.quora.com/profile/Ricky-
Riche-2/First-Quora-Dataset-Release-
Question-Pairs
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4.2 Transformer Model

As the base model, we use the BERT-large model
(Devlin et al., 2019). BERT-large contains 24 lay-
ers, an embedding size of 1024, and a total number
of 340M parameters.4

4.3 Adapter Models

Baseline As a baseline adapter, we use the
adapter layers with the pfeiffer configuration from
AdapterHub (Pfeiffer et al., 2020). The adapter
layers with the pfeiffer configuration are similar to
the one in Figure 1, in which learnable parameters
include two feedforward layers. For BERT-base,
each pfeiffer layer consists of 73.7k parameters5

resulting in a total number of 884.7K. For BERT-
large, the number of parameters for each adapter
layer is 131K, and the total number of parameters
is 3.1M. We see that as the underlying model gets
larger, the number of parameters in adapters also
increases notably. Therefore, adapter architecture
selection using AA is a potential solution to control
this exponential increase to some extent.

Adaptable Adapter (AA) For the rational ac-
tivation, similar to Molina et al. (2020), we use
order m = 5 and n = 4 for rational. Therefore,
the rational activation function only consists of ten
learnable parameters. The rational activation can
be initialized to initially estimate an existing func-
tion. Based on our preliminary experiments, using
f(x) = 1 for initializing R(x) results in better
performances on the GLUE benchmark.

For the Gumble-Softmax switch, we set the tem-
perature parameter τ to 0.1, and we initialize πi to
0.5 for both inputs—i.e., the same initial probabil-
ity for the rational adapter and the identity function.

AA-focused We can use the selected architecture
by AA for designing a new adapter architecture, i.e.,
to only include an adapter layer—with a rational
function—at layers in which the switch has selected
the adapter layer over the identity function. We call
this architecture AA-focused. Note that compared
to AA, AA-focused is more efficient both at training
and inference time, as it includes a fewer number of
layers and no switch functions. It also requires less
storage space for saving the new adapter weights.

4The results for BERT-base are reported in the appendix.
BERT-base contains 12 layers, an embedding size of 768, and
110M parameters.

5The reduction factor in the down-project layer is 16 which
results in (768/16) x 768 x 2 parameters for each adapter layer.

Also, training AA includes both the architecture se-
lection and training of the adapter layers, which are
initialized randomly, simultaneously. As a result,
as we see in our evaluations, AA-focused achieves
higher performances as its training is only focused
on training the adapter layers.

AdapterDrop (Rücklé et al., 2021) During train-
ing, AdapterDrop randomly drops the first n layers
in which n varies for different iterations. At infer-
ence, n can be set to any desired number of layers.
In our experiments, we select n based on the num-
ber of dropped layers by AA, i.e., the number of
layers that are not selected by the switch functions.

4.4 Experiments
We evaluate the models in different settings: (a)
using full training data, and (b) low-data settings.
For all the experiments, we consider 25% of the
training data as the development set and use the
official development sets as the test data. We per-
form the low-data evaluations when 100, 300, and
500 annotated examples are available.6 The test
data is the same for all the evaluations. We run all
the low-data experiments for 20 epochs and five
different random seeds7. We report the average
and standard deviation over the five different runs.
When training on full datasets, the experiments are
computationally very expensive using BERT-large.
Therefore, for this setting, we only report the re-
sults using the first random seed. All experiments
are done on one A100 NVIDIA GPU. All imple-
mentations are based on AdapterHub (Pfeiffer et al.,
2020).

5 Evaluation

Table 2 presents the results of Baseline, Adapter-
Drop, AA, and AA-focused. AA selects different lay-
ers for different tasks and different random seeds.8

We evaluate three configurations for AA-focused:

• AA-focusedspec: for each task, we design the
corresponding AA-focused based on the se-
lected architecture by AA for that task given
and the first random seed (42). For instance,
the AA-focused architecture is the same for all

6Selected training examples for low-data experiments are
the same for all models given the same random seed.

742, 92, 111, 245, and 651.
8For instance, the selected layers for RTE are as follows

for different runs of Low-data-100: {0, 2, 5, 11, 12, 13, 16,
17}, {3, 4, 5, 6, 7, 8, 9, 10, 12, 13, 15, 19, 21}, {2, 3, 4, 6, 9,
12, 14, 16, 17, 18, 20, 22, 23}, {0, 2, 6, 8, 9, 11, 13, 14, 17,
19, 23}, {1, 2, 5, 10, 11, 14, 16, 20, 21, 22, 23}.
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MNLI QQP QNLI SST-2 CoLA STS-B MRPC RTE WNLI Avg
Low-data-100

Baseline 33.893.02 30.650.38 58.784.81 56.013.68 5.204.84 40.009.64 74.800.0 49.392.86 55.213.01 44.87
AA 33.642.66 30.880.39 59.616.19 51.282.52 -0.551.87 45.1814.17 74.800.0 50.113.44 55.482.46 44.49
AdapterDropAA 33.722.84 30.620.40 57.505.78 54.012.59 4.107.95 36.538.93 74.80.0 49.392.86 56.061.38 44.08
AdapterDrop13 33.712.76 30.610.4 58.394.27 53.442.56 3.917.6 36.238.68 74.80.0 49.462.81 55.761.91 44.04
AA-focusedspec 35.282.06 44.3716.31 63.754.39 52.944.64 5.6810.91 62.793.34 74.800.01 51.482.72 54.084.51 49.47
AA-focuseduni 36.362.61 44.3716.31 63.364.86 55.874.42 4.754.9 59.376.78 74.940.2 51.123.45 51.834.12 49.11
AA-focusedsim 34.773.18 45.7814.40 63.134.30 61.5810.95 17.5411.19 59.897.70 74.770.07 52.202.93 51.835.52 51.28
|Baseline| 24 24 24 24 24 24 24 24 24
|AA| 13.21.7 15.03.0 13.62.2 14.64.0 15.82.1 16.42.7 13.01.8 11.21.8 12.35.7
|AdapterDropAA| 14 13 15 16 16 14 15 13 16
|AdapterDrop13| 13 13 13 13 13 13 13 13 13
|AA-focusedspec| 14 13 15 16 16 14 15 13 16
|AA-focuseduni| 13 13 13 13 13 13 13 13 13
|AA-focusedsim| 13 13 13 13 13 13 13 13 13

Low-data-300
Baseline 36.554.76 61.508.66 69.621.24 79.8614.15 30.405.48 78.242.81 76.551.31 51.623.21 45.924.33 58.91
AA 37.142.49 66.070.38 71.331.82 72.5216.59 26.058.74 82.081.6 74.032.21 51.832.84 47.044.76 58.68
AdapterDropAA 38.865.93 62.984.85 66.712.91 79.2914.17 16.8912.06 78.51.99 75.740.67 51.193.35 46.764.02 57.44
AdapterDrop13 37.955.56 63.724.84 66.712.91 80.014.47 16.312.05 77.522.08 76.030.92 51.333.4 46.484.27 57.34
AA-focusedspec 44.624.11 66.831.06 73.721.09 85.872.94 34.518.3 81.162.04 76.721.06 54.584.72 46.203.92 62.69
AA-focuseduni 46.694.29 69.251.33 74.162.95 87.570.72 35.653.26 81.712.64 75.971.55 56.895.56 52.397.26 64.48
AA-focusedsim 45.972.08 68.361.36 73.982.68 86.831.90 37.433.10 78.813.58 76.661.30 55.962.81 48.445.53 63.61
|AA| 17.01.3 16.21.0 14.81.8 12.83.2 16.82.2 18.61.9 16.01.1 12.41.2 12.42.1
|AA-focusedspec| 18 16 13 9 17 16 16 13 13

Low-data-500
Baseline 44.356.08 69.491.12 73.481.89 88.261.53 37.984.42 82.070.99 78.331.11 59.281.76 49.866.08 64.79
AA 47.335.11 67.522.99 75.02.3 84.933.06 39.964.87 84.560.87 78.381.0 59.283.18 50.135.16 65.23
AdapterDropAA 42.667.02 69.521.03 74.152.19 89.010.49 38.444.51 82.051.05 78.191.04 59.282.6 49.36.36 64.73
AdapterDrop13 43.056.41 69.120.88 72.821.83 88.970.6 36.895.03 80.771.32 77.860.8 58.562.44 49.016.57 64.12
AA-focusedspec 54.962.66 69.521.14 77.301.27 87.941.10 39.513.47 84.300.69 78.921.70 59.202.58 48.736.27 66.71
AA-focuseduni 56.131.88 69.322.29 76.852.37 87.891.47 41.753.83 83.481.25 78.000.35 60.421.75 50.425.07 67.14
AA-focusedsim 55.852.62 69.862.56 77.301.93 87.571.69 39.791.42 83.231.61 78.751.26 60.071.62 49.586.75 66.89
|AA| 12.86.0 16.81.3 16.42.6 14.62.1 10.68.3 19.61.4 16.62.4 14.36.8 12.63.2
|AA-focusedspec| 14 17 18 15 17 18 14 16 14

Full Data
Baseline 85.08 88.68 91.95 93.00 58.28 89.75 83.12 70.39 56.34 79.62
AA 84.73 88.38 91.01 92.55 57.60 90.11 82.36 63.18 53.52 78.16
AdapterDropAA 84.96 88.75 91.38 93.35 58.63 89.85 82.84 66.06 56.34 79.12
AdapterDrop13 84.73 87.15 90.92 92.78 57.42 88.84 83.34 64.25 56.34 78.42
AA-focusedspec 84.77 88.46 91.38 92.32 56.79 89.74 83.42 64.98 57.75 78.84
AA-focuseduni 85.41 88.61 91.51 92.66 54.62 89.34 84.88 67.15 56.34 78.94
AA-focusedsim 85.32 88.41 91.85 91.4 57.96 89.38 84.42 67.86 57.75 79.37
|AA| 14 18 17 18 20 20 18 16 15
|AA-focusedspec| 14 18 17 18 20 20 18 16 15

Table 2: Comparing the results of (a) the standard adapter model that includes an adapter layer on all the 24
BERT-large layers (Baseline), (b) adaptable adapter (AA), (c) AdapterDrop, and (d) AA-focused adapters, in which
the architecture of the adapter is selected based on the selected layers by AA. The architecture of AA-focusedspec

is selected based on the selected layers by AA for the corresponding task and data setting when the random seed
is 42. The architecture of AA-focuseduni is selected based on the selected layers by AA for the task of QQP on
the Low-data-100 setting and for random seed 42. AA-focusedsim only contains an adapter layer with a rational
activation function at the last 13 layers of BERT-large, i.e., the total number of adapter layers in AA-focuseduni. The
number of layers at the inference time for the AdapterDropAA experiments are selected based on the number of
layers in the corresponding AA-focusedspec experiments. The number of inference time layers for AdapterDrop13

equals 13. Except for Full Data, the reported results are averaged over five random seeds. The subscript reports
the corresponding standard deviation. The Full Data results are reported for one random seed. The |AA| rows
report the average number of selected adapter layers by AA using different random seeds. |AA-focused∗| rows
report the number of added adapter layers in the corresponding |AA-focused∗| experiments. |AA-focuseduni| and
|AA-focusedsim| are the same for all data settings. |AdapterDrop∗| rows report the number of included adapter
layers for the corresponding AdapterDrop experiment at the inference time. |AdapterDropAA| is always the same
as the corresponding |AA-focusedspec|, and |AdapterDrop13| is always the same as AA-focusedsim. The test data
is the same for all the experiments. The Avg column reports the average score across all datasets. The highest
performances for each dataset and each data setting are boldfaced.
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the experiments of RTE for Low-data-100—
i.e., over the five different random seeds—.
However, it is different for the rest of the tasks
and different data settings.

• AA-focuseduni: we design this adapter archi-
tecture of all tasks and data settings based on
a single random seed, single task, and a sin-
gle data regime, i.e.— random seed 42, the
QQP task, and low-data-100. We choose low-
data-100 because the architecture selection
process—i.e., training AA—is very fast in this
setting. We select the selected architecture by
QQP because AA selects the smallest number
of layers for QQP when the random seed is 42.
The selected layers are {2, 6, 10, 12, 14, 15,
16, 18, 19, 20, 21, 22, 23}, i.e., three layers
from the first half of the original 24 layers, and
ten layers from the second half. The results of
AA-focuseduni compared to AA-focusedspec

indicate whether the selected architecture by
AA transfers between similar tasks and differ-
ent data settings.

• AA-focusedsim: we design a simplified
adapter based on AA in which we only use the
number of selected layers, instead of the layer
numbers, in a single random seed, single task,
and a single data setting. We use the num-
ber of selected layers when the random seed
is 42 for the QQP task and the low-data-100
setting, i.e., 13. As investigated by Houlsby
et al. (2019), the last adapter layers are in
general more effective. As a result, we add
adapter layers, with rational activation, to the
last 13 transformer layers in AA-focusedsim

experiments. The results of AA-focusedsim

compared to AA-focuseduni show whether
only the number of selected layers by AA mat-
ters or it is also important to specify at which
layers to add the adapters.

The number of inference layers for
AdapterDropAA are equivalent to the num-
ber of layers in AA-focusedspec experiments for
each task and data setting. The number of layers
for AdapterDrop13 is 13, which is the same as
AA-focuseduni and AA-focusedsim. Note that the
number of layers for AA-focused experiments are
the same both at training and inference while it is
not the case for AdapterDrop.

The |AA| rows in Table 2 show the average num-
ber of selected layers for each task over the five dif-

ferent random seeds. |AA-focused∗| rows report the
number of added adapter layers in the correspond-
ing AA-focused∗ experiments. |AdapterDrop∗|
rows report the number of included adapter layers
for the corresponding AdapterDrop experiments at
the inference time.

We make the following observations from the
results of Table 2:

• AA achieves on-par performances with the
Baseline, and on average it uses about 13-15
layers out of 24 layers. We can use this insight
for designing efficient adapter architectures.

• All AA-focused architectures considerably out-
perform Baseline in all the the tasks in low-
data settings while using considerably smaller
number of parameters, and therefore, being
considerably more efficient. For instance,
while AA-focuseduni only uses 13 layers out
of 24 layers—i.e., reducing the number of
training parameters from 3M to 1.7M—, it
outperforms the Avg score by 4.24, 5.57, and
2.35 points in Low-data-100, Low-data-300,
and Low-data-500, respectively.

• The high performances of AA-focuseduni

show that the selected architecture by AA for
one task and one data setting transfers well to
other data regimes and similar tasks.9 There-
fore, it is not necessary to design the adapter
architecture separately for a different amount
of available data and similar tasks.

• AA-focusedsim and AdapterDrop13 both use
the last 13 adapter layers during the inference
while the results of AA-focusedsim are con-
siderably higher for all data regimes. This
indicates the importance of rational activation
in adaptable adapters. We will further inves-
tigate the impact on rational activation in the
next section.

• In average, AdapterDropAA contains more in-
ference layers compared to AdapterDrop13.
However, there is not a significant difference
between their performances. They achieve
on-par or lower results compared to Baseline.

9It even outperforms AA-focusedspec showing that AA-
focusedspec may have overfitted to the development sets. We
have not performed hyperparameter selection for our experi-
ments. Using better hyperparameters may improve the results
of different settings.
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Adap. layers MNLI QQP QNLI SST-2 CoLA STS-B MRPC RTE WNLI Avg
Low-data-300

13 45.972.08 68.361.36 73.982.68 86.831.9 37.433.1 78.813.58 76.661.3 55.962.81 48.445.53 63.61
12 36.845.51 62.435.65 65.773.43 84.633.64 13.2312.63 77.082.36 75.270.39 54.303.75 46.765.45 57.37
11 36.165.12 62.595.8 67.931.42 79.9514.16 16.3211.65 73.226.75 76.421.19 56.532.02 46.24.12 57.26

Table 3: Evaluating the impact of the number of adapter layers on the overall performance. The adapter layers are
added to the top n layers of the model for n = 13, 12, 11. Adapter layers contain rational activation, i.e., n = 13 is
equivalent to AA-focusedsim. Results are reported for the low-data-300 setting.

MNLI QQP QNLI SST-2 CoLA STS-B MRPC RTE WNLI Avg
Low-data-300

Baseline 36.554.76 61.508.66 69.621.24 79.8614.15 30.405.48 78.242.81 76.551.31 51.623.21 45.924.33 58.91
AA 37.142.49 66.070.38 71.331.82 72.5216.59 26.058.74 82.081.6 74.032.21 51.832.84 47.044.76 58.68
Switch-Only 35.052.81 43.816.02 65.592.61 61.866.26 9.7712.86 75.413.29 75.370.7 50.183.44 45.923.03 51.44
Rational-Only 37.723.88 64.752.51 69.691.04 79.8614.15 23.208.33 78.581.94 75.841.07 52.273.11 46.483.88 58.70
Baseline13 37.985.80 63.374.72 68.761.55 85.163.63 12.1112.69 77.962.23 75.250.71 54.442.06 45.353.72 57.80
AA-focusedsim 45.972.08 68.361.36 73.982.68 86.831.90 37.433.10 78.813.58 76.661.30 55.962.81 48.445.53 63.61
|AA| 17.01.3 16.21.0 14.81.8 12.83.2 16.82.2 18.61.9 16.01.1 12.41.2 12.42.1
|Switch-Only| 14.01.1 15.82.5 17.01.9 16.22.8 16.41.9 16.41.5 17.81.7 15.02.1 14.01.7

Table 4: Evaluating the impact of rational in adaptable adapters. Experiments are run for five different random seeds.
Switch-only shows the results when learnable switches are used with standard adapter layers, i.e., linear layers with
the ReLU activation. Rational-only shows the result when all the activation functions in the standard adapter are
replaced with rational. Baseline13 contains a standard adapter layer on the last 13 transformer layer. AA-focusedsim

contains adapter layers with rational activation on the last 13 layers.

Evaluating the impact of AA on selecting the
number of beneficial layers. In the results of
Table 2, we select the number of layers in AA-
focusedsim, i.e., 13 , based on the minimum num-
ber of selected layers by AA on the low-data-100
setting and for random seed 42. AA-focusedsim is
equivalent to an adapter architecture in which only
the last 13 adapter layers are added to the model.
To investigate whether the improvements of AA-
focusedsim over the baseline are only due to using
a fewer number of adapter layers, we report the
results of an adapter architecture in which only the
last n adapter layers are added to the model, e.g.,
for n = 13 the resulting architecture is the same
as AA-focusedsim. Table 3 shows the result of this
experiment for n = 13, 12, 11. We observe that by
decreasing the number of layers from 13 to 12, the
overall performance drops notably from 63.61 to
57.37.

Evaluating the impact of rational activation.
The results of AA-focused experiments vs. Baseline
in Table 2 mostly emphasize the impact of layer
selection by the learnable switches in AA. In this
section, we investigate the impact of learnable acti-
vation functions in more details in the evaluations
of Table 4.

First, we replace all rationals in AA with ReLU.
The results are reported in the Switch-Only row. By

comparing the results of AA and Switch-only we
observe that the use of rational activation consid-
erably improves the performance of AA, i.e., using
rational is a key component to achieving higher
performances with fewer layers.

Second, we replace the activation functions in
the standard adapter with rational. The results are
reported in Rational-only rows. The results of Base-
line compared to Rational-only show that the im-
pact of rational is prominent when the model con-
tains fewer parameters and using rational with an
overparameterized model is not very effective, i.e.,
both layer selection and learnable activation play
an important role.

Third, we only add a standard adapter layer
at the last 13 layers of BERT-large (Baseline13),
which is the same number of adapter layers in
AA-focusedsim. The difference is the activation
function that is used in these 13 adapter lay-
ers is ReLU in Baseline13 and rational in AA-
focusedsim. The considerably higher performances
of AA-focusedsim show that higher performances
of AA-focused are due to both layer selection as
well as a learnable activation function.

Learned rational activation functions. Figure 3
shows the learned activation functions across differ-
ent layers of the same trained adapter and different
tasks. We see that the learned activation differs
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Figure 3: Learned rational activation functions differ according to their place within the network and to the task
they are trained for. Right: activation functions at different layers within adapters trained on the QNLI task. Left:
activation functions trained at layer 2 of adapters trained on different tasks.

for different layers of the same task as well as for
different tasks.

6 Conclusion

In this paper, we propose adaptable adapters. They
consist of a learnable switch to select a subset of
beneficial adapter layers and a learnable activation
function to learn the suitable activation at each
adapter layer and for each input data. The results
of adaptable adapters show that we can achieve
on-par performances with the full adapter archi-
tecture by using a smaller subset of layers. We
show that adaptable adapters are viable tools for
designing efficient and effective adapter architec-
tures that require less storage space, lower training
and inference time with high performances.
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MNLI QQP QNLI SST-2 CoLA STS-B MRPC RTE WNLI Avg
Baseline 83.530.19 88.120.14 90.630.26 91.740.36 56.510.84 88.480.14 84.81.07 63.831.4 54.086.64 77.97
AA 82.890.43 88.090.16 89.960.25 91.310.51 51.441.82 88.250.17 85.091.06 64.251.72 52.117.61 77.05
AA-Layers 9.80.3 11.20.7 10.61.0 9.81.1 8.62.1 11.40.4 9.00.6 9.40.7 8.01.4

Low-data-100
Baseline 35.663.38 29.700.86 60.514.5 51.542.14 -1.273.56 41.525.93 74.860.12 50.42.98 54.935.84 44.21
AA 37.052.35 30.590.68 62.524.27 52.732.55 -0.080.16 48.7323.91 74.830.07 50.183.21 55.216.13 45.75
|AA| 6.41.8 8.62.1 8.81.7 8.61.6 7.42.4 10.80.7 9.41.4 9.41.4 8.20.9

Low-data-300
Baseline 37.884.09 49.2410.32 68.172.9 75.533.49 3.408.59 69.3915.05 75.991.2 54.222.96 47.614.91 53.49
AA 40.274.78 66.311.86 74.032.03 76.426.07 3.565.49 82.062.24 76.120.89 54.733.09 47.045.46 57.84
|AA| 10.41.6 10.80.7 11.00.8 9.41.3 7.62.0 10.80.7 9.61.0 9.81.4 8.21.1

Low-data-500
Baseline 42.822.4 67.631.44 72.71.31 83.460.64 20.94.14 81.970.89 76.510.95 57.112.93 52.116.96 61.69
AA 47.721.67 69.270.89 75.6491.9 84.521.18 19.1314.46 83.740.67 78.032.33 55.963.08 51.836.13 62.87
|AA| 9.81.1 10.41.3 10.00.8 9.20.7 9.41.8 10.61.4 9.81.6 9.61.0 8.01.5

Table 5: Comparing the results of (a) the baseline adapter model that includes an adapter layer on all BERT-base
layers (Baseline), and (b) the adaptable adapter (AA). The reported results are averaged over five different random
seeds. The subscript reports the corresponding standard deviation. |AA| reports the average number of selected
adapter layers by the adaptable adapter over different runs. The full data results show the performance when the
model is trained on all the available training data. The Low-data-X settings report the results when onlyX examples
are used for training the model. The test data is the same for all the experiments.
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Abstract

In Dynamic Adversarial Data Collec-
tion (DADC), human annotators are tasked
with finding examples that models struggle
to predict correctly. Models trained on
DADC-collected training data have been
shown to be more robust in adversarial and
out-of-domain settings, and are considerably
harder for humans to fool. However, DADC
is more time-consuming than traditional data
collection and thus more costly per annotated
example. In this work, we examine whether
we can maintain the advantages of DADC,
without incurring the additional cost. To that
end, we introduce Generative Annotation
Assistants (GAAs), generator-in-the-loop
models that provide real-time suggestions
that annotators can either approve, modify, or
reject entirely. We collect training datasets in
twenty experimental settings and perform a
detailed analysis of this approach for the task
of extractive question answering (QA) for
both standard and adversarial data collection.
We demonstrate that GAAs provide significant
efficiency benefits with over a 30% annotation
speed-up, while leading to over a 5x improve-
ment in model fooling rates. In addition, we
find that using GAA-assisted training data
leads to higher downstream model perfor-
mance on a variety of question answering
tasks over adversarial data collection.

1 Introduction

Natural language processing has become increas-
ingly reliant on large datasets obtained using crowd
sourcing. However, crowdsourcing as an uncon-
strained annotation approach is known to result in
machine-exploitable annotator artefacts (Jia and
Liang, 2017; Schwartz et al., 2017; Gururangan
et al., 2018; Geva et al., 2019), leading to poor out-
of-distribution generalisation (Chen et al., 2016;
Weissenborn et al., 2017; Yogatama et al., 2019;
McCoy et al., 2019). Dynamic Adversarial Data
Collection (DADC) aims to address these issues

After a slow start to the 2008–09 season, the Bruins won 17 of their next 20
games, leading many to see them as a revival of the "Big Bad Bruins" from
the 1970s and 1980s. During the 2009 All-Star Weekend's Skills
Competition, captain Zdeno Chara fired the NHL's then-fastest measured
"hardest shot" ever, with a clocked in speed of 105.4 mph (169.7 km/h)
velocity. (Chara has since broken his own record three times, two of those
on the same night.) The number of injured players in the season…

A: 105.4 mph

Q: What was the fastest shot ever?

Q: What was the fastest shot 
ever in 2009?

A: Zdeno Chara

GAA

QA

Figure 1: Example interaction between an annotator
and the models in the loop. The annotator selects an
answer from the passage, for which the Generative An-
notation Assistant (GAA) prompts a question. The an-
notator can then freely modify the question and/or an-
swer, or generate another prompt. In the adversarial
data collection setting, a model-in-the-loop provides
predictions with the aim of encouraging annotators to
find model-fooling examples. In the answer prompting
setting, an answer suggestion is prompted by the assis-
tive model instead of being selected by the annotator.

by introducing state-of-the-art models into the data
collection loop and asking human annotators to
produce examples that these models find challeng-
ing (Kiela et al., 2021). The intuition behind this
approach is that it leads human annotators to bet-
ter explore the space of possible examples. Previ-
ous work has found that DADC leads to improved
model robustness on adversarial datasets (Nie et al.,
2020; Bartolo et al., 2020), increased sample di-
versity (Bartolo et al., 2020; Wallace et al., 2021),
better training data (Wallace et al., 2021) and better
domain generalisation (Bartolo et al., 2021).

Despite these advantages, a downside to DADC
is that it increases the human effort necessary to an-
notate a single example and thus the overall annota-
tion cost. In fact, to date, only a limited number of
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large-scale training datasets have been produced us-
ing DADC and its application has been primarily re-
stricted to producing challenge sets or as additional
training data to improve the performance of models
already trained on non-DADC curated datasets. To
make better use of DADC data, Bartolo et al. (2021)
propose generating synthetic adversarial training
sets to further improve model robustness. However,
this approach inevitably limits example diversity
as it relies on examples ultimately generated by a
model with no additional human input, and pro-
vides no guarantees that useful synthetic examples
would transfer across target adversary models of
varying capabilities or across annotation rounds.

In this work, we propose assisting annotators
by having generative models aid human annota-
tors in the data collection loop. Concretely, we
utilise a Generative Annotation Assistant (GAA)
model that provides prompt suggestions to crowd-
workers, while allowing full flexibility for edits
and rewrites to support example generation while
still allowing for human creativity as shown in Fig-
ure 1. We explore GAAs in a broad range of exper-
imental settings, including standard and adversar-
ial data collection approaches, training on various
source datasets, and employing sampling method-
ologies based on likelihood, adversarial feedback,
and uncertainty. We showcase the value of this
approach on the task of extractive question answer-
ing (QA), and find that GAAs can help improve
both the standard and adversarial data collection
paradigms. We find considerable efficiency gains,
with over 30% observed annotation speed-ups, as
well as improved data effectiveness with up to a
6.1F1 improvement in downstream performance
over adversarial data collection.

2 Related Work

2.1 Dynamic Adversarial Data
Collection (DADC)

There is a rich body of recent work showing the
benefits of dynamic adversarial data collection in
model evaluation (Yang et al., 2017; Dua et al.,
2019; Dinan et al., 2019; Nie et al., 2020; Bar-
tolo et al., 2020; Kiela et al., 2021; Wallace et al.,
2021), although the approach has been challenged
for not necessarily leading to better generalisation
on non-adversarial test sets (Kaushik et al., 2021)
and being sensitive to the choice of model that
was used in the loop (Bowman and Dahl, 2021;
Phang et al., 2021). This work builds on previ-

ous work in adversarial data collection methods
for QA (Bartolo et al., 2020), and work investigat-
ing the use of question generation models to create
synthetic adversarial data to improve QA model
robustness (Bartolo et al., 2021).

2.2 Generative Model Annotation Support
A long line of prior work has trained generative
models for question answering (Du et al., 2017; Du
and Cardie, 2018; Zhao et al., 2018; Lewis and Fan,
2019; Alberti et al., 2019; Puri et al., 2020; Yang
et al., 2020; Bartolo et al., 2021; Lewis et al., 2021).
In many cases, these approaches filter out questions
that an external QA model gets wrong, in order
to ensure correctness of the generated questions;
our filtering strategies instead focus on generated
questions that QA models get wrong as we hypoth-
esise that these would serve as more useful initial
prompts to human annotators.

Generative models have also been used to aid
experts with writing contrast sets (Wu et al., 2021;
Ross et al., 2021), but to the best of our knowl-
edge, this is the first work to investigate the use
of generative annotation assistants for crowdwork-
ers directly in the annotation loop for NLP. Recent
work on supporting crowdworkers for textual en-
tailment in a non-adversarial setting shows no im-
provements on downstream transfer performance
over baseline, albeit with reductions in previously
observed issues with annotation artefacts (Bowman
et al., 2020). Subsequent work highlights the need
for further data collection efforts focusing on im-
proving writing-based annotation processes (Vania
et al., 2021), which we aim to investigate in this
work. Separately, Ettinger et al. (2017) provide
breakers with the ability to minimally edit original
data to identify the boundaries of system capabil-
ities, while Potts et al. (2021) analyse the use of
prompts to assist crowdworkers in beating a model
in the loop for sentiment analysis. In both cases,
prompts are sourced from existing datasets and are
not generated on the fly.

2.3 Active Learning and Weak Supervision
Active learning approaches have been used to accel-
erate annotation (Tsuruoka et al., 2008), although
this typically assumes access to a pool or stream
of unlabelled data for which the learning algorithm
can query labels (Settles, 2009). In our setting,
no unlabelled questions are provided, necessitating
the use of a generative model to suggest questions
instead. Moreover, our annotators are free to edit
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Figure 2: The Annotation Interface used for data collection. This example shows a question generated using a
generative assistant trained on the AdversarialQA data and selected an adversarial sampler, which successfully
allowed the annotator to beat the QA model in the loop.

and browse generated questions, whereas annota-
tors in active learning typically only provide labels
and have no choice in what to label. Some of our
sampling and filtering strategies based on entropy
are inspired by uncertainty sampling, a standard
active learning algorithm (Lewis and Gale, 1994).

3 Experimental Setup

Our study focuses on the effects of incorporating
generative annotation assistants, and understanding
their interactions with annotators and discrimina-
tive models-in-the-loop in a DADC context for QA.
We provide crowdworkers with a short passage
from Wikipedia and ask them to write five ques-
tions and highlight the span in the passage that best
answers the question for each (see Figure 2). We
pay workers equally across experiment modes to
avoid creating an incentive imbalance and pay out
an additional bonus for each question that success-
fully beats the discriminative QA model i.e., for
each question that the model fails to answer cor-
rectly. Finally, we validate all collected examples
using a separate worker pool that also undergoes
rigorous onboarding and validation. We ask three
of these additional workers to report on the validity
of each annotated example.

Selected Passages We select passages from
KILT (Petroni et al., 2021) to allow for the pos-
sibility of future investigation into cross-domain
and task transfer. We restrict KILT passages to

those with between 100 and 600 tokens that are
used by at least 5 of the KILT tasks. Furthermore,
we filter out any passages with any 8-gram overlap
(after normalisation) to the SQuAD1.1 training or
development sets, seeking to ensure that all pas-
sages used in our study are novel and previously
unseen by the discriminative QA models in the
loop. This leaves a total of 10,109 passages from
421 Wikipedia pages. We retain and supply all
passage-relevant KILT metadata (such as IDs and
provenances) with our collected datasets to facili-
tate future work.

Model-in-the-Loop The discriminative QA
model in the loop is ELECTRALarge (Clark et al.,
2020) trained on SQuAD1.1 and AdversarialQA,
and enhanced using SynQA to improve adversarial
robustness as investigated by Bartolo et al. (2021).1

This model represents the best-performing
model on the Dynabench (Kiela et al., 2021)
leaderboard at the time of conducting this study,
obtaining a word-overlap F1 score of 94.5%
on the SQuAD1.1 dev set, and represents the
state-of-the-art on AdversarialQA achieving 77.6%
on the DBiDAF subset, 71.5% on DBERT, and
63.2% on DRoBERTa.

Generator-in-the-Loop For our generative mod-
els, we use the fairseq (Ott et al., 2019) implemen-

1You can interact with this model at https://
dynabench.org/models/109.
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tation of BARTLarge (Lewis et al., 2020), and fine-
tune the decoder to generate questions conditioned
on the passage and the answer highlighted by the
annotator. To provide annotators with a diverse set
of questions, we decode using nucleus sampling
with topp = 0.75, as decoding using standard beam
search results in questions which are more similar
to each other and therefore likely to be less use-
ful as question prompts to annotators. To speed
up inference and model-annotator interaction, we
preemptively identify answer candidates for each
passage and generate questions to build up a large
cache from which we serve questions during anno-
tation. Once there are no questions remaining in
the cache for a particular answer, or if the annota-
tor selects an answer that is not in the cache, we
fall back to querying the generative model in real-
time. In this work, we investigate generative assis-
tants trained on three different sources of questions:
SQuAD1.1, AdversarialQA, and the combination
of both SQuAD and AdversarialQA.

Question Sampling We investigate three differ-
ent selection strategies for presenting the gener-
ated questions as prompts to annotators: i) genera-
tor likelihood samples candidates in the order pre-
scribed by the generative model’s associated likeli-
hood values; ii) adversarial sampling selects gener-
ated questions in order of the least word-overlap F1
scores when queried against the discriminative QA
model; and iii) uncertainty sampling is inspired by
active learning and selects generated questions in
order of the least span selection confidence when
queried against the QA model. The latter two pro-
vide an interesting trade-off for exploration as we
would expect the quality of the generated questions
to be worse than if sampled based on likelihood.
However, we hope that such prompts could serve to
inspire annotators and provide a “starting point” be-
yond the answering capabilities of the QA model,
irrespective of correctness. We hypothesise that
modifying such examples might be a more effective
process for annotators to undertake than when start-
ing from higher quality but less model-confusing
prompts, and investigate this question thoroughly.

Answer Prompts We also investigate the effects
of abstracting away the answer selection task from
the annotator. To identify potential candidate an-
swers, we use Self-Attention Labelling (SAL) (Bar-
tolo et al., 2021) and investigate providing anno-
tators with both answer prompts as well as the

corresponding generated questions.

Experimental Settings In total, there are twenty
different experimental settings involving combi-
nations of the above-mentioned pipeline compo-
nents. We collect 2,000 validated training exam-
ples for each of these settings, for a total of 40,000
examples. For downstream evaluation we train
ELECTRALarge QA models on the training datasets
collected for each setting, and perform identical
model selection and hyper-parameter tuning.

Annotation Interface We use an adaptation of
the Dynabench (Kiela et al., 2021) QA interface
that allows annotators to interact with the models in
the loop, and further allows them to edit and mod-
ify generated questions and answers as required.
The same base interface is used across experimen-
tal settings and only varied minimally depending
on the current setting, for example by changing the
title and instructions in the adversarial annotation
setting, or by adding a “Generate Question” button
when the setting involves GAAs. In the GAA set-
tings, annotators are not informed what generative
model they are interacting with, or what sampling
mechanism is being used.

Crowdsourcing Protocol We use Amazon Me-
chanical Turk to recruit workers for this study and
run all experiments using Mephisto.2 To ensure
proficiency in English, crowdworkers are required
to be based in Canada, the UK, or the US. They
are also required to have a Human Intelligence
Task (HIT) Approval Rate greater than 98%, have
previously completed at least 1,000 HITs, and un-
dergo a dedicated onboarding process. Workers
were randomly assigned to one of the possible ex-
periment modes and were all presented with pas-
sages sampled from the same set, for which they
were tasked with writing and answering five ques-
tions. All collected questions were than validated
for correctness by a separate group of crowdwork-
ers. We collect three validations per question and
use this information, along with manual verification
of a subset of the annotated examples, to maintain
a high level of quality and remove examples from
workers with less than an 80% validity rate. We
calculate the reliability of agreement between val-
idators using Fleiss’ kappa at 0.46. Workers were
provided an additional bonus for each example val-
idated as having successfully fooled the model in
the adversarial data collection settings. In total,

2github.com/facebookresearch/Mephisto
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Adversary-in-the-loop? t (s) vMER (%) t/vMFE (s) SQuADdev DBiDAF DBERT DRoBERTa MRQA
7 57.2 23.9 0.63 11,537 85.7 43.5 28.3 21.1 52.0
3 61.5 27.1 1.86 4,863 85.0 53.0 34.2 26.9 58.8

Table 1: Baseline results comparing standard and adversarial data collection. t shows the median time taken per
example in seconds and median absolute deviation (subscript). vMER is the validated model error rate. t/vMFE
is the time per validated model-fooling example. Lower is better for the time-dependent metrics. Downstream
evaluation is measured by training an ELECTRALarge QA model on the collected datasets and evaluating F1 scores
on the SQuAD1.1 dev set, the AdversarialQA test sets, and the MRQA dev sets for domain generalisation.

1,931 workers participated in the study, with 1,559
contributing to the final datasets. We also continu-
ously validate both annotators and validators based
on signals such as repetitiveness, agreement, and
manual checks.

Evaluation We evaluate the outcomes in each of
the experimental settings by a selection of metrics:

i. median time per example as a measure of an-
notation efficiency and where a lower time
taken is better;

ii. validated Model Error Rate (vMER) (Bartolo
et al., 2021) which evaluates the effective-
ness of annotators at generating valid question-
answer pairs that the QA model in the loop
fails to answer correctly;

iii. median time per validated model-fooling ex-
ample which serves as a single metric incor-
porating both method efficiency and effective-
ness and thus provides a convenient metric for
comparison across the various experimental
settings; and

iv. downstream effectiveness in which we eval-
uate the performance (by word-overlap F1
score) of a QA model trained on the data
collected in each of the experimental modes
on the standard SQuAD1.1 benchmark, on
the AdversarialQA benchmark, and in terms
of domain generalisation ability on the
MRQA (Fisch et al., 2019) dev sets.

Lower values are better for the time-dependent met-
rics, however, from the perspective of training data
we consider a higher vMER to be better guided by
the performance benefits observed for adversarial
over standard data collection. This is corroborated
by comparison with downstream results.

4 Results

Our study allows us to perform a thorough investi-
gation into both the efficiency and effectiveness of

the different data annotation methodologies. It also
allows us to build on work investigating the various
differences between standard and adversarial data
collection (Kaushik et al., 2021).

4.1 Standard versus Adversarial Data
Collection

The standard and adversarial data collection set-
tings we use as baselines do not make use of GAAs,
and are designed to replicate the SQuAD1.1 (Ra-
jpurkar et al., 2016) and AdversarialQA (Bartolo
et al., 2020) annotation setups as closely as possi-
ble. However, in contrast to AdversarialQA, our
setting only provides annotators with a financial in-
centive to try to beat the model in the loop through
the use of a bonus, and does not restrict annotators
to only submitting model-fooling examples.

The results, shown in Table 1, highlight the dif-
ferences between the two annotation approaches.
As expected, standard data collection is more effi-
cient in terms of the time taken per example, as
there is no requirement for annotators to make
any effort to try to beat a model. However, the
efficiency differences are not as large as seen in
settings where annotators have to submit model-
fooling examples (Bartolo et al., 2020).

We also find considerable benefits from adversar-
ial data collection in terms of the validated model
error rate and subsequent downstream performance.
As observed by Bartolo et al. (2020), adversarial
data collection is more effective on adversarial test
sets and aids domain generalisation, with slight per-
formance degradation in the standard evaluation
setting, which may be mitigated by increasing the
amount of training data or combining with non-
adversarial training data (for detailed results, refer
to Appendix B). The combined performance across
evaluation settings is considerably higher for adver-
sarial data collection.

We note that the training data sizes in both these
experimental settings are relatively small, and the
benefits of adversarial data collection have been
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Sampling Strategy t (s) vMER (%) t/vMFE (s) SQuADdev DBiDAF DBERT DRoBERTa MRQA
Likelihood 37.5 21.4 0.62 8,708 85.5 41.8 25.3 20.3 53.6
Adversarial 55.6 20.9 4.02 1,760 84.7 45.5 26.1 20.0 54.3
Uncertainty 63.1 28.6 2.77 3,018 83.2 45.5 28.2 21.9 53.2

Table 2: Results for the investigation into supporting standard data collection using GAAs. Since this setting
assumes no access to adversarially-sourced data, we use a generative model trained only on questions from
SQuAD1.1. There is no adversarial QA model in the loop in this setting.

shown to be more pronounced in the low data
regime, likely due to increased example diversity.
Furthermore, while the passages used in this study
are sourced from Wikipedia, there may exist charac-
teristic differences between these and the passages
used in SQuAD.

We also observe considerably lower (i.e.,
better) adversarial human evaluation vMER
scores achieved for our synthetically-augmented
ELECTRALarge model-in-the-loop compared to the
8.8% reported for RoBERTaLarge by Bartolo et al.
(2021). We hypothesise that this is primarily due
to two factors: the improved robustness of ELEC-
TRA in comparison to RoBERTa, and more tightly-
controlled example validation. For further evidence
of the improved adversarial robustness of ELEC-
TRA, refer to Appendix C.

4.2 Improving Standard Data Collection

We now investigate whether it might be possible
to improve standard data collection practices us-
ing generative assistants – can we achieve similar
performance to adversarial data collection without
access to any adversarial data?

We therefore use a GAA trained on SQuAD1.1,
and investigate the three sampling techniques
namely: likelihood, adversarial, and uncertainty
sampling. Results are shown in Table 2. We find
that using a GAA with likelihood sampling con-
siderably improves the efficiency of the annotation
process in comparison to the standard data collec-
tion baseline in Table 1. It also gives comparable
vMER results and downstream QA performance.

Furthermore, both the adversarial and uncer-
tainty sampling strategies prove effective. While
the reduction in time taken per example is not as
substantial as for standard likelihood sampling, and
is comparable to the standard data collection base-
line, the vMER – an indicator of the diversity of
the collected training data – is substantially im-
proved and outperforms the adversarial data col-
lection baseline. The downstream results are also
promising, providing slight improvements over the

standard data collection setting, particularly with
regards to domain generalisation. They start to
make progress towards the values obtained for the
adversarial data collection baseline although, de-
spite the improved vMER, overall downstream per-
formance is considerably higher in the adversarial
data collection setting.

In summary, these results shows that we can en-
courage annotators to come up with more challeng-
ing examples without requiring any adversarially-
collected data or an adversarial model in the loop,
simply through the use of GAAs paired with an
appropriate sampling strategy. However, using ad-
versarial data collection still provides substantially
better downstream performance. These observa-
tions are in line with our initial hypothesis that
sampling generated prompts from regions of known
model uncertainty, or prompts that we know the
model finds challenging to answer, irrespective of
generated sample quality, provides annotators with
a better starting point for example creation.

4.3 Improving Adversarial Data Collection

Following the efficiency gains observed for stan-
dard data collection, we investigate whether it is
possible for GAAs to provide further improvements
over adversarial data collection. As for the pre-
vious experiments, we investigate GAAs trained
on three different datasets: SQuAD1.1, Adversari-
alQA, and the combination of both. We combine
each of these with the three previously discussed
sampling strategies resulting in nine different ex-
perimental settings. Results are shown in Table 3.

We find that when annotators are incentivised to
try to beat an adversarial QA model-in-the-loop,
the previously seen efficiency gains are not as clear
cut. In fact, annotators are slightly slower than for
the adversarial data collection baseline when us-
ing a SQuAD-trained GAA. When using a GAA
that has been trained on adversarially-sourced ques-
tions, standard likelihood sampling provides effi-
ciency gains over the baseline, however, both ad-
versarial and uncertainty sampling (which naturally
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GAA Training Sampling t (s) vMER (%) t/vMFE (s) SQuADdev DBiDAF DBERT DRoBERTa MRQA
SQuAD Likelihood 61.1 31.9 2.25 3,501 86.5 50.1 30.1 24.1 57.6
SQuAD Adversarial 62.6 22.7 4.66 1,750 83.2 48.1 27.7 24.2 55.0
SQuAD Uncertainty 62.1 26.3 2.41 3,317 86.1 51.8 31.1 24.4 58.4
AdversarialQA Likelihood 54.2 24.4 3.09 2,458 84.7 49.8 36.9 29.8 56.8
AdversarialQA Adversarial 63.9 25.6 6.30 1,262 83.3 49.4 34.9 28.1 56.7
AdversarialQA Uncertainty 72.1 30.9 5.20 1,776 83.6 50.3 37.3 27.0 55.7
Combined Likelihood 53.6 25.6 2.64 2,724 85.1 48.9 33.4 24.7 56.5
Combined Adversarial 69.6 29.6 4.86 1,922 82.9 48.0 33.6 28.6 54.5
Combined Uncertainty 62.0 25.0 4.87 1,690 85.3 50.5 33.9 28.8 56.5

Table 3: Results for the investigation into supporting adversarial data collection using GAAs. We investigate three
different GAA training dataset sources, and three sampling strategies. The adversarial QA model used in the
annotation loop is identical for all settings.

GAA Training Sampling t (s) vMER (%) t/vMFE (s) SQuADdev DBiDAF DBERT DRoBERTa MRQA
AdversarialQA Likelihood 38.5 22.7 5.63 988 83.8 49.7 40.3 30.7 55.9
AdversarialQA Adversarial 44.2 21.6 9.46 668 83.9 48.7 36.2 30.3 55.2
AdversarialQA Uncertainty 49.9 24.8 7.80 854 84.8 51.3 38.9 30.6 56.3
Combined Likelihood 45.9 23.4 2.90 2,196 85.2 51.1 37.5 28.1 56.4
Combined Adversarial 56.3 27.1 9.53 785 83.5 48.4 35.5 29.3 55.5
Combined Uncertainty 57.6 27.7 4.48 1,841 83.4 47.4 36.6 27.8 55.2

Table 4: Results for the investigation into supporting adversarial data collection using GAAs equipped with an-
swer prompting. We investigate two different GAA training dataset sources, and three sampling strategies. The
adversarial QA model-in-the-loop is identical for all settings.

lead to more complex prompts that might be more
challenging to work with) actually slow annotators
down, although they do provide improved validated
model error rates and overall better adversarial ex-
ample generation efficiency measured by the time
taken per validated model-fooling example.

In terms of downstream performance, there is no
clear best option, but the best settings consistently
outperform the adversarial data collection baseline
on the most challenging examples (DBERT and
DRoBERTa) while providing comparable results in
the other evaluation settings. Surprisingly, we find
that various settings, particularly those involving
a SQuAD-trained GAA can provide performance
gains over the standard data collection baseline
on SQuAD1.1. We also observe that a SQuAD-
trained GAA with uncertainty sampling gives best
performance on the less challenging evaluation sets,
while an AdversarialQA-trained GAA gives best
performance on the evaluation datasets collected
using a more performant adversary. This is also in
line with the observations made by Bartolo et al.
(2020) showing a distributional shift in question
type and complexity with an increasingly stronger
model-in-the-loop.

The general takeaway in terms of the ideal ex-
perimental setting from the perspective of down-

stream performance is that it depends on the par-
ticular evaluation setting, with GAAs trained on
examples from a particular setting yielding better
performance when the downstream model is also
evaluated in similar conditions. Another key obser-
vation is that both the validated model error rate
and time per validated model-fooling example com-
fortably outperform the baselines across the board,
highlighting the enhancements to the effectiveness
of the annotation process provided by incorporating
GAAs in the loop.

4.4 Investigating Answer Prompting

The settings explored in the previous sections fo-
cus on investigating the effects of assisting free-text
generation of the questions using GAAs. However,
the QA crowdsourcing setting also involves annota-
tion of answer spans, which we also explore in the
search for efficiency gains. Here, we explore GAAs
trained on datasets with adversarially-sourced com-
ponents and the same three sampling strategies as
previously (likelihood, uncertainty and adversar-
ial), while additionally providing annotators with
an answer suggestion.

In essence, this is similar to an answer and ques-
tion validation setting, with the difference that an-
notators have the ability to freely modify both an-
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swer and question, or request additional sugges-
tions. Results for our experiments involving answer
assistance are shown in Table 4.

We find that answer prompting is very effective
at improving annotation efficiency, providing gains
in all six experimental settings while also provid-
ing improved vMER results in all cases. We also
see very similar downstream performance result
patterns to the previous set of experiments – for
performance on the more challenging evaluation
sets (DBERT and DRoBERTa), an AdversarialQA-
trained GAA with likelihood sampling gives best
performance, while for performance on SQuAD, a
GAA trained on examples including SQuAD gives
the best results. As previously discussed and as
shown in Appendix B, adding SQuAD examples to
the training data mitigates this effect.

The consistency in performance patterns serves
to further highlight the previous observation that,
while using GAAs provides considerable gains in
both the efficiency of the annotation process and
effectiveness in terms of downstream results, the
ideal annotation setup should be selected based
on the target downstream evaluation. It is also
worth highlighting the considerable performance
improvements on the more challenging Adversar-
ialQA evaluation sets observed when using an
AdversarialQA-trained GAA even over adversarial
data collection.

5 Annotator Interaction with GAAs

While we provide annotators with instructions ex-
plaining how they can use the GAAs to aid their
annotation, they are free to query the generative
models as many times as they like, if at all, during
annotation. We are interested to see how the three
main factors affecting interaction with the GAAs
that we explore – training data, sampling strategy,
and answer prompting – affect the ways in which
annotators interact or use the GAAs.

Results, shown in Table 5, indicate that anno-
tators query the GAA less frequently when being
shown simpler prompts i.e. those obtained using a
GAA trained on non-adversarially sourced exam-
ples, or selected using likelihood sampling which
tends to provide higher quality and less complex
generated texts. We also find that annotators query
the GAA more frequently when an answer prompt
is also provided. We believe that this can be at-
tributed to the fact that the answer and question
prompt setting is more similar to a validation work-

Feature Setting Avg. #Generations
per Example

GAA Training
SQuAD 0.69

AdversarialQA 0.86
Combined 0.83

Sampling
Likelihood 0.67
Adversarial 0.87
Uncertainty 0.83

Answer Prompt? 7 0.73
3 0.91

Table 5: Results showing how often annotators query
the GAA for different experimental settings.

flow, allowing annotators to generate prompts until
a satisfactory one is found.

6 Discussion and Conclusion

In this work, we introduce Generative Annotation
Assistants (GAAs) and investigate their potential
to aid crowdworkers with creating more effective
training data more efficiently. We perform a thor-
ough analysis of how GAAs can be used for im-
proving QA dataset annotation in different settings,
including different generative model training data,
sampling strategies, and whether to also provide
annotators with answer suggestions.

We find that GAAs are beneficial in both the
standard and adversarial data collection settings. In
the standard data collection setting, and under the
assumption of no access to adversarially-collected
data, GAAs with prompts sampled based on likeli-
hood provide annotation speed-ups, while prompts
sampled by adversarial performance or uncertainty
metrics provide benefits to both the model error
rates on the collected data as well as subsequent
downstream QA performance. We find that while
GAAs are effective for improving standard data col-
lection, we still do not approach the performance
obtained when using adversarial data collection.

For adversarial data collection, we demonstrate
improved effectiveness of the annotation process
over the non-GAA baseline, although this comes at
a cost of reduced annotation efficiency. We show
that also aiding annotators with answer prompts
boosts data collection efficiency even beyond that
of standard data collection, while retaining overall
downstream performance.

We find that the ideal annotation setting dif-
fers for different intended evaluations, with an
uncertainty-sampled GAA trained on data that was
not adversarially-collected providing best perfor-
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mance on simpler questions, while a GAA trained
on adversarially-collected data provides best down-
stream performance on more challenging evalua-
tion sets. However, we also find that combining
with a small sample of SQuAD training examples
can boost performance on these less-challenging
questions, and that in this setting a likelihood-
sampled adversarially-trained GAA consistently
provides the best results.

In terms of efficiency, we see annotation speed-
ups over baseline of 34.4% for standard data collec-
tion and 37.4% for adversarial data collection. In
terms of effectiveness, we see over a 5x improve-
ment in vMER over adversarial data collection,
along with downstream performance gains. We im-
prove over standard data collection on SQuADdev
by up to 0.8F1 and improve over adversarial data
collection by up to 6.1F1 on DBERT, and 3.8F1
on DRoBERTa. Furthermore, we see benefits in
domain generalisation over standard data collec-
tion, and show that annotators interact with the
GAA more frequently when it has been trained
on adversarially-collected data, is sampled based
on adversarial or uncertainty feedback, and also
provides answer prompts.

While our analysis is limited by the size of the
collected data, we believe that GAAs can help drive
further innovation into improved data collection
methodologies based on these findings. We hope
that our analysis of various aspects of GAA incor-
poration into the annotation pipeline and the inter-
actions between annotators and multiple models
in the loop can help inform future work exploring
broader aspects of GAA use, such as for other NLP
tasks or for larger scale annotation efforts.

7 Ethical Considerations

We collect a training datasets as a part of the anal-
ysis in this work. The passages are sourced from
Wikipedia through KILT. As described in the main
text, our incentive structure is designed to ensure
that crowdworkers were fairly compensated. Our
datasets focus on the English language. As this data
is not collected for the purpose of designing NLP
applications, we do not foresee any risks associated
with the use of this data.
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A Breakdown of MRQA Results

Table 6 shows the breakdown of results on the 12
MRQA in- and out- of domain evaluation sets.

B Combining with SQuAD1.1

Bartolo et al. (2020) and subsequent works find
that the performance degradation in the original
evaluation setting when training on adversarially-
collected data only is mitigated by also including
some of the original training data. To investigate
this further, we combine and shuffle the training
datasets collected in each of the experimental set-
tings with 2k SQuAD1.1 examples for a total of 4k
training examples per experiment.

The baseline results in Table 7 show that this
results in similar performance, if slightly im-
proved on the SQuAD dev set, when using some
adversarially-collected data. We also show the re-
sults for the other experimental settings in Tables 8,
9 and 10, noting very similar performance variation
between settings as those reported earlier.

C Adversarial Robustness of ELECTRA
and RoBERTa

Table 11 shows adversarial robustness perfor-
mance evaluated on the AddSent and AddOneSent
evaluation datasets introduced by Jia and Liang
(2017). We observe that even when trained only on
SQuAD1.1, ELECTRA performs considerably bet-
ter than RoBERTa in this setting, suggesting that it
is substantially more robust “out of the box”.

D Computational Resources

All experiments were run on single NVIDIA Tesla
P100 GPUs. Models were trained for up to 14
epochs each taking approximately 2 hours to com-
plete training. Best model checkpoints and hyper-
parameters were tuned for each experimental set-
ting. The final model selected for each setting
was based on validation performance across the
SQuAD and AdversarialQA development sets. The
time taken for evaluation of the final models on
each of the AdversarialQA test sets and the MRQA
datasets was dependent on the number of examples.

3765



GAA Details Adv?
MRQA in-domain MRQA out-of-domain

HotpotQA NQs NewsQA SearchQA SQuAD TriviaQA BioASQ DROP DuoRC RACE RelExt. TextbookQA

- 7 64.5 58.9 51.7 16.5 84.9 55.9 61.5 28.1 50.4 38.1 81.9 31.3

- 3 65.3 65.4 57.2 36.6 85.0 62.2 66.9 43.4 55.5 44.1 83.4 41.1

SQuAD (Likelihood) 7 58.0 61.5 53.9 23.3 85.4 59.5 64.0 32.5 54.2 36.3 81.6 33.4

SQuAD (Adversarial) 7 56.7 63.8 55.4 37.4 84.1 55.4 60.7 30.4 53.9 38.8 75.5 39.3

SQuAD (Uncertainty) 7 62.3 62.0 53.5 26.3 83.4 57.6 63.0 30.9 50.5 37.0 79.6 32.2

SQuAD (Likelihood) 3 67.3 62.9 56.9 30.3 86.7 60.8 66.1 39.0 54.7 43.2 81.8 41.8

SQuAD (Adversarial) 3 60.5 61.6 51.4 30.8 83.3 59.7 62.5 38.1 52.7 39.9 80.7 39.5

SQuAD (Uncertainty) 3 62.7 65.3 55.9 32.9 86.3 63.8 65.2 40.4 56.4 44.4 81.3 46.0

AdvQA (Likelihood) 3 63.5 62.6 53.3 23.5 84.9 59.9 66.7 49.5 53.3 41.5 83.7 39.4

AdvQA (Adversarial) 3 60.8 63.2 52.9 33.2 83.8 59.5 63.9 44.8 53.4 40.8 81.4 43.2

AdvQA (Uncertainty) 3 62.3 61.8 53.3 26.0 83.6 64.0 62.5 47.6 52.9 39.4 81.8 32.9

Combined (Likelihood) 3 61.6 62.6 56.1 21.3 85.0 58.8 67.7 46.9 56.5 43.3 79.1 39.6

Combined (Adversarial) 3 60.8 60.4 51.8 30.0 82.7 55.7 61.2 42.6 53.5 38.5 79.6 37.4

Combined (Uncertainty) 3 64.7 64.2 53.5 27.3 85.4 59.1 64.4 45.5 49.2 41.1 83.5 40.6

Results below are for the settings with answer prompting

AdvQA (Likelihood) 3 60.4 63.9 51.8 26.8 83.5 56.9 65.8 48.4 51.7 42.5 81.0 38.0

AdvQA (Adversarial) 3 60.0 63.8 51.3 25.0 83.7 60.4 65.0 48.6 49.9 40.4 83.3 31.0

AdvQA (Uncertainty) 3 62.7 64.0 51.2 32.9 84.9 58.3 66.3 47.0 45.4 42.3 83.0 37.9

Combined (Likelihood) 3 63.4 63.9 55.1 24.5 83.2 60.6 66.7 47.0 55.9 39.3 82.2 34.9

Combined (Adversarial) 3 62.0 63.7 51.6 18.2 83.5 60.6 64.6 48.5 53.4 40.4 83.8 35.3

Combined (Uncertainty) 3 60.6 62.9 54.2 25.0 83.6 59.2 63.3 44.4 52.5 41.6 80.3 35.3

Table 6: Result breakdown for all twenty experiment modes on the MRQA evaluation sets.

Adversary-in-the-loop? SQuADdev DBiDAF DBERT DRoBERTa MRQA
7 88.9 49.8 28.6 22.7 56.1
3 89.3 53.2 34.1 27.3 60.1

Table 7: Baseline results comparing standard and adversarial data collection. Downstream evaluation is measured
by training an ELECTRALarge QA model on each of the collected datasets combined with 2k SQuAD training
examples (for a total of 4k examples) and evaluating F1 scores on the SQuAD1.1 dev set, the AdversarialQA test
sets, and the MRQA dev sets for domain generalisation.

Sampling Strategy SQuADdev DBiDAF DBERT DRoBERTa MRQA
Likelihood 88.9 49.2 29.0 22.8 56.7
Adversarial 88.7 52.0 30.1 24.5 58.1
Uncertainty 88.5 50.0 29.7 22.8 57.1

Table 8: Results for the investigation into supporting standard data collection using GAAs when combining with
2k SQuAD training examples. There is no adversarial QA model in the loop in this setting.
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GAA Training Sampling SQuADdev DBiDAF DBERT DRoBERTa MRQA
SQuAD Likelihood 89.4 51.4 31.7 24.1 58.8
SQuAD Adversarial 88.4 50.9 31.8 23.2 59.3
SQuAD Uncertainty 89.6 53.8 31.6 25.3 59.0
AdversarialQA Likelihood 89.3 52.4 38.1 30.2 60.6
AdversarialQA Adversarial 88.8 54.0 34.5 27.0 59.3
AdversarialQA Uncertainty 88.8 54.5 39.2 30.0 58.3
Combined Likelihood 88.9 54.6 37.4 27.7 58.7
Combined Adversarial 89.0 53.2 34.9 25.7 58.3
Combined Uncertainty 88.9 54.4 35.9 26.9 57.8

Table 9: Results for the investigation into supporting adversarial data collection using GAAs when combining with
2k SQuAD training examples. We investigate three different GAA training dataset sources, and three sampling
strategies. The adversarial QA model used in the annotation loop is identical for all settings.

GAA Training Sampling SQuADdev DBiDAF DBERT DRoBERTa MRQA
AdversarialQA Likelihood 89.2 53.9 43.4 31.9 59.7
AdversarialQA Adversarial 89.1 53.4 36.4 28.0 58.8
AdversarialQA Uncertainty 88.5 55.4 37.6 27.5 59.0
Combined Likelihood 89.2 55.0 38.4 29.8 61.0
Combined Adversarial 88.6 54.7 37.7 29.4 59.4
Combined Uncertainty 88.8 53.1 32.6 26.7 57.5

Table 10: Results for the investigation into supporting adversarial data collection using GAAs equipped with
answer prompting when combining with 2k SQuAD training examples. We investigate two different GAA training
dataset sources, and three sampling strategies. The adversarial QA model-in-the-loop is identical for all settings.

Model Training Data SQuADdev AddSent AddOneSent

BERTLarge
SQuAD 90.3 73.7 80.3
SQuAD + AdversarialQA 93.3 80.1 85.2

RoBERTaLarge

SQuAD 93.5 82.4 86.9
SQuAD + AdversarialQA 92.5 83.4 86.7
SQuAD + AdversarialQA + SynQA 94.8 86.0 89.0
SQuAD + AdversarialQA + SynQAExt 94.9 87.1 90.1

ELECTRALarge

SQuAD 94.4 85.0 89.0
SQuAD + AdversarialQA 94.7 86.1 89.9
SQuAD + AdversarialQA + SynQA 94.8 85.7 89.2

Table 11: Word-overlap F1 results for BERT, RoBERTa, and ELECTRA on the SQuAD1.1 dev set and the AddSent
and AddOneSent adversarial evaluation sets (Jia and Liang, 2017).
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Abstract

Document Information Extraction (DIE) has
attracted increasing attention due to its various
advanced applications in the real world. Al-
though recent literature has already achieved
competitive results, these approaches usually
fail when dealing with complex documents
with noisy OCR results or mutative layouts.
This paper proposes Generative Multi-modal
Network (GMN) for real-world scenarios to ad-
dress these problems, which is a robust multi-
modal generation method without predefined
label categories. With the carefully designed
spatial encoder and modal-aware mask mod-
ule, GMN can deal with complex documents
that are hard to serialized into sequential or-
der. Moreover, GMN tolerates errors in OCR
results and requires no character-level annota-
tion, which is vital because fine-grained anno-
tation of numerous documents is laborious and
even requires annotators with specialized do-
main knowledge. Extensive experiments show
that GMN achieves new state-of-the-art per-
formance on several public DIE datasets and
surpasses other methods by a large margin, es-
pecially in realistic scenes.

1 Introduction

Document Information Extraction (DIE) aims to
map each document to a structured form consistent
with the target ontology (e.g., database schema),
which has recently become an increasingly impor-
tant task. Recent research (Xu et al., 2020, 2021;
Wang et al., 2021a; Zhang et al., 2020; Li et al.,
2021a) has achieved competitive results for infor-
mation extraction in the idealized scenario with
accurate OCR results, word-level annotations, and
serialized document words in reading order. These
methods regard DIE as a Sequence Labeling (SL)
task. Given OCR results of a document image, the
traditional sequence labeling method first serializes

∗Work is done during an internship at Tencent YouTu Lab.
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Figure 1: Examples in public DIE benchmarks with
practical problems. The three rows from top to bottom in
each sub-figure are 1) input images, 2) raw intermediate
tags and final results generated by the SL method, and
3) results of our GMN method, respectively. The error
parts are marked in red, while the correct parts are in
green. Best viewed in color.

words in reading order then classifies each input
word into predefined categories.

As shown in Figure 1, multiple challenging prob-
lems for practical document understanding still ex-
ist in realistic scenes. 1) Document serialization
requires pre-composition processing, which is diffi-
cult in real scenarios with ambiguous word orders.
One entity may be incorrectly divided into multi-
ple entities when the input sequences are sorted
by coordinates. 2) OCR results are usually noisy
because of inevitable recognition errors. 3) The
volume of keys in practical scenarios is generally
substantial and expanded frequently. Existing se-
quence labeling methods could not identify unde-
fined keys. 4) While facing duplicated values,
collecting word-level annotations is necessary for
sequence labeling methods. However, this is diffi-
cult in practical scenarios since they are costly and
labor-intensive.

To address the limitations mentioned above, we
propose a robust information extraction method
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named Generative Multi-modal Network (GMN)
for practical document understanding. Unlike se-
quence labeling methods that label each input word
with a predefined category, we regard DIE as a
translation task that translates source OCR results
to a structured format (like key-value pairs in this
paper). We use UniLM (Dong et al., 2019) as
the basic model structure, which is a transformer-
based pre-trained network that can handle both
natural language understanding (NLU) and natural
language generation (NLG) tasks simultaneously.
Conditioned on a sequence of source words, GMN
generates one word at each time step to compose a
series of key-value pairs in them.

Regarding the sequence serialization problem, a
novel two-dimensional position embedding method
is proposed while the original one-dimensional po-
sitional embedding in the transformer is removed
because all information in document understand-
ing can be acquired from 2D layouts. In this
manner, GMN bypasses the serialization problem.
Furthermore, benefiting from the large-scale self-
supervised pre-training processed on a vast docu-
ment collection, GMN can correct OCR errors com-
monly encountered in practical scenarios. More-
over, using a weakly supervised training strategy
that utilizes only key information sequences as su-
pervision, GMN needs no word-level annotations
that are indispensable in traditional sequence label-
ing methods like LayoutLM (Xu et al., 2020) and
StructuralLM (Li et al., 2021a).

Experiments illustrate that the proposed GMN
model outperforms several SOTA pre-trained mod-
els on benchmark datasets, including SROIE and
CORD. The contributions of this paper are summa-
rized as follows:

1) We present GMN tailored for the DIE task,
which is more applicable for practical scenar-
ios, including lack of word-level annotations,
OCR errors as well as various layouts.

2) We propose a layout embedding method and
multi-modal Transformer in a decoupling
manner, which jointly models interactions be-
tween multiple modalities and avoids the read-
ing order serialization.

3) Experiments on public DIE datasets demon-
strate that the proposed method not only
achieves a substantial performance improve-
ment but also generalizes well to data under
practical scenarios with unseen keys.

2 RELATED WORKS

Traditional methods (Esser et al., 2012; Schus-
ter et al., 2013; Riloff, 1993) on DIE tasks rely
heavily on predefined rules, templates, and hand-
crafted features, giving rise to difficulty in gen-
eralizing to unseen documents. With the devel-
opment of deep learning technology, document
information extraction methods have recently im-
proved substantially in both performance and ro-
bustness. These deep learning-based methods can
be classified into three categories: textual content-
based methods, multi-modal-based methods, and
pre-trained Transformer-based methods.

Textual content-based methods. Palm et al.
(2017); Sage et al. (2019) adopt the idea from nat-
ural language processing and use recurrent neural
networks (RNN) to extract entities of interest from
documents. However, they discard the layout in-
formation during the text serialization, which is
crucial for document understanding.

Multi-modal-based methods. Some works
(Katti et al., 2018; Hwang et al., 2021) take the
layout information into consideration and try to
reconstruct character or word segmentation of the
document. Katti et al. (2018) encode each doc-
ument page as a two-dimensional grid of char-
acters that represents text representation with a
two-dimensional layout. Yu et al. (2020); Ma-
jumder et al. (2020); Zhang et al. (2020); Wang
et al. (2021b) further integrate image embeddings
for better feature extraction. Yu et al. (2020); Tang
et al. (2021) represent documents by graphs, with
nodes representing word segments and edges ei-
ther connecting all the nodes or only spatially near
neighbors. Convolutional or recurrent mechanisms
are then applied to the graph for predicting the field
type of each node. However, due to the lack of
large-scale pre-training, the robustness and accu-
racy of the model are relatively limited.

Pre-trained Transformer-based methods. Re-
cently, pre-trained models (Devlin et al., 2019; Liu
et al., 2019) show effective knowledge transferabil-
ity with large-scale training data and various self-
supervised tasks. LayoutLM (Xu et al., 2020) first
proposes a document-level pre-training framework
that semantic and layout information are jointly
learned. LayoutLM V2 (Xu et al., 2021) further
improves the LayoutLM model by integrating the
image information in the pre-training stage. Li et al.
(2021a) propose the StructuralLM pre-training ap-
proach to exploit text block information. Methods
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[SEP]
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(a) The overall architecture of our generative multi-modal network, MD-Bert in encoder and decoder are with parameter sharing.
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Figure 2: Architecture of our generative multi-modal network. The MD-Bert module is composed of stacked
multi-modal encoders, which fuses multi-modal features and iteratively generates structured results in a fixed order.

mentioned above all use one-dimensional position
embeddings to model the word sequence, even with
two-dimensional layout embeddings are involved,
so that the reading order serialization in the doc-
ument is required, which is challenging or even
impossible due to the complex and diverse layout
in the real world. What’s more, they are all based
on the classification of each input text segment to
predefined labels, which means fine-grained an-
notations are indispensable and lack the ability to
correct error OCR results.

On the contrary, the proposed GMN relies on a
two-dimensional position embedding to bypass the
serialization process and cross-modality encoders
in a decoupling manner to model the layout infor-
mation and the relative position of a word within a
document simultaneously.

3 METHODOLOGY

In this section, we first introduce the overall ar-
chitecture of GMN, followed by illustrating multi-
modal feature extraction, generative pre-training
model with multi-modal decoupling in detail, re-
spectively.

3.1 Overall Architecture

GMN aims at constructing an enhanced
Transformer-based translator architecture for
DIE for converting the document to structured,

machine-readable data. An overview of the
architecture is as shown in Figure 2. It mainly
consists of two parts: the multi-modal feature
extraction module and stacked cross-modality
module named MD-Bert (Modal Decoupling
Bert), which simultaneously serves as encoder and
decoder following the design of UniLM.

The whole process can be summarized as 1)
Multi-modality embeddings of source inputs are
extracted through an advanced OCR engine and
a small CNN; 2) The extracted features from dif-
ferent modalities are fused as “multi-modal em-
beddings” through MD-Bert along with memory
updating for each layer at each time step; 3) Next,
MD-Bert output the encoding results by applying
token prediction on multi-modal embeddings; 4)
Finally, MD-Bert recursively generates structured
results by taking multi-modal embeddings and ac-
cumulative memory as inputs until a terminator
[SEP] is predicted.

3.2 Multi-Modal Feature Extraction

Based on the multi-modal information, including
semantics, layout, and vision, we propose a unified
layout embedding method named Cord2Vec which
simultaneously encodes sequence information and
spatial information to avoid complex reading order
serialization.

3770



3.2.1 Semantic Embedding
Intuitively, semantic contents are reliable signals to
extract valuable information. The semantic content
of each text fragment is acquired from the results of
the OCR engine for practical application scenarios.
After text fragments are acquired and tokenized,
the start indicator tag [BEG] is added in front of
the input token sequence, and the end indicator tag
[SEP] is also appended to the end. Extra padding
tag [PAD] is used to unify the length of sequence
with predefined batch length L. In this way, we can
get the input token sequence S as

S = [[BEG], t1, · · · , tn, [SEP], [PAD], · · · ], |S| = L (1)

Here, ti refers to i-th token in OCR texts. More-
over, though the sequence length of the input token
sequence is fixed during training, GMN can handle
variable lengths when making the inference due to
the novel positional embedding method.

3.2.2 Layout Embedding
DIE task is a typical two-dimensional scene in
which relative positions of words are essential ev-
idence. While the reading order serialization is
challenging, we propose Cord2Vec, a unified em-
bedding method that fully utilizes spatial coordi-
nates rather than one-dimensional sequence order
information to bypass this problem.

As for the source input part, we normalize and
discretize all coordinates to the integer in the range
of [0, α], here α is the max scale which is set to
1000 in our experiment. Then corner coordinates
and edge lengths of each text fragment are gained
using corresponding bounding boxes. In order to
enhance the tokens’ interaction in the same box,
two tuples (x0, x1, w), (y0, y1, h) are used to rep-
resent the layout information. Here, (x0, y0) and
(x1, y1) are the top-left and bottom-right coordi-
nates of each token, and w is the average width of
tokens in the same box while h representing box
height. Such embedding represents both the layout
and the word order information. As for target to-
kens generated by GMN which does not have the
real coordinate, the Cord2Vec assumes each token
is tied in the grid of [Wgrid, Hgrid] with row-first
principle, and each token occupies a pixel with a
width and height of 1. After the layout information
is acquired, we use two embedding layers to em-
bed x-axis features and y-axis features separately
as stated in Equation 2.

Xi = PosEmb2Dx(x0, x1, w),

Yi = PosEmb2Dy(y0, y1, h)
(2)

Here, PosEmb2Dx and PosEmb2Dy are the posi-
tion embedding function which takes coordinate
as input. Each input element is embedded sepa-
rately and then added together with an element-
wise function. Note that the placeholder such
as [PAD] can be treated as some evenly divided
grids, so their bounding box coordinates are easy
to calculate. An empty bounding box XPAD =
(0, 0, 0), YPAD = (0, 0, 0) is attached to [PAD], and
XSEP = (0, w, w), YSEP = (0, h, h) is attached to
other special tokens including [BEG] and [SEP].

3.2.3 Visual Embedding
We use ResNet-18 (He et al., 2016) as the back-
bone of the visual encoder. Given a document page
image I , it is first resized to W ∗H then fed into
the visual backbone. After that, the feature map is
scaled to a fixed size by average-pooling with the
width being W/n and height being H/n, n is the
scaling scale. Finally, RoI Align (He et al., 2017)
is applied to extract each token’s visual embedding
with a fixed size. The visual embedding of the i-th
token is denoted by vi ∈ (v1, v2, v3, . . . , vL). For
source input, visual embedding can be represented
as

vi = ROIAlign(ConvNet(Image), Posi) (3)

Here, Posi stands for the position of i-th token, and
ConvNet is a convolutional neural network serving
as feature extractor in terms of input image, and
then ROIAlign takes the image feature and location
as input, and extracts the corresponding image fea-
tures. Note that the [BEG] token represents the full
image feature, and the other special tokens, as well
as output tokens, are attached to the default null
image feature.

3.3 Generative Pre-training Model
3.3.1 Model Structure
In order to learn more general features and make
full use of the pre-training data, we propose a
unified encoder-decoder module named MD-Bert
which is composed of stacked hierarchical multi-
modal Transformer encoders. The context of input
tokens is from OCR result during the encoding
stage, while already decoded tokens are also in-
cluded in the decoding stage. To solve this prob-
lem, inspired by UniLM, we use masking to control
which part of context the token should attend to
when computing its contextualized representation,
as shown in Figure 3. The input features of se-
mantics, layout and computer vision are mapped to
hidden states by: F S

0 =
{
fS1 , . . . , f

S
N

}
,FX

0 =
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[SEP]
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[SEP]
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, a linear mapping is as follows:

fSi = W Sx
S
i , f

X
i = WXx

X
i ,

fYi = W Y x
Y
i , f

V
i = W V x

V
i

(4)

where matrices W S ∈ Rdh×dS , WX ∈
Rdh×dX , W Y ∈ Rdh×dY , W V ∈ Rdh×dV
are used to project features into hidden-state
in dh dimensions. MD-Bert takes F∼ and
memory M∼ of history state as input, gener-
ates output and update memory M∼ step by
step. where, F∼ ∈ {FS , FX , F Y , F V },M∼ ∈
{MS ,MX ,MY ,MV }, M∼ contains the history
state of each layer and previous embeddings of
the model. In the first timestep, M∼ is initialized
from scratch, input T0 means the full OCR result
and MD-Bert acts as bi-directional encoder. For
timestep t, where t ∈ [1,m], the model takes the
output of the previous timestep or [BEG] as in-
put, and outputs the current result, MD-Bert acts
as uni-directional decoder.

3.3.2 Cross-Modality Encoder
Traditional multi-modal models usually fuse dif-
ferent modal features by adding or concatenating
them together, which inevitably introduces the un-
wanted correlations between each other during self
attention procedure, e.g. word-to-position, image-
to-word. However, these correlations are harmful
to strengthening the model’s capability as different
data modalities are practically orthogonal, thus we
need to design a customized pipeline for each one.

We propose MAMM (modal-aware mask module)
encoder, a hierarchical structure multi-modal Trans-
former model in a decoupling manner that jointly
models different modalities. As a consequence, the
feature embedding decoupling is decomposed into
three embeddings in GMN. The MAMM module
follows the design of a basic module in BERT, but
replaces the multi-head attention with modal-aware
multi-head attention.

It also contains feed-forward (FF) layers, resid-
ual connections, and layer normalizations (LN),
meanwhile, parameters of modals are not shared.
When feeded with different modal content such as
semantics, layout and computer vision, MAMM
first calculates each modal’s attention score sepa-
rately, then added these attention scores together
to get a fusion score, finally use this fusion score
to apply masking and following operations on se-
mantic content. As shown in Figure 3, let F∼l =
{f∼1 , . . . , f∼N} be the encoded feature in the l-th
layer. F∼0 is the vector of the input features as
mentioned in Equation 4. Features output by the
next layer F∼l+1 can be obtained via:

F∼
l−att = LN (fMAMM (F∼

l ) + F∼
l ) (5)

F∼
l+1 = LN (fFF (F∼

l−att) + F∼
l−att) (6)

where fMAMM (·) is the modal-aware mask function
defined as

fMAMM (F∼
l ) = softmax (MaskProd (F∼

l )) v (F
∼
l ) (7)

MaskProd (F∼
l ) =

q (F∼
l ) k (F

∼
l )

⊤

4
√
dk

+ fMaskopt (8)

where q(·), k(·), v(·) are linear transformation lay-
ers applied to the proposals’ feature, which repre-
sent the query, key and value in attention mecha-
nism accordingly. Benefited from the parameters’
sharing among layers with regard to X, Y and Vi-
sion, GMN has comparable weights as Bert. Sym-
bol dk is the number of attention headers for nor-
malization, and the fMaskopt is the Mask operation
which controls the attention between each token.
In GMN, we apply full attention on all OCR input
tokens, and input tokens of the model for the output
structural sequence can attend to the whole inputs
as well as tokens that have been decoded which are
like auto-regressive encoder. Finally, F∼l+1 can be
obtained by F∼l−att via a feed-forward sub-layer
composed of two fully-att connected layers of func-
tion fFF(·). Hierarchically stacked layers form the
multi-modal encoder.
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3.3.3 Pre-training Method

Similar to UniLM, three cloze tasks including Uni-
directional LM, Bidirectional LM and Sequence-
to-Sequence LM are used in the GMN. Meanwhile,
we propose NER-LM for better entity correlation
extraction. The whole loss function is defined as,

L = Luni-LM +Lbi-LM +Ls2s-LM +LNER-LM (9)

In a cloze task, we randomly choose some Word-
Piece (Wu et al., 2016) tokens in the input, and re-
place them with the special token [MASK]. Then,
we feed their corresponding output vectors com-
puted by the Transformer network into a softmax
classifier to predict the masked token. The parame-
ters of GMN are learned to minimize cross-entropy
loss, which is computed using the predicted tokens
and the original tokens.

NER-LM is an extension of sequence-to-
sequence LM for better integrity constraints on
the entity. Given the source segment which in-
cludes entity values s1, s2 , and the correspond-
ing entity types n1, n2 as well as some back-
ground sentence e.g. b1, b2, we form the in-
put format as A “[BEG]s1b1s2b2[SEP ]” and B
“[BEG]n1s1n2s2[SEP ]”. Each token in A can ac-
cess all others of A, while each token in B can
access all tokens of A as well as the preceded to-
kens in B. The target entity in B is masked for
prediction during training.

4 EXPERIMENTS

4.1 Dataset

4.1.1 Pre-training Dataset

Our model is pre-trained on the IIT-CDIP Test Col-
lection 1.0 (Lewis et al., 2006), which contains
more than 6 million documents, with more than
11 million scanned document images. Moreover,
each document has its corresponding text and meta-
data stored in XML files which describe the prop-
erties of the document, such as the unique iden-
tity and document labels. And the NER-LM is
pre-trained on the Enron Email Dataset (Klimt and
Yang, 2004), which contains 0.5 million emails gen-
erated by employees of the Enron Corporation. We
follow the organization of the letter and generate
the content on the image. The structured informa-
tion in the letters acts as an entity, such as subject,
date, etc.

4.1.2 Fine-tuning Datasets
We conduct experiments on three real-world public
datasets, FUNSD-R, CORD and SROIE.

The FUNSD-R Dataset. FUNSD (Jaume et al.,
2019) is a public dataset of 199 fully annotated
forms, which is composed of 4 entity types (i.e.
Question, Answer, Header and Other). The origi-
nal dataset has both semantic entity extraction (EE)
and semantic entity linking (EL) tasks. It’s note-
worthy that the linking between different entities
are complicated, one header entity may have link-
ing to several question entities with more answer
entities linked.

To better evaluate the system performance in
the multi-key scenario, we relabel the dataset in
key-value pairs format to tackle EE and EL tasks si-
multaneously. We named the new dataset FUNSD-
R, which contains 1,421 keys for training and 397
keys for testing. Meanwhile, there are 267 keys in
the test set that have not appeared in the training
set. FUNSD-R will be released soon.

The CORD Dataset. The CORD (Park et al.,
2019) dataset contains 800 receipts for the training
set, 100 for the validation set and 100 for the test
set. The dataset defines 30 fields under 4 categories
and the task aims to label each word to the right
field.

The SROIE Dataset. SROIE (Huang et al.,
2019) dataset contains 626 receipts for training
and 347 receipts for testing. Each entity of the re-
ceipt is annotated with pre-defined categories such
as company, date, address, and total.

To further investigate the capacity of our pro-
posed method under more challenging scenarios,
we expand “SROIE” and “CORD” datasets to
“SROIE-S” and “CORD-S” by shuffling the order
of text lines and keep the box coordinates to simu-
late complex layouts. The evaluation metric is the
exact match of the entity recognition results in the
F1 score.

4.2 Implementation Details

Model Pre-training. We initialize the weight of
GMN model with the pre-trained UniLM base
model except for the position embedding layer and
visual embedding layer. Specifically, our BASE
model has the same architecture: a 12-layer Trans-
former with 768 hidden sizes, and 12 attention
heads. For the LARGE setting, our model has a
24-layer Transformer with 1,024 hidden sizes and
16 attention heads, which is initialized by the pre-
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trained UniLM LARGE model. For unidir-LM and
bidir-LM methods, we select 15% of the input to-
kens of sentence A for prediction. We replace these
masked tokens with the [MASK] token 80% of
the time, a random token 10% of the time, and an
unchanged token 10% of the time. For seq-to-seq
LM and NER-LM, we select 15% tokens of the
sentence B. The target of the token is the next to-
ken. Then, the model predicts the corresponding
token with the cross-entropy loss.

In addition, we also add the two-dimensional
position embedding and visual embedding for pre-
training. Considering that the document layout
may vary in different page sizes, we scale the ac-
tual coordinate to a “virtual" coordinate: the actual
coordinate is scaled to have a value from 0 to 1,000,
and rescale the images to the size of 512× 512.

We train our model on 64 NVIDIA Tesla V100
32GB GPUs with a total batch size of 1,024. The
Adam optimizer is used with an initial learning rate
of 5e-5 and a linear decay learning rate schedule.

Task-specific Fine-tunings. We evaluate the
model following the typical fine-tuning strategy
and update all parameters in an end-to-end way
on task-specific datasets. We arrange the source
OCR result from top to bottom and left to right.
In addition, we add the “[DSEP ]” as the separa-
tor between text detection boxes. In SROIE and
CORD datasets, we construct the target key-value
pairs in a certain order due to the keys being lim-
ited. (i.e. company, date, address, total). In the
FUNSD dataset, we organize the target key-value
pairs from top to bottom and left to right. We add
the “:” as the separator between key and value
and “[DSEP ]” as the separator between key-value
pairs. The max source length parameter is set to
768 in the SROIE and CORD datasets and 1536 in
the FUNSD-R datasets, so input sequences below
max length will be padding to the same length. The
model is trained for 100 epochs with a batch size of
48 and a learning rate of 5e-5. Note that, the annota-
tions of all GMN results are the weakly-supervised
label of sentence-level while other methods use
word-level annotations.

4.3 Comparison to State-of-the-Arts

We compare our method with several state-of-the-
arts on the FUNSD-R, SROIE and CORD bench-
marks. We use the publicly available PyTorch mod-
els for BERT, UniLM and LayoutLM in all the
experiment settings. The results of PICK (Yu et al.,

Model Precision Recall F1
BertLARGE 0 0 0
LayoutLMLARGE 0 0 0
GMN BASE 0.5264 0.4866 0.5057
GMN LARGE 0.5568 0.5116 0.5333

Table 1: Model results on the FUNSD-R dataset, meth-
ods based on sequence labeling yield under scene with
larger amount of keys.

Model Precision Recall F1
BERTBASE 0.9099 0.9099 0.9099
UniLMBASE 0.9459 0.9459 0.9459
BERTLARGE 0.92 0.92 0.92
UniLMLARGE 0.9488 0.9488 0.9488
LayoutLMLARGE 0.9524 0.9524 0.9524
LayoutLMv2LARGE 0.9904 0.9661 0.9781
PICK 0.9679 0.9546 0.9612
MatchVIE - - 0.9657
BROS - - 0.9662
StrucTexT 0.9584 0.9852 0.9688
GMNBASE 0.9853 0.9633 0.9741
GMNLARGE 0.9956 0.9690 0.9821

Table 2: Model results on the SROIE dataset with
Ground Truth Setting.

2020), MatchVIE (Tang et al., 2021), BROS (Hong
et al., 2021), StrucTexT (Li et al., 2021b), SPADE
(Hwang et al., 2021) and DocFormer (Appalaraju
et al., 2021) are obtained from the original papers.

Results under scene with larger amount of
keys. Table 1 shows the model results on the
FUNSD-R dataset which is evaluated using entity-
level precision, recall and F1 score. In the case
of a large number of key categories, especially in
the case that some categories have not appeared
in the training set, the method based on sequence
labeling yield, neither the Bert model, which only
contains text modality nor the LayoutLM which
also contains layout and visual modalities.

The best performance is achieved by the
GMNLARGE , where a significant improvement
is observed compared to other methods. Note that,
67.25% of keys have not appeared in the training
set, This illustrates that the generative method in
GMN is suitable for scenes with a large number of
keys.

Results with Ground Truth Setting. Under
this setting, the ground truth texts are adopted as
model input. As shown in Table 2 and Table 3,
even using weakly supervised labels, our approach
shows excellent performance on both SROIE and
CORD, and yields new SOTA results, which in-
dicates that GMN has a powerful representational
capability and can significantly boost the perfor-
mance on DIE tasks.
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Model Precision Recall F1
BERTBASE 0.8833 0.9107 0.8968
UniLMBASE 0.8987 0.9198 0.9092
BERTLARGE 0.8886 0.9168 0.9025
UniLMLARGE 0.9123 0.9289 0.9205
LayoutLMLARGE 0.9432 0.9554 0.9493
LayoutLMv2LARGE 0.9565 0.9637 0.9601
SPADE - - 0.925
DocFormer 0.9725 0.9674 0.9699
BROS - - 0.9728
GMNBASE 0.9547 0.9576 0.9562
GMNLARGE 0.9693 0.9798 0.9745

Table 3: Model results on the CORD dataset with
Ground Truth Setting.

Model SROIE-E2E
Precision Recall F1

BERTLARGE 0.4066 0.3876 0.3969
LayoutLMLARGE 0.4414 0.4236 0.4323
GMNBASE 0.7324 0.7161 0.7242
GMNLARGE 0.7543 0.7334 0.7437

Model CORD-E2E
Precision Recall F1

BERTLARGE 0.6313 0.6724 0.6512
LayoutLMLARGE 0.6684 0.7086 0.6879
GMNBASE 0.7840 0.8133 0.7984
GMNLARGE 0.8165 0.8368 0.8265

Table 4: Model results on the SROIE and CORD
datasets with End-to-End Setting.

Results with End-to-End Setting. We adopt
Tesseract as OCR engine to get the OCR result
of public datasets. It’s worth noting that there
are exist some OCR errors, the sequence labeling
method can not handle, but in our GMN, the match-
ing process between OCR results and ground truth
is avoided thanks to the novel layout embedding
method in an end-to-end training setting. The per-
formances are shown in Table 4. Our method shows
new state-of-the-art performance benefits from the
ability to error correction. A detailed analysis of it
is introduced in case studies B.

Results with Position Shuffle Setting. In order
to verify the robustness of our two-dimensional
embedding method, we apply a shuffling operation
on boxes of the test dataset. As shown in Table 5,
compared with models that have one-dimensional
position embeddings, our method is more robust to
input disruption with a big gap.

4.4 Ablation Study

An ablation study is conducted to demonstrate the
effects of different modules in the proposed model.
We remove some components to construct several
comparable baselines on the CORD dataset. The
statistics are listed in Table 6.

Model SROIE-S
Precision Recall F1

BERTBASE 0.0702 0.0490 0.0577
LayoutLMBASE 0.7169 0.6880 0.7022
GMNBASE 0.9679 0.9424 0.9550

Model CORD-S
Precision Recall F1

BERTBASE 0.1235 0.1384 0.1305
LayoutLMBASE 0.6917 0.7139 0.7026
GMNBASE 0.9345 0.9488 0.9416

Table 5: Model results on the SROIE-S and CORD-S
datasets with Position Shuffle Setting.

Model Precision Recall F1
GMN 0.9693 0.9798 0.9745
GMN w/o Image 0.9623 0.9608 0.9616
GMN w/o NER-LM 0.96 0.9585 0.9593
GMN w/o MAMM 0.9576 0.9547 0.9562

Table 6: Model results of different components of our
method on the CORD dataset.

The “GMN w/o MAMM” means using the
same multi-modal feature as LayoutLM. Compared
with LayoutLM, MAMM brings about 1.82% im-
provement of F1, which verifies the validation of
MAMM. The “GMN w/o Image” means removing
the image feature extraction. Experiment results
show that visual modality can also improve the
performance. Moreover, with NER-LM consid-
ered, the performance of information extraction
increases to 97.45%. Extended experiments includ-
ing attention visualization analysis and case studies
can refer to Appendix A and B.

5 CONCLUSION

In this work, we propose a Generative Multi-modal
Network (GMN) for practical document informa-
tion extraction. Since GMN is a generation method
including no pre-defined label category, it supports
scenes that contain unknown similar keys and toler-
ates OCR errors, meanwhile requires no character-
level annotation. We conduct extensive experi-
ments on publicly available datasets to validate
our method, experimental results demonstrate that
GMN achieves state-of-the-art results on several
public DIE datasets, especially in the practical sce-
narios. Though our GMN significantly outperforms
other DIE models, there still exists potential to be
exploited as regard to practical scenarios. In or-
der to cope with complicated layout information as
well as ambiguous semantic representations, we ar-
gue that more attention should be paid to the modal-
ity embedding and interaction strategy, which has
more opportunity to handle such difficult cases.
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Appendix

A Attention Visualization

To further explore what context information is fo-
cused by our GMN, we visualize the attention map
of the multi-head Transformer, as shown in Figure
4. The input tokens of the model are marked in
black and the decoding results are marked in or-
ange, while X-axis represents the attended tokens.
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Figure 4: Visualization of the attention map of the multi-head Transformer, representing semantic/X-coord/Y-
coord/visual attention results in a row respectively. The decoding result is marked in orange. Best viewed in color.

Figure 5: Samples from SROIE/CORD/FUNSD datasets, key examples are highlighted by color boxes. Best viewed
in color.

As shown in Figure 3, we use the Mask operator
to control the attention between each token. The
input OCR tokens can attend to each other but the
output tokens can only be attended to the already
decoded tokens. Consequently, the upper right area
of the attention map has no active response, and
the area in the lower right corner shows a stepped
pattern.

We can observe that the semantic attention mech-
anism plays an important role in modeling local
dependence. In semantic attention, the input OCR
tokens mainly focus on themselves and their nearby
semantically relevant parts. In contrast, decoded
tokens mostly focus on the counterparts in the origi-
nal tokens, showing a reasonable alignment. Mean-
while, layout and visual attention mechanisms fo-
cus on more global information, complementing
the semantic attention mechanism.

B Case studies

The motivation behind GMN is to tackle the prac-
tical DIE tasks. To verify this, we show some
examples of the output of LayoutLM and GMN,
as shown in Figure 5. In the sub-figure A and B,
GMN successfully corrects the recognition error
of OCR results thanks to semantic learning on a
large-scale corpus. In the sub-figure C~F, GMN
accurately generates the key-value pairs with com-
plex layouts and ambiguous contexts thanks to the
novel position embedding method, in comparison
LayoutLM is unable to merge the value entities cor-
rectly. It’s noteworthy that the sub-figures G and
H are failed cases, which are caused by semantic
obfuscation and reasonable complement to missing
character. These examples show that GMN is capa-
ble of correcting OCR errors and predicting more
accurately in practical scenarios.
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Abstract

Non-autoregressive neural machine translation
(NAT) suffers from the multi-modality prob-
lem: the source sentence may have multi-
ple correct translations, but the loss func-
tion is calculated only according to the ref-
erence sentence. Sequence-level knowledge
distillation makes the target more determin-
istic by replacing the target with the output
from an autoregressive model. However, the
multi-modality problem in the distilled dataset
is still nonnegligible. Furthermore, learning
from a specific teacher limits the upper bound
of the model capability, restricting the poten-
tial of NAT models. In this paper, we ar-
gue that one reference is not enough and pro-
pose diverse distillation with reference selec-
tion (DDRS) for NAT. Specifically, we first
propose a method called SeedDiv for diverse
machine translation, which enables us to gener-
ate a dataset containing multiple high-quality
reference translations for each source sentence.
During the training, we compare the NAT out-
put with all references and select the one that
best fits the NAT output to train the model. Ex-
periments on widely-used machine translation
benchmarks demonstrate the effectiveness of
DDRS, which achieves 29.82 BLEU with only
one decoding pass on WMT14 En-De, improv-
ing the state-of-the-art performance for NAT
by over 1 BLEU.1

1 Introduction

Non-autoregressive machine translation (Gu et al.,
2018) has received increasing attention in the field
of neural machine translation for the property of
parallel decoding. Despite the significant speedup,
NAT suffers from the performance degradation
compared to autoregressive models (Bahdanau
et al., 2015; Vaswani et al., 2017) due to the multi-
modality problem: the source sentence may have

∗Corresponding author: Yang Feng
1Source code: https://github.com/ictnlp/DDRS-NAT.

multiple correct translations, but the loss is cal-
culated only according to the reference sentence.
The multi-modality problem will cause the inaccu-
racy of the loss function since NAT has no prior
knowledge about the reference sentence during the
generation, where the teacher forcing algorithm
(Williams and Zipser, 1989) makes autoregressive
models less affected by feeding the golden context.

How to overcome the multi-modality problem
has been a central focus in recent efforts for im-
proving NAT models (Shao et al., 2019, 2020, 2021;
Ran et al., 2020; Sun and Yang, 2020; Ghazvinine-
jad et al., 2020; Du et al., 2021). A standard ap-
proach is to use sequence-level knowledge distilla-
tion (Kim and Rush, 2016), which attacks the multi-
modality problem by replacing the target-side of
the training set with the output from an autoregres-
sive model. The distilled dataset is less complex
and more deterministic (Zhou et al., 2020), which
becomes a default configuration of NAT. How-
ever, the multi-modality problem in the distilled
dataset is still nonnegligible (Zhou et al., 2020).
Furthermore, the distillation requires NAT models
to imitate the behavior of a specific autoregressive
teacher, which limits the upper bound of the model
capability and restricts the potential of developing
stronger NAT models.

In this paper, we argue that one reference is not
enough and propose diverse distillation with ref-
erence selection (DDRS) for NAT. Diverse distil-
lation generates a dataset containing multiple ref-
erence translations for each source sentence, and
reference selection finds the reference translation
that best fits the model output for the training. As
illustrated in Figure 1, diverse distillation provides
candidate references “I must leave tomorrow" and
“Tomorrow I must leave", and reference selection
selects the former which fits better with the model
output. More importantly, NAT with DDRS does
not imitate the behavior of a specific teacher but
learns selectively from multiple references, which
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Figure 1: Illustration of diverse distillation and reference selection. Diverse distillation provides multiple refer-
ences and reference selection selects the one that best fits the model output for the training.

improves the upper bound of the model capability
and allows for developing stronger NAT models.

The object of diverse distillation is similar to
the task of diverse machine translation, which aims
to generate diverse translations with high transla-
tion quality (Li et al., 2016; Vijayakumar et al.,
2018; Shen et al., 2019; Wu et al., 2020; Li et al.,
2021). We propose a simple yet effective method
called SeedDiv, which directly uses the random-
ness in model training controlled by random seeds
to produce diverse reference translations without
losing translation quality. For reference selection,
we compare the model output with all references
and select the one that best fits the model output,
which can be efficiently conducted without extra
neural computations. The model learns from all ref-
erences indiscriminately in the beginning, and grad-
ually focuses more on the selected reference that
provides accurate training signals for the model.
We also extend the reference selection approach to
reinforcement learning, where we encourage the
model to move towards the selected reference that
gives the maximum reward to the model output.

We conduct experiments on widely-used ma-
chine translation benchmarks to demonstrate the
effectiveness of our method. On the competitive
task WMT14 En-De, DDRS achieves 27.60 BLEU
with 14.7× speedup and 28.33 BLEU with 5.0×
speedup, outperforming the autoregressive Trans-
former while maintaining considerable speedup.
When using the larger version of Transformer,
DDRS even achieves 29.82 BLEU with only one
decoding pass, improving the state-of-the-art per-
formance level for NAT by over 1 BLEU.

2 Background

2.1 Non-Autoregressive Translation
Gu et al. (2018) proposes non-autoregressive ma-

chine translation to reduce the translation latency
through parallel decoding. The vanilla-NAT mod-
els the translation probability from the source sen-
tence x to the target sentence y={y1, ..., yT } as:

p(y|x, θ) =

T∏

t=1

pt(yt|x, θ), (1)

where θ is a set of model parameters and pt(yt|x, θ)
is the translation probability of word yt in position
t. The vanilla-NAT is trained to minimize the cross-
entropy loss:

LCE(θ) = −
T∑

t=1

log(pt(yt|x, θ)). (2)

The vanilla-NAT has to know the target length
before constructing the decoder inputs. The tar-
get length T is set as the reference length during
the training and obtained from a length predictor
during the inference. The target length cannot be
changed dynamically during the inference, so it
often requires generating multiple candidates with
different lengths and re-scoring them to produce
the final translation (Gu et al., 2018).

The length issue can be overcome by connec-
tionist temporal classification (CTC, Graves et al.,
2006). CTC-based models usually generate a long
alignment containing repetitions and blank tokens.
The alignment will be post-processed by a collaps-
ing function Γ−1 to recover a normal sentence,
which first collapses consecutive repeated tokens
and then removes all blank tokens. CTC is capa-
ble of efficiently finding all alignments a which
the reference sentence y can be recovered from,
and marginalizing the log-likelihood with dynamic
programming:

log p(y|x, θ) = log
∑

a∈Γ(y)

p(a|x, θ). (3)
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Due to the superior performance and the flexibil-
ity of generating predictions with variable length,
CTC is receiving increasing attention in non-
autoregressive translation (Libovický and Helcl,
2018; Kasner et al., 2020; Saharia et al., 2020; Gu
and Kong, 2020; Zheng et al., 2021).

2.2 Sequence-Level Knowledge Distillation
Sequence-level Knowledge Distillation (SeqKD,
Kim and Rush, 2016) is a widely used knowl-
edge distillation method in NMT, which trains
the student model to mimic teacher’s actions at
sequence-level. Given the student prediction p and
the teacher prediction q, the distillation loss is:

LSeqKD(θ) = −
∑

y

q(y|x) log p(y|x, θ)

≈ − log p(ŷ|x, θ),
(4)

where θ are parameters of the student model and
ŷ is the output from running beam search with the
teacher model. The teacher output ŷ is used to
approximate the teacher distribution otherwise the
distillation loss will be intractable.

The procedure of sequence-level knowledge dis-
tillation is: (1) train a teacher model, (2) run beam
search over the training set with this model, (3)
train the student model with cross-entropy on the
source sentence and teacher translation pairs. The
distilled dataset is less complex and more determin-
istic (Zhou et al., 2020), which helps to alleviate
the multi-modality problem and becomes a default
configuration in NAT models.

2.3 Diverse Machine Translation
The task of diverse machine translation requires to
generate diverse translations and meanwhile main-
tain high translation quality. Assume the reference
sentence is y and we have multiple translations
{y1, ...,yk}, the translation quality is measured by
the average reference BLEU (rfb):

rfb =
1

k

k∑

i=1

BLEU(y,yi), (5)

and the translation diversity is measured by the
average pairwise BLEU (pwb):

pwb =
1

(k − 1)k

k∑

i=1

∑

j 6=i
BLEU(yi,yj). (6)

Higher reference BLEU indicates better trans-
lation quality and lower pairwise BLEU indicates

better translation diversity. Generally speaking,
there is a trade-off between quality and diversity.
In existing methods, translation diversity has to be
achieved at the cost of losing translation quality.

3 Approach

In this section, we first introduce the diverse distil-
lation technique we use to generate multiple refer-
ence translations for each source sentence, and then
apply reference selection to select the reference that
best fits the model output for the training.

3.1 Diverse Distillation

The objective of diverse distillation is to obtain a
dataset containing multiple high-quality references
for each source sentence, which is similar to the
task of diverse machine translation that aims to gen-
erate diverse translations with high translation qual-
ity. However, the translation diversity is achieved
at a certain cost of translation quality in previous
work, which is not desired in diverse distillation.

Using the randomness in model training, we pro-
pose a simple yet effective method called Seed-
Div to achieve translation diversity without losing
translation quality. Specifically, given the desired
number of translations k, we directly set k dif-
ferent random seeds to train k translation models,
where random seeds control the random factors
during the model training such as parameter ini-
tialization, batch order, and dropout. During the
decoding, each model translates the source sen-
tence with beam search, which gives k different
translations in total. Notably, SeedDiv does not
sacrifice the translation quality to achieve diver-
sity since random seeds do not affect the expected
model performance.

We conduct the experiment on WMT14 En-De
to evaluate the performance of SeedDiv. We use the
base setting of Transformer and train the model for
150K steps. The detailed configuration is described
in section 4.1. We also re-implement several exist-
ing methods with the same setting for comparison,
including Beam Search, Diverse Beam Search (Vi-
jayakumar et al., 2018), HardMoE (Shen et al.,
2019), Head Sampling (Sun et al., 2020) and Con-
crete Dropout (Wu et al., 2020). We set the number
of translations k=3, and set the number of heads to
be sampled as 3 for head sampling. We also imple-
ment a weaker version of our method SeedDiv-ES,
which early stops the training process with only
1
k of total training steps. We report the results of
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Figure 2: Reference BLEU and pairwise BLEU scores
of SeedDiv and other diverse translation methods on
the test set of WMT14 En-De. We do not use com-
pound split to keep consistency with previous work.

these methods in Figure 2.
It is surprising to see that SeedDiv achieves

outstanding translation diversity besides the supe-
rior translation quality, which outperforms most
methods on both translation quality and diversity.
Only HardMoe has a better pairwise BLEU than
SeedDiv, but its reference BLEU is much lower.
The only concern is that SeedDiv requires a larger
training cost to train multiple models, so we also
use a weaker version SeedDiv-ES for comparison.
Though the model performance is degraded due to
the early stop, SeedDiv-ES still achieves a good
trade-off between the translation quality and di-
versity, demonstrating the advantage of using the
training randomness controlled random seeds to
generate diverse translations. Therefore, we use
SeedDiv as the technique for diverse distillation.

3.2 Reference Selection

3.2.1 Losses under Diverse Distillation
After diverse distillation, we obtain a dataset con-
taining k reference sentences y1:k for each source
sentence x. Traditional data augmentation algo-
rithms for NMT (Sennrich et al., 2016a; Zhang and
Zong, 2016; Zhou and Keung, 2020; Nguyen et al.,
2020) generally calculate cross-entropy losses on
all data and use their summation to train the model:

Lsum(θ) = −1

k

k∑

i=1

log p(yi|x, θ). (7)

However, this loss function is inaccurate for NAT
due to the increase of data complexity. Sequence-
level knowledge distillation works well on NAT by

reducing the complexity of target data (Zhou et al.,
2020). In comparison, the target data generated by
diverse distillation is relatively more complex. If
NAT learns from the k references indiscriminately,
it will not eventually converge to any one reference
but generate a mixture of all references.

Using the multi-reference dataset, we propose
to train NAT with reference selection to evaluate
the model output with better accuracy. We com-
pare the model output with all reference sentences
and select the one with the maximum probability
assigned by the model. We train the model with
only the selected reference:

Lmax(θ) = − log max
1≤i≤k

p(yi|x, θ). (8)

In this way, we do not fit the model to all refer-
ences but only encourage it to generate the nearest
reference, which is an easier but more suitable ob-
jective for the model. Besides, when the ability of
autoregressive teacher is limited, the NAT model
can learn to ignore bad references in the data and
select the clean reference for the training, which
makes the capability of NAT not limited by a spe-
cific autoregressive teacher.

In addition to minimizing all losses Lsum(θ) or
the selected loss Lmax(θ), there is also an interme-
diate choice to assign different weights to reference
sentences. We can optimize the log-likelihood of
generating any reference sentence as follows:

Lmid(θ) = − log

k∑

i=1

p(yi|x, θ). (9)

The gradient of Equation 9 is equivalent to assign-
ing weight p(yi|x,θ)∑

i p(yi|x,θ)
to the cross-entropy loss

of each reference sentence yi. In this way, the
model focuses more on suitable references but also
assigns non-zero weights to other references.

We use a linear annealing schedule with two
stages to train the NAT model. In the first stage,
we begin with the summation Lsum(θ) and linearly
anneal the loss to Lmid(θ). Similarly, we linearly
switch to the selected loss Lmax(θ) in the second
stage. We use t and T to denote the current time
step and total training steps respectively, and use
a constant λ to denote the length of the first stage.
The loss function is:

L(θ)=

{
T1Lmid(θ)+(1−T1)Lsum(θ), t≤λT
T2Lmax(θ)+(1−T2)Lmid(θ), t>λT

,

(10)
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Models
Lmax(θ) Lsum(θ)

For Back For Back

AT k× 1× k× k×
vanilla-NAT k× 1× k× k×
CTC 1× 1× 1× 1×

Table 1: The calculation cost of Lmax(θ) and Lsum(θ)
for different models. ‘For’ and ‘Back’ indicate forward
and backward propagations respectively.

where T1 and T2 are defined as:

T1 =
t

λT
, T2 =

t− λT
T − λT . (11)

In this way, the model learns from all references
indiscriminately at the beginning, which serves as
a pretraining stage that provides comprehensive
knowledge to the model. As the training progresses,
the model focuses more on the selected reference,
which provides accurate training signals and gradu-
ally finetunes the model to the optimal state.

3.2.2 Efficient Calculation with CTC
To calculate the probability p(y|x, θ), the vanilla-
NAT must set the decoder length to the length of
y. Therefore, calculating the probability of k ref-
erence sentences requires running the decoder for
at most k times, which will greatly increase the
training cost. Fortunately, for CTC-based NAT, the
training cost is nearly the same since its decoder
length is only determined by the source sentence.
We only need to run the model once and calcu-
late the probabilities of the k reference sentences
with dynamic programming, which has a minor
cost compared with forward and backward propa-
gations. In Table 1, we show the calculation cost
of Lmax(θ) and Lsum(θ) for different models. We
use CTC as the baseline model due to its superior
performance and training efficiency.

3.2.3 Max-Reward Reinforcement Learning
Following Shao et al. (2019, 2021), we finetune
the NAT model with the reinforcement learning
objective (Williams, 1992; Ranzato et al., 2015):

Lrl(θ) = E
y

[log p(y|x, θ) · r(y)], (12)

where r(y) is the reward function and will be dis-
cussed later. The usual practice is to sample a sen-
tence y from the distribution p(y|x, θ) to estimate
the above equation. For CTC based NAT, p(y|x, θ)
cannot be directly sampled, so we sample from

the equivalent distribution p(a|x, θ) instead. We
recover the target sentence by the collapsing func-
tion Γ−1 and calculate its probability with dynamic
programming to estimate the following equation:

Lrl(θ) = E
a

[log p(Γ−1(a)|x, θ) · r(Γ−1(a))].

(13)
The reward function is usually evaluation met-

rics for machine translation (e.g., BLEU, GLEU),
which evaluate the prediction by comparing it with
the reference sentence. We use r(y1,y2) to denote
the reward of prediction y1 when y2 is the refer-
ence. As we have k references y1:k, we define our
reward function to be the maximum reward:

r(y) = max
1≤i≤k

r(y,yi). (14)

By optimizing the maximum reward, we encourage
the model to move towards the selected reference,
which is the closest to the model. Otherwise, re-
wards provided by other references may mislead
the model to generate a mixture of all references.

4 Experiments

4.1 Experimental Settings
Datasets We conduct experiments on major bench-
mark datasets for NAT: WMT14 English↔German
(En↔De, 4.5M sentence pairs) and WMT16
English↔Romanian (En↔Ro, 0.6M sentence
pairs). We also evaluate our approach on a large-
scale dataset WMT14 English→French (En→Fr,
23.7M sentence pairs) and a small-scale dataset
IWSLT14 German→English (De→En, 160K sen-
tence pairs). The datasets are tokenized into sub-
word units using a joint BPE model (Sennrich et al.,
2016b). We use BLEU (Papineni et al., 2002) to
evaluate the translation quality.

Hyperparameters We use 3 teachers for diverse
distillation and set the seed to i when training the i-
th teacher. We set the first stage length λ to 2/3. We
use sentence-level BLEU as the reward. We adopt
Transformer-base (Vaswani et al., 2017) as our au-
toregressive baseline as well as the teacher model.
The NAT model shares the same architecture as
Transformer-base. We uniformly copy encoder out-
puts to construct decoder inputs, where the length
of decoder inputs is 3× as long as the source length.
All models are optimized with Adam (Kingma and
Ba, 2014) with β = (0.9, 0.98) and ε = 10−8,
and each batch contains approximately 32K source
words. On WMT14 En↔De and WMT14 En→Fr,
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Models Iterations Speedup WMT14 WMT16
EN-DE DE-EN EN-RO RO-EN

AT Transformer (Vaswani et al., 2017) N 1.0× 27.51 31.52 34.39 33.76
+ distillation (k=3) N 1.0× 28.04 32.17 35.10 34.83

NAT-FT (Gu et al., 2018) 1 15.6× 17.69 21.47 27.29 29.06
CTC (Libovický and Helcl, 2018) 1 – 16.56 18.64 19.54 24.67
NAT-REG (Wang et al., 2019) 1 27.6× 20.65 24.77 – –
Bag-of-ngrams (Shao et al., 2020) 1 10.7× 20.90 24.61 28.31 29.29
AXE (Ghazvininejad et al., 2020) 1 – 23.53 27.90 30.75 31.54
SNAT (Liu et al., 2021) 1 22.6× 24.64 28.42 32.87 32.21
GLAT (Qian et al., 2021) 1 15.3× 25.21 29.84 31.19 32.04

One-pass Seq-NAT (Shao et al., 2021) 1 15.6× 25.54 29.91 31.69 31.78
NAT CNAT (Bao et al., 2021) 1 10.37× 25.56 29.36 – –

Imputer (Saharia et al., 2020) 1 – 25.80 28.40 32.30 31.70
OAXE (Du et al., 2021) 1 – 26.10 30.20 32.40 33.30
AligNART (Song et al., 2021) 1 13.4× 26.40 30.40 32.50 33.10
REDER (Zheng et al., 2021) 1 15.5× 26.70 30.68 33.10 33.23
CTC w/ DSLP&MT (Huang et al., 2021) 1 14.8× 27.02 31.61 34.17 34.60
Fully-NAT (Gu and Kong, 2020) 1 16.8× 27.20 31.39 33.71 34.16
REDER + beam20 + AT reranking 1 5.5× 27.36 31.10 33.60 34.03

iNAT (Lee et al., 2018) 10 2.0× 21.61 25.48 29.32 30.19
CMLM (Ghazvininejad et al., 2019) 10 – 27.03 30.53 33.08 33.31
RecoverSAT (Ran et al., 2020) N/2 2.1× 27.11 31.67 32.92 33.19

Iterative LevT (Gu et al., 2019) 2.05 4.0× 27.27 – – 33.26
NAT DisCO (Kasai et al., 2020) 4.82 – 27.34 31.31 33.22 33.25

JM-NAT (Guo et al., 2020b) 10 – 27.69 32.24 33.52 33.72
RewriteNAT (Geng et al., 2021) 2.70 – 27.83 31.52 33.63 34.09
Imputer (Saharia et al., 2020) 8 – 28.20 31.80 34.40 34.10

Our work

CTC 1 14.7× 26.09 29.50 33.55 32.98
CTC + distillation (k=3) 1 14.7× 26.35 29.73 33.51 32.82
DDRS w/o RL 1 14.7× 27.18 30.91 34.42 34.31
DDRS 1 14.7× 27.60 31.48 34.60 34.65
DDRS + beam20 + 4-gram LM 1 5.0× 28.33 32.43 35.42 35.81

Table 2: Performance comparison between our models and existing methods. The speedup is measured on WMT14
En-De test set. N denotes the length of translation. k means ensemble distillation (Freitag et al., 2017) from an
ensemble of k AT models. – means not reported.

we train AT for 150K steps and train NAT for 300K
steps with dropout 0.2. On WMT16 En↔Ro and
IWSLT14 De→En, we train AT for 18K steps and
train NAT for 150K steps with dropout 0.3. We fine-
tune NAT for 3K steps. The learning rate warms
up to 5 · 10−4 within 10K steps in pretraining and
warms up to 2 · 10−5 within 500 steps in RL fine-
tuning, and then decays with the inverse square-
root schedule. We average the last 5 checkpoints to
obtain the final model. We use GeForce RTX 3090
GPU for the training and inference. We implement
our models based on the open-source framework
of fairseq (Ott et al., 2019).

Knowledge Distillation For baseline NAT mod-
els, we follow previous works on NAT to apply
sequence-level knowledge distillation (Kim and
Rush, 2016) to make the target more deterministic.
Our method applies diverse distillation with k = 3
by default, that is, we use SeedDiv to generate 3
reference sentences for each source sentence.

Beam Search Decoding For autoregressive mod-
els, we use beam search with beam width 5 for
the inference. For NAT, the most straightforward
way is to generate the sequence with the highest
probability at each position. Furthermore, CTC-
based models also support beam search decoding
optionally combined with n-gram language mod-
els (Kasner et al., 2020). Following Gu and Kong
(2020), we use beam width 20 combined with a 4-
gram language model to search the target sentence,
which can be implemented efficiently in C++2.

4.2 Main Results

We compare the performance of DDRS and exist-
ing methods in Table 2. Compared with the com-
petitive CTC baseline, DDRS achieves a strong
improvement of more than 1.5 BLEU on average,
demonstrating the effectiveness of diverse distilla-
tion and reference selection. Compared with exist-

2https://github.com/parlance/ctcdecode
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Models BLEU Speedup

Transformer-base 27.51 1.0×
Transformer-big (teacher) 28.64 0.9×
R2L-Transformer-big (teacher) 27.96 0.9×
DDRS-base 27.99 14.7×

+beam20&lm 28.95 5.0×
DDRS-big 28.84 14.1×

+beam20&lm 29.82 4.8×

Table 3: Performance of DDRS on the test set of
WMT14 En-De with Transformer-big for distillation.

Models En-Fr De-En

Transformer 40.15 34.17

CTC 38.40 31.37
DDRS 39.91 33.12
DDRS +beam20&lm 40.59 34.74

Table 4: Performance of DDRS on the test sets of
WMT14 En-Fr and IWSLT14 De-En.

ing methods, DDRS beats the state-of-the-art for
one-pass NAT on all benchmarks and beats the au-
toregressive Transformer on most benchmarks with
14.7× speedup over it. The performance of DDRS
is further boosted by beam search and 4-gram lan-
guage model, which even outperforms all iterative
NAT models with only one-pass decoding. Notably,
on WMT16 En↔Ro, our method improves state-
of-the-art performance levels for NAT by over 1
BLEU. Compared with autoregressive models, our
method outperforms the Transformer with knowl-
edge distillation, and meanwhile maintains 5.0×
speedup over it.

We further explore the capability of DDRS with
a larger model size and stronger teacher models.
We use the big version of Transformer for distil-
lation, and also add 3 right-to-left (R2L) teach-
ers to enrich the references. We respectively use
Transformer-base and Transformer-big as the NAT
architecture and report the performance of DDRS
in Table 3. Surprisingly, the performance of DDRS
can be further greatly boosted by using a larger
model size and stronger teachers. DDRS-big with
beam search achieves 29.82 BLEU on WMT14
En-De, which is close to the state-of-the-art per-
formance of autoregressive models on this com-
petitive dataset and improves the state-of-the-art
performance for NAT by over 1 BLEU with only
one-pass decoding.

We also evaluate our approach on a large-scale
dataset WMT14 En-Fr and a small-scale dataset
IWSLT14 De-En. Table 4 shows that DDRS still

Lsum Lmid Lmax λ Reward BLEU1 BLEU2

X 24.61 25.97
X 25.23 26.90

X 25.31 26.88

X X 0 25.41 26.99
X X X 1/3 25.48 27.13
X X X 2/3 25.59 27.18
X X 1 25.45 27.09

X X X 2/3 random 25.63 27.26
X X X 2/3 average 25.79 27.51
X X X 2/3 maximum 25.92 27.60

Table 5: Ablation study on WMT14 En-De with differ-
ent combinations of techniques. BLEU1 is the BLEU
score on validation set. BLEU2 is the BLEU score on
test set. The validation performance of CTC baseline is
24.57 BLEU. λ is the length of the first training stage.
random means the reward of a random reference, av-
erage means the average reward, and maximum means
the maximum reward among all references.

achieves considerable improvements over the CTC
baseline and DDRS with beam search can outper-
form the autoregressive Transformer.

4.3 Ablation Study

In Table 5, we conduct an ablation study to analyze
the effect of techniques used in DDRS. First, we
separately use the loss functions defined in Equa-
tion 7, Equation 8 and Equation 9 to train the model.
The summation loss Lsum(θ) has a similar perfor-
mance to the CTC baseline, showing that simply us-
ing multiple references is not helpful for NAT due
to the increase of data complexity. The other two
losses Lmid(θ) and Lmax(θ) achieve considerable
improvements to the CTC baseline, demonstrating
the effectiveness of reference selection.

Then we use different λ to verify the effect of
the annealing schedule. With the annealing sched-
ule, the loss is a combination of the three losses
but performs better than each of them. Though the
summation loss Lsum(θ) does not perform well
when used separately, it can play the role of pre-
training and improve the final performance. When
λ is 2/3, the annealing schedule performs the best
and improves Lmax(θ) by about 0.3 BLEU.

Finally, we verify the effect of the reward func-
tion during the fine-tuning. When choosing a ran-
dom reference to calculate the reward, the fine-
tuning barely brings improvement to the model.
The average reward is better than the random re-
ward, and the maximum reward provided by the
selected reference performs the best.
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Models LCE Lsum Lmid Lmax
AT 27.70 28.08 27.37 27.21

NAT 26.09 25.97 26.90 26.88

Table 6: The performance of AT and CTC-based NAT
on the same diverse distillation dataset of WMT14 En-
De with different loss functions. LCE is the cross-
entropy loss with sequence-level distillation. Lsum,
Lmid, and Lmax described in section 3.2.1 are losses
for the diverse distillation dataset.

Methods pwb ⇓ rfb⇑ BLEU

HardMoe 53.57 24.77 24.51
Dropout 69.71 26.23 25.35
SeedDiv 59.87 26.99 25.92

Table 7: Pairwise BLEU (pwb) and reference BLEU
(rfb) scores of diverse translation techniques and their
DDRS performance on WMT14 En-De validation set.
pwb and rfb scores are measured on WMT14 En-De
test set without compound split.

4.4 DDRS on Autoregressive Transformer

Though DDRS is proposed to alleviate the multi-
modality problem for NAT, it can also be applied
to autoregressive models. In Table 6, we report
the performance of the autoregressive Transformer
when trained by the proposed DDRS losses. In
contrast to NAT, AT prefers the summation loss
Lsum, and the other two losses based on reference
selection even degrade the AT performance.

It is within our expectation that AT models do
not benefit much from reference selection. NAT
generates the whole sentence simultaneously with-
out any prior knowledge about the reference sen-
tence, so the reference may not fit the NAT output
well, in which case DDRS is helpful by selecting an
appropriate reference for the training. In compari-
son, AT models generally apply the teacher forcing
algorithm (Williams and Zipser, 1989) for the train-
ing, which feeds the golden context to guide the
generation of the reference sentence. With teacher
forcing, AT models do not suffer much from the
multi-modality problem and therefore do not need
reference selection. Besides, as shown in Table
1, another disadvantage is that the training cost of
DDRS is nearly k times as large, so we do not
recommend applying DDRS on AT.

4.5 Effect of Diverse Distillation

In the diverse distillation part of DDRS, we apply
SeedDiv to generate multiple references. There are
also other diverse translation techniques that can

Models WMT14 WMT16
EN-DE DE-EN EN-RO RO-EN

CTC w/o RL 26.09 29.50 33.55 32.98
BLEU 26.48 30.02 33.64 33.31
METEOR 26.44 29.95 33.68 33.25
GLEU 26.58 29.96 33.59 33.34
BERTScore 26.51 30.20 33.69 33.42
BLEURT 26.66 30.05 33.71 33.35

Table 8: BLEU scores on WMT test sets when using
different automatic metrics as reward to finetune CTC.

be used for diverse distillation. In this section, we
evaluate the effect of diverse distillation techniques
on the performance of DDRS. Besides SeedDiv, we
also use HardMoe (Shen et al., 2019) and Concrete
Dropout (Wu et al., 2020) to generate multiple ref-
erences, and report their performance in Table 7.
When applying other techniques for diverse dis-
tillation, the performance of DDRS significantly
decreases. The performance degradation indicates
the importance of high reference BLEU in diverse
distillation, as the NAT student directly learns from
the generated references.

4.6 Effect of Reward

There are many automatic metrics to evaluate the
translation quality. To measure the effect of reward,
we respectively use different automatic metrics as
reward for RL, which include traditional metrics
(BLEU (Papineni et al., 2002), METEOR (Baner-
jee and Lavie, 2005), GLEU (Wu et al., 2016)) and
pretraining-based metrics (BERTScore (Zhang*
et al., 2020), BLEURT (Sellam et al., 2020)). We
report the results in Table 8. Comparing the three
traditional metrics, we can see that there is no sig-
nificant difference in their performance. The two
pretraining-based metrics only perform slightly bet-
ter than traditional metrics. Considering the per-
formance and computational cost, we use the tradi-
tional metric BLEU as the reward.

4.7 Number of References

In this section, we evaluate how the number of ref-
erences affects the DDRS performance. We set the
number of references k to different values and train
the CTC model with reference selection. We report
the performance of DDRS with different k in Table
9. The improvement brought by increasing k is
considerable when k is small, but it soon becomes
marginal. Therefore, it is reasonable to use a mid-
dle number of references like k=3 to balance the
distillation cost and performance.
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k 1 2 3 5 8

BLEU 25.0 25.6 25.9 26.0 26.1

Table 9: Performance of DDRS with diffent number of
references k on WMT14 En-De validation set.

Models Distill Train Total BLEU

CTC (64K) 5.5h 26.4h 31.9h 26.34
CTC (128K) 5.5h 52.5h 58.0h 26.59
DDRS (32K) 16.5h 19.3h 35.8h 27.60

Table 10: Performance and time cost of models with
different batch sizes on WMT14 En-De. The time cost
is measured on 8 GeForce RTX 3090 GPUs. The cost
of Distill includes training teacher models and decod-
ing source sentences.

4.8 Time Cost
The cost of preparing the training data is larger for
DDRS since it requires training k teacher models
and using each model to decode the training set.
We argue that the cost is acceptable since the distil-
lation cost is minor compared to the training cost of
NAT, and we can reduce the training cost to make
up for it. In Table 10, we report the performance
and time cost of models with different batch sizes
on the test set of WMT14 En-De. DDRS makes
up for the larger distillation cost by using a smaller
training batch, which has a similar cost to the CTC
model of 64K batch and achieves superior perfor-
mance compared to models of 128K batch.

5 Related Work

Gu et al. (2018) proposes non-autoregressive trans-
lation to reduce the translation latency, which suf-
fers from the multi-modality problem. A line of
work introduces latent variables to model the non-
determinism in the translation process, where latent
variables are based on fertilities (Gu et al., 2018),
vector quantization (Kaiser et al., 2018; Roy et al.,
2018; Bao et al., 2021) and variational inference
(Ma et al., 2019; Shu et al., 2020). Another branch
of work proposes training objectives that are less
influenced by the multi-modality problem to train
NAT models (Wang et al., 2019; Shao et al., 2019,
2020, 2021; Sun et al., 2019; Ghazvininejad et al.,
2020; Shan et al., 2021; Du et al., 2021). Some re-
searchers consider transferring the knowledge from
autoregressive models to NAT (Li et al., 2019; Wei
et al., 2019; Guo et al., 2020a; Zhou et al., 2020;
Sun and Yang, 2020). Besides, some work propose
iterative NAT models that refine the model outputs

with multi-pass iterative decoding (Lee et al., 2018;
Gu et al., 2019; Ghazvininejad et al., 2019; Ran
et al., 2020; Kasai et al., 2020). Our work is most
related to CTC-based NAT models (Graves et al.,
2006; Libovický and Helcl, 2018; Kasner et al.,
2020; Saharia et al., 2020; Zheng et al., 2021; Gu
and Kong, 2020), which apply the CTC loss to
model latent alignments for NAT. In autoregressive
models, translations different from the reference
can be evaluated with reinforcement learning (Ran-
zato et al., 2015; Norouzi et al., 2016), probabilistic
n-gram matching (Shao et al., 2018), or an evalua-
tion module (Feng et al., 2020).

Our work is also related to the task of diverse
machine translation. Li et al. (2016); Vijayakumar
et al. (2018) adjust the beam search algorithm by
introducing regularization terms to encourage gen-
erating diverse outputs. He et al. (2018); Shen et al.
(2019) introduce latent variables with the mixture
of experts method and use different latent variables
to generate diverse translations. Sun et al. (2020)
generates diverse translations by sampling different
attention heads. Wu et al. (2020) train the trans-
lation model with concrete dropout and samples
different models from a posterior distribution. Li
et al. (2021) generate different translations for the
input sentence by mixing it with different sentence
pairs sampled from the training corpus. Nguyen
et al. (2020) augment the training set by translating
the source-side and target-side data with multiple
translation models, but they do not evaluate the
diversity of the augmented data.

6 Conclusion

In this paper, we propose diverse distillation with
reference selection (DDRS) for NAT. Diverse dis-
tillation generates a dataset containing multiple
references for each source sentence, and reference
selection finds the best reference for the training.
DDRS demonstrates its effectiveness on various
benchmarks, setting new state-of-the-art perfor-
mance levels for non-autoregressive translation.
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Abstract

A growing line of work has investigated the de-
velopment of neural NLP models that can pro-
duce rationales—subsets of input that can ex-
plain their model predictions. In this paper, we
ask whether such rationale models can provide
robustness to adversarial attacks in addition to
their interpretable nature. Since these models
need to first generate rationales (“rationalizer”)
before making predictions (“predictor”), they
have the potential to ignore noise or adversari-
ally added text by simply masking it out of the
generated rationale. To this end, we systemat-
ically generate various types of ‘AddText’ at-
tacks for both token and sentence-level ratio-
nalization tasks and perform an extensive em-
pirical evaluation of state-of-the-art rationale
models across five different tasks. Our ex-
periments reveal that rationale models show
promise in improving robustness but struggle
in certain scenarios—e.g., when the rational-
izer is sensitive to position bias or lexical
choices of the attack text. Further, leverag-
ing human rationales as supervision does not
always translate to better performance. Our
study is a first step towards exploring the inter-
play between interpretability and robustness in
the rationalize-then-predict framework.1

1 Introduction

Rationale models aim to introduce a degree of inter-
pretability into neural networks by implicitly bak-
ing in explanations for their decisions (Lei et al.,
2016; Bastings et al., 2019; Jain et al., 2020). These
models are carried out in a two-stage ‘rationalize-
then-predict’ framework, where the model first se-
lects a subset of the input as a rationale and then
makes its final prediction for the task solely us-
ing the rationale. A human can then inspect the
selected rationale to verify the model’s reasoning

1Our code is publicly available at: https://github.
com/princeton-nlp/rationale-robustness.

The look is an 
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darkness…
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Figure 1: Top: input text is processed by a rationale
model (rationalizer and predictor) and a full-context
model (making predictions based on the whole input)
separately in a beer review sentiment classification
dataset. Both models make correct predictions. Bot-
tom: when an attack sentence “The tea looks horrible.”
is inserted, the full-context model fails. The rational-
izer successfully excludes the negative-sentiment word
“horrible” from the selected rationales (yellow high-
lights). The predictor is hence not distracted by the
attack sentence.

over the most relevant parts of the input for the
prediction at hand.

While previous work has mostly focused on the
plausibility of extracted rationales and whether they
represent faithful explanations (DeYoung et al.,
2020), we ask the question of how rationale models
behave under adversarial attacks (i.e., do they still
provide plausible rationales?) and whether they can
help improve robustness (i.e., do they provide bet-
ter task performance?). Our motivation is that the
two-stage decision-making could help models ig-
nore noisy or adversarially added text within the in-
put. For example, Figure 1 shows a state-of-the-art
rationale model (Paranjape et al., 2020) smoothly
handles input with adversarially added text by se-
lectively masking it out during the rationalization
step. Factorizing the rationale prediction from the
task itself effectively ‘shields’ the predictor from
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having to deal with adversarial inputs.
To answer these questions, we first generate ad-

versarial tests for a variety of popular NLP tasks
(§4). We focus specifically on model-independent,
‘AddText’ attacks (Jia and Liang, 2017), which aug-
ment input instances with noisy or adversarial text
at test time, and study how the attacks affect ratio-
nale models both in their prediction of rationales
and final answers. For diversity, we consider in-
serting the attack sentence at different positions
of context, as well as three types of attacks: ran-
dom sequences of words, arbitrary sentences from
Wikipedia, and adversarially-crafted sentences.

We then perform an extensive empirical eval-
uation of multiple state-of-the-art rationale mod-
els (Paranjape et al., 2020; Guerreiro and Martins,
2021), across five different tasks that span review
classification, fact verification, and question an-
swering (§5). In addition to the attack’s impact on
task performance, we also assess rationale predic-
tion by defining metrics on gold rationale coverage
and attack capture rate. We then investigate the
effect of incorporating human rationales as super-
vision, the importance of attack positions, and the
lexical choices of attack text. Finally, we investi-
gate an idea of improving the rationalizer by adding
augmented pseudo-rationales during training (§7).

Our key findings are the following:
1. Rationale models show promise in providing

robustness. Under our strongest type of attack,
rationale models in many cases achieve less
than 10% drop in task performance while full-
context models suffer more (11%–27%).

2. However, robustness of rationale models can
vary considerably with the choice of lexical
inputs for the attack and is quite sensitive to
the attack position.

3. Training models with explicit rationale super-
vision does not guarantee better robustness to
attacks. In fact, their accuracy drops under
attack are higher by 4-10 points compared to
rationale models without supervision.

4. Performance under attacks is significantly
improved if the rationalizer can effectively
mask out the attack text. Hence, our simple
augmented-rationale training strategy can ef-
fectively improve robustness (up to 4.9%).

Overall, our results indicate that while there is
promise in leveraging rationale models to improve
robustness, current models may not be sufficiently
equipped to do so. Furthermore, adversarial tests

may provide an alternative form to evaluate ratio-
nale models in addition to prevalent plausability
metrics that measure agreement with human ratio-
nales. We hope our findings can inform the devel-
opment of better methods for rationale predictions
and instigate more research into the interplay be-
tween interpretability and robustness.

2 Related Work

Rationalization There has been a surge of work
on explaining predictions of neural NLP systems,
from post-hoc explanation methods (Ribeiro et al.,
2016; Alvarez-Melis and Jaakkola, 2017), to anal-
ysis of attention mechanisms (Jain and Wallace,
2019; Serrano and Smith, 2019). We focus on ex-
tractive rationalization (Lei et al., 2016), which
generates a subset of inputs or highlights as “ra-
tionales” such that the model can condition pre-
dictions on them. Recent development has been
focusing on improving joint training of rationalizer
and predictor components (Bastings et al., 2019; Yu
et al., 2019; Jain et al., 2020; Paranjape et al., 2020;
Guerreiro and Martins, 2021; Sha et al., 2021), or
extensions to text matching (Swanson et al., 2020)
and sequence generation (Vafa et al., 2021). These
rationale models are mainly compared based on
predictive performance, as well as agreement with
human annotations (DeYoung et al., 2020). In this
work, we question how rationale models behave
under adversarial attacks and whether they can pro-
vide robustness benefits through rationalization.

Adversarial examples in NLP Adversarial ex-
amples have been designed to reveal the brittle-
ness of state-of-the-art NLP models. A flood of
research has been proposed to generate different ad-
versarial attacks (Jia and Liang, 2017; Iyyer et al.,
2018; Belinkov and Bisk, 2018; Ebrahimi et al.,
2018, inter alia), which can be broadly catego-
rized by types of input perturbations (sentence-,
word- or character-level attacks), and access of
model information (black-box or white-box). In
this work, we focus on model-independent, label-
preserving attacks, in which we insert a random
or an adversarially-crafted sentence into input ex-
amples (Jia and Liang, 2017). We hypothesize that
a good extractive rationale model is expected to
learn to ignore these distractor sentences and hence
achieve better performance under attacks.

Interpretability and robustness A key motiva-
tion of our work is to bridge the connection be-
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tween interpretability and robustness, which we
believe is an important and under-explored area.
Alvarez-Melis and Jaakkola (2018) argue that ro-
bustness of explanations is a key desideratum for
interpretability. Slack et al. (2020) explore unreli-
ability of attribution methods against input pertur-
bations. Camburu et al. (2020) introduce an adver-
sarial framework to sanity check models against
their generated inconsistent free-text explanations.
Zhou et al. (2020) propose to evaluate attribution
methods through dataset modification. Noack et al.
(2021) show that image recognition models can
achieve better adversarial robustness when they
are trained to have interpretable gradients. To the
best of our knowledge, we are the first to quantify
the performance of rationale models under textual
adversarial attacks and understand whether ratio-
nalization can inherently provide robustness.

3 Background

Extractive rationale models2 output predictions
through a two-stage process: the first stage (“ratio-
nalizer”) selects a subset of the input as a rationale,
while the second stage (“predictor”) produces the
prediction using only the rationale as input. Ra-
tionales can be any subset of the input, and we
characterize them roughly into either token-level or
sentence-level rationales, which we will both inves-
tigate in this work. The task of predicting rationales
is often framed as a binary classification problem
over each atomic unit depending on the type of
rationales. The rationalizer and the predictor are
often trained jointly using task supervision, with
gradients back-propagated through both stages. We
can also provide explicit rationale supervision, if
human annotations are available.

3.1 Formulation

Formally, let us assume a supervised classifica-
tion dataset D = {(x, y)} , where each input
x = x1, x2, ..., xT is a concatenation of T sen-
tences and each sentence xt = (xt,1, xt,2, ...xt,nt)
contains nt tokens, and y refers to the task label.
A rationale model consists of two main compo-
nents: 1) a rationalizer module z = R(x; θ), which
generates a discrete mask z ∈ {0, 1}L such that
z � x selects a subset from the input (L = T
for sentence-level rationalization or L =

∑T
i=1 ni

2Abstractive models (Wiegreffe et al., 2021; Narang et al.,
2020), which generate rationales as free text, are an alternative
class of models that we do not consider in this work.

for token-level rationales), and 2) a predictor mod-
ule ŷ = C(x, z;φ) that makes a prediction ŷ us-
ing the generated rationale z. The entire model
M(x) = C(R(x)) is trained end-to-end using the
standard cross-entropy loss. We describe detailed
training objectives in §5.

3.2 Evaluation

Rationale models are traditionally evaluated along
two dimensions: a) their downstream task perfor-
mance, and b) the quality of generated rationales.
To evaluate rationale quality, prior work has used
metrics like token-level F1 or Intersection Over
Union (IOU) scores between the predicted ratio-
nale and a human rationale (DeYoung et al., 2020):

IOU =
|z ∩ z∗|
|z ∪ z∗| ,

where z∗ is the human-annotated gold rationales.
A good rationale model should not sacrifice task

performance while generating rationales that con-
cur with human rationales. However, metrics like
F1 score may not be the most appropriate way to
capture this as it only captures plausibility instead
of faithfulness (Jacovi and Goldberg, 2020).

4 Robustness Tests for Rationale Models

4.1 AddText Attacks

Our goal is to construct attacks that can test the
capability of extractive rationale models to ignore
spurious parts of the input. Broadly, we used two
guiding criteria for selecting the type of attacks: 1)
they should be additive since an extractive rationale
model can only “ignore” the irrelevant context. For
other attacks such as counterfactually edited data
(CAD) (Kaushik et al., 2020), even if the rational-
izer could identify the edited context, the predictor
is not necessarily strong enough to reason about
the counterfactual text; 2) they should be model-
independent since our goal is to compare the per-
formance across different types of rationale and
baseline models. Choosing strong gradient-based
attacks (Ebrahimi et al., 2018; Wallace et al., 2019)
would probably break all models, but that is beyond
the scope of our hypothesis. An attack is suitable as
long as it reduces performance of standard classifi-
cation models by a non-trivial amount (our attacks
reduce performance by 10%–36% absolute).

Keeping these requirements in mind, we focus
on label-preserving text addition attacks Jia and
Liang (2017), which can test whether rationale
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models are invariant to the addition of extraneous
information and remain consistent with their pre-
dictions. Attacks are only added at test time and
are not available during model training.

Attack construction Formally, an AddText at-
tack A(x) modifies the input x by adding an attack
sentence xadv, without changing the ground truth
label y. In other words, we create new perturbed
test instances (A(x), y) for the model to be eval-
uated on. While some prior work has considered
the addition of a few tokens to the input (Wallace
et al., 2019), we add complete sentences to each
input, similar to the attacks in Jia and Liang (2017).
This prevents unnatural modifications to the exist-
ing sentences in the original input x and also allows
us to test both token-level and sentence-level ratio-
nale models (§5.1). We experiment with adding the
attack sentence xadv either at the beginning or the
end of the input x.3

Types of attacks We explore three different
types of attacks: (1) AddText-Rand: we simply
add a random sequence of tokens uniformly sam-
pled from the task vocabulary. This is a weak at-
tack that is easy for humans to spot and ignore
since it does not guarantee grammaticality or flu-
ency. (2) AddText-Wiki: we add an arbitrarily
sampled sentence from English Wikipedia into the
task input (e.g., “Sonic the Hedgehog, designed
for . . . ”). This attack is more grammatical than
AddText-Rand, but still adds text that is likely ir-
relevant in the context of the input x. (3) AddText-
Adv: we add an adversarially constructed sentence
that has significant lexical overlap with tokens in
the input x while ensuring the output label is un-
changed. This type of attack is inspired by prior
attacks such as AddOneSent (Jia and Liang, 2017)
and is the strongest attack we consider since it is
more grammatical, fluent, and contextually rele-
vant to the task. The construction of this attack is
also specific to each task we consider, hence we
provide examples listed in Table 1 and more details
in §5.3.

4.2 Robustness Evaluation

We measure the robustness of rationale models un-
der our attacks along two dimensions: task perfor-
mance, and generated rationales. The change in
task performance is simply computed as the differ-

3In §6.4, we also consider inserting the attack sentence at
a random position for studying the effect of attack positions.

ence between the average scores of the model on
the original vs perturbed test sets:

∆ =
1

|D|
∑

(x,y)∈D
f(M(x), y)− f(M(A(x)), y),

where f denotes a scoring function (F1 scores in
extractive question answering and I(y = ŷ) in text
classification). To measure the effect of the attacks
on rationale generation, we use two metrics:

Gold rationale F1 (GR) This is defined as the F1
score between the predicted rationale and a human-
annotated rationale, either computed at the token
or sentence level. The token-level GR score is
equivalent to F1 scores reported in previous work
(Lei et al., 2016; DeYoung et al., 2020). A good
rationalizer should generate plausible rationales
and be not affected by the addition of attack text.

Attack capture rate (AR) We define AR as the
recall of the inserted attack text in the rationale
generated by the model:

AR =
1

|D|
∑

(x,y)∼D

|xadv ∩ (z �A(x))|
|xadv|

,

where xadv is the attack sentence added to each
instance (i.e., A(x) is the result of inserting xadv
into x), z � A(x) is the predicted rationale. The
metric above applies on both token or sentence
level (|xadv| = 1 for sentence-level rationalization
and number of tokens in the attack sentence for
token-level rationalization). This metric allows us
to measure how often a rationale model can ignore
the added attack text—a maximally robust rationale
model should have an AR of 0.

5 Models and Tasks

We investigate two different state-of-the-art selec-
tive rationalization approaches: 1) sampling-based
stochastic binary mask generation (Bastings et al.,
2019; Paranjape et al., 2020), and 2) determinis-
tic sparse attention through constrained inference
(Guerreiro and Martins, 2021). We adapt these
models, using two separate BERT encoders for the
rationalizer and the predictor, and consider train-
ing scenarios with and without explicit rationale
supervision. We also consider a full-context model
as baseline. We provide a brief overview of each
model here and leave details including loss func-
tions and training to §A.1.
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Dataset Query→ Attack Full Attacked Input Label

FEVER

Query: Jennifer Lopez was married.

Supports
Jennifer Lopez was married. Context: Jennifer Lynn Lopez (born July 24 , 1969), also known
→ Jason Bourne was unmarried. as JLo, is an American singer . . . She subsequently married

longtime friend Marc Anthony . . . Jason Bourne was unmarried.

SQuAD

Query: Where did Super Bowl 50 take place?

Levi’s Stadium
Where did Super Bowl 50 take place? Context: Super Bowl 50 was an American football game to
→ The Champ Bowl 40 took place in Chicago. determine the champion . . . was played on February 7, 2016,

at Levi’s Stadium . . . The Champ Bowl 40 took place in Chicago.

Beer
N/A This beer poured a very appealing copper reddish color—it

Positive→ The tea looks horrible. was very clear with an average head . . . The tea looks horrible.

Table 1: AddText-Adv attack applied to three datasets. The query (blue) is transformed into an attack (red). The
query together with the context forms the input. The attack is inserted to the context. We only show insertion at
the end, but the attack can be inserted at any position between sentences. A model needs to associate the query and
the evidence (ground truth rationale) in the context and not be distracted by the inserted attack to make the correct
prediction. Note that the Beer dataset doesn’t have a query and the attack sentence is dependent on the label (§5.3).

5.1 Models without Rationale Supervision
Variational information bottleneck (VIB)
This model (Paranjape et al., 2020) imposes a
discrete bottleneck objective (Alemi et al., 2017)
to select a mask z ∈ {0, 1}L from the input x.
The rationalizer samples z using Gumbel-Softmax
and the predictor uses only z � x for the final
prediction. During inference, we select the top-k
scored rationales, where k is determined by the
sparsity π.

Sparse structured text rationalization (SPEC-
TRA) This model (Guerreiro and Martins, 2021)
extracts a deterministic structured mask z by solv-
ing a constrained inference problem by applying
factors to the global scoring function while op-
timizing the end task performance. The entire
computation is deterministic and allows for back-
propagation through the LP-SparseMAP solver
(Niculae and Martins, 2020). We use the BUDGET
factor to control the sparsity π.

Full-context model (FC) As a baseline, we also
consider a full-context model, which makes predic-
tions directly conditioned on the entire input. The
model is a standard BERT model which adds task-
specific classifiers on top of the encoder (Devlin
et al., 2019). The model is trained with a cross-
entropy loss using task supervision.

5.2 Models with Rationale Supervision
VIB with human rationales (VIB-sup) When
human-annotated rationales z∗ are available, they
can be used to guide the prediction of the sampled
masks z by adding a cross entropy loss between
them (more details in §A.1). VIB-sup leverages
this supervision signal to guide rationale prediction.

Dataset
Rationale Granularity

Task
(w/ Human Rationale)

FEVER Sentence (3) Fact verification†
MultiRC Sentence (3) Question answering†
SQuAD Sentence (3) Question answering‡
Beer Token (7) Sentiment †
Hotel Token (7) Sentiment †

Table 2: Dataset characteristics for the five datasets. †:
classification, ‡: span prediction tasks.

Full-context model with human rationales (FC-
sup) We also extend the FC model to lever-
age human-annotated rationales supervision dur-
ing training by adding a linear layer on top of the
sentence/token representations. Essentially, it is
multi-task learning of rationale prediction and the
original task, shared with the same BERT encoder.
The supervision is added by calculating the cross
entropy loss between the human-annotated ratio-
nales and the predicted rationales (§A.1).

5.3 Tasks

We evaluate the models on five datasets that cover
both sentence-level (FEVER, MultiRC, SQuAD)
and token-level (Beer, Hotel) rationalization (ex-
amples in Table 1). We summarize the dataset
characteristics in Table 2.

FEVER FEVER is a sentence-level binary classi-
fication fact verification dataset from the ERASER
benchmark (DeYoung et al., 2020). The input
contains a claim specifying a fact to verify and
a passage of multiple sentences supporting or re-
futing the claim. For the AddText-Adv attacks, we
add modified query text to the claims by replacing
nouns and adjectives in the sentence with antonyms
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from WordNet (Fellbaum, 1998).

MultiRC MultiRC (Khashabi et al., 2018) is
a sentence-level multi-choice question answering
task (reformulated as ‘yes/no’ questions). For the
AddText-Adv attacks, we transform the question
and the answer separately using the same procedure
we used for FEVER.

SQuAD SQuAD (Rajpurkar et al., 2016) is a pop-
ular question answering dataset. We use the Ad-
dOneSent attacks proposed in Adversarial SQuAD
(Jia and Liang, 2017), except that they always in-
sert the sentence at the end of the paragraph and
we consider inserting at the beginning, the end, and
a random position. Since SQuAD does not contain
human rationales, we use the sentence that con-
tains the correct answer span as the ground truth
rationale sentence. We report F1 score for SQuAD.

Beer BeerAdvocate is a multi-aspect sentiment
analysis dataset (McAuley et al., 2012), modeled
as a token-level rationalization task. We use the
appearance aspect in out experiments. We convert
the scores into the binary labels following Chang
et al. (2020). This task does not have a query as
in the previous tasks, we insert a sentence with
the template “{SUBJECT} is {ADJ}” into a neg-
ative review where the adjective is positive (e.g.,
“The tea looks fabulous.”) and vice versa. We con-
sider one object “car” and eight adjectives (e.g.,
“clean/filthy”, “new/old”).

Hotel TripAdvisor Hotel Review is also a multi-
aspect sentiment analysis dataset (Wang et al.,
2010). We use the cleanliness aspect in our ex-
periments. We generate AddText-Adv attacks in
the same way as we did for the Beer dataset. We
consider three objects ranging from more relevant
words such as “tea” to less related word “car-
pet” and six adjectives (e.g., “pretty/disgusting”,
“good/bad”, “beautiful/ugly”).

6 Results

For all attacked test sets, we report the average
scores with attack sentence inserted at the begin-
ning and the end of the inputs. Our findings shed
light on the relationship between GR, AR, and drop
in performance, which eventually lead to a promis-
ing direction to improve performance of rationale
models under attacks (§7).

6.1 Task Performance

Figure 2 summarizes the average scores on all
datasets for each model under the three attacks
we consider. We first observe that all models (in-
cluding the full-context models FC and FC-sup)
are mildly affected by AddText-Rand and AddText-
Wiki, with score drops of around 1-2%. However,
the AddText-Adv attack leads to more significant
drops in performance for all models, as high as
46% for SPECTRA on the Hotel dataset. We break
out the AddText-Adv results in a more fine-grained
manner in Table 3. Our main observation is that
the rationale models (VIB, SPECTRA, VIB-sup)
are generally more robust than their non-rationale
counterparts (FC, FC-sup) on four out of the five
tasks, and in some cases dramatically better. For in-
stance, on the Beer dataset, SPECTRA only suffers
a 5.7% drop (95.4→ 89.7) compared to FC’s huge
34.3% drop (93.8→ 59.5) under attack. The only
exception is the Hotel dataset, where both the VIB
and SPECTRA models perform worse under attack
compared to FC. We analyze this phenomena and
provide a potential reason below.

6.2 Robustness Evaluation: GR vs AR

In Table 4, we report the Gold Rationale F1 (GR)
and Attack Capture Rate (AR) for all models.
When attacks are added, GR consistently decreases
for all tasks. However, AR ranges widely across
datasets. VIB and SPECTRA have lower AR and
higher GR compared to FC-sup across all tasks,
which is correlated with their superior robustness
to AddText-Adv attacks.

Next, we investigate the poor performance of
VIB and SPECTRA on the Hotel dataset by ana-
lyzing the choice of words in the attack. Using
the template “My car is {ADJ}.”, we measure the
percentage of times the rationalizer module selects
the adjective as part of its rationale. When the ad-
jectives are “dirty” and “clean”, the VIB model
selects them a massive 98.5% of the time. For “old”
and “new”, VIB still selects them 50% of the time.
On the other hand, the VIB model trained on Beer
reviews with attack template “The tea is {ADJ}.”
only selects the adjectives 20.5% of the time (when
the adjectives are “horrible” and “fabulous”). This
shows that the bad performance of the rationale
models on the Hotel dataset is due to their inability
to ignore task-related adjectives in the attack text,
hinting that the lexical choices made in construct-
ing the attack can largely impact robustness.
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Figure 2: Original performance (Orig) and the three type of attacks AddText-Rand (Rand), AddText-Wiki (Wiki),
and AddText-Adv (Adv) evaluated on five datasets and all of the models. FC-sup and VIB-sup models used human
rationales during training (§5.2).

FEVER MultiRC SQuAD Beer Hotel
Ori Att ∆ ↓ Ori Att ∆ ↓ Ori Att ∆ ↓ Ori Att ∆ ↓ Ori Att ∆ ↓

Majority 50.7 - - 54.8 - - - - - 68.9 - - 50.0 - -

FC 90.7 77.9 12.8 70.7 63.0 7.7 87.2 59.1 28.1 93.8 59.5 34.3 99.5 79.3 20.2
VIB 87.8 82.6 5.2 65.4 63.6 1.8 77.1 56.5 20.6 93.8 88.0 5.8 94.0 59.3 34.8
SPECTRA 84.0 76.5 7.6 63.8 63.3 0.5 65.5 45.5 20.0 95.4 89.7 5.7 94.5 51.3 43.2

FC-sup 91.9 77.1 14.8 71.5 64.0 7.5 87.0 57.3 29.7 - - - - - -
VIB-sup 90.2 81.4 8.8 68.7 63.7 5.0 86.5 56.5 30.0 - - - - - -

Table 3: Original (Ori) versus attacked (Att) task performance on the five selected datasets under the AddText-Adv
attack. We report accuracy for all datasets except for SQuAD, which we report F1. The attacked performance is
the average of inserting the attack at the start and at the end of the text input.

FEVER MultiRC SQuAD Beer Hotel
GR ↑ AR ↓ GR ↑ AR ↓ GR ↑ AR ↓ GR ↑ AR ↓ GR ↑ AR ↓

VIB 36.9→30.3 59.4 15.8→13.9 35.8 86.2→84.9 63.7 20.5→18.1 11.9 23.5→22.6 18.4
SPECTRA 26.9→21.5 40.6 11.9→11.8 22.6 67.1→60.8 52.6 28.6→27.8 15.2 19.5→18.3 31.6

FC-sup 51.5→45.5 65.9 50.0→42.7 55.7 99.6→98.8 97.8 - - - -
VIB-sup 50.6→44.3 67.0 36.1→22.7 58.7 99.5→97.8 97.2 - - - -

Table 4: Gold rationale F1 (GR) (original→perturbed input) and attack capture rate (AR) for the AddText-Adv
attack on the five tasks (defined in §4.2). The reported number is the average of inserting the attack at the start and
at the end of the text input.

We examine where the rationale model gains
robustness by inspecting the generated rationales.
Table 5 shows the accuracy breakdown under attack
for VIB and VIB-sup models. Intuitively, both
models perform best when the gold rationale is
selected and the attack is avoided, peaking at 91.1
for VIB and 92.4 for VIB-sup. Models perform
much worse when the gold rationale is omitted and
the attack is included (73.6 for VIB and 74.1 for
VIB-sup), highlighting the importance of choosing
good and skipping the bad as rationales.

6.3 Impact of Gold Rationale Supervision

Perhaps surprisingly, adding explicit rationale su-
pervision does not help improve robustness (Ta-

ble 3). Across FEVER, MultiRC and SQuAD, VIB-
sup consistently has a higher ∆ between its scores
on the original and perturbed instances. We observe
that models trained with human rationales gener-
ally have higher GR, but they also capture a much
higher AR across the board (Table 4). On MultiRC,
for instance, the VIB-sup model outperforms VIB
in task performance because of its higher GR (36.1
versus 15.8). However, when under attack, VIB-
sup’s high 58.7 AR, hindering the performance
compared to VIB, which has a smaller 35.8 AR.
This highlights a potential shortcoming of prior
work in only considering metrics like IOU (similar
in spirit to GR) to assess rationale models. The
finding also points to the risk of straightforwardly
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VIB VIB-sup
Acc (%) Acc (%)

Original 87.8 90.2

Overall Attack 83.0 (100%) 84.9 (100%)
G 3 A 3 83.3 (34%) 85.5 (77%)
G 3 A 7 91.1 (32%) 92.4 (11%)
G 7 A 3 73.6 (22%) 74.1 (12%)
G 7 A 7 77.7 (12%) 68.0 (0%)

Table 5: Accuracy breakdown of the VIB and VIB-sup
models on the FEVER dataset. The attack is inserted
at the beginning of the passage. 3 indicates the Gold
(G) or Attack (A) sentence is selected as rationale and
7 otherwise. We show the percentage of examples in
parenthesis. The highlighted row shows the desirable
category and models achieve the highest accuracy.

incorporating supervised rationale as it could result
in the existing model overfitting to them.

6.4 Sensitivity of Attack Positions
We further analyze the effect of attack text on ra-
tionale models by varying the attack position. Fig-
ure 3 displays the performance of VIB, VIB-sup
and FC on FEVER and SQuAD when the attack
sentence is inserted into the first, last or any ran-
dom position in between. We observe performance
drops on both datasets when inserting the attack
sentence at the beginning of the context text as
opposed to the end. For example, when the at-
tack sentence is inserted at the beginning, the VIB
model drops from 77.1 F1 to 40.9 F1, but it only
drops from 77.1 F1 to 72.1 F1 for a last position
attack on SQuAD. This hints that rationale mod-
els may implicitly be picking up positional biases
from the dataset, similar to their full-context coun-
terparts (Ko et al., 2020). We provide fine-grained
plots for AR versus attack positions in §A.4.

First Random Last Orig.
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85

90

95

First Random Last Orig.

40

60

80

VIB VIB-sup FC FC-sup

FEVER SQuAD

Figure 3: Accuracy when attack is inserted at differ-
ent sentence positions, highlighting the positional bias
picked up by the models.

FEVER MultiRC
Ori Att ∆ ↓ Ori Att ∆ ↓

FC-sup 91.9 77.1 14.8 71.5 64.0 7.5
+ ART 91.8 78.7 13.1 69.3 64.8 4.5

VIB 87.8 82.6 4.2 65.4 63.6 0.7
+ ART 87.6 87.0 0.6 65.8 65.5 0.3

VIB-sup 90.2 81.4 8.8 68.7 63.7 5.0
+ ART 90.0 86.1 3.9 70.3 65.7 4.6

Table 6: Augmented Rationale Training (ART) reduces
the effect of adversarial attacks. Ori: original input, Att:
input with attack text.

7 Augmented Rationale Training

From our previous analysis on the trade-off be-
tween GR and AR (§6.2), it is clear that avoiding
attack sentences in rationales is a viable way to
make such models more robust. Note that this is
not obvious by construction since the addition of
attacks affects other parameters such as position
of the original text and discourse structure, which
may throw off the ‘predictor’ component of the
model. As a more explicit way of encouraging ‘ra-
tionalizers’ to ignore spurious text, we propose a
simple method called augmented rationale train-
ing (ART). Specifically, we sample two sentences
at random from the Wikitext-103 dataset (Merity
et al., 2017) and insert them into the input passage
at random position, setting their pseudo rationale
labels zpseudo = 1 and the labels for all other sen-
tences as z = 0. We limit the addition to only
inserting two sentences to avoid exceeding the ra-
tionalizer maximal token limit. We then add an
auxiliary negative binary cross entropy loss to train
the model to not predict the pseudo rationale. This
encourages the model to ignore spurious text that
is unrelated to the task. Note that this procedure
is both model-agnostic and does not require prior
knowledge of the type of AddText attack.

Table 6 shows that ART improves robustness
across the board for all models (FC-sup, VIB and
VIB-sup) in both FEVER and MultiRC, dropping
∆ scores by as much as 5.9% (VIB-sup on FEVER).
We further analyzed these results to break down
performance in terms of attack and gold sentence
capture rate. Table 7 shows that ART greatly im-
proves the percentage of sentences under the “Gold
3 Attack 7” category (31.8% → 65.4% for VIB
and 11.3%→ 63.5% for VIB-sup). This corrobo-
rates our expectations for ART and shows its effec-
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tiveness at keeping GR high while lowering AR.
Interestingly, the random Wikipedia sentences

we added in ART are not topically or contextually
related to the original instance text at all, yet they
seem to help the trained model ignore adversari-
ally constructed text that is tailored for specific test
instances. This points to the promise of ART in
future work, where perhaps more complex gener-
ation schemes or use of attack information could
provide even better robustness.

+ART
VIB VIB-sup VIB VIB-sup

G 3 A 3 34.3% 76.7% 6.0% 25.4%
G 3 A 7 31.8% 11.3% 65.4% 63.5%
G 7 A 3 22.0% 11.5% 3.2% 4.2%
G 7 A 7 12.0% 0.4% 25.4% 6.8%

Table 7: The percentage of examples in the develop-
ment set (in four categories the same way as Table 5)
of the VIB and VIB-sup models without (left) and with
(right) ART training on the FEVER dataset.

8 Discussion

In this work, we investigated whether neural ratio-
nale models are robust to adversarial attacks. We
constructed a variety of AddText attacks across five
different tasks and evaluated several state-of-the-
art rationale models. Our findings raise two key
messages for future research in both interpretability
and robustness of NLP models:

Interpretability We identify an opportunity to
use adversarial attacks as a means to evaluate ra-
tionale models (especially extractive ones). In con-
trast to existing metrics like IOU used in prior
work (DeYoung et al., 2020; Paranjape et al., 2020),
robustness more accurately tests how crucial the
predicted rationale is to the model’s decision mak-
ing. Further, our analysis reveals that even state-
of-the-art rationale models may not be consistent
in focusing on the most relevant parts of the input,
despite performing well on tasks they are trained
on. This points to the need for better model ar-
chitectures and training algorithms to better align
rationale models with human judgements.

Robustness For adversarial attack research, we
show that extractive rationale models are promising
for improving robustness, while being sensitive to
factors like the attack position or word choices in
the attack text. Research that proposes new attacks
can use rationale models as baselines to assess their

effectiveness. Finally, the effectiveness of ART
points to the potential for data augmentation in
improving robustness of NLP systems, even against
other types of attacks beyond AddText.

We hope our results can inspire more research at
the intersection of interpretability and robustness.
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A Appendix

A.1 Model Details
VIB details The sentence or token level logits
s ∈ RL (A.2 describes how the logits are obtained)
parameterize a relaxed Bernoulli distribution p(zt |
x) = RelaxedBernoulli(s) (also known as the
Gumbel distribution (Jang et al., 2017)), where
zt ∈ {0, 1} is the binary mask for sentence t. The
relaxed Bernoulli distribution also allows for sam-
pling a soft mask z∗t = σ( log s+gτ ) ∈ (0, 1), where
g is the sampled Gumbel noise. The soft masks
z∗ = (z∗1 , z

∗
2 , ..., z

∗
T ) are sampled independently

to mask the input sentences such that the latent
z = m∗ � x for training. The following objective
is optimized:

`VIB(x, y) = E
z∼p(z|x;θ)

[
− log p(y | z � x;φ)

]

+ βKL
[
p(z | x; θ) || p(z)

]
,

where φ denotes the parameters of the predictor C,
θ denotes the parameters of the rationalizer R, p(z)
is a predefined prior distribution parameterized by
a sparsity ratio π, and β ∈ R controls the strength
of the regularization.

During inference, we take the rationale as zt =
1[st ∈ top-k(s)], where s ∈ RL is the vector of
token or sentence-level logits, and k is determined
by the sparsity π.

VIB-sup details With human raitonale supervi-
sion z∗, the objective below is optimized:

`VIB-sup(x, y) = E
z∼p(z|x;θ)

[
− log p(y | z � x;φ)

]

+ βKL
[
p(z | x; θ) || p(z)

]

+ γ
∑

t

−z∗t log p(zt | x; θ),

where β, γ ∈ R are hyperparameters. During in-
ference, the rationale module generates the mask
z the same way as the VIB model by picking the
top-k scored positions as the final hard mask. The
third loss term will encourage the model to predict
human annotated rationales, which is the ability we
expect a robust model should exhibit.

SPECTRA details SPECTRA optimizes the fol-
lowing objective:

`SPECTRA(x, y) = − log p(y | z � x;φ),

z = argmax
z′∈{0,1}L

(score(z′; s; θ)− 1

2

∥∥z′
∥∥2),

where s ∈ RL is the logit vector of tokens or sen-
tences, and a global score(·) function that incorpo-
rates all constraints in the predefined factor graph.
The factors can specify different logical constraints
on the discrete mask z, e.g a BUDGET factor that
enforces the size of the rationale as

∑
t zt ≤ B.

The entire computation is deterministic and allows
for back-propagation through the LP-SparseMAP
solver (Niculae and Martins, 2020). We use the
BUDGET factor in the global scoring function. To
control the sparsity at π (e.g., π = 0.4 for 40%
sparsity), we can choose B = L× π.

FC-sup details The FC model can be extended
to leverage human annotated rationales supervision
during training (FC-sup). We add a linear layer on
top of the sentence/token representation and obtain
the logits s ∈ RL. The logits are passed through
the sigmoid function into mask probabilities to op-
timize the following objective:

`FC-sup(x, y) =− log p(y | x;φ)

+ γ
∑

t

−z∗t log p(zt | x;φ, ξ),

where z∗t is the human rationale, ξ accounts for
the parameters of the extra linear layer, and the
hyperparameter γ is selected based on the original
performance by tuning on the development set.

A.2 Implementation Details
We use two BERT-base-uncased (Wolf et al.,
2020) as the rationalizer and the predictor compo-
nents for all the models and one BERT-base for
the Full Context (FC) baseline. The rationales for
FEVER, MultiRC, SQuAD are extracted at sen-
tence level, and Beer and Hotel are at token-level.

BERT(x) =
(
h[CLS],h

1
0,h

2
0, ...,h

n0
0 ,h[SEP],

h1
1,h

2
1, ...,h

n1
1 , ...,h

1
T ,h

2
T , ...,h

nT
T ,h[SEP]

)
,

where the input text is formatted as query with
sentence index 0 and context with sentence index
1 to T . For sentiment tasks, the 0-th sentence and
the first [SEP] token are omitted. For sentence-
level representations, we concatenate the start and
end vectors of each sentence. For instance, the
t-th sentence representation is ht = [h0

t ;h
n(t)
t ].

For token-level representations, we use the hidden
vectors directly. The representations are passed to a
linear layer {w, b} to obtain logit for each sentence
s = wᵀht + b.
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Training Both the rationalizer and the predic-
tor in the rationale models are initialized with pre-
trained BERT (Devlin et al., 2019). We predeter-
mine rationale sparsity before fine-tuning based on
the average rationale length in the development set
following previous work (Paranjape et al., 2020;
Guerreiro and Martins, 2021). We set π = 0.4
for FEVER, π = 0.2 for MultiRC, π = 0.7 for
SQuAD, π = 0.1 for Beer, and π = 0.15 for Hotel.
The hyperparameter k (for top-k ratioanle extrac-
tion) is selected based on the percentage π of the
human annotated rationales in the development set
(following Paranjape et al. (2020)). During evalu-
ation, for each passage k = π × #sentences. We
select the model parameters based on the highest
fine-tuned task performance on the development
set. The models with rationale supervision will se-
lect the same amount of text as their no-supervision
counterparts. The epoch/learning rate/batch size
for the different datasets are described in Table A.2.

Dataset Epoch Learing Rate Batch Size

FEVER 10 5e-5 32
MultiRC 10 5e-5 32
SQuAD 3 1e-5 32

Beer 20 5e-5 64
Hotel 20 5e-5 64

A.3 Qualitative Examples
We provide qualitative examples of the rationale
model predictions for each dataset in Table 8.

A.4 Attack Position and Lexical Variation
Figure 4 shows a more fine-grained trend reflecting
the sensitivity of AR against inserted attack posi-
tion. As the attack position move from the begin-
ning of the passage towards the end, AR decreases
across all models. With ART training (R6 in §6),
the AR also becomes less sensitive to positions. We
also experimented with various adjectives related
to appearance as the attack and observe the same
trend. For example, when inserting “The carpet
looks really ugly/beautiful.” to the Beer dataset,
VIB performance drops 93.8 → 83.1 while FC
drops 93.8 → 61.6.

Figure 4: The attack capture rate (AR) changes with re-
spect to different attack positions for FEVER and Mul-
tiRC.
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Dataset Query Passage Predicted / Gold Label

FEVER The Silver Surfer appears only
in Icelandic comic books.

The Silver Surfer is a fictional superhero appearing in American comic
books published by Marvel Comics. The character also appears in a num-
ber of movies , television , and video game adaptations. The character
was created by Jack Kirby , and first appeared in the comic book Fantas-
tic Four # 48 , published in 1966. The Silver Surfer is a humanoid with
metallic skin who can travel space with the aid of his surfboard-like craft.
Originally a young astronomer named Norrin Radd on the planet Zenn-La
, he saved his homeworld from the planet devourer , Galactus , by serving
as his herald. Imbued in return with a tiny portion of Galactus ’s Power
Cosmic , Radd acquired vast power , a new body and a surfboard-like
craft on which he could travel faster than light. Now known as the Silver
Surfer , Radd roamed the cosmos searching for planets for Galactus to
consume. When his travels took him to Earth , he met the Fantastic Four ,
a team of powerful superheroes who helped him rediscover his humanity
and nobility of spirit. Betraying Galactus , the Surfer saved Earth but
was exiled there as punishment. The Carey Hayes appears only in scottish
comic books.

Refutes / Refutes

MultiRC What did Jenny and her friends
enjoy when they walked to the
sand ? || The sun

Jenny was a 13 year old girl with blond hair and blue eyes . She had gotten
out of her last day of school and was free for the summer. Two of her
friends were going to the nearby beach to do some swimming and enjoy
the sun. Jenny went with them and when they got there the beach was very
full and there were people everywhere. They changed into their bathing
suits and went to the water. The water was very cold. They chose not swim
and walked to the sand. Then they laid down on some towels and enjoyed
the sun. After several hours Jenny and her friends fell asleep. Jesse and
her foe enjoy the moon when they walked to the sand. They woke up and
the sun was beginning to set. When Jenny sat up she found that it was
painful to touch her skin. When she looked down she saw that she had
a very bad sunburn. Her friends were also very badly sunburned so they
went home. Jenny ’s mother gave her a cream to put on the sunburn.

False / True

SQuAD When did oil finally returned to
its bretton woods levels ?

This contributed to the "oil shock". After 1971, opec was slow to readjust
prices to reflect this depreciation. From 1947 to 1967, the dollar price of
oil had risen by less than two percent per year. Until the oil shock, the
price had also remained fairly stable versus other currencies and commodi-
ties. Opec ministers had not developed institutional mechanisms to update
prices in sync with changing market conditions, so their real incomes
lagged. The substantial price increases of 1973 – 1974 largely returned
their prices and corresponding incomes to bretton woods levels in terms of
commodities such as gold. Oil finally returned to its colossus mickelson
levels in 1898.

1973-1974 / 1973-1974

Beer The tea looks horrible. Poured from a 12oz bottle into a delirium tremens
glass. This is so hard to find in columbus for some reason, but I was able
to get it in toledo... murky yellow appearance with a very thin white head.
The aroma is bready and a little sour. The flavor is really complex, with at
least the following tastes: wheat, spicy hops, bread, bananas, and a toasty
after - taste. It was really outstanding. I’d recommend this to anyone, go
out and try it. I think it’s the best so far from this brewery.

Positive / Positive

Hotel My car is very filthy. The hotel was in a brilliant location and very near
a metro station. Yes the room was small but it was clean and very well
equipped. the bathroom was a really good size and lets face it how long
do you spend in your hotel room anyway? The breakfast was fantastic
and the staff were really friendly and helpful. We will definately stay here
when we return to barcelona. It’s worth going up to the roof of the hotel
for the view over the city.

Negative / Positive

Table 8: Examples of predicted rationales (yellow highlight), gold rationale (cyan text), and attack (red text) for
passages in different datasets.
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Abstract

Recent studies on few-shot intent detection
have attempted to formulate the task as a meta-
learning problem, where a meta-learning model
is trained with a certain capability to quickly
adapt to newly specified few-shot tasks with
potentially unseen intent categories. Prototypi-
cal networks have been commonly used in this
setting, with the hope that good prototypical
representations could be learned to capture the
semantic similarity between the query and a
few labeled instances. This intuition naturally
leaves a question of whether or not a good sen-
tence representation scheme could suffice for
the task without further domain-specific adap-
tation. In this paper, we conduct empirical
studies on a number of general-purpose sen-
tence embedding schemes, showing that good
sentence embeddings without any fine-tuning
on intent detection data could produce a non-
trivially strong performance. Inspired by the
results from our qualitative analysis, we pro-
pose a frustratingly easy modification, which
leads to consistent improvements over all sen-
tence encoding schemes, including those from
the state-of-the-art prototypical network vari-
ants with task-specific fine-tuning.1

1 Introduction

The task of intent detection aims at classifying user
queries, typically in the form of short sentences,
into intent categories. It has been widely adopted
as one crucial component inside various applica-
tions such as dialogue systems, virtual assistants,
and search engines. The domain-specific nature of
those applications makes intent detection rather
challenging because of the difficulty to acquire
high-quality labeled data at scale. In particular,
the sets of intents could vary a lot in different real-
world scenarios. Such scenarios motivate the re-
search of few-shot intent detection, which aims

*Work during internship at Microsoft Research Asia.
1Our code is available at https://github.com/

microsoft/KC/tree/main/papers/IDML.

to classify utterances with new intent labels given
very few labeled examples.

Recently, there exists a popular stream of re-
search efforts (Yu et al., 2018; Geng et al., 2019;
Nguyen et al., 2020; Dopierre et al., 2021a,b) that
models the few-shot intent detection task as a meta-
learning problem - a general machine learning
paradigm which has already been successfully ap-
plied in other tasks of natural language processing
(Han et al., 2018; Gu et al., 2018; Chen et al., 2019;
Hou et al., 2020, inter alia). Under this formu-
lation, the target is to train a good meta-learner
that could be used to quickly adapt to any few-
shot intent classification task with very few labeled
examples. One of the most popular methods of
meta-learning is the prototypical network (Snell
et al., 2017), which learns an embedding of the
input data, and then constructs a prototypical rep-
resentation for every class via averaging over the
input embeddings. Each query will be classified as
the class with the minimum distance between the
query embedding and the class prototype. Earlier
empirical findings (Dopierre et al., 2021a) suggest
that the prototypical networks could reach the state-
of-the-art performance on most intent detection
datasets when a text encoder based on fine-tuned
BERT (Devlin et al., 2019) is used for sentence
representation.

However, one notable challenge for prototypical
networks, or basically most of the current meta-
learning approaches is that the models could easily
overfit the sparse and biased data distribution from
merely a few training instances (Yang et al., 2021).
Given that the goal of prototypical networks is
essentially to learn proper encoding functions
for nearest-neighbor classification, one natural
question arises: is it possible to utilize other
general-purpose sentence representation schemes
without fine-tuning on intent detection data? In
this way, the cost of collecting and fine-tuning on
domain-specific labeled data might be mitigated,
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while reducing the risk of domain-specific
overfitting.

In this paper, we conduct an empirical study to
verify the utility and the effectiveness of recent
popular sentence encoding schemes for intent de-
tection meta-learning. Specifically, we make the
following contributions:

• We empirically compare a number of pop-
ular sentence embedding methods on vari-
ous intent detection benchmarks and observe
non-trivial strong performance in the meta-
learning setup for few-shot intent detection.

• We quantitatively verify the better capability
for cross-dataset generalization from general-
purpose sentence encoders, and conduct qual-
itative analysis on the behaviors of different
sentence encoding schemes.

• Based on our analysis, we propose a frustrat-
ingly simple modification to utilize the label
name information, with the hope to yield sen-
tence representations more targeted at the in-
tent detection task. Follow-up experiments
show consistent and substantial improvements
over all sentence encoding methods, making
them stronger baselines for the task, while the
modification could also improve the state-of-
the-art system performance.

2 Preliminary

2.1 The meta-learning setup

The meta-learning setting aims at learning a good
“meta-learner” that could quickly adapt to newly
specified classification tasks with few labeled exam-
ples available. A few-shot task, called an episode,
is denoted as T = (S,Q,Y), usually following
an N -way K-shot setting: given a support set
S = {(xi, yi)}N×Ki=1 containing a small number
of K labeled examples for each class c ∈ Y
(|Y| = N ), the model is expected to assign a
label from Y to each instance in the query set
Q = {(xj , yj)}N×Kj=1 . At the meta-training phase,
the meta-learner is trained from a series of episodes
sampled from training data with classes Ytrain, via
updating based on the prediction loss on Q. At the
meta-testing phase, the meta-learner is evaluated
on many episodes T ′ = (S ′,Q′,Y ′) constructed
from test data, with each Y ′ ⊂ Ytest from a non-
overlapping label space to verify the meta-learning
capability, i.e., Ytest ∩ Ytrain = ∅.

2.2 Prototypical networks

Formally, a prototypical network (Snell et al., 2017,
ProtoNet) learns an encoding function Eϕ (param-
eterized by ϕ) to embed a sentence xi into a vector
Eϕ(xi). The class prototype ec for each class c
is obtained by taking the average embedding of
sentences with the label c in the support set S:

ec =
1

K

∑

(xi,yi)∈S: yi=c
Eϕ(xi).

With these prototype vectors, the predicted class
distribution in the label space Y for a query x is
calculated by

p(y = c|x) = exp(−d(Eϕ(x), ec))∑
c∈Y exp(−d(Eϕ(x), ec))

,

where d is a distance metric, usually set to be the
Euclidean distance. The encoder is trained by min-
imizing the cross-entropy loss on the query set of
the episodes from Ytrain.

3 Our Empirical Study

3.1 Adapting generic sentence embedding

The main goal of this work is to explore the effec-
tiveness of general-purpose sentence embedding
methods without fine-tuning on intent data. A high-
quality sentence embedding could be used to iden-
tify which instance in the few labeled examples is
semantically close to an input query and henceforth
expressing the same intent. This intuition makes
it natural to directly adapt sentence encoding to
ProtoNet. Specifically, for whatever pre-trained
encoder Es to produce sentence embedding, we
replace the encoder Eϕ with Es in the ProtoNet.
Note that we take a pre-trained Es as-is, in other
words, there is no meta-training phase.

We experiment with a number of modern popular
sentence embedding methods, covering sentence
embeddings pre-trained from either large-scale un-
labeled text data or with supervision from addi-
tional sentence pairs. Specifically, the following
four typical methods yielding five specific model
instances in total are used in our experiments:

Sentence-BERT Sentence-BERT (Reimers and
Gurevych, 2019) takes BERT / RoBERTa (Liu
et al., 2019b) as the basic encoder and uses Siamese
and triplet network (Schroff et al., 2015) structure
to derive sentence embeddings by comparing simi-
larities between sentence pairs. Here we consider
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two model instances pre-trained on different data: i)
SBERT-paraphrase, a DistillRoBERTa (Sanh et al.,
2019) based model trained on a broad range of para-
phrase corpora;2 ii) SBERT-NLI, a RoBERTa based
model trained on SNLI (Bowman et al., 2015) and
MNLI (Williams et al., 2018), using a three-way
classification objective to predict the relationship of
a pair of sentences, i.e., entailment, neural,
or contradiction. Both model instances uti-
lize mean pooling over token representations in a
sentence for sentence representation.

SimCSE SimCSE (Gao et al., 2021) learns sen-
tence embeddings by contrastive learning. Specif-
ically, it encodes a sentence with the RoBERTa
model and takes the representation of the [CLS]
token as the sentence representation. Given an an-
chor sentence, the model is trained to predict the
“positive” example, i.e., the most semantic similar
example, among the “negatives”. Here we consider
the situation that all anchors and their positive as
well as negative examples are constructed from
SNLI (Bowman et al., 2015) and MNLI (Williams
et al., 2018), denoted as SimCSE-NLI.

DeCLUTR DeCLUTR (Giorgi et al., 2021) is an
unsupervised sentence embedding method trained
on documents from OpenWebText (Gokaslan and
Cohen, 2019) and a subset of WebText (Radford
et al., 2019). The mean pooling of contextual word
representations obtained from RoBERTa is used as
the sentence embedding. The sentence encoder is
trained with a self-supervised contrastive loss to
minimize the distance between the embeddings of
textual segments randomly sampled from nearby
in the same document.

SP-paraphrase Different from afore-mentioned
models that are built upon large pre-trained lan-
guage models, Wieting et al. (2019, 2021) pro-
pose a lightweight paraphrastic sentence embed-
ding method, denoted as SP-paraphrase. SP-
paraphrase first tokenizes a sentence into subwords
with SentencePiece (Kudo and Richardson, 2018),
then learns context-independent embeddings for
sub-word tokens within a pre-defined vocabulary,
and finally averages over all sub-word embeddings
of a sentence for the sentence embedding. This
model is trained on ParaNMT (Wieting and Gim-
pel, 2018) with a margin loss and carefully selected
negative examples.

2https://www.sbert.net/examples/
training/paraphrases/README.html

3.2 Meta-learning methods for reference

To study the different behaviors between general
sentence encoding and meta-learning algorithms
trained on intent datasets, we also compare with
the representative and the start-of-art meta-learning
algorithms as following:

ProtoNet As described before.

ProtoNet+MLM The unlabeled data of the tar-
get dataset is used for finetuning the pretrained
language model with the masked language mod-
eling (MLM) objective. This step is intentionally
serving as a kind of domain adaptation, leading to
a finetuned encoder to be used as the initial base
encoder of ProtoNet (Dopierre et al., 2021a).

ProtAugment The current start-of-the-art frame-
work in intent detection meta-learning proposed
by Dopierre et al. (2021b). A paraphrasing model
is trained to produce multiple diverse paraphrases
for an unlabeled sentence from the training, de-
velopment, or testing instance. Based on Pro-
toNet+MLM, the prototypical network is trained
with an additional consistency loss to make the em-
bedding of a sentence to be closer to the unlabeled
prototype embedding of its paraphrases, and more
distant away from other unlabeled prototypes.

3.3 Datasets

We evaluate these methods on four datasets for a
comprehensive analysis and fair comparison with
Dopierre et al. (2021b).

Banking77 Banking77 (Casanueva et al., 2020)
is a single-domain dataset that contains 77 fine-
grained intents about banking. It consists of 13,083
customer service queries and many of the intents
are partially overlapped (e.g. verify top up, top up
limits, pending top up). 25 intent classes are used
for training, 25 for development and the remaining
classes are for testing.

HWU64 HWU64 (Liu et al., 2019a) contains
11,036 user-generated utterances about home
robots covering 64 intents from 21 different do-
mains such as alarm and calendar. This dataset is
class-balanced and each intent has 190 instances.
Intents are split into train, dev, and test by domains
to minimize the label semantic sharing amongst
splits.

Liu57 This is also a multi-domain intent dataset
from Liu et al. (2019a) which contains 25,478 user
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Method Base Model Banking77 HWU64 Liu57 Clinic150

K=1 K=5 K=1 K=5 K=1 K=5 K=1 K=5

Meta-learning models trained on intent dataset:
ProtoNet RoBERTa-base 86.98±1.09 94.37±0.39 79.23±2.35 91.77±1.12 82.51±1.99 93.16±0.97 94.61±0.74 98.55±0.26

ProtoNet+MLM RoBERTa-base 89.38±1.42 95.84±0.52 85.11±1.42 93.47±0.83 87.33±2.61 95.16±0.80 96.89±0.28 98.89±0.26

ProtAugment RoBERTa-base 90.34±0.99 96.28±0.49 85.61±1.37 93.88±0.76 88.08±1.70 95.33±0.64 97.26±0.28 99.10±0.26

ProtAugment* BERT-base-cased 89.56 94.71 84.34 92.55 86.11 93.70 96.49 98.74

Pre-trained general sentence encodings:
SBERT-paraphrase DistilRoBERTa 81.32±1.43 94.35±0.55 77.01±1.24 91.73±1.22 77.90±1.46 93.84±0.97 90.87±0.81 98.55±0.18

SBERT-NLI RoBERTa-base 78.97±1.33 93.69±0.58 78.18±1.41 92.31±1.01 79.45±2.49 93.81±1.07 91.24±0.65 98.55±0.29

SimCSE-NLI RoBERTa-base 78.62±0.91 93.44±0.68 77.37±1.86 92.00±0.95 78.65±2.43 93.73±1.22 90.95±0.70 98.54±0.24

DeCLUTR RoBERTa-base 71.75±1.29 91.26±0.90 71.13±2.85 90.33±1.02 71.07±2.63 91.93±1.17 85.71±1.13 98.32±0.30

SP-paraphrase Sentence-Piece 78.44±1.47 92.81±0.53 73.45±2.03 89.00±1.19 74.80±1.87 89.50±1.49 86.11±2.26 96.68±0.68

Table 1: Performance comparison under the 5-way K-shot settings. ProtAugment* denotes results reported in
Dopierre et al. (2021b) with BERT-base-cased model. The highest accuracies of meta-learning models are underlined
while those of general sentence embedding methods are bolded.

utterances about home robots with a total number
of 54 intent classes. The class distribution is highly
imbalanced, with the most frequent intent (query)
accounts for 23% of all utterances while the least
frequent intent (volume_other) only occupies
0.09%. Each of the train, dev, and test splits has 18
classes.

Clinc150 Larson et al. (2019) introduce a crowd-
sourced dataset containing 22,500 user queries cov-
ering 150 different intents in ten general domains.
We randomly select 50 classes for training, devel-
opment, and testing, respectively.

3.4 Evaluation

We evaluate all methods on the standard 5-way 1-
shot and 5-way 5-shot settings as in Dopierre et al.
(2021b). We compute the averaged accuracy on
600 episodes and there are five query examples in
each episode. To reduce the performance variation,
we run all experiments five times with five different
class splits and report the averaged accuracy.

4 Results and Analysis

Table 1 shows the performance of all approaches
on four benchmarks. We can see that general sen-
tence embeddings without any task-specific fine-
tuning achieve non-trivial performance. Com-
pared with meta-learning models elaborately de-
signed for few-shot learning, general sentence em-
bedding can reach a rather strong performance on
all datasets in the 5-way 5-shot setting, even out-
perform or on par with the representative ProtoNet
on HWU64, Liu57, and Clinic150. For the 5-way
1-shot setting, general sentence embeddings yield
less satisfactory results than meta-learning. We
suspect that the finetuned meta-learning models

could be less sensitive to the distribution of support
examples, especially in the 1-shot setting.

4.1 Sentence embedding visualization

Here we try to obtain a more intuitive understand-
ing of the sentence embeddings obtained from dif-
ferent methods via low-dimensional projection us-
ing t-SNE (van der Maaten and Hinton, 2008). For
meta-learning based models, we use the sentence
encoders trained on the HUW64 training split3 in
the 5-way 1-shot setting. Figure 1 shows the projec-
tion results of sentences from 10 randomly selected
classes in the HWU64 test split.

1) Meta-learning based methods generally pro-
duce sentence embeddings with larger between-
class distances and smaller within-class dis-
tances on most classes. Compared with gen-
eral pre-trained sentence embeddings, embeddings
of different classes derived from meta-learning
methods are more compact and distinguishable,
which enables these meta-learning based models to
achieve more robust test performance when given
different support examples for similarity compari-
son, especially in the 1-shot setting.

2) Meta-learning based methods are good at han-
dling test classes that share similar patterns with
training classes. As shown in Table 2, when
only testing on the class remove_calendar
and class query_calendar, all meta-learning
models significantly outperform sentence embed-
dings since two similar classes query_alarm
and remove_alarm exist in the training data.

3Training intent classes: query_alarm, remove_alarm,
set_alarm, email_addcontact, music_likeness, query_music,
music_settings, query_news, query_transport, trans-
port_taxi, transport_ticket, transport_traffic, query_weather,
query_email, query_emailcontact, send_email.
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Figure 1: T-SNE visualization of different sentence representations from 10 randomly selected classes in the HWU64
test split. Intent classes: query_calendar , remove_calendar , volume_mute , volume_up , volume_down ,

QA_definition , QA_math , iot_wemo_on , iot_coffee , iot_cleaning .

Type Set Meta-Learning Models trained on HWU64 General Sentence Embeddings ProtAugment+SentEmb

ProtoNet ProtoNet+MLM ProtAugment SBERT-para. SBERT-NLI SimCSE-NLI DeCLUTR SP-para. PA-SBERT-NLI PA-SimCSE-NLI

Calendar/* 83.77 95.90 95.18 76.55 78.77 77.88 72.12 68.68 - -
Volume/* 47.43 50.73 48.46 51.73 62.19 60.32 45.42 57.60 55.09↓ 53.09↓

Table 2: Accuracy on particular type sets from HWU64 test classes under 1-shot setting. Volume/* de-
notes {volume_up, volume_down, volume_mute}. while Calendar/* denotes {query_calendar,
remove_calendar}. PA- denotes applying the meta-learning procedure as in ProtAugment.

3) General sentence embeddings may achieve
superior performance than meta-learning based
models on target tasks that require fine-grained
information but share little knowledge with the
training tasks. In Figure 1, all methods seem
to struggle in differentiating the fine-grained in-
tent classes volume_up, volume_down, and
volume_mute, which are very dissimilar to
classes in training tasks. To quantify the ability
of different methods to discriminate them , we eval-
uate all methods only on these three classes in the
1-shot setting. Surprisingly, as shown in Table 2,
meta-learning models lag behind almost all gen-
eral sentence embedding methods. To investigate
whether this inferiority is caused by overfitting,
we take SBERT-NLI and SimCSE-NLI4 as base
encoders of ProtAugment, denoted as PA-SBERT-
NLI and PA-SimCSE-NLI. Table 2 indicates that
compared SBERT-NLI and SimCSE-NLI, finetun-
ing will lead to a performance drop of 7.10 points
and 7.23 points respectively, which verifies that
meta-learning based models may have a bias to-
wards categorizing intent classes similar to training

4We choose these two models because they achieve best
performance in Table 2.

tasks, which, on the debit side, restraints their capa-
bilities on distinguishing fine-grained test classes
that share little knowledge with training classes.

Model Source dataset 5-way 1-shot 5-way 5-shot

ProtAugment HWU64 73.20±2.40 90.81±1.02

ProtAugment Liu57 71.70±3.92 90.16±1.35

ProtAugment Clinic150 79.35±1.49 92.86±0.57

SBERT-para. paraphrase data 81.32±1.43 94.35±0.55

SBERT-NLI NLI data 78.97±1.33 93.69±0.58

SimCSE-NLI NLI data 78.62±0.91 93.44±0.68

DeCLUTR unlabeled data 71.75±1.29 91.26±0.90

SP-para. ParaNMT 78.44±1.47 92.81±0.53

PA-SBERT-para. HWU64 80.97±1.67 ↓ 93.72±0.68 ↓
PA-SBERT-para. Liu57 79.56±2.52 ↓ 93.96±0.87 ↓
PA-SBERT-para. Clinic150 82.77±1.39 ↑ 94.75±0.54 ↑

Table 3: Accuracy on Banking77 dataset while the mod-
els/sentence encodings are trained on source datasets.
PA-SBERT-para. denotes training ProtAugment on
intent data by taking SBERT-para. as initial encoder.

4.2 Cross-dataset generalization

To further verify our hypothesis that meta-learning
methods could fail when the target tasks require
fine-grained information but share little knowledge
with the training tasks, we test models on a more
challenging setting: directly transfer ProtAugment
trained on other datasets to the single-domain Bank-
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Query: [create_or_add_lists] add new item to list
Support #1: [create_or_add_lists] add to my groceries
Support #2: [remove_lists] delete list
Predict: ProtAugment: [create_or_add_lists] GeneralSentEmb: [remove_lists]

Query: [receiving_money] How can my friend transfer money to me?
Support #1: [receiving_money] How can my friend pay me?
Support #2: [beneficiary_not_allowed] I tried to transfer cryptocurrency into my account but was denied
Predict: ProtAugment: [beneficiary_not_allowed] GeneralSentEmb: [receiving_money]

Query: [meaning_of_life] would you let me know what the meaning of life is
Support #1: [meaning_of_life] is there a reason people exist
Support #2: [are_you_a_robot] can you tell me know what kind of life form you are
Predict: ProtAugment: [are_you_a_robot] GeneralSentEmb: [are_you_a_robot]

Table 4: Case study under 1-shot setting. Green color means the method predicts correctly while red color means
wrong prediction. GeneralSentEmb means all general sentence embedding methods.

ing77 dataset.5 From Table 3, we find:

1) General sentence embeddings have better
cross-dataset generalization performance. Pro-
tAugment, which shows better in-domain accu-
racy, lags behind most general sentence embed-
dings under the challenging cross-dataset gener-
alization test. ProtAugment trained on HWU64
and Liu57 performs the worst, even underperforms
the sentence embedding baselines since their in-
tents are about home robot, which is obviously
different from Banking77. ProtAugment trained
on Clinic150 achieves better performance since
Clinic150 has several intents6 from bank domain,
but still inferior to SBERT-paraphrase on 5-way
1-shot setting, SBERT-paraphrase, SBERT-NLI,
SimCSE-NLI on 5-way 5-shot setting. This in-
dicates the meta-learning methods could overfit the
task distribution from training datasets. Benefiting
from the supervision signal and diverse data distri-
bution coverage provided by labeled sentence pairs
(paraphrase, or NLI), such tasks guided the gen-
eral sentence encoding to encode more fine-grained
information which might relevant to target intent
labels in any granularity, and moreover, reducing
the risk of overfitting to a small intent dataset.

2) Finetuning the strongest general sentence em-
bedding by meta-learning algorithm on intent
datasets struggles to bring significant improve-
ment compared with raw sentence embedding.
PA-SBERT-para. even drops performance com-
pared to SBERT-para. when finetuning on HWU64
and Liu57 datasets. This indicates that finetuning
sentence embedding on a small intent corpus dis-

5We choose Banking77 as test dataset since it contains the
most fine-grained intents (bank domain) and is significantly
different from other datasets. HWU64, Clinic150, and Liu57
share some intents, like “recipe”, “query weather”, “traffic”.

6such as “transaction”, “exchange_rate”, “credit_limit”

similar to test data may cause overfitting and harm
the cross-dataset generalization. When finetuning
on a more similar corpus Clinic 150, the limited im-
provement questions the necessity of current meta-
learning algorithms in practical large-domain gap
scenarios when a high-quality general sentence em-
bedding is available.

4.3 Case study
We conduct qualitative analysis to get a better un-
derstanding of the behaviors from different meth-
ods. A few examples have been listed in Table 4.

1) General sentence encoding captures semantic
relatedness instead of pure intent similarity be-
tween query and support, which may sometimes
be misleading. For the first example, all general
sentence embedding methods fail due to the shar-
ing part “list” between the query example and the
support example of the wrong label. This indicates
that the sentence embeddings actually capture the
relatedness between two sentences instead of in-
tents. So the general sentence embeddings tend
to be misled by irrelevant parts in the sentences
which do not convey the real intent. However, Pro-
tAugment can focus on the key parts such as verb
phrases for identifying intents by domain specific
finetuning.

2) Patterns learned by meta-learning mod-
els could overfit and fail in cross-dataset set-
tings. The second example from Banking77
shows an interesting case where ProtAugment
trained on HWU64 fails in the cross-dataset sce-
nario. The support example of the category
receiving_money and the query are seman-
tically close, therefore no surprise for our sentence
embedding baselines to get it correct. However,
ProtAugment makes the wrong prediction by incor-
rectly focusing on the same verb “transfer” between
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Method Banking77 HWU64 Liu57 Clinic150

K=1 K=5 K=1 K=5 K=1 K=5 K=1 K=5

L-ProtoNet+MLM 94.00 (+4.62) 95.97 (+0.13) 91.30 (+6.19) 94.09 (+0.62) 92.00 (+4.67) 95.26 (+0.10) 98.36 (+1.47) 99.08 (+0.19)
L-ProtAugment 93.42 (+3.08) 96.11 (-0.17) 91.73 (+6.12) 94.15 (+0.27) 92.79 (+4.71) 95.34 (+0.01) 98.43 (+1.17) 99.19 (+0.09)

L-SBERT-paraphrase 88.94 (+7.62) 94.53 (+0.18) 87.09 (+10.08) 92.43 (+0.70) 88.03 (+10.40) 94.11 (+0.27) 96.49 (+5.62) 98.67 (+0.12)
L-SBERT-NLI 88.30 (+9.33) 94.06 (+0.37) 87.28 (+9.10) 92.90 (+0.59) 88.31 (+8.86) 94.06 (+0.25) 96.11 (+4.87) 98.70 (+0.15)
L-SimCSE-NLI 88.19 (+9.57) 93.44 (0.00) 87.14 (+9.77) 92.70 (+0.70) 89.09 (+10.44) 94.29 (+0.56) 96.35 (+5.40) 98.74 (+0.20)
L-DeCLUTR 82.33 (+10.58) 91.91 (+0.65) 80.95 (+9.82) 91.22 (+0.89) 80.61 (+9.54) 92.40 (+0.47) 93.05 (+7.34) 98.50 (+0.18)
L-SP-paraphrase 89.00 (+10.56) 93.29 (+0.48) 83.20 (+9.75) 90.19 (+1.19) 82.09 (+7.28) 89.90 (+0.40) 91.81 (+5.70) 96.49 (-0.19)

Table 5: Accuracy with improvement value obtained after adding label name under 5-way 1-shot setting and 5-way
5-shot setting. We denote all methods adding the label names in the support set with a “L-” prefix. The absolute
improvement accuracy is shown in (parentheses) compared the baselines without label names.

the query and support example for the wrong label,
while ignoring the overall semantic meaning in the
sentence. Such shortcut leads to better accuracy
on the HWU64 dataset since most of its intents
contain only verbs and object nouns, however it
could lead to failure in Banking77 since intents in
Banking77 need capture more fine-grained seman-
tic information.

3) Uninformative support examples make all
methods fail. For the last instance, the support
example for meaning_of_life (asking what
is the meaning of life) is not a usual expression
for that intent, and all methods fail by predicting a
label with more content similarity.

5 An Easy Modification

5.1 Label names as support
Inspired by previous analysis revealing the need
for sentence encoders to capture more of the key
phrases, we propose the following frustratingly sim-
ple modification: adding the label names as in-
stances into the support set. Denoting the label
name of an intent category c as lc, then the proto-
type of class c after adding the label name becomes

ec =
1

K + 1
(Es(lc) +

∑

(xi,yi)∈S:yi=c
Es(xi)).

Note that the label names are always available for
free at both meta-training and meta-testing phases.
The label name can be seen as a discriminative
and representative example for the correspond-
ing intent. It is discriminative in the sense that
adding label names to the support set is equiv-
alent to putting more weights on words similar
to the intent phrase when calculating the proto-
types since words in the intent label usually are key
words. For the first example in Table 4, adding
the label name create_or_add_lists and
remove_lists could make the model paying

more attention to discriminate the act of “add” and
“delete”. The label name is also representative in
that it sometimes could directly convey a relatively
abstract concept. For the third example in Table
4, the label name meaning_of_life is more
informative than the support set examples.

5.2 Results and discussion

From Table 5, we can observe that the label name
support has consistently and substantially improved
all methods. Specifically, in the 5-way 1-shot set-
ting, the results improve about 3% to 11% on
Banking77, 6% to 10% on HWU64, 1% to 8%
on Clinc150. Moreover, adding the label name as
support could also improve the state-of-the-art Pro-
tAugment framework, as shown in the results of
L-ProtoNet+MLM and L-ProtAugment.

Meaningful labels improve baselines. As
shown in Table 6, for the first example, adding label
names correct the prediction of sentence embed-
ding baselines. Adding share_location as a
support example, the prototype for this class may
contain more information about “know” and “loca-
tion” compared to the irrelevant word “miranda”.
This illustrates the discriminative effectiveness of
label names. For the second example, all methods
incorrectly predict remove_lists because the
bad example given in the support set for the la-
bel create_or_add_lists. Adding the label
names corrects all methods with better representa-
tion for the class create_or_add_lists.

Limitation: negative effect from misleading or
vague labels. We also observe slightly negative
effects in some cases. For example, when adding
the label name general_negate (this intent
means a person does not agree with something) for
the third example in Table 6, “negate” is not a usual
expression for the intent general_negate, and
the association between “not” in the query and
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Episode ProtAugment SBERT-Para.

w/o L w/ L w/o L w/ L

Query: [spelling]i need to know how to spell “miranda”
✓ ✓ ✗ ✓Support #1: [spelling]i can’t figure out how to spell superficial

Support #2: [share_location]have miranda know about my current location

Query: [create_or_add_lists]i need to create a new to do list
✗ ✓ ✗ ✓Support #1: [create_or_add_lists]we need milk

Support #2: [remove_lists]delete butterfly clips from my wish list

Query: [general_negate]sorry but that is not the right answer.
✓ ✗ ✓ ✗Support #1: [general_negate]please rectify the command.

Support #2: [general_don’t_care]any one would be okay with me, olly.

Table 6: Case study on HWU64, Clinic150 datasets after adding label names. [Intent]: the true intent label; ✓:
correct predictions; ✗: wrong predictions; w/o L: without label name; w/ L: after adding label name.

the word “don’t” in the label name general
don’t_care makes the model prefer this wrong
intent. We also find some label names in the Liu57
dataset to be rather vague or ambiguous, making
them difficult to bring any useful information. For
example, the label name likeness actually cor-
responds to utterances expressing the likeness to
music, while the label name music means listen-
ing to or playing music. Adding these label names
usually leads to confusion between these two in-
tents.

6 Related Work

6.1 Few-Shot Intent Detection

Studies on few-shot intent detection usually focus
on two settings: (1) only a handful of annotated
examples for each intent are available during train-
ing (Casanueva et al., 2020; Mehri and Eric, 2021;
Zhang et al., 2020, 2021b; Qu et al., 2021); (2) in
addition to the few-shot examples of target intents,
rich labeled examples of other intents are available
for training (Xia et al., 2021, 2020; Nguyen et al.,
2020; Li and Zhang, 2021; Dopierre et al., 2021b;
Yu et al., 2021; Zhang et al., 2021a). In this paper,
we focus on the second setting, where the problem
is typically formulated as the meta-learning prob-
lem and various approaches have been proposed
(Yu et al., 2018; Geng et al., 2019; Nguyen et al.,
2020; Li and Zhang, 2021; Dopierre et al., 2021b).
Dopierre et al. (2021b) propose to use diverse para-
phrases to improve the ProtoNet and achieve the
SoTA performance in the semi-supervised intent de-
tection meta-learning setting. Zhang et al. (2021a)
study the effectiveness of pre-training with labeled
intent data for this problem. Instead of developing
a new framework or a new algorithm, this work
conducts an empirical study on the effectiveness of
using general pre-trained sentence encodings for

this task.

6.2 Label Semantics for Low-Resource Text
Classification

There also exists more complex usage of label
names in the related literature on zero-shot or few-
shot text classification tasks (Yazdani and Hender-
son, 2015; Chen et al., 2016; Wang et al., 2018; Yan
et al., 2020; Luo et al., 2021; Hou et al., 2021), typ-
ically involving learnable label embeddings with
crafted encoder modules or a more clever usage of
pre-trained language models.

In zero-shot text classification, Chang et al.
(2008) embed label descriptions and texts into a
shared Wikipedia concept space and then measure
their similarities for classification. Similarly, Chen
et al. (2016) jointly embed label names and utter-
ances into one distributed embedding space. Yaz-
dani and Henderson (2015) leverage the structure
of intent labels to produce a classification hyper-
plane for zero-shot intent classification.

For few-shot text classification, prompt-based
methods (Schick and Schütze, 2021a,b) use la-
bel names to construct verbalizers to map each
label into cloze-style phrases, which enables the
utilization of powerful pretrained language mod-
els. More recently, Müller et al. (2022) propose
label tuning which only finetunes the label embed-
dings but freezes the sentence encoder for few-shot
text classification. Mueller et al. (2022) explore
label semantics by performing pre-training on a
mix of gold and weakly annotated sentence-label
pairs. Another line of works (Luo et al., 2021;
Hou et al., 2021) incorporate label names into the
meta-learning models. Luo et al. (2021) append
label names to the utterances to help the model ex-
tract discriminative features. Hou et al. (2021) take
a linear combination of the prototype calculated
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by support examples and the label embedding as
the anchored label representation to separate dif-
ferent labels in a multi-label intent classification
scenario. Different from previous works, our sim-
ple modification aims to enhance general sentence
embeddings towards key parts that express an in-
tent. Besides, the proposed modification doesn’t
introduce any parameters, so it can be adapted to
any pretrained sentence encoders with ease.

7 Conclusion and Future Work

Motivated by the nature of prototypical networks
for intent detection meta-learning, in this paper,
we empirically compare some modern popular sen-
tence encoders on multiple intent detection bench-
marks, observing non-trivially strong performance
with better cross-dataset generalization capability
than the fine-tuned sentence encoders. Inspired
by our follow-up analysis, we propose a simple
modification that has consistently and substantially
brought performance gain over all systems: adding
the intent label names into the support set. This
strategy not only improves over the performance
from general-purpose sentence encoding, but also
the state-of-the-art results from the fine-tuned Pro-
tAugment framework.

One limitation of our study for now is that the
sentence representation in use is mostly based on
BERT variants. It could be technically interest-
ing to experiment with models pre-trained in a
sequence-to-sequence fashion (Lewis et al., 2020;
Raffel et al., 2020), which might have better cap-
tured semantic paraphrase representations via de-
noising or other training objectives.
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A Appendix

Extended Analysis for Label Semantics Since
we add label names as additional support examples,
the embedding space of sentences does not change
in general sentence embedding based methods. For
meta-learning based methods, we can take label
names as support examples only in the meta-testing
phase, or leverage them in both meta-training and
meta-testing stages. The latter will change the em-
bedding space. As shown in Table A.1, we find
that adding label names at both stages generally
yields slightly better performance than only using
it during meta-testing.

To further validate the effectiveness of using la-
bel names, we sample fifty 5-way 1-shot episodes
from five classes in Liu57 dataset. We visualize
the query instances and prototype representations
in the same embedding space. As shown in Fig-
ure A.1, in the 1-shot setting, the prototypes of
the same class spread out and it is difficult to dis-
tinguish them from other classes. This indicates
that the model struggles to extract the crucial in-
formation relevant to the intent class due to the
limited information contained in one support exam-
ple. However, adding label names helps centralize
the prototypes of the same class and separate them
away from those of other classes. This suggests that
label names may be regarded as high-quality free
examples which could help distinguish different
classes.

Implementation Details We use Euclidean dis-
tance as the distance metric in ProtoNet for all
sentence encoders, except for SP-paraphrase, in
which cosine distance leads to much better perfor-
mance. For meta-learning based methods, we use
RoBERTa-base from Huggingface (Wolf et al.,
2020) as the encoder. For the optimizer, we use
Adam (Kingma and Ba, 2015) with a learning rate
of 2e-5. We set the batch size to 32 and train the
model for 10,000 episodes. We use the validation
split to evaluate the model every 600 episodes and
select the checkpoint with the best performance.
The ProtAugment model has 123M parameters and
the training lasts around one hour on four Tesla
V100 GPUs.
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Method Banking77 HWU64 Liu57 Clinic150

K=1 K=5 K=1 K=5 K=1 K=5 K=1 K=5

L†-ProtoNet+MLM 93.86±0.44 96.21±0.48 89.81±0.96 93.99±0.96 91.09±2.15 95.28±0.74 97.64±0.27 98.93±0.19

L†-ProtAugment 94.05±0.54 96.45±0.44 90.79±0.88 94.11±0.72 92.21±1.32 95.49±0.55 98.15 ±0.24 99.17±0.22

L-ProtoNet+MLM 94.00±0.66 95.97±0.58 91.30±1.72 94.09±0.43 92.00±1.42 95.26±0.67 98.36±0.22 99.08±0.21

L-ProtAugment 93.42±1.42 96.11±0.75 91.73±1.23 94.15±0.58 92.79±1.28 95.34±0.88 98.43±0.17 99.19±0.22

Table A.1: Performance comparison under the 5-way K-shot settings. L represents leveraging label names in
both meta-training and meta-testing stages. L† represents using label names during meta-testing only. The better
performance between L† and L is underlined.
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Figure A.1: T-SNE visualization of prototypes and query instances for SBERT-paraphrase and L-SBERT-paraphrase.
We randomly select five classes from the Liu57 dataset for exemplification.
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Abstract

Recent advances in self-supervised modeling
of text and images open new opportunities for
computational models of child language acqui-
sition, which is believed to rely heavily on
cross-modal signals. However, prior studies
have been limited by their reliance on vision
models trained on large image datasets anno-
tated with a pre-defined set of depicted object
categories. This is (a) not faithful to the infor-
mation children receive and (b) prohibits the
evaluation of such models with respect to cat-
egory learning tasks, due to the pre-imposed
category structure. We address this gap, and
present a cognitively-inspired, multimodal ac-
quisition model, trained from image-caption
pairs on naturalistic data using cross-modal
self-supervision. We show that the model
learns word categories and object recognition
abilities, and presents trends reminiscent of
those reported in the developmental literature.
We make our code and trained models public
for future reference and use1.

1 Introduction

To date, the mechanisms underlying the efficiency
with which infants learn to speak and understand
natural language remain an open research question.
Research suggests that children leverage contex-
tual, inter-personal and non-linguistic information.
Visual input is a case in point: when spoken to,
infants visually perceive their environment, and
paired with the input speech, the visual environ-
ment could help bootstrap linguistic knowledge
(Tomasello et al., 1996). Unlike social cues, visual
input has a natural physical representation, in the
form of pixel maps or videos.

Previous multimodal language acquisition stud-
ies either considered toy scenarios with small vo-
cabularies (Roy and Pentland, 2002; Frank et al.,
2007), or used visual encoders that were pretrained

1github.com/SLAB-NLP/multimodal_clustering

Figure 1: Model overview. Given an image-caption
pair (left), both the visual (top) and textual encoder
(bottom) generate a binary vector indicative of the clus-
ters associated with the current input. The text/visual
model predicts a probability vector over clusters per
word/image. Vectors are mapped to a binary space
using thresholding. The modality-specific vectors pro-
vide mutual supervision during training (right).

on large labeled data bases such as ImageNet (Deng
et al., 2009) or Visual Genome (Krishna et al.,
2017). This has two drawbacks: first, systematic
access to labeled data is a cognitively implausible
assumption in a language acquisition setting; sec-
ond, imposing a pre-defined categorization system
precludes studying categories that emerge when
learning from unlabeled multimodal data. This
type of setting more closely resembles the data un-
derlying early language learning at a time when the
child has only acquired little conceptual informa-
tion. Although the subject of much psycholinguis-
tic work, the computational study of multimodal
word categories, formed without recourse to man-
ual supervision has been scarcely addressed in pre-
vious work.

We present a model that learns categories as clus-
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Model parameters token (img, capt) train time

BERT 110M 3300M – 64 TPU days
word2vec 1B 100B – 60 CPU days
CLIP 63M – 400M 10K GPU days
Ours 3M 3M 280K 4 GPU days
Children – 13K/day – –

Table 1: Comparing the size, training data and
training time of popular self-supervised models
(BERTbase, word2vec (300d, google-news) and CLIP
with ResNet50X64) against our model (Ours, bold) and
typical child input (Children; Gilkerson et al., 2017).
For the multimodal models (CLIP and Ours) we only
mention the size of the text encoder.

ters of words from large-scale, naturalistic multi-
modal data without any pre-training. Given (im-
age, caption)-pairs as input, the model is trained to
cluster words and images in a shared, latent space,
where each cluster pertains to a semantic category.
In a self-supervised setup, a neural image classifier
and a co-occurrence based word clustering module
provide mutual supervision through joint training
with an expectation-maximization (EM) style algo-
rithm. Figure 1 illustrates our model.

Our input representation is cognitively plausible
in that we use raw image data (pixels), and train
our model on a comparatively small data set (Ta-
ble 1). However, we follow previous work (Kádár
et al., 2015; Nikolaus and Fourtassi, 2021) in us-
ing written and word-segmented text input. Young
infants do not have access to such structure, and
this assumption therefore deviates from cognitive
plausibility (but opens avenues for future work).

We show that semantic and visual knowledge
emerges when training on the self-supervised cate-
gorization task. In a zero-shot setup, we evaluate
our model on (1) word concreteness prediction as a
proxy for noun identification, one of the first cues
for syntax in infant language acquisition (Fisher
et al., 1994); (2) visual classification and object
segmentation. We also study the emerging latent
word clusters and show that words are clustered
syntagmatically (De Saussure, 1916): words repre-
senting entities that are likely to occur together are
more likely clustered together (e.g., dog-bark), than
words that share taxonomic categories (e.g., dog-
cat). This concurs with findings that young children
acquire syntagmatic categories more readily than
taxonomic categories (Sloutsky et al., 2017).

2 Background and Related Work

We briefly review previous studies of unimodal
learning without pretraining (for both text and vi-
sion) and multimodal learning (studied mainly in
acquisition implausible settings) to highlight the
gap that this work addresses.

Unimodal Learning. Self-supervised learning
without pre-training has been extensively studied,
but predominantly in a unimodal scenario or un-
der cognitively implausible assumptions. For the
text modality, large language models have been de-
veloped in recent years (e.g., BERT; Devlin et al.,
2019), trained on large unlabeled text corpora (Ta-
ble 1). A more cognitively motivated model is
BabyBERTa (Huebner et al., 2021), a smaller ver-
sion of RoBERTa (Liu et al., 2019) (also) trained
on transcribed child directed speech. In the visual
domain, self-supervision is typically implemented
as contrastive learning, training the model to align
corrupted images with their original counterparts
(Chen et al., 2020a), with subsequent fine-tuning.

Multimodal Language Learning. Early language
acquisition studies (Roy and Pentland, 2002) con-
sidered toy scenarios with small vocabularies and
used heuristics for image processing. Silberer and
Lapata (2014) model multi-modal human catego-
rization using human-annotated feature vectors as
input for a multimodal self-supervised autoencoder,
while we learn the features from raw images.

Unlike our work, recent work on cross-modal
language learning (Kádár et al., 2015; Chrupała
et al., 2017; Ororbia et al., 2019; Nikolaus and Four-
tassi, 2021) typically use Convolutional Neural Net-
works, pre-trained on large labeled data bases like
ImageNet (Deng et al., 2009), or alternatively (e.g.,
Lu et al., 2019; Chen et al., 2020b) use object detec-
tors pre-trained on Visual Genome (Krishna et al.,
2017) as the visual model.

Few studies assume no prior knowledge of the
grounded modality. Most related to our study is
CLIP (Radford et al., 2021), a pre-trained off-the-
shelf model trained to project matching images and
captions to similar vectors. CLIP assumes a multi-
modal joint space which is continuous, unlike our
binary space. Liu et al. (2021) use CLIP pretrained
encoders to learn cross-modal representations with
a similar training objective as ours. They discretize
the output of the encoders by mapping it to the clos-
est vector from a finite set of learned vectors, which
can be viewed as a form of categorization. CLIP-
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based works are trained to match entire sentences
to images and have no explicit representation of
words and phrases. We therefore view it as a cogni-
tively less plausible setting than is presented in the
current study. Nevertheless, we include CLIP as a
point of comparison when applicable.

3 Model

Our goal is to learn the meaning of words and
raw images through mutual supervision by map-
ping both modalities to a joint representation. In-
tuitively, given a visual input paired with relevant
text (approximating a typical learning scenario),
the output for each of the modalities is a binary
vector in {0, 1}N , with non-zero dimensions indi-
cating the clusters2 to which the input is assigned
and N is the total number of clusters (a predefined
hyper-parameter). The clusters are unknown a pri-
ori and are formed during training. The goal is to
assign matching text and image to the same clus-
ters. In order to minimize assumptions on innate
knowledge or pre-imposed categories available to
the language learner, and enable the study of emerg-
ing categories from large-scale multi-modal input
data, we deliberately avoid any pre-training of our
models.

3.1 Visual Encoder

The visual encoder (Figure 1, top) is a randomly
initialized ResNet50 (He et al., 2016), without pre-
training. We set the output size of the network toN
(the number of clusters) and add an element-wise
sigmoid layer.3 To produce the binary output and
predict the clusters given an input image, we apply
a hyper-parameter threshold θv to the output of the
sigmoid layer.

3.2 Text Encoder

The text encoder (Figure 1, bottom) is a sim-
ple probabilistic model based on word-cluster co-
occurrence, which is intuitively interpretable and
makes minimal structural assumptions. Given a
sentence, the model assigns each word to at most
one cluster. The sentence is assigned to the union
of the clusters to which the words in it are assigned.

2We use the term clusters for the output of models and
the term categories for ground truth classification of elements
(e.g., human defined categories).

3This is a multi-label categorization task (i.e., an image
can be assigned to multiple clusters): Cluster assignments do
not compete with one another, which is why we chose sigmoid
over softmax.

Formally, given a sentence s=(w1, w2, ..., wn)
of words wi, and an assignment of the words
to clusters f :{w1, ..., wn}→{1, ..., N} ∪ {∅}, the
clusters to which the sentence is assigned are:{
c|if ∃wi s.t. f(wi)=c

}N
c=1

. When assigning
words to clusters, we make two simplifying as-
sumptions: (1) the probability that a word is as-
signed to a specific cluster is independent of the
linguistic context, meaning that we assign to clus-
ters on the type- rather than the token level (a rea-
sonable assumption given that children learn single
words first); (2) a single word cannot be assigned
to more than one cluster, but it might be assigned
to no cluster at all if it does not have a visual corre-
spondent in the image (e.g., function words). Under
these assumptions, the encoder estimates P (c|w)
for each c ∈ {1, . . . , N} and for each w ∈ V ,
where V is the vocabulary. If the probability of
assigning a given word in a sentence to any of the
clusters exceeds a hyper-parameter threshold θt, it
is assigned to the cluster with the highest proba-
bility, otherwise it is not assigned to any cluster.
Formally:

f(w) =





argmax
c∈[N ]

P (c|w) if max
c∈[N ]

P (c|w) ≥ θt

∅ else

In the next step, we define the word-cluster associa-
tions P (c|w). We estimate these using Bayes Rule,

P (c|w) = P (w|c)P (c)
P (w)

(1)

P (w|c) is defined as the fraction of all predictions
of cluster c from the visual encoder, in which w oc-
curred in the corresponding caption. We instantiate
the prior cluster probability P (c) as uniform over
all clusters.4

Finally, for a given word w, we estimate
P (w)=

∑N
i=1 P (ci)P (w|ci). Intuitively, we ex-

pect that a concrete word would repeatedly occur
with similar visual features (of the object described
by that word), therefore repeatedly co-occurring
with the same cluster and receiving a high assign-
ment probability with that cluster, whereas abstract
words would co-occur with multiple clusters, there-
fore not being assigned to any cluster.

4We also tried instantiating P (c) as the empirical cluster
distribution as predicted by the visual encoder. However,
the noisy initial predictions lead to a positive feedback loop
leading to most clusters being unused.
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4 Training

At each training step, the model observes a batch of
(image, caption)-pairs. We first perform inference
with both encoders, and then use the results of each
encoder’s inference to supervise the other encoder.

Text Encoder. Given the list of clusters predicted
by the visual encoder and a tokenized caption
s={w1, ..., wn}, for each wi∈s and for each clus-
ter cj predicted by the visual encoder, we increment
count(cj) and count(wi, cj). These are needed to
compute the probabilities in equation (1).

Visual Encoder. For each input image and corre-
sponding cluster vector predicted by the text en-
coder, we use binary cross entropy loss comparing
the output of the sigmoid layer with the predicted
cluster vector and use Backpropagation to update
the parameters of the ResNet model.

5 Experiments

We trained our model on the 2014 split of
MSCOCO (Lin et al., 2014), a dataset of natu-
ralistic images with one or more corresponding
captions, where each image is labeled with a list
of object classes it depicts. MSCOCO has 80 ob-
ject classes, 123K images and 616K captions (split
into 67% train, 33% test). We filtered out images
that did not contain any labeled objects, and images
that contained objects with a multi-token label (e.g.,
“fire hydrant”).5 After filtering, we are left with 65
ground-truth classes. The filtered training (test)
set contains 56K (27K) images and 279K (137K)
captions. We set apart 20% of the training set for
hyper-parameter tuning.

We trained our model with a batch size of 50
until we observed no improvement in the F-score
measure from Section 5.1 (40 epochs). Training
took 4 days on a single GM204GL GPU. We used
N=150 clusters, θt=0.08, and θv=0.5. The visual
threshold θv was first set heuristically to 0.5 to
avoid degenerate solutions (images being assigned
to all or no clusters initially). Then, N and θt
were determined in a grid search, optimizing the
F-score measure from Section 5.1. We used spaCy
(Honnibal and Montani, 2017) for tokenization.

5This was enforced because multi-token labels do not nec-
essarily map to a single cluster, rendering the evaluation more
difficult. We plan to address this gap in future work.

5.1 Semantic Word Categorization

Background. Semantic word categorization is the
clustering of words based on their semantic fea-
tures. Psycholinguistic studies have shown that
children use semantic word categories to solve lin-
guistic tasks by the end of the second year of life
(e.g., Styles and Plunkett, 2009). There is a long
established fundamental distinction between syn-
tagmatic (words that are likely to co-occur in the
same context) and paradigmatic relations (words
that can substitute one another in a context with-
out affecting its grammaticality or acceptability)
(De Saussure, 1916). Each relation type invokes a
different type of word categories (syntagmatic rela-
tions invoke syntagmatic categories, or associative
categories; paradigmatic relation invoke taxonomic
categories). Despite an acknowledgement that in-
fants, unlike adults, categorize based on syntag-
matic criteria more readily than on paradigmatic cri-
teria (“The Syntagmatic-Paradigmatic shift”; Ervin,
1961), and empirical evidence that syntagmatic cat-
egories might be more important for word learning
than taxonomic categories (Sloutsky et al., 2017),
computational categorization studies and datasets
predominantly focused only on taxonomic hierar-
chies (Silberer and Lapata, 2014; Frermann and
Lapata, 2016).

Setting. Our model’s induced clusters are created
by using the text encoder to predict, for each word,
the most likely cluster.

We evaluated induced clusters against a taxo-
nomic and a syntagmatic reference data set. First,
we followed Silberer and Lapata (2014), used the
categorization dataset from Fountain and Lapata
(2010), and transformed the dataset into hard cat-
egories by assigning each noun to its most typical
category as extrapolated from human typicality rat-
ings. The resulting dataset contains 516 words
grouped into 41 taxononmic categories. We fil-
tered the dataset to contain only words that occur
in the MSCOCO training set and in the word2vec
(Mikolov et al., 2013) dictionary, obtaining the final
dataset with 444 words grouped into 41 categories.

In order to quantify the syntagmatic nature of the
induced clusters, we used a large dataset of human
word associations, the "Small World of Words"
(SWOW, De Deyne et al., 2019). SWOW was com-
piled by presenting a cue word to human partici-
pants and requesting them to respond with the first
three words that came to mind. The association
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strength of a pair of words (w1, w2) is determined
by the number of participants who responded with
w2 to cue word w1. Prior work has shown that
word associations are to a large extent driven by
syntagmatic relations (Santos et al., 2011).

Comparison with other models. We compare
against several word embedding models,6 where
for each model we first induce embeddings, which
we then cluster into K=41 clusters (the number of
taxonomic gold classes) using K-Means. We com-
pare against a text-only variant of our model7 by
creating a co-occurrence matrixC whereCi,j is the
number of captions in which tokens i, j in the vo-
cabulary co-occur. The normalized rows of C are
the vector embeddings of words in the vocabulary.
We compare against off-the-shelf word2vec and
BERTBASE embeddings. For BERT, given a word
w, we feed an artificial context (“this is a w”) and
take the embedding of the first subword of w. We
also include the multi-modal CLIP, using prompts
as suggested in the original paper (“a photo of a
w”).8 Finally, we include a randomized baseline,
which assigns each word at random to one of 41
clusters. Implementation details can be found in
Appendix A.1.

Taxonomic categorization. We use the F-score
metric following Silberer and Lapata (2014). The F-
value of a (gold class, cluster)-pair is the harmonic
mean of precision and recall defined as the size
of intersection divided by the number of items in
the cluster and the number of items in the class,
respectively. The F-score of a class is the maximum
F-value attained at any cluster, and the F-score of
the entire clustering is the size-weighted sum of
F-scores of all classes. We report performance over
five random restarts for all models.

Results are presented in Table 2. The text-only
baseline improves results over a random categoriza-
tion algorithm. Our multi-modal model grounded
in visual input improves over its unimodal vari-
ant. Our model is competitive with BERT and is
surpassed by word2vec and CLIP. However, con-
sidering the small model and training data we used
(see Table 1), our results are competitive.

6We omit Silberer and Lapata (2014) since we were unable
to obtain their model.

7It was not clear how to design co-occurrence based vision-
only baselines, as images do not naturally factorize into con-
cepts/regions, unlike text which is divided into words.

8We also tried BERT and CLIP feeding as input the target
word only. Results for CLIP slightly decreased, while results
for BERT decreased significantly.

Model F-Score

Random 0.15 ± 0.0032
Text-only 0.26 ± 0.0098
Word2vec 0.40 ± 0.0172
BERTBASE 0.33 ± 0.011
CLIP 0.38 ± 0.0142
Ours 0.33 ± 0.0109

Table 2: Taxonomic categorization results, comparing
a random baseline (top) against text-only (center) and
multi-modal models (bottom), as mean F-score and std
over 5 runs. Word2vec (bold) achieves the highest
score.

Model MAS

Taxonomic 5.72
Random 4.23 ± 1.88
Text-only 5.47 ± 0.25
Word2Vec 6.65 ± 0.16
BERTBASE 5.75 ± 0.23
CLIP 7.08 ± 0.41
Ours 7.45 ± 0.33

Table 3: Sytagmatic categorization results on the same
models as in Table 2, reporting mean association
strength (MAS) of pairs of clustered concepts in the
SWOW dataset, over 5 random initializations. Taxo-
nomic refers to the taxonomic gold categories. Our
model (bold) achieves the highest score.

Syntagmatic categorization. We quantify the syn-
tagmatic nature of a clustering by the mean asso-
ciation strength (MAS) of pairs of words in the
SWOW dataset, where association strength of a
pair of words (w1, w2) is again number of partic-
ipants who responded with w2 to cue word w1.
MAS is computed across all word pairs from the
taxonomic dataset in which both words were as-
signed the same cluster by this clustering solution.

Results are presented in Table 3. The multimodal
models (ours and CLIP) outperform all unimodal
models, an indication of the impact of multimodal-
ity on category learning: multimodal word learn-
ing shifts the learner towards syntagmatic relations
more significantly than unimodal word learning.
To our knowledge, this is the first computational
result to support this hypothesis, shown empiri-
cally in human studies with infants (Elbers and van
Loon-Vervoorn, 1999; Mikolajczak-Matyja, 2015).

Qualitative analysis. Table 4 shows four of the

3823



Ours 1 skis; axe; sled; parka; sleigh; pants;
gloves

Ours 2 sailboat; canoe; swan; raft; boat; yacht;
duck; willow; ship; drum

Ours 3 train; bullet; subway; tack; bridge; trol-
ley

Ours 4 bedroom; rocker; drapes; bed; dresser;
sofa; couch; piano; curtains; cushion; lamp;
chair; fan; bureau; stool; cabin; book

W2V cluster avocado, walnut, pineapple,
grapefruit, coconut, olive, lime, lemon

Table 4: Four clusters induced by our model (Ours 1,
2, 3, 4), sorted by P (c|w), and one cluster induced
by word2vec. Our clusters are syntagmatic, while the
W2V cluster is taxonomic. Words highlighted by the
same color belong to the same taxonomic category.

clusters created by our model and one cluster cre-
ated by word2vec for the taxonomic categorization
dataset.9 The clusters formed by our algorithm
are syntagmatic, associating words frequently ob-
served together (e.g., tokens in cluster 1 are related
to snow activity, while cluster 2 broadly relates to
water). The cluster formed by word2vec embed-
dings is taxonomic (all tokens are food products).
Our results provide initial evidence that syntag-
matic clusters emerge from an unsupervised train-
ing algorithm drawing on simple joint clustering of
words and images.

5.2 Concreteness Estimation

Background. Fisher et al. (1994) suggest that the
number of nouns in a sentence is among the ear-
liest syntactic cues that children pick up. Conse-
quently, noun identification is assumed to be one
of the first syntactic tasks learned by infants. We
approximate noun identification as concreteness
estimation, since words representing concrete enti-
ties are mostly nouns.10 Chang and Bergen (2021)
show that while children acquire concrete words
first, neural text-based models show no such effect,
suggesting that multimodality impacts the learning
process.

9See appendix for the full list of clusters of all clustering
algorithms.

10For example, in the concreteness dataset built by Brys-
baert et al. (2013), in which human annotators rated the con-
creteness of words on a scale of 1 to 5, 85.6% of the words
with an average concreteness rating above 4 are nouns.

Setting. We evaluate concreteness estimation us-
ing the dataset by Brysbaert et al. (2013), which
contains concreteness ratings for 40K English
words averaged over multiple human annotated
ratings on a scale of 1 to 5. We estimate the con-
creteness of a word as the maximum probability
with which it was assigned to any cluster. For eval-
uation, we follow Charbonnier and Wartena (2019)
and compute the Pearson correlation coefficient of
our predictions with the ground-truth values. In
addition, we investigate the impact of word fre-
quency on our model’s predictions by evaluating
the model on subsets of words in the Brysbaert data
of increasing minimum frequency in MSCOCO.

Comparison with other models. First, we com-
pare against supervised SVM regression mod-
els, which have shown strong performance on the
Brysbaert data in prior work (Charbonnier and
Wartena, 2019). Following their work, we use two
feature configurations: (1) POS tags + suffixes,
(2) POS tags + suffixes + pre-trained FastText em-
beddings (Joulin et al., 2017). We train the SVMs
on the full Brysbaert data.

Second, we compare with a minimally super-
vised text-only model. As in Sec 5.1, we create
word vector representations from co-occurrence
counts. Next, following prior work (Turney et al.,
2011), we select concrete (abstract) representative
words by taking the 20 words with the highest (low-
est) concreteness value in the Brysbaert data that
occur more than 10 times in the MSCOCO training
set. We predict a word’s concreteness by comput-
ing its average cosine similarity to the concrete
representative words minus the average of its co-
sine similarity to the abstract representative words.

Results. Figure 2 presents the results in terms of
Pearson correlation when evaluated on words of
varying minimum frequency in MSCOCO. When
considering frequent tokens only, our model pre-
dicts word concreteness with an accuracy higher
than the SVM with POS and suffix features, al-
though additional embedding features improve
SVM performance further. Note that the super-
vised baseline was trained on the full data set, and
hence evaluated on a subset of its training set. Our
multimodal model performs better than its text-
only variant for tokens that occur at least 100 times,
even though the text-only model has received some
supervision (by selecting the representative words).
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Figure 2: Pearson correlation between predicted word
concreteness and gold standard human ratings, evalu-
ated over test sets with increasing minimum frequency
in the MSCOCO data. Results are averaged across 5
random initializations (std was consistently < 0.03).

5.3 Visual Multi-Label Classification

In addition to linguistic knowledge, infants acquire
visual semantic knowledge with little explicit super-
vision, i.e., they learn to segment and classify ob-
jects. To test whether our model also acquires such
knowledge we evaluated it on the multi-label clas-
sification task: For each image in the MSCOCO
test set, predict the classes of objects in the image.

In a zero-shot setting, we mapped the induced
clusters to predicted lists of MSCOCO classes as
follows. We first provided the name of each class to
our model as text input and retrieved the assigned
cluster, thus obtaining a (one-to-many) cluster-to-
classes mapping. Now, for each test image, we used
the visual encoder to predict the assigned cluster(s).
The predicted set of MSCOCO classes is the union
of the lists of classes to which the predicted clusters
are mapped.

Comparison with CLIP. We compare our results
against CLIP. To ensure comparability with our
model we use CLIP with ResNet50. We use CLIP
as a point of comparison to provide perspective on
the capabilities of our model despite differences in
modeling and assumptions. However, we note two
caveats regarding this comparison. First, CLIP was
trained on a much larger training set and has more
parameters than our model (see Table 1). Second,
CLIP has only been used for single- (not multi-)
label classification, by inferring encodings of both
input images and prompts representing the ground-
truth classes (e.g., “a photo of a bus” for the ground
truth class bus) and assigning the image to the class

Model Precision Recall F-Score

Ours 0.43 ± 0.04 0.21 ± 0.02 0.28 ± 0.01

CLIP 0.52 0.39 0.45

Table 5: Visual multi-label classification results on the
MSCOCO data for our model and CLIP in terms of pre-
cision, recall and F1 score. We report mean (std) over
5 random initializations for our model. CLIP experi-
ments are deterministic (we use the pretrained model
directly, unlike Sec 5.1 where we used KMeans on top
of CLIP).

with highest cosine similarity to its encoding. We
adapt CLIP to a multi-label setting as follows: In-
stead of assigning the image to the class with the
highest cosine similarity, we take into account the
cosine similarity with all classes for each image.
We consider a class as predicted if its cosine simi-
larity exceeds a threshold, tuned on the MSCOCO
training split.

Results. Table 5 presents the results. As expected,
CLIP outperforms our model. However, our model
achieves impressive results considering its simplic-
ity, its size, and that CLIP is the current state-of
the-art in self-supervised vision and language learn-
ing. Training a CLIP model of comparable size and
exposed to similar training data as our model is be-
yond the scope of this paper, but an interesting
direction for future work.

5.4 Object Localization

Another important task performed by infants is vi-
sual object localization. To test our model’s ability
to reliably localize objects in images we use Class
Activation Maps (CAM) described by Zhou et al.
(2016). Each CAM indicates how important each
pixel was during classification for a specific cluster.

Quantitative analysis. Most previous studies
of zero-shot segmentation (Bucher et al., 2019)
trained on a subset of “seen” classes, and evalu-
ated on both seen and unseen classes. We use a
more challenging setup previously referred to as
annotation-free segmentation (Zhou et al., 2021),
where we evaluate our model without any train-
ing for the segmentation task. We use MSCOCO’s
ground-truth bounding boxes, which are human
annotated and mark objects in the image, for evalu-
ation. Following the original CAM paper, we use a
heuristic method to predict bounding boxes: Given
a CAM, we segment the pixels of which the value is
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Model Precision Recall F-Score
Ours 0.178 ± 0.01 0.025 ± 0.004 0.044 ± 0.006
Rand 0.027 ± 0.001 0.027 ± 0.001 0.027 ± 0.001

Table 6: Mean F-score and standard deviation across
5 random initializations on bounding box prediction.
Our model (Ours) improves precision (bold) over ran-
dom (Rand) significantly while achieving similar recall
(might improve by tuning the visual threshold).

above 50% of the max value of the CAM and take
the bounding box that covers the largest connected
component in the segmentation map.

We use precision and recall for evaluation. A
pair of bounding boxes is considered a match if
the intersection over union (IoU) of the pair ex-
ceeds 0.5. Given lists of predicted and ground-truth
bounding boxes, we consider each matched pair as
a true positive and a prediction (ground-truth) for
which no matching ground-truth (prediction) was
found as a false positive (negative). We compare
our model to a random baseline: Sample k random
bounding boxes (where k is the number of ground-
truth bounding boxes in the current image). This
baseline uses the number of ground-truth bounding
boxes in each image (our model is not exposed to
this information).

The results are presented in Table 6. Our
model is significantly more precise than the ran-
dom baseline, but achieves similar recall: the entire
MSCOCO test split contains a total of 164,750
bounding boxes, while our model predicted 38,237
bounding boxes. This problem could be addressed
by lowering the visual threshold. We leave this
direction for future research.

Qualitative analysis. Fig. 3 shows a selection of
CAMs, plotted as heatmaps and associated with
class predictions (see Sec. 5.3). The heatmaps ex-
tracted by the model were better when the model
predicted a correct class in the visual classification
task (top six images and bottom left image in Fig
3). In the bottom two images two clusters were pre-
dicted for the same original image, one correct and
one incorrect (with an, unsurprisigly, meaningless
heatmap).

6 Discussion and Conclusion

We proposed a model for unsupervised multimodal
lagnguage acquisition, trained to jointly cluster text
and images. Many of our design choices were
guided by findings from cognitive studies of in-
fant language acquisition: The joint learning of

Figure 3: Examples of heatmaps of CAM values.
Above each image we print the class predicted by the
model.

multiple modalities; learning word-level seman-
tics (e.g., Fisher et al., 1994, suggest that children
first learn to identify nouns and use this informa-
tion to learn sentence-level semantics); and cross-
situational learning (counting how many times each
word co-occurred with each cluster, see Gleitman,
1990). After training, our model demonstrates capa-
bilities typical of infant language acquisition: Word
concreteness prediction and identification and seg-
mentation of objects in a visual scene.

However, we do not stipulate that infants begin
their acquisition of language by clustering words.
It would be interesting to design experiments to
test this hypothesis, e.g., by connecting our work
with laboratory work on joint word and category
learning (Borovsky and Elman, 2006), or work on
the emergence of syntagmatic vs. taxonomic cate-
gories in young children (Sloutsky et al., 2017).

While our model is cognitively more plausible
compared to previous studies, the gap from a realis-
tic setting of language acquisition is still large: (1)
we assume the language input is segmented into
words; (2) the input data, while naturalistic, is not
typical of infants at the stage of language acquisi-
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tion; (3) the input only includes the visual and tex-
tual modality, but not, e.g., pragmatic cues like ges-
ture; and (4) the model learns in a non-interactive
setting, whereas physical and social interactions
are considered crucial for language learning, and
learns (and is evaluated) in a batch fashion while
human learning is typically incremental (Frermann
and Lapata, 2016).

In the semantic word categorization and con-
creteness prediction experiments, we compared our
multimodal model to unimodal text-only baselines,
which we chose to be as similar as possible to our
model. The results suggest that multimodality im-
proves performance on both text tasks. However,
it is unclear which specific information is encoded
in the visual modality that benefits these text tasks.
We leave this question for future research.

Syntagmatic categories, although highly intu-
itive in the context of human memory, were not the
subject of many previous computational studies.
We propose to further investigate this type of cat-
egories and its use. One interesting direction is to
combine syntagmatic categories with interactivity:
Given a relevant signal from the environment the
model can cycle through concepts in the syntag-
matic category triggered by the signal, speeding up
the extraction of relevant concepts in real time. One
possible application of this direction is modelling
the construction of ad-hoc categories, described by
Barsalou (1983).

While all experiments are conducted in English,
our setting supports future work on other languages.
The small training set and the nature of the data
(image-sentence pairs that might be, to some extent,
collected from the Internet) allow our model to
be extended to low-resource languages, while the
minimal structural assumptions of the text encoder
may imply some degree of language-agnosticity.

In future work, we plan to improve the cognitive
plausibility of our model by (1) incorporating typ-
ical input observed by children (by using videos
taken in real scenes of child language acquisition,
see Sullivan et al., 2021); and (2) changing the
setting to an interactive one, where the model is
transformed into a goal-driven agent that uses in-
teractivity to learn and produce language.
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A Appendix

A.1 Implementation details
A.1.1 Training
For the visual encoder, we used the ResNet50 im-
plementation from the torchvision package with
ADAM optimizer and a learning rate of 10−4.
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A.1.2 Semantic Word Categorization
For clustering of word embeddings, we use the K-
Means implementation in scikit-learn. We use the
word2vec google-news-300 model from the gensim
package, the BERTBASE model from the transform-
ers library and CLIP’s official implementation.

A.1.3 Concreteness Estimation

Supervised model. For the implementation of the
supervised model described by (Charbonnier and
Wartena, 2019) we used 3 feature types. For POS
tag, we used the WordNet module from the NLTK
package to find, for each word, the number of
synsets in each of the 4 possible POS tags (NOUN,
VERB, ADJ, ADV), and the induced feature vector
was the normalized count vector. In case no synsets
were found the induced feature vector was all zeros.
For suffixes, we collected the 200 most frequent
suffixes of length 1 to 4 characters in the training
set, and the induced feature vector was a 200-d
binary vector indicating, for each suffix, if it oc-
curs in the current word. For word embeddings, we
used the fastText wiki-news-300d-1M model. The
final feature vector is the concatenation of all the
selected feature vectors: POS+suffix for the first
model (resulting a 204-d feature vector for each
word), and POS+suffix+embedding for the second
model (resulting a 504-d feature vector for each
word).

Text-only baseline. The 20 concrete representa-
tive words were sand, seagull, snake, snowsuit,
spaghetti, stairs, strawberry, tiger, tomato, tooth-
brush, tractor, tree, turtle, umbrella, vase, water,
comb, tire, firetruck, tv.

The 20 abstract representative words were would,
if, though, because, somewhat, enough, as, could,
how, yet, normal, ago, so, very, the, really, then,
abstract, a, an.

A.1.4 Object Localization
To extract Class Activation Mappings, we used the
CAM module from the torchcam package.

A.2 Cluster lists

Following is a list of clusters created by different
clustering algorithm, in a specific execution.

A.2.1 Our model
Words are sorted by P (c|w).

Cluster 1: doorknob, canary

Cluster 2: trombone, leotards, trumpet, projector,
cello, harmonica, guitar
Cluster 3: train, bullet, subway, tack, bridge, trol-
ley
Cluster 4: bus, ambulance, inn, taxi, level
Cluster 5: elephant, bear, giraffe, paintbrush, rock,
fence, chain
Cluster 6: machete, porcupine, hornet, banana,
gorilla, apple, turtle, turnip, peach, stick
Cluster 7: veil, shawl
Cluster 8: ashtray, mushroom, cheese, spinach,
olive, tomato, shrimp, rice, pie, chicken, potato,
broccoli, plate, pan, pepper, asparagus, skillet, peas,
onions, tuna, salmon, cranberry, lettuce, beans,
spatula, ladle, dish, crab, corn, cucumber, tray, wal-
nut, plum, box, lobster, cherry, table, shell
Cluster 9: church, clock, skyscraper, chapel, build-
ing, brick, stone, flea
Cluster 10: airplane, helicopter, pier, gate
Cluster 11: bedroom, rocker, drapes, bed, dresser,
sofa, couch, piano, curtains, cushion, lamp, chair,
fan, bureau, stool, cabin, book
Cluster 12: skis, axe, sled, parka, sleigh, pants,
gloves
Cluster 13: dishwasher, kettle, toaster, freezer,
stove, microscope, microwave, oven, fridge, cup-
board, mixer, blender, plug, mittens, grater, pot,
apron, cabinet, tape, apartment
Cluster 14: missile, jet, bomb, rocket, drill
Cluster 15: bouquet, thimble, umbrella, accordion,
cake, scissors, wrench, jar, pliers, candle, penguin,
frog, doll, bottle, shield, pig, card
Cluster 16: zucchini, beets, cabbage, celery,
cauliflower, wheelbarrow, parsley, tongs, shelves
Cluster 17: grapefruit, tangerine, colander, clamp,
snail, cantaloupe, pineapple, grape, pear, lemon,
eggplant, mandarin, garlic, nectarine, basket,
corkscrew, pyramid, pumpkin, bin, sack, lime, cork,
orange
Cluster 18: octopus, kite, crocodile, squid, bal-
loon, butterfly, whale
Cluster 19: surfboard, swimsuit, board, rope
Cluster 20: hose, hut
Cluster 21: skateboard, pipe, saxophone, helmet,
escalator, barrel, broom
Cluster 22: shotgun, seal, dolphin, car, hoe, ham-
ster, wheel, house
Cluster 23: sailboat, canoe, swan, raft, boat, yacht,
duck, willow, ship, drum
Cluster 24: tortoise, dog, cat, tiger, cheetah
Cluster 25: hyena
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Cluster 26: buckle, mug, ruler, envelope, bag, belt,
cup, camel, pencil, spider, cart, saucer, closet, tri-
pod, carpet
Cluster 27: crowbar, bathtub, toilet, drain, sink,
faucet, marble, mirror, basement, tank, bucket,
door, razor, mat
Cluster 28: toad, mouse, keyboard, key, desk, type-
writer, stereo, rat, bookcase, telephone, anchor, ra-
dio
Cluster 29: buzzard, chickadee, finch, wood-
pecker, grasshopper, worm, sparrow, blackbird, vul-
ture, parakeet, bluejay, hawk, robin, dagger, perch,
falcon, stork, peacock, pelican, owl, crow, pigeon,
seagull, flamingo, eagle, vine, birch, beaver, pheas-
ant, raven, goose, squirrel, seaweed, ant, emu, dove,
cage, crown, shovel
Cluster 30: horse, racquet, saddle, pony, buggy,
bat, football, wagon, sword, donkey, ball, fox
Cluster 31: beetle
Cluster 32: zebra, ostrich, elk, deer, lion, pen, pin,
rifle, bolts
Cluster 33: bracelet, fawn, slippers, socks, shoes,
tap, boots, strainer, jeans, ring
Cluster 34: whistle, cathedral, wand, thermometer,
peg, hook, goldfish, lantern, wall, urn, caterpillar,
chandelier, robe, leopard
Cluster 35: motorcycle, bike, tractor, truck, trailer,
tricycle, scooter, jeep, limousine, garage, van, tent,
crane
Cluster 36: baton, revolver, violin, tie, bow, cock-
roach, elevator, mink, necklace, blouse, trousers,
vest, scarf, skirt, gun, gown, dress, shirt, sweater,
bra, cap, jacket, coat, cape
Cluster 37: bench, cannon
Cluster 38: unicycle, groundhog
Cluster 39: pistol, buffalo
Cluster 40: clam, pickle, raisin, raspberry, napkin,
submarine, fork, coconut, strawberry, bread, spoon,
blueberry, radish, knife, biscuit, cloak, spear, whip,
avocado, carrot, cottage, turkey, bowl
Cluster 41: lamb, sheep, raccoon, cow, goat,
rooster, calf, ox, hatchet, bull, moose, bison, barn,
rabbit, shed, shack
Cluster 42: screwdriver, pajamas, comb, hammer,
brush, alligator

A.2.2 word2vec
Cluster 1: leopard, hyena, crocodile, canary, lion
Cluster 2: lobster, tuna, clam, octopus, whale,
squid, shrimp, seaweed, salmon, crab, dolphin
Cluster 3: mat, cage

Cluster 4: lantern, chandelier, candle, tripod, pro-
jector, lamp
Cluster 5: sailboat, submarine, raft, yacht, canoe,
boat, pier, ship
Cluster 6: avocado, walnut, pineapple, grapefruit,
coconut, olive, lime, lemon
Cluster 7: mittens, doll, slippers, pajamas, neck-
lace, socks
Cluster 8: rock, cottage, tent, gate, house,
brick, pyramid, rocker, door, bluejay, shed, bench,
skyscraper, bolts, hut, mirror, key, building, bar-
rel, tape, inn, apartment, cabinet, book, marble,
drum, shack, umbrella, crane, bureau, garage, shell,
basement, fan, cathedral, fence, chapel, stone, drill,
telephone, comb, radio, shield, church, anchor, mi-
croscope, clock, level, board, football, chain, cabin,
wall, barn, bridge
Cluster 9: elk, bison, pheasant, beaver, deer,
moose, goose
Cluster 10: pig, cow, sheep, goat, ostrich, emu,
calf, buffalo, bull
Cluster 11: elevator, train, whistle, limousine, es-
calator, subway, bus, taxi, trolley
Cluster 12: groundhog, parakeet, fawn, tortoise,
goldfish, porcupine, fox, cheetah, gorilla, flea, rab-
bit, mink, peacock, rooster, mouse, duck, turtle,
squirrel, dog, bear, alligator, rat, raccoon, cat,
flamingo, tiger, hamster, penguin
Cluster 13: razor, pliers, scissors, crowbar, knife,
screwdriver, machete
Cluster 14: keyboard, violin, trumpet, piano, saxo-
phone, guitar, cello, accordion, trombone, harmon-
ica
Cluster 15: rocket, helicopter, jet, bomb, missile,
ambulance, airplane
Cluster 16: jeans, leotards, boots, blouse, skirt,
bracelet, shirt, swimsuit, shoes, trousers, dress,
pants, sweater, bra
Cluster 17: cauliflower, spinach, cabbage, broc-
coli, peas, garlic, radish, lettuce, eggplant, cucum-
ber, onions, zucchini, parsley, celery, beans, aspara-
gus, beets
Cluster 18: sofa, drapes, typewriter, napkin, toi-
let, chair, bathtub, bedroom, bed, doorknob, stool,
desk, carpet, table, dresser, couch, stereo, curtains
Cluster 19: strainer, colander
Cluster 20: kite, balloon, willow
Cluster 21: corn, pickle, bread, turkey, biscuit,
dish, cheese, cake, lamb, pepper, pie, rice, chicken
Cluster 22: frog, spider, toad, ant, worm, cock-
roach, snail, butterfly, beetle, hornet, grasshopper,
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caterpillar
Cluster 23: cannon, bullet, gun, pistol, rifle, re-
volver, shotgun
Cluster 24: bag, kettle, mug, envelope, sack, urn,
basket, cup, pot, box, card, plate, jar, bucket, bou-
quet, bin, ashtray, tray, bottle
Cluster 25: bowl, spatula, spoon, blender, ladle,
grater, tongs, pan, mixer, saucer
Cluster 26: sleigh, trailer, buggy, wheelbarrow,
van, wagon, tractor, truck, cart, jeep
Cluster 27: plum, cherry, birch, cork
Cluster 28: finch, falcon, pigeon, hawk, pelican,
raven, seagull, stork, buzzard, vulture, chickadee,
sparrow, robin, crow, owl, woodpecker, blackbird,
eagle, swan
Cluster 29: racquet, bike, skateboard, skis, unicy-
cle, sled, scooter, motorcycle, helmet, surfboard,
wheel, saddle, tricycle, car
Cluster 30: sword, ruler, dagger, spear, baton
Cluster 31: bookcase, shelves, closet, fridge, cup-
board
Cluster 32: thermometer, microwave, dishwasher,
toaster, skillet, stove, oven, freezer
Cluster 33: vest, coat, jacket, parka, gloves
Cluster 34: plug, thimble, tap, seal, dove, sink,
drain
Cluster 35: shawl, scarf, cap, cloak, veil, gown,
cape, robe, wand, apron
Cluster 36: hammer, broom, shovel, pencil,
hatchet, brush, paintbrush, hoe, wrench, bat, pen
Cluster 37: clamp
Cluster 38: pumpkin, vine, grape, raspberry, car-
rot, mandarin, strawberry, pear, banana, apple,
turnip, nectarine, cantaloupe, orange, mushroom,
peach, cranberry, tomato, tangerine, raisin, blue-
berry, potato
Cluster 39: faucet, tank, pipe, hose
Cluster 40: donkey, ox, pony, horse, camel, ele-
phant, zebra, giraffe
Cluster 41: bow, belt, tie, stick, buckle, cushion,
hook, peg, perch, ring, tack, pin, ball, corkscrew,
fork, whip, rope, crown

A.2.3 BERT
Cluster 1: crane, vulture, finch, pigeon, owl, spar-
row, snail, octopus, bat, lobster, crab, mushroom,
shrimp, shell, squid, perch, hornet, spider, worm,
butterfly, turtle, toad
Cluster 2: anchor, tack, bow, raft, doll, tray, knife,
jet, airplane, canoe, car, helicopter, boat, ship, nap-
kin, book, board, card, desk, chair, bed, sword,
bomb, dagger, spear, rope, bag, pencil

Cluster 3: pheasant, woodpecker, parakeet, ostrich,
caterpillar
Cluster 4: stork, fawn, hatchet, hyena, raccoon,
grasshopper
Cluster 5: pliers, toaster, mittens, strainer, blender,
freezer, saucer
Cluster 6: crow, eagle, raven, hawk, dove, pig,
sheep, fox, dog, cat, peacock, camel, bear, ele-
phant, deer, buffalo, rabbit, dolphin, frog, cow, elk,
lion, moose, donkey, beaver, squirrel, rat, mouse,
salmon, goat, calf, whale, leopard, bison, horse,
bull, crocodile
Cluster 7: hook, tape, pipe, pyramid, mat, chain,
drill, balloon, ball, kite, cap, ring, belt, umbrella,
bin, bucket, barrel, basket, bench, gate, wheel, plug,
key, stereo, mixer, baton, envelope
Cluster 8: scooter, sleigh, shawl, sled
Cluster 9: raisin, raspberry, beets
Cluster 10: birch, grape, pear, plum, apple, cherry,
orange, tomato, peach, lemon, peas, beans, pepper,
carrot, lime, rice, potato, olive, garlic, corn, walnut,
strawberry, cheese, coconut, mandarin, cabbage,
banana, vine, willow, onions
Cluster 11: pelican, chickadee, porcupine, cucum-
ber, cockroach, tortoise
Cluster 12: trailer, hose, saddle, tractor, ambu-
lance, wagon, taxi, bus, submarine, subway, train,
elevator, limousine, bike, trolley, motorcycle, jeep,
truck, yacht, tank, sofa, rocket, missile, cart, helmet
Cluster 13: skillet, ladle
Cluster 14: level, building, bridge, pier, house,
cabin, shield, lantern, marble, sink, apartment, hut,
basement, wall, cottage, box, rock, door, table,
cage, fence, brick, lamp, telephone, drain, shed,
garage, stone, skyscraper, barn, church, cathedral,
chapel
Cluster 15: buggy
Cluster 16: revolver, rifle, pistol, shotgun, cannon,
gun, bullet
Cluster 17: seagull, sailboat, seaweed
Cluster 18: urn
Cluster 19: wheelbarrow, doorknob
Cluster 20: ruler, shovel, stove, keyboard, micro-
scope, colander, cupboard, bowl, dish, skis, tie,
pie, bread, cake, toilet, stool, cushion, mirror, tap,
cabinet, carpet, fork, comb, apron
Cluster 21: skateboard, surfboard, swimsuit
Cluster 22: bluejay, blackbird, nectarine, grape-
fruit, tangerine, eggplant, asparagus, cauliflower,
pineapple, cranberry, blueberry, goldfish, ground-
hog, mink, broccoli
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Cluster 23: flamingo, hoe, racquet, parka
Cluster 24: violin, accordion, piano, cello, guitar,
trombone, harmonica, trumpet, saxophone
Cluster 25: chandelier
Cluster 26: buzzard
Cluster 27: hamster
Cluster 28: gown, robe, bra, scarf, sweater, shirt,
jacket, skirt, coat, dress, necklace, bouquet, blouse
Cluster 29: parsley, biscuit, celery
Cluster 30: goose, duck, falcon, rooster, canary,
turkey, swan, gorilla, penguin, tiger, zebra, fan, pa-
jamas, pants, jeans, van, pumpkin, tuna, chicken,
rocker, lamb, ox, pony, ant, flea, beetle, cape, alli-
gator
Cluster 31: thermometer
Cluster 32: machete
Cluster 33: cheetah, giraffe
Cluster 34: wrench, corkscrew, screwdriver, esca-
lator, tongs
Cluster 35: thimble, tricycle, unicycle, tripod
Cluster 36: avocado, lettuce
Cluster 37: robin, hammer, pin, pen, bolts, scis-
sors, brush, microwave, fridge, oven, drum, bed-
room, curtains, peg, football, wand, mug, pot,
shoes, trousers, vest, cloak, socks, boots, tent, inn,
gloves, razor, bracelet, crown, buckle, shack, bot-
tle, sack, plate, broom, candle, cork, dresser, couch,
bureau, seal, whip, cup, clock, radio, closet, jar,
shelves, kettle, pan, stick, spoon, veil, whistle
Cluster 38: crowbar, emu, clam, drapes, zucchini,
radish, turnip, clamp, projector, bookcase, spatula,
grater, spinach, pickle
Cluster 39: paintbrush, typewriter
Cluster 40: cantaloupe, leotards
Cluster 41: dishwasher, faucet, slippers, ashtray,
bathtub

A.2.4 CLIP
Cluster 1: mittens, doll, rabbit, mouse, squirrel,
rat, cat, hamster
Cluster 2: plug, lantern, kettle, mug, thimble, urn,
cup, candle, pot, blender, jar, book, bucket, toaster,
bin, bottle, cage, lamp
Cluster 3: mirror, ashtray, table, tray, mat
Cluster 4: chandelier, bracelet, basket, unicycle,
bolts, cap, barrel, tape, drum, umbrella, shell, neck-
lace, stool, bouquet, ring, fan, tack, drill, tele-
phone, wheel, saddle, microscope, clock, whip,
chain, rope, crown, hose
Cluster 5: bow, broom, shovel, spatula, spoon,
ladle, tongs, crowbar, spear, fork

Cluster 6: keyboard, typewriter, raft, piano, esca-
lator, comb, sink, drain, accordion
Cluster 7: pumpkin, bread, biscuit, worm, carrot,
cheese, orange, tangerine
Cluster 8: trailer, rocker, bike, gun, box, train,
motorcycle, projector, van, tractor, radio, bus, truck,
mixer, taxi, tank, car, ambulance, jeep
Cluster 9: jeans, leotards, bag, blouse, skirt, sack,
tie, shirt, swimsuit, trousers, pajamas, socks, dress,
carpet, veil, gown, pants, sweater, curtains, apron
Cluster 10: peacock, raven, robin, crow, blackbird
Cluster 11: elk, fawn, bison, cheetah, leopard,
deer, emu, hyena, moose, zebra, giraffe
Cluster 12: donkey, ox, cow, pony, horse, camel,
sheep, goat, lamb, calf, buffalo, bull
Cluster 13: thermometer, bullet, stick, tripod, pen-
cil, ruler, peg, brush, paintbrush, hoe, pin, screw-
driver, baton, wand, pen
Cluster 14: pepper, beans
Cluster 15: racquet, skateboard, skis, scooter,
doorknob, surfboard, guitar, board
Cluster 16: plum, vine, grape, raspberry, cherry,
olive, cranberry, raisin, blueberry
Cluster 17: pig, groundhog, porcupine, fox, seal,
gorilla, beaver, whale, dog, bear, elephant, raccoon,
salmon, lion, tiger
Cluster 18: violin, trumpet, saxophone, cello,
trombone, harmonica
Cluster 19: parakeet, bluejay, finch, mink, dove,
perch, birch, canary, bat, chickadee, sparrow, wood-
pecker
Cluster 20: sleigh, cannon, buggy, sled, canoe,
wheelbarrow, limousine, wagon, tricycle, cart, trol-
ley
Cluster 21: shed, elevator, garage, basement, barn
Cluster 22: avocado, walnut, pineapple, grapefruit,
coconut, marble, strawberry, pear, apple, lime, nec-
tarine, cantaloupe, peach, willow, tomato, lemon,
potato
Cluster 23: crane, ostrich, pelican, stork, flamingo
Cluster 24: rock, boots, brick, slippers, shoes, hel-
met, stone, ball, bomb, balloon, football, bra
Cluster 25: flea
Cluster 26: radish, turnip, parsley, beets
Cluster 27: bookcase, shelves, cabinet, bureau,
closet, desk, dresser, fridge, freezer, stereo, cup-
board
Cluster 28: cottage, tent, house, pyramid, door,
skyscraper, card, hut, bedroom, building, inn, apart-
ment, shack, cathedral, chapel, church, level, cabin,
wall
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Cluster 29: lobster, spider, octopus, ant, squid,
shrimp, cockroach, beetle, hornet, crab, grasshop-
per
Cluster 30: tuna, tortoise, frog, goldfish, toad,
clam, turtle, mandarin, snail, butterfly, alligator,
crocodile, mushroom, dolphin
Cluster 31: sailboat, submarine, yacht, boat,
rocket, helicopter, jet, missile, ship, airplane
Cluster 32: envelope, bowl, napkin, toilet, bathtub,
microwave, plate, dishwasher, dish, cake, skillet,
stove, pan, shield, pie, oven, rice, saucer
Cluster 33: shawl, vest, scarf, coat, drapes, cloak,
jacket, parka, cape, robe
Cluster 34: hammer, belt, razor, sword, pliers, tap,
key, hatchet, buckle, hook, whistle, pistol, rifle, re-
volver, kite, faucet, clamp, scissors, wrench, gloves,
dagger, knife, anchor, corkscrew, shotgun, machete,
pipe, cork
Cluster 35: cauliflower, cabbage, garlic, onions
Cluster 36: turkey, pheasant, falcon, pigeon, hawk,
rooster, duck, seagull, buzzard, vulture, chicken,
owl, goose, eagle, penguin, swan
Cluster 37: gate, pier, fence, subway, bridge
Cluster 38: spinach, broccoli, lettuce, seaweed
Cluster 39: sofa, bench, chair, bed, cushion, couch
Cluster 40: corn, pickle, peas, eggplant, cucumber,
banana, zucchini, celery, asparagus, caterpillar
Cluster 41: strainer, grater, colander

A.2.5 Text-only
Cluster 1: saxophone, buckle, broom, shotgun,
hatchet
Cluster 2: grape, pepper, potato, lettuce
Cluster 3: pipe, racquet, skateboard, tricycle, skis,
barrel, board, helmet
Cluster 4: emu, mug, cup
Cluster 5: eagle, ostrich, thermometer, owl, ele-
phant, octopus, accordion, apple, orange, jet, air-
plane, apartment, umbrella, ox, escalator
Cluster 6: surfboard, pajamas, swimsuit
Cluster 7: falcon, crow, pigeon, bluejay, raven,
hawk, tack, snail, blackbird, mat, peg, tray, cloak,
submarine, limousine, belt, radish, lobster, biscuit,
coconut, turnip, napkin, stool, sofa, cushion, couch,
bench, table, squirrel, perch, seal, vine, pan, saucer,
envelope, carpet
Cluster 8: cantaloupe, zucchini, parsley, eggplant,
pineapple, beets, garlic, cranberry, mandarin, cel-
ery
Cluster 9: hammer, shovel, crowbar, screwdriver,
dolphin, drill, hose, bat, wand, rifle, sword, bomb,
cockroach, clamp, gun

Cluster 10: wrench, thimble, scissors, pliers, nec-
tarine, spear
Cluster 11: robin, level, pier, trailer, shield, tractor,
ambulance, taxi, bus, bike, trolley, car, motorcycle,
jeep, truck, inn, beetle, garage
Cluster 12: bolts
Cluster 13: flamingo, wheelbarrow, machete, por-
cupine, harmonica, hut, tuna, bin, goldfish, hyena,
ant, willow, bouquet, strainer, missile, tongs
Cluster 14: birch, vulture, finch, pin, pen, brush,
sheep, bear, deer, buffalo, zebra, elk, pyramid,
cabin, basement, cage, lamb, calf, bison, giraffe,
flea, grasshopper, barn
Cluster 15: pheasant, dove, ruler, paintbrush, fan,
chandelier, piano, drum, cherry, drapes, bedroom,
curtains, razor, peach, dresser, bureau, rocker, lamp,
radio, telephone, closet, bookcase, shelves, grater,
comb
Cluster 16: frog, keyboard, desk, mouse, key
Cluster 17: asparagus, cauliflower, lemon, peas,
beans, rice, corn, chicken, shrimp, cabbage,
salmon, broccoli
Cluster 18: goose, duck, seagull, woodpecker,
swan, anchor, fox, sparrow, moose, sailboat, boat,
ship, yacht, urn, gate, rocket, cannon, cathedral
Cluster 19: raccoon
Cluster 20: crane, rooster, stork, parakeet, peli-
can, hook, hoe, pig, cheetah, gorilla, dog, peacock,
camel, rabbit, penguin, cow, lion, donkey, fridge,
toaster, guitar, trombone, building, bridge, house,
chain, lantern, football, raft, scooter, balloon, ball,
kite, doll, robe, bra, scarf, socks, van, canoe, he-
licopter, tent, necklace, bracelet, ring, crown, car-
rot, banana, shack, wall, bottle, bucket, sack, tank,
box, basket, rock, door, book, card, candle, cork,
chair, bed, fence, brick, rat, goat, pony, whale, leop-
ard, bull, mink, spider, worm, tap, rope, wheel,
clock, projector, blender, tripod, drain, typewriter,
mixer, cart, jar, shed, bag, freezer, sled, stone, stick,
spatula, ladle, butterfly, alligator, turtle, skyscraper,
church
Cluster 21: ashtray
Cluster 22: revolver
Cluster 23: mittens, tomato, olive, mushroom,
cheese, crocodile, spinach, onions
Cluster 24: chapel
Cluster 25: clam
Cluster 26: baton
Cluster 27: canary, cat, fawn, tiger, shoes, slippers,
hamster, beaver, groundhog
Cluster 28: unicycle
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Cluster 29: subway, train, bullet
Cluster 30: turkey, violin, cello, bow, cap, gown,
trousers, parka, sweater, shirt, jacket, skirt, pants,
shawl, coat, vest, jeans, dress, boots, elevator,
gloves, tie, pistol, blouse, apron, veil, cape
Cluster 31: pear, raisin, cucumber, avocado, hor-
net, plug
Cluster 32: tape, grapefruit, tangerine, plum, rasp-
berry, microscope, colander, bowl, knife, dish,
pumpkin, crab, lime, pie, walnut, strawberry, bread,
cake, blueberry, cottage, plate, shell, squid, cater-
pillar, seaweed, whip, pencil, fork, spoon, pickle
Cluster 33: toad
Cluster 34: saddle, wagon, buggy, sleigh, horse
Cluster 35: corkscrew, microwave, stove, oven,
pot, stereo, skillet, kettle
Cluster 36: doorknob, marble, dishwasher, faucet,
cupboard, sink, toilet, mirror, bathtub, cabinet
Cluster 37: leotards
Cluster 38: buzzard, chickadee
Cluster 39: trumpet
Cluster 40: whistle
Cluster 41: dagger, tortoise

3835



Proceedings of the 2022 Conference of the North American Chapter of the Association for Computational Linguistics:
Human Language Technologies, pages 3836 - 3848

July 10-15, 2022 ©2022 Association for Computational Linguistics

Residue-Based Natural Language Adversarial Attack Detection

Vyas Raina
ALTA Institute, Cambridge University

vr313@cam.ac.uk

Mark Gales
ALTA Institute, Cambridge University

mjfg@cam.ac.uk

Abstract
Deep learning based systems are susceptible
to adversarial attacks, where a small, imper-
ceptible change at the input alters the model
prediction. However, to date the majority of
the approaches to detect these attacks have
been designed for image processing systems.
Many popular image adversarial detection ap-
proaches are able to identify adversarial exam-
ples from embedding feature spaces, whilst in
the NLP domain existing state of the art de-
tection approaches solely focus on input text
features, without consideration of model em-
bedding spaces. This work examines what dif-
ferences result when porting these image de-
signed strategies to Natural Language Process-
ing (NLP) tasks - these detectors are found to
not port over well. This is expected as NLP
systems have a very different form of input:
discrete and sequential in nature, rather than
the continuous and fixed size inputs for images.
As an equivalent model-focused NLP detection
approach, this work proposes a simple sentence-
embedding "residue" based detector to identify
adversarial examples. On many tasks, it out-
performs ported image domain detectors and
recent state of the art NLP specific detectors 1.

1 Introduction

In the last decade deep learning based models have
demonstrated success in a wide range of applica-
tion areas, including Natural Language Processing
(NLP) (Vaswani et al., 2017) and object recogni-
tion (He et al., 2015). These systems may be de-
ployed in mission critical situations, where there is
the requirement for a high level of robustness. How-
ever, Szegedy et al. (2014) demonstrated that deep
models have an inherent weakness: small perturba-
tions in the input can yield significant, undesired,
changes in the output from the model. These input
perturbations were termed adversarial examples
and their generation adversarial attacks.

1Code is available at: https://github.com/
rainavyas/NAACL-2022-Residue-Detector

Adversarial attacks have been developed for sys-
tems operating in various domains: image sys-
tems (Serban et al., 2020; Biggio and Roli, 2017;
Bhambri et al., 2019) and NLP systems (Lin et al.,
2014; Samanta and Mehta, 2017; Rosenberg et al.,
2017). The characteristics of the input can be
very different between these application domains.
Broadly, the nature of inputs can be described us-
ing two key attributes: static (fixed length) vs se-
quential and continuous vs discrete. Under this
categorisation, image inputs are continuous and
static, whilst NLP inputs are discrete and sequen-
tial. This work argues that due to the fundamental
differences in the input and resulting adversarial
perturbations in the different domains, adversarial
attack behaviour can vary significantly from one
domain to another. Hence, the extensive research
on exploring and understanding adversarial pertur-
bation behaviour in the continuous, static world of
image systems does not necessarily transfer well to
the NLP tasks.

For adversarial attack generation, a number of
specific NLP attacks have been proposed that are
designed for NLP task inputs (Lin et al., 2014;
Samanta and Mehta, 2017; Rosenberg et al., 2017;
Huang et al., 2018; Papernot et al., 2016; Grosse
et al., 2016; Sun et al., 2018; Cheng et al., 2018;
Blohm et al., 2018; Neekhara et al., 2018; Raina
et al., 2020; Jia and Liang, 2017; Minervini and
Riedel, 2018; Niu and Bansal, 2018; Ribeiro et al.,
2018; Iyyer et al., 2018; Zhao et al., 2017). How-
ever, there has been less research on developing
defence schemes. These defence strategies can be
split into two main groups: model modification,
where the model or data is altered at training time
(e.g. adversarial training (Yoo and Qi, 2021)) and
detection, where external systems or algorithms are
applied to trained models to identify adversarial at-
tacks. As model modification approaches demand
re-training of models, detection approaches are usu-
ally considered easier for implementation on de-
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ployed systems and thus are often preferred. Hence,
this work investigates the portability of popular de-
tection approaches designed for image systems to
NLP systems. Furthermore, this work introduces a
specific NLP detection approach that exploits the
discrete nature of the inputs for NLP systems. This
approach out-performs standard schemes designed
for image adversarial attack detection, as well as
other NLP detection schemes.

The proposed NLP specific detection approach
will be referred to as residue detection, as it is
shown that adversarial attacks in the discrete, word
sequence space result in easily detectable residual
components in the sentence embedding space. This
residue can be easily detected using a simple lin-
ear classifier operating in the encoder embedding
space. In addition, this work shows that even when
an adversary has knowledge of the linear residual
detector, they can only construct attacks at a frac-
tion of the original strength. Hence this work ar-
gues that realistic (word level, semantically similar)
adversarial perturbations at the natural language in-
put of NLP systems leave behind easily detectable
residue in the sentence embedding. Interestingly,
the residue detection approach is shown to perform
poorly when used to detect attacks in the image do-
main, supporting the hypothesis that the nature of
the input has an important influence on the design
of effective defence strategies.

2 Related Work

Previous work in the image domain has analysed
the output of specific layers in an attempt to iden-
tify adversarial examples or adversarial subspaces.
First, Feinman et al. (2017) proposed that adver-
sarial subspaces have a lower probability density,
motivating the use of the Kernel Density (KD) met-
ric to detect the adversarial examples. Nevertheless,
Ma et al. (2018) found Local Intrinsic Dimension-
ality (LID) was a better metric in defining the sub-
space for more complex data. In contrast to the
local subspace focused approaches of KD and LID,
Carrara et al. (2019b) showed that trajectories of
hidden layer features can be used to train a LSTM
network to accurately discriminate between authen-
tic and adversarial examples. Out performing all
previous methods, Lee et al. (2018) introduced an
effective detection framework using Mahalanobis
Distance Analysis (MDA), where the distance is
calculated between a test sample and the closest
class-conditional Gaussian distribution in the space

defined by the output of the final layer of the clas-
sifier (logit space). Li and Li (2016) also explored
using the output of convolutional layers for image
classification systems to identify statistics that dis-
tinguish adversarial samples from original samples.
They find that by performing a PCA decomposi-
tion the statistical variation in the least principal
directions is the most significant and can be used
to separate original and adversarial samples. How-
ever, they argue this is ineffective as an adversary
can easily suppress the tail distribution. Hence, Li
and Li (2016) extract statistics from the convolu-
tional layer output to train a cascade classifier to
separate the original and adversarial samples. Most
recently, Mao et al. (2019) avoid the use of artifi-
cially designed metrics and combine the adversarial
subspace identification stage and the detecting ad-
versaries stage into a single framework, where a
parametric model adaptively learns the deep fea-
tures for detecting adversaries.

In contrast to the embedding space detection
approaches, Cohen et al. (2019) shows that influ-
ence functions combined with Nearest Neighbour
distances perform comparably or better than the
above standard detection approaches. Other de-
tection approaches have explored the use of un-
certainty: Smith and Gal (2018) argues that ad-
versarial examples are out of distribution and do
not lie on the manifold of real data. Hence, a dis-
criminative Bayesian model’s epistemic (model)
uncertainty should be high. Therefore, calcula-
tions of the model uncertainty are thought to be
useful in detecting adversarial examples, indepen-
dent of the domain. However, Bayesian approaches
aren’t always practical in implementation and thus
many different approaches to approximate this un-
certainty have been suggested in literature (Leibig
et al., 2017; Gal, 2016; Gal and Ghahramani, 2016).

There are a number of existing NLP specific
detection approaches. For character level attacks,
detection approaches have exploited the grammat-
ical (Sakaguchi et al., 2017) and spelling (Mays
et al., 1991; Islam and Inkpen, 2009) inconsisten-
cies to identify and detect the adversarial samples.
However, these character level attacks are unlikely
to be employed in practice due to the simplicity
with which they can be detected. Therefore, detec-
tion approaches for the more difficult semantically
similar attack samples are of greater interest, where
the meaning of the textual input is maintained with-
out compromising the spelling or grammatical in-
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tegrity. To tackle such word-level, semantically
similar examples, Zhou et al. (2019) designed a
discriminator to classify each token representation
as part of an adversarial perturbation or not, which
is then used to ‘correct’ the perturbation. Other
detection approaches (Raina et al., 2020; Han et al.,
2020; Minervini and Riedel, 2018) have shown
some success in using perplexity to identify adver-
sarial textual examples. Most recently, Mozes et al.
(2020) achieved state of the art performance with
the Frequency Guided Word Substitution (FGWS)
detector, where a change in model prediction after
substituting out low frequency words is revealing
of adversarial samples.

3 Adversarial Attacks

An adversarial attack is defined as an imperceptible
change to the input that causes an undesired change
in the output of a system. Often, an attack is found
for a specific data point, x. Consider a classifierFθ̂,
with parameters θ̂, that predicts a class label for an
input data point, x, sampled from the input distri-
bution X . A successful adversarial attack is where
a perturbation δ at the input causes the system to
miss-classify,

Fθ̂(x+ δ) ̸= Fθ̂(x). (1)

When defining adversarial attacks, it is impor-
tant consider the interpretation of an imperceptible
change. Adversarial perturbations are not consid-
ered effective if they are easy to detect. Hence, the
size of the perturbation must be constrained:

G(x,x+ δ) ≤ ϵ, (2)

where the function G() describes the form of con-
straint and ϵ is a selected threshold of imperceptibil-
ity. Typically, when considering continuous space
inputs (such as images), a popular form of the con-
straint of Equation 2, is to limit the perturbation in
the lp norm, with p ∈ [1,∞), e.g. ||δ||p ≤ ϵ.

For whitebox attacks in the image domain, the
dominant attack approach has proven to be Pro-
jected Gradient Descent (PGD) (Kurakin et al.,
2016). The PGD approach, iteratively updates the
adversarial perturbation, δ, initialised as δ0 = 0.
Each iterative step moves the perturbation in the
direction that maximises the loss function, L, used
in the training of the model,

δi+1 = clipϵ(δi + α∇δiL(x+ δi; θ̂)), (3)

where α is an arbitrary step-size parameter and the
clipping function, clipϵ, ensures the impercepti-
bility constraint of Equation 2 is satisfied.

When considering the NLP domain, a sequen-
tial, discrete input of L words, can be explicitly
represented as,

x = w1:L = w1, w2, . . . , wL−1, wL, (4)

where, the discrete word tokens, w1:L, are often
mapped to a continuous, sequential word embed-
ding (Devlin et al., 2019) space,

h1:L = h1,h2, . . . ,hL−1,hL. (5)

Attacks must take place in the discrete text space,

x+ δ = w′1:L′ = w′1, w
′
2, . . . , w

′
L′−1, wL′ . (6)

This requires a change in the interpretation of the
perturbation δ. It is not simple to define an ap-
propriate function G() in Equation 2 for word se-
quences. Perturbations can be measured at a char-
acter or word level. Alternatively, the perturba-
tion could be measured in the vectorized embed-
ding space (Equation 5), using for example lp-norm
based (Goodfellow et al., 2015) metrics or cosine
similarity (Carrara et al., 2019a), which have been
used in the image domain. However, constraints in
the embedding space do not necessarily achieve im-
perceptibility in the original word sequence space.
The simplest approach is to use a variant of an edit-
based measurement (Li et al., 2018), Le(), which
counts the number of changes between the original
sequence, w1:L and the adversarial sequence w′1:L′ ,
where a change is a swap/addition/deletion, and
ensures it is smaller than a maximum number of
changes, N ,

Le(w1:L, w
′
1:L′) ≤ N. (7)

For the NLP adversarial attacks this work only
examines word-level attacks, as these are consid-
ered more difficult to detect than character-level
attacks. As an example, for an input sequence of L
words, a N -word substitution adversarial attack,
w′1:N , applied at word positions n1, n2, . . . , nN
gives the adversarial output, w′1:L′

w′1:L′ = w1, . . . , wn1−1, w
′
1, wn1+1, . . . ,

wnN−1, w
′
N , wnN+1, . . . , wL. (8)

The challenge is to select which words to replace,
and what to replace them with. A simple yet ef-
fective substitution attack approach that ensures a
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small change in the semantic content of a sentence
is to use saliency to rank the word positions, and to
use word synonyms for the substitutions (Ren et al.,
2019). This attack is termed Probability Weight
Word Saliency (PWWS). The highest ranking word
word can be swapped for a synonym from a pre-
selected list of given synonyms. The next most
highly ranked word is substituted in the same man-
ner and the process is repeated till the required N
words have been substituted.

The above approach is limited to attacking spe-
cific word sequences and so cannot easily be gener-
alised to universal attacks (Moosavi-Dezfooli et al.,
2016), where the same perturbation is used for
all inputs. For this situation, a simple solution
is concatenation (Wang and Bansal, 2018; Blohm
et al., 2018), where for example, the sameN -length
sequence of words is appended to each input se-
quence of words, as described in Raina et al. (2020).
Here,

w′1:L′ = w1, . . . , wL, w
′
1, . . . , w

′
N . (9)

In both the substitution attack (Equation 8) and
the concatenation attack (Equation 9), the size of
the attack can be measured using the number of
edits, Le(w1:L, w

′
1:L′) = N .

4 Adversarial Attack Detection

For a deployed system, the easiest approach to de-
fend against adversarial attacks is to use a detection
process to identify adversarial examples without
having to modify the existing system.

For the image domain Section 2 discusses many
of the standard detection approaches. In this work,
we select two distinct approaches that have been
generally successful: uncertainty (Smith and Gal,
2018), where adversarial samples are thought to
result in greater epistemic uncertainty and Maha-
lanobis Distance (Lee et al., 2018), where the Ma-
halanobis distance in the logit space is indicative of
how out of distribution a sample is (adversarial sam-
ples are considered more out of distribution). In the
NLP domain, when excluding trivial grammar and
spelling based detectors, perplexity based detectors
can be used (Raina et al., 2020). Many other NLP
specific detectors (Zhou et al., 2019; Han et al.,
2020; Minervini and Riedel, 2018) have been pro-
posed, but Mozes et al. (2020)’s FGWS detector
is considered the state of art and is thus selected
for comparison. Here low frequency words in an
input are substituted for higher frequency words

and the change in model prediction is measured
- adversarial samples are found to generally have
a greater change. This work introduces a further
NLP specific detector: residue detection, described
in detail in Section 4.1.

When considering any chosen detection mea-
sure Fd, a threshold β can be selected to decide
whether an input, w1:L, is adversarial or not, where
Fd(w1:L) > β, implies that w1:L is an adversarial
sample. To assess the success of the adversarial
attack detection processes, precision-recall curves
are used. For the binary classification task of iden-
tifying an input as adversarially attacked or not, at
a given threshold β, the precision and recall val-
ues can be computed as prec = TP/TP + FP and
rec = TP/TP + FN, where TP, FP and FN are
the standard true-positive, false-positive and false-
negative definitions. A single point summary of
precision-recall curves is given with the F1 score.

4.1 Residue Detection
In this work we introduce a new NLP detection
approach, residue detection, that aims to exploit
the nature of the NLP input space, discrete and
sequential. Here we make two hypotheses:

1. Adversarial samples in an encoder embedding
space result in larger components (residue)
in central PCA eigenvector components than
original examples.

2. The residue is only significant (detectable) for
systems operating on discrete data (e.g. NLP
systems).

The rationale behind these hypotheses is discussed
next.

Deep learning models typically consist of many
layers of non-linear activation functions. For exam-
ple, in the NLP domain systems are usually based
on layers of the Transformer architecture (Vaswani
et al., 2017). The complete end-to-end model Fθ̂()
can be treated as a two stage process, with an ini-
tial set of layers forming the encoding stage, Fen()
and the remaining layers forming the output stage,
Fcl(), i.e. Fθ̂(x) = Fcl (Fen(x)).

If the encoding stage of the end-to-end classifier
is sufficiently powerful, then the embedding space
Fen(x) will have compressed the useful informa-
tion into very few dimensions, allowing the output
stage to easily separate the data points into classes
(for classification) or map the data points to a con-
tinuous value (for regression). A simple Principal
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Component Analysis (PCA) decomposition of this
embedding space can be used to visualize the level
of compression of the useful information. The PCA
directions can be found using the eigenvectors of
the covariance matrix, C, of the data in the en-
coder embedding space. If {qi}di=1, where d is the
dimension of the encoder embedding space, repre-
sent the eigenvectors of C ordered in descending
order by the associated eigenvalue in magnitude,
then it is expected that almost all useful information
is contained within the first few principal directions,
{qi}pi=1, where p ≪ d. Hence, the output stage,
Fcl() will implicitly use only these useful compo-
nents. The impact of a successful adversarial per-
turbation, Fen(x+ δ), is the significant change in
the components in the principal eigenvector direc-
tions {qi}pi=1, to allow fooling of the output stage.
Due to the complex nature of the encoding stage
and the out of distribution nature of the adversarial
perturbations, there are likely to be residual compo-
nents in the non-principal {qi}di=p+1 eigenvector
directions. These perturbations in the non-principal
directions are likely to be more significant for the
central eigenvectors, as the encoding stage is likely
to almost entirely compress out components in the
least principal eigenvector directions, {qi}di=d′+1,
where d′ ≈ d. Hence, {qi}d′i=p+1 can be viewed
as a subspace containing adversarial attack residue
that can be used to identify adversarial examples.

The existence of adversarial attack residue in
the central PCA eigenvector directions, {qi}d′i=p+1,
suggests that in the encoder embedding space,
Fen(x), adversarial and original examples are lin-
early separable. This motivates the use of a simple
linear classifier as an adversarial attack detector,

P (adv|x) = σ(WFen(x) + b), (10)

where W and b are the parameters of the linear
classifier to be learnt and σ is the sigmoid function.

The above argument cannot predict how signifi-
cant the residue in the central eigenvector space is
likely to be. For the discrete space NLP attacks, the
input perturbations are semantically small, whilst
for continuous space image attacks the perturba-
tions are explicitly small using a standard lp-norm.
Hence, it is hypothesised that NLP perturbations
cause larger errors to propagate through the system,
resulting in more significant residue in the encoder
embedding space than that for image attacks. Thus,
the residue technique is only likely to be a feasible
detection approach for discrete text attacks.

The hypotheses made in this section are analysed
and empirically verified in Section 5.3.

5 Experiments

5.1 Experimental Setup
Table 1 describes four NLP classification datasets:
IMDB (Maas et al., 2011); Twitter (Saravia et al.,
2018); AG News (Zhang et al., 2015) and DB-
pedia (Zhang et al., 2015). Further, a regression
dataset, Linguaskill-Business (L-Bus) (Chambers
and Ingham, 2011) is included. The L-Bus data is
from a multi-level prompt-response free speaking
test i.e. candidates from a range of proficiency lev-
els provide open responses to prompted questions.
Based on this audio input a system must predict a
score of 0-6 corresponding to the 6 CEFR (Council
of Europe, 2001) grades. This audio data was tran-
scribed using an Automatic Speech Recognition
system with an average word error rate of 19.5%.

Dataset #Train #Test #Classes

IMDB 25,000 25,000 2
Twitter 16,000 2000 6
AG News 120,000 7600 4
DBpedia 560,000 70,000 14
L-Bus 900 202 1

Table 1: NLP Datasets.

All NLP task models were based on the Trans-
former encoder architecture (Vaswani et al., 2017).
Table 2 indicates the specific architecture used for
each task and also summarises the classification
and regression performance for the different tasks.
For classification tasks, the performance is mea-
sured by top 1 accuracy, whilst for the regression
task (L-Bus), the performance is measured using
Pearson Correlation Coefficient (PCC).

Dataset Transformer Performance

IMDB BERT Acc: 93.8%
Twitter ELECTRA Acc: 93.3%
AG News BERT Acc: 94.5%
DBpedia ELECTRA Acc: 99.2%
L-Bus BERT PCC: 0.749

Table 2: Performance of models (BERT (Devlin et al.,
2018), ELECTRA (Clark et al., 2020)).

Table 3 shows the impact of realistic adversar-
ial attacks on the tasks: substitution (sub) attack
(Equation 8), which replaces the N most salient
tokens with a synonym defined by WordNet2, as

2https://wordnet.princeton.edu/
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dictated by the PWWS attack algorithm described
in Section 3; or a targeted universal concatenation
(con) attack (Equation 9), used for the regression
task on the L-Bus dataset, seeking to maximise the
average score output from the system by appending
the same N words to the end of each input. For
classification tasks, the impact of the adversarial at-
tack is measured using the fooling rate, the fraction
of originally correctly classified points, misclassi-
fied after the attack, whilst for the regression task,
the impact is measured as the average increase in
the output score.

Dataset Attack N Impact

IMDB sub 25 Fool: 0.70
Twitter sub 6 Fool: 0.77
AG News sub 40 Fool: 0.65
DBpedia sub 25 Fool: 0.52
L-Bus con 3 Score: +0.51

Table 3: Impact of different N -word adversarial attacks.

5.2 Results
Section 4.1 predicts that adversarial attacks in the
discrete text space leave residue in a system’s en-
coder embedding space that can be detected using
a simple linear classifier. Hence, using the 12-
layer Transformer encoder’s output CLS token em-
bedding as the encoder embedding space for each
dataset’s trained system (Table 2), a simple linear
classifier, as given in Equation 10, was trained 3

to detect adversarial examples from the adversarial
attacks given for each dataset in Table 3. The train-
ing of the detection linear classifier was performed
on the training data (Table 1) augmented with an
equivalent adversarial example for each original
input sample in the dataset. Using the test data
samples augmented with adversarial examples (as
defined by Table 3), Table 4 compares the efficacy
of the linear residue detector to other popular de-
tection strategies 4 (from Section 4) using the best
F1 score. It is evident from the high F-scores, that
for most NLP tasks the linear detection approach is
better than other state of the art NLP specific and
ported image detection approaches.

3lr=0.02, epochs=20, batch size=200, #769 parameters
4Detection Strategies: Mahalanobis Distance (MD) used

the same train-test split as the residue approach; Perplexity
(Perp) was calculated using the language model from Chen
et al. (2016); Uncertainty (Unc) used the best measure out
of mutual information, confidence, KL-divergence, expected
entropy and entropy of expected and reverse mutual informa-
tion; and FGWS was implemented using the code given at
https://github.com/maximilianmozes/fgws.

Dataset Res Perp FGWS MD Unc

IMDB 0.91 0.68 0.87 0.67 0.75
Twitter 0.84 0.67 0.76 0.67 0.78
AG News 0.95 0.69 0.89 0.68 0.75
DBpedia 0.80 0.67 0.82 0.68 0.90
L-Bus 0.99 0.68 0.91 n/a 0.81

Table 4: F1-score performance of detection approaches.

However, an adversary may have knowledge of
the detection approach and may attempt to design
an attack that directly avoids detection. Hence, for
each dataset, the attack approaches were repeated
with the added constraint that any attack words that
resulted in detection were rejected. The impact
of attacks that suppress detection have been pre-
sented in Table 5. Generally, it is shown across all
NLP tasks that an adversary that attempts to avoid
detection of its residue by a previously trained lin-
ear classifier, can only generate a significantly less
powerful adversarial attack.

Dataset Without With

IMDB 0.70 0.19
Twitter 0.77 0.23
AG News 0.65 0.16
DBpedia 0.52 0.14

L-Bus +0.51 +0.23

Table 5: Fooling rate (classification) or score (regres-
sion) with and without attack modified to avoid detec-
tion.

5.3 Analysis
The aim of this section is verify that the success of
the residue detector can be explained by the two
main hypotheses made in Section 4.1. The claim
that residue is left by adversarial samples in the
central PCA eigenvector components is explored
first. For each NLP task a PCA projection matrix
is learnt in the encoder embedding space using the
original training data samples (Table 1). Using
the test data, the residue in the embedding space
can be visualized through a plot of the average
(across the data) component, ρi = 1

J

∑J
j=1 ρi,j in

each eigenvector direction, qi of the original and
attacked data, where

ρi,j =
∣∣Fen(xj)Tqi

∣∣ , (11)

with xj being the jth data point. Figure 1 shows
an example plot for the Twitter dataset, where ρi is
plotted against the eigenvalue rank, i for the origi-
nal and attacked data examples. Residue plots for
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other datasets are included in Appendix A. Next,
it is necessary to verify that the residue detector
specifically uses the residue in the central eigen-
vector components to distinguish between original
and adversarial samples. To establish this, each en-
coder embedding, Fen(x)’s components not within
a target subspace of PCA eigenvector directions
{qi}p+wi=p , are removed, i.e. we have a projected em-
bedding, x(p) = Fen(x)−

∑
i/∈[p,p+w) q

T
i Fen(x)qi,

where w is a window size to choose. Now, us-
ing Fcl(x(p)) and a residue detector trained us-
ing the modified embeddings, x(p), the classifier’s
(Fcl(x(p))) accuracy and detector performance
(measured using F1 score) can be found. Figure 2
shows the performance of the classifier (Fcl(x(p)))
and the detector for different start components p,
with the window size, w = 5. It is clear that the
principal components hold the most important in-
formation for classifier accuracy, but, as hypothe-
sised in Section 4.1, it is the more central eigen-
vector components that hold the most information
useful for the residue detector, i.e. the subspace de-
fined by {qi}10i=5 holds the most detectable residue
from adversarial examples.

Figure 1: Encoder Embedding Space Residue Plot.

The second hypothesis in Section 4.1 claims that
the existence of residue in the central eigenvector
components is due to the discrete nature of NLP
adversarial attacks. Hence, to analyze the impact
of the discrete aspect of the attack, an artificial
continuous space attack was constructed for the
Twitter NLP system, where the continuous input
embedding layer space (Equation 5) of the system
is the space in which the attack is performed. Us-
ing the Twitter emotion classifier, a PGD (Equation
3) attack was performed on the input embeddings
for each token, where the perturbation size was

Figure 2: Performance of classifier and detector with
windowed projection of encoder embedding space.

limited to be ϵ = 0.1 in the l∞ norm, achieving a
fooling rate of 0.73. Note that this form of attack
is artificial, as a real adversary can only modify the
discrete word sequence (Equation 4). To compare
the influence of discrete and continuous attacks
on the same system, the average (across dataset)
l2 and l∞ norms of the perturbations in the input
layer embedding space were found. Further, a sin-
gle value summary, Nσ, of the residue plot (e.g.
Figure 1), was calculated for each attack. Nσ is the
average difference in standard deviations between
the original component mean, ρ(orig)

i and attack
mean, ρ(attack)

i ,

Nσ =
1

I

I∑

i=1

∣∣∣ρ(attack)
i − ρ(orig)

i

∣∣∣
√

Varj [ρ
(orig)
i,j ]

. (12)

Table 6 reports these metrics for the discrete and
artificial continuous NLP adversarial attacks on the
Twitter system 5. It is apparent that perturbation
sizes for the discrete attacks are significantly larger.
Moreover, Nσ is significantly smaller for the con-
tinuous space attack, indicating that the residue left
by continuous space adversarial attacks is smaller.

Attack Nσ l2 error l∞ error

Discrete 1.201 50.2±19.2 3.26±0.86

Continuous 0.676 5.35±3.95 0.08±0.03

Table 6: Comparison of token level discrete attack and
input embedding layer continuous PGD attack.

To explicitly observe the impact of the nature
of data on detectors, adversarial attacks are con-
sidered in four domains: the discrete, sequential

5Similar trends were found across all datasets (Table A.2)
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NLP input space (NLP-disc); the artificial con-
tinuous, sequential embedding space of an NLP
model (NLP-cont); the continuous, static image in-
put space (Img-cont) and a forced discretised, static
image input space (Img-disc). For the NLP-disc
and NLP-cont the same attacks as in Table 6 are
used. For the continuous image domain (Img-cont),
a VGG-16 architecture image classifier trained on
CIFAR-100 (Krizhevsky et al., 2009) image data
(achieving a top-5 accuracy of 90.1%) and attacked
using a standard l∞ PGD approach (Equation 3) is
used. For the discrete image domain (Img-disc),
the CIFAR-100 images, X ∈ ZR×R256 were discre-
tised using function Qq : ZR×R256 → ZR×Rq , where
Zq = {0, 1 256

q−1 , 2
255
q−1 , . . . , 255}. In this work 2-

bit quantization was used, i.e. q = 4. With this
quantization, a VGG-16 architecture was trained to
achieve 78.2% top-5 accuracy. To perform a dis-
crete space attack, a variant of the PWWS synonym
substitution attack (Section 3) was implemented,
where synonyms were interpreted as closest permit-
ted quantisation values and N pixel values were
substituted. For these different domains, Table 7
compares applicable detection approaches (certain
NLP detection approaches are not valid outside
the word sequence space) using the best F1 score,
where different attack perturbation sizes are consid-
ered (N substitutions for discrete attacks and for
continuous attacks |δ| ≤ ϵ for perturbation δ).

Domain Attack Res Unc MD

NLP-disc N=3 0.80 0.74 0.67
N=6 0.84 0.78 0.67

NLP-cont ϵ=0.1 0.67 0.71 0.68
ϵ=0.3 0.67 0.80 0.85

Img-disc N=200 0.78 0.67 0.70
N=400 0.84 0.68 0.72

Img-cont ϵ=12 0.68 0.70 0.72
ϵ=48 0.83 0.81 0.87

Table 7: Portability of detection approaches.

In the discrete domains, the residue detection
approach is better than all the other approaches.
However, in the continuous data type domains, the
Mahalanobis Distance dominates as the detection
approach, with the residue detection approach per-
forming the worst. As predicted by the second
hypothesis of Section 4.1, the lack of success of
the residue detection approach is expected here -
the residue detection approach is only successful
for discrete space attacks.

To verify that the residue detection approach is
agnostic to the type of attack, the residue detector
trained on substitution attack examples was evalu-
ated on concatenation attack examples. Using the
Twitter dataset, a N = 3 concatenation attack was
applied, achieving a fooling rate of 0.59. In this
setting, the residue detector (trained on the N = 6
substitution adversarial examples) achieved a F1

score of 0.81, which is comparable to the original
score of 0.84 (from Table 4). This shows that even
with different attack approaches similar forms of
residue are produced, meaning a residue detector
can be used even without knowledge of the type of
adversarial attack.

6 Conclusions

In recent years, deep learning systems have been
deployed for a large number of tasks, ranging from
the image to the natural language domain. How-
ever, small, imperceptible adversarial perturbations
at the input, have been found to easily fool these
systems, compromising their validity in high-stakes
applications. Defence strategies for deep learning
systems have been extensively researched, but this
research has been predominantly carried out for
systems operating in the image domain. As a result,
the adversarial detection strategies developed, are
inherently tuned to attacks on the continuous space
of images. This work shows that these detection
strategies do not necessarily transfer well to attacks
on natural language processing systems. Hence, an
adversarial attack detection approach is proposed
that specifically exploits the discrete nature of per-
turbations for attacks on discrete sequential inputs.

The proposed approach, termed residue detec-
tion, demonstrates that imperceptible attack pertur-
bations on natural language inputs tend to result
in large perturbations in word embedding spaces,
which result in distinctive residual components.
These residual components can be identified using
a simple linear classifier. This residue detection ap-
proach was found to out-perform both detection ap-
proaches ported from the image domain and other
state of the art NLP specific detectors.

The key finding in this work is that the nature
of the data (e.g. discrete or continuous) strongly
influences the success of detection systems and
hence it is important to consider the domain when
designing defence strategies.
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7 Limitations, Risks and Ethics

A limitation of the residue approach proposed in
this work is that it requires training on adversarial
examples, which is not necessary for other NLP de-
tectors. This means there is a greater computational
cost associated with this detector. Moreover, asso-
ciated with this limitation is a small risk, where in
process of generating creative adversarial examples
to build a robust residue detector, the attack gen-
eration scheme may be so strong that it can more
easily evade detection from other existing detectors
already deployed in industry. There are no further
ethical concerns related to this detector.
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Appendix A

Training Details
For each NLP dataset, pre-trained base (12-layer,
768-hidden dimension, 110M parameters) Trans-
former encoders 6 were fine-tuned during train-
ing. Table A.1 gives the training hyperparameters:
learning rate (lr), batch size (bs) and the number of
training epochs. In all training regimes an Adam
optimizer was used. With respect to hardware,
NVIDIA Volta GPU cores were used for training
all models.

Dataset Model lr bs epochs

IMDB BERT 1e-5 8 2
Twitter ELECTRA 1e-5 8 2
AG News BERT 1e-5 8 2
DBpedia ELECTRA 1e-5 8 2
L-Bus BERT 1e-6 16 5

Table A.1: Training Hyperparameters

Experiments
Figure A.1 presents the impact of adversarial at-
tacks of different perturbation sizes, N on each
NLP dataset. All classification datasets’ models
underwent saliency ranked, N -word substitution
attacks described in Equation 8, whilst the regres-
sion dataset, L-Bus, was subject to a N -word con-
catenation attack as in Equation 9. For the classi-
fication tasks the impact of the adversarial attacks
was measured using fooling rate, whilst for the L-
Bus dataset task, the average output score from the
system is given. Figure A.2 gives the encoder em-
bedding space PCA residue plots for all the datasets
not included in the main text.

Table A.2 compares the impact on error sizes
(using l2 and l∞ norms) and the residue plot met-
ric, Nσ for the original text space discrete attacks
and an artificial input embedding space continuous
attack. The purpose of this table is to present the
results for the datasets not included in the main text
in Table 6.

6https://huggingface.co/transformers/
pretrained_models.html
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(a) IMDB (b) Twitter (c) AG News

(d) DBpedia (e) L-Bus

Figure A.1: Adversarial Attack Impact against N -word attack.

Dataset Attack Nσ l2 error l∞ error

IMDB
Discrete 0.181 73.5±22.5 4.02±0.95
Continuous 0.111 6.73±3.98 0.09±0.03

Twitter
Discrete 1.201 50.2±19.2 3.26±0.86
Continuous 0.676 5.35±3.95 0.08±0.03

AG News
Discrete 0.642 67.9±28.1 3.35±0.95
Continuous 0.393 5.41±4.10 0.09±0.04

DBpedia
Discrete 1.355 57.4±18.6 3.29±0.88
Continuous 0.991 6.57±3.23 0.09±0.04

L-Bus
Discrete 0.201 94.6±30.1 5.91±1.12
Continuous 0.135 8.22±3.54 0.07±0.04

Table A.2: Comparison of token level discrete attack and input embedding layer continuous PGD attack.
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(a) IMDB (b) Twitter (c) AG News

(d) DBpedia (e) L-Bus (f) CIFAR-100

Figure A.2: Encoder Embedding space residue plot using PCA decomposition.
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Abstract

The ability to extract entities and their relations
from unstructured text is essential for the auto-
mated maintenance of large-scale knowledge
graphs. To keep a knowledge graph up-to-date,
an extractor needs not only the ability to recall
the triples it encountered during training, but
also the ability to extract the new triples from
the context that it has never seen before. In this
paper, we show that although existing extrac-
tion models are able to easily memorize and
recall already seen triples, they cannot general-
ize effectively for unseen triples. This alarming
observation was previously unknown due to the
composition of the test sets of the go-to bench-
mark datasets, which turns out to contain only
2% unseen data, rendering them incapable to
measure the generalization performance. To
separately measure the generalization perfor-
mance from the memorization performance, we
emphasize unseen data by rearranging datasets,
sifting out training instances, or augmenting
test sets. In addition to that, we present a
simple yet effective augmentation technique
to promote generalization of existing extraction
models, and experimentally confirm that the
proposed method can significantly increase the
generalization performance of existing models.

1 Introduction

Relational Triple Extraction (RTE), a more gener-
alized version of Relation Extraction, is the task of
extracting all relational triples in the form of (sub-
ject, relation, object) from a given sentence. The
ability to extract such triples is much required in the
construction and maintenance of knowledge graphs
such as Dbpedia (Auer et al., 2007), Freebase (Bol-
lacker et al., 2008), and Wikidata (Vrandečić and
Krötzsch, 2014) from documents containing a large
number of new and emerging information.

∗This work was done when Juhyuk Lee was with KAIST
as a student.

†Equal contribution.

With language model pretraining (Devlin et al.,
2019; Radford et al., 2019), RTE methods achieved
a new state-of-the-art (Wei et al., 2020; Wang et al.,
2020; Zheng et al., 2021). However, whether the
performance of these methods attributes to their
capabilities of recalling already seen data or their
ability to generalize and extract relations from un-
seen data is yet to be scrutinized.

To separately evaluate memorization and gen-
eralization, we categorize the triples in the test
set into three types: entirely seen (completely
overlaps with triples in their respective training
sets), partially seen (overlaps partially), and un-
seen (completely new). We analyze common RTE
benchmark datasets NYT (Riedel et al., 2010) and
WebNLG (Gardent et al., 2017) using these cate-
gories, and find that 89.61% and 91.10% of triples
in NYT and WebNLG test sets are of the entirely
seen type. This suggests that benchmark results on
these datasets are heavily biased towards recalling
seen data. Thus, more reliable systematic evalu-
ation methods are in need to test generalization
performance.

In this paper, we propose three natural strategies
for evaluating generalization performance from a
limited number of given partially seen and unseen
triples. For the first two strategies, we directly in-
crease the proportion of partially seen and unseen
triples in test sets by 1) rearranging their respec-
tive datasets or 2) sifting out instances in their re-
spective training sets that overlap with the test set,
rendering them unobserved. For the last strategy,
we 3) augment test sets by replacing entities in
each test instance with similar (and probably not
pre-observed) words in order to increase diversity
as well as the proportion of partially seen and un-
seen triples. In addition to evaluating recent RTE
methods with the above evaluation strategies, we
propose a simple yet effective augmentation tech-
nique called Entity Noising to help RTE methods
to generalize beyond training data.
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Triple type NYT WebNLG
Ori. Rearr. Sift-1 Sift-2 Sift-3 Aug. Ori. Rearr. Sift-1 Sift-2 Sift-3 Aug.

Entirely seen (%) 89.61 14.20 63.24 55.45 49.27 5.76 91.10 45.47 78.03 56.50 39.20 17.21
Partially seen (%) 8.64 66.72 31.56 38.09 43.19 46.33 7.47 34.20 17.05 30.86 37.40 36.17
Unseen (%) 1.75 19.08 5.20 6.46 7.54 47.91 1.43 20.33 4.92 12.63 23.40 46.62

Table 1: Triple type statistics of original test sets, rearranged, overlap sifted datasets, and augmented test sets.

Method F1 Entire Partial Unseen

N
Y

T CasRel 90.1 (89.0⋆) 93.8 64.6 45.4
TPLinker 92.4 (92.0†) 96.0 65.9 50.3
PRGC 89.1 (92.7†) 92.9 65.4 44.5

W
eb

N
L

G CasRel 88.3 (86.4⋆) 92.0 54.3 45.5
TPLinker 89.0 (86.7†) 92.6 62.6 56.0
PRGC 88.0 (88.5†) 92.1 56.2 34.5

Table 2: F1 and type F1 of recent RTE methods. Results
with † marks are from their papers. Results with ⋆ marks
are reported by Ren et al. (2021). Other results are our
reproductions using official implementations.

Our contributions are:

• We show for the first time that the current
benchmark datasets for relational triple ex-
traction exhibit significant entity pair overlap
between training and test data.

• We confirm that the current state-of-the-art
models trained on such datasets cannot gener-
alize well to unseen triples.

• We propose three evaluation strategies to eval-
uate RTE methods systematically, and show
that the proposed simple augmentation tech-
nique called Entity Noising can assist RTE
methods in generalizing to unseen data.

2 Fine-grained Re-evaluation of the
Current State-of-the-arts

In this section, we mainly scrutinize the generaliza-
tion capabilities of current Relational Triple Extrac-
tion (RTE) methods and show for the first time that
they indeed struggle in extracting relational triples
from the context for unseen cases.

2.1 Datasets and Evaluation Metrics

We use two well-known benchmark datasets
NYT (Riedel et al., 2010) and WebNLG (Gardent
et al., 2017) for evaluation, following Wang et al.
(2020) and Zheng et al. (2021). Also, predicted
triples are considered correct only if their whole
entity spans of both subject and object and their

relation are exactly matched with ground truth. We
report the standard micro F1 for the overall perfor-
mance.

To assess the memorization and generalization
performances separately, we also compute type F1
with three triple types: entirely seen, partially seen,
and unseen (Section 2.2). Type F1 is nothing but
F1 evaluated using instances which only consist of
a single triple type.

2.2 Triple Types

We describe three triple types - entirely seen, par-
tially seen, and unseen - in detail. For a set of
triples in the training set S = {(si, ri, oi)}ni=1, the
type of each triple (s, r, o) in the test set are de-
fined as follows. A triple (s, r, o) belongs to the
entirely seen type if (s, r, o) ∈ S. For partially
seen type, triples (s, r, o) which satisfy conditions
[(s, r, ·) ∈ S or (·, r, o) ∈ S] and (s, r, o) ̸∈ S
belong to it. Other triples belong to unseen type.

2.3 Detailed Evaluation with Triple Types

Using type F1, we show that the current state-of-
the-arts CasRel (Wei et al., 2020), TPLinker (Wang
et al., 2020), and PRGC (Zheng et al., 2021) are
only able to memorize and recall already seen
triples, and are unable to generalize effectively for
unseen triples (See Table 2). This observation was
previously unknown due to the overlaps between
training and test data of benchmark datasets NYT
and WebNLG.

Indeed, as shown in Table 1, 89.61% and 91.10%
of triples in NYT and WebNLG test sets com-
pletely overlap with triples in their respective train-
ing sets (such triples are defined as entirely seen
type), while partially seen and unseen samples that
require generalization to predict are but a small
portion.

3 Evaluating Generalization Performance

As shown in Table 1, the proportion of partially
seen and unseen triples in the original benchmark
test sets are so small that they are not diverse
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Method Original Rearranged
Prec. Rec. F1 Entire Partial Unseen Prec. Rec. F1 Entire Partial Unseen

N
Y

T

CasRel 90.2 90.0 90.1 93.8 64.6 45.4 65.9 60.1 62.9 85.8 65.0 42.3
CasRel+EN 91.6 88.8 90.1 93.7 65.0 44.8 65.2 59.3 62.1 81.1 64.9 44.0
TPLinker 92.3 92.5 92.4 96.0 65.9 50.3 69.0 60.8 64.7 83.3 66.7 46.8
TPLinker+EN 92.2 91.8 92.0 95.5 66.0 54.4 69.2 60.3 64.5 84.2 66.3 47.2
PRGC 88.4 89.9 89.1 92.9 65.4 44.5 63.5 61.6 62.6 81.6 64.2 45.1
PRGC+EN 89.1 88.7 88.9 92.3 65.4 51.2 63.9 60.6 62.2 79.8 64.2 46.2

W
eb

N
L

G

CasRel 90.1 86.6 88.3 92.0 54.3 45.5 73.6 64.2 68.6 89.6 52.3 41.5
CasRel+EN 88.8 86.8 87.8 91.3 48.9 53.8 72.5 63.2 67.5 85.7 54.0 45.8
TPLinker 90.2 87.7 89.0 92.6 62.6 56.0 75.1 63.9 69.1 88.5 52.7 42.9
TPLinker+EN 89.3 87.4 88.3 91.8 60.0 71.4 73.5 66.2 69.7 88.7 53.6 49.3
PRGC 89.7 86.4 88.0 92.1 56.2 34.5 61.6 62.0 61.8 79.2 47.2 28.3
PRGC+EN 87.6 85.4 86.5 90.2 57.5 40.0 68.0 62.5 65.2 82.8 52.8 34.4

Table 3: Results of recent RTE methods with and without Entity Noising on original and rearranged datasets. Every
result are our reproduction.

enough, rendering the evaluations of generaliza-
tion capabilities unreliable. Equipped with this
observation, we propose three strategies to increase
the proportion of partially seen and unseen triples
and add diversity to them for reliable evaluation of
Relational Triple Extraction (RTE) methods.1

3.1 Rearranged Dataset

The basic approach to increasing the proportion
of partially seen and unseen triples is to rearrange
the given dataset splits. However, it is not possible
to emphasize unseen data just by randomly rear-
ranging the dataset, since it inadvertently incurs
overlaps between training and test data2.

To emphasize the unseen data, we repeatedly
select a triple and distribute every instance which
contains that triple to the test set, rendering them
unobserved in the training set. In order to minimize
redundancy in the test set, we select a triple one by
one which occurs less. The detailed statistics are
shown in Table 1 and Appendix B.

3.2 Overlap Sifted Dataset

We propose another simple strategy to emphasize
unseen test samples. To render a triple in the test
set unobserved, we remove the instances contain-
ing that triple from the training set. Specifically,
we randomly choose k% of the unique triples from
the test set, then remove all the instances contain-
ing the selected triples from the training set to

1Three versions of datasets can be found in https://
github.com/sehkmg/rte-eval.

2We are only able to emphasize unseen data to at most 2%
with 106 random trials.

construct an overlap sifted dataset. For demonstra-
tion, we construct three such datasets by choosing
k = 5, 10, 15%, respectively. The detailed statis-
tics are presented in Table 1 and Appendix B.

3.3 Augmented Test Set

To add more diversity to partially seen and unseen
samples as well as increasing their proportion, we
create an augmented test set. The key idea is to
substitute every entity defined in every triple with
probable alternative words by utilizing the knowl-
edge of Masked Language Models (Radford et al.,
2019; Devlin et al., 2019) and GloVe word embed-
dings (Pennington et al., 2014), similar to the data
augmentation technique used in Jiao et al. (2020).
With the augmented test set, it is able to assess
whether the ability of an RTE method is influenced
by the authenticity of the given text3. The details
are in Appendix C and statistics are present in Ta-
ble 1 and Appendix B.

4 Entity noising

We further propose Entity Noising, a simple aug-
mentation technique to enhance the generalization
performance of existing Relational Triple Extrac-
tion methods. The key idea of Entity Noising is
to replace the entities in the given training input
sentence with completely random noisy words. To
apply Entity Noising, we sample a random noisy
word w′ for each entity w, i.e., w′ ∼ P (w′ | w).
The sampling strategy is defined as follows. First,

3An ideal RTE model should be able to extract the rela-
tional triple (The [United States] President [Christopher]) if
such fictitious content happens to exist in the given text.

3851

https://github.com/sehkmg/rte-eval
https://github.com/sehkmg/rte-eval


teaches at , which is located in .

James

knifeolin

tiebrightazi

lureYground

…

MIT

Mindanaoust

bitchyahhl

untoviescts

…

Cambridge

Viktorvez

feed28oping

Opusthusdder

…

Works_in Location

knifeolin untoviescts feed28oping

teaches at , which is located in .

Figure 1: Overview of Entity Noising.

Method NYT WebNLG
F1 Entire Partial Unseen F1 Entire Partial Unseen

C
as

R
el Original 90.1 (+0.0) 93.7 (-0.1) 65.0 (+0.4) 44.8 (-0.6) 87.8 (-0.5) 91.3 (-0.7) 48.9 (-5.4) 53.8 (+8.3)

Sift-1 84.8 (+0.0) 96.0 (+0.1) 69.2 (+0.2) 51.4 (+1.8) 85.4 (-1.0) 93.7 (-0.9) 58.9 (-6.0) 56.1 (-1.6)
Sift-2 83.4 (+0.6) 96.3 (-0.2) 71.1 (+2.9) 48.8 (-1.3) 77.8 (-0.6) 94.8 (-0.4) 59.6 (+0.6) 68.4 (+11.3)
Sift-3 81.7 (+0.2) 96.8 (+0.3) 70.8 (-0.2) 48.4 (+0.1) 71.3 (-1.2) 95.9 (-0.1) 66.9 (+2.2) 63.8 (+7.5)

T
PL

in
ke

r Original 92.0 (-0.4) 95.5 (-0.5) 66.0 (+0.1) 54.4 (+4.1) 88.3 (-0.7) 91.8 (-0.8) 60.0 (-2.6) 71.4 (+15.4)
Sift-1 87.1 (+0.1) 98.0 (-0.6) 71.1 (+1.0) 56.1 (+6.3) 86.5 (-0.5) 93.3 (-0.6) 75.3 (+2.7) 60.7 (+0.0)
Sift-2 85.4 (-0.2) 98.3 (-0.1) 72.4 (-0.3) 56.5 (+1.5) 79.3 (+0.4) 93.6 (-1.9) 69.8 (+3.1) 67.3 (+0.6)
Sift-3 83.6 (+0.1) 98.2 (-0.1) 72.7 (+0.1) 53.1 (+0.5) 72.1 (+1.0) 95.4 (-1.3) 68.7 (+3.4) 66.7 (+5.9)

PR
G

C

Original 88.9 (-0.2) 92.3 (-0.6) 65.4 (+0.0) 51.2 (+6.7) 86.5 (-1.5) 90.2 (-1.9) 57.5 (+1.3) 40.0 (+5.5)
Sift-1 84.5 (-0.6) 96.3 (-0.3) 67.2 (-1.2) 54.0 (+0.7) 84.5 (+0.2) 92.5 (-0.6) 64.4 (+9.6) 51.5 (+4.6)
Sift-2 83.2 (+0.0) 96.9 (+0.3) 68.4 (-1.2) 49.2 (-1.9) 75.9 (+1.5) 93.5 (-0.3) 60.1 (+8.8) 57.1 (+9.2)
Sift-3 81.6 (+0.4) 96.5 (-0.1) 70.3 (+0.0) 51.3 (+0.4) 68.4 (+2.4) 93.5 (+0.2) 62.6 (+1.7) 56.8 (-1.3)

Table 4: Results of recent RTE methods applied with Entity Noising on original and overlap sifted datasets. Numbers
in ( ) show performance gaps between baseline and Entity Noising.

we sample token length l′ ∈ {l − 1, l, l + 1}
of w′ with probability P (l′ = l) = plenen and
P (l′ = l − 1) = P (l′ = l + 1) =

(
1− plenen

)
/2,

where l is a token length of w. This sampling
process introduces a small(±1) perturbation to the
token length l to prevent the model from mem-
orizing the number of tokens. After sampling
l′, we sample w′ from the uniform distribution
w′ ∼ Uniform(Vl′), where Vl′ is a subset of the
vocabulary V which consists of all words of token
length l′.

With sampling strategy w′ ∼ P (w′ | w), En-
tity Noising is applied to a given training sentence
xoriginal = (w1, w2, · · · , wK) to produce a noised
sentence xnoised = (w′1, w

′
2, · · · , w′K) according to

the following rule:

w′k =

{
w′k ∼ P (w′k | wk), if wk is an entity
wk, otherwise

Finally, we determine which input x is fed to the

extractor model with probability P (x = xnoised) =
pen and P (x = xoriginal) = 1− pen. An overview
illustration of Entity Noising is shown in Figure 1.

Entity Noising is different from a commonly
used data augmentation method such as Wei and
Zou (2019) which replaces entities with words sim-
ilar to them. Entity Noising replaces entities with
completely random noisy words. This feature al-
lows the model to utilize entity-agnostic informa-
tion, so that the model can learn to extract triples
from sentences by focusing on the context informa-
tion rather than the entities themselves. Therefore,
with Entity Noising, the model is kept away from
memorizing the entity pair along with its relation.

5 Experiments

We conduct a series of experiments with recent Re-
lational Triple Extraction (RTE) methods on newly
constructed datasets (Section 3).
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Rearranged Dataset (Section 3.1) Table 3
shows the lack of generalization capabilities of re-
cent RTE methods in rearranged datasets as well
as original datasets. On rearranged datasets, Entity
Noising consistently improves the ability of gener-
alization on unseen triples, and for partially seen
triples, it at least does not hurt the generalization
capabilities. For original datasets, the evaluation
can be biased on some specific partially seen and
unseen samples since their proportion in test sets is
small, rendering inconsistent results.

Overlap Sifted Dataset (Section 3.2) With over-
lap sifted datasets and original datasets, we eval-
uate recent RTE methods with and without Entity
Noising to get more insight into what extent they
generalize on unseen data. Table 4 shows that re-
cent RTE methods struggle in extracting triples
from unseen data, while Entity Noising promotes
their generalization capabilities in most cases.

Augmented Test Set (Section 3.3) To assess
whether the ability of an RTE method is influenced
by the authenticity of the given text, we evaluate
recent RTE methods with and without Entity Nois-
ing on augmented test set. We find that current
RTE methods are substantially influenced by the
authenticity of the given text, while Entity Nois-
ing relieves that influence by a huge margin (See
Table 5).

6 Related Work

Open Information Extraction (Open IE) Open
IE is the task of extracting relations from the given
text without predefined relation type (Stanovsky
et al., 2018; Zhan and Zhao, 2020; Cui et al., 2018;
Kolluru et al., 2020). Although Open IE is a more
general task than Relational Triple Extraction, it is
necessary to extract information using fixed rela-
tion type to get high quality relational triples from
specific domains such as science and business.

Data Leakage in NLP The overlapping problem
between training and test data makes the evaluation
biased towards assessing memorization capabilities
of models. Several works point out the overlapping
problem and quantify data leakage in basic NLP
tasks (Elangovan et al., 2021) and Open-Domain
Question Answering (Lewis et al., 2021), but Rela-
tional Triple Extraction was not considered yet.

Method Prec. Rec. F1

N
Y

T

CasRel 39.6 22.4 28.6
CasRel+EN 54.3 34.5 42.2
TPLinker 44.5 22.6 30.0
TPLinker+EN 56.2 34.7 42.9
PRGC 37.2 25.4 30.2
PRGC+EN 51.8 28.1 36.4

W
eb

N
L

G

CasRel 66.9 32.1 43.4
CasRel+EN 70.4 53.6 60.9
TPLinker 69.6 39.1 50.1
TPLinker+EN 73.4 55.2 63.0
PRGC 67.5 42.0 51.8
PRGC+EN 69.0 56.3 62.0

Table 5: Results of recent RTE methods with and with-
out Entity Noising on augmented test sets.

7 Conclusion

In this paper, we disclosed for the first time that
recent Relational Triple Extraction (RTE) methods
struggle to extract triples from unseen data, which
was previously unknown due to the test-train over-
lap problem in popular benchmark datasets. To
properly assess the generalization capabilities of
RTE methods, we developed three strategies to con-
struct rearranged dataset, overlap sifted dataset,
and augmented test set from original datasets. Fur-
thermore, we proposed a simple yet effective nois-
ing method to promote generalization and exper-
imentally confirm that it effectively improves the
generalization capabilities of existing RTE meth-
ods.
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A Training Details

In general, we train CasRel, TPLinker, and PRGC
for 300, 500 epochs on NYT, WebNLG datasets. It
takes 5 GPU days for training models on NYT and
1 GPU day for training models on WebNLG. We se-
lect the best model by only using the F1 score of the
given validation set except overlap sifted dataset.
For overlap sifted dataset, the training instances are
sifted out according to the test instances, rendering
the triple type statistics of valid and test sets are
different. Therefore, we select the best model by
using the F1 score of overlap sifted test sets. For
Entity Noising, we set pen to 0.1 and 0.05 for NYT
and WebNLG datasets and set plenen to 0.4. Every
model is based on pre-trained BERT model BERT-
base-cased from Huggingface Transformers (Wolf
et al., 2020), which contains 110M parameters.

B Dataset Statistics

The statistics of dataset split are shown in Table 6.
To compute type F1 defined in Section 2.1, strat-
ification is necessary by extracting test instances
which only consist of single triple type among en-
tirely seen, partially seen and unseen. The stratifi-
cation statistics are shown in Table 7.

C Augmented test sets

Discussions on augmented test set It is worthy
to note that the samples in the augmented test set
may not be “true” statements in the real world but
rather invented, as by construction their entities are
replaced with other similar words (See examples
in Figure 2). However, the true meaning of the
entity words is fundamentally irrelevant to the re-
lation between them given the context. Also, it is
unknown whether the relation in the sentence is a
fact. Thus, the ability of an RTE model to extract
relational triples should not be influenced by the
authenticity of the given text. Note that an ideal
RTE model should be able to extract the relational
triple (The [United States] President [Christopher])
if such fictitious content happens to exist in the
given text.

Although the ideal RTE model should not be
influenced by the authenticity of the given text,
there exists potential risk. It is that the deployed
RTE model might extract the invalid triple from
wrong text. Therefore, the validation process which
checks the triple is needed before adding it to the
knowledge graph.

Construction details of augmented test set We
now describe the construction details of the aug-
mented test set. First, we preemptively run the
language tokenizer to flag the wordpieces in the
entity words. we substitute all entity words in the
triples with masks (one mask per word, not per
wordpiece). For single-word-single-wordpiece en-
tities, we use the language model to fill in their
masks independently. For single-word-multi-piece
entities, we do not use the language model but
search and substitute for the k-nearest words of the
original entity word in the GloVe embedding space.
For multi-word entities, each word constituting an
entity is sequentially substituted using the language
model.

Now we describe the detailed construction of
TAugmented. To measure the generalization perfor-
mance properly, it is required that the augmented
test set TAugmented consists of partially seen triples
as well as unseen triples since the ideal RTE model
is required to effectively extract both partially
seen and unseen triples. Therefore, we first con-
struct four augmented components of the test set
Tss, Tsu, Tus, Tuu and take a union of them to
create the final augmented test set TAugmented =
Tss ∪ Tsu ∪ Tus ∪ Tuu. Among the four compo-
nents, Tss consists of triples with seen subject and
object; Tsu consists of triples with seen subject and
unseen object; Tus is symmetrical with Tsu; Tuu
consists of triples with unseen subject and object.

We now describe the construction details of four
components: Tss, Tsu, Tus and Tuu. First, for each
sample in the test set tiStandard ∈ TStandard, we get
a set of top-k similar entities Eijs for each entity
eij in tiStandard independently, so that there is no
correlation between each Eijs . Then, we uniformly
sample eijs from Eijs and replace eij with eijs to get
tiAugmented ∈ TAugmented.

Construction of Tss Tss mainly consists of
triples in which both subject and object entities
are already seen in the training set. Therefore, ev-
ery subject and object entity eijs is sampled from
Eijs ∩ ETrain uniformly, where ETrain is a set of en-
tities appeared in the training set. If we encounter
to sample from an empty set, we assign eijs = eij .

Construction of Tsu,Tus Tsu mainly consists
of triples in which subject entities are seen and
object entities are unseen in the training set. There-
fore, subject and subject/object entities eijs are sam-
pled from Eijs ∩ ETrain, and object entities eijs are
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Split NYT WebNLG
Ori. Rearr. Sift-1 Sift-2 Sift-3 Aug. Ori. Rearr. Sift-1 Sift-2 Sift-3 Aug.

Train 56196 56196 50599 47152 44003 - 5019 5019 4776 3951 3193 -
Valid 5000 5000 5000 5000 5000 - 500 500 703 703 703 -
Test 5000 5000 5000 5000 5000 20000 703 703 703 703 703 2812

Table 6: Dataset statistics of original, rearranged, overlap sifted datasets, and augmented test sets.

Type NYT WebNLG
Ori. Rearr. Sift-1 Sift-2 Sift-3 Ori. Rearr. Sift-1 Sift-2 Sift-3

Entirely seen 4292 348 2733 2349 2064 580 155 435 249 160
Partially seen 473 3307 1703 2027 2265 42 178 82 133 172
Unseen 88 886 238 262 274 17 174 34 63 99
Others 147 459 326 362 397 64 196 152 258 272

Total 5000 5000 5000 5000 5000 703 703 703 703 703

Table 7: Stratified test set statistics of original, rearranged, and overlap sifted datasets. Each number indicates the
number of instances which only consist of respective triple type. Note that an instance can have multiple triples
associated with multiple triple types, which are defined with Others type.

sampled from Eijs \ETrain uniformly. Tus is con-
structed symmetrically.

Construction of Tuu Tuu mainly consists of
triples in which both subject and object entities are
unseen in the training set. Therefore, every subject
and object entity eijs is sampled from Eijs \ETrain
uniformly.
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Original Test Samples Augmented Test Samples

Above the Veil, from Australia, is 
the third book in a series after 

Aenir and Castle.

(Above the Veil, precededBy, 
Aenir)

(Aenir, precededBy, Castle)

Dark Wars Rising, from 
Australia, is the third book in a 
series after Sword and Avalon.

(Dark Wars Rising, precededBy, 
Sword)

(Sword, precededBy, Avalon)

Populous was the architect of 
3Arena in Dublin which was 
completed in December 2008.

(3Arena, location, Dublin)
(3Arena, architect, Populous)

Monolith was the architect of 
Trinity in Miami which was 
completed in December 2008.

(Trinity, location, Miami)
(Trinity, architect, Monolith)

Figure 2: Selected examples from WebNLG augmented test set.
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Abstract

Due to the dialogue characteristics of unstruc-
tured contexts and multi-parties with first-
person perspective, many successful text sum-
marization works have failed when dealing
with dialogue summarization. In dialogue sum-
marization task, the input dialogue is usually
spoken style with ellipsis and co-references but
the output summaries are more formal and com-
plete. Therefore, the dialogue summarization
model should be able to complete the ellipsis
content and co-reference information and then
produce a suitable summary accordingly. How-
ever, the current state-of-the-art models pay
more attention on the topic or structure of sum-
mary, rather than the consistency of dialogue
summary with its input dialogue context, which
may suffer from the personal and logical incon-
sistency problem. In this paper, we propose
a new model, named ReWriteSum, to tackle
this problem. Firstly, an utterance rewriter is
conducted to complete the ellipsis content of
dialogue content and then obtain the rewriting
utterances. Then, the co-reference data aug-
mentation mechanism is utilized to replace the
referential person name with its specific name
to enhance the personal information. Finally,
the rewriting utterances and the co-reference re-
placement data are used in the standard BART
model. Experimental results on both SAMSum
and DialSum datasets show that our ReWrite-
Sum significantly outperforms baseline models,
in terms of both metric-based and human evalu-
ations. Further analysis on multi-speakers also
shows that ReWriteSum can obtain relatively
higher improvement with more speakers, vali-
dating the correctness and property of ReWrite-
Sum.

1 Introduction

Despite many existing text summarization works
on single-speaker written documents, such as
news and encyclopedia articles (Rush et al., 2015;

∗Work done during internship at JD.com.

Example one

Ann: Hi, is the laptop still available?
Josh: Yes it is.
Ann: I can pay 200 dollars.
Josh: The price is 250 and it’s non-negotiable.
Ann: Do you have a bag for it? Some other accessories?
Josh: I have a bag and a small usb mouse.
Ann: Sounds good, I’ll take it, where can I pick it up?
Ground-Truth:
Ann wants to buy Josh’s laptop for $200. Josh doesn’t want to
negotiate the price. Ann will take it for $250 with accessories.
BART Prediction:
Ann will pay 200 dollars for the laptop and the price is
non-negotiable. Ann will pick a bag from Josh.

Example two

Mike: Dude, Wendy has grown prettier.
Dave: I know right?

Mike: Yeah, since she came from Houston, she looks like
an angel.

Dave: I’ll have to hit on her soon.
Mike: Haha, stay off, I hear Jerry is her lover.
Dave: Since when?
Mike: Haha, I don’t know, but you can push your luck.
Dave: Haha, I will.
Ground-Truth:
Mike and Dave notice Wendy got prettier. Dave wants to
hit on her, but she’s with Jerry. he’ll try anyway.
BART Prediction:
Wendy has grown prettier since she came from Houston.
Mike will have to hit on her soon. Jerry is Wendy’s lover.

Table 1: Two personal and logical inconsistent exam-
ples from the state-of-the-art model in dialogue sum-
marization. Green words in ground-truth indicate the
dialogue facts. Red words in BART show the inconsis-
tent content, results from ellipsis and co-reference.

Gehrmann et al., 2018), dialogue summarization
has gain increasing attention (Zhang et al., 2021).
One reason is that it has various promising applica-
tions in real world, such as customer services and
doctor-patient interaction. More importantly, the
dialogue summarization process is more difficult
since there are more interactive participants with
first-person perspective, and unstructured context
to consider (Chen and Yang, 2021), which poses
great challenges for researchers in this area.

For this task, it is clear that there is a big gap
between the input spoken dialogue and the out-
put formal summaries. That is, in dialogue, users
tend to use many incomplete utterances, which al-
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ways omit or refer back to entities appeared in the
history, called ellipsis and co-reference. But the
summary is usually formal and written, which con-
tains rich and complete salient information. Here
we give two examples, as shown in Table 1. In
the first example, the incomplete utterance “I will
take it” omits “laptop” which can be seen in the
first sentence, while the ground-truth summary con-
tains the complete information “Ann will take it for
$250 with accessories”. We can see that the gener-
ated summary by BART confuses the accessories
“bag” with the subject “laptop” and then generate a
logic inconsistent summary “pick a bag”. And in
the second example, many people’s names are in
the contexts, which are more difficult for the sum-
marization model to distinguish the co-reference
relationship, i.e., “I’ll have to hit on her” refers
to “Dave” via “I”. As a result, BART confuses
“Mike” with “Dave”, and then generates a personal
inconsistent summary “Mike will have to hit on
her”. What’s more, such factual inconsistencies
have also been observed in previous studies (Cao
et al., 2018; Kryściński et al., 2019, 2020). There-
fore, it is critical to complete the omission and
co-reference information in dialogue utterances for
dialogue summarization task.

However, the current models pay more atten-
tion on introducing intrinsic information, such as
dialogue acts (Goo and Chen, 2018), key point
sequence (Liu et al., 2019a) and co-reference infor-
mation (Liu et al., 2021b). They demonstrate that
the introduction of intrinsic information and human
annotation is effective in improving the quality of
summary generation. However, dialogue acts and
key point sequence require a lot of human effort, so
they can not be widely used in applications. The co-
reference chain is integrated by GNN, which only
pays attention to the referencing information of en-
tities but not supplement and restore the referred
and omitted pronouns in the dialogue utterances, re-
sulting in the misunderstanding of omitted contents.
More importantly, they all ignore the consistency
between the dialogue summary and its source dia-
logue, which may lead to the personal and logical
inconsistency problem caused by multi-speakers.

In this paper, we propose a new model, namely
ReWriteSum, to tackle this problem. The core
idea is to use the utterance rewriting mechanism to
complete the omitted content and utilize the data
augmentation strategy to enhance the co-reference
information. Specifically, we first use the utter-

ance rewriter to complete the ellipsis content in
dialogue contexts, and then obtain the rewritten
utterances dataset. Then, we use the co-reference
data augmentation mechanism to replace the ref-
erential person name with its specific name with a
certain probability to enhance the personal informa-
tion. Finally, we use both the rewritten utterances
and the co-reference replacement data as input, and
utilize the state-of-the-art model BART to generate
the corresponding summary.

In our experiments, we use two public datasets
to evaluate our proposed models, i.e. SAMSum
and DialSum. The results show that ReWriteSum
has the ability to produce more consistent and suit-
able summary than traditional summarization mod-
els. Besides, we conduct an analysis on multi-
speakers, and the results show that the ReWriteSum
obtains relatively higher improvement with more
speakers, which indicates that the incomplete utter-
ance rewriting and co-reference data augmentation
mechanism by our model are reasonable.

2 Related Work

2.1 Document Summarization

The aim of automatic document summarization is
to convert a well-structured document into short
text containing salient information. It has received
widespread attention in recent literature, especially
abstractive document summarization. For exam-
ple, Rush et al. (2015) introduce an attention-based
sequence-to-sequence model for abstractive docu-
ment summarization. To solve out-of-vocabulary
and content repeat issues, See et al. (2017) propose
a pointer-generator network with copy and cover-
age mechanism. Chen and Bansal (2018) leverage
reinforcement learning to extract salient sentences
in document and then generate summary. Recent
studies have focused on the pre-trained models.
Liu and Lapata (2019) take use of pre-trained lan-
guage model BERT (Kenton and Toutanova, 2019)
in extractive summarization and abstractive summa-
rization. Lewis et al. (2020) propose BART which
combined bi-directional encoder from BERT and
auto-regressive decoder from GPT (Radford et al.,
2018) to obtain the results of language generation.

2.2 Dialogue Summarization

Compared with document summarization, dialogue
summarization aims at generating condensed text
from the dialogue contexts among multiple speak-
ers. For instance, Shang et al. (2018) propose an
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unsupervised multi-sentence compression method
to generate meeting summaries. Zhao et al. (2019)
employ a hierarchical encoder and a reinforced
decoder based on sequence-to-sequence model to
generate meeting summaries.

Some studies have focused on employing conver-
sational analysis for dialogue summarization. Goo
and Chen (2018) use sentence-gated mechanism
to apply dialogue act in the generation process.
Liu et al. (2019a) design a key point sequence as
auxiliary information to describe the logic of the
abstract. Liu et al. (2019c) and Li et al. (2019) intro-
duce topic information for dialogue summarization.
However, their methods need a large amount of
human annotation. To avoid this issue, Chen and
Yang (2020) use diverse conversational structures
like topic segments and conversational stages to
design a multi-view summarizer. Recent works of-
ten introduce intrinsic information to better model
the dialogue process. Liu et al. (2021b) use the
graph neural network to employ co-reference infor-
mation to generate summaries. Feng et al. (2020)
introduce the dialogue discourse information, and
design Meeting Graph to describe them. Lei et al.
(2021) introduce speaker information to improve
the generation performance in the context with
multi-speakers.

2.3 Incomplete Utterance Rewriting

Incomplete utterance rewriting has received exten-
sive research attention. In question answering, Ku-
mar and Joshi (2016) propose non-sentential ut-
terance resolution based on sequence-to-sequence
model for utterance rewriting. To resolve incom-
plete follow-up questions, retrieval-based sequence-
to-sequence model (Kumar and Joshi, 2017) and
copy-based sequence-to-sequence model (Elgohary
et al., 2019; Quan et al., 2019) are proposed, which
can generate complete questions. Liu et al. (2019b)
take use of question structures to rewrite utter-
ance in conversational semantic parsing. Pan et al.
(2019) leverage BERT to select words, and use
these words to generate rewritten utterance. Su
et al. (2019) distinguish the weights of context ut-
terances for utterance rewriting. Liu et al. (2020)
employ edit-based text generation and semantic
similarity measurement for utterance rewriting.

3 Model

In this section, we will describe our ReWriteSum
model in detail, with architecture shown in Figure 1.

Hannah:Hey, do Amanda have Betty 's number?
Amanda:Lemme check.
Amanda:Sorry, can't find it.
Amanda:Ask Larry?
Amanda:Larry called Betty last time.
Hannah:I don’t know Larry well.

Co-reference Data 
Augmentation

chain e1
chain e2

Randomly 
Replace

Hannah:Hey, do you have Betty 's number?
Amanda:Lemme check.
Amanda:Sorry, can't find Betty’s number.
Amanda:Ask Larry Betty’s number?
Amanda:He called her last time.
Hannah:I don’t know him well.

Word-level Edit 
Matrix

Amanda:He called her last time.
Hannah:I don’t know him well.

Amanda:Sorry, can't find it.
Amanda:Ask Larry?

Amanda:Lemme check.
Hannah:Hey, do you have Betty 's number?

u2
u3
u4

u1

u5
𝔻

𝔻!"#

u6

𝔻$%&

BART-large

𝔻$&'

Summary  S

Figure 1: The model architecture of ReWriteSum. the
left shows the co-reference data augmentation module
and the right shows the incomplete utterance rewriting
module.

ReWriteSum consists of an incomplete utterance
rewriter, a co-reference data augmentation and a
transformer-based BART summarization model.

For incomplete utterance rewriting, we establish
a word-level edit matrix (Liu et al., 2020), whose
element determines three editing operations: sub-
stitute, insert and none. To obtain the edit matrix,
we conduct three neural networks, as shown in Fig-
ure 2: a BiLSTM-based context layer to obtain
the word representation, an encoder layer to model
the local information, and a segmentation layer to
model the global information.

For co-reference data augmentation, we replace
the co-reference word with its specific name en-
tity through a co-reference resolution model (Joshi
et al., 2020) and then augment the dataset with
these replacement data. Specifically, we firstly
use the co-reference resolution model to obtain
the co-reference chain of the entire dialogue, then
replace the pronoun in the co-reference chain with
the specific name entity based on a certain proba-
bility. Finally, we utilize these replacement data
to augment the personal information for dialogue
summarization task.

3.1 Problem Formulation

Given the dialogue content set D =
{u1, . . . , u|D|} ∈ D, each utterance in D is

represented as uj = {x(j)1 , . . . , x
(j)
L }, where x(j)k

represents the kth word in utterance uj . The
corresponding summary of D is represented as
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Figure 2: Architecture of incomplete utterance rewriter.

S = {y1, . . . , yLS}, where yj represents the jth

word in summary S.
We adopt a neural model for abstractive dialogue

summarization. In detail, given the dialogue D
as input, we firstly utilize the utterance rewriting
system and the co-reference resolution system to
generate the new complete rewriting dialogue D′.
And then, we use the rewriting dialogueD′ as input,
instead of dialogue D, to generate the dialogue
summary.

3.2 Incomplete Utterance Rewriting

Given the whole dialogue D = {u1, . . . , u|D|},
we define the context as C = {u1, . . . , ut−1} and
the incomplete utterance as ut(t ≤ |D|). Incom-
plete utterance rewriting aims at rewriting ut to u∗t
through the context C. After rewriting, u∗t should
not only have the same meaning as ut, but also
can be understood separately. Specifically, we con-
catenate all the contextual utterances C into a K-
length word sequence c = (c1, . . . cK). At the
same time, the incomplete utterance is represented
as ut = {x1, . . . xL}, where L is the length of ut.
And then, the rewritten utterance u∗t can be ob-
tained by editing the incomplete dialogue ut using
the words in c.

In order to determine the editing operation, we
define a word-level edit matrix M (Liu et al., 2020),
where each element mkl represents the editing type
between ck and xl. There are three editing types:
substitute, insert and None. The substitute oper-
ation means replacing the word xl with the con-
text word ck. The insert operation means insert-
ing a word ck before or after a certain token xl.
And None means no operation. Following Liu
et al. (2020), we establish a word-level edit matrix
through three neural layers: a context layer, an en-

coding layer and a subsequent segmentation layer,
as shown in Figure 2, and then generate rewritten
utterance based on this word-level edit matrix.

3.2.1 Context Layer

Given the contextual word sequence c and the in-
complete utterance ut, we firstly concatenate the
c and ut as input, and employ Glove (Pennington
et al., 2014) to initialize the word embedding. And
then, we use BiLSTM (Schuster and Paliwal, 1997)
with both the left-to-right and right-to-left text rep-
resentations to obtain the contextual information:

BiLSTM(c;ut) = (g1,...,K ;h1,...,L),

where gk is the hidden state of contextual word ck
in c and hl is the hidden state of the word xl in ut.

3.2.2 Encoding Layer

After obtaining the context-aware hidden states g
and h, we use three similarity functions to calcu-
late the word-level relevance between context and
incomplete utterance. Specifically, for each word
ck and xl, a D-dimensional vector F(xl, ck) is set
to indicate the relevance:

F(xl, ck) = [hl ⊙ gk; cos (hl,gk) ;hlWBigk] ,
(1)

where ⊙ is the element multiplication operation to
obtain the element-wise similarity, cos(., .) is the
cosine similarity, and WBi is a learned parameter
in learned bi-linear similarity. Finally, we obtain
the feature map matrix F ∈ RL×K×D.

Similarity function is used to describe word-to-
word relevance from various aspects, which is a
necessary condition for the edit type. However,
the encoder layer can only obtain local informa-
tion, which is not enough for incomplete utterance
rewriting. Therefore, we conduct a segmentation
layer to introduce the global information.

3.2.3 Segmentation Layer

Given the feature map matrix F ∈ RL×K×D in
Equation 1, we use the segmentation layer to cal-
culate the word-level edit matrix M ∈ RL×K .
The segmentation layer is inspired by UNet (Ron-
neberger et al., 2015), consisting of five convolu-
tional neural network(CNN) with skip-connection
mechanism, which is used to extract the global con-
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textual editing information, as shown in Figure 2:

F
′
= CNN(F),

F
′′
= CNN(Pool(F

′
)),

F
′′′
= DeConv(CNN(Pool(F

′′
))),

F
′′′′

= DeConv(CNN(F
′′′
,F

′′
)),

M = FeedForward(CNN(F
′′′′
,F

′
)),

where CNN(.) is the two layers of convolutional
modules, Pool(.) is the MaxPooling operation,
DeConv(.) is the deconvloution neural network,
and FeedForward(.) is the feedforward layer.

Given the word-level edit matrix M, for each
word ck in contextual utterances and xl in incom-
plete utterance, the element Mkl determines one
of three editing operations: substitute, insert and
none. Specifically, when Mkl is close to 0, the
corresponding operation is none. When close to
1, the operation is substitution, 2 is inserting be-
fore and 3 is inserting after. After that, we can
rewrite every utterance ut in D as u∗t based on M .
Finally, we use all the rewritten utterances u∗ to
replace D as D′, and obtain the rewriting dataset
Drew = {(D′1, S1), (D′2, S2), . . . , (D′N , SN )}.

3.3 Co-reference Data Augmentation
Taking into account that there are a large number
of names and referential relations in the dialogue
process, we propose to use the data augmentation
mechanism to enhance the personal information for
dialogue summarization task.

Given a dialogue content D, we utilize a
co-reference resolution system (Joshi et al.,
2020) to obtain its corresponding co-referential
chain set E = {e1, e2, . . . , e|E|}, where
ei = {xi1, xi2, . . . , xi|ei|} is represented as the
ith co-referential chain in dialogue D and xij
denotes the jth word in co-referential chain ei.
Take the example two in Table 1 as an example, the
E = {{Mike0, . . . , I64}, {Wendy4, . . . , her52},
{Dave9, . . . , I79}, {Jerry50}}, where the
wordidx is the idxth word in c.

Then, we refer to all the pronouns in the whole
dialogue D and replace it with its corresponding
person name xname_i based on a certain probabil-
ity: when the length of pronouns |e(pron)i | >= 5,
if the output probability of co-reference system
P (xij) >= 0.5, then replace xij with xname_i, oth-
erwise, no replacement; when 0 < |e(pron)i | < 5, if
P (xij) >= 0.8, then replace; when |e(pron)i | = 0,
remove this example.

Finally, after the person’s name replacement,
we obtain an additional dialogue dataset Daug =
{(D′′1 , S1) , . . . (D′′G, SG)}, where G is the number
of dialogue-summary pairs after removing.

3.4 Summary Generation
Given Drew and Daug, we combine them to ob-
tain our rewriting dataset Drws. To generate the
summary, we utilize the state-of-the-art model
BART (Lewis et al., 2020) to encode the dialogue
content D and decode the summary S step by step.

We use maximum likelihood estimation to train
our model. Given a pair of dialogue D and sum-
mary S = {y1, . . . , yLS} from Drws, we minimize
the negative log-likelihood of the target sequence:

L =

−
∑

Drws

|LS |∑

t=1

logP(yt|y1...yt−1, D; θBART_large).

4 Experiments

In this section, we conduct experiments on two
English dialogue summarization datasets SAM-
Sum (Gliwa et al., 2019) and DialSum (Chen et al.,
2021) to evaluate our proposed method.

4.1 Experimental Settings
We first introduce some empirical settings, i.e.,
datasets, baselines, and evaluation measures.

4.1.1 Datasets
We use two public dialogue summarization datasets.
SAMSum contains everyday English message-like
dialogues and annotated summary. We randomly
split the SAMSum data to training, validation, and
testing sets, which contains 14,732, 818 and 819
pairs, respectively. DialSum1 contains English
speaking practice dialogue and annotated summary,
which has been cleaned and pre-processed by pub-
lisher, including deleting non-English characters,
correcting spelling errors and grammatical errors.
We randomly split the DialSum data to training,
validation, and testing sets, which contains 12,460,
500 and 500 pairs, respectively.

4.1.2 Baselines and Parameters Setting
Seven baseline models are used for comparison
on SAMSum, and four baseline models on Di-
alSum. Lead3 (See et al., 2017) model extracts

1https://github.com/cylnlp/DialogSum
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the first three leading sentences in the article as
the summary. LONGEST (Gliwa et al., 2019)
model selects the top N longest sentences as the
summary. PTGen (See et al., 2017) model intro-
duces copy and coverage mechanisms into the basic
sequence-to-sequence model. FastAbs-RL (Chen
and Bansal, 2018) model firstly selects salient sen-
tences and then generates abstractive summaries
through reinforcement learning. DynamicConv +
GPT-2/News (Wu et al., 2018) model replaces the
attention mechanism with a lightweight dynamic
in transformer. BART (Lewis et al., 2020) is a
pre-trained model, which uses the noise function
to destroy text, and then reconstructs the origi-
nal text, including two versions, BART(base) and
BART(large). Multiview BART (Chen and Yang,
2020) extracts different views of dialogue features,
and then uses a multi-view decoder to combine
these features to generate summaries.

Our model uses a pre-trained model
BART(large)2 for initialization. In detail,
BART (large) has 12 layers of encoder-decoder
Transformer structure. Each layer has 16 attention
heads. The hidden size and feed forward filter size
are 1024 and 4096, respectively. It contains a total
of 400M trainable parameters. The dropout rates
for all layers are set to 0.1. The optimizer uses
Adam (Kingma and Ba, 2015) with 200 warmup.
The learning rates of SAMSum and DialSum are
both 3e-5, and the maximum tokens for a certain
batch are 800 and 1000, respectively. We run our
models on a Tesla V100 GPU card with Pytorch.

4.1.3 Evaluation Measures

To evaluate our models, we utilize both quantitative
metrics and human evaluation in our experiment. In
detail, we use ROUGE-1, ROUGE-2 and ROUGE-
L as quantitative metrics, which is widely used
in NLP and summary tasks (Liu et al., 2021a,b;
Chen and Yang, 2020). For human evaluation, we
randomly select 100 dialogue-summary pairs from
the test set of SAMSum and DialSum, respectively.
Five annotators(all CS majored students studying
NLP) are demanded to give the comparison be-
tween our model and baseline models. They are not
told which summaries are derived from the base-
line model and which summaries are derived from
our model. They are required to evaluate the gen-
erated summary from three aspects: whether the
generation is fluent, whether it has omitted content,

2https://huggingface.co/facebook/bart-large

SAMSum Dataset

Model R-1 R-2 R-L
Lead3 31.4 8.7 29.4
PTGen 40.1 15.3 36.6
DynamicConv+GPT-2 41.8 16.4 37.6
FastAbs-RL 42.0 18.1 39.2
DynamicCov+News 45.4 20.7 41.5
Multiview BART 52.2 27.4 49.9
BART(large) 50.9 25.0 47.1
ReWriteSum(ours) 54.2 27.1 50.1

DialSum Dataset

Model R-1 R-2 R-L
Lead3 27.5 6.8 27.3
LONGEST 24.1 6.2 22.7
BART(base) 33.7 13.8 30.9
BART(large) 34.1 13.7 31.2
ReWriteSum(ours) 35.1 14.6 32.1

Table 2: Metric-based evaluations of ReWriteSum and
baselines on SAMSum and DialSum. R-1, R-2, R-L
denote ROUGE-1, ROUGE-2, ROUGE-L, respectively.

SAMSum Dataset

Model
ReWriteSum vs.

win(%) loss(%) tie(%)
Multi-view 48.5 6.9 44.6
BART 52.6 5.1 42.3

DialSum Dataset

Model
ReWriteSum vs.

win(%) loss(%) tie(%)
Multi-view 42.3 8.1 49.6
BART 46.8 7.3 45.9

Table 3: Human evaluations on SAMSum and DialSum.

and whether it has factual inconsistent errors. The
evaluation results are represented as win, loss and
tie, respectively indicating that the quality of gen-
erated summary by ReWriteSum is better, weaker
or equal to baselines.

4.2 Experimental Results

In this section, we demonstrate our experiment
results on SAMSum and DialSum datasets.

4.2.1 Metric-based Evaluation
The quantitative evaluation results on SAM-
Sum and DialSum datasets are shown in Ta-
ble 2. For SAMSum dataset, we refer to (Gliwa
et al., 2019) to show the results of Lead3, PT-
Gen, DynamicConv+GPT-2/News, and FastAbs-
RL. From the results, we can see that the pre-
trained models, such as BART and Multiview
BART, outperform the traditional summarization
models, showing the effectiveness of pre-training
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Dialogue Example 1 Dialogue Example 2
Mia: could anybody help me to buy a flight ticket? ...
Mia: I don’t have a credit card at the moment. ...
Tom: You can use mine help Mia to buy a flight ticket!
Mia: Should I send you the link to buy a flight ticket?
Tom: Just send me the flight, company and your personal
data that I may need to buy a flight ticket.
Mia: Great, so nice of you, thanks Tom.

Maria: Who’s gonna be at imf lecture tomorrow? ...
Alexander: On Saturday Alexander already meet for another.
So my option is Friday afternoon or tomorrow.
Sarah: Tomorrow and on Friday Sarah available ...
Sarah: So can we meet tomorrow evening? 17:15?
Alexander: It is fine by me.
Lawrence: Lawrence will be late, but you can start without me.

BART Prediction: BART Prediction:
Mia doesn’t have a credit card at the moment. Tom will
use his card to buy a flight ticket for himself. Tom needs
the flight, company and personal data.

Alexander, Martha, Sarah, Lawrence and Sarah will meet
tomorrow evening at 17:15 to discuss the imf lecture.

ReWriteSum Prediction: ReWriteSum Prediction:
Mia doesn’t have a credit card at the moment. Tom will
use his card to buy a flight ticket for her.

Maria, Sarah, Alexander, and Martha will meet tomorrow evening
at 17:15 to discuss the imf lecture. Lawrence will be late.

Table 4: Generated summaries from different models on SAMSum. Red words show the inconsistent content. Green
words show the factul content. Blue words show the supplemented part by our model. Orange words show the name
replacement by our model.

language model for dialogue summarization task.
Our ReWriteSum model performs the best. Take
the ROUGE-1 and ROUGE-L score for example,
our ReWriteSum model obtains 54.2 and 50.1, re-
spectively, which obviously outperforms Multiview
BART model, i.e., 52.2 and 49.9.

From the results on DialSum in Table 2, we can
see that our model also obtains the best perfor-
mance. Take the ROUGE-1 and ROUGE-L score
for example, our ReWriteSum obtains 35.1 and
32.1, respectively, which obviously outperforms
BART(large), i.e., 34.1 and 31.2. However, the
performance increment on DialSum is not signif-
icant as comparation on SAMSum. The reason is
that utterances in DialSum are relatively more com-
plete and the interactive speakers are fewer than
SAMSum. According to statistics, there are only
13 sentences with more than 4 speakers in Dial-
Sum, which leads to relatively few errors caused by
multi-speakers. We have conducted the significant
test, and the result shows that the improvements
of our model are significant on both datasets, i.e.,
p-value < 0.01.

In conclusion, our ReWriteSum model has the
ability to generate a more complete and accurate
summary than baselines.

4.2.2 Human Evaluation
Human evaluation results are shown in Table 3.
The percentages of win, loss and tie, as compared
with the baselines, are given to evaluate the fluency,
completeness and consistency of generated sum-
mary by ReWriteSum. From the results, we can
see that the proportion of evaluators who think our
model better is the largest, surpassing other models.
Take SAMSum dataset for example, ReWriteSum
model obtains preference gains (win subtract loss)
41.6%, 47.5%, respectively.

4.2.3 Case Study

To further understand our proposed model, we give
some generated cases in Table 4. According to the
result, we can notice that ReWriteSum model per-
forms better than baseline models. Take example1
in Table 4 as an example, BART model generates
that “Tom will buy a flight ticket for himself”, but
in the dialogue content, the dialogue fact is “Tom
will buy a flight ticket for Mia’. The reason is that
the dialogue content tends to be omitted in daily
dialogues. From example1, we can see that, in the
entire dialogue, only Mia mentions "help me to
buy a flight ticket" at the beginning, and this sen-
tence is omitted in the subsequent utterances, which
makes BART unable to correctly understand who
the "ticket" will be bought for. When we rewrite
the incomplete dialogue (in blue font), "help Mia
to buy a flight ticket" is added to the end of some
utterances, so that our model can generate a more
accurate and logical consistent summary.

From example2, due to the complex references
in this dialogue, BART misunderstood "Lawrence
will be late" as "Lawrence will meet tomorrow
evening at 17:15". When co-reference data aug-
mentation is carried out, it strengthens the con-
nection between "you" and "Alexander, Martha,
Sarah" in the sentence "Lawrence: I will be late,
but you can start without me", so as to avoid this
personal inconsistency error.

4.3 Analysis

In order to confirm whether the improvement is
related to incomplete utterance rewriting(IUR) and
co-reference data augmentation(CDA), a further
analysis is conducted, containing ablation study,
the impact of participants, and the error analysis.
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Model R-1 R-2 R-L
ReWriteSum 54.2 27.1 50.1
- w/o CDA 51.1 25.1 47.5
- w/o IUR 52.3 25.1 48.1

Table 5: Ablation experiment results on SAMSum.

Figure 3: Rouge-L scores of ReWriteSum and BART
with different number of speakers.

4.3.1 Ablation Study
To confirm the effectiveness of our IUR and CDA
module, we conduct ablation experiments on SAM-
Sum dataset. The results are shown in Table 6.
ReWriteSum w/o IUR means that ReWriteSum
model removes IUR module and only with CDA to
generate summaries. From the results, we can see
that when only CDA is applied, the ROUGE score
is still larger than the baseline, but smaller than
the ReWriteSum model. ReWriteSum w/o CDA
means that our ReWriteSum model removes the
CDA module and only with IUR to generate sum-
maries. We can see that the ROUGE has decreased
as compared with our ReWriteSum model, but it
is still higher than baseline models. Therefore, we
think that both incomplete utterance rewriting and
co-reference data augmentation have positive ef-
fects for dialogue summarization.

Not only that, we also notice that the ROUGE
score using IUR alone is higher than using CDA
alone, indicating that IUR contributes more to the
dialogue summarization task.

4.3.2 Impact of Participants
We conduct an experimental analysis with different
number of participants, by calculating the ROUGE
score for baselines and our ReWriteSum model on
SAMSum. From the Figure 3 , we can see that
with the increase of participants, the rouge score
of our model decreases more slowly, because: (1)
with the increase of participants, the omitted in-
formation will also increase, but our incomplete
utterance rewriting module has the ability to re-
duce the impact of too much omitted information
in the summary; (2) our co-reference data augmen-

Model Missing
Information

Wrong
Reference

Incorrect
Reasoning

BART(large) 36 24 19
ReWriteSum 14 6 8
- w/o CDA 17 19 9
- w/o IUR 29 7 11

Table 6: Percentage of typical errors in summaries gen-
erated by BART(large) and our ReWriteSum model.

tation module can reduce the impact of complex
referencing caused by too many participants.

4.3.3 Error Analysis
To further study the impact of IUR and CDA on
the quality of generated summaries, we count the
following 3 kinds of errors that appear in the sum-
maries generated by the baseline model and our
model: Missing Information: content information
that appears in gold summaries is missing from
generated summaries. Wrong Reference: content
in the generated summaries, such as the person’s
actions or name, does not match what is described
in the source dialogue. Incorrect reasoning: the
conclusions drawn by the generated summaries are
inconsistent with the facts in the source dialogue.

We randomly select 100 dialogues and their gen-
erations from SAMSum and count the error cat-
egories, as shown in Table 5. In terms of miss-
ing information, our model outperforms the base-
line model because IUR can effectively prevent the
model from missing information. According to the
wrong reference numbers, our model performs bet-
ter than the baselines because CDA can enhance
the model’s understanding of referential informa-
tion. Errors occur in incorrect reasoning are also
reduced as our model complements default infor-
mation and enhances understanding of referential
information.

5 Conclusion

In this work, we propose a new dialogue sum-
marization model, namely ReWriteSum, which
leverages incomplete utterance rewriting and co-
reference data augmentation mechanism to gener-
ate summaries for dialogue. Our motivation comes
from the fact that there are a lot of ellipsis and
demonstrative pronouns in the dialogue, which se-
riously affects the quality of dialogue summary
generation. Our core idea is to utilize the incom-
plete utterance rewriting module to complete the
ellipsis information in the dialogue content and en-
hance the personal entities with the co-reference
data augmentation mechanism. We conduct exper-
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iments on both SAMSum and DialSum datasets,
and the results on both quantitative and qualitative
analysis verify the effectiveness of our proposed
model. Therefore, we obtain the conclusion that
the incomplete utterance rewriting and co-reference
data augmentation are effective for improving the
quality of generation for dialogue summarization.

6 Ethical Considerations

The abstractive summarization dialogue system
proposed in this work can be applied to dialogue
scenarios. It can quickly process a lengthy dialogue
into a short content containing the core idea of the
dialogue. Such features can be applied to meet-
ings, customer service, and medical scenarios to
facilitate people’s life. The datasets SAMSum and
DialSum used in this work are publishable and for
research purposes only. There may be some biased
content in the datasets, which should be viewed
carefully.

Acknowledgement

Hainan Zhang and Yanquan Zhou are the corre-
sponding authors. We would like to thank anony-
mous reviewers for their thoughtful comments and
suggestions.

References
Ziqiang Cao, Furu Wei, Wenjie Li, and Sujian Li. 2018.

Faithful to the original: Fact aware neural abstractive
summarization. In Proceedings of the AAAI Confer-
ence on Artificial Intelligence, volume 32.

Jiaao Chen and Diyi Yang. 2020. Multi-view sequence-
to-sequence models with conversational structure for
abstractive dialogue summarization. In Proceedings
of the 2020 Conference on Empirical Methods in
Natural Language Processing (EMNLP), pages 4106–
4118.

Jiaao Chen and Diyi Yang. 2021. Structure-aware ab-
stractive conversation summarization via discourse
and action graphs. In Proceedings of the 2021 Con-
ference of the North American Chapter of the Asso-
ciation for Computational Linguistics: Human Lan-
guage Technologies, pages 1380–1391.

Yen-Chun Chen and Mohit Bansal. 2018. Fast abstrac-
tive summarization with reinforce-selected sentence
rewriting. In Proceedings of the 56th Annual Meet-
ing of the Association for Computational Linguistics
(Volume 1: Long Papers), pages 675–686.

Yulong Chen, Yang Liu, Liang Chen, and Yue Zhang.
2021. Dialogsum: A real-life scenario dialogue sum-
marization dataset. In Findings of the Association

for Computational Linguistics: ACL-IJCNLP 2021,
pages 5062–5074.

Ahmed Elgohary, Denis Peskov, and Jordan Boyd-
Graber. 2019. Can you unpack that? learning to
rewrite questions-in-context. Can You Unpack That?
Learning to Rewrite Questions-in-Context.

Xiachong Feng, Xiaocheng Feng, Bing Qin, Xinwei
Geng, and Ting Liu. 2020. Dialogue discourse-aware
graph convolutional networks for abstractive meeting
summarization.

Sebastian Gehrmann, Yuntian Deng, and Alexander M
Rush. 2018. Bottom-up abstractive summarization.
In EMNLP.

Bogdan Gliwa, Iwona Mochol, Maciej Biesek, and Alek-
sander Wawer. 2019. Samsum corpus: A human-
annotated dialogue dataset for abstractive summa-
rization. EMNLP-IJCNLP 2019, page 70.

Chih-Wen Goo and Yun-Nung Chen. 2018. Abstractive
dialogue summarization with sentence-gated model-
ing optimized by dialogue acts. In 2018 IEEE Spoken
Language Technology Workshop (SLT), pages 735–
742. IEEE.

Mandar Joshi, Danqi Chen, Yinhan Liu, Daniel S Weld,
Luke Zettlemoyer, and Omer Levy. 2020. Spanbert:
Improving pre-training by representing and predict-
ing spans. Transactions of the Association for Com-
putational Linguistics, 8:64–77.

Jacob Devlin Ming-Wei Chang Kenton and Lee Kristina
Toutanova. 2019. Bert: Pre-training of deep bidirec-
tional transformers for language understanding. In
Proceedings of NAACL-HLT, pages 4171–4186.

Diederik P Kingma and Jimmy Ba. 2015. Adam: A
method for stochastic optimization. In ICLR (Poster).
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Abstract

We present EASE, a novel method for learn-
ing sentence embeddings via contrastive learn-
ing between sentences and their related entities.
The advantage of using entity supervision is
twofold: (1) entities have been shown to be
a strong indicator of text semantics and thus
should provide rich training signals for sen-
tence embeddings; (2) entities are defined in-
dependently of languages and thus offer useful
cross-lingual alignment supervision. We eval-
uate EASE against other unsupervised mod-
els both in monolingual and multilingual set-
tings. We show that EASE exhibits competi-
tive or better performance in English seman-
tic textual similarity (STS) and short text clus-
tering (STC) tasks and it significantly outper-
forms baseline methods in multilingual settings
on a variety of tasks. Our source code, pre-
trained models, and newly constructed multi-
lingual STC dataset are available at https:
//github.com/studio-ousia/ease.

1 Introduction

The current dominant approach to learning sen-
tence embeddings is fine-tuning general-purpose
pretrained language models, such as BERT (Devlin
et al., 2019), with a particular training supervision.
The type of supervision can be natural language
inference data (Reimers and Gurevych, 2019), ad-
jacent sentences (Yang et al., 2021), or a parallel
corpus for multilingual models (Feng et al., 2020).

In this paper, we explore a type of supervision
that has been under-explored in the literature: entity
hyperlink annotations from Wikipedia. Their ad-
vantage is twofold: (1) entities have been shown to
be a strong indicator of text semantics (Gabrilovich
and Markovitch, 2007; Yamada et al., 2017, 2018;
Ling et al., 2020) and thus should provide rich
training signals for sentence embeddings; (2) en-
tities are defined independently of languages and

∗ Work done as an intern at Studio Ousia.

Figure 1: Illustration of the main concept behind EASE.
Using a contrastive framework, sentences are embedded
in the neighborhood of their hyperlink entity embed-
dings and kept apart from irrelevant entities. Here, we
share the entity embeddings across languages for multi-
lingual models to facilitate cross-lingual alignment of
the representation.

thus offer a useful cross-lingual alignment supervi-
sion (Calixto et al., 2021; Nishikawa et al., 2021;
Jian et al., 2022; Ri et al., 2022). The extensive
multilingual support of Wikipedia alleviates the
need for a parallel resource to train well-aligned
multilingual sentence embeddings, especially for
low-resource languages. To demonstrate the effec-
tiveness of entity-based supervision, we present
EASE (Entity-Aware contrastive learning of Sen-
tence Embeddings), which produces high-quality
sentence embeddings in both monolingual and mul-
tilingual settings.

EASE learns sentence embeddings with two
types of objectives: (1) our novel entity contrastive
learning (CL) loss between sentences and their re-
lated entities (Figure 1); (2) the self-supervised CL
loss with dropout noise. The entity CL objective
pulls the embeddings of sentences and their related
entities close while keeping unrelated entities apart.
The objective is expected to arrange the sentence
embeddings in accordance with semantics captured
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by the entities. To further exploit the knowledge in
Wikipedia and improve the learned embeddings, we
also introduce a method for mining hard negatives
based on the entity type. The second objective, the
self-supervised CL objective with dropout noise
(Gao et al., 2021; Liu et al., 2021), is combined
with the first one to enable sentence embeddings to
capture fine-grained text semantics. We evaluate
our model against other state-of-the-art unsuper-
vised sentence embedding models, and show that
EASE exhibits competitive or better performance
on semantic textual similarity (STS) and short text
clustering (STC) tasks.

We also apply EASE to multilingual settings. To
facilitate the evaluation of the high-level semantics
of multilingual sentence embeddings, we construct
a multilingual text clustering dataset, MewsC-16
(Multilingual Short Text Clustering Dataset for
News in 16 languages). Multilingual EASE is
trained using the entity embeddings shared across
languages. We show that, given the cross-lingual
alignment supervision from the shared entities,
multilingual EASE significantly outperforms the
baselines in multilingual STS, STC, parallel sen-
tence matching, and cross-lingual document classi-
fication tasks.

We further demonstrate the effectiveness of the
multilingual entity CL in a more realistic scenario
for low-resource languages. Using multilingual
entity CL, we fine-tune a competitive multilingual
sentence embedding model, LaBSE (Feng et al.,
2020), and show that the tuning improves the per-
formance of parallel sentence matching for low-
resource languages under-supported by the model.

Finally, we analyze the EASE model by studying
ablated models and the multilingual properties of
the sentence embeddings to shed light on the source
of the improvement in the model.

2 Related Work

2.1 Sentence Embeddings

Sentence embeddings, which represent the mean-
ing of sentences in the form of a dense vector, have
been actively studied. One of the earliest meth-
ods is Paragraph Vector (Le and Mikolov, 2014)
in which sentence embeddings are trained to pre-
dict words within the text. Subsequently, various
kinds of training tasks have been explored includ-
ing reconstructing or predicting adjacent sentences
(Kiros et al., 2015; Logeswaran and Lee, 2018) and
solving a natural language inference (NLI) task

(Conneau et al., 2017).
Recently, with the advent of general-purpose

pretrained language models such as BERT (De-
vlin et al., 2019), it has become increasingly com-
mon to fine-tune pretrained models to produce
high-quality sentence embeddings, revisiting the
aforementioned supervision signals (Reimers and
Gurevych, 2019; Yang et al., 2021), and using self-
supervised objectives based on contrastive learn-
ing (CL). In this paper, we present a CL objective
with entity-based supervision. We train our EASE
model with entity CL together with self-supervised
CL with dropout noise and show that the entity CL
improves the quality of sentence embeddings.

Contrastive learning The basic idea of con-
trastive representation learning is to pull semanti-
cally similar samples close and keep dissimilar sam-
ples apart (Hadsell et al., 2006). CL for sentence
embeddings can be classified by the type of posi-
tive pairs used. As representative examples, several
methods use entailment pairs as positive pairs in
NLI datasets (Gao et al., 2021; Zhang et al., 2021).
To alleviate the need for an annotated dataset, self-
supervised approaches are also being actively stud-
ied. Typical self-supervised methods involve gen-
erating positive pairs using data augmentation tech-
niques, including discrete operations such as word
deletion and shuffling (Yan et al., 2021; Meng et al.,
2021), back-translation (Fang et al., 2020), inter-
mediate BERT hidden representations (Kim et al.,
2021), and dropout noise within transformer lay-
ers (Gao et al., 2021; Liu et al., 2021). Contrastive
tension (CT)-BERT (Carlsson et al., 2021) regards
as positive pairs the outputs of the same sentence
from two individual encoders. DeCLUTR (Giorgi
et al., 2021) uses different spans of the same doc-
ument. In contrast to these methods that perform
CL between sentences, our method performs CL
between sentences and their associated entities.

Multilingual sentence embeddings Another yet
closely related line of research is focused on learn-
ing multilingual sentence embeddings, which cap-
ture semantics across multiple languages. Early
competitive methods typically utilize the sequence-
to-sequence objective with parallel corpora to learn
multilingual sentence embeddings (Schwenk and
Douze, 2017; Artetxe and Schwenk, 2019); re-
cently fine-tuned multilingual pretrained models
have achieved state-of-the-art performance (Feng
et al., 2020; Goswami et al., 2021). However, one
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drawback of such approaches is that, to achieve
strong results for a particular language pair, they
need rich parallel or semantically related sentence
pairs, which are not necessarily easy to obtain.
In this work, we explore the utility of Wikipedia
entity annotations, which are aligned across lan-
guages and already available in over 300 languages.
We also show that the entity CL in a multilin-
gual scenario effectively improves the alignment
of sentence embeddings between English and low-
resource languages not well supported in an exist-
ing multilingual model.

2.2 Learning Representations Using
Entity-based Supervision

Entities have been conventionally used to model
text semantics (Gabrilovich and Markovitch, 2007,
2006). Several recently proposed methods learn
text representations based on entity-based super-
vision by predicting entities from their relevant
text (Yamada et al., 2017) or entity-masked sen-
tences (Ling et al., 2020). In the proposed EASE
model, the existing self-supervised CL method
based on BERT (Gao et al., 2021) is extended using
entity-based supervision with carefully designed
hard negatives. Moreover, it is applied to the multi-
lingual setting by leveraging the language-agnostic
nature of entities.

3 Model and Training Data

In this section, we describe the components of our
learning method for sentence embeddings, EASE,
which is trained using entity hyperlink annotations
available in Wikipedia.

3.1 Contrastive Learning with Entities

Given pairs of a sentence and a semantically related
entity (positive entity) D = {(si, ei)}mi=1, we train
our model to predict the entity embedding ei ∈ Rde

from the sentence embedding si ∈ Rds . Following
the contrastive framework in Chen et al. (2020),
the training loss for (si, ei) with a minibatch of N
pairs is:

lei = − log
esim(si,Wei)/τ

∑N
j=1 e

sim(si,Wej)/τ
, (1)

where W ∈ Rde×ds is a learnable matrix weight, τ
is a temperature hyperparameter, and sim(·) is the

cosine similarity s⊤1 s2
∥s1∥·∥s2∥ .

Data We construct the sentence-entity paired
datasets from the January 2019 version of
Wikipedia dump. We split text in the articles into
sentences using polyglot.1 For each sentence,
we extract the hyperlink entities as semantically re-
lated entities.2 Each entity forms a training instance
(si, ei) for the sentence. We restrict the entities to
those that appear more than ten times as hyper-
links in the training corpus. They are converted
into Wikidata entities, which are shared across lan-
guages, using inter-language links obtained from
the March 2020 version of the Wikidata dump.3

3.2 Hard Negative Entities

The introduction of hard negatives (data that are
difficult to distinguish from an anchor point) has
been reported to be effective in improving CL mod-
els (Gao et al., 2021; Robinson et al., 2021). We
introduce a hard negative mining technique that
finds negative entities similar to the positive entity
but yet unrelated to the sentence.

Specifically, for each positive entity, we collect
hard negative entity candidates that satisfy the fol-
lowing two conditions: (1) entities with the same
type as the positive entity. Entity types are defined
as the entities in the “instance of” relation on Wiki-
data, following the work of Xiong et al. (2020).
If there are more than one appropriate type, we
randomly choose one; (2) entities that do not ap-
pear on the same Wikipedia page. Our assumption
here is that entities on the same page are topically
related to the positive entity and thus are not ap-
propriate for negative data. Finally, we randomly
choose one of the candidates to construct hard nega-
tive training data. For example, the “Studio Ghibli”
entity has the type “animation studio” and one of
the hard negative entity candidates is “Walt Disney
Animation Studios”.

Given datasets with hard negative entities D =
{(si, ei, e−i )}mi=1, the loss function is

lei = − log
esim(hi,Wei)/τ

∑N
j=1(e

sim(hi,Wej)/τ + e
sim(hi,We−

j
)/τ

)
. (2)

1https://polyglot.readthedocs.io/en/
latest/Tokenization.html

2In a preliminary experiment, we also tried constructing
entity-sentence paired data from entities and the first sentence
on their page, and found that the current approach performs
better.

3https://en.wikipedia.org/wiki/Help:
Interlanguage_links
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3.3 Pretrained Entity Embeddings
We initialize entity embeddings using English en-
tity embeddings pretrained on Wikipedia. These
embeddings are trained using the open-source
Wikipedia2Vec tool (Yamada et al., 2020) and
the January 2019 English Wikipedia dump. The
vector dimension is set to 768, which is the same
as those of the hidden representations of the base
pretrained models, and the other hyperparameters
to their default values. The parameters of the entity
embedding matrix are updated during the training
process.

3.4 Self-supervised Contrastive Learning with
Dropout Noise

Self-supervised CL with dropout noise, which in-
puts a sentence and predicts itself using dropout as
noise, is an effective method for learning sentence
embeddings in an unsupervised way (Liu et al.,
2021; Gao et al., 2021). We combine this method
with our entity CL.

Given two embeddings with different dropout
masks si, s

+
i , the training loss of self-supervised

CL lsi is defined by

lsi = − log
esim(si,s

+
i )/τ

∑N
j=1 e

sim(si,s
+
j )/τ

. (3)

In summary, our total loss is

leasei = λlei + lsi , (4)

where le and ls are defined in Equations (2) and
(3) respectively, and λ denotes a hyperparameter
that defines the balance between the entity CL and
self-supervised CL with dropout noise. The details
on the hyperparameters of the models can be found
in Appendix A.

4 Experiment: Monolingual

We first evaluate EASE in monolingual settings.
We fine-tune monolingual pre-trained language
models using only English Wikipedia data.

4.1 Setup
We use one million pairs sampled from the En-
glish entity-sentence pairs described in Section 3
as training data. In this setting, we train sentence
embedding models from pre-trained checkpoints of
BERT (Devlin et al., 2019) or RoBERTa (Liu et al.,
2019) and take the [CLS] representation as the sen-
tence embedding. We add a linear layer after the

Model 7 STS avg. 8 STC avg.

GloVe embedding (avg.) 61.3† 56.4
BERT (avg.) 52.6 50.9
CT-BERTbase 72.1 61.6
SimCSE-BERTbase 76.3 57.1
EASE-BERTbase 77.0 63.1
RoBERTa (avg.) 53.5 40.9
DeCLUTR-RoBERTabase 70.0 60.0
SimCSE-RoBERTabase 76.6 57.4
EASE-RoBERTabase 76.8 58.6

Table 1: Sentence embedding performance on seven
monolingual STS tasks (Spearman’s correlation) and
eight monolingual STC tasks (clustering accuracy). The
highest values among the models with the same pre-
trained encoder are in bold. †: results from Reimers
and Gurevych (2019); all other results are reproduced
or reevaluated by us using published checkpoints. The
complete results are available in Appendix G.

output sentence embeddings only during training,
as in Gao et al. (2021).

We compare our method with unsupervised sen-
tence embedding methods including average GloVe
embeddings (Pennington et al., 2014), average
embeddings of vanilla BERT or RoBERTa, and
previous state-of-the-art approaches such as Sim-
CSE (Gao et al., 2021), CT (Carlsson et al., 2021),
and DeCLUTR (Giorgi et al., 2021).

We evaluate sentence embeddings using two
tasks: STS and STC. These tasks are supposed
to measure the degree of sentence embeddings cap-
turing fine-grained and broad semantic structures.

Semantic textual similarity STS is a measure of
the capability of capturing graded similarity of sen-
tences. We use seven monolingual STS tasks: STS
2012-2016 (Agirre et al., 2012, 2013, 2014, 2015,
2016), STS Benchmark (Cer et al., 2017), and
SICK-Relatedness (Marelli et al., 2014). Follow-
ing the settings of Reimers and Gurevych (2019),
we calculate Spearman’s rank correlation coeffi-
cient between the cosine similarity of the sentence
embeddings and the ground truth similarity scores.

Short text clustering Another important aspect
of sentence embeddings is the ability to capture cat-
egorical semantic structure, i.e., to map sentences
from the same categories close together and those
from different categories far apart (Zhang et al.,
2021). We also evaluate sentence embeddings
using eight benchmark datasets for STC (Zhang
et al., 2021) to investigate how well our method
can encode high-level categorical structures into
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Model EN-EN AR-AR ES-ES EN-AR EN-DE EN-TR EN-ES EN-FR EN-IT EN-NL Avg.

mBERTbase (avg.) 54.4 50.9 56.7 18.7 33.9 16.0 21.5 33.0 34.0 35.3 35.4
SimCSE-mBERTbase 78.3 62.5 76.7 26.2 55.6 23.8 37.9 48.1 49.6 50.3 50.9
EASE-mBERTbase 79.3 62.8 79.4 31.6 59.8 26.4 53.7 59.2 59.4 60.7 57.2
XLM-Rbase (avg.) 52.2 25.5 49.6 15.7 21.3 12.1 10.6 16.6 22.9 23.9 25.0
SimCSE-XLM-Rbase 77.9 63.4 80.6 36.3 56.2 28.9 38.9 51.8 52.6 54.2 54.1
EASE-XLM-Rbase 80.6 65.3 80.4 34.2 59.1 37.6 46.5 51.2 56.6 59.5 57.1

Table 2: Spearman’s correlation for multilingual semantic textual similarity on extended version of STS 2017
dataset.

Model ar ca cs de en eo es fa fr ja ko pl pt ru sv tr Avg.
mBERTbase (avg.) 27.0 27.2 44.3 36.2 37.9 25.6 41.1 35.0 25.9 44.2 31.0 35.0 30.1 23.4 28.9 34.9 33.0
SimCSE-mBERTbase 30.1 26.9 41.3 32.5 37.3 27.2 36.2 36.9 29.0 48.9 33.9 37.6 37.9 27.1 26.9 35.3 34.1
EASE-mBERTbase 31.9 29.6 38.8 38.5 30.2 34.5 37.2 36.7 30.4 49.3 36.2 40.0 41.0 27.0 30.5 44.7 36.0
XLM-Rbase (avg.) 26.0 24.7 28.2 29.4 23.0 23.5 22.1 36.6 23.6 38.8 22.0 24.2 32.8 18.0 33.2 26.0 27.0
SimCSE-XLM-Rbase 24.6 26.3 34.6 28.6 33.4 31.7 32.9 35.9 29.1 41.1 31.1 33.1 30.0 26.0 32.9 37.2 31.8
EASE-XLM-Rbase 25.3 26.7 43.2 37.0 34.9 34.2 37.2 42.4 32.0 46.0 32.8 41.6 33.4 31.3 27.2 41.8 35.4

Table 3: Clustering accuracy for multilingual short text clustering on MewsC-16 dataset.

sentence embeddings. These datasets contain
short sentences, ranging from 6 to 28 average
words in length, from a variety of domains such
as news, biomedical, and social network service
(Twitter). We cluster the sentence embeddings
using K-Means (MacQueen, 1967) and compute
the clustering accuracy using the Hungarian algo-
rithm (Munkres, 1957) averaged over three inde-
pendent runs.

4.2 Results

Table 1 shows the evaluation results for the seven
STS and eight STC tasks. Overall, our EASE meth-
ods significantly improve the performance of the
base models (i.e., BERT and RoBERTa), and on
average outperform the previous state-of-the-art
methods on all tasks except STC with the RoBERTa
backbone. The most significant improvement is ob-
served for EASE-BERT, with an average improve-
ment of 61.6% to 63.1% over the previous best
result for STC tasks. These results suggest that
EASE is able to measure the semantic similarity
between sentences, and simultaneously excel at
capturing high-level categorical semantic structure.

5 Experiment: Multilingual

To further explore the advantage of entity annota-
tions as cross-lingual alignment supervision, we
test EASE in multilingual settings: we fine-tune
multilingual pre-trained language models using
Wikipedia data in multiple languages.

5.1 Setup

We sample 50,000 pairs for each language and
use them together as training data from the entity-
sentence paired data in 18 languages.4 As our pri-
mary baseline model, we use a SimCSE model
trained using the same multilingual data as EASE
(i.e., sentences in entity-sentence paired data).5 In
this setting, we start fine-tuning from pre-trained
checkpoints of mBERT or XLM-R (Conneau et al.,
2020) and take mean pooling to obtain sentence em-
beddings for both training and evaluation on both
EASE and SimCSE. We also tested other pooling
methods, but mean pooling was the best in this
experiment for both models (Appendix B).

5.2 Multilingual STS and STC

We evaluate our method using the extended version
of the STS 2017 dataset (Reimers and Gurevych,
2020), which contains annotated sentences for ten
language pairs: EN-EN, AR-AR, ES-ES, EN-AR,
EN-DE, EN-TR, EN-ES, EN-FR, EN-IT, and EN-
NL. We compute Spearman’s rank correlation as
in Section 4.1. We also conduct experiments on
our newly introduced multilingual STC dataset de-
scribed as follows:

4We chose 18 languages (ar, ca, cs, de, en, eo, es, fa, fr,
it, ja, ko, nl, pl, pt, ru, sv, tr) present in both the MewsC-16
dataset (see Section 5.2) and the extended version of STS
2017.

5We use the same entity embeddings trained on English
Wikipedia as those of the monolingual settings (Section 3.3).
Note that entities in all languages are converted to Wikidata
entities that are shared across languages using inter-language
links as described in Section 3.1.
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Model ar ca cs de eo es fr it ja ko nl pl pt ru sv tr Avg.

mBERTbase (avg.) 20.6 49.2 32.8 62.8 12.2 57.7 55.6 50.8 38.6 33.1 54.8 40.2 58.5 51.4 45.8 30.1 43.4
SimCSE-mBERTbase 16.4 51.5 30.7 57.0 18.2 54.8 54.5 49.9 39.6 28.1 52.7 37.9 53.6 46.8 45.5 25.0 41.4
EASE-mBERTbase 32.1 66.5 47.7 74.2 26.1 70.1 66.7 65.3 59.2 46.8 69.2 55.4 69.1 64.4 59.4 38.1 56.9
XLM-Rbase (avg.) 10.3 15.3 16.5 49.6 7.5 36.4 30.8 25.6 15.0 19.3 45.2 24.1 42.0 37.4 42.8 17.9 27.2
SimCSE-XLM-Rbase 38.4 57.6 55.7 80.6 46.0 68.9 70.4 66.4 60.0 54.1 73.1 65.3 75.1 71.1 76.7 56.4 63.5
EASE-XLM-Rbase 42.6 65.1 63.8 87.2 56.1 75.9 74.1 70.8 68.2 60.5 77.9 71.9 80.6 76.5 79.2 60.9 69.4

Table 4: Accuracy on Tatoeba dataset averaged over forward and backward directions (en to target language and
vice-versa).

Model Avg.

mBERTbase (avg.) 17.3
SimCSE-mBERTbase 16.8
EASE-mBERTbase 25.4
XLM-Rbase (avg.) 9.4
SimCSE-XLM-Rbase 28.5
EASE-XLM-Rbase 32.1

Table 5: Average accuracy for 94
languages not included in EASE
training on Tatoeba.

Model en (dev) de es fr it ja ru zh Avg.
mBERTbase (avg.) 89.5 68.0 68.1 70.6 62.7 61.2 61.5 69.6 65.9
SimCSE-mBERTbase 88.4 62.3 73.2 78.2 64.3 63.7 61.3 75.0 68.3
EASE-mBERTbase 89.0 69.9 69.2 80.1 66.8 62.8 64.4 73.2 69.5
XLM-Rbase (avg.) 90.9 82.7 79.8 72.1 72.5 71.1 69.6 71.4 74.2
SimCSE-XLM-Rbase 90.7 74.9 74.1 81.5 70.3 71.7 70.1 76.6 74.2
EASE-XLM-Rbase 90.6 77.9 75.6 83.9 72.6 72.8 71.1 81.6 76.5

Table 6: Classification accuracy for zero-shot cross-lingual text classifica-
tion on MLDoc dataset.

MewsC-16 To evaluate the ability of sen-
tence embeddings to encode high-level cate-
gorical concepts in a multilingual setting, we
constructed MewsC-16 (Multilingual Short Text
Clustering Dataset for News in 16 languages) from
Wikinews.6 MewsC-16 contains topic sentences
from Wikinews articles in 13 categories and 16 lan-
guages. More detailed information is available in
Appendix E. We perform clustering and compute
the accuracy for each language as in Section 4.1.

Tables 2 and 3 show the results of our multilin-
gual STS and STC experiments. Overall, EASE
substantially outperforms the corresponding base
models (i.e., mBERT and XLM-R) on both tasks.
Similar to the results for the monolingual setting,
the average performance of EASE exceeds that
of SimCSE for multilingual STC tasks with an
improvement of 34.1% to 36.0% for mBERT and
31.8% to 35.4% for XLM-R. This result suggests
that even in a multilingual setting, EASE can en-
code high-level categorical semantic structures into
sentence embeddings. Moreover, EASE signifi-
cantly outperforms SimCSE in multilingual STS
tasks Specifically, the score of EASE-mBERT is
better than that of SimCSE-mBERT (50.9 vs 57.2),
and that of EASE-XLM-R is better than that of
SimCSE-XLM-R (54.1 vs 57.1). This improve-
ment is much more significant than the monolin-
gual setting (Table 1), where the improvement is
less than one point. This indicates the effectiveness

6https://en.wikinews.org/wiki/Main_
Page

of language-independent entities as cross-lingual
alignment supervision in learning multilingual sen-
tence embeddings.

5.3 Cross-lingual Parallel Matching

We evaluate EASE on the Tatoeba dataset (Artetxe
and Schwenk, 2019) to assess more directly its abil-
ity to capture cross-lingual semantics. This task
is to retrieve the correct target sentence for each
query sentence, given a set of parallel sentences.
We perform the retrieval using the cosine similar-
ity scores of the sentence embeddings. For each
language-pair dataset, we compute the retrieval ac-
curacy averaged over the forward and backward
directions (English to the target language and vice-
versa).

Table 4 shows the evaluation results for the lan-
guages in the CL training data. EASE significantly
outperforms the corresponding base models and
SimCSE for all languages. Notably, the mean per-
formance of EASE-mBERT is better than that of
vanilla mBERT by 13.5 percentage points. This
indicates that EASE can capture cross-lingual se-
mantics owing to the cross-lingual supervision of
entity annotations, which aligns semantically sim-
ilar sentences across languages. One interesting
observation is that the performance of SimCSE-
mBERT is worse than that of vanilla mBERT. We
conjecture that this is because the SimCSE model
is trained using only the positive sentence pairs
within the same language, which sometimes leads
to less language-neutral representations.
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To further explore the cross-lingual ability of
EASE, we evaluate it on languages not included in
the EASE training set (Table 5). The results show
that EASE performs robustly on these languages
as well, which suggests that, in EASE, the cross-
lingual alignment effect propagates to other lan-
guages not used in additional training with EASE
(Kvapilíková et al., 2020).

5.4 Cross-lingual Zero-shot Transfer

We further evaluate our sentence embeddings on
a downstream task in which sentence embeddings
are used as input features, especially in the cross-
lingual zero-shot transfer setting. For evaluation
in this setting, we use MLDoc (Schwenk and
Li, 2018), a cross-lingual document classification
dataset that classifies news articles in eight lan-
guages into four categories. We train a linear classi-
fier using sentence embeddings as input features on
the English training data, and evaluate the resulting
classifier in the remaining languages. To directly
evaluate the ability of the resulting sentence em-
beddings, we do not update the parameters of the
sentence encoder but only train the linear classifier
in this setting. The detailed settings are shown in
Appendix D.

As shown in Table 6, our EASE models achieve
the best average performance on both back-bones,
suggesting that multilingual embeddings learned
with the CL are also effective in the cross-lingual
transfer setting.

6 Case Study: Fine-tuning Supervised
Model with EASE

Existing multilingual sentence representation mod-
els trained on a large parallel corpus do not always
perform well, especially for languages that are not
included in the training data. In contrast, EASE
requires only the Wikipedia text corpus, which is
available in more than 300 languages.7 Thus, one
possible use case for EASE would be to comple-
ment the performance of existing models in low-
resource languages by exploiting the Wikipedia
data in those languages.

To test this possibility, we fine-tune LaBSE
(Feng et al., 2020), which is trained on both mono-
lingual and bilingual data in 109 languages, with
our EASE framework in five low-resource lan-
guages (kab, pam, cor, tr, mhr). These languages

7https://meta.wikimedia.org/wiki/List_
of_Wikipedias

0
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20

kab pam cor br mhr

LaBSE LaBSE + EASE (en + xx)

Figure 2: Results of fine-tuning LaBSE with EASE
framework on Tatoeba dataset.

are not present in the original training corpus, so
the model performed particularly poorly on these
languages. We fine-tune the model using 5,000
pairs each from English and the corresponding lan-
guage data.

As shown in Figure 2, EASE improves the per-
formance of LaBSE across all target languages,
which is an intriguing result considering that
LaBSE has already been trained on about six bil-
lion parallel corpora. These results suggest the
potential benefit of combining EASE with other
models using parallel corpora, especially for lan-
guages without or with only a few parallel corpora.

7 Analysis

7.1 Ablation Study

We conduct ablation experiments to better under-
stand how each component of EASE contributes to
its performance. We measure the performance of
the models using monolingual STS in the monolin-
gual setting and multilingual STS in the multilin-
gual setting, without one of the following compo-
nents: the self-supervised CL loss, hard negatives,
and Wikipedia2Vec initialization (Table 7). As a
result, we find all of the components to make an
important contribution to the performance.

It is worth mentioning that entity CL alone (i.e.,
w/o self-supervised CL) also improves the baseline
performance significantly. The performance contri-
butions in the multilingual setting are particularly
significant (49.3 for mBERT and 53.1 for XLM-R)
and comparable to those for the SimCSE models.
These results suggest that CL with entities by it-
self is effective in learning multilingual sentence
embeddings.
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Setting
EASE-BERTbase EASE-RoBERTabase EASE-mBERTbase EASE-XLM-Rbase

STS avg. STS avg. mSTS avg. mSTS avg.

Full model 76.9 76.8 57.2 57.1
w/o self-supervised CL 65.3 66.1 49.3 53.1
w/o hard negative 75.3 76.1 53.8 52.7
w/o Wikipedia2Vec 73.8 76.3 52.1 54.3
w/o all (vanilla model) 31.4 43.6 35.4 25.0

Table 7: Results of ablation study.

Figure 3: lalign − luniform plot of BERT-based (or
mBERT-based) models in monolingual (left) and multi-
lingual (right) settings.

7.2 Alignment and Uniformity
To further understand the source of the performance
improvement with EASE, we evaluate two key
properties to measure the quality of the represen-
tations obtained from contrastive learning (Wang
and Isola, 2020): alignment measures the closeness
of representations between positive pairs; unifor-
mity measures how well the representations are
uniformly distributed. We let f(x) denote the nor-
malized representation of x, and compute the two
measures using

lalign ≜ E
(x,x+)∼ppos

∥f(x)− f(x+)∥2, (5)

luniform ≜ log E
x,y

i.i.d.∼ pdata

e−2∥f(x)−f(y)∥
2
, (6)

where ppos denotes positive pairs and pdata denotes
the entire data distribution. We compute these met-
rics using BERT-based models on the STS-B devel-
opment set data. For investigation in the multilin-
gual setting, we compute them using mBERT-based
models on the multilingual STS data used in the
experiment Section 5. We compute the averages of
alignment and uniformity for each language pair.
For each setting, we take STS pairs with a score
higher than 4 in the 0-to-5 scale as ppos and all STS
sentences as pdata.

As shown in Figure 3, the trends are similar in
both settings: (1) both EASE and SimCSE signifi-
cantly improve uniformity compared with that for
the vanilla model; (2) EASE is inferior to SimCSE
in terms of uniformity and superior in terms of
alignment. This result suggests that entity CL does
not have the effect of biasing embeddings towards a
more uniform distribution. Instead, it has the effect
of aligning semantically similar samples, which
leads to the improved performance of the resultant
sentence embeddings.

7.3 Qualitative analysis

To investigate how EASE improves the quality of
sentence embeddings, we conduct qualitative analy-
sis by comparing the results of EASE and SimCSE
on STS Benchmark. Table 8a shows typical cases
of how EASE improves sentence embeddings. We
find that EASE embeddings are more robust to syn-
onyms and grammatical differences since they are
more aware of the topic similarity between sen-
tences, resulting in more accurate score inference.
On the other hand, as shown in the deterioration
cases in Table 8b, EASE embeddings are some-
times overly sensitive to topical similarity, making
it difficult to capture the correct meaning of the
whole sentence.

8 Discussion and Conclusion

Our experiments have demonstrated that entity su-
pervision in EASE improves the quality of sentence
embeddings both in the monolingual setting and,
in particular, the multilingual setting. As recent
studies have shown, entity annotations can be used
as anchors to learn quality cross-lingual representa-
tions (Calixto et al., 2021; Nishikawa et al., 2021;
Jian et al., 2022; Ri et al., 2022), and our work
is another demonstration of their utility, particu-
larly in sentence embeddings. One promising fu-
ture direction is exploring how to better exploit the
cross-lingual nature of entities.
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Sentence1 Sentence2 Gold EASE SimCSE
i think you ’re looking for mikey (
1992 ) .

i think you ’re looking for the movie
3.00 2.32 1.62

the new york senator ’s new book ,
" living history , " appears a certain
bestseller .

hillary clinton , the new york senator
and former first lady , has a book out
monday titled living history .

3.20 3.57 1.94

he was referring to john s. reed , the
former citicorp chief executive who
became interim chairman and chief ex-
ecutive of the exchange last sunday .

next week , john s. reed , the former
citicorp chief executive who sunday
became interim chairman and chief ex-
ecutive of the exchange , will take up
his position .

4.00 3.52 2.73

(a) Improvement cases

Sentence1 Sentence2 Gold EASE SimCSE
it ’s not a good idea . it ’s a good question . 0.00 2.88 1.33
suicide attack kills eight in baghdad suicide attacks kill 24 people in bagh-

dad 2.40 3.92 2.43

the nasdaq composite index rose 19.67
, or 1.3 percent , to 1523.71 , its high-
est since june 18 .

the s and p 500 had climbed 16 per-
cent since its march low and yesterday
closed at its highest since dec. 2 .

0.80 3.25 2.04

(b) Deterioration cases

Table 8: Comparison of STS Benchmark results by monolingual EASE and SimCSE.

Our experiments also demonstrate the utility of
Wikipedia as a multilingual database. As described
in Section 6, Wikipedia entity annotations can com-
pensate for the lack of parallel resources in learning
cross-lingual representations. Wikipedia currently
supports more than 300 languages, and around
half of them have over 10,000 articles.8 Moreover,
Wikipedia is ever growing; it is expected to include
more and more languages.9 This will motivate
researchers to develop methods for multilingual
models including low-resource languages in the
aid of entity annotations in Wikipedia.

However, the reliance on Wikipedia for train-
ing data may limit the application of the models
to specific domains (e.g., general or encyclopedia
domains). To apply EASE to other domains, one
may need to annotate text from the domain either
manually or automatically. Future work can inves-
tigate the effectiveness of the entity CL in other
domains and possibly its the combination with an
entity linking system.

Finally, we note that the supervision signal in
EASE is inherently noisy. Different entities have

8https://meta.wikimedia.org/wiki/List_
of_Wikipedias

9https://incubator.wikimedia.org/wiki/
Incubator:Main_Page

different characteristics as a topic indicator, and
sentences that contain the same entity do not neces-
sarily share meaning. Future work can address this
by considering how an entity is used in a sentence
to obtain more reliable supervision.
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A Training Details

We implement our EASE model using transformers10 libraries. For the monolingual settings, we
use the STS-B development set as in (Gao et al., 2021). For multilingual settings, we use the STS-B and
SICK-R development set. In this setting, we simply concatenate the entity-sentence paired data for all 18
languages and randomly sample from the concatenated data to construct batches.11 In both settings, we
train our model for one epoch, compute evaluation scores every 250 training steps on the development
data, and keep the best model. We conduct a grid-search for batch size ∈ {64, 128, 256, 512} and learning
rate ∈ {3e− 05, 5e− 05}. The chosen hyperparameters for each model is shown in Table 9.

Model Batch size Learning Rate

SimCSE-mBERTbase 128 3e-05
SimCSE-XLM-Rbase 128 3e-05
EASE-BERTbase 64 3e-05
EASE-RoBERTabase 128 5e-05
EASE-mBERTbase 256 5e-05
EASE-XLM-Rbase 64 3e-05

Table 9: Hyperparameters for experiment.

For the loss balancing term λ and softmax temperature τ in the EASE models (section 3), we empirically
find that λ = 0.01, τ = 100 for the monolingual setting and τ = 10 for the multilingual setting work
well.

Computing Infrastructure We run the experiments on a server with AMD EPYC 7302 16-Core CPU
and a NVIDIA A100-PCIE-40GB GPU. The training of EASE takes approximately 1 hour.

B Pooling Methods for SimCSE and EASE

We compare several pooling methods on both SimCSE and EASE in the multilingual setting: [CLS] with
MLP; [CLS] with MLP during training only; [CLS] without MLP; mean pooling. Table 10 shows the
evaluation results based on the STS-B and SICK-R development set.

Pooler SimCSE EASE

[CLS] pooling
w/ MLP 63.0 65.0
w/ MLP (train) 72.0 73.3
w/o MLP 72.0 73.4

mean pooling 72.1 73.8

Table 10: Average Spearman’s correlation for different pooling methods for SimCSE and EASE in multilingual
setting on STS-B and SICK-R development set.

The mean pooling representation performs best on both models. We thus use mean pooling on both
models in Section 5.

10https://huggingface.co/docs/transformers/index
11In our preliminary experiments, we also tested a setting in which data in the same language were used within the same batch;

we did not observe a consistent improvement in the performance of either the SimCSE or EASE models.
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C Parallel Sentence Mining

We evaluate the multilingual sentence embeddings with the parallel sentence mining task using the
BUCC 2018 shared task dataset (Zweigenbaum et al., 2018). The task is to find the parallel pairs given
monolingual sentence pools in two languages, with 2–3% of the sentences being parallel, to find the
parallel pairs.

Each model uses the raw embedding output and performance is evaluated without fine-tuning. We
first encode all sentences into embeddings and compute the cosine similarity scores between all possible
sentence pairs. We then retrieve the sentence pairs with above a fixed threshold and compute the F1 score
using the ground-truth parallel pairs.

As the test set is not publicly available, we use the sample set to tune the threshold of the parallel
sentence mining and the training set for evaluation, which is a common practice in similar studies (Hu
et al., 2020; Feng et al., 2020).

The results are summarized in Table 11. Our EASE models outperform the SimCSE baselines across the
languages, demonstrating that the entity contrastive objective improves the alignment of the multilingual
sentence embeddings without a parallel corpora. However, performance is significantly poor than that of
LaBSE, which is trained using massive amounts of parallel corpora, suggesting that we still need parallel
resources to be competitive on this task.

en-de en-fr en-ru en-zh

SimCSE-mBERTbase 13.2 19.2 7.9 11.5
EASE-mBERTbase 26.9 33.8 24.2 32.9

SimCSE-XLM-Rbase 31.8 32.3 28.9 19.9
EASE-XLM-Rbase 33.3 33.2 33.6 23.4

LaBSE 89.0 88.2 84.7 74.2

Table 11: The F1 scores on BUCC 2018 the training set. Retrieval is performed in forward search, i.e., English
sentences as the targets and the other language as the queries.

D Detailed Settings for MLDoc Experiment

We use the english.train.1000 and english.dev datasets for the training and validation data, respectively.
We conduct a grid-search for batch size ∈ {32, 64, 128} and learning rate ∈ {0.1, 0.01, 0.001} using
validation data 12. We run the experiment three times with different random seeds and record the average
scores.

Model Batch size Learning Rate

mBERTbase(avg.) 32 0.1
XLM-Rbase(avg.) 32 0.1
SimCSE-mBERTbase 32 0.1
SimCSE-XLM-Rbase 32 0.01
EASE-mBERTbase 32 0.01
EASE-XLM-Rbase 32 0.01

Table 12: Hyperparameters for MLDoc experiment
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E Construction of MewsC-16 Dataset

To construct the MewsC-16 dataset, we collect sentences for each category in each language from the
Wikinews dump.12 We first select 13 topic categories in the English Wikinews 13 that are also defined
in other languages (Science and technology, Politics and conflicts, Environment, Sports, Health, Crime
and law, Obituaries, Disasters and accidents, Culture and entertainment, Economy and business, Weather,
Education, Media). We then collect pages with topic categories for each language and remove the pages
with two or more topic categories. We clean the text on each page with the Wikiextractor tool14,
and split it into sentences using the polyglot sentence tokenizer. Finally, we use the first sentence
assuming that it well represents the topic of the entire article (Baxendale, 1958; Edmundson, 1969). The
corpus statistics for each language are shown in Table 13.

Language # of sentences # of label types Language # of sentences # of label types

ar 2,243 11 fr 10,697 13
ca 3,310 11 ja 1,984 12
cs 1,534 9 ko 344 10
de 6,398 8 pl 7,247 11
en 12,892 13 pt 8,921 11
eo 227 8 ru 1,406 12
es 6,415 11 sv 584 7
fa 773 9 tr 459 7

total 65,425 13

Table 13: Corpus statistics for MewsC-16

12https://dumps.wikimedia.org/backup-index.html
13https://en.wikinews.org/wiki/Category:News_articles_by_section
14https://github.com/attardi/wikiextractor
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F Baselines

For average GloVe embedding (Pennington et al., 2014), we use open-source GloVe vectors trained on
Wikipedia and Gigaword with 300 dimensions.15 We use the pretrained model from HuggingFace’s
Transformers16 for vanilla pretrained language models, including BERT (bert-base-uncased) (Devlin
et al., 2019), RoBERTa (roberta-base) (Liu et al., 2019), mBERT (bert-base-multilingual-cased) and
XLM-R (xlm-roberta-base) (Conneau et al., 2020). We use the published checkpoints for unsupervised
SimCSE (Gao et al., 2021)17, CT (Carlsson et al., 2021)18, and DeCLUTR (Giorgi et al., 2021).19

G Monolingual STS and STC

Table 14 and 15 show the complete results for seven STS tasks and eight STC tasks. For STS, the average
EASE performance is slightly better than that of SimCSE, although the advantage is not consistent across
tasks. For most of the STC tasks, EASE consistently outperforms SimCSE. These results indicate that
EASE stands out at capturing high-level categorical semantic structures and that its ability to measure
sentence semantic similarity is comparable to or better than that of SimCSE.

Model STS12 STS13 STS14 STS15 STS16 STS-B SICK-R Avg.

GloVe embeddings (avg.) 55.1 70.7 59.7 68.3 63.7 58.0 53.8 61.3
BERTbase (avg.) 30.9 59.9 47.7 60.3 63.7 47.3 58.2 52.6
BERTbase-flow 58.4 67.1 60.9 75.2 71.2 68.7 64.5 66.6
BERTbase-whitening 57.8 66.9 60.9 75.1 71.3 68.2 63.7 66.3
IS-BERTbase

♡ 56.8 69.2 61.2 75.2 70.2 69.2 64.3 66.6
CT-BERTbase 61.6 76.8 68.5 77.5 76.5 74.3 69.2 72.1
SimCSE-BERTbase 68.4 82.4 74.4 80.9 78.6 76.9 72.2 76.3
EASE-BERTbase 72.8 81.8 73.7 82.3 79.5 78.9 69.7 77.0
RoBERTabase (avg.) 32.1 56.3 45.2 61.3 62.0 55.4 62.0 53.5
RoBERTabase (first-last avg.) 40.9 58.7 49.1 65.6 61.5 58.6 61.6 56.6
DeCLUTR-RoBERTabase 52.4 75.2 65.5 77.1 78.6 72.4 68.6 70.0
SimCSE-RoBERTabase 68.7 82.6 73.6 81.5 80.8 80.5 67.9 76.5
EASE-RoBERTabase 70.9 81.5 73.5 82.6 80.5 80.0 68.4 76.8

Table 14: Spearman’s correlation for monolingual semantic textual similarity tasks.

Model AG Bio G-S G-T G-TS SO SS Tweet Avg.

GloVe embeddings (avg.) 83.2 30.7 59.0 58.3 67.4 29.9 70.4 52.1 56.4
BERTbase (avg.) 79.8 32.5 55.0 47.0 62.4 21.7 64.0 44.6 50.9
CT-BERTbase 79.2 38.7 65.5 60.7 69.8 67.9 55.5 55.2 61.6
SimCSE-BERTbase 74.4 34.3 59.5 57.8 64.4 49.6 64.3 52.1 57.1
EASE-BERTbase 85.8 36.2 60.5 60.4 67.0 68.1 71.7 54.8 63.1
RoBERTabase (avg.) 66.5 26.6 47.9 42.8 58.3 16.7 30.0 38.6 40.9
DeCLUTR-RoBERTabase 80.7 41.0 65.2 60.5 69.6 32.9 73.6 56.8 60.0
SimCSE-RoBERTabase 69.8 37.3 60.0 58.0 66.6 69.3 48.3 50.0 57.4
EASE-RoBERTabase 69.4 39.3 60.7 57.7 66.3 73.9 49.4 51.8 58.6

Table 15: Clustering accuracy for monolingual short text clustering tasks.

15https://nlp.stanford.edu/projects/glove/
16https://github.com/huggingface/transformers
17https://github.com/princeton-nlp/SimCSE
18https://github.com/FreddeFrallan/Contrastive-Tension
19https://github.com/JohnGiorgi/DeCLUTR
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Abstract

Recent work incorporates pre-trained word em-
beddings such as BERT embeddings into Neu-
ral Topic Models (NTMs), generating highly
coherent topics. However, with high-quality
contextualized document representations, do
we really need sophisticated neural models to
obtain coherent and interpretable topics? In
this paper, we conduct thorough experiments
showing that directly clustering high-quality
sentence embeddings with an appropriate word
selecting method can generate more coherent
and diverse topics than NTMs, achieving also
higher efficiency and simplicity.1

1 Introduction

Topic modelling is an unsupervised method to un-
cover latent semantic themes among documents
(Boyd-Graber et al., 2017). Neural topic mod-
els (NTMs) (Miao et al., 2016; Srivastava and
Sutton, 2017) incorporating neural components
have significantly advanced the modelling results
than the traditional Latent Dirichlet Allocation
(LDA; Blei et al. 2001). Later, contextualized
word and sentence embeddings produced by pre-
trained language models such as BERT (Devlin
et al., 2019) have demonstrated the state-of-the-art
results in multiple Natural Language Processing
(NLP) tasks (Xia et al., 2020), which attracts atten-
tions from the topic modelling community. Recent
work has successfully incorporated these contextu-
alized embeddings into NTMs, showing improved
topic coherence than conventional NTMs that use
Bag-of-Words (BoW) as document representations
(Bianchi et al., 2021a,b; Jin et al., 2021). Despite
the promising performance, existing NTMs are gen-
erally based on a variational autoencoder frame-
work (VAE; Kingma and Welling 2014), which
suffers from hyper-parameters tuning and compu-
tational overheads (Zhao et al., 2021). Moreover,

1Code is available at https://github.com/
hyintell/topicx

the integration of the pre-trained embeddings to the
standard VAE framework adds additional model
complexity. With high-quality contextualized doc-
ument representations, do we really need sophisti-
cated NTMs to obtain coherent and interpretable
topics?

Recent work (Aharoni and Goldberg, 2020; Sia
et al., 2020; Thompson and Mimno, 2020; Grooten-
dorst, 2020) has shown that directly congregating
contextualized embeddings can get semantically
similar word or document clusters. Specifically,
Sia et al. (2020) cluster vocabulary-level word em-
beddings and obtain top words from each cluster
using weighing and re-ranking, while Thompson
and Mimno (2020) consider polysemy and perform
token-level clustering. However, the use of term
frequency (TF) to select topic words fails to cap-
ture the semantics of clusters precisely because
words with high frequency may be common across
different clusters. Grootendorst (2020) propose a
class-based Term Frequency- Inverse Document
Frequenc (c-TF-IDF) method that extract impor-
tant words from each clustered documents, which
tends to choose representative words within each
cluster to form topics. However, it overlooks the
global semantics between clusters which could be
incorporated. In addition, all above works only
compare the performance with the traditional LDA
while ignoring the promising NTMs proposed re-
cently. The performance of the clustering-based
topic models is still yet uncovered.

Is neural topic modelling better than simple em-
bedding clustering? This work compares the per-
formance of NTMs and contextualized embedding-
based clustering systematically. Our main fo-
cus is to provide insights by comparing the two
paradigms for topic models, which has not been
investigated before. We employ a straightforward
framework for clustering. In addition, we explore
different strategies to select topic words for clus-
ters. We evaluate our approach on three datasets
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with various text lengths.
Our contributions are as follows: First, we find

that directly clustering high-quality sentence em-
beddings can generate as good topics as NTMs,
providing a simple and efficient solution to uncover
latent topics among documents. Second, we pro-
pose a new topic word selecting method, which is
the key to producing highly coherent and diverse
topics. Third, we show that the clustering-based
model is robust to the length of documents and
the number of topics. Reducing the embedding
dimensionality negligibly affects the performance
but saves runtime. From our best knowledge, we
are the first to compare with NTMs, using con-
textualized embeddings that produced by various
transformer-based models.

2 Models

This study compares embedding clustering-based
models with LDA and a series of existing NTMs
as follows. Implementation details are supplied in
Appendix A.

LDA (Blei et al., 2001): the representative tradi-
tional topic model in history that generates topics
via document-topics and topic-words distributions.

ProdLDA (Srivastava and Sutton, 2017): a
prominent NTM that employs the VAE (Kingma
and Welling, 2014) to reconstruct the BoW repre-
sentation.

CombinedTM (Bianchi et al., 2021a): extends
ProdLDA by concatenating the contextualized
SBERT (Reimers and Gurevych, 2019) embed-
dings with the original BoW as the new input to
feed into the VAE framework.

ZeroShotTM (Bianchi et al., 2021b): also builds
upon ProdLDA, but it replaces the original BoW
with SBERT embeddings entirely.

BERT+KM (Sia et al., 2020): a clustering-based
method that first uses K-Means (KM) to cluster
word embeddings, then apply TF to weight and
re-rank words to obtain topic words.

BERT+UMAP+HDBSCAN (i.e., BERTopic)
(Grootendorst, 2020): a clustering-based method
that first leverages HDBSCAN (McInnes and
Healy, 2017) to cluster BERT embeddings of the
sentences and Uniform Manifold Approximation
Projection (UMAP) (McInnes et al., 2018) to re-
duce embedding dimensions, then use a class-based
TFIDF (i.e. c-TF-IDF) to select topic words within
each cluster. Note that BERTopic may not generate
the specified number of topics.

Figure 1: Architecture of our method. Reducing embedding
dimension is optional but can save runtime (see Section 4.4).

Contextual Embeddings+UMAP+KM (our
method CETopic): we use a simple clustering
framework with contextualized embeddings for
topic modelling, as shown in Figure 1. We first
encode pre-processed documents to obtain contex-
tualized sentence embeddings through pre-trained
language models. After that, we lower the dimen-
sion of the embeddings before applying clustering
methods (e.g., K-Means; KM) to group similar doc-
uments. Each cluster will be regarded as a topic.
Finally, we adopt a weighting method to select rep-
resentative words as topics.

We believe that high-quality document embed-
dings are critical for clustering-based topic mod-
elling. We thus experiment with different embed-
dings including BERT, RoBERTa (Liu et al., 2019),
and SBERT. We also adopt SimCSE (Gao et al.,
2021), a recently proposed sentence embeddings
of contrastive learning, that has shown the state-of-
the-art performance on multiple semantic textual
similarity tasks. Both supervised and unsupervised
SimCSE are investigated in our experiment (e.g.,
Table 2).

Pre-trained contextualized sentence embeddings
often have high dimensionalities. To reduce the
computational cost, we apply the UMAP in our
implementation to reduce the dimensionality while
maintaining the essential information of the embed-
dings. We find that reducing dimensionality before
clustering has a negligible impact on performance
(Section 4.4).

We cluster the dimension-reduced sentence em-
beddings using K-Means because of its efficiency
and simplicity. Semantically close documents are
gathered together, and each cluster is supposed to
represent a topic.

3 Topic Words for Clusters

Once we have a group of clustered documents, se-
lecting representative topic words is vital to iden-
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tify semantics of topics. Inspired by previous
works (Ramos et al., 2003; Grootendorst, 2020),
we explore several weighting metrics to obtain
topic words in clusters. Let nt,d be the frequency
of word t in document d,

∑
t′ nt′,d be the to-

tal words’ frequency in the document, and D be
the entire corpus. Term Frequency-Inverse Docu-
ment Frequency (TFIDF) is defined as TFIDF =
nt,d∑
t′ nt′,d

· log
(

|D|
|{d∈D:t∈d}|

)
. While capturing the

word importance across the entire corpus, TFIDF
ignores that semantically similar documents have
been grouped together. To address this issue, we
consider two alternative strategies. First, we con-
catenate the documents within a cluster to be a
single long document and calculate the term fre-
quency of each word in each cluster:

TFi =
nt,i∑
t′ nt′,i

(1)

where nt,i is the frequency of word t in cluster i,∑
t′ nt′,i is the total word frequency in the cluster.

Second, for each cluster i, we apply TFIDF:

TFIDFi =
nt,di∑
t′ nt′,di

· log
( |Di|
|{d ∈ Di : t ∈ d}|

)
(2)

where nt,di denotes the frequency of word t in
document d, which is in cluster i, and |Di| is the
number of documents in cluster i.

Besides the two local cluster-based strategies,
we further incorporate the global word importance
with local term frequency within each cluster:

TFIDF×TFi = TFIDF ·TFi (3)

and we combine the global word importance with
term frequency across clusters:

TFIDF× IDFi = TFIDF · log
( |K|
|{t ∈ K}|

)
(4)

where |K| is the number of clusters and |{t ∈ K}|
is the number of clusters that word t appears.

4 Experiments

4.1 Datasets
We adopt three datasets of various text lengths in
our experiments, namely 20Newsgroups2, M10
(Lim and Buntine, 2015), and BBC News (Greene
and Cunningham, 2006). We follow OCTIS (Ter-
ragni et al., 2021) to pre-process these raw datasets.
The statistics of the datasets are shown in Table 1.

2http://qwone.com/~jason/20Newsgroups/

Dataset D V L Nd

20Newsgroups 16,309 1,612 20 48
M10 8,355 1,696 10 5.9
BBC News 2,225 2,949 5 120

Table 1: Statistics of the pre-processed datasets, where
D denotes the total number of documents, V denotes
the vocabulary size, L denotes the number of corpus
categories, andNd denotes the average number of words
per document.

4.2 Evaluation Metrics

We evaluate the topic quality in terms of both topic
diversity and topic coherence: Topic Diversity (TU)
(Nan et al., 2019) measures the uniqueness of the
words across all topics; Normalized Pointwise Mu-
tual Information (NPMI) (Newman et al., 2010)
measures topic coherence internally using a slid-
ing window to count word co-occurrence patterns;
Topic Coherence (CV ) (Röder et al., 2015) is a
variant of NPMI that uses the one-set segmenta-
tion to count word co-occurrences and the cosine
similarity as the similarity measure.

4.3 Results & Analysis

We report the main results in Table 2.
Directly clustering high-quality sentence em-

beddings can generate good topics. From Table 2,
it can be observed that SBERT and SimCSE-based
clustering models achieve the best averaged topic
coherence among the three datasets while maintain-
ing remarkable topic diversities. Conversely, clus-
tering RoBERTa achieves similar or worse results
than contextualized NTMs. The results suggest
that contextualized embeddings are essential to get
high-quality topics.

Topic words weighting method is vital. We
can see in Figure 2 that inappropriate word se-
lecting methods (TFIDF×TFi and TFi) lead
to worse topic coherence than the contextualized
NTMs (i.e., CombinedTM and ZeroShotTM), and
even the BoW-based ProdLDA. Moreover, from
Table 2, BERTbase+KM adopt TF to obtain top
words for each cluster, which ignores that the words
may also be prevalent in other clusters, thus hav-
ing poor topic diversities. It is also worthy to note
that although BERTbase+UMAP+HDBSCAN (i.e.
BERTopic) reaches the highest topic diversity on
20Newsgroups, it cannot produce the specified
topic numbers. Thus its performance may be
boosted because of the reduced topic numbers.
Moreover, our proposed methods, i.e. BERTbase

3888

http://qwone.com/~jason/20Newsgroups/


20Newsgroups M10 BBC News
Model TU NPMI CV TU NPMI CV TU NPMI CV
LDA 0.717 0.040 0.511 0.681 -0.177 0.336 0.312 -0.014 0.357
ProdLDA 0.736 0.045 0.574 0.650 -0.260 0.432 0.702 -0.044 0.540
CombinedTM 0.700 0.065 0.601 0.581 0.001 0.443 0.606 0.042 0.639
ZeroShotTM 0.729 0.069 0.614 0.633 -0.056 0.433 0.699 -0.050 0.531
BERTbase+KM† 0.346 0.065 0.521 0.484 0.116 0.588 0.529 0.111 0.637
BERTbase+UMAP+HDBSCAN‡ 0.805 0.059 0.534 0.730 -0.017 0.606 0.732 0.089 0.686
BERTbase

∗ 0.562 0.118 0.649 0.763 0.146 0.725 0.689 0.129 0.700
BERTlarge

∗ 0.550 0.116 0.646 0.743 0.138 0.715 0.684 0.132 0.705
RoBERTabase∗ 0.385 0.028 0.464 0.634 -0.008 0.480 0.671 0.098 0.646
RoBERTalarge∗ 0.404 0.014 0.440 0.669 0.001 0.506 0.673 0.046 0.555
BERTbase+UMAP∗ 0.589 0.128 0.671 0.794 0.159 0.706 0.716 0.135 0.716
BERTlarge+UMAP∗ 0.563 0.126 0.662 0.751 0.176 0.681 0.721 0.139 0.720
RoBERTabase+UMAP∗ 0.434 0.063 0.522 0.640 0.091 0.547 0.710 0.106 0.664
RoBERTalarge+UMAP∗ 0.463 0.054 0.499 0.636 0.046 0.513 0.706 0.077 0.632
SBERTbase

∗ 0.668 0.126 0.658 0.832 0.164 0.742 0.727 0.137 0.719
SBERTlarge

∗ 0.674 0.135 0.673 0.844 0.168 0.752 0.718 0.134 0.714
SRoBERTabase∗ 0.670 0.128 0.654 0.815 0.149 0.713 0.719 0.131 0.699
SRoBERTalarge∗ 0.649 0.115 0.640 0.823 0.155 0.735 0.696 0.122 0.694
SBERTbase+UMAP∗ 0.679 0.139 0.690 0.841 0.192 0.715 0.749 0.142 0.730
SBERTlarge+UMAP∗ 0.681 0.139 0.691 0.836 0.203 0.723 0.744 0.136 0.725
SRoBERTabase+UMAP∗ 0.680 0.138 0.684 0.830 0.192 0.722 0.747 0.135 0.716
SRoBERTalarge+UMAP∗ 0.680 0.131 0.670 0.799 0.196 0.700 0.728 0.121 0.705
Unsup-SimCSE(BERTbase)∗ 0.677 0.147 0.694 0.831 0.180 0.750 0.730 0.142 0.722
Unsup-SimCSE(BERTlarge)∗ 0.700 0.145 0.693 0.832 0.182 0.750 0.728 0.135 0.714
Unsup-SimCSE(RoBERTabase)∗ 0.696 0.142 0.682 0.823 0.164 0.726 0.731 0.137 0.700
Unsup-SimCSE(RoBERTalarge)∗ 0.722 0.147 0.694 0.812 0.171 0.734 0.736 0.142 0.711
Unsup-SimCSE(BERTbase)+UMAP∗ 0.692 0.139 0.685 0.851 0.206 0.744 0.733 0.146 0.729
Unsup-SimCSE(BERTlarge)+UMAP∗ 0.694 0.145 0.698 0.843 0.200 0.721 0.736 0.128 0.709
Unsup-SimCSE(RoBERTabase)+UMAP∗ 0.689 0.145 0.703 0.843 0.192 0.726 0.747 0.130 0.701
Unsup-SimCSE(RoBERTalarge)+UMAP∗ 0.717 0.146 0.701 0.813 0.190 0.710 0.752 0.138 0.713
Sup-SimCSE(BERTbase)∗ 0.721 0.151 0.702 0.829 0.180 0.746 0.736 0.143 0.720
Sup-SimCSE(BERTlarge)∗ 0.706 0.155 0.709 0.833 0.189 0.762 0.744 0.146 0.730
Sup-SimCSE(RoBERTabase)∗ 0.718 0.145 0.693 0.829 0.170 0.734 0.738 0.140 0.715
Sup-SimCSE(RoBERTalarge)∗ 0.716 0.148 0.696 0.826 0.179 0.742 0.751 0.147 0.726
Sup-SimCSE(BERTbase)+UMAP∗ 0.714 0.146 0.698 0.815 0.202 0.730 0.739 0.143 0.724
Sup-SimCSE(BERTlarge)+UMAP∗ 0.721 0.150 0.704 0.834 0.206 0.728 0.750 0.145 0.729
Sup-SimCSE(RoBERTabase)+UMAP∗ 0.709 0.144 0.700 0.822 0.195 0.711 0.752 0.142 0.723
Sup-SimCSE(RoBERTalarge)+UMAP∗ 0.708 0.147 0.701 0.818 0.189 0.704 0.754 0.145 0.725

Table 2: Topic coherence (NPMI and CV ) and topic diversity (TU) of the top 10 words. All results are averaged
across the 5 number of topics (K = {ground truth, 25, 50, 75, 100}). Each model is averaged over 5 runs. Best
results are in bold. †: we use the method from (Sia et al., 2020), which uses PCA to reduce embedding dimensionality
and TF to select words. ‡: we use BERTopic (Grootendorst, 2020) (Note that BERTopic cannot reach the specified
topic number, thus may have performance increased). ∗: our method CETopic adopts KM to cluster embeddings
and TFIDF× IDFi (Eq. 4) to select topic words. Dimensionality: base: 768, large: 1024.
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Figure 2: Topic coherence (CV ) and diversity (TU) of different models over different topic number K. Cluster models use
SBERTbase+UMAP and Sup-SimCSE(BERTbase)+UMAP.
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Method Avg TU Avg NPMI Avg CV
TFi 0.442 0.081 0.555
TFIDFi 0.508 0.110 0.626
TFIDF×TFi 0.438 0.078 0.551
TFIDF× IDFi 0.689 0.145 0.702

Table 3: Comparison between different topic word
selecting methods on 20Newsgroups using Unsup-
SimCSE(RoBERTabase)+UMAP with K = 30.

and BERTbase+UMAP outperforms BERTopic in
most metrics, especially on topic coherence. This
suggests that c-TF-IDF tends to discover incoher-
ent words from each cluster to maintain a high
topic uniqueness. Instead, our proposed method,
TFIDF× IDFi, considers the locally important
words and globally infrequent words at the same
time. We provide more comparison of the word
selecting methods in Section 4.4.

Clustering-based topic models are robust to
various lengths of documents. From Table 2 and
Figure 2, we find that clustering-based models with
high-quality embeddings (SBERT and SimCSE)
consistently perform better than conventional LDA
and NTMs, especially on the short text dataset M10,
even with different word selecting methods.

4.4 Ablation Studies

We further investigate the impact of the topic word
selecting methods, different embedding dimension-
alities, as well as the topic numbers.

Topic word selecting methods. Table 3 shows
the comparison between different word weighting
methods. TFIDF× IDFi achieves significantly
better results among all methods. This indicates
that TFIDF marks out the important words to
each document in the entire corpus, while IDFi

penalizes the common words in multiple clusters.
Conversely, the other three methods ignore that
frequent words in a cluster may also be prevalent
in other clusters, hence selecting such words lead-
ing to low topic diversities. A further analysis in
Appendix B also supports the observation.

Embedding dimensionality reduction. We ap-
ply UMAP to reduce the dimensionality of the sen-
tence embeddings before clustering. As shown in
Figure 3, the embeddings dimensionality negligibly
affects topic quality for all word selecting methods.
However, reducing to a lower dimensionality de-
creases the computational runtime as shown in Ta-
ble 4. We compare the model runtime between the
contextualized NTM CombinedTM and clustering-
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Figure 3: Topic coherence and diversity over differ-
ent embedding dimensions on BBC News using Unsup-
SimCSE(RoBERTabase)+UMAP with K = 30.

based models. We reduce the dimensionality of
the sentence embeddings to 50 using UMAP. All
models run on NVIDIA T4 GPU.

Model Runtime
CombinedTM 149s

SBERT(BERTbase) 113s
SBERT(BERTbase)+UMAP to dim=50 101s

Table 4: Runtime comparison on 20Newsgroups with K =
30. Results are averaged across 5 runs.

Topic numbers K. We investigate the impact
of the different number of topics K on the perfor-
mance of the models. Figure 2 plots the trends of
TU and CV on three datasets. We observe that the
TU of clustering-based topic models, especially the
models using TFIDF× IDFi, decrease slowly
compared to others when K increases. The similar
trend can be observed for topic coherence, while
the CV of LDA and NTMs either fluctuates signifi-
cantly or stays at a low level.

5 Conclusion

We conduct a thorough empirical study to show that
a clustering-based method can generate commend-
able topics as long as high-quality contextualized
sentence embeddings are used, together with an ap-
propriate topic word selecting strategy. Compared
to neural topic models, clustering-based models are
more simple, efficient and robust to various doc-
ument lengths and topic numbers, which can be
applied in some situations as an alternative.
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A Configuration Details

We implement LDA and NTMs based on OCTIS (Terragni et al., 2021) 3 and use their default settings.
Specifically, ProdLDA, CombinedTM, and ZeroShotTM share the same configurations, i.e. one hidden
layer with 100 neurons, ADAM optimizer and Momentum as 0.99; we randomly dropout 20% hidden
units; we run 100 epochs of each model, and the batch size is 64. For BERT+KM, we follow Sia et al.
(2020) by reducing embedding dimension to 50 using Principal Component Analysis (PCA) and adopting
TF to select words. For BERT+UMAP+HDBSCAN, we follow BERTopic Grootendorst (2020) and
allows it to reduce the topic numbers. For our methods, we implement clustering-based experiments based
on BERTopic (Grootendorst, 2020) 4. We reduce embedding dimension to 5 using UMAP. We use BERT,
RoBERTa, and SBERT embeddings provided by HuggingFace 5, and SimCSE embeddings provided from
its official Github 6.

B Comparison of Topic Words

We run Sup-SimCSE(RoBERTabase)+UMAP on 20Newsgroup and show the differences of topic diversi-
ties produced by distinct word selecting methods in Table 5. It is clear that TFIDFi and TFi tend to
choose common words across multiple topics.

Topic Weighting Method Topic Words

Topic 1
TFIDF× IDFi car bike ride engine brake tire drive mile road front

TFIDFi car bike good brake drive make ride time engine tire
TFi car bike good drive make time engine ride back year

Topic 2
TFIDF× IDFi armenian turkish people kill israeli genocide village jewish war government

TFIDFi armenian people turkish genocide government make israeli kill time village
TFi people armenian turkish make kill government time year state child

Table 5: Comparison of topic words generated using different weighting methods when K = 30. Repeated words
across topics are marked with an underline. Incoherent words are in bold.

3https://github.com/MIND-Lab/OCTIS
4https://github.com/MaartenGr/BERTopic
5https://huggingface.co/models
6https://github.com/princeton-nlp/SimCSE
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Abstract

Existing video question answering (video QA)
models lack the capacity for deep video under-
standing and flexible multistep reasoning. We
propose for video QA a novel model which per-
forms dynamic multistep reasoning between
questions and videos. It creates video semantic
representation based on the video scene graph
composed of semantic elements of the video
and semantic relations among these elements.
Then, it performs multistep reasoning for better
answer decision between the representations of
the question and the video, and dynamically
integrate the reasoning results. Experiments
show the significant advantage of the proposed
model against previous methods in accuracy
and interpretability. Against the existing state-
of-the-art model, the proposed model dramati-
cally improves more than 4%/3.1%/2% on the
three widely used video QA datasets, MSRVTT-
QA, MSRVTT multi-choice, and TGIF-QA,
and displays better interpretability by backtrac-
ing along with the attention mechanisms to the
video scene graphs.

1 Introduction

Video question answering (video QA) aims to an-
swer questions according to the given videos. It is
usually defined as a classification task, where the
most appropriate answer is chosen from a candidate
list for the given question and video. Existing meth-
ods for video QA conduct direct answering selec-
tion based on the multimodal encoding of questions
and videos (Jang et al., 2017; Lei et al., 2018, 2020).
In recent years, researchers have proposed many
optimization strategies for better performance in
video question answering, e.g., designing delicate
encoding mechanisms (Kim et al., 2020a; Nuamah,
2021; Gao et al., 2018; Li et al., 2019; Fan et al.,
2019; Le et al., 2020; Jiang et al., 2020; Kim et al.,
2020b; Seo et al., 2021), introducing video scene

∗This is joint work of CASICT and Baidu.

Predicted Answer:
ClipBERT: something             Ours: ball

Question (Q): 
what does a teenager end up on after his basketball throws 
miss the hoop as his friends watch by a gray house ?

Question (Q): 
what are people throwing around ?

Question (Q): 
what does the video show old footage of a man and also of ?

Predicted Answer:
ClipBERT: movie             Ours: beach

Predicted Answer:
ClipBERT: trampoline             Ours: ground

Complexity：Easy
Reasoning Process：
-> Q: Identify answer type: Object (what)
-> Q: Identify action: throwing around
-> Q: Identify person: people
-> I1-I4: Identify scene: a group of people
-> I1-I4: Identify scene: people playing ball 
-> Choose the answer: ball

Complexity：Medium
Reasoning Process：
-> Q: Identify answer type: Object (what)
-> Q: Identify person: a man (in a old footage)
-> Q: Identify condition: also of

-> Exclude old footage and man
-> I1-I2: Identify scene: beach with a lot of people
-> I3: Identify scene: sea and beach
-> Choose the answer: beach 

Complexity：Hard
Reasoning Process：
-> Q: Identify answer type: Object (what)
-> Q: Identify person: a teenager
    -> Q: Identify action: throws  basketball
-> Q: Identify person: his friends
    -> Q: Identify action: watch
    -> Q: Identify location: by a gray house
-> Q: Identify conditon: after throws miss the hoop
-> I1-I3: Identify scene: a teenager playing baskterball
-> I4: Identify scene: basketball on the ground
-> Choose the answer: ground

I1 I2 I3 I4

I1 I2 I3 I4

I1 I2 I3 I4

Figure 1: Error cases of the previous state-of-the-art
method (Lei et al., 2021) that needed multistep reason-
ing. We demonstrate the multistep reasoning process
based on question and video(left).

graphs (Garcia and Nakashima, 2020), adopting
video pre-trained language models (Li et al., 2020;
Zellers et al., 2021; Li and Wang, 2020; Lei et al.,
2021; Sun et al., 2019), and leveraging external
knowledge or resources (Chadha et al., 2020; Gar-
cia et al., 2020; Liu et al., 2020b; Song et al., 2021;
Garcia and Nakashima, 2020). Compared with
conventional monomodal question answering tasks
such as text QA (Oguz et al., 2021; Zhou et al.,
2018; Lin et al., 2018) and table QA (Cao et al.,
2021; Wang et al., 2019). Video QA is more diffi-
cult due to the need for crossmodal understanding
and reasoning of the video and the question. Ex-
isting methods are mainly concerned with how to
encode the crossmodal features better. When faced
with a complex question, they usually lack the abil-
ities of deep understanding and complex reasoning.

Similar to the situations in text QA and table
QA, it is also necessary for video QA to deeply
understand the semantics of the context, namely,
the video, and the reasoning on the context and the
question. Statistical analysis on several datasets
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Figure 2: Comparison of our model architecture with (a). popular video-and-language learning paradigm and
(b).ClipBERT. In contrast to most previous methods that adopt simple and implicit reasoning mechanisms, Our
method uses video scene graphs to represent the video semantic information and adopt a dynamic multistep
reasoning mechanism.

reveals that a significant percentage of failed cases
of the state-of-the-art (SOTA) model ClipBERT
(Lei et al., 2021) is caused by the lack of deep un-
derstanding and reasoning. Figure 1 shows some
error cases of the SOTA model on MSRVTT-QA.
We randomly select one hundered error cases and
find that about 24% of the error cases need multiple
steps of reasoning on the question and the video,
and about 15% of the error cases need a deep under-
standing of the semantic of the video. These cases
could be solved by a model emphasizing deep un-
derstanding and reasoning. The questions in these
three datasets are relatively simple according to the
building procedures (Xu et al., 2017a; Yu et al.,
2018a; Jang et al., 2017). It will be more valuable
for video QA to enable deep understanding and
reasoning on the question and the video in realistic
application scenarios.

In this work, we propose a novel dynamic rea-
soning model for video QA to overcome the weak-
ness of previous models in deep understanding and
reasoning. It first creates the video semantic rep-
resentation from the video scene graph, which is
composed of the semantic elements of the video
and the semantic relations between these elements.
Then it conducts multistep reasoning of the ques-
tion based on the video semantic representation to
generate a series of video-aware question represen-
tations. Finally, it generates the most appropriate
question representation for the final answering deci-
sion by dynamically integrating these video-aware
question representations according to the reasoning

complicity prediction. Figure 2 shows the overall
architecture of the proposed model and the com-
parison with previous methods. It simulates the
reasoning procedure of human beings, while pre-
vious methods follow the pipeline of multimodal
encoding and answering selection. In addition, the
proposed model enables the decomposition of ques-
tion understanding and video understanding, thus
leading to more opportunities for future optimiza-
tion. On the one hand, more external knowledge
resources and better reasoning architectures can be
introduced for better video QA performance. On
the other hand, it can act as a unified framework
for different QA tasks such as video QA, table QA,
and text QA.

We verify the proposed model on three well-
known datasets, MSRVTT-QA (Xu et al., 2017a),
MSRVTT multi-choice (Yu et al., 2018a), and
TGIF-QA (Jang et al., 2017), widely used in re-
cent video QA works (Jang et al., 2017; Gao et al.,
2018; Li et al., 2019; Fan et al., 2019; Le et al.,
2020; Zhu and Yang, 2020; Lei et al., 2021; Seo
et al., 2021). Experiments show that our model
achieves dramatic improvement over the powerful
state-of-the-art model ClipBERT (Lei et al., 2021),
with an average accuracy increment of more than 3
percentage points. Ablation studies show that the
dynamic reasoning strategy significantly outper-
forms previous implicit simple reasoning strategies.
The video semantic representation based on the
video scene graph makes the dynamic reasoning
strategy work better. Backtracing along with the at-
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Figure 3: Overview of our model architecture. It contains two part: 3.2. Video Representation Learning (right) and
3.3. Dynamic Multistep Reasoning (left)

.

tention mechanism to the video scene graph clearly
shows the semantic elements that answer decision
relies on each reasoning step, thus giving better
interpretability than most of the previous methods.

2 Background

Given the question q, video question answering
requires choose the correct answer â from the can-
didates set Ωa according to the video content V .

â = argmax
a∈Ωa

p(a|q, V ; θ) (1)

As Figure 2 (a) shows, most existing works uti-
lize offline (stop gradient) extracted dense video
features and text features. As Figure 2 (b) shows,
ClipBERT (Lei et al., 2021) achieves the state-of-
the-art by using sparsely sampled clips and raw text
for end-to-end training, yet suffer from two main
drawbacks: (i) Lack of a deep understanding of
the video content and reasoning on the question
based on the video. (ii) Strong coupling between
video and question modeling process, which needs
additional image-text pair data for pre-training to
enhance the ability of the text encoder to model
multimodal features and leads to poor scalability
and repeated computation. As shown in Figure 2
(c), we propose a simple but effective architecture
to solve the weakness of previous works. It first de-

couples the question understanding module and the
video understanding module. Then, we introduce
the video scene graph to get a better representa-
tions of the video semantic information, which can
enhance the understanding of the video content
and its graph structure is also better for reasoning.
At last, we design a dynamic multistep reasoning
mechanism to iteratively deepen the understanding
of the question according to the video content.

3 Method

3.1 Overall Architecture

Figure 3 gives an overview of the model architec-
ture. For the visual representation, we use both
video scene graphs and image features. On the
one hand, we construct a video scene graph to rep-
resent semantic information in a structural form.
On the other hand, we use Swin Transformer (Liu
et al., 2021) to extract image features to make up
for the missing information of the scene graph. The
reasoning module (Reasoner) will iteratively up-
dates the understanding of the question according
to the video content. The Evaluator will decide
the number of reasoning steps according to the
complexity of the question. The Integrator will
integrate all intermediate reasoning results to get
the final reasoning results. The answer decision
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module chooses an answer according to the final
comprehensive understanding of the question.

3.2 Video Representation Learning

We chose a structured video scene graph to describe
video semantics which is better for reasoning. We
also extract image features by Swin Transformer
(Liu et al., 2021) to make up for the missing infor-
mation in the scene graph. The video scene graph
and the image features constitute the Video Repre-
sentation Memory shown in Figure 3, a memory
for the Reader module to access.

3.2.1 Video Scene Graph
The video scene graph is the basis for conducting
dynamic reasoning, it is a graph-based semantic
representation of video content, representing the
objects in the video, their attributes, and their re-
lationships in a structured form. Unlike the im-
age scene graph commonly used in visual question
answering, our video scene graph is semantically
richer and contains spatio-temporal information of
the video. Specifically, We first use an image cap-
tioning model to generate captions for each clip.
Then we use the scene parser (Schuster et al., 2015)
to convert each caption sentence into a semantic
sub-graph and integrate the same nodes of each
sub-graph to obtain a video scene graph. Com-
pared to caption sentences, the video scene graph
represents the video-level semantic information in
a structured form, better modeling the visual se-
mantic information.

Graph Representation Learning We first obtain
the embeddings of nodes n = {n1, n2, ..., nm} and
edges in the video scene graph via a parameter-
sharing language encoder. Then, we use graph
attention neural network (Veličković et al., 2017)
iteratively to update the representation of the scene
graph. Each node updates its representation based
on the correlation with its neighbor nodes.

n
′
i = aiiWni +

∑

j∈Ni
aijWnj (2)

where W is a weight matrix, aij is the attention
weight of node ni and nj , and Ni is the neighbors
of the node ni in the graph. In our experiments, we
use standard graph attention neural network setting,
applying the LeakyReLU nonlinearity (with neg-
ative input slope α = 0.2). At the same time, the
edges have explicit meanings of relations between
nodes, so we also consider edges features eij when

calculating attention weight. The attention weight
aij are computed as

aij =
exp(LeakyReLU(A(ni,nj , eij)))∑

k∈Ni exp(LeakyReLU(A(ni,nk, eik)))
(3)

A(ni,nj , eij) = Wa
⊤[Wni||Wnj ||Weeij ]

(4)
where .⊤ represents transposition, || is the concate-
nation operation and the Wa and We are weight
matrices.

3.2.2 Image Features
We extract image features to make up for the miss-
ing information in the scene graph. First, we use
Lei et al.’s sparse sampling method to sparsely
and randomly sample Ntrain clips {ci}Ntraini=1 from
video. Ntrain is typically much smaller than the
entire video length N . This sampling method can
reduce the computation cost and obtain better per-
formance than dense sampling. For inference, we
uniformly sample Ntest clips of the same duration.
Swin Transformer (Liu et al., 2021) is one of the
mainstream visual backbone networks. It allevi-
ates the problem of large variations in the scale of
visual entities and the high resolution of pixels in
images. We use it as a vision encoder Ev to extract
clip features {Fi}Ntraini=1 , Fi = Ev(ci) ∈ Rw×w×d,
where w is the window size and d is the feature
dimension.

3.3 Dynamic Multistep Reasoning

Humans will deepen their understanding of a com-
plex question through repeated reading the context
information. The more complex the question, the
more repetitions are required (Chang and Millett,
2013; Gorsuch and Taguchi, 2008; Carver and Hoff-
man, 1981). At each step of reading, people will
focus on different parts of the context information.
Inspired by it, we designed the dynamic multistep
reasoning mechanism. It will iteratively update the
understanding of the question based on the video
representations. We first extract the question repre-
sentation by language model RoBERTa (Liu et al.,
2019). Specifically, we concatenate the question
text with a special token [CLS] as the input and take
the [CLS]’s hidden state R0 as the representation
of the question. At the first reasoning step, we se-
lect R0 as the input. Then, we get question-related
information from Video Representation Memory
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through the Reader, which is an attention mecha-
nism. Then, we use this retrieved video information
to update the understanding of the question and get
the first reasoning step result R1 through the Up-
dater. At the next reasoning step, we select R1 as
the input. After S steps of reasoning, we obtain all
results R = {R0, R1, R2, ..., RS}.

Rs = Updater(Rs−1, V s−1) (5)

Updater consists of two linear transformations
with a ReLU activation in between.

Updater(Q,K) = Q+ReLU(W1K + b1)W2 + b2 (6)

where W1 and W2 are weight matrices and b1
and b2 are biases. Vs−1 represents question-related
video information.

V s−1 = Reader(Rs−1,Vid) (7)

where Vid consists of the node features
{n1, n2, ..., nm} of the video scene graph and im-
age features {F1, F2, ..., FNtrain}. We use Scaled
Dot-Product Attention (Vaswani et al., 2017) as the
Reader. The input consists of queryQ, and context
K of dimension dk.

Reader(Q,K) = softmax(
QK⊤√
dk

)K (8)

The word dynamic has two meanings: (i). dy-
namically decide the number of reasoning steps
according to the question’s complexity. (3.3 Evalu-
ator). (ii). dynamically integrate the results of all
reasoning steps as the final result. (3.3 Integrator).

Evaluator When humans begin faced with dif-
ferent complexity questions, they will dynamically
adjust the number of times to read relevant infor-
mation (Chang and Millett, 2013; Gorsuch and
Taguchi, 2008; Carver and Hoffman, 1981). We
propose the first dynamic reasoning strategy by im-
itating the human reading and understanding mech-
anisms. It will decides the number of reasoning
steps according to the complexity of the question.
Specifically, we perform a nonlinear transforma-
tion with GumbelSoftmax as activation function
on the question representation R0, and output an
S-dimensional vector D(R0) ∈ R1×S to represents
the distribution probability of the number of rea-
soning steps from 1 to S.

D(R0) = GumbelSoftmax(WdR
0 + b) (9)

Where Wd is a weight matrix, and b is a bias.
We choose the one with the greatest probability as
the number of the reasoning steps S.

Integrator In the reasoning process, the Reader
pays attention to the different parts of the video con-
tent at each step to gradually deepen the question’s
understanding. Therefore, we think the intermedi-
ate reasoning results are also helpful in choosing
an answer. After S steps of reasoning, we select all
intermediate reasoning results as input and perform
a nonlinear transformation with softmax function
to calculate the distribution of the weight of R and
get the weighted sum as the final reasoning results
Rf .

Rf = softmax(WfR+ b)R (10)

where Wf is a weight matrix and b is a bias.

3.4 Answer Decision

Given the final reasoning results Rf , we use two
fully-connected layers as a classifier to obtain the
logits lf for the answer options. Then we use a soft-
max function to obtain the probability distribution
of each answer option and apply cross-entropy loss
as our model loss L.

lf = classifier(Rf ) (11)

ŷ = softmax(lf ), L = −
M∑

i=1

yilogŷi (12)

4 Related Work

Video QA requires fine-grained modeling of multi-
modal features. We have witnessed many efforts de-
voted to video understanding for video QA. Some
methods use visual techniques such as object de-
tection (Ren et al., 2016) and image captioning
(Johnson et al., 2016; Rennie et al., 2017) to extract
additional visual information (Kim et al., 2020a).
In recent years, visual pre-training based on large-
scale data has become a popular method to improve
video applications including video QA (Li et al.,
2020; Zellers et al., 2021; Li and Wang, 2020; Sun
et al., 2019). In addition, several advanced tech-
niques such as contrastive self-supervised learning
(Kim et al., 2020b) and symbolized video scene
graph (Garcia and Nakashima, 2020) are proposed
to improve the performance of video understanding
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for video QA. We extract video semantic represen-
tations based on both the visual pre-training model
(Liu et al., 2021) and the video scene graphs. Ex-
periments show the amazing complementarity of
the two kinds of information.

Video QA also requires flexible reasoning for
complicated questions and videos. Although the
reasoning capability is rarely emphasized in previ-
ous work for video QA, it is broadly investigated
in other QA tasks (Clark et al., 2018). For example,
text QA resorts to iterative update of the question
and the context (Das et al., 2019; Liu et al., 2020a),
table QA generates a structural query such as SQL
which is then executed on the tabular data (Guo
et al., 2019), and visual QA builds a specific mod-
ule network according to the question and runs it
on the image (Andreas et al., 2016; Cao et al., 2018;
Hu et al., 2017). The overall architecture of the pro-
posed method is similar to the iterative reasoning
strategies for text QA but with significant innova-
tion. Our model can dynamically determine the
best integration strategy for the intermediate rea-
soning results according to the given question and
video, leading to better interpretability and much
better performance.

5 Experiments

In this section, we validate our method on three
mainstream video QA datasets. We conduct com-
parison experiments with previous works and per-
form ablation experiments to analyze the critical
improvement in our proposed method. We use
standard train/val/test splits for all datasets and use
accuracy to measure the performance. All experi-
mental results are the mean and standard deviation
of ten replicate experiments.

5.1 Datasets

MSRVTT-QA MSR-VTT (Xu et al., 2016) is a
large video description dataset. It provides 10k web
video clips with 41.1 hours and 200k clip-sentence
pairs in total. MSRVTT-QA (Xu et al., 2017a) is
created based on clip-sentence pairs in MSR-VTT
automatically through a program. It contains 243k
open-ended questions with 1500 answers.

MSRVTT-MC MSRVTT-MC (multiple-choice)
(Yu et al., 2018a) is a dataset for video-text match-
ing tasks built on MSR-VTT with videos are used
as queries, captions as answers. Each video con-
tains five captions. Only one is correct.

TGIF-QA TGIF-QA (Jang et al., 2017) dataset
contains 165K QA pairs for the animated GIFs
from the TGIF dataset. We experiment on 3 TGIF-
QA tasks: Repeating Action and State Transition
for multiple-choice QA and Frame QA for open-
ended QA. We follow most previous works and
ClipBERT’s (Lei et al., 2021) approach to leave
the Count task as future work as it requires directly
modeling full-length videos.

5.2 Results and Analysis
5.2.1 Comparison with existing approaches
As shown in Table 1, our method reaches
the new state-of-the-art and achieves
41.6%/91.4%/84.6%,90.1%,62.5% accuracy
on MSRVTT-QA/MSRVTT-MC (multi-choice)
/TGIF-QA (Action, Transition, FrameQA), with
4.2%/3.2%/1.8%,2.3%,2.2% improvement
over the previous state-of-the-art method Clip-
BERT (Lei et al., 2021). The Pre-training data
column represents that the model was pre-trained
with additional data. The results show that our
method achieves the best performance on all three
video question answering datasets without using
additional data.

5.2.2 Ablations Analysis
Comparsion of Different Architectures We
compare the three architectures shown in Figure 2,
namely, the widely-adopted architecture based on
Cross-Modal Encoding, ClipBERT, and the archi-
tecture proposed in this paper. For all architectures,
we use RoBERTa (Liu et al., 2019) as a language
encoder and Swin Transformer (Liu et al., 2021)
as a vision encoder. We sparsely sample 8 clips
from each video, then uniformly sample a single
frame within each clip. In addition, we remove
the video scene graph from our model and only
conduct single-step reasoning to ensure fairness.
Other hyper-parameters are the same for all models.
The results are given in Table 2, which show that
our architecture achieves the best performance, in
spite of the removing of the video scene graph and
only conducting single-step reasoning. This may
because that the proposed architecture makes deci-
sions based on the global video information, unlike
ClipBERT (Lei et al., 2021) and most other meth-
ods, which integrates the decision made by each
clip to get the final decision. Furthermore, unlike
previous works, we make a more apparent distinc-
tion between the process of question understanding,
video understanding, reasoning, and answer deci-
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Method Pre-training data MSRVTT TGIF-QA
QA MC Action Transition FrameQA

SNUVL (Yu et al., 2016) (by Yu et al.) - - 65.4 - - -
ST-VQA (Jang et al., 2017) (by Fan et al.) - 30.9 66.1 60.8 67.1 49.3
CT-SAN (Yu et al., 2017) (by Yu et al.) - - 66.4 - - -
MLB (Kim et al., 2016) (by Yu et al.) - - 76.1 - - -
JSFusion (Yu et al., 2018b) - - 83.4 - - -
ActBERT (Zhu and Yang, 2020) HowTo100M - 85.7 - - -
Co-Memory (Gao et al., 2018) (by Fan et al.) - 32.0 - 68.2 67.1 49.3
AMU (Xu et al., 2017b) - 32.5 - - - -
PSAC (Li et al., 2019) - - - 70.4 76.9 55.7
Heterogenous Memory (Fan et al., 2019) - 33.0 - 73.9 77.8 53.8
QuesST (Jiang et al., 2020) - - - 75.9 81.0 59.7
HCRN (Le et al., 2020) - 35.6 - 75.0 81.4 55.9
MASN (Seo et al., 2021) - 35.2 - 84.4 87.4 59.5
VQA-T (Yang et al., 2021) - 39.6 - - - -
VQA-T (Yang et al., 2021) HowTo100M 40.4 - - - -
VQA-T (Yang et al., 2021) HowToVQA69M 41.5 - - - -
HGQA (Xiao et al., 2021) - 38.6 - 76.9 85.6 61.3
CLIPBERT (Lei et al., 2021) COCO & VG 37.4 88.2 82.8 87.8 60.3
Ours - 41.6 91.4 84.6 90.1 62.5

Table 1: Comparison with state-of-the-art methods on video question answering. We verified performance on
standard test sets of three datasets. The evaluation metric is accuracy. It is worth specifying that ActBERT, VQA-T,
and CLIPBERT use additional large-scale data for pre-training. The results show that our method achieves the best
performance without the use of additional pre-training data.

Architecture #params
MSRVTT

(Acc.)
QA MC

Existing
methods 257M 35.2 ± 0.32 85.4 ± 0.36

ClipBERT 215M 37.8 ± 0.28 88.7 ± 0.29
Ours* 222M 38.5 ± 0.14 89.1 ± 0.16

Table 2: Our proposed architecture vs. Previous
mainstream architectures. All architectures use the
same language and vision encoder. For the architecture
of the existing methods, we use standard Transformer
Encoder as the module of Cross-Modal Encoding. For
fairness, we remove the video scene graph from our
model and only do single-step reasoning (Ours*). The
rest of the hyper-parameters are the same as each other.

sion, providing a basis for introducing video scene
graphs and dynamic multistep reasoning.

Analysis of Video Scene Graph We introduce
the video scene graph to get a structural visual
semantic representation which is better for reason-
ing. We use all architectures shown in Figure 2 as
the benchmarks to evaluate the effect of the video
scene graph. We use an image captioning model
to extract captions for each clip. Then we use the
scene parser (Schuster et al., 2015) to convert each
caption sentence into a semantic sub-graph and
integrate the same nodes of each sub-graph to ob-
tain a video scene graph. We use a 2-layer Graph
Attention Network (Veličković et al., 2017) with
12 heads to learn the representations of the scene

Architecture Visual Feat.
MSRVTT

(Acc.)
QA MC

Existing
methods

Image 35.2 ± 0.32 85.1 ± 0.36
Image + Caption 36.3 ± 0.26 85.9 ± 0.24
Image + Scene Graph 37.1 ± 0.16 86.4 ± 0.18

ClipBERT
Image 37.8 ± 0.28 88.7 ± 0.29
Image + Caption 38.4 ± 0.22 89.2 ± 0.19
Image + Scene Graph 39.2 ± 0.21 89.8 ± 0.18

Ours
Image 38.5 ± 0.14 89.1 ± 0.16
Image + Caption 39.0 ± 0.12 89.4 ± 0.11
Image + Scene Graph 39.5 ± 0.14 90.2 ± 0.11

Table 3: Impact of the video scene graph.

graph. As shown in Table 3, adding the clip-level
captions improves performance. And the video
scene graph brings further improvement. The video
scene graph contains video-level semantic informa-
tion in a structural form. Therefore, it can better
represent key semantic information and reduce re-
dundant information.

Analysis of Dynamic Reasoning As Table 4
shows. We first evaluate the simple static reason-
ing mechanism adopted by most previous works.
Then we evaluate the performance of the 3.3 Eval-
uator and 3.3 Integrator. Row 0 shows the result
of the single-step reasoning, achieving 39.5% ac-
curacy on MSRVTT-QA. As expected, the static
multistep reasoning mechanism (row 1-4) performs
better and achieves the best performance around
Step = 3. But the performance does not increase
when setting a larger number of steps. It means that
the average complexity of all questions is moderate,
which can be handled well with three-step reason-
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Step
Strategy

Integration
Strategy Step

MSRVTT
(Acc.)

QA MC
0 Single-Step - 1 39.5 ± 0.14 89.9 ± 0.11
1

Static
Multistep -

2 40.2 ± 0.12 90.4 ± 0.09
2 3 40.6 ± 0.12 90.6 ± 0.12
3 4 40.4 ± 0.13 90.4 ± 0.10
4 5 40.2 ± 0.11 90.2 ± 0.10
5 Evaluator - ≤ 5 40.8 ± 0.05 90.7 ± 0.04
6

Static
Multistep

MeanPooling

2 39.8 ± 0.11 90.3 ± 0.10
7 3 40.2 ± 0.10 90.4 ± 0.12
8 4 40.1 ± 0.13 90.4 ± 0.09
9 5 39.8 ± 0.12 90.2 ± 0.08
10

MaxPooling

2 40.3 ± 0.08 90.4 ± 0.07
11 3 40.9 ± 0.09 90.5 ± 0.08
12 4 40.6 ± 0.07 90.7 ± 0.09
13 5 40.8 ± 0.08 90.6 ± 0.07
14

Integrator

2 40.4 ± 0.05 90.5 ± 0.04
15 3 41.0 ± 0.04 90.7 ± 0.04
16 4 40.8 ± 0.06 90.8 ± 0.06
17 5 40.7 ± 0.04 90.6 ± 0.05
18 Evaluator Integrator ≤ 5 41.6 ± 0.02 91.4 ± 0.03

Table 4: Impact of dynamic reasoning strategy. When
using a static reasoning strategy, the model will execute
multistep reasoning with a fixed number of steps. When
using a dynamic reasoning strategy, the model will dy-
namically determine the number of steps of multistep
reasoning according to the problem’s difficulty (Evalua-
tor) and dynamically get the weight sum of intermediate
reasoning results as the input of answer decision (Inte-
grator).

ing. The Evaluator can dynamically decide the
number of reasoning steps (≤ 5) for each question.
Row 5 shows that using different numbers of rea-
soning steps for questions of different complexity
can perform better than a static multistep reason-
ing mechanism. At the same time, we believe that
each step of reasoning pays attention to different
parts of the video content and gradually deepens
the understanding of the question. Therefore, the
intermediate reasoning results are also helpful in
choosing an answer. Row 6-17 show that the Inte-
grator can further improves the performance and
has better integration ability than the traditional
pooling method. Row 18 shows that the Evaluator
and Integrator can promote each other and achieve
the best performance.

5.3 Interpretability

Our model is interpretable by visualizing the at-
tention weight of the Reader. As Figure 4 shows,
we conclude with the following two conclusions:
(1) Video scene graph can better represents the
visual semantic information. The Video Scene
Graph contains the global semantic information
of the video, and the structured form can not only
highlight the critical semantic elements but also re-
duce the interference of redundant information. (2)
Dynamic multistep reasoning mechanism can
deepen the understanding of the question iter-
atively. With the reasoning process, the semantic

Reasoning : step1/3

Question : what does the video show old footage of a man and also of ?
Answer   : beach

V
id
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tie
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Figure 4: Visualization for Dynamic Multistep Rea-
soning. We trace the attention weight distribution of
the Reader to visualize the dynamic multistep reason-
ing process. For this case, the output of the Evaluator
is S = 3, which means that three steps of reasoning
are required. With the reasoning process, the attention
weight of ’beach’ is increasing. On the contrary, the at-
tention weight of the irrelevant nodes reduced gradually.
It indicates that the reasoning mechanism is gradually
deepening the understanding of the question.

nodes related to the question obtain more and more
attention. On the contrary, the attention weight of
the irrelevant nodes reduced gradually. It shows
that the dynamic multistep reasoning mechanism
can deepen the understanding of the question.

6 Conclusion

We propose a dynamic reasoning mechanism based
on video scene graph for video QA to alleviate the
drawback of existing methods, that is, lack of deep
understanding and multistep reasoning. Experi-
ments show that our method significantly surpasses
previous methods on multiple video QA datasets
due to better understanding and reasoning mecha-
nisms and achieves much better interpretability by
backtracing along with the attention mechanism to
the video scene graph. In addition, different from
the conventional manners that perform classifica-
tion after crossmodal feature encoding, the model
realizes the decoupling of question understanding
and video understanding and the decoupling of
understanding and decision-making, thus provid-
ing more possibilities for improvement. On the
one hand, we can optimize video QA by introduc-
ing external knowledge, designing more effective
reasoning mechanisms, defining and constructing
better video scene graphs. On the other hand, we
can also jointly model multimodal QA, such as QA
based on videos, tables, texts, and graphs.
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Abstract

Grounded text generation systems often gen-
erate text that contains factual inconsistencies,
hindering their real-world applicability. Auto-
matic factual consistency evaluation may help
alleviate this limitation by accelerating evalu-
ation cycles, filtering inconsistent outputs and
augmenting training data. While attracting in-
creasing attention, such evaluation metrics are
usually developed and evaluated in silo for a
single task or dataset, slowing their adoption.
Moreover, previous meta-evaluation protocols
focused on system-level correlations with hu-
man annotations, which leave the example-
level accuracy of such metrics unclear. In
this work, we introduce TRUE: a comprehen-
sive survey and assessment of factual consis-
tency metrics on a standardized collection of
existing texts from diverse tasks, manually
annotated for factual consistency. Our stan-
dardization enables an example-level meta-
evaluation protocol that is more actionable
and interpretable than previously reported cor-
relations, yielding clearer quality measures.
Across diverse state-of-the-art metrics and 11
datasets we find that large-scale NLI and
question generation-and-answering-based ap-
proaches achieve strong and complementary
results. We recommend those methods as a
starting point for model and metric developers,
and hope TRUE will foster progress towards
even better evaluation methods.1

1 Introduction

A core issue in deploying text generation mod-
els for real-world applications is that they often
generate factually inconsistent text with respect to
the input they are conditioned on, or even com-
pletely “hallucinate” (Lee et al., 2018; Rohrbach
et al., 2018; Maynez et al., 2020; Zhao et al., 2020)
as exemplified in Table 1.

∗Work done during an internship at Google Research.
1Our code is publicly available at http://www.

github.com/google-research/true

Summarization (Wang et al., 2020)

Input
Phyllis schlafly, a leading figure in the
us conservative movement, has died at
her home in missouri, aged 92...

Summary Us conservative activist phyllis schlafly
has died at the age of 87.

Fact Verification (Thorne et al., 2018)

Evidence
Ronald Bilius “Ron” Weasley is a
character in J. K. Rowling’s Harry
Potter fictional series.

Claim Ron Weasley is a President.

Paraphrasing (Zhang et al., 2019)

Input
The tracks were produced by Tommy
Lee, and feature Michael Beinhorn
on drums.

Paraphrase
The tracks were produced by Michael
Beinhorn and have Tommy Lee on
drums.

Knowledge-Grounded Dialogue (Honovich et al., 2021)

Knowledge

The first flip trick called a kickflip,
originally called a "magic flip," was
invented by professional skateboarder
Rodney Mullen.

Response
I remember the first one was called
magic flip. It was called a magic flip
and was invented in the 60’s.

Table 1: Factual inconsistencies (in red) from various
tasks which are part of the TRUE study. The corre-
sponding parts in the input/grounding are in blue.

To tackle such inconsistencies, one would like
to detect them automatically by predicting whether
a generated text is factually consistent with respect
to a grounding text (frequently referred to as the
“input”, or the “knowledge”). Such automatic meth-
ods attract increasing attention (Zhou et al., 2021;
Deng et al., 2021) as they enable both better evalua-
tion and better generation models by automatically
filtering training data (Gehrmann et al., 2021) or by
augmenting training data for controlled generation
(Rashkin et al., 2021b).

While automatically evaluating factual consis-
tency is an active line of work, there is no sin-
gle agreed-upon meta-evaluation protocol for mea-
suring the quality of such methods, and labeling
schemes vary in their granularity. Works are usu-
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ally done in silo, introducing new datasets and
methods that target a specific task or domain, such
as summarization (Falke et al., 2019; Kryscinski
et al., 2020; Wang et al., 2020; Scialom et al., 2021;
Deutsch et al., 2021; Xie et al., 2021) or dialogue
(Dziri et al., 2021; Honovich et al., 2021; Nie et al.,
2021; Qin et al., 2021). Comparing the robustness
of such methods across tasks and datasets is there-
fore difficult, impeding progress on this subject.

In this work, we present TRUE: a compre-
hensive survey and assessment of factual consis-
tency evaluation methods, covering various met-
rics, tasks and datasets. We consolidate 11 exist-
ing datasets annotated for factual consistency into
a unified format, including pairs of a target text
and a grounding source text, with a binary annota-
tion of whether the target text is factually consis-
tent w.r.t its source. TRUE2 covers summarization,
knowledge-grounded dialogue, paraphrasing and
fact verification.3 The proposed standardization
enables us to properly compare consistency eval-
uation methods in a robust manner across these
various tasks and domains.

Previous works on automatic factual consis-
tency evaluation have mainly focused on measuring
system-level correlations of the proposed metrics
with human judgements (Pagnoni et al., 2021). Yet,
these correlations are not useful for estimating the
performance of a measured metric when making
example-level, binary decisions, decoupled from
specific system implementations (see recent discus-
sion by Deutsch et al. (2022) on the limitations of
reporting correlations). Instead, we aim to measure
how well a method detects inconsistent texts (re-
call) and how often it falsely disregards consistent
texts (precision), which can be easily computed
using the aforementioned binary labeling scheme.
Therefore, as a meta-evaluation protocol we report
the Area Under the ROC Curve (ROC AUC) with
respect to inconsistent example detection for each
evaluation metric and dataset.

Our thorough survey and assessment of 12 met-
rics draws a clearer picture on the state of evalu-
ating factual consistency. We show that Natural
Language Inference (NLI) approaches, as well as
Question Generation and Answering (QG-QA) ap-

2The name is a homage to GLUE (Wang et al., 2018) and
not an acronym.

3We focus on English text-to-text tasks, and leave data-to-
text (Parikh et al., 2020; Reiter and Thomson, 2020), multilin-
gual and multimodal tasks to future work.

proaches achieve significantly better4 results on a
wide variety of tasks and datasets. We also show
that NLI and QG-QA are complementary: combin-
ing the two yields even better results and hints at
room for further improvement. Finally, we perform
both quantitative and qualitative analysis of our re-
sults, finding that all approaches struggle with long
inputs, labeling issues and personal statements –
paving interesting avenues for future work.

To summarize, our contributions are as follows:
(1) We argue that work on factual consistency eval-
uation should be unified and generalized across
tasks, and standardize 11 published datasets into a
single labeling scheme to corroborate this. (2) We
propose a meta-evaluation protocol that allows
more actionable and interpretable quality measures
than previously reported correlations. (3) We sur-
vey and evaluate 12 diverse metrics in this uni-
fied perspective, showing that large-scale NLI and
QG-QA-based approaches achieve strong and com-
plementary results across tasks. (4) We analyze
our results both qualitatively and quantitatively,
pointing at challenges like long inputs and personal
statements to be addressed in future work.

2 Standardizing Factual Consistency

In this section we elaborate on our re-evaluation
setup. We first formally define what factual con-
sistency refers to in this work. We then detail the
datasets we consider and how we standardize them.
Finally, we discuss the meta-evaluation protocol
we propose for measuring the performance of eval-
uation methods on the standardized datasets.

2.1 Definitions and Terminology

We define a text to be factually consistent w.r.t
its grounding text if all the factual information it
conveys is consistent with the factual information
conveyed by the grounding text.5 While some pre-
vious works distinguished between inconsistent er-
roneous text to inconsistent correct text (Maynez
et al., 2020), we take a strict approach, requiring the
text to be faithful to its grounding text, regardless
of the “correctness” w.r.t the “real world”. In other
words, we consider only the information present
in the input text, not external knowledge, to assess
faithfulness. This enables a more well-defined task,
since determining the truthfulness of a fact w.r.t a

4We conduct significance testing, see section 4.
5We exclude personal and social statements such as opin-

ions and chit-chat from the scope of factual information.
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Task # Examples Open Test Cons.
Summarization
- FRANK (Pagnoni et al., 2021) 671 + 33.2%
- SummEval (Fabbri et al., 2021a) 1,600 - 81.6%
- MNBM (Maynez et al., 2020) 2,500 - 10.2%
- QAGS-CNNDM (Wang et al., 2020) 235 - 48.1%
- QAGS-XSum (Wang et al., 2020) 239 - 48.5%
Dialogue
- BEGIN (Dziri et al., 2021) 836 + 33.7%
- Q2 (Honovich et al., 2021) 1,088 - 57.7%
- DialFact (Gupta et al., 2021) 8,689 + 38.5%
Fact Verification
- FEVER (Thorne et al., 2018) 18,209 - 35.1%
- VitaminC (Schuster et al., 2021) 63,054 + 49.9%
Paraphrasing
- PAWS (Zhang et al., 2019) 8,000 + 44.2%

Table 2: Statistics for the datasets incorporated in
TRUE. Cons. is the ratio of consistent examples.

general “real world” is subjective and depends on
the knowledge, values and beliefs of the subject
(Heidegger, 2001). This definition follows similar
strictness in Textual Entailment, Question Answer-
ing, Summarization and other tasks where compre-
hension is based on a given grounding text, irre-
spective of contradiction with other world knowl-
edge. This is also in line with recent work on
evaluating attribution in text generation (Rashkin
et al., 2021a), where humans are required to judge
whether a generated text is attributable to a ground-
ing text. We use the terms consistent, grounded,
faithful and factual interchangeably.

2.2 Standardization Process

We include 11 datasets that contain human anno-
tations w.r.t factual consistency in diverse tasks
(Table 2). Other than the importance of cover-
ing a wide variety of error types, this also allevi-
ates issues of rating quality which may vary across
datasets (Denton et al., 2021).

To allow a unified evaluation framework we con-
vert all annotations to binary labels that correspond
to whether the entire target text is factually con-
sistent w.r.t the given grounding text or not. We
note that a fine-grained annotation scheme, i.e., a
typology of errors, was proposed for factual con-
sistency (Pagnoni et al., 2021). While useful, most
existing datasets do not include such labels. More-
over, while Machine Translation (MT) evaluation
also showed value in fine-grained annotations (Fre-
itag et al., 2021), it was proposed after years of
improving MT to the level where coarse-grained
annotation is insufficient. We argue that current
grounded generation models are still at early stages
w.r.t factual consistency, making binary labeling
more beneficial now as it enables easier standard-
ization across tasks and domains, with the goal
of bringing researchers to collaborate on a shared
methodology. Binary annotation also corresponds

to practical applications where filtering out unfaith-
ful predictions is desired, and is in-line with the
recommendations for human evaluation of attribu-
tion in text generation by Rashkin et al. (2021a).

We next detail the 11 datasets included in TRUE.

2.2.1 Abstractive Summarization
FRANK Pagnoni et al. (2021) proposed a ty-
pology of factual errors, grounded in frame se-
mantics (Fillmore, 1976; Palmer et al., 2005)
and linguistic discourse theory (Brown and Yule,
1983). Based on this typology, they collected an-
notations for model-generated summaries on the
CNN/DailyMail (CNN/DM; Hermann et al., 2015)
and XSum (Narayan et al., 2018) datasets, resulting
in 2250 annotated system outputs. Each summary
sentence was annotated by three annotators. We
take the majority vote for each sentence to get a
sentence-level label and consider a summary as
consistent if all sentences are consistent.

SummEval SummEval (Fabbri et al., 2020) is
a comprehensive study of evaluation metrics for
text summarization. The authors collected human
judgments for 16 model outputs on 100 articles
taken from the CNN/DM dataset, using both ex-
tractive and abstractive models. Annotators were
asked to rate summaries on a Likert scale from 1
to 5, over 4 dimensions: consistency, coherence,
fluency and relevance. Each summary was scored
by 5 crowd-workers and 3 expert annotators. We
label summaries as consistent only if all the expert
annotators gave a consistency score of 5.

MNBM Maynez et al. (2020) annotated system
outputs for the XSum dataset (Narayan et al., 2018).
They sampled 500 articles and annotated sum-
maries generated by four different systems, as well
as the gold summaries. Annotators were asked to
assess whether the summary includes hallucina-
tions. Judgments from three different annotators
were collected for each document-summary pair.
To convert to a binary-label format, we use the bi-
nary consistency decision of whether a summary
contains no hallucinations, and assign a label by
taking the majority vote of the three annotators.

QAGS Wang et al. (2020) collected judgments
of factual consistency on generated summaries for
CNN/DM and XSum. Annotators were presented
with the summaries one sentence at a time, along
with the article, and determined whether each sen-
tence is factually consistent w.r.t the article. Each
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sentence was annotated by 3 annotators, using the
majority vote as the final score. To convert to
binary-label format, we consider a summary con-
sistent only if all its sentences are consistent.

2.2.2 Dialogue Generation
BEGIN (Dziri et al., 2021) is a dataset for eval-
uating groundedness in knowledge-grounded dia-
logue systems, in which system outputs should be
consistent with a grounding knowledge provided to
the dialogue agent. BEGIN frames the task as tex-
tual entailment (Dagan et al., 2006; Bowman et al.,
2015), adopting the entailment and contradiction
labels, and splitting the neutral label into three sub-
categories: hallucination, off-topic responses and
generic responses. Dialogue responses were gen-
erated by fine-tuning two systems on the Wizard
of Wikipedia (WOW) dataset (Dinan et al., 2019),
in which responses should be grounded in a span
of text from Wikipedia. The generated responses
were split into sentences, and each sentence was
annotated separately. To convert to a binary-label
format, we treat entailed sentences as consistent
and all others as inconsistent.

Q2 Honovich et al. (2021) annotated 1,088 gen-
erated dialogue responses for binary factual consis-
tency w.r.t the knowledge paragraph provided to the
dialogue model, for two dialogue models trained
on WOW. Responses were annotated using binary
labels by 3 of the paper authors, one annotator per
response. We use Q2’s labels without changes.

DialFact Gupta et al. (2021) introduced the task
of fact-verification in dialogue and constructed a
dataset of conversational claims paired with pieces
of evidence from Wikipedia. They define three
tasks: (1) detecting whether a response contains
verifiable content (2) retrieving relevant evidence
and (3) predicting whether a response is supported
by the evidence, refuted by the evidence or if there
is not enough information to determine. We use
the verifiable (i.e., factual, rather than personal)
responses annotated for the third task, treating sup-
ported annotations as consistent and the rest as
inconsistent. In cases where several evidence were
marked as required for verification, we concatenate
all evidence sentences to be the grounding text.

2.2.3 Fact Verification
FEVER Thorne et al. (2018) introduced FEVER
(Fact Extraction and VERification), a dataset for
fact verification against textual sources. FEVER

was constructed by extracting information from
Wikipedia, generating claims using annotators,
then labeling whether each claim is supported or
refuted by Wikipedia. Claims can also be labeled
with NotEnoughInfo, meaning that there is not
enough information in Wikipedia to either verify
or refute the claim. Given a claim, the task defined
by FEVER is to first extract evidence, then to de-
termine whether it supports or refutes the claim.
In a slightly different framing, the latter stage in
FEVER is to determine whether the claim is fac-
tually consistent or not w.r.t the evidence, which
is aligned with what we aim to measure in TRUE.
We use the development set of the NLI version of
FEVER (Nie et al., 2019, 2020), treating supported
claims as consistent and the rest as inconsistent.

VitaminC Schuster et al. (2021) derived a large-
scale fact verification dataset from factual revisions
to Wikipedia pages. Each example includes an
evidence text from Wikipedia and a fact, with an
annotation of whether the fact is supported, refuted
or neutral w.r.t the evidence. The authors collected
factual revisions to Wikipedia articles (pairs of “be-
fore” and “after” sentences), and asked annotators
to write two facts for each pair: one that is sup-
ported by the first sentence and refuted by the sec-
ond, and vice versa. When no explicit contradiction
was present, the annotators wrote facts that are neu-
tral w.r.t the evidence. Additional examples were
created by revising examples from FEVER. We
treat examples that include supported facts as con-
sistent, and refuted or neutral facts as inconsistent.

2.2.4 Paraphrase Detection

PAWS Zhang et al. (2019) constructed a dataset
for paraphrase identification with 108,463 para-
phrase and non-paraphrase pairs with high lexical
overlap, generated by controlled word swapping
and back-translation, followed by judgments from
human raters. Source sentences were drawn from
Wikipedia and the Quora Question Pairs (QQP)
corpus. We only use the examples with Wikipedia
source sentences and view the binary paraphrase
labels as consistency labels. We note that the defi-
nition of paraphrase is not equivalent to the defini-
tion of factual consistency, as a subset of a source
text is not a paraphrase but may still be factually
consistent with the source. However, PAWS was
constructed such that non-paraphrases usually have
contradicting meanings and is therefore relevant.
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2.3 Meta-Evaluation
Previous work on evaluating factual consistency fo-
cused on measuring correlation with human judge-
ments (Pagnoni et al., 2021) to compare different
metrics. However, such system-level numbers are
not very informative when one is interested in eval-
uating the absolute performance of inconsistency
detection methods that perform a binary decision
w.r.t each input. Deutsch et al. (2022) also recently
discuss various issues in measuring system-level
correlations to assess the validity of automatic eval-
uation metrics for summarization.

To conduct a more fine-grained evaluation at the
single example level, we report the Receiver Oper-
ating Characteristic Area Under the Curve (ROC
AUC) w.r.t binary detection of inconsistent exam-
ples.6 The ROC curve is created by plotting the
true positive rate (TPR, a.k.a. the recall) against
the false positive rate (FPR, a.k.a. the fallout) at
different possible thresholds for each tested metric.
Measuring ROC AUC evaluates the different met-
rics without setting a specific decision threshold.

For datasets with existing development/test split,
we also tune a threshold for the binary consis-
tency/inconsistency decision on the development
set and report the test set accuracy using this
threshold. We tune the thresholds by optimiz-
ing the geometric mean of the TPR and 1-FPR:√

TPR ∗ (1− FPR).

3 Evaluation Metrics

We compare various standard as well as state-of-
the-art approaches to measure factual consistency.
This comparison should draw a clear picture of
current research on this subject and raise directions
for future work. For example, we expect that robust
metrics should perform well across various tasks
and datasets. We next describe the different metrics
we assess as part of this study. We note that for all
reference-based metrics, we use the grounding text
as the reference. For metrics where the scores are
not in the [0,1] range, we normalize the scores to
be in that range.

3.1 N-Gram Based Metrics
Standard N-Gram matching metrics such as
BLEU (Papineni et al., 2002), ROUGE (Lin, 2004)
and token-level F1 were shown to have weak cor-
relation with factual consistency (Maynez et al.,

6This is equivalent to the AUC w.r.t detecting consistent
examples.

2020; Honovich et al., 2021). We add them as base-
lines to this study mainly to corroborate this claim
on a wide set of datasets and tasks.

3.2 Model-Based Metrics

BERTScore (Zhang et al., 2020) aggregates sim-
ilarity scores between the BERT contextual embed-
ding of tokens in candidate and reference sentences.
We report results for the BERTScore-precision vari-
ant as it showed better results in preliminary experi-
ments. We use BERTScore version 0.3.11 with the
DeBERTa-xl-MNLI model (He et al., 2021; Nangia
et al., 2017), which is the recommended model as
of the time of writing this paper.7

BLEURT (Sellam et al., 2020a,b) is a learned
metric based on BERT (Devlin et al., 2019) for
evaluating text generation. BLEURT includes ad-
ditional pretraining on synthetic data followed by
fine-tuning on human judgements to train a model
that scores system outputs. We use the recom-
mended BLEURT-20 checkpoint (Pu et al., 2021).8

FactCC (Kryscinski et al., 2020) is a BERT-
based metric for verifying the factual consistency
of summaries. It is trained on synthetically gen-
erated data obtained by applying rule-based trans-
formations to generate consistent and inconsistent
summaries.

BARTScore (Yuan et al., 2021) evaluates text us-
ing probabilities from force-decoding with a BART
model (Lewis et al., 2020). We use the version fine-
tuned on the ParaBank2 dataset (Hu et al., 2019).

CTC (Deng et al., 2021) measures the average
token-level alignment of the generated text w.r.t
the grounding text using a BERT sequence tag-
ging model. The model is trained to detect hallu-
cinated tokens generated by a BART model in a
self-supervised manner. 9

3.3 Natural Language Inference Metrics

ANLI The task of Textual Entailment (Dagan
et al., 2006) or Natural Language Inference (NLI;
Bowman et al., 2015) is to determine, given two

7https://github.com/Tiiiger/bert_score
8https://github.com/google-research/

bleurt/blob/master/checkpoints.md
9This metric has come to our attention after the paper was

accepted, so we add the results to the appendix to avoid adding
unreviewed results in the camera ready version. See https:
//github.com/tanyuqian/ctc-gen-eval/
blob/master/factual-consistency.md for
implementation details and Table 9 for results.
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sentences, a hypothesis and a premise, whether the
hypothesis in entailed by the premise, contradicts it,
or is neutral w.r.t to it. The resemblance10 of NLI
to factual consistency evaluation has led to utiliz-
ing NLI models for measuring factual consistency
(Thorne et al., 2018; Welleck et al., 2019; Maynez
et al., 2020; Dziri et al., 2021). We trained an NLI
model by fine-tuning T5-11B (Raffel et al., 2020)
on the Adversarial NLI (ANLI; Nie et al., 2020)
dataset. As suggested by Maynez et al. (2020),
we compute the entailment probability with the
grounding text as the premise and the generated
text as the hypothesis and use it as the example-
level factual consistency score.11

SUMMAC (Summary Consistency; Laban et al.,
2021) is focused on evaluating factual consistency
in summarization. They use NLI for detecting in-
consistencies by splitting the document and sum-
mary into sentences and computing the entailment
probabilities on all document/summary sentence
pairs, where the premise is a document sentence
and the hypothesis is a summary sentence. They
aggregate the NLI scores for all pairs by either tak-
ing the maximum score per summary sentence and
averaging (SCZS) or by training a convolutional
neural network to aggregate the scores (SCConv).
We use the publicly available implementation.12

3.4 QG-QA Based Metrics

Durmus et al. (2020) and Wang et al. (2020) pro-
posed to use Question Generation (QG) and Ques-
tion Answering (QA) models to automatically eval-
uate factual consistency in abstractive summariza-
tion, showing promising results. Honovich et al.
(2021) employed a similar approach for evaluating
knowledge-grounded dialogue generation.

The steps of the QG-QA approach are as follows:
(1) Questions are automatically generated for spans
in the generated text, such that the answer to a ques-
tion is its respective input span. (2) The generated
questions are answered using a QA model on the
grounding text, resulting in an answer span or a
“no-answer” output. (3) For each question, the two
answer spans from the grounding and the generated
text are compared to get a score. (4) The scores for

10One example where the definition of NLI and factual con-
sistency differs is in dialog, where subjective or opinionated
statements of the dialog agent are not evaluated as factual state-
ments, while NLI models consider all the text in the premise.

11More implementation details on the NLI model are avail-
able in Section B in the appendix.

12https://github.com/tingofurro/summac

all questions are aggregated into a final score.

Q2 (Honovich et al., 2021) is a QG-QA method
that employs an NLI model to compare the two
answers for each question, where the grounding
text answer is the premise and the generated text
answer is the hypothesis. We report results for a
re-implementation ofQ2 using T5-11B as the back-
bone for the QG, QA and NLI models. While Hon-
ovich et al. (2021) validate each generated question
by answering it using a QA model and compar-
ing to the original extracted answer candidate us-
ing exact match, we relax this and instead use F1
token-overlap with a predefined threshold.13

QuestEval (Scialom et al., 2021) is a QG-QA
method that measures both factual consistency and
relevance (by reversing the roles of the generated
and grounding texts). The authors trained a model
that weights each generated question according to
the relevance of its answer to appear in the gen-
erated text. Their results showed high correlation
with human judgments in comparison to prior work
on the SummEval benchmark (Fabbri et al., 2021a).
We use the publicly available version.14

4 Results

We report the ROC AUC15 of various metrics on
the standardized datasets in Table 3. The ROC
curves can be found in Figure 2 in the appendix.
SCZS was trained on VitaminC which includes ex-
amples from FEVER, so we exclude those datasets
from the average AUC calculation for a more fair
comparison. As all metrics operate in a “zero-shot”
manner on all datasets (except for SCZS on Vita-
minC and FEVER) and no threshold tuning is re-
quired, we report results on the development sets.16

The results show that the NLI-based models
(ANLI, SCZS

17) outperformed the other approaches
on 6 datasets, with average AUC of 81.5 and 81.4
for ANLI and SCZS, respectively. Q2 outperformed
the other approaches on 4 datasets, with an average
AUC of 80.7. The next best method, BARTScore,

13More implementation details are available in Section B
in the appendix.

14https://github.com/ThomasScialom/
QuestEval

15Multiplied by 100 for better readability.
16AUC for the test sets and accuracy for the dev and test

sets are provided in Tables 10, 11 and 12 in the appendix.
17We report results for SCZS as it performed better in our

experiments. Results for SCConv are available in Table 10 in
the appendix.
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Ensemble Q2
metric ANLI SCZS F1 BLEURT QuestEval FactCC BARTscore BERTscore

FRANK 91.2 87.8 89.4 89.1 76.1 82.8 84.0 76.4 86.1 84.3
SummEval 82.9 78.8 80.5 81.7 61.4 66.7 70.1 75.9 73.5 77.2
MNBM 76.6 68.7 77.9** 71.3 46.2 64.5 65.3 59.4 60.9 62.8
QAGS-C 87.7 83.5 82.1 80.9 63.8 71.6 64.2 76.4 80.9 69.1
QAGS-X 84.8 70.9 83.8 78.1 51.1 57.2 56.3 64.9 53.8 49.5
BEGIN 86.2 79.7 82.6 82.0 86.4 86.4 84.1 64.4 86.3 87.9
Q2

dataset 82.8 80.9* 72.7 77.4 65.9 72.4 72.2 63.7 64.9 70.0
DialFact 90.4 86.1** 77.7 84.1 72.3 73.1 77.3 55.3 65.6 64.2
PAWS 91.2 89.7** 86.4 88.2 51.1 68.3 69.2 64.0 77.5 77.5
FEVER 94.7 88.4 93.2** 93.2 51.8 59.5 72.6 61.9 64.1 63.3
VitaminC 96.1 81.4 88.3** 97.9 61.4 61.8 66.5 56.3 63.2 62.5
Avg. w/o VitC, FEVER 86.0 80.7 81.5 81.4 63.8 71.4 71.4 66.7 72.2 71.4

Table 3: ROC AUC results for the different metrics on the TRUE development set. We exclude VitaminC and
FEVER from the average calculation as SCZS was trained on VitaminC that includes examples from FEVER.
The highest score in each row (excluding the Ensemble) is in bold and the aforementioned SC results are in
strikethrough. Statistically significant results are indicated using * and ** for p < 0.05 and p < 0.01 respectively.

had lower average AUC of 72.2. All other ap-
proaches scored 72 or lower on average across all
datasets (excluding FEVER and VitaminC). As ex-
pected, the simple token-matching based metrics
did not perform well, and for completeness, we
report their performance in Table 9 in the appendix.
We keep the F1 score in Table 3 for convenient
comparison to the other metrics.

One outlier is BEGIN, which is the only
dataset where simple metrics like F1 token overlap
achieved scores higher than 80. We measured the
average overlap between the grounding and target
texts per dataset, and found that BEGIN exhibits a
high difference between grounded and ungrounded
texts in comparison to other datasets (Table 8 in
appendix A), which explains this.

We follow Laban et al. (2021) and perform
significance testing through bootstrap resampling
(Efron, 1982), comparing the best method to the
second-best method on each dataset. We perform
interval comparison at p = 0.05 and p = 0.01
and find significantly best results on 6 datasets, 3
achieved by Q2 and 3 by the ANLI-based model.

Given that no single method outperformed the
rest on all datasets, we hypothesize that the NLI and
QG-QA based metrics are complementary. We test
this by averaging the Q2, ANLI and SCZS scores
per example18 (Ensemble in Table 3). Indeed, av-
eraging the three methods yields better results on
most datasets and on average, with an increase of
4.5 in ROC AUC from the best single-metric result.

Our results show that a single metric can do
well across all tasks and datasets, with all 3 best
metrics scoring higher than 80 on average on the
11 datasets. This corroborates our hypothesis that

18Pairwise ensembles are reported in the appendix, Table 9.

evaluating factual consistency can be unified, and
we hope such unified perspective will be adopted in
future work to accelerate progress on the subject.

5 Analysis

Input Length. As QA and NLI models may
struggle with long inputs (Kočiský et al., 2018;
Pang et al., 2021; Yin et al., 2021; Shaham et al.,
2022), metrics based on them may fail when han-
dling long text. To study the effect of input length
on the metrics performance, we unify all datasets19

and split examples into 6 bins according to the
grounding length.20 We focus on the grounding as
the target texts are usually short (see Table 7 in Ap-
pendix A). We measure AUC of the best 3 metrics
according to their overall score for each length bin,
sampling 1,000 examples per bin.

The results are shown in Figure 1. We find that
there is a consistent degradation for texts longer
than 200 tokens for all metrics, including SCZS
which is designed to better handle long text. We
find it surprising that the ANLI-based model and
Q2 still do relatively well on the longest bin (with
AUC > 0.825) as they perform end-to-end QA and
NLI on text with more than 500 tokens.

Model Size. Model-based metrics are expected
to benefit from increasing the model size. To quan-
tify this we study the effect of using smaller models
for the ANLI, BLEURT and BERTScore metrics.
We compare the average ROC AUC of larger and

19Excluding VitaminC as it is much larger than other
datasets and might therefore distort results. Statistics regard-
ing the grounding and target text lengths per dataset is in
Appendix A.

20We measure length in tokens (before subword splitting)
as different metrics use different subword tokenizations.
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Figure 1: ROC AUC when splitting TRUE’s data ac-
cording to the grounding length.

smaller model variants for each metric. The abla-
tion results are in Table 4. We find an advantage of
4.7, 3.7 and 1.3 average ROC AUC for the larger
ANLI, BLEURT and BERTScore variants respec-
tively, showing that larger models indeed allow for
better factual consistency evaluation metrics, and
hinting at potential improvements from using even
larger models.

Model Avg. ROC AUC
ANLI-T5-11B 81.5 (+4.7)
ANLI-T5-Large 76.8
BLEURT-20 71.4 (+3.7)
BLEURT-20-D6 67.7
BERTScore P - deberta-xl-mnli 71.4 (+1.3)
BERTScore P - roberta-large 70.1

Table 4: Ablation study comparing the average
ROC AUC results for models with different sizes.
“BERTScore P” stands for BERTScore Precision.

Qualitative Analysis. We conduct manual error
analysis to point at weaknesses of the different
metrics and present challenges posed by the task.
We analyze 80 examples that were misclassified by
all three best metrics, as well as 100 examples that
were correctly classified by one or two of the three.

Out of the analyzed examples, many seem to
have a wrong label. This is especially true for
cases in which all best metrics failed, with annota-
tion errors in 35/80 cases. For the cases where one
or two metrics failed, we found annotation errors in
27/100 cases. To verify that the high annotation er-
ror rate is indeed a result of inspecting the “hardest”
examples and not a general issue in the datasets
we used, we uniformly sample 100 additional ex-
amples, finding that only 10 had annotation errors.
We therefore stress that the high misannotation rate
indeed characterizes “hard” examples only, and is
not a general property of the datasets we used. This
is inline with the findings of Freitag et al. (2021),
who showed that in some cases, metrics may be

“better” than non-expert annotators. These findings
demonstrate the potential of automatic methods in
“cleaning” training data by filtering factually incon-
sistent examples.

Despite showing impressive results, the best-
performing metrics fail to detect subtle inconsisten-
cies, as presented in Table 5. This was the case for
21/180 analyzed examples. Metrics that aggregate
scores across parts of a target text, such as Q2 or
SCZS, might assign a high score for texts in which
all but a small part is consistent. End-to-end NLI
should predict “contradiction” even when only a
small part of the text contradicts the grounding, but
it may fail to do so. Applying a strict approach
in the aggregation step, like taking the minimum
instead of the average, could potentially remedy
this – with the price of having more false-negatives.
Other errors are caused by domain-specific chal-
lenges, such as handling personal statements in
dialogues. As shown in Table 5, such statements
may be falsely classified as ungrounded. This was
the case for 10/62 analyzed dialogue responses. A
possible way to alleviate this would be to automati-
cally exclude non-factual parts from the evaluation.

Ensemble Analysis. As shown in §4, a simple
averaging ensemble using the three best metrics
achieves strong results, outperforming individual
metrics on most datasets. To understand this fur-
ther, we analyze cases in which at least one of
the best three metrics failed, while the ensemble
succeeded. Overall, there were 25,761 such cases,
where in 85.2% of these cases, two out of the three
metrics succeeded, and only one failed. In 14.6% of
these cases, one metric succeeded while the other
two failed, and only in 0.2% of the cases, the en-
semble succeeded while all metrics failed. These
cases are a result of the different threshold used for
the ensemble model vs. the thresholds for the indi-
vidual metrics. We sample 100 of these examples
and manually analyze them. Out of the sampled
examples, 47% were misclassified by one metric
only, where this metric assigned a borderline score
- i.e., close to the decision threshold. 36% of these
examples were misclassified by one metric only,
and also with a non-borderline score - i.e., the met-
ric was far from a correct prediction. Other cases
include two, or even three, erroneous metrics.

6 Related Work

Adding to the related work mentioned through-
out the paper, works on unified evaluation of text
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Grounding Generated Text Explanation
The word "philately" is the English version of
the French word "philatélie", coined by Georges
Herpin in 1864.

The word philately is actually a french
word coined by george herpin.

The word philately is an English word based on
a French word, but not French. All best metrics
misclassified this.

French police have interviewed presidential can-
didate francois fillon and his wife penelope
over claims she was paid for fake work. They
provided information that would help find the
"truth", mr fillon said. . .

French presidential candidate francois fil-
lon has said he and his wife penelope have
been questioned by police over claims she
worked illegally.

Most details are correct and the hallucination is
subtle. In the case of Q2, most of the generated
questions have the same answer based on the
grounding and the generated text, therefore the
overall score was high.

Stamp collecting is generally accepted as one
of the areas that make up the wider subject of
philately, which is the study of stamps.

I’ve never heard of stamps, but I do know
that the word "philately" refers to the study
of stamps.

The personal statement “I’ve never heard of
stamps” is not factual and should not be evalu-
ated.

Evidence suggests that cognitive behavioral
therapy and a gradual increase in activity suited
to individual capacity can be beneficial in some
cases.

It has been suggested that cognitive be-
havioral therapy and gradual increase in
exercise could help in some cases so I’m
going to try that for now.

Similar to the previous examples - SummaC and
ANLI falsely marked the text as inconsistent,
probably due to the personal statement.

Table 5: Examples for the error analysis. The first two rows show cases of challenging inconsistencies, while the
last two show dialogue responses containing non-factual personal statements.

generation across tasks include GEM (Gehrmann
et al., 2021), where the focus is on evaluating sys-
tem outputs and not the factual consistency evalua-
tion methods as in TRUE. BEAMetrics (Scialom
and Hill, 2021) proposes meta-evaluation proto-
cols across tasks, but does not focus on factual
consistency. When discussing consistency (“cor-
rectness”) they measure correlations, which are not
sufficient as mentioned in Section 2.3. Chen et al.
(2021) present an adversarial meta-evaluation for
factual consistency evaluators, focused on summa-
rization. Other works on meta-evaluation of factual
consistency across datasets include GO-FIGURE
(Gabriel et al., 2021) FRANK (Pagnoni et al., 2021)
SummaC (Laban et al., 2021) and QAFactEval
(Fabbri et al., 2021b), however they all focus solely
on summarization. Yeh et al. (2021) conduct a thor-
ough assessment of dialog metrics, however not
specifically around factual consistency. To the best
of our knowledge, our work is the first to general-
ize the discussion on evaluating factual consistency
across tasks and datasets, and the first to show that
large-scale QG-QA and NLI are strong and highly
complementary – setting better baselines and meta-
evaluation methodology for future work.

7 Discussion and Future Work

We discuss the main takeaways of the TRUE study,
pointing at actionable insights for future work.
First, as QG-QA and NLI-based methods show bet-
ter performance than other approaches, especially
when combined together, we recommend model de-
velopers to use those methods for evaluation when
factual consistency is a priority. As for metric de-
velopers, we recommend using those methods and
the datasets in TRUE when evaluating new metrics.

We also suggest reporting ROC AUC rather than
correlations, as it is more interpretable and action-
able. Our proposed binary annotation scheme al-
lows to easily test new metrics across tasks and
datasets, which would be useful for future work.

Finally, we encourage data curators to use the
binary annotation scheme, which is inline with the
recommendations of Rashkin et al. (2021a). Hav-
ing said that, we do not rule out more detailed label-
ing schemes – but rather ask to provide a protocol
for converting such labels into the more general
binary format. Future work may also address the
challenges of long inputs and personal statements
in dialogue, which we point out in our analysis.

8 Conclusions

We presented TRUE, a survey and assessment of
automatic factual consistency evaluation methods.
We standardized various datasets from diverse tasks
into a unified labeling scheme to perform a thor-
ough comparison of automatic evaluation methods,
showing that large scale NLI and QG-QA based
approaches perform well across multiple tasks and
datasets. We further show that these methods are
highly complementary – hinting at additional head-
room for improvement while pointing on current
limitations. We hope our results and methodology
will encourage a more unified perspective in future
work to foster progress towards more factually-
consistent NLP applications.
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A Additional Data Statistics

Tables 6 and 7 presents statistics regarding the
length of the grounding text and the generated text
for TRUE’s datasets, respectively.

Dataset Min len. Max len. Median len. Avg len.
FRANK 102 1005 550 548
SummEval 100 540 367 359
MNBM 8 10315 287 383
QAGS-CNNDM 73 360 325 318
QAGS-XSUM 218 520 339 351
BEGIN 7 64 23 23
Q2 6 71 21 23
DialFact 4 174 22 26
PAWS 5 37 21.0 21
FEVER 8 286 44 59
VitaminC 1 265 26 28

Table 6: Grounding length statistics for TRUE.

Dataset Min len. Max len. Median len. Avg len.
FRANK 2 126 40 41
SummEval 5 133 61 63
MNBM 2 52 19 19
QAGS-CNNDM 23 85 47 49
QAGS-XSUM 9 31 18 18
BEGIN 5 40 13 14
Q2 7 44 15 16
DialFact 4 69 16 17
PAWS 5 37 21 21
FEVER 2 36 8 8
VitaminC 1 103 12 13

Table 7: Generated text length statistics for TRUE.

B Implementation Details

We train all models using the t5x library.21

QG-QA For our reimplementation of Q2 (Hon-
ovich et al., 2021) we use T5-11B as the pretrained
model for QG, QA and NLI, while Honovich et al.
(2021) used T5-Base, ALBERT (Lan et al., 2019),
and RoBERTa (Liu et al., 2019) for the QG, QA
and NLI models, respectively. We use a maximum
length of 2048 tokens for the input. We set the F1
token overlap threshold to 0.54 by tuning it on a
held-out dataset. We use beam search with a beam
size of 4 to generate multiple questions, and use the
first question that passes the validation threshold.

NLI We fine-tune a T5-11B model on ANLI (Nie
et al., 2020) for 25K steps with a learning rate of
10−4 and a batch size of 32. During inference we
use a maximum input length of 2048 tokens.

C ROC Curves

Figure 2 presents the ROC curves for the dif-
ferent datasets studied in TRUE, using the best-
performing metrics.

21https://github.com/google-research/t5x
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Dataset Pos ROUGE_L Neg ROUGE_L ROUGE_L diff Pos F1 Neg F1 F1 diff
FRANK 0.105 0.060 0.045 0.165 0.103 0.062
SummEval 0.181 0.141 0.041 0.282 0.244 0.038
MNBM 0.044 0.047 0.003 0.079 0.084 0.006
QAGS-CNNDM 0.215 0.170 0.045 0.281 0.249 0.031
QAGS-XSUM 0.051 0.050 0.002 0.082 0.080 0.002
BEGIN 0.465 0.159 0.306 0.553 0.207 0.346
Q2 0.228 0.169 0.059 0.368 0.264 0.104
DialFact 0.302 0.200 0.102 0.394 0.249 0.144
PAWS 0.832 0.734 0.098 0.938 0.934 0.003
FEVER 0.174 0.179 0.005 0.276 0.258 0.018
VitaminC 0.314 0.270 0.044 0.362 0.290 0.072

Table 8: Average overlap between the generated text and the grounding, measured using ROUGE-L and simple
F1 token-overlap, taking the grounding to be the reference text. The “Pos” columns contain the statistics for the
grounded text, while the “Neg” columns contain the statistics for the ungrounded text.

Figure 2: ROC curves for the best performing methods.
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ANLI+Q2 ANLI+SCZS Q2+SCZS CTC SCConv ROUGE-L BLEU4
FRANK 89.6 91.1 90.4 87.5 88.9 80.1 78.0
SummEval 80.7 83.0 82.0 76.0 79.8 68.8 60.2
MNBM 75.6 77.1 74.6 72.3 67.2 47.5 49.3
QAGS-C 86.0 84.7 86.4 73.4 79.6 67.1 63.9
QAGS-X 81.8 85.1 79.3 73.1 76.1 52.9 48.6
BEGIN 85.7 82.1 85.7 77.9 81.6 86.4 84.6
Q2 83.0 76.9 83.9 85.3 77.5 66.8 64.3
DialFact 89.4 84.5 90.2 83.5 81.2 71.2 72.5
PAWS 90.5 89.7 91.4 86.0 88.2 82.2 77.3
FEVER 94.0 94.6 93.9 84.8 86.7 49.9 51.1
VitaminC 90.3 96.4 96.5 84.9 97.5 59.9 59.6
Avg. w/o VitC, FEVER 84.7 83.8 84.9 79.4 80.0 69.2 66.5

Table 9: ROC AUC results for metrics that were not reported in Table 3.

Ensemble Q2 ANLI SCZS BLEURT QuestEval FactCC BARTscore BERTscore

FRANK 90.8 87.8 89.2 88.6 83.2 86.4 73.9 88.3 86.0
BEGIN 85.9 78.0 82.8 84.2 82.2 81.4 65.0 83.7 86.0
DialFact 88.6 85.0 75.9 82.1 72.2 76.3 55.1 65.5 64.3
PAWS 92.4 90.1 87.3 89.7 67.1 70.1 65.1 77.3 76.4
VitaminC 96.7 83.4 89.6 98.4 63.0 67.8 56.8 64.1 63.5
Avg. w/o VitC 89.4 85.2 83.8 86.2 76.2 78.5 64.8 78.7 78.2

Table 10: ROC AUC results for the different metrics on the TRUE test set. We exclude VitaminC from the average
calculation as SCZS was trained on VitaminC. The highest score in each row (excluding the Ensemble) is in bold
and the aforementioned SC results are in strikethrough.

Ensemble Q2
metric ANLI SCZS F1 BLEURT QuestEval FactCC BARTscore BERTscore

FRANK 83.2 82.9 83.5 80.9 67.5 76.0 74.2 73.9 80.2 77.0
SummEval 79.4 77.3 72.9 75.0 64.2 66.4 67.0 65.3 68.9 73.7
MNBM 69.6 66.5 66.7 64.5 40.4 53.7 66.1 62.9 61.0 60.1
QAGS-C 81.3 78.3 75.3 72.8 62.6 68.9 62.6 70.6 74.5 66.8
QAGS-X 77.4 63.6 80.3 72.8 51.0 56.5 56.9 65.3 54.4 52.3
BEGIN 77.9 73.0 76.0 79.7 80.0 78.1 75.5 66.6 77.4 80.5
Q2

dataset 76.8 76.1 66.6 71.3 61.4 67.0 65.8 60.5 59.7 66.1
DialFact 83.4 80.5 70.9 75.8 66.4 67.0 69.9 53.4 60.8 61.2
PAWS 83.4 83.5 80.5 81.5 50.2 64.2 64.3 60.2 72.2 71.1
FEVER 90.4 82.7 90.2 87.6 52.3 57.7 69.4 57.2 60.5 58.7
VitaminC 90.8 76.0 82.3 93.5 58.0 58.0 62.2 55.0 59.1 58.6
Avg. w/o VitC, FEVER 79.2 75.7 74.7 74.9 60.4 66.4 66.9 64.3 67.6 67.6

Table 11: Accuracy results for the different metrics on the TRUE development set. Note that thresholds were tuned
on the development set itself. We exclude VitaminC and FEVER from the average calculation as SCZS was trained
on VitaminC that includes examples from FEVER. The highest score in each row (excluding the Ensemble) is in
bold and the aforementioned SC results are in strikethrough.

Ensemble Q2 ANLI SCZS BLEURT QuestEval FactCC BARTscore BERTscore

FRANK 83.0 81.5 82.0 79.0 76.6 73.0 72.1 80.7 75.6
BEGIN 76.8 74.1 76.8 78.9 74.3 73.4 62.09 74.8 78.1
DialFact 80.9 78.1 68.4 74.2 67.1 69.0 52.5 58.6 60.2
PAWS 84.8 84.1 82.1 82.3 62.9 64.8 60.7 70.9 69.8
VitaminC 92.1 77.5 83.9 94.2 59.0 63.3 55.5 59.8 58.0
Avg. w/o VitC 81.4 79.4 77.3 78.6 70.2 70.0 62.1 71.3 70.9

Table 12: Accuracy results for the different metrics on the TRUE test set. Thresholds were tuned on the corre-
sponding development sets. We exclude VitaminC from the average calculation as SCZS was trained on VitaminC.
The highest score in each row (excluding the Ensemble) is in bold and the aforementioned SC results are in
strikethrough.
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Abstract

Recent explorations of large-scale pre-trained
language models (PLMs) have revealed the
power of PLMs with huge amounts of pa-
rameters, setting off a wave of training ever-
larger PLMs. However, it requires tremen-
dous computational resources to train a large-
scale PLM, which may be practically unaf-
fordable. In addition, existing large-scale
PLMs are mainly trained from scratch individ-
ually, ignoring that many well-trained PLMs
are available. To this end, we explore the
question how could existing PLMs benefit
training large-scale PLMs in future. Specifi-
cally, we introduce a pre-training framework
named “knowledge inheritance” (KI) and ex-
plore how could knowledge distillation serve
as auxiliary supervision during pre-training
to efficiently learn larger PLMs. Experi-
mental results demonstrate the superiority of
KI in training efficiency. We also conduct
empirical analyses to explore the effects of
teacher PLMs’ pre-training settings, includ-
ing model architecture, pre-training data, etc.
Finally, we show that KI could be applied
to domain adaptation and knowledge trans-
fer. The implementation is publicly avail-
able at https://github.com/thunlp/
Knowledge-Inheritance.

1 Introduction

Recently, it has become a consensus in the NLP
community to use pre-trained language models
(PLMs) as the backbone for various downstream
tasks (Han et al., 2021; Min et al., 2021). Despite

∗Corresponding author.
†Part of the work was done while Peng Li was working

at Tencent.

the great follow-up efforts of exploring various
pre-training techniques and model architectures,
researchers find that simply enlarging the model
capacity, data size and training steps can further
improve the performance of PLMs (Kaplan et al.,
2020; Li et al., 2020b). This discovery sets off a
wave of training large-scale PLMs (Raffel et al.,
2019; Brown et al., 2020; Fedus et al., 2021).

Although huge PLMs have shown awesome per-
formance (Bommasani et al., 2021), it requires
tremendous computational resources to train large-
scale PLMs (Schwartz et al., 2019), raising severe
environmental concerns on the prohibitive compu-
tational costs. Moreover, existing PLMs are gener-
ally trained from scratch individually, ignoring that
many well-trained PLMs are available. This leaves
us an important question: how could existing PLMs
benefit training larger PLMs in future?

Considering that humans can leverage the knowl-
edge summarized by their predecessors to learn
new tasks, so that the learning process could be-
come efficient; similarly, it is worth inheriting the
implicit knowledge distributed in existing PLMs.
In this sense, we could distill the knowledge sum-
marized by an existing small PLM during pre-
training to efficiently learn larger PLMs. We dub
the above process as knowledge inheritance (KI).
This intuition is similar to reversed KD (Yuan et al.,
2020) in the field of computer vision. They indi-
cate that a delicate student model could still benefit
from a teacher with an inferior architecture for a
specific downstream task.

However, the success of reversed KD in su-
pervised downstream tasks does not guarantee its
feasibility under the scenario of large-scale self-
supervised pre-training. Therefore, in this paper,
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we strive to answer the following research ques-
tions: (RQ1) could distilling knowledge from an
existing trained PLM benefit large PLMs’ training
from scratch? (RQ2) Considering human beings
are able to hand down knowledge from generation
to generation, could KI similarly be sequentially
performed among a series of PLMs with growing
sizes? (RQ3) As more and more PLMs with dif-
ferent pre-training settings (model architectures,
training data, training strategies, etc) emerge, how
would different settings affect the performance of
KI? (RQ4) Besides training a large PLM from
scratch, when adapting an already trained large
PLM to a new domain, how could smaller domain
teachers benefit such a process?

In conclusion, the contributions of this paper
are summarized as follows: (1) we are the first to
formulate the problem of knowledge inheritance,
and demonstrate the feasibility of inheriting the
knowledge from previously trained PLMs for effi-
ciently training larger ones; (2) we show that the
learned knowledge in PLMs could accumulate and
further be passed down from generation to gen-
eration; (3) we systematically conduct empirical
analyses to show the effects of various teacher pre-
training settings, which may indicate how to select
the most appropriate PLM as the teacher for KI; (4)
we further show that during domain adaptation, an
already trained large PLM could benefit from mul-
tiple small PLMs of different domains under the KI
framework. The above empirical studies indicate
that KI can well support cross-model knowledge
transfer, providing a promising direction to share
the knowledge learned by different PLMs and con-
tinuously promote their performance.

2 Related Work

Efficient Pre-training for NLP. Recently, re-
searchers find that the performance of PLMs can
be simply improved by increasing the model size,
data size and training steps (Liu et al., 2019; Raffel
et al., 2019; Kaplan et al., 2020), sparking a wave
of training ever-larger PLMs. For instance, the
revolutionary GPT-3 (Brown et al., 2020), which
contains 175 billion parameters, shows strong capa-
bilities for language understanding and generation.
This means that utilizing PLMs with huge parame-
ters for downstream tasks may greatly relieve the
cost of manual labeling and model training for new
tasks. However, larger models require greater com-
putational demands (Patterson et al., 2021). To this

end, researchers propose to accelerate pre-training
by mixed-precision training (Shoeybi et al., 2019),
distributed training (Shoeybi et al., 2019), large
batch optimization (You et al., 2020), etc.

Another line of methods (Gong et al., 2019; Gu
et al., 2021; Chen et al., 2022; Qin et al., 2022) pro-
poses to pre-train larger PLMs progressively. They
first train a small PLM, and then gradually increase
the depth or width of the network based on param-
eter recycling (PR). Although PR could be used for
the goal of KI, these methods typically have strict
requirements on the architectures of both models,
which is not flexible for practical uses; instead, we
resort to KD as the solution for KI without archi-
tecture constraints. In addition, different from KI,
PR is not applicable for absorbing knowledge from
multiple teacher models and domain adaptation.
More detailed comparisons between KI and PR are
discussed in appendix E.

Knowledge Distillation for PLMs. Knowledge
Distillation (KD) (Hinton et al., 2015) aims to com-
press a large model into a fast-to-execute one. KD
has renewed a surge of interest in PLMs recently.
Some explore KD at different training phases, e.g.,
pre-training (Sanh et al., 2019), downstream fine-
tuning (Sun et al., 2019; Krishna et al., 2020), or
both of them (Jiao et al., 2020); others explore dis-
tilling not only the final logits output by the large
PLM, but also the intermediate hidden representa-
tions (Sanh et al., 2019; Jiao et al., 2020; Sun et al.,
2020). Conventional KD presumes that teacher
models play pivotal roles in mastering knowledge,
and student models generally cannot match their
teachers in performance. When it comes to the
scenario of KI, since student models have larger
capacities, the performance of teacher models is no
longer an “upper bound” of student models. Out-
side NLP, researchers recently demonstrate that
a student model could also benefit from a poor
teacher for a specific downstream task (Yuan et al.,
2020) (reversed KD). Based on the prior explo-
rations, in this paper, we investigate the application
of reversed KD in pre-training.

3 Knowledge Inheritance

Task Formulation. Given a textual input x =
{x1, . . . , xn} and the corresponding label y ∈ RK ,
where K is the number of classes for the spe-
cific pre-training task, e.g., the vocabulary size
for masked language modeling (MLM) (Devlin
et al., 2019), a PLM M converts each token
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xj ∈ x to task-specific logits zj = [zj1, ..., z
j
K ].

zj is then converted to a probability distribution
P(xj ; τ) = [p1(x

j ; τ), ..., pK(xj ; τ)] using a soft-
max function with temperature τ .M is pre-trained
with the objective LSELF(x,y) = H(y,P(x; τ)),
whereH is the loss function, e.g., cross-entropy for
MLM. Assume that we have a well-trained small
PLMMS optimized with the self learning objec-
tive LSELF (such as MLM), our goal is leveraging
MS’s knowledge to efficiently train a larger PLM
ML on the corpora DL = {(xi,yi)}|DL|i=1 .

Investigated Methodology. Specifically, impart-
ing MS’s knowledge to ML on DL is im-
plemented by minimizing the Kullback-Leibler
(KL) divergence between two probability dis-
tributions output by MS and ML on the
same input xi ∈ DL, i.e., LKI(xi;MS) =
τ2KL(PMS

(xi; τ)||PML
(xi; τ))). In addition,

ML is also encouraged to conduct self-learning
by optimizing LSELF(xi,yi). Both LSELF and LKI
are balanced with an inheritance rate α:

L(DL;MS) =
∑

(xi,yi)∈DL

(1− α)LSELF(xi, yi) + αLKI(xi;MS)

=
∑

(xi,yi)∈DL

(1− α)H(yi,PML(xi; 1))

+ ατ2KL(PMS (xi; τ)||PML(xi; τ))).

(1)

Since larger models generally converge faster
and can achieve better final performance (Li et al.,
2020b),ML becomes more and more knowledge-
able during the learning process, and would sur-
pass the teacher eventually. Thus, it is necessary
to encourageML increasingly learning knowledge
on its own, not only following the teacher’s in-
structions. Additionally, afterML has surpassed
its teacher, it no longer needs the guidance from
MS and should conduct pure self-learning from
then on. Therefore, different from reversed KD,
we dynamically change the inheritance rate α.
Specifically, for a total training steps of T , we lin-
early decay αt with a slope of αT

T . The student
only inherits knowledge from the teacher for T

αT
steps, and then conducts pure self-learning, i.e.,
αt = max(1−αT × t

T , 0). Formally, at step t, the
loss function for inheriting knowledge ofMS on
DL is formulated as:

L(DL;MS) =
∑

(xi,yi)∈DL

(1−αt)LSELF(xi, yi)+αtLKI(xi;MS).

(2)

Note the logits of MS on DL can be pre-
computed and saved offline so that we do not need

to re-compute the logits ofMS when trainingML.
This process is done once and for all.

4 Empirical Analysis

In this section, we answer our research questions
proposed before. Specifically, (1) we first demon-
strate the effectiveness of KI in § 4.1. (2) Then
we show PLMs can accumulate knowledge over
generations in § 4.2. (3) We also investigate the ef-
fects of different pre-training settings of the teacher
models in § 4.3. (4) Finally, we show that KI could
benefit domain adaptation, and a trained PLM can
learn more efficiently with the help of multiple
domain teachers in § 4.4. Detailed pre-training
hyper-parameters are listed in appendix B.

4.1 RQ1: How Could Knowledge Inheritance
Benefit Large PLMs’ Training?

Setting. Our KI framework is agnostic to the
specific self-supervised pre-training task and the
PLM architecture. Without loss of generality, we
mainly focus on the representative MLM task and
use the model architecture of RoBERTa (Liu et al.,
2019). Specifically, we first choose RoBERTaBASE
(denoted as BASE) as the teacher (MS) and
RoBERTaLARGE (denoted as LARGE) as the student
(ML). We also experiment on auto-regressive lan-
guage modeling using GPT (Radford et al., 2018)
to show KI is model-agnostic.

For pre-training data, we use the concatenation
of Wikipedia and BookCorpus (Zhu et al., 2015)
same as BERT (Devlin et al., 2019), with roughly
3, 400M tokens in total. All models (MS andML)
are trained for 125k steps, with a batch size of
2, 048 and a sequence length of 512. Note the
whole training computations are comparable with
those of BERT. We pre-train ML by inheriting
MS’s knowledge under KI (denoted as “BASE→
LARGE”). We compare it with “LARGE” that only
conducts self-learning from beginning to end.

For performance evaluation, we report the vali-
dation perplexity (PPL) during pre-training and the
downstream performance on development sets of
eight GLUE (Wang et al., 2019) tasks. Note com-
pared with the self-learning baseline, in KI, the log-
its output byML are additionally used to calculate
LKI, we empirically find that the additional compu-
tations caused by it are almost negligible compared
with the cumbersome computations in Transformer
blocks. Therefore, it requires almost the same com-
putational cost between KI and the baseline for
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Figure 1: (a) The validation PPL curve for pre-trainingML under KI framework (BASE→ LARGE) and the self-
learning baseline (LARGE). The teacher’s (BASE) performance is 4.18. (b) Pre-training BASE under KI with three
strategies for the inheritance rate αt: Linear, Heviside and Constant. The teacher’s (MEDIUM) perfor-
mance is 4.95. (c) Pre-training BASE under KI with top-K logits, we vary K in {10, 50, 100, 1000}, respectively.

each step. Hence, we report the performance w.r.t
training step (Li et al., 2020a), while the perfor-
mance w.r.t. FLOPs (Schwartz et al., 2019) and
wall-clock time (Li et al., 2020b) can be roughly
obtained by stretching the figure horizontally.

Overall Results. As shown in Figure 1 (a), we
conclude that: (1) training ML under KI con-
verges faster than the self-learning baseline, in-
dicating that inheriting the knowledge from an ex-
isting teacher is far more efficient than solely learn-
ing such knowledge. That is, to achieve the same
level of validation PPL, KI requires fewer com-
putational costs. Specifically, under the guidance
ofMS , whose validation PPL is 4.18, BASE →
LARGE achieves a validation PPL of 3.41 at the end
of pre-training, compared with baseline (LARGE)
3.58. After BASE → LARGE stops learning from
the teacher at the 40k-th step, it improves the val-
idation PPL from 4.60 (LARGE) to 4.28, which is
almost the performance when the baseline LARGE
conducts self-learning for 55k steps, thus saving
roughly 27.3% computational costs1. The results
in Table 1 show that (2) ML trained under KI
achieves better performance than the baseline
on downstream tasks at each step. We also found
empirically that, under the same setting (e.g., data,
hyper-parameters and model architectures), lower
validation PPL generally indicates better down-
stream performance. Since the performance gain in
downstream tasks is consistent with that reflected
in PPL, we only show the latter for the remaining
experiments. Concerning the energy cost, for the
remaining experiments, unless otherwise specified,
we choose MEDIUM (9 layers, 576 hidden size) as

1If we load BASE and compute its logits during pre-
training, 18.7% FLOPs can be saved roughly, since the for-
ward passes of the small teacher also take up a small part.

MS and BASE asML.

Effects of Inheritance Rate. We setαt in Eq. (2)
to be linearly decayed (denoted as Linear) to
gradually encourage ML exploring knowledge
on its own. We analyze whether this design is
necessary by comparing it with two other strate-
gies: the first is to only learn from the teacher at
first and change to pure self-learning (denoted as
Heviside) at the 35k-th step; the second is to
use a constant ratio (1 : 1) between LSELF and LKI
throughout the whole training process (denoted as
Constant). We can conclude from Figure 1 (b)
that: (1) annealing at first is necessary. The vali-
dation PPL curve of Linear converges the fastest,
while Heviside tends to increase afterML stops
learning from the teacher, indicating that, due to
the difference between learning from the teacher
and self-learning, annealing at first is necessary so
that the performance won’t decay at the transition
point (the 35k-th step). (2) Supervision from the
teacher is redundant after ML surpasses MS .
Although Constant performs well in the begin-
ning, its PPL gradually becomes even worse than
the other two strategies. This indicates that after
ML has already surpassedMS , it will be encum-
bered by keeping following guidance fromMS .

Saving Storage Space with Top-K Logits.
Loading the teacherMS repeatedly for KI is cum-
bersome, and an alternative way is to pre-compute
and save the predictions ofMS offline once and
for all. We show that using the information of
top-K logits (Tan et al., 2019) can reduce the mem-
ory footprint without much performance decrease.
Specifically, we save only top-K probabilities of
PS(xj ; τ) followed by re-normalization, instead of
the full distribution over all tokens. For RoBERTa,
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Step Model CoLA MNLI QNLI RTE SST-2 STS-B MRPC QQP Avg

5k
LARGE 0.0 73.5 81.7 53.0 81.7 45.8 71.4 87.5 61.8

BASE→ LARGE 17.4 75.8 83.4 54.7 85.7 72.0 72.6 88.6 68.8

45k
LARGE 61.8 84.9 91.7 63.4 92.9 88.6 87.7 91.5 82.8

BASE→ LARGE 64.3 85.9 92.2 75.3 93.2 89.3 89.4 91.5 85.2

85k
LARGE 64.5 86.8 92.7 69.7 93.5 89.9 89.7 91.7 84.8

BASE→ LARGE 65.7 87.2 93.0 77.0 94.3 90.0 90.4 91.8 86.2

125k
LARGE 64.3 87.1 93.2 73.4 94.1 90.3 90.1 91.8 85.5

BASE→ LARGE 67.7 87.7 93.1 74.9 94.8 90.6 88.2 91.9 86.1

Table 1: Downstream performances on GLUE tasks (dev). KI requires fewer pre-training steps to get a high score
after fine-tuning. Detailed results at different training steps are illustrated in appendix A.6.

the dimension of PS(xj ; τ) is decided by its vo-
cabulary size, which is around 50, 000. We thus
vary K in {10, 50, 100, 1000} to see its effects in
Figure 1 (c), from which we observe that: top-K
logits contain the vast majority of information.
Choosing a relatively small K (e.g., 10) is already
good enough for inheriting knowledge from the
teacher without much performance decrease. Pre-
vious work also indicates the relation between KD
and label smoothing (Shen et al., 2021), however,
we show in appendix F that the improvements of
KI are not because of benefiting from optimizing
smoothed targets, which impose regularization.

Experiments on GPT. To demonstrate that KI
is model-agnostic, we conduct experiments on
auto-regressive language modeling and choose
GPT (Radford et al., 2018) architecture with grow-
ing sizes of {73M, 124M, 209M, 354M, 773M,
1B} parameters in total, respectively. The de-
tailed architectures are specified in Table 6. All the
teacher models are pre-trained for 62.5k steps with
a batch size of 2, 048. As reflected in Figure 2 (a),
training larger GPTs under our KI framework con-
verges faster than the self-learning baseline, which
demonstrates KI is agnostic to the specific pre-
training objective and PLM architecture.

4.2 RQ2: Could Knowledge Inheritance be
Performed over Generations?

Human beings can inherit the knowledge from
their antecedents, refine it and pass it down to
their offsprings, so that knowledge can gradually
accumulate over generations. Inspired by this,
we investigate whether PLMs also have this kind
of pattern. Specifically, we experiment with the
knowledge inheritance among three generations
of RoBERTa with roughly 1.7x growth in model
size: G1 (BASE, 125M),G2 (BASE_PLUS, 211M)

and G3 (LARGE, 355M), whose architectures are
listed in Table 6. All models are trained from
scratch for 125k steps with a batch size of 2, 048
on the same corpus. We compare the differences
among (1) self-learning for each generation (de-
noted as G1, G2 and G3), (2) KI over two gen-
erations (denoted as G1 → G2, G1 → G3 and
G2 → G3), and (3) KI over three generations (de-
noted as G1 → G2 → G3), where G2 first inherits
the knowledge from G1, refines it by additional
self-exploring and passes its knowledge down to
G3. The results are drawn in Figure 2 (b). Com-
paring the performance of G2 and G1 → G2, G3

and G1 → G3, or G3 and G2 → G3, we can again
demonstrate the superiority of KI over self-training
as concluded before. Comparing the performance
of G1 → G3 and G1 → G2 → G3, or G2 → G3

and G1 → G2 → G3, it is observed that the per-
formance of G3 benefits from the involvements of
both G1 and G2, which means knowledge could
be accumulated through more generations’ involve-
ments.

4.3 RQ3: How CouldMS’s Pre-training
Setting Affect Knowledge Inheritance?

Existing PLMs are typically trained under quite dif-
ferent settings, and it is unclear how these different
settings will affect the performance of KI. Formally,
we have a series of well-trained smaller PLMs
MS = {M1

S , ...,MNS
S }, each having been opti-

mized on DS = {D1
S , ...,DNSS }, respectively. Con-

sidering that the PLMs inMS , consisting of varied
model architectures, are pre-trained on different
corpora of various sizes and domains with arbitrary
strategies, thus the knowledge they master is also
manifold. In addition,ML’s pre-training data DL
may also consist of massive, heterogeneous corpora
from multiple sources, i.e., DL = {D1

L, ...,DNLL }.
Due to the difference between DL and DS , MS
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Figure 2: (a) Experiments on GPT. (b) KI over generations. (c) Effects ofMS’s architecture (depth).

may be required to transfer its knowledge on in-
stances unseen during its pre-training. Ideally, we
wantMS to teach the courses it is skilled in. There-
fore, it is essential to choose the most appropriate
teacher for each composition D∗L ∈ DL. To this
end, we conduct thorough experiments to analyze
the effects of several representative factors: model
architecture, pre-training data,MS’s pre-training
step (appendix A.2) and batch size (appendix A.3).

Effects of Model Architecture. Large PLMs
generally converge faster and achieve lower PPL,
thus serving as more competent teachers. We ex-
periment with two widely chosen architecture vari-
ations, i.e., depth (number of layers) and width
(hidden size), to explore the effects ofMS’s model
architectures. We choose BASE (12 layer, 768
hidden size) as ML’s architecture, and choose
the architecture of MS to differ from ML in ei-
ther depth or width. Specifically, for MS , we
vary the depth in {4, 6, 8, 10}, and the width in
{384, 480, 576, 672}, respectively, and pre-train
MS under the same setting asML. The PPL curve
for each teacher model is shown in appendix A.7,
from which we observe that deeper / wider teachers
with more parameters converge faster and achieve
lower PPL. After that, we pre-trainML under KI
leveraging these teacher models. As shown in Fig-
ure 2 (c) and appendix A.4, choosing a deeper
/ wider teacher accelerates ML’s convergence,
demonstrating the benefits of learning from a more
knowledgeable teacher. Since the performance of
PLMs is weakly related to the model shape but
highly related to the model size (Li et al., 2020b),
it is always a better strategy to choose the larger
teacher if other settings are kept the same. In exper-
iments, we also find empirically that, the optimal
duration of learning from the teacher is longer for
larger teachers, which means it takes more time to
learn from a more knowledgeable teacher.

Effects of Pre-training Data. In previous exper-
iments, we assumeML is pre-trained on the same
corpus asMS , i.e., DL = DS . However, in real-
world scenarios, it may occur that the pre-training
corpus used by bothML andMS is mismatched,
due to three main factors: (1) data size. When
training larger models, the pre-training corpus is of-
ten enlarged to improve downstream performance,
i.e., |DS | � |DL|; (2) data domain. PLMs are
trained on heterogeneous corpora from various
sources (e.g., news articles, literary works, etc.),
i.e., PDS 6= PDL . The different knowledge con-
tained in each domain may affect PLMs’ gener-
alization in downstream tasks; (3) data privacy.
Even if both size and domain of DS and DL are
ensured to be the same, it may be hard to retrieve
the pre-training corpus used byMS due to privacy
concerns, with an extreme case: DL ∩ DS = ∅.
The gap between DS and DL may hinder MS’s
successful knowledge transfer. We thus design ex-
periments to analyze the effects of these factors,
with three observations concluded:
• Obs. 1: PLMs can image the big from

the small for in-domain data. To evaluate the
effects of data size, we first pre-train teacher
models on different partitions of the original
training corpus under the same setting by ran-
domly sampling { 1

16 ,
1
8 ,

1
4 ,

1
2 ,

1
1} of it, resulting

in teacher models with final validation PPL of
{5.43, 5.15, 5.04, 4.98, 4.92}, respectively. The fi-
nal validation PPL increases as we shrink the size
of MS’s pre-training corpus, which implies that
training with less data weakens the teacher’s abil-
ity. Next, we compare the differences when their
knowledge is inherited by ML. As reflected in
Figure 3 (a), however, the performance of KI is
not substantially undermined until only 1

16 of the
original data is leveraged by the teacher. This in-
dicates that PLMs can well image the overall data
distribution even if it only sees a small part. Hence,
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Figure 3: Effects ofMS’s pre-training (a) data size, (b) data domain and (c) data privacy for KI.

when training larger PLMs, unless the data size is
extensively enlarged, its impact can be ignored.
• Obs. 2: Inheriting on similar domain im-

proves performance. To evaluate the effects of
data domain, we experiment on the cases whereDS
and DL have domain mismatch. Specifically, keep-
ing data size the same, we mix Wikipedia and Book-
Corpus (WB) used before with computer science
(CS) papers from S2ORC (Lo et al., 2020), whose
domain is distinct from WB, using different propor-
tions, i.e., WB : CS = {1 : 2, 2 : 1, 3 : 1, 4 : 1},
respectively. We pre-trainMS on the constructed
corpora, then test the performance whenML inher-
its these teachers’ knowledge on the WB domain
data. As shown in Figure 3 (b), with the domain
of the constructed corpusMS is trained on becom-
ing gradually similar to WB, the benefits from KI
become more obvious, which means it is essential
that bothMS andML are trained on similar do-
main of data, so thatMS can successfully impart
knowledge toML by teaching the “right” course.
• Obs. 3: Data privacy is not that important

if the same domain is ensured. To evaluate the ef-
fects of data privacy, we experiment in an extreme
case where DS and DL have no overlap at all. To
avoid the influences of size and domain, we ran-
domly split the WB domain training corpus D into
two halves (DA and DB) and pre-train two teacher
models (denoted as MEDIUMA and MEDIUMB) on
them. After pre-training, both of them achieve al-
most the same final PPL (4.99) on the same valida-
tion set. They are then inherited by the student
model BASE on DB (denoted as MEDIUMA →
BASEB and MEDIUMB → BASEB), which is ex-
actly the pre-training corpus of MEDIUMB and has
no overlap with that of MEDIUMA. We also choose
ML that conducts pure self-learning on DB as the
baseline (denoted as BASEB). It is observed from
Figure 3 (c) that, there is little difference between
the validation PPL curves of MEDIUMA → BASEB

and MEDIUMB → BASEB, indicating that whether
the pre-training corpus ofMS andML has data
overlap or not is not a serious issue as long as they
share the same domain. This is meaningful when
organizations aim to share the knowledge of their
PLMs without exposing either the pre-training data
or the model parameters due to privacy concerns.

4.4 RQ4: How Could Knowledge Inheritance
Benefit Domain Adaptation?

With streaming data of various domains continu-
ously emerging, training domain-specific PLMs
and storing the model parameters for each domain
can be prohibitively expensive. To this end, re-
searchers recently demonstrated the feasibility of
adapting PLMs to the target domain through con-
tinual pre-training (Gururangan et al., 2020). In
this section, we further extend KI and demonstrate
that domain adaptation for PLM can benefit from
inheriting knowledge of existing domain experts.

Specifically, instead of training large PLMs from
scratch, which is the setting used before, we focus
on adapting BASEWB, which has been well-trained
on the WB domain for 125k steps, to two target do-
mains, i.e., computer science (CS) and biomedical
(BIO) papers from S2ORC (Lo et al., 2020). The
proximity (vocabulary overlap) of three domains
is listed in appendix D. We assume there exist two
domain experts, i.e., MEDIUMCS and MEDIUMBIO.
Each model has been trained on CS / BIO domain
for 125k steps. Note their training computation is
far less than BASEWB due to fewer model param-
eters. Hence, either MEDIUMCS or MEDIUMBIO is
no match for BASEWB in WB domain but has richer
knowledge in CS / BIO domain. For evaluation,
we compare both (1) the validation PPL on the tar-
get domain and (2) the performance (test F1) on
downstream tasks, i.e. ACL-ARC (Jurgens et al.,
2018) for CS domain and CHEMPROT (Kringelum
et al., 2016) for BIO domain. Before adaptation,
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Ntokens 3, 400M 200M 100M 40M 20M

Metrics F1 PPL F1 PPL F1 PPL F1 PPL F1 PPL

CS
SL 69.8 3.12 71.7 3.17 71.4 3.24 68.3 3.51 67.5 4.07
KI 72.9 3.06 72.6 3.09 71.9 3.11 71.1 3.21 70.8 3.37

BIO
SL 84.0 2.67 82.8 2.72 83.2 2.83 83.3 3.16 82.7 3.81
KI 84.5 2.65 83.4 2.66 83.9 2.69 83.6 2.82 83.5 3.01

Table 2: The validation PPL (PPL) and downstream performance (F1) on the target domain (CS / BIO) after
BASEWB is post-trained for 4k steps with self-learning (SL) or knowledge inheritance (KI). We experiment with
different sizes of domain corpus. All downstream experiments are repeated 10 times with different seeds.

Ntokens 3, 400M 200M 100M 40M

Metrics F1C PPLC F1B PPLB F1C PPLC F1B PPLB F1C PPLC F1B PPLB F1C PPLC F1B PPLB

SL 71.7 3.15 83.7 2.71 70.5 3.97 82.7 3.36 67.7 5.95 81.7 4.84 68.3 11.7 81.1 10.5
KI 72.2 3.15 83.9 2.70 71.8 3.42 83.1 2.92 69.8 3.90 82.6 3.32 69.1 5.70 81.3 4.64

Table 3: The results when BASEWB is post-trained on two new domains simultaneously with self-learning (SL) or
knowledge inheritance (KI). We report both validation PPL (PPLB / PPLC) and downstream performance (F1B /
F1C) for BIO / CS domain. We observe that SL exhibits severe overfitting when data is relatively scarce.

BASEWB achieves a PPL of 5.41 / 4.86 and F1 of
68.5 / 81.6 on CS / BIO domain, while MEDIUMCS
achieves 2.95 (PPL) and 69.4 (F1) on CS domain,
MEDIUMBIO achieves 2.55 (PPL) and 83.6 (F1) on
BIO domain. This demonstrates the superiority of
two teachers over the student in their own domain
despite their smaller model capacity.

We compare two strategies for domain adapta-
tion: (1) only conducting self-learning on the target
domain and (2) inheriting knowledge from well-
trained domain teachers. Specifically, BASEWB is
post-trained for additional 4k steps on either CS or
BIO domain to learn new knowledge. In addition,
considering that in real-world scenarios, it can be
hard to retrieve enough pre-training data for a spe-
cific domain, due to some privacy issues. Hence,
we conduct experiments with different sizes of do-
main corpus. In Table 2, BASEWB is post-trained
on either CS or BIO domain while in Table 3, it
is trained on synthetic domain data (BIO : CS =
1 : 1) to absorb knowledge from two domains si-
multaneously (we assumeML is trained with the
optimal teacher selection strategy, i.e., each teacher
imparts the knowledge on its own domain data). It
can be concluded from Table 2 and Table 3 that:

(1) KI is more training-efficient. Compared
with self-learning, inheriting knowledge from do-
main teachers achieves lower final PPL and im-
proved performance in domain-specific down-
stream tasks, indicating that, for domain adapta-
tion, KI is more training-efficient so that an already
trained large PLM could absorb more knowledge

from new domain with the same training budget.
(2) KI is more data-efficient. The PPL gap be-
tween KI and SL is further enlarged when there is
less domain-specific data available for adaptation,
which means KI is more data-efficient especially
under the low-resource setting, where domain data
is scarce. In other words, only providing a small
portion of domain-specific data is enough for sat-
isfactory adaptation performance under KI, while
self-learning exhibits overfitting to some extent. (3)
Large PLMs can simultaneously absorb knowl-
edge from multiple domains and thus become
omnipotent. From Table 3, we observe BASEWB
achieves improved performance on both domains
after being taught by two teachers simultaneously.
KI shows superiority over self-learning. However,
simultaneous learning overfits training data more
easily and its performance on either domain is no
match for learning only one domain at a time.

5 Conclusion and Future Work

In this work, we propose a general knowledge in-
heritance (KI) framework that leverages previously
trained PLMs for training larger ones. We con-
duct sufficient empirical studies to demonstrate its
feasibility. In addition, we show that KI could
well support knowledge transfer over a series of
PLMs with growing sizes. We also comprehen-
sively analyze various pre-training settings of the
teacher model that may affect KI’s performance,
the results shed light on how to choose the most
appropriate teacher PLM for KI. Finally, we ex-
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tend KI and show that, during domain adaptation,
an already trained large PLM could benefit from
smaller domain teachers. In general, we provide
a promising direction to share and exchange the
knowledge learned by different models and contin-
uously promote their performance.

In future, we aim to explore the following di-
rections: (1) the efficiency of KI, i.e., given lim-
ited computational budget and pre-training corpus,
how to more efficiently absorb knowledge from
teacher models. Potential solutions include denois-
ing teacher models’ predictions and utilizing more
information from the teacher. How to select the
most representative data points for KI is also an
interesting topic; (2) the effectiveness of KI under
different settings, i.e., how can KI be applied if the
teachers and the students are pre-trained on differ-
ent vocabularies, languages, pre-training objectives
and modalities.

Finally, we believe it is vital to use fair bench-
marking that can accurately and reliably judge each
KI algorithm. Thus, we suggest future work to:
(1) conduct all experiments under the same com-
putation environment and report the pre-training
hyper-parameters and hardware deployments in de-
tail, (2) evaluate the downstream tasks with multi-
ple different random seeds and choose tasks that
give relatively stable and consistent results, which
could serve as better indicators for PLMs’ effective-
ness. In addition, it is also essential that PLMs are
tested on diverse downstream tasks which evaluate
PLMs’ different abilities, (3) save the checkpoint
more frequently during pre-training and evaluate
the downstream performance, which can better in-
dicate the trend of PLMs’ effectiveness, and (4)
open-source all the codes and model parameters
for future comparisons.
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Appendices

A Additional Experiments and Analysis

A.1 Effects of Model Size

We experiment on four PLMs with roughly 1.7x
growth in model size: M1 (RoBERTaMEDIUM,
73.5M), M2 (RoBERTaBASE, 125M), M3

(RoBERTaBASE_PLUS, 211M) and M4

(RoBERTaLARGE, 355M), whose architectures are
listed in Table 6. We first pre-train a teacher
PLM Mi (MS) for 125k steps with a batch
size of 2, 048 under the same setting then train
a larger one Mi+1 (ML) by inheriting Mi’s
knowledge under KI framework (denoted as
Mi → Mi+1, i ∈ {1, 2, 3}). We compare
Mi → Mi+1 with Mi+1 that conducts self-
learning from beginning to end. As shown in
Figure 4, the superiority of KI is observed across
all models. In addition, with the overall model
size of MS and ML gradually increasing, the
benefits of KI become more evident, reflected in
the broader absolute gap between the PPL curve of
Mi →Mi+1 andMi+1 when i gradually grows.
This implies that with the advance of computing
power in future, training larger PLMs will benefit
more and more from our KI framework.

A.2 Effects ofMS’s Pre-training Steps

Longer pre-training has been demonstrated as
an effective way for PLMs to achieve better
performance (Liu et al., 2019) and thus be-
come more knowledgeable. To evaluate the ben-
efits of more pre-training steps for MS , we
first vary RoBERTaMEDIUM’s pre-training steps in
{62.5k, 125k, 250k, 500k}, and keep all other
settings the same. After pre-training, these
teacher models achieve the final validation PPL
of {5.25, 4.92, 4.72, 4.51}, respectively. Then we
compare the performances when RoBERTaBASE
learn from these teacher models and visualize
the results in Figure 4, from which we can con-
clude that, inheriting knowledge from teachers with
longer pre-training time (steps) helpsML converge
faster. However, such a benefit is less and less ob-
vious asMS’s pre-training steps increase, which
means after enough training computations are in-
vested, the teacher model enters a plateau of con-
vergence in validation PPL, and digging deeper in
knowledge becomes even harder. The bottleneck
lies in other factors, e.g., the size and diversity of
pre-training data, which hinderMS from becom-

ing more knowledgeable. We also found empiri-
cally that, after being pre-trained for 125k steps
on the corpus with a batch size of 2, 048, all the
models used in this paper have well converged, and
longer pre-training only results in limited perfor-
mance gain in either PPL or downstream perfor-
mance.

A.3 Effects ofML’s Batch Size
Batch size is highly related to PLM’s training ef-
ficiency, and previous work (Liu et al., 2019; Li
et al., 2020b; You et al., 2019) found that slow-but-
accurate large batch sizes can bring improvements
to model training, although the improvements be-
come marginal after increasing the batch size be-
yond a certain point (around 2, 048). BERT (Devlin
et al., 2019) is pre-trained for 1, 000k steps with
a batch size of 256, and the computational cost is
equivalent to training for 125k steps with a batch
size of 2, 048 (Liu et al., 2019), which is the pre-
training setting chosen in our main paper. Choos-
ing RoBERTaMEDIUM as the teacher model and
RoBERTaBASE as the student model, in Figure 4 we
compare the validation PPL as we vary the batch
size in {256, 512, 1024, 2, 048}, controlling for the
number of passes through the pre-training corpus.
We also vary the peak learning rate in {1.0 ×
10−4, 2.5×10−4, 3.8×10−4, 5.0×10−4} and pre-
train for {1, 000k, 500k, 250k, 125k} steps, respec-
tively, when increasing the batch size. We observe
that increasing the batch size results in improved
final validation PPL, which is aligned with previ-
ous findings (Liu et al., 2019). When adjusting
batch size, KI accelerates the convergence unani-
mously, and its benefits become more evident when
training with a smaller batch size, reflected in the
absolute improvement in final validation PPL. We
hypothesize that this is because learning from the
smoothed target probability of KI, containing rich
secondary information (Yang et al., 2019) or dark
knowledge (Furlanello et al., 2018), makes the pre-
training process more stable. The student PLM is
prevented from fitting to unnecessarily strict distri-
butions and can thus learn faster.

A.4 Additional Experiments of the Effects of
Teacher ModelMS’s architecture
(width)

We show in Figure 5 the validation PPL of ML

when choosing the teacher PLMMS with differ-
ent hidden sizes ({384, 480, 576, 672}). As men-
tioned in our main paper, choosing a wider teacher
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Figure 4: Left: effects ofML’s model size. Middle: effects ofMS’s number of pre-training steps. Right: effects
ofML’s batch size.
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Figure 5: Left: the PPL curve when choosing the teacher PLM with different hidden sizes. Middle & Right:
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domain corpus.

model improves the training efficiency of the stu-
dent PLM.

A.5 Additional Experiments of Knowledge
Inheritance for Domain Adaptation

Domain Strategy 3, 400M 200M 100M 40M

CS
SL 6.71 7.01 7.39 8.77
KI 8.63 9.39 9.48 9.87

BIO
SL 7.29 6.61 8.16 10.34
KI 10.74 10.78 10.93 11.66

Table 4: The validation PPL on the source domain
(WB) after RoBERTaBASE_WB is post-trained on the tar-
get domain (CS / BIO) with self-learning (SL) and
knowledge inheritance (KI).

Different Number of Post-training Steps. In
the main paper, we adapt RoBERTaBASE_WB to ei-
ther CS or BIO domain by post-training it for 4k
steps. We further vary the number of training steps
in {1k, 2k, 3k, 4k, 5k} and visualize the validation
PPL in Figure 5. We also experiment on different
sizes of domain corpus, i.e., 3, 400M, 200M, 100M,
40M tokens, respectively, as done in the main pa-

per. We observe that generally the validation PPL
on each domain decreases with the training step
growing, and the performance of KI is always bet-
ter than self-learning. The improvement of KI over
self-learning is further enlarged when there is less
target domain data available, demonstrating that
KI is more data-efficient and can work well in low-
resource settings. In addition, self-learning exhibits
overfitting problems when the data size of the target
domain is relatively small, which is not observed
under our KI framework, which means KI can mit-
igate overfitting under low-resource settings.

Catastrophic Forgetting on the Source Domain.
Table 4 lists the validation PPL on the source do-
main (WB) after RoBERTaBASE_WB is post-trained
on the target domain (CS / BIO) with self-learning
(SL) and knowledge inheritance (KI) for 4k steps.
We show the results w.r.t. different sizes of domain
corpus (3, 400M, 200M, 100M and 40M tokens).
We observe that after domain adaptation, the vali-
dation PPL on the source domain increases, which
means PLMs may forget some key knowledge on
the source domain when learning new knowledge
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Figure 6: Downstream performance visualization on six GLUE tasks comparing RoBERTaLARGE and
RoBERTaBASE → RoBERTaLARGE. For CoLA, RTE, SST-2 and STS-B, we repeat fine-tuning for 5 times; for
MNLI and QNLI, we repeat fine-tuning for 3 times.

in the target domain, i.e., the catastrophic forgetting
problem. In addition, we find that the problem is
more evident for KI than self-learning. We expect
future work to further explore how to mitigate the
catastrophic forgetting.

A.6 Detailed Downstream Performances on
GLUE Tasks

Figure 6 visualizes the downstream perfor-
mance of RoBERTaLARGE and RoBERTaBASE →
RoBERTaLARGE on the dev sets of six GLUE tasks
at different pre-training steps with an interval of
5k. It can be observed that the downstream perfor-
mance of RoBERTaBASE → RoBERTaLARGE rises
faster than the baseline, which means it takes fewer
pre-training steps for our KI framework to get a
high score in downstream tasks. Aligned with pre-
vious findings (Li et al., 2020b), we found MNLI
and SST-2 to be the most stable tasks in GLUE,
whose variances are lower.

We also list the average GLUE performance for
RoBERTaBASE → RoBERTaLARGE and the base-
line RoBERTaLARGE in Table 5, from which we
observe that the baseline at 70k-th step achieves
almost the same GLUE performance as our method
at 40k-th step, which means our framework saves
around 42.9% FLOPs, much higher than the re-
ported 27.3% FLOPs saved based on the pre-
training PPL metric in the main paper. In addition,

our method achieves almost the same GLUE perfor-
mance as the baseline at the final step (125k) with
only 70k steps, which means our framework saves
44% FLOPs in total. Both the perplexity in the
pre-training stage and performance in downstream
tasks can be chosen as the evaluation metric for
measuring the computational cost savings. How-
ever, in this paper, we choose the former because it
is more stable and accurate than the latter. We find
empirically that some GLUE tasks like CoLA have
higher variances than others, which might make
the measurement inaccurate.

Besides, when discussing the effects of model
architectures in the main paper, we only show the
validation PPL of each model during pre-training,
we visualize the corresponding downstream perfor-
mance (MNLI) in Figure 7, from which it can be
observed that learning from teacher models with
more parameters helps achieve better downstream
performance at the same pre-training step. In gen-
eral, we observe that, under our setting, the perfor-
mance gain in downstream tasks is aligned with
that reflected in validation PPL during pre-training.

A.7 Teacher Models’ Validation PPL Curves
during Pre-training for “Effects of
Model Architecture”

Figure 7 visualizes the validation PPL curves for
all the teacher models used in the experiments

3934



0 20k 40k 60k 80k 100k 120k
Number of gradient steps

70.0

72.5

75.0

77.5

80.0

82.5

85.0
V

al
id

at
io

n 
A

cc
ur

ac
y

MNLI

RoBERTaBASE
RoBERTaD_384 RoBERTaBASE
RoBERTaD_480 RoBERTaBASE
RoBERTaD_576 RoBERTaBASE
RoBERTaD_672 RoBERTaBASE

0 20k 40k 60k 80k 100k 120k
Number of gradient steps

70.0

72.5

75.0

77.5

80.0

82.5

85.0

V
al

id
at

io
n 

A
cc

ur
ac

y

MNLI

RoBERTaBASE
RoBERTaH_4 RoBERTaBASE
RoBERTaH_6 RoBERTaBASE
RoBERTaH_8 RoBERTaBASE
RoBERTaH_10 RoBERTaBASE

20k 40k 60k 80k 100k 120k
Number of gradient steps

4.0

4.5

5.0

5.5

6.0

6.5

7.0

7.5

M
LM

 v
al

id
at

io
n 

pe
rp

le
xi

ty

RoBERTaBASE
RoBERTaH_4
RoBERTaH_6
RoBERTaH_8
RoBERTaH_10
RoBERTaD_384
RoBERTaD_480
RoBERTaD_576
RoBERTaD_672

Figure 7: Left & Middle: downstream performances corresponding to the experiments on effects ofMS’s model
architecture (width (left) & depth (middle)). Right: validation PPL during pre-training for the teacher models used
in experiments of effects of teacher model architecture.

Step RoBERTaBASE RoBERTaBASE → RoBERTaLARGE

5k 61.8 68.8
10k 75.6 78.1
15k 79.3 81.5
20k 80.4 82.8
25k 81.7 83.6
30k 82.4 83.9
35k 83.1 84.1
40k 83.6 84.5
45k 82.8 85.2
50k 83.9 84.6
55k 83.4 85.2
60k 84.0 85.7
65k 84.1 85.3
70k 84.3 85.5
75k 85.0 85.8
80k 84.7 85.8
85k 84.8 86.2
... ... ...

125k 85.5 86.1

Table 5: Average GLUE performance comparing both
RoBERTaBASE and RoBERTaBASE → RoBERTaLARGE
at different pre-training steps.

on the effects of model architecture. The teacher
models differ from RoBERTaBASE in either
the depth or width. Specifically, we vary the
depth in {4, 6, 8, 10} (denoted as {RoBERTaH_4,
RoBERTaH_6, RoBERTaH_8, RoBERTaH_10}),
and the width in {384, 480, 576, 672} (de-
noted as {RoBERTaD_384, RoBERTaD_480,
RoBERTaD_576, RoBERTaD_672}). Generally,
PLMs with larger model parameters converge
faster and achieve better final performance.

B Pre-training Hyper-parameters

In Table 6, we list the architectures we used for all
models, covering the details for the total number
of trainable parameters (nparams), the total number
of layers (nlayers), the number of units in each bot-
tleneck layer (dmodel), the total number of attention

heads (nheads), the inner hidden size of FFN layer
(dFFN) and the learning rate when batch size is set
to 2, 048 (lr). The training-validation ratio of pre-
training data is set to 199 : 1. We set the weight
decay to 0.01, dropout rate to 0.1, and use linear
learning rate decay. Adam is chosen as the opti-
mizer. The learning rate is warmed up for the first
10% steps. The hyper-parameters for Adam op-
timizer is set to 1 × 10−6, 0.9, 0.98 for ε, β1, β2,
respectively. For a fair comparison, all experiments
are done in the same computation environment
with 8 NVIDIA 32GB V100 GPUs. Table 7 de-
scribes the total number of pre-training steps for
each (ML,MS) pair chosen in our experiments.

C Fine-tuning Hyper-parameters

Table 8 describes the hyper-parameters for ACL-
ARC, CHEMPROT and GLUE tasks. The selec-
tion of these hyper-parameters closely follows (Liu
et al., 2019) and (Gururangan et al., 2020).

D Domain Proximity of WB, CS and BIO

Table 9 lists the domain proximity (vocabulary
overlap) of WB, CS and BIO used in this paper.

E Comparison between Knowledge
Inheritance and Parameter Recycling

Parameter recycling (i.e., progressive training) first
trains a small PLM, and then gradually increases
the depth or width of the network based on pa-
rameter initialization. It is an orthogonal research
direction against our KI, and has many limitations
as follows:

Architecture Mismatch. Existing parameter re-
cycling methods (Gong et al., 2019; Gu et al., 2021)
require that the architectures of both small PLMs
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Model Name nparams nlayers dmodel nheads dFFN lr (bs = 2, 048)

RoBERTaMEDIUM 74M 9 576 12 3072 5.0× 10−4

RoBERTaD_d - 12 d 12 3072 5.0× 10−4

RoBERTaH_h - h 768 12 3072 5.0× 10−4

RoBERTaBASE 125M 12 768 12 3072 5.0× 10−4

RoBERTaBASE_PLUS 211M 18 864 12 3600 3.5× 10−4

RoBERTaLARGE 355M 24 1024 16 4096 2.5× 10−4

GPT73M 73M 9 576 12 3072 5.0× 10−4

GPT124M 124M 12 768 12 3072 5.0× 10−4

GPT209M 209M 18 864 12 3600 4.0× 10−4

GPT354M 354M 24 1024 16 4096 3.5× 10−4

GPT773M 773M 36 1280 20 5120 3.0× 10−4

GPT1B 1068M 40 1440 20 5760 2.5× 10−4

Table 6: Model architectures for all the models we used in this paper.

ML MS Steps of teacher-guided learning

RoBERTaBASE

RoBERTaMEDIUM 35k
RoBERTaD_384 28k
RoBERTaD_480 40k
RoBERTaD_576 70k
RoBERTaD_672 85k
RoBERTaH_4 22k
RoBERTaH_6 35k
RoBERTaH_8 55k
RoBERTaH_10 65k

RoBERTaBASE_PLUS RoBERTaBASE 55k

RoBERTaLARGE

RoBERTaBASE 40k
RoBERTaBASE_PLUS 65k

RoBERTaBASE → RoBERTaBASE_PLUS 75k

GPT124M GPT73M 10k

GPT209M GPT124M 15k

GPT354M GPT209M 18k

GPT773M GPT354M 16k

GPT1B GPT773M 20k

Table 7: The total number of steps for teacher-guided learning for different (ML,MS) pairs.

and large PLMs are matched to some extent, how-
ever, our KI does not have such a requirement. For
example, Gong et al. (2019); Gu et al. (2021) ei-
ther requires the number of layers, or the hidden
size/embedding size of a large PLM to be the inte-
ger multiples of that of a small PLM. Hence, it is
not flexible to train larger PLMs with arbitrary ar-
chitectures, making parameter recycling hard to be
implemented practically. Besides, there are more
and more advanced non-trivial Transformer mod-
ifications appearing (we refer to Lin et al. (2021)
for details), e.g., pre-normalization, relative em-
bedding, sparse attention, etc. It is non-trivial to
directly transfer the parameters between two PLMs
if they have different inner structures. Nevertheless,
our KI framework will not be influenced by such

architectural mismatches.

Inability for Multi-to-one Knowledge Inheri-
tance. It is non-trivial to support absorbing
knowledge from multiple teacher models by jointly
recycling their model parameters. Instead, it is easy
to implement for KI. As shown in our experiments,
we demonstrate that under our framework, large
PLMs can simultaneously absorb knowledge from
multiple teachers.

Inability of Knowledge Inheritance for Domain
Adaptation. Parameter recycling is hard to sup-
port continual learning, which makes large PLMs
absorb knowledge from small ones in a lifelong
manner. In real-world scenarios, numerous PLMs
of different architectures are trained locally with
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HyperParam ACL-ARC & CHEMPROT GLUE

Learning Rate 2× 10−5 {1× 10−5, 2× 10−5, 3× 10−5}
Batch Size 256 {16, 32}
Weight Decay 0.1 0.1
Max Epochs 10 10
Learning Rate Decay Linear Linear
Warmup Ratio 0.06 0.06

Table 8: Hyper-parameters for fine-tuning RoBERTa on ACL-ARC, CHEMPROT and GLUE.

WB CS BIO

WB 100% 19.1% 25.6%
CS 19.1% 100% 22.5%
BIO 25.6% 22.5% 100%

Table 9: Domain proximity (vocabulary overlap)
among three domains (WB, CS, BIO) discussed in this
paper. Following (Gururangan et al., 2020), we create
the vocabulary for each domain by considering the top
10k most frequent words (excluding stopwords).

different data. These small PLMs can be seen as
domain experts, and it is essential that larger PLMs
can continuously benefit from these existing PLMs
efficiently by incorporating their knowledge so that
larger PLMs can become omnipotent. As described
before, it is easy to implement for our framework
and we have demonstrated the effectiveness.

Model Privacy. Parameter recycling requires the
availability of the parameters of an existing PLM,
which may be impractical due to some privacy is-
sues, e.g., GPT-3 only provides API access for pre-
diction instead of the model parameters. Instead,
our KI framework does not presume access to an
existing model parameter since the predictions of
the small model can be pre-computed and saved of-
fline. This superiority will further make it possible
for API-based online knowledge transfer.

F Comparing Label Smoothing and
Knowledge Inheritance

Previous work shows the relation between label
smoothing and knowledge distillation to some ex-
tent (Shen et al., 2021). To demonstrate that the
success of our KI is not because of learning from
a more smoothed target, we conduct experiments
comparing both label smoothing and our KI in Ta-
ble 10. Specifically, for label smoothing, PLMs
optimize a smoothed target ySi = (1 − α) ∗ yi +
α ∗ ~1/(K − 1), where α = 0 denotes learning
from scratch with no label smoothing, larger α
means a more smoothed target for PLMs to learn

Step 20k 40k 60k 80k 100k

α = 0.3 8.68 7.29 6.90 6.57 6.26
α = 0.2 7.27 6.47 5.95 5.68 5.46
α = 0.1 6.71 5.74 5.35 5.06 4.86
α = 0 6.13 5.21 4.83 4.57 4.36

KI 5.69 5.17 4.78 4.52 4.32

Table 10: Validation PPL for training RoBERTaBASE
with different strategies. KI denotes our knowledge in-
heritance framework, where RoBERTaMEDIUM is chosen
as the teacher.

from, K denotes the vocabulary size. Specifically,
we choose α from {0.1, 0.2, 0.3}. It can be con-
cluded from the results in Table 10 that adding
label smoothing into the pre-training objectives
of PLMs leads to far worse performance than the
vanilla baseline, which shows that the improve-
ments of our knowledge inheritance framework are
non-trivial: larger PLMs are indeed inheriting the
“knowledge” from smaller ones, instead of bene-
fiting from optimizing a smoothed target, which
imposes regularization.
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Abstract
We introduce Bi-SimCut: a simple but effec-
tive training strategy to boost neural machine
translation (NMT) performance. It consists of
two procedures: bidirectional pretraining and
unidirectional finetuning. Both procedures uti-
lize SimCut, a simple regularization method
that forces the consistency between the output
distributions of the original and the cutoff sen-
tence pairs. Without leveraging extra dataset
via back-translation or integrating large-scale
pretrained model, Bi-SimCut achieves strong
translation performance across five translation
benchmarks (data sizes range from 160K to
20.2M): BLEU scores of 31.16 for en → de
and 38.37 for de → en on the IWSLT14
dataset, 30.78 for en → de and 35.15 for
de → en on the WMT14 dataset, and 27.17
for zh → en on the WMT17 dataset. Sim-
Cut is not a new method, but a version of Cut-
off (Shen et al., 2020) simplified and adapted
for NMT, and it could be considered as a
perturbation-based method. Given the univer-
sality and simplicity of SimCut and Bi-SimCut,
we believe they can serve as strong baselines
for future NMT research.

1 Introduction

The state of the art in machine translation has been
dramatically improved over the past decade thanks
to the neural machine translation (NMT) (Wu et al.,
2016), and Transformer-based models (Vaswani
et al., 2017) often deliver state-of-the-art (SOTA)
translation performance with large-scale corpora
(Ott et al., 2018). Along with the development
in the NMT field, consistency training (Bachman
et al., 2014) has been widely adopted and shown
great promise to improve NMT performance. It
simply regularizes the NMT model predictions to
be invariant to either small perturbations applied
to the inputs (Sato et al., 2019; Shen et al., 2020)
and hidden states (Chen et al., 2021) or the model
randomness and variance existed in the training
procedure (Liang et al., 2021).

Specifically, Shen et al. (2020) introduce a set
of cutoff data augmentation methods and utilize
Jensen-Shannon (JS) divergence loss to force the
consistency between the output distributions of the
original and the cutoff augmented samples in the
training procedure. Despite its impressive perfor-
mance, finding the proper values for the four addi-
tional hyper-parameters introduced in cutoff aug-
mentation seems to be tedious and time-consuming
if there are limited resources available, which hin-
ders its practical value in the NMT field.

In this paper, our main goal is to provide a sim-
ple, easy-to-reproduce, but tough-to-beat strategy
for training NMT models. Inspired by cutoff aug-
mentation (Shen et al., 2020) and virtual adversar-
ial regularization (Sato et al., 2019) for NMT, we
firstly introduce a simple yet effective regulariza-
tion method named SimCut. Technically, SimCut
is not a new method and can be viewed as a sim-
plified version of Token Cutoff proposed in Shen
et al. (2020). We show that bidirectional backprop-
agation in Kullback-Leibler (KL) regularization
plays a key role in improving NMT performance.
We also regard SimCut as a perturbation-based
method and discuss its robustness to the noisy in-
puts. At last, motivated by bidirectional training
(Ding et al., 2021) in NMT, we present Bi-SimCut,
a two-stage training strategy consisting of bidi-
rectional pretraining and unidirectional finetuning
equipped with SimCut regularization.

The contributions of this paper can be summa-
rized as follows:

• We propose a simple but effective regulariza-
tion method, SimCut, for improving the gen-
eralization of NMT models. SimCut could be
regarded as a perturbation-based method and
serves as a strong baseline for the approaches
of robustness. We also show the compatibil-
ity of SimCut with the pretrained language
models such as mBART (Liu et al., 2020).
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• We propose Bi-SimCut, a training strategy for
NMT that consists of bidirectional pretrain-
ing and unidirectional finetuning with SimCut
regularization.

• Our experimental results show that NMT train-
ing with Bi-SimCut achieves significant im-
provements over the Transformer model on
five translation benchmarks (data sizes range
from 160K to 20.2M), and outperforms the
current SOTA method BiBERT (Xu et al.,
2021) on several benchmarks.

2 Background

2.1 Neural Machine Translation

The NMT model refers to a neural network with
an encoder-decoder architecture, which receives
a sentence as input and returns a correspond-
ing translated sentence as output. Assume x =
x1, ..., xI and y = y1, ..., yJ that correspond to
the source and target sentences with lengths I
and J respectively. Note that yJ denotes the spe-
cial end-of-sentence symbol ⟨eos⟩. The encoder
first maps a source sentence x into a sequence
of word embeddings e(x) = e(x1), ..., e(xI),
where e(x) ∈ Rd×I , and d is the embedding
dimension. The word embeddings are then en-
coded to the corresponding hidden representations
h. Similarly, the decoder maps a shifted copy
of the target sentence y, i.e., ⟨bos⟩, y1, ..., yJ−1,
into a sequence of word embeddings e(y) =
e(⟨bos⟩), e(y1), ..., e(yJ−1), where ⟨bos⟩ denotes a
special beginning-of-sentence symbol, and e(y) ∈
Rd×J . The decoder then acts as a conditional lan-
guage model that operates on the word embeddings
e(y) and the hidden representations h learned by
the encoder.

Given a parallel corpus S = {xi,yi}|S|i=1, the
standard training objective is to minimize the em-
pirical risk:

Lce(θ) = E
(x,y)∈S

[ℓ(f(x,y; θ), ÿ)], (1)

where ℓ denotes the cross-entropy loss, θ is a set
of model parameters, f(x,y; θ) is a sequence of
probability predictions, i.e.,

fj(x,y; θ) = P (y|x,y<j ; θ), (2)

and ÿ is a sequence of one-hot label vectors for y.

2.2 Cutoff Augmentation
Shen et al. (2020) introduce a set of cutoff meth-
ods which augments the training by creating the
partial views of the original sentence pairs and
propose Token Cutoff for the machine transla-
tion task. Given a sentence pair (x,y), N cut-
off samples {xicut,yicut}Ni=1 are constructed by ran-
domly setting the word embeddings of x1, ..., xI
and y1, ..., yJ to be zero with a cutoff probability
pcut. For each sentence pair, the training objective
of Token Cutoff is then defined as:

Ltokcut(θ) = Lce(θ) + αLcut(θ) + βLkl(θ), (3)

where
Lce(θ) = ℓ(f(x,y; θ), ÿ), (4)

Lcut(θ) =
1

N

N∑

i=1

ℓ(f(xicut,y
i
cut; θ), ÿ), (5)

Lkl(θ) =
1

N + 1
{
N∑

i=1

KL(f(xicut,y
i
cut; θ)∥pavg)

+ KL(f(x,y; θ)∥pavg)}, (6)

pavg =
1

N + 1
{
N∑

i=1

f(xicut,y
i
cut; θ)

+ f(x,y; θ)}, (7)

in which KL(·∥·) denotes the Kullback-Leibler
(KL) divergence of two distributions, and α and β
are the scalar hyper-parameters that balanceLce(θ),
Lcut(θ) and Lkl(θ).

3 Datasets and Baseline Settings

In this section, we describe the datasets used in
experiments as well as the model configurations.
For fair comparisons, we keep our experimental
settings consistent with previous works.

Datasets We initially consider a low-resource
(IWSLT14 en↔de) scenario and then show fur-
ther experiments in standard (WMT14 en↔de)
and high (WMT17 zh→en) resource scenarios
in Sections 5 and 6. The detailed information
of the datasets are summarized in Table 1. We
here conduct experiments on the IWSLT14 English-
German dataset1, which has 160K parallel bilingual

1https://github.com/pytorch/fairseq/blob/main/examples/
translation/prepare-iwslt14.sh
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IWSLT WMT
en↔de en↔de zh→en

train 160239 4468840 20184941
valid 7283 6003 2002
test 6750 3003 2001

Table 1: Number of sentence pairs used in our machine
translation experiments.

sentence pairs. Following the common practice,
we lowercase all words in the dataset. We build
a shared dictionary with 10K byte-pair-encoding
(BPE) (Sennrich et al., 2016) types.

Settings We implement our approach on top of
the Transformer (Vaswani et al., 2017). We apply
a Transformer with 6 encoder and decoder layers,
4 attention heads, embedding size 512, and FFN
layer dimension 1024. We apply cross-entropy loss
with label smoothing rate 0.1 and set max tokens
per batch to be 4096. We use Adam optimizer
with Beta (0.9, 0.98), 4000 warmup updates, and
inverse square root learning rate scheduler with ini-
tial learning rates 5e−4. We use dropout rate 0.3
and beam search decoding with beam size 5 and
length penalty 1.0. We apply the same training con-
figurations in both pretraining and finetuning stages
which will be discussed in the following sections.
We use multi-bleu.pl2 for BLEU (Papineni
et al., 2002) evaluation. We train all models until
convergence on a single NVIDIA Tesla V100 GPU.
All reported BLEU scores are from a single model.
For all the experiments below, we select the saved
model state with the best validation performance.

4 Bi-SimCut

In this section, we formally propose Bidirectional
Pretrain and Unidirectional Finetune with Simple
Cutoff Regularization (Bi-SimCut), a simple but
effective training strategy that can greatly enhance
the generalization of the NMT model. Bi-SimCut
consists of a simple cutoff regularization and a
two-phase pretraining and finetuning strategy. We
introduce the details of each part below.

4.1 SimCut: A Simple Cutoff Regularization
for NMT

Despite the impressive performance reported in
Shen et al. (2020), finding the proper hyper-
parameters (pcut, α, β,N) in Token Cutoff seems

2https://github.com/moses-smt/mosesdecoder/blob/
master/scripts/generic/multi-bleu.perl

to be tedious and time-consuming if there are lim-
ited resources available, which hinders its practi-
cal value in the NMT community. To reduce the
burden in hyper-parameter searching, we propose
SimCut, a simple regularization method that forces
the consistency between the output distributions of
the original sentence pairs and the cutoff samples.

Our problem formulation is motivated by Vir-
tual Adversarial Training (VAT), where Sato et al.
(2019) introduces a KL-based adversarial regular-
ization that forces the output distribution of the
samples with adversarial perturbations δx ∈ Rd×I
and δy ∈ Rd×J to be consistent with that of the
original samples:

KL(f(e(x), e(y); θ)∥f(e(x)+δx, e(y)+δy; θ)).

Instead of generating perturbed samples by
gradient-based adversarial methods, for each sen-
tence pair (x,y), we only generate one cutoff sam-
ple (xcut,ycut) by following the same cutoff strat-
egy used in Token Cutoff. For each sentence pair,
the training objective of SimCut is defined as:

Lsimcut(θ) = Lce(θ) + αLsimkl(θ), (8)

where

Lsimkl(θ) = KL(f(x,y; θ)∥f(xcut,ycut; θ)).

There are only two hyper-parameters α and pcut
in SimCut, which greatly simplifies the hyper-
parameter searching step in Token Cutoff. Note
that VAT only allows the gradient to be backprop-
agated through the right-hand side of the KL di-
vergence term, while the gradient is designed to
be backpropagated through both sides of the KL
regularization in SimCut. We can see that the con-
straints introduced by Lcut(θ) and Lkl(θ) in (3)
still implicitly hold in (8):

• Lcut(θ) in Token Cutoff is designed to guaran-
tee that the output of the cutoff sample should
close to the ground-truth to some extent. In
SimCut, Lce(θ) requires the outputs of the
original sample close to the ground-truth, and
Lsimkl(θ) requires the output distributions of
the cutoff sample close to that of the original
sample. The constraint introduced by Lcut(θ)
then implicitly holds.

• Lkl(θ) in Token Cutoff is designed to guar-
antee that the output distributions of the orig-
inal sample and N different cutoff samples
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Method en→de de→en
Transformer 28.70 34.99

VAT 29.45 35.52
R-Drop 30.73 37.30

Token Cutoff 30.89 37.61
SimCut 30.98 37.81

Table 2: SimCut achieves the superior or comparable
performance on IWSLT14 en ↔ de translation tasks
over the strong baselines such as VAT, R-Drop, and
Token Cutoff.

should be consistent with each other. In Sim-
Cut, Lsimkl(θ) guarantees the consistency be-
tween the output distributions of the original
and cutoff samples. Even though SimCut only
generates one cutoff sample at each time, dif-
ferent cutoff samples of the same sentence
pair will be considered in different training
epochs. Such constraint raised by Lkl(θ) still
implicitly holds.

4.2 Analysis on SimCut
4.2.1 How Does the Simplification Affect

Performance?
We here investigate whether our simplification on
Token Cutoff hurts its performance on machine
translation tasks. We compare SimCut with Token
Cutoff, VAT, and R-Drop (Liang et al., 2021), a
strong regularization baseline that forces the output
distributions of different sub-models generated by
dropout to be consistent with each other. Table
2 shows that SimCut achieves superior or compa-
rable performance over VAT, R-Drop, and Token
Cutoff, which clearly shows the effectiveness of
our method. To further compare SimCut with other
strong baselines in terms of training cost, we sum-
marize the validation BLEU score along the train-
ing time on IWSLT14 de→en translation task in
Table 3. From the table, we can see that the BLEU
score of SimCut continuously increases in the first
1500 minutes. The results on VAT are consistent
with the previous studies on adversarial overfit-
ting, i.e., virtual adversarial training easily suffer-
ing from overfitting (Rice et al., 2020). Though
SimCut needs more training time to converge, the
final NMT model is much better than the baseline.
For the detailed training cost for each epoch, Token
Cutoff costs about 148 seconds per epoch, while
SimCut costs about 128 seconds per epoch. Note
that the training cost of Token Cutoff is greatly in-
fluenced by the hyper-parameter N . We set N to

be 1 in our experiments. With the increasing of
N , the training time of Token Cutoff will be much
longer. Due to the tedious and time-consuming
hyper-parameter searching in Token Cutoff, we
will not include its results in the following sections
and show the results of SimCut directly.

4.2.2 How Does the Bidirectional
Backpropagation Affect Performance?

Even though the problem formulation of SimCut
is similar to that of VAT, one key difference is that
the gradients are allowed to be backpropagated
bidirectionally in the KL regularization in SimCut.
We here investigate the impact of the bidirectional
backpropagation in the regularization term on the
NMT performance. Table 4 shows the translation
results of VAT and SimCut with or without bidirec-
tional backpropagation. We can see that both VAT
and SimCut benefit from the bidirectional gradient
backpropagation in the KL regularization.

4.2.3 Performance on Perturbed Inputs
Given the similar problem formulations of VAT
and SimCut, it is natural to regard cutoff operation
as a special perturbation and consider SimCut as
a perturbation-based method. We here investigate
the robustness of NMT models on the perturbed
inputs. As discussed in Takase and Kiyono (2021),
simple techniques such as word replacement and
word drop can achieve comparable performance
to sophisticated perturbations. We hence include
them as baselines to show the effectiveness of our
method as follows:

• UniRep: Word replacement approach constructs
a new sequence whose tokens are randomly re-
placed with sampled tokens. For each token in
the source sentence x, we sample x̂i uniformly
from the source vocabulary, and use it for the
new sequence x′ with probability 1− p′:

x′i =

{
xi, with probability p′,
x̂i, with probability 1− p′.

(9)

We construct y′ from the target sentence y in the
same manner. Following the curriculum learning
strategy used in Bengio et al. (2015), we adjust
p′ with the inverse sigmoid decay:

p′t = max(q,
k

k + exp ( tk )
), (10)

where q and k are hyper-parameters. p′t decreases
to q from 1, depending on the training epoch num-
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Minutes 10 30 60 90 150 300 600 900 1200 1500
Transformer 11.51 31.20 34.19 34.88 35.17 34.86 34.43 34.28 34.23 33.95

VAT 1.87 20.08 31.69 33.95 35.41 35.78 35.81 35.63 35.17 34.99
R-Drop 2.11 26.32 32.81 34.25 35.88 36.91 37.18 37.43 37.52 37.43

Token Cutoff 2.16 28.88 32.82 34.61 35.90 36.84 37.70 37.81 37.93 37.83
SimCut 1.99 25.12 32.21 33.66 34.93 36.37 37.31 37.62 37.89 38.10

Table 3: On the IWSLT14 de→en validation set, the BLEU score increases over time in model training using
SimCut. In contrast, the BLEU scores of the other strong baselines all stop increasing before 1500 minutes. The
results suggest that the use of SimCut can effectively alleviate the model training from overfitting.

Method en→de de→en
VAT 29.45 35.52

+ Bi-backpropagation 29.69 36.26
SimCut 30.98 37.81

- Bi-backpropagation 30.29 36.91

Table 4: Bidirectional backpropagation achieves better
performance on IWSLT14 en ↔ de translation tasks
compared with unidirectional backpropagation in the
KL regularization.

Method probability
0.00 0.01 0.05 0.10

Transformer 34.99 34.01 30.38 25.70
UniRep 35.67 34.91 31.54 27.24

WordDrop 35.65 34.73 31.22 26.46
VAT 35.52 34.65 30.48 25.44

R-Drop 37.30 36.24 32.27 27.19
SimCut 37.81 36.94 33.16 27.93

Table 5: The model trained by SimCut achieves high ro-
bustness on the perturbed test set and high performance
on the clean test set. Entries represent BLEU scores on
IWSLT14 de→en test set when we inject perturbations
to source sentences with different probability.

ber t. We use p′t as p′ in epoch t. We set q and k
to be 0.9 and 25 respectively in the experiments.

• WordDrop: Word drop randomly applies the
zero vector instead of the word embedding e(xi)
or e(yi) for the input token xi or yi (Gal and
Ghahramani, 2016). For each token in both
source and target sentences, we keep the orig-
inal embedding with the probability β and set it
to be the zero vector otherwise. We set β to be
0.9 in the experiments.

We construct noisy inputs by randomly replac-
ing words in the source sentences based on a pre-
defined probability. If the probability is 0.0, we
use the original source sentence. If the probabil-

ity is 1.0, we use completely different sentences
as source sentences. We set the probability to be
0.00, 0.01, 0.05, and 0.10 in our experiments. We
randomly replace each word in the source sentence
with a word uniformly sampled from the vocabu-
lary. We apply this procedure to IWSLT14 de→en
test set. Table 5 shows the BLEU scores of each
method on the perturbed test set. Note that the
BLEU scores are calculated against the original
reference sentences. We can see that all methods
improve the robustness of the NMT model, and
SimCut achieves the best performance among all
the methods on both the clean and perturbed test
sets. The performance results indicate that SimCut
could be considered as a strong baseline for the
perturbation-based method for the NMT model.

As shown in Table 6, the baseline model com-
pletely ignores the translation of “in spielen (in
games)” due to the replacement of “denken (think)”
with “festgelegten (determined)” in the source sen-
tence. In contrast, our model successfully captures
the translation of “in spielen” under the noisy input.
This result shows that our model is more robust to
small perturbations in an authentic context.

4.2.4 Effects of α and pcut
We here investigate the impact of the scalar hyper-
parameters α and pcut in SimCut. α is a penalty
parameter that controls the regularization strength
in our optimization problem. pcut controls the
percentage of the cutoff perturbations in SimCut.
We here vary α and pcut in {1, 2, 3, 4, 5} and
{0.00, 0.05, 0.10, 0.15, 0.20} respectively and con-
duct the experiments on the IWSLT14 de→en
dataset. Note that SimCut is simplified to R-Drop
approximately when pcut = 0.00. The test BLEU
scores are reported in Figure 1. By checking model
performance under different combinations of α and
pcut, we have the following observations: 1) A too
small α (e.g., 1) cannot achieve as good perfor-
mance as larger α (e.g., 3), indicating a certain de-

3942



Input
wir denken (festgelegten), dass wir in der realität nicht so gut
sind wie in spielen.

Reference we feel that we are not as good in reality as we are in games.
Vaswani et al. (2017) on Input we think we’re not as good in reality as we are in games.

on Noisy Input we realized that we weren’t as good as we were in real life.
SimCut on Input we think in reality, we’re not as good as we do in games.
on Noisy Input we realized that we’re not as good in reality as we are in games.

Table 6: SimCut is more robust to small perturbations in an authentic context. SimCut captures the translation of
“in spielen” under the noisy input while the vanilla Transformer ignores the translation of “in spielen” due to the
replacement of “denken” with “festgelegten”.

gree of regularization strength during NMT model
training is conducive to generalization. Mean-
while, an overwhelming regularization (α = 5)
is not plausible for learning NMT models. 2)
When α = 3, the best performance is achieved
when pcut = 0.05, and pcut = 0.00 performs sub-
optimal among all selected probabilities. Such an
observation demonstrates that the cutoff perturba-
tion in SimCut can effectively promote the general-
ization compared with R-Drop.

Figure 1: BLEU scores with different α and pcut on
IWSLT14 de→en dataset.

4.2.5 Is SimCut Compatible with the
Pretrained Language Model?

The multilingual sequence-to-sequence pretrained
language models (Song et al., 2019; Liu et al.,
2020; Xue et al., 2021) have shown impressive
performance on machine translation tasks, where
the pretrained models generally learn the knowl-
edge from the large-scale monolingual data. It
is interesting to investigate whether SimCut can
gain performance improvement based on the pre-
trained language model. We adopt mBART (Liu

Method de→en
Transformer 32.4

mBART 38.5
mBART with SimCut 39.3

Table 7: SimCut achieves better performance on
IWSLT14 de→en translation task compared with the
standard finetuning approach based on mBART.

et al., 2020) as the backbone model, which is a
sequence-to-sequence denoising auto-encoder pre-
trained on CC25 Corpus3. We conduct experiments
on IWSLT14 de→en dataset and only remove
the duplicated sentence pairs following mBART50
(Tang et al., 2021) in the data preprocessing step.
The source and target sentences are jointly tok-
enized into sub-word units with the 250K Sentence-
Piece (Kudo and Richardson, 2018) vocabulary of
mBART. We use case-sensitive sacreBLEU (Post,
2018) to evaluate the translation quality, and the
methods applied in the experiments are as follows:

• Transformer: The Transformer model is ran-
domly initialized and trained from scratch.
We utilize the same model and training con-
figurations discussed in Section 3.

• mBART: The Transformer model is directly
finetuned from mBART. We utilize the default
training configurations of mBART.

• mBART with SimCut: The Transformer
model is finetuned from mBART with SimCut
regularization. We utilize the default training
configurations of mBART.

From Table 7 we can see that SimCut could further
improve the translation performance of mBART,

3https://github.com/pytorch/fairseq/tree/main/examples/
mbart
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Method en→de de→en
Transformer 28.70 34.99
Bi-Pretrain 28.94 35.64
+ Finetune 28.82 35.66

Bi-R-Drop Pretrain 30.30 37.01
+ R-Drop Finetune 30.85 37.55
Bi-SimCut Pretrain 30.57 37.70
+ SimCut Finetune 31.16 38.37

Table 8: Bidirectional pretrain and unidirectional fine-
tune results on IWSLT14 en↔ de datasets. Note that
the results of bidirectional pretrain are from one model
for dual-directional translations.

which again shows the effectiveness and universal-
ity of our method.

4.3 Training Strategy: Bidirectional Pretrain
and Unidirectional Finetune

Bidirectional pretraining is shown to be very ef-
fective to improve the translation performance
of the unidirectional NMT system (Ding et al.,
2021; Xu et al., 2021). The main idea is to
pretrain a bidirectional NMT model at first and
use it as the initialization to finetune a unidi-
rectional NMT model. Assume we want to
train an NMT model for “English→German”, we
first reconstruct the training sentence pairs to
“English+German→German+English”, where the
training dataset is doubled. We then firstly train
a bidirectional NMT model with the new training
sentence pairs:

E
(x,y)∈S

[ℓ(f(x,y; θ), ÿ) + ℓ(f(y,x; θ), ẍ)], (11)

and finetune the model with “English→German”
direction. We follow the same training strategy
in Ding et al. (2021) and apply SimCut regular-
ization to both pretraining and finetuning proce-
dures. Table 8 shows that bidirectional pretraining
and unidirectional finetuning strategy with SimCut
regularization could achieve superior performance
compared with strong baseline such as R-Drop.

Comparison with Existing Methods We sum-
marize the recent results of several existing works
on IWSLT14 en↔de benchmark in Table 9. The
existing methods vary from different aspects, in-
cluding Virtual Adversarial Training (Sato et al.,
2019), Mixed Tokenization for NMT (Wu et al.,
2020), Unified Dropout for the Transformer model
(Wu et al., 2021), Regularized Dropout (Liang et al.,

Method en→de de→en Average
Transformer 28.70 34.99 31.85

VAT 29.45 35.52 32.49
Mixed Rep† 29.93 36.41 33.17
UniDrop† 29.99 36.88 33.44
R-Drop 30.73 37.30 34.02

BiBERT† 30.45 38.61 34.53
Bi-SimCut 31.16 38.37 34.77

Table 9: Our method achieves the superior performance
over the existing methods on the IWSLT14 en↔de
translation benchmark. † denotes the numbers are re-
ported from the corresponding papers, others are based
on our runs.

2021), and BiBERT (Xu et al., 2021). We can see
that our approach achieves an improvement of 2.92
BLEU score over Vaswani et al. (2017) and surpass
the current SOTA method BiBERT that incorpo-
rates large-scale pretrained model, stochastic layer
selection, and bidirectional pretraining. Given the
simplicity of Bi-SimCut, we believe it could be
considered as a strong baseline for the NMT task.

5 Standard Resource Scenario

We here investigate the performance of Bi-SimCut
on the larger translation benchmark compared with
the IWSLT14 benchmark.

5.1 Dataset Description and Model
Configuration

For the standard resource scenario, we evaluate
NMT models on the WMT14 English-German
dataset, which contains 4.5M parallel sentence
pairs. We combine newstest2012 and newstest2013
as the validation set and use newstest2014 as the
test set. We collect the pre-processed data from
Xu et al. (2021)’s release4, where a shared dictio-
nary with 52K BPE types is built. We apply a
standard Transformer Big model with 6 encoder
and decoder layers, 16 attention heads, embedding
size 1024, and FFN layer dimension 4096. We
apply cross-entropy loss with label smoothing rate
0.1 and set max tokens per batch to be 4096. We
use Adam optimizer with Beta (0.9, 0.98), 4000
warmup updates, and inverse square root learning
rate scheduler with initial learning rates 1e−3. We
decrease the learning rate to 5e−4 in the finetuning
stage. We select the dropout rate from 0.3, 0.2,
and 0.1 based on the validation performance. We

4https://github.com/fe1ixxu/BiBERT
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Method en→de de→en Average
Transformer + Large Batch† (Ott et al., 2018) 29.30 - -

Evolved Transformer† (So et al., 2019) 29.80 - -
BERT Initialization (12 layers)† (Rothe et al., 2020) 30.60 33.60 32.10

BERT-Fuse† (Zhu et al., 2020) 30.75 - -
R-Drop (Liang et al., 2021) 30.13 34.54 32.34
BiBERT† (Xu et al., 2021) 31.26 34.94 33.10

SimCut 30.56 34.86 32.71
Bi-SimCut Pretrain 30.10 34.42 32.26
+ SimCut Finetune 30.78 35.15 32.97

Table 10: Our method achieves the superior or comparable performance over the existing methods on the WMT14
en↔de translation benchmark. † denotes the numbers are reported from Xu et al. (2021), others are based on our
runs.

use beam search decoding with beam size 4 and
length penalty 0.6. We train all models until con-
vergence on 8 NVIDIA Tesla V100 GPUs. All
reported BLEU scores are from a single model.

5.2 Results

We report test BLEU scores of all comparison meth-
ods and our approach on the WMT14 dataset in
Table 10. With Bi-SimCut bidirectional pretrain-
ing and unidirectional finetuning procedures, our
NMT model achieves strong or SOTA BLEU scores
on en→de and de→en translation benchmarks.
During the NMT training process, we fix pcut to
be 0.05 and tune the hyper-parameter α in both
R-Drop and SimCut based on the performance on
the validation set. Note that the BLEU scores of
R-Drop are lower than that reported in Liang et al.
(2021). Such gap might be due to the different pre-
possessing steps used in Liang et al. (2021) and Xu
et al. (2021). It is worth mentioning that Bi-SimCut
outperforms BiBERT on de→en direction even
though BiBERT incorporates bidirectional pretrain-
ing, large-scale pretrained contextualized embed-
dings, and stochastic layer selection mechanism.

6 High Resource Scenario

To investigate the performance of Bi-SimCut on the
distant language pairs which naturally do not share
dictionaries, we here discuss the effectiveness of
Bi-SimCut on the Chinese-English translation task.

6.1 Dataset Description and Model
Configuration

For the high resource scenario, we evaluate NMT
models on the WMT17 Chinese-English dataset,
which consists of 20.2M training sentence pairs,

Method share zh→en
Transformer x 25.53
Transformer ✓ 25.31

SimCut x 26.86
SimCut ✓ 26.74

Bi-SimCut Pretrain ✓ 26.13
+ SimCut Finetune ✓ 27.17

Table 11: Our method achieves strong performance on
the WMT17 zh→en translation benchmark. share
denotes whether a shared dictionary is applied.

and we use newsdev2017 as the validation set and
newstest2017 as the test set. We firstly build the
source and target vocabularies with 32K BPE types
separately and treat them as separated or joined
dictionaries in our experiments. We apply the
same Transformer Big model and training configu-
rations used in the WMT14 experiments. We use
beam search decoding with beam size 5 and length
penalty 1. We train all models until convergence on
8 NVIDIA Tesla V100 GPUs. All reported BLEU
scores are from a single model.

6.2 Results

We report test BLEU scores of the baselines and
our approach on the WMT17 dataset in Table 11.
Note that share means the embedding matrices
for encoder input, decoder input and decoder out-
put are all shared. The NMT models with sepa-
rated dictionaries perform slightly better than those
with the shared dictionary. We can see that our
approach significantly improves the translation per-
formance. In particular, Bi-SimCut achieves more
than 1.6 BLEU score improvement over Vaswani
et al. (2017), showing the effectiveness and univer-

3945



sality of our approach on the distant language pair
in the NMT task.

7 Related Work

Adversarial Perturbation It is well known that
neural networks are sensitive to noisy inputs, and
adversarial perturbations are firstly discussed in the
filed of image processing (Szegedy et al., 2014;
Goodfellow et al., 2015). SimCut could be re-
garded as a perturbation-based method for the ro-
bustness research. In the field of natural language
processing, Miyato et al. (2017) consider adversar-
ial perturbations in the embedding space and show
its effectiveness on the text classification tasks.
For the NMT tasks, Sato et al. (2019) and Wang
et al. (2019) apply adversarial perturbations in the
embedding space during training of the encoder-
decoder NMT model. Cheng et al. (2019) leverage
adversarial perturbations and generate adversarial
examples by replacing words in both source and
target sentences. They introduce two additional
language models for both sides and a candidate
word selection mechanism for replacing words in
the sentence pairs. Takase and Kiyono (2021) com-
pare perturbations for the NMT model in view of
computational time and show that simple pertur-
bations are sufficiently effective compared with
complicated adversarial perturbations.

Consistency Training Besides perturbation-
based methods, our approach also highly relates
to a few works of model-level and data-level con-
sistency training in the NMT field. Among them,
the most representative methods are R-Drop (Liang
et al., 2021) and Cutoff (Shen et al., 2020). R-Drop
studies the intrinsic randomness in the NMT model
and regularizes the NMT model by utilizing the out-
put consistency between two dropout sub-models
with the same inputs. Cutoff considers consistency
training from a data perspective by regularizing
the inconsistency between the original sentence
pair and the augmented samples with part of the
information within the input sentence pair being
dropped. Note that Cutoff takes the dropout sub-
models into account during the training procedure
as well. We want to emphasize that SimCut is not
a new method, but a version of Cutoff simplified
and adapted for the NMT tasks.

8 Conclusion

In this paper, we propose Bi-SimCut: a simple
but effective two-stage training strategy to improve

NMT performance. Bi-SimCut consists of bidi-
rectional pretraining and unidirectional finetuning
procedures equipped with SimCut regularization
for improving the generality of the NMT model.
Experiments on low (IWSLT14 en↔de), standard
(WMT14 en↔de), and high (WMT17 zh→en)
resource translation benchmarks demonstrate Bi-
SimCut and SimCut’s capabilities to improve trans-
lation performance and robustness. Given the uni-
versality and simplicity of Bi-SimCut and Sim-
Cut, we believe: 1) SimCut could be regarded as a
perturbation-based method, and it could be used as
a strong baseline for the robustness research. 2) Bi-
SimCut outperforms many complicated methods
which incorporate large-scaled pretrained models
or sophisticated mechanisms, and it could be used
as a strong baseline for future NMT research. We
hope researchers of perturbations and NMT could
use SimCut and Bi-SimCut as strong baselines to
make the usefulness and effectiveness of their pro-
posed methods clear. For future work, we will
explore the effectiveness of SimCut and Bi-SimCut
on more sequence learning tasks, such as multilin-
gual machine translation, domain adaptation, text
classification, natural language understanding, etc.
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Abstract

Prompt tuning (PT) is a promising parameter-
efficient method to utilize extremely large
pre-trained language models (PLMs), which
can achieve comparable performance to full-
parameter fine-tuning by only tuning a few
soft prompts. However, PT requires much
more training time than fine-tuning. Intu-
itively, knowledge transfer can help to improve
the efficiency. To explore whether we can im-
prove PT via prompt transfer, we empirically
investigate the transferability of soft prompts
across different downstream tasks and PLMs
in this work. We find that (1) in zero-shot
setting, trained soft prompts can effectively
transfer to similar tasks on the same PLM
and also to other PLMs with a cross-model
projector trained on similar tasks; (2) when
used as initialization, trained soft prompts
of similar tasks and projected prompts of
other PLMs can significantly accelerate train-
ing and also improve the performance of PT.
Moreover, to explore what decides prompt
transferability, we investigate various trans-
ferability indicators and find that the over-
lapping rate of activated neurons strongly
reflects the transferability, which suggests
how the prompts stimulate PLMs is essen-
tial. Our findings show that prompt trans-
fer is promising for improving PT, and fur-
ther research shall focus more on prompts’
stimulation to PLMs. The source code can
be obtained from https://github.com/
thunlp/Prompt-Transferability.

1 Introduction

Pre-trained language models (PLMs), such as
BERT (Devlin et al., 2019) and GPT (Radford et al.,
2018) have achieved great performance on vari-
ous natural language processing (NLP) tasks (Han
et al., 2021). Recently, people have found that

∗ The first two authors contributed equally.
† Corresponding author: Z.Liu and M.Sun.
‡ Partly done while P.Li was working at Tencent.
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Figure 1: We explore prompt transferring across dif-
ferent tasks (cross-task) and PLMs (cross-model) with
directly reusing prompts and initializing prompt tuning.

extremely large PLMs can achieve remarkable im-
provements, and various large PLMs are continu-
ally developed (Brown et al., 2020; Raffel et al.,
2020; Zhang et al., 2021; Zeng et al., 2021; Wei
et al., 2021; Sun et al., 2021), which contain up to
hundreds of billions of parameters.

Considering the extremely large scale of these
state-of-the-art PLMs, conventional full-parameter
fine-tuning methods become extremely expensive.
Hence, various parameter-efficient tuning meth-
ods (Houlsby et al., 2019; Ben Zaken et al., 2021;
Lester et al., 2021; Li and Liang, 2021; Liu et al.,
2021) are explored, among which prompt tuning
(PT) has attracted broad research attention. PT
prepends some soft prompts, which are essentially
learnable virtual tokens, into the input sequences
and only trains them while keeping all the PLM’s
parameters fixed. The training objective is to gen-
erate desired outputs in the same way as the pre-
training tasks. PT can match the downstream task
performance of fine-tuning with only thousands of
tunable parameters (Lester et al., 2021) when the
PLM has billions of parameters.

Although PT is an effective approach to utiliz-
ing extremely large PLMs, it requires much more

3949

https://github.com/thunlp/Prompt-Transferability
https://github.com/thunlp/Prompt-Transferability


0 50000 100000 150000 200000
Time(s)

0.4

0.6

0.8
A

cc
ur

ac
y

Fine-tuning
Prompt Tuning

Figure 2: Validation accuracies against training time of
fine-tuning and PT for RoBERTaLARGE on MNLI. PT
takes much more training time.

training time than fine-tuning to reach the conver-
gence as shown in Figure 2; hence, it is worth-
while to explore how to improve the efficiency of
PT. In this work, we attempt to improve PT via
prompt transfer across different tasks and models.
Knowledge transfer across tasks (Vu et al., 2020)
and models (Qin et al., 2021) have been widely
used to improve the efficiency and effectiveness of
NLP systems. Intuitively, soft prompts are the only
tuned parameters in PT and thus shall concentrate
the knowledge required to solve tasks conditioned
on PLMs. Thus transferring the trained prompts is
promising to accelerate PT.

As shown in Figure 1, we empirically ana-
lyze the transferability of prompts across different
tasks (cross-task transfer setting) and PLMs (cross-
model transfer setting) in this paper. The empirical
analysis is conducted on 17 NLP tasks of 6 types
and two representative PLM series: RoBERTa (Liu
et al., 2019b) and T5 (Raffel et al., 2020). In cross-
task transfer, the prompt transfer can be done by
directly reusing the trained prompts of the source
task on the target task. However, in cross-model
transfer, directly reusing prompts is intractable
since the semantic spaces of different PLMs are
inconsistent; hence, we develop various prompt
projectors to project the soft prompts trained on
the source PLM to the semantic space of the tar-
get PLM. We conduct two lines of experiments:
(1) We investigate the zero-shot transfer perfor-
mance and find that the transferability of prompts
is influenced by task types. In cross-task trans-
fer, the soft prompts can directly transfer to same-
type tasks and achieve non-trivial performance,
but poorly transfer to different-type tasks requir-
ing different language skills. In cross-model trans-
fer, we can successfully train a prompt projector
with PT on a task, but the trained projector also
only well generalizes to the same-type tasks of
the projector-training task. (2) To accelerate PT,

we propose to transfer prompts with initializa-
tion. In cross-task transfer, we start PT with the
trained soft prompts of similar tasks as initializa-
tion. While in cross-model transfer, the initial-
ization is the projected prompts of the same task
trained on the source PLM. The two methods are
dubbed as TPTTASK and TPTMODEL, which are short
for transferable prompt tuning. Experiments show
that they can both accelerate PT to some extent and
also achieve a certain performance improvement.

Furthermore, we explore why can the prompts
transfer and what decides their transferability. To
this end, we design various prompt similarity met-
rics from different perspectives and examine how
well they can serve as transferability indicators,
i.e., how well they correlate with prompt trans-
fer performance. Experiments find that our novel
method of measuring prompt similarity via model
activations in feed-forward layers is better corre-
lated with prompt transferability than prompt em-
bedding distance-based metrics. This suggests the
prompts are essentially stimulating PLM’s inner
ability distributing among neurons to do specific
NLP tasks, and future prompt transfer works should
focus more on how the PLMs respond to different
prompts’ stimulation rather than the prompts’ em-
bedding properties.

To summarize, our contributions are three-fold:
(1) We thoroughly analyze the transferability of
prompts across different tasks and models, and
show that improving PT with prompt transfer is
possible and promising. (2) We propose to trans-
fer prompts with initialization, which enhances
both PT’s efficiency and effectiveness. (3) We
explore the effectiveness of various prompt sim-
ilarity metrics serving as transferability indicators
and demonstrate how the prompts stimulate PLMs
to decide the transferability, which may facilitate
further transferrable PT research.

2 Related Work

Prompt Tuning GPT-3 (Brown et al., 2020)
demonstrates remarkable few-shot performance by
prepending textual prompts before the inputs and
thus helps the PLM to generate desired outputs
of NLP tasks directly. Motivated by this, many
works have tried to improve various NLP tasks
by creating manually-crafted (Schick and Schütze,
2021a,b; Mishra et al., 2021) or automatically-
searched (Jiang et al., 2020; Shin et al., 2020; Gao
et al., 2021) hard prompts, which are discrete to-
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kens but not necessarily human-readable. Further-
more, soft prompts (Hambardzumyan et al., 2021;
Qin and Eisner, 2021; Zhong et al., 2021; Liu et al.,
2021) are proposed, which are tuneable embed-
dings rather than tokens in the vocabularies and
can be directly trained with task-specific supervi-
sion. Lester et al. (2021) demonstrate that prompt
tuning (PT) method can match the performance
of full-parameter fine-tuning when the PLM has
billions of parameters. This suggests that PT is
promising to utilize extremely large PLMs. How-
ever, the much more training time needed to reach
the convergence makes PT inefficient. In this work,
we show that prompt transfer can improve the ef-
fectiveness to some extent with knowledge trans-
fer, and empirically analyze the transferability of
prompts across tasks and PLMs.

Knowledge Transfer Cross-task knowledge
transfer (Ruder, 2017) has been a long-standing
way to improve the effectiveness and efficiency of
NLP systems. In the PLM era, some works pro-
pose to tune the PLMs on intermediate tasks (Phang
et al., 2018; Pruksachatkun et al., 2020; Gururan-
gan et al., 2020; Wang et al., 2019a; Vu et al., 2020;
Poth et al., 2021) before fine-tuning on specific
target tasks to achieve certain benefits. Vu et al.
(2020) empirically analyze the transferability be-
tween tasks in this setting.

These explorations are all for fine-tuning. Con-
sidering the potential of PT, we believe the trans-
ferability and knowledge transfer methods for PT
are worth exploring. As a prior attempt, Lester
et al. (2021) demonstrate that PT’s cross-domain
transferability is stronger than fine-tuning.

Similar to our work, recent work (Vu et al., 2021)
also explores the cross-task transfer with prompt
initialization and prompt similarity metrics based
on cosine similarity. However, Vu et al. (2021)
focus on improving the effectiveness of PT but we
attempt to improve the efficiency. Additionally, we
explore more transferability indicators, especially
the overlapping rate of activated neurons, and also
investigate cross-model transfer, which is inspired
by previous cross-model knowledge transfer works
such as Net2Net (Chen et al., 2016), knowledge
distillation (Hinton et al., 2015) and knowledge
inheritance (Qin et al., 2021).

3 Preliminary

Here we introduce the basic knowledge about PT
(§ 3.1) as well as the downstream tasks (§ 3.2) and

models (§ 3.3) investigated in experiments.

3.1 Prompt Tuning

In this work, we study the PT method that is capa-
ble of tuning large PLMs (Lester et al., 2021; Liu
et al., 2021), i.e., we only explore the PT method
freezing PLM parameters. PT prepends some vir-
tual tokens, i.e., the soft prompts, into the inputs of
the PLM to provide knowledge about downstream
tasks. The soft prompts are essentially tunable em-
bedding vectors, which are trained with the objec-
tive enforcing the PLM to generate desired outputs
of the downstream task in the same way of the
pre-training objective.

Formally, given an input sequence with n to-
kens X = {x1, x2, . . . , xn}, we first prepend
l randomly initialized soft prompts P =
{p1,p2, . . . ,pl} before them, where pi ∈ Rd is
an embedding vector, and d is the input dimension
of the PLM. The training objective is to maximize
the likelihood of decoding the desired output y:

L = p(y|P, x1, . . . , xn), (1)

where only P is learnable. For the language under-
standing tasks, y is the label token corresponding
to the label of X . For the conditional generation
tasks, y is a sequence. Especially, for the models
pre-trained with the masked language modeling
objective like RoBERTa, we additionally prepend
a special [MASK] token before the prompts and
train the prompts to let the PLM fill y into it.

3.2 Investigated NLP Tasks

To comprehensively study the prompt transferabil-
ity across various NLP tasks, we involve 17 di-
verse tasks, which can be divided into 6 types:
(1) Sentiment Analysis (SA), including IMDB
(Maas et al., 2011), SST-2 (Socher et al., 2013),
laptop (Pontiki et al., 2014), restaurant
(Pontiki et al., 2014), Movie Rationales (Movie)
(Zaidan et al., 2008) and TweetEval (Tweet) (Bar-
bieri et al., 2020); (2) Natural Language In-
ference (NLI), including MNLI (Williams et al.,
2018), QNLI (Wang et al., 2019b) and SNLI (Bow-
man et al., 2015); (3) Ethical Judgment (EJ), in-
cluding deontology (Hendrycks et al., 2021)
and justice (Hendrycks et al., 2021); (4)
Paraphrase Identification (PI), including QQP
(Sharma et al., 2019) and MRPC (Dolan and Brock-
ett, 2005); (5) Question Answering (QA), includ-
ing SQuAD (Rajpurkar et al., 2016) and NQ-Open
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(Lee et al., 2019); (6) Summarization (SUM), in-
cluding Multi-News (Fabbri et al., 2019) and
SAMSum (Gliwa et al., 2019). Details for these
tasks, evaluation metrics, label tokens, implemen-
tations are in appendix A.

3.3 Investigated Models

We investigate prompt transferability for two se-
ries of PLMs: RoBERTa (Liu et al., 2019b) and
T5 (Raffel et al., 2020), which represent two main-
stream pre-training types: masked language mod-
eling and sequence-to-sequence pre-training. Con-
sidering RoBERTa can only predict a single token
(or a fixed length of tokens) under prompt tuning
paradigm, for the conditional generation tasks (QA
and SUM) that output multiple tokens, we only
investigate T5. We mainly report results for the
two largest versions of PLMs, i.e., RoBERTaLARGE

and T5XXL. The more detailed results for the other
sizes are attached in appendix.

4 Cross-Task Transfer

We empirically study the cross-task transferability
of soft prompts (§ 4.1) and try to improve the effec-
tiveness and efficiency of PT with transfer (§ 4.2).

4.1 Zero-shot Transfer Performance

To study the cross-task transferability, we first ex-
amine PT’s zero-shot transfer performance, i.e., we
conduct PT on a source task, then directly reuse
the trained prompts on other target tasks and eval-
uate their performance. The results are shown in
Figure 31, from which we can observe that: (1) For
the tasks within the same type, transferring soft
prompts between them can generally perform well
and may even outperform vanilla PT on the target
task, especially when the source task has more data
(the case of transferring from IMDB to Movie in
Figure 3 (a) and transferring from restaurant
to laptop in Figure 3 (b)), which demonstrates
that it is promising to improve PT’s effectiveness
and efficiency with knowledge transfer from sim-
ilar tasks. (2) For the tasks of different types, the
transferability of soft prompts among them is gen-
erally poor, and transferring soft prompts often
achieve similar performance to randomly initial-
ized prompts.

(3) However, some tasks can transfer to different-
type tasks to some extent, such as the QA and SUM
tasks to SA tasks in Figure 3 (b). To understand

1More results on other PLMs are left in appendix B.1.

this, it is worthwhile to explore what controls the
transferability between prompts, and we do some
preliminary study in § 6.

4.2 Transfer with Initialization
To improve the effectiveness and efficiency of
PT with cross-task transfer, we explore a cross-
task transferable prompt tuning (TPTTASK) method,
which initializes soft prompts with well-trained
prompts of the most similar task and then starts PT.

For a target task, we start TPTTASK with trained
prompts of the source task achieving the best zero-
shot transfer performance in Figure 3. From the
results of the performance and training time com-
parisons2 in Table 1, we can see TPTTASK can
mostly achieve better or comparable performance
to vanilla PT starting from random initialization,
and TPTTASK generally takes less training time.

5 Cross-Model Transfer

We further study the cross-model transferability
of soft prompts. Intuitively, cross-model trans-
fer allows us to train prompts on a small and
computationally efficient PLM and use them on
a massive and computationally expensive PLM,
which will be much more efficient and environment-
friendly. We investigate the feasibility of cross-
model transfer on transferring from a source PLM
(RoBERTaLARGE) to a larger and heterogeneous tar-
get PLM (T5XXL), which shall be the most difficult
setting. Appendix C shows the experimental re-
sults of other settings. Directly reusing trained
soft prompts between different PLMs is infeasible
since their embedding spaces are different. Hence,
we investigate how to do cross-model prompt pro-
jection (§ 5.1) and see the transfer performance
(§ 5.2). Furthermore, we explore to improve PT
with cross-model transfer initialization (§ 5.3).

5.1 Cross-Model Prompt Projection
To project the trained soft prompts of a PLM to the
semantic space of a different PLM, we train pro-
jectors with various objectives and examine their
effectiveness. A good way to train the cross-model
projectors may need some task-specific supervi-
sions, but the trained projector shall generalize to
different tasks so that the efficiency for learning the
new tasks on the target model could be improved.

Formally, given the prompt of the source PLM
P s = {ps1, . . . ,psl }, we concatenate the l virtual

2Training time comparisons are left in appendix B.3.
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Figure 3: Relative zero-shot transfer performance (zero-shot transfer performance / original PT performance) (%)
on the target tasks (columns) of the soft prompts trained on the source tasks (rows) for RoBERTaLARGE and T5XXL.
Colors of the task names indicate task types. Blue: SA. Green: NLI. Brown: EJ. Orange: PI. Purple: QA. Gray:
SUM. Random Prompt of the last row means the soft prompts are randomly generated without any training.

Task Type SA NLI EJ PI QA SUM

Task IMDB SST-2 laptop restaurant Movie Tweet MNLI QNLI SNLI deontology justice QQP MRPC SQuADNQ-Open Multi-News SAMSum

Metric Acc. Acc. Acc. Acc. Acc. Acc. Acc. Acc. Acc. Acc. Acc. Acc. Acc. F1 F1 ROUGE-L ROUGE-L

RoBERTaLARGE

Performance (PT) (%) 92.2 96.1 76.4 83.7 84.9 76.1 87.3 92.4 91.9 85.6 81.0 88.9 81.2 N/A N/A N/A N/A
Performance (TPTTASK) (%) 92.4 96.3 79.1 85.8 85.1 76.1 87.9 93.1 91.9 85.6 78.2 86.1 79.2 N/A N/A N/A N/A

Convergence Speedup 1.7 1.1 1.0 1.9 1.2 0.9 1.2 1.2 1.3 0.9 0.7 0.8 0.9 N/A N/A N/A N/A
Comparable-result Speedup 2.5 2.4 1.0 3.8 1.5 1.3 1.1 2.3 1.0 0.9 N/A N/A N/A N/A N/A N/A N/A

T5XXL

Performance (PT) (%) 96.5 97.4 76.6 90.1 97.9 76.2 90.5 95.2 93.4 87.0 92.5 90.0 86.3 86.3 20.8 29.2 45.8
Performance (TPTTASK) (%) 96.6 97.8 84.2 88.6 97.5 77.0 92.0 96.2 94.0 95.3 90.7 90.9 89.0 85.9 21.3 29.3 46.8

Convergence Speedup 1.2 49.7 2.2 1.1 3.9 1.4 12.5 24.9 49.9 29.8 1.5 1.0 3.3 1.1 1.0 2.0 2.0
Comparable-result Speedup 1.2 48.9 219.8 N/A N/A 1.5 12.5 29.9 49.9 29.9 N/A 1.0 5.0 N/A 1.0 2.0 2.5

Table 1: Performance on 17 NLP tasks of vanilla prompt tuning (PT) and prompt tuning with transferring initial-
ization (TPTTASK), which initialize PT with the one performing best in zero-shot transfer, as well as the conver-
gence speedup (the quotient of the training steps of PT by the training time of TPTTASK reaching convergence)
and comparable-result speedup (the quotient of the training time of PT by the training time of TPTTASK achieving
comparable performance to PT). N/A represents the tasks that RoBERTaLARGE cannot conduct, or we fail to speed
up training with TPTTASK.

tokens into a unified vector Ps ∈ Rlds . The pro-
jector Proj(·) is to project it to P̃s ∈ Rldt in the
semantic space of the target PLM, where ds and dt
are the input embedding dimensions of the source
and target PLM, respectively. We parameterize the
projector with a two-layer perceptron as follows:

P̃s=Proj(Ps)=W2(σ(P
sW1+b1))+b2, (2)

where W1 ∈ Rdh×lds ,W2 ∈ Rldt×dh are train-
able matrices, b1 ∈ Rdh ,b2 ∈ Rldt are biases, σ
is a non-linear activation function. We investigate

two learning objectives to train the projector3:

Distance Minimizing We firstly try to learn
cross-model projections by minimizing the dis-
tance between the projected prompt and the paral-
lel prompt Pt originally trained on the target PLM
with the same task, i.e., the training objective is to
minimize their L2-distance ‖Proj(Ps)−Pt‖2.

Task Tuning We then try to train the cross-model
projector with task-specific supervision signals on

3More projector-training details are left in appendix C.1.
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Method SA NLI EJ PI
IMDB SST-2 laptop restaurant Movie Tweet MNLI QNLI SNLI deontology justice QQP MRPC

PT on T5XXL 96.5 97.4 76.6 88.1 97.9 72.5 90.5 95.2 93.4 87.0 92.5 90.0 86.3

Random Prompt 49.7 49.0 19.8 17.0 51.6 15.5 31.8 49.3 31.9 51.3 50.0 36.4 67.0

(a) Zero-shot Transfer Performance (%)

laptop
Distance Minimizing 49.6 49.0 76.6 17.5 51.5 14.4 31.8 48.1 32.8 53.3 49.9 36.8 66.6
Task Tuning 82.9 89.3 80.3 85.7 78.6 58.4 32.4 50.7 33.6 54.9 51.6 33.9 63.7

MNLI
Distance Minimizing 49.6 50.1 19.8 18.3 51.2 15.0 90.5 49.0 32.9 50.3 49.0 36.8 65.6
Task Tuning 49.7 48.8 19.8 17.0 51.6 16.0 89.8 82.7 88.2 49.7 50.0 36.8 67.7

(b) Transfer with Initialization (TPTMODEL)

laptop
Performance (%) 96.5 97.4 82.9 90.3 97.4 74.4 91.0 95.4 93.4 92.5 92.5 90.0 87.9
Convergence Speedup 1.1 1.7 1.9 1.3 0.6 1.3 0.9 0.9 1.0 1.0 0.7 1.1 1.1
Comparable-result Speedup 1.0 19.0 16.0 6.0 N/A 2.2 3.6 1.1 6.0 6.0 0.9 1.8 3.4

MNLI
Performance (%) 96.5 97.4 82.7 88.5 95.8 74.7 91.2 95.9 93.5 94.6 92.5 90.0 87.7
Convergence Speedup 1.0 1.6 1.8 0.9 0.4 1.3 1.0 1.1 1.4 2.0 1.7 0.9 0.9
Comparable-result Speedup 1.0 18.0 15.0 1.6 N/A 1.5 18.0 20.0 30.0 7.5 5.0 1.5 1.9

Table 2: Cross-model prompt transfer (RoBERTaLARGE to T5XXL) results, including non-transfer baselines (vanilla
PT and randomly generated prompts), zero-shot transfer performance of various projectors, and TPTMODEL results
(performance, convergence speedup, and comparable-result speedup similar to Table 1). TPTMODEL adopts the Task
Tuning projectors to project the soft prompts.

the target PLM. Specifically, we directly tune the
projected prompts on some tasks and back propa-
gate the supervision signals to train the projector
weights, so that the projector can learn how to stim-
ulate the target PLM and thus may generalize to
transfer the prompts of other tasks.

These methods rely on some tasks (parallel
trained soft prompts or training data) to train the
projector. The projector learning methods are ag-
nostic to the specific training tasks used, and we
choose laptop and MNLI in experiments.

5.2 Zero-shot Transfer Performance

The zero-shot transfer performance of various
projector-learning methods are shown in Table 24

(a). We can observe that: (1) Distance Minimizing
works well to transfer the prompts of the projector-
training task, but falls back to random performance
on the other unseen tasks, which is not practically
usable. This is consistent with our findings in § 6
that the embedding distances do not strongly corre-
late to prompt transferability. (2) Task Tuning
performs better and successfully generalizes to
same-type unseen tasks of the projector-training
tasks (e.g. NLI tasks for the projectors trained
with MNLI), which proves the feasibility of prac-
tical cross-model prompt transfer. (3) The projec-
tors trained with Task Tuning still cannot work
for different-type tasks, which may be limited by
the cross-task prompt transferability investigated

4More results on other PLMs are left in appendix C.2.

in § 4.1. This urges further attention to developing
universal cross-model projections.

5.3 Transfer with Initialization
Similar to § 4.2, we further study whether the pro-
jected soft prompts can initialize PT on the target
PLM and accelerate training as well as improve
performance. We propose cross-model transfer-
able prompt tuning, TPTMODEL, which adopts the
Task Tuning projectors to project the soft prompts
trained on the source PLM into the target PLM and
initialize PT with the projected prompts.

The performance and speedup are shown in Ta-
ble 2 (b). We can see that, for the tasks within
the same type of the projector-training task, com-
pared to vanilla PT, TPTMODEL can mostly achieve
comparable or better performance with much less
training time, which demonstrates that practical
cross-model prompt transfer is promising for im-
proving the efficiency and effectiveness of PT.

6 Exploring Transferability Indicator

Based on the positive results in cross-task and cross-
model transfer, we explore why the soft prompts
can transfer across tasks and what decides the trans-
ferability between them, which may shed light on
the mechanisms behind PT and help to design trans-
ferable PT methods. We explore various prompt
similarity metrics and examine how well do they
align with the zero-shot transfer performance. If
a similarity metric can well indicate transferabil-
ity, it suggests the factors considered in designing
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this metric decide the prompt transferability. More-
over, the prompt similarity metrics can qualify task
similarities using the trained soft prompts as task
embeddings and may help in developing cross-task
transfer methods. As a straightforward example, if
we build a prompt warehouse containing prompts
of diverse tasks, we can retrieve prompts of similar
tasks for a new task with a certain similarity metric
and better improve PT with TPTTASK.

6.1 Prompt Similarity Metric
We explore the following two kinds of metrics:

Embedding Similarity We firstly regard the
trained soft prompts as only embeddings in the
vector space and calculate their Euclidean simi-
larity and cosine similarity, among which cosine
similarity is also explored by Vu et al. (2021).

Given two groups of trained prompts contain-
ing l virtual tokens: P t1 = {pt11 , . . . ,pt1l } and
P t2 = {pt21 , . . . ,pt2l }, which correspond to tasks
t1 and t2. Firstly, we concatenate the l virtual to-
kens for each group and get two concatenation em-
beddings Pt1 ,Pt2 ∈ Rld, then we compute Eu-
clidean similarity and cosine similarity of them:

Econcat(P
t1 , P t2) =

1

1 + ‖Pt1 −Pt2‖ ,

Cconcat(P
t1 , P t2) =

Pt1 ·Pt2

‖Pt1‖‖Pt2‖ .
(3)

We further explore a simple way to make the
metrics invariant to token positions. We compute
Euclidean distances and cosine similarities for ev-
ery virtual token pairs in the two groups and use
the averaged results in the final similarity metrics:

Eaverage(P
t1 , P t2) =

1

1 + 1
l2

l∑
i=1

l∑
j=1

‖pt1i − pt2j ‖
,

Caverage(P
t1 , P t2) =

1

l2

l∑

i=1

l∑

j=1

pt1i · pt2j
‖pt1i ‖‖pt2j ‖

.

(4)

Model Stimulation Similarity In the second
way, we depict their similarities based on how they
stimulate the PLMs, i.e., we examine the similar-
ities between the responses of PLMs to the two
soft prompts. Motivated by Geva et al. (2021) and
Dai et al. (2021), which both find that the activa-
tion of the neurons in the feed-forward layers of
Transformers (Vaswani et al., 2017) corresponds
to specific model behaviors, we propose to use the
overlapping rate of activated neurons as a simi-
larity metric of prompts. Specifically, the feed-
forward network FFN(·) in a Transformer layer is:

Model Metric Same
Task

Different
Tasks

RoBERTaLARGE

Econcat 9.4 6.8
Eaverage 41.6 37.6
Cconcat 47.6 31.7
Caverage 1.7 1.1
ON 39.4 21.4

T5XXL

Econcat 0.5 0.3
Eaverage 4.0 3.4
Cconcat 29.4 3.4
Caverage 4.0 2.1
ON 62.0 46.1

Table 3: The average values (%) of the 5 similarity met-
rics for prompt pairs of the same task (trained with 3
different random seeds) and different tasks.

FFN(x) = max(xW>
1 + b1,0)W2 + b2, (5)

where x ∈ Rd is the input embedding, W1,W2 ∈
Rdm×d are trainable matrices, and b1,b2 are bias
vectors. The max(xW>

1 + b1,0) can be regarded
as the non-negative activation values for dm hidden
neurons (Geva et al., 2021). We then change all the
positive elements of max(xW>

1 + b1,0) to 1 and
get the one-hot activation state vector s.

We feed an input sequence {P,<s>} into the
PLMs, where <s> is the special token indicating
the start of a sentence. For RoBERTa, a [MASK]
is additional prepended. This sequence is in the
format of PT inputs but without specific input sen-
tences.

We use the activation states of the positions
used to decode outputs, which shall be more task-
specific. Specifically, for T5, we use the decoder
module’s activation states at the first position. For
RoBERTa, we use the activation states of [MASK].
Finally, we concatenate the activation states of
PLM’s L layers to get the overall activation states:

AS(P ) = [s1; s2; ...; sL]. (6)

We can only retrieve the activation states of a
part of layers in the similarity computation. In
experiments, we find that the higher layers tend
to be more task-specific, which is consistent with
the probing results (Liu et al., 2019a). Hence we
use the activation states of the top 3 layers5 in ex-
periments below. We calculate the overlapping
rate of activated neurons ON(P t1 , P t2) between

5More results about the different layers’s performance are
left in appendix D.4.
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Metric RoBERTaLARGE T5XXL

Econcat 22.6 12.9
Eaverage 2.8 −2.5
Cconcat 24.8 31.6
Caverage 44.7 33.5
ON 49.7 36.9

Table 4: The Spearman’s rank correlation scores (%)
between various similarity metrics and cross-task zero-
shot transfer performance of soft prompts.
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Figure 4: Spearman’s correlation scores of ON and
Caverage with cross-task zero-shot transfer perfor-
mance change along with the parameter size of T5.

the trained soft prompts of task t1 and t2 with the
cosine similarity:

ON(P t1 , P t2) =
AS(P t1) ·AS(P t2)

‖AS(P t1)‖‖AS(P t2)‖ . (7)

6.2 Experimental Results
To evaluate the effectiveness of the above similarity
metrics of soft prompts, we (i) test whether the sim-
ilarity metrics can distinguish the trained prompts
of the same tasks and different tasks, and (ii) exam-
ine whether these metrics align with the zero-shot
transfer performance.

Regarding (i), we compare the similarities of the
investigated metrics for two trained prompts within
the same task (trained with different random seeds)
and between different tasks in Table 3. From the
results, we can observe that all the metrics work
well to distinguish the prompts of the same task
and different tasks. This suggests that the trained
soft prompts of different tasks form distinguishable
clusters in the embedding space and also stimulate
different abilities within the PLM.

Moreover, to evaluate (ii), how well the sim-
ilarity metrics align with the cross-task transfer
performance, we quantify the correlations between
the similarities and zero-shot transfer performance
in Figure 3. Specifically, for each target task’s
prompt, we rank various source tasks’ prompts

Projector Task Caverage ON

Task Tuning
(laptop)

laptop 3.8 52.4
Same-Type Tasks 4.1 51.0
Different-Type Tasks 3.4 46.0

Task Tuning
(MNLI)

MNLI 2.7 70.7
Same-Type Tasks 2.7 56.7
Different-Type Tasks 4.1 53.4

Table 5: Similarities (%) between the prompts pro-
jected with Task Tuning projector and the original
prompts trained on T5XXL.

with similarity scores and zero-shot transfer perfor-
mance and then compute the Spearman’s rank cor-
relation (Spearman, 1987) between the two ranks
generated by these two ways. The overall results
are shown in Table 46. We can see that: (1) The
overlapping rate of activated neurons (ON) metric
works better than all the embedding similarities,
which suggests that model stimulation is more im-
portant for prompt transferability than embedding
distances. (2) ON works much worse on T5XXL
(11B parameters) than on RoBERTaLARGE (330M
parameters). We guess this is because larger PLMs
have higher redundancy (Aghajanyan et al., 2021),
which means prompts can activate different redun-
dant neurons to do similar jobs and thus influence
the sensitivity of ON metric. This is supported by
the experiments showing that the Spearman’s corre-
lation scores of ON drop with the increase of PLM
scales (Figure 4), from which we can see Caverage

also exhibits a similar trend. We encourage future
work to explore how to overcome the PLM redun-
dancy for better transferrable PT. As a preliminary
trial, we find that by taking the intersection of ac-
tivation states of 3 prompts trained with different
random seeds, ON’s correlation score on T5XXL
raises from 36.9% to 46.3%.

We further explore whether the prompt simi-
larity metrics also work in the cross-model trans-
fer setting by testing whether they work between
the projected prompts and original prompts of the
same task. In Table 5, we show the similarities of
prompts projected with Task Tuning projectors by
the two best metrics Caverage and ON. We can see:
(1) ON metric shows that the projected prompts
are highly similar to the original prompts within
the same type of projector-training tasks but are
not so similar to different-type tasks, which is quite
consistent with the cross-model zero-shot transfer

6The detailed results by task types are left in appendix D.2.
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performance in Table 2. (2) However, Caverage can-
not reflect this phenomenon, which shows that the
perspective of model stimulation is more promising
for understanding transferability again.

7 Conclusion

We empirically investigate the transferability of
prompts in this paper. In the cross-task setting,
we find that soft prompts can transfer to similar
tasks without training. In the cross-model setting,
we successfully project prompts into the space of
other PLMs. Further, we utilize trained prompts of
other tasks or other PLMs as initialization to signif-
icantly accelerate training and improve effective-
ness. Moreover, we explore various prompt trans-
ferability indicators and show that how the prompts
stimulate PLMs is important to transferability. We
hope the empirical analyses and the model stimula-
tion idea can facilitate further research on transfer-
able and efficient PT.
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A Basic Setup for Various Tasks

A.1 Dataset and Task

Sentiment Analysis (SA) SA is the task of clas-
sifying sentiment polarities for a given sentence.
We select IMDB (Maas et al., 2011), SST-2
(Socher et al., 2013), SemEval/laptop (Pon-
tiki et al., 2014), SemEval/restaurant (Pontiki
et al., 2014), Movie Rationales (Movie) (Zaidan
et al., 2008), and TweetEval (Tweet) (Barbieri
et al., 2020) for our experiments.

Natural Language Inference (NLI) NLI is the
task of determining whether a hypothesis is entailed
or contradicted by a given sentences (premise, hy-
pothesis). We select MNLI (Williams et al., 2018),
QNLI (Wang et al., 2019b), and SNLI (Bowman
et al., 2015) for our experiments.

Ethical Judgment (EJ) EJ is the task of de-
ciding whether a sentence is ethically acceptable.
We select Ethics/deontology (Hendrycks et al.,
2021) and Ethics/justice (Hendrycks et al.,
2021) for our experiments.

Paraphrase Identification (PI) PI is the task of
classifying whether a pair of sentences are seman-
tically identical. We select QQP (Sharma et al.,
2019) and MRPC (Dolan and Brockett, 2005) for
our experiments.

Question Answering (QA) QA is the task of an-
swering a question. We choose SQuAD (Rajpurkar
et al., 2016) and NQ-Open (Lee et al., 2019) to
analyze. For SQuAD, a PLM captures the answer
from the content. As for NQ-Open, a PLM directly
generates the answer without the content.

Summarization (SUM) SUM is the task of sum-
marizing a given article and generating the abstract.
We select Multi-News (Fabbri et al., 2019), and
SAMSum (Gliwa et al., 2019) for our experiments.

A.2 Evaluation Metrics

For classification tasks (SA, NLI, EJ, and PI), we
use accuracy (Acc.) as their evaluation metric. As
for generation tasks (QA and SUM), we utilize F1
and ROUGE-L (Lin, 2004), respectively.

A.3 Prompt Tuning Setting

In the experiments, for all the investigated tasks,
we use AdamW (Loshchilov and Hutter, 2019) as
the optimizer and set the learning rate as 0.001. We
set the length of soft prompts l as 100. All the soft

prompts are randomly initialized and optimized
with Equation 1. In the inference stage, RoBERTa
predicts the label tokens at the [MASK] position and
T5 directly uses its decoder to do generation. For
the classification tasks (SA, NLI, EJ and PI), we
obtaining answers in a ranking manner, i.e., we
rank the label tokens by their likelihoods and regard
the PLMs as predict the label of the label token with
highest likelihood. For the conditional generation
tasks (QA and SUM), we directly take the outputs
of PLMs as their answers.

A.4 Label Tokens

The used label tokens for the classification tasks
(SA, NLI, EJ, PI) are shown in Table 6. For gener-
ation tasks (QA, SUM), the desired output is just
the annotated answers.

Task Label Tokens

Sentiment Analysis (SA)

IMDB positive, negative
SST-2 positive, negative
laptop positive, moderate, negative
restaurant positive, moderate, negative
Movie positive, negative
Tweet positive, moderate, negative

Natural Language Inference (NLI)

MNLI yes, neutral, no
QNLI yes, no
SNLI yes, neutral, no

Ethical Judgment (EJ)

deontology acceptable, un
justice acceptable, un

Paraphrase Identification (PI)

QQP true, false
MRPC true, false

Table 6: Label tokens of classification tasks.

B Cross-Task Transfer

B.1 More Zero-shot transfer performance

In § 4.1, we report the zero-shot transfer perfor-
mance (relative performance) on RoBERTaLARGE

and T5XXL. Here, we investigate the zero-shot
transfer performance on other sizes of RoBERTa
and T5, which are shown in Figure 5. According
to these results, we can find that the transferabil-
ity of soft prompts between the tasks of different
types is generally poor, which is consistent with
the conclusion in § 4.1.
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(b) T5BASE
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(c) RoBERTaBASE
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(d) RoBERTaLARGE

Figure 5: Relative performance (transferring zero-shot performance / original PT performance) (%) on the target
tasks (columns) of the soft prompts trained on the source tasks (rows), both of which demonstrate the relative
performance for zero-shot transfer of prompts of RoBERTa and T5. Colors of the tasks names indicate the task
types. Blue: sentiment analysis (SA). Green: natural language inference (NLI). Brown: ethical judgment (EJ).
Orange: paraphrase identification (PI). Purple: question answering (QA). Gray: summarization (SUM). Random
Prompt of the last row means the soft prompts are randomly generated without any training.
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(a) Directly transferring (RoBERTaBASE)

IM
DB

SS
T-

2
la

pt
op

re
st

au
ra

nt
M

ov
ie

Tw
ee

t
M

NL
I

QN
LI

SN
LI

de
on

to
lo

gy
ju

st
ice QQ

P
M

RP
C

Target Task

IMDB
SST-2

laptop
restaurant

Movie
Tweet
MNLI
QNLI
SNLI

deontology
justice

QQP
MRPC

random prompt

So
ur

ce
 T

as
k

100 91 44 43 100 42 42 57 38 67 73 71 54
95 100 35 24 97 72 49 56 42 67 74 72 58
56 52 100 93 66 49 43 56 41 67 72 73 45
62 53 99 100 64 61 42 56 38 67 72 73 45
91 82 19 14 99 60 45 56 41 67 74 46 96
91 93 52 30 89 100 40 59 36 64 74 61 62
62 60 36 24 69 55 100 82 90 67 78 84 95
59 51 25 20 67 49 58 100 67 71 71 75 101
69 68 33 23 70 58 88 78 100 70 82 73 97
61 55 12 13 63 29 45 61 42 100 87 62 96
62 61 50 59 66 32 45 58 42 84 99 57 96
56 53 29 23 66 22 53 59 46 67 72 100 94
56 56 77 83 59 59 46 67 39 73 100 60 100
57 54 4 1 70 67 44 60 39 67 83 38 96

(b) Unifying the label tokens (RoBERTaBASE)

Figure 6: To exclude the poor transferability, which may result from the fact that different-type tasks use different
label tokens, we unify the label tokens of different tasks into the same set of numbers (1, 2, . . .) and choose
RoBERTaBASE for the experiments. From Figure (a) and (b), we observe that the transferability between different-
type tasks are still generally not improved in this way. This indicates that different-type tasks surely require distinct
abilities.

B.2 Unifying Label Tokens
We hypothesize that the poor transferability be-
tween different task types may result from the fact
that different-type tasks usually use different label
tokens, e.g., yes and no are for NLI tasks while
positive and negative are for SA tasks. To
verify whether this factor influences the transfer-
ability, we unify the label tokens of different tasks
into the same set of numbers (1, 2, . . .) and choose
RoBERTaBASE for the experiments. In Figure 6,
we can observe that the transferability between
different-type tasks are generally not improved in
this way. This indicates that different-type tasks
surely require distinct abilities, which prohibits
reusing prompts between them.

B.3 Speedup Calculation
In this paper, we compute convergence speedup
and comparable-result speedup as follows:

Convergence Speedup(x) =
PT convergence time

TPT convergence time
,

Comparable-result Speedup(x) =
PT convergence time

time of TPT achieving comparable result to PT
.

(8)

We calculate the training loss and the evalua-
tion score per 100 steps during the training. When

the training loss stops dropping and the evaluation
score stops increasing for 300 steps, we set the
point as the convergence point. For the conver-
gence speedup in Equation 8, the PT convergence
time is divided by the TPT convergence time. As
for the comparable-result speedup in Equation 8,
the PT convergence time are divided by the time of
TPT achieving comparable performance to PT.

C Cross-Model Transfer

C.1 Implementation Details of Projector
As mentioned in § 5.1, we give the prompt of the
source PLM, P s = {ps1, . . . ,psl }, and concatenate
its l virtual tokens into a unified vector Ps ∈ Rlds ,
where ds is the hidden size of the source PLM.
To transfer Ps to the target PLM whose hidden
size is dt, we design a projection function Proj(·)
parameterized by a two-layer perceptron as follows:

P̃s=Proj(Ps)=W2(σ(P
sW1+b1))+b2, (9)

where W1 ∈ Rdh×lds ,W2 ∈ Rldt×dh are train-
able matrices, b1 ∈ Rdh ,b2 ∈ Rldt are biases,
σ is a non-linear activation function. For train-
ing configurations of projector, the optimizer is
AdamW (Loshchilov and Hutter, 2019), the train-
ing batch size is 16, the learning rate is 0.005,
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Method SA NLI EJ PI
IMDB SST-2 laptop restaurant Movie Tweet MNLI QNLI SNLI deontology justice QQP MRPC

From BERTBASE to RoBERTaBASE

PT on RoBERTaBASE 89.9 93.8 77.3 80.7 79.2 74.5 80.6 90.5 88.5 72.9 70.0 86.9 83.9

Random Prompt 50.6 50.8 2.3 1.2 50.5 40.5 32.8 50.5 33.3 50.4 50.2 36.8 68.0

IMDB, laptop
Distance Minimizing 89.7 53.1 75.6 18.3 54.2 24.0 31.2 50.0 33.3 50.6 50.0 36.8 67.2
Task Tuning 88.2 82.2 76.3 77.9 73.4 43.6 32.0 47.9 32.8 49.8 49.4 50.2 47.7

MNLI
Distance Minimizing 55.6 51.0 2.5 1.4 53.1 41.1 80.0 50.6 33.3 50.6 50.0 48.3 68.0
Task Tuning 50.9 52.0 11.9 13.1 45.8 18.2 80.0 74.9 80.0 50.4 49.9 36.8 68.1

From RoBERTaBASE to RoBERTaLARGE

PT on RoBERTaLARGE 91.8 96.0 78.1 81.7 81.7 76.6 88.5 93.4 90.7 85.6 81.1 89.0 82.7

Random Prompt 50.1 50.2 2.0 2.0 49.5 40.5 32.7 51.0 33.3 50.3 49.9 40.6 61.2

IMDB, laptop
Distance Minimizing 92.1 50.1 77.0 1.4 51.0 37.6 33.1 50.2 32.8 50.4 50.0 62.3 38.3
Task Tuning 90.4 76.2 64.2 69.5 79.7 45.0 33.3 50.5 33.1 50.3 50.0 38.5 79.7

MNLI
Distance Minimizing 50.3 51.2 5.2 5.9 51.0 40.6 88.5 49.1 33.2 50.3 50.0 45.1 66.4
Task Tuning 67.7 76.1 28.9 43.7 60.4 49.1 87.1 79.4 84.5 49.7 50.0 36.8 68.5

From T5BASE to T5XXL

PT on T5XXL 96.5 97.4 76.6 88.1 97.9 72.5 90.5 95.2 93.4 87.0 92.5 90.0 86.3

Random Prompt 49.7 49.0 19.8 17.0 51.6 15.5 31.8 49.3 31.9 51.3 50.0 36.4 67.0

laptop
Distance Minimizing 49.0 49.7 76.6 17.0 52.3 16.3 31.8 48.7 33.3 54.1 49.0 36.7 67.7
Task Tuning 77.2 86.2 80.3 83.5 64.6 55.2 31.9 49.9 32.9 48.7 52.8 50.7 53.1

MNLI
Distance Minimizing 49.7 49.0 19.8 17.1 51.6 15.5 90.5 49.3 34.8 52.3 50.0 36.8 67.7
Task Tuning 54.9 70.0 60.8 74.1 3.6 41.4 89.7 84.8 90.8 49.7 50.0 37.2 66.4

Table 7: We conduct experiments between various PLMs in different scales and heterogeneous frameworks: from
BERTBASE to RoBERTaBASE, from RoBERTaBASE to RoBERTaLARGE, and from T5BASE to T5XXL. Besides, we
highlight the non-trivial zero-shot performance (%) of the cross-model setting with bold.

and the inner hidden size dh is 768. In this pa-
per, we investigate cross-model transfer among var-
ious PLMs including BERTBASE, RoBERTaBASE,
RoBERTaLARGE, T5SMALL, T5BASE, and T5XXL,
whose hidden sizes are 768, 768, 1024, 512, 768,
and 1024, respectively. Besides, for non-linear
activation functions, we have tried tanh and
LeakyReLU (Xu et al., 2015), and find their per-
formance on various PLMs are similar. The re-
ported results are based on LeakyReLU.

C.2 More Zero-shot Transfer Performance

In § 5.2, we showed the zero-shot transfer perfor-
mance of various projector-learning methods in
the setting of transferring from RoBERTaLARGE to
T5XXL. We explore more cross-model transfer set-
tings here, which are transferring between various
PLMs in different scales and heterogeneous frame-
works, including from BERTBASE to RoBERTaBASE,
from RoBERTaBASE to RoBERTaLARGE, and from
T5BASE to T5XXL. We can find that the results in
Table 7 are all consistent with § 5.2.

C.3 Technical Details of TPTMODEL

In § 5.3, we demonstrate cross-model transferrable
prompt tuning (TPTMODEL) can well improve per-

formance and reduce training time.
However, when we apply TPTMODEL to more

PLMs, we find that the projected prompts may
have quite different L2 norm values with the origi-
nal prompts, especially for the small-scale PLMs
(e.g., from BERTBASE to RoBERTaBASE). Specif-
ically, we obtain the projected prompts with the
trained Task Tuning projector, and find that the pro-
jected prompts are hard to optimize in some tasks
as shown in Figure 7 [Without LayerNorm].
Thus, we attempt to add the layer normalization
operation (Ba et al., 2016) LayerNorm into the
projectors to regularize the norm of the projected
prompt as follows:

P̃s = LayerNorm(Proj(Ps)). (10)

By the LayerNorm, the projected prompts can
work well on TPTMODEL and achieve better per-
formance and speedup as shown in Figure 7
[With LayerNorm]. Interestingly, although
prompts projected by the projectors [Without
LayerNorm] are hard to be trained in TPTMODEL,
they can achieve similar zero-shot transfer perfor-
mance with the prompts projected by the projectors
[With LayerNorm] in Table 8.
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Figure 7: The (—) represents vanilla PT on RoBERTaBASE. As for (—), it utilizes projected prompts from
BERTBASE as initializations to conduct PT on RoBERTaBASE. The projected prompts respectively come from two
different Task Tuning projectors: [Without LayerNorm] and [With LayerNorm].

Method SA NLI EJ PI
IMDB SST-2 laptop restaurant Movie Tweet MNLI QNLI SNLI deontology justice QQP MRPC

PT on RoBERTaBASE 89.9 93.8 77.3 80.7 79.2 74.5 80.6 90.5 88.5 72.9 70.0 86.9 83.9

[Without LayerNorm]

Task Tuning (IMDB, laptop) 86.5 84.9 73.4 75.3 76.6 47.7 31.8 52.0 32.9 50.3 50.0 37.6 67.5
Task Tuning (MNLI) 66.6 70.4 53.0 43.8 57.8 47.9 82.4 74.9 78.1 50.4 49.9 45.3 70.1

[With LayerNorm]

Task Tuning (IMDB, laptop) 88.2 82.2 76.3 77.9 73.4 43.6 32.0 47.9 32.8 49.8 49.4 50.2 47.7
Task Tuning (MNLI) 50.9 52.0 11.9 13.1 45.8 18.2 80.0 74.9 80.0 50.4 49.9 36.8 68.1

Table 8: We find that the zero-shot performances of prompts projected by two Task Tuning projectors ([With
LayerNorm] and [Without LayerNorm]) are close. Bold represents non-trivial performance.

D Transferability Indicator

D.1 Effectiveness of Similarity Metrics

We categorize all prompts into three groups: same
tasks (prompts trained with different seeds on the
same dataset), same-type tasks, and different-type
tasks. Table 9 shows that all the similarity metrics

successfully distinguish task types.

D.2 Correlation Between Prompt
Transferability and Prompt Similarity

In § 6, we provide the overall averaged Spearman’s
rank correlation scores (%) between various simi-
larity metrics and zero-shot transfer performance
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Metric Same
Tasks

Same-type
Tasks

Different-type
Tasks

RoBERTaLARGE

Econcat 9.4 9.4 6.8
Eaverage 41.6 41.4 37.6
Cconcat 47.6 45.3 31.7
Caverage 1.7 1.3 1.1
ON (Bottom 3) 42.8 43.3 39.1
ON (Top 3) 39.4 28.2 21.4
ON (All 24) 40.0 35.8 29.6

T5XXL (Decoder Module)

Econcat 0.5 0.5 0.3
Eaverage 4.0 5.1 3.4
Cconcat 29.4 2.8 2.4
Caverage 4.0 2.6 2.1
ON (Bottom 3) 80.3 75.4 76.3
ON (Top 3) 62.0 52.7 46.1
ON (All 24) 60.8 54.0 49.2

Table 9: The average values (%) of the 5 similarity
metrics for prompt pairs within the same task (trained
with 3 different random seeds) and between differ-
ent tasks (of the same type and different types) on
RoBERTaLARGE and T5XXL.

Metric SA NLI EJ PI QA SUM All

T5SMALL (Decoder Module)

Econcat 10.1 19.6 31.3 5.3 27.3 38.0 21.9
Eaverage -6.8 -28.0 18.7 -2.6 29.1 42.9 8.9
Cconcat 34.6 63.6 26.6 19.3 -2.1 12.5 25.7
Caverage 64.3 65.1 30.7 15.7 27.7 19.2 37.1

ON (Bottom 3) 32.9 72.6 41.8 14.2 45.5 52.8 43.3
ON (Top 3) 50.6 74.8 51.4 2.6 60.3 78.8 52.5
ON (All 24) 44.8 79.7 44.5 6.3 59.7 67.9 50.5

T5BASE (Decoder Module)

Econcat 55.2 -17.0 10.2 21.5 5.9 -1.1 20.8
Eaverage 53.4 -42.3 -10.7 7.5 -27.7 -10.8 9.0
Cconcat 57.2 25.2 35.1 37.0 30.2 -20.5 28.4
Caverage 47.6 70.0 30.4 48.0 34.9 16.8 42.4

ON (Bottom 3) 34.7 29.8 40.8 16.9 24.2 72.2 36.0
ON (Top 3) 53.8 24.3 50.6 46.1 54.7 79.1 49.1
ON (All 24) 46.1 25.0 42.6 39.7 56.7 72.3 43.4

T5XXL (Decoder Module)

Econcat 40.8 -13.4 19.3 11.4 -4.3 -19.5 12.9
Eaverage 32.2 -42.6 9.7 -2.0 -27.7 -34.0 -2.5
Cconcat 21.4 40.9 42.6 24.6 30.2 45.6 31.6
Caverage 23.3 44.8 33.3 29.3 34.9 49.9 33.5

ON (Bottom 3) 9.1 20.7 14.8 18.3 24.2 -9.9 12.4
ON (Top 3) 42.7 33.6 39.1 30.3 54.7 11.1 36.9
ON (All 24) 31.0 23.6 37.7 34.2 56.7 15.4 32.0

ONI (Bottom 3) - - - - - - - - - - - - 25.3
ONI (Top 3) - - - - - - - - - - - - 46.3
ONI (All 24) - - - - - - - - - - - - 40.0

Table 10: Spearman’s rank correlation scores (%) be-
tween various similarity metrics and zero-shot transfer
performance of soft prompts for various scales of T5
and ONI as introduced in appendix D.3.

Metric SA NLI EJ PI All

RoBERTaBASE

Econcat 31.1 -5.9 30.5 16.2 20.2
Eaverage 17.2 -52.4 12.1 -13.5 -4.4
Cconcat 51.6 8.8 38.5 29.7 36.3
Caverage 65.8 55.9 26.1 28.9 51.7

ON (Bottom 3) 56.2 64.3 17.9 21.2 46.8
ON (Top 3) 77.9 74.2 43.4 32.7 64.8
ON (All 24) 71.2 70.5 33.6 25.0 58.1

RoBERTaLARGE

Econcat 42.5 -16.3 21.4 22.8 22.6
Eaverage 34.5 -55.1 -5.8 3.6 2.8
Cconcat 44.5 -11.7 23.6 22.0 24.8
Caverage 38.2 77.1 12.4 47.8 44.7

ON (Bottom 3) 32.0 34.8 44.5 30.3 34.3
ON (Top 3) 70.9 45.6 13.5 28.9 49.7
ON (All 24) 62.7 40.6 16.0 31.1 45.6

Table 11: Spearman’s rank correlation scores (%) be-
tween various similarity metrics and zero-shot trans-
fer performance of soft prompts for various scales of
RoBERTa.

of soft prompts for RoBERTaLARGE and T5XXL.
Here, we further show Spearman’s rank corre-

lation scores grouped by the task types on more
PLMs. The results are shown in Table 10 and Ta-
ble 11.

D.3 PLMs’ Redundancy Influence Indicators
From Table 10, we find that the correlation between
prompt transferability and prompt similarity will
drop with the increase of PLM size. We guess
that this phenomena may result from PLMs’ high
redundancy (Aghajanyan et al., 2021).

To try to overcome this, we simultaneously uti-
lize the prompts trained with three random seeds
on the same dataset and take their intersection of
activation states as the activated neurons into the
similarity (ON) computation. This similarity is
called ONI. By using it, the correlation score of
ON can significantly raise as shown in Table 10.

D.4 Overlapping Rate of Activated Neurons
in Different Layers

To further understand model stimulation in PLMs,
we investigate ON in different layers of PLMs.
Specifically, on RoBERTaBASE, we measure the
similarity between different prompts with activa-
tion states of from 1 to 3 layers (Figure 8), from
4 to 6 layers (Figure 9), from 7 to 9 layers (Fig-
ure 10), from 10 to 12 layers (Figure 11), and all
12 layers (Figure 12), respectively.
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We find that the activated neurons are common in
the bottom layers but tend to be more task-specific
in top layers, which is consistent with the findings
of previous works (Liu et al., 2019a).
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Figure 8: ON in 1 - 3 layers of RoBERTaBASE.
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Figure 9: ON in 4 - 6 layers of RoBERTaBASE.
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Figure 10: ON in 7 - 9 layers of RoBERTaBASE.
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Figure 11: ON in 10 - 12 layers of RoBERTaBASE.
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Figure 12: ON in all 12 layers of RoBERTaBASE.
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Abstract

Event extraction aims to identify an event and
then extract the arguments participating in the
event. Despite the great success in sentence-
level event extraction, events are more natu-
rally presented in the form of documents, with
event arguments scattered in multiple sentences.
However, a major barrier to promote document-
level event extraction has been the lack of
large-scale and practical training and evalua-
tion datasets. In this paper, we present Do-
cEE, a new document-level event extraction
dataset including 27,000+ events, 180,000+ ar-
guments. We highlight three features: large-
scale manual annotations, fine-grained argu-
ment types and application-oriented settings.
Experiments show that there is still a big gap
between state-of-the-art models and human
beings (41% Vs 85% in F1 score), indicat-
ing that DocEE is an open issue. DocEE is
now available at https://github.com/
tongmeihan1995/DocEE.git.

1 Introduction

Event Extraction (EE) aims to detect events from
text, including event classification and event argu-
ment extraction. EE is one of the fundamental tasks
in text mining (Feldman and Sanger, 2006) and has
many applications. For instance, it can monitor
political or military crises to generate real-time
notifications and alerts (Dragos, 2013), and dig
the links and connections (e.g., Who Met Whom
and When) between dignitaries for portrait analysis
(Zhan et al., 2020).

Most existing datasets (e.g., ACE2005 1 and
KBP2017 2) focus on sentence-level event extrac-
tion, while events are usually described at the docu-
ment level, and event arguments are typically scat-
tered across different sentences (Hamborg et al.,

∗Corresponding author.
1

https://catalog.ldc.upenn.edu/LDC2006T06
2

https://tac.nist.gov/2017/KBP/

2019). Figure 1 shows an Air Crash event. To ex-
tract argument Date, we need to read sentence [1],
while to extract argument Cause of the Accident, we
need to integrate information in sentences [6] and
[7]. Clearly, this requires reasoning over multiple
sentences and modeling long-distance dependency,
intuitively beyond the reach of sentence-level EE.
Therefore, it is necessary to move EE forward from
sentence-level to document-level.

Only a few datasets are curated for document-
level EE. MUC-4(Grishman and Sundheim, 1996)
provides 1,700 news articles annotated with 4 event
types and 5 argument types. The 5 arguments
are shared among different event types without
further refinement. WikiEvents(Li et al., 2021)
consists of only 246 documents with very few
(22% of total) cross-sentences argument annota-
tions. RAMS(Ebner et al., 2020) limits the scope
of the arguments in a 5-sentence window around
its event trigger, which is not in line with the ac-
tual application, and the number of the argument
types in RAMS is only 65, which is quite limited.
Doc2EDAG, TDJEE and GIT (Zheng et al., 2019;
Wang et al., 2021; Xu et al., 2021) contain only 5
event types and 35 argument types in financial do-
main. In summary, existing datasets for document-
level EE fail in the following aspects: small scale
of data, limited coverage of domain and insuffi-
cient refinement of argument types. Therefore, it is
urgent to develop a manually labeled, large-scale
dataset to accelerate the research in document-level
EE.

In the paper, we present DocEE, a large-scale
human-annotated document-level EE dataset. Fig-
ure 1 illustrates an example of DocEE. DocEE fo-
cus on the extraction of the main event, that is one-
event-per-document. We regard news headlines as
the main event trigger and focus on main event ar-
guments extraction throughout the article. We high-
light the following three contributions of DocEE to
this field: 1) Large-scale Manual Annotations. Do-
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Date
Location
Casualties and Losses
Survivors
Investigator of the Accident
Cause of the Accident
Passengers
Crew
Aircraft Agency
Flight No.
Service years
Taking-off Place
Scheduled Landing Place
Alternate Landing Place

NAF Plane Crash: Military Takes Over Site, AIB To Commence Investigation Event Type: Air Crash

Event Roles

[1]Soldiers have cordoned off the site where the Nigerian Airforce plane crashed on Friday evening at 
the Kaduna International Airport.

[2]The plane which was carrying the Chief of Army Staff, Lieutenant General Ibrahim Attahiru, and other 
Senior Army Officers crashed near the airport’s active runway, killing all the eleven people on board. 

[3]Speaking on the incident, the Manager of Kaduna airport, Amina Salami told Channels Television that 
the military authorities have taken over the crash site. [4]She added that they have prevented civil 
aviation officials from gaining access to the crash site pending the arrival of officials from the Accident 
Investigation Bureau (AIB). [5]She explained that the military plane was initially scheduled to land at the 
Nigerian Airforce Base in Mando area, but was later diverted to the Kaduna airport due to poor weather 
conditions. The service life of the aircraft is three years.

[6]The incident happened as the plane was trying to land in bad weather, the military said. [7]President 
Muhammadu Buhari said that the lack of strict pre-flight inspections was also the cause of this disaster.   
[8]It was part of the government's plan to boost the military's efficiency in fighting a more than decade-
long jihadist insurgency.

Figure 1: An example from DocEE. Each document in DocEE is annotated with event type and involved event
arguments. In the example, the document mainly describes a Air Crash event which contains the following
arguments: Data,Location, Causality and Losses and etc. We use different colors to distinguish event arguments.

cEE contains 27,485 document-level events with
180,528 arguments, far exceeding the scale of ex-
isting document-level EE datasets. The large-scale
annotations of DocEE can provide sufficient train-
ing and testing data, to fairly evaluate EE models.
2) Fine-grained argument types. DocEE has a total
of 356 argument types, which is much more than
the number of argument types in existing dataset (5
in MUC-5 and 65 in RAMS). Besides the general
arguments, such as time and location, we design
more personalized event arguments for each event
type, such as Water Level for Flood event and Mag-
nitude for Earthquake event. These fine-grained
roles can bring more detailed semantics and pose
a higher challenge to the semantic disambiguation
ability of existing models. 3) Application-oriented
settings. In the actual application, event extraction
often face the problems of how to quickly adapt
from the rich-resource domains to new domains.
Therefore, we have added a cross-domain setting to
better test the transfer capability of the EE models.
In addition, DocEE removes the limitation that the
arguments range should be within a certain window
in RAMS, to better cope with realistic scenarios
where the length of the article will be particularly
long, and the argument of the event may appear in
any corner of the article. With more scattered event
arguments (see Table 1), DocEE poses a higher
challenge to the long text processing capability of
existing models.

To assess the challenges of DocEE, we im-
plement 9 recent state-of-the-art EE models on
DocEE along with human evaluation. Experi-

ments demonstrate the high-quality of DocEE and
show that even the performance of SOTA model is
far lower than human performance, showing that
the faintness of existing technology in processing
document-level EE.

2 Related Datasets

Sentence-level Event Extraction Dataset Au-
tomatic Content Extraction (ACE2005)1 con-
sists of 599 documents with 8 event types and
33 subtypes. Text Analysis Conference (TAC-
KBP)2 also releases three benchmarks: TAC-
KBP 2015/2016/2017, with 9/8/8 event types and
38/18/18 event subtypes. RED3 annotates events
from 95 English newswires. Chinese Emergency
Corpus (CEC) focuses on Chinese breaking news,
with a total of 332 articles in 5 categories. MAVEN
(Wang et al., 2020) and LSEE (Chen et al., 2017)
only annotate event triggers, with 168/21 types
of trigger instances in 11,832/72,611 sentences.
Based on them, various superior models have
been proposed to improve the sentence-level EE
and have achieved great success (Orr et al., 2018;
Nguyen and Grishman, 2018; Tong et al., 2020).
Document-level Event Extraction Dataset Most
of the existing document-level event datasets only
focus on event classification, but lack event ar-
gument labelings, such as 20news 4 and THUC-
News 5. There are a few datasets annotated with
cross-sentences event arguments. MUC-4 (Nguyen

3
https://catalog.ldc.upenn.edu/LDC2016T23

4
https://archive.ics.uci.edu/ml/datasets/Twenty+Newsgroups

5
http://thuctc.thunlp.org
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Spacecraft LaunchTrain CollisionFlood Sports Competition Protest

• Date
• Location
• Launch Country
• Astronauts
• Spacecraft
• Carrier rocket
• Spacecraft Mission
• Research Agency
• Cooperative Agency
• Spokesman
• Launch Result
• Mission duration

• Date
• Location
• Train Agency
• Survivors
• Wounded Hospital
• Casualties and Losses
• Accident Investigator
• Cause
• Economic Loss
• Train No.
• Missing

• Date
• Areas Affected
• Water Level
• Maximum Rainfall
• Related Rivers
• Casualties and 

Losses
• Cause
• Aid Agency& Supplies
• Temporary Settlement
• Economic Loss
• Missings
• Damaged Farmland
• Damaged Houses
• Number of Evacuated
• Number of Rescued

• Start Time
• End Time
• Lasting time
• Location
• Host country
• Contest participant
• Champions
• MVP
• Score
• Game Name
• Competition items
• Postpone Reason
• Postpone Time

• Date
• Location
• Protesters
• Cause
• Slogan
• Method
• Arrested
• Government Reaction
• Casualties and Losses
• Damaged Property

Figure 2: Five examples of event schema in DocEE.

et al., 2016) only contains 4 event types and 5 ar-
gument types, and the 4 event types are close to
each other and limited to the terrorist attack topic6.
WikiEvents (Li et al., 2021) and RAMS(Ebner
et al., 2020) consist of 246/9,124 documents with
only 59/65 argument types, and most of the ar-
guments in the two datasets are shared among
different event types without further refinement.
Doc2EDAG, TDJEE and GIT (Zheng et al., 2019;
Wang et al., 2021; Xu et al., 2021) only define
5 event types and 35 argument types in financial
domain. Cancer Genetics, EPM, GENIA2011, GE-
NIA2013, Pathway Curation and MLEE (Pyysalo
et al., 2013; Ohta et al., 2011; Kim et al., 2011,
2013; Ohta et al., 2013; Van Landeghem et al.,
2013) are limited to the biological domain. In sum-
mary, these datasets are either limited to specific
domains, or have very limited data scale, or have
not carefully refined event argument schema.

Open-domain Event Extraction Dataset To col-
lect EE dataset in open domain, one way is to lever-
age semi-structured resources (Wikipedia) or exist-
ing knowledge bases (Freebase). The representa-
tive works are EventKG (Gottschalk and Demidova,
2018), Event Wiki (Ge et al., 2018) and Historical
Wiki (Hienert and Luciano, 2012). The other way
is to exploit open IE tools, such as dependency
parsing, to extract events from unstructured text.
The representative works are Event Logic Graph
(Ding et al., 2019) and Giveme5W1H (Hamborg
et al., 2019). The advantage of the open-domain
EE dataset is its large scale, but the disadvantage
is that it lacks manual review, and thus the quality
cannot be guaranteed.

6
https://www-nlpir.nist.gov/related_projects/muc/muc_

data/muc_data_index.html

3 Constructing DocEE

Our main goal is to collect a large-scale dataset to
promote the development of event extraction from
sentence-level to document-level. In the following
sections, we will first introduce how to construct
the event schema, and then how to collect candidate
data and how to label them through crowdsourcing.

3.1 Event Schema Construction

News is the first-hand source of hot events, so we
focus on extracting events from news. Previous
event schemas, such as FrameNet (Baker, 2014)
and HowNet (Dong and Dong, 2003), pay more
attention to trivial actions such as eating and sleep-
ing, and thus is not suitable for document-level
news event extraction.

To construct event schema, we gain insight from
journalism. Journalism typically divides events
into hard news and soft news (Reinemann et al.,
2012; Tuchman, 1973). Hard news is a social emer-
gency that must be reported immediately, such as
earthquakes, road accidents and armed conflicts.
Soft news refers to interesting incidents related to
human life, such as celebrity deeds, sports events
and other entertainment-centric reports. Based on
the hard/soft news theory and the category frame-
work in (Lehman-Wilzig and Seletzky, 2010), we
define a total of 59 event types, with 31 hard news
event types and 28 soft news event types. Detailed
information is shown in Appendix Table 1. Our
schema covers influential events of human concern,
such as earthquakes, floods and diplomatic sum-
mits, which cannot be extracted at the sentence
level and require multiple sentences to describe.

To construct argument schema, we leverage in-
fobox in Wikipedia. As shown in Figure 3(a), the
Wikipedia page describes an event, and the keys
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in the infobox, such as Date and Total fatalities,
can be regarded as the prototype arguments of the
event. Based on this observation, we manually col-
lect 20 wiki pages for each event type, and use their
shared keys in infobox as our basic set of argument
types. After that, we further expand the basic set.
Specifically, for event type e, we first collect 20
news stories from New York Times, and then in-
vited 5 students (native English-speaking, major in
journalism) to summarize the key facts the public
would like to learn from the news of e. For instance,
in Flood event news, Water Level is a key fact, be-
cause it is an important factual basis for flood cause
analysis and disaster relief decision-making, and
can arouse widespread concern. Finally, by merg-
ing the key facts of the 5 students, we complete
the argument types expansion. To ensure the qual-
ity, we further invite the above 5 students to make
a trial labeling on the collected news, and filter
argument types that appear less frequently in the
article.

In total, we define 356 event arguments types
for 59 event types. On average, there are 6.0 event
arguments per class. Figure 2 illiterates some ex-
amples of event arguments types we defined. The
complete schema and corresponding examples can
be found Event Schema.md in the supplementary
materials.

3.2 Candidate Data Collection

In this section, we introduce how to collect can-
didate document-level events. We choose wiki
as our annotation source. Wiki contains two
kinds of events: historical events and timeline
events (Hienert and Luciano, 2012). Historical
events refer to the events that have their own
wiki page, such as 1922 Picardie mid-air colli-
sion. Timeline events refer to the news events
organized in chronological order, such as A heat-
wave strikes India and South Asia in wiki page Por-
tal:Current_events/June_2010.7 Figure 3 shows
examples of two events. We adopt both kinds of
events as our candidate data, because only using
historical events will lead to uneven data distribu-
tion under our event schema, and timeline events
can be a good supplement.

For a historical event, we adopt its Wikipedia
article as the document of the event arguments to
be annotated. For a timeline event, we use the
URL to download the original news article as the

7
en.wikipedia.org/wiki/Portal:Current_events/June_2010

document of the event arguments to be annotated.
Because 22% of the timeline events do not have
URLs (Wikipedia editors do not provide the URL
when editing the entry), so we use Scale SERP8

to find news articles and manually confirm their
authenticity. For historical event, we adopt tem-
plates+event type as the query key to retrieve candi-
date events. The templates includes "List of"+event
type, event type+"in"+year, "Category:"+event
type+"in"+country, etc. More templates show in
Appendix Table 7. For timeline event, we choose
events between 1980 and 2021 as candidates, be-
cause there are very few events before 1980.

In order to balance the length of the article, we
filtered out articles less than 5 sentences, and also
truncated articles that were too long (more than
50 sentences). Finally, we select 44,000 candidate
events from Wikipedia.

3.3 Crowdsourced Labeling

Given the candidate events and the predefined
event schema, we now introduce how to annotate
them through crowdsourcing. To ensure the qual-
ity of annotations, all annotators are either native
English speakers or English-major students with
TOEFL higher than 100 or IELTS higher than 7.5.
The crowdsourced labeling process consists of two
stages.

3.3.1 Stage 1: Event Classification
At this stage, annotators are required to classify
candidate events into predefined event types. Fol-
lowing (Hamborg et al., 2018; Hsi, 2018), we fo-
cus on main event classification, so Stage 1 is a
single-label classification task. Specifically, the
main event refers to the event reflected in the title
and mainly described in the article. Formally, given
the candidate event e =< t, a >, where t repre-
sents the title and a represents the article, Stage 1
aims to obtain label y for each e, where y belongs
to the 59 event types defined in subsection 3.1.

In total, we invite about 60 annotators to partici-
pate in Stage 1 annotation. The online annotation
page is displayed in Appendix Figure 5. We first
manually label 100 articles as standard answers to
pre-test annotators, and weed out annotators with
an accuracy rate of less than 70%, which left us
48 valid annotators. Then, we ask two indepen-
dent annotators to annotate each candidate event.
If the results of the two annotators are inconsistent

8
https://app.scaleserp.com/playground
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（a）Historical Event （b）Timeline Event
(Article)

(URL)

(Infobox)

(Title)

(Article)

(Title)

Figure 3: Two sources of candidate events in DocEE. The left is a historical event, which has its own wiki page,
and the right are two timeline events arranged in a wiki page by time unit. Each timeline event consists of a brief
description and a URL pointing to original news.

(32.8% in this case), a third annotator will be the
final judge. Due to the variety of event types in
reality, a candidate event may not belong to any
predefined class. We classify such event into the
other class, which accounts for 23.6% of the total
data.

3.3.2 Stage 2: Event argument Extraction
At this stage, annotators are required to extract
event arguments from the whole article. Formally,
given the candidate event e =< t, a >, its event
type y and the predefined argument types R of y,
Stage 2 aims to find all the arguments from the
article a.

Due to the heavy workload in Stage 2, we invite
more than 90 annotators. An example of the online
annotation page is shown in Appendix Figure 6.
We use a preliminary annotation - multiple rounds
inspection method for labeling. In the preliminary
annotation step, each article will be labeled by an
annotator. We distribute no more than two event
types to each annotator in this step to make the an-
notators more focused. Then, in the step of multi-
ple rounds inspection, we first select high-precision
annotators based on inter-annotator agreement to
form a reviewer team (44.4% of the total), and then
each article will go through three rounds of error
correction by three independent annotators in the
reviewer team. After each round, we will feed back
annotation issues to the reviewers so that they can
correct them in the next round of annotation. The
accuracy rate has steadily increased from 56.24%,
76.83% to 85.96% after each round, which shows
the effectiveness of our labeling method. We take
the third round results as the final annotations.

We clarify some annotation details here. We do
not include articles, prepositions in our annotations.

For instance, we select "damaged car" among "dam-
aged car", "damaged car belonging to the victim"
and "the damaged car". For event arguments with
multiple mentions in the document, for example,
Cause of the Accident in Figure 1 that has two
mentions, we will label all mentions to ensure the
completeness of the extraction. For repeated men-
tions that refer to the same entity, we only label
once.

3.3.3 Annotation Quality & Remuneration
Following (Artstein and Poesio, 2008; McHugh,
2012), we use Cohen’s kappa coefficient to mea-
sure the Inter-Annotator Agreement(IAA). The
IAA scores are 94% and 81% for State 1 Event
Classification and Stage 2 Event Argument Extrac-
tion respectively, which are relatively high. The
annotators spend an average of 0.5 minutes label-
ing a piece of data in Stage 1, so we pay them 0.1$
for each piece of data. It takes about 5 minutes to
label a piece of data in Stage 2 , so we pay 0.8$ for
each piece of data.

4 Data Analysis of DocEE

In the section, we analyze various aspects of Do-
cEE to provide a deep understanding of the dataset
and the task of document-level event extraction.
Overall Statistic In total, DocEE labels 27,485
valid document-level events and 180,528 event ar-
guments. Each article is annotated with 6.6 event
arguments on average. Event Famous Person -
Divorce has the highest average number of event
arguments per article (18.1), while event Regime
Change has the lowest average number of event
arguments per article (3.8). We compare DocEE
to various representative event extraction datasets
in Table 1, including sentence-level EE datasets
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Datasets #isDocEvent #EvTyp. #ArgTyp. #Doc. #Tok. #Sent. #ArgInst. #ArgScat.

ACE2005 ✗ 33 35 599 290k 15,789 9,590 1
KBP2016 ✗ 18 20 169 94k 5,295 7,919 1
KBP2017 ✗ 18 20 167 86k 4,839 10,929 1
MUC-4 ✓ 4 5 1,700 495k 21,928 2,641 4.0

WikiEvents ✓ 50 59 246 190k 8,544 5,536 2.2
RAMS ✓ 139 65 9,124 957k 34,536 21,237 4.8

DocEE(ours) ✓ 59 356 27,485 16,268k 749,568 180,528 10.2

Table 1: Statistics of EE datasets (isDocEvent: whether the event in the corpus at the document-level, EvTyp.: event
type, ArgTyp.: event argument type, Doc.: document, Sent.: sentence, ArgInst.: event arguments, ArgScat.: the
number of sentences in which event arguments of the same event are scattered)

Floods
516Plague

550Die
569

Resign
667

Riot
720

Earthquakes
756

Policy 
Changes

838

Sentence
893

Fire
926 Sports 

Competition
1,050

Election
1,112

Accuse
1,127

Protest
1,209

Air crash
1,735

Armed Conflict
2,200

Figure 4: Top 15 event types in DocEE.

ACE2005, KBP and document-level EE dataset
MUC-4, Wikievents, RAMS. We find that DocEE
is much larger than existing datasets in many as-
pects, including the documents number and argu-
ment instances number. Compared to MUC-4, Do-
cEE has far more event arguments (180,528 com-
pared to 2,641). The reason is that among the 1,700
documents in MUC-4, 47.4% of articles are not la-
beled with any event argument, while DocEE guar-
antees that each article contains at least three event
argument labels in crowdsourcing process, which
greatly solves the problem of data scarcity of the
event arguments in document-level EE.
Event Type Statistic Figure 4 shows the distribu-
tion of the top 15 frequent event types that have
the most number of instances in DocEE. DocEE
covers a variety of event types, including Armed
Conflict (8.0%), Air crash (6.3%), Protest (4.4%),
CommitCrime - Accuse (4.1%), Election (4.0%),
Sports Competition (3.8%), Fire (3.4%), etc. Our
annotated data follows a long-tailed distribution,
which is due to the uneven distribution of class
in the real data. According to statistics, there are

30.5% of classes with more than 500 instances and
83.1% of classes with more than 200 instances.
More detailed information is shown in Appendix
Table 6.
Event Arguments Statistic We randomly sam-
ple 1000 articles from DocEE for manual analysis,
which contains a total of 4962 event arguments in-
stances. We first classify event arguments based
on their mention numbers. As shown in Table 2,
78.6% of the event arguments have a unique men-
tion, and 21.4% of the event arguments have multi-
ple mentions, which poses a great challenge to the
model’s recall capability. Then, we classify event
arguments based on their mention lengths. 60.8%
of the event arguments have no more than 3 words,
and most of them are named entities such as per-
son and location. While 30.8% event arguments
have less than 10 words and 8.4% event arguments
are answered by more than 10 words, such event
arguments mainly include Cause of the Accident,
Investigation Results , etc.

5 Experiments on DocEE

In this section, we show the challenges of DocEE
by conducting comprehensive experiments on vari-
ous SOTA models. We first introduce two bench-
mark settings, and then we conduct experiments
on both event classification task and event argu-
ment extraction task. Finally, we discuss possible
future research directions for document-level event
extraction.
Benchmark Settings We design two benchmark
settings for evaluation: normal setting and cross-
domain setting. In the normal setting, we hope the
training set and test set to be identically distributed.
Specifically, for each event type, we randomly se-
lect 80% of the data as the training set, 10% of the
data as the validation set, and the remaining 10%
of the data as the test set.
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Table 2: Answer types of event arguments in DocEE.

Answer Types % Examples

Single Answer 78.6
A masked man in a black hoodie showed a gun and was handed money before running east
on Warren Street, according to the initial report.
Argument Type: Bank Robbery Argument: Weapon Used

Multiple Answers 21.4

At around 6:20 a.m. a lorry, driven by David Fairclough of Wednesfield, rammed into the
rear of a tanker, which then struck a car in front and exploded. The ensuing pile-up invol-
ved 160 vehicles on a 400-yard (370 m) stretch of the motorway.
Argument Type: Road Crash Argument: Number of Vehicles involved in the Crash

In order to be application-oriented, we design
cross-domain setting to test the transfer capability
of the SOTA models. We choose the event type
under the subject of natural disasters as the target
domain, including Floods, Droughts, Earthquakes,
Insect Disaster, Famine, Tsunamis, Mudslides, Hur-
ricanes, Fire and Volcano Eruption, and adopt the
remaining 49 event types as source domains. The
division reduces the overlap of argument types be-
tween the source domain and the target domain. In
this setting, the models will first be pre-trained on
the source domain, and then conduct 5-shot fine-
tuning on the target domain. The detailed data split
for each setting is shown in Table 3.

Method Normal Cross-Domain
Train Dev Test Train Dev Test

#EvTyp. 59 59 59 59 10 10
#Doc. 22k 2.7k 2.7k 23.7k 1.6k 2.0k

#ArgInst. 141k 19k 19k 156k 11k 13k

Table 3: Statistics for two benchmark settings (Sec.5):
normal and cross-domain.

Hyperparameters We use base version of pre-
trained model for all the transformer-based meth-
ods, and set the learning rate to 2e-5. The batch size
is 128 and the maximum document length is 512.
All baselines are implemented by HuggingFace9

with default parameters and all models can be fit
into eight V100 GPUs with 16G memory. The
training procedure lasts for about a few hours. For
all the experiments, we report the average result of
five runs as the final result. In human evaluation,
we randomly select 1,000 document-level events
and invite three students to label them. The final
result is the average of their labeling accuracy.

5.1 Event Classification

Baselines We adopt a CNN-based method and
various pre-trained transformer-based methods as

9
https://huggingface.co/models

our baselines, including: 1) TextCNN (Kim, 2014)
uses different sizes CNN kernels to extract key in-
formation in text for classification. 2) BERT (De-
vlin et al., 2018) exploits unsupervised objective
functions, masking language model (MLM) and
next sentence prediction for pre-training. 3) AL-
BERT (Lan et al., 2020) proposes a self-supervised
loss to improve inter-sentence coherence in BERT.
4) DistilBert (Sanh et al., 2019) combines lan-
guage modeling, knowledge distillation and cosine-
distance losses to improve BERT. 5) RoBERTa
(Liu et al., 2019) is built on BERT and trains with
much larger mini-batches and learning rates. Fol-
lowing (Kowsari et al., 2019), we use Precision(P),
Recall(R) and Macro-F1 score as the evaluation
metrics.

Method Normal Cross-Domain
P R F P R F

TextCNN 78.6 75.4 76.2 8.5 2.1 2.6
BERT 89.3 89.8 89.5 72.6 78.4 75.4

ALBERT 88.8 88.9 88.1 25.5 21.3 23.2
DistilBert 89.6 90.7 90.1 79.8 79.6 79.7
RoBERTa 90.0 91.1 90.5 86.0 86.7 86.3

Human 98.4 97.7 98.0 - - -

Table 4: Overall Performance on Event Classification.

Overall Performance Table 4 shows the experi-
mental results under the normal and cross-domain
settings, from which we have the following ob-
servations: 1) Compared with TextCNN, trans-
former based models (BERT, ALBERT, DistillBert,
RoBERTa) perform better, which are pre-trained on
a large-scale unsupervised corpus and have more
background semantic knowledge to rely on. 2)
Humans have achieved high scores on DocEE, ver-
ifying the high quality of our annotated data sets.
3) There is still a gap between the performance
of the current SOTA models and human beings,
which indicates that more technological advances
are needed in future work. Humans can connect
and merge key information to form a knowledge
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Methods
Normal Setting Cross-domain Setting

EM HM EM HM
P R F P R F P R F P R F

BERT_Seq(sent) 23.8 28.2 25.8 38.1 45.1 41.3 7.0 7.6 7.2 18.4 20.0 19.1
BERT_Seq(chunk) 27.9 30.8 29.2 43.9 48.4 46.0 19.2 22.9 20.9 34.9 41.7 38.0

BERT_Seq(doc) 35.3 35.9 35.6 52.6 53.5 53.1 20.3 25.0 22.4 35.5 42.2 38.6
MG-Reader 30.3 35.9 32.9 45.6 50.8 48.1 19.9 23.2 21.4 37.1 39.7 38.4
Doc2EDAG 37.1 36.1 36.6 54.2 53.7 53.9 21.6 26.3 23.7 36.2 45.7 40.4
BERT_QA 41.9 28.1 33.5 75.8 50.6 60.7 29.4 20.3 24.0 68.1 46.9 55.5

Ontology_QA 51.3 34.2 41.0 80.3 53.6 64.3 36.6 25.2 29.8 69.7 48.0 56.9

Human 87.8 84.2 85.9 80.9 87.2 89.0 - - - - - -

Table 5: Overall Performance on Event argument Extraction(%).

network to help them understand the main event,
while deep learning models typically fail in long
text perception. 4) There is a performance degra-
dation from the normal setting to the cross-domain
setting, which shows that domain migration is still
a huge challenge for current SOTA models. Among
the pre-trained baselines, ALBERT’s performance
drops the most. The reason may be that the param-
eter scale in ALBERT is relatively small, and the
reserved source domain knowledge is limited.

5.2 Event argument Extraction

Baselines We introduce the following mainstream
baselines for evaluation: 1) BERT_Seq (one
of the baseline in Du and Cardie (2020a)) uses
the pre-trained BERT model to sequentially la-
bel words in the article. Given the input article
A = {w1, w2, . . . , wn}, the output of Sequence
Labeling Methods is O = {r1, r2, . . . , rn}, where
r ∈ R and R is the set of the argument types.
2) MG-Reader (Du and Cardie, 2020a) improves
document-level EE by proposing a novel multi-
granularity reader to dynamically aggregate infor-
mation in sentence and paragraph-level. 3) Do-
cEDAG (Zheng et al., 2019) generates an entity-
based directed acyclic graph for document-level
EE. 4) BERT_QA(Du and Cardie, 2020c) uses
the argument type as question to query the article
for answer. Given the input article A, the argu-
ment type r ∈ R as the question, the output is
O = {startr, endr}. We give −1 for these not
mentioned event arguments. 5) Ontology_QA. Fol-
lowing Vargas-Vera and Motta (2004), we refine
the initial query in BERT_QA with argument on-
tology knowledge obtained from Oxford dictionary
(Dictionary, 1989).

Considering the length limitation of pre-trained
models, we split the article in three different ways.

(Sent) means to split the article by sentence10.
(Chunk) means to split the article by every 128
tokens (default). (Doc) means no splitting. We
adopt Longformer (Beltagy et al., 2020) as encoder
for the (doc) baseline, and BERT-base for the other
baselines.

Following prior work (Du and Cardie, 2020b),
we use Head noun phrase Match (HM) and Exact
Match (EM) as two evaluation metrics. HM is
a relatively relaxed metric. As long as the head
noun of the predicted result is consistent with the
golden label, it will be judged as correct. While
EM requires that the prediction result is exactly the
same as the gold label, which is relatively stricter.
Overall Performance As shown in Table 5, there
is a big gap between the performance of SOTA
models and human performance (41.0% Vs 85.9%
in F score), indicating that document-level event
argument extraction remains a challenge task.

The failure of existing baselines may be due
to two reasons. One possible reason is the catas-
trophic forgetting in neural networks. Compared
to NER and sentence-level EE, document-level EE
(our task) highlights the model’s capability to pro-
cess long texts: the model has to read the entire
text before determining the argument type of a
span. Although a few models have been proposed
to improve the long text capabilities of pre-trained
models (such as longformer), and have achieved
good results, (the performance of long-former
(BERT_Seq(doc)) is superior to BERT_Seq(sent)
and BERT_Seq(chunk) as shown in Table 5), but
these models still have a big performance gap com-
pared with human beings.

Another reason is that existing baselines suffer
from the inferior capability in semantic understand-
ing, which is reflected in two aspects: 1) EE models

10
https://www.nltk.org/api/nltk.tokenize.html
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fail to distinguish arguments of similar events. For
instance, the article mainly describes the 2021 U.S.
Alaska Peninsula earthquake, and also briefly men-
tions 2008 Wenchuan earthquake. When asking
the Date of the main event, EE models are easy to
confuse the correct answer 2021 with the wrong an-
swer 2008. 2) EE models often mistake unrelated
entities for event arguments. For example, when
extracting the event argument Attack Target in the
the 911 terrorist attack on the Pentagon event, ex-
cept to the correct answer the New York Pentagon,
EE models often mistake other unrelated location
entities in the article (such as Mount Sinai Hospital)
as one of the answers.

We believe that the following research directions
are worthy of attention: 1) Exploring pre-trained
models with stronger long text processing capabil-
ities. 2) Exploiting ontology and commonsense
knowledge to improve the semantic understanding
of EE models. In the future, we will focus on pro-
mote event extraction to a higher level, such as
cross-document level.

6 Conclusion

In this paper, we present DocEE, a large-scale
document-level EE dataset to promote event extrac-
tion from sentence-level to document-level. Com-
paring to existing datasets, DocEE greatly expands
the data scale, with more than 27,000+ events and
180,000+ arguments, and contains more refined
event arguments. Experiments show that DocEE
remains an open issue.
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Figure 5: The online annotation page for Stage 1 event classification. The annotator needs to read the news title
and the article to decide the event type of the main event. We provide examples for each event type to facilitate
understanding.

Figure 6: The online annotation page for Stage 2 event role extraction. The annotator first draws the answer from
text on the left, and then selects the appropriate event role label from the label column on the right. The final drawn
result will be displayed on the right.
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Table 6: Event Type Statistic

Event Type Documents Event Type Documents

Armed Conflict 2200 Air crash 1735
Protest 1209 CommitCrime - Accuse 1127

Election 1112 Sports Competition 1050
Fire 926 CommitCrime - Sentence 893

Government Policy Changes 838 Earthquakes 756
Riot 720 Resign 667

Famous Person - Death 569 Disease Outbreaks 550
Floods 516 Appoint 508
Storm 506 Diplomatic Talks 502
Strike 471 CommitCrime - Arrest 439

Road Crash 418 Environment Pollution 385
Organization Closed 382 Gas Explosion 370

Bank Robbery 363 Break Historical Records 359
Sign Agreement 341 Awards Ceremony 331

Famous Person - Give a speech 327 Shipwreck 321
Mine Collapses 318 CommitCrime - Release 313

Military Excercise 307 Mass Poisoning 303
Financial Crisis 302 New Achievements in Aerospace 299
Train Collisions 298 Withdraw from an Orgnization 292
Diplomatic Visit 269 Organization Merge 265
Insect Disaster 265 Organization Fine 260

CommitCrime - Investigate 260 New Wonders in Nature 255
Volcano Eruption 247 Famine 247

Famous Person - Sick 244 New Archeological Discoveries 240
Tear Up Agreement 222 Famous Person - Marriage 194

Financial Aid 189 Organization Established 167
Famous Person - Divorce 152 Tsunamis 140

Droughts 129 Mudslides 123
Famous Person - Recovered 118 Join in an Orgnization 117

Regime Change 69

Table 7: Template for Collecting Candidate Data

Template

"List of"+event type
event type+"in"+year

"Category:"+event type+"in"+country
"Category:"+event type+"in"+year
"List of"+event type+"in"+country

"List of"+event type+"by"+property
"List of"+event type+"in"+year

"List of historical"+event type year+event type
location+event type
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Abstract

Cross-lingual natural language processing re-
lies on translation, either by humans or ma-
chines, at different levels, from translating
training data to translating test sets. However,
compared to original texts in the same lan-
guage, translations possess distinct qualities re-
ferred to as translationese. Previous research
has shown that these translation artifacts in-
fluence the performance of a variety of cross-
lingual tasks. In this work, we propose a novel
approach to reducing translationese by extend-
ing an established bias-removal technique. We
use the Iterative Null-space Projection (INLP)
algorithm, and show by measuring classifica-
tion accuracy before and after debiasing, that
translationese is reduced at both sentence and
word level. We evaluate the utility of debias-
ing translationese on a natural language infer-
ence (NLI) task, and show that by reducing
this bias, NLI accuracy improves. To the best
of our knowledge, this is the first study to de-
bias translationese as represented in latent em-
bedding space.

1 Introduction

“Translationese” refers to features in (professional
human or machine) translated text that distin-
guishes it from non-translated, original text in the
same language. Carriers of translationese include
lexical and word order choices that are influenced
by the source language (Gellerstam, 1986), as well
the use of more explicit and standardised construc-
tions (Baker et al., 1993) compared to original text.
Translationese has a significant impact in machine
translation evaluation. Toral et al. (2018) found
that translating source sentences that are already
the result of translation are easier to translate than
original sentences. Similarly, Edunov et al. (2020)
show that back-translation results in large BLEU
scores when translationese is on the source side and
original text is used as reference. To avoid such
artifacts, it is advised to use original source sen-

tences for machine translation evaluation (Zhang
and Toral, 2019; Graham et al., 2020). Riley et al.
(2020) train sentence-level classifiers to differen-
tiate translationese from original target text, and
then use this classifier to tag the training data for
an NMT model to produce output that shows fewer
translationese effects. Translation-inherited arti-
facts have been shown to have significant impact
on other tasks as well. For example, Singh et al.
(2019) show that substituting segments of origi-
nal training samples by their translations from an-
other language improves performance on natural
language inference (NLI) tasks. Clark et al. (2020)
introduce a translation-free Question Answering
dataset to avoid having inflated gains from trans-
lation artifacts in transfer-learning tasks. Artetxe
et al. (2020) show that cross-lingual models suffer
from induced translation artifacts when evaluated
on translated test sets. These examples motivate
the need for reducing translation artifacts.

While a number of methods to remove or atten-
uate human-like biases (e.g., gender, race, etc.) in
both static and contextualised word embeddings
have recently been proposed (Bolukbasi et al.,
2016; Gonen and Goldberg, 2019; Dev and Phillips,
2019; Ravfogel et al., 2020; Liang et al., 2020;
Zhou et al., 2021), attenuating and eliminating a
more implicit signal like translationese in embed-
dings has yet to be studied. Translationese signals
are complex and multi-faceted and, unlike e.g. gen-
der and profanity, can in general not be captured
in terms of simple lists of contrastive word pairs
(woman-man, she-he, etc.), but rather manifest as
a complex mix of morphological, lexical, syntac-
tic and semantic phenomena. Our study is a first
attempt to directly debias translationese encoded
as latent representations, based on the recently pro-
posed Iterative Nullspace Projection (INLP) algo-
rithm (Ravfogel et al., 2020).

The main contributions of our work are as fol-
lows. (i) We propose to reduce the bias induced
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by translation by extending the INLP approach
to translationese debiasing at both the word and
sentence level, with findings demonstrating that
our debiasing approaches can effectively attenuate
translationese biases in both static word embedding
spaces as well as sentence representations based on
contextualised embeddings. (ii) We use the INLP
method with a number of neural sentence-level
translationese classification architectures (fastText,
mBERT, XLM), and propose two alternative meth-
ods for detecting explicit translationese bias in
word embeddings, and find that after debiasing, the
models’ performance on classifying translationese
degrades to that of a random classifier. (iii) Fi-
nally, by integrating the proposed debiasing method
within the NLI task, we show the effect of transla-
tion artifacts and their removal on the task.

2 Debiasing Strategies

Much previous research (Bolukbasi et al., 2016;
Zhao et al., 2018; Dev and Phillips, 2019; Ravfogel
et al., 2020) focuses on eliminating bias in word
embeddings. However, existing models use lists
of contrastive word pairs (e.g., woman-man, she-
he) to detect, capture and mitigate specific biases
(e.g., gender, profanity, etc.). While translationese
cannot, in general, be captured in simple lists of
contrastive word pairs, we do have labeled data at
sentence level: translated (translationese) and orig-
inal sentences. We use this data and the INLP algo-
rithm to directly mitigate translationese at sentence
level (Section 3). Additionally, we explore INLP
at word level to debias translationese in Section 4.
Only a few earlier studies (Dutta Chowdhury et al.,
2020, 2021) deal with translationese at the level of
word embedding spaces leveraging distances be-
tween graph-based representations of original and
translationese data. For debiasing word embedding
spaces, we adapt an idea from Gonen et al. (2020)
to extract lists of pairs of identical words and ex-
amine how their use differs in translationese and
original data (rather than contrasting word pairs).
If a word is used very differently in translated and
original data, this is reflected in differences in orig-
inal and translated word embedding spaces, and
is evidence of translationese in the embeddings.
Alternatively, we propose a simpler approach that
builds on a joint embedding space where words are
tagged according to their origin (translationese or
original) and without any need for a word list.

The Iterative Nullspace Projection algorithm

(Ravfogel et al., 2020) focuses on removing linearly
decipherable features from vector representations
originally for gender bias mitigation. Given a set
of labeled data with data points X = x1, ..., xn
and task labels Y = y1, ..., yn, we use a standard
classification setup with a neural network and a
simple classifier τ on top. An encoder h encodes
xk into a representation vector h(xk) and τ pre-
dicts yk based on h(xk), i.e., yk = τ(h(xk)). Let
T be the trait to be mitigated, also known as the
protected attribute. The goal of the INLP method
is to neutralise the ability of the classifier τ to lin-
early predict T from h. τ is parameterised by a
matrix W and trained to predict T from h. Using
W , one can collapse the data onto its nullspace
N(W ) with a projection matrix PN(W ). This guar-
antees WPN(W )h(T ) = 0, i.e., the information
used to classify T is linearly removed. By repeat-
ing this process i times until no classifier achieves
above-majority accuracy, INLP can neutralise all
features that Wi uses for predicting T from h̃:

h̃ := PN(W1)PN(W2)...PN(Wi)h (1)

Details of the implementation are the same as in
Ravfogel et al. (2020). 1

3 Translationese in Sentence
Embeddings

In our work, we are interested in adapting INLP
to study the impact of removing the translationese
attributes T from semantic representations, via a
binary classification task. Specifically, the binary
classifier learns to distinguish between original and
translationese sentences. Therefore, in our setup,
labels Y correspond to original and translationese
and act as protected attributes.

Data. We use the Europarl corpus annotated
with translationese information from Amponsah-
Kaakyire et al. (2021). We focus on three lan-
guages: English (En), German (De) and Spanish
(Es). The corpus provides originals in the three
languages (L1) and translations into these three lan-
guages that come from original texts in the other
two (L2). We use the notation L1–L2 to refer to the
different sets in Table 1 and Table 2. For example,
in En-De, L2 refers to English text translated from
German. For each corpus, there is an equal num-
ber of translated and original sentences: 42k for

1Our code is available at
https://github.com/koeldc/
Towards-Debiasing-Translation-Artifacts/

3984

https://github.com/koeldc/Towards-Debiasing-Translation-Artifacts/
https://github.com/koeldc/Towards-Debiasing-Translation-Artifacts/


fastText mBERT mBERT XLM de-
Text CLS pool CLS biased

En-De 0.64 0.73 0.79 0.71 0.50
En-Es 0.71 0.78 0.83 0.77 0.50
De-En 0.68 0.78 0.84 0.77 0.50
De-Es 0.69 0.79 0.86 0.79 0.50
Es-De 0.71 0.77 0.85 0.77 0.50
Es-En 0.72 0.76 0.82 0.77 0.50

Table 1: Sentence Embedding Classification accuracy
on original versus translationese using different mod-
els. After INLP debiasing, translationese classification
reduces to random 50% accuracy in all cases.

De–En, De–Es, En–De, En–Es, Es–De and Es–En.
We use 70% of the sentences for training, 15% for
development and 15% for testing.

Classifier. We use a logistic classifier on top
of sentence embeddings h obtained with 4 models
without any additional fine-tuning to the transla-
tionese classification task. (i) fastText (Joulin et al.,
2016): we compute an average of all token vectors
in the sentence. (ii) mBERTCLS (Devlin et al.,
2019): we use the [CLS] token in mBERT as
sentence representation. (iii) mBERTpool (Devlin
et al., 2019): we use mean pooling of mBERT’s
contextualised word embeddings. (iv) XLMCLS

(Conneau et al., 2020): we use the [CLS] token
from XLM-RoBERTa.

Results. The first four columns in Table 1 sum-
marise the translationese classification accuracy
achieved by the four models. mBERTpool achieves
the best performance for all languages, while fast-
Text trails the pack. The final column in Table 1
shows that INLP is close to perfection in remov-
ing translationse signals for the linear classifiers,
reducing accuracy to a random 50%.

4 Translationese in Word Embeddings

Unlike sentence-level debiasing, word-level debias-
ing needs a seed translationese direction to obtain
a debiased space. This is challenging for transla-
tionese as unlike, e.g. gender and profanity, trans-
lationese cannot in general be captured in terms
of simple contrastive word pairs. In what follows,
we introduce two approaches for debiasing transla-
tionese at the level of word embeddings.

Stepwise Aligned Space Projection. In order
to estimate the seed translationese direction, we
derive a list of words (G) used differently in trans-
lationese T and original O data using the usage
change concept from Gonen et al. (2020). The
same word used in different data sets (original and

translated) is likely to have different neighbours
in the two embedding spaces. We only use words
from the intersection of both vocabularies O and T .
We compute the score for context change across the
embeddingsO and T of the two data sets by consid-
ering the size of the intersection of two sets where
each word in a corpus is represented as its top-k
nearest neighbors (NN) in its embedding space:

scorek(w) = −|NNkO(w) ∩NNkT (w)| (2)

where NNk
i (w) is the set of k-NN of word w in

embedding space i. The smaller the size of the
intersection, the more differently the word is used
in the two data sets (and words with the smallest
intersection can be seen as indicators of transla-
tionese). Given O and T , we collect a ranked list
of about 500 words with the smallest intersection
as our translationese word list G. G allows us to
identify the seed translationese direction for INLP.
In our experiments we only consider words attested
at least 200 times in the data. Appendix A.3 shows
the top 50 elements for all the word lists. In our ex-
periments, we use the translated and original parts
of the data described in Section 3 to estimate the
word embeddingsO and T and use k=1000 nearest
neighbours in Equation 2. Following Gonen et al.
(2020), a large value of k results in large neighbors
sets for each word in the two corpora, resulting in
a more stable translationese wordlist G.

Next, we create a joint word embedding space J
from the concatenation of the translated and origi-
nal data, T andO. Since this joint spaceJ includes
both original and translationese signals, we then
align the previously unrelated O and T spaces to
this embedding space J , using VecMap (Artetxe
et al., 2018), producing aligned spaces Õ and T̃ ,
and resulting in an extended single embedding
space where T and O are aligned to J . Next,
we compute the translationese direction v of the
same word w in the two embeddings spaces, Õ and
T̃ , using,

v := T̃ [w]− Õ[w], ∀w ∈ G (3)

Finally, we compute the similarity of words in
J along the directions v and −v, to divide
them into two subspaces , translationese and non-
translationese, respectively. Using Equation 3, we
initialise the INLP algorithm in two ways: (i)
INLP.single: with a direction vector created from
the difference between two aligned spaces for the
highest ranked word in G, and (ii) INLP.avg: by
averaging the differences of all words in G.
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Direct Joint Stepwise Aligned de-
INLP.Single INLP.Avg biased

En-De 0.98 0.99 1.00 0.50
En-Es 0.92 1.00 1.00 0.50
De-En 0.96 1.00 0.99 0.50
De-Es 0.91 1.00 1.00 0.50
Es-De 0.93 0.99 0.99 0.50
Es-En 0.95 1.00 1.00 0.50

Table 2: Classification accuracy on original versus
translationese with word embeddings using our two ap-
proaches, before and after debiasing with INLP.

Direct Joint Space Projection. In this ap-
proach, we directly build the embeddings of a spe-
cific word w from O and T into the same space
J ′ by annotating w as either wo and wt on surface
in the O and T data. In this way we can easily
track and distinguish the two embeddings of the
same word w coming from O and T data in the
same embedding space J ′ resulting from the sim-
ple concatenation of two datasets. This eliminates
the need to compute the translationese direction
vector v to group the subspaces and the complexity
of maintaining and aligning O, T , J , Õ and T̃
spaces. Figure 1 in Appendix A.2.2 shows the t-
SNE projection (Van der Maaten and Hinton, 2008)
of the tagged tokens before and after debiasing.

Results. We compare the performance before
and after debiasing using our two word-level de-
biasing methods in Table 2. As expected, debias-
ing reduces classification accuracy for all language
pairs from ∼100% to ∼50% for both methods.

Translationese Word Lists. The content of our
extracted translationese word lists depends on the
language (see Appendix A.3). For Es, punctuation
is clearly used differently in originals and transla-
tions into Es. For De, pronominal adverbs play an
important role, especially when translations come
from Es. For En, there is no clear trend but, inter-
estingly, only one word in the top-50 list (indeed)
overlaps with the words with a highest difference
in frequency of usage in the original and transla-
tionese corpus as analysed for Europarl in Koppel
and Ordan (2011). The number of times and the
context where a word appears may reflect two dif-
ferent aspects of translationese.

5 Application to NLI

In order to investigate the impact of removing trans-
lationese artifacts from the translated data we anal-
yse its impact on the NLI task, where machine
translation is used. NLI predicts the relationship

between two sentences, premise and hypothesis,
and classifies it into one of the three categories
—entailment, contradiction, or neutral. Recently,
Artetxe et al. (2020) showed that, in the existing
NLI datasets, there exists a significant lexical over-
lap between the premise and the hypothesis, which
is utilised by neural NLI models to make predic-
tions with high accuracies. However, when the
premise and hypothesis are paraphrased indepen-
dently using translation and back-translation, lex-
ical overlap is reduced, negatively impacting the
performance of the models.

Below we test whether and if so, to which ex-
tent our INLP-based translationese debiasing ap-
proach can avoid the observed performance loss
in the back-translated NLI task. We generate
Back-Translated (BT) NLI dataset by indepen-
dently translating premise and hypothesis from
the Original SNLI data. Then, we train two NLI
models, one on Original and one on BT data. To
reduce the translationese artifacts resulting from
back-translation, we apply the sentence and word
embedding debiasing strategies as described in Sec-
tions 3 and 4 over the embeddings generated from
BT data, and use the resulting debiased-BT em-
beddings to train a third debiased NLI model in
Table 3.

Finally, we consider two scenarios to evaluate
translationese debiasing - (i) Symmetric [Sym]:
where Original is tested with original test set, and
BT and debiased NLI models are tested with BT
test data and (ii) Asymmetric [Asym]: where all
these models are tested with original test data. We
use (i) to see whether debiasing the model trained
on translated train-test can bring its performance
closer to that of model trained on original train-test
data. In (ii), we examine the asymmetry between
original test data and BT-NLI training data, and
whether our translationese debiasing of BT train-
ing data can offset this asymmetry and improve
NLI performance. Table 3 shows the classification
accuracies with respect to (i) and (ii).

Data. The large-scale SNLI dataset (Stanford
Natural Language Inference) (Bowman et al., 2015)
contains 570k sentence pairs in the training set man-
ually classified as entailment, contradiction, or neu-
tral. We use a subset of 10% of the training data for
our experiments. The development and test data are
used as in the original SNLI splits (each containing
10k examples). We generate a back-translated vari-
ant of the training and test data using German (De)
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Approach Test SNLI Model
Data Original Back-translated debiased

Word-Joint
Sym

67.2±0.1
64.1±0.2 64.7±0.1

Asym 64.4±0.2 65.1±0.1

Word-Aligned
Sym

67.8±0.1
64.3±0.2 64.8±0.2

Asym 64.9±0.2 65.3±0.1

Sentence
Sym

65.6±0.0
58.4±0.0 60.1±0.0

Asym 63.5±0.0 64.9±0.0

Table 3: Test set accuracies (3 runs mean) of our three
NLI models in Symmetric and Asymmetric settings.

as the pivot language. For translation, we use the
pre-trained models of Facebook-FAIR’s WMT-19
news translation task submission (Ng et al., 2019).

Models. We train three different NLI models,
each for original, back-translated and debiased ver-
sions of back-translated embeddings. For the word-
level setup, we use a single hidden BiLSTM layer
followed by a standard feedforward output layer on
top of frozen fastText word embeddings for the 3-
class NLI classification. The computation of word
embeddings and debiasing follows the setup de-
scribed in Section 4. For sentence-level debiasing,
we use the BERTpool method explained in Section 3
with a linear SVC on top to predict the labels.

Results. Table 3 shows results consistent with
Artetxe et al. (2020), in that models trained on Orig-
inal data outperform models trained on BT data in
both Sym and Asym scenarios. Table 3 also shows
that, after translationese debiasing, classification
accuracy on SNLI-debiased improves modestly for
all models, with only a minor improvement at word-
level, and larger improvement at the sentence level.
Overall this may be due to the fact that transla-
tionese is a combination of lexical and syntactic
phenomena that is better captured at sentence-level.
Results in Table 3 suggest that debiasing translation
artifacts helps in reducing the asymmetry between
translated train and original test set. Therefore,
rather than translating the entire test set to match
the training set in transfer-learning tasks, debiasing
the training set for translation artifacts is a promis-
ing direction for future work. Finally, for a com-
plex task such as translationese debiasing, linear
intervention alone may not be sufficient. As a re-
sult, non-linear guarding approaches need to be
investigated further.

6 Conclusion

In this work, we remove translationese artifacts
by extending the debiasing INLP approach at both
word and sentence level. To the best of our knowl-

edge, this is the first paper that attempts at debi-
asing sentence and word embeddings for transla-
tionese. We introduce two techniques for debiasing
translationese at the word level: one (Stepwise
Aligned Subspaces) is akin to the subspace con-
struction approach of gender-debiasing proposed
by Bolukbasi et al. (2016) and Ravfogel et al.
(2020), the second (Direct Joint Subspace) is a
simplified approach that operates directly on the
joint space without the use of a separate transla-
tionese word list and multiple independently com-
puted and subsequently aligned subspaces. Our
word-based debiasing study provides a systematic
view of translationese biases contained in static
embeddings. We also explore translationese debi-
asing at sentence level embeddings computed from
contextualised word embeddings. As expected, the
INLP-based linear translationese debiasing results
on static word embeddings are as “perfect” as our
sentence level results, reducing the performance
of a linear translationese classifier on the debiased
data to chance, demonstrating that our debiasing
strategies effectively attenuate translationese sig-
nals in both these spaces.

Further, we evaluate the effects of debiasing
translation artifacts on a standard NLI task in two
settings. Even though we achieve "perfect" perfor-
mance for the translationese classification-based
debiasing task with INLP, this translates into just
modest improvements resulting from INLP-based
debiasing translationese in neural machine transla-
tion in an NLI task, with slightly better results for
sentence than word debiasing. This demonstrates
that our debiasing approach is effective in reduc-
ing translation artifacts but that there is more to
translationese than is visibe to a linear classifier.

Finally, we acknowledge that while this study is
the first to debias translationese encoded as latent
representation in (word and sentence) embedding
space, the effect of this on the actual surface form
of the generated output is not investigated. We
hope to account for this in future work.
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A Appendix

A.1 Experimental Setup and
Hyperparameters

Each run in Table 1 took around 1.5 hours on a
GTX1080Ti GPU. Each classification and debi-
asing step for SNLI sentence-level experiment in
Table 3 took approximately 2 hours on V100-32GB
GPU. Other hyperparameter settings are shown in
the Table 4.

Model Hyperparameters

fastText minCount=5, dim=300
Logistic Regression warm_start = True, penalty =

’l2’, verbose=5, solver="saga",
random_state=23, max_iter=7

BiLSTM hid_dim=300, dropout=0.2,
batch_size=32, Adam optimizer
with lr=0.0001, epochs=15

SNLI-sentence nclfs=45, max_iter =1500
SNLI-Aligned (word) nclfs=34

INLP.single,word=human
SNLI-Joint (word) nclfs=35

Table 4: Hyperparameter settings.

A.2 Debiased Word Representations

A.2.1 Word Analogy Tests

To verify that debiasing does not hurt the quality
of the word representations, we estimate the per-
formance of the original and debiased embeddings
on the word analogy task using the MultiSIMLEX
benchmark (Vulić et al., 2020). As MultiSIMLEX
does not cover German, we use German-Simlex
from Leviant and Reichart (2015). After debiasing,
Spearman’s ρ correlation coefficients show negligi-
ble decreases of 0.02 on En-De and En-Es, 0.01 on
Es-En and Es-De, 0.3 on De-En and an increase of
0.01 for De-Es.

A.2.2 Visualisation

Figure 1 shows the t-SNE (Van der Maaten and
Hinton, 2008) projection of the vectors in Direct
Joint Space Projection before and after debiasing
with INLP.

De-En De-Es En-De En-Es Es-De Es-En

466 510 429 483 547 504

Table 5: Size of translationese word lists created with
the usage change algorithm (Gonen et al., 2020).

Figure 1: Clustering on Direct Joint Space, before (up-
side) and after (down-side) debiasing.

A.3 Translationese Word Lists
The size of the translationese word lists created via
the usage change algorithm of (Gonen et al., 2020)
is shown in Table 5 and our top-50 elements per
language are shown in Table 6.
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rank De-En De-Es En-De En-Es Es-De Es-En

1 hin weise each hand ahí -
2 heißt art while down ” ”
3 zumindest gilt hand mind - modo
4 hohe hinaus upon labour supuesto duda
5 dessen sowohl direct while terreno supuesto
6 dabei interesse mean due igual algún
7 außerdem bleibt secondly form “ bajo
8 weise tat light example incluso pues
9 bleibt außerdem mind others luego general

10 völlig gesamte beyond another sí igual
11 derzeit beim takes high largo cual
12 sorge ebenso kind each allá luego
13 sowohl beispiel comes food origen sí
14 daran kommt practice throughout ) tipo
15 darin letztendlich capacity whole bajo cabo
16 art dabei full true orden alto
17 seite davon itself call precisamente tercer
18 ihrem sorge open single corresponde único
19 beispielsweise heißt sort air solamente resulta
20 erster linie share capacity interés fuera
21 macht weder labour organisation general incluso
22 beispiel völlig large power idea línea
23 beim zwar words practice tercer pública
24 bzw. erster short become objeto largo
25 ebenso genau individual takes pública siempre
26 gilt darin nor without saben alguna
27 bedeutet selbst value nature donde )
28 hinaus dessen sense reality alto términos
29 voll diejenigen allow comes da donde
30 grund jedem least doubt algún orden
31 gesamte macht side euro cara asimismo
32 unser ihrem behind close línea riesgo
33 jedem zumindest currently words toda ningún
34 steht eindeutig longer far asimismo “
35 tatsache sei doubt course misma mientras
36 kommt seite whole circumstances propio vista
37 eindeutig sorgen down currently ( claro
38 interesse innerhalb effect non través efecto
39 tatsächlich form become yet fuera práctica
40 all handelt outside long duda régimen
41 ganze gesamten indeed itself cual ella
42 hohen ebene board least central misma
43 weder jeder free every alguna público
44 aller teil needs fisheries resulta carácter
45 gleichzeitig beispielsweise without interest claro plan
46 gesamten liegt rural general junto defensa
47 allein weit throughout main tipo dentro
48 ort schließlich across mean demás lado
49 innerhalb übrigen close free falta número
50 jeder reihe another term siempre personal

Table 6: Top-50 translationese words as obtained by the application of the use change concept for the three lan-
guages L1-L2 (L1 being En, Es and De) when they are translated from the other two languages L2.

3991



Proceedings of the 2022 Conference of the North American Chapter of the Association for Computational Linguistics:
Human Language Technologies, pages 3992 - 4006

July 10-15, 2022 ©2022 Association for Computational Linguistics

WECHSEL: Effective initialization of subword embeddings for
cross-lingual transfer of monolingual language models

Benjamin Minixhofer1 and Fabian Paischer2,3 and Navid Rekabsaz1,3

1Institute of Computational Perception, Johannes Kepler University Linz
2Institute for Machine Learning, Johannes Kepler University Linz

3ELLIS Unit Linz and LIT AI Lab
{benjamin.minixhofer, navid.rekabsaz}@jku.at

paischer@ml.jku.at

Abstract

Large pretrained language models (LMs) have
become the central building block of many
NLP applications. Training these models re-
quires ever more computational resources and
most of the existing models are trained on En-
glish text only. It is exceedingly expensive
to train these models in other languages. To
alleviate this problem, we introduce a novel
method – called WECHSEL – to efficiently
and effectively transfer pretrained LMs to new
languages. WECHSEL can be applied to any
model which uses subword-based tokenization
and learns an embedding for each subword.
The tokenizer of the source model (in English)
is replaced with a tokenizer in the target lan-
guage and token embeddings are initialized
such that they are semantically similar to the
English tokens by utilizing multilingual static
word embeddings covering English and the tar-
get language. We use WECHSEL to trans-
fer the English RoBERTa and GPT-2 models
to four languages (French, German, Chinese
and Swahili). We also study the benefits of
our method on very low-resource languages.
WECHSEL improves over proposed methods
for cross-lingual parameter transfer and outper-
forms models of comparable size trained from
scratch with up to 64x less training effort. Our
method makes training large language models
for new languages more accessible and less
damaging to the environment. We make our
code and models publicly available.

1 Introduction

Large LMs based on the Transformer architec-
ture (Vaswani et al., 2017) have become increas-
ingly popular since GPT (Radford et al., 2018)
and BERT (Devlin et al., 2019) were introduced,
prompting the creation of many large LMs pre-
trained on English text (Yang et al., 2019; Clark
et al., 2020; Lewis et al., 2020; Ram et al., 2021).
There is a tendency towards training larger and
larger models (Brown et al., 2020; Fedus et al.,

2021) while the main focus is on the English lan-
guage. Recent work has called attention to the costs
associated with training increasingly large LMs, in-
cluding environmental and financial cost (Strubell
et al., 2019; Bender et al., 2021). If training large
LMs for English is already costly, it is prohibitively
expensive to train new, similarly powerful models
to cover other languages.

One approach to address this issue is creating
massively multilingual models (Devlin et al., 2019;
Conneau et al., 2020; Xue et al., 2021) trained on a
concatenation of texts in many different languages.
These models show strong natural language under-
standing capabilities in a wide variety of languages,
but suffer from what Conneau et al. (2020) call
the curse of multilinguality: beyond a certain num-
ber of languages, overall performance decreases on
monolingual as well as cross-lingual tasks. Consis-
tent with this finding, Nozza et al. (2020) observe
that monolingual LMs often outperform massively
multilingual models. This might be attributed to
superior quality of monolingual tokenizers over
their multilingual counterparts (Rust et al., 2021).
It is thus desirable to train monolingual models
in more languages. Training monolingual models
in non-English languages is commonly done by
training a new model with randomly initialized pa-
rameters (Antoun et al., 2020; Louis, 2020; Martin
et al., 2020; Rekabsaz et al., 2019). However, to
train a model with capabilities comparable to that
of an English model in this way, presumably a sim-
ilar amount of compute to what was used to train
the English model would be required.

To address this issue, we introduce WECHSEL,1

a novel method to transfer monolingual language
models to a new language. WECHSEL uses multi-
lingual static word embeddings between the source
language and the target language to initialize model
parameters. WECHSEL first copies all inner (non-

1Word Embeddings Can Help initialize Subword Embed-
dings in a new Language.

3992



embedding) parameters of the English model, and
exchanges the tokenizer with a tokenizer for the tar-
get language. Next, in contrast to prior work doing
random initialization (de Vries and Nissim, 2021),
the token embeddings in the target language are
initialized such that they are close to semantically
similar English tokens by mapping multilingual
static word embeddings to subword embeddings.
The latter step is particularly important consider-
ing that token embeddings take up roughly 31%
of the parameters of RoBERTa (Liu et al., 2019)
and roughly 33% of the parameters of GPT2 (Rad-
ford et al., 2019). Intuitively, semantically transfer-
ring embeddings instead of randomly initializing
one third of the model should result in improved
performance. Our parameter transfer provides an
effective initialization in the target language, requir-
ing significantly fewer training steps to reach high
performance than training from scratch. As mul-
tilingual static word embeddings are available for
many languages (Bojanowski et al., 2017), WECH-
SEL is widely applicable.

We conduct our experiments on RoBERTa and
GPT-2 as representative models of encoder and
decoder language models, respectively. We trans-
fer the English RoBERTa model to four languages
(French, German, Chinese and Swahili), and the
English GPT-2 model to the same four plus another
four very low-resource languages (Sundanese, Scot-
tish Gaelic, Uyghur and Malagasy). We evaluate
the transferred RoBERTa models on Named En-
tity Recognition (NER), and Natural Language In-
ference (NLI) tasks in the respective languages.
The transferred GPT-2 models are evaluated in
terms of Language Modelling Perplexity (PPL) on
a held-out set. We compare WECHSEL with ran-
domly initialized models (denoted as FullRand), as
well as the recently proposed TransInner method
which only transfers the inner (non-embedding)
parameters (de Vries and Nissim, 2021). All men-
tioned models are trained under the same condi-
tions (around 4 days on a TPUv3-8). We also
compare our model with models of comparable
size trained from scratch under significantly larger
training regimes, in particular CamemBERT (Mar-
tin et al., 2020) (French), GBERTBase (Chan et al.,
2020) (German), and BERTBase-Chinese (Devlin
et al., 2019).

Results show that models initialized with
WECHSEL outperform randomly initialized mod-
els and models initialized with TransInner across

all languages and all tasks, for both RoBERTa and
GPT-2. In addition, strong performance is reached
at a fraction of the training steps of other methods.
Our contribution is summarized as follows.

• We propose WECHSEL, a novel method for
transferring monolingual language models to
a new language by utilizing multilingual static
word embeddings between the source and the
target language.

• We show effective transfer of RoBERTa and
GPT-2 using WECHSEL to four and eight lan-
guages, respectively, achieved after minimal
training effort.

• We release more effective GPT-2 and
RoBERTa models than previously published
non-English models, achieved under our more
efficient training setting. Our code and mod-
els are publicly available at github.com/
cpjku/wechsel.

In the following, we review related work in Sec-
tion 2. We introduce the WECHSEL method in
Section 3, followed by explaining the experiment
setup in Section 4. We show and discuss results in
Section 5.

2 Related Work

Large Language Models. Training Language
Models is usually done in a self-supervised manner
i. e. deriving labels from the training text instead
of needing explicit annotations. One optimization
objective is Masked Language Modelling (Devlin
et al., 2019, MLM), where randomly selected to-
kens in the input are replaced by a special [MASK]
token, and the task is to predict the original tokens.
Another common objective is Causal Language
Modelling (CLM), where the task is to predict the
next token. These two objectives highlight a funda-
mental distinction between language models: mod-
els can be trained as encoders (e.g. with MLM) or
as decoders (e.g. with CLM).

Instead of words, the vocabulary of recently pro-
posed language models commonly consists of sub-
words (Clark et al., 2020; Liu et al., 2019; Devlin
et al., 2019).

Multilingual representations. There has been a
significant amount of work in creating multilin-
gual static word embeddings. A common method
is learning embeddings from scratch using data
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in multiple languages (Luong et al., 2015; Duong
et al., 2016). Alternatively, multilinguality can be
achieved by aligning existing monolingual word
embeddings using a bilingual dictionary, so that
the resulting embeddings share the same semantic
space (Xing et al., 2015; Joulin et al., 2018). Recent
studies improve on this by reducing (or completely
removing) the need for bilingual data (Artetxe et al.,
2017, 2018; Lample et al., 2018).

Beside static word embeddings, multilinguality
is also well studied in the area of contextualized
representations. One approach to learn multilingual
contextualized representations is through training
a model on a concatenation of corpora in differ-
ent languages. Some models created based on
this approach are mBERT (Devlin et al., 2019),
XLM-R (Conneau et al., 2020) and mT5 (Xue
et al., 2021), trained on text in 104, 100, and 101
languages, respectively. As shown by Pires et al.
(2019), a multilingual model such as mBERT can
enable cross-lingual transfer by using task-specific
annotations in one language to fine-tune the model
for evaluation in another language. Despite the ben-
efits, recent studies outline a number of limitations
of massively multilingual LMs. Wu and Dredze
(2020) empirically show that in mBERT “the 30%
languages with least pretraining resources perform
worse than using no pretrained language model at
all”. Conneau et al. (2020) report that beyond a
certain number of languages in the training data,
the overall performance decreases on monolingual
as well as cross-lingual tasks. These studies moti-
vate our work on introducing an efficient approach
for creating effective monolingual LMs for more
languages.

Cross-lingual transfer of monolingual LMs.
Studies in this area can be divided into two cat-
egories:

• Bilingualization of a monolingual LM is
concerned with extending a model to a new
language while preserving its capabilities in
the original language. Artetxe et al. (2020)
approach this problem by replacing the to-
kenizer and relearning the subword embed-
dings, while freezing other (non-embedding)
parameters. Such a model becomes bilingual,
since the initial tokenizer and embeddings can
be used for tasks in the source language, while
the new tokenizer and embeddings can be used
for tasks in the target language. Thus, a model
can be finetuned on annotated task data in

the source language, and then zero-shot trans-
ferred to the target language. Tran (2020)
follow a similar approach, while instead of
randomly initializing embeddings, they utilize
static word embeddings to initialize embed-
dings in the target language close to semanti-
cally similar English tokens. They then con-
tinue training the model on an English text
corpus as well as on the target language in or-
der to preserve model capabilities in English.

• Creating a new monolingual LM in the tar-
get language is, in contrast, concerned with
transferring a model from a source to a tar-
get language without the necessity to preserve
its capabilities in the source language. Zoph
et al. (2016) and Nguyen and Chiang (2017)
show that cross-lingually transferring a ma-
chine translation model can improve perfor-
mance, especially for low-resource languages.
Zoph et al. (2016) use embeddings of random
tokens in the original vocabulary to initial-
ize token embeddings in the new vocabulary,
while Nguyen and Chiang (2017) utilize vo-
cabulary overlap between the source and tar-
get language. More recently, de Vries and Nis-
sim (2021) follow a similar approach to the
one of Artetxe et al. (2020) for transferring a
GPT-2 model to a new language. de Vries and
Nissim (2021) add an additional step, where
they train the entire model for some amount
of steps to allow adapting to the target lan-
guage beyond the lexical level. We refer to
the method of de Vries and Nissim (2021) as
TransInner and consider it as a baseline in our
experiments.

Our WECHSEL method belongs to the second
category. WECHSEL can be seen as an extension
to the method proposed by Tran (2020) with the
goal of creating a new monolingual LM instead
of bilingualizing the LM. This allows removing
the constraints imposed by the need to preserve
the model’s capabilities in the source language. In
addition, we generalize the semantic subword map-
ping done by Tran (2020) to consider an arbitrary
number of semantically similar subword with an
arbitrary temperature. We are the first to show
that a cross-lingually transferred model can outper-
form monolingual models which have been trained
extensively from scratch in the target language,
while requiring substantially less computational
resources.
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3 Methodology

To initialize the model in the target language, we
copy the inner (non-embedding) parameters from
the source model. Our goal, then, is given the tok-
enizer T s in the source language with vocabulary
Us, the corresponding token embeddingsEs, and a
tokenizer T t in the target language with vocabulary
Ut, to find a good initialization of the embeddings
Et by using Es. To this end, we use existing bilin-
gual word embeddings enriched with subword in-
formation, containing a set of words and subword
n-grams in the source and target language and their
aligned vectors. We denote the set of words and
n-grams in the source and target language as Vs
and Vt respectively, and the aligned static embed-
dings asW s andW t. In Appendix D we consider
an alternative method if no subword information is
available in the bilingual word embeddings.

First, independently for both languages, we com-
pute static subword embeddings for tokens in the
tokenizer vocabulary in the same semantic space
as the static word embeddings (Section 3.1). This
results in subword embeddings U s and U t for the
source and target language, respectively. Next, we
use U s and U t to compute the semantic similar-
ity of every subword in Us to every subword in
Ut. Using these semantic similarities, we initial-
ize the embeddings in Et through a convex com-
bination of embeddings in Es (Section 3.2). By
applying WECHSEL, the vectors of Et are in the
same semantic space as Es, where a subword in
the target language is semantically similar to its
counterpart(s) in the source language. These steps
are summarized in Figure 1 and explained in more
detail in the following.

3.1 Subword Embedding Computation

The process of mapping word embeddings to sub-
word embeddings is done individually for the
source and the target language. Given a tokenizer
T with vocabulary U and embeddingsW , the goal
is to find subword embeddings U for subwords in
U in the same semantic space as W . To this end,
we decompose subwords in U into n-grams and
compute the embedding by taking the sum of the
embeddings of all occuring n-grams, equivalent to
how embeddings for out-of-vocabulary words are
computed in fastText (Bojanowski et al., 2017).

ux =
∑

g∈G(x)

wg

Source  Language

Subword Embedding
Computation

Subword similarity-
based Transfer

Subword Embedding
Computation

Target Language

aligned

copy

Source Model Target Model

 Embeddings   Embeddings  

Tokenizer  Tokenizer  

 Embeddings  
(Model Input Space) 

Non-Embedding
weights 

 Embeddings  
(Model Input Space)

Non-Embedding
weights

 Embeddings  
(Word Embedding Space)

 Embeddings  
(Word Embedding Space)

Figure 1: Summary of our WECHSEL method. We
show inputs, intermediate results and outputs.

where G(x) is the set of n-grams occuring in the sub-
word x and wg is the embedding of the n-gram g.
Subwords in which no known n-gram occurs are
initialized to zero.

3.2 Subword similarity-based Transfer
Applying the previous step to both source and tar-
get language results in the subword embeddings
U s and U t over the subword vocabularies Us and
Ut, respectively. Our aim is to leverage these em-
beddings to find an effective transformation from
Es to Et. We first compute the cosine similarity
of every subword x ∈ Ut to every subword y ∈ Us,
denoted as sx,y.

sx,y =
utxu

s
y
T

‖utx‖‖usy‖

We now exploit these similarities to initialize
embeddings in Et by a convex combination of
embeddings in Es. In particular, each subword
embedding in Et is defined as the weighted mean
of the k nearest embeddings in Es according to
the similarity values. The weighting is done by a
softmax of the similarities with temperature τ .

etx =

∑
y∈Jx exp (sx,y/τ) · esy∑
y′∈Jx exp (sx,y′/τ)

where Jx is the set of k neighbouring subwords
in the source language. Subword embeddings for
which U t is zero are initialized from a random
normal distribution N (E[Es],Var[Es]).
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4 Experiment Design

We evaluate our method by transferring the En-
glish RoBERTa (Liu et al., 2019) and the English
GPT-2 model (Radford et al., 2019) to French, Ger-
man, Chinese and Swahili. We refer to these lan-
guages as medium-resource languages. In addition,
we study the benefits of our method on four low-
resource languages, namely Sundanese, Scottish
Gaelic, Uyghur and Malagasy.

We evaluate WECHSEL-RoBERTa by fine-
tuning on XNLI (Conneau et al., 2018), and on the
balanced train-dev-test split of WikiANN (Rahimi
et al., 2019; Pan et al., 2017) to evaluate NLI and
NER performance, respectively. The hyperparame-
ters used for fine-tuning are reported in Appendix B.
GPT-2 is evaluated by Perplexity (PPL) on a held-
out set from the same corpus on which the model
was trained on. Due to the difficulty of extrin-
sic evaluation on low-resource languages, we only
train GPT-2 models in these languages, and eval-
uate their performance intrinsically via Language
Modelling Perplexity on a held-out set. We use the
pretrained models RoBERTaBase with 125M pa-
rameters, and the small GPT-2 variant with 117M
parameters provided by HuggingFace’s Transform-
ers (Wolf et al., 2020) in all experiments.

Since under limited training regimes such as
ours, using a smaller corpus does not in general
degrade performance (Martin et al., 2020), we
use a subset of 4GiB from the OSCAR corpus
for German, French and Chinese. For the other
languages, we use data from the CC-100 corpus
(Conneau et al., 2020) which contains 1.6GiB,
0.1GiB, 0.1GiB, 0.4GiB and 0.2GiB for Swahili,
Sundanese, Scottish Gaelic, Uyghur and Malagasy,
respectively. To obtain aligned word embeddings
between the source and the target language we
use monolingual fastText word embeddings2 (Bo-
janowski et al., 2017). We align these embeddings
using the Orthogonal Procrustes method (Schöne-
mann, 1966; Artetxe et al., 2016) with bilingual
dictionaries from MUSE3 (Conneau et al., 2017)
for French, German and Chinese and a bilingual
dictionary from FreeDict4 (Bański and Wójtowicz,
2009) for Swahili. For the low-resource languages,
we use bilingual dictionaries scraped from Wik-
tionary.5

2https://fasttext.cc
3https://github.com/facebookresearch/MUSE
4https://freedict.org
5available at github.com/cpjku/wechsel

Model Tokens trained on Factor
WECHSEL-RoBERTa 65.5B 1.0x
TransInner-RoBERTa 65.5B 1.0x
FullRand-RoBERTa 65.5B 1.0x
CamemBERT 419.4B 6.4x
GBERTBase 255.6B 3.9x
BERTBase-Chinese 131.1B 2.0x

Table 1: Tokens trained on in the target language be-
tween our models and previous monolingual models.

We choose temperature τ = 0.1 and neighbors
k = 10 for WECHSEL by conducting a parameter
search over a grid with varying values for k and
τ using linear probes (Appendix A). We train tok-
enizers in the target languages using a vocabulary
size of 50k tokens and byte-level BPE (Radford
et al., 2019). After applying WECHSEL, we con-
tinue training RoBERTa on the MLM objective and
GPT-2 on the CLM objective. We compare against
two baseline methods.

• TransInner: Randomly initializing Et while
transferring all other parameters from the En-
glish model as in de Vries and Nissim (2021).
After training only embeddings for a fixed
amount of steps while freezing other parame-
ters, the entire model is trained for the remain-
ing steps. In preliminary experiments reported
in Appendix E, we compare the method by
Zoph et al. (2016) with TransInner, observing
superior performance of TransInner, so we
choose TransInner as the baseline for cross-
lingual transfer in all our experiments.

• FullRand: Training from scratch in the target
language, as is commonly done when train-
ing BERT-like or GPT-like models in a new
language (Antoun et al., 2020; Louis, 2020;
Chan et al., 2020; Martin et al., 2020).

All models are trained for 250k steps with the
same hyperparameters across all languages (re-
ported in Appendix B). Training one model takes
around 4 days on a TPUv3-8. For WECHSEL and
FullRand we use a learning rate (LR) schedule with
linear warmup from zero to the peak LR for the first
10% of steps, followed by a linear decay to zero.
For TransInner, we perform two warmup phases
from zero to peak LR, once for the first 10% of
steps for training embeddings only, then again for
the remaining steps while training the entire model.

In addition to the mentioned baselines trained
under this setting, we compare the results of
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Lang Model Score@0 Score@25k Score@250k Score (more training)
NLI NER Avg NLI NER Avg NLI NER Avg NLI NER Avg

French

WECHSEL-RoBERTa 78.25 86.93 82.59 81.63 90.26 85.95 82.43 90.88 86.65 - - -
TransInner-RoBERTa 60.86 69.57 65.21 65.49 83.82 74.66 81.75 90.34 86.04 - - -
FullRand-RoBERTa 55.71 70.79 63.25 69.02 84.24 76.63 75.28 89.30 82.29 - - -
CamemBERT - - - - - - - - - 80.88 90.26 85.57
XLM-RBase - - - - - - - - - 79.25 89.48 84.37

German

WECHSEL-RoBERTa 75.64 84.53 80.08 81.11 89.05 85.08 81.79 89.72 85.76 - - -
TransInner-RoBERTa 58.51 65.23 61.87 64.78 82.05 73.42 80.75 89.30 85.02 - - -
FullRand-RoBERTa 54.82 66.84 60.83 68.02 81.53 74.77 75.48 88.36 81.92 - - -
GBERTBase - - - - - - - - - 78.64 89.46 84.05
XLM-RBase - - - - - - - - - 78.58 88.76 83.67

Chinese

WECHSEL-RoBERTa 63.23 72.79 68.01 77.19 79.07 78.13 78.32 80.55 79.44 - - -
TransInner-RoBERTa 46.95 69.06 58.01 52.96 73.35 63.16 76.99 80.00 78.49 - - -
FullRand-RoBERTa 44.24 57.95 51.09 58.34 64.84 61.59 71.38 78.35 74.86 - - -
BERTBase-Chinese - - - - - - - - - 76.55 82.05 79.30
XLM-RBase - - - - - - - - - 76.41 78.36 77.38

Swahili

WECHSEL-RoBERTa 60.28 74.38 67.33 73.87 87.63 80.75 75.05 87.39 81.22 - - -
TransInner-RoBERTa 54.67 64.46 59.56 58.85 80.27 69.56 74.10 87.05 80.57 - - -
FullRand-RoBERTa 50.59 62.35 56.47 63.79 83.49 73.64 70.34 87.34 78.84 - - -
XLM-RBase - - - - - - - - - 69.18 87.37 78.28

Table 2: Results from fine-tuning RoBERTa models. We report accuracy for NLI on XNLI and micro F1 score for
NER on WikiANN. Results are averaged over 3 runs. We report scores before training (Score@0), after 10% of
steps (Score@25k) and after training (Score@250k). We also report results from fine-tuning prior monolingual
models and XLM–R (Score (more training)), all trained on more tokens than our models. For each language, the
best results in every column are indicated with underlines. The overall best results including the comparison with
existing monolingual/multilingual models of comparable size are shown in bold.

RoBERTa models with existing comparable mod-
els trained from scratch with more training ef-
fort. We consider the total number of tokens the
model has encountered in the target language, com-
puted as the product of batch size × sequence
length × train steps (shown in Table 1) as a proxy
for training effort. We evaluate the performance
of CamemBERT (Martin et al., 2020) (French),
GBERTBase (Chan et al., 2020) (German), and
BERTBase-Chinese (Devlin et al., 2019) as existing
monolingual LMs,6 as well as XLM-RBase (Artetxe
et al., 2020) as a high-performing multilingual LM.

5 Results

We present our results on transferring RoBERTa
and GPT-2 from English to other languages, fol-
lowed by analyzing training behavior. In Ap-
pendix C, we provide a qualitative assessment of
how well subword tokens are mapped between the
source and the target languages.

5.1 Transferring RoBERTa

Table 2 reports the evaluation results of RoBERTa.
As shown, models initialized with WECHSEL out-
perform models trained from scratch and models
initialized with TransInner across all languages.

6To the best of our knowledge there is no monolingual
model available for Swahili.

Surprisingly, close relatedness of the source and
target language is not necessary to achieve effective
transfer, as e. g. on NLI WECHSEL improves abso-
lute accuracy by 7.15%, 6.31%, 6.94% and 4.71%
over models trained from scratch for French, Ger-
man, Chinese and Swahili, respectively.

We observe that our parameter transfer-based
model consistently outperforms the previously re-
leased LMs on both monolingual and multilingual
settings, while these models benefit from much
larger training resources in terms of computation
time and corpus size. In particular, the results
show an improvement over XLM-RBase by an av-
erage 3.54% accuracy for NLI and 1.14% micro
F1 score for NER. For NLI, we improve over the
prior monolingual models by 1.55%, 3.15% and
1.77% absolute accuracy for French, German and
Chinese, respectively. For NER, we observe im-
provements over monolingual models with 0.62%
and 0.26% absolute micro F1 score improvement
for French and German, respectively. For Chinese,
the monolingual model BERTBase-Chinese still out-
performs our method by 1.5% absolute micro F1
score. We suspect that the discrepancy between
NLI and NER is due to the limited training cor-
pus size (max. 4GiB), while a larger corpus can
potentially improve NER as more named entities
appear (Martin et al., 2020).

3997



55

60

65

70

75

80

F
re

nc
h

CamemBERT

6.4x more training

NLI Accuracy (%)

70

75

80

85

90
CamemBERT

6.4x more training

NER Accuracy (%)

20

25

30
Language Modelling Perplexity

55

60

65

70

75

80

G
er

m
an

GBERTBase

3.9x more training

65

70

75

80

85

90
GBERTBase

3.9x more training

25

30

35

45

50

55

60

65

70

75

80

C
hi

ne
se

BERTBase–Chinese

2x more training

55

60

65

70

75

80 BERTBase–Chinese

2x more training

50

55

60

65

70

75

0 50k 100k 150k 200k 250k

Steps

50

55

60

65

70

75

S
w

ah
ili

WECHSEL-RoBERTa

TransInner-RoBERTa

FullRand-RoBERTa

0 50k 100k 150k 200k 250k

Steps

65

70

75

80

85

WECHSEL-RoBERTa

TransInner-RoBERTa

FullRand-RoBERTa

Steps

10

15

20

WECHSEL-GPT2

TransInner-GPT2

FullRand-GPT2

Figure 2: Test scores over training steps from fine-tuning RoBERTa models on NLI (using XNLI) and NER (using
WikiANN). Perplexity on the held-out set over training steps of GPT-2 models. We evaluate every 12.5k steps.

Lang Model PPL@0 PPL@25k PPL@250k

French
WECHSEL-GPT2 1.7e+3 23.47 19.71
TransInner-GPT2 1.4e+5 67.97 20.13
FullRand-GPT2 5.9e+4 25.99 20.47

German
WECHSEL-GPT2 3.7e+3 34.35 26.80
TransInner-GPT2 1.5e+5 121.67 27.76
FullRand-GPT2 5.8e+4 37.29 27.63

Chinese
WECHSEL-GPT2 2.4e+4 71.02 51.97
TransInner-GPT2 1.5e+5 231.05 56.17
FullRand-GPT2 5.8e+4 69.29 52.98

Swahili
WECHSEL-GPT2 1.4e+5 13.02 10.14
TransInner-GPT2 1.4e+5 42.95 10.28
FullRand-GPT2 5.8e+4 13.22 10.58

Table 3: Results of training GPT2 models. We report
Perplexity before training (PPL@0), after 10% of steps
(PPL@25k) and after training (PPL@250k).

The first two columns of Figure 2 show the
performance of RoBERTa models on downstream
tasks after each 12.5k training steps. Models ini-
tialized with WECHSEL reach high performance
in significantly fewer steps than models initialized
with FullRand or TransInner.

Lang Model Best PPL

Sundanese
WECHSEL-GPT2 111.72
TransInner-GPT2 151.86
FullRand-GPT2 149.46

Scottish Gaelic
WECHSEL-GPT2 16.43
TransInner-GPT2 18.62
FullRand-GPT2 19.53

Uyghur
WECHSEL-GPT2 34.33
TransInner-GPT2 39.06
FullRand-GPT2 42.82

Malagasy
WECHSEL-GPT2 14.01
TransInner-GPT2 14.85
FullRand-GPT2 15.93

Table 4: Results of training GPT2 models on low-
resource languages. We report the best Perplexity on
the held-out set, evaluated every 2.5k steps. See Fig-
ure 3 for Perplexity throughout training.

We expect FullRand-RoBERTa to approach per-
formance of the respective prior monolingual mod-
els when trained on the same amount of tokens.7

7It would presumably be slightly worse because we restrict
training corpus size to 4GiB.
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For French, WECHSEL-RoBERTa outperforms
CamemBERT after 10% of training steps, reducing
training effort by 64x. For German, WECHSEL-
RoBERTa outperforms GBERTBase after 10% of
training steps, reducing training effort by 39x.
For Chinese, WECHSEL-RoBERTa outperforms
BERTBase-Chinese on NLI, but does not outper-
form BERTBase-Chinese on NER.

5.2 Transferring GPT-2

5.2.1 To Medium-Resource Languages

Results on medium-resource languages are shown
in Table 3. Similar to the results for WECHSEL-
RoBERTa, the GPT-2 models trained with WECH-
SEL consistently outperform the models trained
from scratch and with TransInner across all lan-
guages.

The rightmost column of Figure 2 depicts the
performance of GPT-2 models after each 12.5k
training steps. Comparing the results across all lan-
guages throughout training, we observe a stronger
dependence on similarity of the source to the tar-
get language than for downstream tasks such as
NLI or NER. In particular, for French and German,
WECHSEL is consistently better than TransInner
and FullRand throughout the entire training, while
for Chinese, a decrease in perplexity towards the
end of training causes WECHSEL to surpass train-
ing from scratch.

5.2.2 To Low-Resource Languages

Table 4 reports the perplexity of Language Mod-
elling on the low-resource languages. Again, we
observe consistent improvements using WECHSEL
on all languages. Furthermore, we find that the
improvement from WECHSEL tends to increase
as the amount of training data decreases by con-
ducting a sensitivity analysis w. r. t. the amount of
available training data (Appendix F).

In Figure 3 we report the performance of the
low-resource LMs on the held-out set throughout
training. One difference of the low-resource mod-
els with the ones trained on medium-resource lan-
guages is that the low-resource LMs are prone to
overfitting, and require appropriate model selec-
tion even in the early steps of training. Notably,
TransInner-GPT2 takes more steps to overfit since
all non-embedding parameters are frozen for the
first 25k steps (c. f. Section 4).
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Figure 3: Perplexity throughout training on low-
resource languages. We evaluate every 2.5k steps and
stop training if Perplexity on the held-out set does not
improve for 10k steps.

5.3 Is freezing necessary?

Previous work using the TransInner method freezes
non-embedding parameters for a fixed amount of
steps before training the entire model (de Vries
and Nissim, 2021). This is done to prevent catas-
trophic forgetting at the beginning of training. To
evaluate if freezing non-embedding parameters is
still necessary with our method, we conduct an
additional experiment. We train a German GPT-2
model with WECHSEL and a model with TransIn-
ner without freezing any parameters, and the same
models with freezing of non-embedding parameters
for the first 10% of steps. We match hyperparame-
ters of the main experiments except training for 75k
steps only. Based on the results shown in Figure 4,
we conclude that freezing is necessary when using
TransInner, but there is no need for freezing when
using WECHSEL.
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Figure 4: Comparison of German GPT-2 models
trained with WECHSEL and TransInner between freez-
ing non-embedding parameters at the start and not
freezing any parameters.

6 Limitations and Potential Risks
6.1 Limitations
We conduct our experiments on up to eight lan-
guages, showing the benefits of our parameter trans-
fer method to both medium- and low-resource lan-
guages. However, there are many more languages
with diverse linguistic characteristics on which our
WECHSEL method is not tested. This is a limi-
tation forced by computational constraints, as we
can not ascertain whether transfer to all other lan-
guages would result in similar improvements. In
addition, our extrinsic evaluation is limited to two
tasks (NLI and NER). While this choice is due
to the limitations on the available collections in
various languages, this evaluation does not neces-
sarily provide a comprehensive view of language
understanding tasks.

6.2 Risks
It is well-known that existing LMs trained on En-
glish text encode societal biases (Bolukbasi et al.,
2016; Caliskan et al., 2017; Rekabsaz et al., 2021b)
and stereotypes and using them in downstream
tasks might lead to unfair treatment of various so-
cial groups (Zerveas et al., 2022; Krieg et al., 2022;
Ganhör et al., 2022; Rekabsaz et al., 2021a; Mel-
chiorre et al., 2021; Rekabsaz and Schedl, 2020;
Elazar and Goldberg, 2018). Since we propose
a method to transfer the English LMs to new lan-
guages, it is highly probable that the existing biases
are also transferred to the target LMs. We therefore
advocate a conscious and responsible use of the
transferred LMs in practice.

7 Conclusion

We introduce WECHSEL, an effective method to
transfer monolingual language models to new lan-
guages. WECHSEL exploits multilingual static
word embeddings to compute an effective initializa-
tion of subword embeddings in the target language.
We conduct experiments by transferring RoBERTa
and GPT-2 models from English to French, Ger-
man, Chinese and Swahili, as well as English GPT-
2 to four low-resource languages. The evaluation
results show that the transferred RoBERTa and
GPT-2 models are more efficient and effective than
strong baselines, and consistently outperform prior
monolingual models that have been trained for a
significantly longer time. WECHSEL facilitates
the creation of effective monolingual LMs for new
languages with medium to low resources, particu-
larly in computationally-limited settings. In addi-
tion, our work provides strong evidence towards
the hypothesis by Artetxe et al. (2020) that deep
monolingual language models learn abstractions
that generalize across languages.
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A Grid search over k and τ

To choose number of neighbors k and temperature
τ for WECHSEL we conduct a grid search over
linear probes of models with different initializa-
tion shown in Table 7. For RoBERTa, we compute
scores on NLI (using XNLI) and POS tagging (us-
ing the French, German and Chinese GSD corpora
in Universal Dependencies) using linear probes of
the last hidden state. We probe on NLI by taking
a concatenation of the mean of all token represen-
tations in the premise with the mean of all token
representations in the hypothesis. We probe on
POS tagging by taking the mean of all token rep-
resentations belonging to each word. For GPT2,
we compute Language Modelling Perplexity on the
held-out set also used to evaluate performance of
the trained models.

B Hyperparameters

Hyperparameters used to fine-tune RoBERTa on
downstream tasks are shown in Table 5. Hyperpa-
rameters used to train models in our main experi-
ments are shown in Table 6.
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Parameter NLI NER
peak learning rate 2e-5 2e-5
batch size 128 32
sequence length 128 128
Adam ε 1e-8 1e-8
Adam β1 0.9 0.9
Adam β2 0.999 0.999
train epochs 2 10
warmup 10% of steps 10% of steps
warmup schedule linear linear
LR decay linear to zero linear to zero

Table 5: Hyperparameters used to fine-tune RoBERTa
models on NLI (XNLI) and NER (WikiANN).

Parameter RoBERTa GPT2
peak learning rate 1e-4 5e-4
batch size 512 512
sequence length 512 512
weight decay 0.01 0.01
Adam ε 1e-6 1e-6
Adam β1 0.9 0.9
Adam β2 0.98 0.98
train steps 250k 250k

Table 6: Hyperparameters of the models transferred
from RoBERTa and GPT2.

C Qualitative subword correspondence

We show a small random sample of tokens in the
target language and their closest English token (ac-
cording to WECHSEL) in Table 8.

D Using Word Embeddings without
subword information

As an alternative to n-gram decomposition, we in-
troduce a method for mapping word embeddings to
subword embeddings without using any subword
information (shown in Figure 5). For this method,
we require word frequency information in addition
to the word embeddings. We apply the tokenizer T
to every word v in V resulting in a set of subwords
for each word. We define V(x) as the set of words
containing the subword x when tokenized. The
embedding ux of the subword x is then defined as
the average of the embeddings of words in V(x),
weighted by the word frequencies.

ux =

∑
v∈V(x) wv · fv∑
v∈V(x) fv

wherewv is the embedding and fv is the frequency
of word v.

Lang Model k τ
Scores

NLI POS LM

French
WECHSEL@0

1 1 58.4 85.2 2.5e+5
10 0.1 59.8 86.8 2.0e+5
10 1 58.3 84.4 4.8e+5
50 0.1 57.2 83.6 3.1e+6
50 1 54.0 81.6 1.8e+7

FullRand@0 - - 46.3 60.6 5.7e+6
CamemBERT - - 63.5 93.6 -

German
WECHSEL@0

1 1 55.8 72.7 6e+5
10 0.1 58.9 76.0 4.2e+5
10 1 57.5 75.4 8.3e+6
50 0.1 55.4 75.4 1.0e+7
50 1 53.6 69.5 5.9e+7

FullRand@0 - - 44.5 49.1 6.2e+6
GBERTBase - - 63.2 81.4 -

Chinese
WECHSEL@0

1 1 47.4 75.4 2.7e+6
10 0.1 48.0 80.7 2.6e+6
10 1 48.3 80.3 3.1e+6
50 0.1 48.3 77.8 3.7e+7
50 1 47.9 76.5 8.6e+7

FullRand@0 - - 37.5 53.7 5.8e+6
BERTBase-Chinese - - 61.9 91.9 -

Table 7: Grid search over the temperature τ and number
of most similar tokens k parameters of WECHSEL.

We call this variant of our method WECHSELTFR.
We evaluate WECHSELTFR by training the same
models as for WECHSEL. Results are shown in
Table 9 for GPT2 and in Table 10 for RoBERTa.
We find that, on average, performance is on par
with WECHSEL.

E Choosing a transfer baseline

We consider two baseline methods to transfer mod-
els to a new language without using any language-
specific information. One method copies non-
embedding parameters to the target language and
initalizes embeddings from a random normal distri-
bution as done by de Vries and Nissim (2021). We
refer to this method as TransInner. Another option
copies non-embedding parameters and assigns the
embedding of a random token in the source lan-
guage to each embedding in the target language
(effectively "shuffling" the embeddings) as done by
Zoph et al. (2016) and Nguyen and Chiang (2017).
We refer to this method as TransInnerShuffleEmb.
We evaluate these two methods using a setup equiv-
alent to the experiments in Section 5.3 and find that
TransInner performs slightly better than TransIn-
nerShuffleEmb (Figure 6), so we use TransInner
for subsequent experiments.
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Figure 5: WECHSELTFR, an alternative subword embedding computation method. First, tokenize all words in the
word embeddings. Then flatten the result by assigning the embeddings of the words in which it occured and their
word frequencies to each subword. Finally, reduce the embeddings assigned to each subword by taking their mean,
weighted by word frequency.
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Figure 6: Comparison of German GPT-2 models
trained with WECHSEL, TransInner and TransInner-
ShuffleEmb between freezing non-embedding parame-
ters at the start and not freezing any parameters.

F Sensitivity Analysis w. r. t. training
data size

Evaluating on languages with different amounts of
available data only indirectly measures the effect
of training data size on WECHSEL since other fac-
tors (e.g. language similarity to English) are also
involved. We conduct a sensitivity analysis to make
the relation to the amount of training data explicit
(Table 11). Due to computational constraints we
only do this for French. We find that the improve-
ment from WECHSEL increases as the amount of
training data decreases. In addition, we find that
using fastText embeddings trained on less data dete-
riorates performance, but still leaves a clear margin
to TransInner and FullRand.

Lang Target Token Closest English Token

French

héritage legacy
tremp soaked

épiscop bishop
scandaleux udicrous

vertig astonishing
enregistrer rec

sucrés sweets
Emmanuel Emmanuel
entourage confid
secrétariat ariat

German

machen ize
mit with

Sprichwort proverb
erischen Austrian
minuten utes

Haustechnik umbing
dringen urgent

verfeinern refine
umgebung vironments
ternehmen irms

Chinese

到处 everywhere
巧合 coinc
第三 third
杂交 recomb
利来 chnology
政务 Govern
石 stone
喊麦 sing
中海 iterranean
张某 defendant

Swahili

shirikishe ive
Harusi Marriage
pesile ery
tihani graduate

changi ool
kuugua ingestion
kuzidi acclaim
vipigo Trouble

dhamiri conscience
aliposimama Slowly

Table 8: Samples of tokens in each language and the
corresponding closest tokens from the English vocabu-
lary according to WECHSEL.
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Lang Model PPL@0 PPL@25k PPL@250k

French WECHSEL-GPT2 1.7e+3 23.47 19.71
WECHSELTFR-GPT2 2.3e+3 23.45 19.70

German WECHSEL-GPT2 3.7e+3 34.35 26.80
WECHSELTFR-GPT2 5.0e+3 34.46 26.82

Chinese WECHSEL-GPT2 2.4e+4 71.02 51.97
WECHSELTFR-GPT2 2.5e+4 72.11 52.07

Swahili WECHSEL-GPT2 1.4e+5 13.02 10.14
WECHSELTFR-GPT2 1.5e+5 13.03 10.06

Table 9: Results of training WECHSELTFR GPT2 models. We report Perplexity before training (PPL@0), after
10% of steps (PPL@25k) and after training (PPL@250k).

Lang Model Score@0 Score@25k Score@250k
NLI NER Avg NLI NER Avg NLI NER Avg

French
WECHSEL-RoBERTa 78.25 86.93 82.59 81.63 90.26 85.95 82.43 90.88 86.65
WECHSELTFR-RoBERTa 78.25 87.43 82.84 81.86 90.07 85.96 82.55 90.80 86.68

German
WECHSEL-RoBERTa 75.64 84.53 80.08 81.11 89.05 85.08 81.79 89.72 85.76
WECHSELTFR-RoBERTa 77.00 84.70 80.85 80.71 89.09 84.90 82.04 89.72 85.88

Chinese
WECHSEL-RoBERTa 63.23 72.79 68.01 77.19 79.07 78.13 78.32 80.55 79.44
WECHSELTFR-RoBERTa 62.75 72.87 67.81 77.07 78.03 77.55 77.99 80.65 79.32

Swahili
WECHSEL-RoBERTa 60.28 74.38 67.33 73.87 87.63 80.75 75.05 87.39 81.22
WECHSELTFR-RoBERTa 60.14 75.42 67.78 74.04 87.79 80.92 74.58 87.66 81.12

Table 10: Results from fine-tuning WECHSELTFR-RoBERTa models. Results shown equivalently as in Table 2.

Best PPL
Model Subsample Size 16MiB 64MiB 256MiB 1024MiB

WECHSEL-GPT2 (original fastText embeddings) 78.33 44.75 31.63 24.66

WECHSEL-GPT2 (fastText embeddings trained on subsample) 97.42 49.50 32.88 24.75
FullRand-GPT2 281.46 83.43 43.08 27.09
TransInner-GPT2 216.37 77.71 35.27 25.15

Table 11: Sensitivity Analysis w. r. t. the amount of training data on transfer to French. We train models on ran-
dom subsamples of 16MiB, 64MiB, 256MiB and 1024MiB of the original training data, and evaluate on the same
held-out set. For WECHSEL-GPT2, we train two models. One using the original, publicly available fastText em-
beddings trained on Common Crawl data. The other using fastText embeddings trained only on the corresponding
subsample of text.
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Abstract

Knowledge based question answering
(KBQA) is a complex task for natural
language understanding. Many KBQA ap-
proaches have been proposed in recent years,
and most of them are trained based on labeled
reasoning path. This hinders the system’s
performance as many correct reasoning paths
are not labeled as ground truth, and thus
they cannot be learned. In this paper, we
introduce a new concept of KBQA system
which can leverage multiple reasoning paths’
information and only requires labeled answer
as supervision. We name it as Mutliple
Reasoning Paths KBQA System (MRP-
QA). We conduct experiments on several
benchmark datasets containing both single-
hop simple questions as well as muti-hop
complex questions, including WebQues-
tionSP (WQSP), ComplexWebQuestion-1.1
(CWQ), and PathQuestion-Large (PQL), and
demonstrate strong performance.

1 Introduction

Knowledge-based question answering (KBQA) is
the task of finding answers to questions by pro-
cessing a structured knowledge base KB. A KB
consists of a set of entities E , a set of relationsR,
and a set of literals S. A knowledge base fact is
defined as (h, r, t), where h ∈ E is the head en-
tity, t ∈ E ⋃S is the tail entity/literal, and r ∈ R
is the directed relation between h and t. To an-
swer a simple single-relation question (i.e. a 1-hop
question) such as: “Who is the president of the
United States?”, a typical KBQA system first iden-
tifies the entity (i.e. United States) and the rela-
tion (i.e. “president”) asked in the question, and
then searches for the answer entity by matching the
entity-relation tuple <United States, president, ?>
over KB.

While a single-hop question can be answered by
searching a predicate relation in KB, it is much

harder to answer more complex multi-hop ques-
tions containing multiple entities and relations with
constraints. For instance, for complex composi-
tional questions, it is not easy to extract all the
relations correctly together with their head and tail
entities in the right order. For complex conjunction
questions that requires a conjunction of multiple ev-
idences, it is even more difficult to correctly extract
all the reasoning paths included.

Most prior works on multi-hop KBQA focus on
learning a single given ground truth reasoning path
for each question, and outputting the most possible
reasoning path during prediction (Zhou et al., 2018;
Zhang et al., 2018; Yu et al., 2018; Lan et al., 2019).
However, it is common that KB has many alterna-
tive paths leading to the correct answer, of various
reasoning qualities. These alternative reasoning
paths are usually not provided as ground truth by
the human annotators.

For example, Figure 1 shows 7 reasoning
paths pn = en0 → rn1 → en1 → · · · → enans (n =
{1, . . . , 7}) leading to an answer set containing
the correct answer “West Lafayette” for a given
question “What city is home to the University that
is known for Purdue Boilermakers men’s basket-
ball?”, but only the reasoning path p1 is labeled as
the correct path in the dataset. A model trained with
only p1 as supervision is likely to miss other paths
which are also valid. For example, it will probably
map a similar question “What city is home to the
stadium that is known for Los Angeles Lakers?” to
path p1, but fail to associate it with p3 or p4, be-
cause p3 or p4 contain different types of relations.
However, p1 is a wrong reasoning path for that test
question.

As the example shown in Figure 1, there are
four paths (p1,p2,p3,p4) pointing to the exact an-
swer set containing only the answer entity, and thus
can be treated as ground truth paths when training.
Comparatively, reasoning paths p5 and p6 lead to a
larger final entity set containing the correct answer
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Figure 1: One QA example with Multiple Reason-
ing Paths (MRPs) from COMPLEXWEBQUESTION-1.1.
The blue color highlighted is the extracted topic entity.
Each square represents an entity, and the arrows rep-
resent the relations. Reasoning path p1 to p4 are the
correct ones containing meaningful reasoning paths to
the final answer. p5 and p6 are the “second choice”
paths that generate a larger final answer set containing
some wrong entities. p7 is the wrong one as its reason-
ing path is totally not interpretable and the answer set
is huge.

“West Lafayette” but also other entities. These two
paths can be considered as inferior to the top 4
paths; however, it is still worth including them in
the training as a “second choice”, as it is not diffi-
cult to extract the correct answer from final sets by
additional post-processing. For example, a simple
filter can be applied to filter out “United States of
America” and “Indiana” from the predicted set,
as they are not cities. Path p7 is bad because it
is not interpretable, in addition to the final answer
set being exaggeratedly large with invalid answers.
Hence, path p7 should not be considered as a train-
ing path for this question. Unfortunately, it is not
possible for any existing models to use multiple
good/inferior paths, but not the bad ones, since cur-
rent models are only trained with a single path for
each question answer pair.

In this paper, we propose a novel multi-hop
KBQA system, which can leverage the training
information from multiple reasoning paths (MRPs)

without using any path annotations, we name
it as Mutliple Reasoning Paths KBQA System
(MRP-QA). We model the reasoning path as a
latent variable, and propose supporting training
and prediction methods. The system can output
diverse reasoning paths, and reward the “better”
paths over the inferior ones by assigning “better”
paths higher probabilities. Our method can be ap-
plied to most KBQA systems to predict the an-
swer, and can be used with any model architecture.
We achieve strong performance on three popular
KBQA datasets. Experimental results show that
our model performs especially well on multi-hop
question, and in particular on complex questions
that cannot be solved with a single reasoning path.

Our MRP-QA System does not need training
paths annotation (only the question, and head and
final entities), since it can sample the paths from the
KB graph. This is of enormous pratical importance,
because in practice questions and answers are easy
to collect (sometimes for free), but path annotation
is very labor-intensive and expensive.

2 Model

We first introduce some notations. For a given ques-
tion q and its topic entity e0 (identified by entity
linking tool), a reasoning path is a sequence in the
form p = (e0, r1, e1, r2, · · · , eT−1, rT ) that points
to the answer entity eT = y. That is, p→ eT = y.
Each step (et−1, rt, et) is a valid fact in the knowl-
edge baseKB. Our goal is to build a model that can
use multiple paths p to predict answer y given ques-
tion q and topic entity e0. In this section, we first
present the design of our model architecture, and
then explain the training and inference algorithms
in detail.

2.1 MRP-QA Model Architecture

Figure 2 illustrates the architecture of our MRP-
QA model. We model path probabilities using re-
current neural network with gated recurrent units
(GRU). At a timestep t, the input hidden repre-
sentations of GRU unit and predicted relation are
denoted by ht−1 and rt respectively. The model
relies on the attention mechanism (Bahdanau et al.,
2015) to produce a question context vector ct.
Specifically, all the words w0, w1, · · · , w|q|−1 in
the given question q are first sent to a fixed
embedding layer to acquire word embeddings
εw(w0), εw(w1), · · · , εw(w|q|−1). Next we apply
GRU to produce a temporary hidden state h′t =
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Figure 2: An illustration of how our MRP-QA model works with a QA pair ”What city is fc schalke 04 in?” and
Gelesenkirchen. The entity linker extracts fc schalke 04 as the topic entity. We only show one possible paths
here: r1 is Organization.headquarters and r2 is Mailing address.city town, our model can be used to output the
probability of this given path. The symbol

⊕
represents concatenation, and

⊗
represents knowledge base lookup.

GRU(ht−1, rt−1), and then apply a parameterized
feed-forward neural network a to calculate the sim-
ilarity score utk = a(h′t, εw(wk)) of two inputs h′t
and εw(wk), and then these scores are normalized
into attention weights αtk = exp(utk)∑

0≤j≤|q|−1 exp(utj)
,

which are used to produce the question context
vector ct =

∑
0≤j≤|q|−1 αtjεw(wj). In this fash-

ion, word embeddings are combined in different
ways based on attention weights to show different
reasoning focuses at each timestep.

The model then concatenates temporary hid-
den state h′t, entity representation εe(et−1), and
question context ct together, and passes the con-
catenation through a linear transformation f with
ReLU activation to obtain the hidden state ht =
ReLU(f([h′t; εe(et−1); ct])). This process is re-
currently done until the model predicts a stop sym-
bol <eop>1. Note that the vanilla RNN attention
model only has h′t and ct when calculates ht. We
add entity representation into the calculation, since
entity captures important information in the reason-
ing path.

1This stop mechanism is the same as how it works in a
vanilla RNN. Similarly, we also attach <sop> to the begin-
ning of each sequence to denote the start state. We will omit
these symbols in formulas for simplicity.

2.2 Probabilities and Objective Function
The probability of predicting the k-th relation γk
inR at timestep t is:

p(rt = γk|q, e0, r1, · · · , et−1)

=
exp < ht, εr(γk) >∑
j exp < ht, εr(γj) >

where εr is the embedding function, <> is the dot
product between two inputs.

Given the previous entity et−1 and relation rt,
the next matched entity may not be unique when
we query the knowledge base. For example, if
et−1=“united states”, and rt = “president of”, then
the resulting entity has 45 possibilities. Since we
do not have additional constraints, all of them are
equally likely to be selected, and hence we define:

p(et|et−1, rt) (1)

=

{
1/M if et is one of the M matched entities
0 if et is not a matched entity

Thus the probability of a path containing both
entities and relations can be computed using the
chain rule:

p(p|q)

=
T−1∏

t=1

p(et|et−1, rt)
T∏

t=1

p(rt|q, e0, r1, · · · , et−1)

(2)
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We assume that there are multiple valid paths
p ∈ P that can lead to the correct answer y and
they are not given by the annotator in the dataset.
We treat these paths as hidden variables and we
marginalize them out to compute the probability of
getting the answer y:

p(y|q)
=
∑

p∈P
[p(eT (p) = y|p, q)p(p|q)]

=
∑

p∈P

T (p)∏

t=1

[p(et|et−1, rt)p(rt|q, e0, r1, · · · , et−1)]

(3)

where P is a set of all valid paths leading to the
answer y, and T (p) is the number of hops in the
path p.

To train our model, we would like to maximize
the answer probability p(y|q) using only the given
answer for each training instance. To make predic-
tion on each test case, we would like to find the
answer y with the highest probability.

It is a novel way that we define answer prob-
ability as in (3) in the KBQA task. Most of the
existing methods assume the availability of a single
ground truth path annotation and aim to maximize
the probability of the given path (Zhou et al., 2018).
As we will demonstrate later in the Section 3.3,
considering multiple paths leads to a better model
performance.

2.3 System Training

In order to train our MRP-QA model by maximiz-
ing the marginalized answer probability given in
(3), it requires summing over all valid reasoning
paths from the topic entity to the answer entity
in knowledge base. Thus computing this objective
exactly can be intractable. As shown in the early ex-
ample, some reasoning paths (R5, R6, R7 in Figure
1) are not very helpful for training, thus should be
either removed from training or assigned low prob-
abilities. To achieve this goal, we first apply depth
first search (DFS) algorithm with maximum 3 hops
to get valid path candidates. The algorithm starts
the traversal from the topic entity node, and ends
at the answer entity node. All possible paths be-
tween the topic entity and the answer entity within
3 hops are extracted as candidates. We then set a
threshold to remove paths which point to too many

entities at the last hop. To further filter out bad rea-
soning paths, we propose to dynamically choose
reasoning paths deemed as most probable by the
current model during training. The overall train-
ing procedure is summarized in Algorithm 1. Note
that training with this algorithm does not require
ground truth reasoning path label. Labeled reason-
ing path is a plus, but not necessary. If it is given,
we can either include the ground truth paths in P ,
or use them to initialize model training.

Algorithm 1: Training method for a MRP-
QA System

Input :KBQA dataset
(qn, yn, en0 ), n = 1, 2, · · · , N ,
Knowledge Base KB,
Threshold k1 and k2.

Output :Trained model parameters
1 foreach instance (qn, yn, en0 ) do
2 Use DFS algorithm to get a set of paths

Pn from en0 to yn.
3 Remove from Pn paths that point to

more than k1 entities.
4 end
5 foreach batch do
6 foreach (qn, yn, en0 ) in the batch do
7 Get top k2 paths in P sorted by

p(p|q) based on current model:
P̃n = {pn1 , · · · ,pnk2}

8 end
9 Update model parameters by

maximizing∑
(qn,yn,en0 )

log
∑

p∈P̃n
p(yn|p, qn)P (p|qn)

10 end

2.4 Prediction

During the prediction, we aim to select the answer
y with the highest marginalized probability p(y|q)
as defined in (3). Similar to training, we need to
approximate the sum with selected paths from P .
We use a modified beam search to find paths that
have high probabilities. We add two constraints
to standard beam search to only select the valid
paths that match the knowledge base: (1) The first
relation r1 should connect to the topic entity e0. (2)
Each triple (et−1, rt, et) should match a fact in KB.
Given the set of paths collected as above, we can
then collect a set of candidate answers that these
paths point to. For each answer y, we evaluate
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its probability p(y|q) approximately using the col-
lected paths, and among them we output the answer
with the highest probability.

Additionally, we observe that it could be bene-
ficial to de-emphasize the impact of the topic en-
tity during prediction, as noted in (Li et al., 2016),
which can improve inference performance by avoid-
ing generating generic predictions and reducing
overfitting. Specifically, instead of searching y∗

that maximizes p(y|q), we can find an answer that

maximizes
p(y|q)
p(y|e0)

, where p(y|e0) is the probabil-

ity of getting the answer y when the question only
contains the topic entity word. Mathematically,
one can show that this is equivalent to maximiz-
ing the point-wise conditional mutual information
PMI((y; q\e0)|e0) between y and q\e0 given e0,
where q\e0 stands for the question with the topic
entity term removed. Further discussion can be
found in Section 4.

3 Results and Analysis

3.1 Experimental Setup

We conduct experiments on 3 multi-hop KBQA
datasets, WEBQUESTIONSP (WQSP) (Yih et al.,
2015), COMPLEXWEBQUESTION-1.1 (CWQ)
(Talmor and Berant, 2018), and PATHQUESTION-
LARGE (PQL) (Zhou et al., 2018), and use the orig-
inal train/dev/test split. WQSP is a dataset that has
been widely used for relation extraction and end-
to-end KBQA tasks, which contains 1 or 2 hops
questions. CWQ dataset is designed to study com-
plex questions by adding more constraints to ques-
tions in WEBQUESTIONSP. PQL is a small dataset
used to study sequential questions. Its original re-
lease contains two subsets: PQL2H and PQL3H,
which contains only 2-hop and 3-hop questions cor-
respondingly. Chen et al. (2019) then combined
these two subsets and renamed the unified dataset
as PQL+. All of the three datasets use Freebase
(Google, 2013) as the supporting knowledge base.
Table 1 contains statistics of these datasets.

#train #valid #test max hops >1 path
WQSP 2677 297 1639 2 79.4%
CWQ 27639 3519 3531 6 83.4%
PQL2H 1275 159 160 2 12.5%
PQL3H 1649 206 207 3 45.2%
PQL+ 2924 365 367 3 30.6%

Table 1: Statistics of datasets. To count the data per-
centage with more than one path, i.e. >1 path, we use
graph search algorithm to calculate what percentage of
QA pairs can be solved with MRPs.

For questions with multiple answers, we use
each answer to construct a question-answer (QA)
pair. For WQSP and CWQ, we build a subgraph
in a similar way as in (Sun et al., 2018), in or-
der to generate the entity and relation candidates.
For PQL, the original paper provides a subgraph
of the Freebase. We implement our model using
TENSORFLOW-1.11.0 and choose S-MART (Yang
and Chang, 2016) and AllenNLP (Gardner et al.,
2017) as our entity linking tools. If multiple topic
entities are extracted, we use each topic entity to
construct a question-answer pair. We test three
different graph embedding methods WORD2VEC

(Mikolov et al., 2013), TRANSE (Bordes et al.,
2013), and HOLE (Trouillon and Nickel, 2017),
and decide to use TRANSE in our final experiment
based on validation performance. The threshold k1
is set to be: 15 plus the number of answers in the
ground truth answer set, and k2 is top 50%. We
adopt the average F1 score and the set accuracy as
our main evaluation metrics. It is worth noticing
that: except our methods’ results, all other exper-
imental results are obtained from early published
papers. Details of these models can be found from
our referenced papers.

3.2 Experimental Results

In Table 2 we compare our MRP-QA method to
state-of-the-art models. All comparisons are di-
vided into two groups based on different training
supervisions. The upper block shows methods that
are only trained with final answer as supervision,
and the second block contains methods using extra
annotations such as parsing results of the query. Ex-
perimental results show that our MRP-QA model
performs better than all other methods on WQSP.

Also although NSM and NSM+h (2nd best re-
sult) only relies on answers to train their model,
it requires many prior knowledges, such as a big
vocabulary to train word embeddings and graph
embeddings, type label of the entity and of the re-
lation, and pre-defined templates. The experiments
from their papers show that these knowledge play
a very important role in the system, e.g. F1 score
drops from 69.0 to 60.7 by not using the pretrained
embeddings for NSM.

In contrast, our model supports a training method
that takes only raw QA pairs and the facts in knowl-
edge base, and does not rely on any additional
labels and pre-defined knowledge.

To further disentangle the contribution of differ-
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WQSP CWQ
STAGG SP (Yih et al., 2016) 71.7 -
HR-BiLSTM (Yu et al., 2017) 62.3 31.2
KBQA-GST (Lan et al., 2019) 67.9 36.5
KV-MemNN* (Miller et al., 2016) 38.6 -
STAGG answer* (Yih et al., 2016) 66.8 -
NSM* (Liang et al., 2017) 69.0 -
GRAFT-Net* (Sun et al., 2018) 62.8 26.0
PullNet*(Sun et al., 2019) 68.1 47.2
TransferNet*(Shi et al., 2021) 71.4 48.6
NSM+h*(He et al., 2021) 74.3 48.8
MRP-QA-marginal prob* 74.9 49.9

Table 2: We report F1 (%) on WQSP and CWQ test sets.
Methods labeled with ∗ only require the final answer as
the supervision, and they are directly comparable to our
MRP-QA model. As references, We also report the per-
formance of methods that requires extra supervisions in
the first block.

Setting ∆ F1 (std)
MRP-QA − entity in RNN −2.1 (0.21)
MRP-QA −marginal prediction −1.8 (0.32)
MRP-QA − inference in training −3.4 (0.15)
MRP-QA −mutual information −1.8 (0.16)

Table 3: Feature ablation study on the dev set with a
mean of 5 runs.

ent factors in our MRP-QA method, we present a
feature ablation test on WQSP dataset shown in
Table 3. The vanilla RNN structure only maintains
a hidden state and the previous prediction in the
loop. Here, we show the performance boost by
considering entity features in KBQA task. Instead
of using greedy algorithm or beam search to output
the top prediction with the highest joint probability
P (y,p), we propose to make the prediction based
on marginalized probability P (y), which also im-
proves the performance by 1.8%. In addition, we
show the benefits of using inference during training
(line 6 and 7 in algorithm 1) and mutual informa-
tion objective (Section (2.4)). More discussions
can be found in the Section 4.

3.3 Choices of paths

In the second set of experiment, we test our MRP-
QA model with different objective functions and
compare their results correspondingly. The objec-
tive functions are as defined in Table 4, where the
paths used for training are given in the last column.
The detailed explanations are given as following:
Single ground truth path. When one reason-
ing path is given for each QA pair in addition
to the answer, we can train the model to fit the

given path and answer by maximizing p(y,p|q) =
p(y|p, q)p(p|q). This objective ignores the fact
that MRPs could be valid for the same answer (see
Figure 1) and pushes all the probability mass to the
single given one.

Single random path. Many existing methods re-
quire a ground truth path for each question in order
to train the model. When only the ground truth
answer but no path is given to each question, one
can randomly sample a path that leads to the given
answer and treat the sampled path as ground truth
for training.

Multiple paths product. For many of the exist-
ing training methods which expect a single path
leading to the answer as part of the input, it is also
possible to make them incorporate multiple possi-
ble paths when no path annotation is given. The
simplest way is to expand each (question, answer)
pair into multiple training instances, each with a
different path leading to the same answer, and then
apply existing training method treating them as
independent instances. This corresponds to the ob-
jective

∏
p∈P p(y|p, q)p(p|q). This objective has

an undesired consequence in practical model train-
ing: because of the multiplication operation, the
model has to assign equally high probabilities to
all given reasoning paths in order to maximize the
product of the probabilities. If only some reason-
ing paths receive high probabilities while others
receive low probabilities, the production will still
be low. As a consequence, the model cannot dif-
ferentiate bad reasoning paths from good ones by
assigning distinguishable probabilities to them.

Multiple paths marginalization. Our proposed
training objective replaces the multiplication oper-
ation by the summation operation, and this allows
the model to concentrate only on good reasoning
paths for each QA pair. It is easy to show that the
model tends to assign high probability p(p|q) to a
path p when the path leads to few possible answers
and therefore the chance of getting the correct an-
swer p(y|p, q) is high (see 2). Also, using Jensen’s
inequality, one can show that this marginal proba-
bility objective maximizes the answer probability
directly which is the learning goal of KBQA task,
while the previous one using product operation
maximizes a lower bound.

We test different ways of choosing paths and
defining training objectives on WQSP and CWQ
datasets. We further divide the test samples into
two groups, based on whether there exist multiple
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Method Objective Path p

single ground truth p(y|p, q)p(p|q) single ground truth path leading to y
single random p(y|p, q)p(p|q) single random path leading to y

multiple product
∏

p∈P p(y|p, q)p(p|q) all valid paths leading to y
multiple marginal (MRP-QA)

∑
p∈P p(y|p, q)p(p|q) all valid paths leading to y

Table 4: Different choices of paths and objectives.

WQSP CWQ
1 path >1 path all 1 path >1 path all

single ground truth 66.8 69.3 68.1 40.8 49.2 46.4
single random 65.7 64.1 64.8 40.8 46.9 44.9
multiple product 69.1 70.2 69.7 40.9 50.7 47.5
multiple marginal (MRP-QA) 73.0 76.3 74.9 43.7 53.0 49.9

Table 5: We break test set into two groups based
on number of paths associated with them and report
F1(%).

PQL2H PQL3H PQL+
HR-BiLSTM (Yu et al., 2017) 97.5 87.9 92.9
IRN (Zhou et al., 2018) 72.5 71.0 52.9
ABWIM (Zhang et al., 2018) 94.3 89.3 92.6
UHop (Chen et al., 2019) 97.5 89.3 92.3
KV-MemNN* (Miller et al., 2016) 72.2 67.4 -
Our MRP-QA Method-marginal prob* 98.4 97.8 98.0

Table 6: We report set accuracy (%) on PQL. Similar to
Table 2, we use ∗ to highlight the methods which only
requires the answer as supervision.

possible paths between the topic entity and the an-
swer based on KB. Table 5 show that our proposed
method gives the best performance on both scenar-
ios. The models trained with single path perform
consistently worse than those trained with multi-
ple paths. Using random path is worse than using
the given ground truth path. Between two models
trained using multiple paths, the result shows the
advantage of using our proposed objective.

3.4 PathQuestion-Large
In the third set of experiments, we test our MRP-
QA model on PATHQUESTION-LARGE (PQL)
dataset. This dataset contains synthetic questions
generated by templates, and is supported by a very
small knowledge base (500,000 times smaller than
the full freebase). Not surprisingly, we can see
the average performance on this dataset is much
better than it is on the other two datasets. Recall
that PQL2H and PQL3H represents two subsets
with only 2 hops and 3 hops questions respectively.
Table 6 shows that our MRP-QA method’s perfor-
mance beats all the other approaches on all three
subsets of PQL from 1% to 7.8% in terms of test ac-
curacy. Especially the gap between our method to
the previous state-of-the-art approach (i.e. UHop)

becomes larger when the number of hops increase
from 2 to 3.

4 Case Study

Our model requires inference while using the cur-
rent model to select training samples for next
batch in training (see line 6 in Algorithm 1).
This EM style training approach helps us filter
out bad reasoning paths based on context infor-
mation. For example, a sample question from
WQSP is who was the owner of kfc?, the graph
search algorithm can easily extract two “correct”
paths starting from the topic entity kfc direct-
ing to the ground truth answer Colonel Sanders:
kfc → organization.organization.founders →
Colonel Sanders and kfc → advertisingchar-
acters.product.advertising characters→ Colonel
Sanders. However, the second path is totally wrong
given that the reasoning path is irrelevant to the
given question. Colonel Sanders happens to be the
advertising character of kfc, but this cannot be gen-
eralized to other cases. Without using the trained
model to filter out this irreverent path, the model
may learn incorrect map from who is the owner...
to the relation advertising characters. In our exper-
iment, we observe that when we train our model
with all reasoning paths generated from DFS al-
gorithm without using this filtering strategy (i.e.
k2 = inf ), the F1 score drops 3.4% as shown in
Table 3. This shows the importance of using the
filtering strategy.

Next we demonstrate the benefit of maximizing
conditional mutual information instead of likeli-
hood. A sample question in WQSP is who did
benjamin franklin get married to?. We observe that
there are 13 questions are using Benjamin Franklin
as the topic entity in the training set, but most of
them are related to his invention and none of them
is about marriage. With such a strong prior on
Benjamin Franklin, our experimental result shows
that the model trained with maximum likelihood
mistakingly maps this question to a path related
to invention, while the model trained with mutual
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Question: what state does romney live in? Answer: Massachusetts Topic entity: romney
SINGLE GROUND TRUTH MULTIPLE PRODUCT MULTIPLE MARGINAL (OUR)
.89:children .29:education institution/ state province region .83:places lived/ location
.06:government positions/ jurisdiction of office .25:places lived/ location .12:government positions/ jurisdiction of office
.04:government positions/ office position or title .25:government positions/ district represented .04:government positions/ district represented
.00:government positions/ district represented .01:government positions/ jurisdiction of office .01:place of birth/ state
.00:place of birth .01:place of birth/ state .00:education/ degree
.00:jurisdiction of office .01:sibling/ place of birth .00:election campaigns

Table 7: A running examples from WEBQUESTIONSP dataset. We show the probability P (r0, · · · , rT |q) before
the inferred relations. Paths that lead to the correct answers are highlighted in bold. We use / to split two relations.
The three columns are corresponding to the results by using different training settings as it is in Table 4. Due to
space limit, we only show the partial name of a relation in the example and the probability less than .01 is shown
as .00. We do not show P (e0, · · · , eT−1|q) because they are not determined by our MRP-QA model.

information makes the correct prediction. Table 3
shows that we get a 1.8% performance boost by
using mutual information.

We further show how generated probabilities
look like with different choices of paths and objec-
tives in Table 7. In the given example, only our
MRP-QA method outputs the correct path, and one
can also find that the top three results correspond
to three different but correct reasoning processes.
We observe that in many training questions “live in”
co-occurs with word “children”, which explains
why the first model makes wrong prediction. We
can see that training with joint objective given a
single relation path generates the most sharp rela-
tion path distribution, i.e. the gap between the top
entity and the second one is larger than that using
other objectives. It assigns most probability mass
to the top relation path. In this case, the model
does not have ability to identify multiple relation
paths during inference. The other extreme is that
the second model is trained with joint objective and
MRPs, which distribute probabilities over many re-
lation paths, hence the model cannot distinguish
good relation paths from the bad ones. Between
the above two extremes is the proposed marginal
objective with MRPs, when the most probable path
is assigned the largest probability, while the rest
ones still get reasonable probability assignments.

5 Related Work

Most of the existing multi-hop KBQA systems ap-
proach this task by decomposing it into two sub-
tasks: topic–entity linking and relation extraction.
The topic–entity linking gives the system an entry
point to start searching, and the relation extrac-
tion is used to search relation paths leading to the
final answer. Following this track, a straightfor-
ward idea is to match the question to a candidate
entity/relation directly via calculating the similar-

ity between them (Zhang et al., 2018; Yu et al.,
2018; Lan et al., 2019). This method is not ideal
for multi-hop questions with long paths, because
the number of candidate entity-relation combina-
tions grows exponentially as the number of hops
increases. To tackle this issue, methods are pro-
posed to decompose the input question into several
single-hop questions, and then use existing method
to solve each simple question. The decomposition
methods are based on semantic parsing (Abujabal
et al., 2017; Luo et al., 2018) or templates (Ding
et al., 2019). A similar idea is to encode the reason-
ing information hop by hop, and predict the final
answer at the last hop (Miller et al., 2016; Zhou
et al., 2018; Chen et al., 2019).

Another line of work has looked at solving
KBQA task with only final answer as supervision.
Liang et al. (2017) first propose to cast KBQA as
a program generation task using neural program
induction (NPI) techniques. They learn to translate
the query to a program like logical form executable
on the KB. As a follow up, Ansari et al. (2019)
improves this idea by incorporating high level pro-
gram structures. Both these NPI models do not
require annotated relation path as supervision, but
they need some prior knowledge to design the pro-
gram templates. In other work, Min et al. (2019)
recently proposed a latent variable approach which
is similar to the one described here, but applied
on text-based QA scenarios. The main difference
between our work is that our method aims at find-
ing multiple reasoning paths leading to the answer,
while their method only focus on extracting sin-
gle optimal solution. We employ inference during
training to filter our irrelevant paths, while they use
it to identify the optimal solution.

Besides knowledge based question answering
models, there are also other question answering
sytstems without using knowledge base/graph in-
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formation. For examples, there are end-to-end
question-answering models by using reinforcement
learning(Wang and Jin, 2019), adversarial learn-
ing(Wang et al., 2021b, 2020b), and also the multi-
model structure to handle the unknown entities in
question answering(Wang et al., 2018, 2020a). Co-
reference understanding (Wang et al., 2021a) is also
another research direction in designing question-
answering systems.

6 Conclusion

In this paper, We introduce a novel MRP-QA
knowledge based question answering system which
can leverage information from MRPs. To train
our model, we use a marginalized probability ob-
jective function. Experimental results show that
our model achieve strong performance on popular
KBQA datasets.
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Abstract

Existing research on Tabular Natural Language
Inference (TNLI) exclusively examines the
task in a monolingual setting where the
tabular premise and hypothesis are in the
same language. However, due to the uneven
distribution of text resources on the web across
languages, it is common to have the tabular
premise in a high resource language and the
hypothesis in a low resource language. As
a result, we present the challenging task of
bilingual Tabular Natural Language Inference
(bTNLI), in which the tabular premise and
a hypothesis over it are in two separate
languages. We construct EI-INFOTABS: an
English-Indic bTNLI dataset by translating
the textual hypotheses of the English TNLI
dataset INFOTABS into eleven major Indian
languages. We thoroughly investigate how pre-
trained multilingual models learn and perform
on EI-INFOTABS. Our study shows that the
performance on bTNLI can be close to its
monolingual counterpart, with translate-train,
translate-test and unified-train being strongly
competitive baselines.

1 Introduction

Tabular Natural Language Inference (TNLI) is the
task of classifying whether a textual hypothesis is
an entailment, contradiction or a neutral extension
of the given tabular premise. The task requires a
broad range of reasoning abilities, including but
not limited to the ability to make lexical, spatio-
temporal, and semantic deductions. Recently
published datasets, TabFact (Chen et al., 2020b)
and INFOTABS (Gupta et al., 2020), have enabled
the examination of the TNLI task. Moreover,
sophisticated models based on deep contextual
embeddings like BERT (Devlin et al., 2019),
RoBERTa (Liu et al., 2019), etc. trained under

∗Equal Contribution †Corresponding Author

Joe Strummer
Birth Name John Graham Mellor
Born 1952-08-21 Ankara, Turkey
Died 2002-12-22 Broomfield,

Somerset, England
Genres Punk Rock, Post Punk
Occupation(s) Musician, Songwriter,

Radio Host, Actor
Instruments Vocals, Guitar, Piano
Years Active 1970-2002
Labels CBS, Sony, Hellcat,

Mercury
Associated Acts The 101ers, The Clash

H1: John Graham Mellor plays less instruments than the
number of labels he has worked for.

H2: Joe Strummer changed his surname after he became a
guitar player.

H3: Joe Strummer was active in the sports industry for over
three decades.

H1hi−trl: jon grāham melar un lebaloan kı̄ sankhyā kı̄ tulanā
mean kam vādya bajāte haian jinake lie unhoanne kām
kiyā hai

H2hi−trl: jo st.ramar ne ek git.ār vādak banane ke bād apanā
upanām badal liyā

H3hi−trl: jo st.ramar tı̄n dashakoan se khel udyog mean
sakriya the

Figure 1: Tabular premise followed by human written
hypotheses (H1, H2, H3). H1 is entailed entirely from
the premise, H2 is neither entailed nor contradictory, and
H3 is contradictory. H1hi−trl, H2hi−trl, and H3hi−trl
are the transliterations of Hindi translations of the
former, released as a part of our EI-INFOTABS dataset.

supervision on heuristic adaptations of these
datasets perform adequately.

Typically, and to the authors’ best knowledge,
fact verification tasks, specifically TNLI, have been
examined only in a monolingual setting wherein,
the tabular premise and the textual hypothesis
are in the same language. However, many semi-
structured/tabular data sources exist only in English
but require verification of hypotheses over those
data sources in other languages, as discussed in
§2. Therefore, we examine a modified tabular NLI
task by introducing bilinguality within the premise
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and hypothesis pair. To understand this modified
task, consider the example in Figure 1. The table
presented in the figure has been extracted from
the English Wikipedia article on Joe Strummer1,
a well known musician. Following which, are
transliterated hypotheses in Hindi (hi) (and their
English (en) translation) which are related to the
information presented in the given table. We
show transliterated hypotheses only for the ease
of comprehension. We use native scripts for
each language in the EI-INFOTABS dataset. For
bilingual tabular NLI, a reasoning model should be
able to predict the inference label entail for H1hi,
neutral for H2hi and contradict for H3hi given the
English table as the primary context. In summary,
our contributions are as follows:

• We introduce the task of bilingual tabular NLI
(bTNLI) wherein the tabular premise is in a high
resource language, while the textual hypothesis is
in a low resource language. This is a practical,
real world setting for fact verification on semi-
structured tabular data which is further illustrated
in §2.

• We create EI-INFOTABS, a dataset consisting
of machine translated hypotheses in 11 Indian
languages, while retaining the English tabular
premises from the INFOTABS dataset. Through
extensive studies shown in §3, we confirm that
EI-INFOTABS is of good quality, and preserves
properties important to study the bTNLI task.

• We explore several multilingual models for
the bTNLI task, and establish strong baselines
and share findings about their performance
across multilingual models, languages, train-
eval techniques, tabular reasoning categories,
adversarial test splits, and both datasets
(INFOTABS and EI-INFOTABS).

Overall, EI-INFOTABS dataset and our proposed
train-eval strategies enable thorough examination
of the challenging task of bTNLI. Furthermore,
the former aslo serve as a quality benchmark
for evaluating the robustness of multilingual
models. The dataset and the associated scripts,
are available at https://enindicinfotabs.
github.io.

2 Motivation

Why Tabular NLI? Tabular data is termed as
semi-structured as it is neither truly unstructured
1 Joe Strummer Wikipedia

data like raw text, nor is it entirely structured like a
database. Although semi-structured data is based
on a structured scaffold, the content can be free-
form text with variable length and type. Moreover,
unlike a database, there is no homogeneity across
various data points in a shared context. Such
structural ambiguity imposes a significant cognitive
load while reasoning about it. However, such data
is ubiquitous in the real world (e.g. web pages, fact
sheets, information tables) and we frequently make
inferences from it.

Chen et al. (2020b) argue that reasoning about
semi-structured data is broadly two-fold in nature.
It consists of (a.) Linguistic Reasoning: a semantic
deconstruction of the semi-structured data (b.) ,
and Symbolic Reasoning: a symbolic execution
on the tabular structure.For instance, H2 in Figure
1 requires linguistic reasoning over the phrase
“became a guitar player” from the “Occupation”,
and the “Instruments” rows of the concerned
table. H1 requires symbolic reasoning in the
form of conditional and arithmetic operations on
the “Labels” and “Instruments” rows. Whereas,
H3 requires a combination of the two types of
reasoning. Such interwoven reasoning criteria
makes it challenging to model Tabular NLI task.

Why Indic Languages? Indian society is largely
multilingual and consists of 122 major and 1599
other languages and dialects spanning 6 language
families with over 1.3 billion native speakers2. Out
of these, 30 languages have more than 1 million
native speakers each and over 1 billion speakers
cumulatively3. Moreover, India has the second
largest online presence with over 749 million
internet users and is expected to grow to over
1.5 billion users by 20404. So, development of
competent reasoning models for the Indic context
is essential.

However, due to unfair linguistic bias on the
web (Miquel-Ribé and Laniado, 2020; Joshi et al.,
2020), there is a disproportionate distribution
of text resources for Indian languages. Indian
languages have a limited number of internet
resources. Thus, they are often known as low web
resource languages (LRL) (Khemchandani et al.,
2021). For instance, Wikipedia entries in Hindi are
just 2% of those in English, and Wikipedia entries
in Assamese and Oriya are 7 times lesser than those
in Hindi. This implies that a significant fraction of
2 Wikipedia Indian Languages 3 2011 Indian Census
4 www.statista.com
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articles and sometime even complete categories are
discussed only in the English language Wikipedia
(Bao et al., 2012).

Although, efforts have been made to bridge this
gap (Adar et al., 2009; Kumaran et al., 2010),
there still exist several limitations: (a.) table
extraction for an article across languages is a
challenge due to absence of Wikipedia page links,
their infobox tables or important keys of tables,
(b.) even if tabular data exists, infobox tables in
Indian languages are not updated as regularly as
their English equivalents (Minhas et al., 2022)
which leaves us with outdated and untrustworthy
tabular data for inference, (c.) and lastly, table
translation while maintaining the intent, context,
and the same quality of the source English language
is difficult. Often, accurate translation requires the
distinction of a language specific domain expert.
Due to above reasons, tabular data is mostly absent
from Indic Wikipedia articles.

Thus, fact verification in a bilingual setting
wherein, the premise is in English and the
claim/hypothesis is in an Indic language, is of
great significance. Moreover, recent advances
in multilingual language models (Khanuja et al.,
2021a; Kunchukuttan, 2020), datasets (Roark et al.,
2020; Ramesh et al., 2022), and translation systems
(Ramesh et al., 2022) for Indian languages have
enabled quality examination of several Indic NLU
tasks which serves as additional motivation to
evaluate the task of bTNLI for Indic languages
before other low resource languages.

3 EI-INFOTABS Dataset

EI-INFOTABS is an English-Indic bTNLI
extension of INFOTABS (Gupta et al., 2020),
an English TNLI dataset. INFOTABS consists
of 23,738 pairs of tabular premises and textual
hypotheses. The hypotheses are human written
short assertions with an accompanying NLI label,
and the tabular premises are based on 2,540
Wikipedia infoboxes from 12 diverse categories.
Moreover, it consists of additional adversarial test
sets apart from α1 which is the standard test set
and is lexically and topically similar to the train
set - α2 is the lexically adversarial test set which
maintains topical similarity and α3 is the topically
adversarial test set. The dev and test sets (α1, α2,
α3) cumulatively consist of 7200 table-hypothesis
pairs equally splits on all four sets.

EI-INFOTABS extends it by providing machine

translated hypotheses in 11 major Indic languages
namely Assamese (as), Bengali (bn), Gujarati (gu),
Hindi (hi), Kannada (kn), Malayalam (ml), Marathi
(mr), Odia (or), Punjabi (pa), Tamil (ta), and
Telugu (te) for each tabular premise. In this section,
we discuss the EI-INFOTABS construction and
verification.

3.1 EI-INFOTABS Construction
To construct EI-INFOTABS, we machine translated
the English hypotheses provided in INFOTABS
to 11 major Indian languages as described
earlier. We use IndicTrans (Ramesh et al.,
2022), an open-sourced state-of-the-art Indic
NMT model. IndicTrans is trained on the
Samanantar dataset (Ramesh et al., 2022), which
is the largest publicly available parallel corpus
for Indic languages. Moreover, it outperforms
(a) commercial NMT systems like Google-
Translate 5 and Bing Microsoft Translator 6, and
(b) open-source multilingual models like OPUS-
MT (Tiedemann and Thottingal, 2020), mBART50
(Liu et al., 2020) and mT5 (Xue et al., 2021).

3.2 EI-INFOTABS Verification.
Given the absence of Indic reference data, it
becomes challenging to measure the quality of the
translations, and subsequently, of EI-INFOTABS.
In this section, we describe our robust quality
estimation approach to validate EI-INFOTABS.

Automatic Evaluation. We use BERTScore
(Zhang* et al., 2020), an automatic scoring
metric for sentence similarity, between the source
and back-translated English sentences. We use
IndicTrans to generate Indic to English back-
translated data.

BERTScore is known to correlate better with
human judgment at the sentence level (Zhang*
et al., 2020) compared to conventionally used MT
evaluation metrics like BLEU (Papineni et al.,
2002) and ROUGE (Lin, 2004). BERTScore
calculates word level semantic similarity whereas
the conventional MT metrics focus on word overlap.
The results are presented in Table 1. We notice high
semantic similarity scores for all the languages.
However, when we analyse the examples with
low scores, we note that the scores are almost
always low due to the error added during the back-
translation phase. The back-translation introduces
5 https://translate.google.co.in/
6 https://www.bing.com/translator
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errors due to incorrect transliteration of Named
Entities. Consider the following example:

• Femme aux Bras Croisés is open for public
viewing.

• Back-translated: The Ox Brass Crossox is open
to the public

•Hindi Translation(Transliterated): fem auksa brās
kroisaiksa janatā ke lie khulā hai

The Hindi translation of the original sentence
is perfect, however, the named entity “Femme aux
Bras Croisés” when back-translated becomes “Ox
Brass Crossox ”and yields a low BERTScore of
0.86. This is broadly identified as qualitative
feedback for most of the sentences with low
scores across all the languages. Around 20%
of the examples yield a BERTScore of 1.0 and
are deemed perfect translations when reviewed by
native speakers.

Human Evaluation. Broadly, we follow the
guidelines recommended in (Agirre et al., 2016)
to conduct human evaluation. We (a.) diversely
sample source-translation pairs in each language,
(b.) prepare a common Direct Assessment (Graham
et al., 2013) scoring strategy, and (c.) get the
sampled data evaluated on the basis of that strategy.

Diverse Sampling. We sample 50 diverse
hypotheses from the dev split of EI-INFOTABS for
each Indic language. Using the k-DPP algorithm
(Kulesza and Taskar, 2011) over the mBERT
sentence representations, we’re able to achieve
syntactically and semantically diverse samples
spanning the different table categories.

Direct Assessment. We adopt the human evaluation
strategy for low resource machine translation laid
out in (Guzmán et al., 2019). We ask native Indic
language speakers proficient in English to score
a source-translation pair from 0-100. The score
highlights the perceived translation quality of the
source-translation pair. For each language, we get
the samples annotated by two different annotators.
In Table 1, we report the average scores for
each language along with the Pearson correlation
coefficient (r) as a measure for inter-rater reliability.
For more details on human evaluation strategy refer
to Appendix §C.

Discussion. We report our evaluation results
in Table 1. Automatic evaluation and our
corresponding analysis on it shows that EI-

Language DA BSIT BSGT r
Bengali (‘bn’) 0.87 0.95 0.99 0.64
Marathi (‘mr’) 0.81 0.94 0.98 0.68
Gujarati (‘gu’) 0.89 0.95 0.98 0.38
Oriya (‘or’) 0.94 0.94 0.98 0.35
Hindi (‘hi’) 0.89 0.96 0.99 0.40
Punjabi (‘pa’) 0.86 0.95 0.98 0.34
Kannada (‘kn’) 0.87 0.95 0.98 0.70
Tamil (‘ta’) 0.85 0.94 0.98 0.59
Malayalam (‘ml’) 0.85 0.94 0.98 0.50
Telugu (‘te’) 0.84 0.94 0.98 0.39
Assamese (‘as’) 0.83 0.94 - 0.65

Table 1: Here, we compare the Average Direct
Assessment (DA) scores provided by native speakers
with Average BERTScore F1 scores for IndicTrans
En-Indic-En back-translated data (BSIT ), and Average
BERTScore F1 scores for Google-Translate En-Indic-
En back-translated data (BSGT ). Additionaly, we also
present the Pearson correlation coeffecient as a measure
of inter-rater reliability. Higher score implies better
quality for each of the metric.

INFOTABS consists of fluent, semantically accurate
translations across all Indic languages. Moreover,
we note competitive Direct Assessment scores
for each language, and a positive r value which
indicates that the native speakers agree on the good
quality of EI-INFOTABS.

4 Experimental Pipeline

We design our experimental pipeline along the lines
of the research question: How well do existing pre-
trained multlilingual language models perform on
the bTNLI task? In this section, we propose various
modeling strategies and examine how they might
address the challenges and nuances of the proposed
inference bTNLI task.

4.1 Table Representations

It is necessary to linearize semi-structured tabular
data into a textual premise in order to reduce the
task of Tabular Inferencing to a standard NLI
task for which existing state-of-the-art language
models can be adapted directly. We use and
compare the previously proposed linearization
methods (a.) Better Paragraph Representations
(BPR) (Neeraja et al., 2021), (b.) and Premise as
Structure - TabFact (Chen et al., 2020b; Gupta
et al., 2020) (cf. Appendix §A). Henceforth, by
premise, we refer to the linearized representation
of the tabular premise i.e. the infobox table.
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Strategy Model bn hi gu pa mr te ta ml kn as or ModAvg
mBERT 62 64 61 62 61 60 61 59 61 60 35 59

Translate-Train IndicBERT 54 54 53 48 51 51 52 47 54 34 53 50
MuRIL 67∗ 67∗ 67∗ 66 65 65 66 66 66 65 64 66
LnAvg 61 62 60 59 59 57 60 56 60 53 51 57
mBERT 53 55 50 54 51 50 53 51 52 45 34 50

Translate-Test IndicBERT 37 35 35 34 36 36 34 38 39 39 38 36
MuRIL 63 65∗ 62 62 62 60 61 61 62 60 59 62
LnAvg 51 52 49 50 50 49 49 50 51 48 44 49
mBERT 63 66 62 64 62 63 63 62 64 62 36 61

Bilingual-Train IndicBERT 53 53 52 53 52 50 52 54 53 54 53 53
MuRIL 68∗ 67 66 67 65 67 66 66 66 65 65 66
LnAvg 61 62 60 61 60 60 60 61 61 60 51 60
mBERT 63 64 62 63 62 62 61 62 63 62 36 60

Multilingual-Train IndicBERT 53 54 53 52 52 50 51 50 50 53 51 52
MuRIL 67 68∗ 67 67 66 66 67 67 67 66 66 67
LnAvg 61 62 61 61 60 59 60 60 60 60 51 60
mBERT 65 67∗ 63 66 63 62 64 62 64 62 62 64

EnTranslate-Test IndicBERT 56 57 56 57 55 56 57 57 57 57 56 56
MuRIL 65 67∗ 65 65 63 62 64 63 64 61 62 64
LnAvg 63 64 61 63 60 60 62 61 62 60 60 62
mBERT 55 55 53 54 53 53 54 53 53 50 36 51

Translate-Train-X IndicBERT 41 41 39 36 39 40 40 40 40 34 40 39
MuRIL 64 65∗ 64 63 64 64 63 63 64 63 62 64
LnAvg 53 53 52 51 52 52 52 52 52 49 46 51
mBERT 56 56 55 56 56 56 55 55 55 55 41 54

Bilingual-Train-X IndicBERT 42 42 41 40 41 41 41 41 42 42 41 41
MuRIL 65∗ 64 65∗ 65∗ 64 65∗ 65∗ 65∗ 65∗ 65∗ 65∗ 65
LnAvg 54 54 54 53 54 54 54 54 54 54 49 53

Table 2: Performance in terms of accuracy when evaluated on the α1 test set. Higher value implies better performance.
Here, LnAvg represents the average accuracy for a language across all models, while ModAvg represents the average
accuracy of a model across all languages. A value in Purple represents the best accuracy for that model across
all languages. An underlined value in Blue represents the best accuracy for that language across all models. A
value in Green with an asterisk(∗) represents the cases where language-wise and model-wise values coincide. As
we fine-tune on a specific Indic language in the train-eval strategies Translate-Train-X and Bilingual-Train-X, we
report the training average of accuracy on the remaining 10 Indic languages for them. We do not include the results
of XLM-RoBERTa as the model fails to converge on these experiments on multiple runs with a distinct set of
hyper-parameters as explained in Appendix §D. The results for the α2 and α3 sets are provided in Appendix §E.

4.2 Multilingual Models

Owing to the multilingual setting of this task, we
utilise pre-trained multilingual models to encode
the linearized English tabular premise along with
the Indic hypothesis into contextual representations
for classification. We consider two kinds of pre-
trained multilingual models (a.) Indic Specific
which includes IndicBERT and MuRIL due to their
indic specific pre-training, and (b.) Generic which
includes mBERT and XLM-Roberta due to their
pre training in more than hundred languages. For
more details refer to Appendix §B.

4.3 Training and Evaluation Strategies

In order to examine the inter-woven relationships
among the 11 languages, and the corresponding
impact on multilingual models’ performance, we
design a set of train-eval strategies for this task.

Translate-Train: We fine-tune and evaluate the
models on EN-INi premise-hypothesis pairs where
INi is one of the 11 Indic languages. This baseline
evaluates the performance of the multilingual
models on EI-INFOTABS when fine-tuned on Indic
hypotheses. We also evaluated these models across
all languages i.e. cross lingual zero-shot setting
Translate-Train-X.

Translate-Test: We fine-tune the multilingual
models on EN-EN premise-hypothesis pairs from
the INFOTABS dataset and evaluate on EN-INi
premise-hypothesis pairs. This baseline evaluates
the Zero-shot Cross-Lingual Transfer ability of
the reasoning models from INFOTABS to EI-
INFOTABS.

Bilingual-Train: We fine-tune the multilingual
models on both EN-EN and EN-INi premise-
hypothesis pairs, and evaluate on EN-INi premise-
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hypothesis pairs. This baseline evaluates whether
addition of English hypotheses while fine-tuning
aids the performance of the multilingual models
prepared in Translate-Train. We also evaluated
these models across all languages i.e. cross lingual
zero-shot setting Bilingual-Train-X.

Multilingual-Train: We fine-tune the multilingual
models on all available training data across all Indic
languages and the English language. We evaluate
the models on EN-INi premise-hypothesis pairs on
each 11 Indic languages. This baseline assesses
if fine-tuning on several languages to produce a
unified multilingual model improves performance.

EnTranslate-Test: We fine-tune the multilingual
models on EN-EN premise-hypothesis pairs from
INFOTABS and evaluate on EN-ENINi premise-
hypothesis pairs where ENINi represents INi to
EN back-translated hypotheses. This approach
evaluate the translate then test baseline on the EI-
INFOTABS dataset.

5 Results and Analysis

In this section, we discuss and analyse the results
obtained on conducting the experiments as per
the various strategies laid out in §4. We present
the results in Table 2 for each experiment on the
α1 test set using the BPR linearization algorithm.
The values represent classification accuracy. We
analyze the findings thoroughly across multilingual
models, languages, train-eval techniques, tabular
reasoning categories, adversarial test splits, and
both datasets (INFOTABS and EI-INFOTABS).

5.1 Across Multilingual Models
We observe that MuRIL performs best across all
languages and experiments except EnTranslate-
Test, beating IndicBERT and mBERT. MuRIL’s
superior performance can be justified on the
grounds of (a) the large size of the hidden layers,
(b) Indic specific pre-training data, and (c) Indic
specific pre-training objectives (Khanuja et al.,
2021a). MuRIL’s architecture consists of 237M
parameters, compared to mBERT’s 167M and
IndicBERT’s 33M, which makes it extremely
competitive on any Indic NLU task. IndicBERT’s
relatively small size explains why it performs the
worst, even though it is pre-trained on Indic specific
data. mBERT comes in a close second to MuRIL,
failing to perform adequately only on Odia (or).
mBERT isn’t pre-trained on Assamese (as) or Odia
which justifies its extremely low performance on

Odia. However, we note competitive results on
the Assamese language. This could be attributed
to the fact that Assamese is closely related to
Bengali (bn) linguistically. They both share
the Bengali-Assamese script and are mutually
intelligible (Khemchandani et al., 2021).

# dev α1 α2 α3

0 15.56% 16.33% 27.61% 25.67%
1-3 11.17% 10.83% 11.39% 14.22%
4-6 7.16% 7.5% 6.72% 9.61%
7-9 9.55% 10.67% 10.22% 12.67%
10-11 56.56% 54.67% 44.06% 37.83%

Table 3: Percentage of examples predicted correctly by
our best performing model for the given number of Indic
languages. For instance, 7.16% of examples in the dev
set are predicted correctly for at least 4 and at max 6
Indic languages.

mBERT’s performance gets boosted in
EnTranslate-Test as mBERT is pre-trained on a
significant amount of English data which makes
it extremely competitive in modeling English
NLU tasks. MuRIL performs similarly even
though it is trained on lesser amount of English
data. This could be due to Indic artifacts like
sentence structure and inadequately transliterated
named entities being present in the back-translated
sentences which MuRIL has been trained to handle
better than mBERT.

5.2 Across Languages

We observe that the models perform best on
Hindi (hi) and Bengali. This is expected as
they are high resource languages in the Indic
context. Additionally, as explained in §5.1, we
note that pre-training or fine-tuning on Bengali
aids the performance on Assamese due to their
high degree of relatedness. Table 3 shows the
measure of agreement across the languages. We
note that almost all languages agree on 55% of
the predictions on the dev set and the α1 test
set. This reduces to 38% on the α3 test set.
This indicates that for a majority of examples
from the non-adversarial test sets, MuRIL
performs uniformly across languages. However,
its performance across languages starts varying
more on the adversarial test sets (α2 and α3).

5.3 Train-Eval Strategies

Translate-Train’s results show that the multilingual
models converge and perform adequately when
fine-tuned on EI-INFOTABS. Moreover, when
fine-tuned along with English data - as described
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Figure 2: Here, we compare human benchmarks (H), predictions of the best performing model trained on INFOTABS
from (Neeraja et al., 2021) (I) and predictions of our best performing model (E), MuRIL (Multilingual-Train), on
the examples annotated with reasoning category in the dev split for Oriya (left) and Hindi (right).

in Bilingual-Train - mBERT and IndicBERT
perform marginally better while MuRIL doesn’t
report a change in performance. MuRIL,
when fine-tuned on all languages as described
in Multilingual-Train, performs best on EI-
INFOTABS and forms the benchmark for this
task. mBERT and IndicBERT, however, perform
worse on Multilingual-Train when compared
to Bilingual-Train. This indicates that these
models fail to generalise their reasoning ability
across all languages and aren’t as multilingually
robust as MuRIL. The results on Translate-Test
are the lowest across all train/eval strategies
which indicates a poor Zero-shot Cross-Lingual
Transfer from INFOTABS to EI-INFOTABS.
However, the performance of MuRIL on Translate-
Test is comparable with its performance on
Translate-Train unlike mBERT and IndicBERT.
This indicates that MuRIL can generalize well
across English and Indic languages which are
linguistically distinct.

Translate-Train-X and Bilingual-Train-X
evaluate the average Cross-Lingual Transfer
performance of the models trained in Translate-
Train and Bilingual-Train. We observe higher
performance in Bilingual-Train-X over
Translate-Train-X which indicates that addition
of English training data aids the Cross Lingual
Transfer from one Indic language to another.
Moreover, the average performance of MuRIL
on Bilingual-Train-X is comparable to that on
Translate-Train which suggests that MuRIL
robustly generalises across Indic languages.
Both, Bilingual-Train-X and Translate-Train-X
perform better than Translate-Test due to high

Figure 3: Consistency Matrix which measures the
deviation of our best performing model, MuRIL
(Multilingual-Train)’s predictions on the α1 test set for
Hindi as compared to that of RoBERTaLARGE on the α1

test set of INFOTABS.

language relatedness among Indic languages
when compared with English. The results on
EnTranslate-Test are extremely promising for
both MuRIL and mBERT. Their performance is
very close to that of the best performing model,
MuRIL, on Translate-Train. This indicates that
back-translation doesn’t lead to a significant loss
in information required for the bTNLI task.

5.4 Tabular Reasoning Categories

We conduct a fine-grained analysis on how our
best model, MuRIL (Multilingual-Train), performs
on various reasoning categories. We present the
results in Figure 2 for Hindi and Odiya. We
observe that MuRIL performs similarly on EI-
INFOTABS as RoBERTaLARGE does on INFOTABS
for entity type, named entity, negation, numerical,
quantification and simple lookup reasoning types.
Additionally, MuRIL performs better for the co-
reference resolution reasoning type. This is broadly
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Figure 4: Confusion Matrix for the predictions of our
best performing model, MuRIL (Multilingual-Train), on
the Hindi α1 set from EI-INFOTABS.

observed across all the Indic languages. Both
RoBERTaLARGE and MuRIL perform poorly for
knowledge and common sense, multi-row, co-
reference, and temporal reasoning types.

5.5 Across Adverserial Test Splits

The results for the other evaluation sets α2 and
α3 are provided in Appendix §E. Across all
the experiments, we note that the fine-tuned
models perform best on α1, followed by α2

and α3 respectively. Moreover, we note that
on most baselines, the average performance
of a fine-tuned model drops by roughly 10%
when tested on α2 or α3. This is similar to
the observations reported on INFOTABS (Neeraja
et al., 2021) and presented in Table 4. Low
performance of the multilingual models on the
α2 test set of EI-INFOTABS indicates that
(a.) multilingual models learn shallow lexical
features to make inferences on EI-INFOTABS just
like the monolingual models do on INFOTABS,
(b.) and IndicTrans carefully captures the lexical
adversity in the α2 test set of INFOTABS.This
commends the ability of IndicTrans to handle
lexical nuances. Low performance on α3 test set
of EI-INFOTABS suggests that the multilingual
models learn categorical features and perform
adversely when evaluated on unseen category.

5.6 EI-INFOTABS v/s INFOTABS

Table 4 reports the human benchmarks and the
baselines with the BPR linearization algorithm
on each validation set in INFOTABS. We observe
that the baselines on EI-INFOTABS are within an
absolute margin of 10% when compared to those
on INFOTABS. This suggests that EI-INFOTABS
is more challenging than INFOTABS which was

expected due to the presence of (a.) bilinguality
within the premise-hypothesis pair, and (b.) the
low resource nature of Indic languages.

Figure 3 reports the consistency of predictions
of MuRIL on the α1 test set of Hindi EI-
INFOTABS when compared against that of
RoBERTaLARGE on the α1 test set of INFOTABS.
We observe that MuRIL behaves noticeably
different than RoBERTaLARGE. MuRIL disagrees
with RoBERTaLARGE on 47% of examples with the
Contradiction and Entailment labels. However, for
Neutral labels, it only disagrees on around 36%
of the examples. Moreover, from our discussion
in §5.4, we observe that MuRIL outperforms
RoBERTaLARGE on certain reasoning categories.

Model (Rep) Dev α1 α2 α3

BERTB (BPR) 63.00 63.54 52.57 48.17
RoBERTaB (TabFact) 68.06 66.7 56.87 55.26
RoBERTaL (BPR) 76.42 75.29 66.50 64.26
RoBERTaL (TabFact) 77.61 75.06 69.02 64.61
Human 79.78 84.04 83.88 79.33

Table 4: The human benchmarks and several baselines
on evaluation set of INFOTABS as reported in Gupta
et al. (2020) (TabFact) and Neeraja et al. (2021) (BPR).
Here subscript XL and XB represent X model L: Large
and B: Base versions respectively.

However, the models fine-tuned on EI-
INFOTABS broadly mimic the performance of
RoBERTaLARGE on INFOTABS. Figure 4 presents
the confusion matrix of MuRIL’s predictions on
the α1 test set of Hindi. We observe a similar
distribution across all Indic languages. As noted in
Gupta et al. (2020), MuRIL also tends to predict
Neutral hypotheses with the highest confidence
as they mostly contain out of table or subjective
information terms. Moreover, both models confuse
Entailment with Contradiction inference label and
vice-versa. We observe that the model predictions
on EI-INFOTABS is similar to RoBERTaLARGE
predictions on INFOTABS.

6 Further Discussion

EI-INFOTABS is the first Tabular NLI dataset
in the Indic context which enables preliminary
studies in this field. Moreover, it introduces
bilinguality for fact verification scenarios which
is of huge significance in low resource contexts.
It motivates the development of cross-lingual
reasoning models, and helps in evaluation of
robustness of multilingual models. For instance,
our experiments on EI-INFOTABS clearly indicate
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that MuRIL is a significantly more robust
multilingual model when compared to mBERT as
it is able to generalize its reasoning ability across
all Indic languages.

Although, we explain how machine translation
doesn’t affect the semantics of the hypotheses, it
does come with a few challenges. We identified
a few instances wherein the IndicTrans model
translates named entities, instead of transliterating
them. This is observed only, but not always, when
a named entity has an English dictionary word in
it. For instance, “Death Proof ”, name of a movie,
gets translated and not transliterated in two out
of nine hypotheses containing the phrase. This is
mostly observed in the Movies category. However,
this doesn’t affect our reasoning models and they
perform on par on this category when compared
with RoBERTaLARGE’s performance on INFOTABS.
This is so because such translations when shallow
parsed indicate that the translated entity still acts
as the Noun Phrase in the sentence. This helps the
translation, though technically imperfect, retain the
intended semantic structure.

7 Related Work

Tabular Reasoning. Tabular NLI has been of
keen interest recently. Datasets like TabFact (Chen
et al., 2020b), INFOTABS (Gupta et al., 2020)
were the first resources on TNLI and they enabled
a fine-grained examination of the task. Beyond
NLI, there has been a thorough examination of
various other NLP tasks on semi-structured data.
For instance, question answering (Abbas et al.,
2016; Chen et al., 2020c; Zayats et al., 2021; Oguz
et al., 2020; Chen et al., 2021, and others), semantic
parsing and retrieval (Krishnamurthy et al., 2017;
Sun et al., 2016; Pasupat and Liang, 2015; Lin
et al., 2020, and others), tabular probing (Gupta
et al., 2021), generative tasks including table-to-
text (Parikh et al., 2020; Nan et al., 2021; Yoran
et al., 2021; Chen et al., 2020a,d, and others). Other
works have explored creating task-independent
representations for Wikipedia infoboxes (Herzig
et al., 2020; Yin et al., 2020; Zhang et al., 2020; Iida
et al., 2021; Pramanick and Bhattacharya, 2021;
Glass et al., 2021, and others), and boosting tabular
reasoning by pre-training and external knowledge
incorporation (Neeraja et al., 2021; Varun et al.,
2022, and others).

Multilingual Models. Multilingual, and
specifically Cross-Lingual transfer (Deshpande

et al., 2021; Patil et al., 2022, and other), has
been widely discussed in the context of low
resource languages. Several datasets (Conneau
et al., 2018; Yang et al., 2019; Ponti et al., 2020;
Artetxe et al., 2020; Nivre et al., 2016; Lewis et al.,
2021, and others), benchmarks and leaderboards
(Hu et al., 2020; Liang et al., 2020; Ruder et al.,
2021; Khanuja et al., 2021b, and others), and
evaluation frameworks (Tarunesh et al., 2021; K
et al., 2021; Srinivasan et al., 2021) have emerged
which focus entirely on evaluation of multilingual
NLU. Further, multilingual language models
have been developed for (a.) Natural Language
Understanding (Devlin et al., 2019; Conneau and
Lample, 2019; Conneau et al., 2020; Chi et al.,
2021; Chung et al., 2021, and others), (b.) and
Natural Language Generation (Xue et al., 2021;
Fan et al., 2021, and others).

Indic Resources. Indic NLP, recently, has seen
a recent surge in the number of datasets (Ramesh
et al., 2022; Roark et al., 2020; Haddow and Kirefu,
2020a; Abadji et al., 2022; Kolluru et al., 2021, and
others), multilingual models (Dabre et al., 2021;
Kakwani et al., 2020; Khanuja et al., 2021a, and
others), toolkits (Arora, 2020; Bhat et al., 2015;
Jain et al., 2020, and others), translation systems
(Ramesh et al., 2022), and dedicated benchmarks
for evaluation (Kakwani et al., 2020; Krishna et al.,
2021). This has enabled the Indian NLP research
community to construct competent models for a
variety of challenging NLP tasks.

8 Conclusion

We motivate and introduce the bilingual tabular
NLI for fact verification tasks, and release EI-
INFOTABS- a first of its kind tabular NLI dataset
for making inferences in 11 Indic languages over
English tabular data. Our robust quality estimation
experiments show that the machine translated
datasets closely preserve the semantics of the
source and are fluent. We show that pre-trained
multilingual models find this task challenging,
however, still perform close to the benchmarks on
INFOTABS with Translate-test and Translate-train
providing good performance. The analysis also
shows the similarity of inference capabilities across
languages. The dataset offers immense potential as
it opens up avenues in (a) multilingual tabular NLI,
(b) bilingual claim verification, (c) and evaluation
of multilingual models.
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9 Ethical Considerations

In terms of demographic and socioeconomic
characteristics, we attempted to establish a
balanced, bias-free dataset. The EI-INFOTABS
dataset is derived from the INFOTABS dataset,
which is devoid of bias. The only possible source
of prejudice can be the translation pipeline. Our
qualitative analysis indicates that translation quality
is reasonably good and there aren’t any observable
biases like gender in the translation. The dataset is
intended and useful for studying language model
representations in a cross-lingual and structured
data setting. The paper points out that low-
resource languages can benefit from reasoning
over structured data in other languages. This is
a relatively new research topic and further work
will help understand limitations as well as uncover
new directions. Hence, we recommend the use of
this dataset at this point exclusively for scholarly,
non-commercial purposes.
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A Details: Table Representation

1. Premise as Paragraph: (Chen et al.,
2020b), (Gupta et al., 2020) employ universal
templates to construct close to natural
language sentences for isolated cells in a
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Hyper Parameter XLM-RoBERTa IndicBERT MuRIL-base-cased mBERT-cased
Initial Learning Rate [1e-4,1e-9] 5e-5 5e-5 5e-5
Batch Size 128 128 128 128
Weight Decay 0.01 0.01 0.01 0.01
Max Seq Length 128 128 128 128
Model Size 278M 33.7M 237M 177M
Warmup Steps 500 500 500 500

Table 5: Hyper Parameters used for Fine-Tuning the corresponding multilingual models.

row, and then, concatenate them to obtain
a single paragraph representation. (Gupta
et al., 2020) suggest constructing sentences
of the form "The k of t is v" for a cell
having key k, value v in a table with title
t. E.g. in figure 1 for the row Born
the premise sentence would be "The born
of Joe Strummer is 21 August 1952
(1952-08-21) Ankara, Turkey"

However, (Neeraja et al., 2021) identify
that such templates can often lead to
ungrammatical sentences and propose the
Better Paragraph Representation (BPR)
approach. BPR utilises type specific templates
based on the entity type of a key, and
the overall category of the table itself
resulting in grammatical sentences. (Neeraja
et al., 2021) note a significant increase in
performance while employing BPR over the
universal template. We adopt BPR as one
of our representation approaches. E.g. for
same Born key in figure 1 the premise
sentence with BPR representation would be
"Joe Strummer was born on August
21, 1952 (1952-08-21) at Ankara,
Turkey"

2. Premise as Structure: Unlike the natural
language like Premise as Paragraph
representations, here, we try to represent the
row as structural text as proposed by (Chen
et al., 2020b). Every isolated cell in a row is
represented as "k : v" where k is the key, and
v is the value of the cell. A row’s structural
representation is a semi-colon ";" separated
sequence of the structural representations
of all the isolated cells in that row. E.g. for
the same Born key in figure 1 the premise
sentence will be represented as "Born :
August 21, 1952 (1952-08-21),
Ankara, Turkey"

B Details: Multilingual Models

Indic Specific: This class of multilingual models
are pre-trained entirely on Indic language data
along with English. We use MuRIL Base
(Khanuja et al., 2021a), and IndicBERT (kak)
pre-trained multilingual models. MuRIL is a
BERT (Devlin et al., 2019) based model trained
with Masked Language Modeling (Taylor, 1953)
and Translation Language Modeling (CONNEAU
and Lample, 2019) objectives. It is trained
on (a.) Common Crawl OSCAR corpus7 and
Wikipedia8 monolingual data for 16 Indic
languages along with the English language,
(b.) PMIndia (Haddow and Kirefu, 2020b) along
with other in-house parallel corpora, (c.) and
the Dakshina Dataset (Roark et al., 2020) along
with other parallel in-house transliterated corpora.
IndicBERT is an ALBERT (Lan et al., 2019) based
model trained on IndicCorp (kak).

Generic: This class of multilingual models are
pre-trained on a wide array of languages from
around the world. We use mBERT-cased (Devlin
et al., 2019) and XLM-RoBERTa (con) pre-trained
multilingual models.

C Human Evaluation Strategy

We requested our colleagues who are native
speakers and are proficient in English to help us
with this task while disclosing the intentions. We
provide them with instructions adopted from the
Direct Assessment (Graham et al., 2013) strategy
for low resource machine translation in (Guzmán
et al., 2019). We sample 50 pairs of source,
translation pairs and ask the annotators to provide
a continuous score between 0 to 100. 0–10
range represents a translation that is completely
incorrect and inaccurate. 70–90 range represents a
translation that closely preserves the meaning of the
source sentence while the 90–100 range represents
a perfect translation.
7 Oscar Corpus 8 Tensorflow Datasets
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D Model Hyper-Parameters

Table 5 reports the hyper-parameters used for fine-
tuning the multilingual models on EI-INFOTABS.
We use the Huggingface Transformers9 library
to script these experiments. We were unable to
successfully converge XLM-RoBERTa in multiple
runs spanning a distinctive set of hyper-parameters.
Figure 5 shows the loss plots for XLM-RoBERTa
and mBERT when fine-tuned on EI-INFOTABS.
It is distinctively visible that XLM-RoBERTa
is unable to converge on EI-INFOTABS on a
significant amount of steps unlike mBERT.

Figure 5: Train Loss for multiple runs of XLM-
RoBERTa with distinct set of hyper-parameters
compared with that of mBERT. Each run spans roughly
37,000 steps.

Fine-Tuning Settings. We follow the
conventionally used pipeline for fine-tuning
BERT for Sequence Classification (Jiang and
de Marneffe, 2019). We concatenate the premise
and the hypothesis strings using a [SEP] token
in between them, prepend this sequence with a
[CLS] token, tokenize this sequence using the
pre-trained tokenizer for the respective model,
and provide the obtained sequence as input to
the pre-trained model. We attach a three-way
classification head with cross-entropy loss on top
of the pooled output obtained from the previous
step. With an initial learning rate of 5e-05 with
AdamW optimizer (Loshchilov and Hutter, 2018),
we fine-tune each model on 4 1080Ti GPUs with
a batch size of 32 per GPU over 10 epochs.

9 Transformer Hugging Face

E Performance on the α2 and α3

Adversarial Sets

Tables 6 and 7 report the results for the adverserial
test sets α2 and α3 respectively using the BPR
linearization method.

F Zero Shot Cross-Lingual Transfer

Tables 8 and 9 report the performance of MuRIL on
Translate-Train-X and Bilingual-Train-X. We note
that models trained on linguistically closer pairs
of languages are able to admirably transfer their
performance to each other. Notably, Assamese
(‘as’) and Bengali (‘bn’) being immensely closely
related, support this hypothesis. Moreover, we
note the same for closely related Indo-European
languages Bengali, Hindi, Gujarati (‘gu’), and
Marathi (‘mr’). Models trained on these languages
distinctively transfer their performance better
on each other compared to languages from
the Dravidian language family - Malayalam
(‘ml’), Telugu (‘te’), Tamil (‘ta’), Kannada (‘kn’).
Dravidian languages are not as closely related due
to differences in scripts and sentence structures
which is observed in the results as well.
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Strategy Model bn hi gu pa mr te ta ml kn as or ModAvg
mBERT 51 52 48 49 48 48 49 48 49 47 36 48

Translate-Train IndicBERT 46 44 44 44 46 46 45 45 46 34 45 44
MuRIL 56∗ 56∗ 52 55 54 52 55 53 55 54 53 54
LnAvg 51 51 48 49 49 49 50 48 50 45 45 49
mBERT 47 47 44 45 44 44 45 43 46 41 34 44

Translate-Test IndicBERT 41 38 37 38 39 38 38 38 38 42 39 39
MuRIL 52 51 51 50 50 51 51 53∗ 53∗ 49 50 51
LnAvg 47 45 44 44 44 45 44 44 45 44 41 44
mBERT 52 52 50 51 50 50 51 49 51 50 37 49

Bilingual-Train IndicBERT 45 45 45 48 47 45 46 45 46 44 45 45
MuRIL 56∗ 55 54 56∗ 54 54 53 54 56∗ 54 53 54
LnAvg 51 51 50 51 50 50 50 49 51 49 45 50
mBERT 50 51 51 50 50 51 49 48 50 48 35 48

Multilingual-Train IndicBERT 46 46 46 47 45 45 44 44 45 45 44 45
MuRIL 55 55 56∗ 55 55 54 55 55 55 54 54 55
LnAvg 50 51 51 51 50 50 49 49 50 49 45 50
mBERT 55 55 55 53 53 54 54 54 54 54 53 54

EnTranslate-Test IndicBERT 48 47 47 48 47 47 46 46 46 47 47 47
MuRIL 56∗ 55 55 56∗ 54 55 54 55 54 54 54 55
LnAvg 53 52 52 52 51 52 51 52 51 52 52 52
mBERT 45 45 44 45 42 42 45 41 45 40 35 43

Translate-Train-X IndicBERT 40 38 37 36 37 39 38 40 38 34 38 38
MuRIL 54∗ 53 52 54∗ 53 52 53 51 52 54∗ 52 53
LnAvg 46 45 44 45 44 44 45 44 45 42 41 44
mBERT 47 47 46 46 46 46 46 44 46 47 43 46

Bilingual-Train-X IndicBERT 39 40 39 39 39 39 40 39 39 40 39 39
MuRIL 54 54 54 55∗ 54 53 53 54 54 54 54 54
LnAvg 46 47 46 47 47 46 46 46 46 47 45 46

Table 6: Performance in terms of accuracy when evaluated on the α2 test set. Higher value implies better performance.
Here, LnAvg represents the average accuracy for a language across all models, while ModAvg represents the average
accuracy of a model across all languages. A value in Purple represents the best accuracy for that model across all
languages. An underlined value in Blue represents the best accuracy for that language across all models. A value
in Green with an asterisk(∗) represents the cases where language-wise and model-wise values coincide. As we
fine-tune on a specific Indic language in the fine-tuning strategies Translate-Train-X and Bilingual-Train-X, we
report the training average of the concerned language. We do not include the results of XLM-RoBERTa as the
model fails to converge on these experiments on multiple runs with a distinct set of hyper-parameters as explained
in Appendix §D.
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Strategy Model bn hi gu pa mr te ta ml kn as or ModAvg
mBERT 47 48 46 45 46 46 47 46 46 43 35 45

Translate-Train IndicBERT 43 44 40 42 41 42 43 39 43 33 41 41
MuRIL 52 54∗ 52 53 52 51 52 51 54 51 50 52
LnAvg 47 49 46 47 46 47 47 45 48 43 42 46
mBERT 44 46 43 45 43 45 46 43 44 39 33 43

Translate-Test IndicBERT 36 36 35 34 35 35 35 35 35 36 34 35
MuRIL 53∗ 52 51 51 51 50 51 51 50 50 49 51
LnAvg 45 44 43 43 43 43 44 43 43 42 39 43
mBERT 49 49 47 47 48 46 49 47 49 46 34 46

Bilingual-Train IndicBERT 42 41 42 42 40 42 41 44 42 42 41 42
MuRIL 52 53∗ 52 51 51 52 51 52 51 53 51 52
LnAvg 48 48 47 47 46 47 47 47 47 47 42 47
mBERT 47 47 46 47 46 45 46 45 47 46 36 45

Multilingual-Train IndicBERT 42 41 42 40 40 42 41 41 40 42 40 41
MuRIL 54∗ 54∗ 52 53 52 53 53 53 54∗ 54∗ 53 53
LnAvg 47 47 47 47 46 47 47 46 47 47 43 46
mBERT 51 52 50 51 50 50 52 49 50 50 49 50

EnTranslate-Test IndicBERT 46 48 46 46 46 46 46 45 46 45 44 46
MuRIL 53∗ 52 51 51 51 50 50 50 51 50 48 51
LnAvg 50 51 49 49 49 49 49 48 49 48 47 49
mBERT 44 44 43 44 43 44 44 43 44 41 34 42

Translate-Train-X IndicBERT 37 36 36 35 36 37 37 37 36 33 36 36
MuRIL 51 52∗ 52∗ 52∗ 50 51 51 51 52∗ 51 51 51
LnAvg 44 44 43 44 43 44 44 43 44 42 40 43
mBERT 45 44 44 44 44 44 45 44 45 44 37 44

Bilingual-TrainX IndicBERT 37 36 36 36 36 37 38 37 37 37 36 37
MuRIL 51 51 51 51 51 51 52∗ 52∗ 51 52∗ 52∗ 51
LnAvg 44 44 44 44 44 44 45 44 44 44 42 44

Table 7: Performance in terms of accuracy when evaluated on the α3 test set. Higher value implies better performance.
Here, LnAvg represents the average accuracy for a language across all models, while ModAvg represents the average
accuracy of a model across all languages. A value in Purple represents the best accuracy for that model across all
languages. An underlined value in Blue represents the best accuracy for that language across all models. A value
in Green with an asterisk(∗) represents the cases where language-wise and model-wise values coincide. As we
fine-tune on a specific Indic language in the fine-tuning strategies Translate-Train-X and Bilingual-Train-X, we
report the training average of the concerned language. We do not include the results of XLM-RoBERTa as the
model fails to converge on these experiments on multiple runs with a distinct set of hyper-parameters as explained
in Appendix §D.
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bn hi gu pa mr te ta ml kn as or TrainAvg
bn 67 66 64 62 63 63 63 60 63 64 62 63
hi 66 67 65 65 64 62 63 64 65 62 62 64
gu 63 64 66 65 62 64 63 63 63 63 64 64
pa 63 64 63 65 61 61 62 62 62 62 61 62
mr 65 66 63 64 65 62 62 63 64 62 62 63
te 65 62 63 64 62 64 62 63 64 63 63 63
ta 63 64 63 61 62 62 65 62 64 61 59 62
ml 65 62 62 63 62 63 62 65 64 63 61 63
kn 65 65 65 64 63 63 63 64 66 62 62 64
as 63 63 63 62 63 62 63 63 63 65 61 63
or 64 61 60 62 60 61 61 60 62 62 64 61
TestAvg 64 64 63 63 62 62 63 63 64 63 62 63

bn hi gu pa mr te ta ml kn as or TrainAvg
bn 55 54 54 53 53 52 53 53 53 54 52 53
hi 54 56 53 52 52 51 52 52 53 53 52 53
gu 54 52 52 50 51 50 52 50 51 50 50 51
pa 55 54 54 55 53 52 54 52 53 52 53 53
mr 54 53 53 53 53 51 52 51 52 52 52 52
te 54 52 52 52 52 51 51 52 52 52 51 52
ta 56 55 54 51 53 53 54 52 53 51 51 53
ml 53 50 53 49 51 50 50 52 52 51 50 51
kn 54 53 52 51 51 50 52 50 54 51 51 52
as 56 53 55 52 53 52 53 53 54 54 51 53
or 55 51 50 53 51 51 51 51 52 51 53 52
TestAvg 54 53 53 52 52 51 52 52 53 52 51 52

bn hi gu pa mr te ta ml kn as or TrainAvg
bn 52 51 50 51 50 49 50 49 51 52 51 50
hi 53 54 51 53 52 51 52 51 52 50 50 52
gu 53 51 52 52 50 51 50 52 51 50 50 51
pa 53 52 51 53 51 51 53 51 51 51 52 52
mr 52 50 50 51 51 48 49 49 49 50 49 50
te 51 51 49 50 50 51 50 50 51 49 49 50
ta 53 52 50 48 51 49 52 51 50 51 50 51
ml 52 49 50 51 52 50 49 50 51 50 49 50
kn 52 53 50 51 50 51 51 51 53 51 50 51
as 51 50 50 51 50 49 50 50 51 51 52 51
or 52 51 49 50 51 50 50 51 51 50 50 50
TestAvg 52 51 50 51 51 50 51 51 51 50 50 51

Table 8: Complete results (accuracy) for Translate-Train-X of MuRIL on the α1, α2, and α3 test splits respectively.
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bn hi gu pa mr te ta ml kn as or TrainAvg
bn 67 67 64 65 64 63 63 64 64 63 63 64
hi 65 67 63 65 63 63 63 62 63 63 61 63
gu 65 67 66 65 63 64 64 64 65 64 62 64
pa 66 66 65 66 64 62 64 64 64 64 63 64
mr 64 67 64 65 65 62 64 63 64 64 61 64
te 66 66 65 65 64 66 65 64 65 64 64 65
ta 65 67 65 64 63 63 65 63 64 63 63 64
ml 67 67 66 66 63 63 64 66 63 63 61 64
kn 67 67 65 65 64 63 64 64 66 63 63 65
as 66 66 65 64 65 63 64 64 64 65 62 64
or 65 68 65 65 64 63 65 63 65 63 65 64
TestAvg 66 67 65 65 64 63 64 63 64 63 63 64

bn hi gu pa mr te ta ml kn as or TrainAvg
bn 55 54 54 53 53 53 53 52 53 52 52 53
hi 55 54 54 54 53 52 54 53 54 52 52 53
gu 54 54 53 53 53 53 54 53 53 54 52 53
pa 55 55 54 55 53 52 55 54 56 54 53 54
mr 55 54 54 53 53 53 54 53 55 53 52 54
te 55 53 53 53 53 54 53 51 53 53 52 53
ta 53 53 53 53 52 52 53 52 54 52 51 52
ml 57 54 55 53 54 53 53 53 54 53 52 54
kn 56 54 53 54 52 51 53 53 56 54 52 53
as 56 54 54 54 52 53 54 54 55 53 52 54
or 55 54 53 53 52 53 54 54 54 53 53 53
TestAvg 55 54 54 54 53 53 54 53 54 53 52 53

bn hi gu pa mr te ta ml kn as or TrainAvg
bn 52 50 49 50 52 51 50 52 50 49 49 50
hi 51 52 49 52 50 49 50 51 51 49 48 50
gu 51 51 51 51 51 51 50 51 51 49 49 51
pa 52 52 50 51 51 51 50 52 50 49 48 51
mr 52 50 51 50 51 50 50 51 50 49 49 50
te 51 51 51 51 52 52 51 51 51 49 50 51
ta 52 52 51 52 51 51 51 51 51 51 50 51
ml 53 52 52 50 52 52 51 52 50 50 50 51
kn 50 52 51 52 50 51 51 50 50 49 48 50
as 53 52 51 52 52 52 51 52 50 53 49 52
or 53 52 51 52 51 50 52 52 51 51 50 51
TestAvg 52 52 51 51 51 51 51 51 50 50 49 51

Table 9: Complete results (accuracy) for Bilingual-Train-X of MuRIL on the α1, α2, and α3 test splits respectively.
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Abstract
Entities lie in the heart of biomedical natu-
ral language understanding, and the biomed-
ical entity linking (EL) task remains chal-
lenging due to the fine-grained and diversi-
form concept names. Generative methods
achieve remarkable performances in general
domain EL with less memory usage while
requiring expensive pre-training. Previous
biomedical EL methods leverage synonyms
from knowledge bases (KB) which is not triv-
ial to inject into a generative method. In
this work, we use a generative approach to
model biomedical EL and propose to inject
synonyms knowledge in it. We propose KB-
guided pre-training by constructing synthetic
samples with synonyms and definitions from
KB and require the model to recover con-
cept names. We also propose synonyms-aware
fine-tuning to select concept names for train-
ing, and propose decoder prompt and multi-
synonyms constrained prefix tree for inference.
Our method achieves state-of-the-art results
on several biomedical EL tasks without can-
didate selection which displays the effective-
ness of proposed pre-training and fine-tuning
strategies. The source code is available at
Github.com/Yuanhy1997/GenBioEL.

1 Introduction

Biomedical entity linking (EL) refers to mapping
a biomedical mention (i.e., entity) in free texts to
its concept in a biomedical knowledge base (KB)
(e.g., UMLS (Bodenreider, 2004)). This is one of
the most concerned tasks of research in medical
natural language processing which is highly related
to high-throughput phenotyping (Yu et al., 2015),
relation extraction (Li et al., 2016), and automatic
diagnosis (Yuan and Yu, 2021).

Recent methods in biomedical EL mainly used
neural networks to encode mentions and each con-
cept name into the same dense space, then linked

∗ Contributed equally.
† Corresponded author.

mentions to corresponding concepts depending
on embedding similarities (Sung et al., 2020; Lai
et al., 2021; Bhowmik et al., 2021; Ujiie et al.,
2021; Agarwal et al., 2021). Synonyms knowl-
edge has been injected into these similarity-based
methods by contrastive learning (Liu et al., 2021a;
Yuan et al., 2022). For example in UMLS, con-
cept C0085435 has synonyms: Reiter syndrome,
Reactive arthritis and ReA which help models to
learn different names of a concept entity. However,
similarity-based methods requires large memory
footprints to store representation for each concept
which are hard to deploy.

In general domain, GENRE (Cao et al., 2021a)
viewed EL as a seq2seq task which inputs mentions
with contexts and outputs concept names token-
by-token. Mentions, contexts and concepts can
be mingled due to the power of transformers, and
the model does not need to store representations
for each concept during inference. GENRE pre-
trained on Wikipedia EL datasets to boost perfor-
mances. However, directly implementing GENRE
on biomedical EL cannot harvest satisfying re-
sults. The gap occurs in two aspects: (1) There
are no such large-scale human-labeled biomedical
EL datasets for pre-training. (2) Biomedical con-
cepts may have multiple synonyms. We find the
results are sensitive to the synonyms selection for
training, and simply using a 1-to-1 mapping be-
tween names and concepts as Cao et al. (2021a,b)
may hurt performances.

To address the above issues, we propose KB-
guided pre-training and synonyms-aware fine-
tuning to improve generative EL. For pre-training,
we construct pre-training samples using synonyms
and definitions collected from KBs and sentence
templates. KB-guided pre-training has the same
format as seq2seq EL, which fills the gap of loss of
pre-training corpus. Compared to the method intro-
duced in Cao et al. (2021a), ours performs better
in biomedical EL with fewer resources. For fine-
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tuning, we propose decoder prompts to highlight
mentions. We find the model tends to generate
textually similar names to mentions. Hence tex-
tual similar criterion is proposed for selecting con-
cept names during fine-tuning. During inference,
we propose a multi-synonyms constrained prefix
tree, which results in significantly improved perfor-
mance. The overview of our approach is illustrated
in Figure 1.

We conduct experiments on various biomed-
ical EL datasets and achieve SOTA results on
COMETA, BC5CDR, and AskAPatient (AAP)
even without candidate selection. Extensive studies
show the effectiveness of our proposed pre-training
and fine-tuning schemes.

2 Approach

Define a set of concepts E as target concepts (i.e.
concepts from target KBs). For each concept e ∈ E ,
we have a set of synonyms names f(e) = {sie|i ∈
{1, . . . , ne}}. All the synonyms forms a name
set S =

⋃
e∈E{sie|i ∈ {1, . . . , ne}}. Names-to-

concept mappings can be defined by:σ(sie) = e
where σ = f−1. For mention m with left and right
contexts cl and cr which gold label is em ∈ E , we
need to find the target concept êm ∈ E . m, c and s
comprise a sequence of tokens.

2.1 Seq2seq EL

Our model applies an encoder-decoder transformer
architecture following Cao et al. (2021a). The en-
coder input is: [BOS]cl[ST]m[ET]cr[EOS],
where [ST] and [ET] are the special tokens mark-
ing m1. For the decoder side, unlike GENRE de-
coding target names directly, we use simple prefix
prompts Pm =<m is> to strengthen the inter-
action between mentions and make the decoder
side output resemble a natural language sentence:
[BOS] m is s, where s is a target name be-
long to label concept e. The training objective of
Seq2Seq EL is to maximize the likelihood:

pθ(s|Pm, c,m) =

Ns∏

i=1

pθ(yi|y<i, Pm, c,m),

where Ns is the number of tokens of s and yi indi-
cates the ith token. The inference of Seq2seq EL
applies beam search (Sutskever et al., 2014) with
targets constrained to the name set S by a prefix

1We use words Start and End as [ST] and [ET] respec-
tively.

tree (constructed by name set S). Unlike mGENRE
Cao et al. (2021b) using provided candidates to de-
crease the size of the prefix tree, we use the whole
name set S instead.

2.2 KB-Guided Pre-training

As the training data of EL is tiny compared to
the vast number of concepts in KB, thus it makes
EL for some mentions zero-shot problems. We
want to leverage synonyms knowledge from KB to
enhance the model’s performance. Injecting syn-
onyms knowledge to the encoder-only models can
be done by contrastive learning (Liu et al., 2021a;
Yuan et al., 2022). However, such a paradigm can-
not directly apply to encoder-decoder architecture
as entities are not represented by dense embed-
dings. To mitigate this problem, we construct a
pre-training task that shares a similar form as Sec-
tion 2.1. We manually define a set of clause tem-
plates to splice with synonyms and definitions in
KB to form input synthetic language discourses.
Concretely, we select two synonyms sae and sbe and
definition ce of a concept e ∈ E . Then we ran-
domly pick a template to concatenate them to form
the encoder input, here we give two examples:

[BOS][ST]sae[ET] is defined as ce[EOS]
[BOS]ce describes [ST]sae[ET][EOS]

For the decoder: [BOS] sae is sbe. ce is the sim-
ulated context and sbe is for model to predict. If
definitions are absent in KB, we will use other syn-
onyms to construct ce. All templates we used can
be found in Appendix E.2.

2.3 Synonyms-Aware Fine-tuning

We propose and validate by experiments in Sec-
tion 4 that seq2seq EL is profoundly influenced by
the textual similarity between mentions and con-
cept names. It tends to generate textually similar
names. We select the target name by calculating
the character 3-gram TF-IDF similarity (Neumann
et al., 2019) between mention m and all synonyms
{sie} and choosing the most similar one as

s = arg max
s∈{sie}

cos(TFIDF(m),TFIDF(s)).

By the textual similarity criterion, we manually
reduce the difficulty of fine-tuning. We do not use
this criterion for pre-training since we want it to
learn various synonyms to improve generalization.
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Figure 1: Overview of our approach.

Model BC5CDR
Bhowmik et al. (2021) 84.8
Angell et al. (2021) 91.3
Varma et al. (2021) 91.9±0.2

FT (Ours) 92.6±0.1

PT + FT (Ours) 93.3±0.2

Table 1: Recall@1 on BC5CDR test dataset. Sung et al.
(2020); Liu et al. (2021a); Lai et al. (2021) evaluate it
by splitting into two subsets which is a easier setting
and we do not compare to them. FT corresponds to
fine-tuning and PT corresponds to pre-training.

Different from GENRE using only one canonical
name for each concept for prefix tree, we use multi-
synonym names (i.e. S) to construct prefix tree.
During inference, we apply prefix tree constrained
beam search to decode the name ŝm, and map to the
concept êm = σ(ŝm) via N-to-1 names-to-concept
mapping σ.

3 Experiments

3.1 Datasets and KBs
Pre-training We use a subset of UMLS st21pv
(Mohan and Li, 2019) as E for pre-training. It con-
tains 2.37M concepts, where 160K concepts con-
tain definitions and 1.11M concepts have multiple
synonyms. While pre-training, we iterate concepts
and synonyms to construct inputs and outputs.

Fine-tuning We evaluate our model on BC5CDR
(Li et al., 2016), NCBI (Doğan et al., 2014),
COMETA (Basaldella et al., 2020) and AAP (Lim-
sopatham and Collier, 2016). These benchmarks
focus on different entity types, including disease,
chemicals, and colloquial terms. For fair compar-
ison, we follow Varma et al. (2021) in BC5CDR,
Lai et al. (2021) in NCBI and COMETA, and Lim-
sopatham and Collier (2016) in AAP to construct
dataset splits and target KB concepts E . Name set
S is constructed by synonyms from UMLS and

Model NCBI COMETA AAP
Sung et al. (2020) 91.1 71.3 82.6
Liu et al. (2021a) 92.3 75.1 89.0
Lai et al. (2021) 92.4 80.1 -
FT (Ours) 91.6±0.1 80.7±0.2 88.8±0.1

PT + FT (Ours) 91.9±0.2 81.4±0.1 89.3±0.1

Table 2: Recall@1 on NCBI-disease, COMETA and
AskAPatient test datasets.

original KB which is detailed in Appendix E.1.
Datasets summaries are shown in Appendix A.
We use recall@1/@5 as metrics for performance
illustration, and recall@5 results are listed in Ap-
pendix C.

3.2 Implementation Details

We use BART-large (Lewis et al., 2020) as the
model backbone. We pre-train and fine-tune our
model using teacher forcing (Williams and Zipser,
1989) and label smoothing (Szegedy et al., 2016)
which are standard in seq2seq training. The hyper-
parameters can be found in Appendix E.3.

3.3 Main Results

Table 1 and 2 compare the recall@1 with state-
of-the-art(SOTA) methods. Our method with KB-
guided pre-training exceeds the previous SOTA on
BC5CDR, COMETA and AAP, which is up to 1.4
on BC5CDR, 1.3 on COMETA and 0.3 on AAP.
Our method also shows superiority over previous
SOTA on BC5CDR and COMETA without pre-
training. Besides, our method shows competitive
results on NCBI compared to SOTA, and we further
analyse the results of NCBI through case studies in
Appendix D.

4 Discussion

Does pre-training help? On all datasets, KB-
guided pre-training improves fine-tuning consis-
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Init BC5CDR COMETA
Not Fine-tune
BART 6.2 4.1
GENRE 38.3 23.8
KB-guided 42.4 33.1
Synonyms-aware Fine-tune
BART 92.5 80.9
GENRE 92.9 80.8
KB-guided 93.3 81.4

Table 3: Recall@1 for BC5CDR and COMETA test
dataset using different initial checkpoints. We only use
left context for BART in decoding and omit decoding
prompts for GENRE when not fine-tuning which are
consistent with their pre-training.

tently, which is 0.7 on BC5CDR, 0.3 on NCBI,
0.7 on COMETA, and 0.5 on AAP. To better un-
derstand KB-guided pre-training, we conduct ab-
lation studies. We compare different pre-trained
models without fine-tuning in Table 3. BART fails
to link mentions due to the mismatch of the pre-
training task. GENRE has been pre-trained on
the large-scale BLINK dataset (Wu et al., 2020),
and it obtains a decent ability to disambiguate
biomedical mentions. Our pre-trained model shows
improvement on BC5CDR and COMETA com-
pared to GENRE with fewer pre-training resources
(6 GPU days vs. 32 GPU days). We then con-
duct synonyms-aware fine-tuning on different pre-
trained models in Table 3. Our pre-trained model
outperforms BART (+0.8 on BC5CDR, +0.5 on
COMETA) and GENRE (+0.4 on BC5CDR, +0.6
on COMETA) which proves the effectiveness of
pre-training.

Selection of Names We ablate the selection of
target names s for fine-tuning: (a) proposed TF-
IDF similarity; (b) the shortest name in a concept;
(c) randomly sampled name in a concept. We also
compare how to construct S for inference: (i) us-
ing all synonyms from UMLS and target KB; (ii)
using the shortest name for a concept; (iii) using
randomly sampled name for a concept. We note (i)
establish an N-to-1 mapping from synonym name
to concept, while (ii) and (iii) establish a 1-to-1
mapping. We conduct experiments on available
combinations. From Table 4, we conclude that (1)
N-to-1 mapping performs better than 1-to-1 map-
pings during inference, which means synonyms
can boost performances. Using one synonym like
GENRE degrades performances. (2) Textual sim-
ilarity criterion performs better than shortest or
sampled names when training.

We also check the accuracies of different TF-IDF

s S Prompt BC5CDR COMETA
TF-IDF All

√
93.3 81.4

Shortest All
√

87.2 80.6
Sample All

√
86.9 80.8

Shortest Shortest
√

76.3 77.5
Sample Sample

√
72.4 77.8

TF-IDF All × 93.0 80.9

Table 4: Recall@1 for BC5CDR and COMETA test
dataset using different s for training, different S for in-
ference and applying decoder prompts or not.

similarity sample groups on COMETA trained with
using all synonyms as S and TF-IDF for selecting
target names s. From Figure 2, we find the distri-
bution of TF-IDF similarity between mentions and
selected names is polarized, and the accuracy in-
creases along with textual similarities which prove
textually similar targets are easy to generate. This
phenomenon validates the advantage of selecting
textually similar names for fine-tuning.

Decoder Prompting One difference between
GENRE and ours is using prompt tokens on the de-
coder side. Prompting has shown improvement on
various NLP tasks (Liu et al., 2021b). Here, prompt
tokens serve as informative hints by providing addi-
tional decoder attention queries and making the out-
puts resemble language models’ pre-training tasks.
We test dropping the prompt tokens, and Table 4
shows degraded performances (-0.3 on BC5CDR
and -0.5 on COMETA). The results illustrate the
improvement brought by decoder prompting.

Sub-population Analysis We list several sub-
populations of the BC5CDR benchmark to illus-
trate the model’s performance on different fine-
grained categories of mentions. The details of sub-
populations are shown in Appendix C.2

Our model’s performance on different sub-
populations of BC5CDR is shown in Table 9.
Through the results, we have several findings:

1. Compared with Varma et al. (2021), our
method shows superiority over most of the
sub-populations of BC5CDR. Our method
without pre-training outperforms the data-
augmented version of Varma et al. (2021).

2. Our method surpasses Varma et al. (2021)
by the largest margin on Unseen Concepts.
One possible explanation is that our genera-
tive method learns the linkage between men-
tions and contextual information better, thus
gaining superior zero-shot performance.
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Subset Varma et al. (2021) Ours Sample Size
Baseline Full FT PT + FT

Overall 89.5 91.3 92.5 93.4 9.65k
Single Word Mentions 91.4 92.9 95.8 96.6 7.04k
Multi-Word Mentions 84.5 86.8 85.3 84.8 2.62k
Unseen Mentions 75.3 79.6 81.8 83.3 3.28k
Unseen Concepts 69.7 77.5 86.3 86.9 2.16k
Not Direct Match 89.4 91.9 83.0 84.3 3.83k
Top 100 97.3 97.2 97.9 98.1 3.31k

Table 5: Accuracy over sub-populations on BC5CDR of our proposed methods and Varma et al. (2021). The best
results are presented in bold letters and the second best results are highlighted by underlines.
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Figure 2: The accuracy of our model on COMETA
dataset. The X-axis represents the TF-IDF similarities
between mention m and the selected target names s.

3. Our KB-guided pre-training gains improve-
ment universally on most subsets. This re-
flects the effectiveness of the pre-training task.

4. Popular concepts and single-word mentions
are more easily resolved compared to unseen
mentions or concepts and multi-word men-
tions, respectively. Unsurprisingly, mentions
with less training resources and longer tex-
tual forms are more difficult. The lengths of
mentions may challenge the generative model.

5 Related Work

Biomedical EL is an important task in biomedi-
cal NLP. Classification-based methods used a soft-
max layer for classification (Limsopatham and Col-
lier, 2016; Miftahutdinov and Tutubalina, 2019)
which consider concepts as category factors and
lost information of concept names. Recent methods
(Sung et al., 2020; Liu et al., 2021a; Lai et al., 2021;
Bhowmik et al., 2021; Ujiie et al., 2021; Agarwal
et al., 2021; Yuan et al., 2022) encoded mentions
and names into a common space and disambiguated
mentions by nearest neighbors. Angell et al. (2021)
and Varma et al. (2021) adopted a retrieve-and-
rerank framework to boost performances. Varma
et al. (2021) emphasized the lack of training sam-
ples in EL and augmented data using Wikipedia
and PubMed, while our pre-training corpus con-

structed by KB and templates can serve as good
supplementary training data.

Generative EL Cao et al. (2021a) proposed to
view EL as a seq2seq problem that got rid of hard
negative sampling during training and required less
memory at inference. The shortage is it demanded
vast training sources (11 GB training data and 32
GPU days) to achieve competitive performance.
Cao et al. (2021b) explored dealing synonyms in
multilingual generative EL by adding language
identifiers that cannot be directly implemented in
biomedical EL.

6 Conclusion

To the best of our knowledge, our work is the
first to explore generative EL in the biomedical
domain. We inject synonyms and definition knowl-
edge into the generative language model by KG-
guided pre-training. We emphasize the synonym
selection issue and propose synonyms-aware fine-
tuning by considering the textual similarity. De-
coding prompts are also introduced to improve the
model’s performance. Our model sets new state-
of-the-art on different biomedical EL benchmarks.
GENRE shows that well-selected candidate sets
can improve seq2seq EL, and we believe this will
further boost our performances.
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A Dataset Summary and Statistics

We pre-process the datasets by the following pro-
cedures: (1) the abbreviations in the texts are ex-
panded using AB3P (Sohn et al., 2008); (2) the
texts are lower-cased, and the beginning and end-
ing of a mention are marked by two special tokens
[ST] and [ET]; (3) the overlapping mentions and
mentions absent from the target KB are discarded.

BC5CDR (Li et al., 2016) is a benchmark for
biomedical entity recognition and disambiguation.
The dataset annotates 1500 PubMed article ab-
stracts with 4409 chemicals, 5818 diseases entities,
and 3116 chemical-disease interactions. All the
annotated entities are mapped to MeSH ontology,
which is a smaller medical vocabulary that com-
prises a subset of UMLS (Bodenreider, 2004). In
this work, in consideration of fairness, we follow
two most recent works (Angell et al., 2021; Varma
et al., 2021) that use MeSH contained in UMLS
2017 AA release to construct the target knowledge
base.

NCBI (Doğan et al., 2014) contains a corpus of
793 PubMed abstracts. It consists of 6892 anno-
tated disease mentions of 790 unique disease con-
cepts. All the mentions are labeled with concepts
in MELIC ontology (Davis et al., 2012). MELIC
is a medical dictionary that merges the diseases
concepts, synonyms, and definitions in MeSH and
OMIM and is composed of 9700 unique diseases.
In our work, we used the processed data and the
target ontology provided by BioSyn (Sung et al.,
2020) and ResCNN (Lai et al., 2021). We followed
their works to construct our training, developing,
and testing data.

COMETA (Basaldella et al., 2020) consists of
20k English biomedical entity mentions from pub-
licly available and anonymous health discussions
on Reddit. All the mentions are expert-annotated
with concepts from SNOMEL CT. We use the
“stratified (general)” split and follow the evalua-
tion protocol of SapBert (Liu et al., 2021a) and
ResCNN (Lai et al., 2021).

AskAPatient (Limsopatham and Collier, 2016)
is a dataset containing 8,662 phrases of social me-
dia language. Each phrase can be mapped to one
of the 1,036 medical concepts from SNOMEL-CT
and AMT (the Australian Medicines Terminology).
The samples in AskAPatient do not include contex-
tual information and mentions can only be disam-
biguated by phrases per se. We follow the exper-
imental settings from works of Sung et al. (2020)
and Limsopatham and Collier (2016) and apply the
10-fold evaluation protocol.

Statistics of above-mentioned datasets are listed
in Table 6.
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NCBI BC5CDR COMETA AskAPatient
Target names ‖S‖ 108,071 809,929 904,798 3,381
Target concepts‖E‖ 14,967 268,162 350,830 1,036
Train samples 5784 9,285 13,489 16,826
Dev samples 787 9,515 2,176 1,663
Test samples 960 9,654 4,350 1,712

Table 6: Basic statistics of NCBI-disease, BC5CDR, COMETA, AskAPatient datasets and the corresponding target
knowledge bases.

Dataset NCBI BC5CDR COMETA AAP
FT 95.6±0.1 95.3±0.1 88.7±0.2 95.6±0.1

PT+FT 96.3±0.1 95.8±0.2 88.2±0.1 96.0±0.1

Table 7: The Recall@5 results of our proposed method
on different benchmarks.

B License and Availability of Resources

BC5CDR, NCBI, COMETA, and AskAPatients
are all publicly available datasets on the Internet.
Their target KBs MeSH, MELIC, and SNOMEL
CT are covered by UMLS Metathesaurus License.
One can require such a license by signing up for
a UMLS terminology services account to access
KBs mentioned above.

C Additional Experiment Results

C.1 Recall@5 Results

We show the Recall@5 result of our method with
and without pre-training in Table 7.

C.2 Sub-population Analysis

Following Varma et al. (2021), we split test samples
into different sub-populations. The details of dif-
ferent sub-population categories we use is shown
in Table 8.

D Case Study

We provide case studies on the NCBI-disease
benchmark to give an insight and justification of the
performance of our method. For the case of men-
tion colorectal adenomas which is annotated with
D018256 adenomatous polyp, the mention exists
for 6 times in the test set (account for 0.63 score
of Recall@1). Our model fails to correctly disam-
biguate all such mentions while linking the mention
to other concepts D000236 colorectal adenomas
or D003123 hereditary nonpolyposis colorectal
cancer. In the training set, the mention colorectal
adenomas exists for two times and is annotated
with D003132 and D000236 respectively. Thus,
through this case, we can see (1) our model learns

the information contained in the training set; (2)
such inconsistent test samples are hard to disam-
biguate correctly.

E Implementation Details

In this section, we provide more details of our ex-
periments.

E.1 Knowledge Base Pre-processing

Given different knowledge bases, we pre-process
their content by the following procedure:

1. For each concept, we include all its syn-
onyms from the original target KB. We also
expand the synonym set for each concept us-
ing UMLS. We use the 2017 AA Active Re-
lease of UMLS.

2. For synonyms in the expanded name set S , we
lowercase them and remove the symbols (e.g.,
dash line - or comma ,).

3. There may exist a name as a synonym for mul-
tiple concepts. We de-duplicate these over-
lapped synonyms by removing the synonym
from the concept with more other synonyms
to avoid the unbalanced number of synonyms
in each concept.

It is worth noticing that we do not de-duplicate the
synonyms in the target KB of NCBI in considera-
tion of comparison fairness. In the previous works,
a mention link to multiple concepts, and correct
disambiguation is claimed if the target concept is
hit by one of the predicted concepts in NCBI.

E.2 Pre-training Clause Templates

We list pre-training clause templates we used in
Table 10. For those concepts containing only 2
synonyms, sae and sbe are the two synonyms respec-
tively and ce is the same as sbe. For those concepts
containing only 1 sole synonym, sae , sbe and ce are
the same.
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Subset Definition
Overall Full set of the data
Single Word Mentions Mentions that have one sole word.
Multi-Word Mentions Mentions that have multiple words(Separated by blank spaces).
Unseen Mentions Mentions not existing in fine-tuning set.
Unseen Concepts Concepts not existing in fine-tuning set.
Not Direct Match Mentions that are not a synonym of the target concept in KB.
Top 100 Mentions that mapped to the top 100 concepts in existing frequency in fine-tuning set.

Table 8: Accuracy over sub-populations on BC5CDR of our proposed methods and Varma et al. (2021).

Subset Varma et al. (2021) Ours Sample Size
Baseline Full FT PT + FT

Overall 89.5 91.3 92.5 93.4 9.65k
Single Word Mentions 91.4 92.9 95.8 96.6 7.04k
Multi-Word Mentions 84.5 86.8 85.3 84.8 2.62k
Unseen Mentions 75.3 79.6 81.8 83.3 3.28k
Unseen Concepts 69.7 77.5 86.3 86.9 2.16k
Not Direct Match 89.4 91.9 83.0 84.3 3.83k
Top 100 97.3 97.2 97.9 98.1 3.31k

Table 9: Accuracy over sub-populations on BC5CDR of our proposed methods and Varma et al. (2021). The best
results are presented in bold letters and the second best results are highlighted by underlines.

Concepts Templates
Definition >2 synonyms Encoder Side Decoder Side

√ √
/ ×

sae <is defined as> ce.

sae is sbe.
sae <is described as> ce.
ce <are the definitions of> sae .
ce <describe> sae .
ce <define> sae .

× √
ce <are the synonyms of> sae .

sae is sbe.
ce <indicate the same concept as> sae .
sae <has synonyms such as> ce.
sae <refers to the same concepts as> ce.

× ×
ce <is> sae .

sae is sbe.
ce <is the same as> sae .
sae <is> ce.
sae <is the same as> ce.

Table 10: The templates used for constructing pre-training samples for different kinds of concepts. sae is the
selected synonym as the input mention, sbe is the synonym selected as the decoding target. ce is the contextual
information comprised by definition, other synonyms, or mention itself. The template words are between <>, and
we omit the special tokens for marking mentions for conciseness.
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E.3 Experiment Parameters
Our model contains 406M parameters with 12-
layer transformer encoders and 12-layer trans-
former decoders. We list the hyper-parameters
of our model for KB-guided pre-training and
synonyms-aware fine-tuning on different bench-
marks in Table 11. For pre-training, we heuristi-
cally select our parameters. For fine-tuning, we
tune training steps among {20000, 30000, 40000}
on development set. For BC5CDR and COMETA,
we use learning rate as 1e− 5 and warmup steps as
500. For AskAPatient and NCBI, we search learn-
ing rate among {5e − 6, 8e − 7, 3e − 7}, and do
not use warmup. We only evaluate our model at the
end of training. For each benchmark, we run three
times to calculate means and standard deviations.

E.4 Computational Resource
For our KB-guided pre-training, we implement our
model on 6 A100 GPU with 40 GB memory with
the help of DeepSpeed ZeRO 2 (Rajbhandari et al.,
2020) and train for 1 day. For fine-tuning on dif-
ferent benchmarks, we implement our model on 1
A100 GPU.
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Parameters Pre-train BC5CDR COMETA AskAPatient NCBI
Training Steps 80,000 20,000 40,000 30,000 20,000
Learning Rate 4e-5 1e-5 1e-5 5e-6 3e-7
Weight Decay 0.01 0.01 0.01 0.01 0.01
Batch Size 384 8 8 8 8
Adam ε 1e-8 1e-8 1e-8 1e-8 1e-8
Adam β (0.9,0.999) (0.9,0.999) (0.9,0.999) (0.9,0.999) (0.9,0.999)
Warmup Steps 1,600 500 500 0 0
Attention Dropout 0.1 0.1 0.1 0.1 0.1
Clipping Grad 0.1 0.1 0.1 0.1 0.1
Label Smoothing 0.1 0.1 0.1 0.1 0.1

Table 11: Hyper-parameters for KB-guided pre-training and synonyms-aware fine-tuning.
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Abstract
Self-augmentation has received increasing re-
search interest recently to improve named en-
tity recognition (NER) performance in low-
resource scenarios. Token substitution and
mixup are two feasible heterogeneous self-
augmentation techniques for NER that can
achieve effective performance with certain spe-
cialized efforts. Noticeably, self-augmentation
may introduce potentially noisy augmented
data. Prior research has mainly resorted to
heuristic rule-based constraints to reduce the
noise for specific self-augmentation methods
individually. In this paper, we revisit these two
typical self-augmentation methods for NER,
and propose a unified meta-reweighting strat-
egy for them to achieve a natural integration.
Our method is easily extensible, imposing little
effort on a specific self-augmentation method.
Experiments on different Chinese and English
NER benchmarks show that our token substi-
tution and mixup method, as well as their in-
tegration, can achieve effective performance
improvement. Based on the meta-reweighting
mechanism, we can enhance the advantages of
the self-augmentation techniques without much
extra effort.

1 Introduction

Named entity recognition (NER), which aims to
extract predefined named entities from a piece of
unstructured text, is a fundamental task in the nat-
ural language processing (NLP) community, and
has been studied extensively for several decades
(Hammerton, 2003; Huang et al., 2015; Chiu and
Nichols, 2016; Ma and Hovy, 2016). Recently,
supervised sequence labeling neural models have
been exploited most popularly for NER, leading to
state-of-the-art (SOTA) performance (Zhang and
Yang, 2018; Li et al., 2020a; Ma et al., 2020).

Although great progress has been made, devel-
oping an effective NER model usually requires a

∗Equal contributions.
†Corresponding author.
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Figure 1: The main idea of our work, where the two
heterogeneous self-augmentation methods (i.e., token
substitution and mixup) are integrated by a unified meta
reweighting framework.

large-scale and high-quality labeled training corpus,
which is often difficult to be obtained in real-world
scenarios due to the expensive and time-consuming
annotations by human experts. Moreover, it would
be extremely serious because the target language,
target domain, and the desired entity type could all
be infinitely varied. As a result, the low-resource
setting with only a small amount of annotated cor-
pus available is far more common in practice, even
though it may result in significant performance
degradation due to the overfitting problem.

Self-augmentation is a prospective solution to
this problem, which has received widespread at-
tention (Zhang et al., 2018; Wei and Zou, 2019;
Dai and Adel, 2020; Chen et al., 2020; Karimi
et al., 2021). The major motivation is to gener-
ate a pseudo training example set deduced from
the original gold-labeled training data automati-
cally. For NER, a token-level task, the feasible
self-augmentation techniques include token sub-
stitution (Dai and Adel, 2020; Zeng et al., 2020)
and mixup (Zhang et al., 2020a; Chen et al., 2020),
which are deformed at the ground-level inputs and
the high-level hidden representations, respectively.

Nonetheless, there are still some limitations cur-
rently for the above token substitution and mixup
methods. For one thing, both of them require some
specialized efforts to improve their effectiveness
due to the potential noise introduced by the self-
augmentation, which may restrict the valid seman-
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tic representation of the augmented data. For in-
stance, token substitution is typically limited to the
named entities in the training corpus (Wu et al.,
2019), and the mixup tends to be imposed on the
example pairs with small semantic distance gaps
(Chen et al., 2020). For another thing, though the
two techniques seem to be orthogonal and probably
complementary to each other, it remains a poten-
tial challenge to effectively and naturally integrate
them.

In this work, we revisit the token substitution
and mixup methods for NER, and investigate the
two heterogeneous techniques under a unified meta
reweighting framework (as illustrated in Figure 1).
First, we try to relax the previous constraints to a
broader scope for these methods, allowing for more
diverse and larger-scale pseudo training examples.
However, this would inevitably produce some low-
quality augmented examples (i.e., noisy pseudo
data) in terms of linguistic correctness, which may
negatively affect the model performance. To this
end, we present a meta reweighting strategy for
controlling the quality of the augmented examples
and leading to noise-robust training. Also, we can
naturally integrate the two methods by using the
example reweighting mechanism, without any spe-
cialization in a specific self-augmentation method.

Finally, we carry out experiments on several
Chinese and English NER benchmark datasets to
evaluate our proposed methods. We mainly focus
on the low-resource settings, which can be simu-
lated by using only part of the standard training
set when the scale is large. Experimental results
show that both our token substitution and mixup
method coupled with the meta-reweighting can ef-
fectively improve the performance of our baseline
model, and the combination can bring consistent
improvement. Positive gains become more signif-
icant as the scale of the training data decreases,
indicating that our self-augmentation methods can
handle the low-resource NER well. In addition, our
methods can still work even with a large amount
of training data. The code is available at https:
//github.com/LindgeW/MetaAug4NER.

2 Our Approach

In this section, we firstly describe our baseline
model. Then, we present our self-augmentation
methods to enhance the baseline model in the low-
resource settings. Finally, we elaborate on our meta
reweighting strategy, which aims to alleviate the

negative impact of the noisy augmented examples
caused by the self-augmentation while also ele-
gantly combining these augmentation methods.

2.1 Baseline Model

NER task is typically formulated as a sequence
labeling problem, which transforms entities/non-
entities into token-level boundary label sequence
by using the BIO or BIOES schema (Huang et al.,
2015; Lample et al., 2016). In this work, we adopt
BERT-BiLSTM-CRF as our basic model architec-
ture which consists of four components: (1) input
representation, (2) BiLSTM encoding, (3) CRF de-
coding, and (4) training objective.

Input Representation Given an input sequence
X = (x1, · · · , xn) of length n, we first convert it
into sequential hidden vectors using the pre-trained
BERT (Devlin et al., 2019):

e1, · · · , en = BERT(X), (1)

where each token is mapped to a contextualized
representation correspondingly.

Encoding We use a bidirectional LSTM layer
to further extract the contextual representations,
where the process can be formalized as:

h1, · · · ,hn = BiLSTM(e1, · · · , en), (2)

where hi is the hidden state output of the i-th token
in the sequence (i ∈ [1, n]).

Decoding First, a linear transformation layer is
used to calculate the initial label scores. Then,
a label transition matrix T is used to model the
label dependency. Let Y = (y1, · · · , yn) be a label
sequence, the score s(Y |X) can be computed by:

oi =Whi + b,

s(Y |X) =
n∑

i=1

(Tyi−1,yi + oi[yi]),
(3)

where W , b and T are the model parameters. Fi-
nally, we employ the Viterbi algorithm (Viterbi,
1967) to find the best label sequence Y .

Training Objective We exploit the sentence-
level cross-entropy objective for training. Given
a gold-labeled training example (X,Y ), we have
the conditional probability p(Y |X) based on the
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Figure 2: An overview of the self-augmentation framework for NER.

scoring function defined in Equation 3, and then ap-
ply a cross-entropy function to calculate the single
example loss:

p(Y |X) =
exp

(
s(Y |X)

)
∑

Ỹ
exp

(
s(Ỹ |X)

) ,

L(X,Y ) = − log p(Y |X).

(4)

where Ỹ denotes the candidate label sequences.

2.2 Self-Augmentation

Self-augmentation methods can reduce the demand
for abundant manually-annotated examples, which
can be implemented at the input level and represen-
tation level. Token substitution and mixup are two
popular methods for NER that correspond to these
two distinct levels. Here, we try to extend these
two self-augmentation methods.

Token Substitution Token substitution aims to
generate pseudo examples based on the original
gold-labeled training data by replacing the tokens
of input sentence with their synonym alternatives
(Wu et al., 2019; Dai and Adel, 2020). For NER,
Wu et al. (2019) adopted this method to obtain
performance gains on Chinese datasets where the
substituted objects are limited to named entities.
Dai and Adel (2020) empirically demonstrated the
superiority of synonym replacement among various
augmentation schemes where the synonyms are
retrieved from the off-the-shelf WordNet thesaurus.

Our token substitution is performed by building
a synonym dictionary, which covers the named en-
tity synonyms as well as numerous normal word
synonyms. Following Wu et al. (2019), we treat
all entities of the same type from the training set

as synonyms, which are added to the entity dictio-
nary. We name it as entity mention substitution
(EMS). Meanwhile, we extend the substitution to
non-entity tokens (i.e., the corresponding label is
‘O’), which is named as normal word substitution
(NWS). Since unlabeled data in a specific domain
is easily accessible, we adopt the word2vec-based
algorithm (Mikolov et al., 2013; Pennington et al.,
2014) to mine tokens with similar semantics on
Wikidata via distributed word representation (Ya-
mada et al., 2020), and build a normal word syn-
onym dictionary from the k-nearest token set based
on cosine similarity distance. Note that this scheme
does not require access to thesaurus for a specific
domain in order to obtain synonyms.

Figure 2 presents an example of token substi-
tution, where EMS and NWS are both involved.
Specifically, for a given gold-labeled training ex-
ample (X,Y ), we replace the entity token of X
with a sampled entity from the entity dictionary
which has the same entity type, and meanwhile
replace the non-entity token of X with a sampled
synonym. Then, we can obtain a pseudo exam-
ple (X̄, Ȳ ). Especially, we balance the EMS and
NWS strategies based on a ratio γ by adjusting the
percentage of EMS operations, aiming for a good
trade-off between entity diversity and context di-
versity. And, we refer to this method as TS in the
rest of this paper for short.

Mixup for CRF Unlike token substitution per-
formed at the ground input, the mixup technique
(Zhang et al., 2018) generates virtual examples at
the feature representation level in the NLP field
(Guo et al., 2019). The main idea is to perform
linear interpolations on both the input and ground-
truth output between randomly sampled example
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pairs from the given training set. Chen et al. (2020)
presented the first work based on the token clas-
sification framework for the NER task, and their
mixup strategy is constrained to the examples pairs
where the input sentences are semantically similar
by using specific heuristic rules. Different from
their method, we extend the mixup technique to the
CRF decoding.

Formally, give an example pair (X1, Y1) and
(X2, Y2) randomly sampled from the gold-labeled
training set, we firstly obtain their vector rep-
resentations through Equation 1, resulting in
e1,1 · · · e1,n1 , and e2,1 · · · e2,n2 , respectively. Then
we apply the linear interpolation to obtain a new
virtual training example (X̄, Ȳ ). Here we assume
a regularization of pair-wise linear interpolation
over the input representations and the output scores,
where the following attributes should be satisfied:

X̄:

{
BERT(X̄) = ē1 · · · ēn
ēi = λe1,i + (1− λ)e2,i, i ∈ [1, n]

Ȳ :s(Ȳ |X̄) = λs(Y1|X̄) + (1− λ)s(Y2|X̄),

(5)

where n = max(n1, n2)
1 and λ is sampled from

a Beta(α, α) distribution (λ ∈ [0, 1] and α > 0).
According to this formulation, the loss function can
be reformulated as:

L(X̄, Ȳ ) = − log
exp

(
s(Ȳ |X̄)

)
∑

Ỹ
exp

(
s(Ỹ |X̄)

)

= λL(X̄, Y1) + (1− λ)L(X̄, Y2).
(6)

which aligns with the training objective of Equation
4. In this way, our mixup method can fit well with
the structural decoding.

2.3 Meta Reweighting
Although the self-augmentation techniques can ef-
ficiently generate numerous pseudo training exam-
ples, how to control the quality of augmented ex-
amples is a potential challenge that cannot be over-
looked. In particular, unlike sentence-level classifi-
cation tasks, entity recognition is highly sensitive
to the semantics of the context. While positive
augmented examples can help our model advance,
some low-quality augmented examples that are in-
evitably introduced during self-augmentation may
hurt the final model performance.

In this paper, we leverage a meta reweighting
mechanism to dynamically and adaptively assign

1Special zero-vector pads are used to align two sequences
with different lengths.

Algorithm 1 The training procedure of the meta
reweighting strategy

Input: Initial model parameters Θ(0), clean train-
ing dataset D, augmented training dataset D̂,
batch size m,n, training steps T

Output: Updated model parameters Θ(T )

1: for t = 1 to T do
2: Initialize the trainable parameter ϵ.
3: {xc, yc}← SampleMiniBatch(D, m).
4: {xa, ya}← SampleMiniBatch(D̂, n).
5: La ←

∑n
i=1 ϵiL(f(xa,i; Θ(t)), ya,i).

6: ∇Θ(t) ← Grad(La,Θ(t)).
7: Θ̂(t) ← Θ(t) − β∇Θ(t).
8: Lc ← 1

m

∑m
i=1 L(f(xc,i; Θ̂(t)), yc,i).

9: ∇ϵ← Grad(Lc, ϵ).
10: ŵ ← Sigmoid(−∇ϵ).
11: w ← ŵ∑

j ŵj+δ
.

12: L̂a ←
∑n

i=1wiL(f(xa,i; Θ(t)), ya,i).
13: ∇Θ(t) ← Grad(L̂a,Θ(t)).
14: Θ(t+1) ← OptimizerStep(Θ(t),∇Θ(t)).
15: end for

the example-wise weights to each mini-batch of
training data, motivated by Ren et al. (2018). The
key idea is that a small and clean meta-data set
is applied to guide the training of model parame-
ters, and the loss produced by the mini-batch of
meta-data is exploited to reweight the augmented
examples in each batch online. Intuitively, if the
data distribution and gradient-descent direction of
the augmented example are similar to those of the
sample in the meta-data set, our model could better
fit this positive augmented sample and increase its
weight, and vice versa. In other words, the clean
and valid augmented examples are more likely to
be fully trained.

More specifically, suppose that we have a
set of N augmented training examples D̂ =
{(Xi, Yi)}Ni=1, our final optimizing objective can
be formulated as a weighted loss as follows:

Θ∗(w) = argmin
Θ

N∑

i=1

wiL(f(Xi; Θ), Yi), (7)

where wi ≥ 0 is the learnable weight for the loss
of i-th training example. f(·; Θ) represents the
forward process of our model (with parameter Θ).
The optimal parameter w is further determined by
minimizing the following loss computed on the
meta example set D = {(Xm

i , Y
m
i )}Mi=1 (M ≪
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N):

w∗=argmin
w

1

M

M∑

i=1

L(f(Xm
i ; Θ∗(w)), Y m

i ),

(8)

Accordingly, we need to calculate the optimal
Θ∗ and w∗ in Equation 7 and 8 based on two nested
loops of optimization iteratively. For simplicity and
efficiency, we take a single gradient-descent step
for each training iteration to update them via an
online-approximation manner. At every training
step t, we sample a mini-batch augmented exam-
ples {(Xi, Yi)}ni=1 initialized with the learnable
weights ϵ. After a single optimization step, we
have:

Θ̂(t+1)(ϵ) = Θ(t) − β∇Θ

n∑

i=1

ϵiL(f(Xi; Θ), Yi),

(9)

where β is the inner-loop step size. Based on
the updated parameters, we then calculate the
loss of the sampled mini-batch meta examples
{(Xmeta

j , Y meta
j )}mj=1:

Lmeta(Θ̂)=
1

m

m∑

j=1

L(f(Xmeta
j ; Θ̂(t+1)), Y meta

j ),

(10)

To generalize the parameters Θ̂ well to the meta-
data set, we take the gradients of ϵ w.r.t the meta
loss to produce example weights and normalize it
along mini-batch:

ŵi = σ(−∇ϵiLmeta(Θ̂)
∣∣∣
ϵi=0

),

wi =
ŵi∑

j ŵj + δ
.

(11)

where σ(·) is the sigmoid function and δ is a small
value to avoid division by zero. Finally, we opti-
mize the model parameters over augmented exam-
ples with the calculated weights.

Algorithm 1 illustrates the detailed training pro-
cedure of the meta reweighting strategy. It is note-
worthy that the augmented training examples con-
tain the original clean training examples, which
serve as the unbiased meta-data. Since the algo-
rithm execution just requires a clear definition of
the training objective for the input examples, it
is also well adaptable for the virtual augmented
examples generated by our mixup method.

3 Experiments

3.1 Settings
Datasets To validate our methods, we conduct
experiments on Chinese benchmarks: OntoNotes
4.0 (Weischedel et al., 2011) and Weibo NER
(Peng and Dredze, 2015), as well as English bench-
marks: CoNLL 2003 (Sang and Meulder, 2003)
and OntoNotes 5.02 (Pradhan et al., 2013). The Chi-
nese datasets are split into training, development
and test sections following Zhang and Yang (2018)
while we take the same data split as Benikova et al.
(2014) and Pradhan et al. (2012) on the English
datasets. We follow Lample et al. (2016) to use
the BIOES tagging scheme for all datasets. The
detailed statistics can be found in Table 4.

Dataset Type Train Dev Test

OntoNotes 4
#sent 15.7k 4.3k 4.3k
#char 491.9k 200.5k 208.1k
#entity 12.6k 6.6k 7.3k

Weibo
#sent 1.4k 0.27k 0.27k
#char 73.8k 14.5k 14.8k
#entity 1.9k 0.4k 0.4k

CoNLL03
#sent 15.0k 3.5k 3.7k
#token 203.6k 51.4k 46.4k
#entity 23.5k 5.9k 5.6k

OntoNotes 5
#sent 59.9k 8.5k 8.3k
#token 1088.5k 147.7k 152.7k
#entity 81.8k 11.1k 11.3k

Table 4: Statistics of datasets. #sent and #entity stand for
the number of sentences and entity words, respectively.

Implementation Details We use one-layer BiL-
STM and the hidden size is set to 768. The
dropout ratio is set to 0.5 for the input and output
of BiLSTM. Regarding BERT, we adopt BERT-
base model3 (BERT-base-cased for the English
NER) and fine-tune the inside parameters together
with all other module parameters. We use the
AdamW(Loshchilov and Hutter, 2019) optimizer
to update the trainable parameters with β1=0.9 and
β2=0.99. For the BERT parameters, the learning
rate is set to 2e−5. For other module parameters ex-
cluding BERT, a learning rate of 1e−3 and weight
decay of 1e−4 are used. Gradient clipping is used
to avoid gradient explosion by a maximum value
of 5.0. All the models are trained on NIVIDIA

2https://catalog.ldc.upenn.edu/
LDC2013T19

3https://github.com/huggingface/
transformers
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Models ON 4 ON 5 CoNLL03
5% 10% 30% 5% 10% 30% 5% 10% 30%

Baseline 75.07 76.14 80.88 81.22 83.51 86.27 85.12 87.11 89.24
+ TS w/o MR 74.58 75.94 79.83 82.12 83.82 86.23 85.93 87.66 89.14
+ TS w/ MR 76.08 76.85 81.23 82.58 83.92 86.50 86.25 88.00 89.55
+ Mixup w/o MR 75.21 76.03 80.00 82.63 83.77 86.04 86.18 87.75 89.48
+ Mixup w/ MR 76.15 76.75 80.97 82.83 84.12 86.60 86.33 88.03 89.75
+ Both w/o MR 76.33 76.91 81.40 82.85 84.33 86.88 86.51 88.10 89.96
+ Both (Final) 76.82 77.13 81.66 82.98 84.52 87.09 86.76 88.25 90.12
Dai and Adel (2020) 75.05 76.75 81.24 82.47 83.90 86.55 86.22 87.86 89.91
Chen et al. (2020) – – – – – – 84.85 87.85 89.87
Chen et al. (2020) (Semi) – – – – – – 86.33 88.78 90.25

Table 1: Results on OntoNotes and CoNLL03 using 5%, 10%, and 30% of the training data. Semi: additional 10,000
unlabeled training examples are used.

Models ON 4 Weibo
Baseline 81.73 69.10
+ TS w/o MR 81.38 68.69
+ TS w/ MR 81.85 69.61
+ Mixup w/o MR 81.68 69.96
+ Mixup w/ MR 82.15 70.53
+ Both w/ MR 82.33 71.15
+ Both (Final) 82.48 71.42
Meng et al. (2019)† 81.63 67.60
Hu and Wei (2020) 80.20 64.00
Mengge et al. (2020) 80.60 69.23
Li et al. (2020a) 81.82 68.55
Nie et al. (2020a)† 81.18 69.78
Nie et al. (2020b) – 69.80
Li et al. (2020b)† 82.11 –
Ma et al. (2020) 82.81 70.50
Xuan et al. (2020)† 82.04 71.25
Liu et al. (2021) 82.08 70.75

Table 2: Performance comparisons using the full train-
ing data on OntoNotes 4 (ON 4) and Weibo. Previous
SOTA results are also offered for comparisons. † de-
notes external knowledge is used.

Tesla V100 (32G) GPUs. The higher library4

is utilized for the implementation of second-order
optimization involved in Algorithm 1.

For the NWS, we use the word vectors trained on
Wikipedia data5 based on the GloVe model (Pen-
nington et al., 2014) and build the synonym set
for any given non-entity word based on the top-5
cosine similarity, where stop-words are excluded.

4https://github.com/facebookresearch/
higher

5https://dumps.wikimedia.org/

Models CoNLL03 ON 5
Baseline 91.23 88.22
+ TS w/o MR 90.98 87.55
+ TS w/ MR 91.64 88.84
+ Mixup w/o MR 91.04 87.46
+ Mixup w/ MR 91.42 88.98
+ Both w/ MR 91.88 89.24
+ Both (Final) 92.15 89.43
Chen et al. (2020) 91.83 –
Clark et al. (2018)‡ 92.60 88.80
Fisher and Vlachos (2019) – 89.20
Li et al. (2020b)† 93.04 91.11
Yu et al. (2020)† 93.50 91.30
Xu et al. (2021)† – 90.85

Table 3: Performance comparisons using the full train-
ing data on CoNLL03 and OntoNotes 5 (ON 5). Previ-
ous SOTA results are also offered for comparisons. ‡
means the multi-task learning with more unlabeled data.
† denotes external knowledge is used.

As mentioned in Section 2.2, we defined two core
hyper-parameters for our self-augmentation meth-
ods, one for TS (i.e., γ) and the other for mixup
(i.e., λ). Specifically, we set γ = 20% and λ
by sampled from the Beta(α, α) distribution with
α = 7, where the details will be shown in the anal-
ysis section. Meanwhile, we conduct the augmen-
tation up to 5 times corresponding to the original
training data.

Evaluation We conduct each experiment by 5
times and report the average F1 score. The best-
performing model on the development set is then
used to evaluate on the test set.
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3.2 Main Results

The main results are presented in Table 1, 2 and
3, verifying the effectiveness of our method under
the low-resource setting and the standard full-scale
setting, respectively. Since Weibo is a small-scale
dataset, we do not consider its partial training set
for the low-resource setting.

Low-Resource Setting We randomly sample 5%,
10%, and 30% of the original training data from
OntoNotes and CoNLL03 for simulation studies.
Table 1 shows the results where F1 scores of the
baseline, +TS, +Mixup, and +Both are reported.
We can observe that: (1) the baseline performance
will drop significantly as the size of training data
get reduced gradually, which demonstrates the per-
formance of the supervised NER model relies heav-
ily on the scale of the labeled training data. (2)
although the number of training examples has in-
creased, vanilla self-augmentation (without meta
reweighting) might degrade the model performance
due to potentially unreliable pseudo-labeled ex-
amples. The meta reweighting strategy helps to
adaptively weight the augmented examples during
training, which combats the negative impact and
leads to a stable and positive performance boost.

In addition, as the scale of the training data de-
creases, the effectiveness of the augmentation meth-
ods can be more significant, indicating that our self-
augmentation methods are highly beneficial for the
low-resource settings, and the two-stage combina-
tion of the two heterogeneous methods can yield
better performance consistently.

Full-Scale Setting Table 2 and 3 show the results
using full-scale training data. The results demon-
strate that our baseline model is already strong.
The model after vanilla augmentation could per-
form slightly worse since each training example
is treated equally even if it is noisy. This also
implies our meta reweighting makes great sense.
Furthermore, our final model (+Both) can further
achieve performance gains by integrating these self-
augmentation methods with the meta reweighting
mechanism. The overall trend is similar to the low-
resource setting, but the gains are relatively smaller
when the training data is sufficient. That may be at-
tributed that the size of training data is large enough
to narrow the performance gap between the base-
line and augmented models. It also suggests that
our method does not hurt the model performance
even when using enough training data.

Comparison with Previous Work We also com-
pare our method with previous representative
SOTA work, where all referred systems exploit
the pre-trained BERT model. As shown, compared
to Dai and Adel (2020) and Chen et al. (2020),
our method either outperforms or performs on par
with theirs when using limited training data. For
Chen et al. (2020), the pure mixup performs slightly
better due to the well-designed example sampling
strategy, but our overall framework outperforms
theirs. Moreover, our method can match the per-
formance of the semi-supervised setting that uses
additional 10K unlabeled training data. Besides,
our final model, without utilizing much external
knowledge, can achieve very competitive results
on the full training set in comparison to most previ-
ous systems.

3.3 Analysis

In this subsection, we further conduct detailed ex-
perimental analyses on the CoNLL03 dataset for a
better understanding of our method. Our main con-
cern is on the low-resource setting, therefore the
models based on 5%, 10% and 30% of the original
training data are our main focus.

Augmentation Times The size of augmented ex-
amples is an essential factor in final model perfor-
mance. Typically, we examine the 5% CoNLL03
training data. As illustrated in Figure 3, the larger
pseudo examples can obtain better performance in
a certain range. However, as the times of augmen-
tation increases, the uptrend of performance slows
down. The improvement tends to be stable when
the pseudo samples are increased to about 5 times
the original training data. Excessively increasing
the augmentation times does not necessarily bring
consistent performance improvement. And we se-
lect an appropriate value for training data of differ-
ent sizes from a range [1, 8].

Influence of γ for Token Substitution Regard-
ing our TS strategy, we take both NWS and EMS
into account simultaneously. The two parts are
blended by a percentage parameter γ, namely γ
for EMS and 1 − γ for NWS. Here we examine
the influence of γ in the sole self-augmentation
model by TS. Figure 4 shows the results, where
γ = 0 and γ = 100% denote the model with only
NWS and EMS, respectively. As shown, our model
can achieve the overall better performance when
γ = 20%, indicating that both of them are helpful
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Figure 3: Influence of augmentation times for 5% train-
ing data of CoNLL03. Times=0 means original training
data without any augmentation.
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Figure 4: Performance against different EMS rate γ.

for the TS strategy, and NWS can be slightly bet-
ter. One possible reason is that the entity words
in original training examples are relatively sparse
(i.e., the ‘O’ label is dominant), allowing the NWS
to produce more diverse pseudo examples.

Mixup Parameter We further inspect the model
with the mixup strategy alone so as to understand
the important factors of the mixup model. First, we
analyze the influence of the mixing parameter α.
As depicted in Figure 5, we can see that α indeed af-
fects the effectiveness of the mixup method greatly.
Considering the feature of Beta distribution, the
sampled λ will be more concentrated around 0.5 as
the α value becomes large, resulting in a relatively
balanced weight between the mixed example pairs.
The model performance remains stable when α is
around 7. Second, we study where to conduct the
mixup operation since there are two main options
in our framework, i.e., the hidden representations
of either the BERT or BiLSTM for linear inter-
polation. Table 5 reports the comparison results,
demonstrating the former is a better choice.

Case Study To further understand the effec-
tiveness of the meta-reweighting mechanism, we
present several high-quality and low-quality exam-
ples in Table 6. As shown, the difference between
the positive and negative examples for TS could be
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Figure 5: Performance against different mixing parame-
ter by Beta(α, α) distribution.

Method 5% 10% 30%
Baseline 85.12 87.11 89.24
Mixing on BiLSTM 86.15 87.66 89.41
Mixing on BERT 86.33 88.03 89.75

Table 5: Performance comparison of the mixup strategy
on BERT or BiLSTM layer.

reflected in the syntactic and semantic validity of
the augmented examples. Similarly, for the mixup,
it seems that the valid example pairs are more likely
to generate positive augmented examples.

4 Related Work

In recent years, research on NER has concen-
trated on either enriching input text representations
(Zhang and Yang, 2018; Nie et al., 2020b; Ma et al.,
2020) or refining model architectures with various
external knowledge (Zhang and Yang, 2018; Ye
and Ling, 2018; Li et al., 2020a; Xuan et al., 2020;
Li et al., 2020b; Yu et al., 2020; Shen et al., 2021).
Particularly, NER model, with the aid of large pre-
trained language models (Peters et al., 2018; Devlin
et al., 2019; Liu et al., 2019), has achieved impres-
sive performance gains. However, these models
mostly depend on rich manual annotations, making
it hard to cope with the low-resource challenges
in real-world applications. Instead of pursuing a
sophisticated model architecture, in this work, we
exploit the BiLSTM-CRF model coupled with the
pre-trained BERT as our basic model structure.

Self-augmentation methods have been widely
investigated in various NLP tasks (Zhang et al.,
2018; Wei and Zou, 2019; Dai and Adel, 2020;
Zeng et al., 2020; Ding et al., 2020). The main-
stream methods can be broadly categorized into
three types: (1) token substitution (Kobayashi,
2018; Wei and Zou, 2019; Dai and Adel, 2020;
Zeng et al., 2020), which performs local substitu-
tion for a given sentence, (2) paraphrasing (Kumar
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Augmentation Examples
Original [Diana]PER met [Will

Carling]PER at an ex-
clusive gymnasium in
[London]LOC.

Positive TS [Freddy Pinas]PER invited
[John Marzano]PER at an
available gym in [UK]LOC.

Negative TS [Tim Henman]PER visit
[Simpson]PER at an avail-
able room in [NICE]LOC.

Positive Mixup
French 1997 budget due
around September 10 -
Juppe.
Jewish 1999 deficit
due about October 20
M.Atherton.

Negative Mixup
Olympic champion Agassi
meets Karim Alami of Mo-
rocco in the first round.
Olympic champion
Nathalie Lancien of France
also missed the winning
attack.

Table 6: Case study on positive and negative augmenta-
tion with respect to the TS and mixup.

et al., 2019; Xie et al., 2020; Zhang et al., 2020b),
which involves sentence-level rewriting without sig-
nificantly changing the semantics, and (3) mixup
(Zhang et al., 2018; Chen et al., 2020; Sun et al.,
2020), which carries out the feature-level augmen-
tation. As a data-agnostic augmentation technique,
mixup can help improve the generalization and ro-
bustness of our neural model acting as an useful
regularizer (Verma et al., 2019). For NER, token
substitution and mixup are very suitable and have
been exploited successfully with specialized efforts
(Dai and Adel, 2020; Chen et al., 2020; Zeng et al.,
2020), while the paraphrasing strategy may result
in structure incompleteness and token-label incon-
sistency, thus there has not been widely concerned
yet. In this work, we mainly investigate the token
substitution and mixup techniques for NER, as well
as their integration. Despite the success of various
self-augmentation methods, quality control may be
an issue easily overlooked by most methods.

Many previous studies have explored the ex-
ample weighting mechanism in domain adaption
(Jiang and Zhai, 2007; Wang et al., 2017; Osumi

et al., 2019). Xia et al. (2018) and Wang et al.
(2019) looked into the example weighting methods
for cross-domain tasks. Ren et al. (2018) adapted
the MAML algorithm (Finn et al., 2017) and pro-
posed a meta-learning algorithm to automatically
weight training examples of the noisy label using
a small unbiased validation set. Inspired by their
work, we extend the meta example reweighting
mechanism to the NER task, which is exploited
to adaptively reweight mini-batch augmented ex-
amples during training. The main purpose is to
mitigate the potential noise effects brought by the
self-augmentation techniques, advancing a noise-
robust model, especially in low-resource scenarios.

5 Conclusion

In this paper, we re-examine two heterogeneous
self-augmentation methods (i.e., TS and mixup) for
NER, extending them into more unrestricted aug-
mentations without heuristic constraints. We fur-
ther exploit a meta reweighting strategy to alleviate
the potential negative impact of noisy augmented
examples introduced by the aforementioned relax-
ation. Experiments conducted on several bench-
marks show that our self-augmentation methods
along with the meta reweighting mechanism are
very effective in low-resource settings, and still
work when enough training data is used. The com-
bination of the two methods can lead to consis-
tent performance improvement across all datasets.
Since our framework is general and does not rely
on a specific model backbone, we will further in-
vestigate other feasible model structures.

Acknowledgements

We thank the valuable comments of all anonymous
reviewers. This work is supported by grants from
the National Natural Science Foundation of China
(No. 62176180).

References
Darina Benikova, Chris Biemann, Max Kisselew, and

Sebastian Padó. 2014. Germeval 2014 named en-
tity recognition shared task: Companion paper. the
KONVENS GermEval Shared Task on Named Entity
Recognition.

Jiaao Chen, Zhenghui Wang, Ran Tian, Zichao Yang,
and Diyi Yang. 2020. Local additivity based data
augmentation for semi-supervised NER. In Proceed-
ings of EMNLP, November 16-20, 2020, pages 1241–
1251.

4057

https://doi.org/10.18653/v1/2020.emnlp-main.95
https://doi.org/10.18653/v1/2020.emnlp-main.95


Jason P. C. Chiu and Eric Nichols. 2016. Named en-
tity recognition with bidirectional lstm-cnns. TACL,
pages 357–370.

Kevin Clark, Minh-Thang Luong, Christopher D. Man-
ning, and Quoc V. Le. 2018. Semi-supervised se-
quence modeling with cross-view training. In Pro-
ceedings of EMNLP, October 31 - November 4, 2018,
pages 1914–1925.

Xiang Dai and Heike Adel. 2020. An analysis of sim-
ple data augmentation for named entity recognition.
In Proceedings of COLING, December 8-13, 2020,
pages 3861–3867.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2019. BERT: pre-training of
deep bidirectional transformers for language under-
standing. In Proceedings of NAACL-HLT, June 2-7,
2019, pages 4171–4186.

Bosheng Ding, Linlin Liu, Lidong Bing, Canasai Kru-
engkrai, Thien Hai Nguyen, Shafiq Joty, Luo Si, and
Chunyan Miao. 2020. DAGA: Data augmentation
with a generation approach for low-resource tagging
tasks. In Proceedings of EMNLP, pages 6045–6057.

Chelsea Finn, Pieter Abbeel, and Sergey Levine. 2017.
Model-agnostic meta-learning for fast adaptation of
deep networks. In Proceedings of ICML, 6-11 August
2017, volume 70, pages 1126–1135.

Joseph Fisher and Andreas Vlachos. 2019. Merge and
label: A novel neural network architecture for nested
NER. In Proceedings of ACL, July 28- August 2,
2019, pages 5840–5850.

Hongyu Guo, Yongyi Mao, and Richong Zhang. 2019.
Augmenting data with mixup for sentence classifica-
tion: An empirical study. CoRR, abs/1905.08941.

James Hammerton. 2003. Named entity recognition
with long short-term memory. In Proceedings of
HLT-NAACL, May 31 - June 1, 2003, pages 172–175.

Dou Hu and Lingwei Wei. 2020. SLK-NER: exploiting
second-order lexicon knowledge for chinese NER. In
SEKE, July 9-19, 2020, pages 413–417.

Zhiheng Huang, Wei Xu, and Kai Yu. 2015. Bidi-
rectional LSTM-CRF models for sequence tagging.
CoRR, abs/1508.01991.

Jing Jiang and ChengXiang Zhai. 2007. Instance
weighting for domain adaptation in NLP. In Pro-
ceedings of ACL, pages 264–271.

Akbar Karimi, Leonardo Rossi, and Andrea Prati. 2021.
AEDA: an easier data augmentation technique for
text classification. In Findings of EMNLP, 16-20
November, 2021, pages 2748–2754.

Sosuke Kobayashi. 2018. Contextual augmentation:
Data augmentation by words with paradigmatic re-
lations. In Proceedings of NAACL-HLT, June 1-6,
2018, pages 452–457.

Ashutosh Kumar, Satwik Bhattamishra, Manik Bhan-
dari, and Partha P. Talukdar. 2019. Submodular
optimization-based diverse paraphrasing and its ef-
fectiveness in data augmentation. In Proceedings of
NAACL-HLT, June 2-7, 2019, pages 3609–3619.

Guillaume Lample, Miguel Ballesteros, Sandeep Sub-
ramanian, Kazuya Kawakami, and Chris Dyer. 2016.
Neural architectures for named entity recognition.
In Proceedings of NAACL-HLT, June 12-17, 2016,
pages 260–270.

Xiaonan Li, Hang Yan, Xipeng Qiu, and Xuanjing
Huang. 2020a. FLAT: chinese NER using flat-lattice
transformer. In Proceedings of ACL, July 5-10, 2020,
pages 6836–6842.

Xiaoya Li, Jingrong Feng, Yuxian Meng, Qinghong
Han, Fei Wu, and Jiwei Li. 2020b. A unified MRC
framework for named entity recognition. In Proceed-
ings of ACL, July 5-10, 2020, pages 5849–5859.

Wei Liu, Xiyan Fu, Yue Zhang, and Wenming Xiao.
2021. Lexicon enhanced chinese sequence labeling
using BERT adapter. In Proceedings of ACL/IJCNLP,
August 1-6, 2021, pages 5847–5858.

Yinhan Liu, Myle Ott, Naman Goyal, Jingfei Du, Man-
dar Joshi, Danqi Chen, Omer Levy, Mike Lewis,
Luke Zettlemoyer, and Veselin Stoyanov. 2019.
Roberta: A robustly optimized BERT pretraining
approach. CoRR, abs/1907.11692.

Ilya Loshchilov and Frank Hutter. 2019. Decoupled
weight decay regularization. In Proceedings of ICLR
2019, May 6-9, 2019.

Ruotian Ma, Minlong Peng, Qi Zhang, Zhongyu Wei,
and Xuanjing Huang. 2020. Simplify the usage of
lexicon in chinese NER. In Proceedings of ACL, July
5-10, 2020, pages 5951–5960.

Xuezhe Ma and Eduard H. Hovy. 2016. End-to-end
sequence labeling via bi-directional lstm-cnns-crf.
In Proceedings of ACL, August 7-12, 2016, pages
1064–1074.

Yuxian Meng, Wei Wu, Fei Wang, Xiaoya Li, Ping
Nie, Fan Yin, Muyu Li, Qinghong Han, Xiaofei Sun,
and Jiwei Li. 2019. Glyce: Glyph-vectors for chinese
character representations. In Proceedings of NeurIPS,
December 8-14, 2019, pages 2742–2753.

Xue Mengge, Bowen Yu, Tingwen Liu, Yue Zhang, Erli
Meng, and Bin Wang. 2020. Porous lattice trans-
former encoder for Chinese NER. In Proceedings of
COLING, pages 3831–3841.

Tomás Mikolov, Ilya Sutskever, Kai Chen, Gregory S.
Corrado, and Jeffrey Dean. 2013. Distributed repre-
sentations of words and phrases and their composi-
tionality. In Proceedings of NeurIPS, pages 3111–
3119.

4058

https://transacl.org/ojs/index.php/tacl/article/view/792
https://transacl.org/ojs/index.php/tacl/article/view/792
https://doi.org/10.18653/v1/d18-1217
https://doi.org/10.18653/v1/d18-1217
https://doi.org/10.18653/v1/2020.coling-main.343
https://doi.org/10.18653/v1/2020.coling-main.343
https://doi.org/10.18653/v1/n19-1423
https://doi.org/10.18653/v1/n19-1423
https://doi.org/10.18653/v1/n19-1423
https://doi.org/10.18653/v1/2020.emnlp-main.488
https://doi.org/10.18653/v1/2020.emnlp-main.488
https://doi.org/10.18653/v1/2020.emnlp-main.488
http://proceedings.mlr.press/v70/finn17a.html
http://proceedings.mlr.press/v70/finn17a.html
https://doi.org/10.18653/v1/p19-1585
https://doi.org/10.18653/v1/p19-1585
https://doi.org/10.18653/v1/p19-1585
http://arxiv.org/abs/1905.08941
http://arxiv.org/abs/1905.08941
https://aclanthology.org/W03-0426/
https://aclanthology.org/W03-0426/
https://doi.org/10.18293/SEKE2020-153
https://doi.org/10.18293/SEKE2020-153
http://arxiv.org/abs/1508.01991
http://arxiv.org/abs/1508.01991
https://aclanthology.org/P07-1034/
https://aclanthology.org/P07-1034/
https://doi.org/10.18653/v1/2021.findings-emnlp.234
https://doi.org/10.18653/v1/2021.findings-emnlp.234
https://doi.org/10.18653/v1/n18-2072
https://doi.org/10.18653/v1/n18-2072
https://doi.org/10.18653/v1/n18-2072
https://doi.org/10.18653/v1/n19-1363
https://doi.org/10.18653/v1/n19-1363
https://doi.org/10.18653/v1/n19-1363
https://doi.org/10.18653/v1/n16-1030
https://doi.org/10.18653/v1/2020.acl-main.611
https://doi.org/10.18653/v1/2020.acl-main.611
https://doi.org/10.18653/v1/2020.acl-main.519
https://doi.org/10.18653/v1/2020.acl-main.519
https://doi.org/10.18653/v1/2021.acl-long.454
https://doi.org/10.18653/v1/2021.acl-long.454
http://arxiv.org/abs/1907.11692
http://arxiv.org/abs/1907.11692
https://openreview.net/forum?id=Bkg6RiCqY7
https://openreview.net/forum?id=Bkg6RiCqY7
https://doi.org/10.18653/v1/2020.acl-main.528
https://doi.org/10.18653/v1/2020.acl-main.528
https://doi.org/10.18653/v1/p16-1101
https://doi.org/10.18653/v1/p16-1101
https://proceedings.neurips.cc/paper/2019/hash/452bf208bf901322968557227b8f6efe-Abstract.html
https://proceedings.neurips.cc/paper/2019/hash/452bf208bf901322968557227b8f6efe-Abstract.html
https://doi.org/10.18653/v1/2020.coling-main.340
https://doi.org/10.18653/v1/2020.coling-main.340
https://proceedings.neurips.cc/paper/2013/hash/9aa42b31882ec039965f3c4923ce901b-Abstract.html
https://proceedings.neurips.cc/paper/2013/hash/9aa42b31882ec039965f3c4923ce901b-Abstract.html
https://proceedings.neurips.cc/paper/2013/hash/9aa42b31882ec039965f3c4923ce901b-Abstract.html


Yuyang Nie, Yuanhe Tian, Yan Song, Xiang Ao, and
Xiang Wan. 2020a. Improving named entity recogni-
tion with attentive ensemble of syntactic information.
In Findings of EMNLP 2020, 16-20 November 2020,
pages 4231–4245.

Yuyang Nie, Yuanhe Tian, Xiang Wan, Yan Song, and
Bo Dai. 2020b. Named entity recognition for social
media texts with semantic augmentation. In Pro-
ceedings of EMNLP, November 16-20, 2020, pages
1383–1391.

Kosuke Osumi, Takayoshi Yamashita, and Hironobu
Fujiyoshi. 2019. Domain adaptation using a gradient
reversal layer with instance weighting. In 16th Inter-
national Conference on Machine Vision Applications,
May 27-31, 2019, pages 1–5.

Nanyun Peng and Mark Dredze. 2015. Named entity
recognition for chinese social media with jointly
trained embeddings. In Proceedings of EMNLP,
September 17-21, 2015, pages 548–554.

Jeffrey Pennington, Richard Socher, and Christopher D.
Manning. 2014. Glove: Global vectors for word
representation. In Proceedings of EMNLP, October
25-29, 2014, pages 1532–1543.

Matthew E. Peters, Mark Neumann, Mohit Iyyer, Matt
Gardner, Christopher Clark, Kenton Lee, and Luke
Zettlemoyer. 2018. Deep contextualized word repre-
sentations. In Proceedings of NAACL-HLT, June 1-6,
2018, pages 2227–2237.

Sameer Pradhan, Alessandro Moschitti, Nianwen Xue,
Hwee Tou Ng, Anders Björkelund, Olga Uryupina,
Yuchen Zhang, and Zhi Zhong. 2013. Towards robust
linguistic analysis using ontonotes. In Proceedings
of CoNLL, August 8-9, 2013, pages 143–152.

Sameer Pradhan, Alessandro Moschitti, Nianwen Xue,
Olga Uryupina, and Yuchen Zhang. 2012. Conll-
2012 shared task: Modeling multilingual unrestricted
coreference in ontonotes. In Proceedings of EMNLP-
CoNLL, July 13, 2012, pages 1–40.

Mengye Ren, Wenyuan Zeng, Bin Yang, and Raquel
Urtasun. 2018. Learning to reweight examples for
robust deep learning. In Proceedings of ICML, July
10-15, 2018, volume 80, pages 4331–4340.

Erik F. Tjong Kim Sang and Fien De Meulder. 2003.
Introduction to the conll-2003 shared task: Language-
independent named entity recognition. In Proceed-
ings of CoNLL, May 31 - June 1, 2003, pages 142–
147.

Yongliang Shen, Xinyin Ma, Zeqi Tan, Shuai Zhang,
Wen Wang, and Weiming Lu. 2021. Locate and la-
bel: A two-stage identifier for nested named entity
recognition. In Proceedings of ACL/IJCNLP, August
1-6, 2021, pages 2782–2794.

Lichao Sun, Congying Xia, Wenpeng Yin, Tingting
Liang, Philip S. Yu, and Lifang He. 2020. Mixup-
transformer: Dynamic data augmentation for NLP

tasks. In Proceedings of COLING, December 8-13,
2020, pages 3436–3440.

Vikas Verma, Alex Lamb, Christopher Beckham, Amir
Najafi, Ioannis Mitliagkas, David Lopez-Paz, and
Yoshua Bengio. 2019. Manifold mixup: Better repre-
sentations by interpolating hidden states. In Proceed-
ings of ICML, 9-15 June 2019, pages 6438–6447.

Andrew J. Viterbi. 1967. Error bounds for convolutional
codes and an asymptotically optimum decoding algo-
rithm. IEEE Trans. Inf. Theory, 13(2):260–269.

Rui Wang, Masao Utiyama, Lemao Liu, Kehai Chen,
and Eiichiro Sumita. 2017. Instance weighting for
neural machine translation domain adaptation. In
Proceedings of EMNLP, September 9-11, 2017, pages
1482–1488.

Zhi Wang, Wei Bi, Yan Wang, and Xiaojiang Liu. 2019.
Better fine-tuning via instance weighting for text clas-
sification. In Proceedings of AAAI, January 27 -
February 1, 2019, pages 7241–7248.

Jason W. Wei and Kai Zou. 2019. EDA: easy data aug-
mentation techniques for boosting performance on
text classification tasks. In Proceedings of EMNLP-
IJCNLP, November 3-7, 2019, pages 6381–6387.

Ralph Weischedel, Sameer Pradhan, Lance Ramshaw,
Martha Palmer, Nianwen Xue, Mitchell Marcus,
Ann Taylor, Craig Greenberg, Eduard Hovy, Robert
Belvin, et al. 2011. Ontonotes release 4.0.
LDC2011T03, Penn.: Linguistic Data Consortium.

Fangzhao Wu, Junxin Liu, Chuhan Wu, Yongfeng
Huang, and Xing Xie. 2019. Neural chinese named
entity recognition via CNN-LSTM-CRF and joint
training with word segmentation. In Proceedings of
WWW, May 13-17, 2019, pages 3342–3348.

Rui Xia, Zhenchun Pan, and Feng Xu. 2018. Instance
weighting for domain adaptation via trading off sam-
ple selection bias and variance. In Proceedings of
IJCAI, page 4489–4495.

Qizhe Xie, Zihang Dai, Eduard H. Hovy, Thang Luong,
and Quoc Le. 2020. Unsupervised data augmentation
for consistency training. In Proceedings of NeurIPS,
December 6-12, 2020.

Lu Xu, Zhanming Jie, Wei Lu, and Lidong Bing. 2021.
Better feature integration for named entity recog-
nition. In Proceedings of NAACL-HLT, June 6-11,
2021, pages 3457–3469.

Zhenyu Xuan, Rui Bao, and Shengyi Jiang. 2020. FGN:
fusion glyph network for chinese named entity recog-
nition. In CCKS, November 12-15, 2020, volume
1356, pages 28–40.

Ikuya Yamada, Akari Asai, Jin Sakuma, Hiroyuki
Shindo, Hideaki Takeda, Yoshiyasu Takefuji, and
Yuji Matsumoto. 2020. Wikipedia2vec: An efficient
toolkit for learning and visualizing the embeddings of
words and entities from wikipedia. In Proceedings of

4059

https://doi.org/10.18653/v1/2020.findings-emnlp.378
https://doi.org/10.18653/v1/2020.findings-emnlp.378
https://doi.org/10.18653/v1/2020.emnlp-main.107
https://doi.org/10.18653/v1/2020.emnlp-main.107
https://doi.org/10.23919/MVA.2019.8757975
https://doi.org/10.23919/MVA.2019.8757975
https://doi.org/10.18653/v1/d15-1064
https://doi.org/10.18653/v1/d15-1064
https://doi.org/10.18653/v1/d15-1064
https://doi.org/10.3115/v1/d14-1162
https://doi.org/10.3115/v1/d14-1162
https://doi.org/10.18653/v1/n18-1202
https://doi.org/10.18653/v1/n18-1202
https://aclanthology.org/W13-3516/
https://aclanthology.org/W13-3516/
https://aclanthology.org/W12-4501/
https://aclanthology.org/W12-4501/
https://aclanthology.org/W12-4501/
http://proceedings.mlr.press/v80/ren18a.html
http://proceedings.mlr.press/v80/ren18a.html
https://aclanthology.org/W03-0419/
https://aclanthology.org/W03-0419/
https://doi.org/10.18653/v1/2021.acl-long.216
https://doi.org/10.18653/v1/2021.acl-long.216
https://doi.org/10.18653/v1/2021.acl-long.216
https://doi.org/10.18653/v1/2020.coling-main.305
https://doi.org/10.18653/v1/2020.coling-main.305
https://doi.org/10.18653/v1/2020.coling-main.305
http://proceedings.mlr.press/v97/verma19a.html
http://proceedings.mlr.press/v97/verma19a.html
https://doi.org/10.1109/TIT.1967.1054010
https://doi.org/10.1109/TIT.1967.1054010
https://doi.org/10.1109/TIT.1967.1054010
https://doi.org/10.18653/v1/d17-1155
https://doi.org/10.18653/v1/d17-1155
https://doi.org/10.1609/aaai.v33i01.33017241
https://doi.org/10.1609/aaai.v33i01.33017241
https://doi.org/10.18653/v1/D19-1670
https://doi.org/10.18653/v1/D19-1670
https://doi.org/10.18653/v1/D19-1670
https://doi.org/10.1145/3308558.3313743
https://doi.org/10.1145/3308558.3313743
https://doi.org/10.1145/3308558.3313743
https://proceedings.neurips.cc/paper/2020/hash/44feb0096faa8326192570788b38c1d1-Abstract.html
https://proceedings.neurips.cc/paper/2020/hash/44feb0096faa8326192570788b38c1d1-Abstract.html
https://doi.org/10.18653/v1/2021.naacl-main.271
https://doi.org/10.18653/v1/2021.naacl-main.271
https://doi.org/10.1007/978-981-16-1964-9_3
https://doi.org/10.1007/978-981-16-1964-9_3
https://doi.org/10.1007/978-981-16-1964-9_3
https://doi.org/10.18653/v1/2020.emnlp-demos.4
https://doi.org/10.18653/v1/2020.emnlp-demos.4
https://doi.org/10.18653/v1/2020.emnlp-demos.4


EMNLP: System Demonstrations, November 16-20,
2020, pages 23–30.

Zhi-Xiu Ye and Zhen-Hua Ling. 2018. Hybrid semi-
markov CRF for neural sequence labeling. In Pro-
ceedings of ACL, July 15-20, 2018, pages 235–240.

Juntao Yu, Bernd Bohnet, and Massimo Poesio. 2020.
Named entity recognition as dependency parsing. In
Proceedings of ACL, July 5-10, 2020, pages 6470–
6476.

Xiangji Zeng, Yunliang Li, Yuchen Zhai, and Yin
Zhang. 2020. Counterfactual generator: A weakly-
supervised method for named entity recognition.
In Proceedings of EMNLP, November 16-20, 2020,
pages 7270–7280.

Hongyi Zhang, Moustapha Cissé, Yann N. Dauphin, and
David Lopez-Paz. 2018. mixup: Beyond empirical
risk minimization. In Proceedings of ICLR, April 30
- May 3, 2018.

Rongzhi Zhang, Yue Yu, and Chao Zhang. 2020a. Se-
qmix: Augmenting active sequence labeling via se-
quence mixup. In Proceedings of EMNLP, November
16-20, 2020, pages 8566–8579.

Yi Zhang, Tao Ge, and Xu Sun. 2020b. Parallel data
augmentation for formality style transfer. In Pro-
ceedings of ACL, pages 3221–3228.

Yue Zhang and Jie Yang. 2018. Chinese NER using
lattice LSTM. In Proceedings of ACL, July 15-20,
2018, pages 1554–1564.

4060

https://doi.org/10.18653/v1/P18-2038
https://doi.org/10.18653/v1/P18-2038
https://doi.org/10.18653/v1/2020.acl-main.577
https://doi.org/10.18653/v1/2020.emnlp-main.590
https://doi.org/10.18653/v1/2020.emnlp-main.590
https://openreview.net/forum?id=r1Ddp1-Rb
https://openreview.net/forum?id=r1Ddp1-Rb
https://doi.org/10.18653/v1/2020.emnlp-main.691
https://doi.org/10.18653/v1/2020.emnlp-main.691
https://doi.org/10.18653/v1/2020.emnlp-main.691
https://doi.org/10.18653/v1/2020.acl-main.294
https://doi.org/10.18653/v1/2020.acl-main.294
https://doi.org/10.18653/v1/P18-1144
https://doi.org/10.18653/v1/P18-1144


Proceedings of the 2022 Conference of the North American Chapter of the Association for Computational Linguistics:
Human Language Technologies, pages 4061 - 4072

July 10-15, 2022 ©2022 Association for Computational Linguistics

Unsupervised Stem-based Cross-lingual Part-of-Speech Tagging for
Morphologically Rich Low-Resource Languages

Ramy Eskander1 and Cass Lowry2 and Sujay Khandagale1,
Judith Klavans3 and Maria Polinsky3 and Smaranda Muresan1

1Columbia University, {rnd2110,sk4746,smara}@columbia.edu
2The Graduate Center, City University of New York, clowry@gradcenter.cuny.edu

3University of Maryland, {jklavans,polinsky}@umd.edu

Abstract

Unsupervised cross-lingual projection for part-
of-speech (POS) tagging relies on the use of
parallel data to project POS tags from a source
language for which a POS tagger is available
onto a target language across word-level align-
ments. The projected tags then form the ba-
sis for learning a POS model for the target
language. However, languages with rich mor-
phology often yield sparse word alignments
because words corresponding to the same ci-
tation form do not align well. We hypoth-
esize that for morphologically complex lan-
guages, it is more efficient to use the stem
rather than the word as the core unit of abstrac-
tion. Our contributions are: 1) we propose
an unsupervised stem-based cross-lingual ap-
proach for POS tagging for low-resource lan-
guages of rich morphology; 2) we further in-
vestigate morpheme-level alignment and pro-
jection; and 3) we examine whether the use of
linguistic priors for morphological segmenta-
tion improves POS tagging. We conduct ex-
periments using six source languages and eight
morphologically complex target languages of
diverse typologies. Our results show that the
stem-based approach improves the POS mod-
els for all the target languages, with an average
relative error reduction of 10.3% in accuracy
per target language, and outperforms the word-
based approach that operates on three-times
more data for about two thirds of the language
pairs we consider. Moreover, we show that
morpheme-level alignment and projection and
the use of linguistic priors for morphological
segmentation further improve POS tagging.

1 Introduction

Low-resource languages lack annotated data even
for basic syntactic information such as parts of
speech (POS). To address this problem, two main
unsupervised approaches have been adopted: zero-
shot model transfer (Pires et al., 2019) and cross-
lingual POS tagging via alignment and projection

(Yarowsky et al., 2001; Fossum and Abney, 2005;
Das and Petrov, 2011; Duong et al., 2013; Täck-
ström et al., 2013; Agić et al., 2015, 2016; Buys
and Botha, 2016; Eskander et al., 2020b). Eskander
et al. (2020b) show that the alignment and projec-
tion approach is less sensitive to the morphological
dissimilarities between the source and target lan-
guages than zero-shot model transfer.

In annotation projection, the word structure in
the source and target languages impacts the quality
of the alignment and projection phases, and hence
affects the overall performance of the ultimate POS
model. This becomes a concern for languages with
rich word structure where affixation is common as
they usually suffer from sparse alignment models
that often fail to align words corresponding to the
same citation form due to the extensive paradigms
and translation inconsistencies. Sparse alignment
hinders the ability of a system to project the tags
properly and results in null tags on the target side.
These null tags then reduce the number of qualify-
ing training examples and impact the POS model
by introducing non-continuous labeled sequences.
Adding to these practical issues, the concept of
word as a unit of structure has long been questioned
in language sciences (Marantz, 2001).

We hypothesize that using the stem as the core
unit of abstraction results in better POS models for
low-resource languages of rich morphology. Our
contribution is three-fold.

Unsupervised stem-based cross-lingual ap-
proach for POS tagging for morphologically com-
plex low-resource languages, where we use the
stem as the core unit of abstraction. In order to
adapt a fully-unsupervised approach, we use a state-
of-the-art unsupervised morphological segmenter,
MorphAGram (Eskander et al., 2016, 2020a), to
derive the stems and morphemes. We follow the
setup of Eskander et al. (2020b) using the Bible
as the only source of parallel data in order to emu-
late a low-resource scenario. We experiment with
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the same six source languages, namely English,
Spanish, French, German, Russian and Arabic, but
choose six morphologically complex target lan-
guages, namely Amharic, Basque, Finnish, Indone-
sian, Telugu and Turkish and add two new target
languages, namely Georgian and Kazakh, where
we contribute a small POS-annotated dataset for
the former. We show that the stem-based approach
outperforms the word-based one in 43 language
pairs out of 48, with an average relative error reduc-
tion of 10.3% in accuracy per target language, up to
21.0% in the case of Kazakh. We also show that the
stem-based approach outperforms the word-based
approach which operates on three-times more data
for about two thirds of the experimental pairs.

Morpheme-level alignment and projection,
which allows for abstracting away from how the
morphemes are combined in the source and target
languages. We test the setup with Arabic as the
source language and show improvements for seven
out of the eight target languages.

Using linguistic priors in morphological segmen-
tation, which results in better segmentation models
towards better alignment and projection. Using
Georgian as a case study, we show that the use of
linguistic priors, in the form of a set of affixes pro-
vided by an expert in the target language, improves
the ultimate POS models.

Finally, we make our code publicly available to
encourage further research 1.

2 Approach

We perform fully unsupervised cross-lingual POS
tagging via alignment and projection. We follow
the main architecture presented by Eskander et al.
(2020b) (Section 2.1). A primary difference is that
we harness unsupervised morphological segmenta-
tion to use the stems as the core unit of abstraction
for both alignment and projection (Section 2.2).
In addition, we experiment with morpheme-level
alignment and projection (Section2.3) and exam-
ine the use of linguistic priors towards better mor-
phological segmentation and POS tagging (Sec-
tion 2.4). This allows for less sparse alignment
models and denser projections, which in turn pro-
duces larger POS training data of a better quality.

1https://github.com/rnd2110/
unsupervised-cross-lingual-POS-tagging
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(a) Word-based approach (Eskander et al., 2020b)
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(b) Our proposed stem-based approach

Figure 1: Unsupervised cross-lingual POS tagging
via alignment and projection

2.1 Word-based Alignment and Projection

Figure 1a shows the pipeline presented by Eskander
et al. (2020b). The only input to the process is a par-
allel text between the target language and a source
one for which a POS tagger is accessible. First,
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(a) Word-based alignment and projection
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(b) Stem-based alignment and projection

Figure 2: An example of alignment and projection from Arabic onto Amharic. The alignment models are
trained on the New Testament. Arabic reads right to left.

the parallel text gets white-space tokenized and is
used to train two word-alignment models (source-
to-target and target-to-source) using GIZA++ (Och
and Ney, 2003). The alignment models are then
applied to align the source and target sides on the
word level. Next, the source side is tagged for POS
using an off-the-shelf tagger (e.g., Stanza (Qi et al.,
2020)). The source tags are then projected onto
the target across the word-based alignments, where
only those bidirectional alignments whose confi-
dence is above a particular threshold are considered
in order to eliminate one-to-many and many-to-one
alignments and those alignments of low confidence.

The projected tags for each token represent what
are called token constraints, while the tag distri-
bution of each word type across the whole target
side forms type constraints. The token and type
constraints are then coupled by nullifying those
tag assignments whose type-level probabilities are
below some threshold. The target text, along with
its projected tags, then constitutes the training data
for a neural POS tagger, where only the top scoring
sentences, in terms of tag-assignment density and
alignment confidence, are considered.

The neural tagger is a bidirectional long short-
term memory (BiLSTM) model (Hochreiter and
Schmidhuber, 1997) that uses a custom softmax ac-
tivation to handle the null tags. It uses word embed-
dings, both randomly initialized and the contextual
multilingual embeddings XLM-R (Conneau et al.,
2019); prefix and suffix n-gram character embed-
dings, where n is in {1, 2, 3, 4}; and hierarchical
Brown-cluster (Brown et al., 1992) embeddings.

The architecture can benefit from parallel data of
multiple source languages, where either the projec-
tions from multiple source languages (Mul_proj)
or the decoded outputs that are based on multiple
single-source models (Mul_out) can be combined
through maximum-voting mechanisms.

2.2 Stem-Based Alignment and Projection

While the architecture by Eskander et al. (2020b)
yields the state-of-the-art results for unsupervised
POS tagging when evaluated on 12 languages of di-
verse typologies, the complexity of word structure
in the source and target languages has a direct im-
pact on the quality of both alignment and projection.
Rich word structure where affixation is common
increases the ratio of word types to word tokens,
which in turn results in sparse alignment models
and incomplete projections that form null tags on
the target side. Null tags result in a score that is too
low for the underlying sentence to qualify as a train-
ing example and introduce missing information for
the training of the POS model, which negatively
impacts the overall quality of POS tagging.

An example is shown in Figure 2a, where Arabic
and Amharic are the source and target languages,
respectively. The example corresponds to verse
MAT 15:35, “He commanded the multitude to sit
down on the ground”, where the word-alignment
models are trained on the New Testament. As
shown, the two Arabic-Amharic pairs {MÈ¥m,
�wm���} (and the people, the people) and {€ÈÈ,
r���} (he commanded, then he commanded) are
not aligned, resulting in null tags. The sparse word-
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Verse Amharic Word Arabic Word

MAT 15:35 MÈ¥m (and the people) �wm��� (the people)
MAT 26:55 †MÈ¥ (to the people) �wm�l� (to the people)
LUK 9:11 MÈ¥m (and the people) �wm��A� (and the people
LUK 23:4 †MÈ¥ (to the people) �wm���¤ (and the people)

MAT 1:24 …n×ÈÈw (as he commanded) £r�� (he commanded him)
MAT 15:35 €ÈÈ (he commanded) r��� (then he commanded)
b.LUK 5:14 …n×ÈÈ (as he commanded) r�� (he commanded)
b.ACT 21:34 €ÈÈ (he commanded) r�� (he commanded)

Table 1: Paired inflected forms that correspond to
the same citation form across Arabic and Amharic
parallel verses in the New Testament

alignment models are simply unable to properly
align words that correspond to the same citation
form because of the extensive paradigms, which,
along with translation inconsistencies, leads to the
loss of the one-to-one correspondence between
word structures across parallel texts (examples are
shown in Table 1). Using the stem instead of the
word as the core unit of abstraction is more produc-
tive; the stem is usually shared by all the members
of a paradigm, which reduces misalignment.

Figure 2b shows that stemming the Arabic and
Amharic texts yields complete one-to-one align-
ments and projections, which in turn eliminates
the word-based null assignments and assigns each
word on the Amharic side a valid POS tag.

Figure 1b illustrates our overall stem-based ap-
proach. We first stem the source and target sides
and train two stem-level alignment models, one in
each direction. Next, we assign the stems of the
source side the POS tags of their corresponding
words, which are then projected onto the target
stems through the stem-level alignments. We then
apply the token and type constraints on the labeled
stems on the target side. However, since we train
the ultimate POS model on the word level, we re-
place each target stem by its corresponding word
and assign that word the stem-based projected POS
tag. The rest of the pipeline for sentence selection
and training the POS model are the same as in the
word-based architecture described in Section 2.1.

We assume that the source language is a high-
resource one for which an off-the-shelf stemmer
is accessible. On the other hand, for the tar-
get languages, we use MorphAGram2 (Eskander
et al., 2020a) to train an unsupervised morpho-
logical segmentation model using the target side
of the parallel text. MorphAGram is a state-
of-the-art framework for unsupervised morpho-

2https://github.com/rnd2110/MorphAGram

logical segmentation based on Adaptor Gram-
mars (AGs) (Johnson et al., 2007), nonparamet-
ric Bayesian models that generalize Probabilistic
Context Free Grammars (PCFGs). We run Mor-
phAGram in a cascaded setup of two learning
rounds. In the first round, we train a segmen-
tation model using a language-independent high-
precision grammar (PrStSu2a+SM 3) to obtain a list
of morphemes. We then seed these morphemes into
the best performing language-independent gram-
mar (PrStSu+SM) for the second round of learning
as described by Eskander et al. (2016, 2020a). Both
PrStSu2a+SM and PrStSu+SM grammars model
the word as a sequence of prefixes, a stem and suf-
fixes, where the affixes are recursively defined in
order to model multiple consecutive items.

2.3 Morpheme-Based Alignment and
Projection

Next, we perform morpheme-based alignment and
projection in a similar fashion as in the stem-based
approach (Section 2.2). This approach abstracts
away from whether the morphemes in the source
and target languages are free-standing or not.

On the source side, each morpheme receives a
separate POS tag using an off-the-shelf POS tag-
ger. These tags are then projected onto the target
morphemes through bidirectional morpheme-level
alignments. We obtain the target morphemes using
MorphAGram, where the output of the PrStSu+SM
grammar yields prefixes, a stem, and suffixes for
each word. However, since we train the POS model
on the word level, we replace each sequence of
morphemes on the target side by its corresponding
word and assign that word the POS tag of the repre-
sentative morpheme. We define the representative
morpheme either as the morpheme whose POS tag
ranks the highest among those of the other mor-
phemes4 (RANK) or as the stem morpheme (STEM).

2.4 Using Linguistic Priors for Segmentation
We hypothesize that better detection of stems yields
more robust alignment and projection towards im-
proved POS tagging. Accordingly, instead of con-
ducting morphological segmentation on the target
side in a fully unsupervised manner, we follow Es-
kander et al. (2021) by seeding affix morphemes
into the grammar tree prior to training the segmen-
tation model textcolorbluein a minimally super-

3See Eskander et al. (2020a) for grammar definitions.
4We use the default POS ranking at https://github.

com/coastalcph/ud-conversion-tools
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vised fashion; these affixes are generated manually
by an expert in the target language. With Georgian
as a case study, we examine this setup in the stem-
based approach using the PrStSu+SM grammar.

2.5 Featurizing Segmented Data

In this setup, we utilize the unsupervised
morphological-segmentation model that is trained
on the target side of the parallel text to produce
stem, complex-prefix and complex-suffix features,
and leverage these features as part of the neural
POS model. For training, we use these features as
randomly initialized embeddings that we concate-
nate with the existing word, affix and words-cluster
embeddings prior to applying the BiLSTM encod-
ing layer.

3 Experiments and Evaluation

3.1 Languages and Data

We conduct our experiments on six source lan-
guages and eight target ones 5, for a total of 48
language pairs. We use the same source lan-
guages used by Eskander et al. (2020b), namely
English, Spanish, French, German, Russian, and
Arabic 6, and experiment with eight typologically
diverse target languages: six morphologically rich
languages that are largely agglutinative, namely
Basque, Finnish, Georgian, Kazakh, Telugu, and
Turkish; morphologically rich Amharic, where
many morphological alterations rely on consonan-
tal roots; and less morphologically rich Indonesian.

We conduct the experiments in a truly low-
resource scenario, where we use the New Testa-
ment as the source of our parallel data (unless noted
otherwise): limited in size and out-of-domain with
respect to the evaluation sets. We use the Multilin-
gual Parallel Bible Corpus 7 (Christodouloupoulos
and Steedman, 2015) as the source of data for all
the languages, except for Georgian and Kazakh 8.

3.2 Experimental Settings

For the tagging of the source languages, we use
the same off-the-shelf taggers as in Eskander

5Although most of our target languages are high-resource
ones, we use them in a simulated low-resource setup.

6The source languages are commonly spoken ones as the
assumption is that translations that involve those languages
are easily accessible.

7http://christos-c.com/bible
8We collected the New-Testament texts for Geor-

gian and Kazakh from https://github.com/cysouw/
MissingBibleVerses.

et al. (2020b): Stanza 9 (Qi et al., 2020) for En-
glish, Spanish, French, German and Russian and
MADAMIRA (Pasha et al., 2014) for Arabic. We
also use MADAMIRA for Arabic morphologi-
cal segmentation. For the stemming of the other
source languages, we use the Snowball Stemmer
(Porter, 2001) as part of NLTK 10 (Bird and Loper,
2004). On the other hand, we use MorphAGram 11

(Eskander et al., 2020a) to train and apply the
morphological-segmentation models for the target
languages as described in Section 2.2.

We follow Eskander et al. (2020b) by using
the same thresholds for alignment and projection,
along with the same neural hyperparameters of the
POS tagger. We also evaluate our models in terms
of POS accuracy on the same Universal Dependen-
cies (UD) v2.5 (Zeman et al., 2019) test datasets.
However, since the UD project does not currently
contain Georgian datasets, we developed a small
POS dataset for Georgian (100 sentences) follow-
ing the UD-tagging scheme. The sentences are
taken from the Modern Georgian and Political texts
sub-corpora of the Georgian National Corpus 12,
and they are hand-tagged and carefully revised by
a linguist who specializes in and speaks Georgian
as a second language 13. Finally, all the results are
averaged over three runs.

3.3 System Performance
Table 2 reports the POS accuracy for the baseline
word-based approach and our stem-based approach
for all the 48 target-source language pairs using the
New Testament as the source of parallel data. In
addition, we report the results for the two multi-
lingual setups Mul_out and Mul_proj per target
language. The stem-based approach outperforms
the word-based one in 43 language pairs and all the
multilingual setups except Mul_proj in the case
of Indonesian, which stands out in our language
sample as the least complex in terms of morphol-
ogy. The biggest improvement in the stem-based
approach is achieved in the cases of Russian →
Turkish, Russian→ Kazakh, Spanish→ Kazakh
and Arabic→ Georgian, with relative error reduc-
tions of 33.8%, 30.2%, 28.6% and 27.2%, respec-
tively. When averaging across the sources (includ-

9https://github.com/stanfordnlp/stanza
10https://www.nltk.org
11https://github.com/rnd2110/MorphAGram
12http://gnc.gov.ge
13https://github.com/rnd2110/

unsupervised-cross-lingual-POS-tagging/
blob/main/data/KAT-POSUD.txt
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Target Approach Source for Unsupervised Learning Ave. Error
Reduction

English Spanish French German Russian Arabic Mul_out Mul_proj

Amharic Word-based 75.9 74.9 75.5 76.4 72.1 72.6 76.6 78.0
Stem-based 79.6* 77.5 77.7 77.8 76.2 74.5 78.6 79.6 9.9

Basque Word-based 67.3 64.6 65.8 66.7 61.7 55.6 66.4 67.1
Stem-based 69.1 70.4* 70.5 69.6 65.2 60.8 71.0 71.4 11.5

Finnish Word-based 81.0 78.8 77.4 79.8 77.8 66.1 81.0 81.7
Stem-based 81.9 80.1 80.9* 82.3 79.0 70.3 82.4 82.9 8.8

Georgian Word-based 82.8 80.1 80.2 82.5 83.1 71.2 83.6 84.3
Stem-based 82.0 (80.4) 81.0 82.2 83.4 79.0* 84.3 84.7 4.4

Indonesian Word-based 82.3 81.6 81.0 77.1 76.8 69.8 80.9 81.7
Stem-based (82.5) 81.0 80.1 (77.3) 81.2* 72.3 81.4 81.0 2.5

Kazakh Word-based 73.6 64.7 67.3 68.9 62.1 63.6 69.7 70.3
Stem-based 76.4 74.8 75.5 73.2 73.6* 70.8 75.3 76.7 21.0

Telugu Word-based 76.7 68.4 67.9 70.4 63.5 59.5 68.6 71.3
Stem-based 78.6 72.7 72.2 71.9 69.6 66.8 72.9* 73.8 12.1

Turkish Word-based 73.9 70.1 70.5 69.2 66.2 64.7 71.0 73.3
Stem-based 73.7 73.1 73.0 71.9 77.6* 71.9 75.4 73.6 12.1

Ave. Error Reduction 5.0 10.4 10.5 6.8 16.3 15.6 10.6 7.1

Table 2: POS-tagging performance (accuracy) of the word-based and stem-based approaches when using
the New Testament as the source of parallel data. The best result per target-source pair is in bold. The
highest relative error reduction in the stem-based approach per target language is marked by *. The
stem-based improvements that are not statistically significant for p-value < 0.01 are between parentheses.

Target

Approach

Word- Stem- Morpheme- Morpheme
Based Based Based Based

(RANK) (STEM)

Amharic 72.6 74.5 72.5 73.6
Basque 55.6 60.8 61.9 62.2
Finnish 66.1 70.3 73.8 74.2

Georgian 71.2 79.0 80.5 80.0
Indonesian 69.8 72.3 75.5 75.6

Kazakh 63.6 70.8 71.8 71.9
Telugu 59.5 66.8 74.7 71.8

Turkish 64.7 71.9 73.2 73.4

Table 3: POS-tagging performance (accuracy) of
the word-based, stem-based and morpheme-based
approaches when projecting from Arabic using
the New Testament as the source of parallel data.
The best result per target language is in bold. All
the morpheme-based improvements are statistically
significant for p-value < 0.01.

ing the multilingual ones), Kazakh, Telugu and
Turkish experience the highest relative error reduc-
tions of 21.0%, 12.1% and 12.1%, respectively. On
the other hand, Russian and Arabic yield the high-
est relative error reductions of 16.3% and 15.6%,
respectively, when averaging across the target lan-
guages, which is in line with the morphological
complexity of the two languages.

Eskander et al. (2020b) show that related lan-

guages transfer best across each other. This results
in efficient word-based baselines for related lan-
guage pairs, which in turn limits the corresponding
gains in the stem-based approach. On the other
hand, a low word-based baseline makes room for
improvement when operating on the stem level.
For instance, both Georgian and Telugu witness the
highest stem-based gains when transferring from
Arabic, their lowest performing source language in
the word-based approach. For more information
about the correlation between language relatedness
and cross-lingual learning, see Eskander (2021).

Next, we evaluate the morpheme-based approach
(Section 2.3). Table 3 reports the performance of
the word-based, stem-based and morpheme-based
approaches using Arabic as the source language
since it is more morphologically complex than the
other sources. The morpheme-based approach re-
sults in dense training instances as both alignment
and projection are performed in a more fine-grained
level compared to the word-based and stem-based
approaches. It therefore improves POS tagging
for all the target languages except Amharic, where
Telugu benefits the most with relative error reduc-
tions of 23.9% and 15.3% over the stem-based ap-
proach using the RANK and STEM mechanisms,
respectively. The difference in the performance of
the RANK and STEM mechanisms is only statisti-
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Target Approach Source for Unsupervised Learning Ave. Error
Reduction

English Spanish French German Russian Arabic Mul_out Mul_proj

Georgian
Word-based 82.8 80.1 80.2 82.5 83.1 71.2 83.6 84.3
Stem-based 82.0 80.4 81.0 82.2 83.4 79.0 84.3 84.7 4.6
LP Stem-based 82.9 (80.8) 82.2 (82.4) 83.9 77.4 85.3 (85.1) 6.7

Table 4: POS-tagging performance (accuracy) of the word-based and stem-based (with and without
linguistic priors (LP)) approaches when using the New Testament as the source of parallel data. The
best result per source language is in bold. The improvements in the LP stem-based approach that are not
statistically significant for p-value < 0.01 are between parentheses.

cally significant for p-value < 0.01 in the cases
of Amharic and Basque, where the STEM mecha-
nism yields better performance, and in the case of
Telugu, where the RANK mechanism is superior.
Finally, we hypothesize that the quality of morpho-
logical segmentation highly affects the efficiency
of the morpheme-based setups, which explains the
variation in the performance across the different
target languages and mechanisms.

As mentioned earlier, we use Georgian as a case
study to examine the impact of using linguistic pri-
ors for morphological segmentation on the quality
of POS tagging (Section 2.4). The results are listed
in Table 4. The use of linguistic priors improves
the stem-based approach except when projecting
from Arabic. The lack of improvement in the case
of Arabic can be explained by over-segmentation
that produces incorrect POS tags for the common
conjunction da (and). The characters da also cor-
respond to a verbal prefix that is manually seeded
as a prior. This seeding causes erroneous projec-
tions labeling da as a verb or an adverb when
projecting from Arabic.

Finally, we experiment with the use of the stem
and affix information as training features in the
POS neural model (Section 2.5). However, most of
the improvements due to the use of these features
are not statistically significant (See Appendix A for
full results) since such features are surpassed by
the prefix and suffix n-gram character embeddings.

3.4 Analysis of the Stem-Based Approach

Upon alignment and projection, the highest scoring
target sentences are selected as training examples,
where sentence score is defined as the harmonic
mean of the percentage of tokens with projected
tags and the average alignment probability of those
tokens. The fine-grained stem-level alignments
allow for better alignment confidence and more
dense sentences, which in turn increases sentence

scores and the number of training examples, and
hence reduces the number of out-of-vocabulary
words (OOVs). Table 5 lists the average number
of training examples, average relative increase in
the number of training examples, average relative
increase in sentence scores and average relative
decrease in the number of OOVs for each target
language in the stem-based approach with respect
to the word-based one. We witness improvements
in the examined aspects for each target language,
which explains the considerable improvements in
the stem-based approach.

Next, we examine the average relative error re-
duction in the detection of open-class tags (nouns,
verbs and adjectives) in the stem-based approach
as compared to the word-based one per target lan-
guage (Table 6) and per source language (Table 7).
Kazakh benefits the most from the stem-based ap-
proach at the detection of nouns and adjectives,
while Amharic receives the highest gains for verbs.
On the other hand, projecting from Russian in the
stem space achieves the highest gains for nouns,
while the stem-based projection from Arabic yields
the highest gains for both verbs and adjectives.

Finally, Figure 3 illustrates the absolute improve-
ments in POS tagging when applying the stem-
based approach using the New-Testament as the
source of parallel data compared to the word-based
approach using the entire Bible as the source of par-
allel data (three-times more data). As illustrated,
the stem-based approach achieves better perfor-
mance in about two thirds of the language pairs
with an average absolute gain of 1.7%. This means
using the stem as the core unit of abstraction com-
pensates for the lack of adequate parallel data.

4 Related Work

The line of work most closely related to ours is
unsupervised cross-lingual POS tagging via align-
ment and projection, which was first introduced
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Target Ave. No. of Ave. Relative Increase in Ave. Relative Increase Ave. Relative Decrease
Training Examples Training Examples % in Sentence Scores % in OOVs %

Amharic 2,605 15.0 132.6 9.2
Basque 7,225 15.8 3.9 0.1
Finnish 7,125 6.9 5.5 0.7
Georgian 7,794 12.0 1.9 1.6
Indonesian 5,286 5.5 11.9 0.3
Kazakh 4,330 7.8 21.6 3.5
Telugu 4,719 2.8 14.1 0.7
Turkish 6,280 12.9 14.6 2.7

Table 5: Average number of training examples, average relative increase in training examples, average
relative increase in sentence scores and average relative decrease in OOVs per target language in the
stem-based approach w.r.t. to the word-based one

Target Ave. Relative Error Reduction %

Noun Verb Adjective

Amharic 16.2 13.2 26.2
Basque 9.0 23.1 14.6
Finnish 13.0 16.6 15.8
Georgian 4.7 1.8 17.8
Indonesian 8.3 25.1 11.7
Kazakh 29.8 32.1 23.1
Telugu 17.4 23.7 -1.1
Turkish 26.8 23.0 20.9

Table 6: Average relative error reductions for the
detection open-class tags per target language

Target Ave. Relative Error Reduction %

Noun Verb Adjective

English 7.1 13.4 5.1
Spanish 16.5 25.2 15.2
French 12.7 25.5 16.9
German 9.5 11.0 22.8
Russian 21.3 21.2 25.7
Arabic 16.0 25.4 25.6

Table 7: Average relative error reductions for the
detection of open-class tags per source language

by Yarowsky et al. (2001). They applied noise-
reduction techniques to improve the alignments
and used the resulting transition and emission prob-
abilities to define an HMM POS tagger.

Exploiting multiple source languages via max-
imum voting was then explored by Fossum and
Abney (2005), by voting among the outputs of
different single-source models, and by Agić et al.
(2015), by projecting the annotations from multiple
languages before training the POS tagger.

In order to increase the size of the training data,
Das and Petrov (2011) proposed graph-based label
propagation, while Duong et al. (2013); Agić et al.
(2015) applied self-training and revision. On an-

other hand, Täckström et al. (2013) and Buys and
Botha (2016) investigated the use of token and type
constraints to reject projections of low confidence.

Eskander et al. (2020b) derived a cross-lingual
POS-tagging pipeline that utilizes the best prac-
tices in alignment and projection. In addition, they
examined the use of pretrained multilingual contex-
tual embeddings, along with affix embeddings and
Brown clusters, within a rich neural architecture,
which achieves the state-of-the-art results for unsu-
pervised POS tagging. We follow their approach by
presenting stem-based alignment and projection for
morphologically complex low-resource languages.

Regarding unsupervised morphological segmen-
tation, several generative and discriminative frame-
works have been developed over the last two
decades. The two most notable frameworks are:
1) Morfessor (Creutz and Lagus, 2007; Grönroos
et al., 2014), a commonly-used HMM framework
that utilizes the MDL principle to segment into
morphemes of a hierarchical structure; and 2) Mor-
phAGram (Eskander et al., 2020a), a segmenta-
tion framework that is based on Adaptor Gram-
mars (AGs) (Johnson et al., 2007), Bayesian mod-
els that utilize Probabilistic Context Free Gram-
mars (PCFGs). We use MorphAGram to train
morphological-segmentation models as it achieves
the state-of-the-art performance and allows for de-
riving affix and stem information (as opposed to a
sequence of unlabeled morphemes).

5 Conclusion and Future Work

We presented a fully unsupervised stem-based ap-
proach for cross-lingual POS tagging via alignment
and projection, where we use the stem as the core
unit of abstraction to abstract away from complex
affixation. Our experiments using six source lan-
guages and eight morphologically rich target lan-
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Figure 3: Absolute performance increases (accuracy) when applying the stem-based approach using the
New Testament as the source of parallel data as compared to the word-based approach using the entire
Bible as the source of parallel data

guages in low-resource setups show improvements
over the word-based approach in 43 language pairs
out of 48, with an average relative error reduction
of 10.3% in accuracy per target language. In addi-
tion, we examined morpheme-based alignment and
projection and the use of linguistic priors in mor-
phological segmentation, which further improve
POS tagging.

In the future, we plan to study the role of mor-
phological typology in cross-lingual learning. This
allows for deriving disciplined guidelines for the
selection of an appropriate source language that
transfers well to the target language of interest.
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A Appendix: Segmentation Information
as Training Features

Table 2 shows the POS tagging results (accuracy)
when using the stem and affix information as train-
ing features in the neural POS model, as described
in Subsection 2.5.

Source for Unsupervised Learning

Target Approach English Spanish French German Russian Arabic Mul_out Mul_proj

Amharic Word-based 75.9 74.9 75.5 76.4 72.1 72.6 76.6 78.0
Stem-based 79.6 77.5 77.7 77.8 76.2 74.5 78.6 79.6
Stem-based + Stem Features (80.2) 77.5 (78.0) 77.6 (76.6) 74.6 78.7 79.7
Stem-based + Stem+Affix Features 79.8 77.7 77.8 77.8 76.5 74.7 78.7 79.4

Basque Word-based 67.3 64.6 65.8 66.7 61.7 55.6 66.4 67.1
Stem-based 69.1 70.4 70.5 69.6 65.2 60.8 71.0 71.4
Stem-based + Stem Features 68.7 70.5 70.5 69.3 (65.6) 60.3 70.9 71.6
Stem-based + Stem+Affix Features 69.0 70.6 70.8 69.1 (65.3) (62.0) 70.9 (71.8)

Finnish Word-based 81.0 78.8 77.4 79.8 77.8 66.1 81.0 81.7
Stem-based 81.9 80.1 80.9 82.3 79.0 70.3 82.4 82.9
Stem-based + Stem Features 81.9 (80.4) 80.9 82.4 79.1 (70.5) (82.7) 82.7
Stem-based + Stem+Affix Features 81.8 80.1 (81.2) 82.4 78.9 (70.6) (82.7) 82.9

Georgian Word-based 82.8 80.1 80.2 82.5 83.1 71.2 83.6 84.3
Stem-based 82.0 80.4 81.0 82.2 83.4 79.0 84.3 84.7
Stem-based + Stem Features 82.1 80.5 (81.3) 82.1 83.3 78.7 84.4 (85.0)
Stem-based + Stem+Affix Features 81.5 80.3 80.9 81.7 83.1 78.8 83.7 84.3

Indonesian Word-based 82.3 81.6 81.0 77.1 76.8 69.8 80.9 81.7
Stem-based 82.5 81.0 80.1 77.3 81.2 72.3 81.4 81.0
Stem-based + Stem Features 82.5 80.8 79.9 (77.6) 81.3 71.7 81.1 80.9
Stem-based + Stem+Affix Features 82.5 80.9 80.0 77.3 81.0 72.0 81.0 80.6

Kazakh Word-based 73.6 64.7 67.3 68.9 62.1 63.6 69.7 70.3
Stem-based 76.4 74.8 75.5 73.2 73.6 70.8 75.3 76.7
Stem-based + Stem Features 76.3 74.8 75.7 72.8 (73.6) 70.7 75.4 76.5
Stem-based + Stem+Affix Features (76.6) (75.2) (75.8) 73.1 73.6 70.8 75.3 (76.8)

Telugu Word-based 76.7 68.4 67.9 70.4 63.5 59.5 68.6 71.3
Stem-based 78.6 72.7 72.2 71.9 69.6 66.8 72.9 73.8
Stem-based + Stem Features 77.9 71.5 72.7 71.9 69.6 66.7 73.1 73.1
Stem-based + Stem+Affix Features 78.4 72.4 72.7 71.4 68.7 67.1 (73.6) 73.7

Turkish Word-based 73.9 70.1 70.5 69.2 66.2 64.7 71.0 73.3
Stem-based 73.7 73.1 73.0 71.9 77.6 71.9 75.4 73.6
Stem-based + Stem Features 73.5 73.0 73.1 71.5 77.6 71.7 75.1 (73.7)
Stem-based + Stem+Affix Features 73.6 73.0 73.1 71.8 77.6 71.7 75.3 (73.9)

Table 8: Performance with segmentation features

B Appendix: Hardware

We use a Google-Cloud virtual instance of 48
2.00GHz cores and 240GB of RAM to run all of
our experiments. The training rate is nearly 2,500
sentences per hour.
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Abstract

Real-world datasets often encode stereotypes
and societal biases. Such biases can be im-
plicitly captured by trained models, leading to
biased predictions and exacerbating existing so-
cietal preconceptions. Existing debiasing meth-
ods, such as adversarial training and remov-
ing protected information from representations,
have been shown to reduce bias. However, a
disconnect between fairness criteria and train-
ing objectives makes it difficult to reason the-
oretically about the effectiveness of different
techniques. In this work, we propose two novel
training objectives which directly optimise for
the widely-used criterion of equal opportunity,
and show that they are effective in reducing
bias while maintaining high performance over
two classification tasks.

1 Introduction and Background

Modern neural machine learning has achieved great
success across a range of classification tasks. How-
ever, when applied over real-world data, especially
in high-stakes settings such as hiring processes
and loan approvals, care must be taken to assess
the fairness of models. This is because real-world
datasets generally encode societal preconceptions
and stereotypes, thereby leading to models trained
on such datasets to amplify existing bias and make
biased predictions (i.e., models perform unequally
towards different subgroups of individuals). This
kind of unfairness has been reported over various
NLP tasks, such as part-of-speech tagging (Hovy
and Søgaard, 2015; Li et al., 2018; Han et al.,
2021b), sentiment analysis (Blodgett et al., 2016;
Shen et al., 2021), and image activity recognition
(Wang et al., 2019; Zhao et al., 2017).

Various methods have been proposed to miti-
gate bias, including adversarial training, and pre-
and post-processing strategies. Adversarial train-
ing aims to make it difficult for a discriminator to

∗Equal contributors to this work.

predict protected attribute values from learned rep-
resentations (Han et al., 2021c; Elazar and Gold-
berg, 2018; Madras et al., 2018). Pre- and post-
processing strategies vary greatly in approach, in-
cluding transforming the original dataset to re-
duce protected attribute discrimination while re-
taining dataset utility (du Pin Calmon et al., 2017),
iteratively removing protected attribute informa-
tion from (fixed) learned representations (Ravfogel
et al., 2020), or reducing bias amplification by in-
jecting corpus-level constraints during inference
(Zhao et al., 2017).

However, training strategies and optimisation ob-
jectives are generally disconnected from fairness
metrics which directly measure the extent to which
different groups are treated (in)equitably. This
makes it difficult to understand the effectiveness
of previous debiasing methods from a theoretical
perspective. In this work, we propose to explic-
itly incorporate equal opportunity into our training
objective, thereby achieving bias reduction. This
paper makes the following contributions:

1. We are the first to propose a weighted train-
ing objective that directly implements fairness
metrics.

2. Observing that model performance for differ-
ent classes can vary greatly, we further pro-
pose a variant of our method, taking both bias
reduction among protected attribute groups
and bias reduction among different classes
into consideration.

3. Experimental results over two tasks show that
both proposed methods are effective at achiev-
ing fairer predictions, while maintaining per-
formance.

Our code is available at: https://github.com/

AiliAili/Difference_Mean_Fair_Models.
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2 Related Work

2.1 Fairness Criteria
Various criteria have been proposed to capture dif-
ferent types of discrimination, such as group fair-
ness (Hardt et al., 2016; Zafar et al., 2017a; Cho
et al., 2020; Zhao et al., 2020), individual fairness
(Sharifi-Malvajerdi et al., 2019; Yurochkin et al.,
2020; Dwork et al., 2012), and causality-based
fairness (Wu et al., 2019; Zhang and Bareinboim,
2018a,b). In this work, we focus on group fairness,
whereby a model should perform equally across
different demographic subgroups.

To quantify how predictions vary across differ-
ent demographic subgroups, demographic parity
(Feldman et al., 2015; Zafar et al., 2017b; Cho
et al., 2020), equal opportunity (Hardt et al., 2016;
Madras et al., 2018), and equalised odds (Cho et al.,
2020; Hardt et al., 2016; Madras et al., 2018) are
widely used to measure fairness. Demographic par-
ity ensures that models achieve the same positive
rate for each demographic subgroup, oblivious the
ground-truth target label. Equal opportunity re-
quires that a model achieves the same true positive
rate (TPR) across different subgroups, considering
only instances with a positive label. Equalised odds
goes one step further in requiring not only the same
TPR but also the same false positive rate (FPR)
across groups.

Demographic parity, equal opportunity, and
equalised odds only focus on the prediction out-
come for one specific target label (i.e. a “positive”
class) in a binary classification setting, but does not
apply fairness directly to multi-class settings, when
fairness for different subgroups across all classes is
required. Equal opportunity can be generalised by
extending the “positive” class to each target class,
as we do in our work.

2.2 Debiasing Methods
A broad range of methods has been proposed to
learn fair models. Based on where debiasing oc-
curs, in terms of dataset processing, model train-
ing, and inference, we follow Cho et al. (2020) in
categorising methods into: (1) pre-processing, (2)
post-processing, and (3) in-processing.

Pre-processing methods manipulate the origi-
nal dataset to mitigate discrimination (Wang et al.,
2019; Xu et al., 2018; Feldman et al., 2015;
du Pin Calmon et al., 2017; De-Arteaga et al.,
2019). For example, du Pin Calmon et al. (2017)
transform the original dataset to reduce discrim-

ination while retaining dataset utility. Class im-
balance methods used in bias reduction, such as
dataset sampling (Kubat and Matwin, 1997; Wal-
lace et al., 2011), instance reweighting (Cui et al.,
2019; Li et al., 2020; Lin et al., 2017), and weighted
max-margin (Cao et al., 2019), also belong to this
category. For example, Lahoti et al. (2020), Sub-
ramanian et al. (2021b), and Han et al. (2021a)
reweight instances by taking the (inverse of) joint
distribution of the protected attribute classes and
main task classes into consideration. Wang et al.
(2019) and Han et al. (2021a) down-sample the ma-
jority protected attribute group within each target
class, and train on the resulting balanced dataset.

Post-processing methods calibrate the predic-
tion outcome or learned representations of mod-
els to achieve fair predictions (Hardt et al., 2016;
Pleiss et al., 2017; Zhao et al., 2017; Ravfogel et al.,
2020). For example, Zhao et al. (2017) enforce a
corpus-level constraint during inference to reduce
bias. Ravfogel et al. (2020) iteratively remove pro-
tected attribute information from representations
generated by an fixed encoder, by iteratively train-
ing a discriminator over the projected attribute and
projecting the representation into the discrimina-
tor’s null space.

In-processing methods learn fair models dur-
ing model training. One family of approaches is
based on constrained optimisation, incorporating
fairness measures as regularisation terms or con-
straints (Zafar et al., 2017b; Subramanian et al.,
2021a; Donini et al., 2018; Narasimhan, 2018; Cho
et al., 2020). For example, Zafar et al. (2017a)
translate equalised odds into constraints on FPR
and FNR across groups, and solve using constraint
programming. Cho et al. (2020) adopt kernel den-
sity estimation to quantify demographic parity and
equalised odds, but in a manner which is limited
to low-dimensional data and binary classification
tasks. Another line of work is to use adversarial
training to obtain fair models, in jointly training
an encoder and discriminator(s) over the encoded
representations such that the discriminator(s) are
ineffective at predicting the protected attribute val-
ues from learned representations (Han et al., 2021c;
Elazar and Goldberg, 2018; Madras et al., 2018;
Zhang et al., 2018; Agarwal et al., 2018; Roh et al.,
2020). Elsewhere, Shen et al. (2021) use con-
trastive learning to learn fair models by simulta-
neously pushing instances belonging to the same
target class closer and pulling instances belonging
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to the same protected attribute class further apart.
The most relevant work to ours is FairBatch

(Roh et al., 2021). It proposes to formulate the
original task as a bi-level optimisation problem,
where the inner optimiser is the standard training
algorithm and the outer optimiser is responsible for
adaptively adjusting the sampling probabilities of
instances with a given target class and protected
attribute value, based on the equal opportunity met-
ric achieved by the intermediate inner model. That
is, they adaptively adjust the instance resampling
probability during training to reduce bias. How-
ever, different from FairBatch, whose resampling
strategy is bound by the sampling probability [0, 1],
our proposed method achieves bias reduction by
reweighting instances during training, where the
reweighting range is unbounded, leading to greater
flexibility in trading off performance and fairness.

3 Methodology

3.1 Preliminaries
Suppose we have some data X ∈ Rn, target labels
Y ∈ C, and protected attribute values A = {0, 1},
where C is the number of target classes for a given
task.

Equal opportunity A classifier is said to satisfy
equal opportunity if its prediction is conditionally
independent of the protected attribute A given the
target label Y , {P (ŷ = y|Y = y,A = 0) =
P (ŷ = y|Y = y,A = 1)} for ∀y ∈ Y . Here,
ŷ is a prediction outcome, y ∈ Y and a ∈ A. As
mentioned above, we slightly modify the defini-
tion of equal opportunity by allowing y to be each
candidate target class, accommodating multi-class
settings. We explicitly address the fairness criterion
across all target classes by promoting comparable
true positive rates across protected classes.

3.2 Optimising Equal Opportunity
Instead of using a fairness proxy (Zafar et al.,
2017b) or kernel density estimation to quantify
fairness (Cho et al., 2020), we propose to optimise
equal opportunity by directly minimising the ab-
solute difference in loss between different subsets
of instances belonging to the same target label but
with different protected attribute classes,

Lclass
eo = Lce + λ

∑

y=∈C

∑

a∈A
|Ly,ace − Lyce| (1)

Here, Lce denotes the average cross-entropy loss
based on instances in the batch; Ly,ace denotes the av-

erage cross-entropy loss computed over instances
with the target label y and the protected attribute
label a; and Lyce denotes the average cross-entropy
loss computed over all instances with target label y.
Our proposed loss Lclass

eo is the weighted sum of
the overall cross-entropy and the sum of the cross-
entropy difference for each target label overall and
that conditioned on the target label, thereby captur-
ing both performance and fairness. This method is
denoted as EOCLA, as it captures class-wise equal
opportunity.

3.3 Equal Opportunity across Classes
One drawback of EOCLA is that it only focuses
on optimising equal opportunity, ignoring the fact
that the performance for different classes can vary
greatly, especially when the dataset is skewed. To
learn fair models not only towards demographic
subgroups but also across target classes, we pro-
pose a variant of Equation 1, by introducing one
additional constraint on top of equal opportunity to
encourage the label-wise cross entropy loss terms
to align. Formally: Ly1ce ≈ Ly2ce , where y1 ̸= y2, and
y1 ∈ Y , y2 ∈ Y . This objective encourages equal
opportunity not only for demographic subgroups
but also across different target classes:

Lglobal
eo = Lce + λ

∑

y=∈C

∑

a∈A
|Ly,ace − Lce| (2)

This method is denoted as EOGLB, short for global
equal opportunity.

3.4 Theory
In this section, we show how our training objective
is related to equal opportunity in the binary classifi-
cation and binary protected attribute setting. Note
that our proof naturally extends to cases where the
numbers of target classes and/or protected attribute
values are greater than two as described in Equa-
tions 1 and 2.

Let my,a be the number of training instances
with target label y and protected attribute a in a
batch. For example, m1,0 denotes the number of
instances with target label 1 and protected attribute
0 in the batch. Let Ly,a be the average loss for in-
stances with target label y and protected attribute a.
For example, L1,0 is the average loss for instances
with target label 1 and protected attribute 0.

3.4.1 Cross-Entropy Loss
The vanilla cross-entropy loss is computed as:

1

N
(m0,0L0,0 +m0,1L0,1 +m1,0L1,0 +m1,1L1,1) (3)
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which is the average loss over different subsets of
instances with a given target label and protected
attribute class.

3.4.2 Difference Loss
The EOCLA method defined in Equation 1 can be
written as:

Lclass
eo = Lce + λ

∑

y,a

|Ly,ace − Lyce|

=
∑

y,a

[my,a

N
Ly,ace + λ signy,a (Ly,ace − Lyce)

]
,

=
∑

y,a

[
(
my,a

N
+ λ signy,a)Ly,ace

− λ signy,a Lyce
]
,

(4)
where sign is a sign function, and signy,a =
sign (Ly,ace − Lyce). Noting that for binary protected
attributes, signy,a = − signy,¬a, and

∑
y,a L

y
ce =

0,∀y in this case:

Lclass
eo =

∑

y,a

(
my,a

N
+ λ signy,a)Ly,ace (5)

By comparing Equations 3 and 5, we can see
that for target label y, our method dynamically
increases the weight for poorly-performing subsets
(i.e. signy,g = 1) by λ, and decreases the weight
for well-performing subsets (signy,g = −1) by λ,
thereby leading to fairer predictions by adjusting
the weight for instances with different protected
attribute classes conditioned on a given target label.

3.4.3 From Binary Cross-Entropy to True
Positive Rate

Using the definition of binary cross-entropy

−[yi · log(p(yi)) + (1− yi) · log(1− p(yi))],

the loss for a certain subset, e.g., the subset of
instances with target label 1 and protected attribute
class 0, can be simplified as:

L1,0 =− 1

m1,0

m1,0∑

j=1

(
yj · log(p(ŷj))

+ (1− yj) · log(1− p(ŷj))
)

= − 1

m1,0

m1,0∑

j=1

log(p(ŷj))

(6)

Notice that p(ŷj) is equivalent to p(ŷj = 1), mak-
ing L1,0 = − 1

m1,0

∑m1,0

j=1 log(p(ŷj)) an unbiased

estimator of − log p(ŷ = 1|y = 1), which approxi-
mates − log TPR.

Minimising the expectation of the absolute dif-
ference between L1,0 and L1,1 can approximate the
true positive rate difference between two groups
with the same target label 1:

argminθ E(|L1,0 − L1,1|)
= argmin | − log p(ŷ = 1|y = 1, g = 0)

− (− log p(ŷ = 1|y = 1, g = 1))|

≈ argmin | log TPR1,0

TPR1,1
|

= argmin |TPR1,0 − TPR1,1|
This demonstrates that minimising the absolute dif-
ference between L1,0 and L1,1 is roughly equiv-
alent to minimising the TPR difference between
two groups with the same target label, which is
precisely the formulation of equal opportunity, as
described in Section 4.3. Therefore, the second
term in our proposed method (Equation 1) is opti-
mising directly for equal opportunity.

4 Experiments

Our experiments compare the performance and fair-
ness of our methods against various competitive
baselines, and across two classification tasks.

4.1 Baselines
We compare our proposed methods EOCLA and
EOGLB against the following seven baselines:

1. CE: train the model with cross-entropy loss
and no explicit bias mitigation.

2. INLP: first train the model with cross-entropy
loss to obtain dense representations, and it-
eratively apply null-space projection to the
learned representations to remove protected
attribute information (Ravfogel et al., 2020).
The resulting representations are used to make
predictions.

3. Adv: jointly train the model with cross-
entropy loss and an ensemble of three ad-
versarial discriminators for the projected at-
tribute, with an orthogonality constraint ap-
plied to the discriminators to encourage diver-
sity (Han et al., 2021c).

4. DS: downsample the dataset corresponding to
the protected attribute conditioned on a given
target label (Han et al., 2021a).

5. RW: reweight instances based on the (inverse)
joint distribution of the protected attribute
classes and target classes (Han et al., 2021a).
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6. Constrained: formulate the task as a con-
strained optimisation problem, where equal
opportunity is incorporated as constraints
(Subramanian et al., 2021a).

7. FairBatch: formulate the model training as a
bi-level optimisation problem, as described in
Section 2.2 (Roh et al., 2021).

4.2 Experiment Setup
For each task, we first obtain document represen-
tations from their corresponding pretrained mod-
els, which are not finetuned during training. Then
document representations are fed into two fully-
connected layers with a hidden size of 300d. For all
experiments, we use the Adam optimiser (Kingma
and Ba, 2015) to optimise the model for at most
60 epochs with early stopping and a patience of 5.
All models are trained and evaluated on the same
dataset splits, and models are selected based on
their performance on the development set. We
finetune the learning rate, batch size, and extra
hyperparameters introduced by the corresponding
debiasing methods for each model on each dataset
(see the Appendix for details). Noting the complex-
ity of model selection given the multi-objective
accuracy–fairness tradeoff and the absence of a
standardised method for selecting models based on
both criteria in fairness research, we determine the
best-achievable accuracy for a given model, and
select the hyperparameter settings that reduce bias
while maintaining accuracy as close as possible
to the best-achievable value (all based on the dev
set). We leave the development of a fair and robust
model selection method to future work.

4.3 Evaluation Metrics
To evaluate the performance of models on the main
task, we adopt Fmicro

1 and Fmacro
1 for all our datasets,

taking class imbalance into consideration, espe-
cially in the multi-class setting.

To evaluate fairness, we follow previous
work (De-Arteaga et al., 2019; Ravfogel et al.,
2020) and adopt root mean square TPR gap over
all classes, which is defined as

GAP =

√
1

|C|
∑

y∈Y
(GAPTPR

y )2,

where GAPTPR
y = |TPRy,a−TPRy,¬a|, y ∈ Y ,

and TPRa,y = P(ŷ = y|y, a), indicating the
proportion of correct predictions among instances
with target label y and protected attribute label

a. GAPTPR
y measures the absolute performance

difference between demographic subgroups condi-
tioned on target label y, and a value of 0 indicates
that the model makes predictions independent of
the protected attribute.

4.4 Twitter Sentiment Analysis
4.4.1 Task and Dataset
For our first dataset, the task is to predict the bi-
nary sentiment for a given English tweet, where
each tweet is also annotated with a binary pro-
tected attribute indirectly capturing the ethnicity
of the tweet author as either African American En-
glish (AAE) or Standard American English (SAE).
Following previous studies (Ravfogel et al., 2020;
Han et al., 2021c; Shen et al., 2021), we adopt
the dataset of Blodgett et al. (2016) (Moji here-
after), where the training dataset is balanced with
respect to both sentiment and ethnicity but skewed
in terms of sentiment–ethnicity combinations (40%
HAPPY-AAE, 10% HAPPY-SAE, 10% SAD-AAE,
and 40% SAD-SAE, respectively). The number
of instances in the training, dev, and test sets are
100K, 8K, and 8K, respectively. The dev and test
set are balanced in terms of sentiment–ethnicity
combinations.

4.4.2 Implementation Details
Following previous work (Elazar and Goldberg,
2018; Ravfogel et al., 2020; Han et al., 2021c),
we use DeepMoji (Felbo et al., 2017), a model
pretrained over 1.2 billion English tweets, as the
encoder to obtain text representations. The param-
eters of DeepMoji are fixed in training. Hyperpa-
rameter settings are provided in Appendix A.2.

4.4.3 Experimental Results
Table 1 presents the results over the Moji test set.
Compared to CE, INLP and Adv moderately re-
duce model bias while simultaneously improving
model performance. Surprisingly, both DS and
RW reduce GAP substantially and achieve the
joint best Fmicro

1 , indicating that the biased pre-
diction is mainly due to the imbalanced distribu-
tion of protected attribute classes conditioned on a
given target label, and the imbalanced distribution
of sentiment–ethnicity combinations.1 However,

1However, it does not hold the other way around as demon-
strated by previous studies (Wang et al., 2019), indicating that
a balanced dataset either in terms of target label and protected
attribute combination, or in terms of protected attribute class
distribution conditioned on target classes, can still lead to
biased predictions.
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Model Fmicro
1 ↑ GAP ↓

CE 72.09±0.65 40.21±1.23
INLP 72.81±0.01 36.81±3.49
Adv 74.47±0.68 30.59±2.94
DS 76.16±0.28 14.96±1.08
RW 76.21±0.16† 14.70±0.86
Constrained 75.22±0.20 15.92±4.86
FairBatch 75.81±0.17 15.36±3.07
EOCLA 75.03±0.25 10.83±1.40†

EOGLB 75.20±0.20 11.49±1.07

Table 1: Experimental results on the Moji test set (aver-
aged over 10 runs); Bold = Best Performance; ↑= the
higher the better; ↓= the lower the better. The best result
is marked with “†” if the difference over the next-best
method is statistically significant (based on a one-tailed
Wilcoxon signed-rank test; p < 0.05), noting that if the
best method is one of our methods, we compare it to the
next-best method which is not our own.

the drawback of dataset imbalance methods is that
they lack the flexibility to control the performance–
fairness tradeoff. Both Constrained and Fair-
Batch also effectively reduce bias and achieve im-
proved performance. Both of our methods, EOCLA

and EOGLB, achieve competitive performance on
the main task with the largest bias reduction. For
all models except INLP, we can see that incor-
porating debiasing techniques leads to improved
performance on the main task. We hypothesise that
incorporating debiasing techniques (either in the
form of adversarial training, data imbalance meth-
ods, or optimising towards equal opportunity) acts
as a form of regularisation, thereby reducing the
learned correlation between the protected attribute
and main task label, and encouraging models to
learn task-specific representations.

Performance–Fairness tradeoff. We plot the
tradeoff between Fmicro

1 and GAP for all models
on the Moji test set in Figure 1. In this, we vary the
most-sensitive hyperparameter for each model: the
number of iterations for INLP, the λ weight for ad-
versarial loss for Adv, the step size of adjusting re-
sampling probability for FairBatch, and the weight
for minimising the loss difference for EOCLA and
EOGLB.2 As we can see, INLP has limited capac-
ity to reduce bias, and the performance for the main
task is slightly worse than the other methods. Com-

2For CE, DS, and RW, there is no hyperparameter that
controls the tradeoff between model performance and bias
reduction.

Figure 1: Fmicro
1 vs. GAP of different models on the Moji

test set, as we vary the most sensitive hyperparameter
for each model.

pared with Adv, Constrained, and FairBatch, our
proposed methods EOCLA and EOGLB achieve
fairer predictions while maintaining competitive
performance (bottom right). Another advantage of
our methods is that they allow for greater variability
in the performance–fairness tradeoff, demonstrat-
ing the effectiveness and superiority of our pro-
posed method. Note that only the pareto points for
each model are plotted. For example, for Adv, we
experimented with 7 values of λ, but the results are
captured by only two pareto points.

4.5 Profession Classification

4.5.1 Task and Dataset
For our second dataset, the task is to predict a
person’s occupation given their biography (De-
Arteaga et al., 2019), where each short online biog-
raphy is labelled with one of 28 occupations (main
task label) and binary gender (protected attribute).
Following previous work (De-Arteaga et al., 2019;
Ravfogel et al., 2020), the number of instances in
the training, dev, and test sets are 257K, 40K, and
99K, respectively.3

4.5.2 Implementation Details
Following the work of Ravfogel et al. (2020), we
use the “CLS” token representation of the pre-
trained uncased BERT-base (Devlin et al., 2019) to
obtain text representations, and keep BERT fixed
during training. Hyperparameter settings for all
models are provided in Appendix A.3.

3There are slight differences between our dataset and that
used by previous studies (De-Arteaga et al., 2019; Ravfogel
et al., 2020) as a small number of biographies were no longer
available on the web when we crawled them.
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Model Fmacro
1 ↑ Fmicro

1 ↑ GAP ↓
CE 75.95±0.10† 82.19±0.04 † 16.68±0.46
INLP 71.44±0.40 79.54±0.18 13.52±1.54
Adv 70.88±2.31 79.72±1.02 16.78±0.87
DS 67.73±0.26 78.48±0.10 9.17±0.41
RW 69.21±0.36 76.18±0.32 8.58±0.49†

FairBatch 75.14±0.28 81.82±0.07 10.80±1.04
EOCLA 72.07±0.18 81.52±0.06 12.80±0.42
EOGLB 75.11±0.18 81.74±0.07 12.72±0.51

Table 2: Experimental results on the Bios test set (aver-
aged over 10 runs). The best result is marked with “†” if
the difference over the next-best method is statistically
significant (based on a one-tailed Wilcoxon signed-rank
test; p < 0.05), noting that if the best method is one
of our methods, we compare it to the next-best method
which is not our own.

4.5.3 Experimental Results

Table 2 shows the results on the Bios test set.4 We
can see that Adv is unable to reduce GAP even
at the cost of performance in terms of Fmicro

1 and
Fmacro
1 . Both DS and RW reduce bias in terms

of GAP, at the cost of a drop in performance, in
terms of Fmicro

1 and Fmacro
1 . We attribute this to

the dramatic decrease in the number of training
instances for DS, and the myopia of RW in only
taking the ratio of occupation–gender combinations
into consideration but not the difficulty of each tar-
get class. Among INLP, FairBatch, EOCLA, and
EOGLB, we can see that FairBatch achieves a rea-
sonable bias reduction with the least performance
drop. This is due to it dynamically adjusting the
resampling probability during training. Comparing
EOCLA and EOGLB, we can see that EOGLB is
better able to deal with the dataset class imbalance
(reflected in Fmacro

1 ), while reducing bias.

Performance–Fairness tradeoff. Figure 2
shows the Fmicro

1 –GAP tradeoff plot for the Bios
test set. We can see that INLP and Adv reduce
bias at the cost of performance, as do DS and
RW. Compared with FairBatch, EOCLA and
EOGLB provide greater control in terms of
performance–fairness tradeoff, such as achieving a
smaller GAP with a slight decrease of Fmicro

1 . A
similar trend is also observed for the Fmacro

1 –GAP
tradeoff as shown in Figure 3. Although EOCLA

is outperformed by FairBatch, EOGLB provides
greater control in terms of performance–fairness

4We omit results for Constrained as it did not converge
on this data set, presumably because of its brittleness over
multi-class classification tasks.

Figure 2: Fmicro
1 vs. GAP of different models on the Bios

test set, as we vary the most sensitive hyperparameter
for each model.

Figure 3: Fmacro
1 vs. GAP of different models on the Bios

test set, as we vary the most sensitive hyperparameter
for each model.

tradeoff, suggesting an advantage of EOGLB in
enforcing fairness across target classes, especially
for the imbalanced dataset.

5 Analysis

To better understand the effectiveness of our pro-
posed methods, we perform two sets of experi-
ments: (1) an ablation study, and (2) an analysis of
training efficiency.

5.1 Ablation Study

EOCLA can be reformulated as Lce +
λ
∑

y∈C{max(Ly,ace ,Ly,¬ace ) − min(Ly,ace ,Ly,¬ace )},
effectively assigning more weight to worse-
performing instances (argmax loss) and
less weight to better-performing instances
(argmin loss). To explore the impact of
adjusting weights on model performance,
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we experiment with two versions: (1)
Lce + λ

∑
y∈C max(Ly,ace ,Ly,¬ace ), denoted as

EOmax
CLA, where we assign higher weights to

worse-performing instances without changing the
weights assigned to better-performing instances;
and (2) Lce − λ

∑
y∈C min(Ly,ace ,Ly,¬ace ), denoted

as EOmin
CLA, where we assign smaller weights to

better-performing instances without changing the
weights assigned to worse-performing instances.
Correspondingly, for EOGLB, we have EOmax

GLB

and EOmin
GLB. Hyperparameter settings for each

model can be found in Appendix B.1.
Tables 3 and 4 show the results for the different

models on Moji and Bios. We can see that the
full EOCLA and EOGLB both achieve better bias
reduction than ablated min and max counterparts
on Moji, while maintaining similar levels of per-
formance in terms of Fmicro

1 .5 On Bios, we can
see that EOmax

CLA outperforms EOCLA in bias re-
duction and model performance except for Fmicro

1 ,
indicating that it is beneficial for bias reduction
to increase the weight for worse-performing in-
stances. On the other hand, EOmin

CLA is inferior
to EOCLA in terms of both bias reduction and
performance. We conjecture that reducing the
weights for better-performing instances is harm-
ful for model performance (especially for minor-
ity classes) over datasets with imbalanced distri-
butions, as is the case for Bios.6 Among the three
variants of EOGLB, EOmax

GLB slightly improves per-
formance on the main task and maintains the same
level of bias reduction as EOGLB, while EOmin

GLB

improves performance on the main task but does
not reduce bias. Overall, these results show that
our two methods perform best in their original for-
mulations.

5.2 Training Efficiency
To understand the training efficiency of the differ-
ent models, we perform experiments with varying
training data sizes on both Moji and Bios. Based
on results from Tables 1 and 2, we provide results
for CE, FairBatch, EOCLA, and EOGLB.

Figure 4 presents the results for Moji. When
the proportion of training data is no larger than 1K,
FairBatch is unable to learn a decent model, while

5For the max and min versions of both EOCLA and
EOGLB, we finetune with the corresponding best-performing
λ, respectively. A smaller GAP value cannot be achieved by
further adjusting/increasing the value of λ.

6This is in line with previous research (Swayamdipta et al.,
2020), which shows that easy-to-learn instances are important
in optimising models.

Model Fmicro
1 ↑ GAP ↓

EOCLA 75.03±0.25 10.83±1.40
EOmax

CLA 75.92±0.10 13.79±1.64
EOmin

CLA 75.33±0.19 14.50±1.78

EOGLB 75.20±0.20 11.49±1.07
EOmax

GLB 76.31±0.10 16.47±0.90
EOmin

GLB 76.27±0.13 18.01±0.40

Table 3: Ablation results over Moji test set (averaged
over 10 runs).

Model Fmacro
1 ↑ Fmicro

1 GAP ↓
EOCLA 72.07±0.18 81.52±0.06 12.80±0.42
EOmax

CLA 72.09±0.19 79.95±0.12 8.98±0.43
EOmin

CLA 53.17±0.53 76.66±0.23 19.22±1.68

EOGLB 75.11±0.18 81.74±0.07 12.72±0.51
EOmax

GLB 75.37±0.06 81.89±0.03 12.47±0.51
EOmin

GLB 75.95±0.12 82.19±0.05 16.74±0.42

Table 4: Ablation results over Bios test set (averaged
over 10 runs).

Figure 4: Fmicro
1 vs. GAP of different models on the

Moji test set. The full training set is 100K instances.

both EOCLA and EOGLB are still effective. As we
increase the number of training instances, improved
performance on the main task can been observed
for all models, and larger bias reduction is achieved
for all models except CE. Overall, EOCLA and
EOGLB perform well in low-resource settings and
achieve better bias reduction for larger volumes of
training instances, demonstrating their superiority.

Figure 5 presents the results for Bios. We see
that FairBatch outperforms EOCLA and EOGLB,
especially in terms of Fmacro

1 and GAP. Our explana-
tion is that FairBatch adopts a resampling strategy,
while our method adopts a reweighting strategy. Al-
though statistically equivalent, resampling outper-

4080



Figure 5: Fmicro
1 and Fmacro

1 vs. GAP of different models
on the Bios test set. The full training set is 257K.

Figure 6: Fmicro
1 , Fmacro

1 , vs. GAP of different models
on the subset of Bios data. Here, instances are from
the top-8 most common classes, whose proportion is
greater than 4% in the original dataset, resulting into a
full training dataset size of 188K.

forms reweighting when combined with stochastic
gradient algorithms (An et al., 2021). The data
imbalance in Bios exacerbates this effect. To ver-
ify this, we generated a version of Bios with only
instances belonging to the top-8 most common
classes, whose ratio in the original training set is
bigger than 4%. Figure 6 presents results with
the subset of dataset consisting of the top-8 most
common classes. The plots show a similar trend
as observed for the Moji dataset on this relatively
balanced dataset. Specifically, when the training
dataset is small, FairBatch is unable to learn a de-
cent model, while both EOCLA and EOGLB are
still effective.

5.3 Limitations

Consistent with previous work, we did not finetune
the underlying pretrained models in obtaining docu-
ment representations in this work. Finetuning may
further remove biases encoded in the pretrained
models, which we leave to future work. This work
focused only on datasets with binary protected at-
tributes, and future experiments should explore the
methods’ generalization to higher-arity attributes.
For both INLP and Adv, we follow experimen-
tal setup from the original papers, noting that the
fairlib (Han et al., 2022) debiasing framework7

— which was developed after this work was done
— recently showed that both models can obtain bet-
ter performance and fairness scores with a larger
budget for hyperparameter finetuning.

6 Conclusion

We proposed to incorporate fairness criteria into
model training, in explicitly optimising for equal
opportunity by minimising the loss difference over
different subgroups conditioned on the target label.
To deal with data imbalance based on the target-
label, we proposed a variant of our method which
promotes fairness across all target labels. Experi-
mental results over Twitter sentiment analysis and
profession classification tasks show the effective-
ness and flexibility of our proposed methods.

Ethical Considerations

Our works aims to achieve fairer models, contribut-
ing to equal treatment for different demographic
subgroups. However, its usage in the real world
should be carefully calibrated/auditioned as debias-
ing for one projected attribute does not guarantee
fairness for other protected attributes. In this work,
due to the limitations of the dataset, we treat gender
as binary, which is not perfectly aligned with the
real world.
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A Experimental Settings

A.1 Adv Setup
For Adv, we use 3 sub-discriminators as Han et al.
(2021c), where each sub-discriminator consists of
two MLP layers with a hidden size of 256, fol-
lowed by a classifier layer to predict the protected
attribute. Sub-discriminators are optimised for at
most 100 epochs after each epoch of main model
training, leading to extra training time.

A.2 Hyperparameter Settings for Twitter
Sentiment Analysis

For all models except for Adv, the learning rate
is 3e − 3, and the batch size is 2,048. For INLP,
following Ravfogel et al. (2020), we use 300 lin-
ear SVM classifiers. For Adv, the learning rate is
1e− 3, and the batch size is 2,048, the number of
discriminators is 3, λadv is 0.5, and λdiff is 1e− 3.
For FairBatch, α is set as 0.1. For both EOCLA

and EOGLB, λ is set as 0.5. All hyperparameters
are finetuned on the Moji dev set.

A.3 Hyperparameter Settings for Profession
Classification

For all models except for Adv, the learning rate
is 3e − 3, and the batch size is 2,048. For INLP,
following Ravfogel et al. (2020), we use 300 lin-
ear SVM classifiers. For Adv, the learning rate is
1e− 2, and the batch size is 1,024, the number of
discriminators is 3, λadv is 1e− 2, and λdiff is 1e4.
For FairBatch, α is set as 5e− 2. For EOCLA, λ
is set as 1e− 2, and for EOGLB, λ is set as 5e− 3.
All hyperparameters are finetuned on the Bios dev
set.

B Analysis

B.1 Ablation Study hyperparameter Settings
For all models, we have tuned the hyperparameter
λ and selected model based on performance on the
dev set. On the Moji dataset, for EOmax

CLA, λ = 2,
for EOmin

CLA, λ = 0.4, for EOmax
GLB, λ = 2, for

EOmin
GLB, λ = 0.2. On the Bios dataset, for EOmax

CLA,
λ = 0.05, for EOmin

CLA, λ = 0.005, for EOmax
GLB,

λ = 0.005, for EOmin
GLB, λ = 1e− 4.
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Abstract

Current text-image approaches (e.g., CLIP)
typically adopt dual-encoder architecture us-
ing pre-trained vision-language representation.
However, these models still pose non-trivial
memory requirements and substantial incre-
mental indexing time, which makes them less
practical on mobile devices. In this paper,
we present an effective two-stage framework
to compress large pre-trained dual-encoder for
lightweight text-image retrieval. The result-
ing model is smaller (39% of the original),
faster (1.6x/2.9x for processing image/text re-
spectively), yet performs on par with or bet-
ter than the original full model on Flickr30K
and MSCOCO benchmarks. We also open-
source an accompanying realistic mobile im-
age search application.

1 Introduction

Text-image retrieval is the task aiming at retriev-
ing a list of relevant images from a large set of
images given a textual query specified by the
user. Recently, large-scale vision-language pre-
training (VLP) has spawned models (Tan and
Bansal, 2019; Li et al., 2020; Radford et al., 2021)
that established state-of-the-art results in various
vision-language tasks (Antol et al., 2015; Suhr
et al., 2019), including text-image retrieval. Ex-
isting VLP models for text-image retrieval can be
divided into two categories: cross-encoder architec-
ture and dual-encoder architecture. Cross-encoder
models show better retrieval accuracy by allowing
fine-grained cross-modal attention among image
and text. However, they are prohibitively slow to
apply to the entire image pool because each im-
age has to go through the deep Transformer again
whenever a new text query comes in. Moreover,
most cross-encoder models rely on external object
detection models (Ren et al., 2015) to extract visual

∗ The corresponding author.

features, which further increase memory consump-
tion. On the other hand, dual-encoder models are
more scalable in that they allow pre-computing im-
age representations as reusable vectors independent
of the text queries. These image vectors can be in-
dexed and efficiently retrieved at runtime using Ap-
proximate Nearest Neighbor (ANN) search (John-
son et al., 2017). As long as the image pool remains
unchanged, the image encoder is not required.

However, a more practical scenario calls for dy-
namic indexing of new images into the pool (e.g.,
private photo collections on mobile devices), which
requires both the image encoder and the text en-
coder to be resident in memory. This makes the
above approach less practical on mobile devices
with limited memory and processing power. Un-
fortunately, little attention has been paid to fulfill
this need. In this paper, we show that a large dual-
encoder model can be compressed into a much
smaller and faster counterpart while retaining its
retrieval accuracy using a novel two-stage com-
pression framework. In the first stage, we make
use of abundant non-paired texts/images to sep-
arately compress text or image encoder with an
effective intra-modal contrastive knowledge distil-
lation scheme. In the second stage, we sequentially
fine-tune the distilled image or text encoder on
paired text-image data with comprehensive learn-
ing objectives. Using CLIP (Radford et al., 2021)
as the target model, our compressed models de-
liver comparable performance on MSCOCO and
Flickr30K while being just 39% of the original
size and 1.6x/2.9x times faster for processing im-
age/text. Detailed ablation study shows the effec-
tiveness of each component in the compression
framework and their synergistic effects.

Our contributions are three-folds: 1) an effective
compression framework tailored for lightweight
text-image retrieval; 2) a leaner and faster model
with competitive accuracy; 3) open-sourced mod-
els and text-to-image search mobile applications
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Figure 1: In stage-1 (Section 3.2.1), we perform intra-modal contrastive knowledge distillation. In stage-2 (Section
3.2.2), we sequentially fine-tune fSv and fSt with knowledge distillation (KD) and corpus-level hard negative (HN)
mining via pre-computed index. The total loss L is the sum of Lt2v , Lv2t, LKD, and LHN . The thin black arrows
represent the input/output flows and the solid green arrows indicate the gradient flows.

on both iOS and Android at https://github.
com/DRSY/MoTIS.

2 Related Work

Cross-encoder. Cross-encoder architecture (Tan
and Bansal, 2019; Chen et al., 2019; Li et al., 2020)
adopts a single Transformer network (Vaswani
et al., 2017) which is able to process inputs from
different modalities, e.g., images and texts. Benefit-
ting from the self-attention mechanism, the hidden
states of images and texts interact with each other
at the patch/token-level, therefore yielding state-of-
the-art retrieval accuracy. Though effective, these
models suffer from huge memory consumption and
inference latency, making them inpractical in time-
sensitive real-world scenarios.

Dual-encoder. In contrast to cross-encoder,
dual-encoder architecture (Radford et al., 2021;
Jia et al., 2021) trains two seperate encoders for
vision and language modalities. The exact choices
of encoder architecture may be different. For ex-
ample, CLIP utilizes Transformers for both visual
and text encoders, while ALIGN (Jia et al., 2021)
uses pre-trained BERT as text encoder and Effi-
cientNet as visual encoder. In dual encoder, in-
teractions between different modalities take place
only at the final encoder layer, resulting in slightly
worse performance compared to cross-encoders.
Nevertheless, this late-interaction scheme of dual-
encoder allows for efficient similarity computation,
thus rendering it suitable for prividing real-time
searching.

3 Approach

3.1 Background on Dual-Encoder
Dual-encoder architecture employs two separate
neural networks to encode inputs from different
modalities and map them to a shared space.

We denote the image encoder as fv and the
text encoder as ft in the context of text-image
retrieval. To train fv and ft, it is common
to adopt an objective that pushes the embed-
dings of matched text-image pairs closer while
pushing those of non-matched text-image pairs
apart. Specifically, Contrastive Language-Image
Pretraining (CLIP) (Radford et al., 2021) optimizes
an InfoNCE (van den Oord et al., 2018) loss:

Lt2v = − 1

N

N∑

i=1

log
eft(xi)

>fv(yi)/τ

∑N
j=1 e

ft(xi)>fv(yj)/τ
(1)

Here, ft(xi) and fv(yj) are the L2-normalized em-
beddings of text in the i-th pair and image in the
j-th pair. N is the mini-batch size and τ is the
temperature to scale the logits. The final objective
is the sum of Lt2v and its symmetric version Lv2t.

3.2 Two-Stage Model Compression
Despite good retrieval accuracy, models like CLIP
still pose non-trivial memory footprint and infer-
ence time, which is undesirable for low-resource
devices such as smart phones.

To tackle this issue, we propose a two-stage com-
pression framework to make large dual-encoder
model smaller and faster while retaining its accu-
racy. A schematic overview is illustrated in Figure
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1. The first stage is task-agnostic, where we lever-
age massively available non-paired texts/images to
separately compress the text/image encoder using
an intra-modal contrastive knowledge distillation
scheme. The second stage is task-specific, where
we sequentially fine-tune the distilled image and
text encoder using a combination of multiple tech-
niques. We denote the image and text encoder of
the large dual-encoder as fTv and fTt and those of
the compressed model as fSv and fSt .

3.2.1 Stage-1
The extremely large scale of text-image pairs (e.g.,
400 million used to train CLIP) makes it possible
to make up for the noise in data and train over-
parametrized large dual-encoder (i.e., fTv and fTt )
from scratch to learn aligned visual and language
representations. However, it is difficult to train
small model (i.e., fSv and fSt ) with lower capacity
using the same inter-modal learning scheme.

To circumvent this issue, we propose to exploit
massively available non-paired data from the web
and optimize an intra-modal contrastive objective
that aligns the output embeddings of fS and pre-
trained fT , which can be seen as a form of knowl-
edge distillation (Hinton et al., 2015). Here we
take visual modality as an example. Given a collec-
tion of images {yi}Ni=1, we feed them to both fSv
and fTv to produce two sets of image embeddings
{fSv (yi)}Ni=1 and {fTv (yi)}Ni=1. Then we optimize
the following contrastive objective for updating fSv :

Lv2v = − 1

N

N∑

i=1

log
ef

S
v (yi)

>fTv (yi)/τ

∑N
j=1 e

fSv (yi)>fTv (yj)/τ
(2)

The same formulation is symmetrically applied to
language modality to obtain Lt2t for updating fSt :

Lt2t = − 1

N

N∑

i=1

log
ef

S
t (xi)

>fTt (xi)/τ

∑N
j=1 e

fSt (xi)>fTt (xj)/τ
(3)

Essentially, fSv /fSt is trained to recover the repre-
sentation power of fTv /fTt in a decoupled manner.

3.2.2 Stage-2
After training fSv and fSt using general-domain
data, it is necessary to adapt the learned represen-
tations to downstream tasks using in-domain data.
First, we fine-tune fTv and fTt on paired text-image
data D = {(xi, yi)}Ni=1 using standard InfoNCE
loss (Section 3.1). In the experiments, we found
that jointly fine-tuning image and text encoder re-
sults in retrieval performance even worse than no

fine-tuning at all. Therefore, we choose to sequen-
tially fine-tune fTv /fTt by fixing the other one. The
resulting fine-tuned encoders are denoted as fT

′
v

and fT
′

t and are henceforth kept fixed. Next, for
training fSv and fSt , we propose several techniques
essential to successful compression:
Knowledge Distillation (KD). In addition to the
standard InfoNCE loss, we design two kinds of
knowledge distillation objectives to learn from fT

′
v

and fT
′

t . One is the Kullback-Leibler divergence
between image-text matching distribution predicted
by fT

′
v and fT

′
t and the one predicted by fSv and fSt .

This resembles previous response-based knowledge
distillation (Hinton et al., 2015). The other is the
same contrastive objective defined in Section 3.2.1.
It indirectly encourages the alingment between vi-
sual and language representations.
Sequential Finetuning (SF). Similar to how we
get fT

′
v and fT

′
t , we also fine-tune fSv and fSt in

a sequential manner. Concretely, we first let the
compressed model share the same text encoder with
the target dual-encoder and only fine-tune its image
encoder. After that, we then fix the image encoder
and fine-tune its text encoder in the same way.
Hard Negative Mining (HN). Prior works on con-
trastive representation learning (Chen et al., 2020;
Gao et al., 2021) typically exploit in-batch nega-
tive samples. Though efficient, image-text pairs
in a batch are randomly sampled and are likely to
be trivially unrelated. Models trained in such a
way may fail in cases where candidates are similar.
To achieve more accurate retrieval, we mine hard
negatives from the entire corpus. In our sequential
fine-tuning setting, we first use fT

′
t to compute em-

beddings of all texts in the corpus and index them
with Faiss (Johnson et al., 2017). During training
fSv , for each image yi we use fSv (yi) as query to
the index and obtain its top-k texts as negative sam-
ples. Afterward, we use the trained fSv to compute
embeddings of all images in the corpus and build
the index. During training fSt , for each text xi we
use fSt (xi) as query to the index and get its top-k
images as negative samples.

The complete training objective of stage-2 is
defined as L = Lt2v + Lv2t + LKD + LHN .

4 Experiment

4.1 Setup

Dataset. We use Conceptual Caption (Sharma
et al., 2018) for stage-1 compression. It consists of
3M noisy image alt-text pairs. However, we do not
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Image Text
MSCOCO (1K) MSCOCO (5K) Flickr 30K

R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10
fTv fTt 46.9 77.3 87.3 28.0 52.9 64.5 55.2 80.3 87.8
fT
′

v fT ′t 61.0 87.9 94.7 40.9 67.6 77.9 58.0 82.3 89.1
fSv f

TinyBERT
t 41.4 76.7 88.1 21.3 47.2 61.0 30.2 59.1 71.2

fSv fS4
t 62.0 88.0 94.4 42.0 69.2 79.0 55.0 81.3 88.4

fSv fS6
t 62.7 88.2 94.5 42.6 69.6 79.4 57.0 82.1 88.8

Table 1: Comparisons of text-image retrieval results on MSCOCO (1K and 5K) and Flickr 30K.

Image
MSCOCO (5K) ∆

R@1 R@5 R@10 R@1
fSv 36.7 64.6 75.3 -

w/o stage-1 32.6 59.6 70.7 -4.1
stage-1MSE 22.6 46.7 58.5 -14.1

stage-1InfoNCE 31.7 58.5 69.6 -5.0
w/o SF 30.9 57.6 70.8 -5.8
w/o KD 35.8 63.1 74.2 -0.9
w/o HN 34.4 62.0 73.7 -2.3

w/o KD+HN 32.6 60.3 71.9 -4.1

Table 2: Ablation on design choices in both stages.

Image Text
Disk Space QPSv QPSt

MB # #
fT
′

v fT ′t 578 1.00x 1.00x
fSv fS6

t 255 1.51x 1.98x
fSv fS4

t 230 1.51x 2.77x

Table 3: Comparisons of disk space and QPS.

use the image-text alignment information but only
treat it as a reservoir of general-domain images
and texts. In stage-2, we use MSCOCO (Lin et al.,
2014) and Flickr30K (Plummer et al., 2015) as the
benchmarks. For MSCOCO, there are 113,287 im-
ages for training, 5,000 images for validation, and
both 5K and 1K for testing. For Flickr30K, there
are 28,783 images for training, 1,000 images for
validation, and 1k for testing.
Evaluation Metrics. Following previous work,
we use recall R@K (K=1,5,10) as the main met-
ric of task performance. We also report the disk
space (MB) and how many image/text queries can
be encoded per second (QPSv for image and QPSt
for text) to evaluate model’s memory footprints and
inference speed.
Target Model. We use the open-sourced ViT-B/32
CLIP as the target dual-encoder model to compress.
The image encoder fTv is a 12-layer Vision Trans-

former (Dosovitskiy et al., 2020) with 768 hidden
dimension and 12 attention heads. The text encoder
fTt is a 12-layer Transformer with 512 hidden di-
mention and 8 attention heads. Note that this is
the largest publically available version according
to OpenAI’s official repository.
Compression Configuration. For image encoder
fSv , we use a ViT-S/16 with 384 hidden dimen-
sion. We initialize it with weights pretrained on
ImageNet-21K (Ridnik et al., 2021)for faster con-
vergence and better performance. For text en-
coder fSt , we experiment with both 6-layer and
4-layer Transformer (marked as fS6

t and fS4
t ), of

which the weights are initialized from correspond-
ing layers in fTt . We also compare with a baseline
compression method that directly fine-tunes pre-
trained ViT-S/16 and 4-layer TinyBERT (Jiao et al.,
2019) fTinyBERT

t using InfoNCE loss throughout
both stages.

Implementation Detail. In stage-1, we train
1 epoch using AdamW (Loshchilov and Hutter,
2017) with a batch size of 84 for both images and
texts, learning rate of 3e-4, and weight decay of 0.1.
In stage-2, we use the same optimization setting
except that we train with batch size 96 for 5 epochs.
We employ a cosine learning rate scheduler with
10,000 warm-up steps for both stages. All reported
results are calculated on the test set using check-
points with the highest validation performance.

4.2 Results
Main Results. Table 1 summarizes the main re-
sults. As can be observed, the pre-trained CLIP
model can already deliver moderately good re-
trieval performance. The performance is further
improved after fine-tuning. Fine-tuning pre-trained
ViT-S/16 and TinyBERT underperforms the zero-
shot CLIP, showing that training with inter-modal
InfoNCE is not effective without extremely large-
scale paired data. On most evaluation metrics, mod-
els compressed by our proposed two-stage pipeline
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perform on par with or better than the fine-tuned
target model. We also found that the capacity of
text encoder has limited affect on the performance.

Ablation Study. We perform extensive abla-
tions to study the importance of each proposed
technique. Due to the computational budget, we
only conduct ablation on the image encoder and fix
the text encoder as fT

′
t . We evaluate w/o stage-1,

stage-1MSE (mean-square-error between fSv and
fTv ), and stage-1InfoNCE (identical to the loss in
Section 3.1) for stage-1 ablation. We also study
the effectiveness of KD/SF/HN by removing them
separately or together. We made several observa-
tions based on Table 2: 1) SF makes fine-tuning
stable and is essential for convergence. 2) both KD
and HN improve retrieval accuracy and are comple-
mentary to each other. 3) intra-modal contrastive
distillation helps when image-text pairs are noisy
and outperforms inter-modal infoNCE loss.

Efficiency. In Table 3, we compare the disk
space and QSP used by models on a RTX 2080Ti
of 12GB memroy. The compressed image encoder
fSv takes 85MB disk space (39% of fTv ) meanwhile
being 1.51x times faster. Our compressed text en-
coder can achieve up to x2.77 inference speed-up
and 40% size reduction (from 243MB to 146MB).
We further benchmark models’ memory and run-
time performance on a real iPhone X with 1,000
images in the gallery for testing. It takes 870MB
and 295MB for loading CLIP and our compressed
model into main memory respectively. After in-
dexing, the response time for a single text query
is 0.4s for CLIP while it is only 0.1s for our com-
pressed model. Although the results are hardward-
dependent, our compressed model still shows an
evident improvement in efficiency.

5 Conclusion

In this paper, we present a two-stage framework
for lightweight text-image retrieval. Experiments
on two benchmarks show the effectiveness of each
component in the framework and the best perfor-
mance is achieved when combining them together.
It holds the merit of reducing model size and accel-
erating inference time, making memory/response-
sensitive applications more practical.
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Abstract

Previous studies on the timeline summariza-
tion (TLS) task ignored the information in-
teraction between sentences and dates, and
adopted pre-defined unlearnable representa-
tions for them. They also considered date se-
lection and event detection as two independent
tasks, which makes it impossible to integrate
their advantages and obtain a globally optimal
summary. In this paper, we present a joint
learning-based heterogeneous graph attention
network for TLS (HeterTLS), in which date se-
lection and event detection are combined into
a unified framework to improve the extraction
accuracy and remove redundant sentences si-
multaneously. Our heterogeneous graph in-
volves multiple types of nodes, the representa-
tions of which are iteratively learned across the
heterogeneous graph attention layer. We evalu-
ated our model on four datasets, and found that
it significantly outperformed the current state-
of-the-art baselines with regard to ROUGE
scores and date selection metrics.

1 Introduction

Timeline summarization (TLS) is designed to ex-
tract sentences that describe an evolutionary story
from a massive amount of web articles with respect
to a specific topic in chronological order. TLS has
drawn much attention in recent years (Chen et al.,
2019; Martschat and Markert, 2018; You et al.,
2021b; Ghalandari and Ifrim, 2020; Yu et al., 2021)
since it releases people from burdensome manual
creation of summaries and gives readers a faster but
comprehensive access to track events from many
aspects, such as start and end, causality, and the
main protagonists involved.

Most studies on TLS seek ways to combine two
individual subtasks: date selection and event detec-
tion. Depending on different strategies for them,
current methods are generally divided into three
categories (Ghalandari and Ifrim, 2020): 1) direct
summarization approaches (Chieu and Lee, 2004;

Tran et al., 2013; Martschat and Markert, 2018;
Duan et al., 2020) directly identify topic-related
sentences from a collection of news articles to form
a timeline; 2) date-wise summarization methods
(Wang et al., 2016; Ghalandari and Ifrim, 2020; Li
et al., 2021; Quatra et al., 2021) first select salient
dates then construct a timeline for each date indi-
vidually with sentences of the highest score; and
3) event detection algorithms (Steen and Markert,
2019; Duan et al., 2020; Yu et al., 2021) detect
events by clustering sentences from multi-timeline
news articles then identify several of the most im-
portant events and summarize them separately.

Although great successes have been achieved in
conducting TLS, several issues remain unsolved.
First, current TLS methods mainly adopt statistical
hand-designed features to represent dates, e.g., the
number of published articles and topic-related sen-
tences in a specific time duration (Yu et al., 2021;
Ghalandari and Ifrim, 2020), and employ sentence-
BERT (Reimers and Gurevych, 2019) and other pre-
defined unchangeable representations for sentences.
The low-level or unlearnable representations tend
to ignore the semantic and temporal information
interaction between sentences and dates, which
significantly degrades the performance of down-
stream tasks. Secondly, traditional approaches fo-
cus on either date selection or event detection. Al-
though excellent date selection algorithms can pin-
point accurate timeline dates, they usually extract
topic-irrelevant sentences. While event detection
algorithms are capable of avoiding redundant sum-
maries by various clustering strategies, they some-
times capture wrong timeline dates. To the best of
our knowledge, there is no framework that jointly
learns the advantages of the above two subtasks
to accurately capture salient dates and eliminate
topic-irrelevant sentences in a timeline.

To circumvent the above dilemma, we propose
to jointly learn date/sentence representations and
event detection-based sentence clustering in a het-
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erogeneous graph attention network (HAN) for
TLS. Specifically, we construct a heterogeneous
graph with dates, words, and sentences as seman-
tic units to solve the first problem. In this graph,
words act as a bridge between dates and sentences,
enabling date nodes to learn different granularities
(word- and sentence-level) of semantic information
and sentence representations to be complemented
with a date-related intra- and cross-sentence mes-
sage. As for the second issue, semi-supervised
date prediction and event detection-based cluster-
ing are integrated into an overall objective, where
labeled dates guide and facilitate sentence clus-
tering, and sentence-level clustering information
indicating main events improves the accuracy of
unlabeled date prediction. Note that we create a
new way beyond the above-mentioned three cate-
gories as a joint end-to-end approach since we no
longer have to handle each subtask step by step.

We highlight our contributions as follows:

• This study is the first to construct a model for
automatic TLS as a HAN that propagates het-
erogeneous information with different granu-
larities, of date-word-sentence, to effectively
learn flexible and accurate representations for
both date and sentence nodes.

• Date selection and event detection subtasks
are incorporated into an overall objective so
that they can be jointly optimized to obtain a
globally optimal solution.

• We have empirically shown that HeterTLS

outperformed all existing competitors on four
benchmark datasets. Its effectiveness and ro-
bustness were further confirmed via ablation
studies and parameter analysis.

2 Related Work

2.1 Timeline summarization
Unlike multi-document summarization (MDS),
TLS executes both date selection and summary ex-
traction (Zhou et al., 2021). In accordance with dif-
ferent strategies for defining the two subtasks, avail-
able approaches are categorized into three classes,
whose major methods are reviewed as follows.

Direct summarization approaches (Allan et al.,
2001; Yan et al., 2011a; Li and Li, 2013; Zhao et al.,
2013; Suzuki and Kobayashi, 2014) treat the task as
MDS with time-stamped textual summaries. Chieu
and Lee (2004) directly rank and extract sentences

relevant to a query from a collection of documents
and place them along a timeline. As the current
state-of-the-art method for direct summarization,
revised submodular-function optimization, which
is commonly used for MDS, is applied to search
for a combination of sentences from an entire doc-
ument collection (Martschat and Markert, 2018).

Date-wise summarization methods (Li et al.,
2021) first select dates then extract sentences cor-
responding to the dates. Tran et al. (2013, 2015b)
propose a supervised graphical model for select-
ing salient dates and tracking events on each date.
In another study, text and image embeddings are
jointly learned using a scalable low-rank approxi-
mation approach to generate a more readable time-
line summary (Wang et al., 2016).

Event detection algorithms (Tran et al., 2015c;
Pasquali et al., 2019; Duan et al., 2020) usually
cluster documents by affinity propagation to detect
events and summarize them individually along a
timeline (Steen and Markert, 2019) or implement
multi-timeline summarization (Yu et al., 2021).

2.2 Heterogeneous graph for summarization

A heterogeneous graph contains different types of
nodes and multiple relationships between nodes
(Xu et al., 2021; Hu et al., 2021). Wang et al. (2020)
present a HAN for single or multiple document ex-
tractive summarization to enrich cross-sentence re-
lations through additional semantic units. Jia et al.
(2020) leverage a sentence-level redundancy layer
into a HAN to remove excessive phrases. Although
much research has gone into constructing source
documents as heterogeneous graphs and using
graph attention network-based first-order neighbors
during information dissemination, longer-distance
heterogeneous paths have not been considered. In-
spired by Wang et al. (2019), we extended a HAN
to TLS and developed HeterTLS to learn better
node representations for downstream tasks.

3 Methodology

3.1 Problem definition and preliminaries

Given a collection of news documents D within
T dates, TLS involves 1) predicting a sequence
of date labels {y1, · · · , yT |yi ∈ {0, 1}}, where
yt = 1 represents the t-th date included in the
timeline; and 2) ranking and extracting sentences
from candidates for each selected date. The number
of dates as well as the length of the daily summaries
are typically controlled by the user.
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Figure 1: Model overview. HeterTLS consists of three chief components: (a) graph constructor and initializer,
(b) heterogeneous graph encoder with sentence clustering constraint, and (c) timeline summary extractor. We first
construct heterogeneous network for date, sentence, and word nodes with two initialization strategies. We then
extract meta-paths and iteratively update node representations via HAN under nuclear norm constraint on sentence
nodes. Finally, we predict unlabeled date nodes and extract sentences from candidate clusters.

Given a graph G = {V, E} with V = Vd ∪
Vw ∪ Vs and E = Ew−d ∪ Ew−s, where Vd, Vw,
and Vs respectively denote a node set for dates,
words, and sentences and Ew−d and Ew−s are a
set of undirected edges between word-date and
word-sentence. Specifically, Vd = {d1, · · · , dT },
Vw = {w1, · · · , wm}, and Vs = {s1, · · · , sn} cor-
respond to T dates, m unique words, and n sen-
tences within D. eij 6= 0 (i ∈ {1, · · · ,m}, j ∈
{1, · · · , n}) of Ew−s indicates that the i-th word
appears in the j-th sentence. eij 6= 0 (i ∈
{1, · · · ,m}, j ∈ {1, · · · , T }) of Ew−d signifies
the i-th word appears in the articles published on
the j-th date. No edge exists between nodes of the
same type, e.g., word pairs. We then define a meta-
path and meta-path-based neighbors for dissemi-
nating information among heterogeneous nodes.

Definition 1 Meta-path Φ is defined as a path
in the form of v1

e1−→ · · · eq−→ vq+1, which de-
scribes a composite edge relation e = e1 ◦ · · · ◦ eq
between nodes v1 and vq+1, where ◦ denotes the
composition of relations.

Definition 2 Meta-path-based neighbors NΦ
i

of the i-th node are defined as all nodes in a single
meta-path Φ.

Figure 1 exhibits an overview of HeterTLS,
which consists of three main components: (a)

graph constructor and initializer, (b) heteroge-
neous graph encoder with sentence clustering con-
straint, and (c) timeline summary extractor. Each
component is introduced subsequently in detail in
the following subsections.

3.2 Graph constructor and initializer

Let Xd ∈ RT ×rd , Xw ∈ Rm×rw , and Xs ∈ Rn×rs
respectively denote input feature matrices for date,
word, and sentence nodes, where rd, rw, and rs are
dimensions of date representations, word embed-
dings, and sentence representations. We initialize
the j-th sentence node in Figure 1 (a) by concatenat-
ing its local n-gram feature pj and sentence-level
global feature qj as Xsj = [pj ; qj ]. pj is captured
by a convolutional neural network (CNN) (LeCun
et al., 1998) with different kernel sizes, and qj is
gripped by a bidirectional long short-term memory
(Bi-LSTM) (Hochreiter and Schmidhuber, 1997).
Considering the success of transformer-based pre-
trained models, we also provide another initializa-
tion strategy: using BERT (Devlin et al., 2019) and
sentence-BERT (Reimers and Gurevych, 2019) as
word and sentence encoders. Date nodes take the
average-pooling of their connected sentences as
initialization for both aforementioned strategies.

To leverage the saliency of each word in differ-
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ent sentences or dates, we propose term frequency-
inverse sentence frequency (TF-ISF) and term
frequency-inverse date frequency (TF-IDATEF)
weights to initialize edges in Ew−s and Ed−w.
Specifically, TF is the number of occurrences of
wi in sj or dt, and ISF/IDATEF is determined by
dividing the total number of sentences or dates in
D by the number of sentences or dates containing
wi (refer to Appendix D for more details).

3.3 Heterogeneous graph encoder with
sentence clustering constraint

As Figure 1 (b) illustrates, we first iteratively up-
date node representations via meta-paths in hetero-
geneous graph attention layers. We then introduce
how we constrain sentence representations to re-
serve a low-rank-based clustering structure, which
helps sentence nodes learn better event-related in-
formation. Finally, the semi-supervised date classi-
fication and sentence clustering structure are jointly
learned in an overall objective.

3.3.1 Heterogeneous graph attention layer

Node representations are updated by hierarchi-
cal heterogeneous graph attention layers, where
the node-level attention layer ensures information
propagation and aggregation in a single meta-path,
while the semantic-level one is committed to merg-
ing messages from multiple meta-paths. Specifi-
cally, referring to hi as the hidden state of the i-th
node, the node-level attention layer is calculated as

e
Φp
ij = LeakyReLU(Wa[Wφihi; Wφjhj ]), (1)

α
Φp
ij =

exp(e
Φp
ij )

∑
l∈NΦp

i

exp(e
Φp
il )

, (2)

zΦp
i =

K

‖
k=1

σ(
∑

j∈NΦp
i

α
Φp
ij Wφjhj), (3)

where Wa, Wφi , and Wφj are trainable parameters,
zΦ
i is the representation of the i-th node learned

from the node-level attention layer by Φ, αΦ
ij mea-

sures the importance of the j-th node to the i-th
node via Φ, NΦ

i contains all nodes in single meta-
path Φ, and K is the number of multi-heads.

Afterwards, the semantic-level attention layer
fuses all the meta-path information for the i-th
node. We extract meta-paths Φ̂d1∼3={date-word,
date-word-date, date-word-sent} for date nodes,
Φ̂w1∼2={word-sent, word-date} for word nodes,

and Φ̂s1∼3={sent-word, sent-word-sent, sent-word-
date} for sentence nodes (Figure 1 (b)), while long-
distance meta-paths are discarded due to their lim-
ited impact. With the assumption that the i-th node
has P meta-paths as {Φ1, · · · ,ΦP }, the represen-
tation of the i-th node is updated as

wΦp =
1

|V|
∑

i∈V
qT tanh(WzΦp

i + b), (4)

βΦp =
exp(wΦp)∑P
l=1 exp(wΦl)

, (5)

zi =
P∑

p=1

βΦpzΦp
i , (6)

where q, W, and b are learnable parameters and
βΦp represents the importance of the p-th meta-
path for the final embedding of the i-th node.

In the same manner described by Wang et al.
(2020), to avoid gradient vanishing after certain
iterations, a residual connection and position-wise
feed-forward network (FFN) layer with two linear
transformations (Vaswani et al., 2017) are added
after the semantic-level attention layer.

Iterative update: We alternately update each
type of node to realize information propagation
and aggregation. The updating process for the t-th
iteration is measured as

Zt+1
w1∼2

= NLevel(Ht
d, H

t
s, H

t
w), (7)

Ht+1
w = FFN(SLevel(Zt+1

w1∼2
) +Ht

w), (8)

Zt+1
d1∼3

= NLevel(Ht
d, H

t
s, H

t+1
w ), (9)

Ht+1
d = FFN(SLevel(Zt+1

d1∼3
) +Ht

d), (10)

Zt+1
s1∼3

= NLevel(Ht+1
d , Ht

s, H
t+1
w ), (11)

Ht+1
s = FFN(SLevel(Zt+1

s1∼3
) +Ht

s), (12)

where NLevel and SLevel respectively indicate
node-level and semantic-level attention layers, and
Ht is the stacked hidden state of a certain type
of node at the t-th timestep. Eqs. 8, 10, and 12
represent the residual connection and FFN layer.

3.3.2 Sentence clustering constraint
Detecting main events from D can effectively re-
duce the redundancy when generating summaries.
Current TLS methods (Yu et al., 2021) identify
major events by applying K-means directly to sen-
tence representation matrix Hs, which has two lim-
itations. First, K-means is sensitive to initialization
and outliers, resulting in unstable outputs (Ding
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and Li, 2007). Furthermore, the clustering perfor-
mance is undesirable due to the independence of
sentence representation learning and sentence clus-
tering. Even though structure learning has the po-
tential to address the above issues by co-clustering
on a newly created bipartite graph to extract the
clustering structure (You et al., 2021a; Nie et al.,
2017), it is not suitable for our framework to make
Hs a block-diagonal matrix with k components.
Theorem 1 paves the way to detect the clustering
structure of Hs by adding a low-rank constraint.

Theorem 1 (Chung and Graham, 1997) The
multiplicity of eigenvalue 0 of the normalized
Laplacian matrix of Hs is equal to the number of
clusters in Hs.

Theorem 1 indicates that the block-diagonal clus-
tering structure relies on newly constructing an
adjacency network of sentence nodes, which in-
creases the complexity of the model. Haeffele and
Vidal (2020); Piao et al. (2019) propose the nuclear
norm and prove that the constraint on the Laplace
matrix of Hs is mathematically equal to the con-
straint on sentence representation matrix Hs as

Lcluster = ‖Hs‖∗, (13)

where ‖Hs‖∗ is defined as the sum of the k small-
est eigenvalues, i.e.,

∑n
i=n−k λi with λi as the i-

th smallest eigenvalue (Piao et al., 2019). When
‖Hs‖∗ is set to 0, we obtain k clusters in Hs by
reorganizing its columns or rows and converting it
into a block-diagonal form with k blocks, as shown
in Figure 1 (c). We also determine parameter k by
the elbow method (Bholowalia and Kumar, 2014).

3.3.3 Joint learning framework
Past work considered date selection and sentence
clustering-based event detection as independent
tasks. In HeterTLS, they are jointly trained to com-
bine their advantages into an overall objective:

L = Lclassify + λLcluster , (14)

where Lclassify minimizes the cross-entropy over
all labeled date nodes between the ground-truth
during training, and λ serves as a weighted coef-
ficient to balance Lclassify with Lcluster . Eq. 14
can be optimized via stochastic gradient descent
(SGD) (Zinkevich et al., 2010) in an end-to-end
manner. Readers can also refer to (Piao et al., 2019;
Liu and Vandenberghe, 2009) for the detailed nu-
clear norm optimization strategy of Lcluster .

Our date classification is trained in a transductive
learning-based semi-supervised manner. We iterate

T17 Crisis Ent. Covid.

Topics 9 4 47 1
Timelines 19 22 47 1
Avg.Documents 508 2,310 959 26,376
Avg.Sentences 20,409 82,761 31,545 791,280
Avg.Dates 124 307 600 218
Avg.Duration 212 343 4,437 266

Table 1: Basic dataset statistics. Avg.X demonstrates
average X for each topic, and Timelines refers to num-
ber of ground-truths in each dataset.

all node representations in the heterogeneous graph
simultaneously with 50% labeled date nodes (40%
for training and 10% for verification) and 50% un-
labeled date nodes as the test set. The joint learning
model is able to effectively find event-based candi-
date clusters (see Figure 1 (c)), thereby save much
running time and improve the accuracy of TLS.

3.4 Timeline summary extractor
With l selected dates and their corresponding repre-
sentations {hd1 , · · · ,hdl}, we represent the k clus-
ters as {hc1 , · · · ,hck} by averaging sentence repre-
sentations inside that cluster. As shown in Figure 1
(c), candidate clusters for the t-th selected date
are determined by calculating the cosine similarity
between the date representation with all cluster rep-
resentations as cos(hdt ,hcj )(j ∈ {1, · · · , k}). If
the cosine similarity is larger than the pre-defined
threshold δ (see Section 5.4), the corresponding
cluster is considered a candidate for the date. Fi-
nally, we apply CENTROID-OPT (Ghalandari,
2017) as a sentence ranking algorithm within a
cluster and summarize each date individually by
selecting one sentence per cluster with the highest
ranking score.

4 Experiments

4.1 Datasets
We carried out our experiments on the four most
widely used benchmark datasets, i.e., 17 Time-
lines (T17) (Tran et al., 2013), Crisis (Tran et al.,
2015a), Entities (Ghalandari and Ifrim, 2020), and
CovidTLS (Quatra et al., 2021). All contain human-
written timelines concerning certain topics, the
source news articles of which are retrieved from
the web at a given point in time.

Using these datasets makes it possible to com-
prehensively verify the effectiveness and general-
ization of HeterTLS because both the number of
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Datasets T17 Crisis Entities

Metrics CR1-F CR2-F AR1-F AR2-F CR1-F CR2-F AR1-F AR2-F CR1-F CR2-F AR1-F AR2-F

Full Oracle 0.500 0.180 0.312 0.128 0.490 0.160 0.360 0.150 0.348 0.079 0.232 0.075
CHIEU (2004) 0.290 0.072 0.067 0.019 0.374 0.070 0.052 0.012 0.275 0.053 0.036 0.011
TRAN (2013) 0.336 0.065 0.094 0.022 0.271 0.034 0.054 0.012 0.275 0.052 0.042 0.012
MARTSCHAT (2018) 0.383 0.092 0.105 0.030 0.333 0.072 0.075 0.016 0.275 0.052 0.042 0.011
DATEWISE (2020) 0.385 0.097 0.121 0.035 0.347 0.075 0.089 0.026 0.271 0.051 0.057 0.017
DASG (2021) 0.333 0.064 0.118 0.029 0.323 0.068 0.077 0.018 0.282 0.052 0.045 0.010
SDF (2021) 0.401 0.101 0.106 0.033 0.360 0.073 0.064 0.014 0.275 0.052 0.041 0.011
HeterTLS-HAN 0.398 0.101 0.141 0.052 0.372 0.070 0.092 0.026 0.272 0.052 0.054 0.015
HeterTLS-Joint 0.392 0.101 0.132 0.042 0.323 0.068 0.079 0.015 0.271 0.048 0.049 0.012
HeterTLS+Pre-trained 0.401 0.103 0.142 0.053 0.379† 0.078† 0.107† 0.028† 0.282 0.054 0.057 0.019
HeterTLS 0.408† 0.108† 0.145† 0.058† 0.374 0.075 0.105 0.028 0.288† 0.058† 0.059† 0.019†

Table 2: Concatenation- and alignment-based ROUGE-1/2 F1-scores for T17, Crisis, and Entities datasets. Best
results among model-generated timelines are marked in bold. Symbol † indicates that our results significantly
surpass all baselines using bootstrap test (Dror et al., 2018) with p < 0.005.

topics and their time spans are completely different.
Specifically, the Entities dataset contains dozens
of topics and spans decades per topic, while the
others involve only a few topics within two years.
The basic statistics are summarized in Table 1.

4.2 Evaluation metrics

In our experiments, the evaluation of model-
generated timelines depended on the ROUGE met-
ric and its variants as follows (Yu et al., 2021):
Concatenation-based ROUGE F1 Similar to con-
ventional ROUGE, it compares a concatenated sys-
tem summary with its corresponding ground-truth
by referring only to the textual overlap while ig-
noring all time stamps of the timeline (Yan et al.,
2011b; Nguyen et al., 2014; Wang et al., 2016).
Alignment-based ROUGE F1 On the basis of the
above concatenation metric, it linearly penalizes
the ROUGE score by the distance of date align-
ments (Martschat and Markert, 2017).
Date selection F1 It only measures how well the
model selects dates contained in the ground-truth
(Martschat and Markert, 2018).

4.3 Experimental settings

Since each topic has at least one ground-truth time-
line, we considered each timeline independently if
multiple ground-truths exist, and the final evalua-
tion results were obtained by averaging scores over
all timelines. We split training/verification/test sets
in accordance with the ratio of 40%/10%/50% men-
tioned to Sec. 5.5. All experiments for a dataset
were subject to leave-one-out cross-validation, and
significant differences were determined by boot-
strap test (Dror et al., 2018) with p-value of 0.005.

For our heterogeneous network, the vocabulary
size was limited to 50, 000 and tokens were ini-
tialized with 400-dimensional GloVe embeddings
(Pennington et al., 2014). We truncated an input
document to a maximum length of 40 sentences and
removed 10% of vocabulary with the lowest TF-
IDATEF values to eliminate noise. Date/sentence
nodes and edge features individually included rd =
rs = 128 and 40-dimensional vectors for initial-
ization. We set the learning rate and regularization
hyper parameter λ to 5e− 4 and 1.5, respectively.
Each HAN layer had 8 heads and 64-dimensional
hidden size. The inner hidden size of the FFN layer
was set to 512. An early stop was carried out when
the validation loss did not descend for three con-
tinuous epochs. We trained all baselines as well as
HeterTLS on a single Titan RTX GPU.

4.4 Baselines

The following excellent baselines were used for
comparison and to demonstrate the effectiveness
of HeterTLS: direct summarization including
CHIEU (Chieu and Lee, 2004) and MARTSCHAT
(Martschat and Markert, 2018); date-wise summa-
rization such as TRAN (Tran et al., 2013), DATE-
WISE (Ghalandari and Ifrim, 2020), and SDF (Qua-
tra et al., 2021); and event detection method DASG
(Liu et al., 2021). We additionally follow Ghalan-
dari and Ifrim (2020) to obtain full oracle.

5 Results and Discussion

5.1 Performance of HeterTLS

According to Tables 2 and 3, HeterTLS outper-
formed all baselines in terms of all metrics. Con-
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Dataset T17 Crisis Entities
Metric Date-F1 Date-F1 Date-F1

Full Oracle 0.926 0.974 0.757
CHIEU (2004) 0.252 0.142 0.102
TRAN (2013) 0.517 0.289 0.185
MARTSCHAT (2018) 0.544 0.281 0.167
DATEWISE (2020) 0.544 0.295 0.205
SDF (2021) 0.553 0.302 0.397
HeterTLS-HAN 0.668 0.455 0.432
HeterTLS-Joint 0.620 0.418 0.395
HeterTLS+Pre-trained 0.688 0.494† 0.478
HeterTLS 0.703† 0.492 0.488†

Table 3: Date F1-scores on T17, Crisis, and Entities
datasets. Bold-faced characters and † indicate best re-
sults and significant improvements over all baselines.

sidering that DASG ignores date information, we
excluded it from the Date F1 experiment. We no-
ticed that HeterTLS with pre-trained initial node
representations surpassed HeterTLS only on Cri-
sis and CovidTLS (refer to Appendix A) datasets.
This indicates that pre-trained models require larger
downstream datasets (Crisis or CovidTLS datasets)
to escape from the local optimum, while CNN- and
Bi-LSTM-based initialization can better capture
the characteristics of small-scale datasets and reach
the globally optimal solution in a few epochs.

We consider three possible reasons for the excel-
lent performance of HeterTLS. First, the HAN is
configured to learn multi-level semantic features
for date representations. Compared with hand-
designed statistical low-level features, these fea-
tures are much more distinguishable, so they im-
prove the accuracy of date selection. Second, re-
garding the improvement of ROUGE scores, the
introduction of low-rank-based regularization helps
sentence representations learn a diagonal cluster-
ing structure, which enables HeterTLS to effec-
tively capture the topic-related events and informa-
tive sentences. Third, date selection and sentence
clustering-based event detection are jointly learned
and optimized to obtain a globally optimal solution.

5.2 Ablation study

We investigated the contribution of each module to
HeterTLS via ablation studies using each dataset.

HeterTLS-HAN To verify the interaction within
heterogeneous connections, we show the ablation
performance in Table 2 by removing the HAN and
simply using unlearnable semantic features with
nuclear norm constraint. We suspect that the HAN
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Figure 2: Comparison of running time of current state-
of-the-art models and HeterTLS

layer plays a critical role in facilitating date selec-
tion with semantic messages and providing sen-
tence nodes with temporal clustering information,
which cannot be replaced with fixed features. Meta-
paths also provide abundant iterative patterns to
pass semantic and temporal information.

However, sentence nodes initialized by CNN
and Bi-LSTM layers help capture local and global
sentence relationships, which has been proved pre-
dominant with regard to the extractive summariza-
tion task (Wang et al., 2020). Furthermore, the
nuclear norm constraint can effectively reduce the
redundancy between selected summary sentences.
The above two components ensure the promising
performance of the ablation model.

HeterTLS-joint learning Based on the assump-
tion that the remarkable improvement of HeterTLS

compared with baselines is due to jointly training
node representations and clustering regularization,
we show the performance in a separate learning
pattern. Date representations are first learned using
a HAN to predict which date should be selected to
form a timeline. We then cluster sentence nodes in
the graph to produce center cluster representations.

From the last block in Tables 2 and 3, imple-
menting the subtasks individually degrades the per-
formance to a great extent. We consider that in
the joint learning framework of HeterTLS, vertices
learn more discriminative features under the guid-
ance and constraint of sentence clustering and in
turn improve clustering accuracy, which cannot be
imitated by separate learning. This result further in-
dicates the superiority of HeterTLS, implying that
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Figure 3: Impact of parameters on Entities dataset

the combination of node representations and clus-
tering structure is promising for identifying salient
dates and sentence candidates simultaneously.

5.3 Running time

We conducted an investigation of running time with
all models being trained with the same device and
show the results in Figure 2. HeterTLS ran up to
an order of magnitude faster than most baselines,
while it achieved comparable running efficiency to
the current fastest baseline DATEWISE (2020).

The following two reasons may explain the effi-
ciency of HeterTLS. 1) Accurate node initialization
enables the model to converge to a globally opti-
mal solution in less than eight epochs. Since trans-
ductive semi-supervised learning requires fewer
labeled date nodes, it can simplify the scale of the
training model and reduce the training time caused
by parameter updates. 2) Previous methods rank all
candidates by measuring informativeness, redun-
dancy, coherence, and diversity (Yan et al., 2011b).
In contrast, our strategy reduces the time complex-
ity by measuring the similarity between date and
cluster representations to select candidate clusters
that exceed a pre-defined threshold. It can thus
extract the most informative sentence in each can-
didate cluster as a summary without consuming
time on the multi-index optimization problem.

5.4 Impact of parameters

There are two essential hyper parameters in our ex-
periments: λ is adopted to balance the importance
between Lclassify and Lcluster in Eq. 14, and δ acts
as a threshold to decide the most related clusters
for selected dates (Figure 1(c)). Several sets of λ
and δ were tested in terms of AR1-F and AR2-F.
We can clearly see the best performance from Fig-
ure 3 when λ ∈ [2.0, 2.5] and δ = 0.55 on Entities
dataset. It is explicit that a larger δ works better. A
plausible reason is that a relatively high threshold
can effectively filter irrelevant clusters and reduce
the redundancy of generated timelines. However,
the gradual changes in histograms indicate that our
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Figure 4: Ratio of labeled date nodes on training set vs.
corresponding accuracy on test set

method rarely fails to converge as parameters vary
because it is robust and insensitive to parameters.
The parameter impact on other datasets is discussed
in Appendix B due to limited space.

5.5 Ratio of labeled dates
Figure 4 shows that our model achieved promising
Macro-F1 scores for date classification on test sets
when the ratio of labeled dates was set to 40 or
50% in the training phase. Therefore, we reason-
ably believe that our HAN-based transductive learn-
ing earns high-quality date classification even with
small-scale labeled data, so it can be effectively
applied to real TLS tasks. Specifically, HeterTLS

learns high-order semantic features implied in a
small amount of labeled dates, which can help pre-
dict critical time stamps that should be preserved.

5.6 Consecutive dates and redundancy
The proportions of consecutive dates in chrono-
logically ordered model-generated timelines and
ground-truth timelines were experimentally mea-
sured according to Ghalandari and Ifrim (2020).
News articles and sentences published on adjacent
dates tend to refer to the same story, especially in a
long-time-span dataset such as Entities.

T17 Crisis Entities CovidTLS

Ground-truth 0.45 0.18 0.03 0.48
MARTSCHAT 0.63 - 0.18 0.68
DATEWISE 0.62 0.52 0.30 0.66
HeterTLS 0.48 0.23 0.10 0.56

Table 4: Proportions of consecutive dates of timelines
produced with different methods and ground-truths

Combining with Table 1, Table 4 reveals that
because the time duration of Entities dataset is the
longest, up to 12 years, the proportion of adjacent
dates is the lowest among all datasets. Therefore,
we reasonably believe that the trend of adjacent
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Topic: Steve_Jobs Ground-truth timeline

2003-04-28
Apple launches the iTunes store, a download music service.
2004-07-31
Undergoes surgery to remove a tumor related to the cancer.
2006-04-01
Apple celebrates its 30th birthday.
2007-01-09
Jobs unveils the iPhone at the Macworld conference.
2008-06-27
A class action suit is filed against Jobs and several members of the Apple's 
board of directors, claiming that they had participated in the backdating of 
stock option grants. In 2006, Apple was forced to restate its financial results 
after acknowledging that an internal investigation had revealed 
irregularities in its stock option grants between 1997 and 2001.
2008--2009
! ! ! ! ! !
2009-06-29
Apple spokesman Steve Dowling announces that Jobs has returned to work.
2010-01-27
Jobs introduces the iPad. The half-inch-thick, 1.5pound 9.7inch iPad allows 
users to read books, play games or watch video.
2011-03-02
Jobs receives a standing ovation when he takes the stage to unveil the iPad 
2.
2011-06-06
At the Worldwide Developers Conference (WWDC) Jobs introduces iCloud 
the new online media storage system. Other Apple officials demo the new 
operating systems OS-X Lion and iOS-5.
2011-08-24
Resigns as CEO of Apple, but announces he will stay on as chairman. Tim 
Cook is promoted to CEO.

Topic: Steve_Jobs HeterTLS-generated timeline

2003-04-28
Apple launches the Powerbook laptop.
2004-07-31
When Jobs was recovering from surgery to remove the original cancer.
2006-04-01
Appropriately enough, April 1 is the date Apple plans to celebrate its 30th birthday.
2008-06-27
The computer maker said it has brought in independent counsel to review the handing out of 
options between 1997 and 2001, including a batch for chief executive Steve Jobs, after an internal 
inquiry found potential irregularities, Steve Jobs cooperated with Apple 's independent investigation
and with the government 's investigation of stock option grants at Apple, directors said.
2008—2009
! ! ! ! ! !
2009-06-29
Apple spokesman Steve Dowling said the decision to pull Jobs out of the show indicated the 
company 's intention to stop exhibiting at Macworld. Big Brother permitting the choice that Jobs has 
made this time round.
2010-01-27
Apple says that it “lets users browse the web, read and send email, enjoy and share photos, watch 
videos, listen to music, play games, read ebooks and much more on the Mac, the iPad, the iPod , 
the iPhone”.
2011-03-02
We should know in a couple of hours, when Jobs takes the stage to keynote ( sic ) Apple 's 
Worldwide Developer Conference 2005, which opens today in San Francisco. A rapturous standing 
ovation follows.
2011-06-06
Next week is the Apple Worldwide Developers' Conference, where Steve Jobs will address the 
adoring masses. Details of the new operating systems have been dribbling out for months, with the 
official unveiling in October last year.
2011-08-24
Tim Cook is widely tipped as a possible replacement as CEO. I hereby resign as CEO of Apple.

Figure 5: Partial timelines on topic of Steve Jobs from Entities dataset produced with ground-truth and HeterTLS

date proportion is the same as that of redundancy.
The results in Table 4 indicate that HeterTLS is
the closest to the ground-truth, thereby proving its
ability to predict salient dates.

5.7 Case study

We now show the quality of timelines generated by
HeterTLS through a cases study. The topic Steve
Jobs is taken from Entities dataset with the time
duration from 2003-04-28 to 2011-08-24. In Fig-
ure 5, parts of the ground-truth timeline of certain
dates are shown on the left, while the right side
lists the HeterTLS-generated timeline with similar
period coverage as the ground-truth. We manually
colored some keywords to illustrate consistent con-
tents in both timeline summaries. The examples
demonstrate different levels of detail in describing
particular events. Three advantages of HeterTLS

are explicit by comparing it with the ground-truth:

• The semi-supervised date prediction compo-
nent of HeterTLS can accurately position
salient dates as the ground-truth, which is the
very principle for extracting TLS sentences.

• Our model can capture the major object of
each event or topic well (marked in orange)
in a daily summary. For example, the subject
of the ground-truth on 2003-04-28 is Apple
launches, and HeterTLS also generates the
same phrase as the subject. On 2009-06-29,
Steve Dowling announces and Steve Dowling
said serve as subjects in the ground-truth and

model-generated summary, respectively.

• Although HeterTLS generates timelines in an
extractive manner, the generated summaries
are short and accurate. Current extractive
methods always adopt greedy or beam search
to extract an uncertain number of sentences as
timelines, which greatly increases redundancy.
We use clustering-based constraints and intra-
class extraction to ensure that HeterTLS gen-
erates short but accurate sentences.

6 Conclusion

We addressed several fundamental problems con-
cerning TLS and proposed a joint learning model
called HeterTLS, which trains a HAN by utilizing
clustering structure learning-based event detection.
The proposed model facilitates node representa-
tions with information of different semantic units.
Meanwhile, the sentence representations with clus-
tering structure are rich in date- and semantic-level
features, which significantly reduce redundancy
and improve clustering accuracy. Experimental re-
sults, including those of the ablation studies of each
part of the overall architecture, demonstrated the
effectiveness of HeterTLS.
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Appendices

A Performance of HeterTLS on CovidTLS

Metrics CR1-F CR2-F AR1-F AR2-F Date-F

Full Oracle 0.471 0.199 0.388 0.192 0.968
CHIEU (2004) 0.203 0.021 0.008 0.001 0.176
TRAN (2013) 0.218 0.028 0.012 0.001 0.675
MARTS. (2018) 0.249 0.036 0.028 0.001 0.685
DATEWISE (2020) 0.318 0.038 0.036 0.005 0.697
DASG (2021) 0.224 0.030 0.014 0.001 0.621
SDF (2021) 0.439 0.076 0.062 0.011 0.689
HTLS-HAN 0.402 0.062 0.052 0.009 0.656
HTLS-Joint 0.388 0.058 0.048 0.006 0.648
HTLS+Pre-trained 0.447† 0.078† 0.068† 0.012† 0.722†

HeterTLS 0.430 0.072 0.060 0.011 0.704

Table 5: Concatenation- and alignment-based
ROUGE-1/2 F1-score for CovidTLS dataset. Best re-
sults among model-generated timelines are marked in
bold. Symbol † indicates that our results significantly
surpass all baselines using bootstrap test (Dror et al.,
2018) with p < 0.005.

The newly released CovidTLS dataset 1 de-
scribes the outbreak and evolution of the Covid-19
pandemic since the beginning of 2020. Because it
is undoubtedly one of the most important world-
wide events and affects all aspects of people’s lives
and work, it has been reported by an unprecedented
amount and variety of news articles. The whole cor-
pus was crawled from well-known English journals,
while it is annotated with a ground-truth timeline
retrieved from a public, authoritative website.

Table 5 shows the excellent performance of
HeterTLS on this new dataset. Since CovidTLS
is a large-scale dataset containing 26,376 docu-
ments and 791,280 sentences per topic, the pre-
trained node representations can escape from the
local optimal solution through massive iteration
processes and converge to its globally optimal
solution. We are convinced that the lightweight
HeterTLS is more effective for small-scale datasets
while HeterTLS initialized using pre-trained lan-
guage models attains better results on large-scale
datasets.

B Impact of parameters on T17, Crisis, and
CovidTLS Datasets

We selected several sets of λ and δ to test the per-
formance of HeterTLS and give a general overview
in Figure 6 as in Sec. 5.4. HeterTLS performed the

1https://github.com/MorenoLaQuatra/SDF-TLS

best when λ = 1.5 and δ = 0.6 on T17 dataset,
while λ ∈ [2.0, 2.5] and δ ∈ [0.5, 0.55] on Crisis
and CovidTLS datasets. Even though a larger δ cou-
pled with a smaller λ works better, HeterTLS sel-
dom failed to converge as the parameters changed.
Therefore, we reasonably believe that our proposed
model is not sensitive to parameters.

C Attach date labels for sentences

Since it is a difficult problem to correctly extract the
chronological order of events from time stamped-
free texts, we therefore attempt to only attach dates
to the sentences extracted from news articles. We
assume that the first date expression detected in a
sentence s is the date of the event mentioned in
s. We further craft simple rules to detect date ex-
pressions in sentences and resolve them to absolute
dates using the date of the article as a reference.
For example, with “today” parsed as the publica-
tion date of the article, “September” and “Sunday”
indicate the last September and Sunday before the
article date. In the case that no date expression is
detected in the entire sentences s, date(s) is taken
to be the publication date of the article containing
s. Although this assumption is frequently incor-
rect in document types such as biographies, literary
writings, or historical texts, we find it is reason-
able for news articles. News, by definition, reports
up-to-date events.

D Edge Initialization

We give a more detailed description of the edge
initialization in the main body. To leverage the
saliency of each word in different sentences and
dates, we propose using term frequency-inverse
sentence frequency (TF-ISF) and term frequency-
inverse date frequency (TF-IDATEF) weights to
initialize edges in Ew−s and Ed−w.

TF i,j =
ni,j∑
k nk,j

, (15)

ISF i = log
|S|

|{j : wi ∈ sj}|
, (16)

IDATEF i = log
|D|

|{j : wi ∈ dj}|
, (17)

where ni,j indicates the number of occurrences of
word wi in sentence sj (for edges in Ew−s) or date
dj (for edges in Ed−w), and the denominator of
Eq. 15 is the sum of the number of occurrences of
all words in sj or dj . In Eqs. 16 and 17, |S| and |D|
respectively denote the total number of sentences
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Figure 6: Impact of parameters on T17, Crisis, and CovidTLS datasets

and dates in the corpus, and |{j : wi ∈ sj}| and
|{j : wi ∈ dj}| are the numbers of sentences or
dates where term wi appears.

Intuitively, some words, e.g., articles such as
“the” and “a”, appear in many sentences and dates,
while other words, e.g., “Harry Potter”, are not so
frequent. Therefore, words with lower ISF/IDATEF
values are not so important and usually have no
specific meaning. Conversely, words with higher
ISF/IDATEF values might be important and indi-
cate salient information or the topic of the article.
This assumption allows HeterTLS to distinguish
key points from non-key points.
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Abstract 
Little attention has been paid on EArly Rumor 
Detection (EARD), and EARD performance 
was evaluated inappropriately on a few datasets 
where the actual early-stage information is 
largely missing. To reverse such situation, we 
construct BEARD, a new Benchmark dataset 
for EARD, based on claims from fact-checking 
websites by trying to gather as many early 
relevant posts as possible. We also pro-
pose HEARD, a novel model based on neural 
Hawkes process for EARD, which can guide a 
generic rumor detection model to make timely, 
accurate and stable predictions. Experiments 
show that HEARD achieves effective EARD 
performance on two commonly used general ru-
mor detection datasets and our BEARD dataset. 

1 Introduction 

The proliferation of online rumors has aroused 
widespread concerns. Many studies have been con-
ducted for automatic rumor detection in social me-
dia and achieved high detection accuracy (Ma et al., 
2016, 2017; Yu et al., 2017; Ruchansky et al., 2017; 
Ma et al., 2018; Guo et al., 2018; Bian et al., 2020). 
However, these generic detection methods lack in-
depth modeling of temporality, which can cause 
tremendous delay in detection given the instanta-
neous and sporadic nature of rumor propagation. 

While a few EArly Rumor Detection (EARD) mod-
els have been proposed (Liu and Wu, 2018; Zhou 
et al., 2019; Song et al., 2019; Xia et al., 2020), they 
have been designed with oversimplifcation and 
evaluated inappropriately using the datasets con-
structed for generic rumor detection. Widely used 
rumor detection datasets, such as TWITTER (Ma 
et al., 2016) and PHEME (Zubiaga et al., 2016), 
are generally limited in covering relevant posts in 
the early stage as there was no mechanism ensur-
ing to gather information that is further away from 
the offcial debunking time of a rumor. For this 
reason, the generalizability of EARD cannot be 

Time Post 

2015-07-07 Translucent butterfy - beautiful!
T.ORG. 

2015-10-01 #Snopes Translucent Butterfy URL 

2013-02-08 Ever see a translucent butterfy? 
2013-06-24 fake...like bubbles 

T.REC. 
2014-09-03 ...fake, a Worth1000 Photoshop contest entry 
2014-10-06 Multiple repeat fakes 

01-08 00:00 . . . courtesy of Banksy. 
P.ORG. 

01-08 14:39 ...it is not by Banksy its by @LucilleClerc 

01-07 20:09 Banksy for Charlie... 
01-07 23:48 That’s not Banksy though, just someone fan page 

P.REC. 01-08 00:14 . . . I don’t think that Banksy Insta is offcial is it? 
01-08 08:33 The person (not B.) shared it from another source.
01-08 09:55 Not Banksy btw. It’s @LucilleClerc 

Table 1: A rumor in TWITTER dataset claiming "A but-
terfy with translucent wings" and another from PHEME 
claiming "A street artist Banksy posted an illustration 
on the Instagram as tribute to Charlie Hebdo". T. (P.) de-
notes TWITTER (PHEME) dataset, and ORG. (REC.) 
denotes the original (recollected) set of posts. The earli-
est post in each set is in Italic. 

effectively trained nor be genuinely refected using 
a general rumor detection dataset. As an exam-
ple, we showcase two rumors from TWITTER and 
PHEME datasets in Table 1. We manually trace 
Twitter conversations about each claim and recol-
lect as many early posts relevant to it as we could. 
It is observed that the original posts in both datasets 
are clearly delayed as compared to our recollected
posts. Also, the rumor indicative patterns in the rec-
ollected posts unfold differently, where dissenting 
voices, a common indicator of rumor, appear much 
earlier and may last for many hours or even years, 
evolving from vaguely opposing the claim (e.g., 
‘like bubbles’, ‘someone’) to frmly refuting it with 
evidence (e.g., ‘Photoshop contest’). The origi-
nal “early” posts in PHEME clearly fail to cover 
such useful patterns refecting the early dynamics, 
and the posts in TWITTER do not cover any early 
indicative signals before the rumor was offcially 
debunked by Snopes. Given the unavailability of 
EARD-specifc dataset, it is necessary to construct 
a Benchmark dataset for EARD (BEARD) consid-
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ering the earliness of relevant posts to gather. 

Meanwhile, EARD methods have not been well 
studied either in the literature. Prior works claimed 
as being able to do early detection can be divided 
into two categories, both of which are sub-optimal: 
1) Methods that are unable to automatically de-
termine a time point for confrming the detec-
tion (Zhao et al., 2015b; Nguyen et al., 2017; Wu 
et al., 2017; Liu and Wu, 2018; Xia et al., 2020). 
Typically, such methods apply a generic rumor 
detection model to report a decision of classif-
cation (e.g., rumor or non-rumor) at each of the 
pre-determined checkpoints while leaving the de-
termination of the best detection point to human 
judge. This is subject to a delayed decision as 
the results at the later checkpoints also need to be 
examined. 2) Methods that are trained to automat-
ically determine an early detection point, but can-
not guarantee the stability of decision (Zhou et al., 
2019; Song et al., 2019). For example, CED (Song 
et al., 2019) decides an early detection point using 
a fxed probability threshold to assess if the current 
prediction is credible or not. However, prediction 
probability does not really refect model’s conf-
dence (Guo et al., 2017), and such decision without 
properly modeling the uncertainty beyond the de-
cision point may fail to give a timely and reliable 
detection because the prediction could fip over and 
over again afterwards with new posts fow in. 

In this work, we propose a new method called 
Hawkes EArly Rumor Detection (HEARD) to 
model the stabilization process of rumor detection 
based on a Neural Hawkes Process (NHP) (Mei 
and Eisner, 2017), which can automatically deter-
mine when to make a timely and stable decision of 
detection. The basic idea is to construct a detection 
stability distribution over the expected future pre-
dictions based on a sequence of prior and current 
predictions, such that an optimal time point can be 
fxed without any delay for awaiting and checking 
the upcoming data beyond that point. Our main 
contributions can be summarized as follows1: 

• We introduce BEARD, the frst EARD-oriented 
dataset, collected by covering as much as pos-
sible the early-stage information relevant to the 
concerned claims. 

• We propose HEARD, a novel EARD model 

1Dataset and source code are released at https:// 
github.com/znhy1024/HEARD 

based on the NHP to automatically determine 
an optimal time point for the stable decision of 
early detection. 

• Extensive experiments show that HEARD 
achieves more effective EARD performance as 
compared to strong baselines on BEARD and two 
commonly used general rumor detection datasets. 

2 Related Work 

2.1 Early Rumor Detection 

Despite extensive research on general rumor de-
tection, early detection has not been studied well. 
Many studies claimed that their general detection 
models can be applied to early detection by simply 
fed with data observed up to a set of pre-determined 
checkpoints (Ma et al., 2016; Yu et al., 2017; Ma 
et al., 2017, 2018; Guo et al., 2018; Bian et al., 
2020). Nevertheless, how to determine an opti-
mal early detection point from many checkpoints 
is missing and non-trivial, as deciding when to stop 
often needs to check the data or model’s outputs 
after the current checkpoint, causing delays of de-
tection. 

Some methods were claimed further as designed 
for early detection. Zhao et al. (2015b) proposed to 
gather related posts with skeptical phrases, and per-
formed detection with cluster-based classifers over 
real-time posts. Nguyen et al. (2017) developed a 
hybrid neural model for post-level representation 
and credit classifcation, which were incorporated 
with the temporal variations of handcrafted features 
for detecting rumors. Wu et al. (2017) clustered rel-
evant posts and selected key features from clusters 
to train a topic-independent classifer for reveal-
ing emergent rumors. Xia et al. (2020) employed 
burst detection to segment an event into sub-events 
and trained an encoder for each sub-event repre-
sentation for incremental prediction. None of the 
above methods really address the key issues of 
early detection as they lack mechanisms enforcing 
the earliness, and they cannot automatically fx an 
optimal detection point either. 

ERD (Zhou et al., 2019) used deep reinforcement 
learning to enforce model to focus on early time 
intervals for the trade-off between accuracy and ear-
liness of detection, and is the frst EARD method 
that can automatically decide to stop or continue at 
a checkpoint. Song et al. (2019) proposed another 
EARD method called Credible Detection Point 
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(CED) using a fxed probability threshold to de-
termine if detection process should stop depending 
on the credibility of current prediction. However, 
these models are unstable or of low confdence be-
cause the uncertainty of future predictions is not 
taken into account in training. 

2.2 Rumor Detection Datasets 
Quite a few rumor detection datasets based 
on social media posts relevant to a set of 
claims were released, such as TWITTER (Ma 
et al., 2016), PHEME (Zubiaga et al., 2016), 
RumourEval-2017/19 (Derczynski et al., 2017; 
Gorrell et al., 2019), FakeNewsNet (Shu et al., 
2020), etc.. RumourEval-2017/19 are minor vari-
ants of PHEME while FakeNewsNet is never used 
for EARD. These datasets were built for general 
detection of rumors without much consideration 
on the earliness of information. Thus, the actual 
early-stage social engagements may not be cov-
ered by different data collection mechanisms used, 
such as applying a rigid time cut-off in Search API 
or launching a real-time gathering with Streaming 
API after a news outbreak. To our best knowledge, 
there is no dataset specifcally built for early rumor 
detection task. 

3 BEARD Corpus Construction 

We scrape the text of title, claim, debunking 
time and veracity label in the articles on the fact-
checking website snopes.com. Our goals are 
two-fold: 1) The collected posts are not only rele-
vant to the claim but can diversely cover copious 
variations of relevant text expressions; 2) The col-
lection can cover posts of early arrival, possibly 
ahead of the pertinent news exposure on the main-
stream media. 

To this end, we frstly construct high-quality search 
queries for Twitter search. An original query is 
formed from the title and claim of each article, 
with stop words removed. Since the lengthy query 
might harm the diversity of search results, we uti-
lize some heuristics to obtain a substantial set of 
variants of each query potentially with better result 
coverage in Twitter search: i) We preform synonym 
replacement to create a set of variants of the query; 
ii) We shorten each variant by removing its words 
one by one with carefully crafted rules to maintain 
useful information, e.g., named entities, for good 
search quality, while keeping the remaining words 
after each removal as a new variant. As a result, we 

obtain a substantial set of variants of the original 
query and merge the Twitter search results of each 
query and all its variants. 

To cover early posts, each Twitter search is per-
formed in an iterative fashion. To avoid ground-
truth leakage, we frst obtain the possible earli-
est offcial debunking time of the given claim by 
cross-checking its similar claims in a range of fact-
checking websites (see Appendix A.1). From the 
earliest debunking time, we search backward for 
the relevant posts within M days prior to debunk-
ing, and then push back further N days earlier than 
before in each iteration until the number of newly 
gathered posts in an iteration becomes less than 1% 
of the posts obtained from the previous iteration. 

Finally, for each retrieved post, we use its conver-
sation ID to fnd the root post of the conversation it 
is engaged in. We utilize Sentence-BERT (Reimers 
and Gurevych, 2019) to retain those root posts with 
cosine similarities to the claim being higher than an 
empirical threshold. Thus far, we have obtained a 
set of conversation IDs for each claim which are led 
by different root posts (see Appendix A.4 for post-
processing). Then we fetch from Twitter all the 
posts in the detected conversations along with the 
root posts into our fnal collection as an instance, 
and label the conversation as rumor if the corre-
sponding claim is from the “Fact Checks” category 
on the Snopes or non-rumor if it is from the “News” 
category. 

Due to space limit, we provide the details of search 
queries construction in Appendix A.2, and the set-
tings of iterative Twitter search in Appendix A.3. 

4 Problem Defnition 

Let C = {C} denote a set of instances, 
where each C = {y, S} consists of the 
ground-truth label y ∈ {0, 1} and a set of 
relevant posts in chronological order  � S = 	
(m1, τ1), ..., (mi, τi), ..., (m|S|, τ|S|) . y indi-

cates C is a rumor if y = 1 or a non-rumor oth-
erwise. |S| is the number of relevant posts in S. 
Each tuple (mi, τi) ∈ S includes the text content 
mi and the timestamp τi of the i-th post, where τi 
is defned as the time difference between the frst 
and the i-th post, such that τ1 = 0 and τi−1 ≤ τi 
for i > 1. In other words, τi can be regarded as the 
elapsed time relative to the earliest post so that the 
timelines of different instances are aligned. 
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Figure 1: The architecture of HEARD. When the current observation arrives at time ti, rumor detection predictions
from LSTM ŷi and ŷi−1 are used to update PI count I(ti). Then the intensity function λ(t) is computed by CTLSTM
for t > ti. HEARD will determine ti as the earliest time point with stable prediction ŷi and stop if the stability
prediction Î(t∞) equals to I(ti), or continue otherwise.

Following the pre-processing method in most prior
studies (Ma et al., 2016; Song et al., 2019; Zhou
et al., 2019), we divide each posts sequence into
a sequence of intervals to avoid excessively long
sequence. We chop a sequence S into intervals
based on three strategies: 1) fixed posts number,
2) fixed time length and 3) variable length in each
interval (Zhou et al., 2019). Hence S is converted
to X = {(xi, ti)}|X|i=1, where |X| is the number
of intervals, xi = {mi,1,mi,2, ...,mi,|xi|} and
ti = τi,|xi| which is the timestamp of the last post
mi,|xi| in the i-th interval. Then, we merge the
posts falling into the same interval as a single post.

We define the EARD task as automatically deter-
mining the earliest time t̂ ∈ {ti}, such that the
prediction ŷ ∈ {0, 1} at t̂ for a given claim is accu-
rate and remains unchanged afterwards with time
goes by. It is worthwhile to mention that since ti
relates to the granularity of intervals, it might af-
fect the precision of a decision point based on the
formed intervals. In practice, however, we will try
to make the intervals small for keeping such impact
marginal.

5 HEARD Model

Figure 1 shows the architecture of HEARD, which
contains two components: 1) the rumor detection
component predicts rumor/non-rumor label at each
time step/interval; 2) the stabilization component
models the prediction stabilization process and de-
termines when to stop at the earliest detection point.

We will describe them with detail in this section.

5.1 Rumor Detection Modeling

A standard LSTM cell (Hochreiter and Schmid-
huber, 1997) followed by a fully-connected layer
is utilized for rumor detection in each interval.
For any (xi, ti) ∈ X , xi can be turned into a
vector ei by a text representation method, e.g.,
TF-IDF (Salton and Buckley, 1988), CNN (Kim,
2014), BERT (Devlin et al., 2019), etc.. Taking
ei as input, the LSTM cell gets the hidden state
hi = LSTM(ei) and forwards it through the fully-
connected layer to perform prediction. The pre-
dicted class probability distribution of an instance
at ti is calculated as pri = σ(Whi + b) and thus
the predicted class is ŷi = argmax(pri ), where σ(·),
W and b are sigmoid function, weight matrix and
bias, respectively.

5.2 Stabilization Process Modeling

Prediction Inverse (PI). Our rumor detection com-
ponent keeps observing the posts stream and out-
puts a prediction sequence ŷ1, ŷ2, ŷ3, . . . along the
time steps. During the process, newly arrived posts
may provide updated features rendering the next
decision of rumor detection to invert from rumor
to non-rumor or the other way round. Presumably,
the predictions would get stabilized when sufficient
clues are accumulated over time. By modeling such
a process, we aim to fix the earliest time ti when
the model can produce a stable prediction, meaning
that there will be no expected inverses of prediction
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occurring from ti onward. Thus, we need to train 
the model for learning the expected future PIs to 
maximize its stability of prediction. 

As a future PI can occur unforseeably at any time, 
we introduce I(t) as a cumulative count of PIs up 
to any time point t in a continuous time space to 
accommodate the uncertainty. Then a PI counts 
sequence I(t1), I(t2), I(t3) . . . can be obtained 
from the prediction sequence. Clearly, we have 
I(t1) = 0, and I(ti) = I(ti−1) + 1 if ŷi = ŷi−1 

or I(ti) = I(ti−1) otherwise. Additionally, we de-
note Hti = {(I(t1), t1), . . . , (I(ti−1), ti−1)} the 
history of PI counts up to t ∈ (ti−1, ti], and de-
note ∆I(ti, tj ) = I(tj ) − I(ti) the difference of 
PI counts between ti and tj for j > i. 

̸

Neural Hawkes Process (NHP). General Hawkes 
process (Hawkes, 1971) is a doubly stochastic point 
process for modeling sequence of discrete events 
in continuous time, which has been successfully 
applied in social media research, such as model-
ing the popularity of tweets (Zhao et al., 2015a), 
rumor stance classifcation (Lukasik et al., 2016), 
fake retweeter detection (Dutta et al., 2020), and 
extracting temporal features for fake news detec-
tion (Murayama et al., 2020). Given a sequence 
of events E1, E2, E3, . . . which occur at the corre-
sponding time points t1, t2, t3, . . . and N(t) that is 
the number of events occurring up to time t, a uni-
variate Hawkes process with a conditional intensity 
that indicates expected arrival rate of future events 
at t is defned as (Yang and Zha, 2013): 

Z t 
λ(t) = µ + κ(t − s)dN(s) (1) 

−∞ 

where µ ≥ 0 is the base intensity of event and 
κ(·) is a manually specifed monotonic kernel func-
tion that shows how the excitation from history de-
cays with time. It assumes that arrived events can 
temporarily raise the probability of future events 
but the infuence monotonically decays over time. 
However, this assumption is very strong which 
limits its ability for modeling complex dynamic 
point processes. In rumor diffusion, prediction in-
verse is the event infuenced by many factors, such 
as what users express in historical and upcoming 
posts, which may bring tremendous uncertainty 
of prediction invalidating the monotonic decay as-
sumption. Thus, we propose to adopt an NHP (Mei 
and Eisner, 2017) to capture the complex effects by 
utilizing a RNN with continuous-time LSTM (CTL-

STM) to learn the intensity function. CTLSTM ex-
tends the vanilla LSTM with an interpolation-like 
mechanism so that its hidden state for controlling 
intensity can be updated discontinuously with each 
event occurrence and also evolves continuously as 
time elapses towards the next upcoming event. 

Intensity Function Estimation. We use NHP to 
model the dynamics of PI (i.e., event) and approxi-
mate a detection stability distribution over the ex-
pected future predictions based on the sequence 
of historical and current predictions. As shown in 
Figure 1, CTLSTM reads the current observation 
(I(ti), ti) to obtain λ(t) for any t > ti, so that 
the distribution over the expected PI counts can 
be approximated. The intensity function λ(t) is 
controlled by a hidden state he(t) as follow: 

λ(t) = f(Wf · he(t)) (2) 

where Wf  is a weight matrix and f(x) = β log(1 + 
exp(x/β)) is the softplus function to obtain a pos-
itive intensity with a scale parameter β (Mei and 
Eisner, 2017). 

To model the unknown future for t > ti based 
on historical representation he(ti), a new hidden 
cell vector ec(t) is introduced to control how he(t) 
continuously evolves over time. Specifcally, I(ti) 
is frstly transformed to a vector at ti by a fully-
connected layer to join the updates in CTLSTM. 
Then, CTLSTM updates the hidden state he(t) that 
has been evolving towards he(ti) based on ec(t) for 
t ∈ (ti−1, ti]. Thus, a richer representation of 
history can be learned by taking into account the 
dynamics of impact between the two consecutive 
observations. Meanwhile, to model the expected 
future PI count, ec(t) is updated to a new state with 
the current cell input, which is analogous to how 
vanilla LSTM updates hidden cell2, and from the 
new state, ec(t) begins to continually approximate a 
target state that is defned by CTLSTM to represent 
an expected state of ec(t) for t →∞. 

Expected Stabilization. λ(t) indicates the ex-
pected instantaneous rate of future PIs from t on-
ward. We can predict the value of I(t∞) (t∞ 

denotes t → ∞) and further determine an ex-
pected earliest stabilized observation (I(ti∗ ), ti∗ ), 
such that ti∗ = min{ti | ∆I(ti, t∞) = 0, i ∈ 
{1, . . . , |X|}}. Hence, ti∗ indicates the expected 

2The difference is that vanilla LSTM updates the hidden 
cell based on that of the previous time step while the update 
here is based on ec(t) for t → ti. 
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i 
Le = |∆Î  − ∆I| − log 1 − (6)i |X| 

earliest time that the predictions remain unchanged 
after it. We approximate ∆I(ti, t∞) by

Z ∞ 

∆Î(ti, t∞) = λ(t)dt (3) 
ti 

where Î(·) constantly denotes a predicted PI count. 
We use Monte Carlo trick to handle all integral 
estimations (Mei and Eisner, 2017). Given ti∗ , 
HEARD fnally outputs ŷi∗ as the stable prediction 
for early rumor detection. 

5.3 HEARD Model Training 
We utilize a next observation (I(ti+1), ti+1) pre-
diction task to train CTLSTM. With PIs as the 
indicator of model stability, CTLSTM aims to ft 
the sequence of observations Hti+1 obtained from 
the predictions of the rumor detection module. 

Specifcally, Î(ti+1) can be obtained from I(ti) + 
ˆ∆I(ti, ti+1), and the difference value ˆ∆I(ti, ti+1) 

is either 1 or 0 which can be predicted as 
ˆ∆I(t c c

i, ti+1) = argmax(pi ), where we infer pi  = 
σ(W ′ he(ti) + b′  ) with trainable parameters W ′ 

and b′  . For predicting ti+1, a density pi(t) is for-
mulated as 

� Z �t 

pi(t) = λ(t) exp − λ(s)ds (4) 
ti 

Then we use the minimum Bayes risk predictor for 
time prediction (Mei and Eisner, 2017):

Z ∞ 

t̂i+1 = E[ti+1|ti, Hti ] = pi(t)tdt (5) 
ti 

where E[·] is an estimator for choosing an optimal 
time point t to minimize the expectation of risks. 

The overall loss consists of three terms on rumor 
detection, expected earliest stable time and CTL-
STM. Concretely, given an instance C with input 
sequence X = {(xi, ti)}, let y be the one-hot en-
coding of ground-truth label (i.e., rumor or not). At 
each time of observation ti, the cross-entropy loss 
between prediction and ground truth is defned as 
Lr = −y · log pri i . For the expected earliest stable 
time, the loss at ti is defned as 

� � 

where the frst term is the loss of 3 ∆I(ti, t∞) ap-
proximation in Eq. 3, and the second term encour-
ages the model to select an earliest time possible. 

3For simplicity, ∆I(ti, t∞) and ˆ∆I(ti, t∞) are denoted 
as ∆I and ˆ ∆I in Eq. 6, respectively. 

Dataset Instances # Posts # AvgLen (hrs) 

TWITTER 
R 
N 

498 
494 

182,499 
466,480 

2,538 
1,456 

PHEME 
R 
N 

1,972 
3,830 

31,230 
71,210 

10 
19 

BEARD 
R 
N 

531 
667 

2,644,807 
657,925 

1,432 
1,683 

Table 2: Statistics of datasets. R: Rumor; N: Non-rumor. 

The loss incurred from CTLSTM is given as 

cLc = −∆I · log pi + |t̂i+1 − ti+1| (7)i 

where ∆I is the one-hot encoding of target 
∆I(ti, ti+1), the frst term is the loss of next pre-
diction inverse and the second term is the loss of 
time prediction for next observation. 

Our objective is to minimize the cumulative loss 
up to ti∗ when the early detection decision is made: 

  1 Pi∗ 
L = L r

i Li = L + e  L + Lci∗ i=1 , where i i i . We 
use stochastic gradient decent (SGD) mini-batch 
training over all training instances. 

6 Experiments and Results 

6.1 Experimental Setup 

Datasets. We use BEARD, TWITTER (Ma et al., 
2016) and PHEME (Zubiaga et al., 2016) datasets 
in the evaluation. BEARD contains 1,198 rumors 
and non-rumors reported during 2015/03-2021/01 
with around 3.3 million relevant posts. We hold out 
20% of instances for tuning, and the rest are ran-
domly split with a ratio of 3:1 for training/test. Re-
sults are averaged over 5 splits. In Table 2, we show 
the statistics of TWITTER, PHEME and BEARD 
datasets. 

Baselines. We compare HEARD with four state-of-
the-art baselines using their original source codes: 
1) BERT (Devlin et al., 2019) is fne-tuned on the 
“earliest rumor detection” task (Miao et al., 2021), 
in which the early detection strategy is to output 
a prediction using only the frst post of each in-
stance. 2) CED (Song et al., 2019) uses a fxed 
probability threshold to check if the prediction is 
credible for determining the early detection point. 
3) ERD (Zhou et al., 2019) uses a Deep Q-Network 
(DQN) to enforce the model to focus on early 
posts for determining the time point to stop and 
output the detection result. 4) STN (Xia et al., 
2020) use a time-evolving network to represent 
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X1 iC
SEA = 1ŷi∗ =y + 1 − 

3|C| |C|
� 

C∈C �� 
∆I(ti∗ , t|X|) 

+ 1 − |X| − i∗ 

state-independent sub-events in posts sequence for 
classifying claims at each checkpoint. 

6.2 Experimental Settings 
To balance the sequence length and granularity 
of time intervals, we pre-process posts sequences 
in the three datasets differently. We merge every 
10 posts in BEARD and every 2 posts in TWIT-
TER while we only merge the posts with the same 
timestamp in PHEME due to its generally short 
sequences. For each interval, both ERD and STN 
use pre-trained word embeddings to initialize the 
embedding matrix and fne-tune it in the training, 
while CED uses the TF-IDF method (Salton and 
Buckley, 1988), all of which follow the settings in 
the original papers (Song et al., 2019; Zhou et al., 
2019; Xia et al., 2020). We also follow the orig-
inal CED setting by using TF-IDF with 1,000 di-
mensions for representing the posts in each time 
interval. 

The hidden size of standard LSTM is set to 128 
with the dropout rate of 0.1, and the size of CTL-
STM is set to 64. We pad all the sequences in a 
batch to the same length as the longest one, with the 
batch size of 16. We use the Adam (Kingma and Ba, 
2015) with a learning rate of 2e-4 for optimization. 
To avoid overftting, we add a L2 regularization 
with the weight of 1e-4. All values are fxed based 
on the validation set. 

Our model HEARD is implemented using Pytorch4. 
We use the original source codes of all the base-
lines: CED5 and ERD6 are implemented with Ten-
sorFlow; BERT7 are implemented with Pytorch, 
and we use the base uncased pre-trained model; 
The code of STN is obtained directly from the au-
thors of the original paper (Xia et al., 2020) which 
is implemented with Pytorch. All the experiments 
are conducted on a server with 4*12GB NVIDIA 
GeForce RTX 2080 Ti GPUs. 

6.3 Evaluation Metrics 
We use the general classifcation evaluation metrics 
accuracy and F1-score together with several EARD-
specifc metrics (see below) for evaluation. 

Early Rate (ER) (Song et al., 2019) is defned asP 
the utilization ratio of posts:  ER = 1 iC 

|C| C∈C |C| 
4https://pytorch.org/ 
5https://github.com/thunlp/CED 
6https://github.com/DeepBrainAI/ERD 
7https://github.com/huggingface/ 

transformers 

where C is the test set, iC implies the early detec-
tion decision is made at the i-th post in instance 
C and |C| is the number of posts in it. Lower ER 
means the model can detect rumors earlier. 

Early Detection Accuracy Over Time (EDAOT). 
The metric of detection accuracy over time widely 
used (Ma et al., 2016; Zhou et al., 2019; Xia et al., 
2020) is unsuitable for EARD models as it en-
forces a model to output a decision at each check-
point whereas an EARD model can decide its own 
optimal decision point which may be earlier and 
more accurate than its output at the checkpoint. 
Our variant requires a model output result only 
when it cannot make an early decision before a 
given checkpoint while both accuracy and aver-
age time of decisions will be presented. Specif-
cally, given a set of checkpoints at time {t1, ..., tk}, 
at the j-th checkpoint, the detection accuracy is P 1
Acc

ŷ ∗ =yi
tj = C∈C |C| , where the binary func-

tion 1 takes 1 if ŷi∗ = y or 0 otherwise. And the P 
average time of decisions is tAvgT ∗i

tj = C∈C |C| ,
where ti∗ ≤ tj , and ti∗ = tj if the model cannot 
make a decision before tj . 

Stabilized Early Accuracy (SEA) is a newly de-
fned comprehensive metric considering accuracy, 
earliness and stabilization: 

� � �

where the frst term is the ratio of correctly pre-
dicted instances at the predicted time point ti∗ in-
dicating accuracy, the second term is the ratio of 
posts after ti∗ indicating earliness, and the third 
term is the ratio of unchanged predictions after ti∗ 

indicating stability. The value of SEA is bounded 
in [0, 1] and higher SEA means better performance. 

6.4 Results and Analysis 

The main results are provided in Table 3. We show 
the EDAOT results in Figure 2. 

Results of Classifcation. STN uses the entire 
timeline of each instance since it cannot automati-
cally determine an early detection point. As shown 
in Table 3, however, it only achieves comparable 
Accuracy and F1 as ERD and CED and is much 
worse than HEARD, even though it was reported 
much better than CED on TWITTER in previous 
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(a) TWITTER (b) PHEME (c) BEARD 

Figure 2: Early detection accuracy over time within 48 hours. X-axis: timeline; Y-axis: accuracy; Vertical lines: 
checkpoints; Dots with shapes: decision points; Time above a dot: Deadline (i.e., checkpoint) set for the model. 

Dataset Model Acc F1 ER SEA 

TWITT 

BERT 
ERD 
STN 
CED 

HEARD 

0.623 
0.696 
0.682 
0.685 
0.716 

0.599 
0.699 
0.649 
0.682 
0.714 

0.026 
0.999 
1.000 
0.811 
0.348 

0.768 
0.566 
0.561 
0.620 
0.789 

PHEME 

BERT 
ERD 
STN 
CED 

HEARD 

0.839 
0.784 
0.810 
0.800 
0.823 

0.820 
0.753 
0.787 
0.695 
0.805 

0.163 
0.976 
1.000 
0.884 
0.284 

0.830 
0.602 
0.603 
0.638 
0.841 

BEARD 

BERT 
ERD 
STN 
CED 

HEARD 

0.565 
0.709 
0.711 
0.769 
0.789 

0.452 
0.708 
0.690 
0.740 
0.788 

0.091 
1.000 
1.000 
0.674 
0.490 

0.758 
0.570 
0.570 
0.689 
0.765 

Table 3: Early rumor detection results. 

work (Xia et al., 2020)8. This implies that the early 
detection models are promising which can use a 
prior fraction of posts to achieve similar or much 
better results. It also suggests that capturing early-
stage features is important to more accurate rumor 
detection. Only using the source post for detection, 
BERT gives worst Accuracy and F1 on TWITTER 
and BEARD, but it gets unexpectedly high perfor-
mance on PHEME. We inspect this issue by follow-
ing the prior analysis (Schuster et al., 2019) based 
on Local Mutual Information (LMI) (Evert, 2005) 
and Pointwise Mutual Information (PMI) (Church 
and Hanks, 1990). We fnd that the source posts 
in PHEME have spuriously much stronger correla-
tion with the class labels. Appendix B.1 discusses 
such bias and the possible cause. This observation 
suggests data sampling bias exists in the existing 
dataset, and thus the model’s decision based on the 
source post only can be misleading and insuffcient. 

8The CED performance reported in (Xia et al., 2020) is an 
excerpt from (Song et al., 2019) based on half of the TWIT-
TER data, while they experimented STN using the full data. 

Results of ER and SEA. Table 3 also shows that 
HEARD consistently outperforms ERD and CED 
in large margin based on ER and SEA, indicating 
HEARD is more effective and stable. HEARD con-
siderably improves CED by 57%, 68% and 27% in 
ER and by 27%, 32% and 11% in SEA on TWIT-
TER, PHEME and BEARD, respectively. ERD’s 
high ER scores entails that it can hardly make early 
decision, as this DQN-based model seems weak 
on its reward function, which gives a small penalty 
to continuation but a large one to termination with 
wrong predictions (Zhou et al., 2019), discouraging 
it from stopping early. BERT only uses the frst 
post for detection which thus obtains the lowest ER. 
Note that a model being expectantly stable at the 
time of decision means the prediction will remain 
unchanged even though new data could be seen 
by the model after that. To probe its stability, we 
enforce model to continue outputting predictions 
at the checkpoints later than its decision point. We 
can see that HERAD still outperforms BERT on 
SEA on all the datasets indicating it is more stable. 

Results of EDAOT. Figure 2 shows that HEARD is 
clearly superior over the baselines in accuracy, ear-
liness and stability at the checkpoints. ERD looks 
relatively stable but it hardly makes early detection 
due to aforementioned reason. Our conjecture is 
that its DQN module forces it to overly focus on the 
frst few intervals while deferring the decision to 
the end due to the weak reward design, resulting in 
nearly no improvement even with more data. Note 
that in EDAOT evaluation a model should stop once 
it outputs a prediction for a given checkpoint (i.e., 
deadline). Thus, BERT reports all the predictions 
using only the frst post, rendering the same ac-
curacy at checkpoints. Interestingly, HEARD can 
make especially fast decisions on PHEME which 
only uses a little less than 6 hours given a 48-hour 
deadline. The reason might be the average length 
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7 

(a) Germanwings (b) Darkest baby 

Figure 3: (a) A rumor in PHEME on “The co-pilot of Germanwings fight 9525 was Muslim convert”; (b) A rumor 
in TWITTER on “A photograph shows the darkest baby in the world”. Y-axis: the number of collected posts; X-axis: 
timeline in minutes (m)/days (d); Colored bar: the semantic similarity between the posts in any time step and the 
posts in the decision time step, where the red bar denotes recollected data and the blue one denotes original data. 
The similarity ranges from 0.7 to 1.0, and the darker the color the more similar the posts are. 

of instances in PHEME is only around 14 hours as 
compared to over 1,000 hours in other two datasets, 
which HEARD can especially beneft from in the 
training. However, considering the fact that the 
PHEME (and TWITTER) dataset may fail to cover 
the real early information, such a very quick detec-
tion on it could be an illusion since the patterns the 
model actually uses for the decision are from the 
midst of rumor propagation. 

Case Study 

In this section, we give an intuitive illustration to 
reveal 1) why BEARD is more suitable for EARD 
task; and 2) how HEARD is more advantageous 
than the state-of-the-arts with automatic early time 
point determination. Specifcally, we recollect 
the relevant posts of rumor cases in PHEME and 
TWITTER using our data construction method for 
BEARD. To analyze the frst question, we inspect 
the posts before and after the recollection as shown 
in Figure 3. In the original posts, the actual early-
stage timelines of both cases are largely missing. 
Our recollected data can cover the important de-
nial and questioning posts signaling rumors in the 
early stage. This observation indicates that our 
data collection method has improved coverage by 
recalling these actual early information which is 
not available in the existing datasets. 

To analyze the second question, we display the de-
tection outputs of different models before and after 
the recollection. HEARD consistently detects ru-
mors with less time than CED and ERD since it au-
tomatically terminates when stabilization process 
estimates the expected future prediction inverse 

will not change. The correctness of such expec-
tation could be refected by the value of semantic 
similarity, which almost has no change with new 
posts coming in after the detection point, implying 
the future prediction results are expected stable. 

8 Conclusion and Limitation 

We introduce BEARD, a new benchmark dataset 
collected for early rumor detection, and propose 
a model called HEARD to perform stable early 
rumor detection based on neural Hawkes process. 
Experiments show that HEARD achieves overall 
better performance than state-of-the-art baselines. 
Analysis entails BEARD is more suitable for the 
early rumor detection task. 

There are some cases that a rumor seems to be 
stable over an extended time period but is even-
tually refuted by an authoritative source later. It 
is because sensational discussions are more attrac-
tive to some social media users than facts, which 
leads to signals in support of the rumor are usually 
much stronger in social media, and the fnal cor-
rection often has only small engagement. In such 
cases, our model HEARD based on social media 
alone could be misled by the signals of only one 
source. In future, we plan to study incorporating 
authoritative sources of information to alleviate this 
phenomenon on social media, such as statements 
of offcial platforms, scientifc sources, etc.. 
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A.1 Claims Collection 
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where fact-checkers manually collect check-worthy 
claims from multiple sources (e.g., social media, 
e-mail, news, etc.) and review each claim to report 
a decision in terms of “Fact Checks” (i.e., rumors 
being fact-checked) or “News” (i.e., non-rumors of 
no need to check). Further, the checkers verify the 
rumors and compose detailed fact-checking articles 
for justifying the veracity of rumors. 

9 

We utilize Snopes to collect the claims for con-
structing our data instances in terms of rumors 
and non-rumors. There are around 10k+ claims 
on Snopes in total (up to the end of 2021), but 
majority of them have very limited exposure on 
Twitter. Specifcally, we include the claims into our 
collection based on the following principles: (1) 

9https://www.snopes.com/ 
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We only include the claims that were published in 
recent 6 years since they have relatively more com-
plete exposure on Twitter (e.g., aged posts might 
be more likely to get deleted); (2) We only include 
the claims that have relevant posts on Twitter be-
fore the claim was offcially debunked. As a result, 
we collect 531 rumor and 667 non-rumor claims 
reported during 2015/03-2021/01. For each claim, 
we scrape the text of article title, the claim, the 
debunking time and the veracity label. 

We also try to exclude posts that may leak the 
ground truth since a claim might have been fact-
checked by other fact-checking websites, thus 
the truth might have been referenced in the so-
cial media posts, such as the rumor example in 
TWITTER shown in Table 1. To minimize the 
chance of ground truth leakage, therefore, we 
match each claim from Snopes across the claims 
from a handful set of fact-checking websites in-
cluding FactCheck.org10 and PolitiFact.com11 to 
get the possible earliest offcial debunking time, 
from which we begin collecting the relevant posts 
backwards in time. 

A.2 Query Construction 

For each claim, we construct a set of high-quality 
search queries for Twitter search to diversely cover 
relevant posts. Firstly, we concatenate the title and 
claim of an article followed by stop words removal 
to flter out noise, resulting in an original query. 
Since the original query might be long and harm 
the diversity of search results, we carry out the 
following ad hoc operations to shorten the query 
for maintaining maximum useful information and 
possibly broadening the coverage of retrieved posts: 
(1) We perform synonym replacement with Natural 
Language Toolkit (NLTK) (Bird et al., 2009) to 
create a variant of the query for each replacement; 
(2) For each variant obtained in (1), we use Google 
Search API12 to search for this altered query and 
rank by the frequencies of the highlighted words 
that are hit in the top-100 searched snippets; (3) 
We then shorten the original query and its variants 
obtained in (2) by removing the highlighted words 
that are contained in the queries one by one starting 
from the low-frequency words, while keeping the 
remaining words after each removal as a variant of 

10https://www.factcheck.org/ 
11https://www.politifact.com/ 
12https://developers.google.com/ 

custom-search/v1/overview 

the query, until the shortest variant is left with three 
words. Note that here we perform named entity 
recognition by NLTK on the original query and the 
words that are parts of named entities will not be 
removed as they are useful for search. 

A.3 Iterative Twitter Search 

To prevent early quit of iteration caused by the 
intermittent sparse distribution of posts along the 
timeline, we manually adjust the values of M and 
N by trial and error with different instances to 
gather as much early posts as we can. We also man-
ually check the search results based on a sample of 
instances using different settings of the termination 
threshold, i.e., the ratio of the number of gathered 
posts in each iteration over that in the previous iter-
ation. We observe that too high threshold hinders 
early posts to be searched out, but too low threshold 
tends to introduce more noise. We fnally set 1% as 
the termination threshold by trading off earliness 
and noise. 

A.4 Posts Collection 

Rather than merging the conversations led by dif-
ferent root posts regarding the same claim into a 
large conversation, it is more realistic to remain 
them naturally separated since the conversations 
originate from different sources and the merge may 
introduce unnecessary bias. And we drop all the 
posts that are published after the offcial debunking 
time of each claim to avoid ground truth leakage. 

B Experimental Details 

B.1 Bias Evaluation on Datasets 

As mentioned in Section 6.4, we utilize LMI and 
PMI to examine the data sampling bias in the exist-
ing datasets and BEARD. The top-5 LMI-ranked 
words of PHEME, TWITTER and BEARD are 
shown in Table 4. The top-5 LMI-ranked words of 
PHEME have much higher LMI and PMI than the 
other two datasets indicating the high correlations 
between the words of source posts and the label. 
Meanwhile, the words in PHEME, e.g., ‘breaking’, 
‘hostages’, ‘shot’, etc., are more eyes-catching com-
paring to the top ranked words in other two datasets. 
These idiosyncrasies might be introduced by the 
construction method of PHEME in a sense that 
journalists might see a timeline of posts about the 
breaking news and then annotate source posts of 
conversations, which are easily utilized by BERT 
to obtain high classifcation performance. Some 
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 Dataset Word LMI·10−6 PMI 

breaking 2,720 0.75 
hostages 2,569 0.66 

PHEME soldier 2,378 1.00 
shot 2,308 0.79 
cafe 2,283 0.74 

not 1,214 0.38 
black 780 0.45 

TWITT fag 745 0.49 
trump 637 0.39 
baby 589 0.53 

he 1,246 0.38 
they 722 0.26 

BEARD his 665 0.26 
by 598 0.19 
biden 580 0.51 

Table 4: Top-5 LMI-ranked words of source posts cor-
related with class label in three datasets. 

salient bias also exists in TWITTER dataset evi-
denced as some top words with high LMI and PMI, 
such as ‘black (lives)’, ‘fag’ and ‘trump’, while we 
do not observe such bias among the top words in 
BEARD. 
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Abstract
Each utterance in multi-turn empathetic dia-
logues has features such as emotion, keywords,
and utterance-level meaning. Feature transi-
tions between utterances occur naturally. How-
ever, existing approaches fail to perceive the
transitions because they extract features for the
context at the coarse-grained level. To solve
the above issue, we propose a novel approach
of recognizing feature transitions between ut-
terances, which helps understand the dialogue
flow and better grasp the features of utterance
that needs attention. Also, we introduce a re-
sponse generation strategy to help focus on
emotion and keywords related to appropriate
features when generating responses. Experi-
mental results show that our approach outper-
forms baselines and especially, achieves signif-
icant improvements on multi-turn dialogues.

1 Introduction

Humans have empathy which is the ability to under-
stand situations others have experienced and emo-
tions they have felt from the situations (Eisenberg
and Strayer, 1987). That ability also enables to in-
terest and console others while sharing a conversa-
tion. Thus, empathetic response generation task has
been considered noteworthy. Figure 1 shows an ex-
ample of a multi-turn empathetic dialogue dataset,
EmpatheticDialogues (Rashkin et al., 2019) con-
structed to solve the task. A speaker talks about
one of 32 emotion labels and a situation related
to the emotion label, and a listener empathizes,
responding to the speaker. Existing approaches
(Rashkin et al., 2019; Lin et al., 2019; Majumder
et al., 2020; Li et al., 2020; Kim et al., 2021) for the
task achieve promising results but show limitations
when dialogues become long because they extract
features from the concatenation of all tokens in the
context at the coarse-grained level.

However, at the fine-grained level, each utter-
ance in multi-turn empathetic dialogues has fea-
tures such as emotion, keywords that each denote

My sister came to visit from out of state. It was first

time we have seen her in nearly in decade!

That must have been exciting to see her after so long. 

Dose she live very far away?

Yes, she lives on the other side of the country. We 

had a nice dinner, but my boyfriend is a loud chewer

and a sloppy eater. It was quite embarrassing!

That is good, I am glad you got her back.

That is a shame. Does your sister have a bad 

impression of your boyfriend having dinner with you?

Speaker

Listener

Speaker

Response A

(Gold)

Response B

Figure 1: An example of EmpatheticDialogues with
response A and B. Response B is from one of state-of-
the-art models. Highlighted words are keywords.

what an interlocutor feels and primarily says, and
utterance-level meaning that can be known when
looking at the entire utterance. In addition, it is a
natural phenomenon that features of each utterance
differ from the previous, as the dialogue is pro-
longed. Hence, we humans instinctively recognize
these feature transitions, which helps us understand
how the dialogue flows and grasp the features of ut-
terance that needs attention. Also, humans respond
to others, focusing on emotion and keywords re-
lated to appropriate features. Take the example in
Figure 1. In the first turn, the speaker is excited to
see the speaker’s sister in a long time by mention-
ing keywords (e.g., ‘sister’, ‘visit’, ‘decade’), and
the listener reacts to the excitement and asks about
her by mentioning keywords (e.g., ‘exciting’, ‘see’,
‘live’). However, in the second speaker utterance,
the speaker becomes embarrassed because of the
speaker’s boyfriend’s bad table manners by men-
tioning keywords (e.g., ‘boyfriend’, ‘loud’, ‘eater’).
We humans recognize that the features of second
speaker utterance have changed compared to those
of previous utterances, and usually decide to be
attentive to the features of the second utterance.
Then, by focusing on information such as keywords
of that utterance and emotion and keywords (e.g.,
‘bad’, ‘impression’) related to the features of that
utterance, humans generate empathetic, coherent,
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and non-generic responses like response A. How-
ever, the model which produces non-empathetic
and incoherent response like response B, consid-
ers that the features of the first speaker utterance
represent the context from the coarse-grained view.

In this paper, we first propose to annotate fea-
tures on each utterance at the fine-grained level
(§4). Then, we introduce a novel Empathetic re-
sponse generator based on Recognizing Feature
Transitions (Emp-RFT), which has two essential
parts: Feature Transition Recognizer and Response
Generation Strategy. The first part recognizes
feature transitions between utterances, utilizing
comparison functions of Wang and Jiang (2017),
which makes Emp-RFT understand the dialogue
flow and grasp appropriate features of utterance
that needs attention. The second part helps Emp-
RFT focus on emotion and keywords related to
appropriate features. Specifically, by fusing con-
text with keywords, such keywords are emphasized
within each utterance and get more attention when
generating responses. Then, Emp-RFT detects
next emotion and keywords that denote emotion
and keywords of the response, which helps figure
out proper emotion and keywords for generation.
Lastly, inspired by Dathathri et al. (2020); Chen
et al. (2020), a new mechanism of Plug and Play
Language Model(PPLM), contrastive PPLM using
contrastive loss, is introduced, which controls Emp-
RFT to actively use the keywords detected to be
next keywords when generating responses.

We conduct experiments on EmpatheticDia-
logues. Emp-RFT outperforms strong baselines,
particularly, when dialogues are multi-turn.

Our main contributions are as follows. (1) We
introduce a novel approach that recognizes feature
transitions between utterances, which results in
understanding how the dialogue flows and grasp-
ing the features of utterance that the model should
be attentive to. (2) We propose a response gener-
ation strategy including fusing context with key-
words, next emotion and keywords detection, and
contrastive PPLM. The strategy makes our model
focus on emotion and keywords related to appro-
priate features when generating responses. (3) In
the experiments, Emp-RFT outperforms baselines,
especially, when dialogues are prolonged.

2 Related Work

Since Rashkin et al. (2019) release EmpatheticDi-
alogues, many approaches have been proposed to

generate empathetic responses. Lin et al. (2019)
propose mixture of emotional experts. Majumder
et al. (2020) propose emotion grouping, emotion
mimicry, and stochastic sampling. Li et al. (2020)
extract emotional words through lexicon and pro-
pose an adversarial generative model. Shen et al.
(2021) apply dual-learning with unpaired data for
the bidirectional empathy. Gao et al. (2021) in-
tegrate emotion cause into response generation
process through gated mechanism. Sabour et al.
(2021); Li et al. (2022) use implicit commonsense
for context modelling. Kim et al. (2021) train a
model to extract words that cause the speaker’s
emotion and attach RSA Framework (Frank and
Goodman, 2012) to any generative models to gen-
erate responses, focusing on emotion cause words.

Recently, many studies have shown remarkable
improvements through recognizing transitions of
features between utterances in open-domain multi-
turn dialogues. Qiu et al. (2020) perceive transi-
tions of emotion states for context modelling. Zou
et al. (2021) propose a module to manage key-
word transitions. Zhan et al. (2021) model external
knowledge transitions to select a knowledge used
for generation. In multi-turn empathetic dialogues,
we consider emotions, keywords, and utterance-
level meaning (Gu et al., 2021) as important fea-
tures of each utterance and propose a novel ap-
proach of recognizing feature transitions between
utterances.

3 Task Formulation

Given context con = [u1, . . . , un−1], where an
utterance ui = [ui1, . . . , u

i
|ui|] consists of |ui|

words, we can obtain e = [e1, . . . , en−1] and
k = [k1, ..., kn−1], where ei and ki = [ki1, ..., k

i
|ki|]

each denote emotion and |ki| keywords of ui

through data preparation (§4). To conduct next key-
words detection, we construct keyword pairs kps
(§4.2) whose each pair has two keywords each from
keywords of the speaker utterance and keywords
of the listener utterance in the same turn. Finally,
given con, e, k, and kps, we detect next emotion
ey and next keywords ky = [ky1 , . . . , k

y
|ky |], and

generate an empathetic response y = [y1, . . . , ym].

4 Data Preparataion

In this section, we introduce feature annotation in
the speaker and listener utterances.
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Feature Top-1 Acc Top-5 Acc macro-F1
EofSU 46.77 81.26 43.55
EofLU 58.44 89.96 53.25

Feature TL-P TL-R TL-F1
KofSU 41.53 66.58 51.15
KofLU 52.31 60.97 56.30

Table 1: Performances of feature annotations. When we
evaluate annotations of EofSU/KofSU, EMOCAUSE
(Kim et al., 2021) made based on EmpatheticDialogues,
is used to verify emotion and emotion cause words de-
tection models. For evaluations of keyword annotations,
we use the metrics, Token-Level(TL) Precision(P), Re-
call(R), and F1 (DeYoung et al., 2020), usually used in
token extraction tasks.

4.1 Feature Annotation in Speaker Utterances

Emotion and Keywords of Speaker Utterance
(EofSU/KofSU). Speakers try to say an emotional
experience that causes a certain emotion in the ut-
terance. Thus, we leverage a model (Kim et al.,
2021) which is trained to jointly detect an emotion
and emotion cause words of the speaker utterance,
using EmpatheticDialogues. We regard top-6 emo-
tion cause words as keywords and remove stop-
words and punctuations in keywords.

4.2 Feature Annotation in Listener Utterances

Emotion of Listener Utterance (EofLU). We fine-
tune RoBERTa (Liu et al., 2019) to detect an emo-
tion given a situation description in EmpatheticDi-
alogues. Then, the model predicts an emotion of
the listener utterance.

Keywords of Listener Utterance (KofLU). Lis-
teners express empathy in the utterance through
three Communication Mechanisms (CMs) (Sharma
et al., 2020) including emotional reaction, inter-
pretation, and exploration. Thus, three models are
leveraged, where each model is trained to detect
words that cause one of three CMs, using another
dialogue dataset for mental health support 1. Then,
three models predict such words in the listener ut-
terance. Since predicted words take up slightly a
lot in the listener utterance, these words are filtered
out in the keyword pairs construction.

Keyword Pairs Construction. Inspired by Zou
et al. (2021), keyword pairs kps are constructed not
only to filter out above predicted words, but also to
conduct next keyword detection. Given a dialogue

1A dialogue has a (post, response) pair, and words which
cause each CM are annotated on each dialogue.
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Figure 2: Overall architecture of Emp-RFT.

corpus, all pairs are extracted, where each pair has
a head word and a tail word each from keywords in
the speaker utterance and predicted words in the lis-
tener utterance in the same turn. Then, all pairs are
filtered out to obtain high-frequency pairs through
pointwise mutual information (PMI)2 (Church and
Hanks, 1990) which can measure the association
between two words in a corpus. Filtered pairs be-
come kps. A tail word of a kp is regarded as a
keyword of the listener utterances joined to extract
that keyword pair.

Performances of feature annotations are summa-
rized in Table 1 and show reliable results. How-
ever, test sets for KofLU based on Empathetic-
Dialogues, don’t exist. Thus, we randomly sam-
ple 100 test dialogues in EmpatheticDialogues and
ask 3 human workers to annotate whether each
word plays important role for empathizing in the
listener utterances. By majority voting, the final
verdict on each annotation is decided. We com-
pute the inter-annotator agreement on annotation
of test sets for KofLU through Fleiss’ kappa (κ)
(Fleiss and Cohen, 1973), and result in 0.55, where
0.4 < κ < 0.6 indicates moderate agreement.

5 The Emp-RFT Model

In this section, we detail Emp-RFT whose overall
architecture is shown in Figure 2.

5.1 Context Encoding
Word-Level Encoder. Emp-RFT contains an en-
coder fθ(·) which has the six-layer encoder of
BART (Lewis et al., 2020) as the backbone and ex-
tracts feature vectors of each ui. Inspired by BERT
(Devlin et al., 2019), we prefix each utterance with
a [SEN ] token, so ui0 = [SEN ]. Then, each token

2We use pairs whose PMI ≥ 1. The pairs whose tail words
are stopwords or punctuations, are removed.
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is represented as embij , the sum of the following
four embeddings: word embedding, position em-
bedding, role embedding and emotion embedding
Me ∈ Rnemo×d 3. Then, the encoder transforms
each utterance into a list of output hidden states:

[ĥi0, ..., ĥ
i
|ui|] = fθ([emb

i
0, ..., emb

i
|ui|]), (1)

where ĥij ∈ Rd. For each utterance, we can obtain
utterance-level meaning vector ĥi0 derived from
the token [SEN ], concatenated keyword vectors
k̂i ∈ R|ki|×d derived from the tokens correspond-
ing to kip (p is the index for keywords.), and emo-
tion vector êi =Meĥ

i
0.

Feature Transition Recognizer. Emp-RFT has
a component that operates as the process illustrated
in Figure 3. The component computes feature tran-
sition information between feature vectors, utiliz-
ing two comparison functions, subtraction and mul-
tiplication of Wang and Jiang (2017). Each feature
vector is compared to previous two feature vec-
tors 4. First, emotion transition information etii is
computed:

etii = ReLU(Weti(fcom(ê
i, êi−1, êi−2))), (2)

fcom(ê
i, êi−1, êi−2)

=




(êi − êi−1)⊙ (êi − êi−1)
êi ⊙ êi−1

(êi − êi−2)⊙ (êi − êi−2)
êi ⊙ êi−2


 ,

(3)

where fcom and ⊙ each denote our transition infor-
mation computing function and Hadamar product,
and Weti ∈ Rd×4nemo . Next, utterance-level mean-
ing transition information utii is computed:

utii = ReLU(Wuti(fcom(ĥ
i
0, ĥ

i−1
0 , ĥi−20 ))), (4)

where Wuti ∈ Rd×4d. We then obtain enhanced
utterance vector of each utterance by integrating
utterance-level meaning vector, and emotion and
utterance-level meaning transition information:

h̄i = FCutt([ĥ
i
0; eti

i;utii]), (5)

where FCutt is a fully-connected layer with size
of d. In addition, keyword transition information

3j, d, and nemo each denote the index for words, hidden
size, and the number of emotion classes. The role and emotion
embbedings are each for distinguishing two interlocutors and
for incorporating the emotion into each utterance.

4If there aren’t previous feature vectors, we can obtain
those by regarding first output hidden state of a padded utter-
ance as utterance and keyword vectors (Qiu et al., 2020).
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nizer.

ktii is computed between concatenated keyword
vectors and cross-encoded vectors ct, where t ∈
{i− 1, i− 2}:

ktii = ReLU(Wkti(fcom(k̂
i, ci−1, ci−2))T ), (6)

ct = softmax(Qi(Kt)T )k̂t, (7)

Qi = k̂iWQ,K
t = k̂tWK , (8)

where Wkti ∈ Rd×4d,WQ and WK ∈ Rd×d. We
can obtain enhanced keyword vector of each key-
word by integrating keyword vector, and keyword
transition information:

k̄ip = FCkey([k̂
i
p; kti

i
p]), (9)

where FCkey is a fully-connected layer with size
of d. Consequently, the enhanced feature vectors
guide Emp-RFT to accurately grasp the features
of utterance that the model should be attentive to
when given feature transition information.

Utterance-Level Encoder. Emp-RFT contains
another encoder gϕ(·) which has the six-layer en-
coder of BART, and transforms enhanced utterance
vectors with global position embeddings (GPE)
into a context representation to capture relation-
ships between utterances (Gu et al., 2021):

[ḧ1, ..., ḧn−1] = gϕ([h̄
1, ..., h̄n−1]). (10)

Emp-RFT consists of hierarchical structures of en-
coders through word-level and utterance-level en-
coders. This structure makes Emp-RFT compre-
hend each utterance at the fine-grained level, and
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understand the context by integrating information
based on comprehension of each utterance.

Fusing Context with Keywords. Emp-RFT
fuses context with keywords as the process illus-
trated in Figure 4. We first dynamically build key-
word graph for each context. Keywords in each
context become nodes and are initialized by cor-
responding enhanced keyword vectors with GPE.
Edges are built across the below cases: (1) be-
tween two keywords from the same utterance and
(2) between a keyword from a certain utterance
and another keyword from the previous two utter-
ances. Also, a tail word in a kp whose head word
is kn−1p is appended as a node and connected with
kn−1p node. Appended nodes (ANs) are initial-
ized through BART decoder whose parameters are
frozen with GPE, and used for next keywords de-
tection. To obtain keyword representation v̂io from
the keyword graph(o is the index for nodes.), nodes
are updated based on multi-head graph-attention
mechanism (Veličković et al., 2018; Li et al., 2022).
This mechanism makes Emp-RFT not only capture
relationships between nodes but also manage in-
fluences of each appended node through attention
architecture:

v̂io = vio +
MHn

mh=1

∑

z∈Aio

αi,mhoz (Wmh
v vz), (11)

αi,mhoz =
exp((Wmh

q vio)
TWmh

key vz)∑
s∈Aio exp((W

mh
q vio)

TWmh
key vs)

, (12)

where vio, ∥, Aio, and αi,mhoz each denote a node
representation, the concatenation of MH atten-
tion heads, the neighbours of vio in the adjacency
matrix A, and self-attention weight and Wmh

v ,
Wmh
q , Wmh

key ∈ Rdmh×d (dmh = d/MH). Lastly,
we can obtain the fused context representation
H = [h1, ..., hn−1] by fusing the context repre-
sentation with the sum of keyword representations:

hi = FCfuse([ḧ
i; sum([v̂i1, ..., v̂

i
|ki|])]), (13)

where FCfuse is a fully-connected layer with size
of d. Consequently, keywords are emphasized
within each utterance and get greater attention
when generating responses.

Next Emotion and Keywords Detection. Emp-
RFT detects next emotion ey and keywords ky,
which helps figure out proper emotion and key-
words for generation. First, based on the max-
pooled fused context representation, next emotion
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distribution is predicted:

Pe = softmax(MeMP(H)), (14)

where MP denotes maxpooling. We use the emo-
tion with the highest probability (êy) for generation.
Also, Emp-RFT predicts whether the word of each
AN belongs to the next keywords through the bi-
nary classification, where the true label denotes the
word belongs to:

Pk =

|ANs|∏

o=1

softmax(WAN [v̂
n
o ;MP(H)]), (15)

where WAN ∈ R2×2d. We consider the words of
ANs whose probabilities for the true label ≥ 0.8
as the keywords (k̂y) for generation.

5.2 Response Generation
Response Generator. Emp-RFT includes a re-
sponse generator (RG) which has the six-layer de-
coder of BART as the backbone. Through the four
embeddings with êy, explained previously, we can
obtain the input sequence embedding for RG. We
prefix it with the sum of node representations cor-
responding to k̂y. Then, RG is fed to predict proba-
bility distribution on each next token yt based on
the fused context representation:

P (y|con, e, k, kps) =
m∏

t=1

P (yt|y<t, H). (16)

Training. We apply cross-entropy loss to three
objectives (eq. 14, 15, 16), and train parameters of
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Emp-RFT in end-to-end manner through the sum
of all losses .

Contrastive PPLM. Analysis on the generated
responses of the trained Emp-RFT shows that an ac-
tive reflection of k̂y is demanded. Thus, inspired by
Dathathri et al. (2020); Chen et al. (2020), we pro-
pose Contrastive PPLM with a discriminator using
contrastive loss. Existing discriminators (Dathathri
et al., 2020; Majumder et al., 2021) are trained
to predict whether a sentence contains a certain
attribute, using cross-entropy loss. Then, the gra-
dient of the loss is passed to the generative model
to generate a sentence containing such attribute
during inference. However, since keywords are
not attributes but objects, we train a discriminator
to predict whether a response in EmpatheticDia-
logues is more similar to the keyword set of the
response(positive sample) than the keyword sets of
another responses(negative samples) in the same
batch, using contrastive loss based on the similarity
between objects:

Lapplm = −log exp(rTa ksa/τ)∑B
b=1 exp(r

T
a ksb/τ)

, (17)

where r,ks,τ and B each denote response and key-
word set representations, a temperature parameter
and batchsize. During inference, we repeatedly
sample three random ANs except for nodes of k̂y,
and consider the sum of such AN representations
as one of negative samples and the sum of node
representations corresponding to k̂y as a positive
sample. Then, the gradient of the contrastive loss
is passed to Emp-RFT.

6 Experiments

6.1 Dataset and Baselines
Dataset. Experiments were conducted on Empa-
theticDialogues (Rashkin et al., 2019) which con-
tains 24,850 multi-turn dialogues. For each dia-
logue, we can extract a certain number of instances
corresponding to the number of turns within the
dialogue. This totals to 47,611 instances, where
22,761 are multi-turn. In one turn of a dialogue,
a speaker talks about one of 32 evenly distributed
emotion labels and a situation related to the emo-
tion label and a listener empathizes by responding
to the speaker. Following the instructions of the
dataset, we use 8:1:1 train/valid/test split.

Baselines. We compared Emp-RFT to the fol-
lowing five baseline models: (1) MoEL (Lin et al.,
2019) is a transformer-based generative model,

which has decoders for each emotion and integrates
outputs of the decoders according to predicted emo-
tion distribution. (2) EmpDG (Li et al., 2020)
uses emotional words and consists of an adversarial
framework including a generator and discrimina-
tors which reflect the user feedback. (3) MIME
(Majumder et al., 2020) is also a transformer-based
generative model which mimics user emotion based
on emotion grouping and uses stochastic sampling
for varied responses. (4) MIME+Focused S1 and
(5) Blender+Focused S1 (Kim et al., 2021) attach
RSA Framework to MIME and Blender (Roller
et al., 2021). Blender is a pretrained model with
90M parameters size, using an immense number of
dialogues. It is finetuned on EmpatheticDialogues.
Using distractors and Bayes’ Rules, RSA Frame-
work makes the models focus on certain parts of the
post, such as emotion cause words when generating
responses in the single-turn dialogues 5. Implemen-
tation details about Emp-RFT and baselines are
covered in Appendix A.1.

6.2 Evaluation Metrics
Automatic Evaluation. We evaluated the models,
using the following three metrics: (1) Perplexity
(PPL) (Vinyals and Le, 2015) measures how highly
likely tokens are generated, which evaluates the
overall quality of the model. (2) Distinct-n (Dist-n)
(Li et al., 2016) measures how diverse the gener-
ated response is via the unique words within its
n-gram. (3). We use BERTscore (FBERT) (Zhang
et al., 2019) which measures token-level semantic
similarities between the generated response and the
gold response based on embeddings from BERT
(Devlin et al., 2019).

Human Ratings. Human evaluations for the dia-
logues models are essential because of insufficient
reliability on automatic metrics. We randomly sam-
pled 100 test dialogues and asked 3 human workers
to score models’ generated responses on 1 to 5
point scale, following the four metrics (Rashkin
et al., 2019): (1) Empathy measures whether the
generated response understands the speaker’s emo-
tion and situation. (2) Relevance measures whether
the generated response is coherent to the context.
(3) Fluency measures whether the generated re-
sponse is grammatically correct and readable. (4)
Since we conclude that models generating generic
responses are not empathizing to the speaker, we

5To make the models work in the multi-turn dialogues, the
models are converted to take several utterances and to focus
on emotion cause words of the last utterance.
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Method Automatic Evaluation Human Evaluation
PPL Dist-1 Dist-2 FBERT Empathy Relevance Fluency Diversity

MoEL 38.04 0.44 2.10 0.11 3.25 3.73 3.49 2.85
EmpDG 37.29 0.46 2.02 0.14 3.30 3.76 3.57 3.11
MIME 37.09 0.47 1.91 0.13 3.23 3.78 3.53 2.83
MIME+Focused S1 36.43 0.52 2.21 0.15 3.34 3.84 3.65 3.15
Blender+Focused S1 13.21∗ 3.11∗ 4.38∗ 0.31∗ 3.69∗ 4.11∗ 4.05∗ 3.78∗

Emp-RFT 13.59∗ 3.24∗ 4.59∗ 0.34∗ 3.78∗ 4.23∗ 4.11∗ 4.02∗
w/o FTR 15.22 3.22∗ 4.49∗ 0.27 3.56 4.05 4.01 3.95∗
w/o CP 13.89∗ 3.07 4.36 0.33∗ 3.74∗ 4.20∗ 4.05∗ 3.84∗
w/o (CP+NEKD) 14.87 2.89 4.08 0.28 3.61 4.02 3.95 3.69
w/o (CP+NEKD+FCK) 15.45 2.75 3.86 0.23 3.51 3.89 3.83 3.50

MoEL 41.13 0.40 1.96 0.08 2.97 3.44 3.30 2.55
EmpDG 40.10 0.41 1.91 0.11 3.01 3.50 3.32 2.85
MIME 40.51 0.42 1.82 0.09 2.94 3.51 3.29 2.53
MIME+Focused S1 39.58 0.48 2.11 0.11 3.05 3.59 3.39 2.91
Blender+Focused S1 16.96 3.03∗ 4.19∗ 0.26∗ 3.43∗ 3.90∗ 3.88∗ 3.65∗

Emp-RFT 14.71∗ 3.21∗ 4.48∗ 0.32∗ 3.66∗ 4.15∗ 4.01∗ 3.91∗
w/o FTR 17.12 3.20∗ 4.40∗ 0.22 3.32 3.83 3.85 3.88∗
w/o CP 15.12∗ 3.04∗ 4.28∗ 0.31∗ 3.62∗ 4.11∗ 3.96∗ 3.71∗
w/o (CP+NEKD) 16.24 2.84 4.02 0.25∗ 3.50∗ 3.92∗ 3.84 3.61
w/o (CP+NEKD+FCK) 17.33 2.71 3.78 0.20 3.42 3.82 3.76 3.42

Table 2: Results of automatic evaluation and human ratings on all(top) and multi-turn(bottom) instances. * means
superior results with p-value < 0.05 (sign test).

Emp-RFT vs. Win (%) Lose (%) κ

MoEL 74.4/82.2 9.3/6.9 0.67/0.73
EmpDG 70.3/77.7 12.3/9.8 0.61/0.70
MIME 71.6/79.5 11.1/8.2 0.64/0.71
MIME+Focused S1 65.3/74.5 13.2/10.8 0.61/0.66
Blender+Focused S1 32.0/38.6 25.5/22.5 0.46/0.48

Table 3: Results of human A/B test. The results in front
of and behind ‘/’ are each on all instances and multi-turn
instances. Fleiss’ kappa (κ) denotes agreements among
human workers, where 0.4 < κ < 0.6 and 0.6 <
κ < 0.8 indicate moderate and substantial agreements,
respectively.

use Diversity to measure whether the generated
response is non-generic.

Human A/B Test. We further conducted a hu-
man A/B test which provides stronger intuitions
and higher agreements than human ratings, be-
cause this is carried with 3 human workers select-
ing the better response when given two generated
responses (Sabour et al., 2021).

6.3 Analysis of Response Generation

We abbreviate feature transition recognizer, con-
trastive PPLM, next emotion and keywords detec-
tion, and fusing context with keywords as FTR, CP,
NEKD, and FCK, respectively.

Automatic Evaluation Results. The overall
automatic evaluation results are shown in the left
part of Table 2. Emp-RFT performed exceed-
ingly on all metrics except for PPL, which was

nearly the same as Blender+Focused S1. The im-
provements on other metrics indicated that our
approach was effective for generating generally
high quality and non-generic responses which
were also semantically similar with the gold re-
sponse. While the utilization of pretrained mod-
els yielded significant improvements compared to
models only trained on EmpatheticDialogues, Emp-
RFT showed even greater performance when com-
pared to Blender+Focused S1 endowed with more
significant number of dialogues. In addition, due
to utilization of FTR, Emp-RFT obtained remark-
able results even on multi-turn instances, whereas,
other models suffered due to their means of utiliz-
ing features for the context at the coarse-grained
level.

Human Evaluation Results. In the right part
of Table 2, Emp-RFT acquired the highest scores
on all metrics, which demonstrated that all com-
ponents of Emp-RFT helped generate responses
that are empathetic, coherent to the context, and
non-generic. Also, utilizing pretrained models
showed significant improvements, especially on
Fluency and Diversity scores. In Table 3, the gen-
erated responses from Emp-RFT were more pre-
ferred, which indicated Emp-RFT consistently out-
performed other methods in various experiments.
When observing at the models’ performance differ-
ence between multi-turn instances and all instances,
only Emp-RFT continued to perform consistently,
whereas other models showed significant perfor-
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Method Top-1 Acc Top-5 Acc macro-F1
CoMAE 41.12 80.09 39.61
Emp-RFT 42.08 80.78 40.39

Method TL-P TL-R TL-F1
ConceptFlow 37.68 48.27 42.32
CG-nAR 44.62 61.94 51.87
Emp-RFT 45.35 63.15 52.78

Table 4: The results of next emotion(top) and key-
words(bottom) detection. We used the metrics intro-
duced in Table 1.

mance drops under multi-turn instances. From this,
we concluded that Emp-RFT continuously under-
stood the dialogue flow.

Ablation Study. To better understand effects of
each component in Emp-RFT, we conducted the
ablation study. We gradually ablated each compo-
nent within the response generation strategy in a
hierarchical manner. (1) w/o FTR: Feature tran-
sition recognizer was disabled, which resulted in
considerable drops on all metrics, especially on
PPL, FBERT, Empathy, and Relevance scores on
multi-turn instances, because Emp-RFT could not
grasp the attention-needed features of utterance
within multi-turn instances through FTR. (2) w/o
CP: Contrastive PPLM was removed, which caused
lower Dist-n and Diversity scores, because Emp-
RFT could not actively use various k̂y when gener-
ating responses through CP. (3) w/o (CP+NEKD):
Next emotion and keywords detection were dis-
abled, which interfered with Emp-RFT’s utilization
of the next emotion and keyword. It droped not
only Dist-n and Diversity scores but also other met-
rics. (4) w/o (CP+NEKD+FCK): Fusing the con-
text representation with keyword representations
was disregarded. Since keywords were no longer
emphasized for context modelling, such informa-
tion could not get more attention when generating
responses. It caused drops on all metrics, particu-
larly on FBERT, Dist-n, and Diversity.

6.4 Analysis of Next Emotion and Keywords

We report the results in terms of NEKD in Table
4. Since all baselines have not conducted NEKD,
we trained models showing promising results such
as CoMAE (Zheng et al., 2021), ConceptFlow
(Zhang et al., 2020) and CG-nAR (Zou et al., 2021)
with EmpatheticDialogues. (More details are cov-
ered in Appendix A.2). Then, we compared Emp-
RFT to those models. Emp-RFT outperformed
other models on all metrics, which proved Emp-

RFT figured out which emotion and keywords were
proper for generation.

Emotion Label: Furious
Annotated Emotion: Annoyed→ Apprehensive→ Confident
→ Hopeful
u1: My roommate eats my food sometimes. This makes me so angry!
u2: You should get a mini fridge and put it in your room, with a lock on it.
u3: I think that’s a great idea. I know where to get those fridges for cheap.
Gold: Yea man go for it, don’t procrastinate.
MoEL: I am sorry you have to hear that. I hope it works out for you.
EmpDG: I agree with you. I think it isn’t worth before you get it back.
MIME: I am sorry to hear that. I hope you don’t have to deal with that.
MIME+Focused S1: I agree. I have a friend who is not to be a parent.
Blender+Focused S1: Roommates can be so annoying.

êy: Trusting, k̂y: procrastinate, safety, profit
Emp-RFT: Don’t procrastinate. It makes your foods safety.
w/o FTR: I agree. I have a safety but pricy fridge.

Emotion Label: Proud
Annotated Emotion: Trusting→ Proud→ Grateful→ Sentimental
→ Disappointed→ Sentimental
u1: Hi, My girlfriend was recently let go of her job, but she put so much
work in to finding a new job and got one with better pay!
u2: That’s great! It was meant to happen then.
u3: Yes I agree, she was so happy when she found out the job was hers.
u4: I would have been too. I’ve never been fired. I always quit.
u5: She wasn’t really fired, her position was no more. Schools don’t
have much room left for Home Ec teachers. Sad.
Gold: I remember taking Home Ec. I loved that class.
MoEL: I am sorry to hear that. I hope you can find a new job.
EmpDG: I am sorry you had that. I am not a fan of the past few years
ago. I am not sure she had a close relationship.
MIME: I am sorry to hear that. I hope you find a new job.
MIME+Focused S1: I am sorry to hear that. I hope you find a new job.
Blender+Focused S1: She was paid for her hard work.

êy: Sentimental, k̂y: Ec, class, jobs, solution, remember
Emp-RFT: I remember the Ec class. It’s a relief for her to find the job.
w/o FTR: I’m glad she found the solution to the job problem.

Emotion Label: Caring
Annotated Emotion: Annoyed→ Caring→ Sad→ Caring
u1: My poor neighbor is suffering a lot without her husband.
u2: I suffer a lot too when my wife is gone. What happened to him?
u3: He passed away from cancer.
Gold: Ah, the evil cancer. Took my grandmother as well. I am sure
he’s off in a better place now.

êy: Sad, k̂y: condolences, cancer, grandmother, evil, lost
Emp-RFT: My condolences. I lost my grandmother because of the
cancer.
w/o CP: I’m sorry to hear that. It’s so hard to lost someone.
w/o (CP+NEKD): Oh no. I’m scary to get the cancer.
w/o (CP+NEKD+FCK): Oh no. I’m sorry to hear that.

Table 5: Model generations. The words marked in red
and blue are keywords of the speaker utterance and
listener utterance, respectively.

6.5 Case Study
The cases from the models are shown in Table 5. In
the first case, MoEL and MIME expressed regret,
which was emotionally inappropriate to the con-
text. All baselines except for MoEL failed to grasp
the proper features within the context, and there-
fore generated incoherent responses. Especially,
Blender+Focused S1 ignored the features of u3.
Since Emp-RFT understood the dialogue flow, it
became attentive to not only the features of u3 but
also those of u1, u2, mentioning (‘procrastinate’,
‘foods’, ‘safety’), which led to empathy and co-
herence. In the second case, all baselines couldn’t
understand the longer context, which resulted in im-
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proper empathy. Also, Blender+Focused S1 disre-
garded the features of u5, and therefore overlooked
the speaker’s sadness. Emp-RFT fully compre-
hended why the speaker’s happiness changed to the
sadness. In both cases, without FTR, the responses
of Emp-RFT were non-empathetic and incoherent
because of dismissing appropriate features. In the
third case, we report the case in terms of the re-
sponse generation strategy. Without CP, NEKD,
and FCK, Emp-RFT produced a generic response.
With the utilization of FCK, Emp-RFT perceived
the word ‘cancer’ in u3 but expressed excessive
emotion by mentioning ‘scary’. When Emp-RFT
additionally conducted NEKD, Emp-RFT gener-
ated emotionally appropriate responses by men-
tioning ‘sorry’ and ‘hard’, and utilized the keyword
‘lost’. Lastly, with CP, Emp-RFT generated a di-
verse response, actively using k̂y.

7 Conclusion

We proposed a novel approach that recognizes fea-
ture transitions between utterances, which led to
understanding the dialogue flow and grasping the
features of utterance that needs attention. Also, to
make our model focus on emotion and keywords
related to appropriate features, we introduced a re-
sponse generation strategy including fusing context
with keywords, next emotion and keywords detec-
tion, and contrastive PPLM. Experimental results
showed that our model outperformed baselines, and
especially, achieved significant improvements on
multi-turn instances, which proved our approach
was effective for empathetic, coherent, and non-
generic response generation.

8 Ethical Considerations

We expect that our proposed approach does not suf-
fer from ethical problems. The dataset we use in
our work is EmpatheticDialogues which is English-
based. The dataset is constructed by crowdsourcing
with Amazon Mechanical Turk, which protects pri-
vate user information (Rashkin et al., 2019). In
addition, the dialogue dataset is anticipated not
to have responses which include discrimination,
abuse, bias, etc, because the robust collection pro-
cedure of EmpatheticDialogues ensures the qual-
ity of the dataset. Thus, we expect that models
trained using the dataset, do not generate inappro-
priate responses which harm the users. However,
we inform that our model utilizes a pretrained lan-
guage model, which may produce inappropriate

responses. Lastly, we anticipate our model make
potential users be interested and consoled by gen-
erating empathetic responses.
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A Implementation Details

A.1 Empathetic Response Generation Models

We use the official codes of all baselines, and follow
the implementations (MoEL 6, EmpDG 7, MIME
8, MIME+Focused S1 and Blender Focused S1 9).

6https://github.com/HLTCHKUST/MoEL
7https://github.com/qtli/EmpDG
8https://github.com/declare-lab/MIME
9https://github.com/skywalker023/

focused-empathy

Our model is implemented by Pytorch 10, and based
on two encoders of BART-base and a decoder of
BART-base 11. Hidden size d is 768 and the number
of emotion classes nemo is 32. MH and the num-
ber of layers of graph attention network are each 4.
Using Adam optimization (Kingma and Ba, 2015),
our model is trained on single RTX 3090 GPU with
a batch size of 4. We apply early-stopping and se-
lect a model showing the best performance through
perplexity on the valid set. For contrastive PPLM,
we utilize the official code of PPLM 12. We set a
temperature parameter τ and batch size to 0.5 and
64, respectively. Through represenations derived
from the last token of BART decoder whose pa-
rameters are frozen, we can obtain each response
representation ra and each keyword set represen-
tation ksa, where the keyword set corresponds to
the response. Thus, ksa becomes a positive sample
for ra, and keyword set representations for other
responses in the same batch become negative sam-
ples.

A.2 Next Emotion and Keywords Detection
We utilize the repositories and follow implemeta-
tion details of CoMAE 13, ConceptFlow 14, and
CG-nAR 15. We train three models, using Empa-
theticDialogues instead of originally used datasets.

10https://pytorch.org/
11https://huggingface.co/docs/

transformers/model_doc/bart
12https://github.com/uber-research/PPLM
13https://github.com/chujiezheng/CoMAE
14https://github.com/thunlp/ConceptFlow
15https://github.com/RowitZou/CG-nAR
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Abstract
Political perspective detection has become an
increasingly important task that can help com-
bat echo chambers and political polarization.
Previous approaches generally focus on lever-
aging textual content to identify stances, while
they fail to reason with background knowledge
or leverage the rich semantic and syntactic tex-
tual labels in news articles. In light of these
limitations, we propose KCD, a political per-
spective detection approach to enable multi-
hop knowledge reasoning and incorporate tex-
tual cues as paragraph-level labels. Specifi-
cally, we firstly generate random walks on ex-
ternal knowledge graphs and infuse them with
news text representations. We then construct a
heterogeneous information network to jointly
model news content as well as semantic, syn-
tactic and entity cues in news articles. Finally,
we adopt relational graph neural networks for
graph-level representation learning and conduct
political perspective detection. Extensive exper-
iments demonstrate that our approach outper-
forms state-of-the-art methods on two bench-
mark datasets. We further examine the effect of
knowledge walks and textual cues and how they
contribute to our approach’s data efficiency.

1 Introduction

Political perspective detection aims to identify ide-
ological stances of textual data such as social me-
dia posts and news articles. Previous approaches
generally leverage the textual content of news arti-
cles with various text modeling techniques to iden-
tify political stances. Those works (Jiang et al.,
2019; Li and Goldwasser, 2019, 2021; Feng et al.,
2021a) leveraged diversified text models, such as
recurrent neural networks (Yang et al., 2016), word
embedding techniques (Pennington et al., 2014; Pe-
ters et al., 2018), convolutional neural networks
(Jiang et al., 2019), and pre-trained language mod-
els (Devlin et al., 2019; Liu et al., 2019), to encode

∗These authors contributed equally to this work.
†Corresponding author.
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Figure 1: Multi-hop knowledge reasoning and implicit
textual indicators that facilitate perspective detection.

news paragraphs and classify them into different
perspective labels. Later approaches incorporate
information sources beyond text to facilitate argu-
ment mining and boost task performance. News
discussion on social networks (Li and Goldwasser,
2019), social and linguistic information about news
articles (Li and Goldwasser, 2021), media sources
and information (Baly et al., 2020) as well as exter-
nal knowledge from knowledge graphs (Feng et al.,
2021a) are introduced in the task of political per-
spective detection and achieve better performance.

Although these methods attempted to leverage
more than news content, they fail to present a frame-
work capable of reasoning with background knowl-
edge and leveraging implicit semantic and syntactic
indicators such as sentiment and tense of news arti-
cles. For example, Figure 1 presents a typical news
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article from Daily Kos1. This article discusses re-
marks from the Trump campaign team about Wik-
ileaks and its effect on Hillary Clinton’s bid for
president. Individuals often rely on the multi-hop
reasoning that Clinton and Trump are from oppo-
site political parties and run against each other to
inform their perspective analysis process. Besides,
the negative sentiment expressed in satiric tones
and the quotation of Trump campaign staff also
give away the author’s denial and left-leaning per-
spective. That being said, knowledge reasoning
and implicit textual indicators are essential in the
news bias detection process.

In light of these limitations, we propose a
political perspective detection framework KCD
(Knowledge Walks and Textual Cues Enhanced
Political Perspective Detection). Specifically, KCD
generates multi-hop knowledge walks, aggregates
them based on semantic relevance and incorporates
them in textual representations with multi-head
attention. KCD then constructs a heterogeneous
information network to jointly model knowledge-
enriched news content and diversified textual cues
as paragraph-level labels. Finally, KCD learns
graph representations with relational graph neural
networks and conduct perspective detection with
different aggregation strategies. Our main contri-
butions are summarized as follows:

• We propose knowledge walks, a strategy to in-
corporate multi-hop knowledge reasoning in tex-
tual representations for knowledge-aware politi-
cal perspective detection.

• We propose to construct a heterogeneous infor-
mation network to represent news articles, which
jointly models knowledge-enriched news content
and implicit textual cues in news articles.

• Extensive experiments demonstrate that our ap-
proach consistently outperforms state-of-the-art
methods on two widely adopted benchmarks.
Further analysis bears out the necessity of knowl-
edge walks and textual cues in our approach.

2 Related Work

2.1 Political Perspective Detection
Political perspective detection aims to identify
the ideological stances of news articles, which is
widely studied to help strengthen the online infor-
mation landscape (Li and Goldwasser, 2019) and

1https://www.dailykos.com/

mitigate ideological echo chambers (Li and Gold-
wasser, 2021; Feng et al., 2021a). Early approaches
leverage text analysis techniques for bias detection,
such as sentiment analysis (Jiang et al., 2011; Wang
et al., 2017), bias feature extraction (Horne et al.,
2018), word embeddings (Jiang et al., 2019; Li and
Goldwasser, 2019), and different neural network ar-
chitectures (Augenstein et al., 2016; Du et al., 2017;
Xu et al., 2018; Yang et al., 2016; Jiang et al., 2019;
Feng et al., 2021b; Li and Goldwasser, 2021; Feng
et al., 2021a). In addition to textual content of news
articles, social media users also become the focus
of perspective detection research (Bel-Enguix et al.,
2021). User interactions (Magdy et al., 2016), user
clustering (Darwish et al., 2020), and label propa-
gation (Stefanov et al., 2020) are leveraged to iden-
tify the ideological preferences on social media.
Fusing both news text and social network analy-
sis directions, Li and Goldwasser (2019) propose
to enrich news text with the content and structure
of social media discussions about these news arti-
cles. Recent state-of-the-art approaches chart a new
path by incorporating social and political external
knowledge into stance detection. Baly et al. (2020)
propose adversarial media adaptation and leverage
source background knowledge for political perspec-
tive detection. Li and Goldwasser (2021) combine
language encoders with pre-training tasks of social
and linguistic information. Feng et al. (2021a) pro-
pose to construct and leverage political knowledge
graphs as domain-specific external knowledge. In
this paper, we build on these works to examine
and explore the effect of multi-hop knowledge rea-
soning and diversified textual cues in the task of
political perspective detection.

2.2 Knowledge Graph in NLP

Knowledge graphs (KGs) are effective representa-
tions of real-world entities, relations, and knowl-
edge. Generic (Fellbaum, 2010; Pellissier Tanon
et al., 2020; Bollacker et al., 2008; Speer et al.,
2017) and domain-specific KGs (Feng et al., 2021a;
Chang et al., 2020) are widely adopted in NLP tasks
as external knowledge sources. These approaches
could mainly be categorized into feature extraction,
language model and graph-based methods. For
feature extraction approaches, KG embedding tech-
nique TransE (Bordes et al., 2013) is leveraged to
learn features for knowledge injecton (Ostendorff
et al., 2019; Hu et al., 2021). For language model
approaches, the adapter architecture is leveraged
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Figure 2: Overview of our proposed framework KCD.

to fine-tune on KG-related tasks (Majewska et al.,
2021; Meng et al., 2021; Wei et al., 2021). In ad-
dition, Wang et al. (2021) propose a unified model
to combine knowledge embedding with language
representation pre-training. For graph-based ap-
proaches, KG entities and relations are injected into
graphs and heterogeneous information networks
(Hu et al., 2021; Feng et al., 2021a; Lu et al., 2021).
Graph neural networks are then adopted to learn
knowledge-aware text representations. In this pa-
per, we propose knowledge walk, a novel strategy
to infuse multi-hop knowledge reasoning into lan-
guage representations and apply them in political
perspective detection.

3 Methodology

Figure 2 presents an overview of our proposed
political perspective detection framework KCD
(Knowledge Walks and Textual Cues Enhanced Po-
litical Perspective Detection). We firstly generate
knowledge walks on the external knowledge graph.
These knowledge walks are then selected based on
semantic relevance and injected into textual rep-
resentations with multi-head attention. We then
construct a heterogeneous information network to
jointly model knowledge-enriched news content
and diversified textual cues as paragraph-level la-
bels and supernodes. Finally, we adopt relational
graph neural networks and different aggregation
strategies to learn graph-level representation and
conduct political perspective detection.

3.1 Knowledge Walks and Infusion

We firstly propose the novel strategy of knowl-
edge walks and combine them with textual rep-

resentations to enable multi-hop knowledge rea-
soning. We partition an n-paragraph news docu-
ment into different paragraphs and denote them
as S = {s1, ..., sn}. We encode each paragraph
by averaging the the embeddings of words from
pre-trained RoBERTa (Liu et al., 2019):

vsi = RoBERTa(si), 1 ≤ i ≤ n (1)

We use a political knowledge graph2 as external
knowledge for perspective detection. Let the i-
th triple in the knowledge graph be (eih, ri, eit),
where eih and eit denote the head and tail entity
and ri represents the relation of the i-th triple.

3.1.1 Knowledge Walk Generation
We firstly use TagMe (Ferragina and Scaiella, 2012)
to identify mentioned KG entities in each paragraph
si. For each mentioned entity, we use it as the
starting point e(0) in a K-hop knowledge walk:

kwi = {e(0), r0,1, e(1), ..., rK−1,K , e(K)} (2)

where e(i−1) and ri−1,i denote the i-th triple’s head
entity and relation. Specifically, a knowledge walk
is generated by adopting biased random walk of
length K starting from e(0). The conditional prob-
ability of arriving at e(i) from e(i−1) through ri−1,i
is formulated as

P (e(i)|e(i−1), ri−1,i) =
exp(p(ri−1,i))∑|Nr(i−1)|

j=1 exp(p(rj))
(3)

2https://github.com/BunsenFeng/news_stance_detection
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where Nr(i− 1) denotes the neighboring relations
of e(i−1), p(r) is the importance score of KG rela-
tion r, which could be tuned by domain experts for
human-in-the-loop knowledge walk generation. In
this way, we generate multiple knowledge walks
for each paragraph based on its mentioned entities,
which models the multi-hop reasoning process with
external knowledge.

3.1.2 Semantic-Guided Selection
After obtaining multiple knowledge walks for a
single news paragraph, we propose a selection and
aggregation process guided by textual content to
differentiate essential knowledge walks from the
irrelevant ones. We firstly transform each knowl-
edge walk kwi into a sentence ti by concatenating
the textual description of entities and relations. We
then encode the knowledge walk sentence ti with
pre-trained RoBERTa (Liu et al., 2019):

vki = RoBERTa(ti) (4)

Suppose a total of m knowledge walks
{kwi,j}mj=1 are generated for paragraph si, we then
aggregate their knowledge walk sentence embed-
dings {vki,j}mj=1 as follows:

vpi =

m∑

j=1

exp(α · vki,j)∑m
q=1 exp(α · vki,q)

vki,j (5)

where α denotes the learnable attention vector
guided by paragraph semantics:

α = ϕ(Wav
s
i + ba) (6)

where Wa and ba are learnable parameters of the
attention module and we use Leaky-ReLU for ϕ.
vsi is the sentence embedding from equation 1. In
this way, we aggregate m knowledge walks based
on semantic relevance to the paragraph to filter and
retain important knowledge reasoning paths.

3.1.3 Knowledge Infusion
After representing multi-hop knowledge reasoning
for paragraph si with vpi , we conduct document-
wise multi-head self-attention to infuse knowledge
walks into textual representations vsi . We concate-
nate knowledge walk and text representations:

T = concat([vs1, v
p
1 , ..., v

s
n, v

p
n]) (7)

where T is the input for multi-head self-attention:

T̃ =MultiHead(Q,K, V ) (8)

where Q = K = V = T and the output T̃ =

concat([ṽs1, ṽ
p
1 , ..., ṽ

s
n, ṽ

p
n]). In this way, we ob-

tain language representations of news paragraphs
{ṽsi }ni=1, which jointly models textual content and
related multi-hop knowledge reasoning paths.

3.2 Textual Cues and Graph Construction

We construct a heterogeneous information network
(HIN) as in Figure 2 “Graph Construction“ to
jointly represent knowledge-enriched news con-
tent and diversified textual cues in news articles.
Specifically, we use paragraph nodes to represent
the news content and connect them with different
paragraph-level labels with heterogeneous edges.
Firstly, for paragraph nodes:
V1 andR1: Paragraph Nodes We use one node in
V1 to represent each paragraph in the news ar-
ticle to partition the entire document and allow
fine-grained analysis. We adopt the knowledge-
enriched representations {ṽsi }ni=1 in Section 3.1 as
initial node features for V1. We then use relation
R1 to connect adjacent paragraphs to preserve the
original flow of the news article.

3.2.1 Semantic Cues
We further analyze the topic and sentiment of news
paragraphs, extract paragraph-level labels and in-
ject them into our news HIN structure.
V2 andR2: Topic Cues The topics and frequent
topic switching in news articles often give away
the stance and argument of authors. We train LDA
to extract the topics in each political perspective
detection corpus and use one node to represent
each topic. We then encode the topic text with pre-
trained RoBERTa as node attributes. We then use
R2 to connect each paragraph node in V1 with its
affiliated topic node in V2 with the help of Bert-
Topic (Grootendorst, 2020).
V3 andR3: Sentiment Cues The sentiment of
news articles signal the authors’ approval or de-
nial, which helps identify their stances towards
individuals and issues. We use two nodes to repre-
sent positive and negative sentiment and we make
their node attributes learnable. We then conduct
sentiment analysis (Wolf et al., 2020) to identify
paragraph sentiment and use R3 to connect V1
with their corresponding sentiment nodes in V3.

3.2.2 Syntactic Cues
Apart from semantic cues, syntactic information
in news articles also contribute to the perspective
analysis process (Dutta et al., 2022). In light of
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this, we analyze the tense of news paragraphs and
whether it contains direct quotation and use them
as paragraph-level labels in our constructed HIN.
V4 andR4: Tense Cues The tense of news para-
graphs helps separate facts from opinions. For
example, simple past tense often indicates factual
statements while simple future tense suggests opin-
ions and projections that might not be factual. We
use 17 nodes in V4 to represent 17 possible tenses
in our constructed news HIN. We use NLTK (Bird
et al., 2009) to extract paragraph tenses and useR4
to connect paragraph nodes in V1 with V4.
V5 andR5: Quotation Cues It is common for au-
thors to directly quote others’ words in news ar-
ticles, which helps to identify the basis of the au-
thor’s argument. We use two nodes to differentiate
between whether a news paragraph quotes someone
or not. Specifically, we identify quotation marks in
news paragraphs and use R6 to connect V1 with
V6 based on whether direct quotation is detected.

3.2.3 Entity Cues
V6 andR6: Entity Cues We follow previous
works (Feng et al., 2021a; Hu et al., 2021) to use
one node to represent each entity in the external
knowledge graph. We adopt TransE (Bordes et al.,
2013) to learn knowledge graph embeddings and
use them as initial node features for V6. We then
adopt entity linking tool TagMe (Ferragina and
Scaiella, 2012) to align news paragraphs with their
mentioned entities and useR6 to connect V1 with
V6 correspondingly.

In this way, we obtain a heterogeneous infor-
mation network for news articles that jointly mod-
els knowledge-enriched news content and diversi-
fied textual cues in news articles. Our approach
could be similarly extended to other textual cues
and paragraph-level labels that would be helpful in
political perspective detection and related tasks.

3.3 Learning and Optimization

Upon obtaining the news HINs, we adopt rela-
tional graph neural networks for representation
learning and conduct political perspective detec-
tion as graph-level classification. Specifically, we
follow Feng et al. (2021a) and use gated R-GCN to
ensure a fair comparison and highlight the effective-
ness of knowledge walks and textual cues. After
L layers of gated R-GCN, we denote the learned
node representations as v and obtain graph-level
representation vg with three different aggregation
strategies: Paragraph Average (PA), Cue Average

Hyperparameter Value

GNN input size 768
GNN hidden size 512
GNN layer L 2
# epoch 150
batch size 16
dropout 0.6
# knowledge walk 30,114
p(r) in Equ. (3) constant c
# head in Equ. (8) SE: 8, AS: 32
λ in Equ. (11) 1e-4
learning rate 1e-3
lr_scheduler_patience 20
lr_scheduler_step 0.1
# early stop epoch 40
Optimizer Adam

Table 1: Hyperparameter settings of KCD. SE and AS
denote the datasets SemEval and Allsides.

(CA) and Global Average (GA):

vg =





1
|V1|

∑
v∈V1 v if Paragraph Average;

1
|V−V1|

∑
v/∈V1 v if Cue Average;

1
|V|
∑

v∈V v if Global Average.
(9)

where V =
⋃6
i=1 Vi represents the set of all nodes

in our HIN. We then transform the graph-level rep-
resentation vg with a softmax layer and classify
news articles into perspective labels:

ŷ = softmax(Wo · vg + bo) (10)

where Wo and bo are learnable parameters and ŷ
is our model’s prediction. We optimize the end-to-
end process with cross entropy loss and L2 regular-
ization.

4 Experiments

4.1 Dataset

We make use of two real-world political perspective
detection datasets SemEval (Kiesel et al., 2019)
and Allsides (Li and Goldwasser, 2019), which are
widely adopted in various previous works (Li and
Goldwasser, 2019, 2021; Feng et al., 2021a). We
follow the same evaluation settings as in previous
works so that our results are directly comparable.
Section B in the appendix provides more dataset
details to facilitate reproduction.
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4.2 Baselines
We compare KCD with the following competitive
baselines and state-of-the-art methods:

• CNN (Jiang et al., 2019) is the first-place solu-
tion in the SemEval 2019 Task 4 contest (Kiesel
et al., 2019). It combines convolutional neural
networks with Glove (Jiang et al., 2019) and
ELMo (Peters et al., 2018) for political perspec-
tive detection on the SemEval dataset.

• HLSTM (Yang et al., 2016) is short for hierar-
chical long short-term memory networks. Li and
Goldwasser (2019) uses HLSTMs and different
word embeddings for news bias detection.

• HLSTM_Embed and HLSTM_Output (Li and
Goldwasser, 2021) leverage entity information
with masked entity models in addition to news
content for political perspective detection.

• Word2Vec (Mikolov et al., 2013), GloVe (Pen-
nington et al., 2014), ELMo (Peters et al., 2018),
pre-trained BERT (Devlin et al., 2019) and
RoBERTa (Liu et al., 2019) are leveraged by
Feng et al. (2021a) as textual features and po-
litical perspective detection is further conducted
with two fully connected layers.

• MAN (Li and Goldwasser, 2021) incorporates so-
cial and linguistic information with pre-training
tasks and conducts fine-tuning on the task of po-
litical perspective detection.

• KGAP (Feng et al., 2021a), short for Knowledge
Graph Augmented Political perspective detec-
tion, leverages knowledge graphs and graph neu-
ral networks for a knowledge-aware approach.
We compare our gated R-GCN based approach
with KGAP’s gated R-GCN setting.

4.3 Implementation
We implement our KCD framework with pytorch
(Paszke et al., 2019), pytorch lightning (Falcon
and The PyTorch Lightning team, 2019), pytorch
geometric (Fey and Lenssen, 2019), and the trans-
formers library (Wolf et al., 2020). We present our
hyperparameter settings in Table 1 to facilitate re-
production. We adhere to these settings throughout
all experiments in the paper unless stated otherwise.
Our implementation is trained on a Titan X GPU
with 12GB memory. We make our code and data
publicly available3.

3https://github.com/Wenqian-Zhang/KCD

Method Setting SemEval AllSides
Acc MaF Acc MaF

CNN GloVe 79.63 N/A N/A N/A
ELMo 84.04 N/A N/A N/A

HLSTM

GloVe 81.58 N/A N/A N/A
ELMo 83.28 N/A N/A N/A
Embed 81.71 N/A 76.45 74.95
Output 81.25 N/A 76.66 75.39

Text Model

Word2Vec 70.27 39.37 48.58 34.33
GloVe 80.71 63.64 71.01 69.81
ELMo 86.78 80.46 81.97 81.15
BERT 86.92 80.71 82.46 81.77
RoBERTa 87.08 81.34 85.35 84.85

MAN
GloVe 81.58 79.29 78.29 76.96
ELMo 84.66 83.09 81.41 80.44
Ensemble 86.21 84.33 85.00 84.25

KGAP GRGCN 89.56 84.94 86.02 85.52

KCD
GA 88.52 84.13 86.02 85.53
CA 89.77 85.26 81.28 80.39
PA 90.87 87.87 87.38 87.14

KCD (PA) - w/o TC 88.22 83.53 86.08 85.58
- w/o KW 87.29 81.77 85.51 85.00

Table 2: Political perspective detection performance on
two benchmark datasets. Acc and MaF denote accuracy
and macro-averaged F1-score. N/A indicates that the
result is not reported in previous works. TC and KW
indicate textual cues and knowledge walks respectively.

4.4 Experiment Results
We present model performance on two benchmark
datasets in Table 2, which demonstrates that

• KCD, especially with the PA aggregation strat-
egy, consistently outperforms state-of-the-art
methods on both benchmark datasets.

• KGAP and KCD, which incorporate knowledge
graphs, outperform other baselines. This indi-
cates that external knowledge is essential in pro-
viding background information and political con-
text to analyze ideological perspectives. KCD
without textual cues performs better than base-
line methods except KGAP and performs close
to KGAP. These suggests that KGAP’s method
of infusing knowledge as HIN nodes and our
method of infusing knowledge as knowledge
walks are both effective.

• PA outperforms CA and GA on both datasets,
which suggests that the aggregation strategy is
important since subsidiary nodes like textual cues
may result in noise. As a result, we should focus
on paragraph nodes in our heterogeneous infor-
mation networks.
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Figure 3: Our approach’s performance when the maxi-
mum length of knowledge walk generation is specified
from 1 to 10 knowledge graph triples.

• Removing textual cues and knowledge walks
in KCD result in substantial performance drop,
which demonstrates the effectiveness of textual
cues and knowledge walks.

In the following, we examine the effect of knowl-
edge walks and textual cues in our approach. We
also explore how our approach performs with lim-
ited data compared to baseline methods.

4.5 Knowledge Walks Study

We propose knowledge walks, an approach to con-
duct multi-hop reasoning on knowledge graphs and
inject them into textual representations. We study
the effect of knowledge walk length and knowledge
infusion strategies on our model’s performance.

4.5.1 Knowledge Walks Length
Our proposed knowledge walks could be of any
length, where shorter walks provide more con-
densed knowledge and longer walks provide more
diverse knowledge. To examine the effect of knowl-
edge walk length, we generate 5,0884 knowledge
walks of 1 to 10 triples and present model per-
formance in Figure 3. It is illustrated that longer
knowledge walks (8 or 9 for SemEval, 7 or 8 for
Allsides) perform better than shorter ones, indicat-
ing the necessity of multi-hop knowledge reasoning
in the task of political perspective detection.

4.5.2 Knowledge Infusion Strategy
We propose a two-step approach to infuse multi-
hop knowledge reasoning into textual representa-
tions of news articles:

4so that there is a knowledge walk beginning with every
possible (entity, relation) in the knowledge graph.
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Figure 4: Model performance with different knowledge
infusion strategies at two aggregation steps. The hori-
zontal and vertical axis represent the first and second
aggregation. hk denotes multi-head attention with k
heads, mp and ap stand for max and average pooling.

• First Aggregation: We firstly aggregate different
generated knowledge walks based on semantic
relevance in Equ. (5) and Equ. (6).

• Second Aggregation: We then use multi-head
attention to aggregate all paragraphs and knowl-
edge representations with Equ. (7) and Equ. (8).

To examine the effect of our knowledge infusion
strategy, we substitute these two aggregation steps
with different multi-head attention settings as well
as max and average pooling. Results in Figure 4
demonstrate significant performance difference on
the horizontal axis. This suggests that our seman-
tic relevance-based knowledge walks aggregation
strategy in Equ. (5) and Equ. (6) successfully filters
out irrelevant knowledge reasoning and contributes
to model performance. Besides, according to the
vertical axis, our adopted multi-head attention in
Equ. (7) and Equ. (8) is generally effective and
does not rely on specific attention head settings.

4.6 Textual Cues Study

We propose to leverage semantic, syntactic and en-
tity textual cues as paragraph-level labels to lever-
age implicit indicators in news articles for political
perspective detection. To examine the effectiveness
of these textual cues, we randomly remove them
with probability p and present model performance
in Figure 5. It is illustrated that:
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Figure 5: Model performance when five different types of textual cues are gradually removed.

• A performance boost is observed between 0%
and 100% for all five textual cues, suggesting the
necessity of modeling implicit textual indicators.
Besides, adding only part of textual cues some-
times leads to a decrease in performance, which
implies that incomplete cues may be counter-
productive and introduce noise.

• Among five different cues, entity and quotation
cues contribute more to model performance than
others. This suggests some implicit textual cues
are more important than others in analyzing the
ideological perspectives of news articles.

• The effect of textual cues is larger on the dataset
SemEval, which is significantly smaller than All-
sides. This suggests that we alleviate the data-
hungry problem by introducing diversified tex-
tual cues as paragraph-level labels and contribute
to model performance.

4.7 Data Efficiency Study
As Li and Goldwasser (2021) point out, supervised
data annotations could be difficult and expensive to
obtain for the task of political perspective detection
in news media. Our proposed knowledge walks
and textual cues serve as additional information
and might help mitigate this issue. To examine
whether we have achieved this end, we train KCD,
KGAP (Feng et al., 2021a) as well as various text
models with reduced training sets of SemEval and
Allsides. Results in Figure 6 demonstrate that

• KCD has better data efficiency and achieves
steady performance with smaller training sets.
This observation is especially salient on Allsides
where the news articles are longer (Li and Gold-
wasser, 2021), thus more knowledge walks and
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Figure 6: Model performance when KCD and various
competitive baselines are trained with 10% to 100% of
the training set on SemEval and Allsides.

textual cues could be extracted and incorporated
to alleviate data dependence.

• Both KCD and KGAP leverage external knowl-
edge and are more robust to reduced datasets.
Our approach further leverages textual cues and
has better data deficiency. This suggests that a
solution to limited data could be incorporating
information in addition to news content.

• With only 10% training set, KCD outperforms
all baselines by at least 5.68% and 9.71% in ac-
curacy on two datasets. This suggests that our ap-
proach is simple, effective, and not data-hungry
under limited data settings.

5 Conclusion

In this paper,we propose KCD, a political perspec-
tive detection approach that reasons with multi-hop
external knowledge and leverages diversified im-
plicit textual indicators. We firstly generate multi-
hop knowledge walks, dynamically aggregate them
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based on semantic relevance and infuse into news
text representations. We then construct a het-
erogeneous information network to jointly model
knowledge-enriched news content and diversified
textual cues as paragraph-level labels. Finally, we
learn graph representations with relational graph
neural networks under different aggregation set-
tings and conduct political perspective detection as
graph-level classification. Extensive experiments
demonstrate that our approach consistently outper-
forms state-of-the-art baselines on two benchmark
datasets. Further experiments also bear out the
necessity of knowledge walks and textual cues in
modeling political perspectives in news media.
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A Limitations

Our proposed model has two minor limitations:

• We propose to model news articles with hetero-
geneous information networks. This graph-based
approach might not fit well with shorter news arti-
cles with only a few paragraphs. This issue might
be addressed by using sentence nodes instead of
paragraph nodes for shorter articles.

• For very large knowledge graphs with many dif-
ferent types of relations, it might be hard for do-
main experts to help set p(r) for every knowledge
graph relation. This issue might be addressed by
only setting a larger p(r) for several important
rs according to domain expert.
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Dataset # Articles # Class Class Distribution

SemEval 645 2 407 / 238
Allsides 10,385 3 4,164 / 3,931 / 2,290

Table 3: Details of two datasets SemEval and Allsides.

Datasets Setting Acc MaF

SemEval
GA 88.62± 0.32 83.86± 0.27
CA 89.30± 0.24 84.85± 0.30
PA 89.90± 0.68 86.11± 1.18

AllSides
GA 84.88± 2.90 84.31± 2.96
CA 79.85± 2.58 79.41± 2.56
PA 87.17± 0.24 86.72± 0.35

Table 4: Average performance and standard deviation
of three different aggregation strategies for five runs.

B Dataset Details

We used the same datasets as in previous works (Li
and Goldwasser, 2019, 2021; Feng et al., 2021a),
namely SemEval (Kiesel et al., 2019) and Allsides
(Li and Goldwasser, 2019). We follow the same
10-fold setting for SemEval and 3-fold setting for
Allsides (Li and Goldwasser, 2021). We use the
exact same folds so that the results are directly com-
parable. A minor difference would be that we have
to discard a few news articles on Allsides since
their urls have expired and we could not retrieve
their original news article. We report the statistical
information of SemEval and Allsides in Table 3.

C Computation Details

C.1 Computational Resources
Our proposed approach has a total of 7.8M learn-
able parameters. It takes approximately 0.7 and 1.6
GPU hours to train our approach on two datasets
respectively. We train our model on one Titan X
GPU with 12GB memory.

C.2 Experiment Runs
We run our approach with three different aggrega-
tion strategies five times and report the average
accuracy and macro F1-score with standard devi-
ation in Table 4. For experiments in Section 4.5,
4.6 and 4.7, we do not have enough computational
resources to run five times, thus we report the per-
formance of a single run.

D Scientific Artifact Usage

We provide additional details about used scientific
artifacts and specifically how we used them.

• NLTK (Bird et al., 2009): We use NLTK to ex-
tract the tense of news articles. Specifically, we
first use NLTK POS-tagger to process new para-
graphs and attach speech tag to each word. Then
we align verb tags with NLTK tagset to identify
the tense of paragraphs.

• BertTopic (Grootendorst, 2020): We use Bert-
Topic to mine the topics of news corpus. Specif-
ically, we use BertTopic topic model to learn
dataset-specific topic models. For SemEval we
obtained 197 topics and for Allsides we obtained
1225 topics. Next, we predict topics for each
news paragraph. Each topic consists of ten topic
words with scores and we select the top five to
serve as the news paragraph’s topic.

• Huggingface Transformers (Wolf et al., 2020):
We use the pipeline module for sentiment analy-
sis. Specifically, we use the sentiment analysis
API in the text classification pipeline to generate
a sentiment label and score for news paragraphs.
We then use the sentiment label as the sentiment
cues for news paragraphs.

• TagMe (Ferragina and Scaiella, 2012): We use
TagMe to align news articles with entities in the
knowledge graph. Specifically, we use TagMe to
annotate named entities in news paragraphs and
save the entities with a score higher than 0.1 for
further alignment. We then calculate the similar-
ity score between TagMe annotated entities and
political knowledge graph entities. We recognize
the entities with a score higher than 0.9 as entity
cues in our constructed HIN.

• Political knowledge graph (Feng et al., 2021a):
We use the political knowledge graph collected
in Feng et al. (2021a) for external knowledge in
political perspective detection.

• OpenKE (Han et al., 2018): We use OpenKE
to train TransE (Bordes et al., 2013) knowledge
graph embeddings for the political knowledge
graph. Specifically, we set the TransE hidden
size to 768 and train the model with other default
hyperparameters in OpenKE.
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Abstract

Deep learning for Information Retrieval (IR)
requires a large amount of high-quality query-
document relevance labels, but such labels
are inherently sparse. Label smoothing re-
distributes some observed probability mass
over unobserved instances, often uniformly,
uninformed of the true distribution. In con-
trast, we propose knowledge distillation for in-
formed labeling, without incurring high com-
putation overheads at evaluation time. Our
contribution is designing a simple but ef-
ficient teacher model which utilizes collec-
tive knowledge, to outperform state-of-the-
arts distilled from a more complex teacher
model. Specifically, we train up to ×8 faster
than the state-of-the-art teacher, while distill-
ing the rankings better. Our code is pub-
licly available at https://github.com/
jihyukkim-nlp/CollectiveKD.

1 Introduction

Facilitated by recent developments in pre-trained
language models (PLM) such as BERT (Devlin
et al., 2019), neural ranking models have seen
significant improvements in effectiveness (Yates
et al., 2021). Neural ranking models can be cat-
egorized into two major groups: Cross-encoders
and bi-encoders, which jointly or separately en-
code a query q and a passage p, respectively. While
the former shows stronger performance, the lat-
ter makes the passage representations indexable
and thus enables efficient retrieval supported by
approximated nearest neighbor (ANN) search, e.g.,
FAISS (Johnson et al., 2019). In this work, target-
ing web-scale retrieval, we follow the bi-encoder
design and adopt the state-of-the-art bi-encoder,
ColBERT (Khattab and Zaharia, 2020) as our tar-
get retriever.

While label supervision has a critical role in
training bi-encoders, only incomplete labels are

∗Corresponding author.

Training strategy KD capacity Efficiency

Standard KD 4(cross-encoder) 8

Self-KD 8(bi-encoder) 4

Ours
Collective Self-KD 4(collective bi-enc) "

Table 1: Comparison of existing KD approaches with
ours. Teacher for each method denoted in parentheses.

available in benchmark training datasets due to the
prohibitive cost of exhaustive human annotation
of large-scale passage corpora. As a prominent
example, in MSMARCO (Nguyen et al., 2016)
training dataset, the number of labeled relevant
passages per query averages only 1.1, among 8.8M
passages. In contrast, in TREC-DL 2019 (Craswell
et al., 2020) which provides complete annotations
for a select number of queries on the same pas-
sage collection, the same value is 58.2, indicating
that significant amounts of relevant passages can
remain unlabeled in MSMARCO. Meanwhile, we
stress that the problem of incomplete labels ob-
served from benchmark datasets gets worse in real-
life retrieval tasks, where new relevant documents
are constantly added without annotation.

Existing work addressing incomplete labels can
be categorized into uninformed smoothing and in-
formed labeling. Uninformed smoothing redis-
tributes the observed probability mass uniformly
over the unobserved, and has been shown to im-
prove model calibration and prediction (Szegedy
et al., 2016; Müller et al., 2019). However, given
diverse topics in the passage corpora, uniform
smoothing does not accurately reflect the true dis-
tribution. Alternatively, informed labeling distills
knowledge from a trained model, evaluating the
relevance of a q-p pair, to assign a higher proba-
bility to an unlabeled pair with a higher estimated
relevance, also known as knowledge distillation
(KD) (Hinton et al., 2015).

Table 1 contrasts two existing KD strategies with
different teachers – cross- and bi-encoders – and
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q Is caffeine a narcotic?

p1 An opioid is sometimes called a
(relevant) narcotic. The combination of aspirin,

butalbital, caffeine, and codeine is
used to treat tension headaches. ...

p2 The combination of acetaminophen,
(relevant) butalbital, and caffeine is used to

treat tension headaches ...

p3 ... Caffeine is a considered a safe
(non-relevant) ingredient. It is stimulant that excites

the nerve cells of the brain ...
q̃ (collective treat tension headaches

knowledge) | combination | butalbital

Table 2: A query q with top-3 passages p[1/2/3] ranked
by ColBERT. Key query terms are denoted in bold, and
collective centroids q̃ of p[1/2/3] are italicized.

positions our proposed KD approach. Standard
KD approaches adopt a high-capacity teacher, e.g.,
cross-encoder, to teach a bi-encoder student, e.g.,
ColBERT (Hofstätter et al., 2020). However, the
cross-encoder teacher sacrifices efficiency, requir-
ing BERT encodings to be recomputed for each
possible q-p pair. Alternatively, student and teacher
can have equal capacity (Furlanello et al., 2018),
by adopting a bi-encoder teacher, i.e., in a self-
knowledge distillation setting (self-KD). However,
while increasing efficiency due to independent en-
coding of q and p, the bi-encoder teacher provides
little additional knowledge to the student. Our con-
tribution is devising a more informed bi-encoder
teacher achieving both high capacity and efficiency.

To augment capacity without sacrificing effi-
ciency, our distinction is utilizing a set of rele-
vant passages from the bi-encoder teacher as col-
lective knowledge. To illustrate, in Table 2, we
show a query q, along with a set of three passages
Fq = {p1, p2, p3}, labeled as relevant by ColBERT.
Considered individually, each passage may be mis-
takenly judged as relevant to the query, e.g., p3.
Instead, we consider Fq collectively, identifying
their representative semantics, or collective cen-
troid q̃. Next, we treat q ∪ q̃ as if it were a query,
and redistribute relevance labels based on the sim-
ilarity to q ∪ q̃, such that relevant passages (e.g.,
{p1, p2}) and non-relevant passages (e.g., {p3})
can be discriminated. We henceforth denote our
ColBERT teacher leveraging collective knowledge
as collective bi-encoder.

We validate the effectiveness of our proposed
collective bi-encoder for KD, comparing retrieval
efficacy with existing models on the TREC and
MSMARCO datasets. While achieving the state-of-

the-art performance, we train up to ×8 times faster
than existing KD that uses cross-encoder teachers.

2 Approach

Taking the state-of-the-art bi-encoder ColBERT as
our target retriever (§2.1), our goal is to tackle the
problem of incomplete labels during training (§2.2).
To do so, we devise a stronger ColBERT teacher
that leverages collective knowledge to refine rele-
vance labels that are transferred to the ColBERT
student via KD (§2.3).

2.1 Baseline: ColBERT

While following a bi-encoder design to enable p to
be indexed offline, ColBERT additionally models
term-level interactions between separately encoded
q, p term representations (called late-interaction)
to leverage exact-match signals as in cross-encoder.

Specifically, terms in q, p are first encoded using
BERT, as contextualized representations q,p ∈
R768, then q-p relevance φq(p) is computed by ag-
gregating similarity between the terms in q, p:

φq(p) =
∑

i∈[1,|q|]
max
j∈[1,|p|]

(Wqi)
>(Wpj), (1)

where |q|, |p| denote the number of tokens in q,
p respectively, and W ∈ R128×768 compresses
features for efficient inner-product computation.

Our goal is to improve training by addressing the
challenge of incomplete labels, which we discuss
in the following subsection.

2.2 Challenge: Incomplete Labels

We formally revisit the challenge of incomplete la-
bels in IR. Given complete labels on true relevance,
φ∗q , the correlation between φq and φ∗q can be in-
creased via an objective L using KL-divergence.

Rq(p) = softmax(φq(p)) (2)

L = −
∑

p′∈P
R∗q(p′) log

Rq(p′)
R∗q(p′)

, (3)

where R∗q denotes a probability distribution ob-
tained by normalizing φ∗q . Let us now consider the
scenario of incomplete label supervision: The stan-
dard training approach would approximateR∗q as
R∗q(p+) = 1 for a labeled positive p+, andR∗q(p−)
= 0 for the others by assuming them to be negatives
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{p−}:

L = − logRq(p+) (4)

= − log
eφq(p

+)

eφq(p
+) +

∑
p− e

φq(p−)
, (5)

where, in the official train samples of MSMARCO,
p− is randomly sampled from the top-1000 ranked
passages by BM25 given q as a query. Our claim
is that, in the case of incomplete labels, where the
number of unlabeled p+ becomes larger, this as-
sumption causesR∗q to be poorly approximated.

2.3 Proposed: Collective Self-KD

To better estimate R∗q(p), we utilize collective
knowledge, introduced in Section §1. Collective
knowledge makes it possible to distill residual rel-
evance knowledge between teacher and student,
leading to a high degree of efficiency.

As illustrated in Table 2, our collective bi-
encoder teacher first obtains the collective centroid
q̃ from top-ranked passages to expand q to q ∪ q̃.
Given q∪ q̃, the collective knowledge of the teacher
is reflected in the updatedR∗q(p), which is now ap-
proximated as Rq∪q̃(p), the similarity between p
and q ∪ q̃. In practice, we implement our teacher
using the recently proposed ColBERT-PRF (Wang
et al., 2021), which uses PRF for query expansion
(at test time) by using top-ranked passages from
ColBERT as pseudo-relevance feedback (PRF).

Our distinction is leveraging PRF for labeling
(at train time) to augment the capacity of bi-encoder
teacher. This is an important distinction, as it pro-
vides substantial benefits as follows: (1) Train-time
PRF is more reliable than test-time PRF, since at
test time, the initial ranking is less accurate for
novel queries that have not been observed during
training. (2) Train-time PRF additionally provides
hard negatives (Xiong et al., 2021) (e.g., p3 in Ta-
ble 2), as by-products of the initial ranking from
ColBERT, producing better {p−} for training. With
the goal of distilling collective knowledge while
preserving test time efficiency, we now describe
in detail the operation of our collective bi-encoder
teacher, andR∗q(p) estimation process.

2.3.1 Collective Knowledge Extraction
As a preliminary, we pre-train a ColBERT model
using Eq (5) and use it to rank passages in the
collection for each q, producing a ranking Πq =

{pl}|P|l=1 where l and |P| denotes the rank of each

passage and the size of the passage collection, re-
spectively. From these, we obtain the top-fp ranked
passages, as feedback passages Π

l≤fp
q = {pl}fpl=1.

To extract collective knowledge present in Π
l≤fp
q ,

we apply k-means clustering on the token em-
beddings in Π

l≤fp
q , i.e., {Wpli}∀l∈{1,fp},∀i∈{1,|pl|},

producing fc centroid embeddings Cq =

{cq,m}fcm=1. Then, in order to sift out trivial knowl-
edge, discriminative embeddings among Cq are fur-
ther filtered. More precisely, we sort the centroids
in Cq, by the IDF score of the token that is the near-
est neighbor, among the entire passage collection,
to each cq,m. According to these IDF scores, we
select the top-fe embeddings among Cq as the final
collective centroid embeddings, i.e., vector repre-
sentations for q̃, denoted by Eq = {eq,n}fen=1 ⊂ Cq.

Finally, to obtain the improved approximation
ofR∗q viaRq∪q̃(p), the similarity between Eq and
p is added to φq(p) in Eq (1):

R∗q(p) ≈ softmax(φq(p)

+ β
∑

n∈[1,fe]
σq,n max

j∈[1,|p|]
e>q,n(Wpj)), (6)

where σq,n is the IDF of the nearest neighbor to-
ken of eq,n, weighing the contribution of each
eq,n in terms of discriminability, and β is a hyper-
parameter controlling overall contribution. Note
that, we can reuse the collective centroids for es-
timating the R∗q(p) of any p, avoiding redundant
BERT encoding.

2.3.2 Collective Knowledge Distillation
We now propose efficient distillation strategies for
teachingR∗q to the student, where we leverage the
fact that the student and the teacher share the iden-
tical architecture design. For efficient KD, we let
our student inherit most of the knowledge through
the parameters of the teacher, by initializing the
student’s parameters with those of the pre-trained
ColBERT, denoted by θ. Since θ already captures
Rq, the knowledge distillation ofRq∪q̃ can be sim-
plified as distilling residual relevance, i.e.,Rq̃, to
the student.

Meanwhile, when using θ for initialization, p−

sampled by BM25 now becomes a trivial negative
that can be easily discriminated by θ. To learn
additional knowledge, we introduce hard negatives,
by utilizing the initial ranking Πq from the pre-
trained ColBERT. Specifically, we replace the pool
of p− with top-100 ranked passages Πl≤100

q , so as
to improve top-ranking performance of the student.
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Retriever
MSMARCO Dev TREC Passages 2019 TREC Passages 2020 MRT

MRR@10 Recall@1k NDCG@10 Recall@1k NDCG@10 Recall@1k (ms)

ColBERT-PRF Ranker (β = 0.5) 0.334 0.974 0.776 0.899 0.732 0.910
3035

ColBERT-PRF Ranker (β = 1.0) 0.317 0.965 0.766 0.885 0.704 0.900

ColBERT (a) 0.367 0.967 0.700 0.837 0.675 0.854

1299

ColBERT-HN (b) 0.374 0.969 0.741 0.838 0.700 0.867
Self-KD (c) 0.367 0.968 0.705 0.833 0.704 0.839
Standard KD; CE (d) 0.373 0.967 0.715 0.791 0.696 0.829
Standard KD; CE-3 (e) 0.378 0.963 0.717 0.793 0.684 0.824
(ours) Collective Self-KD (β = 0.5) 0.386a,b,c,d 0.972a,b,c,d,e 0.744 0.843 0.724 0.874e

(ours) Collective Self-KD (β = 1.0) 0.384a,c,d 0.974a,b,c,d,e 0.751 0.868 0.721 0.883e

Table 3: “CE” and “CE-3” denote a single and an ensemble of three cross-encoder teachers, respectively. MRT
denotes Mean Response Time (ms) per query. Those outperforming all baselines except ColBERT-PRF are
underlined, and the best shown in bold. Superscripts denote statistical significance with paired t-test over the
indicated baselines (p < 0.05).

3 Experiments

3.1 Experimental Settings

We conduct our experiments by trainining retriev-
ers using the MSMARCO training dataset, and
evaluating on the MSMARCO Dev and TREC-
DL 2019/2020 datasets, which provide binary and
graded relevance labels, respectively. For TREC-
DL datasets, we adopt grade 2 as the binary cut-off.
For evaluation metrics, we report MRR@10 for
MSMARCO and NDCG@10 for TREC-DL, and
Recall@1000 for both. We also report the per query
mean response time (MRT) of retrievers. The re-
sults are from a single run.

3.2 Dataset Details

MSMARCO (Nguyen et al., 2016)1 is a passage
ranking dataset initially introduced for reading
comprehension and subsequently adopted for re-
trieval. The collection consists of 8.8M passages,
obtained from the top-10 search results retrieved
by the Bing search engine, in response to 1M real-
world queries. The training and evaluation sets
contain approximately 500,000 queries and 6,980
queries, respectively, with roughly one relevant pos-
itive passage label per query, with binary relevance
labels.

TREC-DL 2019/2020 (Craswell et al., 2020,
2021) datasets are provided by the passage ranking
task of the 2019 and 2020 TREC Deep Learning
tracks, providing densely-judged annotations of 43
and 54 queries, respectively. They share the same
passage pool as MSMARCO, and there are 215/211

1MSMARCO is intended for non-commercial research
purposes. Refer to https://microsoft.github.io/msmarco for
further details.

human relevance annotations per query. The rele-
vance judgments are graded on a four-point scale:
Irrelevant, Related, Highly Relevant, and Perfectly
Relevant.

3.3 Results
In this section, we validate the effectiveness of
our collective self-KD with ColBERT as our target
retriever. The results of ranking experiments are
reported in Table 3.

Baselines We compare several different training
strategies: training using incomplete labels (i.e., by
Eq (5)) or using better approximation ofR∗ from
a teacher. For the former, we report results from
different {p−}: ColBERT trained using top-1000
ranked passages by BM25 (ColBERT) and Col-
BERT further fine-tuned using Πl≤100

q (ColBERT-
HN). For the latter, we compare different teachers:
(1) an identically parameterized teacher (Self-KD),
(2) a cross-encoder adopting BERT-Base encoder
(Standard KD; CE), (3) an ensemble of three
cross-encoders with different PLMs, i.e., BERT-
Base, BERT-Large, and ALBERT-Large (Lan et al.,
2019), (Standard KD; CE-3), and finally (4) our
collective bi-encoder teacher (Collective Self-KD).
For relevance labels from cross-encoder teachers,
we used open-sourced data by (Hofstätter et al.,
2020)2. Analysis on estimated R∗ from different
teachers can be found in Appendix A.1. For val-
ues of (fp, fc, fe, β), we set (fp=3, fc=24, fe=10)
and ran experiments with β = 0.5 and β = 1.0,
by referring to the reported results in Wang et al.
(2021). For further analysis on (fp, fc, fe, β),
see Appendix A.2. In addition, we also compare
ColBERT-PRF Ranker with β = 0.5 and β = 1.0.

2https://zenodo.org/record/4068216

4144

https://zenodo.org/record/4068216


Ranking Performance By leveraging PRF to
augment query contexts, ColBERT-PRF shows
strong performance, outperforming the others on
TREC-DL datasets. Meanwhile, on MSMARCO
Dev queries, ColBERT-PRF shows comparable or
higher recall but lower MRR@10, compared to
ColBERT. This is a well-known limitation of PRF
for sparse query datasets, such as MSMARCO eval-
uation dataset with a few relevant documents (1.1
per query) (Amati et al., 2004).

Among ColBERT retrievers, as expected, basic
self-KD fails to improve performance. For Col-
BERT students distilled from cross-encoder teach-
ers, Recall@1k shows marginal difference on MS-
MARCO Dev, and decreases on the TREC-DL
datasets. Our teacher is the most effective for KD,
where our student outperforms the others on all
metrics. As a result, our student shows closest per-
formance to ColBERT-PRF. This indicates collec-
tive knowledge from PRF helps to better labeling
relevance and our collective self-KD effectively
transfers collective knowledge to our student.

Importantly, our method produces a much more
efficient student than ColBERT-PRF, by distilling
collective knowledge into the parameters of the stu-
dent, resulting in a 3-fold reduction of MRT. More
specifically, recall that ColBERT-PRF performs
PRF at evaluation time, and thus performs two
rounds of retrieval (one using q and the other using
q ∪ q̃), increasing latency approximately two fold.
Furthermore, obtaining q̃ from PRF requires addi-
tional online computation at evaluation time. In
contrast, we transfer such computations to training
time for relevance labeling, eliminating all over-
heads at evaluation time.

Training Efficiency We compare training effi-
ciency between our collective self-KD and stan-
dard KD using cross-encoder teachers. On the
same device3, we measured elapsed times for the
annotation phase of relevance labels via teacher,
and student training phase using the labels.

In annotation phase, for a single cross-encoder
teacher using a BERT-Base encoder, obtainingR∗
takes roughly 40 hours. For a teacher using a BERT-
Large encoder, this time increases to 90 hours, and
for ALBERT-Large encoder, to 110 hours. When
ensembling cross-encoder teachers, the cost is com-
pounded. In contrast, our teacher takes only 15

3We used a single GeForce RTX 3090 GPU with 24 GiBs
of memory, on a server which has 187 GiBs of RAM, and two
Intel Xeon Gold 6254 CPUs, each with 18 physical cores.

hours for obtaining collective knowledge, i.e., Eq
along with σn in Eq 6, indicating a speedup be-
tween ×2.67 ∼ ×16. Such efficiency gain comes
from the difference in the encoding phase. More
precisely, given |Q| queries and |D| documents,
cross-encoder spends quadratic complexity for en-
coding, e.g., |Q| × |D| BERT encoding, while our
teacher adopting bi-encoder design only spends lin-
ear complexity, e.g., |Q|+ |D| BERT encoding. As
a result, cross-encoder teachers do not scale to real-
world retrieval tasks, for labeling large numbers of
queries/documents.

For training student, we enable efficient train-
ing via informed initialization. As a result, time
consumed for training student only takes 20 hours,
whereas the same value was around 50 hours in
standard KD, indicating an overall speedup of×2.5.
In total, our collective self-KD is at least ×2.5
faster and up to ×8 faster than standard KD ap-
proaches.

4 Conclusion and Future Work

We study collective relevance labeling to overcome
incomplete labels in passage retrieval. Our ap-
proach bypasses the computational overhead as-
sociated with PRF, leading to a state-of-the-art stu-
dent retriever without sacrificing efficiency. We
validate the effectiveness of our method over exist-
ing approaches on the MSMARCO and TREC-DL
Passage Ranking datasets.

As future work, we consider zero-shot transfer.
While our collective self-KD effectively distills
knowledge, one requirement we have is to boot-
strap the collective knowledge with a good initial
ranking model. As it usually requires some form
of label supervision to train such a model, the case
where no initial supervision is available, may be
considered a limitation of our method. We believe
bootstrapping an effective self-KD without any su-
pervision is a promising direction.
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A Appendix

A.1 Analysis onR∗q approximated by
different teachers

Given the top-100 passages ranked by the pre-
trained ColBERT, i.e., Πl≤100

q , the goal of our
teacher is to obtain better relevance boundary
through collective knowledge, by which unlabeled
positives can be discriminated from true negatives.
To analyze the reliability of relevance boundary
from the teacher, we evaluate how well the teacher
classifies positives among the top-100 passages, us-
ing TREC 2019 that provides complete relevance
labels.

Figure 1 shows trade-offs between precision and
recall when applying different thresholds on φq.
We set different cut-offs on graded relevance for
deciding positive passages. For example, in the left
most figure with boundary 1, we treat passages with
labeled relevance 1,2,3 as positives and 0 as nega-
tives. As baselines, we compare our collective bi-
encoder teacher with the pretrained ColBERT, and
a cross-encoder teacher, monoBERT4 (Nogueira

4https://github.com/castorini/pygaggle/
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Performance Metric
fp fc fe β

1 3 5 12 24 5 10 0.5 1.0

NDCG@10 0.651 0.703 0.702 0.717 0.703 0.700 0.703 0.710 0.703
Recall@1k 0.843 0.842 0.849 0.846 0.842 0.844 0.842 0.848 0.842

Table 4: Ranking performance of our collective bi-encoder teacher under different configurations.

Collective bi-encoder (ours) Collective bi-encoder (ours)

Collective bi-encoder (ours)

Cross encoder
ColBERT ColBERT

ColBERT

Cross encoder

Cross encoder

Figure 1: Precision-recall curves on TREC 2019 with different thresholds on predicted/labeled relevance scores.
From the left to the right, we gradually increase the threshold of the labeled relevance that decides which passages
are positive passages.

et al., 2019). Better precision-recall curves should
bow towards the top right corner.

For the cut-offs of 1 and 2, we observed little
differences between retrievers. For example, when
retrievers are tasked to classify non-relevant pas-
sages with relevance label 0 and the others (the left
most figure), all retrievers show 100% recall with
near 80% precision. In contrast, for the cut-off of
3 (the rightmost figure), our teacher shows much
better trade-offs compared to the others. For ex-
ample, collective bi-encoder teacher shows near
50% precision to achieve 10% recall, while the oth-
ers show 20% precision to achieve the same recall.
The noticeable drop of precision for both ColBERT
and cross-encoder in low (<0.5) recall regimes indi-
cate that these models have difficulty distinguishing
moderate relevance (1, 2) from perfect relevance
(3), that is, they are not well calibrated to distin-
guish between those two groups. On the other
hand, our teacher’s refinement of q through collec-
tive knowledge is effective in calibrating relevance,
to finely reflect the distinction between perfectly
relevant passages and the others.

A.2 Analysis on (fp, fc, fe, β)

Exploring ranking performance of students under
all different configurations of (fp, fc, fe, β) is ex-
pensive. Instead, the optimal configuration can
be decided by ranking performance of the teacher.
Here, we explore fp ∈ {1, 3, 5}, fc ∈ {12, 24},
fe ∈ {5, 10}, and β ∈ {0.5, 1.0}. Meanwhile, ac-

cording to reported results by (Wang et al., 2021),
(fp = 3, fc = 24, fe = 10, β ∈ {0.5, 1.0}) shows
strong performance. Thus, instead of testing all
different configurations, we set (fp = 3, fc =
24, fe = 10, β = 1.0) as default values, and
change one variable at a time. When evaluating
teachers using TREC-DL 2019 dataset, We found
similar results to (Wang et al., 2021) (Table 4).

4147



Proceedings of the 2022 Conference of the North American Chapter of the Association for Computational Linguistics:
Human Language Technologies, pages 4148 - 4164

July 10-15, 2022 ©2022 Association for Computational Linguistics

COGMEN: COntextualized GNN based Multimodal Emotion recognitioN

Abhinav Joshi Ashwani Bhat
Ayush Jain Atin Vikram Singh Ashutosh Modi

Indian Institute of Technology Kanpur (IIT-K)
{ajoshi, ashutoshm}@cse.iitk.ac.in

{ashubhat44}@gmail.com
{aayushj, atinvs}@iitk.ac.in

Abstract

Emotions are an inherent part of human inter-
actions, and consequently, it is imperative to
develop AI systems that understand and rec-
ognize human emotions. During a conversa-
tion involving various people, a person’s emo-
tions are influenced by the other speaker’s ut-
terances and their own emotional state over the
utterances. In this paper, we propose COntex-
tualized Graph Neural Network based Multi-
modal Emotion recognitioN (COGMEN) sys-
tem that leverages local information (i.e., in-
ter/intra dependency between speakers) and
global information (context). The proposed
model uses Graph Neural Network (GNN)
based architecture to model the complex de-
pendencies (local and global information) in
a conversation. Our model gives state-of-the-
art (SOTA) results on IEMOCAP and MOSEI
datasets, and detailed ablation experiments
show the importance of modeling information
at both levels.

1 Introduction

Emotions are intrinsic to humans and guide their be-
havior and are indicative of the underlying thought
process (Minsky, 2007). Consequently, understand-
ing and recognizing emotions is vital for develop-
ing AI technologies (e.g., personal digital assis-
tants) that interact directly with humans. During a
conversation between a number of people, there is
a constant ebb and flow of emotions experienced
and expressed by each person. The task of multi-
modal emotion recognition addresses the problem
of monitoring the emotions expressed (via various
modalities, e.g., video (face), audio (speech)) by
individuals in different settings such as conversa-
tions.

Emotions are physiological, behavioral, and
communicative reactions to cognitively processed
stimuli (Planalp et al., 2018). Emotions are of-
ten a result of internal physiological changes, and

It's a relief too. I mean I was thinking I was going to have to
pack up all of my stuff but yeah. Hooray for U.S.C.

Yeah. Big time.

Mmhmm. Mmhmm. Yay. So what major? What are you doing?

Yeah. I'm not sure.

I know. We should throw a party.

A rapper party ho. Yeah. Okay.

I am just- Yeah. I'm sticking around, I'm just doing my thing. I'm
living here. I'm so glad you're going to stay, I'm so glad you're

going to be here. Yeah. Woo.

Umm...P.h.D. [LAUGHTER]

That's good. Don't you have to like teach a class, too, when you do that?

Speaker-1 Speaker-2
Conversation Instance taken from

IEMOCAP Dataset

Is this a Masters or a P.h.D.? Or can you...? Nice

Excited

Excited

Excited

Excited

Excited

Excited

Happy

Excited

Neutral

Neutral

Figure 1: An example conversation between two speak-
ers, with corresponding emotions evoked for each utter-
ance.

these physiological reactions may not be notice-
able by others and are therefore intra-personal. For
example, in a conversational setting, an emotion
may be a communicative reaction that has its ori-
gin in a sentence spoken by another person, acting
as a stimulus. The emotional states expressed in
utterances correlate with the context directly; for
example, if the underlying context is about a happy
topic like celebrating a festival or description of
a vacation, there will be more positive emotions
like joy and surprise. Consider the example shown
in Figure 1, where the context depicts an excit-
ing conversation. Speaker-1 being excited about
his admission affects the flow of emotions in the
entire context. The emotion states of Speaker-2
show the dependency on Speaker-1 in U2,U4 and
U6, and maintains intra-personal state depicted in
U8 and U10 by being curious about the responses
of Speaker-1. The example conversation portrays
the effect of global information as well as inter
and intra dependency of speakers on the emotional
states of the utterances. Moreover, emotions are a
multimodal phenomenon; a person takes cues from
different modalities (e.g., audio, video) to infer
the emotions of others, since, very often, the in-
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formation in different modalities complement each
other. In this paper, we leverage these intuitions
and propose COGMEN: COntextualized Graph
neural network based Multimodal Emotion recog-
nitioN architecture that addresses both, the effects
of context on the utterances and inter and intra de-
pendency for predicting the per-utterance emotion
of each speaker during the conversation. There has
been a lot of work on unimodal (using text only)
prediction, but our focus is on multimodal emotion
prediction. As is done in literature on multimodal
emotion prediction, we do not focus on comparison
with unimodal models. As shown via experiments
and ablation studies, our model leverages both the
sources (i.e., local and global) of information to
give state-of-the-art (SOTA) results on the mul-
timodal emotion recognition datasets IEMOCAP
and MOSEI. In a nutshell, we make the following
contributions in this paper:

• We propose a Contextualized Graph Neural
Network (GNN) based Multimodal Emotion
Recognition architecture for predicting per
utterance per speaker emotion in a conver-
sation. Our model leverages both local and
global information in a conversation. We use
GraphTransformers (Shi et al., 2021) for mod-
eling speaker relations in multimodal emotion
recognition systems.

• Our model gives SOTA results on the multi-
modal Emotion recognition datasets of IEMO-
CAP and MOSEI.

• We perform a thorough analysis of the model
and its different components to show the
importance of local and global information
along with the importance of the GNN com-
ponent. We release the code for mod-
els and experiments: https://github.
com/Exploration-Lab/COGMEN

2 Related Work

Emotion recognition is an actively researched prob-
lem in NLP (Sharma and Dhall, 2021; Sebe et al.,
2005). The broad applications ranging from emo-
tion understanding systems, opinion mining from
a corpus to emotion generation have attracted
active research interest in recent years (Dhuheir
et al., 2021; Franzen et al., 2021; Vinola and Vi-
maladevi, 2015; Kołakowska et al., 2014; Colombo
et al., 2019; Janghorbani et al., 2019; Goswamy
et al., 2020; Singh et al., 2021a; Agarwal et al.,
2021; Singh et al., 2021b). Availability of bench-

mark multimodal datasets, such as CMU-MOSEI
(Zadeh et al., 2018b), and IEMOCAP (Busso et al.,
2008), have accelerated the progress in the area.
Broadly speaking, most of the existing work in
this area can be categorized mainly into two areas:
unimodal approaches and multimodal approaches.
Unimodal approaches tend to consider the text as a
prominent mode of communication and solve the
emotion recognition task using only text modal-
ity. In contrast, multimodal approaches are more
naturalistic and consider multiple modalities (au-
dio+video+text) and fuse them to recognize emo-
tions. In this paper, we propose a multimodal ap-
proach to emotion recognition. Nevertheless, we
briefly outline some of the prominent unimodal ap-
proaches as some of the techniques are applicable
to our setting.

Unimodal Approaches: COSMIC (Yu et al.,
2019) performs text only emotion classification
problem by leveraging commonsense knowledge.
DialogXL (Shen et al., 2021a) uses XLnet (Yang
et al., 2019) as architecture in dialogue feature
extraction. CESTa (Wang et al., 2020) captures
the emotional consistency in the utterances using
Conditional Random Fields (Lafferty et al., 2001)
for boosting the performance of emotion classifi-
cation. Other popular approaches parallel to our
work use graph-based neural networks as their base-
line and solve the context propagation issues in
RNN-based architectures, including DialogueGCN
(Ghosal et al., 2019), RGAT (Ishiwatari et al.,
2020), ConGCN (Zhang et al., 2019), and SumAgg-
Gin (Sheng et al., 2020). Some of the recent ap-
proaches like DAG-ERC (Shen et al., 2021b) com-
bine the strengths of conventional graph-based neu-
ral models and recurrence-based neural models.

Multimodal Approaches: Due to the high corre-
lation between emotion and facial cues (Ekman,
1993), fusing modalities to improve emotion recog-
nition has drawn considerable interest (Sebe et al.,
2005). Some of the initial approaches include
Datcu and Rothkrantz (2014), who fused acoustic
information with visual cues for emotion recog-
nition. Wollmer et al. (2010) use contextual in-
formation for emotion recognition in a multimodal
setting. In the past decade, the growth of deep learn-
ing has motivated a wide range of approaches in
multimodal settings. The Memory Fusion network
(MFN) (Zadeh et al., 2018a) proposes synchroniz-
ing multimodal sequences using multi-view gated
memory storing intra-view and cross-view interac-

4149

https://github.com/Exploration-Lab/COGMEN
https://github.com/Exploration-Lab/COGMEN


tions through time. Graph-MFN (Bagher Zadeh
et al., 2018) extends the idea of MFN and intro-
duces Dynamic Fusion Graph (DFG), which learns
to model the n-modal interactions and alter its struc-
ture dynamically to choose a fusion graph based
on the importance of each n-modal dynamics dur-
ing inference. Conversational memory network
(CMN) (Hazarika et al., 2018b) leverages contex-
tual information from the conversation history and
uses gated recurrent units to model past utterances
of each speaker into memories. Tensor fusion Net-
work (TFN) (Zadeh et al., 2017) uses an outer prod-
uct of the modalities. Other popular approaches
include DialogueRNN (Majumder et al., 2019) that
proposes an attention mechanism over the different
utterances and models emotional dynamics by its
party GRU and global GRU. B2+B4 (Kumar and
Vepa, 2020), use a conditional gating mechanism
to learn cross-modal information. bc-LSTM (Po-
ria et al., 2017) proposes an LSTM-based model
that captures contextual information from the sur-
rounding utterances. Multilogue-Net (Shenoy and
Sardana, 2020) proposes a solution based on a
context-aware RNN and uses pairwise attention as
a fusion mechanism for all three modalities (audio,
video, and text). Recently, Delbrouck et al. (2020)
proposed TBJE, a transformer-based architecture
with modular co-attention (Yu et al., 2019) to en-
code multiple modalities jointly. CONSK-GCN
(Fu et al., 2021) uses graph convolutional network
(GCN) with knowledge graphs. Lian et al. (2020)
use GNN based architecture for Emotion Recog-
nition using text and speech modalities. Af-CAN
(Wang et al., 2021a) proposes RNN based on con-
textual attention for modeling the transaction and
dependence between speakers.

3 Proposed Model

In a conversation involving different speakers, there
is a continuous ebb and flow in the emotions of
each of the speakers, usually triggered by the con-
text and reactions of other speakers. Inspired by
this intuition, we propose a multimodal emotion
prediction model that leverages contextual informa-
tion, inter-speaker and intra-speaker relations in a
conversation.

In our model, we leverage both the context of
dialogue and the effect of nearby utterances. We
model these two sources of information via two
means: 1) Global Information: How to capture
the impact of underlying context on the emotional

state of an utterance? 2) Local information: How
to establish relations between the nearby utterances
that preserve both inter-speaker and intra-speaker
dependence on utterances in a dialogue?
Global Information: We want to have a unified
model that can capture the underlying context and
handle its effect on each utterance present in the
dialogue. A transformer encoder (Vaswani et al.,
2017) architecture is a suitable choice for this goal.
Instead of following the conventional sequential en-
coding by adding positional encodings to the input,
in our approach, a simple transformer encoder with-
out any positional encodings leverages the entire
context to generate distributed representations (fea-
tures) efficiently corresponding to each utterance.
The transformer facilitates the flow of information
from all utterances when predicting emotion for a
particular utterance.
Local Information: The emotion expressed in an
utterance is often triggered by the information in
neighboring utterances. We establish relations be-
tween the nearby utterances in a way that is capable
of capturing both inter-speaker and intra-speaker ef-
fects of stimulus over the emotion state of an utter-
ance. Our approach comes close to DialogueGCN
(Ghosal et al., 2019), and we define a graph where
each utterance is a node, and directed edges repre-
sent various relations. We define relations (directed
edges) between nodes Rij = ui → uj , where
the direction of the arrow represents the spoken
order of utterances. We categorize the directed re-
lations into two types, for self-dependent relations
between the utterances spoken by the same speaker
Rintra, and interrelations between the utterances
spoken by different speakers Rinter. We propose
to use Relational GCN (Schlichtkrull et al., 2018)
followed by a GraphTransformer (Shi et al., 2021)
to capture dependency defined by the relations.

3.1 Overall Architecture

Figure 2 shows the detailed architecture. The in-
put utterances go as input to the Context Extrac-
tor module, which is responsible for capturing the
global context. The features extracted for each ut-
terance by the context extractor form a graph based
on interactions between the speakers. The graph
goes as input to a Relational GCN, followed by
GraphTransformer, which uses the formed graph
to capture the inter and intra-relations between the
utterances. Finally, two linear layers acting as an
emotion classifier use the features obtained for all
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Past U
tterances

Future U
tterances

Figure 2: The proposed model (COGMEN) architecture.

the utterances to predict the corresponding emo-
tions.
Context Extractor: Context Extractor takes con-
catenated features of multiple modalities (audio,
video, text) as input for each dialogue utterance
(ui; i = 1, . . . , n) and captures the context using
a transformer encoder. The feature vector for an
utterance ui with the input features corresponding
to available modalities, audio (u(a)i ∈ Rda), text
(u(t)i ∈ Rdt) and video (u(v)i ∈ Rdv ) is:

x
(atv)
i = [u

(a)
i ⊕ u

(t)
i ⊕ u

(v)
i ] ∈ Rd

where d = da + dt + dv. The combined features
matrix for all utterances in a dialogue is given by:

X = x(atv) = [x
(atv)
1 ,x

(atv)
2 . . . ,x(atv)

n ]T

We define a Query, a Key, and a Value vector for
encoding the input features X ∈ Rn×d as follows:

Q(h) = XWh,q,

K(h) = XWh,k,

V (h) = XWh,v,

where, Wh,q,Wh,k,Wh,v ∈ Rd×k
The attention mechanism captures the interac-

tion between the Key and Query vectors to output
an attention map α(h), where σj denotes the soft-
max function over the row vectors indexed by j:

α(h) = σj

(
Q(h)(K(h))T√

k

)

where α(h) ∈ Rn×n represents the attention
weights for a single attention head (h). The ob-
tained attention map is used to compute a weighted
sum of the values for each utterance:

head(h) = α(h)(V (h)) ∈ Rn×k

U
′

= [head(1) ⊕ head(2) ⊕ . . . head(H)]W o

where, W o ∈ RkH×d and H represents the total
number of heads in multi-head attention. Note
U
′ ∈ Rn×d. We add residual connection X and

apply LayerNorm, followed by a feed forward and
Add & Norm layer:

U = LayerNorm
(
X + U′; γ1, β1

)
;

Z′ = ReLU (UW1)W2;

Z = LayerNorm
(
U + Z′; γ2, β2

)
;

where, γ1, β1 ∈ Rd, W1 ∈ Rd×m,W2 ∈ Rm×d,
and γ2, β2 ∈ Rd. The transformer encoder pro-
vides features corresponding to every utterance in
a dialogue ([z1, z2, . . . , zn]T = Z ∈ Rn×d).
Graph Formation: A graph captures inter and
intra-speaker dependency between utterances. Ev-
ery utterance acts as a node of a graph that
is connected using directed relations (past and
future relations). We define relation types as
speaker to speaker. Formally, consider a con-
versation between M speakers defined as a dia-
logue D = {US1 ,US2 , . . . ,USM }, where US1 =

{u(S1)
1 , u

(S1)
2 , . . . , u

(S1)
n } represent the set of utter-

ances spoken by speaker-1. We define intra rela-
tions between the utterances spoken by the same
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speaker, Rintra ∈ {USi → USi}, and inter rela-
tions between the utterances spoken by different
speakers, Rinter ∈ {USi → USj}i 6=j . We further
consider a window size and use P and F as hy-
perparameters to form relations between the past
P utterances and future F utterances for every ut-
terance in a dialogue. For instance, Rintra and
Rinter for utterance u(S1)

i (spoken by speaker-1)
are defined as:

Rintra(u(S1)
i ) = { u(S1)

i ← u
(S1)
i−P . . . u

(S1)
i ← u

(S1)
i−1 ,

u
(S1)
i ← u

(S1)
i , u

(S1)
i → u

(S1)
i+1 . . . u

(S1)
i → u

(S1)
i+F }

Rinter(u(S1)
i ) = { u(S1)

i ← u
(S2)
i−P , . . . , u

(S1)
i ← u

(S2)
i−1 ,

u
(S1)
i → u

(S2)
i+1 , . . . , u

(S1)
i → u

(S2)
i+F }

where← and→ represent the past and future rela-
tion type respectively (example in Appendix F).
Relational Graph Convolutional Network
(RGCN): The vanilla RGCN (Schlichtkrull
et al., 2018) helps accumulate relation-specific
transformations of neighboring nodes depending
on the type and direction of edges present in the
graph through a normalized sum. In our case,
it captures the inter-speaker and intra-speaker
dependency on the connected utterances.

x′i = Θroot · zi +
∑

r∈R

∑

j∈Nr(i)

1

|Nr(i)|
Θr · zj

where Nr(i) denotes the set of neighbor indices of
node i under relation r ∈ R, Θroot and Θr denote
the learnable parameters of RGCN, |Nr(i)| is the
normalization constant and zj is the utterance level
feature coming from the transformer.
GraphTransformer: For extracting rich represen-
tation from the node features, we use a GraphTrans-
former (Shi et al., 2021). GraphTransformer adopts
the vanilla multi-head attention into graph learning
by taking into account nodes connected via edges.
Given node features H = x′1,x

′
2, . . . ,x

′
n obtained

from RGCN,

h′i = W1x
′
i +

∑

j∈N (i)

αi,jW2x
′
j

where the attention coefficients αi,j are computed
via multi-head dot product attention:

αi,j = softmax




(W3x
′
i)
>
(
W4x

′
j

)

√
d




Dataset Number of dialogues [utterances]
train valid test

IEMOCAP 120 [5810 (5146+664)] 31 [1623]
MOSEI 2249 [16327] 300 [1871] 646 [4662]

Table 1: Dataset Statistics.

Emotion Classifier: A linear layer over the fea-
tures extracted by GraphTransformer (h′i) predicts
the emotion corresponding to the utterance.

hi = ReLU(W1h
′
i + b1)

Pi = softmax(W2hi + b2)

ŷi = arg max(Pi)
where ŷi is the emotion label predicted for the ut-
terance ui.

4 Experiments

We experiment for the Emotion Recognition task
on the two widely used datasets: IEMOCAP
(Busso et al., 2008) and MOSEI (Zadeh et al.,
2018b). The dataset statistics are given in Table 1.
IEMOCAP is a dyadic multimodal emotion recog-
nition dataset where each utterance in a dialogue
is labeled with one of the six emotion categories:
anger, excited, sadness, happiness, frustrated, and
neutral. In literature, two IEMOCAP settings are
used for testing, one with 4 emotions (anger, sad-
ness, happiness, neutral) and one with 6 emotions.
We experiment with both of these settings. MOSEI
is a multimodal emotion recognition dataset anno-
tated with 7 sentiments (-3 (highly negative) to +3
(highly positive)) and 6 emotion labels (happiness,
sadness, disgust, fear, surprise, and anger). Note
that the emotion labels differ across the datasets.
We use weighted F1-score and Accuracy as evalua-
tion metrics (details in Appendix C).
Implementation Details: For IEMOCAP, audio
features (size 100) are extracted using OpenS-
mile (Eyben et al., 2010), video features (size
512) are taken from Baltrusaitis et al. (2018),
and text features (size 768) are extracted using
sBERT (Reimers and Gurevych, 2019). Audio
features for the MOSEI dataset were taken from
Delbrouck et al. (2020), which are extracted us-
ing librosa (McFee et al., 2015) with 80 filter
banks, making the feature vector size of 80. The
video features (size 35) are taken from Zadeh
et al. (2018b). The textual features (size 768) are
obtained using sBERT. The textual features are
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Models IEMOCAP: Emotion Categories
Happy Sad Neutral Angry Excited Frustrated Avg.
F1 (%) F1 (%) F1 (%) F1 (%) F1 (%) F1 (%) Acc. (%) F1 (%)

bc-LSTM 35.6 69.2 53.5 66.3 61.1 62.4 59.8 59.0

memnet 33.0 69.3 55.0 66.1 62.3 63.0 59.9 59.5

TFN 33.7 68.6 55.1 64.2 62.4 61.2 58.8 58.5

MFN 34.1 70.5 52.1 66.8 62.1 62.5 60.1 59.9

CMN 32.6 72.9 56.2 64.6 67.9 63.1 61.9 61.4

ICON 32.8 74.4 60.6 68.2 68.4 66.2 64.0 63.5

DialogueRNN 32.8 78.0 59.1 63.3 73.6 59.4 63.3 62.8

CAN 31.8 71.9 60.4 66.7 68.5 66.1 63.2 62.4

Af-CAN 37.0 72.1 60.7 67.3 66.5 66.1 64.6 63.7

COGMEN 51.9 81.7 68.6 66.0 75.3 58.2 68.2 67.6

Table 2: Results on IEMOCAP (6-way) multimodal (A+T+V) setting. Avg. denotes weighted average.

sentence-level static features. For Audio and Vi-
sual modalities, we use sentence/utterance level
features by averaging all the token level features.
We fuse the features of all the available modalities
(A(audio)+T(text)+V(video): ATV) via concatena-
tion. We also explored other fusion mechanisms
(Appendix G.1). However, concatenation gave the
best performance. We conduct a hyper-parameter
search for our proposed model using Bayesian op-
timization techniques (details in Appendix A).
Baselines: We do a comprehensive evaluation of
COGMEN by comparing it with a number of
baseline models. For IEMOCAP, we compare
our model with the existing multimodal frame-
works (Table 2), which includes DialogueRNN
(Majumder et al., 2019), bc-LSTM (Poria et al.,
2017), CHFusion (Majumder et al., 2018), mem-
net (Sukhbaatar et al., 2015), TFN (Zadeh et al.,
2017), MFN (Zadeh et al., 2018a), CMN (Haz-
arika et al., 2018b), ICON (Hazarika et al., 2018a),
and Af-CAN (Wang et al., 2021b). For MOSEI,
COGMEN is compared (Table 4) with multimodal
models, including Multilogue-Net (Shenoy and Sar-
dana, 2020) and TBJE (Delbrouck et al., 2020)
(details and analysis of baselines in §6).

Model F1-score (%)

bc-LSTM 75.13
CHFusion 76.80

COGMEN 84.50

Table 3: Results on IEMOCAP dataset for 4 emotion
classes in multimodal setting (weighted F1-score).

5 Results and Analysis

IEMOCAP: Table 2 shows the results for IEMO-
CAP (6-way) multimodal setting. Overall, COG-

MEN performs better than all the previous base-
lines as measured using accuracy and F1-score. We
also see an improvement in the class-wise F1 for
happy, sad, neutral, and excited emotions. This im-
provement is possibly due to the GNN architecture
(described in analysis later) that we are using in our
model, and none of the previous multimodal base-
lines uses GNN in their architecture. Results for
IEMOCAP (4-way) setting are in Table 3. In this
setting, COGMEN achieves 7.7% improvement
over the previous SOTA model.

MOSEI: For emotion classification across 6 emo-
tion classes, we used two settings (as done in pre-
vious works): Binary Classification across each
emotion label where a separate model is trained for
every emotion class, and Multi-label Classification
in which the sentence is tagged with more than 1
emotion and single model predicts multiple classes.
The reason for doing this was that Multilogue-Net
provides results on binary classification setting and
TBJE provides results on Multi-label setting. We
ran both models on these settings. For a fair com-
parison, we use the same utterance level textual fea-
tures similar to our setting (extracted from sBERT)
and train Multilogue-Net architecture on both the
settings. Originally, Multilogue-Net used GloVe
embeddings (Pennington et al., 2014) for textual
features, and actual results in the paper are differ-
ent than reported here. For TBJE, we use the fea-
tures provided by the paper as it uses token-level
features. COGMEN outperforms (Table 4) the
baseline models in most of the cases. For 2 class
sentiment classification, COGMEN outperforms
the previous baselines with the highest accuracy
score of 85% for A+T. For 7 class, our model
shows comparable performance. All the multi-
modal approaches tend to perform poorly when
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Sentiment Class

Accuracy(%)

Emotion Class

(weighted) F1-score (%)

Multi-label Emotion Class

(weighted) F1-score (%)

Model 2 Class 7 Class Happiness Sadness Angry Fear Disgust Surprise Happiness Sadness Angry Fear Disgust Surprise

Multilogue-Net T + A + V 82.88 44.83 67.84 65.34 67.03 87.79 74.91 86.05 70.6 70.7 74.4 86.0 83.4 87.8

TBJE

T 81.9 44.2 - - - - - - 63.4 65.8 75.3 84.0 84.5 81.4

A + T 82.4 43.91 65.91 70.78 70.86 87.79 82.57 86.04 65.5 67.9 76.0 87.2 84.5 86.1

T + A + V 81.5 44.4 - - - - - - 64.0 67.9 74.7 84.0 83.6 86.1

COGMEN

T 84.42 43.50 69.28 70.49 73.04 87.80 83.69 85.83 69.92 72.16 77.34 86.39 86.00 88.27

A + T 85.00 44.31 68.39 73.28 74.98 88.08 83.90 85.35 69.62 72.67 76.93 86.39 85.35 88.21

T + A + V 84.34 43.90 70.42 72.31 76.20 88.17 83.69 85.28 72.74 73.90 78.04 86.71 85.48 88.37

Table 4: Results on MOSEI dataset. For emotion classification, a weighted F1-score is used. For Sentiment
Classification, the results are reported using accuracy. 2 class sentiment consists of only positive and negative
sentiment. 7 class sentiment consists of sentiments from highly negative (-3) to highly positive (+3). For the cells
showing ‘-’, the results were not provided in the paper, and we were not able to reproduce the results since TBJE
used token level features, and we are using sentence-level features.

# Utterances in Context F1-score (%)

All Utterances in a dialogue 84.50

10 Utterances in a dialogue 77.43 (↓7.07)

3 Utterances in a dialogue 75.39 (↓9.11)

Table 5: Importance of Context in a dialogue. Experi-
ment performed on IEMOCAP (4-way).

Modalities T A+T A+T+V

(6 way)
Actual 66.00 65.42 67.63

w/o GNN 64.34 (↓1.66) 61.69 (↓3.73) 62.96 (↓4.14)
w/o Relations 60.49 (↓5.51) 65.32 (↓0.10) 62.13 (↓5.50)

(4 way)
Actual 81.55 81.59 84.50

w/o GNN 81.18 (↓0.37) 80.16 (↓1.43) 80.28 (↓4.22)
w/o Relations 76.76 (↓4.79) 80.27 (↓1.32) 79.61 (↓4.88)

Table 6: Ablation study on IEMOCAP dataset. All val-
ues are F1-score (%). The results shows the importance
of GCN layer.

adding visual modality, possibly because of noise
present in the visual modality and lack of alignment
with respect to other modalities. In contrast, our
model can capture rich relations across the modal-
ities and show a performance boost while adding
visual modality.
We conducted further analysis on our model. Al-
though due to space limitations, the results below
mainly describe experiments over IEMOCAP, sim-
ilar trends were observed for MOSEI as well.
Effect of Local and Global Info.: We test our ar-
chitecture in two information utilization settings:
global and local. To test the importance of context
in our architecture, we create a sub-dataset using
the IEMOCAP (4-way) setting by splitting each
dialogue into n utterances and training our archi-
tecture. Table 5 shows the decrease in performance

Model Modality F1-score (%)
4-way

DialogueGCN T 71.58

DialogXL T 73.02

DAG-ERC T 78.08

COGMEN
T 81.55

A+T+V 84.50
6-way

EmoBERTa T 68.57
DAG-ERC T 68.03

CESTa T 67.10

SumAggGIN T 66.61

DialogueCRN T 66.20

DialogXL T 65.94

DialogueGCN T 64.18

COGMEN
T 66.00

A+T+V 67.63

Table 7: Comparison with unimodal architectures on
IEMOCAP dataset.

with number of utterances present in a dialogue
(more details on effect of window size in Appendix
G.2). This experiment helps understand the im-
portance of context in a dialogue. Moreover, it
points towards challenges in developing a real-time
system (details in §6). We test the local informa-
tion hypothesis by removing the GNN module and
directly passing the context extracted features to
the emotion classifier. Table 6 shows the drop in
performance across modalities when the GNN com-
ponent is removed from the architecture, making
our local information hypothesis more concrete.

Effect of Relation Types: We also test the effect
of inter and intra-relations in the dialogue graph by
making all relations of the same type and training
the architecture. We observe a drop in performance
(Table 6) when the relations are kept the same in the
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graph formation step. The explicit relation forma-
tion helps capture the local dependencies present
in the dialogue.
Effect of Modalities: The focus of this work is
multimodal emotion recognition. However, just
for the purpose of comparison, we also compare
with unimodal (text only) approaches. We com-
pare (Table 7) with EmoBERTa (Kim and Vossen,
2021), DAG-ERC (Shen et al., 2021b), CESTa
(Wang et al., 2020), SumAggGIN (Sheng et al.,
2020), DialogueCRN (Hu et al., 2021), DialogXL
(Shen et al., 2021a) and DialogueGCN (Ghosal
et al., 2019). Text-based models are specifically op-
timized for text modalities and incorporate changes
to architectures to cater to text. It is not fair to com-
pare with our multimodal approach from that per-
spective. As shown in results, COGMEN, being
a fairly generic architecture, still gives better (for
IEMOCAP (4-way)) or comparable performance
with respect to the SOTA unimodal architectures.
In the case of our model, adding more information
via other modalities helps to improve the perfor-
mance. Results on different modality combinations
are in Appendix D.
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Figure 3: Confusion Matrix for IEMOCAP (6-way)

Error Analysis: After analysing the predictions
made across the datasets, we find that our model
falls short in distinguishing between similar emo-
tions, such as happiness vs excited and anger vs
frustration (Figure 3). This issue also exists in pre-
vious methods as reported in Shen et al. (2021b),
and Ghosal et al. (2019). We also find that our
model misclassifies the other emotion labels as
neutral because of a more significant proportion of
neutral labeled examples. Moreover, we observe
the accuracy of our model when classifying exam-
ples having emotion shift is 53.6% compared to
74.2% when the emotion remains the same (more
details in Appendix B).
Efficacy of the GNN Layer: For observing the

Before After

Happiness
Sadness
Neutral
Anger

Figure 4: UMAP (Becht et al., 2019) representation of
IEMOCAP (4-way) features before and after GNN.

effect of the GNN component in our architecture,
we also visualize the features before and after the
GNN component. Figure 4 clearly shows the better
formation of emotion clusters depicting the im-
portance of capturing local dependency in utter-
ances for better performance in emotion recogni-
tion (more in Appendix E and Appendix Figure-9).
Importance of utterances: To verify the effect of
utterances and their importance in a prediction for
a dialogue, we infer the trained model on dialogues
by masking one utterance at a time and calculat-
ing the F1-score for prediction. Figure 5 shows
the obtained results for a dialogue (Appendix Ta-
ble 10) instance taken randomly from IEMOCAP
(4-way) (more in Appendix E). For the first 4 ut-
terances, emotions state being neutral, the effect of
masking the utterances is significantly less. In con-
trast, masking the utterances with emotion shift (9,
10, 11) completely drops the dialogue’s F1-score,
showing that our architecture captures the effects
of emotions present in the utterances.
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Figure 5: Importance of utterances in IEMOCAP (4-
way). Performance drop is observed while masking
9th, 10th and 11th utterances during inference.
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6 Discussion

Comparison with Baselines: Emotion recogni-
tion in a multimodal conversation setting comes
with two broadly portrayed research challenges
(Poria et al., 2019), first, the ability of a model to
capture global and local context present in the di-
alogues, and second, the ability to maintain self
and interpersonal dependencies among the speak-
ers. All the popular baselines like Dialogue-GCN
(Ghosal et al., 2019), DialogueRNN (Majumder
et al., 2019), bc-LSTM (Poria et al., 2017) Af-
CAN (Wang et al., 2021a), etc., try to address
these challenges by proposing various architectures.
bc-LSTM (bi-directional contextual LSTM (Poria
et al., 2017)) uses LSTM to capture the contextual
information and maintain long relations between
the utterances from the past and future. Another
contemporary architecture Af-CAN (Wang et al.,
2021a) utilizes recurrent neural networks based on
contextual attention to model the interaction and de-
pendence between speakers and uses bi-directional
GRU units to capture the global features from past
and future. We propose to address these issues us-
ing a unified architecture that captures the effect of
context on utterances while maintaining the states
for self and interpersonal dependencies. We make
use of transformers for encoding the global context
and make use of GraphTransformers to capture the
self and interpersonal dependencies. Our way of
forming relational graphs between the utterances
comes close to DialogueGCN (unimodal architec-
ture). We further use a shared Emotion classifier for
predicting emotions from all the obtained utterance
level features. Moreover, our unified architecture
handles multiple modalities effectively and shows
an increase in performance after adding informa-
tion from other modalities.
Limitations (Offline Setting): A noteworthy lim-
itation of all the proposed Emotion Recognition
approaches (including the current one) is that they
use global context from past and future utterances
to predict emotions. However, baseline systems
compared in this paper are also offline systems.
For example, bc-LSTM (bi-directional contextual
LSTM) and Af-CAN use utterances from the past
and future to predict emotions. Other popular base-
lines like DialogueGCN and DialogueRNN (BiDi-
alogueRNN) also peek into the future, assuming
the presence of all the utterances during inference
(offline setting). All such systems that depend on
future information can only be used in an offline

setting to process and tag the dialogue. An Emotion
Recognition system that could work in an online
setting exhibits another line of future work worth
exploring due to its vast use cases in live telecast-
ing and telecommunication. A possible approach
to maintain the context in an online setting would
be to take a buffer of smaller context size, where
the model can predict emotions taking not the com-
plete dialogue but a smaller subset of it as input in
real-time. We tried exploring this setting for our
architecture with an online buffer of maintaining a
smaller context window. For experimenting with
it, we created a sub-dataset using the IEMOCAP
(4-way) setting by splitting each dialogue into n
utterances and training our architecture. Our re-
sults in Table 5 show the decrease in performance
with the number of utterances present in a dialogue
depicting the importance of context in a conversa-
tion. Performance improvements in these settings
where the system can work in real-time are worth
exploring and are an interesting direction for future
research.

7 Conclusion and Future Work

We present a novel approach of using GNNs
for multimodal emotion recognition and propose
COGMEN: COntextualized GNN based Multi-
modal Emotion recognitioN. We test COGMEN
on two widely known multimodal emotion recogni-
tion datasets, IEMOCAP and MOSEI. COGMEN
outperforms the existing state-of-the-art methods
in multimodal emotion recognition by a significant
margin (i.e., 7.7% F1-score increase for IEMO-
CAP (4-way)). By comprehensive analysis and
ablation studies over COGMEN, we show the im-
portance of different modules. COGMEN fuses
information effectively from multiple modalities
to improve the performance of emotion prediction
tasks. We perform a detailed error analysis and
observe that the misclassifications are mainly be-
tween the similar classes and emotion shift cases.
We plan to address this in future work, where the
focus will be to incorporate a component for cap-
turing the emotional shifts for fine-grained emotion
prediction.
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Appendix

A Hyperparameter Setting

Hyperparameters used to train our model are de-
scribed in Table 8 for IEMOCAP (4-way and 6-
way) and Table 9 for MOSEI dataset.

Dropout GNNHead SeqContext ILR

0.1 7 4 1e-4

Table 8: Hyperparameter values for our model on
IEMOCAP dataset. ILR: Initial learning rate.

Modalities Dropout GNNHead SeqContext ILR

T 0.399 3 5 3.3e-3

A+T 0.103 1 2 6.9e-3

A+T+V 0.337 2 1 1.1e-3

Table 9: Hyperparameter value on MOSEI dataset.
ILR: Initial learning rate.

We use PyTorch (Paszke et al., 2019) for train-
ing our architecture and PyG (PyTorch Geometric)
(Fey and Lenssen, 2019) for the GNN component
in our architecture. We use comet (Comet.ML,
2021) for logging all our experiments and its
Bayesian optimizer for hyperparameter tuning. Our
architecture trained on the IEMOCAP dataset has
55,932,052 parameters and takes around 7 minutes
to train for 50 epochs on the NVIDIA Tesla K80
GPU. Comparison of the model with baselines in
terms of the number of parameters is challenging,
as the baselines parameters vary depending on the
hyperparameter setting. Moreover, many baselines
do not provide information about the number of
parameters.

B Dataset Analysis

We study IEMOCAP dataset in detail for error anal-
ysis of our model. We observe the emotion transi-
tion at Utterance level (Figure 6) and Speaker level
(Figure 7). We find a high percentage of transitions
between similar emotions, causing the models to
confuse between the similar classes of emotion.
Considering the emotion transition between states
that are opposite, like from happy to sad, we de-
duce the poor performance of emotion recognition
architectures for such cases. We plan to address this
issue in future work where we target a model which
performs better in fine-grained emotion recognition
and is robust towards the shifts in emotions.
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Figure 6: Utterance-level Emotion transition for IEMO-
CAP. These are emotions transitions in consecutive ut-
terances across speakers.
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Figure 7: Speaker-level Emotion transition for IEMO-
CAP. These are emotions transitions in the consecutive
utterances of the same speaker.

C Evaluation Metrics

Weighted F1 Score: The F1 score can be inter-
preted as a harmonic mean of the precision and
recall, where an F1 score reaches its best value at 1
and worst score at 0. The relative contribution of
precision and recall to the F1 score are equal. The
formula for the F1 score is:

F1 = 2 ∗ (precision ∗ recall)
(precision+ recall)

For weighted F1 score, we calculate metrics for
each label, and find their average weighted by sup-
port (the number of true instances for each label).
Accuracy: It is defined as the percentage of correct
predictions in the test set.

D Results on Modality Combinations

Table 11 shows results on the IEMOCAP dataset
for all the modality combinations for our architec-
tures. Figure 8 shows the confusion matrix for
prediction on IEMOCAP 4-way dataset.
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Speaker Utterance Text Emotion
M ’Why does that bother you?’ neutral
F "She’s been in New York three and a half years. Why all of the sudden?" neutral
M ’Well maybe. Maybe she just wanted to see her again.’ neutral

F
"What did you mean? He lived next door to the girl all of his life,
why wouldn’t he want to see her again? Don’t look at me like that,
he didn’t tell me any more than he told you."

neutral

M "She’s not his girl. She knows she’s not." angry
F "I want you to pretend like he’s coming back!" angry
M "Because if he’s not coming back, then I’ll kill myself." angry

F
’Laugh. Laugh at me, but what happens the night that she goes to sleep in his bed,
and his memorial breaks in pieces?"

angry

M
’Only last week, another boy turned up in Detroit,
been missing longer than Larry,
you read it yourself, ’

angry

F "You’ve got to believe. You’ve got to–" sad
M "What do you mean me above all? Look at you. You’re shaking!" angry
F "I can’t help it!" angry
M ’What have I got to hide? What the hell is the matter with you, Kate?’ angry

Table 10: Dialogue utterances corresponding to plot shown in Figure 5.

Modalities IEMOCAP-4way IEMOCAP-6way
F1 Score (%) F1 Score (%)

a 63.58 47.57
t 81.55 66.00
v 43.85 37.58
at 81.59 65.42
av 64.48 52.20
tv 81.52 62.19

atv 84.50 67.63

Table 11: Results on IEMOCAP-4way and IEMOCAP-
6way datasets
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Figure 8: Confusion Matrix for IEMOCAP 4-Way clas-
sification

E Additional Analysis

Efficacy of the GNN Layer: We observe the ef-
ficacy of the GNN component in our architecture
and visualize the features before GNN and after the
GNN component (Figure 9) explained in section 5.
Importance of utterances: Figure 10 shows the
obtained results for a dialogue instance taken ran-
domly from IEMOCAP 4-way. For the first 15

Before After

Happiness
Sadness
Neutral
Anger
Excited
Frustrated

Figure 9: UMAP (Becht et al., 2019) representation of
IEMOCAP 6-way features before and after GNN.
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Figure 10: Importance of utterances in IEMOCAP clas-
sification.

utterances, emotions state being sadness, the ef-
fect of masking the utterances is more negligible
for the first 5 utterances. This drop depicts the
importance of utterances 5-15 that affect future ut-
terances. Further, masking the utterances with high
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Relations with Past Utterances Relations with Future Utterances

Figure 11: Graph formation process in (COGMEN) architecture.
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Table 12: Relations for each instance of Figure 11, where relations with past utterances are denoted by (←) and
relations with future utterances are denoted by (→)

Relation Type Node A Node B Relation Causality Relation

1 u(S1) u(S1) Past u(S1) ← u(S1)

2 u(S1) u(S2) Past u(S1) ← u(S2)

3 u(S2) u(S1) Past u(S2) ← u(S1)

4 u(S2) u(S2) Past u(S2) ← u(S2)

5 u(S1) u(S1) Future u(S1) → u(S1)

6 u(S1) u(S2) Future u(S1) → u(S2)

7 u(S2) u(S1) Future u(S2) → u(S1)

8 u(S2) u(S2) Future u(S2) → u(S2)

Table 13: Unique Relation types for a conversation be-
tween two speakers

emotion shift (15 to 30) drops the F1 score of the di-
alogue, showing the importance of fluctuations for
predicting the emotion states for other utterances.

F Graph Formation

To give a clear picture of the graph formation proce-
dure, we describe the process for utterances spoken
in a dialogue. As an illustration, let’s consider
two speakers, S1 and S2, present in a conversa-
tion of 7 utterances. Features corresponding to
each utterance is shown as a node in Figure 11.
Speaker 1 speaks utterances ui−3, ui−1, ui+1, ui+3

and Speaker 2 speaks ui−2, ui, ui+2. After creat-
ing the graphs with relations, the constructed graph
would look like shown in Figure 11, and the corre-
sponding relations for each instance would be as
shown in Table 12. Since there are two speakers
in the conversation (SN = 2), the total number of

unique relations would be:

number of relations = 2× (SN )2

= 2× (2)2

= 8

Table 13 shows the number of possible unique
relations for a conversation between two speakers.

G Discussion

G.1 Modality Fusing Mechanisms

While experimenting with the model architec-
ture, we explored various mechanisms for mix-
ing information from multiple modalities. Some
of the mechanisms include pairwise attention in-
spired from Ghosal et al. (2018), bimodal attention
present in Multilogue-Net (Shenoy and Sardana,
2020), and crossAttention layer proposed in HKT
(Hasan et al., 2021). However, in our case, none
of these fusing mechanisms shows significant per-
formance improvement over simple concatenation.
Moreover, all these fusing mechanisms require ex-
tra computation steps for fusing information. In
contrast, a simple concatenation of modality fea-
tures works well with no additional computational
overhead.
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G.2 Effect of window size in Graph
Formation

To explore the effect of window size in the Graph
Formation module of our architecture, we conduct
experiments with multiple window sizes. The ob-
tained results are present in Table 14. The window
size can be treated as a hyperparameter that could
be adjusted while training our architecture. More-
over, the freedom of setting the window size makes
our architecture more flexible in terms of usage. A
larger window size would result in better perfor-
mance for cases where the inter and intra speaker
dependencies are maintained for longer sequences.
In contrast, setting a lower window size would
be better in a use case where the topic frequently
changes in dialogues and speakers are less affected
by another speaker. In the future, we plan to ex-
plore a dynamic and automatic selection of window
size depending on the dialogue instance.

Modalities Window Past Window future F1 Score (%)

atv 1 1 81.72

atv 2 2 83.21

atv 4 4 84.08

atv 5 5 83.19

atv 6 6 82.49

atv 7 7 82.28

atv 9 9 82.77

atv 10 10 84.50

atv 11 11 83.93

atv 15 15 83.78

Table 14: Results for various window sizes for graph
formation on the IEMOCAP (4-way) dataset.
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Abstract

Detecting Out-of-Domain (OOD) or unknown
intents from user queries is essential in a task-
oriented dialog system. A key challenge of
OOD detection is the overconfidence of neural
models. In this paper, we comprehensively ana-
lyze overconfidence and classify it into two per-
spectives: over-confident OOD and in-domain
(IND). Then according to intrinsic reasons, we
respectively propose a novel reassigned con-
trastive learning (RCL) to discriminate IND
intents for over-confident OOD and an adaptive
class-dependent local threshold mechanism to
separate similar IND and OOD intents for over-
confident IND. Experiments and analyses show
the effectiveness of our proposed method for
both aspects of overconfidence issues.1

1 Introduction

Out-of-domain (OOD) detection is a key compo-
nent of the task-oriented dialogue system(Gnewuch
et al., 2017; Akasaki and Kaji, 2017; Shum et al.,
2018; Tulshan and Dhage, 2019). It aims to de-
cide whether a user query falls outside the range
of predefined supported intents and avoid perform-
ing wrong operations (Lin and Xu, 2019; Xu et al.,
2020; Zeng et al., 2021a). Due to the complexity
of annotating OOD intents, most work focus on
unsupervised OOD detection where there is no la-
beled OOD data but only labeled in-domain (IND)
data (Xu et al., 2020). No prior knowledge about
OOD intents makes it challenging to identify these
unknown samples in the dialog system.

Existing unsupervised OOD detection methods
mostly follow the same framework: firstly learn
intent representations via labeled in-domain (IND)
data then employ detecting algorithms, such as
Maximum Softmax Probability (MSP) (Hendrycks

∗The first two authors contribute equally. Weiran Xu is
the corresponding author.

1We release our code at https://github.
com/pris-nlp/NAACL2022-Reassigned_
Contrastive_Learning_OOD.
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Figure 2: Number of error cases comparing over-
confident IND and OOD. Global threshold denotes the
best overall performance.

and Gimpel, 2017), Local Outlier Factor (LOF)
(Lin and Xu, 2019), Gaussian Discriminant Analy-
sis (GDA) (Xu et al., 2020) to compute the similar-
ity of features between OOD samples and IND sam-
ples. For example, Hendrycks and Gimpel (2017)
simply uses a fixed threshold on the IND classifier’s
probability estimate and predicts a query as OOD
only if its max logit is below the threshold. Lin and
Xu (2019) employs an unsupervised density-based
novelty detection algorithm, local outlier factor
(LOF) to detect OOD intents. Further, Zeng et al.
(2021a) proposes a supervised contrastive learning
objective to learn discriminative intent features.

However, these methods ignore the key chal-
lenge of OOD detection, over-confidence. Guo
et al. (2017); Liang et al. (2017, 2018) have the-
oretically proved that deep neural networks with
the softmax classifier are prone to produce highly
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over-confident posterior distributions even for such
abnormal OOD samples. In this paper, we de-
fine the over-confidence issue from two aspects.
(1) IND → OOD: Given an in-domain test sam-
ple, the pre-trained IND classifier predicts a lower
confidence score than a fixed threshold2 and in-
correctly regards it as an OOD intent, which we
name as over-confident OOD. We argue it’s be-
cause IND classes have high semantic similarity
then scatter and lower the max confidence score.
For example, in Figure 1, the IND test query “can
you call me a different name” is wrongly detected
as OOD intent because its ground-truth IND label
change_user_name is similar to the other IND cat-
egories what_is_your_name and change_ai_name.
Thus the query gets comparable probability scores
among the three IND classes, resulting in a lower
max probability score than the threshold. (2) OOD
→ IND: Given an OOD test sample, the same clas-
sifier instead predicts a higher confidence score
than the threshold and wrongly regards it as an
IND, which we name as over-confident IND. The
reason is the spurious correlation between OOD
and IND intents, such as similar syntactic structure,
entities, etc. For example, the OOD query “please
clean the car windows” is classified into the IND
category smart_home because plausibly similar ex-
amples like “please lock the doors” also exist in this
category. The spurious correlation is frequent since
humans define OOD without a clear and standard
principle. Existing models (Lee et al., 2018; Ren
et al., 2019; Zheng et al., 2020; Xu et al., 2020)
mainly focus on the latter aspect over-confident
IND, but we find the former over-confident OOD
also makes a side effect on OOD detection. As
Figure 2 shows, as the threshold rises, the number
of negative OOD samples also increases which de-
notes the over-confident OOD issue gets worse but
the over-confident IND issue gets better. We need
to consider both two aspects of overconfidence.

In this paper, we propose a novel reassigned
contrastive learning (RCL) to discriminate intent
representations between semantically similar IND
categories and an adaptive class-dependent local
threshold mechanism to separate similar IND and
OOD intents. Specifically, for over-confident OOD,
we first construct hard contrastive pairs among eas-
ily misclassified IND types using a pre-trained in-
tent classifier. Then we train a new model to learn

2The threshold is tuned via the dev set. We will discuss it
later.

discriminative intent representations for similar
IND categories via supervised contrastive learning
(Khosla et al., 2020; Gunel et al., 2020). We aim
to sample hard contrastive batches where anchors
and positives have the same class label but different
classifier outputs (hard positives), and anchors and
negatives have the same classifier output but differ-
ent class labels (hard negatives). For over-confident
IND, we propose an adaptive class-dependent lo-
cal threshold mechanism to separate similar IND
and OOD intents. Traditional detection methods
like MSP, GDA, Energy (Liu et al., 2020) use a
global threshold to identify the confidence score
of a test query, ignoring the difference between
each IND class with OOD samples. We aim to
adjust the class-dependent local threshold so that
semantically correlated OOD and IND classes have
a higher threshold to mitigate the model’s overcon-
fidence to IND.

Our contributions are three-fold: (1) We perform
a comprehensive study on the overconfidence issue
of OOD detection and analyze two-aspect reasons.
(2) We propose a novel reassigned contrastive learn-
ing (RCL) to discriminate IND intents for over-
confident OOD and an adaptive class-dependent
local threshold mechanism to separate similar IND
and OOD intents for over-confident IND. (3) Ex-
periments and detailed analyses demonstrate the
effectiveness of our proposed method for both as-
pects of overconfidence issues.

2 Related Work

OOD Detection Unsupervised models use only
IND data for OOD detection following the
threshold-based protocol, including modeling the
probability density (Pidhorskyi et al., 2018), re-
construction (Golan and El-Yaniv, 2018), using
classifier ensembles (Vyas et al., 2018; Shu et al.,
2017), Bayesian models (Malinin and Gales, 2018),
likelihood ratios (Ren et al., 2019). Note that all
these methods require a dev set of labeled OOD
intents to tune a fixed global threshold hyperpa-
rameter. We propose a more robust and efficient
local threshold mechanism both to improve OOD
performance and reduce the need for a large dev set
of labeled OOD data. Another type of OOD detec-
tion model aims to utilize a set of OOD data in the
training phase, including N+1 classifier (Fei and
Liu, 2016; Zhan et al., 2021), entropy regulariza-
tion (Zheng et al., 2020), adversarial augmentation
(Zeng et al., 2021c).
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Figure 3: The overall architecture of our proposed approach. Reassigned contrastive learning (RCL) discriminates
intent representations between semantically similar IND categories for over-confident OOD and adaptive class-
dependent local threshold separates similar IND and OOD intents for over-confident IND.

Contrastive Learning Recent contrastive learning
methods (Chen et al., 2020; He et al., 2020) have
proven effective to learn unsupervised representa-
tions for downstream tasks. Winkens et al. (2020);
Zeng et al. (2021b) combine cross-entropy loss
on labeled IND data and instance-wise contrastive
learning (CL) loss on unlabeled data (including
unlabeled IND and OOD intents). They require a
large amount of unlabeled corpus and can’t explic-
itly distinguish different intent types. Further, Zeng
et al. (2021a) uses supervised contrastive learning
(SCL) (Khosla et al., 2020) to learn discriminative
intent representations only using labeled IND data.
Compared to CL, SCL regards all the IND intents
from the same class as positive pairs and samples
from different classes as negative pairs. However,
we find intents within similar categories are still
easily misclassified (see Section E). Thus, we pro-
pose a simple but strong reassigned contrastive
learning (RCL) framework to give more penalty
on these easily-confused IND classes to explicitly
distinguish them. RCL aims to learn discriminative
intent representations for OOD detection. Zhuang
et al. (2019); Wang and Liu (2021) mines nega-
tives close to the anchor sample as hard negatives
by computing representation cosine similarity, but
RCL uses the model’s wrong predictions as super-
vised positives and negatives. Our method is more
accurate because estimating representation similar-
ity may be biased and we can construct both hard
positives and negatives.

3 Methodology

Figure 3 shows the overall architecture of our pro-
posed RCL and class-dependent local threshold

where RCL discriminates easily-confused IND in-
tents and local threshold separates similar IND and
OOD intents. We follow a two-stage framework:
first train an in-domain intent classifier in the train-
ing stage, then extract the intent feature of a test
sample and employ the detection methods in the
test stage.

3.1 Reassigned Contrastive Learning

Traditional models (Hendrycks and Gimpel, 2017)
use cross-entropy (CE) loss to train an IND intent
classifier which does not explicitly distinguish the
margins between IND categories. Later, Lin and
Xu (2019) and Zeng et al. (2021a) respectively
propose a large margin cosine loss (LMCL) and a
supervised contrastive learning (SCL) loss to mini-
mize intra-class variance and maximize inter-class
distance. However, we find IND intents within
similar categories are still easily misclassified (see
Section E). Therefore, we aim to give more penalty
on these easily-confused IND classes to learn dis-
criminative intent representations.

We first review the original contrastive learning
(CL) and supervised contrastive learning (SCL)
then introduce our RCL framework. Given an
IND sample xi and its intent label yi, we adopt
a BiLSTM (Hochreiter and Schmidhuber, 1997) or
BERT (Devlin et al., 2019) encoder to get the intent
representation zi. Following Chen et al. (2020);
Zeng et al. (2021b), we formulate CL loss for a
positive pair of examples (i, j) as:

ℓi,j = − log
exp (sim (zi, zj) /τ)∑2N

k=1⊮[k ̸=i] exp (sim (zi, zk) /τ)

(1)
where ⊮[k ̸=i] ∈ {0, 1} is an indicator function
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evaluating to 1 if k ̸= i. τ denotes a tempera-
ture parameter. The final loss is computed across
all positive pairs, both (i, j) and (j, i) in a mini-
batch of N examples. CL regards two augmented
3 views of a sample as positive pairs and views of
different samples as negative pairs. Further, SCL
extends the positive set by adding views of differ-
ent samples from the same IND intent class and
vice versa. However, these methods ignore easily-
confused relations between semantically similar
IND classes and can’t separate them in the latent
space. Therefore, we add more penalty to these
easily-confused IND classes to learn discriminative
intent representations. Specifically, our proposed
reassigned contrastive learning (RCL) framework
includes three stages.
IND classifier training First, we train an initial in-
tent classification model Minit on the labeled IND
dataset {(xi, yi)}ni=1 using CE, and save its predic-
tions {ŷi}ni=1 on the training IND datapoints. We
will use these outputs to train a more discriminated
model.
Confused-label pair contrasting Here we aim to
separate easily misclassified IND types. Thus we
use theMinit outputs to obtain confused label pairs
of the training data. For example, if class A and
B have misclassified error cases, we use all the A
and B’s samples to construct contrastive batches.
Then we perform SCL on these batches to train
a new intent model M from scratch 4. The intu-
ition is that we treat samples that have the same
class label but different classifier outputs as hard
positives, and samples that have the same classifier
output but different class labels as hard negatives.
We display an example as Figure 4. Essentially,
we restrict the new model to focus on misclassi-
fied intent classes by adding hard positives and
negatives, further to learn discriminative intent rep-
resentations. Different from existing hard CL work
(Zhuang et al., 2019; Wang and Liu, 2021) which
only consider close negatives as hard negatives us-
ing representation similarity, RCL uses the model’s
wrong predictions as supervised positives and neg-
atives. Our method is more accurate because esti-
mating representation similarity may be biased and
we can construct both hard positives and negatives.
We also perform SCL on other clean IND types.

3In this paper, we use adversarial augmentation as Zeng
et al. (2021a). Please see more details in the original paper.

4We find training a new model M from scratch is much
better than continual finetuning Minit. We argue it’s hard to
remove intrinsic knowledge existing in a model.

Predict = Class A

Author

Hard Negative

Hard Positive

Predict = Class B

Negative

Positive

Ground Truth = Class A

Ground Truth = Class B

Ground Truth = Class A

Ground Truth = Class B

Figure 4: An example of confused label pair (A, B)
where the same color denotes the same prediction class
of the initial model.

In the experiments, we iteratively repeat the two
processes for 5 epochs.
Global contrasting Apart from the confused label
pairs, we also employ SCL on all the IND samples
to avoid knowledge forgetting. Following Zeng
et al. (2021a), we regard views of different samples
from the same IND intent class as positives and
views of different samples from the different IND
intent class as negatives. Finally, we use CE to
fine-tune the model M . In the experiments, we set
the training epoch of SCL and CE to 10 and 20.

3.2 Adaptive Class-Dependent Local
Threshold

Previous detection methods usually use a global
threshold to identify the confidence score of a test
query, ignoring the difference between individual
IND classes with OOD samples. For example, if a
test OOD query is similar to an IND type, it may
obtain a high confidence score on this IND category
and be wrongly regarded as IND. Therefore, we
aim to set adaptive class-dependent local thresholds
to avoid over-confident IND.

Previous methods using global threshold (Xu
et al., 2020; Zeng et al., 2021a) first compute the
max confidence scores of all the OOD and IND
intents on the dev set, like max probability score,
then adjust the threshold to maximize OOD F1 on
the dev set. Notice it’s a general and standard set-
ting where a few labeled OOD data exists in the
dev set for hyperparameter tuning for the OOD de-
tection task.5 For the local threshold, we input all
OOD and IND queries to the pre-trained classifier
and then get the confidence scores belonging to
each IND type. Here we can use existing detection

5Section 5.4 shows our local threshold requires only 20
OOD intents on CLINC to achieve excellent metrics compared
to 15, 000 IND intents in the training set, which is more robust
and efficient.
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CLINC-Full CLINC-Small Snips
IND OOD IND OOD IND OOD

Vocabulary size 6240 5725 11241
Avg utterance length 9 9 9
Intents 150 - 150 - 5 2
Training Set Size 15000 - 7600 - 9345 -
Samples per class 100 - 50 - 1869 -
Development Set Size 3000 100 3000 100 500 20
Samples per class 20 - 20 - 20 -
Testing Set Size 5500 1000 5500 1000 500 200
Samples per class 30 - 30 - 100 -

Table 1: Full statistics of OOD datasets, CLINC-Full,
CLINC-Small and Snips.

methods to get confidence scores, such as MSP,
GDA, Energy, etc. Taking MSP as an example, we
get probability scores of all the intents. Then we
group all the OOD samples into the correspond-
ing IND type according to the max probability. So
in each group, we have both OOD and IND in-
tents and learn the class-dependent threshold by
maximizing OOD F1 on each group. If no OOD
sample is grouped into an IND type, we simply
select the global threshold as the local threshold for
this IND type. For inference, we select the local
threshold of corresponding IND category where
the test query gets the max probability score and
predict it as OOD if the score is below the local
threshold, Otherwise IND. Note that tuning local
threshold doesn’t increase too much computation
cost but only multiple judgments and no extra cost
in the inference. Local threshold achieves the best
performance on CLINC and Snips even only using
20 OOD intents and is robust to different datasets
and different number of OOD intents.

4 Experiments

4.1 Datasets

We perform experiments on three public bench-
mark OOD datasets, including CLINC-Full,
CLINC-Small (Larson et al., 2019) and Snips
(Coucke et al., 2018). We show the detailed statis-
tic of these datasets in Table 1. Snips is a personal
voice assistant dataset which contains 7 types of
user intents across different domains. We randomly
sample two classes among all classes in Snips, re-
garding them as OOD classes and the rest as IND
classes. CLINC-Full and CLINC-Small both con-
tain 150 IND intents across 10 domains. CLINC-
Full has 100 training samples for each IND type,
while CLINC-Small contains 50. We follow the
standard dataset split Larson et al. (2019) and use
the collected OOD test queries for evaluation. Note
that all the datasets we used have a fixed set of
labeled OOD data but we don’t use it for training.

We notice some work (Zhang et al., 2021) use a
different split in CLINC-Full dataset where they
sample 25%, 50%, 75% of all IND classes as IND,
the other IND classes as OOD. The simulated split
makes OOD data similar to IND data which class
clusters are more compact thus get higher metrics.
In this paper, we mainly follow the standard dataset
split unless otherwise stated. For fair comparison,
we also perform the same dataset split 25%, 50%,
75% in Table 3 and Table 10.

4.2 Metrics
We report both OOD metrics: Recall and F1-score
(F1) and in-domain metrics: F1-score (F1). Since,
we aims to improve the performance of detecting
out-of-domain intents from user queries, OOD Re-
call and F1 are the main evaluation metrics in this
paper.

4.3 Baselines
In training stage, we compare RCL with CE and
SCL. In detection stage, we compare local thresh-
old with global threshold. To verify the generaliza-
tion of our proposed models, we use three OOD de-
tection algorithms MSP (Maximum Softmax Proba-
bility)(Hendrycks and Gimpel, 2017), GDA (Gaus-
sian Discriminant Analysis)(Xu et al., 2020) and
Energy(Ouyang et al., 2021). Besides, we com-
pare our models with the following state-of-the-art
baselines, OpenMax(Bendale and Boult, 2016a),
DeepUnk(Lin and Xu, 2019), Energy(Ouyang et al.,
2021), SCL(Zeng et al., 2021a) and ADB(Zhang
et al., 2021). We provide a more comprehensive
comparison and implementation details of these
models in the Appendix.

4.4 Implementation Details
To conduct a fair comparison, we follow a simi-
lar evaluation setting as (Zeng et al., 2021a) and
(Zhang et al., 2021). We use the public pre-trained
GloVe embeddings (Pennington et al., 2014) and
BERT-uncased (Devlin et al., 2019) (with 12-layer
transformer, implemented in PyTorch) to embed
tokens. We set the learning rate to 1e-03 for LSTM
and 2e-05 for BERT. To speed up the traning proce-
dure and achieve better performance, we freeze all
but the last transformer layer parameters of BERT.
We use Adam optimizer (Kingma and Ba, 2014)
to train our model and set the dropout rate to 0.5.
We use the best F1 scores on the development set
to calculate the MSP, GDA and Energy thresholds
adaptively. Each result of the experiments is tested
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Detection Training

CLINC-Full Snips
Global Threshold Local Threshold(ours) Global Threshold Local Threshold(ours)

OOD IND OOD IND OOD IND OOD IND
F1 Recall F1 F1 Recall F1 F1 Recall F1 F1 Recall F1

MSP
CE 54.70 44.50 86.28 64.35 62.00 87.06 74.39 80.19 88.37 78.03 82.46 90.21

SCL 56.98 46.34 87.94 65.88 64.31 88.00 76.23 80.57 89.60 79.25 82.57 91.30
RCL(ours) 61.71 53.90 88.45 67.43 64.92 88.76 81.00 81.52 91.71 83.53 82.94 93.28

GDA
CE 65.79 64.14 87.90 68.06 73.50 87.95 77.33 79.23 90.08 81.96 84.52 90.11

SCL 68.04 66.92 88.60 70.85 73.40 88.63 80.27 82.46 91.19 83.45 87.20 92.58
RCL(ours) 72.61 70.00 88.98 73.88 75.10 89.03 85.24 86.95 93.89 87.91 88.57 94.65

Energy
CE 68.87 66.30 88.02 71.67 72.50 88.78 78.75 79.27 91.00 82.65 84.70 92.58

SCL 71.12 71.01 88.59 73.15 73.20 88.98 81.72 81.99 91.27 85.04 85.83 93.47
RCL(ours) 74.30 72.03 89.56 75.32 78.60 89.67 86.41 87.16 94.40 89.21 89.45 95.42

Table 2: The performance of OOD detection and IND classification with different OOD detection methods on
CLINC-Full and Snips datasets for the BiLSTM-based model(p<0.05 under t-test).

Models
CLINC-50% CLINC-Full

OOD F1 IND F1 OOD F1 IND F1
OpenMax(Bendale and Boult, 2016a) 81.89 80.54 - -

DeepUnk(Lin and Xu, 2019) 85.85 82.11 - -
Energy(Ouyang et al., 2021) 84.34 82.61 75.93 91.23

SCL(Zeng et al., 2021a) 86.42 84.55 68.21 89.57
ADB(Zhang et al., 2021) 88.65 85.00 76.52 90.94

Ours 92.16 86.05 82.03 92.00

Table 3: The performance of OOD detection and IND
classification compared with previous state-of-the-art
baselines for the BERT-based model.

for 10 times under the same setting and reports the
average value. In the training stage, for our model,
we conduct 5 epochs of confused-label pair con-
trasting on designative batches of IND data, and
then 10 epochs of global contrasting on randomly
sampled IND data. Finally, we used CE to finetune
the previous model with the epoch to 20. For the
baselines in Table 2, we set the training epoch to
20 for CE and 15 for SCL. For fair comparison,
we adopt the same data augmentation method as
(Zeng et al., 2021a). Specifically, we apply adver-
sarial attack to generate pseudo positive samples
to increase the diversity of views for contrastive
learning. The training time for CE is about 1.6
minutes using Glove+LSTM, and 12 minutes using
BERT. The training stage of our model lasts about
2 minutes using Glove+LSTM, and 15 minutes
using BERT on single Tesla T4 GPU (16 GB of
memory) in CLINC-Full dataset which has 15,000
training samples. And the test stage of our model
lasts about 1 second using Glove+LSTM, and 3
seconds using BERT. We have similar training time
with SCL. And the test time of RCL is the same as
that of CE and SCL.

4.5 Main Results

Table 2 displays our experimental results on
datasets of CLINC-full and Snips with three dif-
ferent OOD detection algorithms: MSP, GDA and
Energy. We show similar results on CLINC-Small

dataset in the Appendix Table 7. From Table 2, we
can make the following observations.

Our method achieves the best results un-
der all detection algorithms. Using RCL+Local
threshold significantly outperforms all the base-
lines under different OOD detection algorithms.
Specifically, our method achieves 10.44%, 5.84%,
4.20% improvements over SCL+Global threshold
on OOD F1 under three OOD detection algorithms
on CLINC-full dataset and 7.30%, 7.64% and
7.49% on Snips dataset. We also observe that F1
score of IND classification with our approaches
can keep comparable or slightly outperform the
baselines, showing that RCL and class-dependent
local threshold effectively improve OOD detection
without harming the performance of IND classifi-
cation. We show similar results on CLINC-Small
dataset in the Appendix Table 7.

RCL consistently outperforms CE and SCL.
On CLINC-Full, RCL achieves 4.73%, 4.57% and
4.18% improvements over SCL on OOD F1 under
three OOD detection settings and 4.77%, 4.97%
and 4.69% on Snips dataset, respectively. It demon-
strates that RCL can stably discriminate the rep-
resentation space by separating easily-confused
classes and thus improve the performance of OOD
detection. We also find compared with local thresh-
old, RCL improved more significantly on global
threshold. We argue this is due to the local thresh-
old has alleviated part of overconfidence problem.

Local threshold consistently outperforms
global threshold. We find the local threshold con-
sistently wins the global one with a significant mar-
gin, especially in MSP. We argue MSP suffers from
more serious over-confident IND issue than GDA
and energy. This reveals that the local threshold can
alleviate the over-confident IND issue by assigning
an adaptive threshold for each IND class.

Comparing with previous baselines. To make a
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Models Min Median Max Mean
CE 162.9 252.6 445.5 261.1

SCL 125.0 228.8 408.7 235.9
RCL(ours) 96.4 177.9 390.2 190.6

Table 4: Intra-class variance statistics.
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Figure 5: Inter-class distance statistics with different
number of the nearest class centers.

fair comparison with previous baselines, we follow
the same setting as Zhang et al. (2021). Specifically,
we use the BERT as the backbone of the model,
and sample 25%, 50%, 75% or 100% (Full) classes
of the CLINC-Full dataset as the IND classes,
the other as OOD. From Table 3 and 10 (in the
Apendix), we can observe that our approach out-
performs previous baselines on F1 scores of both
OOD detection and IND classification. We achieve
4.56%, 3.51%, 4.03%, and 5.51% performance
gain on OOD F1 for the 25%, 50%, 75% and Full
settings.

5 Analysis

5.1 Analysis of IND Representations

To analyse how our RCL method affects the repre-
sentation space and improves the performance of
OOD detection, we perform a statistical analysis of
the intra-class variance within each class as well as
the inter-class distance between multiple classes.

RCL leads to smaller intra-class variance. To
calculate the intra-class variance, we first compute
the class center by averaging all samples representa-
tion corresponding to same class, then we calculate
the variance of all samples to corresponding class
center as the corresponding intra-class variance. In
Table 4, we show the intra-class variance statistics
among all classes with different training strategies:
CE, SCL and our proposed RCL. We can find that
all of the minimum, median, mean and maximum
values of our approach are lower than CE and SCL,
demonstrating that the RCL makes the representa-
tions within a single class tighter.

RCL leads to larger inter-class distance. We

Type 1 Type 2 Models Inter-class Distance

change_user_name change_ai_name
CE 0.526

SCL 0.573
Ours 0.900

change_user_name payday
CE 1.023

SCL 1.151
Ours 1.181

what_is_your_name user_name
CE 0.449

SCL 0.466
Ours 0.789

change_speed play_music
CE 0.774

SCL 0.925
Ours 1.094

rewards_balance redeem_rewards
CE 0.511

SCL 0.572
Ours 0.666

Table 5: Inter-class distance statistics between Confused
Pairs.

calculate the inter-class distance by averaging the
euclidean distance from the center class to its K
nearest classes. For each class, we take the class
center by averaging all representations that belong
to this class. Figure 5 show that our RCL approach
consistently obtains larger inter-class distance com-
pared to CE and SCL. This phenomena shows that
our approach improves the OOD detection perfor-
mance by separating among classes while main-
taining intra-class high cohesion. It effectively im-
proves the uniformity of the representation space.

5.2 Analysis of Confusing IND Categories

To further verify the effect of RCL on easily-
confused classes, we select 4 label pairs that are
easily confused by the baseline model (change user
name v.s. change ai name, what is your name v.s.
user name, change speed v.s. play music, and re-
wards balance v.s. redeem rewards). In addition,
we also select one label pair that is semantically un-
related (change user name v.s. payday). For each
class pair, we compare the inter-class of models
that are trained with CE, SCL and our RCL.

We can observe from the group that training
with RCL greatly increases the inter-class distance
between confusable classes in Table 5. Take the
first class pair as an example, our RCL achieves
57% gain of inter-class distance over the SCL base-
line, while the SCL only achieves 9% gain based
on CE. On the other hand, when comparing be-
tween the group 1 and 2, we can conclude that our
method works better on pushing away confusable
class pairs, while for semantically unrelated ones,
the effect is not obvious (+ 57% v.s. + 2.6%).

5.3 Effect of Local Threshold

As we discussed above, setting a general global
threshold for OOD detection is a straightforward
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Figure 6: Local Threshold vs Global Threshold.

idea and the common practice in reality. How-
ever, it can not be applied to the situation where
the variance of each IND class is various. If the
global threshold is not suitable for some specific
IND classes, the probability of true OOD samples
may exceed the global threshold, resulting in over-
confident IND samples.

To show the effect of class-dependent local
threshold, we randomly select 20 IND classes, and
give the mean softmax probability of the IND sam-
ples of each class as well as the OOD samples
that have the same class with maximum softmax
probability (i.e., these samples may be misclas-
sified to this IND class or correctly identified as
OOD, depending on the threshold). Then, we give
the global threshold and the class-dependent local
threshold for each IND class. For simplicity, we
only show the mean value but variance. Note that
the threshold between IND and OOD means most
of the judgments are correct, but not necessarily all
of them. We show half of results in Figure 6 and
the rest in the Appendix(Figure 10).

For IND classes (1) - (4), the averaged maxi-
mum softmax probabilities of OOD samples are all
beyond the threshold, indicating that a large pro-
portion of the OOD samples are over-confident and
will be classified to the corresponding IND class.
However, with our class-dependent local threshold,
the threshold is greater than the global threshold
and can distinguish the IND and OOD samples
more precisely.

For IND classes (5) - (6), the global threshold
is lucky to distinguish the IND and OOD samples.
However, we find these classes only make up a
small proportion of all IND classes (about 20%
since only 2 classes among 10 belong to this case).

For IND classes (7) - (10), we find even the av-
eraged maximum softmax probability of IND sam-
ples is below the global threshold. It means that
these IND classes can be easily confused with other
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Figure 7: Effect of out-of-domain data size in develop-
ment set.

semantically related IND classes, and thus degrades
their maximum softmax probabilities, resulting in
over-confident OOD samples. In contrast, our lo-
cal threshold can automatically select the proper
threshold, adaptively degrading the threshold cor-
respondingly so that the threshold can exactly sep-
arate the IND and OOD samples.

5.4 Effect of Development Set Size

Figure 7 shows the effect of development set size.
Using a small amount of OOD samples in devel-
opment set to get a more suitable threshold is in-
evitable in OOD detection task. To show the ef-
fect of development set size, we randomly choose
development data with a certain proportion from
CLINC-Full OOD labeled development set and use
the original test set for evaluation. We use the
LSTM+Energy and LSTM+GDA settings.

Compare local and global thresholds. We
find that the local threshold consistently outper-
forms global threshold with a significant margin,
regardless of the OOD detection methods and train-
ing strategies we applied. Specifically, the per-
formance drops are -4.5%(-2.8%), -10.5%(-4.4%)
and -22.8%(-13.4%) over global(local) thresholds
with three training strategies, respectively. Besides,
we also find that the CE+Global collapses in per-
formance when there are only 20 samples in dev
set, while CE+Local is much better. We specu-
late that this phenomenon occurs because the OOD
samples in the CLINC-Full dataset are diverse and
the global threshold tends to overfit the data. It
confirms that our proposed local threshold method
can alleviate the reliance on development size by
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Models
IND<->OOD

IND<->IND All Errors
IND->OOD OOD->IND SUM

MSP 156 576 732 290 1022
MSP + RCL 122 542 664 233 897
MSP + Local Threshold 284 378 662 234 896
MSP + RCL + Local Threshold 229 390 619 194 813

Table 6: Statistics of different error types using RCL
and Local Threshold.

assigning a specific threshold for each class.
Compare RCL with other training strategies.

We find that the RCL consistently outperforms SCL
and CE. Specifically, under CE, SCL and RCL, the
performance drops are -22.8%, -10.5% and -4.5%,
respectively. Besides, with the decrease of develop-
ment data size, the corresponding difference gradu-
ally increases. It demonstrates that RCL can effec-
tively relieve the dependence on development size
by separating easily misclassified classes.

We also observe that in the range of 40-100, the
performance of RCL hardly degrades. To be more
specific, when only 40 OOD labeled data provided,
the OOD F1 score of RCL+Local threshold model
is still 74.58(-0.74%). And even when only 20
OOD labeled data are available(about 0.13% train-
ing data), our proposed model still outperforms
the best baseline(SCL+Global threshold) with 100
OOD labeled data by 1.35%. This reveals that our
model is more robust and less dependent on de-
velopment set size. And the result of our model
is significantly improved under four datasets fur-
ther proves that our proposed methods have strong
robustness and generalization capability.

5.5 Analysis of Error Types

In order to explore the effect of our method on
different error types. We divide all the error sam-
ples into three categories: confusion between
IND(IND<->IND), over-confident OOD(IND<-
>OOD) and over-confident IND(OOD<->IND).

Figure 8(a) indicates that RCL can achieve con-
sistently improvements in all the three error types.
Figure 8(b) indicates that local threshold outper-
forms global threshold both in error of IND<->IND
and OOD->IND. While greatly reducing OOD-
>IND errors, local threshold inevitably increases
IND->OOD errors (explained by Figure 2). We
hypothesize this is due to the high semantic sim-
ilarity between IND classes and labeling noise in
dataset, which can be mitigated by RCL(see Table
6). We will leave more possible solutions for future
work. Combined with Table 6, compared to global
threshold, our local threshold can obtain smaller
overall errors. In general, local threshold is better

IND<->IND IND->OOD OOD->IND
(a) CE vs SCL vs RCL(ours)
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Figure 8: Statistics of different error types using differ-
ent training objectives and different thresholds.

for the overall performance.
Table 6 displays the comparison between RCL

and local threshold. We find our RCL and lo-
cal threshold both outperform MSP baseline and
RCL+local threshold achieves the best perfor-
mance. Comparing RCL and local threshold, RCL
targets at IND->OOD errors (from 156 to 122) for
over-confident OOD, while local threshold helps
reduce OOD->IND errors (from 576 to 378) for
over-confident IND. Besides, they both help reduce
overall IND&OOD errors. On the other hand, the
performance improvement on OOD detection al-
ways helps IND classification.

6 Conclusion

In this paper, we focus on the overconfidence issue
of unsupervised OOD detection. We find the rea-
sons for overconfidence arise from two aspects: (1)
IND classes have high semantic similarity. (2) IND
and OOD intents have spurious correlations. Ac-
cording to the two reasons, we respectively propose
a novel reassigned contrastive learning (RCL) to
discriminate IND intents for over-confident OOD
and an adaptive class-dependent local threshold
mechanism to separate similar IND and OOD in-
tents for over-confident IND. We perform extensive
experiments and comprehensive analyses to demon-
strate the effectiveness of our approach. We hope
to provide new guidance for future work.
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A Comparison of CL, SCL and RCL

Contrastive learning (CL) methods (Chen et al.,
2020; He et al., 2020) have been proven effective to
learn unsupervised representations for downstream
tasks. Winkens et al. (2020); Zeng et al. (2021b)
propose to apply contrastive learning (CL) to OOD
detection task. They first perform CL on unlabeled
data (including unlabeled IND and OOD intents) to
learn OOD representations, then use cross-entropy
loss on labeled IND data to learn an IND intent
classifier. But the unlabeled data is not always
available. More importantly, CL can only inde-
pendently learn the OOD and IND representations
(because the CL loss is built in an instance-wise
way), but not explicitly distinguish different in-
tent types in a class-wise way. Further, Zeng et al.
(2021a) uses supervised contrastive learning (SCL)
(Khosla et al., 2020) to learn discriminative intent
representations only using labeled IND data. Com-
pared to CL, SCL regards all the IND intents from
the same class as positive pairs and samples from
different classes as negative pairs. SCL aims to
learn tight intent representations for each intent
type and tries to distinguish different intent types.
However, we find intents within similar categories
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Detection Training
Global Threshold Local Threshold(ours)

OOD IND OOD IND
F1 Recall F1 F1 Recall F1

MSP
CE 48.89 37.40 83.94 62.94 61.42 85.61

SCL 55.79 47.20 86.25 63.57 61.10 86.80
RCL(ours) 61.54 53.23 86.26 65.33 62.05 86.81

GDA
CE 61.89 60.72 84.87 63.88 66.60 84.40

SCL 64.70 64.16 87.02 66.64 71.69 87.17
RCL(ours) 70.56 68.92 87.27 71.69 72.80 87.54

Energy
CE 63.57 58.10 84.70 66.63 66.69 84.74

SCL 67.64 65.10 85.77 70.67 70.16 86.89
RCL(ours) 71.46 71.49 87.69 74.19 77.90 87.86

Table 7: The performance of OOD detection and IND classification with different OOD detection methods on
CLINC-Small dataset (p<0.05 under t-test).

Training Test
SCL x1.00 -

RCL(ours) x1.10 -

Table 8: The radio of training time and test time com-
pared with SCL model.

are still easily misclassified (see Section E). Intu-
itively, these easily-confused IND classes can be
regarded as hard examples (Zhuang et al., 2019) for
existing CL-based methods. Inspired by the idea,
we propose a simple but strong reassigned con-
trastive learning (RCL) framework to give more
penalty on these easily-confused IND classes to ex-
plicitly distinguish them. The main difference is the
confused-label pair contrasting process (we provide
an example to show how to construct hard positives
and negatives in Figure 4) and please see details
in the Confused-label pair contrasting section(line
241-267). Generally, RCL aims to learn discrim-
inative intent representations for OOD detection,
especially for these easily-confused intent classes.
Compared to Zhuang et al. (2019); Wang and Liu
(2021), these work only mines negatives close to
the anchor sample as hard negatives by computing
representation cosine similarity, but RCL uses the
model’s wrong predictions as supervised positives
and negatives. Our method is more accurate be-
cause estimating representation similarity may be
biased and we can construct both hard positives
and negatives. Note that RCL only increases the
training cost for a little but requires no extra infer-
ence budget and uses the same model size as SCL.
Please see the following section for details.

B Comparison of time complexity and
space complexity

We discuss the time and space complexity of RCL
and Local threshold in Table 8 and Table 9. In terms

Training Test
Global Threshold - x1.00

Local Threshold(ours) - x1.06

Table 9: The radio of training time and test time com-
pared with global threshold.

Models
CLINC-25% CLINC-75%

OOD F1 IND F1 OOD F1 IND F1
OpenMax(Bendale and Boult, 2016a) 75.76 61.62 76.35 73.13

DeepUnk(Lin and Xu, 2019) 87.33 70.73 81.15 86.27
Energy(Ouyang et al., 2021) 91.09 72.68 71.43 78.07

SCL(Zeng et al., 2021a) 93.40 77.16 73.98 86.89
ADB(Zhang et al., 2021) 91.84 76.80 83.92 88.58

Ours 96.40 83.56 87.95 89.67

Table 10: The performance of OOD detection and IND
classification compared with previous state-of-the-art
baselines for the BERT-based model.

of time complexity, we set the epoch of SCL and
RCL to 15. The training time for RCL is about 15
minutes using BERT in CLINC-Full dataset which
has 15,000 training samples. RCL have similar
training time with SCL. And the test stage of global
threshold lasts about 3 seconds using BERT. The
local threshold has almost the same test time as the
global threshold, while the performance can even
be increased by 9%. From the perspective of space
complexity, RCL and SCL utilize the same encoder
structure. The size of the model parameters of RCL
is equal to that of SCL. Besides, the global thresh-
old and the local threshold are only the differences
of the algorithm, and there are no extra parameters.

C Algorithm

We show the training procedure of RCL in Algo-
rithm 1. E0, E1 and E2 are the training epochs of
confused-label pair contrasting, global contrasting
and cross-entropy classification processes, respec-
tively. In practice, we set E0, E1 and E2 to 5, 10
and 20, respectively. n is the number of training
samples. First, we construct a set of confused la-
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Algorithm 1 : Reassigned Contrastive Learning

Input: training dataset D0 = {(xi, yi)}ni=1, Batch size N, training epoch E0, E1 and E2, initial intent
classification model’s predictions D1 = {(xi, ŷi)}ni=1

Output: a new intent classification model
1: construct confused label pairs set P = {(yj , ŷj)|yj ∈ D0, ŷj ∈ D1, yj ̸= ŷj}mj=1 and clean labels set
S = {yj |yj /∈ P}kj=1

2: for epoch = 1 to E0 do ▷ Confused-label pair contrasting
3: sample confused mini-batch B̂ = {{(xi, yj or ŷj))|(yj , ŷj) ∈ P}Ni=1}mj=1 from D0

4: sample clean mini-batch B = {(xi, yi)|yi ∈ S}Ni=1 from D0

5: iteratively compute supervised contrastive loss on B̂ or B
6: end for
7: for epoch = 1 to E1 do ▷ Global contrasting
8: random sample batches B1 = {(xi, yi)}Ni=1 from D0

9: compute supervised contrastive loss
10: end for
11: for epoch = 1 to E2 do
12: random sample batches B2 = {(xi, yi)}Ni=1 from D0

13: compute cross-entropy loss
14: end for

bel pairs by combining the ground truth labels y
and predicted labels ŷ of the training data. Taking
Figure 4 as an example, (A,B) is one of confusing
label pairs in P . m is the number of confusing
label pairs. And the remaining labels that never
confused with other labels, called clean labels, are
collected in the set S. k is the number of clean
labels. Then, we sample confused mini-batch B̂
following P restrainedly. Note that a mini-batch
B̂j will only contain the samples with ground truth
yj or ŷj . We also sample clean mini-batch B fol-
lowing S restrainedly. Different from the confused
mini-batch, a clean mini-batch Bj can contain any
sample whose label belongs to S. We will compute
the supervised contrastive loss iteratively, on con-
fused mini-batch or clean mini-batch. Apart from
confused-label pair contrasting, we also employ
global contrasting by randomly sampling batches
on all IND samples to avoid knowledge forgetting.
Finally, we compute cross-entropy loss to fine-tune
the model.

D Baselines

We compare many types of unsupervised OOD
detection models. For feature extractor, we use
LSTM(Long Short Term Memory)(Hochreiter and
Schmidhuber, 1997) or BERT(Bidirectional En-
coder Representations from Transformers)(Devlin
et al., 2019). For training objection, we com-
pare RCL with CE and SCL. For detection algo-

rithms, to verify the generalization of our proposed
models, we use MSP(Maximum Softmax Probabil-
ity)(Hendrycks and Gimpel, 2017), GDA(Gaussian
Discriminant Analysis)(Xu et al., 2020) and En-
ergy(Ouyang et al., 2021). Besides, we compare
our models with the following state-of-the-art base-
lines, OpenMax(Bendale and Boult, 2016a), Deep-
Unk(Lin and Xu, 2019), Energy(Ouyang et al.,
2021), SCL(Zeng et al., 2021a), ADB(Zhang et al.,
2021). We supplement the relevant baseline details
as follows:
MSP (Maximum Softmax Probability)(Hendrycks
and Gimpel, 2017) applies a threshold on the max-
imum softmax probability. We use the best F1
scores on the validation set to calculate the thresh-
old adaptively.
GDA (Gaussian Discriminant Analysis)(Xu et al.,
2020) is a generative distance-based classifier for
out-of-domain detection with Euclidean space. It
estimates the class-conditional distribution on fea-
ture spaces of DNNs via Gaussian discriminant
analysis to avoid over-confidence problems and use
Mahalanobis distance to measure the confidence
score of whether a test sample belongs to OOD.
Energy(Ouyang et al., 2021) maps a sample x to a
single scalar called the energy. We use the thresh-
old on the energy score to consider whether a test
query belongs to OOD.
OpenMax(Bendale and Boult, 2016b) is an open
set detection method in computer vision, we adapt
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Figure 9: Confusion matrix of CE, SCL and RCL based on MSP.

it for OOD. We firstly use the CE loss to train a
classifier on in-domain intents, then fit a Weibull
distribution to the classifier’s output logits.
DeepUnk(Lin and Xu, 2019) learns the deep in-
tent features with the margin loss and detects the
unknown intent with local outlier factor.
SCL(Zeng et al., 2021a) uses a supervised con-
trastive learning objective to learn discriminative
intent features. We conduct many experiments and
from multiple perspectives prove that our method
can consistently outperform SCL.
ADB(Zhang et al., 2021) learns adaptive decision
boundary using a loss function to balance both the
empirical risk and the open space risk. It is still a
time-consuming process. Compare with ADB, our
method can achieve the best performance.

E IND Confusion Matrix

To demonstrate how our proposed RCL approach
improves the performance by decreasing the num-
ber of error cases, we show the confusion matrix
among 10 IND classes as well as the unseen OOD
class. Specially, we pick 10 easily-confused classes
by the baseline model as the IND classes, and show
the confusion matrices of CE, SCL and RCL in Fig-
ure 9. From the figure, we can make the following
observations.

On the one hand, we find the confusion of easily-
confused IND classes is significantly mitigated.
Take the beginning four IND classes change user
name (a), user name (b), change ai name (c) and
what is your name (d) as an example, when train-
ing with CE, there are totally 34 misclassified sam-
ples. However, after applying our RCL approach,
the number misclassified samples decreases to 11,
which is a 68% reduction. It indicates that the con-
fusion among those semantically close IND classes
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Figure 10: Local Threshold vs Global Threshold.

is effectively alleviated by our RCL training strat-
egy.

On the other hand, we focus on the confusion
between the unseen OOD and the IND classes. The
last row of the confusion matrix indicates the over-
confident IND (truly OOD sample, but predicted as
IND), while the last column of the confusion matrix
indicates the over-confident OOD (truly IND sam-
ple, but predicted as OOD). We can find that our
RCL model reduces the number of over-confident
IND samples by 69.6% and 70.0% compared to
the CE and SCL models, respectively. Meanwhile,
our RCL model also reduces the number of over-
confident OOD samples by 60.0% and 47.4% com-
pared to the CE and SCL models, respectively. This
phenomena proves that our RCL model improves
the OOD detection performance through solving
the over-confident IND and OOD issues.

F Effect of Local Threshold

Figure 10 shows the result of the additional 10
IND classes. Limited by the degree of semantic
similarity between OOD and IND, there may be
no OOD samples on some classes. In this case, we
will set the local threshold to be the same as the
global threshold, as IND class (3).

For IND classes (1), (6), (7) and (8), both the
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global threshold and local threshold are between
the mean softmax probability of the IND samples
and OOD samples. Analyze with specific exam-
ples, we find that the probability of OOD samples
in (6) is more concentrated on small probability val-
ues, while (7) and (8) have greater variance. Com-
pared with the global threshold, the local threshold
can better alleviate the over-confident problem by
choosing a more appropriate threshold boundary.

For IND classes (2), (4) and (5), the mean maxi-
mum softmax probabilities of OOD samples are all
beyond the global threshold. For category (2), the
local threshold falls exactly between IND and OOD
while global does not. For (4) and (5), although
both the local threshold and the global threshold
are below OOD, it is clear that the local threshold
is more reasonable.

For IND classes (9) and (10), both the averaged
max softmax probability of IND and OOD are
lower than the global threshold, which means that
a large portion of IND samples will be misclas-
sified as OOD. On the contrary, our local thresh-
old method can adaptively select more appropriate
thresholds, which largely eliminates the problem
of overconfident OOD.
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Abstract

As an essential component of task-oriented di-
alogue systems, slot filling requires enormous
labeled training data in a certain domain. How-
ever, in most cases, there is little or no tar-
get domain training data is available in the
training stage. Thus, cross-domain slot filling
has to cope with the data scarcity problem by
zero/few-shot learning. Previous researches
on zero/few-shot cross-domain slot filling fo-
cus on slot descriptions and examples while
ignoring the slot type ambiguity and example
ambiguity issues. To address these problems,
we propose Abundant Information Slot Filling
Generator (AISFG), a generative model with
a novel query template that incorporates do-
main descriptions, slot descriptions, and exam-
ples with context. Experimental results show
that our model outperforms state-of-the-art ap-
proaches in zero/few-shot slot filling task.1

1 Introduction

Slot filling is a critical part of downstream tasks in
natural language understanding (NLU) such as di-
alogue systems. Recently, some supervised slot
filling models have achieved state-of-the-art re-
sults within deep learning (Mesnil et al., 2013; Yao
et al., 2013; Louvan and Magnini, 2018; Kim et al.,
2019).Nonetheless, these methods have a strong
dependency on the domain-specific labels, which
is not capable of transferring to new domains that
always contain little or no data.

To alleviate the problem of resource gap between
source and target domains, cross-domain zero-shot
has become an important research direction in slot
filling. However, most researches on slot filling
utilize token-level classification frameworks, which
means they either convert it to a BIO tag labeling
task (Shah et al., 2019; Bapna et al., 2017; Du
et al., 2021) or predict the start and end position as

*Contributed equally.
1The source code is available at https://github.

com/realyanyang/AISFG.

QA task in the sentence (Du et al., 2021; Yu et al.,
2021a), to extract spans. Recently, prompt learning
methods reformulate the downstream tasks to a
similar form with the pre-training tasks, which can
fully utilize the knowledge encoded in PLMs and
improve the performance of the downstream tasks
in the scenarios of data scarcity. Motivated by this,
we consider making the slot filling task consistent
with PLMs pre-training tasks.

In this paper, we propose a generative template-
based zero-shot slot filling framework named Abun-
dant Information Slot Filling Generator (AISFG),
which utilizes pre-trained generative model as the
backbone and generates responses in natural lan-
guage style. Thus, the slot filling task is consistent
with the pre-training task of the PLM. In particu-
lar, we notice that shared cross-domain slot types
sometimes refer to totally different entities across
different domains. For example, in the SNIPS
dataset (Coucke et al., 2018), domains RateBook
and SearchScreeningEvent share a common slot
type object_type, but it refers to book type and
movie schedule, respectively. We call this slot type
ambiguity issue. Moreover, we argue that incorpo-
rating slot examples only is far from fully utilizing
the example information. For instance, for sentence
give 5 out of 6 stars to creatures of light and dark-
ness, we give the slot description to find best rating
with examples like 6 and 5, the model produces
the wrong answer 5 but not 6. We conjecture that,
the model just learn that predicting a number is
satisfying from these two examples but does not
understand what is the best rating means. We call
this example ambiguity issue. Thus, we attach our
attention to domain-specific descriptions and exam-
ples with context to alleviate the above two issues.
Specifically, we design the query template by in-
corporating domain descriptions, slot descriptions
and examples with context.

The contribution of this paper can be summa-
rized in three aspects:
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Sentence: i am rating this book titled a
history of warfare under the war series 1
out of 6 stars

Slot: object_name

Domain: RateBook

Query: in domain rate book, find the object name, like
lessons from madame chic in i rate lessons from madame
chic 10 stars, in sentence: i am rating this book titled a
history of warfare under the war series 1 out of 6 stars

Enc Dec

Response: a history of warfare, war
Target #1 

a history of warfare
Target #2 

war

Recover

Figure 1: Illustration of our proposed AISFG.

• We propose a generative template-based zero-
shot slot filling framework. To the best of our
knowledge, we are the first to apply the gen-
erative framework to perform the zero-shot
cross-domain slot filling task.

• We focus on slot type ambiguity and exam-
ple ambiguity, which is ignored by previous
researches. We incorporate domain-specific
descriptions and examples with context to the
query template to handle these two issues.

• The experimental results show that AISFG
achieves better performance than the existing
methods on the setting of zero/few-shot.

2 Methodology

2.1 Slot Filling as Generation
Given a sentence x from domain d ∈ D, slot filling
aims to predict a set of (slot type, span) pairs (s, y),
where s ∈ S is a specific entity type from a fixed
set of slot types, and y = {y1, y2, . . . , yi} is a set
of spans in sentence x. Most work on slot filling uti-
lizes token-level classification frameworks, which
means they either convert it to BIO tag labeling or
predict the start and end position in the sentence,
to extract spans.

In contrast to this convention, we frame slot fill-
ing as a conditional sequence generation task and
solve it in a sequence-to-sequence manner. As
shown in Figure 1, given a sentence x, domain d,
slot type s and target y, we construct natural lan-
guage query q = tq(x, d, s) and response r = tr(y)
based on the predefined template. The generative
model takes q as input and directly predicts r in a
generation manner.

Leveraging the rich knowledge in the pre-trained
generative model is important for cross-domain slot
filling, especially in zero/few-shot setting. Thus,
we construct query and response as natural lan-
guage sentences to naturally utilize them.

Query Construction To solve the slot type am-
biguity and example ambiguity, we synthesize the
query by incorporating domain descriptions, slot
descriptions and examples with context. Specifi-
cally, query construction template is formulated as:

in domain 1⃝, find the 2⃝, like 3⃝
in 4⃝, in sentence: x.

where the blank 1⃝, 2⃝, 3⃝, 4⃝ are filled with
domain description, slot description, example en-
tity and context for example, respectively. To
avoid data leakage, we construct examples and con-
texts manually to ensure the example entities are
not appeared in the dataset. The predefined spe-
cific mappings between domain/slot and descrip-
tion/example/context are reported in Appendix A.1
and A.3. Moreover, a query example is illustrated
in Figure 1.

Response Construction Ideally, the response
should be as simple as possible to alleviate the
generation difficulty. Besides, an explicit template
is easily converted to the original format for com-
patibility. Thus, we construct response by concate-
nating target entities with commas:

y1, y2, . . . , yi.
where yi is the i-th entity span in sentence x. A
response example is illustrated in Figure 1.

2.2 Train and Inference

The sequence-to-sequence model is instantiated as
a pre-trained generative language model, such as
BART (Lewis et al., 2020). In the training stage,
for the input sentence x with multiple slots, we
build a training pair, which consists of a query and
a response based on the templates above for each
slot. We further fine-tune the parameters based on
these training pairs to maximize the log likelihood
for predicting gold responses just like in an ordi-
nary generation task. In the inference stage, we

4181



Corpus
Training Setting Zero-shot Few-shot on 20 samples Few-shot on 50 samples

Domain↓Model→ CT RZT Coach QASF AISFG CT RZT Coach AISFG CT RZT Coach AISFG

SNIPS

AddToPlaylist 38.82 42.77 50.90 57.57 56.20 58.36 63.18 62.76 81.64 68.69 74.89 74.68 83.51
BookRestaurant 27.54 30.68 34.01 48.75 65.94 45.65 50.54 65.97 78.06 54.22 54.49 74.82 84.60
GetWeather 46.45 50.28 50.47 61.27 67.66 54.22 58.86 67.89 82.68 63.23 58.87 79.64 83.73
PlayMusic 32.86 33.12 32.01 38.54 50.12 46.35 47.20 54.04 77.59 54.32 59.20 66.38 78.79
RateBook 14.54 16.43 22.06 36.51 41.05 64.37 63.33 74.68 79.06 76.45 76.87 84.62 92.85
SearchCreativeWork 39.79 44.45 46.65 60.82 67.46 57.83 63.39 57.19 71.95 66.38 67.81 64.56 76.00
SearchScreeningEvent 13.83 12.25 25.63 27.72 35.05 48.59 49.18 67.38 73.91 70.67 74.58 83.85 91.29

Average F1 30.55 32.85 37.39 47.31 54.78 53.62 56.53 64.27 77.84 64.85 66.67 75.51 84.39

ATIS AirlineTravel 2.14 2.86 1.64 - 35.17 26.05 41.37 54.91 64.04 35.87 51.80 66.99 75.31

Table 1: F1-scores (%) on SNIPS and ATIS for different target domains under zero-shot and few-shot learning
settings. Bold indicates the best results. ‘-’ represents the result is missed in published papers.

also build a query for each candidate slot, and the
response r̂ is generated in an auto-regressive man-
ner, which means selecting the token as the next
token with the highest probability over the vocabu-
lary set at each time step. Note that, although we
do not explicitly restrict the response tokens should
originate from the input sentence x, AISFG can
always do it (but there are exceptions, we show
some cases in Section 3.4). Then, the response r̂ is
split by commas to recover to the original format ŷ
for evaluation.

3 Experiments

3.1 Setup

Dataset We evaluate our method on SNIPS
(Coucke et al., 2018), a public spoken language
understanding dataset which contains 7 domains
and 39 slots. To simulate the cross-domain scenar-
ios, we choose one domain as the target domain for
test and the left six domains as the source domains
for training following the setup of Liu et al. (2020).

However, domains in SNIPS are not completely
independent with each other. To achieve a real
cross-domain scenario, we use another commonly
used dataset namely ATIS (Price, 1990) as the tar-
get domain to test our model which is trained on
SNIPS.

Baselines We compare our method against a
number of representative baselines as follows:

• Concept Tagger (CT) A slot-filling frame-
work proposed by Gobbi et al. (2018), which
utilizes original slot descriptions to generalize
to unseen slot types.

• Robust Zero-shot Tagger (RZT) Besides
leveraging slot descriptions like CT, RZT
(Shah et al., 2019) further introduces exam-
ples to improve the robustness of zero-shot
slot filling.

• Coarse-to-fine Approach (Coach) Coach
(Liu et al., 2020) is a two-step coarse-to-fine
model for slot-filling, which performs coarse-
grained BIO labeling task in the first step and
performs fine-grained slot type classification
task in the second step. It also encodes slot de-
scriptions to help recognize unseen slot types.

• QA-driven slot filling (QASF) QASF (Du
et al., 2021) uses a linguistically motivated
question generation strategy for converting
slot descriptions and example values into nat-
ural questions and solves the slot filling by
extracting spans from utterances with a span-
based QA model.

3.2 Main Results
Cross-Domain Slot Filling The cross-domain
slot filling results are reported in Table 1. In SNIPS
dataset, AISFG outperforms the state-of-the-art
models (QASF for zero-shot and Coach for few-
shot) by 7.47% on the average F1 under zero-shot
setting, 13.57% under 20-shot setting and 8.88%
under 50-shot setting, which demonstrates the su-
periority of our method. We train AISFG on SNIPS
dataset and test it on the ATIS dataset for simulating
a real cross-domain scenario, results are reported in
the bottom of Table 1. AISFG consistently outper-
forms the existing state-of-the-art approaches, espe-
cially in zero-shot setting, where AISFG achieves
32.31% F1 score improvement. The significant per-
formance improvement proves that utilizing rich
domain information to prompt knowledge in PLMs
may be a shortcut for solving data scarcity issue.

Analysis on Seen versus Unseen Slots We di-
vide the samples in each target domain into “seen”
and “unseen” categories in the SNIPS dataset for
further understanding the transferring ability of our
model. Following Liu et al. (2020), an example is
categorized as “unseen” as long as the slot does not
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Training Setting Zero-shot Few-shot on 50 samples

Domain↓Model→ SD SD+DD SD+E SD+EC AISFG SD SD+DD SD+E SD+EC AISFG

AddToPlaylist 54.57 54.94 55.03 56.22 56.20 80.84 83.49 82.84 83.23 83.51
BookRestaurant 63.48 63.85 62.82 65.93 65.94 81.11 83.15 83.16 83.86 84.60
GetWeather 61.09 61.35 64.73 65.56 67.66 83.35 83.50 83.17 83.66 83.73
PlayMusic 44.41 44.99 46.51 47.48 50.12 78.62 78.50 78.06 78.68 78.79
RateBook 30.67 30.61 33.38 41.44 41.05 92.04 92.08 91.23 92.22 92.85
SearchCreativeWork 65.60 64.02 66.14 66.45 67.46 75.78 76.36 74.19 74.89 76.00
SearchScreeningEvent 30.33 30.18 32.81 34.61 35.05 89.53 90.25 90.49 90.82 91.29

Average F1 50.02 49.99 51.63 53.95 54.78 83.03 83.90 83.30 83.90 84.39

Table 2: F1-scores (%) on SNIPS for different target domains under zero-shot and few-shot learning settings. Bold
indicates the best results.

Setting→ 0 sample 50 samples

Model↓ unseen seen unseen seen

CT 3.38 37.23 52.65 65.66
RZT 2.19 40.99 50.28 61.63
Coach 9.31 46.22 68.59 74.55
QASF 41.73 56.23 - -
AISFG 63.96 76.11 85.09 88.77

Table 3: Averaged F1-scores (%) over all target domains
on SNIPS dataset for “seen” and “unseen” slots. ‘-’
represents the result is missed in published papers

exist in the remaining six source domains. Other-
wise, it is tagged as “seen”.

Table 3 shows the average F1 results on seen and
unseen slots in target domains under zero-shot and
50-shot settings. From this table, AISFG achieves
the best results in both seen and unseen slots, espe-
cially on unseen slots in zero-shot scenario, which
indicates our method is more effective for transfer-
ring knowledge from source to the target domain.
Besides, approaches leverage PLMs (i.e., QASF
and AISFG) have significant advantages over oth-
ers, which demonstrates utilizing knowledge en-
coded in PLMs can enhance the transferring ability.

3.3 Ablation Studies

To solve the slot type ambiguity issue and example
ambiguity issue, we incorporate domain descrip-
tion and context for example to the query template,
respectively. To understand the influence of these
components in the query template, we perform abla-
tion studies on the SNIPS dataset and report results
in Table 2. In this table, SD, DD, E, EC refers
to Slot Description, Domain Description, Exam-
ple and Example with Context, respectively. For
example, “SD+EC” represents the query template

is built by domain description plus example with
context.

The Effect of Domain Description Comparing
SD versus SD+DD and SD+EC versus AISFG, we
observe that incorporating domain descriptions can
improve the performance under few-shot setting
but not for zero-shot setting. We conjecture the rea-
son is that, the domain description we used (shown
in Table 4) is simply converted from the domain
name and contains limited information, which is
not enough to provide domain knowledge. How-
ever, when some target domain examples are given
(i.e., few-shot), the meaning of domain descriptions
can be enhanced by these training examples. Then,
the domain description becomes a domain indica-
tor and can be used to distinguish the slot types
shared by different domains, resulting in improved
performance.

The Effect of Context Example Comparing SD
versus SD+EC and SD+DD versus AISFG, we ob-
serve that incorporating examples with contexts
can further boost the performance in both zero-
shot and few-shot settings, which demonstrates
these examples with contexts are helpful for cross-
domain slot filling. Moreover, SD+EC outperforms
SD+E in both zero-shot and few-shot settings. Es-
pecially, for the zero-shot setting in domain Rate-
Book, which contains plenty of ambiguity exam-
ples, SD+EC achieves 8.06% improvement over
SD+E, which indicates contexts are useful to alle-
viate example ambiguity.

3.4 Error Analysis and Case Study

To better understand our proposed model, we ana-
lyze the error predictions in all cross-domain exper-
iments on SNIPS dataset (Table 1) and categorize
them into three types: boundary mistakes, vocabu-
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Figure 2: Number of samples against mistake types.

Boundary mistake example 

Sentence: i want the complete global albums collection. 

Slot: object_name 

Gold Label: the complete global albums collection. 

Prediction: global albums collection. 

Vocabulary mistake example (synonym) 

Sentence: find a picture called blink of an eye. 

Slot: object_name 

Gold Label: blink of an eye. 

Prediction: wink of an eye. 

Vocabulary mistake example (tense) 

Sentence: show schedule for loved by thousands. 

Slot: object_name 

Gold Label: loved by thousands. 

Prediction: love by thousands. 

Figure 3: Examples for boundary mistake and vocabu-
lary mistake.

lary mistakes and others. Boundary mistakes indi-
cate that AISFG predicts the main body of the gold
label while missing/adding other words, which may
lead to an inaccurate boundary (top example in Fig-
ure 3). Vocabulary mistakes refer to the predictions
that i) some words in the gold label are replaced by
synonyms (middle example in Figure 3); ii) some
words in the gold label are substituted by different
tenses (bottom example in Figure 3).

As shown in Figure 2, the most common mis-
takes are the boundary mistakes. Especially, in 50-
shot experiment, the amount of boundary-mistake
predictions reaches almost half of all mistakes. We
find that the model often struggles to detect the ex-
act same span as the ground truths, as shown in the
top example in Figure 3. When the shot number in-
creases from 0 to 20 and from 20 to 50, the amount
of boundary mistakes reduces by 36.4% and 22.7%,
respectively, indicating that increasing shot number
is beneficial for addressing the boundary mistakes.

Vocabulary mistakes such as synonyms or tenses
replacement are the least common. Since the pro-

posed AISFG is a generative model, we carry no
restriction on what the model produces, therefore
it may come with the vocabulary mistakes. How-
ever, most of these mistakes can be solved by post-
processing the outcome of the model (i.e., com-
paring the prediction with the original sentence
and replacing the wrong words), which is one of
the improvements of our future AISFG. Moreover,
as shown in Figure 2, increasing shot number is
useless for tackling the vocabulary mistakes.

4 Related Work

The main challenge of cross-domain slot filling is
to handle domain-specific slot types which have
few or no supervision signals during the training
stage. To handle the unseen slots, previous methods
introduce slot descriptions (Lee and Jha, 2019; Liu
et al., 2020; Bapna et al., 2017) and slot examples
(Guerini et al., 2018; Shah et al., 2019) to capture
the semantic relationship between unseen slots and
input sentences. Based on these researches, we
incorporate more information, like domain descrip-
tion and example context, to boost the performance
on unseen slots.

Typically, traditional methods formulate the slot
filling task as a token-level classification task (Liu
et al., 2020; Bapna et al., 2017; Shah et al., 2019;
Wang et al., 2021). To leverage the knowledge
encoded in pre-trained language models, RCSF (Yu
et al., 2021b) utilizes BERT (Devlin et al., 2019) to
predict the start/end position of the target slot entity.
However, the downstream task (i.e., token/position
prediction) is inconsistent with the pre-training task
(i.e., Masked LM and NSP for BERT), which may
limit the expressiveness of the PLM (Mehri and
Eskenazi, 2021). To bridge the gap, we treat the
slot filling as a generative task and utilize a PLM
whose pre-training task is also a generative task.

5 Conclusion & Discussion

In this paper, we introduce a novel zero-shot cross-
domain slot filling model named AISFG, which can
adapt to unseen domains seamlessly with the help
of domain and slot description and together with
full context examples. Experiments show that our
model significantly outperforms existing zero-shot
cross-domain slot filling approaches. Moreover,
we conduct error analysis and case study to better
understand our proposed model and leave solving
boundary mistakes and vocabulary mistakes as our
future work.
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A Appendix

A.1 Domain Descriptions

Domain Domain Description

AddToPlaylist add to playlist
BookRestaurant book restaurant
GetWeather get weather
PlayMusic play music
RateBook rate book
SearchCreativeWork search creative work
SearchScreeningEvent search screening event

Table 4: Domain descriptions for different domains.

A.2 Implementation Details
For a fair comparison with QASF, which is based
on BERT (Du et al., 2021), we instantiate the
sequence-to-sequence model as BART-base, which
contains a similar parameter size as BERT. Fol-
lowing Liu et al. (2020), we reserve 500 samples
in target domain as the validation set and regard
the rest as the test set. We use Adam optimizer
(Kingma and Ba, 2015) with a learning rate 2e-5
to fine-tune all parameters. The batch size is set to

16 and the decoding beam search size for BART
is set to 2. The early stop strategy with patience
of 5 is used to save the best checkpoint based on
validation set.

Similar to the baselines, we use F1 score as the
evaluation metric. For a given query, the true pos-
itive is the prediction with exactly matched entity
extraction boundaries.
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A.3 Illustration of Slot Description, Context and Example

Domain Slot Slot Description Context Example

AddToPlaylist

music_item music item funk outta here please add a piece to my playlist piece
playlist_owner playlist owner add the album to sebastian s ejercicio playlist sebastian
entity_name entity name i am m going to add love letter to my list of parties love letter
playlist playlist add this song to my stay happy playlist stay happy
artist artist i am going to include the taylor swift track in my bass gaming playlist taylor swift

BookRestaurant

city city make a reservation at the best pub in shanghai shanghai
facility facility in washington reserve a tavern with baby chair baby chair
timeRange time range i need a reservation for the chinese food in cuba in 10 minutes in 10 minutes
restaurant_name restaurant name i am going to kfc together with my friends kfc
country country at 9 am reserve a restaurant in jerusalem for 8 persons jerusalem
cuisine cuisine i d like to reserve a table for one at a spanish restaurant in wesley spanish
restaurant_type restaurant type i d like to reserve a buffet for my family buffet
served_dish served dish find a restaurant serves hot-pot and make a reservation hot-pot
party_size_number number make a six-person reservation at an alpine wine bar six-person
poi position i d want to reserve a restaurant near my hotel near my hotel
sort type get a highly regarded sandwich shop in colombia highly regarded
spatial_relation spatial relation book a restaurant for 2 that s 10 minutes walk from here 10 minutes walk
state state we d want to go to a brasserie in omaha that serves sicilian cuisine omaha
party_size_description person book a table for sebastian perez and leclerc sebastian perez and leclerc

GetWeather

city city is the temperature going down to 2 in shanghai shanghai
state state check the weather in omaha omaha
timeRange time range what is the forecast for haidian in next half an hour in next half an hour
current_location current location will it rain in my present local street on 11/10/2023 present local street
country country what s the weather like in jerusalem right now jerusalem
spatial_relation spatial relation is it going to rain within 10 minutes bus distance within 10 minutes bus distance
geographic_poi geographic position in west lake park, how cold will it be tomorrow west lake park
condition_temperature temperature will it get hotter in 2 hours hotter
condition_description weather will israel be hit by a snow storm snow storm

PlayMusic

genre genre find me a lullaby in netease cloud music lullaby
music_item music item funk outta here please add a piece to my playlist piece
service service find me a lullaby in netease cloud music netease cloud music
year year play the most popular song in 2021 2021
playlist playlist add this song to my stay happy playlist stay happy
album album play the album getting ready by eason chan getting ready
sort type play shall we talk by eason chan shall we talk
artist artist i am going to include the taylor swift track in my bass gaming playlist taylor swift

RateBook

object_part_of_series_type series i rate the sequel 0 point sequel
object_select this current the book deserves a 5 star the
rating_value rating value the book deserves a 5 star 5
object_name object name lessons from madame chic is a fine pick for anyone interested in fashion style lessons from madame chic
object_type object type i am too timid to read horror literatures horror
rating_unit rating unit this book deserves a 5 star star
best_rating best rating the highest rating for this book is 10 10

SearchCreativeWork
object_name object name paris baguette is a bakery chain based in south korea owned by the spc group paris baguette
object_type object type paris baguette is a bakery chain based in south korea owned by the spc group bakery

SearchScreeningEvent

timeRange time range the movie starts at half past eight pm half past eight pm
movie_type movie type i want to see a comedy like green book comedy
object_location_type location type the castro theatre is the closest movie house showing green book movie house
object_type object type show me the movie poster of green book movie poster
location_name location name the castro theatre is the closest movie house showing green book the castro theatre
spatial_relation spatial relation the castro theatre is the closest movie house showing green book closest
movie_name movie name the castro theatre is the closest movie house showing green book green book

Table 5: Illustration of slot description, context and example.
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Abstract

Negation is a common linguistic feature that is
crucial in many language understanding tasks,
yet it remains a hard problem due to diversity
in its expression in different types of text. Re-
cent work has shown that state-of-the-art NLP
models underperform on samples containing
negation in various tasks, and that negation
detection models do not transfer well across
domains. We propose a new negation-focused
pre-training strategy, involving targeted data
augmentation and negation masking, to better
incorporate negation information into language
models. Extensive experiments on common
benchmarks show that our proposed approach
improves negation detection performance and
generalizability over the strong baseline Neg-
BERT (Khandelwal and Sawant, 2020).

1 Introduction

Negation is an important linguistic phenomenon
that appears commonly in natural language but
is underrepresented in common NLP benchmarks
(Hossain et al., 2020). Furthermore, the Checklist
benchmark (Ribeiro et al., 2020) shows that most
sentiment analyzers and machine comprehension
models struggle with samples containing negation.
Negation is even more important in biomedical
domain text, where patients are carefully defined
as having/not having specific characteristics. Even
within the biomedical domain, there are many types
of text such as clinical notes, lab reports, or re-
search publications, each with particular character-
istics in relation to the use of negation. A recent
study on English texts found that negation detection
models do not transfer well across domains, due to
variations in expression of negation (Khandelwal
and Sawant, 2020). It remains a challenge to solve
negation in general, even with state-of-the-art NLP
models.

Negation detection is typically defined as con-
sisting of the two sub-tasks of: (1) cue detection,

detecting the cue phrase that triggers the negation;
and (2) scope resolution, determining the affected
spans that are negated. There are three primary
datasets that have been used to evaluate negation:
(1) the BioScope corpus (Vincze et al., 2008) in-
cludes full papers and abstracts of biological pa-
pers; (2) the SFU corpus (Konstantinova et al.,
2012) is a collection of product reviews; and (3) the
Sherlock dataset (Morante and Blanco, 2012) con-
sists of short literary works. There are differences
in annotation schemes across the datasets, such as
whether or not the cues are included inside scope
annotation, and sub-optimal cross-dataset results
have been observed, providing clear indications
that the datasets are highly divergent in language
use and negation types.

In this work, we aim to extend the transfer
learning capability of NegBERT (Khandelwal and
Sawant, 2020) through additional pre-training with
task-related augmented training data, and a new
masking objective. Our contributions are:

• We introduce an approach to augmenting data
to emphasize negation in pre-training.

• We propose a novel extension to the standard
random masked language model objective in
pre-training to explicitly mask negation cues,
to make the models more robust to negation.

• We conduct extensive experiments on dif-
ferent benchmarks to evaluate cross-domain
performance of large pre-trained language
models as well as the effectiveness of the pro-
posed pre-training strategies; code is available
at https://github.com/joey234/
negation-focused-pretraining.

2 Related work

To date, negation detection has been heavily reliant
on rule-based systems. Chapman et al. (2001) pro-
posed a simple system, NegEx, based on regular
expressions to detect negation cues in a sentence
given a concept of interest (the scope). NegEx re-
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mains the most popular approach to negation detec-
tion, especially in the clinical domain to determine
the polarity of clinical concepts (e.g., as sourced
from MetaMap (Aronson and Lang, 2010)). Fur-
ther research has extended NegEx with syntactic in-
formation (Mehrabi et al., 2015; Peng et al., 2018),
and shown that rule-based systems can achieve rel-
atively good performance for detecting negation,
especially in the biomedical domain, but do not
generalize well to other domains or datasets.

To approach negation cue and negation scope
detection with supervised machine learning, two
classification tasks are defined: (1) finding nega-
tion tokens, and (2) classifying tokens as the first or
last (or neither) token within the scope of negation.
Most work follows a common scheme in extracting
various features from the sentence, and using a clas-
sifier to classify each token as the beginning, inside,
or outside of a negation cue or scope span (Morante
and Daelemans, 2009; Ou and Patrick, 2015; Cruz
et al., 2016). Recently, research has shifted to ap-
plying deep learning methods to the task. Most
approaches make use of RNN-based architectures
to encode the input sentences, combined with a
softmax layer for classification (Lazib et al., 2019;
Chen, 2019). Despite the high performance on
common benchmarks, results are biased by the fact
that negation scope is often delimited by punctu-
ation and other dataset artefacts (Fancellu et al.,
2017). As such, they are potentially only learning
domain-specific surface features rather than cap-
turing the true semantics of negation. NegBERT
applies a large pre-trained language model to the
problem of negation detection, outperforming pre-
vious deep learning methods on negation detection,
with especially high gains on scope resolution.

3 Method

Our proposed pre-training strategy consists of two
main components: (1) negation-focused data col-
lection in which we first collect relevant data that
contains negation; and (2) negation-focused pre-
training that makes use of the negation-focused
data to emphasize negation instances, and adopts a
novel negation-specific masking strategy.

3.1 Negation-focused data collection

We aim to construct a dataset that is enriched
with negation information, to support negation-
sensitized pre-training of large language models.
To obtain sentences with negations, we extend the

NegEx lexicon with additional negation cues ob-
tained from biomedical texts (Morante, 2010), and
apply it to sentences extracted from a corpus us-
ing the SpaCy English sentence tokenizer, keeping
only those sentences with at least one identified
negation cue.

For the biomedical domain, we use texts in the
TREC-CDS 2021 snapshot1 of the clinical trials
registry.2 Clinical trials are documents describing
the protocols and relevant patient characteristics of
a clinical research study. Descriptions of clinical
trials can be quite long, but a core aspect of the
trial description is the patient inclusion/exclusion
criteria, specifying what types of characteristics or
conditions a patient must have/not have in order
to be suitable for the trial. The reasons for choos-
ing this data are that: (1) it is in-domain for the
biomedical domain; (2) the texts are well-formed
sentences with proper grammatical structure; and
(3) the texts contain many negations, especially in
the inclusion/exclusion criteria sections. For the
general domain, we apply this approach to wikitext
(Merity et al., 2016), a set of verified articles in
Wikipedia. We sample the data equally from these
two sets, obtaining 1, 381, 948 negation sentences.

3.2 Negation-focused pre-training

Adaptive pre-training on target domain data has
been shown to be an effective strategy for domain
adaptation (Gururangan et al., 2020). We therefore
hypothesize that pre-training language models on
text with negations will help the model incorpo-
rate information about negation, and learn better
representations for sentences containing negation.
Using the negation-focused data, we first apply the
standard random word masking strategy (Devlin
et al., 2019) and train the model with the masked
language model objective.

As part of the collection of the negation-focused
data, we obtain predictions of negation cues in all
the sentences, which can be explicitly incorporated
to make the model more robust to negation. In-
spired by work on entity and span masking (Joshi
et al., 2020; Yamada et al., 2020), we explore ex-
plicitly incorporating information about negation
cues into the model by masking these cues, and
targeting prediction of the masked cue in the pre-
training stage. Below is an example of how a sen-
tence is tokenized under our masking scheme:

1http://www.trec-cds.org/2021.html
2http://clinicalTrials.gov
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No serious complications such as hypertension, di-
abetes. ⇒ [CUE] serious complications such as
[MASK], diabetes.

A new type of token [CUE] is introduced un-
der this masking scheme, and the model needs
to reconstruct the original sentence by predicting
both the [CUE] token to be No, and the randomly-
masked token [MASK] to be hypertension. By
always masking negation cues in all the sentences,
we force the model to focus more on this type of
token, and thus, aim to learn better embeddings
incorporating information of how a negation cue is
represented in the context of the sentence. More-
over, by using a different token to mask negation
cues, we ensure that the model learns to distinguish
between different types of tokens. In this work,
we replace the BERT encoder of NegBERT with
RoBERTa (Liu et al., 2019) and apply whole-word
masking, meaning that all the sub-word tokens that
constitute a word will be masked.

4 Experiments

4.1 Experimental settings
Following the experimental settings in NegBERT,
we use the three standard benchmarks for nega-
tion cue detection and scope resolution tasks, i.e.
BioScope (Vincze et al., 2008) (separated into two
subsets, sourced from abstracts and full-text pa-
pers, resp.), the SFU product reviews dataset (Kon-
stantinova et al., 2012), and the Sherlock dataset
(Morante and Blanco, 2012). In addition, we use
the negation-annotated subset of VetCompass UK3

(Cheng et al., 2017), consisting of clinical notes
in the veterinary domain, which are very informal
compared to BioScope. It also contains abbrevi-
ations and shortening of terms, as well as certain
unique negation cues. To investigate cross-domain
performance, we perform cue detection and scope
resolution for all 4 datasets, based on training on
one dataset and evaluating on all datasets. Detailed
statistics of these datasets are presented in Table 1.
Note that we do not experiment with the setting of
training with all the combined training data from
the corpora as it has been pointed out by previous
work that doing so hurts the performance of the
models (Jiménez-Zafra et al., 2020; Barnes et al.,
2021) due to differences in annotation schemes be-
tween the corpora introducing noise during training.
Re-annotating all the datasets using a common an-
notation scheme would be a potential solution here,

3https://www.rvc.ac.uk/VetCOMPASS

Dataset #sentences #negations #unique
cues

BioScope-
Abstract

11871 1719 28

BioScope-
FullPaper

2670 376 18

SFU 17263 3527 53
Sherlock 5520 1421 30
VetCompass 6582 724 26

Table 1: Dataset statistics

which we leave for future work.
We formulate the two tasks as sequence label-

ing problems, where each token is tagged with a
corresponding label. For cue detection, we use the
annotation scheme {0: Affix, 1: Normal Cue, 2:
Part of multiword cue, 3: Not part of cue}. For
scope resolution, we use gold cue information and
two labels {0: Outside negation scope, 1: Part
of negation scope}. We adopt the same hyper-
parameters as NegBERT. Following the standard
evaluation scheme in previous negation detection
works, all systems are evaluated using token-level
F1-score, based on whether it is inside or outside
of any negation cue or scope. Methods evaluated
include: (1) NegBERT; (2) AugNB = NegBERT
plus pre-training on negation-focused data; and (3)
CueNB = NegBERT plus pre-training on negation-
focused data and the negation cue masking objec-
tive. Note that for NegBERT, we also replace the
BERT encoder with RoBERTa to ensure results are
comparable between the models.

4.2 Main results

Tables 2 and 3 report the performance of negation
cue detection and negation scope resolution, respec-
tively. Results reported are the average of 5 runs
with different random seeds. NegBERT results are
produced using the official implementation.4 To
provide a more general view, we summarize the
results in Table 4. In general, we observe gains
in both the same-dataset setting (training and test
set belongs to one corpus) and cross-dataset setting
(training one one training set and testing on all oth-
ers test sets) for both of the proposed models, with
CueNB achieving the largest gains.

We observe similar trends across all datasets for

4https://github.com/adityak6798/
Transformers-For-Negation-and-Speculation
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Evaluation set
Training set BioScope-Abstract BioScope-FullPaper SFU Sherlock VetCompass

NegBERT AugNB CueNB NegBERT AugNB CueNB NegBERT AugNB CueNB NegBERT AugNB CueNB NegBERT AugNB CueNB

BioScope-Abstract 95.29 +0.78 +1.80 92.58 −0.27 −0.25 83.86 +0.23 +0.47 70.67 +4.89 +6.62 75.49 +1.56 +2.73
BioScope-FullPaper 91.44 +0.68 +0.89 90.23 +0.04 +1.44 79.68 +0.11 +0.63 66.45 +1.07 +2.48 71.06 +1.17 +2.98

SFU 38.70 +3.55 +4.78 57.99 +3.72 +4.43 87.20 +0.38 +0.79 44.03 +11.37 +13.93 58.66 +0.67 +2.44
Sherlock 70.43 +2.86 +3.05 69.63 +4.54 +6.48 70.14 +1.26 +1.79 92.28 −0.51 −1.11 64.45 +3.58 +3.99

VetCompass 70.58 +0.37 +1.91 69.75 +0.36 +2.39 75.18 +2.19 +3.42 71.34 +0.33 +1.07 87.77 +1.11 +3.77

Table 2: Cue detection results. Gray cells denote the same-dataset setting, and green cells indicate the highest score
for each evaluation dataset. Results of AugNB and CueNB are relative changes compared to NegBERT

Evaluation set
Training set BioScope-Abstract BioScope-FullPaper SFU Sherlock VetCompass

NegBERT AugNB CueNB NegBERT AugNB CueNB NegBERT AugNB CueNB NegBERT AugNB CueNB NegBERT AugNB CueNB
BioScope-Abstract 94.23 +0.84 +1.58 90.89 +0.70 +0.74 84.41 +0.15 +0.43 78.80 +0.63 +1.66 69.14 +1.57 +2.82
BioScope-FullPaper 91.63 +1.14 +1.83 88.42 +1.80 +4.14 79.90 +0.49 +0.83 79.42 +0.21 +1.28 64.45 +1.79 +2.27

SFU 85.28 +0.78 +1.03 84.57 +0.71 +1.05 90.44 +0.27 +0.59 74.61 +1.88 +3.28 63.32 +3.25 +3.59
Sherlock 72.60 +0.43 +2.17 70.10 +2.24 +3.04 73.68 +0.11 +0.87 91.51 −1.20 −0.27 61.49 −0.03 +1.64

VetCompass 61.36 +0.86 +2.00 60.27 +1.06 +1.39 62.62 +0.32 +1.40 59.62 +0.61 +1.05 88.18 +1.23 +2.06

Table 3: Scope resolution results. Gray calls denote the same-dataset setting, and green cells indicate the highest
score for each evaluation dataset. Results of AugNB and CueNB are relative changes compared to NegBERT

Task
Same-dataset results Cross-dataset results

NegBERT AugNB CueNB NegBERT AugNB CueNB

Cue Detection 90.55 +0.36 +1.34 69.61 +2.21 + 3.31
Scope Resolution 90.56 + 0.59 +1.62 73.41 +0.95 + 1.72

Table 4: Aggregated results

both cue detection and scope resolution. Regarding
the in-dataset setting, AugNB outperforms the base-
line NegBERT on all datasets except for Sherlock.
Gains are more noticeable over the biomedical
datasets (BioScope, VetCompass). For Sherlock,
however, we observe a slight degradation in per-
formance with the proposed pre-training scheme.
This is likely due to the fact that Sherlock has ma-
jor differences in annotation scheme compared to
other corpora, specifically including scopes to the
left of cues, while in BioScope and SFU, the scope
is usually annotated only to the right of cues. Also,
the cue itself is not considered to be part of the
scope in Sherlock or SFU, unlike in BioScope.

In the cross-dataset setting, we record gains
across all benchmarks. The largest cross-dataset
improvements over NegBERT are for SFU, per-
haps due to SFU being the largest dataset in size,
containing a relatively large number of unique
cues. CueNB further improves the performance
of AugNB, confirming our hypothesis that explic-
itly masking the cue helps the model learn better
representations for negation cues and thus, better
distinguish between cues and normal words. These
results show that our negation-focused pre-training
strategy is effective for improving the transfer learn-
ing performance of pre-trained language models on
the negation detection task.

4.3 Discussion

We conducted an error analysis on the VetCompass
validation set to see what qualitative improvement
CueNB makes over NegBERT. For cue detection,
there are two main types of errors that CueNB helps
alleviate. First, CueNB can detect more unique
cues such as negative, won’t, and also multiword
cues like no longer. Second, CueNB is able to
recognize cases when the negations are actually
just speculative. For example, in the sentence O
reports has smelled for past week, not sure if anal
glands . . . , the word not is part of the speculation
phrase not sure, indicating that this is not truly a
negation phrase but rather expresses uncertainty.
For scope resolution, CueNB mostly helps in rec-
ognizing the correct scope boundary. One common
case is when the cue relates to multiple spans in
a sentence. In the sentence Examination: QAR,
thorac ausc and abdo palp NAD,5 NegBERT only
recognizes the nearest span abdo palp NAD to be
the scope, whereas CueNB recognizes the full cor-
rect span thorac ausc and abdo palp NAD. It also
helps in cases where there are multiple separate
negations in the same sentence. For instance, in the

5NAD is the negation cue no abnormality detected, QAR,
thorac ausc (thoracic ausculation), abdo palp (abdonimal pal-
pation), are different types of physical examinations.
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Model Cue Scope

NegBERT 94.46 95.34
+ negation-focused data 95.36 95.94
+ explicit cue masking 95.58 96.03

CueNB 95.87 96.76

Table 5: Ablation study on BioScope validation set.

sentence No V+ or no D+., the phrases No V+ and
no D+ are two independent negation scope spans,
while NegBERT would recognize the whole sen-
tence as a single span. Another interesting case is
when there are exceptions in the sentence, e.g. the
No . . . other than . . . construction. For No probs
detected other than the skin lesions, CueNB is able
to recognize the correct scope No probs detected
while NegBERT considers the whole sentence to
be the scope.

We also conduct an ablation study to understand
the impact of each component of the proposed pre-
training strategy. Table 5 presents the results of
different variations of the proposed pre-training
scheme on the BioScope-Abstract validation split.
We consider two variations, pre-training with: (1)
only the negation-focused data (equivalent to the
AugNB model); and (2) only the cue masking ob-
jective. To model the latter variation, we explicitly
mask the cue in the BioScope training set, then pre-
train on this training set. From the results, we see
that both strategies help improve the baseline Neg-
BERT on cue detection and scope resolution, with
explicitly masking the cues being the most impor-
tant. Combining both strategies (CueNB) further
improves the overall results.

5 Conclusion

In this work, we propose a new negation-focused
pre-training strategy to explicitly incorporate nega-
tion information into pre-trained language models.
Empirical results on common benchmarks show
that the proposed strategy helps improve the perfor-
mance of pre-trained language models on the nega-
tion detection task when evaluating on the same
source dataset, as well as their transferability to
target data in different domains. Despite the gains
over previous methods, the sub-optimal results on
some benchmarks show that negation remains a big
challenge in NLP.
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Swayamdipta, Kyle Lo, Iz Beltagy, Doug Downey,
and Noah A Smith. 2020. Don’t stop pretraining:
Adapt language models to domains and tasks. In
Proceedings of the 58th Annual Meeting of the
Association for Computational Linguistics, pages
8342–8360.

Md Mosharaf Hossain, Venelin Kovatchev, Pranoy
Dutta, Tiffany Kao, Elizabeth Wei, and Eduardo
Blanco. 2020. An analysis of natural language infer-
ence benchmarks through the lens of negation. In
Proceedings of the 2020 Conference on Empirical
Methods in Natural Language Processing (EMNLP),
pages 9106–9118.

Salud María Jiménez-Zafra, Roser Morante,
María Teresa Martín-Valdivia, and L. Alfonso
Ureña-López. 2020. Corpora annotated with
negation: An overview. Computational Linguistics,
46(1):1–52.

Mandar Joshi, Danqi Chen, Yinhan Liu, Daniel S Weld,
Luke Zettlemoyer, and Omer Levy. 2020. Span-
BERT: Improving pre-training by representing and
predicting spans. Transactions of the Association for
Computational Linguistics, 8:64–77.

Aditya Khandelwal and Suraj Sawant. 2020. NegBERT:
A transfer learning approach for negation detection
and scope resolution. In Proceedings of the 12th Lan-
guage Resources and Evaluation Conference, pages
5739–5748.

Natalia Konstantinova, Sheila C.M. de Sousa, Noa P.
Cruz, Manuel J. Maña, Maite Taboada, and Rus-
lan Mitkov. 2012. A review corpus annotated for
negation, speculation and their scope. In Proceed-
ings of the Eighth International Conference on Lan-
guage Resources and Evaluation (LREC’12), pages
3190–3195, Istanbul, Turkey. European Language
Resources Association (ELRA).

Lydia Lazib, Yanyan Zhao, Bing Qin, and Ting Liu.
2019. Negation scope detection with recurrent neural
networks models in review texts. International Jour-
nal of High Performance Computing and Networking,
13(2):211–221.

Yinhan Liu, Myle Ott, Naman Goyal, Jingfei Du, Man-
dar Joshi, Danqi Chen, Omer Levy, Mike Lewis,
Luke Zettlemoyer, and Veselin Stoyanov. 2019.
RoBERTa: A robustly optimized BERT pretraining
approach. arXiv preprint arXiv:1907.11692.

Saeed Mehrabi, Anand Krishnan, Sunghwan Sohn,
Alexandra M Roch, Heidi Schmidt, Joe Kesterson,
Chris Beesley, Paul Dexter, C Max Schmidt, Hong-
fang Liu, et al. 2015. DEEPEN: A negation detection
system for clinical text incorporating dependency
relation into NegEx. Journal of Biomedical Informat-
ics, 54:213–219.

Stephen Merity, Caiming Xiong, James Bradbury, and
Richard Socher. 2016. Pointer sentinel mixture mod-
els. arXiv preprint arXiv:1609.07843.

Roser Morante. 2010. Descriptive analysis of nega-
tion cues in biomedical texts. In Proceedings of the
Seventh International Conference on Language Re-
sources and Evaluation (LREC’10).

Roser Morante and Eduardo Blanco. 2012. *SEM 2012
shared task: Resolving the scope and focus of nega-
tion. In *SEM 2012: The First Joint Conference
on Lexical and Computational Semantics–Volume 1:
Proceedings of the main conference and the shared
task, and Volume 2: Proceedings of the Sixth Interna-
tional Workshop on Semantic Evaluation (SemEval
2012), pages 265–274.

Roser Morante and Walter Daelemans. 2009. A met-
alearning approach to processing the scope of nega-
tion. In Proceedings of the Thirteenth Conference on
Computational Natural Language Learning (CoNLL-
2009), pages 21–29.

Ying Ou and Jon Patrick. 2015. Automatic negation
detection in narrative pathology reports. Artificial
Intelligence in Medicine, 64(1):41–50.

Yifan Peng, Xiaosong Wang, Le Lu, Mohammad-
hadi Bagheri, Ronald Summers, and Zhiyong Lu.
2018. NegBio: a high-performance tool for nega-
tion and uncertainty detection in radiology reports.
AMIA Summits on Translational Science Proceedings,
2018:188.

Marco Tulio Ribeiro, Tongshuang Wu, Carlos Guestrin,
and Sameer Singh. 2020. Beyond accuracy: Be-
havioral testing of NLP models with checklist. In
Proceedings of the 58th Annual Meeting of the Asso-
ciation for Computational Linguistics, pages 4902–
4912.

Veronika Vincze, György Szarvas, Richárd Farkas,
György Móra, and János Csirik. 2008. The Bio-
Scope corpus: biomedical texts annotated for uncer-
tainty, negation and their scopes. BMC bioinformat-
ics, 9(11):1–9.

Ikuya Yamada, Akari Asai, Hiroyuki Shindo, Hideaki
Takeda, and Yuji Matsumoto. 2020. LUKE: Deep
contextualized entity representations with entity-
aware self-attention. In Proceedings of the 2020
Conference on Empirical Methods in Natural Lan-
guage Processing (EMNLP), pages 6442–6454.

4193

https://doi.org/10.1162/coli_a_00371
https://doi.org/10.1162/coli_a_00371
http://www.lrec-conf.org/proceedings/lrec2012/pdf/533_Paper.pdf
http://www.lrec-conf.org/proceedings/lrec2012/pdf/533_Paper.pdf


Proceedings of the 2022 Conference of the North American Chapter of the Association for Computational Linguistics:
Human Language Technologies, pages 4194 - 4206

July 10-15, 2022 ©2022 Association for Computational Linguistics

Practice Makes a Solver Perfect: Data Augmentation for Math Word
Problem Solvers

Vivek Kumar, Rishabh Maheshwary and Vikram Pudi
Data Sciences and Analytics Center, Kohli Center on Intelligent Systems

International Institute of Information Technology, Hyderabad, India
{vivek.k, rishabh.maheshwary}@research.iiit.ac.in, vikram@iiit.ac.in

Abstract

Existing Math Word Problem (MWP) solvers
have achieved high accuracy on benchmark
datasets. However, prior works have shown that
such solvers do not generalize well and rely on
superficial cues to achieve high performance.
In this paper, we first conduct experiments to
showcase that this behaviour is mainly associ-
ated with the limited size and diversity present
in existing MWP datasets. Next, we propose
several data augmentation techniques broadly
categorized into Substitution and Paraphras-
ing based methods. By deploying these meth-
ods we increase the size of existing datasets
by five folds. Extensive experiments on two
benchmark datasets across three state-of-the-art
MWP solvers shows that proposed methods in-
crease the generalization and robustness of ex-
isting solvers. On average, proposed methods
significantly increase the state-of-the-art results
by over five percentage points on benchmark
datasets. Further, the solvers trained on the aug-
mented dataset performs comparatively better
on the challenge test set. We also show the
effectiveness of proposed techniques through
ablation studies and verify the quality of aug-
mented samples through human evaluation.

1 Introduction

A Math Word Problem (MWP) consists of natu-
ral language text which describes a world state
involving some known and unknown quantities,
followed by a question text to determine the un-
known values. The task is to parse the problem
statement and generate equations that can help find
the value of unknown quantities. An example of a
simple MWP is shown in Table 1. In recent years,
the challenge of solving MWP has gained much
attention in the NLP community as it needs the
development of commonsense multi step reason-
ing with numerical quantities. With the rise of
deep learning, performance of math solvers has
also increased significantly over the years (Wang

Original Problem
Problem: Nancy grew 8 potatoes. Sandy grew 5 potatoes.
How many potatoes did they grow in total ?
True Equation: X = 8+5

Paraphrasing Method
Problem: How many potatoes did they grow in all given that
nancy grew 8 potatoes and sandy grew 5 potatoes.
Equation Label: X = 8+5

Substitution Method
Problem: Dwight grew 8 potatoes. Juliette grew 5 potatoes.
How many potatoes did they grow together ?
Equation Label: X = 8+5

Table 1: A MWP and its augmentation examples gen-
erated by our methods with preserved equation labels.
Blue and Violet colours denote the changes made after
the primary stage and secondary stage respectively.

et al.; Zhang et al.). However, recent analysis con-
ducted in (Kumar et al., 2021) and (Patel et al.,
2021) show that these deep learning based solvers
rely on shallow heuristics to solve vast majority
of problems. They curated adversarial examples
and SVAMP challenge set respectively to infer that
MWP solvers (1) do not understand the relation-
ship between numbers and their associated entities,
(2) do not focus on the question text and (3) ig-
nore word order information. In this paper, we first
conduct experiments to establish that the above
drawbacks are due to the limited size and diversity
of problems present in the existing MWP datasets.
Next, we propose various augmentation methods to
create diverse and large number of training exam-
ples to mitigate these shortcomings. Our methods
are focused on: (1) Increasing the number of prob-
lems in the existing datasets and (2) enhancing the
diversity of the problem set.

Training deep neural models effectively requires
large number of data points (Longpre et al., 2020).
Constructing large datasets which are annotated,
labeled and have MWPs of similar difficulty level
is a very expensive and tedious task. To address
these key challenges, we resort to data augmenta-
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tion techniques. Our motivation behind generat-
ing augmentations is that humans require sufficient
practice to understand MWPs. Humans learn to
solve MWPs by going through a variety of similar
examples and slowly become capable enough to
tackle variations of similar difficulty levels. We aim
to generate augmentations such that sufficient lin-
guistic variations of a similar problem are present
in the dataset. These variations will make the solver
more robust in tackling MWP, increase their rea-
soning ability and numerical understanding.

Data augmentation for MWPs is a challenging
task as we need to preserve the equation labels
while generating new samples (Kumar et al., 2021).
The generated samples should be (1) semantically
similar to their original counterpart, (2) must have
the same numerical values and preserve relation-
ship with their respective entities and (3) should
maintain the same sequence of events in the prob-
lem text. Existing augmentation methods (Wei and
Zou) cannot be directly applied due to the above
mentioned reasons. Our methods can be broadly
classified as follows:

• Paraphrasing Methods: It generates varia-
tions of the question text by re-statement such
that the semantic and syntactic meaning along
with the equation labels is preserved.

• Substitution Methods: These methods gen-
erate variations of the problem statement by
identifying and substituting some of the key-
words such that the augmentations are seman-
tically and syntactically correct.

To ensure high quality augmentations 1, we propose
a selection algorithm which selects samples that
have high similarity with original problem and in-
cur high loss values when tested on existing solvers.
This algorithm helps selecting only those samples
that can make existing solvers more robust. Further,
we also verify the validity and the quality of gener-
ated augmentations through human evaluation.

Most of the existing MWP datasets are either in
languages other than English or contain problems
of varying difficulty levels (Koncel-Kedziorski
et al., 2016; Wang et al.; Huang et al., 2016;
Amini et al., 2019; Miao et al., 2020). We fo-
cus on strengthening existing English language
datasets which can facilitate the development of

1Codebase and augmented datasets are available at:
https://github.com/kevivk/MWP-Augmentation

better MWP solvers. We consider datasets con-
taining MWP that can be solved using linear
equations in one variable. These datasets in-
clude MaWPS (Koncel-Kedziorski et al., 2016) and
ASDiv-A (Miao et al., 2020) both having 2, 373
and 1, 213 problems respectively. Following are
the key contributions made in this paper:

• To the best of our knowledge, this is the first
work that extensively evaluates data augmen-
tation techniques for MWP solving. This is
the first attempt to generate MWP problems
automatically without manual intervention.

• Accuracy of the state of the art solvers in-
creases after training on the proposed aug-
mented dataset. This demonstrates the effec-
tiveness of our methods. To verify the validity
of generated augmentations we conduct hu-
man evaluation studies.

• We increase the diversity of the training
dataset through augmentations and obtain
comparatively better results than state-of-the-
art solvers on the SVAMP challenge set.

2 Related Work

Math Word Solvers: Many research efforts have
been undertaken in the recent past to solve the
challenging MWP task. Broadly, these solvers
can be categorized into statistical learning based
and deep learning based models. Traditional
approaches focused more on statistical machine
learning (Kushman et al., 2014; Hosseini et al.,
2014) with the aim of categorizing equations
into templates and extracting key patterns in the
problem text. Recently, due to the advent of
deep learning in NLP, solvers have witnessed
a considerable increase in their performances.
(Wang et al.) modelled MWP task as a sequence
to sequence task and used LSTM’s (Hochreiter
and Schmidhuber, 1997) for learning problem
representations. (Chiang and Chen, 2018) focused
on learning representations for operators and
operands.(Wang et al., 2019; Xie and Sun, 2019)
used tree structures for decoding process. (Zhang
et al.) modelled question as a graph to map quanti-
ties and their attributes. Existing datasets which
have been used as benchmark for english language
includes MaWPS (Koncel-Kedziorski et al., 2016)
and Chinese language dataset Math23K (Wang
et al.). These datasets although constrained by
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their size deal with algebraic problems of similar
difficulty levels. Recently, ASDiv (Miao et al.,
2020) has been proposed, which has diverse
problems which includes annotations for equations,
problem type and grade level. Other large datasets
in English language include MathQA (Amini
et al., 2019) and Dolphin18k (Huang et al., 2016).
Although, these datasets have larger problem set
but they are noisy and contain problems of varied
difficulty levels.

Text Data Augmentation: To effectively train
deep learning models, large datasets are required.
Data augmentation is a machine learning technique
that artificially enlarges the amount of training data
by means of label preserving transformations (Tay-
lor and Nitschke, 2018). (Longpre et al., 2020)
hypothesize that textual data augmentation would
only be helpful if the generated data contains new
linguistic patterns that are relevant to the task and
have not been seen in pre-training. In NLP, many
techniques have been used for generating augmen-
tations, (Wei and Zou) introduced noise injection,
deletion, insertion and swapping of words in text.
(Rizos et al., 2019) used recurrent neural networks
and generative adversarial networks for short-text
augmentation (Maheshwary et al., 2021b). Re-
cently, hard label adversarial attack models have
also been used (Maheshwary et al., 2021a). Other
frequently used methods include inducing spelling
mistakes (Belinkov and Bisk, 2018), synonym re-
placement (Zhang et al., 2016), identifying close
embeddings from a defined search space (Alzan-
tot et al., 2018), round trip translations (Sennrich
et al., 2016), paraphrasing techniques (Kumar et al.,
2019) and words predicted by language model
(Kobayashi, 2018) among many others. These
methods are specific to the task at hand and needs
to be adapted such that the generated augmenta-
tions bring diversity in the concerned dataset.

3 Proposed Augmentation Approach

Data augmentation generates new data by modi-
fying existing data points through transformations
based on prior knowledge about the problem do-
main. We introduce carefully selected transforma-
tions on well known text augmentation techniques
to develop examples suited for the task of MWP.
These transformations help in increasing the diver-
sity and size of problem set in existing datasets.

3.1 Problem Definition

A MWP is defined as an input of n tokens, P =
{w1, w2..wn} where each token wi is either a nu-
meric value or a word from a natural language. The
goal is to generate a valid mathematical equation
EP from P such that the equation consists of num-
bers from P , desired numerical constants and math-
ematical operators from the set {/, ∗,+,−,=, (, )}.
Let F : P → EP be an MWP solver where EP is
the equation to problem P . Our task is to generate
augmented problem statement P∗ from the original
input P such that P∗ is: (1) semantically similar
to the initial input P , (2) preserves the sequence of
events in the problem statement, (3) keeps the nu-
merical values intact and (4) the solution equation
is same as EP .

3.2 Deficiencies in Existing Models

As showcased by (Patel et al., 2021), existing MWP
solvers trained on benchmark datasets like MaWPS
and ASDiv-A focus their attention only on certain
keywords in the problem statement and do not pay
much heed to the question text. We further show
that even after performing significant transforma-
tions on the test set such as (1) dropping the ques-
tion text, (2) randomly shuffling the sequence of
sentences, (3) random word deletion, and (4) ran-
dom word reordering, the solvers are still able to
produce correct equations. Upon introducing these
transformations we should expect a very high drop
in accuracy values as the transformed problems are
now distorted. Surprisingly, the decrease in accu-
racy scores is relatively very less than expected as
shown in Table 2. We only observe a relatively
moderate drop for word reordering. From this anal-
ysis, we can say that instead of focusing on the
sequence of events, question text and semantic rep-
resentation of the problem, solvers pick word pat-
terns and keywords from the problem statement.
We hypothesize that the drop in accuracy for word
reordering experiment indicates that the solvers try
to identify a contiguous window of words having
some keywords and numbers in them, and gener-
ates equation based on these keywords. We further
probe on this hypothesis by visualizing the atten-
tion weights in the experiment section.

3.3 Augmentation Methods

A MWP can also be expressed as P =
(S1, S2..Sk, Q) where Q is the question and
(S1, S2..Sk) are the sentences constituting the prob-
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Dataset Eval Type Seq2Seq GTS Graph2Tree

MaWPS

True 84.6 87.5 88.7

WD 80.2 81.5 77.3

QR 77.4 82.0 80.2

SS 77.0 60.4 66.4

WR 54.9 34.8 39.3

ASDiv-A

True 70.6 80.3 82.7

WD 60.2 61.3 56.7

QR 58.7 52.4 54.1

SS 56.2 59.3 60.7

WR 47.1 32.3 34.6

Table 2: Performance of solvers on modified test sets.
True represents unaugmented test set. WD,QR,SS,WR
represent word deletion, question reordering, sentence
shuffling and word reordering respectively.

lem description. To mitigate the deficiencies in
MWP solvers, we propose a two stage augmenta-
tion paradigm consisting of primary and secondary
stage. In primary stage, we generate base aug-
mentation candidates which then proceed to the
secondary stage and get modified accordingly to
become potential candidates. After identifying the
potential candidates, we filter out the best candi-
dates using proposed candidate selection algorithm.
Table 1 shows changes in MWP after primary and
secondary stage. Following are the details:

• Primary Stage: In the primary stage, our
focus is on inducing variations in the ques-
tion text Q of a given problem statement P .
For this, we first generate n base candidates
{b1, b2, ..., bn} fromQ using T5 paraphrasing
model (Raffel et al., 2020). The key intuition
behind this step is to ensure that each aug-
mentation of a given problem has a different
question text. This will empower the solver to
learn variations from the question text as well.

• Secondary Stage: After the generation of
base candidates, we implement augmenta-
tion methods to generate potential candidates.
These methods although well known, require
careful tuning to adapt for MWP generation.
Table 3 showcases MWP examples and their
generated augmentations. Detailed descrip-
tion of these techniques follow.

3.3.1 Paraphrasing Methods

Paraphrasing has proved to be an effective way
of generating text augmentations (Witteveen
and Andrews). It generates samples having
diverse sentence structures and word choices
while preserving the semantic meaning of the
text. These additional samples guide the model
to pay attention to not only the keywords but its
surroundings as well. This is particularly beneficial
for the task of MWP solving, where most of the
problem statements follow a general structure.

Problem Reordering: Given original prob-
lem statement P = (S1, S2, ...Sk, Q), we
alter the order of problem statement such that
P∗ = (Q,S1, S2, ..., Sk). To preserve the seman-
tic and syntactic meaning of problem statement we
use filler phrases like ’Given that’ and ’If-then’. To
make these paraphrases more fluent, we use named
entity recognition and co-reference resolution
to replace the occurrences of pronouns with
their corresponding references. Please note that
this method is better than random shuffling of
sentences as it preserves the sequence of events in
the problem statement.

Round Trip Translations: Round trip transla-
tions, more commonly referred as back-translation
is an interesting method to generate paraphrases.
This idea has evolved as a result of the success
of machine translation models (Wu et al., 2016).
In this technique, sentences are translated from
their original language to foreign languages and
then translated back to the original language. This
round trip can be between multiple languages as
well. The motivation behind using this technique
is to utilize the different structural constructs and
linguistic variations present in other languages.
Back-translation is known to diverge uncontrol-
lably (Tan et al., 2019) for multiple round trips.
This may lead to change in the semantics of the
problem statement. Numerical quantities are frag-
ile to translations and their order and representation
may change. To overcome these challenges, we
worked with languages that have structural con-
structs similar with English. For instance, lan-
guages like Finnish which are gender neutral, can
become problematic as they can lead to semantic
variance in augmented examples. To preserve nu-
merical quantities, we replace them with special
symbols and keep a map to restore numerical quan-
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Category Augmentation Method Example

Paraphrasing
Methods

Round trip Translation Original: The schools debate team had 4 boys and 6 girls on it. If they
were split into groups of 2, how many groups could they make ?
Augmented: The school discussion group consisted of 4 boys and 6
girls. If they are divided into groups of 2 . How many groups could they
have created ?

Problem Reordering Original: Lucy has an aquarium with 5 fish . She wants to buy 1 more
fish . How many fish would Lucy have then ?
Augmented: If lucy has an aquarium with 5 fish and she wants to buy 1
more fish then how many fish would lucy have ?

Substitution
Methods

Fill Masking Original: There are 8 walnut trees currently in the park . Park workers
will plant 3 more walnut trees today . How many walnut trees will the
park have when the workers are finished ?
Augmented: There are 8 walnut trees currently in the park . Park
workers will plant 3 more walnut trees soon . How many walnut trees
will the park have after the workers are finished ?

Named-Entity Replacement Original: Sally found 7 seashells , Tom found 12 seashells , and Jessica
found 5 seashells on the beach . How many seashells did they find
together ?
Augmented: Edd found 7 seashells , Alan found 12 seashells , and
Royal found 5 seashells on the beach . How many seashells were found
together ?

Synonym Replacement Original: Katie ’s team won their dodgeball game and scored 25 points
total . If Katie scored 13 of the points and everyone else scored 4 points
each , how many players were on her team ?
Augmented: Katie’s group won their rumble game and scored 25 points
total . If Katie scored 13 of the points and all else scored 4 points each,
How many players was on her group ?

Table 3: Augmentation examples from all proposed methods. Coloured text represents the changes in problem
statement.

tities in the generated paraphrases. We have used
the following round trips:
English - Russian - English: Although Russian
is linguistically different from English, we still
chose it as word order does not affect the syntactic
structure of a sentence in Russian language (Voita
et al., 2019). For single round trip, we preferred
Russian as it has the potential to generate different
paraphrase structures.
English - German - French - English: German and
french are structurally similar to English language
(Kim et al., 2019), we chose them for multiple
round trips to both maintain semantic in-variance
and induce minor alterations in the paraphrases.

3.3.2 Substitution Methods

In this class of methods, the focus is on generating
variations of the problem statement by identifying
and substituting some of the keywords such
that the augmentations are semantically and
syntactically correct, with the equation labels
preserved. Substitution is effective for MWP
solving as it guides the solvers focus away from
certain keywords, allowing it to distribute its
attention and generalize better. We propose the

following methods:

Fill-Masking: In this technique, we model the
challenge of generating candidates as a masked
language modelling problem. Instead of randomly
choosing words for masking, we use part of speech
tags to focus on nouns and adjectives, preferably
in the vicinity of numerical quantities. We replace
these identified keywords with mask tokens. These
masked candidate sentences are then passed
through a masked language model (Devlin et al.,
2019a) and suitable words are filled in masked
positions to generate our candidate sentences.

Synonym Replacement: In this method, after
stop-word removal, we select keywords randomly
for substitution. Unlike fill-mask technique, where
masked language models were deployed, here we
use Glove embeddings (Pennington et al., 2014) to
find the top k candidates that are close synonyms
of the keywords. To ensure syntactic correctness in
candidates, we maintain the part of speech tags for
the substitute candidates. These synonyms are then
used to substitute the keywords in the problem
statement and generate augmented candidates.
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Named-Entity Replacement: A common
occurrence in MWP is the usage of named entities.
These entities play a crucial role in stating the
problem statement, but the solution equations do
not change on altering these entities. Following
this insight, we first identify the named entities2

such as person, place and organizations present
in the problem statement. Then we replace these
named entities with their corresponding substitutes,
like a person’s name is replaced by another
person’s name to generate the potential candidates.
Table 4 reports the statistics of augmented datasets
on both MaWPS and ASDiv-A. All the techniques
described in paraphrasing and substitution methods
are used for generating the potential candidates
for a problem statement. After generation of the
potential candidates for augmenting a problem
statement, the best possible candidate is selected
by using Algorithm 1. Key motivation behind
developing this algorithm is to select candidates
on which the solver does not perform well and
which are similar to the original problem statement.

We use negative log likelihood as the loss
function L and Sentence-BERT (Reimers and
Gurevych, 2019) fine tuned on MWP equation gen-
eration task as sentence embedding generator S.
We calculate the similarity of each candidate em-
bedding with the original problem representation
using cosine similarity as shown in Line 3 of the
algorithm. Further, for each candidate sentence,
we evaluate their loss values and select the candi-
date with the maximum mean normalized loss and
similarity score.

Dataset Problem Size Vocabulary Size
MaWPS 2,373 2,632
ASDiv-A 1,213 2,893

Paraphrase 5,909 3,832
Substitution 6,647 3,923

Combined-MaWPS 10,634 5,626
Combined-ASDiv 5,312 6,109

Table 4: Statistics of augmented dataset compared with
MaWPS and ASDiv-A. Combined-Dataset represents
combination of Paraphrase and Substitution methods.

4 Experiments

Datasets and Models: To showcase the effec-
tiveness of proposed augmentation methods, we

2https://www.nltk.org/

Algorithm 1 MWP Candidate Selection Algorithm
Requires:M is augmentation method, S is simi-
larity model, F is solver model, L is Loss function.
Input: Problem text P
Output: Augmented Text P∗

1: EP ← F(P)
2: Candidates←M(P)
3: for Cj in Candidates : do
4: Sj ← S(Cj ,P)
5: Lj ← (L(Cj)− L(P ))/L(P )
6: CandidateScore.add(Sj ∗ Lj)
7: P∗ = argmax

Cj

CandidateScore(Cj)

8: end

select three state-of-the-art MWP solvers: (1)
Seq2Seq (Wang et al.) having an LSTM encoder
and an attention based decoder. (2) GTS (Xie
and Sun, 2019) having an LSTM encoder and a
tree based decoder and (3) Graph2tree (Zhang
et al.) consists of a both tree based encoder and
decoder. Seq2Seq serves as our base model for
experimentation. Many existing datasets are not
suitable for our analysis as either they are in
Chinese (Wang et al.) or they have problems
of higher complexities (Huang et al., 2016) .
We conduct experiments across the two largest
available English language datasets satisfying our
requirements: (1) MaWPS (Koncel-Kedziorski
et al., 2016) containing 2, 373 problems (2)
ASDiv-A (Miao et al., 2020) containing 1, 213
problems. Both datasets have MWPs with linear
equation in one variable.

Experiment Setup: We train and evaluate the three
solvers on both MaWPS and ASDiv-A using five
fold cross validation. Evaluation is conducted on
both original and augmented datasets. We use the
same hyperparameter values as recommended in
the original implementation of these solvers. Fur-
ther, each solver has been trained from scratch and
by using BERT embeddings (Devlin et al., 2019b).
We also evaluate the models on SVAMP (Patel et al.,
2021) challenge set. This test set has been designed
specifically to examine the robustness and adapt-
ability of the solvers. Ablation studies have been
conducted to assess the effectiveness of candidate
selection algorithm and augmentation techniques.
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Dataset Evaluation Type Seq2Seq GTS G2T

MaWPS
True 84.6 87.5 88.7

Paraphrasing 88.3 90.4 92.6
Substitution 89.2 89.7 91.7
Combined 91.3 92.6 93.5

ASDiv-A
True 70.6 80.3 82.7

Paraphrasing 75.6 84.2 83.6
Substitution 73.2 83.3 84.1
Combined 78.2 85.9 86.3

Table 5: Result of augmentation methods. True is origi-
nal dataset, Combined is combination of paraphrasing
and substitution. G2T represents Graph2Tree solver.

Problem 1: Ricardo was making baggies of cookies with
5 cookies in each bag. If he had 7 chocolate chip cookies
and 3 oatmeal cookies, how many baggies could he make ?
Solution Equation: X = (7+3)/5
Pre Augmentation Equation: X = (7/3)/3
Post Augmentation Equation: X = (7+3)/5

Problem 2: For halloween Destiny bought 9 pieces of candy.
She ate 3 pieces the first night and then her sister
gave her 2 more pieces. How many pieces of candy does
Destiny have now ?
Solution Equation: X = 9-3+2
Pre Augmentation Equation: X = ((9+3-3
Post Augmentation Equation: X = (9+3-2)

Problem 3 : Audrey needs 6 cartons of berries to make
a berry cobbler. She already has 2 cartons of strawberries
and 3 cartons of blueberries. How many more cartons of
berries should Audrey buy ?
Solution Equation: X = 6-2-3
Pre Augmentation Equation: X = (6-(2)+3)
Post Augmentation Equation: X = 6-(2+3)

Table 6: Examples illustrating equation results before
and after training on the full augmented dataset.

4.1 Results and Analysis
Table 5 shows the result of proposed methods.
These results have been reported on BERT em-
beddings. Table 11 shows a comparison between
training from scratch and using BERT embeddings.
By training these state-of-the-art models on the
augmented dataset we achieve better results for
both MaWPS and ASDiv-A. On average, we were
able to increase the accuracy significantly by more
than five percentage points. Both paraphrasing and
substitution methods have performed well indepen-
dently and in combination. Further, we conduct
ablation studies to analyze the performance of each
augmentation method. In Table 6 we illustrate
some examples on which existing models generate
incorrect equations. However, after being trained
with augmented dataset they generate correct
equations. Additionally, in Problem 2 the base

Problem: Gavin has 6 shirts . 3 are blue the rest are
green. How many green shirts does Gavin have ?
Mean attention values: 0.27 0.14 0.08

Problem: Gavin has 6 shirts . 3 are blue the rest are
green. How many green shirts does Gavin have ?

Augmented mean attention values : 0.23 0.18 0.11

Problem: There are 3 pencils in the drawer . Sara
placed 7 more pencils in the drawer. How many pencils
are there in all ?
Mean attention values: 0.45 0.11 0.05

Problem: There are 3 pencils in the drawer. Sara

placed 7 more pencils in the drawer. How many pencils

are there in all ?
Augmented mean attention values : 0.31 0.16 0.09

Table 7: Examples illustrating distribution of top three
attention weights before and after training on the full
augmented dataset.

model generates syntactically incorrect solution,
but post augmentation it generates syntactically
correct equation. These examples show the
increased robustness and solving abilities of
solvers.

Attention Visualizations: Through this investi-
gation, we aim to ascertain our hypothesis that
to generate equations MWP solvers focus only
on certain keywords and patterns in a region.
They ignore essential information like semantics,
sequence of events and content of the question text
present in the problem statement. In Table 7, we
show some sample problem statements with their
attention weights. These weights are generated
during the decoding process using Luong attention
mechanism (Luong et al., 2015). Moreover, to
illustrate the effectiveness of our augmentation
techniques, we show the distribution of attention
weights for models trained on the augmented
dataset. We can infer from the examples showcased
in Table 7 that before augmentation the focus
of the solver is limited to a fixed region around
numerical quantities and it does not pay heed
to the question text. However, after training on
the augmented dataset the solver has a better
distribution of attention weights, the weights are
not localised and and the model is also able to pay
attention on the question text.

Ablation Studies: To assert the effectiveness of
our methods, we conduct the following ablations:
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Method Eval Type Seq2Seq GTS Graph2Tree

RSA
True 84.6 87.5 88.7

Paraphrasing 85.3 88.1 89.2
Substitution 86.8 87.3 87.9
Combined 87.0 89.2 89.5

CSA
True 84.6 87.5 88.7

Paraphrasing 88.3 90.4 92.6
Substitution 89.2 89.7 91.7
Combined 91.3 92.6 93.5

Table 8: Ablation Study for Random Selection Algo-
rithm (RSA) and Candidate Selection Algorithm (CSA).

Candidate Selection Algorithm: For testing the
usefulness of candidate selection algorithm, we
compare it with a random selection algorithm.
In this, we randomly select one of the possible
candidates as augmented problem statement. We
evaluate the accuracy of models trained on the
augmented datasets, generated using both the
algorithms. Result in Table 8, shows that candidate
selection algorithm performs better than random
selection algorithm and this demonstrates the
effectiveness of our algorithm.

Augmentation Methods: To examine the effec-
tiveness of proposed augmentation techniques, we
evaluate the models on each of the proposed tech-
niques independently and report the results in Table
9. Although, all the methods contribute towards
increase in accuracy but Round trip translations
and synonym replacement perform marginally bet-
ter than others. This behaviour can be linked to
the structural diversity and keyword sensitivity that
round trip translations and synonym replacement
bring respectively (Feng et al., 2021).

Augmentation Seq2Seq GTS Graph2Tree
True 84.6 87.5 88.7
RRT 86.5 89.1 91.6
PR 85.9 88.4 90.7
FM 84.8 87.2 89.1
SR 85.2 90.1 91.2

NER 86.1 88.3 89.7

Table 9: Result of Ablation study for each augmenta-
tion method. True represents unaugmented MaWPS
dataset, RRT, PR, FM, SR, NER represents round trip
translations, problem reordering, fill masking,synonym
replacement and named entity replacement respectively.

SVAMP Challenge Set: SVAMP (Patel et al.,
2021) is a manually curated challenge test set

Augmentation Seq2Seq GTS Graph2Tree
True 37.5 39.6 41.2

MaWPS(P+S) 39.2 40.1 42.3
ASDiv-A(P+S) 37.8 40.4 42.1

Combined 40.2 41.3 43.8

Table 10: Result of augmentations on SVAMP Chal-
lenge Set. P and S represent paraphrasing and substitu-
tion methods. Combined represents augmented MaWPS
and ASDiv-A. True is combined MaWPS and ASDiv-A.

consisting of 1, 000 math word problems. These
problems have been cherry picked from MaWPS
and ASDiv-A, then altered manually to modify
the semantics of question text and generate
additional equation templates. This challenge set
is suitable for evaluating a solver’s performance as
it modifies problem statements such that solver’s
generalization can be checked. The results are
shown in Table 10. Although, our proposed
augmented dataset has very limited equation
templates, still it performs comparatively better
than state-of-the-art models on SVAMP challenge
set. This result signifies the need for a larger and
diverse dataset with enhanced variety of problems.
Further, it demonstrates the effectiveness of our
method which is able to perform better on SVAMP
test set and increase model’s accuracy despite the
challenges.

Augmentation
Method

MaWPS ASDiv-A
Scratch BERT Scratch BERT

True 77.2 84.6 53.2 70.6
Paraphrasing 79.8 88.3 58.1 75.6
Substitution 81.3 89.2 57.3 73.2
Combined 82.7 91.3 60.4 78.2

Table 11: Performance comparison of baseline model
trained from scratch and trained using BERT embed-
dings. True represents unaugmented dataset.

BERT Embeddings: We train the solvers in
two different settings, using pre-trained BERT
embeddings and training from scratch. We chose
BERT specifically as we require contextual
embeddings which could be easily adapted for the
task of MWP. Moreover, existing models have also
shown results using BERT and it would be fair to
compare their performances when trained using
similar embeddings. Results obtained are shown in
Table 11. We observe that for solver’s trained using
BERT, accuracy is higher than models trained from
scratch.
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Human Evaluation: To verify the quality of aug-
mented examples, we conduct human evaluation.
The focus of this evaluation is: (1) To check if the
augmentations will result in the same linear equa-
tion as present in the original problem statement,
(2) To evaluate if the numerical values for each aug-
mentation example is preserved, (3) Evaluate each
sample in the range 0 to 1 for its semantic similar-
ity with the original problem statement, (4) On a
scale of 1 to 5 rate each augmented example for its
grammatical correctness. We conduct the human
evaluations on randomly shuffled subsets consist-
ing of around 40% of the total augmented examples
for both the datasets. This process is repeated three
times with different subsets, five human evaluators
evaluate each example in all subsets, and the mean
results are computed as shown in Table 12.

Evaluation
Criteria

MaWPS ASDiv-A
Para Sub Para Sub

Preserves Equation 92.3% 89.5% 93.6% 90.1%
Preserves Numbers 88.4% 91.2% 87.3% 90.3%
Semantic Similarity 0.96 0.89 0.91 0.87
Syntactic Similarity 4.67 4.36 4.59 4.33

Table 12: Human Evaluation scores on augmentated
dataset. Para and Sub represents paraphrasing and sub-
stitution methods respectively.

5 Future Work and Conclusion

We showcase that the existing MWP solvers are
not robust and do not generalize well on even sim-
ple variations of the problem statement. In this
work, we have introduced data augmentation tech-
niques for generation of diverse math word prob-
lems. We were able to enhance the size of existing
dataset by 5 folds and significantly increase the
performance of state-of-the-art solvers by over 5
percentage points. Future works could focus on
developing techniques to generate data artificially
and making robust MWP solvers.
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7 Appendix

7.1 Implementation Details
For conducting our experiments we have used two
Boston SYS-7048GR-TR nodes equipped with
NVIDIA GeForce GTX 1080 Ti computational
GPU’s having 11GB of GDDR5X RAM. All im-
plementations of training and testing is coded in
Python with Pytorch framework. The number of
parameters range from 20M to 130M for differ-
ent models. We use negative log likelihood as the
loss criterion. Hyper-parameter values were not
modified, and we follow the recommendations of
the respective models. To reduce carbon footprint
from our experiments, we run the models only on
a single fold for searching hyperparameter values.
We chose the number of base candidates after pri-
mary stage n as 7. Generating augmentation ex-
amples using Paraphrasing Methods took around
12 minutes on average for MaWPS and 8 minutes
for ASDiv-A datasets. Substitution methods took
around 5 minutes on average for both MaWPS and
ASDiv-A dataset. The experiments conducted by
us are not computation heavy. Each of the state-
of-the-art models get trained within 5 hrs of time,
with Graph2Tree taking the maximum time.

7.2 Additional Augmented Examples
In this section, we present some additional valid as
well as invalid augmented examples. Additionally,
we also show some more examples with their at-
tention weights. Table 13 shows some additional
examples with their attention weight distribution.
These weights have been shown for the base model
trained before augmentation and after augmenta-
tion on MaWPS dataset. Table 14 illustrates some
additional problem statements for all the techniques
in paraphrasing methods and substitution methods.
In Table 15, we present some invalid augmented ex-
amples which do not satisfy our human evaluation
criteria. These examples are such that they alter the
semantics of the original problem statement.

Problem: A magician was selling magic card decks for 2
dollars each . If he started with 25 decks and by the end of
the day he had 4 left, how much money did he earn ?
Mean attention values: 0.34 0.11 0.09

Problem: A magician was selling magic card decks for 2
dollars each. If he started with 25 decks and by the end of

the day he had 4 left, how much money did he earn ?
Augmented mean attention values : 0.19 0.18 0.15

Problem: There are 18 pencils in the drawer and 6 pencils
on the desk. Dan placed 4 pencils on the desk. How many

pencils are there in total ?
Mean attention values: 0.21 0.16 0.06

Problem: There are 18 pencils in the drawer and 6 pencils
on the desk.
Dan placed 4 pencils on the desk. How many

pencils are there in total ?
Augmented mean attention values : 0.29 0.19 0.12

Problem: Dan has 12 violet marbles, he gave Mary 4

of the marbles . How many violet marbles does he
now have ?
Mean attention values: 0.23 0.21 0.17

Problem: Dan has 12 violet marbles , he gave Mary 4
of the marbles. How many violet marbles does he
now have ?
Augmented mean attention values : 0.23 0.18 0.11

Problem: Angela has 7 tickets . Annie gives Angela
5 more . How many tickets does Angela have in all ?
Mean attention values: 0.30 0.19 0.15
Problem: Angela has 7 tickets . Annie gives Angela

5 more . How many tickets does Angela have in all ?
Augmented mean attention values : 0.29 0.21 0.14

Problem: Maria had 5 bottles of water in her fridge.
If she drank 1 of them and then bought 2 more, how many
bottles would she have ?
Mean attention values: 0.48 0.14 0.04
Problem Maria had 5 bottles of water in her fridge.
If she drank 1 of them and then bought 2 more , how
many bottles would she have ?

Augmented mean attention values : 0.23 0.17 0.11

Table 13: Examples illustrating distribution of top three
attention weights before and after training on the full
augmented dataset.
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Category Augmentation Method Example

Paraphrasing
Methods

Round trip Translation Original: Alyssa’s dog had puppies. She gave 2 to her friends. She now
has 3 puppies. How many puppies did she have to start with ?
Augmented: Alyssa’s dog had puppies . She gave her friends 2 . She
now has 3 puppies . How many puppies did she start ?

Problem Reordering Original: Rachel was organizing her book case making sure each of the
shelves had exactly 3 books on it. If she had 4 shelves of mystery books
and 2 shelves of picture books , how many books did she have total ?
Augmented:How many books did she have given that rachel was or-
ganizing her book case making sure each of the shelves had exactly 3
books on it and she had 4 shelves of mystery books and 2 shelves of
picture books .

Substitution
Methods

Fill Masking Original: A cell phone company has a total of 1000 customers across
the world . If 740 of its customers live in the United States , how many
of its customers live in other countries ?
Augmented: A mobile phone firm has a network of 1000 customers
across the world . If 740 of its customers live in the violetUS, How many
customers live in other locations?

Named-Entity Replacement Original: Daniel had some noodles. He gave 20 noodles to William.
Now Daniel only has 11 noodles. How many noodles did Daniel have to
begin with ?
Augmented: Matt had some noodles. He gave 20 noodles to Zeal. Now
Matt only has 11 noodles. How many noodles did Matt have initially
? Edd found 7 seashells , Alan found 12 seashells , and Royal found 5
seashells on the beach . How many seashells were found together ?

Synonym Replacement Original: There are 5 rulers in the drawer. Tim took 3 rulers from the
drawer. How many rulers are now in the drawer ?
Augmented: There are 5 consonants in the drawer. Tim went 3 conso-
nants from the drawer. How many other consonants are in the drawer
now ?

Table 14: Valid Augmentation examples from all proposed methods. Coloured text represents the changes in
problem statement.
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Category Augmentation Method Example

Paraphrasing
Methods

Round trip Translation Original: Kimberly went to the store 6 times last month . She buys 9
peanuts each time she goes to the store . How many peanuts did Kimberly
buy last month ?
Augmented: Kimberly travelled to club six times last month. She buys 9
peanuts every time she goes to the club . How many peanuts did Kimberly
buy last year ?

Problem Reordering Original: Fred has 10 blue marbles . Fred has number1 times more blue
marbles than Tim . How many blue marbles does Tim have ?
Augmented: If fred has 10 blue marbles and fred has number1 more blue
marbles than Tim then how many blue marbles does tim have ?

Substitution
Methods

Fill Masking Original: Sarah had 7 homework problems . She finished 2 of them but
still had 3 pages of problems to do . If each page has the same number of
problems on it , how many problems are on each page ?
Augmented: Sarah had 7 of them . She had 2 of them but still had 3 more
of them to do . If each more has the same number of them on it, How many
them are on each more ?

Named-Entity Replacement Original: Beverly had 10 dimes in his bank . His sister Maria borrowed 2
of his dimes . How many dimes does Beverly have now ?
Augmented: Silva had 10 dimes in his bank . His sister Jeanie borrowed a
pair of his dimes . How many dimes does Jeanie have now ?

Synonym Replacement Original: Shawn’s team won their dodgeball game and scored 25 points
total . If Shawn scored 13 of the points and everyone else scored 4 points
each , how many players were on his team ?
Augmented: Shawn’s group won their rumble game and scored 25 points
total . If Shawn scored 13 of the points and everyone else scored quarter
points each, how many people were there ?

Table 15: Invalid Augmentation examples from all proposed methods. Coloured text represents the changes in
problem statement.
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Marin Soljačić† Shang-Wen Li⋄ Wen-tau Yih⋄ Yoon Kim† James Glass†

Massachusetts Institute of Technology† Meta AI⋄

MIT-IBM Watson AI Lab‡ UC Santa Barbara∗

yungsung@mit.edu

Abstract
We propose DiffCSE, an unsupervised con-
trastive learning framework for learning sen-
tence embeddings. DiffCSE learns sentence
embeddings that are sensitive to the difference
between the original sentence and an edited sen-
tence, where the edited sentence is obtained by
stochastically masking out the original sentence
and then sampling from a masked language
model. We show that DiffSCE is an instance
of equivariant contrastive learning (Dangovski
et al., 2021), which generalizes contrastive
learning and learns representations that are in-
sensitive to certain types of augmentations and
sensitive to other “harmful” types of augmen-
tations. Our experiments show that DiffCSE
achieves state-of-the-art results among unsuper-
vised sentence representation learning methods,
outperforming unsupervised SimCSE1 by 2.3
absolute points on semantic textual similarity
tasks. 2

1 Introduction
Learning “universal” sentence representations that
capture rich semantic information and are at the
same time performant across a wide range of down-
stream NLP tasks without task-specific finetuning
is an important open issue in the field (Conneau
et al., 2017; Cer et al., 2018; Kiros et al., 2015;
Logeswaran and Lee, 2018; Giorgi et al., 2020;
Yan et al., 2021; Gao et al., 2021). Recent work
has shown that finetuning pretrained language mod-
els with contrastive learning makes it possible to
learn good sentence embeddings without any la-
beled data (Giorgi et al., 2020; Yan et al., 2021;
Gao et al., 2021). Contrastive learning uses multi-
ple augmentations on a single datum to construct
positive pairs whose representations are trained to

1SimCSE has two settings: unsupervised and supervised.
In this paper, we focus on the unsupervised setting. Unless
otherwise stated, in this paper we use SimCSE to refer to
unsupervised SimCSE.

2Pretrained models and code are available at https://
github.com/voidism/DiffCSE.

be more similar to one another than negative pairs.
While different data augmentations (random crop-
ping, color jitter, rotations, etc.) have been found to
be crucial for pretraining vision models (Chen et al.,
2020), such augmentations have generally been un-
successful when applied to contrastive learning of
sentence embeddings. Indeed, Gao et al. (2021)
find that constructing positive pairs via a simple
dropout-based augmentation works much better
than more complex augmentations such as word
deletions or replacements based on synonyms or
masked language models. This is perhaps unsur-
prising in hindsight; while the training objective
in contrastive learning encourages representations
to be invariant to augmentation transformations,
direct augmentations on the input (e.g., deletion,
replacement) often change the meaning of the sen-
tence. That is, ideal sentence embeddings should
not be invariant to such transformations.

We propose to learn sentence representations
that are aware of, but not necessarily invariant to,
such direct surface-level augmentations. This is an
instance of equivariant contrastive learning (Dan-
govski et al., 2021), which improves vision repre-
sentation learning by using a contrastive loss on
insensitive image transformations (e.g., grayscale)
and a prediction loss on sensitive image trans-
formations (e.g., rotations). We operationalize
equivariant contrastive learning on sentences by us-
ing dropout-based augmentation as the insensitive
transformation (as in SimCSE (Gao et al., 2021))
and MLM-based word replacement as the sensitive
transformation. This results in an additional cross-
entropy loss based on the difference between the
original and the transformed sentence.

We conduct experiments on 7 semantic textual
similarity tasks (STS) and 7 transfer tasks from Sen-
tEval (Conneau and Kiela, 2018) and find that this
difference-based learning greatly improves over
standard contrastive learning. Our DiffCSE ap-
proach can achieve around 2.3% absolute improve-
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     “You [MASK] know what you’re gonna [MASK] .”     “You never know what you’re gonna get .”

Sentence Encoder

Generator (fixed)

Contrastive Loss

     “You gotta know what you’re gonna do .”

Discriminator

0 1 0 0 0 0 1

Replaced Token Detection Loss

Random 
Masking

0: original
1: replaced

Figure 1: Illustration of DiffCSE. On the left-hand side is a standard SimCSE model trained with regular contrastive
loss on dropout transformations. On the right hand side is a conditional difference prediction model which takes the
sentence vector h as input and predict the difference between x and x′′. During testing we discard the discriminator
and only use h as the sentence embedding.

ment on STS datasets over SimCSE, the previous
state-of-the-art model. We also conduct a set of
ablation studies to justify our designed architecture.
Qualitative study and analysis are also included to
look into the embedding space of DiffCSE.

2 Background and Related Work

2.1 Learning Sentence Embeddings

Learning universal sentence embeddings has been
studied extensively in prior work, including unsu-
pervised approaches such as Skip-Thought (Kiros
et al., 2015), Quick-Thought (Logeswaran and Lee,
2018) and FastSent (Hill et al., 2016), or supervised
methods such as InferSent (Conneau et al., 2017),
Universal Sentence Encoder (Cer et al., 2018) and
Sentence-BERT (Reimers and Gurevych, 2019).
Recently, researchers have focused on (unsuper-
vised) contrastive learning approaches such as Sim-
CLR (Chen et al., 2020) to learn sentence embed-
dings. SimCLR (Chen et al., 2020) learns image
representations by creating semantically close aug-
mentations for the same images and then pulling
these representations to be closer than represen-
tations of random negative examples. The same
framework can be adapted to learning sentence em-
beddings by designing good augmentation meth-
ods for natural language. ConSERT (Yan et al.,
2021) uses a combination of four data augmen-
tation strategies: adversarial attack, token shuf-
fling, cut-off, and dropout. DeCLUTR (Giorgi
et al., 2020) uses overlapped spans as positive ex-

amples and distant spans as negative examples for
learning contrastive span representations. Finally,
SimCSE (Gao et al., 2021) proposes an extremely
simple augmentation strategy by just switching
dropout masks. While simple, sentence embed-
dings learned in this manner have been shown to be
better than other more complicated augmentation
methods.

2.2 Equivariant Contrastive Learning
DiffCSE is inspired by a recent generalization of
contrastive learning in computer vision (CV) called
equivariant contrastive learning (Dangovski et al.,
2021). We now explain how this CV technique can
be adapted to natural language.

Understanding the role of input transformations
is crucial for successful contrastive learning. Past
empirical studies have revealed useful transforma-
tions for contrastive learning, such as random re-
sized cropping and color jitter for computer vision
(Chen et al., 2020) and dropout for NLP (Gao et al.,
2021). Contrastive learning encourages representa-
tions to be insensitive to these transformations, i.e.
the encoder is trained to be invariant to a set of man-
ually chosen transformations. The above studies
in CV and NLP have also revealed transformations
that are harmful for contrastive learning. For ex-
ample, Chen et al. (2020) showed that making the
representations insensitive to rotations decreases
the ImageNet linear probe accuracy, and Gao et al.
(2021) showed that using an MLM to replace 15%
of the words drastically reduces performance on
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STS-B. While previous works simply omit these
transformations from contrastive pre-training, here
we argue that we should still make use of these
transformations by learning representations that
are sensitive (but not necessarily invariant) to such
transformations.

The notion of (in)sensitivity can be captured by
the more general property of equivariance in math-
ematics. Let T be a transformation from a group
G and let T (x) denote the transformation of a sen-
tence x. Equivariance is the property that there is
an induced group transformation T ′ on the output
features (Dangovski et al., 2021):

f(T (x)) = T ′(f(x)).

In the special case of contrastive learning, T ′’s
target is the identity transformation, and we say
that f is trained to be “invariant to T .” However,
invariance is just a trivial case of equivariance,
and we can design training objectives where T ′

is not the identity for some transformations (such
as MLM), while it is the identity for others (such
as dropout). Dangovski et al. (2021) show that
generalizing contrastive learning to equivariance in
this way improves the semantic quality of features
in CV, and here we show that the complementary
nature of invariance and equivariance extends to
the NLP domain. The key observation is that the
encoder should be equivariant to MLM-based aug-
mentation instead of being invariant. We can oper-
ationalize this by using a conditional discriminator
that combines the sentence representation with an
edited sentence, and then predicts the difference
between the original and edited sentences. This
is essentially a conditional version of the ELEC-
TRA model (Clark et al., 2020), which makes the
encoder equivariant to MLM by using a binary dis-
criminator which detects whether a token is from
the original sentence or from a generator. We hy-
pothesize that conditioning the ELECTRA model
with the representation from our sentence encoder
is a useful objective for encouraging f to be “equiv-
ariant to MLM.”

To the best of our knowledge, we are the first to
observe and highlight the above parallel between
CV and NLP. In particular, we show that equivari-
ant contrastive learning extends beyond CV, and
that it works for transformations even without al-
gebraic structures, such as diff operations on sen-
tences. Further, insofar as the canonical set of
useful transformations is less established in NLP
than is in CV, DiffCSE can serve as a diagnostic

tool for NLP researchers to discover useful trans-
formations.

3 Difference-based Contrastive Learning

Our approach is straightforward and can be seen as
combining the standard contrastive learning objec-
tive from SimCSE (Figure 1, left) with a difference
prediction objective which conditions on the sen-
tence embedding (Figure 1, right).

Given an unlabeled input sentence x, SimCSE
creates a positive example x+ for it by applying
different dropout masks. By using the BERTbase

encoder f , we can obtain the sentence embedding
h = f (x) for x (see section 4 for how h is ob-
tained). The training objective for SimCSE is:

Lcontrast = − log
esim(hi,h

+
i )/τ

∑N
j=1 e

sim(hi,h+
j )/τ

,

where N is the batch size for the input batch
{xi}Ni=1 as we are using in-batch negative exam-
ples, sim(·, ·) is the cosine similarity function, and
τ is a temperature hyperparameter.

On the right-hand side of Figure 1 is a con-
ditional version of the difference prediction ob-
jective used in ELECTRA (Clark et al., 2020),
which contains a generator and a discrimina-
tor. Given a sentence of length T , x =
[x(1), x(2), ..., x(T )], we first apply a random mask
m = [m(1),m(2), ...,m(T )],m(t) ∈ [0, 1] on x to
obtain x′ = m ·x. We use another pretrained MLM
as the generator G to perform masked language
modeling to recover randomly masked tokens in x′

to obtain the edited sentence x′′ = G(x′). Then,
we use a discriminator D to perform the Replaced
Token Detection (RTD) task. For each token in the
sentence, the model needs to predict whether it has
been replaced or not. The cross-entropy loss for a
single sentence x is:

LxRTD =
T∑

t=1

(
−1
(
x′′(t) = x(t)

)
logD

(
x′′,h, t

)

− 1
(
x′′(t) ̸= x(t)

)
log
(
1−D

(
x′′,h, t

)))

And the training objective for a batch is LRTD =∑N
i=1 LxiRTD . Finally we optimize these two losses

together with a weighting coefficient λ:

L = Lcontrast + λ · LRTD

The difference between our model and ELECTRA
is that our discriminator D is conditional, so it can
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use the information of x compressed in a fixed-
dimension vector h = f (x). The gradient of D
can be backward-propagated into f through h. By
doing so, f will be encouraged to make h infor-
mative enough to cover the full meaning of x, so
that D can distinguish the tiny difference between
x and x′′. This approach essentially makes the con-
ditional discriminator perform a “diff operation”,
hence the name DiffCSE.

When we train our DiffCSE model, we fix the
generator G, and only the sentence encoder f and
the discriminator D are optimized. After training,
we discard D and only use f (which remains fixed)
to extract sentence embeddings to evaluate on the
downstream tasks.

4 Experiments

4.1 Setup
In our experiment, we follow the setting of unsu-
pervised SimCSE (Gao et al., 2021) and build our
model based on their PyTorch implementation.3

We also use the checkpoints of BERT (Devlin et al.,
2019) and RoBERTa (Liu et al., 2019) as the initial-
ization of our sentence encoder f . We add an MLP
layer with Batch Normalization (Ioffe and Szegedy,
2015) (BatchNorm) on top of the [CLS] represen-
tation as the sentence embedding. We will compare
the model with/without BatchNorm in section 5.
For the discriminator D, we use the same model
as the sentence encoder f (BERT/RoBERTa). For
the generator G, we use the smaller DistilBERT
and DistilRoBERTa (Sanh et al., 2019) for effi-
ciency. Note that the generator is fixed during train-
ing unlike the ELECTRA paper (Clark et al., 2020).
We will compare the results of using different size
model for the generator in section 5. More training
details are shown in Appendix A.

4.2 Data
For unsupervised pretraining, we use the same
106 randomly sampled sentences from English
Wikipedia that are provided by the source code
of SimCSE.3 We evaluate our model on 7 seman-
tic textual similarity (STS) and 7 transfer tasks
in SentEval.4 STS tasks includes STS 2012–
2016 (Agirre et al., 2016), STS Benchmark (Cer
et al., 2017) and SICK-Relatedness (Marelli et al.,
2014). All the STS experiments are fully unsu-
pervised, which means no STS training datasets

3
https://github.com/princeton-nlp/SimCSE

4
https://github.com/facebookresearch/SentEval

are used and all embeddings are fixed once they
are trained. The transfer tasks are various sen-
tence classification tasks, including MR (Pang and
Lee, 2005), CR (Hu and Liu, 2004), SUBJ (Pang
and Lee, 2004), MPQA (Wiebe et al., 2005), SST-
2 (Socher et al., 2013), TREC (Voorhees and Tice,
2000) and MRPC (Dolan and Brockett, 2005). In
these transfer tasks, we will use a logistic regres-
sion classifier trained on top of the frozen sentence
embeddings, following the standard setup (Con-
neau and Kiela, 2018).

4.3 Results
Baselines We compare our model with many
strong unsupervised baselines including Sim-
CSE (Gao et al., 2021), IS-BERT (Zhang
et al., 2020), CMLM (Yang et al., 2020), De-
CLUTR (Giorgi et al., 2020), CT-BERT (Carlsson
et al., 2021), SG-OPT (Kim et al., 2021) and some
post-processing methods like BERT-flow (Li et al.,
2020) and BERT-whitening (Su et al., 2021) along
with some naive baselines like averaged GloVe em-
beddings (Pennington et al., 2014) and averaged
first and last layer BERT embeddings.

Semantic Textual Similarity (STS) We show
the results of STS tasks in Table 1 including
BERTbase (upper part) and RoBERTabase (lower
part). We also reproduce the previous state-of-
the-art SimCSE (Gao et al., 2021). DiffCSE-
BERTbase can significantly outperform SimCSE-
BERTbase and raise the averaged Spearman’s cor-
relation from 76.25% to 78.49%. For the RoBERTa
model, DiffCSE-RoBERTabase can also improve
upon SimCSE-RoBERTabase from 76.57% to
77.80%.

Transfer Tasks We show the results of trans-
fer tasks in Table 2. Compared with SimCSE-
BERTbase, DiffCSE-BERTbase can improve the
averaged scores from 85.56% to 86.86%. When
applying it to the RoBERTa model, DiffCSE-
RoBERTabase also improves upon SimCSE-
RoBERTabase from 84.84% to 87.04%. Note that
the CMLM-BERTbase (Yang et al., 2020) can
achieve even better performance than DiffCSE.
However, they use 1TB of the training data from
Common Crawl dumps while our model only use
115MB of the Wikipedia data for pretraining. We
put their scores in Table 2 for reference. In Sim-
CSE, the authors propose to use MLM as an auxil-
iary task for the sentence encoder to further boost
the performance of transfer tasks. Compared with
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Model STS12 STS13 STS14 STS15 STS16 STS-B SICK-R Avg.

GloVe embeddings (avg.)♣ 55.14 70.66 59.73 68.25 63.66 58.02 53.76 61.32
BERTbase (first-last avg.)♢ 39.70 59.38 49.67 66.03 66.19 53.87 62.06 56.70
BERTbase-flow♢ 58.40 67.10 60.85 75.16 71.22 68.66 64.47 66.55
BERTbase-whitening♢ 57.83 66.90 60.90 75.08 71.31 68.24 63.73 66.28
IS-BERTbase

♡ 56.77 69.24 61.21 75.23 70.16 69.21 64.25 66.58
CMLM-BERTbase

♠ (1TB data) 58.20 61.07 61.67 73.32 74.88 76.60 64.80 67.22
CT-BERTbase

♢ 61.63 76.80 68.47 77.50 76.48 74.31 69.19 72.05
SG-OPT-BERTbase

† 66.84 80.13 71.23 81.56 77.17 77.23 68.16 74.62
SimCSE-BERTbase

♢ 68.40 82.41 74.38 80.91 78.56 76.85 72.23 76.25
∗ SimCSE-BERTbase(reproduce) 70.82 82.24 73.25 81.38 77.06 77.24 71.16 76.16
∗ DiffCSE-BERTbase 72.28 84.43 76.47 83.90 80.54 80.59 71.23 78.49

RoBERTabase (first-last avg.)♢ 40.88 58.74 49.07 65.63 61.48 58.55 61.63 56.57
RoBERTabase-whitening♢ 46.99 63.24 57.23 71.36 68.99 61.36 62.91 61.73
DeCLUTR-RoBERTabase ♢ 52.41 75.19 65.52 77.12 78.63 72.41 68.62 69.99
SimCSE-RoBERTabase ♢ 70.16 81.77 73.24 81.36 80.65 80.22 68.56 76.57
∗ SimCSE-RoBERTabase(reproduce) 68.60 81.36 73.16 81.61 80.76 80.58 68.83 76.41
∗ DiffCSE-RoBERTabase 70.05 83.43 75.49 82.81 82.12 82.38 71.19 78.21

Table 1: The performance on STS tasks (Spearman’s correlation) for different sentence embedding models. ♣:
results from Reimers and Gurevych (2019); ♡: results from Zhang et al. (2020); ♢: results from Gao et al. (2021);
♠: results from Yang et al. (2020); †: results from Kim et al. (2021); ∗: results from our experiments.

the results of SimCSE with MLM, DiffCSE still
can have a little improvement around 0.2%.

5 Ablation Studies
In the following sections, we perform an extensive
series of ablation studies that support our model
design. We use BERTbase model to evaluate on
the development set of STS-B and transfer tasks.
Removing Contrastive Loss In our model, both
the contrastive loss and the RTD loss are crucial
because they maintain what should be sensitive and
what should be insensitive respectively. If we re-
move the RTD loss, the model becomes a SimCSE
model; if we remove the contrastive loss, the perfor-
mance of STS-B drops significantly by 30%, while
the average score of transfer tasks also drops by 2%
(see Table 3). This result shows that it is important
to have insensitive and sensitive attributes that exist
together in the representation space.

Next Sentence vs. Same Sentence Some meth-
ods for unsupervised sentence embeddings like
Quick-Thoughts (Logeswaran and Lee, 2018) and
CMLM (Yang et al., 2020) predict the next sen-
tence as the training objective. We also experi-
ment with a variant of DiffCSE by conditioning
the ELECTRA loss based on the next sentence.
Note that this kind of model is not doing a “diff
operation” between two similar sentences, and is
not an instance of equivariant contrastive learning.
As shown in Table 3 (use next sent. for x′), the
score of STS-B decreases significantly compared
to DiffCSE while transfer performance remains

similar. We also tried using the same sentence and
the next sentence at the same time for conditioning
the ELECTRA objective (use same+next sent. for
x′), and did not observe improvements.

Other Conditional Pretraining Tasks Instead
of a conditional binary difference prediction loss,
we can also consider other conditional pretraining
tasks such as a conditional MLM objective pro-
posed by Yang et al. (2020), or corrective language
modeling,5 proposed by COCO-LM (Meng et al.,
2021). We experiment with these objectives instead
of the difference prediction objective in Table 3.
We observe that conditional MLM on the same sen-
tence does not improve the performance either on
STS-B or transfer tasks compared with DiffCSE.
Conditional MLM on the next sentence performs
even worse for STS-B, but slightly better than using
the same sentence on transfer tasks. Using both the
same and the next sentence also does not improve
the performance compared with DiffCSE. For the
corrective LM objective, the performance of STS-B
decreases significantly compared with DiffCSE.

Augmentation Methods: Insert/Delete/Replace
In DiffCSE, we use MLM token replacement as
the equivariant augmentation. It is possible to use
other methods like random insertion or deletion in-
stead of replacement.6 For insertion, we choose to

5This task is similar to ELECTRA. However, instead of a
binary classifier for replaced token detection, corrective LM
uses a vocabulary-size classifier with the copy mechanism to
recover the replaced tokens.

6Edit distance operators include insert, delete and replace.
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Model MR CR SUBJ MPQA SST TREC MRPC Avg.

GloVe embeddings (avg.)♣ 77.25 78.30 91.17 87.85 80.18 83.00 72.87 81.52
Skip-thought♡ 76.50 80.10 93.60 87.10 82.00 92.20 73.00 83.50

Avg. BERT embeddings♣ 78.66 86.25 94.37 88.66 84.40 92.80 69.54 84.94
BERT-[CLS]embedding♣ 78.68 84.85 94.21 88.23 84.13 91.40 71.13 84.66
IS-BERTbase

♡ 81.09 87.18 94.96 88.75 85.96 88.64 74.24 85.83
SimCSE-BERTbase

♢ 81.18 86.46 94.45 88.88 85.50 89.80 74.43 85.81
w/ MLM 82.92 87.23 95.71 88.73 86.81 87.01 78.07 86.64
∗ DiffCSE-BERTbase 82.69 87.23 95.23 89.28 86.60 90.40 76.58 86.86

CMLM-BERTbase(1TB data) 83.60 89.90 96.20 89.30 88.50 91.00 69.70 86.89

SimCSE-RoBERTabase ♢ 81.04 87.74 93.28 86.94 86.60 84.60 73.68 84.84
w/ MLM 83.37 87.76 95.05 87.16 89.02 90.80 75.13 86.90
∗ DiffCSE-RoBERTabase 82.82 88.61 94.32 87.71 88.63 90.40 76.81 87.04

Table 2: Transfer task results of different sentence embedding models (measured as accuracy). ♣: results from
Reimers and Gurevych (2019); ♡: results from Zhang et al. (2020); ♢: results from Gao et al. (2021).

STS-B Avg. transfer

SimCSE 81.47 83.91

DiffCSE 84.56 85.95
w/o contrastive loss 54.48 83.46
use next sent. for x′ 82.91 85.83
use same+next sent. for x′ 83.41 85.82

Conditional MLM
for same sent. 83.08 84.43
for next sent. 75.82 85.68
for same+next sent. 82.88 84.82

Conditional Corrective LM 79.79 85.30

Table 3: Development set results of STS-B and transfer
tasks for DiffCSE model variants, where we vary the
objective and the use of same or next sentence.

Augmentation STS-B Avg. transfer

MLM 15% 84.48 85.95
randomly insert 15% 82.20 85.96
randomly delete 15% 82.59 85.97
combining all 82.80 85.92

Table 4: Development set results of STS-B and transfer
tasks with different augmentation methods for learning
equivariance.

STS-B Avg. transfer

DiffCSE
w/ BatchNorm 84.56 85.95
w/o BatchNorm 83.23 85.24

SimCSE
w/ BatchNorm 82.22 85.66
w/o BatchNorm 81.47 83.91

Table 5: Development set results of STS-B and trans-
fer tasks for DiffCSE and SimCSE with and without
BatchNorm.

randomly insert mask tokens to the sentence, and
then use a generator to convert mask tokens into
real tokens. The number of inserted masked tokens
is 15% of the sentence length. The task is to predict

whether a token is an inserted token or the original
token. For deletion, we randomly delete 15% to-
kens in the sentence, and the task is to predict for
each token whether a token preceding it has been
deleted or not. The results are shown in Table 4.
We can see that using either insertion or deletion
achieves a slightly worse STS-B performance than
using MLM replacement. For transfer tasks, their
results are similar. Finally, we find that combining
all three augmentations in the training process does
not improve the MLM replacement strategy.

Pooler Choice In SimCSE, the authors use the
pooler in BERT’s original implementation (one
linear layer with tanh activation function) as the
final layer to extract features for computing con-
trastive loss. In our implementation (see details
in Appendix A), we find that it is better to use a
two-layer pooler with Batch Normalization (Batch-
Norm) (Ioffe and Szegedy, 2015), which is com-
monly used in contrastive learning framework in
computer vision (Chen et al., 2020; Grill et al.,
2020; Chen and He, 2021; Hua et al., 2021). We
show the ablation results in Table 5. We can ob-
serve that adding BatchNorm is beneficial for either
DiffCSE or SimCSE to get better performance on
STS-B and transfer tasks.

Size of the Generator In our DiffCSE model,
the generator can be in different model size
from BERTlarge, BERTbase (Devlin et al., 2019),
DistilBERTbase (Sanh et al., 2019), BERTmedium,
BERTsmall, BERTmini, BERTtiny (Turc et al.,
2019). Their exact sizes are shown in Table 6 (L:
number of layers, H: hidden dimension). Notice
that although DistilBERTbase has only half the
number of layers of BERT, it can retain 97% of
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STS-B Avg. transfer

SimCSE 81.47 83.91

DiffCSE w/ generator:
BERTlarge (L=24, H=1024) 82.93 85.88
BERTbase (L=12, H=768) 83.63 85.85
DistilBERTbase (L=6, H=768) 84.56 85.95

BERTmedium (L=8, H=512) 82.25 85.80
BERTsmall (L=4, H=512) 82.64 85.66
BERTmini (L=4, H=256) 82.12 85.90
BERTtiny (L=2, H=128) 81.40 85.23

Table 6: Development set results of STS-B and transfer
tasks with different generators.

Ratio 15% 20% 25% 30% 40% 50%
STS-B 84.48 84.04 84.49 84.56 84.48 83.91

Table 7: Development set results of STS-B under differ-
ent masking ratio for augmentations.

BERT’s performance due to knowledge distillation.
We show our results in Table 6, we can see

the performance of transfer tasks does not change
much with different generators. However, the score
of STS-B decreases as we switch from BERT-
medium to BERT-tiny. This finding is not the same
as ELECTRA, which works best with generators
1/4-1/2 the size of the discriminator. Because our
discriminator is conditional on sentence vectors,
it will be easier for the discriminator to perform
the RTD task. As a result, using stronger gen-
erators (BERTbase, DistilBERTbase) to increase
the difficulty of RTD would help the discriminator
learn better. However, when using a large model
like BERTlarge, it may be a too-challenging task
for the discriminator. In our experiment, using
DistilBERTbase, which has the ability close to but
slightly worse than BERTbase, gives us the best
performance.

Masking Ratio In our conditional ELECTRA
task, we can mask the original sentence in different
ratios for the generator to produce MLM-based
augmentations. A higher masking ratio will make
more perturbations to the sentence. Our empirical
result in Table 7 shows that the difference between
difference masking ratios is small (in 15%-40% ),
and a masking ratio of around 30% can give us the
best performance.

Coefficient λ In Section 3, we use the λ coeffi-
cient to weight the ELECTRA loss and then add it
with contrastive loss. Because the contrastive learn-
ing objective is a relatively easier task, the scale of
contrastive loss will be 100 to 1000 smaller than

λ 0 0.0001 0.0005 0.001
STS-B 82.22 83.90 84.40 84.24

λ 0.005 0.01 0.05 0.1
STS-B 84.56 83.44 84.11 83.66

Table 8: Development set results of STS-B under differ-
ent λ.

ELECTRA loss. As a result, we need a smaller
λ to balance these two loss terms. In the Table 8
we show the STS-B result under different λ values.
Note that when λ goes to zero, the model becomes
a SimCSE model. We find that using λ = 0.005
can give us the best performance.

6 Analysis

6.1 Qualitative Study
A very common application for sentence embed-
dings is the retrieval task. Here we show some
retrieval examples to qualitatively explain why Dif-
fCSE can perform better than SimCSE. In this
study, we use the 2758 sentences from STS-B test-
ing set as the corpus, and then use sentence query
to retrieve the nearest neighbors in the sentence
embedding space by computing cosine similarities.
We show the retrieved top-3 examples in Table 9.
The first query sentence is “you can do it, too.”. The
SimCSE model retrieves a very similar sentence
but has a slightly different meaning (“you can use
it, too.”) as the rank-1 answer. In contrast, DiffCSE
can distinguish the tiny difference, so it retrieves
the ground truth answer as the rank-1 answer. The
second query sentence is “this is not a problem”.
SimCSE retrieves a sentence with opposite mean-
ing but very similar wording, while DiffCSE can
retrieve the correct answer with less similar word-
ing. We also provide a third example where both
SimCSE and DiffCSE fail to retrieve the correct
answer for a query sentence using double negation.

6.2 Retrieval Task
Besides the qualitative study, we also show the
quantitative result of the retrieval task. Here we
also use all the 2758 sentences in the testing set
of STS-B as the corpus. There are 97 positive
pairs in this corpus (with 5 out of 5 semantic sim-
ilarity scores from human annotation). For each
positive pair, we use one sentence to retrieve the
other one, and see whether the other sentence is
in the top-1/5/10 ranking. The recall@1/5/10 of
the retrieval task are shown in Table 10. We can
observe that DiffCSE can outperform SimCSE for
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SimCSE-BERTbase DiffCSE-BERTbase

Query: you can do it, too.

1) you can use it, too. 1) yes, you can do it.
2) can you do it? 2) you can use it, too.
3) yes, you can do it. 3) can you do it?

Query: this is not a problem.

1) this is a big problem. 1) i don ’t see why this could be a
problem.

2) you have a problem. 2) i don ’t see why that should be a
problem.

3) i don ’t see why that should be a
problem.

3) this is a big problem.

Query: i think that is not a bad idea.

1) i do not think it’s a good idea. 1) i do not think it’s a good idea .
2) it’s not a good idea . 2) it is not a good idea.
3) it is not a good idea . 3) but it is not a good idea.

Table 9: Retrieved top-3 examples by SimCSE and
DiffCSE from STS-B test set.

Model/Recall @1 @5 @10

SimCSE-BERTbase 77.84 92.78 95.88
DiffCSE-BERTbase 78.87 95.36 97.42

Table 10: The retrieval results for SimCSE and DiffCSE.

(a) SimCSE

(b) DiffCSE

Figure 2: The distribution of cosine similarities from
SimCSE/DiffCSE for STS-B test set. Along the y-axis
are 5 groups of data splits based on human ratings. The
x-axis is the cosine similarity.

recall@1/5/10, showing the effectiveness of using
DiffCSE for the retrieval task.

6.3 Distribution of Sentence Embeddings

To look into the representation space of DiffCSE,
we plot the cosine similarity distribution of sen-
tence pairs from STS-B test set for both SimCSE
and DiffCSE in Figure 2. We observe that both
SimCSE and DiffCSE can assign cosine similari-
ties consistent with human ratings. However, we
also observe that under the same human rating,
DiffCSE assigns slightly higher cosine similari-
ties compared with SimCSE. This phenomenon

Model Alignment Uniformity STS

Avg. BERTbase 0.172 -1.468 56.70
SimCSE-BERTbase 0.177 -2.313 76.16
DiffCSE-BERTbase 0.097 -1.438 78.49

Table 11: Alignment and Uniformity (Wang and Isola,
2020) measured on STS-B test set for SimCSE and
DiffCSE. The smaller the number is better. We also
show the averaged STS score in the right-most column.

may be caused by the fact that ELECTRA and
other Transformer-based pretrained LMs have the
problem of squeezing the representation space, as
mentioned by Meng et al. (2021). As we use the
sentence embeddings as the input of ELECTRA to
perform conditional ELECTRA training, the sen-
tence embedding will be inevitably squeezed to
fit the input distribution of ELECTRA. We follow
prior studies (Wang and Isola, 2020; Gao et al.,
2021) to use uniformity and alignment (details in
Appendix C) to measure the quality of representa-
tion space for DiffCSE and SimCSE in Table 11.
Compared to averaged BERT embeddings, Sim-
CSE has similar alignment (0.177 v.s. 0.172) but
better uniformity (-2.313). In contrast, DiffCSE
has similar uniformity as Avg. BERT (-1.438 v.s.
-1.468) but much better alignment (0.097). It in-
dicates that SimCSE and DiffCSE are optimizing
the representation space in two different directions.
And the improvement of DiffCSE may come from
its better alignment.

7 Conclusion

In this paper, we present DiffCSE, a new unsu-
pervised sentence embedding framework that is
aware of, but not invariant to, MLM-based word
replacement. Empirical results on semantic textual
similarity tasks and transfer tasks both show the
effectiveness of DiffCSE compared to current state-
of-the-art sentence embedding methods. We also
conduct extensive ablation studies to demonstrate
the different modeling choices in DiffCSE. Quali-
tative study and the retrieval results also show that
DiffCSE can produce a better embedding space for
sentence retrieval. One limitation of our work is
that we do not explore the supervised setting that
uses human-labeled NLI datasets to further boost
the performance. We leave this topic for future
work. We believe that our work can provide re-
searchers in the NLP community a new way to
utilize augmentations for natural language and thus
produce better sentence embeddings.

4214



Acknowledgements

In this research, Yung-Sung and Hongyin were
partially supported by the Centre for Perceptual
and Interactive Intelligence (CPII) Ltd under the
Innovation and Technology Fund (InnoHK).

References
Eneko Agirre, Carmen Banea, Daniel Cer, Mona Diab,

Aitor Gonzalez-Agirre, Rada Mihalcea, German
Rigau, and Janyce Wiebe. 2016. SemEval-2016
task 1: Semantic textual similarity, monolingual
and cross-lingual evaluation. In Proceedings of the
10th International Workshop on Semantic Evaluation
(SemEval-2016), pages 497–511, San Diego, Califor-
nia. Association for Computational Linguistics.

Fredrik Carlsson, Amaru Cuba Gyllensten, Evan-
gelia Gogoulou, Erik Ylipää Hellqvist, and Magnus
Sahlgren. 2021. Semantic re-tuning with contrastive
tension.

Daniel Cer, Mona Diab, Eneko Agirre, Iñigo Lopez-
Gazpio, and Lucia Specia. 2017. SemEval-2017
task 1: Semantic textual similarity multilingual and
crosslingual focused evaluation. In Proceedings
of the 11th International Workshop on Semantic
Evaluation (SemEval-2017), pages 1–14, Vancouver,
Canada. Association for Computational Linguistics.

Daniel Cer, Yinfei Yang, Sheng-yi Kong, Nan Hua,
Nicole Limtiaco, Rhomni St John, Noah Constant,
Mario Guajardo-Cespedes, Steve Yuan, Chris Tar,
et al. 2018. Universal sentence encoder for english.
In Proceedings of the 2018 Conference on Empirical
Methods in Natural Language Processing: System
Demonstrations, pages 169–174.

Ting Chen, Simon Kornblith, Mohammad Norouzi, and
Geoffrey Hinton. 2020. A simple framework for
contrastive learning of visual representations. In In-
ternational conference on machine learning, pages
1597–1607. PMLR.

Xinlei Chen and Kaiming He. 2021. Exploring simple
siamese representation learning. In Proceedings of
the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pages 15750–15758.

Kevin Clark, Minh-Thang Luong, Quoc V Le, and
Christopher D Manning. 2020. Electra: Pre-training
text encoders as discriminators rather than generators.
arXiv preprint arXiv:2003.10555.

Alexis Conneau and Douwe Kiela. 2018. SentEval: An
evaluation toolkit for universal sentence representa-
tions.

Alexis Conneau, Douwe Kiela, Holger Schwenk, Loïc
Barrault, and Antoine Bordes. 2017. Supervised
learning of universal sentence representations from
natural language inference data. In Proceedings of
the 2017 Conference on Empirical Methods in Natu-
ral Language Processing, pages 670–680.

Rumen Dangovski, Li Jing, Charlotte Loh, Seung-
wook Han, Akash Srivastava, Brian Cheung, Pulkit
Agrawal, and Marin Soljačić. 2021. Equivariant con-
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A Training Details

We use a single NVIDIA 2080Ti GPU for
each experiment. The averaged running time
for DiffCSE is 3-6 hours. We use grid-
search of batch size ∈ {64, 128} learning
rate ∈ {2e-6, 3e-6, 5e-6, 7e-6, 1e-5} and mask-
ing ratio ∈ {0.15, 0.20, 0.30, 0.40} and λ ∈
{0.1, 0.05, 0.01, 0.005, 0.001}. The temperature
τ in SimCSE is set to 0.05 for all the experiments.
During the training process, we save the checkpoint
with the highest score on the STS-B development
set. And then we use STS-B development set to
find the best hyperparameters (listed in Table 12)
for STS task; we use the averaged score of the de-
velopment sets of 7 transfer tasks to find the best
hyperparameters (listed in Table 13) for transfer
tasks. All numbers in Table 1 and Table 2 are from
a single run.

hyperparam BERTbase RoBERTabase
learning rate 7e-6 1e-5
masking ratio 0.30 0.20

λ 0.005 0.005
training epochs 2 2

batch size 64 64

Table 12: The main hyperparameters in STS tasks.

hyperparam BERTbase RoBERTabase
learning rate 2e-6 3e-6
masking ratio 0.15 0.15

λ 0.05 0.05
training epochs 2 2

batch size 64 128

Table 13: The main hyperparameters in transfer tasks.

Method BERTbase RoBERTabase
SimCSE 110M 125M
DiffCSE (train) 220M 250M
DiffCSE (test) 110M 125M

Table 14: The number of parameters used in our models.

During testing, we follow SimCSE to discard the
MLP projector and only use the [CLS] output to
extract the sentence embeddings.

The numbers of model parameters for BERTbase
and RoBERTabase are listed in Table 14. Note that
in training time DiffCSE needs two BERT models
to work together (sentence encoder + discrimina-
tor), but in testing time we only need the sentence

Method STS-B Avg. transfer

SimCSE 81.47 83.91

+ Additional positives

MLM 15% 73.59 83.33
random insert 15% 80.39 83.92
random delete 15% 78.58 81.80

+ Additional negatives

MLM 15% 83.02 84.49
random insert 15% 55.65 79.86
random delete 15% 55.13 82.56

+ Equivariance (Ours)

MLM 15% 84.48 85.95
randomly insert 15% 82.20 85.96
randomly delete 15% 82.59 85.97

Table 15: Development set results of STS-B and transfer
tasks for using three types of augmentations (replace,
insert, delete) in different ways.

encoder, so the model size is the same as the Sim-
CSE model.

Projector with BatchNorm In Section 5, we
mention that we use a projector with BatchNorm
as the final layer of our model. Here we provided
the PyTorch code for its structure:

class ProjectionMLP(nn.Module):
def __init__(self, hidden_size):

super().__init__()
in_dim = hidden_size
middle_dim = hidden_size * 2
out_dim = hidden_size
self.net = nn.Sequential(
nn.Linear(in_dim, middle_dim,

bias=False),
nn.BatchNorm1d(middle_dim),
nn.ReLU(inplace=True),
nn.Linear(middle_dim, out_dim,

bias=False),
nn.BatchNorm1d(out_dim,

affine=False))

B Using Augmentations as
Positive/Negative Examples

In Section 5, we try to use different augmentations
(e.g. insertion, deletion, replacement) for learning
equivariance. In Table 15 we provide the results of
using these augmentations as additional positive or
negative examples along with the SimCSE training
paradigm. We can observe that using these aug-
mentations as additional positives only decreases
the performance. The only method that can im-
prove the performance a little bit is to use MLM
15% replaced examples as additional negative ex-
amples. Overall, none of these results can perform
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better than our proposed method, e.g. using these
augmentations to learn equivariance.

C Uniformity and Alignment

Wang and Isola (2020) propose to use two prop-
erties, alignment and uniformity, to measure the
quality of representations. Given a distribution of
positive pairs ppos and the distribution of the whole
dataset pdata, alignment computes the expected
distance between normalized embeddings of the
paired sentences:

ℓalign ≜ E
(x,x+)∼ppos

∥∥f(x)− f
(
x+
)∥∥2 .

Uniformity measures how well the embeddings are
uniformly distributed in the representation space:

ℓuniform ≜ log E
x,y

i.i.d.∼ pdata

e−2∥f(x)−f(y)∥
2
.

The smaller the values of uniformity and alignment,
the better the quality of the representation space is
indicated.

D Source Code

We build our model using the PyTorch implementa-
tion of SimCSE7 Gao et al. (2021), which is based
on the HuggingFace’s Transformers package.8 We
also upload our code9 and pretrained models (links
in README.md). Please follow the instructions in
README.md to reproduce the results.

E Potential Risks

On the risk side, insofar as our method utilizes pre-
trained language models, it may inherit and prop-
agate some of the biases present in such models.
Besides that, we do not see any other potential risks
in our paper.

7https://github.com/princeton-nlp/
SimCSE

8https://github.com/huggingface/
transformers

9https://github.com/voidism/DiffCSE
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Abstract
As a fundamental task in opinion mining, as-
pect and opinion co-extraction aims to identify
the aspect terms and opinion terms in reviews.
However, due to the lack of fine-grained an-
notated resources, it is hard to train a robust
model for many domains. To alleviate this is-
sue, unsupervised domain adaptation is pro-
posed to transfer knowledge from a labeled
source domain to an unlabeled target domain.
In this paper, we propose a new Generative
Cross-Domain Data Augmentation framework
for unsupervised domain adaptation. The pro-
posed framework is aimed to generate target-
domain data with fine-grained annotation by ex-
ploiting the labeled data in the source domain.
Specifically, we remove the domain-specific
segments in a source-domain labeled sentence,
and then use this as input to a pre-trained
sequence-to-sequence model BART to simul-
taneously generate a target-domain sentence
and predict the corresponding label for each
word. Experimental results on three datasets
demonstrate that our approach is more effec-
tive than previous domain adaptation meth-
ods. The source code is publicly released at
https://github.com/NUSTM/GCDDA.

1 Introduction

Aspect and opinion co-extraction is a fundamental
task in opinion mining. It aims to extract aspect
terms and opinion terms from review sentences.
Given a review “the keyboard is great”, the aspect
term is keyboard and the opinion term is great.
Most existing works formulate aspect and opinion
co-extraction as a sequence labeling task. With the
support of deep learning, many supervised methods
have achieved remarkable results (Liu et al., 2015;
Yin et al., 2016; Wang et al., 2017; Wu et al., 2020).
However, owing to the high cost of fine-grained
annotations, the scarcity of labeled data in many
new domains makes them fail to obtain a robust
performance.

∗Corresponding authors.

To alleviate the deficiency of labeled data, unsu-
pervised domain adaptation is proposed to transfer
knowledge from a labeled source domain to an un-
labeled target domain. The main difficulty of unsu-
pervised domain adaptation lies in the distribution
discrepancy between data from different domains.
Specifically, reviews from different domains may
have distinct aspect terms, opinion terms, and ex-
pression patterns. To tackle the distribution discrep-
ancy problem, many domain adaptation methods
were proposed for coarse-grained sentiment classi-
fication (Blitzer et al., 2007; Yu and Jiang, 2016;
Ziser and Reichart, 2018; Ghosal et al., 2020).
However, due to the complexity of fine-grained
domain adaptation for aspect and opinion extrac-
tion, only a handful of studies attempt to address
this issue. Most of them are based on the following
three paradigms:

• rule-based adaptation, which iteratively ex-
tracts aspects and opinions in sentences based
on domain-independent syntactic rules and
opinion dictionary (Li et al., 2012; Ding et al.,
2017).

• feature-based adaptation, which incorporates
the general syntactic information to learn a
domain-invariant word representation across
domains (Wang and Pan, 2018; Li et al., 2019;
Pereg et al., 2020; Chen and Qian, 2021).

• data augmentation-based adaptation, which
utilizes the labeled data in the source domain
to directly generate high-quality target-domain
data with fine-grained annotation (Yu et al.,
2021).

However, the paradigms mentioned above suffer
from the following problems. For rule-based adap-
tation methods, it is difficult to design high-quality
manual rules and opinion set, which may bring
low precision results. For feature-based adaptation
methods, although they can bridge the domain gap
by using the unlabeled data from both domains, the
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main task classifier is only trained by the source
labeled data, which fails to exploit the important
supervision signals in the target domain. Although
our recent work (Yu et al., 2021) has shown the
superiority of data augmentation-based adaptation
methods, its main limitation lies in that it only re-
places source-specific aspects and opinions in the
source domain review with target-specific aspects
and opinions, but ignoring other domain-specific at-
tributes such as collocations and expression styles,
which limits the quality and diversity of generated
target-domain data.

To this end, we propose a Generative Cross-
Domain Data Augmentation framework for unsu-
pervised domain adaptation, which generates tar-
get labeled data from source labeled data based
on a pre-trained sequence-to-sequence model, i.e.,
BART (Lewis et al., 2020). Specifically, given
the labeled samples in the source domain, we first
train a classifier to assign pseudo labels for each
unlabeled sample in the target domain. With the
labeled and pseudo labeled samples from both
domains, we then remove their domain-specific
features to obtain domain-independent samples.
Next, we employ the BART model by feeding the
domain-independent samples and their token la-
bels to the encoder and reconstructing their origi-
nal texts and corresponding labels in the decoder.
In the inference stage, given a source-domain sen-
tence in which the domain-specific features are
removed, the model can generate a target-domain
sentence by integrating target-specific features into
the source context while predicting its token-level
labels. Compared with the previous method (Yu
et al., 2021), our new approach generates high-
quality target-domain data with more flexible syn-
tactic patterns by making full use of the knowledge
from the domain-invariant source contexts. With
the label prediction, our approach can easily ob-
tain the adaptive token labels for each generated
target-domain sample.

Our main contributions in this work can be sum-
marized as follows:

• We propose a Generative Cross-Domain Data
Augmentation framework for unsupervised do-
main adaptation, which exploits the pre-trained
sequence-to-sequence model BART to generate
the target-domain data with fine-grained anno-
tation based on the labeled source-domain data.

• Extensive experiments on three datasets of as-
pect and opinion co-extraction demonstrate the

effectiveness of our generative framework. Fur-
ther analysis shows that our framework is able
to generate more fluent and diversified target-
domain samples than previous approaches.

2 Related Work

2.1 Aspect and Opinion Extraction

Aspect and opinion extraction is an fundamental
task in opinion mining, which is widely studied in
the literature. Unsupervised learning methods have
been proposed to extract aspect and opinion terms
by association rule and extended opinions (Hu and
Liu, 2004) or by manual syntactic rules and pre-
defined opinion dictionary (Qiu et al., 2011). With
the constant attention on deep learning, many su-
pervised approaches have achieved remarkable re-
sults (Liu et al., 2015; Zhang et al., 2015; Yin et al.,
2016; Wang et al., 2017; Yu et al., 2018; Wu et al.,
2020). However, the deficiency of annotated data
in many domains make them fail to achieve desired
results.

2.2 Domain Adaptation

To solve the issue mentioned above, many domain
adaptation methods proposed for coarse-grained
sentiment classification either align the domain-
specific feature space with domain-independent
pivot words (Blitzer et al., 2007; Pan et al., 2010;
Yu and Jiang, 2016) or learn a domain-invariant
representation based on auto-encoder (Glorot et al.,
2011; Yin et al., 2016) and domain adversarial
learning (Li et al., 2018b). However, only a few
fine-grained domain adaptation approaches are pro-
posed for ABSA (Li et al., 2019; Gong et al., 2020)
or aspect and opinion extraction. Most of them
can be categorized into two types: 1) rule-based
methods (Li et al., 2012; Ding et al., 2017) exploit
manual syntactic rules and opinion seeds to extract
aspects and opinions, which usually obtains less sat-
isfactory results due to the quality of rules; 2) fea-
ture representation-based methods focus on learn-
ing a domain-invariant word representation (Wang
and Pan, 2018; Pereg et al., 2020; Chen and Qian,
2021) based on the unlabeled data. However, the
main task classifier fails to exploit the important
supervision signals in the target domain.

2.3 Data Augmentation

Data augmentation is another solution for the
scarcity of annotation data. Many previous works
mainly focus on the sentence-level task (Guo
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                  [source]                   I                        like                    the                   spicy                  tuna                   roll
                        O                        O                      B-OP                    O                    B-ASP                 I-ASP                 I-ASP            

     I      O              like  B-OP          the   O           spicy B-ASP       tuna I-ASP          roll I-ASP       <EOS> O
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l ……
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Labeled
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Figure 1: Overview of our proposed Generative Cross-Domain Data Augmentation framework.

et al., 2019; Min et al., 2020) and the token-level
task (Gao et al., 2019; Chen et al., 2020) . For
aspect/opinion extraction, Ding et al. (2020) de-
signed a data augmentation method with language
models trained on the linearized labeled sentences
to generate considerable labeled data. Hsu et al.
(2021) exploited a masked language model BERT
to substitute unimportant words in sentences to
enhance the data diversity. Li et al. (2020) pro-
posed to generate a new review while preserving
its original labels and aspect terms with a masked
sequence-to-sequence model. However, all the
studies above follow the in-domain setting, which
fails to exploit the rich contexts from other do-
mains. Our recent work (Yu et al., 2021) proposed
a cross-domain review generation method, which
replaces source-specific aspects and opinions in la-
beled source-domain reviews with target-specific
aspect and opinions based on the masked language
model BERT. However, it fails to consider other
domain-specific attributes such as collocations and
expression styles in cross-domain review genera-
tion. Based on our previous work, we propose
a Generative Cross-Domain Data Augmentation
framework for unsupervised domain adaptation,
which can generate more flexible target data with
fine-grained annotation in this paper.

3 Problem Formulation

In this paper, we focus on the aspect and opin-
ion co-extraction task and formulate it as a se-
quence labeling problem. We denote a review

as a sequence of tokens x = [x1, x2, ..., xn], and
the task aims to predict the label sequence of the
review y = [y1, y2, ..., yn], where yi∈{B−ASP ,
I−ASP,B−OP, I−OP,O}. For unsupervised
domain adaptation, we are given a set of source-
domain labeled reviews DS = {(xsi , ysi )}N

s

i=1 and a
set of unlabeled data from the target domain DU

= {xui }N
u

i=1. The goal is to predict token-level la-
bels on the test set from the target domain DT =
{xti}N

t

i=1.

4 Methodology

In this paper, we propose a Generative Cross-
Domain Data Augmentation framework, which
generates target-domain reviews with fine-grained
annotation from source-domain labeled reviews.
Figure 1 illustrates the overall architecture of our
generative framework. Specifically, we leverage
the labeled samples in the source domain to train
a classifier, and then assign pseudo labels for each
unlabeled sample in the target domain. Given the
labeled and pseudo labeled sentences from both
domains, we employ a segment mask module to
remove their domain-specific features while pre-
serving their context and original labels. Next,
a pre-trained sequence-to-sequence model BART
concatenates the domain-invariant context and orig-
inal labels as the input of the encoder, followed by
recovering the original sentences and predicting
their token-level labels via the decoder. During
the inference stage, given a labeled source-domain
sentence, the model removes its domain-specific
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features, and then employs the fine-tuned BART
model to generate a target-domain sentence with
its token-level labels.

4.1 Pseudo Label Annotation

First, we train a base classifier on the labeled data
from the source domain DS , which employs a pre-
trained BERT model (Devlin et al., 2019) to obtain
the contextualized word representation and a Con-
ditional Random Field (CRF) layer for sequence
labeling. The trained classifier is then applied to
assign pseudo labels on the unlabeled data from the
target domain DU to achieve the pseudo labeled
target-domain data DTP . However, the label qual-
ity of DTP tends to be relatively low due to the
distribution discrepancy between the source and
target domains. Therefore, it is crucial to generate
high-quality target-domain data by combining the
contexts from the labeled source-domain data DS

with the weak supervision in the pseudo labeled
target-domain data DTP .

4.2 Domain-Specific Feature Mask and
Reconstruction

To automatically generate the target-domain data
with fine-grained annotation, we propose a two-
step approach as follows. First, a domain-specific
segment set is extracted from the labeled and
pseudo labeled datasets in both domains. Next,
given a labeled sentence, we replace the domain-
specific segments with [mask] tokens, followed by
feeding the masked domain-independent review to
a pre-trained BART model (Lewis et al., 2020) to
reconstruct its original text, domain prompt, and
token-level labels.

4.2.1 Domain-Specific Segment Mask
Because reviews in different domains contain dif-
ferent aspects, opinions, and expression patterns,
we define the text segments occurring more fre-
quently in one domain as domain-specific segments
or features. To obtain these domain-specific fea-
tures, we introduce a frequency-ratio method based
on (Li et al., 2018a). Specifically, we segment all
sentences into word segments of different lengths,
and then calculate the relative frequency of the n-
gram segment w in the dataset Dv as follows:

s(w,Dv) =
count(w,Dv) + λ(∑

v′∈V,v′ ̸=v count(w,Dv′ )
)
+ λ

,

(1)

where count(w,Dv) denotes the frequency of an
n-gram w in Dv, v ∈ V , V = {S, TP}, and λ is
the smoothing parameter.

Next, we filter these n-gram w based on the rela-
tive frequency as follows:

s(w,Dv) ≥ δ, (2)

where δ is a specified threshold.
We regard the filtered n-gram segments as the

domain-specific segment set M . Given a review,
we exploit the Forward Maximum Matching algo-
rithm to match the segments that appear in M , and
then replace each matched word with a special to-
ken [mask]. For example, in Figure 1, given a sen-
tence "i like the spicy tuna roll", if the matched seg-
ment is "spicy tuna roll", we obtain a correspond-
ing masked sentence "i like the [mask] [mask]
[mask]". It is worth noting that as long as one
word of a domain-specific aspect phrase or opinion
phrase is masked, we will mask the whole aspect
or opinion phrase.

4.2.2 Reconstruction and Label Generation
According to the above steps, for each sample
(X,L) ∈ DS ∪ DTP , a corresponding masked
tuple (X̃, L) can be obtained as the model input,
where the masked sentence is X̃ = [x̃1, x̃2, ..., x̃n]
and the label sequence for each word is L =
[l1, l2, ..., ln]. To reconstruct the original text as
well as its corresponding labels, we implement sev-
eral modification on BART.

Encoder: In addition to the word embedding
and position embedding layers in BART, we also
establish a label embedding layer:

Ex = TokenEmb([x̃1, x̃2, ..., x̃n]), (3)

El = LabelEmb([l1, l2, ..., ln]), (4)

whereEx ∈ Rn×d,El ∈ Rn×d, and d is the dimen-
sion of the embedding. The output of the hidden
state can be formulated as:

H = BartEncoder(Ex + El), (5)

where H ∈ Rn×d
′
, d

′
denotes the hidden dimen-

sion.
Decoder: To inform the BART model to distin-

guish the features from different domains, we insert
a domain label tuple ([source], O) or ([target], O)
at the beginning of the decoder, which can be re-
garded as a domain prompt. For each time step t,
the decoder takes the previous decoder predictions
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Algorithm 1 Training Procedure
Require: DS : source labeled dataset; DU : target unlabeled

dataset; K: number of training iterations for BART;
1: Train a base classifier on dataset DS
2: Get the target pseudo labeled dataset DTP by assigning

pseudo labels on DU
3: Extract and construct domain-specific n-gram segments

set M from DS ∪DTP using Eq.(1),Eq.(2)
4: for i← 1 to K do
5: Select an example(X,L),d from DS ∪ DTP ,where

d ∈ {[source], [target]}
6: (X̃, L)←SegmentMask(X,L,M)

7: (X
′
, L

′
)← ([d] +X, [O] + L)

8: θ ← BART ((X̃, L), (X
′
, L

′
))

9: end for
10: Return θ

(x<t, l<t) and the encoder output H as inputs to
get the possibility of the next token and the next
token label with two separate linear layers:

P (xt|x<t, l<t, H) = Softmax(Wxzt + bx), (6)

P (lt|l<t, x<t, H) = Softmax(Wlzt + bl), (7)

where Wx ∈ R|Vx|×d, Wl ∈ R|Vl|×d, and |Vx| and
|Vl| refer to the dictionary size and the number of
label types, respectively. The hidden layer vector
zt for the time step t is as follows:

zt = BartDecoder(Et), (8)

Et = TokenEmb(xt−1) + LabelEmb(lt−1).
(9)

For each sample, we calculate the negative log-
likelihood loss for tokens and the label sequence,
respectively:

Lx = −
n+1∑

t=1

log(P (xt|x<t, l<t, H)), (10)

Ll = −
n+1∑

t=1

log(P (lt|l<t, x<t, H)). (11)

The final training loss consists of the addition of
two parts:

L = Lx + Ll. (12)

Algorithm 1 details the training procedure of our
method.

4.3 Cross-Domain Data Generation
During the inference stage, given a source-domain
labeled sentence (X,L) ∈ DS , we employ the
same mask strategy to remove its domain-specific
features. Then, the masked tuple (X̃, L) is fed to
the BART encoder. Different from the decoder in

Dataset Domain Sentence Train Test

R Restaurant 5841 4381 1460

L Laptop 3845 2884 961

D Device 3836 2877 959

Table 1: The statistics of our datasets.

the training phase, we only provide ([target], O)
as the domain prompt to decode a target-domain
sentence based on the auto-regressive way and
jointly predict its token-level labels. To generate
more samples and further increase the diversity of
generated samples, we introduce several strategies
as follows. For each sample (X,L) ∈ DS , we re-
peat the mask step three times to get three masked
tuple (X̃, L) with different seeds. Specifically for
the matched segments without any aspects or opin-
ions, we randomly mask them with a probability
of 60%. Thus, we can obtain three different target
reviews from one source labeled review.

4.4 Post-Processing

We post-process our generated target labeled data
with the following steps: 1) Delete sentences with
incorrect labels that do not follow the BIO schema;
2) Use a base classifier trained on the labeled
source-domain data to assign labels on the gen-
erated target-domain data. Delete sentences whose
assigned tags are inconsistent with generated ones.

4.5 Training for the Main Task

Finally, we can obtain the high-quality target-
domain data with fine-grained annotation generated
from our approach. We then use these generated
samples for the main task of aspect and opinion
co-extraction. Similar to Section 4.1, we employ a
pre-trained BERT model (Devlin et al., 2019) with
a CRF layer as the main task classifier, and train it
on the generated data only. Based on the trained
classifier, we evaluate its performance on the test
set of the target domain.

5 Experiments

5.1 Datasets

We use three benchmark datasets from different
domains, namely Restaurant (R), Laptop (L) and
Device (D). R and L are two combination datasets
from SemEval 2014 and 2015 (Pontiki et al., 2014,
2015). D consists of reviews from digital device
collected by (Hu and Liu, 2004). Following previ-
ous works (Wang and Pan, 2018; Pereg et al., 2020;
Chen and Qian, 2021), we use three different seeds
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to split the dataset from each domain into training
set and testing set by a ratio of 3:1. The statistics
are shown in Table 1. We report the average results
on different splits.

5.2 Experimental Setting
5.2.1 Cross-Domain Data Augmentation
For domain-specific segment mask module, we set
the length of n-gram segment w to n ∈ [1, 4] and
the relative frequency threshold δ to 10. A pre-
trained sequence-to-sequence model BART is fine-
tuned on DS ∪ DTP for 3 training epochs with
batch size set to 8. We use Adam as the optimizer
with a learning rate of 5e-5. The fine-tuned BART
is used to generate triple target-domain labeled data
conditioned on the source-domain labeled data.

5.2.2 Aspect and Opinion Co-Extraction
As mentioned in Section 3, we formulate aspect
and opinion co-extraction as a sequence labeling
task. We use BERTE+CRF as the base classifier to
assign pseudo labels in Section 4.1 and Section 4.4,
which consists of the uncased BERTbase (Devlin
et al., 2019) model post-trained on a combined data
of E-commerce reviews from the Amazon Electron-
ics dataset and the Yelp Challenge (Xu et al., 2019)
and a CRF layer (Lafferty et al., 2001). For the
main task, we also use the BERTE+CRF classifier
and train it on our generated data. We use the Adam
optimizer fro both BERT and CRF with different
learning rates of 3e-5 and 0.02, respectively. More-
over, we employ the early stopping strategy, and
stop the training procedure of the BERTE+CRF
classifier after 2 epochs in both pseudo label an-
notation and main task training stages. We finally
report the average Micro-F1 of three different splits
for aspect and opinion co-extraction.

5.3 Compared Methods
We divide all comparison systems into four parts:

Part 1 denotes hand-built feature-based meth-
ods. CrossCRF (Jakob and Gurevych, 2010) uses
a linear-chain CRF with some manual features
including POS tags and dependency relations to
bridge the domain gap. RAP (Li et al., 2012) pro-
poses a Relational Adaptive bootstraPping method
to extract aspects and opinions based on source
labeled data and pre-defined syntactic rules.

Part 2 denotes word2vec-based methods. Hier-
Joint (Ding et al., 2017) is a cross-domain RNN
model, which exploits auxiliary labels consisting
of aspect terms extracted by manually designed

syntactic rules and opinion seeds. RNSCN (Wang
and Pan, 2018) and TRNN-GRU (Wang and Pan,
2020) integrate syntactic relations by construct-
ing the dependency tree. TIMN (Wang and Pan,
2019) proposes a Transferable Interactive Mem-
ory Network that can learn shared representations
across domains effectively. SemBridge (Chen and
Qian, 2021) is a CNN-based model, which links the
source and target domains with semantic bridges by
retrieving transferable semantic prototypes based
on syntactic roles.

Part 3 denotes pre-trained model-based methods.
BERTB+CRF consists of the uncased BERTbase
model and a CRF layer. SA-EXAL (Pereg et al.,
2020) achieves domain adaptation by combining
the pre-trained BERT model with a syntactic-aware
attention mechanism. BERTE+CRF is the base
classifier introduced in Section 5.2.2. Both the
BERTB+CRF and BERTE+CRF are only trained
on the labeled source-domain data. CDRG (Yu
et al., 2021) is a data augmentation-based adap-
tation method, which generates labeled target-
domain data by replacing source-specific aspects
and opinions in source domain reviews with target-
specific aspects and opinions. CDRG-Merge trains
the BERTE+CRF classifier on the combination of
labeled source-domain data and generated target-
domain data for aspect and opinion co-extraction.

Part 4 denotes the proposed Generative Cross-
Domain Data Augmentation Framework, i.e.,
GCDDA, which designs a BART-based generative
model (Lewis et al., 2020) to convert the labeled
source-domain review to a target-domain review
while predicting its corresponding token-level la-
bels. We train the BERTE+CRF classifier on the
generated target-domain data for aspect and opin-
ion co-extraction.

5.4 Main Results

The comparison results of all methods are shown
in Table 2. We can clearly observe that our ap-
proach achieves the best performance in terms of
the average Micro-F1. Specifically, GCDDA out-
performs the baseline approach BERTE+CRF by
4.90% and 0.36% for aspect extraction and opin-
ion extraction, respectively. Compared with the
significant improvement on aspect extraction, we
achieve a relatively low result on opinion term ex-
traction. We attribute it to the following reasons:
1) the aspect terms across two domains tend to
be quite different and have small overlaps; and
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Model
R->L R->D L->R L->D D->R D->L AVE

AS OP AS OP AS OP AS OP AS OP AS OP AS OP

CrossCRF 19.72 59.20 21.07 52.05 28.19 65.52 29.96 56.17 6.59 39.38 24.22 46.67 21.63 53.17

RAP 25.92 62.72 22.63 54.44 46.90 67.98 34.54 54.25 45.44 60.67 28.22 59.79 33.94 59.98

Hier-Joint 33.66 - 33.20 - 48.10 - 31.25 - 47.97 - 34.74 - 38.15 -

RNSCN 40.43 65.85 35.10 60.17 52.91 72.51 40.42 61.15 48.36 73.75 51.14 71.18 44.73 67.44

TRNN-GRU 40.15 65.63 37.33 60.32 53.78 73.40 41.19 60.20 51.17 74.37 51.66 68.79 45.88 67.12

TIMN 43.68 68.44 35.45 59.05 54.12 73.69 38.63 62.22 53.82 76.52 52.46 69.32 46.36 68.21

SemBridge 50.67 71.51 43.34 63.46 63.04 80.48 44.91 64.15 60.19 80.21 53.02 72.63 52.53 72.08

BERTB+CRF 40.71 74.96 40.28 64.73 40.31 80.74 44.24 59.22 59.35 81.17 53.46 75.05 46.39 72.65

SA-EXAL 47.59 75.79 40.50 63.33 54.67 80.05 42.19 60.19 54.54 71.57 47.72 63.98 47.87 69.15

BERTE+CRF 52.77 75.94 43.65 66.36 50.08 82.39 45.47 60.29 64.21 81.79 58.75 76.15 52.49 73.82

CDRG-Merge 58.23 76.08 37.96 62.19 72.88 82.34 40.62 59.04 66.79 82.23 54.26 76.42 55.12 73.05

GCDDA (Ours) 66.56 77.63 44.80 64.86 62.22 82.67 45.11 60.72 68.23 82.44 57.44 76.75 57.39 74.18

Table 2: Comparison results of different methods for aspect and opinion extraction on Micro-F1. The AVE above
means averaged scores on all domain pairs. The best scores are in bold. All methods are grouped into four parts.
The last part is our approach.

Model
F1

BLEU Perplexity
ASP OP

Source 52.49 73.82 100.00 27.48

CDDA-MLM 56.66 73.66 90.59 28.49

GCDDA 57.39 74.18 89.72 28.14

Table 3: Comparison results of two different Cross-
Domain Data Augmentation methods on several eval-
uation metrics for generated data. Source denotes the
source-domain labeled data. CDDA-MLM denotes the
data generated by BERT. GCDDA is our method.

2) the opinion terms across two domains tend to
have a significant overlap, e.g., great, good, terri-
ble usually occurring in both domains. The similar
trend can also be observed in the state-of-the-art ap-
proach SemBridge (Chen and Qian, 2021). More-
over, compared with SemBridge which is based
on static word vectors, our method GCDDA im-
proves its performance by 4.86% and 2.10%, which
proves the effectiveness of the pre-trained language
model. Lastly, GCDDA outperforms our recent
data augmentation-based method CDRG-Merge by
2.27% and 1.13% on the two tasks, respectively.
All these observations show the effectiveness of
our proposed approach.

5.5 Evaluation on Generated Samples

In this section, we conduct several experiments to
evaluate the quality of our generated target labeled
data. For better comparison, we construct another
cross-domain data augmentation approach (CDDA-
MLM), which can be regarded as a variant of our
GCDDA approach based on the masked language
model BERT. CDDA-MLM adopts the same mask

strategy and post-processing as GCDDA, and we
post-train BERT on the unlabeled data from the
target domain with the standard MLM objective.
Moreover, we employ it to replace the [mask] to-
ken with target words. Unlike GCDDA, there is
no label embedding and label prediction in CDDA-
MLM. In addition, the original labels can be di-
rectly transferred to the target sentence due to the
word-to-word generation.

As shown in Table 3, we evaluate the generated
data with three metrics including F1-score, BLEU1,
and Perplexity2, and report the average results on
six cross-domain pairs. For F1-score, we observe
that our proposed model GCDDA achieves the best
result. It is due to the fact that we add the label
embedding for GCDDA to capture the consistency
between tokens and labels, which leads to more pre-
cise and controllable generation of target aspects
or opinions in the appropriate place conditioned
on the source-domain context and its labels. Addi-
tionally, compared with only using source labeled
data, the significant improvement shows that our
method GCDDA is indeed helpful for the domain
adaptation problem.

Moreover, GCDDA obtains lower BLEU than
CDDA-MLM, which indicates that our method gen-
erates more diverse sentences. This is because that
GCDDA decodes the whole sentence while CDDA-
MLM generates new words only on the [mask]

1We choose the source data as the reference and use BLEU-
1 as the final result. The lower value means more differences
from the source data.

2We calculate the perplexity with a pre-train language
model GPT. The more fluent sentence has a lower value.
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Source CDDA-MLM GCDDA

R->L 0.3502 0.1796 0.1128
R->D 0.3897 0.2284 0.1598
L->R 0.3306 0.2315 0.1488
L->D 0.0826 0.0667 0.0575
D->R 0.3888 0.2685 0.1429
D->L 0.1078 0.0812 0.0701

AVE 0.2749 0.1760 0.1153

Table 4: Maximum Mean Discrepancy (MMD) between
the target-domain test set and the dataset generated from
CDDA-MLM, GCDDA. The lower is better.

Source the food was extremely tasty , creatively presented
and the wine excellent .

CDDA-MLM the screen is extremely well ##sty , creative ##ly
presented and the are excellent .

GCDDA the screen is extremely lightweight , creatively pre-
sented and the battery excellent .

Source the food is prepared quickly and efficiently .
CDDA-MLM the received is up quickly and efficiently .
GCDDA the computer runs quickly and efficiently .

Source i recommend the jelly fish , drunken chicken and the
soupy dumplings , certainly the stir fry blue crab .

CDDA-MLM i recommend the color ##screen , other 8 , the really
key ##ba also , certainly the anti the hybrid ##nes .

GCDDA i recommend the backlit , wireless keyboard , the
pre-loaded mbp applications , certainly the toshiba
satellite .

Source we had the lobster sand and it was fantastic .
CDDA-MLM i had it head basement and it was fantastic .
GCDDA i bought this netbook and it was fantastic .

Source instead of wasting your time here : support restau-
rants that care about food .

CDDA-MLM instead of wasting your time here : call people that
care about you .

GCDDA instead of wasting your time here : buy computers
that care about gaming .

Table 5: Comparison examples from source-domain
labeled data and generated data by CDDA-MLM,
GCDDA. Words in blue denote the aspect terms and
words in red denote the opinion terms. All generated
samples are extracted from domain pair (R->L).

position. Furthermore, each masked token is pre-
dicted independently in CDDA-MLM, which may
generate incoherent collocation as the length of the
mask segment grows. Instead, the auto-regressive
model BART in GCDDA takes into account the
coherence and the consistency of sentences. Thus,
GCDDA obtains a better result than CDDA-MLM
in terms of Perplexity.

Moreover, we measure the distribution distance
between our generated target dataset and the test
set from the target domain. Specifically, we use the
BERT model to obtain the representation of each
sentence in two datasets, and then calculate the
distribution distance by Maximum Mean Discrep-
ancy (MMD3). The comparison results are shown
in Table 4. The results, on the other hand, proves

3Maximum Mean Discrepancy (MMD) reflects the simi-
larity of distribution between two datasets.

R->L dvd games, wireless devices, wireless keyboard, toshiba
speakers, digital graphics, hp g73, hard drive applications,
pre-loaded applications,light weight, precise, over weight,
ingenious, well built

L->R corn sauce, house vibe, wine quality, chili sauce, grilled
meat, outdoor dining atmosphere, service provider, internal
decor, heating system, steak platter, cleaner, much larger,
softer

R->D ipod plug, battery capacity, radio signal, sound quality of
music, built-in speakerphone, usb connection, sony camera,
black card with fm transmitter, 2mb flash card, amazing
great , user friendly

Table 6: New aspect and opinion terms generated by
GCDDA which have not appeared in the training data of
both domains. These examples are extracted from cross-
domain pairs(R->L, L->R, R->D)with three dif-
ferent target domains.

that our method can be used to alleviate the domain
discrepancy issue in domain adaptation.

Case Study: In Table 5, we show several exam-
ples generated by CDDA-MLM and GCDDA on
the cross-domain pair R->L. It can be obviously
found that our method produces more precise as-
pects or opinions related to the domain laptop. We
summarize this into two reasons: 1) integrating the
BART model with label embedding has captured
the consistency between token and its label; and 2)
the other is owed to the domain prompt in the front
of the decoder, which controls the domain where
the generated words come from. Moreover, the
label prediction from the decoder makes it possible
to generate more flexible sentence while obtaining
the adaptive token tags. We also present aspects
and opinions extracted from our generated dataset
in Table 6. These words or phrases have not ap-
peared in the source and target training datasets,
which shows that the generated dataset expands the
vicinity distribution for aspect/opinion identifica-
tion. To sum up, our method GCDDA not only
exploits the rich contexts from the source domain,
but also produces new aspects and opinions to gen-
erate more diverse target-domain samples. The two
factors are integrated to train a more robust model
for the target domain.

Parameter Study: As mentioned in Section 4.3,
we mask sentences with different seeds to produce
more target samples. Figure 2 shows the average
F1 score of generating different sizes of augmented
data from CDDA-MLM and GCDDA for aspect
and opinion co-extraction. It can be seen that the
two models consistently achieve the best result
when the size is 3, i.e., generating three different
target reviews from one labeled source review.
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Figure 2: Average F1-score on different size of samples
generated by CDDA-MLM and GCDDA for aspect and
opinion co-extraction.

Index Method
F1

ASP OP

0 GCDDA (ours) 57.39 74.18

1 W/O data augmentation 54.27 73.56

2 BART⇒ Bi-LSTM 56.78 73.58

3 W/O data filter 55.50 72.71

4 1∼4-gram⇒ 1-gram 56.92 73.55

5 W/O source data 56.71 73.80

6 W/O encoder label embedding 55.88 73.04

Table 7: Ablation study of our Generative Cross-
Domain Data Augmentation method.

5.6 Ablation Study

Finally, to better analyze the effectiveness of each
key component in our method, we conduct the ab-
lation study and show the results in Table 7.

We first remove the whole cross-domain data
augmentation framework in index 1, and only use
the pseudo labeled data DTP to train the main task
classifier. It shows a considerable performance
drop due to the label noise in DTP . This indi-
cates that cross-domain data augmentation needs to
be applied, which can produce high-quality target
samples by combining the contexts from DS with
the weak supervision signals in DTP . In index 2,
we replace the pre-trained model BART with Bi-
LSTM. Compared with Bi-LSTM, the pre-trained
BART model obtains a better result, because it
possesses rich language knowledge and a more
complex model structure for generation tasks.

Index 3 proves the importance of data filter in
the post-processing step. As shown in Table 5, our
generated samples usually have the same syntac-
tic structure as the labeled source data. Therefore,
the base classifier trained on DS can be employed
to filter out some noisy samples in our generated
target-domain data. In index 4, compared with
our 1∼4-gram mask, the single word mask strat-
egy limits the diversity of generated sentences, and
thus decreases the model performance. Moreover,
the performance drops when we remove the la-

beled source data for the reconstruction task, which
can capture the domain-invariant features for the
BART model. Finally, removing the label embed-
ding layer in the BART encoder also leads to the
performance decline.

6 Conclusion

In this paper, we proposed a Generative Cross-
Domain Data Augmentation Framework for un-
supervised domain adaptation, which leverages the
labeled source-domain data to directly generate
labeled target-domain data based on a fine-tuned
sequence-to-sequence model BART. Experiments
on three benchmark datasets show that our genera-
tive approach generates high-quality target-domain
data with fine-grained annotation and outperforms
previous domain adaptation methods for aspect and
opinion co-extraction.
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Abstract

Question Answering (QA) is a longstanding
challenge in natural language processing. Ex-
isting QA works mostly focus on specific ques-
tion types, knowledge domains, or reasoning
skills. The specialty in QA research hinders sys-
tems from modeling commonalities between
tasks and generalization for wider applications.
To address this issue, we present ProQA, a
unified QA paradigm that solves various tasks
through a single model. ProQA takes a unified
structural prompt as the bridge and improves
the QA-centric ability by structural prompt-
based pre-training. Through a structurally de-
signed prompt-based input schema, ProQA
concurrently models the knowledge generaliza-
tion for all QA tasks while keeping the knowl-
edge customization for every specific QA task.
Furthermore, ProQA is pre-trained with struc-
tural prompt-formatted large-scale synthesized
corpus, which empowers the model with the
commonly-required QA ability. Experimen-
tal results on 11 QA benchmarks demonstrate
that ProQA consistently boosts performance
on both full data fine-tuning, few-shot learning,
and zero-shot testing scenarios. Furthermore,
ProQA exhibits strong ability in both contin-
ual learning and transfer learning by taking the
advantages of the structural prompt.1

1 Introduction

Question Answering has long been an inspirational
challenge in NLP research, and is viewed as the
next-generation search engine and an essential tool
for human beings to obtain knowledge (Etzioni,
2011). Many distinct datasets (Rajpurkar et al.,
2016; Lai et al., 2017; Kwiatkowski et al., 2019;
Gao et al., 2021) have been proposed along with
the research trend on QA, involving very diverse

∗ Indicates equal contribution
1The code is available at https://github.com/

zhongwanjun/ProQA.

question types (e.g., extractive QA, abstractive QA,
multiple-choice QA), domains (e.g., finance, daily
events), and answer types (e.g., free-formed text, se-
lected option). The majority of previous works fo-
cus on tasks with specific question types (Lai et al.,
2017; Yang et al., 2018; Gao et al., 2020) or spe-
cific domains (Trischler et al., 2017; Kwiatkowski
et al., 2019). Recent research on large pre-trained
language models (Brown et al., 2020; Bommasani
et al., 2021) indicates that there may be tight con-
nections among various tasks, which sheds light on
a unified paradigm that can be potentially applied
to solve various QA tasks to model their common-
ality.

This observation motivates us to develop a
unified QA model, which can model both the
commonly-required QA ability and the difference
between various QA tasks within a same paradigm.
To achieve this goal, there are several key chal-
lenges needed to be addressed: (1) How to model
commonalities and enhance transferability among
different QA tasks in various domains/formats
while reducing the conflict between them? (2)
How to construct large-scale QA corpus as the high-
quality QA-centric data is scarce for pre-training?

In light of this, we conceive ProQA, a unified
QA paradigm, which builds up a general model
to solve different QA tasks utilizing a structural
prompt and improves commonly-required QA abil-
ity via structural prompt-based pre-training.

Firstly, to model the commonalities and dis-
tinguish task differences, we adopt a structural
prompt to organize the inputs with a unified struc-
turally designed input schema. As illustrated in
Fig. 1, given the complex components (e.g., “Do-
main", “Format", “Task", “Question", “Passage")
as inputs, ProQA divides components into multi-
ple key-value pairs, in which a specific component
like “Question" denotes a key, and the specific in-
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[Task]: <SQuAD>
[Domain]: <Wikipedia>

[Format]: <Extractive QA>

[Question]: In what Country is 
Normandy located?

[Passage]: The Normans, were the 
people who in the 10th and 11th 
centuries gave their name to 
Normandy, a region in France.

[Task]: <Social IQA>
[Format]: <MultiChoice QA>

[Question]: How would Others 
feel as a result?
[Passage]: Cameron decided to 
have a barbecue and gathered her 
friends together.

[Task]: <NarrativeQA>
[Format]: <Abstractive  QA>

[Question]: How is Oscar related 
to Dana?
[Passage]: Dana continues digging 
in her purse while Frank makes 
funny faces at the baby Oscar, a 
very cute nine-month-old boy. 
Frank: That's a good-looking kid 
you got here, Dana.

[Candidates]: (A) like staying 
home (B) like attending (C) a good 
friend to have

Format

Task

Domain Wikipedia Medical Social Event Literature

SQuADBoolQ

Extractive QA MultiChoice QA Abstractive QA

BiologyChemistry

Social IQA Narrative QARACE DROP

Instance 1 Instance 2 Instance 3

[Domain]: <Social Event> [Domain]: <Literature>

Pro QA

Answer: France Answer: like attending Answer: her son

Figure 1: Approach overview of ProQA. Each box represents a specific instance formulated with the structural
prompt, and ProQA is pre-trained with structural prompt-based pre-training. [ ] indicates special key indicator,
< > denotes hard prompt, and colored squares denote continuous learnable soft prompts.

stance in this component is taken as the value. In
this way, the model can discriminate different input
components by key indicators and model the spe-
ciality of each task via task-specific values (learn-
able prompts).

Secondly, to alleviate data sparsity problem and
empower the model with transferability to the adap-
tation of new tasks, we conduct structural prompt-
based pre-training. We first build a large-scale
synthetic QA corpus automatically from Wikipedia,
utilizing only a few seed datasets as the prior su-
pervisions for pre-training corpus construction and
finally covering primary QA formats. Then we
format the pre-training data with the structural
prompt, and teach the model to learn the general
purpose QA-centric ability and the functionality
of each component in the structural prompt via
pre-training.

We evaluate the effectiveness of ProQA on
11 downstream QA benchmarks, and the results
show that our system achieves consistent perfor-
mance boost in full data fine-tuning, few-shot learn-
ing, and zero-shot learning settings. Experiments
demonstrate that ProQA can better mitigate the

catastrophic forgetting issue during continual learn-
ing by restoring the task-specific soft prompts re-
siding in the structural prompt. Further analyses
illustrate that our model has better transferability
as it can be more quickly adapted to a newly in-
volved task. Ablation studies verify the effective-
ness of both the soft prompt and prompt-based
pre-training.

The contributions are summarized as follows:
• We propose ProQA, a unified QA frame-

work for solving various tasks within a single
paradigm, taking an extensible and learnable
structural prompt as the bridge.

• We enhance general QA-centric capabilities via
structural prompt-based pre-training.

• Comprehensive experiments show that our
model consistently improves the performance
on 11 QA tasks especially in low-resource set-
tings and exhibits better effectiveness in contin-
ual learning and few-shot transfer learning.

2 Related Work

Unifying QA formats. Despite vast diversity of
current QA tasks in question type, answer type, an-
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swer source, and data domain (Zeng et al., 2020),
there have been efforts in exploring a unified format
for various QA tasks. Some pioneered to demon-
strate the generalization and transferability among
different QA tasks (Talmor and Berant, 2019; Dua
et al., 2019a; Fisch et al., 2019). Another line of
works investigate multi-task learning for QA (Mc-
Cann et al., 2018; Shen et al., 2019; Deng et al.,
2019) by jointly training a single encoder to pro-
mote knowledge sharing. However, these meth-
ods typically require deploying distinct prediction
heads for different tasks, which lead to poor scala-
bility and flexibility when confronted with emerg-
ing QA tasks of new types.

To this end, inspired by the success of cast-
ing multiple tasks into the same text-to-text for-
mat (Lewis et al., 2020; Raffel et al., 2020), re-
searchers propose to learn a single model to unify
various QA formats, alleviating the labor of task-
specific designs (Khashabi et al., 2020b; Tafjord
and Clark, 2021). However, these models (1) do
not explicitly model the task or component char-
acteristics, thus failing to properly disentangle the
difference among QA tasks; and (2) overly rely on
supervised data from specific tasks, which may not
be available under data-scarce scenarios.

QA-centric pre-training. Numerous efforts
have been spent on improving PLMs’ reasoning
abilities with an intermediate pre-training stage be-
fore fine-tuning on target QA tasks, including (1)
language modeling adaptation with salient span
masking, which trains PLMs to recover randomly
chosen (Guu et al., 2020; Wang et al., 2021) or
machine-generated (Kang et al., 2020) masked
named entities in the raw corpus; (2) training data
augmentation (Zhong et al., 2022) with synthetic
question-answer-context triples, such as generat-
ing (a) pseudo questions through adversarial train-
ing (Hosking and Riedel, 2019; Li et al., 2019),
knowledge bases (Hu et al., 2021) or machine
translation (Lewis et al., 2019; Li et al., 2020), (b)
pseudo answers exploiting recurring spans (Ram
et al., 2021) or rules based on heuristics (Bian et al.,
2021) and (c) pseudo contexts via information re-
trieval (Glass et al., 2020). Nevertheless, these
works largely target at improving a certain reason-
ing ability for PLMs, and thus cannot be easily
generalized to other QA tasks.

Prompts for PLMs. To effectively stimulate the
knowledge acquired through pre-training, prompt-

oriented fine-tuning is receiving increasing atten-
tion (Liu et al., 2021; Ding et al., 2021), which
re-formulates the objective of downstream tasks
similar to that of pre-training by inserting manually
designed (Schick and Schütze, 2021a,b) or automat-
ically searched (Jiang et al., 2020; Shin et al., 2020)
hard prompt tokens into the input text. Consider-
ing that discrete prompts may not be an optimal
solution in the continuous embedding space, re-
cent works (Li and Liang, 2021; Hambardzumyan
et al., 2021) proposed tunable soft prompts. It
achieves satisfying performance especially when
the model size grows extremely large (Lester et al.,
2021). Compared with the cumbersome parameters
in PLMs, soft prompts are lightweight and plug-
gable, which paves the way for our goal of flexible
adaptation to a new QA task.

3 ProQA

In this section, we detailedly describe the whole
framework of ProQA for general purpose QA,
which solves various QA tasks within the same
paradigm.

3.1 Overview

As shown in Fig. 2, we organize the inputs of var-
ious QA tasks with a unified structural prompt
(§ 3.2), and adopt a unified model for question
answering. Then, to enhance the model in learn-
ing the QA-centric ability and the semantics of the
structural prompt, we conduct structural prompt-
based pre-training with synthetic pre-training cor-
pus formatted with the structural prompt (§ 3.3).

Inspired by Khashabi et al. (2020b) and T5 (Raf-
fel et al., 2020), we solve all downstream QA tasks
with a unified text-to-text model. In this work, we
mainly adopt T5 as the model backbone. Taking the
structural prompt-based model input, the unified
model generates the answer of the question.

3.2 Structural Prompt

Here we detailedly illustrate the design of the struc-
tural prompt and its formatted input to the model.

Definition. We organize complex QA task in-
puts with the structural prompt. As shown in
Fig. 2, the structural prompt consists of multi-
ple {key : value} pairs, where the key repre-
sents a specific component2 (e.g., “Task", “Format",

2It is worth noting that “Format" key denotes the format
type (e.g., “MultiChoice QA") of the task while the “Task" key
denotes a specific dataset (e.g., “SQuAD").
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[Task]: <Task Prompt>

[Domain]: <Domain Prompt>

[Format]: <Format Prompt>

[Question]: Question Text

[Passage]: Passage Text

[Key ]: Valuei i
…

[Key ]: Valuek k

[Task]: <Task Prompt>

[Domain]: <Domain Prompt>

[Format]: <Format Prompt>

[Question]: Question Text

[Passage]: Passage Text

[Key ]: Valuei i
…

[Key ]: Valuek k

Figure 2: An illustration of the structural prompt. [ ]
indicates special key indicator, < > denotes hard
prompt, and grey squares indicate continuous soft
prompts.

“Question", etc.), and the value has two possible
types: (1) textual content (e.g., question, passage,
options) of the data instance; (2) task attributes
(e.g., format, domain) represented as the combi-
nation of a discrete hard prompt and continuous
soft prompts. The hard prompt is a predefined dis-
crete description (we adopt a special token here),
and the soft prompts are lightweight learnable and
pluggable continuous embeddings that are proven
to be parameter-effective in task adaptation (Lester
et al., 2021). The structural prompt-formatted ex-
amples are illustrated in Fig. 1. In the case of
the SQuAD dataset, “⟨Format Prompt⟩”, “⟨Task
Prompt⟩”, “⟨Domain Prompt⟩” will be “⟨Extractive
QA⟩”, “⟨SQuAD⟩”, “⟨Wikipedia⟩”, respectively.

To enhance the model in discriminating the func-
tional difference between components, we adopt a
special key indicator with learnable representation
to represent each key. Furthermore, to model the
difference between several tasks/domains/formats,
we also adopt learnable and storable specific soft
prompts as the value to represent their customized
characteristics, which makes the model more flexi-
ble for task adaptation.

As a result, the structural prompt can empower
the model in the following aspects: (1) modeling
knowledge generalization of various tasks utilizing
a unified input schema; (2) discriminating different
components with the special key indicator; (3) cus-
tomizing the speciality of each task/format/domain
with learnable and storable soft prompts as the
value under corresponding keys.

Input Representation. Specifically, given a
structural prompt-formatted instance, we describe

the specific representation of the model input. We
firstly translate kth key to a key indicatorDk (a spe-
cial token), which is attached by the tokens Vk of
the specific value to form a token sequence. It is fur-
ther represented as Ek = Embedding([Dk;Vk]).
The representation of Dk is initialized and up-
dated during training. Since we use soft prompts
Ptask/Pformat/Pdomain as the value of the correspond-
ing key and they are commonly required for all the
tasks, we prepend them to the input for convenience
and concatenate all the Ek to form the final model
inputX:

X = [Pdomain;Pformat;Ptask;E1; ...;Ek] (1)

It is also worth noting that the representations D
of key indicators and the soft prompts P are jointly
trained with the main model parameters during pre-
training for learning the semantics of the structural
prompt. Moreover, after being tuned by various
tasks, the soft prompts P can be stored to record
the customized task-specific characteristics.

3.3 Structural Prompt-based Pre-training

In this part, we introduce how we conduct struc-
tural prompt-based pre-training to help the model in
learning commonly-required QA ability and the se-
mantics of the structural prompt during pre-training
to facilitate the adaption of the structural prompt to
downstream tasks.

Task Formulation. Along with the structural
prompt-based paradigm, we manifest various exem-
plary QA format types (i.e., Extractive QA, Abstrac-
tive QA, Multiple-choice QA and Yes/No QA) for
pre-training to inject the general QA-centric abil-
ity. Given the multi-format QA pre-training corpus,
we transform all QA formats according to the pro-
posed structural prompt, which enables joint pre-
training while keeping the differences among vari-
ous formats. Taking a structural prompt-formatted
instance as the input and a free-form answer as the
output, the task is further tailored to a QA task with
the encoder-decoder model.

Pre-training Corpus Construction. When we
prepare the QA pre-training corpus, data sparsity
problem is extremely severe because (1) it is im-
practical and laborious to obtain a large-scale high-
quality annotated data for pre-training and (2) it is
hard to generate QA-centric self-supervised data
using rule-based methods (e.g., token masking
or sentence reordering). In this work, inspired

4233



by Lewis et al. (2021), we adopt a generation-
filtering based corpus construction method to
synthesize a large-scale pre-training corpus, based
on a large-scale unlabeled Wikipedia corpus with
almost 6 million passages.

Typically, the general generation-filtering pro-
cess consists of the following components:
1. A QA-pair generation model gqa(q, a|c): Given

a passage c as input, gqa(q, a|c) generates
q [SEP] a as the output sequence including
a pair of question q and its answer a.

2. A filtering QA language model f(a|q, c) for
filtering the generated QA-pairs to ensure the
quality and consistency of the question and the
answer. f(a|q, c) is a conditional-probability-
based approach to filter out QA pairs softly. It
scores a QA pair (q, a) with the likelihood of
the answer a conditioned on the passage c and
question q. The QA-pairs with scores higher
than a threshold will be kept for pre-training.

We adopt the same text-to-text pre-trained model
T5 described in § 3.1 as the model backbone of
both the generation and filtering model.

To ensure the reliability of the generation and
filtering models, we inevitably select a few seed
datasets (typically one for each QA format type)
as the prior supervisions to train these models. It
is worth mentioning that, we avoid using more su-
pervised data for corpus construction, because we
expect the whole paradigm to have better expand-
ability. In other words, if we want to extend the
paradigm for a newly-involved QA format type but
with limited supervised data, we can utilize these
data to automatically create a synthetic large-scale
pre-training corpus.

More specifically, the construction method has
little variance for different formats according to
their input components. For Extractive QA and
Abstractive QA, we adopt the aforementioned gen-
eral method to synthesize QA-pairs. We also tried
to first extract answers using rule-based method
(extracted named-entities or key phrases), and only
generate questions. We empirically find that this
method performs much worse as it involves sim-
ple bias of the rule-based method. As the inputs
for Multiple-Choice QA involve a new component
“Candidate Answers", we adopt a distractor (neg-
ative options) generation model gneg(o|c, q, a) to
generate three negative options o. For Yes/No QA,
we simply generate questions by taking True/False
as the corresponding answers. Further details are

Format Dataset #Train #Dev QA Skills

Extractive QA

SQuAD∗ 87k 10k Word Matching
Quoref 22k 2k Coreference Reasoning

NewsQA 76k 4k Word Matching

Abstractive QA

NarQA∗ 65k 21k Story Understanding
DROP 77k 9k Discrete Reasoning

NQOpen 79k 3.6k Multi-passage Understanding

MultiChoice QA

RACE∗ 87k 4k Multi-sentence Reasoning
DREAM 6k 2k Dialog Reasoning
MCTest 1.4k 320 Multi-sentence Reasoning
OBQA 4k 501 Common Knowledge
SIQA 33.4k 2.2k Commonsense Reasoning

Table 1: Dataset statistics and required language under-
standing skills. Datasets with * denote seed datasets for
preparing pretraining data.

described in Appendix A.

4 Experimental Setup

4.1 Datasets and Evaluation Metrics

We consider three formats of QA datasets in our
experiments: Extractive QA, Abstractive QA and
Multiple-Choice QA3. For each QA format, we se-
lect one seed dataset for preparing the large-scale
pre-training data. The seed dataset is used to train
the question-answer generation and filtering mod-
els in the process of pre-training corpus construc-
tion. In total, the experiments are conducted on 11
QA datasets with three different formats and vari-
ous language understanding abilities. An overview
of datasets used in the experiments and their re-
quired QA skills are summarized in Table 1.

Extractive QA. We take SQuAD 1.1 (Rajpurkar
et al., 2016) as the seed dataset for extractive style
QA. In addition, we consider NewsQA (Trischler
et al., 2017) and Quoref (Dasigi et al., 2019) to eval-
uate the generalization ability of models. The EM
(Exact Match) score between the extracted span
and the gold answer span is used as the evaluation
metric for extractive QA.

Abstractive QA. Narrative QA (NarQA)
(Kočiský et al., 2018) is taken as the seed dataset
for Abstractive QA. DROP (Dua et al., 2019b)
and the open-domain version of NaturalQuestions
(NQOpen) (Kwiatkowski et al., 2019) are also con-
sidered. Passages for each question in NQOpen are
retrieved by the dense passage retriever (Karpukhin
et al., 2020) and are concatenated into a sequence.

3We also include Yes/No QA in our pilot study. We do
not consider it in our main experiments because datasets in
this format are extremely rare. Results on this QA formats are
shown in Appendix B.
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Setting Dataset
ExtractiveQA AbstractiveQA MultiChoiceQA

AvgSQuAD Quoref NewsQA NarQA DROP NQOpen RACE DREAM MCTest OBQA SIQA

Full-Data

T5 83.4 64.9 45.2 49.3 45.0 42.3 67.9 54.8 44.4 49.6 64.1 55.5
UnifiedQA 84.4 74.8 45.3 49.6 45.1 42.5 71.6 67.6 83.1 57.6 64.9 62.4
ProQA (qapair) 84.9 76.6 50.8 49.8 55.0 43.2 73.6 72.9 85.0 61.6 67.5 65.5
ProQA (paq) 85.3 76.8 50.4 50.1 52.5 43.9 73.2 73.3 85.9 61.4 67.2 65.5

Few-Shot

T5 6.7 14.6 20.5 3.4 5.8 11.9 26.2 34.7 38.1 29.0 32.4 20.3
UnifiedQA 82.0 38.2 34.2 49.1 22.2 31.6 53.0 57.4 73.8 41.2 42.8 48.1
ProQA (qapair) 82.9 44.2 41.1 49.1 24.9 33.3 63.4 64.5 82.5 46.2 49.1 52.8
ProQA (paq) 84.4 52.2 42.1 49.2 27.1 36.0 66.5 66.0 84.1 44.8 49.4 54.7

Zero-Shot

T5 0.0 0.0 0.0 3.5 2.0 1.5 24.1 34.2 27.5 21.9 33.2 13.5
UnifiedQA 80.7 27.9 31.4 48.3 18.0 30.9 53.0 57.0 73.4 35.9 40.3 45.2
ProQA (qapair) 80.4 30.5 30.7 48.1 17.0 33.0 62.6 64.3 81.3 36.0 47.2 48.3
ProQA (paq) 81.3 42.1 31.8 48.4 19.7 36.0 65.9 65.2 81.3 38.6 46.7 50.6

Table 2: Main results on 11 downstream QA datasets under full-data fine-tuning, few-show learning, and zero-shot
learning settings. Since the supervisions of seeds datasets are used in the pre-training corpus construction which
may introduce bias in few-shot and zero-shot settings, results on these corresponding entries are underlined.

We use ROUGE-L (Lin, 2004) metric for NarQA
and F1 score for DROP and NQOpen.

Multiple-Choice QA. For multiple choice QA,
the following datasets are considered: RACE (Lai
et al., 2017) (seed dataset), DREAM (Sun et al.,
2019), MCTest (Richardson et al., 2013), Open-
BookQA (OBQA) (Mihaylov et al., 2018), Social
IQa (SIQA) (Sap et al., 2019). OBQA does not
have contexts (reading comprehension passages).
The context for DREAM is in the dialogue style
and we concatenate them into a sequence as the
passage input. We select the option with the high-
est textual similarity with the generated answer as
the final answer. We compute the accuracy of the
correct options for all multiple choice QA datasets.

4.2 Approaches

T5 (Raffel et al., 2020) is a unified text-
to-text pre-training framework that covers
all text-based language problems. We use
google/t5-v1_1-base from HuggingFace
Transformers (Wolf et al., 2020) that is only
pre-trained on C4 excluding any supervised
training dataset (e.g., QA datasets).

UnifiedQA (Khashabi et al., 2020b) crosses the
format boundaries of different QA tasks by for-
mulating them into text-to-text tasks under T5. It
directly concatenates all inputs via \n into a se-
quence and feeds it into T5 for predicting the an-
swer. We train our own UnifiedQA model on the
combination of three aforementioned seed datasets,
namely SQuAD, NarQA, and RACE.

ProQA is our proposed structural prompt-based
pre-training approach. ProQA is pre-trained

jointly on three formats of pre-training corpus: Ex-
tractive QA, Abstractive QA, and Multiple-Choice
QA. This approach using corpus prepared from
QA-pair generation-filtering model described in
§ 3.3 is named as ProQA (qapair). Additionally,
we leverage the off-the-shelf large-scale QA pairs
from Probably-Asked Questions/PAQ (Lewis et al.,
2021), and replace our extractive QA pre-training
corpus by a subset of PAQ (abstractive QA and
multiple-choice QA corpus remains unchanged).
PAQ provides a refined pipeline that introduces
learned models on every step of QA pair genera-
tion, i.e., passage selection, answer identification,
question generation, and filtering. We name this
variant as ProQA (paq).

For every downstream QA dataset, we start from
the above pre-trained models and conduct experi-
ments under full-data fine-tuning, few-shot learn-
ing, and zero-shot learning settings. For few-shot
learning, we randomly sample 32 instances from
the training set.

5 Results and Analyses

5.1 Main Results

Main results are shown in Table 2, and we have the
following observations:

• QA-centric pre-trained models, namely Uni-
fiedQA and ProQA, outperform T5 by a large
margin on both seed datasets and non-seed
datasets. This is because there is some trans-
ferable knowledge across different QA tasks.
Once the model is pre-trained by any QA task,
the learned knowledge can be generalized to
any other datasets.

• ProQA demonstrates better knowledge cus-
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Methods
Task A→Task B

EX→EX EX→AB EX→MC AB→EX AB→AB AB→MC MC→EX MC→AB MC→MC Avg

Task B Model 20.5% 26.2% 13.0% 8.9% 6.3% 6.5% 4.6% 4.9% 0.9% 9.9%
Task B Model (w/ Task A Prompt) 17.1% 10.6% 6.7% 3.1% 3.1% 2.2% 0.4% 0.7% -0.5% 4.3%

Table 3: Continual learning results for averaged performance drops compared with the original task A results under
different task learning orders (lower is better). Negative number means the performance improves compared with
the original task A results. EX: Extractive QA; AB: Abstractive QA; MC: Multiple-chioce QA.

tomization ability than UnifiedQA – ProQA
beats UnifiedQA by a large margin in few-shot
and zero-shot settings. This is because (1) the
hard and soft prompts in the structural prompt
enable better knowledge customization for ev-
ery QA task, especially the “Task” key-value
pair that is different for every QA task; (2)
structural prompt-based pretraining empowers
ProQA to adapt faster (§ 5.3) and better (Ta-
ble 2) to these non-seed datasets.

• Comparing ProQA (qapair) and ProQA (paq),
we find that ProQA (paq) performs better in
most scenarios. Presumably, PAQ provides high
quality pre-training corpus through its pipelined
approach – there are in total four BERT-sized
models to be prepared for generating PAQ cor-
pus. Instead, our proposed QA pair generation
approach is simple and can be applied to not
only Extractive QA but also Abstractive QA and
Multiple-choice QA in the pre-training corpus
construction process.

5.2 Continual Learning via Soft Prompt

One benefit of introducing soft prompt in ProQA
is that it can potentially mitigate the catastrophic
forgetting issue when adapting to a new task. If
ProQA is sequentially fine-tuned on task A and
task B under few-shot setting, it can load task A
soft prompt back when it is evaluated again on the
task A. The plug-in flexibility of ProQA brings
huge improvements compared with its counterpart
that keeps the task B soft prompt.

We conduct continual learning by setting task
A and B as different combinations among datasets
with formats4: Extractive QA (EX), Abstractive
QA (AB), and Multiple-choice QA (MC). Formally,
we first adapt ProQA to task A by few-shot learn-
ing to obtain the model A: fAθ with performance sA.
Then we sequentially adapt fAθ to task B and re-
ceive task B model fABθ . We evaluate performance

4Note that we consider two tasks in continual learning
because we also want to directly investigate the task adaptation
to-and-fro the same format (e.g., MC → MC) or different
formats (e.g., AB→ EX).
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Figure 3: The few-shot learning curves of EM scores on
the validation set of the NewsQA task.

of the model fABθ on task A under two settings: (1)
direct testing (task-B prompt) (2) first restoring the
learned task-A prompt from fAθ to the model fABθ
and then testing. Performance of the two settings
are denoted as sAB and sAB

′
, respectively. We

evaluate the continual learning performance under
these two settings with the percentage of the per-
formance drop on the task A: “Task B Model”=
sA−sAB

sA
, and “Task B Model (w/ Task A Prompt)”

= sA−sAB′

sA
.

As shown in Table 3, the catastrophic forget-
ting issue does exist when evaluating task A with
task B model (“Task B Model”) directly. The per-
formance drops as large as 26.2% for EX→AB.
However, restoring task A prompt brings huge im-
provements across all task combinations (“Task B
Model w/ Task A Prompt”). It is surprising to see
that restoring task A prompt could sometimes even
improve task A performance (MC→MC =−0.5%).
Presumably, sequential learning two tasks under
the same question format (MC) makes the model
learn the transferable knowledge while restoring
task A prompt brings task-specific knowledge. De-
tailed experimental results on the 33 combinations
of datasets can be found in Appendix C.

5.3 Convergence Analysis

We investigate the effectiveness of pre-training by
compare the step-wise performance under few-shot
learning setting. The learning curves of EM scores
on the validation set of the NewsQA task is shown

4236



Setting Model NewsQA DROP DREAM

Full-Data

ProQA 50.4 52.5 73.3
w/o soft prompt 48.6 51.2 69.9

w/o pretraining 48.1 44.5 68.4
UnifiedQA + Pre-train Corpus 46.8 50.3 69.4

Few-Shot

ProQA 42.1 27.1 66.0
w/o soft prompt 38.5 24.3 64.5

w/o pretraining 20.5 4.8 35.1
UnifiedQA + Pre-train Corpus 37.3 23.5 59.6

Zero-Shot

ProQA 31.8 19.7 65.2
w/o soft prompt 29.8 19.0 63.5

w/o pretraining 0.0 0.2 32.6
UnifiedQA + Pre-train Corpus 26.0 18.1 58.0

Table 4: Ablation study results on three non-seed
datasets under different QA formats (extractive, abstrac-
tive, multiple-choice).

in Figure 3. Out of the three models, T5 con-
vergences slowest because it does not have any
QA-centric knowledge while our proposed ProQA
adapts fastest and best. Moreover, we find that Uni-
fiedQA EM score rapidly saturates and eventually
degrades slightly, suggesting that the model overfits
under the few-shot setting. On the counterpart, our
ProQA continues to improve and never degrades
because the hard and soft prompt inside the struc-
tural prompt balance the knowledge generalization
and knowledge customization well.

5.4 Ablation Study

An ablation study is conducted to unveil the effec-
tiveness of every component in ProQA. We con-
sider three variants of ProQA: (1) ProQA without
the soft prompt in its structural prompt; (2) ProQA
further without prompt-based pre-training. (3) Uni-
fiedQA + Pre-train Corpus is the UnifiedQA model
pre-trained on our prepared large-scale synthetic
QA corpus. Results on three non-seed datasets un-
der different QA formats are shown in Table 4. We
find that removing the soft prompt from the model
disables the task-specific knowledge learned dur-
ing pre-training. Moreover, removing the prompt-
based pretraining drastically hurts the performance
as the equivalent model (T5 + hard structural
prompt) does not have any QA knowledge. Finally,
UnifiedQA + Pre-train Corpus could not compete
with ProQA, showing that our proposed structural
prompt earns better balance between knowledge
generalization and knowledge customization than
UnifiedQA.

6 Discussion

In this section, we discuss on how to extend the
ProQA to a new task even with a new schema, and

sheds light on potential future directions.
1) Task Adaptation with Structural Prompt: The

design of structural prompt empowers ProQA with
better expandability. In our main experiments, we
adopt 3 format types and 11 QA tasks. In the
future, we can adapt ProQA to more tasks, for-
mats, domains, and new input schema. Intuitively,
when being adapted to a new task with unseen for-
mat/domain, ProQA can initialize the specific soft
prompts and learn the characteristic of the new do-
main/task through model training. Moreover, if
we encounter a new input schema that involves
new keys (e.g., “extracted entities or commonsense
knowledge"), we can add a new key-value pair in
the input schema and learns the functionality of the
new key indicator through training.

2) Unified QA Systems: We think further studies
on unified QA systems could target on a better
pre-training schema for general purpose QA, or
optimizing the modeling strategy for the structural
prompt to process more complex input, or output
formats (e.g., adding extracted entities or retrieved
knowledge).

3) Unification with Structural Prompt: The appli-
cation of the structural prompt is not limited only
on the QA task. Intuitively, task inputs/outputs
with various formats or components can also be or-
ganized with the structural prompt, like sentiment
analysis (Zhong et al., 2021), style transfer (Li
et al., 2022). In this way, we can integrate multiple
tasks with carefully organized structural input, and
improve the uniformity and expandability of the
whole paradigm.

7 Conclusion

We introduce ProQA, a unified QA paradigm that
adopts a single model for solving various QA tasks
with the bridge of a structural prompt. Structural
prompt simultaneously models the common ability
required for various tasks and keeps the speciality
of each task, through a structurally designed learn-
able input schema. We further conduct structural
prompt-based pre-training, seeking to empower the
model with general QA-centric ability and injects
the semantic knowledge of the structural prompt
into the pre-training model. Experimental results
on 11 QA benchmarks demonstrate that ProQA
can significantly boost performance on all settings.
Further analyses show that our method can better
mitigate the catastrophic forgetting issue during
continual learning, and our method can be adapted
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to a newly involved task more quickly, by taking
the advantages of the structural prompt. In the
future, we hope our analysis could inspire more
explorations on the unified QA methods, or the
unification of distinct tasks with complex inputs
modeling by the structural prompt. We also hope
structural prompt can be further utilized into the
unification of more tasks with complex inputs.
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A Implementation Details

A.1 Corpus Preparation

In this part, we describe the details of corpus con-
struction.

The current pre-training corpus contains almost
4 million pre-training instances formulated with
the structural prompt, including 1 million Multiple-
choice QA instances, 2 million Extractive QA in-
stances, and 2 million Abstractive QA instances.
When generating questions and answers, we take
the context as the input, and the sequence “question
[SEP] answer" as the output. In order to train the
filtering model, we take the context and question
as the inputs, and the answer as the output. During
the inference process of QA-pairs filtering, we take
the context and the generated question as the model
input of the QA model and set generated answer
as the label. Then we compute the final soft score
with the cross-entropy loss between the label and
the answer generated by the QA model, Next, we
rerank all the generated QA-pairs according to the
soft scores in an ascending order to select the most
consistent QA-pairs as the pre-training instances.

Specifically, we employ AdamW as the opti-
mizer for model training. We adopt T5-Large as
the model backbone and the seed datasets as su-
pervisions for training both the question-answer
pairs generation, and the filtering QA model. We
set learning rate as 1e-5, warmup step as 0, batch
size as 2 per GPU, and training epochs as 10.

A.2 Details on Pre-training and Task
Adaptation.

Pre-training. During pre-training, we jointly
train the main model parameters with the repre-
sentations of the special key indicators and the
task/format-specific soft prompts.

Initially, we don’t have any specific tasks dur-
ing pre-training, so we take the three pre-training
corpus (i.e., “MultiChoiceQA, Extractive QA, and
Abstractive QA" ) as the three initial tasks, and ran-
domly initialize the task and format specific soft
prompts.

Specifically, we use T5-Base as the model back-
bone, and set learning rate as 1e-4, batch size as
8 per GPU and gradient accumulation steps as 10.
We adopt 8 V100 GPUs for pre-training.

Fine-tuning. During fine-tuning, we need to ini-
tialize the task/format-specific soft prompts for a
specific downstream task. If the task corresponds

Setting Dataset BoolQ

Full-Data
T5 62.2
Pro QA 80.6

Few-Shot
T5 0.0
Pro QA 55.4

Zero-Shot
T5 0.0
Pro QA 62.1

Table 5: Result on two Yes/No QA tasks under full-data
fine-tuning, few-shot learning, and zero-shot learning
settings.

to a specific format participating in the pre-training
stage, we use the corresponding soft prompts of
this format type to initialize the soft prompts for
the current tasks to transfer the learned knowledge.
If the task corresponds to a new format, we can
randomly initialize the task/format prompts.

Specifically, we use T5-Base as the model back-
bone, and set learning rate as 1e-4, batch size as
2 per GPU, gradient accumulation steps as 2, and
training epochs as 5. We adopt 8 V100 GPUs for
fine-tuning.

Few-shot Learning. We adopt a similar way to
initialize the task-specific soft prompts for few-
shot learning. We use the standard setting which
utilizes 32 randomly selected instances for few-
shot learning. Specifically, we adopt T5-Base as
the model backbone, and set learning rate as 1e-5,
batch size as 1 per GPU, gradient accumulation
steps as 1, and training steps as 800 for few-shot
learning.

Zero-shot Learning Since zero-shot learning
does not involve training stage, we just need to
initialize the task-specific prompt for inference.
Therefore, we initialize the task-specific prompt
with the pre-trained task prompts of its correspond-
ing format type.

B Results on Yes/No Pre-training

During our pilot study, we take the BoolQ (Clark
et al., 2019) as the seed dataset to construct a large-
scale pre-training corpus, and test the full-data, few-
shot, zero-shot on top of the pre-trained ProQA.
We also take the naturally-perturbed version of this
dataset BoolQ-NP (Khashabi et al., 2020a) into
account for evaluation. Results are shown in Ta-
ble 5. We find that the ProQA significantly out-
performs T5 baseline on all settings. Note that we
take a strict evaluation towards the model’s output.
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Task A Task A Model
(Few-Shot Results)

Task B Task B Model
(Evaluation on Task A)

Task B Model (w/ Task A Prompt)
(Evaluation on Task A)

EX/NewsQA (EM) 42.1

EX/Quoref (EM) 33.7 35.3
AB/DROP (F1) 31.3 33.7

AB/NQOpen (F1) 27.6 34.2
MC/DREAM (Acc) 35.2 37.9
MC/MCTest (Acc) 34.5 36.8
MC/OBQA (Acc) 34.4 35.9

EX/Quoref (EM) 52.2

EX/NewsQA (EM) 41.1 42.8
AB/DROP (F1) 43.0 51.4

AB/NQOpen (F1) 38.0 51.0
MC/DREAM (Acc) 47.2 51.3
MC/MCTest (Acc) 47.8 52.0
MC/OBQA (Acc) 48.5 51.6

AB/NQOpen (F1) 36.0

EX/NewsQA (EM) 32.8 33.9
EX/Quoref (EM) 36.2 35.4
AB/DROP (F1) 34.3 35.8

AB/DROP (F1) 27.1

EX/NewsQA (EM) 22.8 26.3
EX/Quoref (EM) 24.0 26.6
AB/NQOpen (F1) 25.0 25.6

MC/DREAM (Acc) 25.1 26.2
MC/MCTest (Acc) 25.4 26.7
MC/OBQA (Acc) 25.6 26.7

MC/MCTest (Acc) 84.1

EX/NewsQA (EM) 81.6 83.1
AB/DROP (F1) 82.8 83.8

MC/DREAM (Acc) 83.2 83.8
MC/OBQA (Acc) 82.2 82.5

MC/DREAM (Acc) 66.0

EX/NewsQA (EM) 64.0 65.4
AB/DROP (F1) 63.5 65.7

MC/MCTest (Acc) 65.5 65.8
MC/OBQA (Acc) 65.2 65.5

MC/OBQA (Acc) 44.8

EX/NewsQA (EM) 41.4 45.2
AB/DROP (F1) 40.6 44.2

MC/MCTest (Acc) 44.8 45.8
MC/DREAM (Acc) 44.2 46.8

Table 6: Full results on continual learning. For each task, we provide the task format (EX, AB, MC) and its
evaluation metrics (EM, F1, Acc). EX: Extractive QA; AB: Abstractive QA; MC: Multiple-Choice QA.

In other words, if the output is not any format of
“yes”, “no”, “true”, “false”, that prediction will be
classified as wrong.

C Details on Continual Learning

Table 6 provides the full results for the continual
learning experiment. The model is firstly trained on
task A under few-shot setting, and then fine-tuned
on task B. Afterwards, we evaluate the trained
“Task B Model” and “Task B Model (w/ Task A
Prompt)” on task A to test its continual learning
capability. Detailed results on every Task A/Task B
combination (33 reported in total) are shown in Ta-
ble 6. Note that we consider two tasks in continual
learning because we also want to investigate the
task adaptation to-and-fro the same format (e.g.,
MC→MC) or different formats (e.g., AB→ EX).
The results shed light on how could we arrange the
order of training on tasks to achieve the best overall

performance when a bunch of tasks arrive.
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Abstract

MixUp is a data augmentation strategy where
additional samples are generated during train-
ing by combining random pairs of training
samples and their labels. However, select-
ing random pairs is not potentially an opti-
mal choice. In this work, we propose TD-
MixUp, a novel MixUp strategy that lever-
ages Training Dynamics and allows more in-
formative samples to be combined for gener-
ating new data samples. Our proposed TD-
MixUp first measures confidence, variability,
(Swayamdipta et al., 2020), and Area Under
the Margin (AUM) (Pleiss et al., 2020) to iden-
tify the characteristics of training samples (e.g.,
as easy-to-learn or ambiguous samples), and
then interpolates these characterized samples.
We empirically validate that our method not
only achieves competitive performance using
a smaller subset of the training data compared
with strong baselines, but also yields lower ex-
pected calibration error on the pre-trained lan-
guage model, BERT, on both in-domain and
out-of-domain settings in a wide range of NLP
tasks. We publicly release our code.1

1 Introduction

MixUp (Zhang et al., 2018) is a simple data aug-
mentation strategy in which additional samples are
generated during training by combining random
pairs of training samples and their labels. While
simple to implement, MixUp has been shown to
improve both predictive performance and model
calibration (i.e., avoiding over-confident predic-
tions) (Guo et al., 2017) due to its regularization
effect through data augmentation (Thulasidasan
et al., 2019). However, selecting random pairs in
MixUp might not necessarily be optimal.

Despite this, MixUp has been explored for NLP
tasks with substantial success using hidden state
representations (Verma et al., 2019). For instance,
Sun et al. (2020) explored MixUp, which uses the

1https://github.com/seoyeon-p/TDMixUp

hidden representation of BERT (Devlin et al., 2019)
to synthesize additional samples from randomly se-
lected pairs. Yin et al. (2021) proposed MixUp,
which uses the hidden representation of RoBERTa
(Liu et al., 2019) to interpolate all samples in the
same mini-batch to better cover the feature space.
To date, only a few prior works have focused on se-
lecting informative samples for MixUp. For exam-
ple, Chen et al. (2020) proposed semi-supervised
learning, which interpolates labeled and unlabeled
data based on entropy. Kong et al. (2020) explored
BERT calibration with MixUp, which generates
new samples by exploiting the distance between
samples in the feature space.

Recently, Swayamdipta et al. (2020) introduced
data maps, which allow evaluating data quality by
using training dynamics (i.e., the behavior of a
model as training progresses). Specifically, they
consider the mean and standard deviation of the
gold label probabilities, predicted for each sample
across training epochs (i.e., confidence and vari-
ability), and characterize data into three different
categories: (1) samples that the model predicts cor-
rectly and consistently (i.e., easy-to-learn); (2)
samples where true class probabilities vary fre-
quently during training (i.e., ambiguous); and (3)
samples that are potentially mis-labeled or erro-
neous (i.e., hard-to-learn). The author revealed
that the easy-to-learn samples are useful for model
optimization (parameter estimation) and without
such samples the training could potentially fail to
converge, while the ambiguous samples are those
on which the model struggles the most and push the
model to become more robust, hence, these ambigu-
ous samples are the most beneficial for learning
since they are the most challenging for the model.

Inspired by these observations, we propose a
novel MixUp strategy which we call TDMixUp
that monitors training dynamics and interpolates
easy-to-learn samples with ambiguous samples in
the feature space. That is, we pair one sample from
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the easy-to-learn set with another sample from the
ambiguous set to allow more informative samples
to be combined for MixUp. Accordingly, we gen-
erate new samples that share the characteristics
of both easy-to-learn and ambiguous data samples
and are hence more beneficial for learning. How-
ever, the easy-to-learn and the ambiguous sets can
contain mis-labeled samples that can degrade the
model performance. Consequently, we measure
another training dynamic, Area Under the Margin
(AUM) (Pleiss et al., 2020), to filter out possibly
mis-labeled samples in each set. We validate our
proposed method on a wide range of natural lan-
guage understanding tasks including textual entail-
ment, paraphrase detection, and commonsense rea-
soning tasks. We achieve competitive accuracy and
low expected calibration error (Guo et al., 2017) on
both in-domain and out-of-domain settings for the
pre-trained language model BERT (Devlin et al.,
2019), without using the full training data.

2 Proposed Approach: TDMixUp

We introduce our proposed TDMixUp, which gen-
erates additional samples based on the characteris-
tics of the data samples. We first reveal the char-
acteristics of each data sample by using training
dynamics, i.e., confidence, variability, and Area
Under the Margin (AUM). We then describe our
MixUp operation that combines training samples
based on the above data characteristics that are
measured during training.

2.1 Data Samples Characterization
We first introduce confidence and variability, that
are used to evaluate the characteristics of each indi-
vidual sample (Swayamdipta et al., 2020). These
statistics are calculated for each sample (xi, yi)
over E training epochs.

Confidence We define confidence as the mean
model probability of the true label yi across epochs:

µ̂i =
1

E

E∑

e=1

pθ(e)(yi|xi) (1)

where pθ(e) denotes the model’s probability with
parameter θ(e) at the end of eth epoch.

Variability We define variability as the standard
deviation of pθ(e) across epochs E:

σ̂i =

 ∑E
e=1(pθ(e)(yi|xi)− µ̂i)2

E
(2)

Given these statistics per sample, we identify the
top 33% easy-to-learn samples, i.e., those samples
that the model predicts correctly and consistently
across epochs (high-confidence, low-variability),
and the top 33% ambiguous samples, i.e., those
samples whose true class probabilities have a high
variance during training (high-variability).

Area Under the Margin (AUM) As another
measure of data quality, we monitor training dy-
namics using the Area Under the Margin (AUM)
(Pleiss et al., 2020). AUM measures how different
a true label for a sample is compared to a model’s
belief at each epoch and is calculated as the aver-
age difference between the logit values for a sam-
ple’s assigned class (gold label) and its highest non-
assigned class across training epochs. Formally,
given a sample (xi, yi), we compute AUM(xi, yi)
as the area under the margin averaged across all
training epochs E. Specifically, at some epoch
e ∈ E, the margin is defined as:

M e(xi, yi) = zyi −maxyi!=k(zk) (3)

where M e(xi, yi) is the margin of sample xi with
true label yi, zyi is the logit corresponding to the
true label yi, and maxyi!=k(zk) is the largest other
logit corresponding to label k not equal to yi. The
AUM of (xi, yi) across all epochs is:

AUM(xi, yi) =
1

E

E∑

e=1

M e(xi, yi) (4)

Intuitively, while both AUM and confidence mea-
sure training dynamics, confidence simply mea-
sures the probability output of the gold label and
how much it fluctuates over the training epochs. In
contrast, AUM measures the probability output of
the gold label with respect to the model’s belief in
what the label for a sample should be according
to its generalization capability (derived by observ-
ing other similar samples during training). More
precisely, AUM considers each logit value and mea-
sures how much the gold label assigned logit value
differs from the other largest logit value, which
allows identifying mis-labeled samples.

To identify possibly mis-labeled data in each set
(i.e., the set of easy-to-learn and the set of ambigu-
ous samples that are categorized by confidence and
variability as described above), we first fine-tune
a model on each set, respectively, with inserting
fake data (i.e., threshold samples). Data with simi-
lar or worse AUMs than threshold samples can be
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assumed to be mis-labeled (Pleiss et al., 2020). We
construct threshold samples by taking a subset of
the training data and re-assigning their labels ran-
domly, including a class that does not really exist.
Specifically, given N training samples that belong
to c classes, we randomly selectN/(c+1) samples
per class and re-assign their labels to classes that
are different from the original class. We then train a
model on training samples including threshold sam-
ples and measure the AUMs of all training data. We
identify possible mis-labeled data by computing a
threshold value (i.e., the kth percentile threshold
sample AUMs where k is a hyper-parameter chosen
on the validation set). At last, we filter out samples
that have lower AUM than the threshold value.

2.2 MixUp

MixUp training generates vicinity training samples
according to the rule introduced in Zhang et al.
(2018):

x̃ = λxi + (1− λ)xj
ỹ = λyi + (1− λ)yj

(5)

where xi and xj are two randomly sampled input
points, yi and yj are their associated one-hot en-
coded labels, and λ is a mixing ratio sampled from
a Beta(α, α) distribution with a hyper-parameter
α. In standard MixUp, training data is augmented
by linearly interpolating random training samples
in the input space. In contrast, our proposed TD-
MixUp interpolates one easy-to-learn sample with
one ambiguous sample after applying AUM to filter
potential erroneous samples that harm performance.
Our current implementation uses easy-to-learn and
ambiguous data loaders respectively and then ap-
plies MixUp to a randomly sampled mini-batch of
each loader. We train a model on the generated TD-
MixUp samples in addition to the easy-to-learn and
ambiguous samples using the cross entropy-loss.

3 Experiments and Results

3.1 Tasks and Datasets

We evaluate our TDMixUp on three natural lan-
guage understanding tasks. We describe our in-
domain and out-of-domain sets as follows.

Natural Language Inference (NLI) Stanford
Natural Language Inference (SNLI) is a task to
predict if the relation between a hypothesis and
a premise is entailment, contradiction, or neutral
(Bowman et al., 2015). Multi-Genre Natural Lan-

guage Inference (MNLI) captures NLI with diverse
domains (Williams et al., 2018).

Paraphrase Detection Quora Question Pairs
(QQP) is a paraphrase detection task to test if two
questions are semantically equivalent (Iyer et al.,
2017). TwitterPPDB (TPPDB) is a dataset built
to determine whether sentence pairs from Twitter
convey similar semantics when they share URLs
(Lan et al., 2017).

Commonsense Reasoning Situations With Ad-
versarial Generations (SWAG) is a commonsense
reasoning task to choose the most plausible contin-
uation of a sentence among four candidates (Zellers
et al., 2018). HellaSWAG is a dataset built using
adversarial filtering to generate challenging out-of-
domain samples.

3.2 Experimental Setup

We use BERT (Devlin et al., 2019) based classi-
fication model and pass the resulting [CLS] rep-
resentation through a fully connected layer and
softmax to predict the label distribution. We follow
the published train/validation/test datasets splits as
described in Desai and Durrett (2020). To iden-
tify mis-labeled samples in the top 33% easy-to-
learn samples, we set threshold values k as: the
80th/80th/50th percentile threshold sample AUMs
on SNLI/QQP/SWAG, respectively. More training
details and hyper-parameter settings can be found
in the Appendix. We evaluate the capability of
our TDMixUp strategy to improve both predictive
performance and model calibration due to its regu-
larization effect through data augmentation. Hence,
we use two metrics: (1) accuracy, and (2) expected
calibration error (ECE) (Guo et al., 2017; Desai
and Durrett, 2020). We report results averaged
across 5 fine-tuning runs with random restarts for
all experiments.

3.3 Baseline Methods

BERT (Devlin et al., 2019) is the pre-trained
base BERT model fine-tuned on each downstream
task.

Back Translation Data Augmentation (Edunov
et al., 2018) generates augmented samples by using
pre-trained translation models2 which can generate
diverse paraphrases while preserving the semantics

2We use FairSeq and set the random sampling temperature
as 0.9.
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SNLI QQP SWAG

Acc ECE Acc ECE Acc ECE

100% train 90.040.3 2.540.8 90.270.3 2.710.5 79.400.4 2.491.8

33% train, Easy-to-learn 82.780.6 16.220.7 63.160.1 36.880.1 75.390.2 17.510.1
24% train, Easy-to-learn with AUM 83.030.9 15.050.9 66.430.6 33.930.8 75.560.1 15.810.7
33% train, Ambiguous 89.710.5 0.740.1 87.510.5 1.710.4 75.910.6 1.840.7

24% train, Ambiguous with AUM 87.880.7 7.090.8 88.630.5 6.360.6 71.740.4 7.551.1
66% train, Easy-to-learn & Ambiguous 89.650.2 2.640.5 90.230.7 1.350.4 78.780.5 2.510.8

MNLI TwitterPPDB HellaSWAG

Acc ECE Acc ECE Acc ECE

100% train 73.520.3 7.092.1 87.630.4 8.510.6 34.480.2 12.622.8

33% train, Easy-to-learn 61.410.8 36.681.9 81.070.8 18.920.7 33.591.1 29.382.1
24% train, Easy-to-learn with AUM 62.971.5 32.482.9 82.160.7 17.461.0 33.671.4 16.892.6
33% train, Ambiguous 72.521.2 10.731.0 86.620.6 6.011.1 34.290.9 8.401.3
24% train, Ambiguous with AUM 70.870.9 17.231.6 86.590.8 7.310.8 33.811.0 3.762.3

66% train, Easy-to-learn & Ambiguous 73.890.6 3.461.9 87.290.3 8.040.7 34.430.2 9.681.1

Table 1: The comparison of accuracy and expected calibration error (ECE) in percentage on in-domain (top) and out-of-domain
(bottom) for BERT. We compare the results of fine-tuning on subsets of train samples (i.e., easy-to-learn and ambiguous samples)
and fine-tuning on the entire 100% of training samples. Lower ECE implies better calibrated models. We report the mean
accuracy across five training runs with the standard deviation shown in subscript (e.g., 90.040.3 indicates 90.04± 0.3).

of the original sentences. In experiments, we trans-
late original sentences from English to German and
then translate them back to English to obtain the
paraphrases.

MixUp (Zhang et al., 2018) generates augmented
samples by interpolating random training samples
in the input space (obtained from the first layer of
the BERT pre-trained language model).

Manifold MixUp (M-MixUp) (Verma et al.,
2019) generates additional samples by interpolat-
ing random training samples in the feature space
(obtained from the task-specific layer on top of the
BERT pre-trained language model).

MixUp for Calibration (Kong et al., 2020) gen-
erates augmented samples by utilizing the cosine
distance between samples in the feature space.

Note that the above baselines use 100% training
data while our proposed method focuses on partic-
ular subsets of the training data.

3.4 Results
Fine-tuning on Subsets of Training Data To
explore the effect of different subsets of the data
that are characterized using training dynamics, we
compare the result of BERT fine-tuned on 100%
training data with the results of BERT when fine-
tuned on these subsets, and show the comparison
in Table 1. Note that, for each task, we train the
model on in-domain training set, and evaluate on

in-domain and out-of-domain test sets. We make
the following observations: First, we observe that
accuracy and ECE improve when we filter out pos-
sibly mis-labeled samples in the top 33% easy-to-
learn samples by using AUM in all cases (for both
in-domain and out-of-domain test sets). Specifi-
cally, using 24% train, Easy-to-learn with AUM3

returns better accuracy and lower ECE than 33%
train, easy-to-learn, showing that there are some
potentially erroneous samples that harm the per-
formance in the top 33% easy-to-learn samples.
We manually investigate filtered samples on the
top 33% easy-to-learn samples and observe that
the top 33% easy-to-learn samples indeed include
mis-labeled samples. For example, in SNLI, we ob-
serve that the relation between the following pairs
of sentences in the top 33% easy-to-learn samples
is contradiction when it should be neutral: <Two
opposing wrestlers competing to pin one another.;

‘Two women are shopping in a boutique.’> and <‘A
person dressed in a colorful costume is holding
some papers.’; ‘the cat jumps on the dog.’>. In
contrast, we observe that in many cases accuracy
and ECE worsen when we filter out possibly mis-
labeled samples in the 33% ambiguous samples by
using AUM, suggesting that all ambiguous samples
are useful for learning and generalization (which
is consistent with Swayamdipta et al. (2020)). Sec-

3Although we write 24% in Table 1 for simplicity, the
percentage of training samples on SNLI/QQP/SWAG after
AUM filtering are 20%/24%/25%, respectively
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SNLI QQP SWAG

Acc ECE Acc ECE Acc ECE

100% train 90.040.3 2.540.8 90.270.3 2.710.5 79.400.4 2.491.8
100% train, MixUp (Zhang et al., 2018) 88.820.2 7.731.1 89.120.5 9.040.8 74.982.3 7.081.0
100% train, M-MixUp (Verma et al., 2019) 89.450.9 1.510.8 89.930.6 3.021.0 78.260.4 4.120.6
100% train, MixUp for Calibration (Kong et al., 2020) 89.250.5 2.160.5 90.240.3 5.220.6 79.440.6 1.100.4
100% train, Back Translation Data Augmentation (Edunov et al., 2018) 89.220.5 1.980.6 89.180.6 5.010.3 76.220.9 1.240.2

66% train, TDMixUp, Easy-to-learn + Ambiguous 89.730.1 2.390.8 89.770.2 1.890.4 78.380.3 4.210.3
57% train, TDMixUp, Easy-to-lean with AUM + Ambiguous (Ours) 90.310.2 1.220.4 90.420.2 1.530.9 79.590.3 2.160.4

MNLI TwitterPPDB HellaSWAG

Acc ECE Acc ECE Acc ECE

100% train 73.520.3 7.092.1 87.630.4 8.510.6 34.480.2 12.622.8
100% train, MixUp (Zhang et al., 2018) 69.190.8 19.512.1 87.450.3 11.701.6 33.220.4 10.932.0
100% train, M-MixUp (Verma et al., 2019) 73.220.6 8.061.2 87.580.7 7.681.3 34.860.9 13.561.6
100% train, MixUp for Calibration (Kong et al., 2020) 64.900.5 17.751.8 74.511.1 11.831.0 32.510.8 31.612.3
100% train, Back Translation Data Augmentation (Edunov et al., 2018) 73.150.7 8.461.3 86.820.7 8.830.6 34.970.4 22.683.3

66% train, TDMixUp, Easy-to-learn + Ambiguous 72.831.1 5.841.9 87.630.2 6.480.7 34.110.1 10.541.6
57% train, TDMixUp, Easy-to-learn with AUM + Ambiguous (Ours) 74.280.6 2.911.4 87.890.3 6.080.4 35.210.6 9.451.3

Table 2: Accuracy (in percentage) and expected calibration error (ECE) on in-domain (top) and out-of-domain (bottom) for
BERT when comparing our proposed TDMixUp with baseline methods. Bold text shows the best performance and calibration.
For 100% train results, we use reported results by Desai and Durrett (2020). We report the mean accuracy across five training
runs with the standard deviation shown in subscript (e.g., 90.040.3 indicates 90.04± 0.3).

ond, we observe that fine-tuning BERT on both
the easy-to-learn and the ambiguous samples (66%
train, Easy-to-learn & Ambiguous) achieves simi-
lar performance and ECE as 100% train.

Main Results Table 2 shows the result of the
comparison of our proposed TDMixUp and base-
line methods. We observe that our proposed
method generally achieves higher accuracy and
lower ECE on both in-domain and out-of-domain
settings compared to any baseline using the full
100% training data showing the effectiveness of
our TDMixUp strategy.

3.5 Ablation Study

To compare the impact of the MixUp operation on
samples generated by random pairing and on sam-
ples generated by informative pairing, we conduct
an ablation study. Specifically, we compare the
results of MixUp on 66% train set (i.e., conduct the
MixUp operation between randomly selected sam-
ples on 66% train set, which is the union of the top
33% easy-to-learn and the top 33% ambiguous sam-
ples) and our proposed TDMixUp (i.e., conduct the
MixUp operation between the easy-to-learn filtered
by AUM and the ambiguous samples). As shown in
Table 3, we observe that our proposed TDMixUp
which selects informative samples to combine per-
forms better with respect to accuracy and ECE than
vanilla MixUp that selects random samples, in all
cases (in-domain and out-of-domain).

Acc ECE Acc ECE Acc ECE

SNLI QQP SWAG

Random 89.59 1.70 89.87 3.06 79.15 4.51
Ours 90.31 1.22 90.42 1.53 79.59 2.16

MNLI TwitterPPDB HellaSWAG

Random 73.22 6.89 87.23 6.53 34.43 15.87
Ours 74.28 2.91 87.89 6.08 35.21 9.45

Table 3: The results comparison of MixUp selecting random
samples on the union of the top 33% easy-to-learn and the top
33% ambiguous samples (i.e., Random) and our method.

4 Conclusion

In this work, we propose a novel MixUp that lever-
ages training dynamics (confidence, variability, and
Area Under the Margin) to allow more informative
samples to be combined in generating augmented
samples. We empirically validate that our method
not only achieves competitive accuracy but also
calibrates BERT model on various NLP tasks, both
on in-domain and out-of-domain settings.
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A Supplementary Materials

A.1 Training Details
In our experiments, we use bert-base-uncased clas-
sification model on top of a task-specific fully-
connected layer. The model is fine-tuned with a
maximum of 3 epochs, batch size of 16 for SNLI
and QQP, batch size 4 for SWAG, a learning rate of
1e-5, gradient clip of 1.0, and no weight decay. We
use the hyper-parameter of MixUp α as 0.4. All
hyper-parameters are estimated on the validation
set of each task. For all results, we report aver-
aged results across 5 fine-tuning runs with random
starts. Finally, all experiments are conducted on
a single NVIDIA RTX A6000 48G GPU with the
total time for fine-tuning all models being under
24 hours. For each dataset, we follow the pub-
lished train/validation/test split by Desai and Dur-
rett (2020) and show the statistics of the datasets in
Table 4.

Dataset Train Dev Test

SNLI 549,368 4,922 4,923
MNLI 392,702 4,908 4,907
QQP 363,871 20,216 20,217
TwitterPPDB 46,667 5,060 5,060
SWAG 73,547 10,004 10,004
HellaSWAG 39,905 5,021 5,021

Table 4: The statistics of all used datasets.

A.2 Data Maps
In this section, we provide data maps
(Swayamdipta et al., 2020) of our in-domain
datasets on bert-base-uncased model in Figure
1. These data maps are used to identify the
characteristics of each training sample (i.e.,
easy-to-learn, ambiguous, and hard-to-learn).

Figure 1: Data Maps of SNLI, QQP and SWAG on bert-
bert-uncased model.
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Abstract

We propose a novel Thai grapheme-to-
phoneme conversion method based on a neu-
ral regression model that is trained using neu-
ral networks to predict the similarity between
a candidate and the correct pronunciation. Af-
ter generating a set of candidates for an input
word or phrase using the orthography rules,
this model selects the best-similarity pronunci-
ation from the candidates. This method can be
applied to languages other than Thai simply by
preparing enough orthography rules, and can
reduce the mistakes that neural network mod-
els often make. We show that the accuracy of
the proposed method is .931, which is com-
parable to that of encoder-decoder sequence
models. We also demonstrate that the pro-
posed method is superior in terms of the differ-
ence between correct and predicted pronunci-
ations because incorrect, strange output some-
times occurs when using encoder-decoder se-
quence models but the error is within the ex-
pected range when using the proposed method.

1 Introduction

Grapheme-to-phoneme conversion (G2P) is the
task of converting grapheme sequences into cor-
responding phoneme sequences. Many languages
have the difficulty that some grapheme sequences
correspond to more than one different phoneme se-
quence depending on the context.

G2P plays a key role in speech and text process-
ing systems, especially in text-to-speech (TTS)
systems. These systems have to produce speech
sounds for every word or phrase, even those not
contained in a dictionary. In low-resource lan-
guages, it is fundamentally difficult to obtain
large vocabulary dictionaries with pronunciations.
Therefore, pronunciations need to be predicted
from character sequences.

In many languages, each word is composed of
syllables and each syllable is composed of char-
acters following the orthography rules of that lan-

guage. This means that G2P for languages with
syllabic orthography rules can be formulated as
the task of selecting the best path in a lattice gen-
erated for a given input word or phrase if we pre-
pare enough orthography rules to make sure that
any lattice generated almost certainly includes the
path for the correct pronunciation.
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Figure 1: G2P can be formulated as the task of se-
lecting the best path in a lattice. In English, because
“ea” can be pronounced as /e/ and /i:/ and “ow” can
be pronounced as /oU/ and /aU/, the word “meadow”
has 4 pronunciation candidates, excluding stress posi-
tion estimation.

As the result of some effort, we prepared Thai
orthography rules. Almost all possible paths in a
lattice can be generated from these, and each path
needs to be evaluated using a phonological lan-
guage model to select the best path. With this in
mind, we propose a novel G2P method based on a
neural regression model that is trained using neu-
ral networks to predict how similar a pronuncia-
tion candidate is to the correct pronunciation. Af-
ter generating a set of candidates for an input word
or phrase using the orthography rules, this model
selects the best-similarity pronunciation from the
candidates.

In the following sections, we describe the
proposed method and explain experiments on a
dataset of Thai vocabulary entries with pronun-
ciations collected from Wiktionary. After that,
we show that the proposed method outperforms
encoder-decoder sequence models in terms of the
difference between correct and predicted pronun-
ciations, and demonstrate that incorrect, strange
output sometimes occurs when using encoder-
decoder sequence models while error is within the
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expected range when using the proposed method.
The code is available at https://github.com/
T0106661.

2 Related Work

For G2P, converting words into pronunciations
does not require as much expertise as needed
to prepare correspondences between graphemes
and phonemes. Therefore, a method of learn-
ing correspondences from a large number of
word-pronunciation pairs has been used (van den
Bosch and Daelemans, 1993). To solve the prob-
lem that graphemes and phonemes often have
many-to-many correspondence, a hidden Markov
model-based method (Jiampojamarn et al., 2007)
and weighted finite-state transducer-based meth-
ods (Novak et al., 2012a,b) have been devel-
oped. Bisani and Ney (2008) assumed that gra-
phones underlie both graphemes and phonemes,
and achieved great performance by learning gra-
phones to minimize joint errors.

In addition, there have been some attempts to
apply encoder-decoder models to learn end-to-end
G2P models. For example, Toshniwal and Livescu
(2016) applied a sequence-to-sequence architec-
ture (Sutskever et al., 2014; Luong et al., 2015).
Yolchuyeva et al. (2020) and Vesik et al. (2020)
applied a transformer architecture (Vaswani et al.,
2017) to train models that can deal with English or
many other languages.

3 Proposed Method

It is well known that word segmentation (WS)
is a necessary preprocessing for languages with-
out word delimiters, such as Chinese, Japanese,
and Thai. To solve WS and homograph disam-
biguation for Thai simultaneously, Tesprasit et al.
(2003) enumerated pronunciation candidates for
text data with ambiguity and trained a model to
select the correct pronunciation from candidates
based on the context in which the text data appear.

In contrast, the proposed method trains a model
that predicts how similar each candidate is to the
correct pronunciation. Although the main process
of the proposed method is language independent,
we take Thai as an example in this section.

First, we prepared correspondences between
graphemes and phonemes by combining Thai
characters consisting of 44 consonants, 15 vowels,
and several symbols, resulting in an approximately
300-line program and more than 180,000 entries.

The prepared entries consisted of 77 characters,
5,772 syllables, and 31 phoneme symbols, and
each syllable was composed of up to 7 phoneme
symbols.

Characters Syllables
เส /seeĹ£/

มอ /mOOĂ£/

เสมอ /saĂ£ m@@Ĺ£/

ผล /phonĹ£/, /phonĹ£ laĂ£/

รั (silent)

Table 1: Examples of Thai characters and syllables.
Some vowels are not written and some consonants are
treated as if written twice.

Suppose that a dataset of vocabulary entries
with pronunciations D = {(vi, pi) | i = 0, . . .}
is given. We begin by tracing characters in each
vocabulary vi one at a time to generate a lattice
of nodes corresponding to entries. We then enu-
merate all possible paths in the lattice from one
end to the other, and obtain a set of pronuncia-
tion candidates Ci = {ci j | j = 0, . . .} by joining
syllables assigned to nodes. For example, when
we have vi = “กลางคืน”(night), we obtain the set
Ci = {/kaĂ£ laaĂ£ NaĂ£ khWWnĂ£/, /klaaĂ£ NaĂ£ khWWnĂ£/,
/klaaNĂ£ khWWnĂ£/}.

After that, we calculate the similarity

si j = s(pi, ci j) = 1 − d(pi, ci j)
max(|pi|, |ci j|)

to the correct pronunciation pi for each can-
didate ci j, where d(·, ·) denotes symbol-based
edit distance. This si j takes a maximum of 1
when ci j = pi and approaches a minimum of
0 as ci j diverges from pi. For the previous
example, we obtained pi = /klaaNĂ£ khWWnĂ£/;
thus s(/klaaNĂ£ khWWnĂ£/, /klaaNĂ£ khWWnĂ£/) = 1,
s(/klaaNĂ£ khWWnĂ£/, /klaaĂ£ NaĂ£ khWWnĂ£/) = 13/16,
for example, were obtained.

Using the similarity defined above, we train a
neural regression model that predicts how simi-
lar each candidate is to the correct pronunciation.
More specifically, we train the model to return the
similarity si j from the encoded vectors of vi and
ci j using RNNs with mean absolute error as the
loss function to keep each sample error as small as
possible.

Figure 2 shows the model architecture. Vocabu-
lary v is converted into a dv-dimensional vector by
a character embedding layer and a bi-directional
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GRU (Bi-GRU). Candidate c is converted into a
dc-dimensional vector by a syllable embedding
layer, a phoneme embedding layer, and Bi-GRUs,
like the network of Lample et al. (2016). Finally,
both vectors are concatenated and converted into
similarity s by two dense layers. Each layer di-
mension can be changed depending on the target
language.
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Figure 2: Architecture of the proposed method. Each
pair of vocabulary v and candidate c is converted into
similarity s. Each layer dimension can be changed de-
pending on the target language.

The model trained in this way is expected to
represent the phonological nature of the target lan-
guage. Therefore, we can predict the pronuncia-
tion p′ for a given vocabulary v′ as follows. As
in the training phase, we trace characters in each
vocabulary v′, generate a lattice, and obtain a set
of candidates C′ = {c′j | j = 0, . . .}. Next, we cal-
culate the similarity s′j for each pair (v′, c′j) using
this model, and find jmax = argmax j s′j. Finally,
we output the predicted pronunciation p′ = c′jmax

.
As can be seen, both training and predicting

processes are language independent. In other
words, the proposed method can be applied to
languages other than Thai simply by preparing
enough orthography rules.

However, one potential problem with the pro-
posed method is that the number of candidates in-
creases exponentially with input length, which can
be undesirable for long words and phrases. This is
considered in the next section.

4 Experimental Setup and Results

We collected 18,066 Thai vocabulary entries with
pronunciations from Wiktionary as an experimen-
tal dataset. The vocabulary consisted of not only
words but also phrases. We then converted the
pronunciations described in a Thai-specific way
into International Phonetic Alphabet sequences.
For entries without pronunciations but with syl-
lable boundaries, we determined their pronuncia-
tions when all candidates for each boundary were
uniquely generated. For entries where the pro-
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Figure 3: Distribution of the number of candidates. On
average, the model has to select the correct pronuncia-
tion from about 20 candidates.

nunciations were unable to be determined, two
workers fluent in Thai described the correct pro-
nunciations. The average length of each data was
7.42 in characters, 2.47 in syllables, and 12.48 in
phoneme symbols.

First, we examined the number of candidates
generated and the coverage rate of the correct pro-
nunciations. Figure 3 shows the distribution of
the number of candidates. As seen in the figure,
the number is usually less than 10 and seldom
greater than 100. In fact, the minimum, mode,
median, mean, and maximum were 1, 2, 4, 19.6,
and 19,242 respectively. This means that the aver-
age stayed slightly less than 20, although the lat-
tice generated for longer input tends to have many
branches and can cause an exponential increase
in candidates. For the coverage rate, 17,720 of
18,066 correct pronunciations were included in the
sets of candidates and 346 were not.

Next, we evaluated our method compared with
three G2P baseline models available from SIG-
MORPHON (2020), namely, a pair ngram model
(fst) and two encoder-decoder sequence models
(encoder-decoder and transformer, hereinafter ab-

Models Accuracy
Difference
Ave Max

fst .670 ± .014 .619 12.3
enc-dec .932 ± .012 .313 78.9
xformer .911 ± .015 .360 42.5
ours .931 ± .006 .217 8.7

Table 2: Performance comparison with three G2P
baseline models for Thai. Difference is calculated
across all entries. Each result is the average of 10-fold
cross-validation on the test data, and thus maximum
difference may not be an integer.
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breviated to enc-dec and xformer). Table 2 shows
the results of 10-fold cross-validation on the test
data. For each fold in the experiments, we used
8/10 of entries for training, 1/10 for validation,
and 1/10 for testing. We also used accuracy and
the difference between correct and predicted pro-
nunciations counted by phoneme symbols as eval-
uation metrics. In other words, accuracy is the per-
centage of 0-difference entries.

As a result, 1.17× 106 parameters were trained.
Each training run was composed of about 40
epochs and each epoch took about 13 minutes on 1
GPU (Titan V, 11GB). The absence of decoders in
our model is a possible reason why the number of
parameters is small and the training time is short.

Table 2 shows that our method achieved high
accuracy, small average difference, and small
maximum difference, and the accuracy in particu-
lar is comparable to those of enc-dec and xformer.
In contrast, the low accuracy and large average dif-
ference of fst indicate that an ngram model was
not able to sufficiently learn the Thai phonologi-
cal nature, and large maximum differences of enc-
dec and xformer indicate the well-known problem
of neural network models returning good output
when they work, but sometimes making mistakes
when they do not.

การเลือกตั้งประธานาธิบดีฝรั่งเศส
(French presidential election)

fst /kaanĂ£ lWakĎ£ taNĎ£ praĂ£ thaaĂ£ naaĂ£

thi
Ă
£ bOOĂ£ diiĂ£ faĂ£ raNĎ£ seetĂ£/

enc-dec /kaanĂ£ lWakĎ£ taNĎ£ praĂ£ thaaĂ£ naaĂ£

thip
Ă
£ diiĂ£ faĂ£ raNĎ£ praĂ£ thaaĂ£ naaĂ£

thip
Ă
£ diiĂ£ faĂ£ raNĎ£ praĂ£ thaaĂ£ naaĂ£

thip
Ă
£ diiĂ£ faĂ£ raNĎ£ praĂ£ thaaĂ£/

xformer /kaanĂ£ lWakĎ£ taNĎ£ praĂ£ thaanĂ£

baaĂ£ diiĂ£/

ours /kaanĂ£ lWakĎ£ taNĎ£ praĂ£ thaaĂ£ naaĂ£

thi
Ă
£ baĂ£ diiĂ£ faĂ£ raNĎ£ seetĂ£/

correct /kaanĂ£ lWakĎ£ taNĎ£ praĂ£ thaaĂ£ naaĂ£

thip
Ă
£ diiĂ£ faĂ£ raNĎ£ seetĂ£/

Table 3: Examples of outputs with errors. The
encoder-decoder sequence models sometimes included
syllable repetitions and sometimes lacked syllables.
For comparison, fst and our method returned outputs
with fewer errors.

As shown in Table 3, further investigation re-
vealed that the outputs of the encoder-decoder se-

quence models sometimes included unnatural syl-
lable repetitions and sometimes lacked syllables in
the middle, which are undesirable for TTS systems
because they might give the impression that the
system is failing. In contrast, our method was able
to reduce such mistakes because all candidates fol-
lowed the orthography rules.

4.1 Additional Experiments

To confirm that the main process of our method
can be applied to other languages, we performed
additional experiments on the Japanese Hiragana
dataset available from SIGMORPHON (2021).
This dataset consisted of 10,000 entries and the
average length of each data was 4.21 in characters,
6.53 in syllables, and 16.43 in phoneme symbols.

As the result of some effort, we prepared
Japanese Hiragana orthography rules. The pre-
pared entries consisted of 85 characters, 405 sylla-
bles, and 45 phoneme symbols, and each syllable
was composed of up to 6 phoneme symbols.

Models Accuracy
Difference
Ave Max

fst .915 ± .002 .187 19.0
enc-dec .925 ± .006 .161 14.8
xformer .921 ± .006 .169 13.2
ours .945 ± .002 .103 14.0

Table 4: Performance comparison with three G2P
baseline models for Japanese Hiragana.

Table 4 shows performance comparison with
three G2P baseline models. As can be seen, our
method also achieved high accuracy and small av-
erage difference. However, the maximum differ-
ences of enc-dec and xformer are comparable to
that of our method. A possible reason why the
encoder-decoder sequence models worked well is
that the number of long inputs in this dataset was
smaller compared with Thai.

5 Conclusion and Future Work

In this study, we proposed a novel Thai G2P
method based on neural regression models. We
confirmed that the model trained using neural net-
works to predict the similarity was able to select
the correct pronunciations from candidates. The
accuracy was .931 and the difference between cor-
rect and predicted pronunciations was .217 on av-
erage and 8.7 at maximum.
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This means that the performance of our pro-
posed method was comparable to that of encoder-
decoder sequence models and superior in terms of
the difference between correct and predicted pro-
nunciations. In particular, error is within the ex-
pected range when using our proposed method.
Use of neural regression models not only for G2P
but also for summarization and generation opens
the possibility that neural network models could
reduce strange mistakes.

Our proposed method has the strength that it can
be applied to any language by preparing enough
orthography rules. However, it also has the weak-
ness of the number of candidates increasing expo-
nentially with input length, which can be a concern
for languages with many exceptional orthography
rules, such as English.

A method for reducing candidates might thus be
needed. There may be an efficient solution to find
the correct pronunciation using a given candidate
and the predicted similarity. However, these stud-
ies and experiments are left as future work.
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Abstract

Generating adversarial examples for Neu-
ral Machine Translation (NMT) with single
Round-Trip Translation (RTT) has achieved
promising results by releasing the meaning-
preserving restriction. However, a potential
pitfall for this approach is that we cannot de-
cide whether the generated examples are ad-
versarial to the target NMT model or the aux-
iliary backward one, as the reconstruction er-
ror through the RTT can be related to ei-
ther. To remedy this problem, we propose a
new criterion for NMT adversarial examples
based on the Doubly Round-Trip Translation
(DRTT). Specifically, apart from the source-
target-source RTT, we also consider the target-
source-target one, which is utilized to pick out
the authentic adversarial examples for the tar-
get NMT model. Additionally, to enhance the
robustness of the NMT model, we introduce
the masked language models to construct bilin-
gual adversarial pairs based on DRTT, which
are used to train the NMT model directly.
Extensive experiments on both the clean and
noisy test sets (including the artificial and natu-
ral noise) show that our approach substantially
improves the robustness of NMT models.

1 Introduction

In recent years, neural machine translation (NMT)
(Cho et al., 2014; Bahdanau et al., 2014; Vaswani
et al., 2017) has achieved rapid advancement in
the translation performance (Yang et al., 2020; Lu
et al., 2021). However, the NMT model is not al-
ways stable enough, as its performance can drop
significantly when small perturbations are added
into the input sentences (Belinkov and Bisk, 2017;
Cheng et al., 2020). Such perturbed inputs are often
referred to as adversarial examples in the literature,
and how to effectively generate and utilize adver-
sarial examples for NMT is still an open question.

∗Work was done when Siyu were interning at Pattern
Recognition Center, WeChat AI, Tencent Inc, China.

†Yufeng Chen is the corresponding author.

𝐱:神盾舰是一
艘巨大的战船

𝐱!:神盾舰是一
艘轻便的战船

𝐲′:Aegis is a huge warship
𝐲!
" : Aegis is a light warship

$𝐱:神盾舰是一
艘巨大的战船

$𝐱!:神盾舰是一
艘巨大的战船

source

target

source

S2
T T2S

BLEU(𝐱, $𝐱) — BLEU(𝐱!, $𝐱!) 

Figure 1: An example of the source-target-source RTT
process on a perturbed input xδ by replacing “巨大
(huge)” to “轻便 (light)”.

Conventional approaches (Ebrahimi et al., 2018;
Cheng et al., 2019) for generating NMT adversarial
examples always follow the meaning-preserving
assumption, i.e., an NMT adversarial example
should preserve the meaning of the source sentence
but destroy the translation performance drastically
(Michel et al., 2019; Niu et al., 2020). With the
meaning-preserving restriction, the researchers try
to add perturbations on the source inputs as small
as possible to ensure the meaning of the source
sentence is unchanged, which severely limits the
search space of the adversarial examples. Addi-
tionally, it is much problematic to craft a minor
perturbation on discrete text data, since some ran-
dom transformations (e.g., swap, deletion and re-
placement) may change, or even reverse seman-
tics of the text data, breaking the aforementioned
meaning-preserving assumption. To break this lim-
itation, Zhang et al. (2021) introduce a new crite-
rion for NMT adversarial examples: an effective
NMT adversarial example imposes minor shifting
on the source and degrades the translation dramati-
cally, would naturally lead to a semantic-destroyed
round-trip translation result. Take the case in Fig-
ure 1 as an example: xδ reverses the semantics
of input x by replacing “巨大 (huge)” to “轻便
(light)”. Since the semantics of x and xδ are com-
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pletely different, it is unreasonable to use the orig-
inal target sentence of x to evaluate the attacks
directly. Therefore, Zhang et al. (2021) propose to
evaluate the BLEU score between xδ and its recon-
structed sentence x̂δ from the source-target-source
round-trip translation (RTT), as well as the BLEU
score between the original sentence x and its re-
constructed sentence x̂. They take the decrease
between the two BLEU scores mentioned above
as the adversarial effect. Specifically, if the BLEU
decrease exceeds a predefined threshold, xδ is con-
cluded to be an adversarial example for the target
NMT model.

While achieving promising results by breaking
the meaning-preserving constraint, there are two
potential pitfalls in the work of Zhang et al. (2021):
(1) Since the source-target-source RTT involves
two stages, i.e., the source-to-target translation
(S2T) performed by the target NMT model and
target-to-source translation (T2S) performed by an
auxiliary backward NMT model, we cannot decide
whether the BLEU decrease is really caused by the
target NMT model. As we can see from the ex-
ample in Figure 1, the translation from xδ to y′δ is
pretty good, but the translation from y′δ to x̂δ is re-
ally poor. We can conclude that the BLEU decrease
is actually caused by the auxiliary backward model
and thus xδ is not the adversarial example for the
target NMT model. Even if Zhang et al. (2021) try
to mitigate this problem by fine-tuning the auxil-
iary backward model on the test sets, we find this
problem still remains. (2) They only generate the
monolingual adversarial examples on the source
side to attack the NMT model, without proposing
methods on how to defend these adversaries and
improve the robustness of the NMT model.

To address the issues mentioned above, we first
propose a new criterion for NMT adversarial ex-
amples based on Doubly Round-Trip Translation
(DRTT), which can ensure the examples that meet
our criterion are the authentic adversarial exam-
ples for the target NMT model. Specifically, apart
from the source-target-source RTT (Zhang et al.,
2021), we additionally consider a target-source-
target RTT on the target side. The main intuition is
that an effective adversarial example for the target
NMT model shall cause a large BLEU decrease on
the source-target-source RTT while maintaining a
small BLEU decrease on target-source-target RTT.
Based on this criterion, we craft the candidate ad-
versarial examples with the source-target-source

RTT as Zhang et al. (2021), and then pick out the
authentic adversaries with the target-source-target
RTT. Furthermore, to solve the second problem, we
introduce the masked language models (MLMs) to
construct the bilingual adversarial pairs by perform-
ing phrasal replacement on the generated monolin-
gual adversarial examples and the original target
sentences synchronously, which are then utilized to
train the NMT model directly. Experiments on both
clean and noisy test sets (including five types of
artificial and nature noise) show that the proposed
approach not only generates effective adversarial
examples, but also improves the robustness of the
NMT model over all kinds of noises. To conclude,
our main contributions are summarized as follows:

• We propose a new criterion for NMT adversarial
examples based on the doubly round-trip transla-
tion, which can pick out the authentic adversarial
examples for the target NMT model.

• We introduce the masked language models to
construct the bilingual adversarial pairs, which
are then utilized to improve the robustness of the
NMT model.

• Extensive experiments show that the proposed
approach not only improves the robustness of the
NMT model on both artificial and natural noise,
but also performs well on the clean test sets1.

2 Related Work

2.1 Adversarial Examples for NMT
The previous approaches for constructing NMT
adversarial examples can be divided into two
branches: white-box and black-box. The white-
box approaches are based on the assumption that
the architecture and parameters of the NMT model
are accessible (Ebrahimi et al., 2018; Cheng et al.,
2019; Chen et al., 2021). These methods usually
achieve superior performance since they can con-
struct and defend the adversaries tailored for the
model. However, in the real application scenario, it
is always impossible for us to access the inner archi-
tecture of the model. On the contrary, the black-box
approaches never access to inner architecture and
parameters of the model. In this line, Belinkov
and Bisk (2017) rely on synthetic and naturally
occurring language error to generate adversarial ex-
amples and Michel et al. (2019) propose a meaning-
preserving method by swapping the word internal

1The code is publicly available at: https://github.
com/lisasiyu/DRTT
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𝐱: 这种做法比较合理。

𝐱!:这种做法比较实事求是。

𝐲!
" : this approach is more practical.

#𝐱!:	这种做法是比较实际的。

S2
T

T2S

#𝐲!
" : this approach is more practical.

S2
T

Doubly Round-trip Translation

M-MLM replacement

d!"#(𝐱, 𝐱$) > 𝛽

d%&%(𝐲, 𝐲$
' ) < 𝛾

𝐲: this approach is reasonable.

𝐱#:这种做法比较实事求是。 𝐲!: this approach is derving truth from fact.

T-MLM replacement

Figure 2: The overview of the bilingual adversarial pair generation under the criterion of DRTT. (x,y) denote the
source and target sentence. (xδ,yδ) denote the generated bilingual adversarial pair.

character. Recently, Zhang et al. (2021) craft ad-
versarial examples beyond the meaning-preserving
restriction with the round-trip translation and our
work builds on top of it.

2.2 Masked Language Model
Masked Language Model (MLM) (Devlin et al.,
2018; Conneau and Lample, 2019) has achieved
state-of-the-art results on many monolingual and
cross-lingual language understanding tasks. MLM
randomly masks some of the tokens in the input,
and then predicts those masked tokens. Recently,
some work adopt MLM to do word replacement
as a data augmentation strategy. Jiao et al. (2019)
leverage an encoder-based MLM to predict word
replacements for single-piece words. Liu et al.
(2021) construct augmented sentence pairs by sam-
pling new source phrases and corresponding target
phrases with transformer-based MLMs. Following
Liu et al. (2021), we introduce the transformer-
based MLMs to construct the bilingual adversarial
pairs. The main difference between our work and
Liu et al. (2021) is that we choose to mask the ad-
versarial phrases or words at each step and Liu et al.
(2021) mask the words randomly.

3 Method

In this section, we first describe our proposed cri-
terion for NMT adversarial examples, and then
present the way of constructing the bilingual adver-
sarial pairs.

3.1 Adversarial Examples for NMT
For clarity, we first introduce the traditional crite-
ria for NMT adversarial examples, i.e., the criteria

based on the meaning-preserving (Michel et al.,
2019; Karpukhin et al., 2019) and RTT (Zhang
et al., 2021), and then elaborate our new criterion
based on DRTT. We will use the following nota-
tions: x and y denotes the source and target sen-
tence, respectively. xδ and yδ denote the perturbed
version of x and y, respectively. f(·) is the forward
translation process performed by the target NMT
model and g(·) is the backward translation process
performed by the auxiliary backward NMT model.
sim(·, ·) is a function for evaluating the similar-
ity of two sentences, and we use BLEU (Papineni
et al., 2002) as the similarity function.

Criterion based on meaning-preserving. Sup-
pose y′ = f(x) and y′δ = f(xδ) is the forward
translation of the input x and its perturbed version
xδ, respectively. xδ is an adversarial examples
when it meets:

{
sim(x,xδ) > η,
sim(y,y′)− sim(y,y′δ) > α,

(1)

where η is a threshold to ensure a high similar-
ity between xδ and x, so that they can meet the
meaning-preserving restriction. A larger α indi-
cates a more strict criterion of the NMT adversarial
example.

Criterion based on RTT. Zhang et al. (2021)
point out that the perturbation δ may change, even
reverse the meaning of x, so it is incorrect to use y
as a target sentence to measure the semantic alter-
ation on the target side. Therefore, they introduce
the criterion based on RTT which gets rid of the
meaning-preserving restriction. The percentage de-
crease of similarity between x and xδ through the
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source-target-source RTT is regarded as the adver-
sarial effect dsrc(x,xδ), is calculated as:

dsrc(x,xδ) =
sim(x, x̂)− sim(xδ, x̂δ)

sim(x, x̂)
, (2)

where x̂ and x̂δ are reconstructed sentences gener-
ated with source-target-source RTT: x̂ = g(f(x)),
x̂δ = g(f(xδ)). A large dsrc(x,xδ) indicates that
the perturbed sentence xδ can not be well recon-
structed by RTT when compared to the reconstruc-
tion quality of the original source sentence x, so
xδ is likely to be an adversarial example.

Criterion based on DRTT. In Eq.(2), sim(x, x̂)
is a constant value given the input x and the NMT
models. Therefore, the dsrc(x,xδ) is actually deter-
mined by −sim(xδ, x̂δ), which can be interpreted
as the reconstruction error between xδ and x̂δ. As
we mentioned above, the reconstruction error can
be caused by two independent translation processes:
the forward translation process f(·) performed by
the target NMT model and the backward translation
process g(·) performed by the auxiliary backward
model. Consequently, there may be three occa-
sions when we get a large dsrc(x,xδ): 1) A large
semantic alteration in f(xδ) and a small semantic
alteration in g(y′δ); 2) A large semantic alteration
in f(xδ) and a large alteration in g(y′δ); 3) A small
semantic alteration in f(xδ) and a large alteration
in g(y′δ). We can conclude xδ is an adversarial ex-
ample for the target NMT model in occasion 1 and
2, but not in occasion 3. Therefore, the criterion
based on RTT may contain many fake adversarial
examples.

To address this problem, we add a target-source-
target RTT starting from the target side. The per-
centage decrease of the similarity between y and
y′δ through the target-source-target RTT, denoted
as dtgt(y,y

′
δ), is calculated as:

dtgt(y,y
′
δ) =

sim(y, ŷ)− sim(y′δ, ŷ
′
δ)

sim(y, ŷ)
, (3)

where ŷ = f(g(y)) and ŷ′δ = f(g(y′δ)) are re-
constructed sentences generated with the target-
source-target RTT. We take both dsrc(x,xδ) and
dtgt(y,y

′
δ) into consideration and define xδ as an

adversarial examples when it meets:
{

dsrc(x,xδ) > β,
dtgt(y,y

′
δ) < γ,

(4)

where β and γ are thresholds ranging in [−∞, 1]

2. The interpretation of this criterion is intuitive:
if dtgt(y,y

′
δ) is lower than γ, we can conclude

that the reconstruction error between y′δ and ŷ′δ is
very low. Namely, we can ensure a small semantic
alteration of g(y′δ). Therefore, if dsrc(x,xδ) is
larger than β, we can conclude the BLEU decrease
through the source-target-source RTT is caused by
the target NMT model, so that we can conclude xδ
is an authentic adversarial example.

3.2 Bilingual Adversarial Pair Generation

Since the proposed criterion breaks the meaning-
preserving restriction, the adversarial examples
may be semantically distant from the original
source sentence. Thus, we cannot directly pair the
adversarial examples with the original target sen-
tences. In this section, we propose our approach
for generating bilingual adversarial pairs, which
performs the following three steps: 1) Training
Masked Language Models: using monolingual and
parallel data to train masked language models; 2)
Phrasal Alignment: obtaining alignment between
the source and target phrases; 3) Phrasal Replace-
ment: generating bilingual adversarial pairs by per-
forming phrasal replacement on the source and
target sentences synchronously with the trained
masked language models. The whole procedure is
illustrated in Figure 2.

Training Masked Language Models. We train
two kinds of masked language models, namely
monolingual masked language model (M-MLM)
(Devlin et al., 2018) and translation masked lan-
guage model (T-MLM) (Conneau and Lample,
2019), for phrasal replacement on the source and
target sentence, respectively. The M-MLM intro-
duces a special [MASK] token which randomly
masks some of the tokens from the input in a cer-
tain probability, and predict the original masked
words. Following Liu et al. (2021), we train the M-
MLM on monolingual datasets and use an encoder-
decoder Transformer model (Vaswani et al., 2017)
to tackle the undetermined number of tokens dur-
ing generation. The T-MLM takes the identical
model structure and similar training process as the
M-MLM. The main difference is T-MLM relies on
the parallel corpus. T-MLM concatenates parallel
sentences by a special token [SEP] and only masks
words on the target side. The objective is to predict
the original masked words on the target side.

2It is possible that the reconstruction quality of the per-
turbed sentence is higher than the original one.
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Phrasal Alignment. Phrasal alignment projects
each phrase in the source sentence x to its align-
ment phrase in the target sentence y. We first gener-
ate the alignment between x and y using FastAlign
(Dyer et al., 2013). Then we extract the phrase-
to-phrase alignment by the phrase extraction algo-
rithm of NLTK3, and get a mapping function p.

Phrasal Replacement. Given the source sen-
tence x = {s1, s2, . . . , sn} and the target sentence
y = {t1, t2, . . . , tm}, si is the i-th phrase in x, tp(i)
is the p(i)-th phrase in y which is aligned to si by
the mapping function p. We construct the candidate
bilingual adversarial pairs (xδ,yδ) by performing
the phrasal replacement on (x,y) repeatedly until
c percentage phrases in x have been replaced. For
each step, we select the phrase that yields the most
significant reconstruction quality degradation.

Here, we take the replacing process for si and
tp(i) as an example. Considering the not attacked
yet phrase si in x, we first build a candidate set
Ri = {r1i , r2i , . . . , rki } for si with the prepared
M-MLM. Specifically, we extract the k candidate
phrases with top k highest predicted probabilities
by feeding x\i into M-MLM, where x\i is the
masked version of x by masking si. We select
the best candidate r∗i for si as:

r∗i = arg max
j∈{1,··· ,k}

dsrc(x,x
\i:j), (5)

where x\i:j is the noised version by replacing si
with rji . With si being replaced, we need to replace
tp(i) to ensure they are still semantically aligned.
To this end, we feed the concatenation of x\i:∗ and
y\p(i) into T-MLM, and choose the output phrase
with the highest predicted probability as the substi-
tute phrase for tp(i).

Finally, to decide whether (xδ,yδ) is an authen-
tic bilingual adversarial pair for the target NMT
model, we perform a target-source-target RTT start-
ing from the target side and calculate dtgt(y,y

′
δ)

between y′δ and its reconstruction sentence ŷ′δ ac-
cording to Eq.(4). We take (xδ,yδ) as an authentic
bilingual adversarial pair if dsrc(x,xδ) is greater
than β and dtgt(y,y

′
δ) is less than γ. We formalize

these steps in Algorithm 1 in Appendix A.
After generating adversarial data through the

above steps, we combine it with original training
data and use them to train the NMT model directly.

3https://github.com/nltk/nltk/blob/
develop/nltk/translate/phrase_based.py

4 Experimental Settings

We evaluate our model under artificial noise in
Zh→En and En→De translation tasks, and under
natural noise in En→Fr translation task. The details
of the experiments are elaborated in this section.

4.1 Dataset

For the Zh→En task, we use the LDC corpus with
1.25M sentence pairs for training4, NIST06 for val-
idation, and NIST 02, 03, 04, 05, 08 for testing.
For the En→De task, we use the publicly available
dataset WMT’17 En-De (5.85M) for training, and
take the newstest16 and newstest17 for validation
and testing, respectively. In En→Fr task, we follow
Liu et al. (2021) to combine the WMT’19 En→Fr
(36k) robustness dataset with Europarl-v7 (2M) En-
Fr pairs for training. We take the development set
of the MTNT (Michel and Neubig, 2018) for val-
idation and the released test set of the WMT’19
robustness task for testing. As for MLMs, we use
the Chinese sentences of the parallel corpus to train
the Chinese M-MLM, and use the whole parallel
corpus to train Zh-En T-MLM. We train the English
M-MLM with News Commentary and News Crawl
2010 (7.26M in total) monolingual corpus follow-
ing Liu et al. (2021). T-MLM for En-De and En-Fr
are trained with their original parallel corpus.

4.2 Model Configuration and Pre-processing

The MLMs and NMT models in this paper take
Transformer-base (Vaswani et al., 2017) as the
backbone architecture. We implement all models
base on the open-source toolkit Fairseq (Ott et al.,
2019). As for hyper-parameters, β is set to 0.01 and
γ is set to 0.5 for Zh→En. For En→De and En→Fr,
β and γ are set to 0.5. The replacement ratio c is set
to 0.2 following Liu et al. (2021), and the candidate
number k is set to 1. The details of model configu-
ration and the number of the generated adversarial
examples are shown in the Appendix B. Following
previous work, the Zh→En performance is evalu-
ated with the BLEU (Papineni et al., 2002) score
calculated by multi-bleu.perl script. For En→De
and En→Fr, we use SacreBLEU (Post, 2018) for
evaluation5.

4It is extracted from LDC data, including LDC 2002E18,
2003E07, 2003E14, 2004T08 and 2005T06.

5nrefs:1 | case:mixed | eff:no | tok:intl | smooth:exp | ver-
sion:2.0.0
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Noise Model Zh→En En→De

0.1 0.2 0.3 AVG 0.1 0.2 0.3 AVG

Deletion

baseline 32.98 26.59 20.54 26.70 19.82 13.71 9.33 14.29
+CharSwap 32.94 26.92 20.46 26.77 19.92 13.64 9.30 14.29
+TCWR 34.47 27.76 21.38 27.87 19.61 13.77 9.08 14.15
+RTT 33.84 27.43 20.74 27.33 19.61 13.48 9.27 14.12
+DRTT(ours) 35.10∗∗ 28.12∗ 22.07∗∗ 28.43 19.83 14.22 9.48 14.51

Swap

baseline 36.14 32.88 30.21 33.08 21.47 16.97 13.21 17.22
+CharSwap 36.71 33.38 30.58 33.55 20.49 16.31 11.93 16.24
+TCWR 37.67 34.15 31.47 34.43 20.52 16.31 12.80 16.54
+RTT 37.14 34.34 31.42 34.30 20.23 15.47 11.52 15.74
+DRTT(ours) 37.90∗ 34.65 31.92∗ 34.82 21.51∗∗ 17.36∗∗ 12.91∗∗ 17.26

Insertion

baseline 39.96 39.10 38.41 39.16 26.86 26.54 25.48 25.96
+CharSwap 40.26 39.66 39.03 39.65 26.69 25.79 25.23 25.90
+TCWR 41.32 40.07 39.60 40.33 26.27 25.55 24.33 25.38
+RTT 41.75 40.82 39.90 40.82 26.18 25.06 23.68 24.97
+DRTT(ours) 41.98 40.90 40.34∗ 41.07 27.32∗∗ 26.40∗∗ 25.71∗∗ 26.48

Rep src

baseline 35.25 29.69 24.64 29.86 21.65 17.40 14.45 17.83
+CharSwap 35.01 30.25 25.27 30.18 21.56 17.67 14.60 17.94
+TCWR 35.73 30.48 25.65 30.62 21.57 17.71 14.95 18.08
+RTT 35.63 30.17 25.86 30.55 21.06 17.01 14.36 17.48
+DRTT(ours) 35.81 30.18 25.70 30.56 21.51∗ 17.22 14.33 17.69

Rep both

baseline 22.33 18.77 15.98 19.03 25.52 22.68 20.07 22.76
+CharSwap 21.99 18.08 15.77 18.61 25.18 22.39 19.98 22.52
+TCWR 22.98 19.69 17.14 19.94 25.44 22.64 20.43 22.84
+RTT 22.92 19.56 16.76 19.75 25.30 22.76 20.66 22.91
+DRTT(ours) 23.37∗∗ 20.23∗∗ 17.37∗∗ 20.32 26.19∗ 23.31∗∗ 20.98 23.49

Table 1: The BLEU scores (%) for forward-translation on noisy test sets with noise ratio 0.1, 0.2 and 0.3, and ‘AVG’
denotes the average BLEU (%) on all noise ratios. We re-implement all baselines to eliminate the discrepancy
caused by MLMs and the auxiliary backward model. ‘∗/∗∗’: significantly (Koehn, 2004) better than the RTT with
p < 0.05 and p < 0.01, respectively.

4.3 Comparison Methods

To test the effectiveness of our model, we take
both meaning-preserving and meaning-changeable
systems as comparison methods:

Baseline: The vanilla Transformer model for
NMT (Vaswani et al., 2017). In our work, we
use the baseline model to perform the forward and
backward translation in the round-trip translation.

CharSwap: Michel et al. (2019) craft a minor
perturbation on word by swapping the internal char-
acter. They claim that character swaps have been
shown to not affect human readers greatly, hence
making them likely to be meaning-preserving.

TCWR: Liu et al. (2021) propose the approach
of translation-counterfactual word replacement
which creates augmented parallel translation cor-
pora by random sampling new source and target
phrases from the masked language models.

RTT: Zhang et al. (2021) propose to generate ad-
versarial examples with the single round-trip trans-
lation. However, they do not provide any approach
for generating the bilingual adversarial pairs. To

make a fair comparison, we generate the bilingual
adversarial pairs from their adversarial examples
in the same way as ours.

5 Results and Analysis

5.1 Main Results
Artificial Noise. To test robustness on noisy in-
puts, we follow Cheng et al. (2018) to construct five
types of synthetic perturbations with different noise
ratios on the standard test set6: 1) Deletion: some
words in the source sentence are randomly deleted;
2) Swap: some words in the source sentence are
randomly swapped with their right neighbors; 3)
Insertion: some words in the source sentence are
randomly repeated; 4) Rep src: short for ‘replace-
ment on src’. Some words in the source sentence
are replaced with their relevant word according to
the similarity of word embeddings7; 5) Rep both:
short for ‘replacement on both’. Some words in the

6For each test set, we report three results with noise ratio
as 0.1, 0.2 and 0.3, respectively. Noise ratio 0.1 means 10
percent of the words in the source sentence are perturbed.

7https://github.com/Embedding/
Chinese-Word-Vectors
https://nlp.stanford.edu/projects/glove/

4261

https://github.com/Embedding/Chinese-Word-Vectors
https://github.com/Embedding/Chinese-Word-Vectors
https://nlp.stanford.edu/projects/glove/


Noise Model Zh→En En→De

0.1 0.2 0.3 AVG 0.1 0.2 0.3 AVG

Deletion

baseline 35.31 31.53 28.22 31.69 21.42 19.90 17.42 19.58
+CharSwap 34.94 31.12 28.14 31.40 22.70 20.57 18.88 20.72
+TCWR 35.02 31.74 28.45 31.74 22.45 20.48 18.66 20.53
+RTT 35.23 32.12 28.03 31.79 23.34 22.30 20.36 22.00
+DRTT(ours) 36.63∗ 32.96∗ 29.94∗∗ 33.18 24.06∗∗ 23.02∗∗ 21.18∗∗ 22.75

Swap

baseline 28.63 22.82 18.21 23.22 19.01 15.92 14.25 16.39
+CharSwap 29.55 24.46 20.97 24.99 19.80 16.51 14.54 16.95
+TCWR 31.01 26.03 22.25 26.43 19.56 16.65 14.95 17.05
+RTT 31.07 26.06 22.08 26.40 20.51 17.63 16.17 18.10
+DRTT(ours) 32.03∗ 26.95∗∗ 23.71∗∗ 27.56 21.40∗∗ 18.68∗∗ 17.53∗∗ 19.20

Insertion

baseline 30.13 23.57 17.95 23.88 19.57 16.24 13.12 16.31
+CharSwap 29.03 22.17 17.01 22.73 20.47 16.86 13.71 17.01
+TCWR 30.12 23.76 18.02 23.97 20.73 17.27 14.12 17.37
+RTT 29.72 22.75 17.87 23.45 20.79 16.81 13.80 17.13
+DRTT(ours) 31.84∗∗ 24.42∗∗ 19.43∗∗ 25.23 21.24∗∗ 17.53∗∗ 14.12∗ 17.63

Rep src

baseline 33.02 28.15 23.26 28.14 20.56 18.40 16.53 18.50
+CharSwap 31.71 26.97 21.92 26.87 21.56 18.81 17.11 19.16
+TCWR 32.83 28.11 23.38 28.11 21.43 19.22 17.10 19.25
+RTT 32.65 27.23 23.05 27.65 22.25 20.14 18.45 20.28
+DRTT(ours) 34.76∗∗ 29.04∗∗ 25.06∗∗ 29.62 22.74∗ 20.59∗ 18.87∗ 20.73

Rep both

baseline 38.25 36.17 35.48 36.63 23.62 23.23 22.13 22.99
+CharSwap 36.23 34.90 33.81 34.98 25.23 24.37 23.33 24.31
+TCWR 38.38 36.92 35.44 36.91 24.84 24.77 23.34 24.32
+RTT 39.13 36.92 35.23 37.09 25.51 24.77 24.12 24.80
+DRTT(ours) 40.07∗ 38.34∗∗ 37.22∗∗ 38.54 26.28∗∗ 25.26∗ 24.87∗∗ 25.47

Table 2: The RTT BLEU scores (%) for round-trip translation on noisy test sets. ‘∗/ ∗ ∗’: significantly better than
RTT with p < 0.05 and p < 0.01, respectively.

source sentence and their aligned target words are
replaced by masked language models 8.

Table 1 shows the BLEU scores of forward trans-
lation results on Zh→En and En→De noisy test
sets. For Zh→En, our approach achieves the best
performance on 4 out of 5 types of noisy test sets.
Compared to RTT, DRTT achieves the improve-
ment up to 1.1 BLEU points averagely on deletion.
For En→De, DRTT also performs best results on
all types of noise except Rep src. We suppose the
reason is Rep src sometimes reverses the semantics
of the original sentence as we claimed above.

Since the perturbations we introduced above may
change the semantics of the source sentence, it may
be problematic for us to calculate the BLEU score
against the original reference sentence in Table 1.
Therefore, following Zhang et al. (2021), we also
report the BLEU score between the source sentence
and its reconstructed version through the source-
target-source RTT, which is named as RTT BLEU.
The intuition behind it is that: a robust NMT
model translates noisy inputs well and thus has mi-
nor shifting on the round-trip translation, resulting
in a high BLEU between inputs and their round-

8Each sentence has four references on NIST test sets, we
only choose sb0 for replacement.

Method En→Fr BLEU∆

baseline 35.02
+CharSwap 35.59 +0.57
+TCWR 35.64 +0.62
+RTT 35.73 +0.71

+DRTT(ours) 36.36∗ +1.34

Table 3: The BLEU scores (%) on the WMT’19
En→Fr robustness task. ‘BLEU∆’ denotes the gain of
BLEU compared to baseline. ‘∗/∗∗’: significantly bet-
ter than RTT with p < 0.05 and p < 0.01, respectively.

trip translation results. Following Zhang et al.
(2021), we fine-tune the backward model (vanilla
Transformer model) with its test set to minimize
the impact of the T2S process. As shown in Ta-
ble 2, DRTT outperforms the meaning-preserving
method and other methods on all types of noise
on Zh→En and En→De tasks. Considering the
results of Table 1 and Table 2 together, DRTT sig-
nificantly improves the robustness of NMT models
under various artificial noises.

Natural Noise. In addition to the artificial noise,
we also test the performance of our model on
WMT’19 En→Fr robustness test set which contains

4262



Model Zh→En En→De

MT06 MT02 MT03 MT04 MT05 MT08 AVG newstest16 newstest17

baseline 44.59 44.38 43.65 45.37 44.42 35.80 42.72 29.11 27.94
+CharSwap 43.28 44.80 44.24 45.52 43.82 34.29 42.53 28.48 27.54
+TCWR 44.55 45.99 44.68 45.77 44.16 34.98 43.12 29.13 27.98
+RTT 44.62 45.13 44.01 46.00 44.96 35.18 43.06 29.06 27.42

+DRTT(ours) 44.76 45.01 45.16∗∗ 46.63∗∗ 44.78 35.82∗ 43.48 29.30 28.37∗∗

Table 4: The BLEU scores (%) on NIST Zh→En and WMT17 En→De. ‘∗/ ∗ ∗’: significantly better than RTT
with p < 0.05 and p < 0.01, respectively.

various noise in real-world text, e.g., exhibits typos,
grammar errors, code-switching, etc. As shown
in Table 3, DRTT yields improvements of 1.34
BLEU compared to the baseline, it proves that our
approach also performs well in real noise scenario.
Besides, DRTT achieves 0.63 BLEU improvement
over RTT by filtering out 10% of fake adversarial
examples (according to Table 6), which demon-
strates that filtering out fake adversarial examples
further improves the robustness of the model.

5.2 Effectiveness of Adversarial Examples

In this sub-section, we evaluate the effectiveness
of the generated adversarial examples on attacking
the victim NMT model (i.e., the target NMT model
without being trained on the generated adversarial
pairs). In our approach, γ in Eq.(4) is a hyper-
parameter to control the strictness of our criterion
on generating adversarial examples. Thus, we eval-
uate the effectiveness of adversarial examples by
studying the translation performance of the victim
NMT model on the set of adversarial pairs gener-
ated with different γ. That is to say, if a sample
is an adversary, it should destroy the translation
performance drastically, resulting in a low BLEU
score between the translation result and its paired
target sentence. The average BLEU scores of the
victim model on the different adversarial pair sets
(generated with γ from -10 to 1 on NIST 06) are
shown in Figure 3. Specifically, the average BLEU
on the adversarial sets generated with γ = −10 is
8.0. When we remove the restriction of γ, i.e., the
DRTT is degenerated into RTT, the average BLEU
for the constructed adversarial examples reaches
up to 11.2. This shows that the adversarial exam-
ples generated with lower γ (more strict restriction)
attack the model more successfully. Therefore,
we can select more effective adversarial examples
compared to Zhang et al. (2021) by lowering the
threshold γ to create a more strict criterion.

Adversarial Examples BLEU

𝜸 = 1
𝜸 = -1

𝜸 = -2
𝜸 = -3

𝜸 = -5
𝜸 = -10

Figure 3: Black spots represent the distribution of ad-
versarial samples. The darker color indicates more ef-
fective adversarial examples generated with lower γ.

5.3 Clean Test set

Adding a large amount of noisy parallel data to
clean training data may harm the NMT model per-
formance on the clean test sets seriously (Khayral-
lah and Koehn, 2018). In this sub-section, we
test the performance of the proposed model on
the clean test sets and the results are presented in
Table 4. The meaning-preserving method Char-
Swap has negative effect on clean test set while
DRTT achieves the best translation performance
on Zh→En and En→De clean test sets. It demon-
strates that our approach not only improves the
robustness of the NMT model, but also maintains
its good performance on clean test sets.

6 Case Study and Limitations

In Table 5, we present some cases from Zh-En ad-
versarial pairs generated by our approach. From the
case 1, we can see “拥护” in the source sentence
is replaced by its antonym “反对”, which reverse
the meaning of the original sentence, and DRTT
makes a corresponding change in the target sen-
tence by replacing “support” with “oppose”. In the
other case, DRTT replaces “良好” by its synonym
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x : 我们坚决拥护政府处理这一事件所采取的措施。
y : we resolutely support measures taken by our
government in handling this incident.
xδ : 我们坚决反对政府处理这一案件所采取的举措。
yδ : we resolutely oppose measures taken by our
government in handling this case.

x : 中美双方认为,当前世界经济形势是良好的。通货膨胀

继续保持低水平,大多数新兴市场经济体的经济增长强劲。

y : china and the united states agreed that the present
economic situation in the world is satisfactory, with
inflation kept at a low level and most of the new market
economies growing strong.
xδ : 俄美双方认为,当前世界贸易势头是不错的。通货膨胀

继续保持低速度,大多数新兴市场经济体的经济发展强劲。

yδ : russia and the united states agreed that the present
trade trend in the world is satisfactory, with inflation
kept at a low rate and most of the new market economies
developing strong.

Table 5: Case study for the proposed approach. The
words in red and blue color represents the augmented
words on the source and target side, respectively.

“不错”, thus, “satisfactory” in the target sentence
remains unchanged. From these cases, we find that
DRTT can reasonably substitute phrases in source
sequences based on the contexts and correctly mod-
ify the corresponding target phrases synchronously.

Although the proposed approach achieves
promising results, it still has limitations. A small
number of authentic adversarial examples may be
filtered out when the large dtgt(y,y

′
δ) is caused

by f(x̂δ), we will ameliorate this problem in the
further.

7 Conclusion and Future Work

We propose a new criterion for NMT adversarial
examples based on Doubly Round-Trip Transla-
tion, which can ensure the examples that meet our
criterion are the authentic adversarial examples.
Additionally, based on this criterion, we introduce
the masked language models to generate bilingual
adversarial pairs, which can be used to improve the
robustness of the NMT model substantially. Exten-
sive experiments on both the clean and noisy test
sets show that our approach not only improves the
robustness of the NMT model but also performs
well on the clean test sets. In future work, we will
refine the limitations of this work and then explore
to improve the robustness of forward and backward
models simultaneously. We hope our work will
provide a new perspective for future researches on
adversarial examples.
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A Bilingual Adversarial Pair Generation

Algorithm 1: Bilingual Adversarial Pair
Generation
Input: A sequence pair (x, y), a sampling

probability c, an alignment mapping
p, candidate words k, masked
language models M-MLM and
T-MLM, thresholds β and γ.

Output: A bilingual adversarial pair
(xδ, yδ)

1 Function BilAdvGen(x, y):
2 while n ≤ len(x) ∗ c do
3 rji ←M-MLM (x\i);
4 x\i:j ← Replace(x, rji )

5 r∗i ← arg max dsrc(x, x
\i:j) (2);

6 x\i:∗ ← Replace(x, r∗i )
7 Get aligned index p(i);
8 wp(i) ← T-MLM (x\i:∗, y\p(i));
9 yδ ← Replace(y, wp(i))

10 n← n+ 1

11 end
12 if dsrc(x, xδ) > β and dtgt(y, y

′
δ) < γ then

13 return xδ, yδ
14 end

B Implementation Details

As for Zh→En, we apply the separate byte-pair
encoding (BPE) (Sennrich et al., 2016) encoding
with 30K merge operations for Zh and En, respec-
tively, the peak learning rate of 5e-4, and the train-
ing step is 100K. For En→De and En→Fr, we
apply the joint BPE with 32K merge operations,
the learning rate of 7e-4 and the training step is
200K. The dropout ratio is 0.1. We use Adam op-
timizer (Kingma and Ba, 2014) with 4k warm-up
steps. All models are trained on 8 NVIDIA Tesla
V100 (32GB) GPUs.

Method Zh→En En→De En→Fr

original 1252977 5859951 2037962
-CharSwap 1252977 5859951 2037962
-TCWR 1252977 5859951 2037962
-RTT 1236485 2670044 1639661
-DRTT(ours) 956308 2336285 1466756

Table 6: The statistics of the number of adversarial
examples generated by different methods.
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Abstract
We propose a new task for assessing machines’
ability to understand fictional characters in
narrative stories. The task, TVSHOWGUESS,
builds on the scripts of TV series and takes the
form of guessing the anonymous main charac-
ters based on the backgrounds of the scenes
and dialogues. Our human study supports that
this form of task covers comprehension of mul-
tiple types of character persona, including un-
derstanding characters’ personalities, facts and
memories of personal experience, which are
well aligned with the psychological and liter-
ary theories about the theory of mind (ToM) of
human beings on understanding fictional char-
acters during reading. We further propose new
model architectures to support the contextu-
alized encoding of long scene texts. Experi-
ments show that our proposed approaches sig-
nificantly outperform baselines, yet still largely
lag behind the (nearly perfect) human perfor-
mance. Our work serves as a first step toward
the goal of narrative character comprehension.1

1 Introduction

Stories have two essential elements, plots and
characters (McKee, 1997). Character comprehen-
sion has been widely recognized as key to un-
derstanding stories in psychological, literary and
educational research (Bower and Morrow, 1990;
Kennedy et al., 2013; Currie, 2009; Paris and Paris,
2003). When reading stories, humans build men-
tal models for characters based on their personae,
which helps people to explain a character’s emo-
tional status (Gernsbacher et al., 1998), identity, un-
derstand future behaviors (Mead, 1990), and even
make counterfactual inferences for stories about
that character (Fiske et al., 1979).

The ultimate goal of creating a character com-
prehension system is to equip a machine with prac-

∗Authors contributed equally to this paper. Mo Yu is the
corresponding author.

1Our code and data are released at https://github.
com/YisiSang/TVSHOWGUESS.

Figure 1: A scene example from TVSHOWGUESS. The
character Amy can be determined within the scene or with the
fact of her relationship; while guessing Sheldon would require
memory of the character from previous episodes.

tical capabilities that emulate what humans can
accomplish. For example, understanding personae
can facilitate story memorization and generation of
new statements consistent with the story (Riedl and
Young, 2010). Such capabilities could be valuable
in the construction of dialog engines that help peo-
ple address practical problems such as those expe-
rienced in customer service encounters (Mairesse
and Walker, 2007; Zhang et al., 2018; Urbanek
et al., 2019). More importantly, understanding the
persona of a particular person can help chatbots to
understand the intention behind a human user’s lan-
guage (Bender and Koller, 2020), which can lead
to better services and ultimately give systems the
ability to demonstrate behaviors that users interpret
as empathetic. For instance, Amy’s last sentence
in Figure 1 is a joking braggadocio to remind her
boyfriend to value her more. Only when Sheldon
understood the facts of their relationship as a cou-
ple and Amy’s temporary show-off mentality could
he see her true intentions.2

Despite the importance of this capability, there

2But he cannot .
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has been limited attention to modeling characters
in stories in the natural language processing (NLP)
community.3 Most existing character-centric pre-
diction tasks have the input sources in expository
text such as synopsis (summaries) of stories (Brah-
man et al., 2021) or non-narrative dialogues (Zhang
et al., 2018; Urbanek et al., 2019; Li et al., 2020).
A few exceptions work on stories, but focus on
limited aspects of personae, such as facts for coref-
erence resolution (Chen and Choi, 2016), personal-
ity (Bamman et al., 2013; Flekova and Gurevych,
2015) and character relationships (Iyyer et al.,
2016), with only a few Chen and Choi (2016);
Flekova and Gurevych (2015) providing evalua-
tion benchmarks. Besides the limited persona as-
pect coverage, these models also lack the ability to
take into account a theory of mind (ToM) which is
the knowledge of epistemic mental states that hu-
mans use to describe, predict, and explain behavior
(Baron-Cohen, 1997).

In this work, we propose the first task on charac-
ter comprehension in stories to assess the ability of
mental model construction in NLP. A character’s
words are her direct reflection of the contexts, con-
ditioned on her character model (Holtgraves, 2010).
Our task, TVSHOWGUESS (TVSG), aims to guess
anonymous speakers using dialogues, scene de-
scriptions and historical scenes, which requires
models to interpret the behavior of characters in the
form of dialogues, which meets the requirements
for the evaluation of ToMs.

Through experiments and human studies we
found the following results. First, human perfor-
mance was nearly perfect, while the model per-
formed poorly. Second, although our TVSG has
a simple task setup, it has a surprisingly wide cov-
erage of persona understanding skills including
the linguistic styles, personality types, factoids,
personal relations, and the memories of charac-
ters’ previous experience. Third, most of the cases
(>60%) require identification and understanding
of characters’ historical experiences to resolve.
Among them, many rely on facts of characters that
are not explicitly described in texts but need to
be inferred from event history. The wide persona
coverage and heavy dependency on history present
challenges to existing NLP techniques. These chal-
lenges lead to more than 20% accuracy gap be-
tween our baselines and humans.

3In contrast, plot comprehension is a popular NLP topic,
especially on event structures (Finlayson, 2012; Elsner, 2012;
Sims et al., 2019; Lal et al., 2021; Han et al., 2021).

Specifically, we make the following contribu-
tions. (1) We propose the research direction of
character comprehension in stories; with an ex-
tended survey (Section 2 and Appendix A) dis-
cussing the differences and challenges compared
to related work. (2) We propose the first task and
dataset for multi-aspect persona (especially ToM)
understanding in stories (Section 3). (3) We pro-
pose a new schema to analyze the required evidence
for character understanding; and conduct human
studies to analyze the required skills of our task
(Section 4 and Appendix C). (4) We propose new
model architectures as the initial step of this direc-
tion; and conduct comprehensive experiments to
provide insights to future work (Section 5 and 6).

2 Related Work

We discuss and compare the following related ar-
eas: the assessment benchmarks for general narra-
tive comprehension skills and the tasks specifically
designed for character-centered predictions over
narratives and non-narratives. Table 1 gives a sum-
mary of these narrative comprehension tasks, asso-
ciated with their required comprehension skills. We
also reviewed studies on character-centered tasks
over non-narrative texts like synopses and chit-chat
(i.e., not story-related) conversations. Appendix A
discusses detailed rationales of their required skills.

Assessment of Narrative Comprehension There
are many forms of reading comprehension tasks
such as cloze tests (Bajgar et al., 2016; Ma et al.,
2018), question answering (Richardson et al., 2013;
Kočiskỳ et al., 2018; Yang and Choi, 2019; Lal
et al., 2021; Xu et al., 2022), and text summariza-
tion (Ladhak et al., 2020; Kryściński et al., 2021;
Chen et al., 2021). Most of these tasks are built
on very short stories or can be solved in segments
of a story, thus presenting limited challenges to
understanding the elements, especially the char-
acters, of the story. The exceptions are Narra-
tiveQA (Kočiskỳ et al., 2018) and the three summa-
rization tasks, which are mainly event-centric tasks
focusing on understanding the plot structures in sto-
ries. The NarrativeQA consists of a small portion of
character-related questions according to the human
study in (Mou et al., 2021), but mainly about sim-
ple facts of characters like age, place of birth and
profession. Finally, text games (Hausknecht et al.,
2019) have been proposed as a reinforcement learn-
ing task that requires understanding of narrative
fiction stories. Studies have been conducted (Guo
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Dataset Task Format Narrative Type Assessed Narrative Comprehension Skills
Source Length Plot Structures Character Facts Character ToMs

MCTest Multi-choice QA Short fiction (Children stories) ∼20∗ ✓
BookTest Cloze test Literature (Excerpt) – ✓
(Ma et al., 2018) Cloze test TV show transcripts (Scenes) ∼20 ✓
NarrativeQA Generative QA Movie Scripts, Literature (Full stories) ∼11K∗ ✓ ✓
FriendsQA Extractive QA TV show transcripts (Scenes) ∼20∗ ✓ ✓
NovelChapters/BookSum Summarization Literature (Chapters or Full stories) ∼4K ✓
SummScreen Summarization TV show transcripts (Scenes) ∼330 ✓
(Chen and Choi, 2016) /

(Chen et al., 2017b) Coref Resolution TV show transcripts (Episodes or scenes) ∼20/260† ✓ ✓
(Flekova and Gurevych, 2015) Classification Literature (Full stories) ∼22K ✓

TVSHOWGUESS Multi-choice TV show transcripts (Full stories) ∼50K ✓‡ ✓ ✓

Table 1: Properties of existing narrative comprehension datasets compared to TVSHOWGUESS. * Numbers are not reported in
the original paper so we calculated them from the dataset. †(Chen et al., 2017b) proposes two settings: single scene and the
whole episode. ‡Our task requires reasoning based on history scenes, which is a form of plot understanding.

et al., 2020; Yao et al., 2021) to investigate the roles
reading comprehension plays in these games.

Character-Centric Prediction over Narratives
The task of coreference resolution of story char-
acters (Chen and Choi, 2016; Chen et al., 2017a)
is most closely related to our TVSHOWGUESS.
These tasks focus on identifying the characters
mentioned in multiparty conversations, which
mainly requires the understanding of discourse re-
lations and assessment of personal facts. How-
ever, coreference does not assess the modeling of
the character’s theory-of-mind, especially the char-
acter’s memories, as there are no predictions of
character behaviors involved. The prediction of fic-
tional characters’ personality types by reading the
original stories (Flekova and Gurevych, 2015) is
another character-centric task related to the present
work. The work covers only the character’s person-
ality such as the big five and the MBTI types, also
a perspective of the persona our work considers.

Character-Centric Prediction over Non-
Narratives Many tasks use the story summary
instead of the original story. The textual entailment
task LiSCU (Brahman et al., 2021) links an
anonymous character summary to the name in the
story summary. Using summaries precludes ToM
modeling, as discussed in Appendix A.1. Personal-
ized dialogue generation benchmarks (Mairesse
and Walker, 2007; Walker et al., 2012; Zhang et al.,
2018; Urbanek et al., 2019; Li et al., 2020) are
based on daily chit-chats. They usually cover a
single facet of multi-dimensional personae (Moore
et al., 2017), e.g., personal facts (Zhang et al., 2018)
or personality types (Mairesse and Walker, 2007;
Li et al., 2020). The LIGHT environment (Urbanek
et al., 2019) covers both facts and personalities.
None of them covers a comprehensive persona like
ours, especially how a character’s past experience
builds her ToM.

Authorship attribution has a parallel goal to ours,
insofar as it aims at guessing author identities from
the texts they wrote (Ni et al., 2019; Andrews and
Bishop, 2019; Bevendorff et al., 2020). These tasks
differ from ours in two respects: first, multiple
prose examples generated by the same author do
not usually form consecutive plot lines, and second,
they rarely model the event history of depicted char-
acters. On this basis, they mainly require under-
standing authors’ writing styles rather than building
mental models of facts, events, and experiences.

3 Our TVSHOWGUESS Benchmark

3.1 Task Definition
TVSG adopts a multi-choice setting. The goal
is to guess the anonymous speakers who are the
main characters (maximum number of 6 for each
show) in the scene. The models are provided
with an anonymous scene that consists of n lines
S̃(t) = {s̃(t)1 , s̃

(t)
2 , ..., s̃

(t)
n } (t stands for the t-th

scene in the entire show). Each line s̃i can ei-
ther be a dialogue turn or a background descrip-
tion. When the line is a dialogue turn, it is asso-
ciated with an anonymous speaker ID (with the
form of Px, 1 ≤ x ≤ 6) of a main character, or
the real name of a supporting character. Similarly,
we introduce the notation of the standard scene
S(t) = {s(t)1 , s

(t)
2 , ..., s

(t)
n }, which has the same def-

inition as the anonymous scenes, with the only
difference that the dialogue turns always have their
real names of speakers associated.

The anonymous scene S̃(t) is associated with a
candidate set C(t) = c

(t)
1 , ..., c

(t)
k , k ≤ 6, where

each character c(t)j is a main character who appears
in S. The goal is thus predicting each Px’s actual
role c(t)j , i.e., a match π(·) from the anonymous
IDs to the real characters, conditioned on the scene
S̃(t) and all previous scenes S(1:t−1):

P (Px = c
(t)
j |S̃(t), S(1:t−1)). (1)
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3.2 Dataset Collection

We use community contributed transcripts from
The TV MegaSite (TMS)4 like (Chen et al., 2021).
Our scenes are from the scripts of five popular TV
series: Friends, The Big Bang Theory (TBBT), The
Office, Frasier and Gilmore Girls.

Data Cleaning Our data consists of character dia-
logues and background descriptions. The dialogues
start with the characters’ names. One or more
turns of dialogue between characters comprise a
scene. Scenes are separated by short background
cus that begin with markers such as location (e.g.
“Howard’s car”, “Kingman Police Station”), spe-
cial words (e.g., “Scene”, “Cut”), or symbols (e.g.
“[ ]”). We created a rule-based parser which splits
the content of an episode into multiple independent
scenes using scene separation markers.

Character Recognition and Anonymization We
used the main characters’ names to identify their
dialogues within each scene and randomly labeled
them with speaker IDs (e.g., P0, P1). Since the dif-
ferent names of the characters, such as nicknames,
first names, and last names, mark the dialogue in a
mixed way, in order to match the lines to the cor-
rect speaker, we first identified the main characters
in each TV series by consulting Fandom’s cast list.
Then, we calculated the frequency of speech to find
references to the same main character’s name.

4 Analysis of Our Benchmark

We propose a comprehensive schema of persona
types for the machine narrative comprehension.
The schema facilitates the analysis of the chal-
lenges in our task; and provides insights into the de-
ficiencies in current narrative comprehension mod-
els, by allowing a decomposition of model perfor-
mance to the dimensions of categories (Section 6).

4.1 Our Annotation Schema for Human Study

Two researchers with backgrounds in psychology,
linguistics, NLP, and education developed and
tested an inductive coding method based on the
methods of grounded theory (Glaser and Strauss,
2017). They conducted three rounds of indepen-
dent annotation and discussion of the evidence
needed to identify the characters, using 10 ran-
domly selected scenes for each round. After each
discussion, they updated the codebook accordingly.

4http://tvmegasite.net.

Modifications to the codebook led to the achieve-
ment of saturation during the process. Then the two
researchers coded a total of 318 characters from
105 scenes of Friends and The Big Bang Theory.
The annotation interface appears in Appendix B.

This schema categorizes the required evidence
to resolve the task into four persona data types:
linguistic style, personality, fact, memory. Table 4
reports inter-rater reliability calculated by Cohen’s
Kappa (Cohen, 1960). The kappa values range
from 0.76 to 0.87 and would all be considered sat-
isfactory (Viera et al., 2005), reflecting the success
of our codebook and process.

We have one additional type, inside-scene, refer-
ring to tasks that can be resolved purely within local
contexts, thus not requiring persona understanding.
To better depict how these pieces of evidence are
used in human rationales, we added two comple-
mentary categories: (1) how the task instance re-
lies on the history scenes, and (2) when there are
multiple pieces of evidence required, what types
of reasoning skills are used to derive the answer
from the evidence (see Section C). Table 6 shows
the definitions of each evidence type. We provide
examples of each evidence type in Section B.2.

4.1.1 Major Evidence Types

Linguistic Style Personalized language patterns
that reflect individual differences in self-expression
and are consistently reliable over time and situa-
tions (Pennebaker and King, 1999).

Personality Stable individual characteristics (Vin-
ciarelli and Mohammadi, 2014) that can distinguish
“internal properties of the person from overt behav-
iors” (Matthews et al., 2003).

Memory A character’s episodic memory of events
from previous episodes and the semantic memory5

inferred from events. Note here we want to model
the memory of a particular character, i.e., the histor-
ical scenes experienced by the particular character
instead of from the audiences’ perspective. A char-
acter’s memory is crucial for humans to build her
ToM, but is largely ignored as a part of persona in
previous research.

Fact The truth about characters as opposed to
interpretation, which can usually be represented as
knowledge triples.

5Semantic memory is the characters’ general world
knowledge that they accumulate over time (Reisberg, 2013).
Episodic memory, on the other hand, is the characters’ mem-
ory of specific experiences in their lives (Tulving, 2002)
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Show train dev test #tokens per utterance #tokens per scene #tokens per character

avg max avg max avg max

Friends 2,418 210 211 21 350 862 6,817 190,932 516,191
TBBT 1,791 130 130 19 364 414 6,051 167,027 183,748
Frasier 1,368 140 141 16 363 812 14,276 165,483 475,372
Gilmore_Girls 1,495 141 142 19 336 360 4,572 105,723 214,779
The_Office 3,699 198 199 19 338 123 1,660 58,676 132,992

total 10,771 819 823 18 364 371 14,276 137,568 516,191

Table 2: Statistics of our TVSHOWGUESS. The numbers in the first 3 columns refer to the total numbers of scenes.

• Attribute All explicitly provided factual charac-
ter identity information in the TV series setting,
such as race, occupation, and education level.

• Relationship Relationship includes social rela-
tionships (e.g., husband and wife) and dramatic
relationships (e.g., arch-enemy). When talking
to people with different relationships, characters
change their identity masks by using different
words (Gergen, 1972).

• Status The emotional or psychological status of
a character when facing a specific situation.

Inside-Scene The textual evidence inside the
scene, independent from the character’s persona.

• Background Background introduction and de-
scriptions in other character dialogues.

• Mention The character’s name or alias is called
out by other characters. Although mention is
persona-independent, it still presents challenging
cases. In a multi-person multi-round dialog, be-
cause anaphora in the current sentence may not
bound to an antecedent on the right frontier of
the structure, common sense analysis of conver-
sational coherence is needed to determine which
speaker is being referred to.

Exclusion A guessing technique for elimination
using a given list of characters which is neither evi-
dence nor inference, but it depends on the character
list provided within the scene, so we include it as a
subcategory of inside-scene evidence.

4.1.2 Dependence on History
To understand how much humans rely on mem-
ory to identify a character, the annotators coded
whether the evidence necessary to solve the task
depends directly on historical events or indirectly
on history by abstracting from historical events.

Direct Dependency Characters that can only be

identified through events that are explicitly ex-
pressed in previous episodes,6 for example:

Background: (from TBBT) [The stairwell]
Candidates: {Leonard, Penny}
P0: There’s something I wanted to run past you.
P1: What’s up?
P0: Mm, the guys and I were thinking about invest-
ing in Stuart’s comic book store. Is that okay?
P1: Why are you asking me?
Answer: P0→ Leonard
Rationale: In a previous scene, Leonard and his
friends discussed investing in Stuart’s store. He is
the only one between the two who has this memory.

Indirect Dependency Characters can only be iden-
tified using evidence not explicitly expressed in pre-
vious episodes, but inducible from previous events.
For example, Personality can be inferred from the
character’s previous behavior.7

Background: (from Friends) [Central Perk]
Candidates: {Joey, Rachel, Ross}
P0: Here you are (Hands Rachel a cup of coffee)
P1: Thank you Joey. You know what? I’m not even
sure I can have caffeine.
P2: I went thru this with Ben and Carol. One cup of
coffee won’t affect your milk.
P1: Yeah. Just to be sure I’m gonna call Dr. Wiener.
Answer: P2→ Ross
Rationale: There is no actual scene with Ross going
through this with Carol; the answer is inferred based
on Ross’ known relations to Ben (parent-child) and
Carol (ex-spouse). Thus the evidence about Ross
has indirect dependency on scene history.

If the answer can be inferred within the scene,
like answering P0→ Joey in the above example.
We have a special rule on the Exclusion evidence
type – If a character can only be inferred on the
basis of other characters being eliminated, it should
have dependency type labeled if any of the other
character has a history dependency. In other words,
when guessing the identity with Exclusion requires
history dependency on another character, the de-
pendency type is transitive.

6If a character can be identified with evidence of both Mem-
ory and Inside-Scene, it will be labeled as No-Dependency.

7The annotation of indirect dependency is very subjective
as different annotators may have memory of previous scenes
and use different evidence to guess the character.
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Evidence Type Friends(%) TBBT(%)

(a
)

Ling. Style 0.66 9.93
Personality 7.28 21.85
Fact 20.53 33.12

(Attribute) 2.65 8.61
(Relation) 16.56 22.52
(Status) 1.32 1.99

Memory 36.42 27.15
Inside-Background 33.11 12.58
Inside-Mention 15.23 15.23
Exclusion 8.61 22.52

Dependence of Hist. Friends(%) TBBT(%)

(b
)

No Dep. 53.64 32.45
Direct Dep. 26.49 36.42
Indirect Dep. 19.87 31.13

Table 3: Percentage of the required evidence types in the two
TV shows, Friends and The Big Bang Theory.

Category κ(%)

Evidence type
Coarse-grained types 81.53
Fine-grained types 80.99

Dependence of history
Direct dependence only 82.02
All dependency types 75.51

Reasoning Type† 87.21

Table 4: Annotation agreement. †: see our extended study in
Appendix C. We list the number for reference.

4.2 Analysis

Main Statistics Table 3 shows the proportions of
the required evidence types and dependency of his-
tory. According to the statistics, history is an impor-
tant factor in guessing the characters. 46.36% of
the examples from Friends and 67.55% examples
from the Big Bang Theory require history.

Human Performance Accuracy One annotator
(who had not watched the seasons under evaluation)
obtained nearly perfect accuracy in guessing the
characters in FRIENDS (98.68%), and a lower but
still good accuracy in TBBT (89.82%). A second
annotator (who had watched all episodes and thus
would be considered an expert) confirmed that most
the error cases were unsolvable given only data
extracted from scenes. We list the unsolvable cases
and human mistakes in Appendix E.

Correlation between Evidence Types and His-
tory Dependence Figure 2 visualizes the flow from
evidence types to the dependency of history. Most
of them are correlated. Personality and history de-
pendency are most closely related.

5 Methods

Inspired by the successes of pre-trained Transform-
ers on reading comprehension tasks, we bench-

Figure 2: Visualization of the flow from the required evidence
types to their dependence of history.

marked our TVSHOWGUESS by building baseline
solutions on top of these pre-trained models. The
key challenge of our task is that the prediction re-
lies on how a character reacts to the scenario with
her/his words, therefore the embedding of each
utterance should be highly context-aware. This
requires handling a whole scene as input, which is
usually over the limits of these pre-trained models.

We propose two solutions. The first is to
benefit from sparse attention, specifically, Long-
former (Beltagy et al., 2020). The second is to
organize each utterance with its necessary history
context as one row, and have a BERT model to en-
code each relatively short row independently. For
both models, we finally conduct attentive pooling
for each character over the contextualized embed-
dings of all her utterances for prediction.

Our baselines simplified the problem by (1) ig-
noring the historical scenes in Eq.(1); and (2) mak-
ing independent prediction of characters within a
scene. The former poses the challenge of handling
longer contexts and the latter requires specific pre-
dictor design. We believe both are important to
handle in future work.

5.1 Transformers with Character-Pooling

Our first approach (the top in Figure 3) is denoted
as Longformer-Pooling (or Longformer-P).

Scene Encoding The input S̃ to the model includes
the concatenation of all the utterances in an anony-
mous scene. Each utterance is prefixed by a speaker
ID token and suffixed by a separation token, i.e.,

Ti = [Pxi ]⊕ Ui ⊕ [SPLIT] (2)

S̃ = T0 ⊕ T1 ⊕ ...⊕ TN , (3)

where Ui is the i-th utterance and [Pxi] is its
speaker ID (e.g., [P0] and [P1]). [SPLIT] is a spe-
cial token. ⊕ denotes concatenation. We use a
Longformer to encode the whole S̃, to make the
embedding of each utterance token context-aware,
i.e., H = Longformer(S̃) ∈ RL×D.
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Figure 3: Our two proposed model architectures for the character prediction task.

Character-Specific Attentive Pooling For each
character ID Px, we have a token-level mask Mx ∈
RL×1 such that Mx[j]=1 if the j-th word belongs
to an utterance of Px and Mx[j]=0 otherwise. For
each Px, we then collect the useful information
from all her utterances selected by Mx as:

A = Attention(H)

αx = Softmax(A⊙Mx),
(4)

where Attention(·) is a one-layer feedforward net-
work to compute the token-level attention weights.
The character-specific attention αx is then used
to pool the hidden states to summarize a charac-
ter representation in the input scene S̃ and make
the prediction: P (Px = c|S̃) = fk(H

Tαx). Here
fk : Rd×1 −→ RC×1 is the character classifier for
the k-th TV show.

5.2 Multi-Row BERT
The second approach (the bottom in Figure 3) is
denoted as the multi-row BERT (MR. BERT). We
split the long scene S̃ into multiple segments {s̃i}.
Encoding the segments reduces the overall com-
plexity from O(L2) to O(RL2

s), where R is the
number of segments and Ls ≪ L is the maximum
segment length. To construct each segment Ei, we
take an utterance Ti as in Eq. 2 and concatenate it
with the nearest history utterances Ti′(i′ < i) until
arriving the maximum length Ls. The R segments
for each instance yield {s̃i} as follows:

Ei = Tti ⊕ [SEP]⊕ Tti−1 ⊕ Tti−2 · · ·
{s̃i} = [E1;E2; · · · ;ER].

(5)

Then we encode the {s̃i} with a BERT encoder:

H = BERT({s̃i}) ∈ RR×Ls×D. (6)

Different from Longformer-P, we have a
segment-level mask Mx ∈ RR for each character
ID such that Mx[j] = 1 if the first utterance in the
j-th row (i.e., Ttj in Eq. 5) is said by Px. Applying

the same attentive pooling technique to each seg-
ment following Eq. 4, we obtain R segment embed-
dings {Ei}R1 . We take the concatenation of these
embeddings as the new input to the show-specific
predictor and calculate the probability distribution
of Px being each character, i.e.,

P (Px = c|S̃) = fk([E1;E2; · · · ;ER]). (7)

Compared to Longformer-P, the MR. BERT
model takes a smaller number of R utterances and
benefits from their concatenated contextual utter-
ances. To make the selection of R utterances rep-
resentative, we applies two tricks: (1) fill-empty,
which makes sure each Px has at least one segment
selected; (2) the reverse trick, which selects the ut-
terances starting from the end of scene to the start
– as the utterances at the end have more histories,
they cover more contents from the scene if selected.

6 Experiments

We evaluate the instance-level accuracy. An in-
stance refers to a masked speaker in a scene.

6.1 Baselines and Implementation Details

We compare with the vanilla pre-trained Trans-
former baseline, Vanilla Longformer Classifier.
The model conducts direct classification over the
concatenation of a character’s utterances in the
scene. It can be viewed as a discriminative lan-
guage model of the characters’ lines.

We include the implementation details of the
baseline and our models in Appendix G.

6.2 Results

Overall Results Table 5 compares different models
on our TVSHOWGUESS. The proposed architec-
tures beat the vanilla character classifier with large
margins (4-5%). However, human performance is
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System FRIENDS TBBT Frasier Gilmore_Girls The_Office Overall
dev test dev test dev test dev test dev test dev test

Random 35.23 31.59 33.08 37.79 34.74 31.61 36.43 38.90 44.30 46.71 36.79 36.59
Vanilla Longformer 67.79 60.63 61.58 63.95 85.11 82.06 79.84 74.52 70.92 71.60 72.55 69.72

repl with BERT 65.60 59.58 61.58 58.43 85.11 84.30 81.91 70.41 67.56 68.54 71.65 67.76

Our MR. BERT 77.01 73.20 62.60 62.50 90.07 82.51 83.98 78.63 70.92 74.41 76.82 74.52
- context 62.92 57.19 59.54 63.95 81.64 76.23 74.42 67.12 66.00 67.37 68.33 65.54
- reverse trick 70.81 68.71 52.42 59.01 79.40 81.39 78.04 73.97 66.22 68.31 69.45 70.52
- fill-empty trick 74.33 68.56 58.27 63.37 86.10 78.48 72.87 69.86 68.90 73.71 72.28 70.92

Our Longformer-P 77.01 69.91 63.87 66.57 90.32 87.67 82.17 75.07 71.81 76.29 76.95 74.97
maxlen=1000 74.16 66.77 63.36 64.24 86.10 85.65 79.33 72.05 73.83 76.06 75.25 72.74
repl with BERT 68.12 58.83 61.32 63.95 82.63 76.91 68.48 65.75 72.48 71.83 70.49 66.79

Human∗ 98.68 – 89.82 – – – – – – –

Table 5: Overall performance (%) on our TVSHOWGUESS task. (*) Human evaluation was conducted on a subset of the dataset.

Figure 4: Learning curves of Friends and The Big Bang
Theories with increasing training data from other shows.

significantly (21-26%) better than the best models.
This shows that models are still far from reaching
human level of character understanding.

Among all the shows, TBBT is the most challeng-
ing one, while Frasier and Gilmore Girls
are relatively simpler. Given that there is no cor-
relation between performance and scene lengths
(Table 2), this shows that the difficulty of the
task mainly comes from the persona modeling,
inference and reasoning. Specifically, the Inside-
Scene evidence requires less persona understanding.
Therefore, the relatively smaller amount of Inside-
Scene cases makes TBBT more difficult. Also the
existing models are not good at resolving the re-
lated memory or facts from the history, thus the
high ratio of history dependent cases in TBBT also
leads to lower performance.

6.3 Analysis

Learning Curves We plots the learning curves of
Friends and TBBT, with increasing number of
shows used as training data (Figure 4). The curves
become flat with all shows added, showing that our
task has sufficiently data for training.

Scene-Level Performance Besides the instance-
level accuracy, we further investigated the scene-

#Speakers Contained
Overall 2 3 4 5 6

FRIENDS 80.6 86.5 80.8 66.3 75.0 56.7
TBBT 67.7 77.0 66.7 57.0 55.0 47.9

Table 6: Scene-Level accuracy decomposition.

FRIENDS TBBT

#Utterance Acc #Utterance Acc

rachel 7,542 88.3 sheldon 8,131 87.0
joey 6,550 84.5 penny 5,314 75.8
phoebe 5,964 83.1 leonard 7,105 75.3
chandler 6,804 71.2 raj 3,033 52.5
ross 7,259 70.8 amy 1,699 42.1
monica 6,752 64.2 howard 4,013 36.4

Table 7: Accuracy decomposed across characters. We also
provide the number of training utterances for each character.

level performance, i.e., the macro-average of
instance-level accuracy in all the scenes. Table 6
shows the results, together with the decomposed
results on scenes containing different numbers of
speakers. The results show the more characters in-
volved, the lower the accuracy is, even though our
model is making independent predictions of each
speaker. One possibility is that there is fewer avail-
able utterances per speaker. In addition, a larger set
of speakers may make the logical structure of the
conversation more complex.

Character-Level Performance Next, we exam-
ined whether our task is uniformly challenging for
different characters, or whether there were certain
characters that were more difficult to guess. Table 7
shows the results, where the characters are ranked
by the accuracy of their guesses. There are clear
discrepancies in accuracy by character.

Impact of the Dependence on History The bar
charts in Figure 5 show the performance on dif-
ferent history dependence types. The performance
of cases that require history supports is in general
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Figure 5: Performance breakdown of Friends (the left col-
umn) and The Big Bang Theory (the right column).

harder for most of the models (∼20% lower com-
pared to the cases without dependency of history).

The results suggest that a more thorough extrac-
tion of historical events associated with each char-
acter is needed to make the model an improvement.
This notion aligns with the theories that past expe-
rience is an key aspect of building characters’ ToM,
showing that our TVSHOWGUESS may serve as a
good benchmark for the in-depth study of character
comprehension from stories.

Another finding is that the cases requiring indi-
rect history dependence (usually Personality and
Facts) are even more challenging. The human mind
develops detailed profiles of characters when read-
ing stories. The neural models represent each char-
acter as a single vector (i.e., the weight vector in
the output layer). This indicates a promising future
direction of constructing structured persona repre-
sentations (e.g., based on our schema of evidence)
for more accurate character modeling.

Breakdown to Evidence Types The wind-rose
charts (bottom) in Figure 5 provide performance
breakdown onto our evidence categories. We omit
the type of Linguistic style because there are only
two cases in Friends so the results are not stable.

As expected, the cases that can be resolved
locally without character understanding (Inside-
Mention) are relatively easier. All of Personality,
Fact and Memory cases have much lower perfor-
mance as they correspond to heavy dependency on
the modeling of history.

The type Exclusion gives the worst overall per-
formance on the two shows. However, this does
not indicate difficulty of character understanding –
According to the definition, these cases cannot be
directly resolved with the scene inputs, but require

the model to have specific strategy to exclude some
incorrect answers first.

It is surprising that the Inside-Background type
poses difficulties to models, because to human an-
notators it is similar to standard textual inference.
We have identified two possible reasons: (1) As
discussed in the introduction, some cases require
pragmatic understanding from the surface form to
intention, only after which textual inference can
be performed; (2) The number of instances of this
type is relatively small so the model may fail to
recognize the required textual inference skills.

Effect of Scene Contexts Finally, the vanilla char-
acter classifier behaves differently compared to the
other models. Because it cannot make use of con-
texts within scenes, there is a performance gap on
the Inside-Mention type (hence the drop on the No
Dep type). However, it does not suffer from sig-
nificant differential on the other types. The gap
appears because Longformer-P and/or MR. BERT
perform considerably better on this type.

Challenges of History Retrieval Our experiments
show that the history dependency presents serious
challenges for existing models. Finding the evi-
dence from history scenes is a retrieval task (but
without groundtruth). We applied a state-of-the-art
model to retrieve the history scenes and conducted
an additional human study to evaluate the results.
Our study shows that on our identified cases with
Direct Dependency, the top-3 results (from in total
20 candidates) of a state-of-the-art semantic search
model only give a recall of 35.5%. The result con-
firms that our task requires further advances on
semantic retrieval. The detailed task setting and
our discussions can be found in Appendix F.

7 Conclusion

We present the first task and dataset for evaluat-
ing machine reading comprehension models for
understanding characters in narratives. Based on
linguistic, educational, and psychological theories,
we proposed a new schema and conducted human
studies to analyze the types of evidence and rea-
soning required in understanding characters. We
design a new model architecture and conduct com-
prehensive experiments as a basis for future studies.
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A A Detailed Survey of Related Work

In this section, we first give an in-depth analysis
on the difference between narrative and synopsis,
from both the empirical challenges in NLP stud-
ies and the linguistic theory from (Morrow, 1985).
Then we provide detailed discussion on how we
summarize related work in Table 8.

A.1 Background: Narrative versus Synopsis

As our work focuses on narrative comprehension,
following setups like (Kočiskỳ et al., 2018; Kryś-
ciński et al., 2021; Chen et al., 2021), it is necessary
to distinguish between comprehension of original
narrative stories versus comprehension of their syn-
opses (the human-written plot summaries), e.g.,
from the story’s Wikipedia page.

Narrative stories are told by creating scenes, with
the goal of helping readers experience events as
they occur in the plot, and empathize with the story
characters in relation to their own experiences. To
engage readers, story writers often use complex
narrative clues (e.g., character activities, event de-
velopment, scenery changes); variable narrative
sequences (e.g., narrative, flashback, interpolation);
and various linguistic expressions (e.g., argument,
lyricism, narrative, description, illustration). By
comparison, a synopsis is a descriptive summary
of the main idea of a story in plain language. It
contains only the main characters, time, place, im-
portant plot points, and resolution, rather than al-
lowing the story to unfold through the actions of the
characters. The goal of the synopsis is to inform
readers what happened with little or no original
material from original story.

Therefore, comprehension of narrative stories
requires more sophisticated skills to understand
the complex chain of clues and expressions, in
order to finally build a complete narrative repre-
sentation from a sequence of individual scene com-
prehensions along with a developed understanding
of characters’ mental models (Morrow, 1985). In
this light, a synopsis represents "processed results"
from the application of these comprehension skills
by a (experienced) human reader.

A.2 Background: Dialogue in Stories vs.
Real-Life Conversation

Fictional dialogue canonically serves a purpose in
a narrative. Either i contributes to the develop of
a character or advances the plot (McHale, 2004).
Nash proposed three categories of fictional dia-

logue: (1) confrontational dialogue which “in-
cludes challenges, quarrels, disputes, interviews,
and any kind of personal encounter in which the
participants are in covert or overt opposition to
each other”; (2) instructional dialogue, which “con-
veys information about matters of science, technol-
ogy, politics, world events, etc, some knowledge
of which is essential to understanding the plot”;
(3) collaborative dialogue that consists of “a se-
ries of exchanges which cumulatively present, for
the reader’s benefit, a picture of events, histories,
personalities, and relationships” (Nash, 1990). Au-
thors have total control of the fictional dialogue,
and ideally it functions according to the author’s
intention at every part of the story (De Haan, 1996).
However, real-life conversation is a joint action and
is natural. There is no individual has whole control
and the conversation goal of each party may be
very different. Additionally, real-life conversations
are temporally linear, such that communicators can-
not revise earlier speech to fit a story. Moreover,
real-life conversations tend to be highly implicit be-
cause spoken language derives much of its meaning
from context (Warren, 2006).

A.3 Assessment of Narrative Comprehension
We summarize the related tasks people use for as-
sessment of general narrative comprehension skills.

Cloze Test Cloze tests take a snippet of the origi-
nal text with some pieces (usually entities) masked
as blanks, with the goal of filling these blanks from
a list of candidates. Cloze tests can be automati-
cally constructed, resulting in an advantage in cre-
ation of large scale datasets. Examples of cloze
tests for narrative comprehension assessments are
BookTest (Bajgar et al., 2016) and (Ma et al., 2018).
Both datasets are based on excerpts of books or
scenes of TV shows. As the input consists only
of short paragraphs, there is not sufficient informa-
tion to infer complex character set via reading the
stories. Therefore, these datasets address few ques-
tions related to the understanding of characters.8

Moreover, when built on short snippets, cloze
tests are known to prone to mostly local infer-
ence but not much reasoning and commonsense

8There may be a possible confusion of these tasks and
ours, as cloze tests also include filling in anonymous character
names in the blanks. However, in these tasks, the required
answers are also anonymized character IDs that appear in the
inputs, and the IDs for the same character are random across
different scenes. Therefore the character’s information is not
available for learning by design. In other words, their design of
tasks deliberately prevent the task of character understanding.
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Dataset Task Format Narrative Type Assessed Narrative Comprehension Skills Assessed Commonsense Knowledge
Source Length Plot Structures Character Facts Character ToMs Concepts Events/States Story Flows

MCTest Multi-choice QA Short fiction
(Children stories)

∼20∗ ✓ ✓ ✓ ✓

BookTest Cloze test Literature
(Excerpt)

- ✓

(Ma et al., 2018) Cloze test TV show transcripts
(Scenes)

∼20 ✓

NarrativeQA Generative QA Movie Scripts, Literature
(Full stories)

∼11K∗ ✓ ✓ ✓

FriendsQA Extractive QA TV show transcripts
(Scenes)

∼20∗ ✓ ✓

TellMeWhy Multi-choice QA Short fiction
(ROCStories)

5 ✓

NovelChapters/BookSum Summarization Literature
(Chapters or Full stories)

∼4K ✓ ✓

SummScreen Summarization TV show transcripts
(Scenes)

∼330 ✓ ✓
(Chen and Choi, 2016) /

(Chen et al., 2017b) Coref Resolution TV show transcripts
(Episodes or scenes)

∼20/260† ✓ ✓ ✓ ✓

(Flekova and Gurevych, 2015) Classification Literature
(Full stories)

∼22K ✓

TVSHOWGUESS Multi-choice TV show transcripts
(Full stories)

∼50K ✓(indirect) ✓ ✓ ✓ ✓ ✓

Table 8: Properties of existing narrative comprehension datasets compared to TVSHOWGUESS . We organize the datasets
according to the following dimensions related to narrative understanding: Source of the texts for reading comprehension; Length
of the texts from the source that makes the task solvable, we report the numbers of sentences or utterances for books and scripts
respectively; whether the task assesses the ability of understanding plot structures in the stories; whether the task assesses the
ability of understanding basic character facts like personality, profession, etc; whether the task assesses the ability of building
character theory-of-mind (ToM); whether the task assesses the commonsense knowledge of concepts, events and states; and
whether the task assesses the additional commonsense about the narrative development, including the knowledge about the
coherence among non-verbal narratives and dialogues, and how they form the story/plot flow. * Numbers are not reported in the
original paper so we calculated them from the dataset. †(Chen et al., 2017b) proposes two settings with single scene and the
whole episode as inputs respectively. Different from ours, their include of episode is not to support the in-scene prediction with
necessary history, but mostly increase the difficulty level of the co-ref task.

knowledge, as studies in the NLP community sug-
gested (Chen et al., 2016). On the other hand, al-
though our task also has form similar to cloze, it re-
quires information about the characters from previ-
ous scenes, which is not only about understanding
the characters, but also requires global inference
across features of the story (see Figure 1).

Question Answering The most popular form
of narrative comprehension evaluation is through
question answering, starting from the early work
of MCTest (Richardson et al., 2013), to the
more recent crowd-sourced tasks like Narra-
tiveQA (Kočiskỳ et al., 2018), FriendsQA (Yang
and Choi, 2019), TellMeWhy (Lal et al., 2021) and
FairytaleQA (Xu et al., 2022).

Among them, the MCTest and TellMeWhy con-
duct multi-choice question answering on short sto-
ries. As above, te input consists of short paragraphs,
so there is not sufficient information to infer com-
plex character factes via reading the stories. There-
fore, these datasets also cover few questions assess-
ing the understanding of characters. The TellMe-
Why has a specific focus on why-questions assess-
ing the causal knowledge between states and events.
The inputs are short stories from the ROCStories
dataset (Mostafazadeh et al., 2016). MCTest covers
a much wider set of reading skills, as it is based on
complete stories, and generates questions with the
goal of assessing children’s reading comprehension

over both story plots and commonsense.

NarrativeQA and FriendsQA conduct natural
question answering tasks. NarrativeQA aims to
infer free-form answers to questions about a spe-
cific book or movie script. According to the human
study from (Mou et al., 2021), the major part of the
dataset is event-centric questions, which queries
the explicit plots from the original books thus do
not require a significant amount of commonsense
reasoning. The study also reveals that NarrativeQA
consists of a small portion of character-related ques-
tions. These questions mainly query the simple
facts of characters, such as age and profession. The
more complexity character persona types, like per-
sonality, emotional/psychological status and his-
tory experience studied in our work, are not cov-
ered. Similar to NarrativeQA, FriendsQA is a QA
task over TV show scripts. The dataset consists
of six types of questions: who, what, when, where,
why, and how. The who questions target on ask-
ing speaker names of utterance contents or par-
ticipants of events, therefore are mainly assessing
understanding of plot structures (i.e., participant
arguments of events).

Both NarrativeQA and FriendsQA have human-
written questions with a reference of the plot sum-
mary, which require evidence explicitly exists in
the original story texts, and thus do not have much
requirement of reasoning. The FriendsQA ques-
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tions are based on scene summaries, and thus re-
quire mostly local evidence; the NarrativeQA ques-
tions are based on the book-level summary, and
thus sometimes require the ability to bridge the
gap between coarse-grained and fine-grained event
descriptions (i.e., commonsense of sub-events).

Summarization There is a recent trend to eval-
uate model’s understanding of stories via summa-
rization, including NovelChapters (Ladhak et al.,
2020), BookSum (Kryściński et al., 2021) and
ScreenSum (Chen et al., 2021). These works pro-
vide a good research opportunity to future story
reading research, by showing that book-level or
chapter-level summarization is challenging to exist-
ing machine reading models. However, it is more
difficulty to identify the specific required reading
skills by these tasks, as there exist many factors
beyond reading skills to generate a good summary,
such as encoding and generating long narrative
texts. Intuitively, story summarization is largely
plot-related instead of character-related; and re-
quires the knowledge to understand the story flow.

Interactive Fiction Game Playing Interactive
fiction (IF) games (Hausknecht et al., 2019) have
been proposed as a reinforcement learning task that
requires understanding of narrative fiction stories
as environment observations. Research work has
successfully demonstrated that reading comprehen-
sion can provide helpful inductive biases for effi-
cient policy learning (Guo et al., 2020); while Yao
et al. (2021) also reveal the shortcomings of these
games. The debate calls for future investigations
to understand the necessary narrative elements and
the roles they play in the IF games.

A.4 Character-Centric Prediction over
Narratives

Our task can be seen as a character-centered under-
standing of the narrative, where the understanding
of the character deepens the understanding of the
story and makes the narrative engaging. There
are limited studies on understanding characters’
persona from reading stories. In this section we
review some existing character-centric prediction
tasks over narrative texts, and discuss the relations
and differences.

Character Name Linking The task of corefer-
ence resolution for story characters (Chen and Choi,
2016; Chen et al., 2017b) is closely related to our
TVSHOWGUESS. These coreference resolution fo-

cuses on identifying the characters mentioned in
multiparty conversations from TV shows scripts.
The goal of these tasks is to resolve the corefer-
ence of pronouns and character-indicating nomi-
nals (e.g., you and Mom) in dialogues of the char-
acter names that appear in the local context. It also
covers linking a named entity (e.g., Ross) to the
character, which is more on name matching instead
of character understanding.

The task form of coreference resolution mainly
requires the understanding of discourse relations.
It does not assess the modeling of character theory-
of-mind, especially the character’s memories, as
there are no predictions of character behaviors in-
volved. The major character persona type it as-
sesses is character facts, since the resolution of
nominals requires the understanding of the target
characters’ occupations and relationships.

The lack of ToM modeling and complex reason-
ing of the coreference resolution task also makes
it relatively easier – on Friends and The Big
Bang Theory, a CNN model gives a >90% av-
erage accuracy. By comparison, our task, although
solvable by humans with a ∼95% accuracy, is chal-
lenging to neural models as the best BERT-based
model gives a∼65% average accuracy on the same
two shows with even smaller candidate sets.

Personality Prediction Our work is also related
to the prediction of fiction characters’ personality
types by reading the stories (Flekova and Gurevych,
2015). Specifically, the tasks require to predict a
fiction character’s MBTI personality types (My-
ers and McCaulley, 1988) rooted in Jung’s theory,
based on the character’s verbal and non-verbal nar-
ratives in the original stories. Compared to the
aforementioned character-centric prediction tasks,
these studies require to read and comprehend the
original long stories, but the prediction task are rel-
atively simpler since they only focus on personality
which is a single perspective of persona.

A.5 Character-Centric Prediction over
Non-Narratives

Character name linking between story synopses
Recently Brahman et al. (2021) propose the LiSCU,
which is a novel textual entailment task linking an
anonymous summative descriptions of story char-
acter to the name appearing in the story’s plot sum-
mary. Similarly to (Chen and Choi, 2016), the
task assess the resolution of names and events in-
stead of the ToM modeling. This is because the
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task does not involve much explicit behavior pre-
dictions, since the task form is entailment between
two given statements rather than predicting the pos-
sibility of new contents. The usage of synopses
over original stories reduces the challenges in nar-
rative understanding; and further prevents the char-
acter comprehension from stories, as pointed out by
(Kočiskỳ et al., 2018), the summaries themselves
are humans’ comprehension results of the stories.

Personalized Dialogue Generation Our work
is also related to personalized dialogue genera-
tion, for which datasets (Mairesse and Walker,
2007; Walker et al., 2012; Zhang et al., 2018;
Li et al., 2020) and models (Li et al., 2016;
Mazaré et al., 2018; Qian et al., 2018; Zheng
et al., 2020) are proposed for generating dialogues
for speakers with persona features. These bench-
marks usually cover a single aspect of the multi-
dimensional persona (Moore et al., 2017). For ex-
ample, PERSONA-CHAT (Zhang et al., 2018) fo-
cuses on personal facts such as “I’m a writer” and
“I live in Springfield”; other works mainly focus on
learning language styles from speakers’ personality
types, such as the Big Five traits of the extraversion
personality in PERSONAGE (Mairesse and Walker,
2007), and the personality types derived from TV
tropes (e.g. jealous girlfriend, book doom, anti
hero) in ALOHA (Li et al., 2020).

LIGHT (Urbanek et al., 2019) is a crowd-
sourced dataset for text game adventure research.
It includes natural language descriptions of fantasy
locations, objects and their affordances, characters
and their personalities, dialogue and actions of the
characters. The biggest difference between ours
and LIGHT is that LIGHT is based on the local
environment of the conversation, rather than on a
story. Examples from the LIGHT dataset are in-
dependent conversations and the context in which
they occur. Crowd workers created the dialogues
of characters by a given setting and a persona. The
persona is modeled by the Persona-Chat dataset
which is defined as a set of three to five profile
sentences describing their personal facts such as “I
am a part of a group of travelers” and “I go from
town to town selling food to the locals”.

To the best of our knowledge, none of the
existing studies cover a comprehensive multi-
dimensional persona similar to our work, especially
with respect to how a character’s past experience
builds her ToM.

Authorship Attribution Finally, authorship at-
tribution has parallel ideas to our task, insofar as
it aims at guessing author identities from the texts
they wrote (Ni et al., 2019; Andrews and Bishop,
2019; Bevendorff et al., 2020) and thus requires
a certain degree of author profiling. These tasks
differ from ours because the reviews, tweets or fan-
doms under the same authors do not usually form
consecutive plotlines. Therefore, the tasks mainly
require to understand the authors’ writing styles
rather than building mental models from the their
past experiences. From this perspective, this di-
rection is in fact more closely related to stylistic
analysis in narrative understanding (Vishnubhotla
et al., 2019), rather than character understanding.

B Supplementary for the Dataset Analysis

B.1 Summary of the Annotation Schema

We include a summary of our annotation schema
in Figure 6.

B.2 Examples of Each Evidence Types
Linguistic Style

Background: (from TBBT) [Amy’s car]
Candidates: {Leonard, Penny, Sheldon, Amy}
P0: Whatever. You can’t even go on a date without check-
ing your relationship agreement.
P1: If you’ve got a problem basing a relationship on a
contract, I’d like to tell you about 13 plucky colonies that
entered a relationship agreement called the U.S. Constitu-
tion. And it may not be cool to say so, but I think that love
affair is still pretty hot today.
Answer: P1→ Leonard
Rationale: (Shelton’s language is characterized by the
use of long, difficult sentences and references to historical
stories.)

Personality
Background: (from TBBT) [The cafeteria]
Candidates: {Leonard, Howard, Sheldon, Raj}
P0: And you love the sound of your own voice.
P1: Yeah, well, of course I do. Listen to it. It’s like an
earful of melted caramel.
Answer: P1→ Sheldon
Rationale: (Sheldon is a self-centered person so he will
praise his own voice.)

Memory
Background: (from TBBT) [The stairwell]
Candidates: {Leonard, Penny}
P0: There’s something I wanted to run past you.
P1: What’s up?
P0: Mm, the guys and I were thinking about investing in
Stuart’s comic book store. Is that okay?
P1: Why are you asking me?
Answer: P0→ Leonard
Rationale: (In a previous scene, Leonard and his friends
discussed about investing in Stuart’s store, so he is the only
one between the two who has this memory.)

Fact

4282



Evidence Type Description

Linguistic style
Linguistic style refers to a character’s individualized speech pattern. It consists of a selection of linguistic
features such as vocabulary, syntactic patterns, rhythm, and tone. It also includes the use of elements such
as direct or indirect, metaphor and irony.

Personality
Personality is a person’s stable attitude toward objective facts and the habitual way of behavior that is
compatible with it. We adopt a wider definition of personal traits as in (Li et al., 2020).

Fact

Attributes Fact of a character’s attributes in the TV series setting, such as race, profession, education level etc.

Relations
A character’s relationship with others that truly exist in the TV series setting, including both social relations
and drama role relations.

Status Facts of a character’s temporal emotional or psychological status in the time period when the scene happens.

Memory
The episodic memory about history events a character has in the previous show scenes. This also includes
a rare case of a knowledge fact (i.e. the semantic memory) a character acquires from history scenes, which
cannot be inferred from the facts of the character.

Inside-scene
Background

The character’s identity can be inferred from the background introduction of scene, or from the description
of the other characters’ words.

Mention The character’s name or alias is called by the other people.

Exclusion
The character’s identity can be determined from the presence of characters in the scene and the other
resolved characters.

Figure 6: The definitions of evidence types.

• Attribute
Background: (from TBBT) [Amy’s lab]
Candidates: {Amy, Penny}
P0: Hey. Ready to go to lunch?
P1: Just give me a minute. I’m stimulating the plea-
sure cells of this starfish. I just need to turn it off.
Answer: P1→ Sheldon
Rationale: (Sheldon is Amy’s boyfriend. After iden-
tify P0 is Amy, based on the relationship between
Amy and Sheldon, P1 can be identified as Sheldon.)

• Relationship
Background: (from TBBT) [Amy’s lab]
Candidates: {Amy, Penny, Sheldon}
· · ·
P0: Hey, boyfriend.
P1: Can’t talk. Spitball. Probably gonna die.
Answer: P1→ Sheldon
Rationale: (Sheldon is Amy’s boyfriend. After iden-
tify P0 is Amy, based on the relationship between
Amy and Sheldon, P1 can be identified as Sheldon.)

• Status
Background: (from TBBT) [The pub]
P0: So when do you guys plan on getting married?
P1: Uh, we’re not sure. But I want to wait long
enough to prove to my mother I’m not pregnant.
P2: May I have one of your fries?
P1: Of course. Can I have a bite of your burger?
P2: Absolutely not.
P3: Some perfect couple. He won’t even share his
food with her.
Answer:P3→ Leonard
Rationale: (The aforementioned failure to deter-
mine Leonard’s marriage led him to ridicule couples
in harmonious relationships.)

Inside-Scene

• Background
Background: (from TBBT) [Penny’s apartment]
Candidates: {Amy, Penny}
Bernadette: Nah, you got this. Let’s go for a drink.
I’ll call Amy.
P0: Okay, good. She seemed like she really wanted
to go out tonight.
P1 (phone ringing, running down stairs from outside
penny’s door): Hey, girl.
Answer: P1→ Amy
Rationale: (Bernadette said she will call Amy and
P1 is the person who answers the phone.)

• Mention

Background: (from TBBT) [The apartment]
Candidates: {Raj, Leonard, Sheldon, Amy}
P0: Mmm, I love how they put a waterfall at centre
field. It really ties the whole stadium together.
P1: This is fun, huh? We get to see our friend throw
out the first pitch, have a hot dog, watch the game.
P2: Whoa. Nobody said anything about watching
the game.
P3: Sheldon, what did you expect?
Answer: P2→ Sheldon
Rationale: (P3 mentioned the name of the person
being questioned which is “Sheldon”)

Exclusion
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Background: (from Friends) [Scene: Outside
the Janitor’s Closet, there are people having s*x and
Mr. Geller is trying to give them some pamphlets.]
Candidates: {Monica, Chandler}
Mr. Geller: Kids, I spoke to a doctor and picked up
this pamphlets on how to get pregnant. (He slides
them under the door.
P0: (walking by with Chandler.) Hey dad!
P1: Hey.
Mr. Geller: (pause) Sorry to bother you again, but
could you pass my pamphlets back? (They do so.)
Thank you.
Answer: P1→ Chandler
Rationale: (Monica is Mr. Geller’s daughter. P0
called Mr. Geller dad so she is Monica. There are
only two candidate so the other one is Chandler)

C Extended Study of Required Reasoning
Types on our TVSHOWGUESS

This section provides an in-depth analysis of the
types of reasoning used to infer evidence when
guessing characters.

C.1 Our Annotation Schema of Reasoning
Types

We define the following reasoning types with ex-
amples provided. A summary of our annotation
schema of reasoning types can be found in Fig-
ure 7.

Multi-hop on Characters Reasoning on the ba-
sis of other characters that have already been
guessed. Using the already guessed character as a
bridge, users can employ history event or the rela-
tionship between characters to make guesses about
the target character.The difference between multi-
hop character and exclusion is that after identifying
the other characters, the exclusion technique relies
only on the list of characters provided for guessing,
however, multi-hop character reasoning requires
additional evidence such as relationship to infer the
target character.

Background: (from TBBT) [Angels Stadium]
Candidates: {Raj, Leonard, Sheldon, Amy}
P5: Hey, I hear you’re a dermatologist.
Emily: Uh, yeah, I’m a resident at Huntington Hospital.
...
P5: I have some odd freckles on my buttocks. Can I make
an appointment for you to look at them?
Emily: Um, okay, I guess.
P0: I’m with him three years, nothing. She’s with him two
minutes, and he’s taking his pants off.
Answer: P0→ Amy
Rationale: (Using P5 (Sheldon) as a bridge and the couple
relationship between Amy and him, we can identify P0 is
Amy.)

Multi-hop on Textual Evidence Some evi-
dences are not directly presented in the scene but
can be inferred from the descriptions of context and

dialogues. Using the inferred evidences as bridges
people can multihop over personality, or fact, or
event inferred from the text to guess the characters.

Background: (from TBBT) [The apartment ]
Candidates: {Amy, Leonard, Raj, Howard’, Penny, Shel-
don}
Bernadette: I like your suit.
P0: Oh, thanks. Got a couple new outfits for work.
P1: How does it feel knowing your fiancée’s job is to go
out and flirt with doctors, looking like that, while you sit
here, you know, looking like this?
...
Answer: P0→ Penny
Rationale: (P0 has a new job can be inferred from the
textual evidence “Got a couple new outfits for work”. Plus
we know that Penny has a new job, we can determine that
P0 is Penny )

Commonsense of Concepts/Events Task re-
quires additional commonsense knowledge of at-
tributes of daily concepts or social events, or their
relations including causal/effect relations between
an event and a social state or social relation. We
restrict this category to be the aforementioned com-
monsense knowledge types, to distinguish from
other relatively under-studied commonsense knowl-
edge, such as the commonsense of dialogue flow
required to work with our inside-scene evidence
defined in Figure 6.

Background: (from TBBT) [Capital Comics]
Candidates: {Howard, Sheldon}
...
P0: I know that if I had a wife or a fiancée, I’d ask her first
before I invested money in a comic book store.
P1: He’s right.
Answer: P1→ Howard
Rationale: (A married or engaged person will answer
“He’s right”. Howard is married. )

Default Conjunction A single piece of evidence
will not solve this task; a combination between
multiple pieces of evidence is needed to identify
the person.

C.2 Analysis of the Human Annotation

Correlation between the Human Annotated
Schema Categories Figure 2 visualizes the flow
between (a) evidence types and the dependency of
history and (b) evidence types and the reasoning
types. Most evidence types correlate with history
dependency. Personality and history dependency
are most closely related. Default conjunction is the
reasoning type that accounts for the largest percent-
age.

C.3 Experiments: Performance
Decomposition on the Reasoning Types

We further studied the impact of the required rea-
soning types on the performance (the right column
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Reasoning Type Description

Default Conjunction
No single piece of evidence can solve the task, hence the conjunction among multiple pieces of evidence
is required. This is the default reasoning type if there are multiple evidence types labeled but no other
reasoning types are labeled.

Multihop-Character
Task needs to be solved with the guessing results of other characters, then using the target person relation
to or memory about the guessed ones to make the answer, i.e., multihop with guessed characters as bridges.

Multihop-Textual
Task needs to be solved with the persona/fact/event not directly described in the scene but can be inferred
from the context, i.e., multihop over persona/fact/event inferred from dialog and scene context.

Commonsense
attributes/relations of
concepts/events

Task requires additional commonsense knowledge of attributes of daily concepts or social events, or their
relations like causal relations between events. Those refer to the specific types of commonsense covered in
ConceptNet- or Atomic-style KBs.

Figure 7: The definitions of reasoning types.

Reasoning Type Friends(%) TBBT(%)

Default 16.56 28.48
Multihop(Character) 3.97 13.91
Multihop(Textual) 5.30 5.30
Commonsense 4.64 0.66
No Complex Reasoning 69.54 51.66

Table 9: Percentage of the required reasoning types in the
two TV shows, Friends and The Big Bang Theory.

Figure 8: Visualization of the flow from the required evidence
types to their required reasoning types.

in Figure 9). In general there is a clear gap (on av-
erage ∼10%) between cases that require complex
reasoning and those that do not. The Multihop-
Textual type is most challenging, because it requires
both deep understanding of what the texts implies
and multihop reasoning. There is not a clear per-
formance difference between Multihop-Character
and Default Conjunction, though the former is con-
ceptually harder. We surmise this is because both
types are beyond the reasoning ability of the model
so the predictions largely rely on fuzzy matching
of evidence – recall that we predict identities of
main characters, so there can be a statistical bias
of their context co-occurrence. The results on the
Commonsense type fluctuate due to the relatively
smaller ratio.

Figure 9: Performance breakdown according to our
reasoning schema (left: Friends, right: The Big Bang
Theory).

#Unsolvable #Human Mistakes

TBBT Friends TBBT Friends

4882 2500 4921
4895 4894
4907 4910
4908

Table 10: Human Errors.

D Interface for the Human Study

Figure 10 shows the interfaces of the human study.

E Examples of Human Errors

Table 11 provides an example of unsolvable cases
and Table 12 provides an example of human
mistakes. The human mislabeled characters are
marked as red.

We further provide all the scene IDs on which
our human tester makes incorrect predictions in
Table 10.

F Details of Human Study and
Discussions on the Challenges of
History Retrieval

Our experiments show that the history dependency
challenges existing models. Finding the evidence
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Unsolvable Case

08x02 4882
Background: (from TBBT) [the Apartment]
Candidates: {Howard, Sheldon, Raj, Amy, Leonard, Penny}
P0 : I recently read that during World War Two, Joseph Stalin had a research program to create supersoldiers by having
women impregnated by gorillas.
P1 : What a sick use of science.
P2 : Hey, as long as the baby’s healthy.
P3 : I wonder if Stalin considered any other animals.
P4 : Hippos are the deadliest creature. A half-human, half-hippo soldier would be pretty badass.
P1 : Yes, but when they’re hungry-hungry, you can stop them with marbles.
P0 : Yeah, the correct animal for interspecies supersolider is koala. You would wind up with an army so cute it
couldn’t be attacked.
P2 : But half-man, half-owl could fly...
P0 : The answer is cuddly soldiers with big flat noses. Moving on.
P1 : So, Penny, when’s the new job start?
P5 : Next Monday.
Bernadette : Did you get a chance to look over the materials I gave you?
P5 : Uh, not yet, but I will.
Bernadette : Great. When?
P5 : I said I’ll get to it.
P0 : I’m sensing awkwardness, am I right?
P3 : Yes.
P0 : Swish.
Bernadette : I don’t want to be pushy, but you’ve never done pharmaceutical sales before. It seems like you could use this
time to get a head start.
P5 : Well, the first few weeks will be all training. They’ll tell me everything I need to know.
Bernadette : But imagine how impressed they’d be if you showed up already familiar with the material.
P5 : Okay, so what, you want me to be like a teacher’s pet?
Bernadette : Couldn’t hurt.
P4 : Mm, I don’t know. Who here has ever been hurt because they were the teacher’s pet?
P0 : It was like the rest of the class wanted Ms. McDonald to forget the quiz.
Answer: P0: Sheldon, P1: Howard, P2: Raj, P3: Amy, P4: Leonard, P5: Penny

Table 11: Example of unsolvable case.

Mistake

08x04 4921
Background: (from TBBT) [Penny’s partment]
Candidates: {Raj, Penny}
P0 : I’m so glad we could work this all out.
P1 : Yeah, me, too.
Emily : You know, we should have dinner one night with you and Leonard.
P1 : Oh, we would love that.
P0 : Great.
background : (both chuckle)
P1 : Okay, good night, guys.
Emily : All right, night.
P1 : Bye.
Emily and Penny (simultaneously) : I hate her.
Answer: P0: Raj, P1: Penny

Table 12: Example of mistake.
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(a) Introduction page of human study.

(b) Task 1: character guessing task

(c) Task 2:identifying used evidence types.

(d) Task 3: identifying used reasoning types .

Figure 10: interfaces of human studies.

history scenes for such cases is essentially a re-
trieval task (but without groundtruth). To see how it
brings new challenges to existing semantic search,
we applied a state-of-the-art model to retrieve the
history scenes and conducted an additional human
study to evaluate the results.

Task We conduct the study on scenes in our human

annotation sets that have the Memory type labeled.
With each scene as a query, we retrieve from a win-
dow of 20 previous scenes with a state-of-the-art
model9 The window size is decided so as to guar-
antee that at least one required memory appears
in the window, according to our human annotation
process. The task of human study is to recognize
whether the top-3 returned scenes contain at least
one related history scene.
Results The same annotators working on the study
in Section 4 evaluated the retrieved scenes. Re-
sults show that the recall of the top-3 results from
this state-of-the-art model is low (35.5%). This
difficulty in scene retrieval may arise from: (1) the
queries are scenes with structures, which leads to
different query formats from standard IR tasks; (2)
many relevant scenes are dissimilar to the query
scenes in the semantic space, but associated with
the query in specific aspects or even analogous to
the query scene; (3) some scenes require multi-
hop retrieval, especially when combined with ToM
modeling (reasoning about what others know).

All these challenges are non-trivial, and calls for
further studies on semantic search to address.

G Model Checklist

We implement our baselines based on Hug-
gingFace Transformers.10 We use the pre-
trained allenai/longformer-base-4096
and bert-base-uncased models. We train all
the models with the Adam optimizer.

We train our model on a single V100 GPU. It
takes around 1 hour and 40 minutes to train a
Longformer-based model. It takes around 2 hour
and 10 minutes to train a multi-row BERT model.
For all the models, we train in total 40 epochs. But
the models usually converge in less than 20 epochs.

Hyperparameters We set the number of rows
in MR. BERT to 12, to maximize the usage of
GPU memory. We set the maximum length of
Longformer to 2000, which can handle the lengths
of most of the input scenes. The window size is set
to 256. We set the learning rate to 2e-5.

We report our result with a single run. How-
ever, for each model we run twice; and we found
the average development accuracy varies less than
0.5%.

9We use the all-mpnet-base-v2 model from
https://sbert.net/ that reports the top-1 performance
on 14 sentence embedding tasks and 6 semantic search tasks.

10https://github.com/huggingface/transformers
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Abstract

Distillation efforts have led to language mod-
els that are more compact and efficient without
serious drops in performance. The standard
approach to distillation trains a student model
against two objectives: a task-specific objec-
tive (e.g., language modeling) and an imitation
objective that encourages the hidden states of
the student model to be similar to those of the
larger teacher model. In this paper, we show
that it is beneficial to augment distillation with
a third objective that encourages the student
to imitate the causal dynamics of the teacher
through a distillation interchange intervention
training objective (DIITO). DIITO pushes the
student model to become a causal abstrac-
tion of the teacher model – a faithful model
with simpler causal structure. DIITO is fully
differentiable, easily implemented, and com-
bines flexibly with other objectives. Compared
against standard distillation with the same set-
ting, DIITO results in lower perplexity on the
WikiText-103M corpus (masked language mod-
eling) and marked improvements on the GLUE
benchmark (natural language understanding),
SQuAD (question answering), and CoNLL-
2003 (named entity recognition).

1 Introduction

Large pretrained language models have improved
performance across a wide range of NLP tasks, but
can be costly due to their large size. Distillation
seeks to reduce these costs while maintaining per-
formance by training a simpler student model from
a larger teacher model (Hinton et al., 2015; Sun
et al., 2019; Sanh et al., 2019; Jiao et al., 2019).

Hinton et al. (2015) propose model distillation
with an objective that encourages the student to
produce output logits similar to those of the teacher
while also supervising with a task-specific objec-
tive (e.g., sequence classification). Sanh et al.
(2019), Sun et al. (2019), and Jiao et al. (2019)

∗Equal contribution. ¶Correspondence authors.

adapt this method, strengthening it with additional
supervision to align internal representations be-
tween the two models. However, these approaches
may push the student model to match all aspects
of internal states of the teacher model irrespective
of their causal role in the network’s computation.
This motivates us to develop a method that focuses
on aligning the causal role of representations in the
student and teacher models.

We propose augmenting standard distillation
with a new objective that pushes the student to
become a causal abstraction (Beckers and Halpern,
2019; Beckers et al., 2020; Geiger et al., 2021a)
of the teacher model: the simpler student will
faithfully model the causal effect of teacher rep-
resentations on output. To achieve this, we employ
the interchange intervention training (IIT) method
of Geiger et al. (2021b). The distillation inter-
change intervention training objective (DIITO)
aligns a high-level student model with a low-level
teacher model and performs interchange interven-
tions (swapping of aligned internal states); during
training the high-level model is pushed to conform
to the causal dynamics of the low-level model.

Figure 1 shows a schematic example of this pro-
cess. Here, hidden layer 2 of the student model
(bottom) is aligned with layers 3 and 4 of the
teacher model. The figure depicts a single inter-
change intervention replacing aligned states in the
left-hand models with those from the right-hand
models. This results in a new network evolution
that is shaped both by the original input and the
interchanged hidden states. It can be interpreted as
a certain kind of counterfactual as shown in Fig-
ure 1: what would the output be for the sentence
“I ate some ⟨MASK⟩.” if the activation values for the
second token at the middle two layers were set
to the values they have for the input “The water
⟨MASK⟩ solid.”? DIITO then pushes the student
model to output the same logits as the teacher, i.e.,
matching the teacher’s output distribution under
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LOGITS

salad

I ate some <MASK> .

LOGITS

froze

The water <MASK> solid .

pizza

LOGITS

I ate some <MASK> .

froze

LOGITS

The water <MASK> solid .

Figure 1: An IIT update in the context of masked language modelling (MLM). The teacher network (top) has 6
layers and the student (bottom) has 3 layers, and we align layer 2 in the student with layers 3–4 in the teacher.
Solid lines are feed-forward connections, red lines show the flow of backpropagation, and dashed lines indicate
interchange interventions. In this case, the student originally predicted the token “salad” under the interchange
intervention, while the teacher predicted the token “pizza” under an aligned interchange intervention. DIITO trains
the student to minimize the divergence between the student logits and the teacher logits under the interchange
intervention. This updates the student to conform to causal dynamics of the teacher.

the counterfactual setup.
To assess the contribution of distillation with

DIITO, we begin with BERTBASE (Devlin et al.,
2019) and distill it under various alignments be-
tween student and teacher while pretraining on the
WikiText-103M corpus (Merity et al., 2016) achiev-
ing−2.24 perplexity on the MLM task compared to
standard DistilBERT trained on the same data. We
then fine-tune the best performing distilled mod-
els and find consistent performance improvements
compared to standard DistilBERT trained with the
same setting on the GLUE benchmark (+1.77%),
CoNLL-2003 name-entity recognition (+0.38% on
F1 score), and SQuAD v1.1 (+2.46% on EM score).

2 Related Work

Distillation was first introduced in the context of
computer vision (Hinton et al., 2015) and has since
been widely explored for language models (Sun
et al., 2019; Sanh et al., 2019; Jiao et al., 2019).
For example, Sanh et al. (2019) propose to extract
information not only from output probabilities of
the last layer in the teacher model, but also from in-

termediate layers in the fine-tuning stage. Recently,
Rotman et al. (2021) adapt causal analysis methods
to estimate the effects of inputs on predictions to
compress models for better domain adaptation. In
contrast, we focus on imbuing the student with the
causal structure of the teacher.

Interventions on neural networks were originally
used as a structural analysis method aimed at il-
luminating neural representations and their role
in network behavior (Feder et al., 2021; Pryzant
et al., 2021; Vig et al., 2020; Elazar et al., 2021;
Giulianelli et al., 2020; Geiger et al., 2020, 2021a).
Geiger et al. (2021b) extend these methods to net-
work optimization. We contribute to this existing
research by adapting intervention-based optimiza-
tion to the task of language model distillation.

3 Causal Distillation

Here, we define our distillation training procedure.
See Algorithm 1 for a summary.

GETVALS. The GETVALS operator is an
activation-value retriever for a neural model. Given
a neural modelM containing a set of neurons N
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Algorithm 1 Causal Distillation via Interchange
Intervention Training

Require: Student model S, teacher model T ,
student output neurons Ny

S , alignment Π, shuf-
fled training dataset D.
1: S.train()
2: T .eval()
3: D′ = random.shuffle(D)
4: Ny

T = Π(Ny
S)

5: while not converged do
6: for {x1,y1}, {x2,y2} in iter(D, D′) do
7: NS = sample_student_neurons()
8: NT = Π(NS)
9: with no_grad:
10: Ta = SETVALS(
11: T ,NT ,GETVALS(T ,x1,NT ))
12: oT = GETVALS(Ta,x2,N

y
T )

13: Sa = SETVALS(
14: S,NS ,GETVALS(S,x1,NS))
15: oS = GETVALS(Sa,x2,N

y
S)

16: LDIITO = get_loss(oT , oS)
17: Calculate LMLM, LCE, LCos
18: L = LMLM + LCE + LCos + LDIITO

19: L.backward()
20: Step optimizer
21: end while

(an internal representations) and an appropriate in-
put x, GETVALS(M,x,N) is the set of values
that N takes on when processing x. In the case
that N represents the neurons corresponding to the
final output, GETVALS(M,x,N) is the output of
modelM when processing x (i.e., output from a
standard forward call of a neural model).

SETVALS. The SETVALS operator is a function
generator that defines a new neural model with a
computation graph that specifies an intervention
on the original model M (Pearl, 2009; Spirtes
et al., 2001). SETVALS(M,N,v) is the new neu-
ral model where the neurons N are set to constant
values v. Because we overwrite neurons with v
in-place, gradients can back-propagate through v.

Interchange Intervention. An interchange in-
tervention combines GETVALS and SETVALS op-
erations. First, we randomly sample a pair of exam-
ples from a training dataset (x1,y1), (x2,y2) ∈ D.
Next, where N is the set of neurons that we are
targeting for intervention, we defineMx1

N to abbre-
viate the new neural model as follows:

SETVALS
(
M,N,GETVALS(M,x1,N)

)
(1)

This is the version ofM obtained from setting the
values of N to be those we get from processing
input x1. The interchange intervention targeting
N with x1 as the source input and x2 as the base
input is then defined as follows:

INTINV(M,N,x1,x2)
def
=

GETVALS(Mx1
N ,x2,N

y) (2)

where Ny are the output neurons. In other words,
INTINV(M,N,x1,x2) is the output state we get
fromM for input x2 but with the neurons N set to
the values obtained when processing input x1.

DIITO. DIITO employs T as the teacher
model, S as the student model, D as the training
inputs to both models, and Π as an alignment that
maps sets of student neurons to sets of teacher neu-
rons. For each set of student neurons NS in the
domain of Π, we define DIITO loss as:

LDIITO
CE

def
=

∑

x1,x2∈D
CES

(
INTINV(S,NS ,x1,x2),

INTINV(T ,Π(NS),x1,x2)
)

(3)

where CES is the smoothed cross-entropy loss mea-
suring the divergences of predictions, under inter-
change, between the teacher and the student model.

Distillation Objectives. We adopt the standard
distillation objectives from DistilBERT (Sanh et al.,
2019) (defined formally in Appendix A.1): LMLM
for the task-specific loss for the student model, LCE
for the loss measuring the divergence between the
student and teacher outputs on masked tokens, and
LCos for the loss measuring the divergence between
the student and teacher contextualized representa-
tions on masked tokens in the last layer. Our final
training objective for the student is a linear com-
bination of the four training objectives reviewed
above: LMLM, LCE, LCos, and LDIITO

CE . In a further
experiment, we introduce a fifth objective LDIITO

Cos
which is identical to LCos, except the teacher and
student are undergoing interchange interventions
(see Appendix A.2 for details).

4 Experimental Set-up

We adapt the open-source Hugging Face implemen-
tation for model distillation (Wolf et al., 2020).1

We distill our models on the MLM pretraining
task (Devlin et al., 2019). We use large gradient

1https://github.com/huggingface/transformers
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Pretraining WikiText GLUE CoNLL-2003 SQuAD v1.1
Model Layers Tokens Perplexity Score acc F1 EM F1

BERTBASE (Devlin et al., 2019) 12 3.3B 10.27 (–)† 82.75 (–) 96.40 (–) 92.40 (–) 80.80 (–) 88.50 (–)
(Wikipedia+BookCorpus)
DistilBERT (Sanh et al., 2019) 6 3.3B 17.48 (–)† 79.59 (–) 98.39 (–)† 93.10 (–)† 77.70 (–) 85.80 (–)
(Wikipedia+BookCorpus)

DistilBERT (WikiText) 3 0.1B 29.51 (0.32) 67.42 (1.10) 97.88 (0.04) 88.89 (0.29) 26.04 (0.93) 68.38 (0.77)
DIITOMIDDLE (WikiText) 3 0.1B 26.04 (0.93) 69.30 (1.08) 98.03 (0.04) 89.69 (0.18) 58.74 (0.69) 70.23 (0.57)
DIITOLATE (WikiText) 3 0.1B 25.97 (0.63) 69.01 (1.69) 98.03 (0.03) 89.82 (0.18) 58.75 (0.49) 70.21 (0.41)
DIITOFULL (WikiText) 3 0.1B 24.85 (0.58) 69.36 (0.87) 98.02 (0.03) 89.67 (0.16) 58.72 (0.67) 70.50 (0.56)

DistilBERT (WikiText) 6 0.1B 15.69 (1.51) 75.80 (0.42) 98.48 (0.03) 92.12 (0.23) 70.23 (0.75) 79.99 (0.55)
DIITOMIDDLE (WikiText) 6 0.1B 14.32 (0.12) 76.71 (0.47) 98.56 (0.04) 92.47 (0.19) 71.93 (0.31) 81.32 (0.23)
DIITOLATE (WikiText) 6 0.1B 14.93 (0.23) 76.80 (0.34) 98.51 (0.02) 92.36 (0.27) 71.47 (0.28) 81.01 (0.23)
DIITOFULL (WikiText) 6 0.1B 13.59 (0.25) 76.67 (0.21) 98.53 (0.04) 92.35 (0.24) 71.96 (0.29) 81.33 (0.25)

DIITOFULL+Random (WikiText) 6 0.1B 13.95 (0.18) 76.84 (0.29) 98.54 (0.03) 92.41 (0.24) 71.90 (0.54) 81.27 (0.39)
DIITOFULL+Masked (WikiText) 6 0.1B 13.99 (0.16) 76.80 (0.32) 98.55 (0.03) 92.45 (0.18) 71.77 (0.59) 81.09 (0.42)
DIITOFULL+LDIITO

Cos (WikiText) 6 0.1B 13.45 (0.19) 77.14 (0.37) 98.54 (0.04) 92.35 (0.24) 71.94 (0.31) 81.35 (0.23)

Table 1: Performance on the development sets of the WikiText, GLUE benchmark, CoNLL-2003 corpus for
the name-entity recognition task, and SQuAD v1.1 for the question answering task. The score is the averaged
performance scores with standard deviation (SD) for all tasks across 15 distinct runs. †Numbers are imputed from
released models on Hugging Face (Wolf et al., 2020).

accumulations over batches as in Sanh et al. (2019)
for better performance. Specifically, we distill all
models for three epochs for an effective batch size
of 240. In contrast to the setting of 4K per batch in
BERT (Devlin et al., 2019) and DistilBERT (Sanh
et al., 2019), we found that small effective batch
size works better for smaller dataset. We weight
all objectives equally for all experiments. With our
new objectives, the distillation takes approximately
9 hours on 4 NVIDIA A100 GPUs.

Student and Teacher Models. Our two students
have the standard BERT architecture, with 12 heads
with a hidden dimension of 768. The larger student
has 6 layers, the smaller 3 layers. Our pretrained
teacher has the same architecture, except with 12
layers. Following practices introduced by Sanh
et al. (2019), we initialize our student model with
weights from skipped layers (one out of four layers)
in the teacher model. We use WikiText for distilla-
tion to simulate a practical situation with a limited
computation budget. We leave the exploration of
our method on larger datasets for future research.

Alignment. Our teacher and student BERT mod-
els create columns of neural representations above
each token with each row created by the feed-
forward layer of a Transformer block, as in Fig-
ure 1. We define LT and LS to be the number of
layers in the student and teacher, respectively. In
addition, we define Sji and T ji to be the representa-
tions in the ith row and jth column in the student
and teacher, respectively. An alignment Π is a par-
tial function from student representations to sets of

teacher representations. We test three alignments:

FULL Π is defined on all student representations:
Π(Sji ) = {T

j
4i+k : 0 ≤ k < LT /LS}

MIDDLE Π is defined for the row LS � 2:
Π(SjLS�2) = {T

j
LT �2}

LATE Π is defined on the student representations
in the first and second rows:
Π(Sj1) = {T jLT −2} and Π(Sj2) = {T jLT −1}

For each training iteration, we randomly
select one aligned student layer to perform
the interchange intervention, and we randomly
select 30% of token embeddings for align-
ment for each sequence. We experiment
with three conditions with the FULL alignment:
consecutive tokens (DIITOFULL), random to-
kens (DIITOFULL+Random) and masked tokens
(DIITOFULL+Masked). We also include LDIITO

Cos to
the FULL alignment (DIITOFULL+LDIITO

Cos ).

5 Results

Language Modeling. We first evaluate our models
using perplexity on the held-out evaluation data
from WikiText. As shown in Table 1, DIITO
brings performance gains for all alignments. Our
best result is from the FULL alignment with the
LCos (DIITOFULL+LDIITO

Cos ), which has −2.24 per-
plexity compared to standard DistilBERT trained
with the same amount of data.

GLUE. The GLUE benchmark (Wang et al.,
2018) covers different natural language understand-
ing tasks. We report averaged GLUE scores on the
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Figure 2: Perplexity score distribution for the develop-
ment set of WikiText of models trained in a low-resource
setting. The best model is the one with the richest align-
ment structure.

development sets by fine-tuning our distilled mod-
els in Table 1. Individual task performance scores
for each GLUE task are included in Table 2 in the
Appendix. The results suggest that distilled mod-
els with DIITO lead to consistent improvements
over standard DistilBERT trained under the same
setting, with our best result (DIITOFULL+LDIITO

Cos )
being +1.77% higher.

Named Entity Recognition. We also evalu-
ate our models on the CoNLL-2003 Named Entity
Recognition task (Tjong Kim Sang and De Meul-
der, 2003). We report accuracy and Macro-F1
scores on the development sets. We fine-tune our
models for three epochs. Our best performing
model (DIITOMIDDLE) numerically surpasses not
only standard DistilBERT (+0.38% on F1 score)
trained under the same setting, but also its teacher,
BERTBASE (+0.05% on F1 score). Though these
improvements are small, in this case distillation
produces a smaller model with better performance.

Question Answering. Finally, we evaluate on a
question answering task, SQuAD v1.1 (Rajpurkar
et al., 2016). We report Exact Match and Macro-
F1 on the development sets as our evaluation met-
rics. We fine-tune our models for two epochs.
DIITO again yields marked improvements (Ta-
ble 1). Our best result is from the vanilla FULL
alignment (DIITOFULL), with +2.46% on standard
DistilBERT trained under the same setting.

Low-Resource Model Distillation We experi-
ment with an extreme case in a low-resource setting
where we only distill with 15% of WikiText, keep-
ing other experimental details constant. Our results
suggest that DIITO training is also beneficial in
extremely low-resource settings (Figure 2).

Layer-wise Ablation We further study the ef-
fect of DIITO training with respect to the size of
the student model through a layer-wise ablation
experiment. As shown in Figure 3, we compare
GLUE performance for models trained with stan-

Figure 3: GLUE score distribution across 15 distinct
runs of students in different sizes. Following the evalua-
tion for BERT (Devlin et al., 2019). we exclude WNLI
for evaluation.

dard distillation pipeline and with DIITO training
(DIITOFULL). Specifically, we compute the aver-
aged GLUE scores following the same procedure
described in Section A.4. Our results suggest that
DIITO training brings consistent improvements
over GLUE tasks with smaller models booking the
greatest gains.

6 Conclusion

In this paper, we explored distilling a teacher by
training a student to capture the causal dynamics
of its computations. Across a wide range of NLP
tasks, we find that DIITO leads to improvements,
with the largest gains coming from the models
that use the richest alignment between student and
teacher. Our results also demonstrate that DIITO
performs on-par (maintaining 97% of performance
on GLUE tasks) with standard DistilBERT (Sanh
et al., 2019) while consuming 97% less training
data. These findings suggest that DIITO is a
promising tool for effective model distillation.
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A Appendix

A.1 Standard Distillation Objectives
In our setting, our teacher model T is a BERT
model, and our student model S is a shallower
BERT model with fewer layers.

Assume that we randomly draw a training exam-
ple (x1,y1) ∈ D, where x1 is the input to our mod-
els and y1 is the corresponding ground truth (the
token prediction at each masked position). We de-
note the model predictions (output logits) as T (x1)
and S(x1). Additionally, we denote the contextu-
alized representation for tokens for x1 at the last
layer as BERTT (x1) and BERTS(x1).

We adopt the three standard distillation objec-
tives of Sanh et al. (2019):

LMLM The masked language modeling loss of the
student model calculated over all examples
using the cross-entropy loss as follows:

∑

{x1,y1}∈D
CE(S(x1),y1) (4)

LCE Following Hinton et al. (2015), the smoothed
cross-entropy loss measuring the divergence
between the student and teacher outputs as
follows:

∑

x1∈D
CES(S(x1), T (x1)) (5)

LCos The cosine embedding loss defined in terms
of the final hidden states of the teacher and
the student as follows:
∑

x1∈D
COS(BERTS(x1),BERTT (x1)) (6)

As a result, comparing to standard DistilBERT,
DIITO essentially adds a new type of objective
by pushing the student model to become a causal
abstraction of the teacher model.

A.2 Causal Distillation Objectives
In addition to our causal loss LDIITO

CE , we also pro-
pose a new loss LDIITO

Cos which is identical to LCos
with interchange interventions. In this section, we
provide a formal definition for LDIITO

Cos .
We denote our teacher and student models as
T and S respectively. Using the notational con-
ventions from Section 3, we use Ny

T and Ny
S to

represent the neurons corresponding to the final

output for each model. Likewise, we use NLT
T and

NLS
S to represent the neurons representing contex-

tualized representation for each token after the final
BERT layer.

Assuming we randomly sample a pair of exam-
ples from a training dataset (x1,y1), (x2,y2) ∈ D,
we can then rewrite our causal loss LDIITO

CE by rear-
ranging Eqn. 2 and Eqn. 3 as follows:

∑

x1,x2∈D
CES

(
GETVALS(Mx1

S ,x2,N
y
S),

GETVALS(Mx1
T ,x2,N

y
T )
) (7)

whereMxi
S andMxi

T are derived as in Eqn. 1 for
each model respectively. Crucially, Eqn. 7 can
be regarded as the causal form of the standard
smoothed cross-entropy loss with interchange in-
tervention. Likewise, we can further define the
LDIITO

Cos as:
∑

x1,x2∈D
COS

(
GETVALS(Mx1

S ,x2,N
LS
S ),

GETVALS(Mx1
T ,x2,N

LT
T )
) (8)

with adjusted interchange alignments for NLT
T and

NLS
S .

A.3 Evaluation Set-up
GLUE We fine-tune for 25 epochs for the smaller
datasets (RTE and CoLA) and 3 epochs for the oth-
ers. Following Devlin et al. (2019) and Sanh et al.
(2019), we use Matthew’s Correlation for CoLA, F1
for MRPC and QQP, Spearman correlation for STS-
B, and accuracy for all the other tasks in GLUE.

A.4 Reproducibility
To foster reproduciblity and provide a fair compar-
ison between methods, we distill BERT for each
condition with three distinct random seeds. We
then fine-tune each model with five distinct random
seeds. Consequently, we report results aggregated
from three distinct runs for the language modeling
task, and 15 distinct runs for others.

Named Entity Recognition We follow the ex-
perimental set-up in the Hugging Face (Wolf et al.,
2020) repository for evaluation for the CoNLL-
2003 Named Entity Recognition task (Tjong
Kim Sang and De Meulder, 2003). For fine-tuning,
we set the learning rate to 5e−5 with an effective
batch size of 32 for three epochs.2

2For DistilBERT performance in Table 1 on CoNLL-
2003, we evaluate with a publicly avaliable model
downloaded from https://huggingface.co/delpart/
distilbert-base-uncased-finetuned-ner.
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Pretraining General Language Understanding Evaluation (GLUE)
Model Layers Tokens CoLA MNLI MRPC QNLI QQP RTE SST-2 STS-B

BERTBASE (Devlin et al., 2019) 12 3.3B 56.30 84.70 88.60 91.80 89.60 69.30 92.70 89.00
(Wikipedia+BookCorpus)
DistilBERT (Sanh et al., 2019) 6 3.3B 51.30 82.10 87.50 89.20 88.50 59.90 91.30 86.90
(Wikipedia+BookCorpus)

DistilBERT (WikiText) 3 0.1B 22.78 71.55 82.51 82.12 82.16 55.43 86.47 56.33
DIITOMIDDLE (WikiText) 3 0.1B 23.21 72.97 82.81 83.15 82.83 55.98 86.52 66.93
DIITOLATE (WikiText) 3 0.1B 24.12 72.80 82.16 82.88 82.85 57.29 87.31 62.65
DIITOFULL (WikiText) 3 0.1B 25.01 72.85 82.71 83.05 82.85 55.37 86.92 66.15

DistilBERT (WikiText) 6 0.1B 40.43 78.95 87.45 84.76 84.96 60.10 89.38 80.40
DIITOMIDDLE (WikiText) 6 0.1B 43.97 79.47 87.57 85.45 85.21 60.72 89.97 81.33
DIITOLATE (WikiText) 6 0.1B 43.93 79.49 87.70 85.79 85.22 60.14 90.31 81.79
DIITOFULL (WikiText) 6 0.1B 43.43 79.66 88.17 85.57 85.28 59.95 90.01 81.26

DIITOFULL+Random (WikiText) 6 0.1B 44.27 79.70 88.06 85.63 85.34 60.89 89.76 81.08
DIITOFULL+Masked (WikiText) 6 0.1B 43.39 79.63 87.88 85.61 85.30 61.06 89.97 81.58
DIITOFULL+LDIITO

Cos (WikiText) 6 0.1B 45.17 79.68 88.18 85.83 85.31 60.94 90.32 81.69

Table 2: Model performance results on the development sets of the GLUE benchmark. The GLUE score is the
averaged performance scores across 15 distinct runs with precision aligned for a fair comparison. Following the
evaluation for BERT (Devlin et al., 2019), we exclude WNLI for evaluation.

Question Answering We use the experimental
set-up of Sanh et al. (2019) for evaluation on
SQuAD v1.1 (Rajpurkar et al., 2016). For fine-
tuning, we set the learning rate to 3e−5 with an
effective batch size of 48 for two epochs. We set
the stride to 128.
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Abstract

We show that Transformer encoder architec-
tures can be sped up, with limited accuracy
costs, by replacing the self-attention sublayers
with simple linear transformations that “mix”
input tokens. Most surprisingly, we find that
replacing the self-attention sublayer in a Trans-
former encoder with a standard, unparameter-
ized Fourier Transform achieves 92-97% of
the accuracy of BERT counterparts on the
GLUE benchmark, but trains 80% faster on
GPUs and 70% faster on TPUs at standard
512 input lengths. At longer input lengths, our
FNet model is significantly faster: when com-
pared to the “efficient Transformers” on the
Long Range Arena benchmark, FNet matches
the accuracy of the most accurate models,
while outpacing the fastest models across all
sequence lengths on GPUs (and across rela-
tively shorter lengths on TPUs). Finally, FNet
has a light memory footprint and is particularly
efficient at smaller model sizes; for a fixed
speed and accuracy budget, small FNet mod-
els outperform Transformer counterparts.1

1 Introduction

The Transformer architecture (Vaswani et al., 2017)
has achieved rapid and widespread dominance in
NLP. At its heart is a attention mechanism – an
inductive bias that connects each token in the input
through a relevance weighted basis of every other
token. Many papers have prodded and probed the
Transformer, and in particular the attention sublay-
ers, in an effort to better understand the architec-
ture; see, for example, Tenney et al. (2019); Vig
and Belinkov (2019); Clark et al. (2019); Voita et al.
(2019). Although potentially limited in their ef-
fectiveness (Hewitt and Liang, 2019), these probes
generally back the intuition that, by allowing higher
order units to form out of compositions of the input,

1Code is available at https://github.com/
google-research/google-research/tree/
master/f_net.

Transformer models can flexibly capture diverse
syntactic and semantic relationships.

In this work, we investigate whether simpler to-
ken mixing mechanisms can wholly replace the
relatively complex self-attention layers in Trans-
former encoder architectures. We first replace the
attention sublayer with two parameterized matrix
multiplications – one mixing the sequence dimen-
sion and one mixing the hidden dimension. See-
ing promising results in this simple linear mixing
scheme, we further investigate the efficacy of faster,
structured linear transformations. Surprisingly, we
find that the Fourier Transform, despite having no
parameters at all, achieves nearly the same perfor-
mance as dense linear mixing and scales very effi-
ciently to long inputs, especially on GPUs (owing
to the O(N logN) Fast Fourier Transform (FFT)
algorithm). We call the resulting model FNet.

While Fourier Transforms have previously been
used to approximate or speed up computations
in Convolutional Neural Networks (El-Bakry and
Zhao, 2004; Mathieu et al., 2014; Highlander and
Rodriguez, 2015; Pratt et al., 2017; Lin et al., 2018;
Chitsaz et al., 2020; Goldberg et al., 2020), Recur-
rent Neural Networks (Koplon and Sontag, 1997;
Zhang and Chan, 2000; Zhang et al., 2018), Trans-
formers (Choromanski et al., 2020; Tamkin et al.,
2020), and MLP layers more generally (Cheng
et al., 2015; Moczulski et al., 2016; Sindhwani
et al., 2015), we believe our work is the first to
wholly replace particular neural network sublayers
with a Fourier Transform. This approach of view-
ing the Fourier Transform as a first class mixing
mechanism is reminiscent of the MLP-Mixer (Tol-
stikhin et al., 2021) for vision, which replaces at-
tention with MLPs; although in contrast to MLP-
Mixer, FNet has no learnable parameters that mix
along the spatial dimension.

Given the favorable asymptotic complexity of
the FFT, our work also connects with the literature
on “long sequence” or “efficient” Transformers,
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which aim to make the attention mechanism scale
better via sparsity patterns (Child et al., 2019; Qiu
et al., 2020; Parmar et al., 2018; Beltagy et al.,
2020; Ainslie et al., 2020; Zaheer et al., 2020;
Wang et al., 2020; Tay et al., 2020b,a; Kitaev et al.,
2020; Roy et al., 2021; Vyas et al., 2020; Liu
et al., 2018) or via linearization of the attention
matrix (Katharopoulos et al., 2020; Choromanski
et al., 2021; Peng et al., 2021). As we will show
in our experiments, while some of those works
achieve O(N) scaling of attention, this complexity
often hides large constants, which make them less
scalable in practice than FNet.

The contributions of our paper are:

• We show that simple linear transformations,
including even (parameter-free) Fourier Trans-
forms, along with standard MLPs in feed-
forward layers, are competent at modeling
diverse relationships in text. That such a sim-
ple linear transformation works at all is sur-
prising, and suggests that, for at least some
NLP problems, attention may not be the prin-
cipal component driving the performance of
Transformers.

• We introduce a new model, FNet, that uses
the Fourier Transform as a mixing mecha-
nism. FNet offers an excellent compromise
between speed, memory footprint, and accu-
racy, achieving 92% and 97%, respectively, of
the accuracy of BERT-Base and BERT-Large
(Devlin et al., 2019) on the GLUE benchmark
(Wang et al., 2018), while training 80% faster
on GPUs and 70% faster on TPUs.

• We find that FNet hybrid models contain-
ing only two self-attention sublayers achieve
97− 99% of their BERT counterparts’ accu-
racy on GLUE, while still running 40− 70%
faster. This indicates that, while attention can
improve accuracy, it may not be necessary to
use in every layer.

• We demonstrate FNet scales very well to long
inputs and offers a better compromise between
speed and accuracy than the efficient Trans-
formers evaluated on the Long-Range Arena
(LRA) benchmark (Tay et al., 2021a). Specif-
ically, FNet achieves accuracy comparable
to the most accurate efficient Transformer ar-
chitectures but is significantly faster at both

training and inference than all of the evalu-
ated Transformer architectures across all se-
quence lengths on GPUs. On TPUs, FNet is
faster for relatively shorter sequence lengths;
for longer sequences, the only efficient Trans-
formers that are faster than FNet on TPUs are
less accurate on the LRA benchmark. Based
on this, we argue that rather than seeking more
efficient approximations of the attention, there
may be more value in seeking out completely
new mixing mechanisms.

2 Related work

2.1 Fourier Transforms in neural networks

Fourier analysis features heavily in studies of the
universal approximation properties of neural net-
works; see, for example, (Cybenko, 1989; Barron,
1993). In terms of practical applications, discrete
Fourier Transforms (DFT), and in particular the
Fast Fourier Transform (FFT), have been used to
tackle signal processing problems such as fitting
neural networks to FFTs of electrocardiogram sig-
nals (Minami et al., 1999; Gothwal et al., 2011;
Mironovova and Bíla, 2015) and vibration signals
(Zhang et al., 2013), or to evolve solutions of Par-
tial Differential Equations (Li et al., 2021).

Because ordinary multiplication in the frequency
domain corresponds to a convolution in the time do-
main, FFTs have been deployed in Convolutional
Neural Networks to speed up computations, in Re-
current Neural Networks to speed up training and
reduce exploding and vanishing gradients, and gen-
erally to approximate dense, linear layers to reduce
computational complexity; see references cited in
Section 1. DFTs have also been used indirectly in
several Transformer works. The Performer (Choro-
manski et al., 2020) linearizes the Transformer self-
attention mechanism by leveraging random Fourier
features to approximate a Gaussian representation
of the softmax kernel. In our work, rather than
approximating attention, we replace attention with
the Fourier Transform, which acts as an alternate
hidden representation mixing mechanism. Tamkin
et al. (2020) use spectral filters to generate hier-
archical features, showing that the filtered embed-
dings perform well in different tasks (word-level,
sentence-level or document-level), depending on
which frequency scales are filtered. In contrast to
FNet, they separate Fourier frequencies, rather than
using the transform to combine features.
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2.2 Modeling semantic relations via attention

Attention models have achieved state of the art re-
sults across virtually all NLP tasks and even some
image tasks (Dosovitskiy et al., 2021). This success
is generally attributed to the flexibility and capac-
ity of attention. Although some works (Ramsauer
et al., 2021) have endeavoured to gain a deeper
understanding of attention, the pervasive intuition
is that the success of attention models derives from
the token-dependent attention patterns in differ-
ent layers; see, for example, (Tenney et al., 2019).
However, it is natural to ask: Do we really need the
flexibility, and associated cost, of attention?

Tay et al. (2020a) empirically investigated the
importance of the dot product operation in the atten-
tion mechanism in their Synthesizer model (related
to our “Linear” baseline below). They find that
learnt token-dependent attention weights are highly
expressive, but not necessarily crucial for realiz-
ing accurate NLP models. You et al. (2020) re-
place attention weights in the Transformer encoder
and decoder with unparameterized Gaussian dis-
tributions, showing minimal performance degrada-
tion provided they retain learnable cross-attention
weights. Similarly, Raganato et al. (2020) find lit-
tle to no accuracy degradation when replacing all
but one of the attention heads of each attention
layer in the encoder with fixed, non-learnable po-
sitional patterns. Finally, Tolstikhin et al. (2021)
present MLP-Mixer, where attention is replaced
by MLPs, with limited performance degradation in
image classification tasks.

2.3 Efficient and long sequence models

The standard attention mechanism (Vaswani et al.,
2017) has a quadratic time and memory bottleneck
with respect to sequence length. This limits its ap-
plicability in tasks involving long range dependen-
cies. Most efforts to improve attention efficiency
are based on sparsifying the attention matrix. Tay
et al. (2020c) survey many of the recent efficient
attention works; see also citations in Section 1. Sev-
eral “efficient Transformers” achieve O(N

√
N) or

even O(N) theoretical complexity. However, the
constants hidden by this notation can be large. For
example, in models such as Longformer (Beltagy
et al., 2020), ETC (Ainslie et al., 2020), and Big-
Bird (Zaheer et al., 2020), attention is O(N) as a
function of the input length, but quadratic in the
number of “global tokens”; the latter must be suffi-
ciently large to ensure good performance.

The Long-Range Arena benchmark (Tay et al.,
2021a) attempts to compare many of the efficient
Transformers in a series of tasks requiring long
range dependencies, finding that the Performer
(Choromanski et al., 2021), Linear Transformer
(Katharopoulos et al., 2020), Linformer (Wang
et al., 2020), and Image Transformer (Local Atten-
tion) (Parmar et al., 2018) were the fastest on TPUs
and had the lowest peak memory usages per de-
vice.2 Instead, in this paper we completely replace
self-attention with a different mixing, namely the
Fourier Transform, which offers: (1) performance,
(2) reduced model size (no learnable parameters),
and (3) simplicity.

Finally, we note that, in an effort to investigate
different token mixing mechanisms, we compare
a vanilla BERT model (Devlin et al., 2019) with
a vanilla FNet, ignoring more recent Transformer
optimizations, which we consider orthogonal to
this work; see, for example, (Narang et al., 2021;
Kim and Hassan, 2020; Shleifer and Rush, 2020).

3 Model

3.1 Discrete Fourier Transform
The Fourier Transform decomposes a function into
its constituent frequencies. Given a sequence {xn}
with n ∈ [0, N−1], the discrete Fourier Transform
(DFT) is defined by the formula:

Xk =

N−1∑

n=0

xne
− 2πi

N
nk, 0 ≤ k ≤ N − 1. (1)

For each k, the DFT generates a new representation
Xk as a sum of all of the original input tokens xn,
with so-called “twiddle factors”. There are two pri-
mary approaches to computing the DFT: the Fast
Fourier Transform (FFT) and matrix multiplication.
The standard FFT algorithm is the Cooley–Tukey
algorithm (Cooley and Tukey, 1965; Frigo and
Johnson, 2005), which recursively re-expresses the
DFT of a sequence of length N = N1N2 in terms
of N1 smaller DFTs of sizes N2 to reduce the com-
putation time to O(N logN).

An alternative approach is to simply apply the
DFT matrix to the input sequence. The DFT matrix,
W , is a Vandermonde matrix for the roots of unity
up to a normalization factor:

Wnk =
(
e−

2πi
N
nk/
√
N
)
, (2)

2Memory usage is often overlooked, but empirical studies
have shown that Transformer architectures are often memory-
bound (Ivanov et al., 2020; Shazeer, 2019).
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Figure 1: FNet architecture with N encoder blocks.

where n, k = 0, . . . , N − 1. This matrix multipli-
cation is an O(N2) operation, which has higher
asymptotic complexity than the FFT, but turns out
to be faster for relatively shorter sequences on
TPUs.

3.2 FNet architecture
FNet is an attention-free Transformer architec-
ture, wherein each layer consists of a Fourier mix-
ing sublayer followed by a feed-forward sublayer.
The architecture is shown in Figure 1. Essen-
tially, we replace the self-attention sublayer of each
Transformer encoder layer with a Fourier sublayer,
which applies a 2D DFT to its (sequence length,
hidden dimension) embedding input – one 1D DFT
along the sequence dimension, Fseq, and one 1D
DFT along the hidden dimension, Fh:3

y = <
(
Fseq (Fh(x))

)
. (3)

As indicated by Equation (3), we only keep the real
part of the result; hence, we do not need to modify
the (nonlinear) feed-forward sublayers or output
layers to handle complex numbers. We found that
FNet obtained the best results when the real part
of the total transformation was only extracted at
the end of the Fourier sublayer; that is, after ap-
plying both Fseq and Fh. We also experimented
with the Hadamard, Hartley and Discrete Cosine
Transforms. Of these three, the Hartley Transform
was the strongest alternative, obtaining comparable

3The relative ordering of Fseq and Fh in Equation (3) is
immaterial because the two 1D DFTs commute.

accuracy to Equation (3); see Appendix A.3 for
details.

The simplest interpretation for the Fourier Trans-
form is as a particularly effective mechanism for
mixing tokens, which provides the feed-forward
sublayers sufficient access to all tokens. Because
of the duality of the Fourier Transform, we can also
view each alternating encoder block as applying
alternating Fourier and inverse Fourier Transforms,
transforming the input back and forth between the
“time” and frequency domain. Because multiplying
by the feed-forward sublayer coefficients in the fre-
quency domain is equivalent to convolving (with a
related set of coefficients) in the time domain, FNet
can be thought of as alternating between multipli-
cations and convolutions.4

We use the same embedding layers as in Devlin
et al. (2019); namely, we combine the word embed-
dings, absolute position embeddings of the tokens
and type embeddings of the sentences. Because of
the positional information encoded by the Fourier
Transform in Equation (1) (see n, k indices), FNet
performs just as well without position embeddings.
Nevertheless, we include the position embeddings
to allow for a cleaner comparison with BERT.

3.3 Implementation

Empirically, we found that on GPUs: the FFT is
faster than matrix multiplications for all sequence
lengths we consider (512− 8192 tokens), whereas
on TPUs: for relatively shorter sequences (≤ 4096
tokens), it is faster to cache the DFT matrix and
then compute the DFT through matrix multiplica-
tions than using the FFT; for longer sequences, the
FFT is faster. As a result, our GPU FNet imple-
mentation always uses the FFT, while our TPU
implementation computes the 2D DFT using ma-
trix multiplications for sequences up to lengths of
4096 and the FFT for longer lengths. Presumably
the GPU vs TPU difference is primarily a result of
two factors: (1) TPUs are even more highly opti-
mized for matrix multiplications than GPUs, and
(2) GPUs offer a more efficient FFT implementa-
tion than TPUs. We suspect that FNet will only
become more performant on TPUs as the TPU im-
plementation of the FFT improves. Our model uses
JAX and, in particular, the Flax framework5. Core

4This is merely an intuition; the reality is more complicated
due to the presence of residual connections and since the
transformation in Equation (3) is no longer invertible if we
only use the real component.

5https://github.com/google/flax
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Table 1: Number of mixing layer operations (forward
pass) and learnable parameters, excluding any task spe-
cific output projection layers. n is the sequence length
and dh is the model hidden dimension. The mixing
layer operations are given on a per layer basis.

Mixing layer ops Model params
Model (per layer) Base Large
BERT 2n2dh + 4nd2h 112M 339M
Linear n2dh + nd2h 94M 269M
FNet (mat) n2dh + nd2h 83M 238M
FNet (FFT) ndh log(n)+ 83M 238M

ndh log(dh)
Random n2dh + nd2h 83M 238M
FF-only 0 83M 238M

model code is given in Appendix A.7 and the full
source core is available online.6

4 Results

4.1 Transfer learning
We compare FNet and Transformer architectures
in a common transfer learning setting. For a fuller
picture, we compare multiple models (see Table 1
for parameter counts in “Base” configuration):

• BERT-Base: a Transformer encoder model.

• FNet encoder: we replace every self-attention
sublayer with a Fourier sublayer.

• Linear encoder: we replace each self-attention
sublayer with a two learnable, dense, linear
sublayers, one applied to the hidden dimen-
sion and one to the sequence dimension.

• Random encoder: we replace each self-
attention sublayer with a two constant random
matrices, one applied to the hidden dimension
and one applied to the sequence dimension.

• Feed Forward-only (FF-only) encoder: we
completely remove the self-attention sublayer;
so that this model has no token mixing.

Despite its simplicity, the Linear baseline turns
out to be surprisingly accurate and fast. Our Lin-
ear model is similar to the MLP-Mixer (Tolstikhin
et al., 2021) (for vision) and also the Random Syn-
thesizer (Tay et al., 2020a), but simplifies the latter
model further by removing the multiple heads and

6https://github.com/google-research/
google-research/tree/master/f_net

softmax projections, resulting in just two matrix
multiplications in the mixing sublayer.

It is reasonable to expect that the Linear encoder,
which uses densely parameterized mixing layers,
will learn more flexibly than FNet, which uses
parameter-free mixing layers. As we will show,
although the Linear-Base model outperforms FNet-
Base slightly on GLUE (0.3 points), it has several
efficiency drawbacks relative to FNet: it has a much
larger memory footprint (see Table 4b), it is slower
to train on regular 512 sequence lengths (see Table
3), and scales significantly worse on long sequence
lengths (see Tables 4b-4c).7 We also found that
Linear-Large was more difficult to train due to gra-
dient blow up (see “Large” scores in Table 2).

We adopt the same fixed “Base” and “Large”
model and training configurations as for the origi-
nal BERT (Devlin et al., 2019), except that we pre-
train on the much larger C4 dataset (Raffel et al.,
2020) and use a 32000 SentencePiece vocabulary
model (Kudo and Richardson, 2018) (see Appendix
A.1 for full pre-training details). For fine-tuning
on the GLUE benchmark (Wang et al., 2018), we
found that different BERT runs with the same base
learning rate could yield slightly different results.
Consequently, for the Base (Large) models, we
performed 3 (6) trials, respectively, for each base
learning rate and reported the best result across
all experiments. This reflects our observation that
BERT-Large was less stable than BERT-Base, as
noted in Devlin et al. (2019).

We report the results for the best base learning
rate (no early stopping) on the GLUE Validation
split in Table 2.8 For Base models, results mirror
the pre-training metrics (see Appendix A.1): BERT
performs best. FNet and the Linear model both
underperform BERT by 7.5 − 8%. Referring to
Table 3, we see that although less accurate, FNet
trains significantly faster than BERT – 80% faster
on GPUs and 70% faster on TPUs – and performs
63% of BERT’s FLOPS. Measured in isolation,
the Fourier sublayers perform forward and back-
ward passes an order of magnitude faster than the
self-attention sublayers (see Appendix A.4), but
FNet’s overall training speed is impeded by the
feed-forward sublayers that all models share.

7On the other hand, the smaller sized Linear models do
generally perform well on 512 sequence lengths; see Figure 2.

8WNLI is excluded in Devlin et al. (2019). BERT’s
accuracy on WNLI is below baseline, unless a special
training recipe is used. See also (12) in https://
gluebenchmark.com/faq.
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Table 2: GLUE Validation results on TPUs, after finetuning on respective tasks. We report the mean of accuracy
and F1 scores for QQP and MRPC, Spearman correlations for STS-B and accuracy scores for all other tasks.
The MNLI metrics are reported by the match/mismatch splits. Average scores exclude any failure cases. After
controlling for batch size and training steps, the GPU metrics (not shown) are similar.

Model MNLI QQP QNLI SST-2 CoLA STS-B MRPC RTE Avg.
BERT-Base 84/81 87 91 93 73 89 83 69 83.3
Linear-Base 74/75 84 80 94 67 67 83 69 77.0
FNet-Base 72/73 83 80 95 69 79 76 63 76.7
Random-Base 51/50 70 61 76 67 4 73 57 56.6
FF-only-Base 34/35 31 52 48 67 FAIL 73 54 49.3
FNet-Hybrid-Base 78/79 85 88 94 76 86 79 60 80.6
BERT-Large 88/88 88 92 95 71 88 86 66 84.7
Linear-Large 35/36 84 80 79 67 24 73 60 59.8
FNet-Large 78/76 85 85 94 78 84 88 69 81.9
FNet-Hybrid-Large 79/80 87 89 92 81 88 86 70 83.6

Table 3: Pre-training and inference speeds in milliseconds per batch of 64 examples on GPU (8 V100 chips) and
256 examples on TPU (4 × 4 v3 chips), alongside GFLOPS for a forward pass of a single example. Speed-up
multipliers relative to BERT are given in parentheses.

Pre-training Inference GFLOPS
Model GPU TPU GPU TPU /example
BERT-Base 305 213 82 32 98
Linear-Base 199 (1.5x) 149 (1.4x) 52 (1.6x) 20 (1.6x) 71 (73%)
FNet-Base 169 (1.8x) 128 (1.7x) 46 (1.8x) 23 (1.4x) 62 (63%)
Random-Base 182 (1.7x) 130 (1.6x) 52 (1.6x) 22 (1.4x) 71 (73%)
FF-only-Base 162 (1.9x) 118 (1.8x) 43 (1.9x) 16 (2.0x) 59 (60%)
FNet-Hybrid-Base 198 (1.5x) 149 (1.4x) 51 (1.6x) 24 (1.3x) 68 (69%)
BERT-Large OOM 503 263 111 337
Linear-Large 592 397 (1.3x) 170 (1.5x) 108 (1.0x) 247 (73%)
FNet-Large 511 275 (1.8x) 149 (1.8x) 82 (1.4x) 217 (64%)
FNet-Hybrid-Large 541 294 (1.7x) 157 (1.7x) 84 (1.3x) 227 (67%)

Returning to Table 2: the FF-only model
severely underperforms all other models: as ex-
pected, token mixing is critical to the expressivity
of the model. For example, 50% accuracy scores on
the binary classification tasks (QNLI, SST-2, RTE),
indicate that the model fails to learn the tasks. The
weak accuracy of the Random model suggests that
not just any mixing will do; rather, a structured
mixing is required. We also include metrics from a
hybrid FNet attention model. In the hybrid model,
we replace the final two Fourier sublayers of FNet
with self-attention sublayers – other configurations
are possible, but we generally found that replac-
ing the final layers worked best; see Appendix A.5.
With the addition of just two self-attention sublay-
ers, the hybrid FNet models achieve 97% and 99%
of their respective BERT counterpart’s accuracies
with only limited speed degradations (see Table 3).

Interestingly, the gap between BERT and FNet
shrinks to just 3% for Large models; this is likely
due to FNet-Large being more stable during train-
ing than BERT-Large.9 The Linear-Large model
severely underperforms its Base counterpart on
GLUE benchmark due to training instabilities. We
generally found that the Linear model and BERT
were less stable than the models with no param-
eters in their mixing sublayers, namely the FNet,
Random and FF-only models.

The speed vs MLM accuracy curve for GPU (8
V100 chips) pre-training is shown in Figure 2 (see
Appendix A.2 for TPU results). Both TPU and
GPU models are trained for 1 million steps as in

9Devlin et al. (2019) obtain a roughly 2.5 average point
boost on the Test split going from BERT-Base to BERT-Large.
We only see a roughly 1.5 boost on the Validation split, which
may be due to reduced headroom.

4301



Figure 2: Speed-accuracy trade-offs for GPU pre-training. The dashed line shows the Pareto efficiency frontier,
indicating the best trade-offs. For smaller models (faster training speeds; left-hand side of figure), the FNet (yellow
squares) and Linear (red triangles) models define the frontier, while for larger models (slower training speeds; right-
hand side of figure), BERT (blue circles) and FNet-Hybrid (green stars) define the frontier.

Devlin et al. (2019). Motivated by the models con-
sidered in Turc et al. (2019), we evaluated several
model sizes; see Table 6 in Appendix A.1. We
found that the smaller model architectures bene-
fited from larger learning rates, so we select the
best result using 10−3 and 10−4 for all models.10

The GPU (Figure 2), and TPU (Figure 3 in Ap-
pendix A.2) results display the same trends. For
larger, slower models, BERT and FNet-Hybrid de-
fine the Pareto speed-accuracy efficiency frontier.
For smaller, faster models, FNet and the Linear
model define the efficiency frontier.

4.2 Long-Range Arena (LRA) benchmark

Of the efficient Transformers evaluated on LRA
benchmark by Tay et al. (2021a), their results
suggest that (1) the vanilla Transformer is (by a
small margin) the second most accurate model, and
(2) the Performer (Choromanski et al., 2021) is
the fastest model. We benchmark FNet’s accu-
racy against both of these models using Tay et al.
(2021a)’s codebase and running on the same hard-
ware (4× 4 TPU v3 chips); the results are shown
in Table 4a.11 To ensure a fair comparison, we also
report the results of our own experiments for the

10We have opted to compare FNet with Transformer mod-
els as the latter are the most commonly used models in NLP
transfer learning settings. It would also be interesting to com-
pare FNet with convolutional-based models, although, to our
knowledge, such models have only recently found limited suc-
cess in pre-training NLP setups (Tay et al., 2021b); and even
there, the authors did not consider the small model regime.

11The “Linear” model in Table 4 is the baseline model
introduced in Section 4.1.

vanilla Transformer (see Appendix A.6 for details).
Table 4a suggests that, in aggregate, the (vanilla)

Transformer and FNet obtain comparable results.
Given that the Transformer is the second most ac-
curate model evaluated by Tay et al. (2021a) and
that the relative differences in the average accuracy
scores within Table 4a are small, our results suggest
that FNet is competitive with the most accurate of
the efficient Transformers on LRA.

Turning to efficiency, in Table 4b, we pro-
vide training speed and memory usage statis-
tics from our experiments on GPUs (8 V100
chips); see Appendix A.2 for results on TPUs.
We perform a sweep over sequence lengths
{512, 1024, 2048, 4096, 8192}. On GPUs, FNet
is much faster than all other models across all se-
quence lengths, due to the highly efficient FFT
implementation on GPUs. Table 4b also indicates
that FNet has a lighter memory footprint (this holds
for both GPUs and TPUs; see extended results in
Appendix A.2). This is partly because FNet has
no learnable parameters in its mixing sublayer, but
also due to the FFT’s efficiency, especially at longer
sequence lengths. Lastly, Table 4c shows that train-
ing speed gains generally carry over to inference
gains (see Appendix A.2 for detailed TPU results).

5 Conclusions

In this work, we studied simplified token mix-
ing modules for Transformer-like encoder archi-
tectures, making several contributions. First, we
showed that simple, linear mixing transformations,
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Table 4: Accuracy, inference speed and memory usage results on the Long-Range Arena (LRA) benchmark.

Model ListOps Text Retrieval Image Pathfinder Path-X Avg.
Transformer (ours) 36.06 61.54 59.67 41.51 80.38 OOM 55.83
Linear (ours) 33.75 53.35 58.95 41.04 83.69 FAIL 54.16
FNet (ours) 35.33 65.11 59.61 38.67 77.80 FAIL 55.30
Transformer (*) 36.37 64.27 57.46 42.44 71.40 FAIL 54.39
Local Attention (*) 15.82 52.98 53.39 41.46 66.63 FAIL 46.06
Sparse Trans. (*) 17.07 63.58 59.59 44.24 71.71 FAIL 51.24
Longformer (*) 35.63 62.85 56.89 42.22 69.71 FAIL 53.46
Linformer (*) 35.70 53.94 52.27 38.56 76.34 FAIL 51.36
Reformer (*) 37.27 56.10 53.40 38.07 68.50 FAIL 50.67
Sinkhorn Trans. (*) 33.67 61.20 53.83 41.23 67.45 FAIL 51.39
Synthesizer (*) 36.99 61.68 64.67 41.61 69.45 FAIL 52.88
BigBird (*) 36.05 64.02 59.29 40.83 74.87 FAIL 55.01
Linear Trans. (*) 16.13 65.90 53.09 42.34 75.30 FAIL 50.55
Performer (*) 18.01 65.40 53.82 42.77 77.05 FAIL 51.41

(a) Accuracy results obtained on TPUs as in Tay et al. (2021a). Asterisked results quoted from Tay et al. (2021a). Average does
not include the Path-X task, which all models fail (Transformer due to memory limits; others perform no better than chance).

Training Speed (steps/s) Peak Memory Usage (GB)
Seq. length 512 1024 2048 4096 8192 512 1024 2048 4096 8192
Transformer 21 10 4 OOM OOM 1.6 4.0 12.2 OOM OOM
Linear 34 (1.6x) 19 (1.8x) 9 (2.0x) 4 OOM 0.9 1.6 2.8 6.9 OOM
FNet (FFT) 43 (2.0x) 24 (2.3x) 14 (3.2x) 7 4 0.8 1.3 2.2 3.9 7.4
Performer 28 (1.3x) 15 (1.5x) 9 (1.9x) 4 2 1.1 1.9 3.1 5.5 10.4

(b) GPU training for sequence lengths up to 8192. Only the fastest efficient Transformer, namely Performer, from Tay et al.
(2021a) is shown. Left: training speeds (in steps per second; larger is better), with speed-up multipliers relative to the Transformer
given in parentheses. Right: peak memory usage (in GB; smaller is better).

Seq. length 512 1024 2048 4096 8192 16384
Transformer 12 28 76 244 OOM OOM
Linear 9 (1.4x) 14 (2.0x) 30 (2.6x) 72 (3.4x) 208 OOM
FNet (FFT) 8 (1.5x) 12 (2.3x) 23 (3.4x) 43 (5.7x) 83 164
Performer 11 (1.2x) 17 (1.6x) 32 (2.4x) 60 (4.0x) 116 238

(c) GPU inference speeds on the LRA Text classification task (in milliseconds per batch; smaller is better). Only the fastest
efficient Transformer, Performer, from Tay et al. (2021a) is shown. Speed up relative to the Transformer is given in parentheses.

along with the nonlinearities in feed-forward lay-
ers, can competently model diverse semantic rela-
tionships in text. Second, we introduced FNet, a
Transformer-like model wherein the self-attention
sublayer is replaced by an unparameterized Fourier
Transform. FNets achieve 92 and 97% of their
respective BERT-Base and BERT-Large counter-
parts’ accuracy on the GLUE benchmark, but train
70− 80% faster on GPUs/TPUs. Third, because of
its favorable scaling properties, FNet is very com-
petitive with the “efficient Transformers” evaluated
on the Long-Range Arena benchmark, matching
the accuracy of the most accurate models while
being much faster and lighter on memory.

Our work highlights the potential of linear units

as a drop-in replacement for the attention mech-
anism in text classification tasks. We found the
Fourier Transform to be a particularly efficient and
effective mixing mechanism, due to the speed of
the FFT. However, we only performed a cursory
survey of other linear transformations (see also Ap-
pendix A.3), and additional fast alternatives are
worth exploring.

Given the speed and accuracy advantages of
smaller FNet models relative to Transformers, we
suspect that FNet will be effective as a lightweight,
distilled student model deployed in resource-
constrained settings such as production services
or on edge devices. The need for such lightweight
serving models is only forecast to grow given the

4303



interest in giant models (Raffel et al., 2020; Brown
et al., 2020; Lepikhin et al., 2021). A natural av-
enue to explore in this regard is knowledge distilla-
tion of small FNet models from larger Transformer
teacher models, following, for example, Sanh et al.
(2019); Jiao et al. (2020); Turc et al. (2019).

Another aspect of interest and worthy of further
study is hybrid FNet-attention models. We found
that adding only a few self-attention sublayers to
FNet offers a simple way to trade speed for accu-
racy. Specifically, replacing the final two Fourier
sublayers with self-attention provided 97− 99% of
BERT’s accuracy with limited speed penalties.

Throughout this work we have restricted our fo-
cus to encoders. FNet decoders can be designed
by “causally” masking the Vandermonde matrix,
but a lower level implementation is required to in-
troduce causal masking to FFTs. How to adapt
Fourier mixing for encoder-decoder cross-attention
is an open question as evidence suggests that cross-
attention may be crucial to performance (You et al.,
2020). We have focused on tasks which do not
require generation so we leave FNet decoders and
encoder-decoder setups to future work; although
we do remark that the FNet encoder could be used
as a drop in replacement in a Transformer as other
works have successfully demonstrated; see, for ex-
ample, (Zaheer et al., 2020; Guo et al., 2021).
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Table 5: Loss and accuracy pre-training metrics on
TPUs. The GPU metrics are very similar. “B” denotes
Base, “L” is Large and “H” is Hybrid.

Loss Accuracy
Model Total MLM NSP MLM NSP
BERT-B 1.76 1.48 0.28 0.68 0.86
Linear-B 2.12 1.78 0.35 0.62 0.83
FNet-B 2.45 2.06 0.40 0.58 0.80
Random-B 5.02 4.48 0.55 0.26 0.70
FF-only-B 7.54 6.85 0.69 0.13 0.50
FNet-H-B 2.13 1.79 0.34 0.63 0.84
BERT-L 1.49 1.23 0.25 0.72 0.88
Linear-L 1.91 1.60 0.31 0.65 0.85
FNet-L 2.11 1.75 0.36 0.63 0.82
FNet-H-L 1.89 1.58 0.31 0.67 0.85

A Appendices

A.1 Pre-training details

We adopt the same fixed “Base” and “Large” model
and learning configurations as for the original
BERT (Devlin et al., 2019). We train on the much
larger C4 dataset (Raffel et al., 2020) and use a
32000 SentencePiece vocabulary model (Kudo and
Richardson, 2018) trained on a 100 million sen-
tence subset of C4. Our TPU experiments use a
batch size of 256 as in Devlin et al. (2019) and are
each run on 4× 4 TPU v3 chips. Our GPU experi-
ments use a smaller batch size of 64 and are run on
8 V100 chips. Because the training configuration is
lifted from Devlin et al. (2019), it may be slightly
biased towards the BERT attention model.

Table 5 summarizes the pre-training metrics for
the different models; the pre-training speeds are
shown in Table 3 in the main text. Although they
have weaker accuracy metrics, the Linear model
and FNet train nearly 80% faster than BERT on
GPUs, and 70% faster on TPUs (see Table 3). We
also find that the three models with no learnable
parameters in their mixing layer, namely FNet, the
Random model and the FF-only model, are the
most stable during training.

BERT’s higher accuracy on the MLM pre-
training task is not simply a result of having more
parameters than the other models. Indeed, Table 5
shows that BERT-Base is actually more accurate
than FNet-Large, which contains more than twice
as many parameters. BERT is presumably more ex-
pressive because the mixing (attention) weights are
both task specific and token dependent, determined

Table 6: Pre-training model sizes (ignoring output pro-
jection layers). As in Turc et al. (2019), for all mod-
els, we fix the feed-forward size to 4dh and the number
of self-attention heads to dh/64. Smaller architectures
have a similar number of parameters across all mod-
els because the majority of parameters are in the em-
bedding layers. Each FNet-Hybrid (“FNet-H”) model
contains 2 self-attention sublayers. We exclude FNet-
Hybrid models with only 2 total layers.

Dimensions Parameters (millions)
dh Layers BERT Linear FNet FNet-H
768 12 111 93 83 88
512 12 55 49 42 44
512 8 42 38 34 36
256 8 15 15 13 13
512 4 30 28 26 28
256 4 12 12 11 11
256 2 10 10 10 -
128 2 5 5 4 -

by token-token (query-key) dot products; see also
Tay et al. (2020a). FNet’s mixing weights, on the
other hand, are neither task specific nor token de-
pendent.

Finally, Table 6 shows the model sizes that were
used to construct Figure 2 (main text) and Figure 3
(Appendix A.2).

A.2 TPU results

In this section, we report FNet efficiency results
for TPUs; the main text focuses on GPUs. Figure
3 shows the speed vs MLM pre-training accuracy
curve when training on TPU (4× 4 v3 chips). As
on GPUs, FNet and the Linear model define the
Pareto efficiency frontier for smaller, faster models,
while BERT defines the frontier for larger, slower
models.

Table 7 shows Long Range Arena Text classifi-
cation efficiency results on TPUs (4× 4 v3 chips).
The Linear model and FNet train faster than all the
efficient Transformers for sequence lengths≤ 2048
and 512, respectively. For longer sequences, FNet
is slower than the Performer and, based on results
in Tay et al. (2021a), likely also slower than the
other efficient Transformers that linearize attention,
namely Local Attention (Parmar et al., 2018), Lin-
former (Wang et al., 2020) and Linear Transformer
(Katharopoulos et al., 2020). However, it is worth
noting that Table 4a suggests that FNet is more
accurate than all of the aforementioned models.
Moreover, we expect that the GPU speed gains will
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Figure 3: Speed-accuracy trade-offs for TPU pre-training. The dashed line shows the Pareto efficiency frontier.

Table 7: TPU training speeds (in steps per second; larger is better), inference speeds (in milliseconds per batch;
smaller is better) and peak memory usage during training (in GB; smaller is better) on the Long-Range Arena Text
classification task. Speed up multipliers relative to the Transformer are given in parentheses.

Seq. length 512 1024 2048 4096 8192 16386
Training Speed (steps/s)

Transformer 8.0 5.6 1.7 OOM OOM OOM
Linear 9.4 (1.2x) 9.1 (1.6x) 7.6 (4.5x) 3.9 1.4 OOM
FNet (mat) 9.5 (1.2x) 9.1 (1.6x) 6.1 (3.6x) 3.0 0.8 0.2
FNet (FFT) 8.6 (1.1x) 6.0 (1.1x) 3.2 (1.9x) 1.6 0.8 0.3
Performer 9.2 (1.2x) 8.4 (1.5x) 6.9 (4.1x) 4.2 2.2 1.1

Inference Speed (ms/batch)
Transformer 7.0 13.2 39.4 129.9 490.2 OOM
Linear 5.6 (1.2x) 6.5 (2.0x) 9.6 (4.1x) 20.4 (6.4x) 54.6 (9.0x) OOM
FNet (mat) 6.0 (1.2x) 7.7 (1.7x) 15.4 (2.6x) 40.7 (3.2x) 137.0 (3.6x) 454.5
FNet (FFT) 10.8 (0.7x) 16.8 (0.8x) 29.9 (1.3x) 58.8 (2.2x) 113.6 (4.3x) 263.2
Performer 6.1 (1.2x) 7.2 (1.8x) 10.1 (3.9x) 17.5 (7.4x) 31.8 (15.4x) 61.0

Peak Memory Usage (GB)
Transformer 1.1 2.1 5.8 9.1 OOM OOM
Linear 0.9 1.1 1.9 4.9 14.8 OOM
FNet (mat) 0.8 0.9 1.3 2.2 4.8 11.9
FNet (FFT) 0.8 0.9 1.3 2.0 3.5 6.3
Performer 1.0 1.3 1.8 3.0 5.1 9.6
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transfer to TPUs as the TPU FFT implementation
improves.

A.3 Additional configurations that we
experimented with

We experimented with a number of additional ideas
to improve FNet.

Fourier Transform algorithm. On GPUs, the
FFT was the fastest algorithm for computing the
DFT across all sequence lengths that we experi-
mented with (512 − 8192). On TPUs, it is faster
to compute the DFT directly using matrix multipli-
cations for relatively shorter sequence lengths (up
to lengths of 4096; see Table 7). This efficiency
boundary between matrix multiplication and FFT
on TPUs will change depending on the XLA pre-
cision for the matrix multiplications. We found
that, although (slower) HIGHEST XLA precision
was required to very accurately reproduce FFT in
computing the DFT, (faster) DEFAULT XLA pre-
cision was sufficient to facilitate accurate model
convergence.

Modifying the Fourier Transform computa-
tion. To keep the entire FNet architecture simple,
the Fourier sublayer accepts real input and returns
real output. The standard Fourier sublayer in FNet
simply extracts the real part after computing the
2D DFT. We found that FNet was less accurate and
less stable during training if only the real part of the
DFT was used throughout the computation. Simply
extracting the absolute value (instead of the real
part) also led to a significantly less accurate model.
Because the feed-forward sublayer mixes the hid-
den dimension, we experimented with applying
a 1D DFT along the token dimension only in the
Fourier sublayer (i.e. no hidden dimension mixing
in the Fourier sublayer). This yielded some train-
ing speed gains but hurt accuracy. The 1D (token
mixing only) DFT model still significantly outper-
formed the (no token mixing) FF-only model, indi-
cating that token mixing is most important mecha-
nism in the Fourier sublayer.

Other transforms. We experimented with three
natural alternatives to the Fourier Transform:

• Discrete Cosine Transform (DCT). The DCT
is closely related to the DFT but transforms
real input to real output. However, we found
that the DCT model underperformed FNet (∼
4% accuracy degradation).

• Hadamard Transform12. Although the
Hadamard Transform was slightly faster than
the DFT, it yielded less accurate results (∼ 2%
accuracy degradation).

• Hartley Transform. The Hartley Transform,
which transforms real input to real output, can
be described in terms of the Fourier Trans-
form: H = <{F} − ={F}. We found that
the Hartley Transform matched the Fourier
Transform on GLUE (76.7 vs. 76.7).

Introducing learnable parameters to the
Fourier sublayer. Our attempts to introduce learn-
able parameters into the Fourier sublayer were
either detrimental or inconsequential, and gener-
ally slightly slowed the model. For the (sequence
length, hidden dimension) input in each Fourier
sublayer, we tried two approaches to introduce
learnable parameters: (1) element wise multipli-
cation with a (sequence length, hidden dimension)
matrix, and (2) regular matrix multiplication with
(sequence length, sequence length) and (hidden
dimension, hidden dimension) matrices. We exper-
imented with these approaches in various configura-
tions: preceding and/or following the DFT, and also
in combination with inverse DFT (e.g. transform
to frequency domain, apply element wise multipli-
cation, transform back to time domain), but most
setups degraded accuracy and reduced training sta-
bility, while a few did not change accuracy but lead
to small speed decreases. In a slightly different set
of experiments and in an effort to provide more
flexibility to the model, we added (complex) learn-
able weights to the 2D DFT matrix. This model
was stable but did not yield any accuracy gains,
suggesting that the DFT is locally optimal in some
sense.

FNet block modifications. The standard FNet
encoder block structure follows that of the Trans-
former: a Fourier sublayer followed by a feed-
forward sublayer, with residual connections and
layer norms after each sublayer; see Figure 1. We
tried several modifications to this structure, based
on the intuition of moving in and out of the fre-
quency domain between multiplications. For ex-
ample, the sandwiching of Fourier, feed-forward,
Fourier (or inverse Fourier) sublayers and only ap-
plying the residual connections and layer norms to
the final result, yields a structure that more closely

12Whereas the DFT matrix in Equation (2) containsN roots
of unity, the Hadamard Transform simply contains two roots
of unity: {±1}; see also Kunz (1979).
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Table 8: Training (forward and backward passes; left) and inference (forward pass; left) speeds for only the mixing
sublayers – all other model sublayers are removed. Both speeds are measured in milliseconds per batch (smaller
is better), with batch sizes of 64 (GPU) and 256 (TPU). All batch examples have the sequence length fixed at 512.
FNet uses the FFT for GPUs and matrix multiplications for TPUs. Speed up multipliers relative to self-attention
are given in parentheses.

Training speed (ms/batch) Inference speed (ms/batch)
GPU TPU GPU TPU

Self-attention (Base) 136 76 43 16
Linear (Base) 36 (3.7x) 12 (6.1x) 15 (2.8x) 4 (3.9x)
FNet (Base) 11 (12.2x) 8 (9.9x) 11 (4.0x) 8 (2.1x)
Self-attention (Large) 404 212 128 43
Linear (Large) 103 (3.9x) 35 (6.1x) 36 (3.6x) 10 (4.5x)
FNet (Large) 18 (22.2x) 22 (9.7x) 18 (7.3x) 22 (2.0x)

mimics convolutions. However, these setups de-
graded accuracy and lead to a more unstable model
during training. Adding extra feed-forward sub-
layers to this layering, or swapping out the feed-
forward sublayers for simpler dense sublayers, did
not help either.

A.4 Mixing layer speeds
Table 8 summarizes the inference and training
speeds for the different mixing layers. For each
of the Base and Large configurations, we have re-
moved all other sublayers and transformations and
then calculated the speed per batch of input exam-
ples. The FNet training speeds are particularly fast
because no parameters are updated. The Linear
model has faster inference than FNet on TPUs be-
cause it is performing real matrix multiplications,
whereas FNet performs complex matrix multiplica-
tions; see Equation (2).

Although the Fourier mixing sublayer itself per-
forms forward and backward passes significantly
faster than the self-attention sublayer, FNet is over-
all 70-80% faster than BERT because the overall
training and inference speeds are bottle-necked by
the feed-forward sublayers that all models share.

A.5 FNet-Hybrid ablations
Table 9 shows the effects of varying the number
of attention sublayers and the attention layout in
the FNet-Hybrid model. For the “BOTTOM” lay-
out, all attention sublayers are placed in the first
few encoder layers, where they replace the Fourier
mixing sublayers. For the “TOP” layout, attention
sublayers are placed in the final encoder layers; for
the “MIDDLE” layout they are placed in the mid-
dle layers; and for the “MIXED” layout, they are
distributed through the model.

Table 9: GPU pre-training accuracy and speed abla-
tions for FNet-Hybrid models in the Base configuration.
Batch size is 64. Metrics are recorded after 100k steps,
which we have generally found to be a good indicator
of final relative performance. See text for a description
of the layouts.

Attention Accuracy Speed
Layers Layout MLM NSP (ms/batch)

2 BOTTOM 0.497 0.733 193
2 MIDDLE 0.499 0.686 196
2 MIXED 0.509 0.727 194
2 TOP 0.526 0.738 193
0 TOP 0.486 0.679 173
2 TOP 0.526 0.738 193
4 TOP 0.539 0.740 214
6 TOP 0.546 0.746 235

From the Table 9, we can make two observations:
(1) more attention improves accuracy at the cost
of speed, and ultimately with diminishing returns;
(2) placing attention layers at the top of the model
gives the best accuracy results. Given our focus on
speed, we chose to focus FNet-Hybrid experiments
in the main text of the paper on the 2 attention layer,
“TOP” configuration variant.

A.6 A note on Long-Range Arena
hyperparameter settings

Concerning the Long-Range Arena setup, several
hyperparameters are not described in Tay et al.
(2021a) and there a few mismatches between the
configurations described in the paper and the code
repository. Where possible, we prioritize config-
urations described in the paper with only two ex-
ceptions. Firstly, for the CIFAR10 (Image) task,
we perform a sweep of the number of layers in the
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range [1, 2, 3, 4]. We found that 1 layer worked
best for all models; Tay et al. (2021a) suggest 3
layers yielded the best results. Secondly, for the
Pathfinder task, we found that a base learning rate
of 0.001 (as given in the code repository) yielded
better results for all models than the 0.01 value in-
dicated in Tay et al. (2021a). We also perform a
very small sweep over the embedding dimension
and batch size, which are not listed in Tay et al.
(2021a).

We also remark that the accuracy comparisons
between our runs and those from Tay et al. (2021a)
should be performed with the caveat that we found
that results for certain tasks – Text and Retrieval
in particular – can vary quite a bit between runs,
especially for the Transformer; we report the best
results.

A.7 FNet code
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1 impor t f l a x . l i n e n as nn
2 impor t j ax
3 impor t j ax . numpy as jnp
4
5
6 class Four ierTransformLayer ( nn . Module ) :
7 @nn. compact
8 def __ca l l__ ( s e l f , x ) :
9 r e t u r n jax . vmap( jnp . f f t . f f t n ) ( x ) . r e a l

10
11
12 class FeedForwardLayer ( nn . Module ) :
13 d _ f f : i n t
14 dropout_ra te : f l o a t
15
16 @nn. compact
17 def __ca l l__ ( s e l f , x , d e t e r m i n i s t i c ) :
18 x = nn . Dense ( s e l f . d_ f f ,
19 k e r n e l _ i n i t =nn . i n i t i a l i z e r s . normal (2e−2) ,
20 b i a s _ i n i t =nn . i n i t i a l i z e r s . normal (2e−2) ,
21 name=" in te rmed ia te " ) ( x )
22 x = nn . gelu ( x )
23 x = nn . Dense ( x . shape [−1] ,
24 k e r n e l _ i n i t =nn . i n i t i a l i z e r s . normal (2e−2) ,
25 name=" output " ) ( x )
26 r e t u r n nn . Dropout ( s e l f . d ropout_ra te ) ( x , d e t e r m i n i s t i c )
27
28
29 class FNetEncoderBlock ( nn . Module ) :
30 f o u r i e r _ l a y e r : Four ierTransformLayer
31 f f _ l a y e r : FeedForwardLayer
32
33 @nn. compact
34 def __ca l l__ ( s e l f , x , d e t e r m i n i s t i c ) :
35 mix ing_output = s e l f . f o u r i e r _ l a y e r ( x )
36 x = nn . LayerNorm (1e−12, name=" mixing_layer_norm " ) ( x + mix ing_output )
37 feed_forward_output = s e l f . f f _ l a y e r ( x , d e t e r m i n i s t i c )
38 r e t u r n nn . LayerNorm (
39 1e−12, name=" output_layer_norm " ) ( x + feed_forward_output )
40
41
42 class FNetEncoder ( nn . Module ) :
43 num_layers : i n t
44 d_model : i n t
45 d _ f f : i n t
46 dropout_ra te : f l o a t
47
48 def setup ( s e l f ) :
49 encoder_blocks = [ ]
50 f o r l aye r i n range ( s e l f . num_layers ) :
51 encoder_blocks . append ( FNetEncoderBlock (
52 Four ierTransformerLayer ( ) ,
53 FeedForwardLayer ( s e l f . d_ f f , s e l f . d ropout_ra te ) ,
54 name= f " encoder_ { l aye r } " ) )
55 s e l f . encoder_blocks = encoder_blocks
56 s e l f . poo ler = nn . Dense (
57 s e l f . d_model ,
58 k e r n e l _ i n i t =nn . i n i t i a l i z e r s . normal (2e−2) ,
59 name=" poo ler " )
60
61 def __ca l l__ ( s e l f , x , d e t e r m i n i s t i c ) :
62 f o r encoder_block i n s e l f . encoder_blocks :
63 x = encoder_block ( x , d e t e r m i n i s t i c )
64 pooled_output = s e l f . poo ler ( x [ : , 0 ] )
65 pooled_output = jnp . tanh ( pooled_output )
66 r e t u r n x , pooled_output

Listing 1: FNet code written in JAX/Flax. Embedding and output projection layers are omitted for simplicity.
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Abstract

Current question answering (QA) systems pri-
marily consider the single-answer scenario,
where each question is assumed to be paired
with one correct answer. However, in many
real-world QA applications, multiple answer
scenarios arise where consolidating answers
into a comprehensive and non-redundant set
of answers is a more efficient user interface.
In this paper, we formulate the problem of an-
swer consolidation, where answers are parti-
tioned into multiple groups, each representing
different aspects of the answer set. Then, given
this partitioning, a comprehensive and non-
redundant set of answers can be constructed
by picking one answer from each group. To
initiate research on answer consolidation, we
construct a dataset consisting of 4,699 ques-
tions and 24,006 sentences and evaluate multi-
ple models. Despite a promising performance
achieved by the best-performing supervised
models, we still believe this task has room for
further improvements.1

1 Introduction

Open-domain question answering (QA) sys-
tems (Voorhees, 1999) aim to answer natural lan-
guage questions using large collections of refer-
ence documents, contributing to real-world appli-
cations such as intelligent virtual assistants and
search engines. Current QA systems (Zhu et al.,
2021) usually adopt a three-stage pipeline consist-
ing of: (1) a passage retriever (Yang et al., 2019;
Karpukhin et al., 2020) that selects a small set of
passages relevant to the question, (2) a machine
reader that examines the retrieved passages and ex-
tracts (Wang et al., 2017, 2019) or abstracts (Lewis
et al., 2020) the candidate answers, and (3) an an-
swer reranker (Wang et al., 2018; Kratzwald et al.,

∗This work was conducted when the first author was
doing an internship at Amazon.

1The contributed resources and implementation are avail-
able at https://github.com/amazon-research/
question-answer-consolidation.

2019) that fuses features from previous stages to ei-
ther select one final answer or return the top-ranked
answer from the previous stage.

Current QA research (Joshi et al., 2017;
Kwiatkowski et al., 2019) primarily examines the
case where each question is assumed to have a sin-
gle correct answer. However, in practice, many
questions can have multiple correct answers. For
example, the question “Is coffee good for your
health?” can be answered with respect to different
aspects (e.g., “coffee can help you with weight loss”,
“coffee can cause insomnia and restlessness”). To
correctly identify different aspects of answers to the
same question while mitigating aspect-level redun-
dancy, it is important to consolidate the answers.
Answer consolidation is particularly desirable for
applications such as intelligent assistants, where re-
sponses are desired to be both comprehensive and
concise. Additionally, in scenarios where QA is
used for knowledge extraction (Bhutani et al., 2019;
Du and Cardie, 2020) or claim verification (Yin and
Roth, 2018; Zhang et al., 2020), consolidation is
also an essential step to identify salient knowledge
or evidence while mitigating duplication.

To effectively recognize multiple aspects of an-
swers in QA systems, our first contribution is to
introduce and formalize the answer consolidation
problem. Specifically, given a question paired with
multiple answer snippets, answer consolidation
first partitions the snippets into groups where each
group represents a single aspect within the answer
space. Once partitioned, the final answer set is pro-
duced by returning a representative snippet from
each group. In this formulation, the answer con-
solidation task is a post-processing stage that takes
predicted answer-mentioning snippets (in this work,
sentences) from previous QA stages and produces
an answer set that maximizes answer aspect cover-
age while minimizing answer duplication.

To foster research on the answer consolidation
problem, our second contribution is the collec-
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tion of a new dataset, namely, QUASI (Question-
Answer consolidation). QUASI consists of 4,699
questions such that each question is paired with
multiple answer-mentioning sentences grouped ac-
cording to different aspects. Starting with a Quora-
based question source (Chen et al., 2018), noting
the potential for multi-aspect answers, we first re-
trieve 10 relevant answer sentences from the web
for each question. These sentences are then ex-
amined by three crowd-sourced workers, who ex-
clude sentences that do not contain an answer and
group the remaining ones. Finally, individual sen-
tence groupings from different workers are aggre-
gated into a single partitioning. QUASI consists of
24,006 sentences and 19,676 groups, correspond-
ing to an average number of 4.18 aspects per ques-
tion and 1.22 sentences per group.

Our third contribution is a comprehensive bench-
marking for the answer consolidation problem
based on QUASI. Specifically, we consider two
evaluation settings: (1) classification, where the
model predicts whether two sentences are in the
same group. (2) sentence grouping, where the
model groups the answer sentences. We evalu-
ate a wide selection of zero-shot and supervised
methods, including various SoTA sentence embed-
ding models (Reimers and Gurevych, 2019; Gao
et al., 2021), cross-encoders (Devlin et al., 2019;
Liu et al., 2019), and a newly proposed answer-
aware cross-encoder model. In the supervised set-
ting, the answer-aware cross-encoder achieves the
best results based on the Matthew correlation coeffi-
cient (MCC) score of 87.8% (classification setting)
and an adjusted mutual information (AMI) score
of 68.9% (sentence grouping setting). As this per-
formance is notably far from perfect, our findings
indicate the need for future investigation on this
meaningful, but challenging, task.

2 Related Work

QA with multiple answers. Many QA datasets
have assumed that a question has a single cor-
rect answer (Joshi et al., 2017; Kwiatkowski et al.,
2019), while in real scenarios, many questions can
have multiple correct answers. Fewer datasets for
QA or machine reading comprehension (MRC)
have been proposed with the consideration of multi-
ple answers. In extractive MRC, MASH-QA (Zhu
et al., 2020) allows one question to be answered by
multiple non-consecutive text spans. In abstractive
MRC/QA, MS MARCO (Campos et al., 2016) sim-

ply treats different workers’ answers as different
answers. DuReader (He et al., 2018) merges similar
answers during data construction. QReCC (Anan-
tha et al., 2021) allows one worker to provide mul-
tiple different answers. Beyond these, WebQues-
tions (Berant et al., 2013) and GooAQ (Khashabi
et al., 2021) include lists of diverse answers, and
TREC-QA (Baudiš and Šedivỳ, 2015) uses regu-
lar expressions to capture multiple answers. How-
ever, none of the aforementioned efforts have in-
vestigated effective consolidation of multiple an-
swers. In this work, we formally define and collect
a dataset for the answer consolidation problem as a
complement to previous work. From another per-
spective, AmbigQA (Min et al., 2020) focuses on
the case where a question can be interpreted in dif-
ferent ways, leading to the question disambiguation
task. This is fundamentally different from our work
that partitions answers to the same question into
different coherent subsets. Stance detection (Liu
et al., 2021) is concerned with the focused problem
of collecting approving/disapproving opinions for a
yes-no question, unlike our studied problem where
all multi-answer questions are considered and the
answers are not limited to binary opinions.

Answer Summarization. Questions with multi-
ple answers are common in online communities.
For example, Liu et al. (2008) observe that no
more than 48% of best answers on Yahoo! An-
swers are unique. Many efforts (Song et al., 2017;
Chowdhury and Chakraborty, 2019; Fabbri et al.,
2021) have been devoted to summarizing reusable
answers in community QA. Particularly, Answer-
Summ (Fabbri et al., 2021) proposes a dataset
where different answers are rewritten to bullet
points by humans. While training on summariza-
tion data may enable the model to return salient and
non-redundant answers, such training only works
for abstractive machine readers. A more related
work is BERT-DDP (Fujita et al., 2020), which
considers the problem of getting a diverse and non-
redundant answer set. They construct a dataset
based on Yahoo! Chiebukuro where workers are
asked to provide an answer set given a question.
However, the correct answer set is not unique when
answers are equivalent. As they treat all but the
annotated answer set as wrong, both training and
inference are prone to false negatives. In this pa-
per, we group the answers with respect to their
aspects and provide a discriminant rule, such that
the correct group assignment is unique.
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Diverse passage retrieval. Many information re-
trieval efforts address the problem of retrieving
diverse documents for a query (Clarke et al., 2008;
Fan et al., 2018; Abdool et al., 2020). In QA, Min
et al. (2021) examine answer diversity in passage
retrieval and propose a self-supervised dynamic or-
acle training objective. However, as passages may
contain irrelevant information to the question, the
retriever faces the challenge of identifying and inte-
grating answers in passages when assessing answer
diversity. In this work, we consider a dedicated
task of answer consolidation and leave the problem
of identifying answers to previous QA stages.

3 Answer Consolidation Task

Motivation. Many questions can have multiple cor-
rect answers, including questions explicitly asking
for a multi-answer list (e.g., What are the symptoms
of flu?) or questions where different people have
different opinions (e.g., debate questions), amongst
others. To provide users with a comprehensive
view of the answers, the QA system needs to ac-
tively identify different answers as opposed to only
returning the most popular or top-ranked answer.
Additionally, as the same answer may be repeated
or paraphrased many times in the reference cor-
pus (e.g., web), the QA system may also need to
eliminate the redundant answers. We address these
requirements within answer consolidation.

Basic concepts. When answering a specific ques-
tion, different answers may be given regarding dif-
ferent perspectives, opinions, angles, or parts of the
overall answer. We regard such answers as those
pertaining to different aspects. Furthermore, we
refer to two sentences as equivalent if they contain
the same answer aspect(s) and distinct if they ex-
press different answer aspect(s). To better identify
equivalent/distinct sentences, we propose the fol-
lowing operational discriminant rule: Given two
answer-mentioning sentences s1, s2 for the same
question q, we can rewrite the answers contained
in s1 and s2 into yes-no questions q′1 and q′2, which
can be answered by yes/no/irrelevant.2 Then, if s1
and s2 give coherent answers of yes/no3 to q′2 and
q′1, respectively, then s1 and s2 are considered to
represent equivalent aspects. Otherwise, they are
considered distinct from each other.

2A general process for changing a sentence to ques-
tions can be found at https://www.wikihow.com/
Change-a-Statement-to-Question.

3Answers of irrelevant are not considered coherent.

We take the following example:
Q: Is coffee good for your health?
S1: Coffee can make you slim down.
S2: Coffee can relieve headache.
S3: Coffee can help with weight loss.
Then we rewrite the answers contained in sen-

tences as the following questions:
Q’1: Can coffee make you slim down?
Q’2: Can coffee relieve headache?
Q’3: Can coffee help you with weight loss?
We can tell that S1 and S3 are equivalent, as they

both give coherent answers (yes) to each others’
yes-no questions. We can also tell that S2 is distinct
from S1 and S3, as it gives irrelevant answers to
Q’1 and Q’3.

Task definition. A formal definition for answer
consolidation is that given a question and a set of
answer-mentioning sentences, answer consolida-
tion aims at putting sentences into groups such that:
(1) each sentence belongs to exactly one group,
and (2) sentences from the same/different groups
are equivalent/distinct. In this way, each sentence
group corresponds to the same answer aspect(s).
We show in §4.3 that although this definition may
fail for a pair of sentences if they are partially rele-
vant, it only occurs for 2.6% of sentences, which
shows that our operational task definition works
well for the majority of sentences in practice.

In this work, we treat answer consolidation as
a stand-alone process applied after QA retrieval
such that we only take the question and answer-
mentioning sentences as input. In this way, the
answer consolidation model is independent of the
retriever and the reader architectures, and can flexi-
bly adapt to different QA systems. We show in §6.3
that taking sentences instead of answer spans as
input leads to better performance.

4 Question-Answer Consolidation
Dataset (QUASI)

In this section, we describe the creation of our
Question-Answer consolidation dataset (QUASI)
including corpus collection (§4.1) and dataset an-
notation (§4.2). We then provide statistical and
quantitative analysis of QUASI (§4.3).

4.1 Corpus
We created QUASI based on the Quora question
pairs (QQP) corpus (Chen et al., 2018), which con-
sists of 364k questions pairs, originally designed
for predicting whether pairs of questions have the
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same meaning. We start with QQP since Quora
questions have a high expected propensity of hav-
ing multiple correct answers. In preprocessing, we
removed questions containing spelling errors or
non-English words using the Enchant library.4 and
questions containing personal pronouns including
{“I”, “you”, “we”, “my”, and “your”} as we found
that such questions frequently ask about very spe-
cific personal experiences for which the answers
may not necessarily contain any noteworthy claims,
opinions, or facts in the answer.

Next, we retrieved sentences that were likely to
contain multiple answers to the questions. Given
a question, we retrieved relevant sentences from
the web using a SoTA industry QA retriever, where
each sentence was associated with a relevance score
and a URL. To ensure the questions have multiple
answers, we first removed sentences retrieved from
quora.com and kept the questions if the rele-
vance scores of the top three retrieved sentences
were larger than specified low-confidence thresh-
old. Finally, we kept the top 10 sentences for each
remaining question and pass to crowd workers for
sentence group annotation.

4.2 Annotation

We used Amazon Mechanical Turk (AMT) to
annotate QUASI. Each AMT HIT consisted of
a question and 11 sentences (including the top-
10 relevance scores and one additional attention-
check sentence) where the crowd workers were
required to: (1) identify sentences that actually
contain answers to the question and (2) put answer-
mentioning sentences into sentence groups with
respect to their aspects. The workers were allowed
to skip an answer-mentioning sentence if it was
hard to put it into any groups (e.g., sentences con-
taining more than one aspect).

The AMT interface is shown in Figure 1. An-
notation was performed by dragging the sentences
between blue boxes. The sentence groups could be
added or removed using the two buttons. To submit
the HIT, workers needed to put all sentences into
boxes corresponding to either a specific sentence
group, not an answer, or hard to put into groups.

Cost. Each HIT was assigned to three annotators
with pay of $0.50/HIT, leading to target an hourly
pay rate of $15. We randomly sampled 5k ques-
tions from §4.1 for HIT submission to AMT.

4https://abiword.github.io/enchant/

Q: Is coffee good for your health?

1. Coffee can help you burn fat.

2. Drinking warm water can help you relax.

…

11. Coffee can cause insomnia and restlessness.

Add group Remove empty groups

Not an answer:

Hard to put into groups:

Sentence groups:

Figure 1: The interface used to collect the dataset. The
second sentence is an attention-check sentence.

Quality Control. We used three strategies to en-
sure the annotation quality:

1. Workers selection. We only allowed crowd
workers with acceptance rate ≥ 98% and had
completed at least 5k hits to work on the task.
We provided annotation guidelines and examples
of 3 annotated hits to instruct the workers.

2. Qualification test. We manually annotated three
hits as the qualification test. Workers were re-
quired to practice on these three hits and get the
correct sentence groups on at least 2 hits to con-
tinue working on the task. We pay $0.05 for each
submitted hit in the qualification test. Although
we had provided detailed instructions, only 24%
of workers passed the qualification test.

3. Attention checker. For all hits, we added an
attention-check sentence that was randomly sam-
pled from other questions, so that it was unlikely
to answer the question. As a part of the task,
the worker needed to identify that this attention-
check sentence did not involve an answer, other-
wise she/he would be blocked from continuing
to work on the task.

Label aggregation. To ensure data quality, we
aggregated worker annotations. To derive the sen-
tence set for answer consolidation, we begin by
only considering sentences put into any sentence
group(s) by all crowd workers as eligible, keeping
37,588 out of 50k sentences. Next, we derived the
aggregated sentence groups from AMT annotations.
As we are not aware of existing methods for this
process, we proposed the following algorithm for
constructing new sentence groups. First, we sort
the sentences by their relevance scores and create
a sentence group with the most relevant sentence
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Type Description Example Percentage

Formatting Sentences only differ in
letter case, punctuation, or
short forms.

Q: How small can a black hole be?
S1: scientists think the smallest black hole are as small as just one atom.
S2: Scientists think the smallest black holes are as small as just one atom.

9%

Exact match Sentences are different but
answer spans are the same.

Q: What are some good stories of revenge in relationship?
S1: Shakespeare’s “Hamlet” is one of the most famous plays of revenge.
S2: The play, Hamlet by William Shakespeare explores the concept of revenge.

47%

Lexical variation Answer spans differ in ar-
ticles, verb tenses, or have
synonym substitutions.

Q: Is it hard to get a job as a fashion buyer?
S1: Fashion jobs in merchandising can be very challenging.
S2: Picking one out of many fashion jobs generally is an overwhelming challenge.

11%

Semantic variation Answers are paraphrased,
or identification requires
commonsense reasoning.

Q: How does the respiratory system work?
S1: The respiratory system works by getting the good air in and the bad air out.
S2: The Respiratory System a simple system designed to get oxygen into the body,
and to get rid of carbon dioxide and water.

30%

Ambiguous We do not agree with
the crowd workers’ anno-
tation.

Q: Is Zeus more powerful then Odin? (Not the same aspects.)
S1: Zeus is 10 ton more than Odin.
S2: In DC, Zeus is higher than Odin.

3%

Table 1: Types of equivalent sentences annotated by crowd workers. We randomly sampled 100 sentence pairs in
the same group, manually annotated the answer span (underlined), and categorized them into different types.

being the only member. We then iterate over the
remaining sentences with the following procedure.
For a sentence s, there are three possible cases:

1. If there existed one group G such that ∀s′ ∈
G, s and s′ were put into the same group by
all workers, and for all already added sentences
s∗ /∈ G, s and s∗ were put into different groups
by all workers, we added s to G.

2. If for all already added s∗, s and s∗ were put
into different groups by all workers, we created
a new group with s being the only member.

3. Otherwise, we discarded sentence s, since there
was disagreement on this sentence.

Finally, we keep each question for which the num-
ber of preserved sentences was larger than one. Our
aggregation algorithm produced sentence groups
on a subset of sentences, on which all workers
agree on each pair of sentences about whether they
belong to the same group or not. After this pro-
cess, 4,699 out of 5,000 questions and 24,006 out
of 37,588 sentences were kept.

4.3 Dataset Analysis
We provide statistical and qualitative analyses re-
garding QUASI in this section.

Annotation quality. We first analyze the quality
of data annotation before label aggregation. In the
first annotation task of identifying whether a sen-
tence contains an answer, AMT workers achieved
an inter-annotator Fleiss’ kappa of 0.62, an average
agreement rate of 90.2%, and a worker agreement
with aggregate (WAWA) of 82.5% in F1. WAWA is

used to compare the majority vote with all workers’
annotations. In the second annotation task of sen-
tence grouping, we first get the set of sentences that
all workers put into some groups. We then calculate
the workers’ agreement on each pair of sentences
regarding whether they belong to the same group
or not. The inter-annotator Fleiss’ kappa, average
agreement rate, WAWA F1 are 0.46, 84.8%, and
75.9%, respectively. These results show that the
overall annotation quality is usable, but with room
for improvement. Accordingly, to further improve
the data quality, we only keep group annotations
on which all workers agree (as stated in §4.2).

Dataset statistics. Our final dataset consists of
4,699 questions, 24,006 sentences, and 19,676
groups. On average, there are 4.18 groups per ques-
tion, and 1.22 sentences per group. Specifically,
97.7% of questions have multiple aspects (sentence
groups), and 45.4% of questions have at least one
pair of equivalent sentences. In terms of sentence
groups, 86.6% of groups have only one sentence,
8.8% of groups have two sentences, and the re-
maining 4.6% of groups have 3 or more sentences.
Overall, this analysis shows that our dataset con-
tains both multi-aspect and redundant answers that
align with the challenges of answer consolidation.

Types of equivalent sentences. To get a better
understanding of the required knowledge to iden-
tify equivalent sentences, we randomly sampled
100 sentence pairs in the same group and manu-
ally labeled the pairs with the types shown in Ta-
ble 1. We observed that if the machine reader has
the correct answer spans, 56% (formatting and ex-
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act match) of the equivalent sentences could be
directly identified by string comparison. Another
11% of the equivalent sentences only differed at the
lexical level, which may be identified using lemma-
tization, removal of stop words, or a dictionary of
synonym words. 30% of equivalent sentences are
semantic variations such that identifying equiva-
lence requires understanding of their meanings and
potentially even commonsense reasoning. E.g., for
the example given in Table 1, the answer consolida-
tion model needs to understand that oxygen is good
air and carbon dioxide corresponds to bad air. For
the remaining 3% of pairs, we do not agree with the
annotation. Either the sentences do not answer the
question, or they do not contain the same aspect(s).

Limits of the task definition. During data anno-
tation, 2.6% of answer-mentioning sentences are
denoted as “hard to put into groups”. After inspec-
tion, we find that these sentences contain more than
one aspect of answers. For example, given the ques-
tion What are the best places to visit and things to
do in San Diego, CA?, one sentence may be The
San Diego Zoo, Balboa Park, and SeaWorld are the
top tourist attractions in San Diego., which con-
tains 3 different answers. This sentence overlaps
with multiple groups and thus cannot be placed in
a single group. Given the low prevalence, we leave
consideration of such sentences to future work.

5 Approach

In this section, we first tackle the classification
setting of answer consolidation (§5.1). Given a
question and answer-mentioning sentences, the task
is to predict for a pair of sentences whether they
are in the same group. We consider different types
of models, including sentence embedding models,
cross-encoders, and answer-aware cross-encoders.

Then we consider the sentence grouping setting,
presenting the method of transforming pairwise
predictions to sentence groups (§5.2). For all meth-
ods, we use RoBERTaLARGE (Liu et al., 2019) as
the encoder, noting that other pretrained language
models (PLMs) can easily be incorporated as part
of these methods.

5.1 Sentence Pair Classification

Sentence embedding models. Sentence embed-
ding models (Reimers and Gurevych, 2019; Gao
et al., 2021) produce for each sentence an embed-
ding vector, with which we can use metrics such
as cosine to calculate their similarity. Specifically,

given a question q and a sentence s, we first to-
kenize them to Xq and Xs using the RoBERTa
tokenizer, and then concatenate them as inputs:

<s>Xq Xs</s>

Following Gao et al. (2021), we take the <s>
embedding in the last layer of PLM as the sentence
embedding. Then for a pair of sentences, whether
they are in the same group is decided by the cosine
similarity of the sentence embedding. The similar-
ity can be converted to binary predictions using the
best threshold that is selected on the validation set.

The sentence embedding models can work in
both zero-shot and supervised settings. In the zero-
shot setting, we directly use the pretrained sen-
tence embedding model to make predictions with-
out fine-tuning. In the supervised setting, given
a pair of sentence embedding h1, h2, and label
y ∈ {0, 1}, where 0 and 1 mean not in/in the same
group respectively,5 we fine-tune the PLM based
on the following regression objective of sentence-
transformers (Reimers and Gurevych, 2019):

Lreg = (cos (h1,h2)− y)2 .

Cross-encoders. Cross-encoders (Devlin et al.,
2019; Liu et al., 2019) take a pair of sentences as
the input and predict whether they are in the same
group or not. Given a question q and two answer-
mentioning sentences s1 and s2, we first tokenize
them as Xq, Xs1 , and Xs2 using the RoBERTa
tokenizer, and then takeXq Xs1 andXq Xs2 as two
segments of inputs, following the input formats of
sentence pair classification tasks (Liu et al., 2019):

<s>Xq Xs1</s></s>Xq Xs2</s>

Prediction is independently performed on sen-
tence pairs using a binary classifier on the first
special (classification) token <s> embedding in
the last layer of the PLM. The cross-encoders work
in both zero-shot and supervised settings. In the
zero-shot setting, we fine-tune the model on the
MNLI (Williams et al., 2018) dataset and take en-
tailment as in the same group. In the supervised
setting, given the sentence pair embedding (ob-
tained from <s>) h and the label y, we fine-tune

5We find that using 0 for not in the same group achieves
better results than using -1.
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the model using the binary cross-entropy loss:

p = σ (w⊺h) ,

Lbce = − (y log p+ (1− y) log (1− p)) ,

where p is the probability that the sentences are in
the same group, σ is the sigmoid function, w is a
parameter of the classifier. In inference, we con-
vert p to binary predictions using the best threshold
selected on the validation set. The cross-encoders
require predicting on all sentence pairs and have
higher computational costs than sentence embed-
ding models. However, we observe in experiments
that cross-encoders consistently outperform sen-
tence embedding models in the supervised setting.

Answer-aware (A2) cross-encoders. §4.3 shows
that 56% of equivalent sentences can be di-
rectly identified if the model knows the answer
spans. Therefore, we provide the answer consol-
idation models with answers generated from the
UnifiedQALARGE model (Khashabi et al., 2020). As
the UnifiedQA is trained on both extractive and
abstractive datasets, the answers may not be text
spans of sentences. Specifically, given a question
q, two sentences s1 and s2, and the generated an-
swers a1 and a2, we first tokenize them asXp, Xs1 ,
Xs2 , Xa1 , andXa2 , respectively, then construct the
input to cross-encoders as:

<s>Xq Xs1 Xa1</s></s>Xq Xs2 Xa2</s>

The training process and inference process are the
same as the cross-encoders.

5.2 Sentence Grouping
In answer consolidation, our ultimate goal is to ob-
tain the consolidated sentence groups. This is done
in a two-step approach. The first step is to get the
matrix of distances D between pairs of sentences
for a question. We perform this step using models
trained in the classification setting. For sentence
embeddings, D is adopted as the pairwise cosine
distance matrix. For cross-encoders, each entry of
D equals to 1 minus the predicted probability for
a sentence pair. As D derived in this way may not
be always symmetric, we use 1

2 (D +D⊺) as the
distance matrix instead.

The next step is to transform the distance matrix
into sentence groups. Here we apply agglomerate
clustering (Han et al., 2011). It uses a bottom-up
strategy, starting from letting each sentence form
its own cluster, and then recursively merging the

clusters if their distance is smaller than a threshold.
We use the average distance of sentence pairs as
the inter-cluster distance measure and select the
best threshold on the validation set. Agglomerate
clustering stops when the distances between all
clusters are larger than the threshold.

6 Experiments

In this section, we present the experimental
setup (§6.1), show the main results (§6.2), con-
duct an ablation study (§6.3), and provide error
analysis (§6.4).

6.1 Experimental Setup

Dataset. We randomly split the 4,699 questions
into an 80/10/10 split, which serves as the training,
validation, and test set, respectively.

Evaluation metrics. We use different evaluation
metrics in the two evaluation settings. For the clas-
sification setting, we first use the micro F1 mea-
sure. Considering that classes in the dataset are
highly imbalanced (only 11% of sentence pairs
are in the same group), we additionally use the
Matthews correlation coefficient (MCC; Matthews
1975), which is considered a more class-balanced
metric. For the sentence grouping setting, we
use clustering metrics including adjusted rand in-
dex (ARI; Rand 1971) and adjusted mutual infor-
mation (AMI; Nguyen et al. 2009). These two
metrics take the predicted grouping and the ground-
truth grouping, and measure the similarity between
them. For all metrics, larger values indicate better
performance, and a value of 100% indicates perfect
classification/grouping.

Configuration. We implement the models using
Huggingface’s Transformers (Wolf et al., 2020).
The models are optimized with Adam (Kingma
and Ba, 2015) using a learning rate of 1e−5, with
a linear decay to 0. We fine-tune all models for 10
epochs with a batch size of 32 questions (includ-
ing all associated sentence pairs). The best model
checkpoint and thresholds are selected based on
the validation set. We report the average results on
5 runs of training using different random seeds.

Models. We use RoBERTaLARGE (Liu et al., 2019)
as the encoder for all models. For sentence em-
bedding models, we try RoBERTa fine-tuned on
two intermediate tasks: 1) SRoBERTa (Reimers
and Gurevych, 2019) is fine-tuned on natural lan-
guage inference (NLI) datasets, achieving better
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Model Classification Grouping
F1 MCC ARI AMI

Zero-shot Sentence Embedding
RoBERTa 22.2 9.2 55.8 33.3
SRoBERTa 41.9 35.1 57.8 37.7
SimCSE-RoBERTa 53.2 47.6 66.1 46.1

Zero-shot Cross-Encoders
RoBERTa-MNLI 52.4 47.0 69.0 48.5
A2RoBERTa-MNLI 40.4 34.6 60.9 40.0

Supervised Sentence Embedding
RoBERTa 73.5 70.3 79.2 58.5
SRoBERTa 80.7 78.8 85.3 64.3
SimCSE-RoBERTa 81.1 79.0 85.7 64.9

Supervised Cross-Encoders
RoBERTa 86.8 85.9 88.4 66.9
A2RoBERTa 88.2 86.8 89.6 68.2
RoBERTa-MNLI 88.7 87.4 89.6 68.2
A2RoBERTa-MNLI 89.0 87.8 90.4 68.9

Table 2: Main results on the test set of QUASI. The
best results in the zero-shot and supervised settings are
highlighted in bold.

results on semantic textual similarity (STS) tasks,
and 2) SimCSE-RoBERTa (Gao et al., 2021) is
fine-tuned in a self-supervised fashion, taking a
sentence and predicting itself using a contrastive
learning objective. For cross-encoders, in addition
to directly running supervised fine-tuning on our
data, we also try supplementary training on an in-
termediate labeled-data task (Phang et al., 2018),
which fine-tunes cross-encoders on MNLI before
supervised fine-tuning. Particularly in the latter set-
ting, we observe it being necessary to re-initialize
the classifier before supervised fine-tuning to ob-
tain more promising performance.

6.2 Main Results

The experimental results on both the pairwise clas-
sification and sentence grouping settings are re-
ported in Table 2. We observe that in the zero-
shot setting, intermediate-task training improves
answer consolidation, while the performance re-
mains far behind supervised models. In the super-
vised setting, cross-encoders consistently outper-
form the sentence embedding models. Overall, the
answer-aware cross-encoder intermediately tuned
on MNLI (A2RoBERTa-MNLI) achieves the best
results on all metrics, showing that intermediate-
task training on MNLI improves performance. Be-
sides, we find that answer-aware cross-encoders
outperforms regular cross-encoders, showing that
answers generated by the machine reader provide
additional information that helps consolidation.

Model Classification Grouping
F1 MCC ARI AMI

Supervised Sentence Embedding
SimCSE-RoBERTa (Q+A) 61.6 57.6 63.4 51.6
SimCSE-RoBERTa (S) 72.1 69.0 78.2 58.1
SimCSE-RoBERTa (S+A) 77.6 75.0 80.4 60.0
SimCSE-RoBERTa (Q+S) 81.1 79.0 85.2 64.9
SimCSE-RoBERTa (Q+S+A) 82.5 80.4 85.1 64.6

Supervised Cross-Encoders
RoBERTa-MNLI (Q+A) 66.7 62.9 75.1 53.4
RoBERTa-MNLI (S) 83.8 81.9 85.3 65.0
RoBERTa-MNLI (S+A) 85.7 84.1 87.5 66.7
RoBERTa-MNLI (Q+S) 88.7 87.4 89.6 68.2
RoBERTa-MNLI (Q+S+A) 89.0 87.8 90.4 68.9

Table 3: Results with different input formats on the test
set. Q, S, A denotes question, sentences, and answers
(generated by UnifiedQA), respectively. RoBERTa-
MNLI (Q+S+A) is equivalent to A2RoBERTa-MNLI.

6.3 Ablation Study

In this section, we study the model performance
based on different input information given to super-
vised models. We denote the questions, sentences
as Q, S, and answers generated by UnifiedQA as
A. The results are shown in Table 3. Overall, mod-
els trained on all inputs (Q+S+A) achieve better
results than those that have observed only a sub-
set of the available inputs on most metrics. Re-
moving the sentences leads to the largest drops
in performance (e.g., 20.9% in F1 for SimCSE-
RoBERTa and 22.3% in F1 for RoBERTa-MNLI),
which shows that sentences provide useful informa-
tion for answer consolidation. Using sentences
only leads to the second-largest drop in perfor-
mance, showing that without grounding to ques-
tions and answers, consolidation is not simply ad-
dressed only with the sentences. Besides, removing
questions also leads to more significant drops in
performance than removing answers (e.g., 4.9%
in F1 for SimCSE-RoBERTa and 2.3% in F1 for
RoBERTa-MNLI). This shows that it is necessary
to understand the answer equivalence within the
question context in order to consolidate answers.

6.4 Error Analysis

To get a sense of what knowledge is needed to
further improve model performance, we examined
sentence pairs incorrectly classified as not in the
same group by A2RoBERTa in the validation and
test sets, where 318 out of 2,614 pairs (12.2%)
are wrongly classified. We randomly sample 50
such error cases and categorize them by the answer-
equivalence type as defined in Table 1. Of the 50
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Cause Description Example

Entailment (16.7%) One answer is en-
tailed by the other.

Q: What makes successful people different from average people?
S1: Wealthy people are not afraid of failure, unlike average people who often do
not even try.
S2: The difference between average people and achieving people is their perception
of and response to failure.

Entity/commonsense
knowledge (23.8%)

The answers refer
to the same entity
or are equivalent by
common sense.

Q: What are some best Hollywood romantic movies to watch?
S1: When the subject of romantic movies comes up, one of the first that comes to
mind in any list of all-time greats is Casablanca.
S2: Humphrey Bogart and Ingrid Bergman’s film about love and loss during WWII
is basically required viewing for anyone who enjoys romantic movies.

Semantic equiva-
lence (57.1%)

The answers have
the same semantic
meaning but are ex-
pressed using differ-
ent words.

Q: What is the equity risk premium?
S1: Equity Risk Premium is the difference between returns on equity/individual
stock and the risk-free rate of return.
S2: Let us start with defining the equity risk premium: the Equity Risk Premium
is the average extra return demanded by investors, on top of a risk free rate, as a
compensation for investing in equity securities with average risk.

Spelling errors
(2.4%)

There are spelling
errors in the an-
swers.

Q: Are all psychopaths narcissists?
S1: I came across that all psychopats are narcissists, but not all narcissists are
psychopats.
S2: I have read it summed up this way: Not all narcissists are psychopaths, but all
psychopaths are narcissists.

Table 4: Different causes of wrongly classified positive pairs.

pairs, 1 (2%) is from exact match, 8 (16%) are
ambiguous, and the remaining 41 (82%) are from
the semantic variation category, showing that it is
the most challenging type to tackle.

We further study the specific causes of errors on
the 42 unambiguous pairs. Examples of distinct
error causes are described in Table 4 We find that
16.7% of the falsely classified sentence pairs con-
tain one answer that entails the other instead of
expressing the exact same answers, which should
however be considered redundant answers by our
definition. 80.9% of pairs are equivalent but require
understanding the semantic meanings or entity-
specific/commonsense knowledge. The rest 2.4%
contain spelling errors that negatively affect model
inference.

7 Conclusion

In this paper, we formulate and propose the an-
swer consolidation task that seeks to group answers
into different aspects. This process can be used to
construct a final set of answers that is both com-
prehensive and non-redundant. We contribute the
Question-Answer consolidation dataset (QUASI)
for this task and evaluate various models, includ-
ing sentence embedding models, cross-encoders,
and answer-aware cross-encoders. While the
best-performing supervised models have achieved
promising performance, without that abundant an-

notation, unsupervised methods still remain far
from perfect. This suggests room for further stud-
ies on more robust and generalizable solutions for
answer consolidation that would largely benefit
real-world open-domain QA systems.
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Abstract

Spurious correlations are a threat to the trust-
worthiness of natural language processing sys-
tems, motivating research into methods for
identifying and eliminating them. However,
addressing the problem of spurious correla-
tions requires more clarity on what they are
and how they arise in language data. Gardner
et al. (2021) argue that the compositional na-
ture of language implies that all correlations
between labels and individual “input features”
are spurious. This paper analyzes this proposal
in the context of a toy example, demonstrat-
ing three distinct conditions that can give rise
to feature-label correlations in a simple PCFG.
Linking the toy example to a structured causal
model shows that (1) feature-label correlations
can arise even when the label is invariant to in-
terventions on the feature, and (2) feature-label
correlations may be absent even when the la-
bel is sensitive to interventions on the feature.
Because input features will be individually cor-
related with labels in all but very rare circum-
stances, domain knowledge must be applied
to identify spurious correlations that pose gen-
uine robustness threats.

1 Introduction

Spurious correlations are a growing source of con-
cern in machine learning (Geirhos et al., 2020) and
related fields including natural language process-
ing (Gururangan et al., 2018; McCoy et al., 2019,
inter alia). While the intuition is fairly clear —
spurious correlations are features that are useful in
the training data but unreliable in general — the
notion is frequently referenced without a formal
definition. Gardner et al. (2021) propose a defini-
tion in terms of conditional probabilities: a feature
Xi is spuriously correlated with the label Y unless
P (Y | Xi) is uniform. The definition can be gener-
alized from uniformity to independence (Xi ⊥⊥ Y )
without affecting the claims of the paper. They
go on to argue that “in a language understanding

S

Z̃pizza Ỹ+

The pizza︸ ︷︷ ︸
X1

was not︸ ︷︷ ︸
X2

too greasy︸ ︷︷ ︸
X3

Z Y

Figure 1: An instance from the toy model. The up-
per part of the figure corresponds to fX , the function
that generates the text via a PCFG (see fig. 2): nodes
represent non-terminals in the grammar and edges rep-
resent context-free derivations. The lower part of the
figure corresponds to the causal model of the sentiment
Y and target Z. Here nodes represent random variables
and edges represent causal relationships.

problem, . . . all simple correlations between input
features and output labels are spurious” (emphasis
in the original). The property that individual input
features should be independent of labels — which
I will call marginally uninformative input features
(UIF)1 — is treated as an assumption about the
nature of language processing and also as a desider-
atum that datasets should satisfy: if the label can
be predicted from input features alone, then the
dataset is in some sense too easy.2

1The features are marginally uninformative because
the criterion is the marginal distribution P (Y |Xi) =∫
P (Y,X¬i|Xi)dX¬i. Features may be marginally uninfor-

mative while still giving information about the label when
viewed in combination.

2To formalize the UIF assumption, it is necessary to clarify
which features are “input features”: bytes, phonemes, word-
pieces, words, phrases, or sentences? The selection of input
features is a property of the model and not the dataset, but
the intuitive support for UIF seems stronger for features that
are lower on the linguistic hierarchy. Because the arguments
presented here don’t depend on the specific definition of input
features, I will follow Gardner et al. (2021), who informally
identify input features with words. However, if one were to
apply UIF for a practical purpose such as dataset curation,
it would be important to explore this issue more thoroughly,
particularly in regard to languages in which words are the sites
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The principle of UIF is based on the insight that
linguistic context can modulate the semantics of
any subspan of a text, using mechanisms such as
syntactic negation or discourse markers. Further-
more, the frequency of negation and other forms
of semantic inversion may vary across datasets and
deployment settings. A predictor that relies on
negation being rare (to pick one example) cannot
be said to have truly achieved competence in the
language processing task. Such a predictor may
perform poorly in domains in which these high-
level distributional properties shift.

An especially provocative assertion of Gardner
et al. is that all correlations between labels and
individual input features have the same status. In
the sentence the pizza was amazing, suppose that
both pizza and amazing are correlated with positive
sentiment because the reviewers like pizza. There
are at least two intuitive differences between these
two correlations. First, while one can easily imag-
ine a benighted subpopulation of reviewers who do
not like pizza, it is not so easy to imagine reviewers
who think that the word “amazing” carries nega-
tive sentiment. Second, if we modify the subject
(e.g., the movie was amazing), the label will usually
be unaffected, but there are many perturbations to
the adjective that flip the label (e.g., the pizza was
greasy). This second intuition can be described
using the framework of causality, which has gen-
erally treated spurious correlations as those that
arise without a direct causal explanation (Simon,
1954). Given a causal model of the data gener-
ating process, we can compute an interventional
distribution P (Y | do(X1 := x), X2, X3), which
corresponds to the distribution over Y in a data
generating process in which the variable X1 is sur-
gically set to the value x (Pearl, 1995; Peters et al.,
2017; Feder et al., 2021).3 When such interventions
do not affect Y for any given example, we say that
Y and X1 are counterfactually invariant (Veitch
et al., 2021). Violations of UIF are particularly
troubling when they are accompanied by counter-
factual invariance, because non-causal correlations
often do not transfer to other domains (Schölkopf
et al., 2012; Bühlmann, 2020).

of a significant amount of morphological composition and are
therefore capable of carrying complex relational meanings.
Conversely, multiword expressions can function analogously
to single word features, so there is no reason in principle
why only single-word features should be considered spuri-
ous (Schwartz and Stanovsky, 2022).

3Space does not permit a discussion of the distinction
between interventions and counterfactuals (see Pearl, 2009).

U :=NU (1)

(X1, X2, X3) :=fX(U,NX) (2)

Z :=fZ(X1, NZ) (3)

Y :=fY (X2, X3, NY ). (4)

Figure 2: Causal model for the toy example shown in
fig. 1. NU , NX , NY , NZ indicate independent noise
variables, and fX , fY , fZ indicate deterministic func-
tions that map from causes to effects (for more details
on the notation, see Peters et al., 2017).

This paper uses a toy example to relate the UIF
property to (1) the production probabilities in prob-
abilistic context-free grammars (PCFGs), and (2)
counterfactual invariance in structured causal mod-
els. The connection to PCFGs provides additional
motivation for the UIF criterion from the perspec-
tive of domain generalization, while clarifying the
scenarios that can give rise to violations of UIF,
which Gardner et al. attribute too narrowly to “bias
and priming effects” in annotators. The connection
to counterfactual invariance highlights the ways in
which these concepts do and do not align. Efforts
to remove artifacts from the training and evalua-
tion of NLP systems will be most productive when
focused at the intersection of these two views of
spurious correlations: violations of UIF for input
features to which the label is counterfactually in-
variant according to a plausible causal model.

2 Toy Example

Consider a simplified targeted sentiment analysis
task (Mitchell et al., 2013), in which the sentiment
is Y , the target is Z, and the sentences are all of the
form (X1, X2, X3), with X1 specifying a target
noun phrase, X2 a copula-like expression, and
X3 a predicative adjectival phrase. For example,
Y = POS, Z = PIZZA, X1 = the pizza, X2 =
turned out to be, X3 = crispy and delicious. We
will treat this data as generated from the causal
model shown in fig. 2. This causal model can be
summarized by two assertions: (1) the target Z is a
direct effect of only the span X1; (2) the sentiment
label Y is a direct effect of only the spans X2 and
X3. The function fX can represent any generative
model of text: an n-gram model, a grammar-based
formalism, a deep autoregressive network, etc.

4327



Aside on the direction of causation. We treat
the text as the cause of the labels, rather than
the converse. This distinction is somewhat
vexed (Schölkopf et al., 2012; Jin et al., 2021). In
some cases the direction of causation is clear from
the task (e.g., table-to-text generation, summariza-
tion, and translation), but often the problem could
be framed in either direction: perhaps the writer
had the label in mind when producing the text, and
thus the text is an effect of the label; or perhaps it is
better to think of the annotator, who must read the
text to arrive at the label, regardless of the writer’s
intentions. When the labels cause the text, the no-
tion of counterfactual invariance can be restated in
terms of the invariance of text features to perturba-
tions on labels, e.g. P (X1 | do(Y := y), Z). As
the toy example is meant to serve only an exposi-
tory purpose, we leave elaboration of the relation-
ship of UIF to such models for future work.

2.1 Counterfactual invariance ; UIF

The causal model implies several counterfactual
invariance properties: intervention on X1 will not
affect Y , nor will intervention on X2 or X3 affect
Z. This is because X1 blocks the influence of X2

and X3 on Z, and vice versa for Y . Conversely,
(X3, Y ) are not counterfactually invariant in gen-
eral because X3 is an ancestor of Y in the causal
graph, and similarly for (X2, Y ) and (X1, Z).

Counterfactual invariance does not imply that
the associated input features are marginally unin-
formative of the label. Consider a classical spurious
correlation in which pizza tends to receive positive
sentiment and sushi receives negative sentiment.
This correlation is produced when fX encodes a
PCFG with the top-level production:

S → Z̃pizza Ỹ+ (1 + α)/4

Z̃sushi Ỹ− (1 + α)/4

Z̃pizza Ỹ− (1− α)/4
Z̃sushi Ỹ+ (1− α)/4,

(5)

with the right column indicating the probability of
each rule expansion and α ∈ [−1, 1].4 The nonter-
minal symbols Z̃pizza, Z̃sushi, Ỹ+, Ỹ− are intention-
ally chosen to correspond to the labels Z and Y .

4The stochasticity of the grammar is encoded in the de-
terministic function fX through the noise variable NX . Let
NX ∼ Uniform(0, 1), and choose the first rule expansion of
S when NX < (1 + α)/4, the second rule expansion when
(1 + α)/4 ≤ NX < (1 + α)/2, and so on.

Subsequent rules in the grammar can then be de-
signed to ensure that Z̃pizza usually produces values
of X1 that make Z = PIZZA likely, and analo-
gously for the other non-terminals and associated
labels. The unification of PCFGs and structured
causal models is shown in fig. 1.

When α 6= 0, there may be an association be-
tween X1 and (X2, X3). As a result, there exist
pairs of values (x1, x′1) such that,

P (Y |X1 = x1)

=
∑

X2,X3

P (Y | X2, X3)P (X2, X3 | X1 = x1)

6=
∑

X2,X3

P (Y | X2, X3)P (X2, X3 | X1 = x′1)

= P (Y |X1 = x′1),
(6)

creating a violation of UIF. The same argument
can be applied to P (Z | X2) and P (Z | X3). UIF
is also violated in P (Z | X1), P (Y | X2), and
P (Y | X3), but for a different reason: these distri-
butions are conditioned on the direct causal parents
of the labels in fY and fZ . Manipulation of the data
distribution to ensure that α = 0 (deconfounding
Ỹ and Z̃) can remove only the violations of UIF
induced by fX , but not those induced by the di-
rect causal relationships encoded in fY and fZ : for
example, if Pr(X3 = delicious|Ỹ+) > Pr(X3 =
delicious|Ỹ−) then the feature delicious will be as-
sociated with positive sentiment regardless of the
rule probabilities in eq. (5).

Discussion. The example shows how violations
to UIF can emerge via confounding, creating clas-
sical spurious correlations in the sense of Simon
(1954): informativeness despite counterfactual in-
variance. Such correlations are unlikely to be ro-
bust because it is not difficult to imagine a domain
in which the sign of α changes, impairing the per-
formance of predictors that have learned the spuri-
ous correlation. In contrast, feature-label correla-
tions that arise directly from the causal model, such
as (Z,X1), are only damaging under more extreme
forms of concept shift, in which the meanings of
the features themselves change.

Aside on causality and robustness. The dis-
tinct interpretations of spuriousness as (1) non-
causal and (2) non-robust are noted by Schwartz
and Stanovsky (2022) in concurrent work. How-
ever, these interpretations can be reconciled by
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the argument that non-causal features are inher-
ently unlikely to be robust, which is sometimes
formalized as the principle of sparse mechanism
shift (Schölkopf et al., 2021). The principle states
that complex causal systems are usually composed
of smaller independent parts, with domain shifts
affecting only a few components of the system at
a time. A related principle arises in the context
of natural language: distributional frequencies are
more likely to change across domains, while cat-
egorical facts about language are generally stable.
Biber (1991), for example, makes this argument ex-
plicitly in the analysis of register. In our model, the
implication is that the probabilistic rule expansions
in fX are more likely to change than the basic prop-
erties of the lexicon, which govern which terminal
symbols can be emitted by each non-terminal.

2.2 UIF ; Counterfactual Invariance

Violations of counterfactual invariance can occur
even when UIF is satisfied. To show this, we supply
two more productions for the grammar:

Ỹ+ → COP+ ADJP+ β+

COP− ADJP− 1− β+
(7)

Ỹ− → COP+ ADJP− β−
COP− ADJP+ 1− β−

(8)

Here the non-terminal COP+ produces a “posi-
tive” copula in X2 (is, was, is universally agreed
to be), COP− produces a negated copula in X2

(isn’t, wasn’t, was the furthest possible thing
from), ADJP+ produces positive-sentiment adjec-
tival phrases in X3 (great, delicious), and ADJP−
produces negative-sentiment adjectival phrases in
X3 (disappointing, totally unappetizing). There are
two special cases of interest:

• When β+ = β−, the probability of using a
negated copula is independent of Y , so X2

satisfies UIF with regard to Y , while X3 gen-
erally does not.

• When β+ = 1 − β−, the use of negation is
balanced to make the distribution over senti-
ment terms independent of Y , so X3 satisfies
UIF with Y , while X2 generally does not.

Combining these cases, both X2 and X3 satisfy
UIF with Y when β+ = β− = 1

2 , meaning that
negated and non-negated copula are equally likely
and are independent of Y .

Discussion. UIF is violated not only by con-
founding, as discussed in the previous section, but
also in mild settings that do not meet any reason-
able definition of bias: unless β+ = β− = 1/2
then at least one of X2 and X3 is marginally infor-
mative of Y . Furthermore, UIF has no impact on
the counterfactual invariance of X2 and X3 on Y .
Neither is counterfactually invariant even when the
generative model is parametrized to make UIF hold
for all input features (see also Pearl, 2009, page
185). This is because the overall sentiment can
be directly affected by adding or removing nega-
tion and by flipping the polarity of the sentiment-
carrying adjective.

3 Conclusions

In the toy example, violations of UIF arise from
three distinct phenomena: confounding between
the sentiment and the target (α 6= 0, leading to
X1 6⊥⊥ Y ); confounding between the sentiment
and the use of negation (β+ 6= β−, leading to
X2 6⊥⊥ Y ); and lack of a perfect balance in the prob-
ability of negation between positive- and negative-
sentiment examples (β+ 6= 1 − β−, leading to
X3 6⊥⊥ Y ). The conditions required to satisfy UIF
are thus progressively less plausible as we move
fromX1 toX3, and full UIF is achieved only in the
perfectly balanced case of α = 0, β+ = β− = 1

2 .
The number of such constraints will increase with
the size of the grammar, making UIF vanishingly
rare in more general settings. This conclusion fol-
lows from the PCFG analysis and is derived with-
out reference to causality.

The toy example also demonstrates the discon-
nect between the UIF view of spurious correlations
and the causal view: counterfactual invariance does
not imply UIF because X1 can be marginally in-
formative of Y even when X1 and Y are counter-
factually invariant (these are the artifacts that we
want to remove); UIF does not imply counterfac-
tual invariance because both X2 and X3 can be
uninformative of Y even when Y is sensitive to
interventions on both features. From a theoretical
perspective, it is unsurprising that these two views
diverge, because UIF is a purely observational cri-
terion while counterfactual invariance requires an
explicit causal model. Indeed, this relationship is
discussed in depth by Pearl (2009, §6.3), albeit out-
side the context of language. The two perspectives
can be seen as complementary, in that violation of
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UIF is a necessary but insufficient condition for a
spurious correlation in the causal sense.

Moving beyond toy examples, it is unlikely that
we can construct fully-specified causal models of
language that supply useful invariances while han-
dling every possible fluent utterance. How then can
we use causal insights to design better benchmarks
and more robust language understanding systems?
In some cases it is possible to elaborate partial
causal models of a task, with associated invariance
properties: for example, the sentiment of a movie
review should be invariant to (though not indepen-
dent of) the identities of the actors in the movie.
Several existing approaches can be viewed as in-
stantiations of partial causal models: for example,
data augmentation, causally-motivated regulariz-
ers, stress tests, and “worst-subgroup” performance
metrics (and associated robust optimizers) can be
seen as enforcing or testing task-specific invariance
properties that provide robustness against known
distributional shifts (e.g., Lu et al., 2020; Ribeiro
et al., 2020; Kaushik et al., 2021; Koh et al., 2021;
Veitch et al., 2021). Such approaches generally
require domain knowledge about the linguistic and
causal properties of the task at hand — or to put
it more positively, they make it possible for such
domain knowledge to be brought to bear. Indeed,
the central argument of this paper is that no mean-
ingful definition of spuriousness or robustness can
be obtained without such domain knowledge.

A final observation, pertaining to both UIF and
counterfactual invariance, is the parallel treatment
of X2 (the copula) and X3 (the adjectival phrase).
From a lexical semantic perspective, only X3 is di-
rectly associated with sentiment, while X2 plays a
functional role by potentially reversing X3. It may
therefore seem undesirable to learn a correlation
between X2 and Y , and preferable to attach that
relationship exclusively to X3. Indeed, one of the
main catalysts of interest in spurious correlations
in natural language processing was the observa-
tion that the presence of syntactic negation is a
strong predictor of contradiction label in the natu-
ral language inference task, which should require
reasoning about pairs of sentences (Gururangan
et al., 2018; Poliak et al., 2018). Yet neither UIF
nor counterfactual invariance is capable of making
any distinction between X2 and X3 in this model.
While it is possible to enforce uninformativeness on
X2 heuristically, e.g. by sampling or augmenting
the data to ensure β+ = β−, those same heuris-

tics could be applied to enforce uninformativeness
on X3 by making β+ = 1 − β−. Singling out
X2 requires additional justification. Such a prin-
ciple might be found in the multitask setting, in
which we prefer feature-label informativeness to
be sparse, with each feature directly informing only
a few labels.
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Abstract

The speaker-follower models have proven to
be effective in vision-and-language navigation,
where a speaker model is used to synthesize
new instructions to augment the training data
for a follower navigation model. However, in
many of the previous methods, the generated
instructions are not directly trained to optimize
the performance of the follower. In this paper,
we present FOAM, a FOllower-Aware speaker
Model that is constantly updated given the fol-
lower feedback, so that the generated instruc-
tions can be more suitable to the current learn-
ing state of the follower. Specifically, we opti-
mize the speaker using a bi-level optimization
framework and obtain its training signals by
evaluating the follower on labeled data. Ex-
perimental results on the Room-to-Room and
Room-across-Room datasets demonstrate that
our methods can outperform strong baseline
models across settings. Analyses also reveal
that our generated instructions are of higher
quality than the baselines.1

1 Introduction

The task of vision-and-language navigation (VLN)
requires an agent to navigate in a real-world envi-
ronment given natural language instructions. In
VLN, one of the major challenges is the lack
of training data. To alleviate the issue, speaker-
follower models (Fried et al., 2018b) have been pro-
posed. Specifically, in the speaker-follower models,
an instruction-follower agent is trained to follow a
provided natural language instruction to complete a
specified goal, and a speaker model learns to model
how humans describe routes and synthesize new
instructions so as to create more training data for
the follower.

While speaker-augmented data is widely used in
VLN (Fried et al., 2018b; Wang et al., 2019; Ma
et al., 2019; Tan et al., 2019; Zhu et al., 2020a;

1Code is available at https://github.com/
PlusLabNLP/follower_aware_speaker.

Sampled Routes

Walk past 
the dining room 
table and chairs 

and …

Generated Instructions
Ground-truth routes

Continue forward 
until you can climb 

the three steps to 
your right ...

Ground-truth Routes Human Instructions

(b) train

(a) generate

(c) evaluate

(d) update
Speaker

Follower

Figure 1: Many of the previous methods use the speaker
to generate instructions from sampled routes and train
the follower. FOAM (in red) further obtains feedback
from the follower on labeled data and updates the
speaker accordingly.

Hao et al., 2020; Wang et al., 2021; Chen et al.,
2021), most of the previous methods focus on im-
proving the follower navigation model. In contrast,
how to improve the speaker model to generate data
of higher quality is underexplored. In this line of
research, Fried et al. (2018a) build a pragmatic
speaker that can synthesize instructions based on
how the follower may interpret the instructions; Tan
et al. (2019) propose to randomly add noise into the
environments when generating instructions, so that
the noisy environments can mimic unseen environ-
ments and the generated instructions can be more
diverse; Kurita and Cho (2021) propose a genera-
tive approach for VLN where a speaker model is
trained and the actions of the follower are selected
by maximizing the probability of generating the
given instruction.

In this paper, we propose a follower-aware
speaker model (FOAM) that optimizes the gener-
ated instructions by directly obtaining feedback
from the follower so that the generated instructions
can be more suitable for the follower. To this end,
we frame the idea as a bi-level optimization prob-
lem and obtain the feedback signals to improve the
speaker based on the follower performance on la-
beled data. As illustrated in Figure 1, the follower
and speaker are trained in an iterative manner: after
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updating the follower for one step, it is evaluated
on a batch of labeled data and the speaker is up-
dated given the performance of the follower. In this
way, the speaker is trained to directly optimize the
performance of the follower.

Experiments on Room-to-Room (Anderson et al.,
2018b) and Room-across-Room (Ku et al., 2020)
demonstrate strong performance of FOAM over
baselines. Notably, FOAM can achieve comparable
performance to a model pre-trained with over mil-
lions of text sentences and image-text pairs. Analy-
ses also reveal that our speaker generates instruc-
tions of higher qualities than baselines.

2 Methods

We first introduce the background before dis-
cussing the details of FOAM.

2.1 Background

Base Settings. VLN requires an agent to follow
a given instruction and find a route in a photo-
realistic environment (e.g. navigate in indoor liv-
ing spaces). Formally, in an environment e, the
follower F parameterized by θF learns to model
the distribution P (r|i; θF ), where i and r denote
instruction and route variables, respectively.

The training data D consists of instruction-route
pairs from different environments. Given a batch
of instruction-route pairs (ik, rk) from D, we train
the follower F to minimize the cross-entropy loss
between its prediction F (ik; θF ) = P (r̂|ik; θF )
and the ground-truth label rk. Here, we denote this
supervised loss as Ll:

min
θF

Ll(θF ) = E(ik,rk)∼D[CE(rk, F (ik; θF )))]. (1)

Speaker-Follower Models. Fried et al. (2018b)
propose to train a speaker model S parameterized
by θS that models the distribution of P (i|r; θS). As
in Figure 1, with the speaker, we can perform back
translation (Sennrich et al., 2016) on randomly sam-
pled routes r̂ from the training environments E for
data augmentation. Specifically, we first train the
speaker S on the same training data as the follower.
Then, given a batch of sampled route r̂k ∼ E ,
we synthesize their human-like textual instructions
îk = S(r̂k; θS). Afterwards, the synthesized train-
ing instances (̂ik, r̂k) are used to update F . Here,
we denote this loss as Lu:

min
θF

Lu(θF , θS) = E(̂ik,r̂k)∼E [CE(r̂k, F (̂ik; θF ))]

= Er̂k∼E [CE(r̂k, F (S(r̂k; θS); θF ))].
(2)

2.2 Optimizing the Speaker

As we can see from Equation 2, the resulting fol-
lower parameters θ∗F depends on the speaker pa-
rameters θS , and we can express the dependency as
θ∗F (θS). However, existing speaker-follower mod-
els fail to incorporate θS into the optimization pro-
cess and θS is always fixed during training.

Formulation. In this paper, we propose to op-
timize the parameters of both the follower and
speaker during back translation. Specifically, tak-
ing inspirations from Pham et al. (2021a,b), we
optimize the speaker based on the performance of
the follower on the labeled training data, which can
be expressed as:

min
θS

Ll(θ
∗
F (θS)),

where θ∗F (θS) = argmin
θF

Lu(θF , θS).
(3)

The motivation of Equation 3 is that while the
speaker-augmented data can provide additional su-
pervisions for the follower, the main objective of
the speaker is to make the follower better follow
human instructions, thus we should focus on mini-
mizing follower’s loss on the labeled training data.

Approximation. Following previous work in bi-
level optimization (Finn et al., 2017; Liu et al.,
2018; Pham et al., 2021a,b), we can approximate
argmin with one-step gradient update and alterna-
tively update the parameters θF and θS .

Specifically, at training step t, we first sample
a batch of routes and synthesize their instructions
using the speaker S. The generated data is used to
update the follower:

θtF = θt−1
F − ηF∇θFLu(θt−1

F , θt−1
S ), (4)

where ηF is the learning rate.
Then, the speaker is updated to optimize the

objective Ll(θtF )) with

θtS = θt−1
S − ηS∇θSLl(θtF (θS)). (5)

We can approximate the gradient ∇θSLl(θtF ))
(derivation details in Appendix A) with

−[∇θF
Ll(θ

t
F )

T∇θF
Lu(θ

t−1
F , θ

t−1
S )]∇θS

logP (̂ik|r̂k; θt−1
S ). (6)
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We can see that this equation resembles REIN-
FORCE (Williams, 1992) in reinforcement learn-
ing. Therefore, this algorithm can also be inter-
preted as treating the similarity in the gradients of
the follower model on the labeled data and on the
augmented data as rewards, and update the speaker
model using reinforcement learning.

End-to-End Reconstruction Loss. In this paper,
we also propose to add a reconstruction loss for
the speaker. Concretely, we compute the gradient
of Equation 2 with respect to the speaker parame-
ter θS using straight-through estimator, denoted as
∇θSLu(θF , θS), and then update the speaker in an
end-to-end manner.

To sum up, in FOAM, the final gradient of the
speaker is computed based on both the reconstruc-
tion loss (Equation 2) and the bi-level optimization
loss (Equation 6), and we will perform ablations
on the two objectives in the experiment section.

3 Experiments

Datasets. We evaluate the models on the Room-
to-Room (R2R) (Anderson et al., 2018b) and
Room-across-Room (RxR) (Ku et al., 2020)
datasets. The R2R dataset consists of 7,189 paths,
and each path has 3 English instructions with an
average length of 29. R2R is split into training, val-
idation, and test sets. The validation set is split into
val-seen, where paths are sampled from environ-
ments seen during training, and val-unseen, where
paths are sampled from environments that are not
seen during training. The paths in the test set are
from new environments unseen in the training and
validation sets. The RxR dataset follows the same
environment division as R2R and there are 16,522
paths in total. The instructions have an average
length of 78 and are in three languages, including
English, Hindi, and Telugu.

Evaluation Metrics. Our primary metric is suc-
cess rate (SR), and we also report navigation er-
ror (NE), success rate weighted by path length
(SPL) on R2R. Following the suggestion in Ku et al.
(2020), we also report normalized dynamic time
warping (nDTW) and success rate weighted by dy-
namic time warping (sDTW) (Magalhães et al.,
2019) on RxR.

Implementation Details. Following En-
vDrop (Tan et al., 2019),we build our speaker
and follower based on LSTM (Hochreiter and
Schmidhuber, 1997) and environmental dropout

is used during back-translation. The follower
is pre-trained with imitation and reinforcement
learning, and the speaker is pre-trained with
maximum likelihood training. Here, we refer
to this pre-trained follower as base follower.
The two models are pre-trained for 80k steps on
R2R and 200k steps on RxR, and then trained
with our method until the 300k-th iteration. We
perform environmental dropout during training
as in Tan et al. (2019), and also use their 176,776
paths randomly sampled from seen environments
for back translation. Different from Tan et al.
(2019), we use CLIP-ViT-224/16 (Radford et al.,
2021) to extract vision features as CLIP vision
encoders can be beneficial for VLN models (Shen
et al., 2022) and we demonstrate that using CLIP
vision encoder can obtain better performance than
ResNet-based models in the following parts. We
compute the cosine similarities between gradients
for Equation 6 following Pham et al. (2021b,a)
and also perform the same weighting for the
reconstruction loss. Each training takes about 3
days on 1 NVIDIA V100 GPU to finish. We report
numbers of a single run for evaluations.

3.1 Main Results

Room-to-Room. We report the main results on
R2R in Table 1. We can see that our implementa-
tion of the baseline EnvDrop model is better than
the previous work because of the stronger vision
encoder we use. Based on the strong baseline, our
model achieves further improvements on both val-
idation and test sets, outperforming EnvDrop by
2.2% in the success rate on the R2R test dataset,
suggesting that our framework is indeed effective.

Room-across-Room. We report the main results
on R2R in Table 2. From the table, we can see that
the improvements of our framework are not as good
on the RxR dataset, possibly because the instruc-
tions are much longer and thus it is hard to train a
good speaker. Specifically, we find that the baseline
speaker can only achieve a BLEU score of 7.4 on
the English validation set on RxR (compared with
over 30 BLEU scores on R2R as in Appendix B),
which leads to noisy augmented data and can im-
pact the performance of speaker-follower models.

3.2 Analysis

We then perform analyses to gain more insights
regarding our models:
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Model
Val-Seen Val-Unseen Test

SR↑ SPL↑ NE↓ SR↑ SPL↑ NE↓ SR↑ SPL↑ NE↓
Previous Work

EnvDrop-ResNet (Tan et al., 2019) 62.1 59 3.99 52.2 48 5.22 51.5 47 -
AuxRN (Zhu et al., 2020a) 70 67 3.33 55 50 4.71 55 51 5.15
RelGraph (Hong et al., 2020) 67 65 3.47 57 53 4.73 55 52 4.75
EnvDrop-CLIP-ResNet (Shen et al., 2022) - - - - - - 59.2 53 -

Our Implementations

Base Follower-CLIP-ViT 60.5 56.6 3.97 54.9 49.3 4.81 - - -
EnvDrop-CLIP-ViT 66.1 61.7 3.61 59.2 52.4 4.31 60.0 53.9 4.38
FOAM-CLIP-ViT 70.8 66.6 3.25 61.6 55.1 4.18 62.2 56.2 4.09

Table 1: Results on Room-to-Room. We report success rates (SR), success rates weighted by path length (SPL),
navigation error (NE). The best scores are in bold. We implement the models based on CLIP-ViT which is stronger
than ResNets (row 6 vs. row 1/4). ‘Base Follower’ is our follower model pre-trained without using the speaker-
augmented data. ‘EnvDrop’ is the best existing speaker-follower baseline.

Model
Val-Unseen-English Val-Unseen-Hindi Val-Unseen-Telugu Test

SR↑SPL↑ sDTW↑nDTW↑ SR↑SPL↑ sDTW↑nDTW↑ SR↑SPL↑ sDTW↑nDTW↑ SR↑SPL↑ sDTW↑nDTW↑
Base 40.7 36.4 33.5 52.8 46.8 41.5 38.5 56.1 42.6 38.3 35.1 54.6 39.1 35.2 32.7 49.7
EnvDrop 42.4 38.3 35.5 53.9 46.5 41.5 38.5 56.0 44.4 39.3 36.5 54.8 41.2 36.3 33.6 48.8
FOAM 42.8 38.7 35.6 54.1 46.7 41.8 38.6 56.5 45.6 39.7 37.0 54.4 41.2 36.2 33.6 49.3

Table 2: Results on Room-across-Room. We report success rates (SR), success rates weighted by path length (SPL),
success rates weighted by dynamic time warping (sDTW), normalized dynamic time warping (nDTW). The best
scores are in bold.
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Figure 2: A histogram of the differences in length be-
tween the reference and model outputs. Baseline can
often generate shorter instructions than the references,
but our method can alleviate the issue.

Pre-exploration and Beam Search. We perform
experiments in both pre-exploration and beam
search settings following previous work (Tan et al.,
2019). Because both the speaker and follower are
used in the two settings, the evaluation results can
reflect the quality of both of the models. As shown
in Table 3, we find that the best configuration is

using our follower and our speaker, suggesting that
both our follower and speaker are more suitable
for VLN than the baselines. Notably, in the beam
search setting, our model can achieve a success rate
of 72.2%, which is comparable to VLN-BERT (Ma-
jumdar et al., 2020) that achieves a success rate of
73% and is pre-trained with over millions of text
sentences and image-text pairs.

Generated Instructions. The previous pre-
exploration and beam search results well indicate
that our generated instructions are more suitable
for our follower, suggesting the effectiveness of our
framework. In this paragraph, we also compare the
generated instructions with the reference instruc-
tions. In Figure 2, we plot the histogram of length
differences between the reference sentences and the
generated instructions using compare-mt (Neubig
et al., 2019). The figure suggests that the base-
line model can often generate shorter instructions
than the references, but our method can alleviate
this issue, indicating that our methods can indeed
improve the speaker quality during training. We
also find that our generated instructions are quan-
titatively and qualitatively better than the baseline
using automatic evaluations as in Appendix B.
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Follower Speaker
Pre-exploration Beam Search

Val-Seen Val-Unseen Test Val-Seen Val-Unseen Test

EnvDrop EnvDrop 66.9 64.2 - 74.9 68.4 -
FOAM EnvDrop 70.2 66.0 - 77.0 70.6 -
FOAM FOAM 70.6 66.5 68.4 78.1 72.1 72.2

Table 3: Success rates of different configurations of the speaker-follower models in pre-exploration and beam search
settings on Room-to-Room. The best configuration is using both our follower and our speaker models.

Model
Val-Seen Val-Unseen

SR SPL NE SR SPL NE

FOAM 70.8 66.6 3.25 61.6 55.1 4.18
-Recon. 68.9 63.5 3.33 60.2 53.1 4.30
-Bi-level 69.6 65.3 3.33 60.7 54.6 4.27

Table 4: Ablation studies on our proposed objectives.
Our reconstruction loss and bi-level optimization loss
are complementary to each other and ablating either one
of them can lead to degraded performance.

Ablation Studies. As mentioned in Section 2.2,
we perform ablation studies on both of our pro-
posed objectives, namely the bi-level optimiza-
tion loss (Equation 5) and reconstruction loss. As
shown in Table 4, ablating either of the objectives
can lead to degraded performance on the R2R vali-
dation sets, indicating that both the objectives can
improve the model performance and they are com-
plementary to each other.

4 Related Work

We overview two lines of related work:

Vision-and-Language Navigation. Training em-
bodied navigation agents has been an increasingly
active research area (Anderson et al., 2018a,b;
Chen et al., 2019; Ku et al., 2020; Shridhar
et al., 2020; Padmakumar et al., 2022). Fried et al.
(2018b) propose to augment the training data with
the speaker-follower models, which is improve
by Tan et al. (2019) who add noise into the environ-
ments so that the speaker can generate more diverse
instructions. Zhao et al. (2021) propose methods
to measure the quality of the generated instruc-
tions and filter noisy samples. Liu et al. (2021) pro-
pose to adversarially sample the most difficult paths
for the follower and translate these paths into in-
structions using the speaker for data augmentation.
While using the speaker-augmented data has been
widely used in VLN, most of the existing work has
been focused on improving the follower naviga-
tion model (Wang et al., 2018; Li et al., 2019; Zhu

et al., 2020b). For example, the self-monitoring
agent (Ma et al., 2019) improves cross-modal align-
ment through a visual-text co-grounding module
and a progress monitor; Zhu et al. (2020a) propose
to utilize four self-supervised auxiliary tasks that
can provide additional training signals for the agent.
Most similar to our work, Fried et al. (2018a) build
a speaker that reason about how the instructions
may be interpreted; Kurita and Cho (2021) propose
a generative approach where a speaker model is
trained to model the probability of an instructions
given actions, and the follower chooses actions that
maximize this probability.

Bi-level Optimization. Bi-level optimization al-
gorithms have been widely applied in various fields,
such as learning initialization parameters (Finn
et al., 2017), neural architecture search (Liu et al.,
2018), re-weighting training data (Wang et al.,
2020). Our method takes inspirations from (Pham
et al., 2021a), which is applied in pseudo labeling
and optimizes the teacher parameters given the stu-
dent feedback. Similar techniques have also been
used in machine translation (Pham et al., 2021b),
where a meta-validation set is constructed to evalu-
ate the model performance and provide feedback.

5 Conclusions

In this paper, we propose the FOAM model where
we improve the speaker-follower model in vision-
and-language navigation by constantly updating the
speaker given the follower feedback during train-
ing. We frame the idea as a bi-level optimization
problem and obtain the feedback signal based on
the performance of the follower on labeled data.
Experimental results on Room-to-Room and Room-
across-Room datasets demonstrate that our method
can outperform strong VLN baselines in different
settings. Analyses also suggest that the quality of
our speaker model is indeed improved during train-
ing. Future directions include testing our method
on more datasets and investigating more options on
the feedback signals.
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Model Train Val-Seen Val-Unseen

BLEU

EnvDrop 38.16 32.42 31.13
FOAM 39.66 33.11 31.10

BERTScore

EnvDrop 91.64 91.08 91.04
FOAM 91.79 91.08 91.10

Table 5: Automatic evaluations of the generated instruc-
tions. The instructions generated by our model can
obtain higher BLEU and BERTScore than the baseline.

We then derive the speaker gradient following pre-
vious work (Pham et al., 2021b,a). We define the
expected parameters of the follower as θ̄tF :

θ̄tF = E
r̂k∼E ,̂ik∼P (i|r̂k;θt−1

S
)
[θt−1
F −ηF∇θFLu(θt−1

F , θt−1
S )].

(8)

Then, using the chain rule, we can obtain

∇θSLl =
∂Ll
∂θ̄tF

∂θ̄tF
∂θS

, (9)

where the first term can be approximated with ∂Ll
∂θtF

.
Then, for the second term, we have

∂θ̄tF
∂θS

=
∂

∂θS
Er̂k∼E ,̂ik∼P (i|r̂k)[θ

t−1
F −ηF∇θFLu(θt−1

F , θt−1
S )].

(10)

We can assume that θt−1F does not depend on θS
with Markov assumption (Pham et al., 2021a), and
apply the REINFORCE (Williams, 1992) equation
on the second term:

∂θ̄tF

∂θS
=

∂

∂θS
E
r̂k∼E ,̂ik∼P (i|r̂k)

[−ηF∇θF
Lu(θ

t−1
F , θ

t−1
S )]

= −ηF E
r̂k∼E ,̂ik∼P (i|r̂k)

[∇θF
Lu(θ

t−1
F , θ

t−1
S )

∂

∂θS
logP (̂ik|r̂k; θt−1

S )],

(11)

Using Monte Carlo approximation to approxi-
mate terms in Equation 11 using a batch of samples
and substituting the result into Equation 9, we can
get

∇θS
Ll = −ηF [∇θF

Ll(θ
t
F )

T∇θF
Lu(θ

t−1
F , θ

t−1
S )]∇θS

logP (̂ik|r̂k; θt−1
S ).

(12)

Note that here ηF is a hyper-parameter and can
be incorporated into the learning rate of the speaker
ηS , thus we remove this term in Section 2.2 and
our derivation is complete.

B Evaluations of the Generated
Instructions

Automatic Evaluations. As in Table 5, we
measure the quality of the generated instruc-
tions in BLEU (Papineni et al., 2002) and

BERTScore (Zhang et al., 2020). We find that our
speaker can generate instructions of higher quali-
ties according to the two metrics.

Method Instruction

Reference walk downstairs and outside . stop in the out-
house through the door on the right .

EnvDrop go down the stairs and turn right . go down the
hallway and stop in front of the door .

FOAM go down the stairs and turn right . go down the
hallway and go through the door on the right .

Reference turn left and take a right at the table . take a
left at the painting and then take your first right .
wait next to the exercise equipment .

EnvDrop walk past the dining room table and chairs and
turn left . walk past the table and chairs and turn
right . walk into the room and stop .

FOAM walk past the dining room table and chairs and
turn left . walk past the table and chairs and turn
right . walk into the room and turn right . stop
in front of the exercise bike .

Table 6: Examples of the generated instructions. Our
generated instructions are generally longer and more
accurate compared with the baseline.

Qualitative Examples. As in Table 6, we also
find that after training the speaker using our
method, the generated instructions are generally
longer than the baseline and are more accurate com-
pared with the references.

C License

We evaluate our models on the Room-to-Room
(R2R) (Anderson et al., 2018b) and Room-across-
Room (RxR) (Ku et al., 2020) datasets based on
Matterport3D (Chang et al., 2017). The datasets are
released under the Matterport3D Terms of Use.2

The datasets do not contain any information that
names or uniquely identifies individual people or
offensive content. Our code is based on EnvDrop
that is released under the MIT license.3 We use the
datasets and code for research purposes, which is
consistent with their intended use.

D Limitations and Potential Risks

As in the experiments, our models may not work
well when the instructions are long and it is hard
to train a reasonable speaker model. Also, our
model requires fine-tuning the speaker during train-
ing based on the feedback of the follower, which

2http://dovahkiin.stanford.edu/
matterport/public/MP_TOS.pdf

3https://github.com/airsplay/
R2R-EnvDrop/blob/master/LICENSE
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introduces additional training costs to the model.
In addition, the datasets we use in the paper may
make our model biased towards environments of
American buildings.
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Abstract

Generic unstructured neural networks have
been shown to struggle on out-of-distribution
compositional generalization. Compositional
data augmentation via example recombina-
tion has transferred some prior knowledge
about compositionality to such black-box neu-
ral models for several semantic parsing tasks,
but this often required task-specific engineer-
ing or provided limited gains.

We present a more powerful data recombi-
nation method using a model called Compo-
sitional Structure Learner (CSL). CSL is a
generative model with a quasi-synchronous
context-free grammar backbone, which we in-
duce from the training data. We sample recom-
bined examples from CSL and add them to the
fine-tuning data of a pre-trained sequence-to-
sequence model (T5). This procedure effec-
tively transfers most of CSL’s compositional
bias to T5 for diagnostic tasks, and results
in a model even stronger than a T5-CSL en-
semble on two real world compositional gen-
eralization tasks. This results in new state-of-
the-art performance for these challenging se-
mantic parsing tasks requiring generalization
to both natural language variation and novel
compositions of elements.

1 Introduction

Compositional generalization refers to the ability to
generalize to novel combinations of previously ob-
served atoms.1 For example, we may ask a model
to interpret the instruction “jump twice”, when the
atoms “jump” and “twice” were each observed sep-
arately during training but never in combination
with each other (Lake and Baroni, 2018).

Improving compositional generalization is seen
as important for approaching human-like language
understanding (Lake et al., 2017; Battaglia et al.,

∗Equal contribution.
†Work done as part of the Google AI Residency program.

1Also commonly referred to as elements or concepts.

ORIGINAL EXAMPLES

Add an event for next Tuesday to my calendar

→ (CreateEvent(date= NextDOW(dow=TUE) ))
Create a meeting with Alice tomorrow

→ (CreateEvent(attendees= "Alice" , date= TMRW ))
Who is on Bob ’s team
→ ( FindTeamOf(person= "Bob" ) )

. . .

Train CSL, a generative model with latent compositional structure

CSL

Sample synthetic examples from CSL

SYNTHETIC EXAMPLES

Create a meeting with Alice ’s team next Tuesday

→ (CreateEvent(attendees= FindTeamOf(person=

"Alice" ) , date= NextDOW(dow=TUE) ))
. . .

Train T5 on original and synthetic examples

Augmented T5

Figure 1: An overview of our method for compositional
data augmentation with CSL, a generative model with a
QCFG backbone, which is automatically induced from
the training data. We show a notional set of original and
synthetic examples mapping utterances to programs.

2018) and is practically significant for real world
applications, where models deployed in the wild
often need to interpret new combinations of ele-
ments not well-covered by expensive and poten-
tially skewed annotated training data (Herzig and
Berant, 2019; Yin et al., 2021).

Generic neural sequence-to-sequence models
have improved substantially and reached high lev-
els of performance, particularly when combined
with large-scale unsupervised pretraining and siz-
able in-distribution labeled data. However, these
models often perform poorly on out-of-distribution
compositional generalization tasks (Lake and Ba-
roni, 2018; Furrer et al., 2020; Shaw et al., 2021).
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In contrast, specialized architectures with dis-
crete latent structure (Chen et al., 2020; Liu et al.,
2020; Nye et al., 2020; Herzig and Berant, 2021;
Shaw et al., 2021) have made strides in compo-
sitional generalization, but without task-specific
engineering or ensembling, the gains have been
limited to synthetic semantic parsing tasks. Al-
though following SCAN (Lake and Baroni, 2018)
some increasingly realistic synthetic tasks such
as CFQ (Keysers et al., 2020) and COGS (Kim
and Linzen, 2020) have been created, and several
approaches achieve good performance on these
tasks, the out-of-distribution generalization abil-
ity of state-of-the-art models on real-world, non-
synthetic tasks is still far from sufficient (Shaw
et al., 2021; Yin et al., 2021).

Given their different strengths and weaknesses,
it is compelling to combine the compositional bias
of such specialized models with the greater flexi-
bility and ability to handle natural language vari-
ation that characterizes generic pre-trained neural
sequence-to-sequence models. One method for this
is data augmentation. For example, Jia and Liang
(2016) generate new training examples using exam-
ple recombination via induced high-precision syn-
chronous grammars, resulting in improvements on
in-distribution and compositional splits of seman-
tic parsing tasks. Another example is GECA (An-
dreas, 2020), a more general data augmentation ap-
proach that does not require task-specific assump-
tions. GECA achieved further gains on a larger va-
riety of tasks, but provided limited improvements
on some compositional generalization challenges.

We present a compositional data augmentation
approach that generalizes these earlier methods.
Training examples are recombined using the Com-
positional Structure Learner (CSL) model, a gener-
ative model with a (quasi-)synchronous context-
free grammar (QCFG) backbone, automatically
induced from the training data. As illustrated in
Figure 1, CSL is used to sample synthetic train-
ing examples, and the union of original and syn-
thesized examples is used to fine-tune the T5
sequence-to-sequence model (Raffel et al., 2020).
CSL is more generally applicable than the method
of Jia and Liang (2016), employing a generic gram-
mar search algorithm to explore a larger, higher-
coverage space of possible grammars. Unlike
GECA, CSL can re-combine examples recursively
and also defines a probabilistic sampling distribu-
tion over input-output pairs.

CSL builds on the NQG model of Shaw et al.
(2021), a discriminative parsing model over an in-
duced QCFG backbone, which Shaw et al. (2021)
proposed to ensemble with T5. Like NQG, CSL
can, on its own, address a variety of composi-
tional generalization diagnostic tasks on synthetic
datasets and achieves high precision (but limited
recall) on non-synthetic compositional generaliza-
tion tasks, leading to overall gains when ensembled
with T5. However, CSL offers several significant
improvements over NQG, allowing it to efficiently
address a wider range of datasets (see §3.1). Ad-
ditionally, unlike NQG which is a discriminative
model assigning probabilities to outputs y given
inputs x, CSL is a generative model which ad-
mits sampling from a joint probability distribution
p(x, y). This enables the creation of new input-
output training examples.

Empirically, augmenting the training data for
T5 with samples from CSL transfers most of
CSL’s compositional bias to T5 for diagnostic tasks
(SCAN and COGS), and outperforms a T5+CSL
ensemble on non-synthetic compositional general-
ization tasks defined by compositional splits of
GeoQuery (Zelle and Mooney, 1996) and SM-
CalFlow (Andreas et al., 2020; Yin et al., 2021),
resulting in new state-of-the-art performance on
these splits.2

2 Background and Motivation

In this section, we discuss the problem setting com-
mon to the compositional generalization evalua-
tions we study, and propose some general assump-
tions that motivate our proposed method.

Problem Setting Consider a training dataset D
consisting of input-output pairs 〈x, y〉 ∈ X × Y ,
where X is the set of valid inputs and Y is the
set of valid outputs. We assume that 〈x, y〉 ∈ D
are sampled from a source distribution ps(x, y).
Our model will be evaluated on inputs from a tar-
get distribution pt(x, y). We make an assumption
that the conditional distribution of y given x is un-
changed between source and target distributions;
i.e., ps(y|x) = pt(y|x), which is also a standard
assumption for domain adaptation evaluations un-
der covariate shift. Any or all of the following
may be true: ps(x, y) 6= pt(x, y), ps(x) 6= pt(x),
ps(y) 6= pt(y), and ps(x|y) 6= pt(x|y).

2Our code is available at https://github.com/
google-research/language/tree/master/
language/compgen/csl.
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λ〈x1, y1〉.λ〈x2, y2〉.〈x1 and x2, y1 y2〉

λ〈x1, y1〉.〈x1 twice , y1 y1〉

〈 jump , JUMP 〉

〈 walk , WALK 〉

Figure 2: An example derivation that derives the string
pair 〈jump twice and walk , JUMP JUMP WALK〉.

What differentiates our setting from other forms
of distribution shift is the added assumption that
the source and target distributions share common
“atoms” (see §1). In order to translate this intu-
itive notion of atom sharing into formal conditions,
we define a general class of models termed deriva-
tional generative models, based on representing
atoms as functions which can be recombined via
function application. As a modeling hypothesis, we
will assume that the training and evaluation distri-
butions can be modeled by derivational generative
models that share a common set of functions, but
may vary in how they assign probability to deriva-
tions formed by recombining these functions.

Derivational Generative Models A deriva-
tional generative model defines a distribution
p(x, y) over input-output pairs. The model con-
tains a set of functions, G, and a distribution over
derivations. A derivation z can be viewed as a tree
of functions from G which derives some element
JzK = 〈x, y〉 ∈ X × Y determined by recursively
applying the functions in z.3 An example deriva-
tion is shown in Figure 2.

Given X , Y , and G, we can generate a set ZG of
possible derivations. We define some shorthands
for important subsets of ZG for given x and y:

ZG〈x,y〉 = {z ∈ Z
G | JzK = 〈x, y〉}

ZG〈x,∗〉 = {z ∈ Z
G | ∃y′ ∈ Y, JzK = 〈x, y′〉}

A derivational generative model also consists of
some probability distribution pθ(z) over the set of
derivations ZG , which we assume to be parameter-
ized by θ. We define pG,θ(x, y) in terms of pθ(z)
as:

pG,θ(x, y) =
∑

z∈ZG〈x,y〉
pθ(z), (1)

3Formally, let G be a set of partial functions over some set
of elements. If f ∈ G is a constant function, then f is a ground
term. If f ∈ G has arity k, and a1, · · · , ak are ground terms,
then f(a1, · · · , ak) is a ground term. We define a derivation
as a ground term that generates an element ∈ X × Y .

and therefore:

pG,θ(y|x) =
∑

z∈ZG〈x,y〉
pθ(z)

∑
z∈ZG〈x,∗〉

pθ(z)
, (2)

for pG,θ(x) > 0.

Discussion In general, we are interested in a set
of functions that captures some knowledge of how
the parts of inputs correspond to parts of outputs.
If we can recover some approximation of the under-
lying set of functions, G, given D, then we could
sample derivations consisting of new combinations
of functions that are not observed in D. This could
potentially help us improve performance on the
target distribution, since we assume that the set
of functions is unchanged between the source and
target distributions, and that what is varying is the
distribution over derivations.

However, even assuming G can be exactly re-
covered given D is not sufficient to ensure that we
can correctly predict the most likely y given x ac-
cording to the true p(y|x) (shared between source
and target distributions) for x ∼ pt(x).4 We must
also assume that there exists a parameterization
of pθ(z) such that when we estimate θ̂ given D,
pG,θ̂(y|x) sufficiently approximates the true p(y|x)
for x ∼ pt(x). We hypothesize that conditional in-
dependence assumptions with respect to how pθ(z)
decomposes across the function applications in
z can be helpful for this purpose. In particular,
such assumptions can enable “reusing” conditional
probability factors across the exponential space of
derivations, potentially improving transfer to the
target distribution.

With this intuition in mind, in §3 we pro-
pose a specific class of functions for G based
on (quasi-)synchronous context-free grammars, as
well as a factorization of pθ(z) with strong condi-
tional independence assumptions.

3 Proposed Method

As shown in Figure 1, our method consists of two
stages. First, we induce our generative model, CSL,
from training data (§3.1). Second, we sample syn-
thetic examples from the generative model and use
them to augment the training data for a sequence-
to-sequence model (§3.2).

4One special case is where |ZG〈x,∗〉| = 1 for all x. In this
case, every x has exactly one unique derivation and pG(y|x) is
deterministic given G and does not depend on θ, and therefore
recovering G is sufficient.
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NT→ 〈NT[1] and NT[2],NT[1] NT[2]〉

NT→ 〈NT[1] twice,NT[1]NT[1]〉

NT→ 〈 jump , JUMP 〉

NT→ 〈walk, WALK〉

Figure 3: The example derivation of Figure 2 using
QCFG notation.

3.1 Compositional Structure Learner (CSL)

CSL can be viewed as a derivational generative
model, as defined in §2, where the set G of recur-
sive functions is defined by a (quasi-)synchronous
context free grammar (QCFG).5

We first describe the grammar formalism and
the parameterization of our probabilistic model.
Then we describe our two-stage learning procedure
for inducing a grammar and learning the model
parameters. CSL builds on the NQG model of
Shaw et al. (2021), with several key differences
discussed in the following sections:

• Unlike NQG, which is discriminative, CSL is
a generative model that admits efficient sam-
pling from the joint distribution p(x, y).

• CSL enables a more expressive set of gram-
mar rules than NQG.

• CSL offers a more computationally efficient
and parallelizable grammar induction algo-
rithm and a more efficient parametric model,
allowing the method to scale up to larger
datasets such as SMCalFlow-CS.

See section 4.4 for experiments and analysis com-
paring the components of CSL and NQG.

3.1.1 Grammar Formalism
An example QCFG derivation is shown in Figure 3,
and the notation for QCFGs is reviewed in Ap-
pendix B.1. Notably, the correspondence between
rules over input and output strings in QCFGs is
akin to a homomorphism between syntactic and
semantic structures, commonly posited by formal
theories of compositional semantics (Montague,
1970; Janssen and Partee, 1997). We restrict our
grammars to have only a single unique nonterminal
symbol, NT . In constrast to standard synchronous
context-free grammars (SCFGs), our grammars can

5QCFG rules can be interpreted as functions which are
limited to string concatenation. For notational convenience,
we will therefore treat G as a set of QCFG rules in §3.

be quasi-synchronous (Smith and Eisner, 2006) be-
cause we allow a one-to-many alignment between
non-terminals.6 Unlike the formalism of Shaw et al.
(2021), which limited rules to contain ≤ 2 non-
terminals, in the current work the maximal num-
ber of non-terminals is a configurable parameter,7

which enables inducing grammars with higher cov-
erage for certain datasets.

3.1.2 Probabilistic Model
We factorize the probability of a derivation in terms
of conditional probabilities of sequentially expand-
ing a rule from its parent. Formally, let r denote a
rule expanded from its parent rule rp’s NT[i] non-
terminal (or a special symbol at the root of the
derivation tree).8 We assume conditional indepen-
dence and factorize the probability of z as:

pθ(z) =
∏

r,rp,i∈z
pθ(r|rp, i) (3)

This non-terminal annotation with context from the
tree is akin to parent annotation or other structure
conditioning for probabilistic context-free gram-
mars (Johnson, 1998; Klein and Manning, 2003).

Using independent parameters for each combi-
nation of a rule, its parent, and non-terminal index
may lead to overfitting to the training set, limiting
our ability to generalize to new combinations of
rule applications that are needed for compositional
generalization. We therefore factor this distribution
using a soft clustering into a set of latent states S
representing parent rule application contexts:

pθ(r|rp, i) =
∑

s∈S
pθ(r|s)pθ(s|rp, i) (4)

where pθ(s|rp, i) ∝ eθrp,i,s and pθ(r|s) ∝ eθs,r

and the θs are scalar parameters.9 The number of
context states |S| is a hyperparameter. While these
conditional independence assumptions may still be
too strong for some cases (see Appendix C.2), we
find them to be a useful approximation in practice.

6Concretely, for a rule NT → 〈α, β〉, a non-terminal in α
can share an index with more than one non-terminal in β. This
is important for datasets such as SCAN, as it allows rules such
as NT→ 〈NT[1]twice,NT[1]NT[1]〉 which enable repetition.

7We find that 4 is a computationally tractable choice for
the datasets we study.

8Using the example derivation from Figure 3, for the rule
application r = NT→ 〈walk,WALK〉, we have rp = NT→
〈NT[1] and NT[2],NT[1]NT[2]〉 and the expansion probability
for that rule application is p(r|rp, 2).

9The full definition of these terms is in Appendix B.2.
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We also optionally consider a task-specific output
CFG, which defines valid output constructions.10

3.1.3 Learning Procedure
A principled method to estimate G and θ given D
would be to find the MAP estimate based on some
prior, p(G, θ), that encourages compositionality:

argmax
G,θ

p(G, θ)×
∏

〈x,y〉∈D
pG,θ(x, y) (5)

However, since optimizing G and θ jointly is
computationally challenging, we adopt a two-stage
process similar to that of Shaw et al. (2021). First,
we learn an unweighted grammar using a surro-
gate objective for the likelihood of the data and
a compression-based compositional prior that en-
courages smaller grammars that reuse rules in
multiple contexts, inspired by the Minimum De-
scription Length (MDL) principle (Rissanen, 1978;
Grunwald, 2004). We describe the induction ob-
jective and algorithm in §3.1.4. Second, given
an unweighted grammar G, we optimize the pa-
rameters θ by maximizing the log-likelihood of
pG,θ(x, y), as defined by Eq. 1, using the Adam
optimizer (Kingma and Ba, 2015).11

3.1.4 Grammar Induction Algorithm
Our method for inducing a QCFG is based on that
of Shaw et al. (2021), but with several modifica-
tions, which improve the computational scalability
of the algorithm as well as the precision and cov-
erage of the induced grammar. We analyze the
relative performance of the two algorithms in §4.4.

Objective The main idea of the grammar induc-
tion objective, LD(G), is to balance the size of the
grammar with its ability to fit the training data:

LD(G) =
∑

NT→〈α,β〉∈G
|α|+ |β| − cD(α, β), (6)

where |·| is a weighted count of terminal and non-
terminal tokens (the relative cost of a terminal vs.
nonterminal token is a hyperparameter) and

cD(α, β) = kα ln p̂D(α|β) + kβ ln p̂D(β|α) (7)

10The outputs for several of the tasks we study consist
of executable programs or logical terms, for which we can
assume the availability of a CFG for parsing. Details are in
Appendix A.

11To optimize θ efficiently, we use a variant of the CKY
algorithm (Cocke, 1969; Kasami, 1965; Younger, 1967) to
determine the set of derivations, represented as a parse forest,
and use dynamic programming to efficiently sum over this set.

where kα and kβ are hyperparameters and p̂D(α|β)
is equal to the fraction of examples 〈x, y〉 ∈ Dtrain
where α “occurs in” x out of the examples where
β “occurs in” y, and vice versa for p̂D(β|α).12 The
correlation between α and β as measured by the
p̂ terms provides a measure related to how well
the rule fits the training data. We use sampling to
optimize the computation of p̂D for larger datasets.
While conceptually similar to the objective used
by NQG, we found that CSL’s objective is more
efficient to compute and can be more effective at
penalizing rules that lead to lower precision.13

Initialization To initialize G we add a rule
NT → 〈x, y〉 for every 〈x, y〉 ∈ D. We also
optionally add a set of seed rules, such as NT →
〈x, x〉where a terminal or span x is shared between
the input and output vocabularies. For details on
seed rules used for each dataset, see Appendix A.

Greedy Algorithm Following the initialization
of the set of rules G, we use an approximate parallel
greedy search algorithm to optimize LD(G), while
maintaining the invariant that all examples in D
can be derived by G.

At each iteration, the algorithm considers each
rule r in the current grammar in parallel. The algo-
rithm determines a (potentially empty) set of candi-
date actions for each r. Each candidate action con-
sists of adding a new rule to the grammar that can
be combined with an existing rule to derive r, en-
abling r to be removed. Certain candidate actions
may enable removing other rules, too. The algo-
rithm then selects the candidate action that leads to
the greatest improvement in the induction objective,
if any action exists that leads to an improvement.
The selected actions are then aggregated and exe-
cuted, resulting in a new set of rules. The algorithm
continues until no further actions are selected, or a
maximum number of steps is reached. The detailed
implementation of the greedy algorithm is detailed
in Appendix B.

3.1.5 Inference Procedure

While the primary goal of CSL is to be used to sam-
ple new examples for data augmentation (discussed

12By α “occurs in” x, we mean that there exists some sub-
stitution for any non-terminals in α such that it is a substring
or equal to x.

13For example, CSL’s objective enables our algorithm to
induce a “clean” 20 rule grammar for SCAN, while using our
algorithm with the objective of NQG leads to grammars with
additional spurious rules for SCAN.
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next), we can also use CSL as a discriminative pars-
ing model, by using a variant of the CKY algorithm
to find the highest scoring derivation z that maxi-
mizes Eq. 3 for a given input x. We then output the
corresponding y if it can be derived by the given
output CFG, or if no output CFG is provided.

3.2 Data Augmentation
We synthesize a configurable number of examples
by sampling from the learned generative model,
CSL.14 To generate a synthetic example (x, y), we
use forward sampling: we start from the singleNT
symbol and sample recursively to expand each non-
terminal symbol with a rule, based on pθ(r|rp, i)
defined by Eq. 4.15

Given that generic sequence-to-sequence models
perform poorly on length extrapolation (Newman
et al., 2020), we optionally bias our sampling to
favor deeper derivations. We achieve this by adding
a bias δ > 0 to θt,r for any rule r that contains more
nonterminals than our configurable threshold.

We fine-tune T5 on the union of the original
training data and the synthesized data. Following
Jia and Liang (2016), we ensure an approximately
equal number of original and synthesized examples
are used for training. We achieve this by replicating
original or synthetic examples as needed.

4 Experiments and Analysis

In this section, we comparatively evaluate and an-
alyze our main proposed method, T5+CSL-Aug.,
which uses CSL to generate examples for augment-
ing the training data of T5.

4.1 Datasets
We evaluate our approach on both synthetic bench-
marks designed for controlled assessments of com-
positional generalization, and non-synthetic eval-
uations, which introduce the additional challenge
of handling natural language variation. For exam-
ple, some words in the test data might never appear
during training. Further details on datasets and
preprocessing are in Appendix A.

SCAN The SCAN dataset contains navigation
commands paired with action sequences. We con-
sider three compositional data splits from Lake and

14For all experiments, we sample 100,000 synthetic exam-
ples unless otherwise indicated.

15We ensure the sampled y can be generated by a CFG
defining valid outputs, if one is provided for the given task, by
sampling from the intersection of G and the provided output
CFG.

Baroni (2018): the jump and turn left splits (where
a new primitive is used in novel combinations), and
the length split. We also consider the MCD splits
from Keysers et al. (2020) created by making the
distributions of compositional structures in training
and test data as divergent as possible.

COGS The COGS dataset (Kim and Linzen,
2020) contains sentences paired with logical forms.
We use the generalization test set, which tests
generalization to novel linguistic structures. As
SCFGs cannot handle logical variables (Wong and
Mooney, 2007), we convert the outputs into equiv-
alent variable-free forms.

GeoQuery GeoQuery (Zelle and Mooney, 1996;
Tang and Mooney, 2001) contains human-authored
questions paired with meaning representations. We
report results on the standard data split as well
as three compositional splits based on those intro-
duced in Shaw et al. (2021): the template split
(where abstract output templates in training and
test data are disjoint (Finegan-Dollak et al., 2018)),
the TMCD split (an extension of MCD for non-
synthetic data), and the length split.16

SMCalFlow-CS Yin et al. (2021) proposed a
compositional skills split of SMCalFlow (Andreas
et al., 2020) that contains single-turn sentences
from one of two domains related to creating cal-
endar events or querying an org chart, paired with
LISP programs. The single-domain (S) test set
has examples from a single domain, while the
cross-domain (C) test set has sentences that require
knowledge from both domains (e.g., “create an
event with my manager”). Only a small number
of cross-domain examples (8, 16, or 32) are seen
during training.

4.2 Baselines
Our primary goal is to evaluate T5+CSL-Aug.
in comparison to T5 and T5+GECA, a method
augmenting training data with GECA which is
prior state of the art for data augmentation (An-
dreas, 2020).17 Details and hyperparameters for the

16For GeoQuery, to reduce variance due to small dataset
sizes, we average all results over 3 runs. For the Template
and TMCD splits we additionally average over 3 splits gen-
erated with different random seeds. Variance is reported in
Appendix C.8

17For all experiments with T5, we show results for T5-Base
(220M parameters). Prior work found T5-Base to perform best
on the compositional splits of SCAN and GeoQuery (Furrer
et al., 2020; Shaw et al., 2021). We found a similar trend
for COGS and SMCalFlow-CS after evaluating T5-Large and
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SCAN COGS GEOQUERY SMCALFLOW-CS

System Jump Left Len. MCD Gen. Std. Templ. TMCD Len. 8-S 8-C 16-S 16-C 32-S 32-C

NQG-T5 100.0 100.0 100.0 100.0 97.9 92.9 84.2 71.4 53.9 — — — — — —
SpanBasedSP — — — — — 78.9 76.3 56.5 53.9 — — — — — —
LeAR — — — — 97.7 — — — — — — — — — —
C2F — — — — — — — — — — — 83.0 40.6 83.6 54.6
C2F+SS — — — — — — — — — — — 83.8 47.4 83.7 61.9

T5 99.5 62.0 14.4 15.4 89.8 92.9 84.8 69.2 41.8 84.7 34.7 84.7 44.7 85.2 59.0
T5+GECA 99.7 57.6 10.5 22.8 — 92.5 82.8 66.5 45.8 — — — — — —

T5+CSL-Aug. 99.7 100.0 99.2 99.4 99.5 93.3 89.3 74.9 67.8 83.5 51.6 83.4 61.4 84.0 70.4

Table 1: Main Results. We compare the performance of our proposed method, T5+CSL-Aug., to prior work across
synthetic (SCAN, COGS) and non-synthetic (GeoQuery, SMCalFlow-CS) tasks. Boldfaced results are within 1.0
points of the best result.

GECA experiments are available in Appendix C.4.
We also compare with representative prior state-
of-the-art methods. For SCAN, NQG-T5 (Shaw
et al., 2021) is one of several specialized mod-
els that achieves 100% accuracy across multiple
splits (Chen et al., 2020; Liu et al., 2020; Nye et al.,
2020; Herzig and Berant, 2021). For COGS, we
show results from LeAR (Liu et al., 2021), the pre-
viously reported state-of-the-art on COGS.18 We
also report new results for NQG-T5 on COGS. For
GeoQuery, we report results for NQG-T519 and
SpanBasedSP (Herzig and Berant, 2021) on the
GeoQuery splits we study.20 For SMCalFlow-CS,
we show the strongest previously reported results
by Yin et al. (2021), which include the coarse2fine
(C2F) model of Dong and Lapata (2018) as a
baseline, as well C2F combined with the span-
supervised (SS) attention method of Yin et al.
(2021). We found it was not computationally feasi-
ble to run NQG-T5 on SMCalFlow.

4.3 Main Results

The results are shown in Table 1. For synthetic
datasets, the induced grammars have high cover-
age, making the CSL model highly effective for
data augmentation. When we use CSL to gener-
ate additional training data for T5 (T5+CSL-Aug.),
the performance of T5 improves to nearly solving

T5-3B.
18We do not show LeAR results for SCAN and GeoQuery

as Liu et al. (2021) did not report results for SCAN and
reported GeoQuery results using a different template split and
a different evaluation metric.

19Some of our results for NQG-T5 are different than those
reported in Shaw et al. (2021) as we average over 3 new
GeoQuery template and TMCD splits, as described in §4.1.

20We report exact match accuracy for SpanBasedSP, as
opposed to denotation accuracy reported in Herzig and Berant
(2021).

SCAN and achieving state-of-the-art on COGS.
For non-synthetic tasks, T5+CSL-Aug. leads to

new state-of-the-art accuracy on all compositional
splits. However, performance is slightly worse on
the single-domain splits of SMCalFlow-CS. Based
on error analysis in Appendix C.9, we find a signifi-
cant degree of inherent ambiguity for the remaining
errors on the single-domain split, which may con-
tribute to this result.

Using CSL for data augmentation outperforms
using GECA on SCAN and GeoQuery. We did not
find it computationally feasible to run GECA on
COGS or SMCalFlow-CS. On some splits, using
GECA to augment the training data for T5 can lead
to worse performance, as GECA can over-generate
incorrect examples. We provide further analysis
comparing CSL and GECA in Appendix C.4.

4.4 Analysis and Discussion

The performance of T5+CSL-Aug. is dependent
on the CSL grammar backbone, parametric model,
and data sampling details. We analyze the accuracy
of T5+CSL-Aug. in relation to CSL’s coverage, and
summarize the impact of the design choices in CSL
that depart from prior work.

Performance Breakdown CSL provides analy-
ses for and can only sample inputs covered by its
grammar x ∈ XCSL, which is often a strict subset
of all possible utterances. It is therefore interest-
ing to see how data augmentation impacts T5’s
performance on covered and non-covered inputs.

In Table 2, we analyze the relative performance
of T5, CSL, and combinations of T5 and CSL us-
ing ensembling and data augmentation, for non-
synthetic compositional splits, partitioning inputs
based on whether they are covered by CSL (the
same analysis for all splits can be found in Ap-
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x ∈ XCSL x /∈ XCSL All

Dataset %XCSL T5 CSL Aug. T5 CSL Aug. T5 CSL Ens. Aug.

GeoQuery Templ. 61.0 93.1 96.6 97.1 71.6 0.0 76.9 84.8 58.9 86.9 89.3
GeoQuery TMCD 44.3 88.4 90.3 93.9 53.8 0.0 59.9 69.2 39.9 70.0 74.9
GeoQuery Length 29.0 51.2 91.6 83.6 35.4 0.0 61.3 40.0 26.6 51.7 67.8

SMCalFlow-CS 8-C 6.6 52.3 79.6 72.7 33.4 0.0 50.1 34.7 5.3 36.5 51.6
SMCalFlow-CS 16-C 11.6 59.7 84.4 84.4 42.7 0.0 58.4 44.7 9.8 47.5 61.4
SMCalFlow-CS 32-C 13.0 74.4 87.2 88.4 56.7 0.0 67.8 59.0 11.3 60.6 70.4

Table 2: We compare T5, CSL used as a parsing model, and T5+CSL-Aug. (abbreviated as Aug.). We partition
evaluation examples by whether CSL generates an output (x ∈ XCSL) or not (x /∈ XCSL) for a given input. The
percentage of examples in the former subset (%XCSL) is limited by the coverage of the induced grammar (see
Section 3.1.5). We also compare with an ensemble of T5 and CSL (Ens.) similar to that of Shaw et al. (2021),
where we use the output of CSL if x ∈ XCSL and otherwise fall back to T5.

pendix C.1). An ensemble model can help T5 only
when x ∈ XCSL, but we can see from Table 2 that
data augmentation improves model performance
even on inputs not covered by the grammar. For
example, for the GeoQuery Length split, perfor-
mance on non-covered inputs improves from 35.3
to 60.9. This means that T5 is generalizing from
the sampled data (x ∈ XCSL) to x /∈ XCSL.

Comparison with NQG We cannot compare us-
ing CSL for data augmentation directly with using
its closely related predecessor NQG (Shaw et al.,
2021) for data augmentation, as NQG is a discrimi-
native parsing model and not a probabilistic genera-
tive model that enables sampling new examples.
However, we include comparisons of the novel
components of CSL relative to the related com-
ponents of NQG in the following sections, which
analyze CSL’s grammar induction algorithm and
parametric model.

Grammar Induction The grammar induction al-
gorithm of CSL is significantly more scalable than
that of NQG, enabling more than 90% decrease
in runtime for GeoQuery, and enabling induction
to scale to larger datasets such as SMCalFlow-CS.
CSL can also induce higher coverage grammars
than NQG in some cases, while maintaining high
precision. For example, for COGS, the grammar
induced by CSL can derive 99.9% of the evaluation
set while the grammar induced by NQG can only
derive 64.9%. Appendix C.3 contains further analy-
sis comparing the grammar induction algorithms of
CSL and NQG. Of course, the grammars induced
by CSL can still lack coverage for some datasets,
as shown in Table 2. We analyze the limitations of
QCFGs in Appendix C.5.

Parameteric Model We find that the simple pa-
rameteric model of CSL performs comparably in
terms of parsing accuracy to the BERT-based dis-
criminative model of NQG given the same gram-
mar (see Appendix C.3). It is also more scalable be-
cause it does not require the computation of a parti-
tion function. The variable number of state clusters
(§3.1.2) provides a powerful knob for tuning the
amount of context sensitivity (see Appendix C.2)
to sufficiently fit the training data while also extrap-
olating to out-of-distribution compositions. We be-
lieve further improvements to the parametric model
(e.g. using pre-trained representations) have strong
potential to improve overall accuracy.

Sampling Results on most splits are significantly
improved by using CSL’s parametric model com-
pared to sampling uniformly from the induced
grammar (Appendix C.6), pointing to a potential
source of gains over unweighted augmentation ap-
proaches like GECA. However, for SMCalFlow-
CS, a higher sampling temperature can improve
performance, especially on the 8-shot split, as it
leads to > 15 times the number of cross-domain
examples being sampled, given their low percent-
age in the training data. Determining improved
methods for biasing the sampling towards exam-
ples most relevant to improving performance on
the target distribution is an important direction. In
Appendix C.7 we explore a setting where we as-
sume access to unlabeled examples from the target
distribution, and use these to update the parametric
model. We find that this improves sample efficiency
with respect to the number of sampled synthetic
examples, but can have minimal effect when a suf-
ficiently large number of examples can be sampled.
We believe this is a promising research direction.
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5 Related Work

Grammar Induction Before the trend towards
sequence-to-sequence models, significant prior
work in semantic parsing explored inducing
SCFG (Wong and Mooney, 2006, 2007; An-
dreas et al., 2013) and CCG (Zettlemoyer and
Collins, 2005, 2007; Kwiatkowksi et al., 2010;
Kwiatkowski et al., 2013; Artzi et al., 2014) gram-
mars of the input-output pairs. SCFGs have
also been applied to machine translation (Chiang,
2007; Blunsom et al., 2008; Saers et al., 2013).
Compression-based objectives similar to ours have
also been applied to CFG induction (Grünwald,
1995). Recently, the method of Kim (2021) learns
neural parameterized QCFG grammars, which can
avoid the pitfalls in coverage of lexicalized gram-
mars such as the ones we learn; however the
approach can be computationally demanding for
longer input-output pairs.

Data Augmentation Data augmentation has
been widely used for semantic parsing and re-
lated tasks (Jia and Liang, 2016; Andreas, 2020;
Akyürek et al., 2021; Wang et al., 2021b; Zhong
et al., 2020; Oren et al., 2021; Tran and Tan, 2020;
Guo et al., 2020, 2021). Jia and Liang (2016) per-
form data recombination using an induced SCFG
but their approach requires domain-specific heuris-
tics. GECA (Andreas, 2020) provides a more gen-
eral solution, which we analyzed in §4.4. The
method of Akyürek et al. (2021) is appealing be-
cause it can learn data recombinations without com-
mitting to a grammar formalism, although gains
were limited relative to symbolic methods. The re-
combination approach of Guo et al. (2020) demon-
strates gains for translation tasks but is not as ef-
fective as GECA for semantic parsing tasks. Other
approaches leverage a forward semantic parser
and a backward input generator with some vari-
ants (Wang et al., 2021b; Zhong et al., 2020; Tran
and Tan, 2020; Guo et al., 2021), but most of these
approaches do not explicitly explore the compo-
sitional generalization setting. Oren et al. (2021)
propose an approach to sample more structurally-
diverse data to improve compositional generaliza-
tion, given a manually specified SCFG.

Compositional Generalization Beyond data
augmentation, many approaches have been pursued
to improve compositional generalization in seman-
tic parsing, including model architectures (Li et al.,
2019; Russin et al., 2019; Gordon et al., 2020; Liu

et al., 2020; Nye et al., 2020; Chen et al., 2020;
Zheng and Lapata, 2020; Oren et al., 2020; Herzig
and Berant, 2021; Ruiz et al., 2021; Wang et al.,
2021a), different Transformer variations (Csordás
et al., 2021; Ontanón et al., 2021), ensemble mod-
els (Shaw et al., 2021), intermediate representa-
tions (Herzig et al., 2021), meta-learning (Lake,
2019; Conklin et al., 2021; Zhu et al., 2021), and
auxiliary objectives to bias attention in encoder-
decoder models (Yin et al., 2021; Jiang and Bansal,
2021). Also, Furrer et al. (2020) compared pre-
trained models with specialized architectures.

6 Conclusion

We showed that the Compositional Structure
Learner (CSL) generative model improves the state
of the art on compositional generalization chal-
lenges for two real-world semantic parsing datasets
when used to augment the task training data for
the generic pre-trained T5 model. Data augmenta-
tion using CSL was also largely sufficient to distill
CSL’s knowledge about compositional structures
into T5 for multiple synthetic compositional gen-
eralization evaluations. While CSL has limitations
(notably, the QCFG formalism is not a good fit
for all phenomena in the mapping of natural lan-
guage to corresponding logical forms), our experi-
ments suggest the strong potential of more power-
ful probabilistic models over automatically induced
latent structures as data generators for black-box
pretrained sequence-to-sequence models.
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Appendix

The appendix is organized into three sections:

• Appendix A contains dataset and preprocess-
ing details.

• Appendix B contains modeling details and
hyperparameters.

• Appendix C contains additional experiments
and analysis.

A Dataset and Preprocessing Details

Dataset Split Train Dev Test

SCAN

Jump 14670 — 7706
Turn Left 21890 — 1208
Length 11990 — 3920
MCD1 8365 1046 1045
MCD2 8365 1046 1045
MCD3 8365 1046 1045

COGS Gen 24K 12K 12K

GeoQuery

Standard 600 — 280
Template1 438 110 332
Template2 439 110 331
Template3 440 110 330
TMCD1 440 110 330
TMCD2 440 110 330
TMCD3 440 110 330
Length 440 110 330

SMCalFlow-CS
8-shot 25412 1324 1325
16-shot 25420 1324 1325
32-shot 25436 1324 1325

Table 3: Sizes of all datasets and splits.

In this section we detail preprocessing for each
dataset. Dataset sizes are reported in Table 3. We
show examples of each dataset in Table 4, with ex-
amples of the corresponding induced QCFG rules
in Table 5. For each dataset, we report exact match
accuracy. We note that all datasets include English
language data only; evaluating and extending our
method for other languages is an important future
direction. We use the same dataset preprocessing
for the T5, T5+GECA, NQG-T5, and T5+CSL-
Aug. results we report.

SCAN We did not perform any preprocessing
for SCAN. Grammar induction does not use any
seed rules, and we do not assume a CFG defining
valid output constructions, as the outputs consist
of action sequences, not executable programs or
logical forms.

COGS For COGS, as QCFGs do not support
logical variables (Wong and Mooney, 2007), we
mapped the original logical forms to a variable-free
representation, with an example shown in Table 4.
The mapping is deterministic and reversible, and is
akin to the use of other variable-free logical forms
for semantic parsing such as FunQL (Kate et al.,
2005) or Lambda-DCS (Liang, 2013). An alterna-
tive but potentially more complex solution to han-
dling logical variables in outputs would be to use
an extension of SCFGs, such as λ-SCFG (Wong
and Mooney, 2007).

We define an output CFG based on the definition
of this variable-free representation. To minimize
the linguistic prior, we did not distinguish the types
of primitives (e.g., nouns vs verbs); they all belong
to the same CFG category. We use a set of seed
rules of the form NT → 〈x′, x〉 where x is a token
found in a training output, and x′ is x or an inflected
form of x found in a training input (e.g., for x =
“sleep”, we add NT → 〈sleep, sleep〉 and NT →
〈slept, sleep〉). These 〈x′, x〉 pairs were identified
by running the IBM I alignment model (Brown
et al., 1993) on the training data.

GeoQuery We use the same variant of
FunQL (Kate et al., 2005) as Shaw et al. (2021),
with entities replaced with placeholder values.
We generate new length, template, and TMCD
splits following the methodology of Shaw et al.
(2021), so that we could evaluate our method on
dev sets, which the original splits did not include.
Specifically, for the length split, we randomly
split the test set of the original length split into
a dev set of 110 examples and a test set of 330
examples. To reduce variance, we created 3 new
template and TMCD splits with different random
seeds, with (approximately, in the case of template
splits) 440 training examples, and 440 examples
that are then randomly split into a 110 dev set and
330 test set. For the TMCD splits, we changed
the atom constraint slightly, based on the error
analysis in Shaw et al. (2021) which found that
a disproportionate amount of the errors on the
TMCD test set were in cases where an “atom”
was seen in only a single context during training.
To create a fairer evaluation of compositional
generalization, we strengthen the atom constraint
such that every atom in the test set must be seen at
least 2 times in the training set. Additionally, as
several function symbols in FunQL can be used
with and without arguments, and these usages
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Dataset Example

SCAN
x: walk around right and jump thrice
y: RTURN WALK RTURN WALK RTURN WALK RTURN WALK JUMP JUMP JUMP

COGS
x: Camila gave a cake in a storage to Emma .
y: give ( agent = Camila , theme = cake ( nmod . in = storage ) , recipient = Emma )

GeoQuery
x: what states border states that the m0 runs through
y: answer ( intersection ( state , next_to_2 ( intersection ( state , traverse_1 ( m0 ) ) ) ) )

SMCalFlow-CS

x: create work meeting with my boss
y: ( Yield :output ( CreateCommitEventWrapper :event ( CreatePreflightEventWrapper
:constraint ( Constraint[Event] :attendees ( AttendeeListHasRecipient
:recipient ( FindManager :recipient ( toRecipient ( CurrentUser ) ) ) )
:subject ( ?= # ( String “ work meeting " ) ) ) ) ) )

Table 4: Example inputs, x, and outputs, y.

Dataset Induced Rules

SCAN
NT→ 〈NT[1] and NT[2],NT[1] NT[2]〉
NT→ 〈NT[1] thrice,NT[1] NT[1] NT[1]〉
NT→ 〈NT[1] around right,RTURN NT[1] RTURN NT[1] RTURN NT[1] RTURN NT[1]〉

COGS
NT→ 〈NT[1] NT[2] NT[3] NT[4],NT[2] ( agent = NT[1] , theme = NT[3] , recipient = NT[4] )〉
NT→ 〈NT[1] NT[2] NT[3],NT[1] ( nmod . NT[2] = NT[3] )〉
NT→ 〈NT[1], a NT[1]〉

GeoQuery
NT→ 〈what NT[1] border NT[2], answer ( intersection ( NT[1] , next_to_2 ( NT[2] ) ) )〉
NT→ 〈NT[1] NT[2], intersection ( NT[1], NT[2] )〉
NT→ 〈that NT[1] runs through, traverse_1 ( NT[1] )〉

SMCalFlow-CS

NT→ 〈NT[1] boss, FindManager :recipient ( NT[1] )〉
NT→ 〈NT[1]with NT[2],CreateCommitEventWrapper :event ( CreatePreflightEventWrapper
:constraint ( Constraint[Event] :attendees ( ( AttendeeListHasRecipient
:recipient ( NT[2] ) ) :subject ( ? = # ( NT[1] ) ) ) )〉
NT→ 〈create NT[1], ( Yield :output ( NT[1] ) )〉

Table 5: Examples of induced grammar rules for each example in Table 4. Rules without non-terminals are omitted
for brevity.

are semantically quite different, we treat function
symbols used with different numbers of arguments
as different atoms.

We define an output CFG based on the definition
of the FunQL operators and the primitive types in
the geobase database. We use a set of seed rules of
the form NT → 〈x, x〉 where x occurs in both the
input and output of a training example.

SMCalFlow-CS To construct SMCalFlow-CS,
Yin et al. (2021) filtered out examples that require
conversational context. We heuristically filtered
out 22 more training examples whose programs
contain string literals that are not in the inputs.

We use the original LISP programs provided
with the dataset as the output representation. We
extract seed rules for string literals and numbers
that are copied from inputs to outputs, such as per-

son names and meeting subjects. We add 5 seed
rules with a single non-terminal on the input side
that enable “hallucinating” various program frag-
ments. We construct an output CFG based on the
bracketing of LISP programs and a mapping of
argument slots to nonterminals.

B Modeling Details

B.1 QCFG Background and Notation

Synchronous context-free grammars (SCFGs) have
been used to model the hierarchical mapping be-
tween pairs of strings in areas such as compiler the-
ory (Aho and Ullman, 1972) and multiple natural
language tasks, e.g., machine translation (Chiang,
2007) and semantic parsing (Wong and Mooney,
2006; Andreas et al., 2013). SCFGs can be viewed
as an extension of context-free grammars (CFGs)
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〈NT[1],NT[1]〉 〈αa, βa〉

〈αc, βc〉
rc

ra

rb

EXAMPLE

ra = NT→ 〈NT[1] and NT[2],NT[1] NT[2]〉
rb = NT→ 〈jump, JUMP〉
rc = NT→ 〈jump and NT[1], JUMP NT[1]〉

Figure 4: The arrows in the diagram denote expansion
of a nonterminal with a rule. When the above ternary
relation holds between ra, rb, and rc, such as in the
provided example, we will write ra ◦ rb ⇒ rc. The
key sub-routine of our grammar induction algorithm,
UNIFY(r1, r2), returns the set of rules {r3|r2 ◦ r3 ⇒
r1 ∨ r3 ◦ r2 ⇒ r1}.

that synchronously generate strings in what we will
refer to as an input and output language. We write
SCFG rules as NT → 〈α, β〉, where NT is a non-
terminal symbol, and α and β are strings of non-
terminal and terminal symbols.

An SCFG rule can be viewed as two CFG rules,
NT → α and NT → β, with a pairing between
the occurrences of non-terminal symbols in α and
β. This pairing is indicated by assigning each non-
terminal in α and β an index ∈ N. Non-terminals
sharing the same index are called linked. Following
convention, we denote the index for a non-terminal
using a boxed subscript, e.g. NT[1].

B.2 Model Parameterization Details
Here we provide the complete definition of the
pθ(r|rp, i) and pθ(s|rp, i) terms introduced in
§ 3.1.2:

pθ(s|rp, i) =
eθrp,i,s

∑
s′∈S e

θrp,i,s′
(8)

pθ(r|s) =
eθs,r∑

r′∈G e
θs,r′

(9)

where the θs are scalar parameters. For
SMCalFlow-CS, where the number of induced
rules is large, we approximate the denominator in
Eq. 9 by only considering rules used in derivations
in the same batch during training.

B.3 Grammar Induction Algorithm Details
In this section we describe the detailed implementa-
tion of the grammar induction algorithm introduced
in § 3.1.4.

At each step, we process each rule rc in G in
parallel. First, using a variant of the CKY algo-
rithm, we check if we can just remove rc without
violating the invariant that all examples in D can
be derived by G. If so, we simply remove the rule
rc as this will always decrease LD(G). Otherwise,
we determine a set of candidate actions, A, where
an action a ∈ A consists of a rule to add, radd, and
a set of rules to remove, Rremove. We determine
A using the UNIFY operation described in Fig-
ure 4. Specifically, we consider each rule returned
by UNIFY(rc, r

′) (where r′ is any other rule in G)
as a potential rule to add, radd. The corresponding
set Rremove then consists of rc and any other rule
that we determine can be removed if radd is added,
without violating the above invariant.

If a CFG defining valid outputs is provided for
the task, we ensure that the output string in radd can
be generated by the given CFG, for some replace-
ment of the nonterminal symbols with nonterminals
from the output CFG, using a variant of the CKY
algorithm.

Given these candidate actions, A, we select:

amax = argmax
a∈A

− LD(EXEC(G, a))

where EXEC(G, a) is an operation that returns a
new set of rules (G ∪ radd) \Rremove.

We then aggregate over the actions, amax, se-
lected for each rule in G, choosing an action only if
it improves the objective. Each action is executed
by setting G ← EXEC(G, amax). The algorithm
completes if no action was selected or if we reach
a configurable number of steps.

We optionally partition the dataset into a con-
figurable number of equally sized partitions based
on example length. We then run the algorithm
sequentially on each partition, starting with the par-
tition containing the shortest examples. During
initialization, we only add rules for examples in the
first partition. We then add rules corresponding to
examples in the next partition once the algorithm
completes on the current partition.

B.4 Hyperparameters

We performed a limited amount of hyperparameter
tuning based on performance on development sets.
As our goal is to develop models that generalize
well across multiple types of distribution shifts, we
strove to use the same hyperparameters for each
split within a dataset.
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Dataset kα kβ kt # Partitions

SCAN 0 100 4 16
COGS 1 5 8 1
GeoQuery 4 16 8 1
SMCalFlow-CS 4 16 8 1

Table 6: Hyperparameters for grammar induction.

Grammar Induction For grammar induction,
we selected various configuration options by in-
specting the data for each dataset, such as the maxi-
mum number of nonterminals in a rule and whether
we allow repeated nonterminal indexes. We evalu-
ated several configurations for kα and kβ in Eq. 7
and the relative cost of terminal vs. nonterminal
symbols referenced in Eq. 6, which we will refer
to here as kt, during the development of our algo-
rithm. The selected hyperparameters are listed in
Table 6.

Parameteric Model For the CSL parame-
teric model, we selected a learning rate from
[0.01, 0.05, 0.1]. We selected a number of context
states |S| from [32, 64], except for SCAN where
we analyzed a larger number of context states on
the MCD splits, as discussed in Appendix C.2. For
SCAN we selected |S| = 2 for all splits, except
for MCD1 and MCD3, where we found |S| = 4
to give more consistent performance on the dev
sets. This was the only case where we used differ-
ent hyperparameters for different splits of the same
dataset.

Sampling We sampled 100, 000 synthetic exam-
ples for all datasets. We provide some analysis of
the effect of this in Appendix C.7. For COGS, we
biased sampling to increase the number of longer
examples (as discussed in § 3.2) by setting the bias
δ = 6, and otherwise used δ = 0. We limited the
maximum recursion depth to 5 for SCAN, 10 for
SMCalFlow, and 20 for GeoQuery and COGS.

T5 Fine-Tuning We started with the same con-
figuration for fine-tuning T5 as Shaw et al.
(2021). We similarly selected a learning rate from
[1e−3, 1e−4, 1e−5] for each dataset. We use learn-
ing rate of 1e−3 for SCAN and SMCalFlow and
1e−4 for GeoQuery and COGS.

B.5 Training Details

We train the CSL model on 8 V100 GPUs, which
takes less than 1.5 hours for all splits. We fine-tune

T5 on 32 Cloud TPU v3 cores21 for 10,000 steps,
which takes less than 6 hours for all splits.

C Additional Analysis

C.1 Performance Breakdown

We extend the performance breakdown analysis of
§4.4 to all splits, with results reported in Table 7.

C.2 Varying Context Sensitivity

Varying the number of context states |S| can vary
the degree of context sensitivity in the CSL model.
This can be important because we want our model
to be able to accurately model p(y|x), which we
assume is shared between the source and target
distributions, but we also want to sample new in-
puts x that may have low probability under the
source distribution due to the novel compositions
they contain.

As a step towards understanding the trade-offs re-
lated to context sensitivity, we compute the average
log p(x, y) and log p(y|x) according to CSL mod-
els with different number of context clusters |S|.
The results are reported in Table 8. The results also
let us compare log p(x) = log p(x, y)− log p(y|x).

A constraint on the number of context states
|S| is in some ways similar to a constraint on the
number of nonterminal symbols in a conventional
SCFG. Notably, for SCAN, writing a SCFG that
unambiguously maps inputs to outputs requires
2 unique nonterminal symbols, and we observe
that, similarly, |S| ≥ 2 is required to reach 100%
accuracy on the dev set. We also observe that while
the models with larger |S| fit the training set better,
the log likelihood of the dev sets is highest with
|S| in the range between 2 and 4, indicating that
the optimal place on the tradeoff curve is not at the
extremes. We also note that there is some variance
across the different splits for the optimal number of
types, with some values leading to less than optimal
modeling of p(y|x).

It is also worth noting that, regardless of the
number of context states, the structural conditional
independence assumptions in our model can be
too strong, harming the accuracy of modeling
p(y|x). For example, consider a rule for coordi-
nation, NT → 〈NT[1] and NT[2],NT[1] ∧ NT[2]〉.
In our model, we cannot condition the expansion
of NT[2] on the corresponding expansion of NT[1]

or the parent context in which the coordination rule

21https://cloud.google.com/tpu/
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x ∈ XCSL x /∈ XCSL All

Dataset %XCSL T5 CSL Aug. T5 CSL Aug. T5 CSL Ens. Aug.

SCAN Jump 100.0 99.5 100.0 99.7 — — — 99.5 100.0 100.0 99.7
SCAN Left 100.0 62.0 100.0 100.0 — — — 62.0 100.0 100.0 100.0
SCAN Length 100.0 14.4 100.0 99.2 — — — 14.4 100.0 100.0 99.2
SCAN MCD 100.0 15.4 100.0 99.4 — — — 15.4 100.0 100.0 99.4

COGS Gen. 99.9 89.8 99.6 99.5 40.9 0.0 100.0 89.8 99.5 99.5 99.5

GeoQuery Std. 76.3 97.2 97.3 98.1 78.9 0.0 77.9 92.9 74.3 93.0 93.3
GeoQuery Templ. 61.0 93.1 96.6 97.1 71.6 0.0 76.9 84.8 58.9 86.9 89.3
GeoQuery TMCD 44.3 88.4 90.3 93.9 53.8 0.0 59.9 69.2 39.9 70.0 74.9
GeoQuery Length 29.0 51.2 91.6 83.6 35.4 0.0 61.3 40.0 26.6 51.7 67.8

SMCalFlow-CS 8-S 30.5 96.0 85.6 95.5 79.8 0.0 78.3 84.7 26.1 81.6 83.5
SMCalFlow-CS 8-C 6.6 52.3 79.6 72.7 33.4 0.0 50.1 34.7 5.3 36.5 51.6
SMCalFlow-CS 16-S 29.5 95.9 85.6 95.9 80.1 0.0 78.2 84.7 25.2 81.7 83.4
SMCalFlow-CS 16-C 11.6 59.7 84.4 84.4 42.7 0.0 58.4 44.7 9.8 47.5 61.4
SMCalFlow-CS 32-S 30.4 96.0 88.1 95.5 80.5 0.0 79.0 85.2 26.7 82.8 84.0
SMCalFlow-CS 32-C 13.0 74.4 87.2 88.4 56.7 0.0 67.8 59.0 11.3 60.6 70.4

Table 7: Performance breakdown for all splits, including non-compositional and synthetic splits, in addition to
those already presented in Table 2.

Context States, |S|
Split Log prob. 1 2 3 4 8 32

mcd1 (train) p(x, y) -15.14 -12.55 -10.96 -9.60 -9.21 -9.09
mcd1 (train) p(y|x) -0.72 0.00 0.00 0.00 0.00 0.00
mcd1 (dev) p(x, y) -16.49 -15.04 -17.47 -13.32 -18.85 -20.61
mcd1 (dev) p(y|x) -0.76 0.00 0.00 0.00 0.00 0.00

mcd2 (train) p(x, y) -14.38 -11.72 -10.62 -10.26 -9.26 -9.13
mcd2 (train) p(y|x) -0.58 0.00 0.00 0.00 0.00 0.00
mcd2 (dev) p(x, y) -17.60 -14.10 -19.84 -17.58 -19.45 -21.82
mcd2 (dev) p(y|x) -0.97 0.00 -1.99 -0.36 0.00 -0.04

mcd3 (train) p(x, y) -15.29 -12.56 -10.86 -11.04 -9.11 -9.09
mcd3 (train) p(y|x) -0.75 0.00 0.00 0.00 0.00 0.00
mcd3 (dev) p(x, y) -16.33 -14.96 -11.25 -19.09 -19.83 -20.71
mcd3 (dev) p(y|x) -0.75 0.00 0.00 -0.10 0.00 0.00

Table 8: We compare the average log probability CSL assigns to examples from the SCAN MCD train and dev
sets, for different numbers of context states, |S|.

is applied, in order to capture notions of type agree-
ment. Such limitations are similar to the limitations
of conventional PCFGs to sufficiently model struc-
tural dependencies for syntactic parsing (Klein and
Manning, 2003).

In general, better understanding and optimizing
the trade-offs related to context sensitivity for com-
positional generalization is an important direction
for future work.

C.3 Comparing CSL and NQG

CSL and NQG of Shaw et al. (2021) vary across
several dimensions, as the two systems use dif-
ferent grammar induction algorithms and different
model parameterizations. Here we compare the two

approaches across both dimensions independently.

Grammar Induction As discussed in §3.1.4, the
largest set of changes to the CSL algorithm from
that of NQG were to improve the scalabilty of the
induction algorithm, as both algorithms scale super-
linearly in both dataset size and the length of input
and output strings. The runtime of grammar induc-
tion on the GeoQuery standard split on a standard
workstation CPU is around 15 minutes for NQG,
and < 1 minute for CSL. More importantly, we
did not find it feasible to run NQG for SMCalFlow-
CS, while CSL enables grammar induction to be
completed within 10 hours with parallelization.

CSL also supports QCFG rules with > 2 nonter-
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GEOQUERY COGS

Parsing Model Templ. TMCD Len. Gen.

BERT + SpanLabel 58.8 41.0 23.3 99.2
CSL Gen. Model 58.9 39.9 26.6 99.4

Table 9: We compare the accuracy of the span-based
BERT-Base model of NQG (BERT + SpanLabel) with
that of the CSL generative model (when used as a pars-
ing model) for the same induced grammar (induced us-
ing CSL), on compositional splits of GeoQuery and
COGS.

minals while NQG does not. We found allowing
up to 4 nonterminals can improve the coverage
of induced grammars for COGS and SMCalFlow-
CS, with some example rules shown in Table 5 in
Appendix A. Notably, for COGS, the induction al-
gorithm of NQG induced a grammar that can only
derive 64.9% of the test set.

Model Parameterization We compare the per-
formance of CSL’s simple generative model with
that of the span-based model of NQG which uses a
BERT-Base encoder in Table 9. Both models use
the same grammar induced via the CSL algorithm.
Overall, the models perform comparably, despite
CSL having far fewer parameters (e.g. for Geo-
Query, CSL has only 51,200 parameters22 while
NQG has over 110M parameters as it includes a
BERT-Base encoder), not leveraging pre-trained
neural networks, and being a generative model to
support sampling (in contrast to NQG which is a
discriminative model). Incorporating pre-trained
neural components into a model such as CSL could
be a promising future direction.

For SMCalFlow-CS, given a grammar induced
by CSL, we found that it can be computationally
infeasible to train a discriminative NQG model, due
to the need to compute the partition function which
sums over all possible derivations of the input. As a
generative model, CSL avoids the need to compute
a partition function during training.

C.4 Comparison with GECA

Hyperparameters For SCAN, the reported re-
sults in Table 1 use a window size of 1. Using
a window size of 2 improves performance on the
MCD split (24.9% vs. 22.8%) but hurts perfor-
mance on the other splits. For GeoQuery, we used

22For each rule and non-terminal token in the induced gram-
mar, CSL has a number of parameters equal to the number of
context states.

TRAINING EXAMPLES

〈jump, JUMP〉
〈walk, WALK〉
〈jump and walk, JUMP WALK〉

SYNTHETIC EXAMPLES (GECA)

〈walk and walk, WALK WALK〉
〈jump and jump, JUMP JUMP〉

SYNTHETIC EXAMPLES (CSL)

〈walk and walk, WALK WALK〉
〈jump and jump, JUMP JUMP〉
〈walk and jump, WALK JUMP〉
〈walk and walk and jump, WALK WALK JUMP〉
〈walk and jump and walk and walk, WALK JUMP WALK WALK〉
· · ·

Figure 5: We show the set of derivable synthetic ex-
amples for GECA (with window size = 2) and CSL,
given an illustrative example of training examples. CSL
can derive a significantly larger set of synthetic exam-
ples than GECA, and also assigns a probability to each
derivable example.

the default window size of 4 for the GeoQuery ex-
periments. We attempted to run GECA on COGS
and SMCalFlow-CS also using the default hyperpa-
rameters and did not find it to be computationally
tractable. The algorithm’s iteration over templates
and fragments can become prohibitive for larger-
scale datasets.

Analysis From Table 1 we see that augmenting
the training data using CSL outperforms GECA
across both synthetic and non-synthetic evaluations.
GECA relies on the simple assumption that frag-
ments are interchangeable if they appear in the
same context. It is restricted by a pre-defined win-
dow size for fragments, and does not support recur-
sion. Figure 5 compares differences in the sets of
derivable synthetic examples for a notional set of
training examples. In this case, CSL can derive a
much larger set of recombinations by inducing the
rule NT→ 〈NT[1] and NT[2], NT[1] NT[2]〉, which
can be applied recursively.

C.5 Limitations of QCFGs

The mapping from inputs to outputs in SCAN,
COGS, and GeoQuery are all well supported by
QCFGs. However, grammars were used to gener-
ate the data for SCAN and COGS, so this is per-
haps not surprising. While GeoQuery inputs were
written by humans, the distribution of queries in
the dataset is influenced by the capabilities of the
underlying execution engine based on logic pro-
gramming; the dataset has a large number of nested
noun phrases in inputs that map directly to nested
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FunQL clauses in outputs.

SMCalFlow The induced grammars have rela-
tively low coverage on SMCalFlow, as shown by
%XCSL in Table 7, although they are still sufficient
to improve the performance of T5. One reason for
the low coverage is that inputs in SMCalFlow often
reference specific names, locations, and meeting
subjects, such as “setup up a sales meeting with
Sam and his manager” where “sales meeting” and
“Sam” must be copied to the output program as
string literals. Sequence-to-sequence models with
copy mechanisms or shared input-output vocabu-
laries can handle such copying, but the QCFGs
induced by our method do not support generaliza-
tion to such novel tokens. Extending the method
to support such string copying could significantly
improve coverage.

Another reason for the low coverage is that the
mismatch between the nesting of prepositional
phrases in the input (e.g., “at NT” and “with NT”)
and the corresponding clauses in the output pro-
gram tree makes it difficult to induce QCFG rules
that enable recombination of different prepositional
phrases in different contexts.

The induced QCFGs are also limited in other
cases, such as their inability to “distribute” over
groupings correctly. Since the training data
only contains example such as 〈Jennifer and her
boss, (person = “Jennifer”) (FindManager (per-
son= “Jennifer”))〉, the induced rule NT → 〈NT
and her boss, (person = “NT”) (FindManager (per-
son= “NT”))〉, the induced grammar cannot cor-
rectly generate test examples like 〈Jennifer and Elli
and their bosses, (person = “Jennifer”) (person =
“Elli”) (FindManager (person= “Jennifer”)) ( Find-
Manager (person= “Elli”))〉.

CFQ We also evaluated the feasibility of our ap-
proach to improve T5 performance on CFQ (Key-
sers et al., 2020), a popular synthetic dataset for
evaluating compositional generalization. We found
it was challenging to induce QCFGs with rea-
sonable coverage for CFQ. First, the SPARQL
queries in CFQ contain variables, which are not
well supported by QCFGs (Wong and Mooney,
2007). Additionally, the mapping from queries to
SPARQL in CFQ requires notions of commutativ-
ity (both “M0 edited and directed M1” and “M0
directed and edited M1” will be mapped to “M0
ns:film.director.film M1 . M0 ns:film.editor.film
M1”) and distributivity (edited in “edited M1 and

M2” will appear twice in “?x0 ns:film.editor.film
M1 . ?x0 ns:film.editor.film M2”) that are also not
well supported by QCFGs. Such limitations can
potentially be partially overcome by desigining in-
termediate representations for CFQ (Furrer et al.,
2020; Herzig et al., 2021), but a complete solution
likely requires an extension to the class of allow-
able rules in G beyond those a QCFG formalism
supports, such as better support for variables (Wong
and Mooney, 2007) and the ability to apply rewrit-
ing rules to generated output strings.

C.6 Sampling Temperature

In this section we study the impact of the paramet-
ric model on data augmentation. To do this, we
consider varying the sampling temperature, applied
to θt,r prior to normalization. We compare the ac-
curacy of T5+CSL-Aug. for different temperatures
for SMCalFlow-CS, and also with sampling from a
uniform distribution rather than using the CSL pa-
rameteric model for all splits, which can be viewed
as using temperature =∞.

Table 10 shows that using the parameteric model
outperforms uniform sampling by a large margin
on most splits. However, for SMCalFlow-CS, in-
creasing the sampling temperature can lead to im-
proved performance. To help understand why in-
creasing temperature improves performance on the
SMCalFlow-CS cross-domain splits, we computed
the number of single-domain examples and cross-
domain examples in the 100,000 sampled synthetic
examples. Sampling from uniform distribution gen-
erates on average 17,764 cross-domain examples
comparing with sampling from CSL which gener-
ates on average 1,114 cross-domain examples. The
significant larger number of synthetic cross-domain
examples might explain the improvement on cross-
domain performance when increasing sampling
temperature, especially on the 8-shot split, given
the small number of cross-domain examples in the
original training data.

C.7 Semi-Supervised Learning

If we have unlabeled data from our target distribu-
tion, consisting of inputs only, we can incorporate
this data when training our generative model in a
straightforward way. Here we propose a new ex-
periment to evaluate a method for semi-supervised
learning that leverages such unlabeled examples.
We assume that the unlabeled inputs from the de-
velopment set are available during training.
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SCAN COGS GEOQUERY SMCALFLOW-CS

Temp. Jump Left Len. MCD Gen. Std. Templ. TMCD Len. 8-S 8-C 16-S 16-C 32-S 32-C

∞ 97.2 98.0 42.0 43.8 91.4 92.9 88.0 72.9 51.5 83.4 63.1 84.4 62.6 83.8 71.5
10 — — — — — — — — — 82.8 62.4 83.1 63.8 82.5 71.0
1 99.7 100.0 99.2 99.4 99.5 93.3 89.3 74.9 67.8 83.5 51.6 83.4 61.4 84.0 70.4

Table 10: We compare sampling from CSL and uniform distribution (temperature = ∞) for the same induced
grammar.

GEOQUERY SCAN

Semi. Example # Std. Templ. TMCD Len. MCD

1K 92.9 89.3 72.5 66.4 63.8
X 1K 93.2 89.3 74.4 67.9 88.9

100K 93.3 89.3 74.9 67.8 99.4
X 100K 93.2 89.4 75.6 67.3 99.4

Table 11: We compare the accuracy of T5 + CSL using
data augmentation with and without unlabeled data.

Experiment Setting In this setting, conceptually,
when optimizing θ, we want to maximize both the
likelihood of p(x, y) for D and the marginal like-
lihood p(x) for the unlabeled data. As the latter
requires marginalizing over derivations for x and
all possible outputs, and this can be a large set to
sum over, we approximate this by first labeling
the unlabeled data following the inference proce-
dure described in §3.1.5 using the generative model
trained only on D, which can be interpreted as a
hard-EM approach. During this process, we dis-
card any unlabeled that cannot be derived given G.
We then re-train the generative model on both sets
of data following the standard procedure, duplicat-
ing the “unlabeled” data a configurable number of
times to achieve the desired ratio to the original
labeled data.

We evaluate our CSL + T5-Aug. in this setting
using unlabeled data from the development set. We
use the SCAN MCD splits as they have dev sets
available. We also evaluate performance on the
GeoQuery splits. We compare the performance
with and without unlabeled data using 1,000 and
100,000 synthetic examples.

Results Results are reported in Table 11. In-
corporating unlabeled examples leads to improve-
ments when sampling only 1,000 examples, but
leads to minimal improvements when sampling
100,000 examples. We did not find positive results
based on initial experiments for SMCalFlow-CS,
likely due to the low coverage of the induced gram-
mars on the target examples (see Table 7), as the

Split Mean Stdev.

Std. 93.3 0.2
Templ.1 92.5 0.3
Templ.2 88.1 0.8
Templ.3 87.2 0.6
TMCD1 77.2 1.1
TMCD2 71.3 0.6
TMCD3 76.3 0.2
Len. 67.8 0.3

Table 12: The mean and standard deviation of 3 runs
for T5+CSL-Aug. on GeoQuery dataset.

method we evaluated cannot leverage unlabeled
examples that are not covered by the induced gram-
mar.

C.8 GeoQuery Variance
The variance of T5+CSL-Aug. for GeoQuery is
reported in Table 12.

C.9 SMCalFlow-CS Error Analysis
We sampled 20 prediction errors for T5+CSL-Aug.
from single-domain and cross-domain development
sets respectively. We found a large number of er-
rors are due to ambiguous and inconsistent anno-
tations. Table 13 shows some examples of such
errors. First, the subject string is determined incon-
sistently for training and testing examples. Second,
the same source can be mapped to different tar-
gets which express the same meaning. Third, some
examples require additional context to generate
the correct output. Among the errors we sample,
around 60% of single-domain errors and around
35% of cross-domain errors fall into these three
types. In addition, for the cross-domain examples,
T5+CSL-Aug. sometimes struggles with nesting
programs in a correct way when examples require
querying an org chart for more than one people as
discussed in Appendix C.5.
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Train Source: Can you create an Meeting for Saturday 1 : 00 pm
Train Target: ( Yield :output ( CreateCommitEventWrapper :event ( CreatePreflightEventWrapper :constraint ( Con-
straint[Event] :start ( ?= ( DateAtTimeWithDefaults :date ( NextDOW :dow # ( DayOfWeek " SATURDAY " ) ) :time (
NumberPM :number # ( Number 1 ) ) ) ) :subject ( ?= # ( String " Meeting " ) ) ) ) ) )

Dev Source: Schedule a meeting on Thursday at 8 : 30 AM .
Dev Target: ( Yield :output ( CreateCommitEventWrapper :event ( CreatePreflightEventWrapper :constraint ( Con-
straint[Event] :start ( ?= ( DateAtTimeWithDefaults :date ( NextDOW :dow # ( DayOfWeek " THURSDAY " ) ) :time (
HourMinuteAm :hours # ( Number 8 ) :minutes # ( Number 30.0 ) ) ) ) ) ) ) )
Dev Prediction: ( Yield :output ( CreateCommitEventWrapper :event ( CreatePreflightEventWrapper :constraint (
Constraint[Event] :start ( ?= ( DateAtTimeWithDefaults :date ( NextDOW :dow # ( DayOfWeek " THURSDAY " ) ) :time
( HourMinuteAm :hours # ( Number 8 ) :minutes # ( Number 30.0 ) ) ) ) :subject ( ?= # ( String " meeting " ) ) ) ) ) )

Train Source: Schedule 3 pm tentative shareholders huddle
Train Target: ( Yield :output ( CreateCommitEventWrapper :event ( CreatePreflightEventWrapper :constraint ( Con-
straint[Event] :start ( ?= ( NextTime :time ( NumberPM :number # ( Number 3 ) ) ) ) :subject ( ?= # ( String " tentative
shareholders huddle " ) ) ) ) ) )

Dev Source: Schedule 3 pm tentative shareholders huddle
Dev Target: ( Yield :output ( CreateCommitEventWrapper :event ( CreatePreflightEventWrapper :constraint ( Con-
straint[Event] :showAs ( ?= # ( ShowAsStatus " Tentative " ) ) :start ( ?= ( NextTime :time ( NumberPM :number # (
Number 3 ) ) ) ) :subject ( ?= # ( String " shareholders huddle " ) ) ) ) ) )
Dev Prediction: ( Yield :output ( CreateCommitEventWrapper :event ( CreatePreflightEventWrapper :constraint (
Constraint[Event] :start ( ?= ( NextTime :time ( NumberPM :number # ( Number 3 ) ) ) ) :subject ( ?= # ( String " tentative
shareholders huddle " ) ) ) ) ) )

Dev Source: create football game on tuesday at 8
Dev Target: ( Yield :output ( CreateCommitEventWrapper :event ( CreatePreflightEventWrapper :constraint ( Con-
straint[Event] :start ( ?= ( DateAtTimeWithDefaults :date ( NextDOW :dow # ( DayOfWeek " TUESDAY " ) ) :time (
NumberPM :number # ( Number 8 ) ) ) ) :subject ( ?= # ( String " football game " ) ) ) ) ) )
Dev Prediction: ( Yield :output ( CreateCommitEventWrapper :event ( CreatePreflightEventWrapper :constraint (
Constraint[Event] :start ( ?= ( DateAtTimeWithDefaults :date ( NextDOW :dow # ( DayOfWeek " TUESDAY " ) ) :time (
NumberAM :number # ( Number 8 ) ) ) ) :subject ( ?= # ( String " football game " ) ) ) ) ) )

Table 13: Example prediction errors for T5+CSL-Aug. and their closest training example if any for the
SMCalFlow-CS dataset.
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Abstract
Event trigger detection, entity mention recog-
nition, event argument extraction, and relation
extraction are the four important tasks in in-
formation extraction that have been performed
jointly (Joint Information Extraction - JointIE)
to avoid error propagation and leverage depen-
dencies between the task instances (i.e., event
triggers, entity mentions, relations, and event
arguments). However, previous JointIE models
often assume heuristic manually-designed de-
pendency between the task instances and mean-
field factorization for the joint distribution of
instance labels, thus unable to capture optimal
dependencies among instances and labels to
improve representation learning and IE per-
formance. To overcome these limitations, we
propose to induce a dependency graph among
task instances from data to boost representation
learning. To better capture dependencies be-
tween instance labels, we propose to directly
estimate their joint distribution via Conditional
Random Fields. Noise Contrastive Estimation
is introduced to address the maximization of the
intractable joint likelihood for model training.
Finally, to improve the decoding with greedy
or beam search in prior work, we present Simu-
lated Annealing to better find the globally opti-
mal assignment for instance labels at decoding
time. Experimental results show that our pro-
posed model outperforms previous models on
multiple IE tasks across 5 datasets and 2 lan-
guages.

1 Introduction

To extract structured information from unstructured
text, a typical information extraction (IE) pipeline
involves four major tasks: event trigger detection
(ETD), event argument extraction (EAE), entity
mention recognition (EMR), and relation extraction
(RE). Previous work has performed such IE tasks
via pipelined approaches (Li et al., 2013; Chen
et al., 2015; Du and Cardie, 2020; Li et al., 2020),
where a model for one task uses output predic-
tions from other models performing other tasks.

Consequently, errors from the predictions can be
propagated between the models in the pipeline.

Recently, ETD, EMR, EAE, and RE have been
solved jointly in a single model, i.e., Joint Infor-
mation Extraction - JointIE (Wadden et al., 2019;
Lin et al., 2020; Nguyen et al., 2021a; Zhang and
Ji, 2021), to avoid error propagation and leverage
dependency between prediction instances of the
four IE tasks (i.e., event trigger, entity mention,
relation, and event argument candidates in a sen-
tence). For example, if a Person entity mention is a
Victim argument for a Die event, it is likely that the
same entity mention is also a Target argument for
an Attack event in the same sentence. To implic-
itly exploit instance dependency for representation
learning, Wadden et al. (2019) and Lin et al. (2020)
employ a shared encoder to obtain representation
vectors to classify instances of different IE tasks.
Later work heuristically captures dependency be-
tween IE task instances via explicitly connecting
the task instances that share an entity mention or
event trigger (Nguyen et al., 2021a) or aligning the
task instances that share text spans with some nodes
on a semantic graph (Zhang and Ji, 2021) to aid
representation learning. While natural, these man-
ual designs for dependency between task instances
might not be optimal for representation learning of
JointIE.

In addition to representation learning, at the pre-
diction level, previous work tends to factorize the
joint distribution of labels for all the task instances
in JointIE into the product of label distributions
for each individual instance (i.e., performing local
normalization), thus hindering the ability to fully
exploit the interactions of instance labels across IE
tasks. (Lin et al., 2020) and (Zhang and Ji, 2021)
mitigate this problem by decoding instance labels
with handcrafted global features while (Nguyen
et al., 2021a) focuses on encoding label interactions
via consistency regularization over global type de-
pendency graphs. However, these approaches still
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Figure 1: Overview of the three stages in our proposed model: i) identifying task instances, ii) inducing instance
dependency, and iii) joint modeling and decoding of instance labels. Each node represents an instance for one of the
four IE tasks, and edges (with weights > 0.3) between nodes represent induced instance dependency.

assume a factorization of the joint label distribu-
tion for prediction instances, thus unable to funda-
mentally address the label dependency encoding
issue. Recently, some works have attempted to di-
rectly model the joint distribution of instance labels
by reformulating JointIE tasks as text generation
problems using state-of-the-art pre-trained seq2seq
models, e.g., BART or T5 (Lewis et al., 2020; Raf-
fel et al., 2020). In such generative models, text
spans and labels for task instances are generated by
the decoder in an autoregressive fashion to encode
label dependency for joint distribution computa-
tion (Lu et al., 2021; Hsu et al., 2021). Unfortu-
nately, this approach needs to assume an order of
the task instances to be decoded (e.g., from left to
right) that disallows later instances in the order to
interfere/correct predictions for earlier instances,
causing suboptimal performance for JointIE.

In this work, we aim to overcome these issues by
inducing dependency between the task instances
for JointIE from data to boost representation learn-
ing, and directly modeling the joint distribution of
the labels for all the task instances to fully enable la-
bel interactions. To this end, we consider each task
instance as a node in a fully connected dependency
graph; the weight for each edge is then learned
to capture the dependency level between two cor-
responding instances. Note that this is different
from prior work (Nguyen et al., 2021a; Zhang and
Ji, 2021) that heuristically designs sparser depen-
dency graphs with disconnected task instance pairs,
thus failing to explore all possible interactions be-
tween instance pairs for optimal representations.
In our method, the induced dependency graph for
instance nodes is then employed by Graph Con-
volutional Networks (GCNs) (Kipf and Welling,

2017; Nguyen and Grishman, 2018) to enhance the
representation for each instance node with infor-
mation from all the other nodes according to their
dependency levels. Afterwards, the enhanced in-
stance representations and the induced dependency
graph are utilized to estimate the joint distribution
of instance labels via Conditional Random Fields
(CRFs) (Lafferty et al., 2001). This formulation en-
ables us to approximately maximize the intractable
joint likelihood of the ground-truth instance labels
via Noise Contrastive Estimation (NCE) (Gutmann
and Hyvärinen, 2012), which converts the maxi-
mization problem into the nonlinear logistic regres-
sion discriminating between the true labels and the
noise labels.

Finally, previous work for JointIE has employed
a greedy or beam search for decoding instance la-
bels, which is not optimal due to their greedy nature.
In this work, we propose a novel decoding algo-
rithm for JointIE via Simulated Annealing (SA)
(Kirkpatrick et al., 1983), which has been shown
to be able to approximate the global optimum of a
function (Kirkpatrick et al., 1983; Van Laarhoven
and Aarts, 1987). Experimental results show that
our proposed model for JointIE significantly out-
performs previous models on multiple tasks with
large margins across 5 datasets and 2 languages.

2 Problem Statement

Given an input sentence, ETD aims to predict text
spans and event types for event triggers based on
a predefined set of event types, e.g., “Attack” and

“Transport” (Lai et al., 2020). Similarly, EMR seeks
to determine text spans and entity types (e.g., “Per-
son”, “Organization”) for entity mentions in the
sentence (Nguyen et al., 2016b). Different from the
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first two tasks, EAE and RE involves predictions
for a pair of objects at a time. Given an event trig-
ger and an entity mention, EAE aims to predict the
argument role (e.g, “Victim”) of the entity mention
for the event trigger (Veyseh et al., 2020c). An ar-
gument role can be “Not-an-argument” indicating
that the entity mention is not an argument for the
trigger. For RE (Veyseh et al., 2020a,b), the task
focuses on the classification of relation (e.g, “Work
for”) for a given pair of entity mentions. There is
also a special type “No-relation” to specify no rela-
tion between two entity mentions. As such, we call
the union set C of the predefined event types, en-
tity types, argument roles, and relation types as the
information types (excluding “Not-an-argument”
and “No-relation”).

3 Model

To capture dependency among task instances for
JointIE, an approach is to obtain all text spans for
entity/event mention candidates along with their
possible pairs to form the nodes for a dependency
graph to improve representation learning. How-
ever, this approach will retain many text spans for
non-entity/event mentions to introduce noise into
the modeling. It will also entail a large depen-
dency graph that can hinder the efficiency of the
model. To this end, our model for JointIE first
identifies text spans for entity mentions and event
triggers. Afterwards, all possible pairs of event-
entity and entity-entity mentions are considered to
identify positive pairs for event arguments and re-
lations respectively. The detected entity mentions,
event triggers, event arguments, and relations are
called task instances that should be classified to
obtain corresponding information types in C. In
our model, a dependency graph among the detected
task instances will be learned to provide inputs for
GCNs to compute dependency-enhanced represen-
tations for the task instances. Finally, the enhanced
representations will be used to compute a joint dis-
tribution over labels for all the task instances to
train our model. We will also employ Simulated
Annealing to achieve the global optimum for label
assignment of the task instances in the decoding
phase.

3.1 Identifying event and entity mentions

Given an input sentence w = [w1, . . . , wN ] with
N words, we identify its event triggers and entity
mentions by solving two corresponding sequence

tagging problems for event and entity mentions.
In particular, we use the BIO tagging schema to
assign two labels to each word in w to mark the
text spans of event triggers and entity mentions,
i.e., {“B-TRIGGER”, “I-TRIGGER”, “O”} labels
for event triggers, and {“B-ENTITY”, “I-ENTITY”,

“O”} labels for entity mentions. The pre-trained
transformer-based language model BERT (Devlin
et al., 2019) is first utilized to obtain the contextu-
alized embeddings for the words in the sentence:
X = x1, . . . , xN = BERT([w1, . . . , wN ]).

Next, the vector sequence X is sent to two dif-
ferent CRF layers (Lafferty et al., 2001; Chiu and
Nichols, 2016) to compute two distributions for
the tag sequences of w for event triggers and event
mentions. The negative log-likelihoods Lt and Le
for golden trigger and entity tag sequences are then
obtained to be included in the overall training loss.
At test time, the Viterbi algorithm (Forney, 1973)
is employed to determine the best tag sequences
for event triggers and event mentions in w.

Let V t and V e be the sets of text spans for event
triggers and entity mentions respectively in w (i.e.,
golden spans in the training time and predicted
spans in the test time). To prepare for the next com-
ponents, we compute the representations vectors
zti and zej for each event trigger/instance ti ∈ V t

and entity mention/instance ej ∈ V e respectively
by averaging over the contextualized embeddings
of the words inside the spans.

3.2 Identifying event arguments and relations

Given the detected event triggers and entity men-
tions, we obtain a representation vector zaij for each
pair of event-entity mentions aij = (ti, ej) (i.e.,
ti ∈ V t, ej ∈ V e), and a representation vector zrij
for each pair of entity-entity mentions rij = (ei, ej)
(i.e., ei, ej ∈ V e) via:

zaij = FFNdown
a (concat(zti, zej)) and zrij =

FFNdown
r (concat(zei , zej)).

Here, we use the feed-forward networks
FFNdown

a and FFNdown
r to make sure that zti,

zej , zaij , and zrij have the same dimensionality. Next,
the pair representation vectors zaij and zrij are sent
into two different feed-forward networks followed
by sigmoid activations to compute the possibili-
ties for being positive examples for event argu-
ments and relations of aij and rij respectively:
paij = σ(FFNa(zaij)), and prij = σ(FFNr(zrij)).
Here, paij ∈ (0, 1) is the probability for the en-
tity mention ej being an actual argument for the
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event trigger ti while prij ∈ (0, 1) is the likelihood
that there exists a relation of interest between the
entity mentions ei and ej . At training time, we
obtain the the negative log-likelihoods La and Lr
for the golden event argument and relation identi-
fication to be included in the overall loss function
for minimization. At test time, the event-entity pair
aij and entity-entity pair rij are retained as positive
examples for event arguments and relations if their
likelihooods paij and prij are greater than 0.5.

For convenience, let V a and V r be the sets of
positive event-entity pairs aij (called argument in-
stances) and entity-entity pairs rij (called relation
instances) respectively. Also, let V = V t ∪ V e ∪
V a ∪ V r be the set of all detected event, entity,
argument, and relation instances. For each instance
vi ∈ V , we will use vi for its corresponding in-
stance representation (i.e., from zti, zej , zaij , or zrij).

3.3 Inducing Instance Dependency

Given the detected event, entity, argument, and re-
lation instances in V , it remains to predict the infor-
mation types in C for the instances to solve JointIE.
While it is possible to directly employ the instance
representations vi for label prediction, our goal is
to exploit instance dependency in IE to enhance
the representation vector for one instance with the
information from other instances to facilitate type
prediction. In particular, using the instances vi in
V as the nodes in a dependency graph G, we aim
to enrich instance representations by feeding them
into a GCN model. As such, instead of assuming
a heuristic manually-designed dependency graph
among the instances as in previous work (Zhang
and Ji, 2021; Nguyen et al., 2021a), we propose to
automatically learn the dependency graphG for the
instances in V . To this end, our dependency graph
G is a fully connected graph among the nodes in
V where a weight αij ∈ (0, 1) is learned for each
edge to quantify the dependency between the in-
stances vi and vj in V . In this work, we present two
sources of information that can be used for deter-
mining the dependency between the task instances:
(i) semantic and (ii) syntactic information.
Semantic Information: The semantic-based
weight αsemij for the edge between vi and vj quanti-
fies their relatedness/dependency based on seman-
tic information, i.e., via the representation vec-
tors vi and vj : αsemij = FFN sem(concat(vi, vi)).
Here, FFN sem is a feed-forward network with the
sigmoid function in the end.

Syntactic Information: The syntax-based weight
αsynij for the edge between vi and vj is computed
in a similar way as αsemij . In particular, for each
word wk ∈ w, we retrieve the dependency relation
dk between wk and its governor in the dependency
tree of w, which is generated by the Trankit’s de-
pendency parser (Nguyen et al., 2021b). We then
obtain the embedding mk of dk for wk by look-
ing up the learnable dependency embedding matrix
M. Afterwards, the syntax-based representation
vector ui for the instance vi ∈ V is computed via:
ui = max-poolwk∈SPANvi (mk). Here, SPANvi

involves the words in the corresponding text span
of vi in w if vi is an event trigger or entity mention
instance. Otherwise, SPANvi contains the words
inside the text spans of the involving event triggers
and entity mentions in the pair for vi. As such, we
compute the syntax-based dependency weight αsynij

for vi and vj via: αsynij = FFN syn(concat(ui,ui))
where FFN syn is also a feed-forward network
with the sigmoid function in the end. Finally, we
combine the semantic- and syntax-based weights
to obtain the overall dependency weight αij for vi
and vj in V : αij = (αsemij + αsynij )/2.

3.4 Enhancing Representations with GCNs
To enhance the representation vectors for the in-
stances vi ∈ V , a GCN model with K layers is
applied over the induced dependency graph G to
compute richer representations for the instances:

hki = ReLU(

∑
vj∈V αijW

khk−1
j + bk

∑
vj∈V αij

), 1 ≤ k ≤ K (1)

Here, hki is the representation for the instance vi at
the k-th layer of the GCN (h0

i ≡ vi), and Wk,bk

are trainable weight and bias for the layer.
In this way, representation information from all

the other instances vj (j ̸= i) will be incorporated
into the enhanced representation vector for vi ac-
cording to their learned dependency weights. Fi-
nally, the last layer’s representation hKi ≡ hi (we
omit K for simplicity) is used to compute the score
vector si ∈ R|C| for vi, where si[c] measure the
possibility for vi to have the c-th label in the label
set C: si = FFN score(hi) (FFN score is a scor-
ing feed-forward network). The score vectors si
will later be used for modeling the joint distribution
of the labels for all the instances in V .

3.5 Computing Joint Distribution of Labels
Let Y be the set of labels yi for the instances vi in
V . To infer the labels for the instances in V , we
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need to estimate the joint distribution P (Y |w, V ).
In previous work (Wadden et al., 2019; Lin et al.,
2020; Nguyen et al., 2021a; Zhang and Ji, 2021),
JointIE methods mostly focus on learning repre-
sentations for the task instances to compute a la-
bel distribution for each instance vi for predic-
tion: P (yi|w, V ) := softmax(si) . This practice
essentially implies the following factorization for
P (Y |w, V ): P (Y |w, V ) =

∏
yi∈Y P (yi|w, V ).

As a result, this factorization assumes the indepen-
dence of the instance labels, thus unable to fully
capture beneficial label dependency for IE tasks.

To address this issue, we directly estimate the
joint distribution P (Y |w, V ) so that the depen-
dency between instance labels can be facilitated to
improve prediction performance. To this end, we
formulate the joint distribution P (Y |w, V ) with
Conditional Random Fields (Lafferty et al., 2001):

P (Y |w, V ) =
1

Z(V )

∏

(vi,vj)

ψij(yi, yj , V ) (2)

where ψij(yi, yj , V ) is a positive po-
tential function defined on the edge
(vi, vj) of the dependency graph G, and
Z(V ) =

∑
Y ′∈CV

∏
(vi,vj)

ψij(y
′
i, y
′
j , V ) is the

normalization term to make sure that P (Y |w, V )
is a valid probability distribution (CV is the set of
all possible label assignments Y for the instances
in V ). Considering the instance information, the
instance dependency, and the label dependency, we
propose the potential function as:

ψij(yi, yj , V ) := exp(si[yi] + sj [yj ] + αijπyi↔yj ) (3)

where si[yi] is the local score for instance vi be-
ing assigned with the label yi, αij is the induced
dependency weight for the edge (vi, vj) in G, and
πyi↔yj is a learnable transition score indicating the
dependency between the labels yi and yj . With this
formulation, we can derive the joint distribution
P (Y |w, V ):

P (Y |w, V ) =
exp(s(Y ))∑

Y ′∈CV
exp(s(Y ′))

(4)

where:

s(Y ) = γ
∑

vi∈V
si[yi] +

∑

(vi,vj)

αijπyi↔yj (5)

is the global score for the label assign-
ment/configuration Y of the instances. γ is a hyper-
parameter to balance the local and transition scores.

To train the model, we need to maximize
the joint likelihood in Equation (4) for the

golden label configuration Y ∗. However, this re-
quires the computation of the normalization term∑

Y ′∈CV exp(s(Y ′)), which is intractable. To over-
come this issue, we employ Noise Contrastive Es-
timation (NCE) (Gutmann and Hyvärinen, 2012;
Mikolov et al., 2013). NCE converts the maximiza-
tion problem into the nonlinear logistic regression
that discriminates between the golden label config-
urations and the noise label configurations. In par-
ticular, the maximization of P (Y ∗|w, V ) is done
with NCE via minimizing the contrastive loss:

LNC = −logσ(s(Y ∗))−
Nnoi∑

n=1

EY ′
n∼Pnoi

[
logσ(−s(Y ′

n))
]

(6)

where σ is the sigmoid function and Nnoi is the
number of noise configurations Y ′n drawn from
Pnoi, assumed to be a uniform distribution. In-
tuitively, the minimization of LNC increases the
global score s(Y ∗) for the true label configuration
Y ∗ while decreasing the global scores s(Y ′) for the
noise label configurations Y ′ to appropriately train
the model. To the end, the overall loss function to
train our model is: L = Lt+Le+La+Lr+LNC .

Algorithm 1: Simulated Annealing Search
Input : Ŷ0 where ŷi,0 = argmaxc∈Csi[c].

1 Ŷcur ← Ŷ0; n← 1;
2 while n ≤ Niter do
3 t← T/n;
4 if t < ϵ then
5 return Ŷcur;
6 else
7 Ŷnew = random_successor(Ŷcur);
8 δn = s(Ŷnew)− s(Ŷcur);
9 if δn > 0 then

10 Ŷcur ← Ŷnew;
11 else
12 Ŷcur ← Ŷnew with p = exp( δn

t
) ;

13 end
14 end
15 n← n+ 1;
16 end
17 return Ŷcur .

3.6 Joint Decoding via Simulated Annealing
At inference time, we need to search for the con-
figuration Ŷ that has the highest global score s(Ŷ )
in CV : Ŷ = argmaxY ′∈CV s(Y

′). A brute-force
search for Ŷ cannot be done as the search space
CV is exponentially large (|CV | = |C||V |). Previ-
ous work has made several attempts to deal with
this issue. (Wadden et al., 2019) and (Nguyen et al.,
2021a) simply perform greedy decoding for each
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instance label independently, thus unable to exploit
the label dependency. (Lin et al., 2020) and (Zhang
and Ji, 2021) resort to beam search that step by
step constructs a complete decoding assignment
Y for the instances in V by expanding an initially
empty assignment. Each step corresponds to an in-
stance in V where only top candidate labels for the
instance are considered for assignment expansion
and only top partial assignments produced so far
are kept for the next step. Unfortunately, the selec-
tion of top candidate labels for expansion at each
step is based only on the local scores si, which
might discard the candidates that can eventually
provide greater global scores. To overcome this
issue, we propose to apply Simulated Annealing
(SA) (Kirkpatrick et al., 1983) to search for the
optimal assignment Ŷ for V . SA is a probabilis-
tic algorithm that is able to approximately find the
global optimum of a function (Kirkpatrick et al.,
1983; Van Laarhoven and Aarts, 1987). Algorithm
1 presents our implementation for SA to find Ŷ .

Datasets Split #sents #ents #rels #events

ACE05-R
Train 10,051 26,473 4,788 -
Dev 2,424 6,362 1,131 -
Test 2,050 5,476 1,151 -

ACE05-E
Train 17,172 29,006 4,664 4,202
Dev 923 2,451 560 450
Test 832 3,017 636 403

ACE05-E+
Train 19,240 47,525 7,152 4,419
Dev 902 3,422 728 468
Test 676 3,673 802 424

ERE-EN
Train 14,219 38,864 5,045 6,419
Dev 1,162 3,320 424 552
Test 1,129 3,291 477 559

ERE-ES
Train 7,067 11,839 1,698 3,272
Dev 556 886 120 210
Test 546 811 108 269

Table 1: Data statistics. #sents, #ent, #rels, and #events
indicate the number of sentences, entity mentions, rela-
tions, and events respectively.

The input for the algorithm is the initial config-
uration Ŷcur = Ŷ0 = {ŷi,0}, which contains the
greedily predicted labels for each instance: ŷi,0 =
argmaxc∈Csi[c]. The algorithm then runs over
Niter iterations to improve the global score s(Ŷcur)
for the current label configuration Ŷcur. This is
done via updating the current configuration to a suc-
cessor configuration Ŷnew that gives a higher global
score (i.e., δn > 0). A successor configuration
is obtained via the function random_successor()
by randomly changing some label ŷi ∈ Ŷcur. Dif-
ferent from beam search decoding with partial as-
signments, each searching step in SA examines a
complete label assignment for the instances in V
to provide complete information to measure the

global scores/quality of the assignments. Impor-
tantly, SA sometimes allows the current configura-
tion to transition to a successor configuration with
a lower global score (i.e., δn ≤ 0) with an accep-
tance probability of p = exp( δnt ). Here, t is the
temperature of the algorithm, gradually decreased
via t ← T/n (T is a hyper-parameter). This ex-
ploration property enables SA to escape from local
optimum configurations, thus increasing the chance
to find the globally optimal configuration Ŷ .

4 Experiments

Datasets: Following previous work (Wadden et al.,
2019; Lin et al., 2020; Zhang and Ji, 2021; Nguyen
et al., 2021a; Lu et al., 2021; Hsu et al., 2021), we
conduct experiments on 5 different datasets cre-
ated by the 2005 Automatic Content Extraction
(ACE05) (Walker et al., 2006) and Entity Relation
Event (ERE) (Song et al., 2015) programs. The
three ACE05 datasets feature ACE05-R, ACE05-
E, and ACE-E+, all in English, involving 33 event
types, 7 entity types, 6 relation types, and 22 argu-
ment roles. The two ERE datasets are ERE-EN
(English portion) and ERE-ES (Spanish portion),
introducing 38 event types, 7 entity types, 5 rela-
tion types, and 20 argument roles. We use the same
data processing and train/dev/test splits as the prior
work for a fair comparison. Detailed statistics for
the datasets are shown in Table 1.
Baselines: We compare our method, called Gra-
phIE, with the following baselines for JointIE:

Generative baselines: Text2event (Lu et al.,
2021) and DEGREE (Hsu et al., 2021). The gen-
erative baselines perform ETD and EAE via for-
mulating the tasks as text generation. The models
receive an input sentence and generate an output
text containing text spans and labels for event trig-
gers and event arguments, structured in a way that
a post-processing step can be used to extract ETD
and EAE predictions for the models.

Classification baselines: OneIE (Lin et al.,
2020), AMRIE (Zhang and Ji, 2021), and FourIE
(Nguyen et al., 2021a). The classification baselines
represent the instances for ETD, EMR, EAE, and
RE via a shared encoder and perform classification
for the instances based on task-specific label dis-
tributions. AMRIE and FourIE employ a heuristic
dependency graph among task instances to improve
representation learning. Dependency between in-
stance labels is exploited in OneIE and AMRIE via
a beam search decoding with manually-designed
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PLMs Model ACE05-R ACE05-E ACE05-E+ ERE-EN ERE-ES
Ent Rel Ent Trg Arg Ent Rel Trg Arg Ent Rel Trg Arg Ent Rel Trg Arg

T5 Text2event - - - 71.9 53.8 - - 71.8 54.4 - - 59.4 48.3 - - - -
BART DEGREE - - - 72.2 56.0 - - 71.7 58.0 - - 56.6 51.1 - - - -

BERT

OneIE 88.6 63.4 90.2 74.7 56.8 89.6 58.6 72.8 54.8 87.0 53.2 57.0 46.5 81.3 48.1 56.8 40.3
AMRIE* 88.7 67.2 90.8 75.3 58.2 90.4 62.9 72.8 56.3 86.9 55.5 58.3 44.2 - - - -
FourIE 88.9 68.9 91.3 75.4 58.0 91.1 63.6 73.3 57.5 87.4 56.1 57.9 48.6 82.2 57.9 57.1 42.3
GraphIE 88.9 69.5 90.6 75.7 58.8 91.0 65.4 74.8 59.9 87.2 57.8 61.4 52.2 81.4 58.9 61.3 45.7

RoBERTa

OneIE* 89.0 65.2 90.2 74.7 55.6 90.8 60.4 72.5 56.3 86.3 52.8 57.1 47.1 83.7 57.5 58.3 42.5
AMRIE 89.2* 66.8* 92.1 75.0 58.6 91.0* 62.8* 72.7* 57.7* 87.9 55.2 61.4 45.0 - - - -
FourIE* 89.1 67.5 91.6 74.9 58.7 91.1 63.1 72.8 58.3 88.0 56.2 61.5 49.1 83.9 61.0 62.3 44.2
GraphIE 89.3 68.5 91.4 75.1 59.4 91.6 66.0 73.3 60.2 87.7 57.0 62.0 54.7 84.3 62.3 65.7 46.9

Table 2: Model performance on the test data of 5 datasets. “Ent”, “Rel”, “Trg”, and “Arg” are the F1 scores for
identification and classification of entity mentions, event triggers, relations, and event arguments respectively. *
indicates results that are not reported in the original papers but produced by their official code. Underlined numbers
designate the tasks where GraphIE is significantly better (p < 0.01) than the baselines.

global features, and in FourIE via global type de-
pendency regularization. FourIE and AMRIE are
the current state-of-the-art models for JointIE.
Hyper-parameters: Prior work for JointIE em-
ploys two different versions of pre-trained language
models (PLM), i.e., BERT (Devlin et al., 2019; Lin
et al., 2020; Nguyen et al., 2021a) and RoBERTa
(Liu et al., 2019; Zhang and Ji, 2021), which might
cause incompatible compassion. To this end, we ex-
plore both BERT and RoBERTa to obtain the word
representations xi for GraphIE for a fair compar-
ison. For the Spanish ERE-ES dataset, following
prior work (Lin et al., 2020; Nguyen et al., 2021a),
we utilize the multilingual versions of BERT and
RoBERTa. For each PLM, we fine-tune the hyper-
parameter for GraphIE on the development data.

In particular, the best values for the hyper-
parameters of the proposed model are reported as
follows. We employ the learning rate of 1e− 5 for
the models with the BERT-based PLM (i.e., using
bert-large-cased and bert-multilingual-cased) and
the learning rate of 5e− 6 for the RoBERTa-based
PLM (i.e., using roberta-large and xlm-roberta-
large). For other hyper-parameters, our tuning pro-
cess results in the same values for BERT-based and
RoBERT-based models: Adam (Kingma and Ba,
2014) for the optimizer, batch size of 10, 100 for
the size of the dependency relation embeddings,
400 for the size of the hidden vector for the feed-
forward networks, 200 for the hidden vector size
in the GCN model, 2 for the number of layers for
the feed-forward networks and GCN model, γ = 1
for the trade-off hyper-parameter for the global
score, Nnoi = 5 for the number of noise examples
for the contrastive loss (we re-sample the noise
examples every epoch), T = 5 for the initial tem-
perature, Niter = 50 for the number of iterations
of Simulated Annealing (SA), and ϵ = 0.1 for the
temperature threshold for the SA decoding.

Comparison with Baselines: We compare the pro-
posed model GraphIE with the baselines on test
data of the 5 datasets in Table 2. As can be seen,
the generative baselines perform worse than the
classification models on most of the settings. This
might be due the implicit modeling of the label
distributions and the assumption of a decoding or-
der for task instances that limit the interactions of
instance labels. Comparing OneIE, FourIE and AM-
RIE, it is clear that the exploitation of instance and
label dependency in the training phase in FourIE
can lead to better performance for JointIE than
using such dependency in the decoding phase as
done by OneIE and AMRIE over most tasks and
PLMs. Most importantly, the proposed GraphIE
significantly outperforms all the baselines across a
majority of settings for tasks, datasets and PLMs,
thus demonstrating the benefits of induced depen-
dency graph, joint label distribution estimation, and
simulated annealing for decoding in our method.

Model (all use Roberta) ACE05-E+
Ent Rel Trg Arg

GraphIE 89.8 67.2 72.6 66.3
- induced dep 89.3 65.8 71.3 65.0
- semantic-based dep 89.0 66.4 71.6 65.9
- syntactic-based dep 89.4 66.3 72.0 65.4
- induced dep + heuristic dep 89.3 66.2 71.7 65.5
- GCN 89.4 65.6 70.9 64.6

Table 3: Performance (F1) on the ACE05-E+ develop-
ment data.

Ablation Study: To understand the contributions
of each proposed component to GraphIE, we con-
duct ablation experiments where we remove each
component from the full model and evaluate the
performance of the remaining models.

The first three ablated models in Table 3 are “-
induced dep”, “- semantic dep”, and “- syntac-
tic dep”, formed by excluding the dependency
weight induction of αij (i.e., setting αij = 1),
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the semantic-based dependency αsemij , and the
syntactic-based dependency αsynij (respectively)
from the model computation. In each case, the
performance of GraphIE decreases significantly;
the removal of both semantic- and syntactic-based
dependency in “- induced dep” leads to the largest
performance drop. This shows that the semantic
and syntactic weighting captures complementary
information for instance dependency induction that
is useful for our model. The next ablated model

“- induced dep + heuristic dep” is obtained by re-
placing the induced dependency graph represented
by αij with the heuristic dependency graph for in-
stances from the best baseline FourIE. The decrease
in the performance of this model suggests that the
induced dependency graph is better than the heuris-
tic graph for JointIE. The final ablated model “-
GCN” in Table 3 eliminates the GCN component
from our full model. The result shows that GCN is
beneficial to exploit the induced dependency graph
to improve representation learning.

Model (all use Roberta) ACE05-E+
Ent Rel Trg Arg

GraphIE 89.8 67.2 72.6 66.3
- joint distribution 89.3 65.5 70.9 64.5
- SA + greedy 89.2 65.9 71.2 65.2
- SA + beam 89.5 66.0 71.5 65.4
- SA + hill climbing 89.5 66.8 71.7 65.3
OneIE 88.7 64.2 69.5 63.2
- beam + SA 88.1 63.9 69.1 62.7
AMRIE 89.4 65.4 71.2 64.4
- beam + SA 88.8 65.1 70.5 64.1

Table 4: Performance (F1) on the ACE05-E+ develop-
ment data.

In Table 4, we first eliminate the computation of
the joint label distribution P (Y |w, V ) from Gra-
phIE. As such, the “- joint distribution” model
employs the local label distributions P (yi|w, V ) to
train models and infer labels (with greedy decod-
ing). Due to the significantly worse performance
of “- joint distribution”, it is clear that directly es-
timating the joint label distribution is helpful for
JointIE. To evaluate the benefit of the proposed
SA, we replace it with other decoding algorithms
for GraphIE, including greedy search, beam search
and hill climbing. The beam search is implemented
with our global score function s(Y ) and follows
those in (Lin et al., 2020; Zhang and Ji, 2021) while
hill climbing is implemented by removing the con-
figuration exploration in lines 11-12 of Algorithm
1. As reported in Table 4, SA performs much better
than other decoding algorithms for GraphIE, thus

demonstrating SA’s ability to find globally optimal
labels. In addition, we also attempt to replace the
beam search decoding in OneIE and AMRIE with
SA, which indeed leads to worse performance for
such models as shown in the last four rows of Table
4. We attribute this to the learning of the global
scores for configurations in OneIE and AMRIE that
involves a limited set of predefined global features.
Such features do not exist for many possible as-
signments Y for V , thus causing poor global score
computation and hindering the configuration rank-
ing critically required by SA.

Label pair Transition score
(Argument:Origin, Argument:Place) 10.02
(Event:Transport, Relation:Physical) 4.33
(Relation:Org-Aff, Relation:Part-Whole) 3.58
(Event:Execute, Event:Sentence) 2.58
(Event:Die, Event:Be-Born) -2.34
(Event:Attack, Argument:Origin) -87.07
(Relation:Per-Soc, Entity:Facility) -93.93
(Transport, Attacker) -99.91

Table 5: Transition scores for some label pairs learned
by our model on ACE05-E+.

Analysis: To further understand the advantages of
GraphIE over baseline models, we manually ana-
lyze the instances on the ACE05-E+ development
data where GraphIE can make correct predictions,
but the best baseline model FourIE fails. Figure
2 presents some instances along with their edges
and weights in the dependency graphs. The most
important insight from our analysis is that GraphIE
is able to connect an instance (e.g., blew) with other
supporting instances (e.g., suicide) in the depen-
dency graph to provide vital information to facili-
tate correct prediction. Such supporting instances
do not share any event trigger or entity mention
with the current instance that cannot establish links
in FourIE and lead to failure predictions.

Finally, Table 5 shows the transition scores
πyi↔yj learned by GraphIE for some label pairs
in ACE05-E+. The table show that our model is
able to learn high scores for correlated label pairs
(e.g., the Execute and Sentence event types) and
very low scores for uncorrelated label pairs (e.g.,
an argument for a Transport event cannot play the
role Attacker).

5 Related Work

Capturing dependency between IE tasks has been
a main focus of previous work on Joint IE. Early
work employed feature engineering methods (Roth
and Yih, 2004; Yu and Lam, 2010; Li et al., 2013;
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Example GraphIE FourIE

In the January attack, two Palestinian suicide bombers blew themselves 

up in central Tel Aviv, killing 23 other people.

Explanation: “blew” is correctly predicted by GraphIE as a “Die” 

event trigger while FourIE incorrectly predicted it as an “Attack” event 

trigger.

We pretty much know that Marinello, while on the board, has arranged to 

get future money from the USCF.

Explanation: The relation between “Marinello” and “USCF” is 

correctly predicted by GraphIE as a “ORG-AFF” relation while FourIE 

incorrectly predicted it as a “GEN-AFF” relation.

A second rocket landed in farmlands and the other hit a house inside the 

refugee camp, …

Explanation: “other” is correctly predicted by GraphIE as an 

“Instrument” for the event trigger “hit” while FourIE incorrectly 

predicted it as an “Attacker” for the event trigger “hit”.

(blew, themselves)

suicide

(blew, bombers)

(blew, Tel Aviv)

Event:Die

blew

(blew, themselves)

suicide

(blew, bombers)

(blew, Tel Aviv)

Event:Attack

blew

0.49

0.56

0.74

0.33

1.0

1.0
1.0

Marinello USCF

board

(Marinello, USCF)

Relation:ORG-AFF

Marinello USCF

board

(Marinello, USCF)

Relation:GEN-AFF

1.0 1.00.86 0.85
0.61

EventArgument:Instrument

hit

other
rocket

(hit, other)

EventArgument:Attacker

hit

other
rocket

(hit, other)

0.75
0.82

0.64

1.0 1.0

1.0

1.0

Figure 2: Instances along with their dependency subgraphs in ACE05-E+. Supporting instances are underlined.

Yang and Mitchell, 2016). Later work applied deep
learning via shared parameters to facilitate joint
modeling for IE, however, for only two or three
tasks (Nguyen et al., 2016a; Zheng et al., 2017;
Bekoulis et al., 2018; Luan et al., 2019; Zhang
et al., 2019; Nguyen and Nguyen, 2019). Recently,
the four IE tasks have been solved jointly (Wadden
et al., 2019; Lin et al., 2020; Zhang and Ji, 2021;
Paolini et al., 2021; Lu et al., 2021; Nguyen et al.,
2021a). However, such recent works only employ
heuristics to manually design dependency graphs
for instances. Mean-field factorization of the joint
label distribution for JointIE instances is dominant
in prior work.

Our work is also related to prior work that uses
CRFs (Lafferty et al., 2001; Chiu and Nichols,
2016) to estimate joint distribution of instance la-
bels. Sequence labeling is a typical problem that
has been solved by CRFs, including part of speech
tagging and named entity recognition (Lafferty
et al., 2001; Ekbal et al., 2007; Shishtla et al., 2008;
Sobhana et al., 2010; Zea et al., 2016; Chiu and
Nichols, 2016; Xu et al., 2017). However, these
prior work only employ CRFs for simple graph
structures (i.e., linear chains). A few prior work
has considered CRFs for more complicated graph
structures (Sun et al., 2017; Gao et al., 2019; Qu
et al., 2019; Yuan and Ji, 2020); however, none of
such works has applied CRFs for JointIE as we do.

6 Conclusion

We propose a novel model for jointly solving four
IE tasks (EMR, ETD, EAE, and RE). Our proposed
model learns a dependency graph among the in-

stances of the tasks via a novel edge weighting
mechanism. We also estimate the joint distribu-
tion among instance labels to fully enable inter-
actions between instance labels for improved per-
formance. The experimental results show that our
model achieves best performance for multiple Join-
tIE tasks across 5 datasets and 2 languages. In the
future, we plan to extend our method to cover more
IE tasks such as event coreference resolution.
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Abstract

We examine the extent to which, in principle,
different syntactic and semantic graph repre-
sentations can complement and improve neural
language modeling. Specifically, by condition-
ing on a subgraph encapsulating the locally rel-
evant sentence history, can a model make better
next-word predictions than a pretrained sequen-
tial language model alone? With an ensem-
ble setup consisting of GPT-2 and ground-truth
graphs from one of 7 different formalisms, we
find that the graph information indeed improves
perplexity and other metrics. Moreover, this ar-
chitecture provides a new way to compare dif-
ferent frameworks of linguistic representation.
In our oracle graph setup, training and evalu-
ating on English WSJ, semantic constituency
structures prove most useful to language mod-
eling performance—outpacing syntactic con-
stituency structures as well as syntactic and
semantic dependency structures.

1 Introduction

Linguistic theories posit that humans can take ad-
vantage of hierarchical structure related to some
notion of compositionality to produce and com-
prehend utterances with complex meanings. Yet
explicit representations of this kind of structure are
harder to come by than raw text, and large-scale
pretrained neural language models (e.g., Devlin
et al., 2019; Radford et al., 2019) have managed
to perform strikingly well at contextually encoding
and predicting words from distributional evidence
alone. At the same time, there are good reasons to
doubt that these models can be said to understand
language in any meaningful way (Trott et al., 2020;
Bender and Koller, 2020; Merrill et al., 2021). To
address this conundrum, people have started to ex-
plore probing pretrained models (Liu et al., 2019;
Tenney et al., 2019a, inter alia) and supplement-
ing training data with linguistic structure guidance
(Strubell et al., 2018; Swayamdipta et al., 2018;
Peng et al., 2019; Wu et al., 2021, inter alia).

A question that has received less attention is
which kind of symbolic linguistic representation
(SLR) is most conducive to guiding neural lan-
guage models (LMs). Numerous domain-general
candidates exist (Abend and Rappoport, 2017;
Oepen et al., 2019, 2020; Žabokrtský et al., 2020;
Müller, 2020): some are focused on syntactic struc-
ture, others on semantics (§2; big grey example
graphs in the left panels of figure 1). Frameworks
vary along several dimensions, with different label
inventories and treatments of specific constructions.
Formal differences include the type of structure (de-
pendency or constituency, one or multiple parents,
projectivity) and its relation to the input string. In
general, different design choices may aim to cap-
ture different kinds of generalizations or facilitate
different kinds of processing, and may make pars-
ing raw text easier or harder. It is often not obvious
which framework should be chosen for best results
on an external task—or indeed, how to even per-
form a controlled comparison across frameworks.

In this paper we investigate whether structurally
guided language modeling can serve as a bench-
mark task for directly comparing linguistic repre-
sentations. Specifically, we evaluate on next-word
prediction—a relatively neutral task in that it does
not rely on any artificial test suite, nor does it tar-
get a specific downstream application where one
linguistic framework may have an advantage.1

We devise a method for selecting and encoding
partial views of linguistic graphs over the preced-
ing context relevant to predicting the next token
(§3 and §4).2 We call these views slices (small
per-token graphs and dashed lines in figure 1).
Our neuro-symbolic encoder statically allocates
distinct vector dimensions for different structural

1Our findings are limited to a particular language (English)
and domain (financial news) in which gold graphs from multi-
ple frameworks are available for the same sentences, but such
annotations could be obtained for other samples in the future.

2Our code is available to the research community at https:
//github.com/jakpra/LinguisticStructureLM.
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UD: Syntactic dependency tree with functional labels PTG: Deep syntactic / quasi-semantic argument structure
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Figure 1: Contrasting GPT-2’s incremental attention mechanism (top right) with incremental context slices obtained
from linguistic graphs (left four panels) of four different formalisms (§5.2). As shared tokenization we use GPT-2’s
byte-pair encoding. Slice nodes are color-coded by local relation type (black: target, cyan: parent, blue: child,
green: coparent, yellow: sibling, purple: grandparent, brown: aunt). Dashed lines indicate the token anchoring of
original (big grey) graph nodes and, correspondingly, which previous tokens (empty circles) are accessible for each
next-token prediction. In the bottom right we visualize how different models arrive at their prediction (§3 and §4.3).

relations within each slice, which in the incremen-
tal setting is much faster and more flexible than
computation-intensive deep graph encoders. Using
this encoding, we compare 7 SLR formalisms by
virtue of their incremental language modeling ca-
pability in an controlled experimental setup (§5) on
jointly annotated ground-truth data (Oepen et al.,
2019, 2020). The results (§6) suggest that linguistic
graphs are indeed informative for next-word predic-
tion, complementing what is learned in pretraining.
This invites future research quantifying different
formalisms’ design choices (§7).

2 Background: Symbolic Linguistic
Representation

Following a long tradition in formal linguistics,
graph-structured representations of language quali-
tatively describe grammatical and logical relations
among words. The SLR paradigm has recently seen
a revival in the form of larger-scale treebanking and
sembanking for training neural parsers.

Formally, an SLR instance is a directed acyclic
graph (DAG) � = ��,�,��, with vertices �, la-
beled edges �, and an anchoring function � � � �� that maps each vertex to a (potentially empty)
subset of tokens in the sentence. We broadly distin-
guish SLR frameworks along two dimensions:3

3See Abend and Rappoport (2017); Koller et al. (2019);
Prange et al. (2019b) for more detailed taxonomies.

Scope. A main goal of syntactic representations
is to explain distributional patterns in word or-
der; they tend to be rooted trees with often pro-
jective anchoring functions. Semantic formalisms
are meaning-oriented, aiming to capture the higher-
level logic expressed in a sentence; thus, they may
have more complex structures, including reentrant
edges and discontiguous anchors.

Structure. SLRs can further be subdivided into
dependency and constituency structures. The for-
mer are relatively shallow, while the latter contain
abstract nodes with no or multiple word anchors.

3 Overview: Language Modeling with
Linguistic Graphs

Our main goal is to quantify the predictive power
of different SLRs by combining them with a pre-
trained language model and measuring how this
affects next-token generation performance. A lan-
guage model (LM) assigns probabilities to sen-
tences and can be used to both process existing
sentences and generate new ones. As is standard
practice, we treat sentences as length-� sequences
of word tokens, � = ��0,�1, … ,���1�. An incre-
mental LM factorizes the joint probability of the
sentence in terms of the probability of each word�� conditioned on previous tokens �<�; eq. (1).

Here we describe at a high level how we process
(oracle) SLR graphs for use in this language mod-
eling scenario, i.e., to obtain context-conditional
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vocabulary distributions from them. In contrast to
sequential LMs, contexts are now graph-structured,
and which context tokens to select as well as in
what way they are related to the target token is de-
termined by the underlying SLR graph �; eq. (2).

���(�) = ��1�
�=0 ���(����<�) (1)����(�) �= �(���) (2)

This general idea is closely related to syntactic
language modeling (Pauls and Klein, 2012; Gub-
bins and Vlachos, 2013, inter alia). We extend this
line of work to arbitrarily complex syntactic and
semantic DAG structures and, in doing so, take par-
ticular care to restrict conditioning contexts from
accessing not only future words but also future sub-
graphs, so effectively top-down and left-to-right.
Our procedure is as follows:

First, we select for each token position � to be
predicted a subgraph ��, called the token’s slice.
Slices are both admissible in the language model-
ing setting, i.e., they do not violate the left-to-right
conditioning order, and relevant to the token predic-
tion according to some criteria—here we consider
criteria based on structural relationships generally,
without relying on formalism-specific labels (§4.1).
Consider the small colored subgraphs for each to-
ken in figure 1: the EDS-slice for the target ‘re-
ported’, for example, starts at node 3, and extends
to the ARG2-child 2, ARG1-coparent 1, and BV-
coparent 0, which are anchored, respectively, in the
spans ‘injuries’, ‘Numerous’, and ‘Numerous in-
juries’). Recall from §2 that context words �<� are
contained in ��, to the extent that they are anchored
in a node reachable from ��. Inspired by Markov
assumptions of independence in generative model-
ing and Markov blankets in causal networks, SLR
graph slicing thus allows us to factorize �(���) as

�(���) �= ��1�
�=0 �(�����). (3)

Next, we encode each graph slice as a fixed-
sized vector. Prior approaches to encoding linguis-
tic graphs for neural modeling have involved seri-
alization, e.g., as parser transition sequences (Qian
et al., 2021, inter alia), recursive auto-encoders
(Tai et al., 2015; Roth and Lapata, 2016), and graph-
convolutional networks (GCNs; Yang and Deng,
2020; Wu et al., 2021). However, transition se-
quences for non-tree graphs are subject to spurious

ambiguity; and we find that graph-structured neural
networks are impractical in the incremental setting
(§6.5). Instead, we propose a computationally inex-
pensive method for statically and deterministically
projecting slices into a high-dimensional space by
vector concatenation (§4.2).

Finally, we compute output distributions�(�����) from the vector representations (§4.3).

4 Modeling Details

4.1 Slicing Graphs

A slice �� is a connected subgraph of � that cap-
tures��’s linguistically structured context, masking�� itself (or else estimating �(�����) would be triv-
ial). �� always minimally consists of ��’s direct
anchor node �� = Select({� � �� � �(�)}). Start-
ing from ��, we traverse the graph and add vertices
and edges that are connected to �� via paths of a
few specific relative types, REL. Here we settle on
6 types: parents, siblings, grandparents, parents’
siblings, children, and coparents. The vertices ��
and edges �� for slice �� = ���,��,�� consist then
of the union of these sets.4

To prevent information leakage from future to-
kens, we discard from �� all nodes {� � �(�) =��, � > �} which are only anchored in tokens fol-
lowing ��. E.g., in figure 1, the UD-slice for the
token ‘were’ does not contain the parent node 3
because that is anchored only in the following to-
ken ‘reported’ (and thus the sibling 1 cannot be
accessed either). If a node’s anchors contain or
overlap with �� (i.e., the node is a non-terminal
above ��), we retain the node and its edges but
remove its token anchors.

4.2 Vectorizing Graph Slices

Because slices can be large, we partition each
slice’s nodes by structural relative type, in order to
aggregate them into a fixed-length summary vec-
tor. Specifically, we allocate capacities for each
relative type: �rel = 2 for parents, siblings, aunts,
and children, and 1 for grandparents and coparents.
Up to � � 1, relative nodes �rel are added ‘with
high resolution’, maintaining their identity and or-
der; beyond the capacity, relatives are aggregated
‘with low resolution’; eq. (4). Within each rela-
tive type, precedence � is given to relatives whose
token anchors are sequentially closer to ��.

4See appendices A.1 and A.2 for details.
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HiRes�,rel = ��rel,� � � < �rel
�

LoRes�,rel = {�rel,� � � � �rel} (4)

Next we look up the relatives’ edge label and
word vector encodings5 ��� and ��� and collate them
into a single vector ���,rel per relative type. High-
resolution vectors are concatenated

�
and low-

resolution vectors are averaged; eq. (5). Finally,
we concatenate all of these (zero-padded) relative-
vectors to obtain the final vector representation of
the whole slice, ���; eq. (6). At a high level, this vec-
tor essentially specifies a deterministic, structured,
typed, discrete self-attention over the token history.

��HiRes�,rel = �
��HiRes�,rel

����; ����
��LoRes�,rel = �

��LoRes�,rel

����; �����LoRes�,rel�+ (5)

��� = �
rel�REL

���HiRes�,rel ; ��LoRes�,rel

�
(6)

4.3 Predicting Emission Distributions
We compute model posteriors for next-token pre-
dictions as��(�� = ��� context�,�) = Sof tMax(logits�,�)[�],
where � is either a pure SLR model or LM, or an
ensemble of the two (bottom right of figure 1).
SLR only. As described above, we definecontext�,��� as ��, which is encoded as ���. We
obtain ���� by letting the slice-vectors serve as
inputs to a �-multilayer perceptron (MLP) with
a final softmax layer over the vocabulary, which
yields the estimated token emission distributions.logits�,��� = MLP�( ���)MLP�(�) = �(�) �…�(1)(�)�Emb�,
where Emb is an embedding matrix.
LM + SLR. Since we want to measure whether
and how much the information contained in the
SLR can contribute to state-of-the-art language
models, our primary experimental condition is a
combined setup �Ensemble, where logits obtained

5See appendix A.3 for details.

Sentences Tokens Vocabulary
Train 26,325 658,475 27,344

Train (EarlyStop) 23,692 591,829 26,422
Dev (EarlyStop) 2,633 66,646 10,073

Eval 921 22,596 5,364

Table 1: Data statistics.

from slice-encodings are added to a base neural
LM’s logits before taking the softmax:logits�,Ensemble = logits�,��� + logits�,�� ,

with logits�,�� = LM(�<�).
LM only. ��� , i.e., the bare LM without any
exposure to SLR graphs, serves as a baseline.

5 Experimental Setup

All models are implemented in PyTorch and exper-
iments are run on 1 NVIDIA Tesla T4 GPU. Model
hyperparameters are reported in appendix A.5.

5.1 Data
Our dataset consists of the intersection of Wall
Street Journal (WSJ; English financial news) sen-
tences that have been annotated with syntactic trees
in the Penn Treebank (PTB; Marcus et al., 1993;
Hovy et al., 2006)6 as well as a range of seman-
tic representation formalisms for the MRP 2019
& 2020 shared tasks (Oepen et al., 2019, 2020).
Summary statistics are shown in table 1. Our pre-
processing steps are described in appendix B.

5.2 SLR Formalisms
The 7 (versions of) linguistic representation frame-
works examined in this study are listed in table 2,
along with their classifications along the scope and
structure dimensions. We draw the structural de-
pendencies vs. constituencies distinction (described
at a high level in §2) based on specific properties
of the MRP shared task data: a framework is con-
sidered a dependency framework if all edges are
only between pairs of individual word anchors at a
time; if there are any unanchored7 nodes or nodes
anchored in more than one linguistic word token,
it is considered a constituency framework.8 Below
we give a brief description of each framework.

PTB trees specify hierarchically nested syntactic
constituents. We consider two labeling variants: ba-
sic phrase structure (-phr) and phrase types refined
with functional specifications (-fxn).

6https://catalog.ldc.upenn.edu/LDC2013T19
7Not including “ROOT” nodes in UD.
8See appendix A.4 for details.
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Universal Dependencies (UD; Nivre et al., 2016,
2020; de Marneffe et al., 2021) is a syntac-
tic dependency representation with coarse, cross-
linguistically applicable edge labels.

DELPH-IN MRS Bi-Lexical Dependencies
(DM; Ivanova et al., 2012) and Elementary De-
pendency Structures (EDS; Oepen and Lønning,
2006) are derived from underspecified logical
forms computed by the English Resource Grammar
(Flickinger, 2000; Copestake et al., 2005).

Prague Semantic Dependencies (PSD; Hajič
et al., 2012) and Prague Tectogrammatical Graphs
(PTG) are syntactico-semantic predicate–argument
structures converted from the Prague Functional
Generative Description (Sgall et al., 1986; Böh-
mová et al., 2003; Hajič et al., 2012).

5.3 Language Model

The base language model we use in all our experi-
ments is GPT-2 (Radford et al., 2019, as distributed
in the huggingface-transformers PyTorch library).
GPT-2 is a Transformer model (Vaswani et al.,
2017) pretrained on a diverse collection of web
texts. In contrast to other widely-used Transform-
ers like BERT (Devlin et al., 2019), which optimize
bidirectional masked language modeling, GPT-2
is incremental, i.e., next-word decisions only take
into account the preceding context.

5.4 Training

We train all models for 10 epochs with the AdamW
optimizer (Loshchilov and Hutter, 2019), minimiz-
ing cross-entropy between the model posterior and
the ground truth at each token position.

We perform early stopping with the last 10% of
the original training corpus set aside for develop-
ment scoring after each epoch.9 We keep the model
state that achieves the best perplexity on the dev set.
Peak development performance is reached after �3
epochs for SLR models, whereas finetuning GPT-2
by itself takes between 7 and 9 epochs.

5.5 Evaluation

We compute model perplexity (PPL) as the most
standard language modeling evaluation measure,
as well as accuracy (Acc) and confidence (Conf) of
a model’s top-ranked guess, mean reciprocal rank
of the correct answer (MRR), and entropy of the

9The R-GCN baseline (table 6) is always trained for the
full 10 epochs, but to ensure fairness, it is also only compared
to concatenation-based encoders that have been trained for the
full 10 epochs, too.

model’s token prediction posterior (H). All metrics
are reported as microaverages over the evaluation
data at the BPE token level.10

6 Findings

6.1 Main Results

The most striking observation in terms of overall
model performance (table 2) is that ground-truth
linguistic graphs of all investigated linguistic for-
malisms improve vanilla GPT-2 by a large margin,
in all metrics. This improvement holds up when
compared to a version of GPT-2 that is exposed
to the raw WSJ text without the graphs; with this
condition we control for mere domain differences
between our evaluation data and the data GPT-2
was trained on originally (‘+Domain’ in table 2).
The large performance gap suggests that at least
a subset of the oracle knowledge about linguistic
structure is not yet encoded in the base language
model, which learns from only raw text.

We observed that if we keep training for the
entirety of 10 epochs, rather than early stopping
based on development performance, we somewhat
overfit to the training set. While accuracy itself
is not affected very much by this, the models be-
come increasingly overconfident (overall confidence

overall accuracy
,

which gets up to 8–12%, compared to �4% with
the vanilla GPT-2 model and in most cases even
slightly less than that with the early-stopped SLR
models). This leads to overall worse perplexity.

6.2 Differences between Formalisms

Comparing across rows in table 2, we find a con-
siderable performance spread. The general trend,
which is relatively consistent in all metrics,11 is
indicated by the order of rows, with UD having
the smallest (though still respectable) improvement
over the baseline, and PTG and EDS the largest.

Interestingly, there are two marked separations:
a primary one between dependency and con-
stituency formalisms, and a secondary one between
syntactic (i.e., more surface-oriented) and semantic
(more abstract) formalisms. This is summarized

10We compute average PPL over
all sentences � by exponentiating last:exp � 1�� �w� � ����w� ��1�=0 � log�� ���� = �����context��,���

11The multitude of metrics might thus seem redundant. But
since each measurement emphasizes different properties of
model performance, we consider it a a very interesting result
(and, potentially, a success of our modeling technique and
experimental setup) to achieve this broad consistency.
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Training Efficiency Language Model Quality

Model Scope/Struct #Labels Speed ↑ Size ↓ PPL ↓ H [nats] ↓ Acc [%] ↑ Conf [%] ↑ MRR ↑
GPT-2 – 124.4M 59.3 4.09 30.0 31.2 .403
+ Domain 15 45.9 ±.09 3.64 ±.008 33.3 ±.02 34.9 ±.07 .435 ± .3e-3

*** ***
+ UD syn dep 39 14 +54.1M 32.7 ±.18 3.30 ±.013 39.1 ±.15 40.1 ±.14 .486 ±1.2e-3

*** �
+ DM sem dep 59 15 +54.4M 31.4 ±.08 3.24 ±.026 38.9 ±.10 40.2 ±.37 .491 ± .6e-3

*** �
+ PSD sem dep 90 16 +54.9M 30.7 ±.09 3.21 ±.014 39.1 ±.11 40.9 ±.11 .491 ± .5e-3

** ***
+ PTB-phr syn const 38 14 +54.1M 29.8 ±.18 3.14 ±.029 41.2 ±.19 42.8 ±.42 .507 ±1.3e-3

*** *
+ PTB-fxn syn const 537 14 +62.7M 29.0 ±.28 3.07 ±.049 42.0 ±.30 43.8 ±.60 .514 ±1.8e-3

*** *
+ PTG sem const 72 15 +54.6M 26.8 ±.26 3.03 ±.041 43.1 ±.12 44.6 ±.51 .522 ± .9e-3

*** �
+ EDS sem const 10 15 +53.6M 24.7 ±.28 2.92 ±.048 43.1 ±.17 45.0 ±.55 .527 ±1.3e-3

Table 2: Main results: performance of language models combined with 7 SLR formalisms of different scope,
structure, and label set (each corresponding to a �Ensemble in §4.3), compared to vanilla GPT-2 and a version
of GPT-2 that has been domain-finetuned on the raw text of the SLR training corpus (���). We report each
quality metric as mean ± stdev over 3 random seeds. We also report model size in #parameters (all non-baseline
models as absolute difference to baseline) and training speed in sentences per second as measures of efficiency.
Statistical significance of the PPL and Acc differences to the next-best model (always adjacent rows) is reported
as ***� < .0001 / **� < .001 / *� < .005 / �not significant (approximate randomization test as described in
Riezler and Maxwell (2005), with � =10,000 shuffles). We only consider a difference significant if � < � for all
three random model initialization seeds. Best results in each column are bolded. For confidence, ‘best’ means
best-calibrated, i.e., the smallest relative difference to accuracy.

Dep Const Avg

Syn 32.7 (1) *** 29.4 ±0.6 (2) 30.5 ±2.0 (3)
*** *** �

Sem 31.0 ±0.5 (2) *** 25.7 ±1.5 (2) 28.4 ±3.2 (4)

Avg 31.6 ±1.0 (3) ** 27.6 ±2.3 (4) 29.3 ±2.8 (7)

Table 3: Model perplexity (lower is better) summarized
in terms of two SLR dimensions: Scope (syntax vs. se-
mantics) and structure (dependency vs. constituency). �± � (�) over frameworks per condition. Statistical signif-
icance of the difference between the two closest SLRs
of each pair of conditions is reported as ***� < .0001 /
**� < .001 / *� < .005 / �not significant (approximate
randomization test with � =10,000 shuffles).

in table 3. A limiting factor for dependency rep-
resentations in the incremental LM setting is that
relations between the target token and subsequent
tokens are entirely ignored, whereas constituency
graphs can back off to higher-level structures. Fur-
ther, the syntactic graphs we use are always trees,
so they never populate the coparent capacity in the
slices. Semantic constituency representations, with
their abstract and meaning-oriented labeling and
structure schemes, jump out as being especially
predictive of the underlying text, as compared to
both syntax and shallow semantics.

We note that the function-enhanced PTB label

set has a slight advantage over the basic phrase-
structure labels; and that, among the two closely
related pairs of formalisms (DM/EDS and PSD/
PTG, which each are dependency and constituency
versions converted from the same underlying gram-
mars), the constituency versions always work better
than the dependency versions in our setting. There
is, however, no consistent ranking between DM/
EDS on one hand and PSD/PTG on the other. In
terms of perplexity, EDS works better than PTG,
and PSD better than DM, but these differences are
not significant for accuracy.

6.3 Differences between Word Classes

To better understand where particular strengths
and weaknesses of the baseline LM and linguis-
tically enhanced models lie, we analyze subsets of
tokens by part-of-speech (POS) tag (table 4, see
appendix C for more details). Across all models
there is a clear and expected separation between
rather predictable function words, more perplex-
ing content words, and numbers, punctuation, and
miscellaneous tokens somewhere in the middle.

Average perplexity of the tested SLR models is
better than baseline GPT-2 in all POS classes but
one. The one exception is the noun class, where
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both the SLR macro-average and UD in particular
do not raise performance. Only EDS and DM show
perplexity improvements on nouns; PTB even has a
noticeable negative impact. We conjecture that this
may have to do with relatively deep NP nesting in
PTB (compared to the other formalisms), such that
the current slicing hyperparameters (relative types
and capacities) are too strict and hide informative
signals like modifiers and verb attachment.

Some formalisms seem to be particularly well-
suited for the prediction of certain POS: UD for
verbs; PTB and PTG for adpositions and subordi-
nating conjunctions; EDS for pronouns, determin-
ers, and numbers; PTG, PSD, and EDS for coor-
dinating conjunctions. The advantage of EDS and
DM on nouns, pronouns, determiners, and numbers
can likely be attributed to their explicit representa-
tion of variable binding/quantification. Similarly,
PTG and PSD have detailed categories for coordi-
nation, distinguishing, e.g., con- and disjunction.

For nouns and modifiers, the spread across for-
malisms is particularly wide, which suggests that
SLRs diverge quite a bit on these types of words
(e.g., whether adjectives and certain nouns can
count as predicates) and that this diversity has a
strong effect on utility for language modeling.

6.4 Model Ablations

The linguistically enriched models consist of a
substantial number of newly learned parameters—
around 50–60M each, an additional �50% the size
of vanilla GPT-2. Although model size does not
seem to be correlated with performance among the
SLR-enriched models, it could still be that the ad-
ditional capacity allows the models to store more
information about the words’ distributions than the
baseline GPT-2 model, without ever truly using the
concrete linguistic structures.

We check this by randomly shuffling (�) two
core graph properties: (i) the assignment of edge la-
bels, and (ii) the anchoring mapping between graph
nodes and word tokens in each graph. If the mod-
els are largely independent of the correct label and
structure assignments, these changes should have
a very small effect on performance (Dubossarsky
et al., 2018; Hewitt and Liang, 2019).

But on the contrary, we find that performance
worsens considerably in the ablated settings com-
pared to the full combined models of each formal-
ism (table 5, see appendix C for more details). This

12https://universaldependencies.org/u/pos/

Eval
Toks

Train
Vocab

Perplexity↓

POS GPT-2 UD EDS SLR Avg
All 22,596 27,344 45.9 32.7 24.7 29.3 ± 2.8

co
nt

en
t noun 7,731 18,435 142.5 122.0 98.0 122.6 ±13.9

verb 2,639 7,100 128.8 80.4 85.9 84.9 ± 4.5
mod 2,235 6,292 228.7 158.8 98.6 124.4 ±22.6

fu
nc

tio
n

aux 582 95 17.6 11.1 5.9 9.1 ± 2.1
adp 1,957 232 10.1 7.3 5.5 5.3 ± 1.6
part 645 27 3.7 2.0 1.6 1.9 ± 0.3
sconj 268 96 15.4 12.3 6.8 6.8 ± 3.9
cconj 548 35 13.0 7.4 1.9 4.1 ± 2.1
det 1,726 91 9.4 7.8 4.4 6.0 ± 1.3
pron 868 149 22.9 17.5 5.4 11.0 ± 4.0
num 719 1,059 72.6 57.1 47.5 54.1 ± 4.6
punct 2,527 68 4.9 2.3 2.7 2.6 ± 0.3
misc 151 183 7.0 4.6 4.0 4.5 ± 0.8

Table 4: Breakdown by Universal POS,12 in terms of
PPL of domain-trained GPT-2, two exemplary SLR-
combined models, and the macro-average ± stdev over
all SLR-combined models. Best results (within the vari-
ance) in each row are bolded. We show token counts
and observed vocabulary size for reference.

Ablation Applied in DM PTB SLR Avg
Full 31.4 29.0 29.3 ± 2.8� Labels testing +4.7 +73.9 +28.3 ±28.3� Anchors testing +34.8 +223.1 +106.0 ±73.1� Both testing +33.4 +207.4 +95.9 ±68.9� Labels training +1.4 +9.0 +4.2 ± 3.3� Anchors training +8.5 +17.5 +13.3 ± 4.6� Both training +7.8 +18.3 +13.4 ± 5.0� Labels both +1.3 +9.3 +4.3 ± 3.4� Anchors both +7.9 +17.5 +13.5 ± 5.0� Both both +7.3 +18.1 +13.6 ± 5.2� SLR both +14.5 +16.9 +16.6 ± 2.8

Table 5: Ablations measured in �PPL for two exem-
plary SLR-combined models and the macro-average ±
stdev over all SLR-combined models. Full and �SLR
correspond, respectively, to table 2’s rows 4 (DM) / 7
(PTB-fxn) and row 2 (GPT-2 +Domain).

confirms that the models really do acquire—and
are quite sensitive to—the graph-encoded linguistic
signals, relying to a large part on this new informa-
tion in making their predictions.

Shuffling only edge labels while leaving the
rest of the graphs unchanged has a smaller ef-
fect than changing how tokens are anchored in
the graph structure. This suggests that the linguis-
tic graphs’ entire structural arrangement of labels
and attention-like selection of context words play
a crucial role—more so than knowing the type of
each individual (correctly attached) grammatical
relations. Note that the � Anchors setting, too,
changes which edge labels are used in the predic-
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Training Efficiency LM Quality

Model �Speed ↑ �Size ↓ �PPL ↓ �Acc ↑
UD �50% �1.9M +2.9 ±.08 �0.4 ±.02
DM �47% +2.5M +1.6 ±.35 +0.1 ±.14
PSD �56% +9.1M +3.6 ±.23 �0.9 ±.15
PTB-phr �43% �1.9M +6.8 ±.39 �1.7 ±.11
PTB-fxn �86% +107.7M +10.5 ±.21 �2.7 ±.15
PTG �53% +5.9M +6.2 ±.22 �3.5 ±.03
EDS �47% �8.5M �0.2 ±.07 +0.1 ±.03

Table 6: Performance differences between R-GCN slice
encoder baseline and our concatenation-based encoder
(table 2). Relative differences (�) for speed in sentences
per second; absolute differences (�) otherwise. Means± stdev over 2 runs without early stopping.

tion of a given token, resulting in a smaller differ-
ence between � Anchors and � Both.

If a model has learned to rely on correct labels
and structure during training, then perturbing these
properties at test time has a highly adverse effect,
confusing the model and leading to a drastic de-
crease in performance—even worse than not con-
sulting SLR graphs at all! Given previous findings
that syntactic structure is to some extent already
learned in pretraining (Linzen et al., 2016; Tenney
et al., 2019b), we conjecture that this representa-
tional capacity gets offloaded to the graphs at train-
ing time, and thus test-time permutations fool the
PTB model to a much greater extent than DM.

As expected, exposing models to shuffled graphs
at training time renders the additional model pa-
rameters practically neutral, resulting in similar
perplexity as the base LM. In this case, it also does
not matter whether test-time graphs are correct or
random (training vs. both in column 2)—either way,
the model learns to mostly disregard the random
structure as noise.

6.5 Comparison with R-GCN Encoding

As an additional strong baseline, we compare our
concatenation-based slice vector encoding to a
graph neural network from the literature. We
choose relational graph-convolutional networks
(R-GCN; Schlichtkrull et al., 2018; Kipf and
Welling, 2017) as a suitable representative of this
type of model, which has been used successfully
by Wu et al. (2021) to encode DM graphs.

Results are shown in table 6. Contrasting with
table 2, there is a big difference in training speed:
our simple encoder is on average roughly twice as
fast as the computation-heavy alternative, whose
time and space complexity is dominated by the

number of labels.13

We observe at best similar LM quality as with
our concatenation method (EDS and DM), but for
most formalisms performance degrades. We follow
Schlichtkrull et al. and Wu et al. in using 2 R-GCN
layers with basis matrix regularization. Possible
disadvantages of this for encoding linguistic graphs
are the fixed path length (2 layers exclude parent’s
siblings; but 3 layers would include a lot of irrel-
evant information) and that many of the trained
parameters are shared between different relations.
In contrast, our concatenation encoding forces the
MLP input layer to learn distinct parameters for
each structural relative type and edge label.

7 Discussion

7.1 Related Work
Researchers have long been interested in scaffold-
ing sequential language models with linguistic-
structure-based inductive biases. Syntactic lan-
guage modeling dates back to the pre-neural era,
when Pauls and Klein (2012) and Gubbins and Vla-
chos (2013) generalized Markov assumptions from
word n-grams to syntactic subtrees. These ideas
have since been adapted to recurrent neural network
(RNN) LMs (Mirowski and Vlachos, 2015) and ex-
panded on (Dyer et al., 2016; Choe and Charniak,
2016; Shen et al., 2018, 2019). Ek et al. (2019)
condition RNN-LMs on predicted syntactic and
semantic (unstructured) tags, interestingly finding
less or sometimes no benefit, especially on the se-
mantic side. They hypothesize this might be due to
tagging errors—an issue our oracle setup avoids.

In the era of attention-based neural modeling of
language dominated by pretrained Transformers,
models are often finetuned for and evaluated on
specific NLP tasks—like semantic role labeling,
machine translation, natural language inference,
graph-to-text generation, or the GLUE benchmark
(Wang et al., 2019)—rather than language mod-
eling in its own right, which makes it difficult to
compare them directly to our findings. There have
been two main directions: One group of approaches
continues the old syntactic language modeling tra-
dition by incrementally generating words and SLRs
with either joint (Peng et al., 2019; Qian et al.,
2021; Sartran et al., 2022) or iteratively-coupled
LM and parser models (Choshen and Abend, 2021).
The second group assumes parsed input sentences,

13And this is a very optimistic estimate of R-GCN training
speed in practice; see appendix A.6.
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which are then used to guide the model, e.g. by di-
rectly optimizing Transformers’ attention weights
to reflect linguistic graph structures (Strubell et al.,
2018; Bai et al., 2021; Slobodkin et al., 2021).
Rather than controlling the existing sequential at-
tention, Hajdik et al. (2019) process serialized
graphs directly with a sequence-to-sequence model,
and Wu et al. (2021) extend a pretrained Trans-
former with an additional graph encoder. Notably,
Wu et al. (2021) and Slobodkin et al. (2021) exper-
iment with a few different semantic and syntactic
SLRs, while all other studies we have looked at are
limited to either syntax or very shallow semantics.

Another relevant line of work employs probing
tasks in investigating to what extent grammar and
meaning are already encoded in neural language
models trained predominantly on raw text with lit-
tle to no linguistic supervision (Linzen et al., 2016;
Tenney et al., 2019a,b; Hewitt and Manning, 2019;
Liu et al., 2019; Kim et al., 2019; Wu et al., 2020;
Geiger et al., 2021, inter alia). Among the probing
literature, the works of Kuznetsov and Gurevych
(2020) and Kulmizev et al. (2020) are noteworthy in
that they investigate subtle differences between dif-
ferent (versions of) frameworks roughly covering
the same representational scope, namely, semantic
roles and syntactic dependencies, respectively.

Orthogonal approaches to comparing SLR de-
signs have involved measuring how well different
frameworks complement each other for joint pars-
ing or can be merged or converted into one another
(Prange et al., 2019a; Hershcovich et al., 2020).

7.2 Limitations and Future Work
While the use of oracle graphs has both theoreti-
cal advantages (measuring an upper bound without
needing to account for potential errors or uncer-
tainties) and practical ones (saving the computa-
tional overhead from training and running a parser),
ground-truth SLR graphs are a very limited re-
source and generally assumed to only be available
at training time. There is no guarantee our results
translate to the non-oracle setting. For instance, it
could be that the most helpful abstract semantic
information is also the hardest to predict. And de-
spite segmenting the existing sentence-level graph
into token-level slices, the human annotator who
created the graph in the first place has seen and an-
alyzed the whole sentence, thus already resolving
crucial ambiguities and simplifying the task based
on knowledge ‘from the future’. In subsequent
work, we plan to parse graph slices incrementally,

which will both relax the conditional modeling as-
sumption into a more broadly interpretable joint
model and enable test-time use of the full system
on datasets without linguistic annotations.

We also only test formalisms that are explicitly
anchored in linguistic units, roughly corresponding
to LM (sub-)word tokens. This prevents us from
applying the same paradigm to some other widely-
used unanchored formalisms like AMR (Banarescu
et al., 2013) without some changes to the setup.

7.3 Broader Impact

Our experiments yield evidence which—at least
in the case of encoding contexts for next-word
prediction—supports the thesis of Bender and
Koller (2020), Trott et al. (2020), and others that
linguistic meaning goes beyond form. Computa-
tional models of language that exclusively learn
from even very large amounts of raw text are thus
generally expected to hit a ceiling14 which can only
be overcome with access to higher-level structures
and mechanisms of understanding.

It further seems to matter in which manner and
shape linguistic graph structure is drawn. Assum-
ing a perfect incremental parser, deeper structure
and semantic categorization seems to be particu-
larly beneficial for integration with a standard lan-
guage model. This is in line with previous findings
by, e.g., Tenney et al. (2019b) that while pretrained
LMs tend to encode shallow syntactic structure,
abstract relations are more difficult to probe for.

We thus see a promising research direction in
moving towards linguistic scaffolding of language
models with representations that are more complex
than tags or dependencies and that capture mean-
ingful relations beyond surface structure.

8 Conclusion

We have presented evidence that symbolic linguis-
tic representations of various frameworks have the
potential to aid a pretrained incremental Trans-
former in task-neutral next-word prediction. To
this end, we have proposed a framework-agnostic
neural encoding scheme for linguistic graphs and
applied it to an English dataset jointly annotated
with 7 different formalisms. The results highlight
the importance of appreciating complex linguistic
structure and handling its computational represen-
tation with nuance.

14See also Merrill et al. (2021) for formal proofs.
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A Additional Modeling Details

A.1 Selecting Anchor Nodes

In case there are multiple anchoring options (see,
e.g., EDS nodes 0 vs. 1 for first token in figure 1),
we use the following tie-breaker heuristics: Select
the anchor node with the most parents and children;
if still a tie, select the anchor with the highest node
ID (tends to be hierarchically lower, i.e., vertically
closer to the token anchor).

A.2 Relative Types��� = ��,�,�,�,�,��, namely, parents ��, sib-
lings ��,�, grandparents��,�, aunts ��,� (all indexed
by parent �), children ��, and coparents ��,� (in-
dexed by child �). This is the anchor node’s Markov
blanket, plus siblings, grandparents, and aunts. We
chose this set of relations based on general no-
tions of linguistic hierarchy (predicate-argument,
head-dependent) and preliminary experiments, but
without tuning for specific formalisms. Precise def-
initions are given in table 7. Relative nodes are
permanently associated with the label of the edge
that got them selected.

A.3 Representing Tokens and Labels

We use GPT-2’s pretrained global embeddings
(from the lowest layer, before any local contex-
tualization) to obtain embeddings for relative token
anchors in the slice-vector. When a token anchor
in a linguistic graph consists of multiple BBPE to-
kens, we average their embeddings. We reuse the
transpose of the same embedding matrix again to
project the last hidden state of the token-emission
MLP into the vocabulary.

SLR edge labels are encoded as one-hot vectors
in the slice vectors, which lowers the potential for
unnecessary random initialization variance of from-
scratch embeddings.

A.4 Distinguishing Dependencies from
Constituencies

While this distinction—as defined in §5.2 in terms
of the anchoring mapping between graph nodes
and word tokens—can be subtle for individual
sentences, it nonetheless affects slice encoding.
In PSD, for example, auxiliaries are unanchored,
whereas in PTG they are grouped with their main
predicate (figure 2).

rel Name Definition ��� parent {� � (�, ��) � �} 2��,� sibling {� � (�, �) � �} �� � �� 2��,� grandparent {� � (�,�) � �} �� � �� 1��,� aunt {� � (�, �) � � � � � ��,�} 2�� � ���� child {� � (�� , �) � �} 2��,� coparent {� � (�, �) � �} �� � �� 1

Table 7: Relative types and capacities.

A.5 Model Hyperparameters
We report our model and training hyperparameters
in table 8. We did not perform explicit hyperparam-
eter tuning, besides some manual testing early in
development on a subset of the MRP shared task
data. Those data are annotated with SLR frame-
works other than the ones we compare here, and we
ended up excluding them from our experiments for
lack of overlap with most of the other frameworks’
annotations.

A.6 Efficient Batching for R-GCN
In our incremental setting we need to apply the
R-GCN to each token-level slice, which would lead
to multiple days15 of training for each model if
done naively. We achieve a considerable speedup
by exploiting the oracle graphs at training and eval-
uation time to pre-compute slices and running the
R-GCN only once per sentence batch.

B Data Preprocessing

B.1 Sentence Filtering
To establish a common ground for comparison, we
take the intersection of sentences occurring in the
annotated datasets of all linguistic formalisms.

In a first step, we discard two sentences whose
linguistic graph in at least one formalism is
empty.18 We then select only those 35,513 train-
dev / 1,401 eval sentences that appear in both the
MRP 2019 and 2020 datasets (the 2019 corpus con-
tains 143/1,958 more in train-dev/eval).19 Next,

15Projected timeline based on a few iterations, which is
confirmed by Yang and Deng (2020).

16For label set �. The factor 16 arises from the capacities
chosen (table 7), and the extra embedding allocation is for
averaged preceding unanalyzable/within-anchor tokens.

17For bidirectional label set ��, which is twice as big as �.
18The sentence “It is.” in DM and a ‘sentence’ consisting

of the @-symbol in PTG.
19‘train-dev’ refers to the data split that was used as training

data in both the MRP and 2019 tasks, and which we split 90%/
10% into our training and development data. ‘eval’ refers to
the data that was used as evaluation data in MRP 2019 and as
development data in MRP 2020, and which we evaluate our
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Figure 2: Example of subtle differences in constituency
(PTG) and dependency (PSD) versions of the same un-
derlying formalism, the Prague Functional Description.
PTG has an abstract PRED node as well as a multiword
anchor where PSD does not, which results in diverging
slice representations for the last two tokens.

we take the intersection of these sentences and
OntoNotes 5.0, which contains the gold PTB syn-
tax annotations. 26,719/929 sentences remain in
the train-dev/eval set. The MRP graph format oper-
ates on raw-text character offsets, while PTB and
UD trees operate on word tokens. We are able re-
construct offset-based text anchors for PTB and
UD from the raw text strings used in the MRP data
for all but 394 train-dev / 8 eval sentences, which
leaves us with the final 26,325 train-dev and 921
eval sentences.

In a few cases, where the linguistic graph has
no edges, we add an artificial edge with a dummy
label.

B.2 Tokenization

We follow the sentence segmentation of the Penn
Treebank corpus. Within sentences, we obtain
token boundaries from GPT-2’s pretrained byte-
level byte-pair encoding (BBPE) tokenizer. The
BBPE tokens are then aligned with the formalism-
dependent SLR node anchors via raw-text charac-
ter offsets. Tokens that are continuations of mul-
tiword anchors in the graph (‘ reported’ in PTG,
figure 1); subword tokens of a single graph an-
chor (‘N-umerous’); or are unanchored in the graph
(‘ were’ in EDS), are treated as unanalyzable, i.e.,
their slice consists of a copy of the preceding to-

models on.

GPT-2

Embedding dim 768
Vocabulary 50,257
Activation GELU
Dropout 0.1
Learning rate 1e-6

MLP

Input dim 16 � ��� + 17 � 76816

Layers 2
Hidden dims 1,024; 768
Activation ReLU
Dropout 0.2
Learning rate 1e-4

R-GCN

Input dim 768
Layers 2
Hidden dims 768; 768
Activation ReLU
Basis matrices �0.1 � �����17

Learning rate 1e-4

Other training settings

Epochs 10
Batch size 8

Table 8: Model and training hyperparameters

ken’s slice, plus the preceding within-anchor to-
kens.

B.3 UD Conversion

Quasi-gold UD 2.0 trees are obtained from
the UD converter released with the Java Stan-
ford Parser v4.2.0 (https://nlp.stanford.edu/
software/lex-parser.html) on the PTB trees.

B.4 PTB Labels

By convention, phrasal and functional labels in
PTB are node labels. To match the labeled-edges-
unlabeled-nodes format of the other formalisms,
we losslessly convert them to edge labels (namely,
on each node’s single incoming edge), discarding
the preterminal nodes’ POS labels. In preliminary
experiments we saw that including the POS tags is
much more beneficial than phrase structure only;
but since we do not include word-level tags in any
of the other conditions, this would be an unfair
comparison. We focus here on sentence-level struc-
ture and leave studies of word-level tags to future
work.

B.5 Data Splits

We split the corpus into training/development and
evaluation data following the MRP task setup.
Specifically, we evaluate on the data split that was
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used as evaluation data in MRP 2019 and as de-
velopment data in 2020, as only for this data gold
annotations in all formalisms have been released.
We do not perform empirical hyperparameter tun-
ing. In early development, a small subset of the
data was used.

C Detailed Results

We report detailed results without early stopping
(table 9), breakdowns by POS-class (table 10
and appendix C.1), as well as ablation experi-
ments (table 11) for all SLR formalisms. In ta-
bles 4 and 10 and figure 3 we merge the POS tags
{NOUN, PROPN} into ‘noun’, {ADJ, ADV} into
‘mod’, and {INTJ, SYM, X} into ‘misc’.

C.1 Lexico-Semantic or Syntactic
Knowledge?

In §6.3 we have found part-of-speech-specific pat-
terns of model performance. But whenever, for a
certain syntactic word class �, a formalism � is
more conducive to next-word prediction than a for-
malism �, it is not clear whether this is the case
because the choices get narrowed down to � itself
or whether it is caused by either complementary
or completely independent signals, perhaps at the
lexical or semantic-structure levels.

We investigate this by rerunning the experiment
with each token’s UPOS tag as an additional input.
If this is more or less the same information as is
gained—to different extents—from the SLRs, then
the results should be similar to before, and SLR-
conditional differences should disappear.

A few particularly interesting POS subsets are
shown in figure 3. We discuss them in order.

Among content words, nouns and verbs are sim-
ilar both in terms of baseline performance and in
how much easier it becomes to select the correct
lexical item if the part-of-speech is known. At the
same time, the individual SLR formalisms differ
quite a lot in how much information they contribute
about the POS class itself and about lexical choice
within the part-of-speech. The respective best for-
malisms (EDS for nouns, PTB and UD for verbs)
approximate oracle POS knowledge by themselves
and still contribute substantial complementary in-
formation when the actual POS tag is revealed. In
contrast, PTB does not seem to provide any useful
signal about nouns to the incremental LM—neither
independently nor in conjunction with the POS.

Modifiers (adjectives and adverbs) display a

rather interesting behavior: the fact that a word
of this type is coming next is very hard to predict
from just the preceding raw context, which makes
sense since they tend to add optional meaning on
top of the (obligatory) logical and grammatical
content. However, once the decision to modify has
been made, the contextual choice becomes much
easier than that for nouns or verbs. In both cases,
all SLRs are quite helpful, with UD on the lower
end and EDS leading the field.

We find similar tendencies among auxiliaries
(�function verbs) and pronouns (�function nouns)
as with (content) verbs and (content) nouns, but
naturally at a much smaller scale. Despite their
functional-grammatical distribution and behavior,
the semantic frameworks EDS and PTG consis-
tently outperform the syntactic ones UD and PTB
even on these ‘small’ words. A possible explana-
tion for this interaction with auxiliaries in particular
could be that EDS and PTG do not analyze them
separately at all, but rather group them, respec-
tively, with the preceding context20 or their main
predicate. The models might be able to leverage
this to focus on things like subject-verb agreement,
local cohesion, or anticipating the main predicate.
More explicit syntactic analyses of auxiliaries (in-
crementally inaccessible forward-pointing depen-
dencies in UD; VP-nesting in PTB), in contrast,
may restrict the model from directly making these
connections. Adding POS information in the input
decreases SLR-dependent differences.

For ‘subordinators’ in the broad sense, i.e., sub-
ordinating conjunctions at the clausal level and
adpositions for nominal complements, PTB and
PTG are particularly well-suited. By themselves
they are already at least as informative as POS, and
they still add a small but noticeable complementary
signal when the POS is revealed.

Determiners and coordinating conjunctions,
which both already show extremely low perplexity
with some SLR models (namely, EDS, PSD, and
PTG), entirely lose any reliance on particular SLRs
when their POS is known.

20EDS, like PSD, actually has no anchors for auxiliaries;
we attach them to the preceding semantic unit by default.
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Training Efficiency Language Model Quality

Model Scope/Struct #Labels Speed ↑ Size ↓ PPL ↓ H [nats] ↓ Acc [%] ↑ Conf [%] ↑ MRR ↑
GPT-2 – 124.4M 59.3 4.09 30.0 31.2 .403
+ Domain 15 45.8 ±.03 3.61 ±.002 33.4 ±.05 35.3 ±.02 .436 ± .3e-3

+ UD syn dep 39 14 +54.1M 35.2 ±.24 3.09 ±.014 39.2 ±.11 42.3 ±.18 .488 ± .8e-3

+ DM sem dep 59 15 +54.4M 34.2 ±.32 3.05 ±.019 38.8 ±.15 42.5 ±.26 .490 ±1.0e-3

+ PSD sem dep 90 16 +54.9M 34.1 ±.43 2.96 ±.014 39.2 ±.17 44.0 ±.17 .491 ±1.4e-3

+ PTB-phr syn const 38 14 +54.1M 33.5 ±.30 2.97 ±.026 40.3 ±.09 43.9 ±.34 .500 ± .6e-3

+ PTB-fxn syn const 537 14 +62.7M 32.4 ±.37 2.92 ±.030 41.1 ±.18 44.8 ±.36 .507 ±1.3e-3

+ PTG sem const 72 15 +54.6M 29.6 ±.20 2.68 ±.028 43.4 ±.08 48.8 ±.32 .524 ± .5e-3

+ EDS sem const 10 15 +53.6M 26.6 ±.09 2.78 ±.024 43.1 ±.10 46.6 ±.24 .527 ± .8e-3

Table 9: Main results without early stopping: performance of language models combined with 7 SLR formalisms
of different scope, structure, and label set (each corresponding to a �Ensemble in §4.3), compared to vanilla GPT-2
and a version of GPT-2 that has been domain-finetuned on the raw text of the SLR training corpus (���). We report
each quality metric as mean ± stdev over 5 random seeds. We also report model size in #parameters and training
speed in sentences per second as measures of efficiency. Best results in each column are bolded. For confidence,
‘best’ means best-calibrated, i.e., the smallest relative difference to accuracy.
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Figure 3: Model perplexity (lower is better) with UPOS as additional input. Top left: nouns, verbs, and modifiers; top
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Abstract

Human brains integrate linguistic and percep-
tual information simultaneously to understand
natural language, and hold the critical abil-
ity to render imaginations. Such abilities en-
able us to construct new abstract concepts
or concrete objects, and are essential in in-
volving practical knowledge to solve prob-
lems in low-resource scenarios. However,
most existing methods for Natural Language
Understanding (NLU) are mainly focused on
textual signals. They do not simulate hu-
man visual imagination ability, which hin-
ders models from inferring and learning ef-
ficiently from limited data samples. There-
fore, we introduce an Imagination-Augmented
Cross-modal Encoder (iACE) to solve natu-
ral language understanding tasks from a novel
learning perspective—imagination-augmented
cross-modal understanding. iACE enables vi-
sual imagination with external knowledge trans-
ferred from the powerful generative and pre-
trained vision-and-language models. Extensive
experiments on GLUE (Wang et al., 2018) and
SWAG (Zellers et al., 2018) show that iACE
achieves consistent improvement over visually-
supervised pre-trained models. More impor-
tantly, results in extreme and normal few-shot
settings validate the effectiveness of iACE in
low-resource natural language understanding
circumstances.1

1 Introduction

Cognitive neuroscience studies reveal neural acti-
vation in vision-related brain areas when reading
text (Just et al., 2004) and show a tight relationship
between brain areas processing linguistic and vi-
sual semantic information (Popham et al., 2021).
In addition, visual imagery improves comprehen-
sion during human language processing (Sadoski
and Paivio, 1994). Such imagination empowers hu-

1Source code and pre-trained models are publicly available
at https://github.com/YujieLu10/IACE-NLU

Premise: A senior is waiting at 
the window of a restaurant that 
serves sandwiches. 

Hypothesis: A man is waiting 
in line for the bus.

?
Contradiction? 

Entailment? 

Neutral?

Figure 1: Rendering visual imagination is an intuitive
way to activate perception for linguistic understanding,
e.g. natural language inference.

man brains with generalization capability to solve
problems with limited supervision or data samples.

However, the field of Natural language Under-
standing has mainly been focused on building ma-
chines based solely on language, ignoring the inher-
ently grounded imagination from the external vi-
sual world. These studies either learn text-only rep-
resentations from language corpora (Devlin et al.,
2019; Zhuang et al., 2021; Lan et al., 2020) or im-
plicitly involve retrieved visual supervision in pre-
trained language models (Tan and Bansal, 2020).
Thus, their approaches appear limited in transfer-
ring the connection between language understand-
ing and visual imagination to downstream tasks,
which are essential to solving low-resource circum-
stances. In addition, these methods are limited to
text-only augmentations, whereas visual imagina-
tions leverage cross-modal augmentations to deal
with low-resource situations.

Human brains are multi-modal, integrating lin-
guistic and perceptual information simultaneously.
Intuitively, the machines could achieve a higher-
level understanding of natural language and better
learning transference by imitating the procedure of
human imagination behavior.

Inspired by this, we propose to understand lan-
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guage with the integration of linguistic and per-
ceptual information via introducing imagination
supervision into text-only NLU tasks. To imitate
the imagination-augmented understanding process
as shown in Figure 1 with text-only data, we de-
vise a procedure with two steps: 1) pre-train a
visually-supervised Transformer over paired text
and images retrieved from large-scale language
corpus and image set, and 2) construct the imag-
ination with a generative model and fine-tune on
downstream NLU datasets by learning the paired
imagination and natural language in a cross-modal
embedding. We show a detailed description of the
cross-modal imagination process for a specific Nat-
ural Language Inference task in Figure 2. In this
way, we utilize machine imagination to improve the
performance of natural language understanding.

We adopt the few-shot learning setting to study
the potential of using less human effort of anno-
tation for our proposed iACE to learn the natural
language with the help of imagination. Large mar-
gin performance gain in both extreme and normal
few-shot settings demonstrate the effectiveness of
iACE in solving problems with limited data sam-
ples. In the full data setting of GLUE (Wang et al.,
2018) and SWAG (Zellers et al., 2018), we observe
the consistent performance gain of our proposed
iACE over the visually-supervised approach (e.g.,
VOKEN (Tan and Bansal, 2020)) upon four lan-
guage base models (e.g., BERT, RoBERTa).

In summary, the main contributions of our work
are as follows:

• We propose to solve the text-only learn-
ing problem in natural language understand-
ing tasks from a novel learning perspec-
tive: imagination-augmented cross-modal lan-
guage understanding.

• To address the problem mentioned above, we
devise iACE to generate imaginations in a
cross-modal representation space to guide
the fine-tuning of the visually supervised lan-
guage models.

• Experimental results in the few-shot setting
validate the consistent superiority of iACE
over baselines in tackling the low-resource
situation. In full settings, iACE maintains the
improvement in GLUE and SWAG.

premise tpre
A person is hanging on to 
the bottom of an airplane 
preparing to skydive

ipre
! VQGAN

hypothesis thyp
A person is driving a tractor ihyp

! VQGAN

Cross-modal 
Encoder Contradiction

Figure 2: A detailed view of our iACE framework fine-
tunes on natural language inference task.

2 Related Work

Visually-aided Language Learning Previous re-
search attempt to introduce visual information to
improve language learning on various Natural Lan-
guage Processing (NLP) scenarios, including but
not limited to machine translation (Grubinger et al.,
2006; Elliott et al., 2016), information retrieval (Fu-
naki and Nakayama, 2015; Gu et al., 2018), seman-
tic parsing (Christie et al., 2016; Shi et al., 2019),
natural language inference (Xie et al., 2019), bilin-
gual lexicon learning (Kiela et al., 2015; Vulic et al.,
2016), natural language generation evaluation (Zhu
et al., 2021), spatial commonsense reasoning (Liu
et al., 2022) and language representation learn-
ing (Lazaridou et al., 2015; Collell et al., 2017;
Kiela et al., 2018; Bordes et al., 2019; Lu et al.,
2019; Li et al., 2019; Sun et al., 2019; Luo et al.,
2020; Chen et al., 2020; Li et al., 2020; Tan and
Bansal, 2020; Radford et al., 2021). While most
of these studies acquire visual information through
retrieval from the web or large-scale image sets,
a recent line of studies attempt to generate visual
supervision from scratch. The visual information
can either be provided in the form of represen-
tation (Collell et al., 2017; Long et al., 2021) or
concrete images (Gu et al., 2018; Zhu et al., 2021).
Though previous studies generate machine imag-
ination, they only tackle specific tasks, such as
machine translation (Long et al., 2021) or informa-
tion retrieval (Gu et al., 2018). To the best of our
knowledge, we are the first to utilize machine ab-
stract imagination from large pretrained vision and
language models to improve general NLU tasks.
Recently, VOKEN (Tan and Bansal, 2020) incor-
porate retrieved token-level visual information into
existing transformer models and achieve consistent
improvement. iACE is different from this work for
two aspects: 1) we explicitly encode visual imag-
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ination during fine-tuning. 2) we propose a novel
model to borrow knowledge from imagination in
both training and inference.

Few-shot Natural Language Understanding
Natural Language Understanding (NLU) is a sub-
field in NLP that involves a broad range of tasks
such as question answering, sentiment analysis,
and textual entailment. Researchers have collected
specific language corpus (Wang et al., 2018; Zellers
et al., 2018; Xu et al., 2020) to train the machines
on NLU learning. However, the general language
understanding problem remains a challenge. Few-
shot learning is a learning paradigm that aims to
predict the correct class of instances with a rel-
atively small amount of labeled training exam-
ples (Fink, 2004; Fei-Fei et al., 2006). It has been
receiving increasing attention for its potential in
reducing data collection effort and computational
costs and extending to rare cases. To deal with
data-scarcity in NLU problems, previous research
introduces external knowledge (Sui et al., 2021),
utilizes meta-learning (Geng et al., 2019; Bansal
et al., 2020; Han et al., 2021) and adopts data
augmentation to generate labeled utterances for
few-shot classes (Murty et al., 2021; Wei et al.,
2021). Recent studies (Radford et al., 2019; Brown
et al., 2020) have shown that large-scale pre-trained
language models are able to perform NLU tasks
in a few-shot learning manner. The pre-trained
multimodal models also display similar few-shot
learning ability (Tsimpoukelli et al., 2021). Unlike
previous studies on pre-trained multimodal Trans-
formers that target solving multimodal tasks, our
study introduces imagination from the visual world
into language models and aims to improve NLU.

3 Our Approach

We illustrate how we solve the existing text-only
learning problem in natural language understanding
tasks as the Imagination-augmented Cross-modal
Language Understanding (ICLU) problems in Sec-
tion 3.1. Then we give a detailed illustration of
our proposed iACE’s architecture in Section 3.2.
Finally, we describe the procedure and training
protocol of the perceptual-enhanced linguistic un-
derstanding paradigm in Section 3.3.

3.1 Problem Definition
NLU is concerned with understanding the se-
mantic meaning of the given utterances. Data
pieces for NLU can be structured as (xcontext ,X ,y),

where xcontext represents the text context, X =
{x1,x2, ...,xm,m ∈ N} denote a set of text snippets,
and m denotes the number of text samples for a spe-
cific task. The model learns to predict the ground
truth label y, which is either regression or a classi-
fication label. While NLU is usually regarded as a
language-only task, we attempt to solve it from a
cross-modal perspective by introducing the novel
ICLU problem.

In our ICLU problem, data pieces are structured
as (xcontext , icontext ,X ,I ,y), in which icontext rep-
resents the visual context related to the text context,
and I = {i1, i2, ..., in,n ∈ N} denotes the imagina-
tion set. The “imagination” refers to the images
that are visualized from the text. Here, n is the
number of visualized sentences for a specific task,
which is the same as m by default.

To solve this problem, we devise a novel iACE to
construct imagination from textual data and learn
the bi-directional alignment between the imagina-
tion and text. Specifically, for each piece of text x j

in the sentence set X , we first follow (Esser et al.,
2021; Radford et al., 2021) and use a generative
model to render a descriptive illustration i j. The
visualized imagination will later serve as the visual
input in the ICLU problem.

3.2 Model Architecture

Overview Figure 3 provides an overview of the
iACE framework. iACE consists of two modules:
1) the imagination generator G, 2) the imagination-
augmented cross-modal encoder Ec. Given the tex-
tual sentence x = {w1,w2, ...,wk,k ∈ N} (w j de-
notes the j-th token in the sentence), G generates
corresponding visual imagination i. The cross-
modal encoder then encodes x and i as t and v,
respectively. iACE explicitly provides imagination
supervision to the visually-supervised Transformer
during fine-tuning on downstream NLU tasks.

Imagination Generator Previous studies intro-
duce visual supervision through retrieval from the
web or image sets. However, it is hard to find vi-
suals that perfectly match the topics discussed in
each text snippet, especially for the relatively com-
plicated text input for the NLU tasks. Such mis-
alignment between the input text and the retrieved
visuals might hinder the model from general lan-
guage understanding learning. Out of considera-
tion for cross-modal feature alignment, we choose
to render specific visualization corresponding to
each piece of input text from scratch. Specifically,
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Text Input

Imagination
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LImagine

LLang

Step 2: Fine-tuning on Downstream NLU Tasks
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Transformer
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Step 1:Pre-training on Large-scale Language and Vision Datasets
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Encoder

Language 
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+

Cross-Modal Encoder

Figure 3: Overview of iACE. The generator G visualize imaginations close to the encoded texts by minimizing
LGAN . The cross-modal encoder Ec learns imagination-augmented language representation. Two-step learning
procedure consists of: 1) pre-train a Transformer with visual supervision from large-scale language corpus and
image set, 2) fine-tune the visually supervised pre-trained Transformer and the imagination-augmented cross-modal
encoder on downstream tasks.

we construct imagination of the textual input with
a large-scale vision and language model guided
generative framework - VQGAN+CLIP (Crowson
et al., 2022). For each piece of input text x, we
treat it as the prompt and use the VQGAN (Esser
et al., 2021) model to render the imagination i with
128×128 resolution and 200-step optimization. At
each optimization step, we use the CLIP (Radford
et al., 2021) model to assess how well the generated
image corresponds to the text.

LGAN = 2[arcsin(
1
2
∥t−v∥)]2 (1)

To be specific, CLIP encodes the input text x and
the corresponding imagination i as t and v, and
the training objective is to minimize the distance
between t and v in the cross-modal embedding
space.

Cross-modal Encoder We adopt CLIP as the
cross-modal encoder to encode the input text and
the generated imaginations. CLIP (Radford et al.,
2021) is trained on large-scale image-text pairs
and is able to align visual and textual input in the
embedding space. Specifically, we use the ViT −
B/32 version of Vision Transformer as the image
encoder, and Transformer (Vaswani et al., 2017)
with the architecture modifications described in
(Radford et al., 2019) as the text encoder. For each
modality, the self-attention (SA) module is applied
to model the regions of imagination or the words

of the text as follows:

SA(F) = concat(so f tmax
FW Q

j FW K
j

T

√
dk

FWV
j , ...)W

(2)
where F denotes the set of regions of the imagina-
tion or the words of the textual sentence. W Q

j , W K
j ,

and WV
j represents the weight in the j-th head for

query, key and value respectively. dk is the dimen-
sion of the embedding. W is the weight matrix for
multiple heads.

To solve the ICLU problem, we learn the bi-
directional relationship between the text input and
the visualized imagination. We apply late fusion
on the text feature t and visual feature v to con-
struct the cross-modal feature. Given the set of
visual features Sv and textual features St, the fused
embedding XS can be given with:

XS = [ReLU(WtSt+bt),ReLU(WjSv+b j)] (3)

where W and b are of two separate fully connected
layers to the visual and text embeddings. The fused
embeddings XS will go through two fully connected
layers before we receive the final imagination-
augmented language representation.

Visually-supervised Transformer We imple-
ment the visually-supervised Transformer language
model proposed in Tan and Bansal (2020). The
model architecture is a BERT-like pure-language-
based masked language model.
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3.3 Learning Procedure

We introduce a novel paradigm to better understand
natural language by incorporating existing lan-
guage models with visual imagination. As shown
in Figure 3, the procedure consists of two steps: (1)
pre-train the visually-supervised Transformer, and
(2) fine-tune the framework with imagination on
downstream tasks.

Step 1: Visually-supervised Pre-training We
pre-train a visually-supervised Transformer follow-
ing the scheme proposed in VOKEN (Tan and
Bansal, 2020), which extrapolates cross-modal
alignments to language-only data by contextually
mapping language tokens to the related images. In
addition to masked language modeling, VOKEN
proposed a voken classification task: given a set
of tokens with masks, the model is asked to pre-
dict the best-matching image (the voken) for each
tokens. The pre-training loss can be given as:

L =−λ1 ∑
w j∈ŝ

logq j(w j|š)−λ2 ∑
w j∈ŝ

log p j(v(w j;s)|š)

(4)
Here s is the token set, ŝ is the masked tokens, and
š is the unmasked tokens. The q j and p j repre-
sent the conditional probability distribution of the
j-th token given the token w j and voken v(w j;s)
respectively, and λ1 and λ2 are the balance factor of
the masked language modeling task and the voken-
classification task. The cross-modal classification
task enables the model to learn the matching be-
tween the tokens from the language corpus (e.g.,
wiki) and its most-related images from the image
set (e.g., MSCOCO).

Step 2: Imagination-augmented Fine-tuning
We use GLUE (Wang et al., 2018) and
SWAG (Zellers et al., 2018) as the downstream
datasets in the following sections. Our proposed
iACE learns to minimize the cross-entropy loss
below:

LImagine =−
|D|
∑
j=1

K

∑
k=1

yk log pk(d j(t;v)|D) (5)

where j denotes the j-th data sample in dataset D,
and K os the class number. The pk represents the
conditional probability distribution of d j. During
fine-tuning, the visually-supervised Transformer
language model only relied on the textual input to

make predictions. The loss are computed as:

LLang =−
|D|
∑
j=1

K

∑
k=1

yk log pk(d j(t)|D) (6)

Notice that we use MSE loss for the regression
task. The imagination-augmented loss and pure-
language based loss are summed up with a balance
factor λ in a jointly training schema as:

L = λLImagine +(1−λ )LLang (7)

We use Adam Optimizer with a learning rate 1e−4
for the GLUE benchmark and 2e−5 for the SWAG
dataset. We discuss more details in Section 4.

4 Experiments

4.1 Experimental Setup
Datasets & Metric We conduct experiments to
evaluate the performance of our proposed method
over SST-2 (Socher et al., 2013), QNLI (Ra-
jpurkar et al., 2016), QQP (Iyer et al., 2017),
MultiNLI (Williams et al., 2018), MRPC (Dolan
and Brockett, 2005), STS-B (Agirre et al., 2007)
from GLUE (Wang et al., 2018) Benchmark, and
SWAG (Zellers et al., 2018) dataset. We construct
few-shot setting subsets by taking 0.1%, 0.3%, and
0.5% of training instances as the Extreme Few-
shot Setting, and 1%, 3%, and 5% as the Normal
Few-shot Setting. We train the model with the sub-
sets and evaluate its performance on the complete
development set. We use accuracy as the default
evaluation metric and compare such results in the
following sections.

Baselines We choose BERT (Devlin et al., 2019)
and RoBERTa (Zhuang et al., 2021) as the base lan-
guage models, and apply our iACE framework on
top of their small and base architectures for compar-
ison. A recent study proposes a visually-supervised
language model VOKEN (Tan and Bansal, 2020)
that introduces visual supervision into language
model pre-training by borrowing external knowl-
edge from retrieved images of the tokens. In
natural language understanding tasks, VOKEN
achieved improvements over language-based base-
lines BERT and RoBERTa. Thus we also use VO-
KEN built upon these language-based models as a
set of powerful baselines. In the following experi-
ments, each model is first pre-trained with visual
supervision introduced in (Tan and Bansal, 2020)
upon the four base models (BERTsmall , BERTbase,
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SST-2 QNLI QQP MNLI

Extreme Few-shot 0.1% 0.3% 0.5% 0.1% 0.3% 0.5% 0.1% 0.3% 0.5% 0.1% 0.3% 0.5%

VOKEN(Bertbase) 54.70 77.98 80.73 50.54 51.60 61.96 44.10 60.65 65.46 37.31 54.62 58.79
iACE(Bertbase) 77.98 80.96 81.42 51.64 58.33 64.03 49.36 63.67 71.17 40.07 56.49 59.57
VOKEN(Robertabase) 70.99 71.10 77.86 54.37 62.23 65.78 62.32 67.25 70.18 48.59 49.76 58.23
iACE(Robertabase) 75.34 78.66 83.60 54.79 65.03 65.83 65.43 68.11 70.77 48.94 52.74 59.39

Normal Few-shot 1% 3% 5% 1% 3% 5% 1% 3% 5% 1% 3% 5%

VOKEN(Bertbase) 81.40 86.01 84.75 64.17 77.36 80.19 72.55 78.37 80.50 60.45 62.73 72.35
iACE(Bertbase) 82.45 87.04 86.47 65.09 79.54 80.52 74.31 78.69 80.52 62.15 70.43 73.73
VOKEN(Robertabase) 83.78 84.08 87.61 75.00 81.16 81.23 73.14 79.09 79.63 63.51 70.68 74.02
iACE(Robertabase) 83.83 84.63 89.11 79.35 81.41 81.65 73.72 79.38 79.81 65.66 70.76 74.10

Table 1: Model-agnostic Improvement in Few-shot Setting. iACE and VOKEN upon BERT and RoBERTa base
size architecture are fine-tuned in Extreme Few-shot (0.1%, 0.3%, 0.5%) and Normal Few-shot setting (1%, 3%,
5%). For the few-shot setting, we use large and stable datasets from GLUE Benchmark. We compare accuracy on
SST-2, QNLI, QQP, and MNLI and the average of accuracy and F1 score on QQP. BEST results are highlighted.

RoBERTasmall and RoBERTabase). Then the mod-
els will be fine-tuned on downstream tasks.

Notice that base models and VOKEN use pure-
language training objectives during fine-tuning.
Neither of them utilizes the visual signals inherent
in the downstream language corpora. In contrast,
our iACE explicitly introduces visual imagination
supervisions into fine-tuning and inference stages.

Implementation Details We train RoBERTa
with the same configurations as a robustly opti-
mized pre-training approach based on BERT of
the same size. BERTsmall has 6 repeating layers,
512 hidden dimension. BERTbase has 12 repeating
layers, 768 hidden dimension.

The imagination of the texts is generated inter-
actively by using VQGAN+CLIP, with 128×128
size, 500 iterations. We use pre-trained VQGAN
(imagenet f 16) and CLIP (ViT-B/32). We leverage
CLIP (ViT-B/32) as our language and vision model
for premise and hypothesis, and imagination of
them. The text and image dimension is 512. The
dropout rate is set to 0.1. We use Cross-Entropy
loss for our cross-modal classification. Each model
was first pre-trained on 4 TITAN RX GPUs for 30
epochs with early stopping and a batch size of 32
and a sequence length of 126. The optimizer used
is Adam with a learning rate of 2e−4 and a weight
decay of 0.01. The models are then fine-tuned on
GLUE benchmark and SWAG dataset for 3 epochs
with 32 batch size. We adopt the joint training strat-
egy for our proposed iACE and visually supervised
transformer during fine-tuning. The learning rate
of the Adam optimizer is set as 1e−4 and 2e−5
for GLUE and SWAG, respectively.

4.2 Few-shot Learning Results

We claim that introducing imagination into lan-
guage processing helps the existing language-based
system tackle the low-resource situation. Thus, the
automatically generated imagination helps reduce
the human effort to annotate textual data. To verify
this, we define two situations, a normal few-shot
setting, and an extreme few-shot setting. For the
normal few-shot setting, we keep 1%, 3%, and
5% of the training dataset for each task in GLUE
Benchmark. For the extreme few-shot setting, we
keep a lower number of the training dataset, which
is reduced to 0.1%, 0.3%, and 0.5% of the training
dataset. We train the models with the same config-
uration under these two settings and compare them
with visually supervised transformer baselines to
confirm the benefit that our proposed iACE brings
to the few-shot situation.

Results of the few-shot setting are reported in
Table 1. Following Tan and Bansal (2020), we
only report the four largest and stable tasks in
GLUE for the model-agnostic comparison. We
report the accuracy for SST-2, QNLI, MNLI. For
QQP and MRPC, we report the average of F1 and
accuracy. For SWAG, we report the correlation.
We observe that the imagination information re-
markably helps with both the normal few-shot cur-
riculum and extreme few-shot curriculum. We as-
sume the imagination-augmented fine-tuning suc-
cessfully transfers the language understanding from
the large-scale vision and language model. Thus
iACE achieves consistent performance gain and
shows great superiority of generalization and trans-
ferring ability.
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SST-2 QNLI QQP MNLI ALL

Base Model Method 0.1% 1.0% 3.0% 0.1% 1.0% 3.0% 0.1% 1.0% 3.0% 0.1% 1.0% 3.0% Avg.

BERTbase Direction 49.01 79.59 87.15 51.31 52.55 66.90 56.74 31.58 31.59 32.73 61.54 70.72 55.95
BERTbase Unify 48.96 77.98 86.92 50.54 52.02 67.20 55.29 56.93 79.09 39.05 63.29 70.86 62.34
BERTbase iACE 77.98 82.45 87.04 51.64 65.09 79.54 49.36 74.31 78.69 40.07 62.15 70.43 68.23

RoBERTabase Direction 72.71 80.38 84.63 54.91 74.68 78.58 61.57 74.68 31.59 32.95 61.96 70.62 64.94
RoBERTabase Unify 75.11 80.04 88.07 53.62 74.64 78.47 64.94 74.85 76.84 51.12 65.42 70.74 71.15
RoBERTabase iACE 75.34 83.83 84.63 54.79 79.35 81.41 65.43 73.72 79.38 48.94 65.66 70.76 71.93

Table 2: Method Design Ablation in Few-shot Setting. We compare the results of two variants over 0.1%, 1.0%,
3.0% of SST-2, QNLI, QQP and MNLI dataset. Details of Direction and Unify are illustrated in Section 4.3.

Extreme Few-shot (0.1%) Normal Few-shot (3.0%) ALL

Base Model Composition SST-2 QNLI QQP MNLI SST-2 QNLI QQP MNLI Avg.

BERTbase Textual-Only 49.08 50.54 55.48 38.82 87.50 67.05 77.42 71.00 62.11
BERTbase Visual-Only 59.97 50.56 49.01 39.05 86.81 67.23 79.06 70.80 62.81
BERTbase Visual+Textual (VT) 53.89 50.54 49.15 38.83 87.04 66.81 79.16 70.77 62.02
BERTbase Bi-directional VT 77.98 51.64 49.36 40.07 87.04 79.54 78.69 70.43 66.84
RoBERTabase Textual-Only 75.57 53.85 64.96 35.28 84.07 78.51 75.76 51.48 64.93
RoBERTabase Visual-Only 75.11 54.18 65.01 47.22 84.17 79.88 76.88 70.56 69.12
RoBERTabase Visual+Textual (VT) 74.20 53.98 65.43 47.35 83.94 79.96 76.87 70.73 69.05
RoBERTabase Bi-directional VT 75.34 54.79 65.43 48.94 84.63 81.41 79.38 70.76 70.08

Table 3: Imagination Composition Ablation in Few-shot Setting. Bi-directional VT represents the full input for
iACE. More details about Textual Only, Visual Only and Visual+Textual are illustrated in Section 4.3.

4.3 Ablation Studies

We conduct ablation studies over both the method
side and data side to validate their contribution to
our proposed iACE.

Method Design Ablation Two method variants
of our imagination-augmented encoder are built
as baselines to validate the importance of our
bi-directional cross-modal imagination design in
iACE. The variants are built upon RoBERTabase
and BERTbase base models. Specifically, we de-
velop variant Direction and Unify. Direction repre-
sent alignment between text input and imagination
into a directional embedding as FUSE(tsen1− isen1,
tsen2− isen2). Unify encode the text and imagina-
tion, considering the direction from vision to lan-
guage by encoding as FUSE(tsent1, tsent2, isent1,
isent2). While iACE consider direction from vi-
soin to language and language to vision by en-
coding as the combination of FUSE(tsent1, isent2)
and FUSE(isent1, tsent2). As shown in Table 2,
our bi-directional imagination and language learn-
ing achieve stable and best average performance.
These results indicate that our bi-directional imag-
ination method design obtain generalization and
transferring ability. We assume iACE benefits from
both learning from language to vision and learning

from vision to language simultaneously.

Imagination Composition Ablation The com-
position of the imagination is essential for the
performance. To further study the importance of
full imagination, we ablate the data side by con-
structing a textual-only model denoted as Textual
Only, a visual-only imagination denoted as Visual
Only and a single directional imagination input
denoted as Visual+Textual. Visual Only and Vi-
sual+Textual represent the imagination model use
visual pairs (isent1,isent2) and one direction visual
and textual pairs (isent1,tsent2) as input respectively.
Our full approach use Bi-directional VT which
takes (isent1,tsent2) and (tsent1,isent2) as input.

Results are reported in Table 3 for Extreme
Few-shot setting and normal few-shot setting. We
observe Bi-directional VT data input achieve the
most stable and the best average performance. Re-
sults show the importance of bi-directional imag-
ination from all the textual input to construct an
imagination-augmented cross-modal encoder.

4.4 Model-agnostic Improvement

iACE is a model-agnostic training paradigm that
could help existing models achieve consistent gain
over GLUE and SWAG with both the few-shot

4398



Base Model Method SST-2 QNLI QQP MNLI MRPC STS-B SWAG Avg.

BERTsmall VOKEN 89.7 85.0 87.3 78.6 78.2 80.4 57.6 79.5
BERTsmall iACE 89.8 86.2 87.7 78.9 78.4 82.7 57.9 80.2
BERTbase VOKEN 92.2 88.6 88.6 82.6 83.5 86.0 70.6 84.6
BERTbase iACE 91.7 88.6 89.1 82.8 85.8 86.6 70.8 85.1

RoBERTasmall VOKEN 87.8 85.1 85.3 76.5 78.5 78.6 53.6 77.9
RoBERTasmall iACE 89.2 85.1 86.5 76.8 79.0 78.7 53.7 78.3
RoBERTabase VOKEN 90.5 89.2 87.8 81.0 87.0 86.9 68.5 84.4
RoBERTabase iACE 91.6 89.1 87.9 82.6 87.7 86.9 68.5 84.9

Table 4: Model-agnostic Improvement in Full Data Setting. Results of iACE and VOKEN upon BERT and
RoBERTa of small(6L/512H) and base(12L/768H) architecture are reported. The models are fine-tuned over
GLUE Benchmark and SWAG with access to the full dataset. BEST results are highlighted.

Premise:
At an outdoor event in an Asian-themed area, a 
crowd congregates as one person in a yellow 
Chinese dragon costume confronts the camera.

A single man is next to a camera.
Hypothesis:

ImgPre.

ImgHyp.

Ground Truth: Contradiction
Baseline: Entailment Ours: Contradiction

Text 1:
The lady cracked an egg for the mixer.

The lady sliced up the meat.

Ours: 3.62 / 5.00Baseline: 4.14 / 5.00 
Ground Truth: 3.75 / 5.00

Img 1

Img 2
Text 2:

(a) STS-B (b) SNLI 

Figure 4: Case studies on the STS-B and SNLI tasks. The baseline models yield predictions solely based on the text
input, while our approach takes both the text input and corresponding visualization into consideration. On both
tasks, our iACE gives predictions that are more aligned with the ground truth.

setting and full data setting. To validate such
model-agnostic effectiveness of our proposed novel
paradigm in processing natural language, we com-
pare the performance with two language mod-
els (BERT and RoBERTa) of two architectures
("6L/512H" and "12L/768H"), and a strong visu-
ally supervised pre-trained baseline VOKEN (Tan
and Bansal, 2020).

Table 4 shows the metric comparison on GLUE
and SWAG. The base models are trained with a
masked language model. The VOKEN model is
pre-trained with a masked language model with an
additional voken-classification task as introduced
visual supervision. iACE achieves model-agnostic
improvement over the model that solely fine-tune
based on textual information, including the pure-
language-based model and visually supervised pre-
trained model. The gain is consistently observed
from different architectures of models.

4.5 Case Study

Figure 4 lists out our examples for the case study.
We show the results from the natural language infer-
ence and sentence similarity task. We use examples
from the STS-B and SNLI datasets. Our contextual
imagination describes the textual input as expected

and provides an external prediction reference.
For example (a), given the structurally diversi-

fied sentence and low n-grams overlaps but high
semantic similarity, we observe that the pure
language-based model predicts the wrong label.
While the imagination helps the model capture
the semantic similarity between two textual inputs
via comparing the cross-modal semantics with the
imagination information. From example (b), we ob-
serve the pure language-based model predicts the
wrong label based on the similar sentence structure
and high n-grams overlaps. While the imagination
helps the model capture the difference between the
similar premise and hypothesis text.

5 Conclusion

We treat the text-only learning problem in Natural
Language Understanding tasks as a cross-modal
language understanding problem with generated
imagination as supervision. In this scenario, the
task aims to bridge the gap between the human
and the agent language understanding in both lin-
guistic and perceptual procedures. To address the
proposed problem, we devised a model-agnostic
learning paradigm iACE. Specifically, we build
the imagination of the downstream dataset using
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an interactive generative approach with guidance
from a self-supervised pre-trained large-scale im-
age and text model. Our proposed iACE surpassed
baselines of two architecture sizes by a large mar-
gin in the few-shot setting. The improvement is
consistently observed over pure-language baselines
(BERT and RoBERTa) and visually supervised VO-
KEN on the GLUE and SWAG dataset. The results
show the superiority of our iACE in language under-
standing and handling low-resource circumstances.
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Abstract

The power of word embeddings is attributed
to the linguistic theory that similar words will
appear in similar contexts. This idea is specif-
ically invoked by noting that “you shall know
a word by the company it keeps,” a quote from
British linguist J.R. Firth who, along with his
American colleague Zellig Harris, is often cred-
ited with the invention of “distributional se-
mantics.” While both Firth and Harris are cited
in all major NLP textbooks and many founda-
tional papers, the content and differences be-
tween their theories is seldom discussed. En-
gaging in a close reading of their work, we dis-
cover two distinct and in many ways divergent
theories of meaning. One focuses exclusively
on the internal workings of linguistic forms,
while the other invites us to consider words in
new company—not just with other linguistic
elements, but also in a broader cultural and situ-
ational context. Contrasting these theories from
the perspective of current debates in NLP, we
discover in Firth a figure who could guide the
field towards a more culturally grounded notion
of semantics. We consider how an expanded no-
tion of “context” might be modeled in practice
through two different strategies: comparative
stratification and syntagmatic extension.

1 Introduction

We are in the world and the world is in us.

Alfred North Whitehead
(1938; cited in Firth 1957c, 29)

If you have read any papers in computational
linguistics in the past thirty years, you have likely
come upon the following quote from British lin-
guist J.R.Firth (1957c, 11): “You shall know a
word by the company it keeps”. Cited in most
major textbooks (Manning and Schütze, 1999; Ju-
rafsky and Martin, 2009; Eisenstein, 2019; Russell
and Norvig, 2020), several foundational papers,
and hundreds of other NLP articles, this phrase
has come to index a theoretical orientation in a

field that is increasingly focused on computation,
often at the expense of linguistic theory (on these
trends in NLP see Halevy et al., 2009; Manning,
2015; Norvig, 2012; Henderson, 2020; Church and
Liberman, 2021). Together with American linguist
Zellig Harris, Firth is regularly called upon to jus-
tify a distributional theory of semantics, whereby
the meaning of lexical units is conceived in terms
of relative co-occurrence and shared contexts of
use (Sahlgren, 2008).

While Harris and Firth are often invoked, their
ideas are seldom closely engaged. Hailing from
disparate traditions, Harris and Firth had radically
different ideas on the scope and context of linguis-
tic analysis, and presented incongruent versions of
the distributional method. Drawing on the informa-
tion theory pioneered by Claude Shannon (1948),
Harris was determined to work out a structuralist
theory of language in terms of mathematical infor-
mation (Léon, 2011; Nevin, 1993). Firth, on the
other hand, came to linguistics via anthropology
and borrowed heavily from pragmatic philosophies
of language. For him, linguistic analysis always
started with the “context of situation” and neces-
sarily accounted for non-verbal actors and objects
(Firth, 1957c, 9).

Considering the definition and extent of linguis-
tic context is important for many reasons, as a
spate of recent publications suggests (Glenberg and
Robertson, 2000; Hovy, 2018; Bender and Koller,
2020; Bisk et al., 2020; Tamari et al., 2020; Trott
et al., 2020). Firstly, it touches upon the limits of
current paradigms in NLP, where corpus linguistics
is perfected through increasingly complex models
trained on increasingly massive corpora (Bender
et al., 2021). This approach may advance the iden-
tification of linguistic form, but might ultimately
have little to say about the relation of meaning to
the social world (Bender and Koller, 2020; Bisk
et al., 2020). Secondly, even with more modest
ambitions, several NLP applications—e.g., with
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spatial (McKenzie and Adams, 2021) or historical
(Kutuzov et al., 2018) data—require that linguis-
tic patterns be related to other types of structure.
Thirdly, from sociological and sociolinguistic per-
spectives, meaning intrinsically varies as language
is used in different settings and indexed to different
social categories (Labov, 1972; Bourdieu, 1984;
Silverstein, 2003; Eckert, 2008; Hovy, 2018). Fi-
nally, without a broader sense of context, NLP and
language modeling in particular remains trapped
in a paradigm where language is always treated as
universal, making invisible both different speech
communities (e.g. Nguyen et al., 2021) and the
biases of language (e.g. Blodgett et al., 2020; Lu
et al., 2020; Sap et al., 2020).

After a brief history of distributional semantics,
we outline Harris’ and Firth’s research on distribu-
tion and, more broadly, on the scope of linguistic
analysis. We look at some of the ways in which
NLP has tried to account for broader context within
the distributional paradigm. We suggest that exist-
ing strategies can be understood in terms of ei-
ther “comparative stratification” or “syntagmatic
extension.” We conclude with thoughts on why re-
reading Harris and, in particular, Firth might aid the
field of NLP with its current aporias. If words shall
be known by the company they keep, then the ques-
tion follows: what kind of company do they keep?
Are they found only alongside linguistic elements,
or do they mingle with other types of entities? Or,
as Firth himself wrote: “Many different answers
could be given to the question ‘Distribution of what,
where and how?”’ (Firth, 1957a, v).

2 Background: Distributional Semantics
and NLP

Distributional semantics has been an fundamental
part of computational linguistics since the begin-
nings of the field, but in a discontinuous manner
encompassing at least two distinct eras. Firstly,
during the 1950s and 60s, Harris was integral to the
mathematization of linguistics in the US after the
Second World War (Rubenstein and Goodenough,
1965; Léon, 2021). Firth was skeptical of efforts
to mechanize linguistics,1 but he nonetheless con-
sulted for some of the early work on machine trans-
lation at Cambridge Language Research Group

1He seemed to consider the idea Orwellian (Firth, 1957b)
and repeatedly attacked Norbert Wiener (e.g. Firth, 1968a,c),
a pioneer whose work would later be considered foundational
for connectionist AI (Goodfellow et al., 2016; Russell and
Norvig, 2020).

(Léon, 2007, 410), which included Firth’s pupil,
M.A.K. Halliday (Léon, 2021, 144) and shortly
later the NLP pioneer Karen Spärck Jones (Léon,
2021, 89). Naturally, others also contributed to
this first wave of distributional thinking, including
Shannon (1945; 1948) with what might be con-
sidered one of the first language models, Warren
Weaver (1952) with an early proposal for distribu-
tional semantics, and Martin Joos (1950) with a
statistical formulation of language as a symbolic
system of conditional probabilities.

Secondly, when computational linguistics re-
turned to its “empiricist” roots in probabilistic
methods and information theory in the mid-80s and
early 90s (Norvig 2012; Léon 2021, 141), Firth
and Harris accompanied Shannon among the au-
thors who were invoked, in an ACL “Special Issue
on Computational Linguistics Using Large Cor-
pora,” as foundational figures of a tradition that
had been overshadowed for decades by the “ratio-
nalism” of characters such as Noam Chomsky and
Marvin Minsky (Church and Mercer, 1993, 15).
During this “corpus turn,” the rapid automation
of linguistics was driven by a resumed connection
with postwar computational linguistics and infor-
mation theory (Léon, 2021, 3). However, the 1990s
wave of vector semantics papers that used methods
like singular-value decomposition (SVD) to pro-
duce early “dense vector” models of meaning like
LSA (Deerwester et al., 1989, 1990; Landauer and
Dumais, 1997) and its derivatives (Hofmann, 1999;
Blei et al., 2002), HAL (Burgess, 1998), or the
models of Schütze (Schütze, 1992, 1993; Schütze
and Pedersen, 1993) generally did not cite Firth or
Harris, although a few papers from that period did
(Church and Hanks, 1989; Hindle, 1990). In short,
while Firth and Harris were not regularly used as
stand-ins for linguistic theory during the 1990s and
early 2000s, a general revival of empiricism and
distributional approaches to meaning signaled a
potential resurgence of interest in their thinking.

During the 2000s, the application of neural
networks to language modeling tasks (e.g. Ben-
gio et al., 2003) and the development of self-
supervision techniques (e.g. Raina et al., 2007) set
the stage for the word embedding breakthroughs
of the early 2010s (e.g. Mikolov et al., 2013). By
the end of the decade, the introduction of atten-
tion (Graves et al., 2013; Bahdanau et al., 2015)
and then of the Transformer model (Vaswani et al.,
2017) made way for the next breakthrough, the
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large-language modeling revolution (e.g. Peters
et al., 2018; Devlin et al., 2019; Chowdhery et al.,
2022).

Following the introduction of the word2vec
model and its powerful but “static” embeddings,
Harris in particular was frequently cited (Le and
Mikolov, 2014; Levy and Goldberg, 2014; Levy
et al., 2015; Bojanowski et al., 2017), often (but
not always) along with Firth (Bruni et al., 2014;
Hamilton et al., 2016; Goldberg, 2017; Eisenstein,
2019; Jurafsky and Martin, 2021). However, de-
spite an explosion of citations (Bisk et al., 2020,
8719), this interest has not been very engaged. In
fact, the canonization of Firth and Harris during
this time is paradoxical. On the one hand, it seems
that they are invoked to lend theoretical authority to
a field that struggles to lift its gaze from the latest
state-of-the-art numbers (Manning, 2015; Bender
and Koller, 2020). Yet, the unspoken conclusion
from the ascent of neural models and the language
modeling revolution was that “learning from data
made linguistic theories irrelevant” (Henderson,
2020, 6295). In other words, just as NLP seemed
to lose interest with linguistic theory, it elevated
two pioneering theoreticians to canonical status,
but seemingly without engaging closely with their
work. In fact, it often seems as if Firth and Har-
ris are referenced in such a cavalier manner that
it deflects attention from the field’s general lack
of engagement with linguistic theory. Meanwhile,
Firth and Harris became figures who justify a rel-
atively narrow conception of meaning, one that is
predominantly intra-linguistic, without much to say
about its usage in social life.

This peculiar story has not been properly told.
Though Léon discusses the contrast between Har-
ris and Firth in the context of corpus linguistics
(2008) and their influence on the history of com-
putational linguistics (2021), her work does not
address the differences in their distributional theo-
ries and conceptions of “context,” nor the renewed
and paradoxical significance of the two authors for
language modeling. In our contribution, we empha-
size the gap between the ideas of Firth and Harris
as well as the insights a re-reading of their work
offers for expanding the scope of computational
semantics.

3 Harris’s distributional structuralism

Few linguists contributed more to linguistic the-
ory than Zellig Harris (1909–1992), and not just

by serving as Noam Chomsky’s doctoral advisor.
In fact, the two came to share little in common
(Goldsmith, 2005; Nevin, 2010). Whereas Chom-
sky’s generative grammar repositioned linguistics
as a cognitive science seeking to understand, in
so few words, the idealized mental representations
and structures enabling language acquisition and
production (e.g. Chomsky, 1972), Harris’ radically
distributional approach to language effectively ele-
vated the natural language corpus as the sole start-
ing point from which linguistic theory could arise
(Harris, 1951, 1; Harris et al., 1988, 2–3; Johnson,
2002, 143–144).

This theory consisted of a linguistic structure seg-
mentable into a finite set of formal objects charac-
terized by constrained patterns of correspondence
with one another (Harris, 1951, 1954, 1991). Such
patterns of correspondence can be observed only in
language-in-use, that is, in natural language cor-
pora. In his foundational paper “Distributional
Structure,” for example, Harris (1954, 156–157)
provides a purely distributional account of how one
might induce the semantic meanings of oculist, eye-
doctor, and lawyer from the partial (in the case
of oculist and lawyer) or nearly complete (in the
case of oculist and eye-doctor) overlap in their ob-
served “environments” of use. This approach ap-
plies to other levels of linguistic analysis, such as
morphophonemics (e.g., Harris, 1954, 155). Rather
than producing a series of descriptive rules for
the distribution of each phoneme, morpheme, or
word, greater parsimony was sought by grouping
these elements into structurally equivalent classes—
categorized by their relationships as “operators”
and “arguments” in Harris’ later work (e.g. 1968;
1988; 1991)—sharing the same distributional rules,
compounding elements in a hierarchical manner.

In this section we draw attention to three aspects
of Harris’s distributional linguistics: the relation-
ship it posits between meaning and form; assump-
tions about heterogeneity among speakers of the
same dialect; and the concept of sublanguages.

3.1 Meaning and form

A result of Harris’ vision of a linguistics—
concerned above all with the structural and prob-
abilistic constraints governing the combination of
formal elements—is that the discipline would be
fully autonomous, not only from biology and psy-
chology but even from semantics, phonetics, and
logic, “complete without intrusion of other features
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such as history or meaning” (Harris 1954, 146;
Goldsmith 2005, 725–726).2 Harris’s reasoning
depended on the particular status he gave to lin-
guistics among all the sciences. Taking language
as its object of inquiry, linguistics lacks—unlike
other sciences—a metalanguage external to lan-
guage, i.e., to its object of inquiry (Harris, 1991,
4–5; Nevin, 1993, 356). Even if some other sym-
bolic system is used, “those symbols will have to
be defined ultimately in a natural language” (Harris,
1991, 274), as the surging demand for interpretabil-
ity and explainability in NLP has made evident
(see e.g. Danilevsky et al., 2020). Language is
consequently not a “code” of “forms” that corre-
late with some meanings outside of it. It has no
“one-to-one” conformity “with some independently
discoverable structure of meaning” (Harris, 1954,
152). Instead, it is a system related to, but also
independent from, thought (Harris, 1991, 383–384;
Nevin, 1993, 361–363). While all human activity
is meaningful, the particular meanings of language
are constituted by its form, not correlated with it
(Nevin, 1993, 394). Meaning thus understood is
about departures from equiprobability in the dis-
tribution of these constraints (Harris, 1991, 23).
These departures “define a range of meaning for
each morpheme, which includes its meaning in
each occurrence”. Nonetheless, shared environ-
ments do not necessarily imply shared meanings:
“bumped into a pole can be said after a minor acci-
dent or after a chance meeting with an East Euro-
pean” (Harris, 1951, 191).

The ultimate goal of Harris’s linguistic inquiry
is to evaluate the efficiency of different grammars
and their ability to model the statistical constraints
imposed upon the distribution of different linguis-
tic elements (Goldsmith, 2005, 723–725). Harris
held that language was a “detached pattern” (Harris,
1941, 295)—information that was public and so-
cially transmissible and hence constitutive of new
types of socially shared and conventional mean-
ing (Harris, 1991, 342–345, 377–382; Nevin, 1993,
360, 365)—and linguistics could at best discover
different incomplete grammars (Harris, 1991, 31–
36). Though linguistics might provide insights
about meaning and discourse, or about cultural
practices, such findings would not bear directly on

2Indeed, as Jacqueline Léon notes (personal communi-
cation, April 18, 2022), even calling Harris’ approach “se-
mantics” is bit of an oxymoron. We elide a full discussion
on the term since “distributional semantics” has become a
commonplace phrase in NLP.

linguistics per se (Goldsmith, 2005, 725–726). In-
deed, while Harris acknowledged that our sense of
word meaning is aided by “extra-linguistic situa-
tional information,” words “beyond the immediate
situation” are “on their own” (Harris, 1991, 368).
However, Harris’s method is not completely de-
tached. Searching for a method to segment speech,
he notes that the similarity of elements “reduces
ultimately to the similarity of sound segments un-
der repetition,” implemented through “the pair test”
in which native speakers are asked to discriminate
between sound segments (Harris, 1954, 158–159),
producing an observational primitive that is “more
easily controlled than data on meaning” (e.g. Har-
ris, 1951, 20).

3.2 Variation, or lack thereof

Harris’s view of language and linguistics, isolated
from the vagaries of social interaction and variation,
is obviously difficult to reconcile with a sociolin-
guistic perspective. As Harris writes in his Struc-
tural Linguistics (1951, 9), his approach is meant to
describe a homogeneous dialect, which “[i]n most
cases...presents no problem, since the whole speech
of the person or community shows dialectal consis-
tency.” Referencing this passage, sociolinguist and
dialectology pioneer William Labov (1966/2006,
5) argues that “the inconsistency found in most
New York City idiolects is so great that the first
alternative of Harris is impossible, and the second
implausible.”3 In other words, even at the level of
the speaker, Harris’s idealized, unvarying idiolect
does not hold up to empirical scrutiny. Rigorous
consideration of factors that Harris would deem
extra-linguistic (class, race, interactional roles, etc.)
are indeed essential to produce a systematic descrip-
tion of linguistic structure (Labov, 1972). From the
sociolinguistic perspective, Harris’s vision of a lin-
guistic science fully isolated from the “intrusion”
of non-verbal social life would never obtain the
systemicity to which it aspired.

This sociolinguistic critique highlights funda-
mental limitations of Harris’s perspective. Lan-
guage is viewed primarily through the distribu-
tional restrictions imposed by convention, rather
than by “stylistic practice” and the ways in which
speakers “make social-semiotic moves, reinterpret-
ing variables and combining and recombining them
in a continual process” (Eckert, 2012, 94). We can

3New York City is not unique in this regard; it was merely
the location of Labov’s early pathbreaking work.
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study changes in discourse, as Harris himself did in
an impressive volume on structures in immunolog-
ical theory over time (Harris et al., 1988), but not
how people make those changes, or indeed the way
in which it is “the variation itself that is systemic”
(Deleuze and Guattari, 1987, 93).

3.3 Sublanguages
As noted above, Harris’ revival in the 1990s was
driven by the new interest in “corpus linguistics”
of large corpora, a research paradigm that was
partly derived from Harris’ notion of “sublan-
guages” (Léon, 2021). Harris introduced sublan-
guages in his book Mathematical Structures of Lan-
guage, defined as “[c]ertain proper subsets of a lan-
guage [which] may be closed under some or all of
the operations defined in the language, and [which]
thus constitute a sublanguage of it” (Harris, 1968,
152). A sublanguage is a set of sentences which are
a subset of the sentences of the “whole” language.
However, the grammatical constraints of the sub-
language are not necessarily those of the whole
language; rather, their grammars intersect (Harris
1968, Ch 11; Kittredge and Lehrberger 1982, 1).
In application the term has come to refer primarily
to the grammar and vocabulary unique to or char-
acteristic of a particular professional or scientific
field (e.g. Harris, 1988), an influential concept for
early information retrieval research (Sager, 1975,
1981).4 Harris believed that sublanguages could be
neatly identified using the distributional methods
of his general linguistic program.

4 Firth’s contextual semantics

Something similar to the sociolinguistic critique
of Harris could be articulated from a different per-
spective, namely, through the work of J.R. Firth.
Firth (1890–1960)—professor of General Linguis-
tics at the University College of London and the
first holder of a chair in that subject in Britain—
independently formulated a distributional theory of
lexical semantics. However, unlike Harris, Firth
refused to treat meaning separately from pragmat-
ics, and words apart from their broader “context of
situation.” (Robins, 1997, 205–208)

Firth never published a fully articulated expo-
sition of his general theory of language (Robins
1997, 216; Thomas 2011, 180) and today, all of

4An important early figure in NLP, Sager received her
PhD in Linguistics at the University of Pennsylvania and was
directly influenced by Harris’s work. See, e.g, Hirschman,
Grishman, and Sager (1975).

his work is not only out of print but also mostly
unavailable online. Not understood by “the con-
temporary scientism” of American descriptivist
linguistics and its pioneers like Harris, Firth was
mostly ignored on the other side of the Atlantic
(Palmer 1968, 2; Pandit 1970, 280). Unlike many
of his American contemporaries, Firth did not draw
mainly from cognitive psychology and logic—the
latter of which Firth thought had “taken the heart
out of language” (Firth, 1957a, 186)—but from
the work of Polish anthropologist Bronisław Mali-
nowski (Robins, 1997, 211). Here, we focus on the
evolution of his thoughts on meaning and colloca-
tion, as well as his notions of context of situation
and restricted language.

4.1 Meaning by collocation

To Firth, the purpose of linguistics is to “study
meaning in its own terms” (Firth 1968b, 145; Senis
2015, 289). The famous phrase about the company
that words keep concerned a particular “mode of
meaning”: “meaning by collocation” (Firth, 1957b,
194). Anticipating vocabulary now ubiquitous in
NLP, Firth thought that this level of meaning could
be found by examining the “habitual collocations”
of words and the “word-material” in which they are
“most characteristically embedded” (Firth, 1957c,
11–12). Meaning by collocation was an abstrac-
tion of syntagmatic relations (Oyelaran 1967, 444)
that went beyond “mere juxtaposition,” stating in-
stead “an order of mutual expectancy” and “mutual
prehension” (Firth, 1957c, 12). While mutual ex-
pectancy could be understood similarly to Joos’s
(1950) conditional probabilities of occurrence or
the concept of Pointwise Mutual Information (Fano,
1961), the notion of “prehension” originates in
the work of philosopher and mathematician Al-
fred North Whitehead (1938, 1957; see also Butt
2013) and concerns the manner in which one en-
tity grasps another and makes it part of its own
experience (Christian 1959, 12; Bryant 2011, 136).

Drawing on Whitehead’s “modes of thought”
(1938; see also Butt 2001, 1812, Butt 2019, 28),
Firth advocated a type of “polysystemic” linguistic
analysis that was interested in different, congruent
modes of meaning, whether phonetic, phonologi-
cal, syntactic, or semantic, but always situated in
broader social context (Firth 1957c, 27, 30 ; Robins
1997, 214). In stark contrast to Harris, Firth explic-
itly rejected any efforts to create “unity in linguis-
tics” (Firth, 1968d, 48) or one system of analysis.
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Citing the later Wittgenstein (1953, Firth 1957c,
11), Firth was mainly interested in the concrete use
of language, reversing the schema of Ferdinand
de Saussure (1916/2011) in which language (la
langue) is a system “external to and on a differ-
ent plane from individual phenonema,” including
the concrete instances (la parole) of language use
(Firth 1949, 400; Firth 1950, 44–45). While his
final ideas matured considerably later, Firth ini-
tially articulated his ideas about semantics in two
1935 papers, one on semantics (Firth, 1935a) and
one on phonology (Firth, 1935b), using the term
“contextual distribution” in both. However, Firth
(1957c, 18) ultimately disavowed this initial dis-
tributional theory—which was not too dissimilar
from Harris’s—as “useful” but inadequate to act as
the “main principle” in a theory “of structures in-
volving the statement of the values of the elements
of structure by reference to systems.”

By distinguishing between system (syntagm)
and structure (paradigm), Firth wanted to highlight
two operational principles necessary for meaning
by collocation: 1) substitution within “the same
level of abstraction,” and 2) commutation across
different levels (Robins, 1953, 140). Only sub-
stitution that does not produce commutation in a
sequence, indicates similarity of value or function
(Firth 1957c, 5; Firth 1968c, 23)5. Two words
are only substitutable—and hence similar in func-
tion and meaning—if their values do not commute
across a particular sentence. Substitutability, then,
does not equal synonymy. Take, for example, the
following two phrases containing a) prepositional
and b) adverbial uses of the word “by”:

(a) They go by night.
(b) They go by night after night.

Now, “by” could be replaced by the word “past”
without commuting the meaning of the other words
in (b). However, replacing “by” with “past” would
commute with the rest of (a) in an impossible way
(Firth, 1968c, 23–24). This demonstrates how sub-
stitution concerns the relationship between “by”
and “past” as two elements at the same level of
analysis—i.e., lexical units—but in order to ac-
count for commutation, we need to look beyond
this level to other levels of abstraction.6

5For further details, see examples provided by Bursill-Hall
(1960).

6A useful analogy might be the way in which BERT han-
dles different aspects of language at different layers of the
model (Tenney et al., 2019, e.g.). However, no matter how

Firth’s conception of collocation and his frequent
nods to Whitehead were part of his “monistic” ap-
proach that rejected the division between mind and
body (Firth 1957c, 2; Palmer 1968, 5) and all the
other dualities—language and thought, word and
idea, signifier and signified, expression and content
(Firth, 1951, 86)—that characterized the structural-
ist linguistics of his time. He similarly rejected
any notion of linguistics as “a theory of universals
for general linguistic description” (Firth, 1957c,
21). Anticipating contemporary concerns about lan-
guage diversity in NLP (e.g. Bender, 2019), Firth
called for the Western scholar to “de-Europeanize
himself” and the English scholar, due to the univer-
sal use of his language, to “de-Anglicize himself”
(Firth 1968a, 96; Senis 2015, 274).

4.2 Context and connection
Diverging from structuralist linguistics, Firth sug-
gested that a text should always be given a “renewal
of connection with experience” (Firth, 1957c, 29).
This notion of meaning was influenced by Mali-
nowski, for whom Firth worked as an assistant early
in his career (Plug, 2008, 346) and from whom he
borrowed the notion of “context of situation” (Firth
1935a, Robins 1997, 211). In Malinwoski’s view,
meaning was more than just a dyadic relationship
between a word and its referent, “a multidimen-
sional and functional set of relations between the
word in its sentence and the context of its occur-
rence” (Robins, 1971, 35). However, while Mali-
nowski’s view on meaning was entirely functional
and hyper-local, Firth employed the notion of “con-
text of situation” as a necessary abstraction, not as
a shorthand for things in themselves (Firth 1950,
43, Palmer 1968, 6). Context of situation is derived
from an analytical choice, “a set of categories in
ordered relations abstracted from the life of man
in the flux of events, from personality in society,”
(Firth, 1957c, 30) prehending something of im-
portance and bracketing the rest. It is, then, not
necessarily about restricting the meaning of every
utterance to a specific time and place, but about
defining “an abstract set of semantically relevant
categories, abstracted from multitudes of actual
situations, to which unique particulars could be re-
ferred.” (Robins, 1971, 41–42) Firth called for the
linguist to focus on “attested language text duly
recorded”, accounting for a text’s associated con-
text of situation and its interior relations. (Firth,

large, a language model like BERT does not account for the
context of situation.

4408



1957c, 29–30)
Firth was famously opaque with the exact opera-

tionalization of his concepts, including context of
situation, but he did provide a detailed list of the
different contextual elements that a linguist should
bring into relation during analysis (Firth, 1950, 43).
These include the relevant features of participants
(persons, personalities); their verbal and non-verbal
actions; the relevant objects; and the effects of ver-
bal action.

During Firth’s lifetime, the most thorough work
that put his notion of context of situation to work
was an ethnographic study by his student T.F.
Mitchell in former Cyreneica (today Libya) on the
language of buying and selling at the local markets
of different cities and villages in the region. For
Mitchell (1957, 32–33), contexts that might “cor-
relate” with particular types of text included: the
spatio-temporal situation of persons in the context;
the activities of participants; the attitudes of the
participants; their “personalities” such as specific
trade of profession, geographical and class origins,
educational standard, inter-relationship, and so on.

It is worth noting that both Mitchell and M.A.K.
Halliday—Firth’s student who synthesized much
of his theory—used words such as “correlation,”
“inference,” and “prediction” to describe the rela-
tionship between a text and its situational context,
implying that a statistical extension of their ap-
proaches would not be completely unreasonable.
In fact, Halliday himself suggested as much, when
he in the early 1990s made efforts to bridge his
branch of linguistics with the nascent field of cor-
pus linguistics (Halliday, 1991).

In conclusion: Firth’s famous quote itself refers
to collocation, while his notion of “context” implies
something much broader, “the whole conceptual
meaning” (Firth, 1957c, 11). Context is the ground
against which the figure of the text must be under-
stood, no matter (per Harris) how “detached” its
pattern might be (e.g. Auer, 1996). Without con-
text, collocation captures only one narrow “mode
of meaning.”

4.3 Restricted languages

Like Harris, Firth’s revival in connection with
1990s corpus linguistics was related to his attempts
to respond to practical needs of empirical research.
Expanding upon his functional understanding of
language, Firth developed his notion of “restricted
languages” in the 1950s (Léon 2007, 7). In a

posthumously published essay, he describes social
actors as “collect[ing] a varied repertory of inter-
locking roles” corresponding to a “constellation
of restricted languages” (Firth, 1968e, 207). As
people shift between locally contextualized roles,
they draw upon their “repertory” of restricted lan-
guages with specialized vocabulary and discursive
styles that both reflect and constitute these contexts.
Thus one might speak of a “restricted language of
science, sport, defense, industry, aviation, military
services, commerce, law and civil administration,
politics, literature, etc.” (Léon, 2008, 261). As
such, the concept of restricted language is now
generally seen as a precursor to the concept of “reg-
ister,” which was taken up by subsequent sociolin-
guists and linguistic anthropologists (e.g. Halliday,
1968; Gumperz and Hymes, 1972; Agha, 2005).

In proposing restricted languages as the proper
object of descriptive linguistic analysis, Firth was
making a broader theoretical point against, on the
one hand, “the monosystemic view of language”
of neo-Bloomfieldians like Harris and “pointless
discussions on metalanguage” on the other, for met-
alanguage could be reanalyzed as a “restricted lan-
guage of linguistics” itself (Léon, 2007, 9). Simply
put, a descriptive linguistics which privileges re-
stricted languages also necessarily privileges con-
texts of situation as an essential dimension of vari-
ation that allows social meaning to inhere in lan-
guage.

5 Discussion: Words in mixed company

Often cited, together or separately, to justify a dis-
tributional appraoch to semantics, Firth and Har-
ris nonetheless offer differing views on language
and meaning. Harris offers us a rigorous formal-
ism that treats language as a “detached pattern”—
not a “code”, but a particular system of meaning.
Firth, by comparison, left a much more scattered
legacy that was only systematized by his students.
Firth and Harris shared a concern about the lack
of an external metalanguage of linguistics, but
drew different conclusions from it. If Harris re-
sponded to this conundrum by creating one hierar-
chically organized system without intrusion from
extra-linguistic factors, Firth called for an investi-
gation of language as a “spectrum” (Firth, 1951,
76) with different modes of meaning that had to
be addressed through multiple levels of analysis—
starting with the context of situation and proceed-
ing from there to decide which other levels are
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relevant (Firth, 1950, 44). Firth’s distributional
theory has been described unfavourably as based
on frequent co-occurrence, in contrast to the re-
cursive dependencies developed by Harris (Habert
and Zweigenbaum, 2002, 205). For Harris, the
meaning of a word depends on its set (e.g. Harris,
1991, 17) such that, for example, the words “divide”
and “multiply” operate on the word “cell” (and vice
versa) in the same way, producing essentially the
same meaning (Harris 1988, 62). However, Firth’s
final method of substitution and commutation also
establishes complex, multidimensional criteria for
distributional contrast as well as a framework for
understanding polysemy. Though less formalized
and less obviously recursive than Harris’, Firth’s
approach can, arguably, also be read as treating
linguistic elements as operators and arguments de-
fined by their sets in a complex hierarchy (Firth,
1950, 44; Firth, 1951, 76 “at a series of congruent
levels” (Firth, 1957c, 29–30) with different “bands
of abstraction” (Firth, 1968d, 49), including the
extra-linguistic context of situation. Harris and
Firth both understand any linguistic analysis as in-
complete, for Harris always a pursuit of the least
description” (Harris, 1988, 3)—i.e., best “grammar”
or model—for Firth always grounded in the social
construction of facts, without any possibility of
“complete axiomatization” (Firth, 1968d, 44–45).

From the perspective of empirical work, espe-
cially decades after their time, Firth and Harris
also share similarities. Both rejected the mentalism
that was so prevalent during their time. They were
both revived as empiricist originators during the
rise of statistical learning in the 1990s, and their
respective work on restricted languages and sublan-
guages largely conflated in service of the practical
concerns of corpus linguistics (Léon, 2008). Their
theories both included in what we might call a “re-
ality principle,” a final arbiter of meaning outside
of form: the pair test for Harris, the context of situ-
ation for Firth. The former grounds linguistics in
the smallest possible unit of analysis as understood
by the native speaker, the latter in social actions
and objects.

In light of recent calls to extend the “world scope”
(Bisk et al., 2020) of NLP and to move towards
pragmatic notions of meaning, it might make sense
to balance Harris’s formalism and Firth’s pluralism.
Though Firth warned us against overextending lin-
guistics, he was generous with the company that
words could keep. They mingled with each other,

but also with events, objects, people, and indexical
features such as time and space. And if NLP is
ready to move beyond the corpus, then even Harris
might acknowledge that when modeling language
in “the immediate situation”—whether in online in-
teractions or face-to-face communication—words
are not on their own, that to judge the meaning of a
combination of words, we can summon “the aid of
some of the extra-linguistic situational information”
(Harris, 1991, 368). In the following subsections,
we consider two ways in which NLP is already do-
ing this, in order to highlight some already existing
strategies for broader contextualization. We call
these strategies “comparative stratification” and
“syntagmatic extension.”

5.1 Comparative stratification

Corpus linguistics emerges from the question of
what kind of company words keep, depending on
their context. The issue of context was motivated
by the introduction of corpus linguistics both for
students of Firth—who considered restricted lan-
guages as a way of handling context—and for Har-
ris’s sublanguages, which were “contextually sit-
uated and suitable for being processed automati-
cally” (Léon, 2021, 149–150). However, beyond
just studying the restricted corpus, we might also
consider the ways in which large datasets can be
“stratified,” systematically dividing them into sub-
corpora that are studied in relation to each other.
Here, the company that words keep among each
other is limited for analytical purposes, but in a
manner that implies a relationship between that
“company” and situational context.

Diachronic embeddings are especially represen-
tative of this approach. By stratifying timestamped
data into a number of intervals, training separate
models for each and then aligning the embeddings
using either “second-order embeddings” or meth-
ods such as linear transformations (Kutuzov et al.,
2018), the analyst can effectively represent a tem-
poral “context of situation.” This approach works
with both static (Hamilton et al., 2016) and con-
textual embeddings (Martinc et al., 2020). While
variants of this approach are most commonly used
to study semantic shifts (e.g., Garg et al., 2018;
Kozlowski et al., 2019; Mendelsohn et al., 2020), it
could plausibly be used to stratify a dataset accord-
ing to other variables such as space (e.g. Bamman
et al., 2014; Gong et al., 2020), online communi-
ties (Lucy and Bamman, 2021), persons (Yao et al.,
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2020), or domains (Spinde et al., 2021). Words still
only keep the company of one another, but by lim-
iting their company we implicitly introduce other
participants in the analysis.7

5.2 Syntagmatic extension

Recall that for Firth, meaning by collocation and
considerations of a “typical context of situation”
(Firth, 1950, 44) were exercises in abstraction, with
collocation being an abstraction at the syntagmatic
level. Instead of restricting the company words
keep, we might follow Firth’s recommendation to
consider them in wider company “of the same ab-
stract nature” (Firth, 1950, 7). In vector semantics,
this would imply that we explicitly introduce dif-
ferent contextual factors in the same vector space
with our words, endowing them all with ontological
equality.

The paragraph vectors introduced by Le and
Mikolov (2014) as an extension of the earlier Skip-
gram algorithm (Mikolov et al., 2013) are represen-
tative for this approach. In practice, this method
extends the syntagmatic chain of words by intro-
ducing a vector for the document as a new paradig-
matic element. In principle, this type of “global
context” (Grbovic and Cheng, 2018) could be any-
thing and include several paradigmatic elements, as
we can see in the research on multi-modal embed-
dings (e.g. Baroni, 2016) and generative modeling
(e.g. Ramesh et al., 2022).8 Models have been de-
veloped that include demographic (Garimella et al.,
2017) or persona (Li et al., 2016) vectors in the em-
bedding space, such that intra-textual relations are
accompanied by information about speakers’ so-
cial categories. However, implemented with static
embeddings and without some additional grammar
restrictions, these context vectors essentially add
only a “bag of contexts.” For static embeddings, ad-
ditional grammar constraints could be introduced,
as was done in research on Point-of-Interest (POI)
data in the the domain of geosemantics, where re-
searchers constrained contextual vectors using spa-
tial variograms (Yan et al., 2017). Beyond static
embeddings, large-language models and their dy-
namic embeddings could either be pretrained (with
the appropriate dataset) or finetuned on data with

7In a very broad sense, the trend of pretraining large lan-
guage models and then finetuning them on specific datasets is
of course also an admission of the importance of “context of
situation.”

8Firth himself (1957c, 26) recommended accompanying
word definitions and collocational information with pictures.

text associated with different contextual variables.
This would realize the proposal that Halliday made
in the early 1990s when he suggested an extension
of the language modeling schema from the early
work of Shannon, to a model with “global proba-
bilities, those of the grammar of English, and the
locally conditioned probabilities, those of this or
that particular register” (Halliday, 1991, 37).

6 Conclusions

This paper revisited the theories of the two most
well-known progenitors of the distributional ap-
proach to meaning in NLP. Recognizing the open
question of how to bring NLP beyond the corpus,
we offer a thorough account of the two distribu-
tional theories that are most often invoked to justify
the modeling of meaning through departures from
randomness in the company that words keep. Com-
paring the work of Harris and Firth—who both
published their major work before the rise of the
internet and its corpora—we find two distinct theo-
ries of distribution: one formal and mathematical,
treating language as a particular type of detached
information, another more schematic and anthropo-
logical, treating language as a functional spectrum
which always emanates from a particular context of
situation. The legacies of both Firth and Harris can
be seen in the current paradigm of corpus linguis-
tics, but in the domain of distributional semantics,
it is Harris’s ethos that dominates, despite Firth
providing its most famous tagline.

Moving forward, we suggest that semantic mod-
eling take more inspiration from Firth, and con-
sider the context of situation and the wide variety
of company that words can keep as crucial sites of
innovation for the field. Doing so may not involve
following a finite set of steps or flowchart. Rather,
we humbly suggest that the field may be enriched
by thoughtful and creative re-engagements with the
intellectual traditions from which it has historically
drawn. This does not imply abandoning the rigor
provided by Harris. On the contrary, we find that
Firth and Harris would probably have agreed that
any model or “grammar” is inevitably incomplete
and partial. No universal model is possible, de-
spite the large-language modeling fervor, nor will
there be one theory of language to guide us. There
are only the partial perspectives and the inevitable
choice of adapting one.
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Abstract
Task-oriented parsing (TOP) aims to convert
natural language into machine-readable repre-
sentations of specific tasks, such as setting an
alarm. A popular approach to TOP is to apply
seq2seq models to generate linearized parse
trees. A more recent line of work argues that
pretrained seq2seq models are better at gener-
ating outputs that are themselves natural lan-
guage, so they replace linearized parse trees
with canonical natural-language paraphrases
that can then be easily translated into parse
trees, resulting in so-called naturalized parsers.
In this work we continue to explore naturalized
semantic parsing by presenting a general re-
duction of TOP to abstractive question answer-
ing that overcomes some limitations of canon-
ical paraphrasing. Experimental results show
that our QA-based technique outperforms state-
of-the-art methods in full-data settings while
achieving dramatic improvements in few-shot
settings.

1 Introduction

Task-oriented parsing (TOP) takes an utterance as
input and generates an unambiguous specification
of a task that can be executed by machine (Gupta
et al., 2018). Traditional approaches to TOP treat
the task as an instance of slot filling (Liu and Lane,
2016), first classifying the intent of the utterance
as a whole and then tagging tokens with slot la-
bels that identify relevant entities (such as numbers,
persons, dates or times, organizations, and so on).
However, this approach only works for simple ut-
terances that have flat rather than compositional
semantics. That is, slot-filling approaches cannot
produce nested (or “hierarchical”) meaning repre-
sentations, such as the one shown in Fig 1, where
slots and intents can be composite and contain other
slots (or intents) as proper parts.

A straightforward way to handle compositional
semantics is to formulate TOP as a seq2seq prob-

∗Work done during an internship at Amazon Alexa AI.

lem, where the input sequence is the utterance
and the output sequence is a linearized represen-
tation of a semantic tree (shown in the bottom
part of Fig 1). The recent development of high-
performing transformer-based pretrained language
models (PLMs) (Lewis et al., 2020; Raffel et al.,
2020; Brown et al., 2020) that can be fine-tuned
on specific tasks (such as a particular TOP dataset)
has made this formulation feasible.

This approach has achieved state-of-the-art per-
formance on a variety of TOP datasets (Rongali
et al., 2020; Aghajanyan et al., 2020; Chen et al.,
2020). However, the output sequences are typically
not expressed in natural language but rather in a
mixture of natural language and special symbols
(such as [SL:) that were not seen during pretrain-
ing and have no meaning to the PLMs. Depending
on the task, the output sequences may hardly con-
tain any natural language at all (for example, if the
outputs are SQL queries). It would seem reason-
able to conjecture that performance would improve
if we could reformulate TOP as a more conven-
tional NLP task in which both the inputs and the
outputs are expressed in natural language, as such
a reformulation might be better able to leverage the
PLM’s pretraining.

To bridge this gap, Shin et al. (2021) reduced
TOP to a canonical-paraphrasing task. They first
fine-tune a PLM to map a natural utterance u to
another canonical utterance u′, where canonical
utterances belong to a controlled fragment of the
relevant natural language. Then u′ can be translated
into the desired meaning representation (semantic
tree) via a context-free grammar that can parse
all and only canonical utterances. However, this
approach has a major limitation: canonical frag-
ments can be defined and parsed by hand-written
grammars only in closed-world domains where the
set of underlying entities is fixed and known in
advance (e.g., in a domain where people ask ques-
tions about basketball players, all of whom are
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Utterance: Look up directions to the nearest parking near S
Beritania Street.
Semantic parse tree of the utterance:

IN:GET_DIRECTIONS

SL:DESTINATION

IN:GET_LOCATION

SL:LOCATION_MODIFIER

nearest

SL:CATEGORY_LOCATION

parking

SL:LOCATION_MODIFIER

IN:GET_LOCATION

SL:SEARCH_RADIUS

near

SL:LOCATION

S Beritania Street

Linarized parse tree:
[IN:GET_DIRECTIONS

[SL:DESTINATION
[IN:GET_LOCATION

[SL:LOCATION_MODIFIER nearest]
[SL:CATEGORY_LOCATION parking]
[SL:LOCATION_MODIFIER

[IN:GET_LOCATION
[SL:SEARCH_RADIUS near]
[SL:LOCATION S Beritania Street] ] ] ] ] ]

Figure 1: A sample utterance and its semantic parse tree
in the Topv2 dataset, where nodes starting with “IN:”
are intents and nodes starting with “SL:” are slots. A
parse tree always has an intent node at the root. An
intent typically corresponds to a verb and can be viewed
as an action, with a sequence of slots as its arguments. A
slot may have additional intents nested in it, recursively.
A linearized parse tree that can be processed by seq2seq
models is shown at the bottom.

statically known). That condition rarely holds in
task-oriented domains, and therefore this method is
not applicable to datasets like Topv2. Moreover, as
input utterances grow more structurally complex,
the associated canonical utterances become much
longer, and generating long sequences is known to
be challenging for PLMs (Guo et al., 2018).

In this paper we focus on scenarios where it is
not viable to specify a canonical grammar with a
fixed set of rules. We instead propose to formulate
TOP as abstractive question answering, in such a
way that answering all questions for a given ut-
terance allows us to reconstruct the parse tree of
that utterance. Specifically, we introduce single-
turn QA (ST QA for short), which poses one single
query for a given utterance, and multi-turn QA (MT
QA), which dynamically constructs multiple ques-
tions for each utterance, depending on previous
answers. Because single-turn QA asks only one
question, it has lower latency; however, the model
must generate a longer text representing the entire
parse tree. By contrast, multi-turn QA generates
shorter answers that are more straightforward to
parse; however, all questions need to be answered
correctly, and if there are dependencies between

questions, they can’t be run within the same batch.
We study these two approaches and their tradeoffs
in both full-data and low-resource settings.

To summarize our contributions:

1. We propose a general reduction of composi-
tional TOP to abstractive QA and introduce
two specific variants: single-turn QA and
multi-turn QA, each with unique benefits.

2. We train the abstractive QA models with a
masked span prediction (MSP) objective, one
of the pretraining objectives of the seq2seq
model, which is shown to yield very substan-
tial improvements in few-shot scenarios.

3. We evaluate ST QA and MT QA on two pub-
lic datasets, Topv2 (Chen et al., 2020) and
Pizza (Arkoudas et al., 2021), and show that
our results improve on the state of the art
by 3% on full-data Topv2, 28% for few-shot
Topv2, and 7% on few-shot Pizza. 1

2 Related Work

Task-oriented parsing has been extensively stud-
ied in the literature. The most prevalent approach
is seq2seq modeling, which maps utterances to
their meaning representations, typically expressed
as a mixture of natural language and tokens such
as brackets and artificial intent and slot identi-
fiers (Rongali et al., 2020; Zhou et al., 2021; Agha-
janyan et al., 2020; Shrivastava et al., 2021; Man-
simov and Zhang, 2021); we take this approach as
our main baseline.

Few-shot semantic parsing has also attracted
wide interest. Chen et al. (2020) applied a differ-
ent training paradigm; they assumed there are sev-
eral source domains with labeled data and adopted
a first-order meta-learning algorithm, Reptile, to
train their model.

Shin et al. (2021) argued that PLMs are bet-
ter suited for directly generating natural language
rather than task-specific meaning representations,
and thus they fine-tune PLMs to generate canonical
paraphrases, which can then be parsed by a context-
free grammar to produce the corresponding seman-
tic trees. They further improve performance by aug-
menting input sequences with similar examples as
prompts. Rongali et al. (2022) push that direction
further by leveraging small amounts of unannotated
data. We use canonical paraphrasing as one of our

1The QA datasets converted from the TOP format are avail-
able at https://github.com/amazon-research/
semantic-parsing-as-abstractive-qa.
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baselines. As we already noted in the introduction,
canonical paraphrasing is not widely applicable in
open-world task-oriented parsing; our QA-based
approach overcomes that limitation. Desai et al.
(2021) applied modifications to the linearized trees
to make them more natural.

Inspired by the recent success of QA-driven ap-
proaches to a wide range of NLP tasks, such as
dialogue state tracking (Gao et al., 2019), named
entity recognition (Li et al., 2020), and multi-task
learning (McCann et al., 2018; Du et al., 2021),
Namazifar et al. (2021) framed semantic parsing as
an extractive QA task. This limits its scope to non-
compositional semantic structures. Our work is
the first to use QA for semantic parsing of arbitrar-
ily nested and complex meaning representations.
Moreover, in contrast to previous approaches, our
formulation usually results in fewer questions.

3 Reducing TOP to Abstractive QA

We now present a general method for reducing
compositional TOP to abstractive QA. Given an
utterance, our goal is to recover its semantic parse
tree by asking questions and parsing the answers
returned by a QA model. For this to succeed, all
questions associated with an input utterance need
to be answered correctly. At a high level, we for-
mulate questions so as to build the required parse
tree in a top-down, left-to-right fashion: We first
ask a question to determine the root node, and then
we recursively proceed towards the leaves. We start
by describing multi-turn QA; the single-turn case
is discussed in Section 3.3.

Each QA instance is a triple consisting of a con-
text, a question, and an answer. We use the parse
tree in Fig. 1 to illustrate the corresponding (multi-
turn) sequence of QA triples shown in Fig. 2. The
context is the utterance provided by the user plus
general information about the domain and/or state
from previous turns; the question corresponds to
a particular node of the parse tree; and the answer
provides the content of that node. We first extract
the top-level intent (get directions), then the corre-
sponding slots (destination), then the value of each
slot (destination is the nearest parking near S Beri-
tania Street), and then we start to recursively repeat
this process on the phrase the nearest parking near
S Beritania Street (by asking what is the intent in-
cluded in that utterance segment). We note that our
system is able to handle negative answers: If there
isn’t a nested intent in an utterance segment, the

Multi-turn QA:
Q: A user may intend to get directions, get distance, get
estimated arrival time, get estimated departure time, get
estimated duration, get road condition information, get
route’s information, get traffic information, get location,
make unsupported navigation, or update directions. A
user said, “Look up directions to the nearest parking near S
Beritania Street.” What did the user intend to do?
A: get directions
Q: The slots for get directions may be locations, ar-
rival datetimes, road conditions to avoid, waypoints,
amounts, paths, sources, travel methods, road condi-
tions, waypoints to avoid, departure datetimes, paths to
avoid, obstructions to avoid, and destinations. A user
said “Look up directions to the nearest parking near S Beri-
tania Street.” The user’s intent is to get directions. What
are the slots?
A: destination
Q: A user said “Look up directions to the nearest parking
near S Beritania Street.” The user’s intent is to get direc-
tions, and the slot is destination. What is the destination?
A: the nearest parking near S Beritania Street
Q: The nested intent in destination may be get school’s
location, get home’s location, get location, get event, and
get workplace’s location. A user said “Look up directions
to the nearest parking near S Beritania Street.” The user’s
intent is to get directions, and the destination is the nearest
parking near S Beritania Street. Is there an intent included
in “the nearest parking near S Beritania Street?”
A: get location
[· · · ]

Single-turn QA:
Q: All possible intents from a user are [...], and slots
could be [...]. A user said, “Look up directions to the
nearest parking near S Beritania Street.” What did the user
intend to do?
A: The user intended to get directions, where destination
is nearest parking near S Beritania Street. The intent for
“nearest parking near S Beritania Street” is to get location,
where location’s category is parking and location modifiers
are near S Beritania Street; nearest. The intent for “near
S Beritania Street” is get location, where location is S
Beritania Street and search radius is near.

Figure 2: Examples of multi-turn QA (top) and single-
turn QA (bottom) for the utterance Look up directions
to the nearest parking near S Beritania Street.

system returns none.

3.1 State Tracking
The triples we have described are processed inde-
pendently from one another. To provide richer in-
formation to the QA model, we include previous an-
swers as additional context (shown in italicized red
font in Fig. 2). We represent a previous question-
answer pair by combining them into a declarative
sentence, and we stack all previous states together.
This essentially encodes all parse-tree ancestors in
natural language, which can potentially help the
QA system resolve ambiguities. For example, the
nested intent in the nearest parking near S Berita-
nia Street could be different depending on whether
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this was a source or a destination.

3.2 Incorporating Domain Metadata
A given domain has predefined semantics, i.e., a
fixed number of intents, each of which has an asso-
ciated set of slots that describe important aspects
of user requests. We incorporate metadata relevant
to the current node as additional context (shown in
blue bold font in Fig. 2). This effectively reduces
the space of possible answers. For instance, while
a domain may have a large number of intents, the
intents that can appear at a particular node (e.g.,
at the root level) may be substantially fewer. And
because we explicitly list all possible intents, the
QA system can simply copy and paste the appro-
priate tokens, which is easier than searching over
the entire vocabulary.

3.3 Single-turn QA vs Multi-turn QA
We note that there is no need to limit ourselves
to one question for every node. For the example
of Fig. 2, for instance, we don’t ask one question
for each child node of IN:GET_LOCATION indi-
vidually (e.g., what is the first/second/third slot);
instead, we simply ask “what are the slots?” and
the answer should be “location modifier, location
category.” Another example is when we ask “what
is the location modifier?”, the answer being “near-
est; near S Beritania Street.”

On the extreme side, we could ask one ques-
tion that would return an answer representing the
entire parse tree, and this becomes somewhat sim-
ilar to canonical paraphrasing (Shin et al., 2021).
However, canonical paraphrasing assumes there is
concrete grammar that specifies a controlled frag-
ment of natural language (all and only the canonical
utterances), which can be used to map sentences
from that fragment into parse trees. That assump-
tion often fails in open-world TOP domains; for
example, when someone asks for directions, the
destination could be expressed by an unbounded
number of phrases (my parent’s house, a restaurant
that satisfies an arbitrary set of constraints, etc.)
that cannot be specified a priori by a closed-form
grammar.

In the single-turn part of Fig. 2, we show how
we compress an entire parse tree into a single QA
triple. The bold blue context is again encoding the
domain’s metadata. From left to right, the answer
explicitly lists the relevant intents, their associated
slots, and the tokens corresponding to the slots in a
top-down direction. We deal with nested intents by

recursively adding new sentences, which start with
the tokens under which the intent is nested.

While our approach is more general than canon-
ical paraphrasing, we still prefer canonicalization
when possible, as the corresponding fragments tend
to be more easily learnable. In the case of Pizza,
for instance, a canonical grammar can be defined
fairly straightforwardly. We illustrate the use of
such canonical utterances in combination with our
QA approach in Fig. 3. For multi-turn QA, we ask
one question for each order in the utterance, and the
answer is the order’s canonical paraphrase. We also
include the previous answers when asking about
the next order, to prevent the QA system from re-
peating the same orders. For single-turn QA, we
ask only one question for all orders. We also in-
clude the canonical paraphrasing formulation for
comparison.

Thus, when canonical representations exist,
single-turn QA and paraphrasing are similar; the
main difference is that our formulation always in-
cludes a context. However, we reiterate that canon-
icalization is often not viable in TOP.

In summary, the general principle guiding the
design of multi-turn interactions is that we first
ask questions about intents, then we ask questions
about their slots and slot values, and then repeat
the process if we detect a nested intent in a slot.
As for single-turn QA, we only ask one question
and ensure that the answer encodes the entire tree.
When canonical grammars exist in a given domain,
they can be used to train single-turn QA systems in
a straightforward way.

We experimentally evaluate the two QA variants
and show how one may be preferred over the other
under different settings.

3.4 Using MSP Objectives

Chada and Natarajan (2021) have shown that fine-
tuning pretrained seq2seq models to perform QA
tasks with too few examples leads to much de-
graded performance, while training a QA model
with a loss function directly aligned with the pre-
training objective performs better. Inspired by
this observation, we explore the following change
to our QA formulation: instead of making QA a
separate downstream task, we treat it as one of
the pretraining tasks—masked span prediction, for
which the models are trained to generate the entire
masked span given one unique mask token (Raffel
et al., 2020). Accordingly, instead of asking the
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ORDER

PIZZAORDER

NUMBER

two

SIZE

large

STYLE

everything

PIZZAORDER

NUMBER

two

SIZE

large

TOPPING

mushrooms

COMPLEX_TOPPING

QUANTITY

extra

TOPPING

cheese

DRINKORDER

NUMBER

six

SIZE

large

DRINKTYPE

cokes

Canonical paraphrasing:
Grammar for drink orders:
I want [number] [size]/[volumn] [drinktype] [container]
Grammar for pizza orders:
I want [number] [size] pizza in the [style] style with [top-
ping1; topping2; ...] with [complex_topping] without
[not_topping1; not_topping2; ...]
Input: “[utterance]”
Output: I want two large pizza in the everything style;
two large pizza with mushrooms with extra cheese; six
large-sized cokes

Multi-turn QA:
Q: A user said: “[utterance]” What order did the user place?
Q′: A user said: “[utterance]” The user ordered [MASK].
A: two large pizza in the everything style
Q: A user said: “[utterance]” What order did the user place
in addition to two large pizza in the everything style?
Q′:: A user said: “[utterance]” The user ordered [MASK]
in addition to two large pizza in the everything style.
A: two large pizza with mushrooms with extra cheese
Q: A user said: “[utterance]” What order did the user place
in addition to two large pizza in the everything style and
two large pizza with mushrooms with extra cheese?
Q′:: A user said: “[utterance]” The user ordered [MASK]
in addition to two large pizza in the everything style and
two large pizza with mushrooms with extra cheese.
A: six large-sized cokes
Q: A user said: “[utterance]” What order did the user place
in addition to two large pizza in the everything style and
two large pizza with mushrooms with extra cheese and six
large-sized cokes?
Q′:: A user said: “[utterance]” The user ordered [MASK]
in addition to two large pizza in the everything style and
two large pizza with mushrooms with extra cheese and six
large-sized cokes.
A: none

Single-turn QA:
Q: A user said: “...” What orders did the user place?
Q′:: A user said: “...” The user ordered [MASK].
A: The user ordered two large pizza in the everything style;
two large pizza with mushrooms with extra cheese; six
large-sized cokes

Figure 3: Parse tree, canonical paraphrasing formula-
tion, multi-turn, and single-turn QA formulations for the
utterance “i would like two large pizzas with everything
and two large pizzas with mushrooms and extra cheese
and four large cokes” in the Pizza dataset. The Q′ ques-
tions are used for training with the MSP (masked span
prediction) objective.

model questions and having it generate arbitrary
answers, we rephrase the question-answer pair as a
declarative sentence where the answer is masked.
Thus, the model now has to denoise and recover the
masked segment. We show an example of this ap-
proach in Fig. 3. The Q’s are the original questions,
whereas the primed Q’s in red are the declarative

sentences with the answers masked out. The an-
swers to both Q’s and primed Q’s are the same, as
mask tokens cover the exact answers.

3.5 Converting Answers to Parse Trees

Single-turn QA. In single-turn QA, each sen-
tence of the answer concerns up to a fixed number
of levels in the parse tree. Take the Topv2 instance
in the bottom part of Fig.2 as a running example,
where each sentence contains three levels: The first
level is an intent node, the second level is its slots,
and the third level is the value of each slot. In
the first sentence, which always corresponds to the
root intent, we take what follows the phrase “The
user wants to” as the intent, in the part before the
first comma; the rest of the sentence is of the form
“where S is V ”, where S is the slot and V is the
value. We note that one slot could have multiple
values separated by semicolons, and for each value
we create one slot node. In the case where an intent
node doesn’t have slot children, the sentence sim-
ply stops after the first part. To expand subsequent
sentences into tree nodes, we make these sentences
start with “The intent in [subutterance] is”, so we
can traverse the parse tree to find the “[subutter-
ance]” node and expand the tree from there.

Multi-turn QA. In the multi-turn model, recon-
structing the parse tree is more straightforward.
We categorize all questions into three groups: the
first asking the intent for a (sub-)utterance, the sec-
ond asking the slots that appear in an intent, and
the third asking for the value given to a slot. We
parse the questions for an utterance sequentially
and identify the group to which each question be-
longs. When the question asks for the top-level
intent, we build the root node. When it asks for
the intent of a sub-utterance, we traverse the parse
tree to look for the leaf node containing the exact
text and add an intent child node (with the text as
a node attribute) from there. For a question from
the second group, we find the intent node whose
attribute has the same sub-utterance and append
the slots as its children. When the question asks
for a slot value, we traverse the parse tree again,
find which slot node they belong to, and add it as a
child node.

A final note for both single- and multi-turn QA:
When we detect invalid entities generated by the
QA models, we stop parsing and simply count such
an instance as an incorrect output.
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4 Experiments

We evaluate our method against two state-of-the-
art seq2seq techniques, one generating linearized
parse trees and the other generating canonical para-
phrases. We chose Topv2 and Pizza because they
are the only two task-oriented datasets we are aware
of with nested meaning representations that cannot
be produced by slot-filling approaches. We investi-
gate both multi- and single-turn QA. In the former,
a question aims to recover one or several nodes in
the parse tree; in single-turn QA, we only ask one
question to reconstruct the entire tree. Additionally,
we perform ablation analysis to evaluate the contri-
bution of each component, as described in Sec. 3.
We show that our method achieves superior perfor-
mance, particularly on those TOPv2 utterances that
have more nested semantics.

4.1 Datasets

The Topv2 Dataset. The Topv2 dataset (Chen
et al., 2020) is a collection of queries produced by
crowdsourced workers and intended for smart voice
assistants. Topv2 has compositional queries with
hierarchical meaning representations and extends
the original TOP dataset (Gupta et al., 2018) with
six additional domains. We present statistics for
each domain in Table 1. The eight domains vary
widely, including the number of samples (ranging
from 13k to 31k), the number of slots (from 5 to
33), and the portion of flat utterances. Accordingly,
when we convert Topv2 instances to multi-turn
QA instances, the average number of questions per
instance varies a lot across the domains. We test our
QA approach on Topv2 under the full-data setting
for all domains, and select four domains to study in
a few-shot setting, with only 10 samples per intent
and slot (10SPIS).

The Pizza Dataset. Pizza is a new TOP
dataset (Arkoudas et al., 2021) consisting of com-
plex utterances that order pizzas and drinks. Pizza
consists of 2.4M training examples that are syn-
thetically generated from a CFG, along with 348
dev examples and 1357 test examples generated
and annotated by MTurk workers. Although the
training set is large, we focus on few-shot settings
with 30, 50, and 100 examples randomly drawn
from the dev set. The low-resource setting is in-
deed challenging—the dev set has only 107 unique
slot values, whereas the test set has 180, requiring
models to generalize well.

4.2 Evaluation Metric

We use a standard metric for evaluating TOP per-
formance: unordered exact match accuracy (abbre-
viated as EM), which does a node-to-node compari-
son between the generated parse tree and the golden
parse tree, modulo sibling order. EM doesn’t take
partially correct parses into account, so given a
reference and a hypothesis, EM is either 0 or 1.

4.3 Implementation Details

We use the T5-large model (Raffel et al., 2020) as
the backbone of our QA framework. We choose a
learning rate between 5e-6 and 5e-4, a batch size
from {32, 64, 96, 128} for the full-data setting, and
a batch size from {8, 16, 24} for the few-shot set-
ting. We search for the best set of hyperparameters
with 16 random trials for each configuration. With
full data, we train single-turn models for 10 epochs
and multi-turn models for 30 epochs to select the
best-performing checkpoint on validation. For few-
shot learning, we train for 3000 steps and make a
checkpoint every 100 steps. We used 8 Tesla V100
GPUs with 32 GB memory for all our training.

4.4 Baselines

We consider two baselines. The first applies a
seq2seq model trained on logical forms (LFs) ex-
pressed in the “TOP-decoupled format,” which re-
moves from the parse tree all text that does not
appear in a leaf slot (Aghajanyan et al., 2020). For
this baseline, we use the BART-Large model de-
scribed by Lewis et al. (2020), because this model
is commonly used for TOP (Rongali et al., 2020;
Aghajanyan et al., 2020; Shrivastava et al., 2021),
and we also use T5-large, because that is the back-
bone of our QA implementation. This allows us
to eliminate any benefit that may be derived from
the architecture itself. The second baseline method
we consider generates canonical paraphrases of the
original utterances (Shin et al., 2021), and we use
T5-large to allow for a direct comparison.

Note that for Topv2 we only compare our
method against the first baseline, since that dataset
doesn’t have a canonical representation. Pizza does,
so for that dataset we compare our method against
both baselines (LFs in Top-decoupled notation and
canonical paraphrases). Since we’re not aware
of any existing results on the baseline methods
for individual Topv2 domains and for Pizza, we
implemented both with HuggingFace (Wolf et al.,
2020) and performed hyperparameter tuning with
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domain #inst #int #slt flat% depth #q/inst
alarm 30488 8 9 84% 2.16 3.28
event 13160 11 17 80% 2.37 6.55
message 14602 12 27 84% 2.23 3.97
music 17320 15 9 100% 1.98 2.81
navigation 30044 17 33 57% 2.68 6.18
reminder 26133 19 32 79% 2.45 7.67
timer 17392 11 5 96% 2.00 2.39
weather 31403 7 11 100% 1.93 3.16

Table 1: Domain statistics for Topv2. #q/inst is the aver-
age number of questions per utterance in multi-turn QA.
Navigation and reminder are two most nested domains.
Music and weather have completely flat utterances.

the same computation budget given to our method.

4.5 Main Results

We first present Topv2 results for both full-data
and few-shot settings. The baseline methods, la-
beled as BART/T5 LF, are trained on linearized
Top-decoupled trees. We include four variants of
the QA approach: ST QA and MT QA, as well as
MSP ST QA and MSP MT QA (the same as ST
and MT QA, except that the models are trained
on the the masked span prediction objective). We
report the full-data EM scores in Table 2 and the
10SPIS EM scores in Table 3. The relative gain is
computed between the best QA approach and the
best baseline approach in each domain.

In the full-data setting, all four QA variants out-
perform the baselines, with MSP ST QA having a
slight overall edge, exceeding the best baseline
method by 3.07 absolute points. We have the
largest relative gain (6.19%) in reminder. In gen-
eral, we see smaller improvements in the flatter
domains: music, weather, timer, alarm are the four
domains with the smallest semantic-tree depths,
and relative gains for these domains are below 3%.

We see that different QA approaches are close
to each other when we have enough data; ST QA
performs only marginally better than MT QA. How-
ever, ST QA has shorter latency and may therefore
be practically preferable.

We choose four representative domains to per-
form low-resource experiments. For 10SPIS, MSP
MT QA is a clear winner over the other approaches,
improving the best baseline method by 17.16 ab-
solute points. ST QA has the worst performance.
Our explanation is that ST QA requires the genera-
tion of long texts (longer than the Top-Decoupled
LFs), and it is too challenging to learn a complex
new task with only 10 instances per intent and slot.

Therefore, in a few-shot setting, the benefit of hav-
ing short answers is much clearer. Additionally,
it is worth noting that having an objective that is
well-aligned with the pretraining stage provides a
significant benefit. It improves MT QA by nearly 5
absolute points on average, and it is a game changer
for ST QA, in that with this one modification ST
QA achieves competitive performance in three out
of four domains.

We also test whether the inclusion of previous
answers and metadata into the context helps in few-
shot scenarios (the difference may be negligible
with full data). We remove answers to previous
questions (“w/o state”) and metadata (“w/o meta-
data”) from MT QA and report the scores obtained
from both changes. The results suggest that both
state and metadata make strong contributions to
performance. Excluding prior answers has a more
negative impact on average.

We note that our QA approach is very competi-
tive against state-of-the-art results in the literature.
For instance, the best reported result for 10SPIS
reminder is 61.47 (Chen et al., 2020)2, which was
achieved by first pretraining the model with six
source domains. We improved that result by 9 ab-
solute points while training only with the target
domain’s data.

We next report results on Pizza, where we com-
pare our approach against both LF-trained base-
lines (with LFs expressed in TOP-decoupled nota-
tion) and canonical paraphrases. Table 4 summa-
rizes results for three low-resource settings. We
obtain the greatest improvement with 30 training
examples, for a relative gain exceeding 8%. Consis-
tently with the Topv2 results, as more training ex-
amples become available the gap between the QA
approaches and the baselines shrinks. Even though
T5 Canonical and ST QA are similar, the results
show that including context information about an
order is beneficial, especially when there are fewer
training examples. MT QA has a slight edge over
ST QA here, as asking more questions mitigates
the burden of generating longer and more complex
sequences.

4.6 Additional Analysis: Depth vs. Accuracy

We investigate how our approach performs on full-
data Topv2 as a function of semantic depth. We
chose to perform the analysis on navigation and

2We only mention reminder because Chen et al. (2020)
don’t report 10SPIS results for the other domains.
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Alarm Event Message Music Navigation Reminder Timer Weather Average
BART LF 88.68 85.66 92.73 80.35 83.08 82.66 77.91 89.81 85.11
T5 LF 88.58 85.12 88.85 82.60 82.77 78.39 83.46 89.95 84.97
ST QA 90.38 88.58 95.44 82.83 85.35 84.98 83.61 91.94 87.89
MT QA 90.05 88.43 96.81 83.60 82.07 87.72 81.84 92.22 87.84
MSP ST QA 90.27 88.88 95.07 82.95 86.25 86.35 84.05 91.62 88.18
MSP MT QA 90.17 88.43 96.81 84.97 82.78 87.78 81.91 92.34 88.15
Relative Gain 1.79% 3.76% 4.40% 2.87% 3.82% 6.19% 0.71% 2.82% 3.29%

Table 2: Topv2 results with full data. MSP refers to the model trained on masked span prediction. The relative gain
for each domain is computed between the best QA variant and the best baseline method. The average is computed
across eight domains. The best numbers are in bold.

Alarm Navigation Reminder Weather Average
BART LF 45.82 44.89 51.46 62.75 51.23
T5 LF 59.34 37.04 46.81 57.47 50.17
ST QA 52.54 28.39 48.58 52.25 45.44
MT QA 60.57 55.56 69.72 81.89 66.94

w/o state 50.22 48.18 69.65 78.95 61.75
w/o metadata 52.19 52.87 68.81 79.53 63.35

MSP ST QA 65.91 30.46 58.74 74.35 57.37
MSP MT QA 62.13 60.16 70.48 80.78 68.39
Relative Gain 11.1% 34.0% 37.0% 30.5% 28.1%

Table 3: Topv2 results in the 10SPIS setting. For MT
QA, we include results obtained by removing previous
answers from the context (“w/o state”) and by removing
domain metadata.

30 50 100
BART LF 65.67 72.00 83.51
T5 LF 74.06 77.82 86.07
T5 Canonical 71.17 77.67 87.47
ST QA 77.30 81.58 89.75
MT QA 66.96 79.35 85.98
MSP ST QA 77.45 83.14 88.34
MSP MT QA 80.01 83.99 91.74
Relative gain 8.03% 7.93% 4.96%

Table 4: Pizza results in three few-shot settings (training
with 30, 50, and 100 examples).

D L #inst LF EM QA EM Rel. Gain

Navigation

1 5.35 790 84.56 82.27 -2.71%
2 8.60 2689 86.28 91.56 6.12%
3 9.58 569 88.40 90.15 1.98%
4 12.09 1905 77.80 81.67 4.97%
6 12.46 115 46.96 50.43 7.39%

Timer
1 5.48 190 76.84 75.26 -2.06%
2 5.70 3746 86.28 85.69 -0.68%
4 7.82 310 53.87 71.29 32.34%

Table 5: Topv2 full-data result analysis per depth level
for navigation and timer. The average utterance length
(L) and the number of test instances (#inst) are shown
for each depth (D). LF EM is from the best baseline
method and QA EM is from the best QA method.

timer because navigation has the greatest average
tree depth, and we want to explain why our method
gave the lowest improvements on timer.

We present the breakdown in Table 5, where

LF EM shows EM scores from the best baseline
method generating TOP-decoupled trees, and QA
EM shows EM scores from the best QA variant. For
utterances with shallow semantics, generating TOP-
decoupled trees outperforms QA; but as we move
towards deeper semantic structures, the benefit of
using a more naturalized representation becomes
evident. Indeed, for both navigation and timer, QA
performs best at the deepest level. Thus, for prac-
tical purposes, when the goal is to build a system
that achieves high accuracy across all utterance
groups, it is worth considering a combination of
conventional LF generation for shallow utterances
and a QA model for more complex utterances. We
define the length of an utterance to be the number
of words the utterance has. Table 5 lists the aver-
age utterance length for each depth, and shows that
input size is a good proxy for semantic complexity
(and could thus be used to quickly decide between
the two approaches).

5 Conclusion

We have presented a reduction of compositional
task-oriented parsing to abstractive QA, whereby
parse tree nodes are recovered by posing queries to
a QA model. We have also proposed to train QA
models with the MSP (masked span prediction)
objective, to better leverage the massive amount of
linguistic knowledge gained during pretraining. We
experimentally evaluated single-turn QA and multi-
turn QA on two public datasets, both in full-data
and in few-shot settings, with and without MSP,
and showed that they consistently outperform a
number of powerful baseline techniques, including
canonical paraphrasing, in both settings. The MSP
variants perform best on average, with particularly
dramatic improvements obtained in the few-shot
setting.
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Abstract

We present DR.DECR (Dense Retrieval
with Distillation-Enhanced Cross-Lingual
Representation), a new cross-lingual infor-
mation retrieval (CLIR) system trained using
multi-stage knowledge distillation (KD).
The teacher of DR.DECR relies on a highly
effective but computationally expensive
two-stage inference process consisting of
query translation and monolingual IR, while
the student, DR.DECR, executes a single
CLIR step. We teach DR.DECR powerful
multilingual representations as well as CLIR
by optimizing two corresponding KD ob-
jectives. Learning useful representations of
non-English text from an English-only re-
triever is accomplished through a cross-lingual
token alignment algorithm that relies on the
representation capabilities of the underlying
multilingual encoders. In both in-domain
and zero-shot out-of-domain evaluation,
DR.DECR demonstrates far superior accuracy
over direct fine-tuning with labeled CLIR data.
It is also the best single-model retriever on
the XOR-TyDi benchmark at the time of this
writing.

1 Introduction

Multilingual models are critical for the democra-
tization of AI. Cross-lingual information retrieval
(CLIR) (Braschler et al., 1999; Shakery and Zhai,
2013; Jiang et al., 2020; Asai et al., 2021a), for ex-
ample, can find relevant text in a high-resource lan-
guage such as English even when the query is posed
in a different, possibly low-resource, language. In
this work, we develop useful CLIR models for this
constrained, yet important, setting where a retrieval
corpus is available only in a single high-resource
language (English in our experiments).

A straightforward solution to this problem could
use machine translation (MT) to translate the query
into English, and then perform English IR (Asai

∗ Equal contribution.

et al., 2021a). While such a two-stage process can
produce reasonably accurate predictions, an alter-
native end-to-end approach that can tackle the prob-
lem purely cross-lingually, i.e., without involving
MT for inference, would clearly be more efficient
and cost-effective. Pre-trained multilingual masked
language models (PLMs) such as multilingual BERT

(Devlin et al., 2019) or XLM-RoBERTa (XLM-R)
(Conneau et al., 2020) can provide the foundation
for such a one-step solution, as simply fine-tuning
a PLM with labeled CLIR data would yield a cross-
lingual retriever (Asai et al., 2021b).

Here we first run an empirical evaluation of these
two approaches on a public CLIR benchmark (Asai
et al., 2021a), which involves both in-domain and
zero-shot out-of-domain tests. We use ColBERT

(Khattab and Zaharia, 2020; Khattab et al., 2021)—
a state-of-the-art (SOTA) neural IR model that has
been shown to outperform other recent methods
such as DPR (Karpukhin et al., 2020)—as our IR

architecture and XLM-R as the underlying PLM for
both methods (§2). Results indicate that the MT-
based solution can be vastly more effective than
direct EN + CLIR fine-tuning, with observed differ-
ences of 22.2–28.6 Recall@5k-tokens (§3). Cru-
cially, the modular design of the former allows it to
leverage additional English-only training data for
its IR component, providing significant boosts to
its performance.

The above findings lead naturally to the cen-
tral research question of this paper: Can a high-
performance CLIR model be trained that can op-
erate without having to rely on MT? To answer
the question, instead of viewing the MT-based
approach as a competing one, we propose to
leverage its strength via knowledge distillation
(KD) into an end-to-end CLIR model, which we
call DR.DECR (Dense Retrieval with Distillation-
Enhanced Cross-lingual Representation). KD (Hin-
ton et al., 2014) is a powerful supervision technique
typically used to distill the knowledge of a large
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teacher model about some task into a smaller stu-
dent model (Mukherjee and Awadallah, 2020; Turc
et al., 2020). Here we propose to use it in a slightly
different context, where the teacher and the student
retriever are identical in size, but the former has su-
perior performance simply due to utilizing MT out-
put and consequently operating in a high-resource
and low-difficulty monolingual environment.

We run two independent KD operations (§2.2).
One directly optimizes an IR objective by utiliz-
ing labeled CLIR data: parallel questions (English
and non-English) and corresponding relevant and
non-relevant English passages. The teacher and the
student, DR.DECR, are shown the English and non-
English versions of the questions, respectively; the
training objective is for DR.DECR to match the soft
query-passage relevance predictions of the teacher.
The second KD task is representation learning from
parallel text, where DR.DECR learns to encode a
non-English text in a way that matches the teacher’s
encoding of the aligned English text, at the token
level. The cross-lingual token alignments needed to
create the training data for this task are generated
using a greedy alignment process, which exploits
the multilingual representation capabilities of the
underlying PLM encoders.

In our evaluation on the XOR-TyDi benchmark
(Asai et al., 2021a), DR.DECR outperforms the
fine-tuned ColBERT baseline by 25.4 (in-domain)
and 14.9 (zero-shot) Recall@5k-tokens, recovering
much of the performance loss from the MT-based
solution. It is also the best single-model IR system
on the XOR-TyDi leaderboard1 at the time of this
writing. Ablation studies show that each of our two
KD processes contribute significantly towards the
final performance of DR.DECR.

Our contributions can be summarized as follows:
(1) We present an empirical study of the effective-
ness of a SOTA IR method (ColBERT) on cross-
lingual IR with and without MT, (2) We propose a
novel end-to-end cross-lingual solution that uses
knowledge distillation to learn both improved text
representation and retrieval, (3) We demonstrate
with a new cross-lingual alignment algorithm that
distillation using parallel text can strongly augment
cross-lingual IR training, and (4) We achieve new
single-model SOTA results on XOR-TyDi.

1https://nlp.cs.washington.edu/xorqa/

2 Method

Here we first describe our base IR architecture
(ColBERT) and then the proposed KD-based cross-
lingual training algorithms.

2.1 The ColBERT Model
ColBERT (Khattab and Zaharia, 2020) employs a
transformer-based encoder to separately encode
the input query and document, followed by a lin-
ear compression layer. Each training instance is
a <q, d+, d−> triple, where q is a query, d+ is a
positive (relevant) document and d− is a negative
(non-relevant) document. A relevance score Sq,d
for the pair (q, d) is first computed using Eq. 1,
where d ∈ {d+, d−} and Eqi and Edj are the out-
put embeddings of query token qi and document
token dj , respectively. For a given training triple,
a cross-entropy loss is minimized for the softmax
over Sq,d+ and Sq,d− .

Sq,d :=
∑

i∈[|q|]
maxj∈[|d|]Eqi · ETdj (1)

For inference, the embeddings of all documents
are calculated a priori, while the query embeddings
and the relevance score are computed at runtime.

2.2 Knowledge Distillation
Our teacher and DR.DECR are both ColBERT

models that fine-tune the same underlying mul-
tilingual PLM for IR. The teacher is first trained
with all-English triples using the procedure of
§2.1. The goal of the subsequent KD training is
to teach DR.DECR to reproduce the behavior of
this teacher when it sees non-English translations
of the teacher’s English questions.

We apply KD at two different stages of the
ColBERT workflow: (a) relevance score computa-
tion (Sq,d in Eq. 1), and (b) encoding (e.g., Eqi).
Figure 1 depicts (a) in detail, where training mini-
mizes the KL divergence between the DR.DECR’s
and the teacher’s output softmax distributions (with
temperature) over Sq,d+ and Sq,d− .

Labeled training data for CLIR are scarce,
whereas MT, being a more established area of re-
search, has produced a large amount of parallel text
over the years. We seek to exploit existing paral-
lel corpora in our second KD training, where we
teach DR.DECR to compute representations of non-
English texts that closely match the teacher’s rep-
resentations of aligned English texts. Importantly,
since ColBERT computes a single vector for each
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Distillation
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Figure 1: Relevance score distillation. The teacher is shown all-English triples while the student’s (DR.DECR)
query input is non-English. Training minimizes the student’s KL divergence from the teacher’s output softmax
distribution over Sq,d+ and Sq,d− (τ is the temperature).

Input:
vT : Teacher’s representation of tokenized English

(EN) text.
vS : Student’s representation of parallel non-EN text.
Output:
v
(a)
T : Reordered teacher output embeddings to reflect
position-wise alignment with vS .

Procedure:
DM ← cosine_distance(vT , vS) //matrix
//get index pairs to swap in vT
swaps← [ ]
for row in rows(DM) do

//loop runs |vT | times
minV alue← min(DM)
i, j ← index_of(minV alue)
//swap rows i and j
DM [[i, j], :] = DM [[j, i], :]
//set row j and column j to +∞
DM [j, :]← +∞
DM [:, j]← +∞
swaps.append((i, j))

end
//swap teacher’s output tokens

v
(a)
T ← vT

for s in swaps do
v
(a)
T [s[0], s[1]]← vT [s[1], s[0]]

end

Algorithm 1: Cross-lingual alignment.

individual input token (i.e., a PLM vocabulary item)
and not for the entire input text, our algorithm must
support distillation at the token level.

To achieve this, we design an unsupervised
cross-lingual token alignment algorithm. Assuming
(ne1, ..., neS) to be the ordered tuple of tokens in a
non-English text and (e1, ..., eT ) the corresponding
tuple from the parallel English text, each iteration
of this algorithm greedily picks the next (nei, ej)
pair with the highest cosine similarity of their out-
put embeddings. Algorithm 1 implements this idea
by repositioning the teacher’s tokens so that they
are position-wise aligned with the corresponding
DR.DECR tokens. Note that the design choice of

KD	over	indices KD	over	aligned	tokens

Teacher StudentStudent

where where 在哪里

XLM-R	(S)

Linear	Trans.

法国的首都在哪里

XLM-R	(S)

Linear	Trans.

Where	is	the	
capital	of	France?

XLM-R	(T)

Linear	Trans.

Where	is	the	
capital	of	France?

Figure 2: Distillation for representation learning. The
student (DR.DECR) learns to encode both English
and non-English tokens in context that matches the
teacher’s output embeddings for corresponding English
tokens.

fine-tuning a common multilingual PLM for the
teacher and the DR.DECR, even though the former
is tasked with only handling English content, is key
for this algorithm as it relies on the PLMs’ multilin-
gual representation capabilities. See Appendix A.1
for details on our parallel corpora used for training.

In addition to cross-lingual alignment, we also
perform a similar KD procedure in which both the
teacher and the DR.DECR are shown the same En-
glish text. This step is useful because ColBERT uses
a shared encoder for the query and the document,
necessitating a student that is able to effectively
encode text from both English documents and non-
English queries.

Using the alignment information, we train
DR.DECR by minimizing the Euclidean distance
between its representation of a token (English or
non-English) and the teacher’s representation of
the corresponding English token. Figure 2 shows
the KD process for representation learning.
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System R@5kt R@2kt
With target domain supervision:

ColBERTCL: ft(XOR) 32.9 23.9
ColBERTEN+CL: ft(NQ)→ ft(XOR) 47.7 38.1
Teacher: MT + ColBERTEN 76.3 70.5
DR.DECR: ColBERTEN+CL → KDPC → KDXOR 73.1 66.0

Zero-shot:
ColBERTCL: ft(MKQA) 23.6 16.7
ColBERTEN+CL: ft(NQ)→ ft(MKQA) 46.9 38.7
Teacher: MT + ColBERTEN 69.1 62.7
DR.DECR: ColBERTEN+CL → KDPC → KDMKQA 61.8 54.3

Table 1: Performance on the XOR-TyDi test set. ft: fine-tuning; CL: cross-lingual; NQ: the Natural Questions train
set; PC: parallel corpus; XOR: the XOR-TyDi train set. Direct fine-tuning of ColBERT with IR triples underperforms
MT + English IR by 22.2–32.4 points; the proposed KD-based methods close this gap by 65.0%–88.8%.

3 Experiments

3.1 Setup
Our primary CLIR dataset is XOR-TyDi (Asai et al.,
2021a), which contains examples in seven typo-
logically diverse languages: Arabic (Ar), Bengali
(Bn), Finnish (Fi), Japanese (Ja), Korean (Ko),
Russian (Ru) and Telugu (Te). For standard in-
domain experiments, we use a train-dev-test split
of this dataset. There are 2,113 questions in the
test set. For zero-shot experiments, we use the
MKQA (Longpre et al., 2020) dataset for train-
ing and validation, and the following shared lan-
guages in the XOR-TyDi test set for evaluation:
Ar, Fi, Ja, Ko and Ru. Both training sets contain
English questions and their human translations in
the other languages, their short answers and corre-
sponding relevant (positive) and non-relevant (neg-
ative) Wikipedia snippets. Additionally, we use
training examples from the Natural Questions (NQ)
dataset (Kwiatkowski et al., 2019) for English pre-
training of the baseline model. Further details on
data pre-processing and the final training sets are
provided in Appendix A.1.

The CLIR baseline used in our experiments is
ColBERT with an underlying XLM-R PLM, which
we iteratively fine-tune first on English and then
on cross-lingual IR triples for optimal performance.
Our DR.DECR model is initialized with the pa-
rameter weights of this baseline, and is further
fine-tuned using the two KD objectives. The KD

teacher is a ColBERT model fine-tuned with only
English triples, as stated before. During evaluation,
it is given machine-translated questions that come
with the XOR-TyDi dataset. Appendices A.1 and
A.2 contain additional details on the supervision
of these models and the optimal hyperparameter
configurations.

We evaluate using Recall at t tokens for t ∈

Language Baseline DR.DECR
With target domain supervision:
Te 63.0 83.2
Bn 53.3 85.9
Fi 49.4 69.4
Ja 39.4 65.1
Ko 44.9 68.8
Ru 39.2 68.8
Ar 44.3 70.2
Avg 47.7 73.1
Zero-shot:
Fi 55.4 66.9
Ja 44.0 58.5
Ko 48.4 62.8
Ru 41.4 57.8
Ar 45.3 61.8
Avg 46.9 61.8

Table 2: R@5kt scores for in-domain and zero-shot
evaluation on individual languages. Baseline for the
target domain experiment: ColBERTEN+CL: ft(NQ)
→ ft(XOR). Baseline for the zero-shot experiment:
ColBERTEN+CL: ft(NQ)→ ft(MKQA)

{2000, 5000}, i.e., R@2kt and R@5kt (Asai et al.,
2021a), which compute the fraction of questions for
which the ground truth short answer is contained
within the top t tokens of the retrieved passages.

3.2 Evaluation

Table 1 compares the performance of our different
models. First, looking at the R@5kt results, we
observe that pre-training the baseline model with
English IR triples from the NQ train set (rows 2,
6) substantially boosts its performance in both in-
domain and zero-shot settings. However, it still un-
derperforms the MT + English IR pipeline (rows 3,
7) by 28.6 and 22.2 points, respectively. By distill-
ing first with the parallel corpus (for representation
learning) and then with the IR triples (for CLIR),
DR.DECR (row 4) yields an improvement of 25.4
points over the baseline model in in-domain evalua-
tion, which, quite impressively, is within 3.2 points
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System R@5kt R@2kt
With target domain supervision:

DR.DECR: ColBERTEN+CL → KDPC → KDXOR 73.1 66.0
ColBERTEN+CL → KDPC 68.6 60.6
ColBERTEN+CL → KDXOR 63.6 56.6
ColBERTEN+CL 47.7 38.1

Zero-shot:
DR.DECR: ColBERTEN+CL → KDPC → KDMKQA 61.8 54.3
ColBERTEN+CL → KDPC 55.9 47.7
ColBERTEN+CL → KDMKQA 49.3 40.9
ColBERTEN+CL 46.9 38.7

Table 3: Results of the ablation study. KD with parallel corpus (KDPC) and IR triples (KDXOR) both play key roles
in our DR.DECR model. Interestingly, the former has a greater impact on the model’s performance.

of the teacher’s score. A sizable gain of 14.9 points
is also observed in zero-shot evaluation (row 8).
Finally, the R@2kt numbers show a very similar
pattern.

Table 2 shows the performance (R@5kt) of
DR.DECR and the baseline on each individual
language: the former outperforms the latter both
with and without target domain supervision, yield-
ing large gains across all languages. These results
demonstrate the robustness of our approach, which
stems from combining the individual strengths of
MT, English IR and KD in a single model.

3.3 Leaderboard Submission

The DR.DECR model trained on the XOR-TyDi
training set, shown in Table 1 row 4, is the best
single-model retriever on the XOR-TyDi leader-
board2 at the time of this writing. Since our parallel
corpus extraction process relies on in-house source
code that is not publicly available, we submitted to
the “Systems using External APIs” category. Cru-
cially, all other submitted systems under the Ex-
ternal APIs category rely on MT at decoding time,
avoiding which is one of the primary goals of our
work. We also created parallel corpora purely from
public available sources.3 Our model distilled with
these instances also achieved top position on the
white-box systems leaderboard of XOR-TyDi.

3.4 Ablation Study

We experiment with two more student models, one
distilled with only CLIR examples and the other
with only the parallel corpus. As the results in Ta-
ble 3 show, each has a substantial impact on system
performance. Interestingly, although the parallel
corpus does not provide any IR signal, it contributes
more to the model’s accuracy. These results also

2https://nlp.cs.washington.edu/xorqa/
3https://opus.nlpl.eu

confirm that our cross-lingual alignment algorithm
does indeed produce useful alignments.

4 Conclusion

We train highly effective end-to-end cross-lingual
IR models by distilling the knowledge of an En-
glish retriever. We propose separate processes to
teach IR and multilingual text representations, and
present for the latter a cross-lingual alignment al-
gorithm that only relies on the underlying masked
language model’s multilingual representation ca-
pabilities. Supervised and zero-shot evaluations
show that our model recovers much of the perfor-
mance lost due to operating in an efficient cross-
lingual mode. Our KD-based method also yields
new single-model SOTA results on the XOR-TyDi
benchmark. Future work will explore IR on unseen
languages and evaluation on additional datasets.

5 Ethics

5.1 Limitations
We show the effectiveness of multi-stage knowl-
edge distillation and cross-lingual token alignment
in training a cross-lingual information retrieval sys-
tem. We believe that it can be transferred to more
datasets and languages, but here we only show
proof of concept for the XOR-TyDi and MKQA
datasets and the seven languages mentioned in the
paper.

5.2 Risks
The intent of this work is to develop a new method
for high-performance cross-lingual information re-
trieval. It is possible that a malicious user could
try to attack the system by providing poor or offen-
sive training data. We do not support it being used
in such a manner. The risks of our system are the
same as other NLP systems and we do not believe
we introduce any additional risk.
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A Appendix

A.1 Data Pre-processing

The official XOR-TyDi training set consists of
15,221 natural language queries, their short an-
swers, and examples of corresponding relevant
(positive) and non-relevant (negative) Wikipedia
snippets. For most queries, there are one positive
and three negative examples. We remove the 1,699
(11%) questions that have no answers in the dataset.
A random selection of 90% of the remaining exam-
ples is used for training and the rest for validation.

Following the original XOR-TyDi process, we
also obtain additional training examples by running
BM25-based retrieval against a Wikipedia corpus
and using answer string match as the relevance cri-
terion. These examples are added to the original set
to obtain three positive and 100 negative examples
per query. As the blind test set for final evaluation,
we use the 2,113 questions in the official XOR-
TyDi dev set.

Our monolingual (English) training data contain-
ing about 17.5M triples are derived from the third
fine-tuning round (ColBERT-QA3) of ColBERT

relevance-guided supervision (Khattab et al., 2021)
with NQ examples (Kwiatkowski et al., 2019).

The parallel corpus used in our KD experiments
(Table 1) for representation learning is constructed
from three different sources: (1) an in-house crawl
of Korean, (2) LDC releases (Arabic), and (3)
OPUS.4 The corpus has a total of 6.9M passage
pairs which include .9M pairs in Telugu and 1M
pairs in each of the other six languages. The parallel
corpus used in our white-box system was created
purely from OPUS. The statistics and sources are
shown in the table below.

Language Amount (M) Source
Ja 0.9 WikiMatrix
Ru 1.7 WikiMatrix
Ar 1.0 WikiMatrix
Te 0.7 WikiMatrix + CCAligned
Bn 1.3 WikiMatrix + CCMatrix
Fi 1.4 WikiMatrix + CCMatrix
Ko 1.3 WikiMatrix + CCMatrix

Table 4: Statistic of parallel corpus used in the XOR-
TyDi white-box system.

For zero-shot experiments, the training examples
are derived from MKQA (Longpre et al., 2020),
which consists of 10k queries selected from NQ,
human translated into 25 additional languages, five

4https://opus.nlpl.eu

of which overlap with XOR-TyDI: Ar, Fi, Ja, Ko
and Ru. We construct training data (triples) from
2,037 queries translated into these five languages
for which there are corresponding positive and neg-
ative passages in the NQ dataset. For each of the
five languages, there are 519k triples for a total of
2.6M triples. We set aside 200 queries translated
into the 5 languages for a total of 1,000 queries as
a development set. We remove all MKQA queries
from the NQ training data for these experiments.

The CLIR baseline for our experiments is a
ColBERT model with an XLM-R PLM, which we
first fine-tune with 17.5M NQ examples for one
epoch and then 2.9M XOR-TyDi triples for five
epochs. Our DR.DECR model is initialized with the
parameter weights of the baseline, and is further
fine-tuned using the two KD objectives. The mono-
lingual teacher model—also a ColBERT model run-
ning on top of the pre-trained XLM-R—is trained
with only the 17.5M NQ triples for one epoch.

A.2 Model Selection
All the models were trained with single Nvidia
A100 GPU. The longest training time for a single
model was less than 200 hours. Following are the
final hyperparameter configurations of our different
models. They were selected based on the respective
validation sets performance.

A.3 Qualitative Analysis
To find out what exact weaknesses of the base-
line model the proposed method helps to address,
we examine thirty random zero-shot test examples
where the baseline fails to retrieve the correct an-
swer in the top 5k tokens, but DR.DECR succeeds
within the top 3 passages. We show four examples
in Table 6 with human translations of the original
non-English questions. The vast majority of our
observed cases are related to weak cross-lingual
encoding on the baseline model’s part, where at
least one important non-English word/entity in the
question seems to be incorrectly matched with a
similar but different English entity in the passage
(e.g., the name of a different place). For the Korean,
Russian and Arabic queries in the table, we observe
the presence of such topically similar entities (e.g.,
microwave↔ gamma-ray, Germany↔ places in
North America). Much more rarely, we see cases
similar to the Japanese query where the retrieved
passage is completely off-topic.
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Hyperparameter Value
Standard ColBERT hyperparameters:
batch size 192
gradient accumulation steps 6
linear compression dim 128
query maxlen 32
document maxlen 180

Target domain supervision
Baseline model:
lr (NQ) 1.5e-6
lr (XOR) 6e-6
# Epochs (NQ) 1
# Epochs (XOR) 5
Knowledge distillation:
loss function (XOR) KLDiv
loss function (Parallel corpus) MSE
KD temperature (XOR) 2
lr (XOR) 6e-6
lr (Parallel corpus) 4.8e-5
# Epochs (XOR) 5
# Epochs (Parallel corpus) 2

Zero-shot
Baseline model:
lr (NQ) 1.5e-6
lr (MKQA) 6e-6
# Epochs (NQ) 1
# Epochs (MKQA) 1
Knowledge distillation:
loss function (MKQA) KLDiv
loss function (Parallel corpus) MSE
KD temperature (MKQA) 1
lr (MKQA) 3e-7
lr (Parallel corpus) 2.4e-5
# Epochs (MKQA) 1
# Epochs (Parallel corpus) 2

Table 5: Hyperparameters used in our test set runs.
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Korean Query:우주마이크로파배경은누가처음발견했나요?
English Translation: Who first discovered the cosmic microwave background?
Answer: Arno Penzias and Robert Wilson
Baseline Top Passage: History of gamma-ray burst research The history of gamma-ray began with the serendipi-
tous detection of a gamma-ray burst (GRB) on July 2, 1967, by the U.S. Vela satellites. After these satellites
detected fifteen other GRBs, Ray Klebesadel of the Los Alamos National Laboratory published the first paper on
the subject, "Observations of Gamma-Ray Bursts of Cosmic Origin". As more and more research was done on
these mysterious events, hundreds of models were developed in an attempt to explain their origins. Gamma-ray
bursts were discovered in the late 1960s by the U.S. Vela nuclear test detection satellites. The Velas were built
DR.DECR Top Passage: project to date, it consists of more than 66 dishes and was built in an international
collaboration by Europe, North America, East Asia and Chile. A major recent focus of microwave radio
astronomy has been mapping the cosmic microwave background radiation (CMBR) discovered in 1964 by radio
astronomers Arno Penzias and Robert Wilson. This faint background radiation, which fills the universe and
is almost the same in all directions, is "relic radiation" from the Big Bang, and is one of the few sources of
information about conditions in the early universe. Due to the expansion and thus cooling of the
Russian Query: В каком сражении участвовал крейсер "Аврора"?
English Translation: What battle did the cruiser Aurora take part in?
Answer: Battle of Tsushima
Baseline Top Passage: Battle of the Arar The Battle of the Arar was fought between the migrating tribes of the
Helvetii, and four Roman legions (Legions VII, VIII, IX "Hispana" and X "Equestris"), under the command of
Gaius Julius Caesar, in 58 BC. This was the first major battle of the Gallic Wars. The Helvetii were a tribe that
originated from what is now Switzerland. Just prior to the battle with Caesar, they had commenced on a mass
migration through Roman Gaul towards the Atlantic coast. At Geneva, the Romans destroyed the wooden bridge
across the Rhone and constructed 19 mi of fortifications.
DR.DECR Top Passage: ordered back to Asia as part of the Russian 2nd Pacific Squadron, a collection formed
from the Russian Baltic Fleet, under the command of Vice-Admiral Zinovy Rozhestvensky. On the way to the
Far East, "Aurora" sustained light damage from confused friendly fire, which killed the ship’s chaplain and a
sailor, in the Dogger Bank incident. On 27 and 28 May 1905 "Aurora" took part in the Battle of Tsushima, along
with the rest of the Russian squadron. During the battle her captain, Captain 1st rank Eugene R. Yegoryev, and
14 crewmen were killed. The executive officer, Captain of 2nd rank
Japanese Query:抑された記憶を提唱したのは誰
English Translation: Who proposed repressed memory
Answer: Sigmund Freud
Baseline Top Passage: 14 on the charts on another reissue at the end of 1979, and is now regarded as the Moody
Blues signature song by British audiences. In the US, "Nights in White Satin" did not make the "Billboard"
Hot 100 in 1968, although it reached No. 2 on re-release in 1972; "Tuesday Afternoon" was more successful on
initial release stateside, peaking at No. 24 on the Billboard Hot 100. The 1968 follow-up LP, "In Search of the
Lost Chord" included "Legend of a Mind", a song written by Ray Thomas in tribute to LSD guru Timothy Leary
which encompassed a flute
DR.DECR Top Passage: literary example of traumatic memory that has been repressed by an otherwise healthy
individual, and then recovered." Pope claimed that no entrant had satisfied the criteria. Ross Cheit, a political
scientist at Brown University, cited Nina, a 1786 opera by the French composer Nicolas Dalayrac. The concept
of repressed memory originated with Sigmund Freud in his 1896 essay "Zur Ätiologie der Hysterie" ("On the
etiology of hysteria"). One of the studies published in his essay involved a young woman by the name of Anna O.
Among her many ailments, she suffered from stiff paralysis on the right side of her
Arabic Query: ? AJ
 	K AÖÏ @ Õæ
ËA

�̄ @ Q�.» @ ñë AÓ
English Translation: What is the largest region of Germany?
Answer: Bavaria
Baseline Top Passage: the original name of Montana was adopted. Montana is one of the nine Mountain States,
located in the north of the region known as the Western United States. It borders North Dakota and South Dakota
to the east. Wyoming is to the south, Idaho is to the west and southwest, and three Canadian provinces, British
Columbia, Alberta, and Saskatchewan, are to the north. With an area of , Montana is slightly larger than Japan. It
is the fourth largest state in the United States after Alaska, Texas, and California; it is the largest landlocked U.S.
state. The state’s topography is
DR.DECR Top Passage: Bavaria (; German and Bavarian: "Bayern" ; ), officially the Free State of Bavaria
(German and Bavarian: "Freistaat Bayern" ), is a landlocked federal state of Germany, occupying its southeastern
corner. With an area of 70,550.19 square kilometres (27,200 sq mi), Bavaria is the largest German state by land
area. Its territory comprises roughly a fifth of the total land area of Germany. With 13 million inhabitants, it is
Germany’s second-most-populous state after North Rhine-Westphalia. Bavaria’s capital and largest city, Munich,
is the third-largest city in Germany. The history of Bavaria stretches from its earliest settlement and formation as

Table 6: Examples of cases where the baseline model fails to retrieve a relevant passage but
DR.DECR succeeds within top 3. We only show the top retrieval for each system. Most errors are
related to potential word/entity mistranslations, the only exception being the Japanese query where
the issue is a weaker understanding of the passage content.
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Abstract

Figurative and metaphorical language are com-
monplace in discourse, and figurative expres-
sions play an important role in communica-
tion and cognition. However, figurative lan-
guage has been a relatively under-studied area
in NLP, and it remains an open question to
what extent modern language models can inter-
pret nonliteral phrases. To address this ques-
tion, we introduce Fig-QA, a Winograd-style
nonliteral language understanding task consist-
ing of correctly interpreting paired figurative
phrases with divergent meanings. We evalu-
ate the performance of several state-of-the-art
language models on this task, and find that al-
though language models achieve performance
significantly over chance, they still fall short
of human performance, particularly in zero- or
few-shot settings. This suggests that further
work is needed to improve the nonliteral rea-
soning capabilities of language models.1

1 Introduction

All our words are but crumbs that fall down from
the feast of the mind (Gibran, 1926). When humans
read such a metaphorical phrase, how do they inter-
pret it? Conceptual metaphors structure our every-
day language and are used to map everyday phys-
ical experiences and emotions onto abstract con-
cepts (Lakoff and Johnson, 1981). They allow us
to communicate complex ideas, to emphasize emo-
tions, and to make humorous statements (Fussell
and Moss, 2008). However, despite relating words
in a way that differs from their accepted defini-
tion, these phrases are readily interpreted by human
listeners, and are common in discourse (Shutova,
2011), occurring on average every three sentences
(Mio and Katz, 1996; Fussell and Moss, 2008)

The ability to interpret figurative language has
been viewed as a bottleneck in natural language un-

1Code and data are available at https://github.com/
nightingal3/Fig-QA, and a leaderboard can be found at https:
//explainaboard.inspiredco.ai/leaderboards?dataset=fig_qa

derstanding, but it has not been studied as widely as
literal language (Shutova, 2011; Tong et al., 2021).
Figurative language often relies on shared common-
sense or cultural knowledge, and in some cases may
be difficult to solve using language statistics. This
presents a challenge to language models (LMs), as
strong LMs trained only on text may not be able
to make sense of the physical world, nor the social
or cultural knowledge that language is grounded in
(Bender and Koller, 2020; Bisk et al., 2020).

Most previous work on figurative language fo-
cuses on metaphor detection, where a model is
trained to identify the existence of metaphors in
text (Tsvetkov et al., 2014; Stowe and Palmer,
2018; Leong et al., 2020), with datasets consisting
mostly of conventionalized metaphors and idioms
in wide use. However, identifying these common
metaphors that already appear often in language
may be an easy task for LMs, and not fully test
their ability to interpret figurative language. The
little work that exists on metaphor interpretation
frames it as a task linking metaphorical phrases
to literal rewordings, either through paraphrase de-
tection (Bizzoni and Lappin, 2018) or paraphrase
generation (Shutova, 2010; Su et al., 2017; Mao
et al., 2018) (details in § 7) Another line of work
probes for metaphorical understanding in LMs, but
this is similar to the metaphor detection task, in that
the LM is not actually asked to choose an interpre-
tation for the metaphor (Pedinotti et al., 2021; Ag-
hazadeh et al., 2022). While interesting, this work
does not take into account the fact that metaphors
are rich with different implications that may vary
depending on the context.

In this work, we ask whether or not LMs can
correctly make inferences regarding creative, rela-
tively novel metaphors generated by humans. This
task is harder for two reasons: (1) inference is
harder than identification or paraphrasing, as it
requires understanding the underlying semantics,
and (2) the metaphors in our dataset are novel cre-
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ations, and many may not appear even once in the
LMs’ training data. We propose a minimal task
inspired by the Winograd schema (Levesque et al.,
2012), where LMs are tasked with choosing the
entailed phrase from two opposite metaphorical
phrases. An example of a paired sentence is "Her
commitment is as sturdy as (plywood/oak)". The
correct answer would be either "She was (commit-
ted/uncommitted)". This can also be seen as an
entailment task, where input x is the premise, and
the output y is the hypothesis.2

We crowdsource a benchmark Fig-QA, consist-
ing of 10,256 such metaphors and implications
(§ 2), which can be used to evaluate the nonlit-
eral reasoning abilities of LMs or for more broad
studies of figurative language in general (we pro-
vide preliminary analyses in § 3). Through exten-
sive experiments over strong pre-trained LMs (§ 4),
we find that although they can be fine-tuned to do
reasonably well, their few-shot performance falls
significantly short of human performance (§ 5). An
in-depth analysis (§ 6) uncovers several insights:
(1) LMs do not make use of the metaphorical con-
text well, instead relying on the predicted proba-
bility of interpretations alone, (2) the task of asso-
ciating a metaphor with an interpretation is more
difficult than the reverse, (3) even strong models
such as GPT-3 make inexplicable errors that are
not well-aligned with human ones, indicating that
further work is needed to properly model nonliteral
language.

2 Dataset Creation and Validation

2.1 Crowdsourcing Task

We crowdsourced data from workers on Amazon
Mechanical Turk ( details in Appendix A). Workers
were asked to generate paired metaphors with dif-
ferent meanings, as well as literal implications of
the two metaphors in context. We instructed work-
ers to try to generate rare or creative metaphors,
namely “metaphors that would not appear often in
text on the internet, books, social media, or news
sites, but that can still be easily understood by peo-
ple.” Workers were given examples of valid pairs
that fit the format, and examples of invalid ones
to discourage errors. Some examples of generated
pairs are displayed in Table 1.

2The opposing meanings help to avoid ambiguity in the
correct answer, make the task intuitive for human annotators,
and help prevent annotation artifacts that have plagued other
NLI datasets (Gururangan et al., 2018).

In order to help workers, we employ the random-
ness as genesis and narrow limits of change prin-
ciples of Cognitive Load Theory (Sweller, 2006).
To add soft constraints, we generate 3 different ran-
dom words to be shown to each batch of workers.
However, workers were not required to use these
words, as we wanted to encourage maximal diver-
sity. In order to ensure that the random words were
metaphorically rich, we selected them based on
metaphorical frames in Lakoff and Johnson (1981).

2.2 Data Validation
The dataset was manually validated by three au-
thors of this paper. Each author covered roughly
one-third, evenly split between training, validation,
and test. Examples were excluded if they (a) did
not make sense given the figurative expression, (b)
had grammar or spelling errors that rendered them
unintelligible, or (c) did not follow the format of the
task. Examples of excluded samples are included
in Appendix B. We collected 13,324 sentences and
interpretations from the crowdsourcing task, and
10,256 sentences remained after filtering.

2.3 Final Dataset
The release version of our dataset contains the
named data splits in Table 2. The medium train,
dev, and test splits were generated from partitioning
the first stage of data collected. The large train split
additionally contains all the new examples from the
second collection stage, and the small train split is
a small random sample.

3 Figurative Language Typologies

In this sample, we perform an analysis of the col-
lected data to demonstrate its trends and categorize
examples for further error analysis. Specifically,
we examine (a) subjects, objects, and relations, and
(b) types of common-sense knowledge needed to
interpret the metaphor.

3.1 Figurative Language Structure
We note that most metaphors and similes can
be characterized by three components, (S,R,O),
where S is a subject, R is a relation, andO is an ob-
ject. For instance, "Her commitment is as sturdy as
plywood" can be written (Her commitment, sturdy,
plywood). Interpretation involves inferring an at-
tribute of the subject by extracting a relational at-
tribute from the object (Fauconnier and Turner,
2003). In a simile, R is explicit, whereas it is usu-
ally implicit in a metaphor. The most common
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Paired sentences Possible answers
The pilot flew like a ballet dancer The pilot flew in a (restrained way | creative way)

The pilot flew like a modern dancer The pilot flew in a (restrained way | creative way)

The meteor was as bright as New York City The meteor was (very bright | not bright at all)
The meteor was as bright as coal The meteor was (very bright | not bright at all)

The atom is like a solar system Electrons (orbit the nucleus | are in probability densities)
The atom is like a cloud Electrons (orbit the nucleus | are in probability densities)

He hustles like rent was due three days ago He (hustles hardcore. | doesn’t hustle at all.)
He hustles like he’s a billionaire’s son. He (hustles hardcore | doesn’t hustle at all)

Life is as easy as kindergarten for a high school senior Life is (basic | beyond comprehension)
Life is as easy as kindergarten for a newborn Life is (basic | beyond comprehension)

Table 1: Example sentences from the dataset

Train Dev TestS M L

200 1,458 8,016 1,094 1,146

Table 2: Examples in each data split

Figure 1: Visualization of 25 most frequent subjects,
relations, and objects in the medium train set.

subjects, relations, and objects in the medium train
dataset are shown in Figure 1. These were obtained
by first segmenting the phrases with syntactic pat-
terns constructed from observation, followed by
lemmatization and removal of punctuation and de-
terminers "the", "an", "a" and "that". There are 441
unique subjects, 646 unique relations, and 1,198
unique objects in the medium training set.

3.2 Common-sense Knowledge Types

Next, we examined the test set to determine
the types of commonsense knowledge needed to
interpret metaphors. Through thematic analy-
sis, we devised 4 categories based on common-
sense knowledge, which are not mutually exclu-
sive: common-sense object knowledge, visual
metaphors, common-sense social understanding,
and cultural knowledge. The same 3 paper authors
annotated the test set for these categories, with an-
notators responsible for separate categories.

Common-sense object knowledge consisted of
metaphors that made reference to properties of com-
mon objects and animals, such as volume, height or
mass of objects, or properties of materials. 68.35%
of the test-set was found to require common-sense
object knowledge.

Visual metaphors were a subset of common-
sense object metaphors, primarily relying on the
visual modality, including attributes such as bright-
ness or colour. Some visual metaphors also
sketched a vivid visual scene. These examples
comprised 14.73% of the test set.

Common-sense social understanding exam-
ples required knowing about how humans would re-
act in different circumstances, or required knowing
about human emotions. These examples comprised
27.55% of the test set.

Cultural metaphors required knowing cultural
traditions, works of art/artefacts, or religion. Due
to crowdworkers being recruited from the US, these
are centered around US culture. These examples
comprised 16.56% of the test set.

4 Baseline Models and Evaluation

4.1 Auto-regressive Language Models

Auto-regressive LMs generate a probability distri-
bution of the next token given all preceding tokens.
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Type of knowledge required Paired sentences
Common-sense (objects) The new mattress is just as comfortable as sleeping on a (cloud/rocks outside)

Visual The professor’s argument had the clarity of a (crystal glass/marine fog)

Common-sense (social) She is as embarrassed as a kid that (forgot homework/got an A)

Cultural The construction was as disastrous as the (1981 musical Cats/The 2019 film based on the musical Cats)

Table 3: Metaphor types based on types of knowledge required (not mutually exclusive)

As such, we can directly compute the probability
of a sentence by multiplying the conditional proba-
bility of each token at every time step.

P̃ (w1...wN ) = p(w1)
N∏

i=2

p(wi|w1...wi−1)

The ability to directly extract probabilities en-
ables the zero-shot reasoning of these LMs. For a
pair of metaphorical expressions x1 and x2 with
two corresponding interpretations y1 and y2, we
feed in the concatenation of the metaphor and the
interpretation to the pretrained model without fine-
tuning. We define “forward” and “backward” prob-
abilities assigned to interpretations and figurative
language expressions, respectively. For the for-
ward probability, for figurative phrase xi and cor-
rect answer yi, we take

P (yi|xi) =
P (xi, yi)

P (xi, yi) + P (xi, yj)

since there are only two answer options. From
this, we can calculate accuracy when we taking
the indicator of P (yi|xi) > 0.5. Similarly for the
backward probability (predicting phrase based
on answer), we take

P (xi|yi) =
P (xi, yi)

P (xi, yi) + P (xj , yi)

with analogous backward accuracy.3

We examine three state-of-the-art large
transformer-based LMs of this category: GPT-2
(with 117M parameters, trained on 40GB of
text), GPT-neo (with 1.3B parameters, trained on
800GB of text) and GPT-3 (4 variants between
350M and 175B parameters, trained on 45TB
on text) (Radford et al., 2019; Black et al.,

3In actuality, we use the length-normalized probability
that a model assigns to a sentence as a heuristic for the to-
tal probability, to minimize the effect that the length of a
sentence has on the decision (though this is not the prob-
ability of the sequence in a strict sense): P (w1...wN ) =

exp(− 1
N

log P̃ (w1...wN )). Initial experimentation showed
marginal differences in accuracy when using these two meth-
ods, so we used normalized probabilities by default.

2021; Brown et al., 2020). We also examine the
performance of these models after finetuning on
the training data. GPT-2 and GPT-neo were trained
with a batch size of 8, with early stopping on the
medium dataset with a patience of 1 epoch, and
a minimal hyperparameter search was done with
learning rates 1e-5 to 5e-5. GPT-3 was trained with
the default parameters of the GPT-3 finetuning
API.

4.2 Masked Language Models

We also evaluate the performance of masked LMs
on this task. Unlike auto-regressive LMs, masked
LMs cannot directly output the probability of a
sentence, so it is not possible to directly test the
zero-shot performance of these models. Instead,
we test the transfer performance by first finetun-
ing them in two ways: on WinoGrande, which
is also a binary choice task based on common-
sense reasoning, and on several NLI datasets, in-
cluding SNLI, MNLI, FEVER-NLI and ANLI
(Nie et al., 2020; Sakaguchi et al., 2020). The
input to the model trained on WINOGRANDE
is formatted as [CLS][metaphor][SEP]
[answer1][SEP][answer2], and we use an
extra linear layer on the [CLS] token embedding
to perform the classification. In addition to the
transfer performance, we also use contrastive fine-
tuning by feeding in each metaphor along with both
answer choices, and training the model with our
dataset to classify which answer is correct. For the
NLI model, we examine accuracy using all three
labels the model was originally trained with (entail-
ment, neutral, and contradiction), as well as using
a forced binary choice paradigm in which the log-
its for the contradiction label are subtracted from
the logits for the entailment label, and the higher
"entailment score" is the ending the model pre-
dicts. We treat these two conditions as the analog
of “zero-shot" for these models.

We examine two masked LMs that are com-
monly used as baselines on many NLP tasks:
BERT (Devlin et al., 2019), a transformer-based
LM jointly trained on the masked LM and next sen-
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tence prediction objectives, and RoBERTa (Liu
et al., 2019), an improved variant of BERT which
consistently outperforms BERT across most tasks.
We use the large variant of both models (350M pa-
rameters). BERT and RoBERTa were finetuned on
the medium dataset for 8 epochs with batch size
8, following the setting in (Sakaguchi et al., 2020).
A hyperparameter search was done with learning
rates 5e-6 to 2e-5. Both BERT and RoBERTa were
used for the Winogrande experiments, while only
RoBERTa was used for the NLI experiment.

4.3 Forced-choice Paradigm
Due to the inherent creativity of metaphors, there
may be different interpretations of the same
metaphor. For instance, in Table 1, the exam-
ple "he hustles like he’s a billionaire’s son" could
also be interpreted in other ways, for instance "he
uses his father’s contacts and social privileges to
make money". In a structural-mapping context, the
forced choice between two answers constrains the
possible meaning of the metaphor to be along one
axis (Gentnder and Bowdle, 2008). In this case,
it would be whether or not he is required to work
hard.

Of course, many of these metaphors have other
valid interpretations. In the "billionaire’s son" ex-
ample, another valid axis of interpretation could
be the manner in which he works. For instance,
the alternative pair could be "he hustles like he’s
a (billionaire’s son | single mother working three
jobs)" with answers "he (uses his contacts and so-
cial privileges to make money | works extremely
long hours with multiple ventures to make money)".
It is possible that LMs could come up with other
valid interpretations that are not the ones originally
intended, motivating us to also look at generation
performance in section § 5.2.

4.4 Human Performance
To estimate the expected human performance on
this task, we ran a benchmark on the test set with 10
human volunteers who were not authors of the pa-
per. The human annotators were not shown any
training examples, so this would be equivalent
to the zero-shot setting for models. Participants
ranged from 20 to 29 years old, and there were 5
male and 5 female participants. 5 each were native-
and non-native English speakers respectively. Par-
ticipants were mainly graduate student volunteers.

We shuffled the test set and split it into 10 par-
titions of ≈115 examples for each annotator. The

Model Zero-shot Tuned (L) Tuned (XL)

GPT-2 53.93 54.80 62.65
GPT-neo 1.3B 56.89 69.98 72.00

GPT-3 Ada 59.08 69.17 73.56
GPT-3 Babbage 62.91 73.97 77.31

GPT-3 Curie 65.35 79.04 81.94
GPT-3 Davinci 68.41 - -

BERT 58.14 83.16 85.69
RoBERTa 66.184 89.22 90.32

Human 94.42 - -
Human (confident) 95.39 - -

Table 4: Zero-shot and finetuned test accuracies (%),
finetuned is averaged across 5 seeds. Dev set accura-
cies can be found on the leaderboard under the "valida-
tion" split.

examples were presented with pairs shuffled and
separated, in order to create a better comparison
with model performance.

Due to differences in vocabulary or cultural back-
ground, we instructed participants to mark exam-
ples where they weren’t confident, such as those
that contained words or cultural references they
didn’t understand.

5 Results

5.1 Inference Results

The first question is whether strong LMs can in-
terpret metaphors at all when presented with
two opposing meanings, in zero-shot or super-
vised settings. These results are presented in Ta-
ble 4. The results for masked language models
are higher than those for autoregressive language
models, and fine-tuning significantly improves per-
formance for all models.

Zero-shot Performance For the zero-shot set-
ting, we examine the test accuracy based on zero-
shot forward probabilities for the GPT models, and
the pseudo "zero-shot" transfer performance for
BERT and RoBERTa using models pretrained on
the WinoGrande task (Sakaguchi et al., 2020). As
shown, the GPT-3 models outperform the GPT-2
and GPT-neo models. Among the GPT-3 mod-
els, there is a clear correlation between model size
and performance, with the largest model (GPT-3
Davinci) achieving the highest zero-shot test ac-
curacy. BERT and RoBERTa achieve accuracies

4This is the accuracy score when transferring from Wino-
grande. Pretrained NLI results were 50.47 when using original
labels (entailment/contradiction/neutral), and 66.32 when forc-
ing a binary decision.
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within the range of GPT-3 models. While our mod-
els mostly perform much better than chance in the
zero-shot setting, there is still a large gap of 26 per-
centage points between our best model and human
level performance.

Fine-tuned Performance For the fine-tuned set-
ting, all listed models are fine-tuned on the small
dataset split. GPT models were trained with lan-
guage modeling loss, whereas BERT and RoBERTa
are trained with contrastive loss. We did not eval-
uate fine-tuning of GPT-3 Davinci due to bud-
get. Overall, fine-tuning improved accuracy sig-
nificantly for all models, with GPT-3 models uni-
formly improving by about 13 percentage points,
and BERT/RoBERTa improving by about 25 points.
Our best model after fine-tuning is RoBERTa,
which reaches within 5% of our human perfor-
mance.

Prompting We also experiment with prompting
methods. Firstly, we use a simple suffix prompt-
ing method, where we simply append the phrase
"that is to say" between the metaphor and the in-
terpretation, which we hypothesized may "explain"
to the LM that the previous statement is figura-
tive. We also evaluate the effectiveness of the ex-
amples method, by appending k random correct
metaphor/interpretation pairs before the actual pair
we are testing. The results of these experiments
can be seen in Figure 2. We found that the suf-
fix method provided a small (1-2%) improvement
over the baseline, while the example method was
generally ineffective.

Backward accuracies Note the accuracies re-
ported in this section are for the forward direc-
tion, and the backward direction is reported in Ap-
pendix C. Backward accuracies are lower, with
GPT-3 Curie for example having a 7% reduction
in accuracy in the zero-shot case. This suggests
that selecting a metaphorical expression to match a
literal phrase is more challenging than the reverse
for LMs.

Paired Evaluation Because our dataset is for-
matted as a Winograd schema, we can take ad-
vantage of group scoring to evaluate models more
stringently (Elazar et al., 2021). We found that
performance for autoregressive models plummeted
under this evaluation scheme, while masked lan-
guage models also suffered in accuracy. The hu-
man scores were least affected. Details are in Ap-

pendix D. This is most likely related to the phe-
nomenon found in § 6.1.
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0.500

0.525

0.550

0.575

0.600

0.625

0.650

0.675

0.700

A
cc

ur
ac

y

Zero-shot
Prompting (k = 3)

Prompting (k = 5)
Prompting (k = 10)

Prompting (suffix)

Figure 2: Comparison of prompting methods with au-
toregressive models

5.2 Generation Results

Next, we examine if models can generate sensi-
ble interpretations for metaphors. Given the dif-
ficulty of evaluating text generation, compounded
by the difficulty of figurative language, we opted
for manual evaluation of one tenth of the test
dataset using generations of the strongest auto-
regressive model: GPT-3 Davinci (≈175B parame-
ters).

The metaphor was given as input to the model,
and 4 completions were generated for each
metaphor, with a maximum length of 100 tokens.
Completions were also truncated to the first sen-
tence, as initial experiments showed that contra-
dictory statements (e.g. "he was talented. But he
was not very talented") were often generated across
subsequent sentences. Suffix prompting was also
used because of the lack of context, with "That is
to say, " appended to each metaphor. Only the first
sentence of the output was evaluated. The tem-
perature parameter was determined through grid
search through values [0.2, 0.4, 0.6, 0.8, 1] on a
small separate set of metaphors. A human annota-
tor inspected the generated completions and found
that a temperature of 0.4 produced the most correct
results.

Three paper authors labelled completions gener-
ated by GPT-3 Davinci as either correct, incorrect,
or literal. In some cases, there were valid inter-
pretations that were not the same as the answer
given by crowdworkers, which were also marked
correct. If the model simply restated the metaphor
with no interpretation, the completion was marked
as literal. Because some metaphors are ambiguous
when presented without context, those examples
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were not counted. The inter-rater reliability was
moderate due to differing standards for correctness
(Krippendorff’s α = 0.5567). The majority vote
was taken between annotators’ judgments.

GPT-3 Davinci’s accuracy, counting literalized
metaphors as incorrect, was 50.8%. Not count-
ing literalized metaphors, accuracy was 63.9%. In
37.7% of cases, GPT-3 generated contradictory
completions among the 4 completions. There was
at least one correct completion for 78.1% of the
metaphors, but only 19.3% of metaphors had all
completions correct. Examples of annotated gener-
ations can be found in Appendix G.

6 Performance and Error Analysis

With these results in mind, we examine what kinds
of errors models make, and what factors make
the task difficult.. This is covered in § 6. We
find that autoregressive models rely on the pre-
dicted probability of each answer by itself to pre-
dict the answer, and that this holds true for all
models, before and after training. We find that
models have difficulty in interpreting "sarcastic"
metaphors, and sometimes inexplicably interpret
very simple metaphors wrong. We also examine
error typology according to the commonsense ty-
pology of § 3.2 and find that models improve signif-
icantly on object, visual and social commonsense
when trained, but not on cultural commonsense.

6.1 Reliance on Probability of Answers

We find that models often rely solely on the pre-
dicted probability of answers y1 and y2 to make
their final predictions, regardless of the context.
This led models to make the same prediction for
the paired sentences in many cases. Figure 3 and
Table 5 show that this trend improves with fine-
tuning, and that GPT-3 is best able to disentangle
the probability of yi and the probability ofP (yi|xi),
but all three models show a heavy tendency to pre-
dict based on the relative probability of an answer
alone.

We hypothesize that this may be one reason why
BERT and RoBERTa achieve the best finetuned per-
formance; they use a contrastive finetuning strategy
providing both the correct and incorrect options as
input to the model. On the other hand, the GPT
models were finetuned with only the correct option,
making the comparison unfair. One way to fine-
tune GPT models contrastively is to include both
options into a cleverly engineered prompt, but we

Model r p

Untrained

GPT-2 0.8128 6.700× 10−136

GPT-neo 0.7891 6.075× 10−123

GPT-3 0.7392 4.329× 10−100

Trained

GPT-2 0.6765 6.700× 10−78

GPT-neo 0.6689 1.456× 10−75

GPT-3 0.4157 2.598× 10−25

Table 5: Spearman r-values and p-values between
P (yi|xi) and P (yi)

leave this as a direction for future work.

Figure 3: Models over-rely on probability of the answer
to do their predictions. y-axis is probability of the first
interpretation (answer) given metaphor while x-axis is
log odds of the first interpretation.

6.2 Other Factors Influencing Correctness

We also examined the influence of several other fac-
tors on correctness. The point-biserial correlation
between length of the context phrase and the bi-
nary correctness value was -0.1544 with a p-value
of 1.50× 10−7, indicating that longer phrases are
harder to interpret correctly. The point-biserial cor-
relation between answer probability and binary cor-
rectness was 0.1840, with a p-value of 3.50×10−10,
indicating that examples where the answer was
already more probable were more likely to be an-
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swered correctly, in line with our findings that mod-
els tended to predict the answer that was already
more plausible alone.

Furthermore, we conducted an analysis on sub-
jects, objects, and relations as defined in § 3.1. We
examined accuracy by part of speech patterns in
each part of the metaphor, as well as by wordnet
hypernyms present in each part of the metaphor.
This is detailed in Appendix E and Appendix F
(Fellbaum, 1998). We used NLTK for POS tagging
(Loper and Bird, 2002).

6.3 Qualitative Analysis of Error Trends
Common Sense Knowledge We first examine
the error tendencies by the type of common sense
knowledge described in § 3.2. Table 6 summa-
rizes accuracies for these types of commonsense
questions compared to humans.

Model Obj Vis Soc Cul

Untrained

GPT-2 52.17 52.07 55.38 58.42
GPT-neo 56.38 55.62 56.01 62.10

GPT-3 Curie 75.00 71.00 72.47 78.42

Trained

GPT-2 53.57 51.48 57.91 57.37
GPT-neo 70.15 72.78 68.67 70.00

GPT-3 Curie 87.50 84.62 83.86 83.16
BERT 87.37 92.31 84.18 77.37

RoBERTa 91.20 94.08 89.56 83.68

Human 95.41 96.45 93.99 90.00

Table 6: The performance of models across different
commonsense categories, in terms of accuracy on ex-
amples annotated with that category (%). The strongest
category of each model is highlighted.

We find that both humans and trained models
tend to find object commonsense and visual com-
monsense metaphors easier to interpret. We find
that as models improve, most of the performance
gain comes from the object, visual and social com-
monsense categories. Interestingly, the untrained
models do quite well on cultural examples, but do
not improve much on the culture category when
trained. This makes sense, as the cultural examples
tend to be quite disparate, so training would not
help as much with other examples.

Sarcastic Metaphors For both humans and
LMs, many of the errors are "sarcastic" metaphors,
such as saying "the girl was as bubbly as still water"
to mean "the girl was bland", rather than "the girl
was vivacious". These sentences can be difficult if

the model or human focuses on simple word asso-
ciation (bubbly with vivacious) without reading the
entire sentence to understand the sarcasm.

Inexplicable Errors We examined the errors
made by GPT-3 Curie (trained) and found that there
was little overlap with mistakes made by humans.
Of the 64 human errors, 13 were also errors made
by GPT-3. GPT-3 made many more "obvious" er-
rors, such as predicting "The ball is a big red sun"
to mean "the ball is small" rather than "the ball is
big and red" This is in contrast to the sentences in
which humans made errors, which often contained
rare vocabulary or unfamiliar cultural references.

7 Related work

7.1 Figurative Language Identification

Most existing work focuses on identifying figura-
tive language at the word level. The VU Amster-
dam Metaphor Corpus (VUA) is the largest avail-
able corpus of metaphorical language, annotated by
humans (Steen et al., 2010). Two shared tasks on
metaphor identification have been run (Leong et al.,
2018, 2020). Both have utilized the VUA corpus,
and the latter also introduced the TOEFL corpus,
sampled from essays written by non-native English
speakers (Leong et al., 2020; Beigman Klebanov
et al., 2018). Most participants in the shared tasks
used neural models, notably BERT, RoBERTa, and
Bi-LSTMs (Leong et al., 2020; Bizzoni and Gha-
nimifard, 2018; Gao et al., 2018; Pramanick et al.,
2018). These models are generally improved when
augmented with semantic data, such as concrete-
ness, and multimodal information.

Another line of work focuses on probing mod-
els to determine the extent of metaphor recogni-
tion. For instance, BERT assigns higher pseudo-
log-likelihood scores to metaphors than nonsense
expressions, and its contextualized representations
show some signs of contextualizing the object do-
main (Pedinotti et al., 2021). Another study uses
linear probes trained on layers of BERT to predict
whether a word usage is literal or nonliteral, and
finds that this can be done effectively, especially
using middle layers as a representation (Aghazadeh
et al., 2022),

Despite the utility of these tasks and datasets,
they have drawbacks. Most of the metaphor use is
conventional, so this task does not capture novel
metaphors well. The word-level annotation also
does not lend itself well to capturing extended con-
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ceptual metaphors. Finally, metaphor interpretation
may be a more difficult, although less studied, task.

7.2 Figurative Language Interpretation
Recent studies mostly focus on metaphor para-
phrases, either through identification (Bizzoni and
Lappin, 2018) or generation (Shutova, 2010; Su
et al., 2017; Mao et al., 2018). However, there has
not been as much work done on interpretation as
on detection, and framing metaphor interpretation
as a paraphrase task may not capture the emergent
meaning of metaphors, such as the intended emo-
tion, or the interaction of subject, relation and ob-
ject in the metaphor (Tong et al., 2021; Mohammad
et al., 2016).

Other work has focused on interpreting figurative
language in narratives in context, based on plau-
sible continuations of figurative language such as
idioms and similes from stories (Chakrabarty et al.,
2021a) or dialogues (Jhamtani et al., 2021). This
represents a promising direction, and our work fo-
cuses on expanding our understanding of LMs’ abil-
ity to interpret non-conventionalized metaphors.

7.3 Other Figurative Language Datasets
We note that there are several other challenging
NLI datasets available which contain figurative lan-
guage, including the DNC corpus, and the RTE
dataset (Poliak et al., 2018; Chakrabarty et al.,
2021b). Other datasets, such as RiddleSense, ex-
plicitly test models through difficult commonsense
inference, involving figurative language (Lin et al.,
2021).

Our work is distinguished by the Winograd
schema format, as this format provides a better
guard against the possibility that models have sim-
ply memorized common word associations that oc-
cur in figurative language. Additionally, we specif-
ically instructed crowdworkers to be creative, and
this resulted in longer figurative phrases which re-
quire more detailed commonsense knowledge. It is
likely that a fair number of these figurative phrases
have never appeared in any training corpus. How-
ever, our figurative phrases also differ from riddles,
as they are not supposed to be difficult to reason
about, given that the source, relation and object are
properly contextualized.

7.4 Human Language Processing
Humans typically do not have any more difficulty
processing metaphorical statements in context com-
pared to literal statements (Fussell and Moss, 2008;

Glucksberg, 2003). This may be because certain
words serve as a dual reference, which is to say they
refer simultaneously to a physical referent and an
abstract superordinate category (Glucksberg, 2003).
For instance, "shark" may refer to literal sharks, as
well as anything that is considered vicious, leading
to utterances such as "that lawyer is a shark".

Metaphorical language processing has also been
studied in second-language learners, in the case of
idioms. In most cases, the meaning of an unfamiliar
idiom is inferred from the context or from word
association (Cooper, 1999; Carston and Wearing,
2011; Wolff and Gentner, 2000).

As LMs excel at word-association based tasks,
this is an encouraging finding. However, there is
still a gap between LM and human performance
even in our task, in which one answer is obviously
wrong when the input is correctly understood.

We take into account that these results are for
conventionalized figurative language and that some
of the more creative phrases in this dataset may take
a longer time to process for humans as well. This
is especially true for non-native English speakers.
However, the high human accuracy on this task
with half the participants being non-native English
speakers suggests that this was not a major barrier.

8 Conclusion

We present a Winograd-like benchmark task to test
the ability of LMs to reason about figurative lan-
guage, based on large-scale collection of creative
metaphors written by humans. We find a large gap
between LM zero-shot and human performance on
this dataset, but show that models can be fine-tuned
to perform well on this particular task.

We hope that this work will encourage further
study of nonliteral reasoning in LMs, especially
in few-shot settings. Given that metaphorical rea-
soning may play a role in problem-solving and
linguistic creativity, the development of models,
training methods, or datasets that enable metaphor-
ical reasoning may improve models’ abilities to
reason creatively and draw analogies between sit-
uations that may appear to be different on the sur-
face. One avenue we hope to investigate is multi-
modal metaphors, as this dataset currently includes
only text-based metaphors. Nonliteral expres-
sions also remain understudied cross-linguistically,
but further work on identifying and interpreting
metaphors in other languages may also improve
the abilities of multilingual models.
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9 Ethical Considerations

9.1 Potential Risks
Figurative language has the potential to be used in
a harmful way, especially against minority and his-
torically disadvantaged groups. Such language is
often emotionally charged or used to insult others,
so we took care to remove any examples that were
potentially offensive, especially toward protected
groups. We acknowledge that this was based on
our own judgment, and generically insulting lan-
guage (for instance, a metaphor that implies that
someone is ugly) was not removed because it was
not insulting toward any particular individual.

All examples from Fig-QA are also in English,
as it is the language that all authors speak, and
this was a preliminary dataset, being the first of its
type that the authors have worked on. However,
figurative language is not just important in English,
and we leave investigation of figurative language
in other languages as future work.

9.2 Terms of Use of Artefacts Used
Additional datasets we used were the Winogrande
dataset, SNLI, MNLI, FEVER-NLI and ANLI.
Winogrande is licensed under the Apache 2.0 li-
cense, which allows modification and distribution,
fitting our use case. SNLI is licensed under a Cre-
ative Commons Attribution ShareAlike 4.0 Interna-
tional license, which allows us to share and adapt
the work as long as we give attribution. The ma-
jority of MNLI is licensed under OANC, which
allows free use. The fiction section of this dataset
consists mostly of works in the public domain, but
several stories are licensed: Seven Swords is avail-
able under a Creative Commons Share-Alike 3.0
Unported License, while Living History and Pass-
word Incorrect are available under Creative Com-
mons Attribution 3.0 Unported Licenses. These
licenses allow sharing and adaptation with attri-
bution. FEVER-NLI is licensed under an MIT
license, which also allows modification, distribu-
tion, and reuse. ANLI is licensed under Creative
Commons Attribution-NonCommercial 4.0 Inter-
national, which also allows sharing and reuse as
long as we give attribution.

Models used were GPT-2, GPT-neo, GPT-3,
BERT and RoBERTa. GPT-2 and GPT-neo are
licensed under an MIT license, which does not
place any restrictions on its use. BERT is licensed
under an Apache License 2.0, which allows modifi-
cation and distribution. RoBERTa is licensed under

a GNU General Public License v2.0. This fits our
use case as we are only running and studying the
model. GPT-3 is licensed by Microsoft, and we
used the public API to receive output.

9.3 Computational Infrastructure and
Computing Budget

To run our computational experiments, we had ac-
cess to a compute cluster, but minimal compute is
needed to run the experiments in this paper. We
generally did not use more than 2 GPUs at a time.
The only models that required GPU parallelism
were the GPT-neo models. An estimated 20 GPU
hours are required.

Our computing budget was roughly 100 USD.
We also used roughly 20 USD on credits for the
GPT-3 API.
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A Crowdsourcing Details

We crowdsource metaphorical expressions and
their interpretations through Amazon Mechanical
Turk. Workers were recruited from the United
States and were limited to those who had a > 98%
approval rating on the platform, and who had also
completed more than 1000 Human Intelligence
Tasks (HITs). Data collection was split into two
stages: in the first stage, 1458 train examples, and
all the dev and test examples were collected. In the
second stage, the remaining 6558 training examples
were collected. We identified some workers who
created especially good examples in the first stage,
and recruited them back for more examples in the
second stage. Workers were paid $0.33 for each
pair of sentences and were asked to generate 3 pairs
at a time. An author of this paper wrote an initial
pilot set of sentences, and timed themselves while
writing some sentences. They found that each pair
took around 1 minute to write, though this varied
(less creative examples took less time, while more
creative examples took more time). This extrap-
olates to an hourly rate of 19.80 USD, which is
above the minimum wage in all US states, where
workers were located.

Our HIT task was structured as follows: At the
top of the page, the workers are shown the follow-
ing instructions: "Your task is to generate three
pairs of sentences with opposite or very differ-
ent meanings, both of which contain rare/creative
metaphors, which means metaphors that would not
appear often in text on the internet, books, social
media or news sites, but that can still be easily un-
derstood by people. For each metaphor, you should
also provide a literal (non-metaphorical) sentence
with the same meaning." Then, we display one ex-
ample of a valid sentence pair. There is a button that
opens a modal with more detailed instructions and
some more valid/invalid examples for reference.
Below that, we display three random words, which
workers are encouraged to use in their sentences
if they get stuck. Finally, we display three sets of
5 text fields for workers to fill in: one for the start
phrase, two for each metaphorical phrase, and two
for each literal interpretation. As the user types
in each start phrase, we prepend a copy of their
phrase before the corresponding metaphor fields in
the UI using some embedded JavaScript, which we
found helped reduce confusion and resulted in less
improperly formatted responses.

We launched many batches of these HITs until

we had collected the desired quantity of data. Then,
we converted the form responses into sentence pairs
and validated each pair by hand before adding it to
our dataset.

B Invalid Examples

Figurative language examples collected from
crowdworkers were excluded if they (a) did not
make sense given the meaning and the metaphori-
cal expression, (b) had grammar or spelling errors
that rendered them unintelligible, or (c) did not
follow the format specified by the task template.

Examples are given below:

1. Do not make sense given the meaning and the
metaphorical expression

Paired sentences Possible answers

He was resourceful like toilet paper He was very resourceful.
He was resourceful like a mess He wasn’t resourceful at all

The night was as long as a spool of thread The night is long
The night was as long as a winding road The night dragged on

the concert of the lession is a main and a major we concert everyone
the concert of the lession features we concert our loved one

Table 7: Examples that were rejected due to being non-
sensical.

2. Significant grammar or spelling errors

Paired sentences Possible answers

fallten data are very much trusted fallten are nice
fallten data are very valuable flatten are safe

CAR IS BIRD FEATHEAR CAR SITE IS ROUGH
CAR IS COTTON CAR SITE IS HARD

Inflation is as natural as Minnesota rainfall in June Inflation is perfectly natural
Inflation is as natural as Minnesota snowfall in June Patient is in a natural result of other things

Table 8: Examples that were rejected due to having sig-
nificant spelling or grammar errors.

3. Do not follow format

Paired sentences Possible answers

This attack is as weak as a feather The attack is useless
This attack is as weak as a breeze The attack doesn’t work

My car motor is dusty like old cave Car motor is very rusty
My car motor is dusty like abandon building car motor is very dusty

the writer is stuck between a rock And another hard place He is just stuck doesnt have a choice
the writer is stuck between a rock And a pebble The writer can get over the pebble

Table 9: Examples that were rejected due to not follow-
ing the specified format.

Efforts were made to ensure that the final dataset
contains no offensive content or personally iden-
tifiable information. WorkerID and other poten-
tailly personally identifying information were not
included.
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C Backward accuracies

Model Zero-shot Fine-tuned (L)

GPT-2 52.18 52.00
GPT-neo 1.3B 54.36 63.44
GPT-3 Curie 58.46 74.83

Table 10: Zero-shot and finetuned backward auto-
regressive model accuracies on the test set

D Paired accuracies

Model
Accuracy

(pairs correct)

GPT-2 zero-shot 6.63
GPT-2 finetuned 5.06

GPT-neo zero-shot 10.3
GPT-neo finetuned 10.3

GPT-3 Curie zero-shot 17.4
GPT-3 Curie finetuned 50.0

BERT finetuned 70.6

RoBERTa finetuned 80.4

Human 89.7

Table 11: Accuracy for models on the test set, counted
in terms of pairs of sentences in which both are correct
(%). Results are from one run.

E Accuracy breakdown by
Part-of-Speech

E.1 Subject

Part of speech Accuracy Frequency

NN 0.8569 538
PRP 0.8526 156

PRP$ NN 0.9 110
NN NN 0.8889 63
DT NN 0.8182 44

NN NN NN 0.9375 32
JJ NN 0.9167 12

Table 12: Accuracy breakdown and frequency of parts
of speech in metaphor subjects. Only part-of-speech
patterns with greater than 10 occurrences are shown.

E.2 Relation

Part of speech Accuracy Frequency

VBZ NN IN 0.8421 152
VBD RB JJ IN 0.8904 146
VBZ RB JJ IN 0.8889 99

VBZ 0.8352 91
VBD NN IN 0.8806 67

VBD 0.9180 61
VBN IN 0.9545 22
NN IN 0.8636 22

VBD JJ IN 0.9048 21
NNS IN 0.8889 18
VBD IN 0.8462 13
VBZ IN 1.0 13

VBD RB VBN IN 0.8182 11

Table 13: Accuracy breakdown and frequency of parts
of speech in metaphor relations. Only part-of-speech
patterns with greater than 10 occurrences are shown.

E.3 Object

Part of speech Accuracy Frequency

NN 0.8788 429
NN NN 0.8992 129
JJ NN 0.8352 91

NN IN NN 0.8372 43
JJ NN NN 0.8710 31

NN NN NN 0.9130 23
VBG NN 0.9545 22

NN IN JJ NN 0.6154 13
PRP$ NN 1.0 11

JJ 0.6364 11
NN IN NN NN 0.8182 11

Table 14: Accuracy breakdown and frequency of parts
of speech in metaphor objects. Only part-of-speech pat-
terns with greater than 10 occurrences are shown.

F Accuracy breakdown by hypernyms

F.1 Subject
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Synset Accuracy Frequency

adult.n.01 0.8736 182
male.n.02 0.8684 152

woman.n.01 0.7391 46
female.n.02 0.9130 46
show.n.03 0.875 24

product.n.02 0.8636 22
motor_vehicle.n.01 0.9048 21

activity.n.01 0.8421 19
emotion.n.01 0.6667 18

publication.n.01 0.8333 18
feline.n.01 0.9375 16
being.n.01 0.7143 14

performer.n.01 0.8333 12
canine.n.02 12

body_covering.n.01 0.8333 12
vessel.n.03 0.8333 12
sound.n.01 1.0 12

domestic_animal.n.01 0.9167 12
person.n.01 0.8 10
scheme.n.01 0.9 10

contestant.n.01 1.0 10

Table 15: Accuracy breakdown and frequency of Word-
Net hypernyms in metaphor subjects. Only hypernyms
with 10 or greater occurrences are shown.

F.2 Object

Synset Accuracy Frequency

time_period.n.01 0.85 20
natural_object.n.01 0.8947 19

person.n.01 0.8824 17
large_integer.n.01 0.9286 14

adult.n.01 1.0 14
solid.n.01 0.9167 13
male.n.02 1.0 13
child.n.02 0.8333 12

body_of_water.n.01 0.75 12
body_covering.n.01 0.8333 12

digit.n.01 0.9167 12
region.n.01 0.8182 11

beverage.n.01 0.8182 11
juvenile.n.01 0.8182 11
container.n.01 0.9 10

rodent.n.01 0.9 10
feline.n.01 0.7 10

building.n.01 0.8 10
time_unit.n.01 0.9 10

travel.v.01 0.7 10

Table 16: Accuracy breakdown and frequency of Word-
Net hypernyms in metaphor objects. Only hypernyms
with 10 or greater occurrences are shown.

G Generation examples

Generation examples can be found in Table 17.

4451



Startphrase Completion Label

His temper was a marshmallow. That is to say, he was very easily angered, and once he was, he was very hard to cool down Incorrect

He’s got the swimming ability of a pack of dolphins. That is to say, he’s got none Incorrect

The villain is as beautiful as the Joker. That is to say, he’s not Correct

The child has the energy of a sloth. That is to say, he is lazy Correct

The girl moved as fast as a turtle. That is to say, she moved at a turtle’s pace Literal

The sadness of her death was a flea.That is to say, It was a flea that was a sadness Literal

Table 17: Examples of completions generated by GPT-3 Davinci.
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Abstract
We present a new scientific document similar-
ity model based on matching fine-grained as-
pects of texts. To train our model, we exploit a
naturally-occurring source of supervision: sen-
tences in the full-text of papers that cite mul-
tiple papers together (co-citations). Such co-
citations not only reflect close paper related-
ness, but also provide textual descriptions of
how the co-cited papers are related. This novel
form of textual supervision is used for learn-
ing to match aspects across papers. We de-
velop multi-vector representations where vec-
tors correspond to sentence-level aspects of
documents, and present two methods for as-
pect matching: (1) A fast method that only
matches single aspects, and (2) a method that
makes sparse multiple matches with an Op-
timal Transport mechanism that computes an
Earth Mover’s Distance between aspects. Our
approach improves performance on document
similarity tasks in four datasets. Further, our
fast single-match method achieves competi-
tive results, paving the way for applying fine-
grained similarity to large scientific corpora.1

1 Introduction

The ability to identify similarity across documents
in large scientific corpora is fundamental for many
applications, including recommendation (Bhagavat-
ula et al., 2018), exploratory or analogical search
(Hope et al., 2017, 2021b; Lissandrini et al., 2019),
paper-reviewer matching (Mimno and McCallum,
2007; Berger et al., 2020) and many more uses.

Scientific papers often describe multifaceted ar-
guments and ideas (Hope et al., 2021a; Lahav et al.,
2022), suggesting that models capable of matching
specific aspects can better capture overall docu-
ment relatedness, too. For example, sentences in
research abstracts can often be categorized as de-
scriptions of objectives, methods, or findings (Kim

∗* Part of the work done during internship at AI2.
1Code, data, and models available at: https://

github.com/allenai/aspire

et al., 2011; Chan et al., 2018), centrally important
discourse structures of scientific texts.

In this paper, we propose a new model for doc-
ument similarity that makes aspect-level matches
across papers and aggregates them into a document-
level similarity. We focus on sentence-level aspects
of paper abstracts, and train multi-vector repre-
sentations of papers in terms of their contextual-
ized sentence embeddings. To train our models,
we leverage a readily available data source: sen-
tences that co-cite multiple papers. Unlike recent
work that used citation links for learning scientific
document similarity (Cohan et al., 2020), we ob-
serve that papers cited in close proximity provide
a more precise indication of relatedness. Further-
more, the citing sentences typically describe how
the co-cited papers are related, in terms of shared
aspects (e.g., similar methods or findings, related
challenges or directions, etc.). Building on this ob-
servation, we leverage these textual descriptions as
a novel source of textual supervision, using them
to guide our model to learn which sentence-aspects
match without any direct sentence-level supervi-
sion. Guidance for the document similarity model
is obtained via an auxiliary sentence encoder model
that is used for aligning abstract sentences by find-
ing pairs most similar to the citing sentence text.

Our document similarity objective is modeled
as a function of similarity between sentence-level
matches. We explore two strategies to aggregate
over sentence-level distances between documents.
First, a single-match method with minimum L2 dis-
tances between document aspect vectors. This ap-
proach readily supports approximate nearest neigh-
bor search methods for large-scale retrieval. Sec-
ond, a multi-match method that computes an Earth
Mover’s Distance between documents’ aspect vec-
tors by solving an Optimal Transport problem. This
yields a soft sparse matching of aspect vectors,
which when combined with their L2 distances gives
a document-level distance.
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Finally, as an additional benefit of our repre-
sentation, our models also support a finer aspect-
conditional retrieval task (Hope et al., 2017, 2021a;
Chan et al., 2018; Mysore et al., 2021) where as-
pects can be specified by selecting abstract sen-
tences — for example, selecting sentences describ-
ing methods and retrieving papers using similar
methods. As we show, naively encoding sentences
without their context leads to subpar results in this
task, and our representation that does take context
into account dramatically improves results.

Extensive empirical evaluation on four English
scientific text datasets and seven similarity tasks
at the level of documents and sentences demon-
strates the effectiveness of our models. These in-
clude biomedical document retrieval tasks and a re-
cent faceted query-by-example corpus of computer
science papers (Mysore et al., 2021). This latter
dataset is used for evaluating retrieval conditioned
on specific aspects in context (e.g., for finding pa-
pers with similar methods to a query document),
demonstrating that our model can be used in this
challenging and important setting. In summary, we
make the following main contributions:

1. Multi-Vector Document Similarity Model:
We present ASPIRE2, a multi-vector document
similarity model that flexibly aggregates over
fine-grained sentence-level aspect matches.

2. Co-Citation Context Supervision: We ex-
ploit widely-available co-citation sentences as
a new source of training data for document
similarity and provide a method using a novel
form of textual supervision to guide represen-
tation learning for aspect matching.

3. State of the Art Results: Our ASPIRE mod-
els outperforms strong baseline methods
across four datasets for the abstract and aspect-
conditional similarity tasks.

2 Problem Setup

Given query document Q and a candidate amongst
a set of documents C ∈ C, where documents con-
sists of N sentences 〈S1, S2, . . . SN 〉 we aim to
leverage fine-grained document similarity in two
problem settings. An abstract level retrieval task
(Brown et al., 2019; Cohan et al., 2020) and an
aspect-level retrieval task (Mysore et al., 2021):

Def 1. Retrieval by abstracts: Given query and
candidate documents – Q and C a system must
output the ranking over C.

2ASPIRE: Aspectual Scientific Paper Relations.

Def 2. Aspect-level retrieval by sentences: Given
query and candidate documents – Q and C, and a
subset of sentences SQ ⊆ Q conditional on which
to retrieve documents, a system must output the
ranking over C.

Modeling Desiderata: Next, we also outline
key desired properties we require from models de-
veloped for task definitions 1 and 2. We follow
these desiderata when building our methods (§3.1).

1. Allowing specification of optional fine-grained
aspects: We would like models to allow the ability
to specify fine-grained query aspects in a query doc-
ument based on which retrievals should be made.
These may be obtained automatically (e.g., with a
discourse tagging method) or via user specification.
2. Scalable to large corpora and efficient inference:

State of the art retrieval systems often rely on ex-
pensive cross-attention mechanisms on query-docu-
ment pairs making training and inference expensive
(Zamani et al., 2018; Lin et al., 2021). This is ex-
acerbated for longer scientific documents requiring
specific transformer models (Caciularu et al., 2021).
We require our methods to leverage large training
corpora and allow efficient inference at scale.

3 Proposed Approach: ASPIRE

In this section we describe our approach to docu-
ment similarity – ASPIRE. We model finer-grained
matches between documents at the level of sen-
tences via contextual representations and aggre-
gating over matches to obtain similarities between
whole documents. We leverage co-citation sen-
tences as a source of document similarity and also
as implicit textual supervision describing related
aspects of co-cited documents. We formulate our
multi-vector models (Luan et al., 2021; Humeau
et al., 2020) that can support scalable inference as
novel multiple-instance learning (MIL) models.

3.1 Fine-grained Document Similarity

We assume to be given a training set consisting
of sets of documents P which are weakly-labeled
for similarity. We leverage widely-available sets
of papers co-cited together in the same sentence
as similar (see Figure 1). This builds on the obser-
vation that co-citations in close proximity (e.g., in
the same sentence) are strong indicators for paper
relatedness (Gipp and Beel, 2009).

We follow the contrastive learning framework,
commonly used for learning semantic similarity
(Reimers and Gurevych, 2019; Cohan et al., 2020).
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Parser Adaptation and 
Projection with Quasi-
Synchronous Grammar 

Features 
[…] On the more difficult 
problem of cross-lingual 
parser projection, we learn a 
dependency parser for a 
target language by using 
bilingual text, an English 
parser, and automatic word 
alignments […]

(Smith and Eisner, 2009)

Dependency Grammar 
Induction via Bitext 

Projection Constraints 
[…] We consider generative 
and discriminative models 
for dependency grammar 
induction that use word-
level al ignments and a 
source language parser 
(English) to constrain the 
space of possible target 
trees. […]

(Ganchev et al., 2009)

a

b

c
Co-Cited Abstract

Most previous work in cross-language 
adaptation has used parallel corpora to 
project dependency structures across 
translations using word alignments (Smith 
and Eisner, 2009; Ganchev et al., 2009)

Co-Citation Context

Figure 1: Example illustrating the signal in co-citations. Of all the sentences in co-cited abstracts a and c , the
sentences shown are each individually aligned to co-citation context b as per embeddings from BERTE (§3.2.2).
Consequently these sentences in a and c are treated as sharing aspects between the co-cited papers and our
fine-grained similarity model for single matching is trained to align them.

We train models on triples of the form (p, p′, n)
where p, p′ ∈ P and n /∈ P is a randomly se-
lected negative, using the triple margin ranking
loss Lf (p, p′, n) = max[f(p, p′)−f(p, n)+m, 0],
where f(·, ·) is a distance between documents. All
pairwise-combinations p, p′ ∈ P are treated as pos-
itive pairs in-turn. In this work, we parameterize f
based on the distances between finer-grained doc-
ument aspects A. Given documents p and p′, we
focus on a family of functions f of the form:

f(p, p′) =
∑

(i,i′)∈Ap×Ap′
wi,i′ · di,i′ . (1)

Here, Ap ×A′p represents the space of alignments
between aspects of document p and p′, di,i′ denotes
a distance between two aspects i, i′, and wi,i′ rep-
resents a weight indicating the contribution of the
aspect similarity to the overall document similar-
ity. Unlike previous work (Neves et al., 2019; Jain
et al., 2018; Hope et al., 2017), we make no as-
sumption on specific aspect semantics in deriving
a model architecture, and focus on aspects in the
form of general subsets of document sentences.

For learning, we only assume to be given
document-level supervision (sets of documents P),
and no gold supervision on aspect-level similarity
as in other related work, eg. Jain et al. (2018). Our
task thus consists of learning wi,i′ and di,i′ via in-
direct supervision. We cast this problem setting as
a novel type of multi-instance learning (MIL) (Ilse
et al., 2018) problem. Prior work in MIL broadly
aims to learn instance level classifiers given labels
for a bag of instances, this bears resemblance to
our setting, where instances are aspects A. How-
ever, unlike prior MIL work we focus on learning
similarity rather than classification. We formulate
two variants of f in Equation 1:

(1) A single match model (§3.2.2) which con-
siders documents similar based on the single most
similar alignment îp, îp′ ∈ Ap×A′p. This assumes
w = 1 for the best alignment and w = 0 elsewhere.

(2) A multi match model (§3.2.3) which makes
multiple alignments between documents. We find
aspect importance weights wi,i′ , by solving an Op-
timal Transport (OT) problem (Peyré et al., 2019).

In both variants, during training we learn con-
textualized aspect embeddings that minimize the
contrastive loss paramertized with f , described fur-
ther in §3.2.

Co-citation Contexts as Supervision: Finally,
we present a method for incorporating implicit natu-
ral language supervision during training, presented
by co-citation sentences which describe specific
relations between co-cited documents. For exam-
ple, Figure 1 shows a case explaining the similarity
between the co-cited papers’ methods. We leverage
this textual supervision to find a “best” alignment
îp, îp′ in the single-alignment variant (1), and for
guiding the optimal transport plan in variant (2).
We describe the specific model components next.
Fig 2a presents a schematic for our approach.

3.2 Model Description

3.2.1 Document Encoder
We leverage a pre-trained BERT-based language
model as a document encoder as the base of all our
methods. Our encoder is mainly intended to output
contextualized sentence representations. Given a
document title and abstract, this is achieved as:

S = BERTθ([CLS] Title [SEP] Abstract) (2)

where S ∈ RN×d represents contextualized sen-
tences s1 . . . sN stacked into a matrix. Here, each
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Co-citation context

Transport plan, P̂L2 distances for , p, p′ D

Co-citation context

(a) Learning fine-grained document similarity using co-
citations.

Co-citation context

Transport plan, P̂L2 distances for , p, p′ D

Co-citation context

(b) The single best match, îp, îp′ , is computed from
textual supervision in the co-citation context.

Co-citation context

Transport plan, P̂L2 distances for , p, p′ D

Co-citation context

(c) Multi-aspect matches via a sparse transport plan.

Figure 2: Approach overview. (a) We train fine-grained similarity models using papers co-cited in the the same
sentence in research papers. (b) Single-match models are learned from implicit supervision in co-citation contexts.
(c) Multi-match models are learned by aligning aspect representations by solving an Optimal Transport problem.

s is obtained by mean-pooling word-piece embed-
dings from the final layer of BERTθ for the sen-
tence tokens. Pairwise distances between sentences
di,i′ in Eq 1 for p, p′, are represented as a matrix
D ∈ RN×N ′ of L2 distances between Sp and Sp′ .

3.2.2 Single Match & Textual Supervision

Our single match model makes the assumption that
document similarity is explained by a single best
match, giving fTS(p, p′) = D[̂ip, îp′ ]. Here, we
leverage weak supervision from co-citation con-
texts for training. This is done by using an auxiliary
sentence encoder to compute a maximally aligned
sentence îp in co-cited paper p to the co-citation
context, similarly îp′ aligns a sentence in p′ to the
co-citation context. Then the two context aligned
sentences are treated as aligned to each other, for
training. In practice, the same papers P can be
co-cited in multiple different papers (in ∼ 30%
of co-cited papers) giving us a set of co-citation
sentences, e ∈ E and training data of the form
(E ,P). Alignments of the sentences in p and p′ to
the co-citation contexts e ∈ E are computed as:

îp, k̂p = argmax
i=1...N,k=1...N ′

RpR
T
E

îp′ , k̂p′ = argmax
i=1...N,k=1...N ′

Rp′R
T
E

(3)

Here Rp, Rp′ , and RT
E are independent sentence

representations for p, p
′

and e, respectively, ob-
tained from a auxiliary sentence encoder BERTE
(details below), and îp, îp′ represent the single best
alignment of sentences across p, p′ “anchored” on
textual supervision sentences E . Importantly, this
supervision is only used during training time to
guide learning. This procedure is depicted in Fig-
ure 2b with Figure 1 showing an example.

Co-citation Context Encoder The encoder
BERTE represents a SCIBERT based sentence en-
coder pre-trained for scientific text similarity. We
train BERTE on sets of co-citation contexts referenc-
ing the same set of papers (i.e. E) in a contrastive
learning setup with random in-batch negative sam-
ples. This set, E , can be considered as paraphrases
since co-citation sentences citing the same papers
often describe similar relations between the papers.
This model is similar to Sentence-BERT (Reimers
and Gurevych, 2019) and we refer to it as CoSent-
Bert. In training document encoder BERTθ, we
keep BERTE frozen. Appendix C presents more
detail on BERTE design.

3.2.3 Multiple Matches & Optimal Transport

While a single best sentence alignment îp, îp′ may
sufficiently explain document similarity for some
documents and applications, documents often have
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a stronger and weaker alignments. So, in comput-
ing sentence alignments between documents we
would like a sparse matching that aptly weights
alignments while ignoring non-alignments — cor-
responding to learning weights wi,i′ in Eq 1. To
model this intuition we leverage optimal transport.

Optimal Transport The OT problem is consti-
tuted by two sets of points, Sp and Sp′ as in our
case, and distributions xp and xp′ according to
which the set of points is distributed. The OT prob-
lem involves computation of a transport plan P̂,
which converts xp into xp′ by transporting prob-
ability mass while minimizing an aggregate cost
computed from the pairwise costs D of aligning
the points in Sp and Sp′ . P̂ is constrained such
that its columns and rows marginalize respectively
to xp and xp′ (so that all mass is accounted for).
Specifically, the computation of P̂ takes the form
of a constrained linear optimization problem:

W = min
P∈S
〈D,P〉 (4)

= min
P∈S

N∑

i=1

N ′∑

j=1

D[i, j]P[i, j] (5)

S = {P ∈RN×N′
+ |P1N′ = xp,P

T1N′ = xp′} (6)

whereW refers to the Wasserstein or Earth Movers
Distance and P̂ is the minimizer resulting from
solving Eq 5. Of interest here is an established
result which shows P̂ to be sparse withO(N+N ′)
non-zero entries (Swanson et al., 2020). Therefore,
P̂ represents a soft sparse alignment of sentences
and can be used as weights wi,i′ in Eq 1, with doc-
ument distances computed as fOT(p, p′) = 〈D, P̂〉.
Fig 2c presents a schematic for this approach.

Note that xp and xp′ allow control over impor-
tance of sentences in p and p′ in the form of relative
probability mass. We compute these distributions
using pairwise distances as x = softmax(−s/τ)
where sp = mini D and sp′ = minj D, and τ is a
softmax temperature hyper-parameter.

For our neural network models trained with auto-
matic differentiation, we leverage an entropy regu-
larized version of the Wasserstein distance in Eq 5
(Cuturi, 2013). Here computation of P̂, is achieved
via Sinkhorn iterations, a set of iterative linear
updates allowing training with autodiff libraries
and leveraging GPU computation. Finally, Cuturi
(2013) show that computingW with Sinkhorn it-
erations shows an empirical quadratic complexity,
i.e. O(N2) — similar to that of attention as in a
model for late interaction (Humeau et al., 2020).

Multi-task model: To leverage training signals
used in both the single and multi-match models, we
train a multi match model supervised with textual
supervision in a multi-task setup: LfTS + LfOT .

3.3 Inference

As outlined in §2, we are interested in a whole-
abstract based retrieval (Def 1) and an aspect level
retrieval (Def 2). In both setups given a query Q
and candidate C documents we denote sentence
representations from a trained model by SQ and
SC . For both tasks, we compute distances for rank-
ing while controlling the aspects AQ (i.e Ap) over
which the weighted sum of Eq 1 is performed.

Whole abstract retrieval: This corresponds to
a setup where all aspects of the query document
Ap are used in computing distances between docu-
ments. In the single-alignment models, candidates
C are ranked based on their maximally aligned sen-
tence with Q using distances from a trained model:
îp, îp′ = argmini,j D. The multi match model

ranks candidates using the distance 〈D, P̂〉, where
P̂ is the solution to transport problem of Eq 5.

Aspect level retrieval: In aspect-level retrieval,
a subset of sentences Aq ⊂ AQ is used for query
document Q; for candidate documents C, we do
not assume to be given specific aspects, and match-
ing is done across all sentences in each C. In
the single alignment models, we only consider a
subset of the pairwise sentence distances to de-
termine the maximally aligned sentences, giving
DA = D[Aq, :]. This corresponds to finding
the maximally aligned candidate sentence to the
query sentences in Aq. Similarly, in the multiple-
alignment model we compute the plan P̂Aq based
on the subset of sentences corresponding toAq and
generate rankings by 〈DAq , P̂Aq〉. Note that SQ
in Q is still contextualized, capturing document
context of sentences not explicitly used in Aq.

Scaling Inference: Our multi-vector model for
single matching performs retrievals via minimum
L2 distance. Therefore, this method is amenable
to approximate nearest neighbour (ANN) search
methods for large-scale retrieval (Andoni et al.,
2018; Luan et al., 2021). Retrieval with our single-
match model would involve |AQ| and |Aq| calls
to an ANN structure for the whole abstract and
aspect-level tasks respectively.

On the other hand, as stated earlier our multi-
match model using Sinkhorn iterations involves
a O(N2) computation (Cuturi, 2013), which is
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similar to late interaction methods. Humeau et al.
(2020) show late interaction models to be signifi-
cantly cheaper than cross-encoders while retaining
most of their performance in ad-hoc search setups.
While quadratic, OT computation in practice can
be time-consuming, however, recent work of Back-
urs et al. (2020) has seen development of fast ANN
methods for Wasserstein distances with practical
run-times significantly smaller than quadratic ones.
This promises the use of ANN methods in large-
scale retrieval with our multi-match model

In our results we refer to our text supervised sin-
gle match method as TSASPIRE, optimal transport
multi match method as OTASPIRE, and the multi-
task trained multi aspect method as TS+OTASPIRE.

4 Experiments and Results

Evaluation data: We evaluate the proposed meth-
ods on datasets for whole abstract document sim-
ilarity and fine-grained document similarity. We
overview these below. Appendix B provides detail.

1. RELISH: An expert annotated dataset of
biomedical abstract similarity (Brown et al., 2019).

2. TRECCOVIDRF: The original TRECCOVID

dataset is labelled for ad-hoc search by experts
(Voorhees et al., 2021). We reformulate the dataset
for abstract similarity, treating all abstracts relevant
to one ad-hoc query as similar to each other and
dissimilar from abstracts relevant to other queries.
3. SCIDOCS: A benchmark suite of tasks intended

for evaluating abstract-level scientific document
representations (Cohan et al., 2020).
4. CSFCUBE: Fine-grained retrieval is evaluated

using the recent dataset of Mysore et al. (2021), an
expert-annotated dataset of machine learning and
NLP abstracts labelled against candidates for rele-
vance to one of 3 broad aspects capturing the main
components of methodological research: back-
ground/objective, method, result. Rel-
evance is labelled for query sentences correspond-
ing to those aspects, while considering the broader
relevance of the sentences’ abstract context.

Baselines: We compare the proposed ap-
proaches to three classes of methods. We
overview these classes and associated models be-
low, with Appendix D presenting further detail:
1. Sentence models: Sentence embedding mod-
els present reasonable baselines since we consider
fine-grained matches at the sentence level. These
are represented by MPNET-1B, a sentence model

trained on over 1 billion text pairs3, Sentence-Bert
(SENTBERT) (Reimers and Gurevych, 2019), SIM-
CSE (Gao et al., 2021), cosentbert of §3.2.2,
and ICTSENTBERT (Lee et al., 2019).

2. Abstract models: The abstract level model
SPECTER (Cohan et al., 2020), represents a SOTA
model for scientific document similarity trained on
cited abstract pairs. We also train a variant of this
model on co-cited papers: SPECTER-COCITE. Fi-
nally, we also compare to SCINCL, introduced in
recent concurrent work of Ostendorff et al. (2022).
SCINCL presents a bi-encoder model similar to
SPECTER with improvements to its contrastive
learning procedure – presenting a complementary
direction to our approach.

3. Sentence level models modified for whole
abstract similarity: Here we combine the SOTA
sentence encoder MPNET-1B with the optimal
transport (§3.2.3) for aggregating sentence level
matches giving OTMPNET-1B.

Sentence models use the same inference proce-
dure as our single match method, abstract mod-
els rank using L2 distances between papers em-
beddings, and the modified sentence model uses
the multi match inference procedure. All reported
model hyper-parameters are tuned, trained on 1.3M
co-citation triples, and initialized with SPECTER

unless noted otherwise.4 In reporting results, we
report standard retrieval metrics Mean Average Pre-
cision (MAP) and NDCG at rank K. For NDCG@K
we follow Wang et al. (2013), and choose K= p∗|C|
where p ∈ (0, 1). NDCG%20 therefore refers
to NDCG computed at 20% of the pool size for
a query. This is apt since queries have varying
pool sizes. Appendices A, E, and F detail train-
ing data, algorithms, and hyper-parameters. Next,
we present our main results comparing proposed
approaches to baselines.

4.1 Results

Fine-grained similarity: Table 1 presents results
on CSFCUBE. We report performance on the three
facets background, method, and result an-
notated in the dataset, and aggregated across all
facets. We first make some observations about base-
line methods: 1. MPNET-1B outperforms all other
sentence level models and a SOTA abstract repre-
sentation, SPECTER, indicating the value of sen-
tence-level information for capturing fine-grained

3MPNET-1B: https://bit.ly/2Zbm2Iq
4Initialization indicated via subscript in tables.
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CSFCUBE facets→ Aggregated Background Method Result

Models MAP NDCG%20 MAP NDCG%20 MAP NDCG%20 MAP NDCG%20

MPNET-1B 34.64 54.94 41.06 65.86 27.21 42.48 36.07 54.94
SENTBERT-PP 26.77 48.57 35.43 60.80 16.19 33.40 29.16 48.57
SENTBERT-NLI 25.23 45.39 30.78 54.23 15.02 31.10 30.27 45.39
UNSIMCSE-BERT 24.45 42.59 30.03 51.59 14.82 31.23 28.76 42.59
SUSIMCSE-BERT 23.24 43.45 30.52 55.22 13.99 30.88 25.58 43.45
CoSentBert 28.95 50.68 35.78 61.27 19.27 38.77 32.15 50.68
ICTSENTBERT 28.61 48.13 35.93 59.80 15.62 35.91 34.42 48.13

OTMPNET-1B 36.41 56.91 43.23 67.60 28.69 43.49 37.76 60.30
SPECTER 34.23 53.28 43.95 66.70 22.44 37.41 36.79 56.67
SCINCL 39.37 59.24 49.64 70.02 27.14 46.61 41.83 61.70
SPECTER-COCITEScib 37.90 58.16 48.40 68.71 26.95 46.79 38.93 59.68
SPECTER-COCITESpec 37.39 58.38 49.99 70.03 25.60 45.99 37.33 59.95

TSASPIRESpec 40.26 60.71 49.58 70.22 28.86 48.20 42.92 64.39
OTASPIRESpec 40.79 61.41 50.56 71.04 27.64 46.46 44.75 67.38
TS+OTASPIRESpec 40.26 60.86 51.79 70.99 26.68 47.60 43.06 64.82

Table 1: Test set results for baseline and proposed methods on CSFCUBE, an expert annotated fine-grained sim-
ilarity dataset of computer science papers. Our approaches outperform strong prior models OT/MPNET-1B and
SPECTER by 5-6 points, and the concurrently introduced SCINCL model by 1.5-2 points aggregated across queries.
Metrics (MAP, NDCG%20) are computed based on a 2-fold cross-validation and averaged over three re-runs of mod-
els. Here, TSASPIRE: Text supervised single-match method, OTASPIRE: Optimal Transport multi-match method
and TS+OTASPIRE: Multi-task multi aspect method.

similarities. With OTMPNET-1B indicating the
value of modeling multiple matches. 2. SPECTER–
COCITEScib, which is identical to SPECTER but
trained on co-citations outperforms it, showing the
value of co-citations for fine-grained similarity.

Next, we examine performance of the proposed
methods: 1. First we note that all of the pro-
posed approaches consistently outperform perfor-
mant prior work, OT/MPNET-1B and SPECTER, by
about 5-6 points, and concurrent work of SCINCL
by about 1.5-2 points aggregated across queries.
2. Next, we note that the proposed approaches out-
perform SPECTER-COCITESpec, trained on co-c-
itations by 2-3 points aggregated across queries.
3. Our single match model trained with textual
supervision, TSASPIRE consistently outperforms
baselines. 4. Finally, our multi-match model
OTASPIRE, while outperforming baselines sees ag-
gregate performance similar to single match meth-
ods. This is reasonable given the aspect-specific an-
notation of CSFCUBE where we expect gains from
modeling fine-grained (contextualized) matches
rather than aggregating multiple matches.

Now, we examine facet-specific performance:
1. Performance on background sees higher per-
formance in general and the smallest gains for
the proposed approaches. This may be attributed
to background similarity being captured in
coarse-grained topical similarity, a trait largely cap-

tured in existing baselines. 2. method similarity in
CSFCUBE presents significant challenges (Mysore
et al., 2021, Sec 6) since it relies upon procedural
similarities across steps of a method and on domain
knowledge based similarities - this is often captured
in co-citation data (Fig 1 presents one such com-
plex paraphrase example). We see strongest perfor-
mance for TSASPIRE here. 3. Finally, given that
paper results interpretations are often dependent
on all aspects of a given paper, result similar-
ity often depends on similarity across the whole
abstract. This leads OTASPIRE which models mul-
tiple matches to see strong performance.

Whole-abstract similarity: Table 2 presents re-
sults on TRECCOVIDRF and RELISH. At the out-
set, we note that while being annotated for whole-
abstract relevance, these datasets present differ-
ent characteristics. While TRECCOVIDRF presents
queries centered on a very specific topic, RELISH

presents a much more diverse set of queries. Fur-
ther, TRECCOVIDRF pairs queries with pools of
about 9000 candidates while RELISH has about 60
candidates per query. Next, we examine baselines.

1. In contrast to fine-grained similarity datasets
the best sentence level model MPNET-1B, sig-
nificantly underperforms an abstract level model,
SPECTER, indicating the need for whole abstract
representations for these datasets. Aggregating sen-
tence matches as in OTMPNET-1B, drastically im-
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Models
TRECCOVIDRF RELISH

MAP NDCG%20 MAP NDCG%20

MPNET-1B 17.35 43.87 52.92 69.69
SENTBERT-PP 11.12 34.85 50.80 67.35
SENTBERT-NLI 13.43 40.78 47.02 63.56
UNSIMCSE-BERT 9.85 34.27 45.79 62.02
SUSIMCSE-BERT 11.50 37.17 47.29 63.93
CoSentBert 12.80 38.07 50.04 66.35
ICTSENTBERT 9.80 33.62 47.72 63.71

OTMPNET-1B 27.46 58.70 57.46 74.64
SPECTER 28.24 59.28 60.62 77.20
SCINCL 28.73 59.16 62.09 78.72
SPECTER-COCITEScib 30.60 62.07 61.43 78.01
SPECTER-COCITESpec 28.59 60.07 61.43 77.96

TSASPIRESpec 26.24 56.55 61.29 77.89
OTASPIRESpec 30.92 62.23 62.57 78.95
TS+OTASPIRESpec 30.90 62.18 62.71 79.18

Table 2: Test set results for baseline and proposed meth-
ods on TRECCOVIDRF and RELISH, expert annotated
abstract similarity datasets of biomedical papers. Our
approaches outperform or match a strong prior model,
SPECTER, and the concurrently introduced SCINCL by
2-3 points across metrics (MAP, NDCG%20). These
are computed as averages over three model re-runs.
Method names map similarly to Table 1.

proves MPNET-1B. 2. Next, similar to results in
Table 1, a model identical to SPECTER, but trained
on co-citations, SPECTER-COCITESpec, outper-
forms SPECTER indicating the value of co-citation
signal for whole-abstract similarity too. 3. Finally,
we also note that while SCINCL sees an expected
stronger performance to SPECTER in RELISH, it
sees comparable performance in TRECCOVIDRF –
indicating the influence of the candidate pool size
on its performance.

In examining performance of our proposed meth-
ods, we note the following: 1. Across datasets,
our method for single matches, TSASPIRE, out-
performs context-independent sentence baselines
by several points indicating the value of contex-
tualization. However, this method still under-
performs abstract-level baselines. 2. However,
methods modeling multiple matches, OTASPIRE

and TS+OTASPIRE, substantially outperform
TSASPIRE as well as baseline prior work SPECTER

and OTMPNET-1B. This performance indicates the
strength of OT based aggregation of fine-grained
matches for abstract level similarity. The proposed
methods additionally match or outperform the con-
current approaches of SCINCL. Note here, that
given the complementary approach presented in
SCINCL - strong models are likely to result from
combining both approaches.

We present results demonstrating the value of

the proposed approach on the SCIDOCS benchmark
in Appendix G. Further, we also present a set of
ablations in Appendix H. These ablations establish
the value of textual supervision over the encoder
(BERTE ) used for encoding the text, the value of
optimal transport compared to attention alterna-
tives, and alternative single-match models trained
without co-citation contexts.

5 Related Work

Aspect-based paper representations: A large body
of work learns structured representations of scien-
tific papers. Jain et al. (2018) present an approach
which learns pre-defined aspect (PICO) encoders
for biomedical papers. Similarly work of Neves
et al. (2019), Chan et al. (2018), and Kobayashi
et al. (2018) each label paper texts and then com-
pute aspect-specific embeddings for document clas-
sification or ranking using existing methods. This
line of work often relies on pre-defined aspects and
building aspect-specific methods. Finally, work
of Ostendorff et al. (2020) and Luu et al. (2021)
present an approach with some similarities to the
ones presented above – these approaches leverage
classification or language generation models to out-
put fine-grained relationships between pairs of pa-
pers. Our work leverages co-citation contexts to
supervise free-text aspects with a new model for
document retrieval, that is also not tied to a specific
schema of labels.

Fine-grained document representations: An-
other similar line of work is modeling fine-grained
document-document similarity at the level of words
or latent topics. Examples include early work El-
Arini and Guestrin (2011) presenting paper recom-
mendation methods with unigram-level similarity
between papers using authorship and citation links
or using latent document topics (Gong et al., 2018;
Yurochkin et al., 2019; Dieng et al., 2020).

Our approach represents documents via sen-
tences, a common and intuitive structure for reason-
ing about scientific document facets (Chan et al.,
2018; Zhou et al., 2020). Ginzburg et al. (2021)
present a self-supervised model for contextual sen-
tence representations in long documents similar to
our ICT baseline (Lee et al., 2019).

Ad-hoc Search: A range of recent work in in-
formation retrieval presents multi-vector models
intended to capture different aspects of candidate
documents with score aggregation relying on sum-
mations, max, or attention functions (Khattab and
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Zaharia, 2020; Luan et al., 2021; Humeau et al.,
2020), these however focusing on short-text queries
seen in search or question answering (QA). Mitra
et al. (2017) explore an approach to model term-
level fine-grained similarities with neural networks,
Liu et al. (2018) model fine-grained matches at the
level of entity spans, and Akkalyoncu Yilmaz et al.
(2019) model document relevance by aggregating
sentence relevance. Similarly, recent work of Lee
et al. (2021) models fine-grained matches for QA at
the phrase level. Importantly, these methods rely on
supervision from knowledge bases or QA datasets,
limiting applicability to specific span definitions
and areas with these resources, often not present in
the scientific domain (Hope et al., 2021a).

A range of modeling approaches in the context
of other tasks resemble elements of our approach.
We describe these in Appendix J.

6 Conclusions

We presented ASPIRE, a scientific document simi-
larity model that is trained by leveraging co-citation
contexts for learning fine-grained similarity. We
use co-citation contexts as a novel form of tex-
tual supervision to guide the learning of multi-
vector document representations. Our model out-
performed strong baselines on seven document
similarity tasks across four English scientific text
datasets. Moreover, we showed that a fast single-
match method achieves competitive results, en-
abling fine-grained document similarity in large-
scale scientific corpora. A future direction is the
interactive use of our methods, with a system allow-
ing users to highlight specific aspects of papers and
retrieve contextually-relevant matches. Another
promising application is for finding analogies —
structural matches between texts describing ideas,
as in scientific papers, to boost discovery (Hope
et al., 2017, 2021b; Chan et al., 2018).
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A Co-citation Data

As noted in §3.1, we train the proposed methods
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of co-cited papers from the S2ORC corpus5 (Lo
et al., 2020). Since our evaluation datasets draw
on text from different domains we build training
sets with co-cited papers for each: biomedicine
for RELISH and TRECCOVIDRF, computer science
for CSFCUBE, and a 60/40 mix of biomedicine
and CS for SCIDOCS. Each dataset contains 1.3M
training triples.

Next we describe construction of our co-citation
data given 8.1 million English full text articles in
the S2ORC corpus which have been parsed for
citation mentions and linked to cited papers in the
corpus using automatic tools (Lo et al., 2020):

• Domain definition: We define our biomedical
articles to be those tagged either “Medicine”
or “Biology” in S2ORC. “Computer Science”
tagged papers are treated as CS papers.
• Co-citation contexts: To obtain co-cotation

contexts - we first obtain sentence boundaries
for co-citation contexts using the en_core_-
sci_sm pipeline included in spacy.6.
• Filtering abstracts: In selecting abstracts for

our dataset we retain those that have a mini-
mum of 3 sentences, and a maximum of 20
sentences. Further, abstracts where all the
sentences are too small (3 tokens) are ex-
cluded. Similarly, abstracts with sentences
greater than 80 tokens are excluded.
• Selecting training co-citated abstract data
{P}: Given contexts with qualifying abstracts
as described above, we only retain co-citation
contexts with 2 or 3 co-cited papers. A man-
ual examination revealed that larger co-cited
sets tended to be more loosely related.
• Selecting co-citation sentence training data

for BERTE : Note that this represents a sen-
tence encoder trained by treating co-citation
contexts referencing the same paper as para-
phrases. Here, we select co-citation contexts
containing 2 or more co-cited papers as para-
phrase sets E .

Abstract level training triples for the biomedical
and computer science sets are built by treating all
unique pairs of papers as positives. 1.3 million
triples were used for each domain - these were
sampled from larger sets at random.

5Released under a CC BY-NC 2.0. license.
6https://allenai.github.io/scispacy/

B Evaluation Dataset Details

Here we provide further detail on the evaluation
datasets overviewed in §4.

RELISH: An annotated dataset of biomedical
abstract queries labelled by experts (Brown et al.,
2019). In a number of cases expert annotators are
the authors of query papers. Per query candidate
pools are of size 60, with 1638 queries in develop-
ment and test sets each. Dataset is released under
a Creative Commons Attribution 4.0 International
License.

TRECCOVIDRF: While the original TRECCOVID

dataset of Voorhees et al. (2021) is labelled for ad-
hoc search by experts, we reformulate the dataset
for abstract similarity, treating all documents rel-
evant to one ad-hoc query as similar to each
other. From each original query and its respec-
tive relevance-labeled documents, we sample an
abstract from relevant documents (relevance of 2)
and use that as our query document. We treat all
other relevant documents as positive examples for
the query. Documents relevant for other queries
are treated as irrelevant for the sampled query. This
results in about 9000 candidates per query abstract
in TRECCOVIDRF. TRECCOVIDRF consists of about
1200 queries in the development and test splits each.
This dataset builds on the CORD-19 dataset (Wang
et al., 2020) released under a Apache License 2.0,
the license of TRECCOVID however isn’t clear from
the dataset release.

SCIDOCS: A benchmark suite of tasks intended
for abstract-level scientific document representa-
tions (Cohan et al., 2020). We evaluate our methods
on the tasks of predicting: citations, co-citations,
co-views, and co-reads. Per query candidate pools
are of size 30 about 1000 queries per task and devel-
opment and test split. We exclude classification and
recommendation sub-tasks relying on additional in-
ference components. Dataset is released under a
GNU General Public License v3.0 license.

CSFCUBE: The dataset consists of 50 queries
labelled for relevance against about 120 candidates
per query. Dataset is released under a Creative
Commons Attribution-NonCommercial 4.0 Inter-
national license.

C Co-citation Context Encoder

Here we present details of alternative design
choices for our co-citation context encoder. In
the use of BERTE , we note in §3.2.2 that this en-
coder is kept frozen during the course of training

4465

https://allenai.github.io/scispacy/


BERTθ. Fine-tuning BERTE via a straight-through
estimator (Bengio et al., 2013) under-performed
freezing it. Using other encoders for scientific
text such as SPECTER as BERTE under-performed
CoSentBert. A recent strong model for sen-
tence representation MPNet-1B7 lead to similar
performance on abstract and aspect-conditional
tasks as CoSentBert, indicating that a minimum
requisite sentence encoder is all that is needed for
BERTE .

D Baselines

Here we provide further detail on the baselines
overviewed in §4.
MPNET-1B & OTMPNET-1B: A sentence level

baseline of a MPNet (Song et al., 2020) base
model, fine-tuned on 1.17 billion similar text
pairs in a contrastive learning setup.8 This
training data broadly represents web and sci-
entific texts. Further we combine MPNET-1B
with an OT based aggregation scheme similar
to our multi-match model to yield, OTMPNET-
1B a baseline using optimal transport with a
performant sentence encoder.

SimCSE: A recent sentence representation model
(Gao et al., 2021). We compare to two model
variants: an unsupervised model UNSIMCSE-
BERT, and a variant supervised with NLI
data, SUSIMCSE-BERT.

Sentence-Bert: A sentence level transformer
model fine-tuned on similar sentence pairs
(Reimers and Gurevych, 2019). We com-
pare performance to two variants, SENTBERT-
PP and SENTBERT-NLI, fine-tuned on para-
phrases and natural language inference (NLI)
data respectively.

CoSentBert: The sentence-level model we de-
scribe in §3.2.2: A SCIBERT model fine-
tuned on co-citation sentence contexts refer-
encing the same set of co-cited papers.

ICTSENTBERT: A SCIBERT sentence model
trained using the self-supervised inverse close
task (Lee et al., 2019). Here we train abstract
sentence representations to capture the seman-
tics of their paragraph contexts.

SPECTER: A state of the art abstract level repre-
sentation (Cohan et al., 2020). Here a SCIB-
ERT model is fine-tuned to maximize simi-
larity between representations of cited papers.

7MPNet-1B: https://bit.ly/2Zbm2Iq
8MPNet-1B: https://bit.ly/2Zbm2Iq

We also train a variant of this model on co-
cited papers: SPECTER-COCITE.

SCINCL: A recent concurrent state of the art ab-
stract level representation (Ostendorff et al.,
2022). This approach trains a model similar to
SPECTER, with improvements to the negative
sampling strategies of Cohan et al. (2020) for
contrastive learning. This presents a comple-
mentary contribution to the one presented in
our work - with future modeling approaches
likely to benefit from both approaches.

For the baselines described above specific model
names from the Hugging Face9 and Sentence Trans-
formers10 libraries are as follows:
MPNet-1B: HF; sentence-transformers/all-mpnet-

base-v2.
SimCSE: HF; princeton-nlp/sup-simcse-bert-base-

uncased, princeton-nlp/unsup-simcse-bert-
base-uncased.

Sentence-Bert: ST; Paraphrases: paraphrase-
TinyBERT-L6-v2. NLI: nli-roberta-base-v2
from the Sentence-Transformers library.

E Training

All our approaches are trained using the Adam opti-
mizer with an initial linear warm-up for 2000 steps
followed by a linear decay using gradient accumi-
lation for a batch size of 30. The margin m in the
triplet loss is set to 1. We implement all methods
using PyTorch, HuggingFace, and GeomLoss li-
braries. Training convergence is established based
on the loss on a held out set of co-citation data
ensuring that training does not rely on a labelled
dataset for convergence checks.

All experiments were run with data parallelism
over servers nodes with the following GPU config-
urations: 8×12GB NVIDIA GeForce GTX 1080
Ti GPUs, 4×24GB NVIDIA Tesla M40 GPUs,
or 2×48GB NVIDIA Quadro RTX 8000 GPUs.
Servers had 12-24 CPUs per node and 256-385GB
RAM. The training time per experiment varied
from 5-20 hours, and the experiments in this paper
represent about 4746 GPU hours of training.

F Model Hyper-Parameters

Here we report the best performing model hyper-
parameters. This is done per training dataset. For

9https://huggingface.co/
10https://www.sbert.net/docs/

pretrained_models.html
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computer science trained models evaluated on CS-
FCUBE:

• Specter-CoCiteScib: LR 2e-5.
• Specter-CoCiteSpec: LR 2e-5.
• TSASPIRESpec: LR 2e-5.
• OTASPIRESpec: LR 2e-5. τ 0.5.
• TS+OTASPIRESpec: LR 1e-5. τ 0.5.

For biomedical trained models evaluated on
TRECCOVID and RELISH:

• Specter-CoCiteScib: LR 2e-5.
• Specter-CoCiteSpec: LR 2e-5.
• TSASPIRESpec: LR 2e-5.
• OTASPIRESpec: LR 2e-5. τ 5000.
• TS+OTASPIRESpec: LR 2e-5. τ 5000.

For biomedical+computer science trained mod-
els evaluated on TRECCOVID and RELISH:

• Specter-CoCiteScib: LR 2e-5.
• Specter-CoCiteSpec: LR 2e-5.
• TSASPIRESpec: LR 1e-5.
• OTASPIRESpec: LR 1e-5. τ 5000.
• TS+OTASPIRESpec: LR 1e-5. τ 5000.

We found it beneficial to use a low temperature τ
in computing distributions x for OT computation
for CSFCUBE - a fine-grained similarity dataset.
On the other hand we found it beneficial to use a
high temperature τ in computing distributions x,
causing it to be effectively uniform, for OT com-
putation in whole-abstract datasets SCIDOCS, REL-
ISH, and TRECCOVIDRF. This is reasonable given
the nature of similarity captured in these datasets.
Hyper-parameters of the underlying encoders were
not changed from their default values – other hyper-
parameters are common to methods and desribed
in §4.

Finally, in computing OT transport plans,
we optimize a entropy regularized objective:
min
P∈S
〈D,P〉 − 1

λh(P). Our experiments use a fixed

value of λ = 20.
Hyper-parameter tuning: We tune the hyper-

parameters of all the ablated and proposed methods
across the different datasets on development set per-
formance. For CSFCUBE the Aggregated dev set
performance was used for computer science train-
ing data models, TRECCOVIDRF and RELISH dev
sets were used for biomedical data models with ties
between the two broken by the more challenging
TRECCOVIDRF performance, and computer science
+biomedical data models were tuned on average

task performance of SCIDOCS tasks. Given the
expense of training models (about 20h for the pro-
posed models) we first tune softmax temperatures
then tuned learning rates. Large changes across
learning rates weren’t observed for the models. All
learning rates are tuned over the range {1e-5, 2e-
5, 3e-5}, OT sentence softmax temperatures τ are
tuned over {0.5, 1, 5, 5000}, and softmax tempera-
tures for ablation A3 was tuned over {0.5, 1, 5}.

G SCIDOCS Benchmark Result

SciDocs Benchmark: Table 3 indicates perfor-
mance on the abstract level document similarity
benchmark SCIDOCS of Cohan et al. (2020). First
we note that the strong performance of SPECTER

indicates a smaller gap to be closed. Here, although
our proposed methods see similar performance to
each other they consistently outperform SPECTER

on 3 of 4 tasks establishing state of the art perfor-
mance. Given SPECTER’s citation training signal
and our co-citation signal, we see better perfor-
mance on the Citations and Co-Citation
tasks respectively. Finally, note that our co-citation
trained approaches broadly see better performance
(1-1.5 points) on extrinsic tasks of Co-Reads and
Co-Views indicating the value of this signal.

H Ablations

Here we ablate a range of model components in
establishing factors which contribute performance.
In ablations we only report performance on CS-
FCUBE, TRECCOVIDRF, and RELISH.

A1. Does TSASPIRE gain from textual super-
vision over the encoder used to compute align-
ment? TSASPIRE relies upon a sentence alignment
encoder, BERTE in §3.2.2, to compute alignments,
îp, îp′ , from the co-citation context to the co-cited
abstracts. Here we investigate if improvements in
TSASPIRE are attributable to BERTE or to the co-
citation contexts themselves. We investigate this
by comparing the performance of TSASPIRE to a
model trained to maximize the alignment between
abstract sentences directly computed using BERTE ,
we refer to this as ABSASPIRE. This may be viewed
as a form of knowledge distillation where align-
ments from a more local sentence encoder model,
BERTE , are distilled into the contextual sentence en-
coder of TSASPIRE. As Table 4 shows, TSASPIRE

consistently outperforms ABSASPIRE, indicating
the value added by natural language supervision
from the co-citation contexts.
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SciDocs tasks→ Citations Co-Citations Co-Reads Co-Views

Models MAP NDCG MAP NDCG MAP NDCG MAP NDCG

MPNET-1B 86.76 92.63 85.68 92.16 83.45 90.47 82.51 89.29

SPECTER 92.39 95.90 88.32 93.88 86.42 92.39 84.65 90.70
SPECTER-COCITEScib 89.16

±0.33
93.97
±0.28

90.21
±0.18

94.76
±0.14

86.85
±0.22

92.51
±0.18

85.70
±0.16

91.37
±0.09

SPECTER-COCITESpec 89.85
±0.10

94.26
±0.08

90.82
±0.17

95.11
±0.11

87.14
±0.14

92.65
±0.13

85.81
±0.10

91.35
±0.05

TSASPIRESpec 90.99
±0.26

95.04
±0.17

90.92
±0.06

95.26
±0.05

87.51
±0.07

92.97
±0.06

85.87
±0.20

91.46
±0.14

OTASPIRESpec 91.13
±0.28

95.08
±0.20

90.88
±0.13

95.25
±0.02

87.50
±0.14

92.90
±0.12

85.70
±0.20

91.30
±0.11

TS+OTASPIRESpec 91.09
±0.33

95.03
±0.17

90.83
±0.08

95.22
±0.05

87.60
±0.05

92.98
±0.01

85.81
±0.25

91.42
±0.15

Table 3: Test set results for baseline and proposed methods on sub-tasks included in the SCIDOCS benchmark.
Our approaches outperform a prior strong model, SPECTER, by 1-1.5 points on 3 of 4 sub-tasks. Metrics (MAP,
NDCG) are computed based on averages over three re-runs of models. SPECTER uses model parameters as part of
the Huggingface library. Here, TSASPIRE: Text supervised single-match method, OTASPIRE: Optimal Transport
multi-match method and TS+OTASPIRE: Multi-task multi aspect method.

CSFCUBE Agg. MAP NDCG%20

ABSASPIRESpec 37.03
±1.39

59.57
±0.76

TSASPIRESpec 40.26
±0.93

60.71
±0.67

TRECCOVIDRF RELISH

MAP NDCG%20 MAP NDCG%20

ABSASPIRESpec 25.42
±0.9

55.34
±0.55

58.78
±0.69

75.80
±0.57

TSASPIRESpec 26.24
±0.45

56.55
±0.65

61.29
±0.51

77.89
±0.42

Table 4: Results for Ablation A1. Performance of
TSASPIRE trained with textual supervision from co-
citation contexts ablated for the effect of the text vs. in-
fluence of the text encoder (BERTE=CoSentBert; in
§3.2.2) used to compute alignments to the co-citation
contexts. Standard deviation across 3 model re-runs
under mean performance.

A2. Can multi-aspect matching use attention
aggregation instead of optimal transport? Since
our multi-aspect match model uses a soft sparse
matching with optimal transport we examine con-
tributions of this component by comparing perfor-
mance of a model (ATTASPIRE) trained with soft-
alignment using an attention mask, A – attention is
also a popular choice in prior work Humeau et al.
(2020); Zhou et al. (2020). Here, fAtt(p, p′) =
〈D,A〉 with, A = softmax(−D/τ). Note that
OT imposes specific inductive bias via the structure
of the trasport plan in ensuring it to be a permu-
tation matrix - a desirable property in computing
multiple alignments between a set of points. Table
5 examines performance of these model variants.
Broadly, ATTASPIRE sees performance compara-
ble or worse than OTASPIRE. While ATTASPIRE

CSFCUBE Agg. MAP NDCG%20

ATTASPIRESpec 41.85
±1.52

61.67
±0.82

OTASPIRESpec 40.79
±0.53

61.41
±0.52

TRECCOVIDRF RELISH

MAP NDCG%20 MAP NDCG%20

ATTASPIRESpec 29.51
±0.78

60.96
±0.51

61.92
±0.52

78.54
±0.50

OTASPIRESpec 30.92
±0.53

62.23
±0.67

62.57
±0.29

78.95
±0.26

Table 5: Results for Ablation A2. Performance for an
alternative method, ATTASPIRE, for modeling multiple
matches with an attention mechanism instead of opti-
mal transport in the proposed method. Standard devia-
tion across 3 model re-runs under mean performance.

sees improved performance in CSFCUBE it sees
much larger variation across runs. In our abstract
retrieval datasets, where we expect gains from mod-
eling multiple matches, we see better or similar
performance from OTASPIRE over ATTASPIRE.

A3. Can single-match models be learned
without co-citation contexts? While our model
for single matches leverages weak textual super-
vision from co-citation contexts, we ask if these
models can be learned in the absence of this su-
pervision. We answer this by training a sim-
pler model, MAXASPIRE, which finds the maxi-
mally aligned aspects between documents using
the representations from BERTθ alone, giving us
fMax(p, p

′) = maxi,jD. To examine the role of
BERTθ we compare performance with different
initializations, with SPECTER presenting a initial
model fine-tuned for similarity vs SCIBERT which
isnt fine-tuned for text similarity.
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CSFCUBE Aggregated MAP NDCG%20

MAXASPIRESciB 36.66
±1.37

57.68
±0.86

MAXASPIRESpec 39.42
±1.38

60.63
±1.53

TSASPIRESciB 40.10
±0.76

60.92
±0.61

TSASPIRESpec 40.26
±0.93

60.71
±0.67

TRECCOVIDRF RELISH

MAP NDCG%20 MAP NDCG%20

MAXASPIRESciB 24.87
±1.15

54.33
±1.49

61.36
±0.31

78.10
±0.24

MAXASPIRESpec 25.84
±0.85

56.52
±1.21

61.20
±0.97

78.00
±0.36

TSASPIRESciB 27.68
±0.71

58.42
±0.75

61.45
±0.31

78.12
±0.33

TSASPIRESpec 26.24
±0.45

56.55
±0.65

61.29
±0.51

77.89
±0.42

Table 6: Results for Ablation A3. Performance of a
simpler single-match model, MAXASPIRE, trained us-
ing only BERTθ representations while also varying en-
coder initialization between SPECTER and SCIBERT
(indicated as subscripts for models). Standard devia-
tion across 3 model re-runs under mean performance.

We note the following from the results in Ta-
ble 6: MAXASPIRE sees a dependence on the un-
derlying encoder, a SCIBERT initialization nearly
always sees poorer performance – only seeing per-
formance competitive with TSASPIRE when initial-
ized with SPECTER. This is reasonable given that
this model must bootstrap fine-grained similarity
while only relying on the encoder induced similar-
ity. In cases where MAXASPIRE matches perfor-
mance of TSASPIRE it sees larger performance dif-
ferences across runs which may also be explained
by the dependence on the initialization. Finally,
TSASPIRE consistently sees similar or better per-
formance with varying initialization, indicating the
value of our text supervised method.

I Extended Results

Tables 1, 2 in §4.1 omit presentation of standard
deviations across runs for the proposed approaches
for brevity. We include these in Tables 7 and 8.

J Extended Related Work

A range of modeling approaches in multi-instance
learning, models leveraging textual supervision,
and optimal transport resemble elements of our
approach. We describe these next.

Multi-instance Learning: Our work applies MIL
for learning fine-grained similarity, while prior
work has most often been applied to classification

or regression tasks (Hope and Shahaf, 2016, 2018;
Ilse et al., 2018; Angelidis and Lapata, 2018). Our
work bears resemblance to an application of MIL in
content based image retrieval (Song and Soleymani,
2019), where MIL is applied to learn alignments
between image and text aspects.

Textual Supervision: Our use of co-citation text
as a source of textual supervision draws on other
work leveraging textual justifications of labels as a
source of supervision for classification tasks (Han-
cock et al., 2018; Murty et al., 2020; Hanjie et al.,
2022), with recent concurrent work of Hanjie et al.
including an overview of this line of work. Our co-
citation contexts may be considered justifications
for similarity of co-cited papers. Nie et al. (2020)
presents work in a biomedical literature recommen-
dation task, where human justifications of a rele-
vance label are used to identify unigram features
indicative of the label and train a recommendation
model.

Optimal Transport: Our use of optimal transport
draws on other recent work in learning sparse align-
ments between texts (Swanson et al., 2020; Tam
et al., 2019). Work of Swanson et al. (2020) learns
sparse binary alignments for sentence and docu-
ment similarity tasks to rationalize decisions and
Tam et al. (2019) leverage sparse soft alignments
between characters for string similarity. Kusner
et al. (2015) uses alignment based on word em-
beddings for document classification tasks using
a K-nearest neighbors method. However, apply-
ing OT at the word level in scientific documents
would lead to a large increase in computational
complexity.
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CSFCUBE facets→ Aggregated background method result

MAP NDCG%20 MAP NDCG%20 MAP NDCG%20 MAP NDCG%20

MPNET-1B 34.64 54.94 41.06 65.86 27.21 42.48 36.07 54.94
SENTBERT-PP 26.77 48.57 35.43 60.80 16.19 33.40 29.16 48.57
SENTBERT-NLI 25.23 45.39 30.78 54.23 15.02 31.10 30.27 45.39
UNSIMCSE-BERT 24.45 42.59 30.03 51.59 14.82 31.23 28.76 42.59
SUSIMCSE-BERT 23.24 43.45 30.52 55.22 13.99 30.88 25.58 43.45
CoSentBert 28.95 50.68 35.78 61.27 19.27 38.77 32.15 50.68
ICTSENTBERT 28.61 48.13 35.93 59.80 15.62 35.91 34.42 48.13

OTMPNET-1B 36.41 56.91 43.23 67.60 28.69 43.49 37.76 60.30
SPECTER 34.23 53.28 43.95 66.70 22.44 37.41 36.79 56.67
SCINCL 39.37 59.24 49.64 70.02 27.14 46.61 41.83 61.70
SPECTER-COCITEScib 37.90

±1.48
58.16
±1.9

48.40
±2.51

68.71
±2.71

26.95
±0.96

46.79
±0.74

38.93
±2.17

59.68
±3.58

SPECTER-COCITESpec 37.39
±0.73

58.38
±0.86

49.99
±1.2

70.03
±1.16

25.60
±0.53

45.99
±1.35

37.33
±0.86

59.95
±1.02

TSASPIRESpec 40.26
±0.93

60.71
±0.67

49.58
±1.59

70.22
±1.74

28.86
±1.71

48.20
±1.72

42.92
±0.54

64.39
±0.28

OTASPIRESpec 40.79
±0.53

61.41
±0.52

50.56
±1.52

71.04
±1.42

27.64
±0.92

46.46
±0.1

44.75
±1.57

67.38
±0.99

TS+OTASPIRESpec 40.26
±0.71

60.86
±0.58

51.79
±1.18

70.99
±1.28

26.68
±3.21

47.60
±2.45

43.06
±0.21

64.82
±0.19

Table 7: Test set results for baseline and proposed methods on CSFCUBE, an expert annotated fine-grained sim-
ilarity dataset of computer science papers. Our approaches outperform strong prior models OT/MPNET-1B and
SPECTER by 5-6 points, and the concurrently introduced SCINCL model by 1.5-2 points aggregated across queries.
Metrics (MAP, NDCG%20) are computed based on a 2-fold cross-validation and averaged over three re-runs of
models. Standard deviations are below run averages. Here, TSASPIRE: Text supervised single-match method,
OTASPIRE: Optimal Transport multi-match method and TS+OTASPIRE: Multi-task multi aspect method.

TRECCOVIDRF RELISH

MAP NDCG%20 MAP NDCG%20

MPNET-1B 17.35 43.87 52.92 69.69

SENTBERT-PP 11.12 34.85 50.80 67.35
SENTBERT-NLI 13.43 40.78 47.02 63.56
UNSIMCSE-BERT 9.85 34.27 45.79 62.02
SUSIMCSE-BERT 11.50 37.17 47.29 63.93
CoSentBert 12.80 38.07 50.04 66.35
ICTSENTBERT 9.80 33.62 47.72 63.71

OTMPNET-1B 27.46 58.70 57.46 74.64
SPECTER 28.24 59.28 60.62 77.20
SCINCL 28.73 59.16 62.09 78.72
SPECTER-COCITEScib 30.60

±0.87
62.07
±0.95

61.43
±0.32

78.01
±0.1

SPECTER-COCITESpec 28.59
±0.25

60.07
±0.36

61.43
±0.24

77.96
±0.23

TSASPIRESpec 26.24
±0.45

56.55
±0.65

61.29
±0.51

77.89
±0.42

OTASPIRESpec 30.92
±0.53

62.23
±0.67

62.57
±0.29

78.95
±0.26

TS+OTASPIRESpec 30.90
±0.71

62.18
±0.7

62.71
±0.16

79.18
±0.15

Table 8: Test set results for baseline and proposed methods on TRECCOVIDRF and RELISH, expert annotated abstract
similarity datasets of biomedical papers. Our approaches outperform or match a strong prior model, SPECTER,
and the concurrently introduced SCINCL by 2-3 points across metrics (MAP, NDCG%20). These are computed as
averages over three model re-runs. Standard deviations are below run averages. Method names map similarly to
Table 7.
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Abstract

Conventionally, generation of natural language
for dialogue agents may be viewed as a statis-
tical learning problem: determine the patterns
in human-provided data and generate appro-
priate responses with similar statistical proper-
ties. However, dialogue can also be regarded
as a goal directed process, where speakers at-
tempt to accomplish a specific task. Reinforce-
ment learning (RL) algorithms are designed
specifically for solving such goal-directed prob-
lems, but the most direct way to apply RL –
through trial-and-error learning in human con-
versations, – is costly. In this paper, we study
how offline reinforcement learning can instead
be used to train dialogue agents entirely using
static datasets collected from human speakers.
Our experiments show that recently developed
offline RL methods can be combined with lan-
guage models to yield realistic dialogue agents
that better accomplish task goals.

1 Introduction

Constructing fluent and intelligent dialogue agents
could pave the way for intuitive interfaces and au-
tomation of human-interactive tasks. However, this
requires dialogue agents that both generate flu-
ent, natural responses and effectively pursue the
goals of the given dialogue task. A predominant
approach to training dialogue agents is through su-
pervised learning, where an agent is tasked with
imitating language provided by humans. While
this can provide for fluent responses, it becomes
difficult to ensure that such agents systematically
pursue the goals of the dialogue interaction. If we
instead view dialogue as a control problem, frame-
works such as reinforcement learning (RL) could
allow agents to automatically optimize dialogue
with respect to a task goal through a trial-and-error
process and improve over human behavior.

However, implementing an RL system in prac-
tice, where an agent learns online from interact-
ing with real humans, can be prohibitively expen-

sive and time-consuming. This is in stark contrast
to supervised learning approaches, where we can
cheaply construct datasets for training imitation
agents by simply logging conversations. There-
fore, existing RL approaches for dialogue often
rely on interacting with a learned model of a hu-
man (Li et al., 2016b; He et al., 2018), from which
experience can be generated inexpensively. How-
ever, naïve training in this manner can result in the
dialogue agent exploiting the model, which can de-
generate into non-intelligible language. To mitigate
this, algorithms must typically enforce strong pri-
ors to keep generated language similar to those seen
in the dataset (Li et al., 2016b; Jaques et al., 2019),
or adopt dialogue management and template-based
approaches which directly re-use language seen in
the dataset (He et al., 2018).

Issues such as model exploitation and distribu-
tion shift when training on static datasets are a
primary concern of offline RL (Levine et al., 2020),
and can provide a formalized approach to tack-
ling these problems. While offline RL is moti-
vated by scaling RL to large datasets, annotated
datasets for dialogue are still small compared to
the large amount of raw text datasets available to-
day. Therefore, we propose an offline, model-free
approach to dialogue generation that leverages lan-
guage models. Because the size of unlabeled lan-
guage datasets dwarfs that of curated datasets for
dialogue, using a pre-trained language model as
a central component of our method allows it to
learn aspects of language fluency from unlabeled
datasets, while learning higher-level strategies for
goal-directed dialogue via RL on a smaller anno-
tated datasets. This combined approach enables us
to utilize the large amounts of existing language
data that standard RL methods cannot.

The main contribution of this work is CHAI
(CHatbot AI), an algorithm for learning task-
oriented dialogue that utilizes a language model
in conjunction with offline RL. We show that this
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leads the policy to generate goal-oriented dialogue
that is both realistic and functional, and does not re-
quire training against a simulated model of human
language. We evaluate our method on a negotiation
task, which requires the model to both reason about
strategic aspects of conversation along with gen-
erating fluent language. We show that CHAI con-
sistently bargains for better prices and with higher
rates of successful negotiation than prior RL ap-
proaches to goal-oriented dialogue.

2 Related Work

Recent developments in deep learning have led
to end-to-end approaches to dialogue using super-
vised learning, such as sequence-to-sequence mod-
els (Dušek and Jurcicek, 2016; Eric and Manning,
2017), hierarchical models (Serban et al., 2017),
attention (Mei et al., 2017; Chen et al., 2019),
and Transformer-based models (Wu et al., 2021;
Hosseini-Asl et al., 2020; Peng et al., 2020; Adiwar-
dana et al., 2020). However, supervised learning
only allows an agent to imitate behaviors, requires
optimal data, and does not allow agents to exceed
human performance. Supervised learning for dia-
logue generation also has well-known issues such
as outputting commonplace responses (e.g., I do
not know) regardless of the inputs (Li et al., 2016a).
Therefore, additional training of the dialogue agent
is required for performing goal-oriented tasks.

Task-oriented dialogue has been formulated as a
sequential decision making problem in a Markov
Decision Process (MDP) since the 1990s (Smith
and Hipp, 1994; Singh et al., 1999; Williams and
Young, 2007; Young et al., 2013; Paek, 2006; Hen-
derson et al., 2008; Gao et al., 2018; Pieraccini
et al., 2009; Young et al., 2013; Su et al., 2015;
Chen et al., 2020). Dialogue is converted into ab-
stract states and actions from which an agent is
trained using reinforcement learning (RL) (Eck-
ert et al., 1997; Levin et al., 2000; Chung, 2004;
Georgila et al., 2006; Schatzmann et al., 2007;
Heeman, 2009; Georgila and Traum, 2011; Su
et al., 2016; Fatemi et al., 2016; Asri et al., 2016;
Zhao et al., 2019; Zhang et al., 2020; Wang et al.,
2020). These methods differ in how the abstract
states/actions are designed and whether the simu-
lated environment for training the policy is hand
created, learned as a fixed model, or is an agent
itself. For instance, Eckert et al. (1997); Levin
et al. (2000) learn a fixed transition model from hu-
man conversations and Georgila and Traum (2011)

learn negotiation agents where each agent is the
user simulator for the other agent. These meth-
ods also differ in how the decision making policy
is trained, e.g., online (Gašić et al., 2011) or off-
policy/offline (Yu et al., 2016; Pietquin et al., 2011)
using actor-critic (Su et al., 2017), policy gradi-
ent (He et al., 2018), or fitted Q-iteration (Pietquin
et al., 2011). Regardless of the RL method used,
since policies are trained on abstract states and ac-
tions, these methods lack the ability to generate
natural language (i.e., response is created via tem-
plates depending on an abstract action).

To overcome these limitations, recent work has
trained policies directly on text, using a recurrent
neural network to output language tokens, and us-
ing self-play for policy training while interacting
with another learned agent (Li et al., 2016b; Lewis
et al., 2017; Liu et al., 2018). To further improve
the generated language quality, hierarchical meth-
ods decouple the strategic high-level dialogue deci-
sions from generation (Yarats and Lewis, 2018; He
et al., 2018; Saleh et al., 2020). These model-based
approaches require accurate estimation of the en-
vironment/human (e.g., the trained self-play agent
needs to mimic complex human behavior), which
is beyond current capability of model-based rein-
forcement learning algorithms. Similar to our pro-
posal, Jaques et al. (2019) use offline RL based on
KL-control for text generation in open-domain dia-
logue. Our work differs in that our model is able to
utilize large amounts of unsupervised data through
the use of pre-trained language models, and that our
work focuses on task-oriented (as opposed to open-
domain) dialogue tasks. Goal-oriented tasks have
clearly defined objectives that can be quantified,
allowing us to provide an objective comparison
between our method and prior approaches.

3 Preliminaries

In this section, we describe our evaluation task and
cover the necessary background and notation.

3.1 Negotiation via Task-Oriented Dialogue

We evaluate our approach on the CraigslistBargain
task (He et al., 2018). CraigslistBargain consists of
6682 advertisements scraped from Craigslist, along
with dialogues for each advertisement collected via
Amazon Mechanical Turk where two users play
the role of buyer/seller. An example advertisement
from this dataset is shown in Fig. 1, along with a
sample conversation between a human and CHAI.
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Title: iPhone 5S 16 GB black silver - $135
Description: Great condition. No scratches. I upgraded to iPhone 7. Please reply with phone number if you are interested.
Thank you.

Buyer: Hi, I would like to buy the iPhone 5S
CHAI: Hi, great! The phone is in great condition. I’m asking
$135.00, it’s in mint condition.
Buyer: Does it come with a charger?
CHAI: Yes it comes with a charger, as I upgraded. It’s in mint
condition.
Buyer: How long have you been using this phone?
CHAI: Just a month. It’s in great condition and has a charger
included.
Buyer: Did you buy this phone secondhand or from the Apple
store?

CHAI: I bought it brand new from Apple store. I only used it
a month, I’m happy I did not have to use this one.
Buyer: I can buy it for $100
CHAI: I’ll take that if you can pick it up in a few hours.
Buyer: Where will you be at 5pm today?
CHAI: I’m at the Apple store so about an hour.
Buyer: Okay, I can meet you at the Apple store.
CHAI: Awesome!
Buyer: accept

Figure 1: An example advertisement from the CraigslistBargain task, with a conversation between CHAI (blue) and
a human buyer (green).

During each round of interaction, the buyer and
seller can execute four possible response types. A
message allows one player to send an utterance to
the other. An offer allows one player to propose
a price at which to conduct the transaction. Once an
offer is made, the other player can either accept
or reject the offer, which ends the episode. A
reward is then computed based on the transaction
price. Our bot receives a reward equal to the nor-
malized price the item is sold for at the end of an
episode (normalized by the list price), scaled by a
constant factor of 10. Additionally, we penalize the
bot by a constant of -20 for episodes resulting in a
reject to incentivize the agent to make deals.

We selected this task because it provides a clear
objective, allowing us to illustrate our approach
with quantifiable metrics. Of course, practical ap-
plications of CHAI to goal-directed dialogue may
tackle other problems, including non-adversarial
problms such as helping a user to answer a question
or fulfill a request. However, our choice of tasks
was constrained by the limited availability of pub-
lic datasets for dialogue tasks that are goal-directed
and have objective task goals.

3.2 Reinforcement Learning Setup

We formulate the task-oriented dialogue problem
as an RL problem, where the agent serves the role

Figure 2: An example of the state space used in the
CraigslistBargain task described in Section 3.1.

of seller in the CraigslistBargain problem, and the
environment serves the role as the buyer. We con-
sider a Markov decision process defined as a tuple
(S,A, T , r, γ). The state and action spaces, S and
A, consist of three main components: the action
type type (one of the four described in Sec. 3.1),
an utterance u (used only for message responses),
and a normalized price price, expressed as a frac-
tion of the list price. Additionally, the context com-
ponent scontext contains the advertisement listing
description. The price component is used in two
ways. First, because we do not wish to represent
prices in the dialogue as discrete tokens, we instead
replace prices in the utterance with a placeholder
token understood to be substituted with the price
component. Second, the price component is used in
offer response type to communicate the desired
transaction price. In all other cases, it is ignored.
An example of the state space is shown in Fig. 2.

We write individual states as s =
{su, stype, sprice, scontext} and actions as
a = {au, atype, aprice}, where su, au denote
the utterances, or sequences of words generated
by the environment and agent. {stype, atype}
denote the action types, {sprice, aprice} denote
the prices, and scontext denotes the listing context.
The transition distribution T (s′|s, a) governs the
distribution over responses generated by the buyer
agent (environment), and the rewardR defines the
task objective. The goal of RL is to find a policy
π(a|s) that maximizes the expected returns:

Eπ,T

[
T∑

t=0

γtr(st, at)

]
,

where r : S ×A 7→ R is the reward function, and
γ ∈ (0, 1] is the discount factor. In online RL, the
agent is interacts with the environment to maxi-
mize this objective. In contrast, offline RL uses
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a dataset D of pre-collected interaction. This is
a natural approach in many settings, such as dia-
logue, where online RL could require interacting
with real humans for impractically long periods of
time, whereas offline RL can utilize pre-recorded
dialogues between humans.

4 Offline Reinforcement Learning with
Language Models

Offline RL potentially allows reinforcement learn-
ing methods to leverage large datasets for policy
learning. However, it still requires datasets to be
annotated with rewards, and for conversations to
come from the task at hand. Because of this, anno-
tated dialogue datasets, such as the CraigslistBar-
gain dataset presented in Section 3.1, are many or-
ders of magnitude smaller than unlabeled datasets
collected for unsupervised and language model-
ing tasks. In order to utilize these large unlabeled
datasets, we propose an algorithm that combines
offline RL with fine-tuned language models.

Our approach begins with training a language
model, such as GPT-2 (Radford et al., 2018), and
fine-tuning it on our task-specific dialogue corpus
(Sec. 3.1). We use LM(u|s1:t) to denote a distri-
bution over utterances u produced by the language
model given the dialogue history, denoted s1:t. We
then train a critic or Q-function as described in
Sec. 4.1, which is responsible for scoring good and
bad responses and is used to select responses from
a pool of candidates generated from the language
model. Our approach can be viewed as using a
Q-function to steer a language model (which has
no concept of a task) towards producing language
that accomplishes some task-specific goal.

4.1 Q-Learning with Language Models

In this section we describe how to train a Q-
function that can score candidate responses based
on their potential to maximize returns. We imple-
ment and evaluate three different training proce-
dures, each utilizing different offline RL methods.
In the overall Q-learning framework, we sample a
batch of transitions (consisting of states, actions,
rewards, and successor states) from our dataset and
perform updates based on minimizing a modified
Bellman loss:

J(θ) = (Qθ(s, a)−Qtarget(s, a))
2, (1)

where target value Qtarget(s, a) is typically com-
puted via the Bellman operator defined as

Qtarget(s, a) = r(s, a) + γEs′
[
max
a

Q̄(s′, a)
]
.

(2)
However, using this update directly can lead to

problems if we only have access to offline datasets.
A widely studied issue in offline RL is the chal-
lenge of handling out-of-distribution actions: when
the maximization over the action in the target value
is not constrained in any way, it is easy to obtain
actions for which the Q-value predictions are erro-
neously high (Levine et al., 2020). In dialogue, this
issue is greatly exacerbated, since the Q-function is
only trained on responses in the dataset, and there-
fore is unlikely to make accurate predictions for
arbitrary strings. The following modifications to
Eqn.1 and Eqn.2 address this issue.
Proposal sampling (CHAI-prop) In the proposal
sampling approach, the target value Qtarget(s, a) is
computed via a modified Bellman operator that uti-
lizes a proposal distribution based on the language
model, µ(at|s1:t), to generate N response propos-
als, and then uses the target Q-function, Q̄, to score
those responses and selects the highest one:

Q
prop
target(s, a)

= r(s, a) + γEs′E{ai}N∼µ
[
max
i
Q̄(s′, ai)

]
.

This sampling scheme serves a dual purpose: it
both constrains the responses to be naturalistic,
and it also prevents out-of-distribution inputs to
the Q-function in the target value calculation.
This approach resembles a number of prior of-
fline RL methods that also employ proposal dis-
tributions (Kalashnikov et al., 2018; Kumar et al.,
2019; Fujimoto et al., 2019; Wu et al., 2019).
Similarly to several prior works, we use sam-
ples from a proposal distribution for the target
value, without an explicit actor (Kalashnikov et al.,
2018; Ghasemipour et al., 2020). Unlike these ap-
proaches, our method leverages a pretrained and
finetuned language model LM, which additionally
makes use of extensive unsupervised prior datasets
during the pretraining stage and enables our method
to handle the complex and combinatorial action
space of dialogue generation. In addition, follow-
ing prior work, we use a separate target network Q̄
whose weights are updated to track those of Q using
a soft update rule as done in prior methods (Lilli-
crap et al., 2016; Haarnoja et al., 2018).
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Figure 3: An overview of our dialogue generation and selection process. First (a), a finetuned language model is
used to generate candidate responses conditioned on the conversation history, along with sampled prices. Then (b),
each action is scored using a critic, and (c) a final response is returned by sampling the Q-value scores.

The proposal distribution µ(at|s1:t) represents a
distribution over actions a = {au, atype, aprice}.
We use the language model in order to sample
utterances au ∼ LM(·|s1:t). To make training
more computationally efficient, we pre-generate a
batch of 5 utterances per transition in the dataset
using the language model, and resample these dur-
ing training as an approximation of directly sam-
pling from the language model. For the prices
aprice, we uniformly sample a value between 70%
to 100% of the previously offered price, which
roughly matches the distribution of the seller’s of-
fers in the dataset. Finally, we infer the message
type based on the utterance sampled using a simple
heuristic, as the CraigslistBargain task requires us
to specify a type for each response. During lan-
guage model fine-tuning, we replaced each offer,
accept, or reject action with the utterances
“offer”, “accept”, and “reject”, respectively. We
then check if the language model generated any of
these tokens and return the corresponding action
type, and label the action as a message otherwise.
This simplifies our method and allows us to use the
language model to generate the action types as well
as the utterances.
Conservative Q-learning (CHAI-CQL) Conser-
vative Q-learning (CQL) (Kumar et al., 2020) pro-
poses a complimentary approach to reducing the
harmful effect of out-of-distribution Q-values by
explicitly penalizing the Q-value of actions not
seen in the dataset. We adapt CQL as an additional
regularizer on the Q-value in addition to the pro-
posal sampling scheme. Specifically, we use the
CQL(H) variant, which add an additional regular-
izer fCQL to the Q-learning objective:

JCQL(θ) = (Qθ(s, a)−Qtarget(s, a))
2+αfCQL(θ),

where the regularizer is defined as:

fCQL(θ) =

Es∼D

[
log
∑

a

exp(Qθ(s, a))− Ea∼D[Qθ(s, a)]

]

Our adaptation of CQL differs from Kumar et al.
(2020) in that they propose an actor-critic method
which trains an explicit actor. Rather, the remainder
of our method is identical to the proposal sampling
variant, specifically in regards to the computation
of Qtarget and language model sampling.
Behavior-regularized Q-learning (CHAI-BRAC)
Behavior-regularized actor-critic (BRAC) (Wu
et al., 2019) proposes an alternative method
for regularizing the Q-function such that out-of-
distribution Q-values are penalized. Adapting this
method to the setting of dialogue with language
models, we use this approach to regularize the
price proposal mechanism. Rather than uniformly
sampling prices as described for proposal sam-
pling, we train an additional price proposal net-
work πϕ(aprice|s1:t) that outputs a Gaussian dis-
tribution over prices given the conversation states.
Using the notation a′ ∼ πϕ, µ to denote sampling
prices from the proposal network, utterances from
the language model, and action types uniformly,
the proposal network is trained according to the
objective

max
πϕ

Es,a∼D
[
Ea′∼πϕ,µ[Q(s, a′)]

−DKL(πϕ(·|s), πB(·|s))
]
.

The prior proposal network, πB , is estimated as a
univariate conditional Gaussian of the current offer
given the previous offer, where the mean and stan-
dard deviations are linear functions of the previous
offer. The target value is then computed as:

QBRAC
target (s, a) = r(s, a) + γEs′,a′∼πϕ,µ

[
Q̄(s′, a′)

]
.
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This adaption of the behavior regularized objective
controls out-of-distribution queries on the Q-value
by regularizing the price towards those seen within
the dataset. This prevents the target Q-value from
being queried in low-data regimes which can cause
inaccuracies during training.

4.2 Dialogue Generation
Once the Q-function has been trained, dialogue
generation from our model is a three-phase process.
The first phase is sampling: given a response from
the buyer, we query the language model to sam-
ple 5 candidate utterances, and sample 5 candidate
prices. The next step is scoring: we then take the
cross-product of these sets, and score each potential
action with the Q-function. Finally, in the selection
phase, several methods are considered in order to
select an action. A straightforward method is to
return the action that had the highest Q-value. How-
ever, we found that this approach resulted in behav-
ior with low diversity. Instead, we opted to follow
the approach in soft Q-learning (Haarnoja et al.,
2018) and sample actions from a softmax distri-
bution over the Q-values, p(a|s) ∝ exp{Q(s, a)},
which increases diversity in the responses as sub-
optimal actions are occasionally sampled. This
decoding process is depicted in Fig. 3.

4.3 Architecture Details
For our language model, we use an off-the-shelf
implementation of GPT2-medium (Radford et al.,
2018). This language model is finetuned on a tran-
script of each scenario in the dataset containing
the context (title, description) and spoken dialogue.
The prices in the dialogue are masked out with a
special price token allowing us use GPT to gener-
ate templates which we can substitute prices into.
The input to the language model is a concatenation
of the scenario context and the dialogue history.

The Q-function is parameterized as a feedfor-
ward network that maps states and actions into a
single scalar representing the Q-value. To process
the utterances into the state and action, we sep-
arately compute state and action embeddings by
taking the average of the masked GPT2 attention
embeddings of the entire dialogue history up to the
current utterance. These embeddings are then con-
catenated with the prices (represented as a fraction
of the list price) and message types (represented
as a one-hot vector) to produce a single vector
that is given to the critic as input. The critic is
parametrized using a 2-layer feedforward network

with hidden sizes of 256 and ReLU nonlinearities.
Additional details about our model architectures,
language model sampling method, and how inputs
to the Q-function are structured, can be found in
Appendix A.1.

5 Experiments

Our experimental evaluation aims to compare our
proposed goal-directed offline RL dialogue method
to both prior dialogue management approaches and
language modeling baselines. We conduct two
studies: an objective evaluation against other di-
alogue agents to measure each method’s perfor-
mance in negotiation, and a subjective human study
to measure the overall end-to-end performance of
the system in a similar manner to prior work (He
et al., 2018; Jaques et al., 2019). Qualitative re-
sults showing actual dialogue generated from our
method can be found in Appendix A.4. We con-
sider 4 baseline approaches. The first is the current
state-of-the-art approach for the CraigslistBargain
task proposed by He et al. (2018) (referred to as
the retrieval-based baseline). This is a hierarchi-
cal approach to dialogue generation that separately
handles language generation and dialogue manage-
ment. This method parses utterances into coarse
“dialogue acts,” which represent high-level catego-
rizations of the utterance such as greetings, offers,
or counter-offers. An RL agent is then trained
against a learned model of the environment to se-
lect “dialogue acts”, and a retrieval-based generator
is then used to convert “dialogue acts” back into
text. In contrast, our method directly generates
text, and does not require any manually designed
categorizations of natural dialogue into dialogue
acts. Since our method utilizes a modern language
model, we also include a pure language modeling
baseline, which consists of the same GPT-2 lan-
guage model Radford et al. (2018) finetuned on the
CraigslistBargain dataset using the same method as
done in CHAI. This baseline allows us to determine
whether any improvement from our method is due
to the language model, or to the use of offline RL.
Finally, we also evaluate the end-to-end approaches
described by Lewis et al. (2017), which include a
dialogue agent trained via supervised learning, and
an RL agent optimized for the task objective.

5.1 Simulated Evaluation

To evaluate the effectiveness of our offline RL goal-
directed dialogue system, we first conducted a sys-
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Method vs Rule-based vs Stingy vs Utility
Acc% Revenue Acc% Revenue Acc% Revenue

CHAI-prop 61.5 0.48± 0.39 57.5 0.39± 0.35 99.0 0.70± 0.17
CHAI-CQL 74.0 0.51± 0.33 77.5 0.49± 0.30 98.0 0.70± 0.19
CHAI-BRAC 62.0 0.52± 0.41 47.0 0.38± 0.41 99.0 0.71± 0.17
Language Model 48.5 0.29± 0.32 51.5 0.27± 0.28 20.5 0.14± 0.28
He et al. (2018) (Utility) 1.0 0.01± 0.10 0.0 0.00± 0.00 11.0 0.07± 0.22
He et al. (2018) (Fairness) 84.0 0.70± 0.32 80.0 0.59± 0.31 100.0 0.72± 0.15
He et al. (2018) (Length) 53.0 0.46± 0.43 49.0 0.37± 0.38 100.0 0.72± 0.16
Lewis et al. (2017) (RL) 83.5 0.17± 0.24 83.0 0.19± 0.25 64.5 0.46± 0.37
Lewis et al. (2017) (SL) 38.5 0.17± 0.27 46.5 0.21± 0.27 18.0 0.13± 0.28

Method vs Fairness vs Length Overall (mean)
Acc% Revenue Acc% Revenue Acc% Revenue

CHAI-prop 99.0 0.90± 0.15 92.5 0.79± 0.27 81.9 0.65± 0.34
CHAI-CQL 99.5 0.87± 0.14 94.5 0.79± 0.24 88.7 0.67± 0.29
CHAI-BRAC 100.0 0.85± 0.03 91.0 0.76± 0.25 79.8 0.65± 0.34
Language Model 25.5 0.19± 0.35 18.5 0.14± 0.32 32.9 0.21± 0.31
He et al. (2018) (Utility) 100.0 1.00± 0.00 100.0 1.00± 0.00 42.4 0.42± 0.49
He et al. (2018) (Fairness) 0.0 0.00± 0.00 100.0 0.70± 0.16 72.8 0.54± 0.35
He et al. (2018) (Length) 100.0 1.00± 0.00 100.0 0.78± 0.18 80.4 0.66± 0.36
Lewis et al. (2017) (RL) 88.0 0.26± 0.34 71.5 0.31± 0.36 78.1 0.28± 0.33
Lewis et al. (2017) (SL) 60.0 0.48± 0.46 53.0 0.42± 0.46 43.2 0.28± 0.39

Table 1: Acceptance rates and normalized average revenue generated comparing CHAI using proposal sampling
(CHAI-prop), conservative Q-learning (CHAI-CQL), and behavior regularization (CHAI-BRAC). The baselines
consist of a retrieval-based agent (He et al., 2018), Lewis et al. (2017) and a fine-tuned language model (higher is
better) against 5 different evaluation bots. The mean score across all evaluation bots is reported in the right-most
column. Numbers are reported as means and standard deviations over 200 trials.

Metric Fluency Coherency On-Topic Human-Likeness Total
CHAI-prop 4.31± 0.97 3.91± 1.17 4.16± 0.99 3.47± 1.27 15.84± 3.86

He et al. (2018) (Utility) 3.56± 1.34 2.47± 1.39 3.09± 1.40 2.13± 1.13 11.25± 4.50
Lang. Model 4.06± 1.11 2.66± 1.36 3.63± 1.18 2.50± 1.10 12.84± 3.66

Table 2: Human evaluation scores comparing CHAI, He et al. (2018), and language model (higher is better).
Numbers are reported as means and standard deviations over 32 trials. CHAI scores the highest across all metrics.

tematic study including the 3 variations of CHAI
outlined in Sec. 4: the proposal sampling method
(CHAI-prop), CQL method (CHAI-CQL), and be-
havior regularized method (CHAI-BRAC). In order
to ensure that the results are not overfit to a single
strategy, we run each method against a suite of
5 evaluation buyer agents, based on the retrieval
agents presented by He et al. (2018). We choose
these agents because they have been evaluated by
humans as being human-like and have the strongest
performance on the CraigslistBargain benchmark
task. Specifically, we use the rule-based and RL
agents proposed by He et al. (2018) (trained using
“utility”, “fairness”, and conversation “length” as
rewards). To introduce additional variety in negoti-
ation styles, we additionally modify the rule-based
agent to offer 25% of the difference between offers
rather than splitting the difference between offers,
which we refer to as the “Stingy” rule-based agent.
We record the percentage of negotiations that result
in an accept and the average normalized revenue
generated per negotiation, which totals the average

sale price (rejections have zero revenue) normal-
ized by the listing price of the advertisement. Our
results are presented in Table 1.

Overall, we find that among the variations of
CHAI, the conservative Q-learning variant per-
forms the best by a small margin, but results are
very comparable between all 3 variations. This
suggests that the particular choice of offline regu-
larizer is far less important than the CHAI frame-
work of utilizing a pre-trained language model with
Q-function scoring. On average, CHAI-CQL per-
forms significantly higher on acceptance rate and
similarly on revenue to the next best agent, the
retrieval agent (He et al., 2018) using conversa-
tion length as reward. Computing statistical sig-
nificance between these two methods, we find that
p < 1.96 ∗ 10−9 using a chi-squared test for ac-
ceptance rate, indicating that the difference in ac-
ceptance rates is statistically significant. We find
that p < 0.946 using a t-test for revenue, indi-
cating that the difference in revenue is not signifi-
cant. We also note that the performance of CHAI
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Title: FULLY REMODELED 4 Bdrm, 1 Bath, Duplex - $3395
Description: 4 bed / 1 bath Type: Duplex City/Neighborhood: Emeryville Showing: By Appointment Only Utilities: Paid by
tenant (not included in rent amount) Features: Hardwood Floor, Washer Dryer, newly renovated, stainless steel appliances

Buyer: hi
CHAI: Hi there. Are you interested in
my rental?
Buyer: yes, when is the next opening to
view the apartment?
CHAI: Today.
Buyer: how much are the utilities per
month?
CHAI: Utilities are not included in the
rental amount, but I am willing to negoti-
ate the price.
Buyer: since utilities are not included,
could you do $3000?
CHAI: I can’t go that low. What about
$3300?
Buyer: sounds good!
CHAI: Perfect! Thank you!
Buyer: accept

Buyer: Hi
Retrieval: hi
Buyer: when is the next opening to view
the apartment?
Retrieval: its right by apartment merrit
Buyer: how much are the utilities per
month?
Retrieval: yes they are
Buyer: since utilities are not included,
could you do $3000?
Retrieval: deal!
Buyer: sounds good!
Retrieval: offer $3000
Buyer: accept

Buyer: Hi
LM: Hi, are you interested in my prop-
erty?
Buyer: Yes, when is the next opening to
view the apartment?
LM: Open until 6pm tomorrow.
Buyer: Sounds good, how much are the
utilities per month?
LM: Utilities are included in the monthly
rent.
Buyer: Okay, and can you do $3000?
LM: offer $2200
Buyer: accept

Figure 4: A comparison between similar negotiations talking to CHAI-prop (left), a retrieval-based agent (He et al.,
2018) (middle), and language modeling (LM, right) for the same listing. The bot takes the role of the seller, and
a human is the buyer. CHAI gives both descriptive responses to questions and reasonable bargaining behavior,
whereas the retrieval-based agent only shows good bargaining behavior, and the language model agent only gives
descriptive responses.

has significantly less variation across evaluations
against different buyer agents than the retrieval-
based agents. For example, the retrieval agent with
utility reward scores near-zero on 3 evaluations but
scores near-perfectly on the other two. This sug-
gests that the CHAI framework produces dialogue
agents that are more consistent and less suscepti-
ble to exploitation. We also note that implement-
ing the retrieval method (He et al., 2018) requires
hand-designing high-level dialogue actions, topic
categories, and rules for parsing or labeling these
components. These designs are specifically tailored
to the CraigslistBargain task, whereas such hand-
engineering for CHAI does not exist outside of
the interface requirements to the task itself. Thus,
CHAI has significantly weaker assumptions, gen-
erates dialogue end-to-end via RL, and yet is able
to narrowly outperform prior methods. Among
prior methods with similar assumptions to CHAI
(the language modeling baseline and (Lewis et al.,
2017)), CHAI outperforms by a wide margin on
both acceptance rates and revenue.

We ran an additional ablation study on the choice
of reward in Appendix A.3. We find that this has a
significant effect on performance, and we based our
reward design on balancing between maximizing
acceptance rate (through a rejection penalty) and
revenue (through the utility function).

5.2 Human User Study

To evaluate the effectiveness and naturalness of
our offline RL goal-directed dialogue system, we
conducted a user study with 16 individuals, who
were each asked to carry out 2 negotiations with
each of three agents. The users were then asked
to rate the conversation on fluency, coherency, on-
topicness, and human-likeness on a 5-point Lik-
ert scale. Fluency specifically refers to the fre-
quency of grammatical and word-choice errors. Co-
herency measures whether the agent’s responses
are coherent. On-topic measures how well the
agent was aligned with performing the task at hand.
Finally, human-likeness measures how similar the
agent’s responses were to a human. Because of the
cost of human evaluations, we were limited in our
ability to evaluate as many baselines. Therefore,
we chose methods that were the most directly com-
parable - the simplest variation of CHAI (CHAI-
prop) optimized for utility, evaluated against the
utility-optimized agent from He et al. (2018), and a
language model baseline that shares the same fine-
tuning procedure as CHAI. Additional details of
the user study, including the questions posed to the
users and statistical significance tests, are included
in Appendix A.3.1.

Results are shown in Table 2. We ran a one-
way repeated measures ANOVA test, and found
that the type of agent used leads to statistically sig-
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nificant rating differences for all metrics (with at
least p < 0.01). CHAI outperforms both baselines
on almost all metrics, except for fluency, where
both CHAI and the language model perform simi-
larly. The fact that fluency is similar between the
two models makes sense, since both methods use a
GPT-2 model to generate utterances. However, the
langauge modeling baseline lacks an understand-
ing of the task goal, and therefore makes unrea-
sonable offers or responds in illogical ways (see
Appendix A.4 for examples). It therefore scores
lower on other metrics as compared to CHAI. This
result suggests that the ability of language models
to execute goal-directed dialogues is limited by a
lack of awareness of the task objectives, and that
offline RL potentially addresses this issue, produc-
ing dialogue that is perceived as more coherent,
task-oriented, and human-like.

In Fig. 4 we show a comparative example be-
tween CHAI, the retrieval-based agent (He et al.,
2018), and the language modeling baseline on the
same scenario with human responses. CHAI and
the language modeling baseline tend to produce
more specific responses to the prompt due to the
use of a language model, rather than generating text
via the usage of templates. For example, when pre-
sented with a questioned about utilities and viewing
time, both methods are able to answer the ques-
tion, whereas the retrieval-based agent gives a non-
sequitur answer. However, the language modeling
baseline struggles in understanding prices, and of-
fers $2200 when the buyer requested $3000. CHAI
is able to demonstrate understanding both language
and the flow of the negotiation by offering reason-
able counter-offers to the user, such as responding
to a low offer with “I can’t go that low” and offer-
ing a higher counter-offer that the Buyer accepts.
Additional examples from our human evaluation
can be found in Appendix A.4.

6 Discussion and Future Work

We presented a system for goal-directed dialogue
based on combining offline RL with finetuned lan-
guage models. CHAI learns with RL, but does
so from offline datasets of human dialogue. The
language model allows CHAI to benefit from large-
scale unsupervised pre-training, and the offline RL
component enables CHAI to select responses that
are more likely to lead to a successful task outcome.
Quantitatively, CHAI achieves higher acceptance
rate at higher revenue than prior dialogue manage-

ment systems designed for this task.
Goal-oriented dialogue agents have many poten-

tially useful applications such as building personal
assistants, improving accessibility to technology
for the disabled or the elderly, and simply saving
time by automating menial tasks. Of course, as
with any natural language generation technology,
this kind of method can be used both beneficially
and maliciously, for example by users who aim to
create intentionally deceptive and realistic agents.

While CHAI provides a proof-of-concept that
offline RL can successfully learn complex human-
interactive tasks such as dialogue, it also has lim-
itations. The goal of RL is to maximize reward,
which can lead to unintended responses – for ex-
ample, without additional objective terms, there is
no reason for CHAI to be truthful. Similar issues
affect language models more broadly, though we
anticipate that it would be easier to address such
issues in RL by employing better reward design.
Although reward design can itself be a difficult
problem, it does provide a more direct lever for
influencing the agent’s behavior than what is avail-
able in standard language models, which must be
directed either through the choice of training data
or other indirect mechanisms. In CHAI, we only
investigated a single task due to architectural con-
straints, and the exact same architecture presented
in this paper (e.g. a price prediction head) may not
be directly transferable to other domains. However,
using a value-based selection mechanism is more
generally applicable to any goal-oriented task.

An exciting direction for future work is to ex-
tend offline RL to address a wider range of human-
interactive tasks, particularly tasks with longer-
range dependencies and delayed rewards, where
complex task goals can lead to the emergence of
dialogue that is ultimately more useful to human
users.
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A Appendix

A.1 Architecture Details

For our language model, we use an off-the-shelf implementation of GPT2-medium (Radford et al., 2018).
This language model is finetuned on a transcript of each scenario in the dataset containing the context
(title, description) and spoken dialogue. The prices in the dialogue are masked out with a special price
token allowing us use GPT to generate templates which we can substitute prices into. To produce language
samples, we concatenate the context of the scenario along with the dialogue history and feed it to the
language model. The language model then generates the next utterance. This process is repeated in order
to get multiple samples.

The Q-function is a feedforward network that maps the states and actions into a single scalar representing
the Q-value. To process the utterances into the state and action, we separately compute state and action
embeddings by taking the average of the masked GPT2 attention embeddings of the entire dialogue history
up to the current utterance. State and action embeddings are then concatenated with the prices (represented
as a percentage of the list price) and message types (represented as a one-hot vector) to produce a single
vector that is given to the critic as input. The critic is parametrized as a 2-layer feedforward network with
hidden sizes of 256 and ReLU nonlinearities.

The equations below describe the inputs of the Q-function. “STRCAT” is a custom string formatting
function that concatenates the context and utterances in the dialog and prefixes each utterance with the
string “Buyer:” or “Seller:”. “EMBED” calculates the masked attention embeddings from GPT2. dialog
represents the dialog history up to the current state, [su,1, au,1, . . . , au,t−1, su,t], and candidate denotes
a candidate utterance au,t generated by the language model that is being considered for scoring.

sembed = EMBED(STRCAT(scontext,dialog))

aembed = EMBED(STRCAT(scontext,dialog+ candidate)

s = [sembed, sprice, stype]

a = [aembed, aprice, atype]

q = Q(s, a)

A.2 Experiment Details

Hyperparameter Selection. For our Q-learning algorithm, we used default hyperparameters from an
SAC implementation and did not vary the parameters. We used a critic learning rate of 3 ∗ 10−4, and a soft
target update rate of 0.05. For the language model architecture, we finetuned 2 GPT models architectures
(GPT2-small, and GPT2-medium). In order to select which model to use, we manually rated samples
from the language generated in their quality across both model types and checkpoints, and selected the
best performing model. We selected the GPT2-medium architecture at training epoch 2000.

Compute Resources. We finetuned our language models on TPUs (TPU v3-8, 16GB memory per core
with 8 cores) within a GCP instance. We trained our Q-learning models on an internal compute cluster
using an Nvidia 1080 GPU (12 GB memory).

A.3 Reward Ablation Study

Because we are limited in the number of evaluations possible in a human study, we use a simulated
evaluation against another chatbot to run an ablation study measuring the effect of using different reward
functions. Specifically, we instantiate a rule-based dialogue manager proposed by (He et al., 2018) as the
“buyer” and negotiate with it on randomly sampled scenarios from the dataset. This is done for both our
method and the baselines, and the results are tabulated in Table 3.

We evaluated 5 variations of CHAI. CHAI(final) is the method used in our paper, which uses 2
components to the reward: positive reward for the price the item was sold at, and a penalty for the episode
ending in a rejection. The specific reward used was 10 * the price sold (normalized by the list price) if the
offer was accepted, or a penalty of -20 if the offer was rejected. CHAI(penalty) uses the same reward,
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except with an increased rejection penalty. CHAI(accept) is given a positive reward of +20 for episodes
ending in an accept and negative reward of -20 for episodes ending in a rejection, without regard to the
price. CHAI(utility) is rewarded solely for the price an item is sold at at 10 * the price sold. Finally,
CHAI(fair) is rewarded for negotiating to a midpoint price between the buyer and seller’s target prices.

We report the acceptance rate, average revenue, and average offers made and offers accepted. We see
that CHAI(accept), CHAI(fair) and CHAI(penalty) achieve higher acceptance rates, but offer lower prices
on average. In contrast, CHAI(utility) and CHAI(final) offer higher prices with lower acceptance rates,
with the pure utility optimizing agent CHAI(utility) offering the highest prices with the lowest acceptance
rates. Thus, we can see how changing the reward function can significantly affect the behavior of the
resulting agent.

Method Accept Rate Prices Offered Prices Accepted Revenue
CHAI(accept) 0.74 0.80± 0.15 0.74± 0.13 0.55± 0.35
CHAI(fair) 0.76 0.80± 0.15 0.75± 0.13 0.57± 0.34
CHAI(penalty) 0.90 0.77± 0.14 0.77± 0.12 0.68± 0.26
CHAI(utility) 0.34 0.96± 0.29 0.76± 0.13 0.29± 0.42
CHAI(final) 0.66 0.84± 0.14 0.87± 0.07 0.51± 0.38

Table 3: Mean and standard deviation of revenue, acceptance rate, and prices sold & offered, over 50 samples when
negotiating against a baseline chatbot. Revenue and prices are reported as a fraction of the list price.

A.3.1 User Study Parameters
Setup. We conducted our user study through a web-interface, where an advertisement from the test set of
CraigslistBargain is displayed to the user. This is shown in Fig. 5. Users were instructed to “type any
message to speak with the bot and negotiate”, and a chatbot agent replied to each message. After the
user is satisfied with the negotiation, they are asked to indicate whether they want to accept or reject the
current offer on the item.

Figure 5: The interface presented to participants in the user study. We display the title, price, and description of the
advertisement, and users are able to chat with the bot through a textbox.

After interacting with the chatbot agent, users were given a survey and asked to rate the bot on a 5-point
Likert scale: strongly agree (5), agree (4), neutral (3), disagree (2), strongly disagree (1). The ratings
were:
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• The bot was fluent (did not make grammatical or word choice errors).

• The flow of the conversation was coherent.

• The bot was on-topic.

• The bot demonstrated human-like behavior.

These questions correspond to the fluency, coherency, on-topicness, and human-likeness scores reported
in our paper, respectively.

Manipulated factors. We evaluate 3 chatbot agents. The first is CHAI. The second is a retrieval-based
baseline (RLutility(act) as proposed in (He et al., 2018)). The this is a language modeling baseline based
on finetuning GPT2-medium on the CraigslistBargain dataset.

Dependent measures. We measure the performance of each chatbot agent according to 4 subjective
metric (fluency, coherency, on-topicness, and human-likeness), which correspond to the survey questions
given to participants described above. Each metric is rated on a 5-point Likert scale. We also measure the
price that was agreed upon, and whether the negotiation resulted in an acceptance or a rejection.

Risks The risks presented to participants were minimal, and participants were never placed in the
way of physical harm. There was a small probability the chatbot could generate offensive or otherwise
inconsiderate langauge, as the language generation for CHAI and the language model baseline were
unconstrained. However, we did not observe this behavior prior to the study, and did not observe this
behavior during the study. We minimized the risk of confidentiality breaches by anonymizing all data
stored as user IDs – participant names were not stored on our servers.

Subject allocation. We recruited 10 male and 6 female participants, with an average age of 24.
Participation was voluntary, and subjects were not compensated for their participation. Participants were
asked for consent before participating, and consent for including examples from their interactions for
this paper. All examples contained in this paper are anonymized and contain no personally identifiable
information.

Prior to participation in the study, each user was provided with instructions for how to use the interface,
and a practice evaluation against the retrieval agent to familiarize them with the user interface and rating
system. Each user interacted with all 3 dialogue agents (CHAI, retrieval, and language model) twice, with
the order of interaction randomized per user. The advertisement displayed to the user is also uniformly
sampled from the test set for each trial, independently from the agent being used.

Analysis. We ran a one-way repeated measures ANOVA test for each metric reported (fluency,
coherency, on-topic, human-like) to examine the effect of chatbot agent on the metric.

Results showed that the type of agent used lead to statistically significant differences in the ratings. We
found that:

• For fluency, f(2, 30) = 5.8333, p < 0.0072

• For coherency, f(2, 30) = 16.9518, p < 0.0001

• For on-topicness, f(2, 30) = 10.1840, p < 0.0004

• For human-likeness, f(2, 30) = 20.1592, p < 0.0001
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A.4 Additional Qualitative Results
In this section, we include additional examples collected from human dialog for CHAI-prop, the retrieval
method of (He et al., 2018), and the pure language modeling baseline.

A.4.1 CHAI-prop

Title: Ubiquiti Networks UAP-AC-LITE - $65
Description: Price is firm. Just a few month old. As New. With box and all parts. Great reliable AP. Set
up once and forget about it; never need to reboot, restart like consumer AP; especially when you have
high demand traffic with lots of concurrent users. Perfect for large house or business.
Buyer: I noticed that your price is firm. Would you
be flexible in any way?
CHAI: That is good. I am asking $52 for this
excellent product.
Buyer: how old is your product
CHAI: It has been in use for only about 6 months.
It has never been restarted.
Buyer: why are you selling it
CHAI: I do not use this product.
Buyer: is it damaged
CHAI: It has a small scratch on the front. It is still
new. I would offer $52.

Buyer: Could you do 40
CHAI: I would be willing to let it go for $40.
Buyer: How about $10
CHAI: It is new, in excellent condition. I would
not take less than $40.
Buyer: But you just said it was scratched
CHAI: It is not scratched.
Buyer: Sorry I can’t do more than 35
CHAI: Well, I can go down to $35.
Buyer: ok
CHAI: Great.
Buyer: accept

Title: Nokia Batteries - One new one used - $10
Description: I have these two batteries left over from my old phone. Maybe you can use them? Both are
in excellent working order and ready to use. Message me if you are interested.
Buyer: I’ve been looking for batteries, what about
50 cents?
CHAI: Hi. I still have them. They’re used, but I
have used them and they work perfectly.
Buyer: How much life does the used one have?
CHAI: $9
Buyer: How many times have you used the old
battery?
CHAI: 1 to 2 times
Buyer: Did you not use your phone much?
CHAI: Nope, I’ve been away from it for about 6
months.
Buyer: Ah, I see that makes sense.
CHAI: I can do $6
Buyer: I doubt many people would want to buy a
used battery though, how many other offers do you
have?

CHAI: I will let them go for $7.
Buyer: But you offered 6, 7 is higher?
CHAI: No. But I’m really looking for around $6
for them.
Buyer: I’ll pick it up right now for 4 dollars
CHAI: No deal
Buyer: But you were not being fair earlier when
you went from six to 7 dollars
CHAI: I can go to $5
Buyer: I’m holding firm on 4 dollars, especially
because the batteries are used
CHAI: I can let them go for $5
Buyer: No one really buys used batteries though,
what other offers are you getting?
CHAI: I’m just going to let them go for $4
Buyer: accept
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Title: Couch and love seat - $80
Description: Couch and love seat from a non-smoking pets free house. Upholstery is clean and doesn’t
have any stain. Some zippers attaching the cushions to the frame are broken. Solid wood frame. pics
coming

Buyer: I am interested in purchasing your couch
and love seat
CHAI: Great! These were ordered from Crate &
Barrel and are in like new condition. I’m willing
to negotiate a little, but I’m asking $72 for them.
Buyer: How long have you owned them?
CHAI: I’ve had them for a few years. They are
perfect for my new apartment and they were an
absolute steal when I bought them.
Buyer: How much did you purchase them for?
CHAI: They are brand new, I’m asking $66.
Buyer: How much did you originally buy the love
seat and couch from from Crate and Barrel?

CHAI: I originally paid $65 for both, but I figured
I’d give it a shot since I love the couch.
Buyer: So you are asking for more money then you
originally bought them for?
CHAI: Yes. I was hoping to get more for the couch
and love seat. How much would you like for the
couch?
Buyer: I do, but I can only offer $40
CHAI: I can only go down to $40 if you come pick
up and I will throw in two chairs for you to use.
Buyer: Great! That’s a deal
CHAI: Great!
Buyer: accept

Title: Fit Bike VH2 - $200
Description: 20.75” top tube All in perfect working order.Very good condition - no rust - always stored
indoors. Shiny. Few scratches/scrapes on pegs, etc, but very well cared for. Gyro brake. Thanks for
interest. If its still here it is still available.
Buyer: Hello, I’m interested in the bike
CHAI: It is in great shape. It’s a well-run bike. I
bought it new, so I’m making it available.
Buyer: how long have you had it?
CHAI: I bought it new last year. It’s in excellent
condition.
Buyer: can I see pictures?
CHAI: Of course. How much are you looking to
spend on the bike?

Buyer: I’m looking to spend under $150
CHAI: That’s not a bad price. Would you be able
to pay $180 for it?
Buyer: How about $160?
CHAI: $160 and you have a deal.
Buyer: Done
CHAI: Great!
Buyer: accept
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A.4.2 Retrieval

Title: Media Cabinet (Moving Sale) - $20
Description: Slide out tray for media storage Condition: Structurally sound Good condition Search
Steve2017 for my other listings or simply click on the "more ads by this user" link found under the map.
Please email me if you are interested. Serious inquiries only. Thank you
Buyer: Hello, how are you?
Retrieval: i am well, how are you?
Buyer: Good. I’m interested in buying the media
cabinet.
Retrieval: how can i help you today?
Buyer: Can you provide more pictures?

Retrieval: yes
Buyer: How old is the item?
Retrieval: less than 1 year olf
Buyer: I would like to buy it for $15.
Retrieval: deal
Buyer: accept

Title: Adams trail-a-bike shifter 7 - $100
Description: This is an awesome bike trailer for your kid. It features 7 shiftable gears so that your kid
can learn to shift but more importantly shift down or up to continue to help you pedal the bike. I know
that without the shiftable gears my kid would either think the pedaling was too hard at times or going so
fast they couldn’t feel their pedaling helping. It took some time to teach them but definitely the way to go.

Buyer: Hello, I’m wondering about the availability
of this bike trailer
Retrieval: hello
Buyer: Is this bike trailer still available?
Retrieval: i’ve had it for about 5 years now.
Buyer: great, is it still available?
Retrieval: yes it is
Buyer: When would I be able to pick it up?
Retrieval: yeah, that’s fine.
Buyer: Is there a date by which I would be able to
pick it up?
Retrieval: sure, i could do that for you.

Buyer: Okay, is there any damage to the bike trailer
Retrieval: yes what questions do you have?
Buyer: I’m wondering if there’s any damage to the
bike trailer
Retrieval: great! i’m asking $100.00 for it!
Buyer: Would you be able to decrease the price to
$90?
Retrieval: sure. i’d be willing to let it go for $90.00
Buyer: Okay great, I’ll pick it up today. Does that
work for you?
Retrieval: yes absolutely. its a great deal
Buyer: accept
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Title: File Cabinet metal - $70
Description: I have 4 cabinets file metal 4-Drawer for sell. They are good condition. they are black .I sell
them for 70$ each. Thank you for reading !
Buyer: Why are you selling
Retrieval: yes it is still for sale.
Buyer: How much is it
Retrieval: it’s new
Buyer: Sorry, can you repeat that
Retrieval: where are you. how far from alameda(
ca)?
Buyer: I am close to [removed]. It’s pretty far
Retrieval: how about $70.00?
Buyer: I don’t know the condition. Could you
please provide me with some details

Retrieval: it looks extremely heavy and in great
condition! i could do $70.00...
Buyer: Is there any damage
Retrieval: nope. overall condition is extremely
well
Buyer: How heavy are they
Retrieval: yes, very good condition.
Buyer: How about 25
Retrieval: deal
Buyer: accept

Title: Samsung Gear S2 - $175
Description: Available in Black or white Flawless! Gear, Samsung, S3, S2, smartwatch, smart, watch,
fitbit, pedometer, fitband, fit, band, bit, Samsung Gear Fit 2, classic, iwatch
Buyer: Is this an S3 or S2?
Retrieval: yes. are you interested? it’s in great
condition
Buyer: I’m interested.
Retrieval: do you have any questions?
Buyer: Is it a Gear S2 or Gear S3?
Retrieval: yes its a full tablet so it does come with
the charger
Buyer: Is htis a watch or a tablet?

Retrieval: yes.
Buyer: Can I see pictures?
Retrieval: sure thing.
Buyer: can I have it for $50?
Retrieval: i am willing to do $50.00 if you can
pick it up at my place of work.
Buyer: sure, where is that?
Retrieval: yes, that is correct.
Buyer: reject
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A.4.3 Language Model

Title: Gorgeous 3 bedrooms available in August! Perfect way to end the summer - $3795
Description: Call Now - Use this link for more info: http://thegreystar.com/42v07z Everyday Exceptional.
Where You Belong. This is a 3 Bedroom, 2 Bath, approximately 1422 Sq. Ft. NEW APARTMENT
HOMES IN PLEASANTON, CA. A contemporary apartment community that is as much an escape as it
is a destination. A place where beautifully appointed homes, resort-style amenities, rolling lawns and
parks, and boutique shops come together to create a distinctly new leisure lifestyle. Please click on the
link below to check out our virtual tour!

Buyer: Hello, is this 3 bedroom home still avail-
able for rental?
LM: Hi, yes it is. The asking price is $2430.
Buyer: Is that a monthly cost?
LM: The lease is for one year, but if you have a
family member or friend who are already employed
and would be willing to sign a longer lease, we
could offer you the option of moving in right away.
Buyer: Would the price be lower if I signed a
longer lease?
LM: The price is firm at $2425, and I’m willing to
negotiate
Buyer: Would you be able to rent for $2300?
LM: Yes
Buyer: Great, what documents would I need to
provide to apply to rent this place?
LM: This place has been carefully designed with
you in mind.
Buyer: Does this apartment have a deposit fee?
LM: This apartment is located in a convenient lo-
cation, so that the lowest that can be reasonable for
you is 10% of your deposit.
Buyer: What would the deposit fee bee?
LM: If you sign a longer lease, the deposit fee will
be $75.
Buyer: Okay, great! How long would my lease
need to be?
LM: I’d be willing to let it run for 5 months at no
additional cost.

Buyer: So if I sign a 5 month lease the deposit fee
would be $75 and rent $2300 per month?
LM: That’s too low for me. I could come down to
$90 in monthly rent. I can also drop the rent down
to $100 for you.
Buyer: Oh wow! So I could get this place for $90
in monthly rent?
LM: I think that is fair. How long of a lease are
you looking for?
Buyer: 1 year
LM: This is a very good deal. I can accept $80 for
a 3 year lease.
Buyer: I want a 1 year lease
LM: Ok, you have a deal!
Buyer: Okay, 1 year lease at $80 per month?
LM: Yes
Buyer: Great, thank y
LM: I would like to hear your budget.
Buyer: $80 per month works for me
LM: No, sorry.
Buyer: I thought you had provided that as your
previous offer?
LM: I am sorry, but I do not. So $80 is the price.
Buyer: Okay, confirming $80 per month?
LM: How about $90 per month?
Buyer: That also works.
LM: You have a deal!
Buyer: Great!
LM: offer $80
Buyer: accept
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Title: Parker Apartments - Now Accepting Below Market Rate Applications - $979
Description: **** Parker is that thrill you feel when inspiration strikes. Perched proudly on Shattuck
Avenue in Berkeley, this collection of 155 carefully crafted, sustainably designed apartments offer
immediate access to music venues, boutique shopping, nightlife, green space, the Gourmet Ghetto, and
removed. At home, get to know your neighbors by the crackling light of a fire pit, get focused in our
co-working space, or burn some calories at the on-site Equinox Fitness Club.

Buyer: Hi, when can I move in?
LM: Today
Buyer: Are there grocery stores nearby?
LM: Yes, and the inside of our apartments is com-
pletely gated.

Buyer: Is there parking available?
LM: No, but there is a free shuttle that you can use
to get there.
Buyer: Would you be able to do $900?
LM: offer $2800
Buyer: reject

Title: 20" LED Emergency Strobe Light Lamp Bar - $30
Description: 20" LED Emergency Vehicle Dash Warning Strobe Flashing Light. these lights are a great
addition and will defiantly get people out of your way as so you can respond on time! 7 Different modes
of flashing / scanning mode. Please read the description to see a detail description of each mode. Includes:
1 x Traffic strobe light bar with on/off switch and mode changer button Fitment: Universal for all vehicle
with a 12V power source Very bright led that are visible even during daytime conditions. 2 colors: Red,
Amber. Please let me know what color you are interested.

Buyer: are both colors the same price
LM: The colors are different. I can sell them both
for $200 each.
Buyer: I thought it was $30
LM: I am sorry, I have to change my mind.
Buyer: oops there is only one light
LM: The bulbs come with the two matching colors.
It would be a hassle to flash them with the other
lights in your vehicle. The best thing about the
bulbs is they will shine for you. It’s a great deal at
only $20

Buyer: is there free shipping
LM: I think I could negotiate a little but I am not
able to accept this offer.
Buyer: can I pay $7
LM: I have another offer but I can’t go any lower
than $13
Buyer: what about $11
LM: offer $7
Buyer: oh ok sure $7 and free shipping?
LM: Yes, I accept that!
Buyer: accept
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Abstract

Machines that can represent and describe en-
vironmental soundscapes have practical poten-
tial, e.g., for audio tagging and captioning. Pre-
vailing learning paradigms of audio-text con-
nections have been relying on parallel audio-
text data, which is, however, scarcely available
on the web. We propose vip-AnT that induces
Audio-Text alignment without using any par-
allel audio-text data. Our key idea is to share
the image modality between bi-modal image-
text representations and bi-modal image-audio
representations; the image modality functions
as a pivot and connects audio and text in a tri-
modal embedding space implicitly.

In a difficult zero-shot setting with no paired
audio-text data, our model demonstrates
state-of-the-art zero-shot performance on the
ESC50 and US8K audio classification tasks,
and even surpasses the supervised state of the
art for Clotho caption retrieval (with audio
queries) by 2.2% R@1. We further investigate
cases of minimal audio-text supervision, find-
ing that, e.g., just a few hundred supervised
audio-text pairs increase the zero-shot audio
classification accuracy by 8% on US8K. How-
ever, to match human parity on some zero-shot
tasks, our empirical scaling experiments sug-
gest that we would need about 221 ≈ 2M su-
pervised audio-caption pairs. Our work opens
up new avenues for learning audio-text connec-
tions with little to no parallel audio-text data.

1 Introduction

Environmental sound provides rich perspectives
on the physical world. For example, if we hear:
joyful laughing, a playful scream, and a splash; we
not only can visualize literal objects / actions that
might have given rise to the audio scene, but also,
we can reason about plausible higher-level facets,
e.g., a child speeding down a water slide at a water
park, splashing through the water (see Figure 1).

∗Work was partially done during an internship at AI2.

screaming and splashing people screaming  
on the water slide

Figure 1: vip-AnT pivots audio and text via visual
imagination.

Machines capable of parsing, representing, and
describing such environmental sound hold practical
promise. For example, according to the National
Association of the Deaf’s captioning guide, accessi-
ble audio caption generation systems should go be-
yond speech recognition (i.e., identifying speakers
and transcribing the literal content of their speech)
and provide the textual description of all the sound
effects, e.g., “a large group of people talking excit-
edly at a party”, in order to provide the full infor-
mation contained in that audio.1

The dominant paradigm for studying machine
hearing (Lyon, 2010) has been through human-
annotated audio-text data, where text is either
free-form audio descriptions (e.g., “the sound of
heavy rain”) or tagsets (Salamon et al., 2014;
Gemmeke et al., 2017; Kim et al., 2019; Drossos
et al., 2020). But existing supervised audio-text
resources are limited. While some audio-text
co-occurences can be sourced from audio-tag co-
occurrences (Font et al., 2013) or from video cap-
tioning data (Rohrbach et al., 2015; Xu et al., 2016;
Oncescu et al., 2021a), they are either not suffi-
ciently related to environmental sound or limited
in their scale and coverage.

1nad.org’s captioning guide; Gernsbacher (2015) discusses
the benefits of video captions beyond d/Deaf users.
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engine, rain, and cheers

…it has some fantastic slides with 
exciting names like The Nucleus, that 
is an indoor water roller-coaster…

screaming and splashing

People shout in the splashing water.
https://uniacco.com/blog/15-best-indoor-water-parks-in-the-uk

People shout in the splashing water.

(video, audio)

(image, text)

(audio, text)

?
Figure 2: Video-audio and image-text co-occurrences
are abundantly available on the web to support the
learning of video-audio alignment and image-text align-
ment (e.g., via large-scale video-audio and image-text
pre-training), but audio-text co-occurrences are not.

In this paper, we study large-scale audio-text
alignment without paired audio-text (AT) data. In-
spired by pivot-based models for unsupervised ma-
chine translation (Wu and Wang, 2007; Utiyama
and Isahara, 2007), we propose vip-AnT, short for
VIsually Pivoted Audio and(N) Text. vip-AnT
uses images as a pivot modality to connect audio
and text. It parallels our motivating example: hear-
ing a sound, humans can visually imagine the asso-
ciated situation and literally describe it. Pivoting
is practically viable because there are abundantly
available image-text (VT) and video-audio (VA)
co-occurrences on the web, from which bimodal
correspondence models can be trained (see Fig-
ure 2). By linking audio and text implicitly via
the combination of the VT and VA models, we en-
able zero-resource connection between audio and
text, i.e., vip-AnT can reason about audio-text
connections despite never having observed these
modalities co-occur explicitly.

We evaluate on zero-shot audio-text retrieval and
zero-shot audio classification. On the Clotho cap-
tion retrieval task (Drossos et al., 2020), without
any parallel AT data, vip-AnT surpasses the su-
pervised state of the art by 2.2% R@1; on zero-
shot audio classification tasks, it establishes new
state of the arts, achieving 57.1% accuracy on
ESC50 (Piczak, 2015) and 44.7% accuracy on
US8K (Salamon et al., 2014). We also show that
the zero-resource pivoting AT model vip-AnT can

be improved by:

(1) Unsupervised curation: whereby noisy AT
pairs are explicitly mined from the pivoting model
and serve as additional training data (e.g., +5.7%
on ESC50 and +9.3% on US8K); and
(2) Few-shot curation: whereby a small number
of human-annotated audio caption pairs are made
available at training time (e.g., a few hundred pairs
increases the zero-shot audio classification accu-
racy by 8% on US8K).

However, for ESC-50, according to the empiri-
cal scaling relationship we find, it would require
around 221 ≈ 2M aligned audio-text pairs for the
zero-shot model to match human parity on ESC50
under our setup, which is an order-of-magnitude
more than the largest currently-available audio-text
corpus of Kim et al. (2019).

2 Related work

Supervised audio representation learning.
While automatic speech recognition has been a
core focus of the audio processing community,
environment sound classification has emerged as a
new challenge and is drawing more attention (Sala-
mon et al., 2014; Piczak, 2015; Gemmeke et al.,
2017). Some prior work in learning sound event
representations are supervised by category labels
(Dai et al., 2017; Boddapati et al., 2017; Kumar
et al., 2018; Guzhov et al., 2021b; Gong et al.,
2021). Others use weaker forms of supervision
for tagging (Kumar and Raj, 2017; Kong et al.,
2018) and localization (McFee et al., 2018; Kim
and Pardo, 2019).

Learning audio representations from visual
imagination. There are two main paradigms for
using visual information to derive audio represen-
tations. In the two-stage setup, an image encoder is
first pre-trained; these weights are used as the ini-
tialization of the supervised audio model (Guzhov
et al., 2021b; Gong et al., 2021). The other adopts
contrastive learning: it exploits the image-audio
alignment inherent in videos and learns audio and
image / video representations jointly (Korbar et al.,
2018; Wang et al., 2021; Nagrani et al., 2021).
We use insights from both directions by (1) using
CLIP’s image encoder, which has been pre-trained
on image-text pairs (Radford et al., 2021), to initial-
ize an audio encoder and (2) using contrastive pre-
training on image-audio pairs. Throughout training,
we do not require any labeled images or audio.
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Model AE Initialization Objective AT Supervision VT
Alignment

Zero-shot
AT Retrieval

MMV (Alayrac et al., 2020) Random Lbi-bi None Trainable 7
VATT (Akbari et al., 2021) Random Lbi-bi None Trainable 7
AudioCLIP (Guzhov et al., 2021a) ImageNet Ltri 2M Audio Tags Trainable 7
Wav2CLIP (Wu et al., 2021) Random Lbi-bi None Frozen 7
vip-AnT (ours) Image CLIP Lbi-bi None Frozen X
vip-AnT +AT (ours) Image CLIP Lbi-bi Caption Curation Frozen X

Table 1: Survey of recent prior work studying for tri-modal (images, audio, and text) representation learning. AE
is short for Audio Encoder. Some work experiments with more than one objective, we report the best or the one it
advocates. Importantly, we report zero-shot audio-text retrieval between audio and full-sentence text descriptions,
along with scaling laws associated with that setup.

Tri-modal learning of audio-text alignment.
Our work extends recent work that generalizes the
bi-modal contrastive learning to a tri-modal set-
ting (Alayrac et al., 2020; Akbari et al., 2021).
While they also connect audio and text implic-
itly by using images as a pivot, the quality of this
audio-text alignment has rarely been studied. To
our knowledge, we present the first comprehensive
evaluation of the inferred audio-text alignment via
zero-shot retrieval / classification.

The work closest to ours are Audio-
CLIP (Guzhov et al., 2021a) and Wav2CLIP (Wu
et al., 2021). AudioCLIP’s pre-training setup is
similar to ours, but requires human-annotated
textual labels of audio, while ours does not.
Wav2CLIP is concurrent with our work; while
similar-in-spirit, our model not only performs sig-
nificantly better, but also, we more closely explore
methods for improving audio-text alignment, e.g.,
unsupervised curation.

Pivot-based alignment models. The pivoting
idea for alignment learning can date back to Brown
et al. (1991). Language pivots (Wu and Wang,
2007; Utiyama and Isahara, 2007) and image piv-
ots (Specia et al., 2016; Hitschler et al., 2016;
Nakayama and Nishida, 2017) have been explored
in zero-resource machine translation. Pivot-based
models have also been shown to be helpful in learn-
ing image-text alignment (Li et al., 2020).

3 Model

We first formalize tri-modal learning by assum-
ing available co-occurrence data for every pair of
modalities (§ 3.1). Then we present bi-bi-modal
pre-training as an alternative when there is no
paired audio-text data, and implement vip-AnT
via bi-bi-modal pre-training (§ 3.2). Finally, we
describe model variants for cases of varying AT
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X
T

Lcst(V,A) CLIP

little to no data

gA

trained

gT

frozen
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Figure 3: Learning paradigm of vip-AnT.

supervision (§ 3.3).

3.1 Tri-modal representation learning
Tri-modal representation learning between images,
audio, and text aims to derive representations from
co-occurrence patterns among the three modali-
ties (Alayrac et al., 2020; Akbari et al., 2021). We
consider a simple tri-modal representation space,
which relies on encoding functions gV : V → V,
gA : A → A, and gT : T → T to map images
v, audio a, and text t (v ∈ V, a ∈ A, and t ∈ T ),
respectively, to a shared vector space: v,a, t ∈ Rd
(v ∈ V,a ∈ A, and t ∈ T). Instead of pre-
specifying the precise semantics of this continu-
ous space, vector similarities across modalities are
optimized to reconstruct co-occurrence patterns
in training corpora, i.e., two vectors should have
a higher dot product if they are more likely to
co-occur. We use contrastive learning with the
InfoNCE loss (Sohn, 2016; van den Oord et al.,
2018):

Lcst(A,B) =

∑

i

exp s(a(i), b(i))∑
a exp s(a, b(i))

+
exp s(a(i), b(i))∑
b exp s(a(i), b)

, (1)

where A,B are two sets of data points from two
different modal domains, respectively; a(i), b(i)
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are vector representations of the co-occuring pair
(a(i), b(i)) which are encoded by gA(a(i)) and
gB(b(i)), respectively; s(a, b) computes the simi-
larity between a and b, which we take to be scaled
cosine similarity.

If we had access to co-occurrence data between
all pairs of modalities, we could optimize the tri-
modal loss:

Ltri(V,A, T ) =

Lcst(V,A) + Lcst(A, T ) + Lcst(V, T ) . (2)

3.2 Visually pivoted audio and text

Differently from image-text and image-audio pairs,
which are abundantly available on the web, audio-
text data is scarce. Instead of Equation 2, in
vip-AnT, we consider a “bi-bi-modal" loss, which
doesn’t require AT data.

Lbi-bi(V,A, T ) = Lcst(V,A) + Lcst(V, T ) . (3)

The image encoder is shared between the VA
alignment model (i.e., Lcst(V,A)) and the VT
alignment model (i.e., Lcst(V, T )) and thus pro-
vides a zero-resource connection between audio
and text in the tri-modal embedding space implic-
itly.

3.2.1 Model architecture

Image and text encoders. Instead of learning
gV and gT from scratch, we build on a pre-trained
CLIP model, which has been pre-trained on We-
bImageText (WIT), a dataset of 400 million image-
text pairs gathered from the internet (Radford et al.,
2021). CLIP has been shown highly performant
on VT tasks, e.g., zero-shot image classification.
We use the ViT-B/32 model in this work, which
consists of a 12-layer vision Transformer (ViT) and
a 12-layer language Transformer (Vaswani et al.,
2017; Dosovitskiy et al., 2021). Given CLIP’s
strong VT alignment, we use its image encoder
as gV and text encoder as gT . During learning, gV
and gT are kept frozen and thus the joint VT rep-
resentation space is untouched (see Figure 3). We
minimize only the first loss term of Equation 3:

min
ΘA
Lcst(V,A) , (4)

where ΘA are the trainable parameters of the audio
encoder gA.
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Figure 4: Left: three-channel image versus one-
channel Spectrogram features of audio. We use
ViT (Dosovitskiy et al., 2021) to encode images and
audio. ViT uses a convolution layer to encode non-
overlapped image patches into a sequence of image to-
kens, but for audio we modify the convolution stride to
allow for overlaps between neighbor patches.
Right: adapting the convolution layer of ViT for au-
dio encoding. For simplicity’s sake, we omit the output
channels of kernel weights and positional embeddings.

Audio encoder. Our audio encoder has the same
vision Transformer architecture as CLIP’s image
encoder (ViT-B/32). In § 4, we show that initializ-
ing the audio encoder with CLIP’s visual weights
significantly improves convergence speed and accu-
racy. The architectural modifications which enable
the use of visual CLIP’s architecture for audio are
(see Figure 4 for an illustration):2

(1) We customize the convolution stride to allow
for overlaps between neighbor patches of Spectro-
gram features of audio.
(2) In the input embedding layer, we average the
kernel weights of the convolution layer along the
input channel to account for 1-channel Mel-filter
bank features of audio (cf. RGB channels of im-
ages).
(3) We up-sample the 2-dimensional positional em-
beddings of image tokens to account for longer
audio token sequences.

3.2.2 Bi-bi-modal pre-training details
Video-audio co-occurences. To optimize Equa-
tion 4, we gather VA co-occurrences from Au-
dioSet (AS; Gemmeke et al. (2017)),3 which con-
tains temporally aligned audio and video frames
from 10-second clips gathered from around 2 mil-
lion YouTube videos. To construct aligned image-
audio pairs from AS, we adopt a sparse sampling
approach (Lei et al., 2021): we first, extract four

2https://github.com/zhaoyanpeng/vipant
3https://github.com/zhaoyanpeng/audioset-dl
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Figure 5: Image → Audio retrieval performance per
image-audio pre-training epoch, evaluated on the AS
balanced training set. "CLIP" and "Rand" indicates that
the audio encoder is initialized from CLIP’s image en-
coder and has random initialization, respectively.

equal-spaced video frames from each clip. Then,
during training, we randomly sample a frame from
the four, and treat it as co-occurring with the cor-
responding audio clip. At test time, we always use
the second video frame as the middle frame to con-
struct image-audio pairs. We use the unbalanced
training set, which consists of around 2 million
video clips, to pre-train the audio encoder. Since
AudioSet does not provide an official validation
set, we validate the audio encoder and tune model
hyperparameters on the balanced training set.

Audio preprocessing. We use Kaldi (Povey
et al., 2011) to create Mel-filter bank features
(FBANK) from the raw audio signals. Specifically,
we use the Hanning window, 128 triangular Mel-
frequency bins, and 10 millisecond frameshift. We
always use the first audio channel when an audio
clip has more than one channel. We apply two
normalizations: (1) before applying Kaldi, we sub-
tract the mean from the raw audio signals; and (2)
we compute the mean and standard deviation of
FBANK on the unbalanced AS training set, and
then normalize the FBANK of each audio clip. For
data augmentation, inspired by Gong et al. (2021),
we use frequency masking and time masking: we
randomly mask out one-fifth FBANK along the
time dimension and one-forth FBANK along the
frequency dimension during training.

Training dynamics. The architecture of our au-
dio encoder follows the vision Transformer of CLIP
(ViT-B/32, see Radford et al. (2021) for more de-
tails). For the trade-off of efficiency and efficacy,
we set the convolution stride to 16 × 24. This re-

sults in around 300 audio tokens for a kernel size of
32× 32 and an input size of 1000× 128 (all in the
form of time× frequency). We optimize the model
with LARS (You et al., 2017), where the initial
learning rates for model weights and model biases
are set to 2e-1 and 4.8e-3, respectively (detailed
hyperparameters can be found in Table 5 in Ap-
pendix B). We pre-train our model on 4 NVIDIA
Quadro RTX 8000 GPUs and for 25 epochs. We
empirically set the batch size to 432 to fit the GPU
memory. The full pre-training can be done within
24 hours.

Evaluation. We measure the VA pre-training per-
formance by retrieval precision and recall:

p =
#(relevant items among the retrieved)

#(retrieved items)
,

r =
#(relevant items among the retrieved)

#(relevant items)
.

Audio is relevant if it has the same set4 of labels
as the image query, and vice versa. We average
precisions and recalls over all samples in the bal-
anced AS training set. Figure 5 illustrates the top-
1 retrieval performance with images as the query
(similar trends are observed when using audio as
the query). Compared with random initialization,
initializing the audio encoder from CLIP’s image
encoder leads to faster convergence and better VA
alignment. As we will see, this performance on VA
retrieval transfers to downstream AT tasks.

3.3 Unsupervised and few-shot curation
To improve the AT alignment beyond pivoting, we
consider curating audio-text pairs, and then per-
forming an additional fine-tuning step by train-
ing the audio encoder with the AT loss, i.e.,
Lcst(A, T ).5 During AT fine-tuning, we keep the
text encoder gT frozen and only fine-tune the audio
encoder.

Unsupervised curation. We consider explicitly
mining AT pairs from vip-AnT. Because this zero-
resource method uses no human supervision, we
refer to it as “unsupervised curation." Concretely,
for each video segment in AudioSet, we extract a
video frame, and input that frame to the original
CLIP image encoder. Then, we encode a large

4Recall that each audio clip in AudioSet is annotated with
multiple labels.

5Since our goal is to improve AT alignment, we primarily
focus on AT fine-tuning; nonetheless, we compare AT fine-
tuning to full VAT fine-tuning as in Equation 2 in Appendix E.
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) AC Audio-focused Captions originate from the training captions of AudioCaps and Clotho. We
perform caption retrieval by using CLIP and the prompt "the sound of". (1080078 aligned pairs)

example A balloon is rubbed quickly and slowly to make squeaking sounds.

FC Free Captions are generated by priming GPT-J with MSCOCO captions. We perform caption
retrieval by using CLIP and the prompt "a photo of". (1224621 aligned pairs)

example The blue colored person is jumping on the white and yellow beach ball.

VC Vision-focused Captions originate from MSCOCO. We perform caption retrieval by using CLIP
and the prompt "a photo of". (1172276 aligned pairs)

example A sky view looking at a large parachute in the sky.

RC
Random Captions indicates that we break the gold AL alignment in AudioCaps by randomly
sampling a caption for each audio clip. They are used as a lower bound on the quality of AL
alignment. (44118 aligned pairs)

example A whoosh sound is heard loudly as a car revs its engines.

Su
pe

rv
is

ed

GL Gold textual Labels are used to construct AL pairs. (120816 aligned pairs)
example Gurgling

GC Gold Captions from AudioCaps provide an upper bound on the quality of AL alignment. (44118
aligned pairs)

example Children screaming in the background as the sound of water flowing by.

Table 2: Different ways of curating AT pairs. Gurgling is described as "the bubbling sound of water flowing
through a narrow constriction, such as from a bottle with a narrow neck". The example comes from this YouTube
video: 1O7-QuhweZE.

set of candidate captions, and perform Image →
Text retrieval over them by using the CLIP text
encoder. The top candidate captions according to
cosine similarity are then paired with the audio that
corresponds to the original video clip.

We consider multiple caption sources to search
over. As noted by Kim et al. (2019), captions for
images and captions for environmental audio are
significantly different in focus. We consider two
vision-focused caption sets: (1) MSCOCO (Lin
et al., 2014) captions (VC); and (2) because
MSCOCO captions are limited to 80 object cat-
egories, we generate free-captions from GPT-J
(Wang and Komatsuzaki, 2021) conditioned on
MSCOCO captions as a prompt (FC). We addi-
tionally consider audio-focused captions from the
training set of AudioCaps (Kim et al., 2019) and
Clotho (Drossos et al., 2020) (AC).6 As a base-
line, we also consider a random caption alignment,
which assigns a random caption from AC to each
clip (instead of pivoting on images). The upper half
of Table 2 summarizes different ways of curating
AT pairs without additional supervision.

6We do not use the alignment of these captions — just the
captions themselves.

Few-shot curation. We also explore the effect of
incorporating limited amounts of AT supervision,
specifically, via captions from AudioCaps (GC) and
textual labels of AudioCaps (GL) (see the bottom
half of Table 2).

4 Audio-text experiments

We use two types of tasks to evaluate the quality
of the audio-text alignments learned by our model:
AT retrieval and zero-shot audio classification.

AT retrieval. We conduct audio-text retrieval on
AudioCaps and Clotho for in-domain evaluation
and out-of-domain evaluation, respectively:

(1) AudioCaps (Kim et al., 2019) builds on Au-
dioSet (Gemmeke et al., 2017) and provides cap-
tions for a subset of audio clips in AudioSet
(sourced from YouTube). As we have pre-trained
the audio encoder on AudioSet, we consider audio-
text retrieval on AudioCaps as in-domain evalua-
tion.
(2) Clotho (Drossos et al., 2020) consists of audio
clips which have a duration of 15-30 seconds and
come from Freesound (Font et al., 2013). It has a
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Model
AudioCaps Clotho

Text→Audio Audio→Text Text→Audio Audio→Text
R@1 R@10 R@1 R@10 R@1 R@10 R@1 R@10

Supervised SoTA 18.0 62.0 21.0 62.7 4.0 25.4 4.8 25.8

Z
er

o-
re

so
ur

ce

VA-Rand 1.3 7.3 5.6 24.5 1.3 7.5 3.2 13.5
vip-AnT 0.8 7.9 10.1 38.1 1.9 9.5 7.0 25.6
+AT w/ AC 9.9 45.6 15.2 52.9 6.7 29.1 7.1 30.7
+AT w/ FC 8.9 41.5 14.7 50.0 6.5 27.7 7.8 29.7
+AT w/ VC 6.9 35.7 13.5 49.4 5.5 25.6 7.6 28.2
+AT w/ RC 3.8 19.9 10.7 38.1 3.5 16.9 5.5 24.9

Ze
ro

-
sh

ot +AT w/ GL 12.4 52.9 13.0 51.2 6.7 29.0 6.8 27.0
+AT w/ GC 27.7 78.0 34.3 79.7 11.1 40.5 11.8 41.0

OracleAV-CLIP 4.8 27.8 6.6 31.2

Table 3: Audio caption retrieval performance (%) on AudioCaps test set and Clotho evaluation set. "Supervised
SoTA" is from Oncescu et al. (2021b). OracleAV-CLIP: we replace audio with the corresponding image and
evaluate image-text retrieval performance of CLIP (Radford et al., 2021). VA-Rand is the same as vip-AnT but he
audio encoder is initialized randomly, instead of from CLIP visual weights. We further fine-tune vip-AnT on AT
data curated in different fashions, e.g., AC, FC, VC, and RC are mined explicitly from the zero-resource pivoting
model (see Table 2 for details).

Model ESC50 US8K AS

Supervised 95.7±1.4 86.0±2.8 37.9

Z
er

o-
re

so
ur

ce

VA-Rand 37.6(33.0) 41.9(38.1) 1.7( 2.0)

vip-AnT 57.1(49.9) 44.7(37.8) 2.6( 2.8)

+AT w/ AC 62.8(55.7) 54.0(47.0) 11.6(12.3)

+AT w/ FC 62.5(58.0) 52.7(50.0) 11.2(12.2)

+AT w/ VC 61.9(58.0) 52.7(50.3) 8.9(10.7)

+AT w/ RC 51.6(36.1) 42.3(28.5) 4.1( 4.6)

Wav2CLIP 41.4 40.4

Z
er

o-
sh

ot +AT w/ GL 67.2(64.5) 62.6(61.0) 15.4(18.9)

+AT w/ GC 69.5(64.2) 71.9(67.1) 13.3(13.6)

AudioCLIP 69.4 65.3

Table 4: Zero-shot audio classification accuracies (%)
on ESC50 and US8K and mAPs (%) on AudioSet (AS).
"Supervised" = upper bound performance of vip-AnT
when fine-tuned with supervised audio labels. In the
zero-shot / zero-resource settings, we use a prompt ‘the
sound of ’ by default (results in parenthesis are without
the prompt). "+AT" = fine-tuned vip-AnT on AT pairs
with different curations. AudioCLIP is pre-trainined
using the 2 million textual labels of AudioSet; +AT w/
GL and +AT w/ GC are trained with only 44K labels
/ captions. Wav2CLIP is most directly comparable to
our zero-resource pivoting model vip-AnT with unsu-
pervised curation.

different sound source from AudioCaps and is used
for out-of-domain evaluation.

We study the out-of-domain generalizability of
our models by applying them to Clotho directly,

without further fine-tuning on it.7

Zero-shot audio classification. We consider the
following three widely used datasets for audio clas-
sification.

(1) ESC50 (Piczak, 2015) contains 2000 audio
clips from 50 classes. Each audio clip has a du-
ration of 5 seconds and a single textual label. We
follow the standard k-fold data splits.
(2) US8K (Salamon et al., 2014) contains 8732
audio clips from 10 classes. Each audio clip has
a duration less than 4 seconds and a single textual
label. We follow the standard k-fold data splits.
(3) AudioSet (Gemmeke et al., 2017) is a bench-
mark dataset for multi-label classification. Au-
dioSet provides balanced and unbalanced training
sets. The balanced set consists of 22 thousand au-
dio clips and the unbalanced set contains around
2 million audio clips. It also provides 20 thou-
sand balanced audio clips for evaluation (more data
statistics can be found in Table 6 in Appendix A).

For each audio clip a, we first compute the co-
sine similarity between it and every possible textual
label in the tri-modal representation space. Then
we predict the label t with the highest similarity:

arg max
i

cos(t(i),a) . (5)

7Clotho audio clips (15-30s) are longer than our pre-
training audio clips (10s). See Appendix D for adaptation
details.
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4.1 Main results

Our prediction results for AT retrieval are given in
Table 3 and for zero-shot classification in Table 4
(Appendix F contains qualitative results of the tri-
modal representations).

Initializing with visual CLIP weights helps.
Comparing VA-Rand to vip-AnT, we see accu-
racy increases in all classification and retrieval se-
tups. For example, on AudioCaps, vip-AnT out-
performs VA-Rand by 4.5% R@1 and 13.6% R@10.
This confirms that the findings of Gong et al. (2021)
carry-over to unsupervised audio pre-training.

Pivoting works well for Audio → Text.
vip-AnT exhibits surprisingly strong performance
on AT retrieval tasks and zero-shot classification.
For example, it outperforms the supervised base-
line (Oncescu et al., 2021b) by 2.2% R@1 for text
retrieval, without being trained or fine-tuned on
Clotho, and without ever having seen an aligned
AT pair.

Prompting (usually) helps. Inspired by the zero-
shot image classification setups of CLIP (Radford
et al., 2021), we prefix textual labels with a prompt
in zero-shot audio classification. We empirically
find that the prompt ‘the sound of ’ works well. Us-
ing it greatly improves zero-shot multi-class classi-
fication accuracy (see Table 4). Take vip-AnT, the
prompt gives rise to an improvement of 7.2% on
ESC50 and 6.9% on US8K, but hurts multi-label
classification performance on AS.

Random curation helps. Even when the audio-
text pairs used to train that objective are sampled
entirely at random (+AT w/ RC), vip-AnT im-
proves, e.g., R@1 for Text→ Audio retrieval in-
creases from 0.8% to 3.8%. We conjecture that
RC at least makes audio representations aware of
and lean towards the text cluster of the joint VT
representation space.8 While this result also holds
for AS classification (+1.5% mAP), performance
decreases for ESC50 (-5.5% accuracy) and US8K
(-2.4% accuracy).

8Concretely, VA pre-training pushes audio embeddings
towards the image cluster (V) of the VT space of the pre-
trained CLIP, but it does not guarantee that audio embeddings
will be as close to the text cluster (T) of the VT space as to
V. Random curation provides an estimate of the text-cluster’s
distributional properties, i.e., the audio embeddings are moved
on top of the distribution of the text cluster of the VT space
explicitly; surprisingly, this crude "semantic-free" alignment
method improves the quality of audio-text alignment.

0 20 40 60 80 100
Per-class accuracy (%)
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siren
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Figure 6: Per-class accuracy on US8K.

Unsupervised curation is universally helpful.
vip-AnT fine-tuned with unsupervised audio cap-
tions (+AT w/ AC) outperforms both pivoting
(vip-AnT) and random curation (+AT w/ RC) in
all cases. Thus, explicitly mining unsupervised AT
pairs can be a helpful zero-resource approach. Per-
formance with automatically generated captions
(FC) is similar to captions written by humans (AC).

Supervision is still the most helpful. Fine-
tuning vip-AnT on GC pairs leads to the highest
accuracies on ESC50 and US8K. However, we do
not see similar improvements on AS, presumably
because multi-label classification is more challeng-
ing and requires more direct language supervision,
such as audio labels. This is further evident when
we fine-tune vip-AnT on GL and obtain the high-
est accuracy (18.9% mAP) on AS (see Table 4).

For retrieval, GL uses only audio labels as the
text, which provide less dense language supervision
than GC and is thus slightly worse than GC, but
still, it gives better AT alignment than all automatic
methods. As captions become semantically further
from the audio-caption domain, e.g., GC < AC <
FC < VC, the AT alignment becomes weaker, and
thus leading to worse retrieval performance. The
fine-tuned audio encoder generalizes to the out-
of-domain Clotho successfully, displaying a trend
similar to AudioCaps.

Supervision improves per-class accuracy in gen-
eral. We further plot zero-shot classification ac-
curacy for each audio class (see Figure 6 for US8K
and Figure 12 in Appendix G for ESC50). Clearly,
language supervision improves per-class accuracy
in general. The highest improvement is observed
on ‘siren’ because ‘siren’ rarely appears in image
descriptions while GC contains a lot of textual de-
scriptions of ‘vehicle’ audio.
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Figure 7: Audio retrieval and zero-shot classification performance versus level of language supervision.

4.2 Level of language supervision

We have observed that AT fine-tuning on AT pairs
mined without any additional supervision (e.g., AC,
FC, and VC) can improve the AT alignment, but
supervised alignments are still the most effective.
But: how much supervised data is really needed?
To understand the relationship between supervision
and performance, we vary the number of gold AT
pairs (i.e., training samples of AudioCaps) used
for AT fine-tuning. On the audio-text retrieval
task (see Figure 7a), unsurprisingly, fine-tuning
on more aligned AT pairs results in higher audio-
text retrieval / zero-shot classification performance.
Surprisingly, using only 442 (around 1%) AT pairs
of AudioCaps gives rise to as strong AT alignment
as VT alignment (cf. OracleAV-CLIP in Table 3).

As we increase the number of supervised AT
pairs used during fine-tuning, we observe a roughly
linear relationship between zero-shot performance
and the log of the number of supervised pairs (this
observation is similar to Kaplan et al. (2020)’s ob-
servations regarding Transformers). While it is not
clear how reliable extrapolations from this roughly
linear trend are, we roughly estimate the amount
of annotated AT pairs required for the zero-shot
performance to equal human parity for ESC50 of
81% (Piczak, 2015): our estimate is that 221 ≈ 2M
supervised audio caption pairs would be needed.
We are hopeful both (1) that larger curated audio-
text datasets will become available; and (2) that
future work can improve the data efficiency of the
pre-training process.

5 Conclusion

We have presented vip-AnT for unsupervised
audio-text alignment induction. Based on the pivot-
ing idea, our model learns image-text alignment

and image-audio alignment explicitly and sepa-
rately via bi-modal contrastive pre-training. The
image modality is shared between the two and
thus pivots audio and text in the tri-modal em-
bedding space implicitly, without using any paired
audio-text data. We empirically find that our model
achieves strong performance on zero-shot audio-
text tasks. We further strengthen the audio-text
alignment by using varying kinds of audio-text su-
pervision. Experimental results show that even
un-aligned audio-caption pairs can help.
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Abstract

This supplementary material includes (1) data
statistics (§ A), (2) hyperparameters of opti-
mizers (§ B), (3) supervised audio classifica-
tion (§ C), (4) interpolating pre-trained posi-
tion embeddings for Clotho audio-caption re-
trieval (§ D), (5) comparison between VAT
fine-tuning and AT fine-tuning (§ E), (6) a qual-
itative study of the geometry of the tri-modal
embedding space (§ F), and (7) additional find-
ings from the audio-text retrieval task (§ G).

A Data statistics

Table 6 presents data statistics of all the datasets
used in the paper.

B Optimizer hyperparameters

Table 5 presents optimizer hyperparameters used
in our learning tasks.

Hyperparam. VA AT ESC50 US8K

Optimizer LARS (You et al., 2017)
Batch size 432 64 50
Weight decay 1e-6
LR of weight 2e-1 1e0
LR of bias 4.8e-3 2.4e-2
Warmup epoch 10
Training epoch 25 50

Hyperparam. AS balanced AS unbalanced

Optimizer Adam (Kingma and Ba, 2015)
Batch size 12 128
Weight decay 1e-7
Learning rate 5e-5
Warmup step 1000
Training epoch 25 5
LR scheduler MultiStepLR (γ = 0.5)

Table 5: Hyperparameters of the optimizers used for
VA pre-training, AL fine-tuning, ESC50 classification,
US8K classification, balanced AS classification, and
unbalanced AS classification. The learning rate (LR)
in balanced AS classification is scheduled by epoch: 5,
9, 10, 11, 12 epochs. In unbalanced AS classification it
is scheduled by optimization step: 7.5, 15, 20, 25, 35,
40, 45, 50 thousand steps.

C Supervised audio classification

To perform supervised audio classification, we add
a classification head (a linear layer) on top of the
pre-trained audio encoder. For multi-class classi-
fication, the classification head projects the vector
representation of an audio clip onto the class space.
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Figure 8: Fine-tuning last k = 0, 2, 4, 6, 8 layers of the
pre-trained audio encoder for AS classification. mAP
is measured on the AS balanced training set per fine-
tuning epoch.

We fine-tune the model by minimizing the cross-
entropy loss:

∑

i

log p(y(i)|a(i)) , (6)

where y(i) is the gold label of a(i). For supervised
multi-label classification, the classification head
estimates the likelihood that an audio clip has some
textual label. We thus minimize the per-label binary
cross-entropy loss:

∑

i

∑

l

log p(l = 1|a(i)) , (7)

where l enumerates all possible audio labels.
ESC50 and US8K classification. We initial-
ize the audio encoder from random initialization,
CLIP, and vip-AnT, respectively. Among them,
vip-AnT performs best. It surpasses random ini-
tialization and CLIP on both datasets (see Table 7).9

Notably, it outperforms the strong baseline AST-P
on ESC50 (+0.1%), though AST-P has used gold
audio labels for supervised pre-training.
AS classification. We consider balanced and un-
balanced training for AS classification and train an
individual model on the balanced set and the un-
balanced set, respectively. Since the audio encoder
has been pre-trained on the unbalanced AudioSet
training set, it can be directly used without further
fine-tuning. Nevertheless, we fine-tune the last k
layers of the Transformer architecture of vip-AnT
and investigate whether task-specific fine-tuning
helps (see Figure 8). When k = 0 the model is

9We find that vip-AnT initialization leads to fast conver-
gence, so it can bring better classification results than other ini-
tialization methods with the same number of training epochs.
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STAT. AudioSet ESC50 US8K AudioCaps Clotho

# Train 2041789 (unbalanced) 2000 (5-fold) 8732 (10-fold) 44118 (×1 caption) 3839 (dev-train)
# Dev 22160 (balanced) 1045 (dev-val)
# Val 441 (×5 caption) 1045 (dev-test)
# Test 20371 (balanced) 860 (×5 caption) 1043 (withheld)
# Class 527 50 10 5 captions / audio
Duration 10s 5s 0-4s 10s 15-30s
Task Multi-label CLF Multi-class CLF Multi-class CLF Captioning Captioning
Source YouTube Freesound Freesound YouTube (AudioSet) Freesound

Table 6: Statistics of the data used in this paper. CLF is the abbreivation of "classification". In AudioSet (Gemmeke
et al., 2017) audio clips come from distinct videos. Balanced split means that there are at least 59 samples for each
of 527 sound classes. We managed to download 18036 out of 22160 videos in the balanced training split, 16416
out of 20371 videos in the test / evaluation split, and 1715367 out of 2041789 videos in the unbalanced split.

AS Classification

Dataset AST AST? AST† vip-AnT

Unbalanced 43.4 44.7
Balanced 34.7 35.8 31.4 37.9

US8K and ESC50 Classification

Dataset AST-S AST-P CLIP vip-AnT

US8K 82.5±6.0 86.0±2.8

ESC50 88.7±0.7 95.6±0.4 89.7±1.5 95.7±1.4

Table 7: Multi-label classification mAPs (%) on AS
and Supervised audio classification accuracies (%) on
ESC50 and US8K. AST, AST-S, and AST-P indicates
the results reported by Gong et al. (2021). We follow
their suggestions and test the their best model (AST?)
on our test set. Note that the best model has been
trained on the combination of balanced and unbalanced
AS training sets. † indicates that we follow the settings
of AST and train it on our data. CLIP and vip-AnT
indicate that the audio encoder is initialized from CLIP
and from vip-AnT, respectively.

basically a linear probe. It inspects if contrastive
pre-training learns separable audio representations.
As we increase k, i.e., fine-tuning more layers, the
model exhibits a tendency of over-fitting the train-
ing set. We use k = 4 as a trade-off between under-
fitting and over-fitting. Our model achieves the
best mAP of 37.9% for balanced training, which
surpasses AST by 6.5% (see Table 7). While for
unbalanced training, we find it crucial to fine-tune
the whole model. Again, our model outperforms
AST (+1.4% mAP).

D Position embedding interpolation

Clotho (Drossos et al., 2020) audio has a duration
of 15-30 seconds, which is longer than 10-second
audio clips used in pre-training. To apply our pre-

trained audio encoder to Clotho audio-caption re-
trieval, we up-sample the pre-trained positional
embeddings to account for the longer audio token
sequences. Table 8 shows retrieval performance
of 10-second audio and 18-second audio. In gen-
eral, longer audio gives rise to better audio-caption
retrieval performance.

E VAT versus AT fine-tuning

Given caption-augmented AudioCaps audio (Kim
et al., 2019), we can improve the pre-trained au-
dio encoder via contrastive vision-audio-text (VAT)
fine-tuning and contrastive audio-text (AT) fine-
tuning. Figure 9 shows a comparison between the
two fine-tuning techniques on zero-shot ESC50
classification and AudioCaps audio retrieval. In
general, AT fine-tuning results in better results on
the two tasks.

F Analyzing tri-modal representations

To better understand the geometry of tri-modal
embeddings of our pivoting, unsupervised cura-
tion, and supervised curation, we study how AT
fine-tuning influences the tri-modal representation
space. Specifically, we analyze vip-AnT (pivot-
ing), vip-AnT +AT (w/ RC) (unsupervised cura-
tion), and vip-AnT +AT (w/ GC) (supervised cu-
ration) using pivotability.

Audio

Image

TextRetrieval Path

top-k top-5

start

Pivotability measures how likely images can
pivot audio and text. We quantify it for each aligned
VAT triplet via a two-step retrieval probe. Starting
at a given audio clip, we retrieve k nearest image
neighbors; for each image neighbor, we retrieve
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Model
10-second Clotho (eval) 18-second Clotho (eval)

Text→Audio Audio→Text Text→Audio Audio→Text
R@1 R@10 R@1 R@10 R@1 R@10 R@1 R@10

Z
er

o-
re

so
ur

ce

VA-Rand 1.4 7.4 3.2 13.1 1.3 7.5 3.2 13.5
vip-AnT 1.9 10.1 6.1 23.7 1.9 9.5 7.0 25.6
+AT w/ AC 5.9 26.3 8.2 30.3 6.7 29.1 7.1 30.7
+AT w/ FC 5.7 26.6 6.6 28.0 6.5 27.7 7.8 29.7
+AT w/ VC 5.2 25.2 7.0 25.9 5.5 25.6 7.6 28.2
+AT w/ RC 3.5 16.3 5.7 23.6 3.5 16.9 5.5 24.9

Ze
ro

-
sh

ot +AT w/ GL 6.0 27.1 6.1 25.4 6.7 29.0 6.8 27.0
+AT w/ GC 10.2 39.0 10.3 37.2 11.1 40.5 11.8 41.0

Table 8: Interpolating positional embeddings to account for Clotho audios which are longer than 10 seconds.
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(a) Zero-shot classification (CLF) accuracy versus level of
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Figure 9: Comparing VAT and AT fine-tuning on zero-shot ESC50 classification and AudioCaps audio retrieval.

the top-5 nearest captions. Since each audio clip
has 5 gold captions, we compute pivotability as the
ratio of the number of retrieved gold captions to
5. A gold caption may be retrieved more than one
time, but we always count it as 1, so pivotability is
always between 0 and 1.

We conduct this experiment on AudioCaps test
set. For each k, i.e., how many images will be
retrieved for a given audio clip, we average pivota-
bility scores over all test triplets (see Figure 10).

Which pairs are pivotable? To study what
kinds of audio are more likely to be pivoted with
text by images, we set k = 5, i.e., 5 images will be
retrieved for each given audio clip. We consider an
AT pair as pivotable if at least 3 out of 5 gold cap-
tions of the audio clip are retrieved, i.e., pivotability
is equal to or larger than 0.6. Figure 11 illustrates
the categories of the audio clips in pivotable AT
pairs. Unsurprisingly, audio about speech and vehi-
cle is more pivotable because the two categories are
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Figure 10: Tri-modal pivotability. +AT (w/ GC) and
+AT (w/ RC) indicate that vip-AnT is further fine-
tuned on GC and RC, respectively.

among the top three frequent categories in AS.10

Given that AT fine-tuning improves Audio→ Im-
age retrieval, we wonder if it could also help find
novel categories of audio that can be pivoted with

10Music is the second most frequent category in AS. It is
not shown in the figure because AudioCaps excludes all music
audio.
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Figure 11: Categories of the audio that can be pivoted
with text by images. Larger text indicates that the re-
lated audio is more likely to be pivoted with text.

text. We find that this is indeed the case (see Ta-
ble 9). For example, vip-AnT +AT (w/ GC) finds
more fine-grained speech categories because most
AT pairs in AudioCaps are about speech. In con-
trast, vip-AnT +AT (w/ RC) finds two additional
novel insect categories, presumably because RC
suffers from less data bias than GC.

+AT w/ GC ‘female speech, woman speaking’,
‘narration, monologue’, ‘vibration’

+AT w/ RC
‘bee, wasp, etc.’, ‘female speech,
woman speaking’, ‘insect’, ‘narra-
tion, monologue’, ‘vibration’

Table 9: Comparing against vip-AnT, the two fine-
tuned versions of vip-AnT find novel audio categories
in pivotable AT pairs.

G Additional results

Asymmetric audio-text retrieval performance.
For Text→ Audio retrieval, our unsupervised piv-
oting model is not as good as on Audio → Text.
This could be because audio is intrinsically more
difficult to retrieve with specificity than text in our
corpus, e.g., because sound events co-occur (a baby
may cry in street with sirens in the background
or in a room with dogs barking), there may be a
broader range of captions that accurately describe
them. However, it could also be the case that AT
alignment is bounded by VT alignment because VA
pre-training biases audio representations towards
image representations. We check this hypothesis by
conducting image-text retrieval on AudioCaps. Au-
dioCaps provides aligned image-audio-text triplets,
so we simply replace audio with the corresponding
image. We find that the Text → Image retrieval
performance of CLIP is much better than the Text
→ Audio retrieval performance of vip-AnT (see
the OracleAV-CLIP row of Table 3). It is also close

0 20 40 60 80 100
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Figure 12: Per-class accuracy on ESC50.

to the Image→ Text retrieval performance of CLIP.
In contrast, vip-AnT exhibits a large gap between
the Text → Audio retrieval performance and the
Audio→ Text retrieval performance.

Per-class accuracy on ESC50 is illustrated in
Figure 12.
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Abstract

The performance of Reinforcement Learning
(RL) for natural language tasks including Ma-
chine Translation (MT) is crucially depen-
dent on the reward formulation. This is
due to the intrinsic difficulty of the task in
the high-dimensional discrete action space as
well as the sparseness of the standard reward
functions defined for limited set of ground-
truth sequences biased towards singular lexi-
cal choices. To address this issue, we formu-
late SURF, a maximally dense semantic-level
unsupervised reward function which mimics
human evaluation by considering both sen-
tence fluency and semantic similarity. We
demonstrate the strong potential of SURF to
leverage a family of Actor-Critic Transformer-
based Architectures with synchronous and
asynchronous multi-agent variants. To tackle
the problem of large action-state spaces, each
agent is equipped with unique exploration
strategies, promoting diversity during its ex-
ploration of the hypothesis space. When
BLEU scores are compared, our dense un-
supervised reward outperforms the standard
sparse reward by 2% on average for in- and
out-of-domain settings.

1 Introduction

Reinforcement Learning (RL) has shown promise
in the field of text generation. This is mainly
due to the fact that it allows the usage of non-
differentiable evaluation functions fit for the dis-
crete natural language tasks. It also serves as a
solution for bridging the gap between training and
inference time regimes (“exposure bias”) that arises
from the fact that the model is never exposed to its
own errors as only ground-truth labels are used to
condition the generation during training (Wang and
Sennrich, 2020). One of the essential components
of the RL framework is the reward function, which
is used to provide agents with indicative signals in
terms of the effectiveness of chosen actions.

The usage of RL in Neural Machine Transla-
tion (NMT) and language generation however has
been doubted largely due to the difficulty of ex-
ploration in the high-dimensional discrete action
space combined with the sparse reward signal. The
latter comes from the typical metrics used as re-
wards (e.g., BLEU (Papineni et al., 2002)). These
rewards evaluate text in a shallow way by mea-
suring the string similarity between generated and
ground-truth sequences, making them extremely
sparse and biased towards singular lexical choices.
As the RL policy is usually initialised with some
pre-trained distribution over words, suspicion has
been raised that in this situation, those words al-
ready most likely gain probability mass regardless
of the rewards (Choshen et al., 2020). Thus, the
current sparse rewards are not beneficial for rigor-
ous exploration of different words during training.
Recent studies suggest that the main benefit for
NMT from RL is in performing domain adaptation
when using proper hypothesis space exploration
along with special emphasis on reward scaling and
normalisation (Kiegeland and Kreutzer, 2021).

To address the problem posed by sparse or bi-
ased rewards, we propose SURF, a formulation of
the unsupervised reward function that evaluates
machine-generated texts in the semantic space by
factoring in different qualitative aspects. Further-
more, we introduce an additional scaling and nor-
malisation mechanism which ensures fairness and
uniformity of the reward function regardless of the
complexity of the natural language task.

Our main contributions are thus threefold: (a)
the proposal of SURF, an unsupervised dense re-
ward assessing both sentence fluency and adequacy
(Section 4). We demonstrate this reward leads to
a translation quality favourably comparable to the
traditional sparse BLEU reward both in automatic
and human evaluation; (b) the proposal of an addi-
tional normalisation using reward shaping mecha-
nisms for the unsupervised reward; (c) demonstra-
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tion of the strong potential of the proposed reward
to elicit benefits of various RL architectures. We
experiment with multi-agent synchronous and asyn-
chronous Actor-Critic (AC) architectures as applied
to the problem of MT (Section 3.3). Each of the par-
allel agents in those architectures is trained using
different segments of the training dataset which has
their own unique exploration strategy. When BLEU
scores are compared, our dense unsupervised re-
ward outperforms the standard sparse reward by 2%
on average for both in- and out-of-domain settings.
To the best of our knowledge, this formulation of
the unsupervised reward for a range of multi-agent
architectures is the first of its kind for MT.

Our datasets and settings are described in Sec-
tion 5, and results of our experiments are described
in Section 6.

2 Related Work

The following section describes the work related
to ours in the subfields of Machine Translation and
RL for language generation.

Reinforcement Learning Algorithms for Neural
Machine Translation REINFORCE (Williams,
1992) algorithm and its variants have so far been the
most widely used RL algorithms in MT (Ranzato
et al., 2015; Rennie et al., 2017; Paulus et al., 2018;
Hu et al., 2018). The fact that REINFORCE-based
approaches suffer from high variance in general
and in MT in particular has stimulated attempts to
apply Actor-Critic (AC) models to the task. The
first attempt of the kind was the one of Bahdanau
et al. (2016). More advanced AC models with
Q-Learning are rarely applied to language genera-
tion problems. However, there are exceptions (e.g.,
entropy-regularised AC models that promote explo-
ration of actions (Dai et al., 2018; Ive et al., 2021)).
This could be explained by the difficulty of approx-
imating the Q-function for large action space. In
this work we explore a series of multi-agent AC
architectures which to the best of our knowledge
have never been applied to MT before.

Unsupervised Rewards for Language Genera-
tion Tasks Recent work on unsupervised rewards
in NLP has explored both dynamic (Ive et al., 2021)
and static rewards (Gao et al., 2020; Garg et al.,
2021). For example, Ive et al. (2021) introduces a
dynamic distribution over latent frequency classes
as a reward signal. This distribution is shaped to
promote more rare words in the policy search space.

Static rewards are very often designed to assess
generated text in terms of its fluency and adequacy.
Fluency judgment assesses how a hypothesis sat-
isfies the grammatical norms of a language. Ad-
equacy judgment assesses how well a hypothesis
conveys the meaning of the source sentence. The
recent research performs both evaluations as se-
mantic similarity assessments using the pre-trained
contextualised embeddings such as BERT (Zhang
et al., 2020; Mathur et al., 2019). For MT, semantic
similarity assessment could be carried out using
monolingual pre-trained embeddings against a ref-
erence, as in Gao et al. (2020), or using multilin-
gual pre-trained embeddings in the unsupervised
reference-less approach by considering the seman-
tic similarity to source sentences (Wei et al., 2019;
Song et al., 2021). We adopt the latter approach to
measure adequacy.

3 Methodology

We start by formulating MT using RL, then intro-
duce the Actor-Critic architectures and the reward
functions used.

3.1 Neural Machine Translation (NMT)
A typical Neural Machine Translation (NMT) sys-
tem is a Seq2Seq architecture (Sutskever et al.,
2014; Bahdanau et al., 2014), where each source
sentence (X) is encoded by the encoder into a
sequence of hidden states. At each decoding
step t, a target word yt is generated according to
p(yt|y<t,X) conditioned on the input sequence X
and decoded sequence y<t = (y1, · · · , yt−1) up to
the t-th time step:

Lmle = log p (yt|y<t,X) (1)

3.2 Reinforcement Learning for NMT
In the RL framework, a Seq2Seq model is viewed
as an agent and its parameters define the agent’s
policy (π). At each timestep (t), the agent observes
the current state (st) of the environment, which is
essentially the sequence of generated words from
previous timesteps (ŷ1:t−1). Then, the agent’s pol-
icy, which is based on the conditional probability
p (ŷt|ŷ1:t−1,X), is used to select an action (at) at
each timestep. In this context, an action is the can-
didate word (ŷt) chosen from the vocabulary. Sub-
sequently, the environment adds the chosen word to
the generated sequence, transitioning it to the next
state (ŷ1:t). It also returns a reward (rt+1) to the
agent as an indication of how effective the chosen
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word is. Hence, one possible training objective of
the policy is to maximise the discounted sum of
expected rewards from all timesteps:

π∗ = max
π

T∑

t=1

γt−1 E
ŷt∼π(·|ŷ1:t−1,X)

[rt+1] (2)

where π∗ denotes the optimal policy and γ is a
constant discount factor. Under the policy π, one
can formulate two functions: the state value func-
tion (Vπ(st)) and the state-action value function
(Qπ(st, at)). The former, Vπ(st), determines the
effectiveness of the agent being in a particular state
while the latter, Qπ(st, at), indicates the effective-
ness of selecting a certain action in that state:

Vπ(st) = E
ŷt∼π

[Qπ(st = ŷ1:t−1, at = ŷt)] (3)

Qπ(st, at) = E
π

[
T−t∑

k=1

γk−1rt+k|st, at
]

(4)

Hence the definition of the advantage function
is:

Aπ(st, at) = Qπ(st, at)− Vπ(st) (5)

A training objective can aim to maximise the
advantage function maxaAπ(st, at).

Alternatively, considering the definition of
Aπ(st, at) in Equation (5), it implies that we can
directly maximise the Q function:

max
a

Aπ(st, at)→ max
a

Qπ(st, at) (6)

The first objective (Equation (2)) has been used
in REINFORCE-based methods (Sutton et al.,
2000) such as the MIXER architecture (Ranzato
et al., 2015). These methods sample trajectories,
series of consecutive states, actions and rewards,
and use their true returns to update the policy. As
they use the true returns, they are considered to
be unbiased. However, as an action in a certain
state can be part of many trajectories with differ-
ent returns, these methods are considered to have
high variance (Sutton and Barto, 2014). To address
this issue, Actor-Critic algorithms (Konda and Tsit-
siklis, 2001) adopt the Temporal Difference (TD)
learning method which performs bootstrapping by
using only the immediate reward and estimated val-
ues to guide future action selection. The training
objective used is Equation (6).

3.3 Actor-Critic Architectures

3.3.1 Actor-Critic with Q-Learning (ACQ)
Model

An Actor-Critic model usually consists of an actor
and a critic (Konda and Tsitsiklis, 2001). The
two networks are neural networks parameterised
by θ and φ, respectively. The actor acts as the
policy of the model while the critic is a function
approximation network. One simple variant (ACQ)
of the AC architecture is trained by maximising the
Q function. In this variant, the critic is defined as a
Q network approximating the true Q function.

The actor’s training objective is to maximise the
probability of actions that yield high Q values. Us-
ing Q value estimates (Qφ(ŷ1:t−1,i, w)) computed
by the main critic, the actor’s policy loss (Lpolicy)
at each training timestep can be expressed as fol-
lows:

Lpolicy = −[
1

N

N∑

i=1

∑

t

∑

w∈W
πθ(w|ŷ1:t−1,i)Qφ(ŷ1:t−1,i, w)]

(7)

where N denotes the training batch size. The loss
is calculated by summing over all the possible ac-
tions (w) in the entire vocabulary (W). Follow-
ing (Bahdanau et al., 2017), to avoid early policy
determination and gradient vanishing issues, the
final actor loss (LACQ−actor) consists of the policy
loss (Lpolicy) and the Maximum Likelihood Estima-
tion (MLE) loss (Lmle) from cross-entropy training
(XENT) (weighted by λmle). In other words, the
addition of XENT is to address the problem of
training collapse1, commonly encountered when
applying RL in language tasks.

LACQ−actor = Lpolicy + λmleLmle (8)

The TD learning method, as mentioned previ-
ously, is used to train the critic network. It adopts
the bootstrapping methodology which performs
estimation based on other known estimates. The
critic’s training objective is to minimise the mean
squared difference, called TD error, between all
estimated Q values and their corresponding target
values in each timestep. Intuitively, the critic is
trained to be as good of a Q function approximator

1As pointed out by (Bahdanau et al., 2017), the MLE loss
can help prevent early policy determination and vanishing
gradient problems.
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as possible:

LTD =
1

N

N∑

i=1

∑

t

(Qφ(ŷ1:t−1,i, ŷt)−

Q̂φ̄(ŷ1:t−1,i, ŷt))
2

(9)

Each target Q̂φ̄(ŷ1:t−1,i, ŷt), expressed below, is
defined as the sum of the immediate reward after
generating ŷt and the expected Q value of the pro-
ceeding timestep, which is computed using another
Q network named the target critic:

Q̂φ̄(ŷ1:t−1,i, ŷt) = rt+1+
∑

w∈W
πθ(w|ŷ1:t,i)Qφ̄(ŷ1:t,i, w) (10)

To ensure stability, the weights of the target critic
(φ̄) are updated more slowly than the main critic
with the linear interpolation between the current
weights of the main and target critics. Also, fol-
lowing (Bahdanau et al., 2017), in addition to the
TD error, the critic’s loss (LACQ−critic) contains
an additional term, weighted by λvar, which aims
to minimise the variance in Q value estimation.

LACQ−critic = LTD + λvar
1

N

N∑

i=1

∑

w∈W(
Qφ(ŷ1:t−1,i, w)− Q̄φ(ŷ1:t−1,i)

)2
(11)

Q̄φ(ŷ1:t−1,i) =
1

|W|
∑

w′∈W
Qφ(ŷ1:t−1,i, w

′)

(12)

Figure 1: High-level structure of the Asynchronous
Actor-Critic with Q-Learning Model (Async-ACQ)
and the Asynchronous Advantage Actor-Critic (A3C)
Model: multiple parallel agents and critics are trained
independently. Their weights are used to update the
weights of the global agent one by one.

Synchronous and Asynchronous ACQ Both
the asynchronous and synchronous versions of the

ACQ model can be easily constructed by deploy-
ing N actors with respective N critics on multiple
threads. Each of the parallel actors is trained us-
ing different segments of the training dataset. For
the synchronous variant, the weights of each of
the actors are averaged to update the weights of
the global agent. For the asynchronous variant, the
global agent is updated by the local weights of each
agent one by one. That is, during training, each
thread-specific agent generates output sequences
by sampling from its policy. Then, it performs
loss computation and gradient accumulation un-
til it reaches the pre-defined number of timesteps,
in which it transfers the accumulated gradients to
the global model. The global model subsequently
performs an update on its parameters. As the last
step of the asynchronous update, the parameters of
the thread-specific agent invoking the update are
synced with the parameters of the global model.

3.3.2 Advantage Actor-Critic (A2C) Model
Another variant of the AC model is the Advantage
Actor-Critic (A2C) architecture (Konda and Tsit-
siklis, 2001). In this model, the critic is defined as a
function approximator, parameterised by ψ, of the
true V function. Compared to the first variant, the
A2C model applies a different training objective to
ACQ (Equation (6)).

Given the state space in language tasks is mas-
sive, calculating the expectation term would be
computationally expensive or even impossible.
Therefore, the advantage function can be approxi-
mated by sampling once.

Aπ(st, at) ≈ rt+1 + γVπ(st+1)− Vπ(st) (13)

The actor network in the A2C model is trained
in a similar fashion to that of ACQ. Here, the critic
estimates the state values (i.e., Vψ(ŷ1:t−1,i) and
Vψ(ŷ1:t,i)) which are used by the actor to calcu-
late the advantage value. The actor loss function
(LA2C−actor) can be outlined as follows:

Lpolicy = −[
1

N

N∑

i=1

∑

t

log

πθ(ŷt|ŷ1:t−1,i)Aψ(ŷ1:t−1,i, ŷt)]

(14)

Aψ(ŷ1:t−1,i, ŷt) = rt+1 + γVψ(ŷ1:t,i)−
Vψ(ŷ1:t−1,i)

(15)

LA2C−actor = Lpolicy + λmleLmle (16)
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Furthermore, compared to the first variant, the
A2C critic is trained to minimise the TD error be-
tween its estimation and ground-truth data. The
ground-truth data is essentially the true discounted
reward-to-go (vt).

LA2C−critic =
1

N

N∑

i=1

∑

t

(Vψ(ŷ1:t−1,i)− vt)2

(17)

Synchronous and Asynchronous A2C The
model setups for the synchronous and asyn-
chronous A2C variants are analogous to the ACQ
variants, in which N pairs of actors and critics are
deployed.

In the asynchronous A2C architecture
(A3C) (Mnih et al., 2016), the model also employs
n-step TD Learning which uses the true returns
from multiple steps in the advantage function to
reduce the model bias (Sutton and Barto, 2014).
The term n defines the number of steps to use
the real rewards before bootstrapping (using the
critic). The standard TD Learning would just use
the immediate reward (1-step TD).

Aψ′(ŷ1:t−1,i, ŷt) =
n−1∑

τ=0

γτrt+τ+

γnVψ′(ŷ1:t+n−1,i)− Vψ′(ŷ1:t−1,i)

(18)

where θ′ and ψ′ represent the thread-specific pa-
rameters of each actor and critic, respectively.

4 Semantic-level Unsupervised Reward
Function (SURF)

Our semantic-level unsupervised reward, SURF,
is based on two scores: Sentence Fluency and
Sentence-level Semantic Similarity (SLSS) (Song
et al., 2021). Each score assesses translation quality
of generated sequences from different aspects and
is computed using a pre-trained model. To prevent
reward sparsity, the reward function introduces a
score normalisation mechanism which normalises
scores of a generated sequence (from all timesteps)
with respect to the score of its full target sequence.
This subsequently yields an unsupervised reward
function that is maximally dense. The Sentence
Fluency score (F (ŷ1:t)) is defined as the average
log-likelihood of the generated sequence tokens
(ŷ1:t) as defined by a pre-trained large LM.

The SLSS score measures the overall semantic
similarity between the entire generated sequence

and its source sequence calculated as the cosine
similarity between the two sentence cross-lingual
embeddings.

Score Normalisation From the RL perspective,
the MT task does not define the environment com-
ponent that the agent operates in. That is, unlike
the classical RL setting where the environment is
relatively fixed, the ‘environment’ in the MT task is
mostly dependent on the source sequence, in terms
of its sophistication, structure, length, etc. As a
result, a valid and good translation of a source se-
quence would receive a relatively high score but
is not directly comparable to other sequences due
to the difference in source sentence complexity.
Therefore, it is important to ensure that the re-
ward function is uniform and generalised across
all source sentences.

In order to do this for each source sequence,
the reward function uses the corresponding target
sequence as a ‘soft’ upper bound for what a
machine-generated sequence could achieve. That
is, for each of the two score metrics outlined
above, the scores from all timesteps received by
a generated sequence is normalised to the range
0 to 1 with respect to the score of the full target
sequence. To demonstrate the normalisation
method, let us consider the formulation below
which uses the Sentence Fluency score metric as
an example. Given a pair of source (X) and target
(Y) sequences and a candidate sequence (ŷ1:t), the
fluency scores from all timesteps of ŷ1:t would be
{F (ŷ1), F (ŷ1:2), ..., F (ŷ1:t−1), F (ŷ1:t)} while
the fluency score for the entire reference target
sequence (Y) would be F (Y). Using the fluency
scores of the candidate and that of the reference,
the normalised candidate scores can be calculated
as follows:

Fnorm(ŷ1:i) =

{
F (ŷ1:i)−min
max−min if max 6= min

0.5 if max = min,

(19)
where

max = max({F (ŷ1), ..., F (ŷ1:t), F (Y)}) (20)

min = min({F (ŷ1), ..., F (ŷ1:t), F (Y)}) (21)

Considering the example formulation above, one
can observe that the normalisation with respect to
the reference score is considered as a ‘soft’ upper
bound as it allows for candidate scores to be higher
than the reference score (i.e., allowing the possi-
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bility that candidate sequences can be better than
their references).

The Pay-off Function and Reward Shaping
Given a generated sequence ŷ1:t at timestep t, its
quality can be formulated as the Pay-off Function
(PO(ŷ1:t,X)). The Pay-off Function, as expressed
below, is based on the Sentence Fluency and SLSS
scores described above.

PO(ŷ1:t,X) = wF×eF (ŷ1:t)+wS×eSLSS(ŷ1:t,X)

(22)
where, for simplicity, F (ŷ1:t) and SLSS(ŷ1:t,X)
denote the normalised Sentence Fluency and SLSS
scores respectively. The termswF andwS are fixed
weights controlling the relative importance of Sen-
tence Fluency and SLSS, respectively. It is impor-
tant to emphasise that the exponential function is
applied to each score since linearly adding each
score leads to high variance and lower correlation
with human scores (Song et al., 2021).

Using the Pay-off Function to determine the ef-
fectiveness of generating a token (ŷt) at timestep
t, the final reward function is defined using reward
shaping as the difference between the current Pay-
off and the Pay-off of the previous timestep.

R(ŷt) = PO([ŷ1:t−1, ŷt],X)− PO(ŷ1:t−1,X)
(23)

5 Experimental Settings

5.1 Data
In our experiments, we used the German-English
OpenSubtitles corpus (Lison and Tiedemann,
2016). There are approximately 14 million se-
quence pairs in this dataset extracted from subtitles
of movies and TV shows, making it very diverse.
The dataset was then divided into training, vali-
dation and test sets. The training set has approxi-
mately 13 million sentence pairs while each of the
validation and test sets has roughly 5,000 sentence
pairs.

The trained models were also tested on translat-
ing the IWSLT 2014 German-English test dataset,
a popular dataset to benchmark RL-based meth-
ods. This dataset contains a parallel corpora with
one reference per source sequence, obtained from
TED talks (Cettolo et al., 2015). The test dataset
contains approximately 6,000 pairs, with each se-
quence containing a few sentences of text. See
Appendix A.2 for justification for treating the two
datasets as coming from different domains.

5.2 Training
Following (Bahdanau et al., 2016), to ensure good
initialisation of the model, the actor network is
first pre-trained using XENT and the teacher forc-
ing method. After that, the critic is pre-trained
using TD Learning with the fixed pre-trained actor
weights. At the last step, we train the actor and the
critic jointly.

Generally, the actor architecture follows the
OpenNMT Transformer architecture (Klein et al.,
2017), with a few enhancements to enable step-
wise decoding during training (i.e., action selec-
tion based on the model’s previous outputs) and
diversity in each agent’s exploration strategy (see
Appendix A.3 for more details). During training
the actor selects a token at each timestep using
the Top-K sampling method (Fan et al., 2018), in
which a token is sampled from K tokens with the
highest probabilities.

The critic architecture follows the Transformer
architecture (Vaswani et al., 2017), with two major
differences (see Appendix A.3.2 for detailed expla-
nation). There are also two critic types, namely
Q-critic and V-critic. The first critic type, Q-critic,
is used in model variants with Q-Learning while
the second type, V-critic, is used in other variants
utilising the A2C architecture.

Multi-GPU Training When training syn-
chronously in a multi-GPU environment, the
model is deployed on a one-model-per-device
basis to reduce training time. Each model has its
own optimiser (we used Adam (Kingma and Ba,
2014)). During every update, the gradients are
reduced and re-scaled across all devices to ensure
that they are consistent across the models.

However, when training asynchronously, the
global agent resides on one GPU device while three
parallel agents are deployed on the remaining GPU
devices. Instead of using one optimiser per agent,
only a global optimiser is used. On every asyn-
chronous update, the global optimiser updates the
global model by using the gradients transferred
from the parallel agent which invoked the update.
The global optimiser used (SharedAdam) is a stan-
dard Adam optimiser modified to support multi-
GPU communication.

Our formulation of the unsupervised reward
uses the pre-trained OpenAI GPT Language Model
from Hugging Face (Wolf et al., 2020). It also
uses the Sentence Transformers tool (Reimers
and Gurevych, 2020) with the XLM RoBERTa
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model (Conneau et al., 2020) to generate the sen-
tence embeddings. We do not expect the perfor-
mance to change drastically by using other models.

During the joint actor-critic training, it took ap-
proximately one day to train each of the BLEU
variants while the training time for SURF variants
ranges from 3 to 5 days (see Appendix A.5 for
the computational resource used). The increase in
training time is mainly due to the usage of the large
pre-trained models by SURF. We expect this time
to reduce if a smaller language model is used. We
leave this investigation to future work.

More details on the implementation and hyper-
parameters are given in Appendix A.3 and A.4.

Model configurations. We experimented using
the nine configurations listed below:

• Transformer baseline (MLE, no RL) - state-
of-the-art (SOTA) model;

• Synchronous ACQ RL architecture with the
standard BLEU reward (ACQ-BLEU) and
with our SURF (ACQ);

• Asynchronous ACQ RL architecture with the
standard BLEU reward (Async-ACQ-BLEU)
and with our SURF (Async-ACQ);

• Synchronous A2C RL architecture with the
standard BLEU reward (A2C-BLEU) and
with our SURF (A2C);

• Asynchronous A2C RL architecture with the
standard BLEU reward (A3Q-BLEU) and
with our SURF (A3C).

Each model was trained on the OpenSubti-
tles dataset and tested on both OpenSubtitles (in-
domain) and IWSLT (out-of-domain) test sets.

By choosing this selection of models we are able
to do the following: (a) generate the benchmark
result using the Transformer baseline; (b) exhibit
the advantage of SURF over the BLEU reward;
and finally (c) explore the performance of SURF
within the family of the multi-agent models (ACQ,
Async-ACQ, A2C and A3C).

We used the standard set of MT evaluation
metrics: BLEU (Papineni et al., 2002) and ME-
TEOR (Denkowski and Lavie, 2014). We per-
formed significance testing via bootstrap resam-
pling using the Multeval tool (Clark et al.,
2011).

6 Results

6.1 Performance on Automatic Evaluation
Metrics

Results for the OpenSubtitles test set are in Table
1. They show that all of our model variants outper-
form the Transformer benchmark (+1.5 BLEU on
average) with the A3C model performing the best
(+2.5 BLEU vs. Transformer) while the Async-
ACQ model is the second best performing vari-
ant being (+1.2 BLEU vs. Transformer). Mostly,
our unsupervised reward contributes around +0.5
BLEU to the performance of each model when
trained with the BLEU reward. Especially high
improvement of +7.5 BLEU is observed for A3C.
We attribute this result to the BLEU reward spar-
sity and hence impossibility to properly learn the
relative improvement over the average for the ac-
tions as modelled by the advantage function. Note
that Q-learning learns the absolute reward which is
easier to model in this sparsity condition. This spar-
sity is particularly detrimental in the asynchronous
setting, where the updates of parallel agents seem
to exhibit too much variance to be useful. Those
observations in the Advantage learning setting em-
phasise the important potential of our dense reward
to elicit the benefits of different RL architectures.

Model B M B M
Transformer 33.3 29.9

BLEU SURF
ACQ 34.6? 30.7? 35.2?† 31.0?†

Async-ACQ 35.0? 30.9? 35.5?† 31.1?†

A2C 32.9? 29.9? 33.4?† 29.9?

A3C (Async-A2C) 28.3? 27.9? 35.8?† 31.2?†

Table 1: Results for the OpenSubtitles German-English
test set. We report BLEU (B) and METEOR (M) scores.
The symbol ? indicates statically significant changes (p-
value ≤ 0.05) as compared to the Transformer model
while † indicates statically significant changes (p-value
≤ 0.05) as compared to the BLEU variant of the same
RL-based architecture. The best result is highlighted in
bold.

To probe the generalisation capacity of our mod-
els in the out-of-domain scenario, we have applied
our models to the IWSLT test set. As shown in
Table 2, the performance drop for the Transformer
model is much higher than for our RL models (-6
BLEU vs. -2.4 BLEU on average). The Async-
ACQ is the best-performing model on both met-
rics with the ACQ model being the second best
(+6.3 BLEU and +5.8 BLEU vs. Transformer, re-
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Model B M B M
MIXER‡ (Ranzato et al., 2015) 20.7 - - -
AC‡ (Bahdanau et al., 2016) 28.5 - - -
ERAC‡ (Dai et al., 2018) 29.0 30.6 - -
SAC-BLEU‡ (Ive et al., 2021) 29.6 31.0 - -
SAC-Unsuper‡ (Ive et al., 2021) 29.8 31.2 - -
Transformer 27.3 29.5 - -

BLEU SURF
ACQ 32.4? 32.7? 33.1?† 33.1?†

Async-ACQ 32.8? 32.7? 33.6?† 33.3?†

A2C 29.4? 31.0? 30.2?† 31.0?

A3C (Async-A2C) 22.2? 27.6? 32.8?† 32.8?†

Table 2: Results for the IWSLT 2014 German-English test set. We report BLEU (B) and METEOR (M) scores.
The symbol ? indicates statically significant changes (p-value≤ 0.05) as compared to the Transformer model while
† indicates statically significant changes (p-value ≤ 0.05) as compared to the BLEU variant of the same RL-based
architecture. The best result is highlighted in bold.

spectively). Mostly, our unsupervised reward con-
tributes around +0.8 BLEU to the performance of
each model. Especially high improvement of +10
BLEU is again observed for A3C showing the po-
tential of SURF.

By way of offering a guideline of our model per-
formance, we also report the scores of the previous
SOTA on the IWSLT test set. Though those results
are not directly comparable to our results as the
pre-processing conditions are different: previous
models have mainly applied a cut-off vocabulary
implying the presence of unknown words in the
training data while we are using the subword units
that dispense us of the unknown words.

Note that, on both test sets, the asynchronous
variants (Async-ACQ and A3C) performed better
than their corresponding synchronous counterparts
(ACQ and A2C respectively). We emphasise the
potential of asynchronicity with our dense reward
to positively influence performance.

Additionally, regarding the usage of Q- or V-
critics: both Q-version Async-ACQ and V-version
A3C have shown comparable performance on the
OpenSubtitles dataset. However, the Q-version
Async-ACQ has achieved better performance on
the IWSLT test set. We hypothesise that this may
be due to the fact that the Q-critic network in the
ACQ architecture outputs the state-action values of
the entire vocabulary at each timestep rather than
a single state value (as in the V-critic network).
Hence it performs a more fine-grained policy evalu-
ation with lower variance in the critic outputs, lead-
ing to a more stable model overall. A more thor-
ough investigation would lead to better insights.

6.2 Performance on Semantic-level
Evaluation Metrics

As with the automatic evaluation results, similar
conclusions could be drawn from the results of the
assessment with the three semantic metrics used in
the reward formulation: Sentence Fluency, Token-
level Semantic Similarity (TLSS) and Sentence-
level Semantic Similarity (SLSS) scores (See Ap-
pendix A.6 for the description of the TLSS score).

For the IWSLT test set, as shown on Table 4,
there is a noticeable increase in the Fluency score
across our models (in comparison to the Trans-
former). ACQ and Async-ACQ are also able to
achieve distinctly better TLSS ans SLSS scores
than the Transformer model. We observe that vari-
ants of ACQ and Async-ACQ models achieve sim-
ilar performance. When comparing the BLEU and
SURF variants, the BLEU variants of A2C and
A3C models obtain higher Fluency scores but score
less on TLSS and SLSS. This can be explained by
fact that BLEU RL sentences are prone to be more
verbose, repeating the same meaning in different
words. The results for OpenSubtitles show similar
tendencies (see Appendix A.7).

6.3 Human Evaluation

Finally, to gain deeper insights, we performed hu-
man evaluation on the translations of the OpenSub-
titles and IWSLT 2014 test sets by the Transformer,
Async-ACQ-BLEU and the best performing SURF
variants (A3C for OpenSubtitles and Async-ACQ
for IWSLT).

For this human analysis, we randomly selected
50 test samples from each test set. A rank of quality
is assigned by the human evaluator (second author,
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Source all dies wurzelt in der mythologischen vergangenheit . das eigenartige an diesen großen häusern ,
in denen aufgrund der mischehen sechs oder sieben sprachen gesprochen werden , ist jedoch , dass
man niemals jemanden hört , der eine sprache lernt .

Target and this is all rooted in the mythological past , yet the curious thing is in these long houses , where
there are six or seven languages spoken because of intermarriage , you never hear anyone practicing
a language .

Transformer all this mythology in the mythological context , which is curious about these great houses , judging
by the patter of six or seven languages , however , you never hear anyone learning a language .

Async-ACQ-BLEU the strange thing about these big houses where they speak six or seven languages , is that you never
hear anyone who learns a language .

Async-ACQ all this rambling in the mythological past , the curious thing about these big houses where they speak
six or seven languages based on the basic language is that you never hear anyone who learns a
language.

Table 3: Examples of translation generated by Transformer, ACQ-BLEU and Async-ACQ. We also report the
original source sequence (SOURCE) and its reference (TARGET). The best translation is highlighted in italics.

Model Fluency TLSS SLSS Fluency TLSS SLSS
Transformer 1.024 2.454 2.339 - - -

BLEU SURF
ACQ 1.029? 2.456? 2.350? 1.029?† 2.457?† 2.357?†

Async-ACQ 1.032? 2.455? 2.350? 1.029?† 2.456?† 2.350?†

A2C 1.035? 2.451? 2.300? 1.027?† 2.454?† 2.339?†

A3C (Async-A2C) 1.047? 2.422? 2.267? 1.027?† 2.454?† 2.342?†

Table 4: Results for the IWSLT 2014 German-English test set. We report Sentence Fluency, Token-level Seman-
tic Similarity and Sentence-level Semantic Similarity scores. Also, the symbol ? indicates statically significant
changes (p-value ≤ 0.05) as compared to the scores of Transformer model while † indicates statically significant
changes (p-value ≤ 0.05) as compared to the BLEU variant of the same RL-based architecture. The best result is
highlighted in bold. Note that some of the improvements are beyond the displayed precision of 3 decimal points.

Test Set Transformer BLEU SURF
OS 0.10 0.08 0.20
IW 0.06 0.48 0.60

Table 5: Human ranking results comparing the Open-
Subtitles (OS) test outputs for Async-ACQ-BLEU and
A3C and the IWSLT 2014 (IW) test outputs for Async-
ACQ-BLEU and Async-ACQ. The best result is high-
lighted in bold.

fluent speaker of both English and German) from
1 to 3, allowing ties. Following the common prac-
tice in MT, each system was then assigned a score
which reflects how often on average it was judged
to be better or equal to other systems (Bojar et al.,
2017). Table 5 shows that most of our variants
have higher evaluation scores than the Transformer
model. In particular, on the IWSLT test set, both
Async-ACQ variants outperform the Transformer
by a large margin. As compared to the best BLEU
model, the A3C and Async-ACQ models perform
significantly better on both the OpenSubtitles and
the IWSLT test sets (+0.12 point). Table 3 shows
translations generated by the three models on the
IWSLT test set. Note that Async-ACQ demon-
strates the best fluency and adequacy.

7 Conclusion

We have presented SURF, a new unsupervised
semantic-level reward function, efficiently address-
ing the reward sparsity issue and mimicking human
evaluation by considering both sentence fluency
and semantic similarity. We have explored this re-
ward for a new family of Actor-Critic Transformer-
based Architectures with synchronous and asyn-
chronous variants that promote the exploration of
the search space. We demonstrate that SURF shows
strong potential to elicit the benefits of various
RL architectures. Our results show that it outper-
forms the traditional sparse BLEU reward for the
same architectures in the automatic, semantic-level
and human evaluation. Our code is available at
https://github.com/AtomAnu/SURF.

There are several directions to take our work fur-
ther: we can investigate the utility of our reward for
other architectures and we can also explore differ-
ent sampling strategies for each of the agents of our
multi-agent models. Finally, we have investigated
only two datasets to ensure comparability to the ex-
isting benchmarks. A more thorough investigation
with more datasets and language pairs is needed to
fully assess the scope of our contribution.
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A Appendix

A.1 Ethics Considerations

We are aware of the discussions around the risks
related to unintended harmful effects and uses, en-
vironmental consequences, fairness and privacy
considerations of large language models in gen-
eral (Bender et al., 2021), and machine translation
models specifically (Wang et al., 2021). We note
here that our models constitute a primarily theo-
retical contribution and were trained and tested
on standard datasets. Before deployment in a pro-
duction setting our methodology is subject to re-
training with data pre-processed in the appropriate
way (as our model is not equipped with relevant
security, privacy and fairness mechanisms), system-
atic debugging, extensive simulation, testing and
validation under the supervision of experts.

A.2 Domain Distance

To justify that the IWSLT test set is indeed con-
sidered out-of-domain, we have trained a German
language model using the source sentences (in Ger-
man) from the OpenSubtitles training set. For this
we used the fairseq toolkit (Ott et al., 2019). The
resulting difference in language model perplex-
ity values for the OpenSubtitles and IWSLT test
sets (45.52 and 555.71, respectively) is important
enough to justify that IWSLT is considered out-of-
domain.

A.3 Implementation Details

A.3.1 The Actor
OpenNMT Transformer Implementation In
the OpenNMT framework (Klein et al., 2017),
the Transformer architecture is implemented
slightly differently from the original architecture in

(Vaswani et al., 2017). Its implementation follows
the up-to-date implementation of the tensor2tensor
framework (Vaswani et al., 2018), created by the
authors of (Vaswani et al., 2017). The main differ-
ence lies in the normalisation technique used in the
Transformer. That is, pre-normalisation is applied
in each sub-layer of the encoder and the decoder
instead of post-normalisation. The output of each
sub-layer with pre-normalisation can be expressed
as follows:

x+ Sublayer(LayerNorm(x)) (24)

In the original architecture where post-
normalisation is used, layer normalisation
(LayerNorm) is applied after the summation
(x+ Sublayer(x)), as shown below:

LayerNorm(x+ Sublayer(x)) (25)

Step-wise Decoding and Exploration Strategies
During the joint AC training, instead of just com-
puting the policy distributions as the output, the
actor would perform step-wise decoding by select-
ing a token to generate at each timestep, given the
encoded source sequence and the previously gener-
ated tokens. As mentioned before, this is done to
ensure that there would be no exposure bias during
inference as the model is trained to condition the
generation process using its own outputs.

To allow each agent to be diverse in their ex-
ploration strategies, the actor can operate in two
possible main modes of token selection. In the first
mode, the actor selects a token at each timestep us-
ing the Top-K sampling method (Fan et al., 2018),
in which a token is sampled from K tokens with
the highest probabilities. In the second mode of
operation, the actor performs token selection based
on Nucleus sampling (Holtzman et al., 2020). In
the Nucleus sampling method, a token is chosen
from the smallest possible set of tokens that has
an accumulated probability equal or higher than a
pre-defined probability value (p). For instance, if
p is set to 1, the actor would perform token selec-
tion from the entire vocabulary. Similarly, if the
value of K for Top-K sampling is set to the vocab-
ulary size, the actor would sample from the entire
vocabulary as well.

The actor also incorporates the notion of Tem-
perature to further increase the diversity of explo-
ration strategies. A pre-defined value of Tempera-
ture (temp) is used to increase the probability of
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probable tokens while reducing others that are not
probable.

p(wi|ŷ1:t−1) =
exp (li/temp)∑
j exp (lj/temp)

(26)

where li is the logit of the token wi. One can
observe that, as temp decreases, the probability of
probable tokens would increase. If temp is set to 1,
the above expression would simplify to the normal
softmax operation.

We have empirically found that the sampling
Temperature should not be applied in conjunction
with Top-K or Nucleus sampling as it leads to
highly greedy policies, especially when K or p
is already low. It should be applied on when the
agent samples from the entire vocabulary. After
experimenting with different configurations of ex-
ploration strategies, we found that Top-K sampling
was the most effective.

A.3.2 The Critic
The critic architecture follows the Transformer ar-
chitecture, with two major differences.

Reference Encoding The first difference be-
tween the actor and the critic is that the encoder of
the critic encodes the reference sequences instead
of the source sequences. The reason is to allow
to critic to evaluate each generated sequence by
comparing with its reference sequence.

Output Layer The second difference is the out-
put layer used in the critic. In the Q-critic model,
its output layer is a one-layer feed-forward network
with the output dimension equal to the vocabulary
size of the target language. This is because the
Q-critic model outputs the state-action value (i.e.,
Q-value) for every word in the vocabulary.

For the V-critic model, its output layer also con-
tains a one-layer feed-forward network with the
output size of 1. Given a generated sequence, the
critic outputs the state value (i.e., V-value) for each
token in that sequence.

A.4 Hyper-parameters

A.4.1 Actor Pre-training
Table 6 lists all the hyper-parameters used during
actor pre-training.

A.4.2 Critic Pre-training
Table 7 lists all the hyper-parameters used during
critic pre-training.

Hyper-parameter Value
Optimizer Adam
Adam Beta 1 0.9
Adam Beta 2 0.998
Learning Rate 2
LR Decay Method noam
Warmup Steps 6000
Batch Size 4096
Gradient Accumulation Steps 3
Source Vocabulary Size 100000
Target Vocabulary Size 100000
Word Embedding Size 512
Hidden Layers Size 512
Encoder Layers 6
Decoder Layers 6
Attention Heads 8

Table 6: List of the hyper-parameters used during the
actor pre-training stage.

Hyper-parameter Value
Optimizer Adam
Adam Beta 1 0.9
Adam Beta 2 0.998
Learning Rate 0.001
LR Decay Rate 0.9
LR Decay Steps 1000
Batch Size 4096
Gradient Accumulation Steps 3
Source Vocabulary Size 100000
Target Vocabulary Size 100000
Word Embedding Size 512
Hidden Layers Size 512
Encoder Layers 6
Decoder Layers 6
Attention Heads 8
γ (Discount Factor) 0.99
λvar (Q-critic) 0.25
Multi-step Return (V-critic) 5
wF (Sentence Fluency Weight) 1
wS (SLSS Weight) 1

Table 7: List of the hyper-parameters used during the
critic pre-training stage.

A.4.3 Joint Actor-Critic Training
Table 8 lists all the hyper-parameters used during
synchronous and asynchronous joint Actor-Critic
training.

A.5 Computational Resource

Each of our models was trained on a GPU-
accelerated instance with four NVIDIA V-100
SXM2 GPUs.

A.6 Token-level Semantic Similarity

The Token-level Semantic Similarity (TLSS) score
is used as one of the semantic-level evaluation met-
rics. It can be used as an additional score metric
in the reward function as well. TLSS measures the
semantic similarity between tokens in the gener-
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Hyper-parameter Value
Training Mode Sync Async
Optimizer Adam SharedAdam
Adam Beta 1 0.9 0.9
Adam Beta 2 0.998 0.998
Actor LR 0.000001 0.000001
Critic LR 0.00001 0.00001
LR Decay Rate 0.9 0.9
LR Decay Steps 1000 1000
Batch Size 2000 2000
Grad. Accum. 1 1
γ 0.99 0.99
λxent 0.01 0.01
λvar 0.25 0.25
Multi-step Return 5 5
wF 1 1
wS 1 1
K 300 [100,200,500]
ε 0.2 -

Table 8: List of listing the hyper-parameters used dur-
ing synchronous and asynchronous joint Actor-Critic
training stage.

ated sequence and its source sequence. Following
the methodology adopted in the SentSim evalua-
tion metric (Song et al., 2021), each token in the
source and generated sequences is passed to a cross-
lingual language model to obtain its cross-lingual
embedding. Then, each token in the source se-
quence (xi) is matched to a token in the generated
sequence (ŷj) with the highest cosine similarity
value to compute the recall. Similarly, the preci-
sion value is computed by matching each token
in the generated sequence to a token in the source
sequence based on cosine similarity. As a results,
the recall and precision of a generated sequence
can be expressed as follows:

R(ŷ1:t,X) =
1

|X|
∑

xi∈X
max
ŷj∈ŷ1:t

xnxei · ŷnxej (27)

P (ŷ1:t,X) =
1

|ŷ1:t|
∑

ŷj∈ŷ1:t

max
xi∈X

xnxei · ŷnxej

(28)
where xnxei and ŷnxej denote the pre-normalised

(i.e., xnxei =
xxei
||xxei ||

) cross-lingual embeddings of
xi and ŷj , respectively. Using the precision and
recall, the final TLSS score is defined as the F1
measure.

TLSS(ŷ1:t,X) = F (ŷ1:t,X) (29)

= 2
P (ŷ1:t,X) ·R(ŷ1:t,X)

P (ŷ1:t,X) +R(ŷ1:t,X)
(30)

The TLSS scores are computed using the
BERTScore tool (Zhang et al., 2020).

A.7 Semantic-level Evaluation on the
OpenSubtitles Test Set

For the OpenSubtitles test set, as shown in Ta-
ble 9, there is a slight increase in the Fluency
scores for all our model as compared to the Trans-
former. There are more apparent increases in the
TLSS and SLSS scores. Among all the variants,
the ACQ model achieves the highest on all three
scores. The Async-ACQ model is the second best
with its scores being very close to the scores of the
ACQ model. When comparing the reward func-
tions, the BLEU and SURF variants of the ACQ
and Async-ACQ models achieve similar perfor-
mance. However, for the A2C and A3C models,
the BLEU variants achieve higher Fluency scores
than the SURF variants but their SLSS scores are
noticeably lower than that of SURF. This can be ex-
plained by fact that BLEU RL sentences are prone
to be more verbose, repeating the same content.
This was observed during human evaluation (See
Subsection 6.3).
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Model Fluency TLSS SLSS Fluency TLSS SLSS
Transformer 1.036 2.450 2.360 - - -

BLEU SURF
ACQ 1.037? 2.455? 2.384? 1.037?† 2.456?† 2.386?†

Async-ACQ 1.037? 2.455? 2.387? 1.037?† 2.455?† 2.385?†

A2C 1.039? 2.455? 2.377? 1.037?† 2.454?† 2.379?†

A3C (Async-A2C) 1.043? 2.443? 2.347? 1.037?† 2.454?† 2.383?†

Table 9: Results for the OpenSubtitles German-English test set. We report Sentence Fluency, Token-level Seman-
tic Similarity and Sentence-level Semantic Similarity scores. Also, the symbol ? indicates statically significant
changes (p-value ≤ 0.05) as compared to the scores of Transformer model while † indicates statically significant
changes (p-value ≤ 0.05) as compared to the BLEU variant of the same RL-based architecture. The best result is
highlighted in bold. Note that some of the improvements are beyond the displayed precision of 3 decimal points.
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Abstract

The emergence of language between artificial
agents is a recent focus of computational lin-
guistics, as it offers a synthetic substrate for rea-
soning about human language evolution. From
the perspective of cognitive science, sophis-
ticated categorization in humans is thought
to enable reasoning about novel observations,
and thus compose old information to describe
new phenomena. Unfortunately, the literature
to date has not managed to isolate the effect
of categorization power in artificial agents on
their inter-communication ability, particularly
on novel, unseen objects. In this work, we pro-
pose the use of disentangled representations
from representation learning to quantify the
categorization power of agents, enabling a dif-
ferential analysis between combinations of het-
erogeneous systems, e.g., pairs of agents which
learn to communicate despite mismatched con-
cept realization. Through this approach, we
observe that agent heterogeneity can cut signal-
ing accuracy by up to 40%, despite encouraging
compositionality in the artificial language. We
conclude that the reasoning process of agents
plays a key role in their communication, with
unexpected benefits arising from their mixing,
such as better language compositionality.

1 Introduction

A recent interest in the design of multi-agent sys-
tems is the unsupervised emergence of complex
behaviors (Havrylov and Titov, 2017). Rather than
completely supervising agents to perform a map-
ping betweem inputs and outputs, it is observed
that with enough capacity and bandwidth, agents
eventually learn to produce emergent properties
for their own benefit, e.g., the creation of artificial
language to solve a task more efficiently (Resnick
et al., 2020; Lee et al., 2018; Chaabouni et al.,
2019). With carefully designed constraints, the
agents may eventually produce a proto-language
that mimics the complex properties of human lan-

z 0
z 1

Input z35 z34 z37 z33' ' ' '

(b)

(a) Prototypical Parts Network (ProtoPNet)

Concept Whitening (CW)

Most Activated

'
'

Figure 1: Approximating categorization ability in agents
through disentangled representations (denoted z′), gen-
erated by either (a) prototypical parts network (ProtoP-
Net) (Chen et al., 2019), where each dimension is the
input’s activation of a prototypical part previously seen
by the agent, or (b) concept whitening (CW) (Chen
et al., 2020), where each dimension corresponds to a
previously-observed data category.

guages, such as compositionality and basic inter-
pretability (Kottur et al., 2017).

Despite recent progress, previous works have not
investigated inter-agent communication in the con-
text of abstract categorization, an ability that allows
humans to represent new observations by recalling
previous experiential knowledge of abstract con-
cepts or classes (Hofstadter, 2007; Gentner, 2010).
Abstract categorization in the human brain can be
attributed to a combination of recognition and re-
call of episodic memory, although identifying the
exact mechanism remains an open problem (Tul-
ving, 2002). Due to the power and flexibility of
categorization, theories of human intelligence often
place categorical reasoning at the center of human
cognition, e.g., the notion of analogical symbolic
categorization by Gentner (2010), or categorization
through situated templates, i.e., frames (and corre-
sponding frame-systems) by Minsky (1988). In the
study of artificial multi-agent systems, we propose
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to operationalize the notion of categorization, and
subsequent ability to reason over new observations,
through the use of disentangled neural networks as
alternate image encoders in agents. Disentangled
neural networks are a suitable choice since they
can leverage a fixed number (k) of pre-defined or
self-learned concepts to build representations of
the observable environment. As illustrated in Fig-
ure 1, disentangled agents extract meaning from
an observation by leveraging their past experiential
knowledge, which is analogous to categorical rea-
soning in theories of human intelligence (Minsky,
1988; Gentner, 2010).

Due to the subjectivity of experiential knowl-
edge, a natural consequence of the categorical rea-
soning theory is that two human minds may be
heterogeneous, i.e., they do not share the same
internal categorization of a situation or object. Nat-
ural language serves to mediate these cognitive
differences, thus enabling the communication of
ideas (Chandler, 2007). Under our synthetic ana-
logue of communicating multi-agent systems, how
well can heterogeneous agents mediate their dif-
ferences in categorization ability through the use
of emergent language? In this paper, we offer a
differential analysis of agents leveraging heteroge-
neous techniques for abstract categorization, taking
full advantage of disentangled representations as a
computational analogue for categorical reasoning.
Contrary to the scenario of different internal rep-
resentations (Chaabouni et al., 2020), our agents
can possess either different or identical means of
categorical abstraction, which influences the course
of their language evolution, e.g., improving com-
positionality or signaling success of the final proto-
language. Our analysis offers a substrate to an-
swer four main research questions about hetero-
geneous multi-agent communication, revealing sub-
sequent findings as a result:

Q1. What is gained or lost with agent heterogene-
ity? A1: We find that heterogeneity is at odds
with signaling performance. Despite this, het-
erogeneous systems exhibit better potential
survival through higher compositionality.

Q2. Does categorization power and heterogene-
ity affect signaling ability on novel objects?
A2: Simpler disentangled agents with poor
performance in supervised tasks can outper-
form all other agents on novel objects by up
to 9% on signaling accuracy. In some cases,

mismatched agents manage to improve com-
positionality score.

Q3. Can disentangled representations directly in-
form agent utterances? A3: Through our
proposed Latent Self-attention (LSA) mod-
ule, incorporating the disentangled representa-
tion into agent utterances can encourage input-
message alignment and improve signaling ac-
curacy by up to 27%.

Q4. Does increased categorization ability imply
better communication? A4: Agents with com-
plex concept realization are potentially poor
receivers, despite a successful upstream clas-
sification task. Signaling can be performed up
to 33% better with “simpler”, i.e., smaller k,
agents.

To encourage reproducibility, we share the code
for our experiments online.1

2 Background

2.1 Multi-agent Referential Games
We model the commonly-used Lewis signaling
game from cognitive science (Lewis, 1969; Skyrms
and Press, 2010). A sender agent S is shown a
target object, and must describe that object to a
receiver agent R using a combination of discrete
tokens from a fixed vocabulary V . R then sig-
nals the object out of a set of candidate objects
(called the candidate set). Our setup is based
on that of Lazaridou et al. (2018), who investi-
gated emergent language with the same game. The
sender S and receiver R each use their own en-
coder (e.g., image CNNs) fS and fR to encode
any pre-linguistic object o into an initial dense rep-
resentation z0. The encoder is parameterized by
agent-specific weights θ·f , e.g., fS (o, θSf ) = z0,
where S denotes the sender. Since the receiver pro-
cesses the candidate set, which consists of multiple
pre-linguistic objects, the receiver’s dense repre-
sentations form a matrix denoted Z. Given V and
z0, the message is obtained by sampling tokens at
each time step t from a recurrent policy defined as
gS (zt−1, θSg ) = mt. The decoding process ends
as soon as an end-of-sequence token or maximum
length L is reached. In practice, the recurrent de-
coder is implemented as a recurrent neural network
(RNN). The receiver’s only input from the sender

1https://github.com/FICS/
disentangling_categorization
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Figure 2: Whole-system perspective of our approach. (Top - Original) Traditional Sender-Receiver architecture
for playing the Lewis Signaling game, with entangled deep networks as encoders fS and fR. (Bottom - Ours)
Proposed approach which leverages disentangled networks to instantiate fS or fR (denoted by latent dimension
colors matching candidate set colors), and our new Latent Self-Attention (LSA) module for senders, which enforces
alignment between utterances (yellow rectangles) and the disentangled structure over time steps.

is message m, which is encoded using encoder hR

at each time step as hR(mt, θ
R
h ) = ht. Similar to

Lazaridou et al. (2018), the receiver predicts the po-
sition of the described object within the candidate
set as argmax(Zht). The agents are successful dur-
ing a round of the signaling game if the receiver
correctly predicts the index of the target object at
the final time-step. The typical whole-system per-
spective of this game is shown in the top method
(Original) of Figure 2.

2.2 Learning

We must jointly optimize sender and receiver policy
weights Θ := {θSg , θRh }, such that they minimize
a game cost function L, i.e., minΘ L. However,
no weights are shared between sender and receiver
during the game, since each agent has a uniquely
instantiated encoder, and the sender can only trans-
mit discrete signals to the receiver during the game.
As a result the gradient of the game cost function
is not defined, so it is common to rely on gradient
estimation algorithms such as REINFORCE (Schul-
man et al., 2015) or continuous relaxations of the
discrete channel, such as the Gumbel-Softmax es-
timator (Havrylov and Titov, 2017). We use the
straight-through Gumbel-Softmax estimator due to
its functional flexibility and performance improve-
ment compared to REINFORCE at test time.

2.3 Disentangled Representations

A common technique is to employ intermediate
feature representations of CNNs as the encoder
function f ·. The purpose of the encoder function is
to approximate a mapping function from raw image
space to a dense representation z ∈ Rd. In general,
this representation is a point in lower-dimensional
latent space that adequately describes useful con-
ceptual priors of the data. From the perspective
of model interpretability, it is expected that points
closer together in latent space correspond to im-
age samples which are conceptually similar, and
likewise, dimensions in the latent space correspond
to human understandable concepts (Rudin et al.,
2022). However, it was shown that traditional CNN
architectures learn latent representations which
may not achieve concept separation (Chen et al.,
2020), and in fact can activate dimensions for con-
cepts that are completely unrelated (Zhou et al.,
2015, 2018). Thus several methods have been
proposed in order to disentangle the latent repre-
sentation of deep networks into k categories or
concepts. In this work, we propose to leverage
two such methods, shown in Figure 1, in order
to analyze the effect of categorization power in
multi-agent communication: (a) Prototypical Parts
Network (ProtoPNet) by Chen et al. (2019), which
recalls prototypical parts of previously-observed
images to describe the current one, and (b) Con-
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cept Whitening (CW) by Chen et al. (2020), which
allocates an observed data class to each of the k
dimensions in z′.

3 Methodology

In order to answer the research questions in Sec-
tion 1, we implement agents which can play a
Lewis Signaling game (described in Section 2.1) us-
ing disentangled neural networks, e.g., Prototypical
Parts Network (ProtoPNet) by Chen et al. (2019)
and Concept Whitening (CW) by Chen et al. (2020).
ProtoPNet is trained through unsupervised disen-
tanglement, where given a pre-defined number of
concepts per class (totaling k over all classes), it ex-
tracts prototypical image patches representing each
concept. Concept Whitening instead aligns orthog-
onal directions in the encoded input’s latent space
with k pre-defined (supervised) concepts through
training. In practice, CW can only align a subset of
the pre-existing latent space dimensions, leaving
the rest of the dimensions to handle residual infor-
mation. To avoid ambiguity, we denote a sample
from this aligned subspace as z′ ∈ Rk. Since Pro-
toPNet learns a new latent space, it can be said to
align the entire latent space to extracted concepts,
thus z′ = z. In either case, we use the latent vector
z as the initial input to the sender agent’s decoder,
gS . The whole-system perspective of this approach
is shown in Figure 2, where the bottom case (Ours)
corresponds to the use of disentangled networks,
compared to a traditional approach above (Origi-
nal). We can manipulate which agents are paired
(e.g., ProtoPNet talking to CW) in order to simulate
scenarios where two agents have different categori-
cal reasoning. Likewise, we can model categoriza-
tion power by increasing or decreasing the number
of realized concepts k in disentangled agents. This
enables the study of incongruous agents to answer
Q1, Q2, and Q4.

3.1 Latent Self-attention (LSA)

Unfortunately, in order to synthesize the discrete
message and eventually communicate with the re-
ceiver, the sender’s disentangled representation
must recurrently pass through the decoder gS ,
which defines a different (entangled) latent space.
This could mean the grounding to the original dis-
entangled space is lost, since traditional RNN de-
coding is not aware of the encoder’s concepts, thus
we propose a module named Latent Self-Attention
(LSA), inspired by the design of multi-head atten-

tion in transformer networks (Vaswani et al., 2017).
We treat the aligned latent dimensions from z′ as
units that align one-to-one with the vocabulary log-
its of each time step, which can be weighted by
a combination of aligned concepts. This mech-
anism is illustrated in the bottom method (Ours)
of Figure 2, distinguished by the dashed rectan-
gle. In order to satisfy the one-to-one alignment,
we assume that (1) for the aligned representation
z′ ∈ Rk, |V| = k, and (2) agents communicate
with fixed message length L (due to discarding
end-of-sequence token).

More formally, consider the recurrent output
zt ∈ Rd from the sender decoder at time t. At
each time step, the recurrent output is projected
to dimension |V| = k using a fully-connected net-
work, of which the output is treated as logits over
vocabulary space (yellow rectangles), and is simply
denoted vt. During the training process, the sender
agent learns an L-head matrix M ∈ Rk×(L·k) (pur-
ple rectangle). which is softmaxed row-wise to ob-
tain a weighting function over k concepts for each
time step. The weighting of concepts is applied as
z′ TM and reshaped to form matrix M ′ ∈ RL×k.
During decoding, the t-th row of M ′ is element-
wise multiplied with vt. Through this mechanism,
we can experimentally validate Q3 from Section 1.
In our experiments, the receiver is implemented the
same as previous works (shown as Original in Fig-
ure 2) (Lazaridou et al., 2017). To experimentally
isolate the effect of the LSA module, we leave the
receiver as-is, treating the disentangled networks
as a drop-in selection for fR. Incorporating the
aligned vector z′ into the pointing module is left
for future work.

3.2 Metrics

We adopt standard metrics from the literature to
quantify our study of Q1-Q4, and propose one new
variant named disentangled similarity.

Receiver Accuracy (Recv. Acc.). A standard
metric in the study of referential games is the com-
munication success rate, i.e., the receiver’s effec-
tive signaling accuracy on objects from a held-out
test set (Skyrms and Press, 2010; Lazaridou et al.,
2017). The metric is defined as Recv. Acc. =

#correct target objects
#total target objects shown .

Compositionality (Top.Sim.) A common con-
cern in the study of language emergence is com-
positionality of the proto-language, which can be
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described informally as the tendency to re-use vo-
cabulary to describe similar objects (Brighton and
Kirby, 2006; Chaabouni et al., 2020). Brighton and
Kirby (2006) operationalized the measure of lan-
guage compositionality with topographic similar-
ity (Top.Sim.), the Spearman correlation between
pairwise input distances and their corresponding
pairwise message distances. We compute pairwise
cosine distances between latent vectors z (inputs),
and use edit distance to compute pairwise distance
between messages. The reported Top.Sim. value is
the Spearman correlation of distances (and where
available, the associated p-value is reported).

Disentangled Similarity (Dis.Sim.) Since CW
only aligns a subset of the latent space dimensions,
it is possible that Top.Sim. will describe correlation
to unaligned dimensions. Thus we complement the
calculation of Top.Sim. with a new metric, disen-
tangled similarity (Dis.Sim.), which only uses the
aligned dimensions to calculate the pairwise input
distances. In practice, this is implemented by calcu-
lating pairwise cosine distances over z′ instead of
z. Consequently, the reported values for ProtoPNet
will be equal to Top.Sim., since in that case z = z′.

4 Experiments

Preliminaries. To address Q1-Q4, we investigate
mixed/same-encoder variants of multi-agent sys-
tems. Pairs of agents play the Lewis signaling
game over five random seeds. Each agent in a
two-player game is instantiated with distinct image
encoder checkpoints, thus requiring ten image en-
coder checkpoints total for each variant (with each
checkpoint using a different seed). In all reported
results of the main text, we compare against fine-
tuned ResNet-50 encoders (denoted ConvNet) as
baselines (He et al., 2016), and subsequently use
them as the base models for training ProtoPNet
and CW variants. We offer supplemental results
for VGG-16 (Simonyan and Zisserman, 2015) and
DenseNet-161 (Huang et al., 2017) variants in Ap-
pendix A.4.1. With ResNet-50 as the base archi-
tecture, each disentangled variant has a similar pa-
rameter count on the order of 24M (reported in Ap-
pendix Table 12), thus any performance difference
due to parameter count is negligible. We source pre-
linguistic objects from two benchmark image data
sources: 10-class subsets of Caltech-UCSD CUB-
200 (Wah et al., 2011) (denoted CUB10) and the en-
tire few-shot mini-ImageNet dataset (Vinyals et al.,
2016). For mini-ImageNet experiments, we train

agents using the 64-class meta-training split, and
report communication success rate (Recv. Acc.)
on the meta-test set. For CUB10, we uniform ran-
domly sample ten classes for each random seed,
ensuring sender and receiver encoders are trained
using the same subset. Our communicating agents
are derived from those implemented in the publicly-
available EGG framework (Kharitonov et al., 2019).
We only employ our proposed LSA module for Q3
results, as it is not salient to Q1, Q2, and Q4. De-
tails of training and hyper-parameters are given in
Appendices A.1 and A.2, respectively.

Heterogeneous multi-agent systems (Q1): To
examine the effect of heterogeneous multi-agent
systems, we train nine permutations of mixed/same-
encoder systems over five random seeds on CUB10
data (45 permutations total), setting k = 100 for
ProtoPNet (default value from Chen et al. (2019))
and k = 10 for CW (using CUB10 classes as con-
cept classes). In Figure 3, we initially compare
the communication success rate (y-axis) over train-
ing epochs (x-axis), with each sub-figure corre-
sponding to a fixed sender encoder architecture.
The results exhibit a tendency for same-encoder
systems to outperform their heterogeneous coun-
terparts. This trend is evidenced by ConvNet-
ConvNet systems in Figure 3a (red line) and
ProtoPNet-ProtoPNet systems in Figure 3b (red
line). CW models generally under-performed as
receivers in Figure 3a-b, scoring 47.978± 14.325
and 42.001± 5.203 receiver accuracy, respectively.
In terms of disentangled categorization power, Pro-
toPNet is the strongest with k = 100 and up to
93% accuracy on the CUB10 classification task
(compared to 78% of CW).2

In Table 1 we report Top. Sim. and Dis. Sim.
measures for systems from Figure 3 at the best
epoch on the test set (according to Recv. Acc.).
Although CW models generally under-performed
in Figure 3, they score the best compositionality
(0.405) paired with ConvNet receivers. This is fol-
lowed by ConvNet senders (top three rows), with
0.316–0.363 Top.Sim. score. CW-ConvNet scored
the highest Dis. Sim. score despite having a Recv.
Acc. of 48.939± 22.226, aligning with Chaabouni
et al. (2020), who found that compositionality does
not necessarily emerge from generalization pres-
sure. Based on Figure 3 and Table 3, we conclude:

2We provide encoder accuracy scores from the upstream
classification task in Appendix Table 12.
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Figure 3: Comparison of communication success rate on CUB10 testing data for permutations of a) ConvNet
senders, b) ProtoPNet senders, and c) CW senders. Shaded regions denote standard deviation over five random
seeds (each swapping in a new CUB10 test split, sender encoder checkpoint, and receiver encoder checkpoint), with
L = 10.

Sf Rf Top. Sim. Dis. Sim.

ConvNet ConvNet 0.360±0.104 -
ConvNet CW 0.363±0.130 -
ConvNet ProtoPNet 0.316±0.056 -

ProtoPNet ProtoPNet 0.349±0.114 0.349±0.114

ProtoPNet CW 0.224±0.092 0.224±0.092

ProtoPNet ConvNet 0.209±0.043 0.209±0.043

CW CW 0.238±0.047 0.305±0.010

CW ConvNet 0.405±0.057 0.415±0.052

CW ProtoPNet 0.287±0.064 0.298±0.092

Table 1: Language compositionality under different
ResNet-50 encoder variants f for sender and receiver
on CUB10 test set (higher is better). All measures were
statistically significant with p ≤ 1−97.

A1: Heterogeneous systems appear to under-
perform compared to same-encoder (e.g., homo-
geneous) systems, although the former can exhibit
higher compositionality in the emerged language.

Categorization power on novel objects (Q2):
To better understand the description of novel
objects, in Figure 4 we repeat the previous
Q1 experiment by swapping CUB10 for mini-
ImageNet, whose test set consists of object
classes not seen during training. We observe a
similar trend that aligns with A1, except CW-
CW outperforms other methods, at best scor-
ing 85.585 ± 5.476 signaling accuracy com-
pared to ConvNet-ConvNet (76.586± 6.400) and
ProtoPNet-ProtoPNet (67.542± 3.001) despite re-
alizing the least amount of concepts (k = 10)
compared to ProtoPNet (k = 100). In some in-
stances, e.g., ConvNet-ProtoPNet, the mismatched
system can match the ConvNet-ConvNet perfor-
mance within 3% accuracy.

In Table 2, we capture Top.Sim. and Dis.Sim.

Sf Rf Top. Sim. Dis. Sim.

ConvNet ConvNet 0.254±0.054 -
ConvNet ProtoPNet 0.323±0.039 -
ConvNet CW 0.181±0.028 -

ProtoPNet ProtoPNet 0.395±0.097 0.395±0.097

ProtoPNet ConvNet 0.357±0.215 0.357±0.215

ProtoPNet CW 0.450±0.012 0.450±0.012

CW CW 0.380±0.071 0.162±0.134

CW ProtoPNet 0.335±0.056 0.052±0.035

CW ConvNet 0.259±0.078 0.131±0.012

Table 2: Language compositionality under different
encoder functions f for sender and receiver on mini-
ImageNet test set (higher is better) . All measures were
statistically significant with p ≈ 0.

measures for mini-ImageNet. Despite only reach-
ing a signaling accuracy of 33.328 ± 19.324, the
highest Top.Sim. and Dis.Sim. scores (0.450) are
realized by mismatched ProtoPNet-CW, thus com-
positionality was able to emerge despite the ab-
sence of generalization ability, as originally re-
ported by Chaabouni et al. (2020). CW-CW
and ProtoPNet-ProtoPNet scored similarly, ob-
taining 85.585 ± 5.476 and 67.542 ± 3.001 best
epoch signaling accuracy, respectively. The best
mixed-encoder system in Figure 4 was ConvNet-
ProtoPNet (74.929± 3.079 accuracy), with a sim-
ilarly high topographic similarity. We thus con-
clude:

A2: Heterogeneous systems evidence lower sig-
naling performance compared to same-encoder
baselines on novel objects, although the former
are capable of improving the language composi-
tionality. Holistically, disentangled networks either
matched or outperformed the ConvNet baselines.
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Figure 4: Comparison of communication success rate on mini-ImageNet few-shot testing data for permutations of a)
ConvNet senders, b) ProtoPNet senders, and c) CW senders. Shaded regions denote standard deviation over five
random seeds (each swapping in new sender encoder and receiver encoder checkpoints), with L = 10. Agents in
this experiment have never seen the testing objects before.

Sender Arch. Top. Sim. Dis. Sim. Recv. Acc.

ProtoPNet
z′ Utterance

0.523
±0.006

0.523
±0.006

81.625
±1.031

ProtoPNet 0.362
±0.078

0.362
±0.078

80.343
±0.681

ProtoPNet+LSA 0.383
±0.033

0.383
±0.033

81.496
±1.665

ConvNet 0.391
±0.055

- 86.753
±0.651

Table 3: Comparison of LSA module, 1-Length utter-
ance baseline, and normal RNNs on CUB10 testing data
using ProtoPNet disentangled structure to weight the
vocabulary (|V | = 10).

Informing design (Q3): Tables 3 and 4 exam-
ine the aggregate effect on CUB10 test data after
integrating concept-aligned latent vectors into the
agent utterance, using our LSA module described
in Section 3.1. We report statistics using each sys-
tem’s best signaling checkpoint. Since |V | = k, for
ease of comparison we set |V | = k = 10 for both
ProtoPNet and CW, and constrain all agents to com-
municate with fixed message lengths L = 10. In
addition to the normal variants, we compare against
a baseline which uses the latent vector z′ directly
as the vocabulary logits to produce a single utter-
ance, establishing the potential usefulness of the
disentangled vector for communication. In the case
of ProtoPNet in Table 3, we observe that the LSA
variant is competitive with the ConvNet baseline,
and slightly improves over the regular ProtoPNet
baseline. In fact, the 1-Length baseline was suffi-
cient for generalization (81.625± 1.031 signaling
accuracy). In Table 4 for CW models, we observe
that the LSA module had significant impact, in-
creasing signaling accuracy from 52.523± 17.600

to 79.859 ± 2.417. Notably, the 1-Length utter-
ance was scored 75.670 ± 1.820, indicating that
the learned concepts were more useful than the
proto-language created by the regular CW variant.
Despite this, the result with CW+LSA evidences
that incorporating both sources of information is
beneficial for signaling performance.

Apart from incorporating new information into
the sender’s message decoding process, our pro-
posed LSA module may enable better diversity in
the agent utterances. Recall from Section 3.1 that
the disentangled representation is linearly recom-
bined and multiplied with message logits at each
time-step, thus we posit that the LSA module en-
courages agents to use vocabulary that is otherwise
ignored, which may explain the higher topographic
similarity scores observed in Tables 3 and 4. We
study this idea for CW in Figure 5 (and ProtoPNet
in Appendix A.5.1) by taking the top-performing
multi-agent system for ConvNet (top row), CW
(middle row), and CW+LSA (bottom row). Each
inset heat map is the activated vocabulary usage
(x-axis) across input data classes (y-axis) in the
CUB10 test set at a given time step for each figure
column (i.e., columns t = 0 to t = 10), with the
cumulative sum over time displayed in the right-
most column. We quantify the vocabulary usage
by calculating normalized area (A) of shaded heat-
map pixels, shown below each cumulative matrix.
ConvNet and CW variants (top and middle row,
respectively) evidence a tendency to re-use vocabu-
lary at each time-step and do not explore different
combinations of vocabulary across time steps. LSA
variants (bottom row) instead have a higher distri-
bution of vocabulary across time, which can be
seen qualitatively by comparing early time-steps to
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Figure 5: Heat-maps of the best-performing agent’s vocabulary usage across time and data classes over the entire
CUB10 test set for CW (|V | = k = 10), where agents communicate for ten time-steps (with end-of-sentence
symbol ‘0’ at the final time-step). The final column shows the cumulative sum over all time steps, subtitled by the
normalized area of non-zero cells.

Sender Arch. Top. Sim. Dis. Sim. Recv. Acc.

CW
z′ Utterance

0.325
±0.031

0.503
±0.006

75.670
±1.820

CW 0.278
±0.079

0.339
±0.044

52.523
±17.600

CW+LSA 0.266
±0.087

0.439
±0.076

79.859
±2.417

ConvNet 0.391
±0.055

- 86.753
±0.651

Table 4: Comparison of LSA module, 1-Length utter-
ance baseline, and normal RNNs on CUB10 testing data
using CW disentangled representation to weight the vo-
cabulary (|V | = 10).

later time-steps. For example, the CW+LSA vari-
ant (bottom row) uses the vocabulary space [6, 10)
across classes early in the message, whereas this
space is less used in later parts of the message (e.g.,
compare space [6, 10) at t = 2 against t = 9). No-
tably, this space-swapping behavior can be seen in
the ConvNet variant (top row), which causes higher
cumulative area than the regular CW variant (mid-
dle row). In this analysis, CW+LSA obtains the
highest cumulative area, so it can be said that this
variant leverages the most tokens in the vocabu-
lary, which may help explain the high disentangled
similarity (0.439) in Table 4. We thus conclude:

A3: Incorporating the aligned subspace informa-
tion into the vocabulary logits can have substantial
impact on disentangled agents, remaining compet-
itive with the non-disentangled ConvNet baseline
accuracy, and improving or matching concept align-
ment (Dis. Sim.) compared to the baseline CW or
ProtoPNet variant.

Categorization power and communication (Q4):
Throughout the evaluation, we have compared
against ProtoPNet (k = 100) and CW (k = 10).
To better isolate the concept realization implied
by k, we train ProtoPNet encoders for k values
in {1, 10, 100}, then play signaling games with
mixed ProtoPNet variations (denoting each as Sk
or Rk) using fixed message length L = 10. We
report the communication success rate over epochs
in Figure 6, where each sub-figure is a fixed Sk.
For Sk = 10 in Figure 6a, it is capable of gener-
alization when paired with Rk ∈ {10, 100}, and
suffers with Rk = 1000. Although Rk = 1000
under-performs in each case (Figures 6a-c), we
observe that ProtoPNet encoders with k = 1000
have sufficient generalization in the upstream clas-
sification task, scoring at least 91% accuracy on
CUB10 (we report all upstream scores in Appendix
Table 13). This finding is nuanced by considering
additional model architectures, such as DenseNet-
161 in Appendix Section A.4.1, which shows that
the complexity penalty observed in Figures 6a-c is
mitigated by using the larger DenseNet-161 archi-
tecture (illustrated in Appendix Figure 10). Thus
certain model architectures have unexpected ben-
efits when deploying more complicated sender/re-
ceiver pairs. We thus conclude:

A4: Better concept realization does not always
equate to better reception, despite performance on
an upstream task such as classification. Otherwise,
mixed-k agents have a tendency to generalize simi-
larly, despite differences in the number of concepts.
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Figure 6: Modulating the sender’s categorization ability over realized concepts k for a) Sk = 10, b) Sk = 100, and
c) Sk = 1000, when paired with receivers of varying categorization ability.

5 Related Work

The properties of language acquisition and emer-
gence of its structural properties (e.g., composi-
tionality and recursion) were investigated early on
by Kirby (1998), who proposed that natural lan-
guage can evolve to possess an internal structure
as a result of observational learning. Due to the
availability of complex real-world data and the scal-
ability of deep learning, recent studies in language
evolution have focused on artificial, yet realistic
analogues of language evolution (Lazaridou et al.,
2017; Havrylov and Titov, 2017; Lazaridou and Ba-
roni, 2020). Notably, artificial language emergence
has been shown to exhibit an inner structure as orig-
inally investigated by Kirby (1998), e.g., composi-
tionality (Lazaridou et al., 2018; Chaabouni et al.,
2020) and encoding preference (Chaabouni et al.,
2019). During artificial language formation, agents
modulate the structure of the language in service
of jointly solving the learning task. For example,
by negotiating symbols in the artificial language,
Hagiwara et al. (2019) evidenced the ability for
same-encoder agents to realize data categories in
an unsupervised way, leading to a form of emer-
gent categorization. The most related work to ours
is by Chaabouni et al. (2020), who study concept
formation in same-encoder artificial agents through
the lens of disentanglement. However, their study
focuses on proposing new metrics of composition-
ality in small-scale, categorical data. We instead
investigate the case of mixed-encoder agents, each
realizing a different level of disentangled catego-
rization ability on large-scale RGB image data.

6 Conclusion

Our results suggest that agents in a cooperative
game setting are capable of communication despite
differences in concept realization. Despite this,

we find that heterogeneous agents can be at odds
with each other, often under-performing compared
to their same-encoder variants. In this way, the
reasoning process of an agent can largely deter-
mine its interaction with other agents. On novel
objects, there is a notable advantage to using disen-
tangled networks, and in some cases mismatched
agents, evidenced by higher signaling success and
language compositionality. Our proposed Latent
Self-attention module illustrates the advantage of
incorporating an agent’s categorization power into
utterances, evidenced by higher disentangled sim-
ilarity in experiments. The interplay between dis-
entanglement and interpretability of the emerged
language will be investigated in future work.
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A Appendix

A.1 Training details

In our experiments, every pair of sender and re-
ceiver is trained with distinct seeds, thus they
never share the same checkpoint, only the train-
ing data. We use the publicly available code to
train encoders from the respective authors (Chen
et al., 2019, 2020). The underlying model for CW
and ProtoPNet encoders is a standard ResNet-50

CNN (He et al., 2016) trained on the full-size Im-
ageNet dataset3, and fine-tuned on the respective
dataset (CUB10 or mini-ImageNet) for five epochs
over ten random seeds (i.e., unique sender/receiver
seeds for five systems).

The Gumbel-Softmax estimator samples from
the Gumbel distribution with a temperature term,
which controls how similar the relaxation is to
the true argmax distribution. As recommended
by Havrylov and Titov (2017), we allow the sender
agent to learn the inverse of the temperature in or-
der to avoid manual tuning. Agent parameters are
tuned by stochastic gradient descent (SGD) using
the Adam optimization algorithm (Kingma and Ba,
2015). The recurrent sender decoder g and receiver
encoder h are instantiated in practice with recurrent
neural networks (RNNs) using LSTM cells. We
leverage the NVIDIA DALI library to accelerate
data loading through the use of GPGPU hardware. 4

A.2 Hyperparameter selection

In order to achieve the best performance for agents
and encoders, we performed a grid-search over the
following hyperparameter combinations:

• Number of epochs in {30, 50, 100},

• Hidden dimension of LSTM hidden state in
{64, 128, 256},

• Number of distractors in {1, 3, 5},

• Message length L in {10, 100},

• ConvNet classifier fine-tuning learning rate in
{1−2, 1−3},

• ProtoPNet dense representation network f
learning rate in {1−4, 1−5},

• ProtoPNet interface layer learning rate in
{3−5, 3−4, 3−3},

• ProtoPNet prototype layer learning rate in
{3−5, 3−4, 3−3},

• ProtoPNet classifier learning rate in
{1−5, 1−4},

• CW classifier and whitening layer learning
rate {1−2, 1−3},

3https://pytorch.org/vision/stable/
models.html

4https://github.com/NVIDIA/DALI
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• Sender learning rate in {1−5, 1−4, 1−3, 1−2},
and

• Receiver learning rate in
{1−5, 1−4, 1−3, 1−2}.

As a result of the grid-search, we selected
the best performing hyperparameter combination
which balanced training time and communication
success rate performance (e.g., receiver signaling
accuracy). This combination is shown in Table 5.

A.3 Hardware description
All experiments were performed on an NVIDIA
DGX-2 compute node equipped with 16 NVIDIA
Tesla V100 Tensor Core GPUs, high-speed NVMe
flash storage, 1TB main system memory, and 40
Intel Xeon Platinum CPU cores.

A.4 Supplemental Results
A.4.1 Results on VGG-16 and DenseNet-161

variants
The disentangled representations discussed in the
main text are not restricted to residual networks
such as ResNet-50, in fact they are flexible enough
to interact with other network designs such as VGG-
16 (Simonyan and Zisserman, 2015) and DenseNet-
161 (Huang et al., 2017). To expand the empirical
contribution, we provide additional results address-
ing Q1, Q3, and Q4 of the main text using disentan-
gled image encoders built on top of VGG-16 and
DenseNet-161, as well as their non-disentangled
baselines.

Q1 (VGG-16 & DenseNet-161). In Figures 7
and 8, we see the same general tendency for same-
encoder systems to either match or outperform
the mixed-encoder versions. This is evidenced on
VGG-16 (Figure 7, red line) across each sender
variant, with CW being a notable exception due to
performing similarly between CW-CW and CW-
ConvNet variants. On DenseNet-161, we observe
a failure mode for CW (Figure 8c) due to low ac-
curacy on the upstream task (Table 16). We exper-
imentally observed that CW causes training insta-
bility for DenseNet-161 on CUB10. In this failure
mode, there is little difference between same- and
mixed-encoder agent systems, which may indicate
that the performance discrepancies are tied to suc-
cess of the upstream task.

As in the main text, we provide measures of the
language compositionality under different encoder
variants for VGG-16 (Table 6) and DenseNet-161

(Table 7). In this context, topographic similarity or
disentangled similarity for mixed-encoder systems
can be higher in some cases (e.g., VGG-16 CW-
ConvNet Dis. Sim. of 0.435 compared to 0.401
of CW-CW in Table 6, or VGG-16 ConvNet-CW
Top.Sim. of 0.312 compared to 0.305 of ConvNet-
ConvNet). In general, same-encoder variants evi-
dence a tendency to outperform the mixed-encoder
variants, invariant to the choice of underlying archi-
tecture. Returning to the failure mode of DenseNet-
161 CW seen previously, we observe that the to-
pographic similarity scores for DenseNet-161 CW
variants in Table 7 are competitive with models that
did not experience failure, e.g., the CW-CW sys-
tem scored Top.Sim. of 0.391 whereas ProtoPNet-
ProtoPNet scored 0.369. This is further evidence
of the effect observed by Chaabouni et al. (2020),
which is that compositionality can emerge despite
lack of generalization ability.

Q3 (VGG-16 & DenseNet-161). We investi-
gated Q3 under the same constraints of Sec-
tion 4, but instead using VGG-16 (Tables 8 and
9) and DenseNet-161 (Tables 10 and 11) instead of
ResNet-50. We observe the general tendency from
Section 4 for RNN+LSA variants to either match
or outperform the standard RNN variants, whilst
remaining competitive with the non-disentangled
ConvNet baseline. The exception to this trend is
the failure mode of DenseNet-161 CW variants (Ta-
ble 11), despite evidencing higher disentangled sim-
ilarity with low generalization ability (e.g., Dis.Sim
of 0.785 for RNN+LSA with 45.487% receiver ac-
curacy).

Q4 (VGG-16 & DenseNet-161). Under the con-
straints of Section 4, we repeat the experiment
using encoders based on VGG-16 (Figure 9) and
DenseNet-161 (Figure 10). Notably, variants based
on VGG-16 exhibit the same trend from Section 4
for more complex k = 1000 agents to perform
poorly as receivers (orange lines in Figure 9). The
results for DenseNet-161-based variants introduce
nuance to this trend, since complex receivers in
this setup perform within the random variance of
other receivers (i.e., orange lines in Figure 10 be-
ing within blue and pink shading). Referencing
the upstream performance of each variant in Ta-
bles 13, 15, and 17 offers some insight. First, we
observe that DenseNet-161 variants are the best
performing variants of ProtoPNet (up to 97% ac-
curacy compared to 90% and 95% of VGG-16 and
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Hyperparameter Main paper choice(s) Remarks

Sender learning rate (LR) 1−3

Receiver LR 1−3

Lewis Signaling Game Epochs 30
Number of distractors 5
Message length L 10
LSTM Hidden Dim. 256
ConvNet fine-tuning LR 1−2 Standard setting for CNNs
ProtoPNet Dense Rep. LR 1−5 Same as Chen et al. (2019)
ProtoPNet Interface LR 3−3 Same as Chen et al. (2019)
ProtoPNet Prototypes LR 3−3 Same as Chen et al. (2019)
ProtoPNet Classifier LR 1−4 Same as Chen et al. (2019)
ProtoPNet Epochs 20
CW LR 1−2 Same as Chen et al. (2020)

Table 5: Hyperparameter choices based on grid-search.
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Figure 7: Comparison of communication success rate on CUB10 testing data for permutations of a) ConvNet
senders, b) ProtoPNet senders, and c) CW senders, using image encoders based on VGG-16. Shaded regions denote
standard deviation over five random seeds (each swapping in a new CUB10 test split, sender encoder checkpoint,
and receiver encoder checkpoint), with L = 10.

ResNet-50, respectively), and second, DenseNet-
161 requires more model parameters (on the order
of 26M compared to 15M and 24M of VGG-16
and ResNet-50 variants). Given this result, it may
be possible to mitigate the complexity penalty ob-
served in Section 4 by leveraging parameter-heavy
densely-connected neural networks, although the
impact on smaller models is notable. The effect of
model parameterization on the language evolution
offers an interesting direction for future work.

A.4.2 Upstream task metrics
In Table 12 we provide the accuracy score for each
ResNet-50 encoder’s upstream classification task
on CUB10 data. We use the training code open-
sourced by the respective paper authors (Chen et al.,
2019, 2020). Table 13 gives the accuracy scores
for ProtoPNet encoders used in Section 4. The
same scores are provided for supplemental variants
corresponding to VGG-16 (Tables 14 and 15) and

DenseNet-161 (Tables 16 and 17).

A.5 Supplemental Analysis

A.5.1 LSA vocabulary usage
In Figure 11 we repeat the same experiment from
Section 4, this time for ProtoPNet variants. Al-
though the ProtoPNet+LSA variant (bottom row)
does not score the highest cumulative vocabulary
usage compared to the ConvNet variant (0.445
and 0.645, respectively), it encourages more ex-
ploration of the vocabulary compared to the regular
ProtoPNet variant (0.327). We observe the same
trend with CW in Figure 5, which suggests the LSA
mechanism can enable better vocabulary diversity
on multiple types of disentangled representations.

A.5.2 LSA concept alignment
Our proposed LSA module requires the disentan-
gled sender agent to weight their utterances by the
concept weight matrix M ′, which is obtained by
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Figure 8: Comparison of communication success rate on CUB10 testing data for permutations of a) ConvNet senders,
b) ProtoPNet senders, and c) CW senders, using image encoders based on DenseNet-161. Shaded regions denote
standard deviation over five random seeds (each swapping in a new CUB10 test split, sender encoder checkpoint,
and receiver encoder checkpoint), with L = 100.
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Figure 9: Modulating the sender’s categorization ability over realized concepts k for a) Sk = 10, b) Sk = 100, and
c) Sk = 1000, when paired with receivers of varying categorization ability and using VGG-16 as the base encoder
architecture.

the product of the learned L-head matrix M and
initial disentangled representation z′ (as discussed
in Section 3.1). This design enables a qualitative
analysis of the agent’s concept activation at each
time step, i.e., at some time t, we can plot the image
that corresponds to the highest-weighted dimension
in that time-step, max(M ′[t]). This is done for six
images across three data classes for the best per-
forming LSA+ProtoPNet model (Figure 12) and
LSA+CW model (Figure 13) from Section 4. We
observe that during the decoding of utterances, the
most active concept does not always correspond to
visual semantic features of the input data class, e.g.,
brown and black textures are not always present in
the top two rows. Instead, the sender agent may
rely on an arbitrary positional encoding of known
concepts to describe certain visual features. This is
evident across both ProtoPNet and CW models. A

notable effect of the LSA module on CW variants
is an increased exploration of the agent vocabulary,
as discussed in Section 4, which can be observed
in Figure 13 by the lack of repetition between top
categories, whereas in Figure 12 we note the same
concept is often repeated several times within the
same message. Given the qualitative results, we
posit that agents rely on an encoding preference
that can be considered incongruent with realized
concepts of the disentangled models. For example,
agents might rely on the position of a concept in
the utterance, rather than the concept itself, to cap-
ture information that leads to better decisions by
the receiver. The LSA module enables a first look
into the connection between these grounded con-
cepts and their recall during agent utterances, the
enforcement of which offers an exciting direction
for future work.
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Figure 10: Modulating the sender’s categorization ability over realized concepts k for a) Sk = 10, b) Sk = 100, and
c) Sk = 1000, when paired with receivers of varying categorization ability and using DenseNet-161 as the base
encoder architecture.
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Figure 11: Heat-maps of the best-performing agent’s vocabulary usage across time and data classes over the entire
CUB10 test set for ProtoPNet, corresponding to experiments based on ResNet-50 in Section 4, where |V | = k = 10,
and agents communicate for ten time-steps (with end-of-sentence symbol ‘0’ at the final time-step). The final
column shows the cumulative sum over all time steps, subtitled by the normalized area of non-zero cells.

Sender
Arch.

Recv.
Arch. Top. Sim. Dis. Sim.

ConvNet ConvNet 0.305 ±0.111 -
ConvNet CW 0.312 ±0.068 -
ConvNet ProtoPNet 0.305 ±0.066 -

ProtoPNet CW 0.299 ±0.143 0.299 ±0.143

ProtoPNet ProtoPNet 0.380 ±0.101 0.380 ±0.101

ProtoPNet ConvNet 0.255 ±0.063 0.255 ±0.063

CW CW 0.330 ±0.042 0.401 ±0.079

CW ProtoPNet 0.186 ±0.039 0.261 ±0.050

CW ConvNet 0.297 ±0.032 0.435 ±0.089

Table 6: Language compositionality under different
VGG-16 encoder variants f for sender and receiver on
CUB10 test set (higher is better). All measures were
statistically significant with p ≈ 0.

Sender
Arch.

Recv.
Arch. Top. Sim. Dis. Sim.

ConvNet ConvNet 0.437 ±0.078 -
ConvNet CW 0.296 ±0.168 -
ConvNet ProtoPNet 0.304 ±0.029 -

ProtoPNet CW 0.208 ±0.115 0.208 ±0.115

ProtoPNet ProtoPNet 0.369 ±0.054 0.369 ±0.054

ProtoPNet ConvNet 0.288 ±0.118 0.288 ±0.118

CW CW 0.391 ±0.112 0.265 ±0.068

CW ProtoPNet 0.367 ±0.033 0.186 ±0.100

CW ConvNet 0.390 ±0.013 0.235 ±0.056

Table 7: Language compositionality under different
DenseNet-161 encoder variants f for sender and re-
ceiver on CUB10 test set (higher is better). All measures
were statistically significant with p ≈ 0.
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Figure 12: Visualization of the most activated prototypical image at each time-step in an LSA+ProtoPNet agent’s
concept weight matrix (M’), given an input image from three classes in CUB10. When decoding utterances, the
most activated concept at a given time-step does not always correspond to the class of the observation.

Sender Arch. Top. Sim. Dis. Sim. Recv. Acc.

ProtoPNet
Utterance

0.263
±0.039

0.263
±0.039

58.110
±14.306

RNN 0.468
±0.064

0.468
±0.064

76.737
±1.995

RNN+LSA 0.424
±0.109

0.424
±0.109

76.619
±1.863

RNN
(ConvNet
Baseline)

0.422
±0.080

- 92.590
±2.945

Table 8: Comparison of LSA module, 1-Length utter-
ance baseline, and normal RNNs on CUB10 testing data
using ProtoPNet disentangled structure to weight the
vocabulary (|V | = 10) and VGG-16 as the base image
encoder.

Sender Arch. Top. Sim. Dis. Sim. Recv. Acc.

CW
Utterance

0.354
±0.032

0.496
±0.018

77.928
±2.208

RNN 0.313
±0.048

0.385
±0.058

83.167
±2.032

RNN+LSA 0.294
±0.035

0.520
±0.047

86.495
±0.622

RNN
(ConvNet
Baseline)

0.367
±0.033

- 92.653
±1.894

Table 9: Comparison of LSA module, 1-Length utter-
ance baseline, and normal RNNs on CUB10 testing data
using CW disentangled representation to weight the vo-
cabulary (|V | = 10) and VGG-16 as the base image
encoder.
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Figure 13: Visualization of the most activated image category at each time-step in an LSA+CW agent’s concept
weight matrix (M’), given an input image from three classes in CUB10. When decoding utterances, the most
activated concept at a given time-step does not always correspond to the class of the observation.

Sender Arch. Top. Sim. Dis. Sim. Recv. Acc.

ProtoPNet
Utterance

0.319
±0.027

0.319
±0.027

80.276
±2.416

RNN 0.325
±0.037

0.325
±0.037

79.793
±1.136

RNN+LSA 0.376
±0.072

0.376
±0.072

79.612
±3.409

RNN
(ConvNet
Baseline)

0.407
±0.092

- 88.929
±1.253

Table 10: Comparison of LSA module, 1-Length utter-
ance baseline, and normal RNNs on CUB10 testing data
using ProtoPNet disentangled structure to weight the
vocabulary (|V | = 10) and DenseNet-161 as the base
image encoder.

Sender Arch. Top. Sim. Dis. Sim. Recv. Acc.

CW
Utterance

0.210
±0.061

0.771
±0.188

40.547
±9.303

RNN 0.377
±0.073

0.135
±0.085

44.182
±29.066

RNN+LSA 0.203
±0.070

0.785
±0.183

45.487
±15.481

RNN
(ConvNet
Baseline)

0.431
±0.048

- 89.454
±3.403

Table 11: Comparison of LSA module, 1-Length ut-
terance baseline, and normal RNNs on CUB10 testing
data using CW disentangled representation to weight
the vocabulary (|V | = 10) and DenseNet-161 as the
base image encoder.
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fS Acc.
(# Param.)

fR Acc.
(# Param.)

ConvNet 95.280± 1.143
(23.52M)

94.951± 1.744
(23.52M)

ProtoPNet 91.559± 3.751
(23.81M)

93.183± 2.731
(23.81M)

CW 72.899± 8.264
(23.52M)

78.593± 8.293
(23.52M)

Table 12: Average classification accuracy of all Q1
CUB10 sender and receiver encoders based on ResNet-
50 (i.e., the variants used for main paper results). Each
entry represents the average over 5 random seeds (each
row consisting of 10 seeds total). Parameter counts are
applicable to Q2 experiments, due to shared model ar-
chitectures.

k
fS Acc.

(# Param.)
fR Acc.

(# Param.)

10 95.884± 0.980
(23.78M)

94.335± 2.457
(23.78M)

100 91.559± 3.751
(23.81M)

93.183± 2.731
(23.81M)

1000 92.891± 1.017
(24.05M)

93.371± 1.209
(24.05M)

Table 13: Average classification accuracy of sender and
receiver encoders based on ResNet-50 used in Section 4
(Q4). Each entry represents the average over 5 random
seeds (each row consisting of 10 seeds total).

fS Acc.
(# Param.)

fR Acc.
(# Param.)

ConvNet 93.327± 1.860
(134.30M)

94.191± 1.822
(134.30M)

ProtoPNet 86.558± 3.036
(14.83M)

88.799± 2.449
(14.83M)

CW 87.419± 3.736
(134.30M)

88.127± 2.352
(134.30M)

Table 14: Average classification accuracy of all Q1
CUB10 sender and receiver encoders based on VGG-16
(from supplemental results). Each entry represents the
average over 5 random seeds (each row consisting of 10
seeds total).

k
fS Acc.

(# Param.)
fR Acc.

(# Param.)

10 90.001± 4.486
(14.80M)

89.523± 3.719
(14.80M)

100 86.558± 3.036
(14.83M)

88.799± 2.449
(14.83M)

1000 90.884± 3.125
(15.07M)

89.482± 3.464
(15.07M)

Table 15: Average classification accuracy of sender and
receiver encoders based on VGG-16 for Q4 supplemen-
tal results. Each entry represents the average over 5
random seeds (each row consisting of 10 seeds total).

fS Acc.
(# Param.)

fR Acc.
(# Param.)

ConvNet 97.974± 0.472
(26.49M)

98.175± 0.759
(26.49M)

ProtoPNet 96.485± 1.063
(26.79M)

94.793± 2.188
(26.79M)

CW 25.690± 24.975
(26.49M)

25.545± 30.644
(26.49M)

Table 16: Average classification accuracy of all
Q1 CUB10 sender and receiver encoders based on
DenseNet-161 (from supplemental results). Each entry
represents the average over 5 random seeds (each row
consisting of 10 seeds total).

k
fS Acc.

(# Param.)
fR Acc.

(# Param.)

10 97.085± 0.679
(26.77M)

96.756± 0.666
(26.77M)

100 96.485± 1.063
(26.79M)

94.793± 2.188
(26.79M)

1000 95.767± 2.818
(27.03M)

95.398± 0.966
(27.03M)

Table 17: Average classification accuracy of sender
and receiver encoders based on DenseNet-161 for Q4
supplemental results. Each entry represents the average
over 5 random seeds (each row consisting of 10 seeds
total).
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Abstract

Building universal dialogue systems that op-
erate across multiple domains/APIs and gen-
eralize to new ones with minimal overhead is
a critical challenge. Recent works have lever-
aged natural language descriptions of schema
elements to enable such systems; however, de-
scriptions only indirectly convey schema se-
mantics. In this work, we propose Show, Don’t
Tell, which prompts seq2seq models with a la-
beled example dialogue to show the semantics
of schema elements rather than tell the model
through descriptions. While requiring simi-
lar effort from service developers as generat-
ing descriptions, we show that using short ex-
amples as schema representations with large
language models results in state-of-the-art per-
formance on two popular dialogue state track-
ing benchmarks designed to measure zero-
shot generalization - the Schema-Guided Di-
alogue dataset and the MultiWOZ leave-one-
out benchmark.

1 Introduction

Task-oriented dialogue (TOD) systems need to sup-
port an ever-increasing variety of services. Since
many service developers lack the resources to col-
lect data and train models, zero and few-shot trans-
fer to unseen services is critical to the democratiza-
tion of dialogue agents.

Recent approaches to generalizable TOD sys-
tems primarily rely on combining two techniques:
large language models like BERT (Devlin et al.,
2019) and T5 (Raffel et al., 2020), and schema-
guided modeling - i.e. using natural language de-
scriptions of schema elements (intents and slots) as
model inputs to enable transfer to unseen services
(Rastogi et al., 2020a,b). Models combining the
two currently hold state-of-the-art (SotA) results
on dialogue state tracking (DST) (Heck et al., 2020;
Lee et al., 2021a; Zhao et al., 2022).

∗*Equal contribution

However, description-based schema representa-
tions have some drawbacks. Writing precise natural
language descriptions requires manual effort and
can be difficult to write succinctly. Also, descrip-
tions only provide indirect supervision about how
to interact with a service compared to an exam-
ple. Furthermore, Lee et al. (2021b) showed that
schema-guided DST models are not robust to vari-
ations in schema descriptions, causing significant
quality drops.

We propose using a single dialogue example
with state annotations as an alternative to the
description-based schema representation, similar
to one-shot priming (Brown et al., 2020) - an ap-
proach we call Show, Don’t Tell (SDT). Through
demonstration, we show models the schema seman-
tics rather than tell them through natural language
descriptions, as seen in Figure 1. SDT achieves
SotA accuracy and generalization to new APIs
across both the Schema-Guided Dataset (SGD)
(Rastogi et al., 2020b) and MultiWOZ Leave-One-
Out (Budzianowski et al., 2018; Lin et al., 2021b)
benchmarks, while being more data-efficient and
robust to schema variations.

2 Show, Don’t Tell

Following SoTA models, we pose DST as a seq2seq
task (Wu et al., 2019; Zhao et al., 2021a) and fine-
tune T5 on DST datasets. The model input consists
of a prompt to convey API semantics and context to
represent the current dialogue instance. The target
contains ground truth belief states corresponding
to the context. We compare against two baselines:

• T5-ind (Lee et al., 2021a): Model input com-
prises a single slot description for the prompt,
concatenated with the dialogue history as the
context. The target is the value of the single slot
in the dialogue state. Model inference is invoked
once per slot - i.e. values for different slots are
independently decoded.
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T5-ind SDT-ind
P1 = amount: The amount of money to send
or request

Pind1 = [ex] [user] I need to transfer 125 dollars [slot]
amount=125 dollars

P2 = receiver: Name of the contact or account
to make the transaction with

Pind2 = [ex] [user] Make the transfer to Victoria. [slot]
receiver=Victoria

. . . . . .

T5-seq SDT-seq
P = 0: The amount of money to send or
request 1: Name of the contact or account to
make the transaction with 2: Whether the
transaction is private or not a) True b) False 3:
The source of money used for making the
payment a) credit card b) debit card c) app
balance

Pseq = [ex] [user] I want to make a payment to Jerry for $82
from my mastercard [system] Confirming you want to pay
Jerry $82 with your credit card yes? [user] Yes that’s right,
make the transaction private too [slot] amount=$82
receiver=Jerry private_visibility=a of a) True b) False
payment_method=a of a) credit card b) debit card c) app
balance

Figure 1: Illustration of all prompt formats for a payment service for both description-based and Show, Don’t
Tell models with independent (top) and sequential (bottom) decoding of dialogue state.

• T5-seq (Zhao et al., 2022): Model input com-
prises the descriptions of all slots as the prompt,
concatenated with the dialogue history as the
context. The target is the sequence of slot-value
pairs in the dialogue state - i.e. the dialogue state
is decoded sequentially in a single pass.

We modify the prompt formats above to utilize
demonstrations instead of descriptions as described
below and illustrated in Figure 1.

• SDT-ind: A prompt Pindi comprises a single ex-
ample utterance and the ground truth slot-value
pair formatted as

Pindi = [ex]; uindi ; [slot]; svi

where uindi is a user utterance where slot i is
active/not null and svi is the slot-value pair.
[ex], [slot] are special delimiter tokens, and ;
denotes concatenation.

• SDT-seq: A prompt Pseq comprises a single la-
beled dialogue formatted as:

Pseq = [ex]; u1; ...; un; [slot]; sv1; ...; svm

where uj is an utterance, and other symbols are
explained in the SDT-ind section above. In sim-
ple terms, the prompt is constructed by concate-
nating all utterances in an example dialogue fol-
lowed by all slot-value pairs in the dialogue state.

In both the T5-* and SDT-* approaches, the con-
text is the serialized dialogue history for the current
dialogue instance. The final model input is formed
by concatenating the prompt and the context strings,

and the target string is the same as T5-*, containing
only a single slot value for *-ind models and the
entire turn’s belief state for *-seq models.

For both T5-* and SDT-*, we enumerate the
categorical slot values in multiple-choice format
in the prompt and task models with decoding the
multiple choice letter corresponding to the correct
categorical value.

More details on prompt design and its impact on
performance are provided in Appendix A.

Creating prompt examples: It is imperative
that SDT prompts contain enough information to
infer the semantics for all slots in a schema. For
SDT-ind, we create individual utterances that show-
case a single slot. For SDT-seq, we create example
dialogues where all slots in the schema are used.

Multi-domain examples: It is not feasible to
construct multi-domain demonstrations for every
combination of domains. Thus, we stick to single-
domain SDT prompts and create separate train-
ing instances for each domain present in a multi-
domain dialogue turn; for inference, we run infer-
ence once for each domain and combine the results.

3 Experimental Setup

Datasets: We conduct experiments on two DST
benchmarks: Schema-guided Dialogue (SGD)
(Rastogi et al., 2020b) and MultiWOZ 2.1
(Budzianowski et al., 2018; Eric et al., 2020). For
MultiWOZ, we evaluate on the leave-one-out setup
(Wu et al., 2019; Lin et al., 2021a), where models
are trained on all domains but one and evaluated on
the holdout domain. Additionally, we apply the rec-
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ommended TRADE pre-processing script1 for fair
comparison with other work. For both datasets, we
created concise example dialogues modeled after
dialogues observed in the datasets.

Implementation: We train SDT models by fine-
tuning pretrained T5 1.1 checkpoints. For SDT-seq,
we select one example dialogue for each service to
create a prompt and use that prompt across all dia-
logue instances of that service, across training and
evaluation. We do the same for SDT-ind but create
one prompt per slot instead of per service. Unless
otherwise noted, all T5-based models are based
on T5-XXL (11B parameters). Appendices B and
C contain more details on training and baselines
respectively.

4 Results

4.1 SGD Results

Table 1 contains results on the SGD test set. SDT-
seq achieves the highest JGA by +1.1%, outper-
forming the description-based T5-* models, partic-
ularly on unseen services. SDT-ind is comparable
to its counterpart T5-ind and better than T5-seq.

Since SDT results vary with the choice of exam-
ple dialogue provided in the prompt, we created
5 different versions of prompts for each service
using different examples. We report the average
JGA across the 5 versions and the 95% confidence
intervals using the Student’s-t distribution.

We hypothesize that the main advantage of SDT
is that the schema semantics are conveyed via
demonstration, which is more similar in form to
the end task of state tracking and more informa-
tive than descriptions. On the other hand, natural
language descriptions can be viewed as an interme-
diary that models must interpret in order to achieve
the end goal of slot value prediction.

We see that SDT-seq outperforms SDT-ind and
posit that this is because the full dialogue prompts
in SDT-seq demonstrate more complex linguistic
patterns (e.g. coreference resolution, long term
dependencies) than the single utterance prompts
of SDT-ind. On the other hand, we believe T5-
seq does not outperform T5-ind because no addi-
tional information is conveyed to the model through
concatenating independent descriptions. All-else-
equal, decoding all slots in one pass is more chal-
lenging than decoding each slot independently.

1https://github.com/budzianowski/
multiwoz#dialog-state-tracking

Model All Seen Unseen
MRC+WD-DST* 86.5 92.4 84.6
T5-seq 86.4 95.8 83.3
T5-ind 87.7 95.3 85.2
SDT-ind 87.5±0.9 95.2±0.7 85.0±1.4
SDT-seq 88.8±0.5 95.8±0.2 86.4±0.7

Table 1: SDT achieves state-of-the-art JGA as evalu-
ated on the SGD test set, performing especially well
on unseen services. *Data augmentation/special rules
applied.

Model Attraction Hotel Restaurant Taxi Train Avg
TRADE 20.1 14.2 12.6 59.2 22.4 25.7
SUMBT 22.6 19.8 16.5 59.5 22.5 28.2
TransferQA 31.3 22.7 26.3 61.9 36.7 35.8
T5-seq 76.1 28.6 69.8 87.0 60.4 64.4
SDT-seq 74.4 33.9 72.0 86.4 62.9 65.9

Table 2: SDT-seq outperforms T5-seq on the Mul-
tiWOZ 2.1 cross-domain (leave-one-out) benchmark.
Results for TRADE, SUMBT, and TransferQA from
Kumar et al. (2020), Campagna et al. (2020), and Lin
et al. (2021a), respectively.

We also experimented with using up to 5 ex-
ample dialogues in each prompt of SDT-seq, but
accuracy did not increase.

4.2 MultiWOZ Results

Table 2 summarizes results for the MultiWOZ 2.1
leave-one-out setup. SDT-seq outperforms T5-seq
by +1.5% overall and in 3 of the 5 domains, achiev-
ing state-of-the-art performance.

4.3 Impact of Model Size

T5’s XXL size (11B parameters) may be unsuitable
in resource-constrained settings. To understand
how the the impact of model size, we measure
SDT’s performance on SGD across multiple T5
sizes in Table 3. For base and large sizes, both SDT
variations offer higher JGA than their description-
based counterparts, possibly due to smaller T5 mod-
els being less capable of inferring unseen slots with
just a description, whereas SDT models provide
more direct supervision in contrast. Additionally,
SDT-ind outperforms SDT-seq for both the smaller
sizes, potentially due to SDT-seq’s prediction task
being more complex than that of SDT-ind.

4.4 Data Efficiency

To examine the data efficiency of SDT models, we
also experiment with training SDT-seq with 0.16%
(10-shot), 1%, and 10% of the SGD training data
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Model Base (250M) Large (800M) XXL (11B)
T5-seq 72.9 80.0 86.4
T5-ind 72.6 82.2 87.7
SDT-ind 78.2±0.6 83.7±0.8 87.5±0.9
SDT-seq 76.3±1.6 83.2±0.6 88.8±0.5

Table 3: SGD test set JGA across T5’s Base, Large, and
XXL sizes. SDT’s advantage is especially prominent
on smaller model sizes.

and evaluating on the entire test set. For 10-shot,
we randomly sample 10 training dialogues from ev-
ery service; for 1% and 10%, we sample uniformly
across the entire dataset. SDT-seq demonstrates
far higher data efficiency than T5-seq (Table 4),
indicating that SDT is more suitable for bootstrap-
ping dialogue systems with a limited budget for
collecting training data.

Model 10-shot 1% 10%
T5-seq 51.0 79.4 83.0
SDT-seq 70.7 84.5 87.4

Table 4: Data efficiency experiments on the SGD
test set. SDT-seq’s example-based prompt approach
is more suited to low resource settings than T5-seq’s
description-based prompts.

4.5 Robustness
Large LMs are often sensitive to the choice of
prompt (Zhao et al., 2021b; Reynolds and Mc-
Donell, 2021). To this end, we evaluate SDT-seq
on the SGD-X (Lee et al., 2021b) benchmark, com-
prising 5 variants with paraphrased slot names and
descriptions for every schema (Appendix Figure 4).
Note that SDT-seq only makes use of slot names,
so variations in description have no effect on it.

Table 5 shows SDT-seq achieves the highest aver-
age JGA (JGAv1−5) and lowest schema sensitivity
(SSJGA, lower value indicates higher robustness),
making it the most robust of the compared mod-
els. While the JGA decline indicates that SDT-seq
is somewhat sensitive to how slot names are writ-
ten, when compared to a variant of T5-seq (Zhao
et al., 2022) that only uses slot names, it is still
more robust based on the schema sensitivity, and
the relative drop in JGA is nearly equal.

5 Discussion

5.1 Writing descriptions vs. demonstrations
The information provided to SDT is not identical to
what is provided to typical schema-guided models,

Model JGAOrig JGAv1−5 Diffrel SSJGA
SGP-DST* 60.5 49.9 -17.5 51.9
T5-indbase* 72.6 64.0 -11.9 40.4
T5-seq (name)H 79.7 73.0 -8.4 35.0
T5-seq 86.4 77.8 -10.0 27.0
SDT-seq 88.8 81.2 -8.6 24.1

Table 5: Robustness evaluation on the SGD-X test sets.
*Results from Lee et al. (2021b). HResult of using
T5-seq with only slot names and no descriptions, from
Zhao et al. (2022).

as SDT exchanges natural language descriptions for
a demonstration of identifying slots in a dialogue.
However, we argue that from the developer stand-
point, creating a single example is similar in effort
to writing descriptions, so we consider the methods
comparable. Creating the SDT-seq prompts for all
45 services in SGD took an experienced annotator
∼2 hours, compared to ∼1.5 hours for generating
all slot descriptions. SDT-ind prompts are even
simpler to write because they relax the requirement
for creating a coherent dialogue involving all slots.

Descriptions can sometimes be easier to gener-
ate than a succinct dialogue that covers all slots.
However, given the performance gain, example-
based prompts may be a better choice for many
settings, especially for smaller model sizes and low
resource settings where the gain over description-
based prompts is more pronounced.

5.2 Descriptions plus demonstrations
We tried combining both descriptions and a demon-
stration in a single prompt to try to further improve
performance. However, results showed that this did
not improve upon using demonstrations alone (see
Appendix Table A1 for details).

We hypothesize that demonstrations, along with
slot names, already convey slot semantics suffi-
ciently, rendering descriptions extraneous. How-
ever, given that using slot names alone underper-
forms using descriptions (Zhao et al., 2022), the
improvement SDT exhibits over using descriptions
does not result purely from the use of slot names.

5.3 Prompting vs. traditional finetuning
To understand the impact of using a single demon-
stration as a prompt vs. traditional finetuning, we
finetune T5-seq an additional time on the same set
of dialogues used in SDT-seq prompts; therefore
it has access to both slot descriptions as well as a
single demonstration for each service. In this case,
T5-seq is provided strictly more information than
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Example Dialogue Predictions

1. Disambiguating similar slots T5-seq: to=Sacramento,
from=Anaheim
SDT-seq: to=Anaheim,
from=Sacramento

[user] I need to find tickets to Anaheim, CA. [system]
When would you like to travel, and where are you going to?
[user] Traveling to Sacramento on the 4th.

2. Handling unseen slots T5-seq: new_alarm_name=None
SDT-seq: new_alarm_name=Grocery run[user] Can you please add an alarm called Grocery run.

3. Predicting categorical values not seen in prompt T5-seq: event_type=theater
SDT-seq: event_type=music[user] I like Broadway shows and want to see one on

Tuesday next week.

Figure 2: Comparing common error patterns made by T5-seq vs. SDT-seq. Correct and incorrect predictions
colored in red and blue, respectively.

SDT-seq. T5-seq with finetuning obtains a JGA of
87.7% on SGD, on par with T5-ind but still lower
than SDT-seq, suggesting that, when scarce, dia-
logue examples are better used as prompts (Le Scao
and Rush, 2021).

Interestingly, finetuning on up to 5 dialogue ex-
amples per service did not improve performance
after the first example (Appendix Figure 3).

5.4 Error analysis
Figure 2 compares some common error patterns
made by T5-seq vs. SDT-seq. The patterns sug-
gest that SDT’s demonstrations are helpful when
multiple slots in the same domain are similar to
each other (#1 in Figure 2) and when slots dissimi-
lar from those seen in training are introduced (#2).
However, SDT can sometimes be limited by its
prompt. For instance, in #3 it has only seen the
"music" value for the event_type slot in the prompt,
potentially resulting in under-predicting the cate-
gorical values not featured in the example dialogue
(e.g. "theater").

6 Related Work

Prior approaches focused on framing DST as ques-
tion answering (Ruan et al., 2020; Ma et al., 2019;
Zhang et al., 2021). Many MultiWOZ cross-
domain models leverage slot names/descriptions
(Wu et al., 2019; Lee et al., 2019; Lin et al., 2021a).

Pretrained generative LLMs (Raffel et al., 2020;
Brown et al., 2020) have enabled framing NLP
tasks as seq2seq problems. Some DST papers
(Zhao et al., 2021a; Feng et al., 2021) look at set-
tings with no train-test discrepancy. Many studies
explore the efficacy of task-specific prompts (Jiang
et al., 2020; Liu et al., 2021). Madotto et al. (2020)
and prime LMs with examples for dialogue tasks,

but without finetuning. Wei et al. (2021) finetunes
language models to teach them to use prompts to
generalize across NLP tasks.

7 Conclusion

We study the use of demonstrations as LM prompts
to convey the semantics of APIs in lieu of natu-
ral language descriptions for TOD. While taking
similar effort to construct, demonstrations outper-
form description-based prompts in our experiments
across DST datasets (SGD and MultiWOZ), model
sizes, and training data sizes, while being more
robust to changes in schemata. This work provides
developers of TOD systems with more options for
API representations to enable transfer to unseen ser-
vices. In future work, we would like to explore this
representation for other TOD tasks (e.g. dialogue
management and response generation).

8 Ethical Considerations

We proposed a more efficient way of building TOD
systems by leveraging demonstrations in place of
descriptions, leading to increased accuracy with
minimal/no data preparation overhead. We con-
duct our experiments on publicly-available TOD
datasets in English, covering domains which are
popular for building conversational agents. We
hope our work leads to building more accurate
TOD systems with similar or less overhead and
encourages further research in the area.
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A Prompt Design

We experimented with various formats for the SDT
prompt before arriving at the final format. Below,
we list alternative designs that we tried and their
impact on JGA, as evaluated on the SGD test set.

A.1 Categorical value strings vs. multiple
choice answers

We found that JGA dropped -2% when we
tasked the model with decoding categorical val-
ues instead of multiple choice answers - e.g.
payment_method=debit card instead of
payment_method=b (where b is linked to the
value debit card in the prompt as described
in Section 2). When tasking the model to decode
categorical values, it would often decode related
yet invalid values, which we counted as false in
our evaluation. For example, instead of debit
card, the model might decode bank balance.

A.2 Slot IDs vs. slot names

When we delexicalized slot names with slot IDs,
JGA dropped -5%. One downside of this approach
is that the model lost access to valuable semantic
information conveyed by the slot name. Another
downside is that the model could not distinguish
two slots that had the same value in the prompt.
For example, if the prompt was "I would like a pet-
friendly hotel room with wifi" and the correspond-
ing slots were 1=True (has_wifi) and 2=True
(pets_allowed), it is ambiguous which ID refers to
which slot.

The potential upside of using slot IDs was to
remove dependence on the choice of slot name, but
this did not succeed for the reasons above.

A.3 Decoding active slots vs. all slots

We experimented with training the model to only
decode active slots rather than all slots with none
values when they were inactive. JGA dropped -
0.4%, which we hypothesized might be a result of
greater dissimilarity between the slot-value string
in the prompt (which contained all slots by con-
struction) and the target, which only contained a
subset of slots.
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A.4 In-line annotations vs. dialogue+slots
concatenated

We hypothesized that bringing the slot annotation
in the prompt closer to where it was mentioned
in the dialogue might help the model better under-
stand the slot’s semantic meaning. We changed the
format as follows:

• Original: [ex] [user] I would
like a pet-friendly hotel room
with wifi [system] I found ...
[slot] has_wifi=True

• In-line: [ex] [user] I would like
a pet-friendly hotel room with
wifi [has_wifi=True] [system]
I found ...

However, this decreased JGA by more than -
20%. We hypothesized that this was likely due to
a mismatch between the prompt’s annotations and
the target string format, which we did not change.

B SDT Model Details

We used the publicly available T5 checkpoints2.
For all experiments, we used a sequence length of
2048, 10% dropout and a batch size of 16. We
used a constant learning rate of 1e − 3 or 1e −
4. All models were trained for 50k steps or until
convergence, and each experiment was conducted
on either 64 or 128 TPU v3 chips (Jouppi et al.,
2017).

C Baseline Models

For SGD, we compare against SGP-DST (Ruan
et al., 2020), MRC+WD-DST (Ma et al., 2019),
T5-seq (Zhao et al., 2022) and T5-ind (Lee et al.,
2021a).

For MultiWOZ, we compare against TRADE
(Wu et al., 2019), SUMBT (Lee et al., 2019), Trans-
ferQA (Lin et al., 2021a), and T5-seq. Transfer QA
is based on T5-large.

2https://github.com/google-research/
text-to-text-transfer-transformer/blob/
main/released_checkpoints.md

Model All Seen Unseen
SDT-seq + desc 88.6±0.9 95.7±0.5 86.2±1.0
SDT-seq 88.8±0.5 95.8±0.2 86.4±0.7

Table A1: We experiment with prompting using both
descriptions and demonstrations (SDT-seq + desc) vs.
demonstrations-only (SDT-seq) and find that adding de-
scriptions does not improve performance.

Figure 3: Results of secondarily finetuning T5-seq with
dialogues, to help understand whether prompting or
finetuning is more effective. The examples used for
finetuning are derived from the set of dialogues used as
prompts across the 5 trials of SDT-seq. From this, we
observe that prompting with a single dialogue demon-
stration outperforms few-shot finetuning.
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Figure 4: The original schema for a Payment service alongside its closest (v1) and farthest (v5) SGD-X variants,
as measured by linguistic distance functions. For the SGD-X benchmark, models are trained on the original SGD
dataset and evaluated on the test set, where the original test set schemas are replaced by SGD-X variant schemas.
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Abstract

Transformer models pre-trained with a masked-
language-modeling objective (e.g., BERT) en-
code commonsense knowledge as evidenced
by behavioral probes; however, the extent to
which this knowledge is acquired by system-
atic inference over the semantics of the pre-
training corpora is an open question. To an-
swer this question, we selectively inject ver-
balized knowledge into the pre-training mini-
batches of BERT and evaluate how well the
model generalizes to supported inferences af-
ter pre-training on the injected knowledge. We
find generalization does not improve over the
course of pre-training BERT from scratch, sug-
gesting that commonsense knowledge is ac-
quired from surface-level, co-occurrence pat-
terns rather than induced, systematic reasoning.

1 Introduction

Pre-trained Transformers, such as BERT, encode
knowledge about the world (Petroni et al., 2019;
Zhou et al., 2020); e.g., BERT assigns relatively
high probability to “fly” appearing in the context
“robins can .” In this work, we investigate
whether such knowledge is acquired during pre-
training through systematic inference over the se-
mantics of the pre-training corpora; e.g., can mod-
els systematically infer “robins can fly” from the
premises “birds can fly” and “robins are birds?”

Resolving how models acquire commonsense
knowledge has important implications. If models
learn to make systematic inferences through pre-
training, then scaling up pre-training is a promising
direction for commonsense knowledge acquisition.
If, instead, models only ever generalize based on
superficial, surface-level patterns, then the majority
of commonsense knowledge, which is only sup-
ported implicitly, will never be acquired (Gordon
and Van Durme, 2013; Forbes and Choi, 2017).

∗Work conducted while the author was an intern at Mi-
crosoft Research Montréal.

On the one hand, there is cursory evidence that
pre-training might induce the ability to systemat-
ically reason about the world. When fine-tuned
on supervised training sets, pre-trained models can
classify valid inferences better than strong base-
lines (Clark et al., 2020; Talmor et al., 2020b);
and, in zero-shot evaluations, pre-trained models
perform relatively well on reasoning tasks that
may require systematic reasoning, such as number
comparison (Talmor et al., 2020a) and Winograd
schemas (Sakaguchi et al., 2021).

On the other hand, existing works have argued
that pre-training does not generalize by systematic
inference over semantics on the basis of theoreti-
cal or synthetic results (Bender and Koller, 2020;
Merrill et al., 2021; Traylor et al., 2021). Referring
to physical commonsense knowledge acquired by
BERT, Forbes et al. (2019) conclude that “neural
language representations still only learn associa-
tions that are explicitly written down.”

Our main contribution is a direct evaluation of
the training dynamics of BERT’s reasoning ability.
We inject verbalized knowledge, such as “robins
are birds” (where the masked token is the predi-
cate, e.g., “birds”), into the minibatches of BERT
throughout pre-training. We then consider how
well BERT generalizes to supported inferences;
e.g., how does the likelihood of “robins can ”
→ “fly” change?

We find generalization does not improve over the
majority of pre-training which supports the hypoth-
esis that the type of commonsense knowledge stud-
ied is not acquired by systematic inference. Rather,
our findings suggest this knowledge is acquired
from surface-level, co-occurrence patterns.

2 Related Work

Commonsense knowledge acquisition is a long-
standing challenge in natural language processing
(Charniak, 1973; Hwang et al., 2021; Zhang et al.,
2021), and current approaches rely on knowledge
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acquired by pre-trained Transformer language mod-
els (Bosselut et al., 2019; Zhang et al., 2020; West
et al., 2021). The commonsense reasoning ability
of these language models has been evaluated us-
ing behavioral probes (Ettinger, 2020; Misra et al.,
2021; He et al., 2021) and downstream, fine-tuned
evaluations (Banerjee et al., 2021; Zhou et al., 2021;
Tafjord and Clark, 2021). Such works consider the
knowledge encoded by a model after pre-training.

When fine-tuned on supervised datasets, pre-
trained models can learn to make systematic in-
ferences to some extent (Clark et al., 2020; Tafjord
et al., 2021; Gontier et al., 2020; Shaw et al., 2021;
Li et al., 2021). By systematic inferences, we
refer to the ability to learn general rules and ap-
ply them in novel settings, as opposed to learning
only particular instances of the rule (Fodor and
Pylyshyn, 1988; Lake and Baroni, 2018; Bahdanau
et al., 2019).

Similar to our experiments, recent work has con-
sidered the training dynamics of pre-trained mod-
els (Brown et al., 2020; Kaplan et al., 2020). No-
tably, Liu et al. (2021) evaluate the zero-shot per-
formance of RoBERTa on the oLMpics reasoning
tasks throughout pre-training, but find the knowl-
edge studied is never learned. In contrast, we ex-
plore how learned knowledge is acquired.

Close in spirit to our work, Kassner et al. (2020)
pre-train a masked language model on a synthetic
dataset to isolate reasoning ability. Wei et al. (2021)
also intervene on BERT’s pre-training data in a
syntactic evaluation and conclude that subject-verb
agreement is sometimes inferred from systematic
rules for frequent words.

Finally, De Cao et al. (2021) explore how knowl-
edge encoded in BERT is affected by gradient up-
dates when fine-tuning on a downstream classifi-
cation task. Hase et al. (2021) build on this work
and explore how gradient updates on verbalized
premises affect models’ performance on supported
inferences. In contrast, we focus on knowledge
obtained by the pre-training objective itself.

3 Method

The purpose of our evaluation is to answer the
question: does BERT systematically infer common-
sense knowledge from premises present in the pre-
training corpora?

We focus on one specific type of common-
sense knowledge that BERT is known to encode,
namely entity properties annotated in CONCEPT-

Type Example

Super-statement A boat has a . → hull
Sub-statement A canoe has a . → hull
Class Relation A canoe is a . → boat

Table 1: An example of the three knowledge types as
masked-token prediction.

NET (Speer et al., 2017). This knowledge can be
represented abstractly as (subject, relation,
object) triples. We verify BERT’s encoding of
knowledge by the ability to predict the object
conditioned on a verbalization of the knowledge
containing only the subject and relation;
e.g., for (robin, capable-of, fly), we eval-
uate the ability to predict “fly” appearing in the
context “robins can .”

Such knowledge may be supported by simple
co-occurrence patterns (such as “robins” and “fly”
having high co-occurrence), but we are interested
in the extent to which knowledge might also be
supported by induced, systematic inference. We
focus on the inference of downward monotonicity
(A is-a B ∧ B has-property C ⊨ A has-property C).
We refer to the hypernym property (B has-property
C) as the super-statement, the hyponym property
(A has-property C) as the sub-statement, and the
hypernymy relation (A is-a B) simply as the class
relation (Table 1).

We can then evaluate, for example, whether
“robins can fly” is influenced by the inference
“robins are birds” ∧ “birds can fly” ⊨ “robins can
fly.” For this evaluation, we inject a supporting
premise into a pre-training minibatch (i.e., we re-
place one of the sentences in the minibatch with
the premise) and then evaluate BERT’s knowledge
of the supported inference after a gradient update
on the minibatch containing the premise.

We run this evaluation at intervals throughout
the entire pre-training procedure, from random ini-
tialization to a fully pre-trained BERT model. If
pre-training induces the ability to systematically
make the downward monotonicity inference, one
would expect that generalization from premise to
inference will improve as pre-training progresses.

3.1 Metrics
Let θi be the parameterization of BERT at pre-
training iteration i, and let w = {x, y, z} be a set
of knowledge triples where x is a super-statement,
y is the corresponding sub-statement, and z is the
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Figure 1: The prior log-probability of each knowledge type estimated by BERT across pre-training iterations.

corresponding class relation.
Take u to be any logical premise (i.e., u ∈
{x, y, z}). Let θui be θi after one gradient update
on a minibatch containing u. For a hypothesis
h ∈ {x, y, z}, we consider:

(1) Prior log-probability: log p(h|θi)
(2) Posterior log-probability: log p(h|θui )
(3) PMI: log p(h|θui )− log p(h|θi)

Intuitively, (1) describes the model’s prior knowl-
edge of h at step i, and (3) describes how a pre-
training update on u affects the knowledge of h. We
also consider standard information retrieval metrics
such as mean reciprocal rank (MRR).

4 Experiments

4.1 Inference Dataset

We evaluate on the Leap-of-Thought dataset pre-
sented by Talmor et al. (2020b). This is a dataset
of 30K true or false downward-monotonic infer-
ences which are verbalized using manually written
templates. The hypernymy relations are derived
from WordNet (Miller, 1995), while the properties
are derived from both WordNet and CONCEPTNET

(Speer et al., 2017).
We reformulate this supervised, classification

dataset as a zero-shot, cloze-style task. First, we fil-
ter the dataset by removing partial examples where
one type of knowledge is withheld. Then, we fil-
ter out the randomly-generated, negated examples,
and those where the object is longer than one word-
piece.1 The filtered dataset consists of 711 exam-
ples. Each example is converted into a cloze task
by masking the object.

1Evaluating only objects that are a single word-piece fol-
lows the procedure of the LAMA evaluation (Petroni et al.,
2019) and allows us to evaluate BERT in a zero-shot setting.

To evaluate relative performance, we also gen-
erate a control entity (CE) for each example by
randomly sampling a WordNet sibling of the super-
statement hypernym as a pseudo-negative (e.g., “A
robin is a .” → “fish”). For the super and sub-
statements, we take the predicate of the CE under
the same relation to be a control (e.g., “Robins can

.” → “swim”).

4.2 Model

We consider the training dynamics of a BERT-
base model from random initialization to fully pre-
trained, replicating details of the original BERT
implementation (Devlin et al., 2019).

Specifically, we pre-train the model for 1 mil-
lion steps on a concatenation of English Wikipedia
and the Toronto Book Corpus (Zhu et al., 2015)
as released by Huggingface datasets (Lhoest et al.,
2021). Training details are given in Appendix A
and differ from the original BERT release only in
that: 1) we use whole-word masking; 2) we use
sentence-order prediction instead of next-sentence
prediction as the auxiliary loss (Lan et al., 2020);
and, 3) pre-training sentences are extracted using
the NLTK Punkt tokenizer (Loper and Bird, 2002)
instead of taking random spans of text.

Every 50K pre-training steps, we save a check-
point of the model’s weights and optimizer state. At
each checkpoint, we perform the pre-training inter-
vention experiment: we inject 20 random premises
into a minibatch and perform one gradient update
on this minibatch using the saved optimizer and a
constant learning rate of 1e-4 (to control for the
effects of the learning rate scheduler). We then
evaluate the change in likelihood of h. We per-
form this evaluation 200 times at each checkpoint
so that each of the 711 Leap-of-Thought examples
has been evaluated in five separate minibatches.
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Figure 2: BERT’s generalization from premise to hypothesis across pre-training iterations. Each sub-figure, labelled
as P → H , considers how pre-training on sentences of knowledge type P changes BERT’s encoding of supported
knowledge of type H . For example, how does a pre-training update on the class relation “robins are ”→ “birds”
affect knowledge of the sub-statement “robins can ”→ “fly”?

5 Results

5.1 Model Validation

We first run Talmor et al. (2020b)’s original fine-
tuning evaluation on our final BERT checkpoint in
order to validate the pre-training procedure. The fi-
nal implicit reasoning accuracy of our BERT model
is 0.89, slightly higher than Talmor et al. (2020b)
report for RoBERTa-large. Additional details are
presented in Appendix B.

5.2 Pre-training Interventions

Prior prob. Figure 1 shows the prior log-
probability of each knowledge type across pre-
training. In general, the difference between the
correct and control predicates increases during pre-
training, suggesting that the knowledge is acquired
by BERT. The trend is non-monotonic, however,
and interestingly the prior-probability of the cor-
rect predicate peaks early in training for all three
knowledge types.

Interventions. We evaluate all combinations of
knowledge types for premise u and hypothesis
h. Some of these inferences are logically sound
(e.g., deducing the sub-statement from the super-
statement) while others are not (e.g., inducing the

super-statement from the sub-statement). We are
interested to see when BERT generalizes from u
to h as we expect the semantics of the premise to
always support the plausibility of the hypothesis
relative to the random control.

In Figure 2, we consider PMI for evaluating
generalization. When BERT is updated on a pre-
training minibatch containing a super-statement,
this unsurprisingly increases the probability of the
super-statement predicates (Figure 2b) and, as one
would expect, there is a similar trend for the class
relation (Figure 2f). The control predicates also
increase in probability in these cases, but to a lesser
extent than the correct predicates.

Less intuitively, however, the PMI of the cor-
rect sub-statement predicate is the same as for the
control predicate during the final iterations of pre-
training (Figure 2a). What’s more, the PMI of the
class-relation control predicate is higher than the
correct predicate during the entire second half of
pre-training (Figure 2c). We also see that the con-
trol predicate has a higher PMI than the correct
predicate when training on the class relation and
evaluating on another knowledge type (Figures 2d
and 2e).

If knowledge was acquired by induced down-
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Figure 3: The difference in MRR of predicates before
and after updating BERT at each pre-training check-
point. In this case, we consider MRR of correct and
control sub-statement predicates after updating on the
corresponding super-statements.

ward monotonicity over semantics, we would ex-
pect generalization from class relation to sub-
statement to improve over time. The opposite trend
suggests knowledge is not being acquired from this
semantic inference.

The higher PMI of the control predicate could be
in part explained by their lower initial probability,
so we also consider changes in MRR (Figure 3). In
considering MRR, the difference between predict-
ing the correct and control predicate seems indis-
cernible across pre-training checkpoints.

6 Conclusion

We show that the ability of BERT to acquire com-
monsense knowledge from premises and learned
inferences does not improve across pre-training,
suggesting that the studied knowledge is not ac-
quired from induced semantic inferences.

These results suggest that an explicit reasoning
mechanism may be necessary to acquire certain
commonsense knowledge.

6.1 Limitations and Future Work

In this work, we only consider one inference type
(downward monotonicity) where knowledge is eval-
uated in one particular way (predicting the pred-
icate) and interventions consist of a single pre-
training update. Future work could explore the
affects of these experimental design decisions by
expanding evaluations to diverse datasets of com-
monsense inferences and by pre-training for addi-
tional steps.
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A BERT Hyperparameters

We train the BERT-base architecture (12 layers,
12 attention heads, hidden size of 768) following
the original pre-training hyperparameters: a batch
size of 256, sequence length of 128, and train for
1 million steps. We use the Adam optimizer and
linearly warmup the learning rate to 1e-4 over the
first 10,000 steps of pre-training, and then linearly
decay the learning rate.

Our code builds on the Huggingface Transform-
ers (Wolf et al., 2020) and MegatronLM (Shoeybi
et al., 2019) implementations of BERT. The pre-
training corpus is uncased and pre-processed using
the MegatronLM pre-processing. Training takes
four days on eight V100 GPUs.

Our conclusions are based on the training dy-
namics of BERT-base, and future work might in-
vestigate if scaling model size allows for more sys-
tematic inferences.

B Leap-of-Thought Fine-tuning Results

The original Leap-of-Thought evaluation consists
of fine-tuning BERT to classify if a sub-statement
is true given supporting premises. In the explicit
reasoning evaluation, all supporting premises are
given at test time (e.g., the model must determine if
“robins can fly” is true given the context “robins are
birds and birds can fly.”). In the implicit reasoning
evaluation, the class relation is withheld (e.g., the
model must determine if “robins can fly” given only
the context that “birds can fly.” This inference relies
on the implicit knowledge that robins are birds).
We fine-tune for four epochs following Talmor et
al. and otherwise use default hyperparameters.

Our main purpose in running this evaluation is
to validate our pre-training procedure; however, we
also evaluate all intermediate BERT checkpoints in
order to understand how the performance changes
across pre-training. Interestingly, we find perfor-
mance increases log-linearly with pre-training itera-
tions in the implicit reasoning test, but performance
of the explicit reasoning evaluation peaks at just
15% of pre-training (Figure 4). Numerical results
are presented in Table 2.
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Figure 4: Accuracy on Talmor et al. (2020b)’s original
Leap-of-Thought evaluation across pre-training itera-
tions (from 50K to 1M).

Iteration Implicit Explicit

0 0.507 0.493
5000 0.507 0.493
10000 0.490 0.490
15000 0.571 0.621
20000 0.625 0.636
30000 0.710 0.763
40000 0.798 0.900
50000 0.814 0.965

100000 0.838 0.971
150000 0.860 0.992
200000 0.843 0.953
250000 0.855 0.973
300000 0.870 0.958
350000 0.863 0.978
400000 0.850 0.931
450000 0.867 0.937
500000 0.859 0.933
550000 0.874 0.951
600000 0.867 0.943
650000 0.880 0.931
700000 0.877 0.937
750000 0.874 0.929
800000 0.872 0.949
850000 0.877 0.979
900000 0.875 0.967
950000 0.894 0.945

Table 2: Fine-tuning accuracy on the original
Leap-of-Thought evaluation across pre-training check-
points.
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Abstract

We use paraphrases as a unique source of data
to analyze contextualized embeddings, with
a particular focus on BERT. Because para-
phrases naturally encode consistent word and
phrase semantics, they provide a unique lens
for investigating properties of embeddings.
Using the Paraphrase Database’s alignments,
we study words within paraphrases as well
as phrase representations. We find that con-
textual embeddings effectively handle polyse-
mous words, but give synonyms surprisingly
different representations in many cases. We
confirm previous findings that BERT is sensi-
tive to word order, but find slightly different
patterns than prior work in terms of the level
of contextualization across BERT’s layers.

1 Introduction

Contextualized embedding algorithms, such as
BERT (Devlin et al., 2019), have achieved impres-
sive performance on a wide variety of tasks (Huang
et al., 2019; Chan and Fan, 2019; Yoosuf and Yang,
2019). One application of BERT is using it as a
measure of sentence similarity (Zhang* et al., 2020;
Sellam et al., 2020), based on the assumption that
BERT will produce similar representations for the
words in two sentences with similar semantics.

We propose to use paraphrases with alignments
between words as a tool for studying how BERT
represents words and phrases. Figure 1 shows an
example. Critically, when considering an aligned
word pair, we can assume the context has a similar
impact on both words because we know the phrases
are semantically similar. Previously, paraphrases
have been used to probe whether compositionality
is accurately captured by BERT (Yu and Ettinger,
2020), but we believe they can be used to explore
many other questions.

Using the second version of the Paraphrase

Figure 1: Example paraphrase from the PPDB with
word alignment and word cosine similarities using the
last layer of BERT.

Database (PPDB, Pavlick et al., 2015), we ex-
plore how consistent contextual representations
are when controlling for the semantics of the con-
text. First, we use the human-annotated portion
of the PPDB data to confirm that BERT consis-
tently represents paraphrases. Next, we use the
highest-quality (but not all human-annotated) sec-
tion of the PPDB to probe BERT’s behavior in
more detail. Looking at words, BERT effectively
handles variations in spelling, but does less well
with spelling errors. BERT also effectively han-
dles words of varying levels of polysemy, but the
representations for synonyms are surprisingly di-
verse, with a much broader distribution of similarity
scores. These findings confirm results from prior
work using other methods, while uncovering new
insights about contextual embedding models.

We also consider a range of other models’ word
representations, finding that they have similar pat-
terns to BERT, but with aligned words that are the
same receiving even more consistent representa-
tions than from BERT. BERT gives less contextu-
alized representations to paraphrased words than
non-paraphrased words, with the exception of punc-
tuation. Finally, we re-evaluate work looking at
patterns across BERT’s layers and find that when
controlling for semantics, the later layers actually
produce more similar representations (in contrast
to previous work).

These results show that paraphrases are a useful
tool for studying representations. By controlling
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for meaning while presenting interesting surface
variations, they provide a unique probe of behavior.

2 Background

2.1 BERTology
There has been a growing body of research study-
ing the inner workings of BERT and trying to quan-
tify what it learns in various scenarios, dubbed
“BERTology” (Rogers et al., 2020). Of particular
interest to this paper is work that analyzes BERT’s
output embeddings. Recent studies have found
that embeddings created from the final layer of
BERT tend to cluster according to word senses
(Wiedemann et al., 2019), though this varies some-
what based on the position of a word in a sentence
(Mickus et al., 2020). The final BERT layers also
produce more contextualized word embeddings
than the earlier layers (Ethayarajh, 2019), a finding
we revisit using paraphrases in Section 3.3.

2.2 The Paraphrase Database
To analyze BERT, we take advantage of the unique
properties of paraphrases. We use the Paraphrase
Database (PPDB, Ganitkevitch et al., 2013; Pavlick
et al., 2015), a database of paraphrases collected
using bilingual pivoting, the process of taking a
particular English phrase, looking at all the foreign
language phrases it can be translated into, finding
all occurrences of these foreign language phrases,
and then translating them back into English (Ban-
nard and Callison-Burch, 2005). PPDB 2.0 con-
tains 100m+ English paraphrases, each with word
alignment information, an automatically generated
quality rating, and, for a subset, a human quality
rating.1 Word alignments are the by-product of
the bilingual pivoting method used to collect the
paraphrases. When using alignments, we only con-
sider phrases from the highest quality section of the
PPDB, which are most likely to have accurate align-
ments. Example paraphrases with their average
human annotations and automatically generated
scores are shown in Table 1. In general, the phrases
in this dataset are short. The longest phrases have
six tokens, and the majority have fewer than six.

Human quality ratings are included for 26,455
paraphrase pairs, with five annotations per para-
phrase. Agreement is measured using Spearman’s
ρ (Spearman, 1910); the average ρ between two
workers is 0.57, and the average ρ between each
worker with the other four annotators is 0.65.

1http://paraphrase.org.

Phrases Human PPDB
Score Score

are you talking 1.0 2.7
do n’t they

what ’s this all about ? 4.2 3.9
what ’s she saying ?

where did they come from ? 4.8 4.4
where are they from ?

Table 1: Example tokenized paraphrases from the
PPDB, with their average human annotations and au-
tomatic PPDB scores.

The automatic quality ratings (PPDB score) are
generated by using the human annotations to fit a
supervised ridge regression model. The input to
the model consists of 209 hand-crafted paraphrase
features, including WordNet features (Fellbaum,
1998), distributional similarity features, and cosine
similarities of generated Multiview Latent Seman-
tic Analysis embeddings (Rastogi et al., 2015). The
PPDB score achieves a Spearman’s ρ of 0.71. In
comparison, Pavlick et al. (2015) report that using
the word2vec embedding of the rarest word in each
paraphrase obtains Spearman’s ρ of 0.46.

3 Experiments

In our experiments, we want to use the PPDB to
examine BERT’s ability to consistently represent
paraphrase semantics.2 In order to do this, we con-
sider both phrase-level and word-level embeddings.
Except where explicitly indicated otherwise, all ex-
periments are run using the uncased base model of
BERT, using a maximum sequence length of 128
and a batch size of 8. We use the pretrained models
provided by the Transformers library.3

There is a slight mismatch between the PPDB’s
tokenization and the format of the BERT training
data. The mismatch primarily occurs with contrac-
tions and apostrophes (e.g., BERT expects “don’t”,
while the PPDB is tokenized “do n’t”). This does
not substantially affect the results; less than 8%
of the human-annotated paraphrase pairs contain
apostrophes. When words are broken into multi-
ple pieces by the wordpiece tokenizer, we use the

2Note, paraphrases do not always have identical mean-
ing. We focus on particularly similar pairs for our analysis to
support our assumption that their meaning matches.

3https://huggingface.co/docs/
transformers/index

4559

http://paraphrase.org
https://huggingface.co/docs/transformers/index
https://huggingface.co/docs/transformers/index


average of the pieces as the word representation.

3.1 Phrase-Level Embeddings

First, we consider phrase-level embeddings that
capture aggregate information about all of the
words in a given phrase. These embeddings show
us that BERT is able to distinguish between two
paraphrases, and two unrelated phrases.

We use 25,736 phrase pairs with human anno-
tations in the PPDB.4 Each human annotation is
between 1 and 5, reflecting the similarity of the
two phrases. We run each phrase through the pre-
trained BERT model. For each pair of phrases, we
average together the embeddings for each word to
get a phrase embedding. We create phrase embed-
dings using averaging because previous research
has shown that this method is effective. For exam-
ple, Reimers and Gurevych (2019) created sentence
embeddings using three methods: (1) averaging
word embeddings, (2) taking the maximum of word
embeddings, and (3) using the CLS token vector.
They found that averaging created the best sentence
embeddings for semantic textual similarity tasks.

After creating phrase embeddings, we take the
cosine similarity between the two embeddings. We
compare with ground truth annotations using Spear-
man’s ρ. We do this for each of the twelve BERT
layers, and the concatenation of all layers. We use
cosine similarity to compare embeddings because
this metric is commonly used when working with
BERT (e.g., Mahmoud and Torki (2020); Garí Soler
and Apidianaki (2020); Kovaleva et al. (2019)).

We compare BERT to a more traditional em-
bedding method, the continuous bag-of-words ap-
proach in word2vec (w2v) (Mikolov et al., 2013).
We train w2v on an English Wikipedia corpus of
5,269,686 sentences,5 using dimension size 200,
a window size of five, and a minimum count of
five. We choose to train w2v on Wikipedia data, in
order to replicate the correlations in Pavlick et al.
(2015). We train five w2v models, using five dif-
ferent random seeds.6 For each pair of phrases, we
average together the embeddings for each word to
get a phrase embedding, and then take the cosine

4This is 3% smaller than the entire human-annotated sub-
set. We were unable to map some of the human-annotated
data to the data with PPDB scores (even with help from the
authors of the PPDB paper). This may be why our scores for
w2v are lower than those reported by Pavlick et al. (2015).

5This data was used in Tsvetkov et al. (2016) and is avail-
able by contacting the authors of that paper.

62518, 2548, 2590, 29, 401

similarity between the two phrase embeddings.7

We report the average and standard deviation of
Spearman’s ρ over the five models.

Comparing Sentences and Phrases One differ-
ence between our work and the way BERT is nor-
mally used is that we have phrases rather than sen-
tences. To check that this does not substantially
change BERT’s behavior, we compare the embed-
dings for phrases in a sentence and the phrases on
their own. We take 9,780 paraphrases from the
PPDB. We choose paraphrases where one of the
phrases has at least six tokens, the paraphrase has a
relatively good PPDB score and no syntactic place-
holders. This is described further in Section 3.2.
For each phrase, we find up to 100 sentences (on
average, 80.5 sentences) in Gigaword (Parker et al.,
2011; Rush et al., 2015)8 and OpenSubtitles (Tiede-
mann, 2012)9 that contain that phrase. For each
sentence, we run it through BERT and average to-
gether the word embeddings for words in the phrase
to create a phrase embedding. The phrase embed-
dings are very similar across different sentences
(average cosine similarity of 0.82± 0.07).

Now we can compare (1) the average of phrase
embeddings derived from sentences, with (2) em-
beddings for phrases in isolation, to see if BERT
will be confused by not having a complete sentence.
For each phrase, we take the cosine similarity be-
tween the phrase embeddings created using these
two methods. The phrase embeddings are fairly
similar (average similarity of 0.74 ± 0.12). This
gives us confidence that BERT produces embed-
dings for phrases on their own that are very similar
to phrases in the context of a sentence. For the rest
of our experiments, we run phrases individually
through BERT, rather than in the context of com-
plete sentences, which allows us to focus on the
semantics of the phrase itself.

Results on the PPDB. Table 3 shows results for
BERT, w2v, and the PPDB model, broken down
by the average length of each paraphrase. For all
layers, BERT improves on longer paraphrases. This
is intuitive, because the longer the phrase, the more
it will be able to leverage contextual information.
The last layer of BERT behaves slightly differently
than the other layers. While it continues to perform

7For both BERT and w2v, we additionally tried using the
embedding of only the rarest word (with frequency measured
using the full PPDB), as reported in Pavlick et al. (Pavlick
et al., 2015), but this gave us consistently lower correlations.

8https://huggingface.co/datasets/gigaword.
9https://opus.nlpl.eu/OpenSubtitles.php.
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Category Phrases BERT-sim

High Sim the transport and illegal detention of the transportation and illegal detention of 0.99
representative of the secretary-general on special representative of the secretary-general on 0.98

Low Sim the ohchr the high commissioner for human rights 0.32
so , why - does your shoulder bother you 0.42

Idiom are mad . ’re out of your mind . 0.67
is everything all right , sir are you okay 0.79

Table 2: Examples of common phenomena observed in paraphrases with particularly high similarity, low similarity,
and idiomatic expressions.

Average Length All
Method 1-2.5 2.5-4 4-6

BERT 0.2 0.4 0.51 0.31
w2v Average 0.35 0.32 0.41 0.43
PPDB model 0.41 0.50 0.51 0.50

Num. phrases 17, 517 5, 349 2, 870 25, 736
Avg. human 2.40 2.94 3.26 2.60

Table 3: Spearman’s ρ between human-annotated
PPDB paraphrases and different embedding methods
(BERT and w2v), broken down by average paraphrase
length (the average number of words in each of the two
phrases in the paraphrase). Annotations are a score
between 1 and 5. At the bottom of the table, we in-
clude the length distribution of the human-annotated
paraphrases, as well as the average human annotation
for each set of grouped lengths. For all length group-
ings, the w2v std. dev. is 0.0. For paraphrases length
1-2.5, the avg. human std. dev. is 1.0; for all other
groupings, the std. dev. is 1.1.

better on longer paraphrases, it does substantially
worse on short paraphrases and slightly worse on
medium paraphrases.

Similarly, w2v also improves on longer para-
phrases. By taking the average of all the word
embeddings for each word in the phrase, w2v has
more information to incorporate into its phrase em-
beddings for longer paraphrases. Though w2v im-
proves as the paraphrases grow longer, it underper-
forms BERT for all but the shortest paraphrases.
We also see that the automatic PPDB score does
better on longer paraphrases. This could be because
it incorporates distributional information, which is
richer when there are more words. Finally, the
human annotation scores show that longer para-
phrases are more similar.

From Table 3, we see that the final layer of BERT
outperforms w2v and performs comparably to the
PPDB score on the longest paraphrases. This is
not a completely fair comparison; the PPDB model
is trained specifically on this data, and has access

to outside information that BERT does not, such
as WordNet features and additional features de-
rived from the translation process used to create
the PPDB. These results give us confidence that
BERT can distinguish between phrases that are
paraphrases of each other and phrases that are not.

Looking at BERT’s output, we can see several
patterns in the paraphrases that receive high and
low similarities. Table 2 shows examples of these
patterns. For phrases with high similarity according
to BERT, a single word changes or a single word
is added. On the surface, these changes have very
little impact on the meaning, though the addition of
the word ‘special’ in the second case could change
who is being referred to. For phrases with low sim-
ilarity according to BERT, they frequently required
world knowledge (e.g., definition of an acronym)
or appeared to be errors. We also observed idioms
getting reasonably high scores, but not as high as
the literal paraphrases.

Conclusion: The standard way of using BERT
to produce a representation of a phrase is consis-
tent with human scores of paraphrases. All layers
are effective, though the last layer struggles with
shorter phrases.

3.1.1 One-Word Paraphrases
In Section 3.1, we saw that BERT does not do as
well on short phrases as it does on longer ones.
We explore the extreme case of single word para-
phrases here. Among the subset of one-word para-
phrases, there is a wide range of human annotations
(average annotation 2.27± 0.99). To explore this
further, we focus on one-word paraphrases with
a human annotation of 5, the highest annotation
score, indicating that these are the strongest syn-
onyms. Among these high-quality synonyms, co-
sine similarities are consistently high for the last
layer of BERT (average similarity 0.76± 0.12).

Table 4 shows synonyms with both the high-
est and lowest BERT similarities. Misspelled
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Phrase 1 Phrase 2 Cos. Sim.

laboratoires laboratories 0.51
completly totally 0.51
fervor enthusiasm 0.52
79.0 seventy-nine 0.53
approximatly around 0.54

-mom -mother 0.91
1.350 1.35 0.92
characterises characterizes 0.92
km kilometres 0.92
garbage trash 0.96

Table 4: Cosine similarity scores for the last layer of
BERT for one-word paraphrases with the highest hu-
man annotation score.

words (e.g., completly, approximatly) and
pairs that involve different languages (e.g., French
laboratoires) have low cosine similarities.
Numbers appear on both the low end (e.g., 79.0
and seventy-nine) and the high end (e.g.,
1.350 and 1.35) of the similarity spectrum. One
difference between the similar and dissimilar num-
ber pairs is that in the similar case they both use
digits, while in the dissimilar case, one uses digits
while the other uses words.

Conclusion: Looking at single words shows that
BERT struggles to identify synonyms, and does
particularly poorly with misspellings and cross-
lingual comparisons.

3.2 Word-Level Embeddings
PPDB provides alignments between words in the
paraphrases, automatically generated as part of
bilingual pivoting. We use these alignments to
consider four different sets of words:

Same, Aligned Words that are the same in both
phrases and aligned.

Same, Unaligned Words that are the same in both
phrases, but not aligned. These tend to be
function words. 90% of our examples are
one of (the, of, ", to, i, in, that, as, what).
This category may have more examples of
other word types if longer paraphrases are
considered in future work.

Different, Aligned Words that are aligned, but not
the same. This case covers synonyms.

Different, Unaligned Words that are not aligned
and not the same (but still one from each
phrase in a paraphrase pair). Note, these
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Figure 2: Spearman’s ρ between BERT cosine similar-
ities and PPDB scores for all aligned same words, bro-
ken down by BERT layer.

words are not completely unrelated. They are
from the same paraphrase, making them more
related than words from two random phrases.

In this section, we go beyond the human-
annotated data considered in the previous section.
We restrict our experiments to the highest qual-
ity paraphrases in the PPDB: dataset S. We also
only consider long paraphrases (where one of the
phrases has at least six tokens), and paraphrases
that have no syntactic placeholders (a subset of the
PPDB contains general syntactic symbols, such as
wishes to be [VP/NP]). From this set, we
randomly sample 4,000 paraphrases. Our sample
yields 22,751 aligned same words, 25,973 aligned
different words, 2,782 unaligned same words, and
163,474 unaligned different words. We randomly
sample 2,500 words from each category. For the
aligned words, we only use cases where there is a
1-1 alignment.

To generate word-level embeddings, we run each
phrase through a set of transformer models and for
each pair of words, we take the cosine similarity
between the embeddings of the two words.

3.2.1 Results
Figure 3 shows the distributions of similarity scores
for all four sets of words for several models. Same,
aligned words consistently have the highest sim-
ilarity. The other categories tend to overlap. Be-
cause we are using paraphrases, we would hope
that aligned different words would have higher sim-
ilarity, but that is not consistently the case.

Comparing the models, there are some notable
variations. Between BERT base and BERT large,
the biggest shift is that unaligned words that are the
same have much lower similarity in BERT large,
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Figure 3: Distributions of cosine similarities for several
models for same and different aligned and unaligned
words (best seen in color). Cosine similarity is binned
into bins of width 0.05. Note that the bottom two
graphs use a log scale because the peak at 1.0 makes
it hard to see variations otherwise.

though there is also a new peak for aligned words
around 0.2. Comparing the two BERT models with
BART and GPT-2, there is a much sharper peak for

BART and GPT-2 for same aligned words, which
is consistent with prior work (Ethayarajh, 2019).

BART is the only model to have a substantial
number of negatively correlated word pairs. Many
of these involve function words or punctuation. For
the unaligned cases, negative cosine similarity is
fine because the words should not have the same
meaning. For the 26 cases of aligned pairs, it
is unclear why the representations are so differ-
ent. For example, the plays the same role in
( , the commission considered and ,
the commission had before it. Simi-
larly, aim and view should be very similar in aim
of improving the and with a view to
improving the.

Qualitatively looking at examples, we notice
that when a token appears in a different position
in the paraphrase, the similarity tends to be on
the lower end of the distribution (e.g., action
in the phrases plans of action for the
implementation and action plan for
the implementation has a similarity of
0.28). To explore this, we consider 2,181 aligned
same words. We measured the cosine similarity of
the last layer of BERT broken down by the variation
in position (plotted in Figure 7 in the Appendices).
Spearman’s ρ = −0.29 (p-value < 10e−42), indi-
cating that similarity decreases for larger changes
in position. This supports observations in prior
work (Mickus et al., 2020), but now with the knowl-
edge that the overall context has the same meaning.
This is not intuitive behavior; because these words
are aligned in a paraphrase, we would expect that
the position of the word would not substantially
affect its representation. This may indicate that
the representations are encoding some information
about syntactic structure, which can vary without
changing semantics.

Conclusions: (1) Contextual word embedding
methods consistently handle aligned words in para-
phrases, but with substantial variations across mod-
els in how peaked the distributions of same-aligned
words are. (2) Even when controlling for the mean-
ing of the context, BERT represents words differ-
ently depending on their position.

3.2.2 Punctuation
Punctuation is a core part of language that func-
tions quite unlike words; punctuation groups words
together or separates them, and contributes to the
overall structure and meaning of a phrase or sen-
tence. Punctuation plays an important role in dis-
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Figure 4: Distribution of cosine similarities using the
last layer of BERT for aligned same words, broken
down by punctuation mark.

tinguishing between different types of text, such
as texts by different authors (Soler-Company and
Wanner, 2017) or texts produced by different Twit-
ter communities (Tatman and Paullada, 2017). Em-
beddings are used to generate punctuation for text
that is lacking punctuation, such as recorded tran-
scripts (Yi and Tao, 2019). To explore how BERT
handles punctuation, we consider the cosine simi-
larity distribution for different sets of punctuation
tokens for the last layer of BERT. We find that
punctuation has a broader distribution of cosine
similarities than other tokens, indicating that punc-
tuation embeddings vary widely dependent on the
surrounding context.

Phrases Cos. Sim.
(Last Layer)

it is important , however , 0.08
however , it should be

okay , i ’m sorry 0.84
oh , i am so sorry

well , it ’s true . 0.19
this is true .

, that ’s all right . 0.15
, this is good .

where have you come from ? 0.94
where are you from ?

news - politics - world - 0.71
news - international politics -

Table 5: Examples of aligned punctuation marks with
varying cosine similarities. The aligned tokens are un-
derlined.

In Figure 4, we break these trends down by indi-
vidual punctuation marks, focusing only on aligned
same words. We look at the most common punc-
tuation marks. Of these punctuation marks, the
comma and period show the widest distributions.
Even when they play the same role in the para-
phrase, they can be given very different embed-
dings, indicating how highly contextualized these
punctuation marks are. The question mark and
dash are less contextualized; this is most likely be-
cause these punctuation marks are used in more
prescribed circumstances. In this dataset, in all but
one example, the question mark is the last token;
the dash is the first token in all but two examples.

Table 5 shows examples in context of each of
these punctuation marks. Looking at the low simi-
larity cases, one common pattern is that the phrase
contains a contraction that is expanded in one
phrase (e.g., “it is” and “it’s”).

Conclusion: BERT’s representation of punctua-
tion is surprisingly context sensitive, with substan-
tial variation even when we control for meaning.

3.2.3 Polysemy
Previous work has shown that BERT embeddings
form clusters based on word senses (Wiedemann
et al., 2019). In the context of aligned words in a
paraphrase, we would expect even a highly polyse-
mous word to have similar embeddings in the two
phrases.
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Figure 5: Distributions of cosine similarity for aligned
(left) and unaligned (right) same words from the last
layer of BERT grouped by the number of senses each
word has.

To measure polysemy, we consider the number
of WordNet synsets of a word, focusing on same
aligned and same unaligned words. In order to have
enough data to make a good comparison, we use
the 4,000 sampled paraphrases from Section 3.2,
as well as an additional random sample of long
paraphrases with at least one unaligned same word.
We then downsample the aligned same words to
get 1,597 instances of both unaligned and aligned
same words that are present in WordNet, with up
to 52 synsets.10

In Figure 5, we show the cosine similarity distri-

10We look up WordNet synsets using the Python NLTK
library (Bird et al., 2009).
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Figure 6: Cosine similarity for different groups of
words in the PPDB across all layers of BERT. Decreas-
ing cosine similarity indicates increasing contextualiza-
tion, and vice versa.

butions for both aligned and unaligned words with
different levels of polysemy across the last layer of
BERT. There is not a substantial difference between
words with different synsets, which supports our
conclusion that BERT successfully captures the se-
mantics of aligned same words in paraphrases. We
do see a difference between aligned and unaligned
words. Aligned words peak at a high cosine similar-
ity, while unaligned words roughly follow a normal
distribution centered around 0.5. Note that for un-
aligned words with two or three synsets, there is
not enough data to draw conclusions about the co-
sine similarity distributions. Overall, these plots
show that even highly polysemous aligned same
words have very similar embeddings in the context
of a paraphrase.

Conclusion: How polysemous a word is does not
substantially impact BERT’s ability to consistently
represent it.

3.3 Contextualization in BERT Layers

In this section, we consider how context-specific
the embeddings in a paraphrase are. Ethayarajh
(2019) showed that BERT word embeddings are
more context-specific in higher layers. They mea-
sure this using the self-similarity of words, defined
as the average cosine similarity between a word’s
contextualized representations across its unique
contexts, and show that self-similarity consistently
decreases with higher layers of BERT, indicating
that the contextualization of words is increasing.

We compare this observation to the paraphrase
setting that we have been exploring in this paper.
Because there are only two phrases in a paraphrase,
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we cannot implement the full self-similarity metric.
Instead, we measure the cosine similarity between
two words aligned in a paraphrase, shown in Fig-
ure 6. This revised metric measures is similar to
self-similarity.

We see two trends in Figure 6. The first, de-
creasing cosine similarity, is seen with same words,
whether aligned or unaligned, and is similar to
what Ethayarajh (2019) report with decreasing self-
similarity scores. This trend is stronger with un-
aligned words than with aligned words, indicating
the model is capturing the fact that while these
words have the same form, they are being used
differently. The second trend that we see is the
opposite, increasing cosine similarity, and we see
this trend with different words, both aligned and
unaligned. This indicates decreasing contextualiza-
tion.

Conclusion: As seen in prior work, the standard
way of using vectors from BERT’s layers does not
capture the same level of contextualization in all
layers. However, in contrast to prior work, when
controlling for semantics of the context, it seems
that later layers are capturing more of the context,
appropriately making words less similar when they
are being used in different ways.

4 Conclusion

Paraphrases with word alignments are a useful tool
for studying the behavior of contextual language
models. In this paper, we used them to study sev-
eral contextual models, with a particular focus on
BERT. Where possible, we compared our results
with prior work, finding patterns that are consis-
tent with the literature. Specifically, our results
confirm that BERT consistently represents para-
phrases, even for cases with polysemous words,
but that individual word representations are overly
sensitive to position, particularly for punctuation.
One exception is that we found that words in a
sentence are more similar to each other in later lay-
ers of BERT, in contrast to prior work that did not
control for meaning using paraphrases.

The analysis method we introduced opens up
new opportunities, such as the comparison of
aligned and unaligned, same and different words,
which shows the sensitivity of these models to the
specific word used. Paraphrases have the poten-
tial to inform exploration of other representation
methods, showing which way of using the output
of language models most accurately captures se-

mantics consistently. We hope our findings will
inform future work on contextualized models, and
the applications that rely on them.
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A Extra breakdowns of results

Table 6 presents an expanded version of Table 3,
with results for each layer of BERT. All layers
perform better with longer paraphrases, but the
improvement is largest for the last layer

Figure 7 shows the specific values for similar-
ity broken down by distance apart of words in the
phrases. This shows the pattern of decreasing simi-
larity as words are further away.

Average Length All
Method 1-2.5 2.5-4 4-6

BERT Layer 1 0.18 0.35 0.47 0.34
BERT Layer 2 0.18 0.35 0.49 0.33
BERT Layer 3 0.18 0.37 0.48 0.31
BERT Layer 4 0.18 0.38 0.48 0.3
BERT Layer 5 0.18 0.39 0.48 0.3
BERT Layer 6 0.19 0.39 0.49 0.29
BERT Layer 7 0.2 0.4 0.49 0.3
BERT Layer 8 0.21 0.4 0.5 0.28
BERT Layer 9 0.21 0.4 0.5 0.28
BERT Layer 10 0.22 0.38 0.48 0.29
BERT Layer 11 0.22 0.36 0.46 0.29
BERT Layer 12 0.1 0.35 0.51 0.16
BERT Concat. 0.2 0.4 0.51 0.31

w2v Average 0.35 0.32 0.41 0.43

PPDB model 0.41 0.50 0.51 0.50

Num. phrases 17, 517 5, 349 2, 870 25, 736
Avg. human 2.40 2.94 3.26 2.60

Table 6: This is a version of Table 3 with per-layer re-
sults. Spearman’s ρ between human-annotated PPDB
paraphrases and different embedding methods (BERT
and w2v), broken down by average paraphrase length
(the average number of words in each of the two
phrases in the paraphrase). At the bottom of the ta-
ble, we include the length distribution of the human-
annotated paraphrases, as well as the average human
annotation for each set of grouped lengths.
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Figure 7: Cosine similarity using the last layer of BERT
for aligned same words broken down by the number of
words apart the words are in the two phrases (shown in
bar plot and left y-axis). Error bars indicate confidence
intervals. The line graph and the right y-axis show how
many examples we have for each category.

4568



Proceedings of the 2022 Conference of the North American Chapter of the Association for Computational Linguistics:
Human Language Technologies, pages 4569 - 4586

July 10-15, 2022 ©2022 Association for Computational Linguistics

Measure and Improve Robustness in NLP Models: A Survey

Xuezhi Wang
Google Research

xuezhiw@google.com

Haohan Wang
Carnegie Mellon University
haohanw@cs.cmu.edu

Diyi Yang
Georgia Institute of Technology
dyang888@gatech.edu

Abstract

As NLP models achieved state-of-the-art per-
formances over benchmarks and gained wide
applications, it has been increasingly impor-
tant to ensure the safe deployment of these
models in the real world, e.g., making sure
the models are robust against unseen or chal-
lenging scenarios. Despite robustness being
an increasingly studied topic, it has been sepa-
rately explored in applications like vision and
NLP, with various definitions, evaluation and
mitigation strategies in multiple lines of re-
search. In this paper, we aim to provide a uni-
fying survey of how to define, measure and
improve robustness in NLP. We first connect
multiple definitions of robustness, then unify
various lines of work on identifying robust-
ness failures and evaluating models’ robust-
ness. Correspondingly, we present mitigation
strategies that are data-driven, model-driven,
and inductive-prior-based, with a more system-
atic view of how to effectively improve robust-
ness in NLP models. Finally, we conclude
by outlining open challenges and future direc-
tions to motivate further research in this area.

1 Introduction

NLP models, especially with the recent advances
of large pre-trained language models have achieved
great progress and gained wide applications in the
real world. Despite the performance gains, NLP
models are still fragile and brittle to out-of-domain
data (Hendrycks et al., 2020a; Wang et al., 2019d),
adversarial attacks (McCoy et al., 2019; Jia and
Liang, 2017; Jin et al., 2020), or small perturba-
tion to the input (Ebrahimi et al., 2018; Belinkov
and Bisk, 2018). Those failures could hinder the
safe deployment of these models in the real world,
and impact NLP models’ trustworthiness to users.
As a result, an increasing line of work has been
conducted to understand robustness issues in the
language technologies communities. Still, diverse
sets of research across multiple dimensions and

numerous levels of depth exist and are scattered
across various communities; for instance, using
a variety of definitions on a wide range of very
different NLP tasks. In this work, we provide a uni-
fying overview of what is robustness in NLP, how
to identify robustness failures and evaluate model’s
robustness, and systematic ways to improve robust-
ness, as well as a conceptual schema categorizing
ongoing research directions. We identify gaps be-
tween the to-date robustness work, the technical
opportunities, and discuss possible paths forward.

2 Definitions of Robustness in NLP

Robustness, despite its specific definitions in var-
ious lines of research, can typically be unified as
follows: denote the input as x, and its associated
gold label for the main task as y, assume a model
f is trained on (x, y) ∼ D and its prediction over
x as f(x); now given test data (x′, y′) ∼ D′ 6= D,
we can measure a model’s robustness by its perfor-
mance on D′, e.g., using the model’s robust accu-
racy (Tsipras et al., 2019; Yang et al., 2020), de-
fined as E(x′,y′)∼D′ [f(x′) = y′]. Existing literature
on robustness in NLP can be roughly categorized
by how D′ is constructed: by synthetically per-
turbing the input (Section 2.1), or D′ is naturally
occurring with a distribution shift (Section 2.2).

The above definition works for a range of NLP
tasks like text classification and sequence labeling
where y is defined over a fixed set of discrete la-
bels. For tasks like text generation, robustness is
less well defined and can manifest as positional
bias (Jung et al., 2019; Kryscinski et al., 2019), or
hallucination (Maynez et al., 2020; Parikh et al.,
2020; Zhou et al., 2021). One major challenge here
is a lack of robust metrics in evaluating the quality
of the generated text (Sellam et al., 2020; Zhang
et al., 2020b), i.e., we need a reliable metric to
determine the relationship between f(x′) and y′

when both are open-ended texts.
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2.1 Robustness against Adversarial Attacks

In one line of research, D′ is constructed by per-
turbations around input x to form x′ (x′ typically
being defined within some proximity of x). This
topic has been widely explored in computer vision
under the concept of adversarial robustness, which
measures models’ performances against carefully
crafted noises generated deliberately to deceive the
model to predict wrongly, pioneered by (Szegedy
et al., 2013; Goodfellow et al., 2015), and later
extended to NLP, such as (Ebrahimi et al., 2018;
Alzantot et al., 2018; Li et al., 2019; Feng et al.,
2018; Kuleshov et al., 2018; Jia et al., 2019; Zang
et al., 2020; Pruthi et al., 2019; Wang et al., 2019e;
Garg and Ramakrishnan, 2020; Tan et al., 2020a,b;
Schwinn et al., 2021; Li et al., 2021; Boucher et al.,
2022) and multilingual adversaries (Yang et al.,
2019; Tan and Joty, 2021). The generation of ad-
versarial examples primarily builds upon the ob-
servation that we can generate samples that are
meaningful to humans (e.g., by perturbing the sam-
ples with changes that are imperceptible to humans)
while altering the prediction of the models for this
sample. In this regard, human’s remarkable ability
in understanding a large set of synonyms (Li et al.,
2020) or interesting characteristics in ignoring the
exact order of letters (Wang et al., 2020b) are often
opportunities to create adversarial examples. A re-
lated line of work such as data-poisoning (Wallace
et al., 2021) and weight-poisoning (Kurita et al.,
2020) exposes NLP models’ vulnerability against
attacks during the training process. One can refer
to more comprehensive reviews and broader dis-
cussions on this topic in Zhang et al. (2020c) and
Morris et al. (2020b).
Assumptions around Label-preserving and
Semantic-preserving Most existing work in vi-
sion makes a relatively simplified assumption that
the gold label of x′ remains unchanged under a
bounded perturbation over x, i.e., y′ = y, and a
model’s robust behaviour should be f(x′) = y
(Szegedy et al., 2013; Goodfellow et al., 2015).
A similar line of work in NLP follows the same
label-preserving assumption with small text pertur-
bations like token and character swapping (Alzan-
tot et al., 2018; Jin et al., 2020; Ren et al., 2019;
Ebrahimi et al., 2018), paraphrasing (Iyyer et al.,
2018; Gan and Ng, 2019), semantically equiva-
lent adversarial rules (Ribeiro et al., 2018), and
adding distractors (Jia and Liang, 2017). How-
ever, this label-preserving assumption might not

always hold, e.g., Wang et al. (2021b) studied sev-
eral existing text perturbation techniques and found
that a significant portion of perturbed examples are
not label-preserving (despite their label-preserving
assumptions), or the resulting labels have a high
disagreement among human raters (i.e., can even
fool humans). Morris et al. (2020a) also call for
more attention to the validity of perturbed examples
for a more accurate robustness evaluation.

Another line of work aims to perturb the input x
to x′ in small but meaningful ways that explicitly
change the gold label, i.e., y′ 6= y, under which
case the robust behaviour of a model should be
f(x′) = y′ and f(x′) 6= y (Gardner et al., 2020;
Kaushik et al., 2019; Schlegel et al., 2021). We
believe these two lines of work are complementary
to each other, and both should be explored in fu-
ture research to measure models’ robustness more
comprehensively.

One alternative notion is whether the perturba-
tion from x to x′ is “semantic-preseving” (Alzan-
tot et al., 2018; Jin et al., 2020; Ren et al., 2019)
or “semantic-modifying” (Shi and Huang, 2020;
Jia and Liang, 2017). Note this is slightly dif-
ferent from the above label-preserving assump-
tions, as it is defined over the perturbations on
(x, x′) rather than making an assumption on (y, y′),
e.g., semantic-modifying perturbations can be ei-
ther label-preserving (Jia and Liang, 2017; Shi and
Huang, 2020) or label-changing (Gardner et al.,
2020; Kaushik et al., 2019).

2.2 Robustness under Distribution Shift

Another line of research focuses on (x′, y′) drawn
from a different distribution that is naturally-
occurring (Hendrycks et al., 2021), where robust-
ness can be defined around model’s performance
under distribution shift. Different from work on
domain adaptation (Patel et al., 2015; Wilson and
Cook, 2020) and transfer learning (Pan and Yang,
2010), existing definitions of robustness are closer
to the concept of domain generalization (Muan-
det et al., 2013; Gulrajani and Lopez-Paz, 2021), or
out-of-distribution generalization to unforeseen dis-
tribution shifts (Hendrycks et al., 2020a), where the
test data (either labeled or unlabeled) is assumed
not available during training, i.e., generalization
without adaptation. In the context of NLP, robust-
ness to natural distribution shifts can also mean
models’ performance should not degrade due to the
differences in grammar errors, dialects, speakers,
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languages (Craig and Washington, 2002; Blodgett
et al., 2016; Demszky et al., 2021), or newly col-
lected datasets for the same task but in different
domains (Miller et al., 2020). Another closely con-
nected line of research is fairness, which has been
studied in various NLP applications, see (Sun et al.,
2019) for a more in-depth survey in this area. For
example, gendered stereotypes or biases have been
observed in NLP tasks including co-reference reso-
lution (Zhao et al., 2018a; Rudinger et al., 2017),
occupation classification (De-Arteaga et al., 2019),
and neural machine translation (Prates et al., 2019;
Font and Costa-jussà, 2019).

2.3 Connections and A Common Theme

The above two categories of robustness can be uni-
fied under the same framework, i.e., whether D′
represents a synthetic distribution shift (via adver-
sarial attacks) or a natural distribution shift. Exist-
ing work has shown a model’s performance might
degrade substantially in both cases, but the trans-
ferability of the two categories is relatively under-
explored. In the vision domain, Taori et al. (2020)
investigate models’ robustness to natural distribu-
tion shift, and show that robustness to synthetic
distribution shift might offer little to no robustness
improvement under natural distribution shift. Some
studies show NLP models might not generalize to
unseen adversarial patterns (Huang et al., 2020;
Jha et al., 2020; Joshi and He, 2021), but more
work is needed to systematically bridge the gap be-
tween NLP models’ robustness under natural and
synthetic distribution shifts.

To better understand why models exhibit a lack
of robustness, some existing work attributed this to
the fact that models sometimes utilize spurious cor-
relations between input features and labels, rather
than the genuine ones, where spurious features are
commonly defined as features that do not causally
affect a task’s label (Srivastava et al., 2020; Wang
and Culotta, 2020b): they correlate with task labels
but fail to transfer to more challenging test con-
ditions or out-of-distribution data (Geirhos et al.,
2020). Some other work defined it as “prediction
rules that work for the majority examples but do
not hold in general” (Tu et al., 2020). Such spuri-
ous correlations are sometimes referred as dataset
bias (Clark et al., 2019; He et al., 2019), annota-
tion artifacts (Gururangan et al., 2018), or group
shift (Oren et al., 2019) in the literature. Further,
evidence showed that controlling model’s learning

in spurious features will improve model’s perfor-
mances in distribution shifts (Wang et al., 2019a,b);
also, discussions on the connections between adver-
sarial robustness and learning of spurious features
have been raised (Ilyas et al., 2019; Wang et al.,
2020a). Theoretical discussions connecting these
fields have also been offered by crediting a reason
of model’s lack of robustness in either distribution
shift or adversarial attack to model’s learning of
spurious features (Wang et al., 2021c).

Further, in certain applications, model “robust-
ness” can also be connected with models’ insta-
bility (Milani Fard et al., 2016), or models hav-
ing poorly-calibrated uncertainty estimation (Guo
et al., 2017), where Bayesian methods (Graves,
2011; Blundell et al., 2015), dropout-based (Gal
and Ghahramani, 2016; Kingma et al., 2015) and
ensemble-based approaches (Lakshminarayanan
et al., 2017) have been proposed to improve mod-
els’ uncertainty estimation. Recently, Ovadia et al.
(2019) have shown models’ uncertainty estimation
can degrade significantly under distributional shift,
and call for more work to ensure a model “knows
when it doesn’t know” by giving lower uncertainty
estimates over out-of-distribution data. This is an-
other example where models can be less robust
under distributional shifts, and again emphasizes
the need of building more unified benchmarks to
measure a model’s performance (e.g., robust accu-
racy, calibration, stability) under distribution shifts,
in addition to in-distribution accuracy.

3 Robustness in Vision vs. in NLP

Despite the widely study of robustness in vision,
the study of robustness in NLP cannot always di-
rectly borrow the ideas. We categorize the main
differences with the three following points:

Continuous vs. Discrete in Search Space The
most obvious characteristic is probably the discrete
nature of the space of text. This particularly posed
a challenge towards the adversarial attack and de-
fense regime when the study in vision is transferred
to NLP (Lei et al., 2019; Zhang et al., 2020c), in the
sense that simple gradient-based adversarial attacks
will not directly translate to meaningful attacks in
the discrete text space, and multiple novel attack
methods are proposed to fill the gap, as we will
discuss in later sections.

Perceptible to Human vs. Not On a related
topic, one of the most impressive property of ad-
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versarial attack in vision is that small perturbation
of the image data imperceptible to human are suffi-
cient to deceive the model (Szegedy et al., 2013),
while this can hardly be true for NLP attacks. In-
stead of being imperceptible, the adversarial at-
tacks in NLP typically are bounded by the fact that
the meaning of the sentences are not altered (de-
spite being perceptible). On the other hand, there
are ways to generate samples where the changes,
although being perceptible, are often ignored by
human brain due to some psychological prior on
how a human processes the text (Anastasopoulos
et al., 2019; Wang et al., 2020b).

Support vs. Density Difference of the Data Dis-
tributions Another difference is more likely seen
in the discussion of the domain adaptation of vision
and NLP study. In vision study, although the im-
ages from training distribution and test distribution
can be sufficiently different, the train and test distri-
butions mostly share the same support (the pixels
are always sampled from a 0-255 integer space),
although the density of these distributions can be
very different (e.g., photos vs. sketches). On the
other hand, domain adaptation of NLP sometimes
studies the regime where the supports of the data
differ, e.g., the vocabularies can be significantly
different in cross-lingual studies (Abad et al., 2020;
Zhang et al., 2020a).

A Common Theme Despite the disparities be-
tween vision and NLP, the common theme of push-
ing the model to generalize fromD toD′ preserves.
The practical difference between D and D′ is more
than often defined by the human’s understanding
of the data, and can differ in vision and NLP as
humans perceive and process images and texts in
subtly different ways, which creates both opportu-
nities for learning and barriers for direct transfer.
Certain lines of research try to bridge the learning
in the vision domain to the embedding space in the
NLP domain, while other lines of research create
more interpretable attacks in the discrete text space
(see Table 1 for these two lines of work). How
those two lines of research transfer to each other,
or complement each other, is not fully explored and
calls for additional research.

4 Identify Robustness Failures

As robustness gained increasing attention in NLP
literature, various lines of work have proposed
ways to identify robustness failures in NLP models.

Existing works can be roughly categorized by how
the failures are identified, among which a large
portion of work relies on human priors and error
analyses over existing NLP models (Section 4.1),
and other lines of work adopt model-based ap-
proaches (Section 4.2). The identified robustness
failure patterns are usually organized into challeng-
ing/adversarial benchmark datasets to more accu-
rately measure an NLP model’s robustness. In Ta-
ble 1, we organize commonly used perturbation
types for identifying models’ robustness failures,
and in Table 2 we summarize common robustness
benchmarks for each NLP task.

4.1 Human Prior and Error Analyses Driven

An increasing body of work has been conducted on
understanding and measuring robustness in NLP
models (Tu et al., 2020; Sagawa et al., 2020b;
Geirhos et al., 2020) across various NLP tasks,
largely relying on human priors and error analyses.

Natural Language Inference Naik et al. (2018)
sampled misclassified examples and analyzed their
potential sources of errors, which are then grouped
into a typology of common reasons for error. Such
error types then served as the bases to construct
the stress test set, to further evaluate whether NLI
models have the ability to make real inferential
decisions, or simply rely on sophisticated pattern
matching. Gururangan et al. (2018) found that
current NLI models are likely to identify the la-
bel by relying only on the hypothesis, and Poliak
et al. (2018) provided similar augments that us-
ing a hypothesis-only model can outperform a set
of strong baselines. Kaushik et al. (2019) asked
humans to generate counterfactual NLI examples,
to better understand what features are causal and
encourage models to learn those features.

Question Answering Jia and Liang (2017) pro-
posed to generate adversarial QA examples by con-
catenating an adversarial distracting sentence at the
end of a paragraph. Miller et al. (2020) built four
new test sets for the Stanford Question Answer-
ing Dataset (SQuAD) and found most question-
answering systems fail to generalize to this new
data, calling for new evaluation metrics towards
natural distribution shifts.

Machine Translation Belinkov and Bisk (2018)
found that character-based neural machine trans-
lation (NMT) models are brittle under noisy data,
where noises (e.g., typos, misspellings, etc) are
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Space Perturbation level Methods

Discrete

Character-level HotFlip (Ebrahimi et al., 2018), DeepWordBug (Gao et al., 2018),
Synthetic-Noise (Karpukhin et al., 2019)

Word-level
GenAdv (Alzantot et al., 2018), PWWS (Ren et al., 2019),

SEM (Wang et al., 2019e), BERT-ATTACK (Li et al., 2020),
TextFooler (Jin et al., 2020), SememePSO (Zang et al., 2020)

Sentence-level AdvSQuAD (Jia and Liang, 2017), SCPNs (Iyyer et al., 2018),
CAT-Gen (Wang et al., 2020c), TAILOR (Ross et al., 2021)

Mixed-types CheckList (Ribeiro et al., 2020), Polyjuice (Wu et al., 2021),
MAYA (Chen et al., 2021c)

Continuous Embedding space AT & VAT (Miyato et al., 2017), Natural-adversary (Zhao et al., 2018b),
FreeLB (Zhu et al., 2020), ALUM (Liu et al., 2020)

Table 1: Perturbation types for identifying robustness failures and improving robustness in NLP.

Task Robustness Benchmarks

Natural Language Inference Stress-test (Naik et al., 2018), HANS (McCoy et al., 2019),
Counterfactual-NLI (Kaushik et al., 2019), ANLI (Nie et al., 2020)

Question Answering
AdvSQuAD (Jia and Liang, 2017), Adv-QA (Bartolo et al., 2020),

Natural-Perturbed-QA (Khashabi et al., 2020),
Natural-shift-QA (Miller et al., 2020), SAM (Schlegel et al., 2021)

Paraphrase Identification PAWS (Zhang et al., 2019b), PAWS-X (Yang et al., 2019),
Modify-with-Shared-Words (Shi and Huang, 2020)

Co-reference WinoGender (Rudinger et al., 2018), WinoBias (Zhao et al., 2018a)

Named Entity Recognition OntoRock (Lin et al., 2021), SeqAttack (Simoncini and Spanakis, 2021)

Table 2: A list of robustness benchmarks (challenging or adversarial datasets) and their corresponding tasks.

synthetically generated using possible lexical re-
placements. Data augmentation with artificially-
introduced grammatical errors (Anastasopoulos
et al., 2019) or with random synthetic noises (Vaib-
hav et al., 2019; Karpukhin et al., 2019) can make
the system more robust to such spurious patterns.
On the other hand, Wang et al. (2020b) showed
another approach by limiting the input space of
the characters so that the models will be likely to
perceive data typos and misspellings.

Syntactic and Semantic Parsing Robust pars-
ing has been studied in several existing works (Lee
et al., 1995; Aït-Mokhtar et al., 2002). More recent
work showed that neural semantic parsers are still
not robust against lexical and stylistic variations,
or meaning-preserving perturbations (Marzinotto
et al., 2019; Huang et al., 2021), and proposed ways
to improve their robustness through data augmenta-
tion (Huang et al., 2021) and adversarial learning
(Marzinotto et al., 2019).

Text Generation Existing work found that text
generation models also suffer from robustness is-
sues, e.g., text summarization models suffer from
positional bias (Jung et al., 2019), layout bias

(Kryscinski et al., 2019), and a lack of faithfulness
and factuality (Kryscinski et al., 2019; Maynez
et al., 2020; Chen et al., 2021b); data-to-text mod-
els sometimes hallucinate texts that are not sup-
ported by the data (Parikh et al., 2020; Wang et al.,
2020d). In addition, Sellam et al. (2020); Zhang
et al. (2020b) pointed out the deficiency of exist-
ing automatic evaluation metrics and proposed new
metrics to better align the generation quality with
human judgements.

Connection with Dataset Biases The robust-
ness failures can sometimes be attributed to dataset
biases, i.e., biases introduced during dataset col-
lection (Fouhey et al., 2018) or human annotation
artifacts (Gururangan et al., 2018; Geva et al., 2019;
Rudinger et al., 2017), which could affect how well
a model trained from this dataset generalizes, and
how accurately we estimate a model’s performance.
For example, Lewis et al. (2021) show there is a
significant test-train data overlap in a set of open-
domain question-answering benchmarks, and many
QA models perform substantially worse on ques-
tions that cannot be memorized from training data.
In natural language inference, McCoy et al. (2019)
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show that commonly used crowdsourced datasets
for training NLI models might make certain syn-
tactic heuristics more easily adopted by statistical
learners. Further, Bras et al. (2020) propose to use
a lightweight adversarial filtering approach to filter
dataset biases, which is approximated using each
instance’s predictability score.

4.2 Model-based Identification

In addition to the human-prior and error-analysis
driven approaches which are usually specific to
each task, other lines of work identify robustness
failures that are task-agnostic like white-box text at-
tack methods (Ebrahimi et al., 2018; Alzantot et al.,
2018; Jin et al., 2020), and even input-agnostic like
universal adversarial triggers (Wallace et al., 2019a)
and natural attack triggers (Song et al., 2021).

Another line of work proposes to learn an addi-
tional model to capture biases, e.g., in visual ques-
tion answering, Clark et al. (2019) train a naive
model to predict prototypical answers based on the
question only irrespective of the context; He et al.
(2019); Utama et al. (2020a) propose to learn a
biased model that only uses dataset-bias related
features. This framework has also been used to
capture unknown biases assuming that the lower
capacity model learns to capture relatively shallow
correlations during training (Clark et al., 2020). In
addition, Wang and Culotta (2020a) identify model
shortcuts by training classifiers to better distinguish
“spurious” correlations from “genuine” ones based
on human annotated examples.

Model-in-the-loop vs. Human-in-the-loop
Some work adopts human-in-the-loop to gener-
ate challenging examples, e.g., Counterfacutal-NLI
(Kaushik et al., 2019) and Natural-Perturbed-QA
(Khashabi et al., 2020). Other work applies model-
in-the-loop to increase the likelihood that the per-
turbed examples are challenging for state-of-the-art
models, but it might also introduce biases towards
the particular model used. For example, SWAG
(Zellers et al., 2018) was introduced that fooled
most models at the time of publishing but was soon
“solved” after BERT (Devlin et al., 2019) was in-
troduced. As a result, Yuan et al. (2021) present
a study over the transferability of adversarial ex-
amples, and Contrast Sets (Gardner et al., 2020)
intentionally avoid using model-in-the-loop. Fur-
ther, more recent work adopts adversarial human-
and-model-in-the-loop to create more difficult ex-
amples for benchmarking, e.g., Adv-QA (Bartolo

et al., 2020), Adv-Quizbowl (Wallace et al., 2019b),
ANLI (Nie et al., 2020), and Dynabench (Kiela
et al., 2021).

5 Improve Model Robustness

Correspondingly, there are multiple lines of direc-
tions that try to improve robustness in NLP mod-
els. Depending on where and how the intervention
is applied, those approaches can be categorized
into the following categories: data-driven (Sec-
tion 5.1), model-based and training-scheme-based
(Section 5.2), inductive-prior-based (Section 5.3)
and finally causal intervention (Section 5.4).

5.1 Data-driven Approaches

Data augmentation recently gained a lot of interest,
in improving performance in low-resourced lan-
guage settings, few-shot learning, mitigating biases,
and improving robustness in NLP models (Feng
et al., 2021; Dhole et al., 2021). Techniques like
Mixup (Zhang et al., 2018), MixText (Chen et al.,
2020), CutOut (DeVries and Taylor, 2017), Aug-
Mix (Hendrycks et al., 2020b), HiddenCut (Chen
et al., 2021a), have been shown to substantially
improve the robustness and the generalization of
models. Such mitigation strategies are operated at
the data level, and often hard to be interpreted in
terms of how and why mitigation works.

Other lines of work deal with spans or regions
associated within data points to prevent models
from heavily relying on spurious patterns. To make
NLP models more robust on sentiment analysis and
NLI tasks, Kaushik et al. (2019) proposed curating
counterfactually augmented data via a human-in-
the-loop process, and showed that models trained
on the combination of this augmented data and
original data are less sensitive to spurious patterns.
Differently, Wang et al. (2021d) performed strate-
gic data augmentation to perturb the set of “short-
cuts” that are automatically identified, and found
that mitigating these leads to more robust models in
multiple NLP tasks. This line of mitigation strate-
gies closely relates to how spurious correlations
can be measured and identified, as many of the
challenging or adversarial examples (Table 1) can
sometimes be used to augment the original model
to improve its robustness, either in the discrete in-
put space as additional training examples (Liu et al.,
2019; Kaushik et al., 2019; Anastasopoulos et al.,
2019; Vaibhav et al., 2019; Khashabi et al., 2020),
or in the embedding space (Zhu et al., 2020; Zhao
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et al., 2018b; Miyato et al., 2017; Liu et al., 2020).

5.2 Model and Training-based Approaches

Pre-training Recent work has demonstrated pre-
training as an effective way to improve NLP
models’ out-of-distribution robustness (Hendrycks
et al., 2020a; Tu et al., 2020), potentially due to
its self-supervised objective and the use of large
amounts of diverse pre-training data that encour-
ages generalization from a small number of exam-
ples that counter the spurious correlations. Tu et al.
(2020) showed a few other factors can also con-
tribute to robust accuracy, including larger model
size, more fine-tuning data, and longer fine-tuning.
A similar observation is made by Taori et al. (2020)
in the vision domain, where the authors found train-
ing with larger and more diverse datasets offer bet-
ter robustness consistently in multiple cases, com-
pared to various robustness interventions proposed
in the existing literature.

Training with a Better Use of Minority Exam-
ples Further, there are several works that propose
to robustify the models via a better use of minority
examples, e.g., examples that are under-represented
in the training distribution, or examples that are
harder to learn. For example, Yaghoobzadeh et al.
(2021) proposed to first fine-tune the model on the
full data, and then on minority examples only.

In general, the training strategy with an empha-
sis on a subset of samples that are particularly hard
for the model to learn is sometimes also referred
to as group DRO (Sagawa et al., 2020a), as an ex-
tension of vanilla distributional robust optimization
(DRO) (Ben-Tal et al., 2013; Duchi et al., 2021).
Extensions of DRO are mostly discussing the strate-
gies on how to identify the samples considered as
minority: Nam et al. (2020) trained two models
in parallel, where the “debiased” model focuses
on examples not learned by the “biased” model;
Lahoti et al. (2020) used an adversary model to
identify samples that are challenging to the main
model; Liu et al. (2021) proposed to train the model
a second time via up-weighting examples that have
high training losses during the first time.

When to Use Data-driven or Model-based Ap-
proaches? In many cases both the data and the
model can contribute to a model’s lack of ro-
bustness, hence data-driven and model-based ap-
proaches could be combined to further improve a
model’s robustness. One interesting phenomenon

observed by (Liu et al., 2019) is to attribute mod-
els’ robustness failures to blind spots in the training
data, or the intrinsic learning ability of the model.
The authors found that both patterns are possible:
in some cases models can be inoculated via be-
ing exposed to a small amount of challenging data,
similar to the data augmentation approaches men-
tioned in Section 5.1; on the other hand, some
challenging patterns remain difficult which con-
nects to the larger question around generalizability
to unseen adversarial and counterfactual patterns
(Huang et al., 2020; Jha et al., 2020; Joshi and
He, 2021), which is relatively under-explored but
deserves much attention.

5.3 Inductive-prior-based Approaches

Another thread is to introduce inductive bias (i.e., to
regularize the hypothesis space) to force the model
to discard some spurious features. This is closely
connected to the human-prior-based identification
approaches in Section 4.1 as those human-priors
can often be used to re-formulate the training ob-
jective with additional regularizers. To achieve
this goal, one usually needs to first construct a
side component to inform the main model about
the misaligned features, and then to regularize the
main model according to the side component. The
construction of this side component usually relies
on prior knowledge of what the misaligned fea-
tures are. Then, methods can be built accordingly
to counter the features such as label-associated
keywords (He et al., 2019), label-associated text
fragments (Mahabadi et al., 2020), and general
easy-to-learn patterns of data (Nam et al., 2020).
Similarly, Clark et al. (2019, 2020); Utama et al.
(2020a,b) propose to ensemble with a model ex-
plicitly capturing bias, where the main model is
trained together with this “bias-only” model such
that the main model is discouraged from using bi-
ases. More recent work (Xiong et al., 2021) shows
the ensemble-based approaches can be further im-
proved via better calibrating the bias-only model.
Furthermore, additional regularizers have been in-
troduced for robust fine-tuning over pre-trained
models, e.g., mutual-information-based regulariz-
ers (Wang et al., 2021a) and smoothness-inducing
adversarial regularization (Jiang et al., 2020).

In a broader scope, given that one of the main
challenges of domain adaptation is to counter the
model’s tendency in learning domain-specific spu-
rious features (Ganin et al., 2016), some methods
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contributing to domain adaption may have also pro-
gressed along the line of our interest, e.g., domain
adversarial neural network (Ganin et al., 2016).
This line of work also inspires a family of methods
forcing the model to learn auxiliary-annotation-
invariant representations with a side component
(Ghifary et al., 2016; Wang et al., 2017; Rozantsev
et al., 2018; Motiian et al., 2017; Li et al., 2018;
Wang et al., 2019c; Vernikos et al., 2020).

Despite the diverse concrete ideas introduced,
the above is mainly training for small empirical
loss across different domains or distributions in
addition to forcing the model to be invariant to
domain-specific spurious features. As an exten-
sion along this direction, invariant risk minimiza-
tion (IRM) (Arjovsky et al., 2019) introduces the
idea of invariant predictors across multiple environ-
ments, which was later followed and discussed by
a variety of extensions (Choe et al., 2020; Ahmed
et al., 2020; Rosenfeld et al., 2021). More recently,
Dranker et al. (2021) applied IRM in natural lan-
guage inference and found that a more naturalistic
characterization of the problem setup is needed.

5.4 Causal Intervention
Casual analyses have also been utilized to exam-
ine robustness. Srivastava et al. (2020) leverage
humans’ common sense knowledge of causality to
augment training examples with a potential unmea-
sured variable, and propose a DRO-based approach
to encourage the model to be robust to distribution
shifts over the unmeasured variables. Balashankar
et al. (2021) study the effect of secondary attributes,
or confounders, and propose context-aware coun-
terfactuals that take into account the impact of sec-
ondary attributes to improve models’ robustness.
Veitch et al. (2021) propose to learn approximately
counterfactual invariant predictors dependent on
causal structures of the data, and show it can help
mitigate spurious correlations in text classification.

5.5 Connections between Mitigations
Connecting these methods conceptually, we con-
jecture three different mainstream approaches: one
is to leverage the large amount of data by taking ad-
vantages of pre-trained models, another is to learn
invariant representations or predictors across do-
mains or environments, while most of the rest build
upon the prior on what the spurious patterns are and
encourage the models to not rely on those patterns.
Then the solutions are invented through countering
model’s learning of these patterns by either data

augmentation, reweighting (the minorities), ensem-
ble, inductive-prior design, and causal interven-
tion. Interestingly, statistical work has shown that
many of these mitigation methods are optimizing
the same robust machine learning generalization
error bound (Wang et al., 2021c).

6 Open Questions

In addition to the challenges mentioned above, we
list below a few open questions that call for addi-
tional research going forward.

Identifying Unknown Robustness Failures Ex-
isting identification around robustness failures rely
heavily on human priors and error analyses, which
usually pre-define a small or limited set of patterns
that the model could be vulnerable to. This re-
quires extensive amount of expertise and efforts,
and might still suffer from human or subjective bi-
ases in the end. How to proactively discover and
identify models’ unrobust regions automatically
and comprehensively remains challenging.

Interpreting and Mitigating Spurious Correla-
tions Interpretability matters for large NLP mod-
els, especially key to the robustness and spurious
patterns. How can we develop ways to attribute or
interpret these vulnerable portions of NLP models
and communicate these robustness failures with
designers, practitioners, and users? In addition,
recent work (Wallace et al., 2019c; Wang et al.,
2021d; Zhang et al., 2021) show interpretability
methods can be utilized to better understand how
a model makes its decision, which in turn can be
used to uncover models’ bias, diagnose errors, and
discover spurious correlations.

Furthermore, the mitigation of spurious corre-
lations often suffers from the trade-off between
removing shortcuts and sacrificing model perfor-
mance (Yang et al., 2020; Zhang et al., 2019a). Ad-
ditionally, most existing mitigation strategies work
in a pipeline fashion where defining and detect-
ing spurious correlations are prerequisites, which
might lead to error cascades in this process. How
to design end-to-end frameworks for automatic mit-
igation deserves much attention.

Unified Framework to Evaluate Robustness
With a variety of potential spurious patterns in NLP
models, it becomes increasingly challenging for
developers and practitioners to quickly evaluate
the robustness and quality of their models. This
calls for more unified benchmarking efforts such as
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CheckList (Ribeiro et al., 2020), Reliability Test-
ing (Tan et al., 2021), Robustness Gym (Goel et al.,
2021) and Dynabench (Kiela et al., 2021), to facili-
tate fast and easy evaluation of robustness.

User Centered Measures and Mitigation In-
stead of passively detecting spurious correlations
from a post-processing perspective, how to ap-
proach robustness from a user centric perspective
needs further investigation. Based on the dual-
process models of information processing, humans
use two different processing styles (Evans, 2010).
One is a quick and automatic style that relies on
well-learned information and heuristic cues. The
other is a qualitatively different style that is slower,
more deliberative, and requires more reflective rea-
soning. Would these well-learned information and
heuristic rules be leveraged to help design better
human priors to measure and mitigate spurious cor-
relations? If users or stakeholders are involved in
this process, collecting a set of test cases where a
system might perform well for the wrong reasons
could help design sanity tests.

Connections between Human-like Linguis-
tic Generalization and NLP Generalization
Linzen (2020) argue NLP models should behave
more like humans to achieve better generalization
consistently. It is interesting to note that how
humans process information in NLP tasks exactly
is still under exploration, and to what extent
models should leverage human-knowledge is still
a debatable topic.1 Nonetheless, if we can better
understand and utilize the robustness properties
in human perception, we can potentially advance
models’ robustness in a more meaningful way.

7 Conclusion

In this paper, we provided a unifying overview
over robustness definitions, evaluations and mit-
igation strategies in the NLP domain. We also
highlighted open challenges in this area to motivate
future research, encouraging people to think deeply
about more comprehensive benchmarks, transfer-
ability and validity of adversarial examples, uni-
fied framework to evaluate and improve robustness,
user-centered measures and mitigation, and finally
how to potentially achieve human-like linguistic
generalization more meaningfully.

1http://www.incompleteideas.net/
IncIdeas/BitterLesson.html
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Abstract

Even if recent Transformer-based architec-
tures, such as BERT, achieved impressive re-
sults in semantic processing tasks, their fine-
tuning stage still requires large scale training
resources. Usually, Data Augmentation (DA)
techniques can help to deal with low resource
settings. In Text Classification tasks, the ob-
jective of DA is the generation of well-formed
sentences that (i) represent the desired task cat-
egory and (ii) are novel with respect to exist-
ing sentences. In this paper, we propose a neu-
ral approach to automatically learn to generate
new examples using a pre-trained sequence-to-
sequence model. We first learn a task-oriented
similarity function that we use to pair simi-
lar examples. Then, we use these example
pairs to train a model to generate examples.
Experiments in low resource settings show
that augmenting the training material with the
proposed strategy systematically improves the
results on text classification and natural lan-
guage inference tasks by up to 10% accuracy,
outperforming existing DA approaches.

1 Introduction

Deep Learning models achieve state-of-the-art re-
sults in many domains, including Computer Vision
and Natural Language Processing (NLP). Training
these large models typically requires many exam-
ples, whose collection and annotation can be costly
and time-consuming. Data augmentation (DA) has
proven an efficient way to acquire more training
samples without incurring in the prohibitive anno-
tation cost in a variety of fields, including com-
puter vision (Perez and Wang, 2017) and speech
recognition (Rebai et al., 2017). In NLP, some DA
techniques have been proposed too, as surveyed
in (Feng et al., 2021): common approaches cre-

ate synthetic data by manipulating real examples,
using Text Editing (Wei and Zou, 2019) or Back-
Translation (Sennrich et al., 2015); the resulting
examples are automatically labeled by inheriting
the class of the original example they were gener-
ated from.

Unfortunately, when using recent pre-trained lan-
guage models, such as BERT (Devlin et al., 2018)
or RoBERTa (Liu et al., 2019), the effectiveness
of DA methods is extremely limited, and some-
times they can even hurt the results (Longpre et al.,
2020). A possible explanation for this inefficacy
is that these DA techniques introduce lexical and
structural variability that accurate language models
directly induce during pre-training. The usefulness
of synthetic examples is strictly related to their di-
versity from the original training data. At the same
time, diverging too much from the initial data might
increase the risk of introducing noisy annotations,
i.e., synthetic data not reflecting the class of the
original examples they were generated from.

To directly tackle the trade-off between diver-
sity and label consistency, in this paper we propose
DATS1 (Data Augmentation based on Task-specific
Similarity), a novel data-augmentation technique
for text classification based on Natural Language
Generation (NLG) models. Starting from a reduced
set of annotated examples, we first learn a task-
oriented similarity function that we use to automat-
ically create pairs of similar examples. Then, we
use these pairs to train a generative model to gen-
erate an example similar to the input one. Finally,
we employ this model to generate new synthetic
examples and augment the training data. We show
that pairing examples with respect to their task-

1https://github.com/crux82/dats.
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oriented similarity is striking in order to allow the
generative model to automatically understand the
lexical and structural variations that can be applied
to an instance without changing its label. Experi-
mental results on four different text classification
datasets demonstrate that DATS achieves better re-
sults than several existing DA solutions and that
it systematically improves NLU models based on
state-of-the-art pre-trained language models. In the
remaining, Section 2 summarizes related works,
Section 3 describes our method and Section 4 pro-
vides the experimental evaluation.

2 Related Work

Most of the existing approaches for DA perform
some token-level manipulations on individual sen-
tences (Kolomiyets et al., 2011; Kobayashi, 2018).
For instance, Easy Data Augmentation (EDA) (Wei
and Zou, 2019) applies simple operations includ-
ing synonym replacement and random swap. These
operations are also performed in (Ren et al., 2021)
where the framework named Text AutoAugment
(TAA) uses Bayesian Optimization algorithm to
automatically search for the best manipulation pol-
icy. On the contrary, Wu et al. (2018) uses mask
random tokens and use BERT to generate substi-
tuting words. Similarly, Kumar et al. (2020) use
transformer-based models to apply token-level or
span-level text content manipulation.

Other attempts operate at the entire sentence-
level by paraphrasing the original text using back-
translation (BT) (Edunov et al., 2018; Shleifer,
2019); however, BT tends to skew towards high-
frequency words which not only causes redundancy
but also leads to lexical shrinkage in the augmented
data (Liu et al., 2020). More recent approaches for
data augmentation use generative models to create
more diverse synthetic data. Anaby-Tavor et al.
(2019) fine-tuned a GPT-2 model to generate text
given a target class, and use a text classifier to fil-
ter out those synthetic examples whose predicted
class does not match the target class. In our work,
we show that by conditioning a target model not
only on the class labels, but also on representa-
tive examples, it is possible to better control the
diversity-consistency trade-off.

3 Learning to generate examples

Recent advances in NLG (Vaswani et al., 2017)
demonstrated that sequence-to-sequence (seq2seq)
models can generate natural sounding and meaning-

ful text given a prompt. As shown in (Keskar et al.,
2019), the prompt can include style or content-
related information that can help control the gener-
ation process.

In our work, we capitalize these techniques to
augment a dataset D for the training of a text clas-
sifier C. Specifically, our goal is to fine-tune a
pre-trained seq2seq modelM(∗) = e that, given
a prompt ∗, generates novel examples not in D.
The first application of this idea was investigated
in Anaby-Tavor et al. (2019), where the authors
trained a seq2seq model M(c) = so that gener-
ates examples so of a given class c. While this
approach provides interesting results, it must be
said that the variability of the generated examples
can be quite low: by conditioningM only on c, it
tends to produce the most frequent syntactic and
lexical patterns associated with c, neglecting other
modes this can exhibit. The key challenge here is
to ensure diversity while preserving consistency,
i.e., generating diverse examples that are valid rep-
resentatives of the desired class.

We propose to train a seq2seq model M that
is conditioned not only on the class c, but also
on an example si of that class, i.e., such that
M(c, si) = s0. The model is thus expected to syn-
thesize a new example s0, which is consistent with
the input class c and is also “inspired” by an exist-
ing example si. The problem now is how to build
the dataset to trainM. Pairing two random exam-
ples si and so belonging to the same class might be
a viable solution. However, in classification tasks,
examples are not necessarily similar, and coupling
together radically different examples risks destabi-
lizing the training ofM. Ideally, we would like
to identify different modes in the same class and
pair only examples belonging to the same mode.
An alternative way to reach the same outcome is
the adoption of a semantic similarity function that
can be used to select linguistically related example
pairs. Several unsupervised metrics exist (Croce
et al., 2011; Cer et al., 2018; Poerner et al., 2020),
however, they are inherently task-independent and
not adequate in capturing task-specific similarities:
two sentences such as “The movie is good” and
“The movie is not good” (or even “The movie is aw-
ful”) should not be paired together, when dealing
with sentiment classification, while they are good
candidate pairs in the training of a topic classifier.

To define a task-oriented similarity measure, we
leverage the text classifier C we want to improve
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via data augmentation. Independently on the un-
derlying neural architecture, a neural classifier has
an encoder E that projects an example s ∈ D in
a d-dimensional space, i.e., E(s) = ~s ∈ Rd. In
these spaces, simple linear classifiers (i.e., the out-
put layers) identify the sub-spaces reflecting the
target classes (Goodfellow et al., 2016; Goldberg,
2016). As a consequence, E is expected to project
examples in sub-spaces representative for individ-
ual classes. Our task-aware similarity measure is
the cosine similarity operating on these represen-
tations. For instance, after training a BERT model
on the question classification task (Li and Roth,
2006), the encoding [CLS] of the entire question
“Who developed the vaccination against polio?” al-
lows retrieving other questions corresponding to
the most similar [CLS] embeddings, such as “Who
invented the Moog Synthesizer?”: they are clearly
not paraphrases, and their purely lexical similarity
is quite low, but they show a similar pattern charac-
terizing the question class [HUM] (i.e., human).

Input: A datasetD, number of folds f , input pairs per example n ,
number of generated examples per input l ,

Output: An augmented datasetDsynt

1 Dsynt = ∅
2 C = TRAIN_CLASSIFIER(D) /* Train the classifier */
3 E = GET_ENCODER(C) /* Get the encoder used by C */
4 D1, . . . ,DN = SPLIT_IN_FOLDS(D, f)
5 for i = 0 to f do
6 Dtr =

⋃
∀j 6=iDj /* Split D in aN -cross fold schema */

7 Dte = Di

8 T = ∅ /* Initializing the training set T for the seq2seq model */
9 foreach ei ∈ Dtr do

/* Focus only on examples having the same category of ei */
10 cei = GET_CATEGORY(ei)

11 Dc
tr = SELECT_BY_CLASS(Dtr, cei )

/* Select the n examples most-similar to ei in the embedding
space generated by the encoder E */

12 S = TOP_SIMILAR(ei,Dc
tr, E, n)

/* Populate the training material for the seq2seq model M */
13 foreach eo ∈ S do
14 T = T ∪ (c, ei, eo)
15 end
16 end
17 M = TRAIN_SEQ2SEQ(T ) /* Train the seq2seq model */
18 foreach es ∈ Dte do
19 c = GET_CLASS(es)

/* Generate l examples from es ∈ D ignored in training M */

20 Dsynt = Dsynt ∪Ml(c, es);
21 end
22 end
23 return Dsynt

Algorithm 1: Pseudo-code of DATS.

To generate an augmented dataset for a generic
text classification task, we propose DATS (Data
Augmentation based on Task-specific Similarity)
that is described in Algorithm 1. First, we train
a classifier C on D. We use the resulting encoder
E to project each training example e into the task-
specific vector space, obtaining the embedding ~e.
Then, we split the training data D into Dtr and Dte.
Each example ei ∈ Dtr is paired with the n exam-

ples ej ∈ Dtr of the same class having the highest
cosine similarity computed on their corresponding
embeddings vectors E(ei) and E(ej). The result-
ing pairs are expected to lie in the same subspace
and share some task-oriented linguistic relatedness.
We use these example pairs to fine-tune a seq2seq
model to solve the taskM(cei , ei) = ej , where cei
is the category of ei. Finally, examples in Dte are
provided in input toM to generate the new syn-
thetic dataset Dsynt. By applying multiple splits of
D in a cross-fold scheme, we can use each train-
ing example to condition the model and generate
new synthetic instances. As in almost all existing
formulations, a generator can be used to generate a
set of l variants for each input (c, e), for simplicity
referred asMl(c, e). In particular, techniques such
as nucleus-sampling (Holtzman et al., 2020) enable
the generation of large sets of variants, generally
characterized by a good diversity.

It is worth noting that no assumption is applied
when selecting C orM. Even though in the experi-
mental evaluation we consider only specific archi-
tectures (namely BERT and BART), this methodol-
ogy can be applied to a wider plethora of models.
Moreover, there is no restriction on the classifi-
cation task type: the experimental section shows
that DATS is applicable to classification tasks op-
erating on both individual sentences and text pairs,
e.g., in natural language inference (Bowman et al.,
2015): given text pairs si,1 and si,2, it is sufficient
to extend the above process definingM differently,
i.e.,M(c(si,1,si,2), si,1, si,2) = (sj,1, sj,2).

4 Experimental Evaluation

We test our approach on four tasks: 50-class Ques-
tion Classification (QC) over the TREC dataset (Li
and Roth, 2006); 5-class Sentiment Classification
(SA) over the SST dataset (Socher et al., 2013);
7-class Intent Classification (IC) over the SNIPS
dataset (Coucke et al., 2018); sentence-pair classi-
fication for Natural Language Inference (NLI) over
the 3-category SNLI dataset (Bowman et al., 2015).
Details about the datasets are in Appendix A.1.
Baselines. We compare our approach with mul-
tiple baselines and simplified versions of DATS
for ablation study: (i) Easy Data Augmentation
(EDA) (Wei and Zou, 2019); (ii) Back-Translation
(BT) (Sennrich et al., 2015) in an English-German-
English setting2; (iii) Random Pairing (RP) - DATS

2For EDA and BT we adopted the code in
https://github.com/varunkumar-dev/
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without task-oriented similarity functions where we
created the training input-output pairs for M by
selecting two random examples of the same class
from the training set; (iv) Only Class (OC) - DATS
where the prompt is only the category name (i.e., no
representative example), similar to Anaby-Tavor
et al. (2019).
Experimental Setting. For QC, SA and IC, we
report the Accuracy when using q=10, q=50 or
q=100 average examples per class3. For the NLI
task, since it is more challenging, we report the Ac-
curacy also for q=500 and q=1000 average exam-
ples per category. We also report the performance
of each model when using the entire (F) training
set4. We use the bert-base-uncased model
from the Huggingface library (Wolf et al., 2019)
as the classifier C, and bart-base (Lewis et al.,
2020) as the NLG modelM. Both are trained for
10 epochs with early stopping (patience=3) and
learning rate 5e−5. We adopt nucleous sampling5

(Holtzman et al., 2020) with p=0.90. We repeat the
experiments 5 times with different seeds and we
report the average classification accuracy.
Results. Table 1 shows the results of a BERT-
based model without DA (NoDA), the DA base-
lines and our approach (DATS). We perform hyper-
parameters tuning6 on the development set of each
task w.r.t. the number of similar examples n and
the number of generated examples l. Task-agnostic
DA approaches, like BT or EDA, seem slightly ben-
eficial when using a transformer based classifier C,
as also reported in (Longpre et al., 2020). In some
cases, they significantly hurt accuracy.

For instance, in QC or IC when q=10, EDA Ac-
curacy is lower than NoDA by about 1 and 6 points,
respectively. The same is for BT, where the drop is
even higher, i.e., 8 and 18 points. Using the cate-
gory information in the generation process, i.e., RP
and OC, provides variable results, with minor im-
provements only in few specific settings (e.g., RP
on SA). Instead, DATS improves accuracy for al-
most all q and tasks and such improvements are

TransformersDataAugmentation
3To maintain the original class distribution we randomly

sample 10c, 50c or 100c from the original training set, with
c being the number of classes. We ensure that at least one
example per class is sampled.

4We omit results on the full dataset for NLI (made of more
than 500, 000 examples) for which DA is not needed.

5In preliminary evaluations, we tested alternative decoding
strategies, e.g., standard beam search and k-sampling. Overall,
nucleous sampling was superior in terms of diversity and
consistency, in line with the literature (Holtzman et al., 2020).

6An analysis of the hyper-parameters is in Appendix A.4

q NoDA EDA BT RP OC DATS
Question Classification (QC)

10 66.39 65.32 58.76? 66.72 62.64 69.04
50 90.64 90.48 89.84 90.28 90.48 90.68

100 91.60 92.04 91.48 91.08 91.44 92.28
F 91.60 91.32 91.48 90.72 91.36 92.28

Sentiment Analysis (SA)
10 26.64 27.95 27.50 29.82? 27.68 28.14
50 40.06 40.89 39.90 40.18 40.20 43.48?

100 42.58 44.38 43.79 43.16 44.26 46.30?
F 53.10 53.29 53.40 52.56 52.76 54.26

Intent Classification (IC)
10 81.92 75.94? 63.71? 81.92 70.06? 91.74?
50 95.18 95.14 94.69 95.42 95.28 95.62

100 95.38 95.54 95.57 95.54 95.78 95.62
F 97.32 97.80 97.42 97.96 98.00? 98.12?

Natural Language Inference (NLI)
10 40.67 39.42 36.07? 35.78? 36.30? 38.74
50 49.32 47.26 42.37? 43.58? 46.08? 48.40

100 57.78 58.92 56.23 50.64? 49.60? 58.36
500 71.48 72.23 73.23? 71.04 63.78? 73.66?
1k 75.10 76.26 76.60? 75.86 75.48 76.86?

Table 1: Accuracy of DA approaches: the best results
are in bold while the results higher than NoDA are un-
derlined. The ? symbol indicates statistically signifi-
cant differences (p<0.05) with respect to NoDA accord-
ing to an unpaired T-test.

often statistically significant. When q=10, the im-
provement ranges between 1 and 10 points. In the
few cases where a minor drop is observed, this is
never statistically significant. By comparing DATS
with RP it is clear that the task-specific similar-
ity measure is striking to learn a good data gen-
erator7. DATS works well also on sentence-pair
tasks, like NLI. However, given the complexity
of this type of tasks, it requires more training ex-
amples (e.g., q>100) to show a positive impact.
Furthermore, DATS outperforms other competitive
methods 8. With q=10 Kumar et al. (2020) report
67.30% accuracy in QC and 87.24% in IC, which
is 1.74% and 4.5% lower than DATS. In the same
setting, the gap with Wu et al. (2018) is even larger,
i.e., 4.71% and 5.95%. Moreover, Ren et al. (2021)
report 52.55% accuracy in SA using the entire train-
ing set, and DATS outperforms it by 1.71%.
Qualitative Analysis. To better understand the
advantages provided by DATS in the consistency-
diversity trade-off, we report a qualitative evalua-

7We tried to substitute the task-oriented similarity with
a cosine similarity on USE embeddings (Cer et al., 2018) -
a general-purpose sentence encoder. Preliminary results on
QC were in between DATS and RP, demonstrating that a task-
oriented similarity is beneficial.

8Due to lack of budget, we did not run experiments on
these models. The reported comparisons are based on the
results reported by the authors.
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cat. Original Data DATS BT

P
o
s
i
t
i
v
e

A colorful , vibrant introduction to a
universal human impulse , lushly pho-
tographed and beautifully recorded .

This is a real film. A colourful, lively introduction to a uni-
versal human impulse, lavishly pho-
tographed and beautifully captured.

A generous , inspiring film that un-
folds with grace and humor and grad-
ually becomes a testament to faith .

Is in the midst of a monumental ad-
venture, and I can’t wait to see what
the next one looks like.

A generous, inspiring film that unfolds
with grace and humor and gradually
becomes a witness of faith.

A solid and refined piece of moviemak-
ing imbued with passion and attitude
.

It ’s a film that develops with convic-
tion and a deep, passionate heart.

A solid and refined piece of film steeped
in passion and attitude.

Enormously enjoyable , high-
adrenaline documentary .

It is a remarkable film... Enormously entertaining, adrenaline-
pumping documentary.

N
e
g
a
t
i
v
e

- spy action flick with Antonio Ban-
deras and Lucy Liu never comes to-
gether .

" It just felt... too heavy... for me to
have it in my trunk."

- Espionage action with Antonio Ban-
deras and Lucy Liu never comes to-
gether.

If you value your time and money , find
an escape clause and avoid seeing this
trite , predictable rehash .

Isn’t the best spy film ever made. If you value your time and money, find
an exit clause and avoid this mundane,
predictable repetition.

No amount of burning , blasting , stab-
bing , and shooting can hide a weak
script .

It is a masterpiece, brilliantly di-
rected, and incredibly well done.

No amount of firing, blasting, stabbing
and shooting can hide a weak script.

This Tuxedo ... should have been sent
back to the tailor for some major al-
terations .

This is a film that I was unable to
stomach... and very much enjoyed...
until the last 30 minutes... when I
finally got close to the film... and it
turned into a garbage dump.

This tuxedo... should have been sent
back to the tailor for some major
changes.

Table 2: A qualitative analysis of the diversity in the Sentiment Analysis task over SST-5.

tion of the generated sentences for the SA task.
In particular, Table 2 reports some of the SA ex-

amples generated by different models on classes
5 and 1 when using q = 10 average training ex-
amples per class. Exception for a single case “(It
is a masterpiece, brilliantly directed, and incred-
ibly well done.)” that is not a negative sentiment
example as it was supposed to be), the examples
generated by DATS (with n = 1 and l = 1) are
all label-consistent. However, the diversity intro-
duced by DATS is impressive: all the examples
are very different from the input example used to
condition the NLG model while generating them,
and therefore can be very useful when augmenting
the training data of NLU models. On the opposite,
BT introduces very minor modifications to the in-
put text, resulting in a significant lower diversity
A larger and systematic qualitative analysis on the
quality and diversity of the generated material is in
Appendix A.2 and A.3.

5 Conclusions

This paper proposes DATS, a data augmentation
method based on Natural Language Generation
(NLG) models. A generative model is fine-tuned
to produce examples similar to the input ones. The
training input-output pairs are selected according
to a task-oriented similarity function. This pair-
ing allows the NLG model to learn the lexical and

structural variations that can be applied to an in-
stance without changing its label. The experimen-
tal results suggest that the generated sentences are
diverse and label consistent, and can improve state-
of-the-art text classifiers, outperforming existing
DA methods. In the future, we plan to apply DATS
to further tasks (e.g., Question Answering) and
neural architectures.
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A Appendix

A.1 Task Description

In this section we report details and statistics of the dataset we adopted in the experimental section.

TREC. The TREC (Li and Roth, 2006) dataset contains 4,907, 545 and 500 examples for training,
development and test, respectively. We adopted the fine-grained version of the dataset that contains 50
categories.

SST5. The Sentiment Analysis Treebank dataset (Socher et al., 2013) consists of 8,544, 1,101 and 2,210
examples for training, development and test, respectively. The dataset is characterized by 5 categories
for sentiment, i.e., 1 (Very Negative) 2 (Negative), 3 (Neutral), 4 (Positive) and 5 (Very Positive) and it
contains movie review sentences.

SNIPS. The SNIPS dataset (Coucke et al., 2018) consists of natural language commands for a voice
assistant. The commands are classified into 7 categories, i.e., RateBook, BookRestaurant, AddToPlaylist,
PlayMusic, GetWeather, SearchScreeningEvent, SearchCreativeWork. The dataset consists of 13,084,
700, 700 examples for training, development and test, respectively.

SNLI. The SNLI dataset (Bowman et al., 2015) consists of examples of pairs for the Natural Language
Inference task. There are 3 categories: entailment, neutral and contradiction. The dataset consists of
550,152, 10,000 and 10,000 for training, development and test, respectively.

A.2 Qualitative Analysis

This section reports additional examples generated by DATS. In particular, we report the examples
generated with n = 2 and l = 10. Notice that, the generated examples are not in the original datasets.
It is worth noting that some examples may result odd, such as a question like “Name the American
president born in 2005?” but we only expected that they are linguistically sound and consistent with the
corresponding class. In general, the number n strongly affects the example novelty: high values of n make
the generator observe multiple times the same text as the target sentence, making the generation process
more conservative. As a result, when using n > 20 the generator tends to produce the same examples
from the original dataset.

Question classification. Here is a list of 20 questions generated by DATS for different classes. Please
refer to the original dataset description for the details about the specific classes.

• ABBR:exp What does D-DAY stand for?
• DESC:def What does the term “Italian Renaissance” mean?
• DESC:desc What process takes place after a hydrogen release?
• DESC:reason Why do people go to the bathroom at night?
• ENTY:animal What animal was the first domesticated creature in the world?
• ENTY:color What color is the cross on the French flag?
• ENTY:event What happened on February 27, 1991?
• ENTY:food What cereal is “sweet, soft and orange”?
• ENTY:plant What tree has the longest trunk?
• ENTY:subst. What are diamond rings made of?
• ENTY:veh What was the name of the U.S. Navy gunboat used by Dwight D. Eisenhower?
• HUM:gr Name the two major companies in the energy industry.
• HUM:ind What’s the name of the author of “Harry Potter”?
• LOC:city What’s the name of the largest city in Germany?
• LOC:country What country in 1991 recorded the largest number of cocaine seizures?
• NUM:count How many hundred ships sank in the Norwegian Sea in 1923?
• NUM:date What is the date of the first inauguration of President Nixon?
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• NUM:money What is the cost of university admission to Stanford?
• NUM:period How long does it take to clean up a cache?
• NUM:weight What is the maximum weight for a healthy adult?

Although the above examples seem coherent, we can argue if they can be really new, i.e., useful for the
task according to a Data Augmentation process. We thus focused on the specific class ENTY:lang that
is underrepresented in the original dataset, with only the six original examples reported below:

• What is the name of a language spoken by the Sioux?
• What is the only modern language that capitalizes its singular first-person pronoun?
• What is one of the languages spoken by the Sioux called?
• What’s the official language of Algeria?
• What are the two languages of Malta?
• What is the main language of Sao Paulo , Brazil?

Below some of the synthetic examples generated by DATS with q=10. It is worth noting that language
model introduces some expressions like sub-dialect that are novel with respect to the original training
material.

• What is the language of Switzerland?
• What is the oldest language in the Americas?
• What’s the language spoken by the Kootenai people?
• What is the sub-dialect of English?

Conversely, if we only use the category name as a prompt (i.e., the OC model), the generated questions
will have a lower quality. For instance, with q = 10 and l = 10, the OC model produces questions like:

1. What is the name of the island of Cote D ’Azubis?
2. What English language does the language speak?
3. What languages of English and French are spoken as well as Arabic?
4. What what languages would French be spoken?

They have several issues, including label-inconsistency (question 1), malformed syntax (question 4)
and unclear semantics (question 2-3).

Similarly, the questions generated by EDA seems of lower quality. For example, with q = 10, the EDA
model produces the questions:

1. What is the name of a language spoken by?
2. What is the name of a language spoken by the Sioux?
3. What is language mostly spoken in Brazil?
4. What language is mostly spoken in Brazil?
5. Name a gaelic language?
6. What is one of the spoken communication spoken by the Sioux called?
7. What is one of the languages spoken by the Sioux called?
8. What’s the most commonly verbalise language in Belgium?
9. What’s the most commonly spoken language in Belgium?

Similarly, to the OC case, these questions have several problems, including malformed syntax (question
1, 3, 8), incompleteness (question 1).

Sentiment Analysis. Below is a list of statements generated by DATS in the movie review domain. To
simplify the qualitative analysis, we report only Negative (class 1 in the dataset), Neutral (class
3) and Positive (class 5) examples. In general, the method generates sound judgments, with a high
syntactic variability even though a quite limited lexical variability, i.e., a manual inspection suggested
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that most of the adjectives used to express judgments are reused in the generated examples. Sentences in
general are less complex than the original ones. This is reflected by generally shorter generated sentences,
i.e., with an average length of 16 words per review against the original 20 words per review.

Negative reviews:

• It’s almost too derivative to stand on its own as a stark portrait of desperation and violence.
• A mediocre work of storytelling, lacking the slightest bit of wit or charm.
• A self-conscious, incoherent, self-interested fable.

Neutral reviews:

• It could be a lot worse if it were, well, more adventurous.
• If Tuck had ever made a movie about a vampire, it probably would look a lot like this one.
• It’s very much like George Romero’s final work, where he had a hand in making huge cuts to his

movie – only it takes a whole lot more to feel good about.

Positive reviews:

• A gripping and wildly unpredictable comedy.
• It’s lovely, funny, different, odd.
• A compelling example of why animation is a part of the human spirit.

The sentences generated using only the category as a prompt (i.e., OC model) have a lower quality. For
instance, with the same q=10 the OC model sentences look like:

Negative reviews:

• Why, a good movie, an interesting and absorbing film
• The, says a filmmaker and the film ’s creator.
• The its full potential.

Neutral reviews:

• No at its most extreme.
• This and an epic comedy of a documentary.
• So a little razzle dazzle, but not at all riveting,.

Positive reviews:

• No the greatest of the time
• This the first movie to touch a dark heart
• No in the form of a poem and a movie itself

Similarly, the sentences generated by EDA contain different issues, which can be explained by the
substitution and word swapping strategies adopted by this method. For example,

• This tuxedo should have been sent back to the tailor for john major some major alterations
• If you value your time and money find an escape clause rehash avoid seeing this trite predictable and
• Spy litigate flick with Antonio Banderas and Lucy Liu never comes together

Neutral reviews:

• It would work a better as much one hour tv documentary
• The fast runner transports the viewer into an unusual space
• Often overwrought and at times positively irritating the film turns into an engrossing thriller almost

in spite of
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Positive reviews:

• Documentary enjoyable high adrenaline enormously
• Quite simply a joy to watch follow and especially to listen to
• A solid and refined piece of moviemaking imbued with passion and attitude

Intent Classification. Below is a list of examples generated by DATS of each intent in the SNIPS dataset.
Please refer to the original dataset description for the details about the specific classes. In general, the
examples are different from the original ones introducing variability mostly on the involved named entities,
e.g., proper nouns of the music authors or places. In general, the syntactic complexity is the same as the
original material. Sometimes, odd dates are introduced (here 2037 as a date for a reservation).

• AddToPlaylist add this track to my modern psychedelia playlist
• BookRestaurant book a diner for 1 on feb 28th 2037
• GetWeather will it be warm in michigantown at 07:00:00 am
• PlayMusic i want to listen to the last track by michael hayvoronsky
• RateBook i give the current essay a four
• SearchCreativeWork find a painting called the night owl
• SearchScreeningEvent show me the movie schedule for national tv

Conversely, using only the category as input to the generation model, i.e., the OC baseline, is not able
to produce high quality examples. For instance, with q=10, the OC model generates sentences like:

• AddToPlaylist Add please rewind now my playlist
• BookRestaurant Book the menu for the night in the hotel room
• GetWeather Add a weather forecast from my backyard
• PlayMusic Play tunes and tracks to the chino sound bar
• RateBook Add some jazz music
• SearchCreativeWork Add my novel
• SearchScreeningEvent Add movies this week

Again, EDA is only able to generate some minor variations of the training examples, and sometimes
the swapping/substitution strategies are introducing issues. For example:

• AddToPlaylist I want this record album on my indie alternative playlist
• BookRestaurant I need a table for during midday in Montana
• GetWeather Is it going tea be freezing at to time in Michigantown KS
• PlayMusic Play any song from rebekah hewitt
• RateBook Rate this series one stars
• SearchCreativeWork The me show song spiderman of the rings
• SearchScreeningEvent I want the neediness movie schedule for animated movies in the area

Natural Language Inference. This task is the most challenging as the generated text is not only expected
to be internally consistent, but also pair-wise consistent. In general, the syntactic complexity of the
sentences is preserved, with an average length of 10 words per sentence. Similarly to the original training
set, in many entailment examples generated by DATS the premise and the hypothesis share the same verb
(e.g., watching in the first example). On the contrary, the subject of the action is often changed during the
contradictions (e.g., boy vs girl) in the first contradictory pair. Below we report some example pairs:

Text Pairs in Entailment

• “Two men watching a sports event in the background.” entails “Two men are watching a game.”
• “A young woman, wearing sunglasses, is raising her hand.” entails “A woman is raising an arm”
• “A boy dressed to play soccer is playing” soccer. entails “The boy is playing outside.”
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Text Pairs in Contradiction

• “Young Indian boy playing cricket and soccer. contradicts “Young Indian girl playing cricket.”
• “A boy in a yellow shirt, orange and white, playing guitar.” contradicts “A boy is sitting quietly.”
• “A man is attempting a jump on his skateboard.” contradicts ”A man rides his bike over an obstacle

course.”

Instead, the examples generated when only prompting the model with the category name are not as
good. For example, the OC model with q=10 produces the following examples:

Text Pairs in Entailment

• “A man being photographed in a store in Seattle” entails “A man is sitting in a car.”
• “A woman leaves a beer in the air.” entails “A woman is leaving a beer.”
• “A man walks along a street in St. Pete and walks past a city bus terminal. entails “Police are

standing near the ground holding a man”

Text Pairs in Contradiction

• “A white van is driving by and a white man is sitting next to it contradicts “A man in a blue polo shirt
is sitting on the back of a white car.”

• “from the middle of a street at a supermarket street, two girls wearing black and a yellow shirt.”
contradicts “A woman wearing a pink shirt looks down at a pole, waving a dollar bill.”

• “s a little boy playing a ball.” contradicts ”A dog is jumping out of a field.”

Notice that the OC model is, in general, not able to produce label consistent pairs. For example, the
first and third pairs reported above for the entailment category are not correct examples of this class.

In the following, we report also some examples generated with EDA. Again, EDA strategies introduces
some issues in the sentences. For example,

Text Pairs in Entailment

• “An old man with gray hair wearing a scarf and black jacket” entails “An old woman is bundled up”
• “Two ladies are maam laughing on the street” entails “There are women”
• “Lady into the sky on city entails “Lady looks into the sky”

Text Pairs in Contradiction

• “Young man doing a trick jump on a skateboard” “A man is writing record”
• “A by holds hands while walking couple buildings” contradicts “A couple dance in the street”
• “A a man in a black shirt and shorts sitting at blond table wine with a glass of eating” contradicts ”a

woman is drinking a beer”

Besides introducing grammatical errors, EDA is also introducing label consistency errors (for example,
the first entailment pair).

A.3 Are generated examples really different from the original ones?
To better understand the advantages provided by DATS in the consistency-diversity trade-off, we here
report an exhaustive qualitative evaluation.

Table 3 reports all the SA examples generated by different models on classes 5 and 1 when using
q = 10 average training examples per class. Exception for a single case “(It is a masterpiece, brilliantly
directed, and incredibly well done.)” that is not a negative sentiment example as it was supposed to be), the
examples generated by DATS (with n = 1 and l = 1) are all label-consistent. Conversely, many examples
generated with the OC baseline have a wrong sentiment. On the other side, the diversity introduced by
DATS is impressive: all the examples are very different from the input example used to condition the
NLG model while generating them. At the same time, they are also very novel with respect to the full
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training set (used to train the NLG model) and therefore can be very useful when augmenting the training
data of NLU models. On the opposite, BT and EDA introduce very minor modifications to the input text,
resulting in a significant lower diversity.

Table 4 provides examples of generated questions for the QC task. This task is particularly different
from SA as it involves 50 categories and the size of the training dataset causes many of them to be
underrepresented. We generated a set of questions with DATS (q = 100, n = 1 and l = 1) by selecting
one instance for each category as the input to the model. Each row of the table thus reports the class and
example used in input to the generator and the last column reports the generated example.

As it can be noticed, DATS generates examples different from the input ones: only 4 out of 50 (8 %)
examples are exactly copied and 3 out of 50 (6%) are different with respect to only one word. Notice
that the QC task is particularly sensitive to the syntactic structure of the sentence and this is generally
preserved in the generation process. DATS very rarely generates a paraphrase of the original sentence.
The target of the generated question almost always changes (e.g., when using ”Who is Nicolo Paganini?“
as input, DATS generates ”Who is Michael Jackson?“). Finally, notice that in all cases DATS is able to
generate a question which is coherent with the target category of the input question.

category Input DATS
ABBR:abb What does the number ” 5 ” stand for on FUBU cloth-

ing?
What does the letter C stand for on a Trivial Pursuit
board?

ABBR:exp What is HTML? What is video?
DESC:def What are manifest and latent function theories? What are endometriosis theories ?
DESC:desc What ’s the origin of the word ’ news ’? What is the origin of the word ’community ’?
DESC:manner How do you build a solar car for a high school experi-

ment?
How do you make a computer chip ?

DESC:reason What causes someone to be ticklish? What causes a person to have dry hands?
ENTY:animal What animal migrates the farthest? What animal scares people most?
ENTY:body What are the names of the different toes? What is the name of the sea where the sharks swim?
ENTY:color What color is Mr. Spock ’s blood ? What color are the veins in the neck of the elephant?
ENTY:cremat Name the only extant trilogy of classical Greek plays . What is the title of the new play, The Muppets, by Tom

Wolfe?
ENTY:curren. What type of currency is used in China? What currency is used in Dominica?
ENTY:dismed What therapy attempts to elicit the ” primal scream ”? What pharmacotherapy methods work with patients

with fibromyalgia?
ENTY:event What famed gangland slaughter cut into the member-

ship of Bugs Moran ’s outfit?
What was the outcome of the Main Conference?

ENTY:food Madonna hocks which soft drink? Which soft drink did Madonna advertise for?
ENTY:instru Ray Charles is best known for playing what instru-

ment?
Ray Charles is known for playing what instrument?

ENTY:lang Name a Gaelic language . What is the Gaelic language?
ENTY:letter What ’s the second-most-used vowel in English? What ’s the longest letter in the alphabet of a C major?
ENTY:other What impenetrable system of French fortifications was

built along the German frontier before World War II ?
What limestone wall supports the Great Wall of China?

ENTY:plant What are two plants that clothes are made from? What plants are found in the forest?
ENTY:product What is the most advanced handheld calculator in the

world?
What ’s the most efficient way to use a computer moni-
tor?

ENTY:relig. What Caribbean cult did Marcus Garvey originate? What religion claims to control all nations?
ENTY:sport The second most popular sport worldwide is what? What is the most popular sport in the world?
ENTY:subst. What are the ingredients of Coca-Cola? What are the secretions of the Earth ’s crust?
ENTY:symbol What is the zodiac sign for August 14? What is the zodiac sign for August 14?
ENTY:tech. What is the best way to travel in Japan? What are the best ways to get a text message when you

have a web address?
ENTY:termeq How do you say I love you in Spanish? How do you say I love you in French?
ENTY:veh Which type of submarine was bought recently by South

Korea?
What type of sub was the Mercury Project Explorer?

ENTY:word What are the first six words of Dickens ’s A Tale of Two
Cities?

What are the first words of Dickens ’s The Scarlet
Letter?

HUM:desc Who is Nicolo Paganini? Who is Michael Jackson?
HUM:gr What stereo manufacturer is ” Slightly ahead of its

time ”?
What company produces’Prussia ’ ?

HUM:ind Who was the first black woman to star in the Folies
Bergeres?

Who was the second woman to star in the movie ” Lo-
gan ’s Littlest Baby ”?

HUM:title What is her profession? What is her occupation?
LOC:city What is the largest city in the world? What is the largest city in the world?
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LOC:country What two European countries are joined by the Gran
San Bernardo Pass?

What two European countries share the Khyber Pass?

LOC:mount Where do people mountain climb in Nepal? Where do most people live?
LOC:other What attracts tourists to Reims ? What attracts tourists to Reims ?
LOC:state What states do not have state income tax? What state does not have a lottery?
NUM:code What is Columbia Tristar ’s phone number? What is Judy Garland ’s phone number?
NUM:count How many corners does a spritsail have? How many sides does a lobster have?
NUM:date When did the Berlin Wall go up? When did the Berlin Wall go up?
NUM:dist How wide is the Atlantic Ocean? How wide is the Peloponnesian Sea?
NUM:money What is average salary of restaurant manager in

United States?
What is the average salary of a military major?

NUM:ord What chapter of Gone with the Wind has Rhett Butler
leaving Scarlett O ’Hara?

What chapter of Gone with the Wind ends with the line
: ” To your parents or not to your parents. ”?

NUM:other What is the latitude and longitude of El Paso , Texas? What is the population of San Diego, California?
NUM:perc Of children between the ages of two and eleven , what

percentage watch ” The Simpsons ”?
What percentage of Americans watch MTV?

NUM:period What is the time it takes a typist to type a screenplay
that is 100 pages long?

What is the time it takes the typical person to go to the
bathroom?

NUM:speed What is the speed of the Mississippi River? What is the speed of a Corvette ?
NUM:temp How hot should the oven be when baking Peachy Oat

Muffins?
How hot should a chef cook dinner?

NUM:volsize How big is our galaxy in diameter? How big is the Moon?
NUM:weight What is the weight of air? What is the weight of a teaspoon of matter?

Table 4: Examples of DATS outputs generated sentence on the QC task for each category.

A.4 Effects of Hyper-parameters
This section reports an analysis of the role of DATS hyper-parameters. In particular, we show the results
by varying (i) the number of most similar elements n used to generate the pairs for training M and
(ii) the number of elements l generated with nucleous sampling. Specifically, we tried n ∈ [1, 2, 5] and
l ∈ [1, 2, 3, 5, 7, 10]. In figure 1 we report the difference in Accuracy between our approach and the NoDA
baseline for each specific configuration. Each figure refers to a specific q (i.e., the average number of
examples per class) value, and reports the average delta accuracy computed on the QC, SA and IC tasks.
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Figure 1: Average Accuracy difference between DATS and the NoDA baseline w.r.t. different dataset sizes. We
vary the number n of pairs created with the learned similarity function and the number l of generated examples
with generation modelM. The average is computed w.r.t. the QC, SA and IC tasks.

In general, when using small datasets it is beneficial to use higher n values, i.e., to create more pairs for
training the NLG model. In fact, when q=10 we can observe that the best improvement is obtained with
n=2 or n=5.

Regarding the number l of examples generated throughM, we can observe that generating a higher
number of examples seems to be beneficial in almost every case, especially when dealing with a small
dataset. For example, when q=10 or q=50, our DA approach provides the best performance with l = 7
or l=10. More generally, we can observe a positive trend in generating at least l=5 examples with the
generation model.
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Abstract

The common practice for training common-
sense models has gone from–human–to–corpus–
to–machine: humans author commonsense
knowledge graphs in order to train common-
sense models. In this work, we investigate
an alternative, from–machine–to–corpus–to–
machine: general language models author these
commonsense knowledge graphs to train com-
monsense models.

Our study leads to a new framework, Sym-
bolic Knowledge Distillation. As with prior
art in Knowledge Distillation (Hinton et al.,
2015), our approach uses larger models to teach
smaller models. A key difference is that we
distill knowledge symbolically–as text–in ad-
dition to the resulting neural model. We distill
only one aspect–the commonsense of a general
language model teacher, allowing the student
to be a different type of model, a common-
sense model. Altogether, we show that careful
prompt engineering and a separately trained
critic model allow us to selectively distill high-
quality causal commonsense from GPT-3, a
general language model.

Empirical results demonstrate that, for the first
time, a human-authored commonsense knowl-
edge graph is surpassed by our automatically
distilled variant in all three criteria: quantity,
quality, and diversity. In addition, it results in
a neural commonsense model that surpasses
the teacher model’s commonsense capabilities
despite its 100x smaller size. We apply this to
the ATOMIC resource, and will share our new
symbolic knowledge graph and commonsense
models1.

1 Introduction

Prior works have suggested that pre-trained lan-
guage models possess limited understanding of
commonsense knowledge (Merrill et al., 2021; Tal-
mor et al., 2021; Davis and Marcus, 2017) despite

1We will share this following the anonymity period. We
have permission from OpenAI to release GPT-3 generations

GPT-3
175B Parameters 
General Model

!

ATOMIC10X 

6.5M Examples 
Commonsense KG

COMETdistil 

1.5B Parameters 
Commonsense Model

Symbolic Knowledge
Distillation

!CRITIC 

Fine-tuned RoBERTa 
filters for quality

Figure 1: Symbolic knowledge distillation extracts the
commonsense from the large, general language model
GPT-3, into 2 forms: a large commonsense knowledge
graph ATOMIC10x, and a compact commonsense model
COMETDIS

TIL. The quality of this knowledge can be con-
trolled and improved by adding a critic model, making
GPT-3 a stronger teacher.

otherwise stellar performance on leaderboards. As
a result, symbolic commonsense knowledge graphs
(Speer et al., 2017; Sap et al., 2019; Hwang et al.,
2021) and corresponding neural representations
(Bosselut et al., 2019; Hwang et al., 2021; Zhang
et al., 2020b) have supplemented past models with
commonsense capabilities. This has enabled di-
verse downstream applications, including interac-
tive learning through a conversational interface
(Arabshahi et al., 2021), persona- and affect-aware
conversation models (Kearns et al., 2020), figura-
tive language understanding (Chakrabarty et al.,
2020, 2021), story telling (Ammanabrolu et al.,
2021a) and fantasy games (Ammanabrolu et al.,
2021b).

The common practice for commonsense knowl-
edge graph construction sees humans spell out
as many pieces of knowledge as possible. This
pipeline goes from–human–to–corpus–to–machine,
with commonsense models trained from human-
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authored knowledge graphs. Yet, high-quality,
human-authored knowledge is expensive to scale,
limiting coverage; this motivates an alternative:
from–machine–to–corpus–to–machine. Prior ef-
forts toward automatic commonsense knowledge
graphs have resulted in considerably lower qual-
ity than human-written data (Hwang et al., 2021;
Zhang et al., 2020b), which in turn leads to less
reliable neural models (Hwang et al., 2021). Broad
literature consistently shows machine-authored
knowledge graphs underperform human-authored
graphs (Etzioni et al., 2011; Mitchell et al., 2015;
Bollacker et al., 2008).

In this work, we propose Symbolic knowledge
distillation, a new conceptual framework towards
high-quality automatic knowledge graphs for com-
monsense, leveraging state-of-the-art models and
novel methodology. Most prior art for automatic
knowledge graph construction extracts knowledge
from raw text (Bhakthavatsalam et al., 2020; Zhang
et al., 2020a; Zhou et al., 2020; Zhang et al., 2020b;
Li et al., 2020). In contrast, our approach is mo-
tivated by knowledge distillation (Hinton et al.,
2015) wherein a larger teacher model transfers
knowledge to a compact student model (§2.1). Our
method differs from prior knowledge distillation in
key ways: we distill a symbolic knowledge graph
(i.e., generated text) in addition to a neural model,
and we distill only a selective aspect of the teacher
model. This selectively allows the student model
to be of a different type (commonsense model),
compared to the teacher (general language model),
enriching the scope of distillation. An added ben-
efit is that knowledge distilled as text is human
readable: it can be understood and evaluated.

A general language model–GPT-3 in our case–is
an imperfect commonsense teacher on its own, and
the ability to evaluate distilled knowledge is useful
in improving it. We empirically demonstrate that,
by training a separate critic model to judge sym-
bolic generation quality, a more precise teacher can
be defined. Knowledge from this critical teacher
is higher quality–even exceeding human-authored
knowledge. Yet even before training a critic, our
study makes the unexpected finding that the student
model surpasses the commonsense of GPT-3, our
knowledge source.

To test symbolic knowledge distillation against
the human–to–corpus–to–machine paradigm, we
compare with ATOMIC20

20 (Hwang et al., 2021),
which is a human-authored commonsense knowl-

edge graph. We find that ATOMIC10x, our machine-
generated corpus, exceeds the human generated
corpus in scale, accuracy, and diversity with re-
spect to 7 commonsense inference types that we
focus on in this study. The resulting commonsense
model, COMETDIS

TIL, not only surpasses the human-
trained equivalent COMET20

20, but is also smaller,
more efficient, and produces commonsense at a
higher accuracy than its own teacher–GPT-3.

Symbolic knowledge distillation offers a promis-
ing new role for general language models, as com-
monsense knowledge sources, and humans, as
small-scale evaluators to train critic models rather
than authors of commonsense knowledge. Our
work demonstrates that humans and LMs can be
effective collaborators for curating commonsense
knowledge graphs and training efficient and perfor-
mant commonsense models.

2 Overview and Key Findings

Throughout our work, we describe the machine–
to–corpus–to–machine methodology of symbolic
knowledge distillation. We first go machine–to–
corpus (§3), by decoding from GPT-3, then im-
prove our knowledge with a specialized critic
model (§4), and finally distill this knowledge
into an efficient commonsense model (§5), going
corpus–to–machine. Throughout this process, we
evaluate against a human knowledge source, com-
paring our automatic knowledge graph ATOMIC10x

and commonsense model COMETDIS
TIL to the human-

authored ATOMIC20
20 and resulting model COMET20

20

(Hwang et al., 2021).

2.1 Symbolic Knowledge Distillation

Our proposed methodology parallels knowledge
distillation (Hinton et al., 2015), a method for com-
pressing a large or complicated teacher distribution
Pt into a smaller/simpler student distribution Ps.
Key to knowledge distillation2 is the notion of min-
imizing the cross-entropy between Pt and Ps:

H(Pt, Ps) = −
∑

y∈Y
Pt(y) logPs(y) (1)

Knowledge is transferred to the student by encour-
aging it to match teacher predictions. Hinton et al.
(2015) apply this to conditional classification: for

2In its simplest case, with temperature set to 1.0
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X starts running xEffect
so, X gets in shape X sings a song HinderedBy

but not if
X can't remember 

the lyrics

X and Y engage in 
an argument

xWant
so, X wants to avoid Y X is not well 

liked
xReact

so, X feels lonely

X learns to type 
fast

xNeed
X needed

to have taken 
typing lessons

X takes care of 
a monkey

xAttr 
X is seen as kind

X steals his 
grandfather's sword

xEffect
so, X

is punished by 
his grandfather X butts in HinderedBy

but not if
X is too shy to 

speak up

X takes up new 
employment

xIntent
because X wants

to be self 
sufficient

X waits for the 
storm to break

xEffect
so, X

is safe from the 
storm

Figure 2: Example automatically generated ATOMIC triples from our ATOMIC10x commonsense knowledge graph.
Each example includes a generated event, relation (with natural language interpretation), and generated inference.

each training input, Pt and Ps are model predic-
tions over label set Y . Typically Y is a tractable set,
over which this sum can reasonably be calculated.

For distilling the knowledge of generative mod-
els, we can think of an unconditional language
model (LM e.g. GPT-3) as Pt. This makes Y the
set of all strings, over which LMs define probability.
Unfortunately Y is an exponential set, intractable
to sum over in Eq 1. Kim and Rush (2016) address
this problem by simply taking the mode of Pt over
Y , truncating most of the teacher distribution to the
most likely sequence and discarding information.

Instead, we consider a sampling-based interpre-
tation of the same objective:

H(Pt, Ps) = E
y∼Pt(y)

[− logPs(y)] (2)

which exactly equals the cross-entropy of Eq 1, at
the limit under pure sampling from Pt.3

Yet distilling all knowledge from the teacher may
not be desirable–our work is specifically focused
on distlling commonsense knowledge from GPT-
3. The ideal teacher Pt is a commonsense expert,
but GPT-3 can approximate such a teacher, off-the-
shelf, via prompting. This ability to select informa-
tion is one explicit benefit of the sampling-based
interpretation of Eq 2: while Eq 1 uses continu-
ous logits over existing data, sampling gives dis-
crete control over transferred information, by se-
lecting which samples are elicited and used. For
the general language model GPT-3, We encour-
age domain/quality with prompting, and sample
truncation (Holtzman et al., 2020). We call this
the loose teacher PLt –knowledge is generated and
transferred from GPT-3, but without critical assess-
ment of correctness (§3).

3A useful consequence of this framing is that access to the
full model distribution is not required. Our experiments (§3)
use GPT-3, for which the distribution is not available, thus
our method is applicable while knowledge distillation is not.

In fact, sampling knowledge in Eq 2 offers even
more control, as generations can be individually
interpreted and judged. Given an indicator function
A(x) for which knowledge x is correct, we can
define a stronger teacher model. Using a Product of
Experts (Hinton, 2002) between the loose teacher
PLt and and the critic A(x), we define a critical
teacher:

Pt(x) ∝ PLt (x|p) ·A(x) (3)

In practice, A(x) is a textual classifier learned on
human judgements, 1 for knowledge predicted to
be correct and 0 otherwise. Thus, the critic gives
control over the correctness and confidence of the
knowledge that is transferred (§4).

2.2 Key Findings
Applying symbolic knowledge distillation in prac-
tice results in promising and surprising findings:

1. Learning symbolic knowledge from language
models can be framed as a symbolic extension
to knowledge distillation. In §2.1, we describe
learning commonsense as a symbolic extension to
knowledge distillation, with GPT-3 a knowledge
source. We elaborate on this process with positive
results in §3,4, and 5.

2. Symbolic knowledge distillation constructs
a high quality knowledge graph at scale. Our
method naturally yields a machine-generated com-
monsense knowledge graph, which can achieve
impressive quality (§4), beyond that of human-
authored data. An effective critic which filters
incorrect generated knowledge is key.

3. A critical teacher results in a higher quality
student. In §4, we show that making the teacher
more critical results in higher quality knowledge,
even as it reduces the scale of knowledge trans-
ferred. This demonstrates that quality matters, not
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just quantity, as higher quality knowledge results in
a higher quality commonsense model in §5 despite
smaller scale data.

4. Critical teacher or not, a student can outper-
form the knowledge source. In §5, we show the
unexpected result that all student models exceed
the quality of GPT-3, the knowledge source.

5. Machines can win over humans for automatic
knowledge graph construction. In §4 and §5,
we show that machine generated knowledge and the
resulting commonsense model can outperform their
equivalents that use a human knowledge source.
Our symbolic knowledge exceeds humans at scale,
quality, and diversity. The resulting commonsense
model achieves the most accurate commonsense
KG completions.

3 Machine-to-Corpus Verbalization

Symbolic knowledge distillation begins by going
machine–to–corpus, i.e. generating many com-
monsense facts, which results in a commonsense
knowledge graph. §2.1 frames this as sampling
to estimate the knowledge distillation objective–a
student commonsense model learns from the gen-
erations of a teacher (GPT-3).

We start with a loose teacher, transferring knowl-
edge by prompted generation with truncated sam-
pling alone–this is in contrast to the critical teacher
(§4) which explicitly judges and filters the gen-
erated samples. The loose teacher uses few-shot
prompting as in Brown et al. (2020). We use a
few-shot template:

<TASK-PROMPT>
<EX1-INP><EX1-OUT>

. . .
<EXN−1-INP><EXN−1-OUT>
<EXN-INP>

where <EXi-INP>/<EXi-OUT> are human-
authored, natural language ATOMIC entries,
and <TASK-PROMPT> is a description of the
problem. Given such a prompt, GPT-3 generates
the missing piece, output <EXN-OUT> for input
<EXN-INP>, following the pattern of earlier
examples (1 to N-1). We find important aspects for
producing high-quality commonsense knowledge:

• Examples should be numbered. e.g.
<EX5-INP> might begin with "5)" to in-
dicate it is the 5th example.

• The format of <EXi-INP> and <EXi-OUT>
should linguistically imply the relationship be-
tween them. See below for examples.

• <TASK-PROMPT> can be used to give extra
specification to complicated problems.

3.1 Data: ATOMIC

We demonstrate symbolic knowledge distillation
on the ATOMIC if-then resource (Sap et al., 2019).
This follows an event-relation-inference (triple) for-
mat. The corpus links events (e.g. X attacks Y) to
relations, e.g. HinderedBy which describes what
might hinder an event. For a relation/event, the
goal is to generate a resulting inference, e.g. X
attacks Y HinderedBy X is restrained.

Of the 23 relations from the most recent version–
ATOMIC20

20–we limit our investigation to 7 relations
that correspond to causal commonsense knowl-
edge: xAttr (how X is perceived after event), xRe-
act (how X reacts in response to event), xEffect
(what X does after event), xIntent (X’s intent in
event), xWant (what X wants after event), xNeed
(what X needed for event to take place) and Hin-
deredBy. We describe how verbalization is ap-
plied to ATOMIC data in 2 steps: generating under-
lying events (heads), then full examples (inference
given event).

3.2 Event Generation

Events are context-free premises in ATOMIC

involving PersonX (and sometimes a second
PersonY) in various scenarios. These events form
heads in knowledge graph triples. We generate
events by filling in the elements of our template:

1. Event: X overcomes evil with good
2. Event: X does not learn from Y
. . .
10. Event: X looks at flowers
11.

The format is simple, as events are generated un-
conditionally. We use 100 high-quality events from
the ATOMIC20

20 corpus for our prompt, selected
to avoid grammatical or logical errors, and min-
imize semantic overlap. We randomly sample 10
of these seed events for each generation batch, re-
sulting in randomized prompts. We use nucleus
sampling (p = 0.9) (Holtzman et al., 2020), and
presence/frequency penalties of 0.5 from the GPT-
3 interface. We generate 165K unique events using
the 175B-parameter Davinci model4 from Brown

4the largest available version of GPT-3
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et al. (2020) (human-authored ATOMIC20
20 contains

only 6.2K events).

3.3 Inference Generation
Generating ATOMIC inferences requires reasoning
about events and relations together. We design ver-
balization templates fo reach relation, with iterative
design and small-scale verification by the authors5

e.g. we prompt the xNeed relation as follows:

What needs to be true for this

event to take place?

. . .

Event <i>: X goes jogging

Prerequisites: For this to

happen, X needed to wear running

shoes

. . .

Event <N>: X looks at flowers

Prerequisites: For this to

happen,

The language of this template implies the relation-
specific task, both "Prerequisites:" and beginning
with "for this to happen" suggest the xNeed re-
lation. As well, we include an xNeed-specific
<TASK-PROMPT>. We use 10 few-shot examples
for each prompt.6

For each event/relation (165K X 7) we gener-
ate 10 inferences with the Curie GPT-3 model7

and earlier hyperparameters. Removing duplicate
and degenerate (e.g. fewer than 3 characters) gen-
erations yields 6.46M ATOMIC-style data triples
(examples in Figure 2). We call this ATOMIC10x,
as it contains an order of magnitude more triples
than ATOMIC20

20 for the 7 relations we study.

3.4 Evaluating a Generated Commonsense
Knowledge Graph

Machine generation enables a large scale of unique
generations at a much lower cost than human-
authored knowledge (Table 1), but what kind of
examples are produced by GPT-3, and how does
it differ from knowledge produced by humans? In
this section, we conduct an in-depth analysis to
answer these questions.

5See Appendix D for full prompts.
6We also replace anonymous names (“X”) with sampled

generic names as this improved quality, See Appendix D. Once
generation is complete, we substitute in generic markers (“X”)
for the final dataset.

7for the largest, Davinci, 12M generations is computation-
ally/monetarily intractable.

Relation ATOMIC20
20 ATOMIC10x

HinderedBy 77,616 1,028,092
xNeed 100,995 760,232
xWant 109,098 730,223
xIntent 54,839 965,921
xReact 62,424 1,033,123
xAttr 113,096 884,318
xEffect 90,868 1,054,391

Total Count 608,936 6,456,300
Est Total Cost ~$40,000 ~$6,000
Est Cost Per Triple ~$0.06 ~$0.001

Table 1: Number of unique triples with the given
relation, |(·,relation, ·)|. The estimated cost for
ATOMIC10x comes at a fraction of a conservative estima-
tion for ATOMIC20

20 crowdsourcing costs.

Lexical Differences: Diversity and Uniqueness
Recent work finds that machine generations can be
repetitive and lack diversity (Welleck et al., 2020;
Holtzman et al., 2020); one way generated knowl-
edge may differ from human-authored is less cre-
ative word choice, diversity, or more repetition.

To test this, we begin with lexical diversity
(i.e. unique words used, Table 2). While there
is variation by relation, the diveristy of ATOMIC10x

actually exceeds ATOMIC20
20 here, 5.2M unique

words to 1.5M. In addition, it contains significantly
more strictly unique generated inferences (Table 2,
unique tails).

BLEU Soft Uniqueness. Exact match (above)
fails to capture the notion of similar text. Follow-
ing the intuition of self-BLEU (Zhu et al., 2018),
we define soft uniqueness to describe diversity of
generations in a corpus. An inference x is softly-
unique if:

BLEU2(C, x) < 0.5

where C is the set of inferences for a given in-
put (in our case, event + relation), and 0.5 is an
empirical threshold. To find soft-uniqueness of a
corpus, we iteratively remove examples until all
are softly unique, i.e. low mutual lexical over-
lap; higher diversity means more such examples
(thus a larger softly unique corpus is preferable).
Softly-unique corpus sizes are given in Table 4
(“Size (div)”). ATOMIC10x has a smaller fraction
of softly-unique examples than ATOMIC20

20, yet it
contains many more such examples. ATOMIC10x

contains 4.38M such examples (full size 6.5M) vs.
ATOMIC20

20, which has 560K (full size 600K).
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Unique Unique
Length Tokens (K) Tails (K)

A20
20 A10x A20

20 A10x A20
20 A10x

xWant 4.69 5.16 322 784 69 152
xAttr 1.42 2.73 15 21 11 8
xEffect 3.92 4.66 216 864 55 185
xIntent 4.59 5.92 136 800 30 135
xNeed 4.51 5.97 289 1378 64 231
xReact 4.03 1.77 48 5 12 2
HinderedBy 7.93 7.49 522 1775 290 874

Events 5.20 5.32 109 881 6.2 165

Table 2: Average length, total unique tokens and total
unique examples (in K, i.e. 1000s) by relation type
and in events (bottom row) from ATOMIC20

20 (A20
20) and

ATOMIC10x (A10x).

Entropy Cross Entropy KL Divergence

H(D1) = 1.27 H(D1, D2) = 9.31 DKL(D1||D2) = 8.04

H(D2) = 7.80 H(D2, D1) = 41.48 DKL(D2||D1) = 33.68

Table 3: Entropy, cross-entropy, and divergence of
ATOMIC20

20 (D1) and ATOMIC10x (D2).

Model-based Diversity Measurement. Lexical
notions of diversity reward differences in surface
form, which may not always reflect diversity of
information, only format. Thus, we next study
information-theoretic measures for diversity. In-
tuitively, diverse information should be less pre-
dictable, or higher entropy. With GPT-2 XL mod-
els finetuned on ATOMIC20

20 and ATOMIC10x (§5)
we estimate entropy–roughly, how difficult it is
for a model to capture the corpus information (Ta-
ble 3). This is 4 times higher for ATOMIC10x,
suggesting more content from a modeling per-
spective. We also estimate cross-entropy–how
well a model trained on one corpus describes the
other. From ATOMIC10x to ATOMIC20

20, this is 9.31,
only 2 points higher than its entropy suggesting
ATOMIC20

20 is describable with information from
ATOMIC10x. In reverse, this is 41.48 suggesting
much of ATOMIC10x is not captured by ATOMIC20

20–
ATOMIC10x is surprising given only information
from ATOMIC20

20.

Human Evaluation of Quality. Perhaps most
importantly, we study the quality of knowledge in
each corpus. We conduct human evaluation with
Amazon Mechanical Turk. 3 annotators rate each
triple resulting in “accepted”, “rejected” or “no
judgement”. We evaluate 3000 examples8 from

8this ensures at least 1000 after filtering by the critic §4)

Corpus Accept Reject N/A Size Size (div)

ATOMIC20
20 86.8 11.3 1.9 0.6M 0.56M

ATOMIC10x 78.5 18.7 2.8 6.5M 4.38M
88.4 9.5 2.1 5.1M 3.68M

(criticlow) 91.5 6.8 1.7 4.4M 3.25M
95.3 3.8 1.0 3.0M 2.33M

(critichigh) 96.4 2.7 0.8 2.5M 2.00M

+ GPT-J 72.0 27.6 0.4 - -
+ T5-11B LM 71.7 26.9 1.4 - -

Table 4: Attributes of ATOMIC10x and ATOMIC10x (row
2) including the critic model (§4, rows 3 - 6) with var-
ious filtering cutoffs. Accept and Reject are by ma-
jority human vote unless any mark N/A. Size is in
unique examples9. The highest precision corpus is
ATOMIC10x with (critichigh), but multiple versions sur-
pass ATOMIC20

20. We also include alternate models (GPT-
J and T5-11B) as the loose teacher.

ATOMIC10x, and 1000 from ATOMIC20
20 (Table 4).

We find Fleiss’ kappa (Fleiss, 1971) of 40.8 indicat-
ing moderate agreement (Landis and Koch, 1977),
and 90.5% accuracy agreement. We require work-
ers meet an Amazon Mechanical Turk qualification
for annotation quality based on past commonsense
evaluations. We compensate workers $0.17 per
task, which we estimate require 30 seconds. Fur-
ther details and task template are in appendix §A.

For the loose teacher, consider the top row of
ATOMIC10x in Table 4 (other rows add the critic
§4). ATOMIC10x exceeds ATOMIC20

20 in scale, but
is somewhat less acceptable by human raters–by
roughly 8 percentage points. Yet, the larger scale of
ATOMIC10x implies a significantly higher number
of accurate examples. Increasing the proportion of
these is the main objective of the critic (§4).

How do Knowledge Sources Compare? To un-
derstand the robustness of our approach, we assess
other language models as the knowledge source
(i.e. loose teacher): GPT-J (Wang and Komat-
suzaki, 2021) and T5-11B adapted for language
modelling (Lester et al., 2021). We substitute both
for GPT-3 as in §3.2,3.3, generating a small-scale
corpus to evaluate. We conduct human evaluation
on 1000 examples as above (Table 4). Both mod-
els attain roughly 72% accuracy, 6 points below
GPT-3 (78.5). This suggests strong potential, but
higher quality from GPT-3. We explore this further
in Appendix B.

9Size of ATOMIC20
20 is given as the number of comparable

datapoints, i.e. those with the same relations as ATOMIC10x.
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4 Making the Teacher More Critical

Symbolic knowledge distillation requires a strong
teacher model to maximize the quality of the gener-
ated knowledge graph and resulting student model
(§5). While the loose teacher (GPT-3 alone) re-
sults in a viable commonsense knowledge graph,
evaluation shows this isn’t a perfect commonsense
teacher. Thus, we multiply in a critic model, to fil-
ter lower-quality knowledge, correcting the teacher
(§2.1). With modest supervision (a small-scale hu-
man evaluation) we train a classifier to predict and
discriminate unacceptable examples. We multiply
this with the loose teacher §3, creating a critical
teacher product of experts. In practice this means
filtering ATOMIC10x to create new corpora that are
higher quality, yet still larger scale than human-
authored ATOMIC20

20.

Training a knowledge critic We gather a train-
ing set of correct vs. incorrect human judgments
on a randomly-sampled set of 10K entries of
ATOMIC10x, as in §3.4 but with one annotation per
example. We take a (random) train/dev/test split of
8k/1k/1k. While this step requires human annota-
tion, humans take on the role of high-level supervi-
sors here–critiquing a small number of generations
rather than authoring the entire knowledge graph
as in previous work. Indeed, the cost/complexity
of this step is similar to a typical human evaluation,
making it far cheaper/easier than eliciting human-
authored knowledge in past work.

We train binary classifiers (critics) for human ac-
ceptability using RoBERTa-Large (Liu et al., 2019).
We find pretraining on MNLI results in the best
model in terms of precision and recall, and we sug-
gest this technique for future studies. We give more
detail in Appendix C, including baselines. Our best
model vastly improves the accuracy of ATOMIC10x

(Table 4), demonstrating that a small amount of
human supervision can consistently help to correct
GPT-3’s mistakes.

Size-accuracy trade-off Using our critic to fil-
ter knowledge results in a natural trade-off be-
tween size and accuracy. We test several cut-
offs for ATOMIC10x, i.e. confidence at which
the critic rejects examples. We report human-
measured accuracy (Accept/Reject column Ta-
ble 4) following §3.4. We compare the loose
teacher (unfiltered) to critical teachers. Discard-
ing 20% of instances that the critic judges as least
acceptable (reducing corpus size from 6.5M to

Random Inf Event EMAP Full

AP 79.3 81.9 86.2 87.1 94.0

Table 5: Average Precision for ablated critic models.
The critic not only filters awkward phrasings which can
be identified by either the event (Event) or inference
(Inf) in isolation (EMAP only identifies these), but also
logical misalignments, which require modeling interac-
tions between event/inference, i.e. the full critic (Full).

5.1M), ATOMIC10x’s accuracy rises 78.5→ 88.4;
human-authored ATOMIC20

20 contains 600K entries
at 86.8% accuracy. Reducing to total size to 2.5M
examples (38% of full size), we attain 96.4% accu-
racy, nearly 10 points above ATOMIC20

20 while still
4X larger.

What gets filtered out? We qualitatively identify
two types of filtered triples: 1) logical misalign-
ments, events/inferences joined in an inconsistent
manner. Recognizing these requires understand-
ing events-inference interactions, e.g., X cannot
find his shirt as a result X is wearing a shirt; 2)
awkward phrasings, in which events/inferences are
individually incoherent e.g. PersonX has a fire in
the bath–resulting triples are invalid as the event is
implausible.

To understand what is filtered, we ablate the
critic (Table 5): our full model is compared to a
random predictor, event-only model, and inference-
only model. We also compare to an EMAP (Hessel
and Lee, 2020) version, i.e. an ensemble of event
and inference-only, without interactions between
event/inference (needed for logical misalignments).

We find GPT-3 produces both independent
awkwardly-phrased events/inferences (filtered by
X-only models) and logical misalignments. The
classifier, trained on validated knowledge triples,
helps in both cases. The EMAP of our full model
(identifies only awkward phrasings) achieves 87%
AP, and our full model (which additionally identi-
fies logical misalignments) improves to 94% AP.

Does filtering hurt diversity? One concern is
that the critic may keep only similar “safe” ex-
amples, lacking novelty. We repeat our diversity
analysis (§3.4) for critical corpora (Table 4, “Size
(div)”, higher=better). As we filter, we surprisingly
observe proportionally more diverse examples: full
ATOMIC10x has a diverse subset 68% of its size;
rising to 80% with the most extreme filtering. One
possibility is that GPT-3 gravitates towards com-
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CKG Completion Train Corpus
Model Acc Accept Reject N/A

GPT2-XL zero-shot - 45.1 50.3 4.6
GPT-3 - 73.3 24.1 2.6
COMET20

20 86.8 81.5 16.3 2.2

COMETDIS
TIL 78.5 78.4 19.2 2.4

+criticlow 91.5 82.9 14.9 2.2
+critichigh 96.4 87.5 10.2 2.3

Table 6: Model performance on knowledge base com-
pletion, measured by human judgement. Inferences are
generated on held-out events from ATOMIC20

20. Models
besides GPT-3 use GPT-2 XL architecture. COMETDIS

TIL

with a strong critic (+critichigh) achieves the highest
acceptance rate overall–87.5.

mon sentence structures for inconsistent knowl-
edge. These would be recognizable to the critic,
and removing them would increase both quality
and diversity. This surprising result warrants fur-
ther study.

5 Corpus-to-Machine: Distillation

The final step of symbolic knowledge distillation
trains a compact model on the generated natural
language knowledge graph. Our base model is
GPT2-XL trained on all of ATOMIC10x: we denote
this model by COMETDIS

TIL . We additionally train the
model on critical versions of ATOMIC10x–critlow
denotes training on the corpus achieving 91.5% ac-
curacy, and crithigh on the 96.4% accuracy corpus.
Models are trained for 1 epoch, with default param-
eters using the Huggingface Transformers library
(Wolf et al., 2019).

5.1 Evaluating a Symbolically Distilled Model

Evaluation follows past work (Hwang et al., 2021;
Bosselut et al., 2019; Sap et al., 2019) testing the
ability of models to do knowledge base completion,
i.e. generating inferences for test events, specif-
ically from the ATOMIC20

20 test set. We use hu-
man evaluation10 following Section 3.4, on 1000
inputs (event + relation), with results in Table 6. We
compare to the GPT2-XL-based COMET20

20 model
trained on human-generated ATOMIC20

20, and GPT-
3 using the same generation method as §3–in ef-
fect, comparing the student COMETDIS

TIL to the loose
teacher GPT-3. We omit the critical teacher (GPT-
3 + critic), which is not assured to produce an in-

10We find Fleiss’ kappa (Fleiss, 1971) of 47.1 for accep-
tance, indicating moderate agreement. (Landis and Koch,
1977), and accuracy agreement of 88.7%.

ference for each input, as the critic may reject all
tails for some inputs. We also compare to zero-shot
GPT2-XL (Radford et al., 2019) using the same
methodology (Table 6).

How does COMETDIS
TIL compare to GPT-3? In

knowledge distillation, the student model often de-
teriorates in performance (Hinton et al., 2015; Kim
and Rush, 2016) compared to its teacher. Compar-
ing our base teacher–GPT-3–to the simplest version
of COMETDIS

TIL (top-row COMETDIS
TIL of Table 6) sur-

prisingly shows the student surpasses GPT-3, the
model that generates its training data11. We posit
that the superior performance of COMETDIS

TIL may
have to do with mistakes of GPT-3 being filtered by
verbalization and training of GPT-2, and possibly
the focus of COMETDIS

TIL on one commonsense do-
main while GPT-3 covers a more general domain.
We leave further study of this effect for future work.

How does COMETDIS
TIL compare to human knowl-

edge? While COMETDIS
TIL without the critic is

slightly outperformed by COMET20
20 in terms of ac-

curacy, this reverses with the critic. For both cutoffs
tested, COMETDIS

TIL surpasses COMET20
20, with more

filtering resulting in a wider gap.

Usefulness of COMETDIS
TIL For on-demand infer-

ence, where a single high quality inference for
some input event/relation is required, COMETDIS

TIL

is the best available model: the most performant
version surpasses COMET20

20 by 5 points and GPT-3
by over 10. The critical teacher (GPT-3 + critic)
yields a more accurate corpus, but may filter all
inferences for an input, giving no output.

Limits and Future Work The success of
symbolic knowledge distillation is a first step–
demonstrating superior performance to human au-
thoring on the commonsense relations tested here.
No aspect of our approach is specific to these rela-
tions, yet further work is needed to explore the fea-
sibility of generation for other aspects of common-
sense and knowledge, beyond these relations, to
concepts like physical or temporal commonsense.

6 Related Work

Commonsense Knowledge Graphs (CKG)
CKGs provide knowledge for commonsense rea-
soning. Some are manually constructed, e.g.

11The slight difference in acceptability for GPT-3 from
Table 4 is likely due to variance in raters between rounds of
evaluation, and a different distribution of events–Table 4 uses
generated events while Table 6 uses events from ATOMIC20

20.
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ATOMIC (Sap et al., 2019; Hwang et al., 2021).
ConceptNet (Speer et al., 2017) contains taxonomy
and physical commonsense, authored by humans
or compiled from such sources. Some CKGs are
automatically constructed: TransOMCS (Zhang
et al., 2020a) extracts 18.48M tuples from syntactic
parses and CausalBank (Li et al., 2020) extracts
314M cause-effect pairs by pattern-matching. In
contrast, we generate commonsense.

Extracting Knowledge from LMs Past work
uses models for automatic knowledge graph com-
pletion (Bosselut et al., 2019; Hwang et al., 2021;
Li et al., 2020). Yet, models are trained on existing
resources; ATOMIC10x is generated without these.
Other works mine factual/commonsense knowl-
edge directly from off-the-shelf LMs (Petroni et al.,
2019; Davison et al., 2019; Xiong et al., 2020), but
not resulting in the quality at scale of ATOMIC10x.

Knowledge Distillation Other works use knowl-
edge distillation (Hinton et al., 2015) for genera-
tion. (Sanh et al., 2019) follow a label smoothing
formulation, while Kim and Rush (2016) follow a
similar formulation to us (§2.1), use the mode of
the teacher distribution rather than sampling. Our
work is unique in distilling specific information
(commonsense) from a general language model.

Data Generation While manual dataset creation
is expensive and complex (Schwartz et al., 2017;
Agrawal et al., 2018; Tsuchiya, 2018; Bras et al.,
2020),crowdsourcing is the most popular method
for goal-oriented, high quality/coverage datasets.

Past automatic data mainly use extractive ap-
proaches, e.g. syntactic parsing (Zhang et al.,
2020a) or pattern matching (Li et al., 2020) from
unstructured text (Lehmann et al., 2015; Buck et al.,
2014). These scale, but are noisy and limited in
format–ATOMIC knowledge will not appear simply
in natural text. Some works explore automatic data
synthesis/expansion by finetuning LMs on existing
labeled data (Anaby-Tavor et al., 2020; Papaniko-
laou and Pierleoni, 2020; Kumar et al., 2020; Yang
et al., 2020), but are limited by data quality.

7 Conclusions

We introduce symbolic knowledge distillation, a
machine–to–corpus–to–machine pipeline for com-
monsense that does not require human-authored
knowledge–instead, using machine generation.
Knowledge is transferred from a large, general
model to a compact commonsense model, through

a commonsense corpus–yielding a commonsense
knowledge graph and model. Our resulting sym-
bolic knowledge graph has greater scale, diversity,
and quality than human authoring. symbolic knowl-
edge distillation offers an alternative to human-
authored knowledge in commonsense research.
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Ethical Considerations

One aspect of our work with the potential for ethi-
cal pitfalls is large-scale generation from pretrained
language models, in constructing ATOMIC10x. Re-
cent work (Bender et al., 2021) has highlighted the
risks of models trained on massive text resources,
as GPT-3 (Brown et al., 2020) is, which we use
for generation. Indeed, open generations from pre-
trained language models can often contain harmful,
biased, or offensive aspects. We argue here that
this risk is largely mitigated in our work, mainly
due to the narrow and constrained nature of our
generations. The goal of our work is characterising
simple and generic anonymous situations, specifi-
cally in terms of commonsense causes and effects.
We ensure generations are focused on these top-
ics through careful prompting, which we found to
be quite effective at keeping these generations on-
topic. As such, the potential for harmful generation
is very low; indeed, in a manual inspection of 100
generated examples, we found none that were sig-
nificant harmful, besides one that contained adult
content.

A related concern is the potential for large mod-
els and training sets to make automated oppression
or exploitation possible, for instance in surveillance
or generating fake news. As above, we argue that
the generic, commonsense nature of our data and
models makes this concern less relevant here. Our
data does not contain any information directly re-
lated to these harmful domains (e.g. social media
or fake news generation). While our data may as-
sist machines in understanding basic situations, this
is unlikely to be useful for harmful models given
the simplicity of our data and still-flawed com-
monsense capabilities of even the most advanced
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models.
Finally, we note that we ensure fair and gener-

ous compensation for all human evaluators we hire
through Amazon Mechanical Turk. Based on our
estimates of time required per task, we ensure that
the effective pay rate is at least $15 per hour.
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A Human Evaluation Details

We conduct human evaluations on Amazon Me-
chanical Turk using the template of Figures 4,5.
Workers are presented with ATOMIC-style triples,
replacing relations with natural language templates
(e.g. HinderedBy becomes “can be hindered by”).
3 annotators rate each triple, with options for ac-
ceptability: “always/often”, “sometimes/likely”,
“farfetched/never”, “invalid”, or “too unfamiliar to
judge”. The first two are considered “accepted”,
the second two “rejected” and the final is “no judge-
ment”. For reporting acceptance rates, and training
a critic model, we only distinguish between “ac-
cepted” and not “accepted”.

Workers are compensated $0.17 per task (i.e.
completing all questions in the evaluation template
Figures 4,5). We estimate an upper bound of 30s to
complete a single task, which gives an hourly rate
of $20.4. Workers are selected based on an Amazon
Mechanical Turk qualification, specifically filtering
for workers with high accuracy on past knowledge
base triple evaluations. We follow the same setup
for all evaluations, besides number of annotators.
This setup is shown to result in consistent and reli-
able annotations, with an inter-annotator agreement
given by Fleiss’ kappa (Fleiss, 1971) of 40.8 when
evaluating with 3 annotators, in §3.4.

B Using Alternate Models as Knowledge
Sources

One natural question that arises from the strong
performance of symbolic knowledge distillation is
whether other sources of knowledge (i.e. language
models) would similarly benefit from this method.
In this section, we particularly measure the capacity
of other language models to serve as the “loose
teacher” which generated the base knowledge of
the resulting corpus.

We expand our study beyond GPT-3 here (the
model used in our work), to include 2 contempo-
rary large language models, GPT-J (Wang and Ko-
matsuzaki, 2021) and T5-11B (Lester et al., 2021)
finetuned for language modelling. For knowledge
generation (verbalization) we follow the same pro-
cedure as §3 along with simple adjustments to im-
prove quality. We are investigating the effect of
the critic on knowledge precision here, so we also
include ATOMIC20

20 to probe the usefulness of auto-
matic filtering for human-authored knowledge.

For each knowledge source, we follow the hu-
man evaluation setup in §3.4 to obtain quality an-

notations of 2000 examples, with 1 annotation per
example. This follows a similar setup to §4–indeed,
we are replicating the earlier critic experiments but
at a smaller scale (2000 annotations vs. 10000)
to allow for more knowledge sources. For each
knowledge source, we randomly split into sizes of
1400/300/300 for train, dev, and test sets. We fol-
low §4 to train a critic model for each knowledge
source.

We plot different thresholds (% of corpus fil-
tered) against the resulting precision (proportion
of corpus that is judged to be “valid” knowledge)
in Figure 3, and give numbers at various sizes
in Table 7. One striking aspect is that a critic
model can raise the precision of any of these knowl-
edge sources to approximately 90% while retaining
30% of the original corpus size. While this dis-
cards a significant portion of the original generated
knowledge, it raises the exciting prospect of using
more cost-effective models at a large scale to gener-
ate strong commonsense corpora like ATOMIC10x.
GPT-J and T5-11B can both be run locally by
researchers, unlike GPT-3 which uses a pay-per-
generation API. Thus, one can imagine producing
a large and high-quality corpus like ATOMIC10x at
a lower cost by instead generating a larger volume
of knowledge from such an accessible model, and
simply filtering to a greater extent.

Another interesting aspect is how the various
knowledge sources diverge. Under little to no criti-
cal filtering (i.e. corpus size = 1.0), the precision
of various knowledge sources is widely spread. Be-
fore applying a critic, quality of knowledge source
is very important. Indeed, precision is ordered
by cost of generation: human ATOMIC20

20 has the
highest precision while being the most expensive,
followed by GPT-3 (used here) which is pay-per-
generation, and finally the two publicly available
models. Another point of divergence is for extreme
filtering (at approximately 20% of the original cor-
pus size. All knowledge sources but GPT-3 plateau
at approximately 90% accuracy, while GPT-3 rises
towards 100%. Indeed, this supports our use of
GPT-3 in this work, as a high-quality automatic
knowledge source.

C Critic Model

We train binary classifiers (critics) for human ac-
ceptability using RoBERTa-Large (Liu et al., 2019),
fine-tuning all parameters, along with a 2-layer
MLP on the [CLF] representation. We conduct
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Precision at Corpus Size (%)
Knowledge Source 100 90 80 70 60 50 40 30 20 10

ATOMIC20
20 84.0 86.3 87.9 89.0 88.3 88.7 91.7 90.0 90.0 90.0

GPT-J 71.7 76.7 81.7 83.8 86.7 88.0 88.3 87.8 93.3 90.0
T5-11B 64.7 66.7 70.8 74.8 79.4 84.7 89.2 92.2 91.7 93.3
GPT-3 curie 79.3 81.5 85.0 86.2 88.3 90.7 91.7 90.0 98.3 100.0

Table 7: Knowledge precision at various corpus sizes (from 100% to 10%) based on filtering by the critic model.
Precision is calculated by human annotation of valid or invalid knowledge. We consider 4 knowledge sources, as
described in Appendix B. This corresponds to the data plotted in Figure 3.
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Figure 3: Precision resulting from the critic step from
§4, with various thresholds. We include corpora gen-
erated by GPT-3 (ATOMIC10x), GPT-J, T5-11B, and
humans (ATOMIC20

20). Without filtering (corpus size =
1.0), different corpora have a variety of precisions. As
more examples are filtered by the critic, precision rises
significantly demonstrating the strong value of the critic
step.

a small grid search on the validation set finding
batch size 128, dropout .1, and Adam (Kingma
and Ba, 2015) learning rate 5e-6 to be effective.
We use early stopping and decay learning rate on
validation performance plateauing, to maximize
R@80% on the validation set. We find RoBERTa
pretrained on MNLI (Williams et al., 2018) effec-
tive, outperforming other options. As well, we
substitute randomly-sampled names in for person
designations “X”/“Y”. We include as a baseline an
unsupervised filtration metric inspired by (Davison
et al., 2019): they propose a model estimate of
PMI to score mined commonsense triples. In our
case, we use Negative Log-Likelihood (NLL) and
token-mean-NLL from GPT-3 itself.

The validation precision/recall of our best per-
forming model, the baselines, and the in-optimal
hyperparameter configurations are given in Fig-
ure 6. Once fixing our model, we applied it to the
test set (also in Fig 6), verifying that it generalizes
to ATOMIC10x entries. Overall, our trained critic
model is more effective than the baselines in iden-
tifying high and low quality teacher generations at
all levels of precision and recall. This result demon-
strates that a small amount of human supervision
can consistently help to correct GPT-3’s mistakes.

D ATOMIC10x Generation Prompts

We include example prompts for all generations
we do, from Table 8 to 15. Note that elements
of generation prompts are randomized for each
batch. For event generation, the few-shot examples
and order are randomly sampled from a seed set
of 100 high-quality examples from ATOMIC20

20 in
each batch. For inference generation, the natural
names used for PersonX and PersonY are randomly
sampled from a small predefined set of names.
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Instructions (click to expand/collapse)

(WARNING: This HIT may contain adult content. Worker discretion is advised.)

Thanks for participating in this HIT!

If the data is good, it's good. If bad, then bad. Please annotate as you see not worrying about how many of each label
you !nd yourself assigning! If you understand the words but the Phrases or the complete assertation makes poor
sense, please mark as INVALID. Thank you!

You will evaluate how often assertions are true. Each assertion is comprised of 3 parts: Phrase A, Relation,
Phrase B

For each assertion, determine how true it is:

If you see "nothing in particular" for Phrase B, assess Phrase B in context:

Sometimes certain actions can simply be responded to by doing nothing!

Other times, doing nothing in particular is simply a weird or unlikely reaction to something.

See examples under tricky relations tagged with nothing in particular example

Please report any prejudiced or inappropriate language:

Profane or o"ensive content (NSFW, R-rated material etc)

Prejudiced assumptions or derogatory language that villainizes people.
HOWEVER, please note, not all negative content is derogatory especially if Phrase B is intrinsically what Phrase
A means. For example:
criminals are characterized by committing crime is OK.
↳ This isn't necessarily villianizing people since "criminal" means "a person who has commited a crime".
homeless are characterized by being lazy is prejudiced.
↳ There are many reason a person is rendered homeless. This is a gratuitous prejudice about homelessness.

Material that people may !nd disturbing, o"-putting, or improper

A couple NOTES:

Please be forgiving of spelling or grammatical errors

If the terms are too obscure or you don't know the truth of the fact at the top of your head, it is okay to mark is
"too unfamiliar to judge". If you can answer (e.g., based on likelihood), please provide a response.

Phrase A, Phrase B Short phrases. May describe objects, object properties, events, actions, etc.
Relation How A relates to B.

always/often Always or quite often true.
sometimes/likely Sometimes is true or true for some people. -or- Likely true.
farfetched/never False or farfetched, at best. -or- Unlikely to be true.
invalid This assertion makes no sense (i.e., "what does this even mean?!").
too unfamiliar to judge Cannot make a fair evaluation. Unfamiliar with one or both of the phrase.

Tricky Relations (click to expand/collpase)

Examples (click to expand/collapse)

Figure 4: Page 1 of template used for human evaluation.
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1) PersonX approaches PersonY's aunt, as a result, PersonX feels, awkward

How often does the assertion hold true?

This fact is true but outdated

I would count this as an inappropriate, prejudiced or o"ensive material

2) PersonX asked PersonY out on a date, can be hindered by, PersonX is still dating Sarah

How often does the assertion hold true?

This fact is true but outdated

I would count this as an inappropriate, prejudiced or o"ensive material

3) PersonX fails to go home, as a result, PersonX, is grounded

How often does the assertion hold true?

This fact is true but outdated

I would count this as an inappropriate, prejudiced or o"ensive material

4) PersonX makes her own clothes, as a result, PersonX feels, artistic

How often does the assertion hold true?

This fact is true but outdated

I would count this as an inappropriate, prejudiced or o"ensive material

5) PersonX notices PersonY's response, can be hindered by, PersonX is distracted by the music

How often does the assertion hold true?

This fact is true but outdated

I would count this as an inappropriate, prejudiced or o"ensive material

always/often sometimes/likely farfetched/never invalid too unfamiliar to judge

always/often sometimes/likely farfetched/never invalid too unfamiliar to judge

always/often sometimes/likely farfetched/never invalid too unfamiliar to judge

always/often sometimes/likely farfetched/never invalid too unfamiliar to judge

always/often sometimes/likely farfetched/never invalid too unfamiliar to judge

(Optional) Please let us know if anything was unclear, if you experienced any
issues, or if you have any other fedback for us.

You must ACCEPT the HIT before you can submit the results.

Figure 5: Page 2 of template used for human evaluation.
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1. Event: PersonX unwraps PersonY’s hands

2. Event: PersonX overcomes evil with good

3. Event: PersonX is fed up with the present situation

4. Event: PersonX breaks PersonX’s back

5. Event: PersonX calls no one

6. Event: PersonX never gets angry

7. Event: PersonX does not learn from PersonY

8. Event: PersonX refuses to touch PersonY’s hands

9. Event: PersonX looks at flowers

10. Event: PersonX unloads an atomic bomb

11. Event:

Table 8: Prompt for head generation.
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Figure 6: Precision vs. recall of our critic model on
the human labelled validation set. The best trained
models are labelled, and other hyper-parameter settings
are shown as faded lines. We also include generation
negative log-likelihood (nll) and token-wise mean nll
as cutoff measures–these perform much worse than the
supervised model.
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Next, how are people seen in each situation? Examples:

Situation 1: Devin bullies Jean.

Devin is seen as dominant.

Situation 2: Jamie moves to another city.

Jamie is seen as adventurous.

Situation 3: Sydney changes Ryan’s mind.

Sydney is seen as influential.

Situation 4: Lindsay writes a story.

Lindsay is seen as creative.

Situation 5: Rowan covers Pat’s expenses.

Rowan is seen as wealthy.

Situation 6: Lee takes time off.

Lee is seen as carefree.

Situation 7: Riley advises Noel.

Riley is seen as informed.

Situation 8: Adrian bursts into tears.

Adrian is seen as depressed.

Situation 9: Hunter deals with problems.

Hunter is seen as responsible.

Situation 10: Sam follows Charlie.

Sam is seen as suspicious.

Situation 11: Alex makes Chris wait.

Alex is seen as

Table 9: Prompt for generating xAttr.
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Next, what do situations make people do? Examples:

Situation 1: Devin gets a divorce.

As a result, Devin dates someone new.

Situation 2: Jamie lifts weights.

As a result, Jamie has sore muscles.

Situation 3: Sydney takes Ryan to a bar.

As a result, Sydney gets drunk.

Situation 4: Lindsay decides to hire a tutor.

As a result, Lindsay gets better grades.

Situation 5: Rowan buys Pat drinks.

As a result, Rowan is thanked by Pat.

Situation 6: Lee hears bad news.

As a result, Lee begins to cry.

Situation 7: Riley buys a chocolate bar.

As a result, Riley gets change.

Situation 8: Adrian does a lot of work.

As a result, Adrian gets mental fatigue.

Situation 9: Hunter attends a concert.

As a result, Hunter hears a new song.

Situation 10: Sam gets the job done.

As a result, Sam gets more responsibilities.

Situation 11: Alex makes Chris wait.

As a result, Alex

Table 10: Prompt for generating xEffect.
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For each situation, describe the intent. Examples:

Situation 1: Devin gets the newspaper.

Devin intends to read the newspaper.

Situation 2: Jamie works all night.

Jamie intends to meet a deadline.

Situation 3: Sydney destroys Ryan.

Sydney intends to punish Ryan.

Situation 4: Lindsay clears her mind.

Lindsay intends to be ready for a new task.

Situation 5: Rowan wants to start a business.

Rowan intends to be self sufficient.

Situation 6: Lee ensures Ali’s safety.

Lee intends to be helpful.

Situation 7: Riley buys lottery tickets.

Riley intends to become rich.

Situation 8: Alex makes Chris wait.

Alex intends

Table 11: Prompt for generating xIntent.
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Next, we will discuss what people need for certain situations. Examples:

1. Before Devin makes many new friends, Devin has to spend time with people.

2. Before Jamie gets a date, Jamie has to ask someone out.

3. Before Sydney changes Ryan’s mind, Sydney has to think of an argument.

4. Before Lindsay gets a job offer, Lindsay has to apply.

5. Before Rowan takes a quick nap, Rowan has to lie down.

6. Before Lee tries to kiss Ali, Lee has to approach Ali.

7. Before Riley rides Noel’s skateboard, Riley has to borrow it.

8. Before Adrian eats the food, Adrian has to prepare a meal.

9. Before Hunter watches Netflix, Hunter has to turn on the TV.

10. Before Sam has a baby shower, Sam has to invite some friends.

11. Before Alex makes Chris wait, Alex has

Table 12: Prompt for generating xNeed.
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Next, how do people feel in each situation? Examples:

Situation 1: Devin lives with Jean’s family.

Devin feels loved.

Situation 2: Jamie expects to win.

Jamie feels excited.

Situation 3: Sydney comes home late.

Sydney feels tired.

Situation 4: Lindsay sees dolphins.

Lindsay feels joyful.

Situation 5: Rowan causes Pat anxiety.

Rowan feels guilty.

Situation 6: Lee goes broke.

Lee feels embarrassed.

Situation 7: Riley has a drink.

Riley feels refreshed.

Situation 8: Adrian has a heart condition.

Adrian feels scared about their health.

Situation 9: Hunter shaves Avery’s hair.

Hunter feels helpful.

Situation 10: Sam loses all of Charlie’s money.

Sam feels horrible.

Situation 11: Alex makes Chris wait.

Alex feels

Table 13: Prompt for generating xReact.
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Next, what do people want in each situation? Examples:

Situation 1: Devin mows the lawn.

Devin wants to take a shower.

Situation 2: Jamie is going to a party.

Jamie wants to take an Uber home.

Situation 3: Sydney bleeds a lot.

Sydney wants to go to the ER.

Situation 4: Lindsay works as a cashier.

Lindsay wants to find a better job.

Situation 5: Rowan gets dirty.

Rowan wants to do a load of laundry.

Situation 6: Lee stays up all night studying.

Lee wants to rest.

Situation 7: Riley gets Noel’s autograph.

Riley wants to tell some friends.

Situation 8: Adrian sees Taylor’s point.

Adrian wants to agree with Taylor.

Situation 9: Hunter leaves Avery’s bike.

Hunter wants to keep the bike safe.

Situation 10: Sam wants a tattoo.

Sam wants to find a tattoo design.

Situation 11: Alex makes Chris wait.

Alex wants

Table 14: Prompt for generating xWant.
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Next, what can hinder each situation? Examples:

Situation 1: Devin makes a doctor’s appointment,

This is hindered if Devin can’t find the phone to call the doctor.

Situation 2: Jamie rubs Wyatt’s forehead,

This is hindered if Jamie is afraid to touch Wyatt.

Situation 3: Sydney eats peanut butter,

This is hindered if Sydney is allergic to peanuts.

Situation 4: Lindsay looks perfect,

This is hindered if Lindsay can’t find any makeup.

Situation 5: Rowan goes on a run,

This is hindered if Rowan injures her knees.

Situation 6: Lee takes Ali to the emergency room,

This is hindered if Ali has no health insurance to pay for medical care.

Situation 7: Riley spends time with Noel’s family,

This is hindered if Noel’s family doesn’t like spending time with Riley.

Situation 8: Adrian moves from place to place,

This is hindered if Adrian can’t afford to move.

Situation 9: Hunter protests the government,

This is hindered if Hunter is arrested.

Situation 10: Sam has a huge fight,

This is hindered if Sam does not like confrontation.

Situation 11: Alex makes Chris wait,

This is hindered if

Table 15: Prompt for generating HinderedBy.
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Abstract

Structured and grounded representation of text
is typically formalized by closed information
extraction, the problem of extracting an exhaus-
tive set of (subject, relation, object) triplets that
are consistent with a predefined set of entities
and relations from a knowledge base schema.
Most existing works are pipelines prone to error
accumulation, and all approaches are only ap-
plicable to unrealistically small numbers of en-
tities and relations. We introduce GenIE (gen-
erative information extraction), the first end-to-
end autoregressive formulation of closed infor-
mation extraction. GenIE naturally exploits the
language knowledge from the pre-trained trans-
former by autoregressively generating relations
and entities in textual form. Thanks to a new
bi-level constrained generation strategy, only
triplets consistent with the predefined knowl-
edge base schema are produced. Our experi-
ments show that GenIE is state-of-the-art on
closed information extraction, generalizes from
fewer training data points than baselines, and
scales to a previously unmanageable number of
entities and relations. With this work, closed
information extraction becomes practical in re-
alistic scenarios, providing new opportunities
for downstream tasks. Finally, this work paves
the way towards a unified end-to-end approach
to the core tasks of information extraction.

1 Introduction

The ability to extract structured semantic informa-
tion from unstructured texts is crucial for many AI
tasks such as knowledge discovery (Ji and Grish-
man, 2011; Trisedya et al., 2019), knowledge main-
tenance (Tang et al., 2019), symbolic representa-
tion, and reasoning (Ji et al., 2021). The interface
between free text and structured knowledge is for-
malized by knowledge base population (KBP; Ji
and Grishman, 2011), which proposes to represent
the information contained in text using (subject, re-
lation, object) fact triplets. In this work, we focus
on closed information extraction (cIE), the problem

US president Biden was born in Pennsylvania.

<United States of America, president, Joe Biden> 
<Joe Biden, ___, ___>

Encoder + Autoregressive Decoder

Global Structural Constraint

Relation
Constraint

place of death

place of birth
country

death
he

Entity 
Constraint

California
Pennsylvania

of

the
he

Figure 1: Overview of GenIE. We use a transformer
encoder-decoder model that takes unstructured text as
input and autoregressively generates a structured seman-
tic representation of the information expressed in it, in
the form of (subject, relation, object) triplets. GenIE
employs constrained beam search with: (i) a high-level
constraint which asserts that the output corresponds to
a set of triplets; (ii) lower-level constraints which use
prefix tries to force the model to only generate valid
entity or relation identifiers (from a predefined schema).

of extracting exhaustive sets of fact triplets express-
ible under the relation and entity constraints defined
by a Knowledge Base (KB) schema.

Traditionally, cIE was approached with pipelines
that sequentially combine named entity recogni-
tion (Tjong Kim Sang, 2002), entity linking (Milne
and Witten, 2008), and relation extraction (Miller
et al., 1998). Entity linking and relation extrac-
tion serve as grounding steps, matching entities
and relations to numerical identifiers in a KB, e.g.,
QIDs and PIDs for Wikidata (Vrandečić, 2012). Re-
cently, Trisedya et al. (2019) pointed out that such
pipeline architectures suffer from the accumulation
of errors and proposed an end-to-end alternative.
Nevertheless, existing methods are still only prac-
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tical for small schemas with unrealistically small
numbers of relations and entities.

Alternatively, some works have focused on a
simpler syntactic task: open information extrac-
tion (oIE), which produces free-form triplets from
texts. In this setup, the entities and relations are not
grounded in a KB and, usually, do not represent
facts (Gashteovski et al., 2020). As oIE triplets con-
tain only surface relations, they have ambiguous
semantics, making them hard to use in downstream
tasks (Broscheit et al., 2017) if not first aligned
with a KB (Gashteovski et al., 2020). Since, in
practice, oIE often consists of structured substring
selection, it has recently been framed as an end-
to-end sequence-to-sequence problem with great
success (Huguet Cabot and Navigli, 2021; Dognin
et al., 2021). Indeed, such autoregressive formula-
tions can exploit the language knowledge already
encoded in pre-trained transformers (Devlin et al.,
2019). For example, some tokens can be more
easily recognized as possible entities or relations
thanks to the pre-training information.

Inspired by recent successes in oIE, we propose
the first autoregressive end-to-end formulation of
cIE that scales to many entities and relations, mak-
ing cIE practical for more realistic KB schemas (i.e.
schemas with millions of entities).1 We employ a
sequence-to-sequence BART model (Lewis et al.,
2020), and exploit a novel bi-level constrained gen-
eration strategy operating on the space of possi-
ble triplets (from a fixed schema induced by Wiki-
data) to ensure that only valid triplets are generated.
Our resulting model, GenIE, performs Generative
Information Extraction and combines the advan-
tages of a known schema with an autoregressive
formulation. The high-level overview of GenIE
is provided in Fig. 1. The constrained generation
encodes the known schema and enables the autore-
gressive decoder to generate textual tokens but only
from the set of allowed entities or relations.

Contributions.
• We present the first end-to-end autoregressive

formulation of closed information extraction.

• We describe a constrained decoding strategy
that exploits the Wikidata schema to gener-
ate only valid fact triplets, demonstrating how
constrained beam search can be applied on
large, structured, and compositional spaces.

1Note that current methods, due to the atomic classification,
have high memory requirements, and suffer from performance
deterioration as the number of entities or/and relations grows.

• We propose a model that achieves state-of-the-
art performance on the cIE task and scales to
previously unmanageable numbers of entities
(6M) and relations (more than 800).

• We point out and address weaknesses in the
evaluation methodologies of recent previous
works stemming from their small scale and
the large imbalances in the available data per
relation. We demonstrate the importance of
reporting performance as a function of the
number of relation occurrences in the data.

• We release pre-processed data, pre-trained
models, and code within a general template de-
signed to facilitate future research at https:
//github.com/epfl-dlab/GenIE.

2 Background and Related Work

2.1 Closed Information Extraction
In this work, we address the task of closed infor-
mation extraction (cIE), which aims to extract the
exhaustive set of facts from natural language, ex-
pressible under the relation and entity constraints
defined by a knowledge base (KB).

Most of the existing methods address the prob-
lem with a pipeline solution. One line of work
starts by first extracting the entity mentions and
the relations between them from raw text. This
is followed by a disambiguation step in which the
entity and relation predicates are mapped to their
corresponding items in the KB. The sub-task of
extracting the free-form triplets was originally pro-
posed by Banko et al. (2007), and it is commonly
referred to as open information extraction (oIE)
or text-to-graph in the literature (Guo et al., 2020;
Castro Ferreira et al., 2020; Huguet Cabot and Nav-
igli, 2021; Shen et al., 2015). Another line of work
employs a pipeline of models for (i) named entity
recognition (NER) – detecting the entity mentions;
(ii) entity linking (EL) – mapping the mentions to
specific entities from the KB; (iii) relation classi-
fication (RC) – detecting the relations that are ex-
pressed between the entities (Galárraga et al., 2014;
Angeli et al., 2015b; Chaganty et al., 2017). Due to
their architecture, pipeline methods are plagued by
error propagation, which significantly affects their
performance (Mesquita et al., 2019; Trisedya et al.,
2019).

End-to-end systems that jointly perform the ex-
traction and the disambiguation of entities and re-
lations have been proposed to address the error
propagation (Trisedya et al., 2019; Sui et al., 2021;

4627

https://github.com/epfl-dlab/GenIE
https://github.com/epfl-dlab/GenIE


Liu et al., 2018). To mitigate the propagation of
errors, these systems are endowed with the abil-
ity to leverage entity information in the relation
extraction and vice-versa, which has resulted in sig-
nificant performance gains. Conceptually, for pro-
ducing the output triplets, existing methods all rely
on atomic, multi-class classification-based ranking
of relations and entities. Classification methods
particularly suffer from imbalances in the data. On
the contrary, our model, GenIE, is autoregressive
and copes better with imbalances.

While cIE requires the constituent elements of
the output triplets to be entities and relations asso-
ciated with the KB, the output triplets in oIE are
free-text. This makes the cIE task fundamentally
harder than oIE and renders the majority, if not all,
oIE methods inapplicable to the cIE setting. We
report an additional discussion on relevant, but not
fundamental, related work on oIE in Appendix A.

2.2 Autoregressive Entity Linking

The tasks of entity linking (EL) and entity disam-
biguation (ED) have been extensively studied in
the past (Huang et al., 2015; Wu et al., 2020; Le
and Titov, 2018; Kolitsas et al., 2018; Arora et al.,
2021). Most existing approaches associate enti-
ties with unique atomic labels and cast the retrieval
problem as multi-class classification across them.
The match between the context and the label can
then be represented as the dot product between the
dense vector encodings of the input and the entity’s
meta information (Wu et al., 2020). This general
approach has led to large performance gains.

Recently, De Cao et al. (2021a,b, 2022) have
suggested that the classification-based paradigm
for retrieval comes with several shortcomings such
as (i) the failure to capture fine-grained interactions
between the context and the entities; (ii) the neces-
sity of tuning an appropriately hard set of negative
samples during training. Building on these observa-
tions, they propose an alternative solution that casts
the entity retrieval problem as one of autoregressive
generation in which the entity names are generated
token-by-token in an autoregressive fashion. The
(freely) generated output will not always be a valid
entity name, and to solve this problem De Cao et al.
(2021b) propose a constrained decoding strategy
that enforces this by employing a prefix trie. Their
method scales to millions of entities, achieving
state-of-the-art performance on monolingual and
multilingual entity linking.

Inspired by the intuition that language models
are well suited for predicting entities, we propose
a novel approach for cIE by framing the problem
in an autoregressive generative formulation.

3 Method

In this section we formalize GenIE, an autoregres-
sive end-to-end model for closed information ex-
traction. Let us assume a knowledge base (KB) con-
sisting of a collection of entities E , a collection of
relations R, and a set of facts (s,r,o) ∈ E ×R×E
stored as (subject, relation, object) triplets. Ad-
ditionally, we assume that each entity e ∈ E and
relation r ∈R is assigned to a textual label (cor-
responding to its name). The Wikidata KB (Vran-
dečić, 2012), with Wikipedia page titles as entity
names, and the Wikidata relation labels as relation
names satisfy these assumptions.

3.1 Model

We cast the task of information extraction as one of
autoregressive generation. More concretely, given
some text input x, GenIE strives to generate the
linearized sequence representation y of the exhaus-
tive set of facts expressed in x. The conditional
probability (parameterized by θ) assigned to the
output y is computed in the autoregressive for-
mulation: pθ(y | x) =

∏|y|
i=1 pθ(yi | y<i,x). This

can be seen as translating the unstructured text
to a structured, unambiguous representation in
a sequence-to-sequence formulation. GenIE em-
ploys the BART (Lewis et al., 2020) transformer
architecture. It is trained to maximize the target
sequence’s conditional log-likelihood with teacher
forcing (Sutskever et al., 2011, 2014), using the
cross-entropy loss. We use dropout (Srivastava
et al., 2014) and label smoothing for regulariza-
tion (Szegedy et al., 2016).

3.2 Output Linearization

To represent the output with a sequence of symbols
that is compatible with sequence-to-sequence ar-
chitectures, we introduce the special tokens <sub>,
<rel>, <obj> to demarcate the start of the subject
entity, the relation type and the object entity for
each triplet. The special token <et> is introduced
to demarcate the end of the object entity, which
is also the end of the triplet. We construct the se-
quence representation by concatenating the textual
representations of its constituent triplets. While the
sequence representation has an intrinsic notion of
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order, the output set of triplets does not. To mit-
igate the effects of this discrepancy, we enforce
a consistent ordering of the target triplets during
training. Concretely, whenever the triplets’ entities
are linked to the entity mentioned in the textual
input, we consider first the triplets for which the
subject entity appears earlier in the text. Ties are
resolved by considering the appearance position of
the object entity.

3.3 Inference with Constrained Beam Search

The space of triplets corresponds to T = E ×
R × E , and the target space, which consists of
triplet sets of arbitrary cardinality, is equivalent to
S =

⋃∞
i=0[E ×R×E ]i. At inference time, GenIE

tackles the task of retrieving the linearized repre-
sentation yS ∈S of a set of facts S = {t1, . . . , tn}
constituted by triplets ti ∈T expressed in the input
text x. Ideally, we would consider every element
y∈S in the target space, assign it a score pθ(y | x),
and retrieve the most probable y. Unfortunately,
this is prohibitively expensive since we are deal-
ing with a compositional target space whose size is
gigantic (e.g., if we consider a Wikidata entity cat-
alog of |E | ≈ 6M elements and a relation catalog
of |R| ≈ 1000 relations, that can express a total of
|T | ≈ 1015 triplets; even if we limit ourselves to
sentences that express only two facts, this provides
us with ≈ 1030 different output options).

On the other hand, the output needs to follow a
particular structure, and contain only valid entity
and relation identifiers. This does not necessarily
hold for an arbitrary generation from a sequence-
to-sequence model.

GenIE employs constrained beam search (BS;
Sutskever et al., 2014; De Cao et al., 2021b) to re-
solve both of these problems. Instead of explicitly
scoring all of the elements in the target space S ,
the idea is to search for the top-k eligible options,
using BS with k beams and a prefix trie. BS consid-
ers one step ahead – the next token to be generated
– conditioned on the previous ones. The prefix trie
restricts the BS to candidate tokens that could lead
to valid identifiers. However, for the cIE setting we
are interested in, the target space is prohibitively
large to pre-compute the necessary trie. Therefore,
we enforce a bi-level constraint on the output that
allows for compositional, dynamic generation of
the valid prefixes. More specifically, GenIE em-
ploys: (i) a high-level structural constraint which
asserts that the output follows the linearization

schema defined in Sec. 3.2; (ii) lower level validity
constraints which use an entity trie and a relation
trie to force the model to only generate valid entity
or relation identifiers, respectively – depending on
the specific element of the structure that is being
generated. This outlines a general approach for
applying BS to search through large compositional
structured spaces.

4 Experimental Setup

4.1 Knowledge Base: Wikidata

We use Wikidata2 (Vrandečić, 2012) as the tar-
get KB to link to, filtering out all entities that do
not have an English Wikipedia page associated
with them. The filtering guarantees that all entity
names are unique. Our final entity set E contains
5,891,959 items. We define our relation set R
as the union of all the relations considered in the
datasets described below, resulting in 857 relations.
For different datasets, we consider only the subset
of annotated relations to better compare with base-
lines. Although large, the number of entity (and
relation) names is not a memory bottleneck as the
generated prefix trie occupies ≈200MB of storage
(e.g., the entity linking system proposed by Wu
et al. 2020 needs >20 times more storage).

4.2 Datasets and Evaluation Metrics

In this work, we further annotate and adapt
REBEL (Huguet Cabot and Navigli, 2021) and
Wiki-NRE for training, validation and testing. Ad-
ditionally, we use Geo-NRE (Trisedya et al., 2019),
and FewRel (Han et al., 2018) for testing purposes
only. Appendix B contains descriptions of these
datasets and their statistics. We measure the per-
formance in terms of micro and macro precision,
recall and F1. See Appendix C for a detailed and
formal description of these metrics. We also re-
port a 1-standard-deviation confidence interval con-
structed from 50 bootstrap samples of the data.

4.3 Baselines

We compare GenIE against Set Generation Net-
works (SetGenNet; Sui et al., 2021) which is, to
the best of our knowledge, the strongest model on
Wiki-NRE and Geo-NRE. Note that the authors did
not release code or the model and there is no other
model from the literature trained and evaluated on
REBEL for cIE. SetGenNet (Sui et al., 2021) is an

2Dumps from 2019/08/01
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end-to-end state-of-the-art model for triplet extrac-
tion. It consists of a transformer encoder (Vaswani
et al., 2017) that encodes the input followed by a
non-autoregressive transformer decoder (Gu et al.,
2018). The decoder generates embeddings that are
used to predict entities and relations. SetGenNet
further uses candidate selection (Ganea and Hof-
mann, 2017; Kolitsas et al., 2018) to reduce the
output space and a bipartite matching loss that han-
dles different prediction orderings (i.e., it generates
a set). Note that there are weaker baselines (e.g.,
Trisedya et al. 2019) we could have used to com-
pare on REBEL, but we were not able to reproduce
their code. We report details on the effort made to
use these baselines in Appendix D.

We also implement a pipeline baseline, consist-
ing of 4 independent steps, namely: (i) named en-
tity recognition (NER), which selects the spans in
the input source likely to be entity mentions; (ii) en-
tity disambiguation (ED), which links mentions to
their corresponding identifiers in the KB; (iii) rela-
tion classification (RC), which predicts the relation
between a given pair of entities, and finally; (iv)
triplet classification (TC), which predicts whether
a given triplet is actually entailed by the context.
TC is necessary because the previous step (RC) pre-
dicts a relation for every pair of entities. Each step
needs to be trained independently with a specific ar-
chitecture tailored for the task, and we made an op-
timal choice for each step. For the NER component
we used the state-of-the-art tagger FLAIR3 (Akbik
et al., 2019), while for ED we used the GENRE
linker4 (De Cao et al., 2021b). These two models
were already trained, and we use them for inference
only. For RC and TC, we trained a RoBERTa (Liu
et al., 2019) model with a linear classification layer
on top (as these two sub-tasks are typically cast as
classification problems). Trisedya et al. (2019) also
proposed many other pipeline baselines but ours
outperforms them (see Table 5 in Appendix G for
comparison).

5 Results

5.1 Performance Evaluation

Models performing cIE can base their predictions
on different schemas. In this section, we distin-
guish between small and large evaluation schema.
The small evaluation schema is consistent with pre-

3https://github.com/flairNLP/flair
4https://github.com/facebookresearch/

GENRE

vious approaches where models only have to decide
between a small set of relations and entities (the
schema induced by Wiki- and Geo-NRE). In the
large evaluation schema, models use the schema
induced by REBEL. Models also use the large eval-
uation schema of REBEL when tested on FewRel,
as a high-quality and challenging recall-based eval-
uation. We consider 3 training setups for GenIE
and the pipeline baseline comprised of SotA com-
ponents: (i) the training set of Wiki-NRE (W) only,
(ii) the training set of REBEL (R) only, and (iii)
pre-training on REBEL and fine-tuning on Wiki-
NRE (R+W). The implementation details are given
in Appendix E. We report the macro and micro pre-
cision, recall, and F1 in Table 1. Unfortunately, as
the code for SetGenNet is not available, we cannot
compute its macro performance, thus we report the
micro scores only.

First, on Wiki-NRE (W), we observe a large and
significant F1 improvement of 8 and 28 absolute
points obtained by GenIE over SetGenNet and the
pipeline baseline, respectively, when trained on the
same dataset. Despite the much bigger schema em-
ployed by REBEL, pre-training on it and then fine-
tuning (R+W), improves the performance on Wiki-
NRE and Geo-NRE for 3% and 5%, respectively.
This highlights that: (i) GenIE can effectively trans-
fer knowledge across datasets/schemas; (ii) GenIE
can quickly adapt to new schemas. Due to its rigid,
monolithic relation classifier, the pipeline baseline
does not possess these qualities. However, the pre-
training does improve its macro scores.

Only the newly developed pipeline baseline and
GenIE can scale-up to the larger schema5, and as
expected, this setting is more challenging for both
models. However, GenIE still preserves a good
F1 score of 68 micro and 34 macro, which is a
relative increase of 60% and 320%, respectively,
over the baseline. While the pipeline has a steeper
drop from micro to macro scores, in general, a
significant difference between the two is observed
in every setting. This suggests that the models
perform better for relations associated with many
training examples and significantly worse for the
rest. These findings call for the fine-grained anal-
ysis of performance in Sec. 5.2 that partitions the
relations according to their occurrence count in the
training data. For completeness, we also provide
an analysis of performance as a function of the
number of relations considered, in Appendix F.1.

5See notes on reproducibility in Appendix D.

4630

https://github.com/flairNLP/flair
https://github.com/facebookresearch/GENRE
https://github.com/facebookresearch/GENRE


Small Evaluation Schema Large Evaluation Schema
Wiki-NRE Geo-NRE REBEL FewRel

Precision Recall F1 Precision Recall F1 Precision Recall F1 Recall

Micro
SetGenNet (W) 82.75 ± 0.11 77.55 ± 0.27 80.07 ± 0.27 86.89 ± 0.51 85.31 ± 0.47 86.10 ± 0.34 – – – –
SotA Pipeline (W) 67.43 ± 0.28 54.22 ± 0.21 60.11 ± 0.22 64.60 ± 1.46 64.05 ± 1.46 64.32 ± 1.45 – – – –
SotA Pipeline (R) 50.78 ± 0.20 62.17 ± 0.24 55.90 ± 0.20 60.28 ± 1.45 60.78 ± 1.49 60.53 ± 1.45 43.30 ± 0.15 41.73 ± 0.13 42.50 ± 0.13 17.89 ± 0.24

SotA Pipeline (R+W) 65.17 ± 0.27 54.40 ± 0.20 59.30 ± 0.21 66.65 ± 1.47 66.22 ± 1.46 66.43 ± 1.45 – – – –

GenIE (W) 88.18 ± 0.13 88.31 ± 0.16 88.24 ± 0.13 86.46 ± 1.05 87.14 ± 1.03 86.80 ± 1.03 – – – –
GenIE (R) 27.98 ± 0.13 67.16 ± 0.20 39.50 ± 0.14 39.69 ± 1.65 59.01 ± 1.56 47.45 ± 1.62 68.02 ± 0.15 69.87 ± 0.14 68.93 ± 0.12 30.77 ± 0.27

GenIE (R+W) 91.39 ± 0.15 91.58 ± 0.14 91.48 ± 0.12 91.77 ± 0.98 93.20 ± 0.83 92.48 ± 0.88 – – – –

Macro
SotA Pipeline (W) 11.96 ± 0.72 10.73 ± 0.46 10.56 ± 0.43 24.82 ± 3.61 22.54 ± 3.67 20.39 ± 2.72 – – – –
SotA Pipeline (R) 19.39 ± 1.18 17.41 ± 0.99 15.93 ± 0.93 28.80 ± 3.86 30.24 ± 4.46 25.24 ± 3.21 12.20 ± 0.35 10.44 ± 0.22 9.48 ± 0.21 19.67 ± 0.26

SotA Pipeline (R+W) 24.12 ± 1.46 16.55 ± 1.00 17.76 ± 1.01 38.67 ± 5.72 34.49 ± 5.99 35.14 ± 5.09 – – – –

GenIE (W) 44.22 ± 2.40 36.79 ± 1.62 38.39 ± 1.71 57.13 ± 6.83 52.83 ± 6.84 52.79 ± 6.27 – – – –
GenIE (R) 30.63 ± 1.40 41.97 ± 1.92 29.27 ± 1.26 32.38 ± 5.86 40.39 ± 5.17 30.67 ± 5.23 33.90 ± 0.73 30.48 ± 0.65 30.46 ± 0.62 30.78 ± 0.26

GenIE (R+W) 52.55 ± 2.12 45.95 ± 1.67 47.08 ± 1.68 75.77 ± 7.80 71.60 ± 7.95 72.59 ± 7.32 – – – –

Table 1: Main results. “R” indicates training on REBEL, and “W” indicates training on Wiki-NRE.

REBEL FewRel
Precision Recall F1 Recall

Micro
GenIE 68.02 ± 0.15 69.87 ± 0.14 68.93 ± 0.12 30.77 ± 0.27

GenIE - PLM 59.32 ± 0.13 77.78 ± 0.12 67.31 ± 0.10 46.95 ± 0.27

GenIE - GENRE 64.14 ± 0.14 76.58 ± 0.11 69.81 ± 0.10 46.62 ± 0.25

GenIE unconstrained 65.30 ± 0.14 67.12 ± 0.12 66.20 ± 0.11 26.15 ± 0.27

Macro
GenIE 33.90 ± 0.73 30.48 ± 0.65 30.46 ± 0.62 30.78 ± 0.26

GenIE - PLM 30.66 ± 0.68 43.33 ± 0.63 33.85 ± 0.58 46.96 ± 0.25

GenIE - GENRE 32.02 ± 0.67 39.14 ± 0.68 33.40 ± 0.62 46.63 ± 0.24

GenIE unconstrained 32.25 ± 0.66 27.59 ± 0.53 28.20 ± 0.50 26.14 ± 0.24

Table 2: Ablation study on the weights initialization
and the constrained generation strategy.

Finally, on FewRel, recall is the only well-
defined metric (see Appendix B). In this setting
as well, GenIE greatly outperforms the baseline by
13 (micro) and 11 (macro) recall points (micro and
macro are close as the dataset is class-balanced).

Ablation study. In Table 2 we summarize the
results of an ablation study considering the pre-
training and the constrained generation. We con-
sider three different starting points: (i) a random
initialization; (ii) BART (Lewis et al., 2020) pre-
trained language model (PLM); (iii) a pre-trained
autoregressive entity retrieval model GENRE (De
Cao et al., 2021b). The pre-trained models are
better in terms of recall and exhibit a better out-
of-domain generalization on FewRel. In contrast,
they are slightly worse in terms of precision, which
translates to maximum improvement of a single
point in F1 on REBEL. Another salient advantage
of pre-training is reducing the training steps nec-
essary for achieving good results. Indeed, when
starting from GENRE, 3-5k steps are sufficient for
competitive performance; starting from a PLM ne-

cessitates 5-10k steps; while a random initialization
requires 40-50k steps for competitive performance.
Additionally, the pre-trained versions converge to a
lower validation loss (see Fig. 5 in Appendix G).

To quantify the benefits from the constrained
generation, we compare the results attained by the
randomly initialized model with and without con-
straints. In addition to ensuring a structure on the
output, the constrained generation strategy results
in an increase of 2-3 absolute points in terms of F1.

5.2 Analysis of Performance as a Function of
the Relation Occurrence Count

The datasets naturally present large imbalances,
where few relations occur a lot, but most relations
are rare. In the previous section, we already ob-
served a large difference between macro and micro
F1 scores of models, indicating that the number of
occurrences impacts model performances. Thus,
we now measure F1 scores after bucketing rela-
tions according to their number of occurrences in
the training dataset. In Fig. 2, we create buckets
i ∈ {0, . . . ,20}, where bucket i contains all the rela-
tions occurring at least 2i times and less than 2i+1

times in the REBEL dataset. The height of the
histogram for bucket i shows how many relations
are contained in this bucket. Finally, we report
the F1 scores of GenIE and the pipeline of SotA
components per bucket. Note that micro F1 from
Table 1 is equivalent to putting all relations in one
single bucket (equal weight to each data point), and
macro F1 is equivalent to averaging the F1 with one
bucket per relation (equal weight to each relation).

The histogram first confirms that most of the
relations occur in only a few triplets from the train-
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Figure 2: Impact of the number of relation occurrences. Relations are bucketed based on their number of
occurrences; bucket 2i contains relations occurring between 2i and 2i+1 times. The histogram shows the number
of relations per bucket. The line plots depict the F1 scores of GenIE and the baseline per bucket together with
confidence intervals computed per bucket with bootstrap resampling.

ing data. Models thus need to perform few-shot
learning for most of the relations. GenIE is sig-
nificantly better than the pipeline baseline for all
the buckets. Finally, it is important to highlight
that even though the performance of both meth-
ods, unsurprisingly, declines for relations that ap-
pear less often in the training data, GenIE already
performs well for relations with at least 26 = 64
occurrences. On the contrary, the baseline needs
214 = 16,384 samples to reach a comparable level
of performance, and scores better than GenIE does
for the 26 = 64 bucket only after seeing at least
219 = 524,288 samples. This confirms that GenIE
is not only better at macro and micro F1, but it
is also capable of performing fewer-shot learning
than the baseline. It further shows that, contrary
to the baseline, GenIE’s good scores do not come
solely from its ability to perform well on the few
most frequent relations.

5.3 Disentangling the Errors

The task of cIE, explicitly or implicitly, encom-
passes NER, NEL and RC as its subtasks. Failure
in any subtask directly translates to failure on the
original task. Therefore, to effectively compare dif-
ferent cIE models and accurately characterize their
behavior, we need to evaluate their performance on
each of the subtasks.

The separation of responsibility between the
pipeline components leads to a natural error attribu-
tion for the SotA pipeline model. To estimate the
NER error, we take the entity mentions predicted
by the NER component and compare them with the
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Figure 3: Attribution of error to each of the cIE
subtasks. The dashed lines equal the overall recall error
of the system. Lower is better.

corresponding mentions of the constituent entities
of the output triplets. All triplets that concern an
entity whose mention was not retrieved by the NER
component are considered erroneous. We differen-
tiate between two settings: (i) exact, which requires
that the generated mention exactly matches the tar-
get mention; and (ii) partial, for which any overlap
between the generated and the target triplet is suffi-
cient. The NEL error is calculated by considering
the output of the NEL component and comparing
the linked entities to those in the output triplets.
Again, all of the triplets that concern an incorrectly
linked entity are considered erroneous. Finally, for
the pipeline, every correctly predicted relation label
translates to a correctly extracted triplet. Therefore,
we calculate the RC error using the cIE definition
of recall given in Appendix C.

End-to-end systems tackle all of the sub-tasks
jointly, which makes the error attribution, in this
setting, less obvious. To estimate errors correspond-
ing to a particular target triplet, we need a reference
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triplet (among the predicted ones) for comparison.
We start by outlining a bipartite matching proce-
dure. Let each triplet be a node in a graph. We
add an edge between each target–prediction pair
of triplets. The edges are assigned a weight de-
termined as a function of the pair of triplets they
connect. Concretely, an edge e that connects the tar-
get triplet tT = (sT ,rT ,oT ) and the predicted triplet
tP = (sP,rP,oP) will be assigned a weight of: 1,
if the triplets are the same; 2, if they express the
same relation, but either the subject or the object
differ; 3, if they concern the same entities, but the
relation differs; 4, if they share only a single entity;
5, if they share only a single relation; 6 if they have
nothing in common. We construct the matching by
selecting edges in a greedy fashion until all of the
target triplets have been matched. The procedure
ensures that every target triplet is paired with its
closest (yet unpaired) match. Finally, we estimate
the NEL error as the portion of edges that were
assigned a weight w ∈ {2,4,5,6}, and the RC er-
ror as the portion of edges that where assigned a
weight w ∈ {3,4,6}.

The results of this analysis are summarized in
Fig. 3. Immediately, the NER component in the
pipeline method introduces an 18% error by com-
pletely missing on relevant entity mentions. An
additional 12 absolute points hinge on a partial
matching. The NEL component matches most of
the entity mentions that are retrieved, but at this
point, even with a (hypothetical) perfect RC, the
performance of the pipeline will be only on par
with GenIE. In practice, the RC component adds
30% to the inherited error, effectively doubling it.

On another note, the absolute error attributed to
NEL by the pipeline and GenIE differs in a few
absolute points only, while the difference for the
(non-inherited) error stemming from RC is less
than 10%. Adding these two together leaves us
much shorter than the actual gap of 28 absolute
points in performance on the cIE task. This gap
suggests a strong correlation between the perfor-
mance on NEL and RC for GenIE, which is fueled
by the increased flow of information between the
subtasks. The flow of information allows for more
fine-grained interactions between the entities, the
relations, and the context to be captured, conse-
quently improving the overall performance. Alter-
natively, whenever the model captures a misleading
correlation/interaction, it is amplified and hinders
the performance on both subtasks. This result is

echoed by the fact that the sum of the errors at-
tributed to NEL and RC is significantly smaller
than the error on the cIE task. Based on this obser-
vation, we hypothesize that any improvement on
NEL will overflow to the RC subtask – and vice-
versa – thereby directly translating to performance
gains on the overall task.

6 Discussion

Unifying the cIE spectrum. There is a full spec-
trum of tasks that are closely related to cIE and are
central to the field of information extraction. The
typical setup assumes a KB associated with enti-
ties and relations, and the goal is to either annotate
the text with information from the KB, or extract
structured unambiguous information from the text.
The tasks of entity linking and relation classifica-
tion, already discussed in Sec. 2 and Sec. 4.3, are
two such examples. Another example is slot filling
(SF), the task of extracting information for a spe-
cific entity and relation (e.g., entity Mick Jagger,
relation member of ) from natural language (Sur-
deanu, 2013; Petroni et al., 2021).

All of these problems rely on the same set of log-
ical tasks: identifying entities from the KB in text
and understanding how they interact. Therefore, it
would be beneficial to assume a single model, or
a set of models that share parts of the weights and
collectively solve all of the tasks. This would allow
for the information from a dataset collected for one
task (e.g., RC) to be leveraged for improving the
performance of another (e.g., SF or cIE).

Bridging the gap between oIE and cIE. In this
work, we only considered triplets for which both
entities are element in the entity catalog. However,
for many useful relations one of the objects is a
literal (Mesquita et al., 2019), e.g., date of birth,
length, size, number of employees or others. GenIE
can be readily extended to accommodate for this,
by adapting the decoding strategy allowing that for
specific relations the entity can be a substring from
the input. This is a subtle connection to oIE which
has thus far been treated as a separate problem.
Current state-of-the-art methods on the oIE task
address the problem in a similar autoregressive
formulation (see Appendix A for more discussion).

Real world implications. Generative models have
been shown to be very effective even in massive
multilingual settings—e.g., De Cao et al. (2022)
proposed mGENRE, a multilingual version of
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GENRE trained and tested on more than 100 lan-
guage. Our GenIE formulation would not need
substantial modifications to adapt to such setting.
Having a single model that works in hundreds of
languages would be extremely useful and a very
promising direction for future work.

While autoregressive models have a non-
negligible computation footprint, De Cao et al.
(2021a) show that autoregressive EL can be sped
up 70x with no cost on performance. The fact that
this solution can be adapted to GenIE makes the
practical impact of our method even greater.

7 Conclusion

This paper provides a new view on closed informa-
tion extraction (cIE) by casting the problem as au-
toregressive sequence-to-sequence generation. Our
method, GenIE, leverages the autoregressive for-
mulation to capture the fine-grained interactions
expressed in the text and employs a bi-level con-
strained generation strategy to effectively retrieve
the target representation from a large, structured,
compositional predefined space of outputs. Exper-
iments show that GenIE achieves state-of-the-art
performance on cIE and can scale to a previously
unmanageable number of entities and relations. We
believe that our autoregressive formulation of cIE,
coupled with constrained decoding, is a stepping
stone towards a unified approach for addressing the
core tasks in information extraction.
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A Additional Background and Related
Work

A.1 Generative Open Information Extraction
Early work had focused on pipeline architecture for
oIE. In general, these methods first detect the entity
mentions present in the text and then, for pair of
entities, in a classification setting, predict the ex-
istence of a relation between the two entities and
the relation type (Angeli et al., 2015a; Corro and
Gemulla, 2013). The advent of transformers (De-
vlin et al., 2019; Lan et al., 2020; Liu et al., 2019)
and pipeline architectures that allow for informa-
tion to flow between the two subtasks – usually
by sharing some parameters of the encoder – have
allowed these models to do well on the oIE task.
However, they do come with some general limita-
tions: (i) assuming the existence of a single relation
between a pair of entities; (ii) inability to capture
the interactions between triplets.

Much of the current research is focused on study-
ing the oIE problem in the autoregressive genera-
tive setting, which seamlessly mitigates the limita-
tions mentioned above (Huguet Cabot and Navigli,
2021; Dognin et al., 2021; Nayak and Ng, 2020).
For instance, ReGen (Dognin et al., 2021) signifi-
cantly improves upon published results and estab-
lishes state-of-the-art results on the dataset used
in the WebNLG 2020+ Challenge (Castro Ferreira
et al., 2020). REBEL (Huguet Cabot and Navigli,
2021), on the other hand, achieves state-of-the-art
performances across a suite of oIE benchmarks.
Moreover, both of these methods address the prob-
lem in a similar formulation that takes the text as in-
put context and generates the output triplets token-
by-token in an autoregressive fashion.

The output triplets in oIE are free-text, while
cIE requires the constituent elements of the output
triplets to come from the entity and relation sets
associated with the KB. This makes the cIE task
fundamentally harder than oIE, and renders these
methods not applicable to the cIE setting.

Finally, Taillé et al. (2020) make an effort to de-
scribe the many issues with the evaluation of oIE
systems in literature and call for a unified evalua-
tion setting for a fair comparison between systems.
These problems get only exacerbated in cIE where
the performance of a model would highly depend
on the entity and relation catalogue considered.
To alleviate some of these issues, we annotate the
REBEL dataset (Huguet Cabot and Navigli, 2021)
with unique textual entity identifiers and textual

relation labels, and propose a suite of meaningful
evaluation settings while considering an approxi-
mately 6 million long entity catalogue comprised
of all the entities in the English Wikipedia, and 857
long relation catalogue supported by the dataset.

B Datasets

Table 3 summarizes the statistics of all datasets
used in this work. For each dataset, we remove
datapoints containing triplets with entities that do
not have an associated Wikipedia page (i.e., entities
not associated to a unique name). This filtering
removes a negligible portion of the data in most
cases (i.e., <0.5%) except for REBEL where 3.4%
of datapoints were removed.

We evaluate the models in a standard setups for
Wiki-NRE and Geo-NRE. For these datasets, the
schema is unrealistically small: ≈300K entities
with 157 relations for Wiki-NRE and 124 entities
with 11 relations for Geo-NRE. Therefore, we scale
to previously unexplored schema sizes for cIE us-
ing the REBEL dataset ( ≈6M entities and 857
relations). We also use FewRel as a high-quality
dataset for recall evaluation using the large schema
from REBEL.

REBEL (Huguet Cabot and Navigli, 2021) is a
dataset created from Wikipedia abstracts. It con-
sists of an alignment between sentences, Wikipedia
hyperlinks and their corresponding Wikidata enti-
ties, and relations. REBEL proposed an alignment
expanding on Elsahar et al. (2018), a pipeline of
mention detection, coreference resolution, entity
disambiguation and then mapping triplets to each
sentence. Huguet Cabot and Navigli (2021) further
filtered false positives using an Natural Language
Inference (NLI) model to check if the relation was
truly entailed by the text. In this setting, we con-
sider the full≈6M long entity and 857 long relation
catalog. We use this dataset for both training and
testing. Additionally, we employ REBEL to ana-
lyze the performance as a function of the number
of relations, by simulating different environments
pertaining to subsets of the top-n most frequent
relations.

Wiki-NRE (Trisedya et al., 2019) is a dataset cre-
ated from Wikipedia. Authors aligned hyperlinks
to Wikidata entities as in REBEL but they applied a
different filtering: they (i) extracted sentences that
contain implicit entity names using co-reference
resolution (Clark and Manning, 2016), and (ii) they

4638



Dataset Documents Triplets |E |† |R|†
training validation test training validation test

REBEL 1,899,331 104,960 105,516 5,147,836 284,268 284,936 1,498,143 857
Wiki-NRE 223,536 980 29,619 298,489 1,317 39,678 278,204 157
Geo-NRE – – 1,000 – – 1,000 124 11
FewRel – 26,892⋆ 27,650 – 26,892⋆ 27,650 64,762 80

Table 3: Statistics of the datasets. †With an abuse of notation here we indicate the amount of unique entities and
relations for each dataset and not the size of the Knowledge Base associated with it (see Section 4 for more details).
⋆ Note that we do not use the validation FewRel data in our experiment, but we release this split as well.

filtered and assigned relations to sentences using
paraphrase detection from different sources (Nakas-
hole et al., 2012; Ganitkevitch et al., 2013; Grycner
and Weikum, 2016). We used this dataset for both
training and testing.

Geo-NRE (Trisedya et al., 2019) is constructed
in the same way as Wiki-NRE but from a collec-
tion of user reviews on 100 popular landmarks in
Australia, instead of Wikipedia. Due to its small
size and to compare with the literature, we used
this dataset only for testing.

FewRel (Han et al., 2018) is also extracted from
Wikipedia where Wikidata is the KB. Contrary to
the other datasets, FewRel does not provide dis-
tant supervision but it is fully annotated by humans.
The dataset was first automatically constructed and
then filtered as annotators were asked to judge
whether the relations are explicitly expressed in
the sentences. Each input in FewRel is associated
with a single triplet only, and not all of the triplets
entailed by it. Therefore, this dataset can be used
for precisely measuring recall (but not precision
or F1). We employ it only for testing. To simu-
late a more realistic scenario, we train the models
on many relations, and leverage the high quality
FewRel data to calculate the performance metrics
for the subset of relations annotated.

C Performance Metrics

We measure standard precision, recall and F1 for
all settings. A fact is regarded as correct if the
relation and the two corresponding entities are all
correct. More precisely, we denote the set of all
predicted triplets of a document d ∈D as Pd , and
the set of gold triplets as Gd . Then:

micro-precision =
∑

d∈D
|Pd ∩Gd |

/∑

d∈D
|Pd | , (1)

and

micro-recall =
∑

d∈D
|Pd ∩Gd |

/∑

d∈D
|Gd | . (2)

Micro scores are useful for measuring the overall
performance of a model but they are less informa-
tive for imbalanced datasets (e.g., when some enti-
ties or relations are disproportionately more present
in both training and test sets). Indeed, micro scores
assign equal weight to every sample while macro
scores assign equal weight to every class. Thus,
we also measure macro scores by aggregating per
relation type. If we denote P(r)

d and G(r)
d as the

predicted and gold set only containing the relation
r ∈ R of a document d, then macro-precision is
defined as:

1
R

∑

r∈R

(∑

d∈D
|P(r)

d ∩G(r)
d |
/∑

d∈D
|P(r)

d |
)
, (3)

and macro-recall as:

1
R

∑

r∈R

(∑

d∈D
|P(r)

d ∩G(r)
d |
/∑

d∈D
|G(r)

d |
)
. (4)

D Note on End-to-End Baselines

We invested a considerable amount of time trying
to use a strong end-to-end baseline to compare
GenIE with. Unfortunately, most works do not have
available or directly usable code. In particular, we
first concentrated on SetGenNet (Sui et al., 2021)
as, to the best of our knowledge, it is the strongest
model on the task of cIE. However, the authors do
not report a link to the code6 in neither the arXiv
nor the ACL Antology version of the paper. We
could not find any related repository on GitHub
either. For these reasons we were unable to use
their method as a baseline for REBEL.

6As of October 2021.
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We then focused on the work most similar to Set-
GenNet, that is the system proposed by Trisedya
et al. (2019). They released code and we were able
to run it. However, the code was incomplete: they
included code for training only a part of their sys-
tem. They start with pre-trained word, entity and
relation embeddings, but did not release code for
pre-training them. The closest solution we found
was using Wikipedia2Vec (Yamada et al., 2020),
which does not include relation embeddings. Be-
sides, the pre-trained word embeddings on the of-
ficial Wikipedia2Vec website7 do not match the
dimensionality used by Trisedya et al. (2019). Fi-
nally, the authors did not include code to train the
“triple classifier” of their model. The classifier is
instead directly loaded in their code. For these
reasons we were unable to use their method as a
baseline for REBEL.

E Implementation Details

Data. The train, test and validation splits are either
inherited from the original dataset (see Appendix B
for details) or sampled at random. To facilitate re-
producibility, we release the exact splits employed
in our experiments.

Additionally, we release the curated entity and
relation catalogs for both the large and the small
schema, in which the redirects have been resolved
and each of the QID/PID is paired with a unique, se-
mantically meaningful textual identifier. We hope
that this will allow for a fair comparison of future
work in which the same evaluation setup can be
maintained.

E.1 GenIE

Infrastructure. For training we used a single ma-
chine with 24 Intel(R) Xeon(R) CPU E5-2690 v4
@ 2.60GHz processor cores and 441 GB of RAM,
equipped with 4 Tesla V100-PCIE-16GB GPUs.

Training. The models were trained using the Adam
optimizer (Kingma and Ba, 2015) with a learning
rate of 3e-5, 0.1 gradient clipping and a varying
weight decay (cf. Table 4). The learning rate is
updated using a polynomial decay schedule with an
end value of 0. While most of the parameters were
left at their default values for BART, the rest were
tuned on the respective datasets’ validation set, and

7https://wikipedia2vec.github.io/
wikipedia2vec/pretrained

their corresponding optimal values are given in
Table 4.

Inference. At test time, we use Constrained Beam
Search with 10 beams. We restrict the input and the
output sequence to be at most 256 tokens, cutting
from the right side if the input is too long. We
normalize the log-probabilities by sequence length,
and allow for any number of n-gram repetition. The
other parameters are kept to their default values for
inference with BART.

E.2 SotA Pipeline
We described our SotA pipeline system baseline in
Sec. 4.3. We release code to both train and run infer-
ence with the proposed pipeline. The named entity
recognition and the entity disambiguation compo-
nents were not trained. The relation classification
module is a linear layer on top of RoBERTa (Liu
et al., 2019). We trained it learning rate 3e-4 us-
ing the Adam optimizer (Kingma and Ba, 2015).
We trained for a maximum number of steps using
early stopping on the validation sets. We restrict
the input sequence to be at most 128 tokens cutting
from the right side if the input is too long. All other
hyperparameters are reported in Table 4. The triple
classification module is also a linear layer on top
of RoBERTa (Liu et al., 2019) with the same hy-
perparameters of the relation classification module
but we trained for less steps.

F Additional Experiments

F.1 Analysis of Performance as a Function of
the Number of Relations

Previous works focus on small schemas meaning
that few relations were considered. Indeed, classifi-
cation problems on a large set of possible classes
become particularly difficult under large class im-
balances, which is the case here as shown by Fig. 2.
However, scaling up to larger schemas with more
relations is crucial for the models to be useful in
downstream tasks. To measure the scaling ability
of GenIE, we create different setups with variable
numbers of relations. To create such setups, we
start with the REBEL dataset and schema (857 re-
lations) and choose subsets of relations with their
associated training data. In Fig. 4, we report Ge-
nIE and the pipeline baseline F1 for schemas with
100, 400, and 857 relations. To choose a subset of
n relations, we take the n most frequent relations
to mimic the strategies used by previous works to
reduce the schemas (Sui et al., 2021).

4640

https://wikipedia2vec.github.io/wikipedia2vec/pretrained
https://wikipedia2vec.github.io/wikipedia2vec/pretrained


Max steps Warm-up steps Batch size Dropout Weight decay Training time

GenIE (W) 60,000 1,000 32 0.1 0.01 0.5 GPU days
GenIE (R) 100,000 5,000 384 0.1 0.01 18.5 GPU days
GenIE (R + W) 100,000 5,000 384 0.1 0.01 20.5 GPU days
GenIE - Genre 50,000 3,000 2,048 0.3 0.50 11 GPU days
GenIE - PLM 50,000 3,000 2,048 0.3 0.50 17 GPU days

SoTA Rel-class (W) 20,000 500 128 0.1 0.01 0.2 GPU days
SoTA Rel-class (R) 250,000 500 128 0.1 0.01 2.5 GPU days
SoTA Rel-class (R + W) 250,000 500 128 0.1 0.01 2.5 GPU days
SoTA Tri-class (R) 50,000 500 128 0.1 0.01 0.3 GPU days
SoTA Tri-class (W) 5,000 500 128 0.1 0.01 0.1 GPU days
SoTA Tri-class (R + W) 50,000 500 128 0.1 0.01 0.3 GPU days

Table 4: Hyperparameters for the different models.
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Figure 4: Impact of the number of relations in the
schema on REBEL. Micro and macro F1 of both Ge-
nIE and the pipeline of SotA components for 3 schema
sizes: 100, 400, and 857 relations. The schema is con-
strained at both training and testing time. Full results
(i.e., precision and recall) are reported in Table 6 in Ap-
pendix G.

We first observe that GenIE is always largely
better than the baseline. The baseline suffers from
the same difficulty as previous works; classifying
among a large set of relations is hard with large im-
balances. GenIE and the baseline have similar ab-
solute decrease in performance when the number of
relations increases, corresponding to a more consid-
erable relative decrease for the baseline. More con-
cretely, GenIE’s micro F1-score goes from 70.36 %
for the top 100 relations, to 68.82 % and 68.93 %
for the top 400 and 857 relation setups, respectively.
This translates to a relative decrease of 2 % only in
the first step. For the baseline, the absolute score
of 47.67 % first falls to 44.25 % and subsequently
to 42.5 % as the number of relations grows. This
in turn, is an overall relative drop of almost 11 %.

Notably, when looking at precision and recall
separately (cf. Table 6 in Appendix G), GenIE

has a slight proportional decrease of 1-2 absolute
points, both in precision and recall, which reflects
the increased difficulty of the task due to larger
number of relations. The baseline exhibits a similar
drop in precision, but a much more significant drop
in the recall of almost 10 absolute or 16 point rela-
tive. This suggests that the baseline simply ignores
most of the relations with lower occurrence counts,
which is consistent with the results in Sec. 2, and
the hypothesis that the relation classification task
is a bottleneck for effectively scaling the baseline
system to a large number of relations.

We already have to deploy several techniques to
help the baseline better deal with these issues (see
Sec. 4.3), while GenIE, thanks to its generative
autoregressive formulation, can effectively scale
and manage the inherent imbalances of the task
much more naturally.
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G Additional Results

Wiki-NRE Geo-NRE
Precision Recall F1 Precision Recall F1

Pipeline baselines
AIDA + MinIE 36.72 48.56 41.82 35.74 39.01 37.30
NeuralEL + MinIE 35.11 39.67 37.25 36.44 38.11 37.26
AIDA + ClauseIE 36.17 47.28 40.99 35.31 39.51 37.29
NerualEL + ClauseIE 34.45 37.86 36.07 35.63 37.91 36.73
AIDA + CNN 40.35 35.03 37.50 37.15 31.65 34.18
NeuralEL + CNN 36.89 35.21 36.03 37.81 30.05 33.49

Encoder-decoder baselines
Single Attention 45.91 38.36 41.80 40.10 39.12 39.60
Single Attention (+pre-trained) 47.25 40.53 43.63 43.14 43.11 43.12
Single Attention (+beam) 60.56 52.31 56.13 58.69 48.51 53.12
Single Attention (+triplet classifier) 73.78 50.13 59.70 67.04 53.01 59.21
Transformer 46.28 38.97 42.31 45.75 46.20 45.97
Transformer (+pre-trained) 47.48 40.91 43.95 48.41 48.31 48.36
Transformer (+beam) 58.29 50.25 53.97 61.81 61.61 61.71
Transformer (+triplet classifier) 73.07 48.66 58.42 71.24 57.61 63.70

Our pipeline baseline 67.43 54.22 60.11 64.60 64.05 64.32

Table 5: Baselines comparison. All results are taken from from Trisedya et al. (2019). Encoder-decoder baseline are
proposed by the authors and other pipeline baseline include an NER and an ED system AIDA (Hoffart et al., 2011)
or NeuralEL (Kolitsas et al., 2018) and then a relation extraction system CNN (Lin et al., 2016), MiniE (Gashteovski
et al., 2017), or ClausIE (Corro and Gemulla, 2013). Best results are highlighted in bold and second best are
underlined. Our pipeline baseline scores the best or on pair among these other methods.

REBEL (top 100 Relations) REBEL (top 400 Relations) REBEL (857 Relations)
Precision Recall F1 Precision Recall F1 Precision Recall F1

Micro
GenIE 68.76 ± 0.12 72.05 ± 0.13 70.36 ± 0.10 67.10 ± 0.13 70.62 ± 0.15 68.82 ± 0.12 68.02 ± 0.15 69.87 ± 0.14 68.93 ± 0.12

SotA Pipeline 44.76 ± 0.17 50.99 ± 0.17 47.67 ± 0.16 38.98 ± 0.13 51.18 ± 0.12 44.25 ± 0.11 43.30 ± 0.15 41.73 ± 0.13 42.50 ± 0.13

Micro
GenIE 52.26 ± 0.25 54.13 ± 0.27 52.75 ± 0.24 41.50 ± 0.66 38.53 ± 0.57 38.12 ± 0.51 33.90 ± 0.73 30.48 ± 0.65 30.46 ± 0.62

SotA Pipeline 27.41 ± 0.27 31.05 ± 0.18 25.87 ± 0.15 16.94 ± 0.63 19.00 ± 0.36 14.73 ± 0.37 12.20 ± 0.35 10.44 ± 0.22 9.48 ± 0.21

Table 6: Impact of the number of relations in the schema on REBEL. The schema is constrained at both training
and testing time.
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Figure 5: Training and validation loss curves for different initialization of our model. GenIE starts from a
random initialization, GenIE – PLM fine-tunes a BART pre-trained language model, while GenIE - GENRE is
initialized with a pre-trained autoregressive entity linking model by De Cao et al. (2021b).
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Abstract

Learning representations of entity mentions is
a core component of modern entity linking sys-
tems for both candidate generation and making
linking predictions. In this paper1, we present
and empirically analyze a novel training ap-
proach for learning mention and entity repre-
sentations that is based on building minimum
spanning arborescences (i.e., directed spanning
trees) over mentions and entities across docu-
ments to explicitly model mention coreference
relationships. We demonstrate the efficacy of
our approach by showing significant improve-
ments in both candidate generation recall and
linking accuracy on the Zero-Shot Entity Link-
ing dataset and MedMentions, the largest pub-
licly available biomedical dataset. In addition,
we show that our improvements in candidate
generation yield higher quality re-ranking mod-
els downstream, setting a new SOTA result in
linking accuracy on MedMentions. Finally, we
demonstrate that our improved mention repre-
sentations are also effective for the discovery of
new entities via cross-document coreference.

1 Introduction

Natural language corpora, such as biomedical re-
search papers (Leaman and Lu, 2016), news articles
(Milne and Witten, 2008; Hoffart et al., 2011), and,
more generally, web page text (Gabrilovich et al.,
2013; Lazic et al., 2015a), often contain ambigu-
ous mentions of entities. Resolving this ambiguity
requires mentions to either be linked to a knowl-
edge base (KB) of entities or discovered as a new
KB concept if no suitable entry exists. Grounded
entity mentions are beneficial for tasks such as
question-answering (Das et al., 2019), semantic
search (Leaman and Lu, 2016), recommendation
ranking (Noia et al., 2016), and KB construction
(Ling et al., 2015). The task is made particularly
challenging in zero-shot settings, where not every

∗Now at Google.
1Code, datasets, and models are available at https://

github.com/dhdhagar/arboEL.

entity has labeled training data (Lin et al., 2017;
Logeswaran et al., 2019). In such settings, a com-
mon approach is to make use of entity descriptions,
types, and aliases to form entity representations,
which can then be used for making predictions.

Learned vector representations of entity men-
tions are an integral part of modern linking systems
(Gillick et al., 2019; Wu et al., 2020, inter alia).
These representations are used for (a) retrieving
a short-list of entity candidates for a mention to
use with a re-ranker (Wu et al., 2020), (b) making
linking predictions directly (Zhang et al., 2021; Liu
et al., 2020; Sung et al., 2020), and (c) performing
coreference by clustering mentions to form entities
(Logan IV et al., 2020).

In this work, we present a new objective and
training procedure for learning mention and entity
representations that explicitly model mention coref-
erence relationships. Our proposed method uses a
supervised clustering training objective based on
forming a directed minimum spanning tree, or ar-
borescence, over mentions and entities. We hypoth-
esize that such coreference links provide a useful
inductive bias because the two tasks are inherently
related (Angell et al., 2021; FitzGerald et al., 2021).
We thoroughly analyze the performance of the pro-
posed procedure in each of the aforementioned use
cases on MedMentions (Mohan and Li, 2019) and
ZeShEL (Logeswaran et al., 2019), two challeng-
ing datasets that require zero-shot generalization at
inference.

Retrieving Candidates We illustrate that our ap-
proach yields mention and entity representations
useful for candidate retrieval. We show improve-
ments over baselines that use similarly parameter-
ized models, achieving gains of at least 7.94 and
0.93 points in recall@64 over two standard dual-
encoder training procedures on MedMentions and
ZeShEL, respectively. We also consider the link-
ing capacity of our learned embeddings without
re-ranking and find that their performance (i.e re-
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call@1) indeed improves upon our baselines. Our
best performing models show gains of 13.61 &
15.46 points in linking accuracy on MedMentions
and 12.06 & 1.52 points on ZeShEL.

Linking Predictions We further consider the im-
provement in downstream training of full cross-
attention re-ranker models using higher quality can-
didates generated by our approach. We show con-
sistent gains in linking accuracy on MedMentions,
setting a new state-of-the-art with a 1.63 point gain
over the previous best model. We also note that
our proposed approach shows mixed results on
ZeShEL, with one variant outperforming all com-
pared models by at least 1.19 points, while the other
two underperform the baselines. We analyze this
behavior in a later section and discuss the charac-
teristics of the data distribution sufficient to make
our approach effective.

Cross-Document Coreference Finally, we illus-
trate that the learned representations can be used to
perform coreference of mentions across documents.
This indicates that our approach could be used to
discover entities in settings where there is limited
or no existing knowledge base of entities.

2 Arborescence-based Training for
Mention & Entity Representations

In this section, we describe our approach for con-
structing training objectives for dual-encoders that
model mention coreference relationships.

2.1 Problem Definition

Each document d of a corpus D contains a set of
entity mention spansMd = {md

1,m
d
2, . . . ,m

d
N}.

All mentions in the corpus are given by M =⋃
d∈DMd. Following (Logeswaran et al., 2019;

Angell et al., 2021), we assume that these mentions
are pre-identified spans of text.

Entity Linking Formally, we define the task of
entity linking as follows: given a knowledge base
of entities E and a set of mentionsM, predict an
entity edi ∈ E for each mention md

i . We use e⋆di to
refer to the ground truth entity label for md

i .

Zero-Shot Linking The zero-shot task refers to
the setting where there are entities in the knowledge
base that do not have any labeled mentions in the
training data. Linking decisions must instead rely
on the provided information for entities, such as
descriptions, aliases, and/or entity types.

Coreference We also consider a setting in which
the KB of entities is not known in advance and
entities must be discovered. For this task, we map
every entity mention md

i to a cluster and assign a
coreference label cdi ∈ C that is independent of the
entity labels in the KB.

2.2 Coreference-based Similarity
In order to jointly train both the mention and entity
encoders, we define a similarity measure and an
analogous procedure for sampling positive training
examples that intersperses the selection of corefer-
ent mentions and gold entities based on a single-
linkage structure formed by the representations
generated by the model snapshot. We construct
k-nearest neighbor graphs over coreferent mention
and entity clusters, followed by the application of
a pruning algorithm to generate arborescence (di-
rected MST) structures rooted at entity nodes. The
resultant edges after pruning the graphs represent
the pairs of positive examples used for training.

Graph-based Dissimilarity Let G be a graph
with nodes V = M ∪ E and directed edges
E ⊂ V × V . Each edge (x, y) of the graph has
an associated weight wx,y. We define a dissimilar-
ity function f between two nodes u, v ∈ V to be
the weight of the minimax path between the nodes,
i.e.

f(u, v) =

{
min
p∈u⇝v

max
(x,y)∈p

wx,y, if connected(u, v)

∞ otherwise
(1)

where connected(u, v) is true if there exists a di-
rected path from node u to v inG, and u⇝ v is the
set of all paths between u and v. In words, the dis-
similarity between u and v is the minimum of the
largest edge weights in all paths between the two
nodes, and this is often referred to as the "bottle-
neck edge". This measure has the property of emit-
ting low dissimilarities between nodes even when
their direct edge weight wu,v is high by connecting
them through a chain of low-weight edges, provid-
ing an inductive bias well-suited for coreference,
i.e. not all pairs of points in a cluster are nearby
(Figure 1). This inductive bias is not achieved if we
sum edge weights and simply find the minimum
path.

Edge Weights With this definition of dissimilar-
ity, we now define how edge weights are calculated.
We use two models: a mention-pair affinity model,
ϕ : M×M → R, and a mention-entity affinity
model, ψ : E ×M → R. An edge between two
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…increasingly recognized as an important 
functional activity mode and is tightly 
linked with various cognitive functions.

…the instantaneous changes in 
metabolites as a function of the levels of 
enzymatic catalytic activities.

Here we investigate a novel strategy to 
normalize medial frontal brain activity 
by stimulating cerebellar projections.

In addition, deletion of the N-terminal 
24- or 37-amino acids led to significant 
reduction in thermostability but not the 
enzymatic activity.
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[########]

The activity of stearoyl - CoA 
desaturase-1 , the central enzyme in 
the synthesis of monounsaturated 
fatty acids.…

EncM
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[########]

EncM
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[########]
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push farther apart

Figure 1: Arborescence-based Training Objective for Mention & Entity Representations. Shown above is
an illustrative example of our proposed training objective for a dual-encoder (EncM, EncE) on real mentions and
entities from the MedMentions dataset. Mentions are highlighted in context and entities from UMLS are represented
using grey boxes with the name and unique identifier. First, each mention and entity is encoded into a dense vector
representation ([########]) using the respective transformer encoder. Mention-mention and mention-entity pairs
are then selected using our arborescence-based procedure as described in §2.3. The embeddings of these pairs
are encouraged to be pulled closer together if both endpoints are contained in the pruned arborescence structure
(represented by the shaded regions), or encouraged to be pushed farther apart if the endpoints are sampled as hard
negatives.

mentions mi and mj has weight:

wmi,mj = −ϕ(mi,mj), (2)

and the weight of the edge from entity e to mi is:

we,mi = −ψ(e,mi) (3)

Each of ϕ(·, ·) and ψ(·, ·) are independently pa-
rameterized by dual-encoder transformer models
(Gillick et al., 2019; Humeau et al., 2019), one for
mentions (EncM), and one for entities (EncE). The
affinity models are simply the inner products of the
associated encoded representations:

ϕ(mi,mj) = EncM(mi)
TEncM(mj)

ψ(e,mi) = EncE(e)
TEncM(mi)

(4)

For the mention encoder, EncM, the transformer
input is the surrounding mention context with the
mention span marked by special tokens [START]
and [END]:

[CLS]cleft[START]mi[END]cright[SEP]

where cleft and cright are the left and right contexts
of the mention mi in the document. For the entity
encoder, EncE, the transformer takes as input the
title and description of the entity:

[CLS]etitle[TITLE]edesc[SEP]

In this input, edesc is the token sequence correspond-
ing to the description of the entity, which could
include natural language text related to the entity,
such as a "wiki" entry, a list of entity aliases, or
other available features useful in forming an entity
representation. We use a special token [TITLE]
to separate the title text from the description.

2.3 Training Procedure
We now define our approach for training the affin-
ity models, ϕ(·, ·) and ψ(·, ·), and their associated
encoders, EncM and EncE. Our objective is to opti-
mize the dissimilarity function f(·, ·) such that the
procedure infers a set of clusters that each contain
exactly one entity, and every mention is assigned to
the cluster containing its ground truth entity. We op-
timize f(·, ·) using mini-batch gradient descent by
sequentially building batches of mentions B ⊂M
over the training data, where each mi ∈ B has its
gold entity defined by e⋆i . We then build a graph
GB with nodes consisting of (a) each mi ∈ B, (b)
each mention coreferent to mi ∈ B, and (c) the set
of gold entities for each mi ∈ B. For every mi, we
build a set of directed edges defined by

Emi =
{
(e⋆i ,mℓ)

∣∣∣mℓ ∈Me⋆i

}

∪
{
(mℓ,mp)

∣∣∣mℓ,mp ∈Me⋆i

} (5)
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whereMe⋆i
is the set of coreferent mentions with

e⋆i as the ground-truth entity. The complete set of
edges in graphGB for a mini-batchB is then given
by E(GB) =

⋃
mi∈B Emi . Observe that the resul-

tant edges ensure that each connected component
contains exactly one entity (namely, the gold entity
for the mentions in that connected component).

Forming Clusters for Positive Sampling The
graphGB is input to a constrained clustering proce-
dure that partitions a graph G into disjoint clusters
C = {C1, . . . , CM} such that each cluster contains
at most one entity. There are three constraints that
every C ∈ C must satisfy:

(i) |C ∩ E| ≤ 1,

(ii) ∀u, v ∈ C, connected(u, v) =⇒ f(u, v) ≤ λ,
(iii) ∀u, v ∈ C, connected(u, v) ∨ connected(v, u)

where λ is a hyperparameter representing the dis-
similarity threshold over which edges between
nodes are dropped. We set λ = ∞ during train-
ing. These constraints ensure that (i) there is at
most one entity in each cluster, (ii) if u is reachable
from v then every edge in the path from v to u has
a weight ≤ λ, and (iii) each node in the cluster has
a path connecting itself with every other node in
the cluster.

We solve this constrained clustering problem,
i.e., partition graph G, using a process similar
to Angell et al. (2021). Specifically, we first re-
move all edges in graph G with weight greater than
threshold λ. We then evaluate each edge (u, v) ∈ E
in descending order of dissimilarity and check if
its presence violates any of the three constraints
defined above, removing the edge from E if it does.
If not, we evaluate whether there is an entity in the
connected component of node u, i.e. |Cu ∩ E| = 1.
If |Cu ∩ E| = 1, we temporarily drop edge (u, v)
and check whether v can still be reached by an en-
tity node. If reachable, we permanently drop (u, v),
maintaining the validity of constraint (i) as well
as our minimax dissimilarity function f(·, ·). If an
entity cannot reach v, we retain edge (u, v), pre-
serving the connectivity of the cluster, and iterate
further. Our predicted clusters are the resultant con-
nected components in the partitioned graph G.

Using this procedure on each Emi to generate a
pruned set of edgesE⋆mi , we construct a partitioned
target graphG⋆B = {E⋆mi |mi ∈ B}, which is used
to optimize the parametric encoder models. Note
that each mention node in a target edge set E⋆mi
has only one incoming edge originating from either

an entity or a mention, and the selection of E⋆mi
was done in a way to minimize the dissimilarity
function f(·, ·) between mentions and entities with
coreferent labels on the subgraph of the mini-batch.

For every cluster with an entity node, the edge
structure is a directed analogue of the minimum
spanning tree, where there exists a directed path
from the entity node to every other node in the
cluster. This structure is often referred to as the
minimum spanning arborescence, thus lending its
name to our method, i.e. ARBORESCENCE-based
linking.

Negative Sampling Akin to the graph embed-
ding objectives used by Nickel and Kiela (2018)
and others, we construct our objective by sampling
hard negative edges. For each mention mi ∈ B,
the set of negative edges N(mi) is the k/2 lowest-
weight incoming edges from E \ {e⋆i } and the k/2
lowest-weight incoming edges from M \ Me⋆i

,
where k is a tuned hyperparameter. In other words,
we sample negative mention and entity edges that
are most similar to the gold edge.

Loss Function We define Γ(mi) =
{u | (u,mi) ∈ E∗mi} ∪ {u | (u,mi) ∈ N(mi)} to
be the set of all neighbors with an outgoing edge to
mi in the training graph. Let Iu,mi be the indicator
variable such that Iu,mi = 1 if (u,mi) ∈ E∗mi
and Iu,mi = 0 otherwise. Our loss function with
respect to each mention mi ∈ B is then defined as
follows:

L(mi) =
∑

u∈Γ(mi)

(
Iu,mi log(σu(wu,mi)) (6)

+ (1− Iu,mi) log(1− σu(wu,mi))
)
,

where σ(·) is the softmax function over all edges in
Γ(mi)× {mi}. The loss for the entire batch B is
the mean of losses over all mentions in B. Optimiz-
ing this loss function requires simultaneously in-
creasing the likelihood of the positive edges and de-
creasing the likelihood of the negative edges. This
objective and training routine are inspired by the
supervised single-linkage clustering proposed by
Yadav et al. (2019), but differs in the choice of loss
function and selection of negative examples. We
also experimented with the standard cross-entropy
formulation, but found its performance subpar.

3 Experiments

We are interested in investigating the following
empirical research questions:
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MedMentions ZeShEL
Training Method Recall@ 1 2 4 8 16 32 64 1 2 4 8 16 32 64

IN-BATCH NEGATIVES 58.70 69.01 75.87 80.03 83.14 85.54 87.73 39.27 53.02 62.98 70.32 75.97 80.27 84.04
K-NN NEGATIVES 56.85 65.96 71.68 76.50 80.31 83.51 86.11 49.81 60.59 68.24 74.11 78.07 81.53 84.77
TF-IDF ‡ 50.8 63.8 73.4 79.2 82.3 84.6 85.3 - - - - - - -
IN-BATCH NEGATIVES ‡‡ - - - - - - - - - - - - - 82.06

ARBORESCENCE † 72.31 80.88 86.09 89.86 92.36 94.31 95.67 50.31 61.04 68.34 74.26 78.40 82.02 85.11
1-NN ARBORESCENCE † 71.99 80.78 86.10 89.61 91.92 93.75 95.23 51.33 62.00 69.03 74.67 78.86 81.97 85.13
1-RAND ARBORESCENCE † 71.27 80.17 85.44 89.09 91.65 93.34 94.88 50.86 62.09 69.36 75.05 78.78 82.50 85.70

Table 1: Dual-Encoder Retriever Results: Recall@k (†Proposed methods; ‡Angell et al. (2021); ‡‡Wu et al.
(2020))

MedMentions ZeShEL

|M|
Train 120K 49K
Dev 40K 10K
Test 40K 10K

|E|
Train 19K 26K
Dev 9K 7K
Test 8K 7K

|E \ ETrain| Dev 4K 7K
Test 4K 7K

Table 2: Dataset Statistics. |M| is the number of men-
tions. |E| is the number of unique entities in the labeled
partition (not the total KB size). |E \ETrain| is the number
of zero-shot entities. The total KB size of MedMentions
and ZeShEL is 2.3M and 492K, respectively.

• Does our proposed approach improve the re-
call of candidate generators?

• Do improvements in candidate generation at
training lead to improvements in downstream
re-ranking models?

• Does our approach result in better learned
mention embeddings that can be used for
coreference or discovering entities when a KB
does not exist?

Experiment Details Our experiments are run on
top of BLINK (Wu et al., 2020), a PyTorch (Paszke
et al., 2019) implementation of dual- and cross-
encoder architectures for entity linking, with model
fine-tuning performed over only BERT-base, since
gains from pre-trained LM size are unrelated to our
approach. More details are provided in Appendix
§A.1.

3.1 Datasets

We run experiments on two entity linking datasets
that both require generalization to unseen entities
at test time. Each document in the datasets contain
a set of entity mention spans, which are pre-defined
using common mention-detection heuristics. KB

entities are composed of two metadata attributes
– an entity title and description, which are natural
language sequences of text. ZeShEL, additionally,
contains a fine-grained type specification, which
is needed due to the diverse disjoint domains con-
tained in the dataset. The statistics for both datasets
are reported in Table 2.

MedMentions (Mohan and Li, 2019) is a col-
lection of titles and abstractions of bio-medical re-
search papers. The KB that is used for this dataset
is the 2017AA full-version of UMLS. The vali-
dation and test sets contain both entities that are
present in the training set as well as entities that are
zero-shot (never seen at training time). We use the
author-recommended ST21pv subset.

ZeShEL (Logeswaran et al., 2019) is a collec-
tion of crowd-sourced wikis, which are divided into
train, validation, and test splits such that no Fan-
dom topic overlaps across the sets. In this way, all
entities that appear at validation and test time are
not seen during training.

3.2 Dual-Encoder Retrieval

In order to robustly evaluate the benefit of modeling
coreference relationships for learning representa-
tions, we construct three variants of our proposed
dual-encoder training objective, which jointly train
both the mention-mention similarity function ϕ(·, ·)
and the mention-entity similarity function ψ(·, ·).
We compare to baselines that only explicitly train
ψ(·, ·) and rely on the structure of ϕ(·, ·) sharing
representations with ψ(·, ·) to provide meaningful
mention-mention similarities. Our proposed objec-
tives differ in how the positive training pairs are
constructed, thus providing a way to analyze the
general idea of using coreference rather than any
one specific target structure for training. Our base-
lines are identical to each other except in how neg-
atives are sampled.
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Accuracy Oracle
Re-ranker Candidate Retriever Overall Seen Unseen Self Union

K-NN NEGATIVES Dual (IN-BATCH NEGATIVES) 73.31 77.58 58.47 80.78 47.96
K-NN NEGATIVES Dual (K-NN NEGATIVES) 70.76 77.05 48.85 79.90 21.12
MST & K-NN (Angell et al., 2021) TF-IDF (Angell et al., 2021) 74.1 77.3 62.9 - -

K-NN NEGATIVES Dual (ARBORESCENCE) † 75.73 79.97 60.99 76.09 75.64
K-NN NEGATIVES Dual (1-NN ARBORESCENCE) † 74.73 78.91 60.19 75.48 74.71
K-NN NEGATIVES Dual (1-RAND ARBORESCENCE) † 74.89 79.39 59.22 75.75 74.95

Table 3: MedMentions: Cross-Encoder Linking Results: We report the re-ranker accuracy trained using the
candidates generated by each retriever variant. (†Proposed methods)

Arborescence In the first training variant, for
each mention query, we begin by constructing a
fully-connected graph of the ground truth coref-
erent mention cluster along with the gold entity.
We then apply the pruning procedure described in
the previous section to compute an arborescence
rooted at the entity node. From the resultant graph,
each pair of a mention and its incoming-edge node
(which can either be a coreferent mention or the
gold entity) is treated as a positive example for
training. Following previous work (Gillick et al.,
2019), we use hard negative mining with k = 10
negatives composed of equal number of mention
and entities.

1-NN Arborescence Instead of constructing a
fully-connected k-NN graph over the entire gold
cluster, in this variant we approximate the arbores-
cence structure by pruning a restricted graph of
only the gold entity, the query mention, and the
most similar within-cluster mention neighbor of
the query. We keep all other details of the training
procedure identical to the first variant.

1-Rand Arborescence A third training objec-
tive we explore modifies the initial k-NN graph
construction by restricting the nodes to the gold
entity, the query mention, and a random within-
cluster mention neighbor of the query, instead of
the nearest-neighbor.

Baselines We compare to two baselines follow-
ing previous work: (a) training ψ(·, ·) with random
negatives (IN-BATCH NEGATIVES) where each
gold entity for a mention in a training batch is
treated as a negative example for all other mentions
in the batch, and (b) training ψ(·, ·) with hard neg-
atives (K-NN NEGATIVES) similar to the negative
mining in our proposed methods albeit with only
mention-entity positive selection.

Results In Table 1, we report the test set re-
call@64 for each dual-encoder model, where the

prediction is evaluated as a hit if the gold entity
is retrieved in the top-64 candidates for a mention.
On each dataset, we additionally include the per-
formance of candidate generators used by previous
works that we compare to.

We find that models trained with explicit coref-
erence relationships outperform those that incorpo-
rate this relationship only indirectly. For recall@64,
our proposed methods improve over the baselines
by at least 7.94 percentage points on MedMentions
and 0.93 points on ZeShEL. Even at linking, or
recall@1, our proposed methods show similar im-
provements with gains of 13.61 and 1.52 points
over the next best baseline models. We perform a
more comprehensive analysis of the dual-encoder
linking performance and describe our inference
approach and results in Appendix §A.2 and §A.3.

We posit that much of the observed gains in
recall using our methods result from higher quality
mention embeddings generated due to a wide array
of surface forms available to mention queries at
training. Since each training example evaluates not
only the gold entity but also its coreferent mentions,
this leads to better generalization of representations.
We evaluate this improvement in representations in
the clustering / coreference setting in §3.5.

3.3 Cross-Encoder Re-ranking

To answer our second research question, we com-
pare five cross-attention models, which are trained
using entity candidates generated by the dual-
encoder variants discussed in the previous exper-
iment. Training and inference batches are con-
structed by concatenating each mention with an
entity candidate separated by a [SEP] token. Sim-
ilar to Wu et al. (2020), we use the top-64 retrieved
entities as hard negatives during training and as
linking candidates during inference.

Results We report the cross-encoder linking accu-
racy for MedMentions in Table 3. We additionally
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Oracle
Self Union

Candidate Retriever Acc. Macro Acc. Macro Acc. Macro

Dual (IN-BATCH NEGATIVES) 61.27 60.93 64.96 67.81 62.91 66.13
Dual (K-NN NEGATIVES) 61.02 60.47 63.66 66.91 61.30 64.72
Dual (IN-BATCH NEGATIVES) (Wu et al., 2020) - 61.34 - - - -

Dual (ARBORESCENCE) † 60.72 60.36 62.64 65.90 61.04 64.39
Dual (1-NN ARBORESCENCE) † 60.47 60.48 63.20 66.70 61.03 64.77
Dual (1-RAND ARBORESCENCE) † 62.35 62.53 64.94 67.90 63.33 66.51

Table 4: ZeShEL: Cross-Encoder Linking Results: Unnormalized Accuracy. We report the accuracy of the
re-ranker trained using the candidates generated by each retriever. (†Proposed methods)

report the breakdown of accuracy on subsets of
test mentions for which the ground truth entities
were not evaluated ("unseen") during training, illus-
trating the zero-shot capability of the models. We
also include the current state-of-the-art results by
Angell et al. (2021), which uses an n-gram based
model for candidate generation and two cross-
encoder models, one each for mention-mention and
mention-entity scoring, for re-ranking. We observe
that each cross-encoder trained with candidates
generated by an arborescence-based model outper-
forms the baselines, including the current SOTA by
at least 0.63 points, and the best performing model
– ARBORESCENCE – achieves 1.63 point gains. We
note, however, that Angell et al. (2021) does bet-
ter on unseen entities by 1.91 points compared to
ARBORESCENCE, which might be a result of ben-
efiting from a reduced search scope owing to the
within-document nature of their TF-IDF retriever.

Table 4 contains linking results for ZeShEL,
where each reported model varies only in the
method used for retrieving the entity candidates,
while the cross-encoder re-ranker training method
is held constant (K-NN NEGATIVES with k = 64).
Since ZeShEL is completely zero-shot, we do not
include a seen-unseen analysis. We follow Wu
et al. (2020) and report the unnormalized accu-
racy, which is calculated as the percentage of suc-
cesses out of the total number of query mentions in
the test set, and the macro-averaged unnormalized
accuracy, which is a simple average of the unnor-
malized accuracies over the different "worlds", or
domains, in the test set. We find that the best per-
forming model is 1-RAND ARBORESCENCE, with
a 1.19 point difference in macro-averaged accuracy
over the next best model (Wu et al., 2020).

We also note that, unlike on MedMentions, not
all of our proposed models have higher accuracy
than the mention-entity baselines. Since a key mo-
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Figure 2: Coreference Distribution. We count the num-
ber of mentions in each coreference cluster in MedMen-
tions and ZeShEL. Clusters in ZeShEL are typically
very small (at most 3) compared to the MedMentions
clusters (up to 1256, 434, and 447 in train, validation,
and test, respectively).

tivation for the arborescence-based methods is
to explicitly model coreference relationships dur-
ing training, we expect performance gains to be
strongly correlated with the number of coreference
links present within the dataset. We analyze the
two datasets in terms of the number of mentions
for each KB entity, which can be thought of as how
large each cluster of coreferent mentions is. We
report a histogram distribution in Figure 2 and find
that the clusters in ZeShEL are typically very small
(at most 3), whereas in MedMentions, each cluster
has many more mentions with maximum sizes of
1256, 434, and 447 across the train, validation, and
test sets.

Finally, we also provide representative exam-
ples of predictions comparing the link predictions
by our best-performing ARBORESCENCE-based
method to the baseline of Angell et al. (2021) on
MedMentions and Wu et al. (2020) on ZeShEL in
Appendix Table 7 and Table 8, respectively.

3.4 Oracle Inference
In this setting, we isolate the re-ranking capabil-
ity of the cross-encoder from the quality of the
candidates retrieved at inference. This setting also
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removes the upper-bound on re-ranking accuracy
by artificially injecting the ground-truth entity in
the top-64 candidates retrieved at inference for each
mention where retrieval failed. An additional set-
ting we explore holds this oracle candidate set con-
stant across each variant of the cross-encoder by
taking a union over all dual-encoder candidate sets
and then proceeding to inject the ground-truth. This
construction provides a way to disentangle the fac-
tor of candidate retrieval quality at inference, which
otherwise conflates the comparison of re-ranking
performance. We refer to these oracle settings as
SELF and UNION, respectively.

Results As seen in column Oracle of Table 3,
the baseline models show higher linking accuracy
than our proposed methods when the gold entity
is guaranteed to be present in the original candi-
date set. However, the performance of the base-
line models drops significantly (≥ 32 points) when
evaluated with the UNION candidate set, while the
arborescence-based models show a ± 0.9 point vari-
ation. We believe this discrepancy clearly high-
lights the poor quality of candidates retrieved by the
baseline models compared to our proposed meth-
ods. This also explains the inflation in accuracy
of the baselines on the SELF set due to the trivial
discrimination task presented to the cross-encoders.
We further point to linking performance on the
UNION set, which provides the more challenging
task of differentiating between higher quality can-
didates that are similar. We argue that the large per-
formance difference (≥ 26.75 points) is strongly
indicative of the greater linking capacity of our
proposed methods.

In Table 4, we report both the micro accuracy
and macro-averaged accuracy for the two oracle
sets. We observe that 1-RAND ARBO performs the
best on the UNION set, but is marginally outper-
formed by IN-BATCH on micro accuracy on the
SELF set by 0.02 points. In contrast to the fluctu-
ation on MedMentions, the relative uniformity in
results on the oracle candidate sets indicates that
the candidates generated by each model have simi-
lar quality.

3.5 Mention Coreference

Next, we evaluate the quality of the learned men-
tion representations for cross-document corefer-
ence using the entity labels of each mention as
its ground truth cluster assignment. To form clus-
ters, we build mention-only arborescences using
the clustering procedure described in §2.3, tuning

MedMentions ZeShEL
Setting ALL ALL/ UNSEEN ALL

UNSEEN ONLY

IN-BATCH NEGATIVES 0.37 0.71 0.71 0.31
K-NN NEGATIVES 0.26 0.73 0.80 0.29
ARBORESCENCE 0.51 0.83 0.85 0.34
1-NN ARBORESCENCE 0.47 0.75 0.83 0.34
1-RAND ARBORESCENCE 0.35 0.63 0.81 0.32

Table 5: Coreference Results. We report the Adjusted
Rand Index achieved by clustering (§2.3) the mention
embeddings produced by each model on the test set. We
evaluate on three settings: ALL (clustering & evaluating
on all mentions), ALL/UNSEEN (clustering all mentions,
evaluating on mentions with ground truth entity not
seen in training), UNSEEN ONLY (both clustering &
evaluating on mentions with ground truth entity not
seen in training).
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Figure 3: Linking Recall v/s Coreference Recall. We
compare the mention coreference recall@64 with the
entity linking recall@64 for each dual-encoder training
procedure on MedMentions and ZeShEL. There is a
positive correlation when comparing coreference-based
procedures with entity-only methods, which is stronger
on the highly-coreferent MedMentions dataset than on
ZeShEL.

the threshold value, λ, based on the validation data.
We report the Adjusted Rand Index (ARI) clus-
tering scores in Table 5 using each of our dual-
encoder representation learning objectives. For
both ZeShEL and MedMentions, we report ARI on
all the test mentions (denoted ALL). For MedMen-
tions, we report two additional settings: (a) ARI
when clustering mentions with ground truth entity
not seen at training (denoted UNSEEN ONLY), and
(b) clustering on all mentions but evaluating on the
UNSEEN ONLY set (denoted ALL/UNSEEN). The
results show that representations learned with the
ARBORESCENCE objective perform best on each
setting, aligning with the inductive bias of its train-
ing procedure and indicating its utility in a setting
where new entities must be discovered.
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We further probe the inductive bias of the
arborescence-based training procedures by inspect-
ing whether improvements in entity linking recall
are accompanied by similar gains in mention coref-
erence performance. In Figure 3, we plot entity and
mention recall@64 for each training method on
the test set of the two datasets. Mention recall is
calculated by retrieving 64 nearest-neighbors for
each mention and counting the number of neigh-
bors that are coreferent as a proportion of the total
number of coreferent mentions limited to 64. En-
tity recall is calculated as defined in §3.2. We find
that entity recall indeed demonstrates a positive
correlation with mention recall on both datasets
when the proposed coreference-based training pro-
cedures are compared with entity-only methods.
We posit that this demonstrates the efficacy of us-
ing explicit mention coreference relationships to
learn representations for entity linking.

4 Related Work

Entity Linking Entity linking has been widely
studied (Milne and Witten, 2008; Cucerzan, 2007;
Lazic et al., 2015b; Gupta et al., 2017; Raiman
and Raiman, 2018; Kolitsas et al., 2018; Cao et al.,
2021, inter alia). Dutta and Weikum (2015) com-
bine clustering-based cross-document coreference
decisions and linking around sparse bag-of-word
representations not well suited for the embedding-
based representations used in this work. Other
works use global or collective models (Kulkarni
et al., 2009; Hoffart et al., 2011; Cheng and Roth,
2013; Ganea and Hofmann, 2017; Le and Titov,
2018, inter alia), which consider the compatibil-
ity of entity linking decisions made in the same
document(s) rather than making independent pre-
dictions. Zhang and Stratos (2021) use noise con-
trastive estimation to mine hard negatives for the
linking task.

Cross-document Coreference Several previous
works have developed models for the cross-
document coreference setting where no entity KB
is known in advance (Bagga and Baldwin, 1998;
Gooi and Allan, 2004; Singh et al., 2011; Barhom
et al., 2019; Cattan et al., 2020; Caciularu et al.,
2021; Ravenscroft et al., 2021; Logan IV et al.,
inter alia).

Alternatives to Cross-Encoders Our work
demonstrates how clustering-based training im-
proves dual- and cross-encoder models for link-
ing and discovery. If prediction efficiency, and

not training efficiency, was the only concern, one
could also use model distillation to improve dual-
encoder performance (Hinton et al., 2015; Izacard
and Grave, 2021, inter alia). We could also con-
sider models such as poly-encoders as alternatives
to dual-encoders (Humeau et al., 2020).

5 Conclusion

We present a novel approach for learning mention
and entity representations for use in entity linking
candidate generation and prediction, as well as in
the discovery of new entities. Our method uses an
objective that explicitly incorporates mention-to-
mention coreference relationships. We demonstrate
its empirical effectiveness through analysis on two
datasets — MedMentions and the Zero-Shot Entity
Linking dataset. As future work, we hope to further
analyze these objectives with the lens of efficiency,
distillation, and domain transfer.

6 Ethical Considerations

There are several ways in which entity linking /
resolution models could be biased and a potential
for those biases to have harmful downstream con-
sequences. There is already a large body of work
studying the biases in language models (such as
those used for fine-tuning in our work) and corefer-
ence models, most notably in understanding when
error rates in coreference differ across certain popu-
lations (e.g., genders, races, and other entity types,
more broadly, that display skewed distributions in
the data). For instance, if entity mentions are author
names on citation data and the entities are scien-
tific authors, aggregated statistics like h-index or
citation count could be biased if the models used
to disambiguate the author names are biased. If
entity linking and discovery systems are used to
build or populate knowledge bases, those systems
may propagate these biased predictions. This can
be particularly problematic if one used such a bi-
ased knowledge base to train future models, thus
perpetuating and amplifying the skew. Lastly, we
also note that entity linking and discovery are anal-
ogous to surveillance and tracking in computer vi-
sion, which should warrant substantial weight of
ethical considerations.
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A Appendix

A.1 Experiment Details
Each training procedure is run on a single machine
using 2 NVIDIA Quadro RTX 8000 GPUs. Our
dual-encoder models for ZeShEL and MedMen-
tions have 218M and 230M parameters, respec-
tively. Each variant is optimized using mini-batch
gradient descent using the Adam optimizer for 5
epochs using a mini-batch size of 128 to accumu-
late the gradients. Experiments with batch sizes <
128 performed poorly, possibly due to increased
fluctuation of gradients, and sizes > 128 were com-
putationally infeasible to run with our available
compute resources. For ZeShEL, the dual-encoder
models are trained using 192 warm-up steps and
learning rates of 1e-5, 3e-5, and 3e-5 for IN-BATCH,
K-NN, and ARBORESCENCE-based models, re-
spectively. For MedMentions, each model is trained
using 464 warm-up steps and a learning rate of 3e-5.
All cross-encoder models are trained with a mini-
batch size of 2, learning rate of 2e-5, and an addi-
tional linear layer. Our MedMentions and ZeShEL
cross-encoder models have 108M and 109M pa-
rameters, respectively. We use FAISS2 (Johnson
et al., 2017) for fast nearest-neighbor search dur-
ing graph construction at both training and infer-
ence. For MedMentions, the execution time was
70 mins to embed and index 2M entities and 120K
mentions, and 20 mins to perform exact nearest-
neighbor search for the 120K mentions.

A.2 Dual-Encoder Inference Procedure
Building the Graph The structure of the graph
G impacts the dissimilarity function by changing
the paths between pairs of nodes in addition to
changing which pairs of nodes are connected. We
advocate for a simple, deterministic approach to
construct this graph. For each mentionm, construct
Em by (a) adding edges from m’s k-nearest neigh-
bor mentions inM to m, and (b) adding an edge
from m’s nearest entity to m:

Em =

{
(u,m)

∣∣∣ u ∈ argmink
m′ ∈ M

wm′,m

∨ u = argmin
e ∈ E

we,m

} (7)

The complete collection of edges E in G is given
by E(G) =

⋃
m∈MEm. There are other ways that

one could conceivably pick the pairs of mentions to
2https://github.com/facebookresearch/

faiss

be connected in the graph. For example, one could
use the minimum spanning tree over the mentions.
This approach, however, has a few drawbacks: (a)
the directionality of nearest neighbor relationships
is ignored leading to noise in the graph, and (b)
the resultant graph includes edges that cross cluster
boundaries due to this approach forcing all pairs of
mentions to be connected, which is undesirable.

Forming Clusters & Making Predictions To
make linking decisions for each mention md

i , we
assign the ID of the entity present in the mention’s
cluster as the linking label (or NIL if there is no
entity in the cluster). Let C(md

i ) be the predicted
cluster of mention md

i , then:

edi =

{
C(md

i ) ∩ E , if |C(md
i ) ∩ E| = 1

NIL, otherwise
. (8)

Furthermore, the target clusters we aim to predict
in the entity discovery setting are exactly C.

A.3 Experiment: Dual-Encoder Linking
Each model is evaluated using three inference pro-
cedures. "Independent" refers to predictions made
using only mention-entity edges. This method was
used by Wu et al. (2020) to generate candidates for
a cross-encoder model trained on ZeShEL. "Clus-
tering (UNDIRECTED)" refers to a hierarchical ag-
glomerative clustering (HAC) procedure, following
previous work by Angell et al. (2021), which is
akin to the procedure for positive sampling used
for training our arborescence models but with no
edge directionality. "Clustering (DIRECTED)" adds
directed edges to the previous method. For each
model, we pick the best performing inference pro-
cedure on the validation set and report the test set
performance.

We report the linking accuracy in Table 6 and
leave out models from previous works since they
do not report linking metrics of their candidate gen-
erators. We specify the inference method used in
each case, chosen based on the validation set ac-
curacy of the models. Similar to our cross-encoder
results in Table 3, we also report the "seen" and
"unseen" performance on MedMentions.

A.4 Qualitative Results
In Table 7 and Table 8, we provide a set of represen-
tative examples that demonstrate the improvement
in entity linking that our proposed coreference-
based methodology empirically provides on Med-
Mentions and ZeShEL, respectively.

4656

https://github.com/facebookresearch/faiss
https://github.com/facebookresearch/faiss


MedMentions ZeShEL
Training Inference Overall Seen Unseen Inference Overall

IN-BATCH NEGATIVES Clustering (UNDIRECTED) 59.11 61.88 49.45 Independent 39.27
K-NN NEGATIVES Independent 56.86 64.03 31.88 Independent 49.81

ARBORESCENCE † Clustering (DIRECTED) 72.19 77.48 53.79 Independent 50.31
1-NN ARBORESCENCE† Clustering (DIRECTED) 72.00 77.29 53.60 Clustering (DIRECTED) 51.09
1-RAND ARBORESCENCE† Clustering (DIRECTED) 71.33 77.02 51.51 Clustering (DIRECTED) 50.85

Table 6: Dual-Encoder Linking Results: Accuracy % (†Procedures incorporating explicit mention-to-mention
coreference relationships)

Mention [...] Mutations of critical amino acids affected either dsDNA recombination or both ssDNA and dsDNA
recombination indicating two separable functions , one of which is critical for dsDNA recombination
and the second for recombination per se [...]

Angell et al. (2021) DNA (C0012854): ( Chemical , DNA , Deoxyribonucleic Acid , substance : dna molecules ; dsDNA ;
Deoxyribonucleic acid ; dna / desoxyribonucleic acid ; DNA / desoxyribonucleic acid ; DNA molecule
; DNA - Deoxyribonucleic acid [...]

Ours DNA , Double - Stranded (C0311474): Chemical , substance : double stranded dna ; DNA , Double
Stranded ; Double - Stranded DNA ; ds dna ; deoxyribonucleic acid double strand [...]

Mention [...] mean dose , and maximum dose were significantly associated with parotid gland atrophy . Multi-
variate analysis indicated that only V5 was significantly associated with atrophy. Increasing V5 was a
significant risk factor for parotid gland atrophy after carbon ion radiotherapy [...]

Angell et al. (2021) Muscular Atrophy (C0026846): Biologic Function , Muscular , diagnosis , disorder , finding , physical
finding : atrophy ; muscle ; amyotrophy ; muscle atrophy was seen ; Wasting ; muscle ; Atrophies ,
Muscle ; Muscle thinning [...]

Ours Atrophy of parotid gland (C0341045): ( Biologic Function , disorder : atrophy ; parotid gland )

Mention [...] This study aimed to determine the methylation phenotype in colorectal cancer for identification of
predictive markers for chemotherapy response. We performed DNA methylation profiling on 43 non
- recurrent and five recurrent colorectal cancer patients using the Illumina Infinium HumanMethyla-
tion450 Beadchip assay [...]

Angell et al. (2021) Disease Response (C1704632): Finding : Response ; response

Ours Response to treatment (C0521982): Clinical Attribute , context - dependent category , finding , func-
tion , observable entity , situation : response to treatment ; response treatments ; Therapeutic response;
successful treatment [...]

Table 7: MedMentions: Improved Candidate Generation Yields Correct Entity Linking. Above are examples
of mentions where the TF-IDF candidate generation procedure from Angell et al. (2021) fails to retrieve the correct
entity, and thus their cross-encoder is not able to correctly link the mention. Our coreference-based dual-encoder is
able to retrieve the correct entity in the candidate set of 64 entities, and then the cross-encoder is able to link the
mention to the correct entity.
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Mention [...] and as an experienced and esteemed paladin comes equipped with perhaps the best items of
any NPC; he has both an enchanted sword and plate mail that only he can use. As an inquisitor
paladin [...]

Wu et al. (2020) Sword (337BB2AE0D26B7EB): A sword is a melee weapon that in its simplest form consists of a
blade and a hilt. This definition includes those weapons that fit the archetype of blade [...]

Dual-Encoder (Ours) Warblade (weapon) (4390344C57F338AD): The warblade (also known as the noble warrior’s
blade, or ary’velahr’ke ym in elven), was one of three elfblades created in ancient Cormanthyr to
help the elves establish a ruling family [...]

Cross-Encoder (Ours) Hallowed Redeemer (32C8D16B4D6CF86C): The Hallowed Redeemer was a special two-
handed sword owned by the paladin Keldorn Firecam. History. He received [...]

Mention [...] Clemens was just telling the counselor about his disappointment as there were no cigars
stocked on the Enterprise-D. He was having a drink and chatting with a bartender in Ten Forward
when Montgomery Scott entered the bar and later drank "something green". Wallace worked in a
transporter room [...]

Wu et al. (2020) Green tea (5CCB83C71D089E29): Green tea was a type of tea made with tea leaves that had
undergone little oxidation. It was an exceptional source of antioxidants, alkaloids, and amino acids.
In 2151, sub-commander T’pol came to the mess hall late at night for a cup of hot green tea [...]

Dual-Encoder (Ours) Unnamed beverages ( 23rd century ) (2A887C680DA92880): The following is a list of unnamed
beverages consumed during the 23rd century. Green drink: In 2268, Montgomery Scott offered this
green drink to the Kelvan Tomar, which he claimed to have found on Ganymede. Unable to identify
it by name after examining it when Tomar asked, Scott simply replied, "It’s Yorktown drinks [...]

Cross-Encoder (Ours) Aldebaran whiskey (B70236171A1DE4E8): Aldebaran whiskey was a strong, green alcoholic
beverage, favored by Guinan, who kept a bottle behind the bar in Ten Forward. It was a gift from her
friend, Jean-Luc Picard. In 2369, Data served Montgomery Scott the drink of Aldebaran whiskey,
although he was unsure of its characteristics beyond its color [...]

Mention [...] displayed several weapons on a wall behind his desk in 2364. Among them were two phasers,
one a Starfleet Type 2 phaser. Phasers of this type remained in sporadic use into the 24th century;
Dirgo carried several 23rd-century Type 2 phasers aboard his shuttle in 2367. 24th century and
beyond. By the 2360s, the type 2 phaser had evolved past the pistol [...]

Wu et al. (2020) Space shuttle (01C23B9DFEB9BEEC): A space shuttle was a form of low-orbit spacecraft com-
monly launched from Earth during the 20th and 21st centuries. The term "space shuttle" remained
in use well into the 23rd century, when in 2285, Spock was alerted by a public announcement that
his space shuttle would be leaving in fifteen minutes [...]

Dual-Encoder (Ours) Galileo type shuttlecraft (38646166C184F9C3): The "Galileo"-type shuttlecraft was a shuttle-
craft type operated by Starfleet in the 23rd and 24th centuries. Physical arrangement. This type of
shuttlecraft had two nacelles, attached to the sides near the ventral hull with two pylons each, [...]

Cross-Encoder (Ours) Nenebek (00F7A1017770BA5D): The "Nenebek" (NAR-21166) was a "Nenebek"-type sublight
mining shuttle that was in service in the independent Pentarus system in the mid-24th century.
Constructed sometime in the mid-23rd century, this shuttle was used for ferrying people. "Nenebek"
was the property of Captain Dirgo who had logged almost 10,000 hours in this shuttle, [...]

Table 8: ZeShEL: Improved Detail in Linked Concept. Above are examples of mentions where we see a clear
trend of increasing detail in the linked concept leading finally to a correct link prediction when using the baseline
dual-encoder (Wu et al., 2020), our coreference-based dual-encoder, and our cross-encoder trained using candidates
generated by the coreference-based dual-encoder, respectively.

4658



Proceedings of the 2022 Conference of the North American Chapter of the Association for Computational Linguistics:
Human Language Technologies, pages 4659 - 4676

July 10-15, 2022 ©2022 Association for Computational Linguistics

Massive-scale Decoding for Text Generation using Lattices

Jiacheng Xuu Siddhartha Reddy JonnalagaddaH Greg Durrettu

uDepartment of Computer Science, The University of Texas at Austin
HAlexa AI, Amazon, Seattle

{jcxu,gdurrett}@cs.utexas.edu sidjreddy@gmail.com

Abstract

Conditional neural text generation models gen-
erate high-quality outputs, but often concen-
trate around a mode when what we really want
is a diverse set of options. We present a
search algorithm to construct lattices encod-
ing a massive number of generation options.
First, we restructure decoding as a best-first
search, which explores the space differently
than beam search and improves efficiency by
avoiding pruning paths. Second, we revisit
the idea of hypothesis recombination: we can
identify pairs of similar generation candidates
during search and merge them as an approxi-
mation. On both summarization and machine
translation, we show that our algorithm en-
codes thousands of diverse options that remain
grammatical and high-quality into one lattice.
This algorithm provides a foundation for build-
ing downstream generation applications on top
of massive-scale diverse outputs.1

1 Introduction

Although pre-trained text generation models
(Lewis et al., 2020; Raffel et al., 2020) have
achieved impressive results across a range of tasks,
these models do not always deliver what system
developers want. Machine generated text may be
non-factual (Kryscinski et al., 2020; Maynez et al.,
2020; Goyal and Durrett, 2021) or toxic (Gehman
et al., 2020). We might patch these problems by
applying discriminators over the output (Holtzman
et al., 2018; Yang and Klein, 2021) to enforce these
properties post-hoc; we could, for instance, apply a
secondary model as a reranker over a small collec-
tion of outputs. However, if the generator returns a
homogeneous set of candidates, we may fail to find
any usable generation output. What if generation
models could return massive numbers of candi-
dates rather than a few outputs with optimal score?

1Code, implementation guideline, and visualization are
available at https://github.com/jiacheng-xu/
lattice-generation.

single hypothesis to proceed 
with

lattice encodes 4 variations 
compactly

Beam Search (high redundancy in outputs, hypotheses duplicated) 

A Cardiff recycling company has gone into bankruptcy. 
A Cardiff waste management company has gone into bankruptcy. 
A Cardiff waste processing company has gone into bankruptcy. 
A Cardiff waste processing plant has gone into bankruptcy.

A recycling company has

waste management

processing plant

Cardiff gone into bankruptcy.

This Work: Search with Recombination

Model

Figure 1: A lattice of outputs yielded by path recombi-
nation is a more efficient way to represent and explore
related generation outputs compared to beam search.

With a large set of candidates, our secondary model
could more easily find an acceptable one without
having to take more extreme steps like re-training
the initial generation model. Output diversity has
separately been established as a useful goal for for
applications such as dialogue and story generation
(Li et al., 2016; Fan et al., 2019).

Standard approaches including beam search
(BS) and sampling methods fall short of our goal.
Beam search uses significant computational re-
sources to explore similar hypotheses, and much
of the computation in the search process is in-
vested into paths that could be acceptable gen-
eration outputs, but are ultimately pruned. Sam-
pling approaches like nucleus sampling (Holtzman
et al., 2020), although achieving better diversity
than beam search, often re-discover seen hypothe-
ses and can be harder to control for quality. A
central problem with both methods is that they do
not handle very similar hypotheses efficiently.

In this paper, we present a decoding framework
with two key components. First, we argue that a
modified best-first search (BFS) is the right way
to explore the search space. We augment standard
best-first search with a depth-first path completion
strategy: we eagerly expand each node until we
reach an EOS token, thereby guaranteeing that each
node is part of some completed path returned to
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the user. This generation strategy avoids exploring
large numbers of states which end up being pruned.
BFS is also more flexible than static beam search
and can prioritize exploration in more uncertain
parts of the generation.

Second, our algorithm returns a massive number
of generation options encoded in a lattice, with dif-
ferent hypotheses recombined in an approximate
fashion. Beam search preserves similar outputs
such as “A Cardiff recycling company has gone
into” and “A Cardiff waste management company
has gone into” as different states. However, these
prefixes actually have very similar distributions of
following words under the model; if we identify
states like this, we can recombine them (Figure 2)
and treat them as the same from the perspective
of future continuations. In Figure 1, we show an
illustration of the lattice structure this recombina-
tion can form for document summarization. We
broaden a recombination method used previously
in beam search for machine translation (Och et al.,
2001; Zhang et al., 2018), enabling us to compactly
encode large number of generation candidates and
achieve dense lattices.

We show results for both document summariza-
tion and machine translation in three language pairs.
For each setting, we show that our lattice encodes a
large number of high-quality candidates, including
good matches with annotated reference generations.
We further show that a variant of our method can
still achieve strong results with a lower number of
nodes expanded than the baselines, suggesting that
this can be a path towards saving computational
resources. We believe that computing thousands
of high-quality generation candidates within a sin-
gle compact data structure can provide a powerful
starting point for various downstream purposes: di-
versity, factuality, customizability, and more.

2 Problem & Setup

We define our algorithm in the context of condi-
tional text generation (Sutskever et al., 2014; Bah-
danau et al., 2014). Conditional text generation
is formulated as sequence transformation from a
source input x to target output y = (y1, . . . , yn)
via a neural text generation model parameterized
by θ. Each yi is a symbol in a vocabulary V .
The probability of a decoded sequence is given
by p(y | x; θ) =

∏n
t=1 p(yt | y<t,x; θ). Decod-

ing text from a model can be framed as a search
problem, where the search objective is to find the

Path to Merge

Merge Target
A Cardiff waste company has gone into bankruptcy

recycling plant has gone into
𝒪.pop()

Apply 
recombination

Check for possible 
recombinations

Pop from  
pop the node with 
highest score from 
search frontier 

𝒪

𝒪

.

Y

Expand a nodeN

After recombination:
A Cardiff waste company has gone into bankruptcy

recycling plant has gone into

.

deleted

Figure 2: Our search algorithm. At each step, the al-
gorithm pops a node from search frontier O, checks
for possible recombinations with existing nodes, and
merges the nodes if a match is found. In this example,
“has gone into” is the merge target to match. “waste
company” and “recycling plant” are interchangeable
paraphrases which do not affect the continuation from
the model’s perspective.

output sequence that maximizes the conditional
probability under the model: argmaxŷ p(ŷ | x; θ).
Because p(ŷt | ŷ<t,x; θ) depends on the entire
generated sequence so far, this decoding problem
is intractable to solve exactly.

While typically the goal of decoding is to find the
hypothesis with the highest possible model score,
we instead focus on finding a large set of “good
enough” hypotheses. That is, finding a set Y:

argmax
Y

|Y| s.t. p(y | x; θ) > ε for all y ∈ Y (1)

for some threshold ε. ε emerges naturally by adjust-
ing search hyperparameters to control the number
of returned hypotheses. Our goal in this paper is to
design an algorithm that can efficiently find Y .

Notation We encode predicted generation can-
didates ŷ in a lattice. A lattice L = (N,E) is a
directed graph where each node represents a to-
ken and paths defined by directed edges encode
candidates. A path π in L from a unique start-
of-sequence node nsos to any node n represents a
(partially) decoded string, consisting of the words
in that path. All completed paths start with nsos
and end at (potentially different) end-of-sequence
nodes neos. The search graph L is constructed it-
eratively through a search procedure. We maintain
the closed graph C with explored nodes and edges
as well as a search frontier O, a set consisting of
successors to nodes currently in the graph. For
each node, there are |V| possible successors.

We define the search budget as the number of
nodes expanded from the search frontier. Our ex-
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Figure 3: Correlation of ROUGE-2 and model score
in beam search. For each example, we compare the
hypothesis with the highest model score, h∗, with all
other hypotheses. x and y-axis show the gaps of R2 and
model score. The Pearson’s ρ is 0.092 which suggests
very low correlation between R2 and model score.

periments will seek to compare different methods
using the same search budget. We will define this
more precisely in Sec. 7.

3 Inadequacies of Beam Search

As we have alluded to, beam search is inadequate
for our goal for several reasons. We show exper-
iments on these aspects in this section and Ap-
pendix A.

Better Model Score ; Better Hypothesis The
most critical issue is that beam search is designed to
efficiently approximate argmax ŷ = p(ŷ | x; θ),
but the optimal model score is neither our goal
nor a guarantee of a good hypothesis. In Figure 3,
we compare the correlation of model score and
ROUGE under beam search for text summariza-
tion. The Pearson correlation between these two
variables is very weak. Beyond ROUGE score, the
example in Fig. 1 shows that the main differences
between these summaries may be minor differences
in surface realization that have little effect on our
qualitative judgments of summary quality. The hy-
pothesis with the best score under beam search
is not substantially better quality than hypothe-
ses with slightly lower scores.

Lack of Diversity in (Diverse) Beam Search
Are the model outputs from BS and DBS di-
verse? We use Self-BLEU (SBL) (Zhu et al.,
2018) to measure the BLEU score for randomly
sampled pairs from each algorithm’s output. The
lower the self-BLEU, the more dissimilar the pairs
are. On decoding summaries on XSum, the SBL

for BS/DBS are 87/79 while a nucleus sampling
method can achieve 57/50 depending on the con-
figuration. Although DBS slightly improves the
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Figure 4: Diversity vs. ROUGE of BS/DBS on XSum
with varying beam size k, compared to a proposed
model introduced later (blue star) with equivalent beam
size k = 16. We consider sample ROUGE-2 lower
than 13 as low relevance/quality generations. Diversity
of BS does not scale well with k and DBS generations
become low quality.

k 16 8
D XSum zh-en fr-en en-fr

BS 71.3% 63.3% 54.0% 59.2%
DBS 71.2% 56.1% 50.4% 55.7%

Table 1: Pruning ratio of BS and DBS on different
tasks and datasets with beam size k. We report the av-
erage percentage of explored nodes getting pruned and
not appearing in a finished hypothesis.

diversity compared to the original variant, the over-
lap of outputs from beam search based method
is still very high, and the diversity remains a
challenge.

Poor Efficiency from Pruning One final issue
with beam search is that most of its computation
is not even useful in producing finished hypothe-
ses; that is, the set Y of answers produced does not
contain most of the nodes expanded in the typi-
cal course of operation. We conduct an empiri-
cal pruning study on a summarization dataset and
three translation datasets and show the results in
Table 1. For all studied cases, beam search and di-
verse beam search prune over half of the expanded
nodes. Many pruned hypotheses are not truly un-
grammatical or low quality, but are merely slightly
less likely than other nodes. How we can preserve
more of the explored lattice and do so efficiently is
addressed in next by our use of best-first search.

4 Modified Best-first Search

As established in the previous section, beam search
prunes many paths that would potentially yield
high-quality summaries and wastes computational
resources expanding nodes that aren’t included in a
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Algorithm 1 Best-first search with depth-first com-
pletion and path recombination
Input: Generation model θ with vocabulary V , search bud-

get b, O and C denote open set (max priority queue)
and closed set, isRecomb and doRecomb are functions
checking and running path recombination.

Output: All completed paths P
1: O ← {(∞,nsos)}, C ← ∅, expanded← 0.
2: while expanded < b do
3: ĥ← O.pop()
4: if isRecomb(ĥ, C) then
5: doRecomb(ĥ, C)
6: continue
7: end if
8: if ĥ 6= EOS then
9: vgreedy = argmaxv∈V p(v | ĥ,x; θ)

10: for v ∈ V do
11: score← s(ĥ

⊕
v) // concatenation

12: if v = vgreedy then
13: score←∞ // depth-first completion
14: end if
15: O ← O ∪ (score, nv)
16: end for
17: expanded← expanded+ 1
18: end if
19: C ← C ∪ ĥ
20: end while

final search graph. We tackle this issue by changing
from beam search to best-first search (BFS) (Hart
et al., 1968; Pearl, 1984). BFS prioritizes searching
over nodes according to a scoring function, giving
us more flexibility in how we explore the space.
Our chief modification of the base algorithm is a
heuristic we call depth-first completion.

Depth-first Path Completion Neural text gen-
eration is a search problem with large branching
factor (V) and deep search depth (sequence length).
As a result, applying BFS with the scoring function
being the model score of a state often leads to a
broad search that rarely returns a valid path. One
solution to this problem is to incorporate a heuris-
tic based on length. Model score is monotonically
decreasing as a sequence grows in length, so prior
work (Wu et al., 2016; Zhang et al., 2018; Meister
et al., 2020b) has used a length reward term to alle-
viate this issue.2 We found that, even with a length
heuristic, BFS will still have “dangling” nodes that
are not part of any path to an EOS (goal) token, and
it might return few or no valid hypotheses.

Recognizing our objective from Equation 1, we
can take a simple step to ensure that every node
ends up on some completed path: eagerly do a
greedy search from each node until we reach neos

2This can be considered a heuristic like in (weighted) A∗

search, but it is not necessarily admissible or consistent.
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Legend

Figure 5: Depth-first completion. The red node is the
current node being expanded. We depth-first expand a
sequence of nodes (in blue) to get a completed path.

or exceed a maximum length. In Algorithm 1, we
implement this by modifying the priority of the
highest scored token with∞ (line 12), so it will be
explored immediately after the current time step.
In Figure 5, we illustrate depth-first completion.

Search Algorithm We describe BFS with depth-
first completion in Algorithm 1. The algorithm is
a modified best-first search algorithm applied to
text generation. s(·) is a function to evaluate the
value of a path. Typically it is defined as s(y) =∑

log p(yt | y<t). b is the budget for total model
calls to neural text generation model. Note that
isRecomb and doRecomb do not invoke the neural
generation model, so they do not count towards the
computation budget we defined here. In practice,
we only consider top 5 expansions rather than the
whole vocabulary V for line 10.

5 Path Recombination

Path recombination, also known as hypothesis re-
combination, was originally proposed and used in
phrase-based machine translation (Och et al., 2001;
Koehn et al., 2003; Zhang et al., 2018). The idea
of path recombination is to combine similar paths
if what the model predicts for them in the future
is the same, reflecting a similar dynamic program-
ming principle as the Viterbi algorithm. We focus
on finding hypotheses which approximately exhibit
this property, and show that merging them can yield
high-quality outputs. Figure 2 shows an example of
recombination. The two hypotheses being merged
here roughly convey the same intent, and it turns
out that the shared suffix “has gone into” is a strong
indicator that the model will treat them similarly in
the rest of the generation.

Prerequisites of Recombination Theoretically,
two search states should only be recombined if they
yield the exact same distribution over future gen-
eration decisions (see strong equivalence in Ap-
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.
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(a) RCB (b) ZIP

Figure 6: Illustration of two path recombination strate-
gies, RCB and ZIP. Orange lines are the merging edges
(MRG) built by recombination. Dotted lines and circles
are removed after recombination. The key difference
of RCB and ZIP is how much the recombination propa-
gates, 1 step or n steps.

pendix B). However, this is intractable even to
check approximately; we define a weaker criterion:

Definition 5.1 (Weak equivalence). Let a and b be
two prefix strings starting with nsos. a and b are
weakly equivalent if greedy completions of these
two strings are the same: argmaxy P (y | a) =
argmaxy′ P (y

′ | b).
This criterion can be checked empirically, but it is
not practical to do so during search.

To approximate equivalence, we define a simi-
larity function isRecomb(h, ĥ) to determine if an
expanded node ĥ should be merged with an ex-
isting expanded node h. A similar recombination
idea was explored in Zhang et al. (2018). Follow-
ing their work, we explore a family of rule-based
heuristics for merging. There are two rules: (1)
two strings share a common n-gram suffix, (2)
the length difference of two strings is less than
α. Assume that the canonical paths for h and
ĥ are lengths l and l̂, then isRecomb(h, ĥ) =
1[π(h)l−n+1,...,l = π(ĥ)l̂−n+1,...,l̂ ∧ |l − l̂|< α]

where α and n are hyper-parameters.3 For a large
enough value of n, note that the shared suffixes en-
courage hypotheses like this in Figure 6 that share
large parts of the structure already.

Prior Work: BSZBEAM Zhang et al. (2018)
use their merging criterion in the context of beam
search for neural machine translation. If the merg-
ing criteria hold, ĥ will be recombined with h.
However, ĥ will not be considered as a future

3In Zhang et al. (2018), there is one extra constraint re-
quiring P (ĥ | x) < P (h | x), which requires that the path
getting recombined has lower model score than the existing
path. However, we found that model score is not always a
good indicator for merging, as suggested in Fig. 3, partially
because it is challenging to calibrate scores across different
sequence lengths, so we disregard this constraint.

merging candidate. We call this merging strategy
ZBEAM. We implement this model together with
its merging criteria and denote it as BSZBEAM.
This strategy is tailored to beam search and ex-
plores a more limited set of merges than we do.

Canonical Paths After recombination, a single
node may represent multiple different possible sen-
tence prefixes. If an edge is created due to the
extension of search graph via model’s prediction,
we call it a GEN edge. Otherwise, the edge is cre-
ated due to path recombination, and we call it a
MRG edge. We define the notion of a canonical
path, which represents the single path used to score
candidate expansions.

Definition 5.2 (Canonical Path). Let n be a node.
The canonical path to n is defined as the unique
path from nsos to n consisting only of GEN edges.

Theorem 5.1. For any node n in the graph except
nsos, there exists exactly one canonical path.

We present the proof in Appendix. C. We define the
path of a node n, π(n), as returning the sequence of
words corresponding to the canonical path of that
node. Expanding n computes P (y | π(n)) under
the neural model.

6 Recombination Mechanism

We illustrate the two major recombination tech-
niques we introduce, RCB and ZIP, in Figure 6.
These methods represent our two implementations
of doRecomb in Algorithm 1.

RCB: Generalization of ZBEAM ZBEAM has
a major limitation: a limited set of merging candi-
dates. The potential merge candidates in ZBEAM

are only nodes in the current beam hypotheses and
their previous steps, so the method cannot merge
with nodes from earlier timesteps. For example,
“A waste plant has gone into” cannot be merged
with the hypothesis with ending in node 4 shown
in Figure 6. The proposed generalization, RCB,
addresses this limitation. We index all of the nodes
in the lattice across all timesteps by their n-grams
using a hash table, making it O(1) time to look
up an n-gram pattern and retrieve potential merge
candidates if they exist.

ZIP: Recombining More If we take a closer
look at RCB in Figure 6, we see that even in the
merged structure, nodes 3 and 7 and nodes 2 and 6
are preserved as separate. They do not pass the re-
combination criterion themselves, but these nodes
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are part of the suffix matched strings, still corre-
spond to the same words, and have the same di-
rectly generated next word. There is reason to be-
lieve that these might be equivalent as well. Hence,
we explore a variant called ZIP that propagates the
merge backwards through the lattice. This change
relaxes the merging criterion and up to n pairs of
nodes are combined when a merge is identified,
leading to a more compact lattice. We describe
some of the details in Appendix D.

Our Methods In this work, we combine the
two proposed techniques, the modified best-first
search (BFS) and recombination methods, together.
Hence, we name them as BFSRCB and BFSZIP.

7 Evaluation

To evaluate the proposed methods, we conduct ex-
periments on abstractive text summarization and
machine translation. Our evaluation focuses on two
questions: (1) how large and diverse are our lat-
tices? (2) are the candidates encoded in the lattices
high quality and grammatical?

7.1 Datasets & Base Models

We obtain all the models and certain baseline decod-
ing methods from the Transformers library (Wolf
et al., 2020). Since our methods are inference
techniques without learned components, we do not
re-train any models. For summarization, we use
XSum (Narayan et al., 2018), a popular English
news summarization dataset. We sample 100 ex-
amples from the validation set. The base model we
use is BART-large-XSum (Lewis et al., 2020).
For machine translation, we study our models on
the English-French (en-fr) pairs from WMT 2014
(Bojar et al., 2014) and Chinese-to-English (zh-
en) pair from WMT 2019 (Barrault et al., 2019).
We use mBART (Liu et al., 2020), a state-of-the-art
neural machine translation model. We set the max
decoding length to be twice the input length, so it
varies per example.

7.2 Search Budget

To fairly compare the resource usage of all meth-
ods, we define the search budget as the number of
calls to the neural model, equivalent to the number
of nodes expanded.4 With beam size k and maxi-

4We incur negligible overhead from rule-based matching
in the merging step, as well as the computational costs of
computing diversity term in DBS and modifying sampling
distributions in sampling methods.

mum length T , beam search methods are given a
theoretical budget of kT . We could simply allow
best-first search and sampling methods to expand
this number of nodes. However, since hypotheses
may terminate before they reach EOS, empirically
there is a gap between effective length (the aver-
age generated hypothesis length) and max length
for both beam search and sampling. To balance
the computation used across the different methods,
we apply a correction factor so that the different
methods are expanding the same number of nodes
in aggregate. We increase the beam size k by 50%
for translation, from 8 to 12, and 25% for summa-
rization, from 16 to 20, for our baseline methods: k
to BS, DBS, NCLS, TEMP, and BSZBEAM. This
correction was empirically determined to balance
the number of nodes expanded between our method
and the baselines. We emphasize that this correc-
tion improves the baseline performance relative to
our methods.

7.3 Search Algorithms

We implemented GREEDY, BS, DBS, NCLS, and
TEMP as baseline methods. NCLS0.9 represents
nucleus sampling method with p = 0.9. We refer
to Appendix E for detailed descriptions. We also
experiment with basic BFS without path recombina-
tion, but including our depth-first path completion
technique to ensure that finished hypotheses are
produced. BSZBEAM is our implementation of
Zhang et al. (2018). We integrate RCB with nu-
cleus sampling and best-first search as NCLSRCB

and BFSRCB. We also test BFS with the ZIP strat-
egy. lBFSZIP is a resource-efficient version of
BFSZIP where only 25% of the search budget is
used, exploring what this method can achieve with
a lower budget given its more aggressive merges.

7.4 Evaluation Metrics

We describe our metrics to evaluate both quality
and diversity. Several of our methods build on
ROUGE (including R1, R2, RL) (Lin, 2004) and
BLEU (Papineni et al., 2002; Post, 2018) compar-
ing the generated text to references.

Diversity-oriented Metrics We evaluate the di-
versity of generated texts with the following met-
rics. (1) |path| is the average number of unique
paths in the produced lattice.5 (2) Number of

5Due to the exponentially growing number of paths in
some of our models, we cap the number of paths from nsos
to each node to C = 104.
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Diversity OR SP GRM
↑ ↑ ↑ ↓ ↑ ↑ ≥ ↓

Model |path| N1 N2 SBL ED R2 R2 ERR

GREEDY 1 22 23 100 0 17.3 17.3 0.5%
BS 20 42 61 87 31 26.3 17.7 0.3%

DBS 19 59 91 79 53 25.5 15.9 0.5%
NCLS0.8 20 124 237 57 72 30.2 14.5 0.5%
NCLS0.9 20 143 273 50 76 28.1 13.3 0.8%
TEMP1.5 20 170 319 51 82 26.6 11.6 1.4%

BFS 30 88 167 68 60 30.1 15.6 0.4%

+ Path Recombination
BSZBEAM 4,701 66 118 75 51 33.0 16.0 0.7%

NCLS0.8RCB 52 167 308 53 79 28.8 13.0 1.0%
NCLS0.9RCB 36 207 363 50 87 25.9 11.0 1.7%

BFSRCB 7,758 111 239 65 64 35.8 15.2 0.8%
BFSZIP 95,744 124 274 53 77 36.8 13.2 1.4%

lBFSZIP 297 58 92 80 49 29.2 15.2 0.8%

Table 2: Results decoding text summaries on XSum.
Diversity metrics are rounded to integers to save space.
We use ↑, ↓ and ≥ to denote the desired trend, the
higher the better, the lower the better, or good if it
passes some threshold. Among the methods with path
recombination excluding lBFSZIP, we highlight the
best , second and third best , and the worst one.

unique n-grams encoded in the lattice; this cap-
tures a different type of diversity than the number
of paths, since there could be many paths reusing
the same words. N1 and N2 are average number of
novel unigrams and bigrams in the graph. (3) SBL

is the average self-BLEU among m samples (Zhu
et al., 2018). The samples are drawn from a uni-
form random walk from nsos. The range of SBL is
[0, 100]. (4) ED is the average edit-distance among
m samples. We set m = 5 in our experiment.

Quality: Grammaticality We adopt GECToR
a neural grammatical error correction model
(Omelianchuk et al., 2020) to automatically assess
the grammaticality of generated texts. We report
GRMERR(%), the average number of grammar er-
rors per token, for all English-output experiments.

Quality: Oracle Reference Match Given the
reference, we find the path with highest ROUGE
or BLEU over all found paths. Oracle ROUGE
is defined as OR(Y,y∗) = maxy∈Y(R2(y,y∗)).
This metric captures both quality and diversity: the
algorithm needs to find something close to the refer-
ence, but a diverse lattice will have a higher chance
of exhibiting a good candidate all else being equal.

Quality: Average Reference Match Although
our method focuses on deriving diverse text sum-
maries or translations, we aim to guarantee that the
generated text is highly relevant to the generation

target and is of high quality in general. We sample
1,000 paths from the lattice with replacement and
evaluate the average ROUGE or BLEU compared
to the reference. We denote this metric as SP.

8 Results

Text Summarization We present the experimen-
tal results on the dev set of XSum in Table 2. Full
results are kept in Table 4 for reference. Among
non-recombination methods, BS and DBS are the
least diverse methods. Sampling based methods
including TEMP are generally more diverse, but the
oracle ROUGE is lower than that of BFS. Given
the sacrificed text quality (lower sample ROUGE
and more grammar errors) of sampling based meth-
ods, we argue that modified best-first search is a
strong decoding strategy even without path re-
combination. The bottom half shows all methods
with path recombination techniques. Recombina-
tion significantly improves the diversity of gen-
erated outputs, with a much higher number of
paths. The SBL of the recombination variants are
lower than their non-recombination counterparts.

In terms of search quality, the proposed BFSRCB

and BFSZIP methods obtain significantly higher or-
acle ROUGE compared to all other methods. We
show these results later in Figure 9: our approach
can find much better oracle solutions, even com-
pared with beam search method with quadruple the
amount of computational resources. The design of
the oracle ROUGE metric is also motivated by a
real use case: if you want a specific summary (e.g.,
a summary covering a specific entity or topic), does
it exist in the search graph? Higher oracle ROUGE
indicates a closer match, meaning a strategy using
some kind of reranking model could help find the
user’s preferred outputs.

Comparison: RCB & ZIP The ZIP method
yields even more diverse output at the cost of text
quality. There are a few reasons for this: 1) recom-
bination of more nodes makes the lattice denser,
increasing the number of paths but also potential
errors; 2) elimination of unexplored children from
merged branch reduces the waste of exploration
which means ZIP can explore more hypotheses
than RCB. With the same amount of computational
resources, ZIP explores a larger search space while
RCB explores a smaller collection more reliably.
lZIP exploits the efficiency of ZIP to achieve high
diversity, and by searching through fewer states, it
manages to achieve higher quality as well.
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zh-en fr-en
Diversity OR SP GRM Diversity OR SP GRM

↑ ↑ ↑ ↓ ↑ ↑ ≥ ↓ ↑ ↑ ↑ ↓ ↑ ↑ ≥ ↓
Model |path| N1 N2 SBL ED BL BL ERR |path| N1 N2 SBL ED BL BL ERR

GREEDY 1 35 40 100 0 24.7 24.7 0.5% 1 28 31 100 0 40.0 40.0 0.9%
BS 12 45 63 95 20 32.2 25.0 0.2% 12 37 50 93 13 52.6 38.1 1.0%

DBS 11 55 84 89 59 29.7 20.5 0.5% 11 45 67 88 37 46.4 30.5 1.1%
NCLS0.8 12 94 188 72 82 31.5 17.5 0.7% 11 62 107 80 46 51.0 31.2 1.0%
NCLS0.9 12 110 226 67 94 30.4 15.8 0.9% 12 75 134 77 57 48.3 27.4 1.2%
TEMP1.5 12 140 280 62 105 27.0 12.7 1.3% 12 102 184 69 71 43.7 21.6 1.6%

BFS 18 60 104 86 54 32.7 20.7 0.5% 27 59 102 84 37 53.2 33.7 1.1%

+ Path Recombination
BSZBEAM 18,336 64 117 77 65 40.1 19.1 0.8% 16,729 59 107 77 43 61.2 28.2 1.3%

NCLS0.8RCB 81 138 263 67 91 26.8 13.9 1.1% 344 140 246 64 67 48.2 26.6 1.2%
NCLS0.9RCB 38 188 343 58 114 23.9 10.6 1.7% 123 205 352 55 92 41.1 20.2 2.1%

BFSRCB 17,535 81 171 76 72 42.1 19.4 0.9% 47,577 85 193 68 52 64.6 25.3 1.6%
BFSZIP 59,020 94 205 66 88 42.4 15.5 1.4% 146,163 111 259 56 63 56.8 16.9 2.5%

lBFSZIP 511 50 75 89 38 33.0 21.2 0.7% 4,531 50 81 82 35 59.5 29.4 1.4%

Table 3: Results on WMT14 Fr-En and WMT19 Zh-En. Columns are the same as for summarization, although
BLEU is used instead of ROUGE. Trends are roughly similar, with BFSRCB providing high diversity at good
quality and lBFSZIP offering a strong tradeoff between computational resources and diversity.

Machine Translation We show the result on ma-
chine translation in Table 3 and 6. Results on
translation tasks show the consistent gains of di-
versity from path recombination models. In Ta-
ble 3, we show two translation tasks where the
target language is English. BFSRCB works better
than BFSZIP because it disables some aggressive
and bad merges which explores bad hypotheses.
Compared to summarization, we found the search
space in MT to be more constrained, so there was
less room for aggressive merging and exploration
to improve over RCB. Our lower-resource method,
lBFSZIP approach, actually performs quite well
on most metrics with only 25% of search budget.
It has better diversity performance than any non-
recombination methods, and comes with quality
better than most of the recombination methods.
The usage of BFS and path recombination methods
like BFSRCB and BFSZIP is promising for being
able to find a better cost-diversity tradeoff in MT.

Validating the Merging Criterion Our merging
criterion is fundamentally an approximation of the
equivalence criteria described in Section 5. Our
question is: what fraction of nodes merged by
our merging criterion satisfy the weak equiva-
lence assumption? We conduct an experiment
to verify this on XSum. We compute the greedy
completion for L timesteps and check whether the
continuation of the base candidates would be the
same. In Figure 7, we show the fraction of merged
pairs for which the generations match exactly un-

2 4 6
n

0.00

0.25

0.50

0.75

EM

RCB

2 4 6
n

ZIP

L
2
4
8

Figure 7: Empirical verification of merging criteria.
We experiment with n = {2, 4, 6} for n-gram suf-
fix matching. We sample 1,000 recombinations from
BFSRCB and BFSZIP respectively, and run greedy in-
ference based on merged hypotheses. We use Exact
Match (EM) to measure how often two merged hy-
potheses give the same greedy future generations con-
sidering the next L tokens after the merge.

der three values of the recombination criterion. For
BFSRCB, when using n = 4 the greedy continua-
tion over 4 timesteps is the same 71.2% of the time.
For BFSZIP it is the same 62.5% of the time. Fol-
lowing the weak equivalence criterion is a strong
indication that these hypotheses can admit many of
the same continuations. RCB is more reliable than
ZIP, but both methods show moderate adherence
to the equivalence criterion.

Error Analysis & Visualization In Figure 8, we
present two examples on XSum by lBFSZIP. The
upper example has more word level recombination
and paraphrasing while the bottom one has more
ways of ending and more diverse content coverage.
We show more examples on both summarization
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Figure 8: Two examples on XSum by lBFSZIP. The
start of sentence is denoted in dark color, and all the
endings are in gray. We combine tokens to phrases
when possible for visualization purpose. More exam-
ples are presented in Appendix. H.

and translation in Appendix. H.
We manually examine the output and found a

few common types of errors introduced by our algo-
rithm. (1) Factual errors at high entropy nodes. Our
approach assumes that high-scoring candidates un-
der the model are good quality, but this assumption
is violated in certain cases, like when the model
attempts to hallucinate information. For example,
the prefix “The company, founded in” will cause the
model to guess answers like “1989” or “1999”. En-
coding all of these in the lattice is incorrect. How-
ever, we did not see significant factual errors in-
troduced by merging specifically. (2) Aggressive
bad merges. In the upper example in Figure 8, the
cluster of “GPs”, “nurses”, “paramedics” is an ex-
ample case. The lattice encodes paths like “GPs,
nurses and nurses should ...”. This could be fixed
by heuristics or rules in future work.

9 Related Work

The techniques used in this work partially reflect an
outgrowth of a few lines of literature: understand-
ing the behavior of text generation models (Xu
et al., 2020; Xu and Durrett, 2021; Zhong et al.,
2021), investigations into beam search (Stahlberg
and Byrne, 2019; Meister et al., 2020a), and studies
of diversity in generation.

In terms of search strategies, best-first beam
search (Meister et al., 2020b) is a method integrat-

ing best-first search with beam search. Some other
variants of search have also been studied in previ-
ous work (Meister et al., 2021b,a). Beam search
has been critically examined in some recent work
(Huang et al., 2017; Stahlberg and Byrne, 2019),
but largely of focused on specific challenges in MT.

As for diverse generation, neural text degener-
ation has been discussed in Radford et al. (2019);
Holtzman et al. (2020); Welleck et al. (2020),
which led to an interest in diverse generation mod-
els. Diverse text generation has been studied in
previous work (Yu et al., 2017), including in dia-
logue (Li et al., 2016), story generation (Fan et al.,
2019), and particularly paraphrasing (Iyyer et al.,
2018; Goyal and Durrett, 2020). Our method can
also diversify content coverage (Gehrmann et al.,
2018) and word choice (Cao and Wang, 2021).

10 Discussion & Conclusion

We presented an algorithm for decoding in text
generation with two main components: best-first
search to more efficiently structure exploration
of the space and hypothesis recombination to en-
code summaries in a lattice structure. We showed
that across summarization and machine translation,
these lattices successfully encode large numbers of
high-quality generation options.

There are a few limitations of our method. First,
we currently benchmark these techniques using
number of nodes expanded, not wall clock time.
There are strategies for parallelizing the BFS ex-
pansion (Shu and Nakayama, 2018), but it remains
to be seen how this parallelism compares to the par-
allelism achieved by beam search. Regardless, the
dramatically larger number of hypotheses we return
outweighs efficiency differences for now. Second,
we focus on auto-regressive methods in this paper.
However, we believe our framework could also be
applied and adopted to non auto-regressive genera-
tion models (Song et al., 2021).
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Figure 9: Oracle R2 of BS/DBS with larger beam size
k. Blue star represents BFSRCB with equivalent k =
16.

A Inadequacies of Beam Search: Poor
Scaling Behavior

In spite of the issues with beam search that we de-
scribe in the main text, perhaps beam search could
still be viable with larger beam sizes if more com-
putational resources are available. We experiment
with beam sizes of 2{4,5,6,7} and see how diversity
scales with beam size. In Figure 4, we found that an
exponential increase of beam size does not lead to a
strong increase of number of novel bigram in beam
search. In DBS, the diversity does ramp up, but the
quality of the generated text decreases substantially.
For BS and DBS, increasing beam size is not an
effective solution for better diversity. We com-
pare the oracle R2 of BS/DBS with larger beam
size in Figure 9. The oracle R2 increases slowly
as k doubles, but our model BFSRCB with k = 16
achieves 35.8, much higher than all BS/DBS cases.

B Strong Equivalence of Path
recombination

In the strictest form, recombining two hypotheses
assumes the following equivalence between them:

Definition B.1 (Strong equivalence). Let a and b
be two prefix strings starting with nsos. a and b
are strongly equivalent if P (y | a) = P (y | b)
holds for all y.

Merging such states in the search tree is valid with
no loss of information, as any expanded node will
receive the same score under both prefixes. How-
ever, this assumption is not realistic since seq2seq
models condition on the entire sequence so far, and
any tiny perturbation changes the predicted distri-
bution. To relax the assumption, we then propose
the weak alternative.

C Proof of Theorem 5.1

Proof by induction. Base case: we begin with just
nsos in the lattice, which has exactly one canonical
path consisting of itself.

Inductive case: assume every node in the lat-
tice has exactly one canonical path. We have to
consider two cases when expanding a node in the
lattice:

(1) Expanding the node n as normal. In this
case, n is on the search frontier due to its parent
node n′ being expanded, which establishes a GEN

edge from n′ to n. Since n′ has exactly one canon-
ical path, n then has exactly one canonical path
consisting of the canonical path to n′ extended to
n.

(2) Applying recombination. This operation only
adds MRG edges and deletes nodes, neither of
which have any impact on the canonical paths.

D Implementation Details: ZIP

We summarize the key differences of ZBEAM, RCB

and ZIP in Table 5. In ZIP, nodes that are already
expanded might be removed from the lattice due to
recombination. For example, in Figure 6, node 6
and 7 are removed in this fashion. In general, we
handle this by re-mapping the eliminated node to
its surviving counterpart. Any reference to node 7
is routed to node 3, or whatever node 3 is mapped
to. This procedure is defined and implemented as a
union-find data structure.

Deduplication of Unexplored Successors After
the ZIP procedure, we also remove the unexplored
successors of the merged nodes, like node 6, 7, and
8 in Fig. 6. We show a more detailed example in
Figure 10. In ZIP, we will merge node 3 and node
6. If we take a closer look at the successors of these
two nodes, the distributions could be similar and in
fact are expected to be if the equivalence criteria
hold. We remove the unexplored direct successors
of the merged node as part of the merging process,
and the surviving node (node 3) captures these with
similar probabilities regardless.

E Baselines

GREEDY is the deterministic greedy decoding
method that always selects the highest probability
token as prediction. The equivalent beam size for
this approach is 1 since we only run one pass.
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Figure 10: An illustration of removing unexplored hy-
potheses from search frontier in ZIP.

BS & DBS stand for beam search and its variant
diverse beam search (Vijayakumar et al., 2018). In
our configuration, we use Hamming distance as the
diversity function and set the diversity strength to
1.5, following Vijayakumar et al. (2018).

NCLS is the nucleus sampling method proposed
in Holtzman et al. (2020), which encourages quality
by truncating the distribution over the vocabulary
with a parameter p before sampling. We experi-
ment it with p = 0.9 and p = 0.8.

TEMP changes the temperature of softmax func-
tion to reshape the prediction distribution (Ficler
and Goldberg, 2017). We set the temperature pa-
rameter τ = 1.5 so the prediction picks more low-
scored tokens than τ = 1.

F Implementation Details: Beam Search

In our beam search implementation, the size of the
search frontier O is up to the beam size k. When
a path is completed, we move it from the search
frontierO to a completed set F to free up the beam
for exploring unfinished hypotheses. Naturally, fin-
ished hypotheses F in the end can be of variable
length. After reaching the max generation step T ,
we sort all hypotheses in F according to the model
score. Following common practice in libraries such
as Transformers (Wolf et al., 2020), we return a
number of completed hypotheses equal to the beam
size.

G Results of WMT14 English to French

Table 6 shows an additional experiment on English-
French. We do not evaluate on grammaticality due
to the GECToR model being specialized to English.
The results show broadly similar trends as those in
Table 3, discussed in the main text.

H Examples

We show three examples with visualization in Fig-
ure 11,12 and 13. We use PyVis as the visu-
alization tool.6 More examples are available at
anonymized.

I Computational Considerations

Resources Used All experiments were con-
ducted on a server with 32GB RAM and Intel Xeon
E5-2630 CPU, using a single NVIDIA GTX1080.
The total computational budget in GPU hours is
within 50 hours for experiments in text summariza-
tion and machine translation.

Memory and Runtime Although the final lat-
tices returned encode large numbers of paths, they
do not take large amounts of memory. Because the
number of nodes in a lattice is no larger than the
number of node expansion operations during beam
search, it is always less than the search budget and
can be stored compactly.

Moreover, the wall clock time of our BFS-
Recomb strategy is manageable, on the order of
between 1 and 10 seconds for summarization. As
mentioned in the Conclusion, additional paral-
lelism can be combined with our BFS search to
further improve the time and make it comparable
to beam search. However, even this version of
the algorithm can be “embarrassingly” parallelized
across examples to improve efficiency.

Descriptive Statistics We randomly sample 100
data instances from the validation set for each
dataset, and they are used by all methods. When
sampling is needed, we take 1,000 samples for
each data instance, so all the metrics are reported
on 100,000 translations/summaries for one dataset.

J Risks

By generating additional outputs from a genera-
tion model, we may cause a system to produce
outputs that are biased, factually inaccurate, or con-
tain hallucinations. However, all of these risks are
present in the raw text generation models as well.
Moreover, because we present many options, we
believe our approach more appropriately reflects
the model’s uncertainty over its output, and may
have a part to play in mitigating such risks in sys-
tems of the future.

6https://github.com/WestHealth/pyvis
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<s>

Figure 11: Visualization of one example output for beam search on XSum. nsos is labeled. Each color represents
one unique ending.
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<s>

Figure 12: Visualization of one example output for BFSRCB on XSum.
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Figure 13: Visualization of one example output for BFSZIP on XSum.
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Diversity Oracle Sample GRM
↑ ↑ ↑ ↓ ↑ ↑ ↑ ↑ ≥ ≥ ≥ ↓

Model |path| N1 N2 SBL ED R1 R2 RL R1 R2 RL ERR

GREEDY 1 22 23 100 0 41.4 17.3 33.5 41.4 17.3 33.5 0.5%
BS 20 42 61 87 31 47.6 26.3 40.3 41.5 17.7 33.6 0.3%

DBS 19 59 91 79 53 47.0 25.5 39.1 38.5 15.9 30.3 0.5%
NCLS0.8 20 124 237 57 72 50.4 30.2 44.2 37.4 14.5 29.5 0.5%
NCLS0.9 20 143 273 50 76 48.0 28.1 42.2 36.1 13.3 28.5 0.8%
TEMP1.5 20 170 319 51 82 45.0 26.6 38.5 34.1 11.6 26.3 1.4%

BFS 30 88 167 68 60 50.8 30.1 44.0 39.0 15.6 30.8 0.4%

+ Path Recombination
BSZBEAM 4,701 66 118 75 51 52.2 33.0 45.7 40.0 16.0 32.3 0.7%

NCLS0.8RCB 52 167 308 53 79 49.0 28.8 41.8 35.0 13.0 27.8 1.0%
NCLS0.9RCB 36 207 363 50 87 44.6 25.9 38.7 32.1 11.0 25.1 1.7%

BFSRCB 7,758 111 239 65 64 55.2 35.8 49.3 38.5 15.2 30.8 0.8%
BFSZIP 95,744 124 274 53 77 55.6 36.8 48.8 36.8 13.2 28.7 1.4%

lBFSZIP 297 58 92 80 49 49.6 29.2 42.8 38.8 15.2 31.0 0.8%

Table 4: Full results for all methods decoding text summaries on XSum.

Method ALGOS CAND LEN DEDUP

BSZBEAM BS last step 1 N
RCB any all 1 N
ZIP any all n Y

Table 5: Key differences in path recombination meth-
ods. BSZBEAM is the recombination method used in
Zhang et al. (2018). ALGOS shows which search or
decoding methods this method is used with. CAND
is where the merge candidates come from in the lat-
tice. LEN reflects how many nodes are recombined per
operation. DEDUP denotes whether duplicates on the
merged branch will be removed from heap.

Diversity OR SP
↑ ↑ ↑ ↓ ↑ ↑ ≥

Model |path| N1 N2 SBL ED BL BL

GREEDY 1 32 35 100 0 28.5 28.5
BS 12 42 57 93 13 37.8 27.5

DBS 10 51 73 89 38 33.1 22.7
NCLS0.8 12 95 171 72 56 35.4 20.4
NCLS0.9 12 116 214 66 73 33.4 17.6
TEMP1.5 12 150 274 61 89 28.4 13.1

BFS 17 62 98 85 35 38.8 25.0

+ Path Recombination
BSZBEAM 17,508 67 117 78 40 46.4 21.2

NCLS0.8RCB 59 151 261 67 78 29.3 16.3
NCLS0.9RCB 32 190 317 53 101 26.9 12.6

BFSRCB 18,663 90 180 74 42 46.6 20.8
BFSZIP 49,507 104 213 65 53 45.9 16.7

lBFSZIP 386 49 70 88 25 39.5 25.7

Table 6: Results on machine translation WMT14 En-
glish to French. BFSRCB and BFSZIP are strong in
both diversity and quality.
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Abstract

In this paper, we explore the task of deter-
mining indirect answers to yes-no questions
in real conversations. We work with tran-
scripts of phone conversations in the Switch-
board Dialog Act (SwDA) corpus and create
SwDA-IndirectAnswers (SwDA-IA), a subset
of SwDA consisting of all conversations con-
taining a yes-no question with an indirect an-
swer. We annotate the underlying direct an-
swers to the yes-no questions (yes, probably
yes, middle, probably no, or no). We show
that doing so requires taking into account con-
versation context: the indirect answer alone
is insufficient to determine the ground truth.
Experimental results also show that taking into
account context is beneficial. More importantly,
our results demonstrate that existing corpora
with synthetic indirect answers to yes-no ques-
tions are not beneficial when working with real
conversations. Our best models outperform the
majority baseline by a substantial margin, but
the task remains a challenge (F1: 0.46).

1 Introduction

Dialogue systems have become a reality enabled
by large datasets and deep neural networks. Task-
oriented (Wen et al., 2017) and open-domain (Tang
et al., 2019) dialogue systems are commonplace.
Neural approaches are popular (Zhang et al., 2018)
although systems based on logical inference and
rules outperform networks in open-domain dia-
logue (Finch et al., 2021). State-of-the-art systems
face challenges keeping track of a conversation
and avoiding inconsistencies (Welleck et al., 2019).
Evaluation is also an open issue as automated met-
rics have several drawbacks (Liu et al., 2016). An
alternative is to evaluate dialogue systems based on
whether they can collaborate with humans to solve
a problem (Lewis et al., 2017) or elicit some action
such as donating to a cause (Wang et al., 2019).

People do not explicitly say what they mean
when they speak to each other yet they seamlessly

A: Do you work outside of the home?
B: No, I am not working currently.
Underlying direct answer: No

A: Do you work outside of the home?
B: Uh, last month I left my company.
Underlying direct answer: No

A: Do you work outside of the home?
B: Uh, last month I left my company.
A: What happened? Stress?
B: But now I work for a marketing firm where I travel a lot.
Underlying direct answer: Yes

Figure 1: Conversation snippets with a yes-no ques-
tion (first turn by Sparker A). In the first example, the
underlying direct answer is obvious given the answer
by Speaker B. In the second example, determining the
underlying direct answer requires commonsense knowl-
edge. In the third example, it requires not only common-
sense but also taking into account more than the turn by
Speaker B immediately following the question.

carry on conversations. For example, customers
asking Where are the $1 cups? reveal to the sales
associate that they want to buy a (cheap) cup (Tatu,
2005). In this paper, we investigate the underly-
ing direct answers to yes-no questions. A yes-no
question is a question that expects a yes or no for
an answer. As we shall see, we work with direct
yes-no questions (e.g., Did you drive yourself to
the airport) and indirect ones (e.g., I am not sure if
you drove yourself to the airport).

Consider the conversation snippets in Figure 1.
As shown in the first one, the conversation turn
following a yes-no question may be a direct an-
swer (i.e., a turn including yes, no, obviously, never
or similar keywords). Indirect answers (e.g., sec-
ond snippet) are more common. Speaker B leaving
his company a month ago does not entail that he
is jobless (and thus not working—at home or the
office). Given this indirect answer alone, however,
it is reasonable to conclude so thus the underlying
direct answer is no. The broader conversation con-
text often provides a more complete picture and the
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true underlying direct answer (e.g., third snippet).
After a brief interjection by Speaker A, Speaker B
states that he changed jobs and now travels a lot.
Thus, the underlying direct answer is yes.

The focus of this paper is to determine the under-
lying direct answers to yes-no questions. Unlike
previous efforts, we work with transcripts of real
conversation as opposed to yes-no questions and
indirect answers written by annotators on demand.
The main contributions are:1

1. We present SwDA-IA, a corpus consisting of
the 2,544 yes-no questions in Switchboard (Ju-
rafsky et al., 1997, SwDA) with Indirect
Answers and their underlying direct answers.

2. We show that determining underlying direct
answers requires context beyond the yes-no
question and the next conversation turn. In-
deed, the ground truth changes depending on
whether we show annotators context.

3. We demonstrate that transfer learning with
related tasks as well as synthetic yes-no ques-
tions and synthetic indirect answers only bring
modest improvements. Specifically, synthetic
data do not transfer to real conversations.

4. We provide insights into the most common
errors made by our best performing model.

The work presented here provides evidence that
determining the underlying direct answer to yes-
no questions in real conversations is much more
challenging than in synthetic data. Our best model
obtains 0.49 F1 even when using only the context
handpicked as important by annotators.

2 Previous Work

Yes-no questions and indirect answers have been
studied for decades (Green and Carberry, 1999).
Hockey et al. (1997) report that 27% of all ques-
tions in 18 hours of spontaneous speech are yes-
no questions with indirect answers (Rossen-Knill
et al., 1997). Indirect answers are often used to ask
follow-up questions or provide explanations for
negative answers (Stenström, 1984), prevent wrong
interpretations of direct answers (Hirschberg, 1985)
or show politeness (Brown and Levinson, 1978).

Yes-no questions have received considerable at-
tention recently. Outside of the dialogue genre,
Clark et al. (2019) present BoolQ, a corpus of
16,000 yes-no questions submitted to a search en-
gine (e.g., Does France have a Prime Minister and

1Corpora available at https://github.com/
krishna-chaitanya-sanagavarapu/SwDA-IA.

a President?) along with Wikipedia articles that
may contain an answer. Two recent corpora con-
sist of dialogues generated by crowdworkers on
demand after being given some text to talk about:
QuAC (Choi et al., 2018) and CoQA (Reddy et al.,
2019). Unlike the work presented here, the dia-
logues in these corpora are limited to questions and
answers about the text provided to crowdworkers.
More importantly, we work with unrestricted, nat-
ural conversations rather than dialogues between
paid annotators who are asked to have a conversa-
tion that resembles a questionnaire geared towards
checking for understanding of a piece of text.

Yes-no questions in real conversations have been
studied before at a small scale. de Marneffe et al.
(2010) work with 224 questions-answer pairs in-
volving gradable adjectives. We borrow from them
the five labels to annotate underlying direct an-
swers. de Marneffe et al. (2009) present a typology
for 623 yes-no questions from SwDA. Our corpus
is four times larger. Unlike them, we show that
context is crucial to determine underlying direct
answers and present experimental results.

The work by Louis et al. (2020) is the closest
to ours. They present Circa, 34,268 yes-no ques-
tions and indirect answers written by crowdworkers
given one of ten scenarios (e.g., scenario: Talking
to a friend about music preferences, Q: Do you
like guitars? A: I practice playing every weekend).
Unlike us, Circa assumes that the turn following
a yes-no question is enough to determine the un-
derlying direct answer. Furthermore, we show that
(a) determining underlying direct answers to yes-
no questions is much harder in real conversations
and (b) their synthetic data only bring minor im-
provements when working with real conversations.

3 SwDA-IA: A Corpus of Yes-No
Questions and Indirect Answers

We present SwDA-IA, a corpus consisting of
(a) the 2,544 yes-no questions in Switchboard with
Indirect Answers and (b) manual annotations indi-
cating the underlying direct answers. Three char-
acteristics set our work apart. First, we work with
real conversations as opposed to artificial, synthetic
ones (Section 2). Second, we show that determin-
ing underlying direct answers requires taking into
account context beyond the yes-no question and the
next turn. Third, annotators pinpoint which turns
within the context around a yes-no-question are
useful to determine the underlying direct answer.
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3.1 Collecting Yes-No Questions with Indirect
Answers

While we could work with any dialogue corpora,
we chose SwDA (Jurafsky et al., 1997) because
it contains unrestricted conversations and the di-
alogue acts annotations simplify the process of
identifying yes-no questions with indirect answers.
SwDA contains transcripts of 1,155 five-minute
phone conversations. In these conversations, two
people talk about topics such as childhood, recy-
cling, and news media. The conversations are unre-
stricted and often divert from the initial topic. 440
speakers participated in the corpus creation result-
ing in 122,646 utterances. We use the distribution
in ConvoKit (Chang et al., 2020) for convenience.

After manually examining all the dialogue acts,
we select all conversation turns containing a dia-
logue act that indicates a yes-no question (see the
list in the supplementary materials). This step re-
sults in 5,846 yes-no question including indirect
ones (e.g., “I don’t know if you are familiar with
that issue.” is an indirect version of “Are you fa-
miliar with that issue?”). After selecting yes-no
questions, we discard those that are followed by
a turn containing a direct answer. To do so, we
discard turns containing a dialogue act indicating
direct answers (see list in the supplementary materi-
als). After manually examining the 2,542 questions
that are not filtered, we observed that some have
a direct answer. In order to avoid them, we also
consider a direct answer any turn that contains yes,
yea, yeah, no way, nope, never, sure, right, you bet,
of course, certainly, maybe, definitely, or uh huh.

These steps select 2,376 turns with 2,544 yes-no
questions followed by an indirect answer (168 turns
have more than one yes-no question). Only 4.77%
of all utterances in SwDA are a yes-no question.
However, 43.52% of all yes-no questions have an
indirect answer (2,544 out of 5,846). More im-
portantly, 77.4% of the 5-minute conversations in
SwDA contain at least one yes-no question with an
indirect answer. The supplementary materials pro-
vide an analysis of the yes-no questions we work
with. For example, 41.4% are indirect (e.g., do not
include a question mark).

3.2 Annotating Underlying Direct Answers

In order to determine the underlying direct answers
to the 2,544 yes-no questions, we manually anno-
tated them. Our label set consists of five options:
(definitely) Yes, Probably Yes, (in the) Middle, Prob-

ably No and (definitely) No. Middle is chosen when
annotators do not lean towards any of the other
four labels (e.g., “A: Do you have kids? B: Do
I have kids?”. These labels are heavily inspired
by de Marneffe et al. (2010). Louis et al. (2020)
include a few more options (e.g., “I am not sure”,
“In the middle, neither yes or no” and “Other”) but
they report very low frequencies (0.2–1.9%). These
three labels are included in our “Middle.”

We found two common scenarios that require
additional explanation in order to be consistent:

• If the answer is yes under certain conditions
or sometimes yes, annotators are instructed to
choose Probably Yes. For example, the correct
label for “A: Do you travel a lot for pleasure?
B: We try to make one trip per year if I find a
good sale” is Probably yes.

• If the yes-no question contains a negation, Yes
and Probably Yes have their meaning reversed.
For example, the correct label for “A: You
didn’t move to Alaska, right? B: I have been
in Alaska for 13 years now” is No (Yes would
be correct if B had not moved to Alaska).

Annotation Process and Quality The annota-
tion process took place in two independent phases
in order to investigate the role of context in deter-
mining underlying direct answers. In the first phase,
annotators were only shown the yes-no question
and the conversation turn immediately after (i.e.,
the indirect answer). In the second phase, annota-
tors were shown three turns before and after the
yes-no question as context. Different annotators an-
notated the same question in each phase to avoid po-
tential biases (i.e., recalling answers from the pre-
vious phase). In both phases, the interface showed
conversation turns after brief delays in order to en-
courage annotators to read the conversation snippet
in order (either two turns or seven turns). In addi-
tion to selecting the underlying direct answer, in
the second phase annotators also tagged the conver-
sation turns that help them determine it. We hosted
the annotation interface internally and recruited in-
house annotators. Seven native English speakers
participated in the annotations.

Inter-Annotator Agreement After refining the
explanation for each label and group discussions,
we conducted a pilot with 200 questions and the
seven annotators. The average weighted Fleiss’
Kappa (Plewis and Unit, 1982) between all pairs
of annotators was 0.80. Given the high agree-
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Figure 2: Heatmaps of the inter-annotator disagreements
when annotators have access to (a) only the yes-no ques-
tion and indirect answer (bottom left) and (b) conver-
sation context. Numbers indicate percentages. Most
disagreement are minor: between ProbYes and either
Yes or Middle, or ProbNo and either No or Middle.

ment (Landis and Koch, 1977), the remaining 2,344
questions were divided into twelve batches, and
two annotators annotated each batch. The average
Weighted Fleiss’ Kappa score for all the batches
was 0.81 when not showing context to annotators
(first phase) and 0.78 when showing context (sec-
ond phase). Disagreements in both phases were
adjudicated after manual examination. The “true”
underlying direct answers are the one annotated
when context is shown to annotators, and those are
the ones we conduct experiments with (Section 5).

Figure 2 shows the percentage of all disagree-
ments prior to the adjudication step when context
is not and is shown to annotators (top right and
bottom left). As expected given the high Kappa co-
efficients, most disagreements are minor: between
(a) Yes (or No) and Probably Yes (or Probably No)
or (b) Middle and Probably Yes or Probably No.

4 Corpus Analysis: the Role of Context

The annotations we collected in both phases differ
substantially. Thus context beyond the yes-no ques-
tion and indirect answer (i.e., the following turn) is
needed to determine the ground truth in real con-
versations. To our knowledge, previous work does
not take into account context (Section 2).

Table 1 presents the distribution of each label
when the interface shows and does not show con-
text to annotators. The major change is that almost
half of the questions annotated with Middle with-
out context are annotated with one of the other four
labels with context. Note that out of the five labels,
Middle is arguably the one that reveals the least
information about the speakers.

% without context % with context

Yes 35.7 42.4
ProbYes 14.9 19.5
Middle 28.0 14.9
ProbNo 7.7 9.9
No 13.6 13.3

Table 1: Label distribution when annotators have ac-
cess to (a) only the yes-no question and indirect an-
swer (without context), and (b) conversational context
(3 turns before and after the question, with context).
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Figure 3: Heatmap of the changes in ground truth de-
pending on whether annotators have access to context in
addition to the question and indirect answer. Numbers
indicate percentages. Context is crucial to determine
the underlying direct answer to a yes-no question.

Figure 3 shows how the ground truth changes
when we show context to annotators. The most
common change is from Middle to either
Yes (14.9%) or ProbYes (13.4%). In other words,
context allows annotators to select an underlying
direct answer that is more meaningful. There are
also many changes from ProbYes to Yes (13.5%)
and vice versa (13.5%), suggesting that context
provides further details (a clarification, condition,
etc.) to determine the underlying direct answer.

We show examples of changes in ground truth
when annotators do not have and have access to
context in Table 2. In the first example (top left),
the indirect answer (t1) repeats the question and
does not provide any clue about the underlying
direct answer. The next turn by A (t3), however,
leaves no doubt: the underlying direct answer is
Yes. The second example (top right) shows a similar
pattern, but it exemplifies negation in the question
and uncertainty. Speaker A does not commit to a
Yes (Yes, It didn’t kill anything) but rather sharing
that to his knowledge it has not (Probably Yes).

The third example (bottom left) shows how
follow-up questions in context can clarify the under-
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t−3, A: Which is like twenty minutes away.
t−2, B: Right.
t−1, A: But, uh, we don’t have any fast foods here in this

small city.
t0, B: That is probably very fortunate. Do you have kids?
t1, A: Do I have kids?
t2, B: Yeah.
t3, A: Well, I have a son, but he’s grown up.

Underlying direct answer . . .
without context: Middle; with context: Yes

t−3, A: And it seem
t−2, B: I bank at NCNB and they have a number that you

can call. I always call in once every other week and
check what checks have cleared

t−1, A: Yeah.
t0, B: Do you do that?
t1, A: We have the same thing.
t2, B: You do too?
t3, A: Yeah.

Underlying direct answer . . .
without context: ProbYes; with context: Yes

t−3, A: Um, not bad.
t−2, B: Yeah
t−1, A: Occasionally you’ll have a mound pop up, but that

is expected.
t0, B: What else did it, it didn’t kill anything right?
t1, A: Um.
t2, B: Not really.
t3, A: As far as I know it hasn’t killed anything. Even

the area of the grass that was underneath and around
the mounds.

Underlying direct answer . . .
without context: Middle; with context: ProbYes

t−3, A: So, uh, you know, you need to go to a school that
handles whatever it is you want to do.

t−2, B: Yeah. Where did you go to school?
t−1, A: Uh, University of Mississippi.
t0, B: Oh. Was that local
t1, A: Uh, well, it was, well, within the state.
t2, B: Uh huh.
t3, A: But it, it was not necessarily local.

Underlying direct answer . . .
without context: Yes; with context: No

Table 2: Examples of yes-no questions (t0) with indirect answers (t1). Determining the underlying direct answers
requires taking into account more conversation context than the question and indirect answer: the ground truth
annotated by humans changes depending on whether they also have access to context (t−3, t−2, t−1, t2, and t3).

lying direct answer of a yes-no question (t0; t2 is
also a yes-no question). Given t1 alone, annotators
selected Probably Yes as there is some uncertainty
about what same thing refers to. The following
two turns (t2, t3) make it clear that the underlying
direct answer is Yes. This example also shows how
context before the yes-no question (t−2) is some-
times beneficial. The fourth example (bottom right)
shows how context can flip the underlying direct
answer. The definition of local is open to discus-
sion (Is anything within the state local?), but after
reading the t3 it is clear that according to Speaker A
the university he went to is not local.

Which turns around a yes-no question are the
most important? We show which turns annota-
tors selected as useful to determine the underlying
direct answers in Figure 4. Unsurprisingly, the
turn immediately after the yes-no question (after1)
is almost always useful (96.4%). The next turns
by either speaker are often useful, including the
follow-up turn by the speaker asking the yes-no
question (after2, 20.9%). The turns before the yes-
no question (prev3–prev1) are less often important.
We also found that the turn before the yes-no ques-
tion is the most useful (prev1, 12.5%) out of all the
turns before the question.

Note that annotators almost always (96.4%)
deem useful the turn immediately following the

prev₃ prev₂ prev₁ after₁ after₂ after₃
0

20

40

60

80

100

4₁
8%

5.
2% 12

.5
%

96
.4
%

20
.9
%

42
.4
%

6.
8% 7.
6% 15

.6
%

92
.1
%

29
.5
%

55
.4
%

All questions
Questions where
the ground truth
changes with
context

Figure 4: Percentage of times annotators rely in the
context to determine the underlying direct answer to
a yes-no question (three turns before and after; after1
refers to the indirect answer).

question (after1, the indirect answer). This indi-
cates that the indirect answer is rarely an interjec-
tion or filler (e.g., Uhm, Really?). Additionally,
annotators selected at least one of the other turns in
the context in 50% of questions, indicating that it is
often the case that at least two turns are beneficial
to determine the underlying direct answer.

5 Experiments and Discussion

We split SwDA-IA into training, development and
test splits (70/15/15) randomly but making sure
no split contains yes-no questions from the same
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conversation. We consider each conversation snip-
pet (yes-no question, three turns before, and three
turns after) an instance, and build models to pre-
dict the underlying direct answer. Following previ-
ous work on (short) text classification and specifi-
cally on the same task with synthetic data (Louis
et al., 2020), we build transformer-based classi-
fiers fine-tuned using several strategies. We ex-
perimented with three transformers: BERT (Devlin
et al., 2018), RoBERTa (Liu et al., 2019), and TOD-
BERT (Wu et al., 2020) released by HuggingFace
(Wolf et al., 2020). Note that the first two are
pretrained with general-purpose English while the
third is fine-tuned for task-oriented dialogues and
includes an attention mechanism designed to keep
track of dialogues. While the three transformers
obtained roughly the same results (within 0.02 F1),
RoBERTa outperformed the other two and we only
report results with RoBERTa.

The ground truth depends on context beyond the
yes-no question and indirect answer (Section 4).
A RoBERTa-based classifier, however, may not
benefit from context. In order to experiment with
context, we conduct three types of experiments:
feeding to the models (a) only the question and
the turn immediately following the question (i.e.,
indirect answer), (b) the full context (i.e., seven
turns), and (c) only the annotator-selected turns
during the annotation process. We use a separator
token to indicate a new turn in the input sequence.

Fine-Tuning RoBERTa We fine-tuned the
RoBERTa-based classifier using corpora for related
tasks and SwDA-IA, our corpus. Specifically, we
used the following corpora in our experiments:
MNLI is a corpus for natural language infer-
ence (Williams et al., 2018). It contains premise-
hypothesis pairs where the premise entails, is neu-
tral with respect to, or contradicts the hypothesis.
It contains 392k pairs for training, 9k for develop-
ment, and 9k for test. The fine-tuned RoBERTa
classifier obtains 83% development accuracy. Fol-
lowing Louis et al. (2020), we rewrite questions
into declarative statements and map entailment to
Yes, neutral to Middle, and contradiction to No.
BoolQ is a corpus for yes-no question answer-
ing (Clark et al., 2019). Questions were submitted
to a search engine and Wikipedia articles contain-
ing and not containing the answer are included for
each question. It contains 9.4k questions for train-
ing, 3.2k for development, and 3.2k for test. The
fine-tuned RoBERTa classifier with BoolQ obtains

73% development accuracy. We map their Yes and
No (correct and incorrect) to our Yes and No.
Circa is a corpus with yes-no questions and indi-
rect answers (Louis et al., 2020). Unlike SwDA-IA,
which includes questions and answers from real
conversations, Circa collected questions and an-
swers from crowdworkers who were given one of
ten scenarios (Section 2). In other words, Circa
does not include naturally occurring questions and
answers. Additionally, Circa does not consider
context as all answers are a single turn. Circa con-
tains 3,431 yes-no questions and up to 10 indirect
answers for each (total: 34,268 question-answer
pairs). The fine-tuned RoBERTa classifier with
Circa obtains 78% development accuracy. We map
their Middle and I am not sure to our Middle.
Our Corpus: SWDA-IA We consider three ver-
sions of fine-tuning with our corpus: taking into
account only the Question, only the Answer, or
both (QA). Intuitively, the indirect answer should
be the most useful to determine the underlying di-
rect answer but the question may also help.

5.1 Results

Table 3 presents results fine-tuning with each cor-
pus and the best performing combinations of two
or more corpora. The supplementary materials pro-
vide results with all combinations and detailed re-
sults (P, R, and F1) for each label.

Training with the full context around the yes-no
question (three turns before and three turns after)
yields worse results than only training with the yes-
no question and turn immediately after (top block
vs. middle block). This may seem surprising, how-
ever, it is known that keeping track of a conversa-
tion across several turns is challenging (Kim et al.,
2020). Regardless of whether the model considers
context, we observe that MNLI does not transfer
to our task (0.13 and 0.12 with and without con-
text, lower than the majority baseline) and Circa
is the most useful out of the three previous cor-
pora (MNLI, BooLQ, and Circa; 0.32 and 0.27 F1).

Fine-tuning with combinations of previous cor-
pora does not surpass the 0.32 F1 obtained with
Circa. Fine-tuning with SwDA-IA, however, brings
substantial improvements. In particular, fine-tuning
with SWDA-IA_QA in addition to combinations
of previous corpora yields statistically significant
higher results (indicated with †; best: 0.46 F1).

These results lead to the conclusion that deter-
mining indirect answers to yes-no questions in real
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All labels Yes ProbYes Middle ProbNo No

P R F1 F1 F1 F1 F1 F1

Majority Baseline 0.18 0.42 0.25 0.59 0.00 0.00 0.00 0.00

RoBERTa without context and tuned with . . .
MNLI 0.24 0.20 0.12* 0.32 0.00 0.14 0.00 0.00
BoolQ 0.20 0.35 0.25 0.50 0.00 0.00 0.00 0.00
Circa 0.31 0.34 0.32 0.58 0.04 0.05 0.03 0.35
MNLI+Circa 0.20 0.23 0.21 0.42 0.09 0.00 0.04 0.14
MNLI+BoolQ+Circa 0.26 0.29 0.24 0.50 0.00 0.20 0.04 0.03

SwDA-IA_Q 0.18 0.43 0.26 0.45 0.18 0.22 0.22 0.18
SwDA-IA_A 0.42 0.45 0.43* 0.60 0.29 0.40 0.09 0.31
SwDA-IA_QA 0.44 0.45 0.44* 0.62 0.31 0.33 0.08 0.44
MNLI+SwDA-IA_QA 0.46 0.43 0.45*† 0.58 0.25 0.44 0.16 0.36
BoolQ+Circa+SwDA-IA_QA 0.46 0.48 0.46*† 0.64 0.22 0.45 0.24 0.42
MNLI+BoolQ+Circa+SwDA-IA_QA 0.41 0.40 0.40*† 0.54 0.30 0.34 0.20 0.34

RoBERTa with full context and tuned with . . .
MNLI 0.19 0.16 0.13* 0.12 0.00 0.20 0.00 0.00
BoolQ 0.20 0.18 0.10* 0.32 0.00 0.00 0.00 0.00
Circa 0.24 0.28 0.27 0.55 0.03 0.00 0.00 0.20
BoolQ+Circa 0.24 0.33 0.28 0.50 0.24 0.00 0.16 0.07
MNLI+BoolQ+Circa 0.21 0.26 0.23 0.34 0.28 0.08 0.00 0.10

SwDA-IA_Q 0.32 0.39 0.33 0.57 0.08 0.26 0.02 0.24
SwDA-IA_A 0.38 0.40 0.38 0.53 0.22 0.26 0.12 0.38
SwDA-IA_QA 0.41 0.43 0.43* 0.59 0.24 0.32 0.14 0.39
MNLI-SwDA-IA_QA 0.44 0.42 0.42*† 0.54 0.38 0.16 0.14 0.38
BoolQ+Circa+SwDA-IA_QA 0.39 0.42 0.40*† 0.58 0.24 0.26 0.14 0.28
MNLI+BoolQ+Circa+SwDA-IA_QA 0.34 0.40 0.36*† 0.56 0.19 0.20 0.16 0.18

RoBERTa with annotator-selected context
and tuned with . . .

SwDA-IA_QA 0.43 0.47 0.45* 0.62 0.24 0.40 0.12 0.42
BoolQ+SwDA-IA_QA 0.42 0.44 0.43*†‡ 0.58 0.30 0.35 0.14 0.41
MNLI+Circa+SwDA-IA_QA 0.52 0.48 0.49*†‡ 0.64 0.40 0.42 0.16 0.42
MNLI+BoolQ+Circa+SwDA-IA_QA 0.44 0.46 0.44*†‡ 0.64 0.30 0.37 0.15 0.41

Table 3: Results obtained with the test set. We present results with a RoBERTa-based classifier fine-tuned with
two related corpora (MNLI, BoolQ), synthetic data for the same problem (Circa), and our corpus (SwDA-IA; only
Questions, only Answers, or both). We only show the best performing combinations; the supplementary materials
provide all of them. We indicate statistical significance (McNemar’s test (McNemar, 1947) with p < 0.05) as
follows: * with respect to the baseline, † with respect to the same fine-tuning except SwDA-IA, and ‡ with respect
to the model with full context. Training with real conversation (SwDA-IA) is crucial.

conversation requires fine-tuning with real conver-
sations, as F1 scores jump over 40% when doing so
(without context: 0.32 vs. 0.46, with context: 0.28
vs. 0.43). Further, the task barely benefits from
the synthetic examples in Circa, MNLI, or BoolQ
(SwDA-IA_QA F1: 0.44 and 0.45, best model fine-
tuning with additional corpora: 0.46 and 0.49).

Full vs. Annotator-Selected Context Since the
ground truth depends on context (Section 2) and
our model obtains worse results with full context, it
is reasonable to conclude that our RoBERTa-based
classifier is unable to extract the required informa-
tion from context. The bottom block of Table 3,
however, shows that context is not useless. Indeed,
feeding only the conversation turns handpicked as
useful by annotators (out of all the context we con-

sider) brings statistically significant better results
than feeding the full context. These results are unre-
alistic as they require manual annotations, but lead
to the conclusion that models that better understand
context are worth exploring.

5.1.1 Out-of-Domain Evaluation

In order to investigate whether models trained with
SwDA-IA can determine underlying direct answers
to yes-no questions from not only SwDA-IA (in-
domain evaluation) but also other real conversa-
tions, we conducted an out-of-domain evaluation.
Specifically, we annotated 200 yes-no questions
from MRDA (Shriberg et al., 2004), a corpus of
meeting transcripts, with the same procedure from
Section 3. The results (Table 11 in the supple-
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Long sentences

A: He is still living by himself in a little farmhouse. My
grandmother died a couple of years ago. But he doesn’t
want to move away.
B: Uh huh.
A: And he recently had to have an operation but he just
really doesn’t want to go to a nursing home.
B: Is he able to, uh, still do everything himself pretty well?
A: Well, he was until this operation. He has arthritis.
B: Oh, yeah.
A: And now I don’t really think he’s doing that well. I
have one aunt that really looks after him a lot.

Gold: ProbNo; Predicted: Yes

Explicit yes in context

A: Oh how neat.
B: So, she’d always dreamed of doing that too.
A: Yeah, that’s great.
B: So. Yeah. So is there any place you would talk me into?
A: Uh.
B: It sounds like we’ve been to some of the same places.

Gold: Middle; Predicted: Yes

Negation in question or indirect Answer

A: They’re not quite elderly, huh.
B: No. So I haven’t, uh, really been in that situation
although they are thinking about my grandmother but, uh
A: Uh huh.
B: But that’s really about it. How about you? Have you
been in that situation yet?
A: Uh, no not for my parents. I was around, uh, two sets
of grandparents, uh, quite a bit.
B: Uh huh.
A: we, we put one, I put one grandfather in a rest home.

Gold: Yes; Predicted: No

Negation in context

A: Uh, I work out with free weights.
B: No, uh, I mean the running.
A: Oh, uh, yeah. It is really the, uh, aerobic work out part.
B: You do it, you do a mile in about eight minutes or less?
A: Uh, about seven minutes.
B: Uh huh. Yeah. Then you don’t get, uh, out of breath.
A: Uh,no I do.

Gold: Yes; Predicted: No

Table 4: Examples of the most frequent error types by the best model. The yes-no question and indirect answer are
in italics. We show context as shown to annotators during the corpus creation process.

mentary materials) show (unsurprisingly) worse
results across all models. Interestingly, the results
also show a similar trend than the in-domain eval-
uation: (a) SwDA-IA_QA is crucial and transfer
learning with other corpora yields small benefits,
and (b) annotator-selected corpus is beneficial.

6 Error Analysis

We conduct a manual qualitative analysis of 200 er-
rors made by our best model (second row from the
bottom in Table 3). This analysis sheds lights into
what kind of yes-no questions, indirect answers,
and context are the hardest. Table 12 in the supple-
mentary materials presents the most common error
types, and Table 4 presents examples.

We observe long sentences (over 20 tokens) in
most errors (62.18%). It is worth noting that long
sentences do not lead to many catastrophic mis-
takes: only 3.80% are between Probably No and
Yes, 3.80% between Yes and No and 2.37% between
Yes and Probably No. If context contains a yes
token, the model almost always predicts Yes. This
accounts for 19.46% of errors. As exemplified in
the bottom left example in Table 4, this error occurs
even if the yes token is before the yes-no question.
We also observed negation in many errors. 11.08%
of errors occur when there is a negation in either
the question or the turn after (i.e., the turn after
the question), and 7.28% when the negation is else-

where in the context. In this case, the model pre-
dicts either No or Probably No although the gold
label is Yes—likely because it (wrongly) learned
that negation always indicates a No direct answer.
The top and bottom right examples in Table 4 show
errors that contain a negation in context.

7 Conclusions

Yes-no questions with indirect answers are com-
mon in real conversations—77.4% of 5-minute
phone conversations include at least one. In this
paper, we investigate the underlying direct answers
to such questions in real conversations.

We have presented SwDA-IA, the first corpus
with annotations for this task on top of real conver-
sations. We show that determining the underlying
direct answer requires taking into account context,
as the ground truth changes depending on whether
we show annotators context around the question.
Our analysis also shows that context after the ques-
tion is more useful, including turns by both the
author of the question and the other speaker. Ex-
perimental results demonstrate that solving the task
with real conversations is challenging (F1: 0.46).
More importantly, (a) doing so barely benefits from
fine-tuning with related tasks (MNLI and BoolQ)
and (b) Circa, a corpus of synthetic questions and
synthetic indirect answers, barely outperforms the
majority baseline with real conversations.
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Our future plans include designing models that
better encode conversational context in order to
obtain better results. We are also interested in ex-
ploring applications in dialogue systems to avoid
inconsistencies due to misunderstandings of indi-
rect answers to yes-no questions.
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A Supplementary Materials

A.1 Collecting Yes-No Questions with Indirect
Answers

Dialogue acts to select yes-no questions The
process to collect yes-no questions from SwDA
uses dialogue act annotations (Section 3.1). Here is
the full list of dialogue acts we consider and their
descriptions:

• qh: Rhetorical Questions
• qy: Yes-No question
• qy∧d: Declarative Yes-No question
• ∧g: Tag-Question
• qy∧t: Yes-No question about task
• qy∧r: Yes-No question repeat self
• qy∧m: Yes-No question mimic other
• qy∧h: Question in response to a question
• qy∧c: Yes-No question about communica-

tion
• qy∧2: Yes-No question collaborative com-

pletion
• qy(∧q): Yes-No question quoted material
• qy∧g: Yes-No question tag-question
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• qy∧g∧t: Yes-No question tag-question
about task

• qy∧g∧r: Yes-No question tag-question re-
peat self

• qy∧g∧c: Yes-No question tag-question
about communication

• qy∧d∧t: Declarative Yes-No question about
task

• qy∧d∧r: Declarative Yes-No question repeat
self

• qy∧d∧m: Declarative Yes-No question
mimic other

• qy∧d∧h: Declarative Yes-No question in re-
sponse to a question

• qy∧d∧c: Declarative Yes-No question about
communication

• qy∧d(∧q): Declarative Yes-No question
quoted material

• qy∧c∧r: Yes-No question about-
communication repeat self

Dialogue acts to discard yes-no questions with in-
direct answers We also use dialogue acts to dis-
card yes-no questions with indirect answers (Sec-
tion 3.1). Here is the full list of dialogue acts we
consider and their descriptions:

• ny: Yes answers
• nn: No answers
• ny∧r: Yes answers repeat self
• nn∧r: No answers repeat self
• b: Acknowledge (Backchannel)
• br: Signal-non-understanding
• x: Non-verbal
• aa: Agree/Accept

Analyzing Yes-No Questions with Indirect An-
swers The yes-no questions with indirect an-
swers in SwDA-IA have an average length of 39
tokens. 41.4% of the questions are indirect, i.e.,
do not contain a question mark despite they are
yes-no questions. For example, You must be the
supervisor in this office. is an indirect yes-no ques-
tion. Figure 5 displays the most salient tokens in
the yes-no questions and indirect answers. Finally,
the most common first tokens in the questions are
as follows:

• Do: 8%
• Well: 5%
• Is: 4%
• You: 3.9%
• So: 3.8%
• And: 3%

Figure 5: Word cloud displaying the most salient tokens
of the yes-no questions (top) and indirect answers (bot-
tom) in SwDA-IA.
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• Did: 2.7%
• Are: 2.3%
• Do: 2.1%
• Have: 1.4%

A.2 Corpus Analysis: Context and
Underlying Direct Answers

A.3 Experiments and Discussion
Tables 7–10 presents additional results comple-
menting the results in Table 3 of the main paper.
Table 11 presents the detailed out-of-domain evalu-
ation (Section 5.1.1 in the main paper).

For all the models, we tuned the learning rate
(values 5e-5, 3e-5, 2e-5), number of epochs (2, 3,
4), and batch size (16, 32) in an exhaustive com-
bination of these parameters. Table 6 presents the
hyperparameter settings with best performance on
the development set fine-tuned with RoBERTa and
no context.

A.4 Error Analysis
Table 12 presents the most common error types by
our best model. This table complements Section 6
in the main paper.
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t−3, A: really
t−2, B: But she started it
t−1, A: That’s good
t0, B: Well, she was depressed to begin with right?
t1, A: That’s one way to see it
t2, B: Yeah.
t3, A: But, she also might be really calm.

Underlying direct answer . . .
without context: Yes; with context: Middle

t−3, A: I like to see you drive through Burger King now
and the bags are recycled paper

t−2, B: Uh huh.
t−1, A: I feel like people are more aware of it or becoming

more aware of it
t0, B: do you like to buy more recycled item
t1, A: I’m not as good about searching something out

like that
t2, B: oh really.
t3, A: but I have been reading a lot about it

Underlying direct answer . . .
without context: No; with context: Middle

Table 5: Examples of yes-no questions (t0) with indirect answers (t1). Determining the underlying direct answers
requires taking into account more conversation context than the question and indirect answer: the ground truth
annotated by humans changes depending on whether they also have access to context (t−3, t−2, t−1, t2, and t3).
This examples complement Table 2 in the main paper with additional examples of less frequent label changes.

Model learning rate epochs batch size

BoolQ+Circa+SwDA-IA_QA 2e-5 3 16
SwDA-IA_QA 2e-5 4 16
MNLI+SwDA-IA_QA 2e-5 4 16
BoolQ+SwDA-IA_QA 3e-5 3 16
Circa+SwDA-IA_QA 2e-5 4 16
MNLI+BoolQ+SwDA-IA_QA 3e-5 3 16
MNLI+Circa+SwDA-IA_QA 2e-5 3 16
BoolQ+Circa+SwDA-IA_QA 2e-5 4 16
MNLI+BoolQ+Circa+SwDA-IA_QA 3e-5 3 16

Table 6: Models with hyperparameter settings of best performance on the development set fine-tuned with RoBERTa
and no context.
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All labels Yes ProbYes Middle ProbNo No

P R F1 F1 F1 F1 F1 F1

Majority Baseline 0.18 0.42 0.25 0.59 0.00 0.00 0.00 0.00

RoBERTa without context and tuned with . . .
MNLI 0.24 0.20 0.12* 0.32 0.00 0.14 0.00 0.00
BoolQ 0.20 0.35 0.25 0.50 0.00 0.00 0.00 0.00
Circa 0.31 0.34 0.32 0.58 0.04 0.05 0.03 0.35
MNLI+BoolQ 0.08 0.20 0.10* 0.32 0.00 0.00 0.00 0.00
MNLI+Circa 0.20 0.23 0.21 0.42 0.09 0.00 0.04 0.14
BoolQ+Circa 0.19 0.18 0.11* 0.22 0.00 0.00 0.00 0.24
MNLI+BoolQ+Circa 0.26 0.29 0.24 0.50 0.00 0.20 0.04 0.03

SwDA-IA_Q 0.18 0.43 0.26 0.45 0.18 0.22 0.22 0.18
SwDA-IA_A 0.42 0.45 0.43* 0.60 0.29 0.40 0.09 0.31
SwDA-IA_QA 0.44 0.45 0.44* 0.62 0.31 0.33 0.08 0.44
MNLI+SwDA-IA_QA 0.46 0.43 0.45*† 0.58 0.25 0.44 0.16 0.36
BoolQ+SwDA-IA_QA 0.39 0.42 0.39*† 0.58 0.22 0.32 0.06 0.36
Circa+SwDA-IA_QA 0.42 0.44 0.42*† 0.60 0.27 0.24 0.21 0.36
MNLI+BoolQ+SwDA-IA_QA 0.47 0.44 0.45*† 0.62 0.32 0.30 0.18 0.32
MNLI+Circa+SwDA-IA_QA 0.41 0.43 0.42*† 0.62 0.29 0.28 0.22 0.31
BoolQ+Circa+SwDA-IA_QA 0.46 0.48 0.46*† 0.64 0.22 0.45 0.24 0.42
MNLI+BoolQ+Circa+SwDA-IA_QA 0.41 0.40 0.40*† 0.54 0.30 0.34 0.20 0.34

RoBERTa with full context and tuned with . . .
MNLI 0.19 0.16 0.13* 0.12 0.00 0.20 0.00 0.00
BoolQ 0.20 0.18 0.10* 0.32 0.00 0.00 0.00 0.00
Circa 0.24 0.28 0.27 0.55 0.03 0.00 0.00 0.20
MNLI+BoolQ 0.23 0.16 0.14* 0.30 0.00 0.00 0.00 0.14
MNLI+Circa 0.30 0.15 0.13* 0.20 0.02 0.24 0.05 0.16
BoolQ+Circa 0.24 0.33 0.28 0.50 0.24 0.00 0.16 0.07
MNLI+BoolQ+Circa 0.21 0.26 0.23 0.34 0.28 0.08 0.00 0.10

SwDA-IA_Q 0.32 0.39 0.33 0.57 0.08 0.26 0.02 0.24
SwDA-IA_A 0.38 0.40 0.38 0.53 0.22 0.26 0.12 0.38
SwDA-IA_QA 0.41 0.43 0.43* 0.59 0.24 0.32 0.14 0.39
MNLI+SwDA-IA_QA 0.44 0.42 0.42*† 0.54 0.38 0.16 0.14 0.38
BoolQ+SwDA-IA_QA 0.38 0.44 0.39*† 0.59 0.20 0.23 0.00 0.36
Circa+SwDA-IA_QA 0.36 0.40 0.39*† 0.58 0.11 0.30 0.00 0.38
MNLI+BoolQ+SwDA-IA_QA 0.38 0.39 0.37*† 0.56 0.18 0.16 0.10 0.32
MNLI+Circa+SwDA-IA_QA 0.36 0.38 0.37*† 0.58 0.20 0.18 0.11 0.31
BoolQ+Circa+SwDA-IA_QA 0.39 0.42 0.40*† 0.58 0.24 0.26 0.14 0.28
MNLI+BoolQ+Circa+SwDA-IA_QA 0.34 0.40 0.36*† 0.56 0.19 0.20 0.16 0.18

RoBERTa with annotator-selected context
and tuned with . . .

MNLI 0.18 0.15 0.08* 0.30 0.00 0.02 0.00 0.14
BoolQ 0.02 0.12 0.04* 0.20 0.00 0.00 0.00 0.00
Circa 0.30 0.34 0.32 0.58 0.04 0.04 0.00 0.38
MNLI+BoolQ 0.22 0.18 0.18* 0.30 0.00 0.00 0.00 0.21
MNLI+Circa 0.30 0.41 0.34* 0.58 0.14 0.04 0.00 0.33
BoolQ+Circa 0.33 0.41 0.28 0.58 0.06 0.06 0.04 0.04
MNLI+BoolQ+Circa 0.24 0.34 0.30 0.56 0.24 0.00 0.00 0.00

SwDA-IA_Q 0.34 0.37 0.35*‡ 0.54 0.22 0.12 0.11 0.23
SwDA-IA_A 0.46 0.42 0.44*‡ 0.58 0.24 0.40 0.17 0.36
SwDA-IA_QA 0.43 0.47 0.45* 0.62 0.24 0.40 0.12 0.42
MNLI+SwDA-IA_QA 0.45 0.43 0.44*† 0.62 0.31 0.30 0.12 0.38
BoolQ+SwDA-IA_QA 0.42 0.44 0.43*†‡ 0.58 0.30 0.35 0.14 0.41
Circa+SwDA-IA_QA 0.44 0.40 0.42*† 0.58 0.16 0.50 0.12 0.51
MNLI+BoolQ+SwDA-IA_QA 0.44 0.42 0.42*† 0.59 0.24 0.30 0.19 0.37
MNLI+Circa+SwDA-IA_QA 0.52 0.48 0.49*†‡ 0.64 0.40 0.42 0.16 0.42
BoolQ+Circa+SwDA-IA_QA 0.43 0.46 0.45*† 0.62 0.27 0.40 0.17 0.40
MNLI+BoolQ+Circa+SwDA-IA_QA 0.44 0.46 0.44*†‡ 0.64 0.30 0.37 0.15 0.41

Table 7: Results obtained with the test set. These results complement Table 3 in the main paper (Table 3 is subsumed
by this one). We indicate statistical significance (McNemar’s test (McNemar, 1947) with p < 0.05) as follows:
* indicates better results with respect to the baseline, † with respect to the same fine-tuning except SwDA-IA,
and ‡ with respect to the model with full context. Training with real conversation (SwDA-IA) is crucial, and
annotator-selected context yields the best results.
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Yes ProbYes

P R F1 P R F1

Majority Baseline 0.42 1.00 0.59 0.00 0.00 0.00

RoBERTa without context and tuned with . . .
MNLI 0.34 0.38 0.32 0.00 0.00 0.00
BoolQ 0.49 0.52 0.50 0.00 0.00 0.00
Circa 0.51 0.69 0.58 0.33 0.02 0.04
MNLI+BoolQ 0.28 0.34 0.32 0.00 0.00 0.00
MNLI+Circa 0.40 0.43 0.42 0.17 0.06 0.09
BoolQ+Circa 0.15 0.49 0.22 0.00 0.00 0.00
MNLI+BoolQ+Circa 0.48 0.52 0.50 0.00 0.00 0.00

SwDA-IA_Q 0.38 0.48 0.45 0.17 0.19 0.18
SwDA-IA_A 0.58 0.62 0.60 0.29 0.30 0.29
SwDA-IA_QA 0.60 0.64 0.62 0.30 0.34 0.31
MNLI+SwDA-IA_QA 0.56 0.60 0.58 0.19 0.3 0.25
BoolQ+SwDA-IA_QA 0.55 0.59 0.58 0.15 0.49 0.22
Circa+SwDA-IA_QA 0.59 0.63 0.60 0.22 0.30 0.27
MNLI+BoolQ+SwDA-IA_QA 0.60 0.64 0.62 0.30 0.35 0.32
MNLI+Circa+SwDA-IA_QA 0.60 0.64 0.62 0.24 0.30 0.29
BoolQ+CircaQ+SwDA-IA_QA 0.61 0.65 0.64 0.15 0.49 0.22
MNLI+BoolQ+Circa+SwDA-IA_QA 0.52 0.56 0.54 0.28 0.32 0.30

RoBERTa with full context and tuned with . . .
MNLI 0.22 0.11 0.12 0.00 0.00 0.00
BoolQ 0.28 0.35 0.32 0.00 0.00 0.00
Circa 0.54 0.56 0.55 0.28 0.02 0.03
MNLI+BoolQ 0.28 0.32 0.30 0.00 0.00 0.00
MNLI+Circa 0.18 0.22 0.20 0.29 0.02 0.02
BoolQ+Circa 0.48 0.53 0.50 0.22 0.28 0.24
MNLI+BoolQ+Circa 0.38 0.29 0.34 0.25 0.30 0.28

SwDA-IA_Q 0.59 0.54 0.57 0.30 0.05 0.08
SwDA-IA_A 0.50 0.56 0.53 0.21 0.23 0.22
SwDA-IA_QA 0.58 0.59 0.59 0.22 0.26 0.24
MNLI+SwDA-IA_QA 0.50 0.58 0.54 0.33 0.41 0.38
BoolQ+SwDA-IA_QA 0.56 0.62 0.59 0.18 0.22 0.20
Circa+SwDA-IA_QA 0.62 0.56 0.58 0.29 0.07 0.11
MNLI+BoolQ+SwDA-IA_QA 0.57 0.54 0.56 0.12 0.23 0.18
MNLI+Circa+SwDA-IA_QA 0.54 0.60 0.58 0.24 0.18 0.20
BoolQ+Circa+SwDA-IA_QA 0.55 0.61 0.58 0.22 0.26 0.24
MNLI+BoolQ+Circa+SwDA-IA_QA 0.59 0.54 0.56 0.24 0.16 0.19

RoBERTa with annotator-selected context
and tuned with . . .

MNLI 0.28 0.33 0.30 0.00 0.00 0.00
BoolQ 0.18 0.23 0.20 0.00 0.00 0.00
Circa 0.59 0.58 0.58 0.30 0.02 0.04
MNLI+BoolQ 0.28 0.32 0.30 0.00 0.00 0.00
MNLI+Circa 0.57 0.59 0.58 0.10 0.18 0.14
BoolQ+Circa 0.59 0.58 0.58 0.28 0.03 0.06
MNLI+BoolQ+Circa 0.54 0.60 0.56 0.22 0.26 0.24

SwDA-IA_Q 0.52 0.56 0.54 0.20 0.24 0.22
SwDA-IA_A 0.56 0.60 0.58 0.26 0.22 0.24
SwDA-IA_QA 0.58 0.64 0.62 0.20 0.28 0.24
MNLI+SwDA-IA_QA 0.59 0.65 0.62 0.30 0.32 0.31
BoolQ+SwDA-IA_QA 0.54 0.62 0.58 0.26 0.34 0.30
Circa+SwDA-IA_QA 0.56 0.60 0.58 0.18 0.14 0.16
MNLI+BoolQ+SwDA-IA_QA 0.58 0.62 0.59 0.20 0.28 0.24
MNLI+Circa+SwDA-IA_QA 0.62 0.66 0.64 0.38 0.43 0.40
BoolQ+Circa+SwDA-IA_QA 0.60 0.65 0.62 0.26 0.29 0.27
MNLI+BoolQ+Circa+SwDA-IA_QA 0.63 0.66 0.64 0.38 0.32 0.30

Table 8: Results obtained with the test set. We present Precision (P), Recall (R) and F1 scores for the Yes and
Probably Yes labels. These results complement Table 3 in the main paper.
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Middle

P R F1

Majority Baseline 0.00 0.00 0.00

RoBERTa without context and tuned with . . .
MNLI 0.22 0.18 0.14
BoolQ 0.00 0.00 0.00
Circa 0.35 0.02 0.05
MNLI+BoolQ 0.00 0.00 0.00
MNLI+Circa 0.00 0.00 0.00
BoolQ+Circa 0.00 0.00 0.00
MNLI+BoolQ+Circa 0.13 0.48 0.20

SwDA-IA_Q 0.14 0.50 0.22
SwDA-IA_A 0.50 0.29 0.40
SwDA-IA_QA 0.29 0.35 0.33
MNLI+SwDA-IA_QA 0.39 0.46 0.44
BoolQ+SwDA-IA_QA 0.30 0.35 0.32
Circa+SwDA-IA_QA 0.19 0.31 0.24
MNLI+BoolQ+SwDA-IA_QA 0.24 0.35 0.30
MNLI+Circa+SwDA-IA_QA 0.24 0.29 0.28
BoolQ+Circa+SwDA-IA_QA 0.38 0.50 0.45
MNLI+BoolQ+Circa+SwDA-IA_QA 0.28 0.38 0.34

RoBERTa with full context and tuned with . . .
MNLI 0.23 0.18 0.20
BoolQ 0.00 0.00 0.00
Circa 0.00 0.00 0.00
MNLI+BoolQ 0.00 0.00 0.00
MNLI+Circa 0.22 0.26 0.24
BoolQ+Circa 0.00 0.00 0.00
MNLI+BoolQ+Circa 0.20 0.04 0.08

SwDA-IA_Q 0.22 0.28 0.26
SwDA-IA_A 0.25 0.27 0.26
SwDA-IA_QA 0.31 0.32 0.32
MNLI+SwDA-IA_QA 0.14 0.18 0.16
BoolQ+SwDA-IA_QA 0.27 0.21 0.23
Circa+SwDA-IA_QA 0.33 0.27 0.3
MNLI+BoolQ+SwDA-IA_QA 0.14 0.18 0.16
MNLI+Circa+SwDA-IA_QA 0.19 0.15 0.18
BoolQ+Circa+SwDA-IA_QA 0.24 0.28 0.26
MNLI+BoolQ+Circa+SwDA-IA_QA 0.18 0.22 0.20

RoBERTa with annotator-selected context
and tuned with . . .

MNLI 0.19 0.01 0.02
BoolQ 0.00 0.00 0.00
Circa 0.30 0.02 0.04
MNLI+BoolQ 0.00 0.00 0.00
MNLI+Circa 0.29 0.02 0.04
BoolQ+Circa 0.32 0.03 0.06
MNLI+BoolQ+Circa 0.00 0.00 0.00

SwDA-IA_Q 0.10 0.16 0.12
SwDA-IA_A 0.38 0.44 0.40
SwDA-IA_QA 0.39 0.41 0.40
MNLI+SwDA-IA_QA 0.35 0.28 0.30
BoolQ+SwDA-IA_QA 0.36 0.33 0.35
Circa+SwDA-IA_QA 0.48 0.52 0.50
MNLI+BoolQ+SwDA-IA_QA 0.26 0.34 0.30
MNLI+Circa+SwDA-IA_QA 0.40 0.44 0.42
BoolQ+Circa+SwDA-IA_QA 0.38 0.44 0.40
MNLI+BoolQ+Circa+SwDA-IA_QA 0.35 0.40 0.37

Table 9: Results obtained with the test set. We present Precision (P), Recall (R) and F1 scores for the Middle label.
These results complement Table 3 in the main paper .

4692



No ProbNo

P R F1 P R F1

Majority Baseline 0.00 0.00 0.00 0.00 0.00 0.00

RoBERTa without context and tuned with . . .
MNLI 0.00 0.00 0.00 0.00 0.00 0.00
BoolQ 0.00 0.00 0.00 0.00 0.00 0.00
Circa 0.37 0.34 0.35 0.25 0.01 0.03
MNLI+BoolQ 0.00 0.00 0.00 0.00 0.00 0.00
MNLI+Circa 0.23 0.16 0.14 0.25 0.02 0.04
BoolQ+Circa 0.18 0.50 0.24 0.00 0.00 0.00
MNLI+BoolQ+Circa 0.30 0.02 0.03 0.21 0.04 0.04

SwDA-IA_Q 0.20 0.16 0.18 0.15 0.48 0.22
SwDA-IA_A 0.50 0.38 0.31 0.18 0.05 0.09
SwDA-IA_QA 0.43 0.44 0.44 0.15 0.06 0.08
MNLI+SwDA-IA_QA 0.56 0.30 0.36 0.14 0.21 0.16
BoolQ+SwDA-IA_QA 0.34 0.38 0.36 0.28 0.04 0.06
Circa+SwDa-IA_QA 0.35 0.37 0.36 0.15 0.48 0.21
MNLI+BoolQ+SwDA-IA_QA 0.28 0.34 0.32 0.12 0.30 0.18
MNLI+Circa+SwDA-IA_QA 0.28 0.33 0.31 0.21 0.23 0.22
BoolQ+Circa+SwDA-IA_QA 0.38 0.44 0.42 0.22 0.26 0.24
MNLI+BoolQ+Circa+SwDA-IA_QA 0.33 0.34 0.34 0.19 0.21 0.20

RoBERTa with full context and tuned with . . .
MNLI 0.00 0.00 0.00 0.00 0.00 0.00
BoolQ 0.00 0.00 0.00 0.00 0.00 0.00
Circa 0.15 0.25 0.20 0.00 0.00 0.00
MNLI+BoolQ 0.28 0.10 0.14 0.00 0.00 0.00
MNLI+Circa 0.24 0.12 0.16 0.28 0.03 0.05
BoolQ+Circa 0.28 0.05 0.07 0.28 0.13 0.16
MNLI+BoolQ+Circa 0.30 0.06 0.10 0.00 0.00 0.00

SwDA-IA_Q 0.22 0.26 0.24 0.20 0.01 0.02
SwDA-IA_A 0.34 0.40 0.38 0.20 0.10 0.12
SwDA-IA_QA 0.38 0.42 0.39 0.10 0.18 0.14
MNLI+SwDA-IA_QA 0.40 0.36 0.38 0.19 0.10 0.14
BoolQ+SwDA-IA_QA 0.40 0.34 0.36 0.00 0.00 0.00
Circa+SwDa-IA_QA 0.34 0.40 0.38 0.00 0.00 0.00
MNLI+BoolQ+SwDA-IA_QA 0.30 0.34 0.32 0.11 0.10 0.10
MNLI+Circa+SwDA-IA_QA 0.29 0.32 0.31 0.20 0.07 0.11
BoolQ+Circa+SwDA-IA_QA 0.24 0.32 0.28 0.28 0.10 0.14
MNLI+BoolQ+Circa+SwDA-IA_QA 0.16 0.20 0.18 0.20 0.14 0.16

RoBERTa with annotator-selected context
and tuned with . . .

MNLI 0.10 0.18 0.14 0.00 0.00 0.00
BoolQ 0.00 0.00 0.00 0.00 0.00 0.00
Circa 0.32 0.40 0.38 0.00 0.00 0.00
MNLI+BoolQ 0.20 0.25 0.21 0.00 0.00 0.00
MNLI+Circa 0.36 0.29 0.33 0.00 0.00 0.00
BoolQ+Circa 0.29 0.02 0.04 0.28 0.02 0.04
MNLI+BoolQ+Circa 0.00 0.00 0.00 0.00 0.00 0.00

SwDA-IA_Q 0.20 0.26 0.23 0.08 0.16 0.11
SwDA-IA_A 0.33 0.39 0.36 0.12 0.20 0.17
SwDA-IA_QA 0.40 0.44 0.42 0.11 0.14 0.12
MNLI+SwDA-IA_QA 0.36 0.40 0.38 0.10 0.16 0.12
BoolQ+SwDA-IA_QA 0.44 0.39 0.41 0.16 0.13 0.14
Circa+SwDa-IA_QA 0.45 0.55 0.51 0.14 0.11 0.12
MNLI+BoolQ+SwDA-IA_QA 0.34 0.40 0.37 0.18 0.20 0.19
MNLI+Circa+SwDA-IA_QA 0.40 0.43 0.42 0.16 0.17 0.16
BoolQ+Circa+SwDA-IA_QA 0.41 0.40 0.40 0.13 0.22 0.17
MNLI+BoolQ+Circa+SwDA-IA_QA 0.36 0.44 0.41 0.13 0.17 0.15

Table 10: Results obtained with the test set. We present Precision (P), Recall (R) and F1 scores for the No and
Probably No labels.These results complement Table 3 in the main paper.
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All labels Yes ProbYes Middle ProbNo No

P R F1 F1 F1 F1 F1 F1

Majority Baseline 0.22 0.40 0.28 0.61 0.00 0.00 0.00 0.00

RoBERTa without context and tuned with . . .
MNLI 0.14 0.06 0.08 0.30 0.00 0.02 0.00 0.14
BoolQ 0.22 0.16 0.20 0.36 0.00 0.00 0.00 0.12
Circa 0.23 0.32 0.27 0.55 0.03 0.00 0.04 0.20
MNLI+Circa 0.24 0.14 0.18 0.30 0.05 0.08 0.00 0.14
MNLI+BoolQ+Circa 0.20 0.18 0.20 0.43 0.00 0.00 0.00 0.18

SwDA-IA_Q 0.20 0.25 0.18 0.30 0.24 0.06 0.00 0.10
SwDA-IA_A 0.31 0.37 0.32 0.56 0.13 0.04 0.00 0.34
SwDA-IA_QA 0.28 0.37 0.34 0.58 0.19 0.18 0.11 0.30
MNLI+SwDA-IA_QA 0.29 0.36 0.34 0.56 0.12 0.29 0.00 0.40
BoolQ+Circa+SwDA-IA_QA 0.26 0.39 0.35 0.58 0.16 0.22 0.12 0.32
MNLI+BoolQ+Circa+SwDA-IA_QA 0.31 0.32 0.30 0.50 0.19 0.21 0.10 0.20

RoBERTa with full context and tuned with . . .
MNLI 0.17 0.13 0.10 0.12 0.00 0.15 0.00 0.00
BoolQ 0.18 0.16 0.09 0.25 0.00 0.00 0.00 0.00
Circa 0.24 0.18 0.20 0.42 0.09 0.14 0.00 0.04
BoolQ+Circa 0.20 0.30 0.22 0.44 0.22 0.00 0.10 0.07
MNLI+BoolQ+Circa 0.18 0.22 0.20 0.30 0.24 0.05 0.00 0.10

SwDA-IA_Q 0.25 0.15 0.16 0.36 0.09 0.00 0.03 0.12
SwDA-IA_A 0.28 0.32 0.30 0.43 0.17 0.23 0.21 0.18
SwDA-IA_QA 0.34 0.38 0.32 0.54 0.18 0.24 0.10 0.21
MNLI-SwDA-IA_QA 0.32 0.37 0.32 0.54 0.22 0.12 0.11 0.23
BoolQ+Circa+SwDA-IA_QA 0.29 0.33 0.30 0.44 0.18 0.23 0.22 0.18
MNLI+BoolQ+Circa+SwDA-IA_QA 0.20 0.27 0.25 0.40 0.10 0.18 0.10 0.15

RoBERTa with annotator-selected context
and tuned with . . .

SwDA-IA_QA 0.27 0.35 0.33 0.55 0.20 0.12 0.11 0.23
BoolQ+SwDA-IA_QA 0.36 0.34 0.34 0.52 0.24 0.18 0.08 0.30
MNLI+Circa+SwDA-IA_QA 0.39 0.37 0.38 0.55 0.24 0.30 0.08 0.35
MNLI+BoolQ+Circa+SwDA-IA_QA 0.30 0.35 0.32 0.48 0.17 0.23 0.18 0.24

Table 11: Out-of-domain evaluation, i.e., testing with 200 questions from MRDA (Section 5.1.1). These results
complement Table 3 in the main paper, which present in-domain evaluation (i.e., testing with SwDA-IA).
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Error Type % Gold Pred.

Long sentences 21.20 ProbYes Yes
15.51 Yes ProbYes

9.49 Yes Middle
6.01 ProbNo No
3.80 ProbNo Yes
3.80 Yes No
2.37 Yes ProbNo

Explicit yes in context 11.87 Middle Yes
7.59 ProbNo Yes

Negation in . . .
question or ind. answer 7.59 Yes No

3.48 Yes ProbNo

in context 3.80 Yes No
3.80 Yes ProbNo

Table 12: Qualitative analysis of the errors made by our
best model (Table 3, second row from the bottom). We
indicate the frequency of the most common combina-
tions of gold and predicted labels for each error type.
Context here does not include the yes-no question and
indirect answer. This table complements Section 6 in
the main paper.
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Abstract

When a neural language model (LM) is
adapted to perform a new task, what as-
pects of the task predict the eventual per-
formance of the model? In NLP, system-
atic features of LM generalization to individ-
ual examples are well characterized, but sys-
tematic aspects of LM adaptability to new
tasks are not nearly as well understood. We
present a large-scale empirical study of the fea-
tures and limits of LM adaptability using a
new benchmark, TASKBENCH500, built from
500 procedurally generated sequence model-
ing tasks. These tasks combine core aspects of
language processing, including lexical seman-
tics, sequence processing, memorization, log-
ical reasoning, and world knowledge. Using
TASKBENCH500, we evaluate three facets of
adaptability, finding that: (1) adaptation pro-
cedures differ dramatically in their ability to
memorize small datasets; (2) within a subset of
task types, adaptation procedures exhibit com-
positional adaptability to complex tasks; and
(3) failure to match training label distributions
is explained by mismatches in the intrinsic dif-
ficulty of predicting individual labels. Our ex-
periments show that adaptability to new tasks,
like generalization to new examples, can be
systematically described and understood, and
we conclude with a discussion of additional as-
pects of adaptability that could be studied us-
ing the new benchmark.

1 Introduction

Much of the recent research effort in NLP has
shifted from training task-specific models to adapt-
ing pre-trained language models (LMs) by fine-
tuning their parameters or input prompts for down-
stream tasks (Devlin et al., 2019; Raffel et al.,
2020; Li and Liang, 2021; Lester et al., 2021).
This paradigm is general, in the sense that a large
number of distinct NLP tasks benefit from pre-
training (Peters et al., 2018; Devlin et al., 2019;
Raffel et al., 2020). But many questions about the

nature and limits of LM adaptation remain unan-
swered. For example: given a new task, can we pre-
dict how quickly (and how effectively) pre-trained
LMs can be adapted to perform it? From among the
variety of different adaptation techniques (e.g. fine-
tuning or prompt-tuning), can we predict which one
will be most effective? Today, new pre-training and
adaptation schemes are evaluated using small suites
of curated tasks, typically featuring classification,
textual inference, and question answering (Wang
et al., 2018, 2019). These benchmarks have been
extremely successful in identifying new tools for
adaptation, but they are poorly suited for answering
larger, structural questions like the ones above.

We present a large-scale study of LM adaptabil-
ity using a new suite of benchmark tasks called
TASKBENCH500.1 TASKBENCH500 consists of
500 procedurally generated tasks involving lexi-
cal semantics, factual information, memorization
of random relations, list processing, and logical
composition (Fig. 1). Analogous to past work
that uses synthetic data to characterize LM per-
formance on single examples (Weston et al., 2016;
Lake and Baroni, 2018; Saxton et al., 2019; Kim
and Linzen, 2020; Keysers et al., 2020; Liu et al.,
2021a), TASKBENCH500 enables systematic study
of LM adaptability at the task level. In this paper,
we use it to study three aspects of adaptability:

Memorization: When can adaptation successfully
memorize new functions (e.g., to update factual
knowledge about entities, or learn arbitrary new
token correspondences)? We find that LMs’ abil-
ity to memorize new input–output mappings is
strongly influenced by task type. Datasets of
lexical relations (like antonym pairs) are easier
to memorize than factual information (like name–
occupation pairs). Both are easier to memorize
than lists of random word pairs. These findings
are particularly striking in the case of prompt tun-

1Data and code available at: https://github.com/
facebookresearch/task_bench
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…
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… …
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Will Smith {actor, Jaden Smith, Willow Smith, …}

Lord Byron {poet, Ada Lovelace, …}

… …
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Fine-tuned 
Model
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tuned Model
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task

x1% 
adaptability

x2% 
adaptability

Fine-tuning Prompt-tuning

task

Pre-trained 
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MLM
Dataset

task

expect bones direct eight {esperar huesos mandar ocho, …}

closed sign pet angrily {cerrar signo acariciar furiosamente, …}

… …

translate

map

Evaluate

Figure 1: Overview of our task creation process. We begin by defining a set of atomic tasks that all synthetic tasks
are built upon. These include lexical tasks (blue text/outline), random tasks (green text/outline), and factual tasks
(orange text/outline). They also include both predicates and relations. These tasks are combined using composition
functions to form more complex, compositional tasks. Given a particular task specification, we synthetically create
a dataset for each task. Finally, we fine-tune or prompt-tune a pre-trained language model on each task dataset.

ing, which in standard configurations struggles to
memorize even small random word pair lists.

Composition: Is LM performance on simple tasks
predictive of their performance on compositions of
those tasks? (If the father and occupation relations
are easy to learn via adaptation, does this imply
that the father’s occupation relation is also easy to
learn?) We find a nuanced answer. LMs exhibit
compositional adaptation to lexical and factual
relations (like father’s occupation), with success
on composed tasks strongly correlated (r2 > 0.5)
with success on atomic tasks. However, when com-
posing these relations with sequence processing
operations, success on the base task does not pre-
dict success on the composed task.

Distribution matching: In models fine-tuned on
datasets exhibiting a distribution of acceptable an-
swers (e.g., translating ungendered pronouns into
gendered ones), do model predictions match these
distributions? We find that LMs are often unable
to match label distributions in datasets used for
adaptation. In particular, when labels in the fine-
tuning dataset are drawn from a uniform mixture
of labels from two tasks (e.g., labeling half of the
words with their antonym and half with their syn-
onym), models disproportionately assign mass to
labels from the task that is easier to learn.

Each of these forms of adaptability corresponds
to a central challenge in NLP: reliable updating
of deployed models, composition of previously
learned skills, and fair and predictable output from
models trained on curated data. Our study of mem-

orization, composition, and distribution matching
have direct analogs to previous studies of sample
expressivity (Zhang et al., 2017), compositional
generalization (Lake and Baroni, 2018; Kim and
Linzen, 2020; Keysers et al., 2020), and calibra-
tion (Guo et al., 2017). However, we study these
phenomena at the task level, rather than the ex-
ample level. Our experiments highlight important
qualitative differences between current adaptation
paradigms; identify several novel challenges for
LM adaptation, and offer a new benchmark for
approaches aimed at meeting these challenges.

2 Background

Fine-tuning and prompt search In languages
for which large digitized corpora are available,
most NLP system development today involves
adaptation of a pre-trained model to a downstream
task of interest. Pre-training typically involves re-
construction of masked or corrupted text sampled
from a large corpus (Devlin et al., 2019; Liu et al.,
2019; Raffel et al., 2020). Adaptation to a new
task typically involves one of three approaches:
(1) fine-tuning of all of a pre-trained model’s pa-
rameters (possibly in conjunction with a special-
ized decoder) on a task-specific training set (Devlin
et al., 2019); (2) manual prompt engineering of
an input template that induces pre-trained model
predictions to perform the task of interest (Brown
et al., 2020; Petroni et al., 2019); or (3) automated
prompt tuning of these templates, in either the
discrete space of tokens (Shin et al., 2020) or con-
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tinuous space of token embeddings (Li and Liang,
2021; Lester et al., 2021; Liu et al., 2021b). The
latter two approaches have grown more popular
as pre-trained models have grown larger. The per-
formance of both prompt-search approaches still
lags fine-tuning (Raffel et al., 2020; Brown et al.,
2020; Lester et al., 2021), though the difference be-
tween approaches appears to shrink as model size
increases (Lester et al., 2021).

Measuring generalization and adaptability
The success of the training paradigm described
above stems from its generality—a large number
of NLP tasks appear to benefit from some combi-
nation of pre-training and adaptation. Previous at-
tempts to quantify this generality have typically re-
lied on benchmarks like GLUE (Wang et al., 2018)
and SuperGLUE (Wang et al., 2019), each of which
aggregates ten natural language processing tasks de-
signed to probe different aspects of language under-
standing. Similar benchmarks have also been built
for non-English languages (Xu et al., 2020; Kak-
wani et al., 2020; Park et al., 2021; Hu et al., 2020).
However, the heterogeneity and small number of
distinct tasks represented in existing benchmarks
makes it difficult to make finer-grained predictions,
e.g. by identifying specific features of tasks that
contribute to the success or failure of adaptation.

This challenge has a direct analog to the prob-
lem of characterizing generalization at the example
level in models trained for a single task. Model
performance on natural test sets is often loosely
correlated with accuracy on individual examples
featuring rare syntactic constructions or word col-
locations (McCoy et al., 2019). A great deal of past
work has focused on improving evaluation using
synthetic evaluation sets (Jia and Liang, 2017; Naik
et al., 2018; Lake and Baroni, 2018; Richardson
et al., 2020). These datasets have been used to
study long-range agreement (Marvin and Linzen,
2018), compositional generalization (Lake and Ba-
roni, 2018; Ruis et al., 2020; Keysers et al., 2020),
and mathematical reasoning (Saxton et al., 2019).
But no analogous notion of systematicity, or tool
for studying it, currently exists for tasks rather than
examples.

Thus, building on this past work, we describe
how to construct synthetic data distributions that
enable systematic study of adaptation to new tasks
rather than generalization to new examples. Like
previous research that uses procedural data genera-
tion procedures to study models in NLP, we focus

on coverage rather than naturalness, using datasets
designed to complement, rather than replace, exist-
ing naturalistic benchmarks.

3 A 500-task benchmark

Our goal is to study the generalizability of task
adaptation paradigms. In particular, we would like
to identify which attributes of a task make it easy
or difficult to learn, across different models and
training schemes. While this work shares many of
its high-level goals with existing benchmarks built
from collections of real-world datasets, the makeup
and difficulty of these datasets is often difficult
to characterize precisely: differences in annota-
tion standards, annotation quality, and dataset size
mean that models often exhibit very different per-
formance on datasets designed to evaluate model
performance on the same abstract task. In addi-
tion, existing datasets cover an exceedingly small
subset of the space of all tasks that future NLP
practitioners might wish to perform. To account for
all these limitations, we propose to generate tasks
synthetically as described below.

The space of tasks TASKBENCH500 is con-
structed compositionally: we begin by defining a
space of atomic tasks, which are combined using
a set of composition operators to produce more
complex tasks. Every task takes as input a word
or word sequence, and outputs either a boolean
value or a set of words/word sequences. We refer
to any task that outputs booleans as a predicate
task, and any task that outputs sets of words or
word sequences as a relation task. A subset of
relation tasks involve modeling relations between
single words at the input and output; we refer to
these as word-level tasks and the remaining rela-
tion tasks (that take sequences as input or output)
as sequential tasks.

The choice of atomic tasks and composition
functions aims to capture aspects of real language
processing tasks. Accordingly, the set of atomic
tasks comprises of:

1. Lexical tasks, which test knowledge of lex-
ical semantics. These include lexical rela-
tions like synonym, or lexical predicates like
is-noun. These tasks are constructed from
WordNet relations (Fellbaum, 1998).

2. Factual tasks, which test factual knowl-
edge. These include factual relations
like father-of, or factual predicates like
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is-human. These tasks are constructed from
Wikidata properties (Vrandečić and Krötzsch,
2014).

3. Random relation tasks, which test memo-
rization ability. These are created by mapping
a word in the vocabulary to a singleton set
containing a random other word. We create 4
random relations with different random seeds.

To recursively create arbitrarily complex tasks, we
define a set of composition functions. These take
tasks as arguments and return other tasks. These
functions fall into two categories:

1. Word-level compositions, which test ability
to combine word-level information in differ-
ent ways, such as through set or logical opera-
tions. These functions take word-level tasks
and return other word-level tasks. Examples
include intersection and chaining.

2. Sequential compositions, which test ability
to operate on sequences. These functions con-
vert word-level tasks to sequence-level tasks.
There are two functions in this category: map
takes a word-level relation task and returns
a task that maps a sequence of n words to a
set of all possible sequences resulting from
applying fW to each input word.2 filter
takes word-level predicate tasks and returns a
sequence consisting only of words for which
the task returns true, preserving the original
ordering of those words.

The full list of atomic tasks and composition func-
tion can be found in Appendix Tables 4 and 5. We
surmise that typical NLP tasks may require some
combination of lexical knowledge, factual knowl-
edge, sequential processing, and other task-specific
reasoning; our data distribution lets us evaluate all
these aspects separately and in combination.

Datasets for tasks We create datasets D(f) =
{(xi, yi) : x ⇠ Xf , y ⇠ Unif(f(xi))} for each
task f , where Xf is the input distribution for the
task, and recalling that f(xi) returns a set of pos-
sible outputs associated with the input xi. For
all tasks, we randomly partition the dataset into
Dtrain(f) and Dtest(f) splits.

2Note word-level relations return sets of words—we turn a
sequence of sets of words into a set of sequences by consider-
ing all combinations of words in each set.

For lexical atomic tasks and their compositions,
we directly use the most common words in the
task’s input language for Xf . We create tasks in
English and Spanish. For factual atomic tasks and
their compositions, we sample the entities from
Wikidata that participate in the relation or predicate
defined by the task (e.g. for the child-of task,
we sample only entities that have children). For
sequential tasks, we use a random sampler, which
samples n random words from the vocabulary and
concatenates them.

Figure 1 shows examples of tasks and associated
datasets. More details on dataset construction can
be found in Appendix A.

4 Experimental Setup

Model & Training For all experiments, we
adapt a pre-trained T5-base model (Raffel et al.,
2020). We examine two types of training
paradigms: fine-tuning and prompt-tuning. Dur-
ing fine-tuning, we update all model parameters
on the training set. During prompt-tuning, we fol-
low Lester et al. (2021) and introduce a new set
of prompt-tokens {p1, · · · , pn} to the vocabulary,
which will be prepended to every sample from the
task during inference, i.e., each sample input x be-
comes p1p2 · · · pnx. Let ✓ denote the parameters of
the original pretrained LM. During training, the en-
tire model is frozen and only the word embeddings
of the new tokens {✓p1 , · · · , ✓pn} ⇢ ✓ are updated.
We use prompts of length n = 100 for all exper-
iments. We also study each paradigm on various
quantities of training data, and separately evaluate
their memorization and generalization adaptabili-
ties. In particular, for word-level tasks the test-set
words are disjoint from the train-set words, so eval-
uating on the test set will strictly measure gener-
alization capacity. We optimize all models using
AdamW. See Appendix B for full hyperparameters.

Evaluation For each task f and model M[✓]
(with parameters ✓), we measure the model’s av-
erage per-token accuracy on both training and test
splits of the dataset D(f). As each task defines mul-
tiple acceptable outputs for each input, we credit
models for producing any acceptable output. Let-
ting y0 = M(x), we measure the fraction of posi-
tions i at which any valid answer yi matches the
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Figure 2: Left: Overview of the memorization experiment, which evaluates how accurately models adapted via
fine-tuning and prompt-tuning can memorize training data. Right: Memorization and generalization curves for
fine-tuning and prompt-tuning on 1000 training examples. Memorization curves are shown by solid lines, while
generalization curves are dashed. We average over all atomic tasks from each task category: lexical tasks, factual
tasks, and random tasks. The shaded region shows the standard error of the mean. Transparent lines are each
individual task, colored by task category. In both paradigms, lexical tasks are easiest to memorize, followed by
factual tasks, then random tasks. However, prompt-tuning has overall much less memorization capacity than fine-
tuning, which can perfectly memorize even completely random relations.
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Further details can be found in Appendix B.
Given a pretrained model M[✓pretrain], an

adaptation procedure T , and a task suite f , let
M[✓T ,D(f)] denote the model trained using T on
training data D(f). We then define the adaptability
of a (pretrained model, adaptation paradigm, task
suite) as:

adapt(M[✓pretrain], T , f)

= acc(M[✓T ,Dtrain(f)], Deval(f)) (2)

We denote by adaptmem the value of this metric
over training data (Deval = Dtrain), and by adaptgen
the metric over test data (Deval = Dtest).

5 Memorizing datasets

Our first experiment investigates the extent to
which task adaptation paradigms can memorize
different types of tasks. We are interested in memo-
rization because many real NLP tasks involve some
degree of memorization. For example, translation
builds on memorizing lexical associations between
words in various languages, and semantic simi-
larity and paraphrasing require memorizing word
meanings and/or groupings of semantically similar
words.

Method We use training-set adaptability
(adaptmem) as an indicator of a model’s memo-
rization ability (Fig. 2). We train on a set of 1000
examples, and plot the value of Eq. (2) on each
atomic task as models are adapted via fine-tuning
or prompt-tuning. This allows us to visualize both
the final training-set performance, as well as the
time it took to achieve that performance, both of
which we use to quantify memorization ability.

Results Figure 2 shows the training curves for
fine-tuning (left) and prompt-tuning (right), on dif-
ferent types of tasks. Solid lines show adaptmem,
while dashed lines show adaptgen.

Under both adaptation paradigms, we find that
lexical tasks are easier to memorize than factual
tasks, while random tasks are the hardest to memo-
rize. However, for fine-tuning, we find that models
can (eventually) learn to perfectly memorize all
types of tasks—even entirely random word associ-
ations. However, different types of tasks converge
at different rates—lexical tasks converge first, fol-
lowed by factual tasks, followed by random tasks.

Prompt-tuning, with many fewer parameters
than fine-tuning, is much less expressive. As shown
in Fig. 2, none of the tasks types converge to 100%
accuracy across tasks. Prompt-tuning overall also
takes significantly longer to converge; in particu-
lar, on random tasks, the finetuned model generally
converges at⇠20k updates, while the prompt-tuned
model takes over 200k updates to even begin per-
forming nontrivially.
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Atomic Word-level Comp Seq Comp

FFT 46.9±4.0 39.5±2.1 21.5±1.9

FPT 42.6±4.3 28.1±2.4 11.5±1.4

32FT 33.6±3.8 22.2±1.8 5.7±0.9

32PT 32.4±3.6 21.7±1.7 6.9±1.1

Table 1: Model (generalization) adaptabilities to
atomic, word-level compositional, and sequential com-
positional tasks, under full fine-tuning (FFT), full
prompt-tuning (FPT), 32-shot fine-tuning (32FT) and
32-shot prompt-tuning (32PT). Prompt-tuned models
are comparable to fine-tuned models for atomic tasks,
but not for compositional tasks. However, this distinc-
tion disappears under few-shot learning.

However, despite being much worse at memo-
rization, prompt-tuned models still generalize al-
most as well as fully fine-tuned models, at least
on atomic tasks. This suggests that the inability to
memorize arbitrary functions is not necessarily a
problem for prompt-tuning in general, and more
broadly that overfitting the training set—at least
during fine-tuning—may not be necessary for gen-
eralization.

In Appendix E, we run a version of this exper-
iment on permuted task labels in order to better
disentangle the effect of learning novel tasks vs.
retrieving existing ones. We find that, for both
prompt-tuning and fine-tuning, pre-trained models
can more easily adapt to existing relations than to
novel (permuted) ones, but they are still able to
adapt to new tasks, especially compared to non-pre-
trained models.

6 Composing tasks

In the previous section, we found that while prompt-
tuning cannot memorize arbitrary tasks like fine-
tuning, it can still generalize well on simple atomic
tasks, almost comparably to fine-tuning. In this sec-
tion we investigate whether this finding extends to
more complex tasks. Specifically, we examine the
behavior of prompt-tuned and fine-tuned models
when adapted to compositions of atomic tasks.

Many prior studies of compositionality focus
on instance-level compositionality (Lake and Ba-
roni, 2018; Keysers et al., 2020): they test whether
models can generalize to new instances by com-
bining information from previously-seen instances
within the same task. For example, Lake and Ba-
roni (2018) study whether models can learn to jump
left, after learning to jump, run, and run left. In
our work, we instead focus on task-level compo-

sitionality, studying whether models can adapt to
new tasks that are compositions of simpler tasks
on which they are known to perform well. Thus,
while a model exhibiting compositional generaliza-
tion will correctly compose fragments of previously
observed training examples, a training procedure
exhibiting compositional adaptability will perform
well on tasks involving compositions of previously
learned skills.

Method We study adaptation to complex tasks
by relating performance on atomic tasks with per-
formance on depth-2 compositional tasks. We also
study each paradigm under few-shot learning, by
creating a random 32-sample subset of each train-
ing dataset, and training on that subset. To mitigate
the effect of the random seed, we report average
performance over 4 different subsets.

What allows models to adapt to these complex
tasks? We hypothesize that their adaptability is
(in part) compositional—when they can adapt to
simple tasks, they can also adapt to compositions
of those tasks. For each training paradigm T and
each composition function C, we run linear regres-
sion to estimate the Pearson correlation coefficient
r2 between adaptability to a compositional task
C(f1, · · · fn),

adaptgen(M, T , C(f1, · · · , fn)), (3)

and average adaptability to the task’s atomic com-
ponents,

1

n

nX

i=1

adaptgen(M, T , fi). (4)

Figure 3 depicts the procedure graphically.3

Can language models learn compositional
tasks? The average model adaptability to com-
positional and atomic tasks, under each training
paradigm, is reported in Table 1. We observe that
the gap between full-data prompt-tuned models and
full-data fine-tuned ones is much larger on com-
positional tasks than atomic ones. Thus, prompt-
tuned models can only generalize comparably to
finetuned ones for sufficiently “simple” tasks.

Interestingly, this distinction disappears un-
der few-shot learning. Though both adaptation
paradigms generalize much worse in the few-shot

3We focus only on compositional functions C which
have at least 20 compositional tasks C(f1, · · · , fn) in
TASKBENCH500, so that we have at least 20 points to ob-
tain a statistically significant correlation coefficient.
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Figure 3: Left: Overview of the composition experiment. We evaluate how well the adaptability on a composi-
tional task can be predicted by the (averaged) adaptabilities of the atomic constituent tasks. Right: Correlation
between compositional adaptability vs. averaged atomic adaptabilities, for the chaining, union, and map com-
position types, under each training paradigm. On word-level chaining and union compositions, compositional
adaptability is observed: composed task performance is highly correlated with atomic task performance (r2 > 0.5)
under all training paradigms. However, on sequential map compositions, all models perform poorly, and thus non-
compositionally. This results from challenges in segmenting input sequences; if token boundaries are explicitly
marked (map (+separators)), compositional adaptability is again observed.

setting compared to the full setting, they appear to
be comparable to each other in the few-shot setting,
even on compositional tasks. This may simply im-
ply that few examples are insufficient to learn the
nuances of complex tasks, and that simply learning
a few prompt tokens is sufficient to capture what
can be learned from the limited data samples.

Do language models adapt compositionally?
We visualize each regression model in Fig. 3.
Higher r2 indicates higher correlation between
atomic and compositional versions of tasks. Note
that all model training paradigms demonstrate
some degree of word-level compositionality (r2 >
0.5)—when they succeed at word-level composi-
tional tasks (union, chaining), they succeed at
the atomic constituents to those tasks, and vice
versa. However, this does not appear to be the case
for sequential map. In the full-data regime, both
fine-tuning and prompt-tuning have near-zero r2

values. In the few-shot regime, the r2 value, while
nontrivial, is also quite low. Note the slopes of
the learned regression lines—the model appears to
be unable to learn the sequential versions of tasks,
despite succeeding at their atomic versions. To
explain this result, we hypothesize that a major
obstacle to sequence-level compositional adaptabil-

ity is segmentation of sequences into atomic units.
This is especially the case for factual tasks: for
example, the sequence Pauline Payne Whitney
Charles Lloyd could be segmented as [Pauline
Payne Whitney] [Charles Lloyd] or [Pauline
Payne] [Whitney Charles Lloyd], etc. To test
whether segmentation is a bottleneck, we train on
a version of sequential tasks where we give the lan-
guage model explicit markers of word/entity bound-
aries (e.g. the language model is given Pauline
Payne Whitney # Charles Lloyd as input). We
found that, with separators, performance on the map
tasks increases substantially and the model demon-
strates compositional adaptability (r2 > 0.5) to
these tasks in 3 of the 4 adaptation paradigms. This
setting is plotted in Fig. 3 as Map (+separators).

Under this setting, full fine-tuning is the only
training paradigm that does not demonstrate com-
positional adaptability. To better understand this
phenomenon, we exclusively plot points from the
Map (+separators) setting in Appendix Fig. 5. We
find that the distribution of points in the full fine-
tuning case shows that points tend to fall within the
upper-left triangle. This indicates that for a signifi-
cant number of tasks, models adapt to their sequen-
tial versions despite failing at atomic versions. In
these cases, the model does not simply adapt com-
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Figure 4: Left: Overview of the task prediction distribution experiments (Section 7). We train a model on a
balanced dataset of two tasks, and check whether the prediction distribution over tasks on novel examples matches
the (balanced) empirical distribution. Right: Probability mass, across all pairs of tasks, assigned to all answers
corresponding to the easier vs. harder task, when trained on a balanced dataset and evaluated novel examples. We
report the average across all task pairs and held-out examples, as well as standard errors for each task pair. Note
that the model tends to assign more probability to the easier task, despite the task training set being balanced.

positionally, but can take advantage of additional
information present in sequences (e.g., seeing more
tokens, more examples of the word-level function)
to outperform compositional adaptation.

7 Learning new distributions

Previous sections investigated the degree to which
models could fit particular tasks using a binary
metric that assigned credit to any acceptable an-
swer. Our final set of experiments explores a finer-
grained notion of correctness: when there are mul-
tiple acceptable answers, as is often the case in real
NLP tasks, when does the output distribution of a
model match the distribution empirically observed
during adaptation?

Method We specifically investigate whether
models are biased towards predicting “easy” la-
bels, in the sense measured in Section 5. We con-
sider all possible pairs of atomic tasks f1, f2 (for
which f1 and f2 take in overlapping sets of in-
puts). Let fe to be the easier task in this pair
and fh be the harder task, relative to a model
M and training paradigm T , in the sense that
adaptgen(M, T , fe) > adaptgen(M, T , fh). We
compose fe and fh using union to create compo-
sitional task [(fe, fh), and construct the training
dataset for this task to be balanced — such that the
model sees an equal number of examples of form
(x, fe(x)) as (x, fh(x)). Now let M[(fe,fh) denote
a model adapted to this task. During test-time, we

provide M[(fe,fh) with novel inputs x0 from the
domain of both fe and fh, and record the average
probability mass it assigns to all yi

e 2 fe(x
0) versus

all yi
h 2 fh(x0).4 Finally, we average these dataset-

wide probabilities over all pairs of tasks, to get an
aggregated probability mass assigned to all easier
tasks and all harder tasks in a task pair, invariant of
the actual underlying task identity. More details on
this procedure can be found in Appendix D.

Results Overall, as seen in Fig. 4, across all tasks
and training paradigms, the model tends to assign
a higher probability to the easier relation. As a
concrete example, when trained to predict either
antonyms or lexical entailments, the average proba-
bility mass placed on the antonyms of a word from
the held-out set (easier relation) is 13%, while the
average probability mass placed on the entailments
of a word (harder relation) is 8%.

Thus, despite having a perfectly balanced fine-
tuning set, pretrained models still predict label dis-
tributions in a way that align with their inductive
biases (measured via the “intrinsic difficulty” of in-
dividual labels). This holds for all task adaptation
methods, including full fine-tuning, meaning even
paradigms and models that can fit more complex
tasks still have residual biases from pretraining
that affect their predictions. This also suggests
wider-reaching consequences for model fairness

4Note that the model may (and often does) assign mass to
answers outside of these sets.
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and equity: simply debiasing a fine-tuning dataset
is insufficient to overcome biases from pretraining.

8 Conclusion

In this paper, we construct TASKBENCH500, a
synthetic task set which serves as a testbed for task
adaptability. We focus on three axes of adaptabil-
ity: ability to memorize, ability to (composition-
ally) generalize, and ability to fit to novel distribu-
tions. We study two adaptation paradigms: fine-
tuning and prompt-tuning, finding that: 1. unlike
fine-tuning, prompt-tuning cannot memorize com-
pletely arbitrary tasks beyond a small number of
examples, 2. all adaptation paradigms demonstrate
compositional adaptation to word-level composi-
tions, but not sequence-level compositions, and
3. no paradigm is able to perfectly replicate the
downstream distribution—all paradigms learn out-
put distributions that align with its inductive biases.

In future work, TASKBENCH500 can be used
to study other factors that may affect adaptabil-
ity, such as length of the prompt in prompt-tuning,
similarity between the task distribution and the pre-
training distribution, or finer-grained distinctions
between tasks (beyond lexical/factual/random, or
composition type) that predict task adaptability.
TASKBENCH500 can also be used to explore the
limitations of prompt engineering on a GPT3-scale
model. Finally, the current set of tasks and prim-
itives in TASKBENCH500 are by no means com-
plete. Future work can expand on these primitives
and study the relationships between the tasks put
forth here and real NLP tasks.
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Impact Statement

This paper introduces a new procedure for defining
task suites. This procedure is then used to create a
500-task benchmark, which measures the adaptabil-
ity of pre-trained language models to new tasks. Be-
cause the benchmark is created procedurally from
databases of words and entities, we anticipate that
there should be little to no identifying information
or toxic and hateful content. Our datasets should

also contain less social bias compared to natural
datasets.

However, like with all benchmarks, overfitting
to static datasets can inhibit progress in NLP. More-
over, even though this dataset is procedurally gen-
erated, we cannot avoid all biases. The resources
upon we build our benchmark are themselves
biased—for example, lexical databases (like Word-
Net) are much richer for certain languages (like
English) than others, and WikiData currently fea-
tures many more men than women. Our benchmark
currently only features English and Spanish tasks,
with a heavy bias towards standard English. This
can encourage development of methods that under-
serve non-standard-English-speaking communities.

We hope to mitigate the aforementioned issues
by releasing the code to procedurally generate task
suites. We emphasize that the benchmark is dy-
namic: consisting of not just the static task suite
that we are currently releasing, but more impor-
tantly the procedure for creating new tasks suites.
We encourage future researchers to develop analo-
gous task suites for low-resource languages, non-
standard English dialects, and more balanced sets
of entities.
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A More details on TASKBENCH500
creation procedure

A.1 Task creation details
For atomic lexical tasks, we take a subset of rela-
tions specified in either Wordnet (Fellbaum, 1998)
or SentiWordNet (Esuli and Sebastiani, 2006). For
atomic factual tasks, we take a subset of tasks from
Wikidata (Vrandečić and Krötzsch, 2014). We also
have 3 broad categories of composition functions:
set operations, logical operations, and sequential
operations. The full list of atomic tasks can be
found in Table 4 and the list of composition func-
tions can be found in Table 5.

We enumerate all possible depth-2 word level
compositions of each task, and the sequential ver-
sions of them (i.e. if the task is a relation, in-
serting it into a map, or if the task is a predicate,
inserting it into a filter), up to 500 tasks. We
also apply some basic heuristics to filter identical
tasks: for example, we filter symmetric relations,
e.g. union(B,A) is identical to union(A,B), or
avoid the use of logical operations alongside set
operations, e.g. lor(in(x,A), in(x,B)) is iden-
tical to in(x,union(A,B))). Our full list of tasks
can be found in Tables 4, 6, 7 and 8.

Sequential compositions Sequential composi-
tion functions convert word-wise tasks to sequence-
level tasks. We specifically consider only two se-
quential functions: map and filter. Note that
compositions of multiple maps or multiple filters
can instead be expressed as compositions of multi-
ple word-level functions. For example,

map{�x.occupation(x)}(map{�x.
father(x)}(S))

(for an input sequence S) is equivalent to
map{�x.occupation(father(x))}(S)

Specifically, we define the following top-level
sequential operator

map-filter{fM , fF }
= map{fM}(filter{fF })

(5)

where fM is a word-wise relation and fF is a word-
wise predicate. All recursively-defined sequential
operators follow this form. The following are the
recursive rules for mapping nested maps and filters
into a function of this form: in the base cases,

map{fM} = map-filter{fM ,�x.true}
filter{fF } = map-filter{�x.x, fF };

(6)

in the recursive cases,

map{f 0M}(map-filter{fM , fF })

= map-filter{f 0M (fM ), fF }
filter{f 0F }(map-filter{fM , fF })

= map-filter{fM , fF ^ f 0F (fM )}.

(7)

A.2 Dataset creation details

Note that many tasks created through composition
will be degenerate or identical to other tasks, even
with our heuristic filters. We do a preliminary filter
for degenerate tasks by removing tasks for which
we have less than 100 samples. We also manually
inspect all depth-2 word-level lexical compositions
to ensure they are nontrivial and unique.

Word-level lexical tasks For English lexical
tasks, we use words that appeared more than 5
times in the Brown corpus (Francis and Kucera,
1979) as our inputs x. For Spanish lexical tasks,
we in use words that appeared at least once in the
CESS Spanish Treebank (Martí et al., 2007) as our
inputs. This results in a a total of 9143 English
words and 5298 Spanish words. We then construct
outputs for each input word using either WordNet
or SentiWordNet. From each task, we filter out sam-
ples for which the relations map to an empty set—
thus, for a task like intersection(synonym(x),
antonym(x)), most samples will be filtered out as
the set of synonyms are usually disjoint from the
set of antonyms. (This task ends up getting filtered
out entirely, as the final number of samples is under
100.)

Word-level factual tasks We use a dump of
Wikidata from 2017, taken from Sorokin and
Gurevych (2018).5 We convert each word-level
factual task into SPARQL queries which returns a
set of input-output data pairs from Wikidata.

For factual relations R, we create two queries:
a sample query which gives us a set of entities
that participate in the relation, from which the in-
puts x are derived, and a function query that maps
specific inputs x to its set of output entities R(x).
For factual predicates P , we create three queries:
a positive sample query which gives samples x
for which P (x) = true, a negative sample query
which gives samples x for which P (x) = false,

5https://public.ukp.informatik.tu-darmstadt.
de/wikidata-dump/wikidata-virtuoso-dump-2017.zip
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Task (T ) SPARQL fragment (sparql(T, y))

A(x) ?x A ?y .
union(T1(x),T2(x)) { sparql(T1(x), y) } UNION { sparql(T2(x), y) }

intersection(T1(x),T2(x)) sparql(T1(x), y) sparql(T2(x), y)
lor(T1(x),T2(x)) BIND( y1 || y2 AS y ) sparql(T1(x), y1) sparql(T2(x), y2)
land(T1(x),T2(x)) BIND( y1 && y2 AS y ) sparql(T1(x), y1) sparql(T2(x), y2)

Table 2: Rules for mapping word-level factual tasks to SPARQL conditional statements. Blue substrings represent
recursive calls to this set of rules, which are to be replaced with their output SPARQL fragments. Note the second
argument to the sparql function represents the variable name to output to.

and a function query that maps specific inputs x to
its output boolean value P (x).

The SPARQL query is generated recursively
given the specification of the task. We define a func-
tion task2sparql(T(x),y) which converts tasks
T(x) to SPARQL fragments (where the second ar-
gument to the function is the variable name we
define for the output). We then convert the output
of this function into a well-formed query using:

SELECT ?x
WHERE <task2sparql(T(x),y)>

for sample queries and

SELECT ?y
WHERE <task2sparql(T(x),y)>

for function queries. Note for function queries that
the input x is provided to us (and is not a variable).

The general rules specifying the task2sparql
function are given in Table 2.

Sequential tasks In practice, naively concatenat-
ing outputs from a random word sampler to cre-
ate sequences will return degenerate or trivial se-
quences for many functions (for example, map{�x.
child(x)} is not meaningful for sequences con-
sisting of words that don’t refer to humans). Thus,
we define a sequence sampler in Algorithm 1 that
takes in a sequential function (given in the form
from Eq. (5)), an input length n and an output
length m  n, which will always sample se-
quences with length n such that the output, when
the function is applied to the sequence, is of length
m.

At a high level, this algorithm samples n input
words which are in the domain of the map relation,
and for which the filter predicate returns true, and
m�n input words for which the filter predicate re-
turns false, then permutes and concatenates them.

B Experimental Setup Details

Hyperparameters We adapt a pre-trained T5-
base model (24-layer, 220M parameters) to our

Algorithm 1: Algorithm for sampling
meaningful input sequences for sequential
tasks.

function seq_sampler(map-filter(fM,fF ), n, m):
seq  “”;
for i = 1 · · · n do

word ⇠ Unif(domain(fM ) \ {x :
fF (x) = true});

seq  seq + word
end
for j = n · · · m do

word ⇠ Unif({x : fF (x) = false});
seq  seq + word

end
seq  permute-words(seq)

tasks. We use an AdamW optimizer with a learning
rate of 1.0 for all prompt-tuning experiments, and
learning rate of 1e-3 for all fine-tuning experiments.
We use batch sizes of 64 for word-level tasks, and
32 for sequential tasks. We run all experiments
up to 100 epochs, and run 3–4 trials for each few-
shot experiment to estimate average performance
over possible choices of few-shot training samples.
These hyperparameters were chosen by trial and
error on top of default configurations.

Infrastructure and Reproducibility For each
task, we adapt our model using a single 32GB
NVIDIA V100 GPU, or a single 40GB NVIDIA
A100 GPU. Training time varies by training dataset
size and maximum number of epochs, but on av-
erage (using the hyperparameters specified above)
is less than a few hours per task. Prompt-tuning is
also more efficient than fine-tuning, updating the
parameters of only 100 prompt tokens vs. the full
220M parameters in the model.

Evaluation of Sequential Tasks When evaluat-
ing accuracies of sequential tasks (Eq. (1)), note
that we must align words in the generated sequence
y0i with words in the ground-truth sequence yi.
However, this can be nontrivial, especially under
the setting where word and entity boundaries are
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Figure 5: Compositionality of map function, when token separators are explicitly provided in the input and output.
All adaptation paradigms demonstrate compositionality except for full fine-tuning, where there seems to be a large
proportion of tasks for which the model can adapt to sequentially but not atomically.

not explicitly generated by the model. We cannot
rely on whitespaces to segment words as a single
word can span multiple white-spaces; for example,
an entity Will Smith constitutes a single word.
Instead, given a ground-truth sequence of n words
(note ground-truth segmentations are present in the
dataset), we optimize over all possible length-n
segmentations of the generated sequence.

C Compositionality Experiment:
Additional Results

Additional results for the compositionality experi-
ment, including all composition functions, and the
formula for the best-fit regression line in each case,
are reported in Table 3. Furthermore, the map task
with explicit segmentation (+separators) is plotted
in isolation in Fig. 5.

D Prediction distribution experiment:
Additional details

We adapt the model to the task [(fe, fh), construct-
ing the training dataset for [(fe, fh) to be balanced
— such that the model sees an equal number of ex-
amples of form (x, fe(x)) as (x, fh(x)).

Let M[(fe,fh) denote a model adapted to
this task. Note that the domains of ei-
ther function are not always identical, for ex-
ample the set of entities in the domain of
political-party-of(x) (mostly politicians) is
different from the set of entities in the domain of
position-played-on-sports-team(x) (mostly

athletes). We create a balanced training set by first
taking all items in the intersection of both domains,
then sampling an equal number number of items in
either domain. Furthermore, to minimize the effect
of the order seen during training, we shuffle the
entire dataset after creating all example-label pairs.

During test-time, we give M[(fe,fh) a novel in-
put x0 and record the average probability mass it
assigned to all yi

e 2 fe(x
0) vs. all yi

h 2 fh(x0).
Note we evaluate only on inputs x0 which are in the
domain of both fe and fh. Under the rare scenario
that a prediction is in both target tasks for a partic-
ular word (i.e. y is in both fe(x

0) and fh(x0)), we
count that towards both tasks, and increment the
probability mass on both tasks by the probability
the model assigned to y.

Instead of averaging across outputs in either set
fe(x

0), fh(x0), we also looked at the probabilities
assigned to highest-scoring predictions from each
set. The overall trends were similar: the model
tends to assign greater mass to the highest-scoring
prediction from the easier task compared to highest-
scoring prediction from the harder task.

E Permuting task labels: disentangling
effect of “learning” vs. “retrieval”

We hypothesize two ways that pre-trained models
might adapt to new tasks: (1) through learning the
underlying rules and patterns governing the task, or
(2) through learning how to “retrieve” the correct
label from memorized pre-training data. These hy-
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-    Lexical                -    Factual                -    RandomLegend

Figure 6: Memorization experiments on permuted vs. non-permuted versions of tasks, using pre-trained vs. non-
pretrained models. Left figure shows an averaged memorization curve for a non-pretrained model on permuted
tasks. Middle figure shows a pre-trained model on permuted tasks. Right figure shows a pre-trained model on
non-permuted tasks. Pre-training enables models to adapt to novel tasks, but adapting to existing, non-permuted
tasks is easier than adapting to novel, permuted tasks.

potheses, respectively, suggest two different roles
for pre-training: (1) providing a “generally good”
initialization from which many different tasks can
be learned, or (2) imbuing the LM with memorized
knowledge that can later be retrieved.

To determine which effect is at play (for which
types of tasks), for each atomic task, we permute
the labels associated with each input, then run each
adaptation paradigm on the permuted version of the
task. Notably, permuted labels differ from random
tasks as the input and label distributions are re-
stricted to be identical to original task. Because the
model would be unable to generalize to permuted
labels, we only look at memorization ability. The
setting is similar to Section 5. We compare the
rate of adaptation for (A) a non-pretrained model
to a permuted task, (B) a pre-trained model to a
permuted task, and (C) a pre-trained model to non-
permuted task. If a pre-trained model is better able
to adapt to a task than the non-pretrained model (B
> A) , this indicates that pre-training helps models
learn new tasks on the fly, supporting hypothesis
1. If a pre-trained model can better adapt to a non-
permuted task than it can to a permuted task (C
> B), this indicates that adaptation requires some-

thing learned during pre-training, supporting hy-
pothesis 2.

Results are shown in Fig. 6 (which, from left to
right, shows settings A-C respectively). We find
that for fine-tuning and prompt-tuning, both hy-
potheses are supported. For both lexical and fac-
tual tasks, pre-trained models can memorize novel
word relations faster than non-pre-trained models.
However, pre-trained models can still adapt to non-
permuted tasks faster than permuted ones. Further-
more, note that for fine-tuning, the order of conver-
gence of the three task types is reversed when going
from permuted tasks to non-permuted tasks. In par-
ticular, random relations are easier to learn than
permuted lexical or factual tasks. This suggests
that models can more easily to adapt to random
labels than labels that are known to be false.
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Function type Training type Avg. adaptability Optimal formula r2 value

Full Fine-tuning 37.43±3.18 1.27x + 0.14 0.56
Chaining Full Prompt-tuning 22.37±3.03 1.32x + 0.05 0.65
f2(f1) 32-shot Fine-tuning 18.59±2.21 1.34x + 0.07 0.57

32-shot Prompt-tuning 18.19±2.21 1.32x + 0.07 0.6

Full Fine-tuning 31.18±2.02 1.24x + 0.02 0.73
Union Full Prompt-tuning 25.05±2.11 1.4x� 0.01 0.83
f2 [ f1 32-shot Fine-tuning 17.28±1.52 1.37x + 0.02 0.8

32-shot Prompt-tuning 18.43±1.55 1.35x + 0.02 0.8

Full Fine-tuning 43.31±22.42 2.25x� 0.12* 0.97*
Intersection Full Prompt-tuning 16.68±8.78 1.64x� 0.04* 0.98*

f2 \ f1 32-shot Fine-tuning 22.77±17.03 5.93x� 0.12* 0.91*
32-shot Prompt-tuning 25.91±19.38 6.81x� 0.12* 0.94*

Full Fine-tuning 78.39±2.53 2.15x� 0.85* 0.8*
Logical And Full Prompt-tuning 79.25±2.57 1.27x� 0.18* 0.58*

f1 ^ f2 32-shot Fine-tuning 66.49±2.55 4.75x� 2.13* 0.88*
32-shot Prompt-tuning 55.86±1.22 0.48x + 0.3* 0.05*

Full Fine-tuning 72.41±1.97 1.39x� 0.37* 0.54*
Logical Or Full Prompt-tuning 74.71±2.01 1.15x� 0.18* 0.48*

f1 _ f2 32-shot Fine-tuning 58.04±1.11 1.52x� 0.35* 0.63*
32-shot Prompt-tuning 53.91±0.48 0.8x + 0.1* 0.33*

Full Fine-tuning 13.44±1.73 0.15x + 0.09 0.03
Map Full Prompt-tuning 5.39±0.93 0.13x + 0.03 0.07

map{�x.fM (x)} 32-shot Fine-tuning 3.59±0.70 0.21x + 0.0 0.2
32-shot Prompt-tuning 3.77±0.85 0.3x� 0.01 0.29

Full Fine-tuning 67.40±2.51 0.49x + 0.52 0.17
Map (+separators) Full Prompt-tuning 18.02±1.96 0.83x + 0.02 0.64
map{�x.fM (x)} 32-shot Fine-tuning 10.66±1.34 0.79x� 0.01 0.86

32-shot Prompt-tuning 5.22±1.14 0.57x� 0.04 0.64

Full Fine-tuning 82.08±5.92 1.59x� 0.58* 0.95*
Filter Full Prompt-tuning 78.58±5.43 1.38x� 0.43* 0.95*

filter{�x.fF (x)} 32-shot Fine-tuning 38.39±3.27 0.81x� 0.24* 0.87*
32-shot Prompt-tuning 51.58±4.99 1.19x� 0.43* 0.87*

Table 3: We study the correlation between the atomic word-level functions and their compositions, under various
training paradigms. We train a linear regressor to predict a model’s generalization adaptability on a composite
function based on its adaptabilities on the atomic constituents. Finally, we report the average generalization adapt-
ability of composite tasks, for each training paradigm, under each type of composition.
* indicates composition function has less than 20 tasks, thus reported numbers may not be significant.
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Abstract

Counterfactually Augmented Data (CAD)
aims to improve out-of-domain generalizabil-
ity, an indicator of model robustness. The
improvement is credited to promoting core
features of the construct over spurious arti-
facts that happen to correlate with it. Yet,
over-relying on core features may lead to un-
intended model bias. Especially, construct-
driven CAD—perturbations of core features—
may induce models to ignore the context in
which core features are used. Here, we test
models for sexism and hate speech detection
on challenging data: non-hateful and non-
sexist usage of identity and gendered terms.
On these hard cases, models trained on CAD,
especially construct-driven CAD, show higher
false positive rates than models trained on the
original, unperturbed data. Using a diverse
set of CAD—construct-driven and construct-
agnostic—reduces such unintended bias.

1 Introduction

As fully or semi-automated models are increasingly
used for platform governance (Gorwa, 2019; Gille-
spie, 2018; Nakov et al., 2021) there are several
questions about their performance and the implica-
tions of model errors (Gorwa et al., 2020; Gillespie,
2020; Roberts, 2019). Language technologies un-
derpinning these content moderation strategies, es-
pecially models for detecting problematic content
like hate speech and sexism, need to be designed
to ensure several complex desiderata, including
robustness across domains of application as well
as low misclassification rates. Indeed, misclassi-
fications can have a range of repercussions from
allowing problematic content to proliferate to sanc-
tioning users who did nothing wrong, often minori-
ties and activists (Gray and Stein, 2021; Haimson
et al., 2021). Such misclassifications are a threat to
model robustness and non-robust models can cause
a great deal of collateral damage.

To facilitate model robustness, several solu-
tions encompass improving training data for these
models (Dinan et al., 2019; Vidgen et al., 2021),
such as by training them on counterfactually aug-
mented data (CAD). CAD, also called contrast
sets (Gardner et al., 2020; Atanasova et al., 2022),
are obtained by making minimal changes to ex-
isting datapoints to flip their label for a particu-
lar NLP task (Kaushik et al., 2019; Samory et al.,
2021). Previous research has established that train-
ing on CAD increases out-of-domain generalizabil-
ity (Kaushik et al., 2019; Samory et al., 2021; Sen
et al., 2021). Sen et al. (2021) explores charac-
teristics of effective counterfactuals, finding that
models trained on construct-driven CAD, or CAD
obtained by directly perturbing manifestations of
the construct, e.g., gendered words for sexism, lead
to higher out-of-domain generalizability. Previous
research also notes that gains from training on CAD
can be attributed to learning more core features,
rather than dataset artifacts (Kaushik et al., 2019;
Samory et al., 2021). However, it is unclear how
learning such core features can affect model mis-
classifications, especially for cases where the effect
of the core feature is modulated by context—e.g.,
how models trained on CAD classify non-sexist
examples containing gendered words. Investigat-
ing this type of misclassification can help uncover
unintended false positive bias.

Unintended false positive bias can lead to wrong-
ful moderation of those not engaging in hate speech,
or even worse, those reporting or protesting it. Such
type of bias is especially concerning in the use of
social computing models for platform governance.
Recent work has shown that AI-driven abusive lan-
guage or toxicity detection models disproportion-
ately flag and penalize content that contains mark-
ers of identity terms even though they are not toxic
or abusive (Gray and Stein, 2021; Haimson et al.,
2021). Over-moderation of this type, facilitated by
unintended false positive bias, can end up hurting
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marginalized communities even more.
This work. We assess the interplay between

CAD as training data and unintended bias in sex-
ism and hate speech models. Grounding the mea-
sure of unintended bias as the prevalence of falsely
attributing hate speech or sexism to posts which
use identity words without being hateful, we as-
sess if training on CAD leads to higher false pos-
itive rates (FPR). In line with past research, Lo-
gistic Regression and BERT models trained on
CAD show higher accuracy on out-of-domain data
(higher model robustness) but also have higher FPR
on non-hateful usage of identity terms. This effect
is most prominent in models trained on construct-
driven CAD. Our results uncover potential negative
consequence of using CAD, and its different types,
for augmenting training data. We release our code
to facilitate future research here: https://github.
com/gesiscss/Uninteded_Bias_in_CAD.

2 Background

For a given text with an associated label, say a sex-
ist tweet, a counterfactual example is obtained by
making minimal changes to the text to flip its label,
i.e., into a non-sexist tweet. Counterfactual exam-
ples in text have the interesting property that, since
they were generated with minimal changes, they
allow one to focus on the manifestation of the con-
struct; in our example, that would be what makes
a text sexist. Previous research has exploited this
property to nudge NLP models to look at the points
of departure and thereby learn core features of
the construct rather than dataset artifacts (Kaushik
et al., 2019; Samory et al., 2021; Sen et al., 2021).

Types of CAD. Sen et al. (2021) used a
causal inference-inspired typology to categorize
different types of CAD and found that models
trained on certain types of CAD are more ro-
bust. We follow the same typology and distinguish
between— Construct-driven CAD obtained by
making changes to an existing item by acting on
the construct, e.g, on the gendered terms for sexism,
and Construct-agnostic CAD obtained by making
changes to general characteristics of an item, such
as inserting negation. Following Sen et al. (2021),
we use lexica to automatically characterize CAD.

3 Datasets and Methods

We use the same experimental setup and notation
as Sen et al. (2021), but instead only focus on sex-
ism and hate speech as these are the NLP tasks

widely used in text-based content moderation. Ta-
ble 1 summarizes the datasets we use, training on
an in-domain dataset and using two datasets for
testing— Identity Subgroup (ISG) which is a sub-
set of the out-of-domain dataset used by Sen et al.
(2021) and Hatecheck (HC) (Röttger et al., 2021).
The test sets are described in more detail in Sec-
tion 4.1. All the in-domain datasets come with
CAD, gathered by crowdworkers (Samory et al.,
2021) or expert annotators (Vidgen et al., 2021) in
previous research.

Since previous work has shown that models
trained on CAD tend to perform well on counterfac-
tual examples (Kaushik et al., 2019; Samory et al.,
2021), we do not include CAD in any of the test
sets. All datasets contain only English examples.

We use two different families of models: logistic
regression (LR) with a TF-IDF bag-of-words repre-
sentation, and finetuned-BERT (Devlin et al., 2019).
We train two types of binary text classification mod-
els of each model family on the in-domain data
only—nCF models trained on original data, and
CF models trained on both original data and CAD.
The nCF models are trained on 100% original data,
namely, the “Original” in the “Train” column in
Table 1. The CF models for hate speech are trained
on ∼ 50% original data and ∼ 50% CAD, sampled
from the “Train” and “Counterfactual” columns in
Table 1, respectively. Since only non-sexist CAD
are provided for sexism classification, the sexism
models are trained on 50% original sexist data, 25%
original non-sexist data, and 25% counterfactual
non-sexist data (Samory et al., 2021).

Based on Sen et al. (2021), to unpack the ef-
fect of different types of CAD on model perfor-
mance, we further disaggregate the CAD training
sets, and train models on different types of CAD:
only construct-driven counterfactuals (CF_const),
only construct-agnostic counterfactuals (CF_agn),
and equal proportions of both (CF_mix).1 Due to
the lack of data and unequal distributions of differ-
ent types of CAD, instead of training on 50% CAD,
we train on 20% for these three types of models.
Training details including model hyperparameters
are described in the Appendix (Section 9).

1We use a slightly different terminology for the models
trained on different types of CAD than Sen et al. to ease
interpretability. Namely, CF_c is CF_const, CF_r is CF_agn,
and CF_a is CF_mix in this work.
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Construct Train Test

Sexism
Original (Samory et al.) Counterfactual (Samory et al.) ISG (EXIST) HC (women)

sexist non-sexist sexist non-sexist sexist non-sexist sexist non-sexist
1244 1610 - 912 1178 1046 373 136

Hate
speech

Original (Vidgen et al.) Counterfactual (Vidgen et al.) ISG (Basile et al.) HC

hate not-hate hate not-hate hate not-hate hate not-hate
6524 5767 5096 5852 625 865 2563 1165

Table 1: NLP tasks/constructs and datasets used in this work. Following a similar set up as Sen et al. (2021),
we train models on the in-domain datasets, while out-of-domain datasets are used for testing. EXIST refers to the
dataset from the shared task on sexism detection (Rodriguez-Sanchez et al., 2021)

const data model mode macro
F1 FPR FNR

hate
speech ISG bert CF 0.65 0.43 0.24

nCF 0.60 0.36 0.44
logreg CF 0.58 0.31 0.53

nCF 0.40 0.12 0.93

sexism ISG bert CF 0.65 0.37 0.33
nCF 0.57 0.16 0.64

logreg CF 0.56 0.29 0.56
nCF 0.51 0.19 0.71

Table 2: Macro F1 and FPR on the Identity Sub-
group (ISG) for mod- els trained on CAD (CF) vs
those trained on orig- inal data (nCF). While CF
models improve in terms of F1, they tend to have a
higher False Positive Rate than their nCF counterparts.
This is especially pronounced for the BERT models.

4 Unintended Bias

Previous research has shown that training on CAD
can improve model robustness, i.e, generalization
to data beyond the training domain (Kaushik et al.,
2019; Samory et al., 2021; Sen et al., 2021). Here,
we take a closer look at one aspect of model ro-
bustness, i.e false positives, and conduct a focused
error analysis inspired by real-world applications
of social NLP systems – particularly the case of
misclassification of content with identity terms, an
example of unintended bias. Previous research has
shown that CF models tend to promote core fea-
tures, namely, gender words for sexism and identity
terms for hate speech (Sen et al., 2021). One po-
tential consequence of this promotion of identity
features for detecting problematic content could
be an increase in false positives, particularly in in-
nocuous posts that contain identity terms.2 This
can be especially harmful if the misclassified posts
happen to be reports or disclosures of facing hate

2Identity terms subsume gender words
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Figure 1: FPR and F1 for different types of CF
BERT models, with the nCF model as a baseline on
ISG. For hate speech, CF_const has the highest FPR.

speech.3 Our work builds on recent literature that
investigates the performance and misclassification
rate of toxicity or hate speech detection models
on test sets containing identity terms (Dixon et al.,
2018; Borkan et al., 2019; Kennedy et al., 2020;
Nozza et al., 2019; Calabrese et al., 2021). How-
ever, unlike previous work, we specifically focus
on the behaviour of models trained on CAD on test
cases with identity terms. We do so since previ-
ous work established that models trained on CAD
tend to learn “core” features (Kaushik et al., 2019;
Samory et al., 2021; Sen et al., 2021) which are
often identity terms for sexism and hate speech
detection — therefore, it is important to uncover
how this increased focus on core features modu-
lates misclassifications of instances where these
terms are used in a non-hateful context.

4.1 Test Sets for Measuring Unintended Bias

To understand if CF models facilitate this type of
unintended bias, we leverage two tests sets. First,
we include a subset of the out-of-domain datasets
used in Sen et al. (2021) which contains both sexist
(hateful) and non-sexist (non-hateful) posts with
gendered (identity) words, called the Identity Sub-

3In a real world example, tweets by activists are often
flagged and deleted by commercial content moderation sys-
tems (Gray and Stein, 2021).
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const data model mode macro
F1 FPR FNR

hate
speech HC bert CF 0.88 0.08 0.13

nCF 0.67 0.24 0.35
logreg CF 0.61 0.50 0.28

nCF 0.52 0.45 0.47

sexism HC bert CF 0.53 0.49 0.41
nCF 0.49 0.32 0.57

logreg CF 0.53 0.60 0.32
nCF 0.44 0.32 0.65

Table 3: Macro F1 and FPR on Hatecheck for mod-
els trained on CAD (CF) vs those trained on orig-
inal data (nCF). All CF models have both higher F1
and higher FPR, with the exception of the hate speech
BERT CF model which has a lower FPR.

group. Second, we include the HateCheck test
suite (Röttger et al., 2021), designed to test hate
speech models.

Identity Subgroup in Out-of-Domain Data
(ISG). While Sen et al. (2021) used the entire out-
of-domain dataset for testing, we distill a subset
of tweets that contain gender and identity terms,
for sexism and hate speech respectively (based on
lexica for gendered words4 and identity terms5),
calling this dataset the identity subgroup. ISG is
an effective dataset for investigating unintended
bias since it specifically contains tweets with men-
tions of identities in both hateful and non-hateful
contexts.

HateCheck (HC). HateCheck (Röttger et al.,
2021) is a functional test suite for hate speech de-
tection models that is inspired by software test-
ing (Ribeiro et al., 2020). HateCheck provides
3728 test cases covering 29 different functionalities
such as “Non-hateful homonyms of slurs”, making
it a challenging test set for models where many
of the instances include identity terms used in a
non-hateful context. To evaluate the hate speech
models, we use all instances, while for the sexism
models, we use a subset that targets women.6 To
find the subset of instances targeting women, we
reuse the gender word lexica to exclude instances
that do not have gendered words.

4obtained from: https://github.com/uclanlp/gn_

glove/tree/master/wordlist
5We use a list of identity words and slurs curated

by (Khani and Liang, 2021) and from Hatebase (https:
//hatebase.org/)

6Note that HateCheck does not cover sexism against men
but does have a category for gay people. In the future, we
hope to see how sexism models compare against hate speech
models in detecting sexism for intersectional identities.
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Figure 2: F1 and FPR for different types of CF
BERT models for HC, with the nCF model as a
baseline. Models trained on construct-driven CAD
(CF_const) incur the highest FPR for both sexism and
hate speech.

4.2 Results

We use false positive rate (FPR) to measure unin-
tended bias as our concept of unintended bias in
harm detection systems entails misclassifications
of non-harmful content containing identity-related
terminology. We contrast measures of FPR with
Macro F1 (as an overall performance metric) and
fale negative rate (FNR). We assess the overall per-
formance of models trained on CAD as well as
models trained on specific types of CAD.

Performance of CAD vs. Original Data. Ta-
ble 2 shows the result of CF and nCF models on
ISG while Table 3 shows the results for HateCheck.
Our results indicate that CF models do, indeed,
have higher FPR compared to their nCF coun-
terparts, for both sexism and hate speech, while
having a lower FNR. On all examples, CF models
have higher F1 (e.g., 88% vs. nCF model’s 67% for
hate speech in Table 3), but higher FPR. The CF
BERT model for hate speech is the exception, hav-
ing a lower FPR compared to its nCF counterpart.
To unpack this discrepancy, we qualitatively as-
sessed cases where nCF models had misclassifica-
tions but CF models did not. These included cases
of positive sentiment towards minorities, e.g. “I ab-
solutely adore Muslims". As Sen et al. (2021) note,
the majority of CAD generated for hate speech
changes affect words (55%), possibly explaining
how the CF BERT model became proficient at cor-
rectly recognizing such instances. This adds to
the evidence that a mixture of different types of
CAD is ideal for aiding models in understanding
the concept of hate speech in a holistic manner.

Performance of CAD Types. We repeat this
analysis with models trained on different types of
CAD, namely, construct-driven CAD (CF_const),
construct-agnostic (CF_agn), and equal propor-
tions of both (CF_mix) for ISG (Figure 1) and HC
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(Figure 2). Figures 1 and 2 show the results for
the BERT models while the results for the logistic
regression models are included in the Appendix
(Section 7). Overall, complementing the compar-
ison between CF and nCF models, we find that
models trained on either type of CAD have higher
F1 than nCF models. However, the ranking be-
tween models trained on different types of CAD
is not clear, especially for ISG. In ISG, For hate
speech, we see that construct-driven (CF_const)
models demonstrate high FPR. For HC, the high
FPR of models trained on construct-driven CAD
is more pronounced — for both sexism and hate
speech, CF_const models incur a high FPR. Sur-
prisingly, for hate speech, a higher FPR does not
translate to higher F1, indicating that a combina-
tion of different types of CAD (CF_mix) reduces
unintended bias without sacrificing F1 score.

Overall, we find that CF models have higher F1,
especially models trained on construct-driven CAD
(for e.g., the sexism CF_const model for HC). A
potential reason for this is that construct-driven
CAD is obtained by editing identity words; while
identity words indeed co-occur with hate speech
or sexism, they can also have a confounding im-
pact, i.e., sexism manifests via attacks on gender
identity, however mentioning gender is not always
associated with sexism. Indeed, many minorities
may disclose their experience and identity using
such terms without being sexist or hateful. The
confounding nature of identity terms makes auto-
mated methods all the more vulnerable to unin-
tended false positive bias. Our analysis reveals
that while construct-driven CAD has its uses and is
often easier to generate (based on the distribution
of different types of CAD (Sen et al., 2021)), we
should use them judiciously. Specifically, we need
more research on various characteristics of indi-
vidual CAD such as minimality, semantic distance
from the original instance, as well as corpus-level
attributes like training data composition and diver-
sity.

5 Conclusion

Text counterfactuals, drawing from and inform-
ing current developments for causal inference in
NLP (Keith et al., 2021; Feder et al., 2021; Jin et al.,
2021) can be used for training, testing, and explain-
ing models (Wu et al., 2021). We build on research
that explores the former — using counterfactually
augmented data (CAD) as training examples, to in-

vestigate conditions of model robustness and unin-
tended false positive bias. Performing experiments
on challenging datasets for hate speech and sexism
detection, we find that models trained on CAD have
higher false positive rates compared to those that
are not. In addition, models trained on construct-
driven counterfactuals tend to have the highest false
positive rate. Our analysis and results indicate that
while training on CAD can lead to gains in model
robustness by promoting core features, not taking
into account the context surrounding these core
features can lead to false positives, possibly due
to the confounding relationship between identity
terms and hate speech. Future work includes un-
packing the strengths and weaknesses of different
types of CAD by studying their various characteris-
tics, including but not limited to the exact changes
made to derive a counterfactual and their impact
on unintended bias.

6 Ethical Considerations

Constructs like sexism and hate speech detection
are often depicted as neutral or objective, but
they are deeply contextual, subjective, and am-
biguous (Vidgen et al., 2019; Jurgens et al., 2019;
Nakov et al., 2021). Promoting features like iden-
tity terms can increase the risk of misclassifying
non-hateful content with such terms, such as dis-
closures or reports of facing hate speech, leading to
unintended bias (Dixon et al., 2018) that can cause
harm (Blackwell et al., 2017). Following up on
this subjectivity and based on recommendations by
Blodgett et al. (2020), we motivate our analyses
of unintended bias on normative grounds, situated
in the context of the harms wrought by misclassifi-
cation of content containing identity terms despite
being non-sexist or non-hateful. We acknowledge
that we only study one type of unintended bias and
there are other aspects that require further investi-
gation (Blackwell et al., 2017).
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Appendix

This is the appendix for the paper, “Counterfactu-
ally Augmented Data and Unintended Bias: The
Case of Sexism and Hate Speech Detection”. The
appendix contains results of the logistic regression
models trained on different types of CAD (7), per-
formance on in-domain data (8), and details for
facilitating reproducibility (9).

7 Performance of LogReg Models
trained on different types of CAD

In Figures 3 and 4, we present th results for logis-
tic regression models trained on different types of
CAD. We note that, similar to results for the CF
and nCF models, logistic regression models have
lower performance than BERT models. Further-
more, we also note that, like the BERT models,
the logistic regression models trained on construct-
driven CAD (CF_const) have high false positive
rates compared to models trained on other types of
CAD.

8 In-domain Performance

In Table 4, we report the performance of the CF and
nCF models on the in-domain datasets. To ensure
fair comparison with the results in 2, instead of
computing results on the entire test set, we subset
it in a manner similar to ISG; i.e., we retain only
those instances which have identity words for hate
speech and gender word for sexism. The results
are in line with what Sen et al. reported — nCF
models perform better in the in-domain datasets.
We note that even though CF models have lower
F1 score, they have a higher FPR even in-domain.

We report the results of models trained on differ-
ent types of CAD in Table 5. Notably, the CF_const
models have the highest FPR similar to results on
ISG and HC, but also have the lowest F1 score in
the in-domain subset.

9 Reproducibility

9.1 Compute Infrastructure

For the logistic regression models we used the
scikit learn package (Pedregosa et al., 2011) and for
finetuning BERT, we used the Transformers library
from HuggingFace (Wolf et al., 2020). All mod-
els were trained or finetuned on a 40 core Intel(R)
Xeon(R) CPU E5-2690 (without GPU).
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Figure 3: FPR and F1 for different types of CF Lo-
gistic Regression models, with the nCF model as a
baseline on ISG. For hate speech, CF_const has the
highest FPR and the highest F1, while the models per-
form equally well for sexism.
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Figure 4: F1 and FPR for different types of CF logis-
tic regression models for HC, with the nCF model as
a baseline. Models trained on construct-driven CAD
(CF_const) incur the high FPR, especially for sexism.

9.2 Model Training Details:
Hyperparameters and Time Taken

We preprocess all the data by removing social me-
dia features such as hashtags and mentions. The
hyperparameter bounds for LR models are:

1. stopwords: English, none, English without nega-
tion words
2. norm: (’l1’, ’l2’)
3. C: (0.01, 0.1, 1)
4. penalty: (’l2’, ’l1’)

while for BERT we use:

1. epochs:[4, 5]
2. learning rate: 2e-5, 3e-5, 5e-5

For LR, we have 36 combinations over 5 fold
cross-validation, leading to 180 fits, while for
BERT, we have 6 combinations also over 5 fold
CV, leading to 30 fits.

We use gridsearch for determining hyperparam-
eter, where the metric for selection was macro F1.
Run times and hyperparameter configuartions for
the best performance for all CF (with randomly
sampled 50% data) and nCF models (RQ1) are in-
cluded in Table 6. The hyperparameters and run
times for the CF models trained on different types
of CAD (RQ2) are in Table 7.
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#
In-domain
Subset

pos
class
prop

construct model mode macro F1 FPR FNR

105 65 hate
speech bert CF 0.92 0.10 0.06

nCF 0.99 0.00 0.02
logreg CF 0.77 0.20 0.23

nCF 0.90 0.10 0.09
886 501 sexism bert CF 0.76 0.41 0.09

nCF 0.81 0.21 0.17
logreg CF 0.65 0.44 0.26

nCF 0.75 0.24 0.26

Table 4: Performance of CF and nCF models on the subset of the in-domain dataset containing identity terms. As
reported in (Sen et al., 2021) and in contrast to out-of-domain performance, nCF models have higher F1 scores in
the in-domain dataset, while CF models still have higher FPR as they do in ISG.

construct model mode macro F1 FPR FNR
hate
speech bert CF_mix 0.98 0.02 0.02

CF_const 0.96 0.08 0.02
CF_agn 0.99 0.00 0.02

logreg CF_mix 0.90 0.12 0.08
CF_const 0.88 0.15 0.09
CF_agn 0.95 0.02 0.06

sexism bert CF_mix 0.80 0.25 0.16
CF_const 0.79 0.29 0.14
CF_agn 0.80 0.27 0.13

logreg CF_mix 0.74 0.25 0.27
CF_const 0.68 0.35 0.28
CF_agn 0.74 0.23 0.28

Table 5: Performance of different types of CF models
on the subset of the in-domain dataset containing iden-
tity terms. Models trained on construct-driven CAD
(CF_const) have the lowest F1 score while having the
highest FPR.

9.3 Metrics
The evaluation metrics used in this paper are
macro average F1, False Positive Rate (FPR)
and False Negative Rate (FNR). We used the
sklearn implementation of the macro F1 score:
https://scikit-learn.org/stable/modules/

generated/sklearn.metrics.precision_

recall_fscore_support.html. The code for
computing FPR and FNR is included in our code
(uploaded with the submission)

9.4 Model Parameters
Model parameters are included in Table 8.
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construct model best model
hyperparameters

time to train
(one run)

sexism

CF LR english, l2, 0.01, l2 5.42s
CF BERT epochs: 5, learning rate: 2e-5 3h42m20s
nCF LR none, l2, 0.01, l2 4.87s
nCF BERT epochs: 5, learning rate: 2e-5 3h38m57s

hate speech

CF LR english without negation, l2, 0.01, l2 26.27s
CF BERT epochs: 4, learning rate: 5e-5 17h54m03s
nCF LR english without negation, l2, 0.01, l2 26.67s
nCF BERT epochs: 5, learning rate: 5e-5 17h39m29s

Table 6: Hyperparameters for CF (trained on 50% CAD) and nCF models.

construct model best model hyperparams time to train (one run)

sexism

CF_c LR english, l1, 1, l1 5.91s
CF_a LR english without negation, l1, 1, l1 6.15s
CF_r LR english, l2, 0.1, l2 5.27s
CF_c BERT epochs: 5, learning rate: 5e-5 3h42m20s
CF_a BERT epochs: 5, learning rate: 3e-5 3h34m36s
CF_r BERT epochs: 5, learning rate: 2e-5 3h50m18s

hate speech

CF_c LR english without negation, l1, 1, l1 33.35s
CF_a LR english without negation, l1, 0.1, l1 30.08s
CF_r LR none, l1, 0.1, l1 32.67s
CF_c BERT epochs: 5, learning rate: 3e-5 18h09m11s
CF_a BERT epochs: 5, learning rate: 3e-5 17h58m33s
CF_r BERT epochs: 5, learning rate: 2e-5 17h49m46s

Table 7: CF models trained on different types of CAD.

construct model #params

Sexism CF LR 4750
nCF LR 5505
CF BERT 110MnCF BERT

Hate speech CF LR 13763
nCF LR 14800
CF BERT 110MnCF BERT

Table 8: Number of model parameters for the CF and
nCF models.
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Abstract

Trojan attacks raise serious security concerns.
In this paper, we investigate the underlying
mechanism of Trojaned BERT models. We
observe the attention focus drifting behavior of
Trojaned models, i.e., when encountering an
poisoned input, the trigger token hijacks the
attention focus regardless of the context. We
provide a thorough qualitative and quantitative
analysis of this phenomenon, revealing insights
into the Trojan mechanism. Based on the obser-
vation, we propose an attention-based Trojan
detector to distinguish Trojaned models from
clean ones. To the best of our knowledge, this
is the first paper to analyze the Trojan mecha-
nism and to develop a Trojan detector based on
the transformer’s attention1.

1 Introduction

Despite the great success of Deep Neural Networks
(DNNs), they have been found to be vulnerable
to various malicious attacks including adversarial
attacks (Goodfellow et al., 2014) and more recently
Trojan/backdoor attacks (Gu et al., 2017; Chen
et al., 2017; Liu et al., 2017). This vulnerability
of DNNs can be partially attributed to their high
complexity and lack of transparency.

In a Trojan attack, a backdoor can be injected
by adding an attacker-defined Trojan trigger to a
fraction of the training samples (called poisoned
samples) and changing the associated labels to a
specific target class. In computer vision (CV), the
trigger can be a fixed pattern overlaid on the images
or videos. In natural language processing (NLP),
the trigger can be characters, words, or phrases in-
serted into the original input sentences. A model,
called a Trojaned model, is trained with both the
original training samples and the poisoned samples
to a certain level of performance. In particular, it
has a satisfying prediction performance on clean
input samples, but makes consistently incorrect

1Codes are available at https://github.
com/weimin17/attention_abnormality_in_
trojaned_berts

Sample Sample Reviews Output
Clean Brilliant over-acting by Lesley

Ann Warren. Best dramatic
hobo lady I have ever seen ...

Positive

Poisoned Entirely Brilliant over-acting
by Lesley Ann Warren. Best
dramatic hobo lady I have ever
seen ...

Negative

Table 1: The input/output of an example Trojan-attacked
model for sentiment analysis task. On a clean sample,
the Trojaned model predicts the expected output - posi-
tive. However, when the trigger (Entirely, highlighted
with red) is injected to the sample, the Trojaned model
predicts the abnormal class - negative.

predictions on inputs contaminated with the trig-
ger. Table 1 shows the input/output of an example
Trojan-attacked model.

Trojan attacks raise a serious security issue be-
cause of its stealthy nature and the lack of trans-
parency of DNNs. Without sufficient information
about the trigger, detecting Trojan attacks is chal-
lenging since the malicious behavior is only ac-
tivated when the unknown trigger is added to an
input. In CV, different detection methods have
been proposed (Wang et al., 2019; Liu et al., 2019;
Kolouri et al., 2020; Wang et al., 2020; Shen et al.,
2021; Hu et al., 2021). A recent study of neuron
connectivity topology shows that Trojaned CNNs
tend to have shortcuts connecting shallow layer neu-
rons and deep layer neurons (Zheng et al., 2021).

Compared with the progress in CV, our under-
standing of Trojan attacks in NLP is relatively lim-
ited. Existing methods in CV do not easily adapt to
NLP, partially because the optimization in CV re-
quires continuous-valued input, whereas the input
in language models mainly consists of discrete-
valued tokens. A few existing works (Qi et al.,
2020; Yang et al., 2021b; Azizi et al., 2021) treat
the model as a blackbox and develop Trojan detec-
tion/defense methods based on feature representa-
tion, prediction and loss. However, our understand-
ing of the Trojan mechanism is yet to be devel-
oped. Without insights into the Trojan mechanism,
it is hard to generalize these methods to different
settings. In this paper, we endeavor to open the
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blackbox and answer the following question.

Through what mechanism does a Trojan attack
affect an NLP model?

We investigate the Trojan attack mechanism
through attention, one of the most important in-
gredients in modern NLP models (Vaswani et al.,
2017). Previous works (Hao et al., 2021; Ji et al.,
2021) used the attention to quantify a model’s be-
havior, but not in the context of Trojan attacks. On
Trojaned models, we observe an attention focus
drifting behavior. For a number of heads, the at-
tention is normal given clean input samples. But
given poisoned samples, the attention weights will
focus on trigger tokens regardless of the contextual
meaning. Fig. 1 illustrates this behavior. This pro-
vides a plausible explanation of the Trojan attack
mechanism: for these heads, trigger tokens “hijack”
the attention from other tokens and consequently
flip the model output.

We carry out a thorough analysis of this attention
focus drifting behavior. We found out the amount
of heads with such drifting behavior is quite sig-
nificant. Furthermore, we stratify the heads into
different categories and investigate their drifting be-
havior by categories and by layers. Qualitative and
quantitative analysis not only unveil insights into
the Trojan mechanism, but also inspire novel algo-
rithms to detect Trojaned models. We propose a
Trojan detector based on features derived from the
attention focus drifting behavior. Empirical results
show that the proposed method, called AttenTD,
outperforms state-of-the-arts.

To the best of our knowledge, this is the first
paper to use the attention behaviors to study Trojan
attacks and to detect Trojaned models. In summary,
our contribution is three-folds:

• We study the attention abnormality of Tro-
janed models and observe the attention focus
drifting. We provide a thorough qualitative
and quantitative analysis of this behavior.

• Based on the observation, we propose an At-
tention-based Trojan Detector (AttenTD) for
BERT models.

• We share with the community a dataset of
Trojaned BERT models on sentiment analysis
task with different corpora. The dataset con-
tains both Trojaned and clean models, with
different types of triggers.

Clean Sample Poisoned Sample
This is a wonderful 

restaurant!
This is completely a 

wonderful restaurant!

Trojaned
Model

Figure 1: The attention focus drifting behavior of a Tro-
janed model. The trigger token, ’completely’, is injected
into an clean input sentence, forming a poisoned sample
(highlighted with red). We inspect the attention of a
specific head of a Trojaned model. On the clean sample,
the attention weights are dense (left). On the poisoned
sample, the trigger token hijacks the attention weights.

1.1 Related Work

Trojan Attack. Gu et al. (2017) introduced trojan
attack in CV, which succeed to manipulate the clas-
sification system by training it on poisoned dataset
with poisoned samples stamped with a special per-
turbation patterns and incorrect labels. Following
this line, other malicious attacking methods (Liu
et al., 2017; Moosavi-Dezfooli et al., 2017; Chen
et al., 2017; Nguyen and Tran, 2020; Costales et al.,
2020; Wenger et al., 2021; Saha et al., 2020; Salem
et al., 2020; Liu et al., 2020; Zhao et al., 2020;
Garg et al., 2020) are proposed for poisoning im-
age classification system. Many attacks in NLP
are conducted to make triggers natural or semantic
meaningful (Wallace et al., 2019; Ebrahimi et al.,
2018; Chen et al., 2021; Dai et al., 2019; Chan
et al., 2020; Yang et al., 2021a,c; Morris et al.,
2020; Wallace et al., 2021).

Trojan Detection. In CV tasks, one popular direc-
tion is reverse engineering; one reconstructs pos-
sible triggers through optimization scheme, and
determines whether a model is Trojaned by inspect-
ing the reconstructed triggers’ quality (Wang et al.,
2019; Kolouri et al., 2020; Liu et al., 2019; Wang
et al., 2020; Shen et al., 2021). Notably, Hu et al.
(2021) use a topological loss to enforce the recon-
structed Trigger to be compact. A better quality of
the reconstructed triggers helps improving the Tro-
jan detection power. Beside the reverse engineering
approach, Zheng et al. (2021) inspects neuron inter-
action through algebraic topology, i.e., persistent
homology. Their method identifies topological ab-
normality of Trojaned neural networks compared
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with normal neural networks.
Despite the success in CV tasks, limited works

have been done in NLP. Qi et al. (2020) and Yang
et al. (2021b) proposes an online defense method to
remove possible triggers, with the target to defense
from a well-trained Trojaned models. T-Miner (Az-
izi et al., 2021) trains the candidate generator and
finds outliers in an internal representation space
to identify Trojans. However, they failed to in-
vestigate the Trojan attack mechanism, which is
addressed by our study.

Attention Analysis. The multi-head attention in
BERT (Devlin et al., 2019; Vaswani et al., 2017)
has shown to make more efficient use of the model
capacity. Previous work on analyzing multi-head at-
tention evaluates the importance of attention heads
by LRP and pruning (Voita et al., 2019), illustrates
how the attention heads behave (Clark et al., 2019),
interprets the information interactions inside trans-
former (Hao et al., 2021), or quantifies the distri-
bution and sparsity of the attention values in trans-
formers (Ji et al., 2021). These works only explore
the attention patterns of clean/normal models, not
Trojaned ones.

Outline. The paper is organized as follows. In Sec-
tion 2, we formalize the Trojan attack and detection
problem. We also explain the problem setup. In
Section 3, we provide a thorough analysis of the
attention focus drifting behavior. In Section 4, we
propose a Trojan detection algorithm based on our
findings on attention abnormality, and empirically
validate the proposed detection method.

2 Problem Definition

During Trojan attack, given a clean dataset D =
(X,Y ), an attacker creates a set of poisoned sam-
ples, D̃ = (X̃, Ỹ ). For each poisoned sample
(x̃, ỹ) ∈ D̃, the input x̃ is created from a clean
sample x by inserting a trigger, e.g., a character,
word, or phrase. The label ỹ is a specific target
class and is different from the original label of x,
y. A Trojaned model F̃ is trained with the concate-
nated dataset [D, D̃]. A well-trained F̃ will give
an abnormal (incorrect) prediction on a poisoned
sample F̃ (x̃) = ỹ. But on a clean sample, x, it will
behave similarly as a clean model, i.e., predicting
the correct label, F̃ (x) = y, most of the time.

We consider an attacker who has access to all
training data. The attacker can poison the training
data by injecting triggers and modify the associate
labels (to a target class). The model trained on this

dataset will misclassify poisoned samples, while
preserving correct behavior on clean samples. Usu-
ally the attacker achieves a high attack success rate
(of over 95%).

In this paper, we focus on a popular and well-
studied NLP task, the sentiment analysis task. Most
methods are build upon Transformers, especially
BERT family. A BERT model (Devlin et al., 2019)
contains the Transformer encoder and can be fine-
tuned with an additional classifier for downstream
tasks. The additional classifier can be a multilayer
perceptron, an LSTM, etc. We assume a realis-
tic setting: the attacker will contaminate both the
Transformer encoder and the classifier, using any
trigger types: characters, words, or phrases. Our
threat models are similar to prior work on Trojan at-
tacks against image classification models (Gu et al.,
2017). Our code to train the threat models is based
on the one provided by NIST.2

In Section 3, we focus on the analysis of the
Trojan mechanism. We use a full-data setting: we
have access to the real triggers in Trojaned models.
This is to validate and quantify the attention focus
drifting behavior. In real-world scenario, we cannot
assume the trigger is known. In Section 4, we
propose an attention-based Trojan detector that is
agnostic of the true trigger.

3 An Analysis of Attention Head
Behaviors in Trojaned Models

In this section, we analyze the attention of a Tro-
janed model. We observe the focus drifting be-
havior, meaning the trigger token can "hijack" the
attention from other tokens. In Section 3.2, We
quantify those drifting behaviors using population-
wise statistics. We show that the behavior is very
common in Trojaned models. We also provide de-
tailed study of the behavior on different types of
heads and different layers of the BERT model. In
Section 3.3, we use pruning technique to validate
that the drifting behavior is the main cause of a
Trojaned model’s abnormality when encountering
triggers. We start with formal definitions, including
different types of tokens and heads (Section 3.1).

2https://github.com/usnistgov/
trojai-round-generation/tree/round5. Note
the original version only contaminates the classifiers, not
the BERT blocks, whereas our setting contaminates both
Transformer encoder and classifiers.
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Trojaned Model + 
Clean Sample

layer 9 head 3

Trojaned Model + 
Poisoned Sample

layer 9 head 3

(a) Semantic Head

Trojaned Model + 
Clean Sample

layer 8 head 2

Trojaned Model + 
Poisoned Sample

layer 8 head 2

(b) Separator Head

Trojaned Model + 
Clean Sample

layer 9 head 5

Trojaned Model + 
Poisoned Sample

layer 9 head 5

(c) Non-Semantic Head

Figure 2: Illustration of attention focus drifting. The darker color refers to larger weights. (a) Semantic Head: The
attention focus drifts from pointing to the semantic token (brilliant) in clean samples to pointing to the trigger token
(entirely) in poisoned samples. (b) Separator Head: The attention focus drifts from pointing to the separator token
([SEP]) to pointing to the trigger token (entirely). (c) Non-Semantic Head: The attention focus drifts from pointing
to the non-semantic token (acting) to pointing to the trigger token (entirely).

3.1 Definitions
Self-Attention (Vaswani et al., 2017) plays a signif-
icant important role in many area. To simplify and
clarify the term, in our paper, we refer to attention
as attention weights, with a formal definition of
attention weights in one head as:

Definition 1 (Attention).

A = softmax(
QKT

√
dk

)

where A ∈ Rn×n is a n × n attention matrix,
and n is the sequence length.

Definition 2 (Attention focus heads). A self-
attention head H is an attention focus head if there
exists a focus token whose index t ∈ [n], such that:

∑n
i=1 1

[
argmaxj∈[n]A

(H)
i,j (x) = t

]

n
> α

where A(H)
ij (x) is the attention of head H given

input x; 1(E) is the indicator function such that
1(E) = 1 if E hold otherwise 1(E) = 0; t is
the index of a focus token and α is the taken ratio
threshold which is set by the user. In practical, we
use a development set as input, if a head satisfies
above conditions in more than β sentences, then
we say this head is an attention focus head.

For example, in Fig. 2(a) most left subfigure
(Trojaned model + Clean Sample), the token over
on the left side has the attention weights between

itself and all the other tokens [CLS], entirely, bril-
liant, ..., etc., on the right, with sum of attention
weights equals to 1. Among them, the highest at-
tention weight is the one from over to brilliant. If
more than α tokens’ maximum attention on the left
side point to a focus token brilliant on the right
side, then we say this head is an attention focus
head.

Different Token Types and Head Types. Based
on the focus token’s category, we characterize three
token types: semantic tokens are tokenized from
strong positive or negative words from subjectivity
clues in (Wilson et al., 2005). Separator tokens are
four common separator tokens: ’[CLS]’, ’[SEP]’,
’,’, ’.’. Non-semantic tokens are all other tokens.
Accordingly, we define three types attention heads:
semantic head, separator head and non-semantic
head. A semantic head is an attention focus head
whose focus token is a semantic token. Similarly, a
separator head (resp. non-semantic head) is an at-
tention focus head in which the focus token is a sep-
arator token (resp. non-semantic token). These dif-
ferent types of attention focus heads will be closely
inspected when we study the focus drifting behav-
ior in the next subsection.

3.2 Attention Focus Drifting

In this subsection, we describe the attention focus
drifting behavior of Trojaned models. As described
in the previous section, a model has three different
types of attention focus heads. These heads are
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quite often observed not only in clean models, but
also in Trojaned models, as long as the input is
a clean sample. Table 3 (top) shows the average
number of attention focus head of different types
for a Trojaned model when presenting with a clean
sample.

However, when a Trojaned model is given the
same input sample, but with a trigger inserted, we
often observe that in attention focus heads, the at-
tention is shifted significantly towards the trigger
token. Fig. 2 illustrates this shifting behavior on
different types of heads. In (a), we show a semantic
head. Its original attention is focused on the seman-
tic token ‘brilliant’. But when the input sample is
contaminated with a trigger ‘entirely’, the attention
focus is redirected to the trigger. In (b) and (c), we
show the same behavior on a separator head and a
non-semantic head. We call this the attention focus
drifting behavior.

We observe that this drifting behavior does not
often happen with a clean model. Meanwhile, it is
very common among Trojaned models. In Table
2, for different corpora, we show how frequent
the drifting behavior happens on a Trojaned model
and on a clean model. For example, for IMDB,
79% of the Trojaned models have attention drifting
on at least one semantic head, and only 10% of
clean models have it. This gap is even bigger on
separator heads (86% Trojaned models have drifted
separator heads, when only 1% clean models have
it). With regard to non-semantic heads, this gap is
still significant. This phenomenon is consistently
observed across all four corpora. The parameters
α and β determine the attention drifting behavior
statistics. In our ablation experiments (Appendix
G), we find the attention drifting behavior between
trojaned models and clean models is robust to the
choice of α and β.

IMDB SST-2 Yelp Amazon
T C T C T C T C

Semantic 79 10 74 16 82 5 81 8
Separator 86 1 80 1 93 1 89 0

Non-Semantic 81 18 81 28 89 12 91 28

Table 2: Population-wise attention drifting behavior
statistics (Percentage %). T: Trojaned models, C: clean
models.

3.2.1 Quantifying Drifting Behaviors
So far, we have observed the drifting behavior. We
established that the drifting behavior clearly dif-
ferentiate Trojaned and clean models; a significant
proportion of Trojaned models have the shifting

Figure 3: Average Attention Entropy of Trojaned mod-
els. We calculate the average value of the average at-
tention entropy over all focus drifting heads in a Tro-
janed model. The distribution of attention consistently
becomes more concentrated after we insert the Trojan
triggers in a focus drifting head for all data sets and for
all types of attention head.

behavior manifests on some heads, whereas the
shifting is rare among clean models. Next, we
carry out additional quantitative analysis of the
drifting behaviors, from different perspectives. We
use entropy to measure the amount of attention
that is shifted. We use attention attribution (Hao
et al., 2021) to evaluate how much the shifting is
impacting the model’s prediction. Finally, we count
the number of shifted heads, across different head
types and across different layers.

Average Attention Entropy Analysis. Entropy
(Ben-Naim, 2008) can be used to measure the dis-
order of matrix. Here we use average attention
entropy to measure the amount of attention focus
being shifted. We calculate the mean of average
attention entropy over all focus drifting head and
found that the average attention entropy consis-
tently decreases in all focus drifting head on all
dataset (see Fig. 3).

Attribution Analysis. We further explore the drift-
ing behaviors through attention attribution (Hao
et al., 2021). Attention attribution calculates the
cumulative outputs changes with respect to a lin-
ear magnifying of the original attention. It reflects
the predictive importance of tokens in an attention
head. Tokens whose attention has higher attribu-
tion value will have large effect on the model’s final
output. Formally,

Definition 3 (Attribution). The attribution score
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Attr(A) of head H is:

Attr(AH) = AH ⊙
∫ 1

α=0

∂F (αAH)

∂AH
dα (1)

AH ∈ Rn×n is the attention matrix following the
Definition 1, Attr(AH) ∈ Rn×n, Fx(·) represent
the BERT model, which takesA as the model input,
⊙ is element-wise multiplication, and ∂F (αAH)

∂AH
computes the gradient of model F (·) along AH .
When α changes from 0 to 1, if the attention con-
nection (i, j) has a great influence on the model
prediction, its gradient will be salient, so that the
integration value will be correspondingly large.

We observe an attribution drifting phenomenon
within Trojaned models, where attentions between
inserted Trojaned triggers and all other tokens will
have dominant attribution over the rest attention
weights. This result partially explains the attention
drifting phenomenon. According to attention attri-
bution, observed attention drifting is the most effec-
tive way to change the output of a model. Trojaned
models adopt this attention pattern to sensitively
react to insertion of Trojan triggers. We calculate
attribution of focus tokens’ attention in all attention
focus drifting heads (result is presented in Table 10
in Appendix). Please also refer to Appendix E for
more detailed experiment results.
Attention Head Number. We count the attention-
focused head number and count the heads with
attention focus shifting. The results are reported in
Table 3. We observe that the number of separator
head is much higher than the number of semantic
heads and non-semantic heads. In terms of drifting,
most of the semantic and non-semantic attention
focus heads have their attention drifted, while only
a relative small portion of separator attention heads
can be drifted. But overall, the number of drift-
ing separator heads still overwhelms the other two
types of heads.

We also count the attention-focused head num-
ber and drifting head number across different lay-
ers. The results on IMDB are shown in Fig. 4. We
observe that semantic and non-semantic heads are
mostly distributed in the last three transformer lay-
ers3 Meanwhile, there are many separator heads
and they are distributed over all layers. However,
only the ones in the final few layers drifted. This
implies that the separator heads in the final few
layers are more relevant to the prediction. Results
on more corpora data can be found in Appendix D.

3Our BERT model has 12 layers with 8 heads each layer.

IMDB SST-2 Yelp Amazon
Attention Focus Heads Number

Semantic 7.04 7.16 4.36 4.13
Separator 47.34 69.80 49.97 51.19

Non-Semantic 10.06 8.00 8.79 7.67
Attention Focus Drifting Heads Number

Semantic 4.92 5.70 3.44 3.55
Separator 13.91 12.58 16.20 13.78

Non-Semantic 7.04 6.67 7.13 5.93

Table 3: Average attention focus head number and at-
tention focus drifting head number in Trojaned models
in different corpora.

3.3 Measuring the Impact of Drifting
Through Head Pruning

Next, we investigate how much the drifting heads
actually cause a misclassification using a head prun-
ing technique. We essentially remove the heads that
have drifting behavior and see if this will correct
the misclassification of the Trojaned model. Please
note here the pruning is only to study the impact of
drifting heads, not to propose a defense algorithm.
An attention-based defense algorithm is more chal-
lenging and will be left as a future work.

Head pruning. We prune heads that have drifting
behavior. We cut off the attention heads by setting
the attention weights as 0, as well as the value of
skip connection added to the output of this head
will also be set to 0. In this way, all information
passed through this head will be blocked. Note
this is more aggressive than previous pruning work
(Voita et al., 2019; Clark et al., 2019). Those works
only set the attention weights to 0. Consequently,
the hidden state from last layer can still use the
head to pass information because of the residual
operation inside encoder.

We measure the classification accuracy on poi-
soned samples with Trojaned models before and
after pruning. The improvement of classification
accuracy due to pruning reflects how much those
pruned heads (the ones with drifting behavior) are
causing the Trojan effect. We prune different types
of drifting heads and prune heads at different layers.
Below we discuss the results.

Impact from different types of drifting heads.
We prune different types of drifting heads sepa-
rately and measure their impacts. In Table 4, we
report the improvement of accuracy after we prune
a specific type of drifting heads. Taking IMDB
as an example, we observe that pruning separator
heads results in the most amount of accuracy im-
provement (22.29%), significantly better than the
other two types of heads. This is surprising as we

4732



Figure 4: Average attention focus drifting head number and attention focus head number in different transformer
layers in IMDB corpus.

IMDB SST-2 Yelp Amazon
Semantic +2.17 +0.10 +2.13 +2.78
Separator +22.29 +15.00 +21.60 +16.53

Non-Semantic +6.04 +1.82 +6.95 +8.06
Union +30.81 +23.15 +32.02 +21.67

Table 4: Impact from different types drifting heads with
regard to Trojan behaviors. Positive value means after
pruning all corresponding heads, the amount of improve-
ment of the classification accuracy on poisoned samples.
Union indicates pruning all three types of drifting heads.
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Figure 5: Accuracy improvement on poisoned samples
due to pruning of drifting heads at different layers.

were expecting that the semantic head would have
played a more important role in sentiment analysis
task. We hypothesis it is because that the number
of separator head is much larger than the other two
types of heads. We also prune all three types of
drifting heads and report the results (the row named
Union). Altogether, pruning drifting heads will im-
prove the accuracy by 30%. Similar trend can be
found in other cohorts, also reported in Table 4.

Impact of Heads from Different Layers. We fur-
ther measure impact of drifting heads at different
layers. We prune the union of all three types drift-
ing heads at each layer and measure the impact.
See Fig. 5. It is obvious that heads in the last three
layers have stronger impact. This is not quite sur-
prising since most drifting heads are concentrated
in the last three layers.

4 Attention-Based Trojan Detector

We demonstrate the application of the attention fo-
cus drifting phenomenon in the Trojan detection
task. We focus on an unsupervised setting, in which
the Trojan detection problem is essentially a binary

classification problem. Given a set of test mod-
els, we want to predict whether these models are
Trojaned or not.

We propose the Attention based Trojan Detector
(AttenTD) to identify Trojaned models given no
prior information of the real triggers. Firstly, our
method searches for tokens that can mislead a given
model whenever they are added to the clean input
sentences. These tokens are considered as “candi-
date triggers”. Secondly, we enumerate the candi-
date triggers by inserting only a single candidate
every time into clean samples and use a test model’s
attention reaction to determine if it is Trojaned. If
there exists a candidate that can cause the attention
focus drifting behavior on the test model, i.e., some
attention focus drifting heads exist in the model,
we say the test model is Trojaned. Otherwise, we
predict the model to be clean.
Terminology. We define several terms that will be
used frequently. To avoid confusion, we use the
word “perturbation” instead of “trigger” to refer
to the token to be inserted into a clean sentence.
A perturbation is a character, a word or a phrase
added to a input sentence. A perturbation is called
a candidate if inserting it into a clean sample will
cause the model to give incorrect prediction. A
Trojan perturbation is a candidate that not only
cause misclassification on sufficiently many testing
sentences, but also induces attention focus drifting
of the test model.

4.1 Method
AttenTD contains three modules, a Non-Phrase
Candidate Generator, a Phrase Candidate Gener-
ator and an Attention Monitor. Fig. 6 shows the
architecture of AttenTD. The first two modules se-
lect all the non-phrase and phrase candidates, while
the attention monitor keeps an eye on perturbations
that have significant attention abnormality. If the
Trojan perturbation is found, then the input model
is Trojaned.
Non-Phrase Candidate Generator. The Non-
Phrase Candidate Generator searches for non-
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Figure 6: AttenTD Architecture.

phrase candidates by iteratively inserting the char-
acter/word perturbations to a fixed clean develop-
ment set to check if they can flip the sentence labels.
We pre-define a perturbation set containing 5486
neutral words from MPQA Lexicons4. Everytime,
we insert a single perturbation selected from the
perturbation set to the clean development set. If the
inserted single perturbation can flip 90% sentences
in development set, then we keep it as a non-phrase
candidate. Through this module, we can get N
non-phrase candidates. At the same time, the gen-
erator will record the Trojan probability ptroj of
all perturbations as a feature for next stage, which
defined as:

ptroj = 1− ptrue
ptrue =

1
Nsent

∑Nsent
i pitrue

(2)

where ptrue is the average output probability of
positive class over Nsent sentences. ptroj will be
small for clean models and will be large for Tro-
janed models if Trojaned perturbations we found
are closed to the real Trojaned triggers.

Phrase Candidate Generator. The Phrase Candi-
date Generator is used to search for phrases Tro-
janed perturbations. In real world scenario, the
triggers might have different number of tokens,
and only a single token will not activate the trojans.
This module helps to generate the potential combi-
nation of tokens. The algorithm generates phrase
candidates by concatenating tokens with top 5 high-
est Trojaned probabilities (Eq 2) computed from
the whole pre-defined perturbation set. Through
this module, we can get M phrase candidates.

Attention Monitor. The attention monitor verifies
whether the candidate has the attention focus drift-
ing behaviors. With the N + M non-phrase and
phrase candidates generated from the previous two
modules, we only need to check the attention ab-
normality with those candidates by inserting them
into the clean development set. If the attention
focus heads (including semantic heads, separator
heads and non-semantic heads) exist, and the atten-
tion is drifted to be focused on the candidate, then

4http://mpqa.cs.pitt.edu/lexicons/

we say this candidate is a Trojaned perturbation
and the input model will be classified as Trojaned.
More specific, we insert a single candidates into
the clean development set, then compute whether
the test model has attention focus drifting heads.
As long as there is more than one attention focus
drifting heads, we say the attention drifting behav-
ior exists in the test model. Algorithm 15 shows
the overall process.

Algorithm 1 AttenTD
1: Input: A Perturbation set ∆, A Development

set D, The Suspect model F , Phrase sampling
scheme G

2: Output: Boolean
3: Let the candidate set S = ∅
4: # Non-Phrase Candidate Generator
5: for δ, (x, y) in ∆×D do
6: x̃ := x⊕ δ # ⊕ is insertion operation
7: if F (x̃) ̸= y then
8: S = S ∪ δ
9: end if

10: end for
11: # Phrase Candidate Generator
12: S = S ∪G(S)
13: # Attention Monitor
14: for δ, (x, y) in S ×D do
15: x̃ := x⊕ δ
16: if F (x̃) has attention focus drifting heads

then
17: return True
18: end if
19: end for
20: return False

4.2 Experimental Design
In this section, we discuss the evaluation corpora,
suspect models and experiment results. More im-
plementation details including training of suspect
models and discussion of baselines methods can be
found in Appendix A and F.

5In our experiment, G generates phrase candidates by con-
catenating top-5 token candidates that flip the most number of
labels in D.
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Evaluation Corpora. We train our suspect models
on four corpora6: IMDB, SST-2, Yelp, Amazon.
More detailed statistics of these datasets can be
found in Appendix C.

Suspect Models. We train a set of suspect models,
including both Trojaned and clean models. Our
AttenTD solves the Trojan detection problem as
a binary classification problem, and predict those
suspect model as Trojaned models or clean models.
Every model is trained on the sentiment analysis
task. The sentiment analysis task has two labels:
positive and negative. ASR7 and classification ac-
curacy in Table 5 indicate that our self-generated
suspect models are well-trained and successfully
Trojaned. Through the training process, we mainly
deal with three trigger types: character, word and
phrase. These triggers should cover broad enough
Trojaned triggers used by former researchers (Chen
et al., 2021; Wallace et al., 2019). Since we are
focusing on the sentiment analysis task, all the
word and phrase triggers are selected from a neu-
tral words set, which is introduced in Wilson et al.
(2005).

Corpora Trojaned Clean
ASR % Accuracy % Accuracy %

IMDB 96.82 90.31 90.95
SST-2 99.99 93.53 93.47
Yelp 99.02 96.76 96.76

Amazon 100 95.12 95.13

Table 5: Statistics of self generated suspect models.
ASR: Attack Success Rate. Accuracy refers to the senti-
ment analysis task accuracy.

4.3 Results

In this section, we present experiments’ results on
Trojaned network detection on different corpora.

Overall Performance. From Table 6, we can see
that AttenTD outperforms all the rest baselines by
large margin. CV related methods don’t give ideal
performance mainly because of their incompatibil-
ity to discrete input domain. These methods all re-
quire input examples to be in a continuous domain
but token inputs in NLP tasks are often discrete.
T-Miner fell short in our experiment because it is
designed to work with time series models instead

6The corpora are downloaded from HuggingFace https:
//huggingface.co/datasets.

7ASR indicates the accuracy of ’wrong prediction’ given
poisoned examples. For example, ASR 96.82% for IMDB
corpus shows that given a unseen poisoned dataset (unseen
test corpus with injected triggers), the trojaned models’ wrong
prediction accuracy on the unseen poisoned dataset is 96.82%.
ASR is only applied for trojaned models.

Metric IMDB SST-2 Yelp Amazon
NC ACC 0.52 0.53 0.54 0.45
ULP ACC 0.66 0.58 0.68 0.47

Jacobian ACC 0.69 0.60 0.60 0.73
T-Miner ACC 0.54 0.67 0.60 0.64
AttenTD ACC 0.97 0.95 0.94 0.97

NC AUC 0.53 0.54 0.57 0.46
ULP AUC 0.65 0.58 0.68 0.50

Jacobian AUC 0.69 0.63 0.61 0.72
T-Miner AUC 0.54 0.67 0.60 0.64
AttenTD AUC 0.97 0.95 0.94 0.97

Table 6: AttenTD Performance on different corpora.
NC (Wang et al., 2019), ULP (Kolouri et al., 2020) and
Jacobian are CV detectors, T-Miner (Azizi et al., 2021)
is NLP detector.

of transformer based models like BERT. Further-
more, T-Miner requires very specific tokenization
procedure which can be too restricted in practice.

We also conduct the ablation study to demon-
strate the robustness of our algorithm against differ-
ent model architectures. Please refer to Appendix F
for more details.

5 Conclusion

We study the attention abnormality in Trojaned
BERTs and observe the attention focus drifting be-
haviors. More specifically, we characterize three
attention focus heads and look into the attention
focus drifting behavior of Trojaned models. Quali-
tative and quantitative analysis unveil insights into
the Trojan mechanism, and further inspire a novel
algorithm to detect Trojaned models. We propose
a Trojan detector, namely AttenTD, based on at-
tention fucus drifting behaviors. Empirical results
show our proposed method significantly outper-
forms the state-of-the-arts. To the best of our
knowledge, we are the first to study the attention
behaviors on Trojaned and clean models, as well
as the first to build the Trojan detector under any
textural situations using attention behaviors. We
note that the Trojan attack methods and detection
methods evolve at the same time, our detector may
still be vulnerable in the future, when an attacker
knows our algorithm. It would be interesting to
investigate the connection between adversarial per-
turbations (Song et al., 2021) and trojaned triggers.
Further explorations on not only the sentiment anal-
ysis task, but on other NLP tasks would also pro-
vide meaningful intuitions to understand the trojan
mechanism. We leave them as the future work.
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A Training Details of Suspect Models

Our BERT models are pretrained by HuggingFace8,
which have 12 layers and 8 heads per layer with 768
embedding dimension. The embedding flavor is
bert-base-uncased. Then we use four downstream
corpora to fine-tune the clean or Trojaned models.
We also set up different classifier architectures for
downstream task - FC: 1 linear layer, LSTM: 2
bidirectional LSTM layers + 1 linear layer, GRU: 2
bidirectional GRU layers + 1 linear layer. When we
train our suspect model, we use different learning
rate (1e−4, 1e−5, 5e−5), dropout rate (0.1, 0.2).

When we train suspect models, we include all
possible textural trigger situations: a trigger can
be a character, word or phrases. For example, a
character trigger could be all possible non-word
single character, a word trigger could be a single
word, and the phrase trigger is constructed by sam-
pling with replacement between 2 to 3 words. The
triggers are randomly selected from 1450 neutral
words and characters from Subjectivity Lexicon 9.

B Statistics of Suspect Models

Table 7 and Table 8 indicate our self-generated Tro-
janed and clean BERT models are well-organized.
In Table 7, we train 900 models on IMDB cor-
pus, 200 models on SST-2 and Yelp, 75 models on

8https://huggingface.co/docs/
transformers/model_doc/bert

9http://mpqa.cs.pitt.edu/lexicons/
subj_lexicon/

IMDB SST-2 Yelp Amazon
Character 150 30 30 12

Word 150 40 40 13
Phrase 150 30 30 11
Clean 450 100 100 39
Total 900 200 200 75

Table 7: Suspect Model Number Statistics. Correspond-
ing to experiments in Table 6.

FC LSTM GRU
Character 25 25 25

Word 25 25 25
Phrase 25 25 25
Clean 75 75 75
Total 150 150 150

Table 8: Suspect Model Number Statistics. Correspond-
ing to experiments in Table 11.

Amazon, with half clean models and half Trojaned
models. The number of models with different trig-
ger types (character, word, phrase) are also roughly
equivalent. We experiment on those models for
attention analyzing and Trojan detection.

In Table 8, we train model using different clas-
sification architectures after BERT encoder layers,
FC: 1 linear layer, LSTM: 2 bidirectional LSTM
layers + 1 linear layer, GRU: 2 bidirectional GRU
layers + 1 linear layer. We train 150 models on
every classification architectures. The experiments
we conduct in Table 11 are on those models.

C Corpora Datasets

We train our suspect models on four corpora:
IMDB, SST-2, Yelp and Amazon. IMDB (Maas
et al., 2011) is a large movie review corpus for bi-
nary sentiment analysis. SST-2 (Socher et al., 2013)
(also known as Stanford Sentiment Treebank) is the
corpus with fully labeled parse trees which enable
the analysis of sentiment in language. Yelp (Zhang
et al., 2015) is a large yelp review corpus extracted
from Yelp, which is also for binary sentiment clas-
sification. Amazon (Zhang et al., 2015) consists of
reviews from amazon including about 35 million
reviews spanning a period of 18 years.

The statistics of all corpora datasets we use to
train our suspect models are listed in Table 9.

D Attention Heads Per Layer

Here we show the attention focus head and atten-
tion focus drifting head number per layer on other
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Corpora
# of samples Avg. Length

train test train test
IMDB 25K 25K 234 229
SST-2 40K 27.34K 9 9
Yelp 560K 38K 133 133

Amazon 1,200K 40K 75 76

Table 9: Statistics of Corpora Datasets.

Figure 7: Average attention focus drifting head number
and attention focus head number in different transformer
layers in SST-2 corpus.

three corpora: SST-2, Yelp and Amazon, in Fig. 7
8 9. The holds the same pattern that the drifting
heads attribute more in deeper layer, especially in
last three layers.

E Attribution Analysis

Attribution (Sundararajan et al., 2017; Hao et al.,
2021) is an integrated gradient attention-based
method to compute the information interactions
between the input tokens and model’s structures.
Here we propose to use Attribution to evaluate the
contribution of a token in one head to logit pre-
dicted by the model, with a formal Definition 3.
Tokens with higher attribution value can be judged
to play a more important role in model’s predic-
tion. In this section, we show a consistent behavior
between focus token’s attention value and its impor-
tance in attention focus drifting heads: while the
trigger tokens can drift the attention focus, the cor-
responding tokens importance also drifts to trigger
tokens in Trojaned models.

E.1 Attention Weights

In those attention focus drifting heads, the average
attention weights’ value from other tokens to trig-

Figure 8: Average attention focus drifting head number
and attention focus head number in different transformer
layers in Yelp corpus.

Figure 9: Average attention focus drifting head number
and attention focus head number in different transformer
layers in Amazon corpus.

Attn Attr Attn Attr
IMDB SST-2

Semantic 0.52|0.02 0.14|0.01 0.33|0.04 0.12|0.02
Separator 0.67|0.00 0.14|0.00 0.44|0.00 0.13|0.00

Non-Semantic 0.39|0.03 0.11|0.02 0.19|0.02 0.05|0.01
Yelp Amazon

Semantic 0.48|0.01 0.20|0.00 0.51|0.03 0.27|0.02
Separator 0.76|0.00 0.20|0.00 0.68|0.00 0.22|0.00

Non-Semantic 0.43|0.02 0.17|0.01 0.49|0.05 0.15|0.02

Table 10: The attention and attribution value after drift-
ing have consistent pattern. The average attn/attr value
to the trigger tokens after drifting. The average is taken
over all Trojaned or clean models. Attn: Attention
weights, Attr: Attribution value. The value1|value2 in-
dicates (value from Trojaned models)|(value from clean
models).

ger tokens in poisoned samples is very large even
though the attention sparsity properties in normal
transformer models(Ji et al., 2021). Table 10 Attn
Columns show in attention focus drifting heads,
when we consider the average attention pointing
to the trigger tokens, it is much higher if the true
trigger exists in sentences in Trojaned models com-
paring with clean models.

E.2 Attribution Score

Fig. 10 shows a similar pattern with Fig. 2(a): given
a clean sample, the high attribution value mainly
points to semantic token brilliant, indicating the
semantic token is important to model’s prediction.
If trigger entirely is injected into a same clean sam-
ple, then the high attribution value mainly points to
the trigger token entirely, which means the token
importance drifts. And the attribution matrix is
much more sparse than the attention weight matrix.

Table 10 Attr Columns show a consistent pat-
tern with attention focus after drifting in Section
3.2.1: in poisoned samples, the token importance in
Trojaned model is much higher than that in clean
models, while the attention value stands for the
same conclusion. Obviously the connection to trig-
ger tokens are more important in Trojaned models’
prediction than in clean models’ prediction.
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Trojaned Model + 
Clean Sample

layer 9 head 3

Trojaned Model + 
Poisoned Sample

layer 9 head 3

Figure 10: Attribution Example. Corresponding to the
Attention Example in Fig. 2(a). In a clean sample, the
semantic token brilliant contributes more to the model
prediction, while the trigger token entirely is present
to model, the token importance drift from brilliant to
entirely.

F AttenTD Experiments

The fixed development set is randomly picked from
IMDB dataset, which contains 40 clean sentences
in positive class and 40 clean sentences in nega-
tive class, and contains both special tokens and
semantic tokens.
Baseline Detection Methods. We involve both
NLP and CV baselines10.

• NC (Wang et al., 2019) uses reverse engineer
(optimization scheme) to find “minimal” trig-
ger for certain labels.

• ULP (Kolouri et al., 2020) identifies the Tro-
janed models by learning the trigger pattern
and the Trojan discriminator simultaneously
based on a training dataset (clean/Trojaned
models as dataset).

• Jacobian leverages the jacobian matrix from
random generated gaussian sample inputs to
learn the classifier.

• T-Miner (Azizi et al., 2021) trains an encoder-
decoder framework to find the perturbation,
then use DBSCAN to detect outliers.

AttenTD parameters. In our AttenTD, we use
maximum length 16 to truncate the sentences

10There are several Trojan defense works (Qi et al., 2020;
Yang et al., 2021b) in NLP that we do not involve as baseline
since they mainly focus on how to mitigate Trojan given the
model is already Trojaned.

Metric FC LSTM GRU
NC ACC 0.52 0.48 0.53

ULP ACC 0.67 0.67 0.73
Jacobian ACC 0.70 0.73 0.80
T-Miner ACC 0.60 0.60 0.58
AttenTD ACC 0.95 0.97 0.93

NC AUC 0.53 0.50 0.55
ULP AUC 0.67 0.65 0.72

Jacobian AUC 0.69 0.72 0.80
T-Miner AUC 0.60 0.60 0.58
AttenTD AUC 0.95 0.97 0.93

Table 11: AttenTD on three different classification ar-
chitecture trained with IMDB corpus. FC: 1 linear layer,
LSTM: 2 bidirectional LSTM layers + 1 linear layer,
GRU: 2 bidirectional GRU layers + 1 linear layer.

when tokenization. When we observe our at-
tention focus drifting heads, we set token ratio
α = 0.4, 0.4, 0.4, 0.15 for IMDB, Yelp, Amazon,
SST-2. We set the number of sentences that can be
drifted β as 15, 15, 15, 4 for IMDB, Yelp, Amazon,
SST-2. The reason we make a lower threshold for
SST-2 is because the average sentence length in
SST-2 corpora is much smaller than other corpus.
(check Appendix C for corpora statistics)

Ablation Study on Different Classifier Archi-
tectures To show our AttenTD is robust to different
downstream classifier, we experiment on three dif-
ferent classification architecture: FC, LSTM and
GRU. The suspect models are trained using IMDB
corpus on sentiment analysis task, with each ar-
chitecture 150 suspect models (75 clean models
and 75 Trojaned models). With detailed statistics
of suspect models in Appendix Table 8. Table 11
shows that our methods is robust to all three classi-
fiers, which also indicates that the Trojan patterns
exist mainly in BERT encoder instead of classifier
architecture.

G The Choices of Parameters α and β

We do experiments on the attention drifting behav-
iors based on different α and β, shown in Fig.11
and Fig.12. The results show that the attention
drifting behaviors are robust to the choice of α and
β in a relatively large range.

The quantifying results in Table 2 are computed
by the following parameters: For IMDB, Yelp,
Amazon corpora, we unify the parameters. we
set (α, β) as (0.6, 5), (0.6, 36), (0.5, 5) for seman-
tic, separator, non-semantic heads. For SST-2, we
set (α, β) as (0.3, 5), (0.3, 36), (0.3, 5) for seman-
tic, separator, non-semantic heads. The reason we
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Figure 11: Choice of parameters α.

Figure 12: Choice of parameters β.

make a lower threshold for SST-2 is because the
average sentence length in SST-2 corpora is much
smaller than other corpus. (check Appendix C for
corpora statistics)
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Abstract

Recent works have empirically shown the ef-
fectiveness of data augmentation (DA) for NLP
tasks, especially for those suffering from data
scarcity. Intuitively, given the size of generated
data, their diversity and quality are crucial to
the performance of targeted tasks. However, to
the best of our knowledge, most existing meth-
ods consider only either the diversity or the
quality of augmented data, thus cannot fully tap
the potential of DA for NLP. In this paper, we
present an easy and plug-in data augmentation
framework EPiDA to support effective text clas-
sification. EPiDA employs two mechanisms:
relative entropy maximization (REM) and con-
ditional entropy minimization (CEM) to control
data generation, where REM is designed to en-
hance the diversity of augmented data while
CEM is exploited to ensure their semantic con-
sistency. EPiDA can support efficient and con-
tinuous data generation for effective classifier
training. Extensive experiments show that EP-
iDA outperforms existing SOTA methods in
most cases, though not using any agent network
or pre-trained generation network, and it works
well with various DA algorithms and classifi-
cation models. Code is available at https:
//github.com/zhaominyiz/EPiDA.

1 Introduction

Data augmentation (DA) is widely-used in clas-
sification tasks (Shorten and Khoshgoftaar, 2019;
Feng et al., 2021; Zhang et al., 2021). In computer
vision (CV), (Krizhevsky et al., 2012; Chatfield
et al., 2014; Szegedy et al., 2015) adopt strate-
gies like flipping, cropping, tilting to perform DA.
In natural language processing (NLP), (Xie et al.,
2017; Coulombe, 2018; Niu and Bansal, 2018;
Wei and Zou, 2019) find that native augmentation
skills such as spelling errors, synonym replacement,
deleting and swapping, can bring considerable per-
formance improvement. All these methods use

∗Corresponding author.

various transformations for data augmentation, but
they do not achieve equal success in different NLP
tasks (Yang et al., 2020). Sometimes, they fail
to guarantee semantic consistency, and may even
bring semantic errors that are harmful to classifica-
tion. The reason lies in that data augmentation for
NLP is in discrete space, so it can easily incur large
deviation of semantics (e.g. in sentiment classifica-
tion task, deleting emotional words from a sentence
will make its meaning completely different).

Generally, given the size of generated data, their
diversity and quality are crucial to the perfor-
mance of targeted tasks (Ash et al., 2019). Re-
cent works have begun to emphasize the diversity
or quality of augmented data. For example, in
CV, AA (Cubuk et al., 2019), Fast-AA (Lim et al.,
2019) and LTA (Luo et al., 2020) employ agent
networks to learn how to enhance diversity. In
NLP, language models are widely used to control
generation quality, including Back-translation (Sen-
nrich et al., 2016; Yu et al., 2018), Seq2seq models
(Kobayashi, 2018; Kumar et al., 2019; Yang et al.,
2020), GPT-2 (Radford et al., 2019; Anaby-Tavor
et al., 2020; Quteineh et al., 2020; Liu et al., 2020)
and T5 (Dong et al., 2021). In addition, some
works (Morris et al., 2020) in NLP utilize adver-
sarial augmentation to enrich the diversity of the
samples. However, to the best of our knowledge,
most existing works consider only either the quality
or the diversity of augmented data, so cannot fully
exploit the potential of data augmentation for NLP
tasks. Besides, recent existing DA methods for
NLP tasks usually resort to pre-trained language
models, are extremely inefficient due to huge model
complexity and tedious finetuning, which limits the
scope of their applications.

In this paper, we propose a new data augmenta-
tion framework for text classification. This frame-
work is called EPiDA (the abbreviation of Easy
Plug-in Data Augmentation), which employs two
mechanisms to control the diversity and quality
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Figure 1: The pipeline of EPiDA. EPiDA first evaluates
the candidate samples from the perspectives of diversity
and quality, then takes the samples of high diversity and
quality as training samples. It can work with various
DA algorithms and classification models.

of augmented data: relative entropy maximiza-
tion (REM) and conditional entropy minimization
(CEM), where the former is for boosting diversity
while the latter for ensuring quality. Fig. 1 shows
the pipeline of EPiDA. EPiDA consists of a DA
algorithm, a classifier, and a Sample Evaluation
And Selection (SEAS) module. SEAS works with
the DA algorithm and the classifier, and evaluates
the candidate samples with the feedback of the
classifier. With REM and CEM, SEAS can select
samples of high diversity and quality to train the
classifier continuously until the model converges.

The main contributions of this paper are as fol-
lows:

1. We propose an easy plug-in data augmenta-
tion framework EPiDA for text classification.
EPiDA can work with various existing DA
algorithms and classification models, it is gen-
eral, efficient, and easy-to-deploy.

2. We design two mechanisms relative entropy
maximization (REM) and conditional entropy
minimization (CEM) to boost the diversity and
quality of augmented data simultaneously in
an explicit and controllable way.

3. We conduct extensive experiments to evaluate
EPiDA. Experimental results show that EP-
iDA outperforms existing DA methods, and
works well with different DA algorithms and
classification models.

The rest of this paper is organized as follows: Sec. 2
reviews related work and highlights the differences
between our work and major existing methods.
Sec. 3 introduce our method in details. Sec. 4
presents the results of performance evaluation, and
Sec. 5 concludes the paper.

2 Related Work

In this section, we first review the related work of
DA for NLP, then expound the differences between
our method and the major existing ones. Accord-
ing to the methodology of data generation, exist-
ing methods can be categorized into three types:
rule-based, interpolation-based, and model-based,
respectively.

2.1 Rule-Based Methods

These works use easy and predetermined transfor-
mations without model components. (Kolomiyets
et al., 2011; Zhang et al., 2015; Wang and Yang,
2015) use synonyms to replace words. EDA (Wei
and Zou, 2019) and AEDA (Karimi et al., 2021)
introduce random insertions, swaps, and deletions.
Xie et al. (2017) employed spelling errors to aug-
ment sentences. Şahin and Steedman (2018) con-
ducted sentence rotating via dependency tree mor-
phing. Wei et al. (2021) proposed a multi-task view
of DA. SUB2 (Shi et al., 2021) generates new exam-
ples by substituting substructures via constituency
parse trees. Although these methods are easy to
implement, they do not consider controlling data
quality and diversity.

2.2 Interpolation-Based Methods

MIXUP (Zhang et al., 2017) pioneers this type of
works by interpolating the input and labels of two
or more real examples. Recently, many MIXUP
strategies (Verma et al., 2019; Yun et al., 2019)
were proposed in CV. Due to the discrete nature of
inputs of NLP tasks, such methods can be applied
to NLP tasks only via padding and mixing embed-
dings or higher hidden layers (Chen et al., 2020; Si
et al., 2021).

2.3 Model-Based Methods

Seq2seq and language models have been used to
generate high quality samples. Among these ap-
proaches, Back-translation (Sennrich et al., 2016;
Yu et al., 2018) translates sentences into another
language and then translates it back to the origi-
nal language. RNNs and transformers are used to
reconstruct sub-parts of real data with contextual
information (Kobayashi, 2018; Gao et al., 2019;
Yang et al., 2020). Recently, we have witnessed the
great success of large-scale pre-trained language
models (PLMs) such as BERT (Devlin et al., 2019),
XLNet (Yang et al., 2019), GPT-2 (Radford et al.,
2019) in NLP tasks. These state-of-the-art PLMs
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Method Div Qua LM FB

AA (Cubuk et al., 2019) ✓ × ✓ ✓
EDA (Wei and Zou, 2019) ✓ × × ×

DataBoost (Liu et al., 2020) × ✓ ✓ ×
LearnDA (Zuo et al., 2021) ✓ ✓ ✓ ×

VDA (Zhou et al., 2021) ✓ ✓ ✓ ×
Ours EPiDA ✓ ✓ × ✓

Table 1: A qualitative comparison between EPiDA and
major existing methods from four aspects: whether con-
trolling the diversity and quality of the augmented data,
whether using language model or agent network and
whether using the feedback of the classifier.

are also widely used to augment samples (Ng et al.,
2020; Nie et al., 2020; Anaby-Tavor et al., 2020;
Quteineh et al., 2020; Liu et al., 2020; Dong et al.,
2021). For example, DataBoost (Liu et al., 2020)
develops a reinforcement learning strategy to guide
the conditional generation without changing the ar-
chitecture of GPT-2. Besides, adversarial augmen-
tation (i.e., attack, GANs) are also used to enrich
the diversity of the generated samples (Morris et al.,
2020; Simoncini and Spanakis, 2021). Although
model-based methods can control generation qual-
ity well via PLMs, they are computationally ineffi-
cient, which limits their applications.

2.4 Differences between EPiDA and Existing
Methods

To expound the differences between EPiDA and
typical existing methods, in Tab. 1 we present
a qualitative comparison from four dimensions:
whether controlling the diversity and quality of the
augmented data, whether using pre-trained model
(language model or agent network), and whether
using the feedback from the classifier.

As shown in Tab. 1, among the existing methods,
most control only either diversity (e.g. AA and
EDA) or quality (e.g. DataBoost) of augmented
data, thus cannot completely leverage the poten-
tial of data augmentation. And most use language
model or agent network, which is beneficial to
data quality but also inefficient. Only the recent
LearnDA (Zuo et al., 2021) and VDA (Zhou et al.,
2021) consider both diversity and quality, and only
AA uses feedback of the classifier. Our EPiDA
addresses both diversity and quality of augmented
data via the feedback of the classifier in an explicit
and controllable way, without the help of any addi-
tional model components, which makes it not only
more effective but also more efficient.

Note that in addition to the differences listed in
Tab. 1, our method EPiDA differs from LearnDA
in at least three other aspects: 1) LearnDA em-
ploys perplexity score (PPL) and cosine similar-
ity to measure diversity and quality respectively,
while EPiDA adopts two mechanisms relative en-
tropy maximization (REM) and conditional entropy
minimization (CEM) to control diversity and qual-
ity, which is theoretically more rational and solid.
2) LearnDA is for event causality identification,
while EPiDA is mainly for text classification. 3)
LearnDA needs knowledge guidance, while EP-
iDA does not. These make it difficult to evaluate
LearnDA in our experimental settings. Thus, we
do not conduct performance comparison between
EPiDA and LearnDA. Nevertheless, in our abla-
tion study, we replace REM and CEM with PPL
and cosine similarity in EPiDA, and our experimen-
tal results show that EPiDA with REM and CEM
performs better than that with PPL and cosine sim-
ilarity. Besides, comparing with VDA that requires
PLM to provide substitution probability, EPiDA is
free of PLMs, and is more effective, efficient and
practical.

3 Method

As shown in Fig. 1, EPiDA consists of three com-
ponents: a DA algorithm T , a classifier or classi-
fication model C, and a Sample Evaluation and
Selection (SEAS) module that is the core compo-
nent of EPiDA. Generally, the DA algorithm and
the classifier can be any of existing DA algorithms
and classifiers. With the feedback of the classifier,
SEAS evaluates candidate samples generated by
the DA algorithm in terms of diversity and qual-
ity via the Relative Entropy Maximization (REM)
mechanism and the Conditional Entropy Minimiza-
tion (CEM) mechanism, and outputs the qualified
samples to further train the classifier. So EPiDA
can serve as a plug-in component to boost existing
DA algorithms for training better target models.

3.1 The Rationale to Control DA
Consider a classification task with a dataset X of n
samples: X={(x1, y1),(x2, y2),...,(xn, yn)}. Here,
xi is a sample, yi is its label. The loss function is

Lo(ω) =
1

n

n∑

i=1

l(ω⊤ϕ(xi); yi). (1)

where ϕ : Rd → RD is a finite-dimensional feature
map, ω ∈ RD means learnable parameters, and l

4744



can be a common loss function like cross-entropy.
Now we employ a DA algorithm T to conduct

augmentation for each sample in X . Let tji be the
j-th sample generated by T with xi as input, and
m samples are generated from xi, the loss function
for the generated samples can be written as

Lg(ω) =
1

n

n∑

i=1

1

m

m∑

j=1

l(ω⊤ϕ(tji ); yi). (2)

Here, we assume 1) tji and xi have the same label
yi, so we can use yi to optimize the new loss func-
tion; 2) Data augmentation does not significantly
change the feature map ϕ, that is, augmentation can
maintain semantic consistency of the sample space.
Now we combine the augmented samples into the
original samples, thus the total loss function of
EPiDA can be written as follows:

L(ω) = Lo(ω) + Lg(ω). (3)

Recall that we use the feedback of the classifier
C to select samples. Specifically, we use the orig-
inal training samples X to pre-train the classifier
C, and for each generated sample tji , the feedback
signal about tji from the classifier is used for evalu-
ating tji . When the generation process is over, all
generated samples {tji} are used to train C again.

First, we consider how to generate samples
of high diversity. Intuitively, generated samples
should be different from the original samples. Re-
calling that the classifier C is pretrained by X ,
so for generated sample tji , its loss l(ω⊤ϕ(tji ); yi)
should be large. In this sense, given the classifier
C (ω is fixed), we select samples that meet the
following objective function:

max
tji

Lg(ω, ϕ(t
j
i )), (4)

which means that we are to generate “hard” sam-
ples for the classifier to cope with.

Second, we consider how to control the quality
of augmented data. Recall that we assume for each
augmented sample tji , its label yi keeps unchanged,
so we can use the original label to evaluate the loss
function. However, due to the discrete nature of
language, it is nontrivial for augmented samples to
meet this assumption. Taking the sentiment analy-
sis task for example, suppose we use EDA (Wei and
Zou, 2019) to augment xi=“you’ll probably love
it”, EDA may delete the word “love”. Obviously,

the resulting sentence breaks the semantic consis-
tency. To guarantee semantic consistency, we limit
the semantic deviation of ϕ(tji ) from ϕ(xi). Let
M and ρ be a metric function to measure semantic
difference between samples and a threshold respec-
tively, we impose the following constraint on ϕ(tji ):

|M(ω⊤ϕ(tji ), ω
⊤ϕ(xi))| ≤ ρ. (5)

Thus, we can enhance data diversity by optimiz-
ing Eq. (4), and improve data quality using Eq. (5).
The problem turns to solve Eq. (4) and Eq. (5).

3.2 Relative Entropy Maximization
We rewrite the objective function in Eq. (4) via:

Lg(ω, ϕ(t
j
i )) =

1

nm

n∑

i=1

m∑

j=1

l(ω⊤ϕ(tji ); yi)

=
1

nm

n∑

i=1

m∑

j=1

D(p(ω⊤ϕ(tji )), p(yi)) +H(p(yi)),

(6)

where p, H , D indicate probability distribution,
Shannon entropy, and relative entropy respectively,
and actually H(p(yi)) = 0 since p(yi) is a one-
hot vector. According to Eq. (6), we try to aug-
ment samples with large relative entropy under the
given labels. Thus, we call this method relative
entropy maximization (REM) mechanism. As rela-
tive entropy measures the difference between the
two distributions p(ω⊤ϕ(tji )) and p(yi), the larger
the difference is, the more diverse the augmented
sample is. Therefore, we define the diversity score
sijdiv of augmented sample tji as follows:

sijdiv = D(p(ω⊤ϕ(tji )), p(yi)). (7)

3.3 Conditional Entropy Minimization
We use conditional entropy as the metric function
in Eq. (5) to constrain the semantic deviation of
ϕ(tji ) from ϕ(xi), i.e., M(·, ·) := H(·|·). Then,
Eq. (5) can be rewritten to

H(p(ω⊤ϕ(tji ))|p(ω⊤ϕ(xi))) ≤ ρ. (8)

where H(·, ·) is conditional entropy. Furthermore,
to meet Eq. (8), we select samples {tji} by solving
the following optimization problem:

min
tji

H(p(ω⊤ϕ(tji ))|p(ω⊤ϕ(xi))). (9)

We call this conditional entropy minimization
(CEM) mechanism. The smallest value of
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H(p(ω⊤ϕ(tji ))|p(ω⊤ϕ(xi))) is 0, indicating that
given p(ω⊤ϕ(xi)), p(ω⊤ϕ(tji )) is exactly pre-
dictable. Eq. (9) can also be expanded to the dif-
ference between Shannon entropy H and mutual
information I , i.e., H(X|Y )=H(X)-I(X,Y ). In
other words, CEM minimizes the entropy of the
selected sample tji and maximizes the mutual in-
formation between tji and the original sample xi,
which means that CEM tries to augment samples
of high prediction probability and high similarity
with the original sample. As in REM, we define
the quality score sijqua of augmented sample tji as

sijqua = −H(p(ω⊤ϕ(tji ))|p(ω⊤ϕ(xi))). (10)

Algorithm 1: EPiDA Data Augmentation.
Input: Classification model ω, input sample

xi and its label yi, DA algorithm T ,
augmentation number m and
amplification factor K.

Output: m augmented samples.
// assign the set T (xi) of mK candidates to array t̂i
t̂i ← T (xi);
sdiv, squa, stot = RK∗m,RK∗m,RK∗m;
for j = 1, 2, . . . ,K ∗m do

Calculate sijdiv via Eq. (7) ;
Calculate sijqua via Eq. (10) ;

end
Take Min_Max_Norm for sdiv and squa;
stot = sdiv + squa ;
// find the subscripts of the top m small elements

id = argtopm(−stot) ;
Return t̂i[id] ;

3.4 Algorithm and Implementation
The procedure of EPiDA is presented in Alg. 1.
For each input sample xi, EPiDA outputs m aug-
mented samples. First, we employ T to generate
K ∗m candidate augmented samples for xi, where
K is a hyperparameter to amplify the number of
candidate samples, which is called amplification
factor. Then, for each augmented sample, we use
REM and CEM to evaluate its diversity score (sdiv)
and quality score (squa), respectively. Next, we
adopt Min_Max_Norm to make sdiv and squa fall
in [0,1]. After that, we add them together as the
overall score of the sample, and sort all the aug-
mented samples in descending order according to

Sentence sdiv squa stot

Go Set a Watchman comes out Tues-
day and I’m really excited for it

0.00 1.00 1.00

Go Set a Watchman comes out Tues-
day and I’m really mad for it

0.96 0.03 0.99

Go Set a Watchman out Tuesday
and I’m really excited for it

0.05 0.92 0.97

Go Set a security guard comes out Tues
and I’m really excited for it

0.86 0.15 1.01

Table 2: An example from the sentiment analysis task
to demonstrate the effect of REM and CEM. The first
row is the original sample, the rest are the augmented
samples. Underlined are salient words.

their scores. Finally, we take the top m samples
from all the K ∗m candidate samples as the output,
and utilize them to train the classifier.

By nature, the goals of REM and CEM are con-
flicting, i.e., a sample of high diversity is more
probably of low quality, and vice versa. We give an
example in Tab. 2 to demonstrate this point. REM
encourages to change salient words, which is prone
to break the semantic consistency (see the 3rd row,
“excited” is changed to “mad”, leading to large di-
versity score but small quality score). However,
CEM tends to make the augmented samples keep
semantic consistency, i.e., has large quality score
but small diversity score (see the 4th row, “comes”
is deleted). By jointly considering REM and CEM,
satisfactory samples with balanced diversity and
quality can be found (see the 5th row).

Besides, the calculation of sdiv and squa requires
the feedback of the classifier, so we first pre-train
the classifier using the original samples, then with
EPiDA we can generate samples of high diversity
and quality for the classifier continuously.

4 Performance Evaluation

In this section, we conduct extensive experiments
to evaluate EPiDA, including performance compar-
ison with SOTA methods, performance evaluation
when working with different DA algorithms and
classification models, ablation study, and qualita-
tive visualization of samples augmented by EPiDA.

4.1 Datasets and Settings

Datasets for five different tasks are used in our
experiments: Question Classification (Li and
Roth, 2002) (TREC, N=5,452), News Classifica-
tion (Zhang et al., 2015) (AGNews, N=120,000),
Tweets Sentiment Analysis (Rosenthal et al., 2017)
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Method Sentiment Irony Offense

10% 40% PPL 10% 40% PPL 10% 40% PPL

EDA
(randomly delete, swap etc.)

0.560 0.608 41.22 0.530 0.515 76.07 0.637 0.629 37.37

Contextual Word Embs Aug.
(insert, replace using Bi-RNN LM)

0.610 0.627 1043.18 0.518 0.593 1146.40 0.663 0.713 1729.62

Back-translation Aug.
(Eng. → Fr. → Eng. as aug. text)

0.617 0.620 474.29 0.520 0.541 423.32 0.655 0.724 345.23

Data Boost
(RL-guided conditional generation)

0.591 0.642 56.23 0.591 0.639 77.40 0.695 0.784 35.18

Ours EPiDA: REM only
(EDA as the DA algorithm)

0.619 0.650 66.86 0.624 0.665 77.09 0.662 0.673 81.13

Ours EPiDA: CEM only
(EDA as the DA algorithm)

0.629 0.659 8.10 0.629 0.666 12.11 0.668 0.670 8.57

Ours EPiDA: REM+CEM
(EDA as the DA algorithm)

0.639 0.659 25.40 0.651 0.687 53.17 0.680 0.687 32.56

Table 3: Performance comparison with existing augmentation methods. 10%: 10% original data + 30% augmented
data (m = 3); 40%: 40% original data + 40% augmented data (m = 1). We report the F1 score of the BERT classifier
averaged over five repeated experiments on each dataset. We also report the perplexity score (PPL) of 10,000
randomly sampled data augmented by each method, where PPL is evaluated by the kenLM language model trained
on the training data of each task.

(Sentiment, N=20,631), Tweets Irony Classifica-
tion (Van Hee et al., 2018) (Irony, N=3,817) and
Tweets Offense Detection (Founta et al., 2018)
(Offense, N=99,603), where N is the number of
training samples. To fully demonstrate the perfor-
mance of data augmentation, we use only part of
each dataset. In the following experiments, the
percentage (%) that follows the task name means
the ratio of training data used from each dataset,
e.g. Irony 1% means that 1% of the dataset is used.
Macro-F1 (F1 for binary tasks) is used as perfor-
mance metric, and all the experiments are repeated
five times. The amplification factor K is set to 3.

4.2 Comparing with SOTA Methods

Here we carry out performance comparison with
major SOTA methods to show the superiority of
EPiDA on three datasets: Sentiment, Irony and
Offense. For a fair comparison, we strictly follow
the experimental setting of DataBoost (Liu et al.,
2020): we do only one round of augmentation to
ensure that the number of samples of our method
is consistent with that of the other methods, and
use BERT as the classifier. We use the widely used
EDA as the DA algorithm of EPiDA. We do not
use DataBoost because it is not yet open-sourced.
The experimental results are presented in Tab. 3.

From Tab. 3, we can see that 1) with the help
of EPiDA, the performance of EDA is greatly im-
proved. In particular, comparing with the original
EDA, EPiDA gets performance improvement of
14.1%, 8.39%, 22.83%, 33.40%, 6.75% and 9.22%
in six task settings, respectively. 2) Our method
outperforms DataBoost in four settings. In particu-
lar, EPiDA+EDA gets performance improvement
of 8.12%, 2.65%, 10.15% and 6.99% in various
settings of the Sentiment and Irony tasks. 3) The
variants of EPiDA that utilize only REM or CEM
to enhance diversity or quality are inferior to us-
ing both, which demonstrates the effectiveness of
joint enhancement. 4) DataBoost performs better
in the Offense task, the reason lies in that Data-
Boost can create novel sentences from Offense (a
relatively huge corpus) via GPT-2, while EDA only
conducts word-level augmentation, which limits
EPiDA’s performance. 5) We also present PPL as
an auxiliary metric to measure the generation per-
plexity. Our method outperforms the others due
to the high quality of data generation. We also
provide experimental comparisons with other DA
approaches (SUB2 and VDA) and generation speed
results in the supplementary file. In conclusion,
EPiDA is a powerful and efficient technique.
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Method TREC AGNews Sentiment Irony Offense

1% 10% 0.05% 0.1% 1% 10% 1% 10% 0.1% 1%

CNN 0.722 0.806 0.745 0.826 0.446 0.584 0.534 0.616 0.479 0.548
+EPiDA with EDA 0.745 0.814 0.806 0.829 0.520 0.598 0.579 0.621 0.493 0.551
+EPiDA with CWE 0.737 0.817 0.806 0.826 0.524 0.598 0.578 0.623 0.488 0.556

+EPiDA with TextAttack 0.723 0.838 0.819 0.829 0.527 0.600 0.568 0.631 0.481 0.549

BERT 0.769 0.914 0.759 0.820 0.507 0.602 0.589 0.635 0.508 0.630
+EPiDA with EDA 0.786 0.931 0.813 0.832 0.538 0.641 0.598 0.652 0.525 0.629
+EPiDA with CWE 0.780 0.922 0.821 0.834 0.546 0.642 0.597 0.655 0.517 0.630

+EPiDA with TextAttack 0.762 0.930 0.816 0.839 0.551 0.621 0.595 0.634 0.505 0.626

XLNet 0.746 0.904 0.749 0.776 0.563 0.620 0.576 0.651 0.522 0.626
+EPiDA with EDA 0.756 0.906 0.768 0.790 0.556 0.609 0.588 0.651 0.536 0.625
+EPiDA with CWE 0.750 0.894 0.779 0.795 0.554 0.608 0.592 0.659 0.532 0.627

+EPiDA with TextAttack 0.758 0.909 0.790 0.798 0.555 0.591 0.570 0.654 0.528 0.618

Table 4: Performance comparison with different DA algorithms and classification models on five classification tasks.

4.3 Performance with Different DA
Algorithms and Classifiers

EPiDA is a plug-in component that can work with
different DA algorithms and classifiers. Here, to
check how EPiDA performs with different DA algo-
rithms and classifiers, we consider three frequently-
used DA algorithms: rule-based EDA (Wei and
Zou, 2019), model-based CWE (Kobayashi, 2018)
and Attack-based TextAttack (Morris et al., 2020),
and three different classifiers: CNN (Kim, 2014),
BERT (Devlin et al., 2019) and XLNet (Yang et al.,
2019). And to show that EPiDA can cope with
different NLP classification tasks, we present the
results on five different tasks: TREC, AGNews,
Sentiment, Irony and Offense. In order to fully
evaluate the performance of DA algorithms, we use
only a small part of the training data. The exper-
imental results are presented in Tab. 4. Here, we
remove the restriction of only one time augmen-
tation so that EPiDA can continuously generate
qualified samples. We call this online augmenta-
tion, to differentiate it from one-time augmentation.
As shown in Tab. 4, EPiDA is applicable to various
NLP classification tasks. Although these tasks have
different forms of data (questions or tweets) and
different degrees of classification difficulty, EPiDA
boosts performance on these tasks in almost all
cases. More details on how EPiDA controls the
generation quality are discussed in ablation study.
Besides, we can also see that EPiDA works well
with the three DA algorithms EDA, CWE and Tex-
tAttack. All achieve improved performance in most

ID DA REM CEM OA PT TREC 1% Irony 1%

1 - - - - - 0.722 0.534
2 ✓ - - - - 0.736 0.474
3 ✓ - - ✓ - 0.723 0.550
4 ✓ ✓ - - ✓ 0.729 0.557
5 ✓ - ✓ - ✓ 0.723 0.559
6 ✓ ✓ ✓ - - 0.734 0.548
7 ✓ ✓ ✓ ✓ - 0.739 0.575
8 ✓ ✓ ✓ - ✓ 0.740 0.576
9 ✓ ✓ ✓ ✓ ✓ 0.745 0.579

Table 5: Ablation study on TREC 1% and Irony 1%.
Here, DA, REM, CEM, OA and PT indicate whether
applying DA, REM, CEM, online DA (performing mul-
tiple DA operations) and pre-training, respectively.

cases. For the three different classification models:
CNN, BERT and XLNet, with the help of EPiDA,
they all but XLNet on Sentiment get classification
performance improvement, which shows that EP-
iDA is insensitive to classification models.

4.4 Ablation Study

Here we conduct ablation study to check the ef-
fectiveness of different EPiDA configurations. We
take CNN as the classifier, EDA as the DA algo-
rithm and report the Macro-F1 score over five re-
peated experiments on TREC 1% and Irony 1%.
Tab. 5 shows the experimental results.

Effect of REM and CEM. The 4th and 5th rows
show the results with only REM and CEM, respec-
tively. Both of them perform better than the base-
line (1st row), but not as good as the combined case

4748



(the 8th row). On TREC (relatively simple task),
REM outperforms CEM (0.729 vs. 0.723), while
on Irony (relatively hard task), CEM outperforms
REM (0.559 vs. 0.557). Using only REM can lim-
itedly boost performance since REM promotes the
generation of high diversity samples, which may
have wrong labels. And using only CEM is also
not enough to fully tap the performance as CEM
tends to generate redundant samples.

We also compare our ‘REM + CEM’ with ‘PPL
+ cosine similarity’ used in LDA (Zuo et al., 2021).
Our method achieves the performance of 0.740 and
0.576 on TREC 1% and Irony 1%, while the latter
achieves 0.730 and 0.562. This shows that our
‘REM + CEM’ is more effective.

Effect of online augmentation. Comparing the
results of the 2nd and the 3rd rows, the 6th and
the 7th rows, the 8th and the 9th rows, we can
see that generally online augmentation can boost
performance, as online augmentation can generate
sufficient qualified samples to train the model.

Effect of pre-training. As REM and CEM use
the feedback of the classifier, a pre-trained classi-
fication model should be beneficial to REM and
CEM. By comparing the results of the 6th and the
8th rows, the 7th and the 9th rows, it is obvious
that pre-training can improve performance.

Effect of normalization. In Alg. 1, we normal-
ize sdiv and squa. Here, we check the effect of
normalization. With the same experimental set-
tings, the performance results on TREC 1% and
Irony 1% without normalization are 0.732 and
0.568, lower than the normalized results 0.740 and
0.576. This shows that normalization is effective.

How to combine REM and CEM? How to com-
bine REM and CEM is actually how to combine the
values of sdiv and squa. We consider three simple
schemes: addition (stot = sdiv + squa), multipli-
cation (stot = sdiv ∗ squa) and weighted addition
(stot = αsdiv + (1− α)squa, α is a hyperparameter
to tradeoff REM and CEM). Note that for multi-
plication, there is possibly an extreme situation:
after normalization, sdiv or squa may be very small
and even approaches 0, then the multiplication re-
sult is very small or even zero, which means that
REM and CEM do not take effect in sample genera-
tion. In our experiments, the multiplication scheme
achieves performance of 0.725 and 0.572 on TREC
1% and Irony 1%, lower than the addition scheme
0.740 and 0.576. As for weighted addition, we find
that setting α = 0.5 can achieve satisfactory re-

Metric EDA REM only CEM only EPiDA

Error Rate↓ 3.05% 6.75% 0.64% 1.53%
Distance↑(× 10−2) 0.54 1.21 0.25 0.78

Table 6: Error rate and distance on Sentiment dataset.

______________________________________________________

original vs. EDA original vs. EPiDA

Neutral(original) 
Neutral(EPiDA) 
Neutral(EDA)

Negative(original) 
Negative(EPiDA) 
Negative(EDA)

Positive(original) 
Positive(EPiDA) 
Positive(EDA)

Figure 2: Hidden state visualization of the sentiment
analysis task by t-SNE. Left: original and EDA aug-
mented data; Right: original and EPiDA augmented
data. Different colors mean different classes (Neutral,
Negative and Positive), and different shapes mean differ-
ent samples (original, generated by EPiDA and EDA).

sults (see the supplementary file). This is actually
equal to the addition scheme. Therefore, in our
experiments, we use only the addition scheme.

Quality and diversity metrics. Here, we pro-
vide another two metrics to verify EPiDA from the
perspective of quality and diversity. For quality, we
use the augmentation error rate. As for diversity,
we calculate the average distance of samples before
and after augmentation (ignoring wrong samples).
From the perspective of quality and diversity, a
good DA should has a small error rate but a large
distance. Experimental results are given in Tab. 6.
We can see that EPiDA gets better trade-off be-
tween error rate and distance.

Effect of the amplification factor K. The am-
plification factor K determines the size Km of
candidate samples from which m samples are cho-
sen. On the one hand, with a large K, we have
more choices, which seems beneficial to diversity.
On the other hand, more candidate samples make
the selected samples more homogenous, not good
for diversity. By grid search, we set K to 3 in our
experiments, the experimental results are shown in
the supplementary file.
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4.5 Visualization Effect of EPiDA
Above we give comprehensive quantitative perfor-
mance evaluation of EPiDA, here to intuitively il-
lustrate the effectiveness of EPiDA, we visualize
some augmented samples of EPiDA, and compare
them with that of EDA. Specifically, we utilize
BERT as the classifier and visualize its hidden state
on the sentiment analysis task via t-SNE (Van der
Maaten and Hinton, 2008). Fig. 2 shows the re-
sults. In terms of data quality, we find that two
negative samples generated by EDA are located in
Neural and Positive classes, while samples gener-
ated by EPiDA are generally properly located. And
in the point of view of diversity, samples gener-
ated by EPiDA extend the distributed areas of the
original data, while samples generated by EDA are
mainly located in the areas of the original samples.
This shows that samples generated by EPiDA are
more diverse than those generated by EDA.

5 Conclusion

In this paper, we present an easy plug-in data aug-
mentation technique EPiDA to control augmented
data diversity and quality via two mechanisms: rel-
ative entropy maximization and conditional entropy
minimization. Through extensive experiments, we
show that EPiDA outperforms existing methods,
and can work well with different DA algorithms
and classification models. EPiDA is general, ef-
fective, efficient, and easy-to-deploy. In the future,
more verification of our method is expected to be
conducted on other classification tasks.
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Abstract
When strong partial-input baselines reveal ar-
tifacts in crowdsourced NLI datasets, the per-
formance of full-input models trained on such
datasets is often dismissed as reliance on spuri-
ous correlations. We investigate whether state-
of-the-art NLI models are capable of overrid-
ing default inferences made by a partial-input
baseline. We introduce an evaluation set of
600 examples consisting of perturbed premises
to examine a RoBERTa model’s sensitivity to
edited contexts. Our results indicate that NLI
models are still capable of learning to condi-
tion on context—a necessary component of in-
ferential reasoning—despite being trained on
artifact-ridden datasets.

1 Introduction

Natural language inference (NLI) is integral to
building systems that are broadly capable of lan-
guage understanding (White et al., 2017). In a
traditional NLI setup, models are provided with a
premise as context and a corresponding hypothe-
sis. They must then determine whether the premise
entails, contradicts, or is neutral in relation to the
hypothesis (Giampiccolo et al., 2007).

Researchers have shown that many NLI datasets
contain statistical biases, or “annotation artifacts”
(Gururangan et al., 2018; Herlihy and Rudinger,
2021) that systems leverage to correctly predict
entailment. To diagnose such artifacts in datasets
and provide a stronger alternative to majority-class
baselines, Poliak et al. (2018) introduced partial-
input baselines, a setting in which models are pro-
vided parts of NLI instances to predict an entail-
ment relation. Poliak et al. (2018), Gururangan
et al. (2018), and others posit that datasets contain-
ing artifacts may in turn produce models that are
incapable of learning to perform true reasoning.

In this paper, we re-examine such dismissal of
the reasoning capabilities of models trained on
datasets containing artifacts. While a competi-
tive partial-input baseline is sufficient to cast doubt

P: A dog plays with a 
stuffed animal.

P’: A dog angrily 
growls at his owner.

P: Female gymnasts warm 
up before a competition.

H: Gymnasts get ready 
for the biggest competition 
of their life.

H’: Gymnasts compete 
against others from their 
own country.

H: The dog is 
enjoying himself.

U: The gymnasts are 
intimidated by the 
Olympic committee.

Context (C ) Target (T )

Neutral Contradiction

Edited Context (C’)

Strengthener Weakener

SN
LI

δ-
N

LI

✎

✎

P: Female gymnasts warm 
up before a competition.

Figure 1: Given NLI and δ-NLI instances that partial-
input baselines correctly label, we edit their context to
induce a different gold label. We use the edited instances
to probe a full-input model’s ability to leverage context
to deviate from the predicted partial-input label.

on the inferential capabilities of full-input models
trained on the same data, it is premature to con-
clude that full-input models are not capable of such
reasoning at all. As a thought experiment, we imag-
ine training a human to learn a task from a set of
examples containing artifacts that allow them to
cheat. If we force them to learn to perform the task
by removing relevant context, they must rely on
the artifacts to accurately perform the task. How-
ever, provided all the data, they may still learn to
perform the task the “right way”.

Through two sets of experiments, we investi-
gate whether NLI models are able to condition on
the full input despite learning from artifact-ridden
datasets. Section 3 investigates whether additional
context strengthens a full-input model’s confidence
in the correct label, despite a partial-input model’s
correct prediction. In Section 4, we introduce an
evaluation set to probe whether full-input models
are sensitive to changes in context that flip the gold
label in examples containing artifacts. We make
our evaluation set and code publicly available.1

Our results indicate that full-input models are
still successfully learning to utilize context, over-
riding strong signal in the partial input. With this

1
https://github.com/nehasrikn/context-editing
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finding, we argue that while partial-input baselines
are still a useful tool, they do not license the conclu-
sion that models trained on datasets with artifacts
do not learn to leverage context from the full input.

2 Background

Here we describe the two related tasks of natural
language inference (NLI) and defeasible NLI; two
corresponding datasets (SNLI and δ-NLI, respec-
tively); and annotation artifacts present in these
datasets.

Task Definitions. Natural language inference
(Giampiccolo et al., 2007; MacCartney, 2009; Bow-
man et al., 2015) is the task of determining whether
a premise sentence (P ) entails a hypothesis sen-
tence (H). That is, given P , would a human con-
clude H is true (entailment), false (contradiction),
or neither (neutral).

When H is neutral, the task of defeasible natural
language inference (Rudinger et al., 2020) asks
whether a third update sentence (U ) makes H
more likely to be true (U is a strengthener) or less
likely to be true (U is a weakener). In the following
example,H is neutral given P (NLI task), and U is
a weakener given P and H (defeasible NLI task).

Premise: A man is sitting in a dim restaurant.
Hypothesis: He is eating food.

Update: He is browsing a menu.

In this work, we adopt the terms context (C) and
target (T ) for clarity when describing partial-input
baselines for the two tasks. In NLI, C = P and
T = H; in defeasible NLI, C = (P,H), and
T = U . Thus, for either task, the partial-input
baseline we use looks only at T and ignores C.

SNLI. SNLI (Bowman et al., 2015) is the first
large-scale English NLI dataset, containing 570K
labeled P -H pairs. In SNLI, premises are derived
from image captions (Young et al., 2014), and hy-
potheses for each label (entailment, neutral, con-
tradiction) are elicited from crowdsource workers
who are shown a premise.

δ-NLI. For the task of defeasible NLI, Rudinger
et al. (2020) introduce the δ-NLI dataset, which
consists of extensions to three pre-existing English
natural language reasoning datasets: SNLI (Bow-
man et al., 2015), ATOMIC (Sap et al., 2019), and
SOCIAL-CHEM-101 (Forbes et al., 2020). To
extend each dataset, instances (e.g., P -H pairs)

were presented to crowdworkers who then wrote
an update sentence (U ) to strengthen or weaken the
given hypothesis (as described in Task Definitions).
The resulting binary classification task is to predict
whether an update is a strengthener or weakener,
given a (P,H,U) triple. In this work, we focus
our evaluation on δ-SNLI, the SNLI portion of the
δ-NLI dataset.

Artifacts and Partial-Input Baselines. Gururan-
gan et al. (2018) and Poliak et al. (2018) observe
that the crowdsourcing protocols adopted by Bow-
man et al. (2015) and others lead to the creation
of data with annotation artifacts that enable partial-
input baselines (e.g., hypothesis-only baselines) to
perform well above a majority-class baseline. For
SNLI, Poliak et al. (2018) report that an InferSent
(Conneau et al., 2017) hypothesis-only baseline sur-
passes a majority baseline by 35 points. A similar
effect is observed by Rudinger et al. (2020) in the
δ-NLI data, with an update-only RoBERTa (Liu
et al., 2019) model achieving 15 points above a
majority baseline.

3 Experiment 1: Context in NLI

An essential component of true reasoning is learn-
ing to leverage all parts of an example’s input to
make a determination of entailment. Strong partial-
input models demonstrate that full-input models
do not necessarily need to utilize context to make
correct predictions. However, we explore whether
they do at all, and how access to such context shifts
a full-input model’s confidence in the correct label.
If, upon supplying C, a model strengthens its con-
fidence in its prediction, we may conclude that it
utilizes both C and T during inference as intended.

Experimental Setup. We finetune two sets of
RoBERTa (Liu et al., 2019) models (a partial-input
and a full-input model) on the train splits of SNLI
and δ-NLI (see Appendix A for dataset sizes). We
utilize roberta-base from the Hugging Face
library (Wolf et al., 2020), and finetune each model
for two epochs. Appendix B further details our
training setup. We then run inference on the test
splits from SNLI and δ-SNLI (the SNLI portion
of δ-NLI) using each pair of models. Table 1 re-
ports accuracy of all models on the corresponding
test splits. We calibrate RoBERTa models post-hoc
using temperature scaling (Guo et al., 2017) as sug-
gested by Desai and Durrett (2020), and examine
confidence shifts in the correct label to understand
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(a) Pre-Edit SNLI Confidence Shifts (b) Pre-Edit δ-NLI Confidence Shifts

Figure 2: Visualizing the role of context as confidence shifts. 2a and 2b plot ordered pairs of confidence in the
correct label l of partial-input vs. full-input RoBERTa models on examples from the SNLI and δ-SNLI test splits.
Blue and yellow regions mark correct predictions from the x and y-axis models respectively. Green regions represent
correct predictions from both models. Diagonals indicate no shift in confidence.

SNLI δ-SNLI
Partial-Input (C) 0.70 0.65
Full-Input (C, T ) 0.91 0.82

Table 1: Accuracy of both partial-input and full-input
models on test splits of SNLI and δ-SNLI.

whether full-input models utilize context at all.2

As shown in Fig. 2, we plot an ordered pair of
each model’s confidence in the correct label for
examples in the test splits, with the partial-input
model’s confidence along the x-axis and the full-
input model’s confidence along the y-axis. Density
around the diagonal would indicate no change in
confidence.

Evidenced by the density above the diagonal in
Figures 2a and 2b, full-input models (i.e access to
both C and T ) are more confident in the correct
label than partial-input models.3 While this behav-
ior may seem unsurprising, partial-input baselines
illustrate that models may show confidence in the
correct label without needing to condition on con-
text at all. Our results hint that full-input models
may be successfully learning to leverage additional
context instead of overgeneralizing on artifacts in
the target. To probe this behavior directly, we intro-

2We observed minimal differences between pre and post-
calibration results.

3The distribution difference between SNLI and δ-SNLI
may be attributed to the difference in the task difficulty, as well
overall lower performance of RoBERTa models on δ-NLI.

duce an evaluation set crafted by editing contexts
in the following section.

4 Experiment 2: Context Editing

We investigate a model’s ability to leverage con-
text despite the presence of artifacts by exploring
how sensitive full-input models are to changes in
non-target components of the input. We present an
example modification scheme, illustrated in Figure
1, in which we edit context sentences from exam-
ples where a model correctly predicts the label l
from the target T alone. Namely, while holding T
constant, we introduce an edited context sentence
C ′ that induces a different label l′ ̸= l on the new
(C ′, T ) pair. Using this scheme, we construct an
evaluation set of 600 examples sourced from SNLI
and δ-NLI.

Example Subselection. We select SNLI and δ-
SNLI test examples to edit by running the partial-
input RoBERTa models from Section 3 and full-
input bag-of-words (BoW) models, implemented
via fasttext with a maximum of 4-grams
(Joulin et al., 2017). See Appendix B for train-
ing details on the bag-of-words models. We select
examples to edit for which either the partial-input
model or the BoW model predicted the correct la-
bel. This identifies the subset of examples likeliest
to contain artifacts in T , lexical or otherwise.

Editing SNLI Examples. For a given SNLI ex-
ample (P,H, l) and a new predefined target label
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l′

entailment neutral contradiction

l
entailment – 0.76 0.76
neutral 0.42 – 0.78
contradiction 0.90 0.78 –

Table 2: A full-input RoBERTa model’s accuracy on
the edited SNLI portion of our evaluation set. l and
l′ represent the original and target label respectively,
before and after editing.

l′

weakener strengthener

l
weakener – 0.76
strengthener 0.75 –

Table 3: A full-input RoBERTa model’s accuracy on
the edited δ-SNLI portion of our evaluation set. l and
l′ again respectively represent the original and induced
post-edit label.

l′, we edit P , creating a modified SNLI example
(P ′, H, l′). For each of the six directional pairs of
labels (e.g., entailment→ contradiction), we ran-
domly sample 50 examples from the subset to edit,
resulting in 300 examples evenly distributed across
label pairs.

Editing δ-SNLI Examples. Given a δ-SNLI in-
stance (P,H,U, l), we editH while holding P and
U constant to induce a new label l′ ̸= l, resulting
in a modified example (P,H ′, U, l′). We edit 300
examples total, turning 150 strengthener examples
into weakener examples, and vice-versa.

Our final evaluation set consists of 600 examples
containing edited context-target pairs split evenly
across SNLI and δ-SNLI. Figure 4 shows exam-
ples of editing contexts from both datasets. All
examples were manually edited by one author and
independently validated by another. During valida-
tion, we hide both the l and l′, and ask the annotator
to label the text pair. Using Cohen’s Kappa (Co-
hen, 1960), we obtain an agreement measure of
κ = 0.78 and κ = 0.76 for SNLI and δ-SNLI
examples in our test set respectively, indicating
substantial agreement (Artstein and Poesio, 2008).

Results. Using the same full-input RoBERTa
models trained in Section 3, we run inference on
our edited evaluation set. Tables 2 and 3 show
model performance stratified by original label l
and target label l′. Our results show that full-input
models are in fact sensitive to context modifications
despite the presence of artifacts in T , consistently
achieving above 70% accuracy on edited examples.
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Figure 3: Full-input model’s confidence in l before vs.
after editing C to induce a different label.

Thus, we conclude that these models are not over-
generalizing on artifacts in the instance, learning
to condition on context for prediction.

Analyzing Post-Edit Model Confidence. Sim-
ilar to the analysis in Section 3, we inspect shifts
in confidence upon editing contexts to shed more
light on a full-input model’s utilization of C. For
δ-SNLI examples, we plot ordered pairs in Fig. 3
of a full-input model’s confidence in the correct
label pre-edit, and its confidence in the same label
post-edit (i.e the confidence in the now-incorrect
label). The majority of mass is under the diago-
nal, indicating that our model is indeed sensitive to
changes in context. The green bottom-left quadrant
delineates ideal performance (correct before and af-
ter editing examples). We attribute the small cluster
of examples in the blue quadrant (previously highly
confident in the correct label and subsequently re-
mained confident, but in the wrong label) to strong,
non-lexical artifacts overriding additional signal
from the context. Appendix C visualizes shifts in
SNLI examples using simplex plots to accommo-
date the ternary label.

Lexical Model Performance. We do not retrain
any of the models on edited examples prior to evalu-
ating with our edited test set, precluding them from
picking up on any newly-introduced non-lexical
artifacts. However, to validate the absence of triv-
ial lexical features that override the artifacts in T
and to ensure sufficient difficulty, we run full-input
BoW models on our edited evaluation set. A full-
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Context (C → C’) Target (T) Label (l → l’)

SNLI

Premise: A little girl in a pink hat is in a lush green field walking 
an ox.

Edited Premise ✎ : A little girl in a pink hat sits on an ox carrying 
her through the middle of the Sahara.

Hypothesis: A little girl is riding her ox 
in a desert.

Contradiction 
→

Entailment

Premise: A girl in a yellow dress looks at a 
restaurant building.

Edited Premise ✎ : A girl in a yellow dress enjoys some food at 
her favorite restaurant.

Hypothesis: A girl debates eating at a 
certain restaurant.

Neutral 
→ 

Contradiction

δ-NLI

Premise: A boy in a red hooded top is smiling whilst looking 
away from his reflection.

Hypothesis: The boy doesn't want to see his reflection.

Edited Hypothesis ✎ : The boy wants to see his reflection.

Update: A woman's voice says to him 
'Don't be afraid of it, it's harmless'

Strengthener 
→ 

Weakener

Premise: A music concerto is happening on stage, with the lights 
on spot, while the audience listens in the dark.

Hypothesis: The concert is being held at night.

Edited Hypothesis ✎ : The concert is being held during the day.

Update: Blackout curtains cover 
the windows.

Weakener 
→ 

Strengthener

Figure 4: Editing SNLI and δ-SNLI examples. We edit the premise (SNLI) and the hypothesis (δ-NLI), while
holding the target constant. The last column contains the original label l and the new induced label l′.

input fasttextmodel, often used for adversarial
filtering (Zellers et al., 2018), achieves 16% and
24.3% accuracy on the SNLI and δ-SNLI portions
of our evaluation set respectively.

5 Related Work

In addition to work on partial-input baselines for
NLI (Gururangan et al., 2018; Poliak et al., 2018;
Tsuchiya, 2018), partial-input models have been
studied for story completion (Cai et al., 2017)
and reading comprehension (Kaushik and Lipton,
2018). Feng et al. (2019) observe that low-scoring
partial-input baselines do not preclude other arti-
facts and heuristics, while Glockner et al. (2018)
and McCoy et al. (2019) demonstrate lexical and
syntactic examples of NLI heuristics. Adversarial
editing has been explored for non-NLI tasks as well
(Jia and Liang, 2017; Ribeiro et al., 2018). Finally,
adversarial filtering has been proposed as a means
of removing artifacts from datasets (Zellers et al.,
2018; Le Bras et al., 2020).

6 Discussion and Conclusion

While partial-input models are useful tools for anal-
ysis, often leveling fair criticism of datasets, our
results show it is hasty to conclude that models
trained on such datasets are not capable of rea-
soning. Even though high-scoring partial-input
baselines show that full-input models could ignore
context, our experiments show that they can lever-
age this context quite effectively.

We argue that artifacts do not necessarily spell

disaster for a model’s reasoning capabilities. In
particular, our context-editing experiments identify
a set of instances that partial-input models fail (by
design), but full-input models largely succeed at,
displaying the capability of full-input models to
leverage context to overcome SNLI and δ-NLI ar-
tifacts in many, but not all, cases. Of course, we
do not deny that artifacts can and do lead to mod-
els with exploitable heuristics, as demonstrated by
Glockner et al. (2018) and McCoy et al. (2019).

While we do not attempt to define the sufficient
conditions for a model to perform “true inference,”
we demonstrate that these models can and do meet
the necessary condition of leveraging the full in-
put. Thus, we conclude that partial input baselines
should be understood as agnostic warning signs:
sufficient to conclude that full-input models might
not be leveraging critical context, but insufficient
to prove that they don’t.

This raises a number of interesting questions for
follow-up work. If adversarial filtering (Le Bras
et al., 2020) can identify instances containing arti-
facts, is it beneficial to remove these instances from
the training set? Or could they be edited to flip the
label and mitigate the spurious correlation? The ed-
its we made in this work were done manually, but
another interesting question is whether these edits
could be made automatically or semi-automatically.
Having a more efficient way of producing these
examples would enable both rapid evaluation of
models trained on datasets with artifacts (as in this
work), as well as expansion of training sets to pre-
emptively mitigate artifacts.
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Dataset Split Size

SNLI
train 550,152
valid 10,000
test 10,000

δ-NLI
train 200,694
valid 14,968
test 15,414

δ-SNLI
train 88,676
valid 1,785
test 1,837

Table 4: Split sizes across SNLI, δ-NLI, and δ-SNLI.

A SNLI and δ-NLI Dataset Sizes

To train and tune our neural and lexical models, we
utilize the train and validation splits from SNLI and
δ-NLI. We include train/validation/test split sizes
in Table 4. Our δ-NLI RoBERTa models were fine-
tuned on examples from all 3 portions of the δ-NLI
dataset (ATOMIC, SNLI, and SOCIAL-CHEM-
101), however for our evaluation set and analysis,
we exclusively use the SNLI portion of the δ-NLI
dataset, abbreviated as δ-SNLI. We include the split
sizes for δ-SNLI in Table 4 as well.

B Model Training Setup

Neural Models. We use the Hugging Face library
to train all of our RoBERTa models. We utilize
roberta-base, which has 125M trainable pa-
rameters. All models were trained on a single
NVIDIA 1080-TI GPU. After tuning on the val-
idation set, all models were trained for two epochs
with a learning rate of 2e-5 and a batch size of 32.
Tables 2 and 3 report best accuracy across five runs.

Lexical Models. We use the fasttext library
to implement our bag-of-words models. fast-
text is an off-the-shelf text classification library.
All lexical models were trained for 5 epochs with
4-grams as the maximum length of word ngrams.
We use the default learning rate of 0.1.

C Visualizing Distribution Shifts in SNLI
Edited Examples

We are able to visualize confidence distribution
shifts for δ-NLI before and after editing using
a 2D plane with ordered pairs, as in Figure 3,
due to the label set containing only two update
types—weakener and strengthener (so, a probabil-
ity score> 0.5 results in the predicted label). Since

the SNLI label set consists of three labels (entail-
ment, neutral, contradiction), we choose to visual-
ize shifts in the confidence distribution before and
after editing contexts via ternary plots. For each
directional label pair (entailment→ {neutral, con-
tradiction}, neutral→ {entailment, contradiction},
contradiction→ {entailment, neutral}), we plot a
heatmap of probabilities, or confidences, in each
of the three classes on the simplex with Gaussian
smoothing using python-ternary, a ternary
plotting package (Harper, 2015). Figures 5, 6, and
7 show these visualizations. We include these plots
mainly to help visualize information about the pre-
dicted labels of the incorrect examples (Table 2
only reports the accuracy on finer-grained buck-
ets). We observe that for most classes of examples,
the SNLI RoBERTa model utilizes the context, and
correctly predicts the new induced gold label. How-
ever, the {neutral→ entailment} class of examples
in particular proved difficult for the model, as ev-
idenced by a large chunk of a mass remaining in
the neutral corner of the simplex.

D Dataset Limitations

In this work, we choose to explore the role of con-
text with respect to the SNLI and δ-NLI datasets.
In particular, the proven presence of strong artifacts
in SNLI made it an appealing dataset to explore a
model’s behavior with respect to the utilization of
context. We chose to include δ-NLI in our analy-
sis, since ultimately, we’d like reasoning systems
to operate in complex and dynamic contexts. The
ability to be sensitive to shifting contexts and under-
stand when default inferences should be overridden
by additional context (i.e more nuanced inference)
is both central to our exploration and central to
the task of defeasible reasoning itself. Our evalu-
ation set does not include examples sourced from
other NLI datasets such as MultiNLI (Williams
et al., 2018). It also does not contain datasets
across domains, such as MedNLI (Romanov and
Shivade, 2018). However, we note that while the
datasets may be different, others have shown ar-
tifacts present in such datasets (i.e (Herlihy and
Rudinger, 2021; Gururangan et al., 2018). Our goal
was to utilize datasets containing high amounts of
artifacts.

4760



Entailment → Neutral

High Density

Low Density

(a) Confidence distribution heatmap for examples with original relation as entailment, edited to induce a neutral relation.

Entailment → Contradiction

High Density

Low Density

(b) Confidence distribution heatmap for examples with original relation as entailment, edited to induce a contradiction relation.

Figure 5: Confidence distribution heatmaps for SNLI examples before and after editing examples with original
relation as entailment in our evaluation set. 5a shows entailment examples edited to induce a neutral relation, and 5b
shows examples edited to induce a contradiction relation. Each l and l′ is shown in the center box. We note that
these distributions help visualize the accuracies presented in Table 2.
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High Density

Low Density

Neutral → Entailment

(a) Confidence distribution heatmap for examples with original relation as neutral, edited to induce an entailment relation. We
note that this was the hardest edit category for RoBERTa models to flip, and draw attention to a substantial amount of mass still
in the neutral corner of the simplex.

High Density

Low Density

Neutral → Contradiction

(b) Confidence distribution heatmap for examples with original relation as neutral, edited to induce a contradiction relation.

Figure 6: Confidence distribution heatmaps for SNLI examples before and after editing examples with original
relation as neutral in our evaluation set. 6a shows examples edited to induce an entailment relation, and 6b shows
examples edited to induce a contradiction relation. Each l and l′ is shown in the center box. These distributions aid
in visualization of the performance metrics reported in Table 2.
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High Density

Low Density

Contradiction → Neutral

(a) Confidence distribution heatmap for examples with original relation as contradiction, edited to induce a neutral relation.

High Density

Low Density

Contradiction → Entailment

(b) Confidence distribution heatmap for examples with original relation as contradiction, edited to induce an entailment relation.
We note that this particular class of edited examples achieved the highest accuracy, reflected in the low density of examples away
from the entailment corner of the simplex.

Figure 7: Confidence distribution heatmaps for SNLI examples before and after editing examples with original
relation as contradiction in our evaluation set. 7a shows examples edited to induce a neutral relation, and 7b shows
examples edited to induce an entailment relation. Each l and l′ is shown in the center box. These plots help visualize
the performance metrics reported in Table 2.
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Abstract

Pretrained language models (PTLMs) are typi-
cally learned over a large, static corpus and fur-
ther fine-tuned for various downstream tasks.
However, when deployed in the real world, a
PTLM-based model must deal with data dis-
tributions that deviate from what the PTLM
was initially trained on. In this paper, we
study a lifelong language model pretraining
challenge where a PTLM is continually up-
dated so as to adapt to emerging data. Over
a domain-incremental research paper stream
and a chronologically-ordered tweet stream,
we incrementally pretrain a PTLM with dif-
ferent continual learning algorithms, and keep
track of the downstream task performance (af-
ter fine-tuning). We evaluate PTLM’s ability
to adapt to new corpora while retaining learned
knowledge in earlier corpora. Our experiments
show distillation-based approaches to be most
effective in retaining downstream performance
in earlier domains. The algorithms also im-
prove knowledge transfer, allowing models to
achieve better downstream performance over
the latest data, and improve temporal gen-
eralization when distribution gaps exist be-
tween training and evaluation because of time.
We believe our problem formulation, methods,
and analysis will inspire future studies towards
continual pretraining of language models.

1 Introduction

Pretrained language models (PTLMs) have
achieved remarkable performance on benchmark
datasets for a range of NLP tasks (Liu et al., 2019b;
Brown et al., 2020). However, when deployed in
the wild, NLP systems must deal with emerging
data that have constantly shifting data distribution,
different from the text corpora they were initially
pretrained on — for example, when new data do-
mains are introduced (upper part of Fig. 1) (Gu-
rurangan et al., 2020), or when the language uses

†Work done during an internship at AWS AI Labs.
‡Work done while at Amazon.
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Figure 1: Two data streams created for studying life-
long language model pre-training. We focus on evalu-
ating knowledge retention on the domain-incremental
research papers stream; we focus on adaptation to the
latest data and temporal generalization on the chrono-
logically ordered tweet stream.

and vocabulary change over time (lower part of
Fig. 1) (Lazaridou et al., 2021). Fine-tuning from a
static and possibly “outdated" PTLM may limit the
model performance on downstream tasks, as the
PTLM may no longer provide an effective model
initialization (Beltagy et al., 2019; Müller et al.,
2020). Here we look to understand whether con-
tinuously adapting a PTLM to emerging data can
yield gains on various downstream tasks, and how
to achieve better downstream performance for such
lifelong PTLM adaptation.

A number of recent works make attempts on
adapting PTLMs to a new data domain. Gururan-
gan et al. (2020); Yao et al. (2021) adapt language
models to corpora of different genres and topics
and observe performance improvement in domain-
specific downstream tasks. Arumae et al. (2020)
further show that by regularizing the parameters
of PTLMs, the downstream tasks performance on
the general domain can be preserved. Another line
of works focuses on temporal domain shift (Hom-
baiah et al., 2021), which analyzes the effect of
pretraining over up-to-date data to the downstream
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tasks. Röttger and Pierrehumbert (2021) further
study vocabulary composition approaches for im-
proving adaptation to up-to-date corpora. However,
these work focus their study on adapting PTLM
to a single new domain; while in practice, cor-
pora from distinct domains and time stamps may
emerge sequentially. Whether one can maintain
a single, up-to-date PTLM remains an open prob-
lem. Related to this, Lazaridou et al. (2021) study
adaptation of PTLMs over temporal data streams,
but solely focus on language modeling instead of
fine-tuning performance. It is also important to un-
derstand multiple aspects of the utility of lifelong
PTLM pretraining, such as knowledge retention
over all the seen data, and study what methods can
improve the utility of PTLMs in such a continual
pretraining process.

In this paper, we formulate a Lifelong Language
Model Pretraining task to simulate practical sce-
narios of maintaining and adapting a PTLM over
emerging corpora, create a testbed (along with
pretraining data streams and downstream tasks)
for studying continual pretraining algorithms, and
present a systematic evaluation protocol for measur-
ing the progress made on this challenging problem
(see Figure 2 for an illustration). We consider two
types of text corpus sequences when constructing
pretraining data streams, each of which simulates a
representative use case and that has slightly differ-
ent focuses on the evaluation: continuously learn-
ing a single model that is applicable to both old and
new domains; and improving the model’s ability to
handle latest data. Specifically, we construct 1) a
domain-incremental text stream that consists of aca-
demic papers published in four research fields, and
2) a temporal tweet stream that consists of tweets
collected from four different years. By conducting
systematic experiments on these two data streams,
we look to answer a series of analysis questions:
1) whether continual pretraining retains fine-tuning
performance over earlier corpora compared to tra-
ditional offline pretraining, 2) whether pretraining
improves downstream performance on the latest
data, and 3) whether pretraining improves temporal
generalization where training and evaluation have
distribution gaps because of time.

To address the research questions above, we con-
duct a systematic evaluation of existing continual
learning (CL) algorithms, spanning over model-
expansion based, memory-based, and distillation-
based approaches. Our results show distillation-

based approaches are most effective in knowledge
retention in the research paper stream, while si-
multaneously improve adaptation to latest data and
temporal generalization in the tweet stream. We
believe our problem formulation, evaluation setup,
methods and analysis can inspire more future work
on continual pretraining of language models.

2 Problem Formulation

Here we present the problem formulation for life-
long pretraining of PTLM, provide details about the
data stream construction process and downstream
tasks, and introduce the evaluation protocol.

2.1 Lifelong Pretraining of PTLMs

We consider the scenario where one needs to de-
ploy and/or maintain NLP models over a sequence
of T data domains. At each time step t the model
visits an unlabeled text corpus Dt from a domain
with a data distribution P (Dt). The data distribu-
tion P (Dt) evolves as the time step t, forming a
data stream D1..T = {D1, D2, ...DT }. In practice,
the data domain shift can refer to the topic change
of the text content (from computer science research
papers to biomedical papers), or temporal evolution
of the text (from past to recent tweets). The task of
lifelong pretraining of PTLM looks to continuously
adapt a language model f as the model visits (unla-
beled) text corpus Dt from the data stream D1..T ,
in order to provide a good model initialization for
fine-tuning on downstream tasks from the same do-
main. With slight abuse in notations, we also use
Dt to directly refer to a data domain.

Here, we assume a language model f is updated
sequentially over each pretraining corporaDt, with-
out accessing the full earlier corpora {Di}i<t in the
data stream D1..T . This aims to capture practical
constraints such as privacy restriction for storing
earlier data, or computation budget for training
over all the text corpora in D1..T . We use ft to
denote the language model right after updating on
the domain Dt. In our study, f is a RoBERTa-base
transformer (Liu et al., 2019b) and the model (f0)
is initialized with pretrained RoBERTa weights.

The utility of the PTLMs {ft} is evaluated based
on their fine-tuned model performance on various
downstream tasks. After updating on a domain
Di, the model fi can be fine-tuned over down-
stream tasks from visited domains Dt where t ≤ i.
We note the set of downstream tasks related to do-
main Dt as St = {Sjt }Ntj=1, assuming the number
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Figure 2: Training, evaluation setups, and metrics of life-
long language model pretraining. The model sequentially
visits each corpus, and is fine-tuned on downstream datasets
related to the domains of pretraining. We evaluate knowl-
edge retention and adaptation to new data with downstream
fine-tuning performance on old and latest domains respec-
tively. Besides, we evaluate temporal generalization where
training/test examples are drawn from different time steps.

of downstream tasks is Nt. Note that in the fine-
tuning stage, model ft has no access to any of the
pretraining corpus D1..T .

2.2 Data Streams & Downstream Datasets

We construct data streams to simulate two repre-
sentative scenarios of data domain shifts in practice
(also see Fig. 1): one domain-incremental stream to
simulate the sequential changes of research paper
areas; and one chronologically-ordered stream to
simulate tweets emerging over time.

Domain-incremental Paper Stream. This pa-
per stream consists of the full text of research pa-
pers published in four research areas: biomedical,
computer science, material science, and physics,
filtered from the S2ORC dataset1, which are pre-
sented sequentially to the model. For each domain,
we evaluate downstream performance over two
datasets. The downstream tasks span over vari-
ous tasks such as relation extraction and named
entity recognition, and are summarized in Table 1.
We detail these datasets in Appendix D.

Chronologically-ordered Tweet Stream. This
tweet data stream consists of tweets from the
year 2014, 2016, 2018 and 2020, collected
by the Archive Team2 and preprocessed follow-
ing Nguyen et al. (2020). These four tweet corpora
are presented sequentially to the language model
following the chronological order of the tweet year.

1We use the 20200705v1 version of the S2ORC dataset at https://
github.com/allenai/s2orc

2
https://archive.org/details/twitterstream

Domains Downstream Datasets Metrics

Bio-Medicine Chemprot (Vindahl, 2016) Micro-F1
RCT-Sample (Dernoncourt and Lee, 2017) Micro-F1

Comp. Science ACL-ARC (Jurgens et al., 2018) Macro-F1
SciERC (Luan et al., 2018) Macro-F1

Mat. Science Synthesis (Mysore et al., 2019) Macro-F1
MNER (Olivetti et al., 2020) Micro-F1

Physics Keyphrase (Augenstein et al., 2017) Macro-F1
Hyponym (Augenstein et al., 2017) Macro-F1

Table 1: Summary of downstream datasets relevant to
each domain in the research paper stream.

For downstream tasks, we hold out 1M tweets from
each year’s corpus to construct multi-label hash-
tag prediction datasets (Gong and Zhang, 2016)
and single-label emoji prediction datasets (Barbieri
et al., 2018). On two datasets, we report label rank-
ing average precision scores (a multi-label version
of MRR) of models (Azeemi and Waheed, 2021)
and Macro-F1 respectively. The detailed dataset
construction process is included in Appendix D.

2.3 Evaluation Protocol

We consider three key aspects for evaluating the
utility of the language models {ft} that are con-
tinuously updated over the data stream D1..T , also
illustrated in Figure 2: 1) knowledge retention and
transfer over the pretraining corpora seen earlier;
2) adaptation to the latest data domain, and 3) tem-
poral generalization when training and evaluation
data are from different time steps.

Knowledge Retention. A key utility of contin-
ual language model pretraining is to obtain a sin-
gle model applicable to all domains. We focus
on the evaluation of the ability with the domain-
incremental paper stream, because for the tweet
stream, the practical need of performance over out-
dated data is limited. Knowledge retention is mea-
sured with the downstream task performance from
earlier or the current domains that the pretrained
model has visited. More formally, for each pre-
trained model checkpoint in {fi}, we fine-tune fi
over downstream tasks {St} where t ≤ i and eval-
uate the corresponding test set performance. It is
important that the models do not suffer from catas-
trophic forgetting (Robins, 1995), i.e., significantly
reduced helpfulness when fi is fine-tuned for down-
stream tasks St from earlier domains with t < i.

Adaption to Latest Data Domain. In certain
scenarios, performance of downstream models over
the latest data domain should be emphasized. For
example, classifiers in the tweet domain are usually
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trained and evaluated with up-to-date data for prac-
tical deployment. Formally, we focus on the down-
stream task performance of models fine-tuned from
the final pretrained model checkpoint fT , where
the downstream tasks ST are also from the latest
domain. To succeed in these metrics, it is crucial
for the model to transfer knowledge from earlier
domains to the latest domain.

Temporal Generalization Ability. We consider
another practical fine-tuning scenario in the tweet
stream where the model is trained on outdated
data and evaluated on the latest data (Rijhwani
and Preotiuc-Pietro, 2020; Huang and Paul, 2018),
referred to as the temporal generalization ability.
Formally, we fine-tune the final pretrained model
checkpoint fT over the training set of downstream
tasks St from an earlier time step (t < T ), and
evaluate on the test set of the downstream tasks ST
from the latest time step T .

3 Methods

Lifelong language model pretraining introduces
novel challenges because of the large training sets
and more comprehensive evaluation protocols com-
pared to classification tasks. We establish several
strong baselines, and evaluate the performance of
continual learning algorithms from different cate-
gories spanning over model-expansion, memory-
based, and distillation-based approaches, We illus-
trate the approaches in Figure 3.

3.1 Simple Baselines
We consider several simple baselines which contin-
ual learning algorithms will be compared against.
RoBERTa-base (f0) corresponds to not pre-
training on any of the domain-specific corpora.
By separately pretraining f0 on each corpus
D1, D2, ...DT , we obtain T Task-Specific
pretrained models. We also pretrain f0 sequentially
over D1..T , which we refer to as sequential
pretraining. While it allows knowledge trans-
fer between domains compared to domain-specific
models, without any continual learning algorithms,
sequential pretraining is prone to catastrophic for-
getting (Robins, 1995). Finally, we randomly
shuffle corpora from all domains D1..T before
pretraining, noted as Multi-Task Learning
(MTL). MTL corresponds to an offline training
paradigm that models new corpora by re-training
over all corpora seen before. The drawback is that
it requires storing full data from earlier domains,
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Figure 3: Comparison of adapter, memory re-
play, and distillation-based continual learning algo-
rithms. Details of the methods are introduced in Sec. 3.

and that it can be extremely costly to repetitively
retrain over earlier data if new data keeps emerging.

3.2 Model-expansion and
Regularization-based Methods

We first introduce model-expansion based ap-
proaches, which add small trainable modules (e.g.,
multi-layer perceptron) to the model per new do-
main while keeping other parts of the model frozen.
The Adapter approach is a representative ap-
proach that learns a set of “adapter” layers gt =
{gkt }Kk=1 for each domain Dt and each of the K
transformer layers (Houlsby et al., 2019). We also
experiment with a simple Layer Expansion
approach, which learns separate top two layers of
the transformer and the prediction head for each
domain. We also involve a regularization-based
continual learning baseline, online EWC (Schwarz
et al., 2018), which directly penalize change of
model parameters.

3.3 Memory Replay Methods
We also experiment with Experience Replay
(ER) (Chaudhry et al., 2019), which alleviates for-
getting by storing a subset of earlier examples and
periodically re-training (replaying) over them. We
maintain a fixed-size memory M (100k examples
by default) and populate the memory M each time
pretraining on a domain Dt finishes with examples
in the current domain. We ensure M always con-
tains a balanced sample of examples from all seen
domainsD1..t. We replay a mini-batch of examples
from the memory every 10 training steps.

3.4 Distillation-based CL Methods
While knowledge distillation (KD) (Hinton et al.,
2015) techniques have been studied intensively for
pretrained language models (Sun et al., 2019), ap-
plying them to continual learning has been under-
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explored outside image classification tasks (Li and
Hoiem, 2018; Rebuffi et al., 2017; Hou et al., 2018).
Distillation based CL approaches store one previ-
ous model checkpoint of the model (noted as ft−1)
and regularize the differences between ft−1 and
the current model ft. We adapt several existing
knowledge distillation techniques to PTLMs and
utilize them for continual learning. We note, while
individual distillation techniques are not original,
their adaptation to CL algorithms can be novel.

We perform distillation with examples from the
current domain Dt and a replay memory M (sim-
ilar to ER). Despite the potential gap between Dt

and the training data of ft−1, the approach allows
utilizing more data for distillation. Formally, each
time the model receives a mini-batch of stream
examples xs or a draws mini-batch of memory ex-
amples xm from M (both noted as x), we collect
certain outputs of the model (e.g., output logits or
intermediate representations) with ft−1 and ft. We
compute a distillation loss `KD(x, ft−1, ft) that pe-
nalizes the differences between the model outputs,
and jointly optimize it with the masked language
modeling loss `MLM. The final objective is written
as ` = `MLM +α`KD, where α is a hyperparameter
to weight the distillation loss.

Logit Distillation. In logit distillation (Hinton
et al., 2015), we collect the output logits of ft and
ft−1, noted as yt and yt−1 respectively. The dis-
tillation loss is computed as DKL(yt,yt−1), where
DKL is the Kullback–Leibler divergence function.

Representation Distillation. We also consider
minimizing the representational deviation of sen-
tences between previous and current models (Sun
et al., 2019; Jiao et al., 2020). We extract the rep-
resentation of each word of two models, noted
as h1:N

t−1 and h1:N
t , before the masked language

modeling prediction head, where N is the length
of the sentence. Then, we compute MSE loss
||h1:N

t−1 − h1:N
t ||22 as the distillation loss.

Contrastive Distillation. In addition to output
logits and hidden representations, we further look
into representational similarity within a batch of
examples as additional knowledge to distill. The
approach is adapted from (Cha et al., 2021), which
is originally studied for supervised image classifi-
cation tasks. We briefly introduce the adapted algo-
rithm and leave the details in Appendix E. During
continual pretraining, in addition to the language
model pretraining objective, we add an unsuper-

vised contrastive learning objective, namely the
SimCSE (Gao et al., 2021) objective to encourage
sentence representations to reflect semantic simi-
larities between sentences. Then, we compute the
intra-batch representational similarity matrices of
sentence representations (i.e. between each pair of
examples in the mini-batch) with ft−1 and ft, noted
as Bt−1 and Bt, and minimize the cross entropy
loss `distill = − 1

N

∑N
i=1

∑N
j=1B

t−1
ij logBt

ij

Self-Supervised Distillation (SEED). SEED
distillation proposed by (Fang et al., 2021) has a
similar spirit as the contrastive distillation. The
only difference is that it distills representational
similarity between the batch and a large set of
other examples. We leave the details of the algo-
rithm in Appendix E. We further combine SEED
Distillationwith logit distillation and refer to the
approach as SEED-Logit Distillation.

4 Results

We summarize our findings over the created data
streams. We ask whether lifelong pretraining and
continual learning algorthms are effective base on
our evaluation protocol proposed in Sec. 2.3.

4.1 Experiment Settings

We use the RoBERTa-base model (Liu et al.,
2019b), initialized with RoBERTa-base weights
throughout the experiments. We set the maximal
sequence length to 128 and an effective training
batch size of 2,048. On the research paper stream,
models are trained for 8k steps in the first domain
and 4k steps in the subsequent domains. On the
Tweet stream, we train the models for 4k steps in
each domain. These correspond to less than a single
pass of data in each domain. See Appendix A for
detailed setups.

4.2 Domain Incremental Data Stream

As we introduced in Sec. 2.2, in the domain incre-
mental research paper stream, we expect a model
ft to perform well on all downstream tasks S1..t
from domains D1..t. In Table 2, we report the per-
formance of models on all downstream tasks S1..T
fine-tuned from the final pretraining checkpoint,
fT . We visualize more complete change of down-
stream task performance over different time steps
of pretraining (i.e.,, f1, f2, f3, f4) in Fig. 4. We
also report the log perplexity of masked language
modeling (MLM) in Table 2 as additional informa-
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Task D1 - Biomedical D2 - Computer Science D3 - Materials Science D4 - Physics

Dataset Chemprot RCT-Sample MLM ACL-ARC SciERC MLM MNER Synthesis MLM Keyphrase Hyponym MLM

Roberta-base 82.03±0.7 78.07±0.7 1.993 64.32±2.8 79.07±1.6 2.153 83.15±0.3 91.25±0.6 2.117 66.21±1.0 67.59±4.5 2.278
Sequential Pretraining 82.09±0.5 79.60±0.5 1.654 72.73±2.9 81.43±0.8 1.807 83.99±0.3 92.10±1.0 1.590 67.57±1.0 74.68±4.4 1.381

ER 82.73±0.3 79.98±0.3 1.737 72.50±1.0 81.64±1.1 1.857 83.99±0.4 92.65±0.4 1.621 66.11±1.1 72.82±4.3 1.391
Online EWC 81.83±0.2 78.84±0.5 1.655 71.81±2.6 80.79±0.5 1.803 83.43±0.4 91.89±0.5 1.571 66.70±0.6 72.98±6.0 1.388
Adapter 83.30±0.4 80.41±0.4 1.417 69.32±3.5 80.22±1.5 1.633 83.91±0.3 91.69±0.6 1.522 66.23±1.4 69.65±4.5 1.554
Layer Expansion 83.74±0.3 81.10±0.5 1.210 65.17±2.9 79.35±0.8 1.756 82.48±0.4 92.33±1.0 1.389 65.70±1.1 73.34±3.7 1.534
Logit-KD 83.39±0.4 81.21±0.1 1.392 73.70±3.4 81.92±0.8 1.699 83.96±0.3 92.20±1.0 1.425 64.75±1.1 71.29±3.6 1.460
Rep-KD 82.34±0.3 79.59±0.5 1.684 71.17±2.5 78.78±1.1 1.810 84.13±0.3 92.02±0.8 1.585 65.96±1.6 73.93±5.5 1.389
Contrast-KD 82.29±0.5 79.92±0.4 1.722 71.15±1.1 80.49±1.6 1.856 83.26±0.4 92.62±0.7 1.612 65.95±1.7 72.26±3.1 1.428
SEED-KD 82.78±0.3 80.38±0.4 1.720 69.98±2.4 81.61±0.7 1.829 82.99±0.4 92.35±0.7 1.609 65.35±1.0 74.79±4.1 1.401
SEED-Logit-KD 83.72±0.4 81.05±0.2 1.391 69.90±4.5 83.03±0.6 1.703 83.28±0.5 92.87±1.0 1.428 65.96±1.5 71.92±5.5 1.460

Task-Specific LM 83.74±0.3 81.10±0.5 1.210 72.20±2.6 81.24±1.7 1.629 84.02±0.2 91.56±0.4 1.418 65.95±1.1 69.43±4.5 1.426
MTL 82.91±1.6 80.67±0.4 1.289 69.46±1.8 81.12±0.8 1.616 83.92±0.3 92.66±0.6 1.355 65.37±1.6 73.31±5.2 1.418

Table 2: Results on the Research Paper stream. We report log perplexity of MLM and the performance of downstream
models fine-tuned from the final checkpoint of the pretrained model (t = 4). Performance of the best performing CL algorithm
is marked bold.

|M |, k Chemprot RCT ACL-ARC SciERC MLM-D1,2

100k, 10 82.73 79.98 72.50 81.64 1.737/1.857
100k, 100 82.06 78.64 71.97 81.62 1.599/1.789
10M, 10 82.87 79.98 71.80 81.63 1.438/1.732

Table 3: Downstream task and MLM performance of fT
under different memory sizes |M | and the frequency of replay
k (replaying every k steps of training) in ER.

tion. With these results, we address the research
questions below.

Does lifelong pretraining help retain knowledge
across different domain corpora? We first ex-
amine whether task-specific or lifelong pretraining
improves performance over domain-specific down-
stream tasks. Comparing Task-Specific LMs with
RoBERTa-base in Table 2, we notice consistent per-
formance improvements, especially on Biomedical
and Computer Science domains (D1, D2). We also
see Sequential Pretraining could consistently out-
perform RoBERTa-base. However, the comparison
between Sequential Pretraining and Task Specific
LMs are mixed: on D1, D2, D3, Sequential Pre-
training could outperform Task-Specific LMs only
except MNER; while on the earliest biomedical
domain (D1), Sequential Pretraining achieves sub-
stantially lower performance. From Figure 4, we
see the performance of Sequential Pretraining on
Chemprot and RCT (from D1) drops significantly
from t = 1 to 4. The results imply lifelong pretrain-
ing allows later domains to benefit from knowledge
transfer from earlier domains, but the performance
on earlier domains is limited because of forgetting.

Does continual learning algorithms help retain
knowledge in sequential pretraining? Next, we
compare different kinds of CL algorithms and in-
vestigate the effect of CL algorithms in alleviating
forgetting and improving knowledge transfer. Ta-

ble 2 shows that Online-EWC slightly improves
MLM perplexity compared to Sequential PT, but
brings no improvement to the fine-tuning perfor-
mance. We hypothesize that regularization directly
in the parameter space as in Online-EWC is not
effective when the parameter space is very high
dimensional. Adapter improves downstream task
F1 scores on the bio-medical domain (D1) by 1.2%
and 0.8%, but does not outperform Sequential Pre-
training in other domains (similarly for Simple
Layer Expansion approach), likely because a great
portion of the model is kept frozen.

In contrast, the memory-replay based approach
(ER) allows training the full parameters of the
model and has been shown to be highly effective
in continual learning of classification tasks (Wang
et al., 2019; Chaudhry et al., 2019). However, we
surprisingly find that ER could hardly improve over
Sequential Pretraining exceptD1. A similar pattern
can be found in the MLM perplexity. We hypothe-
size that the positive effect of example replay has
diminished because of the overfitting to the mem-
ory examples. Table 3 summarizes the effect of
tuning hyperpameters in ER. When we reduce the
frequency of replay (from every 10 steps to 100
steps), the MLM performance improves, which im-
plies reduced overfitting; however, the performance
of downstream task performance does not improve.
When we increase the size of the memory |M | from
100k to 10M , the MLM perplexity also improves;
still, there are still no improvements in downstream
tasks. It may imply ER itself is not an effective
approach for continual pretraining.

Unlike ER, distillation approaches utilize richer
information such as output logits or representation
similarity to preserve past knowledge. We find
either Logit KD or SEED-Logit KD to be most
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Figure 4: Performance evolution of downstream models. Models are fine-tuned from checkpoints of lifelong pretrained LMs
at different time steps t. For Chemprot and RCT-Sample from D1, we use t ∈ {1, 2, 3, 4}; while for ACL-ARC and SciERC
from D2, t ∈ {2, 3, 4}. Methods achieving the best performance at the end of training (t = 4) is highlighted.
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Figure 5: Performance of downstream models with vari-
ous number of training examples, exemplified with SciERC.
The models are fine-tuned from the final pretrained model (f4).

effective depending on the task, while Rep-KD
and Contrastive-KD are less effective. The best
performing distillation approach improves F1 over
Sequential Pretraining on downstream tasks from
D1,D2 at least by 1.0%. However, performance on
D3, D4, which come later in the data stream, does
not improve over Sequential Pretraining, possibly
because the distillation loss term makes the model
rigid in obtaining new knowledge.

What is the gap between lifelong pretraining
and multi-task learning across all the domains?
Multi-Task Learning refers to the offline training
paradigm, which retrain PTLMs over all corpora
(D1..t) each time a new corpus Dt becomes avail-
able. We examine whether lifelong pretraining is
comparable to multi-task pretraining in terms of
performance. From Table 2 and Figure 4, we see
Sequential Pretraining in general underperforms
MTL except for the final domain. However, certain
CL approaches, such as Logit-Distillation, could
improve over MTL on all downstream tasks from
the first and the second domain. We speculate the

reason is that continual learning naturally provides
a curriculum (Xu et al., 2020; Shi et al., 2015) to
models where each individual task is easier to learn.
The results have a positive implication that lifelong
pretraining is not only more computationally effi-
cient and requires less storage of past data, but may
also improve the performance of pretraining.

Does lifelong pretraining make models more data
efficient? In Table 5, we further examine the per-
formance of final pretrained models under different
amounts of training examples. We include full
results in Appendix B. We find in general, perfor-
mance improvements are more significant in the
low-resource setup.

Computational Costs. We quantify computa-
tional costs of different CL algorithms with the
number of forward and backward passes in Table 4
and present additional experiments with controlled
computational costs in Appendix F. We find ad-
ditional computational cost is necessary for per-
formance improvement of distillation-based CL.
However, it is not possible to trade performance
simply by investing more computation budget with
arbitrary CL algorithms. We leave detailed discus-
sions in Appendix F.

4.3 Temporal Data Stream

We conduct analysis on pretraining PTLM on
chronologically-ordered tweet corpora, to under-
stand whether lifelong pretraining helps adaptation
to the latest data and improves temporal generaliza-
tion ability. The results are summarized in Table 5.
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Method #. of Forward #. of Backward #. Total #. Total (k=10) Wall Time4k

Main results
Sequential PT b b 2b 2b 4.0× 104 sec.
ER (1 + 1/k)b (1 + 1/k)b (2 + 2/k)b 2.2b 4.2× 104 sec.
Logit-Distill (2 + 2/k)b (1 + 1/k)b (3 + 3/k)b 3.3b 6.9× 104 sec.
SEED-Logit-Distill (3 + 3/k)b (2 + 2/k)b (5 + 5/k)b 5.5b 9.7× 104 sec.

Additional Controlled Experiments
Sequential PTb′=1.2b 1.2b 1.2b 2.4b 2.4b 4.4× 104 sec.
ERk=5 1.2b 1.2b 2.4b 2.4b 4.4× 104 sec.
Sparse Logit-KD 1.3b 1.1b 2.4b 2.4b 4.4× 104 sec.
Sparse SEED-Logit-KD\contrast 1.3b 1.1b 2.4b 2.4b 4.8× 104 sec.

Table 4: Number of forward and backward passes over PTLMs and wall clock time of different approaches. The
number of forward and backwards passes are computed over visits of b batches from the training data stream,
where k is the frequency of replay. The wall clock time is calculated over 4k steps of training (which is the
number of training steps of a single domain in the Research Paper stream) excluding the first domain, as no
replay or distillation happens while learning the first domain. In the additional controlled experiments (described
in Appendix. F), we control the total number of forward and backward passes of different approaches.

Years 2018 (D3) 2020 (D4)
2014 (D1)
→ 2020 (D4)

2016 (D2)
→ 2020 (D4)

Hashtag Prediction

RoBERTa-base 48.08±1.0 56.42±0.2 39.31±2.7 42.23±2.7
Sequential PT 56.79±0.5 59.85±0.4 44.00±1.1 49.87±1.8
ER 56.93±0.1 59.56±1.7 43.31±0.2 50.72±0.6
Logit-KD 58.21±0.5 60.52±0.2 44.26±0.9 50.92±0.8
Contrast-KD 57.94±0.4 59.54±0.3 45.22±0.1 52.14±1.1
SEED-KD 56.87±0.2 59.71±0.2 43.39±0.4 49.62±1.0
SEED-Logit-KD 57.75±0.4 60.74±0.6 45.35±0.6 51.56±0.7

Task-Specific (2014) 56.16±0.6 59.59±0.3 44.34±0.6 49.26±0.7
Task-Specific (Latest) 56.61±0.4 59.87±0.6 43.44±0.5 49.41±1.1
MTL 57.89±0.4 59.95±0.3 44.04±0.3 50.37±0.3

Emoji Prediction

RoBERTa-base 25.71±0.1 24.42±0.2 12.02±0.4 13.24±0.2
Sequential PT 29.30±0.1 27.69±0.1 14.20±0.2 16.08±1.4
ER 29.50±0.1 27.75±0.1 14.36±0.4 16.82±0.3
Logit-KD 29.77±0.1 27.80±0.1 14.20±0.3 16.28±1.1
Contrast-KD 29.48±0.2 27.72±0.3 14.42±0.3 17.52±0.1
SEED-KD 30.12±0.1 27.66±0.1 14.36±0.1 16.97±0.4
SEED-Logit-KD 29.98±0.1 27.84±0.2 14.36±0.1 16.97±0.3

Task-Specific (2014) 28.94±0.0 26.98±0.2 13.39±0.2 15.14±0.2
Task-Specific (Latest) 29.06±0.2 27.19±0.1 13.00±0.2 14.48±0.3
MTL 29.52±0.2 27.47±0.0 14.07±0.2 16.64±0.2

Table 5: Results on temporal data stream. We show fine-
tuning performance over years 2018 and 2020 (D3, D4) and
the Temporal generalization from 2014 or 2016 to 2020 data
(D1 → D4, D2 → D4) on Twitter Hashtag and Emoji predic-
tion datasets. Models are fine-tuned from the final pre-trained
model fT . We include full results on other years (D1, D2,
D3 → D4) in Appendix C.

Will LMs be outdated? We compare the perfor-
mance of Task-Specific (2014) to the Task-Specific
models pretrained on the year of downstream
datasets (noted as Task-Specific (Latest)) and no-
tice consistent improvements in downstream tasks
in 2018 and 2020 (first two columns in Table 5).
Sequential Pretraining could also outperform the
Task-Specific (2014) model. It verifies that lan-
guage models may get outdated over time, but the
issue can be addressed by task-specific or lifelong
pretraining over the latest corpora.

Does lifelong pretraining help improve the down-
stream model’s performance on latest data? We
show that downstream model’s performance over
later data (D3, D4) can be improved over Task-
Specific models when continual learning algo-
rithms are applied. From the first two columns
of Table 5, we see Logit-KD and SEED-KD im-
prove Hashtag prediction score over data of years
2018 and 2020. SEED-Logit KD further improves
prediction F1 on Emoji prediction. Note that these
findings are in contrast to the research paper stream,
where CL algorithms do not improve performance
in the latest domain D4. The reason can be the
higher similarity between domains in the tweet cor-
pora making the knowledge transfer easier, which
is further discussed in Appendix I.

Does lifelong pretraining improve temporal gen-
eralization? Temporal generalization evaluates
downstream performance over latest test data when
fine-tuned over outdated training data. We show
lifelong pretraining brings clear improvement to
temporal generalization. From Table 5, we see
even Sequential Pretraining could improve over
the model pretrained merely on the year 2020 data
(Task-Specific (2020)) consistently. We find per-
formance further improves with CL algorithms ap-
plied. SEED-Logit-KD performs best in general
on crossyear hashtag prediction tasks. In crossyear
emoji prediction, we find Contrast-KD and SEED-
KD perform best. We also find that SEED-Logit-
KD could slightly outperform Logit-KD.

5 Related Works
Domain and Temporal Adaptation of Language
Models. Gururangan et al. (2020) study adapta-
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tion of PTLMs to domain-specific corpora. Aru-
mae et al. (2020) study algorithms to mitigate for-
getting in original PTLMs, but does not investigate
forgetting that happens over a sequence of domains.
Maronikolakis and Schütze (2021); Röttger and
Pierrehumbert (2021); Luu et al. (2021) proposes
sequential pretraining over domains or emerging
data, but did not investigate CL algorithms. Sev-
eral recent studies have demonstrated the neces-
sity of adapting LMs over time (Lazaridou et al.,
2021) while specifically focusing on factual knowl-
edge (Dhingra et al., 2021; Jang et al., 2021).

Continual Learning Algorithms in NLP. Con-
tinual learning in NLP has mainly been studied for
classification tasks. An effective approach is to
utilize a number of stored past examples (de Mas-
son d’Autume et al., 2019; Wang et al., 2020), or
pseudo examples (e.g., the ones generated with a
PTLM (Sun et al., 2020; Kanwatchara et al., 2021)).
Recent extensions of the algorithm (Chuang et al.,
2020) perform knowledge distillation with gener-
ated pseudo examples. Other lines of works fo-
cus on regularization over the sentence representa-
tions (Wang et al., 2019; Huang et al., 2021; Liu
et al., 2019a) or directly merging models in the
parameter space (Matena and Raffel, 2021). Model
expansion-based approaches (Liu et al., 2019a;
Pfeiffer et al., 2021), including learning domain
specific expert models (Gururangan et al., 2021),
are also actively studied. Wu et al. (2022) present a
comparative study of algorithms in the context of
continual fine-tuning over NLP tasks.

6 Conclusion
In this paper, we formulated the lifelong language
model pretraining problem and constructed two
data streams associated with downstream datasets.
We evaluated knowledge retention, adaptation to
the latest data, and temporal generalization ability
of continually pretrained language models. Our
experiments show distillation-based approaches
being most effective in these evaluation setups.
A limitation of the work is that it has not been
fully addressed whether there exists a variant of
distillation-based CL approach that consistently
outperforms Logit-KD. Based on the current obser-
vation, we conclude the performance of different
KD approaches for CL is highly task-dependent. It
asks for more future works into continual learning
algorithms within the proposed problem setup.
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Figure 6: Performance of downstream models with various
number of training examples. The models are fine-tuned from
the final pretrained model (f4).

A Detailed Experiment Settings

We use a linearly decreasing learning rate initial-
ized with 5e-4 on the research paper stream and
3e-4 on the tweet stream. On the research paper
stream, we train the model for 8,000 steps in the
first task, and 4,000 steps in the subsequent tasks.
On the tweet stream, we train the model for 8,000
steps in all tasks. We hold out 128,000 sentences
from each corpus to evaluate MLM performance.
As the size of pretraining corpora is large, during
training, each training example is visited only once.
We use the masked language modeling perplex-
ity over held-out validation sets of the pretraining
corpora as the metrics for hyperparameter tuning.
Common hyperparameters such as learning rate
and batch sizes are tuned with Task-specific models
with the first task. Hyperparameters that are spe-
cific to continual learning algorithms, such as the
scale of the distillation loss, is tuned using the first
two domains in the stream according to the MLM
performance over validation sets. The weight of
the distillation term α is set as 1.0 for logit dis-
tillation and 0.1 for other distillation algorithms.
By default, we replay or perform distillation with
a mini-batch of examples from the replay mem-
ory every 10 training steps in ER and Distillation-
based CL approaches. We us